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Message from the Program Chairs

Welcome to the Findings of ACL: ACL-IJCNLP 2021! To continue the success of Findings of ACL:
EMNLP 2020, we decided to follow this initiative to produce this accompanying volume, consisting of
papers that are not accepted for publication in the main conference, but nonetheless have been assessed
by the Program Committee as solid work with sufficient substance, quality and novelty. Out of the
3, 350 full submissions to ACL-IJCNLP 2021, 493 papers were invited to be included in the Findings.
Thirty-six papers declined the offer, leading to 457 papers (118 short and 339 long) to be published in
the Findings of ACL: ACL-IJCNLP 2021.

Papers published in Findings of ACL count as full publications. They are not assigned a presentation
slot in the main conference, but rather are published online in a separate volume in the ACL Anthology.
There are a number of motivations for this new publication, from allowing timely work to be published
quickly, to being more accepting of solid work, and helping to manage the increasing reviewing burden
on the community. To increase the visibility of the Findings papers, this year the authors of Findings
papers can choose to make a 3-minute video to be included in the virtual conference. Our workshop
chairs also helped to pair Findings papers with ACL-IJCNLP 2021 workshops, and as a result, more than
100 Findings papers will be presented at those workshops.

The reviewing process for Findings is largely the same as for the main conference and accordingly
we wish to thank all involved in ACL-IJCNLP 2021 for their efforts, as detailed in the Preface to the
Proceedings of ACL-IJCNLP 2021. We would like to specifically thank:

• The whole Program Committee for reviewing the submissions, and in particular, the Senior Area
Chairs for making paper recommendation decisions for Findings.

• The Ethics Advisory Committee, chaired by Min-Yen Kan, Malvina Nissim, and Xanda
Schofield, for their hard work to ensure that all the accepted Findings papers have addressed the
ethical issues appropriately.

• The Publication Co-Chairs, Jing-Shin Chang, Yuki Arase, and Yvette Graham, for their
tremendous effort in making the volume of Findings of ACL: ACL-IJCNLP 2021.

• The Workshop Chairs, Kentaro Inui and Michael Strube, for connecting Findings paper authors
with individual workshops for possible presentations.

• The Program Co-Chairs of EMNLP 2020, Trevor Cohn, Yulan He and Yang Liu, for sharing
their experience with Findings papers.

We hope that Findings will continue to serve as a companion to future conferences, and become an
important venue for excellent, widely-read, and highly cited work in NLP.

Fei Xia, University of Washington
Wenjie Li, The Hong Kong Polytechnic University
Roberto Navigli, Sapienza University of Rome

ACL-IJCNLP 2021 Program Committee Co-Chairs
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Abstract
We propose an explainable inference approach
for science questions by reasoning on ground-
ing and abstract inference chains. This paper
frames question answering as a natural lan-
guage abductive reasoning problem, construct-
ing plausible explanations for each candidate
answer and then selecting the candidate with
the best explanation as the final answer. Our
method, ExplanationLP, elicits explanations
by constructing a weighted graph of relevant
facts for each candidate answer and employs
a linear programming formalism designed to
select the optimal subgraph of explanatory
facts. The graphs’ weighting function is com-
posed of a set of parameters targeting rele-
vance, cohesion and diversity, which we fine-
tune for answer selection via Bayesian Opti-
misation. We carry out our experiments on the
WorldTree and ARC-Challenge datasets to em-
pirically demonstrate the following contribu-
tions: (1) ExplanationLP obtains strong perfor-
mance when compared to transformer-based
and multi-hop approaches despite having a sig-
nificantly lower number of parameters; (2) We
show that our model is able to generate plausi-
ble explanations for answer prediction; (3) Our
model demonstrates better robustness towards
semantic drift when compared to transformer-
based and multi-hop approaches.

1 Introduction

Answering science questions remain a fundamen-
tal challenge in Natural Language Processing and
AI as it requires complex forms of inference, in-
cluding causal, model-based and example-based
reasoning (Jansen, 2018; Clark et al., 2018; Jansen
et al., 2016; Clark et al., 2013). Current state-of-the-
art (SOTA) approaches for answering questions in
the science domain are dominated by transformer-
based models (Devlin et al., 2019; Sun et al., 2019).
Despite remarkable performance on answer pre-
diction, these approaches are black-box by nature,

lacking the capability of providing explanations for
their predictions (Thayaparan et al., 2020; Miller,
2019; Biran and Cotton, 2017; Jansen et al., 2016).

Explainable Science Question Answering
(XSQA) is often framed as a natural language
abductive reasoning problem (Khashabi et al.,
2018; Jansen et al., 2017). Abductive reasoning
represents a distinct inference process, known
as inference to the best explanation (Peirce,
1960; Lipton, 2017), which starts from a set of
complete or incomplete observations to find the
hypothesis, from a set of plausible alternatives,
that best explains the observations. Several
approaches (Khashabi et al., 2018; Jansen et al.,
2017; Khot et al., 2017a; Khashabi et al., 2016)
employ this form of reasoning for multiple-choice
science questions to build a set of plausible
explanations for each candidate answer and select
the one with the best explanation as the final
answer.

XSQA solvers typically treat explanation gener-
ation as a multi-hop graph traversal problem. Here,
the solver attempts to compose multiple facts that
connect the question to a candidate answer. These
multi-hop approaches have shown diminishing re-
turns with an increasing number of hops (Jansen
et al., 2018; Jansen, 2018). Fried et al. (2015) con-
clude that this phenomenon is due to semantic drift
– i.e., as the number of aggregated facts increases,
so does the probability of drifting out of context.
Khashabi et al. (2019) propose a theoretical frame-
work, empirically supported by Jansen et al. (2018);
Fried et al. (2015), attesting that ongoing efforts
with very long multi-hop reasoning chains are un-
likely to succeed, emphasising the need for a richer
representation with fewer hops and higher impor-
tance to abstraction and grounding mechanisms.

Consider the example in Figure 1A where the
central concept the question examines is the under-
standing of friction. Here, an inference solver’s
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[✓]:   Explanatory Facts
[✕]:   Non-Explanatory Facts

What is an example of force producing heat?

Candidate Answer (C1):
Two sticks getting warm when rubbed together

Grounding Facts:

[✓] a stick is an object: FG1
[✓] friction is a force: FG2
[✕] a pull is a force: FG3
[✓] to rub together means to move against: FG4
[✕] rubbing against something is kind of  
    movement: FG5

Abstract Facts:

Abstract Facts:

[✓] friction occurs when two object's surfaces 
    move against each other: FC1
[✓] friction causes the temperature of an object
    to increases: FC2
[✕] magnetic attraction pulls two objects 
    together: FC3

Question(Q):

Relevant Facts Retrieval

Bayesian
Optimisation

Candidate Answers

Answer Selection

Correct Answer

H1

FG1
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FG2

force force
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FG5

rub

FG4

rub 
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object

friction

move
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FC2
friction

FC3
together

pull

: Cohesion : Diversity

Grouding

: Relevance

together

(Two sticks getting warm when rubbed together)

For each Candidate Hypothesis:

: Explanatory Facts : Non-Explanatory Facts

(A) (B) (C)

rub

cv
Abstract
Facts KB

cv
Grounding
Facts KB

Hypothesis (H1):
Two sticks getting warm when rubbed together
is an example of force producing heat

Abstract

Fact Graph Construction

Subgraph extraction with Linear
Programming Optimization

Extract Subgraph:

Fact Graph Construction:

Question

Figure 1: Overview of our approach: (A) Depicts a question, answer and formulated hypothesis along with the set
of facts retrieved from a fact retrieval approach (B) Illustrates the optimisation process behind extracting explana-
tory facts for the provided hypothesis and facts. (C) Details the end-to-end architecture diagram.

challenge is to identify the core scientific facts
(Abstract Facts) that best explain the answer. To
achieve this goal, a QA solver should be able first
to go from force to friction, stick to object and
rubbing together to move against. These are the
Grounding Facts that link generic or abstract con-
cepts in a core scientific statement to specific terms
occurring in question and candidate answer (Jansen
et al., 2018). The grounding process is followed by
the identification of the abstract facts about friction.
A complete explanation for this question would
require the composition of five facts to derive the
correct answer successfully. However, it is pos-
sible to reduce the global reasoning in two hops,
modelling it with grounding and abstract facts.

In line with these observations, this work
presents a novel approach that explicitly models
abstract and grounding mechanisms. The contribu-
tions of the paper are:

1. We present a novel approach that performs
natural language abductive reasoning via
grounding-abstract chains combining Linear
Programming with Bayesian optimisation for
science question answering (Section 2).

2. We obtain comparable performance when
compared to transformers, multi-hop ap-
proaches and previous Linear Programming
models despite having a significantly lower
number of parameters (Section 3.1).

3. We demonstrate that our model can generate
plausible explanations for answer prediction
(Section 3.2) and validate the importance of
grounding-abstract chains via ablation analy-
sis (Section 3.3).

2 ExplanationLP: Abductive Reasoning
with Linear Programming

ExplanationLP answers and explains multiple-
choice science questions via abductive natural lan-
guage reasoning. Specifically, the task of answer-
ing multiple-choice science questions is reformu-
lated as the problem of finding the candidate an-
swer that is supported by the best explanation. For
each Question Q and candidate answer ci ∈ C,
ExplanationLP converts to a hypothesis hi and at-
tempts to construct a plausible explanation.

Figure 1C illustrates the end-to-end framework.
From an initial set of facts selected using a re-
trieval model, ExplanationLP constructs a fact
graph where each node is a fact, and the nodes
and edges have a score according to three prop-
erties: relevance, cohesion and diversity. Subse-
quently, an optimal subgraph is extracted using
Linear Programming, whose role is to select the
best sub-set of facts while preserving structural
constraints imposed via grounding-abstract chains.
The subgraphs’ global scores computed by sum-
ming up the nodes and edges scores are adopted to
select the final answer. Since the subgraph scores
depend on the sum of nodes and edge scores, each
property is multiplied by a learnable weight which
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is optimised via Bayesian Optimisation to obtain
the best possible combination with the highest ac-
curacy for answer selection. To the best of our
knowledge, we are the first to combine a parameter
optimisation method with Linear Programming for
inference. The rest of this section describes the
model in detail.

2.1 Relevant facts retrival

Given a question (Q) and candidate answers C =
{c1, c2, c3, ..., cn} we convert them to hypothe-
ses {h1, h2, h3, ..., hn} using the approach pro-
posed by Demszky et al. (2018). For each hy-
pothesis hi we adopt fact retrieval approaches
(e.g: BM25, Unification-retrieval (Valentino et al.,
2021)) to select the top m relevant abstract facts
F hiA = {fhi1 , fhi2 , fhi3 , ..., fhim } from a knowl-
edge base containing abstract facts (Abstract Facts
KB) and top l relevant grounding facts F hiG =

{fhi1 , fhi2 , fhi3 , ..., fhil } from a knowledge base
containing grounding facts (Grounding Facts KB)
that at least connects one abstract fact with the hy-
pothesis, such that F hi = F hiA ∪F hiG and l+m = k.

2.2 Fact graph construction

For each hypothesis hi we build a weighted undi-
rected graph Ghi = (V hi , Ehi , ωv, ωe) with
vertices V hi ∈ {{hi} ∪ F hi}, edges Ehi , edge-
weight function ωe(ei; θ1) and node-weight func-
tion ωv(vi; θ2) where ei ∈ Ehi , vi ∈ V hi and
θ1, θ2 ∈ [0, 1] is a learnable parameter which is
optimised via Bayesian optimisation.

The model scores the nodes and edges based on
the following three properties (See Figure 1B):

(1) Relevance: We promote the inclusion of highly
relevant facts in the explanations by encouraging
the selection of sentences with higher lexical rele-
vance and semantic similarity with the hypothesis.
We use the following scores to measure the rele-
vance and the semantic similarity of the facts:
Lexical Relevance score (L): Obtained from the
upstream facts retrieval model (e.g: BM25 score/
Unification score (Valentino et al., 2021)).
Semantic Similarity score (S): Cosine similarity
obtained from neural sentence representation
models. For our experiments, we adopt Sentence-
BERT (Reimers et al., 2019) since it shows
state-of-the-art performance in semantic textual
similarity tasks.

(2) Cohesion: Explanations should be cohesive,
implying that grounding-abstract chains should re-
main within the same context. To achieve cohe-
sion, we encourage a high degree of overlaps be-
tween different hops (e.g. hypothesis-grounding,
grounding-abstract, hypothesis-abstract) to prevent
the inference chains from drifting away from the
original context. The overlap across two hops is
quantified using the following scoring function:
Cohesion score (C): We denote the set of unique
terms of a given fact fhii as t(fhii ) after being lem-
matized and stripped of stopwords. The overlap
score of two facts fhij and fhij is given by:

C(fhij , f
hi
k ) =

|t(fhij ) ∩ t(fhik )|
max(|t(fhij )|, |t(fhik )|)

Therefore, the higher the number of term overlaps,
the higher the cohesion score.

(3) Diversity: While maximizing relevance and co-
hesion between different hops, we encourage diver-
sity between facts of the same type (e.g. abstract-
abstract, grounding-grounding) to address different
parts of the hypothesis and promote completeness
in the explanations. We measure diversity via the
following function:
Diversity score (D): We denote the overlaps be-
tween hypothesis hi and the fact fhii as thi(f

hi
i ) =

t(fhii )∩ t(hi). The diversity score of two facts fhij
and fhij is given by:

D(fhij , f
hi
k ) = −1

|thi(fhij ) ∩ thi(fhik )|
max(|thi(fhij )|, |thi(fhik )|)

The goal is to maximise diversity and avoid redun-
dant facts in the explanations. Therefore, if two
facts overlap with different parts of the hypothesis,
they will have a higher diversity score compared to
two facts that overlap with the same part.

Given these premises, the weight functions of
the graph is designed as follows:

ωe(vj , vk; θ1) =





θggD(vj , vk) vj , vk ∈ F hiG
θaaD(vj , vk) vj , vk ∈ F hiA
θgaC(vj , vk) vj ∈ F hiG , vk ∈ F hiA
θqgC(vj , vk) vj ∈ F hiG , vk = hi

θqaC(vj , vk) vj ∈ F hiA , vk = hi

ωv(v
hi
i ; θ2) =

{
θlrL(vj , hi) + θssS(vj , hi) vj ∈ FhiA
0 vi ∈ FhiG
0 vi = hi
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where θgg, θaa, θga, θgq, θqa ∈ θ1 and θlr, θss ∈
θ2.

2.3 Subgraph extraction with Linear
Programming (LP) optimisation

The construction of the explanation graph has to
be optimised for the downstream answer selection
task. Specifically, from the whole set of facts re-
trieved by the upstream retrieval models, we need
to select the optimal subgraph that maximises the
performance of answer prediction. To achieve this
goal, we adopt a Linear Programming approach.

The selection of the explanation graph is framed
as a rooted maximum-weight connected subgraph
problem with a maximum number of K vertices
(R-MWCSK). This formalism is derived from the
generalized maximum-weight connected subgraph
problem (Loboda et al., 2016). R-MWCSK has two
parts: objective function to be maximized and con-
straints to build a connected subgraph of explana-
tory facts. The formal definition of the objective
function is as follows:
Definition 1. Given a connected undirected graph
G = (V,E) with edge-weight function ωe : E →
IR, node-weight function ωv : V → IR , root ver-
tex r ∈ V and expected number of vertices K, the
rooted maximum-weight connected subgraph prob-
lem with K number of vertices (R-MWCSK) prob-
lem is finding the connected subgraph Ĝ = (V̂ , Ê)
such that r ∈ V̂ , |V |≤ K and

Ω(Ĝ; θ3) = θvw
∑

v∈V̂
ωv(v; θ1)

+ θew
∑

e∈Ê
ωe(e; θ2)→ max

where θvw, θew ∈ θ3, θ3 ∈ [0, 1] and θ3 is a learn-
able parameter optimized via Bayesian optimisa-
tion. The LP solver will seek to extract the optimal
subgraph with the highest possible sum of node and
edge weights. Since the solver seeks to obtain the
highest possible score, it will avoid negative edges
and will prioritise high-value positive edges result-
ing in higher diversity, cohesion and relevance. We
adopt the following binary variables to represent
the presence of nodes and edges in the subgraph:

1. Binary variable yv takes the value of 1 iff v ∈
V hi belongs to the subgraph.

2. Binary variable ze takes the value of 1 iff e ∈
Ehi belongs to the subgraph.

In order to emulate the grounding-abstract infer-
ence chains and obtain a valid subgraph, we impose
the set constraints described in Table 1 for the LP
solver.

2.4 Bayesian Optimisation for Answer
Selection

Given Question Q and choices C =
{c1, c2, c3, ..., cn} we extract the optimal expla-
nation graphs ĜQ = {Ĝc1 , Ĝc2 , Ĝc3 , ..., Ĝcn}
for each choice. We consider the hypothesis
with the highest relevance, cohesion and di-
versity to be the correct the answer. Based on
this premise we define the correct answer as
cans = arg maxhi (Ω(Ĝhi)).

In order to automatically optimize the Linear
Programming model (i.e, θ1, θ2, θ3) we use
Bayesian optimisation. The algorithm is defined as
below (Here GP is Gaussian Process and LP is the
Linear Programming module).

Algorithm 1: Bayesian Optimisation
θ1, θ2, θ3 = initRandom(seed)
GQ = fact-graph-construction(ωe(θ

′
1), ωv(θ

′
2))

ĜQ = LP(GQ, Ω(θ3))
X = evaluate-accuracy(GQ)
model = GP(X, {θ1, θ2, θ3})
iteration = 0
while iteration ≤ N do

θ
′
1, θ

′
2, θ

′
3 = get-next-exploration-point()

GQ
′

= fact-graph-construction(ωe(θ
′
1), ωv(θ

′
2))

ĜQ
′

= LP(GQ
′
, Ω(θ

′
3))

X
′

= evaluate-accuracy(GQ
′
)

model.update(X
′
, {θ′1, θ

′
2, θ

′
3})

iteration = iteration + 1
end
Result: Best accuracy for model and respective

parameters θ1, θ2, θ3

3 Empirical Evaluation

Background Knowledge: We construct the re-
quired knowledge bases using the following
sources.
(1) Abstract KB: Our Abstract knowledge base
is constructed from the WorldTree Tablestore cor-
pus (Xie et al., 2020; Jansen et al., 2018). The
Tablestore corpus contains a set of common sense
and scientific facts adopted to create explanations
for multiple-choice science questions. The corpus
is built for answering elementary science questions
encouraging possible knowledge reuse to elicit ex-
planatory patterns. We extract the core scientific
facts to build the Abstract KB. Core scientific facts
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yvi = 1 if vi = hi (1)

yvi ≤
∑

j

yvj ∀vj ∈ NGhi (vi) (2)

zvi,vj ≤ yvi ∀e(vi,vj) ∈ E (3)

zvi,vj ≤ yvj ∀e(vi,vj) ∈ E (4)

zvi,vj ≥ yvi + yvj − 1 ∀e(vi,vj) ∈ E (5)

Chaining constraint: Equation 1 states that the subgraph should al-
ways contain the hypothesis node. Inequality 2 states that if a vertex
is to be part of the subgraph, then at least one of its neighbors with a
lexical overlap should also be part of the subgraph. Equation 1 and
Inequality 2 restrict the LP method to construct explanations that orig-
inate from the hypothesis and perform multi-hop aggregation based
on the existence of lexical overlap. Inequalities 3, 4 and 5 state that if
two vertices are in the subgraph then the edges connecting the vertices
should be also in the subgraph. These inequality constraints will force
the LP method to avoid grounding nodes with high overlap regardless
of their relevance.

∑

i

yvi ≤K ∀vi ∈ F hiA (6)

Abstract fact limit constraint: Equation 6 limits the total number
of abstract facts to K. Instead of limiting of total selected number
of nodes to K, by limiting the abstract facts we dictate the need for
grounding facts based on the number of terms present in the hypothesis
and in the abstract facts.

∑

vj

yvi − 2 ≥− 2(1− yvj ) ∀vi ∈ NGhi (vj),
vi ∈ {FhiA ∪ hi},

vj ∈ FhiG
(7)

Grounding neighbor constraint: Inequality 7 states that if a ground-
ing fact is selected, then at least two of its neighbors should be either
both abstract facts or a hypothesis and an abstract fact. This con-
straint ensures that grounding facts play the linking role connecting
hypothesis-abstract facts.

Table 1: Linear programming constraints employed by ExplanationLP to emulate grounding-abstract inference chains and
extract the optimal subgraph

are independent from the specific questions and rep-
resent general scientific and commonsense knowl-
edge, such as Actions (friction occurs when
two object’s surfaces move against each other) or
Affordances (friction causes the temperature
of an object to increase).
(2) Grounding KB: The grounding knowledge
base consists of definitional knowledge (e.g.,
synonymy and taxonomy) that can take into
account lexical variability of questions and help
it link it to abstract facts. To achieve this goal,
we select the is-a and synonymy facts from
ConceptNet (Speer et al., 2017) as our grounding
facts. ConceptNet has high coverage and precision,
enabling us to answer a wide variety of questions.

Question Sets: We use the following question
sets to evaluate ExplanationLP’s performance and
compare it against other explainable approaches:
(1) WorldTree Corpus: The 2,290 questions in
the WorldTree corpus are split into three different
subsets: train-set (987), dev-set (226) and test-set
(1,077). We use the dev-set to assess the explain-
ability performance and robustness analysis since
the explanations for test-set are not publicly avail-
able.
(2) ARC-Challenge Corpus: ARC-Challenge is a

multiple-choice question dataset which consists
of question from science exams from grade 3 to
grade 9 (Clark et al., 2018). We only consider
the Challenge set of questions. These questions
have proven to be challenging to answer for
other LP-based question answering and neural
approaches. ExplanationLP rely only on the
train-set (1,119) and test on the test-set (1,172).
ExplanationLP does not require dev-set, since the
possibility of over-fitting is non-existent with only
ten parameters.

Relevant Facts Retrieval (FR): We experiment
with two different fact retrieval scores. The first
model – i.e. BM25 Retrieval, adopts a BM25 vec-
tor representation for hypothesis and explanation
facts. We apply this retrieval for both Grounding
and Abstract retrieval. We use the IDF score from
BM25 as our downstream model’s relevance score.
The second approach – i.e. Unification Retrieval
(UR), represents the BM25 implementation of the
Unification-based Reconstruction framework de-
scribed in Valentino et al. (2021). The unification
score for a given fact depends on how often the
same fact appears in explanations for similar ques-
tions.
Baselines: The following baselines are replicated
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on the WorldTree corpus to compare against Expla-
nationLP:
(1) Bert-Based models: We compare the Ex-
planationLP model’s performance against a set
of BERT baselines. The first baseline – i.e.
BERTBase/BERTLarge, is represented by a stan-
dard BERT language model (Devlin et al., 2019)
fine-tuned for multiple-choice question answering.
Specifically, the model is trained for binary clas-
sification on each question-candidate answer pair
to maximize the correct choice (i.e., predict 1) and
minimize the wrong choices (i.e., predict 0). Dur-
ing inference, we select the choice with the highest
prediction score as the correct answer. BERT base-
lines are further enhanced with explanatory facts re-
trieved by the retrieval models. BERT + BM25 and
BERT + UR, is fine-tuned for binary classification
by complementing the question-answer pair with
grounding and abstract facts selected by BM25 and
Unification retrieval, respectively.

Similarly, the second model BERT + UR comple-
ments the question-answer pair with grounding and
abstract facts selected using BM25 and Unification
retrieval, respectively.
(2) PathNet (Kundu et al., 2019): PathNet is a neu-
ral approach that constructs a single linear path
composed of two facts connected via entity pairs
for reasoning. PathNet also can explain its rea-
soning via explicit reasoning paths. They have
exhibited strong performance for multiple-choice
science questions by composing two facts. Sim-
ilar to Bert-based models, we employ PathNET
with the top k facts retrieved utilizing Unification
(PathNet + UR) and BM25 (PathNet + BM25) re-
trieval. We concatenate the facts retrieved for each
candidate answer and provide as supporting facts.

Further details regarding the hyperparameters
and code used for each model, along with informa-
tion concerning the knowledge base construction
and dataset information, can be found in the Sup-
plementary Materials.

3.1 Answer Selection

WorldTree Corpus: We retrieve the top l relevant
grounding facts from Grounding KB and the top
m relevant abstract facts from Abstract KB such
that l + m = k and l = m. To ensure fairness
across the approaches, the same amount of facts
are presented to each model. We experimented
with k = {10, 20, 30, 40, 50} and report the
accuracy across Easy and Challenge split of the

# Model Accuracy
Easy Challenge

1 BERTBase 51.04 28.75
2 BERTLarge 54.58 29.39

3 BERTBase + BM25 (k=10) 53.92 42.72
4 BERTLarge + BM25 (k=10) 54.05 43.45
5 BERTBase + UR (k=10) 52.87 42.17
6 BERTLarge + UR (k=10) 58.50 43.72

7 PathNet + BM25 (k=20) 43.32 36.42
8 PathNet + UR (k=15) 47.64 33.55

9 Ours + BM25 (k=30) 63.82 48.24
10 Ours + UR (k=30) 66.23 50.15

Table 2: Accuracy on Easy (764) and Challenge split (313)
of WorldTree test-set corpus from the best performing k of
each model

# Model Explainable Accuracy

1 BERTLarge No 35.11

2 IR Solver (Clark et al., 2016) Yes 20.26
3 TupleInf (Khot et al., 2017b) Yes 23.83
4 TableILP (Khashabi et al., 2016) Yes 26.97
5 DGEM (Clark et al., 2016) Partial 27.11
6 KGˆ2 (Zhang et al., 2018) Partial 31.70
7 ET-RR (Ni et al., 2019) Partial 36.61
8 Unsupervised AHE (Yadav

et al., 2019a)
Partial 33.87

9 Supervised AHE (Yadav et al.,
2019a)

Partial 34.47

10 AutoRocc (Yadav et al., 2019b) Partial 41.24

11 Ours + BM25 (k=40) Yes 40.21
12 Ours + UR (k=40) Yes 39.84

Table 3: ARC challenge scores compared with other Fully
or Partially explainable approaches trained only on the ARC
dataset.

best performing setting in Table 2. We draw the
following conclusions:
(1) Despite having a smaller number of param-
eters to train (BERTBase: 110M parameters,
BERTLarge: 340M parameters, ExplanationLP: 9
parameters), the best performing ExplanationLP
(#10) overall outperforms all the BERTBase and
BERTLarge models on both Challenge and Easy
split. We outperform the best performing BERT
model with facts (BERTLarge (#6)) by 7.74% in
Easy and 6.43% in Challenge. We also outperform
best performing BERT without facts (BERTLarge
(#2)) by 11.66% in Easy and 20.76% in Challenge.
(2) BERT is inherently a black-box model, not be-
ing entirely possible to explain its prediction. By
contrast, ExplanationLP is fully explainable and
produces a complete explanatory graph.
(3) Similar to ExplanationLP, PathNet is also ex-
plainable and demonstrates robustness to noise.
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CASE I: All the selected facts are in the gold explanation (Frequency: 33%)

Question: A company wants to make a game that uses a magnet that sticks to a board. Which material should it use for
the board? Answer: steel
Explanations: (1) steel is a metal (Grounding), (2) if a magnet is attracted to a metal then that magnet will stick to that
metal (Abstract), (3) a magnet attracts magnetic metals through magnetism (Abstract),

CASE II: At least one selected facts are in the gold explanation (Frequency: 58%)

Question: A large piece of ice is placed on the sidewalk on a warm day. What will happen to the ice? Answer: It will
melt to form liquid water.
Explanations: (1) drop is liquid small amount (Grounding), (2) forming something is change (Grounding), (3) ice
wedging is mechanical weathering (Grounding), (4) melting means changing from a solid into a liquid by adding heat
energy (Abstract), (5) weathering means breaking down surface materials from larger whole into smaller pieces by
weather (Abstract),

CASE III: No retrieved facts is in the gold explanation (Frequency: 9%)

Question:Wind is a natural resource that benefits the southeastern shore of the Chesapeake Bay. How could these winds
best benefit humans? Answer: The winds could be converted to electrical energy
Explanations: (1) renewable resource is natural resource (Grounding), (2) wind is a renewable resource (Abstract), (3)
electrical devices convert electricity into other forms of energy (Abstract)

Table 4: Case study of explanation extracted by ExplanationLP

ExplanationLP also outperforms PathNet’s best
performance setting (#8) by 18.59% in Easy and
16.60% in Challenge.
(4) ExplanationLP consistently exhibits better
scores on both BM25 and UR than BERT and Path-
Net, demonstrating independence of the upstream
retrieval model for performance.

ARC-Challenge : We also evaluated our model
on the ARC-Challenge corpus (Clark et al., 2018)
to evaluate ExplanationLP on a more extensive
general question set and compare against contem-
porary approaches that provide explanations for
an inference that has only been trained on ARC
corpus. Table 3 reports the results on the test-set.
We compare ExplanationLP against published ap-
proaches that are fully/partly explainable. Here
explainability indicates if the model produces an
explanation/evidence for the predicted answer. A
subset of the approaches produces evidence for the
answer but remains intrinsically black-box. These
models have been marked as Partial.

As depicted in the Table 3, we outperform the
best performing fully explainable (#4 TableILP)
model by 13.28%. We also outperform specific
neural approaches with larger parameter sets (#5
- #9) that provide explanations for their inference
and BERT (#1). Despite having a smaller number
of training parameters, we also exhibit competitive
performance with a state-of-the-art Bert-based ap-
proach (#10) that do not use external resources to
train the QA system.

3.2 Explainability

Approach Precision Recall F1

PathNet + UR (k=20) 21.56 36.55 29.06
Ours + UR (k=30) 57.96 49.92 48.13

Table 5: Explanation retrieval performance on the
WorldTree Corpus dev-set.

Table 5 shows the Precision, Recall and F1Macro

score for explanation retrieval for PathNet and Ex-
planationLP. These scores are computed using gold
abstract explanations from WorldTree corpus. We
outperform PathNet across all spectrum by a sig-
nificant margin.

Table 4 reports three representative cases that
show how explanation generation relates to cor-
rect answer prediction. The first example (Case I)
represents the situation in which all the selected
sentences are annotated as gold explanations in the
WorldTree corpus (dev-set). The second example
(Case II) shows the case in which at least one sen-
tence in the explanation is labelled as gold. Finally,
the third example (Case III) represents the case
in which the explanation generated by the method
does not contain any gold fact. We observe Case
I and Case II occur over 91% of the questions,
demonstrating that the correct answers are mostly
derived from plausible explanations.

3.3 Ablation Study
In order to understand the contribution lent by
different components, we choose the best setting
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# Approach Accuracy
WT ARC

1 ExplanationLP (Best) 61.37 40.21

Structure
2 Grounding-Abstract Categories 58.33 35.13
3 Edge weights 43.78 29.45
4 Node weights 42.80 27.87

Cohesion
5 Hypothesis-Abstract cohesion 38.71 30.37
6 Hypothesis-Grounding cohesion 59.33 38.73
7 Grounding-Abstract cohesion 59.12 38.14

Diversity
8 Abstract-Abstract diversity 60.16 37.62
9 Grounding-Grounding diversity 60.44 37.71

Relevance
10 Hypothesis-Abstract semantic similarity 55.38 35.49
11 Hypothesis-Abstract lexical relevance 54.68 36.01

Table 6: Ablation study, removing different components of
ExplanationLP. The scores reported here are accuracy for
answer selection on the WorldTree (WT) and ARC-Challenge
(ARC) test-set.

Figure 2: Change in accuracy of answer prediction the de-
velopment set varying across different models with increasing
explanation length for WorldTree dev-set. Red dashed line
represents ExplanationLP + UR (k=30), blue line represents
BERTLarge + UR (k=10) and green dotted line represents
PathNet + UR (k=20)

(WorldTree: ExplanationLP + UR (k=30) and ARC:
ExplanationLP + BM25 (k=40)) and drop different
components to perform an ablation analysis. We re-
tain the ensemble after removing each component.
The results are summarized in Table 6.
(1) The grounding-abstract chains (#2) play a sig-
nificant role, particularly in the reasoning mech-
anism on a challenging question set like ARC-
Challenge.
(2) As observed in #3, #4 removing node weights
and edge weights lead to a dramatic drop in perfor-
mance. This drop indicates that both are fundamen-
tal for the final prediction, highlighting the role of
graph structure in explainable inference.
(3) The importance of cohesion varies across dif-
ferent types of facts. We observe that Hypothesis-

Abstract cohesion (#5) is significantly more impor-
tant than the others. We attribute this to the fact that
without Hypothesis-Abstract cohesion, multi-hop
inference can quickly go out of context.
(4) From the ablation analysis, we can see how
lexical relevance and semantic similarity (#10, 11)
complements each other towards the final predic-
tion. For WorldTree corpus, the relevance score has
a higher parameter score translating into a higher
impact and vice-versa for ARC.
(5) Diversity plays a smaller role when compared
to cohesion and relevance. The impact of diversity
in ARC is higher than that of WorldTree.

Semantic Drift To validate the performance
across an increasing number of hops, we plot the
accuracy against explanation length as illustrated
in Figure 2. As demonstrated in explanation regen-
eration (Valentino et al., 2021; Jansen and Ustalov,
2019), the complexity of a science question is di-
rectly correlated with the explanation length – i.e.
the number of facts required in the gold explanation.
Unlike BERT, PathNet and ExplanationLP use ex-
ternal background knowledge, addressing the multi-
hop process in two main reasoning steps. However,
in contrast to ExplanationLP, PathNet combines
only two explanatory facts to answer a given ques-
tion. This assumption has a negative impact on
answering complex questions requiring long expla-
nations. This is evident in the graph, where we ob-
serve a sharp decrease in accuracy with increasing
explanation length. Comparatively, ExplanationLP
achieves more stable performance, showing a lower
degradation with an increasing number of explana-
tion sentences. These results crucially demonstrate
the positive impact of grounding-abstract mech-
anisms on semantic drift. We also exhibit con-
sistently better performance when compared with
BERT as well.

4 Related Work

Our approach broadly falls into Linear Program-
ming based approaches for science question an-
swering. LP-based approaches perform inference
over either semi-structured tables (Khashabi et al.,
2016) or structural representations extracted from
the text (Khashabi et al., 2018; Khot et al., 2017a).
These approaches treat all facts homogeneously
and attempt to connect the question with the cor-
rect answer through long hops. While they have
exhibited good performance with no supervision,
the performance tends to be lower when answer-
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ing complex questions requiring long explanatory
chains. In contrast, our approach performs infer-
ence over unstructured text by imposing structural
constraints via grounding-abstract chains, lowering
the hops, and also combine parametric optimisation
to extract the best performing model.

The other class of approaches that provide ex-
planations are graph-based approaches. Graph-
based approaches have been successfully applied
for open-domain question answering (Fang et al.,
2020; Qiu et al., 2019; Thayaparan et al., 2019)
where the question only requires only two hops.
PathNet (Kundu et al., 2019) operates within the
same design principles and has been applied on
OpenbookQA science dataset. As indicated in
the empirical evaluation, it struggles with long-
chain explanations since it relies only on two facts.
Graph-based approaches have also been employed
for mathematical reasoning (Ferreira and Freitas,
2020a,b) and textual entailment (Silva et al., 2019,
2018).

The third category of partially explainable ap-
proaches employs black-box neural models in com-
bination with a retrieval approach. The SOTA
model for Science Question (Khashabi et al., 2020)
answering is pretrained across multiple datasets
and is not explainable. The current partially ex-
plainable SOTA approach that does not rely on
external resource (Yadav et al., 2019b) employs
a large parameter BERT model for question an-
swering resulting. In contrast, with a low number
of parameters, we have introduced a model that
demonstrates competitive performance and leaves
a smaller carbon footprint in terms of energy con-
sumption (Henderson et al., 2020). Other methods
construct explanation chains by leveraging explana-
tory patterns emerging in a corpus of scientific ex-
planations (Valentino et al., 2020, 2021).

5 Conclusion

This paper presented a robust, explainable and ef-
ficient science question answering model that per-
forms abductive natural language inference. We
also presented an in-depth systematic evaluation
demonstrating the impact on the various set of de-
sign principles via an in-depth ablation analysis.
Despite having a significantly lower number of
parameters, we demonstrated competitive perfor-
mance compared with contemporary explainable
approaches while also showcasing its robustness,
explainability and interpretability.
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A Supplementary Material

This section consists of all the hyperparameters,
code and libaries used in our approach. We present
this in the hope it fosters reproducibility.

A.1 Linear Programming Optimization

The components of the linear programming system
is as follows:

• Solver: CPLEX optimization studio
V12.9.0 https://www.ibm.com/products/

ilog-cplex-optimization-studio

The hyperparatemers used in the LP constraints:

• Maximum number of abstract facts (K): 2

• Average time per epoch: 6 minutes for train-
set

• Number of Epochs: 200

Infrastructures used:

• CPU Cores: 32

• CPU Model: Intel(R) Core(TM) i7-6700 CPU
@ 3.40GHz

• Memory: 128GB

• OS: Ubuntu 18.04 LTS
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A.2 Parameter tuning

Our work employed Bayesian optmiza-
tion with Gaussian process for hyper-
paramter tuning. We used the https:

//github.com/fmfn/BayesianOptimization:
Bayesian-Optimization python library to im-
plement the code. These parameters are as
follows:

• Gaussian Kernels:

– RationalQuadratic Kernel with default
parameters

– WhiteKernel with noise level of 1e-5,
noise level bounds (1e-10, 1e1) and rest
of the default parameters

• Number of iterations: 200

• alpha (α): 1e-8

• random state: 1

A.3 Sentence-BERT for Semantic Similarity
Scores

We use: roberta-large nli-stsb mean-tokens model
to calculate the semantic similarity scores.

A.4 BERT model

The BERT model was taken from the Hug-
ginface Transformers (https://github.com/
huggingface/transformers) library and fine-
tuned using 4 Tesla V100 GPUs for 10 epochs in
total with batch size 16 for BERTLarge and 32 for
for BERTBase. The hyperparameters adopted for
BERT are as follows:

• gradient accumulation steps: 1

• learning rate: 1e-5

• weight decay: 0.0

• adam epsilon: 1e-8

• warmup steps: 0

• max grad norm: 1.0

• seed: 42

A.5 PathNet
We use the code and dependencies pro-
vided by the PathNet github repository
(https://github.com/allenai/PathNet).
We used the training config provided
for OpenBookQA as a baseline: https:

//github.com/allenai/PathNet, file name:
blob/master/training configs/config obqa.json.

A.6 Relevant facts retrieval
The code for BM25 and Unification retrieval
approaches were adopted from the Unifi-
cation Explanation Retrieval GitHub repos-
itory (https://github.com/ai-systems/
unification_reconstruction_explanations).

A.7 Code
The code for reproducing the ExplanationLP and
the experiments described in this paper are at-
tached with the code appendix and will be avail-
able at the following GitHub repository (with
a Dockerized container): https://github.com/
ai-systems/explanationlp.

A.8 Data
WorldTree Dataset : The 2,290 questions in the
WorldTree corpus are split into three different sub-
sets: train-set (987), dev-set (226), and test-set
(1,077). We only considered questions with expla-
nations for our evaluation. The reasoning behind
omitting questions without explanations was to en-
sure fact coverage for all questions. For Abstrac-
tKB building we excluded facts from ’KINDOF’
and ’SYNONYMY’ table, as these are the one pri-
marily composed of grounding facts.

ARC-Challenge Dataset : Only used the Chal-
lenge split: https://allenai.org/data/arc.
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Abstract
Modern pre-trained language models are
mostly built upon backbones stacking self-
attention and feed-forward layers in an in-
terleaved order. In this paper, beyond this
stereotyped layer pattern, we aim to improve
pre-trained models by exploiting layer vari-
ety from two aspects: the layer type set and
the layer order. Specifically, besides the origi-
nal self-attention and feed-forward layers, we
introduce convolution into the layer type set,
which is experimentally found beneficial to
pre-trained models. Furthermore, beyond the
original interleaved order, we explore more
layer orders to discover more powerful archi-
tectures. However, the introduced layer variety
leads to a large architecture space of more than
billions of candidates, while training a single
candidate model from scratch already requires
huge computation cost, making it not afford-
able to search such a space by directly training
large amounts of candidate models. To solve
this problem, we first pre-train a supernet from
which the weights of all candidate models can
be inherited, and then adopt an evolutionary
algorithm guided by pre-training accuracy to
find the optimal architecture. Extensive exper-
iments show that LV-BERT model obtained by
our method outperforms BERT and its variants
on various downstream tasks. For example,
LV-BERT-small achieves 78.8 on the GLUE
testing set, 1.8 higher than the strong baseline
ELECTRA-small. 1

1 Introduction

In recent years, pre-trained language models, such
as the representative BERT (Devlin et al., 2019)
and GPT-3 (Brown et al., 2020), have gained great
success in natural language processing tasks (Pe-
ters et al., 2018a; Radford et al., 2018; Yang et al.,
2019; Clark et al., 2020). The backbone architec-
tures of these models mostly adopt a stereotyped

1https://github.com/yuweihao/LV-BERT

Layer Variety

Layer Types

Layer Orders

Self-Attention
Feed-Forward
Convolution

Interleaved
Sandwich
Random
Searched

①
②
③
④
⑤
⑥
⑦

(a)

{①②} × ④ → BERT/ELECTRA  {②③} × ④ → DynamicConv

{①②} × ⑤ → Sandwich          {①②③} × ⑦ → LV-BERT

(b)

60 65 70 75 80 85
GLUE average acuracy on dev set

LV-BERT
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DynamicConv

ELECTRA

BERT
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64.4

80.4

75.1
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Figure 1: (a) Illustration of layer variety. This concept
consists of two aspects: layer type and layer order. (b)
Different models represented by layer variety. (c) Per-
formance of different models with hidden size of 256
on GLUE (Wang et al., 2018) development set. Except
BERT pre-trained with the Masked Language Model-
ing objective (Devlin et al., 2019), the other models
are pre-trained with Replaced Token Detection objec-
tive (Clark et al., 2020) to save computation cost.

layer pattern, in which the self-attention and feed-
forward layers are arrayed in an interleaved order
(Vaswani et al., 2017). However, there is no evi-
dence supporting that this layer pattern is optimal
(Press et al., 2020). We then consider a straightfor-
ward and interesting question: Could we change
the layer pattern to improve pre-trained models?
We attempt to answer this question by exploiting
more layer variety from two aspects, as shown in
Figure 1(a): the layer type set and the layer order.
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We first consider the layer types. In previous
pre-trained language models, the most widely-used
layer set contains the self-attention layer for captur-
ing global information and the feed-forward layer
for non-linear transformation. However, some re-
cent works have unveiled that some self-attention
heads in pre-trained models tend to learn local de-
pendencies due to the inherent property of natural
language (Kovaleva et al., 2019; Brunner et al.,
2020; Jiang et al., 2020), incurring computation
redundancy for capturing local information. In
contrast, convolution is a local operator (LeCun
et al., 1998; Krizhevsky et al., 2012; Simonyan and
Zisserman, 2015; He et al., 2016) and has shown
effectiveness on extracting local information for
language models (Zeng et al., 2014; Kim, 2014;
Kalchbrenner et al., 2014; Wu et al., 2018, 2019b;
Jiang et al., 2020). Thus, we propose to augment
the layer set by including convolution for local in-
formation extraction.

For layer orders, most of the existing pre-trained
models adopt an interleaved order to arrange the
different types of layers. Differently, Press et al.
(2020) presented the sandwich order, i.e., stacking
consecutive self-attention and feed-forward layers
at the bottom and top, respectively, while keep-
ing the interleaved order in the middle. It has
been shown that the sandwich order can bring im-
provement on language modeling task, indicating
the layer order contributes to model performance.
However, Press et al. (2020) did not show the gen-
eralization capability of this order to other tasks.
There is still a large room for exploring more ef-
fective orders for pre-trained models. We show
the different layer variety designs of existing mod-
els in Figure 1(b), including BERT (Devlin et al.,
2019)/ELECTRA (Clark et al., 2020), Dynamic-
Conv (Wu et al., 2018) and Sandwich (Press et al.,
2020). Their performance is summarized in Figure
1(c). It can be seen that layer variety significantly
influences model performance. We thus claim it is
necessary to investigate layer variety for promot-
ing pre-trained models. However, to perform such
investigation for a common model backbone, e.g.,
with 24 layers, we need to evaluate performance
of every candidate within an architecture space of
324 ≈ 2.8 × 1011 candidates. Pre-training a sin-
gle language model already needs to consume a
large amount of computation, e.g., 2400 P100 GPU
days for pre-training BERT (Lin et al., 2020). It is
barely affordable to pre-train such a large amount

of model candidates from scratch. To reduce the
computation cost, inspired by recent works on Neu-
ral Architecture Search (NAS) (Guo et al., 2020;
Cai et al., 2019), we construct a supernet according
to the layer variety discussed above and pre-train
it with Masked Language Modeling (MLM) (De-
vlin et al., 2019) objective. After obtaining the
pre-trained supernet, we develop an evolutionary
algorithm guided by MLM evaluation accuracy to
search an effective architecture with specific layer
variety. We call the resulted model LV-BERT. Ex-
tensive experiments show that LV-BERT outper-
forms BERT and its variants. The contributions of
our paper are two-fold. Firstly, to the best of our
knowledge, this work is the first to exploit layer
variety w.r.t. both layer types and orders for pre-
trained language models. We found convolutions
and layer orders both benefit pre-trained model
performance. We hope our observations would fa-
cilitate the development of pre-trained lauguage
models. Secondly, our obtained LV-BERT shows
superiority over BERT and its variants. For ex-
ample, LV-BERT-small achieves 79.8 on GLUE
testing set, 1.8 higher than the baseline ELECTRA-
small (Clark et al., 2020).

2 Related Work

Pre-trained Language Models Pre-trained lan-
guage models have achieved great success and pro-
moted the development of NLP techniques. Instead
of separate word representation (Mikolov et al.,
2013a,b), McCann et al. (2017) and Peters et al.
(2018b) propose CoVe and ELMo respectively
which both utilize LSTM (Hochreiter and Schmid-
huber, 1997) to generate contextualized word rep-
resentations. Later, Radford et al. (2018) introduce
GPT that changes the backbone to transformers
where self-attention and feed-forward layers are ar-
rayed interleavedly. They also propose generative
pre-training objectives. BERT (Devlin et al., 2019)
continues to use the same layer set and order for
backbone but employs different pre-training objec-
tives, i.e., Masked Language Modeling and Next
Sentence Prediction. Then more works introduce
new effective pre-training objectives, like General-
ized Autoregressive Pretraining (Yang et al., 2019),
Span Boundary Objective (Joshi et al., 2020) and
Replaced Token Detection (Clark et al., 2020). Be-
sides designing pre-training objectives, some other
works try to extend BERT by incorporating knowl-
edge (Zhang et al., 2019; Peters et al., 2019; Liu
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et al., 2020; Xiong et al., 2020) or with multiple
languages (Huang et al., 2019; Conneau and Lam-
ple, 2019; Chi et al., 2019). These works utilize
the stereotyped layer pattern, which is unneces-
sarily optimal (Press et al., 2020), inspiring us to
further investigate more layer variety to improve
pre-trained models. To the best of our knowledge,
we are the first to exploit layer variety from both
the layer type set and the layer order for pre-trained
language models.

Neural Architecture Search Manually design-
ing neural architecture is a time-consuming and
error-prone process (Elsken et al., 2019). To solve
this, many neural architecture search algorithms
are proposed. Pioneering works utilize reinforce-
ment learning (Zoph and Le, 2017; Baker et al.,
2017) or evolutionary algorithm (Real et al., 2017)
to sample architecture candidates and train them
from scratch, which demand huge computation that
ordinary researchers can not afford. To reduce com-
putation cost, recent methods (Pham et al., 2018;
Liu et al., 2018; Xie et al., 2018; Brock et al., 2018;
Cai et al., 2018; Bender et al., 2018; Wu et al.,
2019a; Guo et al., 2020) adopt a weight sharing
strategy that a supernet subsuming all architectures
is trained only once and all architecture candidates
can inherit their weights from the supernet. De-
spite the boom of NAS research, most works focus
on computer vision tasks (Chen et al., 2019; Ghi-
asi et al., 2019; Liu et al., 2019a), while NAS on
NLP is not fully investigated. Recently, So et al.
(2019) and Wang et al. (2020) search architectures
of transformers for translation tasks. Chen et al.
(2020) leverage differentiable neural architecture to
automatically compress BERT with task-oriented
knowledge distillation for specific tasks. Zhu et al.
(2020) utilize architecture search to improve mod-
els based on pre-trained BERT for the relation clas-
sification task. However, these methods only focus
on specific tasks or the fine-tuning phase. Besides,
Khetan and Karnin (2020) employ pre-training loss
to help prune BERT, but their method can not find
new architectures. Different from them, our work
is the first to use NAS to help explore new architec-
tures in a pre-training scenario for general language
understanding.

3 Method

An overview of our approach is shown in Figure
2. We first define the layer variety to introduce a
large architecture search space, and then pre-train

a supernet subsuming all candidate architectures,
followed by an evolutionary algorithm guided by
pre-training MLM (Devlin et al., 2019) accuracy to
search an effective model. In what follows, we will
give detailed descriptions.

3.1 Layer Variety
As shown in Figure 1(a), the proposed layer variety
contains two aspects: layer type and layer order,
both of which are important for the performance of
pre-trained models but not exploited before.

Layer Type The layer type set of current BERT-
like models consists of self-attention for infor-
mation communication and feed-forward for non-
linear transformation. However, as a global opera-
tor, self-attention needs to take as input all tokens
to compute attention weights for each token, which
is inefficient in capturing local information (Wu
et al., 2019b; Jiang et al., 2020). We notice that
convolution (LeCun et al., 1998; Krizhevsky et al.,
2012), as a local operator, has been successfully
applied in language models (Zeng et al., 2014; Kim,
2014; Kalchbrenner et al., 2014; Wu et al., 2018,
2019b; Jiang et al., 2020). A typical example is the
dynamic convolution (Wu et al., 2018) for machine
translation, language modeling and summarization.
Therefore, we augment the layer type set by intro-
ducing dynamic convolution as a new layer type.
The layer set considered in this work thus contains
three types of layers,

Ltype = {LSA, LFF, LDC}, (1)

where the set elements denote self-attention, feed-
forward and dynamic convolution layers respec-
tively. See Appendix for more detailed formulation
description on them.

Layer Order The other variety aspect is layer
order. The most widely-used order for pre-trained
models is the interleaved order (Vaswani et al.,
2017; Devlin et al., 2019). For a model with 24
layers, the interleaved order can be expressed by
the following list,

[LSA
1 , LFF

2 , LSA
3 , LFF

4 , ..., LSA
23 , L

FF
24 ]. (2)

Similarly, the sandwich order (Press et al., 2020)
can be expressed as

[LSA
1 , LSA

2 , ..., LSA
5 ,

LSA
6 , LFF

7 , LSA
8 , LFF

9 , ..., LSA
18 , L

FF
19 ,

LFF20 , L
FF
21 , ..., L

FF
24 ].

(3)
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Figure 2: Overview on how to search LV-BERT. ¬ Construct a supernet with small hidden size by including all
types of layers at each layer.  Pre-train the supernet with Masked Language Modeling (MLM) objective (Devlin
et al., 2019) by only uniformly sampling one type of layer into training at each layer. ® Apply evolutionary
algorithm to produce candidate models. ¯ The candidate models inherit their weights from the supernet. ° The
candidate models with inherited weights are directly evaluated with pre-training MLM accuracy on validation set.
± The accuracy is used to guide the evolutionary algorithm for generating new candidate models. ² After T
iterations, the candidate with best pre-training accuracy is output as LV-BERT-small. ³ LV-BERT-small can be
scaled up to LV-BERT-medium/base with larger hidden size.

Beyond the above manually designed orders, we
take advantage of neural architecture search to iden-
tify more effective layer orders for pre-trained mod-
els. The order to be discovered can be expressed as

[L1, L2, ..., Li, ..., LN ], (4)

where Li ∈ Ltype and N is the number of layers.
Here, N is set to 24, following common practice.

3.2 Supernet

The layer variety introduced above leads to a huge
architecture space of 324 ≈ 2.8 × 1011 candidate
models to be explored. Thus, it is not affordable
to pre-train every candidate model in the space
from scratch to evaluate their performance since
the pre-training procedure requires huge computa-
tions. To reduce the search computations, recent
NAS works (Pham et al., 2018; Guo et al., 2020;
Cai et al., 2019) exploit a weight sharing strategy.
It first trains a supernet subsuming all candidate
architectures, and then each candidate architecture
can inherit its weights from the trained supernet
to avoid training from scratch. Inspired by this
strategy, we construct a supernet where each layer
contains all types of layers, i.e., self-attention, feed-
forward, and dynamic convolution. The supernet

architecture can be expressed as

A = [{LSA
1 , LFF

1 , LDC
1 }, {LSA

2 , LFF
2 , LDC

2 }, ...,
{LSA

N , LFF
N , LDC

N }].
(5)

Masked Language Modeling (MLM) (Devlin et al.,
2019) is utilized as the pre-training objective to pre-
train the supernet since MLM accuracy can reflect
the model performance on downstream tasks (Lan
et al., 2020). Most weight sharing approaches on
NAS (Wu et al., 2019a; Liu et al., 2018) train and
optimize the full supernet: the output of each layer
is the weighted sum of all types of candidate layers.
However, it cannot guarantee the sampled single
type of layer also works (Guo et al., 2020).

To handle this issue, we propose to randomly
sample a submodel from the supernet to participate
in forward and backward propagation per training
step (Cai et al., 2018; Guo et al., 2020). The sam-
pled submodel architecture can be expressed as

a = [L1, L2, ..., Li, ..., LN ], (6)

where Li ∈ Ltype ∼ U with uniform probability
distribution Pr = 1/3. In this pre-training method,
the optimized supernet weights can be expressed
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Algorithm 1: Evolutionary Search Guided
by Pre-training MLM Accuracy
Input: WA: supernet weights; P :
population size; Dval: pre-training
validation set; T : # iteration; N cro: #
crossover; Nmut: # mutation; p: mutation
probability; k: # top candidates for
crossover and mutation

Output: a∗: the architecture with the best
pre-trianing MLM validation accuracy
S0 := Init(P ); // Randomly generate P
architecture candidates
Stopk := ∅; // The set of top k candidates
for i = 1 : T do

SMLM
i−1 := ∅;

for a in Si−1 do
MLMa

val :=
Inference(N (a,WA(a)), Dval);
SMLM
i−1 := SMLM

i−1 ∪MLMa
val;

Stopk := Update(Stopk,Si−1, SMLM
i−1 );

Scro := Crossover(Stopk, N cro);
Smut := Mutation(Stopk, Nmut, p);
Si := Scro ∪ Smut;

return a∗ = argmaxa∈Stopk MLMa
val;

as

WA = argmin
W

Ea∼U(A)[Lpre−train(N (a,W (a)))],

(7)
where W (a) denotes the submodel weights inher-
ited from the supernet, N means the submodel
with specific architecture and weights, Lpre−train
denotes the pre-training MLM loss and a ∼ U(A)
means a is uniformly sampled from A.

3.3 Evolutionary Search

Inspired by the recent NAS works (Elsken et al.,
2019; Ren et al., 2020; Guo et al., 2020; Wang
et al., 2020), we adopt an evolutionary algorithm
(EA) to search the model. Previously Real et al.
(2017) utilized an evolutionary method in NAS but
they trained each candidate model from scratch
which is costly and inefficient. Instead, thanks to
the supernet mentioned above, we do not need to
train the candidate models from scratch since their
weights can be inherited from the supernet. Next
problem is how to select indicator of the candidate
models to guide the EA. Note that our goal is to
search a general pre-trained model to benefit a va-
riety of downstream tasks instead of a specific task.

Traditional NAS methods (Chen et al., 2020; Zhu
et al., 2020) use downstream task performance as
the objective to search for task-specific models. In-
stead, similar to the work by Khetan and Karnin
(2020) that utilize pre-training loss to prune BERT,
our method uses pre-training MLM accuracy to
search for a unified architecture that can generalize
well to different downstream tasks. Besides, us-
ing this accuracy, candidate models can be directly
evaluated on pre-training validation set without any
fine-tuning on specific tasks, which can help save
computations.

The detailed algorithm description is shown
in Algorithm 1. Crossover(Stopk, N cro) means
the procedure to generate N cro new candidate ar-
chitectures that two candidate architectures ran-
domly selected from top k candidate set Stopk

are crossed to produce a new one. Similarly,
Mutation(Stopk, Nmut, p) denotes the procedure
to generate Nmut new candidates that a random
candidate from Stopk mutates its every layer choice
with probability p to generate a new one. Finally,
the candidate architecture with highest pre-training
validation accuracy in Stopk is returned as LV-
BERT. The algorithm is set with population size P
of 50, search iteration number T of 20, crossover
number N cro of 25, mutation number Mmut of 25,
mutation probability p of 0.1, top candidate number
k of 10 for crossover and mutation.

4 Experiments

4.1 Datasets

Pre-training Datasets Devlin et al. (2019) pro-
pose WikiBooks corpus for training BERT includ-
ing English Wikipedia and BooksCorpus (Zhu
et al., 2015). However, BooksCorpus is no longer
publicly available. To ease reproduction, we train
models on OpenWebText (Gokaslan and Cohen,
2019) that is open-sourced and of similar size with
the corpus used by BERT. When pre-training the
supernet, we leave 2% data as our validation set for
evolutionary search.

Fine-tuning Datasets To compare our model
with other pre-trained models, we fine-tune LV-
BERT on GLUE (Wang et al., 2018), including
various tasks for general language understanding,
and SQuAD 1.1/2.0 (Rajpurkar et al., 2016, 2018)
for question answering. See Appendix for more
details of all tasks.
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Model Layer Variety Params GLUE
DC SA FF Order Word Emb Backbone

BERT-small (Devlin et al., 2019) X X Interleaved

3.9M

9.5M 75.1
ELECTRA-small (Clark et al., 2020) X X Interleaved 9.5M 80.4
DynamicConv-small* (Wu et al., 2018) X X Interleaved 9.6M 64.4
Sandwich-small* (Press et al., 2020) X X Sandwich 9.5M 78.6

LV-BERT-small variants

X X Random

3.9M

9.5M 80.8
X X Randomly searched 9.8M 81.1
X X EA searched 10.3M 81.2

X X Random 9.6M 64.9
X X Randomly searched 9.6M 65.4
X X EA searched 9.6M 65.7
X X Random 6.4M 79.7
X X Randomly searched 6.4M 79.9
X X EA searched 6.4M 79.8
X X X Random 7.7M 80.6
X X X Randomly searched 8.8M 80.9

LV-BERT-small X X X EA searched 3.9M 8.5M 81.8

Table 1: Performance of the models with different layer types and orders on the GLUE development set. DC,
SA and FF denote dynamic convolution, self-attention and feed-forward layers respectively. For each design of
layer type set, “Random” means the best order among five randomly generated ones that are estimated by training
model from scratch. “Randomly searched” or “EA searched” are both based on the supernet. “Randomly searched”
denotes the orders searched at random while “EA searched” denotes ones searched by evolutionary algorithm. *
denotes the methods implemented by us for language pre-training. All models are pre-trained on OpenWebText by
1M steps with sequence length 128 using ELECTRA (Clark et al., 2020) pre-training objective except BERT-small
using MLM objective.

Model Size Params CoLA MPRC MNLI SST RTE QNLI QQP STS Avg.
Word Emb Backbone

ELECTRA (Clark et al., 2020) Small 3.9M 9.5M 56.8 87.4 78.9 88.3 68.5 87.9 88.3 86.8 80.4
Medium* 3.9M 21.3M 61.2 89.5 82.1 89.1 65.7 88.9 90.5 89.3 82.0
Base* 23.4M 85.0M 64.8 88.5 85.7 92.6 76.5 91.7 91.1 89.9 85.1

DynamicConv† (Wu et al., 2018) Small 3.9M 9.6M 60.2 69.2 56.6 85.6 49.5 68.0 82.1 44.1 64.4
Medium 3.9M 21.4M 61.5 67.9 55.7 85.9 49.1 68.3 83.3 51.6 65.4
Base 23.4M 85.2M 62.1 70.6 61.0 88.5 51.3 72.0 85.6 64.7 69.5

Sandwich† (Press et al., 2020) Small 3.9M 9.5M 53.2 87.1 77.5 88.1 63.9 86.4 88.3 84.6 78.6
Medium 3.9M 21.3M 55.6 86.2 81.5 90.3 63.0 88.9 89.6 86.6 80.2
Base 23.4M 85.0M 58.8 89.7 83.8 91.9 72.6 90.2 90.1 88.5 83.2

LV-BERT Small 3.9M 8.5M 62.3 86.9 81.1 89.9 69.0 88.9 89.3 87.4 81.8
Medium 3.9M 19.0M 64.4 88.0 82.4 90.5 68.6 89.4 90.1 89.7 82.9
Base 23.4M 75.7M 66.8 90.3 86.3 93.2 76.9 92.3 90.9 90.8 85.9

Table 2: Performance of different models in different sizes on GLUE development set. * denotes results obtained
by running official code. † denotes the methods implemented by us for language pre-training. All models are pre-
trained on OpenWebText by 1M steps with sequence length 128 using ELECTRA (Clark et al., 2020) pre-training
objective.

4.2 Implementation Details

Model Size Similar to Devlin et al. (2019), Clark
et al. (2020) and Jiang et al. (2020), we define dif-
ferent model sizes, i.e., “small”, “medium” and
“base”, with the same layer number of 24 but dif-
ferent hidden sizes of 256, 384, and 768, respec-
tively. The detailed hyperparameters are shown in
Appendix.

Pre-training Supernet To reduce training cost,
we construct the supernet only in small size. Since
the layer number of models in medium and base
sizes are the same as that of the small-sized one,

the obtained architecture of LV-BERT-small can
be easily scaled up to the ones of medium and
base sizes. We use Adam (Kingma and Ba, 2015)
to pre-train the supernet with MLM loss (Devlin
et al., 2019) , learning rate of 2e-4, batch size of
128, max sequence length of 128 and pre-training
step number of 2 million. See Appendix for more
details.

Evaluation Setup To compare with other pre-
trained models, we pre-train the searched LV-BERT
architecture for 1M steps from scratch on the Open-
WebText (Gokaslan and Cohen, 2019) using Re-
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placed Token Detection (Clark et al., 2020) since
it can save computation cost. We fine-tune LV-
BERT on GLUE (Wang et al., 2018) and SQuAD
(Rajpurkar et al., 2016, 2018) downstream tasks
with most hyperparameters the same as those of
ELECTRA (Clark et al., 2020) for fair compari-
son. For GLUE tasks, the evaluation metrics are
Matthews correlation for CoLA, Spearman correla-
tion for STS, and accuracy for other tasks, which
are averaged to get GLUE score. We utilize eval-
uation metrics of Exact-Match (EM) and F1 for
SQuAD 1.1/2.0. Some of the fine-tuning datasets
are small, and consequently, the results may vary
substantially for different random seeds. Similar
to ELECTRA (Clark et al., 2020), we report the
median of 10 fine-tuning runs from the same pre-
trained model for each result. See Appendix for
more evaluation details.

4.3 Ablation Study

Layer Variety Various models are constructed
with different layer variety designs, and their re-
sults on GLUE development set are shown in Table
1. For the layer types, if only two layer types are
provided, selecting self-attention and feed-forward
yields the best result, which can always achieve
performance higher than 80 under different search
methods. With only dynamic convolution and feed-
forward, the performance drops dramatically to
around 65. Surprisingly, without feed-forward, the
layer set of dynamic convolution and self-attention
can still achieve relatively good score, near 80.
When using all the three layer types, we can ob-
tain the best 81.8 score, 1.4 higher than the strong
baseline ELECTRA (80.4) and 0.6 higher than the
model searched with only self-attention and feed-
forward (81.2). This indicates that it is effective
to augment the layer type set by including convo-
lution to extract local information for pre-trained
models.

For layer orders, with the same layer types, the
models with either EA or randomly searched or-
ders perform better than those with randomly sam-
pled orders, reflecting the importance of investi-
gating layer orders. For example, with the same
layer types of self-attention and feed-forward, the
EA searched model obtains 81.2 score, improving
BERT/ELECTRA by 6.1/0.8 as well as Sandwich
by 2.6.

Search Method Table 1 shows the results with
different search methods. “Random” means for
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Figure 3: The pre-training MLM validation accuracy
comparison between random search and evolutionary
search with the layer set of all three types of layers.
Blue and yellow dots denote the accuracy of top 10 can-
didates for each method respectively, while the plots
mean their averages.

each design of layer type set, the order is the
best one among 5 randomly generated orders that
are estimated by training models from scratch.
“Randomly searched” and “EA searched” are both
supernet-based methods, in which the weights of
candidate models are inherited from the supernet.
“Randomly searched” produces candidate models at
random for estimation while “EA searched” gener-
ates candidate models with evolutionary algorithm
guided by the pre-training MLM accuracy. With
the same layer types, EA searched orders are gener-
ally better than randomly searched ones while the
randomly searched ones are generally better than
random ones. Figure 3 plots the pre-trianing MLM
evaluation accuracy over search iterations with both
random and evolutionary search methods. It shows
that the accuracy of evolutionary search is obvi-
ously higher than that of random search, demon-
strating the effectiveness of evolutionary search.

4.4 LV-BERT Architecture
As shown in Table 1, LV-BERT achieves the best
performance. Its architecture is

[LDC
1 , LDC

2 , LSA
3 , LFF

4 , LFF
5 , LSA

6 ,

LDC
7 , LFF

8 , LFF
9 , LSA

10 , L
DC
11 , L

DC
12 ,

LSA
13 , L

FF
14 , L

DC
15 , L

FF
16 , L

SA
17 , L

DC
18 ,

LFF
19 , L

DC
20 , L

SA
21 , L

SA
22 , L

FF
23 , L

SA
24 ].

(8)

Pre-trained with MLM from scratch by 1M steps
(sequence length 128) on OpenWebText, LV-BERT-
small can achieve 61.2% MLM accuracy while
BERT-small is 60.4%. More specific architectures
of the models in Table 1 are listed in Appendix.
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Model Train FLOPs Params CoLA MPRC MNLI SST RTE QNLI QQP STS Avg.
TinyBERT* (Jiao et al., 2020) 6.4e19+ (54x+) 15M 51.1 82.6 84.6 93.1 70.0 90.4 89.1 83.7 80.6
MobileBERT* (Sun et al., 2020) 6.4e19+ (54x+) 25M 51.1 84.5 84.3 92.6 70.4 91.6 88.3 84.8 81.0
ELECTRA-small (Clark et al., 2020) 1.4e18 (1.2x) 14M 54.6 83.7 79.7 89.1 60.8 87.7 88.0 80.2 78.0
GPT (Radford et al., 2018) 4.0e19 (33x) 117M 45.4 75.7 82.1 91.3 56.0 88.1 88.5 80.0 75.9
BERT-base (Devlin et al., 2019) 6.4e19 (54x) 110M 52.1 84.8 84.6 93.5 66.4 90.5 89.2 85.8 80.9
ELECTRA-base (Clark et al., 2020) 6.4e19 (54x) 110M 59.7 86.7 85.8 93.4 73.1 92.7 89.1 87.7 83.5
LV-BERT-small 1.2e18 (1x)† 13M 57.2 84.1 81.0 90.4 64.6 88.9 88.2 83.8 79.8
LV-BERT-medium 3.1e18 (2.6x)† 23M 60.1 85.0 82.0 91.4 67.6 89.7 88.9 85.9 81.3
LV-BERT-base 1.8e19 (15x)† 100M 64.0 87.9 86.4 94.7 77.0 92.6 89.5 88.8 85.1

Table 3: Performance of models with similar size on GLUE testing set. * denotes knowledge distillation methods
that rely on large pre-trained teacher models and are orthogonal to other methods. † We set the sequence length as
128 for pre-training to save computation although it hurts the performance.

Model Train FLOPs Params SQuAD 1.1 SQuAD 2.0
EM F1 EM F1

DistillBERT* (Sanh et al., 2019) 6.4e19+ (54x+) 52M 71.8 81.2 60.6 64.1
TinyBERT* (Jiao et al., 2020) 6.4e19+ (54x+) 15M 72.7 82.1 65.3 68.8
MobileBERT* (Sun et al., 2020) 6.4e19+ (54x+) 25M 83.4 90.3 77.6 80.2
ELECTRA-small† (Clark et al., 2020) 1.4e18 (1.2x) 14M 74.3 81.8 66.8 69.4
BERT-base (Devlin et al., 2019) 6.4e19 (54x) 110M 80.7 88.4 74.2 77.1
ELECTRA-base (Clark et al., 2020) 6.4e19 (54x) 110M 84.5 90.8 80.5 83.3
LV-BERT-small 1.2e18 (1x)‡ 13M 77.1 84.1 71.0 73.7
LV-BERT-medium 3.1e18 (2.6x)‡ 23M 79.6 86.4 74.9 77.5
LV-BERT-base 1.8e19 (15x)‡ 100M 84.8 90.8 80.9 83.7

Table 4: Performance of models with similar model size on SQuAD 1.1/2.0 development set. * denotes knowledge
distillation methods that rely on large pre-trained teacher models and are orthogonal to other methods. † denotes
results obtained by running official code. ‡ We set the sequence length as 128 for pre-training to save computation
although it hurts the performance.

When running the evolutionary method with dif-
ferent seeds, we see that the resulting models pre-
fer stacking dynamic convolutions at the bottom
two layers for extracting local information and
self-attention at the top layer to fuse the global
information. According to these observation, for
ELECTRA-small, if we replace the bottom two lay-
ers with dynamic convolutions or the top layer with
self-attention, the performance can be improved by
0.3 or 0.5 respectively on GLUE development set.
If we replace the bottom 8 layers with manually
designed ‘ccsfccsf’ (‘c’, ‘s’ and ‘f’ denote dynamic
convolution, self-attention and feed-forward layers,
respectively) and replace the top 8 layers with man-
ually designed ‘ssfsssfs’ together, we observe 0.7
performance improvement. These results show that
it is helpful to stack dynamic convolution at the
bottom and self-attention at the top.

4.5 Generalization to Larger Models

We only investigate layer variety and search mod-
els in a small-sized setting to save computation
cost. It is interesting to know whether the searched
models can be generalized to larger models with
large hidden size. The results are shown in Table

2. For larger model size “medium” and “base”,
LV-BERTs still outperform other baseline models,
demonstrating the good generalization in terms of
model size.

4.6 Comparison with State-of-the-arts

We compare LV-BERT with state-of-the-art pre-
trained models (Radford et al., 2018; Devlin et al.,
2019; Clark et al., 2020; Sanh et al., 2019; Jiao
et al., 2020; Sun et al., 2020) on GLUE testing
set and SQuAD 1.1/2.0 to show its advantages.
Although more pre-training data/steps and lager
model size can significantly help improve perfor-
mance (Yang et al., 2019; Liu et al., 2019b; Lan
et al., 2020), due to the computation resource limit,
we only pre-train our models in small/medium/base
sizes for 1M steps with OpenWebText (Gokaslan
and Cohen, 2019). We leave evaluating models
with more pre-training data/steps and larger model
size for future work. We also list some knowl-
edge distillation methods for comparison. How-
ever, note that these methods rely on a pre-trained
large teacher network and thus are orthogonal to
LV-BERT and other methods.

Table 3 presents the performance of LV-BERT
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and other pre-trained models on GLUE testing
set. It shows that LV-BERT outperforms other
pre-trained models with similar model size. Re-
markably, LV-BERT-small/base achieve 79.8/85.1,
1.8/1.6 higher than strong baselines ELECTRA-
small/base. Even compared with knowledge distil-
lation based model MobileBERT (Sun et al., 2020),
LV-BERT-medium still outperforms it by 0.3.

Since there is nearly no single model submis-
sion on SQuAD leaderboard2, we only compare
LV-BERT with other pre-trained models on the
development sets. The results are shown in Ta-
ble 4. We find that LV-BERT-small outperforms
ELECTRA-small significantly, like F1 score 73.7
versus 69.4 on SQuAD 2.0. However, when we
generalize LV-BERT-small to base size, the gap
between LV-BERT and ELECTRA with base size
is narrower than that with small size. One reason
may be LV-BERT-small is searched by our method
while LV-BERT-base is only generalized from LV-
BERT-small with larger hidden size.

5 Conclusion

We are the first to exploit layer variety for im-
proving pre-trained language models, from two
aspects, i.e., layer types and layer orders. For layer
types, we augment the layer type set by including
convolution for local information extraction. For
layer orders, beyond the stereotyped interleaved
one, we explore more effective orders by using an
evolutionary based search algorithm. Experiment
results show our obtained model LV-BERT out-
performs BERT and its variants on various down-
stream tasks.
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A Details about Layer Types

For a layer, assume its input is I ∈ Rs×c and out-
put is O ∈ Rs×c, where s is the sequence length
and c is the hidden size (channel dimension). For
simplicity, c takes the same value for the input and
output.

Self-Attention The self-Attention layer, also
known as multi-head self-attention (Vaswani et al.,
2017), transforms the input by three linear trans-
formations into the key K, query Q and value V
vectors respectively,

K = Reshape(IWK + bK)

Q = Reshape(IWQ + bQ)

V = Reshape(IWV + bV),

(9)

where K,Q, V ∈ Rh×s×d, WK,WQ,WV ∈
Rc×c, and bK, bQ, bV ∈ Rc. Notice that h× d = c
where h is the number of heads and d is the head
dimension.

The above K and Q are used to compute their
similarity matrix M which is then used to generate

new value V ′:

M = Softmax(KQ>/
√
d)

V ′ = Reshape(MV ),
(10)

where M ∈ Rh×s×s and V ′ ∈ Rs×c. Finally, a
linear transformation is used to exchange informa-
tion between different heads, followed by shortcut
connection and layer normalization,

O = Norm(V ′WO + bO + I), (11)

where WO ∈ Rc×c and bO ∈ Rc.

Feed-Forward The feed-forward layer (Vaswani
et al., 2017) includes two linear transformations
with a non-linear activation, followed by a shortcut
connection and layer normalization,

N = GELU(IW1 + b1)

O = Norm(NW2 + b2 + I),
(12)

where W1 ∈ Rc×rc and W2 ∈ Rrc×c with a ratio r.
GELU(·) denotes the Gaussian Error Linear Unit
(Hendrycks and Gimpel, 2016).

Dynamic Convolution Dynamic convolution is
introduced by Wu et al. (2018) to replace self-
attention, which shows strong competitiveness in
the tasks of machine translation, language model-
ing and summarization. The dynamic convolution
first uses gated linear unit (GLU) (Dauphin et al.,
2017) to generate new representation,

V = GLU(I). (13)

Different from the vanilla dynamic convolution that
directly generates dynamic kernel from V ∈ Rs×c,
in this work, we supplement a separate convolu-
tion (Howard et al., 2017) with depthwise weights
WDep ∈ Rk×c (k is the convolution kernel size,
set as 9 in this paper) and pointwise weights
WPoi ∈ Rc×c to extract local information to help
the following kernel generation. Denoting the out-
put as S ∈ Rs×c, the separate convolution can be
formulated as

Si,: =




k∑

j=1

WDep
j,: · Vi+j− k+1

2
,:


WPoi. (14)

Then the output of separate convolution is used to
generate dynamic kernels,

D = Softmax(Reshape(SWDyn)), (15)
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where WDyn ∈ Rc×hk and D ∈ Rh×s×k. Then
lightweight convolution is applied to the reshaped
V ′ = Reshape(V ) ∈ Rh×s×d. The output C ∈
Rh×s×d can be expressed as

Cp,i,: =

k∑

j=1

Dp,i,j · V ′p,i+j− k+1
2
,:
. (16)

Finally, C is reshaped to C ′ = Reshape(C) ∈
Rs×c and a linear transformer is applied to fuse the
information among multiple heads, followed by a
short connection and layer normalization,

O = Norm(C ′WOut + bOut + I), (17)

where WOut ∈ Rc×c and bOut ∈ Rc.

B Details about Datasets

B.1 GLUE Dataset
Introduced by Wang et al. (2018), General Lan-
guage Understanding Evaluation (GLUE) bench-
mark is a collection of nine tasks for natural lan-
guage understanding, where testing set labels are
hidden and predictions need to be submitted to the
evaluation server3. We provide details about the
GLUE tasks below.

CoLA The Corpus of Linguistic Acceptability
(Warstadt et al., 2019) is a binary single-sentence
classification dataset for predicting whether an sen-
tence is grammatical or not. The samples are from
books and journal articles on linguistic theory.

MRPC The Microsoft Research Paraphrase Cor-
pus (Dolan and Brockett, 2005) is a dataset for the
task to predict whether two sentences are semanti-
cally equivalent or not. It is extracted from online
news sources with human annotations.

MNLI The Multi-Genre Natural Language Infer-
ence Corpus (Williams et al., 2018) is a dataset of
sentence pairs. Each pair has a premise sentence
and a hypothesis sentence, requiring models to pre-
dict its relationships containing ententailment, con-
tradiction or neutral. It is from ten distinct genres
of spoken and written English.

SST The Stanford Sentiment Treebank (Socher
et al., 2013) is a dataset for the task to predict
whether a sentence is positive or negative in sen-
timent. The dataset is from movie reviews with
human annotations.

3https://gluebenchmark.com

Hyperparameter Supernet Small Medium Base
Layer number 24 24 24 24
Word emb. size 128 128 128 768
Hidden size 256 256 384 768
FF inner hidden size 1024 1024 1536 3072
Generator size N/A 1/4 1/3 1/3
Head number 4 4 6 12
Head size 64 64 64 64
Learning rate 2e-4 5e-4 5e-4 2e-4
Learning rate decay Linear Linear Linear Linear
Warmup steps 10000 10000 10000 10000
Adam ε 1e-6 1e-6 1e-6 1e-6
Adam β1 0.9 0.9 0.9 0.9
Adam β2 0.999 0.999 0.999 0.999
Dropout 0.1 0.1 0.1 0.1
Batch size 128 128 128 256
Input sequence length 128 128 128 128

Table 5: Pre-training hyperparameters. Generator size
means the multiplier for hidden size, feed-forward in-
ner hidden size and head number to construct genera-
tor for Replaced Token Detection pre-trianing objective
(Clark et al., 2020).

Hyperparameter Value

Learning rate
3e-4 for small/medium size
1e-4 (except 2e-4 for SQuAD)
for base size

Adam ε 1e-6
Adam β1 0.9
Adam β2 0.999
Layerwise LR decay 0.8 for every two layers
Learning rate decay Linear
Warmup fraction 0.1
Attention Dropout 0.1
Dropout 0.1
Weight eecay 0.01
Batch size 32

Train epochs
10 for RTE and STS,
2 for SQuAD,
and 3 for other tasks

Table 6: Fine-tuning hyperparameters.

RTE The Recognizing Textual Entailment (RTE)
dataset is for the task to determine whether the
relationship of a pair of premise and hypothesis
sentences is entailment. The dataset is from sev-
eral annual textual entailment challenges including
RTE1 (Dagan et al., 2005), RTE2 (Haim et al.,
2006), RTE3 (Giampiccolo et al., 2007), and RTE5
(Bentivogli et al., 2009).

QNLI Question Natural Language Inference is
a dataset converted from The Stanford Question
Answering Dataset (Rajpurkar et al., 2016). An ex-
ample is a pair of a context sentence and a question,
requiring to predict whether the context sentence
contains the answer to the given question.

QQP The Quora Question Pairs dataset (Chen
et al., 2018) is the dataset from Quora, requiring to
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Model Layer Variety Architecture GLUE
DC SA FF Order

BERT-small X X Interleaved [1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2] 75.1
ELECTRA-small X X Interleaved [1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2] 80.4
DynamicConv-small* X X Interleaved [0, 2, 0, 2, 0, 2, 0, 2, 0, 2, 0, 2, 0, 2, 0, 2, 0, 2, 0, 2, 0, 2, 0, 2] 64.4
Sandwich-small* X X Sandwich [1, 1, 1, 1, 1, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 1, 2, 2, 2, 2, 2, 2] 78.6

LV-BERT-small variants

X X Random [1, 1, 1, 2, 2, 1, 2, 2, 2, 1, 1, 2, 2, 2, 1, 1, 1, 1, 2, 2, 2, 2, 1, 1] 80.8
X X Randomly searched [1, 2, 1, 1, 2, 2, 1, 2, 1, 2, 2, 1, 2, 2, 2, 1, 1, 2, 2, 1, 1, 2, 2, 1] 81.1
X X EA searched [1, 2, 1, 2, 2, 1, 2, 2, 1, 2, 2, 1, 2, 1, 2, 2, 1, 2, 2, 1, 2, 1, 2, 2] 81.2

X X Random [2, 0, 0, 2, 2, 0, 0, 2, 2, 2, 0, 2, 2, 0, 0, 0, 2, 2, 0, 2, 2, 0, 0, 0] 64.9
X X Randomly searched [2, 2, 0, 2, 2, 0, 2, 2, 2, 0, 0, 2, 2, 0, 0, 0, 0, 2, 0, 0, 2, 0, 0, 2] 65.4
X X EA searched [0, 0, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 0, 0, 0, 0, 0, 0, 0, 2, 0, 0, 0, 2] 65.7
X X Random [0, 1, 1, 0, 1, 1, 0, 0, 1, 0, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 1, 1, 1] 79.7
X X Randomly searched [0, 1, 0, 1, 0, 1, 0, 1, 0, 0, 0, 1, 0, 0, 0, 1, 0, 1, 0, 1, 1, 0, 1, 0] 79.9
X X EA searched [0, 1, 0, 0, 0, 1, 1, 0, 1, 0, 0, 1, 0, 0, 1, 0, 0, 1, 0, 0, 1, 0, 0, 1] 79.8
X X X Random [1, 1, 0, 0, 0, 0, 1, 1, 0, 1, 1, 0, 2, 2, 2, 1, 0, 1, 0, 1, 0, 2, 2, 1] 80.6
X X X Randomly searched [1, 1, 0, 2, 0, 1, 2, 0, 2, 2, 1, 2, 0, 1, 2, 0, 2, 2, 0, 0, 1, 1, 2, 1] 80.9

LV-BERT-small X X X EA searched [0, 0, 1, 2, 2, 1, 0, 2, 2, 1, 0, 0, 1, 2, 0, 2, 1, 0, 2, 0, 1, 1, 2, 1] 81.8

Table 7: Architectures of different models and their performance on GLUE development set. In Architecture
column, 0, 1, and 2 denote dynamic convolution, self-attention, and feed-forward layers respectively * denotes
methods implemented by us for language pre-training.

determine whether a pair of questions are semanti-
cally equivalent or not.

STS The Semantic Textual Similarity Bench-
mark (Cer et al., 2017) is a collection of sentence
pairs with human-annotated similarity score on a
1-5 scare.

WNLI Winograd NLI (Levesque et al., 2012)
is a small dataset for natural language inference.
However, there are issues with the construction of
this dataset4. Therefore, this dataset is exclude in
this paper for comparison as BERT (Devlin et al.,
2019) etc.

B.1.1 SQuAD dataset
The Stanford Question Answering Dataset
(SQuAD 1.1) (Rajpurkar et al., 2016) is a dataset
of more than 100K questions which all can be
answered by locating a span of text from the
corresponding context passage. Besides this data,
the upgraded version SQuAD 2.0 (Rajpurkar et al.,
2018) supplements it with over 50K unanswerable
questions.

C Pre-training Details

For supernet, We pre-train it for 2M steps with
hyperparameters listed in Table 5, using Masked
Language Modeling (MLM) pre-training objective
(Devlin et al., 2019). This objective masks 15%
input tokens that require the model to predict. The
reason to use this objective is that the MLM valida-

4https://gluebenchmark.com/faq

tion accuracy can reflect the performance of models
on downstream tasks (Lan et al., 2020).

For pre-training LV-BERTs and other compared
baselines like DynamicConv (Wu et al., 2018) and
Sandwich (Press et al., 2020) from scratch, we uti-
lize Replaced Token Detection (RTE) pre-training
objective (Clark et al., 2020). This objective em-
ploys a small generator to predict masked tokens
and utilize a larger discriminator to determine pre-
dicted tokens from the generator are the same as
original ones or not. RTE can help save compu-
tation cost but achieve good performance (Clark
et al., 2020). We pre-train the models for 1M steps,
mostly using the same hyperparameters as ELEC-
TRA (Clark et al., 2020). We set the pre-training
sequence length 128 that can help us save computa-
tion cost. For downstream task SQuAD 1.1/2.0 that
needs longer input sequence length, we pre-train
more 10% steps with the sequence length of 512
to learn the position embedding before fine-tuning.
The hyperparameters are listed in Table 5.

D Fine-tuning Details

For fine-tuning on downstream tasks, most of the
hyperparameters are the same as ELECTRA (Clark
et al., 2020). See Table 6.

E Searched Architectures

The different searched architectures are listed in
Table 7.
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Abstract

Event detection tends to struggle when it needs
to recognize novel event types with a few sam-
ples. The previous work attempts to solve this
problem in the identify-then-classify manner
but ignores the trigger discrepancy between
event types, thus suffering from the error prop-
agation. In this paper, we present a novel
unified model which converts the task to a
few-shot tagging problem with a double-part
tagging scheme. To this end, we first pro-
pose the Prototypical Amortized Conditional
Random Field (PA-CRF) to model the label
dependency in the few-shot scenario, which
approximates the transition scores between la-
bels based on the label prototypes. Then Gaus-
sian distribution is introduced for modeling
of the transition scores to alleviate the un-
certain estimation resulting from insufficient
data. Experimental results show that the uni-
fied models work better than existing identify-
then-classify models and our PA-CRF further
achieves the best results on the benchmark
dataset FewEvent. Our code and data are avail-
able at http://github.com/congxin95/

PA-CRF.

1 Introduction

Event detection (ED) systems extract events of
specific types from the given text. Traditionally,
researchers use pipeline approaches (Ahn, 2006)
where a trigger identification (TI) system is used
to identify event triggers in a sentence and then a
trigger classifier (TC) is used to find the event types
of extracted triggers. Such a framework makes the
task easy to conduct but ignores the interaction and
correlation between the two subtasks, being suscep-
tible to cascading errors. In the last few years, sev-
eral neural network-based models were proposed
to jointly identify triggers and classify event types
from a sentence (Chen et al., 2015; Nguyen and

∗Corresponding Author

Marry It served as the location of Bogart's [wedding] to Bacall.

E-Mail If you have a better idea, please [e-mail] me.

Figure 1: An example from FewEvent dataset revealing
the trigger discrepancy. “[·]” marks the event trigger.

Grishman, 2015, 2018; Liu et al., 2018; Yan et al.,
2019; Cui et al., 2020b,a). These models have
achieved promising performance and proved the
effectiveness of solving ED in the joint framework.
But they almost followed the supervised learning
paradigm and depended on the large-scale human-
annotated dataset, while new event types emerge
every day and most of them suffer from the lack of
sufficient annotated data. In the case of insufficient
resources, existing joint models cannot recognize
the novel event types with only few samples, i.e.,
Few-Shot Event Detection (FSED).

One intuitive way to solve this problem is to first
identify event triggers in the conventional way and
then classify the event types based on the few-shot
learning (Vinyals et al., 2016; Snell et al., 2017;
Sung et al., 2018), these two subtasks can be trained
jointly by parameter sharing. Such identify-then-
classify paradigm (Deng et al., 2020) seems to be
convincing because TI aims to recognize triggers
and does not need to adapt to novel classes, so
we just need to solve the TC in the few-shot man-
ner. Unfortunately, our preliminary experiments
reveal that TI tends to struggle when recognizing
triggers of novel event types because novel events
usually contain completely different triggers with
the semantic distinction from the known events, i.e.,
Trigger discrepancy problem. Figure 1 gives an
example that the trigger “e-mail” would only occur
in event E-Mail but not in Marry and triggers of two
events have disparate context. And experiments on
FewEvent (a benchmark dataset for FSED) show
that 59.21% triggers in the test set do not trigger
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any events in the training set and the F1 score of TI
with the SOTA TI model BERT-tagger (Yang et al.,
2019) is only 31.06%. Thus, the performance of
the identify-then-classify paradigm will be limited
by the TI part due to the cascading errors.

In this paper, we present a new unified method
to solve FSED. Specifically, we convert this task to
a sequence labeling problem and design a double-
part tagging scheme using trigger and event parts
to describe the features of each word in a sentence.
The key to the sequence labeling framework is to
model the dependency between labels. Conditional
Random Field (CRF) is a popular choice to cap-
ture such label dependency by learning transition
scores of fixed label space in the training dataset.
Nevertheless, in FSED, CRF cannot be applied di-
rectly due to the label discrepancy problem, that
is the label space of the test set is non-overlapping
with the training set since FSED aims to recognize
novel event types. Therefore, the learned transition
scores of CRF from the training set do not model
the dependency of the novel labels in the test set.

To address the label discrepancy problem,
we propose Prototypical Amortized Conditional
Random Field (PA-CRF), which approximates
the transition scores based on the label proto-
types (Snell et al., 2017) instead of learning by
optimization. Specifically, we first apply the self-
attention mechanism to capture the dependency
information between labels and then map the la-
bel prototype pairs to the corresponding transition
scores. In this way, PA-CRF can produce label-
specific transition scores based on the few support-
ive samples, which can adapt to arbitrary novel
event types. However, predicting the transition
score as a single fixed value actually acts as the
point estimation, which usually acquires a large
amount of annotated data to achieve accurate es-
timation. Estimated from the handful of samples,
the transition scores may suffer from the statisti-
cal uncertainty due to the random fluctuation of
scant data. To release this issue, inspired by varia-
tional inference (Kingma and Welling, 2014; Yoon
et al., 2018; Gordon et al., 2019), we treat the tran-
sition score as the random variable and utilize the
Gaussian distribution to approximate its distribu-
tion to model the uncertainty. Thus, our PA-CRF
is to estimate the parameters of the Gaussian dis-
tribution rather than the transition scores directly,
i.e., in the amortized manner (Kingma and Welling,
2014; Gordon et al., 2019). The Probabilistic In-

ference (Gordon et al., 2019) is employed based
on the Gaussian distribution to make the inference
robust by taking the possible perturbation of tran-
sition scores into account since the perturbation is
also learned in a way that coherently explains the
uncertainty of the samples.

To summarize, our contributions are as follows:

• We devise a tagging-based unified model for
FSED. To the best of our knowledge, we are
the first to solve this task in a unified manner,
free from the cascading errors.

• We propose a novel model, PA-CRF, which
estimates the distributions of transition scores
for modeling the specific label dependency in
the few-shot sequence labeling setting.

• Experimental results show that our proposed
PA-CRF outperforms other competitive base-
lines on the FewEvent dataset. Further anal-
yses show the effectiveness of our unified
model and the limitation of the identify-then-
classify models.

2 Related Work

Few-shot Event Detection Event Detection
(ED) aims to recognize the specific type of events
in a sentence. In recent years, various neural-based
models have been proposed and achieved promis-
ing performance in ED (Chen et al., 2015; Nguyen
and Grishman, 2015, 2018; Liu et al., 2018; Yan
et al., 2019; Cui et al., 2020b). Chen et al. (2015)
and Nguyen and Grishman (2015) proposed the
convolution architecture to capture the semantic
information in the sentence. Nguyen et al. (2016)
introduced the recurrent neural network to model
the sequence contextual information of words. Re-
cently, GCN-based models (Nguyen and Grishman,
2018; Liu et al., 2018; Yan et al., 2019; Cui et al.,
2020b) have been proposed to exploit the syntactic
dependency information and achieved state-of-the-
art performance. However, all these models are
data-hungry, limiting dramatically their usability
and deployability in real-world scenarios.

Recently, there has been an increasing research
interest in solving event detection in the few-shot
scenarios (Deng et al., 2020; Lai et al., 2020a,b), by
exploiting the Few-Shot Learning (Vinyals et al.,
2016; Snell et al., 2017; Finn et al., 2017; Sung
et al., 2018; Cong et al., 2020). Lai et al. (2020a)
proposed LoLoss which splits the part of the sup-
port set to act as the auxiliary query set to train the
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model. Lai et al. (2020b) introduced two regulariza-
tion matching losses to improve the performance
of models. These works only focus on the few-
shot trigger classification which classifies the event
type of the annotated trigger according to the con-
text based on few samples. This is unrealistic as
triggers of novel events are predicted by some ex-
isting toolkits in advance. Deng et al. (2020) first
proposed the benchmark dataset, FewEvent, for
FSED and designed the DMBPN based on the dy-
namic memory networks. They train a conventional
trigger identifier and a few-shot trigger classifier
jointly and evaluated the model performance in the
identify-then-classify paradigm. Moreover, our pre-
liminary experiments reveal that the conventional
trigger identification model tends to struggle when
recognizing triggers of novel event types because
of the trigger discrepancy between different event
types. Thus, errors of the trigger identifier might
be propagated to the event classification. Different
from the previous identify-then-classify framework,
for the first time, we solve Few-Shot Event Detec-
tion with two subtasks in a unified manner.

Few-shot Sequence Labeling In recent years,
several works (Fritzler et al., 2019; Hou et al., 2020;
Yang and Katiyar, 2020) have been proposed to
solve the few-shot named entity recognition using
sequence labeling methods. Fritzler et al. (2019)
applied the vanilla CRF in the few-shot scenario
directly. Hou et al. (2020) proposed a collapsed
dependency transfer mechanism (CDT) into CRF,
which learns label dependency patterns of a set of
task-agnostic abstract labels and utilizes these pat-
terns as transition scores for novel labels. Yang and
Katiyar (2020) trains their model on the training
data in a standard supervised learning manner and
then uses the prototypical networks and the CDT
for prediction in the inference phase. Different
from these methods learning the transition scores
by optimization, we build a network to generate
the transition scores based on the label prototypes
instead. In this way, we can generate exact label-
specific transition scores of arbitrary novel event
types to achieve adaptation ability. And we further
introduce the Gaussian distribution to estimate the
data uncertainty. Experiments prove the effective-
ness of our method over the previous methods.

3 Problem Formulation

We convert event detection to a sequence labeling
task. Each word is assigned a label that contributes

to detecting the events. Labels consist of two parts:
the word position in the trigger and the event type.
We use the “BI” (Begin, Inside) signs to represent
the position information of a word in the event
trigger. The event type information is obtained
from a predefined set of events. Label “O” (Other)
means that the corresponding word is independent
of the target events. Thus, the total number of labels
is 2N + 1 (N for B-EventType, N for I-EventType,
and an additional O label), where N is the number
of predefined event types.

Furthermore, we formulate the Few-Shot Event
Detection in the typical N -way-K-shot paradigm.
Let x = {w1, w2, . . . , wn} denote an n-word
sequence, and y = {y1, y2, . . . , yn} denote the
label sequence of the x. Given a support set
S = {(x(i),y(i))}N×Ki=1 which contains N event
types and each event type has only K instances,
FSED aims to predict the labels of a unlabeled
query set Q based on the support set S. Formally,
a {S,Q} pair is called a N -way-K-shot task T .
There exist two datasets consisting of a set of tasks
: Dtrain = {T (i)}Mtrain

i=1 and Dtest = {T (i)}Mtest
i=1

where Mtrain and Mtest denote the number of the
task in two datasets respectively. As the name sug-
gests, Dtrain is used to train models in the training
phase while Dtest is for evaluation. It is noted
that these two datasets have their own event types,
which means that the label space of two datasets is
disjoint with each other.

4 Methodology

4.1 Overview

As described above, we formulate FSED as the
few-shot sequence labeling task with interdepen-
dent labels. Following the widely used CRF frame-
work, we propose a novel PA-CRF model to model
such label dependency in the few-shot setting, and
decode the best-predicted label sequence. Our PA-
CRF contains three modules: 1) Emission Module:
It first computes the prototype of each label based
on the support set, and then calculates the similar-
ity between prototypes and each token in the query
set as the emission scores. 2) Transition Module:
It exploits the prototypes to generate the parame-
ters of Gaussian distribution of the transition scores
for decoding. 3) Decoding Module: Based on the
emission scores and Gaussian distributed transition
scores, the Decoding Module calculates the prob-
abilities of possible label sequences for the given
query set and decodes the predicted label sequence.
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Figure 2: Architecture of our proposed PA-CRF. It consists of three modules: a) Emission Module calculates the
emission scores for the query instance based on the prototypes derived from the support set. b) Transition Module
generates the Gaussian distributed transition scores with respect to prototypes. c) Decoding Module exploits the
emission scores and approximated Gaussian distributed transition scores to decode the predicted label sequence
with the Monte Carlo Sampling.

Figure 2 gives an illustration of PA-CRF. We detail
each component from the bottom to the top.

4.2 Emission Module

The Emission Module assigns the emission scores
to each token of sentences in the query set Q with
regard to each label based on the support set S .

4.2.1 Base Encoder

Base Encoder aims to embed tokens in both support
set S and query set Q into real-value embedding
vectors to capture the semantic information.

Since BERT (Devlin et al., 2019) shows its ad-
vanced ability to capture the sequence information
and has been widely used in NLP tasks recently,
we use it as the backbone. Given an input word
sequence x, BERT first maps all tokens into hid-
den embedding representations. We denote this
operation as:

{h1,h2, . . . ,hn} = BERT(x) (1)

where hi ∈ Rdh refers to the hidden representation
of token wi, dh is the dimension of the hidden
representation.

4.2.2 Prototype Layer
Prototype Layer is to derive the prototypes of each
label from the support set S. As described in the
problem formulation, we use the BIO schema to
annotate the event trigger and N event types could
contain 2N + 1 labels. Thus, indeed, we could
get 2N + 1 prototypes. Following the previous
work (Snell et al., 2017), we calculate the proto-
type of each label by averaging all the word rep-
resentations with that label in the support set S:

ci =
1

|S(yi)|
∑

w∈S(yi)
h, i = 1, 2, . . . , 2N + 1, (2)

where ci denotes the prototype for label yi, S(yi)
refers to the token set containing all words in the
support set S with label yi, h represents the corre-
sponding hidden representation of token w, and | · |
is the number of set elements.

4.2.3 Emission Scorer
Emission Scorer aims to calculate the emission
score for each token in the query set Q. The emis-
sion scores are calculated according to the similar-
ities between tokens and prototypes. The compu-
tation of the emission score of the label yi for the
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word wj is defined as:

fE(yi, wj ,S) = d(ci,hj), (3)

where d(·, ·) is the similarity function. In practice,
we choose the dot product operation to measure the
similarity.

Finally, given a word sequence x, the emission
score of the whole sentence with its corresponding
ground-truth label sequence y is computed as:

EMIT(y,x,S) =
n∑

i=1

fE(yi, wi,S). (4)

4.3 Transition Module
In vanilla CRF, the transition scores are learnable
parameters and optimized from large-scale data to
model the label dependency. However, in the few-
shot scenarios, the learned transition scores cannot
adapt to the novel label set due to the disjoint label
space. To overcome this problem, we use neural
networks to generate the transition scores based on
the label prototypes instead of learning transition
scores by optimization to achieve adaptation ability.
In this case, a problem needing to be solved is that
using few support instances with random data fluc-
tuation to generate transition scores would cause
uncertain estimation and result in wrong inference.
To model the uncertainty, we treat the transition
score as a random variable and use the Gaussian
distribution to approximate its distribution. Specif-
ically, the Transition Module is to generate the
distributional parameters (mean and variance) of
transition scores based on the label prototypes. It
consists of two layers: 1) Prototypical Interaction
Layer and 2) Distribution Approximator. Details
of each layer are listed in the following parts.

4.3.1 Prototype Interaction Layer
Since the transition score is to model the depen-
dency between labels, the individual prototype for
each event type with rare dependency information
is hard to generate their transition scores. Thus,
we propose a Prototype Interaction Layer which
exploits the self-attention mechanism to capture
the dependency between labels.

We first calculate the attention scores of each
prototype ci with others:

αij =
exp(c

(q)
i · c

(k)
j )

∑2N+1
m=1 exp(c

(q)
i · c

(k)
m )

, (5)

where c(q)i and c
(k)
i are transformed from ci by two

linear layers respectively:

c
(q)
i =W (q)ci + b(q)

c
(k)
i =W (k)ci + b(k)

(6)

Getting the attention scores, the prototype c̃i
with dependency information is calculated as fol-
lows:

c̃i =

2N+1∑

j=1

αijc
(v)
j , (7)

where c
(v)
i is also transformed linearly from ci:

c
(v)
i =W (v)ci + b(v) (8)

4.3.2 Distribution Approximator
This module aims to generate the mean and vari-
ance of Gaussian distributions based on the proto-
types with dependency information.

Given the label set Y with total 2N + 1 la-
bels, we first denote the transition score matrix
as Tr ∈ R(2N+1)×(2N+1) for all label pairs, and
denote the the i-th row j-th column element of
Tr as [Tr]ij which refers to the transition score
for i-th label transiting to j-th label in the label
set Y . As treating [Tr]ij as random variable, we
use the Gaussian distribution [T̃r]ij ∼ N (µij , σ

2
ij)

to approximate [Tr]ij , where N (·, ·) refers to the
Gaussian distribution. To estimate the mean µij
and variance σij of [T̃r]ij , we concatenate the cor-
responding prototypes c̃i and c̃j and feed into two
feed-forward neural networks respectively:

µij =W (µ) [c̃i‖c̃j ] + b(µ) (9)

σ2
ij = exp

(
W (σ2) [c̃i‖c̃j ] + b(σ

2)
)

(10)

where [·‖·] means the concatenation operation.
Given a label sequence y, the transition score of
the whole label sequence is approximated by:

TRANS(y, T̃r) =

n−1∑

i=1

[T̃r]I(yi)I(yi+1) (11)

where I(yi) refers to the label index in Y of yi.

4.4 Decoding Module
Decoding Module derives the probabilities for a
specific label sequence of the query set according
to the emission scores and approximated Gaussian
distributions of transition scores.

Since the approximated transition score is Gaus-
sian distributional and not a single value, we de-
note the probability density function of the approx-
imated transition score matrix as q(T̃r|S). Accord-
ing to the Probabilistic Inference (Gordon et al.,
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2019), the probability of label sequence y of a
word sequence x based on the support set S is
calculated as:

P (y|x,S) =
∫
P (y|x,S, T̃r)q(T̃r|S)dT̃r (12)

Following the CRF algorithm, the probability
can be calculated based on the Equation 4 and
Equation 11:

P (y|x,S) =
∫

1

Z
exp

(
EMIT(y,x,S) + TRANS(y, T̃r)

)
q(T̃r|S)dT̃r

(13)

where

Z =
∑

y′∈Y
exp

(
EMIT(y′,x,S) + TRANS(y′, T̃r)

)

(14)

and Y refers to all possible label sequences.
In the training phase, we use negative log-

likelihood loss as our objective function:

L = − E
(x,y)∼Q

[log P (y|x,S)] (15)

Due to the hardness to compute the integral of
Equation 13, in practice, we use the Monte Carlo
sampling technique (Gordon et al., 2019) to approx-
imate the integral. To make the sampling process
differentiable for optimization, we employ the repa-
rameterization trick (Kingma and Welling, 2014)
for each transition score [T̃r]ij :

[T̃r]ij = µij + εσij ,where ε ∼ N (0, 1) (16)

In the inference phase, the Viterbi algo-
rithm (Forney, 1973) is employed to decode the
best-predicted label sequence for the query set.

5 Experiment

5.1 Dataset
We conduct experiments on the benchmark
FewEvent dataset introduced in the previous
work (Deng et al., 2020), which is the currently
largest few-shot dataset for event detection. It
contains 70,852 instances for 100 event types and
each event type owns about 700 instances on av-
erage. Since Deng et al. (2020) do not share their
split train/dev/test set, we re-split the FewEvent in
the same ratio as Deng et al. (2020). We use 80
event types as the training set, 10 event types as
the dev set, and the rest 10 event types as the test
set. More statistics of FewEvent dataset are listed
in Appendix A.

5.2 Evaluation

We follow the evaluation metrics in previous event
detection works (Chen et al., 2015; Liu et al., 2018;
Cui et al., 2020b), an event trigger is marked correct
if and only if its event type and its offsets in the
sentence are both correct. We adopt the standard
micro F1 score to evaluate the results and report the
averages and standard deviations over 5 randomly
initialized runs.

6 Implementation Details

We employ BERT-BASE-UNCASED (Devlin et al.,
2019) as the base encoder. The maximum sentence
length is set as 128. Our model is trained using
AdamW optimizer with the learning rate of 1e-5.
All the hyper-parameters are tuned on the dev set
manually. In the training phase, we follow the
widely used episodic training (Vinyals et al., 2016)
in few-shot learning. Episodic training aims to
mimic N-way-K-shot scenario in the training phase.
In each epoch, we randomly sample N event types
from the training set and each event type randomly
sample K instances as support set and other M
instances as the query set. We train our model with
20,000 iterations on the training set and evaluate
its performance with 3,000 iterations on the test
set following the episodic paradigm. We run all
experiments using PyTorch 1.5.1 on the Nvidia
Tesla T4 GPU, Intel(R) Xeon(R) Silver 4110 CPU
with 256GB memory on Red Hat 4.8.3 OS.

6.1 Baselines

To investigate the effectiveness of our proposed
method, we compare it with a range of base-
lines and state-of-the-art models, which can
be categorized into three classes: fine-tuning
paradigm, identify-then-classify paradigm and uni-
fied paradigm.

Fine-tuning paradigm solves the FSED in the
standard supervised learning, i.e., pre-training on
the large scale dataset and fine-tuning on the hand-
ful target data. We adopt the state-of-the-art model,
PLMEE (Yang et al., 2019), of the standard ED
into the FSED directly.

Identify-then-classify models first perform
trigger identification (named as TI) and then clas-
sify the event types based on the few-shot learning
methods (named as FSTC). We investigate two
typed of identify-then-classify paradigms: sepa-
rate and multi-task. For the separate models, the
trigger identifier and few-shot trigger classifier are
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Paradigm Model 5-Way-5-Shot 5-Way-10-Shot 10-Way-5-Shot 10-Way-10-Shot

Fine-tuning PLMEE 4.43 ± 0.19 4.69 ± 0.85 2.52 ± 0.28 2.76 ± 0.55

Separate
LoLoss 30.14 ± 0.30 30.91 ± 0.29 29.33 ± 0.40 30.08 ± 0.39
MatchLoss 29.78 ± 0.14 30.75 ± 0.15 28.75 ± 0.23 29.59 ± 0.21

Multi-task
LoLoss 31.51 ± 1.56 31.70 ± 1.21 30.46 ± 1.38 30.32 ± 0.89
MatchLoss 30.44 ± 0.99 30.68 ± 0.78 28.97 ± 0.61 30.05 ± 0.93
DMBPN 37.51 ± 2.60 38.14 ± 2.32 34.21 ± 1.45 35.31 ± 1.69

Unified

Match 39.93 ± 1.67 46.02 ± 1.20 30.88 ± 1.08 35.91 ± 1.19
Proto 50.11 ± 0.77 52.97 ± 0.95 43.51 ± 1.16 42.70 ± 0.98
Proto-Dot 58.82 ± 0.88 61.01 ± 0.23 55.04 ± 1.62 58.78 ± 0.88
Relation 28.91 ± 1.13 29.83 ± 0.78 18.49 ± 1.25 21.47 ± 1.40

Vanilla CRF 59.01 ± 0.81 62.21 ± 1.94 56.00 ± 1.51 59.35 ± 1.09
CDT 59.30 ± 0.23 62.77 ± 0.12 56.41 ± 1.09 59.44 ± 1.83
StructShot 57.69 ± 0.91 61.54 ± 1.23 54.54 ± 0.95 57.14 ± 0.79

PA-CRF 62.25* ± 1.42 64.45* ± 0.49 58.48* ± 0.68 61.64* ± 0.81

Table 1: F1 scores (10−2) of different models on the FewEvent test set. Bold marks the highest number among
all models, underline marks the second-highest number, and ± marks the standard deviation. * marks statistically
significant improvements over the best baseline with p < 0.01 under a boostrap test.

trained separately without parameter sharing. We
first exploit the state-of-the-art BERT-tagger for
the TI task. It uses BERT (Devlin et al., 2019)
and a linear layer to tag the trigger in the sentence
as a sequence labeling task. Since TI just aims
to recognize the occurrence of the trigger, the la-
bel set only contains three labels: O, B-Trigger,
I-Trigger. For the FSTC task, we reimplement
two FSTC models: LoLoss (Lai et al., 2020a),
MatchLoss (Lai et al., 2020b). In the multi-task
models, we reimplement DMBPN (Deng et al.,
2020) and replace its encoder with BERT for the
fair comparison. DMBPN combines a conventional
trigger identification module and a few-shot trigger
classification module by parameter sharing. But in
the inference phase, it detects the event trigger still
in the identify-then-classify paradigm. Addition-
ally, we also provide the multi-task version of the
LoLoss and MatchLoss which are trained jointly
with BERT-tagger with shared BERT parameters.

Unified models perform few-shot event detec-
tion with a single model without task decomposi-
tion. Because we are the first to solve this task in
a unified way, there is no previous unified model
that can be compared. But for the comprehensive
evaluation of our proposed PA-CRF model, we also
construct two groups of variants of PA-CRF: non-
CRF models and CRF-based models. Non-CRF
models use emission scores to predict via softmax

and do not take the label dependency into consider-
ation. We implement four typical few-shot classi-
fiers: 1) Match (Vinyals et al., 2016) uses cosine
function to measure the similarity, 2) Proto (Snell
et al., 2017) uses Euclidean Distance as the sim-
ilarity metric, 3) Proto-Dot uses dot product to
compute the similarity, 4) Relation (Sung et al.,
2018) builds a two-layer neural networks to mea-
sure the similarity. Since CRF with the capacity
of modeling label dependency is widely used in
sequence labeling task, we implement three kinds
of CRF-based models as our baselines: 1) Vanilla
CRF (Fritzler et al., 2019): We adopt the vanilla
CRF in the FSED task without considering the
adaptation problem. 2) CDT (Hou et al., 2020):
As the SOTA of the few-shot NER task, we re-
implement it according to the official code and
adapt it in the FSED task to replace our Transition
Module. 3) StructShot (Yang and Katiyar, 2020):
It is also a few-shot NER model. It first pre-trains
on the training set and utilizes the prototypical net-
works and the CDT for prediction based on the
support set in the inference phase. For the fair com-
parison, the emission module of these CRF-based
baseline models is the same as our PA-CRF.

6.2 Main Results

Table 1 summarizes the results of our PA-CRF
against other baseline models on the FewEvent test
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set.

Comparison with fine-tuning model It is obvi-
ous that PLMEE performs poorly in all four few-
shot settings and all few-shot-based methods out-
perform it with an absolute gap, which powerfully
proves that the conventional supervised methods is
incapable of solving FSED.

Comparison with identify-then-classify mod-
els (1) Most of unified models (except Relation)
perform higher than all identify-then-classify mod-
els, especially for PA-CRF with huge gaps about
30%, proving the effectiveness of the unified frame-
work. (2) Comparing with the separate paradigm,
the multi-task paradigm is able to improve perfor-
mance but it still cannot catch up with the unified
paradigm. (3) DMBPN works better than other two
models but still works poorly to handle the FSED
due to the limitation of the TI. We will discuss the
bottleneck of the identify-then-classify paradigm
in Section 6.3.

Comparison with unified models (1) Over
the best non-CRF baseline model Proto-Dot, PA-
CRF achieves substantial improvements of 3.43%,
3.44%, 3.44% and 2.86% on four few-shot scenar-
ios respectively, which confirms the effectiveness
and rationality of PA-CRF to model the label depen-
dency. (2) Vanilla CRF performs better than other
non-CRF baseline methods, which demonstrates
that CRF is able to improve the performance by
modeling the label dependency, even if the learned
transition scores do not match the label space of the
test set. (3) Compared to Vanilla CRF, both CDT
and StructShot achieve slightly higher F1 scores, in-
dicating the transition scores of abstract BIO labels
can improve the model adaptation ability to some
extent. (4) CDT exceeds the StructShot since CDT
is trained based on the episodic training, which
makes it learns the class-agnostic token represen-
tations. (5) PA-CRF outperforms CDT (2.95%,
1.68%, 2.07% and 2.20% in four few-shot settings
respectively) with absolute gaps. We consider that
it is because CDT learning the transition scores
of the abstract labels cannot model the exact de-
pendency of specific label set, so its adaptation
ability is limited. In contrast, PA-CRF generates
the label-specific transition scores based on the la-
bel prototype, which can capture the dependency
for specific novel event types. (6) Comparing four
few-shot scenarios, we can find that the F1 score
increases as the K-shot increases, which shows that
more support samples can provide more informa-

Model TI FSTC FSED

LoLoss 31.06 95.27 30.14
DMBPN 40.64 95.44 37.51
DMBPN(CDT-TI) 54.69 95.49 53.93
PA-CRF 63.68 96.76 62.25

Table 2: Comparison of PA-CRF and baselines on two
subtasks. F1 scores are reported on the FewEvent test
set in the 5-way-5-shot setting.

tion of the event type. The F1 score decreases as
the N-way increases when the shot number is fixed,
which reveals that the larger way number causes
more event types to predict which increases the
difficulty of the correct detection.

To summarize, we can draw the conclusion that
(1) The identify-then-classify paradigm is inca-
pable of solving the FSED task. (2) Compared
to the identify-then-classify paradigm, the unified
paradigm works more effectively for the FSED task.
(3) Approximating transition scores based on the
label prototypes not by optimization, our PA-CRF
achieves better adaptation on novel event types.

6.3 Bottleneck Analysis

To investigate the bottleneck of the identify-then-
classify paradigm, we evaluate LoLoss (separate
model), DMBPN (multi-task model) and PA-CRF
(unified model) on two subtasks: TI and FSTC sep-
arately in the 5-way-5-shot setting on the FewEvent
test set. To reduce the influence of the cascading
errors, we use the ground truth trigger span for
evaluation in the FSTC. The experimental results
are reported in Table 2. From Table 2, we find that:
(1) All models achieve more than 95% F1 score on
the FSTC task, indicating that both identify-then-
classify and unified models is capable enough of
solving the FSTC problem. (2) For the TI task, two
identify-then-classify baselines perform 31.06%
and 40.64% F1 score respectively, which demon-
strates that the conventional TI module has diffi-
culty in adapting to novel event triggers. Hence,
due to the cascading errors, the poorly-performed
TI module limits the performance of the identify-
then-classify models. (3) PA-CRF achieves 63.68%
F1 score on TI task, which exceeds the two kinds of
identify-then-classify models significantly. Unlike
identify-then-classify models recognizing triggers
based on seen triggers, PA-CRF utilizes the trigger
representations from the support set of the novel
event types to identify novel triggers so our unified
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Model 5-Shot 10-Shot

PA-CRF 44.39 51.06
- Distribution Estimation 43.47 49.41
- Interaction Layer 41.62 45.74
- Transition Score 39.83 45.07

Table 3: Ablation study of PA-CRF in 5-Way settings.
F1 scores are reported on the FewEvent dev set.

model works better in the TI task of FSED. In con-
clusion, the conventional trigger identifier cannot
identify novel triggers in FSED, and exploiting the
support set of novel event types is necessary.

6.4 Effectiveness Analysis
To verify the effectiveness of the unified framework,
we adapt our best baseline model, CDT, to replace
TI module of DMBPN to solve trigger identifica-
tion in the few-shot manner. It identifies triggers
based on the emission scores between tokens and
label prototypes calculating from the support set
and learned abstract transition scores. In this case,
we rename it as DMBPN(CDT-TI) and evaluate it
in TI and FSTC subtasks. Results are also reported
based on the 5-way-5-shot setting in Table 2 and we
observe that: The CDT-TI-based DMBPN achieve
54.69% in TI task, exceeding the conventional TI
based models, which shows that solving TI in the
few-shot manner by utilizing the support set can
reduce the trigger discrepancy to some extent. Al-
though the performance of FSTC is similar to the
original DMBPN, owing to the improvements of
TI task, the final performance of FSED exceeds
the original DMBPN by 16.42% but they are still
inferior to PA-CRF with a huge gap (8.99% on
TI task). Therefore, we draw the conclusion that
solving FSED in the unified manner can utilize the
correlation between two subtasks to improve the
model performance significantly.

6.5 Ablation Study
To study the contribution of each component in
our PA-CRF model, we run the ablation study on
the FewEvent dev set. From these ablations (see
Table 3), we find that: (1) - Distribution Estima-
tion: To study whether distributional estimation is
helpful to improve the performance, we remove it
and make the Distribution Approximator generate
a single value as the transition score directly as the
point estimation. And the inference is based on the
generated transition scores without Probabilistic

Inference. As a result, the F1 score drops 1.02%
and 1.65% in two scenarios, respectively. We at-
tribute these gaps to our proposed Gaussian-based
distributional estimation which can model the data
fluctuation to relieve the influence of data uncer-
tainty. (2) - Interaction Layer: To certify that the
Prototype Interaction Layer contributes to captur-
ing the information between prototypes, we remove
it and evaluate in two scenarios. We read from Ta-
ble 3 that F1 scores decrease significantly by 2.77%
and 5.32% respectively, which indicates that the
Prototype Interaction Layer is able to capture the
dependency among prototypes. (3) - Transition
Score: To prove the contribution of the label depen-
dency, we remove the Transition Module and only
use the emission score for prediction. Results show
that without transition scores, the performance of
the model drops dramatically by 4.56% and 5.99%
respectively, which powerfully proves that the tran-
sition score can improve the performance of the
few-shot sequence labeling task.

Furthermore, we have conducted case study and
error analysis to validate the strength of our PA-
CRF and explore its weakness. Details are listed in
Appendix B and Appendix C.

7 Conclusion

In this paper, we explore a new viewpoint of solv-
ing few-shot event detection in a unified manner.
Specifically, we propose a prototypical amortized
conditional random field to generate the transition
scores to achieve adaptation ability for novel event
types based on the label prototypes. Furthermore,
we present the Gaussian-based distributional esti-
mation to approximate transition scores to relieve
the statistical uncertainty of data fluctuation. Fi-
nally, experimental results on the benchmark Few-
Event dataset prove the effectiveness of our pro-
posed method. In the future, we plan to adapt our
method to other few-shot sequence labeling tasks
such as named entity recognition.
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A Dataset Statistics

Training Set Dev Set Test Set

# Cls. 80 10 10
# Sent. 67982 2173 697
# Tok./sent 36.5 38.6 30.8

Table 4: Statistics of FewEvent Dataset.

Table 4 lists the statistics of FewEvent dataset
containing the number of event type (#Cls.), the
number of sentence(# Sent.), the number of token
per sentence (# Tok./sent) for the train/dev/test set.

Figure 3 demonstrates the data imbalance prob-
lem of FewEvent dataset. Event “Marry” has the
most instance (26135 instances) while event “E-
Mail” only has 30 instances. 69% event types have
less than 100 instances while 7% event types have
more than 1000 instances. However, since we use
episodic training (Vinyals et al., 2016) to train our
model, the data imbalance problem can be relieved
to some extent.

B Case Study

We compare our method with the best identify-
then-classify baseline, DMBPN and the best uni-
fied baseline, CDT in some cases, as shown in
Table 5.

As demonstrated by the first example of a
Sponsorship event, DMBPN, in the identify-then-
classify paradigm, fails to identify the trigger spon-
sorship. According to our statistics about the
FewEvent dataset, 95.16% triggers of Sponsor-
ship event do not occur in the training set. Since
DMBPN uses the conventional TI module which is
trained on the training set to identify the event trig-
ger, it is incapable of identifying the Sponsorship
event trigger. Although the classification module
of DMBPN succeeds to distinguish the event type
as Sponsorship, due to the cascading errors, the fi-
nal prediction of event trigger (containing the span
and type) is incorrect. As a result, the performance
of DMBPN as an identify-then-classify model on
the FSED task is limited. In contrast, our unified
PA-CRF is successful to detect the event trigger
sponsorship of this case since PA-CRF utilizes the
information of the support set of Sponsorship event
in which word sponsorship appears and acts the
trigger.

In the second example, the best unified baseline,
CDT, tags the first trigger word locked with I-Jail
label wrongly. That is because CDT learns the
abstract transition scores among a set of abstract
labels which cannot model the label dependency
for this specific event type accurately. Thanks to
the PA-CRF which models the label dependency
based on the label prototypes from the support set
of Jail event, our model is capable of tagging the
word locked with B-Jail label correctly.

C Error Study

Although our method outperforms all baseline mod-
els, we still observe some failure cases. Table 6
gives a typical example of the wrong prediction of
event Transport (Trans for short). For the query
instance, the ground truth event trigger is “pouring
out”. The word “pouring” should be labeled as
B-Trans and the out should be labeled as I-Trans.
However, our model only detects “pouring” with
B-Trans while missing “out”. From the support set,
we find that all support instances of this event type
only contain the one-word trigger without I-Trans
label tokens, resulting in that the prototype of I-
Trans is zero vector. As a result, the emission score
for the label I-Trans of each query token is calcu-
lated as zero and the transition scores based on the
prototypes are also affected. Therefore, our model
is not able to detect the I-Trans label correctly in
this case. In the future, we will further study to
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Figure 3: The data imbalance of FewEvent dataset.

Model Prediction

DBMPN Candlestick Park was dropped when the [sponsorship]O agreement expired.
PA-CRF Candlestick Park was dropped when the [sponsorship]B−Sponsorship agreement expired.

CDT Willmore will tell everyone for wanting to keep the poor man [locked]I−Jail [up]I−Jail.
PA-CRF Willmore will tell everyone for wanting to keep the poor man [locked]B−Jail [up]I−Jail.

Table 5: Output of PA-CRF, DMBPN and CDT on samples from the FewEvent test set. The subscripts denote the
labels tagged by the models.

Support #1 Cult members [visited]B−Trans and built a laser weapon mounted on a truck
Support #2 Israel [leave]B−Trans the West Bank and Gaza and dismantle Jewish settlements.

Truth Refugees have been [pouring]B−Trans [out]I−Trans of Fallujah over the last few days.
Prediction Refugees have been [pouring]B−Trans [out]O of Fallujah over the last few days.

Table 6: A case of the wrong prediction from the FewEvent test set. The subscripts denote the triggers and their
event types. We only list two support instances to reduce space.

solve the missing I label problem.

D Analyses about Various Dataset Split

Model R1 R2 R3 R4 R5

PA-CRF 59.0 33.4 53.1 42.4 48.0
DMBPN 44.9 31.1 40.8 32.6 27.9

Table 7: Performance of our PA-CRF and DMBPN in
various split FewEvent dataset in the 5-Way-5-Shot sce-
nario. F1 scores (10−2) are reported.

Since Deng et al. (2020) do not public their split
train/dev/test set of FewEvent dataset, to compare
our PA-CRF with DMBPN (Deng et al., 2020),
we re-split the FewEvent randomly in the same
split ratio as the Deng et al. (2020) (80 event
types for training set, 10 event types for dev set

and the rest 10 event types for test set) and evalu-
ate the DBMPN performance on our split test set.
However, in our experiments, the performance of
DMBPN is lower than the original paper. We as-
sume that the different data split may influence
the model performance badly. To validate our as-
sumption, we re-split the FewEvent dataset for five
random seeds and conduct more experiments on
these various split train/dev/test set. The results are
reported in Table 7. From Table 7, it can be ob-
served that: (1) Data split does influence the model
performance significantly indeed. In these five dif-
ferent split train/dev/test set, the performance of
PA-CRF varies from 59.0% to 33.4% with a huge
range. Similarly, DMBPN also varies from 44.9%
to 27.9%, owning a huge gap about 20%. It demon-
strates that for the FewEvent dataset, different split
could cause huge fluctuation of the model perfor-
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mance. Therefore, our PA-CRF including baselines
performs lower than those Deng et al. (2020) re-
ported due to the different data split. (2) PA-CRF
outperforms DMBPN in all five random split set-
tings, which powerfully proves the robustness of
PA-CRF over the identify-then-classify paradigm.
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Abstract
The democratization/decentralization of both
the production and consumption of informa-
tion has resulted in a subjective and often
misleading depiction of facts known as Fake
News - a phenomenon that is effectively shap-
ing the perception of reality for many individ-
uals. Manual fact-checking is time-consuming
and cannot scale and although automatic fact-
checking, vis a vis machine learning holds
promise, it is significantly hindered by a deficit
of suitable training data. We present both
a novel dataset, VERITAS(VERIfying Tex-
tual Aspects), a collection of fact-checked
claims, containing their original documents
and LUX(Language Under eXamination), a
text classifier that makes use of an extensive
linguistic analysis to infer the likelihood of the
input being a piece of fake-news.

1 Introduction

Often defined as the intentional or unintentional
spread of false information (K et al., 2019), Fake
News has found fertile ground in the actual sce-
nario of ever-growing data consumption and gen-
eration, where factors like news source decentral-
ization, citizen journalism, democratization of me-
dia and astroturfing1 (Lee, 2010) make the task
of manually checking and correcting disinforma-
tion across the internet impractical if not infeasi-
ble, (Shao et al., 2016) despite the significant ef-
forts of Fact-Checking Agencies - organised groups
of journalists that manually identify and investigate
rumours conveyed by Fake-news articles.

Consequently, it is imperative that we develop an
efficient and reliable way to account for the veracity
of what is produced and spread as information; this
process is known as automatic fact-checking. (Has-
san et al., 2015)

1Astroturfing is the practice of masking the sponsors of
a message or organization to make it appear as though it
originates from and is supported by grassroots participants.

Although the there has been significant re-
search effort to tackle the task of automatic fact-
checking (Azevedo, 2018), the deficit of datasets
containing organic news articles - in their entirety -
which have been manually labeled with respect to
their veracity is a common obstacle for the devel-
opment of supervised classification models. The
absence of such datasets makes researchers rely on
other approaches, e.g., stance determination (Popat
et al., 2017), knowledge base matching (Wu et al.,
2014), trust assessment of sources (Balakrishnan
and Kambhampati, 2011), data structuring (Conroy
et al., 2015), network pattern analysis (Shao et al.,
2016), etc.

In this work we present the challenges faced
in the process of developing a language model
enriched by discourse features for fake-news de-
tection, along with experimental results. The
contributions of this work are mainly two: the
dataset creation process, described in Section 2 and
the introduction of the text classification model, -
LUX(Language Under eXamination), in Section 3.

Section 4 brings a comprehensive evaluation of
both VERITAS and LUX, while also featuring an
ablation analysis of the latter.

2 Datasets for Fake News Classification

2.1 Available Corpora on Fake News

The deficit of suitable corpora for the intended ap-
proach is the main influence behind the creation
of the VERITAS Dataset, and by consequence, the
VERITAS Annotator. Below we present a list of
datasets commonly used in related tasks. Note
that although the following are considered valuable
resources for many related tasks, none of them in-
clude all of the three most important characteristics
required for a content based supervised classifier
which are i) a significant volume of entries, ii) gold
standard labels and iii) the entire fake news articles
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(i.e., the origin).

Emergent16 a collection of 300 rumours and
2,595 associated news articles - a counterpart
to ‘origin’ in the VERITAS Dataset. Each
claim’s veracity is estimated by journalists af-
ter they have judged that enough evidence has
been collected (Ferreira and Vlachos, 2016).
Besides the claim labeling, each associated
article is summarized into a headline and also
labelled according to its stance towards the
claim. Given the fixed structured of the web-
site we were able to obtain valid labeled ex-
amples using a scraper.2 Unfortunately they
sum up to less than 100 usable claim-origin
pairs (discussed in subsection 2.3).

LIAR17 includes around 13K human-labeled
short statements which are rated by the fact-
checking website PolitiFact into: “pants
on fire”, “false”, “barely true”, “half true”,
“mostly true”, or “true” (Wang, 2017). The
domain-restricted data as well as the reduced
length of text that can be retrieved from this
corpus makes it unsuitable for generic domain
linguistic fake news detection.

FakeNewsNet18 is a data repository containing a
collection of around 22K real and fake news
obtained from Politifact and GossipCop3 fact-
checking websites. Each row contains an ID,
URL, title, and a list of tweets that shared the
URL. It also includes linguistic, visual, social,
and spatiotemporal context regarding the ar-
ticles. This repository could still be used for
supervised learning models if it were not for
the fact that it does not provide sufficiently
long texts to be used by a classifier based
on linguistic aspects. For the same reason,
CREDBANK (Mitra and Gilbert, 2015) and
PHEME (Derczynski and Bontcheva, 2014)
are also unsuitable for the authors’ use case.
Those three datasets focus on network indi-
cators (e.g. number of retweets, sharing pat-
terns, etc.) of fake news, instead of its con-
tents. CREDBANK is a crowd sourced corpus
of “more than 60 million tweets grouped into
1,049 real-world events, each annotated by 30
human annotators”, while PHEME includes

2While web scraping can be done manually by a software
user, the term typically refers to automated processes imple-
mented using a bot or web crawler.

3https://www.gossipcop.com

4,842 tweets, in the form of 330 threads, re-
lated to 9 events.

FEVER18 (Thorne et al., 2018) created FEVER,
a set of more than 185K claims by modifying
sentences from a collection of 50K Wikipedia
articles. Annotators were tasked with anno-
tating other sentences from the same article
in respect to their stance towards the modi-
fied sentence. The corpus is the largest to our
knowledge, but since it is synthetically created
and focused on a sentence-level stance clas-
sification approach, it is unlikely to perform
efficiently on heterogeneous web documents
as a fake news classifier.

Snopes19 (Hanselowski et al., 2019) provides a
large collection of more than 16 thousand
manually annotated text snippets extracted
from 6,422 snopes.com articles. Unfortu-
nately, less than half of those snippets present
a stance (agreeing or disagreeing) towards the
fact-checked claim. Also, the annotated snip-
pets are, by definition, only a portion of the
original article. Nevertheless, an origin iden-
tification process could generate a significant
amount of valid examples from this data.

Due to space restrictions, we cannot provide
a detailed description of the following list of
datasets, although is important to include them:
BuzzFeed16 (Potthast et al., 2018), Kaggle4 and
NELA17 (Horne et al., 2018).

2.2 The VERITAS Dataset
The VERITAS Dataset is, to our knowledge, the
most complete data collection of manually anno-
tated claims in regards to their veracity. It is the
only dataset to contain not only the mentioned ve-
racity labels but also the document (in its entirety)
from which the checked claim originated. VER-
ITAS has been developed in a two step process:
1) Fact-Checking articles scraping and 2) Claim
Origin Identification.

Step 1: Scraping FCAs As the cost for manu-
ally checking a large number of disputed claims
is extensive, both in time and money, we have
started the dataset creation process by scraping arti-
cles from fact-checking agencies and consequently
trusting the work made by their journalists that un-
dertake the processes of: 1)selecting controversial

4https://www.kaggle.com/mrisdal/fake-
news/data
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claims, 2)leveraging web documents that either sup-
port or deny those statements to 3) finally come to a
veracity verdict. In simple terms, a Fact-Checking
Article (FCA) is a narrative of this investigative
process.

For each scraped FCA, we create an entry in the
dataset and extract a number of attributes, most
importantly: the claim, the veracity label, and the
list of hyperlinks to the mentioned web documents,
which we call Origin Candidates, since they will be
the subject of the Origin Identification process. The
code used to scrap the pages is openly available5.

Step 2: Claim Origin Identification One of
the most important steps of the dataset creation
pipeline was a task we defined as “origin iden-
tification”. In short, after three automatic ways
of identifying the article in which a fact-checked
claim originated were carried out and yielded non-
satisfactory results, it was decided that a manual
annotation process would be used to select the cor-
rect entries from the totality of the dataset. An
annotation tool6 was developed in order to make
the task easier and faster. This annotation process
not only provided a large and complete version of
the dataset, but also leaves a possibility for an au-
tomation of the origin identification process as a
future improvement of the project.

The final structure of each entry contains the
following fields: Fact-Checking Article URL,
Checked Claim, Claim Label, Tags, FCA date,
Origin URL, Origin Domain, Origin Body, Ori-
gin Title, Origin Summary, Origin Keywords, Ori-
gin Date and Origin Author. Given the limited
space, a more in-depth description of each field is
not provided but can be found within the supple-
mentary material (appendix 1) and also along an
extensive description of the origin annotation pro-
cess in (Azevedo and Moustafa, 2019). The past
versions of the dataset are also openly available7

2.3 Consolidation of VERITAS Dataset

A consolidation of the VERITAS dataset followed
the large annotation process over the scraped FCA
pages that augmented both the quantity of anno-
tated origins (1032 consolidated origins from more
than 10k annotations) and the quality of the anno-

5https://github.com/lucas0/
VeritasCrawler

6https://github.com/lucas0/Annotator
7https://github.com/lucas0/

VeritasCorpus

tations, measured by Krippendorff’s Alpha8, reach-
ing a substantial score of 0.6014. This consoli-
dation generated the fourth version of the dataset,
here addressed as V4.

Given the constant structure of Emergent.info
articles, we have also incorporated its few valid
claims, i.e., the ones with ”true” or ”false” verdict,
and their respective sources.

Although the majority of origins obtained from
Emergent were linked to ”true” claims, when aggre-
gated to the consolidated origins from VERITAS
v4.0, the data collection showed a false/true class
imbalance ratio of ≈ 1.44. Therefore, in order to
quickly obtain “true” labeled news articles to bal-
ance the scraped Dataset, reporting articles were
scraped and automatically labeled as “true” and
composed a separated dataset where their head-
lines are used for the claim field. The sources of
those articles were selected according to studies
determining the least biased9 and/or most trusted10

news outlets in the U.S..
We are aware that the label assumption of those

articles is far from ideal. Notwithstanding, it of-
fers another option of palliative solution for the
label unbalance issue and yielded positive results
in similar works (Horne and Adali, 2017; Ireland,
2018). It should, however, be tested with caution
and compared with other - also sub-optimal - meth-
ods, i.e., discarding “false” entries and/or imple-
menting class weights on the model training. Both
the collection of reporting articles and the emergent
articles are provided separately so they can be op-
tionally disregarded and eventually substituted by
gold-standard data. Table 1 provides additional
details about each subset.

Since the improvement of incorporating the en-
tries from emergent was still to be evaluated by
the proposed classifier, two different sample sets
from the trusted sources were created, to balance
both the v4.0 dataset by itself (V4+T1), as well
as the concatenation of VERITAS and emergent
(V4+EM+T2). The evaluation results will be pre-
sented at Section 4, as they are also the evaluation
for the linguistic model. By comparing both bal-
anced sets we can gain a better understanding of the

8https://en.wikipedia.org/wiki/
Krippendorff%27s_alpha

9https://www.businessinsider.com/most-
biased-news-outlets-in-america-cnn-fox-
nytimes-2018-8

10businessinsider.com/most-and-least-
trusted-news-outlets-in-america-cnn-fox-
news-new-york-times-2019-4

43



Table 1: VERITAS Subsets

#E #T #F #U

VERITAS v4.0 (V4) 1032 276 664 92

Emergent (EM) 865 308 179 378

Trusted1 (T1) 388 388 - -

Trusted2 (T2) 259 259 - -

V4+T1 1420 664 664 92

V4+EM+T2 2156 843 843 470

Columns represent #E: total entries, #T:true entries,
#F: false entries, #U:unverified entries

quality of the data obtained from emergent, keep-
ing in mind that the difference in volume of entries
would still affect the performance.

3 LUX - Language Under eXamination

The core contribution of this work is the investiga-
tion of the usage of linguistic aspects as discrim-
inative features in a text classification model that
should determine whether the given article is fake
or not. We call this classifier LUX, short for Lan-
guage Under eXamination.

Previous work investigated the use of such lin-
guistic aspects as features for similar tasks such as
deception detection (Reichel and Lendvai, 2016;
Zhou et al., 2004), document clustering (Yu and
Hatzivassiloglou, 2003a), text classification (Louis
and Nenkova, 2011; Biyani et al., 2016) among oth-
ers. Related works make use of few (mainly one)
of those aspects and the majority of them report an
improvement of their results by doing so.

Here we present a set of linguistic aspects that
were shown to be correlated to deception. For each
of these aspects, we present their contextual def-
inition, along with a short literature review and
a description of the methods we use to evaluate
its presence or absence in a given piece of text.
The objective is to build LUX (Language Under
eXamination), a Fake News Classifier, effectively
using these linguistic aspects to estimate the like-
lihood of an article containing fake news. Here,
we present the results obtained with two baseline
language models (BERT11 (Devlin et al., 2018) and
Word2Vec (W2V) (Mikolov et al., 2013)) towards
building this classifier.

11Bidirectional Encoder Representations from Transform-
ers

We are aware of an imbued redundancy that our
features might present, since the aspects analyzed
by the different approaches, in some cases, overlap
with each other, but expect that the eventual bias
this redundancy might add to the model can be
overcome with the implementations of techniques
such as LDA (Linear Discriminant Analysis) or
PCA (principal component analysis).

3.1 Linguistic Aspects

Subjectivity Louis and Nenkova (Louis and
Nenkova, 2011) observed that general sen-
tences tend to be more subjective. Some of
the shallow features that are correlated to the
subjectivity level of a sentence are also used in
their model, for example, punctuation marks,
average number of characters and average
number of words.

Pattern12, a python library for text analysis,
states in its section about subjectivity: “Writ-
ten texts can be broadly categorized into two
types: facts and opinions.” Based on a lexi-
con of adjectives produced for product review
analysis, pattern.en provides a function that
maps the subjectivity score of a sentence to a
range between 0 and 1 depending on the num-
ber of adjectives it contains. It also provides
implementations of measuring functions for
mood and polarity.

Riloff et Wiebe (Riloff et al., 2003) presents
a methodology for the creation of the MPQA
Subjectivity Lexicon. In summary, the au-
thors: 1) use an automatic subjectivity clas-
sifier to label data while also 2) identifying
patterns present in the sentences labeled as
subjective and 3) use the learned patterns to
improve the classification model(1) and iterate
between the three steps, making bootstrapping
possible. The MPQA Lexicon is also used
for us to measure the subjectivity of a given
text. Based on the lexicon, (Wilson et al.,
2005) also created OpinionFinder, a Subjec-
tivity Classifier.

Another interesting method was presented
by (Yu and Hatzivassiloglou, 2003a), where a
Naive Bayes classifier is trained over a Wall
Street Journal dataset containing two classes:
Subjective (every article with type Editorial or
Letter to Editor) and Objective (Business or

12https://pypi.org/project/Pattern/
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News). By analysing low level features on the
texts, the NB classifier achieved a 0.91 recall
and 0.86 precision on the binary classification
task.

In order to measure the subjectivity of a text,
two values are calculated. Both are a sum of
each word’s subjectivity score normalized by
the length of the document (in words) but use
as reference different lexicons: the TextBlob13

(a python library based on Pattern12) lexicon
and the MPQA lexicon, described above.

Specificity Zhou et al. (Yu and Hatzivassiloglou,
2003b) uses specificity and measures it by
words depicting the following aspects: per-
ceptual information (sounds, smells, physi-
cal sensations and visual details) and spatio-
temporal. (Fuller et al., 2009) measure bi-
logarithmic type-token ratio (LogTTR) for
evaluating specificity.

(Li and Nenkova, 2015) introduced Spe-
citeller, a python framework for fast and accu-
rate prediction of sentence specificity, which
was enhanced and presented by (Ko et al.,
2019). It introduces a new algorithm that ad-
just its weights to the training set, making
it applicable to any domain, out-of-the-box.
Speciteller is a machine learning classifier that
uses as input a combination of:

Shallow features extracted from the text
Number of words, number of symbols,
average number of characters per word,
number of stop-words, explicit discourse
connectives (Prasad et al., 2008). From
lexicons (General Inquirer (Stone et al.,
1962), MRC (Wilson, 1988) and MPQA)
other features like sentiment, subjectiv-
ity, polarity, familiarity, concreteness,
imageability and meaningfulness are
also evaluated.

Non-sparse features Brown clusters (Brown
et al., 1992) are used to classify words
into 100 groups and a vector of corre-
sponding cardinality is used to keep track
of the frequency of each class in the input
text. Speciteller also uses averaged Word
embeddings to represent a sentence em-
bedding. These also are 100-dimensional
vectors provided by (Turian et al., 2010).

13https://textblob.readthedocs.io/en/
dev/

The ablation results show that Speciteller con-
tributes significantly to the LUX classifier
and suggest that the framework could be even
more impactful if contemporary word embed-
ding generation techniques were to be used.

Complexity (Biyani et al., 2016) focused on the
detection of click-baits (that can be seen as a
subcategory of fake news) and reported that
features used to measure the formality of a
text were the most correlated to click bait ar-
ticles. Using a slang lexicon and a list of bad
words, as well as several readability scores,
they obtained a reasonable F-1 score of 74,9.

A 1999 paper by (Heylighen and Dewaele,
1999) presents a famous metric for Formal-
ity evaluation, named the F-measure (not to
be confused with the F1 score). (Pavlick and
Tetreault, 2016) present a statistical model for
predicting formality, but do not provide access
to the model’s code.

Another famous work on the formality area
is Coh-Metrix (Graesser et al., 2014), but the
only access to its implementation is through
a simple HTML portal, so we have discarded
this option.

Fortunately, a python library14 provides sev-
eral readability measuring tools, including
known metrics as the Flesch-Kinkaid (Kincaid
et al., 1975) and Coleman-Liau (Coleman and
Liau, 1975), LIX (Björnsson, 1968) and RIX,
which were also used by (Biyani et al., 2016).
Those last two metrics are simple but effec-
tive, being the first one (LIX) calculated as
W/S+C/W ∗100 where W is the number of
words in a text, S is the number of sentences
and C is the number of complex words (words
with more than 6 letters). The RIX metric is
a simpler and graded version of LIX and is
calculated as C/S.

Another python library15, initially developed
for the AFEL project (d’Aquin et al., 2018),
provides more measuring tools for semantic
complexity analyzer. The library starts by
identifying the entities present in the input
text and the relations between them in order
to represent it as a knowledge graph which

14https://pypi.org/project/readability/
15https://github.com/afel-project/

pySemanticComplexity/blob/master/
pysemcom.py
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is then used to extract metrics as number of
nodes, radius, assortativity16 and other graph
properties.

Both readability and pySemCom libraries are
used by us to implement the highest amount
of unique metrics for Complexity, Formality
and Readability.

Uncertainty According to (Szarvas et al., 2012),
“Uncertainty can be interpreted as lack of in-
formation: The receiver of the information
cannot be certain about some pieces of infor-
mation”.

Rubin (Rubin et al., 2006) provides a solid
survey on Certainty Identification. Building
on that, (Vincze, 2015) elaborates on the same
subject and achieves great results (Vincze
et al., 2008) on the CoNLL Shared Task 10,
that aimed for the classification of uncertain
texts from the BioScope corpus. The ap-
proach was implemented very conveniently
as a python library for Uncertainty detection,
that is used by us for uncertainty measurement.
The classifier is a simple model trained on a
corpus of words that were assigned a binary la-
bel regarding their certainty. The model only
requires the input text to be P.O.S-tagged in
order to resolve syntactic ambiguity.

(Reichel and Lendvai, 2016) tried to identify
hoax-resolving tweets by using the ratio be-
tween four data augmented lexicons (knowl-
edge, report, belief, and doubt) as features,
along with low-level syntactic features, not
achieving good results.

Loughran and McDonald Sentiment Word
Lists (Loughran and McDonald, 2011) and
MPQA (Deng and Wiebe, 2015) are Uncer-
tainty Lexicons that are leveraged by us for
the evaluation of this aspect. A simple average
of uncertain words over the number of words
of the input text is used in our model.

Affect (Pang and Lee, 2008) is an extensive review
of the literature on sentiment analysis and
opinion mining that encompasses the field of
linguistic aspect evaluation, which this work
is focused on.

(Whissell, 2004) provides the Dictionary of
Affect in Language, which includes people’s

16https://en.wikipedia.org/wiki/
Assortativity

mean ratings for the Pleasantness, Activation,
and Imagery of close to 9,000 words. The dic-
tionary is a lexicon with ratings representing
the two main dimensions of emotional space,
valence and arousal, along with another rating
for people’s assessment of imageability, i.e.,
how easily it is to form a mental picture of a
word.

A better definition of Affect in the context of
deception detection is necessary in order to
decide which resource is more appropriate for
the aspect evaluation, for now we are going to
let the experiments evaluations indicate what
is the most appropriate way of measuring af-
fect for our task.

(Li and Nenkova, 2015) mention the MRC
Psycholinguistic Database (Wilson, 1988) has
words annotated w.r.t imageability among
other aspects, while VADER (Valence Aware
Dictionary and sEntiment Reasoner) (Hutto
and Gilbert, 2014) is a lexicon and rule-based
sentiment analysis tool that is specifically at-
tuned to social media. Thus, it seems to be
quite appropriate for us.

For this aspect we make use of two dif-
ferent sentiment classifiers: VADER and
Pattern/TextBlob13, already mentioned on the
Subjectivity section. From each one of the
two classifiers we obtain three metrics: the
sum of all the positive scores, the sum of all
negative scores and the total sum of scores, all
averaged respectively by the number of words
with positive score, words with negative score
and total number of words in the input text.
By using these metrics we ensure that statis-
tics as variance and range of emotion within
the text is passed to the LUX classifier.

Verbal Immediacy (Mehrabian and Wiener,
1966) first defined Immediacy as a linguistic
property that refers to the degree to which
a source associates himself/herself with the
topics of a message; that is, “immediacy is the
degree to which a source approaches or avoids
a topic”. Based on that definition, (Zhou
et al., 2004) measured it by analysing spatial
and temporal terms, passive voice ratio, self
reference manner and group reference manner,
among others. Different works relate the
non-immediacy to the presence of deception
in text since these try to disassociate oneself
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from one’s communication.

Negative affect and passive voice are some
indicators of non-immediacy. Since the first
is already addressed by us, we will be using
a ratio between passive sentences over the
total number of sentences to determine how
passive is the text. In this context, a sentence
is deemed passive, if it contains a “BE” verb
followed by some other, non-BE verb, except
for a gerund.

Diversity / Quantity / Pausality Those are syn-
tactic features and some of the previous de-
fined ones already make use of one or more
ways of measuring them. For example, the
diversity measurement is used to evaluate a
sentence’s Complexity. Still, there are many
different ways to measure diversity and since
we intend to remove the redundancy of the fea-
tures anyways, we will measure it with many
different formulas.

In a 2013 article, (Jarvis, 2013) proposed that
the six properties of lexical diversity should
be measured by Variability, Volume, Even-
ness, Rarity, Dispersion and Disparity. Us-
ing a python library17, we measure some of
those metrics, namely different types of type-
token ratio (TTR), vocd (McCarthy and Jarvis,
2007) and measure of textual lexical diversity
(MTLD) (McCarthy, 2005).

Other simple aspects are also taken into ac-
count, as the overall quantity of words in ab-
solute number and by P.O.S.-tag as well as
the pausality, measured by the ratio between
punctuation marks and number of sentences.

4 Evaluation and results

In simple terms LUX is a binary model for classi-
fying general text into fake news / real news and it
was originally proposed as a way to evaluate the ef-
ficiency of the above mentioned linguistic features.
Aiming for generality, this model takes a text docu-
ment (that could be a long article or a simple head-
line) as sole input and outputs the probabilities of
it being fake or not, based on its psycho-linguistic
profile and contextual representation. For the latter,
different types of text encodings were tested and
it became clear that the usage of fixed-size BERT
document embeddings outperformed Word2Vec,

17https://github.com/kristopherkyle/
lexical_diversity

which was tested on RNN, LSTM (Hochreiter and
Schmidhuber, 1997) and Bi-LSTM (Schuster and
Paliwal, 1997), with the latter having the best re-
sults, but still inferior to BERT.

After performing a grid search with different op-
timizers, activation functions, learning rates, train-
ing epochs and fully connected layer(FLC) dimen-
sions, the initial model was decided to be composed
of a simple ReLu18 activated 64-dimensional FLC
with a dropout of 30% attached to the final layer,
of dimensionality 2 where a softmax filter would
represent the false and true labels probabilities.
Adam (Kingma and Ba, 2014) was the best per-
forming optimizer and a combination of α = 0.001
over 100 training epochs generally yielded the best
results. Figure 1 brings an outline of the model.

Figure 1: Outline of LUX classifier

All the reported values in Table 2 for Accuracy
and F1 score come from a 9-fold training over the
data. The results for the two best baseline models
are also included, namely the same model using
only the BERT document embeddings and only the
w2v embeddings over a simple Bi-LSTM with 128
dimensions on the recurrent layer.

Since the data from FEVER18 (Thorne et al.,
2018) and Snopes19 (Hanselowski et al., 2019) is
composed of short statements a comparative analy-
sis is also presented alongside a V4+EM+T2 run
using only the claims as input text, instead of the
larger body texts.

The final input for each article is a an ensem-
ble of a document embedding generated by BERT

18https://deepai.org/machine-learning-
glossary-and-terms/relu
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Table 2: First Evaluation

Model Dataset Avg. Acc Avg. F1

BERT* V4 0.7365 0.734

W2V* V4 0.6000 0.598

LUX V4 0.7896 0.768

LUX V4+T1 0.7603 0.757

LUX EM 0.7911 0.778

LUX V4+EM 0.7928 0.767

LUX V4+EM+T2 0.8050 0.804

LUX FEVER18 0.6942 0.691

LUX Snopes19 0.7405 0.517

LUX V4+EM+T2# 0.7723 0.708

*:Only the embeddings were used as input, these results
serve as baselines to analyse the improvement added by

LUX’s linguistic features
#:A version of V4+EM+T2 using the claim (and not the

origin body) as input for comparison with other datasets
focused on small texts.

trained on the BERT-Large uncased corpus19 and
the 97 linguistic features described in the previ-
ous section. A version of the code repository is
available at https://github.com/lucas0/Lux.

Given the initial results, the robustness added
from the a different source, i.e. emergent, with
the benefit from balancing classes using the trusted
news (T2) yielded the best results. Consequently,
it was decided this was the selected subset for the
linguistic features ablation analysis.

4.1 Ablation

Table 3 presents the three most impactful positive
and negative features, i.e. features that, when re-
moved, most decrease or most increase the accu-
racy of the model, respectively. Those are all re-
sults using as base the best model run, i.e., LUX
model over the V4+EM+T2 data, depicted in Ta-
ble 2. A longer table containing the results for
the full ablation analysis can be found within the
supplementary material (appendix 2).

Positive Features(PF): When individually re-
moved, each of the 97 features of the model, 50
have report a decreased accuracy of the model by
an average of 0.056%, where 21 ‘contribute’ with
more than the average of all the positive features

19github.com/google-research/bert/blob/
master/README.md

and only 10 features decrease more than 1% ac-
curacy when absent. All three top PF fall into the
Quantity group, as P.O.S.-tag counts, while most of
the most sophisticated, i.e. higher semantic level,
make to the top 10. Besides the ones featured(pun
intended) in the table, the top 10 also comprises,
unordered: Pausability, Coleman-Liau informality
score, specificity, measure of lexical textual diver-
sity(MTLD), and three features from the semantic
complexity evaluator (Venant and d’Aquin, 2019):
assortativity, average number of in-links, and the
density. In short, those features are metrics from
a graph generated from entities identified in the
text, when matched against DBpedia knowledge
graph. They refer to, respectively, the similarity of
connections with respect to the vertice the number
of edges a vertex has to other vertices; the number
of links that go from entities of the global DBPedia
to the identified entities; and the density of a graph
stresses how much nodes are connected to each
other.

Negative Features(NF): As expected, the nega-
tive features account for the other 47 features. On
average, each negative feature increases the accu-
racy of the model by 0.6% when removed individ-
ually. From those, 17 have a better-than-average
impact. Avoiding the risk of removing important
features from the model and given the high number
of negative features, we mention the 9 features that,
when not considered, improved LUX’s accuracy by
more than 1%, but focus the discussion on the top
3. Our results point to the number of VBD (verbs,
in the past tense form) in the input text as being the
third least important feature of the model, while
the top two NF are metrics from the same complex-
ity evaluation approach mentioned above. They
are nbTypesStd and diameter of nodes, meaning
respectively: the standard deviation on the number
of different link types per node and the “spread-
ness”(sic.) of concepts, i.e., the more unrelated and
specific concepts we have, the higher the diameter
will be. The other six NF improved the accuracy
of the model in more than 1% when removed are:
the number of words P.O.S.-tagged as PDT (prede-
terminer), two readability metrics (Dale–Chall and
Flesch Reading Ease) and three other features from
PySemCom: number of entities, entities density
in the text, standard deviation over the number of
in-links.
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Table 3: Ablation Results

Feat.Idx Feature Avg. Acc ≈Removal
Impact

Most Positive Features
55 ‘CD’ 0.7864 -1.8%
74 ‘RBR’ 0.7871 -1.7%
71 ‘PRP’ 0.7904 -1.4%

Most Negative Features
17 diameter 0.8215 +1.6%
23 nbTypesStd 0.8208 +1.5%
81 ‘VBD’ 0.8201 +1.5%

5 Conclusion and Future Work

This work has done the following two significant
contributions: i)the consolidation of the VERITAS
Dataset, which is unique due its provision of or-
ganic origins for each given claim in the collection,
which has, in turn, been manually verified by FCAs.
Given the completeness of the released data, it can
be an useful resource for a number of related tasks,
namely: Document Retrieval, Stance Detection and
Claim Validation. As a second contribution, we
have confirmed the hypothesis that the inclusion
of linguistic metrics as model features allows for
a better text classification performance, at least in
the target task of identifying fake-news.

After having set up an initial version of the clas-
sifier, named LUX, we could demonstrate an im-
provement from its first evaluation by increasing
the quality and quantity of the training data, as
well removing the most negative features from the
model. The final LUX version performs better
than both tested baselines. When used to evaluate
the quality of datasets, LUX yields better scores
when trained with VERITAS, than when compared
with two other fake-news datasets, FEVER18 and
Snopes19.

Future work would involve the development of
an automatic origin identification step for the VER-
ITAS dataset would allow for a much larger version
of it, which in turn could further enhance the clas-
sification model (LUX). If this step is achieved,
a bootstrapping loop for claim veracity checking
with origin identification would be complete, and
both the inclusion of new entries to the data col-
lection as well as the further training of classifi-
cation model could be fully automated, having as
their only bottleneck, the permanent scraping of
manually fact-checked claims, which is already an

automatic process.
Another enhancement being added to this work

is the output and analysis of BERT attention
weights (Vaswani et al., 2017) for both explain-
ability and interpretability of the model. (Yin et al.,
2016; Rush et al., 2015)

Increasing the size of the VERITAS dataset
could also be achieved by leveraging the work done
by (Hanselowski et al., 2019) and identifying as the
origins of a claim, the website containing the snip-
pets annotated as ’supportive’ of the claim. This
task is currently ongoing.
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6 Appendix

6.1 Description of VERITAS fields
Fact-Checking Article URL The article where

the fact-checker journalist analyses the claim,
its source(s), characteristics, possible counter
arguments, etc.

Checked Claim The main affirmation being veri-
fied in the article.

Claim Label The verdict, along with the source
document of a fact candidate compose the in-
put/outcome pairs of the dataset to be used in
our classification model. In other applications
or tasks it might not even be necessary.

We assign the gold-standard status to this an-
notation, given that each one of those checked
documents was manually investigated by one
or more fact-checking journalists, before com-
ing to a verdict regarding its veracity, and thus,
are as trustworthy as the journalists and corre-
spondent fact-checking agencies themselves.

Different FCAs use different labels,
e.g.‘mostly-true’, ‘mixture’, ‘unproven’, etc.
consequently there is a need for normalization
or removal of the ones that cannot be directly
mapped into “true” nor “false”.

Tags The set of tags used by the journalist that
wrote the fact-checking article. These are
mainly used for navigation within the web-
site but could be used for clustering of the
dataset and retrieval of other claims regarding
the same topic.

FCA Date The date the claim was checked by one
of the fact-checking agencies.

Origin URL The URL of the web document that
originated the claim, i.e. its origin. Here, ori-
gin is defined as a source that directly supports
the claim.

Note that an origin does not have to be the
very first article that stated the claim and that
there could be multiple origins for a single
claim.

Origin Domain The origin URL domain. This
can have great impacts in results of a neural
network classifier’s accuracy, or even in the
weighting of a simpler classifier method. Ex-
amples of using the URL domain as a feature

for it’s content veracity are not new. (Nakas-
hole and Mitchell, 2014; Balakrishnan and
Kambhampati, 2011)

Origin Body The whole text extracted from the
origin URL. Which method is used to obtain
the Origin Body is the main difference across
the versions, as discussed above.

Origin Title The title of the origin page. This
is another possibly useful feature for related
tasks or extra features for our classifier. (Popat
et al., 2017)

Since the title and the checked claim have sim-
ilar lengths, using this attribute instead of the
whole origin text would have probably yielded
better results on the stance classification rank-
ing.

Origin Summary Besides being faster than the
previously used crawling methods, the cur-
rent version of the crawler5 also generates a
summary of the origin. This could be a valu-
able piece of information but would demand
checking whether it is a valid depiction of the
content of the origin.

Origin Keywords Similar to the Tags of the fact-
checking article with the difference that these
are obtained by the great article curator news-
paper3k20. This could also be used as a feature
for the Origin Identification Classifier (see on
Future Work section).

Origin Date The date at which the origin article
was published.

Origin Author The author of the origin article.

20https://newspaper.readthedocs.io/en/
latest/
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6.2 LUX’s full ablation table

Table 4: Ablation Results (Ordered from most Positive
Features to most Negative Features)

Feat.Idx Feature Avg. Acc ≈Removal
Impact

55 ‘CD’ 0.8237 -0.01862

74 ‘RBR’ 0.82304 -0.01796

71 ‘PRP’ 0.81973 -0.01465

52 ‘.’ 0.81775 -0.01267

2 Coleman-Liau 0.81709 -0.01201

18 assortativity 0.81576 -0.01068

24 nbLinkInMean 0.81576 -0.01068

41 Measure of lexical textual diversity (MTLD) 0.81576 -0.01068

94 Speciteller scores 0.81576 -0.01068

29 densityDBPedia 0.8151 -0.01002

16 radius 0.81444 -0.00936

43 MTLD (moving average, bi-directional) 0.81444 -0.00936

34 Simple TTR 0.81378 -0.0087

40 Hypergeometric distribution D (HDD) 0.81378 -0.0087

76 ‘RP’ 0.81378 -0.0087

15 nbNodes 0.81246 -0.00738

26 nbLinkOutMean 0.81246 -0.00738

6 SMOGIndex 0.8118 -0.00672

50 ‘)’ 0.8118 -0.00672

70 ‘POS’ 0.8118 -0.00672

82 ‘VBG’ 0.81113 -0.00605

7 RIX 0.81047 -0.00539

64 ‘MD’ 0.81047 -0.00539

77 ‘SYM’ 0.81047 -0.00539

68 ‘NNS’ 0.80981 -0.00473

85 ‘VBZ’ 0.80981 -0.00473

27 nbLinkOutStd 0.80915 -0.00407

32 nbNodes-yago 0.80915 -0.00407

46 ‘#’ 0.80849 -0.00341

59 ‘IN’ 0.80849 -0.00341

62 ‘JJS’ 0.80849 -0.00341
Continued on next page
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Table 4 – Continued from previous page
Feat.Idx Feature Avg. Acc ≈Removal

Impact
93 Sum TextBlob’s Subjectivity score over sentences 0.80849 -0.00341

87 ‘WP’ 0.80783 -0.00275

1 ARI 0.80717 -0.00209

28 nbNodes-DBPedia 0.80717 -0.00209

51 ‘,’ 0.80717 -0.00209

35 Root TTR 0.8065 -0.00143

39 Moving average TTR (MATTR) 0.8065 -0.00143

53 ‘:’ 0.8065 -0.00143

86 ‘WDT’ 0.8065 -0.00143

12 nbUniqueConcepts 0.80584 -0.00076

13 conceptsWordsRatio 0.80584 -0.00076

38 Mean segmental TTR (MSTTR) 0.80584 -0.00076

45 #tokens 0.80584 -0.00076

63 ‘LS’ 0.80584 -0.00076

65 ‘NN’ 0.80584 -0.00076

66 ‘NNP’ 0.80584 -0.00076

84 ‘VBP’ 0.80584 -0.00076

36 Log TTR 0.80518 -0.0001

72 ‘PRP$’ 0.80452 0.00056

0 Kincaid 0.80386 0.00122

57 ‘EX’ 0.80386 0.00122

79 ‘UH’ 0.80386 0.00122

80 ‘VB’ 0.80386 0.00122

91 Sum TextBlob’s Polarity score over sentences 0.80386 0.00122

58 ‘FW’ 0.8032 0.00188

95 Count of ‘.’-tag tokens 0.8032 0.00188

22 nbTypesMean 0.80254 0.00254

31 density-Schema 0.80254 0.00254

54 ‘CC’ 0.80254 0.00254

78 ‘TO’ 0.80254 0.00254

19 density 0.80187 0.0032

47 ‘$’ 0.80187 0.0032

60 ‘JJ’ 0.80187 0.0032

21 textDensityStd 0.80121 0.00387
Continued on next page
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Table 4 – Continued from previous page
Feat.Idx Feature Avg. Acc ≈Removal

Impact
30 nbNodes-Schema 0.80121 0.00387

37 Mass TTR 0.80121 0.00387

44 #terms 0.80121 0.00387

61 ‘JJR’ 0.80121 0.00387

67 ‘NNPS’ 0.80121 0.00387

90 “‘’ 0.80121 0.00387

9 nbNodesKB 0.80055 0.00453

10 nbWord 0.80055 0.00453

48 ””” 0.80055 0.00453

49 ‘(’ 0.80055 0.00453

56 ‘DT’ 0.80055 0.00453

75 ‘RBS’ 0.79989 0.00519

92 Sum VADER’s Polarity score over sentences 0.79989 0.00519

4 GunningFogIndex 0.79923 0.00585

5 LIX 0.79791 0.00717

33 density-yago 0.79725 0.00783

42 Measure of lexical textual diversity (moving average, wrap) 0.79725 0.00783

88 ‘WP$’ 0.79725 0.00783

73 ‘RB’ 0.79658 0.0085

14 uniqueConceptsWordsRatio 0.79592 0.00916

83 ‘VBN’ 0.79592 0.00916

25 nbLinkInStd 0.79526 0.00982

3 FleschReadingEase 0.7946 0.01048

89 ‘WRB’ 0.7946 0.01048

8 DaleChallIndex 0.79328 0.0118

11 nbConcepts 0.79328 0.0118

69 ‘PDT’ 0.79129 0.01379

20 textDensityMean 0.78997 0.01511

81 ‘VBD’ 0.78997 0.01511

23 nbTypesStd 0.78931 0.01577

17 diameter 0.78865 0.01643
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Abstract
Modern task-oriented semantic parsing ap-
proaches typically use seq2seq transformers
to map textual utterances to semantic frames
comprised of intents and slots. While these
models are empirically strong, their specific
strengths and weaknesses have largely re-
mained unexplored. In this work, we study
BART (Lewis et al., 2020) and XLM-R (Con-
neau et al., 2020), two state-of-the-art parsers,
across both monolingual and multilingual set-
tings. Our experiments yield several key re-
sults: transformer-based parsers struggle not
only with disambiguating intents/slots, but sur-
prisingly also with producing syntactically-
valid frames. Though pre-training imbues
transformers with syntactic inductive biases,
we find the ambiguity of copying utterance
spans into frames often leads to tree invalid-
ity, indicating span extraction is a major bot-
tleneck for current parsers. However, as a sil-
ver lining, we show transformer-based parsers
give sufficient indicators for whether a frame is
likely to be correct or incorrect, making them
easier to deploy in production settings.

1 Introduction

Task-oriented semantic parsing—mapping textual
utterances to semantic frames—is a critical compo-
nent of modern conversational AI systems (Gupta
et al., 2018; Aghajanyan et al., 2020). Recent
methodology casts parsing as transduction, using
seq2seq pre-trained transformers to produce lin-
earized parse trees (Aghajanyan et al., 2020; Chen
et al., 2020; Li et al., 2021); here, each frame token
is either copied from the utterance or generated
from an ontology. Compared to explicit grammar-
based approaches (Gupta et al., 2018), this plug-
and-play of transformers simplifies the learning
objective and scales to multilingual settings, but
the lack of provenance makes it challenging to un-
derstand model behavior “under the hood.”

In this work, we investigate the strengths and
weaknesses of transformer-based semantic parsers

Figure 1: Example decoupled semantic frame represen-
tation (Aghajanyan et al., 2020) for the utterance Direc-
tions to the Warriors game.

and provide modeling directions based on data-
driven insights. Specifically, we study BART
(Lewis et al., 2020) and XLM-R (Conneau et al.,
2020), two state-of-the-art conversational semantic
parsers, on both monolingual (TOP/TOPv2; (Gupta
et al., 2018; Chen et al., 2020)) and multilingual
(MTOP; (Li et al., 2021)) datasets. The compo-
sitionality of utterances in these datasets provide
a strong testbed for resolving both complex syn-
tactic structure and semantic ambiguity, mirroring
the types of challenges our parsers are likely to
encounter in practice.

We design our experiments around three main
questions. First, broadly speaking, what types of
errors do transformer-based parsers make? We be-
gin by annotating 500+ predicted frames across 6
languages and categorize them with fine-grained
types. We find transformer-based parsers struggle
not only with classification (i.e., disambiguating
intents/slots) but also planning (i.e., switching be-
tween copying/generating). Planning errors are
more egregious: misplacing close brackets, for ex-
ample, can violate tree constraints, rendering the
entire frame unusable.

Next, we investigate transformer-based parsers’
abilities to generate syntactically-valid trees.
Specifically, are planning mistakes caused by gen-
eral uncertainty, or worse, a pathology of seq2seq
learning? To address this, we devise an oracle set-
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split TOP TOPv2 MTOP

train 31,279 124,579 73,956
dev 4,462 17,160 10,852
test 9,042 38,785 30,541

Table 1: Dataset splits for TOP, TOPv2, and MTOP.

N dmodel dff h dk dv

6 1024 4096 16 64 64

Table 2: Dimensions of transformer decoder added to
XLM-R for MTOP fine-tuning. Notation is borrowed
from Vaswani et al. (2017).

ting where a model conditions on partially gold in-
formation (either utterance spans or syntactic struc-
ture) and predicts the remaining parts of the frame.
Surprisingly, we find conditioning on gold spans—
not gold structures—results in near-perfect trees at
most depths, pointing towards span extraction as a
major bottleneck for current parsers.

Finally, though transformer-based parsers are
susceptible to error, ideally, we should be able to
proactively diagnose mistakes. Using features from
model generations (e.g., confidence), can we in-
trinsically judge if a sequence is correct or incor-
rect? Encouragingly, we show that a confidence
estimation system combining a transformer-based
parser and feature-based classifier can detect cor-
rect frames with 90%+ F1, indicating usability in
production settings.

2 Experimental Setup

We conduct experiments on the following task-
oriented semantic parsing datasets: (1) TOP: par-
allel corpus consisting of English utterances and
corresponding semantic frames (Gupta et al., 2018);
(2) TOPv2: monolingual extension of TOP to 6
domains (Chen et al., 2020); (3) MTOP: multilin-
gual extension of TOP spanning English, Spanish,
French, German, Hindi, and Thai (Li et al., 2021).
Table 1 shows train, dev, and test splits for the
datasets.

Each dataset sample consists of a textual utter-
ance x and (linearized) semantic frame y. Here,
frames are in decoupled form (Aghajanyan et al.,
2020), as each token is derived either from copy-
ing from the utterance or generating from the on-
tology (see Figure 1). Following prior work, we
fine-tune seq2seq transformers to maximize the log
likelihood of the gold frame token at each timestep:P

(x,y)

P
t log P (yt|y<t, x; ✓).

split TOP TOPv2 MTOP

dev 85.41 87.53 76.00
test 85.74 87.52 77.20

Table 3: Exact match (EM) of BART and XLM-R on
TOP/TOPv2 and MTOP, respectively.

setting TOP TOPv2 MTOP

model BART BART XLM-R
dropout 8.68e-2 1.82e-1 0
batch size 16 16 16
epochs 50 50 50
optimizer Lamb Lamb Lamb
lr 3.72e-4 4.88e-4 6.91e-4
weight decay 6.25e-7 6.26e-7 6.25e-7
swa lr 2.08e-4 1.86e-4 3.96e-4
swa start 8945 18876 19450
swa freq 219 233 185
scheduler exp exp exp
warmup 5000 5000 5000
gamma 0.95 0.95 0.95

Table 4: Hyperparameters for fine-tuning models on
TOP, TOPv2, and MTOP.

On TOP/TOPv2, we fine-tune BART (Lewis
et al., 2020), a seq2seq transformer pre-trained
with a denoising autoencoder objective on monolin-
gual corpora, and on MTOP, we fine-tune XLM-R
(Conneau et al., 2020) (equipped with a randomly-
initialized decoder), a transformer encoder pre-
trained with a masked language modeling objective
on multilingual corpora. For XLM-R, specifically,
we attach a randomly-initialized decoder (see Ta-
ble 2). Table 3 shows model performance as judged
by exact match. Hyperparameters for all models
are listed in Table 4.

3 Error Analysis

In this section, we seek to better understand the
types of errors transformer-based parsers make
across both monolingual and multilingual settings.

3.1 Error Types

To standardize our analysis, we categorize model
errors under the following types: intent (incorrect
intent prediction), slot (incorrect slot prediction),
out-of-domain (incorrect out-of-domain intent pre-
diction), mode (confusion between copying an ut-
terance token or generating an ontology token), and
leaf (incorrect span in a frame leaf slot). In addi-
tion, we report the syntactic validity of parse trees
separately, though we note mode errors typically
result in invalid constructions.
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Exact Match Tree Validity

d TOP TOPv2 MTOP TOP TOPv2 MTOP

1 78.03 86.58 84.75 98.65 94.57 91.23
2 92.30 90.67 85.73 96.97 96.82 93.80
3 90.94 88.50 74.56 97.10 96.35 90.85
4 88.24 86.32 64.53 95.93 95.47 85.73
5 83.39 83.63 44.29 94.29 94.85 69.55
6 83.06 84.54 44.44 94.00 94.45 62.50

Table 5: Benchmarks of BART and XLM-R on
TOP/TOPv2 and MTOP, respectively, according to ex-
act match and tree validity at increasing tree depths (d).

One complicating factor is that a predicted se-
quence may potentially contain several errors, and
because decoding is conducted autoregressively, a
given error may be influenced by earlier errors (if
any such exist). Therefore, to reduce the number
of confounding variables, we only consider set-
tings where an incorrect prediction has gold history
argmaxyi

P (yi|y⇤<t, x) 6= y⇤i ; put another way, we
only count the first error in a sequence.

Using the framework discussed above, we an-
notate 700 errors across BART and XLM-R on
TOP and MTOP, respectively; 100 errors are from
TOP and 6⇥100 errors are from MTOP (100 per
language).

3.2 Results

Table 5 benchmarks overall model performance
and Figure 2 categorizes errors with fine-grained
types; from these results, we draw the following
conclusions:

Transformer-based parsers typically struggle
with both classification and planning. In the
seq2seq formulation, models must jointly classify
(i.e., provide intent and slot labels) and plan (i.e.,
switch between copying and generating) when pro-
ducing a semantic frame. Our results show in-
tent/slot and mode errors, which generally fall un-
der the theme of classification and planning, re-
spectively, account for nearly 70-80% of errors. A
key observation, however, is that classification and
planning error statistics are relatively consistent
across languages, suggesting our models may not
need language-specific fine-tuning to address these
particular errors.

Nearly 40% of incorrectly predicted frames are
syntactically invalid. Surprisingly, a large per-
centage of incorrectly predicted frames violate tree
constraints; for linearized frames, this implies the

Figure 2: Distribution of errors across TOP and MTOP
categorized by intent (in), slot (sl), out-of-domain (od),
mode (md), and leaf (lf). Dashed lines indicate the per-
centage of trees which are syntactically valid.

number of open brackets ([in or [sl) do not match
the number of close brackets (]). Though well-
formedness is correlated with depth, we see tree
validity (1) is not substantially improved by increas-
ing the number of monolingual samples (TOP!
TOPv2) and (2) drops off quite rapidly for multilin-
gual samples (TOP/TOPv2!MTOP).

Span extraction is more challenging in mul-
tilingual settings. Leaf errors in English
(TOP|MTOP)-en are typically twice as lower
compared to those in non-English languages
MTOP-(es|fr|de|hi|th). Upon closer in-
spection, we find most leaf errors in English
are relatively benign; the model may drop a
preposition when copying a span (e.g., Monday as
opposed to on Monday). However, for languages
beyond English, extracted spans in leaf slots
typically consist of hallucinated or duplicated
subwords, which are much more serious in nature.
Finally, though languages with non-projective

59



structures (e.g., German) can populate leaf slots
with non-contiguous spans, we noticed errors on
these types of samples were infrequent.

Out-of-domain detection is also a significant
source of error. TOP, in particular, mixes the
canonical semantic parsing task with out-of-
domain detection by assigning such utterances
the frame [in:unsupported ].1 Though well-
motivated, roughly 20% of errors are related to in-
correct out-of-domain predictions, suggesting our
models have not precisely learned the boundary be-
tween in-domain and out-of-domain utterances. If
high detection accuracy is preferred, multi-tasking
parsers in this fashion may not be an effective use of
parameters (assuming more data is not available);
instead, out-of-domain detection can be conducted
independently with alternate methodology (Gangal
et al., 2019).

4 Syntactic Structure

Our case study above demonstrates transformer-
based parsers can produce syntactically-invalid
frames at a high rate. These structural errors are
more serious than disambiguation errors since they
render the frame unusable, potentially causing cas-
cading failures in a task-oriented dialog system.
Therefore, in this section, we dive deeper into why
tree constraints are not satisfied and question the
possibility of achieving perfect tree validity.

While transduction models do not explicitly im-
pose tree constraints, there is precedent that strong
neural representations do implicitly model tree
structures; recent studies demonstrate large-scale
pre-training, in particular, imbues strong notions of
syntax (Goldberg, 2019; Jawahar et al., 2019; Ten-
ney et al., 2019). Taking these results together, we
hypothesize that transformer representations may
be “good enough”, but instead there exist ambigu-
ous aspects of our task-oriented semantic parsing
task which cause tree invalidity.

Previously, we saw transformer-based semantic
parsers largely struggled with classification- and
planning-related errors. Therefore, the question
we pose is: if we resolve these ambiguities by
creating oracle models, can we achieve perfect
tree validity? This setup also enables us to gain a
deeper understand of the upper-bound performance
of transformer-based semantic parsers, even as their
representations get stronger.

1There also exist more fine-grained out-of-domain cate-
gories, such as [in:unsupported-event ].

Figure 3: Exact match (EM) and tree validity (TV) er-
ror (%) of the regular, span oracle, and structure oracle
models on TOPv2 and MTOP. Dots from left ! right
indicate increasing frame compositionality (the graph
depths of 1! 6).

Oracle Models. Because classification and plan-
ning target inherently different phenomena, cre-
ating an oracle that simultaneously makes both
less ambiguous is challenging. Instead, we ex-
periment with two separate oracles—span ora-
cle and structure oracle models for classification
and planning, respectively—which map an utter-
ance x along with a “partially gold” snippet z
to generate the frame y, inducing the objectiveP

(x,y,z)

P
t log P (yt|y<t, x, z; ✓).

For example, given an utterance x Where can I
see fireworks tonight? and frame y [in [sl fire-
works [sl tonight ] ], the span oracle model de-
fines z as [span1] fireworks [span2] tonight and
the structure oracle model defines z as [in [sl
[span1] [sl [span2] ] ].2 Here, providing z
as input helps the model learn y \ z; span oracle
models optimize for correct structure and structure
oracle models optimize for correct spans. Table 6
shows example source and target pairs for the regu-
lar, span oracle, and structure oracle models.

Results. Figure 3 shows the oracle model results;
we measure both exact match and tree validity er-
ror. A key phenomenon we observe is that con-
ditioning on gold spans results in near-zero tree
validity error at most depths. Surprisingly, we
see conditioning on gold structures (to stress, the
exact syntactic structure) never consistently results
in well-formed trees, especially as the depth in-

2Fine-grained intent/slot labels are omitted for visual clar-
ity, but are included during model training.
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model type utterance x (+ snippet z) frame y

regular Where can I see fireworks tonight? [in [sl fireworks [sl tonight ] ]
span oracle + [span1] fireworks [span2] tonight
struct oracle + [in [sl [span1] [sl [span2] ] ]

Table 6: Example source and target pairs for oracle experiments. The span oracle specifies the gold spans while
the struct oracle specifies the gold structure. Note that [in and [sl are used for brevity.

creases. Structure oracle models still suffer from
mode errors during generation: augmenting a leaf
span with an extra word instead of placing a close
bracket, for example, is a typical mistake. Further-
more, we see this problem is magnified in MTOP,
which connects to the notion that span extraction
tends to be difficult in multilingual settings.

Our experiments suggest seq2seq transformer-
based parsers can achieve near-perfect tree
validity—even at large depths—provided that span
extraction is precise. Currently, however, this is
a major source of ambiguity our parsers are not
well-equipped to handle, especially when scaling
to languages beyond English.

5 Confidence Estimation

Despite the criticism we have presented of state-of-
the-art, transformer-based conversational semantic
parsers, these models do demonstrate strong perfor-
mance over prior baselines, and correctly parse a
vast majority of samples. A property that can make
these models easier to deploy in practice is if they
“know what they don’t know” (Desai and Durrett,
2020); besides interpretability, this is particularly
useful for identifying and correcting errors in tail
scenarios via active learning (Dredze and Crammer,
2008; Duong et al., 2018; Sen and Yilmaz, 2020).
We frame this problem as confidence estimation
(Blatz et al., 2004): given an utterance x, predicted
frame y0, and gold frame y, we seek to learn a bi-
nary classifier which uses target-side features f(y0)
to estimate P (y0 = y) = sigmoid(w>f(y0)).

To make our approach as generalizable as possi-
ble, we constrain f(y0) to be as model-agnostic
and recall-oriented as possible. We select the
following features: (1) length: |y0|; (2) valid-
ity: max(0,

P
i 1[y0i 2 V +] � 1[y0i 2 V +])

where V + and V � are the set of open and
close brackets, respectively; and (3) confidence:
1

|y0|
P

i P (y0t|y0<t, x). Using our best transformer-
based parsers, we obtain predictions on a held-out
set Ddev and test set Dtest. Then, we train and test
a SVM on Ddev and Dtest, respectively, using the

TOPv2 MTOP

P R F1 P R F1

SVM 97.2 85.7 91.2 95.0 85.2 89.8
–length 97.7 84.8 90.8 95.1 84.7 89.6
–validity 97.0 82.6 89.2 94.9 80.5 87.1
–confidence 91.6 98.8 95.1 85.3 95.8 90.2

Table 7: Precision (P), recall (R), and F1 of the SVM-
based confidence estimator. –x indicates an ablation of
feature x (i.e., it is omitted during learning).

features defined above.
In addition to the standard hinge loss, we also

add a class imbalance penalty as positive exam-
ples are typically 5-8⇥ as prevalent depending on
the dataset. We chiefly evaluate the binary clas-
sifier’s ability to identify semantic frames which
are correct (i.e., the positive class). From an ac-
tive learning standpoint, getting positive samples
wrong is more serious than getting negative sam-
ples wrong; annotation resources are best directed
towards boundary or incorrect predictions.

Table 7 shows the performance and ablations of
our confidence estimator. In both monolingual
and multilingual settings, using transformer-
based features, we can detect correct semantic
frames with 90%+ F1. In particular, we see
length and validity largely capture the space of
correct frames (recall) and confidence effectively
distinguishes between correct and incorrect frames
(precision). Practitioners may select an SVM vari-
ant depending on whether precision or recall is
preferred.

6 Conclusion

In this work, we assess the strengths and weak-
nesses of seq2seq transformers for task-oriented
semantic parsing. These models “know what they
don’t know”, making them easier to depoy in prac-
tice, but cannot perfectly model compositional ut-
terances, as indicated by the challenges of span
extraction. We believe that modeling efforts in this
direction—as opposed to simply annotating more
data—can improve parsers substantially.
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Abstract

Change captioning is to describe the difference
in a pair of images with a natural language
sentence. In this task, the distractors, such
as the illumination or viewpoint change, bring
the huge challenges about learning the differ-
ence representation. In this paper, we propose
a semantic relation-aware difference represen-
tation learning network to explicitly learn the
difference representation in the existence of
distractors. Specifically, we introduce a self-
semantic relation embedding block to explore
the underlying changed objects and design a
cross-semantic relation measuring block to lo-
calize the real change and learn the discrimina-
tive difference representation. Besides, relying
on the POS of words, we devise an attention-
based visual switch to dynamically use visual
information for caption generation. Extensive
experiments show that our method achieves
the state-of-the-art performances on CLEVR-
Change and Spot-the-Diff datasets 1.

1 Introduction

Change Captioning aims to describe a seman-
tic change between a pair of “before” and “af-
ter” images, which has many practical applica-
tions such as facility monitoring (Sakurada and
Okatani, 2015), medical imaging (Patriarche and
Erickson, 2004), and aerial photography (Gueguen
and Hamid, 2015).

The previous work (Jhamtani and Berg-
Kirkpatrick, 2018) introduced this task with an
ideal assumption that there is a semantic change
between a completely-aligned image pair. How-
ever, there is always illumination change in a dy-
namic world, and same or similar scenes are prone

* This work was done when Yunbin Tu visited VIPL
research group, CAS and was supervised by Prof. Liang Li.

† Corresponding author
1The code of this paper has been made publicly available

at https://github.com/tuyunbin/SRDRL

The tiny cylinder 

has disappeared.

<Before> <After> <Change Caption>

A person on the 

far corner of the 

sidewalk is now 

gone.

Figure 1: Two examples of change captioning with and
without a viewpoint change.

to shoot under different viewpoints. Compared
to semantic changes, both illumination and view-
point changes are irrelevant distractors, so realistic
change captioning requires a model: 1) distinguish-
ing semantic changes (e.g., an object has moved)
from distractors (e.g., a viewpoint change) and 2)
conveying the detected change in a logically and
grammatically accurate sentence. To this end, re-
cent works (Park et al., 2019; Shi et al., 2020)
focused on addressing change captioning in the
presence of distractors.

Despite the progress, there are still two limi-
tations for their approaches. First, the semantic
difference was modeled only relying on the seman-
tic features of objects, while ignoring their self-
semantic relations. Hence, the feature difference is
hard to capture the tiny change. As shown in Fig-
ure 1, compared with many unchanged objects, the
dropped object is tiny and easy to ignore. Differ-
ently, if one of the objects has changed, especially
number or position change (e.g., “add”, “drop”,
or “move”), the semantic relations surrounding it
would change as well, which would be beneficial to
explore the underlying objects that have changed.
Second, due to the existing of irrelevant distractors,
the model would capture the semantic difference
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with noises and thus learn a wrong difference repre-
sentation. However, both distractors are irrelevant
to the semantics of image contents. Therefore, the
cross-semantic relation between the captured se-
mantic difference and the image pair is beneficial
to judge whether the semantic change has actually
happened, and further learn the difference represen-
tation in the “before” and “after” images.

Besides, during caption generation, previous
works exploited visual information to generate each
word, which is unnecessary or even misleading
(Lu et al., 2017; Song et al., 2017). As words
with different part-of-speech (POS) information
not only play different grammatical roles in a sen-
tence (Wang et al., 2019), but also have different re-
lationships with the visual information in an image.
As shown in the first example of Figure 1, some
words (e.g., “tiny”, “cylinder” and “disappeared”)
belong to adjective, noun and verb words, which
denote the size, category, and state of the visual
object, while the word (i.e.,“the”) is a determiner
word which does not have corresponding canoni-
cal visual signals. Thus, it is useful to introduce
the POS of words for switching visual information
during change caption generation.

In this paper, we propose a Semantic Relation-
aware Difference Representation Learning (SR-
DRL) network to localize the semantic change
in the presence of distractors, and introduce an
Attention-based Visual Switch (AVS) to dynami-
cally decide when to use visual information during
change caption generation. Specifically, first, a
Self-Semantic Relation Embedding block (SSRE)
builds semantic relations of objects for each image
in the “before”/“after” pair via the self-attention
mechanism. The built relations are embedded into
image features for computing a relation-embedded
feature difference. Second, a Cross-Semantic Re-
lation Measuring block (CSRM) leverages the ob-
tained difference to query the underlying “candi-
date change” in the each image. Further, CSRM
uses the difference to generate an attention gate
measuring its cross-semantic relations with respect
to each image. Subsequently, the attention gate
is applied to the candidate change to distinguish
semantic change from the viewpoint/illumination
change. Third, the change localizer is introduced to
learn the accurate difference representation in the
image pair under the guidance of a prior knowledge
(the above distinguished information).

Finally, according to POS information of words,

an Attention-based Visual Switch (AVS) is devised
and incorporated into the caption generator to dy-
namically control visual information when predict-
ing the next word. Extensive experiments show
that our approach outperforms the state-of-the-art
change captioning models with a large margin.

In summary, the contributions of this work have
threefold: (1) We propose SRDRL that explicitly
learns the semantic difference representation in the
image pair by embedding self-semantic relations
into object features of each image and further mea-
suring the cross-semantic relations between the
image pair and their difference. (2) Both SSRE and
CSRM blocks are designed to help the change lo-
calizer to accurately focus on the changed objects.
(3) An AVS is customized to dynamically utilize
visual information for caption generation based on
the POS information of words.

2 Related Work

Different from conventional image (Liu et al., 2020,
2019; Li et al., 2020; Yan et al., 2019, 2020a, 2021)
or video captioning (Deng et al., 2021; Zhang et al.,
2017; Tu et al., 2017, 2020; Yan et al., 2020b),
change captioning addresses two-image captioning,
especially to describe their difference. Jhamtani
et al. (Jhamtani and Berg-Kirkpatrick, 2018) is
the first work for change captioning. However, it
is built upon an ideal situation by assuming there
are no distractors (illumination/viewpoint change)
between a pair of images. To make this task more
close to our dynamic world, Park et al. and Shi et
al. (Park et al., 2019; Shi et al., 2020) both aimed
to address change captioning in the existence of
distractors. On one hand, Park et al. directly con-
catenated the coarse feature difference with the
image pair to operate spatial attention to localize
the change. However, due to the existing of dis-
tractors, when the captured feature difference is
not what the model really expects, the spatial at-
tention module could be misled to give fallacious
results. On the other hand, Shi et al. first exploited
a cross-attention mechanism to search the most sim-
ilar patches between the image pair and they are
regarded as the unchanged representation. Then,
they subtracted them from the original image to
get the difference representation. However, as our
aforementioned, the changed object is tiny and easy
to ignore, so it is insufficient to capture the differ-
ence representation only at feature level.

Different from the above state-of-the-art meth-
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Figure 2: The architecture of the proposed semantic relation-aware difference representation learning (SRDRL)
network and an attention-based visual switch (AVS). The SRDRL consists of a self-semantic relation embedding
block (SSRE), a cross-semantic relation measuring block (CSRM) and a prior knowledge-guided change localizer.
The AVS is incorporated into the caption generator and guided by a POS predictor.

ods, we first use SSRE to improve the fine-grained
representation ability of object features by embed-
ding the self-semantic relations among them. Then,
we exploit CSRM to distinguish the actual seman-
tic change from irrelevant distractors via measuring
cross-semantic relations between the captured can-
didate difference and the original images. Finally,
we use POS information to devise an attention-
based visual switch that dynamically determines
not only when to use visual information, but also
which to use ( e.g., “before” and “after”). Com-
pared to the aforementioned methods, our method
not only can learn discriminative difference repre-
sentation, but also can describe it using an accurate
natural language sentence.

3 Methodology

We present a semantic relation-aware difference
representation learning (SRDRL) network for
change localization and devise an attention-based
Visual Switch (AVS) under the guidance of POS
information for caption generation. When a pair of
“before” and “after” images are given (denoted as
Ibef and Iaft), our SRDRL first detects what (po-
sition, number, attribute, or nothing) has changed
in a scene and further decides where to localize on
both Ibef and Iaft. Then, during caption genera-
tion, the AVS is able to dynamically decide when
to use visual information and which to use (e.g.,

“before” and “after”).

3.1 Semantic Relation-aware Difference
Representation Learning Network

3.1.1 Self-Semantic Relation Embedding
Formally, given a pair of Ibef and Iaft, we first
use pre-trained CNN model to extract object-level
features and denote them as Xbef and Xaft, where
Xi ∈ RC×H×W ; C, H, W indicate the number
of channels, height, and width. However, These
original object features are independent, and there
exist semantic relations among them (Huang et al.,
2020; Wu et al., 2019; Yin et al., 2020). Inspired
by the self-attention (Vaswani et al., 2017) using
in machine translation, the self-semantic relation
embedding block (SSRE) relies on it to implicitly
model the semantic relations among objects in each
image. Specifically, we first reshape Xi to Xi ∈
RN×C (N = HW ), where i ∈ (bef, aft). Then,
given (key, value), SSRE exploits the scaled dot-
product attention on queries Q by:

SSRE(Q,K, V ) = softmax

(
QKT

√
dk

)
V. (1)

In our case, the queries, keys and values are all
projections of the object features of Xi:

(Q,K, V ) =
(
XiW

Q, XiW
K , XiW

V
)
. (2)
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Though the SSRE, the semantic relations are em-
bedded in the original object features; both Xbef

andXaft can be updated toX ′bef andX ′aft. Finally,
we subtract X ′bef from X ′aft to capture the seman-
tic difference X ′diff in the both object feature and
relation aspects.

3.1.2 Cross-Semantic Relation Measuring

Due to the existing of distractors, the resulting
X ′diff would include some irrelevant information,
which would be noises for the accurate difference
representation learning on both X ′bef and X ′aft.
Thus, we propose a cross-semantic relation mea-
suring block (CSRM) to distinguish the semantic
change from the irrelevant illumination or view-
point change by measuring the cross-semantic re-
lation between the X ′diff and X ′bef (X ′aft). Con-
cretely, the CSRM utilizes the X ′diff to first query
the possible “candidate change” Cbef on the X ′bef ,
and then generates an “attention gate” Abef mea-
suring its semantic relations with respect to X ′bef .
These are defined by using two separate non-linear
transformations:

Cbef = φ
(
X ′diffW

i
q +X ′befW

i
v + bi

)
,

Abef = σ
(
X ′diffW

g
q +X ′befW

g
v + bg

)
,

(3)

where W i
q ,W

i
v,W

g
q ,W

g
v ∈ RC×C , bi, bg ∈ RC ,

and C is the dimension of X ′diff and X ′bef ; σ and
φ denote the sigmoid and tanh function. The value
in the “attention gate” indicates the semantic rel-
evance between the “candidate change” and the
“before”. Thus, the more information in the “candi-
date change” passes through the “attention gate”,
the more X ′diff is relevant to X ′bef .

Next, the CSRM applies the Abef to the Cbef to
filter all the underlying change information and fo-
cus on only the information about semantic change
via element-wise multiplication:

C ′bef = Abef � Cbef . (4)

Besides, the information about semantic change
C ′aft is computed via the similar operation between
the X ′diff and X ′aft :

Caft = φ
(
X ′diffU

i
q +X ′aftU

i
v + zi

)
,

Aaft = σ
(
X ′diffU

g
q +X ′aftU

g
v + zg

)
,

C ′aft = Aaft � Caft.
(5)

3.1.3 Prior Knowledge-guided Change
Localizer

After obtaining the C ′bef and C ′aft, we use them as
the prior knowledge to guide the change localizer
to learn the difference representation. Specifically,
the change localizer first predicts two separate at-
tention maps under the guidance of C ′bef and C ′aft,
respectively:

X ′′bef = [X ′bef ;X
′
diff ;C

′
bef ] ,

abef = σ (conv2 (ReLU (conv1 (X
′′
bef )))) ,

X ′′aft = [X ′aft ;X
′
diff ;C

′
aft ] ,

aaft = σ (conv2 (ReLU (conv1 (X
′′
aft)))) ,

(6)
where [; ], conv, and σ indicate concatenation, con-
volutional layer, and element-wise sigmoid, respec-
tively. After that, the difference representation fea-
tures lbef and laft are attended to by applying abef
and aaft to the input image features X ′bef and X ′aft :

lbef =
∑

H,W abef �X ′bef , lbef ∈ RC ,
laft =

∑
H,W aaft �X ′aft, laft ∈ RC . (7)

3.2 Change Caption Generation
3.2.1 POS Predictor
Inspired by POS used in machine translation (Yin
et al., 2019), we dynamically predict POS tags 1 of
target words based on the previous hidden states
h
(t−1)
c of the caption generator. The predicted tags

help the captioning model use visual information
in a dynamic way.

Specifically, at time t, h(t−1)c is first fed into
a single hidden layer with the ReLU activation
function:

dpt = ReLU
(
W (1)
p h(t−1)c + b(1)p

)
, (8)

where W (1)
p ∈ RM×M and b(1)p ∈ RM , and M is

the dimension of the hidden state in caption gener-
ator. Then, a POS tag probability is predicted by a
linear transformation with a softmax function:

wpt = softmax
(
W (2)
p dpt + b(2)p

)
, (9)

where W (2)
p ∈ RM×n and b

(2)
p ∈ Rn, and n is

the number of POS tag. After obtaining wpt , we
represent the POS tag of the target word wt using
a semantic representation pt:

pt = Epw
p
t , (10)

whereEp ∈ Rn×N is a POS embedding matrix and
N is the dimension of the POS representation.

1The POS tags of words in ground truth are processed by
Stanford Log-linear Part-Of-Speech Tagger (Toutanova et al.,
2003).
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3.2.2 Attention-based Visual Switch
Visual Attention. We first use a visual attention
module to select a candidate feature from lbef , laft,
or ldiff (laft - lbef ), which could be relevant to the
target word:

l
(t)
dyn =

∑

i

α
(t)
i li, (11)

where i ∈ ( bef, diff, aft ). α(t)
i are current visual

attention weights and they are computed by an
attention LSTMa:

v = ReLU (Wd1 [lbef ; ldiff ; laft] + bd1)

u(t) =
[
v;h

(t−1)
c

]

h
(t)
a = LSTMa

(
h
(t)
a | u(t), h(0:t−1)a

)

α
(t)
i ∼ Softmax

(
Wd2h

(t)
a + bd2

)
(12)

whereWd1 , bd1 ,Wd2 , and bd2 are learnable parame-
ters. h(∗)a and h(∗)c are hidden states of the attention
module LSTMa and the caption generator LSTMc,
respectively.

Visual Switch. Then, we exploit a visual switch
to decide whether to rely on visual information to
predict the next word based on the predicted POS
information pt. At time step t, the visual switch βt
is defined as:

mt =
[
pt;h

t−1
c ; l

(t)
dyn

]
,

βt = σ(Ws2(ReLU(Ws1mt))),
(13)

where σ is the sigmoid function and Ws∗ are the
learnable parameters. The range of βt is [0,1] and
the value of it indicates how much visual informa-
tion to use when predicting the target word. Then,
we apply this switch to attended visual feature l(t)dyn

to control the use of visual information:

L
(t)
dyn = βt � l(t)dyn. (14)

3.2.3 Caption generator
After the proper visual information is obtained, we
use it and the previous word wt−1 (ground-truth
word during training, predicted word during infer-
ence) to the caption generator LSTMc to predict a
series of distributions over the next word:

c(t) =
[
E [wt−1] ;L

(t)
dyn

]
,

h
(t)
c = LSTMc

(
h
(t)
c | c(t), h(0:t−1)c

)
,

wt ∼ Softmax
(
Wch

(t)
c + bc

)
,

(15)

where E is a word embedding matrix; Wc and bc
are learnable parameters.

3.3 Joint Training
We jointly train the POS predictor and the caption
generator end-to-end by maximizing the likelihood
of the observed POS and word sequence. For the
POS predictor, given the target ground-truth POS
tags (wp1, . . . , w

p
m), we minimize its negative log-

likelihood loss:

Lpos(θp) = −
m∑

t=1

log p
(
wpt | wp<t; θp

)
, (16)

where θp are the parameters of the POS predictor
and m is the length of the POS tag.

For the caption generator, given the target
ground-truth caption words (wc1, . . . , w

c
m), we min-

imize its negative log-likelihood loss:

Lcap(θc) = −
m∑

t=1

log p (wct | wc<t; θc) , (17)

where θc are the parameters of the caption generator
and m is the length of the caption. Thus, the final
loss function is optimized as follows:

L(θ) = Lpos + Lcap (18)

4 Experiments

4.1 Datasets
CLEVR-Change. This dataset (Park et al., 2019)
is a large scale dataset with a set of basic geometry
objects, which consists of 79,606 image pairs and
493,735 captions. The change types consist of five
cases, i.e., “Color”, “Texture”, “Add”, “Drop”, and
‘’Move”. We use the official split with image pairs
of 67,660 for training, 3, 976 for validation and
7,970 for testing.

Spot-the-Diff. This dataset (Jhamtani and Berg-
Kirkpatrick, 2018) contains 13,192 real image pairs
which are well aligned image pairs, with one or
more changes between the images (but no distrac-
tors). Similar to (Park et al., 2019), we only evalu-
ate our model in a single change setting and split it
into training, validation, and test sets with a ratio
of 8:1:1.

4.2 Evaluation Metrics
We use five standard metrics to evaluate the qual-
ity of generated sentences, i.e., BLEU-4 (Papineni
et al., 2002), METEOR (Banerjee and Lavie, 2005),
ROUGE-L (Lin, 2004), CIDEr (Vedantam et al.,
2015) and SPICE (Anderson et al., 2016). We
get all the results in this paper according to the
Microsoft COCO evaluation server (Chen et al.,
2015).
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Table 1: Ablation studies on CLEVR-Change in terms of total performance,
where B-4, M, R, C, and S are short for BLEU-4, METEOR, ROUGE-L, CIDEr,
and SPICE, respectively.

Total
Method BLEU-4 METEOR ROUGE-L CIDEr SPICE
Baseline 53.1 37.3 70.6 115.6 31.2

SSRE 54.2 39.2 72.2 120.1 32.0
CSRM 53.7 38.5 71.6 118.0 32.0
SRDRL 54.8 40.1 73.2 121.0 32.6

AVS 53.2 38.5 71.3 115.7 31.6
SRDRL+AVS 54.9 40.2 73.3 122.2 32.9

Table 2: Ablation studies on CLEVR-Change in terms of different settings.

Scene Change None-scene Change
Method B-4 M R C S B-4 M R C S
Baseline 50.9 33.0 65.3 100.9 27.7 62.0 50.0 75.9 116.1 34.7

SSRE 51.7 35.0 67.7 111.2 29.3 62.0 51.2 76.8 115.6 34.8
CSRM 51.8 34.6 67.3 106.5 29.4 61.4 49.9 75.9 115.5 34.7
SRDRL 52.0 35.8 68.9 112.3 30.3 62.1 52.0 77.5 116.3 34.9

AVS 50.9 34.2 66.5 103.6 28.8 60.3 50.5 76.1 113.5 34.4
SRDRL+AVS 52.7 36.4 69.7 114.2 30.8 62.2 51.3 76.9 117.0 34.9

4.3 Implementation Details

To extract image features, we use ResNet-101 (He
et al., 2016) pre-trained on the Imagenet dataset
(Russakovsky et al., 2015). We use features from
the convolutional layer with dimensionality of 1024
× 14 × 14. The hidden size is set to 512 and the
number of attention heads in SSRE is set to 4. The
words are represented by trainable 300D word em-
bedding features. POS tags are divided into 16 cat-
egories. In the training phase, on CLEVR-Change
and Spot-the-Diff, we respectively set the mini-
batch size as 128 and 96. We use Adam optimizer
(Kingma and Ba, 2014) with the learning rate of 1
× 10−3 and 5 × 10−4, respectively. At inference,
greedy decoding strategy is used to generate target
captions. Both training and inference are imple-
mented with PyTorch (Paszke et al., 2019) on a
TITAN Xp GPU.

4.4 Ablation studies

In order to figure out the contribution of each mod-
ule, we carry out the following ablation studies on
CLEVR-Change: (1) Baseline which is based on
DDUA (Park et al., 2019); (2) SSRE which only
embeds the self-semantic relations of objects into
their representations; (3) CSRM which only mea-
sures the cross-semantic relations between the cap-

tured candidate difference and the original images,
and the learned discriminative difference represen-
tation is used as a prior knowledge to guide the
change localizer; (4) SRDRL which is the combi-
nation of (2) and (3); (5) AVS which only relies
on the POS information to determine when to use
visual information and which of them should be
used; (6) SRDRL+AVS which is the combination
of (4) and (5).

The Evaluation on Total Performance. We
frist study the total performance of each block of
the proposed method under the whole dataset, in-
cluding scene change and none-scene change. Ex-
perimental results are shown in Table 1. We can
observe that each module of the proposed method
improves the total performance of the baseline.
Moreover, the best performance is achieved when
putting them together, which indicates each block
not only plays its unique role, but also can be a sup-
plementary role for the others. This global statisti-
cal performance validates the generalization ability
of the proposed method, that is, it not only can
explicitly judge whether there is a semantic change
between a pair of unaligned images, but also can
describe the change using an accurate sentence.

The Evaluation on Scene Change and None-
scene Change. The experimental results are shown
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Table 3: Comparing with state-of-the-art methods on CLEVR-Change in Total Perfor-
mance. RL is short for reinforcement learning training strategies.

Total
Method RL B-4 M R C S

Capt-Dual (Park et al., 2019) × 43.5 32.7 - 108.5 23.4
DDUA (Park et al., 2019) × 47.3 33.9 - 112.3 24.5
M-VAM (Shi et al., 2020) × 50.3 37.0 69.7 114.9 30.5

M-VAM+RAF (Shi et al., 2020) X 51.3 37.8 70.4 115.8 30.7
SRDRL+AVS × 54.9 40.2 73.3 122.2 32.9

Table 4: Comparing with state-of-the-art methods on CLEVR-Change in terms of two settings.

Scene Change None-scene Change
Method RL B-4 M C S B-4 M C S

Capt-Dual (Park et al., 2019) × 38.5 28.5 89.8 18.2 56.3 44.0 108.9 28.7
DDUA (Park et al., 2019) × 42.9 29.7 94.6 19.9 59.8 45.2 110.8 29.1

M-VAM+RAF (Shi et al., 2020) X - - - - - 66.4 122.6 33.4
SRDRL+AVS × 52.7 36.4 114.2 30.8 62.2 51.3 117.0 34.9

in Table 2, in terms of scene change, we can ob-
serve that 1) SSRE, CSRM and AVS all achieve
improvements over the baseline; 2) compared with
SSRE, the improvement is relatively small when
respectively using CSRM and AVS; 3) better per-
formances are achieved when using two kinds of
combinations (SRDRL and SRDRL+AVS). These
indicate 1) the effectiveness of our proposed SR-
DRL and its single block, as well as the AVS; 2)
the priority of this task is to capture the semantic
difference in the image pair. The reason is that only
if the semantic difference is captured sufficiently,
can the following specific change localization and
caption generation do well on itself part.

Besides, we can observe that although each sin-
gle block can improve the baseline in the case of
scene change, but they are worse than the baseline
in one or more metrics in the case of none-scene
change. Our conjecture is that the robustness of sin-
gle block is relatively weak, so it would sometimes
misidentify the illumination or viewpoint change
as the actual semantic change. When observing
the performance of two kinds of combinations (SR-
DRL and SRDRL+AVS), both of them improve the
baseline in all metrics, which indicates the robust-
ness of our overall model is strong.

4.5 Performance Comparison

4.5.1 Results on CLEVR-Change

In this dataset, we compare with four state-of-the-
art methods, Capt-Dual (Park et al., 2019), DUDA

(Park et al., 2019), M-VAM (Shi et al., 2020) and
M-VAM+RAF (Shi et al., 2020), in four dimen-
sions: 1) the total performance of scene change
and none-scene change; 2) only scene change; 3)
only none-scene change; 4) specific type of scene
change. The comparison results are shown in Table
3, Table 4, and Table 5, respectively.

From Table 3, in terms of total performance, we
can clearly observe that our method achieves sig-
nificant improvements over them in all evaluation
metrics, in particular with an increase of 34.3%
and 7.2% in SPICE, respectively. From Table 4,
under two kinds of settings, we can observe that
our method outperforms DDUA with a large mar-
gin. Furthermore, since the M-VAM+RAF did not
report the results on scene change, we only com-
pare with them in the setting of none-change. We
can observe that it outperforms us in METEOR and
CIDEr. This superiority could derive from the rein-
forcement learning strategy. However, this strategy
will remarkably increase training time and compu-
tation complexity. Moreover, as reported in Table
3, our total performance is much better than them,
which is evaluated under the both scene change and
none-scene change. Hence, compared to them, our
method is more robust due to the discriminative
difference representation learning.

Table 5 is the detailed breakdown of the eval-
uation based on five change types: “Color” (C),
“Texture” (T), “Add” (A), “Drop” (D), and “Move”
(M). Specifically, compare to all SOTA methods,
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Table 5: A Detailed breakdown of Change Captioning evaluation on CLEVR-Change by different
change types: “Color” (C), “Texture” (T), “Add” (A), “Drop” (D), and “Move” (M).

Method RL Metrics C T A D M
Capt-Dual (Park et al., 2019) × CIDEr 115.8 82.7 85.7 103.0 52.6

DDUA (Park et al., 2019) × CIDEr 120.4 86.7 108.3 103.4 56.4
M-VAM+RAF (Shi et al., 2020) X CIDEr 122.1 98.7 126.3 115.8 82.0

SRDRL+AVS × CIDEr 136.1 122.7 121.0 126.0 78.9
Capt-Dual (Park et al., 2019) × METEOR 32.1 26.7 29.5 31.7 22.4

DDUA (Park et al., 2019) × METEOR 32.8 27.3 33.4 31.4 23.5
M-VAM+RAF (Shi et al., 2020) X METEOR 35.8 32.3 37.8 36.2 27.9

SRDRL+AVS × METEOR 39.0 35.6 38.9 38.0 30.1
Capt-Dual (Park et al., 2019) × SPICE 19.8 17.6 16.9 21.9 14.7

DDUA (Park et al., 2019) × SPICE 21.2 18.3 22.4 22.2 15.4
M-VAM+RAF (Shi et al., 2020) X SPICE 28.0 26.7 30.8 32.3 22.5

SRDRL+AVS × SPICE 32.4 30.9 33.0 32.4 25.4

Table 6: Comparing with state-of-the-art methods on
Spot-the-Diff.

Method RL M R C S
DDLA × 12.0 28.6 32.8 -
DDUA × 11.8 29.1 32.5 -
SDCM × 12.7 29.7 36.3 -
FCC × 12.9 29.9 36.8 -

static rel-att × 13.0 28.3 34.0 -
dynamic rel-att × 12.2 31.4 35.3 -

M-VAM × 12.4 31.3 38.1 14.0
M-VAM+RAF X 12.9 33.2 42.5 17.1
SRDRL+AVS × 13.0 31.0 35.3 18.0

our method significantly raises the CIDEr scores
in “Color” and “Texture” types, which indicates
our method can better distinguish the attribute
change of objects from an illumination change. Be-
sides, for the number or position change of objects
(“Add”, “Drop”, and “Move”), our method all out-
performs them in most of metrics. Especially for
SPICE, compared to them, our method has 64.9%
and 12.9% improvements for “Move” case, respec-
tively, which also shows our method can better
localize the object movement from the viewpoint
change. In particular, the most challenging change
types are “Texture” and “Move” in this dataset, be-
cause they are most often confused with the illumi-
nation or viewpoint changes (Park et al., 2019). The
relative experiments show that our method is more
robust than SOTAs, and this benefits from the fact
that the CSRM block helps attend to the actually
semantic change by measuring the cross-semantic
relations of the image pair and their difference.

<After><Before>

Ground Truth:

The tiny blue cylinder 

changed its location.

Baseline:

The small blue matte 

cylinder that is behind 

the big blue matte object 

is no longer there.

SRDRL:

The small blue shiny 

cylinder that is to the left 

of the tiny green matte 

thing has been added.

SRDRL+AVS:

The small blue metal 

cylinder that is behind the 

tiny green metallic object 

changed its location.

Figure 3: A comparative example about “Move” case
from the test set of CLEVR-Change, which involves
the caption generated by the baseline, SRDRL, and
SRDRL+AVS. We visualize the localization results on
“before” (blue) and “after” (red).

4.5.2 Results on Spot-the-Diff

To validate the generalization ability of the pro-
posed method, we conduct the experiments on a
recent published Spot-the-Diff dataset, where the
image pairs are mostly well aligned and their is
no viewpoint change. We compare with eight
SOTA methods and most of them cannot consider
handling viewpoint changes: DDLA (Jhamtani
and Berg-Kirkpatrick, 2018), DDUA (Park et al.,
2019), SDCM (Oluwasanmi et al., 2019a), FCC
(Oluwasanmi et al., 2019b), static rel-att / dyan-
mic rel-att (Tan et al., 2019), and M-VAM / M-
VAM+RAF (Shi et al., 2020).

70



Ground Truth

The small blue thing is 

in a different location.

<After><Before>

Ground Truth

The large green matte 

sphere that is behind 

the purple cylinder is 

in a different location.

SRDRL+AVS

The small blue metal 

cube that is to the right of 

the large gray matte thing 

is in a different location.

<After><Before>

SRDRL+AVS

The scene is the 

same as before.

Figure 4: Qualitative examples of SRDRL+AVS. The left is a successful case that SRDRL+AVS localizes the
accurate changed object and generates a correct sentence to describe the change. The right is a failure case that a
slight movement of the object is not detected.

The results are reported in Table 6. We can
observe that our method achieves the best perfor-
mance in terms of METEOR and SPICE. Espe-
cially for SPICE which is recently designed for
evaluating the image captioning task, our method
achives 28.6% and 5.3% improvements over the
current SOTA method M-VAM and M-VAM+RAF.
Hence, compared to the above methods, the gener-
ated captions by our method are more in line with
standards of human caption evaluation. This superi-
ority results from that the SSRE block can capture
the relation-embedded feature difference so as to
better explore those tiny changed objects.

4.6 Qualitative Analysis

Figure 3 shows a comparative example about
“Move” from the CLEVR-Change dataset, which
includes the change captions generated by humans,
baseline, SRDRL, and SRDRL+AVS. We also visu-
alize the results of change detection. The baseline
is implemented based on DDUA (Park et al., 2019).
We can clearly observe that it localizes a wrong
region on the “after” and thus misidentifies “Move”
as “Drop”. By contrast, both proposed methods
(SRDRL and SRDRL+AVS) can accurately local-
ize the moved object on both “before” and “after”
images, which validates the effectiveness of the
proposed SRDRL. Moreover, it is interesting to
note that, for the proposed methods, although the
results of change localization are accurate, only
using SRDRL generates a wrong caption, which
indicates the POS tags of target words indeed guide
and regularize the change caption generation.

Figure 4 illustrates two examples with viewpoint
changes on CLEVR-Change dataset. The left ex-
ample is a success in which SRDRL+AVA can dis-
tinguish the small blue changed cube from the ir-

relevant viewpoint change. This benefits from that
SRDRL can learn discriminative difference repre-
sentation and overcome viewpoint changes. The
right example shows a failure, where SRDRL+AVA
judges there is no difference. Our conjecture is that
the movement of this sphere is very slight and thus
confused with the viewpoint change. Hence, we
will improve our method to learn more fine-grained
difference representation in the future work.

5 Conclusion

In this paper, we propose a semantic relation-aware
difference representation learning network (SR-
DRL) and attention-based visual switch (AVS) to
address change captioning in the presence of dis-
tractors, where SRDRL can explicitly learn the dif-
ference representation in the image pair and AVS
can aid the caption generator to convey the local-
ized change in a logically and grammatically accu-
rate sentence. Extensive experiments conducted on
both CLEVR-Change and Spot-the-Diff datasets
show that the proposed method achieves state-of-
the-art results.
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Abstract
It is evident that deep text classification mod-
els trained on human data could be biased. In
particular, they produce biased outcomes for
texts that explicitly include identity terms of
certain demographic groups. We refer to this
type of bias as explicit bias, which has been
extensively studied. However, deep text clas-
sification models can also produce biased out-
comes for texts written by authors of certain
demographic groups. We refer to such bias as
implicit bias, of which we still have a rather
limited understanding. In this paper, we first
demonstrate that implicit bias exists in differ-
ent text classification tasks for different demo-
graphic groups. Then, we build a learning-
based interpretation method to deepen our
knowledge of implicit bias. Specifically, we
verify that classifiers learn to make predictions
based on language features that are related
to the demographic attributes of the authors.
Next, we propose a framework Debiased-TC
to train deep text classifiers to make predic-
tions on the right features and consequently
mitigate implicit bias. We conduct extensive
experiments on three real-world datasets. The
results show that the text classification models
trained under our proposed framework outper-
form traditional models significantly in terms
of fairness, and also slightly in terms of classi-
fication performance.

1 Introduction

Many recent studies have suggested that machine
learning algorithms can learn social prejudices
from data produced by humans, and thereby show
systemic bias in performance towards specific de-
mographic groups or individuals (Mehrabi et al.,
2019; Blodgett et al., 2020; Shah et al., 2020).
As one machine learning application, text classi-
fication has been proven to be discriminatory to-
wards certain groups of people (Dixon et al., 2018;

∗ The corresponding author: Zitao Liu

Borkan et al., 2019). Text classification applica-
tions such as sentiment analysis and hate speech
detection are common and widely used in our daily
lives. If a biased hate speech detection model is
deployed by a social media service provider to filter
users’ comments, the comments related to differ-
ent demographic groups can have uneven chances
to be recognized and removed. Such a case will
cause unfairness and bring in negative experiences
to users. Thus, it is highly desired to mitigate the
bias in text classification.

The majority of existing studies on bias and
fairness in text classification have mainly focused
on the bias towards the individuals mentioned in
the text content. For example, in (Dixon et al.,
2018; Park et al., 2018; Zhang et al., 2020), it is
investigated how text classification models perform
unfairly on texts containing demographic identity
terms such as “gay” and “muslim”. In such scenar-
ios, the demographic attributes of the individuals
subject to bias explicitly exist in the text. In this
work, we refer to this kind of bias as explicit bias.
Bias in texts, however, can be reflected more sub-
tly and insidiously. While a text may not contain
any reference to a specific group or individual, the
content can somehow be revealing of the demo-
graphic information of the author. As shown in
(Coulmas, 2013; Preoţiuc-Pietro and Ungar, 2018),
the language style (e.g., wordings and tone) of a
text can be highly correlated with its author’s de-
mographic attributes (e.g., age, gender, and race).
We find that a text classifier can learn to associate
the content with demographic information and con-
sequently make unfair decisions towards certain
groups. We refer to such bias as implicit bias.
Table 1 demonstrates an example of implicit bias.
There are two short texts where the first text is
written by a white American and the second one
is written by an African American. The task is to
predict the sentiment of a text by a convolutional
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Table 1: An illustrative example on the implicit bias of a CNN text classification model.

Author Text Label Prediction
White American Can’t wait to visit your new home. Yes, I going to be a great guest! positive positive

African American Can’t wait to visit your new home. Yup , I goin to be a great guest! positive negative

neural network (CNN) model. Words with a red
background indicate those with the salient predic-
tive capability by the model where the darker the
color, the more salient the words. The words “yup”
and “goin” in the second text are commonly used
by African Americans (Liu et al., 2020a) and are
irrelevant to the sentiment. However, the CNN
model has hinted at them and consequently has
predicted a positive text to be negative.

In this work, we aim to understand and miti-
gate implicit bias in deep text classification models.
One key source of bias is the imbalance of train-
ing data (Dixon et al., 2018; Park et al., 2018).
Thus, existing debiasing methods mainly focus on
balancing the training data, such as adding new
training data (Dixon et al., 2018) and augmenting
data based on identity-term swap (Park et al., 2018).
However, these methods cannot be directly applied
to mitigate implicit bias. Obtaining new texts from
authors of various demographic groups is very ex-
pensive. It requires heavy human labor. Mean-
while, given that there is no explicit demographic
information in texts, identity-term swap data aug-
mentation is not applicable. Thus, we propose to
enhance deep text classification models to mitigate
implicit bias in the training process. To achieve
this goal, we face tremendous challenges. First, to
mitigate the implicit bias, we have to understand
how deep models behave. For example, how they
correlate implicit features in text with demographic
attributes and how the models make biased predic-
tions. Second, we need to design new mechanisms
to take advantage of our understandings to mitigate
the implicit bias in deep text classifiers.

To address the above challenges, in this paper,
we first propose an interpretation method, which
sheds light on the formation mechanism of implicit
bias in deep text classification models. We show
that the implicit bias is caused by the fact that the
models make predictions based on incorrect lan-
guage features in texts. Second, based on this find-
ing, we propose a novel framework Debiased-TC
(Debiased Text Classification) to mitigate the im-
plicit bias of deep text classifiers. More specifically,
we equip the deep classifiers with an additional
saliency selection layer that first determines the

correct language features which the model should
base on to make predictions. We also propose an
optimization method to train the classifiers with
the saliency selection layer. Note that both our
proposed interpretation method and the learning
framework are model-agnostic, which means that
they can be applied to any deep text classifier. We
evaluate the framework with two popular deep text
classification models across various text classifi-
cation tasks on three public datasets. The experi-
mental results demonstrate that our method signifi-
cantly mitigates the implicit bias in the classifica-
tion models while maintaining or even improving
their prediction performance.

2 Preliminary Study

In this section, we perform a preliminary study to
validate the existence of implicit bias in deep text
classification models. We first introduce the data
and text classification tasks, and then present the
empirical results.

2.1 Data and Tasks

In the preliminary study, we investigate different
text classification tasks and various demographic
groups to validate the implicit bias. We use three
datasets, including the DIAL and PAN16 datasets
processed by (Elazar and Goldberg, 2018) and the
Multilingual Twitter Corpus (MTC) introduced in
(Huang et al., 2020).

The DIAL dataset contains dialectal texts col-
lected from Twitter. Each tweet’s text is associated
with the race of the author as the demographic
attribute, denoted as “white” or “black”, respec-
tively. This dataset is annotated for two classifica-
tion tasks: sentiment analysis and mention detec-
tion. The sentiment analysis task aims to categorize
a text as “happy” or “sad”. The mention detection
task tries to determine whether a tweet mentions an-
other user, which can also be viewed as distinguish-
ing conversational tweets from non-conversational
ones.

The PAN16 dataset consists of tweets. For each
tweet, age and gender of its author have been man-
ually labelled. The demographic attribute age has
two categories of “18-34” and “≥ 35”, and gender
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has “male” and “female”. Also, this dataset is an-
notated for the mention detection task as described
above.

The MTC dataset contains multilingual tweets
for the hate speech detection task. Each tweet is
annotated as “hate speech” or “non hate speech”
and associated with four author’s demographic at-
tributes: race, gender, age, and country. We only
use the English corpus with the attribute race. In
this dataset, the attribute race has two categories,
i.e., “white” and “nonwhite”.

More information about these three datasets, in-
cluding their statistical information, annotation pro-
cess, and the links to downloadable versions of the
data can be found in Appendix A.

2.2 Empirical study

In this subsection, we aim to empirically study
if text classification models make the predictions
dependent on the demographic attributes of the
authors of the texts. The explicit bias in text classi-
fication tasks stems from the imbalance of training
data (Dixon et al., 2018; Park et al., 2018). For
example, when there are more negative examples
from one group in the training data, the model
learns to correlate that group with the negative la-
bel, which results in bias. Inspired by this obser-
vation, to validate the existence of implicit bias,
we investigate if the imbalance of training data in
terms of demographic attributes of the authors can
lead to biased predictions. To answer this question,
we consider the following setting: (1) the training
data has an equal number of positive and negative
examples; and (2) positive and negative examples
in the training data are imbalanced among differ-
ent groups of the authors according to their demo-
graphic attributes. Intuitively, if the predictions are
independent of the demographic attributes of au-
thors, the model should still perform similarly for
different groups.

For each task and demographic attribute of au-
thors, we consider two labels (i.e., positive and
negative) and two demographic groups (i.e., Group
I and Group II). For each dataset, we follow the
aforementioned setting to build a training set. We
make the training set overall balanced in terms of
the labels and demographic groups. That is, we
set the overall ratio of positive and negative exam-
ples as 1:1, and the overall ratio of examples from
Group I and Group II as 1:1 as well. Meanwhile,
we make the data in each group imbalanced. In

particular, for Group I, we set the ratio of its posi-
tive and negative examples to 4:1, while the ratio
is automatically set to 1:4 for Group II. We name
the proportion of positive and negative samples in
Group I as the “balance rate”. We train a CNN text
classifier as a representative model on the training
set and evaluate it on the test set. We use the false
positive/negative rates (Dixon et al., 2018) and the
demographic parity rate (a.k.a., positive outcome
rate, the probability of the model predicting a pos-
itive outcome for one group) (Dwork et al., 2012;
Kusner et al., 2017) to evaluate the fairness of the
classification models.

The results are shown in Table 2. For the
demographic attribute race, Group I/Group II
stands for white/black in the DIAL dataset, and
white/nonwhite in the MTC dataset. For gender
and age, Group I/Group II stands for male/female
and age ranges (18-34)/(≥35), respectively. From
the table, we observe that in terms of different tasks
and demographic attributes of authors, the model
shows significant bias with the same pattern. For all
cases, the demographic group with more positive
examples (Group I) always gets a higher false posi-
tive rate, a lower false negative rate, and a higher
demographic parity rate than the other group. This
demonstrates that imbalanced data can cause im-
plicit bias, and the predictions are not independent
of the demographic attributes of authors. Since
the text itself doesn’t explicitly contain any demo-
graphic information, the model could learn to rec-
ognize the demographic attributes of authors based
on implicit features such as language styles and
associate them with a biased outcome. Next, we
will understand one formation of implicit bias and
then propose Debiased-TC to mitigate it.

3 Understanding Implicit Bias

In this section, we aim to understand the possible
underlying formation mechanism of implicit bias.
Our intuition is – when a training set for sentiment
analysis has more positive examples from white
authors and more negative examples from black
authors, a classification model trained on such a
dataset may learn a “shortcut” (Mahabadi et al.,
2020) to indiscriminately associates the language
style features of white people with the positive sen-
timent and those of black people with the negative
sentiment. In other words, the model does not
use the correct language features (e.g., emotional
words) to make the prediction. Thus, we attempt
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Table 2: Preliminary study.

Dataset Task Demo False Positive (%) False Negative (%) Demographic Parity (%)

Group I Group II Group I Group II Group I Group II

DIAL Sentiment Race 46.97 23.38 21.29 62.75 62.84 30.32
Mention Race 48.72 15.99 17.32 34.90 65.70 40.55

PAN16 Mention Gender 23.90 12.30 13.06 23.01 55.42 44.64
Mention Age 24.91 9.88 16.48 26.43 54.22 41.72

MTC Hate Speech Race 80.33 1.77 12.13 49.35 84.10 26.21

to examine the following hypothesis: A deep text
classification model presents implicit bias since it
makes predictions based on language features that
should be irrelevant to the classification task but
are correlated with a certain demographic group of
authors. To verify this hypothesis, we first propose
an interpretation method to detect the salient words
a text classification model relies on to make the
prediction. The interpretation model enables us to
check the overlapping between the salient words
and the words related to the authors’ demographic
attributes. Consequently, it allows us to understand
the relationship between such overlapping and the
model’s implicit bias.

3.1 An Interpretation Method
We follow the idea of the learning-based interpre-
tation method L2X (Chen et al., 2018) to train an
explainer to interpret a given model. The reasons
for choosing L2X are – 1) as a learning-based ex-
plainer, it learns to globally explain the behavior of
a model, instead of explaining a single instance at
one time; and 2) the explainer has the potential to
be integrated into our debiasing framework to miti-
gate implicit bias in an end-to-end manner, which
will be introduced in Section 4.

A binary text classification modelM : X → Y
maps an input text X = (x1, x2, . . . , xn) to a
label Y ∈ {0, 1}. For a certain model M, we
seek to specify the contribution of each word in
X for M to make the prediction Y . The contri-
butions can be denoted as a saliency distribution
S = (s1, s2, . . . , sn), where si is the saliency score
of the word xi, and

∑n
i=1 si = 1. Given a model

M, we train an explainer EM : X → S to estimate
the saliency distribution S of an input text X .

The explainer is trained by maximizing
I(XS , Y ), the mutual information (Cover, 1999)
between the response variable Y and the selected
featureXS ofX under saliency distribution S. The
selected feature XS = X � S = (s1 · x1, s2 ·
x2, . . . , sn · xn) 1 is calculated as the element-wise

1Without confusion, we use xi to denote both a word and
its word embedding vector.

x1

Model Y

Y

= SY

Explainer Y

⋯

sY1 ×

x2 x3 xn

sY2 × sY3 × sY
n ×

x1 x2 x3 xn

x1

Model Z

Z

SZ =

Explainer Z

⋯

sZ1 ×

x2 x3 xn

sZ2 × sZ3 × sZ
n ×

x1 x2 x3 xn

JS(SY, SZ)

Figure 1: An illustration of the bias interpretation
model.

product between X and S. In our implementation,
we parametrize the explainer by a bi-directional
recurrent neural network (RNN) followed by a lin-
ear layer and a Softmax layer. More details about
the optimization of the explainer can be found in
Appendix B.

3.2 Saliency Correlation Measurement
In this work, we assume that the text classification
task is totally independent of the demographic at-
tribute of the author of the text. In other words, lan-
guage features that reflect the author’s demographic
information should not be taken as evidence for the
main task. Thus, we propose to understand the
implicit bias of a deep text classification model by
examining the overlapping between salient words
for the main task and the words correlated with the
demographic attribute.

With the interpretation model, we can estimate
the saliency distributions of the input words for the
classification task and the demographic attribute
prediction task, respectively, and then check their
overlapping. As shown in Figure 1, we train two
modelsMY andMZ with the same architecture
for the former and the latter tasks, respectively.
Then, two corresponding explainers EY and EZ are
trained for them. Thus, given an input text X , two
explainers can estimate the saliency distributions
SY and SZ on two tasks, respectively. We use the
Jensen-Shannon (JS) divergence JS(SY ||SZ) to
measure the overlap between language features that
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Figure 2: The average JS divergence (solid lines) and
DPD (dash lines) vs. the balance rate. The x-axis indi-
cates the balance rate of the training set. The y-axis on
the left hand indicates the average JS divergence, and
the y-axis on the right hand is the DPD.

these two tasks relying on to make the predictions
on Y and Z.

3.3 Empirical Analysis

In this subsection, we present the experiments to
verify our hypothesis on the formulation of implicit
bias. Following the experimental settings in Sec-
tion 2.2, we vary the “balance rate” of the training
data and then observe how the saliency correlation
changes. We use CNN text classifiers (see Ap-
pendix C for details) for both MY and MZ . In
Figure 2, we show how the average JS divergence
and the demographic parity difference (DPD) vary
with the changes of the balance rate. DPD is the
absolute value of the difference between the demo-
graphic parity rates for the two groups. We only
report the results for DIAL and PAN16 datasets
and DPD as the fairness metric since we achieved
similar results for other settings. For each task and
each demographic attribute, the DPD is small when
the training data are balanced and becomes large
when the data are imbalanced. However, the JS di-
vergence is large for balanced data while small for
imbalanced data. A larger DPD indicates stronger
implicit bias and a smaller JS divergence stands for
a stronger overlap between the saliency distribu-
tions for the two tasks. Thus, these observations
suggest that when the training data are imbalanced,
the text classifiers tend to use language features
related to the demographic attribute of authors to
make the prediction.

x1

Model Y

Y

Corrector

⋯

̂s1 ×

x2 x3 xn

̂s2 × ̂s3 × ̂sn ×

x1 x2 x3 xn

Model Z

Z√ ╳

̂S =

Figure 3: An illustration of the bias mitigation model.

4 The Bias Mitigation Framework

In the previous section, we showed that a model
with implicit bias tends to utilize features related
to the demographic attribute of authors to make
the prediction, especially when training data is
imbalanced in terms of the demographic attribute
of authors. One potential solution is to balance
the training data by augmenting more examples
from underrepresented groups. However, collect-
ing new data from authors of different demograph-
ics is expensive. Thus, to mitigate the implicit
bias, we propose a novel framework Debiased-TC.
Our proposed approach can mitigate implicit bias
by automatically correcting their selection of in-
put features. In this section, we will introduce the
proposed framework with the corresponding opti-
mization method.

4.1 Debiased Text Classification Model
An illustration of Debiased-TC is shown in Fig-
ure 3. Similar to the explainer in the interpreta-
tion model, we equip the base model MY with
a corrector layer C after the input layer. The
corrector C : X → S learns to correct the
model’s feature selection. It first maps an input
text X = (x1, x2, . . . , xn) to a saliency distribu-
tion S = (s1, s2, . . . , sn), which is expected to
give high scores to words related to the main tasks
and low scores to words related to demographic
attributes of authors. Then, it assigns weights to
the input features with the saliency scores by cal-
culating XS = X � S, which is fed into the classi-
fication modelMY for prediction.

To train a corrector to achieve the expected goal,
we adopt the idea of adversarial training. More
specifically, in addition to the main classifierMY ,
we introduce an adversarial classifierMZ , which
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takesXS as the input and predicts the demographic
attribute Z. During the adversarial training, the
corrector attempts to helpMY make correct pre-
dictions while preventingMZ from predicting de-
mographic attributes. To make this feasible, we use
the gradient reversal technique (Ganin and Lempit-
sky, 2015), where we add a gradient-reversal layer
between the weighted inputs XS and the adversar-
ial classifierMZ . The gradient-reversal layer has
no effect on its downstream components (i.e., the
adversarial classifierMZ). However, during back-
propagation, the gradients that pass down through
this layer to its upstream components (i.e., the cor-
rector C) are getting reversed. As a result, the cor-
rector C receives opposite gradients fromMZ . The
outputs of theMY andMZ are used as signals to
train the corrector such that it can upweight the
words correlated with the main task label Y and
downweight the words correlated with the demo-
graphic attributeZ. We set the adversarial classifier
MZ with the same architecture as the main classi-
fierMY . The corrector C has the same architecture
as the explainer introduced in Section 3.

4.2 An Optimization Method for
Debiased-TC

In this subsection, we discuss the optimization
method for the proposed framework. We denote
the parameters ofMY ,MZ and C as WY , WZ

and Θ, respectively. The optimization task is to
jointly optimize the parameters of the classifiers,
i.e., WY and WZ , and the parameters of the cor-
rector, i.e., Θ. We can view the optimization as
an architecture search problem. Since our debi-
asing framework is end-to-end and differentiable,
we develop an optimization method for our frame-
work based on the differentiable architecture search
(DARTS) technique (Liu et al., 2018). We update
MY ,MZ by optimizing the training losses LYtrain
and LZtrain on the training set and update Θ by op-
timizing the validation loss Lval on the validation
set through gradient descent. We denote the cross-
entropy losses for MY and MZ as LY and LZ ,
respectively. LYtrain and LZtrain indicate the cross-
entropy losses LY and LZ on the training set. Lval
denotes the combined loss of the two cross-entropy
losses L = LY + LZ on the validation set.

The goal of optimizing the corrector is to find
optimal parameters Θ∗ that minimizes the valida-
tion loss Lval(WY ∗,WZ∗,Θ), where the optimal
parameters WY ∗ and WZ∗ are obtained by mini-

mizing the training losses as follows.

WY ∗ = arg min
WY

LYtrain(WY ,Θ∗)

WZ∗ = arg min
WZ

LZtrain(WZ ,Θ∗)

The above goal forms a bi-level optimization prob-
lem (Maclaurin et al., 2015; Pham et al., 2018),
where Θ is the upper-level variable and WY and
WZ are the lower-level variables:

min
Θ

Lval
(
WY ∗(Θ),WZ∗(Θ),Θ

)

s.t. WY ∗(Θ) = arg min
WY

LYtrain(WY ,Θ∗)

WZ∗(Θ) = arg min
WZ

LZtrain(WZ ,Θ∗)

Optimizing Θ is time-consuming due to the expen-
sive inner optimization of WY and WZ . There-
fore, we leverage the approximation scheme as
DARTS:

∇Θ Lval
(
WY ∗(Θ),WZ∗(Θ),Θ

)

≈ ∇Θ Lval
(
WY − ξ∇WY LYtrain(WY ,Θ),

WZ − ξ∇WZLZtrain(WZ ,Θ),Θ
)

where ξ is the learning rate for updating WY

and WZ . The approximation scheme estimates
WY ∗(Θ) and WZ∗(Θ) by updating WY and
WZ for a single training step, which avoids
the total optimization W∗(Θ) = arg minW

Ltrain(W,Θ∗) to the convergence. In our imple-
mentation, we apply first-order approximation with
ξ = 0, which can even lead to more speed-up. Also,
in our specific experiments, since the amount of
validation data is limited, we build an augmented
validation dataset V ′ = V ∪ T combining the orig-
inal validation set V with the training set T for
optimizing Θ.

We present our DARTS-based optimization al-
gorithm in Algorithm 1. In each iteration, we first
update the corrector’s parameters based on the aug-
mented validation set V ′ (lines 2-3). Then, we col-
lect a new mini-batch of training data (line 4). We
generate the saliency scores S = (s1, s2, . . . , sn)
for the training examples via the corrector with
its current parameters (line 5). Next, we make
predictions via the classifiers with their current pa-
rameters and XS (line 6). Eventually, we update
the parameters of the classifiers (line 7).

5 Experiment

In this section, we conduct experiments to evaluate
our proposed debiasing framework. Through the
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Algorithm 1: The DARTS-based optimiza-
tion method for Debiased-TC.

1 Input: Training data T = {Xi, Yi, Zi}|T |i=1 and
Validation data V = {Xi, Yi, Zi}|V|i=1

2 Output: classifier parameters WY ∗ and WZ∗; and
corrector parameters Θ∗

3 Initialize WY , WZ and Θ
1: while not converged do
2: Sample a mini-batch of validation data from

V ′ = V ∪ T
3: Update Θ by descending

∇Θ Lval
(
WY − ξ∇WY LYtrain(W

Y ,Θ),

WZ − ξ∇WZLZtrain(W
Z ,Θ),Θ

)
(ξ = 0 for first-order approximation)

4: Collect a mini-batch of training data from T
5: Generate S via the corrector with current parameters

Θ
6: Generate predictions via the classifiers with current

parameters WY , WZ and XS
7: Update WY and WZ by descending

∇WY LYtrain(W
Y ,Θ) and∇WZLZtrain(W

Z ,Θ)
8: end while

experiments, we try to answer two questions: 1)
Does our framework effectively mitigate the im-
plicit bias in various deep text classification mod-
els? and 2) Does our framework maintain the per-
formance of the original models (without debasing)
while reducing the bias?

5.1 Baselines

In our experiments, we compare our proposed de-
biasing framework with two baselines. Since there
is no established method for mitigating implicit
bias, we adopt two debiasing methods designed for
traditional explicit bias and adapt them for implicit
bias.

Data Augmentation* (Data Aug) (Dixon et al.,
2018). We manually balance the training data of
two demographic groups by adding sufficient neg-
ative examples for Group I and positive examples
for Group II. As a result, the ratio of positive and
negative training examples for both groups is 1:1.
As discussed in the introduction, obtaining addi-
tional labeled data from specific authors is very
expensive. In this work, we seek to develop a bias
mitigation methodology without extra data. Since
Data Aug introduces more training data, it’s not
fair to directly compare it with other debiasing
methods that only utilize original training data (in-
cluding our method). We include Data Aug as a
special baseline for reference.

Instance Weighting (Ins Weigh) (Zhang et al.,
2020). We re-weight each training instance with
a numerical weight P (Y )

P (Y |Z) based on the label dis-

tribution for each demographic group to mitigate
explicit bias. In this method, a random forest clas-
sifier is built to estimate the conditional distribu-
tion P (Y |Z) and the marginal distribution P (Y )
is manually calculated.

5.2 Experimental Settings
We conduct our experiments for implicit bias mit-
igation on two representative base models: CNN
(Kim, 2014) and RNN (Chung et al., 2014). We
use the same datasets with manually designed pro-
portions, as described in Section 2.2. The details of
the base models, as well as the implementation de-
tails of the experiments, can be found in Appendix
C.

5.3 Performance Comparison
We train the base models with our proposed debi-
asing framework as well as the baseline debiasing
methods. We report the performance on the test set
in terms of fairness and classification performance.

Fairness Evaluation. Table 3 shows the results
for fairness evaluation metrics: false positive equal-
ity difference (FPED), false negative equality dif-
ference (FNED), and DPD. FPED/FNED indicates
the absolute value of the difference between the
false positive/negative rates of the two groups. We
make the following observations. First, the base
models attain high FPED, FNED, and DPD, which
indicates the existence of significant implicit bias
towards the authors of the texts. Ins Weigh seems
ineffective in mitigating implicit bias since it only
achieved comparable fairness scores with the base
models. Note that not every example that belongs
to a certain group necessarily results in bias towards
that group. Thus, assigning a uniform weight for all
examples with the same label Y and demographic
attribute Z is not a proper way to reduce implicit
bias. Third, both Data Aug and Debiased-TC can
mitigate the implicit bias by achieving lower equal-
ity and demographic parity differences. However,
compared to Data Aug, Debiased-TC has two ad-
vantages. First, Data Aug needs to add more train-
ing data while Debiased-TC does not. Debiased-
TC can locate the main source of implicit bias by
analyzing how it forms in a deep text classification
model. Due to the proposed corrector model, it can
make a classification model focus on the relevant
features for predictions and discard the features that
may lead to implicit bias. Second, Debiased-TC
is more stable than Data Aug. For the sentiment
classification task with race as the demographic
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Table 3: Fairness Performance Comparison. Note that Data Aug is a special baseline for reference.

Task Methods CNN RNN
FPED (%) FNED (%) DPD (%) FPED (%) FNED (%) DPD (%)

Base Model 23.59 41.45 32.52 26.86 42.36 34.61
Sentiment Data Aug* 21.00* 3.88* 12.44* 19.84* 0.59* 10.22*

Race Ins Weigh 25.47 41.43 33.45 26.86 42.36 34.61
(DIAL) Debiased-TC 6.08 4.63 0.73 6.67 5.68 0.50

Base Model 32.73 17.58 25.16 30.44 17.55 24.00
Mention Data Aug* 1.31* 7.31* 3.00* 0.77* 7.91* 4.34*

Race Ins Weigh 24.66 19.46 22.06 28.83 17.26 23.05
(DIAL) Debiased-TC 3.61 2.40 0.61 4.97 1.07 1.95

Base Model 11.60 9.95 10.78 10.62 8.33 9.47
Mention Data Aug* 0.84* 0.19* 0.32* 2.42* 0.72* 1.57*
Gender Ins Weigh 12.73 10.22 11.47 11.20 9.35 10.28
(PAN16) Debiased-TC 3.95 3.04 3.49 5.41 3.73 4.57

Base Model 15.03 9.96 12.49 13.07 7.34 10.20
Mention Data Aug* 3.71* 1.59* 1.06* 0.17* 2.69* 1.26*

Age Ins Weigh 16.53 8.71 12.62 13.24 7.94 10.59
(PAN16) Debiased-TC 7.29 2.91 5.10 7.64 2.69 5.16

Base Model 78.56 37.22 57.89 81.51 28.50 55.01
Hate Speech Data Aug* 88.81* 26.15* 57.48* 83.51* 22.73* 53.12*

Race Ins Weigh 87.51 31.92 59.72 84.45 27.44 55.95
(MTC) Debiased-TC 75.97 17.08 46.53 74.56 18.85 46.70

attribute, the CNN and RNN classifiers trained on
augmented data still result in high FPED and DPD
scores. This suggests that balancing the training
data cannot always mitigate implicit bias. In fact,
only training examples with demographic language
features can contribute to the implicit bias. Since
some texts in the training set do not contain any lan-
guage features belonging to a demographic group,
they do not help balance the data.

Text Classification Performance Evaluation.
The prediction performance of the text classifica-
tion models trained under various debiasing meth-
ods is shown in Table 4, where we report the ac-
curacy and F1 scores. First, it is not surprising to
see that Data Aug achieves the best performances,
since the data augmentation technique introduces
more training data. It’s not fair to directly compare
it with other debiasing methods that only utilize
original training data. Second, in most cases, our
method achieves comparable or even better perfor-
mance than the original base models. As we veri-
fied before, the implicit bias of a text classification
model is caused by the fact that it learns a wrong
correlation between labels and demographic lan-
guage features. Debiased-TC corrects the model’s
selection of language features for predictions and
thereby improves its performance on the classifica-
tion task.

In conclusion, our proposed debiasing frame-
work significantly mitigates the implicit bias, while
maintaining or even slightly improving the classifi-

cation performance.

6 Related Work

Fairness in Machine Learning. With the wide
spread of the machine learning (ML) applications
in our daily lives, bias and fairness issues in them
are drawing increasing attention from the com-
munity. Researches are conducted to detect and
mitigate the bias in ML models on various tasks.
Specifically, studies investigate how algorithms can
be biased in classification (Kamiran and Calders,
2009; Chouldechova, 2017), regression (Berk et al.,
2017; Agarwal et al., 2019), and clustering tasks
(Backurs et al., 2019; Chen et al., 2019). In the
domain of computer vision, researchers show that
ML-based face recognition (Buolamwini and Ge-
bru, 2018) and object detection (Ryu et al., 2017)
models perform unfairly for different demographic
groups. Besides, a lot of works examine the bias
in language related tasks, including word embed-
ding (Bolukbasi et al., 2016), coreference resolu-
tion (Zhao et al., 2018), machine translation (Prates
et al., 2019) and dialogue generation (Liu et al.,
2020a,b), etc. Moreover, some recent studies also
explore the relationship between the fairness of
an ML model and its other properties, such as ro-
bustness (Xu et al., 2020; Nanda et al., 2021) and
privacy (Cummings et al., 2019).

Fairness in Text Classification. In this work,
we focus on the fairness issues in the text clas-
sification task. In this task, Dixon et al. (2018)
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Table 4: Text Classification Performance Comparison (%). Note that Data Aug is a special baseline for reference.

Methods
Sentiment/Race Mention/Race Mention/Gender Mention/Age Hate Speech/Race

(DIAL) (DIAL) (PAN16) (PAN16) (MTC)

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1
CNN

Base Model 61.40 60.03 70.77 71.65 81.93 81.94 80.57 80.17 64.10 65.86
Data Aug* 67.58* 71.53* 76.42* 76.03* 84.11* 84.31* 84.08* 84.36* 66.96* 71.10*
Ins Weigh 61.06 60.36 71.62 69.66 81.86 81.85 80.70 81.05 65.25 68.73

Debiased-TC 63.60 66.58 73.15 71.84 81.67 82.01 80.41 79.68 69.14 72.69
RNN

Base Model 61.23 61.53 72.97 73.68 83.46 83.40 82.78 82.43 66.31 69.57
Data Aug* 67.82* 69.35* 78.42* 77.26* 86.25* 86.05* 86.12* 85.68* 68.55* 72.37*
Ins Weigh 61.23 61.53 73.37 73.79 83.46 83.32 82.80 82.58 67.26 70.94

Debiased-TC 63.68 66.70 74.05 73.41 81.81 81.51 80.21 79.17 66.76 70.76

demonstrate that the source of unintended bias in
models is the imbalance of training data, and they
provide a debiasing method, which introduces new
data to balance the training data. In (Park et al.,
2018), gender bias is measured on abusive language
detection models, and the effects of different pre-
trained word embeddings and model architectures
are analyzed. By considering the various ways that
a classifier’s score distribution can vary across des-
ignated groups, a suite of threshold-agnostic met-
rics is introduced in (Borkan et al., 2019), which
provides a nuanced view of unintended bias. Fur-
thermore, the work (Zhang et al., 2020) proposes
to debias text classification models using instance
weighting, i.e., different weights are assigned to the
training samples involving different demographic
groups. The works discussed above focus on ex-
plicit bias, where the demographic attributes are
explicitly expressed in the text. However, works
studying implicit bias are rather limited. Huang
et al. (2020) introduce the first multilingual hate
speech dataset with inferred author demographic
attributes. Through experiments on this dataset,
they show that popular text classifiers can learn
the bias towards the demographic attribute of the
author. But this work doesn’t discuss how the bias
is produced, and no debiasing method is provided.

7 Conclusion

In this paper, we demonstrate that a text classifier
with implicit bias makes predictions based on lan-
guage features correlated with demographic groups
of authors, and propose a novel learning framework
Debiased-TC to mitigate such implicit bias. The
experimental results show that Debiased-TC sig-
nificantly mitigates implicit bias, and maintains or
even improves the text classification performance
of the original models. In the future, we will inves-

tigate implicit bias in other NLP applications.
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A Details of the Datasets

In this section, we describe the statistical informa-
tion and the annotation process of the three datasets
DIAL, PAN16, and MTC used in our experiments.
The datasets DIAL and PAN16 can be downloaded
from the link 2. The dataset MTC can be down-
loaded from the link 3.

A.1 Data Statistics

The statistics of the datasets DIAL, PAN16, and
MTC are shown in Table 5. In the table, the “task”
section shows the text classification tasks included
in a dataset. “Sentiment” is short for sentiment
analysis. “Mention” is short for mention detec-
tion. “Hate Speech” is short for hate speech detec-
tion. “Demog.” indicates the demographic attribute
of the tweet authors collected in a dataset. The
“Size” section shows the total number of instances
in a dataset. Each instance is a tweet text. The
“Avg.Len.” section shows the average number of
words in one instance in a dataset.

Table 5: Statistics of the datasets.

Dataset Task Demog. Size Avg.Len.

DIAL Sentiment Race 317,151 11.20
Mention Race 400,000 10.56

PAN16 Mention Gender 175,871 14.64
Mention Age 175,471 14.55

MTC Hate Speech Race 47,627 19.60

A.2 Data Annotation

The DIAL dataset is annotated based on the di-
alectal tweet corpus (Blodgett et al., 2016), which
contains 59.2 million tweets from 2.8 million users.
The race attribute is annotated by an automated
probabilistic inference method based on the geolo-
cation information of the user and the tweet text.
Given that geolocation information (residence) is
highly associated with the race of a user, the model
can make accurate predictions. To further ensure
the accuracy, DIAL only keeps annotations with
confidence above 80%.

2https://github.com/yanaiela/
demog-text-removal

3https://github.com/xiaoleihuang/
Multilingual_Fairness_LREC
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The PAN16 dataset (Rangel et al., 2016) con-
tain 436 Twitter users, each of which has up to
1,000 tweets. The age and gender of the users are
manually annotated by referring to their LinkedIn
profiles. Specifically, annotators judge the gender
based on the user’s name and profile photo. The
age is inferred based on the user’s birth date or
degree starting date.

The MTC dataset (Huang et al., 2020) is an-
notated based on 7 published Twitter hate speech
datasets in five languages. The dataset contains
user demographic information such as race, gender,
age, and country. We only focus on the English cor-
pus and the attribute race in our experiments. The
race of a user is inferred by the computer vision
API, Face++4, based on the profile photo.

B Optimization of the Explainer

We train the explainer E by maximizing the mu-
tual information between the response variable Y
and the selected features XS . The optimization
problem can be formulated as:

max
E

I(XS ;Y ) (1)

s.t. S ∼ PE(S|X)

where

I(XS , Y ) = E
[

log
P (XS , Y )

P (XS)P (Y )

]

= E
[

log
PM(Y |XS)

P (Y )

]

∝ E
[

logPM(Y |XS)
]

= EXES|XEY |XS
[

logPM(Y |XS)
]

Solving the optimization problem in Eq. (1) is
equivalent to finding an explainer E satisfying the
following:

max
E

PM(Y |XS) s.t. S ∼ PE(S|X).

Hence, we train the explainer E by optimizing
PM(Y |XS) with the parameters of the classifica-
tion modelM fixed. In our implementation, we
adopt the cross-entropy loss for training, as we do
when we train the classification modelM.

4https://www.faceplusplus.com/

C Implementation Details

C.1 Details of Base Models
In the base model CNN, we use 100 filters with
three different kernel sizes (3, 4, and 5) in the con-
volution layer, where we use a Rectified Linear
Unit (ReLU) as the non-linear activation function.
Each obtained feature map is processed by a max-
pooling layer. Then, the features are concatenated
and fed into a linear prediction layer to get the final
predictions. A dropout with a rate of 0.3 is applied
before the linear prediction layer.

For the base model RNN, we use a one-layer
unidirectional RNN with Gated Recurrent Units
(GRU). The hidden size is set to 300. The last
hidden state of the RNN is fed into a linear predic-
tion layer to get the final predictions. We apply a
dropout with a rate of 0.2 before the linear predic-
tion layer.

C.2 Details of Experimental Settings
For the text classifiers, we use randomly initialized
word embeddings with a size of 300. All the mod-
els are trained by an Adam optimizer (Kingma and
Ba, 2015) with an initial learning rate of 0.001. We
apply gradient clipping with a clip-value of 0.25 to
prevent the exploding gradient problem. The batch
size is set to 64. For the base model and the base-
line methods, when the prediction accuracy of the
validation data doesn’t improve for 5 consecutive
epochs, the training is terminated, and we pick the
model with the best performance on the validation
set. Our model utilizes the validation data for train-
ing. To avoid it overfitting the validation data, we
don’t select the model based on its performance
on the validation set. Instead, we train the model
for a fixed number of epochs (5 epochs, the same
for all the three datasets) and evaluate the obtained
model.
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Abstract
Which type of information affects the existing
neural relation extraction (RE) models to make
correct decisions is an important question. In
this paper, we observe that entity type and trig-
ger are the most indicative information for RE
in each instance. Moreover, these indicative
clues are always constrained to co-occur with
specific relations at the corpus level. Moti-
vated by this, we propose a novel RAtionale
Graph (RAG) to organize such co-occurrence
constraints among entity types, triggers and re-
lations in a holistic graph view. By introducing
two subtasks of entity type prediction and trig-
ger labeling, we build the connection between
each instance and RAG, and then leverage rele-
vant global co-occurrence knowledge stored in
the graph to improve the performance of neu-
ral RE models. Extensive experimental results
indicate that our method outperforms strong
baselines significantly and achieves state-of-
the-art performance on the document-level and
sentence-level RE benchmarks.

1 Introduction

Relation extraction (RE), which aims to identify
the semantic relation between two entities in plain
text, is one of the fundamental tasks in informa-
tion extraction (IE). In the deep learning era, many
approaches are proposed including models based
on attention mechanism (Lin et al., 2016; Zhang
et al., 2017), graph neural networks (Zhang et al.,
2018; Guo et al., 2019), and pre-trained language
models (Joshi et al., 2020; Yu et al., 2020).

While these neural RE models have achieved
the latest state-of-the-art results, little is known
about which type of information affects the models
to make decisions. Recently, an empirical study
shows that the understanding of two main informa-
tion sources, entity type, and textual context, is nec-
essary and effective for training a RE model (Peng

∗Corresponding Author.

Augustus is the youngest of five children of Hawkins .

(type)
person

(type)
person

(lemma)
child

subjecttriggerobject

(Hawkins,per:parents,Augustus)

Pattern

Figure 1: Illustration of the decision-making process in
RE, where patterns are the most indicative information.

et al., 2020). Entity type, is always an important
side information for RE (Liu et al., 2014; Vashishth
et al., 2018). In the textual context, some words
play an indicative role in relation expression. Yu
et al. (2020) initially annotated the minimal con-
tiguous indicative word span and named them trig-
ger. For example, in Figure 1, when we notice that
both the subject and object entities are person, as
well as the trigger children appears in the con-
text, our immediate reaction is that they probably
hold a parent-child relation, then we make a further
judgment by reading the complete text.

What is the support behind such rapid and accu-
rate decision-making of human beings? In RE, if
we look at the entire corpus from a global view, we
can find a common phenomenon that one certain
entity type or trigger is constrained to co-occur with
specific relations. Taking entity type as an example,
two entities of type person can only participate
in person-related relations (e.g., per:parents,
per:siblings). Such global co-occurrence in-
duced by multiple seen instances serves as the cru-
cial prior knowledge in the process of human cogni-
tion (Chater et al., 2006), and can naturally form a
bipartite graph, in which the nodes on two sides are
entity types and relations respectively. Similarly,
the same logic can also go for triggers.

Inspired by the above observation, in this paper,
we propose a RAtionale Graph (RAG) to organize
the global co-occurrence statistics aggregated from
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the corpus. Specifically, nodes in the graph are con-
structed based on the relations and patterns1. There
are totally four types of directed edges that exist
between different types of nodes. For example, the
edge between a trigger node and a relation node
depicts the co-occurrence probability of a text ex-
pressing the relation when the trigger appears in the
text. This probabilistic knowledge, together with
the involved nodes, is collectively referred to as
rationale. In the end, RAG is excepted to present a
holistic view of all patterns and relations, and then
facilitate the relation prediction.

Now we incorporate RAG with neural networks
to improve the RE performance. Given an instance
with a text and two entities, we first predict the en-
tity type and label the trigger, then establish the link
between the input instance with the known patterns
in RAG, and finally enhance the instance represen-
tation with the attended relation node features in the
graph. Meanwhile, we introduce the gate mecha-
nism and graph neural networks (GNNs) to perform
the information propagation from the input instance
to relation nodes. Hence, this workflow makes full
use of all aforementioned rationale knowledge to
guide the processing of new instances by linking
them to each seen pattern stored in the graph, like
humans recognizing new things by intuitively asso-
ciating with the knowledge they have memorized.
In the training phase, the model learns simultane-
ously (1) the relation along with (2) the entity type
and trigger for each instance. This means that we
care about not only the final relation label (what),
but also the intermediate results, i.e., whether the
entity type and trigger are correctly predicted (why).
By doing so, we can retrieve the relevant global pat-
tern knowledge from the graph with the predicted
trigger and entity types, during testing.

To evaluate our approach, we first conduct ex-
periments on the document-level RE task Dialo-
gRE (Yu et al., 2020). Experimental results show
the benefits of the proposed method, leading to
state-of-the-art performance. An exciting discovery
is that our method is very effective in small-scale
annotation scenes, using only half (with 2,584 posi-
tive instances) of the pattern-annotated instances re-
sults in a comparable performance as using all con-
ventional annotated instances. To further validate
this advantage, we manually annotate 20% (with
2,585 positive instances) patterns of the sentence-

1For the sake of generality, we refer to the entity type and
trigger as pattern in the remaining of this paper.

level RE benchmark TACRED (Zhang et al., 2017),
and empirically demonstrate similar experimental
conclusions with DialogRE.

2 Related Work

Extracting relational facts between entities from
text is an essential and classical problem in natural
language processing. The popular research meth-
ods have gone through the iteration from pattern-
based methods (Mooney, 1999; Chang and Lui,
2001) to feature-based methods (Kambhatla, 2004;
Zhou et al., 2005), and then to neural-based meth-
ods (Zeng et al., 2014; Zhang et al., 2017). Nowa-
days, most state-of-the-art work develops powerful
neural models based on pre-trained language mod-
els or graph neural networks (Soares et al., 2019;
Zhang et al., 2019; Guo et al., 2019). All the time,
there are two main consensuses in the community:
when extracting a relation, entity types are impor-
tant side indicators, which are often used to en-
hance the input or output layer (Vashishth et al.,
2018; Kuang et al., 2020). On the other hand, not
all the words in the text are beneficial to RE. Thus
there are also efforts focusing on the heuristic or
implicit selection of the key clues related to rela-
tion expression (Zhang et al., 2018; Yu et al., 2019),
and Yu et al. (2020) is the first work to annotate
such clue words in texts and name them trigger.

However, most previous studies are only based
on local features, in other words, models are trained
on individual instance, limiting the ability to cap-
ture the connection between textual indicative infor-
mation and relations globally. Conversely, Su et al.
(2018) emphasized the importance of the global
view, and embed the textual relations with global
statistics to combat the wrong labeling problem of
distant supervision. Wang et al. (2020) proposed an
interpretable network embedding model based on
a corpus-level entity graph to rationalize medical
relation prediction. Unfortunately, their methods
are not suitable for the supervised RE task in the
general domain. The most related work, (Zhang
et al., 2020), collected a global type-relation map-
ping as prior knowledge to guide the optimization
with knowledge distillation. One major difference
is that we systematically consider both entity type
and textual trigger to collect all indicative knowl-
edge in a holistic view. Another unique aspect of
this work is that we perform the prediction of entity
type and trigger as two subtasks, while previous
studies only focus on the final relation labels.
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3 Rationale Graph (RAG)

Different from existing work only using raw text for
RE, we assume the global co-occurrence statistics
among relations, triggers, and entity types is given,
which are pre-construed based on the whole corpus,
and denoted as a graph G = (V, E), where each
vertex v ∈ V refers the relation, trigger, or entity
type pair extracted from the corpus and each edge
e ∈ E is associated with the global co-occurrence
count for the connected nodes. Inspired by Zhang
et al. (2020), we organize the global co-occurrence
count between two kinds of nodes as bipartite ra-
tionale mapping and pack all bipartite mappings
together to obtain a rationale graph (RAG). Figure
2 shows the schematic diagram for clarity.

3.1 Bipartite Rationale Mapping

Here we take type (short for entity type pair) and
relation as an example to describe the construction
process of bipartite rationale mapping. Specifically,
for instance with a text x and two entities (s, o),
we combine two entity types to achieve a pattern p.
From this step, we obtain the pattern set T = {ti}
and formulate a support set S(ti) for each ti, in
which the support set S(ti) contains all instances
with pattern ti. Besides, we also collect a set of
relations R = {rj}, and the support set S(rj) de-
noting the set of instances holding relation rj . The
co-occurrence number of pattern ti and relation rj
is defined as wij = |S(ti) ∩ S(rj)|. In other word,
every instance (x, s, o) with pattern ti and relation
rj is counted as a co-occurrence of ti and rj .

However, it is inappropriate to take the raw co-
occurrence count as mapping weight directly. The
relation distribution in reality typically has a power-
law tail (Zhang et al., 2017), meaning that the
count spans several orders of magnitude in dif-
ferent relations. To meet this challenge, for each
pattern, we normalize its co-occurrence count to
form a valid probability distribution over relations.
In the end, the bipartite mapping Mtp2re is con-
structed, with one node set being the types, the
other being the relations, and the weighted edges
w̄ij = p(rj |ti) = wij/

∑
j′ wij′ representing the

normalized global co-occurrence probability.

3.2 Graph Construction

Considering that trigger and type are two kinds of
information sources for RE (Peng et al., 2020), we
first introduce the bipartite rationale mapping from
type to relationMtp2re and the mapping from trig-

person-person
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Figure 2: Schematic diagram of RAG, in which edges
are weighted by normalized co-occurrence statistics.

ger to relation Mtg2re in RAG. In this way, we
assume that the graph reflects the prior probabil-
ity of relation when some indicative information
appears in the text. Furthermore, triggers are actu-
ally relations in the form of natural language (Hu
et al., 2020) and entity types are tightly bound to
certain trigger words within the context (Lin et al.,
2020). In other words, type and trigger are mutu-
ally related and restricted. Therefore, we introduce
a set of bidirectional mapping, that is, from type
to triggerMtp2tg and from trigger to typeMtg2tp.
Finally, we place four kinds of edges in the graph:
E ← {Mtp2re,Mtg2re,Mtp2tg,Mtg2tp}2.

4 Relation Extraction with RAG

In this section, we exemplify how to incorporate ex-
isting RE models with RAG. Given a text, a subject
entity, and an object entity, the model aims to iden-
tify the semantic relationship between these two
entities with the aid of RAG. Moreover, we also
require the model to predict entity type pair and
label trigger (if possible) as two auxiliary subtasks.
For the example in Figure 3, we build a unified
model that not only accurately predicts the relation
per:parents, but also provides meaningful ra-
tionales on how the prediction is made: the subject
and object entities are both person, and the key
clue children appears in the context.

4.1 Encoding Module
We utilize BERT (Devlin et al., 2019) as the feature
encoder to extract token representations due to its
effectiveness in representation learning. Theoreti-
cally, the encoding module can be easily replaced
by other advanced models. The encoder receives a
BERT-style packed sequence and outputs a context
representation matrix H ∈ Rn×d with an overall
vector hcls ∈ Rd (the representation of the [CLS]
token in BERT), where d is the vector dimension

2In view of the diversity of natural language, we use spaCy
(https://spacy.io/) to perform lemmatization on trig-
gers, before putting them into RAG as vertexes.
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Figure 3: The overall architecture of the proposed model. Rationale enhancing module is the core component in
our approach, which enhances the instance representation by retrieving pertinent rationales stored in RAG.

of the last layer of BERT. Typically, existing BERT-
based RE solutions first concatenate target entities
with the text or mark them in the input sequence
with special tokens, and then directly take hcls as
the input of final classification module (Joshi et al.,
2020; Yu et al., 2020).

4.2 Rationale Enhancing Module
The rationale enhancing module consists of two
enhancing branches and one rationale integration
unit. In each branch, we first predict pattern (type
or trigger) for the input instance and then calculate
the pattern probability that the instance belongs to
each pattern in RAG. The integration unit aims to
collect rationale enhancing features for final rela-
tion extraction based on the pattern probability and
the rationale in the graph.

4.2.1 Type Enhancing Branch
In this branch, we predict the types of subject and
object entities at the same time. Similar to RE, type
prediction is regarded as a closed-world classifica-
tion problem, and the class space is all seen entity
type pairs, that is, all type nodes in RAG. Follow-
ing the classification paradigm of BERT (Devlin
et al., 2019), we project the overall vector hcls into
a new space for type prediction:

htpcls = tanh(MLP{d,d}(hcls)),

ptp = SoftMax
(
MLP{d,ntp}(h

tp
cls)
)
.

(1)

Here MLPd,ntp(·) denotes a multi-layer perceptron
module with input dimension d and output dimen-
sion ntp, ptp ∈ Rntp is the type probability that the
given instance belongs to each type pair, where ntp
is the number of all known type pairs.

4.2.2 Trigger Enhancing Branch
Different from the prediction of entity type, triggers
are flexible and can be any word or phrase in the

text. We formulate the trigger recognition task as a
labeling problem with two label sequences.

Given the representation matrix H output from
BERT, the model predicts two probabilities of each
token being the start index and end index of a trig-
ger, respectively. To handle the instances with-
out clear trigger (about half of them), we concate-
nate H with hcls to form H̄ = [H;hcls], and set
the boundary index pointing to the [CLS] token.
These two probability distributions over the entire
sequence psta,pend ∈ R(n+1) can be obtained by

psta = SoftMax
(
MLP{d,1}(H̄)

)
,

pend = SoftMax
(
MLP{d,1}(H̄)

)
.

(2)

To align the labeling result with the triggers in
RAG, we first weight each token in H̄ based on
the two index probabilities and get the representa-
tion of predicted trigger htgpre ∈ Rd, then calculate
and normalize the similarity between htgpre and all
known triggers Vtg ∈ Rntg×d:

htgpre =
1

2
(psta + pend) H̄,

ptg = SoftMax
(
sim(htgpre,Vtg)

)
,

(3)

where ptg ∈ Rntg is the probability of the given
instance corresponding to each known trigger, ntg
is the number of all triggers, and sim(·) is a simi-
larity function as follows:

sim(htgpre,v
i
tg) =MLP{4d,1}([h

tg
pre;v

i
tg;

htgpre − vitg;h
tg
pre ◦ vitg]),

(4)

where vitg ∈ Rd is the i-th trigger in Vtg and ◦ de-
notes element-wise product. In that case, even if we
run into a new trigger that we have never seen be-
fore, we can also estimate the correlation between
the new trigger and the known triggers via semantic
similarity, and then absorb more global statistics
from similar triggers. It provides the possibility for
the rationale enhancing on trigger branch.
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4.2.3 Rationale Integration
For each type node in RAG, we update its embed-
ding with the instance type feature htpcls. It is intu-
itive that the higher the probability of an instance
to a type, the more its contribution to the updating
process of that type. Specifically, we first compute
the update representation for each type node based
on the pattern probability ptp, and then aggregate
information on the text side Vh

tp ∈ Rntp×d and
graph side Vtp ∈ Rntp×d via a gate mechanism:

Vh
tp = p>tph

tp
cls,

δtp = Sigmoid
(
MLP{2d,1}([Vtp;V

h
tp])
)
,

Ṽtp = (1− δtp) ◦Vtp + δtp ◦Vh
tp.

(5)
Similarly, we perform the same computation on

the trigger branch to reconstruct the trigger node
embeddings in RAG and result in V̄tg ∈ Rntg×d.

Next, we execute GNNs-based algorithm on the
RAG to update the representation of relation nodes.
R-GCN (Schlichtkrull et al., 2018) is chosen as the
message propagation strategy here because RAG is
naturally a heterogeneous graph:

V̄tp, V̄tg, V̄re = R-GCN
(
Ṽtp, Ṽtg,Vre

)
. (6)

After that, for the type enhancing branch, we
first calculate the mapping probability of an in-
stance to each relation based on the type probability
ptp and corresponding bipartite rationale mapping
Mtp2re ∈ Rntp×nre (i.e., the edge weightMtp2re),
and then weight the updated relation embeddings
based on the mapping probability to obtain type
enhancing vector htp ∈ Rd. Meanwhile, similar
operations are performed in the trigger branch:

htp = ptpMtp2reV̄re,

htg = ptgMtg2reV̄re.
(7)

4.3 Classification Module
The output module combines the overall vector and
two enhancing features to get final representation,
which is fed into a multi-layer perceptron followed
by a softmax function for relation classification:

hre = [hcls;htp;htg],

pre = SoftMax
(
MLP{3d,nre}(hre)

)
.

(8)

4.4 Training Objectives
Recall that there are totally three tasks in our model,
including relation extraction, type prediction, and

trigger (start and end indexes) labeling, which are
all reduced to the classification problem. In opti-
mization, we train the model end-to-end in a multi-
task manner here, and adopt cross-entropy as the
loss function for each task:

Ltask = CrossEntropy(ytask,ptask), (9)

where ytask denotes the ground truth, represented
by one-hot vector, ptask∈{re,tp,sta,end} is the esti-
mated probability for each class.

Towards learning to perceive the strong signal
that a known trigger exactly in the text, we utilize
contrastive loss (Hadsell et al., 2006). The intu-
ition is that the trigger in text htgpre and the matched
trigger in RAG vmattg should have similar represen-
tations (i.e., have a small distance in vector space,
d). For the mismatched trigger, we expect a margin
m between their embeddings. The contrastive loss
of trigger matching is as follows, where 1mat is 1
if a trigger is originally in the text and 0 if it is not:

d = ||htgpre − vmattg ||2,
Lmat = (1− 1mat)(max{0,m− d})2

+ (1mat)(d)2 .

(10)

The joint loss of trigger labeling is thus

Ltg = Lsta + Lend + Lmat. (11)

Finally, the losses from the main RE task and
two subtasks are aggregated to form the training
objective, with two weight factors λtp and λtg:

L = Lre + λtpLtp + λtgLtg. (12)

Extension. Here, we introduce a simple extension
to simultaneously make full use of all data with
relation label and any number of data with pattern
annotation. Specifically, when there are intact pat-
tern annotations for an instance, we set 1ext to 1
and calculate the losses of type prediction and trig-
ger labeling. Otherwise, we do not calculate them
and set 1ext to 0. In this way, the training objective
(Equation 12) is modified as follow,

L′ = Lre + 1ext(λtpLtp + λtgLtg). (13)

5 Experiments

We name our proposed model RARE3, which can
be adopted to both document-level and sentence-
level RE tasks. Due to the differences in data for-
mats, applicable baseline models, and the custom

3abbreviation of RAtionale enhanced Relation Extraction
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Model Dev Test
F1 ± σ F1c ± σ F1 ± σ F1c ± σ

Majority (Yu et al., 2020) 38.9 ± 0.0 38.7 ± 0.0 35.8 ± 0.0 35.8 ± 0.0
CNN (Yu et al., 2020) 46.1 ± 0.7 43.7 ± 0.5 48.0 ± 1.5 45.0 ± 1.4
LSTM (Yu et al., 2020) 46.7 ± 1.1 44.2 ± 0.8 47.4 ± 0.6 44.9 ± 0.7
BiLSTM (Yu et al., 2020) 48.1 ± 1.0 44.3 ± 1.3 48.6 ± 1.0 45.0 ± 1.3

BERT (Devlin et al., 2019) 60.6 ± 1.2 55.4 ± 0.9 58.5 ± 2.0 53.2 ± 1.6
TypeKDBERT (Zhang et al., 2020)† 62.4 ± 1.1 57.7 ± 1.0 60.8 ± 1.5 55.6 ± 1.4
RAREBERT (ours) 64.6 ± 0.7 60.1 ± 0.8 64.2 ± 1.2 58.7 ± 1.1

BERTs (Yu et al., 2020) 63.0 ± 1.5 57.3 ± 1.2 61.2 ± 0.9 55.4 ± 0.9
TypeKDBERTs (Zhang et al., 2020)† 65.1 ± 1.2 59.4 ± 0.9 63.5 ± 1.3 57.8 ± 1.2
RAREBERTs (ours) 67.5 ± 0.8 62.6 ± 1.0 66.4 ± 0.8 61.0 ± 1.0

Table 1: Main results on the document-level RE (DialogRE) task, σ denotes the standard deviation computed from
five independent runs of each model. † marks the results we reproduce based on the official released code.

in handling entities, we conduct two sets of ex-
periments, comparing RARE to their respective
state-of-the-art models on the two tasks. In the ex-
periment, we take bert-base-uncased as backbone
encoder to verify the effectiveness of RARE and
perform further analysis. Besides, we reproduce
TypeKD (Zhang et al., 2020) as an extra baseline,
which is a recent work using global statistics be-
tween entity types and relations in RE.
Implementation Details. We follow the same in-
put format and hyper-parameter settings as in base-
lines for fair composition. Besides, the layer num-
ber of RAG is set to 2 (chosen from {1, 2, 3}), the
match margin in Lmat is set to 0.1 (chosen from
{1, 0.1, 0.01}) for the two sets of experiments. We
tune the loss weights λtp and λtg with grid search
(chosen from [0.01, 0.05] in steps of 0.01) and set
λtp to 0.01 and λtg to 0.03. For the nodes in RAG,
we regard entity types, triggers, and relations as
plain text, then employ the encoding module to
achieve their initial embeddings. All the hyper-
parameters are tuned based on dev set.
Evaluation Metrics. Following popular choices
and previous work, we use F1/F1c scores as eval-
uation metrics in the document-level RE task (i.e.,
DialogRE), where F1c is computed by only tak-
ing in the early part of a dialogue as input, instead
of the entire dialogue. In the sentence-level RE
task (i.e., TACRED/V), we report micro-averaged
Precision, Recall, and F1 scores.

5.1 Document-Level Relation Extraction

DialogRE (Yu et al., 2020) is a human-annotated
document-level RE dataset constructed from the
transcripts of an American television situation com-
edy Friends. It is also the first RE dataset with both
entity type and trigger annotation.

P R F1

Type Prediction 79.3 77.4 78.3
Trigger Labeling 51.5 54.2 52.7

Table 2: Performance of two subtasks on DialogRE.

5.1.1 Experimental Setup
We employ BERT and BERTs (Yu et al., 2020) as
the encoding module of RARE in this task. BERTs
is a speaker-aware version of BERT, achieving the
best performance on the dataset. For the complete-
ness of experiments, we include all official base-
lines: Majority strategy and CNN/LSTM/BiLSTM-
based models (Yu et al., 2020).

5.1.2 Results and Analysis
Main Results. Comparing the performance of dif-
ferent models in Table 1, the first conclusion we
draw is that RAREBERTs outperforms all baseline
models in all evaluation matrices, which demon-
strates the effectiveness of our rationale enhanced
approach, as well as the motivation of using global
pattern co-occurrence statistics to boost the per-
formance of RE models. Secondly, RAREBERTs

improves by a relative margin against RAREBERT.
It is strong evidence that RARE is flexible enough
to adapt to various encoders. Thus, we have reason
to believe that a more powerful encoding module
could bring further performance gain for RARE.
Lastly, TypeKD-based models have a similar trend,
but their performance is relatively worse than mod-
els based on RARE, which shows that trigger and
type are two non-overlapping information sources,
and only considering one of them is not enough to
capture complete indicative knowledge.

We report the performance of RAREBERTs on the
two subtasks in Table 2. From the results, we find
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Dev F1

RAREBERT 64.6
w/o Rationale graph 62.3
w/o Type enhancing branch 62.8
w/o Trigger enhancing branch 63.3
w/o Trigger matching loss 64.0
w/o Probabilistic edge weights 63.7
w/o Gate mechanism & GNNs 63.5

Table 3: Ablation study on DialogRE dev set.

that type prediction is relatively simpler than trigger
labeling. We explain that the entity type is a kind of
shallow linguistic feature, while the labeling trigger
requires a full understanding of context semantics.
We also notice that trigger labeling performance is
even worse than that of RE, since about half of the
positive instances have no explicit trigger (Yu et al.,
2020), meaning that the recognition of trigger faces
a more serious data imbalance problem than RE.
Overall, there is still a long way to improve the
performance of these two subtasks, which can be
left as a possible future direction.

Ablation Study. To investigate the effectiveness
of each module in RARE, we conduct an ablation
study on the DialogRE dev set. From the ablations
in Table 3, we observe that: (1) Rationale graph is
a necessary component that contributes 2.3% F1.
The performance superiority of this ablation over
BERT also shows that the two auxiliary subtasks of
type prediction and trigger labeling are beneficial
to RE. (2) Without the type or trigger enhancing
branch, the performance degradation suggests that
both type and trigger are necessary for our RARE.
(3) The ablation of removing the trigger matching
loss hurts the final result by 0.6% F1, which justi-
fies the design philosophy of entrusting the model
with the ability to perceive whether the trigger is
exactly in text. (4) We also try to remove the proba-
bilistic edge weights in RAG to make it degenerate
into a standard heterogeneous graph. In that case,
the performance drops by 0.9% F1. We think that
such probabilistic weights are capable of carrying
more global information than one-hot constraints.
(5) The information propagation (i.e., gate mecha-
nism and GNNs) brings the improvement of 1.1%
F1, which provides a channel to integrate the fea-
tures of input instance in the output layer.

Labor-Efficiency Study. Considering that most
RE datasets have no trigger annotation, we seek to
study the cost-effectiveness of adding patterns as
additional annotation in this experiment. Accord-
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Figure 4: Performance of models on DialogRE dev set
with partial training data. The positive instance number
with pattern annotation is shown in brackets.

ingly, we explore the performance of RAREBERT

and BERT for various fractions of training data.
From Figure 4, we can see that RAREBERT with
pattern annotations delivers competitive or even
better performance as BERT with twice the tradi-
tional training data. The drastic performance gain
justifies the slightly additional cost incurred in an-
notating patterns. Furthermore, we also introduce
RARE-Ext, the extension of RARE, to fully use
the partial data with pattern annotations and the
remaining data with only relation labels in training,
which provides a plug-and-play manner to utilize
pattern annotations. The results show that with the
increase of annotations, the performance improve-
ment becomes less significant. When using 50%
(with 2,584 positive instances) pattern annotations,
the performance of the model is comparable to that
of 100% annotations.

5.2 Sentence-Level Relation Extraction

In this section, we evaluate RARE on the sentence-
level RE task with two datasets TACRED (Zhang
et al., 2017) and TACREV (Alt et al., 2020). TA-
CRED is the most widely used sentence-level RE
dataset that constructed from New York Times. The
recent TACREV (a.k.a TACRED-Revised) dataset
has the same training set as TACRED, which cor-
rects the wrong labels in the dev and test sets.

5.2.1 Experimental Setup
To our knowledge, SpanBERT (Joshi et al., 2020)
is the best performance model without external
knowledge in TACRED. We employ it as another
encoder (besides BERT) for RARE. For complete-
ness, we also include two official baselines, LSTM
and PA-LSTM (Zhang et al., 2017), as well as two
recent graph-based models, AG-GCN (Guo et al.,
2019) and LST-AGCN (Sun et al., 2020), here.

Different from DialogRE, TACRED/V annotates
only entity types. Inspired by the results of the
label-efficiency study on DialogRE, we annotate
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Model TACRED TACREV
P R F1 P R F1

LSTM (Zhang et al., 2017) 65.7 59.9 62.7 71.5 69.7 70.6
PA-LSTM (Zhang et al., 2017) 65.7 64.5 65.1 74.5 74.1 74.3
AG-GCN (Guo et al., 2019) 73.1 60.9 68.2 77.7 73.4 75.5
LST-AGCN (Sun et al., 2020) - - 68.8 - - -

BERT (Devlin et al., 2019)‡ 67.2 69.3 68.2 76.0 75.6 75.1
TypeKDBERT (Zhang et al., 2020)† 70.6 68.7 69.6 77.9 76.1 77.0
RAREBERT-Ext (ours)? 71.4 68.1 69.8 78.6 76.2 77.4

SpanBERT (Joshi et al., 2020) 70.8 70.9 70.8 75.7 80.7 78.0
TypeKDSpanBERT (Zhang et al., 2020)† 71.7 70.4 71.0 79.8 78.3 78.8
RARESpanBERT-Ext (ours)? 72.5 69.3 70.8 80.1 78.0 79.0

Table 4: Main results on the sentence-level RE (TACRED/V) task. ‡ marks the results we reproduce based on the
repository released by (Joshi et al., 2020). We implement RARE-Ext with 20% extra annotations (?).
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Figure 5: Performance of models on TACREV dev set
with partial training data.

triggers for 2,585 positive instances, which ac-
counts for about 20% of all positive instances in
the training set of TACRED/V, to verify whether
RARE could maintain such excellent lab efficient
performance on sentence-level RE task. We repeat
our experiments for five random seed initializations,
and the results are statistically significant with a
p-value of less than 0.05.

5.2.2 Results and Analysis

Main Results. With 20% pattern annotations, we
compare RARE-Ext against several representative
baselines and summarize the results in Table 4.
Similar observations hold that RARE is capable
of achieving superior performances with advanced
encoding modules. Moreover, RARE-Ext achieves
or even surpasses the performance of TypeKD that
using 100% type annotations. Although sometimes
RARE does not make significant improvements on
TACRED, it outperforms the baselines in TACREV
and leads to state-of-the-art performances, which is
a more accurate evaluation set. Overall, the perfor-
mance gain of RARE on this task is not as amaz-
ing as the document-level task. We analyze that
because the sentence is much shorter than the doc-
ument, and involves fewer relations, BERT-based
models are sufficient in capturing the key seman-

tic clue for decision-making, thus the benefits of
global knowledge are slightly limited.
Labor-Efficiency Study. Following the approxi-
mate number of positive instances in DialogRE, we
split the pattern-annotated data to perform the labor-
efficiency study on TACREV (see Figure 5). The
results indicate that when both using partial data,
RAREBERT consistently outperforms BERT. It en-
lightens us to fully exploit the potential knowledge
of the dataset, including local annotation and global
statistics, to improve the performance of RE, espe-
cially under a low-resource scenario. The consider-
able progress of RAREBERT-Ext demonstrates that
RARE is able to improve RE by annotating patterns
on any part of an existing dataset. Considering
the differences between DialogRE and TACREV
(e.g., relation number, domain and style, the ratio
of positive and negative instances), it is under in-
vestigation whether further improvements could be
made by increasing annotations on TACREV, and
we leave it as future work.

5.3 Case Study

In Figure 6, we select two representative cases to
demonstrate the working principle of RARE. The
first case is a short snippet from a DialogRE docu-
ment, in which two entities are scattered in different
sentences, and the context semantics is complex
and changeable, BERT fails to capture the relation
between them. Conversely, RARE predicts the trig-
ger engaged and aligns it with the known trigger
engagement, and then highlights the strong sig-
nal to identify the relation correctly. In the second
case, which is from TACREV, BERT mistakenly re-
gards Jackson Hewitt as a person, leading to a
wrong answer of person-related relation. With the
help of type prediction and the global type-relation
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Speaker 2[SUBJ]: Phoebe, I’m engaged!
Speaker 1: I’m just saying, get his number just in case. But no
Chandler[OBJ] is in an accident ……

BERT: unanswerable (0.63)

RARE: per:girl/boyfriend （0.77)

Pattern: person … engaged … person
Rationale:

per-per

per:girl/boyfriend

engagement

0.14

1.0
01.000.08

(0.68)

(0.99)

Jackson Hewitt[SUBJ], based in Parsippany[OBJ], NJ, is the nation’s
second-largest tax preparation chain after H&R Block.

BERT: per:cities_of_residence (0.90)

RARE: org:city_of_headquarters (0.64)

Pattern: organization … based in city
Rationale:

org-city

org:city_of_headquarters

base

1.00

0.2
50.220.47

(0.84)

(0.72)

TACREV

DialogRE

Figure 6: Internal principles of RARE. The number in
bracket refers the probabilities predicted by model.

constraints in RAG, RARE could avoid this error
and make the right decision.

6 Conclusion

In this paper, we propose a novel rationale graph to
organize the global co-occurrence statistics among
entity types, triggers, and relations. By introducing
the two subtasks of entity type prediction and trig-
ger labeling, we build the connection between input
instance and the known patterns in rationale graph,
which provides the model with the possibility to
benefit from the global co-occurrence knowledge
stored in the graph, so as to improve the perfor-
mance of RE. Experimental results on two public
datasets prove the effectiveness of our method. We
also highlight two directions for future work: the
first is to improve the performance of two subtasks,
especially trigger labeling, the other is to adopt the
proposed approach in more RE scenarios.
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Abstract

This work studies the long-standing prob-
lems of model capacity and negative interfer-
ence in multilingual neural machine transla-
tion (MNMT). We use network pruning tech-
niques and observe that pruning 50-70% of
the parameters from a trained MNMT model
results only in a 0.29-1.98 drop in the BLEU
score. Suggesting that there exist large re-
dundancies in MNMT models. These observa-
tions motivate us to use the redundant parame-
ters and counter the interference problem effi-
ciently. We propose a novel adaptation strat-
egy, where we iteratively prune and retrain
the redundant parameters of an MNMT to im-
prove bilingual representations while retain-
ing the multilinguality. Negative interference
severely affects high resource languages, and
our method alleviates it without any additional
adapter modules. Hence, we call it parameter-
free adaptation strategy, paving way for the ef-
ficient adaptation of MNMT. We demonstrate
the effectiveness of our method on a 9 lan-
guage MNMT trained on TED talks, and report
an average improvement of +1.36 on high re-
source pairs. Code will be released here.

1 Introduction

Multilingual neural machine translation(MNMT)
has seen various advances in recent years (Dong
et al., 2015; Firat et al., 2016; Zoph et al., 2016;
Tan et al., 2019; Aharoni et al., 2019; Arivazhagan
et al., 2019). However, the core principle behind
the effectiveness in terms of modelling multiple
languages remains the same, i.e., sharing all the
model parameters between all the languages (John-
son et al., 2017). Although highly scalable and
effective, the performance on high resource lan-
guages decreases as more low resource languages
are added in the model; this is called negative in-
terference. To overcome this, recent works (Bapna
and Firat, 2019; Philip et al., 2020; Zhang et al.,

2020) proposed language-specific adapter modules,
which provide extra parameters to learn language
specific representations, and overcomes the effect
of negative interference caused by a high degree of
parameter sharing.

In this paper, we propose an alternative to
adapter modules. Instead of adding more parame-
ters, we show that the Transformer (Vaswani et al.,
2017) has enough capacity to model multiple lan-
guages and overcome negative interference effec-
tively. Inspired by the work of Mallya and Lazeb-
nik (2018), we apply iterative pruning to free up the
redundant parameters from an MNMT, and retrain
them to learn language specific representations. We
start with a trained MNMT model, and prune a frac-
tion of the model parameters, we freeze the surviv-
ing parameters and retrain the free ones on a bilin-
gual dataset. This process is iteratively applied for
each bilingual pair to get bilingual masks over all
the model parameters, as illustrated in figure 1. We
show that using only a fraction of redundant param-
eters, significantly improves the performance on
high resource languages. Also, we retain the multi-
linguality and the zero-shot translation ability after
adaptation. By demonstrating the effectiveness of
this approach, we open a potential research direc-
tion towards parameter-free adaptation in MNMT.

2 Related Work

Adding multiple tasks to a single network: Due
to the over-parameterized nature of deep neural
networks, prior works (Kirkpatrick et al., 2017;
Lee et al., 2017; Li and Hoiem, 2017; Triki et al.,
2017) aimed at developing methods to learn mul-
tiple tasks while avoiding catastrophic forgetting.
Mallya and Lazebnik (2018) proposed an iterative
pruning approach to free up parameters for adding
new tasks and retain the previously trained param-
eters at the same time. Inspired by the concept,
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Figure 1: (Better seen in colour.) Illustration of the evolution of model parameters. (a) shows the multilingual
parameters in grey. Through 60% pruning and retraining, we arrive at (b), here white represents the free weights
with value=0. The surviving weights in grey will be fixed for the rest of the method. Now, we train the free
parameters on the first bilingual pair (L-1) and arrive at (c), which represents the initial parameters of L-1 in
orange, and share weights with the previously trained multilingual parameters in grey. Again, with 50% pruning
and retraining on the current L-1 specific weights in orange, we get the final parameters for L-1 shown in (d) and
extract the final mask for L-1 in (f). We repeat the same procedure for all the bilingual pairs and extract the masks
for each pair.

we show that an MNMT Transformer model can be
heavily pruned and the freed up parameters can be
retrained to improve bilingual performance, while
retaining the multilinguality.

Adapting multilingual model to a new lan-
guage pair and domain adaptation: Prior works
on adaptation (Neubig and Hu, 2018; Variš and
Bojar, 2019; Stickland et al., 2020; Escolano et al.,
2020; Akella et al., 2020; Bapna and Firat, 2019;
Philip et al., 2020; Zhang et al., 2020) aims at im-
proving language specific performance by either
fine-tuning the same MNMT model or adding lan-
guage specific modules. While being effective,
these methods either lose their multilinguality or
introduce additional parameters. Sharing the same
objective, we propose a method to adapt an MNMT,
without adding language-specific modules, while
retaining the multilinguality at the same time. An-
other line of work (Thompson et al., 2018; Wuebker
et al., 2018), proposed training of subnetworks and
freezing the rest for domain adaptation.

3 Method

The central idea of our method is to use magnitude
pruning to free up parameters in the model and
learn bilingual specific representations. Figure 1
depicts the evolution of model weights during the
training procedure, with (a) representing the initial
multilingual weights in grey. We prune away a frac-
tion of parameters using the one-shot magnitude
pruning technique (Han et al., 2015), which results
in a compressed multilingual representation. We

further train the survived multilingual weights for
a few more epochs on the multilingual dataset to
compensate for extreme pruning, now the multilin-
gual parameters will remain fixed. Then, we use the
free parameters to learn the first language-specific
representations. We select the first bilingual dataset
and train the free parameters. Next we again prune
a fraction of weights from the current bilingual
parameters only, to accommodate more bilingual
representations. We repeat the same procedure for
all the existing bilingual pairs. A point to note is
that during a forward pass data flows through all
the shared and specific weights, while during the
backward pass only the current bilingual-specific
parameters get updated. Hence, the accuracy is re-
tained for all the previously trained bilingual pairs
and it enables a high degree of sharing and speci-
ficity at the same time.

Pruning Approach: We perform magnitude
pruning (Han et al., 2015) over the weights of all
layers. For simplicity, we do not use the more so-
phisticated pruning methods (Frankle and Carbin,
2019; Michel et al., 2019; Voita et al., 2019). We
do not perform pruning over biases and layer nor-
malization parameters, since they correspond to
less than 1% of the total parameters, which is in-
significant. Also, we do not prune the embeddings,
as they are data specific parameters. All are kept
fixed after training the multilingual model.

Inference: After finishing the training for each
bilingual pair, we get the final mask over all the
parameters of the model. Values of the mask range
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from 1 → N , where N is the total number of
bilingual pairs. Each model parameter is masked
according to the bilingual pair of interest. To pre-
dict a translation for the tth pair, all the parameters
learned for languages 1→ t will be used, as shown
in figure 1(f) and (g).

4 Experiments

4.1 Datasets

We use the TED talks (Qi et al., 2018) in all our
experiments, and all the numbers are BLEU (Pap-
ineni et al., 2002) scores over the test set1. Here we
have chosen to train on 8 English centring language
pairs2 en-xx covering a spectrum of sizes from high
resource Ar (Arabic), 214K to low resource Be (Be-
larusian), 4.5K.

4.2 Training

Architecture: We use Transformer architecture
(Vaswani et al., 2017), implemented in fairseq
(Ott et al., 2019), which was modified to include the
pruning and masking modules. We train a joint BPE

model (Sennrich et al., 2016) on all languages to the
vocabulary size of 40K. The Transformer (Vaswani
et al., 2017) architecture used in this work3 has 8
attention heads, 6 encoder and decoder layers, an
embedding size of 512, and a feed-forward dimen-
sion of 2048. We set the dropout to 0.3.

MNMT Training: We train a standard MNMT

model following similar settings as Johnson et al.
(2017). A single many-to-many model is trained
on all the English-centric data, using a source-side
control token to indicate the target language. We
use Adam (Kingma and Ba, 2015) with an inverse
square root schedule, with 4500 warm-up updates
and a maximum learning rate of 0.0003. We set the
maximum batch size per GPU to 3050 tokens and
train on 4 GPUs. Like Arivazhagan et al. (2019), to
avoid the size imbalance, we use the temperature-
based sampling strategy with T = 5. The MNMT

is trained for 40 epochs over 8 English-centric lan-
guage pairs, i.e., 16 directions. As shown in table
1, we train a strong parent MNMT baseline.

Pruning MNMT: We prune 50% of parameters
from a fully converged MNMT model, and retrain
the surviving parameters on the same multilingual
dataset for ten more epochs, to compensate for the
lost parameters.

1Scores reported are SacreBLEU (Post, 2018)
2ar, az, be, de, gl, he, it, sk
3transformer in fairseq

Adapting MNMT to bilingual specific repre-
sentations: After pruning the MNMT model, we
select each bi-direction datasets (en-xx and xx-en)
in the descending order of dataset sizes. We use the
original source side control token, reset the learn-
ing rate scheduler and train all the free parameters
for 20 epochs. Then, we prune 75% of parame-
ters from the current bilingual specific parameters
and retrain for ten more epochs to compensate for
heavy pruning.

Pruning ratios are decided based on the trade
off between the accuracy lost and the space left to
adapt all the languages. We prune 50-70% of pa-
rameters from the parent MNMT and observe that it
leads to a drop of 0.29-1.98 Bleu score. Therefore,
we select 50% to be the first pruning ratio, and is
kept constant in all the experiments. The second
pruning ratio is kept 75% such that the last lan-
guage pairs get at least 2-5% of parameters. More
variations in the second pruning ratio is demon-
strated in section 5.4.

5 Results and Discussions

5.1 Overcoming interference for high
resource pairs:

In table 1, we present a comparative study of a high
resource language scenario, severely affected by
negative interference. Adapted MNMT outperforms
the parent MNMT on all the 8 directions, with an
average improvement of +1.40 on xx-en, and +1.32
on en-xx directions, and closes the gap with high
performing bilingual baselines.

Analysing model capacity and negative inter-
ference: Now, we expound on the problems of
model capacity and interference. As shown in ta-
ble 1, pruning 50% of parameters from the par-
ent MNMT model leads to an average loss of just
0.29 BLEU points. This observation confirms, that
there exists large redundancies even in a 9-language
MNMT model. The drop in the performance of
an MNMT over its counterpart bilingual models is
loosely associated with the lack of capacity. As
can be seen in figure 2, by using only a fraction
of parameters for each bilingual pair, we can sig-
nificantly improve the performance over the par-
ent MNMT. Our results demonstrate the ability of
parameter-free adaptation to fight negative inter-
ference, and improve the performance of severely
affected high resource language pairs.
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xx→ en en→ xx
Ar De He It Ar De He It

(1)
Aharoni et al. (2019) 27.84 30.50 34.37 33.64 12.95 23.31 23.66 30.33
Philip et al. (2020) 32.99 37.36 39.00 39.73 17.22 29.94 27.47 35.42
Our Bilingual 33.11 39.01 39.11 41.40 16.79 29.73 26.80 36.23

(2)

Aharoni et al. (2019) 28.32 32.97 33.18 35.14 14.25 27.95 24.16 33.26
Philip et al. (2020) 30.68 36.53 36.00 38.77 15.40 28.60 24.53 34.02
Parent MNMT 31.33 37.13 36.86 39.54 15.71 26.32 24.60 33.91
50% Pruned MNMT 30.84 37.10 36.29 39.44 15.41 26.20 24.06 33.70
Adapted MNMT 32.68 38.41 38.31 41.04 16.72 27.63 25.76 35.76

Table 1: BLEU scores of our models on the TED test sets compared to the literature, (1) - Bilingual baselines. (2) -
Multilingual models scores. Here Aharoni et al. (2019) and Philip et al. (2020) are trained on 59 and 20 languages
respectively. Parent MNMT is our multilingual model trained till convergence on 9 languages. 50% pruned MNMT
is the compressed parent MNMT. Adapted MNMT is the proposed model.

Figure 2: Absolute difference in the BLEU scores, with
the parent MNMT, for 8 bilingual pairs. Each bilingual
pair is the average over both the English-centric direc-
tions. The languages are arranged in the exact order
of the training sequence. Numbers on the x-axis are
percentages of the bilingual specific parameters used.

5.2 Analysing differences in the adaptation of
high and low resource pairs:

To understand the impact of parameter-free adap-
tation on both the high and low resource language
pairs in an unbiased setting. We train two models in
opposite orders of adding bilingual pairs. First, we
train in the order of high to low resource languages
(Ar to Be). Second, we train in the order of low to
high resource languages (Be to Ar). Now, we as-
sign the same proportion of parameters, to the high
and low resource languages (Ar, He) in case 1, and
(Be, Az) in case 2 respectively. As evident from
figure 2 and 3, the improvements in Ar and He in
case 1 is significantly more, than the improvement
in Be and Az in case 2. This observation agrees
with the fact that negative interference severely af-

Figure 3: Same as figure 2, trained in the reverse order

fects the high resource languages in an MNMT, and
it needs adaptation to be improved. But, the perfor-
mance of low resource languages in an MNMT, is
already near saturation due to the positive transfer
from high resource languages. Hence, to extract
the most out of parameter-free adaptation, it is bet-
ter to prune and retrain the network in the order of
high to low resource languages. This assigns high
proportion of parameters to high resource pairs, to
effectively overcome negative interference.

5.3 Zero-shot Translation:

Zero-shot translation in the context of MNMT,
refers to inference between pairs that are not seen
directly during the training phase xx-xx. We show
that we retain this important ability in our adapted
MNMT. Adapted MNMT consists of 50% pruned
MNMT weights and 50% language specific weights.
The pruned MNMT weights are used to evaluate
on zero-shot pairs, just like a traditional MNMT by
appending the source side language control token
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xx→ en en→ xx
Ar He It De Ar He It De

(Bilingual) Full-FT 33.89 39.66 41.64 40.00 17.38 27.50 36.72 29.87

(Multilingual)

Ar only 33.01 - - - 16.80 - - -
Ar-He 33.21 38.26 - - 16.72 25.52 - -
Ar-He-It 32.99 38.45 41.03 - 16.61 26.00 35.56 -
Ar-He-It-De 32.68 38.43 41.14 38.39 16.72 25.89 36.08 27.25

Table 2: Full-FT represents the bilingual models derived from finetuning the full parent MNMT. Rest are the
adapted MNMTs adapted over 50% free parameters of the pruned MNMT. 1) Ar only with 50% parameters, 2) Ar,
He with 25% each, 3) Ar, He, It with 16.6% each, and 4) Ar, He, It, De with 12.5% each.

Johnson et al. (2017). As shown in figure 4, adapted
MNMT performs as good as the parent MNMT on
all the 56, xx-xx directions even with only 50% of
the total parameters.

Figure 4: Absolute BLEU scores for the parent and the
adapted MNMT on all the 56 zero-shot xx-xx pairs ar-
ranged from high to low resource.

5.4 Adapting to a subset of languages and
retaining the multilinguality:

Due to limited and fixed number of parameters,
we cannot adapt to arbitrary number of languages.
However, this framework allows high flexibility in
adapting the parent MNMT to only the languages
of interest, while retaining the multilinguality si-
multaneously. We adapt the parent MNMT to four
models: 1) Ar, 2) Ar, He, 3) Ar, He, It and, 4) Ar,
He, It, De. This way, we can assign all the free
parameters to only the languages of interest and
increase their capacities. The first pruning ratio is
set to 50% for all four models. The second prun-
ing ratio is set such that each language receives
equal proportion of parameters. From the results
in table 2, we observe that assigning more param-
eters improve the performance marginally. The
four adapted MNMTs have similar performances,

even with a significant difference in the proportion
of parameters assigned for each language. The
4th model, with only 12.5% parameters reserved
for Ar, performs competitively with the 1st model
with 50% parameters for Ar. This implies, that a
small fraction of parameters can effectively over-
come negative interference, hence allowing space
to adapt to multiple languages. To infer on the
remaining languages which are not adapted, we
can use 50% pruned MNMT weights, as done for
zero-shot translation in the previous section, hence
retaining the multilinguality.

In table 2, we also compare the results of the
four adapted MNMTs, with naive finetuning of the
full parent MNMT to bilingual pairs (Full-FT). The
difference between naive finetuning and the pro-
posed adaptation approach is that the former uses
all the 100% of model parameters and the embed-
dings to adapt to a single bilingual pair, thus the
multilinguality is lost. While in our approach, the
pruned MNMT weights and the embeddings are
fixed, and we only retrain the free parameters very
efficiently, allowing to adapt to multiple languages.
As can be seen in table 2, adapted MNMTs per-
form competitively with Full-FT while retaining
the multilinguality.

6 Conclusion

We investigate the problems of model capacity and
negative interference in multilingual neural ma-
chine translation. We show that even a 9 language
MNMT has a large proportion of redundant param-
eters, which are efficiently retrained to overcome
interference. We propose a parameter-free adap-
tation strategy. Where, we use iterative pruning
and retraining to improve bilingual representations,
without any additional parameters. We hope that
our work will attract more attention to practical and
efficient ways of adapting an MNMT.
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Abstract

Recently, deep neural networks (DNNs) have
achieved great success in semantically chal-
lenging NLP tasks, yet it remains unclear
whether DNN models can capture composi-
tional meanings, those aspects of meaning that
have been long studied in formal semantics.
To investigate this issue, we propose a Sys-
tematic Generalization testbed based on Natu-
ral language Semantics (SyGNS), whose chal-
lenge is to map natural language sentences to
multiple forms of scoped meaning representa-
tions, designed to account for various semantic
phenomena. Using SyGNS, we test whether
neural networks can systematically parse sen-
tences involving novel combinations of logi-
cal expressions such as quantifiers and nega-
tion. Experiments show that Transformer and
GRU models can generalize to unseen combi-
nations of quantifiers, negations, and modifiers
that are similar to given training instances in
form, but not to the others. We also find that
the generalization performance to unseen com-
binations is better when the form of meaning
representations is simpler. The data and code
for SyGNS are publicly available at https:
//github.com/verypluming/SyGNS.

1 Introduction

Deep neural networks (DNNs) have shown im-
pressive performance in various language under-
standing tasks (Wang et al., 2019a,b, i.a.), in-
cluding semantically challenging tasks such as
Natural Language Inference (NLI; Dagan et al.,
2013; Bowman et al., 2015). However, a number
of studies to probe DNN models with various NLI
datasets (Naik et al., 2018; Dasgupta et al., 2018;
Yanaka et al., 2019; Kim et al., 2019; Richardson
et al., 2020; Saha et al., 2020; Geiger et al., 2020)
have reported that current DNN models have some
limitations to generalize to diverse semantic phe-
nomena, and it is still not clear whether DNN mod-

Training Sentences

One wild dog ran

All dogs ran

One dog did not run

Generalization Test

All wild dogs ran

All dogs did not run

MODIFIER

QUANTIFIER

NEGATION

Multiple meaning representations

MR1: ∀x.(dog↓(x) ∧ wild↓(x)) → (run↑(x))

MR2: ALL AND DOG WILD RUN

MR3:
x1

wild(x1)
dog(x1)

⇒ run(x1)

Evaluation methods
Exact matching: G = P ?

Theorem Proving: G ⇔ P ?

Polarity: {dog↓,wild↓, run↑}

Clausal form:

b1 IMP b2 b3
b2 REF x1
b2 wild x1
b2 dog x1
b3 run x1

Figure 1: Illustration of our evaluation protocol using
SyGNS. The goal is to map English sentences to mean-
ing representations. The generalization test evaluates
novel combinations of operations (modifier, quantifier,
negation) in the training set. We use multiple meaning
representations and evaluation methods.

els obtain the ability to capture compositional as-
pects of meaning in natural language.

There are two issues to consider here. First, re-
cent analyses (Talmor and Berant, 2019; Liu et al.,
2019; McCoy et al., 2019) have pointed out that
the standard paradigm for evaluation, where a test
set is drawn from the same distribution as the train-
ing set, does not always indicate that the model
has obtained the intended generalization ability for
language understanding. Second, the NLI task of
predicting the relationship between a premise sen-
tence and an associated hypothesis without asking
their semantic interpretation tends to be black-box,
in that it is often difficult to isolate the reasons why
models make incorrect predictions (Bos, 2008).

To address these issues, we propose SyGNS
(pronounced as signs), a Systematic Generaliza-
tion testbed based on Natural language Semantics.
The goal is to map English sentences to various
meaning representations, so it can be taken as a
sequence-to-sequence semantic parsing task.
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Figure 1 illustrates our evaluation protocol us-
ing SyGNS. To address the first issue above, we
probe the generalization capability of DNN mod-
els on two out-of-distribution tests: systematic-
ity (Section 3.1) and productivity (Section 3.2),
two concepts treated as hallmarks of human cog-
nitive capacities in cognitive sciences (Fodor and
Pylyshyn, 1988; Calvo and Symons, 2014). We
use a train-test split controlled by each target con-
cept and train models with a minimally sized train-
ing set (Basic set) involving primitive patterns
composed of semantic phenomena such as quan-
tifiers, modifiers, and negation. If a model learns
different properties of each semantic phenomenon
from the Basic set, it should be able to parse a sen-
tence with novel combination patterns. Otherwise,
a model has to memorize an exponential number
of combinations of linguistic expressions.

To address the second issue, we use multi-
ple forms of meaning representations developed
in formal semantics (Montague, 1973; Heim and
Kratzer, 1998; Jacobson, 2014) and their respec-
tive evaluation methods. We use three scoped
meaning representation forms, each of which
preserves the same semantic information (Sec-
tion 3.3). In formal semantics, it is gener-
ally assumed that scoped meaning representations
are standard forms for handling diverse semantic
phenomena such as quantification and negation.
Scoped meaning representations also enable us to
evaluate the compositional generalization ability
of the models to capture semantic phenomena in
a more fine-grained way. By decomposing an out-
put meaning representation into constituents (e.g.,
words) in accordance with its structure, we can
compute the matching ratio between the output
representation and the gold standard representa-
tion. Evaluating the models on multiple mean-
ing representation forms also allows us to explore
whether the performance depends on the complex-
ity of the representation forms.

This paper provides three main contributions.
First, we develop the SyGNS testbed to test model
ability to systematically transform sentences in-
volving linguistic phenomena into multiple forms
of scoped meaning representations. The data and
code for SyGNS are publicly available at https:
//github.com/verypluming/SyGNS. Second, we
use SyGNS to analyze the systematic generaliza-
tion capacity of two standard DNN models: Gated
Recurrent Unit (GRU) and Transformer. Experi-

ments show that these models can generalize to
unseen combinations of quantifiers, negations, and
modifiers to some extent. However, the generaliza-
tion ability is limited to the combinations whose
forms are similar to those of the training instances.
In addition, the models struggle with parsing sen-
tences involving nested clauses. We also show that
the extent of generalization depends on the choice
of primitive patterns and representation forms.

2 Related Work

The question of whether neural networks obtain
the systematic generalization capacity has long
been discussed (Fodor and Pylyshyn, 1988; Mar-
cus, 2003; Baroni, 2020). Recently, empirical
studies using NLI tasks have revisited this ques-
tion, showing that current models learn undesired
biases (Glockner et al., 2018; Poliak et al., 2018;
Tsuchiya, 2018; Geva et al., 2019; Liu et al., 2019)
and heuristics (McCoy et al., 2019), and fail to
consistently learn various inference types (Rozen
et al., 2019; Nie et al., 2019; Yanaka et al., 2019;
Richardson et al., 2020; Joshi et al., 2020). In
particular, previous works (Goodwin et al., 2020;
Yanaka et al., 2020; Geiger et al., 2020; Yanaka
et al., 2021) have examined whether models learn
the systematicity of NLI on monotonicity and
veridicality. While this line of work has shown
certain limitations of model generalization capac-
ity, it is often difficult to figure out why the NLI
model fails and how to improve it, partly because
NLI tasks depend on multiple factors, including
semantic interpretation of target phenomena and
acquisition of background knowledge. By focus-
ing on semantic parsing rather than NLI, one can
probe to what extent models systematically inter-
pret the meaning of sentences according to their
structures and the meanings of their constituents.

Meanwhile, datasets for analysing the compo-
sitional generalization ability of DNN models in
semantic parsing have been proposed, including
SCAN (Lake and Baroni, 2017; Baroni, 2020),
CLUTRR (Sinha et al., 2019), and CFQ (Keysers
et al., 2020). For example, the SCAN task is to
investigate whether models trained with a set of
primitive instructions (e.g., jump → JUMP) and
modifiers (e.g., walk twice → WALK WALK) gen-
eralize to new combinations of primitives (e.g.,
jump twice → JUMP JUMP). However, these
datasets deal with artificial languages, where the
variation of linguistic expressions is limited, so it
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is not clear to what extent the models systemati-
cally interpret various semantic phenomena in nat-
ural language, such as quantification and negation.

Regarding the generalization capacity of DNN
models in natural language, previous studies have
focused on syntactic and morphological general-
ization capacities such as subject-verb agreement
tasks (Linzen et al., 2016; Gulordava et al., 2018;
Marvin and Linzen, 2018, i.a.). Perhaps closest
to our work is the COGS task (Kim and Linzen,
2020) for probing the generalization capacity of se-
mantic parsing in a synthetic natural language frag-
ment. For instance, the task is to see whether mod-
els trained to parse sentences where some lexical
items only appear in subject position (e.g., John
ate the meat) can generalize to structurally related
sentences where these items appear in object posi-
tion (e.g., The kid liked John). In contrast to this
work, our focus is more on semantic parsing of
sentences with logical and semantic phenomena
that require scoped meaning representations. Our
study also improves previous work on the compo-
sitional generalization capacity in semantic pars-
ing in that we compare three types of meaning rep-
resentations and evaluate them at multiple levels,
including logical entailment, polarity assignment,
and partial clause matching (Section 3.3).

3 Overview of SyGNS

We use two evaluation concepts to assess the sys-
tematic capability of models: systematicity (Sec-
tion 3.1) and productivity (Section 3.2). In evalu-
ating these two concepts, we use synthesized pairs
of sentences and their meaning representations to
control a train-test split (Section 3.4). The main
idea is to analyze models trained with a minimum
size of a training set (Basic set) involving prim-
itive patterns composed of various semantic phe-
nomena; if a model systematically learns primitive
combination patterns in the Basic set, it should
parse a new sentence with different combination
patterns. We target three types of scoped meaning
representations and use their respective evaluation
methods, according to the function and structure
of each representation form (Section 3.3).

3.1 Systematicity

Table 1 illustrates how we test systematicity, i.e.,
the capacity to interpret novel combinations of
primitive semantic phenomena. We generate Ba-
sic set 1 by combining various quantifiers with sen-

Pattern Sentence
Train

Primitive quantifier One tiger ran
Basic 1 EXI A tiger ran

NUM Two tigers ran
UNI Every tiger ran

Basic 2 ADJ One small tiger ran
ADV One tiger ran quickly
CON One tiger ran or came

Test
EXI+ADJ A small tiger ran
NUM+ADV Two tigers ran quickly
UNI+CON Every tiger ran or came

Table 1: Training and test instances for systematicity.

tences without modifiers. We also generate Basic
set 2 by setting an arbitrary quantifier (e.g., one)
to a primitive quantifier and combining it with var-
ious types of modifiers. We then evaluate whether
models trained with Basic sets 1 and 2 can parse
sentences involving unseen combinations of quan-
tifiers and modifiers. We also test the combination
of quantifiers and negation in the same manner;
the detail is given in Appendix D.

To provide a controlled setup, we use three
quantifier types: existential quantifiers (EXI), nu-
merals (NUM), and universal quantifiers (UNI).
Each type has two patterns: one and a for EXI, two
and three for NUM, and all and every for UNI. We
consider three settings where the primitive quanti-
fier is set to the type EXI, NUM, or UNI.

For modifiers, we distinguish three types — ad-
jectives (ADJ), adverbs (ADV), and logical con-
nectives (CON; conjunction and, disjunction or)
— and ten patterns for each. Note that each modi-
fier type differs in its position; an adjective appears
inside a noun phrase (e.g., one small tiger), while
an adverb (e.g., quickly) and a coordinated phrase
with a logical connective (e.g., or came) appears
at the end of a sentence. Although Table 1 only
shows the pattern generated by the primitive quan-
tifier one and the noun tiger, the noun can be re-
placed with ten other nouns (e.g., dog, cat, etc.) in
each setting. See Appendix A for more details on
the fragment of English considered here.

3.2 Productivity

Productivity refers to the capacity to interpret an
indefinite number of sentences with recursive oper-
ations. To test productivity, we use embedded rela-
tive clauses, which interact with quantifiers to gen-

105



Pattern Sentence
Train (Basic 1: depth 0, Basic 2: depth 1)

Basic 1 NON Two dogs loved Ann
Basic 2 PER Bob liked a bear [that chased

all polite cats]
CEN Two dogs [that all cats

kicked] loved Ann
Test (examples: depth 2)

PER+PER Bob liked a bear
[that chased all polite cats
[that loves Ann]]

PER+CEN Two dogs [that a bear
[that chased all polite cats]
kicked] loved Ann

Table 2: Training and test instances for productivity.

erate logically complex sentences. Table 2 shows
examples. We provide two Basic sets; Basic set 1
consists of sentences without embedded clauses
(NON) and Basic set 2 consists of sentences with a
single embedded clause, which we call sentences
with depth one. We then test whether models
trained with Basic sets 1 and 2 can parse a sentence
involving deeper embedded clauses, i.e., sentences
whose depth is two or more. As Table 2 shows,
we consider both peripheral-embedding (PER) and
center-embedding (CEN) clauses.

3.3 Meaning representation and evaluation
Overview To evaluate generalization capacity
in semantic parsing at multiple levels, we use
three types of scoped meaning representations:
(i) First-Order Logic (FOL) formulas, (ii) Dis-
course Representation Structures (DRSs; Kamp
and Reyle, 1993), and (iii) Variable-Free (VF) for-
mulas (Baader et al., 2003; Prat-Hartmann and
Moss, 2009). DRSs can be converted to clausal
forms (van Noord et al., 2018a) for evaluation. For
instance, the sentence (1) is mapped to the FOL
formula in (2), the DRS in (3a), its clausal form in
(3b), and the VF formula in (4).

(1) One white dog did not run.

(2) ∃x1.(white(x1) ∧dog(x1) ∧ ¬run(x1))

(3) a.

x1

white(x1)

dog(x1)

¬ run(x1)

b.

b1 REF x1
b1 white x1
b1 dog x1
b1 NOT b2
b2 run x1

(4) EXIST AND WHITE DOG NOT RUN

Using these multiple forms enables us to analyze
whether the difficulty in semantic generalization

depends on the format of meaning representations.
Previous studies for probing generalization ca-

pacity in semantic parsing (e.g., Lake and Baroni,
2017; Sinha et al., 2019; Keysers et al., 2020; Kim
and Linzen, 2020) use a fixed type of meaning
representation, with its evaluation method limited
to the exact-match percentage, where an output
is considered correct only if it exactly matches
the gold standard. However, this does not prop-
erly assess whether models capture the structure
and function of meaning representation. First,
exact matching does not directly take into ac-
count whether two meanings are logically equiv-
alent (Blackburn and Bos, 2005): for instance,
schematically two formulas A ∧ B and B ∧ A
are different in form but have the same meaning.
Relatedly, scoped meaning representations for nat-
ural languages can be made complex by includ-
ing parentheses and variable renaming mechanism
(the so-called α-conversion in λ-calculus). For in-
stance, we want to identify two formulas which
only differ in variable naming, e.g., ∃x1.F (x1)
and ∃x2.F (x2). It is desirable to compare ex-
act matching with alternative evaluation methods,
and to consider alternative meaning representa-
tions that avoid these problems. Having this back-
ground in mind, below we will describe each type
of meaning representation in detail.

FOL formula FOL formulas are standard forms
in formal and computational semantics (Blackburn
and Bos, 2005; Jurafsky and Martin, 2009), where
content words such as nouns and verbs are rep-
resented as predicates, and function words such
as quantifiers, negation, and connectives are rep-
resented as logical operators with scope relations
(cf. the example in (2)). To address the issue
on evaluation, we consider two ways of evalu-
ating FOL formulas in addition to exact match-
ing: (i) automated theorem proving (ATP) and (ii)
monotonicity-based polarity assignment.

First, FOL formulas can be evaluated by check-
ing the logical entailment relationships that di-
rectly consider whether two formulas are logically
equivalent. Thus we evaluate predicted FOL for-
mulas by using ATP. We check whether a gold for-
mula G entails prediction P and vice versa, using
an off-the-shelf FOL theorem prover1. To see the
logical relationship between G and P , we measure
the accuracy for unidirectional and bidirectional

1We use a state-of-the-art FOL prover Vampire available
at https://github.com/vprover/vampire
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One dog↑ ran↑: ∃x.(dog↑(x) ∧ run↑(x))

All dogs↓ ran↑: ∀x.(dog↓(x) → run↑(x))

All dogs↓ did not run↓: ∀x.(dog↓(x) → ¬run↓(x))

Table 3: Examples of monotonicity-based polarity as-
signments for FOL formulas.

entailment: G ⇒ P , G ⇐ P , and G ⇔ P .
Second, the polarity of each content word ap-

pearing in a sentence can be extracted from the
FOL formula using its monotonicity property (van
Benthem, 1986; MacCartney and Manning, 2007).
This enables us to analyze whether models can
correctly capture entailment relations triggered by
quantifier and negation scopes. Table 3 shows
some examples of monotonicity-based polarity as-
signments. For example, existential quantifiers
such as one are upward monotone (shown as ↑)
with respect to the subject NP and the VP, because
they can be substituted with their hypernyms (e.g.,
One dog ran ⇒ One animal moved). These po-
larities can be extracted from the FOL formula be-
cause ∃ and ∧ are upward monotone operators in
FOL. Universal quantifiers such as all are down-
ward monotone (shown as ↓) with respect to the
subject NP and upward monotone with respect to
the VP. Expressions in downward monotone po-
sition can be substituted with their hyponymous
expressions (e.g., All dogs ran ⇒ All white dogs
ran). The polarity can be reversed by embedding
another downward entailing context like negation,
so the polarity of run in the third case in Table 3
is flipped to downward monotone.2 For evaluation
based on monotonicity, we extract a polarity for
each content word in a gold formula and a predic-
tion and calculate the F-score for each monotonic-
ity direction (upward and downward).

DRS A DRS is a form of scoped meaning repre-
sentations proposed in Discourse Representation
Theory, a well-studied formalism in formal se-
mantics (Kamp and Reyle, 1993; Asher, 1993;
Muskens, 1996). By translating a box notation as
in (3a) to the clausal form as in (3b), one can evalu-
ate DRSs by COUNTER3, which is a standard tool
for evaluating neural DRS parsers (Liu et al., 2018;
van Noord et al., 2018b). COUNTER searches for
the best variable mapping between predicted DRS
clauses and gold DRS clauses and calculates an

2We follow the surface order of NPs and take it that the
subject NP always take scope over the VP.

3https://github.com/RikVN/DRS_parsing

F-score over matching clause, which is similar to
SMATCH (Cai and Knight, 2013), an evaluation
metric designed for Abstract Meaning Represen-
tation (AMR; Banarescu et al., 2013). COUNTER

alleviates the process of variable renaming and
correctly evaluates the cases where the order of
clauses is different from that of gold answers.

VF formula FOL formulas in our fragment
have logically equivalent forms in a variable-
free format, which does not contain parenthe-
ses nor variables as in the example (4). Our
format is similar to a variable-free form in De-
scription Logic (Baader et al., 2003) and Natural
Logic (Prat-Hartmann and Moss, 2009). VF for-
mulas alleviate the problem of parentheses and
variable renaming, while preserving semantic in-
formation (cf. Wang et al., 2017). Due to the
equivalence with FOL formulas, it is possible to
extract polarities from VF formulas. See Ap-
pendix A for more examples of VF formulas.

3.4 Data generation
To provide synthesized data, we generate sen-
tences using a context-free grammar (CFG) as-
sociated with semantic composition rules in the
standard λ-calculus (see Appendix A for details).
Each sentence is mapped to an FOL formula and
VF formula by using the semantic composition
rules specified in the CFG. DRSs are converted
from the generated FOL formulas using the stan-
dard mapping (Kamp and Reyle, 1993). To gen-
erate controlled fragments for each train-test split,
the CFG rules automatically annotate the types of
semantic phenomena involved in sentences gener-
ated. We annotate seven types: the positions of
quantifiers (subject or object), negation, adjectives,
adverbs, conjunction, disjunction, and embedded
clause types (peripheral or center embedding).

To test systematicity, we generate sentences us-
ing the CFG, randomly select 50,000 examples,
and then split them into 12,000 training examples
and 38,000 test examples according to a primitive
quantifier. To test productivity, we apply up to four
recursive rules and randomly select 20,000 exam-
ples for each depth.

4 Experiments and Analysis

Using SyGNS, we test the performance of Gated
Recurrent Unit (GRU; Cho et al., 2014) and
Transformer (Vaswani et al., 2017) in an encoder-
decoder setup. These are widely used models

107



Test
GRU Transformer

FOL DRS DRS (cnt) VF FOL DRS DRS (cnt) VF
primitive quantifier: existential quantifier one

EXI 96.1 99.5 99.9 99.7 99.9 99.8 99.9 100.0
NUM 7.6 12.7 86.0 37.0 18.1 96.9 99.7 20.7
UNI 3.1 4.4 56.8 39.5 8.3 2.2 74.2 17.7
Valid 98.2 99.7 100.0 99.6 100.0 100.0 100.0 100.0

primitive quantifier: numeral two
EXI 11.6 42.1 91.4 45.3 34.0 84.5 98.3 10.5
NUM 59.5 83.6 98.7 42.8 99.9 97.4 99.8 80.9
UNI 2.5 1.8 68.6 39.2 0.0 0.1 72.3 90.9
Valid 84.3 99.7 100.0 98.9 100.0 100.0 100.0 100.0

primitive quantifier: universal quantifier every
EXI 1.6 0.3 43.8 61.3 2.1 0.2 70.8 20.8
NUM 1.4 0.3 75.9 69.3 0.1 0.1 76.8 99.7
UNI 33.8 96.5 99.4 100.0 100.0 100.0 100.0 99.9
Valid 93.4 100.0 100.0 99.3 100.0 100.0 100.0 99.9

primitive quantifiers: one, two, every
EXI 99.7 99.0 100.0 100.0 100.0 100.0 100.0 100.0
NUM 91.2 96.4 99.2 99.3 100.0 100.0 100.0 100.0
UNI 95.7 97.6 99.4 100.0 99.9 100.0 100.0 100.0
Valid 98.4 100.0 100.0 99.3 100.0 100.0 100.0 100.0

Table 4: Accuracy by quantifier type. “DRS (cnt)” columns show the accuracy of predicted DRSs by COUNTER,
and “Valid” rows show the validation accuracy. Each accuracy is measured by exact matching, except for “DRS
(cnt)” columns.

to perform well on hierarchical generalization
tasks (McCoy et al., 2018; Russin et al., 2020).

4.1 Experimental setup

In all experiments, we trained each model for 25
epochs with early stopping (patience = 3). We per-
formed five runs and reported their average accu-
racies. The input sentence is represented as a se-
quence of words, using spaces as a separator. The
maximum input and output sequence length is set
to the length of a sequence with maximum depths
of embedded clauses. We set the dropout proba-
bility to 0.1 on the output and used a batch size
of 128 and an embedding size of 256. Since in-
corporating pre-training would make it hard to dis-
tinguish whether the models’ ability to perform se-
mantic parsing comes from training data or from
pre-training data, we did not use any pre-training.

For the GRU, we used a single-layer encoder-
decoder with global attention and a dot-product
score function. Since a previous work (Kim and
Linzen, 2020) reported that unidirectional models
are more robust regarding sentence structures than
bi-directional models, we selected a unidirectional
GRU encoder. For the Transformer, we used a
three-layer encoder-decoder, a model size of 512,

and a hidden size of 256. The number of model pa-
rameters was 10M, respectively. See Appendix B
for additional training details.

4.2 Results on systematicity

Generalization on quantifiers Table 4 shows
the accuracy by quantifier type. When the exis-
tential quantifier one was the primitive quantifier,
the accuracy on the problems involving existential
quantifiers, which have the same type as the primi-
tive quantifier, was nearly perfect. Similarly, when
the universal quantifier every was the primitive
quantifier, the accuracy on the problems involv-
ing universal quantifiers was much better than that
on the problems involving other quantifier types.
These results indicate that models can easily gener-
alize to problems involving quantifiers of the same
type as the primitive quantifier, while the models
struggle with generalizing to the others. We also
experimented with larger models and observed the
same trend (see Appendix C). The extent of gen-
eralization varies according to the primitive quan-
tifier type and meaning representation forms. For
example, when the primitive quantifier is the nu-
meral expression two, models generalize to prob-
lems of VF formulas involving universal quanti-
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fiers. This can be explained by the fact that VF
formulas involving universal quantifiers like (5b)
have a similar form to those involving numerals
as in (6b), whereas FOL formulas involving uni-
versal quantifiers have a different form from those
involving numerals as in (5c) and (6c).

(5) a. All small cats chased Bob
b. ALL AND CAT SMALL EXIST BOB

CHASE

c. ∀x1.(cat(x1) ∧ small(x1)

→ ∃x2.(bob(x2) ∧ chase(x1, x2)))

(6) a. Two small cats chased Bob
b. TWO AND CAT SMALL EXIST BOB

CHASE

c. ∃x1.(two(x1) ∧ cat(x1) ∧ small(x1)

∧ ∃x2.(bob(x2) ∧ chase(x1, x2)))

We also check the performance when three quanti-
fiers one, two, and every are set as primitive quanti-
fiers. This setting is easier than that for the system-
aticity in Table 1, since the models are exposed to
combination patterns of all the quantifier types and
all the modifier types. In this setting, the models
achieved almost perfect performance on the test
set involving non-primitive quantifiers (a, three,
all).

Generalization on modifiers Table 5 shows the
accuracy by modifier type where one is set to the
primitive quantifier (see Appendix C for the re-
sults where other quantifier types are set to the
primitive quantifier). No matter which quantifier
is set as the primitive quantifier, the accuracy for
problems involving logical connectives or adverbs
is better than those involving adjectives. As in
(8), an adjective is placed between a quantifier and
a noun, so the position of the noun dog with re-
spect to the quantifier every in the test set changes
from the example in the training (Basic) set in (7).
In contrast, adverbs and logical connectives are
placed at the end of a sentence, so the position of
the noun does not change from the training set, as
in (9). This suggests that models can more easily
generalize in problems involving unseen combina-
tions of quantifiers and modifiers where the posi-
tion of the noun is the same between the training
and test sets.

(7) Every dog ran Train (Basic set)

(8) Every large dog ran Test (ADJ)

(9) Every dog ran and cried Test (CON)

Table 5 also shows that the accuracy is nearly the
same regardless of the existence of negation. Ba-
sic set contains examples involving negation, and
this indicates that the existence of complex phe-
nomena like negation does not affect generaliza-
tion performance of models on modifiers so long
as such phenomena are included in the training set.

Meaning representation comparison Compar-
ing forms of meaning representations, accuracy by
exact matching is highest in the order of VF formu-
las, DRS clausal forms, and FOL formulas. This
indicates that models can more easily generalize to
unseen combinations where the form of meaning
representation is simpler; VF formulas do not con-
tain parentheses nor variables, DRS clausal forms
contain variables but not parentheses, and FOL for-
mulas contain both parentheses and variables.

4.3 Model comparison

Regarding the generalization capacity of models
for decoding meaning representations, the left two
figures in Figure 2 show learning curves on FOL
prediction tasks by quantifier type. While GRU
achieved perfect performance on the same quanti-
fier type as the primitive quantifier, where the num-
ber of training data is 2,500, Transformer achieved
the same performance when the number of train-
ing data is 8,000. The right two figures in Fig-
ure 2 show learning curves by modifier type. The
GRU accuracy is unstable even when the number
of training examples is maximal. In contrast, the
Transformer accuracy is stable when the number
of training data exceeds 8,000. These results indi-
cate that GRU generalizes to unseen combinations
of quantifiers and modifiers with a smaller training
set than can Transformer, while the Transformer
performance is more stable than that of GRU.

ATP-based evaluation Table 6 shows the ATP-
based evaluation results on FOL formulas. For
combinations involving numerals, both GRU and
Transformer achieve high accuracies for G ⇒ P
entailments but low accuracies for G ⇐ P entail-
ments. Since both models fail to output the formu-
las corresponding to modifiers, they fail to prove
G ⇐ P entailments. Regarding combinations in-
volving universal quantifiers, the GRU accuracy
for both G ⇒ P and G ⇐ P entailments is low,
and the Transformer accuracy for G ⇐ P entail-
ments is much higher than that for G ⇒ P entail-
ments. As indicated by examples shown in Table 7,
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Test
GRU Transformer

FOL DRS DRS (cnt) VF FOL DRS DRS (cnt) VF
ADJ 18.9 20.1 78.1 42.3 26.8 59.1 91.3 27.6
ADJ+NEG 18.8 20.2 80.5 39.7 23.1 59.5 93.6 27.5
ADV 20.1 47.7 87.5 58.4 36.2 67.3 97.6 50.7
ADV+NEG 26.9 62.7 92.7 67.2 50.7 69.4 97.3 62.1
CON 28.9 58.3 84.7 72.9 54.3 66.8 88.3 65.9
CON+NEG 33.6 62.8 86.6 74.9 60.1 65.1 89.9 69.1
Valid 98.2 99.7 100.0 99.6 100.0 100.0 100.0 100.0

Table 5: Accuracy by modifier type (primitive quantifier: existential quantifier one). +NEG indicates problems
involving negation. Each accuracy is measured by exact matching, except for “DRS (cnt)” columns.

Figure 2: Learning curves on FOL formula generalization tasks (primitive quantifier: one).

Test
GRU Transformer

G ⇒ P G ⇐ P G ⇔ P G ⇒ P G ⇐ P G ⇔ P

EXI 99.8 100.0 99.8 100.0 100.0 100.0
NUM 77.1 19.0 10.4 91.3 21.1 12.4
UNI 7.1 18.7 2.7 21.1 83.4 12.3

Table 6: ATP-based evaluation results on FOL formu-
las (primitive quantifier: one).

Input Every wild cat escaped and ran
Gold ∀x.((cat↓(x) ∧ wild↓(x)) → (escape↑(x) ∧ run↑(x)))

GRU ∀x.(cat↓(x) → (escape↑(x) ∧ run↑(x)))

Trans ∀x.(cat↓(x) → wild↑(x) ∧ (escape↑(x) ∧ run↑(x)))

Table 7: Examples of typical errors.

Test
GRU Transformer

Up Down Up Down
EXI 99.9 100.0 100.0 100.0
NUM 84.8 96.8 88.1 97.5
UNI 90.9 40.7 94.9 73.4

Table 8: Monotonicity-based evaluation results on FOL
(primitive quantifier: one). “Up” and “Down” columns
show upward and downward accuracy, respectively.

GRU tends to fail to output the formula for a mod-
ifier, e.g., wild(x) in this case, while Transformer
fails to correctly output the position of the implica-
tion (→). The ATP-based evaluation results reflect
such differences between error trends of models in
problems involving different forms of quantifiers.

Monotonicity-based evaluation Table 8 shows
accuracies for the monotonicity-based polarity as-
signment evaluation on FOL formulas. The accu-
racies were higher than those using exact match-
ing (cf. Table 4). Monotonicity-based evaluation
captures the polarities assigned to content words
even for the problems that exact-matching judges
as incorrect because of the differences in form. Ta-
ble 7 shows examples of predicted polarity assign-
ments. Here both models predicted correct polari-
ties for three content words, cat↓, escape↑, run↑.
Exact-matching cannot take into account such par-
tial matching. The downward monotone accura-
cies for problems involving universal quantifiers
are low (40.7 and 73.4 in Table 8). In Table 7,
both models failed to predict the downward mono-
tonicity of wild↓. The results indicate that both
models struggle with capturing the scope of univer-
sal quantifiers. Appendix C shows the evaluation
results on the polarities of VF formulas.

4.4 Results on productivity
Table 9 shows very low generalization accuracy
for both GRU and Transformer at unseen depths.
Although the evaluation results using COUNTER

on DRS prediction tasks is much higher than those
by exact matching, this is due to the fact that
COUNTER uses partial matching; both models
tended to correctly predict the clauses in the sub-
ject NP that are positioned at the beginning of the
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Test
GRU Transformer

FOL DRS DRS (cnt) VF FOL DRS DRS (cnt) VF
Dep2 0.36 0.41 55.5 0.32 0.61 0.61 64.6 0.58
Dep3 0.04 0.07 45.6 0.04 0.11 0.12 46.6 0.12
Dep4 0.00 0.01 38.0 0.00 0.02 0.02 37.6 0.02
Valid 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

Table 9: Accuracy for productivity. “Dep” rows show embedding depths, “DRS (cnt)” columns show accuracy
of predicted DRSs by COUNTER, and “Valid” row shows the validation accuracy. Each accuracy is measured by
exact matching, except for “DRS (cnt)” columns.

Test
GRU Transformer

FOL DRS DRS (cnt) VF FOL DRS DRS (cnt) VF
Dep1 22.1 21.9 81.9 48.9 96.6 77.1 96.5 97.5
Dep2 3.52 3.89 59.1 12.3 76.3 54.6 90.5 85.4
Dep3 0.15 0.12 43.3 0.31 24.9 4.5 70.4 37.0
Dep4 0.08 0.15 37.7 0.46 4.4 1.6 60.3 5.57
Valid 94.3 94.9 100.0 96.0 97.6 98.1 100.0 97.8

Table 10: Evaluation results for systematicity involving embedding quantifiers. “Dep” rows show embedding
depths.

sentence (see Appendix E for details).
We checked whether models can generalize to

unseen combinations involving embedded clauses
when the models are exposed to a part of training
instances at each depth. We provide Basic set 1 in-
volving non-embedding patterns like (10), where
Q can be replaced with any quantifier. This Basic
set 1 exposes models to all quantifier patterns. We
also expose models to Basic set 2 involving three
primitive quantifiers (one, two, and every) at each
embedding depth, like (11) and (12). We provide
around 2,000 training instances at each depth. We
then test models on a test set involving the other
quantifiers (a, three, and all) at each embedding
depth, like (13) and (14). If models can distinguish
quantifier types during training, they can correctly
compose meaning representations involving differ-
ent combinations of multiple quantifiers. Note that
this setting is easier than that for productivity in Ta-
ble 2, in that models are exposed to some instances
at each depth.

(10) Q dog(s) liked Bob

(11) One dog liked Bob [that loved two rats]

(12) One dog liked Bob [that loved two rats
[that knew every pig]]

(13) A dog liked Bob [that loved three rats]

(14) A dog liked Bob [that loved three rats
[that knew all pigs]]

Table 10 shows that both models partially gen-
eralize to the cases where the depth is 1 or 2. How-
ever, both models fail to generalize to the cases

where the depth is 3 or more. This suggests that
even if models are trained with some instances at
each depth, the models fail to learn distinctions be-
tween different quantifier types and struggle with
parsing sentences whose embedding depth is 3 or
more.

5 Conclusion

We have introduced an analysis method using
SyGNS, a testbed for diagnosing the systematic
generalization capability of DNN models in se-
mantic parsing. We found that GRU and Trans-
former generalized to unseen combinations of
semantic phenomena whose meaning representa-
tions are similar in forms to those in a training set,
while the models struggle with generalizing to the
others. In addition, these models failed to general-
ize to cases involving nested clauses. Our analyses
using multiple meaning representation and evalu-
ation methods also revealed detailed behaviors of
models. We believe that SyGNS serves as an effec-
tive testbed for investigating the ability to capture
compositional meanings in natural language.
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A Data generation details

Table 12 shows a set of context-free grammar rules
and semantic composition rules we use to gener-
ate a fragment of English annotated with mean-
ing representations in the SyGNS dataset. Each
grammar rule is associated with two kinds of se-
mantic composition rules formulated in λ-calculus.
One is for deriving first-order logic (FOL) for-
mulas, and the other is for deriving variable-free
(VF) formulas. For FOL, semantic composition
runs in the standard Montagovian fashion where
all NPs (including proper nouns) are treated as
generalized quantifiers (Heim and Kratzer, 1998;
Jacobson, 2014). From FOL formulas, we can ex-
tract the polarity of each content word using the
monotonicity calculus (Van Eijck, 2005). Table
13 shows some examples of polarized FOL for-
mulas. The derivation of VF formulas runs in
two steps. To begin with, a sentence is mapped
to a variable-free form by semantic composition
rules. For instance, the sentence a small dog
did not swim is mapped to a variable-free for-
mula EXIST(AND(SMALL,DOG),NOT(SWIM)) by
the rules in Table 12. Second, since this form is
in prefix notation, all brackets can be eliminated
without causing ambiguity. This produces the re-
sulting VF formula EXIST AND SMALL DOG NOT
SWIM. Some other examples are shown in Table
13. DRSs are converted from FOL formulas in the
standard way (Kamp and Reyle, 1993).

B Training details

We implemented the GRU model and the Trans-
former model using PyTorch. Both models were
optimized using Adam (Kingma and Ba, 2015)
at an initial learning rate of 0.0005. The hy-
perparameters (batch size, learning rate, number
of epochs, hidden units, and dropout probability)
were tuned by random search. In all experiments,
we trained models on eight NVIDIA DGX-1 Tesla
V100 GPUs. The runtime for training each model
was about 1-4 hours, depending on the size of the
training set. The order of training instances was
shuffled for each model. We used 10% of the train-
ing set for a validation set.

C Detailed evaluation results

Effect of Model Size The results we report are
from a model with 10M parameters. How does
the number of parameters affect the systematic

Test
GRU Transformer

4M 10M 27M 4M 10M 27M
EXI 96.8 99.9 97.1 99.9 99.8 99.3
NUM 7.1 11.5 10.4 12.3 12.2 12.4
UNI 6.0 4.9 2.9 7.8 5.9 7.9
Valid 97.2 99.9 97.6 100.0 99.8 97.2

Table 11: The effect of model size on generalization
performance (primitive quantifier: existential quantifier
one, representation form: FOL).

generalization performance of models? Table 11
shows the performance of three models of varying
size (large: 27M, medium: 10M, small: 4M). The
number of parameters did not have a large impact
on the generalization performance; all runs of the
models achieved higher than 90% accuracy on the
validation set and the test set involving quantifiers
of the same type as the primitive quantifier, while
they did not work well on the test set involving the
other types of quantifiers.

Modifier type Table 14 shows all evaluation re-
sults by modifier types where two or every is set
to the primitive quantifier. Regardless of prim-
itive quantifier type, accuracies for problems in-
volving logical connectives or adverbs were better
than those for problems involving adjectives.

Monotonicity Table 15 shows all evaluation re-
sults of predicted FOL formulas and VF formulas
based on monotonicity. We evaluate the precision,
recall, and F-score for each monotonicity direction
(upward and downward). Regardless of meaning
representation forms, downward monotone accu-
racy on problems involving universal quantifiers is
low. This indicates that both models struggle with
learning the scope of universal quantifiers.

D Evaluation on systematicity of
quantifiers and negation

We also analyze whether models can generalize to
unseen combinations of quantifiers and negation.
Here, we generate Basic set 1 by setting an arbi-
trary quantifier to a primitive quantifier and com-
bining it with negation. As in (15b), we fix the
primitive quantifier to the existential quantifier one
and generate the negated sentence One tiger did
not run. Next, as in (16a) and (16b), we generate
Basic set 2 by combining a primitive term (e.g.,
tiger) with various quantifiers. If a model has the
ability to systematically understand primitive com-
binations in Basic set, it can represent a new mean-
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Grammar rules Semantic composition rules: FOL Semantic composition rules: VF
S → NP VP [[S]] = [[NP]]([[VP]]) [[S]] = [[NP]]([[VP]])
S → NP did not VP [[S]] = [[NP]](λx.¬[[VP]](x)) [[S]] = [[NP]](NOT([[VP]]))
NP → PN [[NP]] = [[PN]] [[NP]] = [[PN]]
NP → Q N [[NP]] = [[Q]]([[N]]) [[NP]] = [[Q]]([[N]])
NP → Q ADJ N [[NP]] = [[Q]](λx.([[N]](x) ∧ [[ADJ]](x))) [[NP]] = [[Q]](AND([[N]], [[ADJ]]))
NP → Q N S [[NP]] = [[Q]](λx.([[N]](x) ∧ [[S]](x))) [[NP]] = [[Q]](AND([[N]], [[S]]))
VP → IV [[VP]] = [[IV]] [[VP]] = [[IV]]
VP → IV ADV [[VP]] = λx.([[IV]](x) ∧ [[ADV]](x)) [[VP]] = AND([[IV]], [[ADV]]))
VP → IV or IV′ [[VP]] = λx.([[IV]](x) ∨ [[IV′]](x)) [[VP]] = OR([[IV]], [[IV′]]))
VP → IV and IV′ [[VP]] = λx.([[IV]](x) ∧ [[IV′]](x)) [[VP]] = AND([[IV]], [[IV′]]))
VP → TV NP [[VP]] = λx.[[NP]](λy.[[TV]](x, y)) [[VP]] = [[NP]]([[TV]])
S → that VP [[S]] = [[VP]] [[S]] = [[VP]]
S → that did not VP [[S]] = λx.¬[[VP]](x) [[S]] = NOT([[VP]])
S → that NP TV [[S]] = λy.[[NP]](λx.[[TV]](x, y)) [[S]] = [[NP]](INV([[TV]]))
S → that NP did not TV [[S]] = λy.[[NP]](λx.¬[[TV]](x, y)) [[S]] = [[NP]](NOT(INV([[TV]])))

Q → {every, all, a, one, two, three} [[every]] = [[all]] = λFλG.∀x(F (x) → G(x)) [[every]] = [[all]] = λFλG.ALL(F, G)
[[a]] = [[one]] = λFλG.∃x.(F (x) ∧ G(x)) [[a]] = [[one]] = λFλG.EXIST(F, G)
[[two]] = λFλG.∃x.(two(x) ∧ F (x) ∧ G(x)) [[two]] = λFλG.TWO(F, G)
[[three]] = λFλG.∃x.(three(x) ∧ F (x) ∧ G(x)) [[three]] = λFλG.THREE(F, G)

N → {dog, rabbit, cat, bear, tiger,...} [[dog]] = λx.dog(x) [[dog]] = DOG
PN → {ann, bob, fred, chris, eliott,...} [[ann]] = λF.F (ann) [[ann]] = λF.EXIST(ANN, F )
IV → {ran, walked, swam, danced, dawdled,...} [[ran]] = λx.run(x) [[ran]] = RUN
IV′ → {laughed, groaned, roared, screamed,...} [[laugh]] = λx.laugh(x) [[laugh]] = LAUGH
TV → {kissed, kicked, cleaned, touched,...} [[kissed]] = λyλx.kiss(x, y) [[kissed]] = KISS
ADJ → {small, large, crazy, polite, wild,...} [[small]] = λx.small(x) [[small]] = SMALL
ADV → {slowly, quickly, seriously, suddenly,...} [[slowly]] = λx.slowly(x) [[slowly]] = SLOWLY

Table 12: A set of context-free grammar rules and semantic composition rules used to generate the SyGNS dataset.

Sentence FOL VF
a small dog did not swim ∃x.(small↑(x) ∧ dog↑(x) ∧ ¬swim↓(x)) EXIST AND SMALL↑ DOG↑ NOT SWIM↓

all tigers ran or swam ∀x.(tiger↓(x) → run↑(x) ∨ swim↑(x)) ALL TIGER↓ OR RUN↑ SWIM↑

ann did not chase two dogs ¬∃x.(two(x) ∧ dog↓(x) ∧ chase↓(ann, x)) EXIST ANN NOT TWO DOG↓ CHASE↓

Table 13: Example of (polarized) FOL formulas and VF formulas.

Test
GRU Transformer

FOL DRS DRS (cnt) VF FOL DRS DRS (cnt) VF
primitive quantifier: numeral two

ADJ 10.7 16.8 74.9 22.8 34.4 58.2 91.6 52.0
ADJ+NEG 10.1 22.3 79.7 24.3 33.4 58.7 94.4 51.0
ADV 12.8 29.3 79.8 46.9 40.3 56.1 89.1 60.5
ADV+NEG 14.1 33.9 83.8 58.6 34.4 56.4 93.3 65.8
CON 18.3 37.9 80.2 64.8 34.3 52.4 83.4 67.2
CON+NEG 24.4 40.6 82.6 68.7 31.3 50.8 88.0 68.5

primitive quantifier: universal quantifier every
ADJ 7.7 19.5 70.6 58.5 20.7 20.5 89.9 62.2
ADJ+NEG 6.9 19.2 75.5 56.8 20.3 20.2 92.2 63.6
ADV 9.2 18.2 82.3 70.1 19.7 19.7 85.1 70.4
ADV+NEG 14.8 18.1 79.4 76.1 22.7 19.8 89.3 75.5
CON 14.7 18.0 70.3 79.6 21.5 19.2 68.8 75.8
CON+NEG 18.3 18.2 80.1 81.2 22.7 19.1 80.5 76.8

Table 14: Accuracy by modifier type where two or every is the primitive quantifier. “DRS (cnt)” columns show
accuracies of predicted DRSs by COUNTER.

Test
GRU Transformer

Exact Upward Downward Exact Upward Downward
Match Prec Rec F Prec Rec F Match Prec Rec F Prec Rec F

FOL formula
EXI 96.1 100.0 99.9 99.9 100.0 100.0 100.0 99.9 100.0 100.0 100.0 100.0 100.0 100.0
NUM 7.6 99.2 75.5 84.8 99.6 94.7 96.8 18.1 100.0 79.5 88.1 100.0 95.6 97.5
UNI 3.1 92.6 89.9 90.9 42.9 39.4 40.7 8.3 97.3 93.4 94.9 79.4 70.0 73.4

VF formula
EXI 99.7 100.0 99.9 99.9 99.9 99.9 99.9 100.0 100.0 100.0 100.0 100.0 100.0 100.0
NUM 37.0 70.2 54.4 59.8 68.6 58.5 62.0 20.7 99.2 77.0 85.4 99.3 95.4 97.0
UNI 39.5 91.1 80.7 84.4 49.0 35.2 39.7 17.7 99.9 97.4 98.4 98.6 72.7 82.3

Table 15: Evaluation results on monotonicity. “Prec”, “Rec”, “F” indicate precision, recall, and F-score.

117



ing representation with different combinations of
quantifiers and negations, like (17a) and (17b).

(15) a. One tiger ran
b. One tiger did not run

(16) a. Every tiger ran
b. Two tigers ran

(17) a. Every tiger did not run
b. Two tigers did not run

Table 16 shows the accuracy on combinations of
quantifiers and negations by quantifier type. Sim-
ilar to the results with unseen combinations of
quantifiers and modifiers, models can easily gener-
alize to problems involving quantifiers of the same
type as the primitive quantifier. Table 17 shows
the accuracy on combinations of quantifiers and
negations by modifier types. Similar to the results
in Table 14, the accuracies on problems involving
logical connectives or adverbs were slightly better
than those on problems involving adjectives.

E Error analysis of predicted DRSs

In the productivity experiments, the evaluation re-
sults using COUNTER on DRS prediction tasks are
much higher than those by exact matching. Ta-
ble 18 shows an example of predicted DRSs for
the sentence all lions that did not follow two bears
that chased three monkeys did not cry. This sen-
tence contains embedded clauses with depth two,
having the following gold DRS:

x1

lion(x1)

¬

x2, x3

two(x2)

bear(x2)
three(x3)
monkey(x3)
chase(x2, x3)
follow(x1, x2))

⇒ ¬ cry(x1)

Both GRU and Transformer tend to correctly pre-
dict some of the clauses for content words, im-
plication, and negation that appear at the begin-
ning of the input sentence, while they fail to
capture long-distance dependencies between sub-
ject nouns and verbs (e.g., all lions ... did not
cry). Also, COUNTER correctly evaluates the
cases where the order of clauses is different from
that of gold answers.
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Test
GRU Transformer

FOL DRS DRS (cnt) VF FOL DRS DRS (cnt) VF
primitive quantifier: existential quantifier one

EXI 65.9 88.0 98.1 94.5 99.9 96.6 97.6 45.0
NUM 48.4 71.0 96.7 54.5 65.8 86.6 98.8 26.3
UNI 22.3 0.0 52.0 53.1 0.0 0.0 70.2 26.6
Valid 96.6 98.1 100.0 99.8 100.0 100.0 100.0 100.0

primitive quantifier: numeral two
EXI 36.4 63.6 89.8 13.9 14.4 49.6 86.9 11.5
NUM 40.0 66.7 94.1 21.5 33.0 59.1 87.6 14.3
UNI 15.4 0.0 50.7 0.0 0.0 0.0 71.0 12.4
Valid 96.4 97.8 100.0 99.3 100.0 100.0 100.0 100.0

primitive quantifier: universal quantifier every
EXI 12.8 0.0 73.7 78.6 0.8 0.5 52.2 59.4
NUM 17.1 0.0 75.3 78.1 0.0 0.6 59.2 65.1
UNI 91.1 88.3 97.4 94.9 86.6 70.1 92.3 76.6
Valid 98.8 98.1 100.0 98.8 100.0 100.0 100.0 100.0

Table 16: Accuracy on combinations of quantifiers and negation by quantifier type. “DRS (cnt)” columns show
accuracies of predicted DRSs by COUNTER. “Valid” row shows the validation accuracy.

Test
GRU Transformer

FOL DRS DRS (cnt) VF FOL DRS DRS (cnt) VF
primitive quantifier: existential quantifier one

ADJ+NEG 34.6 33.2 68.3 45.8 19.4 45.1 84.1 25.3
ADV+NEG 38.0 36.3 77.9 53.0 43.2 54.8 88.1 37.5
CON+NEG 36.8 33.2 73.2 54.7 47.4 52.4 85.4 37.0

primitive quantifier: numeral two
ADJ+NEG 21.2 18.2 69.3 8.0 11.6 29.3 75.9 1.2
ADV+NEG 26.5 28.5 71.4 10.3 19.3 36.5 81.8 17.8
CON+NEG 21.9 28.1 68.5 9.1 11.7 34.6 78.7 16.3

primitive quantifier: universal quantifier every
ADJ+NEG 26.7 12.4 63.9 60.5 13.9 14.6 58.0 50.7
ADV+NEG 25.9 13.2 69.2 66.1 21.9 15.2 60.9 63.3
CON+NEG 28.5 18.8 71.4 65.9 20.2 14.6 59.7 62.8

Table 17: Accuracy on combinations of quantifiers and negation by modifier type.

(a) Gold answer
b1 IMP b2 b4
b2 REF x1
b2 lion x1
b2 NOT b3
b3 REF x2
b3 REF x3
b3 two x2
b3 bear x2
b3 three x3
b3 monkey x3
b3 chase x3 x2
b3 follow x2 x1
b4 NOT b5
b5 cry x1

(b) GRU
(F: 0.45)

b1 IMP b2 b3
b2 REF x1
b2 lion x1
b2 NOT b3
b3 REF x2
b3 two x2
b3 bear x2
b3 follow x2 x2
b3 REF x3
b3 three x3
b4 monkey x3
b4 like x3 x2
b4 like x1 x2

(c) Transformer
(F: 0.42)

b1 IMP b2 b3
b2 REF x1
b2 lion x1
b2 NOT b3
b3 REF x2
b3 two x2
b3 monkey x2
b3 follow x2 x1
b3 REF x3
b3 john x3
b3 chase x1 x3

Table 18: Error analysis of DRSs for the sentence “all lions that did not follow two bears that chased three monkeys
did not cry”. Clauses in green are correct and those in red are incorrect. “F” shows F-score over matching clause.
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Abstract

Fully non-autoregressive neural machine trans-
lation (NAT) simultaneously predicts tokens
with single forward of neural networks, which
significantly reduces the inference latency at
the expense of quality drop compared to the
Transformer baseline. In this work, we target
on closing the performance gap while main-
taining the latency advantage. We first inspect
the fundamental issues of fully NAT models,
and adopt dependency reduction in the learn-
ing space of output tokens as the primary guid-
ance. Then, we revisit methods in four dif-
ferent aspects that have been proven effective
for improving NAT models, and carefully com-
bine these techniques with necessary modifi-
cations. Our extensive experiments on three
translation benchmarks show that the proposed
system achieves the state-of-the-art results for
fully NAT models, and obtains comparable
performance with the autoregressive and itera-
tive NAT systems. For instance, one of the pro-
posed models achieves 27.49 BLEU points
on WMT14 En-De with 16.5× speed-up com-
pared to similar sized autoregressive baseline
under the same inference condition. The im-
plementation of our model is available here1.

1 Introduction

State-of-the-art neural machine translation (NMT)
systems are based on autoregressive models (Bah-
danau et al., 2015; Vaswani et al., 2017) where each
generation step depends on the previously gener-
ated tokens. This sequential nature inevitably leads
to inherent latency at inference time. On the other
hand, non-autoregressive neural machine transla-
tion models (NAT, Gu et al., 2018a) attempt to
generate output sequences in parallel to speed-up

∗ Equal contribution.
1https://github.com/pytorch/fairseq/

tree/master/examples/nonautoregressive_
translation

Figure 1: The translation quality v.s. inference speed-
up on WMT’14 En→De test set. The upper right corner
achieves the best trade-off.

the decoding process. The incorrect independence
assumption nevertheless prevents NAT models to
properly learn the dependency between target to-
kens in real data distribution, resulting in poorer
performance compared to autoregressive (AT) mod-
els. One popular solution to improve the NAT trans-
lation accuracy is to sacrifice the speed-up by incor-
porating an iterative refinement process, through
which the model explicitly learns the conditional
distribution over partially observed reference to-
kens (Ghazvininejad et al., 2019; Gu et al., 2019).
However, recent studies (Kasai et al., 2020b) indi-
cated that iterative NAT models seem to lose the
speed advantage compared to AT models with care-
ful tuning of the layer allocation. For instance, an
AT model with deep encoder and shallow decoder
obtains similar latency as iterative NAT models
without hurting the translation accuracy.

Therefore, how to build a competitive fully NAT
model without iterative refinements calls for more
exploration. Several works (Ghazvininejad et al.,
2020a; Saharia et al., 2020; Qian et al., 2020) have
recently been proposed to improve the training of
NAT, though the performance gap compared to the
iterative ones remains. In this work, we first ar-
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gue that the key to successfully training a fully
NAT model is to perform dependency reduction
in the learning space of output tokens (§ 2) from
all aspects. With this guidance, we revisit various
methods which are able to reduce the dependen-
cies among target tokens as much as possible in-
cluding four different perspectives, i.e., training
corpus (§ 3.1), model architecture (§ 3.2), training
objective (§ 3.3) and learning strategy (§ 3.4). The
performance gap can not be near closed unless we
combine these techniques’ advantages.

We validate the proposed fully NAT model on
standard translation benchmarks including 5 trans-
lation directions where our system achieves new
state-of-the-art results for fully NAT models on all
directions. We also demonstrate the quality-speed
trade-off comparing with AT and recent iterative
NAT models in Figure 1. Moreover, compared
to the Transformer baseline, our model achieves
16.5× inference speed-up under the same soft-
ware/hardware conditions while maintaining com-
parable translation quality.

2 Motivation

Given an input sequence x = x1 . . . xT ′ , an autore-
gressive model (Bahdanau et al., 2015; Vaswani
et al., 2017) predicts the target y = y1 . . . yT se-
quentially based on the conditional distribution
p(yt|y<t, x1:T ′ ; θ), which tends to suffer from high
latency in generation especially for long sequences.
In contrast, non-autoregressive machine transla-
tion (NAT, Gu et al., 2018a), proposed for speeding-
up the inference by generating all the tokens in par-
allel, has recently been on trend due to its nature of
parallelizable on devices such as GPUs and TPUs.
A typical NAT system assumes a conditional inde-
pendence in the output token space, that is

log pθ(y|x) =
T∑

t=1

log pθ(yt|x1:T ′) (1)

where θ is the parameters of the model. Typically,
NAT models are modeled with Transformer with-
out causal attention map in the decoder side. As
noted in Gu et al. (2018a), the independence as-
sumption, however, generally does not hold in real
data distribution for sequence generation tasks such
as machine translation (Ren et al., 2020), where
the failure of capturing such dependency between
target tokens leads to a serious performance degra-
dation in NAT. This is a fairly understandable but
fundamental issue of NAT modeling which can

Figure 2: Toy example shows that NAT fails to learn
when dependency exists in output space.

be easily shown with a toy example in Figure 2.
Given a simple corpus with only two examples:
AB and BA, each of which has 50% chances to ap-
pear. It is designed to represent the dependency
that symbol A and B should co-occur. Although
such simple distribution can be instantly captured
by any autoregressive model, learning the vanilla
NAT model with maximum likelihood estimation
(MLE, Eq. (1)) assigns probability mess to incor-
rect outputs (AA, BB) even these samples never
appear during training. In practice, the dependency
in real translation corpus is much more compli-
cated. As shown in Figure 1, despite the inference
speed-up, the vanilla NAT leads to a quality drop
over 10 BLEU points.

To ease the modeling difficulty, recent state-of-
the-art NAT systems (Lee et al., 2018; Stern et al.,
2019; Ghazvininejad et al., 2019; Gu et al., 2019;
Kasai et al., 2020a; Shu et al., 2020; Saharia et al.,
2020) trade accuracy with latency by incorporating
iterative refinement in non-autoregressive predic-
tion. For instance, Gu et al. (2019) learns to trans-
late by editing (deletion, insertion) on previously
generated sequence iteratively. Although iterative
NAT models have already achieved comparable or
even better performance than the autoregressive
counterpart, Kasai et al. (2020b) showed AT mod-
els with a deep encoder and a shallow decoder can
readily outperform strong iterative models with
similar latency, indicating that the latency advan-
tage of iterative NAT has been overestimated.

By contrast, while maintaining a clear speed ad-
vantage, fully NAT system – model makes parallel
predictions with single neural network forward –
still lags behind in translation quality and has not
been fully explored in literature (Libovický and
Helcl, 2018; Li et al., 2018; Sun et al., 2019; Ma
et al., 2019; Ghazvininejad et al., 2020a). This
motivates us in this work to investigate various ap-
proaches to push the limits of learning a fully NAT
model towards autoregressive models regardless of
the architecture choices (Kasai et al., 2020b).

121



Figure 3: The overall framework of our fully NAT model.

3 Methods

In this section, we discuss several essential ingredi-
ents to train a fully NAT model. As discussed in § 2,
we argue that the guiding principle of designing
any NAT models is to perform dependency reduc-
tion as much as possible in the output space so that
it can be captured by the NAT model. For example,
iterative-based models (Ghazvininejad et al., 2019)
explicitly reduce the dependencies between output
tokens by learning the conditional distribution over
the observed reference tokens. The overall frame-
work of training our fully NAT system is presented
in Figure 3. We also summarize the pros/cons for
each proposed method in Table 1 for reference.

3.1 Data: Knowledge Distillation

The most effective dependency reduction technique
is knowledge distillation (KD) (Hinton et al., 2015;
Kim and Rush, 2016) which is firstly proposed to
improve NAT in Gu et al. (2018a) and has been
widely employed for all subsequent NAT models.
The original target samples are replaced with sen-
tences generated from a pre-trained autoregressive
model. As analyzed in Zhou et al. (2020), KD is
able to simplify the training data where the gen-
erated targets have less noise and are aligned to
the inputs more deterministically. Also, it showed
that the capacity of the teacher model should be
constrained to match the desired NAT model to
avoid further degradation, especially for weak NAT
students without iterative refinement.

3.2 Model: Latent Variables

Different from iterative NAT, dependency reduc-
tion can be done with (nearly) zero additional cost
at inference by adding latent variables to the model.
In such case, output tokens y1:T are modeled con-
ditionally independent over the latent variables z

which are predicted from the prior distribution:

log pθ(y|x) = log

∫

z
pθ(z|x)pθ(y|z,x)dz (2)

z can be either extracted by a fixed external library
(e.g. fertility in Gu et al. (2018a)), or jointly opti-
mized with the NAT model using variational auto-
encoders (VAEs) (Kaiser et al., 2018; Shu et al.,
2020) or normalizing flow (Ma et al., 2019).

In this work, we followed the formulation pro-
posed in Shu et al. (2020) where continuous latent
variables z ∈ RT ′×D are modeled as spherical
Gaussian at the encoder output of each position.
Like typical VAEs (Kingma and Welling, 2013),
the model is trained by maximizing the evidence
lower-bound (ELBO) with a posterior network qφ:

E
z∼qφ

[log pθ(y|z,x)]

︸ ︷︷ ︸
likelihood

−DKL(qφ(z|x,y)‖pθ(z|x))

(3)
where DKL is the Kullback–Leibler divergence be-
tween the prior and posterior. In this work, we
use a Transformer to encode qφ(z|x,y). Only the
embedding layers are shared between θ and φ

3.3 Loss Function: Latent Alignments
Standard NMT models are trained with the cross
entropy (CE) loss which compares the model’s out-
put with target tokens at each corresponded posi-
tion. However, as NAT ignores the dependency in
the output space, it is almost impossible for such
models to model token offset accurately. For in-
stance, while with little effect to the meaning, sim-
ply changing “Vielen Dank !” to “, Vielen Dank”
causes a huge penalty for fully NAT models.

To ease such limitation, recent works proposed
to consider the latent alignments between the tar-
get positions, and optimize (Ghazvininejad et al.,
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Methods Distillation Latent Variables Latent Alignments Glancing Targets

What it can do? simplifying the training
data

model any types of de-
pendency in theory

handling token shifts in
the output space

ease the difficulty of
learning hard examples

What it cannot? uncertainty exists in the
teacher model

constrained by the mod-
eling power of the used
latent variables

unable to model non-
monotonic dependency,
e.g. reordering

training / testing phase
mismatch

Potential issues sub-optimal due to the
teacher’s capacity

difficult to train; poste-
rior collapse

decoder inputs must be
longer than targets

difficult to find the op-
timal masking ratio

Table 1: Comparison between the proposed techniques for improving fully NAT models.

2020a), or marginalize all alignments (Libovický
and Helcl, 2018; Saharia et al., 2020). As a spe-
cial form of latent variables in loss computation,
latent alignments can be easily computed through
dynamic programming. The dependency is reduced
because the NAT model is able to freely choose the
best prediction regardless of the target offsets. In
this work, we put our primary focus on Connection-
ist Temporal Classification (CTC) (Graves et al.,
2006) as the latent alignments, considering its su-
perior performance and the flexibility of variable
length prediction. Formally, CTC is capable of effi-
ciently finding all valid aligned sequences a which
the target y can be recovered from, and marginalize
log-likelihood:

log pθ(y|x) = log
∑

a∈Γ(y)

pθ(a|x) (4)

where Γ−1(a) is the collapse function that recov-
ers the target sequence by collapsing consecutive
repeated tokens, and then removing all blank to-
kens. Also, it is straightforward to apply the same
CTC loss into the VAE models (§ 3.2) by replacing
the likelihood term in Eq (3) with the CTC loss.
Because of the strong assumptions of monotonic
alignment, it is impossible to reduce all dependen-
cies between target tokens in real distribution.

3.4 Learning: Glancing Targets
Ghazvininejad et al. (2019) showed that it im-
proved test time performance by glancing the ref-
erence tokens when training NAT models. That is,
instead of log pθ(y|x), we optimize log pθ(y|m�
y,x),m ∼ γ(l,y), l ∼ U|y|, where m is the
mask, and γ is the sampling function given the
number of masked tokens l. As mentioned earlier,
we suspect such explicit modeling of the distri-
bution conditional to unmasked tokens assists the
dependency reduction in the output space.

Naively applying random masks for every train-
ing example may cause severe mismatch between
training and testing. To migrate this, Qian et al.

(2020) proposed GLAT – a curriculum learning
strategy, in which the ratio of glanced target tokens
is proportional to the translation error of the fully
NAT model. More precisely, instead of sampling
uniformly, we sample l by:

l ∼ g(fratio · D(ŷ,y)) (5)

where ŷ = arg maxy log pθ(y|x), D is the dis-
crepancy between the model prediction and the
target sequence, e.g. Levenshtein distance (Leven-
shtein, 1966), and fratio is a hyperparameter to ad-
just the mask ratio. The original formulation (Qian
et al., 2020) utilized a deterministic mapping (g),
while we use a Poisson distribution to sample a
wider range of lengths including “no glancing”.

The original GLAT (Qian et al., 2020) assumes
to work with golden length so that it can glance
at the target by placing the target word embedding
to the corresponded inputs, which is incompatible
with CTC as we always require the inputs longer
than the targets. To enable GLAT training, we
glance at target tokens from the viterbi aligned to-
kens a∗ = arg maxa∈Γ(y) log pθ(a|x) which has
the same length as the decoder inputs. Intuitively,
a poorly trained model will glance at many tar-
get tokens. When the model becomes better and
generates higher quality sequences, the number of
masked words will be larger, which helps the model
gradually learn generating the whole sentence.

4 Experiments

We perform extensive experiments on three chal-
lenging translation datasets by combining all men-
tioned techniques to check (1) whether the pro-
posed aspects for dependency reduction are com-
plementary; (2) how much we can minimize the
gap between a fully non-autoregressive model with
the autoregressive counterpart.

4.1 Experimental Setup
Dataset and Preprocessing We validate our pro-
posed models on three standard translation bench-
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marks with variant sizes, i.e., WMT14 English
(EN)↔ German (DE) (4.0M pairs), WMT16 En-
glish (EN) ↔ Romanian (RO) (610k pairs) and
WMT20 Japanese (JA)→ English (EN) (13M pairs
after filtering). For EN↔DE and EN↔RO, we
apply the same prepossessing steps and learn sub-
words as mentioned in prior work (EN↔DE: Zhou
et al., 2020, EN↔RO: Lee et al., 2018). For
JA→EN, the original data (16M pairs) is first fil-
tered with Bicleaner (Sánchez-Cartagena et al.) 2

and we apply SentencePiece (Kudo and Richard-
son, 2018) to generate 32,000 subwords.

Knowledge Distillation Following previous ef-
forts, we also train the NAT models on distilled
data generated from pre-trained transformer models
(base for WMT14 EN↔DE and WMT16 EN↔RO
and big for WMT20 JA→EN) using beam search
with a beam size 5 and length penalty 1.0.

Decoding At inference time, the most straight-
forward way is to generate the sequence with the
highest probability at each position. The outputs
from the CTC-based NAT models require an ad-
ditional collapse process Γ−1 which can be done
instantly. A relatively more accurate method is
to decode multiple sequences, and rescore them
to obtain the best candidate in parallel, i.e. noisy
parallel decoding (NPD, Gu et al., 2018a). Fur-
thermore, CTC-based models are also capable of
decoding sequences using beam-search (Libovický
and Helcl, 2018), and optionally combined with
n-gram language models (Heafield, 2011; Kasner
et al., 2020). More precisely, we search in a beam
to approximately find the optimal y∗ that maxi-
mizes:

log pθ(y|x) + α · log pLM(y) + β log |y| (6)

where α and β are hyperparameters for language
model scores and word insertion bonus. In prin-
ciple, it is no longer non-autoregressive as beam-
search is a sequential process by nature. However,
it does not contain any neural network computa-
tions and can be implemented efficiently in C++ 3.

Baselines We adopt Transformer (AT) and exist-
ing NAT approaches (see Table 2) for comparison.
For AT, except for the standard base and big archi-
tectures (Vaswani et al., 2017), we also compare
with a deep encoder, shallow decoder Transformer

2https://github.com/bitextor/bicleaner
3https://github.com/parlance/ctcdecode

suggested in Kasai et al. (2020b) that follows the
model dimensions of base with 12 encoder layers
and 1 decoder layer (i.e. base (12-1) for short).

Evaluation BLEU (Papineni et al., 2002) is used
to evaluate the translation performance for all mod-
els. Following prior works, we compute tokenized
BLEUs for EN↔DE and EN↔RO, while using
SacreBLEU (Post, 2018) for JA→EN. In this work,
we use three measures to fully investigate the trans-
lation latency of all the models:

• LGPU
1 : translation latency by running the model

with one sentence/batch on single GPU, aligning
applications like instantaneous translation.

• LCPU
1 : the same asLGPU

1 while running the model
without GPU speed-up. Compared to LGPU

1 , it
is less friendly to NAT models that make use of
parallelism, however, closer to real scenarios.

• LGPU
max: the same as LGPU

1 on GPU while running
the model in a batch with as many sentences
as possible. In this case, the hardware memory
bandwidth are taken into account.

We measure the wall-clock time for translating the
whole test set, and report the averaged time over
sentences as the latency measure. For more imple-
mentation details, please refer to Appendix A.

4.2 Results
WMT’14 EN↔DE & WMT’16 EN↔RO We
report the performance of our fully NAT model
comparing with AT and existing NAT approaches
(including both iterative and fully NAT models) in
Table 2. Iterative NAT models with enough num-
ber of iterations generally outperform fully NAT
baselines by a certain margin as they are able to re-
cover the generation errors by explicitly modeling
dependencies between (partially) generated tokens.
However, the speed advantage is relatively small
compared to AT base (12-1) which also achieves
2.5 times faster than the AT baseline.

Conversely, our fully NAT models are able to
readily achieve over 16 times speed-up on EN→DE
by restricting translation within a single iteration.
Surprisingly, merely training NAT with KD and
CTC loss already beats the state-of-the-art for sin-
gle iteration NAT models across all four directions.
Moreover, combining with either latent variables
(VAE) or glancing targets (GLAT) further closes
the performance gap or even outperforms the AT re-
sults on both language pairs. For example, our best
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Models Iter. Speed WMT’14 WMT’16
EN-DE DE-EN EN-RO RO-EN

AT
Transformer base (teacher) N 1.0× 27.48 31.39 33.70 34.05
Transformer base (12-1) N 2.4× 26.21 30.80 33.17 33.21

+ KD N 2.5× 27.34 30.95 33.52 34.01

Iterative NAT

iNAT (Lee et al., 2018) 10 1.5× 21.61 25.48 29.32 30.19
Blockwise (Stern et al., 2018) ≈ N/5 3.0× 27.40 - - -
InsT (Stern et al., 2019) ≈ logN 4.8× 27.41 - -
CMLM (Ghazvininejad et al., 2019)∗ 10 1.7× 27.03 30.53 33.08 33.31
LevT (Gu et al., 2019) Adv. 4.0× 27.27 - - 33.26
KERMIT (Chan et al., 2019) ≈ logN - 27.80 30.70 - -
LaNMT (Shu et al., 2020) 4 5.7× 26.30 - - 29.10
SMART (Ghazvininejad et al., 2020b)∗ 10 1.7× 27.65 31.27 - -
DisCO (Kasai et al., 2020a)∗ Adv. 3.5× 27.34 31.31 33.22 33.25
Imputer (Saharia et al., 2020)∗ 8 3.9× 28.20 31.80 34.40 34.10

Fully NAT

Vanilla-NAT (Gu et al., 2018a) 1 15.6× 17.69 21.47 27.29 29.06
LT (Kaiser et al., 2018) 1 3.4× 19.80 - - -
CTC (Libovický and Helcl, 2018) 1 - 16.56 18.64 19.54 24.67
NAT-REG (Wang et al., 2019) 1 - 20.65 24.77 - -
Bag-of-ngrams (Shao et al., 2020) 1 10.0× 20.90 24.60 28.30 29.30
Hint-NAT (Li et al., 2018) 1 - 21.11 25.24 - -
DCRF (Sun et al., 2019) 1 10.4× 23.44 27.22 - -
Flowseq (Ma et al., 2019) 1 1.1 × 23.72 28.39 29.73 30.72
ReorderNAT (Ran et al., 2019) 1 16.1× 22.79 27.28 29.30 29.50
AXE (Ghazvininejad et al., 2020a)∗ 1 15.3× 23.53 27.90 30.75 31.54
ENGINE (Tu et al., 2020) 1 15.3× 22.15 - - 33.16
EM+ODD (Sun and Yang, 2020) 1 16.4× 24.54 27.93 - -
GLAT (Qian et al., 2020) 1 15.3× 25.21 29.84 31.19 32.04
Imputer (Saharia et al., 2020)∗ 1 18.6× 25.80 28.40 32.30 31.70

Ours (Fully NAT) 1 17.6× 11.40 16.47 24.52 24.79
+ KD 1 17.6× 19.50 24.95 29.91 30.25
+ KD + CTC 1 16.8× 26.51 30.46 33.41 34.07
+ KD + CTC + VAE 1 16.5× 27.49 31.10 33.79 33.87
+ KD + CTC + GLAT 1 16.8× 27.20 31.39 33.71 34.16

Table 2: Comparison between our models and existing methods. The speed-up is measured on WMT’14 En→De
test set. All results reported standalone are without re-scoring. Iter. denotes the number of iterations at inference
time, Adv. means adaptive, ∗ denotes models trained with distillation from a big Transformer.

model achieves 27.49 BLEU on WMT14 EN-DE
– almost identical to the AT performance (27.48)
while 16.5 times faster in the inference time.

Table 2 also indicates the difficulties of learning
NAT on each dataset. For instance, EN↔RO is
relatively easier as “KD + CTC” is enough to close
the performance gap. By contrast, applying VAE
or GLAT helps to capture non-monotonic depen-
dencies and improve by 0.5 ∼ 1 BLEU points on
EN↔ED. For both datasets, we ONLY need a sin-
gle greedy generation to achieve similar translation
quality as AT beam-search results.

WMT’20 JA→EN In Table 3, we also present
results for training the fully NAT model on a more
challenging benchmark – WMT’20 JA→EN which
is much larger (13M pairs) and noisier. In addi-
tion, JA is linguistically distinct from EN which
makes it harder to learn mappings between them.
Consequently, both AT (12-1) and our fully NAT
models become less confident and tend to gener-

ate shorter translations (BP < 0.9), which in turn
underperform the AT teacher even trained with KD.

Beam search & NPD Previous works (Gu et al.,
2018a; Libovický and Helcl, 2018) find that NAT
performance can be effectively improved by allow-
ing advanced decoding methods, such as beam-
search and re-ranking (NPD). To fully examine our
proposed fully NAT model and demonstrate its ex-
tensibility with advanced decoding approaches, we
further conduct experiments on WMT’20 JA→EN.

For CTC beam search, we use a fixed beam-
size 20 while grid-search α, β (Eq.(6)) based on
the performance on the validation set. The lan-
guage model 4 is trained directly on the distilled
target sentences to avoid introducing additional in-
formation. We explored both 3-gram and 4-gram
LMs in our initial experiments, and found 4-gram
worked slightly better with no effect on the infer-

4https://github.com/kpu/kenlm
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Configuration BLEU (∆) BP LGPU
1 (Speed-up) LCPU

1 (Speed-up)

AT
big (teacher) 21.07 0.920 345 ms 1.0 × 923 ms 1.0 ×
base 18.91 0.908 342 ms 1.0 × 653 ms 1.4 ×
base (12-1) 15.47 0.806 152 ms 2.3 × 226 ms 4.0 ×
base (12-1) + KD 18.76 0.887 145 ms 2.4 × 254 ms 3.6 ×

NAT

KD + CTC 16.93 (+0.00) 0.828 17.3 ms 19.9 × 84 ms 11.0 ×
KD + CTC + VAE 18.73 (+1.80) 0.862 16.4 ms 21.0 × 83 ms 11.1 ×

w. BeamSearch20 19.80 (+2.87) 0.958 28.5 ms 12.1 × 99 ms 9.3 ×
w. BeamSearch20 + 4-gram LM 21.41 (+4.48) 0.954 31.5 ms 11.0 × 106 ms 8.7 ×
w. NPD5 18.88 (+1.95) 0.866 34.9 ms 9.9 × 313 ms 2.9 ×
w. NPD5 + BeamSearch20 + 4-gram LM 21.84 (+4.91) 0.962 57.6 ms 6.0 × 284 ms 3.2 ×

Table 3: Performance comparison between fully NAT and AT models on WMT’20 JA→EN. Translation latency
on both the GPU and CPUs are reported over the test set. The brevity penalty (BP) is also shown for reference.

Figure 4: Quality v.s. Latency (the upper left corner achieves the best trade-off) for fully NAT models with other
translation models (AT base and base 12-1 (Kasai et al., 2020b), CMLM (Ghazvininejad et al., 2019) and LevT (Gu
et al., 2019)) on WMT’14 EN→DE. We evaluate latency in three setups (from left to right: LGPU

1 , LCPU
1 , LGPU

max)
and show them in Logarithmic scale for better visualization.

ence speed. For noisy parallel decoding (NPD), we
draw multiple z from the learned prior distribution
with temperature 0.1, and use the teacher model to
rerank the best z with the corresponded translation.

As shown in Table 3, with similar GPU latency
(LGPU

1 ), beam search is much more effective than
NPD with re-ranking, especially combined with a
4-gram LM where we achieve a BLEU score of
21.41, beating the teacher model with 11× speed-
up. More importantly, by contributing the insertion
bonus (3rd term in Eq (6)) with β in beam search,
we have the explicit control to improve BP and
output longer translations. Also, we gain another
half point by combining NPD and beam search. To
have a fair comparison, we also report latency on
CPUs where it is limited to leverage parallelism of
the device. The speed advantage drops rapidly for
NAT models, especially for NAT with NPD, how-
ever, we still maintain around 100 ms latency via
beam search – over 2× faster than the lightweight
AT (12-1) systems with higher translation quality.

Quality v.s. Latency We perform a full investi-
gation for the trade-off between translation quality
and latency under three measures defined in § 4.1.

The results are plotted in Figure 4. For fully NAT
models, no beam search or NPD is considered. The
latency is measured by LGPU

1 , LCPU
1 and LGPU

max so as
to understand this trade-off in various scenarios. In
all three setups, our fully NAT models obtain supe-
rior trade-off compared with AT and iterative NAT
models. Iterative NAT models (LevT and CMLM)
require multiple iterations to achieve reliable per-
formance with the sacrifice of latency, especially
under LCPU

1 and LGPU
max where iterative NAT per-

forms similarly or even worse than AT base (12-1),
leaving fully NAT models a more suitable position
in quality-latency trade-off.

Figure 4 also shows the speed advantage of fully
NAT models shrinks in the setup of LCPU

1 and LGPU
max

where parallelism is constrained. Moreover, NAT
models particularly those with CTC consume more
computation and memory compared to AT models
with a shallow decoder. For instance when calcu-
lating LGPU

max , we notice that the maximum allowed
batch is 120K tokens for AT base (12-1), while we
can only compute 15K tokens at a time for NAT
with CTC due to the up-sampling step, even though
the NAT models still win the wall-clock time. We
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KD AXE CTC VAE RND GLAT BLEU

11.40
X 19.50

X 16.59
X X 21.66

X 18.18
X X 26.51

X X 23.58
X X X 22.19
X X X 27.49

X X X 22.74
X X X 24.67
X X X 26.16

X X 21.81
X X X 27.20

X X X X 27.21

Table 4: Ablation on WMT’14 EN→DE test set with
different combinations of techniques. The default setup
shows a plain NAT model (Gu et al., 2018a) directly
trained on raw targets with the cross entropy (CE) loss.

mark it as one limitation for future research.

4.3 Ablation Study

Impact of various techniques Our fully NAT
models benefit from dependency reduction tech-
niques in four aspects (data, model, loss func-
tion and learning), and we analyze their effects
on translation accuracy through various combina-
tions in Table 4. First of all, the combinations
without KD have clear performance drop compared
to those with KD, showing its vital importance in
NAT training. For the loss function, although both
AXE (Ghazvininejad et al., 2019) and CTC con-
sider the latent alignments, the CTC-based model
obtains much better accuracy due to its flexibility
of output length. In all cases, incorporating latent
variables also effectively improves the accuracy,
especially for CTC without KD (∼ 5 BLEU im-
provement). Because of the capability to reduce
the mismatch between training and inference time,
the model with GLAT is superior to those with ran-
domly (RND) sampled masks. To conclude, we
find that KD and CTC are necessary components
for a robust fully NAT model. Adding either VAE
or GLAT to them achieve similar improvements.

Distillation corpus We report the performance
of models trained on real data and distilled data
generated from AT base and big models in Table 5.
For base models, both AT (12-1) and NAT achieve
better accuracy with distillation, while AT benefits
more by moving from base to big distilled data. On

Models Distillation BLEU Speed-upbase big

AT

base 27.43 1.0×
big 28.14 0.9×

base 26.12 2.4×
(12-1) X 27.34 2.5×

X 27.83 2.4×

NAT base
23.58 16.5×

X 27.49 16.5×
X 27.56 16.5×

big X 27.89 15.8×

Table 5: Performance comparison between AT and
NAT models on the test set of WMT’14 EN→DE. The
latency is measured one sentence per batch and com-
pared with the Transformer base. For NAT model, we
adopt CTC+VAE as the basic configuration.

Figure 5: Principle component explained variance ra-
tios of latent variables on WMT’14 EN→DE test set.

the contrary, the NAT model improves marginally
indicating that in terms of the modeling capacity,
our fully NAT model is still worse than AT model
even with 1 decoder layer. It is not possible to fur-
ther boost the NAT performance by simply switch-
ing the target to a better distillation corpus, which
aligns the finding in Zhou et al. (2020). Nonethe-
less, we can increase the NAT capacity by learning
in big size. As shown in Table 5, we can achieve
superior accuracy compared to AT (12-1) with little
effect on the translation latency (LGPU

1 ).

Effective Latent Dimensionality of Latent Vari-
ables To confirm the necessity of combining
VAEs with CTC, We apply principal component
analysis (PCA) (Wold et al., 1987) on the learned
latent variables. More precisely, we extract the la-
tent variables from the posterior of various models
(see Table 4) on WMT’14 EN→DE test set. These
main components’ explained variance ratios, the
percentage of variance that is attributed by each of
the component, are shown in Figure 5.

First, we find that the number of effective latent
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dimensionality (capturing at least 95% of the total
variance) is much lower than the number of latent
dimensions (8 in our experiments), which indicates
simply increasing the number of latent dimensions
does not lead to better representations, and the abil-
ity to capture dependencies is limited. Therefore,
VAEs need to be combined with other techniques
e.g. KD, CTC to take effect. Also, compared to
the AXE, the effective dimensionality of latent vari-
ables in CTC loss-based models is higher.

We include more analysis with qualitative exam-
ples in Appendix B.

5 Discussion and Future work

In this section, we go through the proposed four
techniques again for fully NAT models. In spite
of the success to close the gap with autoregressive
models on certain benchmarks, we still see limi-
tations when using non-autoregressive systems as
mentioned in Table 1.

We and most of the prior research have repeat-
edly found that knowledge distillation (KD) is the
indispensable dependency reduction components,
especially for training fully NAT models. Neverthe-
less, we argue that due to the model agnostic prop-
erty, KD may lose key information that is useful
for the model to translate. Moreover, Anonymous
(2021) pointed out KD does cause negative effects
on lexical choice errors for low-frequency words in
NAT models. Therefore, an alternative method that
improves the training of NAT models over raw tar-
gets using such as GANs (Bińkowski et al., 2019)
or domain specific discriminators (Donahue et al.,
2020) might be the future direction.

Apart from KD, we also notice that the usage
of CTC loss is another key component to boost
the performance of fully NAT models across all
datasets. As discussed in § 4.2, however, the need
of up-sampling constrains the usage of our model
on very long sequences or mobile devices with
limited memory. In future work, it is possible to ex-
plore models to hierarchically up-sample the length
with a dynamic ratio to optimize the memory usage.

Lastly, both experiments with VAE and GLAT
prove that it is helpful but not enough to train
NAT models with loss based on monotonic align-
ments (e.g. CTC) only. To work on difficult pairs
such as JA-EN, it may be a better option to adopt
stronger models to capture richer dependency infor-
mation, such as normalizing flows (van den Oord
et al., 2018; Ma et al., 2019) or non-parametric

approaches (Gu et al., 2018b).

6 Related Work

Besides iterative NAT and fully NAT models, there
are other works trying to improve the decoding
speed of translation models from other aspects.
One research line is to hybrid AT and NAT models.
Wang et al. (2018) proposed a semi-autoregressive
model which adopted non-autoregressive decod-
ing locally but kept the autoregressive property in
global. On the contrary, Kong et al. (2020); Huang
et al. (2017) and Ran et al. (2020) introduced a
local autoregressive NAT models which retained
the non-autoregressive property in global.

Alternatively, there are also efforts improving
the decoding speed of AT models directly. Model
quantization and pruning have been widely stud-
ied as a way to improve the decoding speed (See
et al., 2016; Junczys-Dowmunt et al., 2018; Aji and
Heafield, 2020). Also, specialized light-weight AT
model (e.g. replacing self-attention with SSRU) to-
gether with improved teacher-student training (Kim
et al., 2019) are explored.

7 Conclusion

In this work, we aim to minimize the performance
gap between fully NAT and AT models. We in-
vestigate dependency reduction methods from four
perspectives and carefully unite them with neces-
sary revisions. Experiments on three translation
benchmarks demonstrate that the proposed fully
NAT models achieve the SoTA performance. For
future work, it is worth exploring simpler but more
effective diagrams for learning NAT models. For
instance, with the combination of CTC and more
powerful latent variable models, it is possible to
remove the necessity of knowledge distillation.
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Appendix

A Implementation Details

Architecture We design our fully NAT model
with the hyperparameters of the base Transformer:
8-512-2048 (Vaswani et al., 2017). For EN→DE
experiments, we also implement the NAT model in
big size: 8-1024-4096 for comparison.

VAEs For experiments using variational autoen-
coders (VAE), we use the last layer encoder hidden
states to predict the mean and variance of the prior
distribution. The latent dimensionD is set to 8, and
the predicted z are linearly projected and added on
the encoder outputs. Following Shu et al. (2020),
we use a 3 layer encoder-decoder as the posterior
network, and apply freebits annealing (Chen et al.,
2016) to avoid posterior collapse.

CTC By default, we upsample the length of de-
coder inputs 3× as long as the source for CTC,
while using the golden length for other objectives
(CE and AXE). We also train an additional length
predictor when CTC is not used. For both cases, we
use SoftCopy (Wei et al., 2019) which interpolated
the encoder outputs as the decoder inputs based on
the relative distance of source and target positions.

GLAT The mask ratio, fratio, is 0.5 for GLAT
training. The original GLAT (Qian et al., 2020) as-
sumes to work with the golden length so that it can
glance at the target by placing the target word em-
bedding to a clear corresponded inputs. It is incom-
patible with CTC loss where we always need longer
inputs than the targets. To enable GLAT learning,
we glance at target tokens from the viterbi aligned
tokens (α = arg maxα∈β(y) p(α|x)) which has
the same length as the decoder inputs.

Training For both AT and NAT models, we set
the dropout rate as 0.3 for EN↔DE and EN↔RO,
and 0.1 for JA→EN. We apply weight decay 0.01
as well as label smoothing ε = 0.01. All models
are trained for 300K updates using Nvidia V100
GPUs with a batch size of approximately 128K to-
kens. We measure the validation BLEU scores for
every 1000 updates, and average the last 5 check-
points to obtain the final model.

Inference We measure the GPU latency by run-
ning the model on a single Nvidia V100 GPU, and
CPU latency on Intel(R) Xeon(R) CPU E5-2698
v4 @ 2.20GHz with 80 cores. All models are im-
plemented on fairseq (Ott et al., 2019).

λ BLEU LGPU
1 LGPU

max LCPU
1

1.5 26.16 17.9 ms 0.95 ms 66.6 ms
2.0 26.39 17.5 ms 1.03 ms 71.6 ms
2.5 26.54 17.6 ms 1.16 ms 76.9 ms
3.0 26.51 17.0 ms 1.32 ms 81.8 ms

Table 6: Performance comparison of different upsam-
ple ratios (λ) for CTC-based models on WMT’14
EN→DE test set. All models are trained on distilled
data.

B More ablation study

Upsampling Ratio (λ) for CTC Loss To meet
the length requirements in CTC loss, we upsample
the encoder output by a factor of 3 in our experi-
ments. We also explore other possible values and
report the performance in Table 6. The higher up-
sampling ratio provides a larger alignment space,
leading to better accuracy. Nevertheless, with a
large enough sampling ratio, a further increase will
not lead to the performance increase. Because of
the high degree of parallelism, LGPU

1 speed is simi-
lar among these ratios. However, the model with
a larger ratio has a clear latency drop on CPU or
GPU with large batches.

Representation reordering in the latent space
In our main experiments, VAEs has been proven
to effectively improve the performance of NAT
models. Here, we perform a qualitative study to
show how VAEs helps NAT models.

Ott et al. (2018) collected additional refer-
ence translations for each source sentence in the
WMT’14 En→De test set. We first choose three
source sentences and show the alignments between
them and two of their different translations in Fig-
ure 6. In each sample, it is clear to find that the
word order of the first pair is more similar to the
second one (e.g., in the second sample, the verb
’light’ in the source sentence is translated to the
end of the second reference sentence). However,
given the monotonic alignment assumption, CTC
is difficult to align sentence pairs with different
word orders. Then, for each sample, we extract la-
tent variables of both sentence pairs and align them
by first computing the Euclidean distance between
every position and then employing the linear sum
assignment algorithm (LAP).

Regarding the first pair as the baseline, we find
that the latent variable is able to adjust the word
order according to the input sentence pair. For
example, the alignment between latent variables of
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Figure 6: Alignments between source sentences and their different translations.

the second sample is shown as: 0-0, 1-1, 2-2, 3-3, 4-
9, 5-5, 6-6,7-7, 8-8, 9-4, which shows that the latent
representation of the 9th position in the second pair
is aligned to the 5th position of the second pair.
In another word, the latent representation of the
word ’lights’ is reordered to the last position in the
second pair’s latent variable, which corresponds
to the word order difference in the second pair.
Therefore, given various reference information, the
latent variable makes the alignment between the
source and target representation more monotonic.
CTC can consequently benefit from it to learn a
better NAT model.
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Abstract

Warning: this paper contains content that
may be offensive or upsetting.

Countermeasures to effectively fight the ever
increasing hate speech online without block-
ing freedom of speech is of great social in-
terest. Natural Language Generation (NLG),
is uniquely capable of developing scalable so-
lutions. However, off-the-shelf NLG meth-
ods are primarily sequence-to-sequence neu-
ral models and they are limited in that they
generate commonplace, repetitive and safe re-
sponses regardless of the hate speech (e.g.,
“Please refrain from using such language.”) or
irrelevant responses, making them ineffective
for de-escalating hateful conversations. In this
paper, we design a three-module pipeline ap-
proach to effectively improve the diversity and
relevance. Our proposed pipeline first gen-
erates various counterspeech candidates by a
generative model to promote diversity, then
filters the ungrammatical ones using a BERT
model, and finally selects the most relevant
counterspeech response using a novel retrieval-
based method. Extensive Experiments on
three representative datasets demonstrate the
efficacy of our approach in generating diverse
and relevant counterspeech.

1 Introduction

Hate speech is any form of expression through
which speakers intend to vilify, humiliate, or in-
cite hatred against a group or a class of persons on
the basis of some characteristics, including race,
religion, skin color, sexual identity, gender identity,
ethnicity, disability, or national origin (Ward, 1997;
Nockleby, 2000). Its ever-growing increase on the
Internet makes it a problem of significant societal
concern (Williams, 2019); effective countermea-
sures call for not blocking freedom of speech by
means of censorship or active moderation (Gagliar-
done et al., 2015; Strossen, 2018). A very promis-

Hate
Speech:

I am done with Islam and isis. All Muslims
should be sent to their homeland. Britain will
be better without their violence and ideology.

Expert: I agree that ISIS is an evil aberration, but to
extend this to include up to 3 million people
just in the UK is just plain silly.

Common-
place:

Hate speech is not tolerated. Please review our
user policies. Thank you for your cooperation.

Not rele-
vant:

Use of the r-word is unacceptable as it de-
means and insults people with disabilities.

Table 1: An illustrative example of hate speech and
counterspeech.

ing countermeasure is counterspeech—a response
that provides non-negative feedback through fact-
bound arguments and broader perspectives to miti-
gate hate speech and fostering a more harmonious
conversation in social platforms (Schieb and Preuss,
2016; Munger, 2017; Mathew et al., 2018; Shin and
Kim, 2018). Counterspeech as a measure to combat
abusive language online is also promoted in active
campaigns such as “Get The Trolls Out”.1

What makes an effective counterspeech? In-
formed by psychosocial and linguistic studies on
counterspeech (Mathew et al., 2019b) and the large
number of effective counterspeech examples cre-
ated by crowdsourcing (Qian et al., 2019) and by
experts (Chung et al., 2019), we identify that effec-
tive counterspeech should be diverse and relevant
to the hate speech instance. Diversity is the re-
quirement that a collection of counterspeech should
not be largely commonplace, repetitive and safe
responses without regard to the target or type of
hate speech (e.g., “Please refrain from using such
language.”). Relevance refers to the property that
counterspeech should directly address and target
the central aspects of the hate speech, enabling

1https://getthetrollsout.org/
stoppinghate
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coherent conversations rather than irrelevant or off-
topic ones (e.g., the hate speech instance targets an
ethnic group, while the counterspeech talks about
people with disabilities). Comparative examples
are shown in Table 1 where we list some counter-
speech that lack diversity or relevance.

While NLG systems (in particular, sequence-to-
sequence models) offer much promise for generat-
ing text at scale (Sutskever et al., 2014; Zhu et al.,
2018; Lewis et al., 2020), the quality of the out-
puts is modest in the context of the requirements
identified above. Indeed, Qian et al. (2019), the
only existing quality work on counterspeech gen-
eration, has highlighted their limitations: the re-
sponses are largely commonplace and sometimes
irrelevant. These limitations apply more broadly to
general conversational language generation tasks,
arising primarily due to the intrinsic end-to-end
training nature of a single sequence-to-sequence ar-
chitecture (Sordoni et al., 2015; Li et al., 2016; Ser-
ban et al., 2017; Jiang and de Rijke, 2018). Model
refinements to account for these limitations have
been addressed individually: improved diversity
(Li et al., 2016; Xu et al., 2018) or improved rele-
vance (Gao et al., 2019; Li et al., 2020). However,
combining these improvements into a single model
is not straightforward. Such is the goal of this pa-
per.

We tackle the problem from an entirely novel an-
gle by proposing a three-module pipeline approach,
Generate, Prune, Select (denoted as “GPS”) to en-
sure the generated sentences adhere to the required
properties of diversity and relevance. First, the
Candidate Generation module generates a large
number of diverse response candidates using a gen-
erative model. As such, a large candidate pool is
made available for selection, which accounts for
improved diversity. Second, the Candidate Pruning
module prunes the ungrammatical candidates from
the candidate pool. Last, from the pruned coun-
terspeech candidate pool, the Response Selection
module selects the most relevant counterspeech for
a given hate speech instance by a novel retrieval-
based response selection method.

We demonstrate the efficacy of GPS, the first
pipeline approach for counterspeech generation, by
a systematic comparison with other competitive
NLG approaches in generating diverse and rele-
vant counterspeech. We derive new state-of-the-art
results on three benchmark datasets by showing
improved diversity and relevance using both auto-

matic and human evaluations.

2 Proposed Model

We assume access to a corpus of la-
beled pairs of conversations D =
{(x1, y1), (x2, y2), ..., (xn, yn)}, where xi is
a hate speech and yi is the appropriate counter-
speech as decided by experts or by crowdsourcing.
The goal is to learn a model that takes as input a
hate speech x and outputs a counterspeech y. A
motivating example is shown in Table 1. Most
importantly, we aim at generating diverse and
relevant counterspeech. We present an overview of
the model in Figure 1 and describe each module in
detail below.

2.1 Candidate Generation
The main goal of this module is to create a diverse
candidate pool for counterspeech selection. We
extract all available counterspeech instances Y =
[y1, y2, ..., yn] from the training dataset and enlarge
the counterspeech pool by a generative model.

Specifically, we utilize an RNN-based varia-
tional autoencoder (Bowman et al., 2016), that in-
corporates the global distributed latent representa-
tions of all sentences to generate candidates. Both
the encoder and the decoder have two layers with
512 nodes each, and we use two highway network
layers (Srivastava et al., 2015) to facilitate robust
training. Like all other generative models, it aims
to maximize the lower bound of the likelihood L
of generating the training data Y ,

L = −KL(qθ(z|y) || p(z))+Eqθ(z|y)[log pθ(y|z)]

where θ denotes all parameters of the generative
model, z is a latent variable having a Gaussian dis-
tribution with a diagonal covariance matrix, p de-
notes the prior distribution, q denotes the posterior
distribution, and KL denotes the KL-divergence
(Kullback and Leibler, 1951). In the training pro-
cess, we apply the KL annealing technique (Bow-
man et al., 2016) to prevent the undesirable stable
equilibrium problem (i.e., the first term of the like-
lihood functionKL(qθ(z|y) ||p(z)) becomes zero).
Upon the completion of the training, we generate
candidates by simply decoding from noise ε sam-
pled from a standard Gaussian distribution (i.e.,
ε ∼ N (0, 1)).

As demonstrated by Bowman et al. (2016) (and
as inferred from our own experiments described in
Section 3), the generative model not only captures

135



But this dude is a Jew 
a retarded Jew

Please refrain from using the 
r-word. It is offensive and 
against our Content Policy 

and User Agreement.

1. What you have just said is hate 
speech.

2. I do not think the government 
does not it widely to our 

responsibilities which is such 
ignorance. 

3. muslims have the good to the 
right to build with any other 

countries against any public here. 
……

30000. Hate speech is not 
tolerated. Please review our user 
policies and consider this a final 

warning. 

Candidate Pool

1. Please refrain from using hateful 
ableist language in your posts. 

……

3864. The Muslims I know are just 
ordinary hard working people just 

like any other religion? 

Initial 
Counterspeech

Candidate 
Generation

What is the point in 
listening to black women? 

The point of listening to black 
women, and women in general, 
is that they could broaden and 

enlighten your view of the world.

Candidate 
Pruning

1. What you have just said is hate 
speech.

2. muslims have the good to the right 
to build with any other countries 

against any public here. 
……

15412. Hate speech is not tolerated. 
Please review our user policies and 

consider this a final warning. 

Response 
Selection

Grammatical 
Candidate Pool

Figure 1: Overview of GPS. The red ovals correspond to the individual modules.

holistic properties of sentences such as style, topic,
and high-level syntactic features, but also produces
diverse candidates.

2.2 Candidate Pruning

Though candidates generated by such an RNN-
based variational autoencoder are diverse, they are
not always grammatical as pointed out by Bowman
et al. (2016). Therefore, in this module, we prune
the candidate list and retain only the grammatical
ones. Toward this, we train a grammaticality classi-
fier on the corpus of linguistic acceptability (CoLA)
(Warstadt et al., 2018), a dataset with 10,657 En-
glish sentences labeled as grammatical or ungram-
matical from linguistics publications. We select
BERT (Devlin et al., 2019) as the classification
model, and fine-tune it on the CoLA dataset. The
choice of BERT is to best capture both the syntactic
and the contextual information, and we select the
‘bert-base-cased’ model for its better computational
efficiency.

2.3 Response Selection

We now have a collection of diverse and grammat-
ical counterspeech responses. Finally, we aim to
select the most relevant response to a given hate
speech instance.

Taking into consideration the limited training in-
stances that are realistically available (Chung et al.,
2019; Qian et al., 2019), and inspired by the re-
cent success of pretrained models (Devlin et al.,
2019), we innovate on a pretrained response se-
lection model for task-oriented dialogue systems
(Henderson et al., 2019) and perform fine-tuning
on our dataset. Henderson et al. (2019) proposed

two response selection methods, but we find that
neither of them is well-suited for our task.

1. Train a response selection classifier with the
negative sampling technique: It relies on ran-
domly drawing other candidates from the can-
didate pool as negative examples. However, in
our task, one hate speech instance usually has
multiple appropriate counterspeech instances.
For example, given the hate speech in Table 1,
there are many other instances that can work
as quality counterspeech, such as “You cannot
blame all people for the actions of a few. Ban-
ning something altogether will not solve any-
thing.” or “Does prohibition of anything ever
work? I thought religious tolerance was one of
our ‘British values’?”. Therefore, many wrongly
chosen negative examples may negatively im-
pact the inductive bias of the response selection
classifier.

2. Select by cosine similarity: we point out that
the embeddings of the input (hate speech) and
the responses (counterspeech candidates) do not
share the same latent vector space and therefore,
the learned embeddings and their cosine similar-
ities may not fully serve the purpose of relating
the response to the input.

Therefore, instead of adopting the two available
methods directly, we improve on the second one
by fusing the latent spaces of the input and the re-
sponses, inspired by Gao et al. (2019). Specifically,
we propose to learn a linear embedding mapping
from the latent space of the responses to the latent
space of the input, and then select the best response
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by cosine similarity. Mathematically, we use ex
to denote the input embedding and ey to denote
the response embedding. We aim to learn a linear
mapping from ey to e′y, where e′y = (W +BI) ·ey,
W and B are learnable parameters, and I is an
identity matrix. We learn the mapping such that the
sum of the cosine similarities between ex and e′y
for the training data is maximized. By way of this
transformation, e′y now maps the vector space of
the responses to that of the input, and thus allows
the pretrained model to effectively utilize the dis-
criminative power of the sentence embeddings. We
empirically observe that the linear mapping works
well and leave other advanced mapping techniques
for future work.

3 Empirical Evaluation

In this section, we empirically evaluate the per-
formance of our proposed approach and a set of
baseline models.

3.1 Experimental Setup
Datasets: We use the benchmark datasets collected
by Qian et al. (2019), which are fully-labeled hate
speech intervention datasets collected from Red-
dit and Gab, comprising 5,257 and 14,614 hate
speech instances respectively. We use the filtered
conversation setting in Qian et al. (2019), which
includes the posts labeled as hate speech only and
discards other non-hateful conversations. Besides,
we use the English language portion of the CO-
NAN dataset (Chung et al., 2019), which contains
counterspeech for 408 hate speech instances, writ-
ten by experts trained on countering hatred. The
Reddit, Gab and CONAN datasets have on average
2.66, 2.86 and 9.47 ground truth counterspeech for
each hate speech respectively.
Training Data: Since each hate speech can have
multiple ground truth counterspeech, we follow
Qian et al. (2019) to dis-aggregate the counter-
speech and construct a pair (hate speech, counter-
speech) for each of the ground truth counterspeech
in each dataset. Given a counterspeech dataset, we
randomly choose 70% (hate speech, counterspeech)
pairs for model training, 15% for cross validation
and the rest 15% for testing.
Baselines: We compare our proposed approach
with the following competitive baseline models:

1. Seq2Seq (Sutskever et al., 2014; Cho et al.,
2014) is a widely used neural model for lan-
guage generation. We use 2 bidirectional Gated

Recurrent Unit (GRU) layers for the encoder
and 2 GRU layers followed by a 3-layer neural
network as the decoder.

2. Maximum Mutual Information (MMI) (Li et al.,
2016) is a diversity-promoting approach for neu-
ral conversation models. We implement the
MMI-bidi model (Li et al., 2016) and adopt
incremental learning (Ranzato et al., 2016) to
facilitate robust training.

3. SpaceFusion (Gao et al., 2019) optimizes both
diversity and relevance by introducing a fused
latent space, where the direction and distance
from the predicted response vector roughly
match the relevance and diversity, respectively.
We align the direction parameter with the
ground truth counterspeech. To better exercise
the diversity power, we randomly choose the
distance parameter at each time of generation.

4. BART (Lewis et al., 2020) is the state-of-
the-art pre-trained sequence-to-sequence model
for language generation. It has a standard
Transformers-based neural machine translation
architecture which can be seen as generalizing
BERT (Devlin et al., 2019), GPT (Radford et al.,
2018) and many pretraining schemes. We fine-
tune the BART model on our training data.

We compare with Seq2Seq since they are initially
proposed and used by Qian et al. (2019).2 We select
MMI, SpaceFusion and BART as baselines because
they are the state-of-the-art models in promoting
diversity, optimizing both diversity and relevance,
and generating quality language respectively.

3.2 Evaluation
We evaluate all model outputs along three dimen-
sions: diversity, relevance and language quality.
Diversity refers to vocabulary richness, variety in
expression and the extent to which the response is
dissimilar from the rest in a generated collection of
responses. Relevance captures the extent to which
the counterspeech addresses the central aspect of
the hateful message and makes a coherent conver-
sation towards mitigating the hate speech. A low
relevance score means that the counterspeech is
irrelevant to the hate speech or off-topic (e.g., the
hate speech talks about LGBTQ whereas the coun-
terspeech is related to religious beliefs). Language

2We do not include the results of the variational auto-
encoder model and the reinforcement learning model in Qian
et al. (2019) for comparison as they has very similar perfor-
mance as Seq2Seq. Readers are referred to Qian et al. (2019)
for detailed performance.
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Diversity Relevance LQ.

Dist-1 Dist-2 Ent-1 Ent-2 SB1* SB2* B2 R2 MS BS BM25 GR
C

O
N

A
N

Seq2Seq 0.06 0.23 5.12 6.63 0.54 0.30 3.4 3.0 4.4 0.83 2.66 0.38
MMI 0.06 0.23 4.88 6.41 0.57 0.35 2.9 2.3 3.9 0.82 1.63 0.33

SpaceFusion 0.00 0.00 1.06 1.86 0.98 0.98 0.0 0.0 -14.2 0.76 0.12 0.38
BART 0.04 0.23 5.98 7.80 0.52 0.26 3.9 3.6 7.1 0.84 1.86 0.71
GPS 0.06 0.27 5.77 7.41 0.43 0.19 7.1 6.5 10.9 0.85 5.43 0.71

R
ed

di
t

Seq2Seq 0.04 0.24 5.07 6.61 0.58 0.31 6.5 4.0 6.8 0.85 0.14 0.64
MMI 0.05 0.32 5.11 6.76 0.56 0.29 6.4 4.0 6.9 0.85 0.14 0.56

SpaceFusion 0.00 0.02 2.73 4.16 0.87 0.76 0.9 0.0 -2.5 0.79 0.16 0.26
BART 0.03 0.19 5.08 6.63 0.69 0.55 7.8 6.9 7.8 0.86 0.83 0.72
GPS 0.09 0.53 5.74 7.61 0.41 0.15 8.1 7.1 7.8 0.87 2.58 0.75

G
ab

Seq2Seq 0.02 0.17 5.14 6.71 0.56 0.30 7.5 5.0 6.7 0.86 0.14 0.67
MMI 0.02 0.17 5.28 6.82 0.55 0.30 5.8 3.6 6.2 0.85 0.18 0.65

SpaceFusion 0.00 0.01 3.72 4.84 0.81 0.73 1.8 0.1 0.0 0.82 0.17 0.21
BART 0.03 0.17 5.42 7.25 0.60 0.38 6.9 6.4 6.8 0.86 0.81 0.72
GPS 0.06 0.40 5.82 7.83 0.39 0.15 7.6 6.4 6.8 0.87 1.94 0.76

Table 2: Automatic evaluation results. An asterisk * by the metric name indicates that the metric favors smaller
values. Best results are in bold. LQ.: Language Quality; SB1: Self-BLEU-1; SB2: Self-BLEU-2; B2: BLEU-2;
R2: ROUGE-2; MS: MoverScore; BS: BERTScore; GR: GRUEN.

Div. Rel. LQ.

C
O

N
A

N Seq2Seq 0.50 0.22 0.06
MMI 0.55 0.08 0.02
BART 0.40 0.73 0.65
GPS 0.80 0.83 0.66

R
ed

di
t Seq2Seq 0.25 0.23 0.38

MMI 0.35 0.23 0.35
BART 0.00 0.47 0.51
GPS 1.00 0.58 0.48

G
ab

Seq2Seq 0.35 0.36 0.31
MMI 0.55 0.34 0.27
BART 0.10 0.42 0.35
GPS 0.80 0.47 0.36

Table 3: Human evaluation results. Div.: Diversity;
Rel.: Relevance; LQ.: Language Quality.

quality measures whether the generated responses
are grammatical, fluent and readable.

3.2.1 Automatic Evaluation
We evaluate diversity by distinct n-grams (Dist-n)
(Li et al., 2016), Entropy (Ent-n) (Zhang et al.,
2018) and Self-BLEU (Zhu et al., 2018). For rele-
vance, we compare 1) the generated response with
the ground truth counterspeech by BLEU (Pap-
ineni et al., 2002) and ROUGE (Lin and Hovy,
2003; Lin, 2004) for syntactic similarity, and by
MoverScore (Zhao et al., 2019) and BERTScore
(Zhang et al., 2020a) for semantic similarity; 2)
the generated response with the hate speech by
BM25 (Manning et al., 2008), a relevance estima-
tion function widely used in information retrieval.
We adopt GRUEN (Zhu and Bhat, 2020) to eval-

uate the language quality. Note that larger scores
indicate better quality, except for Self-BLEU.

3.2.2 Human Evaluation
Following Qian et al. (2019), we ask human an-
notators to perform “winner selection” instead of
numeric ratings. We randomly sampled 100 hate
speech instances from each dataset’s test collec-
tion, and corresponding model-generated counter-
speech outputs from Seq2Seq, MMI, BART, and
our model.3 Two human annotators (native En-
glish speakers and sensitive about hate speech on-
line) were presented with one hate speech and the
four generated outputs, and were asked to evalu-
ate the outputs for relevance and language quality
separately. As for diversity, the annotators were
presented with 10 responses for each of the four
models each time, and were asked to select the
model with the best diversity. For each of the three
dimensions, the best output received a 1 (ties were
allowed, i.e., multiple outputs could receive a 1)
and the rest received a 0.

3.3 Results

We obtain the results of our model (denoted as
“GPS”) by generating 30k, 30k, 40k candidates
for the CONAN, Reddit and Gab datasets respec-
tively.4 After the Candidate Pruning module, we

3To save human annotation effort, we asked human raters
to annotate only the best 4 models w.r.t. automatic metrics,
and therefore leave SpaceFusion out of annotation.

4The number of generated candidates are selected based
on the performance on the cross validation datasets.
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Hate Speech Generated Counterspeech by GPS

(a): All the Muslims should have been punished for yester-
day, not only a few. Citizen will take action if the government
does not do anything.

You cannot blame all people for actions of a few. Banning
something altogether will not solve anything.

(b): The world would be a better place without Muslims.
They are only killing and raping our children.

The world would actually be a very dark place without Mus-
lims who contribute a lot to our society. What about our Mus-
lim doctors, scientists, philanthropists, actors, job-creators?

(c): What is the point in listening to black women? They are
all retarded.

The point of listening to black women, and women in general,
is that they could broaden and enlighten your view of the
world.

Table 4: Examples of the generated counterspeech

have 15.4k, 17.9k and 25.4k grammatical candi-
dates for each dataset respectively.

The results by automatic metrics and human eval-
uation metrics are presented in Table 2 and Table
3 respectively. Overall, GPS has the best diversity
with significant margins than the baselines. For
relevance, GPS has slightly better performance
for BLEU, ROUGE, MoverScore and BERTScore,
while has much better performance on BM25. This
implies the counterspeech generated by GPS are
more related to the hate speech and therefore, make
more coherent conversations. Examples of coun-
terspeech generated by GPS are presented in Table
4. We find that GPS is able to generate diverse
and relevant rather than merely commonplace re-
sponses, such as “Please refrain from using such
language”. Comparative case studies for different
baseline models are shown in Appendix A.4. There-
fore, we conclude that GPS has the best diversity
and relevance, compared to the baselines. Besides,
GPS has comparable language quality with the best
baseline model—BART.

Among these baselines, BART is the strongest
one with much better relevance and language qual-
ity. Yet, BART still suffers from the diversity issue,
as discussed in Section 4.3. SpaceFusion has very
poor results overall, though a manual inspection of
the latent space fusion visualization suggests oth-
erwise. One explanation is that SpaceFusion, with
substantially more parameters compared with the
Seq2Seq model may not have had sufficient train-
ing instances for its optimal performance. In their
own experiments, Gao et al. (2019), demonstrate
that SpaceFusion worked well on two datasets with
0.2M and 7.3M conversations, which is at least one
to two orders of magnitude larger than our dataset.
If provided with more training data, SpaceFusion
could possibly be a strong candidate too. In com-
parison, though BART is an even more complicated

model with 139M parameters, it was pre-trained
on the BooksCorpus dataset (Zhu et al., 2015) with
over 7,000 unique unpublished books and has the
fine-tunable property.

3.4 Ablation Study

We compare with the following ablations of GPS
and show the results in Figure 2.

1. G-BART: instead of generating the candidates
by the RNN-based variational autoencoder
(Bowman et al., 2016), we generate the can-
didates by BART (Lewis et al., 2020).

2. P-no: we exclude the pruning module and make
all generated candidates available for selection.

3. S-tfidf: we select the most relevant response by
tf-idf on raw texts.

4. S-cos: we exclude the latent space fusion step
and select the best response by the cosine simi-
larity of the response embeddings and the hate
speech embeddings (Henderson et al., 2019).

5. S-neg: we use the negative sampling technique
to train a response selection classifier (Hender-
son et al., 2019).

5

6

7

8

BLEU-2 ROUGE-2 Dist-1 Ent1 GRUEN

GPS G-BART P-no S-tfidf S-cos S-neg

Figure 2: Ablation study. Plots show average results
across all three datasets. We scale Dist-1 by 100 times
and GRUEN by 10 times for better visualization.
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G-BART has almost the same performance as
GPS. Therefore, we select the RNN-based varia-
tional autoencoder for candidate generation for its
better computational efficiency. Compared with
the full model, though P-no has slightly better per-
formance on diversity, it performs poorly on both
relevance and language quality. Three ablation
methods for response selection have similar per-
formance. They have comparable performance to
GPS on diversity and language quality, but worse
results on relevance.

The ablation study demonstrates the significance
of the Candidate Pruning module and our proposed
Response Selection method. It also implies that
diversity, language quality and relevance are im-
proved by the Candidate Generation module, the
Candidate Pruning module, and the Response Se-
lection module respectively.

3.5 Generation vs. Selection
This section studies the relationship between the
Candidate Generation module and the Response
Selection module. The more candidates we gener-
ate, the more diversity the model gains potentially.
However, one might think that the selection model
may suffer from a very large candidate pool and
result in poor relevance. Empirically as shown in
Figure 3, we find that once the number of candi-
dates generated has passed a threshold, the diversity
(i.e., the blue line) almost converges. Besides, we
also find the relevance is not compromised and
relatively stable even with more candidates gener-
ated beyond the threshold. Therefore, we select the
number of candidates at the “elbow” point based
on the performance on the validation dataset, for
efficient computations.

5

6

7

8

0 20 40 60 80 100

Dist-2 ROUGE-2

Figure 3: Dist-2 and ROUGE-2 vs. Number of can-
didates (in thousands) generated on the Reddit dataset.
We scale Dist-2 by 10 times for better visualization.

3.6 Explicit Relevance (BM25) vs. Diversity
Based on the reasoning that models with better
BM25 scores should specifically address the cen-

1 2 3 4 5 6
Ent-1

1

0

1

2

3

4

5

BM
25

0.4 0.5 0.6 0.7 0.8 0.9 1.0
Self-BLEU-1

1

0

1

2

3

4

5

BM
25

Figure 4: BM25 vs. Diversity. Each data point denotes
a (diversity, BM25) pair for one model on one dataset,
and the dotted lines indicate regression lines.

tral aspect of hate speech and thus produce dis-
similar responses for different hate speech, we hy-
pothesize that models with better BM25 should
generate more diverse responses. Therefore, we
present scatter plots of BM25 and diversity scores
for all five models (in Section 3.1) on all three
datasets altogether in Figure 4, resulting 15 data
points per subfigure. We find that BM25 and diver-
sity have a reasonably strong correlation (Pearson’s
Correlation scores are 0.47 and -0.60 for Ent-1 and
Self-BLEU-1 respectively).

4 Related Work

We focus on three areas to the problem of hate
speech and its countermeasures, i.e. (i) psychoso-
cial analysis, (ii) automatic counterspeech gener-
ation, and more broadly, (iii) conversational lan-
guage generation.

4.1 Psychosocial Analysis of Counterspeech

Effectiveness of Counterspeech: There is a sig-
nificant research interest in understanding the ef-
fectiveness of counterspeech to fight hatred and de-
escalate the conversation as evidenced by a grow-
ing number of recent studies (Schieb and Preuss,
2016; Munger, 2017; Mathew et al., 2018). Munger
(2017) found that subjects who were educated by
high-follower white males, significantly reduced
their use of racist slurs on Twitter. Schieb and
Preuss (2016) studied counterspeech on Facebook
via a simulation, and concluded that counterspeech
could have a considerable impact on a given au-
dience, and the impact was a function of the pro-
portion of hate speakers in the audience. In a sub-
sequent study, Mathew et al. (2018) recorded the
case of a user who, after seeing the counterspeech
posted to her hateful messages on Twitter, openly
apologized for her actions. Besides academia,
some organizations are also set to promote counter-
measures via campaigns such as the no hate speech
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movement5 and the Facebook counterspeech cam-
paign6. Therefore, Benesch (2014); Mathew et al.
(2019b) suggest that counterspeech can be regarded
as one of the most promising and “constitutionally
preferred” approaches to hate speech. In addition,
counterspeech could be likened to the effect of
prosocial active bystanders in face-to-face bullying
scenarios, where bystander intervention (speaking
on behalf of the victim) has been found to success-
fully abate victimization most of the time (Oconnell
et al., 1999; Craig et al., 2000).
Psychosocial and Linguistic Aspects: Besides
the effectiveness of counterspeech, psychosocial
and linguistic aspects of both counterspeech and
hate speech have been actively studied by Mathew
et al. (2019a); Siegel (2019); Schieb and Preuss
(2016); Weingartner and Stahel (2019); Mathew
et al. (2018). For instance, Mathew et al. (2019b)
performed detailed psycholinguistic analysis on
counterspeech, compared the effectiveness of dif-
ferent counterspeech strategies, and revealed some
important insights, such as counterspeech com-
ments receive much more “likes” on YouTube com-
pared to the non-counterspeech comments, sug-
gesting a communal empathy for the target of hate
speech. Besides, Mathew et al. (2019b); Chung
et al. (2019) studied different strategies (e.g., call
for influential users) to produce effective counter-
speech. Mathew et al. (2018) found that the hate
tweets by verified accounts were much more viral
as compared to tweets by non-verified accounts, by
analyzing the hate speech and counterspeech ac-
counts on Twitter. Mathew et al. (2019a) study how
hate speech spreads in online social media. More
recently, Sap et al. (2020) studied pragmatic for-
malisms to capture ways in which people express
social biases and power differentials in language,
permitting a broader computational framework for
processing hate speech.

4.2 Counterspeech Generation

Though the effectiveness of counterspeech is well-
motivated from both psychosocial and linguistic
perspectives, limits to manual counterspeech gen-
eration at scale have prompted automatic genera-
tion of counterspeech, an area that has received
little attention to date. The first key challenge
in this direction is the creation of reliable coun-
terspeech datasets of high quality. Mathew et al.

5https://www.nohatespeechmovement.org
6https://counterspeech.fb.com

(2019b) collected counterspeech from YouTube
comments, but omit the hate speech associated with
each counterspeech. Such a dataset may be good
for psychosocial and linguistic analysis, but is not
sufficient for training an NLG model. To enable
model training, Qian et al. (2019) released two
fully-labeled datasets collected from Reddit and
Gab. Besides, Chung et al. (2019) collected a qual-
ity dataset where the counterspeech instances are
written by trained experts and are meant to fight
each hate speech and de-escalate a hateful situa-
tion. Recently, Tekiroglu et al. (2020) proposed an
approach to collect counterspeech responses in a
more effective manner, but have not yet released a
quality dataset. In our work, we conduct the exper-
iments on all the publicly available datasets (i.e.,
(Chung et al., 2019; Qian et al., 2019)) to date, to
the best of our knowledge.

Research on NLG algorithms for counterspeech
generation is still in its infancy. Qian et al. (2019)
made the only initial attempt and proposed the use
of three neural models to generate counterspeech.
However, they only experimented with the most ba-
sic model architectures (e.g., Seq2Seq) to prove the
feasibility of the task, and leave the performance
improvement for future work. In our work, we ex-
tend their results by studying more advanced archi-
tectures, identifying principal dimensions of effec-
tive counterspeech, and proposing a novel pipeline
to better solve the problem. To the best of our
knowledge, this paper represents the first success-
ful pipeline model for counterspeech generation.

From the technical perspective, our work shares
some high-level similarities with Tekiroglu et al.
(2020) since we both use generative models to
generated candidates. However, we would like
to highlight that our essential goals are different.
Tekiroglu et al. (2020) aim to collect quality data
by enabling language models and studying human
annotation strategies, while we aim to generate
counterspeech to a given hate speech.

4.3 Conversational Language Generation

Counterspeech generation is broadly related to con-
versational language generation, where most of the
best performing approaches are based on neural
models trained in a sequence-to-sequence manner
(See et al., 2019a). Despite the good performance
of these models, one of their widely acknowledged
intrinsic drawbacks is the generation of safe and
commonplace responses (Sordoni et al., 2015) due
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to improper objective function (Li et al., 2016),
lack of model variability (Serban et al., 2017; Zhao
et al., 2017), weak conditional signal (Tao et al.,
2018), and model over-confidence (Jiang and de Ri-
jke, 2018). Such tendency has prompted the study
of methods that improve diversity and has resulted
in a wide variety of solutions, such as optimizing
a different loss function (Li et al., 2016; Zhang
et al., 2018), varying the latent space (Shao et al.,
2019; Gao et al., 2019), utilizing adversarial learn-
ing (Xu et al., 2018; Shetty et al., 2017; Shi et al.,
2018), and leveraging non-conversational informa-
tion (Wu et al., 2020; Su et al., 2020; Tu et al.,
2019). Our work is different from all above in
that we adopt a pipeline model which promotes
diversity by generating a variety of candidates. As
such, it does not have the aforementioned intrinsic
drawback of a sequence-to-sequence model.

5 Conclusion and Future Work

We proposed a three-module pipeline — Generate,
Prune, Select for counterspeech generation against
online hate speech. Empirical evaluation on three
datasets demonstrates that our model is effective in
producing diverse and relevant counterspeech.

Future works could include the following two
directions: 1) stylistic counterspeech generation:
Mathew et al. (2019b) find that different counter-
speech styles/strategies may be needed for different
hate speech topics and therefore, it would be inter-
esting to develop new techniques to generate the
most effective style of counterspeech for each hate
topic. We think this could be a natural extension
to our proposed model, since we can utilize a style
classifier in the Candidate Pruning module. 2) sys-
tem deployment: studying the real social impacts
of automatic counterspeech generation in reduc-
ing online hate speech via system deployment and
the actual activity monitoring can directly inform
research in this area.
Reproducibility: Our code is available at https:
//github.com/WanzhengZhu/GPS.
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Ethical Considerations

We recognize that studying counterspeech genera-
tion necessarily requires us to confront online con-
tent that may be offensive or disturbing. However,
deliberate avoidance does not eliminate such prob-
lems (Sap et al., 2020). Since the effectiveness of
counterspeech has already been widely studied in
Section 4.1, our work makes a positive step towards
automating the process, which could potentially ed-
ucate hate speakers and mitigate hate speech online.
Besides, the automation process could help reduce
the amount of human work and therefore, poten-
tial harm to human moderators (Barrett, 2020; Zhu
et al., 2021). In addition, the collective analysis
over large corpora and counterspeech can also be
insightful for educating people on reducing the us-
age of hate speech consciously or unconsciously in
their language.
Risks in deployment: The deployment of counter-
speech generation (e.g., (de los Riscos and DHaro,
2020)) should be done after paying attention to sev-
eral ethical aspects some of which we list below.

• Social and racial bias (Sap et al., 2020): Does the
model have any pragmatic implications which
project unwanted social or racial biases and
stereotypes onto online users?
• Fairness (Mitchell et al., 2019; Corbett-Davies

et al., 2017): can the model ensure fairness for
different demographic groups or speakers of dif-
ferent forms/dialects/vernaculars of English?
• Failure cases: are there any failure cases, which

could further incite more aggressive hate speech?
It is crucial to ensure that counterspeech deploy-
ment does not escalate a given hateful situation.
• Evaluation metrics (Corbett-Davies et al., 2017):

the present study improves upon prior works
by more comprehensive evaluations on diversity,
relevance and language quality. However, there
is a chance that the three criteria are sufficient
for deployment in a realistic setting and there
may be additional criteria associated with their
effectiveness.
• Potential nefarious side effects and misuse po-

tential (Lau et al., 2020): how to ensure that
our model is not misused for other unwanted
purposes?

Given the limited scope of the present study, we
call for attention to these aspects by way of well-
designed experiments before deploying counter-
speech generation bots.
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Regulatory standpoint on the present study: In-
stitutional Review Board (IRB) gave us clear feed-
back on what is considered human research and
thus subject to IRB review. Analyses relying on
user-generated content do not constitute human-
subject research, and are thus not the purview of
the IRB, as long as 1) the data analyzed are posted
on public fora and were not the result of direct
interaction from the researchers with the people
posting, 2) there are no private identifiers or per-
sonally identifiable information associated with the
data, and 3) the research is not correlating differ-
ent public sources of data to infer private data.7

All of these conditions apply to the present study.
Additionally, the hate speech and counterspeech in-
stances were secondary data, previously collected
by Qian et al. (2019); Chung et al. (2019) and the
annotators in our study were evaluating the quality
of the generated sentences only.
Risks in annotation: The data we use in this pa-
per were posted on publicly accessible websites,
and do not contain any personally identifiable in-
formation (i.e., no real names, email addresses, IP
addresses, etc.). The annotators were undergrad-
uate assistants in the lab receiving research credit
for their annotation and were blind to the systems
they were annotating. They were warned about the
offensive content before they read the data, and
were informed that they could quit the task at any
time if they were uncomfortable with the content.
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A Appendix

A.1 Selection of Automatic Metrics
A.1.1 Diversity
We measure distinct n-grams (Dist-n) (Li et al.,
2016), Entropy (Ent-n) (Zhang et al., 2018) and
Self-BLEU (Zhu et al., 2018) for diversity.

Dist-n reflects the vocabulary diversity by sim-
ply dividing the number of unique n-grams by the
total number of n-grams of model output. One lim-
itation of Dist-n is that it fails to accommodate the
frequency difference of n-grams. To accommodate
the frequency difference of n-grams, we also use
the Entropy metric (Zhang et al., 2018), which re-
flects how evenly the empirical n-gram distribution
is.

Though Dist-n and Ent-n evaluate the vocabu-
lary diversity well, they fail to evaluate the inter-
response diversity. For instance, they favor re-
sponses with diverse n-grams even when they are
highly similar with the rest of the responses. There-
fore, to accommodate such inter-response diversity,
we resort to use Self-BLEU (Zhu et al., 2018) to
evaluate how one response resembles the rest in
a generated collection of responses. Self-BLEU
regards one generated sentence as the hypothesis
and the other generated sentences as the reference,
and calculates the BLEU score for every generated
sentence. Therefore, the smaller the Self-BLEU,
the better the diversity.

A.1.2 Relevance
Most existing works measure relevance implicitly
by BLEU and ROUGE, a set of metrics evaluating
syntactic similarity between the ground truth and
the generated output. They assume that the ground
truth is highly relevant to the conversational input
(i.e., it refers to the hate speech in our task) and
therefore, the “closer” the generated output is to
the ground truth, the more relevant the output is to
the hate speech instance.

Explicit relevance evaluation (i.e., relatedness
between the conversational input and the generated
output) has been studied in only a few existing
works. For instance, See et al. (2019b) and Zhang
et al. (2020b) ask human annotators to evaluate
relevance explicitly. Li et al. (2020) propose to
use HIT-Q and HIT-R, two hit rate based metrics
which require hand-crafted rules. For automatic
metrics, Gao et al. (2019) propose to use “Preci-
sion” to measure relevance. However, we consider
“Precision” inappropriate in our problem setting,

because it only measures the relationship between
the generated output and the ground truth, but not
the relationship between the generated output and
the conversational input.

Since there is no consensus on which automatic
metric best serves the purpose of explicit relevance,
we select BM25 (Manning et al., 2008) — a rele-
vance estimation function widely used in informa-
tion retrieval. Besides, we follow existing works
to evaluate implicit relevance by measuring BLEU
and ROUGE for syntactic similarity, and Mover-
Score and BERTScore for semantic similarity.

A.1.3 Language Quality
GRUEN (Zhu and Bhat, 2020) is the only existing
open-source unsupervised metric that measures the
language quality of generated text. It requires no
reference to compare with and has been shown to
correlate well with human annotations on a variety
of language generation tasks.

A.2 Relevance and Diversity vs. Number of
Epochs
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Figure 5: Effects of number of epochs for the Seq2Seq
and MMI models on the Gab dataset.

In order to see how the robustness of baseline
neural models changes with the number of epochs,
we plot relevance and diversity measured by au-
tomatic metrics against the number of epochs for
Seq2Seq and MMI in Figure 5. For each sub-figure,
the middle line indicates relevance while the other
two lines indicate diversity.

We note that the diversity increases with the num-
ber of epochs, until converges at about 100 epochs.
Surprisingly, the relevance has a spike in the ini-
tial few training epochs and then converges to a
lower score at about 50 epochs. We inspected the
results where the spike occurs and observed that
the model learns to produce only a few general
repetitive counterspeech (e.g., “Hi there, please re-
frain from using derogatory comments in the thread.
They are hurtful and unwanted. If you continue,
Admin will be alerted.”) to all hate speech. Such
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general responses, though result in high relevance
scores (e.g., BLEU and ROUGE), are not yet ef-
fective due to the lack of diversity. With more
training epochs, the models learn to produce more
diverse responses at the cost of reduced BLEU and
ROUGE.

Note that all results in this paper (e.g., Table
2) are reported when both relevance and diversity
stabilize (i.e., 100 epochs of training). Qian et al.
(2019) report higher BLEU and ROUGE scores
than our results in Table 2 for the Seq2Seq model
and we suspect that their reported results were ob-
tained with only a few epochs of training.

A.3 Efficiency Comparison
We implemented all models in Python 3.7 and con-
ducted all the experiments on a computer with
twenty 2.9 GHz Intel Core i7 CPUs and one
GeForce GTX 1080 Ti GPU. We report the average
training time on three datasets. Seq2seq: 4.2 hours;
MMI: 7.8 hours; BART: 7.1 hours; SpaceFusion:
16.2 hours (running on the CPUs only); GPS: 4.0
hours. We observe that our model requires lower
or similar training cost, compared to the baselines.

A.4 Case Study
Table 5 presents case studies on the generated re-
sponse for different models. In cases (a) and (b),
both BART and our model make reasonable re-
sponses, whereas Seq2Seq and MMI produce only
nonsense. In cases (c)-(e), Seq2Seq, MMI and
BART generate general and safe responses while
our model directly targets the bad words (e.g.,
“twat”, “fairy gay faggot”) in the hate speech, and
even shows understanding and kind warnings to
the hate speaker in case (c). Therefore, our model
may make the hate speaker feel their voices have
been heard and is considered closer to human-like
moderators. Moreover, we find BART sometimes
identifies wrong hate words (In case (d), the hate
word is “twat” while BART refers to “troll” in the
response. In case (e), the hate word is “fairy gay
faggot” while BART refers to “kike”.). The incor-
rect referral could potentially make the hate speak-
ers irritated and become even more offensive.

A.5 Examples of Annotations
Table 6 presents human annotation guidelines and
examples on the three dimensions. The inter-
annotator reliability scores are 0.50, 0.46, 0.36 for
diversity, relevance and language quality respec-
tively.
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Hate Speech What is the point in listening to Muslim women? They are all retarded.

Seq2Seq “So is thinly veiled Muslim Muslim women , the , population , perhaps we go to”

MMI “That is influential figures of Baroness Sayeeda Warsi , Malala Yousafzai- I Harvard Fellow Hayfa
Al-Kaylani ? Should I list some more brilliantly smart Muslim women ?”

BART And when CVs submitted under a non Muslim name are 3 times more likely to get an interview than
those with a Muslim name attached, the problem very clearly lies with those employers who discriminate
against Muslim women who do not want to work with them and instead discriminate against those who
do.

GPS The point of listening to Muslim women, and women in general, is that they could broaden and enlighten
your view of the world.

(a) Islamophobia

Hate Speech All the Muslims should have been punished for yesterday, not only a few. Citizen will take action if the
government does not do anything.

Seq2Seq Are you suggesting that the government deports the good in the countries.

MMI I am not think the government ’s Witness , I is not think that they are not.

BART What happened to the good old British values of stuff like ‘tolerance’ and ‘respect for the rule of law’ -
what you are suggesting sounds like mob rule, vigilante action and people running around with burning
torches? If you really care about stopping crime, I think you should focus your energy on campaigning
against it, not using it to support your anti-Muslim rhetoric.

GPS You cannot blame all people for actions of a few. Banning something altogether will not solve anything.

(b) Islamophobia

Hate Speech I WILL NOT support this one. Not interested in a SJW nigger loving virtue signaler. Will oppose her to
all my friends and elected officials.

Seq2Seq It does n’t make sense to hate an entire race or group of people based on the actions of a few people .

MMI We does n’t make sense to hate an entire race or religion based on the actions of a few people .

BART Whoa there, Racist views are hurtful and derogatory. Please be considerate of others when posting. Please
refrain from using this type of language. Thank you and have a great day, thank you. (bloody lot of you)
(n-word)

GPS I understand you don’t care for her, but using words like that will only turn people against you, not her.

(c) Derogatory Language

Hate Speech delusional twat

Seq2Seq Use of the r-word is unacceptable in discourse as it demeans and insults people with mental disabilities .

MMI We can make the same point more effectively without the use of hateful terminology .

BART Use of the slur here is unacceptable in our discourse as it demeans and insults women, and is hurtful and
offensive to the mentally disabled and their families.“Troll” is an offensive term. is an ethnic slur, please
use better word choices.

GPS Please refrain using the word twat.

(d) Derogatory Language

Hate Speech A political homo? I am not listening to a fairy gay faggot for anyone. Thank you very much.

Seq2Seq Stop using hateful language regarding sexual orientation.

MMI Please refrain from using hateful words in your posts . It ! It adds nothing of value to the discussion .

BART Use of the slurs and rank hatred here is unacceptable in our discourse as it demeans and insults and
alienates others. “faggot” and “kike” are hate speech and are offensive and should be avoided. the word
faggot is wrong.

GPS Attacking someone’s sexuality (“fairy gay faggot”) to express your disagreement with someone’s politics
is not acceptable in this forum.

(e) Derogatory Language

Table 5: Examples of the generated counterspeech.
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Hate
Speech

What is the point in listening to Muslim women? They are all retarded.

System A “So is thinly veiled Muslim Muslim women , the , population , perhaps we go to”
System B “That is influential figures of Baroness Sayeeda Warsi , Malala Yousafzai- I Harvard Fellow Hayfa

Al-Kaylani ? Should I list some more brilliantly smart Muslim women ?”
System C And when CVs submitted under a non Muslim name are 3 times more likely to get an interview than

those with a Muslim name attached, the problem very clearly lies with those employers who discriminate
against Muslim women who do not want to work with them and instead discriminate against those who
do.

System D The point of listening to Muslim women, and women in general, is that they could broaden and enlighten
your view of the world.

Question 1: Which system-generated counterspeech is most relevant to the hate speech? A relevant counterspeech
should address the central aspect of the hateful message and make a coherent conversation.

Question 2: Which system-generated counterspeech is most grammaticality correct, readable and fluent?

(a) Evaluation on relevance and language quality

System A

1. ”Using “c–ts” to refer to women is offensive, unnecessary and should be avoided.
2. Using the foul language will make people more appropriate words.
......
10. Using the word “retards” is offensive to the mentally disabled. its a direct attack to their disability.

System B

1. “Ret–ds” as used here may offend the mentally disabled and their families; it should be avoided as it
adds nothing of substance.
2. Please don’t use the r-word in your posts. It doesn’t help to the discussion in this thread.
......
10. Please do not use derogatory language for women.

System C

1. Please refrain from using hateful and ableist language in your posts. It adds nothing to your argument
or the discussion in this thread. Please refrain in the future if you would like to keep your account active.
Thank you, and have a nice day!
2. Please refrain from using hateful ableist language in your posts. It adds nothing productive to the
conversation or the sub. Please refrain from it in the future if you would like to keep your account active.
“Retard” is a hateful word that is used to demean people who struggle with intellectual disability.
......
10. Using the word “cunts” is a direct attack against a person based on their gender. Its offensive,
unnecessary and should be avoided. “B–ch” and “c–t” are hateful terms used to demeans women in a
hateful manner.

System D

1. Feminists are just human beings fighting for their human rights. Please refrain from using the term in a
negative context.
2. I don’t think that you should be spending so much energy defending your right to violence.
......
10. Right. I cannot stand this either. As a woman I’m annoyed when female characters are forced into the
story.

Question 3: Which system has the most diversified counterspeech in terms of vocabulary richness, variety in expression
and inter-response diversity?

(b) Evaluation on diversity. The hate speech are not shown to the annotators.

Table 6: Examples of Annotation. We randomize the system outputs to avoid annotators’ selection preferences.
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Abstract

Pre-trained Language Models (PLMs) have
achieved great success on Machine Reading
Comprehension (MRC) over the past few
years. Although the general language represen-
tation learned from large-scale corpora does
benefit MRC, the poor support in evidence ex-
traction which requires reasoning across mul-
tiple sentences hinders PLMs from further ad-
vancing MRC. To bridge the gap between gen-
eral PLMs and MRC, we present REPT, a
REtrieval-based Pre-Training approach. In
particular, we introduce two self-supervised
tasks to strengthen evidence extraction dur-
ing pre-training, which is further inherited by
downstream MRC tasks through the consis-
tent retrieval operation and model architecture.
To evaluate our proposed method, we conduct
extensive experiments on five MRC datasets
that require collecting evidence from and rea-
soning across multiple sentences. Experimen-
tal results demonstrate the effectiveness of our
pre-training approach. Moreover, further anal-
ysis shows that our approach is able to enhance
the capacity of evidence extraction without ex-
plicit supervision.

1 Introduction

Machine Reading Comprehension (MRC) is an im-
portant task to evaluate the machine understanding
of natural language. Given a set of documents and a
question (with possible options), an MRC system is
required to provide the correct answer by either re-
trieving a meaningful span (Rajpurkar et al., 2018a)
or selecting the correct option from a few candi-
dates (Lai et al., 2017; Sun et al., 2019; Guo et al.,
2019, 2021). Recently, with the development of
self-supervised learning, the pre-trained language
models (Devlin et al., 2019; Yang et al., 2019b)

*Work is done during internship at Alibaba Group.
†Corresponding author: Liqiang Nie.

fine-tuned on several machine reading comprehen-
sion benchmarks (Reddy et al., 2019; Kwiatkowski
et al., 2019) have achieved superior performance.
The dominant reason lies in the strong and general
contextual representation learned from large-scale
natural language corpora. Nevertheless, PLMs fo-
cus more on the general language representation
and semantics to benefit various downstream tasks,
while MRC demands the capability of extracting
evidence across one or multiple documents and per-
forming reasoning over the collected clues (Fang
et al., 2020; Yang et al., 2018). Put it differently,
there exists an obvious gap, indicating an insuffi-
cient exploitation of PLMs over MRC.

Some efforts have been made to bridge the gap
between PLMs and downstream tasks, which can
be roughly divided into two categories: knowledge
enhancement and task-oriented pre-training (Qiu
et al., 2020). The former introduces commonsense
or world knowledge into the pre-training (Zhang
et al., 2019; Sun et al., 2020; Varkel and Globerson,
2020; Ye et al., 2020) or fine-tuning (Yang et al.,
2019a) for better performance over knowledge-
driven tasks. And the latter includes some deli-
cately designed pre-training tasks, e.g., the con-
trastive approach of learning discourse knowledge
towards textual entailment task (Iter et al., 2020).
Although these approaches have achieved some im-
provements on certain tasks, few of them are specif-
ically designed for evidence extraction, which is
indeed indispensable to MRC.

In fact, equipping PLMs with the capability of
evidence extraction in MRC is challenging due
to the following two factors. 1) The process of
collecting clues from a document is difficult to be
integrated into PLMs without designing specific
model architectures or pre-training tasks (Qiu et al.,
2020; Zhao et al., 2020). And 2) large-scale pre-
training process would make PLMs overfit to pre-
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Input Order:        1 2 3 4 5 6 7 8

Original Order: 1 3 4 2 5 6 7 8

Recovery: 

1. [MASK A] -> education
2. [MASK B] -> care
3. [MASK C] -> Orana

Query

1. History The Mentally Retarded Children’s Society of SA Inc. was
established in 1950 by a group of parents who wanted [MASK A]
employment and accommodation opportunities for their children within
the local community at a time when institutionalised [MASK B] in
Adelaide was their only alternative.

2. Today [MASK C] provides assisted employment, assisted accommodation
and respite services to people with intellectual disabilities.

Passage

3. The society’s aims were to seek education or training facilities for people
with intellectual disabilities to establish sheltered workshops and to
establish residential hostels.

4. A number of sheltered workshops were established and in 1980, the name
was changed to the Aboriginal word Orana which means Welcome.

5. Orana’s current and previous clients include Mitsubishi Motors Clipsal
RAA Elders Limited and Billycart Kids.

6. Orana was one of the first disability service organisations to achieve
Quality Accreditation.

7. After the unveiling of the Australian Government’s Commonwealth Home
Support Programme CHSP and seeing it as a natural step of progression
Orana now provides quality tailored aged care at home.

8. The well resourced organization delivers help across a range of areas
helping the elderly remain where they want to be in the comfort of their
own home during their later years.

Figure 1: A running example obtained from our
method. The query sentences are extracted from the
original document with some crucial information be-
ing randomly masked, i.e., the sentence 1 and 2. The
model is required to predict the preceding and follow-
ing sentence for each query in the original document
and recover the masked clues, i.e., infer the original or-
der from input order and fill the [MASK] with the ini-
tial token. The phrases in boxes are the possible clues
for recovering the masked tokens and the correct order.

training tasks (Chung et al., 2021; Tamkin et al.,
2020). In other words, it is difficult to take full
advantage of the pre-training merits if the training
objectives of pre-training and downstream MRC
are greatly separated.

To deal with the aforementioned challenges, we
propose a novel retrieval-based pre-training ap-
proach, REPT, to bridge the gap between PLMs
and MRC. Firstly, to unify the training objective,
we design a novel pre-training task, namely Sur-
rounding Sentences Prediction (SSP), as illustrated
in Figure 1. Given a document, several sentences
will be firstly selected as queries, and the others are
jointly treated as a passage1. Thereafter, for each
query, the model should predict its preceding and
following sentences in the original document by
collecting clues from each sentence, which is com-
patible with evidence extraction in MRC tasks. It
is worth emphasizing that, the repeated occurrence
of entities or nouns across different sentences of-

1We use passage here to keep consistent with MRC tasks.
And document refers to the combination of queries and pas-
sage.

ten lead to information short-cut (Lee et al., 2020),
from which the order of sentences can be easily re-
covered. In view of this, we propose to mask such
explicit clues. As a result, the model is enforced to
infer the correct positions of queries by gathering
evidence with the incomplete information. Sec-
ondly, to preserve the effectiveness of contextual
representation, the masked clues are also required
to be recovered through retrieving relevant infor-
mation from other parts of the document, which
is implemented via our Retrieval based Masked
Language Modeling (RMLM) task.

In this way, the pre-training stage can be prop-
erly aligned with MRC: 1) the training objectives
are connected through the introduction of the two
pre-training tasks, which will be inherited by down-
stream MRC tasks through consistent retrieval oper-
ation. And 2) the capability of evidence extraction
from documents or sentences is enhanced during
pre-training, and will be smoothly transferred to
MRC. Our contributions in this paper are summa-
rized as follows:

1. We present REPT, a novel pre-training ap-
proach, to bridge the gap between PLMs and
MRC through retrieval-based pre-training.

2. We design two self-supervised pre-training
tasks, i.e., SSP and RMLM, to augment PLMs
with the ability of evidence extraction with
the help of retrieval operation and eliminating
information short-cut, which can be smoothly
transferred to downstream MRC tasks.

3. We evaluate our method over five reading
comprehension benchmarks of two different
task forms: Multiple Choice QA (MCQA)
and Span Extraction (SE). The substantial im-
provements over strong baselines demonstrate
the effectiveness of our pre-training approach.
We conduct an empirical study to verify that
our method are able to enhance evidence ex-
traction as expected.

2 Related Work

MRC has received increasing attention in recent
years. Many challenging benchmarks have been
established to examine various forms of reasoning
abilities, e.g., multi-hop (Yang et al., 2018), dis-
crete (Dua et al., 2019), and logic reasoning (Yu
et al., 2020). To solve the problem, a typical design
is to gather possible clues through entity linking
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(Zhao et al., 2020) or self-constructed graph (Fang
et al., 2020; Ran et al., 2019), and then perform
multi-step reasoning. It is worth noting that, gath-
ering clues is vital but challenging, especially for
long document understanding. Some efforts have
been dedicated to improving evidence extraction
via direct (Wang et al., 2018) or distant supervision
(Niu et al., 2020).

Generally, the fine-tuned PLMs (Devlin et al.,
2019; Yang et al., 2019b) can obtain superior per-
formance in MRC due to their strong and general
language representation. However, there still exist
some gaps between PLMs and various downstream
tasks, since certain abilities required by the down-
stream tasks cannot be learned through the existing
pre-training tasks (Qiu et al., 2020). In order to
take full advantage of PLMs, a few studies attempt
to align the pre-training and fine-tuning stages. For
example, Tamborrino et al. (2020) reformulated
the commonsense question answering task as scor-
ing via leveraging the predicted probabilities for
Masked Language Modeling (MLM) in RoBERTa
(Liu et al., 2019). With the help of the common-
sense learned through MLM, the method achieves
comparable results with supervised approaches in
zero-shot setting, indicating that bridging the gap
between these two stages yields considerable im-
provement. Chung et al. (2021) tried to address
the overfitting problem during pre-training through
decoupling input and output embedding weights
and enlarging the embedding size during decoding.
The resultant model is therefore more transferable
across tasks and languages.

In addition, some task-oriented pre-training
methods have also been developed. For instance,
Wang et al. (2020) proposed a novel pre-training
method for sentence representation learning, where
the masked tokens in a sentence are forced to be
recovered from other sentences through sentence-
level attention. Based on this, the attention weights
can be directly fine-tuned to rank the candidates
in answer selection or information retrieval. Lee
et al. (2019) tried to learn the dense document rep-
resentation for information retrieval by minimizing
the distance between the representation of an query
sentence and its context. Guu et al. (2020) designed
an augmented MLM tasks to jointly train a neural
retriever and a language model for Open-domain
QA. Different from these methods ranking the doc-
uments for open-domain QA, our approach focuses
on enhancing the ability of evidence extraction in

MRC, where the MLM based task by it alone is
insufficient.

3 Method

In this section, we present the details of the pro-
posed method, REPT. We firstly describe the data
pre-processing part (§3.1), and then illustrate the
two pre-training tasks, i.e., SSP and RMLM (§3.3)
and the training objectives (§3.4). Finally, we detail
how to fine-tune our pre-trained model for down-
stream tasks through retrieval-based evidence ex-
traction (§3.5).

3.1 Data Pre-processing
For pre-training, we use the English Wikipedia2 as
our training data. We divide each Wikipedia article
into segments, each containing up to 500 tokens3

without overlapping. We treat each segment as a
document and split it into several sentences4.

In order to increase the difficulty and efficiency
of pre-training, for each document, we select 30%
of the most important sentences as queries and the
rest in their original order as a passage. Specifically,
the importance of each sentence in a document is
measured through the summation of the importance
of entities and nouns it contains, which is further
defined as the number of sentences an entity/noun
occurs. Hereafter, masking is introduced to enti-
ties and nouns in queries according to pre-defined
ratios to eliminate information short-cut. More de-
tails about the masking strategy are described in
Appendix A and an example after pre-processing
can be found in Figure 1.

3.2 Task Definition
We treat a document as a sequence of n sequen-
tial sentences with m tokens. Supposing that
there are t sentences selected as queries follow-
ing §3.1, the rearranged sequence is defined as S =
[s1, s2, · · · , st, · · · , sn], and the index of queries is
Q = {1, 2, · · · , t}. Besides, we define a mapping
function r to map the rearranged sentences to their
original position. Taking Figure 1 as an example,
the mapping r(s1) = 1, r(s2) = 4, r(s3) = 2
and (s4) = 3 indicates that the original order is
{s1, s3, s4, s2, · · · }.

Taking S as input, the Surrounding Sentences
Prediction task should predict the correct sentence

2We use the 2020/05/01 dump.
3The tokenized sub-words following BERT and RoBERTa.
4Any sentence with less than five tokens is concatenated

to its previous one.
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b) Sentence-Level Retrieval for SSP
and MCQA

MLP

Attention

SSP

MCQA

Transformer

[CLS] [SEP] [SEP]

Multi-Head
Attention

[CLS] [SEP] [SEP]

a) Encoder

c) Document-Level Retrieval for RMLM, ODQA and
Span Extraction (SE)

RMLM

SE

MLP

Query Representation

Token Representation

Pre-training

Fine-tuning

Weighted Average of Tokens

Figure 2: Framework of our model. a) Encoder composed of a pre-trained Transformer encoder and a query
generator based on multi-head attention. b) The attention-based sentence-level retrieval for evidence extraction for
each sentence, which will be further adopted by SSP during pre-training and MCQA during fine-tuning. c) The
attention-based document-level retrieval for evidence extraction among the input sequence, which is employed for
RMLM. For SE, the similarity function is directly fine-tuned.

index a and b for each query sq with q ∈ Q5:
{

r(sa) = r(sq) − 1,
r(sb) = r(sq) + 1.

(1)

As for the Retrieval based Masked Language
Modeling (RMLM) task, the model should recover
all the masked tokens in each query sq.

3.3 Model
First of all, we leverage a pre-trained Transformer
(Vaswani et al., 2017), such as BERT, as our en-
coder to obtain the contextual representation of sen-
tences. The output of Transformer is formulated as:

H = [hcls, · · · ,hm,hsep] = Encoder(S̃), (2)

where H ∈ Rd×(m+3), and d is the hidden size. For
a better illustration, we will use Hi to represent
the hidden state matrix of tokens that belong to
sentence si, such that:

H = [H1,H2, · · · ,Hn], Hi ∈ Rd×li ,

where li is the length of sentence si and m =
∑

i li.
Since the process for each query is exactly the same,
we use q ∈ Q as a representative to introduce the
calculation with respect to each query below.

5Specifically, for r(sq) = 1 or r(sq) = n, the correspond-
ing prediction task is removed since its preceding or following
sentence does not exist.

3.3.1 Query Representation
In order to gather potential clues from a docu-
ment or sentences, we adopt the multi-head at-
tention mechanism proposed by (Vaswani et al.,
2017) to obtain the sentence-level representation
for each query. Formally, the attention mechanism
is defined as MHA(Q,K,V), where Q,K,V are
query, key and value matrices, respectively. To con-
sider the global information, we leverage hcls as
the query vector, and Hq as K and V:

vq
0
�

= MHA(h�
cls,H

q,Hq). (3)

During pre-training, we reuse the layer defined
by Equation 3 with Q = vq

0 and K = V = Hq,
to generate the task-specific query representation
vq, which is designed to alleviate the overfitting
problem (He et al., 2021).

3.3.2 Surrounding Sentence Prediction
To enhance the capability of pre-trained models for
evidence extraction, we have carefully designed the
SSP task, where the model should predict the pre-
ceding and following sentences for a given query by
extracting the relevant evidence from each sentence.
Consequently, we introduce a retrieval operation,
which is implemented via a single-head attention
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mechanism6:

ui
q
�

= Att(vq�,Hi,Hi), (4)

where ui
q is the representation of sentence si, high-

lighting the evidence information pertaining to
query sq. Finally, the score of each sentence in
the document with regard to sq is obtained through:

oi
q = W2(tanh(W1u

i
q + b1)) + b2. (5)

3.3.3 Retrieval based MLM
Since the masking noise introduced when construct-
ing queries could also bring inconsistency between
pre-training and fine-tuning, we further designed a
retrieval based MLM task to alleviate this problem.
In the RMLM task, the model should predict the
masked entities or nouns through retrieving rele-
vant information from a document. More specifi-
cally, the query-aware evidence representation of
the input sequence is obtained via:

gq� = Att(vq�,H,H). (6)

Denoting the index of a masked token in query
sq as z, the representation of the masked token sq

z

used for recovering is:

h̃q
z = f(hz,g

q), (7)

where the function f(·, ·) is implemented as a nor-
malized 2-layer feed-forward network, and the de-
tails are illustrated in Appendix B.2.

3.4 Optimization
As the definition in Equation 1, given a and b as
the index of the original preceding and following
sentences of the query sq in S, the corresponding
probabilities for surrounding sentences are formu-
lated as:

⎧
⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

pssp(a|q, S) =
exp(oa

q)∑n
j=1,j /∈{b,q} exp(oj

q)
,

pssp(b|q, S) =
exp(ob

q)∑n
j=1,j /∈{a,q} exp(oj

q)
.

(8)

The objective of SSP is subsequently defined as:

Lssp = E(− 1

|Q|
∑

q

( log pssp(a|q, S)+

log pssp(b|q, S))).

(9)

6The details are illustrated in Appendix B.1.

As for RMLM, supposing the index set of masked
tokens in query sq is Zq, and the set of correspond-
ing original tokens is X q, the probability for recov-
ering a masked token is:

prmlm(xz|z, q, S) =
exp(e(xz)

�h̃q
z)∑

x′ exp(e(x′)�h̃q
z)

, (10)

where z ∈ Zq, xz ∈ X q, x′ is a token in vocabu-
lary, and e(x) denotes the word embedding of x.
Then the objective of RMLM is:

Lrmlm = E(−
∑

q

∑
z log ppmlm(xz|z, q, S)∑

q |Zq| ).

(11)
During pre-training, the model tries to optimize

the two objectives jointly:

L = Lssp + Lrmlm. (12)

3.5 Fine-tuning
During fine-tuning, the input contains a query sen-
tence and a passage. For multiple choice QA tasks,
we concatenate a question with an option to form
a question-option pair and use it as a whole query.
In this section, we use q = 0 to represent the index
of the query and the sentences of passage are kept
in their original order. The input sequence can be
thus denoted as:

S = [sq, s1, s2, · · · , sn].

To inherit the evidence extraction ability aug-
mented during pre-training, we incorporate the
same retrieval operation into fine-tuning to collect
clues from the passage. Firstly, we reuse the at-
tention mechanism defined in Equation 3 to obtain
the query representation vq. As for the evidence
extraction process, we formulate it differently for
Multiple Choice QA and Span Extraction.

3.5.1 Multiple Choice QA
Similar to Equation 4, we adopt an attention mech-
anism, whereby the query-aware sentence represen-
tation ui

q is obtained via gathering evidence from
each sentence:

ui
q
�

= Att(vq�,Hi,Hi), i �= q. (13)

And the final passage representation highlighting
the evidence can be obtained via the sentence-level
evidence extraction:

vp = Att(vq�,U,U), (14)
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where U = [u1
q , · · · ,un

q ] and U ∈ Rd×n. Finally,
we represent the probability of each option c using
both the query vq and the passage vp:

pmc
c ∝ exp(W6(tanh(W5[v

q;vp] + b5)) + b6).
(15)

Specifically, for Multi-RC, since the number of
correct answer options for each question is uncer-
tain, the task is often treated as a binary classifica-
tion problem for each option. As a result, we adopt
a MLP to get the probability of whether an option
c is correct:

pmc
c = σ(W8(tanh(W7[v

q;vp] + b7)) + b8),
(16)

where σ is the sigmoid function.

3.5.2 Span Extraction
Since answer spans are often consistent with corre-
sponding evidences, we directly leverage the query
to extract relevant spans. The probability of select-
ing start position s and end position e of an answer
span is given by:

{
pspan

s ∝ exp(vq�W9hs),

pspan
e ∝ exp(vq�W10he).

(17)

4 Experiment

4.1 Dataset
4.1.1 Multiple Choice Question Answering
DREAM (Sun et al., 2019) contains 10,197 multi-
ple choice questions for 6,444 dialogues collected
from English Examinations designed by human
experts, in which 85% of the questions require rea-
soning across multiple sentences, and 34% of the
questions also involve commonsense knowledge.
RACE (Lai et al., 2017) is a large-scale reading
comprehension dataset collected from English Ex-
aminations and created by domain experts to test
students’ reading comprehension skills. It has a
wide variety of question types, e.g., summariza-
tion, inference, deduction and context matching,
and requires complex reasoning techniques.
Multi-RC (Khashabi et al., 2018) is a dataset of
short paragraphs and multi-sentence questions. The
number of correct answer options for each question
is not pre-specified and the correct answer(s) is not
required to be a span in the text. Moreover, the
dataset provides annotated evidence sentence.
ReClor (Yu et al., 2020) is extracted from logical
reasoning questions of standardized graduate ad-
mission examinations. Existing studies show that

the state-of-the-art models perform poorly on Re-
Clor, indicating the deficiency of logical reasoning
ability of current PLMs.

4.1.2 Span Extraction
Hotpot QA (Yang et al., 2018) is a question an-
swering dataset involving natural and multi-hop
questions. The challenge contains two settings, the
distractor setting and the full-wiki setting. In this
paper, we focused on the full-wiki setting, where
the system should retrieve the relevant paragraphs
from Wikipedia and then predict the answer.
SQuAD2.0 (Rajpurkar et al., 2018b) is reading
comprehension dataset, consisting of questions
posed by crowdworkers on a set of Wikipedia arti-
cles, where the answer to every question is a seg-
ment of text, or span, from the corresponding read-
ing passage, or the question might be unanswer-
able.

4.2 Implementation Detail

We leave the details about the implementation and
pre-training corpora in Appendix A due to the limi-
tation of space.

4.3 Baseline

Since our method is used for further pre-
training, we mainly compared our model with
BERT/RoBERTa and their variants. For Hotpot
QA, we integrated our models into an open-sourced
and well-accepted system (Asai et al., 2020) and
evaluated the performance. The details of baselines
are summarized as follows:

4.3.1 Multiple Choice QA
BERT is the BERT-base model with 2-layer MLP
as the task-specific module.
BERT-Q & RoBERTa-Q refer to the designed but
not further trained models, which include an extra
multi-head attention for generating query represen-
tation via Equation 3, and our retrieval operation
for evidence extraction as in §3.5.1 and §3.5.2.
BERT-Q w. R/S & RoBERTa-Q w. R/S refer
to the designed models further trained with our
proposed SSP and RMLM tasks (denoted as S and
R, respectively).
BERT-Q w. R & BERT-Q w. S refer to the mod-
els further trained with only one pre-training task,
RMLM or SSP.
BERT-Q w. M & BERT w. M refer to the models
further trained with MLM. For fair comparison, we
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RACE DREAM ReClor Multi-RC
Model / Dataset Dev Test Dev Test Dev Test Dev

Acc. Acc. Acc. Acc. Acc. Acc. EM F1a F1m

BERT-base† – 65.0 63.4 63.2 54.6 47.3 – – –
BERT w. M 67.7 66.3 62.9 63.2 51.6 45.1 26.6 71.8 74.2
BERT-Q 67.2 65.2 62.9 62.3 48.4 45.0 22.8 69.6 72.0
BERT-Q w. M 67.7 66.9 61.8 62.2 48.8 48.3 23.8 70.1 72.6
BERT-Q w. R 65.5 64.7 59.0 58.6 46.8 45.1 26.4 71.5 74.0
BERT-Q w. S 69.5 66.5 64.8 62.2 52.0 46.5 30.0 73.0 75.8
BERT-Q w. R/S 70.1 68.1 64.4 64.0 50.6 49.2 31.9 73.8 76.3
RoBERTa-base 76.0 75.5 71.2 69.8 54.8 50.8 38.7 77.1 79.2
RoBERTa-Q 76.8 75.7 70.9 69.5 56.0 49.7 34.6 75.4 77.4
RoBERTa-Q w. R/S 77.1 74.9 70.9 70.8 54.8 50.3 40.4 77.6 80.0

Table 1: Results on multiple choice question answering tasks. (F1a: F1 score on all answer-options; F1m: macro-
average F1 score of all questions.) We ran all experiments using four different random seeds with the same hyper-
parameters, and report the average performance, except for ReClor and Multi-RC. For ReClor, we submitted the
best model on the development set to the leaderboard to get the results on the test set. For MultiRC, we merely
reported the performance on development set since the test set is unavailable. †: The results are reported by the
leaderboard.

further train BERT with the same Wikipedia corpus
for equivalent steps.

4.3.2 Hotpot QA
For hotpot QA, we constructed the system based
on Graph-based Recurrent Retriever (Asai et al.,
2020), which includes a retriever and a reader based
on BERT. We simply replaced the reader with our
models and evaluated their performance in compar-
ison with several published strong baselines on the
leaderboard7.

5 Results and Analyses

5.1 Results for Multiple Choice QA
Table 1 shows the results of the baselines and our
method on multiple choice question answering.

From Table 1, we can observe that: 1) Compared
with BERT-Q and BERT, our method significantly
improves the performance over all the datasets,
which validates the effectiveness of our proposed
pre-training method. 2) As for the model structure,
BERT-Q obtains similar or worse results compared
with BERT, which suggests that the retrieval opera-
tion can hardly improve the performance without
specialised pre-training. 3) Taking the rows of
BERT, BERT-Q, BERT w. M, BERT-Q w. M for
comparison, the models with further pre-training
using MLM achieve similar or slightly higher per-
formance. The results show that further training
BERT using MLM and the same corpus can only
achieve very limited improvements. 4) Regarding

7https://hotpotqa.github.io/.

the two pre-training tasks, BERT-Q w. R/S leads
to similar performance on the development sets
compared with BERT-Q w. S, but a much higher
accuracy on the test sets, which suggests RMLM
can help to maintain the effectiveness of contex-
tual language representation. However, there is a
significant degradation over all datasets for BERT-
Q w. R. The main reason is possibly because the
model cannot tolerate the sentence shuffling noise,
which may lead to the discrepancy between pre-
training and MRC, and thus need to be alleviated
through SSP. And 5) considering the experiments
over RoBERTa-based models, RoBERTa-Q w. R/S
outperforms RoBERTa-Q and RoBERTa-base with
considerable improvements over Multi-RC and the
test set of DREAM, which also indicates that our
method can benefit stronger PLMs.

5.2 Performance on Span Extraction QA

The results of span extraction on Hotpot QA are
shown in Table 2. We constructed the system using
the Graph Recurrent Retriever (GRR) proposed by
Asai et al. (2020) and different readers. As shown
in the table, GRR + BERT-Q w. R/S outpeforms
GRR + BERT-base by more than 2.5% absolute
points on both EM and F1. And GRR + RoBERTa-
Q w. R/S also achieves a significant improvement
over GRR + RoBERTa-base. During the test stage,
our best system, GRR + RoBERTa-Q w. R/S per-
forms better than the strong baselines and get closer
to GRR + BERT-wwm-large. The above results
strongly demonstrate the effectiveness of our pre-
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Model / Dataset Dev Test
EM F1 EM F1

Transformer-XH (Zhao et al., 2020) 54.0 66.2 51.6 64.7
HGN (Fang et al., 2020) – – 56.7 69.2
GRR + BERT-wwm-Large* 60.5 73.3 60.0 73.0
GRR + BERT-base* 52.7 65.8 – –
GRR + BERT-Q w. R/S 55.2 68.4 – –
GRR + RoBERTa-base 56.8 69.6 – –
GRR + RoBERTa-Q w. R/S 58.4 71.3 58.1 71.0

Table 2: Results of our method and other strong base-
lines on Hotpot QA. GRR means the Graph Recurrent
Retriever proposed by Asai et al. (2020), GRR + BERT-
base means the system whose retriever is GRR and
reader is built on BERT-base. *: The results are re-
ported by Asai et al. (2020).

Model / Dataset EM F1
BERT-Q 71.7 74.9
BERT-Q w. R/S 77.2 80.4
RoBERTa-Q 80.3 83.7
RoBERTa-Q w. R/S 81.7 85.0

Table 3: Results of our method and other baselines on
the dev set of SQuAD2.0.

training method on the task requiring multi-hop
evidence extraction and reasoning.

Besides, we also conducted experiments on the
most common benchmark, SQuAD2.0. The results
on development set shown in Table 3 have also ver-
ified the effectiveness of our proposed pre-training
method.

5.3 Evaluation of Evidence Extraction

To evaluate the performance of our method for
evidence extraction in the setting of implicit super-
vision (with only answers), we ranked sentences in
a passage using their attention weights obtained in
Equation 4 and chose those sentences with higher
weights as the evidences.

As shown in Table 4, the models with our pro-
posed pre-training tasks obtain considerable im-
provements on the precision and recall of evidence
extraction, which verifies that our pre-training
method is able to effectively equip PLMs with the
capability for gathering evidence without explicit
supervision. For a better illustration, we further
provided two examples in Appendix C.

5.4 Effect of Different Masking Ratio During
Pre-training

Table 5 shows the results of our model pre-trained
with different masking ratios. Due to the small
amount of entities contained in the document, we

Model P@1 R@1 P@2 R@2
BERT-Q 21.83 9.66 20.24 17.73
BERT-Q w. R/S 45.30 20.38 38.51 34.55
RoBERTa-Q 28.25 12.45 26.93 23.74
RoBERTa-Q w. R/S 35.34 15.76 30.33 26.85

Table 4: Results of evidence extraction on the develop-
ment set of Multi-RC.

RACE Multi-RC
Model/Dataset Dev Test Dev

Acc. Acc. EM F1a F1m

B.Q w.R/S (30%) 70.1 68.1 31.9 73.8 76.3
B.Q w.R/S (60%) 70.2 67.3 32.0 73.8 76.3
B.Q w.R/S (90%) 70.4 68.2 31.0 73.5 76.2
B.Q w.S (No Mask) 69.0 67.2 29.0 72.7 75.4

Table 5: Results on RACE and Multi-RC using mod-
els pre-trained with different mask ratios. B.Q means
BERT-Q.

only consisdered the masking ratio of nouns as
the variable. Formally, we considered three ratios:
30%, 60%, 90%, and an extra setting, where the
entities and nouns are all kept and the RMLM task
is also removed during pre-training.

As shown in the table, with more possible clues
being masked, the model tend to obtain better re-
sults on the downstream tasks. For example, BERT-
Q w. R/S (90%) achieves the best accuracy on
RACE, and BERT-Q w. R/S (60%) obtains the
highest performance over Multi-RC. And all mod-
els that employ masking outperform BERT-Q w. S
(no masking). The main reason can be that with
more explicit information short-cut being elimi-
nated, it is more difficult for models to collect po-
tential clues, and PLMs are enhanced with stronger
reasoning ability of evidence extraction. However,
there also exists a trade-off: as higher masking
ratio leads to more noise, it could worsen the mis-
match between pre-training and fine-tuning, and
cause performance degradation, e.g., BERT-Q w.
R/S (90%) performs the worst on Multi-RC.

5.5 Performance in Low Resource Scenario

Figure 3 depicts the performance of BERT-Q w.
R/S on the development and test set of RACE with
limited training set. For each specific relative ra-
tio, four reduced training sets are automatically
generated using different random seeds and the cor-
responding accuracies are plotted on the figure. It
is observed that with 70% training data, our model
outperforms the baseline, BERT-Q, which was ini-
tialized using BERT and has not been further pre-
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67.2%

65.2%

BERT-Q  Dev

BERT-Q Test

BERT-Q w. R/S Dev

BERT-Q w. R/S Test

Figure 3: The accuracy of BERT-Q w. R/S on the de-
velopment and test of RACE. The horizontal axis refers
to the ratio K of training data compared to the original
training set.

trained. The results indicate that our method can
help to reduce the amount of annotated training
data for downstream MRC tasks, which is espe-
cially useful in low resource scenarios.

6 Conclusion and Future Work

In this paper, we present a novel pre-training ap-
proach, REPT, to bridge the gap between pre-
trained language models and machine reading com-
prehension through retrieval-based pre-training.
Specifically, we design two retrieval-based pre-
training tasks equipped with self-supervised learn-
ing, namely Surrounding Sentences Prediction
(SSP) and Retreval based Masked Language Model-
ing (RMLM), to enhance PLMs with the capability
of evidence extraction for MRC. The experiments
over five different datasets validate the effective-
ness of our proposed method. In the future, we
plan to extend the proposed pre-training approach
to the more challenging open-domain settings.
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A Implementation Detail

We built our model on Huggingface’s Pytorch trans-
former repository (Wolf et al., 2019), and used
AdamW (Loshchilov and Hutter, 2019) as the opti-
mizer. We used the pre-trained BERT-base-uncased
and RoBERTa-base checkpoint to initialize our en-
coder, and performed pre-training using 16 P100
GPUs simultaneously. The pre-training processes
last around 16 hours for BERT and 4 days for
RoBERTa, which takes 20,000 steps and 80,000
steps with the batch size as 512, respectively. All
hyper-parameters can be found in Table 6 for pre-
training and Table 7 for fine-tuning.

During constructing the training sample for pre-
training, we controlled the masking ratio for entity
and noun in query. For BERT, we masked 90%
entities and 30% nouns. For RoBERTa, we con-
structed two datasets, where the masking ratios for
entity and noun are set to 90%, 30% and 90%, 90%,
respectively. And we mixed the two for jointly
training. We also explored the effect of different
masking ratios and the analysis is detailed in §5.

As for the fine-tuning stage, for multiple choice
QA, we ran all experiments using for different ran-
dom seeds (i.e., 33, 42, 57 and 67) and reported the
average performance, except for ReClor, in which
we only submitted the results obtained from the
model which performs the best on development set
to the leaderboard because the limitation of submis-
sion times. For Hotpot QA, we mainly followed the
hyper-parameters of Asai et al. (2020) and thus did
not repeat the experiments using different random
seeds. Due to the submission limitation, we only
submitted our best model on the development set
to the leaderboard and reported its performance on
test set.

B The Details About Modeling

B.1 Single-head Attention
To reduce the extra parameters introduced, we de-
fine a single-head attention mechanism compared
to the multi-head one. Given the query matrix Q,
key matrix K and value matrix V, the simple atten-
tion mechanism is formualted as:

Att(Q,K,V) = softmax((QW + b)�K)V,

where W and b is the learnable parameters.

B.2 Normalized Feed-forward Network
We adopt a 2-layer feed-forward network with
GeLU activation (Hendrycks and Gimpel, 2016)

and layer normalization (Ba et al., 2016) to predict
the masked entities and nouns. Following Span-
BERT (Joshi et al., 2020), the Equation 7 is decom-
posed as:

⎧
⎨
⎩

h0 = [hz;g
q],

h1 = LayerNorm(GeLU(W3h0 + b3)),

h̃q
z = LayerNorm(GeLU(W4h1 + b4)).

C Case Study About Evidence
Extraction

In §5.3, the results show that our pre-training
method can augment the ability to extract the cor-
rect evidence. To give an intuitive clarification over
this, we select two cases shown in Figure 4. As we
can see, BERT-Q w. R/S and RoBERTa-Q w. R/S
can select the correct evidence sentences, while
the baselines models attend to the wrong sentences.
Besides, Figure 5 shows the attention maps of the
two groups of comparison. It can be observed that
our pre-training approach can help the model learn
a uniform attention distribution over the possible
evidence sentences.

D Analysis of Extra Parameters
Introduced

For fair comparison, we try to introduce as few
additional parameters as possible. Since the output
layer is highly task-specific and the single head-
attention defined in Appendix B.1 is simple, we
main analyze the extra parameters introduced for
query representation learning defined in §3.3.1. A
single layer of Transformer comprises of a multi-
head attention module and a feed-forward network.
As a result, the multi-head attention module gener-
ating the query representation has introduced 2.8%
extra parameters compared with a 12-layer Trans-
former without consideration to the parameters in
embedding layer and layer normalization.
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HyperParam BERT-base RoBERTa-base
Peak Learning Rate 2e-4 5e-5
Learning Rate Decay Linear Linear
Batch Size 512 512
Max Steps 20,000 80,000
Warmup Steps 2,000 4,000
Weight Decay 0.01 0.01
Gradient Clipping 1.0 0.0
Adam ε 1e-6 1e-6
Adam β1 0.9 0.9
Adam β2 0.999 0.98
Max Sequence Length 512 512
Query Generator Dropout 0.1 0.1
SSP Dropout 0.1 0.1
RMLM Dropout 0.1 0.1
FP16 option level O2 O2

Table 6: Hyper-parameters for pre-training.

HyperParam RACE DREAM ReClor MultiRC Hotpot QA
Peak Learning Rate 4e-5♣/2e-5♠ 3e-5♣/2e-5♠ 2e-5♣/1e-5♠ 3e-5 5e-5♣/3e-5♠

Learning Rate Decay Linear Linear Linear Linear Linear
Batch Size 32♣/16♠ 24 24 32 32♣/48♠

Epoch 4 8 10 8.0 3♣/4♠

Warmup Proportion 0.1♣/0.06♠ 0.1 0.1 0.1 0.1
Weight Decay 0.01 0.01 0.01 0.01 0.01
Adam ε 1e-6 1e-6 1e-6 1e-6 1e-6♣/1e-8♠

Adam β1 0.9 0.9 0.9 0.9 0.9
Adam β2 0.999♣/0.98♠ 0.999♣/0.98♠ 0.999♣/0.98♠ 0.999 0.999
Gradient Clipping 1.0♣/0.0♠ 0.0♣/5.0♠ 0.0 1.0 0.0
Max Sequence Length 512 512 256 512 384♣/386♠

Max Query Length 128 512 256 512 64
Dropout 0.1 0.1 0.1 0.1 0.1

Table 7: Hyper-parameters for fine-tuning. ♣: Hyper-parameters for BERT-based models. ♠: Hyper-parameters
for RoBERTa-based models.
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Case 1
Passage:
(0)A group of researchers at a remote jungle island outpost discover the natives are practicing voodoo and black magic. … (4)She returns years
later as an adult with a group of mercenaries to attempt to uncover what happened to her parents. (5)Shortly after arriving at the island their boat's
engine dies, stranding them. (6)Meanwhile elsewhere on the island a trio of hikers discover a cave, the same cave leading to the underground
temple where the original curse was created. (7)After accidentally reviving the curse, the dead once again return to kill any who trespass on their
island. (8)The mercenaries encounter their first zombie, who injures a member of the team. (9)Taking shelter in the remains of the old research
facilities medical quarters they are soon joined by Chuck, the only surviving hiker. (10)Arming themselves with weapons left behind by the long
dead research team, they make their stand as the dead once again rise. (11)One by one they are injured or killed, one of whom sacrifices himself
to blow up the medical facility and his newly undead team members. (12)Jenny and Chuck flee, the only survivors remaining. (13)They stumble
upon the cave once again, where the zombies appear and attack.
Question: Where did Chuck find weapons?
Option: From the previous research team.
Sentences Used: 9, 10.
BERT-Q:                 Answer: False    Evidence: 0
BERT-Q w. R/S:     Answer: True     Evidence: 10, 9

Case 2
Passage:
(0)The film opens with Sunita, a medical student , and her friends working on a project about the human brain. (1)She wants to investigate the
curious case of Sanjay Singhania, a notable city businessman, who is reported to have anterograde amnesia. (2)Her professor denies access to
Sanjay's records as it is currently under criminal investigation. (3)Sunita, nonetheless, decides to investigate the matter herself. (4)Sanjay is
introduced as he brutally murders a man. (5)He takes a Polaroid picture of the man, and writes on it ``done''. (6)It is revealed that Sanjay has
anterograde amnesia where he loses his memory every 15 minutes. (7)Sanjay uses a system of photographs, notes, and tattoos on his body to
recover his memory after each cycle. (8)It is revealed that Sanjay is ultimately out to avenge the death of his sweetheart Kalpana , and that he is
systematically killing the people who were responsible for it. (9)His main target is ``Ghajini'', a notable social personality in the city. (10)Police
Inspector Arjun Yadav, on the case of the serial murders, tracks Sanjay down to his flat and attacks and disables him. (11)Yadav finds two diaries
where Sanjay has chronicled the events of 2005 and 2006. …
Question: Who denies Sunita access to Sanjay's records, who is reported to have anterograde amnesia, because they are under criminal 
investigation? 
Option: Sunita's professor&Arjun Yadav.
Sentences Used: 1, 2.
RoBERTa-Q:                 Answer: False    Evidence: 0
RoBERTa-Q w. R/S:     Answer: True     Evidence: 2, 1

Figure 4: Two cases from the development set of Multi-RC.

(a) Normalized attention weights for Case 1 in Figure 4.

(b) Normalized attention weights for Case 2 in Figure 4.

Figure 5: Two cases of the normalized attention
weights of evidence extraction.
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Abstract

Event extraction (EE) is a crucial information
extraction task that aims to extract event in-
formation in texts. Most existing methods as-
sume that events appear in sentences without
overlaps, which are not applicable to the com-
plicated overlapping event extraction. This
work systematically studies the realistic event
overlapping problem, where a word may serve
as triggers with several types or arguments
with different roles. To tackle the above prob-
lem, we propose a novel joint learning frame-
work with cascade decoding for overlapping
event extraction, termed as CasEE. Particu-
larly, CasEE sequentially performs type de-
tection, trigger extraction and argument ex-
traction, where the overlapped targets are ex-
tracted separately conditioned on the specific
former prediction. All the subtasks are jointly
learned in a framework to capture dependen-
cies among the subtasks. The evaluation on
a public event extraction benchmark FewFC
demonstrates that CasEE1 achieves significant
improvements on overlapping event extraction
over previous competitive methods.

1 Introduction

Event Extraction (EE) is an important yet chal-
lenging task in natural language understanding.
Given a sentence, an event extraction system ought
to identify event types, triggers and arguments
appearing in the sentence. As an example, Fig-
ure 1(b) presents an event mention of type Share

Reduction, triggered by “reduced”. There are sev-
eral arguments, such as “Fuda Industry” playing
the subject role in the event.

However, events often appear in sentences com-
plicatedly, where the triggers and arguments may
have overlaps in a sentence. This paper focuses

1The source code is available at https://github.
com/JiaweiSheng/CasEE.

target

subject proportion

Event: Share Reduction

Fuda Industry reduced its total share capital by 0.05%

trigger (b)

Event: Investment
subject

target

object

subject

Event: Share Transfer
trigger

Century Huatong acquired 100% equity of Shengyue Network 

trigger
(a)

proportion

Figure 1: Examples of event overlapping problem: (a)
Events with overlapped triggers and arguments; (b) An
event with an overlapped argument in several roles.

on a challenging and realistic problem in EE: over-
lapping event extraction. Generally, we categorize
all the overlapping cases into three patterns: 1) A
word may serve as triggers with different event
types across several events. Figure 1(a) shows the
token “acquired” triggers an Investment event and
a Share Transfer event at the same time. 2) A
word may serve as arguments with different roles
across several events. Figure 1(a) shows “Shengyue
Network” plays an object role in the Investment

event and a subject role in the Share Transfer

event. 3) A word may serve as arguments play-
ing different roles in one event. Figure 1(b) shows
that “Fuda Industry” plays a subject role and a
target role in an event. For simplicity, we call
pattern 1) as overlapped trigger problem, and both
pattern 2) and 3) as overlapped argument prob-
lem in the following sections. There are about
13.5% / 21.7% sentences having overlapped trig-
ger/argument problems in the Chinese financial
event extraction dataset, FewFC (Zhou et al., 2021).

Most existing EE studies assume that events ap-
pear in sentences without overlaps, which are not
applicable to the complicated overlapping scenar-
ios. Typically, current EE studies can be roughly
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categorized into two groups: 1) Traditional joint
methods (Nguyen et al., 2016; Liu et al., 2018;
Nguyen and Nguyen, 2019), which simultaneously
extract triggers and arguments by a unified decoder
labeling the sentence only once. However, they fail
in extracting overlapped targets due to label con-
flicts, where a token may have several typed labels
but only one label can be assigned. 2) Pipeline
methods (Chen et al., 2015; Yang et al., 2019;
Du and Cardie, 2020b), which sequentially extract
triggers and arguments in separate stages. Yang
et al. (2019) attempts to tackle the overlapped argu-
ment problem in the pipeline manner, but overlooks
the overlapped trigger problem. Nevertheless, the
pipeline methods neglect the feature-level depen-
dencies between the trigger and arguments, and
suffer from error propagation. In our knowledge,
existing researches in EE neglect overlapping prob-
lems or only focus on one overlapping problem.
Few researches simultaneously solve all the three
mentioned overlapping patterns.

To address the above issues, we propose CasEE,
a joint learning framework with Cascade decod-
ing for overlapping Event Extraction. Specifically,
CasEE realizes event extraction with a shared tex-
tual encoder and three decoders for type detection,
trigger extraction and argument extraction. To ex-
tract overlapped targets across events, CasEE se-
quentially decodes the three subtasks, conducting
trigger extraction and argument extraction accord-
ing to the former predictions. Such a cascade de-
coding strategy extracts event elements according
to the different conditions, so that the overlapped
targets can be extracted in separate phases. A condi-
tion fusion function is designed to explicitly model
the dependencies between adjacent subtasks. All
the subtask decoders are jointly learned to further
build connections among subtasks, which refines
the shared textual encoder with feature-level inter-
actions among downstream subtasks.

The contributions of this paper are three-fold:
(1) We systematically investigate the overlap-

ping problems in EE, and categorize them into three
patterns. To the best of our knowledge, this paper
is among the first to simultaneously tackle all the
three overlapping patterns.

(2) We propose CasEE, a novel joint learning
framework with cascade decoding, to simultane-
ously solve all the three overlapping patterns.

(3) We conduct experiments on a public Chi-
nese financial event extraction benchmark, FewFC.

Experimental results reveal that CasEE achieves
significant improvements on overlapping event ex-
traction over existing competitive methods.

2 Related Work

Current EE research can be roughly categorized
into two groups: 1) Traditional joint methods (Li
et al., 2013; Nguyen et al., 2016; Nguyen and
Nguyen, 2019; Liu et al., 2018; Sha et al., 2018)
that perform trigger extraction and argument ex-
traction simultaneously. They solve the task in
a sequence labeling manner, and extract triggers
and arguments by tagging the sentence only once.
However, these methods fail in solving overlap-
ping event extraction since the overlapping tokens
would cause label conflicts when forced to have
more than one label. 2) Pipeline methods (Chen
et al., 2015; Yang et al., 2019; Wadden et al., 2019;
Li et al., 2020; Du and Cardie, 2020b; Liu et al.,
2020; Chen et al., 2020) that perform trigger ex-
traction and argument extraction in separate stages.
Though pipeline methods have the potential ca-
pacity to solve overlapping EE, they usually lack
explicit dependencies between triggers and argu-
ments, and suffer from error propagation. Among
the researches, Yang et al. (2019) and Xu et al.
(2020) solve the overlapped argument problem, but
overlook the overlapped trigger problem, thus can
not discern correct triggers for argument extraction.
All the above methods can not simultaneously solve
all the overlapping patterns in event extraction.

The overlapping problem has also been explored
in other information extraction tasks outside event
extraction. Luo and Zhao (2020) tackles nested
named entity recognization with bipartite flat-graph
networks. Zeng et al. (2018) tackles overlapped
relational triple extraction by applying a sequence-
to-sequence paradigm with a copy mechanism. Wei
et al. (2020) and Yu et al. (2020) extract overlapped
relational triples with a novel cascade tagging strat-
egy, which inspire us to solve overlapping event
extraction in the cascade decoding paradigm. Wang
et al. (2020) further discusses the propagation error
in cascade decoding. All the above researches are
proposed for other tasks, which can not be directly
transferred for overlapping event extraction due to
the complicated event extraction definition.

3 Our Approach

Given an input sentence, the goal of EE is to iden-
tify triggers with their event types and arguments
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Figure 2: The overview of our proposed approach, CasEE, which contains a shared BERT encoder, a type detection
decoder, a trigger extraction decoder and an argument extraction decoder.

with their corresponding roles, where triggers and
arguments may overlap on some tokens. To tackle
this problem, we propose a training objective at the
event level. Formally, according to the pre-defined
event schema, we have an event type set C and an
argument role setR. The overall goal is to predict
all events in gold set Ex of the sentence x. We aim
to maximize the joint likelihood of training data D:

∏

x∈D

[ ∏

(c,t,ar)∈Ex
p((c, t, ar))|x)

]

=
∏

x∈D

[∏

c∈Cx
p(c|x)

∏

t∈Tx,c
p(t|x, c)

∏

ar∈Ax,c,t
p(ar|x, c, t)

]

(1)
where Cx denotes the set of types occurring in x,
Tx,c denotes the trigger set of type c, and Ax,c,t
denotes the argument set of type c and trigger t.
Note that each c is a type in C, each t is a trigger
word, and each ar ∈ Ax is an argument word cor-
responding to its own role r ∈ R. Eq. (1) exploits
the fact of dependencies among the type, trigger
and argument. Actually, it motivates us to learn a
type detection decoder p(c|x) to detect event types
occurring in the sentence, a trigger extraction de-
coder p(t|x, c) to extract triggers of type c, and an
argument extraction decoder p(ar|x, c, t) to extract
role-specific arguments with type c and trigger t.

Such a task decomposition solves all the event
overlapping patterns claimed in the Introduction.
Specifically, we first detect event types occurring
in the sentence. When extracting triggers, we only

predict the triggers with a specific type, thus the
triggers overlapped across several events will be
predicted in separate phases. Similarly, when ex-
tracting arguments, we predict the arguments with
a specific type and trigger, thus the arguments over-
lapped across several events will also be predicted
in separate phases. Since we adopt role-specific
taggers in argument extraction, the overlapped ar-
guments having several roles in an event can be
predicted separately with specific taggers. All the
predictions in type detection, trigger extraction and
argument extraction form the final prediction.

Figure 2 demonstrates the details of CasEE.
CasEE adopts a shared BERT encoder to capture
textual features, and three decoders for type de-
tection, trigger extraction and argument extraction.
Since all subtasks are jointly learned in contrast to
previous pipeline methods (Yang et al., 2019; Li
et al., 2020), CasEE could capture feature-level de-
pendencies among subtasks. For prediction, CasEE
sequentially predicts event types, triggers and argu-
ments in the cascade decoding process.

3.1 BERT Encoder

To capture the feature-level dependencies among
subtasks, we share the textual representations of
each sentence. As BERT has shown performance
improvements across multiple NLP tasks, we adopt
BERT (Devlin et al., 2019) as our textual encoder.
BERT is a bi-directional language representation
model based on transformer architecture (Vaswani
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et al., 2017), which generates textual representa-
tions conditioned on token context and remains rich
textual information. Formally, the sentence with N
tokens is denoted as x = w1, w2, ..., wN . We input
the tokens into BERT, and then obtain the hidden
states H = h1,h2, ...,hN as the token representa-
tions for the following downstream subtasks.

3.2 Type Detection Decoder
Since we tackle the overlapped trigger problem by
extracting triggers conditioned on the type predic-
tions, we devise a type detection decoder to predict
event types. Inspired by event detection without
triggers (Liu et al., 2019), we adopt attention mech-
anism to detect event types, capturing the most rela-
tive context for each possible type. Specifically, we
randomly initialize embedding matrix C ∈ R|C|×d
as the type embeddings. We define a similarity
function δ to measure the relevance between the
candidate type c ∈ C and each token representa-
tion hi. To fully capture the similarity information
in different aspects, we achieve δ with an expres-
sive learnable function. According to the relevance
scores, we obtain the sentence representation sc
adaptive to the type. The details are as follows:

δ(c,hi)=vᵀtanh(W[c;hi; |c− hi|; c� hi])

sc =

N∑

i=1

exp(δ(c,hi))∑N
j=1 exp(δ(c,hj))

hi

(2)
where W ∈ R4d×4d and v ∈ R4d×1 are learnable
parameters, | · | is an absolute value operator, � is
the element-wise production, and [·; ·] denotes the
concatenation of representations.

Finally, we predict event types by measuring the
similarity of the adaptive sentence representation sc
and the type embedding c with the same similarity
function δ. Then, the predicted probability of each
event type c occurring in the sentence is:

ĉ = p(c|x) = σ(δ(c, sc)) (3)

where σ denotes sigmoid function. We select the
event type with ĉ > ξ1 as results, where ξ1 ∈ [0, 1]
is a scalar threshold. All predicted types in sentence
x form event type set Cx. The decoder learnable
parameter θtd , {W,v,C}.

3.3 Trigger Extraction Decoder
To discern overlapped triggers with several types,
we extract triggers conditioned on a specific type

c ∈ Cx. This decoder contains a condition fusion
function, a self-attention layer, and a pair of binary
taggers for triggers.

To model the conditional dependency between
type detection and trigger extraction, we devise a
condition fusion function φ to integrate condition
information into textual representation. Specifi-
cally, we obtain the conditional token representa-
tion gci by integrating the type embedding c into
the token representation hi as:

gci = φ(c,hi) (4)

Actually, φ can be achieved by concatenation, addi-
tion operator or gate mechanism. To fully generate
conditional representations in the statistical aspect,
we introduce an effective and general mechanism,
conditional layer normalization (CLN) (Su, 2019;
Yu et al., 2021), to achieve φ. CLN is mostly based
on the well-known layer normalization (Ba et al.,
2016), but can dynamically generate gain γ and
bias β based on the condition information. Given a
condition embedding c and a token representation
hi, CLN is formulated as:

CLN(c,hi) = γc � (
hi − µ
σ

) + βc,

γc = Wγc + bγ , βc = Wβc + bβ

(5)

where µ ∈ R and σ ∈ R are the mean and stan-
dard variance taken across the elements of hi, and
γc ∈ Rd and βc ∈ Rd are the conditional gain and
bias, respectively. In this way, the given condition
representation is encoded into the gain and bias,
and then integrated into contextual representations.

To further refine representations for trigger ex-
traction, we adopt a self-attention layer over the
conditional token representations. Formally, the
refined token representations are derived as:

Zc = SelfAttention(Gc) (6)

where Gc is the representation matrix composed
of gci . For details of the self-attention layer, please
refer to Vaswani et al. (2017).

To predict triggers, we devise a pair of binary
taggers. For each token wi, we predict whether it
corresponds to a start or end position of a trigger
as:

t̂sci = p(ts|wi, c) = σ(wᵀ
tsz

c
i + bts)

t̂eci = p(te|wi, c) = σ(wᵀ
tez

c
i + bte)

(7)

where σ denotes sigmoid function, and zci denotes
the i-th token representation in Zc. We select to-
kens with t̂sci > ξ2 as the start positions, and those

167



with t̂eci > ξ3 as end positions, where ξ2, ξ3 ∈ [0, 1]
are scalar thresholds. To obtain the trigger word
t, we enumerate all the start positions and search
the nearest following end position in the sentence,
and the tokens between the start and end position
form an entire trigger. In this way, the overlapped
triggers can be extracted separately according to
the type in separate phases. All the predicted trig-
ger t of type c in sentence s forms the set Tc,s. The
decoder parameter θte includes all the parameters
in the condition fusion function, the self-attention
layer and the trigger taggers.

3.4 Argument Extraction Decoder

To tackle the overlapped argument problem, we
extract role-specific arguments conditioned on both
the specific event type c ∈ Cs and event trigger
t ∈ Tc,s. This decoder also contains a condition
fusion function, a self-attention layer, and a group
of role-specific binary tagger pairs for arguments.

We further integrate the trigger information into
the typed textual representation gci in Eq. (4) with
function φ achieved by CLN. Here we take the
average of the start and end position token repre-
sentations of t as the trigger embedding. We also
adopt a self-attention layer to derive the refined tex-
tual representations Zct

′
. To be aware of the trigger

position, we adopt the relative position embedding
as used in Chen et al. (2015), which indicates the
relative distance from current token to the trigger
boundary token. Finally, the token representations
Zct for argument extraction are derived as:

Zct = [Zct
′
;P] (8)

where P ∈ RN×dp is the relative position embed-
dings, dp is the dimension, and [·; ·] denotes the
concatenation of representations.

To predict arguments in roles, we devise a group
of role-specific tagger pairs. For each token wi,
we predict whether it corresponds to a start or end
position of an argument of the role r ∈ R as:

r̂scti = p(asr|wi, c, t) = I(r, c)σ(wᵀ
rsz

ct
i + brs)

r̂ecti = p(aer|wi, c, t) = I(r, c)σ(wᵀ
rez

ct
i + bre)

(9)
where σ denotes sigmoid function, and zcti denotes
the i-th token representation in Zct. Since not all
roles belonging to the specific type c, we adopt
an indicator function I(r, c) to indicate whether
the role r belongs to the type c according to the
pre-defined event scheme. To make the indicator

function derivable, we parameterize I(r, c) to learn
with the model parameters. Specifically, given the
type embedding c ∈ C, we build the connection
between the type and roles as:

I(r, c) = σ(wᵀ
rc + br) (10)

where σ denotes sigmoid function, wr, br are pa-
rameters associated with the role r. For each role
r, we select tokens with r̂scti > ξ4 as the start po-
sitions, and those with r̂ecti > ξ5 as end positions,
where ξ4, ξ5 ∈ [0, 1] are scalar thresholds. To ob-
tain the argument word awith role r, we enumerate
all the start positions and search the nearest follow-
ing end position in the sentence, and the tokens
between the start and end position form an entire ar-
gument. In this way, the overlapped arguments can
be extracted separately according to the different
types and triggers with role-specific taggers. All
the predicted argument ar with type c and trigger t
in sentence x forms the set At,c,x. The decoder pa-
rameter θae includes the type embedding matrix C,
and all parameters in the condition fusion function,
the self-attention layer and the argument taggers.

3.5 Model Training
To train the model, we take log of Eq (1), and the
overall objective J (Θ) is deployed as:
∑

x∈D

[ ∑

c∈Cx
log pθ1(c|x)+

∑

t∈Tx,c
log pθ2(t|x, c)+

∑

ar∈Ax,c,t
log pθ3(ar|x, c, t)

]

(11)
where Θ , {θ1, θ2, θ3}; pθ1(c|x), pθ2(t|x, c), and
pθ3(ar|x, c, t) for the subtasks are defined as:

pθ1(c|x) = (ĉ)c̄(1− ĉ)(1−c̄)

pθ2(t|x, c) =
∏

z∈{s,e}

N∏

i=1

(t̂zci )t̄
zc
i (1− t̂zci )(1−t̄

zc
i )

pθ3(ar|x, c, t)=
∏

r∈R

∏

z∈{s,e}

N∏

i=1

(r̂zcti )r̄
zct
i (1− r̂zcti )(1−r̄

zct
i )

(12)
where ĉ, t̂sci , t̂eci , r̂scti , r̂ecti are the predicted prob-
abilities in Eq (3), Eq (7), Eq (9), and c̄, t̄sci , t̄eci ,
r̄scti , r̄ecti are the true 0/1 labels of the training data,
respectively. θ1 , {θbert, θtd}, θ2 , {θbert, θte},
θ3 , {θbert, θae}, where θbert, θtd, θte, θae denote
parameters in BERT, type detection, trigger extrac-
tion and argument extraction, respectively. We train
the model by maximizing J (Θ) through Adam
stochastic gradient descent (Kingma and Ba, 2015)
over the shuffled mini-batches.
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#Overlap #Normal #Sentence #Event

Training 1,560 5,625 7,185 10,277
Validation 205 694 899 1,281
Testing 210 688 898 1,332

All 1,975 7,007 8,982 12,890

Table 1: Statistics of the dataset. Each column denotes
the number of the sentences with overlapped elements,
the sentences without overlapped elements, all the sen-
tences and all the events.

4 Experiments

In this section, we conduct experiments to evaluate
the performance of CasEE.

4.1 Dataset and Evaluation Metric

We conduct experiments2 on a Chinese finan-
cial event extraction benchmark FewFC (Zhou
et al., 2021). We split data with 8:1:1 for train-
ing/validation/testing. Table 1 shows more details.

For evaluation, we follow the traditional evalu-
ation metrics (Chen et al., 2015; Du and Cardie,
2020b): 1) Trigger Identification (TI): A trigger
is correctly identified if the predicted trigger span
matches with a golden span; 2) Trigger Classifica-
tion (TC): A trigger is correctly classified if it is
correctly identified and assigned to the correct type;
3) Argument Identification (AI): An argument is
correctly identified if its event type is correctly rec-
ognized and the predicted argument span matches
with a golden span; 4) Argument Classification
(AC): an argument is correctly classified if it is
correctly identified and the predicted role matches
with a golden role. We report Precision (P), Recall
(R) and F measure (F1) for each of the four metrics.

4.2 Comparision Methods

Though various models have recently been devel-
oped for EE, few researches are investigated to
solve overlapping event extraction. We attempt
to develop the following baselines based on cur-
rent solutions. For the realistic consideration, no
candidate entities are previously known for EE.

Joint sequence labeling methods. This kind of
method formulates event extraction into a sequence
labeling task. BERT-softmax (Devlin et al., 2019)

2Though ACE 2005 dataset is usually used to evaluate tra-
ditional EE models, we observe that it contains a low propor-
tion of sentences with overlapped argument problem (nearly
10% reported in Yang et al. (2019)), and doesn’t exist sen-
tences with overlapped trigger problem.

adopts BERT to learn textual representations and
uses hidden states for classifying event triggers
and arguments. BERT-CRF adopts conditional
random field (CRF) to capture label dependen-
cies, which is adopted in (Du and Cardie, 2020a)
for document-level event extraction. BERT-CRF-
joint borrows idea from joint extraction of entity
and relation (Zheng et al., 2017), which adopts joint
labels of the type and role as B/I/O-type-role.
All the above methods can not solve the overlap-
ping problem due to label conflicts.

Pipelined event extraction methods. This kind
of method solves event extraction with a pipeline
manner. PLMEE (Yang et al., 2019) solves
overlapped argument problem by extracting role-
specific arguments according to the trigger. Moti-
vated by current Machine Reading Comprehension
(MRC) based EE studies (Li et al., 2020; Du and
Cardie, 2020b; Liu et al., 2020; Chen et al., 2020),
we train multiple MRC BERTs for overlapping
event extraction. We extend MQAEE (Li et al.,
2020) for multi-span extraction and re-assemble
the following methods3 to consider conditions in
EE: 1) The method first predicts types, and then
predicts overlapped triggers/arguments according
to the type, termed as MQAEE-1. 2) The method
first predicts overlapped triggers with types, and
then predicts overlapped arguments according to
the typed triggers, termed as MQAEE-2. 3) The
method sequentially predicts types, predicts over-
lapped triggers according to the type, and pre-
dicts overlapped arguments according to the type
and trigger, termed as MQAEE-3. All the above
pipeline methods could solve (or partly solve) over-
lapping event extraction.

4.3 Implementation Details

We adopt source code for PLMEE with its best
hyper-parameters reported in the original litera-
ture. To achieve other baselines, we implement
the code based on the Transformers library (Wolf
et al., 2020). For all the methods, we adopt Chinese
BERT-Base model4 as the textual encoder, which
has 12 layers, 768 hidden units and 12 attention
heads. We use the same value for the common
hyper-parameters among the methods, including
the optimizer, learning rate, batch size and epoch.
For all the hyper-parameters, we adopt grid search

3For more details, please refer to the Appendix B.
4https://huggingface.co/

bert-base-chinese
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TI(%) TC(%) AI(%) AC(%)

P R F1 P R F1 P R F1 P R F1

BERT-softmax 89.8 79.0 84.0 80.2 61.8 69.8 74.6 62.8 68.2 72.5 60.2 65.8
BERT-CRF 90.8 80.8 85.5 81.7 63.6 71.5 75.1 64.3 69.3 72.9 61.8 66.9
BERT-CRF-joint 89.5 79.8 84.4 80.7 63.0 70.8 76.1 63.5 69.2 74.2 61.2 67.1

PLMEE 83.7 85.8 84.7 75.6 74.5 75.1 74.3 67.3 70.6 72.5 65.5 68.8
MQAEE-1 90.1 85.5 87.7 77.3 76.0 76.6 62.9 71.5 66.9 51.7 70.4 59.6
MQAEE-2 89.1 85.5 87.4 79.7 76.1 77.8 70.3 68.3 69.3 68.2 66.5 67.3
MQAEE-3 88.3 86.1 87.2 75.8 76.5 76.2 69.0 67.9 68.5 67.2 65.9 66.5

CasEE 89.4 87.7 88.6 77.9 78.5 78.2 72.8 73.1 72.9 71.3 71.5 71.4

Table 2: Results of event extraction on FewFC dataset, where TI, TC, AI, AC denote trigger identification, trigger
classification, argument identification and argument classification, respectively.

strategy. We train all the methods with an Adam
weight decay optimizer. The initial learning rate
is tuned in [1e−5, 5e−5] for BERT parameters and
[1e−4, 3e−4] for other parameters. The warming
up proportion for learning rate is 10%, and the max
training epoch is set to 20. The batch size is set
to 8. For CasEE, the dimension dp of the relative
position embedding is tuned in {16, 32, 64}. To
avoid overfitting, we apply dropout to BERT hid-
den states with the rate tuned in [0, 1]. Besides, the
thresholds ξ1, ξ2, ξ3, ξ4, ξ5 for prediction are tuned
in [0, 1]. We select the best model leading to the
highest performance on the validation data. The
optimal hyper-parameter settings are tuned by grid
search, listed in the Appendix A.

4.4 Main Results

The performance of all methods on the FewFC
dataset is shown in 2. The table reveals that:

(1) Compared to the joint sequence labeling
methods, CasEE achieves better performance on
the F1 score. Specifically, CasEE achieves improve-
ments of 4.5% over BERT-CRF and 4.3% over
BERT-CRF-joint on F1 score of AC, respectively.
Besides, CasEE produces higher results on the re-
call of the evaluation metrics, since the sequence
labeling methods have label conflicts that only one
label can be predicted for those multi-label tokens.
The results demonstrate the effectiveness of CasEE
on overlapping event extraction.

(2) Compared to the pipeline methods, our
method also outperforms them on the F1 score.
The results show that CasEE achieves 3.1% and
2.6% improvements on F1 score of TC and AC
over PLMEE, indicating the importance of solving
the overlapped trigger problem in EE. Though the
MRC based baselines can extract the overlapped
triggers and arguments, CasEE still achieves better

Variants TI (%) TC (%) AI (%) AC (%)

BERT-softmax 76.5 49.0 56.1 53.5
BERT-CRF 77.9 52.4 61.0 58.4
BERT-CRF-joint 77.8 52.0 58.8 56.8

PLMEE 80.7 66.6 63.2 61.4
MQAEE-1 87.0 73.4 69.4 62.3
MQAEE-2 83.6 70.4 62.1 60.1
MQAEE-3 87.5 73.7 64.3 62.2

Ours 89.0 74.9 71.5 70.3

Table 3: Results of overlap sentences in testing. F1
scores are reported for each evaluation metric.

Variants TI (%) TC (%) AI (%) AC (%)

BERT-softmax 86.9 79.9 76.2 74.1
BERT-CRF 88.4 80.8 74.9 72.8
BERT-CRF-joint 86.9 79.9 76.1 74.0

PLMEE 86.4 79.7 75.7 74.0
MQAEE-1 88.0 78.5 65.1 57.7
MQAEE-2 89.0 82.0 74.2 72.3
MQAEE-3 87.1 77.6 71.3 69.6

Ours 88.4 80.2 74.0 72.3

Table 4: Results of normal sentences in testing. F1
scores are reported for each evaluation metric.

performance. Specifically, CasEE improves by a
relative margin of 4.1% against the strong baseline
MQAEE-2. The reason may be that CasEE jointly
learns textual representations for subtasks, build-
ing helpful interactions and connections among the
subtasks. The results demonstrate the superiority
of CasEE over the above pipeline baselines.

4.5 Analysis on Overlap/Normal Data

To further understand the performance in testing,
we divide the original test data into two groups:
the sentences with overlapped elements and the
sentences without overlapped elements.
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Variants P (%) R (%) F1 (%)

MaxP 88.1 89.2 88.5
MeanP 88.3 89.8 88.6
CLS 88.9 88.7 88.5

CasEE 87.5 91.9 89.2

Table 5: Results of type detection decoder variants.
The evaluation metric is precision, recall and F1 score
in macro average of type classification.

Variants P (%) R (%) F1 (%)

w/o self-attention 89.2 88.1 88.6
w/o condition 86.5 87.6 87.0
repl. concatenation 89.3 87.7 88.5
repl. addition 90.4 88.8 89.6
repl. gate mechanism 90.2 88.2 89.1

CasEE 90.1 90.2 90.1

Table 6: Results of trigger extraction decoder variants.
The evaluation metric is precision, recall and F1 score
on TC metric with oracle results of type detection.

Performance on Overlap Sentences. As shown
in table 3, our method significantly outperforms
previous methods on the overlap sentences. The
improvements may come from the property that
our method avoids label conflicts compared to the
sequence labeling methods, and builds more ef-
fective feature-level connections among subtasks
compared to the pipeline methods.

Performance on Normal Sentences. As shown
in table 4, our method still performs acceptable
results on the normal sentences without overlapped
event elements. The sequence labeling methods
reveal similiar results on trigger extraction but rela-
tively better results on argument extraction, where
they avoid potential propagation errors of the cas-
cade decoding. Besides, PLMEE performs similar
results on trigger extraction but relatively better re-
sults on argument extraction, where the reason may
be that it adopts elaborate re-weighting losses for
different argument roles as in its original literature.
In addition, MQAEE-2 predicts more accurate trig-
gers since it jointly predicts triggers with types, but
it unfortunately ignores feature-level connections
among the subtasks, making the argument extrac-
tion results similar to CasEE. Even so, the vanilla
CasEE still conducts acceptable performance on
the normal sentences compared to the baselines.
We would further tackle the potential propagation
errors and improve the performance for the general
event extraction in the future work.

Variants P (%) R (%) F1 (%)

w/o self-attention 82.8 81.7 82.2
w/o indicator function 84.1 81.4 82.7
w/o position embedding 83.2 81.5 82.3

w/o condition 84.7 78.2 81.3
repl. concatenation 84.0 79.3 81.6
repl. addition 84.2 78.2 81.1
repl. gate mechanism 84.6 80.2 82.4

CasEE 84.1 83.7 83.9

Table 7: Results of argument extraction decoder vari-
ants. The evaluation metric is precision, recall and F1
score on AC metric with oracle results of type detection
and trigger extraction.

4.6 Discussion for Model Variants

To investigate the effectiveness of each module, we
conduct variant experiments for CasEE.

Detection Module Variants. Table 5 shows per-
formance of type detection variants. Specifically,
MaxP/MeanP aggregates textual representations
by applying max/mean pooling over BERT hidden
states; CLS utilizes the hidden state of the special
token <CLS> as the sentence representation. The
results show that our method outperforms all the
above variants on F1 score, indicating that learning
sentence representation adaptive to the event type
produces better representation for type detection.

Extraction Module Variants. Table 6 and Ta-
ble 7 show performance of decoder variants for
trigger extraction and argument extraction, respec-
tively. We remove the self-attention layer in the
both extraction decoders, and remove the relative
position embeddings and the indicator function
in the argument extraction decoder. The results
demonstrate the effectiveness of each module.

Furthermore, we conduct experiments to explore
the impact of condition fusion function φ. The ex-
periments include: 1) we simply remove condition
integrate function; 2) we achieve φ by concate-
nating the condition and token representations; 3)
we achieve φ by simply adding the condition em-
bedding to token representations; 4) we achieve
φ by the gate mechanism, which adds the condi-
tion embedding to token representations according
to a learnable trade-off factor. The results show
that the performance without condition fusion func-
tion decline significantly on the F1 score in the
two decoders, since the model can not discern dif-
ferent targets to extract in the sentence. Besides,
empirical results also show that CLN performs bet-
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ter performance than other fusion functions on F1
scores in the two decoders, indicating that CLN can
generate better conditional token representations
for downstream subtasks.

5 Conclusion

This paper proposes a joint learning framework
with cascade decoding for overlapping event ex-
traction, termed as CasEE. Previous studies usually
assume that events appear in sentences without
overlaps, which are not applicable to the compli-
cated overlapping scenarios. CasEE sequentially
performs type detection, trigger extraction and ar-
gument extraction, where the overlapped targets
are separately extracted conditioned on former pre-
dictions. All subtasks are jointly learned to capture
dependencies among subtasks. Experiments on the
public dataset demonstrate that our model outper-
forms previous competitive methods on overlap-
ping event extraction. Our future work may further
tackle the potential error propagation problem in
the cascade decoding paradigm, and improve the
performance for the general event extraction.
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A Hyper-parameter Settings

Our implementation is based on PyTorch5. We
trained our models with a NVIDIA TESLA T4
GPU. For re-implementation, we report our hyper-
parameter settings on the dataset in Table 8. Note
that the hyper-parameter settings are tuned on the
validation data by grid search with 3 trials.

Hyper-parameter CasEE

type embedding dimension d 768
position embedding dimension dp 64
dropout rate of decoders 0.3
batch size 8
training epoch 20
initial learning rate of BERT 2e−5

learning rate of decoders 1e−4

threshold ξ1 0.5
threshold ξ2 0.5
threshold ξ3 0.5
threshold ξ4 0.5
threshold ξ5 0.5

Table 8: Hyper-parameter settings of CasEE.

B Details of MRC Based Baselines

Here we describe the details of the extended MRC
baselines. Since the MRC paradigm could place
condition information in the questions, we extend
it to solve the overlapping event extraction.

MQAEE-1 contains two models: 1)A BERT
classifier to detect event types; 2) A MRC BERT to
extract triggers and arguments. The question tem-
plate is like <type> to predict triggers with type
type, and <role> to predict arguments with role
role. Though this method neglects associations
between the trigger and argument, it tackles over-
lapped trigger problem and overlapped argument
problem since the overlapped targets are extracted
separately according to different questions.

MQAEE-2 contains two models: 1) A MRC
BERT to extract all triggers with types. The ques-
tion template is a single word trigger to predict
all typed triggers. 2) A MRC BERT to extract ar-
guments in different roles. The question template
is like <type>and<trigger> to predict all argu-
ments associated with the type type and the trigger
trigger. This method tackles overlapped trigger
problem with multiple taggers, and tackles over-
lapped argument problem by extracting argument
separately according to both the type and trigger.

5https://pytorch.org/

MQAEE-3 contains three models: 1)A BERT
classifier to detect event types; 2) A MRC BERT
to extract triggers with different types. The ques-
tion template is like <type> to predict triggers
with type type. 3) A MRC BERT to extract ar-
guments in different roles. The question template
is like <type>and<trigger> to predict all argu-
ments associated with the type type and the trigger
trigger. This method tackles overlapped trigger
problem by extracting triggers according to the
type, and tackles overlapped argument problem
according to both the type and trigger.
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Abstract

Topic models are effective in capturing the la-
tent semantics of large-scale textual data while
existing methods are normally designed and
evaluated on balanced corpora. However, it
contradicts the fact that general corpora in our
world are naturally long-tailed, and the long-
tailed bias can highly impair the topic model-
ing performance. Therefore, in this paper, we
propose a causal inference framework to ex-
plain and overcome the issues of topic mod-
eling on long-tailed corpora. In a neat and
elegant way, causal intervention is applied in
training to take out the influence brought by
the long-tailed bias. Extensive experiments on
manually constructed and naturally collected
datasets demonstrate that our model can miti-
gate the bias effect, greatly improve topic qual-
ity and better discover the hidden semantics on
the tail.

1 Introduction

Topic models are proposed to discover the under-
lying topics and semantic structures from unla-
belled text collections. Due to the effectiveness
and interpretability, topic models have been ap-
plied in various downstream tasks like information
retrieval (Wang et al., 2007), content summariza-
tion (Ma et al., 2012) and recommendation systems
(McAuley and Leskovec, 2013). One of the most
widely used topic models is Latent Dirichlet Al-
location (LDA) (Blei et al., 2003), a probabilistic
graphical model using the conjugate of Dirichlet
and Multinomial distribution and inferring the pa-
rameters with approximation methods(Griffiths and
Steyvers, 2004; Blei et al., 2017). Recently, some
popular neural topic models based on Variational
AutoEncoder (VAE) (Kingma and Welling, 2014;
Rezende et al., 2014) have been introduced, such
as Neural Variational Document Model (NVDM)
(Miao et al., 2016) and Product of Experts LDA

(ProdLDA) (Srivastava and Sutton, 2017). Com-
pared to probabilistic ones, they can easily carry
out the inference by gradient backpropagation.

However, these topic models are generally de-
signed and evaluated on balanced corpora, such
as the commonly used 20News (Lang, 1995) with
evenly distributed labels through which we can in-
fer that the latent topics are also evenly distributed.
It hence conflicts with the fact that natural text col-
lections are regularly long-tail distributed follow-
ing Zipf’s law (Reed, 2001), especially the textual
data on social network platforms(Zhang and Luo,
2019). More precisely, Figure 1 illustrates that in a
collected corpus, documents about some hot topics
are numerous (head topics), while the documents
about most topics are few (tail topics). Due to
this bias, similar to long-tailed classification tasks
where a classifier favors to predict an image as the
head classes (Kang et al., 2020; Zhou et al., 2020),
topic models on long-tailed corpora tend to reveal
the semantics of documents about head topics and
ignore the documents about tail topics to a great
extent. Namely, the discovered topics are mostly
about the latent head ones in the corpus. As a result,
their diversities are much impaired and incomplete
to represent the whole semantics of a corpus. Thus,
it is crucial to explore effective ways for long-tailed
topic modeling.

Different from other long-tailed tasks like image
classification or relation extraction, the key chal-
lenge of this problem lies in that topic modeling
is originally designed for unlabelled datasets, so
we have no access to classification labels to infer
the latent global topic distributions while design-
ing solutions1. Owing to this factor, we intend
not to introduce complicated modules conditioning

1Admittedly, there are supervised topic models (Mcauliffe
and Blei, 2007; Card et al., 2018), but the necessity of labels
will hugely narrow their application scopes. So, we concen-
trate on solving the issue without additional labels.
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on accessible labels, e.g., re-weighting (Mahajan
et al., 2018) or re-sampling (Khan et al., 2017; Lin
et al., 2017; Cui et al., 2019) approaches for other
long-tail problems.

To overcome this challenge, in this paper, we
present a Structural Causal Model (SCM) (Pearl
et al., 2016; Pearl and Mackenzie, 2018) to pre-
cisely explain how the long-tailed bias undermines
the topic modeling performance. Then, to remove
the bias effect, we propose an approach via the
causal intervention (Pearl et al., 2016) on topic
distributions and adopt the backdoor adjustment
(Pearl, 1995) to calculate the causality in the condi-
tion of no auxiliary information. Furthermore, we
introduce a novel neural model named as Decon-
founded Topic Model (DecTM) in the framework
of VAE with deconfounded training through an
approximation manner. Through comprehensive
experiments, we manifest that our new model can
mitigate the influence of the long-tailed bias and
produce high-quality topics that are more diverse
and better disclose the semantics of documents
about tail topics. The main contributions of this
paper can be concluded as follows:

1. We present a structural causal model to clar-
ify how the problems of topic modeling are
incurred by the long-tailed bias in detail;

2. We further propose a neat method to approxi-
mate the causal intervention for reducing bias
influence, depending on which a novel neural
topic is also introduced with deconfounded
training;

3. We validate our model on both manually-
constructed and extreme multi-label text clas-
sification datasets and demonstrate our model
is effective to alleviate the impact of bias and
greatly improve the topic quality compared to
both probabilistic and neural baseline models.

2 Related Work

Topic Modeling Probabilistic topic models can
date back to Probabilistic Latent Semantic Analy-
sis (PLSA) (Hofmann, 1999) and LDA (Blei et al.,
2003), derving numerous variants(Blei and Laf-
ferty, 2006; Yan et al., 2013; Wu and Li, 2019).
Previously, Wang et al. (2015) adapted LDA to
discover long-tail semantics from large-scale cor-
pora. Those models usually adopt Gibbs Sampling
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Figure 1: Illustration of topic entries assigned to docu-
ments in a long-tailed corpus.

(Griffiths and Steyvers, 2004) or Variational In-
ference (Blei et al., 2017) for parameter estima-
tions. Based on VAE (Kingma and Welling, 2014;
Rezende et al., 2014), neural topic models (Miao
et al., 2016; Srivastava and Sutton, 2017; Wu et al.,
2020a) are introduced. They are derivation-free
and can apply gradient backpropagation directly.
Nevertheless, these former works including proba-
bilistic and neural methods are normally evaluated
on balanced datasets. Since long-tail distributed
data are common in our natural world (Reed, 2001),
this inspires us to find out how these topic models
perform on long-tailed corpora and propose useful
ways to alleviate the long-tailed bias impact.

Causal Inference Causal inference (Pearl et al.,
2016) has been widely adopted in various fields
for years, like psychology, epidemiology, and
medicine (MacKinnon et al., 2007; Richiardi et al.,
2013), providing solutions to investigate the causa-
tion between research objects. Recently, the causal
inference has also increasingly attracted attention
in computer vision and NLP society for remov-
ing the biases in datasets (Tang et al., 2020; Wu
et al., 2020c) or providing counterfactual examples
(Zeng et al., 2020) in domain-specific applications.
In this paper, we propose to employ the causal in-
ference mechanism to investigate wherefores for
the issues of long-tailed topic modeling and pro-
pose a solution with deconfounded training via the
intervention to alleviate the bias effect.
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3 Method

In this section, we first explain how the long-tailed
bias affects topic modeling from the perspective of
causal inference, and then propose a novel model
to overcome this issue with deconfounded training
by the causal intervention.

3.1 SCM for Topic Modeling

First of all, we investigate the causal relationship
between the latent variables in a topic model with
a Structural Causal Model (SCM). SCMs are ex-
pressed visually by using directed acyclic graphs.
In the graph, vertices are random variables, and
directed edges represent direct causation from one
variable to another (Pearl et al., 2016). There is a
special vertex in the graph: confounder, a variable
that influences both correlated and independent
variables, creating a spurious statistical correla-
tion. For example, considering an interesting study
that chocolate consumption is statistically related
to the number of Nobel prizes of a country (Dab-
lander, 2020). Is it justified to argue that people
can get Nobel prizes if they eat more chocolate?
Common sense intuitively tells us this assertion
is inaccurate. We can draw a causal graph to de-
tail it: chocolate consumption ← economy →
number of Nobel prizes, the chocolate consump-
tion is usually higher in a developed country with
good economy, and the number of Nobel prizes
is also larger since the citizens’ education level is
higher in this country. Therefore, the economy acts
as a confounder that creates a spurious correlation
between chocolate consumption and the number of
Nobel prizes.

Similar to the above example, we build a SCM
shown in Figure 2a to describe how a biased cor-
pus influences the text generation process of topic
modeling. In the graph, C means the unobserved
confounding bias in a long-tailed corpus. We note
the vocabulary size is V and set K topic entries
(the topic number is K) which means the model
needs to discover K latent topics. In the setting
of topic modeling, a topic entry k is interpreted
as the related words and represented with a word
distribution βk ∈ RV . Then, the word distribu-
tions of all topic entries (topic-word distribution
matrix) is β = (β1, ...,βk, ...,βK) ∈ RV×K . A
document x is assigned with various topic entries
with each probability as θk, so the distribution
over all topic entries (topic distribution of x) is
θ = (θ1, ..., θk, ..., θK)T ∈ RK . Then, x is gener-

𝑪
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𝒙

𝜷

(a)

𝑪

𝜽

𝒙
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Figure 2: The structural causal model of topic model-
ing. (a) Complete SCM without interventions. (b) Do
intervention on the topic distribution θ.

ated with its topic distribution θ and the topic-word
distribution matrix β of the whole corpus. The
paths in Figure 2a can be specifically interpreted as
follows:

• C → θ: This path says that the topic distribu-
tions are trained under bias. If there is no bias,
different topic entries are ideally assigned to
documents about various topics, and the in-
ferred topic distributions of these documents
are also different. However, in a long-tailed
corpus with bias, the topic distributions of doc-
uments about different topics could be similar.
As shown in Figure 1, since documents about
the head topics are the absolute majority, most
of the topic entries are assigned to them2. In
this case, for a document about tail topics, its
assigned topic entries probably are also as-
signed to the documents about head topics, as
a result of which, its inferred topic distribution
becomes similar to the topic distributions of
some documents about head topics.

• C → β → x: This link denotes the topic-
word distribution matrix β is trained under
the bias and is used to generate the document
x. Due to the long-tailed bias, the generated
x tends to contain words in the documents
about head topics.

• θ ← C → β → x: Because of the con-
founder C, the inferred topic distribution of
a document about tail topics could be similar
to the topic distributions of some documents
about head topics, and the generated docu-
ments of these similar topic distributions tend
to include words in the documents about head
topics instead of tail topics. Therefore, this

2If the documents about tail topics are few enough to be ig-
norable, all the topic entries will be assigned to the documents
about head topics.
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Figure 3: The magnitude of βi∗ obtained from
ProdLDA sorted by word frequency.

backdoor path via C causes the spurious cor-
relation between the topic distribution of a
document about tail topics and the words in
the documents about head topics.

In consequence, this spurious correlation through
the confounder incurs that the discovered topics
from documents about tail topics are mixed by the
words of latent head topics. When the bias in the
corpus gets severer, the discovered topics are even
totally occupied by these words. Namely, topic
models tend to ignore the semantics of the doc-
uments about tail topics and cannot discover the
latent tail topics of a corpus.

In the above discussion, we clarify how the bias
leads to the problems of long-tailed topic modeling
with the presented SCM. In the next section, we
propose a neat method to solve this issue without
any auxiliary information.

3.2 Intervention on Topic Distribution

To remove the spurious correlation (deconfound),
we propose to do causal intervention via do-
operator (Pearl et al., 2016). Taking the chocolate
and Nobel prizes for example again, intervening on
the chocolate consumption means we fix its value
through which we curtail the natural tendency of
it to vary in response to the economy in nature.
This amounts to remove the edges directed into
the chocolate consumption. For example, if we
were to close all chocolate factories, denoted as
do(chocolate consumption = 0), we will find the
causality between the chocolate consumption and
the number of Nobel prizes.

Similarly, we do intervention on the topic distri-
bution θ to compute the causality of θ on x, i.e.,

p(x|do(θ)). As shown in Figure 2b, doing inter-
vention on θ means cutting off the edge C → θ so
thatC cannot affect θ. But it is difficult to actually
intervene variables (like closing all chocolate facto-
ries), so we utilize the backdoor adjustment (Pearl,
1995). The variable β meets the backdoor criterion
and blocks the backdoor path θ ← C → β → x.
Following the backdoor adjustment, we use Inverse
probability Weighting (Pearl et al., 2016) as

p(x|do(θ))
=
∑

β

p(x|do(θ),β)p(β|do(θ)) (1)

=
∑

β

p(x|θ,β)p(β) (2)

=
∑

β

p(x,θ,β)

p(θ|β) (3)

In Figure 2b, all of θ and x association flows along
the directed path from θ to x since there cannot
be any backdoor paths because θ has no incom-
ing edges, so p(x|do(θ),β) = p(x|θ,β). Also,
p(β|do(θ)) = p(β|θ) since there’s no other edges
from θ to β except through the collider x.

But this equation is intractable, we need to ap-
proximate it. To find a proper way, we bury in mind
that topics are interpreted as word distributions, so
long-tail distributed topics can also be seen as long-
tail distributed words. If we treat these words as
“labels”, then the generative process of a document
is roughly predicting the probability under each
“label”. This inspires us to discover the relation
between long-tailed topics and long-tailed classifi-
cation tasks (Kang et al., 2020; Tang et al., 2020).
Similar to these tasks, as shown in Figure 3, we ob-
serve that the magnitudes of topic distributions of
words, i.e., βi∗ for word i, gradually decrease along
with the word frequency. Intuitively, the magnitude
of βi∗ means the “correlation score” between word
i and all topics; therefore, this phenomenon may
be because most inferred topics tend to relate to
the words in documents about the head topics as
mentioned before. Due to this finding, we propose
an approximation method following the propen-
sity score modeling (Rosenbaum and Rubin, 1983;
Austin, 2011):

p(x|do(θ)) ≈
∏

i

βi∗θ
‖βi∗‖2‖θ‖2

(4)

where i refers to a word in x and we also empiri-
cally add the magnitude of θ. Here, the denomina-
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tor works as a normalizer that balances the magni-
tude of the variables: βi∗ and θ for approximating
the intervention probability.

3.3 Proposed Model

In this section, we propose a neural topic model
for long-tailed corpora with deconfounded training
based on the aforementioned intervention method,
named as Deconfounded Topic Model (DecTM).
Our network architecture is under the basic frame-
work of VAE (Kingma and Welling, 2014; Rezende
et al., 2014) with an encoder and a deconfounded
decoder.

3.3.1 Encoder
The encoder transforms a text x into its topic dis-
tribution θ. Following the setting of Miao et al.
(2016), we take the bag-of-words (BoW) assump-
tion that ignores the word orders since topic models
normally leverage word co-occurrences for topic in-
ference. Inputted the BoW representation of x, we
first obtain its intermediate representation π with
a Multi-Layer Perceptron (MLP). Based on π, we
then compute q(r|x), the variational distribution
of the latent representation r. Since the prior dis-
tribution p(r) is assumed to be a Logistic Normal
distribution for approximating the Dirichlet distri-
bution (Srivastava and Sutton, 2017), we model the
q(r|x) as N (µ,Σ). The mean µ and variance Σ
are calculated as

µ =Wµπ + bµ (5)

Σ = diag(WΣπ + bΣ) (6)

where Wµ, WΣ, bµ and bΣ are weight matrices
and biases respectively , and diag(·) means con-
verting a vector to a diagonal matrix. Later, to
reduce the gradient variance, we adopt the repa-
rameterization trick (Kingma and Welling, 2014)
to sample r as

r = µ+ Σ1/2ε, ε ∼ N (0, I). (7)

Next, r is normalized with a softmax function to
get the topic distribution θ as

θ = softmax(r). (8)

3.3.2 Deconfounded Decoder
After getting the topic distribution of the input text,
we then feed it to the proposed deconfounded de-
coder for reconstruction. According to the method

in Equation (4), the objective function of DecTM
can be written as

L(x)=KL (q(r|x)‖p(r))

− Eε∼N (0,I)

[
N∑

i=1

log
βi∗θ

‖βi∗‖2‖θ‖2

]
(9)

where the first term is the Kullback-Leibler (KL)
divergence between the posterior and prior distri-
bution. It can be computed with the analytical
solution for two Normal distributions. The sec-
ond term is the reconstruction error between the
input and output text. Different from normal neu-
ral topic models (Miao et al., 2016; Srivastava and
Sutton, 2017), the deconfounded decoder in our
model employs the approximated probability for
causal intervention on θ to weaken the long-tailed
bias. Note that our model can be directly applied
to naturally collected corpora since no additional
auxiliary information is necessary for our model.

4 Experiment Setup

4.1 Datasets

Unfortunately, common datasets for topic model-
ing are almost all balanced, so we manually con-
struct the long-tailed variants of them by repeat-
ing and deleting documents according to the given
labels, making them follow a long-tailed distribu-
tion. Through the distribution of labels, we can
roughly assume the latent topics are long-tailed
distributed. In this way, we form the long-tailed
versions (-LT) of 20News (Lang, 1995)3 and Yahoo
Answer4, called 20News-LT and Yahoo Answer-LT
respectively. Moreover, to better evaluate the per-
formance of long-tailed topic modeling, we adopt
the datasets for eXtreme Multi-label Text Classifi-
cation (XMTC) (You et al., 2019), a task to predict
the most relevant multiple labels for texts from
an extremely large-scale label set. The label set
includes hundreds and thousands, even millions
of labels, and most are tail labels with very few
positive samples. These plentiful labels can be
naturally interpreted as the latent topics of docu-
ments; thus, we can evaluate the proposed model
on these long-tailed distributed datasets. We con-
ducted experiments on the the subsets of standard
benchmark XMTC datasets Amazon-670K, Wiki-
500K, AmazonCat-13K and Amazon-3M (Bhatia

3http://qwone.com/˜jason/20Newsgroups
4https://answers.yahoo.com
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Datasets #docs
Average

#labels
Vocabulary Average #labels Average #docs

length size per doc per label

20News-LT 11,314 73.5 20 1,984 - -
Yahoo Answer-LT 99,806 31.0 10 4,738 - -
Wiki-500K 100,000 504.0 175,206 5,000 6.0 3.4
Amazon-670K 100,000 90.0 333,863 5,000 2.0 1.6
AmazonCat-13K 200,000 78.8 11,096 5,000 5.0 91.0
Amazon-3M 300,000 40.7 1,917,999 5,000 13.0 5.6

Table 1: Statistics of datasets.

et al., 2016)5.
For all datasets, we conduct the following steps

for preprocessing: (1) tokenize texts and lowercase
words; (2) remove stop words and illegal charac-
ters; (3) remove low-frequency words. The statis-
tics of preprocessed datasets are reported in Table 1.
It is worth noting that although labels are provided
in these datasets, they are not used by our model.

4.2 Baseline Models

We take both probabilistic and neural topic mod-
els as baselines. For probabilistic models, we
consider the widely used LDA (Blei et al., 2003)
with python-lda6 package for topic inference. For
neural topic models, we use NVDM (Miao et al.,
2016)7, ProdLDA (Srivastava and Sutton, 2017)8

and Scholar (Card et al., 2018)9. Scholar is an ex-
tension of ProdLDA via optionally incorporating
metadata of documents like sentiments.

5 Experiment Results

5.1 Topic Quality Analysis

5.1.1 Evaluation Metrics
Following Nan et al. (2019) and Wu et al. (2020b),
we evaluate the topic quality concerning two as-
pects, topic coherence and diversity. Topic coher-
ence means that the words in the discovered topics
are supposed to be as coherent as possible instead
of irrelevant ones, and topic diversity means that
topics should differ from each other instead of be-
ing similar ones.

Topic Coherence For topic coherence, we em-
ploy CV (Röder et al., 2015), an improved variant

5http://manikvarma.org/downloads/XC/
XMLRepository.html

6https://github.com/lda-project/lda
7https://github.com/ysmiao/nvdm
8https://github.com/akashgit/

autoencoding_vi_for_topic_models
9https://github.com/dallascard/scholar

of the Normalized Pointwise Mutual Information
(NPMI) (Bouma, 2009; Chang et al., 2009; New-
man et al., 2010). Its detailed calculation can be
found in Wu et al. (2020b). We need to mention
that given a topic z and its top T probable words
(x1, x2, ..., xT ), the NPMI of (xi, xj) used in the
CV computation is defined as

NPMI(xi, xj) =
log

p(xi,xj)+ε
p(xi)p(xj)

− log(p(xi, xj) + ε)
(10)

where p(xi) is the occurrence probability of word
xi and p(xi, xj) the co-occurrence probability of
(xi, xj). These probabilities are estimated in a ref-
erence corpus. To exhaustively assess the topic co-
herence performance of long-tailed topic modeling,
we use three kinds of CV scores with the probabili-
ties estimated in different reference corpora. First,
we adopt the public tool10 which uses Wikipedia
documents as the external reference corpus (-E),
so it is named as CV -E. Then, we directly use the
internal training documents (-I) as the reference
corpus, named as CV -I. However, since documents
about head topics occupy the main portion of a
long-tailed corpus, previous CV -E and CV -I prob-
ably are insufficient to appraise the performance
on the documents about tail topics. To this end, we
heuristically introduce CV -T that employs the doc-
uments including the tail labels (-T) provided by
the datasets instead of all the training documents as
the reference corpus, so it can assess whether the
discovered topics can reveal the hidden semantics
of documents about tail topics, i.e., discover the
tail topics.

Topic Diversity For topic diversity evaluation,
we employ the Topic Unique (TU ) (Nan et al.,

10https://github.com/dice-group/
Palmetto
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Models
20News-LT Yahoo Answer-LT Wiki-500K

TU CV -E CV -I CV -T TQ TU CV -E CV -I CV -T TQ TU CV -E CV -I CV -T TQ

LDA 0.469 0.318 0.712 0.378 0.220 0.531 0.335 0.408 0.384 0.199 0.759 0.426 0.680 0.669 0.449
NVDM 0.849 0.315 0.367 0.492 0.332 0.934 0.352 0.440 0.549 0.417 0.836 0.397 0.429 0.372 0.334
ProdLDA 0.743 0.321 0.521 0.543 0.343 0.830 0.383 0.434 0.516 0.369 0.889 0.438 0.698 0.653 0.530
Scholar 0.787 0.321 0.537 0.528 0.364 0.876 0.380 0.445 0.519 0.392 0.874 0.437 0.682 0.633 0.510
DecTM 0.937 0.324 0.543 0.554 0.443 0.948 0.381 0.516 0.573 0.464 0.979 0.437 0.754 0.716 0.622

Models
Amazon-670K AmazonCat-13K Amazon-3M

TU CV -E CV -I CV -T TQ TU CV -E CV -I CV -T TQ TU CV -E CV -I CV -T TQ

LDA 0.752 0.387 0.601 0.566 0.390 0.722 0.385 0.616 0.585 0.382 0.746 0.368 0.692 0.624 0.418
NVDM 0.873 0.391 0.338 0.366 0.319 0.881 0.403 0.392 0.405 0.352 0.889 0.433 0.425 0.487 0.399
ProdLDA 0.869 0.424 0.606 0.501 0.443 0.893 0.430 0.641 0.531 0.477 0.925 0.442 0.636 0.498 0.486
Scholar 0.874 0.427 0.607 0.502 0.449 0.886 0.428 0.644 0.540 0.476 0.908 0.445 0.614 0.508 0.474
DecTM 0.987 0.404 0.672 0.571 0.542 0.991 0.406 0.702 0.590 0.561 0.991 0.405 0.701 0.530 0.541

Table 2: Topic quality results concerning topic coherence and diversity. The best in each column is in bold.

2019) defined as

TU(z) =
1

T

T∑

i=1

1

cnt(xi)
(11)

where cnt(xi) is the total number of times that
word xi appears in the top T words of all topics.
Accordingly, TU ranges from 1/K to 1, and a
higher TU score means topics are more diverse
since fewer words are repeated across all.

Comprehensive Evaluation It is necessary to
mention that if the topic coherence performance of
a model remains about the same and the diversity
gets higher, it means the overall topic quality is
also improved since it can unearth more various
semantics of documents. To provide a forthright
and comprehensive evaluation of both coherence
and diversity performance, following Dieng et al.
(2019), we propose Topic Quality (TQ) that com-
bines CV and TU as

TQ = TU × 1

3
(CV -E + CV -I + CV -T) (12)

which is the product of TU and the average of
three different CV scores. Thus, TQ can provide
a direct comparison of the overall topic quality
performance.

5.1.2 Results Analysis
Table 2 reports the topic quality results concern-
ing different metrics of the top 15 words with
the topic number K = 50. At first, we notice
that CV -E scores of DecTM are the highest on
20News-LT and are very close to the best on Ya-
hoo Answer-LT and Wiki-500K. Although CV -E
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Figure 4: TU and average CV scores on Wiki-500K
under different topic numbers.

scores of some baseline models are higher on other
datasets, DecTM stably outperforms them in terms
of TU by a large margin, and the CV -I scores of
DecTM are also mostly better. This implies that
baseline models are disposed to generate repeti-
tive topics because of the bias of these long-tailed
corpora, while the topics of our DecTM are more
diverse. Therefore, despite thatCV -E of some base-
lines are higher, their lower diversity performance
indicates that their yielded topics are redundant.
More significantly, DecTM commonly surpasses
baseline models in terms ofCV -T, which shows the
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Figure 5: Topic quality performance (TQ) under different topic numbers.

discovered topics can preferably reflect the seman-
tics of documents about tail topics; thus, the pro-
duced topics of DecTM are more complete. These
arguments are further illustrated with topic exam-
ples in Section 5.3. At last, we find that DecTM
achieves the highest TQ scores on all datasets,
showing the overall performance of our model is
fairly better.

From the above experimental results, we observe
the problems of the long-tailed topic modeling for-
merly mentioned in Section 1 and Section 3.1, that
the performance of existing topic models, espe-
cially topic diversity, is deteriorated on account of
the bias. But with the help of the deconfounded de-
coder, our proposed method can alleviate the effect
of the bias and hugely improve the topic diversity
while remain good coherence performance with a
better ability to expose the semantics of documents
about tail topics.

5.2 Impact of Topic Number

To investigate how performance varies concerning
the topic number, we report the TU and the aver-
age CV (Avg CV ) scores defined in Equation (12)
under topic number K ranging from 50 to 100 on
Wiki-500K in Figure 4. We can see that the AvgCV
of DecTM is relatively better in Figure 4a. Besides,
as shown in Figure 4b, TU scores of all models
gradually decline when the topic number gets big-
ger, but the performance of DecTM is constantly
higher and decreases slower. The reason is that

those baseline models tend to focus on documents
about head topics which are inadequate to support
larger topic numbers, while DecTM can also dis-
cover semantics of documents about tail topics.
Furthermore, Figure 5 presents the TQ with differ-
ent topic numbers of all datasets. We can observe
that whether on manually constructed or XMTC
datasets, our model DecTM outperforms baseline
models under different topic numbers. These ex-
periments demonstrate that the performance of our
model is relatively stable.

5.3 Discovered Topic Examples

To further illustrate the topic quality performance
of different models, Table 3 reports some discov-
ered topic examples. As shown by the compar-
ison of topic diversity in Section 5.1.2, we can
see baseline models produce some topics including
repeated words. To be more specific, LDA gen-
erates topics with repetitive words like “subject’,
“organization” from 20News-LT and “book”, “au-
thor” from Amazon-3M. Similar topics about “new-
castle”, “orchestra” and “hockey” are yielded by
NVDM, ProdLDA, and Scholar respectively. We
also notice that NVDM, ProdLDA and Scholar all
yield several same topics about “census” from Wiki-
500K. These topics are coherent indeed, but they
can trickily improve the CV scores and are redun-
dant in the downstream applications. On the con-
trary, we find only one coherent topic generated by
DecTM corresponding to the aforementioned ones.
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Models Topic examples

LDA

hp nasa organization subject article new re
subject organization access good pc support
subject problem organization file world get
scsi organization subject mark university ide
thanks organization subject pt scott imagine
life book god church author christian spiritual
book students guide text chapter reading
book story love read author stories characters
books author lives writing new years book
guide book design new using use techniques

NVDM

galaxy texas newcastle sky austin theta madrid
edinburgh harbour newcastle fortress tunnel
edwards leeds birmingham newcastle
townships cdp islander nonfamilies
couples females males husband nonfamilies

ProdLDA

orchestra hits songs symphony unreleased song
concert orchestra opera biography symphony
translation symphony subtitles orchestra mozart
median capita nonfamilies residing household
nonfamilies households householder residing
residing township householder nonfamilies
quot bmw yamaha honda macbook laptop

Scholar

guitarist pianist composer hockey player
montreal nhl provincial provinces hockey
championships finals medal olympics hockey
householder nonfamilies households residing
nonfamilies residing households householder
township norway nonfamilies residing
demographics median census hamlet town

DecTM

median residing nonfamilies household
tires tire steering truck motorcycle honda
wales welsh yorkshire scotland glasgow
violin orchestra symphony concerto piano
nonfiction copies manga novels bestseller
championships mens olympic competed
ink inkjet paper printer printers cartridges
episodes episode season vol inspector series
europe russian paris germany german spain

Table 3: Topic examples. Repeated words are under-
lined.

What is more, DecTM also discovers some latent
topics like “printer”, “series” and “europe” while
these cannot be found by baseline models, which
could verify the superior CV -T performance of our
model. These topic examples qualitatively show
the overall topic quality performance of DecTM is
adequately preferable.

6 Conclusion

In this paper, for discovering the topics in long-
tailed corpora, we present a causal inference model

to describe how the bias influences topic mod-
eling, and to reduce the impact of the bias, we
then propose a causal intervention method for de-
confounding, relying on which we introduce the
Deconfounded Topic Model (DecTM) with a de-
confounded decoder. Comprehensive experiments
demonstrate that our model can produce topics with
better quality and mitigate the effect of long-tailed
bias.
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Abstract

This paper presents a comparison of unsuper-
vised methods of hypernymy prediction (i.e.,
to predict which word in a pair of words such
as fish–cod is the hypernym and which the hy-
ponym). Most importantly, we demonstrate
across datasets for English and for German
that the predictions of three methods (Weeds-
Prec, invCL, SLQS Row) strongly overlap and
are highly correlated with frequency-based
predictions. In contrast, the second-order
method SLQS shows an overall lower accu-
racy but makes correct predictions where the
others go wrong. Our study once more con-
firms the general need to check the frequency
bias of a computational method in order to
identify frequency-(un)related effects.

1 Introduction

Hypernymy represents a major paradigmatic se-
mantic relation between two concepts, a hypernym
(superordinate) and a hyponym (subordinate), as in
tree–oak and fish–cod, where the hyponym implies
the hypernym, but not vice versa. From a cognitive
perspective hypernymy is central to the organisa-
tion of the mental lexicon (Deese, 1965; Miller and
Fellbaum, 1991; Murphy, 2003), next to further
semantic relations such as synonymy, antonymy,
etc. From a computational perspective hypernymy
is central to solving a number of Natural Language
Processing (NLP) tasks such as taxonomy creation
(Hearst, 1998; Cimiano et al., 2004; Snow et al.,
2006; Navigli and Ponzetto, 2012), textual entail-
ment (Dagan et al., 2006; Clark et al., 2007) and
text generation (Biran and McKeown, 2013).

Accordingly, the field has witnessed active re-
search on two subtasks involved in computational
models of hypernymy (see Shwartz et al. (2017) for
an extensive overview): hypernymy detection (i.e.,
distinguishing hypernymy from other semantic rela-
tions) and hypernymy prediction (i.e., determining

which word in a pair of words is the hypernym
and which is the hyponym). The target subtask
of the current study is hypernymy prediction: we
perform a comparative analysis of a class of ap-
proaches commonly refered to as unsupervised hy-
pernymy methods (Weeds et al., 2004; Kotlerman
et al., 2010; Clarke, 2012; Lenci and Benotto, 2012;
Santus et al., 2014). These methods all rely on the
distributional hypothesis (Harris, 1954; Firth, 1957)
that words which are similar in meaning also occur
in similar linguistic distributions. In this vein, they
exploit asymmetries in distributional vector space
representations, in order to contrast hypernym and
hyponym vectors.

While these unsupervised hypernymy prediction
methods have been explored and compared exten-
sively on a number of benchmark datasets (Shwartz
et al., 2017), this study takes a novel perspective
and performs a detailed analysis of whether and
where the methods make similar or different deci-
sions. Our prediction experiments on simplex and
complex nouns in English and German WordNets
and evaluation benchmarks show that most of the
methods we investigate overlap in their specific pre-
dictions to a surprisingly high degree, and that the
predictions strongly correlate with those based on
raw frequencies. Our study therefore emphasises
the general need to check the frequency bias of a
computational method and to distinguish between
frequency-related and frequency-unrelated effects.

2 Data and Methods

In the following we describe our gold standard
datasets (Section 2.1), our corpora and vector
spaces (Section 2.2) and our hypernymy predic-
tion methods (Section 2.3). The code and links
to the gold standards are available from https:

//github.com/Thommy96/hyp-freq-comp.
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2.1 Gold Standard Datasets

Our study focuses on hypernymy between nouns
and uses two types of gold standard resources for
hypernymy relations. On the one hand, we rely
on WordNets as classical large-scale taxonomies
where hypernymy represents one of the core seman-
tic relations for organisation: the English WordNet1

(Miller et al., 1990; Fellbaum, 1998), version 3,
and the German GermaNet2 (Hamp and Feldweg,
1997; Kunze and Wagner, 1999; Lemnitzer and
Kunze, 2007), version 11. From both WordNets,
we extracted all noun–noun pairs with a hypernymy
relation and removed duplicates, autohyponyms
and space-separated multiword expressions. We
also distinguish between compounds (which fre-
quently represent hyponyms of their constituent
heads, as in dog–lapdog) and non-compounds by
applying a simple heuristic, i.e., categorising all
hypernym–hyponym pairs as compounds if one is
a substring of the other. We expected this subset to
exhibit idiosynchratic behaviour in our prediction
experiments.

On the other hand, we rely on a number of bench-
mark datasets for hypernymy evaluation: BLESS
(Baroni and Lenci, 2011) provides related concepts
for 200 English concrete nouns connected through
a semantic relation (hypernymy, co-hyponymy,
meronymy, attribute, event) or a null-relation. The
dataset by Lenci and Benotto (2012) contains a sub-
set of BLESS relation pairs, as created for previ-
ous comparisons of hypernymy detection methods.
A dataset similar to BLESS, EVALution, was in-
duced from ConceptNet and WordNet (Santus et al.,
2015). Its semantic relations include hypernymy,
synonymy, antonymy and meronymy. For quality
reasons, the pairs were filtered by automatic meth-
ods and crowd-sourcing to improve consistency
and to determine prototypical pairs. Finally, we use
the Weeds dataset (Weeds et al., 2004; Weeds and
Weir, 2005) which contains word pairs related by
hypernymy and co-hyponymy across word classes.
From all four benchmark datasets we extracted all
noun–noun pairs related by hypernymy.

The first row in Table 1 shows the numbers of
hypernymy pairs in the WordNets and in the bench-
mark datasets.

1https://wordnet.princeton.edu
2https://uni-tuebingen.de/en/142806

2.2 Corpora and Vector Spaces

We created our distributional vector spaces based
on the WaCky3 corpora (Baroni et al., 2009) for En-
glish and for German. The English PukWaC corpus
is the syntax-annotated version of ukWaC (Ferraresi
et al., 2008) and contains ≈1.9 billion words; the
German SdeWaC corpus (Faaß and Eckart, 2013)
is a cleaned version of the WaCky corpus deWaC
and contains ≈880 million words; both corpora are
pos-tagged with the TreeTagger (Schmid, 1994).

For each corpus we created a traditional count
vector space4 based on a co-occurrence window of
± 10 words within sentences (because sentences in
the SdeWaC are shuffled, so going beyond sentence
border is meaningless). We used a bag-of-words ap-
proach only taking into account lemmatised nouns,
verbs and adjectives.

2.3 Hypernymy Methods and Baselines

We selected four unsupervised hypernymy methods
and defined two baselines. The methods were cho-
sen from different families with regard to how they
exploit the distributional hypothesis for hypernymy
detection: WeedsPrec and InvCL rely on the Distri-
butional Inclusion Hypothesis, according to which
a significant number of distributional features of a
word x is included in the distributional features of
a word y, if x is semantically more specific than y.
SLQS Row and SLQS Sec5 rely on the Distribu-
tional Informativeness Hypothesis using first- and
second-order variants of word entropy, respectively.
The methods are defined as follows regarding the
distributional features f in the two word vectors ~x
and ~y for a word pair 〈x, y〉.

WeedsPrec: An asymmetric precision method sug-
gested by Weeds et al. (2004) that quantifies the
weighted inclusion of the features of word x in
the features of word y. If WeedsPrec(x, y) >
WeedsPrec(y, x), then x is predicted as the hy-
ponym and y as the hypernym, and vice versa.

WeedsPrec(x, y) =

∑
f∈(−→x ∩−→y ) xf∑
f∈−→x xf

3http://wacky.sslmit.unibo.it/
4Note that not all of the selected methods are applicable to

embeddings, and it also not our goal to identify the optimal
vector spaces, rather than analysing their predictions; this is
why our analyses rely on standard count dimensions.

5Originally, this method is called SLQS, but to distinguish
it from SLQS Row we refer to it as SLQS Sec.
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WordNet GermaNet BLESS EVALution LB Weeds¬comp comp ¬comp comp
sizes: 106,397 3,366 102,714 35,963 1,337 606 1,747 1,117

Word Length 47.26 94.65 56.14 99.41 23.19 34.86 52.42 44.76
Word Frequency 73.19 92.81 73.66 98.78 62.30 68.96 76.48 76.63
WeedsPrec 72.22 92.93 74.01 98.87 57.52 64.22 77.02 74.22
InvCL 72.97 92.84 73.92 98.78 63.05 68.86 76.48 76.45
SLQS Row 71.82 93.02 74.40 98.79 58.56 55.91 71.27 72.43
SLQS Sec 65.05 74.66 70.38 90.15 71.80 59.63 62.66 65.71

Table 1: Sizes of datasets and overall prediction results across datasets.

InvCL: An asymmetric precision method suggested
by Lenci and Benotto (2012) that takes both feature
inclusion as well as feature non-inclusion (origi-
nally suggested as ClarkDE (cde) by Clarke (2012))
into account. If invCL(x, y) > invCL(y, x),
then x is predicted as the hyponym and y as the
hypernym, and vice versa.

cde(x, y) =

∑
f∈(−→x ∩−→y )min(xf , yf )∑

f∈−→x xf

invCL(x, y) =
√
cde(x, y) · (1− cde(y, x))

SLQS Row: An asymmetric method suggested
by Shwartz et al. (2016) which relies on the
word entropy H(w) for a word w, taking all
context words as features into account: wf . If
SLQSRow(x, y) > 0, then x is predicted as the
hyponym and y as the hypernym, and vice versa.

SLQSRow(x, y) = 1− H(x)

H(y)

H(w) = −
∑

wf

p(wf |w) · log2(p(wf |w))

SLQS Sec: An asymmetric method suggested by
Santus et al. (2014) which relies on second-order
word entropy E(w) and is calculated as the median
entropy Med of a word’s most strongly associated
context wordswf . We use the 50 strongest contexts
in our vector spaces, as determined by weighted
co-occurrence scores using positive local mutual
information (Evert, 2005). If SLQSSec(x, y) > 0,
then x is predicted as the hyponym and y as the
hypernym, and vice versa.

SLQSSec(x, y) = 1− E(x)

E(y)

E(w) =Medwf H(wf )

Baselines: In comparison to the hypernymy meth-
ods we applied two baselines, cf. Zipf’s principles
of least effort (Zipf, 1949):

• Word Length: Given that hyponyms refer to
more specific concepts than their hypernyms,
and assuming that more specific concepts tend
to have a longer word length, this baseline
predicts the longer word in a word pair (as
measured by the number of characters) as the
hyponym.

• Word Frequency: Given that hyponyms refer
to more specific concepts than their hyper-
nyms and assuming that more specific con-
cepts appear less often in a corpus, this base-
line predicts the less frequent word in a word
pair (as measured by corpus frequency) as the
hyponym.

3 Prediction Results and Comparisons

3.1 Overall results
Table 1 shows the overall accuracy results of the
predictions across methods and datasets (best re-
sults in bold fonts). Accuracy is defined by the pro-
portion of correct predictions given that we know
which word in a word pair is the hypernym and
which is the hyponym.

For each WordNet we list two results, one for
the non-compound pairs (in blue, as the benchmark
results) and one for the compound pairs (in grey).
For compound pairs word length is an almost per-
fect predictor,6 as expected, and all unsupervised
methods are also above 90%, with SLQS Sec as
an exception. In all other columns we can see that
word length is generally a poor baseline. Word
frequency, however, is a very powerful baseline;
across datasets it keeps up or even outperforms
the respective best methods, which are SLQS Sec

6The prediction does not reach 100% because our heuristic
included non-compound pairs, such as selection–election.
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Figure 1: SMC correlations between methods for WordNet (above) and GermaNet (below) non-compound pairs.

on BLESS; InvCL on EVALution and Weeds; and
WeedsPrec on LB. Across datasets, the best re-
sults vary between 68.96% and 77.02% for non-
compounds; compounds obviously represent “easy”
cases of hypernymy.

3.2 Correlations between predictions

To explore similarities in predictions across meth-
ods, we applied the Simple Matching Coefficient
(SMC) (Sokal, 1958) to determine for each two
methods to which degree their decisions overlap,
by comparing the number of matching decisions
(i.e., where both methods predicted the same noun
in a noun pair as the hypernym) against the number
of decisions (i.e., the total number of noun pairs).
The heatmaps in Figure 1 show the results for the
non-compounds in the English WordNet (left) and
in GermaNet (right). They clearly demonstrate that
word length makes very different decisions to word
frequency and the unsupervised methods, and that
word frequency and all unsupervised methods but
SLQS Sec highly correlate in their predictions.

3.3 Role of frequency

We go one step further to explore the role of fre-
quency. Figure 2 presents the prediction results
on 10 equally-sized subsets of the non-compound
pairs in the WordNets after the target pairs were
sorted by decreasing difference in hypernym cor-
pus frequency minus hyponym corpus frequency.
I.e., in the left-most subset on the x-axis we see
the results on the subset with largest differences in
hypernym–hyponym frequencies.

We can clearly see that up to subset 7 (up to
which the hyponym frequencies are all below the

hypernym frequencies), decisions based on word
frequency, WeedsPrec, invCL and SLQS Row pre-
dict the hypernym almost perfectly; for subset 8
(where the hyponym frequencies start to become
larger than the hypernym frequencies) their predic-
tions are becoming worse; and for subsets 9–10 the
predictions are mostly wrong. Results by relying
on word length and SLQS Sec are clearly worse
for the first seven subsets but also better for the
last two subsets, thus confirming that they make
different predictions.

3.4 Correctness of predictions

While SMC in Section 3.2 informed us about over-
lap in decisions, it did not tell us whether one of the
methods is qualitatively superior, so we analysed
whether some methods are simply worse than oth-
ers, according to their lower accuracy in prediction,
or whether the methods all have their own strengths.
We calculated for each pair of methods which pro-
portion of wrongly predicted pairs of one method
was predicted correctly by the other method. Fig-
ure 3 illustrates for the English WordNet how many
pairs wrongly predicted by word frequency are pre-
dicted correctly by another method (see x-axis).

As we can see, while word length and SLQS Sec
are often worse in performance than frequency, they
still manage to make correct predictions when fre-
quency fails, which is much less the case for the
frequency-alike methods WeedsPrec, invCL and
SLQS Row. In particular, invCL seems to make al-
most identical predictions as frequency, which was
already indicated by their almost perfectly overlap-
ping lines in Figure 2.
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Figure 2: Prediction results for WordNet (above) and GermaNet (below) non-compound pairs across equally-sized
subsets of target pairs sorted by difference in hypernym frequency and hyponym frequency.

Figure 3: Proportions of pairs predicted wrongly by
word frequency but correctly by the given method.

4 Conclusion

This study performed a series of hypernymy predic-
tions by unsupervised methods. We demonstrated
that across datasets for English and for German
the predictions of three methods (WeedsPrec, inv-
CL and SLQS Row) are highly correlated and also
mostly identical with frequency-based predictions.
In contrast, word length and SLQS Sec show an
overall lower accuracy but at the same time make
correct predictions where the others go wrong. Our
study once more confirms the general need to check
the frequency bias of a computational method in
order to identify frequency-(un)related effects.
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Abstract

Datasets for data-to-text generation typically
focus either on multi-domain, single-sentence
generation or on single-domain, long-form
generation. In this work, we cast generat-
ing Wikipedia sections as a data-to-text gen-
eration task and create a large-scale dataset,
WIKITABLET, that pairs Wikipedia sections
with their corresponding tabular data and var-
ious metadata. WIKITABLET contains mil-
lions of instances, covering a broad range of
topics, as well as a variety of flavors of gen-
eration tasks with different levels of flexibility.
We benchmark several training and decoding
strategies on WIKITABLET. Our qualitative
analysis shows that the best approaches can
generate fluent and high quality texts but they
struggle with coherence and factuality, show-
ing the potential for our dataset to inspire fu-
ture work on long-form generation.1

1 Introduction

Data-to-text generation (Kukich, 1983; McKeown,
1992) is the task of generating text based on struc-
tured data. Most existing data-to-text datasets focus
on single-sentence generation, such as WIKIBIO

(Lebret et al., 2016), LogicNLG (Chen et al., 2020),
and ToTTo (Parikh et al., 2020). Other datasets are
relatively small-scale and focus on long-form text
generation, such as ROTOWIRE (Wiseman et al.,
2017) and MLB (Puduppully et al., 2019). In this
work, we cast generating Wikipedia sections as a
data-to-text generation task and build a large-scale
dataset targeting multi-sentence data-to-text gener-
ation with a variety of domains and data sources.

To this end, we create a dataset that we call
WIKITABLET (“Wikipedia Tables to Text”) that
pairs Wikipedia sections with their corresponding

1Code, data, and pretrained models are available at
https://github.com/mingdachen/WikiTableT

tabular data and various metadata. The data re-
sources we consider are relevant either to entire
Wikipedia articles, such as Wikipedia infoboxes
and Wikidata tables, or to particular sections. Data
from the latter category is built automatically
from either naturally-occurring hyperlinks or from
named entity recognizers. This data construction
approach allows us to collect large quantities of
instances while still ensuring the coverage of the
information in the table. We also perform various
types of filtering to ensure dataset quality.

WIKITABLET contains millions of instances
covering a broad range of topics and a variety of
flavors of generation with different levels of flexi-
bility. Figure 1 shows two examples from WIKI-
TABLET. The first instance has more flexibility as it
involves generating a fictional character biography
in a comic book, whereas the second is more simi-
lar to standard data-to-text generation tasks, where
the input tables contain all of the necessary informa-
tion for generating the text. While the open-ended
instances in WIKITABLET are to some extent simi-
lar to story generation (Propp, 1968; McIntyre and
Lapata, 2009; Fan et al., 2018), the fact that these
instances are still constrained by the input tables
enables different evaluation approaches and brings
new challenges (i.e., being coherent and faithful to
the input tables at the same time).

Because of the range of knowledge-backed gen-
eration instances in WIKITABLET, models trained
on our dataset can be used in assistive writing tech-
nologies for a broad range of topics and types of
knowledge. For example, technologies can aid stu-
dents in essay writing by drawing from multiple
kinds of factual sources. Moreover, WIKITABLET
can be used as a pretraining dataset for other rel-
atively small-scale data-to-text datasets (e.g., RO-
TOWIRE). A similar idea that uses data-to-text gen-
eration to create corpora for pretraining language
models has shown promising results (Agarwal et al.,
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2021).
In experiments, we train several baseline models

on WIKITABLET and empirically compare training
and decoding strategies. We find that the best train-
ing strategies still rely on enforcing hard constraints
to avoid overly repetitive texts. Human evaluations
reveal that (1) humans are unable to differentiate
the human written texts from the generations from
our neural models; (2) while the annotations show
that grammatical errors in the reference texts and
the generations may prevent humans from fully un-
derstanding the texts, the best decoding strategy
(i.e., beam search with n-gram blocking (Paulus
et al., 2018)) does not have such a problem and
shows the best performance on several aspects; (3)
the degree of topical similarity between the gen-
erations and the reference texts depends on the
open-endedness of the instances.

Our analysis shows that the generations are flu-
ent and generally have high quality, but the models
sometimes struggle to generate coherent texts for
all the involved entities, suggesting future research
directions. For example, when the instance has a
high degree of flexibility, we find the models mak-
ing mistakes about what a particular entity type
is capable of. We also find errors in terms of the
factuality of the generated text, both in terms of
contradictions relative to the tables and common-
sense violations.

2 Related Work

There have been efforts in creating data-to-text
datasets from various resources, including sports
summaries (Wiseman et al., 2017; Puduppully et al.,
2019), weather forecasts (Liang et al., 2009), and
commentaries (Chen and Mooney, 2008). Most
of the recent datasets focus on generating single
sentences given tables, such as WIKIBIO, ToTTo,
LogicNLG, and WikiTableText (Bao et al., 2018),
or other types of data formats, such as data triples
(Vougiouklis et al., 2017; Gardent et al., 2017;
Nan et al., 2021), abstract meaning representations
(Flanigan et al., 2016), minimal recursion seman-
tics (Hajdik et al., 2019), or a set of concepts (Lin
et al., 2020). Other than single sentences, there
have been efforts in generating groups of sentences
describing humans and animals (Wang et al., 2018),
and generating a post-modifier phrase for a tar-
get sentence given a sentence context (Kang et al.,
2019). In this work, our focus is long-form text
generation and we are interested in automatically

creating a large-scale dataset containing multiple
types of data-to-text instances. As shown in Ta-
ble 1, WIKITABLET differs from these datasets in
that it is larger in scale and contains multi-sentence
texts. More details are in the next section.

Wikipedia has also been used to construct
datasets for other text generation tasks, such as
generating Wikipedia movie plots (Orbach and
Goldberg, 2020; Rashkin et al., 2020) and short
Wikipedia event summaries (Gholipour Ghalandari
et al., 2020), and summarizing Wikipedia docu-
ments (Zopf, 2018; Liu* et al., 2018) or summaries
of aspects of interests (Hayashi et al., 2020) from
relevant documents.

As part of this work involves finding aligned ta-
bles and text, it is related to prior work on aligning
Wikipedia texts to knowledge bases (Elsahar et al.,
2018; Logan et al., 2019).

3 The WIKITABLET Dataset

The WIKITABLET dataset pairs Wikipedia sec-
tions2 with their corresponding tabular data and var-
ious metadata; some of this data is relevant to entire
Wikipedia articles (“article data”) or article struc-
ture (“title data”), while some is section-specific
(“section data”). Each data table consists of a set
of records, each of which is a tuple containing an
attribute and a value.

The instances in WIKITABLET cover a range of
flavors of language generation. Some have more
flexibility, requiring models to generate coherent
stories based on the entities and knowledge given in
the tables. The first instance in Figure 1 is such an
example. The text is from the Wikipedia article en-
titled “Wolfsbane (comics)” and resides within two
nested sections: the higher-level section “Fictional
character biography” and the lower-level section
“Messiah Complex”. The task is challenging as
models need to generate a coherent passage that
can connect all the entities in the section data, and
the story also needs to fit the background knowl-
edge provided in the article data.

Other instances are more similar to standard data-
to-text generation tasks, where the input tables con-
tain all the necessary information for generating

2We define a Wikipedia section to be all text starting
after a (sub)section heading and proceeding until the next
(sub)section heading. We include Wikipedia sections at vari-
ous nesting levels. For example, a top level section may start
with a few paragraphs describing general information followed
by two subsections with more specific information, in which
case the example will be converted into three instances in our
dataset.
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During the 2007–2008 "Messiah Complex" storyline, Rahne
helps Rictor infiltrate the Purifiers; she fakes being shot by 
Rictor. She is also a member of the new X-Force. During a 
battle against Lady Deathstrike and the Reavers, Rahne
learns that Father Craig was in league with the Purifiers, 
supposedly divulging enough information about her that the 
Purifiers can claim to "know her well.” She travels with X-
Force to her former home Muir Island, now the base of 
the Marauders. During the climactic battle, Rahne is injured 
by Riptide, but her wounds, according to Professor X, are 
superficial and she will recover.

Attribute Value

birth name Rahne Sinclair

instance of superhero

member of X-Men

from narrative universe Marvel universe

Attribute Value

PERSON Reavers

GPE Muir Island

group of fictional 
characters

Purifiers (Marvel 
Comics)

DATE the 2007-2008 

film character Riptide (comics)

film character Lady Deathstrike

PER Father Craig

Section Data Article Data

Document title Wolfsbane (comics)

Section title1 Fictional character biography

Section title2 "Messiah Complex"

Title Data

Journey to the Center of the Earth (also called Jules 
Verne's Journey to the Center of the Earth) is a 1959 
American science fiction adventure film in color 
by De Luxe, distributed by 20th Century Fox. The 
film, produced by Charles Brackett and directed 
by Henry Levin, stars James Mason, Pat Boone, 
and Arlene Dahl. Bernard Herrmann wrote the film 
score, and the film's storyline was adapted by Charles 
Brackett from the 1864 novel of the same 
name by Jules Verne.

Attribute Value

instance of film

director Henry Levin

composer Bernard Herrmann

released 1959, 12, 16

genre science fiction film

genre fantasy film

starring James Mason, Pat 
Boone, Arlene Dahl

Attribute Value

musical composition 20th Century Fox

PERSON Jules Verne

dependence syndrome alcoholic

film genre adventure film

business Deluxe Entertainment 
Services Group, Inc.

Section Data Article Data

Document
title

Journey to the Center of 
the Earth (1959 film)

Section title Introduction
Title Data

based on A Journey to the 
Center of the Earth

Figure 1: Two examples from WIKITABLET. Only parts of the tables are shown due to space constraints. Under-
lined texts are hyperlinks. Records with the attributes “DATE”, “PER”, “PERSON”, or “GPE” are from NER. The
subscripts for section titles indicate the ordering of nesting, where smaller numbers are for higher level sections.

the text. The second instance in Figure 1 is an ex-
ample of this sort of task. However, these tasks are
still challenging due to the wide variety of topics
contained in WIKITABLET.

3.1 Dataset Construction

We begin by describing the steps we take to con-
struct WIKITABLET. More details are in the supple-
mentary material. In general, the steps can be split
into two parts: collecting data tables and filtering
out texts. When collecting data, we consider five
resources: Wikidata tables, infoboxes in Wikipedia
pages,3 hyperlinks in the passage, named entities
in the passage obtained from named entity recogni-
tion (NER), and Wikipedia article structure. For a
given Wikipedia article, we use the same infobox
and Wikidata table for all sections. These tables
can serve as background knowledge for the article.
For each section in the article, we create a second
table corresponding to section-specific data, i.e.,
section data. The section data contains records con-
structed from hyperlinks and entities identified by
a named entity recognizer.4

3Wikidata is a consistently-structured knowledge base
(e.g., has a fixed set of attributes), whereas infoboxes are
not consistently-structured and this flexibility sometimes al-
lows the infobox to contain extra information. Therefore, we
consider using infoboxes as extra resources.

4We use the NER tagger from spaCy (Honnibal and Mon-
tani, 2017) and a BERT model (Devlin et al., 2019) finetuned

We form records for named entities by using the
type of the entity as the attribute and the identified
entity as the value. We form records for hyperlinks
as follows. For the attribute, for a hyperlink with
surface text t and hyperlinked article `, we use the
value of the “instance of” or “subclass of” tuple
in the Wikidata table for `. For example, the first
instance in Figure 1 will be turned into a record
with attribute “superhero” and value “Wolfsbane
(comics)”. If ` does not have a Wikidata table
or no appropriate tuple, we consider the parent
categories of `. For the value of the tuple, we use
the document title of ` rather than the actual surface
text t to avoid giving away too much information
in the reference text.

Complementary to the article data, we create
a title table that provides information about the
position in which the section is situated, which
includes the article title and the section titles for the
target section. As the initial sections in Wikipedia
articles do not have section titles, we use the section
title “Introduction” for these.

We also perform various filtering to ensure the
quality of the data records, the coverage of the
input data, and the length of the reference text. The
final dataset contains approximately 1.5 million
instances. We randomly sample 4533 instances as
the development set and 4351 as the test set. We

on CoNLL03 data (Tjong Kim Sang and De Meulder, 2003).
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also ensure that there are no overlapping Wikipedia
articles among splits.

3.2 Dataset Characteristics

Table 1 shows statistics for WIKITABLET and re-
lated datasets. While the average length of a WIKI-
TABLET instance is not longer than some of the ex-
isting datasets, WIKITABLET offers more diverse
topics than the sports-related datasets ROTOWIRE

and MLB, or the biography-related dataset WIKI-
BIO. Compared to the prior work that also uses
Wikipedia for constructing datasets, WIKIBIO,
LogicNLG, ToTTo, and DART (Nan et al., 2021)
all focus on sentence generation, whereas WIKI-
TABLET requires generating Wikipedia article sec-
tions, which are typically multiple sentences and
therefore more challenging. WIKITABLET is also
much larger than all existing datasets.

To demonstrate the diversity of topics covered in
WIKITABLET, we use either the “instance of” or
“subclass of” relation from Wikidata as the category
of the article.5 We show the top 10 most frequent
document categories in Table 2. Due to the criteria
we use for filtering, only 1.05% of articles in WIKI-
TABLET do not have these relations or Wikidata
entries, and we omit these articles in the table. As
the table demonstrates, more than 50% of the arti-
cles in WIKITABLET are not about people (i.e., the
topic of WIKIBIO), within which the most frequent
category covers only 4.61%.

3.3 Dataset Challenges

In this subsection, we highlight two challenges of
WIKITABLET.

1. In contrast to work on evaluating commonsense
knowledge in generation where reference texts
are single sentences describing everyday scenes
(Lin et al., 2020), WIKITABLET can serve as
a testbed for evaluating models’ abilities to use
world knowledge for generating coherent long-
form text.

2. Compared to other long-form data-to-text
datasets such as ROTOWIRE where the input
tables are box scores, the input tables in WIKI-
TABLET are more diverse, including both num-
bers (e.g., economy and population data of an
area throughout years), and short phrases. This

5When there are multiple values in these two relations, we
pick the one that has the smallest number of words, as it often
is the most generic phrase, suitable for representing the topic.

makes WIKITABLET more challenging and ap-
plicable to various scenarios.

4 Methods

In this section, we describe details of models that
we will benchmark on WIKITABLET.

Our base model is based on the transformer
(Vaswani et al., 2017). To encode tables, we lin-
earize the tables by using special tokens to separate
cells and using feature embeddings to represent
records in tables. For the title table in the first
instance in Figure 1 the linearized table will be

〈boc〉1Doc.1 title1〈bov〉1 Wolfsbane1 (comics)1
〈boc〉2Sec.2 title2〈bov〉2 Fictional2 character2
biography2〈boc〉3 · · · 〈eoc〉

(1)
As shown in Eq. 1, we employ several techniques
when encoding tables: (1) we use special tokens
〈boc〉 and 〈bov〉 to separate attributes and values,
and 〈eoc〉 to indicate the end of a sequence; (2) we
use subscript indices to indicate unique ID embed-
dings that are added to the embeddings for each
record, which helps models align attributes with
values; and (3) we restart the positional embed-
dings at each 〈boc〉, such that models will not use
the ordering of the input records. In addition, we
add a special embedding to each record to indicate
if it is from the section table or the article/title ta-
ble. In Wikidata, there could be multiple qualifiers
attached to a record, in which case we replicate the
record for each qualifier separately.

Similar linearization approaches have been used
in prior work (Dhingra et al., 2019; Hwang et al.,
2019; Herzig et al., 2020; Yin et al., 2020). With
linearized tables, training and inference become
similar to other sequence-to-sequence settings. We
train our models with teacher-forcing and standard
cross entropy loss unless otherwise specified.

4.1 Training Strategies
We experiment with three types of modifications to
standard sequence-to-sequence training:

α-entmax. α-entmax (Peters et al., 2019) is a
mapping from scores to a distribution that permits
varying the level of sparsity in the distribution. This
mapping function has been used in machine transla-
tion (Peters et al., 2019) and text generation (Mar-
tins et al., 2020). When using α-entmax in the
decoder, we also replace the cross entropy loss
with the α-entmax loss (Peters et al., 2019). Both
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Vocab. Tokens Examples Avg. Len. Record Types Avg. Records Domain
WikiTableText - 185.0k 13.3k 13.9 3.0k 4.1 Wikipedia
WIKIBIO 400.0k 19.0M 728.0k 26.1 1.7k 19.7 Biography
ROTOWIRE 11.3k 1.6M 4.9k 337.1 39.0 628.0 Sports
MLB 38.9k 14.3M 26.3k 542.1 53.0 565.0 Sports
LogicNLG 122.0k 52.7k 37.0k 14.2 11.7k 13.5 Wikipedia
ToTTo 136.0k 1.3M 136.0k 17.4 41.8k 32.7 Wikipedia
DART 33.2k 717.1k 82.2k 21.6 - - Wikipedia+Restaurant
WIKITABLET 1.9M 169.0M 1.5M∗ 115.9 147.4k† 51.9 Wikipedia

Table 1: Statistics for several data-to-text datasets. WIKITABLET combines a large number of examples, moderate
generation length (typically more than one sentence), and a large variety of record types. We omit record types and
avg. records for DART as its input units are triple sets instead of table records. ∗887.7k unique Wikipedia articles.
†Number of record types for each resource: 31.8k (Infobox), 1.7k (Wikidata), 115.6k (Hyperlinks), 17 (NER).

Category Fraction (%)
human 45.62
film 4.61
single (music) 1.74
human settlement 1.53
album 1.41
sports season 1.26
television series 1.17
village 1.12
taxon 0.89

Table 2: Top 10 most frequent article categories and
their corresponding proportions in WIKITABLET.

α-entmax and the α-entmax loss have a hyperpa-
rameter α. We follow Martins et al. (2020) and use
α = 1.2 as they found it to be the best value for
reducing repetition in generation.

Copy Mechanism. Similar to prior work on data-
to-text generation (Wiseman et al., 2017; Pudup-
pully et al., 2019), we use pointer-generator net-
work style copy attention (See et al., 2017) in the
decoder.

Cyclic Loss. Cyclic losses have been shown to
be effective in textual style transfer (Shetty et al.,
2018; Pang and Gimpel, 2019) and neural machine
translation (Cheng et al., 2016; He et al., 2016; Tu
et al., 2017). Wiseman et al. (2017) also used this
for data-to-text and found it helpful for generating
long sequences. In this work, we experiment with
adding the cyclic loss to our transformer models,
where the backward model can be seen as an infor-
mation extraction system. We expect that adding
the cyclic loss should enable a data-to-text model
to generate sentences that are more faithful to the
conditioned tables. The cyclic loss is used during
training only and does not affect the models during
inference. More details are in the appendix.

4.2 Decoding Strategies

Massarelli et al. (2020) showed that the choice
of decoding strategy can affect the faithfulness or
repetitiveness of text generated by language mod-
els. We are also interested in these effects in the
context of data-to-text generation, and therefore
benchmark several decoding strategies on WIKI-
TABLET. Our models use byte-pair encoding (BPE;
Sennrich et al., 2016) and for all of the following
strategies, we always set the minimum number of
decoding steps to 100 as it improves most of the
evaluation metrics, and the maximum number of
decoding steps to 300.

Specifically, we benchmark (1) greedy decod-
ing; (2) nucleus sampling (Holtzman et al., 2020)
with threshold 0.9 as suggested by Holtzman et al.
(2020); (3) beam search; and (4) beam search with
n-gram blocking (Paulus et al., 2018) where we
set the probabilities of repeated trigrams to be 0
during beam search. We set the beam size to be 5
by default. The appendix has more details about
the decoding strategies.

5 Experiments

5.1 Setup

We experiment with two sizes of transformer mod-
els. One is “Base”, where we use a 1-layer encoder
and a 6-layer decoder, each of which has 512 hid-
den size and 4 attention heads. The other one is
“Large”, where we use a 1-layer encoder and a 12-
layer decoder, each of which has 1024 hidden size
and 8 attention heads. Models similar to the base
configuration have shown strong performance on
ROTOWIRE (Gong et al., 2019).6 Due to limited

6When training the base model with entmax on WIKIBIO,
it achieves BLEU-4 45.75 and ROUGE-4 39.39 on the test set
using greedy decoding, which are comparable to the current
state-of-the-art results of Liu et al. (2018).
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REP BLEU RL MET PAR-P PAR-R PAR-F1
References 1.2 100.0 100.0 100.0 100.0 59.2 72.9
Linearized article tables 8.0 2.2 14.7 9.3 100.0 16.3 25.6
Linearized section tables 1.0 1.9 27.9 15.5 100.0 20.9 33.4
Linearized tables 7.9 6.4 22.0 18.3 100.0 48.3 63.0
Linearized tables + references 7.6 36.5 61.3 56.5 99.9 100.0 100.0

Base models trained on the 500k training set (beam search)
Base 33.0 15.6 36.9 20.3 66.3 28.8 37.7
Base + entmax 25.9 15.4 36.2 20.3 64.6 29.0 37.7
Base + copy 30.1 15.9 37.5 20.7 67.1 29.4 38.5
Base + copy + cyclic loss 28.0 15.7 37.5 20.8 67.5 29.7 38.9

Large models trained on the full training set (different decoding strategies)
Large + greedy 26.8 18.9 38.5 23.5 60.4 33.1 40.4
Large + nucleus sampling 2.3 18.3 36.1 23.7 54.2 32.5 38.7
Large + beam search 18.8 19.5 39.9 23.9 65.8 34.3 42.8
Large + beam search + n-gram blocking 1.9 19.3 39.3 24.4 62.2 35.3 43.0

Table 3: Test set results for our models. When training the large models, we use the “copy + cyclic loss” setting as
it gives the best performance for the base models for most of the metrics.

computational power, we parameterize our back-
ward model as a transformer model with a 2-layer
encoder and a 2-layer decoder.7

We use BPE with 30k merging operations. We
randomly sample 500k instances from the training
set and train base models on them when exploring
different training strategies. We train a large model
with the best setting (using the copy mechanism
and cyclic loss) on the full training set. We train
both models for 5 epochs. During training we per-
form early stopping on the development set using
greedy decoding.

We report BLEU (Papineni et al., 2002),
ROUGE-L (RL) (Lin, 2004), METEOR (MET)
(Banerjee and Lavie, 2005), and PARENT (Dhin-
gra et al., 2019), including precision (PAR-P), re-
call (PAR-R), and F1 (PAR-F1) scores. The first
three metrics consider the similarities between gen-
erated texts and references, whereas PARENT also
considers the similarity between the generation and
the table. When using PARENT, we use all three
tables, i.e., the section, article, and title tables.

As we are also interested in the repetitiveness
of generated texts, we define a metric based on n-
gram repetitions which we call “REP”. REP com-
putes the ratio of the number of repeated n-grams
to the total number of n-grams within a text, so
when REP has higher value, it indicates that the
text has more repetitions. Here we consider n-
grams that appear 3 or more times as repetitions
and the n-grams we consider are from bigrams to
4-grams. When reporting REP scores for a dataset,
we average the REP scores for each instance in the

7We did not experiment with pretrained models because
they typically use the entirety of Wikipedia, which would
presumably overlap with our test set.

dataset. Similar metrics have been used in prior
work (Holtzman et al., 2020; Welleck et al., 2020).

5.2 Results

In Table 3, we report the test results for both our
base models and large models. We also report a
set of baselines that are based on simply returning
the linearized tables and their concatenations with
the references. The linearized table baselines show
how much information is already contained in the
table, while the reference baselines show the upper
bound performance for each metric.

In comparing training strategies, we find that
using α-entmax improves REP significantly but
not other metrics. Adding the cyclic loss or the
copy mechanism helps improve performance for
the PAR scores and REP, and combining both fur-
ther improves these metrics.

When comparing decoding strategies, we find
that both nucleus sampling and n-gram blocking
are effective in reducing repetition. Nucleus sam-
pling harms the PAR scores, especially PAR-P, but
has less impact on the other metrics, indicating that
it makes the model more likely to generate texts
that are less relevant to the tables. Using beam
search improves all metrics significantly when com-
pared to greedy decoding, especially the PAR-P
and REP scores. Adding n-gram blocking further
reduces the REP score, pushing it to be even lower
than that from nucleus sampling, but still retains
the improvements in PAR scores from beam search.
The best overall decoding strategy appears to be
beam search with n-gram blocking.
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Grammar Coherence Faithfulness
Reference 4.0 (1.0) 4.1 (0.9) 3.8 (0.8)
Beam search 4.0 (1.0) 4.0 (1.0) 3.9 (1.0)
Nucleus sampling 4.0 (0.8) 4.1 (0.9) 3.9 (0.8)
n-gram blocking 4.2 (0.9) 4.2 (0.9) 3.9 (1.0)

Table 4: Average human ratings (standard deviations in
parentheses) for grammaticality, coherence, and faith-
fulness to the input article table.

Relevance Support
Beam search 3.8 (1.1) 3.6 (1.2)
Nucleus sampling 3.7 (1.2) 3.8 (1.1)
n-gram blocking 3.9 (1.0) 3.8 (1.0)

Table 5: Average human ratings (standard deviations in
parentheses) of relevance and support when comparing
to the reference text.

6 Analysis

We now describe a manual evaluation and analyze
some generated examples. All results in this section
use the development set. We also conduct experi-
ments on analyzing the effect of using the section
data and the article data during training, finding
that the benefits that they bring to the model per-
formance are complementary. See the appendix for
more details.

6.1 Human Evaluation

We conduct a human evaluation using generations
from the large model on the development set. We
choose texts shorter than 100 tokens and that cover
particular topics as we found during pilot studies
that annotators struggled with texts that were very
long or about unfamiliar topics.8

We design two sets of questions. The first fo-
cuses on the text itself (i.e., grammaticality and
coherence) and its faithfulness to the input article
table. Since this set does not involve the refer-
ence, we can ask these questions about both gener-
ated texts and the reference texts themselves. The
second set of questions evaluates the differences
between the generations and the reference texts
(i.e., relevance and support), allowing us to see if
the generated text matches the human written sec-
tion text. Specifically, relevance evaluates topical
similarity between generations and references, and
support evaluates whether the facts expressed in
the generations are supported by or contradictory
to those in the references. The full questions and
numerical answer descriptions are in the appendix.

8We did not find the filtering to change the observed trends
for the automatic metrics and provide the list of selected topics
in the appendix.

We report results in Tables 4 and 5. The scores
are on a 1-5 scale with 5 being the best. For the first
set, we collect 480 annotations from 38 annotators.
For the second set, we collect 360 annotations from
28 annotators. We also ensure that each system has
the same number of annotations.9

It is interesting to note from Table 4 that human
annotators are unable to differentiate the human
written texts from the generations from our neural
models. Since the Wikipedia section texts are parts
of Wikipedia articles, showing the section texts in
isolation can make them difficult to understand, po-
tentially resulting in noisy annotations. As shown
by the first instance in Table 6, the text uses the
pronoun “he” without clarifying what the pronoun
refers to. The paragraph is rated 3 for coherence,
presumably due to this ambiguity. Also, Wikipedia
texts are sometimes grammatically complex and
annotators can mistake them for being ungrammat-
ical, e.g., the second instance in Table 6.

On the other hand, the coherence errors in the
generated texts are not always easy to spot. See, for
example, the last two instances in Table 6, where
the incoherence lies in the facts that (1) it is im-
possible to marry a person before the person is
born, and (2) senior year takes place after junior
year. These details are embedded in long contexts,
which may be overlooked by annotators and lead
to results favorable to these neural models.

To study the relationship between coherence and
grammaticality, we compute Spearman’s correla-
tions between the human annotations for coherence
and grammaticality after removing the ones with
perfect scores for coherence. Table 7 shows the
results. The correlations are much higher for ref-
erences, beam search, and nucleus sampling than
for n-gram blocking. This trend suggests that the
imperfect coherence scores for the reference texts
are likely because annotators find the texts to con-
tain grammatical errors (or to possess grammatical
complexity) which may prevent them from fully
understanding the texts. However, n-gram block-
ing does not have this problem and thus achieves
the best results for both coherence and grammat-
icality. We hypothesize that n-gram blocking is
able to avoid the types of grammatical errors that

9We used Amazon Mechanical Turk. To ensure annotation
quality, we only recruited annotators with master qualification.
We collected one annotation for each instance (so that we can
cover more instances) and paid 30 cents per annotation. The
amount of wage per annotation is decided by (1) the amount
of time each annotator spent on the task during our pilot study
and (2) a target hourly wage of approximately $11.

199



Method Text G C
Reference He contested the parliamentary seat of Meriden at the 1987 general election, where he was defeated

by the sitting Conservative MP Iain Mills by a margin of 16,820. He was then selected to fight the
Conservative-held marginal seat of Birmingham Northfield ...

3 3

Reference Boscawen married on 23 April 1700 in Henry VII’s Chapel, Westminster Abbey, Charlotte Godfrey
elder daughter and coheir of Colonel Charles Godfrey, master of the jewel office and his wife Arabella
Churchill ...

3 4

Sampling 7th Marquess of Exeter married, firstly, Edith Csanady de Telegd (born 1 September 1935 in England;
died 16 June 1956 in London), on 17 January 1934 ...

4 5

Blocking ... He averaged 10.9 rebounds and 3.0 assists per game as a senior in 1987-88. He was selected to the
Sweet 16 of the NCAA Tournament as a junior in 1988-89 ...

5 5

Table 6: Human annotation examples for grammaticality (G) and coherence (C). Due to space constraints, only
parts of the texts are shown. We highlight texts that are incoherent.

Ref. Beam Samp. Block.
Spearman corr. 39.6 39.7 40.8 16.4
# annotations 67 80 76 67

Table 7: Spearman correlations between the human
evaluation results for grammaticality and coherence.
We omit annotations with perfect scores for coherence.

1 2 3 4 5
Relevance 24.2 19.2 13.6 12.0 8.9
# annotations 10 48 65 124 113
Support 17.0 11.0 17.5 12.5 9.4
# annotations 13 47 68 135 97

Table 8: Averaged perplexities and the corresponding
numbers of annotations for each option for the rel-
evance and support questions (5 is the best option).
We aggregate annotations for different decoding algo-
rithms. We note that the perplexities are computed
based on the reference texts using the large model.

prevent understanding because (1) unlike nucleus
sampling, n-gram blocking does not rely on ran-
domness to avoid repetition; (2) n-gram blocking
does not suffer from repetitions like beam search.

We report results for the second set of questions
in Table 5. The three evaluated systems show sim-
ilar performance. To investigate the relationship
between the degree of open-endedness of a WIKI-
TABLET instance and its corresponding evalua-
tion scores, we compute the averaged perplexities
(based on our large models) for each option in Ta-
ble 8. The most relevant generations are typically
from more closed-ended or constrained instances.10

Similarly for the support scores, more open-ended
instances are distributed at score 3, which means
that there is no fact supported by or contradictory to
the shown tables. While the open-endedness of an
instance usually depends on its topics (e.g., movie
plots are open-ended), there are many cases where
the models can benefit from better entity modeling,

10Li and Hovy (2015) use entropy as a proxy to quantify
complexity of tasks. In this work, we use perplexity to mea-
sure how open-ended the instances are.

percentile train perp. dev perp.
10 2.3 2.5
20 3.1 3.6
30 4.0 4.7
40 4.9 6.1
50 6.1 7.6
60 7.6 9.8
70 9.8 12.9
80 13.3 18.2
90 20.6 29.3
100 278.8 129.4

Table 9: Percentiles of perplexities for training and de-
velopment splits of our dataset. We use the large model.

such as understanding what a particular entity type
is capable of (e.g., see the last example in Sec. 6.3).

Recent work has also found conducting human
evaluation for long-form generation to be challeng-
ing, for example in the context of question answer-
ing (Krishna et al., 2021) and story generation (Ak-
oury et al., 2020). Our observations for data-to-text
generation complement theirs and we hope that
our dataset can inspire future research on human
evaluation for long-form text generation.

6.2 Distribution of Perplexity

To determine the fraction of WIKITABLET that can
be seen as constrained, we report the percentiles of
perplexities for training and development splits in
Table 9. From Table 8, it can be observed that in-
stances with perplexities around 9.0 generally lead
to model generations that are closely relevant to the
reference texts and mostly supported by the input
tables, and therefore are likely to be the constrained
instances. From Table 9, we see that at least half
of our dataset has perplexities lower than 9.0, so
we conjecture that half of our dataset consists of
constrained instances.

6.3 Generation Examples

Table 10 shows generation examples for nucleus
sampling and beam search with n-gram blocking.
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Method Generated Text
Nucleus
sampling
(threshold
0.9)

In a two-issue mini-series titled ”Messiah Complex”, portrayed by Maisie Williams, Father Craig is ordered
to rescue the world from Reavers and run out of the X-Force causing the X-Force to permanently withdraw.
The original humans were replaced by slots and Muir Island being pulled away. They also possessed the entire
X-Force after issue #9 in which the X-Force appeared. Claremont and Sinclair later reprised their parts in ”The
Donderful World of Wolverine” with Wolfsbane as one of the new X-Men and her group taken back to their
reservation for unknown reasons.

n-gram
blocking

In the ”Messiah Complex” storyline, Wolfsbane is a member of the X-Men, a group of mutants recruited by
Father Craig to fight the Reavers in Muir Island. Father Craig is killed in the battle with Reavers, but Father
Craig manages to rescue the mutant from the Rain of Gesham and retrieve the mutant. She is later revealed to
have been killed by Rain in a battle with Father Craig. In the aftermath, Father Craig tells Father Craig that she
is the only mutant to be killed by a mutant.

Nucleus
sampling
(threshold
0.9)

In May 2013, McCoy allegedly assault a Spoiler business official. The incident motivated him to take a business
trip to Harrisburg, Pennsylvania and sign a letter from the Buffalo Bills paying him over $50,000 as well as
verbally prohibiting legal kickoff work. In September 2014, McCoy shared the issue with some former players
of the first two film franchises. McCoy played a leading role in the 2012 Marvel Cinematic Universe film ”Erab
of the Press”, and was named one of the film’s biggest stars on Twitter. On September 9, 2014, McCoy filed a
lawsuit against PYT to change its Twitter name to LeSean McCoy Productions.

n-gram
blocking

On September 9, 2014, McCoy was arrested in Harrisburg, Pennsylvania on suspicion of assault. He was
charged with assault and battery. In May 2013, he was fined over $50,000 by the Buffalo Bills. In September
2014, he was suspended for two games by the PYT for violating the Marvel Cinematic Universe. He was
released by the Bills in October of the same year. He was cleared of all charges on Twitter, and was banned
from playing in the 2014 Pro Bowl due to his Twitter account.

Table 10: Generation examples from the large model. The first example corresponds to the first instance in Figure 1.
The complete set of generations is in the appendix.

We observe very different trends between the two
instances in Figure 1. For the first instance about
the X-Men, although both generations look fluent,
their stories differ dramatically. The generated text
for nucleus sampling describes a story that starts by
saying Father Craig rescues the world from Reavers
and ends with Wolfsbane joining as one of the new
X-Men. On the other hand, n-gram blocking gener-
ates a story where Wolfsbane already is a member
of X-Men, and the story says Father Craig fought
and was killed by the Reavers, but manages to res-
cue the mutant. For the less open-ended instances
(e.g., the second instance in Figure 1), different
decoding strategies mostly generate similar details
(see the appendix for generations).

Despite having different details, these genera-
tions appear to try to fit in as many entities from
the tables as possible, in contrast to beam search
(shown in the appendix) which mostly degener-
ates into repetition for more open-ended instances.
This explains our previous observation that n-gram
blocking helps with the PAR-R score.

Even though the generations are of good quality
for most instances, their implausibility becomes
more apparent when readers have enough back-
ground knowledge to understand the involved enti-
ties. For example, the second instance in Table 10
comes from the Wikipedia page “LeSean McCoy”
(a football player) under the sections “Personal
life” and “Controversies” (details in the appendix).
The generation from nucleus sampling is implausi-

ble/nonsensical in some places (“assault a Spoiler
business official”) and factually incorrect elsewhere
(McCoy did not play a leading role in any film, and
“Erab of the Press” is not an actual film). The fourth
generation is implausible because a player is un-
likely to be suspended for “violating the Marvel
Cinematic Universe”, and it is unlikely for a person
to be cleared of all charges on Twitter. Our models
have limited access to knowledge about entities,
e.g., the capabilities of a social media company
like Twitter. Future research may incorporate extra
resources, make use of pretrained models, or incor-
porate factuality modules to solve these problems.

7 Conclusion

We created WIKITABLET, a dataset that contains
Wikipedia article sections and their corresponding
tabular data and various metadata. WIKITABLET
contains millions of instances covering a broad
range of topics and kinds of generation tasks. Our
manual evaluation showed that humans are unable
to differentiate the references and model genera-
tions, and n-gram blocking performs the best on
grammaticality and coherence. However, qualita-
tive analysis showed that our models sometimes
struggle with coherence and factuality, suggesting
several directions for future work.
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Impact Statement

We highlight a few limitations as follows: (1)
Wikipedia texts are generally written in objective
tones, but some of the texts may contain contro-
versial content that even the community contribu-
tors do not agree upon; (2) models trained on our
dataset may generate deceitful texts that are unfaith-
ful to what actually happened to particular entities;
(3) though the instances in WIKITABLET cover
various topics, the writing style is almost always
the same. Future work may explore more diverse
writing styles.
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Rémi Lebret, David Grangier, and Michael Auli. 2016.
Neural text generation from structured data with
application to the biography domain. In Proceed-
ings of the 2016 Conference on Empirical Methods
in Natural Language Processing, pages 1203–1213,
Austin, Texas. Association for Computational Lin-
guistics.

Jiwei Li and Eduard Hovy. 2015. The NLP engine: A
universal turing machine for NLP.

Percy Liang, Michael Jordan, and Dan Klein. 2009.
Learning semantic correspondences with less super-
vision. In Proceedings of the Joint Conference of
the 47th Annual Meeting of the ACL and the 4th In-
ternational Joint Conference on Natural Language
Processing of the AFNLP, pages 91–99, Suntec, Sin-
gapore. Association for Computational Linguistics.

Bill Yuchen Lin, Wangchunshu Zhou, Ming Shen, Pei
Zhou, Chandra Bhagavatula, Yejin Choi, and Xiang
Ren. 2020. CommonGen: A constrained text gen-
eration challenge for generative commonsense rea-
soning. In Findings of the Association for Computa-
tional Linguistics: EMNLP 2020, pages 1823–1840,
Online. Association for Computational Linguistics.

Chin-Yew Lin. 2004. ROUGE: A package for auto-
matic evaluation of summaries. In Text Summariza-
tion Branches Out, pages 74–81, Barcelona, Spain.
Association for Computational Linguistics.

203



Peter J. Liu*, Mohammad Saleh*, Etienne Pot, Ben
Goodrich, Ryan Sepassi, Lukasz Kaiser, and Noam
Shazeer. 2018. Generating Wikipedia by summariz-
ing long sequences. In International Conference on
Learning Representations.

Tianyu Liu, Kexiang Wang, Lei Sha, Baobao Chang,
and Zhifang Sui. 2018. Table-to-text generation
by structure-aware seq2seq learning. In Proceed-
ings of the Thirty-Second AAAI Conference on Ar-
tificial Intelligence, (AAAI-18), the 30th innovative
Applications of Artificial Intelligence (IAAI-18), and
the 8th AAAI Symposium on Educational Advances
in Artificial Intelligence (EAAI-18), New Orleans,
Louisiana, USA, February 2-7, 2018, pages 4881–
4888. AAAI Press.

Robert Logan, Nelson F. Liu, Matthew E. Peters, Matt
Gardner, and Sameer Singh. 2019. Barack’s wife
hillary: Using knowledge graphs for fact-aware lan-
guage modeling. In Proceedings of the 57th Annual
Meeting of the Association for Computational Lin-
guistics, pages 5962–5971, Florence, Italy. Associa-
tion for Computational Linguistics.

Pedro Henrique Martins, Zita Marinho, and André F. T.
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A Dataset Construction

When collecting data, we consider five resources:
Wikidata tables, infoboxes in Wikipedia pages,
hyperlinks in the passage, named entities in the
passage obtained from named entity recognition
(NER), and Wikipedia article structure. For each
article in Wikipedia, we use the same infobox and
Wikidata table for all sections. These tables can
serve as background knowledge for the article. For
each section in the article, we create a second table
corresponding to section-specific data, i.e., section
data. The section data contains records constructed
from hyperlinks and entities identified by a named
entity recognizer. Section data contributes around
25% of the records in WIKITABLET.

We filter out several entity types related to num-
bers11 as the specific meanings of these numbers in
the section of interest are difficult to recover from
the information in the tables. After filtering, we use
the identified entities as the values and the entity
types as the attributes. This contributes roughly
12% of the records in our final dataset.

We also create records from hyperlinks in the
section of interest. We first expand the hyperlinks
available for each section with hyperlinks available
in the parent categories. We first group hyperlinks
across all Wikipedia articles with those same cat-
egories, and then we perform string matching be-
tween these hyperlinks and the text in the section.
If there are exact matches, we will include those
hyperlinks as part of the hyperlinks in this section.

Details for constructing a record with attribute
a and value v for a hyperlink with surface text t
and hyperlinked article ` are as follows. To set a,
we use the value of the “instance of” or “subclass
of” tuple in the Wikidata table for `. If ` does not
have a Wikidata table or no appropriate tuple, we
consider the parent categories of ` as candidates for
a. If there are multiple candidates for a, we first
embed these candidates and a using GloVe (Pen-
nington et al., 2014) embeddings and then choose
the one that maximizes cosine similarity between
the document titles or section titles and the candi-
dates for a. For the value v of the tuple, we use the
document title of ` rather than the actual surface
text t to avoid giving away too much information
in the reference text. The records formed by hyper-
links contribute approximately 13% of the records
in WIKITABLET.

11List of filtered entity types: PERCENT, TIME, QUAN-
TITY, ORDINAL, CARDINAL.

We shuffle the ordering of the records from NER
and the hyperlinks to prevent models from relying
on the ordering of records in the reference text.

The records from the section data can be seen as
section-specific information that can make the task
more solvable. Complementary to the article data,
we create a title table that provides information
about the position in which the section is situated,
which includes the article title and the section titles
for the target section. As the initial sections in
Wikipedia articles do not have section titles, we
use the section title “Introduction” for these.12

As the records in our data tables come from dif-
ferent resources, we perform extra filtering to re-
move duplicates in the records. In particular, we
give Wikidata the highest priority as it is a human-
annotated well-structured data resource (infoboxes
are human-annotated but not well-structured due
to the way they are stored on Wikipedia) and the
entities from NER the lowest priority as they are
automatically constructed. That is, when we iden-
tify duplicates across different resources, we will
keep the records from the higher priority resource
and drop those from the lower one. More specifi-
cally, the duplicates between Wikidata records and
infoboxes are determined by whether there are du-
plicate values or duplicate attributes: for hyperlinks
and infoboxes or Wikidata, they are judged by du-
plicate values; for NER and hyperlinks, they are
based on whether there is any token overlapping
between values.

After table collection, we have the following cri-
teria for filtering out the texts: (1) we limit the text
length to be between 50 and 1000 word tokens;
(2) to ensure that there is sufficient information in
the table, we only keep data-text pairs that con-
tain more than 2 records per sentence and more
than 15 records per 100 tokens from Wikidata and
infoboxes; (3) to avoid texts such as lists of hyper-
links, we filter out texts where more than 50% of
their word tokens are from hyperlink texts.

B Human Evaluation

The selected topics for human evaluations are: hu-
man (excluding the introduction and biography sec-
tion), film, single (song), song, album, television
series. When evaluating grammaticality and coher-
ence, only the generated text is shown to annotators.

12Among millions of section titles in Wikipedia, there are
only 4672 sections, including nested sections, that are called
“Introduction”. Therefore, we believe this process will not
introduce much noise into the dataset.
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1 = it is completely ungrammatical, as it is impossible to
understand the text.
2 = it has many grammatical errors, and these errors make
the text very difficult to understand.
3 = it has grammatical errors, and some of them make part
of the text difficult to understand.
4 = it has some grammatical errors, but they are minor
errors that do not affect reading.
5 = it is completely grammatical, as it does not have any
grammatical errors.

Table 11: Rating explanations for grammaticality.

1 = it is completely incoherent, as it is impossible to piece
together information in the text.
2 = it is incoherent in most places. You can only under-
stand part of the story.
3 = it is incoherent in many places, but if you spend time
reading it, you still can understand the whole story.
4 = it is mostly coherent. Although the text is incoherent
in some places, it does not affect reading.
5 = it is completely coherent.

Table 12: Rating explanations for coherence.

The question for grammaticality is “On a scale of
1-5, how much do you think the text is grammat-
ical? (Note: repetitions are grammatical errors.)”
(option explanations are shown in Table 11), and
the question for coherence is “On a scale of 1-5,
how much do you think the text is coherent? (Co-
herence: Does the text make sense internally, avoid
self-contradiction, and use a logical ordering of
information?)” (rating explanations are in Table
12).

When evaluating faithfulness, we show annota-
tors the article data and the generation. The ques-
tion is “On a scale of 1-5, how much do you think
the text is supported by the facts in the following
table?” (rating explanations are in Table 13).

When evaluating coherence and relevance, anno-
tators were shown the reference text and the gen-
eration, as well as the Wikipedia article title and
section titles for ease of understanding the texts.
Annotators were asked two questions, with one be-
ing “On a scale of 1-5, how much do you think the
text is relevant to the reference” (Table 14), and
the other being “On a scale of 1-5, how much do
you think the text is supported by the facts in the
reference?” (Table 15).

C Effect of α-entmax

In this section, we disentangle the effect of α-
entmax and that of α-entmax loss. We note that (1)
when not using the α-entmax loss, we use standard
cross entropy loss (e.g., in the case of “base+ent.”

1 = it is completely contradictory to what is described in
the table.
2 = it has some facts contradictory to what is described in
the table.
3 = it is not supported by the table, and it does not contra-
dict the table.
4 = some of the text is supported by the facts in the table,
and the rest of it does not contradict the facts in the table.
5 = it is completely supported by the table.

Table 13: Rating explanations for faithfulness.

1 = the text is completely irrelevant to the reference.
2 = most of the text is irrelevant to the reference.
3 = some of the text is relevant to the reference.
4 = most of the text is relevant to the reference.
5 = the text is talking about the same thing as the reference.

Table 14: Rating explanations for relevance.

we maximize the log probabilities generated by α-
entmax); (2) when combining α-entmax and copy
mechanism, we aggregate the probabilities gener-
ated by α-entmax and those from softmax. This is
because we use the first attention head in the trans-
former decoder as the copy attention, following the
implementation in OpenNMT (Klein et al., 2017).
While it is feasible to combine the α-entmax and
α-entmax loss with the copy mechanism if we use
the sparse transformer (Correia et al., 2019), we
leave this for future study. We report the results in
Table 16. It is interesting to see that when using
greedy decoding, “ent. + ent. loss” outperforms
the baseline model by a significant margin on all
the metrics, however the improvement disappears
(except for repetition) after we switch to use beam
search as the decoding strategy. This is likely be-
cause α-entmax promotes sparsity in the generated
probabilities, making beam search decoding un-
necessary. Removing the α-entmax loss hurts the
performance, but its gains become larger in switch-
ing to beam search decoding. Adding copy mecha-
nism improves the performance, leading to compa-
rable performance to the baseline model. Although
“base+ent.+copy” still underperforms “base+copy”
when using beam search, we believe that combin-
ing α-entmax and α-entmax loss with the copy
mechanism is promising as (1) α-entmax is not
used in our large models and the initial results have
shown that α-entmax and the copy mechanism are
complementary, so it may further improve our cur-
rent best performance; (2) α-entmax already shows
the best performance when using greedy decoding,
which has speed and optimization advantages com-
pared to the beam search based decoding strategies
especially considering the long-form characteristic
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1 = it has quite a few facts contradictory to what is de-
scribed in the reference.
2 = it has some facts contradictory to what is described in
the reference.
3 = it is not supported by the reference, and it does not
contradict the reference.
4 = some of the text is supported by the facts in the refer-
ence, and the rest of it does not contradict the reference.
5 = it is completely supported by the reference.

Table 15: Rating explanations for supportedness.

REP BLEU PAR-P PAR-R PAR-F1
Greedy decoding

base 38.1 14.7 61.6 27.7 35.8
+ ent. + ent. loss 36.0 16.2 62.2 28.9 37.0
+ ent. 44.5 13.9 63.5 25.5 33.9
+ ent. + copy 43.7 14.8 64.2 26.6 35.2
+ copy 37.8 15.8 61.3 28.3 36.3

Beam search (beam size 5)
base 33.0 15.6 66.3 28.8 37.7
+ ent. + ent. loss 25.9 15.4 64.6 29.0 37.7
+ ent. 34.7 13.8 67.2 26.6 35.8
+ ent. + copy 34.1 15.0 69.4 28.1 37.6
+ copy 30.1 15.9 67.1 29.4 38.5

Table 16: Effect of using α-entmax and α-entmax loss.
When not using the α-entmax loss, we use standard
cross entropy loss.

of WIKITABLET.

D Details of Cyclic Loss

In this section, we will denote the linearized table
where the values are replaced with a special 〈mask〉
token by u1, · · · , un, and denote the reference text
by x1, · · · , xm. Formally, the training loss is

∑

w∈S
− log p(w|u1, · · · , un,v1, · · · ,vm) (2)

where S represents the set of masked tokens, and
v1, · · · ,vm is the sequence of token-level prob-
abilities predicted by the forward model (in our
experiments, these could either come from the soft-
max function, or the α-entmax function). Specifi-
cally, we multiply the backward transformer’s input
embedding matrix by the v probability vectors to
obtain the input representations to the first encoder
layer. We find that it is helpful to add a “reference
loss” while training with the cyclic loss, defined as

∑

w∈S
− log p(w|u1, · · · , un, x1, · · · , xm) (3)

This loss does not contain the generation model in it
explicitly, but it does lead to an improved backward
model by training it with clean inputs. Improving

REP BLEU PAR-P PAR-R PAR-F1
Both 38.1 14.7 61.6 27.7 35.8
Art. only 60.9 8.4 55.2 14.7 20.8
Sec. only 39.0 13.4 56.1 24.3 31.7

Table 17: Effect of dropping section or article data from
the input (using the “base” setting).

REP BLEU PAR-P PAR-R PAR-F1
None 37.8 15.8 61.3 28.3 36.3
Both 35.9 15.8 62.0 28.5 36.7
Art. only 37.2 15.8 61.7 28.1 36.2
Sec. only 34.8 15.9 61.9 28.2 36.2

Table 18: Effect of dropping section or article data
when using cyclic training. The results are based on
the “base + copy” and “base + copy + cyclic loss” set-
tings.

the backward model then increases the benefits of
the cyclic loss.13

E Effect of Article Data and Section Data

We report results in Table 17 for the models that are
trained with partial data input, where art. only and
sec. only indicate that we use only article data or
section data, respectively. We always use title data.
Section data contributes the most to the BLEU and
PAR scores, but using section data and article data
together is the best setting.

We also investigate the effect of partial data in-
put for the cyclic loss in Table 18, where “None”
is the model that is not trained with the cyclic loss.
We note that in this setting, we still use both data
resources as the input to the forward model, but
vary the input data and the gold standard for the
backward model. Although using only section data
gives the best REP score and improves the PAR-
P score, it does not help the model in other met-
rics. Combining the article data with the section
data gives significant improvements to the PAR-F1
score compared to section data alone.

Both experiments show that there are interac-
tions between these two data resources that can
help models to learn better from both kinds.

F Generation Examples

We show the full set of generations in Table 19.
The part of input data and reference text for Table
19 is shown in Figure 2.

13We experimented with initializing the backward model
with pretrained checkpoints, but did not find it helpful.
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… In September 2014, McCoy received criticism for 
leaving a $0.20 tip at the PYT burger restaurant in 
Philadelphia. McCoy claimed the low tip was due to "bad 
service.” The owner responded on September 9, 2014, 
saying that McCoy had been "verbally abusive" and made 
"derogatory comments about women.” In April 2019, 
McCoy tweeted an important plot point in the 
film Avengers: Endgame shortly after watching the film, 
angering his followers and Marvel fans to the point that 
some blocked him and even called for the termination of 
his contract with the Buffalo Bills or for him to get 
injured. McCoy later called this the "worst decision" of 
his life in an interview with Good Morning Football.

Attribute Value

date of birth 1988-07-12

instance of human

place of birth Harrisburg

occupation American football player

Attribute Value

information Spoiler (media)

violent crime assault

ORG the Buffalo Bills

DATE September 9, 2014

MONEY 0.200

social networking service Twitter

film series Marvel Cinematic 
Universe

Section Data Article Data

Document title LeSean McCoy

Section title1 Personal life

Section title2 Controversies

Title Data

Figure 2: An example from WIKITABLET. Only parts of the tables and reference are shown due to space con-
straints. Underlined texts are hyperlinks. Records with the attributes “DATE”, “ORG’, “MONEY” are from NER.
Subscripts for section titles indicate the ordering of nesting, where smaller numbers indicate higher level sections.

Method Generated Text
sampling
0.9

In a two-issue mini-series titled ”Messiah Complex”, portrayed by Maisie Williams, Father Craig is ordered to rescue the world from Reavers and run out of the X-Force
causing the X-Force to permanently withdraw. The original humans were replaced by slots and Muir Island being pulled away. They also possessed the entire X-Force after
issue #9 in which the X-Force appeared. Claremont and Sinclair later reprised their parts in ”The Donderful World of Wolverine” with Wolfsbane as one of the new X-Men
and her group taken back to their reservation for unknown reasons.

beam
search
(size=5)

In the ”Messiah Complex” storyline, Wolfsbane is a member of the X-Men. She is a member of the X-Factor Investigations team and a member of the X-Force/X-Force/X-
Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-
Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-
Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-Force/X-
Force/X-Force/X-Force/X-Force/X-Force/X-Force/

blocking
(size=5)

In the ”Messiah Complex” storyline, Wolfsbane is a member of the X-Men, a group of mutants recruited by Father Craig to fight the Reavers in Muir Island. Father Craig is
killed in the battle with Reavers, but Father Craig manages to rescue the mutant from the Rain of Gesham and retrieve the mutant. She is later revealed to have been killed by
Rain in a battle with Father Craig. In the aftermath, Father Craig tells Father Craig that she is the only mutant to be killed by a mutant.

sampling
0.9

Journey to the Center of the Earth is a 1959 American science fiction film based on Jules Verne’s 1959 novel of the same name. The film, directed by Henry Levin, stars
James Mason as Professor Otto Lidenbrock, a scientist who gets entangled in the power of the archenemy as he tries to impress his closest allies and compromises them with
the future. The film marks the first screen appearance of future CinemaScope of 20th Century Fox lead singer Peter Ronson. ”The 20th Century Fox” earned critical acclaim
and was a box-office success, grossing $10 million worldwide against a production budget of $3.44 million .

beam
search
(size=5)

Journey to the Center of the Earth is a 1959 American science fiction film directed by Henry Levin and starring James Mason, Pat Boone, and Arlene Dahl. The screenplay
by Charles Brackett and Walter Reisch is based on Jules Verne’s novel ”A Journey to the Center of the Earth” (1959). The film was produced by Charles Brackett and Walter
Reisch and distributed by Twentieth Century-Fox Film Corporation. The film was nominated for an Academy Award for Best Art Direction. It was also nominated for an
Academy Award for Best Art Direction and a Golden Globe Award for Best Visual Effects. It was also nominated for a Golden Globe Award for Best Motion Picture -
Musical or Comedy, but lost to 20th Century Fox’s ”CinemaScope”.

blocking
(size=5)

Journey to the Center of the Earth is a 1959 American science fiction film directed by Henry Levin and starring James Mason, Pat Boone, and Arlene Dahl. The screenplay
by Charles Brackett and Walter Reisch is based on Jules Verne’s novel of the same name. The film was produced by CinemaScope and 20th Century Fox and distributed by
Twentieth Century-Fox Film Corporation and Joseph M. Schenck Enterprises, Inc. It was nominated for an Academy Award for Best Art Direction.

sampling
0.9

In May 2013, McCoy allegedly assault a Spoiler business official. The incident motivated him to take a business trip to Harrisburg, Pennsylvania and sign a letter from the
Buffalo Bills paying him over $50,000 as well as verbally prohibiting legal kickoff work. In September 2014, McCoy shared the issue with some former players of the first
two film franchises. McCoy played a leading role in the 2012 Marvel Cinematic Universe film ”Erab of the Press”, and was named one of the film’s biggest stars on Twitter.
On September 9, 2014, McCoy filed a lawsuit against PYT to change its Twitter name to LeSean McCoy Productions.

beam
search
(size=5)

On September 9, 2014, McCoy was arrested in Harrisburg, Pennsylvania on suspicion of assault. He was charged with assault and battery. In May 2013, McCoy was fined
over $50,000 by the Buffalo Bills. In September 2014, McCoy was arrested in Harrisburg, Pennsylvania on suspicion of assaulting a woman who had been raped by McCoy.
McCoy was charged with assault and possession of marijuana. McCoy was suspended from the PYT for the first two games of the Marvel Cinematic Universe.

blocking
(size=5)

On September 9, 2014, McCoy was arrested in Harrisburg, Pennsylvania on suspicion of assault. He was charged with assault and battery. In May 2013, he was fined over
$50,000 by the Buffalo Bills. In September 2014, he was suspended for two games by the PYT for violating the Marvel Cinematic Universe. He was released by the Bills in
October of the same year. He was cleared of all charges on Twitter, and was banned from playing in the 2014 Pro Bowl due to his Twitter account.

Table 19: Top: generation examples for the first instance in Figure 1. Middle: generation examples for the second
instance in Figure 1. Bottom: generation examples that correspond to the instance in Figure 2.

G Details of Decoding Strategies

Nucleus Sampling. Generating long sequences
usually suffers from repetitions. Nucleus sampling
(Holtzman et al., 2020) aims to reduce the repeti-
tions in generations by sampling from truncated
probability distributions. The truncation is based
on whether the cumulative probability is above a
threshold. We set the threshold to be 0.9 as sug-
gested in Holtzman et al. (2020).

Beam Search with n-gram Blocking. Paulus
et al. (2018) found it effective to reduce the repeti-
tions during beam search by “blocking” n-grams
that have been generated in previous decoding
steps. We follow their approach by using trigram
blocking and setting the probability of repeated
trigrams to be 0 during beam search.
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Abstract

Translation between natural language and
source code can help software development
by enabling developers to comprehend, ideate,
search, and write computer programs in natu-
ral language. Despite growing interest from
the industry and the research community, this
task is often difficult due to the lack of
large standard datasets suitable for training
deep neural models, standard noise removal
methods, and evaluation benchmarks. This
leaves researchers to collect new small-scale
datasets, resulting in inconsistencies across
published works. In this study, we present
CoDesc - a large parallel dataset composed
of 4.2 million Java methods and natural lan-
guage descriptions. With extensive analysis,
we identify and remove prevailing noise pat-
terns from the dataset. We demonstrate the
proficiency of CoDesc in two complementary
tasks for code–description pairs: code summa-
rization and code search. We show that the
dataset helps improve code search by up to
22% and achieves the new state-of-the-art in
code summarization. Furthermore, we show
CoDesc’s effectiveness in pre-training–fine-
tuning setup, opening possibilities in building
pretrained language models for Java. To fa-
cilitate future research, we release the dataset,
a data processing tool, and a benchmark at
https://github.com/csebuetnlp/CoDesc.

1 Introduction

Neural models for natural language processing
have benefited from large datasets and standard
evaluation benchmarks (Wang et al., 2019b,a; Ra-
jpurkar et al., 2016; Hermann et al., 2015; Com-
monCrawl). However, the programming language
counterpart is lagging behind due to a lack in
such large datasets and benchmarks. To put this
into perspective, the original Transformer network

∗Equal contribution.

(Vaswani et al., 2017) was trained on WMT’14
English–German and English–French datasets (Bo-
jar et al., 2014) containing 4.5 million and 36 mil-
lion parallel sentences, respectively, whereas a sim-
ilar network that achieved state-of-the-art results
in source code summarization has been trained on
only 69 thousand code-description pairs (Ahmad
et al., 2020). We argue that the existing models
used for programming language tasks in the litera-
ture have a significant scope of improvement given
a large, good-quality dataset, and such a dataset
is the missing link for effectively applying deep
learning methods on programming languages.

In this work, we collect and release a large (4.2
million) Java source code - natural language (NL)
parallel dataset along with denoising methods and
baseline results. We apply our dataset to estab-
lished works in both training from scratch and pre-
training–fine-tuning setting and we demonstrate
a notable performance gain in both settings. We
gain 10% to 22% improvement over baseline code
search models using CoDesc, and attain perfor-
mances comparable to models having 8× more pa-
rameters. We achieve a new state-of-the-art BLEU
score of 45.89 in code summarization by pretrain-
ing a Transformer network with our dataset for
two epochs. With extensive empirical analysis, we
propose a set of noise removal techniques for the
source code and the NL descriptions in our dataset.

Our work brings together several datasets and
multiple tasks on the intersection of Natural Lan-
guage Processing (NLP) and Software Engineering
(SE), such as code summarization, code search
and code synthesis, and allows researchers to com-
pare their methods on the same benchmark. It also
opens the door for building large pretrained models
to jointly learn code and NL representations that
can be leveraged in downstream tasks that do not
have adequate data, such as, code refactoring, clone
detection, etc. as done by Feng et al. (2020).
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Source #Projects #Raw
data

#Clean
data

Code Description
#Unique
tokens

Avg
len ≤200 #Unique

tokens
Avg
len ≤50

CSN-Java N/A 542,991 490,169 284,214 140.41 83.42 168,507 25.14 89.42
DeepCom 9,714 588,108 424,028 306,422 128.35 84.04 91,933 17.80 94.76
FunCom 28,000 2,149,121 2,130,247 469,354 51.30 99.83 399,338 15.52 95.87
CONCODE 33,000 2,184,310 733,040 131,852 33.75 99.99 166,239 14.87 96.27
CSN-Py2Java N/A 456,000 434,032 414,018 163.78 72.32 223,277 57.11 68.69
CoDesc (All) N/A 5,920,530 4,211,516 1,128,909 77.97 93.53 813,078 21.04 92.28
Balanced train-valid-test split for CoDesc data
train - - 3,369,218 991,395 78.01 93.53 718,204 21.05 92.28
valid - - 421,149 269,435 77.73 93.51 188,145 21.08 92.26
test - - 421,149 269,318 77.88 93.55 187,230 20.97 92.33

Table 1: Statistics of CoDesc datasets and a balanced train-valid-test split. ≤200 and ≤50 indicates the percentage
(%) of data where source code and description are smaller than 200 and 50 tokens, respectively.

2 Related Works

Code-Description Parallel Datasets With the
advent of data-driven code search and code sum-
marization methods, several datasets are proposed
to facilitate research in code-NL parallel tasks.
Husain et al. (2019) introduced CODESEARCH-
NET (CSN), a benchmark for code search tech-
niques with 2.1 million code-NL parallel data in 6
programming languages, 6.4 million monolingual
code data, a leader-board, and baseline results with
5 code search techniques. CONCODE (Iyer et al.,
2018), DEEPCOM (Hu et al., 2018a), FunCom
(LeClair and McMillan, 2019) are some notable
dataset papers that released 2.18 million, 2.15 mil-
lion, and 0.59 million parallel data respectively.
Clement et al. (2020) released a parallel corpus of
26 million monolingual Python methods and 7.7
million method-docstring pairs. CoNaLa (Yin et al.,
2018) is a Python line by line natural language de-
scription dataset containing nearly 3k parallel data.

Code Search and Summarization CODE-NN
(Iyer et al., 2016) is a pioneering work in data-
driven code summarization. The CodeSearchNet
dataset paved the way for CodeBERT (Feng et al.,
2020), a pretrained BERT (Devlin et al., 2019)
model trained on CSN data with Masked Language
Modeling (MLM) (Devlin et al., 2019) and Re-
placed Token Detection (RTD) (Clark et al., 2020)
objective that achieved a high performance in the
CSN benchmark. Wei et al. (2019) proposed a dual
learning method that simultaneously trained code
summarization and code generation and improved
both of them using 60k parallel data. In the same
dataset, Ahmad et al. (2020) achieved state-of-the-
art results in source code summarization using a

Transformer network (Vaswani et al., 2017). Along
with the mentioned dataset, Clement et al. (2020)
presented PyMT5, a text to text transformer that no-
tably improved method generation and code sum-
marization. Ahmad et al. (2021) collected more
than 300 GB monolingual code and NL data, and
trained PLBART, a pretrained seq2seq model for
both program understanding and comprehension.

3 CoDesc Dataset

3.1 Data Sources

We collect our data from several sources and for-
mulate rules for data cleaning. 5 of the authors
spent 45-50 man-hours manually going over the
dataset to identify patterns of noises in different
data sources. Upon group discussion, common pat-
terns were identified and a noise removal method
was established. Details about these noise patterns
are provided in Appendix A.

One of the datasets used in CoDesc is CODE-
SEARCHNET (CSN)1 (Husain et al., 2019) - a
parallel method-description dataset for code search.
Furthermore, other datasets used are DeepCom2

(Hu et al., 2018a), CONCODE3 (Iyer et al., 2018),
FunCom4 (LeClair and McMillan, 2019) - datasets
created for code summarization. The CODE-
SEARCHNET dataset originally contained 6 pro-
gramming languages, from which the Java methods
are directly used in CoDesc, however, the Python
methods are used after being automatically trans-
lated to Java. We combine all aforementioned
datasets to create CoDesc. Appendix B shows a

1https://github.com/github/CodeSearchNet
2https://github.com/xing-hu/DeepCom
3https://github.com/sriniiyer/concode
4http://leclair.tech/data/funcom/
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sample code-description parallel data from each of
these datasets. Table 1 describes our data sources
and their characteristics in detail.

CSN Python to Java Translation To utilize
maximum possible data from the CSN CORPUS,
we translate the Python methods to Java using
TransCoder (Lachaux et al., 2020), a state-of-the-
art, neural source-to-source compiler. We modi-
fied and re-released the open-source implementa-
tion of TransCoder5, enabling it to translate data
in batches instead of one at a time, and resulting
in a 16X faster translation. Upon empirical inspec-
tion, we found that the converted Java codes are
human-readable and bear a strong resemblance to
the original Python code intent. The converted
codes seem correct to the human eye and their syn-
tax matches with Java syntax. However, a few cases
the transcompiler suffers are – converting to Java li-
brary methods, and converting from Python coding
conventions that does not have a Java equivalent
(e.g. use of SELF). These conversion errors, how-
ever, were not severe enough to affect our model to
learn the NL-source code mapping.

3.2 Data Cleaning and Noise Removal

We created an easy-to-use, parameterized data pro-
cessing tool for removing the different types of
noise that we observed in our dataset. From the
natural language descriptions, we remove symbols
and characters that do not carry a meaning in a nat-
ural language description, such as, comment tags
(e.g., //, /*, */), stray code characters (e.g.,
@, #, {, }, etc.), HTML and XML tags, non-
ASCII and escape characters, and some patterns
of autogenerated tags (e.g., @param, @return,
@throws, etc.). From source code, we remove
comments and the non-ASCII and escape charac-
ters. In previous studies, many meaningful data
are discarded due to having some noisy pattern-
s/symbols either in the code or description (Husain
et al., 2019; Iyer et al., 2018; LeClair and McMil-
lan, 2019). We identify and remove the noisy part
of the data points without excluding them from the
dataset to reduce data loss during preprocessing.

For both source code and NL description, we
split CamelCase and snake case code tokens into
subtokens (e.g., Camel Case, snake case) and sep-
arate linked alphabets and numbers (e.g., var0 to
var 0) (Ahmad et al., 2020; LeClair and McMillan,

5https://github.com/csebuetnlp/TransCoder

2019). After the aforementioned processing, we re-
move the data points where the source code is less
than 3 tokens, or the description contains less than
2 alphabets (Husain et al., 2019). We lowercase the
natural language as the case is not necessary for
describing codes. We release our data processing
tool along with the CoDesc dataset for applying the
dataset to diverse tasks.

3.3 Dataset Characteristics

After the previous steps, we are left with nearly 4.2
million Java method and description parallel data.
Table 1 presents the statistics characteristics of our
dataset. The combined CoDesc dataset consists of
more than one million unique tokens, which is sig-
nificantly larger than natural language vocabulary
(Chen et al., 2019). This can be partially attributed
to inseparable multi-words (e.g. ‘updateproduct-
variationlocalizeddeltaprice’) in our dataset. Hence,
we perform BPE (Sennrich et al., 2016) tokeniza-
tion in our preprocessing pipeline. We also see that
although the average token length of Java source
codes vary in the different dataset sources, the natu-
ral language descriptions have a relatively uniform
length. We create a balanced, deduplicated, and
representative train–valid–test dataset by splitting
individual source-dataset in 8:1:1 ratio (Table 1).

4 Experiments

We evaluate our code-description corpus in two
well-known complementary tasks: source code
summarization and natural language code search.
In this section, we demonstrate that models trained
on CoDesc bring about a noticeable improvement
over two established baselines in code search and
code summarization. Each benchmarking follows
a standard cleaning, preprocessing, and train-test
de-duplication process.

4.1 Natural Language Code Search

We use the code search models used by Husain
et al. (2019) that jointly trains a source code and an
NL encoder networks to minimize their encoded
vector distance (Figure. 1). We apply our dataset
on the CODESEARCHNET (CSN) (Husain et al.,
2019) – a well-studied benchmark in the semantic
code search literature. We train 5 different encoder
networks (Table. 2) with the CSN Java dataset,
and CoDesc respectively. We compare our results
with CodeBERT and RoBERTa (code) (Feng et al.,
2020), two pretrained models achieving state-of-
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Figure 1: Code search model architecture; code and NL
(query) encoders jointly train to reduce their embedded
distance. During search, we select the code that is clos-
est to the query in their shared embedding space.

Model #Param CSN test MRR
CSN-Java CoDesc

NBOW 11.6 M 0.589 0.683
RNN 12.6 M 0.582 0.679
Sel-attn 13.6 M 0.583 0.723
1D Conv 16.4 M 0.520 0.686
Conv self-attn 16.0 M 0.509 0.729
State-of-the-art models
RoBERTa (code) 125 M 0.721
CodeBERT 125 M 0.748

Table 2: Baseline models trained with default dataset
and CoDesc, along with, comparison with SoTA pre-
trained models in CSN Java test set. Training on
CoDesc outperforms training on CSN-Java only, and
it is comparable to SOTA with 8x fewer parameters.

the-art results in CSN Benchmark. They are trained
with a Masked Language Modeling (MLM) (De-
vlin et al., 2019) objective on 2.1 million bimodal
code-NL data, and 6.4 million unimodal data re-
leased with CODESEARCHNET.

Results We use Mean Reciprocal Rank (MRR)
– the commonly used evaluation metric for code
search (Husain et al., 2019; Sachdev et al., 2018;
Cambronero et al., 2019) as the evaluation criteria
for code search. Table 2 shows our results, along
with state-of-the-art models (Liu et al., 2019; Feng
et al., 2020) that have nearly 8-10 times more pa-
rameters than the baseline networks and a more
complex training objective. We achieve remark-
ably close performance with the state-of-the-art
models with much simpler and smaller networks.

4.2 Source Code Summarization

For this task, we follow the methodology proposed
by Ahmad et al. (2020). They used a seq2seq Trans-
former (Vaswani et al., 2017) network with 77M
parameters with relative positional encoding (Shaw

Methods BLEU METEOR ROUGE-L
Transformer 44.58 26.43 54.76
CoDesc pretrained 45.89 28.01 56.59

Table 3: Code summarization with Ahmad et al. (2020)
proposed Transformer network with and without pre-
training with CoDesc.

et al., 2018) and copying mechanism (See et al.,
2017) and achieved state-of-the-art results.

Data preparation Ahmad et al. (2020) used a
Java dataset released by Hu et al. (2018b) and pre-
processed by Wei et al. (2019) consisting of train-
ing, validation, and test datasets of size 69,708,
8,714, and 8,714 respectively. We refer to this
training data as train-small. We create a new
dataset CoDesc-train by combining train-small
with CoDesc. We replace all literals as Wei et al.
(2019) and tokenize the dataset using Character
BPE Tokenization (Sennrich et al., 2016) to create
the same size vocabulary as the previous works.

Training We train a Transformer model pro-
posed by Ahmad et al. (2020) with CoDesc-train
dataset. We use Adam optimizer with an initial
learning rate of 10−4, mini-batch size of 32, and
dropout rate 0.2, vocabulary size 50k for code
and 30k for NL. However, we use maximum in-
put length of 200 token instead of 150 based on
our observation of CoDesc dataset from Table 1.
Each epoch of the model took nearly 8 hours in
an NVIDIA V100 16GB GPU. In comparison, the
train-small dataset took 8.5 minutes only. For limi-
tation of computational resource, we saved the net-
work weights after training it with the large dataset
for two epochs, and to be consistent with the origi-
nal implementation, trained them further with the
train-small dataset for a maximum of 198 more
epochs. We perform an early stop if the valida-
tion performance does not improve for consecutive
20 epoch. The pretraining provides the network
parameters a more favorable initialization than ran-
dom, helping the network find better local minima.

Results Table 3 shows that our two epoch pre-
training with CoDesc significantly improves the
state-of-the-art code summarization methods in all
three evaluation metrics – BLEU (Papineni et al.,
2002), METEOR (Banerjee and Lavie, 2005), and
ROUGE-L (Lin, 2004). We observe that the pre-
trained model often generates more descriptive
summary even when it achieves lower BLEU score
(Fig. 2). We believe the model has more room for
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public void makeImmutable(){
if(mutable){

if(results ! = null){
int length = results.size();
for(int i = NUM; i < length; i + +){

Result result = (Result)results.get(i); result.makeImmutable();
} results = Collections.unmodifiableList(results);

} mutable = BOOL; } }

Human written: makes the object immutable

Transformer prediction (BLEU: 1.0): makes the object immutable

CoDesc pretrained model prediction (BLEU: 0.12): if there are any object in the list then the object is not immutable

Figure 2: CoDesc pretrained model generates more descriptive summary, even in cases it achieves lower score.

Dataset Raw
data

Clean
data Inc. (%)

CSN (Java) 0.5870 0.6427 5.57
DeepCom 0.4677 0.6069 13.92
FunCom 0.5379 0.6366 9.87
CONCODE 0.5444 0.6234 7.90
CSN (Python2Java) 0.5081 0.5546 4.65
CoDesc (All) 0.5852 0.6826 9.74

Table 4: MRR of individual datasets (Section 3.1) be-
fore and after noise removal.

improvement with further pretraining and we wish
to validate this in future work.

4.3 Ablation & Analysis
To quantify the effect of individual data sources
and our noise removal methodology, we train each
dataset before and after applying our data cleaning
method using an NBOW model and test them in
the CSN benchmark using their released test set.

Although our collected data was already cleaned
by the respective authors, Table 4 shows that the
performance of every dataset improves drastically
after our noise removal. Interestingly, without our
extra layer of data cleaning, CoDesc dataset per-
forms worse than training with only CSN data al-
though being significantly larger. This shows the
importance of a standard cleaning and processing
method. Moreover, CSN (Java) have the highest
accuracy, which can be attributed to the fact that
it came from the same distribution of data as the
evaluation and test sets, and hence contains similar
tokens and patterns (Husain et al., 2019). We can
see from Table 4 that the model trained with CSN
(Python2Java) achieves an MRR score of 0.5548.
Although this score is lower than other datasets, it
is still a good indication that the translated data is
helping the model is to learn NL-code association.

New Benchmark Results in Code Search We
provide a new set of benchmark results for CoDesc

dataset in natural language code search. We train,
validate, and test an NBOW, an RNN, and a Self-
attn code search network with the balanced train,
validation, and test data shown in Table 1. The
three models achieve MRR score of 0.812, 0.766,
and 0.839 respectively.

5 Discussion and Conclusion

In this work, we have accumulated CoDesc – a
large code-description parallel dataset and estab-
lished baseline results. CoDesc brings a noteworthy
improvement in two tasks: code search and code
summarization. We believe CoDesc will serve as
a base for future studies on code-description joint
tasks. We also show that automatically translated
source code from a source-to-source compiler can
be applied in a code-NL parallel task, suggesting
that, translating our Java dataset to other program-
ming languages can also be helpful.

The most striking finding of our study is that, by
training with 2X larger parallel data, we achieve
equivalent performance to models having 8X pa-
rameters (Feng et al., 2020) in code search. This
raises an interesting question: are we fully utilizing
the model capacities in code–description studies?
From our pretraining results in code summariza-
tion, it can be reasonably assumed that pretraining
with our large dataset the larger models will also
improve further. In future works, we wish to apply
new techniques for code search, code summariza-
tion, along with exploring our dataset for general-
purpose code synthesis, where the best models are
still struggling in accuracy (Wei et al., 2019; Yin
and Neubig, 2017).
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Supplementary Material: Appendices

A Dataset Details

CodeSearchNet (CSN) Corpus is a code search
dataset for 6 programming languages (Husain
et al., 2019).6 Despite the authors’ effort for data
cleaning, in our observation, CSN CORPUS is
one of the noisiest. The dataset contains dupli-
cate descriptions, inseparable multi-words (e.g.,
updateproductvariationlocalizedde-
ltaprice, updatelocationinventory),
XML tags (e.g., <tt>, <soup>, <sub>),
non-English documentation, non-ASCII and
escape characters, unwanted symbols (e.g., @,
#, {, }), deprecated methods and descriptions,
comments inside code, annotations (e.g., @link,
@code, @inheritdoc) in description, etc.
Datapoints truncated by TransCoder during Python
to Java translation (total 27,471) are marked with a
special flag in our released corpus.

DeepCom Hu et al. (2018a) released a dataset
of 588,108 Java method and documentation pairs
collected from 9,714 GitHub projects for code sum-
marization7. Similar to CODESEARCHNET (Hu-
sain et al., 2019), they considered the first sentence
of a documentation as the summary of the method
as it typically describes the functionalities of Java
methods. They filter out empty and single world
descriptions and the setter, getter, constructors, and
test methods, since they are easy for a model to
summarize. In our manual analysis, we found
HTML tags (e.g. <tt>, <p>, <p class =
...> , <li>, <ul>), comment tags, annota-
tions, escape characters inside descriptions, empty
parentheses as descriptions, repetitive and non-
meaningful descriptions, comments inside source
code, etc. Despite the authors’ claim, we found
numerous test methods in the dataset, which were
mostly meaningful data.

CONCODE Iyer et al. (2018) released a dataset
named CONCODE, collected by mining nearly
33,00 GitHub repositories8. In their preprocessed
dataset, they replaced the names of the identifier
and method names with generic terms, (e.g., arg0,
loc0, function, etc.) and replaced all string
literals with constants. This created a discrepancy
with the other datasets, hence, we opted for their

6https://github.com/github/CodeSearchNet
7https://github.com/xing-hu/DeepCom
8https://github.com/sriniiyer/concode

unprocessed dataset rather than the processed ver-
sion. The unprocessed dataset released with CON-
CODE contained approximately 2.1 million Java
methods and lowercased Javadoc-style document
pairs. Upon duplicate removal, we were left with
733,878 datapoints.

Although some noises were present in this
dataset, we found this data to be least noisy in
manual observation. We find that because of lower
casing the documentations, some CamelCase to-
kens became inseparable. The dataset also con-
tained non-English comments with English alpha-
bets (mostly Italian). We found these documents
hard to identify and remove.

FunCom LeClair and McMillan (2019) released
a dataset of over 2.1 million pairs of Java methods
and one-sentence method descriptions from over
28k Java projects9. They collected this dataset by
filtering over 51 million Java methods from UCI
Source Code datasets (Lopes et al., 2010). In their
preprocessing step, LeClair and McMillan (2019)
removed all datapoints where the method is more
than 100 tokens long, or the method description is
over 13 tokens or below 3 tokens.

In our observation of this dataset, we found
method descriptions containing HTML tokens
(e.g. <tt>, annotations (e.g., @link, @param),
comment tokens, unwanted symbols, solely non-
alphabetic characters, etc. It also contained com-
ments inside methods, and a large portion of
the data were getter, setter, tester, and
toString methods.

B Sample Data

protected void hideTabs(){
if (getPageCount() <= 1) {
setPageText(0,"");
if (getContainer() instanceof

CTabFolder) {
((CTabFolder)getContainer())
.setTabHeight(1);
Point point =

getContainer().getSize();
getContainer().setSize(point.x,
point.y + 6);

}
}

}

Description: if there is just one page in the multi - page editor
part , this hides the single tab at the bottom. (DeepCom)

9http://leclair.tech/data/funcom/
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@Exported
public boolean isIdle() {

lock.readLock().lock();
try {

return workUnit == null &&
executable == null;

} finally {
lock.readLock().unlock();

}
}

Description: returns true if this executor is ready for action.
(CodeSearchNet)

public static void dbCommand(ParserArgs
args){

final Synergy synergy
=(Synergy)args.get("synergy");

if(synergy.reset){
synergy.resetDb();
synergy.update = true;

}
if(synergy.update){
synergy.updateDb();

}
}

Description: manages synergy db state (CodeSearchNet-
Python to Java)

Object getBean(String beanName){
if(null == beanName){

return null;
}
return

applicationContext.getBean(beanName);
}

Description: this method is used to retrieve a bean by its name.
note that this may result in new bean creation if the scope is
set to “prototype” in the bean configuration file. (CONCODE)

public void sort (boolean
transformChanged) {
if (list Size > 1){

if (tlist == null || tlist.length
!= list.length){
tlist = list.clone();

} else {
System.arraycopy(list, 0,

tlist, 0, list.length);
}
if (transform Changed) {

for(int i = 0; i < listSize;
i++) {
list[i]
.computeLastDistance(owner);

}
}
SortUtil.msort(tlist, list, 0,

list Size - 1, c);
}

}

Description: sorts the elements in the list acording to their
comparator. there are two reasons why lights should be
resorted. first, if the lights have moved, that means their

distance to the spatial changed. second, if the spatial itself
moved, it means the distance from it to the individual lights
might have changed. (FunCom)
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Abstract

Knowledge Graphs (KGs) provide human
knowledge with nodes and edges being entities
and relations among them, respectively. Multi-
hop question answering over KGs—which
aims to find answer entities of given ques-
tions through reasoning paths in KGs—has
attracted great attention from both academia
and industry recently. However, this task
remains challenging, as it requires to ac-
curately identify answers in a large candi-
date entity set, of which the size grows ex-
ponentially with the number of reasoning
hops. To tackle this problem, we propose
a novel Deep Cognitive Reasoning Network
(DCRN), which is inspired by the dual pro-
cess theory in cognitive science. Specifically,
DCRN consists of two phases—the uncon-
scious phase and the conscious phase. The
unconscious phase first retrieves informative
evidence from candidate entities by leverag-
ing their semantic information. Then, the con-
scious phase accurately identifies answers by
performing sequential reasoning according to
the graph structure on the retrieved evidence.
Experiments demonstrate that DCRN signifi-
cantly outperforms state-of-the-art methods on
benchmark datasets.

1 Introduction

Knowledge Graphs (KGs) store structured human
knowledge, in which nodes represent entities and
edges represent relations between pairs of entities.
Multi-hop Question Answering over KGs (KGQA)
aims to find answer entities by reasoning over paths
in KGs. We illustrate this task with an example in
Figure 1. Recently, multi-hop question answering
over KGs has attracted great attention from both
academia and industry (Li et al., 2017; Fu et al.,
2020; Saxena et al., 2020). However, this task

∗Corresponding author.
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Question:   Who starred films for the screenwriter of [Thor]?
Answer:   Elizabeth Olsen, Sharlto Copley, Josh Brolin

Figure 1: Illustration of multi-hop question answering
over KGs. Given a natural language question, we start
from the topic entity in it, and reason along paths in
KGs to find answers.

remains challenging, because the number of candi-
date entities grows exponentially with the number
of reasoning hops (Sun et al., 2018, 2019a), making
it difficult to accurately identify answers.

Previous works mitigate this problem by reduc-
ing the size of the candidate entity sets, but they
often sacrifice the recall of answers. These meth-
ods including GRAFT-Net (Sun et al., 2018) and
PullNet (Sun et al., 2019a) first extract question-
specific subgraphs, and then perform multi-hop rea-
soning on the extracted subgraph via Graph Neural
Networks (GNNs) to find answers. However, these
approaches often sacrifice the recall of answers in
exchange for small candidate entity sets. That is,
the extracted subgraph may contain no answer at
all. This trade-off between the recall of answer enti-
ties and the size of candidate entity sets limits their
practical usage. Therefore, it is still desirable to
find an approach that is capable of accurately iden-
tifying answers without sacrificing their recalls.

To tackle this problem, we take inspiration from
the dual process theory (Evans, 1984, 2003, 2008)
in cognitive science and propose a novel Deep
Cognitive Reasoning Network (DCRN). In cog-
nitive science, researchers found that humans can
reason over a large-capacity memory to find an-
swers (Wang et al., 2003). Specifically, the dual
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process theory (Evans, 1984, 2003, 2008) suggests
that humans accomplish cognitive tasks by first
exploiting fast intuition to retrieve task-relevant
evidence via an unconscious process, and then per-
forming sequential reasoning based on the afore-
mentioned evidence to derive answers via a con-
scious process. Similarly, the proposed DCRN
consists of two phases. The first one is the un-
conscious phase, which can retrieve informative
evidence by softly selecting candidate entities that
are most likely to be correct answers. The sec-
ond one is the conscious phase, which can accu-
rately identify answers by performing sequential
reasoning with Bayesian networks based the re-
trieved evidence from the first phase. Experiments
demonstrate that DCRN significantly outperforms
state-of-the-art methods on benchmark datasets.

2 Preliminaries

In this section, we first review the background of
this paper and then introduce the notations used
throughout this paper.

2.1 Background

In this part, we review the background of knowl-
edge graph and milti-hop KGQA.

Knowledge Graph Given a set of entities E , a
set of relations R, and a set of triplets T =
{(ei, rj , ek)} ⊂ E × R × E , we define a knowl-
edge graph G by G = {E ,R, T }.
Multi-hop KGQA Given a knowledge graph G =
{E ,R, T } and a natural language question q with
its topic entity etopic ∈ E , the task of KGQA is to
predict the answer e∗ to question q by

e∗ = argmaxei∈Ef(ei),

where f(ei) is the score function that measures the
plausibility of ei being the correct answer. In multi-
hop KGQA, the answers are not guaranteed to be
direct neighbours of the topic entity in the given
question. Therefore, it often requires multi-hop
reasoning over KGs to find answers.

Bayesian Network A Bayesian network is a prob-
abilistic graphical model that represents a set of
variables and their conditional dependencies via a
directed acyclic graph (DAG). In a Bayesian net-
work, the nodes represents random variables and
the directed edges represent the conditional depen-
dencies between random variables.

2.2 Notations
In this paper, we use lower-case letters e and r to
represent an entity and a relation, respectively. The
corresponding boldface letters e and r denotes the
embeddings of e and r, respectively.

3 Related Work

In this section, we review related work for multi-
hop KGQA and knowledge graph embeddings.

3.1 Multi-hop KBQA
Recent work in multi-hop KBQA can be divided
into two categories: semantic parsing methods and
information retrieval methods. Semantic parsing
methods first parse the given question into an ex-
ecutable query, and then execute the query to lo-
cate answers. Information retrieval methods em-
beds questions and the knowledge graph into low-
dimensional spaces, and then find answers based on
question-answer semantic similarity. Our proposed
DCRN belongs to information retrieval methods.
Key-Value Memory Network (KV-Mem) KV-
Mem (Miller et al., 2016) is a variant of Memory
Network (Weston et al., 2015), which performs
reasoning based on a memory component, i.e., an
array storing triplets in KGs. KV-Mem iteratively
reads from the memory to update the question em-
bedding, which is used to match correct answers.

Variational Reasoning Network (VRN) VRN
(Zhang et al., 2018) proposes a variational frame-
work for multi-hop KGQA. To identify answers,
it computes the compatibility scores between the
question type and the reasoning graph of each can-
didate. However, its performance is limited on
the question that requires long reasoning paths to
answer, due to the exponentially grown candidates.

GRAFT-Net GRAFT-Net (Sun et al., 2018) first
extracts question-specific subgraph based on Per-
sonalized Page Rank (PPR), and then encode the
subgraph with Graph Neural Networks (GNN) to
identify answers. However, as described in Sun
et al. (2019a), the extracted subgraphs are often too
large and have a low recall for answer entities.

PullNet PullNet (Sun et al., 2019a) mitigates the
problem of GraftNet with a trainable subgraph ex-
pansion strategy. It constructs question-specific
subgraph starting from the list of entities mentioned
in the question, and then iteratively “pulls” the rel-
evant entities to expand the subgraph. However,
it inevitably sacrifices the recall of answer entities

220



Output

Entity Ranking

English

Japanese

Action

Comedy

1995

…

Input
Question

Knowledge Graph

what are the genres
of the movies acted
by [Jackie Chan] ?

Jackie Chan

Path Decoding Module

Informative
Evidence

Reasoning
Results

prediction

Unconscious
Phase

Conscious
Phase

candidate
entities

query topic
entity

candidate
entities

Figure 2: Overview of the proposed Deep Cognitive Reasoning Network (DCRN). DCRN consists of a Path
Decoding Module and two phases—the unconscious phase and the conscious phase. Deeper color in coarse/fine-
grained results denotes higher prediction score as the correct answer.

in exchange for small candidate entity sets, which
limits its performance in practical usage.

EmbedKGQA EmbedKGQA (Saxena et al., 2020)
models multi-hop KBQA as a link prediction task.
It first embeds the given question into a latent rela-
tion embedding, and then exploits knowledge graph
embedding techniques to identify answers.

3.2 Knowledge Graph Embedding in KGQA

Knowledge Graph Embedding (KGE) methods
(Hitchcock, 1927; Trouillon et al., 2016; Sun et al.,
2019b; Zhang et al., 2020a,b) aim to map entities
and relations within KGs into distributed represen-
tations (vectors, matrices, etc.). These embeddings
are often trained by the link prediction task, where
the model is required to predict the missing head
or tail entity of a triplet.

EmbedKGQA (Saxena et al., 2020) use Com-
plEx (Trouillon et al., 2016) to train knowledge
graph embeddings, which represents entity and re-
lation embeddings as vectors in complex spaces.
For fair comparison with previous work including
GRAFT-Net (Sun et al., 2018) and PullNet (Sun
et al., 2019a), we use Canonical Polyadic (CP) de-
composition (Hitchcock, 1927) to train knowledge
graph embeddings in our proposed DCRN, which
represents entity and relation embeddings as vec-
tors in real spaces.

3.3 The Dual Process Theory

The dual process theory (Evans, 1984, 2003, 2008)
is originally proposed in cognitive science. In-
spired by this theory, researchers propose to mimic
human cognition in various cognitive tasks. For
example, Du et al. (2019) applies the theory to one-
shot KG reasoning, and Ding et al. (2019) proposes

a cognitive framework for multi-hop reasoning over
documents. Different from these work, we focus
on the task of multi-hop question answering over
knowledge graphs.

4 Method

In this section, we introduce our proposed Deep
Cognitive Reasoning Network (DCRN) for multi-
hop KGQA. In section 4.1, we introduce the mo-
tivation and the overall architecture of DCRN. In
Section 4.2, 4.3, and 4.4, we introduce the compo-
nents of the proposed DCRN.

4.1 Motivation

For multi-hop questions, it is challenging to ac-
curately identify answers from a large candidate
set, of which the size grows exponentially with the
number of reasoning steps. Existing approaches
(Sun et al., 2018, 2019a) aim to reduce the size of
candidate entity set by extracting question-specific
subgraphs. However, these approaches often sac-
rifice the recall of answers in exchange for small
candidate sets, which limits their performances in
practical usage.

We take inspiration from the dual process the-
ory (Evans, 1984, 2003, 2008) in cognitive science.
Specifically, the theory suggests that humans ac-
complish cognitive tasks by first exploiting fast
intuition to retrieve task-relevant evidence via an
unconscious process (System 1), and then perform-
ing sequential reasoning based on the aforemen-
tioned evidence to derive answers via a conscious
process (System 2).

Inspired by the dual process theory in cognitive
science, we propose Deep Cognition Reasoning
Network (DCRN) for multi-hop KGQA. The pro-
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posed DCRN consists of two phases. The first
one is the unconscious phase, which can retrieve
informative evidence from candidate entities by
leveraging their semantic information. The second
one is the conscious phase, which can accurately
identify answers by performing sequential reason-
ing according to the graph structure on the retrieved
evidence from the first phase.

The overall architecture of DCRN is shown in
Figure 2. In DCRN, the basic module is the Path
Decoding Module, based on which are the two
phases—unconscious phase and conscious phase.

4.2 Path Decoding Module
, The Path Decoding Module is the basic com-
ponent of DCRN. As multi-hop KGQA requires
multi-hop reasoning to arrive at answer entities, we
decode the reasoning path information from the
question in this module.

Specifically, we adopt an RNN-based encoder-
decoder structure, which first encodes the question
into a hidden representation, and then decodes this
representation to obtain the reasoning path infor-
mation, i.e., the scores of each relation at each
reasoning step. These scores will be used in the
unconscious and conscious phase.

First, we encode the given question q with an
RNN to obtain its latent representation q ∈ Rd.

q = RNN-Encoder(q).

Then, we decode this representation q to obtain rea-
soning path information. We illustrate this process
in Figure 3. At each step of decoding, the decoder
predicts the scores of each relation. The predictions
at step t is the input of the decoder at step t+ 1.

Question
embedding

RNN RNN RNN. . .

Step 1

𝑟! 𝑟" 𝑟# … 𝑟$ 𝑟! 𝑟" 𝑟# … 𝑟$ 𝑟! 𝑟" 𝑟# … 𝑟$

. . .Reasoning Path
Prediction

Step 2 Step T

Figure 3: Illustration of the Path Decoding Module.

At step t, given the hidden state h(t−1) of the pre-
vious iteration and the input i(t), the RNN decoder
outputs the updated hidden state h(t) by

h(t) = RNN-Decoder(h(t−1), i(t)),

where the initial hidden state h(0) is initialized as
the question embedding q, and the initial input i(0)

is a zero vector. Then, we compute the output of
step t by

o(t) =
∑

i

α
(t)
i ri,

where the weights α(t)
i is computed as

α
(t)
i =

exp (f
(t)
rel(ri))∑

j exp (f
(t)
rel(rj))

.

Note that f (t)rel(ri) denotes the scores of each rela-
tion at step t, which is computed by

f
(t)
rel(ri) = h(t)r>i .

Then, the output of step t will be the input of step
t+ 1. That is, i(t+1) = o(t).

4.3 The Unconscious Phase
The unconscious phase corresponds to the uncon-
scious process (System 1) in the dual process the-
ory from cognitive science. In this phase, we re-
trieve informative evidence from candidate entities
by leveraging their semantic information.

The evidence refers to sketched results that pre-
dicts which candidates are most likely to be correct
answers. We expect the retrieved evidence to ef-
fectively filter out those candidate entities that are
irrelevant to the given question.

To achieve this, we perform semantic match-
ing between the given question and each candidate
entity. The semantic matching scores fs(e) of can-
didate entity e is

fs(e) = qe>,

where q ∈ R1×d is the query embedding obtained
based on the given question, and e ∈ R1×d is the
embedding of entity e.

In our model, the entity embedding e ∈ Rd
is pretrained by the CP (Hitchcock, 1927) model.
Therefore, the key of the unconscious phase is to
design informative query representation q ∈ Rd.

To design informative query representations, we
take inspiration from PTransE (Lin et al., 2015),
which extends knowledge graph embedding to re-
lation paths. In PTransE, if a relation path e1

r1−→
e2

r2−→ ...
rn−1−−−→ en holds, then PTransE optimize

the following objective:

e1 ◦ r1 ◦ ... ◦ rn−1 = en,
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where ◦ is an composition operation, and it can be
addition, element-wise multiplication, RNN, etc.
This objective can be considered as the semantic
matching between the query e1 ◦ r1 ◦ ... ◦ rn−1 and
its target en.

Similarly, we encode the query representation
q as follows. First, the start entity of the reason-
ing path is the topic etopic in the given question.
Second, recall that we decode reasoning path infor-
mation in the Path Decoding Module, in which the
output at step t (i.e., o(t)) represents the weighted
sum of relation embeddings. Therefore, we repre-
sent the query embedding as

q = etopic ◦ o(1) ◦ ... ◦ o(T ),

where ◦ denotes element-wise multiplication in
this formula, and T denotes the number of steps
in the Path Decoding Module (i.e., the number of
reasoning steps).

4.4 The Conscious Phase

The conscious phase corresponds to the conscious
process (System 2) in the dual process theory from
cognitive science. In this phase, we accurately iden-
tify answers by performing sequential reasoning
according to the graph structure on the retrieved
evidence from the unconscious phase.

To model the sequential reasoning, we take inspi-
ration from the consciousness prior (Bengio, 2017).
It suggests that the conscious process only refers
to a few variables at a time, which can be modeled
as factor graphs, a form of knowledge representa-
tion which is factored into pieces involving a few
variables at a time.

In this work, we perform sequential reasoning
based on Bayesian networks, which can be seen as
a type of factor graphs. First, we build question-
specific Bayesian networks from the given KG,
in which we view the predictions of entities as
random variables and relations as the relational
dependencies between them. Second, we perform
marginal inference on the Bayesian networks to
predict the probability of each candidate entity as a
correct answer.

4.4.1 Building Bayesian Networks
We build question-specific Bayesian networks from
the given KG with the following two steps. First,
we perform graph pruning on the KG to obtain a di-
rected acyclic graph (DAG). Second, we transform
the DAG into a Bayesian network.

Given a knowledge graph G = {E ,R, T } and a
question q with a topic entity etopic ∈ E , we prune
G to obtain a directed acyclic graph (DAG) by
applying the breadth-first search (BFS) algorithm
starting from etopic. Specifically, we only keep
the visited edges during searching, and remove the
unvisited edges. We illustrate this process in Figure
4, in which we perform two-step BFS starting from
the topic entity, and prunes the unvisited edges.
Note that we add inverse relations r−1 for each
relation r in KGs following previous work (Sun
et al., 2018, 2019a). That is, if (ei, rj , ek) is a valid
triplet, then (ek, r

−1
j , ei) is also valid.

The reasons to perform the graph pruning is two-
fold. First, the number of potential reasoning paths
from etopic to an arbitrary candidate entity e in the
KG can be extremely large. Therefore, we apply
graph pruning to reduce the search space, and only
keep the shortest paths. Second, Bayesian Network
is required to be a directed acyclic graph (DAG).
Therefore, the graph pruning procedure only re-
moves redundant edges, and the answer entities are
guaranteed to be within the candidate set.

Knowledge Graph Bayesian Network

BFS Search

Edge Pruning

Node: entities
Edge: relations

topic
entity

topic
entity

Node: random variables
Edge: dependencies

𝒆𝒊 𝑬𝒊 = $𝟎𝟏
not answer
is answer

Figure 4: Illustration of question-specific Bayesian net-
works built from KGs. In KGs, we add an inverse
relation r−1 for each relation r. That is, if a triplet
(ei, r, ej) exists, then (ej , r

−1, ei) also exists.

We use Ĝ(etopic) to denote the pruned graph
given the topic entity etopic. Then, we have the
following proposition.

Proposition 1. The pruned graph Ĝ(etopic) is a
directed acyclic graph (DAG).

For detailed proof, please refer to the appendix.
According to the properties of BFS, if G is con-
nected, then there exists a path in the pruned graph
Ĝ(etopic) that starts from etopic and ends with e.
Furthermore, this path must be the shortest one
among all paths in G that connects etopic and e.

We then introduce how this DAG corresponds
Ĝ(etopic) to a Bayesian network. The transformed
Bayesian Network B(topic) shares the same graph
structure with Ĝ(topic), but the definitions on nodes
and edges are different. In Table 1, we illustrate the
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Table 1: The relationship between the DAG and the
corresponding Bayesian Network.

DAG Ĝ(etopic) Bayesian Network B(etopic)
Nodes entity ei random variable Xei = {0, 1}

Edges relation rj
between ei and ek

conditional dependencies
between Xei and Xek

relationship between the DAG and the correspond-
ing Bayesian network.

Each entity e in Ĝ(etopic) corresponds to a ran-
dom variable Xe = {0, 1} in B(etopic), where
Xe = {0, 1} represents the prediction of a candi-
date entity e. Given a question q, Xe = 0 denotes
that e is an incorrect answer and Xe = 1 denotes
that e is a correct answer. In Ĝ(topic), each relation
r connecting entity ei and ej corresponds to an
directed edge connecting Xei and Xej in B(topic),
which denotes the dependencies between them.

4.4.2 Bayesian Reasoning
Based on the Bayesian network B(topic), we can
make marginal inferences to predict whether an en-
tity e is a correct answer, which can be represented
in a probabilistic way:

P(Xe = 1|G, q, etopic),

where G is the KG, q is the given question, and
etopic is the topic entity. To calculate this marginal
probability, we have the following proposition.

Proposition 2. The marginal probability P(Xe =
1|G, q, etopic) that predicts a candidate entity e can
be calculated via variable elimination:

P(Xe = 1|G, q, etopic)
= P(Xe = 1)

∏

e′∈pa(e)

P(Xe′ = 0|G, q, etopic),

where pa(e) denotes the set of parent nodes of e,
i.e., the nodes that have edges directing at e. The
first component P(Xe = 1) is the abbreviation of

P(Xe = 1|G, q, etopic, Xpa(e) = 0).

For detailed proofs, please refer to the appendix.
The marginal probability P(Xe = 1|G, q, etopic)
is the product of two components. The first
component denotes the probability that entity
e is an answer given that all e’s parent enti-
ties pa(e) are incorrect. The second component∏
e′∈pa(Xe) P(Xe′ = 0|G, q, etopic) denotes the

product of the predictions of Xe’s parent nodes.
Note that we assume P(Xe′ = 0|G, q, etopic) = 1
when computing P(Xe = 1|G, q, etopic in our im-
plementation for convenience of computation.

We model the first component as follows.

P(Xe = 1|G, q, etopic, Xpa(e) = 0)

= sigmoid(g(fs(e), fb(e))),

where fs(e) is the evidence provided by the un-
conscious phase, fb(e) represents the score com-
puted in the Bayesian network. g(·, ·) is a func-
tion for combining the two scores, and we choose
g(x, y) = x + y in this work. The score fb(e) is
defined as follows:

fb(e) =
∑

e′∈pa(e),
(e′,r,e)∈T

α(t)
r fb(e

′) + f
(t)
rel(r),

where f (t)rel(r) represents the prediction score of
relation r at reasoning step t in the Path Decoding
Module, α(t)

r is defined in section ??. Note that t
also denotes the topological distance between etopic
and e, i.e., the required reasoning steps from etopic
to e. We initialize the score for the topic entity to
zero. That is, fb(etopic) = 0.

The conscious phase is different from previ-
ous multi-hop reasoning approaches (Zhang et al.,
2018; Sun et al., 2018, 2019a) in the following
two aspects. First, we model the reasoning pro-
cess in a probabilistic perspective with Bayesian
networks, while previous works often apply GNN
for reasoning. Second, the conscious phase prop-
agates scalar scores along the paths for multi-hop
reasoning, while previous works often propagates
embeddings with GNNs.

4.5 Loss Function
We use the Binary Cross Entropy Loss for train-
ing. Specifically, given a question q, the loss L is
computed as

L =
1

|E|(
∑

e∈A
log p(e) +

∑

e′∈E/A
log(1− p(e′))),

where E is the set of entities, A is the set of correct
answers, and p(e) = P(Xe = 1|G, q, etopic).

5 Experiments

This section is organized as follows. In Section
5.1, we introduce experimental settings in detail.
In Section 5.2, we show the effectiveness of our
model on benchmark datasets. In Section 5.3, we
conduct ablation studies and analysis.
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5.1 Experimental Settings
In this part, we introduce the benchmark datasets
and the protocols for training and evaluation.

5.1.1 Datasets
We conduct experiments on two public datasets—
WebQuestionSP (Yih et al., 2015) and MetaQA
(Zhang et al., 2018), which have been divided into
training, validation, and testing set by previous
works. The statistics are shown in Table 2.

Table 2: The statistics of benchmark datasets. The sec-
ond to fourth columns show the number of entities, re-
lations, and triplets, respectively. The fifth to seventh
columns show the size of training, validation, and test-
ing dataset, respectively.

Dataset Entity Relation Triplet Train Valid Test

WebQuestionSP 601,445 567 1,261,849 2,848 250 1,639

MetaQA 1-hop 43,233 9 134,741 96,106 9,992 9,947
MetaQA 2-hop 43,233 9 134,741 118,980 14,872 14,872
MetaQA 3-hop 43,233 9 134,741 114,196 14,274 14,274

WebQuestionSP WebQuestionSP is a small
dataset containing 4,737 questions. Those ques-
tions are 1-hop or 2-hop questions that can be an-
swered with the Freebase (Bollacker et al., 2008)
knowledge graph. Note that WebQuestionSP
mainly consists of 1-hop questions, and only 0.5%
of the questions are 2-hop.

MetaQA MetaQA is a large dataset containing
over 400k questions in the movie domain. It is
split into 1-hop, 2-hop, and 3-hop questions. Fol-
lowing previous work (Sun et al., 2018, 2019a;
Saxena et al., 2020), we use the “vanilla” version
of the dataset. On MetaQA, we evaluate our model
under two settings: “full” setting and “half” setting.
In the “full” setting, we use the vanilla knowledge
graph for training. In the “half” setting, we follow
previous work (Saxena et al., 2020) to randomly
drop 50% of triplets in the knowledge graph.

5.1.2 Evaluation Protocols
Following previous work (Sun et al., 2018, 2019a),
we use Hits at N (H@N) to evaluate model per-
formance. For each given question, we rank the
candidates in descending order according to their
scores, and compute the percentage of correct an-
swers that ranks at top N.

5.1.3 Training Protocols
We choose Adam (Kingma and Ba, 2015) as the
optimizer, and use grid search to find the best hy-
perparameters based on the model performance on

the validation datasets. For the details of hyperpa-
rameter selection, please refer to the appendix.

Following previous work (Sun et al., 2018,
2019a), we use GloVe (Pennington et al., 2014)
as word embeddings, and use bidirectional LSTM
as the encoder. We also use CP (Hitchcock, 1927)
to train entity and relation embeddings.

5.1.4 Candidate Set Generation Protocol
In the ”full” setting, the candidate set of a n-hop
question q consists of all entities that are within
the n-hop of the topic entity of q. In the ’half’
setting, the candidate set of any question consists
of all entities in the KG. Therefore, the answers are
guaranteed to be included in the candidate sets, and
the recall of answers is 1.0.

5.1.5 Hyperparameters
We use grid search to find the best hyperparameters.
Specifically, we search the learning rate in {0.1,
0.01, 0.001}, and dropout rate in {0.1, 0.2, 0.3}.
The optimal configurations of DCRN is that learn-
ing rate = 0.01 and dropout rate = 0.2. For fair
comparison with previous work (Sun et al., 2018,
2019a; Saxena et al., 2020), we set the embedding
size to 300. When training the knowledge graph
embeddings with CP (Hitchcock, 1927), we search
the learning rate in {0.1, 0.01, 0.001}, and the
optimal configuration is learning rate = 0.1. We
choose the values hyperparameter T as follows. On
WebQuestionSP, we set T = 2. On MetaQA with
”full” setting, we set T = t for t-hop questions. On
MetaQA with ”half” setting, we set T = 4.

5.2 Main Results

In Table 3, we show the results of our proposed
DCRN on WebQuestionSP and MetaQA datasets.
Overall, our model significantly outperforms state-
of-the-art models on benchmark datasets.

WebQuestionSP is a small dataset but it uses a
large-scale KG, which is a subset of Freebase. This
dataset follows an inductive setting—some entities
in the test set have not appeared in the training set.
Experiments demonstrate that our DCRN achieves
67.8 on H@1, which outperforms GraftNet and KV-
Mem, and performs comparatively against previous
state-of-the-art PullNet.

MetaQA is a large dataset consisting of 1 to 3-
hop questions. Overall, our DCRN achieves state-
of-the-art on all the three subdatasets. On MetaQA
1-hop and 2-hop, although some previous methods
exhibits satisfying performance, they fail to achieve
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Table 3: Evaluation results (H@1) of the proposed DCRN and previous state-of-the art methods on WebQuestionSP
and MetaQA datasets.

Methods WebQSP MetaQA 1-hop MetaQA 2-hop MetaQA 3-hop

KV-Mem (Miller et al., 2016) 46.7 96.2 82.7 48.9
VRN (Zhang et al., 2018) - 97.5 89.9 62.5
GraftNet (Sun et al., 2018) 66.4 97.0 94.8 77.7
PullNet (Sun et al., 2019a) 68.1 97.0 99.9 91.4
EmbedKGQA (Saxena et al., 2020) 66.6 97.5 98.8 94.8

DCRN (Ours) 67.8 97.5 99.9 99.3

consistent performances on both datasets. For ex-
ample, PullNet only achieves 97.0 on MetaQA
1-hop, and EmbedKGQA only achieves 98.8 on
MetaQA 2-hop. Different from previous meth-
ods, our DCRN achieves state-of-the-art on both
MetaQA 1-hop and 2-hop.

The questions in the MetaQA 3-hop dataset
are more difficult to answer compared to those in
MetaQA 1-hop and 2-hop, as they require longer
reasoning paths to find answers. However, exper-
iments demonstrate that our model achieves 99.3
on H@1, which significantly outperforms previous
state-of-the-arts. Specifically, it gains 7.9 against
PullNet and 4.5 against EmbedKGQA. The results
on MetaQA 3-hop illustrates the effectiveness of
our model on answering questions that require long
reasoning paths.

We also conduct experiments in “half” setting.
In this setting, 50% of triplets are dropped, making
it more challenging to accurately identify answers.
The results are shown in Table 4. Experiments
demonstrate our model achieves state-of-the art on
all subsets of MetaQA.

Table 4: The evaluation results (H@1) of DCRN and
previsou state-of-the art methods on MetaQA datasets
under the “half” setting. In this setting, 50% triplets
are randomly dropped.

Methods MetaQA
1-hop

MetaQA
2-hop

MetaQA
3-hop

KV-Mem 63.6 41.8 37.6
GraftNet 64.0 52.6 59.2
PullNet 65.1 52.1 59.7
EmbedKGQA 83.9 91.8 70.3

DCRN (Ours) 88.5 91.9 72.5

5.3 Analysis
In this part, we conduct analysis on our model. In
Section 5.3.1, we conduct ablation studies on the
two phases in DCRN. In Section 5.3.2, we conduct

a case study to illustrate the two-phase strategy of
the proposed DCRN.

5.3.1 Ablation Studies on the Two Phases
In Table 5, we conduct ablations studies to show
the performances of the two phases in DCRN.

Table 5: Ablation results (H@1) of the two modules on
WebQuestionSP and MetaQA datasets. “Unconscious”
and “Conscious” denote the unconscious phase and the
conscious phase, respectively.

Methods WebQSP MetaQA
1-hop

MetaQA
2-hop

MetaQA
3-hop

DCRN 67.8 97.5 99.9 99.3
Unconscious Phase 60.8 96.9 92.1 68.4
Conscious Phase 47.2 97.4 93.8 37.2

Overall, the experiments show that both two
phases are indispensable in our model. The rea-
son is that the unconscious and the conscious phase
are designed to better exploit node-level and path-
level features, respectively. Both levels of features
are critical to the accurate answer identification.
Therefore, the cooperation of the two phases brings
significant improvements to the performance, as
shown in Table 5. On MetaQA 1-hop and 2-hop,
both two phases achieves satisfying performances,
as the number of candidate entities is relatively
small. Furthermore, the conscious phase outper-
forms the unconscious phase. This is because the
unconscious phase exploits the coarse-grained se-
mantic of entities, while the conscious phase con-
siders the fine-grained relational dependencies be-
tween entities. Therefore, on small candidate entity
sets, the conscious phase could make more accurate
predictions.

On MetaQA 3-hop, the unconscious phase out-
performs conscious phase. This is because 3-hop
questions usually have large candidate entity set,
and the errors can propagate along reasoning paths.
Therefore, to make accurate predictions, DCRN
requires the unconscious phase to softly filter out
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irrelevant candidates. Experiments demonstrate
that, by considering both phases, DCRN achieves
99.3 on H@1.

We further compare between the unconscious
phase of DCRN and EmbedKGQA (Saxena et al.,
2020). EmbedKGQA consists of two parts—
knowledge graph embedding and relation matching.
The former part use the question representation as
latent relation embedding. Different from Embed-
KGQA, the unconscious phase in DCRN decode
a question into relation paths. To illustrate the ef-
fectiveness of the unconscious phase, we compare
it with EmbedKGQA (w/o relation matching), and
the results are shown in Table 6.

Table 6: Comparisons between EmbedKGQA (w/o re-
lation matching) and the unconscious phase in the pro-
posed DCRN on the MetaQA datasets.

Methods MetaQA
1-hop

MetaQA
2-hop

MetaQA
3-hop

EmbedKGQA
(w/o relation matching)

94.7 86.5 67.2

Unconscious Phase 96.9 92.1 68.4

Note that EmbedKGQA (Saxena et al., 2020) use
RoBERTa (Liu et al., 2019) for word embeddings
and ComplEx (Trouillon et al., 2016) for entity
embeddings. For fair comparison with previous
work including GRAFT-Net (Sun et al., 2018) and
PullNet (Sun et al., 2019a), we use GloVe (Pen-
nington et al., 2014) for word embeddings and CP
(Hitchcock, 1927) for entity embeddings, and we
reimplement EmbedKGQA (w/o relation match-
ing) under our settings.

Experiments demonstrate that the unconscious
phase outperforms EmbedKGQA (w/o relation
matching) on all the three datasets of MetaQA,
illustrating the effectiveness of our design on the
query representation in the unconscious phase.

5.3.2 Case Study
In this part, we conduct a case study to illustrate the
effectiveness of the two-phase strategy in DCRN.
In Figure 5, we show the predictions made by
DCRN on a 2-hop question who is listed as screen-
writer of John Derek acted films?. This question is
taken from the test set of MetaQA 2-hop.

The figure on the left shows the predictions of
the unconscious phase. It shows that the uncon-
scious phase successfully filters out the candidates
that are unlikely to be correct answers. The pre-
dictions made by the unconscious phase provide

informative evidence for the subsequent conscious
phase. The figure on the right shows the predic-
tions of the conscious phase. Based on the retrieved
evidence, the conscious phase successfully ranks
the correct answers in the first place.
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Figure 5: Illustration of the predictions made by the un-
conscious phase (left) and the conscious phase (right)
to the question who is listed as screenwriter of John
Derek acted films?. We exhibit the 2-hop subgraph of
the topic entity John Derek. Deeper color for an entity
indicates higher prediction score as a correct answer.

6 Conclusion

Multi-hop question answering over knowledge
graphs aims to answer questions by multi-hop rea-
soning over knowledge graphs to find answers. In
this work, we propose a novel Deep Cognitive Rea-
soning Network (DCRN), which is inspired by the
dual process theory in cognitive science. DCRN
can accurately identify answers with two phases—
unconscious phase and conscious phase. Exper-
iments demonstrate that our model outperforms
state-of-the-art methods on benchmark datasets.
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Appendix

A Proofs of the Propositions

Proposition 1. The pruned graph Ĝ(etopic) is a
directed acyclic graph (DAG).

Proof. The pruned graph Ĝ(etopic) is obtained by
employing the Breadth-First Search (BFS) algo-
rithm starting from etopic. During the search pro-
cess, we only keep the visited edges.

First, it is clear that Ĝ(etopic) is a directed graph.
Second, we prove that Ĝ(etopic) is acyclic. During
the BFS search, the nodes are classified into several
categories according to their topological distance
to etopic. After the pruning, each edge in Ĝ(etopic)
must connect a node with topological distance n
to etopic and a node with distance (n+ 1) to etopic.
Therefore, there is no loop in Ĝ(etopic).
Proposition 2. The marginal probability P(Xe =
1|G, q, etopic) that predicts a candidate entity e can
be calculated via variable elimination:

P(Xe = 1|G, q, etopic)
= P(Xe = 1)

∏

e′∈pa(e)

P(Xe′ = 0|G, q, etopic),

where pa(e) denotes the set of parent nodes of e,
i.e., the nodes that have edges directing at e. The
first component P(Xe = 1) is the abbreviation of

P(Xe = 1|G, q, etopic, Xpa(e) = 0).

Proof. First, the marginal probability is defined as

P(Xe = 1|G, q, etopic) =∑

e1,e2,...∈E/e
P(Xe = 1, Xe1 , Xe2 , ...|G, q, etopic),

where P(Xe = 1, Xe1 , Xe2 , ...|G, q, etopic) is the
joint probability of variables Xe1 , ...Xe|E| .

By the definition of Bayesian networks, the joint
probability is factorized into several components:

P(Xe = 1, Xe1 , Xe2 , ...|G, q, etopic) =∏

v∈E
P(Xv|Xpa(v),G, q, etopic),

Therefore, the marginal probability is represented
as follows:

P(Xe = 1|G, q, etopic) =∑

v∈E/e

∏

v∈E
P(Xv|Xpa(v),G, q, etopic).

We then perform variable elimination, which elimi-
nates the variables other than Xe and Xpa(e). The
results are as follows:

P(Xe = 1|G, q, etopic) =∑

e′∈pa(e)

P̂(Xe = 1)P(Xe′ |G, q, etopic),

where the notation P̂(Xe = 1) denotes

P(Xe = 1|G, q, etopic, Xpa(e)).

We then make the following assumption: if any par-
ent of e is an answer, then e is not an answer. This
assumption represents the fact that each question
corresponds to a unique reasoning path.

Following this assumption, we have that

P(Xe = 1|G, q, etopic, Xpa(e)) = 0,

if there exists e′ ∈ pa(e) such that Xe′ = 1. There-
fore, we have the following conclusion:

P(Xe = 1|G, q, etopic) =
P(Xe = 1)

∏

e′∈pa(e)

P(Xe′ = 0|G, q, etopic),

where pa(e) denotes the set of parent nodes of e,
i.e., the nodes that have edges directing at e. The
first component P(Xe = 1) is the abbreviation of

P(Xe = 1|G, q, etopic, Xpa(e) = 0).
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Abstract

Visual dialog, which aims to hold a meaning-
ful conversation with humans about a given
image, is a challenging task that requires
models to reason the complex dependencies
among visual content, dialog history, and cur-
rent questions. Graph neural networks are
recently applied to model the implicit rela-
tions between objects in an image or dia-
log. However, they neglect the importance
of 1) coreference relations among dialog his-
tory and dependency relations between words
for the question representation; and 2) the rep-
resentation of the image based on the fully
represented question. Therefore, we propose
a novel relation-aware graph-over-graph net-
work (GoG) for visual dialog. Specifically,
GoG consists of three sequential graphs: 1) H-
Graph, which aims to capture coreference rela-
tions among dialog history; 2) History-aware
Q-Graph, which aims to fully understand the
question through capturing dependency rela-
tions between words based on coreference res-
olution on the dialog history; and 3) Question-
aware I-Graph, which aims to capture the re-
lations between objects in an image based on
fully question representation. As an additional
feature representation module, we add GoG
to the existing visual dialogue model. Ex-
perimental results show that our model out-
performs the strong baseline in both genera-
tive and discriminative settings by a significant
margin.

1 Introduction

Vision-language tasks have drawn more attention
with the development of multi-modal natural lan-
guage processing (Baltrušaitis et al., 2018; Chen
et al., 2020b, 2019), such as image captioning (Xu
et al., 2015; Anderson et al., 2016, 2018; Cornia
et al., 2020; Ghanimifard and Dobnik, 2019), vi-
sual question answering (Ren et al., 2015a; Gao
et al., 2015; Lu et al., 2016; Anderson et al., 2018;

H0: a man in a suit and tie standing next 
to a woman with glasses
H1: what color is the man 's suit ? grey 
with a blue and grey tie
H2: what color is his hair ? White
H3: is it styled nicely ? Yes

Q4: is he looking at the woman ? 
he looking at

the

woman

is

H1

H3

H2

H0

Image Graph

History Graph

Question Graph

nsubj auxprep pobj det

Aware

Aware

Figure 1: An example of complex relationships in vi-
sual dialog. The color in the text corresponds to the
same color box in the image, which indicates the same
entity. In visual dialog, we construct three graphs. His-
tory graph (H-Graph): arrows indicate the coreference
relations between QA pairs in dialog history. Question
graph (Q-Graph): arrows indicate dependency relations
of the question. Image graph (I-Graph): arrows indi-
cate spatial relations between objects in an image. The
dark green dotted line indicates the bottom graph af-
fects the upper graph.

Li et al., 2019; Huang et al., 2020) and visual dia-
log (Das et al., 2017; Kottur et al., 2018; Agarwal
et al., 2020; Wang et al., 2020; Qi et al., 2020). Re-
lations in these tasks are significant for reasoning
and understanding the textual and visual informa-
tion. Specifically, visual dialog, which aims to hold
a meaningful conversation with a human about a
given image, is a challenging task that requires
models to reason complex relations among visual
content, dialog history, and current questions.

Kinds of attention mechanisms are served as the
backbone of previous mainstream approaches (Lu
et al., 2017; Wu et al., 2018; Kottur et al., 2018;
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Gan et al., 2019; Guo et al., 2019b), following Das
et al. 2017. HCAIE (Lu et al., 2017) provides
a history-conditioned image attentive encoder to
represent the question, the question-attended his-
tory, and the attended image. CoAtt (Wu et al.,
2018) provides a sequential co-attention encoder
to realize that each input feature is co-attended
by the other two features in a sequential fashion.
ReDAN (Gan et al., 2019) and DMAM (Chen et al.,
2020a) use multi-step reasoning based on dual at-
tention to answer a series of questions about an
image. DAN (Guo et al., 2019b), MCAN (Agarwal
et al., 2020) and LTMI (Nguyen et al., 2020) utilize
multi-head attention mechanisms to manage multi-
modal intersection. However, these approaches
tend to catch only the most discriminative infor-
mation, ignoring other rich complementary clues,
such as relations between objects in an image.

Recent visual dialog studies (Zheng et al., 2019;
Schwartz et al., 2019; Jiang et al., 2020b; Guo et al.,
2020; Jiang et al., 2020a) explore the higher-level
semantic representation of images or dialog his-
tory, notably with graph-based structures for mod-
eling the image or dialog history. Although graph-
based structures have been considered, these graph-
based models lack explicitly capturing complex
relations within visual content or textual contexts,
and relations between them. As shown in Figure 1,
there are complex relations such as coreference re-
lations among dialog history, dependency relations
between words in the question, spatial relations be-
tween objects in the image. For example, to answer
the question Q4 “is he looking at the woman ?”,
we firstly need to reason in dialog history to know
who “he” is, then further understand the intention
of the question with the understood of history and
syntax of questions, and finally know clearly the
spatial location and relation about “the man” and

“the woman” in the image based on fully question
understanding. How to 1) understand the corefer-
ence among history, 2) understand the intention of
the question with its syntax and history, 3) under-
stand the image with fully question understanding
are worth exploring.

Therefore, in this paper, we propose a novel
relation-aware graph-over-graph network (GoG)
for visual dialog. Specifically, GoG consists of
three sequential graphs: 1) H-Graph, which aims to
capture coreference relations among dialog history;
2) History-aware Q-Graph, which aims to fully rep-
resent the question through capturing dependency

relations between words based on coreference reso-
lution on the dialog history; and 3) Question-aware
I-Graph, which aims to capture the relations be-
tween objects in an image on the basis of fully ques-
tion representation. As an additional feature repre-
sentation module, we add GoG to the strong visual
dialogue model LTMI (Nguyen et al., 2020). We
test the effectiveness of our proposed model on two
large-scale datasets: VisDial v0.9 and v1.0 (Das
et al., 2017). Both automatic and manual evalua-
tions show that our approach can be used to im-
prove the prior strong models. The contributions
of this work are summarized as follows:

• We explore how to construct complex explicit
relations in visual dialog, i.e., coreference re-
lations among dialog history, dependency re-
lations between words in the question, spatial
relations between objects in the image.

• We propose a novel relation-aware graph-
over-graph network to reason relations within
and among different graphs to obtain a high-
level representation of multi-modal informa-
tion and use it to generate a visually and con-
textually coherent response.

• We conduct extensive experiments and abla-
tion studies on two large-scale datasets Vis-
Dial v0.9 and v1.0. Experimental results show
that our GoG model can be used to improve
the previous strong visual dialog model in
both generative and discriminative settings.

2 Relation-aware Graph-over-Graph
Network

2.1 Preliminary
Following Das et al. (Das et al., 2017), a vi-
sual dialog agent is given three inputs, i.e.,
an image I , dialog history (the caption and
question-answer pairs) till round t − 1: H =
(Cap︸︷︷︸
H0

, (Q1, A1)︸ ︷︷ ︸
H1

, · · · , (Qt−1, At−1)︸ ︷︷ ︸
Ht−1

) and the cur-

rent question Qt at round t, where Cap is
the caption describing the image taken as H0,
and H1, . . . ,Ht−1 are concatenations of question-
answer pairs. The goal of the visual dialog agent is
to generate a response At to the question Qt.

As shown in Figure 2, our relation-aware graph-
over-graph network (GoG) firstly takes the image,
the dialog history, and the question as inputs and
represent them using Faster RCNN (Ren et al.,
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H0: a man in a suit and tie standing 
next to a woman with glasses
H1: what color is the man 's suit ? 
grey with a blue and grey tie
H2: what color is his hair ? White
H3: is it styled nicely ? Yes

Q4: is he looking at the woman ? 
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Figure 2: Framework of our Relation-aware Graph-over-Graph Network.

2015b) and LSTM (Hochreiter and Schmidhuber,
1997). Secondly, GoG constructs the history graph,
the history-aware question graph, and the question-
aware image graph. Thirdly, GoG utilizes the at-
tention alignment module to fuse the three graphs.
Finally, GoG uses the fused multi-modal informa-
tion to give corresponding answers.

Firstly, we simply describe the feature represen-
tation of three inputs. Secondly, we introduce our
graph attention. Then we describe how we apply
our graph attention to the history graph, question
graph and image graph to construct our graph-over-
graph network. Finally, we describe how we apply
our graph-over-graph network to the strong visual
dialog models.

2.2 Feature Representation

Similar to (Anderson et al., 2018), we extract
the image features by using a pretrained Faster
RCNN (Ren et al., 2015b). We select µ object pro-
posals for each image, where each object proposal
is represented by a 2048-dimension feature vector.
The obtained visual region features are denoted as
v = vµi=0 ∈ Rµ×dv .

To extract the question features, each word
is embedded into a 300-dimensional vector ini-
tialed with the Glove vector (Pennington et al.,
2014). The word embeddings are taken as inputs by
an LSTM encoder (Hochreiter and Schmidhuber,
1997), which produces the initial question represen-
tation q ∈ Rλ×dq . Each history sentence features
are obtained as same as the question features. We
concatenate the last state hlast ∈ Rdh of each turn
history features to get the initial history represen-

tation h = ht−10 = [hlast0 , . . . , hlastt−1] ∈ Rt×dh . λ
denotes the length of the question, t denotes the
turn of dialog history, dq denotes the dimension
of each word in questions, dh denotes the dimen-
sion of each word in history and [·, ·] denotes the
concatenation operation.

2.3 Graph Attention

Given a target node i and a neighboring node j ∈
N (i) with a k×k adjacency matrixR, whereN (i)
is the set of k nodes neighboring with node i, and
the representations of node i and node j are ui and
uj , respectively. To obtain the correlation score sij
between node i and j, self-attention (Vaswani et al.,
2017) is then performed on the vertices, which
generates a relation score sij between node features
ui and uj :

sij =
(Uiui)

T · Vjuj√
du

, (1)

whereUi and Vj are trainable parameters. We apply
a softmax function over the correlation score sij to
obtain weight αij :

αij =
exp(sij + cu,lab(i,j))∑

j∈N (i) exp(sij + cu,lab(i,j))
, (2)

where c{·} = WlabAij is a bias term, lab(i, j)
represents the label of each edge, and Wlab is a
learned parameter. The representations of neigh-
boring nodes uj are first transformed via a learned
linear transformation with Wu. Those transformed
representations are then gathered with weight αij ,
followed by a non-linear function σ. This propaga-
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Figure 3: The history is performed by coreference res-
olution. The same color box and the same number indi-
cate the coreference relation between different expres-
sions of the same entity.

tion can be denoted as:

u∗i = σ
(
ui +

∑

j∈N (i)

RijαijWuuj

)
. (3)

We utilize GraphAtt(·) to denote equations from
Eq. (1) to Eq. (3)

2.4 History Graph Construction

In practice, we observe that coreference relations
exist in dialog history. To fully understand the
coreference among dialog history, we utilize the
coreference resolution tool (Lee et al., 2017) to
identify coreference relations. We use the caption
and questions to identify the relations instead of QA
pairs because there is no ground truth answer in the
test split. As shown in Figure 3, we provide a four-
turn dialog to show coreference resolution. The
same color boxes with the same numbers indicate
the coreference relations. For example, the blue
box with number 0 indicates they are related to the
word “a man” with its attribute “in a suit and tie”.

Pruned History Graph with Coreference Rela-
tions. We treat each turn history as a node. By
analyzing the coreference relations of the history,
we obtain the relations between history as shown
in Figure 3. According to coreference relations, we
construct a sparse graph, as shown in the history
graph of Figure 2.

History Graph Attention. Given a graph with
t nodes, i.e. a t-turn dialog, each turn representa-
tion in history is a node. We represent the graph
structure with a t × t adjacency matrix A, where
Aij = 1 if there is a coreference relation between
node i and node j; else Aij = 0.

The relation-aware graph based history represen-
tation h∗i is as follows:

h∗i = GraphAtt(hi, A) (4)

Figure 4: The question is performed by dependency
parsing. The word in pink is the root node. The direc-
tion of green arrows indicates the dependency relation
between two words, and the blue words (e.g., det, dobj)
are relation types.

2.5 Question Graph Construction

In practice, we observe that two words in a sen-
tence usually hold a certain relation. Such relations
can be identified by the Neural Dependency Pars-
ing (Dozat and Manning, 2017).

Pruned Question Graph with Dependency Re-
lations. We treat each word in a question as a
vertex. By parsing the dependency relations of a
question, we obtain the relations between words
as shown in Figure 4. According to dependency
relations, we obtain our sparse question graph, as
shown in the question graph of Figure 2.

History-aware Question Graph Attention.
Given a graph with λ nodes, each word in a
question is a node. We represent the graph
structure with a λ× λ adjacency matrix B, where
Bij = 1 if there is a dependency relation between
node i and node j; else Bij = 0.

In order to utilize the history to help understand
questions, we use a history-aware attention mecha-
nism to inject semantic information from the his-
tory into the question graph. The aware history
representation is calculated as follows:

ĥ = softmax
(
Wh1σ(Wh2h

∗)
)
h∗, (5)

where ĥ ∈ Rdh , h∗ is the final representation of di-
alog history. Wh1 and Wh2 are learned parameters.
The history-aware question features are achieved
by concatenating the adaptive history representa-
tion ĥ with each of question features qi, denoted as:

q′i = [qi, ĥ], for i = 1, . . . , λ. (6)

The history-aware and relation-aware graph
based question representation q∗i is as follows:

q∗i = GraphAtt(q′i, B) (7)
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2.6 Image Graph Construction

Pruned Image Graph with Spatial Relations.
By treating each object region in an image as a
vertex, we can construct a fully-connected undi-
rected graph, as shown in the image graph of Fig-
ure 2. Each edge represents a relation between two
object regions. Spatial relations represent an ob-
ject position in an image, which correspond to a 4-
dimension spatial coordinate [x1, y1, x2, y2]. Note
that (x1, y1) is the coordinate of the top-left point
of the bounding box and (x2, y2) is the coordinate
of the bottom-right point of the bounding box. Fol-
lowing Yao et al. (Yao et al., 2018), we classify dif-
ferent spatial relations into 11 different categories,
such as inside, cover and overlap. We utilize the
overlapping region between two object regions to
judge whether there is an edge between two re-
gions. If two object regions have overlapping parts,
it means that there is a strong correlation between
these two objects. If two object regions are too
far away from each other, it means that there is no
relation between these two objects. According to
the spatial relations, we prune some irrelevant rela-
tions between objects and obtain a sparse graph, as
shown in the image graph of Figure 2.

Question-aware Image Graph Attention.
Given a graph with µ nodes, each object in an
image is a node. We represent the graph structure
with a µ× µ adjacency matrix D, where Dij = 1
if there is a spatial relation between node i and
node j; else Dij = 0.

Based on the fully question understanding, we
use a question-aware attention mechanism to inject
semantic information from the question into the
image graph. The adaptive question representation
is calculated as follows:

q̂ = softmax
(
Wq1σ(Wq2q

∗)
)
q∗, (8)

where Wq1 and Wq2 are learned parameters. The
question-aware image features are achieved by con-
catenating the aware question representation q̂ with
each of the µ image features vi, denoted as:

v′i = [vi, q̂], for i = 1, . . . , µ. (9)

The question-aware and relation-aware graph
based image representation v∗i is as follows:

v∗i = GraphAtt(v′i, D) (10)

2.7 Multi-modal Fusion

After obtaining the relation-aware representation,
we fuse the question representation q∗, history rep-
resentation h∗, visual representation v∗ through
a multi-modal fusion strategy. We can use any
existing visual dialog models to learn a joint repre-
sentation J :

J = F(q∗, h∗, v∗; Θ), (11)

where J is a visual dialog model and Θ
are trainable parameters of the fusion module.
The design of generative and discriminative de-
coders (Das et al., 2017), and multi-task learning
strategy (Nguyen et al., 2020) can be referred to
Appendix A.

3 Experiments

3.1 Experiment Setup

Datasets and Implementation Details. We con-
duct experiments on the VisDial v0.9 and v1.0
datasets (Das et al., 2017) to verify our approach.
VisDial v0.9 contains 83k dialogs on COCO-
train (Lu et al., 2017) and 40k dialogs on COCO-
val images as the test set, for a total of 1.23M dialog
question-answer pairs. VisDial v1.0 dataset is an
extension of VisDial v0.9 dataset with additional
10k COCO-like images. VisDial v1.0 dataset con-
tains 123k, 2k, and 8k images as train, validation,
and test splits, respectively.

To represent image regions, we use Faster R-
CNN (Ren et al., 2015b) with ResNet-101 (He
et al., 2016) finetuned on the Visual Genome
dataset (Krishna et al., 2017), thus obtaining a
2048-dimension feature vector for each region. Fol-
lowing (Nguyen et al., 2020), we detect K = 100
objects from each image. For the question and
history features, we first build the vocabulary com-
posed of 11,322 words that appear at least five
times in the training split. The captions, questions,
and answers are truncated or padded to 40, 20, and
20 words, respectively. We employ multi-head at-
tention with 4 heads for all three graph attention
networks. The dimension of hidden features is set
to 512.

Our model is implemented based on Py-
Torch (Paszke et al., 2017). In experiments, we
use Adam (Kingma and Ba, 2014) optimizer for
training, with the mini-batch size as 32. For the
choice of the learning rate, we employ the warm-up
strategy (Goyal et al., 2017). Specifically, we begin
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Model
VisDial v0.9 (val) VisDial v1.0 (val)

MRR ↑ R@1 ↑ R@5 ↑ R@10 ↑ Mean ↓ NDCG ↑ MRR ↑ R@1 ↑ R@5 ↑ R@10 ↑ Mean ↓
Attention-based Model

RvA (Niu et al., 2019) 55.43 45.37 65.27 72.97 10.71 - - - - - -
DVAN (Guo et al., 2019b) 55.94 46.58 65.50 71.25 14.79 - - - - - -
DMRM (Chen et al., 2020a) 55.96 46.20 66.02 72.43 13.15 - 50.16 40.15 60.02 67.21 15.19
DAM (Jiang et al., 2020c) - - - - - 60.93 50.51 40.53 60.84 67.94 16.65

Pretraining-based Model

VDBERT (Wang et al., 2020)� 55.95 46.83 65.43 72.05 13.18 - - - - - -

Graph-based Model

KBGN (Jiang et al., 2020a) - - - - - 60.42 50.05 40.40 60.11 66.82 17.54

LTMI (Nguyen et al., 2020)† 55.85 46.07 65.97 72.44 14.17 61.61 50.38 40.30 60.72 68.44 15.73
LTMI-GoG (Ours) 56.32 46.65 66.41 72.69 13.78 62.63 51.32 41.25 61.83 69.44 15.32
LTMI-GoG-Multi (Ours) 56.89 47.04 66.92 72.87 13.45 63.35 51.80 41.78 62.23 69.79 15.16
LTMI-GoG-Multi* (Ours) 59.38 48.58 71.33 78.78 9.94 65.20 55.38 43.93 68.22 76.75 9.98

Table 1: Main comparisons on both VisDial v0.9 and v1.0 datasets using the generative decoder. † denotes that we
re-implemented the model. � denotes that the model utilizes large extra datasets for training. Underline indicates
the highest performance among previous approaches except pretraining-base models. (t-test, p-value<0.01)

with a learning rate of 0.0001, linearly increasing
it at each epoch till it reaches 0.0002 at epoch 4.
After 15 epochs, the learning rate is decreased by
1/4 for every 2 epochs up to 20 epochs. We use 4
Titan-XP GPU for training. We spend about 4 hour
/ 1 epoch for the discriminative setting and 1 hour /
1 epoch for the generative setting. The total param-
eter of our GoG model is 46.94M, while the total
parameter of LTMI (Das et al., 2017) is 42.20M.
GoG only has an increase of 4.74M than LTMI.

Automatic Evaluation. We use a retrieval set-
ting to evaluate individual responses at each round
of a dialog, following (Das et al., 2017). Specifi-
cally, at test time, a list of 100-candidate answers
is also given. The model is evaluated on retrieval
metrics: (1) Rank of human response, (2) existence
of the human response in top−k ranked responses,
i.e., R@k (3) Mean reciprocal rank (MRR) of the
human response and (4) Normalized discounted
cumulative gain (NDCG) for VisDial v1.0.

Human Evaluation. We randomly extract 100
samples for human evaluation (Wu et al., 2018)
and then ask 3 human subjects to guess whether
the last response in the dialog is human-generated
or machine-generated. If at least 2 of them agree
it is generated by a human, we think it passes the
Truing Test (M1). We record the percentage of
responses that are evaluated better than or equal
to human responses (M2), according to the human
subjects’ evaluation.

3.2 Main Results
Baseline methods. In our experiment, compared
methods can be grouped into four types: (1)
Fusion-based models. (2) Attention-based mod-
els: ReDAN, CorefNMN, RvA, DVAN, DMRM,
DAM. (3) The pretraining model: VDBERT and
VisualBERT. (4) Graph-based models: GNN-EM,
DualVD, FGA, KBGN. Please refer to Appendix B
for more compared methods.

GoG denotes our relation-aware graph-over-
graph network. We use the strong model
LTMI (Nguyen et al., 2020)1 as our multi-modal
fusion module. LTMI is a very strong model which
achieves some the-state-of-the-art results. “Multi”
indicates the model uses multi-task learning at train-
ing but utilizes the generative or discriminative de-
coder at inference, respectively. “Multi*” indicates
the model uses multi-task learning and utilizes the
discriminative decoder to improve the generative
decoder. In general, our model outperforms the
strong baseline by a significant margin. We use t-
test to analyze our model and LTMI (Nguyen et al.,
2020). The p-values is less than 0.01, indicating
that the results are significantly different.

Generative Results As shown in the right half
of Table 1, we compare generative performance
on the val v1.0 split. Our method improves sig-
nificantly (about 1% on all metrics) on the strong
baseline LTMI (Nguyen et al., 2020) and outper-
forms all the compared methods on all metrics
with large margins, which proves that GoG can

1We reproduce results of LTMI by their official GitHub
repo (https://github.com/davidnvq/visdial). We apply the de-
fault hyper-parameters as them.
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Model
VisDial v0.9 (val) VisDial v1.0 (test-std)

MRR ↑ R@1 ↑ R@5 ↑ R@10 ↑ Mean ↓ NDCG ↑ MRR ↑ R@1 ↑ R@5 ↑ R@10 ↑ Mean ↓
Attention-based Model

ReDAN (Gan et al., 2019) - - - - - 57.63 64.75 51.10 81.73 90.90 3.89
MCA (Agarwal et al., 2020) - - - - - 72.73 37.68 20.67 56.67 72.12 8.89

Pretraining-based Model

VisualBERT (Murahari et al., 2020)� - - - - - 74.47 50.74 37.95 64.13 80.00 6.28
VDBERT (Wang et al., 2020)� 70.04 57.79 85.34 92.68 4.04 75.35 51.17 38.90 62.82 77.98 6.69

Graph-based Model

GNN-EM (Zheng et al., 2019) 62.85 48.95 79.65 88.36 4.57 52.82 61.37 47.33 77.98 87.83 4.57
DualVD (Jiang et al., 2020b) 62.94 48.64 80.89 89.94 4.17 56.32 63.23 49.25 80.23 89.70 4.11
FGA (Schwartz et al., 2019) 65.25 51.43 82.08 89.56 4.35 56.90 66.20 52.75 82.92 91.07 3.80
CAG (Guo et al., 2020) 67.56 54.64 83.72 91.48 3.75 56.64 63.49 49.85 80.63 90.15 4.11
KBGN (Jiang et al., 2020a) - - - - - 57.60 64.13 50.47 80.70 90.16 4.08

LTMI (Nguyen et al., 2020)† 66.41 53.36 82.53 90.54 4.03 60.74 61.20 47.08 77.78 87.60 4.88
LTMI-GoG (Ours) 66.76 53.84 82.89 90.90 3.91 60.38 63.13 49.88 79.65 89.05 4.39
LTMI-GoG-Multi (Ours) 66.97 54.03 83.10 91.22 3.83 61.04 63.52 50.01 80.13 89.28 4.31

Table 2: Main comparisons on both VisDial v0.9 and v1.0 datasets using the discriminative decoder. � denotes that
the model utilizes large extra datasets for training. Underline indicates the highest performance among previous
approaches except the pretraining-based models. (t-test, p-value<0.01)

Model NDCG MRR R@1 R@5 R@10 Mean

ReDAN (Gan et al., 2019) - 64.29 50.65 81.29 90.17 4.10
KBGN 59.08 64.86 51.37 81.71 90.54 4.00
VDBERT (Wang et al., 2020)‡ 56.20 62.25 48.16 79.57 89.01 4.31
VDBERT (Wang et al., 2020)� 63.22 67.44 54.02 83.96 92.33 3.53

LTMI (Nguyen et al., 2020)† 61.52 62.31 48.92 78.55 87.77 4.86
LTMI-GoG 62.24 63.81 50.33 80.48 89.24 4.35
LTMI-GoG-Multi 63.15 62.68 49.46 78.77 87.87 4.81

Table 3: Main comparisons on VisDial v1.0 val datasets
using the discriminative decoder.

improve the performance of visual dialog models
by introducing explicit relation reasoning. Com-
pared with the graph-based model KBGN (Jiang
et al., 2020a), our GoG-gen improves NDCG from
60.42 to 62.63 (+2.21%), MMR from 50.05 to
51.32 (+1.27%), which illustrates that our explicit
relation reasoning is more effective because our
approach reduce the noise of implicit relation mod-
eling. LTMI-GoG-Multi and LTMI-GoG-Multi∗

obtain higher performance with large margins com-
paring with LTMI (Nguyen et al., 2020), which
shows that our approach is effective on multi-task
setting. As shown in the left half of Table 1, we
come to a similar conclusion on the val v0.9 split.
Our method improves a big margin (about 0.5%
on all metrics) on LTMI (Nguyen et al., 2020) and
outperforms all the none pre-trained methods on
MRR, R@1, and R@5.

Discriminative Results As shown in the right
half of Table 2, our method improves a lot (near
1.5% on all metrics except NDCG) based on
LTMI (Nguyen et al., 2020) on the test-std v1.0
split. We also compare the performance on the val
v1.0 split as shown in Table 3. As shown in the left

Row Model NDCG

LTMI 61.61
0 LTMI-GoG 62.63

1 w/o I-Graph 61.96
2 w/o Q-Graph 62.15
3 w/o H-Graph 62.03

4 w/o Q-Aware 62.41
5 w/o H-Aware 62.31

6 w/o Spatial Relation 62.15
7 w/o Dependency Relation 62.24
8 w/o Coreference Relation 62.31

Table 4: Ablation study on VisDial v1.0 val datasets
using the generative decoder.

half of Table 2, we compare discriminative perfor-
mance on the val v0.9 split. Our method improves
a lot based on the LTMI (Nguyen et al., 2020).
As shown in Table 3, our approach outperforms
VDBERT (Wang et al., 2020)‡ which trains from
scratch without extra datasets. All the compari-
son show that our approach is valid due to explicit
relation modeling.

3.3 Ablation Study

As shown in Table 4, we firstly remove the I-Graph,
Q-Graph, H-Graph to validate the effect of each
graph, respectively. Secondly, we validate the im-
portance of concatenating operation. Finally, we
use full connections to replace the relation in the
graph to validate the importance of each relation.
Firstly, the comparison between line 0 and line
1/2/3 shows all three graphs are crucial for visual
dialog, leading to higher performance, and the I-
Graph is most important. Secondly, the compari-
son between line 0 and line 4/5 shows that adding
adaptive features gives a gain of approximately
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LTMI (Nguyen et al., 2020) GoG

Method 1 (M1) 53 64

Method 2 (M2) 60 67

Table 5: Human evaluation on 100 sampled responses
on VisDial val v1.0. M1: percentage of responses pass
the Turing Test. M2: percentage of responses evaluated
better than or equal to human responses.

about +0.2. Thirdly, the comparison between line
1 and line 6/7/8 shows that doing graphs with rela-
tions gives better gain than simple fully-connected
graphs. Spatial relation is the pick of the bunch
because the full connection of 100 objects in an
image will bring lots of noise.

3.4 Human Study

As shown in Table 5, we conduct human study to
further prove the effectiveness of our model. Our
model achieves the highest scores both on the met-
ric M1 and M2 compared with the previous model,
LTMI (Nguyen et al., 2020). These results show
that our model can generate a better contextually
and visually coherent response.

3.5 Qualitative Results

As shown in Figure 5, we visualize the learned
attention maps. For the image, the colorful re-
gion means higher attention weights. We draw the
bounding boxes of the first three highest scores. For
the question, the word which has the darker color
has higher attention weights. For dialog history, the
darker QA pairs have a higher coreference score
with the question. Figure 6 provides some dialog
examples, as a comparison of the results between
GoG and the state-of-the-art LTMI model in the
supplementary material. We have two observations
by analyzing a set of randomly selected examples.
Firstly, GoG generally provides more accurate an-
swers. Secondly, GoG tends to provide longer and
more natural human-like answers. More examples
can be referred to Appendix B.

4 Related Work

4.1 Visual dialog

For the visual dialog task (Das et al., 2017), GNN-
EM (Zheng et al., 2019) utilizes an EM-style GNN
to conduct the textual coreference, which regards
the caption and the previous question-answer (QA)
pairs as observed nodes, and the current answer
is deemed as an unobserved node inferred using

EM algorithms (Moon, 1996) on the textual con-
texts. FGA (Schwartz et al., 2019) realizes a fac-
tor graph attention mechanism, which constructs
the graph over all the multi-modal features and es-
timates their interactions. DualVD (Jiang et al.,
2020b) constructs a scene graph to represent the
image while embedding both relationships pro-
vided by (Zhang et al., 2019b) and original ob-
ject detection features (Anderson et al., 2018).
CAG (Guo et al., 2020) focuses on an iterative
question-conditioned context-aware graph, includ-
ing both fine-grained visual-objects and textual-
history semantics. In this paper, we model explicit
complex relations within and among visual content,
dialog history and the current question and design
a graph-over-graph structure which are different
from graph-based models mentioned above.

4.2 Graph Neural Network

Graph neural networks (Kipf and Welling, 2016;
Veličković et al., 2017; Xinyi and Chen, 2018;
Zhang et al., 2019a) have attracted attention in
various tasks (Wang et al., 2019; Liu et al., 2018;
Gu et al., 2019). The core idea is to combine the
graphical structural representation with neural net-
works, which is suitable for reasoning-style tasks.
For visual question answering, Liu et al. (Teney
et al., 2017) propose the first GNN-based approach,
which builds a scene graph of the image and parses
the sentence structure of the question, and calcu-
lates their similarity weights. Li et al. (Li et al.,
2019) propose to encode each image into a graph
and model multi-type inter-object relations via a
graph attention mechanism, such as spatial rela-
tions and semantic, and implicit relations (Li et al.,
2019). Huang et al. (Huang et al., 2020) propose
a novel dual-channel graph convolutional network
for better combining visual and textual advantages.
These approaches are limited to built independent
graphs. There is no exploration of the coreference
among dialog history and relations between graphs
in the approach mentioned above.

5 Conclusion

In this paper, we present a relation-aware graph-
over-graph network (GoG), a novel framework for
visual dialog, which models and reasons the ex-
plicit complex relations among visual content, di-
alog history, and the current question. GoG ex-
ploits the graph-over-graph structure to obtain three
relation-aware multi-modal representation which
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Q2: what color is his hair ?
A2: it’s black
Q3: what color are his 
shorts ?
A3: they are white

Q2: what color is his hair ?
GT: it’s black
Gen: is black
Disc: black

Dialog history
H0: the young boy is playing 
tennis at the court
H1: is the young boy a 
toddler ? No

hair

the young boy is playing tennis at the court

is the young boy a toddler ? no

Q3: is he wearing shorts ?
GT: yes
Gen: yes
Disc: yes

the young boy is playing tennis at the court

is the young boy a toddler ? no

what color is his hair ? It’s black

Q2: is it a young player ?
A2: yes
Q3: can you see other 
players ?
A3: yes, 2 other players

Q2: is it a young player ?
GT: yes
Gen: yes
Disc: yes

Dialog history
H0: a baseball player 
swinging a bat in front of a 
crowd
H1: is the player a male ? No

a baseball player swinging a bat in front ..

is the player a male ? no

Q3: can you see other players ?
GT: yes
Gen: yes
Disc: yes

a baseball player swinging a bat in front ..

is the player a male ? No

is it a young player ? yes

Figure 5: Visualization of attention maps generated in our model at two Q&A rounds on two images.

Question Ground 
Truth

Generation 
by GoG

Generation 
by LTMI 

Retrieval by 
GoG

Retrieval by 
LTMI 

Q1: are there a lot of 
tree ?

i see 1 tree 
and some 
bushes

i see one tree just see 1 tree i see 1 tree 
and some 
bushes

no, just 1

Q2: what color is 
the traffic light ?

it ’s red it ’s red red ’s a the light is red the light is red

Q3: is this in black 
and white ?

it ’s in color no, it ’s in 
color

no ’s a color it ’s in color no

Q4: is there more 
than 1 building in 
the background ?

i can only see 
one

i only only see 
1

no see only 
see the 
building

i can only see 
one

i can only see 
one

Q5: are there 
animals ?

no live 
animals

no no no live 
animals

no live 
animals

traffic light in front a tree a 
statue of a lion is behind 
the tree a large building is 
in back

Figure 6: Examples of dialogs generated and retrieved by our model and the LTMI baseline. Our model provides
answers that are more accurate than LTMI (green denotes correct answers, and red denotes wrong answers). Results
from our model are also more natural and comprehensive (highlighted in blue).

can be added to prior visual dialog models. Ex-
perimental results on two large-scale datasets show
that our approach improves the previous models by
a significant margin.
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A Relation-aware Graph-over-Graph
Network

A.1 Question Graph Construction
In practice, we observe that two words in a sen-
tence usually hold certain relations. Such relations
can be identified by the Neural Dependency Pars-
ing (Dozat and Manning, 2017). As shown in Ta-
ble 6, we list a part of commonly-used dependency
relations.

A.2 Attention Alignment Module
After obtaining relation-aware features, we fuse the
question representation q∗, history representation
h∗, visual representation v∗ through a multi-modal
fusion strategy. We can use any existing multi-
modal fusion method to learn a joint representation
J :

J = F(q∗, h∗, v∗; Θ), (12)

where J is a multi-modal fusion method and Θ
are trainable parameters of the fusion module.
Here we utilize an efficient attention mechanism
method (Nguyen et al., 2020) to fuse the multi-
modal information, which is the state-of-the-art
model in visual dialog.

Let AX(Y ) denotes the efficient attention mech-
anism (Nguyen et al., 2020) from the information
X to the information Y . For example, Av∗(v∗) de-
notes the efficient self-attention. The fused visual
representation is obtained as follows:

vcontact = [Av∗(v
∗), Aq∗(v∗), Ah∗(v

∗)], (13)

v′ = LayerNorm(σ(vconcatWv∗) + v∗),(14)

aV = softmax(WV1σ(WV2v
′)), (15)

v =

µ∑

i=1

aV,iv
′
i, (16)

where Wv∗ , WV1 , WV2 are learned parameters. q
and h can be obtained similarly. Thus, the joint
representation J is obtained:

J = WJ [q, h, v], (17)

where WJ is a learned parameter.

Relations Relation Description Proportion

nsubj nominal subject 16.1%
root root node 16.0%
dep dependent 15.7%

punct punctuation 14.3%
det determiner 9.0%
cop copula 9.0%
prep prepositional modifier 4.6%
aux auxiliary 4.0%
pobj object of a preposition 3.6%
amod adjective modifier 3.2%

advmod adverbial modifier 2.5%
dobj direct object 1.5%

Table 6: The main categories of relations classified
by the dependency parsing tool (Dozat and Manning,
2017) in VisDial v1.0 training split (Das et al., 2017).

A.3 Generative and Discriminative Decoders

Following Das et al. (Das et al., 2017), we con-
sider both generative and discriminative decoders
to score the candidate answers using the likelihood
scores and the log-likelihood scores, respectively.

Generative Decoder Following Das et al. (Das
et al., 2017), we design the generative decoder
to score the candidate answers using the log-
likelihood scores. Specifically, the generative de-
coder utilizes a two-layer LSTM (Hochreiter and
Schmidhuber, 1997) to generate an answer using
the context vector J as the initial hidden state. In
the training phase, the generative decoder gener-
ates the next token based on the current token from
the ground truth answer. In detail, we first append
the special token “SOS” at the beginning of the
ground truth answer and “EOS” at the end. We
use Glove (Pennington et al., 2014) to initialize
the embedding and obtain the embedding vectors
agt = [w0, w1, . . . , wN ] where w0 is the embed-
ding of “SOS” and wN is the embedding of “EOS”.
The hidden state hn at timestep n is computed as
follows:

hn = LSTM(wn−1, hn−1), (18)

where h0 is intializaed by J . Then we obtain the
log-likelihood of n-th word as follows:

p = logsoftmax(Wh+ b), (19)

where W and b are learned parameters. In the
training phase, we minimize the summation of the
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Model
VisDial v0.9 (val) VisDial v1.0 (val)

MRR ↑ R@1 ↑ R@5 ↑ R@10 ↑ Mean ↓ NDCG ↑ MRR ↑ R@1 ↑ R@5 ↑ R@10 ↑ Mean ↓
Fusion-based Models

LF (Das et al., 2017) 51.99 41.83 61.78 67.59 17.07 - - - - - -
HRE (Das et al., 2017) 52.37 42.23 62.28 68.11 16.97 - - - - - -

Attention-based Model

MN (Das et al., 2017) 52.59 42.29 62.85 68.88 17.06 51.86 47.99 38.18 57.54 64.32 18.60
HCIAE (Lu et al., 2017) 53.86 44.06 63.55 69.24 16.01 59.70 49.07 39.72 58.23 64.73 18.43
CorefNMN (Kottur et al., 2018) 53.50 43.66 63.54 69.93 15.69 - - - - - -
CoAtt (Wu et al., 2018) 54.11 44.32 63.82 69.75 16.47 59.24 49.64 40.09 59.37 65.92 17.86
RvA (Niu et al., 2019) 55.43 45.37 65.27 72.97 10.71 - - - - - -
DVAN (Guo et al., 2019b) 55.94 46.58 65.50 71.25 14.79 - - - - - -
Primary (Guo et al., 2019a) - - - - - - 49.01 38.54 59.82 66.94 16.60
ReDAN (Gan et al., 2019) - - - - - 60.47 50.02 40.27 59.93 66.78 17.40
DMRM (Chen et al., 2020a) 55.96 46.20 66.02 72.43 13.15 - 50.16 40.15 60.02 67.21 15.19
DAM (Jiang et al., 2020c) - - - - - 60.93 50.51 40.53 60.84 67.94 16.65

Pretraining-based Model

VDBERT (Wang et al., 2020) 55.95 46.83 65.43 72.05 13.18 - - - - - -

Graph-based Model

KBGN (Jiang et al., 2020a) - - - - - 60.42 50.05 40.40 60.11 66.82 17.54

LTMI (Nguyen et al., 2020)† 55.85 46.07 65.97 72.44 14.17 61.61 50.38 40.30 60.72 68.44 15.73
GoG-Gen (Ours) 56.32 46.65 66.41 72.69 13.78 62.63 51.32 41.25 61.83 69.44 15.32
GoG-Multi-Gen (Ours) 56.89 47.04 66.92 72.87 13.45 63.35 51.80 41.78 62.23 69.79 15.16
GoG-Multi (Ours) 59.38 48.58 71.33 78.78 9.94 65.20 55.38 43.93 68.22 76.75 9.98

Table 7: Main comparisons on both VisDial v0.9 and v1.0 datasets using the generative decoder. † denotes that
we re-implemented the model. Underline indicates the highest performance among previous approaches except
pretraining-base models.

negative log-likelihood LG defined by:

LG = −
N∑

n=1

pn. (20)

In the validation and test phase, we compute the
summation si of the log-likelihood for each candi-
date answer âi:

si =

N∑

n=1

pâin . (21)

Then, the rankings of the candidate answers are
derived as softmax(s1, . . . , s100).

Discriminative Decoder A discriminative de-
coder outputs the likelihood score for each of 100
candidate answers for the current question. Similar
to the generative decoder, we use LSTM to obtain
the hidden state hn for b-th word but we do not use
context vector J to initialize the h0. The represen-
tation of each candidate answer is ai = hN . The
score pi for i-th candidate answer is computed by:

p = logsoftmax(aT1 J , . . . , aT100J ) (22)

In the test phase, we sort the candidate answers
using these scores. In the training phase, the cross-
entropy loss LD.

A.4 Multi-Task Learning
According to (Nguyen et al., 2020), we apply our
GoG to the state-of-the-art model (Nguyen et al.,
2020) in the multi-task learning setting that accu-
racy is improved by training the entire network
using the two decoders simultaneously. This is sim-
ply done by minimizing the sum of the losses, LD
for the discriminative one andLG for the generative
one:

L = LD + LG (23)

The increase in performance may be attributable to
the synergy of learning two tasks while sharing the
same encoder.

B Experiments

B.1 Main Results
Comparison with previous approaches using
generative decoders. As shown in Table 7, we
provide the full comparison with all the previous
generative approaches.

B.2 Qualitative Results
More examples generated and retrieved by our GoG
are provided in Figure 7. Due to the limited number
of pages, we only provide an additional example
of Figure 7.

242



chocolate cake with fresh strawberries 
and small nuts

Q: is it on a table ?
GT: i think it
Gen: yes think so
Disc yes

Q: is there any silverware ?
GT: no
Gen: no
Disc no 

a brown and white dog riding a 
skateboard 

Q: can you see any people ?
GT: part of a person
Gen: just of 1 person
Disc part of a person

Q: what color is the skateboard ?
GT: black
Gen: black
Disc black 

a man holding a disk smiles as he leans 
against a sign at a disc golf course

Q: how many discs are shown ?
GT: 1
Gen: 1
Disc 3

Q: what color disk ?
GT: yellow
Gen: yellow
Disc yellow 

a man playing tennis is attempting to hit 
the ball with his racket 

Q: how old is the man ?
GT: i don ’ t know probably in late 30s 
Gen: maybe would ’ t know
Disc looks middle aged 

Q: does he wear sunglasses ?
GT: yes
Gen: yes
Disc yes 

Figure 7: Examples of dialogs generated and retrieved by our model. blue denotes has the same meaning with the
ground truth and red denotes wrong answers.
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Abstract

Since traditional tokenizers are isolated from a
downstream task and model, they cannot out-
put an appropriate tokenization depending on
the task and model, although recent studies im-
ply that the appropriate tokenization improves
the performance. In this paper, we propose a
novel method to find an appropriate tokeniza-
tion to a given downstream model by jointly
optimizing a tokenizer and the model. The pro-
posed method has no restriction except for us-
ing loss values computed by the downstream
model to train the tokenizer, and thus, we can
apply the proposed method to any NLP task.
Moreover, the proposed method can be used to
explore the appropriate tokenization for an al-
ready trained model as post-processing. There-
fore, the proposed method is applicable to var-
ious situations. We evaluated whether our
method contributes to improving performance
on text classification in three languages and
machine translation in eight language pairs.
Experimental results show that our proposed
method improves the performance by deter-
mining appropriate tokenizations.

1 Introduction

Tokenization, which converts a raw sentence into a
sequence of tokens, is a crucial process that affects
the performance of NLP tasks. Existing studies
have proposed various tokenization methods includ-
ing rule-based tokenization (Koehn et al., 2007),
dictionary-based tokenization (Kudo, 2006; Morita
et al., 2015; Tolmachev et al., 2018; Takaoka et al.,
2018), supervised tokenization with neural net-
works (Yang et al., 2017; Cai et al., 2017; Yang
et al., 2019), and unsupervised tokenization (Gold-
water et al., 2006, 2009; Mochihashi et al., 2009;
Sennrich et al., 2016; Kudo and Richardson, 2018).
Much of prior research has reported that an appro-
priate tokenization depends on each downstream
task (Xu et al., 2008; Chang et al., 2008; Nguyen

et al., 2010; Domingo et al., 2018; Hiraoka et al.,
2019; Gowda and May, 2020). Moreover, Hiraoka
et al. (2020) implies that we have to consider a
downstream model to determine an appropriate to-
kenization. In other words, we can improve the
performance of a downstream model by determin-
ing an appropriate tokenization for the downstream
model. However, since traditional tokenizers are
isolated from a downstream model, we need to
train a given downstream model with each possible
tokenization and evaluate its performance to de-
termine the appropriate tokenization. Performing
such an exploration whenever we construct a new
downstream model is impractical.

Several studies have addressed the optimization
of a tokenizer based on a downstream task or/and
model (He et al., 2020; Hiraoka et al., 2020), but
existing methods are restricted to specific tasks.
He et al. (2020) proposed DPE as a tokenization
method for a sequence-to-sequence problem such
as machine translation. Their method trains a to-
kenizer with a given training corpus, but it is iso-
lated from a downstream model such as a neural
encoder–decoder for machine translation. Hiraoka
et al. (2020) proposed OpTok, which jointly trains
a tokenizer and a downstream model. However, its
architecture is specific to classification problems
based on sentence representations, and thus, it can-
not be applied for various tasks such as sequence-to-
sequence problems. Therefore, there is no method
to optimize a tokenizer depending on any down-
stream task and model.

In this paper, we propose a novel method to
jointly optimize a tokenizer and downstream model
without any restriction on a task1. The proposed
method can determine an appropriate tokenization
for a downstream model because it explores differ-
ent tokenizations based on loss values of the down-

1Code: https://github.com/tatHi/optok4at
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Figure 1: Overview of the proposed method calculating a loss
for a tokenizer Ls and that for a downstream model Ls̃′ using
N -best tokenizations (Section 2.2) and a sampled tokenization
(Section 2.3), respectively. The arrows with the continuous
lines indicate the differentiable path for back-propagation.

stream model. Since the proposed method requires
only loss values of the downstream model, we can
apply it for any task and model. Moreover, even if
a given downstream model is already trained, our
proposed method can be applied to improve the
performance by refining tokenization. We call this
refinement of tokenization post-processing. Thus,
we can easily use the proposed method in various
situations including the case where we have a suffi-
ciently trained downstream model.

We conducted experiments on text classification
and machine translation tasks in various languages.
Experimental results indicate that the proposed
method outperformed existing tokenization meth-
ods in both the tasks. We also showed that our
method can enhance the performance by refining
tokenization as post-processing for downstream
models trained with subword regularization (Kudo,
2018; Provilkov et al., 2020).

2 Proposed Method

The proposed method comprises a tokenizer and
a downstream model. We optimize the two mod-
ules simultaneously. First, we present the training
outline of the case where we use one sentence as
an input in Section 2.1. Second, we introduce the
training of the tokenizer (Section 2.2) and the down-
stream model (Section 2.3). Finally, we explain the
training strategy for a task that requires multiple
inputs such as machine translation (Section 2.4).

2.1 Optimizing Tokenization with Loss

The proposed method tokenizes a sentence s into
a sequence of words w in vocabulary V , s′ =
w1, ..., wI , where I is the sequence length. In this
tokenization process, our purpose is to minimize
the following loss value:

Ls′ = q(f(s′), z), (1)

where f(s′) is a downstream model that outputs
a prediction of the downstream task from a tok-
enized sentence s′, and q(f(·), z) is a task-specific
loss function between a model prediction and su-
pervisory signal z.

Figure 1 presents an outline of the proposed
method. To determine the tokenization satisfying
argmins′(q(f(s

′), z)), we update the tokenizer to
assign a higher probability to a useful tokenization
for the downstream model. Concretely, we con-
struct N tokenizations s′1, ..., s

′
n, ...s

′
N for a train-

ing instance and then compute loss values for each
tokenization. We weight each loss based on proba-
bility p(s′n) computed by the tokenizer and use the
weighted sum to train the tokenizer, as follows:

an =
p(s′n)∑N

m=1 p(s
′
m)
, (2)

Ls =
N∑

n=1

anLs′n . (3)

In this study, we used N -best tokenizations. In
these equations, we weight losses Ls′1 , ...,Ls′N cor-
responding to N -best tokenizations with their sen-
tence probabilities normalized such that the sum
is 1. By optimizing the tokenizer based on the
weighted sum, Ls, the tokenizer assigns high prob-
ability to the appropriate tokenization for the down-
stream model.

We can use any function for f(·) and q(f(·), ·)
in Eq.(1). Therefore, the proposed method has
no restrictions on the downstream task and model.
For instance, in the case where text classification
is the downstream task, f(·) is a neural network
predicting a label of a given tokenized sentence,
and q(f(·), ·) is the cross-entropy loss between the
model prediction and the true label.

2.2 Tokenizer: NULM

We employ a neural unigram language model
(NULM) as our tokenizer. It calculates the unigram
probability of a word p(w) with a word embedding
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vw as follows:

dw = MLP(vw), (4)

p(w) =
exp(dw)∑
ŵ∈V exp(dŵ)

, (5)

where MLP(·) is a multilayer perceptron. We
initialize vocabulary V with a reasonable size of
words. For example, we can use a tokenization
by SentencePiece (Kudo and Richardson, 2018) or
BPE (Sennrich et al., 2016) for the initialization.
We also calculate the probability of a tokenization
p(s′) as follows:

p(s′) =
∏

w∈s′
p(w). (6)

For the training with Eq.(3), we obtain N -best
tokenizations by applying Forward-DP Backward-
A* algorithm (Nagata, 1994) for possible tokens
against sentence s. In the inference phase, we
can also obtain the 1-best appropriate tokeniza-
tion for the downstream task using Viterbi algo-
rithm (Viterbi, 1967) for the trained NULM.

2.3 Downstream Model Training
We can train the downstream model with loss Ls in
Eq.(3), but we use subword regularization (Kudo,
2018) to obtain a better model. Thus, we compute
Ls̃′ = q(f(s̃′), z) for a sampled tokenization s̃′

and use Ls̃′ to train the downstream model.
We sample tokenization s̃′ from

p(s̃′)α/
∑K

k=1 p(s
′
k)
α computed by the NULM

in Eq.(5) (Kudo, 2018). Here, α ∈ R+ is a
hyperparameter that controls the diversity of the
sampled tokenization. If we set α as a lower
value, the distribution is similar to the uniform
distribution; otherwise, the distribution strongly
depends on each tokenization probability p(s̃′).
K is also a hyperparameter denoting the number
of candidates for sampling, and we use Forward
Filtering Backward Sampling (Scott, 2002;
Mochihashi et al., 2009) if K =∞.

Subwod regularization not only sophisticates the
downstream model but also provides various tok-
enizations to the downstream model during training.
Therefore, subwod regularization helps in explor-
ing the appropriate tokenization.

2.4 Training in Multiple Sentences as Inputs
Previous sections discussed the case where we use
one sentence as an input, but we have to input
multiple sentences to the downstream model in

Source
NULM

NMT Model

𝑠!" 𝑠#"

ℒ$!" ℒ$#"𝑝(𝑠!" )
⋮

𝑝(𝑠#" )

Normalize

Loss for Source NULM ℒ%

𝑡′%…

…

Target
NULM

N-best Tokenization
of Source Sentence

Sampled Tokenization
of Target Sentence

Figure 2: Overview of the calculation of a tokenization loss
Ls for the source-side NULM in NMT requiring two inputs,
source and target sentences s and t, respectively. The arrows
with the continuous line indicate the differentiable path for
back-propagation.

some tasks. This section describes our training
strategy in such cases.

To compute the loss value for training the to-
kenizer, we consider multiple tokenizations for
one sentence and use the sampled tokenization for
the others. For example, in machine translation,
we input the source and target sentences to train
the downstream model. The source sentence is
the input of the downstream model, and the tar-
get sentence is the supervisory signal. Let s and
t be the source sentence and target sentences, re-
spectively, and s′ and t′ be the corresponding to-
kenizations. We update the NULM of the source
side using Ls′n = q(f(s′n), t̃′), where t̃′ is a sam-
pled tokenization for the target sentence. We also
compute the loss for the NULM of the target side
with Lt′n = q(f(s̃′), t′n), where s̃′ is a sampled
tokenization. For training the downstream model,
we use sampled tokenizations for all the input sen-
tences. Thus, we compute Ls̃′,t̃′ = q(f(s̃′), t̃′) for
the downstream model. We outline this training
process for the NULM of the source side in Figure
2, and the training for the target side is explained
in the same manner.

3 Experiment

To validate the applicability of the proposed
method to various downstream tasks, we conducted
experiments on text classification and machine
translation tasks from existing literature. To com-
pare our method with the existing methods that
determine the appropriate tokenization for a spe-
cific downstream task, we employ OpTok (Hiraoka
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SP SP+R OpTok Ours
Weibo(Zh)* 92.70 92.79 92.82 93.06
Twitter(Ja)* 85.89 86.51 86.97 86.92
Twitter(En)* 75.98 77.31 78.52 78.88
Genre(Zh) 44.19 47.95 48.18 48.41
Rating(Zh) 48.96 49.41 49.63 49.76
Genre(Ja) 46.82 49.84 50.15 50.79
Rating(Ja) 52.88 53.43 53.55 53.69
Genre(En)* 69.93 71.68 71.88 71.83
Rating(En)* 66.42 67.53 67.68 67.90
SNLI* 75.62 76.75 77.04 77.05

Table 1: Experimental results on text classification tasks
(F1-score). SP and R indicate SentencePieec and subword
regularization, respectively. The highest scores are highlighted
in bold. Scores of SP+R and OpTok on datasets with * are
quoted from Hiraoka et al. (2020).

et al., 2020) for text classification and DPE (He
et al., 2020) for machine translation.

3.1 Text Classification
Settings We utilized ten datasets of text classifi-
cation tasks in three languages. Weibo(Zh)2, Twit-
ter(Ja)3, and Twitter(En)4 are sentiment analyses
on SNS corpora in Chinese, Japanese, and English,
respectively. Genre and Rating are genre prediction
and rating predictions from reviews posted on E-
commerce corpora, respectively, in Chinese (Zhang
et al., 2015)5, Japanese (Rakuten, Inc., 2014), and
English (He and McAuley, 2016)6. In addition, we
employed the SNLI corpus (Bowman et al., 2015)
to evaluate our method on the setting requiring two
sentences as the input.

We focus on SentencePiece (SP) (Kudo and
Richardson, 2018) and OpTok (Hiraoka et al.,
2020) as other tokenizers for comparison with the
proposed method. OpTok is a method to optimize
tokenization for text classification by weighting a
sentence vector with N -best tokenization. In addi-
tion, we trained each model with subword regular-
ization (SP+R) (Kudo, 2018) for fair comparisons.
In subword regularization, we used a sampled to-
kenization for the training phase and a 1-best tok-
enization for the inference phase.

For the downstream model, we used a BiLSTM
encoder since we followed the experimental con-
figurations of OpTok7. We used SentencePiece to

2https://github.com/wansho/senti-weibo
3http://www.db.info.gifu-u.ac.jp/data/

Data_5d832973308d57446583ed9f
4https://www.kaggle.com/c/

twitter-sentiment-analysis2
5http://yongfeng.me/dataset/
6http://jmcauley.ucsd.edu/data/amazon/
7Our implementation is based on the existing code:

https://github.com/tatHi/optok

construct vocabulary V 8 and initialized unigram
probabilities of our NULM. The initial vocabulary
sizes are 16K for Twitter(Ja) and Twitter(En) and
32K for the others. The number of tokenizations
is N = 3, and the hyperparameters for subword
regularization are α = 0.2 and k = ∞. For the
SNLI corpus, the system shares the same NULM
for the premise and hypothesis and optimizes the
NULM in the manner explained in Section 2.4.

Results Table 1 presents the experimental results
on text classification. This table indicates that our
proposed method surpasses OpTok in eight datasets.
For the other two datasets, the performance of our
method is comparable to OpTok. These results in-
dicate that the proposed method is a better alterna-
tive to the existing tokenizers for text classification
tasks. We consider that the difference in the per-
formance is caused by the difference in strategy
between the training the downstream models. Op-
Tok trains the downstream model with a weighted
sum of sentence vectors corresponding to N -best
tokenization with their tokenization probabilities,
but it uses 1-best tokenization in the inference. This
gap might harm the downstream model. In contrast,
since our method trains the downstream model with
only one sampled tokenization, the downstream
model receives one tokenization in both training
and inference consistently. We consider that this
consistency improves the performance.

3.2 Machine Translation

Settings For experiments on the machine trans-
lation task, we employ IWSLT and WMT corpora
on eight language pairs. We pre-tokenized all the
datasets except for the Chinese corpus with Moses
Tokenizer9, and we used jieba10 for the Chinese cor-
pus. We evaluate the performance of each method
with detokenized BLEU with SacreBLEU (Post,
2018) after detokenization.

As a recent tokenizer for machine translation,
we compare the proposed method with DPE (He
et al., 2020), which tokenizes a target sentence,
considering the source tokenization, in addition to
SentencePiece. We employed the official imple-
mentation of DPE11 and train the DPE model using
SentencePiece tokenization. In the same as text

8We limit the size of the vocabulary to the half size of the
initial vocabulary as well as the training of OpTok.

9https://github.com/moses-smt/
mosesdecoder

10https://github.com/fxsjy/jieba
11https://github.com/xlhex/dpe
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Encoder SP SP+R SP+R Ours SP+R Ours
Decoder SP SP+R DPE SP+R Ours Ours

IWSLT14 De-En 33.79 35.03 35.02 34.90 35.78 35.13
En-De 28.09 29.13 29.39 29.56 29.57 29.30

IWSLT15 Vi-En 28.70 28.78 28.85 29.34 29.69 29.44
En-Vi 30.87 31.60 31.63 31.41 31.74 31.70
Zh-En 20.44 21.17 21.38 21.63 21.65 21.89
En-Zh 14.40 15.25 15.21 15.45 15.59 15.31

IWSLT17 Ar-En 29.23 29.39 29.37 29.48 30.04 29.78
En-Ar 15.45 17.75 17.83 18.49 18.18 18.21
Fr-En 37.87 38.43 38.52 38.82 38.68 38.58
En-Fr 37.95 39.83 39.90 40.01 40.08 39.68

WMT09 Hu-En 14.84 15.51 15.75 15.73 15.74 15.60
En-Hu 11.02 12.14 12.30 12.30 12.37 12.33

WMT14 De-En 31.46 31.89 31.97 32.19 31.98 31.90
En-De 27.10 27.41 27.49 27.62 27.52 27.44

WMT16 Ro-En 29.10 31.79 31.80 31.80 31.83 31.72
En-Ro 21.78 24.05 24.29 24.36 24.53 24.03

Table 2: Results of experiments on machine translation task using IWSLT and WMT corpus (BLEU). We show the tokenization
method for Encoder and Decoder. SP and R mean SentencePiece and subword regularization, respectively. The highest scores
are highlighted in bold.

classification, we used subword regularization as a
strong baseline.

For the downstream model, we used Trans-
former (Vaswani et al., 2017) implemented in
Fairseq (Ott et al., 2019). For the IWSLT dataset,
we used the small Transformer, and we created
the initial vocabulary using SentencePiece with
a 16K size of the vocabulary for each language.
For the WMT dataset, we employed Transformer
(base), and the size of the vocabulary is 32K. Simi-
lar to the case of text classification tasks, we initial-
ized our NULM with the result of SentencePiece.
The hyperparameters for subword regularization
are α = 0.2 for IWSLT, α = 0.5 for WMT, and
k =∞ for both datasets. The number of tokeniza-
tions for the training of the proposed method is
N = 8 for ISWLT and N = 3 for WMT.

In the training of NMT with DPE, we applied
subword regularization for the source side lan-
guage, similar to He et al. (2020). For the proposed
method, we prepared three configurations: used our
method only for a source side language, only for a
target side language, and for both side languages.

Results Table 2 details the performance of each
configuration. This table indicates that the system
employing our approach achieves the best perfor-
mance in most datasets. The setting where the
proposed method is used only for the decoder side
succeeds on many datasets. In contrast, when we
use our method for both sides, the performance
degrades. These results imply that it is challenging
to optimize the tokenization of source and target
languages simultaneously, and it can degrade the

performance. We discuss the simultaneous opti-
mization of source and target languages on NMT
in Section 5.1.

4 Tokenization as Post-processing

Settings As described in Section 1, our proposed
method can be applied as post-processing to an
already trained model. In this section, we evaluate
the effectiveness of optimizing our tokenizer for the
trained model. Concretely, we trained the NULM
with Ls in Eq.(3) without updating the parameters
of the downstream model.

We conducted experiments on text classification
(Sentiment) and machine translation (IWSLT15)
tasks. We trained the downstream models used
in Section 3 with subword regularization (Kudo,
2018). We trained the models with 30 epochs
for text classification and 100 epochs for machine
translation. After the training, we trained only our
tokenizer with five epochs using the loss values
computed by the trained models. Moreover, for
text classification, we trained OpTok in the same
manner as our proposed method as a baseline.

Results Table 3 details the performance of each
method. This table indicates that the proposed
method also improves the performance from the
base model trained with subword regularization.
The proposed method outperforms OpTok on two
datasets of text classification. Moreover, the pro-
posed method increases the BLEU scores consis-
tently in machine translation. These results show
that the proposed method is useful to improve the
performance of the downstream model even if we
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SP+R OpTok Ours
Sentiment (F1)
Weibo(Zh) 92.69 93.08 92.99
Twitter(Ja) 85.88 86.23 86.28
Twitter(En) 77.21 77.41 77.77
IWSLT15 (BLEU)

Vi-En 28.82 - 28.91
En-Vi 30.48 - 30.60
Zh-En 21.55 - 21.82
En-Zh 14.57 - 14.83

Table 3: Improvement in the performance by optimizing
tokenization as post-processing by OpTok and our method.
SP+R indicates SentencePiece with subword regularization.
The highest scores are highlighted in bold.

use a sufficiently trained model as the downstream
model. In other words, since we do not necessar-
ily require training for the proposed method with
the downstream model from scratch, our proposed
method can be applied to various situations such as
the combination with a pre-trained model.

5 Discussion

5.1 Learning Both Encoder and Decoder
The results of the machine translation task (Section
3.2) reveal that the performance decreases when
we incorporate our method into both the encoder
and the decoder sides. We consider that the cause
of this decrease to be the gap in the tokenization
strategy between the source and target languages.
In this section, we attempt to make it stable to train
our method on both the encoder and decoder sides
simultaneously with three possible strategies.
Enc→Dec: We train only the encoder-side NULM
in the first 50 epochs, with the decoder-side NULM
being frozen; then, we train the decoder-side
NULM in the last 50 epochs, with the encoder
NULM being frozen.
Dec→Enc: We train our method with the reversed
version of the strategy Enc→Dec strategy.
Random: We randomly update either of the
NULM on the encoder or that on the decoder sides
with at a 0.5 ratio in each mini-batch training.

Table 4 presents the results of the experiments.
These results indicate that the Enc→Dec strategy
contributes to improving the performance of the si-
multaneous learning of tokenization on both sides.
In particular, the scores of Vi-En, En-Vi, and Zh-
En surpass the best scores reported in Table 2, in-
dicating that the Enc→Dec strategy is effective
for the training of our method. In contrast, the
Dec→Enc strategy decreases the performance in
many language pairs. The performance obtained us-

Both Enc→Dec Dec→Enc Random
Vi-En 29.44 30.22 29.47 29.37
En-Vi 31.70 31.78 31.33 31.70
Zh-En 21.89 21.99 21.82 21.66
En-Zh 15.31 15.54 14.88 15.14

Table 4: Performance of NMT on the IWSLT15 datasets with
three strategies for the simultaneous training of our method.
The scores of Both are taken from the Ours-Ours column in
Table 2. The highest scores are highlighted in bold.

ing the Random strategy is slightly lower than that
obtained using the original method (Both). From
these results, we can conclude that it is effective
for the machine translation task to learn the tok-
enization of each side step-by-step, specifically,
from the encoder-side to the decoder-side, instead
of optimizing both sides simultaneously.

5.2 Analysis of Tokenization
Optimized Tokenization In this section, we an-
alyze the tokenization obtained using the proposed
method on a machine translation task. Table 5
presents the comparison of tokenization among
SentencePiece, DPE, and our method. We utilized
the IWSLT15 Zh-En corpus for this comparison
and tokenized English side sentences using each
method. For our method, we only optimized the
English side tokenization.

Table 5a presents a comparison of the tokeniza-
tion on the source side between SentencePiece and
the proposed method. Our method splits words into
smaller segments than SentencePiece, which is the
initial tokenization of our method. For example,
our method cuts off the suffix from a stem word,
such as splitting “don” into “do-n,” “have” into
“hav-e,” and “hours” into “hour-s.”

Table 5b presentas a comparison of the tokeniza-
tion on the target side between SentencePiece, DPE,
and the proposed method. Compared to the tok-
enization on the source side, our method does not
split words into tiny units on the target side. The
proposed method exhibits the same tendency of to-
kenization as DPE, such as splitting the past-suffix
“-ed.” However, the DPE tokenization contains
smaller units than our tokenization; an example of
this is the difference in the tokenization for “away.”

Tokenization Granularity To compare the gran-
ularities of each tokenizer, we confirm the number
of tokens in the corpus tokenized by each method.
Table 6 presents the ratio of the number of tokens
in the training corpus between the initial tokeniza-
tion (SentencePiece) and the optimized tokeniza-
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SP Student s don ’ t have long hours of learning .
Ours Student s do n ’ t hav e long hour s of learning .
TGT 学生在校 学习时间不长。

(a) Tokenziation difference for the source language (En-Zh)

SRC 引力与其它力分隔开来
SP Gra vity separate d away from the other force s .
DPE Gra vity separat ed a way from the other force s .
Ours Gra vity separat ed away from the other force s .

(b) Tokenization difference for the target language (Zh-En)

Table 5: Comparison of English tokenization on Zh-En pairs
using SentencePiece (SP), DPE, and our method. SRC and
TGT indicate the tokenization of source and target side, re-
spectively. The different tokenization is highlighted in bold.

tion (DPE and the proposed method). In the table,
a value greater than 1 indicates an increase in the
number of tokens compared to SentencePiece.

The results reveal that the number of tokens in
the proposed method increases for the source side
tokenization, which means that our method tok-
enizes a source corpus into small units by splitting
morphemes, as shown in Table 5a.

For the tokenization of the target side, the ratio
of the number of tokens for the proposed method is
slightly smaller than the initial tokenization, other
than for the En-Zh pair. We consider that our
method seeks appropriate tokenization to aid in
the decoding process while maintaining the gran-
ularity of the initial tokenization. With respect to
the translation of the En-Zh pair, our method splits
a Chinese sentence into smaller tokens. Chinese
characters contain much more information than En-
glish characters, and the number of Chinese tokens
in a sentence is smaller than that of English. We
consider that this difference causes the increased
tokens on the target side to use the same granularity
as the source English corpus.

Compared with the tokenization by the proposed
method, the number of tokens for the DPE varies
for each language pair. DPE tokenization is more
flexible than our method because DPE employs the
Transformer and a special decoding algorithm for
tokenization, whereas we simply use a unigaram
language model and the Viterbi algorithm. In addi-
tion, DPE tokenizes the target sentence by directly
considering the source tokenization by inputting
a source sentence to the Transformer. In contrast,
we use the target side NULM trained with the both
side information to find the target side tokenization.
Although our tokenization flexibility is limited, our
method improves the performance on NMT tasks,
as demonstrated in the experimental results.

Encoder Ours SP+R SP+R
Decoder SP+R Ours DPE
IWSLT14
De-En 2.5353 0.9992 1.0439
En-De 1.3809 0.9996 0.9923

IWSLT15
Vi-En 1.5320 0.9993 1.0428
En-Vi 1.4650 0.9999 0.9923
Zh-En 1.5175 0.9994 0.9907
En-Zh 1.3516 1.4713 1.0346

IWSLT17
Ar-En 2.5350 0.9997 0.9952
En-Ar 1.4765 0.9994 0.9945
Fr-En 1.7194 0.9996 1.0001
En-Fr 1.5996 0.9997 0.9935

Table 6: Ratio of the number of tokens between initial tok-
enization (SentencePiece) and optimized tokenization (DPE
and Ours) on the IWSLT corpora. SP+R denotes Sentence-
Piece with subword regularization.

5.3 Effect of Hyperparameter N
The proposed method updates the NULM using
N -best tokenized candidates. In this section, we
confirm the effect of the hyperparameter N on the
performance for the downstream tasks.

We conducted experiments on text classification
and machine translation with different N , as men-
tioned in Section 3. Figures 3 and 4 show the re-
sults respectively. In these figures, we illustrate the
difference from the performance of the model with
the settings used in Section 3, i.e., N = 3 for text
classification and N = 8 for machine translation.

For the text classification task, we confirm the
effect of N on the sentiment analysis datasets. In
Figure 3, we can observe that the number ofN does
not have a strong effect on the performance of the
proposed method. In addition, the largerN leads to
slightly better performance for the Japanese and En-
glish datasets. In contrast, the performance for the
Chinese dataset decreases with a large N . We con-
sider that this occurs because a Chinese sentence
has more tokenization candidates than the others,
and the optimization of tokenization becomes un-
stable with larger N .

Compared to the existing OpTok method (Hi-
raoka et al., 2020) the proposed method is robust
to large N . As described in Section 3, our method
avoids the gap between training and inference in
terms of the weighting strategy. Because the pro-
posed method uses one sampled tokenization to
train the downstream model, the number of N does
not affect the text classification performance. The
experiment with variousN verifies that our method
is superior to Hiraoka et al. (2020).

For the machine translation task, we conduct ex-
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Figure 3: Difference in performance on text classification
tasks against N .

Figure 4: Difference in performance on machine translation
tasks (Vi-En) against N .

periments on the Vi-En pair of IWSLT15. Figure
4 illustrates that the number of N does not have
a strong effect on the performance when we use
the proposed method solely for the target side (SP-
OURS). When we incorporate our method to the
source side (OURS-SP), the performance increases
with a large N . We consider that the proposed
method is able to seek appropriate tokenization
from the large search space when we set a large
number as N because the neural encoder of NMT
allows various tokenizations for its input. When
we use our method for both the encoder and the de-
coder (OURS-OURS), the performance decreases
slightly with higher N . We consider that optimiza-
tion of the tokenization of both sides with a large
N becomes unstable because tokenization on the
source side varies vastly during training.

6 Related Work

Many researchers have tackled the problem of op-
timizing tokenization, especially in the machine
translation field. For statistical machine transla-
tion, Nießen and Ney (2004) and Goldwater and
McClosky (2005) attempted to obtain good tok-
enization using hand-crafted linguistic information.
Some studies explored appropriate tokenization
using alignment information between the source

and target languages (Xu et al., 2008; Chung and
Gildea, 2009; Nguyen et al., 2010).

Recent studies have attempted to obtain appro-
priate tokenization for the downstream task using
neural networks. Gowda and May (2020) analysed
the optimal granularity of tokenization on NMT.
Salesky et al. (2020) proposed Incremental-BPE,
which automatically explores the appropriate granu-
larity of BPE tokenization. They stopped the merge
operation of the BPE depending on the loss on a
validation split. He et al. (2020) proposesd DPE,
which obtains the appropriate tokenization of a tar-
get language depending on the tokenization of the
source side on the NMT. Our method is different
from DPE in that our method can optimize tok-
enization considering the parameters of the down-
stream model. Moreover, our method can be ap-
plied to both the source and target languages of
the machine translation task. Hiraoka et al. (2020)
proposed OpTok, which optimizes the tokenizer
and the downstream model on text classification
simultaneously. We extend their idea to be appli-
cable to any downstream task, including machine
translation. Moreover, our method uses a different
training strategy to that used in OpTok. We split
the training loss for the downstream loss and tok-
enization loss, as mentioned in Section 2, and the
experimental results demonstrate that our strategy
is superior to OpTok.

We employ subword regularization to train the
downstream model. Kudo (2018) proposed training
a model by sampling tokenization with a unigram
language model, and Provilkov et al. (2020) modi-
fied this idea to use the BPE (Sennrich et al., 2016)
process to yield various tokenizations. Hiraoka
et al. (2019) applied subword reguralization for
text classification tasks.

7 Conclusion

We propose a novel method for optimizing tok-
enization by considering downstream tasks, such
as a training corpus and a downstream model. Our
method is the first approach to explore appropriate
tokenization for any downstream task. Experimen-
tal results demonstrate that the proposed method
achieves higher performance than existing systems
with respect to text classification and machine trans-
lation tasks. Because the proposed method is ap-
plicable to any architecture using loss for its op-
timization, we expect our method to improve the
performance for other NLP tasks.
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Method Tokenization
SentencePiece This didn ’ t have full seasons . I expected more than 6 episodes on this because I liked this series .
Genre (Gold: Movies and TV)
OpTok This didn ’ t have full seasons . I expected more than 6 episode s on this because I liked this series .
Ours This didn ’ t have full season s . I expected more than 6 episode s on this because I liked this series .
Rating (Gold: 1)
OpTok This didn ’ t have full seasons . I expected mor e than 6 episodes on this because I like d this series .
Ours This didn ’ t have full seasons . I expected more than 6 episodes on this because I liked this series .

Table 7: Tokenization examples on the text classification task. Bold highlights the difference of tokenization among methods.

A Detailed Experimental Settings

For all the experiments, we implement the pro-
posed method using PyTorch, and we run all the
experiments on NVIDIA Tesla V100 (16 GiB). For
the initialization of the NULM, we terminate the
pretraining when the loss is less than 1× 10−7 or
the training epoch achieves the maximum number
(100,000).

A.1 Text Classification
In Section 3.1, we use two new datasets in addition
to the datasets used in the existing research (Hi-
raoka et al., 2020). We prepare both datasets in
the same manner as that used for Genre(En) and
Rating(En).

For Genre(Zh) and Rating(Zh), we use 13 genres
that contain a sufficient number of reviews and sam-
ple 30,000 reviews from each genre, balancing the
number of ratings and limiting the number of char-
acters in the review to 100. The dataset contains
390,000 reviews, and we split it at a ratio of 8:1:1
for training, validation, and testing. Each review
has ratings from 1 to 5 attached by reviewers, and
we use the sampled dataset for a rating prediction
task and a genre prediction task.

For Genre(Ja) and Rating(Ja), we use 21 genres
that contain a sufficient number of reviews and
sample 5,000 reviews from each genre and rate,
limiting the number of characters in the review to
100. The dataset contains 525,000 reviews, and we
split it at a ratio of 8:1:1 for training, validation,
and testing. Each review has ratings from 1 to 5
attached by reviewers, and we use them for rating
and genre prediction tasks.

We conduct experiments on text classification
tasks under the same settings as those used in the
existing literature (Hiraoka et al., 2020). Thus,
we conduct a text classification with BiLSTM en-
coders whose hidden size is 256. The size of the
word embedding is 64, and we set the batch size to
256 and the maximum training epoch to 20. The
pretrained word embeddings are frozen in the train-

ing of text classification, and both NULM and the
downstream model share word embeddings.

A.2 Machine Translation
For experiments on machine translation, we do
not freeze the word embeddings. We empirically
find that the training becomes unstable when word
embeddings are shared between NULM and the
downstream model without freezing. Therefore, we
prepare different word embeddings for NULM and
the downstream model, called the Transformer. We
set the word embedding size to 64 for the NULM.
We make the mini-batch by specifying the number
of maximum tokens, and we set it to 1,000. The
maximum number of training epochs is 100 for all
the experiments, and we average the parameters of
the last 10 epochs for evaluation.

B Tokenization for Text Classification

We present examples for the tokenization on text
classification tasks, Genre/Rating(En), in Table 7.
As both Genre and Rating datasets are created from
the same review corpus, we can confirm whether
each method can tokenize a sentence depending on
the task, which might be a genre prediction or a
rating prediction. We compare the tokenization by
SentencePiece, OpTok, and our method.

The tendency for tokenization by our method
is similar to that by OpTok because our method
is based on OpTok. In the example, both OpTok
and our method split a suffix “s” from “episodes”
only on the genre prediction task. This example
implies that both methods yield tokenization that in-
cludes task-specific word such as “episode” for the
“Movies and TV” genre. In addition, our method
tokenizes “seasons” into “season-s,” which is also
related to the movie genre.

With respect to the rating prediction, our method
does not split “liked” into “like,” which might be
helpful for predicting ratings, whereas OpTok does.
We consider that our method uses the original word
to distinguish the verb from the adjective/adverb
“like.”
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Abstract

The attention layer has become a prevalent
component in improving the effectiveness of
neural network models for NLP tasks. Figur-
ing out why attention is effective and its inter-
pretability has attracted a widespread deliber-
ation. Current studies mostly investigate the
effect of attention mechanism based on the at-
tention distribution it generates with one single
neural network structure. However they do not
consider the changes in semantic capability of
different components in the model due to the
attention mechanism, which can vary across
different network structures. In this paper,
we propose a comprehensive analytical frame-
work that exploits a convex hull representation
of sequence semantics in an n-dimensional Se-
mantic Euclidean Space and defines a series
of indicators to capture the impact of attention
on sequence semantics. Through a series of
experiments on various NLP tasks and three
representative recurrent units, we analyze why
and how attention benefits the semantic capac-
ity of different types of recurrent neural net-
works based on the indicators defined in the
proposed framework.

1 Introduction and Motivation

The first appearance of the attention mechanism in
natural language processing (NLP) can be traced
back to its successful application in Neural Ma-
chine Translation (NMT). Bahdanau et al. (2014a)
proposed an attention mechanism in an Encoder-
Decoder model, which achieved great success, and
showed that attention weight produced in this mech-
anism improved the interpretability of the model by
providing a way of aligning the source and target
languages through a simple quantitative analysis.
Subsequently, the assumption that attention could
improve the interpretability and transparency of a
model was acquiesced by many later works, such

∗ Corresponding Author: Dawei Song

as AEN (Song et al., 2019) (applied to targeted sen-
timent classification), ATAE-LSTM (Wang et al.,
2016) (applied to aspect-level sentiment classifica-
tion), and CMLA (Wang et al., 2017) (applied to
semantic sentiment analysis).

More recently, this hypothetical premise has
aroused controversies. For example, Serrano and
Smith (2019) and Jain and Wallace (2019) used
an erasure-based approach and advocated the at-
tention weight does not necessarily correspond
to importance. Wiegreffe and Pinter (2019) and
Vashishth et al. (2019) considered attention to be
interpretable, using a more model-driven approach
and manual verification. These investigations fo-
cus on whether the attention distribution is unique
and the correlation between attention weight and
model prediction results, based on a similar neural
network setting that consists of an embedding layer,
a specific Recurrent Neural Network (RNN) and an
attention component. Complex components such
as the encoder-decoder structure were removed
from the network as they may bias the analysis
on the effect of attention weights. However, these
works fail to explain two critical issues as follows:

(1) Neglecting the changes in the rest of the
model before and after introducing attention,
especially the word embedding layer and the
RNNs’ hidden layer. Figure 1 shows the tran-
sition before and after the introduction of atten-
tion. When a model does not introduce atten-
tion, the model generates an embedding sequence
E = {e1, e2, ..., en} from the original one-hot word
representation. Subsequently, the sequence E is
processed by a specific RNN and converted into
a hidden layer sequence H = {h1, h2, ..., hn},
which is used to produce the output. The intro-
duction of attention will cause the model to change
the gradient during the back-propagation in the
training phase, which will lead to the embedding
and hidden sequences to move away from the pre-
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Figure 1: The transformation before and after the introduction of the attention in the RNNs.

vious values E and H when the model training
step is done. The new embedding sequence is
represented by Eattn = {eattn1 , eattn2 , ..., eattnn },
and the hidden layer sequence is represented by
Hattn = {hattn1 , hattn2 , ..., hattnn }. After the at-
tention layer, Hattn is adjusted by the attention
distribution to produce a new sequence Aattn =
{aattn1 , aattn2 , ..., aattnn }. At this point, Aattn is
used to generate the output of the model.

The existing works have focused on whether the
attention distribution is unique or reasonable (if it
is not unique). However, they ignore the extent
of semantic changes in the sequences caused by
the attention mechanism, including the changes
in the embedding sequence (E → Eattn), in the
hidden layer sequence (H → Hattn), and even in
the emerging attention sequence (Aattn). We posit
that such ignorance would lead to an unfair and
biased analysis of the attention.

(2) Lacking a systematic study of the atten-
tion effect on different types of RNNs. The
attention layer is compatible with various types
of RNNs, regardless of which recurrent unit
out of Vanilla-RNN (Mikolov et al., 2010),
LSTM (Hochreiter and Schmidhuber, 1997) or
GRU (Cho et al., 2014), is used, or whether it has
a uni-directional or bi-directional structure. Al-
though the existing works have experimented on
many datasets, they solely focus on a single type
of RNN preceding the attention layer at a time.
We argue that a comprehensive comparison of the
changes before and after introducing attention to
different types of RNNs mentioned above will bet-
ter reveal the intrinsic interpretability of attention.

To address these two issues, we propose to ex-
plore the effect of attention from a new perspec-
tive by conducting a systematic investigation on
the semantic changes across different sequences
of a RNN model with or without attention, and

comparing the differences in the changes across
mainstream recurrent units. Based on the analysis
results, we expect to better understand what hap-
pens before and after the introduction of attention
into the model.

The proposed analysis requires a comprehensive
framework with reasonable metrics to evaluate the
quality of sequence semantics based on their vec-
tor representations. For this purpose, we adopt the
concept of Convex Hull in n-dimensional Seman-
tic Euclidean Space (SRn) (Zhang et al., 2020) to
represent the semantics of a sequence. Since an
attention mechanism always produces a point in
the convex hull of its preceding hidden units, we
can establish suitable metrics based on the convex
hull formed by a sequence of vectors in SRn, to
facilitate the analysis of attention effect. Section 2
will briefly introduce the Semantic Euclidean Space
and the convex hull representation of the sequence
semantics. In Section 3, we analyze the attention
mechanism and establish the relationship between
the attention weight and the sequence meaning (as
convex hull in SRn). Section 4 formulates a set of
indicators to analyze the semantic changes before
and after attention. With the proposed framework,
we conduct comparative experiments on various
datasets concerning text classification and senti-
ment analysis tasks in Section 5. Based on the
experimental results, we conduct in-depth analysis
from the perspective of why and how the atten-
tion mechanism benefits the semantic capacity of
different recurrent units of RNNs.

2 Background

Zhang et al. (2020) proposed an n-dimensional
Semantic Euclidean Space (SRn), which defines
the mapping relationship between points in an Eu-
clidean Space (Rn) and their semantics. As a se-
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mantic extension of Rn, SRn is defined as:

SRn = {∀x = (x1, ..., xn) ∈ Rn|x→ semantics}
(1)

In SRn, the points are divided into specific seman-
tic points and abstract semantic points. A spe-
cific semantic point has a word corresponding to it,
which can also be regarded as a word embedding.
An abstract semantic point does not have a specific
word corresponding to it, such as a point generated
by the hidden layer of RNNs.

Zhang et al. (2020) then proposed to use the con-
vex hull and centroid of points in SRn to measure
the meaning and central idea of a sequence of
words. It provides a theoretical basis for exploring
the semantic changes that occur before and after
introducing attention into a model.

2.1 Meaning of a Sequence

Definition. The meaning of a sequence composed
of semantic points is represented by the convex hull
composed of these points.

Given a sequence X composed of semantic
points, its meaning, denote as ME(X ), is formu-
lated as:

ME(X ) = Conv(X ) (2)

Conv(X ) denotes the convex hull of a finite point
set X , as the set of all convex combinations of the
points (Faux and Pratt, 1979). In a convex combi-
nation, each point xi inX is assigned with a weight
or coefficient αi in such a way that the coefficients
are all non-negative and sum to one. These weights
are used to produce a weighted average of points.
It is formulated as:

Conv(X ) =





|X |∑

i=1

αixi

∣∣∣∣αi ≥ 0 ∧
|X |∑

i=1

αi = 1




(3)

The mapping between the definition of the convex
hull and the meaning of a sequence is intuitive. A
sentence (sequence) consists of words (semantic
points). In addition to the semantics expressed
by the individual words, a sentence should also
include the implicit semantics (abstract semantic
points) produced by all possible combinations of
words.

2.2 Central Idea of a Sequence

Definition. The central idea of a sequence com-
posed of semantic points is represented by the cen-
troid of the sequence’s meaning.

The central idea of a sequence X of semantic
points is denoted as Centroid(X ), formulated as:

CI(X ) = Centroid(ME(X )) (4)

The centroid a subset X of Rn is the mean posi-
tion of all the points in all coordinate directions. It
is computed as:

Centroid(X ) =

∫
xg(x)dx∫
g(x)dx

(5)

where the integrals are taken over the whole space
Rn, and g is the characteristic function, which is 1
if a point is inside X and 0 otherwise (Protter and
Morrey, 1977).

However, the central idea of a sequence needs
to be calculated as Centroid(Conv(X )), instead of
Centroid(X ) directly, to guarantee that the cen-
tral idea of the sequence lies within the convex
hull (meaning) of the sequence. In contrast, even
though the geometric centroid of a convex object
always lies within the area representing its mean-
ing, a non-convex object might also have a centroid
that is outside the area, which is undesirable. As
introduced above, ME scopes the meaning of a se-
quence as an area in SRn, while the central idea
of the sequence should be at the centre of the ME
area.

The central idea of a sequence can be consid-
ered as a “summary” of the sentence’s meaning.
Operationally, it is the centroid of the convex hull
representation of the sentence meaning, within a
SRn. Take the phrase “The Association for Com-
putational Linguistics” as an example, the central
idea of this phrase can be summarized as a seman-
tic point, which corresponds to the abbreviation
“ACL”. Considering another phrase, “good enough
but not excellent”, the central idea of this phrase
also can be summarized as a semantic point, but for
the time being, there is no word that corresponds to
this semantic point. Perhaps with the development
of natural language, people will soon create a word
to describe this semantic point. This is actually the
specific semantic point and abstract semantic point
defined in SRn. More explanations about SRn can
be found in Zhang et al..
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3 Attention With Convex Hull

Motivated by the ability of SRn to measure the
meaning and central idea of sequences, we will
theoretically analyze the role of attention from the
perspective of semantic change.

Take the well-known Scaled Dot-Product atten-
tion (Vaswani et al., 2017) as an example (this will
be abbreviated as dot-attn later). When a sequence
X = {x1, x2, ..., xn} passes through a dot-attn
layer, the specific calculation process is shown as
follows:

αi = softmax(
xiX√
m

) (6)

yi = αiX (7)

X ∈ Rn×m denotes the matrix of word vectors
corresponding to the input sequence X , where m
is the dimensionality of word vectors. Essentially
this process can be described as the following two
steps:

1. Construct an attention distribution α =
(α1, α2, ..., αn) through the input sequence X
and the softmax function,

2. Use the attention weight and X to generate a
new sequence Y = {y1, y2, ..., yn}, which is
called an attention sequence.

αi is a probability distribution generated from
the softmax function, which ensures that each com-
ponent in it will be in the interval (0, 1) and the
components will add up to 1. Focusing on a specific
vector yi in Y , it can be expressed as follows:

yi =
n∑

j=1

αjixj

∣∣∣∣
n∑

j=1

αji = 1, αji ≥ 0 (8)

Comparing Formula 8 with Formula 3, we can
find that under the action of dot-attn, the process
of converting X to Y is indeed a process of con-
tinuously selecting new semantic points from the
convex hull of X (i.e., the meaning of X , ME(X ))
to form a new semantic sequence Y . Therefore, the
new sequence Y is a semantic transformation of the
original sequence X to some extent. An example
of X dot-attn−→ Y is shown in Figure 2.

Furthermore, although the convex hull of X
can be used to express the meaning of a sentence,
the model usually uses X to construct a vector
c = 1

n

∑n
i=1 xi as representation of a sentence, fol-

lowed by a dense layer and activation function to

ME(X attn)

CI(X attn)

CI(Y attn)

ME(Y attn)

X1
attn

X2
attn

X3
attn

Xn
attn

Y3
attn

Yn
attn

Y2
attn

Y1
attn

Figure 2: Use attention to convert sequence X to se-
quence Y . The meaning of X is represented by the yel-
low shaded part, and the meaning of Y is represented
by the red part.

generate prediction result. The form of sentence
representation c is consistent with the definition of
the central idea in SRn. Therefore, from the sen-
tence representation’s perspective, attention is to
transform the central idea expressed by the original
sequence (CI(X )) to a new semantic point CI(Y)
(the central idea of Y). The offset from the yellow
diamond to the red triangle in Figure 2 represents
the conversion from CI(X ) to CI(Y).

In summary, the model has undergone the fol-
lowing changes after the introduction of attention:

1. Attention adjusts the meaning expressed by
the original sequence by adjusting each se-
mantic point in the sequence.

2. Attention changes the central idea (an instance
representation) of the original sequence.

Through the above analysis, we have a deeper
understanding of how attention transforms the orig-
inal input from the perspective of the convex hull
at the theoretical level. It is important to note that
our proposed attention analysis framework above is
applicable to other forms of attention, such as tanh
attention (Zhou et al., 2016). No matter a popular
dot-attn or a traditional tanh attention is used, they
can be regarded as firstly adjusting the sequence X
to sequence Y , and then further averaging them to
make predictions. The subtle difference between
them lies in the dimensions of attention distribu-
tions. For an input sequence, the dot-attn generates
a 2-dimensional distribution, while the tanh atten-
tion generates a 1-dimensional distribution.

However, only the above analysis framework is
not enough. During the training process, due to the
introduction of attention, the gradient change in the
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back-propagation process will cause the original
sequence X to be converted into a new sequence
X attn, and this has also been ignored in previous
studies. To this end, we will first construct relevant
evaluation indicators, and then give our complete
analysis framework based on the theoretical analy-
sis of attention in this section.

4 Assessing the Effect of Attention

Following the typical settings in this area, we use an
RNN model as the basis to systematically analyze
the changes between different sequences in the pro-
cess of introducing attention to the model. We spec-
ify multiple indicators to measure these changes
and accordingly present our analysis framework.

4.1 Various Sequences Before and After the
Introduction of Attention

As shown in Figure 3, the model takes the one-
hot representation of the word sequence as the
initial input. When attention is not used by the
model, the model contains an embedding sequence
E = {e1, e2, ..., en} inferred from a dense layer
and a hidden sequence H = {h1, h2, ..., hn} pro-
duced by an RNN. When an attention mechanism
is introduced, the model weight changes due to
the gradient changes during the training process.
Hence, E andHwill be converted to new sequences
Eattn = {eattn1 , eattn2 , ..., eattnn } and Hattn =
{hattn1 , hattn2 , ..., hattnn }. The introduction of atten-
tion will be further transformed Hattn into an at-
tention sequence Aattn = {aattn1 , aattn2 , ..., aattnn }.
For the above five sequences, there is the following
progressive relationship:

E → H (9)

Eattn → Hattn → Aattn (10)

The differences between the above two links of
sequences should be carefully examined to explore
the impact of attention on the model. In this work,
we first define a series of indicators to measure
the semantic expression ability of an independent
sequence and the semantic relationship between
two sequences that belong to the same link. A
framework is proposed to systematically compare
the differences between the two links to assess the
effect of attention.

4.2 Degree of Semantic Unsaturation
In SRn, the meaning of a sequence X of length
|X | is calculated by ME. We define the degree of

semantic unsaturation of a sequence as follow:

DSU(X ) =
ME(X )

|X | (11)

DSU(X ) reflects the degree of semantic unsatura-
tion regarding X . Normally, the smaller the se-
mantic space contained in the meaning of a se-
quence, the more precise the semantics expressed.
Specifically, for sequences X and Y have same
sequence length, if the meaning expressed by X
is more precise than the meaning expressed by Y ,
i.e. ME(X ) < ME(Y), then DSU(X ) is less than
DSU(Y), which means that the degree of unsatu-
ration of X is lower than Y . For this reason, the
smaller DSU(X ), the better.

4.3 Semantic Coverage
For two sequences X ,Y , the sequence Y is a se-
mantic transformation of the previous sequence X
(this transformation may be synonymous transfor-
mation or even semantic extraction), we use seman-
tic coverage (SC) (Zhang et al., 2020) to indicate
the overlap between two sequences:

SC(X ,Y) = ME(X ) ∩ME(Y)

Since X is the original sequence and Y is the con-
verted sequence, then three indicators Semantic
Coverage Precision (SCP), Semantic Coverage Re-
call (SCR), and Semantic Coverage F-Measure
(SCF) can be naturally defined to observe the
changes between the two sequences:

SCP(X ,Y) =
SC(X ,Y)

ME(Y)
(12)

SCR(X ,Y) =
SC(X ,Y)

ME(X )
(13)

SCF(X ,Y) =
2× SCP× SCR

SCP + SCR
(14)

4.4 Central Idea Offset
In addition to the difference in meaning between
two sequences, it is crucial to check the deviation
of the central idea between the two sequencesX ,Y .
The offset distance between the central idea of Y
and that of the original sequenceX is called Central
Idea Offset (CIO), formulated as follows:

CIO(X ,Y) = ‖CI(X ),CI(Y)‖ (15)

4.5 Analysis Framework
Base on the definition of the above five indicators,
we propose a framework to analyze the impact of
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Figure 3: Splice the two models before and after the attention is introduced in a symmetrical manner. The word
vector sequence and hidden layer sequence linked by the red arrow in the figure represent the observation from the
corresponding perspective. The sequence linked at both ends of the blue dashed arrow represents observation from
a shift perspective.

attention on a certain model. Recalling the two
links in Eq. 9, since the number of sequences con-
tained in each link is different, we propose two
perspectives for comparison: the corresponding
perspective and the shift perspective.

4.5.1 The Corresponding Perspective
The introduction of attention to a model has caused
changes in its embedding sequence (E → Eattn)
and its hidden layer sequence (H → Hattn). This
observation on the changes in the corresponding
layers of the model is called the corresponding
perspective. Using ∆ to represent the difference,
∆(ρ(E), ρ(Eattn)) reflects the influence of the in-
troduction of attention on the embedding layer from
the corresponding perspective, and similarly forH
andHattn.

In addition to the changes on a single sequence,
the difference between the links between adjacent
sequences (E → H, Eattn → Hattn) can also be
used to observe the impact of attention. For ex-
ample, ∆(SCP(E ,H),SCP(Eattn,Hattn)) is em-
ployed to compare the changes of semantic cover-
age precision between embedding layer and hid-
den layer before and after introduction of attention.
This difference can also be computed for SCP, SCF
and CIO.

4.5.2 The Shift Perspective
According to the analysis in Section 3, before atten-
tion is added, the generated attention sequenceH
is actually a conversion of the embedding layer.
In the presence of attention, the embedding se-

Dataset
Train/Valid/Test

Size
Vocab
Size

Label
Size

AG News 96000/24000/7600 95812 4
SST 8544/1101/2210 16583 4

Table 1: Dataset statistics.

quence Eattn is converted to the sequence Hattn,
which is further transformed to Aattn by the atten-
tion mechanism. Therefore, the difference between
CIO(E ,H) and CIO(Eattn,Aattn) can be used to
reflect the influence of attention on the overall se-
mantic shift along the link.

In the mean time, an input sentence is finally
converted intoH or Aattn to express the meaning
of the sentence, so we can alternatively express this
change by ∆(DSU(H),DSU(Aattn)).

5 Exploring the Attention

We first introduce the dataset and models used in
the experiments and then explore the impact of
attention using the analysis framework above.

5.1 Experimental Setup

In order to make our analysis concise, our ex-
periments focused on both text classification task
(Stanford Sentiment Treebank (SST) (Socher et al.,
2013)) and sentiment analysis task (AGNews 1). In
the future, we will extend our work to more data

1http://groups.di.unipi.it/˜gulli/AG_
corpus_of_news_articles.html
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Figure 4: From the corresponding perspective observe the impact of the introduction of attention on the model. In
each bin, top (blue) is the model without attention, bottom (red) is the model with attention.

AG News SST

- dot - dot

LSTM 0.969 0.976 0.918 0.946
Bi-LSTM 0.974 0.977 0.941 0.951

GRU 0.966 0.973 0.938 0.946
Bi-GRU 0.968 0.970 0.945 0.947

RNN 0.953 0.967 0.848 0.948
Bi-RNN 0.971 0.972 0.892 0.948

Table 2: The accuracy of different types of recurrent
units before and after the introduction of attention.

sets, especially the machine translation dataset in
the encoder-decoder model.

Since the AGNews dataset does not have a pre-
defined validation set, the training set is split into
a training set and validation set at a ratio of 8:2.
The statistics of datasets are shown in Table 1. For
each dataset, the base model we used for training
is shown in Figure 1. It has an embedding layer for
convert one-hot representation to distribution rep-
resentation, a specific RNN-layer (recurrent units
can be Vanilla-RNN, LSTM or GRU. The overall
structure can be uni-directional or bi-directional,
resulting in 6 different combinations.), without or
with a dot-attn layer, followed by an additive layer
and softmax prediction. The accuracy results of
these models on the validation set are shown in
Table 2, we calculate and analyze our indicators on
the test set (The distribution of sentence length in
the test set is shown in Appendix A). It should be
pointed out that for the problem that the convex hull

of high-dimensional vectors cannot be calculated
temporarily, we use t-SNE to reduce the collected
vectors to 2-dimensional at first (like the work of
Zhang et al.), and further continue calculate the
convex hull of the sequence, and use the area to
represent the semantic size covered by the convex
hull (The reproducibility is shown in Appendix B).

Both in the datasets, regardless of the uni-
directional or bi-directional RNNs structure is used,
the experimental results’ trends are similar. There-
fore, we only show the results generate by the use
of bi-directional RNNs to compare different re-
current units before and after the introduction of
attention on the dataset SST. The more experimen-
tal results can found in Appendix C, such as uni-
directional RNNs in SST dataset, uni/bi-directional
RNNs on AGNews.

5.2 Analysis from the Corresponding
Perspective

As shown in Figure 4, by observing the differ-
ence in semantic density from the corresponding
perspective. We can find that the embedding se-
quences (E , Eattn) learned by the model is basically
the same for different recurrent types with or with-
out attention. However, from the hidden layer se-
quence, H,Hattn , we can observe the change of
this difference, no matter what type of recurrent
unit,Hattn are less thanH, this shows that the hid-
den layer sequence of RNNs using the attention
escapes or abstracts the original text with a smaller
semantic range, and the semantics expressed are
more accurate. After using the attention, the hidden
layer sequence improves the accuracy of semantic
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expression (decrease the degree of semantic unsat-
uration) also brings about the improvement of the
model effect, as shown in Table 2. The attention
mechanism’s introduction also led to the shorten-
ing of the central idea offset between embedding
sequences and hidden sequences.

From the semantic coverage perspective, the in-
troduction of attention makes the semantic conver-
sion between the embedding layer and the hidden
layer generally improve in all of the three indica-
tors, semantic coverage recall, semantic coverage
accuracy, and semantic coverage F-Measure. This
improvement shows that the semantic closeness be-
tween embedding and hidden layer and the degree
of unsaturation of the hidden layer greatly influ-
ence the model results. The introduction of atten-
tion improve the accuracy of hidden layer sequence
expression semantics and makes the semantic con-
version between the embedding sequence and the
hidden layer sequence more natural. If we compare
different types of recurrent units, it is not difficult
to find that RNNs is significantly worse than LSTM
and GRU on most indicators, which shows that the
prediction accuracy of RNNs is lower than LSTM
and GRU is truthfully reflected in our indicators.

5.3 Analysis from the Shift Perspective

The result of the shift perspective is shown
in Figure 5, the picture on the top reflects
∆(CIO(E ,H),CIO(Eattn,Aattn)), the bottom pic-
ture reflects ∆(DSU(H),DSU(Aattn)). After the
introduction of attention, the sequence Aattn used
for original semantic expression has a smaller de-
gree of semantic unsaturation thanH used for orig-
inal semantic expression before the introduction
of attention. At the same time, the distance be-
tween the central idea of the embedding sequence
(CI(E), CI(Eattn)) and the final vector used as
an instance representation of the embedding se-
quence (CI(H),CI(Aattn)) is also shortened. The
improvement of these indicators is also reflected in
the accuracy of the model.

It is worth mentioning that if we observe the
changes from the perspective of different recurrent
types, it is not difficult to find that the number of
gate structures in the recurrent type is positively
correlated with the degree of semantic unsaturation
of embedding sequences and attention sequences.
(There are three gate structures in LSTM, 2 in GRU
and 0 in Vanilla-RNN.)

5.4 Analysis from the Holistic Perspective

Table 1 and Figure A in Appendix show that in
terms of dataset size, vocabulary size and sentence
length, the AGNews dataset is larger than SST. By
observing the experimental results, it can be found
that the changes in the many indicators of RNNs
after adding attention on SST are the most obvi-
ous. On the other hand, the experimental results
for LSTM and GRU without using attention are
significantly better than RNN in term of seman-
tic expression ability. However, this superiority is
largely compromised by the introduction of atten-
tion, which can well recognize the central idea and
effectively condense the semantics of a sequence.
Therefore, for LSTM and GRU, the changes in per-
formance caused by adding attention are relatively
less than that for RNN. This also explains why
the accuracy of any RNN variant can be greatly
improved after the introduction of attention.

Through Figure 4 and Figure 7 in Appendix, we
can see that the introduction of attention on the SST
dataset has led to substantial improvements for all
indicators, and the improvements on the AGNews
dataset are significantly lower. Furthermore, for
CIO indicators, RNN results are similar to LSTM
and GRU after the introduction of attention. The
CIO indicator measures the offset between central
ideas and is directly related to the vector that the
model finally uses to make predictions (see For-
mula 8 and Formula 15). Therefore, the high per-
formance of RNN with dot-attn on SST validation
set is explainable, especially a single-directional
RNN model with dot-attn on the SST validation set
reached 0.948.

All of these results verify that the analysis frame-
work in our paper can objectively reflect the at-
tention mechanism’s effectiveness on the semantic
expression ability.

6 Related Work

Guidotti et al. (2018) divided the problem of black-
box models in detail, and the interpretability prob-
lem of attention discussed in this paper belongs to
the model explanation problem.

RNNs can be said to be the basic ancestor model
that introduced the attention mechanism in NLP
tasks. Karpathy et al. (2015) established a map-
ping between the neurons of hidden layers and the
content represented to explore the RNNs, Du et al.
(2019) proposed a quantitative analysis framework
to pave the way for effective quality analysis of
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Figure 5: From the shift perspective observe the impact
of the introduction of attention on the model. In each
bin, top (blue) is the model without attention, bottom
(red) is the model with attention.

RNNs, Zhang et al. (2020) assessing the memory
ability of RNNs.

Bahdanau et al. (2014b) explained the attention
from the perspective of translation alignment, Lee
et al. (2017) presented an interactive interface for
visualizing and intervening behavior of attention.
Recently, a large amount of quantitative analy-
sis work on the interpretability of attention has
emerged, such as Vashishth et al. (2019); Jain and
Wallace (2019); Serrano and Smith (2019); Wiegr-
effe and Pinter (2019); Jain et al. (2019), which
explained the attention only focused on the atten-
tion distribution itself, and used an erase method.

7 Conclusions

In this paper, we have proposed a novel framework,
based on a convex hull representation of sequence
semantics over a Semantic Euclidean Space, to ana-
lyze the effect of attention on the semantic capacity
of a RNN model and how the effect differs on dif-
ferent network structures. Extensive experiments
on two NLP tasks provide in-depth insights on how
and why attention impacts the model. From the
corresponding perspective, the introduction of at-
tention directly leads to (1) a reduction of semantic
unsaturation in the hidden layer of RNNs, that is,

an increase in accuracy of the original semantic
expression, (2) narrowing the central idea distance
between the hidden layer sequence and the embed-
ding layer sequence, (3) an improved performance
of semantic coverage between embedding layer se-
quence and hidden layer sequence. These are criti-
cal impacts of attention on the model and improve
the capabilities of different types of RNNs. From
the shift perspective, the attention layer sequence
further reduces the degree of semantic unsaturation,
and gets a closer proximity to the embedding layer
sequence in the central idea. This is a critical factor
in improving the model’s accuracy. Our method
illustrates how attention affects the model from the
perspective of semantic transformation and makes
up the limitations of the previous studies in which
they only uses a single model to analyze attention.

We believe that the method proposed in this pa-
per will help carry out more in-depth analysis of
the role of attention and provide a brand-new per-
spective for semantic visualization in NLP tasks.
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A Datasets Detail

The statistics of sentence length in the test dataset
of SST and AGNews are shown in Figure 6. The
distribution of sentence length in the figure shown
the sentence length in the AGNews’ test set is
mainly concentrated in (0, 80), in the SST’s test
dataset is mainly concentrated in (0, 40).
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Figure 6: Sentence length statistics. The abscissa indi-
cates the length of the sentence, and the ordinate indi-
cates the count number.

B Reproducibility

Our experiment uses public dataset SST and AG-
News. At the same time, in order to reproduce the
experimental results more conveniently, we store
the scores of each set of sequences in the dataset on
defined indicators in a pickle binary file 2, which
is convenient for you load it in and use Pandas 3

to view it. We uploaded all the pickle files saved
under different models and different datasets to the
code part and provided our drawing part of the code
to view the experimental results disclosed in our
paper, and the model code and training code will
be released after some sorting.

2https://docs.python.org/3/library/
pickle.html

3https://pandas.pydata.org/

C Experiment

Figure 7 from the corresponding perspective ob-
serve the impact of the introduction of attention.
Each set of pictures shows the experimental results
under different experimental settings. Contains the
dataset used in the experiment (SST or AGNews)
and the directionality of RNNs (uni-directional or
bi-directional), different types of recurrent units are
compared on the ordinate of each picture.

Figure 8 from the shift perspective observe the
impact of the introduction of attention. Each set of
pictures shows the experimental results under dif-
ferent experimental settings. Contains the dataset
used in the experiment (SST or AGNews) and
the directionality of RNNs (uni-directional or bi-
directional), different types of recurrent units are
compared on the ordinate of each picture.
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Figure 7: From the corresponding perspective observe the impact of the introduction of attention.
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Abstract

Recently, chest X-ray report generation, which
aims to automatically generate descriptions of
given chest X-ray images, has received grow-
ing research interests. The key challenge of
chest X-ray report generation is to accurately
capture and describe the abnormal regions. In
most cases, the normal regions dominate the
entire chest X-ray image, and the correspond-
ing descriptions of these normal regions dom-
inate the final report. Due to such data bias,
learning-based models may fail to attend to ab-
normal regions. In this work, to effectively
capture and describe abnormal regions, we pro-
pose the Contrastive Attention (CA) model.
Instead of solely focusing on the current in-
put image, the CA model compares the cur-
rent input image with normal images to distill
the contrastive information. The acquired con-
trastive information can better represent the vi-
sual features of abnormal regions. According
to the experiments on the public IU-X-ray and
MIMIC-CXR datasets, incorporating our CA
into several existing models can boost their
performance across most metrics. In addition,
according to the analysis, the CA model can
help existing models better attend to the abnor-
mal regions and provide more accurate descrip-
tions which are crucial for an interpretable di-
agnosis. Specifically, we achieve the state-of-
the-art results on the two public datasets.

1 Introduction

A medical report is a paragraph containing multiple
sentences that describe both the normal and abnor-
mal regions in the chest X-ray image. Chest X-ray
images and their corresponding reports are widely
used in clinical diagnosis (Delrue et al., 2011).
However, writing medical reports requires particu-
lar domain knowledge (Goergen et al., 2013), and
only experienced radiologists can accurately inter-
pret chest X-ray images and note down correspond-

Input Images

Normal Image

Contrastive Results

Contrast

Figure 1: By contrasting current input images and
known normal images, it could be easier to capture
the suspicious abnormal regions (Red bounding boxes).
The images with Green boxes are normal.

ing findings in a coherent manner. An automatic
chest X-ray report generation system (Jing et al.,
2018, 2019; Liu et al., 2021b,a, 2019c) can reduce
the workload of radiologists and are in urgent need
(Brady et al., 2012; Delrue et al., 2011).

In recent years, several deep learning-based
methods have been proposed (Jing et al., 2018,
2019; Li et al., 2018, 2019; Chen et al., 2020c;
Liu et al., 2021b,a) for automatic chest X-ray re-
port generation; however, there are serious data
deviation problems in the medical report corpus.
For example, 1) the normal images dominate the
dataset over the abnormal ones (Shin et al., 2016);
2) given an input image, the normal regions usually
dominate the image and their descriptions dom-
inate the medical report (Jing et al., 2019; Liu
et al., 2021b,a). Such data deviation may pre-
vent learning-based methods from capturing the
rare but important abnormal regions (e.g., lesion
regions). As a result, the learning-based model
tends to generate plausible general reports with no
prominent abnormal narratives (Jing et al., 2019; Li
et al., 2018; Yuan et al., 2019). In clinical practice,
accurate detection and depiction of abnormalities
are more helpful in disease diagnosing and treat-
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ment planning. Therefore, existing learning-based
methods may fail to assist radiologists in clinical
decision-making (Goergen et al., 2013).

To capture the abnormal regions from a chest
X-ray image, a natural intuition is to compare it
with normal images and identify the differences.
As Figure 1 shows, given known normal images,
it cloud be easier for models to learn and identify
the suspicious abnormal regions (Red bounding
boxes). Therefore, we propose the Contrastive
Attention (CA) model (see Figure 2), which is
based on the attention mechanism (Bahdanau et al.,
2015a; Vaswani et al., 2017). The CA model can
be easily integrated into existing learning-based
methods and enable them to better capture and de-
scribe the abnormalities. We build the CA model
in the following three steps: 1) we first build a set
of normal images which are all extracted from the
training dataset; 2) we introduce the Aggregate At-
tention to prioritize normal images that are closer
to the current input image, and filter out normal
images that appear differently; 3) and we further
introduce the Differentiate Attention to distill the
common features between the input image and the
refined normal images. Then, the acquired com-
mon features are subtracted from the visual features
of the input image. In this manner, the residual vi-
sual features of the input image are treated as the
contrastive information that captures the differenti-
ating properties between input image and normal
images.

We evaluate our approach on two datasets, in-
cluding a widely-used benchmark IU-X-ray dataset
(Demner-Fushman et al., 2016) and a recently re-
leased large-scale MIMIC-CXR dataset (Johnson
et al., 2019). On both automatic metrics and hu-
man evaluations, existing methods equipped with
the proposed Contrastive Attention model outper-
form baselines, which proves our argument and
demonstrates the effectiveness of our approach.

Overall, the main contributions of our work are:

• We propose the Contrastive Attention model
to capture and depict the abnormalities by
comparing the input image with known nor-
mal images. The proposed approach can be
easily incorporated into existing models to
improve their performance.

• We evaluate our approach on two public
datasets. After equipping our Contrastive At-
tention model, the baselines achieve up to 14%

gain and 17% gain in BLEU-4 on the MIMIC-
CXR and IU-X-ray datasets, respectively.

• More encouragingly, we achieve the state-of-
the-art performance on the two public datasets,
i.e., IU-X-ray and MIMIC-CXR. Moreover,
we invite professional clinicians to conduct
human evaluation to measure the effectiveness
in terms of its usefulness for clinical practice.

2 Related Works

In this section, we will describe the related works in
three categories: 1) Image Captioning; 2) Chest X-
ray Report Generation and 3) Contrastive Learning.

Image Captioning Image captioning aims to un-
derstand the given images and generate correspond-
ing descriptive sentences (Chen et al., 2015). The
task combines image understanding and language
generation. In recent years, a large number of
encoder-decoder based neural systems have been
proposed for image captioning (Cornia et al., 2020;
Pan et al., 2020; Pei et al., 2019; Venugopalan et al.,
2015; Vinyals et al., 2015; Xu et al., 2015; Rennie
et al., 2017; Lu et al., 2017; Anderson et al., 2018;
Liu et al., 2018, 2019b, 2020, 2019a). However, the
sentence generated by image captioning is usually
short and describes the most prominent visual con-
tents, which cannot fully represent the rich feature
information of the image. Recently, visual para-
graph generation (Krause et al., 2017), which aims
to generate long and coherent reports or stories to
describe visual contents, has recently attracted in-
creasing research interests. However, due to the
data bias in the medical domain, the widely-used
hierarchical LSTM in the visual paragraph genera-
tion does not perform very well in automatic chest
X-ray report generation and is tend to produce nor-
mal reports (Xue et al., 2018; Li et al., 2018; Jing
et al., 2019; Yin et al., 2019).

Chest X-ray Report Generation Inspired by
the success of deep learning models on image cap-
tioning, a lot of encoder-decoder based frameworks
have been proposed (Jing et al., 2018, 2019; Liu
et al., 2021b,a, 2019c; Yuan et al., 2019; Xue et al.,
2018; Li et al., 2018, 2019, 2020; Zhang et al.,
2020a; Kurisinkel et al., 2021; Ni et al., 2020;
Nishino et al., 2020; Chen et al., 2020c; Wang
et al., 2021; Boag et al., 2019; Syeda-Mahmood
et al., 2020; Yang et al., 2020; Lovelace and Mor-
tazavi, 2020; Zhang et al., 2020b; Miura et al.,
2021). Specifically, Jing et al. (2018) proposed
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a hierarchical LSTM with the attention mechanism
(Bahdanau et al., 2015b; Xu et al., 2015; You et al.,
2016). Yuan et al. (2019) further incorporated the
medical concept to enrich the decoder with de-
scriptive semantics. Xue et al. (2018) proposed
a multimodal recurrent model containing an itera-
tive decoder with visual attention to improve the
coherence between sentences. Miura et al. (2021)
proposed an Exact Entity Match Reward and an
Entailing Entity Match Reward to improve the fac-
tual completeness and consistency of the generated
reports, resulting in significant improvements on
clinical accuracy. Jing et al. (2019); Li et al. (2018);
Liu et al. (2019c) and Zhang et al. (2020a); Li et al.
(2019); Liu et al. (2021b) introduced the reinforce-
ment learning and medical knowledge graph for
chest X-ray report generation, respectively. How-
ever, some errors occur in the generated reports of
the existing methods, like duplicate reports, inex-
act descriptions, etc (Xue et al., 2018; Yuan et al.,
2019; Yin et al., 2019).

Contrastive Learning The most related work
to our contrastive attention mechanism is in the
field of contrastive learning (Chen et al., 2020a;
He et al., 2020; Hénaff et al., 2020; Grill et al.,
2020; Chen et al., 2020b; Radford et al., 2021; Jia
et al., 2021), which learns similar/dissimilar image
representations from data that are organized into
similar/dissimilar image pairs. In image caption-
ing, Dai and Lin (2017) introduced the contrastive
learning to extract the contrastive information from
additional images into the captioning models to im-
prove the distinctiveness of the generated captions.
Moreover, Song et al. (2018) and Duan et al. (2019)
proposed the contrastive attention mechanism for
person re-identification and summarization, respec-
tively. Song et al. (2018) utilized a pre-provided
person and background segmentation to learn fea-
tures contrastively from the body and background
regions, resulting they can be easily discriminated.
Duan et al. (2019) contrastively attended to relevant
parts and irrelevant parts of source sentence for ab-
stractive sentence summarization. In this work, we
leverage the contrastive information between the
input image and the normal images to help models
efficiently capture and describe the abnormalities
for automatic chest X-ray report generation.

3 Approach

In Section 3.1, we formulate the automatic chest
X-ray report generation problems; In Section 3.2,

we introduce the Contrastive Attention in detail.

3.1 Problem Formulation
Given a chest X-ray image I , the goal of auto-
matic chest X-ray report generation is to generate
a coherent report R that addresses findings of I .
Most existing methods (Jing et al., 2018) adopt
the encoder-decoder frameworks, which normally
include an image encoder (He et al., 2016) and a
report decoder (Krause et al., 2017). The encoder-
decoder framework can be formulated as:

Image Encoder : I → V ; Report Decoder : V → R. (1)

The image encoder, e.g., ResNet (He et al.,
2016), aims to generate the visual features V ∈
RNI×d. The report decoder, e.g., Hierarchical
LSTM (Krause et al., 2017), is used to generate
the report R from V . Specifically, in the Hierar-
chical LSTM, a paragraph-level LSTM first gener-
ates topic vectors to represent the sentences, then
a sentence-level LSTM takes each topic vector as
input to generate the corresponding sentence. As a
result, the Hierarchical LSTM can better model a
paragraph of multiple sentences (report) than a sin-
gle LSTM (Jing et al., 2018; Krause et al., 2017).
Given the ground truth medical report provided
by the radiologists for the input chest X-ray im-
age, existing methods train the encoder-decoder
frameworks by minimizing training loss, e.g., cross-
entropy loss. Due to limited space, please refer to
Huang et al. (2019); Jing et al. (2018) for detailed
introduction.

In this paper, we adopt the ResNet-50 (He et al.,
2016) to extract the visual features, i.e., the output
of the last convolutional layer is used as the visual
information:

V = ResNet(I)WI , (2)

where I denotes the input image, ResNet(I) ∈
R49×2048 and WI ∈ R2048×d which reduces the
dimension from 2,048 to d1. Specifically, the d
is set to 512, resulting V = {v1, v2, . . . , vNI} ∈
RNI×d, where NI = 49 and d = 512. Moreover,
we apply the average pooling to obtain the global
visual feature:

v̂ = AveragePooling(V ) =
1

NI

NI∑

i=1

vi. (3)

After the above calculations, we obtain the visual
feature vectors V = {v1, v2, . . . , vNI} ∈ RNI×d

and the global visual feature vector v̂ ∈ R1×d.
1For conciseness, all the bias terms of linear transforma-

tions in this paper are omitted.
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Figure 2: Illustration of our proposed Contrastive Attention, which consists of the Aggregate Attention and Dif-
ferentiate Attention. In particular, the Aggregate Attention devotes to finding the normal images that are closest
to the current input image in the normality pool. The Differentiate Attention devotes to summarizing the common
information between the input image and the closest normal images and subtract it from the input image to capture
the differentiating properties between the input image and the normal images.

3.2 Contrastive Attention

In this paper, we propose the Contrastive Attention
to enable the models to capture the differentiating
properties between the input image and normal im-
ages. To this end, we first collect a normality pool
P = {v̂Normal

1 , v̂Normal
2 , . . . , v̂Normal

NP
} ∈ RNP×d

which consists of NP = 1, 000 normal images ran-
domly extracted from the training dataset, where
v̂Normal
i ∈ R1×d denotes the global visual feature

of ith extracted normal image. Then, as shown
in Figure 2, the proposed Contrastive Attention
introduces the Aggregate Attention and Differenti-
ate Attention which aims to obtain the contrastive
information between the input image v̂ and the nor-
mality pool P .

Aggregate Attention Since the images in the
normality pool P are all normal, there is no ranking
order among these images. Therefore it’s natural
to treat all normal images equally in capturing the
contrastive information. However, as shown in Fig-
ure 3, we note that there are many noisy images
in the normality pool (see the Purple boxes in Fig-
ure 3). For example, some normal images have
different orientation information or rotation angles
from the input image, we cannot direct compare
these images with the input image. Therefore, these
noisy images will bring noise information, prevent-
ing the Contrastive Attention from capturing ac-
curate abnormal regions efficiently. Motivated by
the above observations, we introduce Aggregate
Attention to increase the weights of normal im-
ages that are close to the current input image and
lower the weights of images that are not close to
the current input image. As a result, the contrast-
ing process could be improved. To implement the

Aggregate Attention, we utilize the dot-product at-
tention2 (Vaswani et al., 2017), which is defined as:

Att(x, y) = softmax(M)y

where M =
xWx(yWy)T√

d
,

(4)

where Wx,Wy ∈ Rd×d are learnable parameters.
Given x ∈ RNx×d and y ∈ RNy×d, the acquired
M is then of the shape of Nx × Ny, the function
softmax is conducted on each row ofM , resulting
in Att(x, y) ∈ RNx×d. Then we apply Eq. (4) to
v̂ ∈ R1×d and P ∈ RNP×d:

v̂Closest = Att(v̂, P ). (5)

Since the attention mechanism is a function that
computes the similarity of v̂ and each v̂Normal

i in P ,
and Att(v̂, P ) ∈ R1×d is the attended vector for
the v̂. In this way, we can increase the weights of
normal images that are similar to current image and
lower the weights of the ones that are dissimilar.

Moreover, following Lin et al. (2017), we re-
peat the Aggregate Attention n times with different
learnable attention weights to further promote the
performance of our approach, defined as follows:

P ′ = Aggregate-Attention(v̂, P )

= [Att1(v̂, P );Att2(v̂, P ); . . . ;Attn(v̂, P )]

= {v̂Closest
1 , v̂Closest

2 , . . . , v̂Closest
n } ∈ Rn×d,

(6)

where [·; ·] stands for concatenation operation.
In particular, for chest X-ray images, the result
Att(v̂, P ) in Eq. (5) turns out to be the found nor-
mal images that are closest to the current entire

2Our preliminary experiments show that using the dot-
product attention (Vaswani et al., 2017) could achieve bet-
ter performance than the additive attention (Bahdanau et al.,
2015a; Xu et al., 2015; Lu et al., 2017) and bilinear attention
(Kim et al., 2018; You et al., 2016).
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input image. However, Att(v̂, P ) cannot capture
those normal images that are closest to the input
image only in a specific part rather than the entire
image. Fortunately, through repeating the function
Att(v̂, P ) in Eq. (5) n times, our Aggregate Atten-
tion can efficiently find the closest normal images
P ′ = {v̂Closest

1 , v̂Closest
2 , . . . , v̂Closest

n } from n parts.

Differentiate Attention To learn the contrastive
information between the input image and the clos-
est normal images, we first attempt to capture their
similarity, i.e., the common information, then we
remove this similarity portion from the input image
to obtain the contrastive information. To this end,
we introduce the Differentiate Attention.

The first step is learning to summarize the com-
mon information vc ∈ R1×d between the informa-
tion of current input image v̂ ∈ R1×d and the in-
formation of closest normal images P ′ ∈ Rn×d. In
implementation, we employ the same dot-product
self-attention mechanism in Eq. (5) and average
pooling operation to obtain the vc ∈ R1×d:

vc = AveragePooling
(

Att
(
[v̂;P ′], [v̂;P ′]

))
, (7)

where [·; ·] denotes row-wise concatenation opera-
tion, then the [v̂;P ′] is in the shape of (n+ 1)× d
and the Att ([v̂;P ′], [v̂;P ′]) function outputs a ma-
trix in the shape of (n+ 1)× d.

In this way, via such self-attention mechanism,
we exploit the similarity between P ′ and v̂ to cap-
ture the significant common information. Next,
to obtain the contrastive information vd ∈ R1×d,
we remove (i.e., subtract) the common information
vc ∈ R1×d from the input image v̂ ∈ R1×d:

vd = v̂ − vc. (8)

At last, we update the original image features, i.e.,
v̂ ∈ R1×d and V = {v1, v2, . . . , vNI} ∈ RNI×d,
with the contrastive information vd ∈ R1×d:

v̂′ = ReLU([v̂; vd]W′) (9)

v′i = ReLU([vi; v
d]W′), (10)

where ReLU(·) represents the ReLU activation
function and W′ ∈ R2d×d is the matrix for lin-
ear transformation. The resulting v̂′ and V ′ =
{v′1, v′2, . . . , v′NI

} are used to replace the original
image features V in Eq. (1) and are then fed into
existing models to generate coherent reports.

In our subsequent analysis, we show that the
contrastive features indeed focus on the abnormal
regions and provide a better starting point for down-
stream models.

4 Experiments

4.1 Datasets, Baselines and Settings

Datasets We use the widely-used benchmark
IU-X-ray (Demner-Fushman et al., 2016) dataset
and the recently released large-scale MIMIC-CXR
(Johnson et al., 2019) datasets for evaluation.
• IU-X-ray3 contains 3,955 radiology reports

and 7,470 X-rays images. We use the widely-used
splits in Chen et al. (2020c); Jing et al. (2019); Li
et al. (2019, 2018); Liu et al. (2021b,a) for evalu-
ation. There are 70%, 10% and 20% instances in
training set, validation set and test set, respectively.
•MIMIC-CXR4 is the recently released largest

dataset to date and consists of 377,110 chest X-ray
images and 227,835 reports from 64,588 patients.
Following Chen et al. (2020c); Liu et al. (2021b,a),
we use the official splits to report our results. Thus,
there are 368,960 in the training set, 2,991 in the
validation set and 5,159 in the test set. We convert
all tokens of reports to lower-cases and remove
the tokens whose frequency of occurrence in the
training set is less than 10, resulting in 4k words.

Baselines We experiment with two lines of base-
lines that are originally designed for image caption-
ing and chest X-ray report generation.
• Image Captioning Baselines We experiment

on six representative models: NIC (Vinyals et al.,
2015), Visual-Attention (Xu et al., 2015), Spatial-
Attention (Lu et al., 2017), Att2in (Rennie et al.,
2017), Adaptive-Attention (Lu et al., 2017) and
Up-Down (Anderson et al., 2018).
• Chest X-ray Report Generation Baselines

We conduct the experiment on four baselines con-
sisting of HLSTM (Krause et al., 2017; Jing et al.,
2018), HLSTM+att+Dual (Harzig et al., 2019), Co-
Attention (Jing et al., 2018) and Multi-Attention
(Huang et al., 2019).

Settings For our Contrastive Attention model, the
model size d is set to 512. Based on the average
performance on the validation set, the n in the Ag-
gregate Attention is set to 6. For the normality
pool, we randomly extract 1,000 normal images,
i.e., NP = 1, 000, for both two datasets from their
training set. To re-implement the baselines, fol-
lowing Jing et al. (2019); Li et al. (2019, 2018);
Liu et al. (2021b,a), we adopt the ResNet-50 (He
et al., 2016) pre-trained on ImageNet (Deng et al.,

3https://openi.nlm.nih.gov/
4https://physionet.org/content/

mimic-cxr/2.0.0/
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Settings Methods Dataset: MIMIC-CXR (Johnson et al., 2019) Dataset: IU-X-ray (Demner-Fushman et al., 2016)
B-1 B-2 B-3 B-4 M R-L B-1 B-2 B-3 B-4 M R-L

(a) NIC (Vinyals et al., 2015)† 0.290 0.182 0.119 0.081 0.112 0.249 0.352 0.227 0.154 0.109 0.133 0.313
w/ Contrastive Attention 0.317 0.200 0.127 0.089 0.120 0.262 0.368 0.232 0.166 0.118 0.144 0.323

(b) Visual-Attention (Xu et al., 2015)† 0.318 0.186 0.122 0.085 0.119 0.267 0.371 0.233 0.159 0.118 0.147 0.320
w/ Contrastive Attention 0.309 0.202 0.129 0.093 0.122 0.265 0.384 0.245 0.172 0.125 0.141 0.315

(c) Spatial-Attention (Lu et al., 2017)† 0.302 0.189 0.122 0.082 0.120 0.259 0.374 0.235 0.158 0.120 0.146 0.322
w/ Contrastive Attention 0.320 0.204 0.129 0.091 0.122 0.266 0.378 0.236 0.161 0.116 0.146 0.335

(d) Att2in (Rennie et al., 2017)† 0.314 0.199 0.126 0.087 0.125 0.265 0.410 0.257 0.173 0.131 0.149 0.325
w/ Contrastive Attention 0.327 0.205 0.132 0.095 0.124 0.271 0.442 0.281 0.200 0.150 0.171 0.344

(e) Adaptive-Attention (Lu et al., 2017)† 0.307 0.192 0.124 0.084 0.119 0.262 0.433 0.285 0.194 0.137 0.166 0.349
w/ Contrastive Attention 0.330 0.208 0.134 0.095 0.126 0.270 0.425 0.279 0.198 0.142 0.167 0.347

(f) Up-Down (Anderson et al., 2018)† 0.318 0.203 0.128 0.089 0.123 0.266 0.389 0.251 0.170 0.126 0.154 0.317
w/ Contrastive Attention 0.336 0.209 0.134 0.097 0.128 0.273 0.378 0.246 0.169 0.129 0.152 0.330

(g) HLSTM (Krause et al., 2017)† 0.321 0.203 0.129 0.092 0.125 0.270 0.435 0.280 0.187 0.131 0.173 0.346
w/ Contrastive Attention 0.352 0.216 0.145 0.105 0.139 0.276 0.453 0.290 0.203 0.153 0.178 0.361

(h) HLSTM+att+Dual (Harzig et al., 2019)† 0.328 0.204 0.127 0.090 0.122 0.267 0.447 0.289 0.192 0.144 0.175 0.358
w/ Contrastive Attention 0.323 0.202 0.130 0.102 0.138 0.277 0.464 0.292 0.205 0.149 0.176 0.364

(i) Co-Attention (Jing et al., 2018)† 0.329 0.206 0.133 0.095 0.129 0.273 0.463 0.293 0.207 0.155 0.178 0.365
w/ Contrastive Attention 0.351 0.213 0.148 0.106 0.147 0.270 0.486 0.311 0.223 0.178 0.187 0.372

(j) Multi-Attention (Huang et al., 2019)† 0.337 0.211 0.136 0.097 0.130 0.274 0.468 0.299 0.211 0.155 0.180 0.366
w/ Contrastive Attention 0.350 0.219 0.152 0.109 0.151 0.283 0.492 0.314 0.222 0.169 0.193 0.381

Table 1: Performance of automatic evaluations on the test set of the MIMIC-CXR dataset and the IU-X-ray dataset.
† denotes our own implementation. B-n, M and R-L are short for BLEU-n, METEOR and ROUGE-L, respectively.
Higher is better in all columns. In this paper, the Red colored numbers denote the best results across all approaches
in Table. As we can see, most baseline models enjoy a comfortable improvement with our approach.

Methods Dataset: MIMIC-CXR (Johnson et al., 2019) Dataset: IU-X-ray (Demner-Fushman et al., 2016)
B-1 B-2 B-3 B-4 M R-L B-1 B-2 B-3 B-4 M R-L

HRGR-Agent (Li et al., 2018) - - - - - - 0.438 0.298 0.208 0.151 - 0.322
CMAS-RL (Jing et al., 2019) - - - - - - 0.464 0.301 0.210 0.154 - 0.362
SentSAT + KG (Zhang et al., 2020a) - - - - - - 0.441 0.291 0.203 0.147 - 0.367
Transformer (Chen et al., 2020c) 0.314 0.192 0.127 0.090 0.125 0.265 0.396 0.254 0.179 0.135 0.164 0.342
R2Gen (Chen et al., 2020c) 0.353 0.218 0.145 0.103 0.142 0.277 0.470 0.304 0.219 0.165 0.187 0.371

Contrastive Attention (Ours) 0.350 0.219 0.152 0.109 0.151 0.283 0.492 0.314 0.222 0.169 0.193 0.381

Table 2: Comparison with existing state-of-the-art methods on the test set of the MIMIC-CXR dataset and the IU-
X-ray dataset. As we can see, we achieve the state-of-the-art performance on major metrics on the two datasets.

2009) and fine-tuned on CheXpert dataset (Irvin
et al., 2019) to extract the patch visual features
with the dimension of each feature is 2,048, which
will be projected to 512. Besides, we utilize paired
images of a patient as the input for IU-X-ray and
utilize single image as the input for MIMIC-CXR
to ensure consistency with the experiment settings
of previous works (Chen et al., 2020c). For all
baselines, since our focus is to provide explicit ab-
normal region features, which tends to improve
existing baselines, we keep the inner structure of
the baselines untouched and preserve the original
parameter setting and training strategy.

4.2 Main Evaluation

Metrics We first perform the automatic evaluation
to conduct a fair comparison. To measure perfor-
mance, we adopt the widely-used evaluation toolkit
(Chen et al., 2015) to calculate the standard metrics:
BLEU (Papineni et al., 2002), METEOR (Baner-
jee and Lavie, 2005) and ROUGE-L (Lin, 2004).

Specifically, BLEU and METEOR are originally
designed for machine translation evaluation, while
ROUGE is originally proposed for automatic eval-
uation of the extracted text summarization.

Results The results on the test set of MIMIC-CXR
and IU-X-ray datasets are reported in Table 1. As
we can see, our Contrastive Attention can success-
fully boost baselines with improvement up to 14%
and 17% for MIMIC-CXR and IU-X-ray in terms
of BLEU-4 score, respectively, where the Setting
(g) achieves the greatest improvements. The results
prove the effectiveness and generalization capabili-
ties of our approach to a wide range of models.

Moreover, in Table 2, we choose five competi-
tive models including the current state-of-the-art
models, i.e., SentSAT + KG (Zhang et al., 2020a)
and R2Gen (Chen et al., 2020c), for comparison.
For these competitive models, we directly report
the results from the original paper. Table 2 shows
that when our approach is applied to the Multi-
Attention, we outperform these existing state-of-
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Metrics vs. Models Dataset: MIMIC-CXR (Johnson et al., 2019) Dataset: IU-X-ray (Demner-Fushman et al., 2016)
Baseline wins Tie ‘w/ CA’ wins Baseline wins Tie ‘w/ CA’ wins

Fluency HLSTM (Krause et al., 2017)† 21 45 34 18 43 39
Multi-Attention (Huang et al., 2019)† 30 34 36 27 41 32

Comprehensiveness HLSTM (Krause et al., 2017)† 13 33 54 10 19 71
Multi-Attention (Huang et al., 2019)† 26 35 39 22 31 47

Faithfulness HLSTM (Krause et al., 2017)† 20 28 52 13 25 62
Multi-Attention (Huang et al., 2019)† 31 32 37 24 30 46

Table 3: Results of human evaluation on MIMIC-CXR and IU-X-ray datasets for comparing our method with
baselines in terms of the fluency of generated reports, the comprehensiveness of the generated true abnormalities
and the faithfulness to the ground truth reports. All values are reported in percentage (%).

the-art models on major metrics on the IU-X-ray
and MIMIC-CXR datasets, which further proves
the effectiveness of our Contrastive Attention.

4.3 Clinical Efficacy

Metrics The metrics used in the Table 1 mea-
sure the match between the generated reports and
ground truth reports, but are not specialized for the
abnormalities in the reports. Therefore, to measure
the accuracy of descriptions for clinical abnormal-
ities, we follow Chen et al. (2020c) to adopt the
CheXpert labeler (Irvin et al., 2019), which will
label the given reports in 14 different categories
related to thoracic diseases and support devices, to
further report the clinical efficacy metrics. As a
result, we can calculate the clinical efficacy scores
by comparing the generated reports with ground
truth reports in 14 different categories, producing
the Precision, Recall and F1 scores.

Results The results are shown in Table 4. As we
can see, our approach can boost the performance of
baselines under all clinical efficacy metrics. The re-
sults prove our arguments and the effectiveness of
our approach in boosting the baselines to correctly
capture and depict the abnormalities. Specifically,
our Multi-Attention w/ CA outperforms the R2Gen
(Chen et al., 2020c) with relatively 6%, 9% and
10% margins in terms of Precision, Recall and F1
scores, respectively The superior clinical efficacy
scores, which measure the accuracy of descriptions
for clinical abnormalities, demonstrate that our ap-
proach can help existing models produce higher
quality descriptions for clinical abnormalities.

4.4 Human Evaluation

Metrics For medical-related task, it is important
to know (1) on what fraction of images with abnor-
malities did the system not mention the abnormality
and (2) on what fraction of images the system de-
scribed abnormality that does not exist according to

Methods
Clinical Efficacy Metrics

Precision Recall F1

NIC (Vinyals et al., 2015) 0.249 0.203 0.204
AdaAtt (Lu et al., 2017) 0.268 0.186 0.181
Att2in (Rennie et al., 2017) 0.322 0.239 0.249
Up-Down (Anderson et al., 2018) 0.320 0.231 0.238
Transformer (Chen et al., 2020c) 0.331 0.224 0.228
R2Gen (Chen et al., 2020c) 0.333 0.273 0.276

HLSTM (Krause et al., 2017)† 0.307 0.225 0.228
w/ Contrastive Attention 0.340 0.269 0.274

Multi-Attention (Huang et al., 2019)† 0.336 0.257 0.265
w/ Contrastive Attention 0.352 0.298 0.303

Table 4: Performance of automatic evaluations in terms
of clinical efficacy metrics, which measure the accu-
racy of descriptions for clinical abnormalities, on the
MIMIC-CXR dataset. Higher is better in all columns.

doctors. To this end, we randomly select 200 sam-
ples from the IU-X-ray and MIMIC-CXR test sets,
which are 100 samples from each dataset. Specif-
ically, it is important to generate accurate reports
(faithfulness) with comprehensive true abnormali-
ties (comprehensiveness) and it is unacceptable to
generate repeated sentences (fluency). Therefore,
we invite several professional clinicians to compare
our approach and baselines independently and eval-
uate the perceptual quality, including the fluency of
generated reports, the comprehensiveness of gener-
ated true abnormalities and the faithfulness to the
ground truth reports. The clinicians are unaware of
which model generates these reports.

Results To conduct the human evaluation, we
select a representative chest X-ray report gener-
ation baseline: HLSTM (Krause et al., 2017) and a
competitive chest X-ray report generation baseline:
Multi-Attention (Huang et al., 2019). The results
in Table 3 show that our approach enjoys the ob-
vious advantage in terms of the three aspects, i.e.,
fluency, comprehensiveness and faithfulness, mean-
ing that the reports generated by the “Baseline w/
Contrastive Attention” are of higher clinical quality,
which also proves the advantage of our approach in
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Settings Methods Attention Function n
Dataset: IU-X-ray (Demner-Fushman et al., 2016)

Baseline: HLSTM (Krause et al., 2017) Baseline: Multi-Attention (Huang et al., 2019)
B-1 B-2 B-3 B-4 M R-L B-1 B-2 B-3 B-4 M R-L

(a) Baseline - - 0.435 0.280 0.187 0.131 0.173 0.346 0.468 0.299 0.211 0.155 0.180 0.366

(b) w/ DA dot-product attention - 0.447 0.284 0.195 0.138 0.176 0.357 0.479 0.306 0.215 0.162 0.184 0.373
(c) w/ DA + AA 1 0.451 0.287 0.198 0.144 0.176 0.359 0.486 0.310 0.218 0.164 0.187 0.375

(f) w/ DA + AA

dot-product attention

2 0.451 0.285 0.199 0.146 0.175 0.359 0.488 0.312 0.219 0.165 0.189 0.377
(g) w/ DA + AA 4 0.453 0.287 0.202 0.149 0.177 0.361 0.493 0.314 0.220 0.165 0.191 0.378
(h) w/ DA + AA 6 0.453 0.290 0.203 0.153 0.178 0.361 0.492 0.314 0.222 0.169 0.193 0.381
(i) w/ DA + AA 8 0.451 0.288 0.200 0.150 0.180 0.362 0.488 0.311 0.221 0.164 0.194 0.379
(j) w/ DA + AA 10 0.448 0.284 0.197 0.142 0.175 0.355 0.490 0.310 0.219 0.162 0.188 0.375

Table 5: Quantitative analysis of our Contrastive Attention, which includes the Differentiate Attention (DA) and
Aggregate Attention (AA). We conduct the analysis on a widely-used baseline model HLSTM (Krause et al., 2017)
and a competitive baseline model Multi-Attention (Huang et al., 2019).

clinical practice. Especially, by using our proposed
Contrastive Attention, the winning chances of mod-
els increased by maximum of 54− 13 = 41 points
and 71−10 = 61 points in terms of the comprehen-
siveness metric on the MIMIC-CXR and IU-X-ray
datasets, respectively. It demonstrates the effective-
ness of our approach in helping existing baselines
generate more accurate abnormality descriptions,
and thus improve the usefulness of models in better
assisting radiologists in clinical decision-makings
and reducing their workload.

Overall From the results of automatic and hu-
man evaluations, we can see that our proposed
Contrastive Attention can provide a solid basis for
describing chest X-ray images, especially for the
abnormalities. As a result, our approach can suc-
cessfully boost baselines and achieves new state-
of-the-art results on the MIMIC-CXR and IU-X-
ray datasets, which verifies the effectiveness of
the proposed approach and indicates that our ap-
proach is less prone to the variations of model
structures, hyper-parameters (e.g., learning rate and
batch size), and learning paradigms.

5 Analysis

We conduct analysis on the benchmark IU-X-ray
dataset to better understand our proposed approach.

5.1 Quantitative Analysis
We conduct the quantitative analysis on two repre-
sentative models, i.e., HLSTM and Multi-Attention,
to evaluate the contribution of each component.

Effect of Contrastive Attention Our Contrastive
Attention consists of the Differentiate Attention
(DA) and Aggregate Attention (AA). As shown
in Table 5(b), the DA can promote the perfor-
mance over all metrics. Especially for the HLSTM
(Krause et al., 2017), which does not incorpo-
rate the attention mechanism to allow more effi-

cient use of the image features. We can see that
an up to 5% gain in BLEU-4 score makes the
“HLSTM w/ DA” an equally competitive model as
the “HLSTM+att+Dual” model in Table 1(h). This
indicates that the contrastive information extracted
by the DA contains sufficient accurate abnormal
information, which is vital in improving the perfor-
mance of chest X-ray report generation. In other
words, our approach can ease the design of the
neural models for the task.

For the AA, it devotes to identifying the closest
normal images and filtering out the noisy images,
which can improve the contrasting process in the
DA. As expected, Table 5(c) shows that the AA can
consistently boost the performance of baselines
under all metrics, which further demonstrates the
effectiveness of our approach.

Effect of n In this section, we analyze the effect
of n in our Aggregate Attention (see Eq. (6)). Ta-
ble 5(f-j) shows that when n is smaller than 6, the
performance will increase with as n increases. The
reason may be that repeating the Aggregate At-
tention n times with different learnable attention
weights can encourage the model to identify the
closest normal images from n aspects, e.g., organs
or tissues, i.e., if an aspect of the normal image
is similar to the input image, it will be identified
as the closest normal image. In this way, the Ag-
gregate Attention can capture accurate and robust
closest normal images from n aspects. To verify
this, we randomly visualize two attention weights
of Aggregate Attention in Figure 3. As we can
see, the Aggregate Attention can indeed identify
the closest normal images from multiple aspects,
e.g., ‘Bone/Clavicle’ (Blue boxes) and ‘Right Lung’
(Green boxes), which proves our arguments. More-
over, larger n will bring noise, i.e., normal images
that are not similar to the current input image, to
the model and thus impair the performance.
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Input Image Ground Truth
The heart is within 
normal limits in siz-
e. Surgical suture 
material projects o-
ver the right lung a-
pex. The lungs are 
hyperlucent and h-
yperinflated comp-
atible with emphy-
sema. There is left 
lower lobe airspace 
disease identified. 
There is moderate 
left pleural effusion 
and small right ple-
ural effusion. No vi-
sualized pneumot-
horax.

Contrastive 
Information

HLSTM

Heart is normal in size. 
There is no acute bony 
abnormalities. No pleural 
effusion. The lungs are 
clear, no pneumothorax. 
No pneumothorax masses. 
No pneumothorax masses.
.

w/ CA

No acute cardiopulmonary 
abnormality. There is a left 
middle lobe airspace dis-
ease. There is a moderate 
left pleural effusion. The 
lungs are clear. There is no 
pneumothorax. 

Multi-Attention

There is mild cardiomeg-
aly. There is a small 
right pleural effusion. 
There is no pneumothor-
ax. The aorta is tortuous. 
There is no focal airspace 
consolidation. 

w/ CA
Heart size is normal. There 
is a moderate left sided 
pleural effusion. No acute 
bony abnormalities. There is 
left lower lobe airspace 
disease. There is a small 
right pleural effusion. 
There is no pneumothorax. 

Normality Pool

Figure 3: Examples of the generated reports and the visualization of the Contrastive Attention (CA). Please view in
color. CA model can capture the abnormal region (Red bounding box) by contrasting the input image with normal
images. Besides, our Aggregate Attention in the CA model can find the closest normal images (Blue and Green
boxes visualized from two different attention weights (see Eq. (6))) and filter out the noisy images (Purple boxes).
The Red colored text denotes the abnormal descriptions in the ground truth report. Underlined text denotes the
generated wrong sentences. Bold text denotes the generated true abnormalities. As we can see, the abnormal region
and the abnormal descriptions generated by our method show significant alignment with ground truth reports.

5.2 Qualitative Analysis

In this section, we show the reports generated
by the Baseline models, i.e., HLSTM and Multi-
Attention, and the “Baseline w/ CA” models, and
the visualization in Figure 3 to analyze the strength
of our Contrastive Attention model intuitively. As
we can see, for the HLSTM, it tends to produce
repeated findings and normal findings, which re-
sults from the overwhelming normal findings in
the dataset, i.e., data deviation (Shin et al., 2016).
For the Multi-Attention, with the help of attention
mechanism, it can describe abnormalities, but some
abnormalities are incorrect (Underlined text). The
reason is that it is difficult for the Multi-Attention
model to efficiently learn the medical expertise
from the dataset with data deviation to correctly
detect the abnormal regions. Since our Contrastive
Attention model can efficiently capture the suspi-
cious abnormal regions by contrasting the input
images and normal images and transfer such power
to the downstream models and datasets, we can
thus help multiple baseline models to detect and
describe comprehensive and accurate abnormali-
ties. As a result, the “Baseline w/ CA” models can
generate fluent and accurate reports supported with
accurate abnormal descriptions, showing signifi-
cant alignment with ground truth reports.

6 Conclusion

In this paper, we propose the Contrastive Attention
model to capture abnormal regions by contrasting

the input image and normal images for chest X-ray
report generation. The experiments on two pub-
lic datasets demonstrate the effectiveness of our
approach, which can be easily incorporated into
existing models to boost their performance under
most metrics. The clinical efficacy scores and hu-
man evaluation further prove our arguments and
the effectiveness of our approach in helping exist-
ing models capture and depict the abnormalities.
Specifically, we achieve the state-of-the-art results
on the two datasets with the best human preference,
which could better assist radiologists in clinical
decision-making and reduce their workload.

In the future, there are two potential ways to
improve the contrastive attention. First, it may
be better to perform the contrastive attention in
path feature rather than global feature. Second, it
may be better to utilize multiple feature maps from
different convolutional layers rather than just the
feature maps of last convolutional layer.

Acknowledgments

This work is partly supported by Beijing Academy
of Artificial Intelligence (BAAI). We would like
to sincerely thank the clinicians (Xiaoxia Xie, Jing
Zhang, Minghui Shao, etc.) of the Harbin Chest
Hospital in China for providing the human evalu-
ation. We also sincerely thank all the anonymous
reviewers and chairs for their constructive com-
ments and suggestions. Xu Sun and Ping Zhang
are the corresponding authors of this paper.

277



Ethical Considerations

In this work, we focus on helping several exist-
ing chest X-ray report generation systems better
capture and describe the abnormalities. To this
end, we provide a detailed human evaluation in
Table 3 (Section 4.4) and an automatic evaluation
in terms of clinical efficacy metrics in Table 4 (Sec-
tion 4.3) to know (1) on what fraction of images
with abnormalities did the system not mention the
abnormality and (2) on what fraction of images the
system described abnormality that does not exist ac-
cording to doctors. The results show that our work
can help existing systems generate more accurate
descriptions for clinical abnormalities, improving
the usefulness of existing systems in better assist-
ing radiologists in clinical decision-makings and
reducing their workload. In particular, for radiol-
ogists, given a large amount of medical images,
the systems can automatically generate medical
reports, the radiologists only need to make revi-
sions rather than write a new report from scratch.
This study uses the public MIMIC-CXR and IU-X-
ray datasets. All protected health information was
de-identified. De-identification was performed in
compliance with Health Insurance Portability and
Accountability Act (HIPAA) standards in order to
facilitate public access to the datasets. Deletion of
protected health information (PHI) from structured
data sources (e.g., database fields that provide pa-
tient name or date of birth) was straightforward.
All necessary patient/participant consent has been
obtained and the appropriate institutional forms
have been archived.
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Abstract

Video captioning combines video understand-
ing and language generation. Different from
image captioning that describes a static im-
age with details of almost every object, video
captioning usually considers a sequence of
frames and biases towards focused objects,
e.g., the objects that stay in focus regardless
of the changing background. Therefore, de-
tecting and properly accommodating focused
objects is critical in video captioning. To en-
force the description of focused objects and
achieve controllable video captioning, we pro-
pose an Object-Oriented Non-Autoregressive
approach (O2NA), which performs caption
generation in three steps: 1) identify the fo-
cused objects and predict their locations in the
target caption; 2) generate the related attribute
words and relation words of these focused ob-
jects to form a draft caption; and 3) combine
video information to refine the draft caption to
a fluent final caption. Since the focused ob-
jects are generated and located ahead of other
words, it is difficult to apply the word-by-word
autoregressive generation process; instead, we
adopt a non-autoregressive approach. The
experiments on two benchmark datasets, i.e.,
MSR-VTT and MSVD, demonstrate the effec-
tiveness of O2NA, which achieves results com-
petitive with the state-of-the-arts but with both
higher diversity and higher inference speed.

1 Introduction

The task of video captioning, which aims to gener-
ate a descriptive sentence based on the input video,
has a wide range of applications. In recent years,
deep neural models, particularly the models based
on the encoder-decoder framework (Venugopalan
et al., 2015; Pan et al., 2016b; Xu et al., 2017;
Aafaq et al., 2019), have achieved great success

∗Equal Contributions.

Conventional Video Captioning Model
a man is watching people ride down a road.

Object-Oriented Non-Autoregressive Model

Objects: motorcycles, people, street, bikes, road
1. two motorcycles speed down a street.
2. two people are speeding down a road on motorcycles.
3. people on motorcycles racing down the street.
4. some people are speeding on bikes.
5. two people are racing bikes on the road.

…
 …

Figure 1: Examples of the captions generated by a state-
of-the-art conventional video captioning model (Zheng
et al., 2020) and our model. Compared to the conven-
tional model, whose generation process is hardly con-
trollable, our model can be guided to mention the de-
sired objects (i.e., the colored objects) and generate di-
verse, object-oriented captions for a video.

in advancing the state-of-the-art (Pan et al., 2020;
Zheng et al., 2020; Perez-Martin et al., 2021; Yang
et al., 2021). These models usually entail the au-
toregressive property, i.e., conditioning each word
on the previously generated words.

In video captioning, one critical step is to de-
tect and include focused objects. As exemplified
in Figure 1, when a dangerous situation occurs,
a captioning-based blind-aid system should focus
on the dangerous objects on the road to alert the
visually-impaired people, rather than over-describe
the presence of pedestrians or shops nearby. It
means that in the above example, speeding vehicles
should be considered as focused objects and should
be mentioned in the generated caption. While peo-
ple could identify focused objects in video easily
(Shinn-Cunningham, 2008; Corbetta and Shulman,
2002; Posner and Petersen, 1990), existing caption-
ing systems can hardly be controlled to generate
focused objects because of their word-to-word gen-
eration practice. Motivated by those observations,
we introduce the problem of controllable video cap-
tioning in the sense of controlling contents.

As shown in Figure 2, to solve the controllable
video captioning problem, we propose the Object-
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Oriented Non-Autoregressive approach (O2NA).
Different from conventional models that adopt a
left-to-right or word-by-word decoding process,
O2NA applies a non-autoregressive manner to con-
trol the caption generation. O2NA first detects all
objects that appear in the video and then selects
the focused objects for the final caption. For ex-
ample, in the aforementioned blind-aid system, the
system would select the dangerous objects speed-
ing vehicles in case of an emergency. Next, the
caption generation process consists of three main
steps: 1) locate all focused objects in the proper
locations of the target caption; 2) generate the re-
lated attribute words and relation words to form a
draft caption; and 3) adopt the iterative refinement
approach (Ghazvininejad et al., 2019; Lee et al.,
2018) to proofread and improve the draft caption.

For each step, as there is no dependency among
generated words, the words can be generated in
parallel, indicating a fixed computing time regard-
less of caption length, while computing time of
the conventional autoregressive approach is linear
with the caption length. For long captions, con-
ventional methods embody high inference latency,
which limits their adoption in real-time applica-
tions, e.g., blind-aid system (Voykinska et al., 2016)
and human-robot interaction (Das et al., 2017). Ac-
cording to our experiments and analyses on two
benchmark datasets, i.e., MSR-VTT (Xu et al.,
2016) and MSVD (a.k.a. Youtube2Text) (Guadar-
rama et al., 2013), our O2NA is able to produce a
descriptive and fluent caption which outperforms
several existing methods in terms of both accuracy
and efficiency.

Overall, the main contributions of this paper are:

• We introduce the problem of controllable
video captioning in the sense of controlled
contents, which has more practical values than
the existing studies on syntactic variations.

• Specifically, we propose the Object-Oriented
Non-Autoregressive approach (O2NA) to
tackle the controllable video captioning prob-
lem by injecting strong control signals condi-
tioned on selected objects, with the benefits
of fast and fixed inference time, which are
critical for real-time applications.

• We evaluate our approach on two datasets. In
particular, our O2NA achieves competitive
results with the state-of-the-art methods with
higher diversity and higher inference speed.

The rest of this paper is organized as follows:
Section 2 reviews the related work; Section 3
introduces the proposed Object-Oriented Non-
Autoregressive approach (O2NA) in detail; Sec-
tion 4 and Section 5 present the experimental re-
sults and analyses, respectively; and finally, Sec-
tion 6 concludes the paper.

2 Related Work

In this section, we describe the related work from
1) Video Captioning, 2) Controllable Image Cap-
tioning and 3) Non-Autoregressive Decoding.

2.1 Video Captioning

Recently, a large number of encoder-decoder based
neural models have been proposed for video cap-
tioning (Venugopalan et al., 2015; Yao et al., 2015;
Pan et al., 2016b,a; Xu et al., 2017; Aafaq et al.,
2019; Yang et al., 2019; Aafaq et al., 2020; Zheng
et al., 2020; Yang et al., 2021; Perez-Martin et al.,
2021). These methods mainly introduce a convo-
lutional neural network (CNN) (Krizhevsky et al.,
2012) to encode the video and employ a LSTM
(Hochreiter and Schmidhuber, 1997) or a Trans-
former (Zhou et al., 2018) to generate the coherent
captions with the attention mechanism (Bahdanau
et al., 2015; Pan et al., 2016b). However, these
methods lack controllability, i.e., their behaviors
can hardly be influenced. Our model allows an easy
way to control the contents of video captions rather
than merely syntactic variations in existing studies.

2.2 Controllable Image Captioning

Different from image captioning (Xu et al., 2015;
Vinyals et al., 2015; Lu et al., 2017; Anderson et al.,
2018; Liu et al., 2018, 2019a,b, 2020) that pro-
cesses a static image with details of almost every
appeared object, video captioning considers a se-
quence of frames which biases towards focused
objects. It is still worth noting that the controllable
image captioning has been explored most recently
(Cornia et al., 2019; Chen et al., 2020; Zheng et al.,
2019). However, all of them are based on autore-
gressive decoding, i.e., conditioning each word on
the previously generated outputs. Therefore, to con-
trol the generation of image captions, a major chal-
lenge is to decide the timing to attend to the region-
of-interest (i.e., the object we care about). Zheng
et al. (2019) first fixes the cared object and gener-
ates the rest captions to its left and right which can
only apply to the case with a single cared object. To
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scale to multiple cared objects, Cornia et al. (2019)
implements a region pointer mechanism to predict,
at each timestep, whether this pointer should be
incremented or not; Chen et al. (2020) introduces
the abstract scene graph, to control the generation
of captions, they proposed graph-based attention
and graph updating mechanisms to adaptively se-
lect relevant nodes, which contain the concerned
objects to generate next word.

In this work, we focus on controllable video cap-
tioning, which is a more challenging problem than
controllable image captioning. It is hard for control-
lable video captioning to construct the same region-
of-interests (RoIs) as in Cornia et al. (2019) and
scene graphs as in Chen et al. (2020). To this end,
based on the non-autoregressive decoding meth-
ods in neural machine translation (Gu et al., 2018;
Lee et al., 2018; Ghazvininejad et al., 2019; Wang
et al., 2019b; Shao et al., 2019), we propose Object-
Oriented Non-Autoregressive model, which does
not need the RoIs in Cornia et al. (2019) or scene
graphs in Chen et al. (2020) to generate control-
lable video captions. Moreover, our approach can
generate all the objects we care about in parallel,
leading to fast generation speed.

It is worth noting that Wang et al. (2019a); Yuan
et al. (2020) also introduced the controllable video
captioning. However, they devoted to employing
Part-of-Speech (POS) information to guide caption
generation, which mainly focuses on improving
diversity and adjusting the syntactic structure of
the captions, instead of constraining the model to
generate captions containing the focused objects.

2.3 Non-Autoregressive Decoding
Most recently, non-autoregressive decoding has
received growing attention in the community of
neural machine translation (NMT) (Gu et al., 2018;
Ghazvininejad et al., 2019; Lee et al., 2018; Guo
et al., 2019; Shao et al., 2019; Ghazvininejad et al.,
2020; Kasai et al., 2020; Ren et al., 2020; Haviv
et al., 2021; Hao et al., 2021). Such models re-
move the sequential dependency and can gener-
ate all words of a sequence in one step, resulting
in high inference efficiency. Inspired by the suc-
cess of non-autoregressive decoding, we propose
the Object-Oriented Non-Autoregressive model.
As for the network structure, these current non-
autoregressive models usually employ a completely
empty sequence as the input of decoder to generate
the whole sentence in the early stages, which gives
a high risk of producing translation errors. Differ-

ent from these works, we consider exploiting the
objects in the video and propose to first generate
an object-oriented coarse-grained caption, and then
refine each object word with rich contextual infor-
mation to generate the whole caption to alleviate
the description ambiguity problem.

3 Approach

We first briefly introduce the backgrounds of our
approach and then describe the approach in detail.

3.1 Backgrounds
The backgrounds are introduced from the used
Video Representations and Basic Module.

Video Representations For video captioning,
image and motion features have been widely used.
Image features are good at illustrating the shapes,
the colors and the relationships of the items in the
image; Motion features are important for capturing
the actions and temporal interactions. Following
Pei et al. (2019), given a video, N = 8 key frames
are uniformly sampled to extract image features I .
Considering both the past and the future contexts,
we take each key frame as the center to generate
corresponding motion features M . Specifically,
for the image features, we adopt the ResNet-101
(He et al., 2016) pre-trained on ImageNet (Deng
et al., 2009) to extract the 2048-D image features
I ∈ RN×di (di = 2048), which are the output of
the last convolutional layer. The motion features
are usually given by the 3D CNN (Tran et al., 2015),
we adopt the ResNeXt-101 (Hara et al., 2018) pre-
trained on the Kinetics dataset (Kay et al., 2017) to
extract the 2048-D motion features M ∈ RN×dm
(dm = 2048). In this paper, both features are pro-
jected to dh = 512. Then, we use the concate-
nation of the two projected features as the video
representations V ∈ R2N×dh to our model.

Basic Module Our approach is adapted from the
non-autoregressive decoding models (Lee et al.,
2018; Ghazvininejad et al., 2019), which is based
on the Transformer decoder (TFM) (Vaswani et al.,
2017). Specifically, the TFM consists of a self-
attention, a source-attention and a feed-forward
network (FF). The multi-head attention (MHA)
is the basic of self-attention and source-attention.
Overall, the TFM is defined as follows:

TFM(Q,K, V ) = FF(MHA(MHA(Q,Q,Q),K, V )). (1)

Please refer to Vaswani et al. (2017) for the detailed
introduction of the Transformer decoder (TFM).
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Figure 2: Illustration of our proposed O2NA, which consists of an object predictor (OP), a length predictor (LP), an
object generator (OG) and a caption generator (CG). The object predictor and length predictor extract the objects
appearing to the input video and estimate the length of target caption, respectively; The object generator locates
all the focused objects we care about in the target caption; The caption generator generates the rest words to link
focused objects to form a fluent caption. It is worth noting that the focused objects could be the objects predicted
by the object predictor, the preferred objects given by the user or the pre-defined concerned objects, e.g., the
dangerous objects in the captioning-based blind-aid system.

3.2 Object-Oriented Non-Autoregressive
Approach (O2NA)

As stated above, we adopt the Transformer decoder
(Vaswani et al., 2017) to implement our Object-
Oriented Non-Autoregressive approach (O2NA).
Specifically, as shown in Figure 2, O2NA consists
of an object predictor, a length predictor and two
Transformer decoders, where the first decoder fo-
cuses on generating all the objects we care about
in parallel (i.e., object generator), and the second
decoder pays attention to linking these objects to
form a fluent caption (i.e., caption generator).

Object Predictor (OP) The OP is expected to
predict the objects that appear in the given video.
We first build an object vocabulary based on the
training captions. Given this object vocabulary,
we can associate each video with a set of ob-
jects according to its human-annotated captions.
Specifically, we denote the ground truth objects as
O∗ = {o∗1, o∗2, . . . , o∗M}, where M represents the
size of object vocabulary; o∗i = 1 if the video is
annotated with object i, and o∗i = 0 otherwise. Dur-
ing the training phase, we directly use the ground
truth objects O∗. At the inference stage, we adopt
a two-layer non-linear layer to predict the objects
O ∈ RM , defined as:

O = Object-Predictor(V )

= σ (ReLU (MP (V )WO1)WO2)

where MP (V ) =
1

2N

∑2N

i=1
vi,

(2)

where MP denotes the Mean Pooling, σ is the
sigmoid function; WO1 ∈ Rdh×dh and WO2 ∈

Rdh×M are the parameters to be learned. Next, fol-
lowing Wu et al. (2016), we minimize the element-
wise logistic loss function LOP to train our OP:

LOP =
∑M

i=1
log (1 + exp (−o∗i oi)) . (3)

During the inference procedure, to select the fi-
nal predicted objects, we set a threshold γ, which
means that if the oi > γ, we reset oi = 1, and reset
oi = 0 otherwise. In particular, if we care about
some specific objects, for example, the user pre-
ferred objects or the pre-defined dangerous objects
in the captioning-based blind-aid system, we could
just set the value of these concerned objects equal
to 1, and set the value of other objects equal to 0.

Length Predictor (LP) In the generation pro-
cess, the non-autoregressive decoding model needs
to know the length of target captions (Ghazvinine-
jad et al., 2019). To this end, at training time, we
use the sequence length l∗ of ground truth caption.
At inference stage, given the video information
V ∈ R2N×dh and the focused objects O ∈ RM ,
we adopt a LP to predict the length l. In detail, we
apply a two-layer network to achieve the effect:

l ∼ pl = Length-Predictor(V,O)

= softmax (ReLU ([MP(V )WLV ;OWLO ])WL) ,
(4)

where [·; ·] represents the concatenation operation;
WLV ∈ Rdh×dh , WLO ∈ RM×dh and WL ∈
R2dh×lmax are learnable parameters; lmax = 30
denotes the pre-defined maximum sequence length.
Thus, pl ∈ Rlmax is a probability. We adopt the
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cross entropy loss LLP to train the LP, which can
be defined as follows:

LLP = −log(pl(l∗|V,O∗)). (5)

Object Generator (OG) The object generator
is based on the non-autoregressive decoder and
is dedicated to generating all the objects we care
about at once. To achieve such effect, we adopt a
single-layer Transformer decoder1, followed by a
linear layer and a softmax function. In implemen-
tation, the object generator takes the fully masked
sequence X0 = (xm1 , xm2 , . . . , xmL) , xmi ∈ Rdh
with predicted length l by length predictor as in-
put. The xmi = w[MASK] + ei, where w[MASK]
and ei denotes the word embedding of [MASK]
token and position embedding, respectively. Then
the object information O is added to X0, i.e.,
x′mi = xmi + OWO, where WO ∈ RM×dh . At
last, the transformer decoder in the object genera-
tor takes the X0 ⊕ OWO as input (⊕ denotes the
matrix-vector addition), and generates all objects
at the position in the final caption, i.e., an object-
oriented coarse-grained caption, which can be de-
fined as follows:

Yobj ∼ p0 = Object-Generator(X0, V, O)

= softmax(TFM(X0 ⊕OWO, V, V )WOG),
(6)

where X0 ∈ Rl×dh , V ∈ R2N×dh , O ∈ RM
represent the input sequence, the video represen-
tations and the predicted objects, respectively;
WO ∈ RM×dh and WOG ∈ Rdh×|D| are the ma-
trices for linear transformation; |D| is the size of
vocabulary D. Each value of p0 ∈ Rl×|D| is a
probability indicating how likely each word in D
should be the current output word.

At training time, for each human-annotated cap-
tion, we mask all the non-object words based on the
object vocabulary to acquire the ground truth object
sequence Y ∗obj = (. . . , [MASK], . . . , objecti, . . .).
Our goal is to minimize the following standard
cross entropy loss:

LOG = −
∑l∗

i=1
log(p0(y*

obji
|X0, V, O

∗)). (7)

Caption Generator (CG) In implementation,
the caption generator shares the same structure
with object generator. The main differences be-
tween the two generators are the different generat-
ing objective and the input sequence. Specifically,

1Our experiments showed that using a single-layer Trans-
former decoder can achieve the best performance in major met-
rics with fastest inference speed (Please refer to Section 5.1.3).

the caption generator takes the object sequence X1

as input, where X1 equals to Y ∗obj and Yobj at the
training stage and inference stage, respectively, and
generates the related attribute words and relation
words to form a draft caption, which is defined as:

Y1 ∼ p1 = Caption-Generator(X1, V, O)

= softmax(TFM(X1 ⊕OW ′O, V, V )WCG),
(8)

where p1 ∈ Rl×|D|. Given the ground truth caption
Y ∗cap = (y∗cap1

, y∗cap2
, . . . , y∗capl

), we adopt standard
cross entropy loss as the loss function to train the
CG, which can be defined as follows:

LCG = −
∑l∗

i=1
log(p1(y*

capi |X1, V, O
∗)). (9)

Since the non-autoregressive approach removes
the sequential dependency, we may have intro-
duced the “multi-modality problem” (Gu et al.,
2018) (i.e., a word could appear in multiple po-
sition to form different captions). So we further
adopt the iterative refinement approach (Lee et al.,
2018) to proofread Y1. In implementation, to ac-
quire the input sequence X2, we randomly mask
n = bl ∗ rc words in Y ∗cap and mask out top n
words with the lowest confidence in Y1 at the train-
ing time and inference time, respectively, where
l and r represent the caption length and masking
ratio, respectively, and the confidence is taken to
be the output probability. To obtain the final cap-
tion, we employ the following equation, which is
defined as:

Y2 ∼ p2 = Caption-Generator(X2, V, O). (10)

Finally, the cross entropy loss is defined similar
as Eq. (9):

L′CG = −
∑l∗

i=1
log(p2(y*

capi |X2, V, O
∗)). (11)

Overall, by combining the LOP in Eq. (3), LLP
in Eq. (5), LOG in Eq. (7), LCG in Eq. (9) and L′CG
in Eq. (11), the full training objective is:

Lfull = λ1LLP + λ2LOP + λ3LOG + λ4LCG + λ5L′CG,
(12)

where λ1, λ2, λ3, λ4 and λ5 are the hyperparame-
ters that control the regularization. For simplicity,
we set λ1 = λ2 = λ3 = λ4 = λ5 = 1, since
we find that our approach can achieve competitive
results with the state-of-the-art models in major
metrics under this setting (see Section 4.2), thus
we do not attempt to explore other settings.

Overall, through Eq. (12), we are able to realize
our Object-Oriented Non-Autoregressive approach
(O2NA). The trained model is encouraged to de-
scribe the focused objects that a user cares about.
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4 Experiments

In this section, we first describe the datasets, met-
rics and settings used for evaluation, then followed
by the experimental results of our approach.

4.1 Datasets, Metrics and Settings

4.1.1 Datasets
Our results are evaluated on the benchmark Mi-
crosoft Video Description (MSR-VTT) (Xu et al.,
2016) and Microsoft Video Description (MSVD)
(Guadarrama et al., 2013) datasets. For MSR-VTT,
the dataset contains 10,000 video clips, and each
video is paired with 20 annotated sentences. Fol-
lowing common practice (Pei et al., 2019; Yang
et al., 2021; Pan et al., 2020), we use the official
splits to report our results. Thus, there are 6513,
497 and 2990 video clips in the training set, val-
idation set and test set, respectively. For MSVD,
it contains 1,970 video clips and roughly 80,000
English sentences. We follow the split settings in
Pei et al. (2019), resulting in 1,200, 100 and 670
videos for the training set, validation set and test
set, respectively. Following previous works, we re-
place caption words that occur less than 3 times in
the training set with the [UNK] token, plus with a
[MASK] token, resulting in a vocabulary of 10,546
words for MSR-VTT and 9,467 words for MSVD.

Metrics We test the model performance with a
standard captioning evaluation toolkit (Chen et al.,
2015). It reports the widely-used automatic eval-
uation metrics CIDEr (Vedantam et al., 2015),
ROUGE-L (Lin, 2004), METEOR (Lin and Hovy,
2003; Banerjee and Lavie, 2005) and BLEU (Pa-
pineni et al., 2002). Among them, CIDEr, which
incorporates the consensus of a reference set for an
example, is based on n-gram matching, is specifi-
cally designed for evaluating captioning systems.
BLEU and METEOR are originally designed for
machine translation evaluation, while ROUGE-L is
proposed for automatic evaluation of the extracted
text summarization. Besides, we further adopt the
evaluation metrics Novel, Unique and Vocab Us-
age, provided by Dai et al. (2018), to evaluate the
diversity of the generated captions. Novel is calcu-
lated by the percentage of generated captions that
have not been seen in the training data; Unique is
calculated by the percentage of generated unique
words among the other all generated captions; Vo-
cab Usage denotes the percentage of words that are
used to generate captions in the vocabulary.

4.1.2 Settings
As stated in Section 3.1, we set N = 8, di =
dm = 2048 and dh = 512 for the video repre-
sentations. All category tags (Xu et al., 2016) in-
cluded in MSR-VTT. For the object predictor, to
compare with existing methods, we set the thresh-
old γ = 0.8 and directly select all the predicted
objects to generate captions. For the length predic-
tor, the maximum sequence length lmax is set to
30. For the object generator and caption genera-
tor, following the original setting as in Transformer
(Vaswani et al., 2017), the model size dh = 512.
The number of heads in multi-head attention is set
to 8 and the feed-forward network dimension is set
to 2048. The masking ratio r = 0.5. To build the
object vocabulary, we use the spaCy library2 for
noun tagging from the training dataset, resulting
in 5,647 and 4,681 noun words for MSR-VTT and
MSVD, respectively. The tagged noun words are
taken as the object words, building up the object
vocabulary with sizes of 5,647 and 4,681 for MSR-
VTT and MSVD, respectively. Therefore, we do
not use external data to build the object vocabulary.
Specifically, the object predictor labels will match
the words used to name objects in the captions. We
use Adam optimizer (Kingma and Ba, 2014) with a
batch size of 64 and a learning rate of 5e-4 within
maximum 50 epochs for parameter optimization.

As each video is annotated with multiple sen-
tences, i.e., Video – {Captioni}, where each sen-
tence Captioni includes a set of objects {Objecti},
we use all objects appearing in these sentences as
the ground truth objects for each video to train
the object predictor. However, we treat the differ-
ent sentences as independent training samples, i.e.,
Video – Captioni – {Objecti}, to train length pre-
dictor, object generator and caption generator. In
this manner, we can ensure that the focused objects
{Objecti} appears in the target sentence Captioni
during training and inference, which allows an easy
way to control the contents of video captions.

Following the non-autoregressive decoding mod-
els of neural machine translation, we incorporate
the knowledge distillation (Kim and Rush, 2016;
Gu et al., 2018) and de-duplication (Wang et al.,
2019b) techniques to improve the performance of
our non-autoregressive model on MSR-VTT. Fur-
thermore, following Gu et al. (2018); Wang et al.
(2019b); Yang et al. (2021), to generate the cap-
tions, we also adopt the teacher re-scoring tech-

2https://spacy.io/
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Methods
Dataset: MSVD (Guadarrama et al., 2013) Dataset: MSR-VTT (Xu et al., 2016)

BLEU-4 METEOR ROUGE-L CIDEr BLEU-4 METEOR ROUGE-L CIDEr Novel Unique Vocab VPS

RecNet (Wang et al., 2018) 52.3 34.1 69.8 80.3 39.1 26.6 59.3 42.7 - - - -
PickNet (Chen et al., 2018) 52.3 33.3 69.6 76.5 41.3 27.7 59.8 44.1 - - - -
OA-BTG (Zhang and Peng, 2019) 56.9 36.2 - 90.6 41.4 28.2 - 46.9 - - - -
MARN (Pei et al., 2019) 48.6 35.1 71.9 92.2 40.4 28.1 60.7 47.1 - - - -
GRU-EVE (Aafaq et al., 2019) 47.9 35.0 71.5 78.1 38.3 28.4 60.7 48.1 - - - -
POS-Control (Wang et al., 2019a) 52.5 34.1 71.3 88.7 42.0 28.2 61.6 48.7 - - - -
STAT (Yan et al., 2020) 52.0 33.3 - 73.8 39.3 27.1 - 43.8 - - - -
STGN-OAKD (Pan et al., 2020) 52.2 36.9 73.9 93.0 40.5 28.3 60.9 47.1 - - - -
ORG-TRL (Zhang et al., 2020) 54.3 36.4 73.9 95.2 43.6 28.8 62.1 50.9 - - - -
SAAT (Zheng et al., 2020) 46.5 33.5 69.4 81.0 39.9 27.7 61.2 51.0 26.8† 35.7† 3.9† 17.6†

SGN (Ryu et al., 2021) 52.8 35.5 72.9 94.3 40.8 28.3 60.8 49.5 - - - -
SemSynAN (Perez-Martin et al., 2021) 64.4 41.9 79.5 111.5 46.4 30.4 64.7 51.9 - - - -

O2NA (Ours) 55.4 37.4 74.5 96.4 41.6 28.5 62.4 51.1 37.2 46.7 4.6 70.8

Table 1: Performance of automatic evaluation on the test sets of MSVD and MSR-VTT. Higher is better in all
columns. † denotes our own implementation. VPS stands for videos per second at the inference stage, which is
measured on a single NVIDIA GeForce GTX 1080 Ti. In this paper, the Red- and the Blue- colored numbers denote
the best and the second best results across all approaches, respectively. All existing video captioning systems follow
the autoregressive approach to generate the captions and cannot control the video captioning process to ensure the
inclusion of the focused objects. In comparison, O2NA can not only describe the focused objects, but also achieve
competitive performances with the state-of-the-arts in major metrics with both higher diversity and faster inference.

nique and noisy parallel decoding (Gu et al., 2018;
Yang et al., 2021) techniques, which could generate
a set of candidate sentences in parallel, then, we se-
lect the candidate sentence with the highest output
probability as the final generated caption. For the
detailed introduction of these techniques, please
refer to original papers (Kim and Rush, 2016; Gu
et al., 2018; Wang et al., 2019b; Yang et al., 2021).

4.2 Evaluation Results
In comparable settings, twelve representative meth-
ods, including five most recently published state-
of-the-art approaches, namely STAT (Yan et al.,
2020), STGN-OAKD (Pan et al., 2020), ORG-TRL
(Zhang et al., 2020), SAAT (Zheng et al., 2020),
SGN (Ryu et al., 2021) and SemSynAN (Perez-
Martin et al., 2021), are selected for comparison.
Unless specifically stated, we directly report the
results from the original papers. The results on the
test of MSVD and MSR-VTT datasets are shown
in Table 1. As we can see, our O2NA achieves the
results competitive with the state-of-the-art models
on the two datasets in major metrics. The competi-
tive performances verify the validity of our O2NA
for standard video captioning. More encouragingly,
in terms of the metrics that evaluate the diversity
of the generated captions, O2NA surpasses the pre-
vious state-of-the-art models with relatively 39%,
31% and 18% margins in terms of Novel, Unique
and Vocab scores, which proves our arguments
and corroborates the effectiveness of our approach.
Moreover, since our O2NA generate the entire cap-
tions in three steps with a fixed generation time, we

achieve the fastest inference speed (highest VPS in
Table 1) among existing methods.

Overall, our O2NA achieves performances com-
petitive with state-of-the-arts in major metrics but
with higher diversity scores and faster inference
speed. The experimental results show that our ap-
proach is able to generate fluent and diverse video
captions with fast inference speed. More impor-
tantly, our O2NA allows an easy way to control
the contents of video captions rather than merely
syntactic variations in existing studies. These ad-
vantages of our approach could have the potential
to promote the application of video captioning for
real-time industrial applications, e.g., helping visu-
ally impaired people see (Voykinska et al., 2016)
and human-robot interaction (Das et al., 2017).

5 Analysis

In this section, we conduct analysis on the bench-
mark MSR-VTT dataset from different perspec-
tives to better understand our approach.

5.1 Quantitative Analysis
We first conduct the quantitative analysis to inves-
tigate the contribution of each component in our
proposed O2NA.

5.1.1 Ablation Study
Compared to conventional non-autoregressive de-
coding models (Baseline) from neural machine
translation (Lee et al., 2018; Gu et al., 2018;
Ghazvininejad et al., 2019), our O2NA further in-
troduces the object predictor and object generator
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Sections Settings Methods Iteration
Times

Number of
Layers

Dataset: MSR-VTT

BLEU-4 METEOR ROUGE-L CIDEr Novel Unique Vocab VPS

5.1.1
(a) Baseline 1 1 40.0 26.9 60.2 44.6 6.6 27.1 2.6 113.7
(b) w/ OP 1 1 40.7 27.4 60.6 47.9 18.0 26.9 3.1 99.5

O2NA w/ OP + OG 1 1 41.6 28.5 62.4 51.1 37.2 46.7 4.6 70.8

5.1.2
(c) w/ OP + OG 2 1 42.1 28.7 62.5 51.6 31.9 42.3 4.0 61.0
(d) w/ OP + OG 3 1 42.4 28.8 62.5 51.8 25.1 33.0 3.5 54.9
(e) w/ OP + OG 4 1 42.5 28.8 62.6 51.9 21.1 29.3 3.0 49.3

5.1.3
(f) w/ OP + OG 1 2 41.8 28.5 62.1 50.8 36.0 43.7 4.5 48.5
(g) w/ OP + OG 1 3 41.1 28.4 61.5 50.3 30.4 38.6 3.9 36.9
(h) w/ OP + OG 1 4 40.5 27.6 61.0 48.7 22.3 30.6 3.4 30.2

Table 2: Quantitative analysis of O2NA. Baseline denotes the conventional non-autoregressive decoding model in
neural machine translation (Lee et al., 2018; Gu et al., 2018; Ghazvininejad et al., 2019). OP and OG denote the
object predictor and object generator, respectively.

for controllable video captioning. Therefore, we
investigate the contribution of the two components
and the results are shown in Table 2.

Effect of the Object Predictor (OP) As ex-
pected, since the OP can provide explicit visual
clues (i.e., objects) of the input video, the model
achieves improved results (c.f. Table 2(b)), espe-
cially in Novel and Unique scores, indicating that
the OP helps to generate diverse captions. The
improved results prove the effectiveness of our OP.

Effect of the Object Generator (OG) As
shown in Table 2(O2NA), when further equipping
with the OG, the model significantly outperforms
the Baseline, which employs a completely empty
sequence as the input to generate the whole sen-
tence. Intuitively, such practice in Baseline may
give high risk of producing errors. Fortunately, the
object-oriented coarse-grained captions generated
by our OG could provide rich contextual informa-
tion for the following non-autoregressive decoding
model to generated accurate revised captions. It
proves our arguments and verifies the effectiveness
of generating captions in a coarse-grained to fine-
grained manner.

Overall, the proposed OP and OG can boost the
performance from different perspectives, making
our O2NA generate diverse and accurate captions.

5.1.2 Effect of the Iteration Times
In O2NA, we adopt the iterative refinement tech-
nique (Lee et al., 2018) to proofread and improve
the generated captions (see Eq. (10)). However, in
conventional non-autoregressive decoding methods
for neural machine translation (Gu et al., 2018; Lee
et al., 2018; Ghazvininejad et al., 2019; Guo et al.,
2019; Shao et al., 2019), they usually adopt more
iterations to obtain better results. As to O2NA, Ta-

ble 2(c-e) shows that performances stabilize with
the increasing number of iterations but do not
show a significant increase as in Lee et al. (2018);
Ghazvininejad et al. (2019). The reason is that our
generated object-oriented coarse-grained captions
have provided a solid guidance (i.e., rich contextual
information) for non-autoregressive video caption-
ing model, which further proves the effectiveness of
our approach. The decreased performance of diver-
sity may be due to the over-fitting problem brought
by more iterations, making the model prone to gen-
erating frequent captions in the training data. Thus,
considering the trade-off between “the performance
of caption generation” and “the performance of di-
versity and inference speed”, we only proofread
the generated captions once.

5.1.3 Effect of the Number of Layers

When increasing the number of layers to 2 (c.f.
Table 2(f)), the model can only achieve a slightly
improved result on BLEU-4 (i.e., 41.6 → 41.8),
but loses 31.5% inference speed. At the same time,
if the number of layers is further increased, the
performance decreases. We hypothesize that when
training on video captioning datasets that are rela-
tively small compared to those for neural machine
translation, larger depths add to the difficulty of
training, which is the same case with deep RNNs.
In brief, considering the trade-off between the per-
formance and inference speed, we adopt a single-
layer Transformer decoder.

5.2 Case Study and Error Analysis

In this section, we list some correct and incorrect
examples to show the controllability of our pro-
posed O2NA intuitively. In the analysis, we man-
ually select the predicted objects to encourage the
model to generate a set of diverse captions. Fig-

288



Correct Examples
(woman, kitchen) a woman is in a kitchen .
(woman, food, pan) a woman is cooking some food with 

a pan.

Objects: woman, kitchen, food, shirt, pan

Incorrect Examples
(woman, shirt) a woman wearing a black shirt.
(woman, food, shirt) a woman with a black shirt is 

preparing food.

Correct Examples
(person, electronics) a person is showing a electronics.
(hand, electronics) a hand pointing to a electronics.
(electronics, device) an electronics device is shown.

Objects: person, electronics, hand, device, suitcase

Incorrect Examples
(person, suitcase) a person is describing a suitcase.
(device, suitcase) a device sitting on a suitcase.
(suitcase) a suitcase is opening.

Figure 3: Examples of captions generated by our proposed O2NA. For each example, the left plot shows the input
video. The upper, middle and lower parts in the right plot show the predicted objects, correct examples and error
cases, respectively. The designated objects are listed in brackets. The color Red denotes unfavorable objects.

ure 3 shows that our approach is controllable and
explainable. Specifically, it can generate multiple
diverse captions for the same video, and can ac-
curately follow the selected objects we care about.
Besides, we find that the error mainly takes place
when there are incorrectly predicted objects, e.g.,
“suitcase” and “shirt”. O2NA mistakes the incor-
rect object for an appropriate one during its object
sequence generation. A more powerful object pre-
dictor may be helpful in solving these problems,
but it is unlikely to be completely avoided.

6 Conclusions

In this work, we introduce the problem of control-
lable video captioning in the sense of controlled
contents. In contrast to the existing studies consid-
ering syntactic variations, controlling contents is
of more practical value. To tackle the problem, we
propose the Object-Oriented Non-Autoregressive
approach (O2NA), which encourages the model to
describe the focused objects that a user cares about
by generating captions conditioned on the focused
objects non-autoregressively. The experiments and
analyses verify the flexibility and demonstrate the
effectiveness of O2NA, which achieves competitive
results with existing state-of-the-art models on two
benchmark datasets in major metrics with higher
diversity and faster inference. These advantages
could promote the application of video captioning
adapting to real-world scenarios.

In the future, it may be interesting to implement
a more fine-grained control of the objects, e.g., the
order of the objects in the caption according to their
priority in utterance.
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Abstract

A long-standing challenge in Chinese–English
machine translation is that sentence bound-
aries are ambiguous in Chinese orthography,
but inferring good splits is necessary for ob-
taining high quality translations. To solve this,
we use reinforcement learning to train a seg-
mentation policy that splits Chinese texts into
segments that can be independently translated
so as to maximise the overall translation qual-
ity. We compare to a variety of segmentation
strategies and find that our approach improves
the baseline BLEU score on the WMT2020
Chinese–English news translation task by +0.3
BLEU overall and improves the score on input
segments that contain more than 60 words by
+3 BLEU.

1 Introduction

Machine translation systems typically operate on
sentence-like units, where sentences are translated
independently of each other (Vaswani et al., 2017;
Bahdanau et al., 2015; Koehn et al., 2003; Brown
et al., 1993), in some cases with additional condi-
tioning on a representation of adjacent sentences to
improve coherence (Miculicich et al., 2018; Zhang
et al., 2018). While many pairs of languages use
similar orthographic conventions to designate sen-
tence boundaries, English and Chinese diverge con-
siderably: complete sentences in Chinese may be
terminated either unambiguously with a full stop
(。) or ambiguously with a comma. See Figure 1
for an example.

This divergence poses a challenge for Chinese–
English translation systems since they must ei-
ther be able to cope with potentially long, multi-
sentence inputs (i.e., translating any text that falls
between unambiguous sentence-ending punctua-
tion) or, alternatively, they must be able to deter-
mine which comma occurrences terminate com-
plete sentences that can be translated independently

习近平主席2015年9月宣布成立的“中国-联合国和平与发

展基金”, 将支持非洲维和、反恐、实现可持续发展作
为重点, 迄今已开展34个涉非项目, 成为中国、非洲、
联合国三方合作的新平台。

The “China-United Nations Peace and Development Fund”

announced by President Xi Jinping in September 2015 focuses

on supporting African peacekeeping, counter-terrorism, and

achieving sustainable development. So far, 34 projects in-

volving Africa have been carried out, becoming a tripartite

cooperation between China, Africa and the United Nations.

Figure 1: An example taken from the WMT2020 test
set that shows a single source Chinese segment is trans-
lated into two separate English sentences. The high-
lighted comma separates the two corresponding com-
plete sentences in the Chinese text, whereas the other
two commas are sentence-internal boundaries.

and which do not.

Being able to directly accommodate long, multi-
sentence inputs has clear appeal. However, in
practice, the training data available for transla-
tion models is dominated by the relatively short
(sub)sentence pairs that are preferentially recov-
ered by standard approaches to sentence align-
ment (Tiedemann, 2011; Gale and Church, 1993),
and as a result of the natural distribution of sentence
lengths. Unfortunately, generalisation from train-
ing on short sequences to testing on long sequences
continues to be an unsolved problem even in other-
wise well-performing translation models (Lake and
Baroni, 2018; Koehn and Knowles, 2017). Rather
than addressing the length generalisation problem
directly, in this paper we side-step it by learning to
make decisions about segmentation so as to max-
imise the performance of an unreliable machine
translation system that operates optimally only on
shorter segments of input Chinese text.

While numerous text segmentation techniques
designed to improve machine translation have been
proposed over the years (§5), these have typically
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been based on heuristics that capture linguistic or
statistical notions about what “minimal translatable
units” consist of. In Chinese, robustly identifying
such units is particularly challenging, on account
of the lack of overt tense and frequent argument
dropping which deprive an annotator of important
clues (Huang, 1984). In contrast, we formalise the
segmentation problem as a series of classification
decisions about whether or not to split at candidate
segmentation boundaries and use reinforcement
learning to train the segmentation policy to opti-
mise the aggregate BLEU score that results from
translating the resulting segments with a particu-
lar translation system. Our approach is therefore
robust to the idiosyncrasies of the underlying trans-
lation system, it is capable of discovering a pol-
icy that deviates from perhaps unreliable intuitions
about minimal translatable units, and it can easily
be retrained as the translation system improves.

Experiments indicate that the proposed approach
outperforms a baseline that carries out no sentence
splitting other than at unambiguous points, a classi-
fication approach based on linguistic criteria, and a
heuristic system used in prior work. Overall, we im-
prove the BLEU score on the WMT2020 Chinese–
English news translation task by 0.3 BLEU, but for
segments consisting of more than 60 words, the
BLEU score increases by 3 BLEU.

2 Problem setup

We setup segmentation problem as a Markov deci-
sion problem (MDP) whose state, actions and re-
wards are characterized as follows. Every example
in the training dataset is treated as a new episode
and the objective is to maximise the sentence level
BLEU score of the translation.

• The action set A = {SPLIT, CONTINUE}.
• The state representation at time t, st =

[φ(x)1,...,n]; [p
(t)
1,...,n] where n is the length of

the input sequence x in words, φ(xi) is a vec-
tor encoding of ith token in context, and p

(t)
i

is a record of previous decisions taken by the
classifier about split decisions. The decision
state for each token at timestep t can take on
4 possible discrete values: no punctuation (no
actions are taken on these), undecided punctua-
tion (punctuation on which an action still needs
to be taken), un-split punctuation and split punc-
tuation. At each timestep t, an action is taken at
the next immediate undecided punctuation from

the left and the state update involves appropri-
ately updating the punctuation marker (to un-
split or split) corresponding to that position. The
episode is considered terminal when there are no
unattended punctuation markers in the sentence.
• For our reward, we use rt =

BLEU(τ(st+1),y
∗) − BLEU(τ(st),y

∗),
the marginal difference added to BLEU score
based on the current action decision similar to
Wu et al. (2018). τ represents the translation
of the source inputs constructed from the state
definition, where we split the sentence according
to the punctuation markers in st, translate
each segment independently and recombine
the best translation of each segment. An
action of no split yields 0 rewards as segments
remain identical and splitting would produce
positive or negative rewards depending on the
improvement/degradation to the quality of the
overall sentence translation. Marginal BLEU
sums to the sentence level BLEU obtained on
the full sequence of translations, but provides
a denser reward signal which makes policy
learning more efficient.

Network and Learning Algorithm. We learn
optimal segmentation policies using a distributed
deep RL algorithm, IMPALA (Espeholt et al.,
2018) which provides data-efficient stable learn-
ing at high throughput by combining decoupled
acting and learning. At each time-step, our policy
receives a state st and defines a distribution over
the discrete action set A – i.e. π(st) : Rn →
A{SPLIT, CONTINUE}. Our algorithm also em-
ploys a value network that learns the value of a
state V (st) : Rn → R, which is used to regular-
ize the policy network. In this work, we use a
transformer encoder with self-attention layers as an
observation encoder and then apply a feed-forward
classifier on this encoded observation to learn the
policy’s action distribution. More details on the
network architecture can be found in Appendix A.

3 Experiments

Our experiments are carried out on the WMT2020
Chinese–English news translation task, which is
subjected to the same pre-processing steps as de-
scribed in (Yu et al., 2020). Figure 2 shows the
distribution of the maximum number of possible
segments that we could split for each given exam-
ple in our test dataset if a model were to split on
every available punctuation (comma and full-stop
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Figure 2: Distribution of maximum possible number
of segments (if a model were to split on every avail-
able punctuation) for all the examples in the entire
WMT Chinese–English test dataset and on long exam-
ples (source length ≥60 words) only. Note that the test
dataset contains 2000 examples in total and 115 long
examples.

in our case). We report case-sensitive BLEU, as
computed with sacrebleu (Post, 2018). All the
model/training details such as datasets, model ar-
chitectures and hyperparameters pertaining to the
baseline models are listed in Appendix B. We com-
pare RLSEGMENT, our proposed solution’s perfor-
mance to six other baselines which help highlight
different trade-offs involved in segmentation deci-
sions for machine translation.

• NOSPLIT – Our key baseline that we wish to im-
prove – a strategy of not doing any splits on the
source inputs beyond unambiguous full stops.
• ALLSPLIT – An aggressive segmentation policy

where we segment the source on every possible
comma and full-stop.
• ORACLE – To compute the oracle score, we

translate possible splits of a given source sen-
tence and select the one that maximizes the
example-level BLEU score. This benchmark
is the upper limit of any segmentation policy,
given a translation model. It is quite expensive
to compute since it requires decoding all possible
segmentations of every sequence.
• ORACLESUP – Oracle segmentation decisions

from the training corpus are used to setup a super-
vised binary classification task with an architec-
ture similar to RLSEGMENT’s policy network.
• COMMACLASS – Using the syntactic patterns

from the Penn Chinese Treebank 6.0, this system
builds a comma classifier to disambiguate termi-
nal and non-terminal commas similar to (Xue
and Yang, 2011). This uses a transformer en-
coder followed by a positional feed-forward net-
work to classify every comma.
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Figure 3: Distribution of number of segments split
by our model RLSEGMENT on the entire WMT20
Chinese–English test dataset and on long examples
(source length ≥60 words) only. Out of the 115 long
examples, the model leaves 32 (28%) of them unseg-
mented and segments the rest into two or more seg-
ments.

Model full ≥ 60
BLEU BP BLEU BP

NOSPLIT (Baseline) [2000] 31.89 89.42 25.73 78.17
ALLSPLIT [6233] 29.45 93.18 27.88 94.43
ORACLESUP [3107] 31.57 90.89 27.66 88.02
COMMACLASS [2569] 31.82 89.98 26.93 81.16
HEURISTIC [2071] 32.02 89.59 27.05 80.80
RLSEGMENT (Ours) [2228] 32.21 91.34 29.03 88.09
ORACLE [3513] 36.36 96.19 34.71 93.45

Table 1: BLEU and brevity penalty scores, both on the
corpus and long sentences only (source length ≥ 60
words) on the test dataset of WMT20 Chinese–English.
Reported in square brackets are the number of seg-
ments independently translated under each policy.

• HEURISTIC – The uses a combination of predic-
tions from COMMACLASS together with heuris-
tic length constraints that only split long inputs
(> 60 words) on terminal commas suggested by
the model and terminal punctuations, and only
if the resulting segments are not too short (> 10
words).

As discussed above, there is no standard segmen-
tation of Chinese texts into sentences, and there-
fore all the “supervised” approaches—including
our baselines ORACLESUP and HEURISTIC, con-
struct their own training data to train a classifier.
RLSEGMENT on the other hand, requires only a
translation system and a corpus of standard paral-
lel data for training and learns without any hand-
engineered constraints on the model itself, thus
presenting a generic solution that can scale across
languages and system variants.
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Source (showing segmentation candidate split points and RLSEGMENT policy decision in grey)
中新网深圳10月1日电(郑小红徐殿伟刘姝梦)10月1日为内地国庆“黄金周”首日, 也是香港国庆公众假期的最后
一天, 许多内地居民利用假期出国境游玩、购物, 也有许多来深的香港居民当日返港, 深圳各口岸出现客流“爆
棚”的情况, 罗湖、深圳湾口岸新启用22条自助通道, 提升口岸通关效率, 便利旅客高效快捷通关。
NOSPLIT Shenzhen, Oct. 1 (Zheng Xiaohong Xu Dianwei Liu Jiameng) Oct. 1 is the first day of the Mainland National Day

“Golden Week” and the last day of the Hong Kong National Day Public Holiday. Many mainland residents used the holiday
to visit and shop abroad. Many Hong Kong residents who came to Shenzen returned to Hong Kong on the same day. There
are passenger flow “burst shed” at all ports.

RLSEGMENT Shenzhen, Oct. 1 (Zheng Xiaohong Xu Dianwei Liu Jiameng) Oct. 1 is the first day of the Mainland National
Day “Golden Week” and the last day of the Hong Kong National Day Public Holiday. Many mainland residents used their
holidays to visit and shop abroad. Many Hong Kong residents who came to Shenzhen returned to Hong Kong on the same
day. There are passenger flow “burst shed” at all ports in Shenzhen. 22 new self-service channels opened at Lo Wu and
Shenzhen Bay ports to improve the customs clearance efficiency at ports, facilitate efficient and rapid customs clearance of
passengers.

Figure 4: A example translation where segmentation with RLSEGMENT mitigates premature truncation in our
system; material dropped by the baseline system is highlighted in grey.

4 Results

Figure 3 shows the distribution of segments pro-
posed by our model RLSEGMENT. We see that a
lot of the long sentences (source length≥ 60 words)
are split into two or more independent segments to
mitigate premature truncation seen in transformer
models with these long sentences. Table 1 com-
pares different segmentation policies when translat-
ing the WMT20 Chinese–English news test dataset.
While the BLEU scores indicate the quality of trans-
lations on the entire corpus, we also report BLEU
scores on sources longer than 60 words as a met-
ric to show the performance of these models on
longer sentences where standard transformers tend
to produce translations that are too short. In both
the cases, we also report the brevity penalty (BP),
a component of BLEU to show the impact on the
overall length of the translation.

We see that our proposed segmentation policy,
RLSEGMENT improves both the BLEU scores
and brevity penalties as compared to the baseline
translation case NOSPLIT. Specifically, the RL
model improves BLEU scores on long sentences
by 3+ BLEU points and BP on those sentences
by about 9+ points. This shows that our model,
via smart segmentation, suffers less because of
premature truncation of long translations as com-
pared to the baseline—a common problem (Meister
et al., 2020; Koehn and Knowles, 2017). While seg-
mentation of long sentences at appropriate punc-
tuations helps performance, segmentation at all
punctuations is expected to hurt performance as
it is highly likely to produce extremely small seg-
ments which lose a lot of necessary source con-
text when individually translated. This is demon-
strated by poorer BLEU score of the ALLSPLIT

baseline, even though it achieves good BP scores
both on the corpus and long translations. Com-
pared to supervised baselines trained on syntactic
data such as COMMACLASS and HEURISTIC, our
model performs competitively on both BLEU and
BP without any supervised data for segmentation
or hand-engineered length constraints. In Figure 4,
we see an example where RLSEGMENT mitigates
premature truncation of the resultant translation. In
this example, although input (and resulting English
translation) consists of three sentences separated
by commas, the segmentation policy has only cho-
sen to split at only one position, having learned
that the underlying translation system is capable
of translating some two-sentence inputs. This ex-
ample thus illustrates the practicality of learning
a segmentation policy based on the abilities of the
underlying translation system, not just on the basis
of normative notions of translatable units. (More
examples can be found in Appendix C.1, C.2)

While our model does better than the base-
lines, there is a sufficient performance gap to
the oracle BLEU scores (because of the different
data/length characteristics between training and test
time) that could be achieved via “perfect” segmen-
tation, demonstrating the value for further research
into better segmentation strategies. However, we
also note that the RLSEGMENT outperforms OR-
ACLESUP—especially on long sentences. We sus-
pect this has to do with the relative scarcity of such
examples in the training data—while a supervised
learner can happily ignore those rare cases at lit-
tle cost in terms of cross-entropy, they have an
out-sized impact on BLEU, and therefore the RL
learner is sensitive to them.

Finally, it is important to note that while RLSEG-
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MENT improves BLEU at a corpus level, there exist
cases where individual translation examples (Ap-
pendix C.3) are worse because of inappropriate
segmentation.

5 Related Work

The segmentation of long texts and sentences into
segments suitable for translation has been a recur-
ring topic in machine translation research (Tien
and Minh, 2019; Pouget-Abadie et al., 2014; Goh
and Sumita, 2011; Doi and Sumita, 2003); how-
ever, we are the first to apply reinforcement learn-
ing to solve the problem. A related problem to
the segmentation problem occurs in automated si-
multaneous interpretation, where the system must
produce translations as quickly as possible, but
it is necessary to wait until sufficient context has
been received before an accurate translation can be
produced. Grissom II et al. (2014) used an RL ap-
proach, targeting a reward that balances translation
quality with translation latency.

Chinese comma disambiguation has likewise
been studied. However, without exception these
have sought to predict normative notions of what
constitutes a complete clause or elementary dis-
course unit (Xu and Li, 2013; Xue and Yang, 2011;
Jin et al., 2004), on the basis of syntactic annota-
tions in the Chinese Treebank (Xue et al., 2005). In
contrast, our solution is directly targeted at devel-
oping a segmentation strategy that results in a good
downstream translation, rather than conforming to
any single normative notion of what constitutes a
complete sentence.

6 Conclusion

In this work, we have addressed a key challenge in
Chinese-English machine translation : the ambigu-
ity of English-like sentence boundaries in Chinese,
resulting in long Chinese sentence data for machine
translation tasks. Our solution casts the Chinese
sentence segmentation problem into a sequential
decision making problem and then uses Reinforce-
ment Learning to learn an optimal segmentation
policy to maximize the BLEU scores of the even-
tual translation from the independent segment trans-
lations. Our solution does not require any paired
training data for segmentation and is able to learn
an optimal strategy purely from paired machine
translation data. Our model is able to outperform a
baseline translation strategy that segments on only
unambiguous full-stops by 0.3 BLEU at a corpus

level and by 3 BLEU on a sub-corpus comprising
only source sentences longer than 60 words.
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A Data and Model details for
RLSEGMENT

A.1 Dataset
We use the training, validation and test datasets
from the WMT2020 Chinese-English constrained
data provided to shared task participants. All
the examples are aligned paired translations with
sentence-like units provided as part of the dataset.
Pre-processing of text is done in exactly the same
methodology as described in Section 3 of (Yu et al.,
2020). We also use the same sentencepiece
tokenizer described in Section 3 of that work to
convert the text into integer tokens. In total, we
operate on a dataset with 18 million training ex-
amples, 1619 validation examples and 2000 test
examples.

A.2 Translation Model
For all experiments and baselines, we use the
same transformer model to translate any source
input (Vaswani et al., 2017). The model used has
6 encoder layers and 2 decoder layers with 8 en-
coder and decoder attention heads each. The model
uses a feed-forward layer of size 2048 and employs
Multi-Query Attention layers (Shazeer, 2019) for
faster inference. It uses different dropout values for
different components: 0.1 for the attention, 0.05 in
the feed-forward network, and finally 0.3 after the
sub-layer. The other hyperparameters and learning
rate schedules of the model are similar to those
described in Section 4.1 of (Yu et al., 2020).

A.3 RL Models
The policy and value networks share common en-
coding layers, with different feed-forward networks
on top of the shared encoder layer. The shared
encoder consists of 2 stacked self-attention lay-
ers with 8 attention heads each and feed-forwards
of size 512, with 0.1 as the rate for all attention,
feed-forward and sub-layer dropouts. Sequence
lengths for training were restricted to 280 tokens
(maximum sentence length in the validation set is
277). The policy network applies a feed-forward
network of sizes 256-2 on the outputs of the shared
encoder and value network applies a feed-forward
network of sizes 256-1. Adam optimizer with learn-
ing rate=0.0002, b1=0.0 and b2=0.99 was used for
training. For the IMPALA style loss function (Espe-
holt et al., 2018), the weights of policy, baseline and
entropy loss are set as 1.0, 0.5 and 0.0005 respec-
tively. Key hyperparameters such as the weights of

losses, learning rates and model sizes were tuned
(a single trial for each hyperparameter configura-
tion) using BLEU scores on the WMT20 Chinese–
English validation dataset.

Bounds for hyperparameters - Number of at-
tention layers [2,8], Number of attention heads
[2,8], Size of feed-forward network [128, 2048],
Learning rates [0.01, 0.00001], Weights of losses
[0.0001, 1].

Compute and other details - For both inference
and learning, we use 2x2 slices (4 TPUs) of Google
TPU v2 with 2 cores per device (8 cores were split
into 2 cores used for inference and 6 for learning).
512 actors on CPU were run in parallel to generate
transition data for the distributed learner to learn
from. Learning was done on 70 million episodes
with a batch size of 256 per core and the entire ex-
periment had an average run-time of approximately
6 hours.

B Data and Model details for
BASELINES

All baseline models use the same inference model
as described in Appendix A.2. All baselines are
evaluated on the WMT20 Chinese–English test
data as described in Appendix A.1. The baselines
NOSPLIT, ALLSPLIT and ORACLE do not require
any training data and are directly employed during
test time.

B.1 COMMACLASS and HEURISTIC

Dataset - The comma classifier used in these
baselines is trained on Chinese Treebank data pre-
pared in the same format as described in (Xue and
Yang, 2011).

Model - Both these baselines rely on a comma
classifier model. In our experiments, this model
uses a standard Transformer style encoder with a
feed-forward classifier for Chinese comma disam-
biguation. It uses the encoder layers from a pre-
trained transformer (which was trained on WMT20
Chinese–English translation task) since the Chi-
nese Treebank dataset alone is small for training
large models. The encoder of this model has 16
heads, 9 layers and a feed-forward size of 4096.
On top of this encoder, a feed-forward classifier of
size 512-128-2 is used for classification. The pre-
trained encoders are further fine-tuned during clas-
sification. We use Adam Optimizer with a custom
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learning rate schedule similar to (Vaswani et al.,
2017).

Bounds for hyperparameters - Number of at-
tention layers [2,16], Number of attention heads
[2,16], Size of feed-forward network [128, 4096],
Learning rates [0.01, 0.00001].

B.2 ORACLESUP

Dataset - The ORACLESUP baseline uses
WMT2020 Chinese-English data described in Ap-
pendix A.1. From this dataset, supervised labels
were generated by splitting an example into its all
possible splits on punctuations and then choosing
the split set which optimized the BLEU score at an
individual example level.

Model - This model uses the same network as
the policy network described in Appendix A.3, but
with 6 attention layers and 8 attention heads each.
The model uses a learning rate schedule and Adam
optimizer, similar to (Vaswani et al., 2017). The
classes (No split:split - 1:2.2) were assigned differ-
ent weights in the loss function to account for class
imbalance in the data.

Bounds for hyperparameters - Number of at-
tention layers [2,8], Number of attention heads
[2,8], Size of feed-forward network [128, 2048],
Learning rates [0.01, 0.00001], Weight for the split
class [1,5].

C Example Model Outputs

The splits in the source sentence have been high-
lighted.

C.1 RLSEGMENT addresses truncation in
long source sentences.

Source

中国人民银行授权中国外汇交易中心
公布, 2018 年1 月18 日银行间外汇市
场人民币汇率中间价为: 1 美元对人民
币6.4401 元, 1 欧元对人民币7.8482 元,
100日元对人民币5.7854元, 1港元对人
民币0.82399 元, 1 英镑对人民币8.9017
元, 1 澳大利亚元对人民币5.1302 元, 1
新西兰元对人民币4.6779元, 1新加坡元
对人民币4.8546 元, 1 瑞士法郎对人民
币6.6731元, 1加拿大元对人民币5.1747
元,人民币1元对0.61399马来西亚林吉

特,人民币1元对8.8352俄罗斯卢布,人
民币1元对1.9128南非兰特,人民币1元
对165.95韩元,人民币1元对0.57030阿
联酋迪拉姆,人民币1元对0.58233沙特
里亚尔,人民币1元对39.3106匈牙利福
林,人民币1元对0.53093波兰兹罗提,人
民币1元对0.9487丹麦克朗,人民币1元
对1.2501瑞典克朗,人民币1元对1.2240
挪威克朗,

Ground Truth

the People ’s Bank of China has authorized
the China Foreign Exchange Trade System
to release the interbank foreign exchange
market central parity rates of the RMB :
USD 1 to RMB 6.4401 , EUR1 to RMB
7.8482 , JPY 100 to RMB 5.7854 , HKD1
to RMB 0.82399 , GBP 1 to RMB 8.9017
, AUD1 to RMB 5.1302 , NZD1 to RMB
4.6779 , SGD 1 to RMB 4.8546 , CHF1
to RMB 6.6731 , CAD1 to RMB 5.1747
, RMB 1 to MYR 0.61399 , RMB 1 to
RUB8.8352 , RMB 1 to ZAR1.9128 , RMB
1 to KRW 165.95 , RMB 1 to AED0.57030
, RMB 1 to SAR0.58233 , RMB 1 to
HUF39.3106 , RMB 1 to PLN0.53093
, RMB 1 to DKK0.9487 , RMB 1 to
SEK1.2501 , RMB 1 to NOK1.2240 , RMB
1 to TRY0.59303 , RMB 1 to MXN2.9071 .

NOSPLIT Translation

the central parity rate of RMB in the
interbank foreign exchange market was :
US$ 1 to RMB 6.4401 , 1 euro to RMB
7.8482 , 100 yen to RMB 5.7854 , 1 Hong
Kong dollars to RMB 0.82399 , 1 British
pound to RMB 8.9017 , 1 Australian dollar
to RMB 5.1302 , 1 NZ dollar versus RMB
4.6779 ,

RLSEGMENT Translation

the People ’s Bank of China authorized the
China Foreign Exchange Trading Center to
announce that the median exchange rate
of RMB in the interbank foreign exchange
market on January 18 , 2018 was : US$ 1 to
RMB 6.4401 , 1 euro to RMB 7.8482 , 100
yen to RMB 5.7854 , 1 Hong Kong dollar
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to RMB 0.82399 , 1 pound to RMB 8.9017
, 1 Australian dollar to RMB 5.1302 , 1 NZ
dollar versus RMB 4.6779 , 1 Singapore
dollar to RMB 4.8546 and 1 Swiss franc to
RMB 6.6731 , 1 Canadian dollar to RMB
5.1747 , 1 yuan to 0.61399 Malaysian
ringgit , 1 yuan to 8.8352 Russian rubles ,
RMB 1 to 1.9128 South African rand and
RMB 1 to 165.95 won , RMB 1 to 0.57030
UAE dirham , RMB 1 to 0.58233 Saudi
SAR , RMB 1 to 39.3106 forint , RMB 1
to 0.53093 Polish zloty , RMB 1 to DKr
0.9487, RMB 1 to 0.59303 Turkish lire ,
RMB 1 to 2.9071 Mexican pesos.

Source

根据广东省委省政府部署, 广东广电网
络积极实施新数字家庭4K 行动计划,
2017 年12 月发布了全国首个支持IPv6
、全国广电首款支持4路真4K并发的新
数字家庭网关终端产品- - - “ U 点家庭
服务器” ( 搭配AVS2 标准的4K 盒子、
讯飞语音遥控器) , 加快建设以4K 超高
清视频、下一代互联网、有线无线融合
网络应用为标志的新数字家庭示范区,
积极参与广东省4K 电视网络应用示范
区建设。

Ground Truth

according to the deployment of the Guang-
dong Provincial Party Committee and the
provincial government , Guangdong Cable
Network actively implemented the new
digital home 4K action plan . in December
2017 , it released the first new digital
home gateway terminal product in China
that supports IPv6 and the national radio
and television industry supporting the 4 -
way real 4K concurrency . – “ U - Point
Home Server ” ( with AVS2 standard 4K
box , iFlytek voice remote control ) to
accelerate the construction of a new digital
home demonstration area marked by 4K
Ultra HD video , next - generation Internet
, wired and wireless integrated network
applications , and actively participate in the
construction of the 4K TV networks appli-

cation demonstration area in Guangdong
Province .

NOSPLIT Translation

according to the deployment of the provin-
cial government of Guangdong Province ,
Guangdong Radio and Television Network
actively implemented the new digital
family 4K action plan . in December 2017
, it released the first new digital family
gateway terminal product in the country
to support IPv6 and the first national
radio and television support 4zhen 4K
concurrence - “ U - point family server ” (
with AVS2 standard 4K box and message
flying voice remote control ) to accelerate
the construction of

RLSEGMENT Translation

according to the deployment of the provin-
cial government of Guangdong Province
, the Guangdong Radio and Television
Network actively implemented the new
digital family 4K action plan . in December
2017 , it released the first new digital family
gateway terminal product in the country
to support IPv6 and the first national
radio and television to support 4 Zhen 4K
concurrently - “ U - point family server ” (
with AVS2 standard 4K box and message
flying voice remote control ) . it accelerate
the construction of a new digital family
demonstration area marked by 4K ultra -
high - clearing video , next - generation
Internet, wired and wireless fusion network
applications, actively participate in the
construction of 4K TV network application
demonstration zone in Guangdong Province
.

C.2 RLSEGMENT does not split on all
punctuations.

Source

此前, 为防范台风“ 潭美” , 截至28 日11
时统计,福建已撤离268艘渔船,转移渔
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排上老弱妇幼人员2282人。

RLSEGMENT Translation

previously , in order to prevent Typhoon
“ Tanmei ” , as of 11:00 on the 28th ,
Fujian had evacuated 268 fishing boats and
transferred 2,282 elderly , weak women
and children

Source

除上述便民措施外, 卫生局辖下各卫生
中心及卫生站自推出计划后, 已延长
周一至五的流感疫苗接种服务时间至
晚上8 时, 截至9 月30 日下午4 时, 已
为4,158 人接种, 与去年同期的3,714 人
多。

RLSEGMENT Translation

in addition to the above convenience mea-
sures , health centers and health stations
under the Health Bureau have extended the
influenza vaccination service from Monday
to Friday to 8 pm . as of 4 pm on September
30 , 4,158 people had been vaccinated
, up from 3,714 in the same period last year .

C.3 Bad segmentation decisions produced by
RLSEGMENT

Source

虽然海风剧烈,但法国ABM队的舵手皮
埃尔·伊维斯·杜兰德在赛前见面会上诉
说了自己与比赛举办地青岛的温情往事:
5年前的国际极限帆船系列赛自己意外
受伤,肌肉断裂,多亏当地赛事医疗团队
的处理才让自己还能在5年后的今天站
在比赛场地。

Ground Truth

though the sea wind blew violently , the
helmsman of French ABM Team Pierre -
Yves Durand told his warm memories with
Qingdao at the pre - game meeting that he
was accidentally injured in the Extreme

Sailing Series 5 years ago , resulting in the
muscular rupture , and fortunately , the
local race medical team helped him deal
with it so that he could stand here to take
part in the race after 5 years .

RLSEGMENT Translation

despite the intense sea breeze , Pierre Ives
Durand , the helmsman of the French ABM
team , told his warm past with Qingdao ,
the venue of the competition, that he was
injured accidentally in the International
Extreme Sailing Series five years ago .
caused muscle fracture , thanks to the
handling of the local event medical team ,
he can still stand on the venue today five
years later .

Source

“ 喀山” 号、“ 新西伯利亚” 号、“ 克拉
斯诺亚尔斯克”号、“阿尔汉格尔斯克”
号多用途潜艇均为“白蜡树- M ”改进型,
排水量为13800 吨, 下潜深度520 米, 人
员编制64 人, 水下航速31 节, 将携带水
雷、鱼雷和“口径”及“缟玛瑙”巡航导
弹。

Ground Truth

the multipurpose submarines of “ Kazan
” , “ Novosibirsk ” , “ Krasnoyarsk ” and
“ Arkhangelsk ” are all of “ Fraxinus - M
” improved type , with displacement of
13,800 tons , depth of 520 m , staffing of
64 , submerged speed of 31 knots . all the
submarines will carry mines , torpedoes
and “ Kalibr ” and “ Onyx ” cruise missiles .

RLSEGMENT Translation

Kazan , Nova Scotia , Krasnoyarsk and
Arkhangelsk are all improved models of
White wax tree - M , with a displacement of
13,800 tons and a submersible depth of 520
meters . staffing 64 , underwater speed of
31 knots. They will carry mines , torpedoes
and “ caliber ” and “ agate ” cruise missiles .
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Abstract

Transfer learning has become the dominant
paradigm for many natural language process-
ing tasks. In addition to models being pre-
trained on large datasets, they can be further
trained on intermediate (supervised) tasks that
are similar to the target task. For small Nat-
ural Language Inference (NLI) datasets, lan-
guage modelling is typically followed by pre-
training on a large (labelled) NLI dataset be-
fore fine-tuning with each NLI subtask. In
this work, we explore Gradient Boosted De-
cision Trees (GBDTs) as an alternative to
the commonly used Multi-Layer Perceptron
(MLP) classification head. GBDTs have de-
sirable properties such as good performance
on dense, numerical features and are effective
where the ratio of the number of samples w.r.t
the number of features is low. We then intro-
duce FreeGBDT, a method of fitting a GBDT
head on the features computed during fine-
tuning to increase performance without addi-
tional computation by the neural network. We
demonstrate the effectiveness of our method
on several NLI datasets using a strong baseline
model (RoBERTa-large with MNLI pretrain-
ing). The FreeGBDT shows a consistent im-
provement over the MLP classification head.

1 Introduction

Recent breakthroughs in transfer learning ranging
from semi-supervised sequence learning (Dai
and Le, 2015) to ULMFiT (Howard and Ruder,
2018), ELMo (Peters et al., 2018) and BERT
(Devlin et al., 2019) have brought significant
improvements to many natural language processing
(NLP) tasks. Transfer learning involves pretraining
neural networks, often based on the Transformer
(Vaswani et al., 2017), on large amounts of text
in a self-supervised manner in order to learn

∗Work conducted as Research Intern at Huawei Noah’s
Ark Lab.

transferable language features useful for many
NLP tasks. Pretraining is followed by fine-tuning
the model on the target task. Pretrained models
can also be further trained on intermediate labelled
datasets which are similar to the target task before
the final fine-tuning stage (Pruksachatkun et al.,
2020). We refer to this as intermediate supervised
pretraining. In this manner, the network learns
more meaningful internal representations of the
input text that are better aligned with the target
task. In order to fine-tune the pretrained network,
some latent representation of the text (e.g. the
hidden state corresponding to the [CLS] token
of BERT-like models) is used as the input to a
classification head, usually a randomly initialised
Multi-Layer Perceptron (MLP) (Wolf et al., 2019).
The output of the classification head can then
be interpreted as probability distribution over
classes. The input to the classification head is
referred to as features throughout the paper. It is
a high-dimensional vector that serves as a rich,
distributed representation of the input text.

We investigate whether replacing the commonly
used MLP classification head with a GBDT (Fried-
man, 2001) can provide a consistent improvement,
using NLI tasks as our use case. GBDTs are known
for strong performance on dense, numerical fea-
tures (Ke et al., 2019), which includes the hidden
states in a neural network. The number of input fea-
tures p, i.e. the dimension of the hidden state cor-
responding to the [CLS] token is not necessarily
much larger than the number of samples n (it may
even be smaller). GBDTs have proven effective for
tasks where n < p (Kong and Yu, 2018) and can
be more effective compared to logistic regression
if n 6� p (Couronné et al., 2018). Therefore, for a
language model that was trained on an intermediate
supervised task before fine-tuning, we hypothesise
that a GBDT may be able to outperform an MLP
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classification head as the hidden states already en-
code information relevant to the target task at the
start of fine-tuning. The head must learn to exploit
this information exclusively during the fine-tuning
stage in which the training data may consist of only
a few samples. Our contributions are as follows:

• We integrate the GBDT into a near state-of-
the-art (SOTA) language model as an alterna-
tive to an MLP classification head and train
on the features extracted from the model after
fine-tuning. We refer to it as standard GBDT.

• We introduce a method to train a GBDT on
the features computed during fine-tuning, at
no extra computational cost by the neural net-
work, showing a consistent improvement over
the baseline. We refer to it as FreeGBDT.

In the following, we recap different approaches
to integrating tree-based methods with neural net-
works (Section 2). We introduce our FreeGBDT
method in Section 3. We present our experimen-
tal setup in Section 4 and results on standard NLI
benchmarks in Section 5. To conclude, we dis-
cuss improvements and limitations of our method
in Section 6.

We release our code1, implemented with Light-
GBM (Ke et al., 2017) and Huggingface’s Trans-
formers (Wolf et al., 2019), to the NLP community.

2 Related Work

Recent work on transfer learning in NLP has of-
ten been based on pretrained transformers, e.g.
BERT (Devlin et al., 2019), XLNet (Yang et al.,
2019), T5 (Raffel et al., 2020) and RoBERTa (Liu
et al., 2019). These models are pretrained on large
datasets using self-supervised learning, typically a
variation of language modelling such as Masked
Language Modelling (MLM). MLM consists of
masking some tokens as in the Cloze task (Taylor,
1953). The objective of the model is to predict
the masked tokens. Recently, approaches using
alternatives to MLM such as Electra (Clark et al.,
2020) and Marge (Lewis et al., 2020) have also
been proposed. Pretraining transformers on large
datasets aims to acquire the semantic and syntactic
properties of language, which can then be used in
downstream tasks. The models can additionally be
trained in a supervised manner on larger datasets
before being fine-tuned on the target task.

1Code will be available at https://github.com/
huawei-noah/free-gbdt.

Natural Language Inference is one of the most
canonical tasks in Natural Language Understand-
ing (NLU) (Nie et al., 2020; Bowman et al., 2015).
NLI focuses on measuring commonsense reasoning
ability (Davis and Marcus, 2015) and can be seen
as a proxy task that estimates the amount of trans-
ferred knowledge from the self-supervised phase
of training. The task involves providing a premise
(also called context) and a hypothesis that a model
has to classify as:

• Entailment. Given the context, the hypothesis
is correct.

• Contradiction. Given the context, the hypoth-
esis is incorrect.

• Neutral. The context neither confirms nor
disconfirms the hypothesis.

The task can also be formulated as binary clas-
sification between entailment and not entailment
(contradiction or neutral). We focus on NLI as a
challenging and broadly applicable NLP task, with
multiple smaller evaluation datasets being available
as well as the large Multi-Genre Natural Language
Inference corpus (Williams et al., 2018, MNLI),
which is often used for effective intermediate pre-
training (Liu et al., 2019). As such, it provides a
testing ground for the GBDT classification head
with intermediate supervised pretraining.

Tree-based methods Models based on decision
trees have a long history of applications to various
machine learning problems (Breiman et al., 1984).
Ensembling multiple decision trees via bagging
(Breiman, 1996) or boosting (Freund et al., 1999)
further improves their effectiveness and remains
a popular method for modelling dense numerical
data (Feng et al., 2018). Ensemble methods such as
Random Forests (Breiman, 2001) and GBDTs com-
bine predictions from many weak learners, which
can result in a more expressive model compared
to an MLP. There have been several approaches to
combining neural networks with tree-based models,
approximately divided into two groups.

1. Heterogeneous ensembling: The tree-based
model and the neural network are trained in-
dependently, then combined via ensembling
techniques. Ensembling refers to any method
to combine the predictions of multiple models
such as stacking (Wolpert, 1992) or an arith-
metic mean of the base models’ predictions.
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Figure 1: The baseline model architecture. Feature stor-
age is populated during fine-tuning for the FreeGBDT
but after fine-tuning for the standard GBDT method.

2. Direct integration: The tree-based model is
jointly optimised with the neural network.

Heterogeneous ensembling (Li et al., 2019) has
proven effective for many applications such as On-
line Prediction (Ke et al., 2019), Learning-to-Rank
for Personal Search (Lazri and Ameur, 2018) and
Credit Scoring (Xia et al., 2018). It is also suit-
able for multimodal inputs, e.g. text, images and/or
sparse categorical features as some input types are
better exploited by a neural network while others
are amenable to tree-based models (Ke et al., 2019).

Direct integration makes the tree-based model
compatible with back-propagation thus trainable
with the neural network in an end-to-end manner.
Examples include the Tree Ensemble Layer (Haz-
imeh et al., 2020), Deep Neural Decision Forests
(Kontschieder et al., 2015) and Deep Neural De-
cision Trees (Yang et al., 2018). Deep Forests
(Zhou and Feng, 2017) are also related although
they aim to create deep non-differentiable models
instead. Other examples include driving neural net-
work fine-tuning through input perturbation (Bruch
et al., 2020), which focuses specifically on using
a tree ensemble to fine-tune the neural network
representations.

As pretrained transformer-based models have
recently achieved strong performance on various
NLP tasks (Devlin et al., 2019), we see an oppor-
tunity to take advantage of their distributed rep-
resentations by the means of using a tree-based
model as the classification head. Our methods dif-
fer from direct integration in that they are not end-
to-end differentiable. The training procedure is
a sequence, i.e. the transformer-based model is
fine-tuned first, then a GBDT is trained with fea-
tures extracted from the model. We do not interfere

Figure 2: The GBDT classification head.

with the model updates during training. Finally, the
GDBT replaces the MLP classification head. Our
approach is invariant to the method with which the
neural network is fine-tuned as long as there exists
a forward pass in which the features are computed.
Recent methods for neural network fine-tuning in-
clude FreeLB (Zhu et al., 2020) and SMART (Jiang
et al., 2020). FreeLB is an adversarial method,
which perturbs the input during training via gradi-
ent ascent steps to improve robustness. SMART
constrains the model updates during fine-tuning
with smoothness-inducing regularisation in order
to reduce overfitting. These approaches could theo-
retically be combined with both the standard GBDT
and the FreeGBDT.

3 Methodology

We introduce the standard GBDT (Algorithm 1)
and the FreeGBDT (Algorithm 2), our new method
of using features generated during fine-tuning. Fea-
tures refers to the hidden state corresponding to the
[CLS] token of BERT-like pretrained models. We
use these features as training data for the GBDT
and FreeGBDT.

3.1 The standard GBDT classification head

In order to train the standard GBDT, we apply the
feature extraction procedure shown in Algorithm 1.
Using the fine-tuned neural network, we perform
one additional forward pass over each sample in
the training data. We store the features as training
data for the GBDT, denoted ’feature storage’ in
Figures 1 and 2. The GBDT can be then used as a
substitute for the MLP classification head.
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Algorithm 1 Standard GBDT training procedure.
Features are extracted after fine-tuning.

Require: training data X , pretrained network
fp parametrised by θp, classification head fh
parametrised by θh.
for epoch = 1..Nepochs do

for minibatch (Xb, yb) ⊂ X do
cls← fp(Xb, θp)
ypred ← fh(cls, θh)
loss← LossFn(ypred, yb)
update θh and θp via backpropagation of
loss

end for
end for

features← empty list
labels← empty list

for minibatch (Xb, yb) ⊂ X do
cls← fp(Xb, θp)
extend features with cls
extend labels with yb

end for

gbdt← traingbdt(features, labels)

3.2 The FreeGBDT classification head

Instead of extracting features once after fine-tuning,
the training data for the proposed FreeGBDT is ob-
tained during fine-tuning. The features computed
in every forward pass of the neural network are
stored as training data, shown in Algorithm 2. As
no additional computation by the neural network
is required, this new classification head is called
FreeGBDT. Accumulating features in this manner
allows the FreeGBDT to be trained on N × E
samples while the standard GBDT is trained on N
samples where N is the size of the dataset and E
is the number of fine-tuning epochs.

Corpus Train Dev Test Classes
ANLI 162k 3.2k 3.2k 3
CNLI 6.6k 800 1.6k 3
RTE 2.5k 278 3k 2
CB 250 57 250 3
QNLI 104k 5.4k 5.4k 2

Table 1: NLI evaluation datasets. The tasks with 3
classes contain labels: entailment, neutral and contra-
diction, tasks with 2: entailment and not entailment.

Algorithm 2 FreeGBDT training procedure. Fea-
tures are accumulated throughout fine-tuning.

Require: training data X , pretrained network
fp parametrised by θp, classification head fh
parametrised by θh.
features← empty list
labels← empty list

for epoch = 1..Nepochs do
for minibatch (Xb, yb) ⊂ X do
cls← fp(Xb, θp)
extend features with cls
extend labels with yb
ypred ← fh(cls, θh)
loss← LossFn(ypred, yb)
update θh and θp via backpropagation of
loss

end for
end for

gbdt← traingbdt(features, labels)

4 Experimental Setup

We now describe the featured models, details of
training procedures and evaluation datasets.

4.1 Datasets
We evaluate our methods on the following NLI

datasets, summarised in Table 1.

• Adversarial NLI (ANLI) (Nie et al., 2020).
This corpus consists of three rounds of data
collection. In each round, annotators try to
break a model trained on data from previous
rounds. We use the concatenation of R1, R2
and R3.

• Counterfactual NLI (CNLI) (Kaushik et al.,
2020). The CNLI corpus consists of
counterfactually-revised samples of SNLI
(Bowman et al., 2015). We use the full dataset
i.e. samples with the revised premise and with
the revised hypothesis.

• Recognising Textual Entailment (RTE) (Wang
et al., 2019b). We use the data and format
as used in the GLUE benchmark: a concate-
nation of RTE1 (Dagan et al., 2006), RTE2
(Bar Haim et al., 2006), RTE3 (Giampiccolo
et al., 2007) and RTE5 (Bentivogli et al.,
2009), recast as a binary classification task
between entailment and not entailment.
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Method CB RTE CNLI ANLI QNLI
MLP head 93.57 (2.2) 89.51 (0.8) 82.49 (0.8) 57.56 (0.5) 94.32 (0.1)
standard GBDT 94.11 (1.7) 89.33 (0.8) 80.84 (0.9) 57.22 (0.5) 94.29 (0.1)
FreeGBDT 94.20 (1.7) 89.69 (0.8) 82.53 (0.7) 57.63 (0.5) 94.30 (0.1)

Table 2: Mean Accuracy (Standard Deviation) on the development sets from 20 runs with different random seeds.
A Wilcoxon signed-rank test conducted across all five datasets confirms significance with p ≈ 0.01 c.f. Section 5.

• CommitmentBank (CB) (de Marneffe et al.,
2019). We use the subset of the data as used
in SuperGLUE (Wang et al., 2019a).

• Question-answering NLI (QNLI) (Demszky
et al., 2018). This is a converted version of
the Stanford Q&A Dataset (Rajpurkar et al.,
2016), aiming to determine whether a given
context contains the answer to a question.

4.2 Model and Training

We start all experiments from the RoBERTa-large
model (Liu et al., 2019) with intermediate
pretraining on the Multi-Genre Natural Language
Inference (MNLI) corpus (Williams et al., 2018).
The MNLI checkpoint is provided by the fairseq2

library (Ott et al., 2019). Note that no task-specific
tuning of hyperparameters was performed. Instead,
we use one learning rate cycle (Smith, 2017) with
a maximum learning rate of 1× 10−5 for each task
to fine-tune RoBERTa for 10 epochs with a batch
size of 32. We use the Adam optimiser (Kingma
and Ba, 2015) to optimise the network. In order to
compare the FreeGBDTs with standard GBDTs,
we apply Algorithm 1 and Algorithm 2 during the
same fine-tuning session to eliminate randomness
from different model initialisations.

We use LightGBM3 to train the GBDT. We do
not manually shuffle the data before training. The
individual trees of a GBDT are learned in a se-
quence where each tree is fit on the residuals of
the previous trees. One important parameter of the
GBDT is thus the number of trees to fit. This is
commonly referred to as boosting rounds.

We observe that the optimal number of boost-
ing rounds varies significantly across tasks, with a
tendency towards more boosting rounds for larger
datasets. Thus, we select the number of boost-
ing rounds from the set {1, 10, 20, 30, 40} for each
task. This is the only task-specific hyperparameter

2https://github.com/pytorch/fairseq
3https://lightgbm.readthedocs.io

Parameter CB RTE CNLI ANLI QNLI
learning rate 0.1 0.1 0.1 0.1 0.1
max. leaves 256 256 256 256 256
boosting rounds 10 10 10 40 30

Table 3: Hyperparameters of the standard GBDT and
the FreeGBDT. All other hyperparameters are set to the
default value as per LightGBM version 2.3.1.

in our experiments. The hyperparameters are iden-
tical for the standard GBDT and the FreeGBDT,
shown in Table 3, the model shown in Figure 2.
The time it takes to train the standard GBDT and
the FreeGBDT is negligible compared to the time
it takes to fine-tune the RoBERTa model.

4.3 Evaluation
Development set We evaluate our methods using
accuracy. Each experiment is repeated 20 times
with different random seeds. We report the mean
and standard deviation.

Test set For each task, we train the GBDT with
the following boosting rounds: {1, 10, 20, 30, 40}.
We select the GBDT with the best score on the
development set. Test scores are obtained with a
submission to the SuperGLUE benchmark4 for CB
and the GLUE benchmark5 for RTE and QNLI. We
calculate the test scores on ANLI and CNLI our-
selves as the test labels are publicly available. We
report accuracy on the test set for each task except
for CB, where we report the mean of F1 Score and
Accuracy, same as the SuperGLUE leaderboard.

5 Results and Analysis

We summarise the results on the development
sets in Table 2. The FreeGBDT is compared with
a standard GBDT and the MLP classification
head. The standard GBDT achieves a higher
score than the MLP head on 1 out of 5 tasks. The
FreeGBDT outperforms the standard GBDT on
5 out of 5 tasks and the MLP head on 4 out of 5

4https://super.gluebenchmark.com/
5https://gluebenchmark.com/
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Figure 3: Accuracy on RTE and CNLI development sets. Training is paused after each epoch to compare the
GBDT, FreeGBDT and MLP heads. We plot the mean from 20 runs (same hyperparameters but different seeds).

tasks. As recommended for statistical comparison
of classifiers across multiple datasets (Demšar,
2006) we conduct a Wilcoxon signed-rank test
(Wilcoxon, 1992) with the accuracy differences
between the FreeGBDT and the MLP across the
20 seeds and 5 datasets. The test confirms that
the improvement from our FreeGBDT method is
significant with p ≈ 0.01.

Method CB RTE CNLI ANLI QNLI
MLP head 92.9 87.5 83.6 57.4 94.3
GBDT 91.3 87.5 82.1 57.2 94.3
FreeGBDT 93.3 87.8 83.7 57.6 94.3

Table 4: Results on the test sets.

Results on the test sets are shown in Table 4.
The FreeGBDT achieves a small but consistent
improvement over the MLP head on each task
except QNLI. This task is not a conventional NLI
task but a question-answering task converted to an
NLI format (Demszky et al., 2018). It has been
shown that QNLI does not benefit from MNLI
pretraining (Liu et al., 2019) hence this result is
not unexpected. Out of the four datasets which do
benefit from MNLI pretraining, the FreeGBDT
improves over the MLP head on each one with
an average score difference of +0.23%. As our
experiments start from a competitive baseline,
RoBERTa-large with MNLI pretraining, we con-
sider the results important because (a) to the best of
our knowledge, this is the first tree-based method
that achieves near state-of-the-art performance

on benchmark NLI tasks and (b) our method is
’free’ as it requires no additional computations by
the model. We were able to demonstrate that a
FreeGBDT head can be successfully integrated
with modern transformers and is a good alterna-
tive to the commonly used MLP classification head.

For the Adversarial NLI (ANLI) dataset, we re-
port results which are competitive with the state-of-
the-art shown in Table 5, surpassing both SMART
(Jiang et al., 2020) and ALUM (Liu et al., 2020).
The RoBERTa-large model pretrained with SNLI,
MNLI, FEVER (Thorne et al., 2018) and ANLI
reported 53.7% accuracy on the ANLI test set (Nie
et al., 2020). The state-of-the-art result of 58.3%
accuracy on the ANLI dataset was achieved by
InfoBERT (Wang et al., 2021). The FreeGBDT
achieves a new state-of-the-art on the A2 subset of
ANLI with 52.7%. Interestingly, it does not yield
an improvement on the easier A1 subset but com-
pares favourably to other recent approaches on the
more difficult A2 and A3 subsets of ANLI.

To better understand how performance of the
GBDTs evolves during fine-tuning, we carry out
an additional experiment. We pause training after
each epoch to extract features and train a standard
GBDT. We compare it with the MLP classification
head and a FreeGBDT trained on the features
accumulated up to the current epoch. The result
on the RTE and CNLI datasets is shown in Figure
3. Notably, the FreeGBDT does not improve on
the standard GBDT after the first epoch where the
number of instances the GBDT is trained on is
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Method A1 A2 A3 All
RoBERTa-large-mnli (ours) 72.0 52.5 49.4 57.4
RoBERTa-large-mnli + GBDT (ours) 72.1 52.2 49.0 57.2
SMART (Jiang et al., 2020) 72.4 49.8 50.3 57.1
ALUM (Liu et al., 2020) 72.3 52.1 48.4 57.0
InfoBERT (Wang et al., 2021) 75.0 50.5 49.8 58.3
RoBERTa-large-mnli + FreeGBDT (ours) 71.9 52.7 49.7 57.6

Table 5: Accuracy across different rounds of the ANLI test set. All denotes a sample-weighted average. Our
FreeGBDT achieves SOTA on the A2 subset. InfoBERT (Wang et al., 2021) is the SOTA on the full test set.

equal to the size of the training dataset for both. As
the FreeGBDT starts accumulating more training
data, however, it consistently outperforms the
standard GBDT and eventually, the MLP head.

The state-of-the-art in NLI provides some con-
text for our method of combining tree-based mod-
els with modern neural networks. RoBERTa (large
with MNLI pretraining) reports 89.5% accuracy on
the development set of RTE (Liu et al., 2019) and
94.7% accuracy on the development set of QNLI.
The same model obtains an F1 Score / Accuracy
of 90.5/95.2 on the CB test set and an accuracy of
88.2% on the RTE test set. Note that ensembles of
5 to 7 models (Liu et al., 2019) were used while our
test figures achieve similar scores of 91.3/95.2 for
CB and 87.8% for RTE with a single model. These
are not direct comparisons, however, the figures
demonstrate that FreeGBDT can operate at SOTA
levels while matching and exceeding the ’default’
MLP head classifier accuracy. Across all datasets,
the FreeGBDT improves by an average of 0.2% and
0.5% over the MLP head and the standard GBDT
head, respectively.

6 Discussion

The FreeGBDT improves over the MLP head on
each task where intermediate supervised pretrain-
ing on MNLI is effective. The improvement is
significant but not large. This is expected since the
input features of the classification head are already
a highly abstract representation of the input.
Thus, there is limited potential for improvement.
However, our results show that a tree-based
method is a viable alternative to the commonly
used MLP head and can improve over a baseline
chosen to be as competitive as possible. Notably,
the FreeGBDT improves the MLP baseline on the
CB dataset by > 0.6% solely by switching to our
tree-based classification head.

Furthermore, the FreeGBDT outperforms a
standard GBDT by a large margin in some cases.
For instance, we observe a +1.5% improvement
on the CNLI dataset. Figure 3 shows the gap
forming towards the end of training. We think
this may be due to overfitting to the training data.
Recall that the standard GBDT is trained only
on features extracted after fine-tuning. At this
point, the features may exhibit a higher degree of
memorisation of the training data. The FreeGBDT
is able to mitigate this problem as it was trained
with features collected throughout training. Let
f(x, θt) denote a mapping from the input text x
to the output space parameterised by θt where
t ∈ {0..T} and T is the total amount of steps
the model is fine-tuned for. Then, the standard
GBDT is trained on features from f(x, θT ), while
the FreeGBDT is trained on features from every
t in {0..T}. As such, it may help to think of the
FreeGBDT as a type of regularisation through
data augmentation (from the FreeGBDT’s point of
view), having trained on several perturbed views
of each training instance.

Figure 4 helps illustrate the regularisation effect
by showing the differences between the FreeGBDT
and standard GBDT training data beyond just size.
The figure shows the temporal changes in a typ-
ical feature collected during fine-tuning and the
same feature extracted after fine-tuning. We can
see that the distribution gradually changes from ear-
lier epochs but remains similar to the distribution
of the feature at the end of fine-tuning. FreeGBDT
is able to exploit the information at the start of
fine-tuning as the features at t = 0 already encode
information highly relevant to the target task hence
all training data is useful. The FreeGBDT head
compares favourably to an MLP head, which is
randomly initialized at the start of the fine-tuning
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Figure 4: Values of a typical dimension from the 1,024 dimensional vector stored during fine-tuning to train a
FreeGBDT (left). The same dimension extracted after fine-tuning to train a standard GBDT (right).

stage and must thus learn to exploit the latent in-
formation from a potentially small amount of train-
ing examples. Therefore, we believe intermediate
supervised pretraining is essential for the effec-
tiveness of the FreeGBDT, supported by the results
from preliminary experiments on the BoolQ dataset
(Clark et al., 2019) and QNLI, which does not ben-
efit from pretraining on MNLI (Liu et al., 2019)
where FreeGBDT matches the accuracy of the MLP
head but does not exceed it. Our experiments also
suggest that the potential for improvement from
FreeGBDT depends on the size of the training
dataset. The gap between FreeGBDT and the MLP
head in Table 4 is larger for the smaller datasets
CB and RTE and smaller for the larger datasets
(ANLI, CNLI, QNLI). This is consistent with prior
work showing that GBDTs are especially effective
compared to other methods if n 6� p (Couronné
et al., 2018) and hints that the FreeGBDT method
might be especially useful for smaller datasets.

7 Future Work

One possible avenue for future work is exploring
different features to train the GBDT, e.g. the hidden
states from different layers of the pretrained model.
This includes new combinations of top layer repre-
sentations of the Transformer to generate richer in-
put features for the classification head. This could
lead to potential improvement by leveraging a less
abstract representation of the input. Given that

our method operates on distributed representations
from a pretrained encoder, applications in other
domains such as Computer Vision may be possi-
ble, e.g. using features extracted from a ResNet
(He et al., 2016) encoder. Furthermore, a GBDT
might not be the best choice for each task hence the
use of Random Forests (Breiman, 2001) or Support
Vector Machines (Cortes and Vapnik, 1995) may
also be evaluated to investigate the effectiveness
of combining Transformer neural networks with
traditional supervised learning methods.

8 Conclusion

State-of-the-art transfer learning methods in NLP
are typically based on pretrained transformers and
commonly use an MLP classification head to fine-
tune the model on the target task. We have explored
GBDTs as an alternative classification head due
to their strong performance on dense, numerical
data and their effectiveness when the ratio of the
number of samples w.r.t the number of features is
low. We have shown that tree-based models can be
successfully integrated with transformer-based neu-
ral networks and that the free training data gener-
ated during fine-tuning can be leveraged to improve
model performance with our proposed FreeGBDT
classification head. Obtaining consistent improve-
ments over the MLP head on several NLI tasks
confirms that tree-based learners are relevant to
state-of-the-art NLP.
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Abstract

Despite recent advances, standard sequence
labeling systems often fail when processing
noisy user-generated text or consuming the
output of an Optical Character Recognition
(OCR) process. In this paper, we improve the
noise-aware training method by proposing an
empirical error generation approach that em-
ploys a sequence-to-sequence model trained
to perform translation from error-free to erro-
neous text. Using an OCR engine, we gener-
ated a large parallel text corpus for training and
produced several real-world noisy sequence la-
beling benchmarks for evaluation. Moreover,
to overcome the data sparsity problem that ex-
acerbates in the case of imperfect textual in-
put, we learned noisy language model-based
embeddings. Our approach outperformed the
baseline noise generation and error correction
techniques on the erroneous sequence labeling
data sets. To facilitate future research on ro-
bustness, we make our code, embeddings, and
data conversion scripts publicly available.

1 Introduction

Deep learning models have already surpassed
human-level performance in many Natural Lan-
guage Processing (NLP) tasks1. Sequence labeling
systems have also reached extremely high accu-
racy (Akbik et al., 2019; Heinzerling and Strube,
2019). Still, NLP models often fail in scenarios,
where non-standard text is given as input (Heigold
et al., 2018; Belinkov and Bisk, 2018).

NLP algorithms are predominantly trained on
error-free textual data but are also employed to pro-
cess user-generated text (Baldwin et al., 2013; Der-
czynski et al., 2013) or consume the output of prior
Optical Character Recognition (OCR) or Auto-
matic Speech Recognition (ASR) processes (Miller
et al., 2000). Errors that occur in any upstream

1GLUE benchmark (Wang et al., 2018a): https://
gluebenchmark.com/leaderboard

Training
Loss

Sailing is a passion. Sailing 1s o passion.Seq2Seq Model

Figure 1: Our modification of the NAT approach (green
boxes). We propose a learnable seq2seq-based error
generator and re-train FLAIR embeddings using noisy
text to improve the accuracy of noisy neural sequence
labeling. Γ is a process that induces noise to the input
x producing erroneous x̃. E(x) is an embedding matrix.
F(x) is a sequence labeling model. e(x) and e(x̃) are
the embeddings of x and x̃, respectively. y(x) and y(x̃)
are the outputs of the model for x and x̃, respectively.

component of an NLP system deteriorate the accu-
racy of the target downstream task (Alex and Burns,
2014).

In this paper, we focus on the problem of per-
forming sequence labeling on the text produced
by an OCR engine. Moreover, we study the trans-
ferability of the methods learned to model OCR
noise to the distribution of the human-generated
errors. Both misrecognized and mistyped text pose
a challenge for the standard models trained using
error-free data (Namysl et al., 2020).

We make the following contributions (Figure 1):

• We propose a noise generation method for
OCR that employs a sequence-to-sequence
(seq2seq) model trained to translate from
error-free to erroneous text (§4.1). Our ap-
proach improves the accuracy of noisy neu-
ral sequence labeling compared to prior work
(§6.1).

• We present an unsupervised parallel training
data generation method that utilizes an OCR
engine (§4.2). Similarly, realistic noisy ver-
sions of popular sequence labeling data sets
can be synthesized for evaluation (§5.5).
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• We exploit erroneous text to perform Noisy
Language Modeling (NLM; §4.5). Our NLM
embeddings further improve the accuracy of
noisy neural sequence labeling (§6.3), also in
the case of the human-generated errors (§6.4).

• To facilitate future research on robustness, we
integrate our methods into the Noise-Aware
Training (NAT) framework (Namysl et al.,
2020) and make our code, embeddings, and
data conversion scripts publicly available.2

2 Related Work

Errors of OCR, ASR, and other text generators
always pose a challenge to the downstream NLP
systems (Lopresti, 2009; Packer et al., 2010; Ruiz
et al., 2017). Hence, methods for improving robust-
ness are becoming increasingly popular.

Data Augmentation A widely adopted method
of providing robustness to non-standard input is to
augment the training data with examples perturbed
using a model that mimics the error distribution to
be encountered at test time (Cubuk et al., 2019).

Apparently, the exact modeling of noise might be
impractical or even impossible—thus, methods that
employ randomized error patterns for training re-
cently gained increasing popularity (Heigold et al.,
2018; Lakshmi Narayan et al., 2019). Although
trained using synthetic errors, these methods are
often able to achieve moderate improvements on
data from natural sources of noise (Belinkov and
Bisk, 2018; Karpukhin et al., 2019).

Spelling- and OCR Post-correction The most
widely used method of handling noisy text is to
apply error correction on the input produced by hu-
man writers (spelling correction) or the output of an
upstream OCR component (OCR post-correction).

A popular approach applies monotone seq2seq
modeling for the correction task (Schnober et al.,
2016). For instance, Hämäläinen and Hengchen
(2019) proposed Natas—an OCR post-correction
method that uses character-level Neural Machine
Translation (NMT). They extracted parallel training
data using embeddings learned from the erroneous
text and used it as input to their translation model.

Grammatical Error Correction Grammatical
Error Correction (GEC; Ng et al., 2013, 2014;
Bryant et al., 2019) aims to automatically correct
ungrammatical text. GEC can be approached as a

2https://github.com/mnamysl/nat-acl2021

translation from an ungrammatical to a grammati-
cal language, which enabled NMT seq2seq models
to be applied to this task (Yuan and Briscoe, 2016).
Due to the limited size of human-annotated GEC
corpora, NMT models could not be trained effec-
tively (Lichtarge et al., 2019), though.

Several studies investigated generating realistic
erroneous sentences from grammatically correct
text to boost training data (Kasewa et al., 2018;
Grundkiewicz et al., 2019; Choe et al., 2019; Qiu
and Park, 2019). Inspired by back-translation (Sen-
nrich et al., 2016; Edunov et al., 2018), Artificial Er-
ror Generation (AEG) approaches (Rei et al., 2017;
Xie et al., 2018) train an intermediate model in
reverse order—to translate correct sentences to er-
roneous ones. Following AEG, we generate a large
corpus of clean and noisy sentences and train a
seq2seq model to produce rich and diverse errors re-
sembling the natural noise distribution (§3.3, 4.2).

Noise-Invariant Latent Representations Ro-
bustness can also be improved by encouraging the
models to learn a similar latent representation for
both the error-free and the erroneous input.

Zheng et al. (2016) introduced stability train-
ing—a general method used to stabilize predic-
tions against small input perturbations. Piktus
et al. (2019) proposed Misspelling Oblivious Em-
beddings that embed the misspelled words close to
their error-free counterparts. Jones et al. (2020)
developed robust encodings that balance stabil-
ity (consistent predictions across various perturba-
tions) and fidelity (accuracy on unperturbed input)
by mapping sentences to a smaller discrete space
of encodings. Although their model improved ro-
bustness against small perturbations, it decreased
accuracy on the error-free input.

Recently, Namysl et al. (2020) proposed the
Noise-Aware Training method that employs sta-
bility training and data augmentation objectives.
They exploited both the error-free and the noisy
samples for training and used a confusion matrix-
based error model to imitate the errors. In contrast
to their approach, we employ a more realistic em-
pirical error distribution during training (§3.3) and
observe improved accuracy at test time (§6.1).

3 Problem Definition

3.1 Noisy Neural Sequence Labeling

Namysl et al. (2020) pointed out that the standard
NLP systems are generally trained using error-free
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textual input, which causes a discrepancy between
the training and the test conditions. These sys-
tems are thus more susceptible to non-standard,
corrupted, or adversarial input.

To model this phenomenon, they formulated
the noisy neural sequence labeling problem, as-
suming that every input sentence might be sub-
jected to some unknown token-level noising pro-
cess Γ=P (x̃i |xi), where xi is the original i-th to-
ken, and x̃i is its distorted equivalent. As a solution,
they proposed the NAT framework, which trains
the sequence labeling model using auxiliary objec-
tives that exploit both the original sentences and
their copies corrupted using a noising process that
imitates the naturally occurring errors (Figure 1).

3.2 Confusion Matrix-Based Error Model
Namysl et al. (2020) used a confusion matrix-based
method to model insertions, deletions, and substi-
tutions of characters. Given a corpus of paired
noisy and manually corrected sentences P , they
estimated the natural error distribution by calculat-
ing the alignments between the pairs (x̃, x) ∈ P
of noisy and clean sentences using the Levenshtein
distance metric (Levenshtein, 1966).

Moreover, as P is usually laborious to obtain,
they proposed a vanilla error model, which as-
sumes that all types of edit operations are equally
likely:
∑

c̃∈Σ\{ε}
Pins(c̃|ε) = Pdel(ε|c) =

∑

c̃∈Σ\{c, ε}
Psubst(c̃|c),

where c and c̃ are the original and the perturbed
characters, respectively, Σ is an alphabet, and ε is
a symbol introduced to model insertion and dele-
tions.

3.3 Realistic Empirical Error Modeling
Namysl et al. (2020) compared the NAT models
that used the vanilla- and the empirically-estimated
confusion matrix-based error model and observed
no advantages of exploiting the test-time error dis-
tribution during training. Would we make the same
observation given a more realistic error model?

Even though the methods that used randomized
error patterns were often successful, we argue that
leveraging the empirical noise distribution for train-
ing would be beneficial, providing additional ac-
curacy improvements. The data produced by the
naı̈ve noise generation methods may not resemble
naturally occurring errors, which could lead the
downstream models to learn misleading patterns.
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Figure 2: Distributions of the token error rates of sen-
tences produced by the proposed and the baseline error
models. For comparison, we plot the distribution of
error rates in the text that contains naturally occurring
errors. Each value n is the percentage of sentences with
a token error rate in [n− 10, n).

In Figure 2, we compare the distributions of er-
ror rates of sentences produced by the proposed
and the prior noise models with the distribution of
errors in the digitized text. We can observe that
the distribution of naturally occurring errors fol-
lows Zipf’s law, while the baseline noise models
produce Bell-shaped curves. Interestingly, both the
vanilla and the empirical models exhibit similar
characteristics, which could explain the observa-
tions from the prior work. In practice, the error rate
is not uniform throughout the text. Some passages
are recognized perfectly, while others can barely
be deciphered. Our objective is thus to develop a
noise model that produces a smoother distribution,
imitating the errors encountered at test time more
precisely (cf. This work in Figure 2).

Moreover, although the exact noise distribution
in the test data cannot always be known beforehand,
the noising process, e.g., an OCR engine, used
to provide the input, can often be identified. We
would thus take advantage of such prior knowledge
to improve the efficiency of the downstream task.

3.4 Data Sparsity of Natural Language

Embeddings pre-trained on a large corpus of mono-
lingual text are ubiquitous in NLP (Mikolov et al.,
2013; Peters et al., 2018; Devlin et al., 2019). They
capture syntactic and semantic textual features that
can be exploited to solve higher-level NLP tasks.

Embeddings are generally trained using corpora
that contain error-free text. Due to the data spar-
sity problem that arises from the large vocabulary
sizes and the exponential number of feasible con-
texts, the majority of possible word sequences do
not appear in the input data. Even though increas-
ing the size of the training corpora was shown to
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improve the performance of language processing
tasks (Brown et al., 2020), most of the misrecog-
nized or mistyped tokens would still be unobserved
and therefore poorly modeled when using the error-
free text only. Would it be beneficial to pre-train
the embeddings on data that includes realistic er-
roneous sentences?

3.5 The Flaws of Error Correction

Furthermore, we believe that the correction meth-
ods, although widely adopted, can only reliably
manage moderately perturbed text (Flor et al.,
2019). OCR post-correction has been reported to
be challenging in the case of historical books that
exhibit high OCR error rates (Rigaud et al., 2019).

We note that correction methods have no infor-
mation about the downstream task to be performed.
Moreover, in the automatic correction setting, they
only provide the best guess for each token. Com-
paring their performance with the NAT approach
in the context of sequence labeling would be infor-
mative.

4 Empirical Error Modeling

Figure 1 presents our modifications of the NAT
framework. Firstly, we propose to replace the con-
fusion matrix-based noising process (§3.2) with a
noise induction method that generates a more re-
alistic error distribution (§4.1-4.4). Secondly, to
overcome the data sparsity problem (§3.4), we train
language model-based embeddings using digitized
text and use them as a substitution of the pre-trained
model used in prior work (§4.5).

4.1 Sequence-to-Sequence Error Generator

Motivated by the AEG approaches (Rei et al., 2017;
Xie et al., 2018), we propose a learnable error
generation method that employs a character-level
seq2seq model to perform monotone string transla-
tion (Schnober et al., 2016). It directly models the
conditional probability p(x̃|x) of mapping error-
free text x into erroneous text x̃ using an attention-
based encoder-decoder framework (Bahdanau et al.,
2015). The encoder computes the representation
h={h1, . . . , hn} of x, where n is the length of x.
The decoder generates x̃ one token at a time:

p(x̃|x) =
∏n

i=1
p(x̃i |x̃<i, x, c),

where c=fattn({h1, . . . , hn}) is a vector gener-
ated from h, and fattn is an attention function.

Our models are trained to maximize the likeli-
hood of the training data. At inference time, we
randomly sample the subsequent tokens from the
learned conditional language model.

Error-Free
Sentence

Erroneous
Sentence

Sequence-to-
Sequence
Model

Figure 3: Schematic visualization of the error gener-
ation (blue arrows) and the error correction (green ar-
rows) methods. The parallel data can be utilized to train
seq2seq models for both tasks.

Note that our approach reverses the standard
seq2seq error correction pipeline, which uses the
erroneous text as input and trains the model to pro-
duce the corresponding error-free string (Figure 3).
By interchanging the input and the output data, we
can also readily train sentence correction models.
One difference is that at inference time we would
prefer to perform beam search and select the best
decoding result rather than sampling subsequent
characters from the learned distribution.

4.2 Unsupervised Parallel Data Generation
To train our error generation model (§4.1), we need
a large parallel corpus P of error-free and erro-
neous sentences. AEG approaches use seed GEC
corpora to learn the inverse models directly. Unfor-
tunately, we are not aware of any comparably large
resources for digitized text that could be used for
this task.

To address this issue, we propose an unsuper-
vised sentence-level parallel data generation ap-
proach for OCR (Figure 4). First, we collect a large
seed corpus T that contains the error-free text. We
then render each sentence and subsequently run
text recognition on the rendered images using an
OCR engine. Moreover, to increase the variation
in training data, we sample different fonts for ren-
dering. Furthermore, to simulate the distortions
and degradation of the printed material, we induce
pixel-level noise to the images before recognition.

Note that our approach is universal and could be
used to generate parallel data sets for other tasks,
e.g., an ASR system could be trained on samples
from a Text-to-Speech engine (Wang et al., 2018b).

4.3 Sentence- and Word-Level Modeling
We note that the sequence labeling problem is for-
mulated at the word-level, i.e., each word has a
class label assigned to it. To employ our method in
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Text
Renderer OCR

Rendered Text
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Noisy and Clean
Sentence Pairs

Error-free
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Figure 4: Our parallel data generation method for OCR.
We render sentences extracted from a text corpus. Sub-
sequently, an OCR engine recognizes the text depicted
in the rendered images. Finally, the pairs of original
and recognized sentences are gathered together to form
a parallel corpus used to train translation models.

this scenario, we develop (i) a sentence-level and
(ii) a token-level variant of our error generator.

Our sentence-level error generator uses a
seq2seq model trained to translate from error-free
to erroneous sentences. It can potentially utilize
contextual information from surrounding words,
which may improve the quality of the results. Dur-
ing the training of a NAT model, a learned seq2seq
model translates the original input x to generate
x̃. Subsequently, we use an alignment algorithm
(§4.4) to transfer the word-level annotations from
x to x̃.

Our token-level error generator uses a seq2seq
model trained to translate from error-free to erro-
neous words. It relies exclusively on the input and
the output words. We use the alignment algorithm
to build a training set for this task, i.e., extract
word-level parallel data from the corpus of paral-
lel sentences (§4.2). During the training of a NAT
model, a learned generator translates each word xi
from x to produce the erroneous sentence x̃.

4.4 Word-Level Sentence Alignment
Figure 5 illustrates the alignment procedure, which
we developed to extract word-level parallel train-
ing data for our token-level generator and to trans-
fer the labels to the erroneous sentences for the
sentence-level generator in the sequence labeling
scenario.

To this end, we align each pair of error-free and
noisy sentences at the word-level using the Leven-
shtein Distance algorithm. Our alignment proce-
dure produces pairs of aligned words. The annota-
tions for words are transferred accordingly.

4.5 Noisy Language Modeling
Recently, Xie et al. (2017) drew a connection be-
tween input noising in neural network language
models and smoothing in n-gram models. We be-
lieve that data noising could be an effective tech-

¬ G o g l e i s a n i c e s e a r c h e n g i n e .o

. G o g i e 1 s a m i c e s e a r c h e n g i n e ¦o

i - - - s - -s - s - - - - - - - - - - - - - d-

('Google', '.Googie', PROPN), ('is', '1s', AUX), ('a', 'a', DET), ('nice', 'mice',
ADJ), ('search', 'search', NOUN), ('engine', 'engine', NOUN), ('.', '', PUNCT)

- -

AUXPROPN DET ADJ NOUNNOUN PUNCT

Figure 5: Our sentence alignment procedure. We align
the original and the recognized sentences (x and x̃, re-
spectively) using the sequence of edit operations a, which
include insertions ”i”, deletions ”d”, and substitutions
”s” of characters. We use ”¬” and ”¦” as placeholders
for the insertion and the deletion operation, respectively.
Matched characters are marked with ”-”. The alignment
procedure produces a list of paired error-free and possi-
bly erroneous words with class labels (optional).

nique for regularizing neural language models that
could help to overcome the data sparsity problem of
imperfect natural language text and enable learning
meaningful representation of erroneous tokens.

To this end, we propose to include the data from
noisy sources in the corpora used to train LM-based
embeddings. Specifically, in this work, we learn
a noisy language model using the output of an
OCR engine (§4.2) that captures the characteristics
of OCR errors. Any other noisy source could be
readily used to model related domains, e.g., ASR-
transcripts or ungrammatical text.

5 Experimental Setup

5.1 Sequence-to-Sequence Error Generator

To learn our error generators (§4.1), we utilize the
OpenNMT3 toolkit (Klein et al., 2017).4 We en-
code the input sentence at the character-level before
feeding it to the seq2seq model. Subsequently, the
output produced by the seq2seq model is decoded
back to the original form (Figure 6).

Sailing is a passion. S a i l i n g ¬ i s ¬ a ¬ p a s s i o n .

S a i l i n g ¬ 1 s ¬ o ¬ p a s s i o n .Sailing 1s o passion.

Seq2Seq Model
Encoding

Decoding

Figure 6: Sentence encoding-decoding schema. The
whitespace characters are first replaced with a place-
holder symbol ”¬”. The sentences are tokenized at
the character-level by adding whitespace between ev-
ery pair of characters. Decoding reverses this process.

3https://github.com/OpenNMT/OpenNMT-py
4We list all non-default hyper-parameters in Table 8.
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5.2 Unsupervised Parallel Data Generation

Following the approach from §4.2, we generated a
large parallel corpus P to train our error generation
and correction models. We sampled 10 million sen-
tences5 from the English part of the 1 Billion Word
Language Model Benchmark6 and used them as the
source of error-free text, i.e., the seed corpus T . We
rendered each sentence as an image using the Text
Recognition Data Generator package7. We used 90
different fonts for rendering and applied random dis-
tortions to the rendered images. Subsequently, we
performed OCR on each image of text using a Python
wrapper8 for Tesseract-OCR9 (Smith, 2007). We
present the distribution of error rates in our noisy
corpus in Figure 2 (cf. the digitized text plot).

5.3 Sequence Labeling

Training Setup We employed the NAT frame-
work10 (Figure 1) to study the robustness of se-
quence labeling systems. Following Akbik et al.
(2018), we used a combination of FLAIR and GloVe
embeddings in all experiments.11 We employed
the data augmentation (LAUGM) and the stability
training (LSTAB) objectives with default weights
(α = 1.0), as proposed by Namysl et al. (2020).
Consistent with prior work, erroneous sentences x̃
were generated dynamically in every epoch.

Tasks We experimented with the Named Entity
Recognition (NER) and Part-of-Speech Tagging
(POST) tasks. NER aims to locate all named entity
mentions in text and classify them into predefined
classes, e.g., person names, locations, and organi-
zations. POST is the process of tagging each word
in the text with the corresponding part of speech.

Evaluation Setup The evaluation pipeline is
shown in Figure 7. Following Akbik et al. (2018),
we report the entity-level micro-average F1 score
for NER and the accuracy for POST.

5.4 Baselines

Error Generation We compared our error gener-
ator with the OCR-aware noise model from Namysl
et al. (2020). We used the noisy part of the paral-
lel corpus P to estimate the confusion matrix em-

5Which accounts for about 253 million words.
6https://www.statmt.org/lm-benchmark
7https://pypi.org/project/trdg
8https://github.com/sirfz/tesserocr
9We used Tesseract v4.0 to generate the parallel data set.

10https://github.com/mnamysl/nat-acl2020
11Other hyper-parameters also follow Akbik et al. (2018).

Figure 7: Evaluation pipeline. Γ is a noising process
that transforms x into x̃. C(x) is an optional text cor-
rection module that returns x̃′ (x̃′=x̃, if C(x) is absent).
E(x) is an embedding matrix. F(x) is a sequence label-
ing model. e(x̃′) and y(x̃′) are the embeddings and the
output of the model for x̃′, respectively.

ployed by this baseline. Moreover, in the NLM
experiment (§6.3), we also evaluated the vanilla
error model proposed by Namysl et al. (2020).

Error Correction To evaluate error correction,
we trained the sequence labeling models using the
standard objective (L0) and employed the text cor-
rection method on the erroneous input before feed-
ing it to the network (Figure 7).

We examined Natas12, the seq2seq OCR post-
correction method proposed by Hämäläinen and
Hengchen (2019). We trained context-free error
correction models compatible with Natas using
our parallel corpus (§5.2). Moreover, we also
employed the widely adopted spell checker Hun-
spell13.

5.5 Data Sets

Original Benchmarks For NER, we employed
the CoNLL 2003 data set (Tjong Kim Sang and
De Meulder, 2003). To evaluate POST, we utilized
the Universal Dependency Treebank (UD English
EWT; Silveira et al., 2014). We present the detailed
statistics of both data sets in Table 5.

Data Set Geom.
Distort.

Pixel-level
Noise

CoNLL
2003

UD English
EWT

Tesseract 3♣ 7 7 22.72% 23.31%
Tesseract 4♦ 3 3 16.35% 22.12%
Tesseract 4♥ 3 7 14.89% 20.38%
Tesseract 4♠ 7 3 3.53% 5.83%
Typos n/a n/a 15.53% 15.22%

Table 1: The noisy sequence labeling data sets that
we generated either by applying OCR on rendered sen-
tences from an original benchmark (first four rows) or by
inducing misspellings (last row). We generated multiple
variants of the former data sets by combining geometri-
cal distortions and pixel-level noise induction. The last
two columns present the token error rates (the column
headers indicate the names of the original benchmarks).

12https://github.com/mikahama/natas
13https://hunspell.github.io
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Training
Loss Noise Model Correction

Method
Original

Data Tesseract 3♣ Tesseract 4♦ Tesseract 4♥ Tesseract 4♠

L0

n/a — 92.54±0.08 80.48±0.09 84.71±0.19 85.62±0.08 91.50±0.08
n/a Hunspell 92.54±0.08 82.17±0.11 85.80±0.11 86.70±0.07 91.73±0.11
n/a Natas 92.54±0.08 77.80±0.19 84.50±0.11 85.24±0.10 91.33±0.13

LAUGM

confusion matrix (§3.2) — 92.56±0.06 85.29±0.16 88.62±0.08 89.19±0.12 92.04±0.07
seq2seq (token-level, §4.3) — 92.76±0.07 85.38±0.16 89.39±0.17 89.99±0.22 92.37±0.10
seq2seq (sentence-level, §4.3) — 92.81±0.11 84.38±0.15 88.96±0.18 89.67±0.26 92.44±0.17

LSTAB

confusion matrix (§3.2) — 92.23±0.12 84.49±0.10 87.58±0.13 88.40±0.20 91.65±0.14
seq2seq (token-level, §4.3) — 92.24±0.18 84.25±0.23 88.24±0.25 88.91±0.21 91.86±0.16
seq2seq (sentence-level, §4.3) — 92.45±0.12 83.89±0.30 88.14±0.23 88.88±0.11 91.99±0.11

(a) English CoNLL 2003

L0

n/a — 96.96±0.04 86.75±0.16 86.97±0.14 88.30±0.16 94.34±0.07
n/a Hunspell 96.96±0.04 87.53±0.14 86.74±0.14 88.12±0.16 94.49±0.08
n/a Natas 96.96±0.04 88.98±0.10 88.94±0.14 89.68±0.16 95.11±0.08

LAUGM

confusion matrix (§3.2) — 96.90±0.06 91.35±0.13 92.12±0.14 92.99±0.21 96.17±0.07
seq2seq (token-level, §4.3) — 96.76±0.04 91.44±0.11 93.65±0.13 94.19±0.10 96.26±0.07
seq2seq (sentence-level, §4.3) — 96.78±0.06 90.92±0.08 93.37±0.08 94.10±0.03 96.27±0.03

LSTAB

confusion matrix (§3.2) — 96.80±0.04 91.16±0.07 91.93±0.11 92.77±0.10 96.06±0.02
seq2seq (token-level, §4.3) — 96.65±0.07 91.36±0.12 93.34±0.09 93.97±0.05 96.14±0.07
seq2seq (sentence-level, §4.3) — 96.67±0.05 90.70±0.14 93.05±0.17 93.71±0.13 96.15±0.05

(b) UD English EWT

Table 2: Comparison of error generation (§6.1) and error correction (§6.2) approaches on the original and noisy English
CoNLL 2003 and the UD English EWT test sets (§5.5). We report mean and standard deviation F1 scores (CoNLL
2003) and accuracies (UD English EWT) over five runs with different random initialization. L0, LAUGM, LSTAB is the
standard, the data augmentation, and the stability objective, respectively (Namysl et al., 2020). Bold values indicate top
results (within the models trained using the same objective) that are statistically inseparable (Welch’s t-test; p < 0.05).

Noisy Benchmarks Unfortunately, we did not
find any publicly available noisy sequence labeling
data set that could be used to benchmark different
methods for improving robustness. To this end, we
generated several noisy versions of the original se-
quence labeling data sets (Table 1). We extracted
the sentences from each original benchmark and ap-
plied the procedure described in §4.2.14 We trans-
ferred the word-level annotations as described in
§4.4. Finally, we produced the data in the CoNLL
format (Table 7).

Moreover, to evaluate the transferability of error
generators, we followed Namysl et al. (2020) and
synthetically induced misspellings to the error-free
data sets. To this end, we used the lookup tables of
possible lexical replacements released by Belinkov
and Bisk (2018) and Piktus et al. (2019).15

6 Experimental Results

6.1 Empirical Noise Generation Approaches
In this experiment, we compared the NAT models
that employed either our seq2seq noise generators

14We directly applied both Tesseract v3.04 and v4.0. We
used different sets of distortions and image backgrounds than
those employed to generate parallel training data.

15We merged both sets of misspellings for evaluation.

or the baseline error models (Table 2). In this eval-
uation scenario, we do not employ C(x) (Figure 7).

Our error generators outperformed the OCR-
aware confusion matrix-based model on the noisy
benchmarks generated using the Tesseract 4 engine.
The advantage of our method was less emphasized
in the case of the Tesseract 3♣ data sets. The token-
level translation method performed better than the
sentence-level variant, while the latter was more ef-
ficient when the error rate of the input was lower (cf.
the original data and the Tesseract 4♠ columns),
although it often struggled with translating long
sentences. Moreover, data augmentation generally
outperformed stability training, which is consistent
with the observation from Namysl et al. (2020).

Furthermore, we observe a slight decrease in
accuracy on the original UD English EWT with
both auxiliary objectives. We believe that this was
caused by the different proportions of the tokens
that were perturbed during training by our seq2seq
error generators (e.g., 18% and 19.5% in the case
of our token-level model for CoNLL2003 and UD
English EWT, respectively). The trade-off between
accuracy for clean and noisy data has thus been
shifted towards the latter. We also notice a greater
advantage of the seq2seq method over the baseline
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Training
Loss Noise Model NLM Original

Data Tesseract 3♣ Tesseract 4♦ Tesseract 4♥ Tesseract 4♠

L0
n/a 7 92.54±0.08 80.48±0.09 84.71±0.19 85.62±0.08 91.50±0.08
n/a 3 92.09±0.07 83.83±0.21 88.17±0.12 88.71±0.17 91.68±0.09

LAUGM

confusion matrix (§3.2) 7 92.56±0.06 85.29±0.16 88.62±0.08 89.19±0.12 92.04±0.07
vanilla (§3.2) 7 92.39±0.11 85.59±0.23 88.01±0.17 88.65±0.20 91.93±0.13
vanilla (§3.2) 3 92.45±0.05 87.28±0.19 90.12±0.19 90.43±0.19 92.17±0.05

LSTAB

confusion matrix (§3.2) 7 92.23±0.12 84.49±0.10 87.58±0.13 88.40±0.20 91.65±0.14
vanilla (§3.2) 7 92.04±0.06 84.63±0.17 87.24±0.24 88.02±0.10 91.52±0.12
vanilla (§3.2) 3 91.85±0.07 86.79±0.11 89.32±0.12 89.77±0.05 91.51±0.07

Table 3: Comparison of the NAT approach with and without our NLM embeddings (§6.3) on the English CoNLL 2003
test set (§5.5). We report mean and standard deviation F1 scores over five runs with different random initialization. L0,
LAUGM, LSTAB is the standard, the data augmentation, and the stability objective, respectively (Namysl et al., 2020).
The NLM column indicates whether the model employed our NLM embeddings. Bold values indicate top results
(within the models trained using the same objective) that are statistically inseparable (Welch’s t-test; p < 0.05).

on the noisy UD English EWT data sets.
Additionally, in §A, we analyze the relationship

between the size of the parallel corpus used for
training and the F1 score of the NER task.

6.2 Error Generation vs. Error Correction

We compared the NAT approach with the base-
line correction methods (§5.4). Preliminary experi-
ments revealed that these baselines underperformed
due to the overcorrection problem. To make them
more competitive, we extended their default dictio-
naries by adding all tokens from the corresponding
test sets for evaluation. Although the vocabulary of
a test set could rarely be entirely determined, this
setting would simulate a scenario where accurate
in-domain vocabularies could be exploited.

Table 2 includes the results of this experiment.
As expected, although more general, error correc-
tion techniques were outperformed by the NAT
approach regardless of the noising method used.
Surprisingly, Hunspell performed better than Natas
on CoNLL 2003. We carried out a thorough in-
spection of the results of both methods and found
out that Natas, although generally more accurate,
had problems with recognizing tokens that were a
part of entities. This behavior could be a flaw of
data-driven error correction methods, as the enti-
ties are relatively rare in written text and are often
out-of-vocabulary tokens (Alex and Burns, 2014).

6.3 Noisy Language Modeling

FLAIR (Akbik et al., 2018) learns a bidirectional
LM to represent sequences of characters. We used
the target side of our parallel data corpus (§5.2) to
re-train FLAIR embeddings on the noisy digitized

text.16 Subsequently, we compared the accuracy of
the vanilla NAT models (§3.2) that employed either
the pre-trained or our NLM embeddings. Moreover,
we do not use C(x) in this scenario (Figure 7).

Note that the noise model and the embeddings
are two distinct components of the NAT architec-
ture (Γ and E(x) in Figure 1, respectively) and
therefore they could be easily combined. However,
in this work, we do not mix our NLM with empiri-
cally estimated error models to avoid the twofold
empirical error modeling effect. We leave the eval-
uation of this combination to future work.

Table 3 summarizes the results of this experi-
ment. Our method significantly improved the accu-
racy across all training objectives, even when we
employed exclusively the standard training objec-
tive for the sequence labeling task (L0). Surpris-
ingly, we also achieved evident improvements for
the noisy data set generated using the Tesseract 3
engine, which confirms that NLM embeddings can
model the features of erroneous tokens even in the
out-of-domain scenarios. On the other hand, the
NLM slightly decreased the accuracy on the orig-
inal data for the standard training objective. We
plan to investigate this effect in future work by
eliminating possible differences in the pre-training
procedure and comparing our NLM against a model
trained on the original error-free text corpus instead
of using the embeddings from Akbik et al. (2018).

6.4 Human-Generated Errors

In this experiment, we evaluated the utility of our
seq2seq error generators learned to model OCR
noise (§6.1) and our NLM embeddings (§6.3) in a
scenario where the input contains human-generated

16The hyper-parameters were consistent with prior work.
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Training
Loss Noise Model NLM English

CoNLL 2003

L0
n/a 7 88.79±0.07
n/a 3 89.60±0.24

LAUGM

confusion matrix (§3.2) 7 90.82±0.12
vanilla (§3.2) 7 90.77±0.14
vanilla (§3.2) 3 91.10±0.05

LSTAB

confusion matrix (§3.2) 7 90.30±0.13
vanilla (§3.2) 7 90.34±0.06
vanilla (§3.2) 3 90.53±0.07

(a) NLM Embeddings

Training
Loss Noise Model English

CoNLL 2003
UD English

EWT

L0 n/a 88.79±0.07 90.54±0.11

LAUGM

confusion matrix (§3.2) 90.82±0.12 93.63±0.11
seq2seq (token-level, §4.3) 90.92±0.13 92.87±0.08
seq2seq (sentence-level, §4.3) 90.77±0.19 92.68±0.09

LSTAB

confusion matrix (§3.2) 90.30±0.13 93.37±0.05
seq2seq (token-level, §4.3) 90.19±0.12 92.79±0.08
seq2seq (sentence-level, §4.3) 90.15±0.16 92.42±0.11

(b) Empirical Error Generation Methods

Table 4: Transferability of the methods learned to model OCR noise to the distribution of the human-generated
errors (§6.4): (a) Comparison of the NAT approach with and without our NLM embeddings on the English CoNLL
2003 test set with human-generated errors. (b) Comparison of empirical error generation approaches on the English
CoNLL 2003 and the UD English EWT test sets with human-generated errors. We report mean and standard deviation
F1 scores (CoNLL 2003) and accuracies (UD English EWT) over five runs with different random initialization. L0,
LAUGM, LSTAB is the standard, the data augmentation, and the stability objective, respectively (Namysl et al., 2020).
The NLM column indicates whether the model employed our NLM embeddings. Bold values indicate top results
(within the models trained using the same objective) that are statistically inseparable (Welch’s t-test; p < 0.05).

errors. For evaluation, we used the noisy data sets
with synthetically induced misspellings (§5.5). We
do not employ C(x) in this scenario (Figure 7).

Table 4 summarizes the results of this experi-
ment. The models with our NLM embeddings out-
performed the baselines for all training objectives
(Table 4a). The seq2seq error generation approach
performed on par with the confusion matrix-based
models on the CoNLL 2003 data set, while the
latter achieved better accuracy on the UD English
EWT data set (Table 4b).

We believe that this difference was caused by the
discrepancy between the data distributions. Note
that although the data used in this experiment re-
flects the patterns of human-generated errors, the
distribution of these errors does not necessarily fol-
low the natural distribution of human-generated er-
rors, as it was synthetically generated using a fixed
replacement probability that was uniform across all
candidates.17 Nevertheless, our methods proved to
be beneficial in this scenario, which would suggest
that the errors made by human writers and by the
text recognition engines have common characteris-
tics that were exploited by our method.

7 Conclusions

In this work, we studied the task of performing
sequence labeling on noisy digitized and human-
generated text. We extended the NAT approach
and proposed the empirical error generator that per-

17For comparison, we visualized the error distributions of
our noisy benchmarks in Figure 9.

forms the translation from error-free to erroneous
text (§4.1). To train our generator, we developed an
unsupervised parallel data synthesis method (§4.2).
Analogously, we produced several realistic noisy
evaluation benchmarks (§5.5). Moreover, we intro-
duced the NLM embeddings (§4.5) that overcome
the data sparsity problem of natural language.

Our approach outperformed the baseline noise
induction and error correction methods, improving
the accuracy of the noisy neural sequence labeling
task (§6.1-6.3). Furthermore, we demonstrated that
our methods are transferable to the out-of-domain
scenarios - human-generated errors (§6.4) and the
noise induced by a different OCR engine (§6.1,
6.3). We incorporated our approach into the NAT
framework and make the code, embeddings, and
scripts from our experiments publicly available.

Grundkiewicz and Junczys-Dowmunt (2019)
showed that that unsupervised systems benefit from
domain adaptation on authentic labeled data. For
future work, we plan to fine-tune NAT models pre-
trained on synthetic samples using the labeled data
generated directly by the noising process.
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A Relationship with the Corpus Size

Empirical error generators are especially beneficial
when we can approximate the noise distribution to
be encountered at test time. In this experiment, we
aimed to answer the question, how much parallel
training data is required to train a solid seq2seq
error generation model.

Figure 8 shows that the NAT models that used
our seq2seq error generator performed better than
those employing the baseline vanilla error model
proposed by Namysl et al. (2020) for all noisy
benchmarks that were generated using the Tesser-
act 4 OCR engine. The improvements were ob-
served even when we used as few as 1000 parallel
training sentences. Our method also outperformed
the baseline on the original CoNLL 2003 bench-
mark. On the contrary, the accuracy of models
trained using our generator fell slightly behind the
baseline on the Tesseract 3♣ and Typos data sets.

B Sequence Labeling Data Sets

Original Benchmarks Table 5 presents the de-
tailed statistics of the original sequence labeling
benchmarks used in our experiments. For NER,
we employed CoNLL 200318 (Tjong Kim Sang
and De Meulder, 2003). To evaluate POST, we uti-
lized Universal Dependency Treebank (UD English
EWT19; Silveira et al., 2014).

Noisy Benchmarks Table 6 presents the error
rates and the correction accuracies of the Natas and
Hunspell methods calculated on the test sets of the
noisy sequence labeling benchmarks. Moreover,
Table 7 shows an excerpt from a noisy sequence
labeling data set generated for evaluation.

Furthermore, Figure 9 presents the distribution
of token error rates in relation to the percentage
number of sentences in our noisy data sets. For
comparison, we also included the distributions ob-
tained by applying different noise generation meth-
ods - the vanilla- and the OCR-aware confusion

18https://www.clips.uantwerpen.be/
conll2003/ner

19https://universaldependencies.org/
treebanks/en_ewt (version 2.6)

Train Dev Test Total

Sentences 14,041 3,250 3,453 20744
Tokens 203,621 51,362 46,435 301418
PER 6,600 1,842 1,617 10059
LOC 7,140 1,837 1,668 10645
ORG 6,321 1,341 1,661 9323
MISC 3,438 922 702 5062

(a) English CoNLL 2003.

Train Dev Test Total

Sentences 12543 2002 2077 16622
Tokens 204585 25148 25096 254829
ADJ 12458 1784 1689 15931
ADP 17625 2021 2020 21666
ADV 10553 1264 1226 13043
AUX 12396 1512 1504 15412
CCONJ 6703 780 738 8221
DET 16284 1895 1896 20075
INTJ 688 115 120 923
NOUN 34765 4196 4129 43090
NUM 3996 378 536 4910
PART 5567 630 630 6827
PRON 18584 2219 2158 22961
PROPN 12945 1879 2075 16899
PUNCT 23676 3083 3106 29865
SCONJ 3850 403 386 4639
SYM 643 75 100 818
VERB 23005 2759 2644 28408
X 847 155 139 1141

(b) UD English EWT.

Table 5: Statistics of the English CoNLL 2003 and the
UD English EWT data sets. We present statistics of the
training (Train) development (Dev) and test (Test) sets,
including the number of sentences and tokens. CoNLL
2003 contains the annotations for the following entity
types: person names (PER), locations (LOC), organiza-
tions (ORG), and miscellaneous (MISC). For UD En-
glish EWT, the following universal POS tags were in-
cluded: ADJ (adjective), ADP (adposition), ADV (ad-
verb), AUX (auxiliary), CCONJ (coordinating conjunc-
tion), DET (determiner), INTJ (interjection), NOUN
(noun), NUM (numeral), PART (particle), PRON (pro-
noun), PROPN (proper noun), PUNCT (punctuation),
SCONJ (subordinating conjunction), SYM (symbol),
VERB (verb), X (other).

matrix-based models by Namysl et al. (2020), and
our token-level seq2seq error generator.

We note that the error distribution of our noisy
data sets is closer to the Zipf distribution in con-
trast to the results of prior methods that exhibit
a Bell-Curve pattern. Note that the Typos data
set was generated by randomly sampling possible
lexical replacement candidates from the lookup
tables, hence its distribution exhibits slightly dif-
ferent characteristics than the noisy data sets gen-
erated by directly applying the OCR engine to the
rendered text images. Based on the above results,
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Figure 8: F1 score in relation to the number of parallel sentences. The experiments were conducted on the original
English CoNLL 2003 benchmark and its noisy variants: Tesseract 3♣, Tesseract 4♦, Tesseract 4♥, Tesseract 4♠,
and Typos. We compare the accuracy of our token-level seq2seq approach with the vanilla error model (Namysl
et al., 2020), and the standard objective (L0). We present the results for both auxiliary objectives: the data augmen-
tation (Lours

AUGM, Lbase
AUGM) and the stability training (Lours

STAB, Lbase
STAB).

we believe that our noisy data sets are better suited
for the evaluation of the robustness of sequence la-
beling models than the data generated by the prior
approaches.

Data Conversion Scripts Because of licensing
and copyright reasons, we did not submit the noisy
data sets directly. Our code includes the scripts
for the conversion of the original benchmarks into
their noisy variants. For reference, we added ex-
cerpts of the noisy UD English EWT data set in the
supplementary materials.

C Reproducibility

In this section, we present additional information
that could facilitate reproducibility.

Hyper-parameters To train our seq2seq transla-
tion models, we generally used the default hyper-
parameters of the OpenNMT toolkit. We list all
non-default values in Table 8. Moreover, we de-
cayed the learning rate eight times during the train-
ing for all models. Furthermore, we utilized copy
attention (See et al., 2017) for our error generation
models and global attention (Luong et al., 2015)
for the error correction model.

Validation Accuracy Table 9 summarizes the
validation accuracy of our seq2seq models for error
generation. We trained the sentence-level models
for 1.6×104 and the token-level models for 4×105

iterations or at least one epoch of training. More-
over, the token-level error correction model em-
ployed by Natas was trained for one epoch (about
4×105 iterations) on one million parallel sentences
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(a) Noisy sentence labeling data sets (English CoNLL 2003).
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(b) Noisy sentence labeling data sets (UD English EWT).
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(c) Noise induction methods (English CoNLL 2003).
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(d) Noise induction methods (UD English EWT).

Figure 9: Distributions of the token error rates of sentences in our noisy sequence labeling data sets (Tesseract 3♣,
Tesseract 4♦, Tesseract 4♠, and Typos). For comparison, we include error distributions obtained by applying our
seq2seq token-level error generator and the baseline confusion matrix-based error models (Namysl et al., 2020) to the
sentences extracted from the original benchmark. ηCER is the character-level noising factor used by the vanilla error
model. Each point is the percentage of sentences with a token error rate that falls into a specific token error range, i.e.,
the value of 50 corresponds to the sentences with a token error rate greater than 40 and lower than or equal to 50.

Measure Method Tesser-
act 3♣

Tesser-
act 4♦

Tesser-
act 4♥

Tesser-
act 4♠ Typos

TER
Original 22.72 16.35 14.89 3.53 15.53
Natas 17.24 12.20 11.13 2.34 11.53
Hunspell 17.44 13.54 12.24 2.43 10.69

TER
(entities)

Original 29.66 16.70 15.00 3.61 8.20
Natas 27.81 14.97 13.36 2.93 7.62
Hunspell 16.63 9.95 8.76 1.89 4.07

ACC Natas 24.13 25.40 25.24 33.70 25.75
Hunspell 23.26 17.19 17.76 31.20 31.17

ACC
(entities)

Natas 6.23 10.41 10.93 18.77 7.07
Hunspell 43.93 40.44 41.58 47.78 50.38

(a) English CoNLL 2003.

Measure Method Tesser-
act 3♣

Tesser-
act 4♦

Tesser-
act 4♥

Tesser-
act 4♠ Typos

TER
Original 23.31 22.12 20.38 5.83 15.22
Natas 17.76 17.46 16.23 4.21 11.68
Hunspell 19.14 19.74 18.09 4.75 11.22

ACC Natas 23.82 21.05 20.36 27.75 23.27
Hunspell 17.90 10.74 11.20 18.59 26.49

(b) UD English EWT.

Table 6: Token Error Rates (TER) and the correction
accuracies (ACC) of Natas and Hunspell on the test sets
of our noisy sequence labeling data sets. All values are
percentages. Bold values represent the lowest TER and
the highest ACC.

Noisy Token Error-Free Token Class Label

No No O
nzw new O
fixtuvzs fixtures O
reported reported O
from from O
New New B-LOC
Vork York I-LOC
. . O

Table 7: Example of a sentence from the noisy CoNLL
2003 data set. The first and the second column contains
the noisy and the error-free tokens, respectively. The
third column denotes the class label in BIO format.

and achieved 96.9% accuracy on the validation set
of 5000 sentences.

Learnable Parameters The number of parame-
ters in our sequence labeling models was constant
among different models, as we used the same ar-
chitecture in all experiments. The number of all
model parameters was 60.3 million (including em-
beddings that were fixed during the training), and
the number of all trainable parameters was 25.5
million. Moreover, all our seq2seq error genera-
tion and correction models had about 7.7 million
parameters.
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Parameter Description Value

-share_vocab
Share source and target
vocabulary True

-share_embeddings
Share the embeddings
between encoder and
decoder

True

-word_vec_size Word embedding size 25

-src_seq_length
Max. source sequence
length 1000

-tgt_seq_length
Max. target sequence
length 1000

-encoder_type Type of encoder layer brnn

-learning_rate Starting learning rate 1.0

Table 8: The hyper-parameters of the OpenNMT toolkit
used to train our seq2seq error generation models.

Training
set size

Validation
set size

Validation accuracy

token-level sentence-level

107 5000 98.3% 95.7%
106 5000 95.4% 94.9%
105 5000 95.1% 95.3%
104 1000 94.6% 90.1%
103 100 93.3% 91.6%

Table 9: Validation accuracy of the seq2seq models for
error generation. We trained both the token-level and the
sentence-level variants. The first and the second column
show the number of parallel sentences used for training
and validation, respectively.

Average Runtime The evaluation of the com-
plete test set took 7 and 10 seconds on average in
the case of UD English EWT and English CoNLL
2003, respectively. The runtime did not depend
on the training method that was used. Neverthe-
less, when we employed the correction method,
the runtime was significantly lengthened, e.g., it
took almost 3 minutes to evaluate a model that
employed the Natas correction method on English
CoNLL 2003.

Computing Architecture The evaluation was
performed on a workstation equipped with an Intel
Xeon CPU with 10 cores and an Nvidia Quadro
RTX 6000 graphics card with 24GB of memory.
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Abstract

Information Extraction (IE) for semi-
structured document images is often ap-
proached as a sequence tagging problem
by classifying each recognized input token
into one of the IOB (Inside, Outside, and
Beginning) categories. However, such prob-
lem setup has two inherent limitations that
(1) it cannot easily handle complex spatial
relationships and (2) it is not suitable for
highly structured information, which are
nevertheless frequently observed in real-world
document images. To tackle these issues,
we first formulate the IE task as spatial
dependency parsing problem that focuses
on the relationship among text tokens in the
documents. Under this setup, we then propose
SPADEs (SPAtial DEpendency parser) that
models highly complex spatial relationships
and an arbitrary number of information layers
in the documents in an end-to-end manner. We
evaluate it on various kinds of documents such
as receipts, name cards, forms, and invoices,
and show that it achieves a similar or better
performance compared to strong baselines
including BERT-based IOB taggger.

1 Introduction

Document information extraction (IE) is the task
of mapping each document to a structured form
that is consistent with the target ontology (e.g.,
database schema), which has become an increas-
ingly important task in both research community
and industry. In this paper, we are particularly in-
terested in information extraction from real-world,
semi-structured document images, such as invoices,
receipts, and name cards, where we assume Opti-
cal Character Recognition (OCR, i.e. detecting the
locations of the text tokens if the input is an image)
has been already applied. Previous approaches for
semi-structured document IE often assume as if

the input is a one-dimensional sequence and formu-
late the task as an IOB (Inside Outside Beginning)
tagging problem. In this setup, the tokens in the
document (either obtained through an OCR engine
or trivially parsed from a web page or pdf) are first
serialized, and then an independent tagging model
classifies each of the flattened lists into one of the
pre-defined IOB categories (Ramshaw and Mar-
cus, 1995; Palm et al., 2017). While effective for
relatively simple documents, their broader applica-
tion in the real world is still challenging because
(1) semi-structured documents often exhibit a com-
plex layout where the serialization algorithm is
non-trivial, and (2) sequence tagging is inherently
not effective for encoding multi-layer hierarchi-
cal information such as the menu tree in receipts
(Fig. 1c).

To overcome these limitations, we propose
SPADEs (SPAtial DEpendency parser), an end-to-
end, serializer-free model that is capable of extract-
ing hierarchical information from complex docu-
ments. Rather than explicitly dividing the original
problem into two independent subtasks of serializa-
tion and tagging, our model tackles the problem in
an end-to-end manner by creating a directed rela-
tion graph of the tokens in the document (Fig. 1). In
contrast to traditional dependency parsing, which
parses the dependency structure in purely (one-
dimensional) linguistic space, our approach lever-
ages both linguistic and (two-dimensional) spatial
information to parse the dependency.

We evaluate SPADEs on eight document IE
datasets created from real-world document images,
including invoices, name cards, forms, and receipts,
with the varying complexity of information struc-
ture. In all of the datasets, our model shows a
similar or better accuracy than strong baselines in-
cluding BERT-based IOB taggers, and particularly
outstands in documents with complex layouts (Ta-
ble 3). These results demonstrate the effectiveness
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Receipt image
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...
...

volcano iced
coffee

x4 @1,000 4,000
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{
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}
...,
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menu_name: "volcano iced coffee",
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Figure 1: The illustration of spatial dependency parsing problem. Receipt parsing is explained in detail with three
subfigures: (a) first, text tokens and their coordinates are extracted from OCR; (b) next, the relations between
tokens are classified into two types: rel-s for serialization and information type (field) classification, and rel-g
for inter-grouping between fields (the numbers inside of circles in (b) indicates the box numbers in (a)); (c) the
final parse is generated by decoding the graph. (d) A sample name card and its spatial dependency parse. (e) Other
conceptual examples showing the versatility of the spatial dependency parsing approach for document IE.

of our end-to-end, graph-based paradigm over the
existing sequential tagging approaches.

In short, our contributions are threefold. (1) We
present a novel view that information extraction for
semi-structured documents can be formulated as a
dependency parsing problem in two-dimensional
space. (2) We propose SPADEs for spatial de-
pendency parsing, which is capable of efficiently
constructing a directed semantic graph of text to-
kens in semi-structured documents.1 (3) SPADEs
achieves a similar or better accuracy than the previ-
ous state of the art or strong BERT-based baselines
in eight document IE datasets.

2 Related Work

The recent surge of interest in automatic informa-
tion extraction from semi-structued documents are
well reflected in their increased number of publi-
cation record from both research community and
industry (Katti et al., 2018; Qian et al., 2019; Liu
et al., 2019; Zhao et al., 2019; Denk and Reisswig,
2019; Hwang et al., 2019; Park et al., 2019; Xu

1https://github.com/clovaai/spade

et al., 2019; Jaume et al., 2019; Zhong et al., 2019;
Rausch et al., 2019; Yu et al., 2020; Wei et al., 2020;
Majumder et al., 2020; Lockard et al., 2020; Gar-
ncarek et al., 2020; Lin et al., 2020; Xu et al., 2020;
Powalski et al., 2021; Wang et al., 2021; Hong et al.,
2021; Hwang et al., 2021). Below, we summarize
some of closely related works published before the
major development of SPADEs.

Serialized IE Previous semi-structured docu-
ment information extraction (IE) methods often
require the input text boxes (obtained from OCR)
to be serialized into a single flat sequence. Hwang
et al. (2019) and Denk and Reisswig (2019) com-
bine a manually engineered text serializer that
turn the OCR text boxes into a sequence and a
Transformer-based encoder, BERT (Devlin et al.,
2018), that performs IOB tagging on the sequence
or semantic segmentation from images. In contrast
to SPADEs, these models rely on the serialization
of the tokens and thus it is difficult to flexibly ap-
ply them to documents with complex layouts such
as multi-column or distorted documents. Xu et al.
(2019) propose LayoutLM that jointly embeds the
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image segments, text tokens, and positions of the
tokens in an image to make a pretrained model
for document understanding. However, LayoutLM
still requires a careful serialization of the tokens
as it relies on the position embeddings of BERT.
Also, it is only evaluated on classification for the
downstream task.

Serializer-free IE Existing serializer-free meth-
ods mostly extract flat key-value pairs, as they
still formulate the task as tagging the text tokens.
They fundamentally differ from SPADEs which
generates a structured output that captures full in-
formation hierarchy represented in the document.
Chargrid (Katti et al., 2018) performs semantic
segmentation on invoice images to extract target
key-value pairs. Although Chargrid uses addi-
tional “bounding boxes” for inter-grouping of cer-
tain fields, the application to the documents that
have more than two information hierarchy levels
is non-trivial. Also, when fields that belong to
the same group are remotely located, the bounding
boxes may need to be modified to have a more com-
plex geometrical shape to avoid overlap between
the boxes.

Graph-based IE Liu et al. (2019); Qian et al.
(2019); Wei et al. (2020); Yu et al. (2020) utilize
a graph convolution network to contextualize the
tokens in a document and a bidirectional LSTM
with CRF to predict the IOB tags. However, the
range of possible parse generations is limited as
IOB tagging can be performed only within each
OCR bounding box, ignoring inter-box relationship.
On the contrary, SPADEs predicts both the intra-
box relationship and the inter-box relationship by
constructing a dependency graph among the tokens.

Lockard et al. (2019, 2020) also utilize a graph
to extract semantic relation from semi-structrued
web-page. The graph is constructed based on rules
from “structured html DOM” and mainly used for
information encoding. On the other hand SPADEs
accepts “unstructured text distributed in 2D” and
generates graphs as the result of decoding (in a
data-driven way).

Dependency parsing Dependency parsing is the
task of obtaining the syntactic or semantic structure
of a sentence by defining the relationships between
the words in the sentence (Zettlemoyer and Collins,
2012; Peng et al., 2017; Dozat and Manning, 2018).
The relations are often expressed as directed, la-
beled arcs. In our work, we view the problem of

Encoder Graph generation
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Figure 2: The illustration of SPADEs. (a) Spatial text
encoder contextualizes tokens using their relative spa-
tial vectors {rij} (Eq. 1). (b) The dependency graph is
inferred by mapping the vector representations of each
pair of tokens into a scalar value. The field embeddings
are blue-colored. (c) At each encoder layer `, r`ij is pre-
pared by concatenating four embedding vectors: rela-
tive coordinates, distance, and angles embeddings. W `

stands for a linear projection.

information extraction for semi-structured docu-
ments as a spatial dependency parsing task such
that two-dimensional spatial information is mainly
considered. This setup enables SPADEs to flexibly
handle documents with complicated layouts while
representing the full information hierarchy.

3 Problem definition

In this section, we first describe the task of informa-
tion extraction for semi-structured documents, and
we briefly discuss how the task was approached
in the past as a sequence tagging problem. Then
we formulate it as a spatial dependency parsing
problem. In Section 4, we show how we design our
model for the newly formulated problem.

3.1 Semi-structured document IE

Document IE is often defined as the extraction of
structured information (e.g. key-value pairs) in doc-
uments. For semi-structured documents, the task
becomes more challenging, mainly due to two fac-
tors: (1) complex spatial layout and (2) hierarchical
information structure. In the simplest case, both of
the two factors are minimally present, where the
text is strictly a linear sequence, and the desired
output is simply a list of fields, similar to Named
Entity Recognition (NER) task. However, the prob-
lem becomes more difficult when at least one of
the factors is significant. In name cards, spatial re-
lationship can be tricky; Fig. 1d shows an example
where a naı̈ve left-to-right serialization would fail
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because the company name (“Physics Company”)
is tilted. In receipts, their hierarchical information
structure complicates the problem. For example, in
Fig. 1a), words “volcano” (box 5), “iced” (box 6),
and “coffee” (box 10) together form a single field
menu name, and the field constitutes another group
in the second hierarchical layer with the count
field (box7), unit price field (box 8), and price
field (box 9). Other conceptual examples are shown
in Fig. 1e); documents that have triple information
layers (left), multiple columns (middle), and a table
(right).

3.2 Previous formulation: Sequence tagging
As mentioned, IOB sequence tagging is appropriate
for document IE when the layout and the informa-
tion structure are simple (Ramshaw and Marcus,
1995; Lample et al., 2016; Chiu and Nichols, 2016;
Ma and Hovy, 2020). When one of the factors
is present, however, one has to adopt an ad-hoc
solution to detour the inherent limitation of IOB.

In the case of complex spatial relationship (e.g.,
name card), an advanced, dedicated serialization
method can be considered. However, it may re-
quire layout-specific manual engineering, which
becomes more difficult for documents such as name
cards that exhibit diverse layouts.

In the case of complex information structure
(e.g., receipt), one can consider augmenting each
IOB tag with higher-layer information. For in-
stance, in a typical IOB setting, the menu name
field will require two tags, namely menu name B
and menu name I. To model the second layer infor-
mation (inter-grouping of fields), menu name B can
be augmented into two, namely B2 menu name B,
I2 menu name B, where B2 and I2 indicate the be-
ginning and the inside of the hierarchy’s second
layer. While effective for some applications, this
method would not generalize well to an arbitrary
depth as it requires more tags for each additional
layer.

3.3 Our formulation: Spatial dependency
parsing

To better model spatial relationship and hierarchi-
cal information structure in semi-structured doc-
uments, we formulate the IE problem as “spa-
tial dependency parsing” task by constructing a
dependency graph with tokens and fields as the
graph nodes (node per token and field type). This
is demonstrated in Fig. 1, where empty blue cir-
cles are text nodes, and filled blue circles are field

nodes.
Although the spatial layout of semi-structured

documents is diverse, it can be considered as the re-
alization of mainly two abstract properties between
each pair of nodes, (1) rel-s for the ordering and
grouping of tokens belonging to the same infor-
mation category (blue arrows in Fig. 1b), and (2)
rel-g for the inter-group relation between grouped
tokens or groups (orange arrows in the same fig-
ure). Connecting a field node to a text node indi-
cates that the text is classified into the field. For
example, “volcano iced coffee” in Fig. 1a) is clas-
sified as a menu name by being attached to the
menu name field node with blue arrows, and it is
connected with “x4”, “@1,000”, and “4,000” with
orange arrows to indicate the hierarchical informa-
tion among the groups. The dependency graphs of
name cards and other conceptual examples are also
shown in Fig. 1d and e.

4 Model

To perform the spatial dependency parsing task in-
troduced in the previous section in an end-to-end
fashion, we propose SPADEs that consists of (1)
spatial text encoder, (2) graph generator, and (3)
graph decoder. Spatial text encoder and graph gen-
erator are trained jointly. Graph decoder is a de-
terministic function (without trainable parameters)
that maps the graph to a valid parse of the output
structure.

4.1 Spatial text encoder

Spatial text encoder is based on 2D Transformer
architecture. Unlike the original Transformer
(Vaswani et al., 2017), there is no order among
the input tokens, making the model invariant under
the permutation of the input tokens. Inspired by
Transformer XL (Dai et al., 2019), the attention
weights (between each key and query vector) is
computed by

qTi kj + qTi rij + (bkeyi )Tkj + (breli )T rij (1)

where qi is the query vector of the i-th input token,
kj is the key vector of the j-th input token, rij is
the relative spatial vector of the j-th token with
respect to the i-th token, and bkey|reli is a bias vector.
In (original) Transformer, only the first term of
Equation 1 is used.

The relative spatial vector rij is constructed as
follows (Fig. 2c). First, the relative coordinates be-
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tween each pair of tokens are computed.2 Next, the
coordinates are quantized into integers and embed-
ded using sin and cos functions (Vaswani et al.,
2017). The physical distance and the relative angle
between each pair of the tokens are also embed-
ded in a similar way. Finally, the four embedding
vectors are linearly projected (with a trainable pro-
jection matrix) and concatenated at each encoder
layer.

4.2 Graph generator

As discussed in Section 3.3 and shown in Fig. 1,
every token corresponds to a node and each pair
of the nodes forms one of the two relations (or no
relation): (1) rel-s for serializing tokens within
the same field, and (2) rel-g for inter-grouping
between fields. The dependency graph can be rep-
resented by using a binary matrix M (r) for each re-
lation type r (Fig. 2b) whereM (r)

ij = 1 if their exists
a directed edge from the i-th token to the j-th token
and 0 otherwise. Each M (r) consists of nfield + ntext
number of rows and ntext number of columns where
nfield and ntext represent the number of field types
and the number of tokens, respectively. The graph
generation task now becomes predicting the binary
matrix.

We obtain M (r) as follows. The probability that
there exists a directed edge i

r−→ j is computed by

h(r)
i =


u(field)
i , for i ≤ nfield

W(r)
h vi otherwise

d(r)
j =W(r)

d vj

s(r)
0,ij = (h(r)

i )TW(r)
0 d

(r)
j

s(r)
1,ij = (h(r)

i )TW(r)
1 d

(r)
j

p(r)
ij =

exp(s(r)
1,ij)

exp(s(r)
0,ij) + exp(s(r)

1,ij)
,

(2)

where u(field)
i represents the trainable embedding

vector of the i-th field type node (filled blue circles
in Fig. 1), {vi} is a set of vectors of contextualized
tokens from the enoder,W stands for affine trans-
formation, h is the embedding vector of the head
token, and d is that of the dependent token.

2For example, if “token1” is at (x1 = 1, y1 = 10) and
“token2” is at (x2 = 3, y2 = 4), the relative coordinate of
“token2” with respect to “token1” is (x ′2, y

′
2) = (3−1,4−10) =

(2,−6).

M (r)
ij is obtained by binarizing p(r)

ij as follows.

M (r)
ij (p(r)

ij ) =



1 for (r=s, i is field type node, p(r)
ij ≥ pth)

1 for (r=s, i is text node, p(r)
ij ≥ pth ,

j = arg maxk p
(r)
ik )

1, for (r=g, i is text node, p(r)
ij ≥ pth)

0, otherwise.
(3)

The recall rate of edges can be controlled by vary-
ing the threshold value pth . Here, we set pth = 0.5.

Tail collision avoidance algorithm Each node
in spatial dependency graphs has a single incoming
edge per relation except some special documents
such as table (Fig. 1e). Based on this property, we
apply the following simple yet powerful tail colli-
sion avoidance algorithm: (1) at each tail node hav-
ing multiple incoming edges, all edges are trimmed
except the one with the highest linking probability;
(2) at each head node of the trimmed edges, the
new tail node is found by drawing the next proba-
ble edge whose probability is larger than pth and
belongs to the top three; (3) go back to Step 1 and
repeat the routine until the process becomes self-
consistent or the max iteration limit is reached (set
to 20 in this paper). The algorithm prevents loops
and token redundancy in parses.

4.3 Graph decoder

We decode the generated graph into the final parse
through the following three stages: (1) SEEDING,
(2) SERIALIZATION, and (3) GROUPING (Table
1). In SEEDING, field type nodes (filled circles in
Fig. 1) are linked to multiple text nodes (seeds)
by rel-s. In SERIALIZATION, each seed node
found in the previous stage generates a directed
edge (rel-s) to the next text node (i.e. serializa-
tion) recursively until there is no further node to be
linked. Finally, in GROUPING, the serialized texts
are grouped iteratively, constructing information
layers from the top to the bottom. The total number
of iterations is equal to “the number of information
layers−1”. To group texts using directed edges,
we define a special representative field for each
information layer. Then, the first token of the repre-
sentative field generates directed edges to the first
token of other fields that belong to the same group
using rel-g (for example, menu name (“volcano
iced coffee”) in Fig. 1a) generates directed edges to
other member fields (count (“x4”), unit price
(“@1,000”) and price (“4,000”)).
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The process generates an arborescence3 for each
field (rel-s) and group (rel-g). The resulting set
of graphs has a one-to-one correspondence with
the parse through detokenization. The use of beam
search in SERIALIZATION does not introduce no-
ticeable difference in rel-s probably due to the
short decoding length of the graph (mostly less
than 30). The development of a more advanced
decoding algorithm that generates globally optimal
multiple arborescences remains as future work.

Although undirected edges can be employed for
the inter-grouping of fields, the use of directed
edges has the following merits: (1) an arbitrary
depth of information hierarchy can be described
without increasing the number of relation types
(Fig. 1e) under a unified framework and (2) a parse
can be generated in a straightforward manner by
iteratively selecting dependent nodes.

Table 1: A formal description of the parse decoding process.
s and g stand for rel-s and rel-g respectively.

Action Input node Graph at time t + 1

INITIALIZATION Gt=0 = empty set

SEEDING(µ) µ ∈ field nodes G(seed) = {µ s−→ j|M (s)
µj = 1}

SERIALIZATION(i) i ∈ G(seed) ∪ Gt Gt+1 = Gt ∪ {i s−→ j|M (s)
ij = 1}

GROUPING(i) i ∈ G(seed) ∪ Gt
i linked to representer fields Gt+1 = Gt ∪ {i g−→ j|M (g)

ij = 1}

MERGE Gt = Gt ∪ G(seed)

5 Experimental Setup

5.1 Optical character recognition

To extract the visually embedded texts from an im-
age, we use our in-house OCR system that consists
of CRAFT text detector (Baek et al., 2019b) and
Comb.best text recognizer (Baek et al., 2019a). The
OCR models are finetuned on each of the document
IE datasets. The output tokens and their spatial in-
formation on the image are used as the inputs to
SPADEs.

5.2 Training

We use 12 layers of 2D Transformer encoder
(Section 4.1). The parameters are initialized
from bert-multilingual (Devlin et al., 2018)
4. ADAM optimizer (Kingma and Ba, 2015) is
used with the following learning rates: 1e-5 for the
encoder, 1e-4 for the graph generator, and 2e-5 for

3A directed graph in which, for a vertex u called the root
and any other vertex v, there is exactly one directed path from
u to v (Excerpted from Wikipedia)

4https://github.com/huggingface/transformers

s+bert+iob2 and sadv+bert+iob2. The decay rates
are set to �1 = 0.9, �2 = 0.999. The batch size
is chosen between 4 and 12. SPADEs is trained
by using one to eight NVIDIA V100 or P40 GPUs
for two to seven days, depending on the tasks. The
dev sets are used to pick the best model except
FUNSD task in which the model is trained in two
steps. First, the 25 examples from training set are
sampled and used for a model validation. Next,
the model is further trained using entire training set
and stopped after 1000 epochs. The training dataset
is augmented by randomly rotating the text coordi-
nates by a degree of -10◦ to +10◦, (2) by distorting
the whole coordinates randomly using a trigono-
metric function, and (3) by randomly deleting or
inserting a single token with 3.3% probability each.
Also, 1–2 random tokens from training is attached
at the end of the text segments from OCR bounding
box with 1.7% probability each. In namecard task,
the tokens are not augmented. The identical aug-
mentation algorithm are applied to s+bert+iob2,
sadv+bert+iob2 and SPADEs.

5.3 Evaluation metric

To evaluate the predicted parses that consist of hi-
erarchically organized key-value pairs (e.g. Fig. 3,
Fig. 4, 5, 6 in Appendix) we use F1 score based on
exact match. First the group of key-value pairs be-
tween predictions and ground truth (gt) are matched
based on their string edit distance. Each key-value
pairs in the predicted parse is counted as true pos-
itive if same key-value pair exists within the cor-
responding group in gt. Otherwise it is counted
as false positive. The unmatched key-value pairs
in gt are counted as false negative. The accuracy
of dependency parsing is evaluated by computing
F1 of predicted edges. For FUNSD dataset, entity
labeling and entity linking scores are computed fol-
lowing the original paper (Jaume et al., 2019). See
Appendix A.2 for more details.

5.4 Data statistics

We summarize the data statistics in Table 2, 6. The
property of each dataset and their collection process
is described in Appendix A.1.

6 Experimental Results

The main focus of SPADEs is to handle the two
challenging factors of semi-structured document
information extraction—complex spatial relation-
ships and highly structured information—in a gen-
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a

b c

Figure 3: Examples from CORD (left) and CORD++(right) dev sets. (a) Parses are shown in grouped key-value
format with the errors in red. (b) The illustration of serialization error. (c) The input tokens serialized by Sadv.

Table 2: The dataset properties.

Dataset Lang. Abbr.
# of field

types
# of examples
(train:dev:test) # of fields Mean # of

text nodes Depth
Layout

complexity

CORD IDN co 30 800:100:100 13030 62.3 2 low
CORD+ IDN co+ " " " 62.3 2 high
CORD++ IDN co++ " " " 62.3 2 high
CORD-M IDN co-m " 400:50:50 " 124.6 3 low
Receipt-idn IDN ri 50 9508:458:450 209728 209 2 low
namecard JPN nc 12 22076:256:100 231528 19.4 1 high
Invoice JPN inv 62 896:79:83 37115 412 2 high
FUNSDa ENG fu 4 149:50 9743 179 3 high

a The statistics are from Jaume et al. (2019).

eralizable way. We first show that our model can
handle hierarchical structure in documents by eval-
uating the model on two datasets CORD (Park
et al., 2019) and Receipt-idn that consist of (In-
donesian) receipt images. We then show SPADEs
can perform well on tasks that require modeling
the complex spatial relationship in documents by
reporting the performance on name card IE where
the spatial layout is more complex than receipts.
Then the evaluation on the invoice dataset shows
the advantage of SPADEs when both of the two
challenging factors are simultaneously present. Fi-
nally, we show that SPADEs can handle even more
types of documents by evaluating the model on a
form understanding dataset, FUNSD (Jaume et al.,
2019). Table 3 summarizes the performance of
several baseline models and SPADEs in various
semi-structured document information extraction
tasks.

Handling hierarchical structure in documents
CORD consists of receipt images without creases
or warping. SPADEs initially achieves 91.5% and
87.4% in F1 with and without the oracle (ground
truth OCR results), respectively (Table 3, 1st row,
co). Their dependency parsing score is also shown

Table 3: Parse prediction accuracy. The datasets are referred
by their abbreviations in Table. 2. ∆F1 indicates the difference
between SPADEs (2nd row) and sadv+bert+iob2 (4th row).

test (+oracle†) test

Model co ri nc inv co co+ co++ ri nc inv

SPADEs w/o tca 91.5 92.7 94.0 87.4 87.4 86.1 82.6 88.5 91.1 84.5
SPADEs 92.5 93.3 94.3 88.1 88.2 87.4 83.1 89.1 91.6 85.0
s+bert+iob2 92.4∗ 93.3∗ - - 90.1 74.0 52.0 88.1 - -
sadv+bert+iob2 92.5∗ 93.4∗ 94.4∗ 84.9∗ 90.1 85.4 64.8 89.3 90.5 83.1

∆F1 0 -0.1 -0.1 +3.2 -1.9 +2.0 +18.3 -0.2 +1.1 +1.9

UB-flat 58.1 65.4 100 83.2 - - - - - -

† The input tokens are recognized by human annotators.
* The input tokens are line-grouped by human annotators.

in Table 7 in Appendix (1st panel, co). To push
the performance further, we notice that individual
text nodes have a single incoming edge for each
relation except in special documents like table (Fig.
1). Using this property, we integrate Tail Collision
Avoidance algorithm (tca) that iteratively trims the
tail-sharing-edges and generate new edges until the
process becomes self-consistent (Section 4.2). F1
increases by +1.0% and +0.8% with and without
the oracle upon the integration (2nd row, co).

Importance of generating hierarchical struc-
ture in receipt IE In receipt IE task, the inter-
grouping of fields is critical due to multiple appear-
ance of same field types such as menu name and
price (Fig. 3a). Without the field grouping, the
maximum achievable score is 58.1 F1 (Table 3, 6th
row, UB-flat). Generating hierarchical parses from
the semi-structured documents is relatively new
and thus the direct comparison to previous state-
of-the-art methods are not feasible without con-
siderable modification. General confidential issue
related to industrial documents and multi-lingual
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properties of our task also hinder the comparison.
In this regard, we build our own baselines con-
sisting of the manually engineered serializer and
BERT-based double IOB taggers (s+bert+iob25).

BERT-tagger The serializer generates pseudo-
1D-text from the input tokens distributed in 2D
and groups them line-by-line based on their height
differences. BERT+iob2 predicts the boundary be-
tween the fields and between the groups of the
fields (see Section 3.2 for the detail). In CORD,
s+bert+iob2 shows comparable performance with
SPADEs with the oracle (-0.1 F1) but shows +1.9
F1 on the test set (2nd and 3rd rows, co). The
relatively lower score of SPADEs on the test set
may originate from the small size of the training set
(800, Table 2) as SPADEs needs to handle the text
serialization in a data-driven way. Indeed, when
both models are trained using Receipt-idn that con-
sists of 9508 training examples, SPADEs outper-
forms by +1.0 F1 on the test set (2nd and 3rd rows,
Receipt-idn).

Inflexibility of tagging model in handling com-
plex spatial relationships Next, we prepare
CORD+ and CORD++, which are more chal-
lenging setups where the images are warped or
tilted as often seen in real-world applications
(Fig. 3). SPADEs significantly outperforms
s+bert+iob2 (+13.4% F1 in CORD+, +31.1% F1.b
in CORD++). This is due to the failure in the se-
rialization in s+bert+iob2 resulting in line-mixing
(Fig. 3b, c and Fig. 5, 6 in Appendix). To un-
derstand how much improvement can be achieved
through further manual engineering, we prepare
sadv+bert+iob2 which is equipped with the ad-
vanced serializer where polynomial fitting is em-
ployed to group tokens placed on curvy line. The
result shows although there is a large improve-
ment in CORD+ and CORD++ task compared to
s+bert+iob2, SPADEs still shows the better perfor-
mance (+2.0% in CORD+, +18.3% in CORD++,
1st and 4th rows). This shows the limitation of
a serializer-based method that it cannot be easily
generalized to handle document images in wild
and the performance can be bottlenecked by the
serialization step regardless of how advanced tag-
ging models are. The competent performance of
SPADEs on CORD-M, a dataset generated by con-
catenating two receipt images from CORD into a
single image (Fig. 4 in Appendix), further high-

5S stands for the serializer.

lights the flexibility of SPADEs.

Handling documents having complex layout
We further evaluate SPADEs on name card IE task.
Unlike receipts, no inter-grouping between fields is
necessary for name card IE. However, name cards
often have a complex layout such as non-horizontal
alignment of text or multi column even without
tilting and warping (Fig. 1d). Our model achieves
+1.1% F1 compared to sadv+bert+iob2 on the test
set (Table 3, nc).

Handling documents having both hierarchical
structure and complex layout To fully explore
the capability of SPADEs, we further evaluate the
model on invoice IE task. Typical invoices have a
hierarchical structure where some fields need to be
grouped together, such as item name, count, and
price that correspond to one same item. In addi-
tion, invoices also have a relatively complex lay-
out, having multiple tables or columns. SPADEs
achieves +1.9 F1 compared to sadv+bert+iob2 (Ta-
ble. 3, inv).

Handling general documents In order to see if
SPADEs can handle more general kinds of doc-
uments, we use the FUNSD form understanding
dataset (Jaume et al., 2019) where document IE is
performed under a more abstract setting by finding
general key-value pairs and their inter-grouping
(Section A.1.6). The performance is measured
on two OCR-independent subtasks (Jaume et al.,
2019): (1) “entity-labeling (ELB)” which predicts
the information category of the serialized words,
and (2) “entity-linking (ELK)” which measures the
score for key-value pair link prediction. The evalu-
ation reveals that SPADEs achieves the state of the
art on ELK, outperforming the previous baseline
by 37.3% F1 (Table 4, rightmost column). In ELB,
SPADEs achieves +11.5% F1 absolute improve-
ment with respect to BERT-Base Tagger. Both mod-
els use BERT-Base as a backbone. Although the F1
scores of LayoutLM are higher than our model,
their contributions are orthogonal to ours since
they focus on making a better pretrained model.
Also, it cannot perform ELK. We emphasize that
SPADEs solves the three subtasks–ELB, ELK, and
word serialization–simultaneously, while other tag-
ger models need to use the perfectly serialized in-
put text and solve only entity labeling. The stable
performance of SPADEs over randomly rotated
documents (ELB-R) or shuffled tokens (ELB-S)
supports this highlighting the merit of the serializer-
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free architecture.

Table 4: F1 scores for two FUNSD subtasks: entity labeling
(ELB, ELB-R, and ELB-S) and entity linking (ELK). “Need S”
means the input tokens should be serialized. “# of D” indicates
the number of documents used for layout pretraining.

Model Need S # of D ELB ELB-R ELB-S ELK

Baselinea ◦ 0 57 - - 4
BERT-Base Tagger∗ ◦ 0 60.1 43.9 (-16.2) 42.5 (-17.6) -
BERT-Large Tagger∗ ◦ 0 64.6 47.6 (-17.0) 42.7 (-21.9) -
LayoutLM-Base Taggerb ◦ 500K 69.9 - - -
LayoutLM-Base Tagger∗ ◦ 11M 78.9 72.5 (-6.4) 70.2 (-8.7) -
SPADEs† × 0 71.6 70.5 (-1.1) 72.0 (+0.4)$ 41.3
aJaume et al. (2019). b From Xu et al. (2019).
∗ The source code from https://github.com/microsoft/unilm/tree/master/layoutlm.
$ The separation of long input text (> 512) into multiple independent inputs
introduces small difference in F1.
†Five encoder layers are used for computational efficiency.

Ablation study We probe the role of each com-
ponent of SPADEs via ablation study (Table 5).
The performance drops dramatically upon the re-
moval of the relative coordinate information of to-
kens in the self-attention layer, highlighting its im-
portance in the serializer-free encoder (2nd row).
When the absolute coordinates are used in the in-
put instead of the relative coordinates, F1 drops by
6.9% (3rd row). Finally, 2.6% drop in F1 is ob-
served upon the removal of the data augmentation
during training (4th row).

Table 5: Ablation study on CORD dataset.

Model F1

SPADEs† 84.5
(-) relative coordinate 10.5 (-74.0)
(-) relative coordinate (+) absolute coordinate 78.6 (-6.9)
(-) data augmentation 81.9 (-2.6)

† Five encoder layers are used for computational efficiency.

7 Conclusion

We present SPADEs, a spatial dependency parser
that can extract highly structured information from
documents that have complex layouts. By formulat-
ing document IE as a spatial dependency graph con-
struction problem, we provide a powerful unified
framework that can extract hierarchical informa-
tion without feature engineering. We empirically
demonstrate the effectiveness of our model over var-
ious real-world documents—receipts, name cards,
and invoices—and in a popular form understanding
task.
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A Appendices

A.1 Dataset
A.1.1 Dataset collection
The internal datasets Receipt-idn, namecard and Invoice are annotated by the crowd through an in-house
web application following (Park et al., 2019; Hwang et al., 2019). First, each text segment is labeled
(bounding box and the characters inside) for the OCR task. The text segments are further grouped
according to their field types by the crowds. For Receipt-idn and Invoice, additional group-ids are
annotated to each field for inter-grouping of them. The text segments placed on the same line are also
annotated through row-ids. For quality assurance, the labeled documents are cross-inspected by the
crowds.

A.1.2 CORD, CORD+, CORD++, and CORD-M for receipt IE
CORD and their variant consist of 30 information categories such as menu name, count, unit price,
price, and total price (Table 6). The fields are further grouped and forms the information layer at a
higher level.

A.1.3 Receipt-idn for receipt IE
Receipt-idn is similar to CORD but includes more diverse information categories (50) such as store name,
store address, and payment time (Table 6).

A.1.4 namecard for name card IE
namecard consists of 12 field types, including name, company name, position, and address (Table
6). The task requires grouping and ordering of tokens for each field. Although there is only a single
information layer (field), the careful handling of complex spatial relations is required due to the large
degree of freedom in the layout.

A.1.5 Invoice for invoice IE
Invoice consists of 62 information categories such as item name, count, price with tax, item
price without tax, total price, invoice number, invoice date, vendor name, and
vendor address (Table 6). Similar to receipts, their hierarchical information is represented via
inter-field grouping.

A.1.6 FUNSD for general form understanding
FUNSD form understanding task consists of two sub tasks: entity labeling (ELB) and entity linking (ELK).
In ELB, tokens are classifed into one of four fields–header, question, answer, and other–while doing
serialization of tokens within each field. Both subtasks assume that the input tokens are perfectly serialized
with no OCR error. To emphasize the importance of correct serialization in the real-world, we prepare
two variant of ELB tasks: ELB-R and ELB-S. In ELB-R, the whole documents are randomly rotated
by a degree of -20◦–20◦ and the input tokens are serialized using rotated y-coordinates. In ELB-S task,
the input tokens are randomly shuffled. In both tasks, the relative order of the input tokens within each
field remain unchanged. In ELK task, tokens are linked based on their key-value relations (inter-grouping
between fields). For example, each “header” is linked to the corresponding “question”, and “question” is
paired with the corresponding “answer”.

Table 6: The representative fields of the datasets.

Dataset representative fields and their numbers

CORD,CORD+, CORD++,CORD-M menu name (2572), count (2357), unit price (737), price (2559), total price (974)

Receipt-idn
menu name (28832), munu count (27132), menu unitprice (11530),

menu price (28028), total price (10284), store name (9413), payment time (9817)

namecard name (25917), company name (24386), position (22848), address (26018)

Invoice
item name (2761), count (1950), price with tax(781), price without tax (2230),

total price (844), invoice number (803), invoice date (987), vendor name (993), vendor address (993),

FUNSDa header (563), question (4343), answer (3623), other (1214)

a From (Jaume et al., 2019).
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A.2 Evaluation metric
During calculation of F1 for parses, the difference between prediction and ground truth is not counted
in store name, menu name, and item name fields in receipt and invoice when the edit distance (ED) is
less then 2 or when the ED/gt-string-length ≤ 0.4. Also, in Japanese documents, white spaces are ignored.

In the FUNSD form understanding task, we measure entity labeling (ELB) and entity linking (ELK)
scores following (Jaume et al., 2019). ELB measures the field classification accuracy of already “per-
fectly” serialized tokens of each field (words group), whereas ELK measures the inter-grouping accuracy
between word groups. As SPADEs does both the serialization of the fields and grouping between fields
simultaneously, we do not feed the serialized tokens into SPADEs but only use the oracle information to
indicate the first text node of each field from the predicted graph. These text nodes effectively represent
entire fields and are used for the evaluation.

A.3 The score for the dependency relation prediction

Table 7: The score for the dependency relation prediction. s and g stand for rel-s
and rel-g.

Precision Recall F1

Model rel co ri nc inv fu co ri nc inv fu co ri nc inv fu

s - tca s 96.4 97.7 90.7 97.4 60.6† 97.1 98.8 92.0 98.3 63.7† 96.8 98.3 91.3 97.8 62.2†
s - tca g 87.8 91.1 - 86.7 41.1† 90.1 93.8 - 88.0 34.4† 88.9 92.4 - 87.3 37.4†

s s 96.8 97.8 91.9 97.6 70.4† 97.1 98.8 91.3 98.2 59.8† 96.9 98.3 91.6 97.9 64.6†
s g 89.9 92.2 - 88.6 49.7† 89.2 93.1 - 86.3 30.5† 89.6 92.7 - 87.4 37.8†

UB-no-ser s 100 100 100 100 - 32.7 31.3 57.7 18.8 - 49.3 47.7 73.1 31.7 -
UB-no-ser g 0 0 - 0 - 0 0 - 0 - 0 0 - 0 -

†Five encoder layers are used instead of twelve for computational efficiency.

a

b

c

{
{'menu_name': ['Lemon Tea (L)'], 'count': ['1'], 'price': ['25000']}
{'total_price': ['25000'], 'cash_price': ['30000'], 'change_price': ['5000']}

}
{
{'menu_name': ['PKT TELOR/PERK'], 'price': ['26000']}
{'menu_name': ['TERONG'], 'price': ['12000']}
{'menu_name': ['PARU'], 'price': ['23000']}
{'menu_name': ['SBL GR'], 'price': ['20000']}
{'menu_name': ['NESTLE 330 ML'], 'price': ['8000']}
{'subtotal_price': ['89000'], 'tax_price': ['8900']}
{'total_price': ['97900'], 'menuqty_cnt': ['5.00xITEMS'], 'cash_price': ['100000'], 'change_price': ['2100']}

}

Figure 4: The example of a receipt image from CORD-M (a), the predicted parse (b), and the accuracy table (c).

341



Figure 5: The example from CORD, CORD+, and CORD++ dev sets (ids 0–3).

342



Figure 6: The example from CORD, CORD+, and CORD++ dev sets (ids 4–7).
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Abstract

Current open-domain question answering sys-
tems often follow a Retriever-Reader architec-
ture, where the retriever first retrieves rele-
vant passages and the reader then reads the
retrieved passages to form an answer. In
this paper, we propose a simple and effec-
tive passage reranking method, named Reader-
guIDEd Reranker (RIDER), which does not in-
volve training and reranks the retrieved pas-
sages solely based on the top predictions of the
reader before reranking. We show that RIDER,
despite its simplicity, achieves 10 to 20 abso-
lute gains in top-1 retrieval accuracy and 1 to
4 Exact Match (EM) gains without refining the
retriever or reader. In addition, RIDER, with-
out any training, outperforms state-of-the-art
transformer-based supervised rerankers. Re-
markably, RIDER achieves 48.3 EM on the
Natural Questions dataset and 66.4 EM on the
TriviaQA dataset when only 1,024 tokens (7.8
passages on average) are used as the reader in-
put after passage reranking.1

1 Introduction

Current open-domain question answering
(OpenQA) systems often follow a Retriever-
Reader (R2) architecture, where the retriever first
retrieves relevant passages and the reader then
reads the retrieved passages to form an answer.
Since the retriever retrieves passages from a
large candidate pool (e.g., millions of Wikipedia
passages), it often fails to rank the most relevant
passages at the very top. One line of work (Mao
et al., 2020; Karpukhin et al., 2020) aims to
improve the retriever and shows that significantly
better QA performance can be achieved when the
retrieval results are improved.

∗Work was done during internship at Microsoft Azure AI.
1Our code is available at https://github.com/

morningmoni/GAR.

An alternative solution is to rerank the initial re-
trieval results via a reranker, which is widely used
in information retrieval (Nogueira and Cho, 2019;
Qiao et al., 2019) and explored in early OpenQA
systems (Wang et al., 2018a; Lee et al., 2018).
However, current state-of-the-art OpenQA systems
(Karpukhin et al., 2020; Izacard and Grave, 2020b)
do not distinguish the order of the retrieved pas-
sages and instead equally consider a large number
of retrieved passages (e.g., 100), which could be
computationally prohibitive as the model size of the
readers becomes larger (Izacard and Grave, 2020b).

We argue that a Retriever-Reranker-Reader (R3)
architecture is beneficial in terms of both model
effectiveness and efficiency: passage reranking im-
proves the retrieval accuracy of the retriever at top
positions and allows the reader to achieve compara-
ble performance with fewer passages as the input.
However, one bottleneck of R3 is that the reranker,
previously based on BiLSTM (Wang et al., 2018a;
Lee et al., 2018) and nowadays typically BERT-
based cross-encoder (Nogueira and Cho, 2019;
Qiao et al., 2019), is often costly to train and its
slow inference delays the whole pipeline as well.

Can we achieve better performance without the
bother of training an expensive reranker or refining
the retriever (reader)? In this paper, we propose
a simple and effective passage reranking method,
named Reader-guIDEd Reranker (RIDER), which
does not require any training and reranks the re-
trieved passages solely based on their lexical over-
lap with the top predicted answers of the reader
before reranking. Intuitively, the top predictions of
the reader are closely related to the ground-truth an-
swer and even if the predicted answers are partially
correct or incorrect, they may still provide useful
signals suggesting which passages may contain the
correct answer (Mao et al., 2020).

We conduct experiments on the Natural Ques-
tions (NQ) (Kwiatkowski et al., 2019) and Triv-
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iaQA (Trivia) (Joshi et al., 2017) datasets. We
demonstrate that R3 with RIDER, without any addi-
tional training, achieves 10 to 20 absolute gains
in top-1 retrieval accuracy, and 1 to 4 gains in
Exact Match (EM) compared to the R2 architec-
ture. RIDER also outperforms two state-of-the-
art transformer-based supervised reranking mod-
els that require expensive training and inference.
Notably, using only 1,024 tokens (7.8 passages
on average) as the input of a generative reader,
RIDER achieves EM=47.5/63.5 on NQ/Trivia when
the predictions of the same generative reader
(EM=45.3/62.2 in R2) are used for reranking, and
EM=48.3/66.4 on NQ/Trivia when the predictions
of an extractive reader (EM=43.8/62.7 in R2) are
used for reranking.
Contributions. (1) We propose Reader-guIDEd
Reranker (RIDER), a simple and effective passage
reranking method for OpenQA, which reranks the
retriever results by the reader predictions without
additional training and can be easily applied to ex-
isting R2 systems for performance improvements.
(2) We demonstrate that the passages reranked
by RIDER achieve significantly better retrieval ac-
curacy and consequently lead to better QA per-
formance without refining the retriever or reader.
(3) Notably, RIDER achieves comparable or better
performance than state-of-the-art methods on two
benchmark datasets when only 1,024 tokens are
used as the reader input after passage reranking.

2 Method

2.1 Task Formulation

We assume that an OpenQA system with an R2
architecture is available. We denote the initially
retrieved passages of the retriever as R. We denote
the top-N predictions of the reader on the top-k
passages of R (denoted as R[:k]) as A[:N ]. The
goal of RIDER is to rerank R to R′ using A[:N ]

such that the retrieval accuracy is improved and
better end-to-end QA results are achieved when
R′[:k] is used as the reader input instead of R[:k].

2.2 Passage Reranking

Given an initially retrieved passage list R and top-
N predictions of the reader A[:N ], RIDER forms a
reranked passage list R′ as follows. RIDER scans
R from the beginning of the list and appends to
R′ every passage p ∈ R if p contains any reader
prediction a ∈ A[:N ] after string normalization (re-
moving articles and punctuation) and tokenization.

Then, the remaining passages are appended to R′

according to their original order.
Intuitively, if the reader prediction is perfect, the

retrieval accuracy after reranking is guaranteed to
be optimal. Specifically, if the reader prediction is
correct, it is guaranteed that the retrieval accuracy
after reranking is better, since RIDER moves all
passages containing the correct answer to the top
(or at least the same if those passages are all at the
top before reranking). If the reader prediction is
wrong, RIDER could still be better if the predicted
answer co-occurs with the correct answer, the same,
or worse if the predicted answer is misleading. In
practice, if the reader performs reasonably well,
RIDER is also likely to rerank passages well. Over-
all, we observe quantitatively that RIDER leads to
consistent gains in terms of both retrieval accuracy
and QA performance without refining the retriever
(reader) or even any training itself despite the noise
in reader predictions.

2.3 Passage Reading

We consider a scenario where the number of pas-
sages that can be used for QA is limited (some-
times deliberately) due to reasons such as insuffi-
cient computational resources, the limit of model
input length, or requirement for faster responses.
We use a generative reader initialized by BART-
large (Lewis et al., 2019), which concatenates the
question and top-10 retrieved passages, trims them
to 1,024 tokens (7.8 passages are left on average)
as the input, and learns to generate the answer in
a seq2seq manner (Mao et al., 2020; Min et al.,
2020). We further add a simple shuffle strategy
during reader training, which randomly shuffles the
top retrieved passages before concatenation. In this
way, the reader appears to be more robust to the
reranked passages during inference and achieves
better performance after reranking.

3 Experiment Setup

Datasets. We conduct experiments on the open-
domain version of two widely used QA bench-
marks – Natural Questions (NQ) (Kwiatkowski
et al., 2019) and TriviaQA (Trivia) (Joshi et al.,
2017), whose statistics are listed in Table 2.
Evaluation Metrics. Following prior studies (Mao
et al., 2020; Karpukhin et al., 2020), we use top-
k retrieval accuracy to evaluate the retriever and
Exact Match (EM) to evaluate the reader. Top-k
retrieval accuracy is the proportion of questions for
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Data Input NQ Trivia
Top-1 Top-5 Top-10 Top-20 Top-100 Top-1 Top-5 Top-10 Top-20 Top-100

R 46.8 70.7 77.0 81.5 88.9 53.2 73.1 77.0 80.4 85.7
R′ by G (N=1) 58.6 71.4 76.9 81.6 88.9 68.8 74.8 77.5 80.4 85.7
R′ by G (N=10) 56.4 72.2 77.3 81.6 88.9 66.9 75.3 77.9 80.8 85.7

R′ by E (N=1) 60.4 72.1 77.3 81.7 88.9 71.9 77.5 79.8 81.8 85.7
R′ by E (N=5) 53.5 75.2 80.0 83.2 88.9 63.2 77.9 80.7 82.8 85.7
R′ by E (N=10) 50.3 74.3 80.0 84.2 88.9 59.8 77.1 80.5 82.9 85.7

Table 1: Top-k retrieval accuracy on the test sets before and after reranking. G and E denote generative and
extractive readers, respectively, whose top predictions are used for reranking.

Dataset Train / Val / Test Q-len A-len #-A

NQ 79,168 / 8,757 / 3,610 12.5 5.2 1.2
Trivia 78,785 / 8,837 / 11,313 20.2 5.5 13.7

Table 2: Dataset statistics that show the number of
samples, the average question (answer) length, and the
average number of answers for each question.

which the top-k retrieved passages contain at least
one answer span. It is an upper bound of how many
questions are answerable by an extractive reader.
Exact Match (EM) is the proportion of the predicted
answer spans being exactly the same as one of the
ground-truth answers, after string normalization
such as article and punctuation removal.

Source of R. Following Mao et al. (2020), we
take the top 100 retrieved passages of GAR (Mao
et al., 2020) on Trivia and its combination with
DPR (Karpukhin et al., 2020) on NQ as the initial
retrieval results R for reranking.

Source of A[:N ]. To obtain the top-N predicted an-
swers, we first take the predictions of the generative
reader (G) in Sec. 2.3, which is trained on the pas-
sages without reranking and used for final passage
reading in R3. It represents an apple-to-apple com-
parison to R2 without any additional information
but higher-quality input. We also experiment with
an extractive reader (E) that has access to all re-
trieved passages, where the goal is to study whether
we can rerank passages via other signals and further
improve G such that it outperforms both G and E
when they are in R2. We use the extractive reader
in Mao et al. (2020) with BERT-base (Devlin et al.,
2019) representation and span voting.

For the generative reader, we either take its top-1
prediction with greedy decoding or sample 10 an-
swers with decoding parameters as follows. We
set sampling temperature to 5/2 and the top proba-
bility in nucleus sampling to 0.5/0.5 on NQ/Trivia,

respectively. Note that there are duplicate samples
and on average N̄ = 6. We set the max input length
to 1,024 and max output length to 10. For the ex-
tractive reader, the top predictions are the text spans
with the highest scores and we set N = 1, 5, 10.

4 Experiment Results

4.1 Quality of Reranking Signals
We first analyze the EM of the top-N reader pre-
dictions A[:N ]. We consider a question correctly
answered as long as one of the top-N predictions
matches the ground-truth answer. The standard
EM is a special case with N = 1. As listed in Ta-
ble 3, the reader EM can be improved by up to 24.0
on NQ and 15.8 on Trivia if we consider the top-
10 predictions instead of only the first prediction,
suggesting that there is significant potential if we
use multiple predicted answers for reranking. That
said, using more reader predictions also introduces
more noise, i.e., incorrect answers, which could be
misleading at times.

Dataset Top-1 Top-3 Top-5 Top-10

NQ 43.8 (45.3) 57.4 62.6 67.8 (54.2)
Trivia 62.7 (62.2) 72.6 75.5 78.5 (67.7)

Table 3: EM of top-N predictions of the reader. Re-
sults are mostly on reader E. Only top-1 and top-10
EM are shown (in the brackets) for reader G, as its 10
predictions are sampled without particular order.

4.2 RIDER for Passage Retrieval
We list the top-k retrieval accuracy before and after
passage reranking in Table 1. RIDER significantly
improves the retrieval accuracy at top positions
(especially top-1) without refining the retriever. In
particular, we observe that when taking more reader
predictions (i.e., larger N), the top-k retriever ac-
curacy tends to improve more at a larger k and
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less at a smaller k. For example, an improvement
of about 3 points is achieved for top-5 and top-10
accuracy when increasing N from 1 to 5 on NQ
for reader E, but the top-1 retrieval accuracy also
drops significantly (although still better than with-
out reranking), which again suggests that there is a
trade-off between answer coverage and noise. Note
that the top-100 retrieval accuracy is unchanged af-
ter reranking since we rerank the top-100 passages.

4.3 RIDER for Passage Reading

Comparison w. the state-of-the-art. We show
the QA performance comparison between RIDER

and state-of-the-art methods in Table 4. We observe
that RIDER improves GAR (or GAR+DPR) on both
datasets by a large margin, despite that they use the
same generative reader and no further model train-
ing is conducted. Such results indicate that RIDER

provides higher-quality input for the reader and
better performance can be achieved with the same
input length. Moreover, the results of RIDER are
better than most of the existing methods that take
more passages as input, except for FID-large (Izac-
ard and Grave, 2020b) that reads 100 passages and
also has more model parameters.

Method NQ Trivia

E
xt

ra
ct

iv
e

Hard EM (Min et al., 2019a) 28.1 50.9
Path Retriever (Asai et al., 2019) 32.6 -
ORQA (Lee et al., 2019) 33.3 45.0
Graph Retriever (Min et al., 2019b) 34.5 56.0
REALM (Guu et al., 2020) 40.4 -
DPR (Karpukhin et al., 2020) 41.5 57.9
BM25 (Mao et al., 2020) 37.7 60.1
GAR 41.8 62.7
GAR+DPR 43.8 -

G
en

er
at

iv
e

GPT-3 (Brown et al., 2020) 29.9 -
T5 (Roberts et al., 2020) 36.6 60.5
SpanSeqGen (Min et al., 2020) 42.2 -
RAG (Lewis et al., 2020) 44.5 56.1
FID-base (Izacard and Grave, 2020b) 48.2 65.0
FID-large (Izacard and Grave, 2020b) 51.4 67.6
BM25 (Mao et al., 2020) 35.3 58.6

GAR (Mao et al., 2020) 38.1 62.2
RIDER (GAR) - 66.4

GAR+DPR (Mao et al., 2020) 45.3 -
RIDER (GAR+DPR) 48.3 -

Table 4: End-to-end QA comparison of state-of-the-
art methods. RIDER results in up to 4.2 EM gains.

Ablation Study. A detailed analysis of RIDER

with different reranking signals is shown in Table 5.
By reranking based on the prediction of the genera-
tive reader G (with input R[:k]), RIDER generally

Data Input NQ Trivia

R 45.3 62.2
R′1 by G (N=1) (45.3+1.1) 46.4 (62.2+0.7) 62.9
R′2 by G (N=10) (45.3+2.1) 47.4 (62.2+0.9) 63.1
R′′ by R′1 (46.4+1.1) 47.5 (62.9+0.6) 63.5

R′ by E (N=1) (43.8+3.2) 47.0 (62.7+3.4) 66.1
R′ by E (N=5) (43.8+4.5) 48.3 (62.7+2.5) 65.2
R′′ by best R′ (48.3+0) 48.3 (66.1+0.3) 66.4

Table 5: Comparison of RIDER in EM when differ-
ent reranking signals are used. The numbers in the
brackets represent the performance of the reader used
for reranking and relative gains.

Method Top-1 Top-5 Top-10 Top-20

R 46.8 70.7 77.0 81.5
R′ by BERT reranker 51.4 67.6 75.7 82.4
R′ by BART reranker 55.2 73.5 78.5 82.2
R′ by G (N=10) 56.4 72.2 77.3 81.6
R′ by E (N=5) 53.5 75.2 80.0 83.2

Table 6: Comparison with supervised rerankers in
top-k retrieval accuracy on NQ. RIDER outperforms
expensive transformer-based models without training.

achieves 1 to 2 gains in EM, which shows that
RIDER can improve end-to-end QA performance
without any additional information. By iterative
reranking (R′′) using the reader predictions after
first reranking, the performance of RIDER is further
improved. Conducting more than two iterations of
reranking does not appear to bring additional gains.

RIDER achieves even better performance when
using the predictions of the extractive reader E
(with input R) for reranking, which is consistent
with the results on retrieval. It is also encourag-
ing to see that RIDER significantly outperforms E,
which is more computationally expensive and has
access to much more passages.

4.4 Comparison w. Supervised Reranking

Finally, we compare RIDER with two state-of-the-
art supervised reranking models. The first reranker
is a BERT-base cross-encoder (Nogueira and Cho,
2019), which is popularly used for passage rerank-
ing in information retrieval. The cross-encoder
concatenates the query and passage, and makes a
binary relevance decision for each query-passage
pair. The second one generates relevance labels as
target tokens in a seq2seq manner (Nogueira et al.,
2020). We use BART-large as the base model and
“YES/NO” as the target tokens.

As listed in Table 6, RIDER, without any train-
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ing, outperforms the two transformer-based super-
vised rerankers on retrieval accuracy. Also, for
QA performance, the best EM we obtain using
the supervised rerankers is merely 46.3 on NQ.
Such results further demonstrate the effectiveness
of RIDER, which has the advantage of utilizing in-
formation from multiple passages (when the reader
makes predictions), while the other rerankers con-
sider query-passage pairs independently.

4.5 Runtime Efficiency

The reranking step of RIDER only involves string
processing, which can be easily paralleled and re-
duced to within seconds. We use Nvidia V100
GPUs for reader training and inference. The train-
ing of the generative reader takes 8 to 10 hours with
1 GPU, while it takes 12 to 16 hours with 8 GPUs
for the DPR reader (Karpukhin et al., 2020). Due
to fewer input passages, the inference of the gener-
ative reader is also very efficient – it takes around
3.5/11 min to generate answers on the NQ/Trivia
test set with 1 GPU. In comparison, the DPR reader
takes about 14/40 min with 8 GPUs.

5 Related Work

Reranking for OpenQA. Reranking has been
widely used in information retrieval to refine the ini-
tial retrieval results. Early effort on passage rerank-
ing for OpenQA uses supervised (Lee et al., 2018)
or reinforcement learning (Wang et al., 2018a)
based on BiLSTM. More recently, BERT-based
rerankers that treat the query and passage as a
sentence pair (i.e., cross-encoders) achieve supe-
rior performance (Nogueira and Cho, 2019; Qiao
et al., 2019). However, the training of cross-
encoders is rather costly. Moreover, the represen-
tations of cross-encoders cannot be pre-computed
and matched via Maximum Inner Product Search
(MIPS) as in bi-encoders (Karpukhin et al., 2020)
but measured online between the query and each
passage, which results in slower inference as well.

Another line of work (Das et al., 2018; Qi et al.,
2020) reranks the passages by updating the query
and often involves a complicated learning process
such as R2 interactions. Alternatively, some prior
studies (Wang et al., 2018b; Iyer et al., 2020) di-
rectly rerank the top predicted answers instead of
the passages using either simple heuristics or addi-
tional training. In contrast, RIDER utilizes down-
stream signals (i.e., the predictions of a reader) to
rerank the passages without any training.

Reader Distillation. Recent studies (Izacard and
Grave, 2020a; Yang and Seo, 2020) show that dis-
tillation from the preference of the reader can im-
prove the retriever performance, where the reader
preference is measured by the attention scores of
the reader over different passages and the retriever
is refined by learning to approximate the scores.
RIDER, to some extent, can also be seen as one
way to distill the reader. However, RIDER is much
simpler in that no further training is involved for
either the retriever or reader, and explicit reader
predictions instead of latent attention scores are
leveraged to improve the retriever results directly.

6 Conclusion

In this work, we propose RIDER, a simple and
effective passage reranking method for OpenQA,
which does not involve additional training or com-
putationally expensive inference, and outperforms
state-of-the-art supervised rerankers that involve
both. RIDER can be easily integrated into existing
R2 systems for performance improvements. With-
out fine-tuning the retriever or reader, RIDER im-
proves the retrieval accuracy and the QA results
on two benchmark datasets significantly. Notably,
RIDER achieves comparable or better performance
than state-of-the-art methods with less reader input
and allows for more efficient OpenQA systems. For
future work, we will explore other simple and effec-
tive reranking strategies with no (minimal) training
or external supervision.
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Abstract

Entities and their mentions convey significant
semantic information in documents. In multi-
document summarization, the same entity may
appear across different documents. Capturing
such cross-document entity information can be
beneficial – intuitively, it allows the system
to aggregate diverse useful information around
the same entity for better summarization. In
this paper, we present EMSum, an entity-
aware model for abstractive multi-document
summarization. Our model augments the
classical Transformer-based encoder-decoder
framework with a heterogeneous graph con-
sisting of text units and entities as nodes,
which allows rich cross-document information
to be captured. In the decoding process, we
design a novel two-level attention mechanism,
allowing the model to deal with saliency and
redundancy issues explicitly. Our model can
also be used together with pre-trained lan-
guage models, arriving at improved perfor-
mance. We conduct comprehensive experi-
ments on the standard datasets and the results
show the effectiveness of our approach.

1 Introduction

Multi-document summarization aims at generating
a short and informative summary across a set of
topic-related documents. It is a task that can be
more challenging than single-document summa-
rization due to the presence of diverse and poten-
tially conflicting information (Ma et al., 2020).

While significant progress has been made in
single-document summarization, the mainstream
sequence-to-sequence models, which can perform
well on single-document summarization, often
struggle with extracting salient information and
handling redundancy in the presence of multiple,
long documents. Thus, simply adopting models

∗Corresponding author.

Figure 1: A sample article from MultiNews. We show
the results of co-reference resolution. Mentions of the
same entity are highlighted with the same color.

that were shown effective for single-document sum-
marization to the multi-document setup may not
lead to ideal results (Lebanoff et al., 2018; Zhang
et al., 2018; Baumel et al., 2018).

Several previous research efforts have shown
that modeling cross-document relations is essential
in multi-document summarization (Liu and Lapata,
2019a; Li et al., 2020). Such relations were shown
useful in identifying the salient and redundant infor-
mation from long documents, and can thus guide
the summary generation process. However, while
effective empirically, such approaches do not fo-
cus on explicitly modeling the underlying semantic
information across documents.

Entities and their mentions convey rich semantic
information, and can be significant in summariza-
tion, especially when a specific entity is the topic
under discussion for a set of documents. As shown
in Figure 1, entity mentions frequently appear in
the input article, and are playing unique roles that
contribute towards the coherence and conciseness
of the text. We believe that entities can be regarded
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as the indicator of saliency and can be used to re-
duce redundancy. This motivates us to propose an
entity-aware abstractive multi-document summa-
rization model that effectively encodes relations
across documents with the help of entities, and ex-
plicitly solve the issues of saliency and redundancy.

Inspired by Wang et al. (2020a), we build a het-
erogeneous graph that consists of nodes that rep-
resent documents and entities. The entity nodes
can serve as bridges that connect different docu-
ments – we can model the relations across docu-
ments through entity clusters. We apply the graph
attention network (GAT) (Veličković et al., 2017)
to enable information flow between nodes and it-
eratively update the node representations. In the
decoding process, we design a novel two-level at-
tention mechanism. The decoder first attends to
the entities. Next, the attention weights of entities
are incorporated with graph edge weights to guide
the attention to the documents. Intuitively, the first
stage indentifies the salient content in each decod-
ing step. By considering the global interactions
between entities and documents in the graph, the
second stage is able to handle the redundancy issue.
Experiments show that our model significantly im-
proves the performance on several multi-document
datasets. Further improvements can be made when
our model is used together with the pre-trained
language models.

Our contributions are as follows:
• We construct a heterogeneous graph network

for multi-document summarization. The
graph consists of document-level and entity-
level nodes. To the best of our knowledge, we
are the first to model the relations between
documents and entities in one heterogeneous
graph. Experiments show that exploiting en-
tity nodes as the intermediary between docu-
ments can be more effective than exploiting
other semantic units (e.g., words).
• We propose a novel two-level attention mecha-

nism during the decoding process, solving the
issues of saliency and redundancy explicitly.
The mechanism can also reduce the computa-
tional cost, making it easier to process long
inputs.
• Our model achieves state-of-the-art results on

WikiSum and MultiNews. Extensive analysis
including ablation studies show the effective-
ness of our model.1

1Our code is at https://github.com/Oceandam/EMSum

2 Related Work

2.1 Abstractive Document Summarization
Abstractive summarization is often regarded as the
ultimate goal of document summarization research.
Extractive summarization methods produce sum-
maries that are semantically similar to the original
documents. Thus, they may be able to achieve
relatively high ROUGE scores (Lin, 2004). How-
ever, sentence-level extraction lacks flexibility and
tends to produce redundant information. By con-
trast, the process of abstractive summarization is
more similar to the human summarization process
and requires more sophisticated natural language
understanding and generation techniques. Tradi-
tional approaches to abstractive summarization can
be divided into sentence fusion-based (Barzilay
and McKeown, 2005; Filippova and Strube, 2008;
Banerjee et al., 2015), paraphrasing-based (Bing
et al., 2015; Cohn and Lapata, 2009) and informa-
tion extraction-based (Li, 2015; Wang and Cardie,
2013; Pighin et al., 2014).

With the development of neural-based meth-
ods, abstractive methods achieved promising re-
sults on single document summarization (See et al.,
2017; Paulus et al., 2018; Gehrmann et al., 2018;
Li et al., 2018). More recently, due to the ex-
cellent performance on various text generation
tasks, transformer-based methods become the main-
stream approach for abstractive multi-document
summarization, as well as pre-trained language
models. Liu and Lapata (2019b) propose Bert-
SUM for both extractive and abstractive summa-
rization. Zhang et al. (2019) build low-level and
high-level Berts for sentence and document under-
standing, respectively. Moreover, several general
purpose sequence-to-sequence pre-trained models
are proposed, such as T5 (Raffel et al., 2020) and
BART (Lewis et al., 2019). They are further fine-
tuned for the summarization task. Zhang et al.
(2020) propose PEGASUS, in which they design a
pre-training objective tailored for abstractive text
summarization. Zou et al. (2020) present three
sequence-to-sequence pre-training objectives by re-
instating source text for abstractive summarization.

2.2 Graph-based Document Summarization
Graph-based methods have long been utilized for
extractive summarization. Text units on graphs are
ranked and selected as the most salient ones to be
included in the summary. LexRank (Erkan and
Radev, 2004) computes sentence salience based on
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the eigenvector centrality in the connectivity graph
of inter-sentence cosine similarity. Wan (2008) fur-
ther incorporate the document-level information
and the sentence-to-document relationship into the
graph-based ranking process. Christensen et al.
(2013) build multi-document graphs to approxi-
mate the discourse relations across sentences based
on indicators including discourse cues, deverbal
nouns, co-reference and more.

For recent methods based on graph neural net-
works, Tan et al. (2017) propose a graph-based
attention mechanism to identify salient sentences.
Yasunaga et al. (2017) construct an approximate
discourse graph based on discourse markers and en-
tity links, then apply graph convolutional networks
over the relation graph. Fan et al. (2019) construct
a local knowledge graph, which is then linearized
into a structured input sequence so that models can
encode within the sequence-to-sequence setting.
Huang et al. (2020) further design a graph encoder,
which improves upon graph attention networks,
to maintain the global context and local entities
complementing each other. Li et al. (2020) utilize
homogeneous graphs to capture cross-document
relations and guide the summary generation pro-
cess. However, Wang et al. (2020a) are the first to
introduce different granularity levels of text nodes
to construct heterogeneous graphs for extractive
summarization. Our work is partly similar to theirs,
but we construct heterogeneous graphs composed
of text unit nodes and entity nodes for abstractive
multi-document summarization.

2.3 Summarization with Additional Features

In addition to the direct application of the general
sequence-to-sequence framework, researchers at-
tempted to incorporate various features into sum-
marization. Cao et al. (2018) extract actual fact
descriptions from the source text and propose a
dual-attention mechanism to force the generation
conditioned on both the source text and the ex-
tracted fact descriptions. Sharma et al. (2019) take
a pipeline method for single-document summariza-
tion which is composed of an entity-aware con-
tent selection module and a summary generation
module. By contrast, our EMSum model is an
end-to-end method for multi-document summariza-
tion. Gunel et al. (2020) inject structural world
knowledge from Wikidata to a transformer-based
model, enabling the model to be more fact-aware.
Zhu et al. (2020) extract factual relations from the

source texts to build a local knowledge graph and
integrated it into the transformer-based model.

Apart from entity or fact information, there are
several works that incorporate topic information
into summarization model. Narayan et al. (2018)
recommend an encoder associating each word with
a topic vector capturing whether it is representative
of the document’s content, and a decoder where
each word prediction is conditioned on a document
topic vector. Zheng et al. (2019) propose to mine
cross-document subtopics. In their work, sentence
salience is estimated in a hierarchical way with
subtopic salience and relative sentence salience.
Perez-Beltrachini et al. (2019) explicitly model the
topic structure of summaries, and utilize it to guide
a structured convolutional decoder. Wang et al.
(2020b) rearrange and further explore the seman-
tics of the topic model and develope a friendly topic
assistant for transfomer-based abstractive summa-
rization models.

3 Model

Our model is illustrated in Figure 2, which follows
the transformer-based encoder-decoder architec-
ture (Vaswani et al., 2017). We modify the encoder
with graph neural networks, so we can incorporate
entity information and graph representations at the
same time. We design a novel two-level decod-
ing process to explicitly deal with the problem of
saliency and redundancy.

3.1 Entity Cluster Extraction

Wang et al. (2020a) use words as semantic units
in addition to sentence nodes, acting as the inter-
mediary to enrich the relationships between sen-
tences. However, we argue that word-level se-
mantic units are too fine and will bring huge com-
putational costs. For multi-document summariza-
tion, models are usually required to process tens
of documents. The total number of words will
be vast, which further causes a hindrance for the
graph construction and message passing process.
Therefore, we use entity clusters as more advanced
semantic units. We utilize the co-reference res-
olution tool (Lee et al., 2017) from AllenNLP
(Gardner et al., 2018) to extract entity clusters.
Note that we perform extraction globally, which
means we concatenate all the documents into one
long document. We denote the extracted entity
clusters as C = {C1, C2, . . . , Cm}, where Ci =
{mention1,mention2, . . . ,mentionl}, and l is
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Figure 2: Overall architecture of our model.

the number of entity mentions in cluster Ci.

3.2 Graph Construction

Given a source document cluster D, we firstly
divide them into smaller semantic units P =
{P1, P2, . . . , Pn}, such as paragraphs and sen-
tences, depending on the characteristics of datasets.
We then construct a heterogeneous graph G = (V ,
E). V includes paragraph nodes Vp and entity clus-
ter nodes Vc. E represents undirected edges be-
tween nodes. There exists no edge inside paragraph
nodes or entity cluster nodes, but only between
them. An edge which connects Pi and Cj means
paragraph Pi contains an entity mention in Cj .

We would like to include more information in
the graph. We get an occurrence matrix E ∈ Rm×n
after extraction, where eij 6= 0 indicates Pi con-
tains entity mentions in Cj for eij times. Based on
E, we further calculate the TF-IDF value matrix
Ẽ ∈ Rm×n to model the importance of relation-
ships between entity clusters and paragraphs.

3.3 Document Encoder

Paragraph Encoder Several token-level trans-
former encoding layers are stacked to encode con-
textual information within each paragraph. The
transformer layer is the same as the vanilla trans-
former layer (Vaswani et al., 2017). Let x0w be the
input token vector. For the l-th transformer layer,
the input is xl−1w , the hidden state is hlw, and the

output is xlw.

hlw = LayerNorm(xl−1w + MHAttn(xl−1w )) (1)

xlw = LayerNorm(hlw + FFN(hlw)) (2)

LayerNorm is the layer normalization operation
(Ba et al., 2016). MHAttn is multi-head attention
from Vaswani et al. (2017). FFN is a feed-forward
network with ReLU as activation function. We
take the output of last layer as token-level features.
We use Hpw ∈ Rnw×dw to denote the token-level
feature matrix, where nw is the total number of
tokens in all paragraphs and dw is the dimension
of token embedding.

Multi-Head Pooling To obtain fixed length para-
graph representations, we follow Liu and Lap-
ata (2019a) to apply a weighted-pooling opera-
tion. The multi-head pooling mechanism calculates
the weight distributions over tokens, allowing the
model to flexibly encode paragraphs in different
representational subspace by different head.

hp = MHPool(hw1, hw2, ...) (3)

We use Hp ∈ Rn×dh to denote the paragraph
level feature matrix, where n is the number of para-
graphs, dh is the hidden size.

Entity Cluster Encoder We perform the same
encoding process as the paragraph encoder to get
entity clusters’ representation, but without sharing
parameters between the two encoders. We choose
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this method rather than additional entity embedding
methods because we seek to model the relationship
between paragraphs and entities in a unified seman-
tic space. Note that we firstly remove pronouns
and stopwords in entity mention clusters, which
are common in co-reference resolution results but
render little benefit for our semantic modeling. We
use Hcw ∈ Rmw×dw and Hc ∈ Rm×dh to denote
the token level feature matrix and cluster level fea-
ture matrix, respectively.

3.4 Graph Encoder

We use graph attention networks (GAT) (Veličković
et al., 2017) to update the representations of seman-
tic nodes. We use i, j ∈ {1, ..., (m+n)} to denote
an arbitrary node in graph, use hi,hj ∈ Rdh to de-
note the node representations, and useNi to denote
the set of neighboring nodes of node i. The GAT
layer is designed as follows:

zij = LeakyReLU(Wa[Wqhi;Wkhj ]) (4)

z̃ij = ẽij × zij (5)

αij =
exp(z̃ij)∑
l∈Ni exp(z̃il)

(6)

ui = σ


∑

j∈Ni
αijWvhj


 (7)

where Wa, Wq, Wk, Wv are trainable weights,
σ is the sigmoid function, ẽij is the edge weight
derived from TF-IDF value matrix Ẽ.

We basically follow Wang et al. (2020a) to iter-
atively update node representations. They infuse
the scalar edge weight ẽij by simply discretizing
the real values into integers, and then learn embed-
dings for such integers. That is how they map the
weights to the multi-dimensional embedding space
eij ∈ Rde . In this way, the information contained
in the values needs to be learned by an additional
embedding matrix. However, we argue that TF-IDF
values themselves indicate the closeness between
an entity cluster and a paragraph. Therefore, we di-
rectly incorporate the raw TF-IDF information into
the GAT mechanism by modifying the attention
weights using Equation 5.

We combine GAT with multi-head operation.
We also add a residual connection to avoid gradient
vanishing after several iterations:

h̃i = hi + ui (8)

We use the above GAT layer and position-
wise feed-forward layer to iteratively update the
node representations. Each iteration contains a
paragraph-to-entity and a entity-to-paragraph up-
dating process. After iterating for t times, we con-
catenate H̃p to each corresponding input token
vector, arriving at H̃pw ∈ Rnw×(dw+dh).

3.5 Entity-Aware Decoder with Two-level
Attention

Under the setting of multi-document summariza-
tion, the input source documents may involve an
extremely large number of word tokens. If the de-
coder needs to compute attention weights over all
tokens, the cost would be very high and the atten-
tion could be dispersed. Our two-level decoding
process firstly focuses on several centering entity
cluster nodes, which can be regarded as indicators
of saliency. The indicator restricts the token-level
attention only to some of the paragraphs, which can
further reduce redundancy than naively attending
to all tokens. Different from Section 3.4, we use i
and j to denote the entity node and paragraph node,
respectively.

Attending the Entity Cluster Nodes At each
decoding step, the state of decoder is s, we compute
attention scores over entity cluster nodes ci.

zi = uT0 LeakyReLU([Wz1s;Weci]) (9)

The entity nodes act as the intermediary between
paragraph nodes. We incorporate zi with edge
weights ẽij to enable the information flow between
entity nodes and paragraph nodes by:

z̃j =
m∑

i=1

zi × ẽij (10)

βj =
exp(z̃j)
m∑
l=1

exp(z̃l)

(11)

Attending the Paragraph Tokens We select the
top-k paragraph nodes with the highest attention
score βj . Then we apply the attention mechanism
over the Tw tokens in the selected paragraphs.

zwi = uT1 LeakyReLU([Wz2st;Wwh̃wi ]) (12)

γwi =
exp(zwi)

Tw∑
l=1

exp(zwl)

(13)
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For token wi in paragraph Pj , we further modify
γwi by

γ̂wi = βj × γwi (14)

Then the context vector vt can be computed by:

vt =
∑

i

γ̂wi h̃wi (15)

Token Prediction Context vectors, treated as
salient contents summarized from sources, are con-
catenated with the decoder hidden state st to pro-
duce the vocabulary distribution:

Pvocab = Softmax(Wo[st;vt]) (16)

We use the weight-sharing strategy between the
input embedding matrix and the matrix Wo to
reuse linguistic knowledge (Paulus et al., 2018).
We further add a copy mechanism as proposed by
See et al. (2017).

3.6 Training
Our training process follows that of the traditional
sequence-to-sequence modeling, with maximum
likelihood estimation that minimizes:

Lseq = −
1

|D|
∑

(y,x)∈D
log p(y|x; θ) (17)

where x and y are document-summary pairs from
training set D, and θ are parameters to be learned.

3.7 Pre-trained LMs as Document Encoder
Our document encoder illustrated in section 3.3 can
be replaced by a pre-trained language model such
as BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019). Pre-trained language models can be
more effective on short inputs than training stacked
transformer layers from scratch. We feed input
tokens to a pre-trained language model and take
the last layer output as token embeddings. Then a
single-layer bidirectional LSTM is employed over
token embeddings, producing token features. Fi-
nally, we perform the same multi-head pooling
strategy to obtain paragraph representations.

4 Experiments

We use ROUGE scores to evaluate summarization
quality automatically (Lin, 2004). We report differ-
ent versions of the metric, based on overlaps of uni-
grams (ROUGE-1, R-1), bigrams (ROUGE-2, R-2)
and the longest common subsequences (ROUGE-L,
R-L).

4.1 Experimental Setup
We conduct experiments on two major datasets
used in the literature of multi-document summa-
rization, namely WikiSum (Liu et al., 2018) and
MultiNews (Fabbri et al., 2019).

WikiSum Dataset Liu et al. (2018) treat the gen-
eration of Wikipedia section titles as a supervised
multi-document summarization task. Liu and Lap-
ata (2019a) crawled Wikipedia articles and source
reference documents through the provided urls.
They further split the long and messy source docu-
ments into multiple paragraphs by line-breaks and
select the top-40 paragraphs as input for summa-
rization systems. However, the top-40 dataset is
quite heavy for entity extraction and co-reference
resolution. Experiment shows that the ROUGE-L
recall of top-20 paragraphs against the gold target
text is 53.84, and top-40 is 60.42. So we choose
to use the top-20 version of WikiSum dataset in
order to find a balance between computational cost
and the coverage of input content. We get 300,000
instances for training, 38,144 for validation and
38,205 for test. On average, each paragraph has
70.1 tokens, and target sumamry has 139.4 tokens.
We then perform entity cluster extraction on the
top-20 WikiSum dataset. For each instance, we get
23.7 clusters on average and each cluster has 10.2
tokens on average.

MultiNews Dataset Introduced by Fabbri et al.
(2019), MultiNews consists of news articles and
hand-written summaries. The source articles come
from a diverse set of news sources, over 1,500
sites. Following their experimental settings, we get
44,972 instances for training, 5,622 for validation
and 5,622 for test. Different from the WikiSum
dataset, each source article only contains 2.8 para-
graphs and 21.6 sentences on average, thus we
choose to build graph on sentence level rather than
paragraph level for this dataset. For each instance,
we get 13.3 clusters on average and each cluster
has 9.9 tokens on average.

Hyperparameters We set the number of our
vanilla Transformer encoding layers as 6, the hid-
den size as 256 and the number of heads as 8, while
the hidden size of feed-forward layers is 1,024. We
truncate the length of input paragraphs and entity
clusters to 100 and 50 tokens, respectively. In the
multi-head pooling layer, the number of heads is
8. In the graph encoding process, each layer has
8 heads and the hidden size is 256. We select the
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Model R-1 R-2 R-L

Ext Lead† 38.22 16.85 26.89
LexRank† 36.12 11.67 22.52

Abs

FT† 40.56 25.35 34.73
FT+R† 42.05 27.00 36.56
T-DMCA† 40.77 25.60 34.90
HT† 41.53 26.52 35.76
GraphSum† 42.63 27.70 36.97
GraphSum+R† 42.99 27.83 37.36
FT+R-20∗ 39.79 24.39 33.87
T-DMCA-20∗ 38.64 21.25 29.77
HT-20∗ 37.46 24.71 33.36
EMSum 42.40 27.97 37.28
EMSum+R 42.93 28.11 38.19

Table 1: Evaluation Results on WikiSum using
ROUGE scores. The results of models with ‘†’ are
taken from Li et al. (2020). ‘∗’ indicates the results are
obtained by running the released code. Model name
with suffix ‘+R’ means RoBERTa is used. ‘Ext’ means
extractive methods, ‘Abs’ means abstractive methods.

number of iterations t = 2 based on the perfor-
mance. We use dropout with probability 0.1 be-
fore all linear layers and label smoothing (Szegedy
et al., 2016) with smoothing factor 0.1. We train
our model for 200,000 steps with gradient accumu-
lation every four steps. During decoding we apply
beam search with beam size 5 and length penalty
(Wu et al., 2016) with factor 0.4.

For models with pre-trained LMs, we choose
the base version of RoBERTa. We follow Liu and
Lapata (2019b), employing two Adam optimizers
(Kingma and Ba, 2015) for the pre-trained part and
other parts, with β1 = 0.9, β2 = 0.998. For the
pre-trained part, the learning rate and warmup steps
are set as 0.002 and 20,000, while for other parts
are 0.2 and 8,000, respectively.

4.2 Baseline Models

We choose a series of Transformer-based models
for comparison due to their excellent performance.
Flat Transformer (FT) is a 6-layer encoder-decoder
model. The title and ranked paragraphs were con-
catenated and truncated to 800 tokens. Trans-
former Decoder with Memory Compressed Atten-
tion model (T-DMCA) is proposed by Liu et al.
(2018) with the WikiSum dataset. They use a Trans-
former decoder but apply a convolutional layer to
compress the key and value in self-attention. More-
over, we choose Hierarchical Transformer (HT)
proposed by Liu and Lapata (2019a), GraphSum
proposed by Li et al. (2020), and HeterSumGraph
proposed by Wang et al. (2020a) for comparisons.

Model R-1 R-2 R-L

Ext LexRank† 41.77 s13.81 37.87
HeterSumGraph† 46.05 16.35 42.08

Abs

FT∗ 43.28 14.59 20.39
FT+R∗ 43.10 15.32 21.66
HT∗ 42.03 15.18 22.79
GraphSum† 45.02 16.69 22.50
GraphSum+R† 46.07 17.42 23.21
EMSum 45.57 17.71 26.43
EMSum+R 46.89 18.26 27.55

Table 2: Evaluation Results on MultiNews using
ROUGE scores. The results of models with ‘†’ are
taken from Li et al. (2020) or Wang et al. (2020a).
‘*’ indicates the results are obtained by running the re-
leased code.

We have introduced them in Section 2.

4.3 Results

Results on WikiSum Table 1 summarizes the
evaluation results on the WikiSum dataset. The first
block shows the baseline model Lead and LexRank
(Erkan and Radev, 2004), which are extractive
methods. The second block shows the results of
abstractive models introduced in Section 4.2. We
report their results following Li et al. (2020). The
last block shows the results of some abstractive
models and our model, but such models are fed
with 20 top-ranked paragraphs as input.

The results show that if we limit the number
of input paragraphs to 20, ROUGE score of all
models will drop by about 2 points. We believe this
is because the lower-ranked paragraphs can still
provide information anyway.

Our model EMSum performs the best under the
top-20 setting. Compared to the reported results of
GraphSum (which used top 40 documents), EM-
Sum achieves improvements on ROUGE-2 and
ROUGE-L, even though EMSum takes shorter
source documents as input. The gap between EM-
Sum and GraphSum on ROUGE-1 score is 0.23
(42.40 vs 42.63). Considering all these three met-
rics together, the results show the effectiveness of
our model.

For models combined with pre-trained LMs, the
results show that EMSum+RoBERTa further im-
proves the summarization performance on all met-
rics over EMSum. The improvements over Graph-
Sum+RoBERTa are 0.28 on ROUGE-2 and 0.83 on
ROUGE-L, also showing the effectiveness of our
model even in the presence of pre-trained LMs.
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Results on MultiNews Table 2 summarizes the
evaluation results on the MultiNews dataset. Sim-
ilarly, the first block shows two extractive base-
lines LexRank, and HeterSumGraph. The second
block shows the abstractive methods. We report
the results of FT, HT and GraphSum following Li
et al. (2020). The last block shows the results of
our models. We can see that EMSum outperforms
GraphSum and EMSum+RoBERTa outperforms
GraphSum+RoBERTa. HeterSumGraph is a ex-
tractive method so it achieves better ROUGE-L
score. However, our model still achieves higher
ROUGE-1 and ROUGE-2 scores than HeterSum-
Graph. Overall, the results demonstrate the effec-
tiveness of our model on different types of corpora.

4.4 Analysis
We further conduct experiments to analyze the ef-
fects of the number of iterations and the number
of paragraphs selected for attention. We also con-
duct ablation studies to validate the effectiveness
of different components of our model.

The Number of Iterations We investigate how
the number of iterations t influences the perfor-
mance of our model. To this end, we conduct ex-
periments on WikiSum dataset when t = 1, 2, 3, 4.
The first block in Table 3 shows the results. Intu-
itively, the more iterations the graph is updated, the
more information is flowed across the nodes. How-
ever, the results show us that t = 3, 4 outperforms
t = 2 on ROUGE-L and the overall performance
R̃ fluctuates very little. We argue the performance
is limited by the number of introduced parameters.
Therefore we choose t = 2 finally.

The Number of Paragraphs Selected for Atten-
tion At each decoding step, our two-level at-
tention mechanism firstly computes weights over
entity nodes to identify the most salient parts of
source documents. The attention weights over the
entire long token sequence may be sparse. So we
need to figure out how much salient information is
enough for our model, namely the proper value of k.
We conduct experiments on WikiSum dataset when
k = 5, 10, 15, 20. As the results in the second
block of Table 3 show, when k = 5, the number
of attended paragraphs is relatively small thereby
degrading performance heavily. When k = 20,
that means we do not perform any cut-off but only
modify the paragraph attention weights with the
entity attention weights, so the performance is also
reduced. When k = 10, 15, the cut-off strategy

k t R-1 R-2 R-L R̃

10

1 41.61 27.74 37.59 35.65
2 42.93 28.11 38.19 36.20
3 42.58 27.29 38.50 36.12
4 42.51 27.18 38.76 36.15

5

2

37.75 21.87 31.44 30.35
10 42.93 28.11 38.19 36.20
15 42.26 27.36 38.28 35.97
20 40.33 26.17 36.40 34.30

Table 3: Results on different number of iterations t
and different number of paragraphs k for attention on
WikiSum dataset. R̃ is the mean of R-1, R-2 and R-L.

Model R-1 R-2 R-L
EMSum 42.40 27.97 37.28
w/o graph enc 39.47 25.18 29.93
w/o two-level attn 40.51 25.31 31.21

Table 4: Ablation study of our model on WikiSum.

works and boosts the performance. Finally, we
choose k = 10 because it performs the best.

Ablation Study To validate the effectiveness of
individual components such as graph encoder mod-
ule and two-level attention module, we conduct
experiments of ablation studies. For experiments
without graph encoder module, we simply fix the
entity cluster representation and paragraph repre-
sentation after the multi-head pooling layer. For
experiments without two-level attention, we apply
token-level attention directly, but attend to the en-
tity cluster representation additionally, which is a
naive way to incorporate entity information. Table
4 shows the results. The results show the effective-
ness of our new introduced module. Incorporating
entity information to construct a heterogeneous
graph network enables better information flowing
between text nodes, and our design of the novel
two-level attention mechanism in this task is in-
deed playing an important role towards the overall
effectiveness of our approach.

4.5 Human Evaluation

We further employ human evaluation to assess
model performance. We randomly sampled 20
documents-summary pairs from the WikiSum test
set and 20 from the MultiNews test set, and in-
vited 3 participants to assess the outputs of differ-
ent models independently. Following criteria used
by previous work (Liu and Lapata, 2019a), the eval-
uation score takes three aspects into account: (1)
Informativeness: does the summary include salient
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Dataset Model Rating

WikiSum

FT -0.517
T-DMCA -0.117
HT 0.250
EMSum 0.383

MultiNews

FT -0.650
T-DMCA -0.033
HS 0.317
EMSum 0.367

Table 5: Human evaluation results on summary qual-
ity rating. FT, T-DMCA, HT, HS are baseline models
explained in Section 4.2.

parts of the input? (2) Fluency: Is the summary
fluent and grammatical? (3) Succinctness: does
redundancy occur in the summary? We used Best-
Worst Scaling (Louviere et al., 2015) because it has
been shown to produce more reliable results than
rating scales (Kiritchenko and Mohammad, 2017).
Annotators are presented with the gold summary
and summaries generated from 3 out of 4 systems
and decide which summary is the best and which
is the worst based on the criteria mentioned above.
The rating of each system was computed as the
percentage of times it was chosen as best minus the
times it was selected as worst. Ratings range from
-1 (worst) to 1 (best).

On the WikiSum dataset, we choose FT, T-
DMCA, HT, EMSum and conduct human evalua-
tion to compare their performance. On the Multi-
News dataset, we choose FT, T-DMCA, HS, to-
gether with EMSum. The results are shown in Ta-
ble 5. These results show that our EMSum model is
able to generate summaries of higher quality than
other models and further show the effectiveness of
our proposed approach.

5 Conclusion

In this paper, we propose an entity-aware multi-
document summarization model. We introduce
entity nodes in addition to text unit nodes to con-
struct a heterogeneous graph, helping our model
capture complicated relations between text units.
We also introduce a decoder with a two-level atten-
tion mechanism, which firstly attends to the entity
nodes, where the attention weights are then subse-
quently utilized to guide the attention to the text
units. With such a novel design, our model is able
to deal with the problems of saliency and redun-
dancy explicitly. Moreover, like other Transformer-
based models, our model can be easily integrated
with pre-trained language models for improved re-

sults. Experiments on standard datasets show the
effectiveness of our model.

In the future, we would like to explore other
approaches such as reinforcement learning based
methods (Sharma et al., 2019) to further im-
prove the summary quality in the context of multi-
document summarization. We would also like to
apply our method to other tasks such as multi-
document question answering (Joshi et al., 2017).
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Petar Veličković, Guillem Cucurull, Arantxa Casanova,
Adriana Romero, Pietro Lio, and Yoshua Bengio.
2017. Graph attention networks. arXiv preprint
arXiv:1710.10903.

Xiaojun Wan. 2008. An exploration of document im-
pact on graph-based multi-document summarization.
In Proceedings of the 2008 Conference on Empiri-
cal Methods in Natural Language Processing, pages
755–762, Honolulu, Hawaii. Association for Com-
putational Linguistics.

Danqing Wang, Pengfei Liu, Yining Zheng, Xipeng
Qiu, and Xuanjing Huang. 2020a. Heterogeneous
graph neural networks for extractive document sum-
marization. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 6209–6219, Online. Association for Computa-
tional Linguistics.

Lu Wang and Claire Cardie. 2013. Domain-
independent abstract generation for focused meeting
summarization. In Proceedings of the 51st Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 1395–1405,
Sofia, Bulgaria. Association for Computational Lin-
guistics.

Zhengjue Wang, Zhibin Duan, Hao Zhang, Chaojie
Wang, Long Tian, Bo Chen, and Mingyuan Zhou.
2020b. Friendly topic assistant for transformer
based abstractive summarization. In Proceedings of
the 2020 Conference on Empirical Methods in Natu-
ral Language Processing (EMNLP), pages 485–497,
Online. Association for Computational Linguistics.

Yonghui Wu, Mike Schuster, Zhifeng Chen, Quoc V
Le, Mohammad Norouzi, Wolfgang Macherey,
Maxim Krikun, Yuan Cao, Qin Gao, Klaus
Macherey, et al. 2016. Google’s neural machine
translation system: Bridging the gap between hu-
man and machine translation. arXiv preprint
arXiv:1609.08144.

Michihiro Yasunaga, Rui Zhang, Kshitijh Meelu,
Ayush Pareek, Krishnan Srinivasan, and Dragomir
Radev. 2017. Graph-based neural multi-document
summarization. In Proceedings of the 21st Confer-
ence on Computational Natural Language Learning
(CoNLL 2017), pages 452–462, Vancouver, Canada.
Association for Computational Linguistics.

Jianmin Zhang, Jiwei Tan, and Xiaojun Wan. 2018.
Towards a neural network approach to abstractive
multi-document summarization. arXiv preprint
arXiv:1804.09010.

Jingqing Zhang, Yao Zhao, Mohammad Saleh, and Pe-
ter Liu. 2020. Pegasus: Pre-training with extracted
gap-sentences for abstractive summarization. In In-
ternational Conference on Machine Learning, pages
11328–11339. PMLR.

Xingxing Zhang, Furu Wei, and Ming Zhou. 2019. HI-
BERT: Document level pre-training of hierarchical

bidirectional transformers for document summariza-
tion. In Proceedings of the 57th Annual Meeting
of the Association for Computational Linguistics,
pages 5059–5069, Florence, Italy. Association for
Computational Linguistics.

Xin Zheng, Aixin Sun, Jing Li, and Karthik
Muthuswamy. 2019. Subtopic-driven multi-
document summarization. In Proceedings of the
2019 Conference on Empirical Methods in Natu-
ral Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 3153–3162, Hong Kong,
China. Association for Computational Linguistics.

Chenguang Zhu, William Hinthorn, Ruochen Xu,
Qingkai Zeng, Michael Zeng, Xuedong Huang, and
Meng Jiang. 2020. Boosting factual correctness
of abstractive summarization with knowledge graph.
arXiv preprint arXiv:2003.08612.

Yanyan Zou, Xingxing Zhang, Wei Lu, Furu Wei, and
Ming Zhou. 2020. Pre-training for abstractive doc-
ument summarization by reinstating source text. In
Proc. of EMNLP.

362



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 363–370
August 1–6, 2021. ©2021 Association for Computational Linguistics

LenAtten: An Effective Length Controlling Unit For Text Summarization

Zhongyi Yu∗,1, Zhenghao Wu∗,1, Hao Zheng1,
Zhe XuanYuan2,3, Jefferson Fong1, Weifeng Su† ,1,3

1Computer Science and Technology Programme, 2Data Science Programme
Division of Science and Technology

3Guangdong Key Lab of AI and Multi-Modal Data Processing
BNU-HKBU United International College, Zhuhai, China
{zhongyicst,zhecwu,zhslzwd97}@gmail.com

{zhexuanyuan,jeffersonfong,wfsu}@uic.edu.cn

Abstract

Fixed length summarization aims at generat-
ing summaries with a preset number of words
or characters. Most recent researches incor-
porate length information with word embed-
dings as the input to the recurrent decoding
unit, causing a compromise between length
controllability and summary quality. In this
work, we present an effective length control-
ling unit Length Attention (LenAtten) to break
this trade-off. Experimental results show that
LenAtten not only brings improvements in
length controllability and ROGUE scores but
also has great generalization ability. In the task
of generating a summary with the target length,
our model is 732 times better than the best-
performing length controllable summarizer in
length controllability on the CNN/Daily Mail
dataset. 1

1 Introduction

Automatic text summarization aims at generating
a short and coherent summary from one or multi-
ple documents while preserving the main ideas of
the original documents. Building upon the conven-
tional summarization task, fixed length text summa-
rization (FLS) demands extra focus on controlling
the length of output summaries. Specifically, it re-
quires generating summaries with a preset number
of characters or words.

FLS is a rising research topic required in many
scenarios. For example, in order to get universal
user experiences on multiple platforms and devices,
titles and abstracts for news articles are expected
to have different numbers of characters. Instead
of manually rewriting summaries, FLS can auto-
matically generate required summaries by simply

∗ Equal Contribution
† Corresponding author

1Code are publicly available at: https://github.
com/X-AISIG/LenAtten

Source document
egyptian president hosni mubarak arrived here friday morning to
discuss the latest developments of iraqi crisis with his turkish
counterpart suleyman demirel .
Reference summary
egyptian president to discuss iraqi crisis with turkish counterpart
Model Summary
PAULUS egyptian president arrives in ankara

PAULUS+LA2 (GT) mubarak arrives in ankara for talks on
iraqi crisis with turkish pm

PAULUS+LA2 (30) egyptian president arrives in ankara

PAULUS+LA2 (50) egyptian president arrives in ankara for
talks on iraq crisis

PAULUS+LA2 (70) mubarak arrives in ankara for talks on
iraqi crisis with turkish president demirel

Table 1: Output examples from the proposed method
Length Attention (LA) on the Annotated English Giga-
word dataset. Numbers in the parentheses represent dif-
ferent desired lengths. (GT) means the desired length
is equal to the number of characters in the reference
summary. PAULUS (Paulus et al., 2018).

inputting the desired output length. Besides, FLS
can help news editors to reduce post-editing time
(Makino et al., 2019) and further improve summary
quality (Liu et al., 2018; Makino et al., 2019). Last
but not least, as shown in Table 1, with FLS, users
can get customizable summaries by setting differ-
ent desired lengths.

Despite the benefits that could be brought, pre-
vious studies on FLS are very limited. Recent re-
searches in FLS apply length information to either
(i) the decoder (Kikuchi et al., 2016; Liu et al.,
2018; Takase and Okazaki, 2019) or (ii) the opti-
mization objective function (Makino et al., 2019).
Though these systems are promising, they have to
make a compromise between length controllabil-
ity and summary quality. Kikuchi et al. (2016);
Makino et al. (2019) can generate high-quality
summaries, but perform inadequately at control-
ling length. Liu et al. (2018); Takase and Okazaki
(2019) control the output length accurately, but
these models suffer from producing summaries
with low ROUGE scores.
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In this paper, we present an effective length con-
trolling unit, Length Attention (LenAtten). With
LenAtten, summarizers can generate high-quality
summaries with a preset number of characters, suc-
cessfully breaks the trade-off between length con-
trollability and summary quality.

Our contributions in this work are as follows: (1)
A novel length controlling unit with great gener-
alization capability is proposed to make summa-
rizers generate high-quality summaries with a pre-
set number of characters. (2) Experimental results
show that LenAtten can break the trade-off between
length controllability and summary quality. The
length controllability of the proposed method is the
new state-of-the-art on the examined datasets, to
our knowledge.

2 Related Work

There are two types of approaches for text sum-
marization: the extractive approach and the ab-
stractive approach. Extractive approaches generate
summaries by extracting words or sentences from
the original text (Dorr et al., 2003; Nallapati et al.,
2017; Liu and Lapata, 2019; Zhong et al., 2020),
while abstractive approaches produce novel words
or phrases (Rush et al., 2015; Chopra et al., 2016;
Nallapati et al., 2016; Gu et al., 2016; See et al.,
2017; Fan et al., 2018; Liu and Lapata, 2019).

Derived from the works in general text summa-
rization, two approaches have been developed for
FLS: (1) Incorporating length information into the
decoder. LenInit proposed in Kikuchi et al. (2016)
introduced length information into the initialization
stage of a LSTM decoder. Liu et al. (2018) follows
a similar approach as LenInit, but it’s based on
a CNN sequence-to-sequence architecture. Other
studies exploit length information in each decoding
step. LenEmb introduced in Kikuchi et al. (2016)
generates a learnable embedding for each target
length, and uses it as an additional input to its de-
coder. Takase and Okazaki (2019) extended Trans-
former’s sinusoidal positional encoding (Vaswani
et al., 2017) to make summarizers take account of
stepwise remaining length during prediction. (2)
Leveraging length information in global optimiza-
tion methods. Makino et al. (2019) proposed a
global optimization method named GOLC. GOLC
incorporates length information with the minimum
risk training (MRT) optimization method.

Figure 1: Illustration of the Length Attention Unit.
Firstly, decoder hidden state (blue) and remaining
length (yellow) are employed to compute the attention
weights al. Then, the length context vector clt (green)
is produced by calculating the weighted sum between
attention weights and pre-defined length embeddings
(purple). Better viewed in color.

3 Our Approach: Length Attention

The motivation of LenAtten is to separate length
information from the input of the recurrent decod-
ing unit and to exploit proper length information
based on the stepwise remaining length. As shown
in Figure 1, at each decoding step, a length context
vector is generated by calculating the weighted sum
of a set of pre-defined embedding vectors l∗. Then,
the length context vector is concatenated with the
decoder hidden state and other attention vectors
and fed to the input of the word prediction layer
(details are shown in §4.2), so that summarizers can
take the remaining length into account. The length
context vector clt at t-th decoding step is defined as
follows:

clt =

ℵ∑

j=1

αltj lj (1)

αltj =
exp(eltj)∑ℵ
k=1 exp(e

l
tk)

(2)

elt = V T
l tanh(Wl h

d
t + wr rt + bl), (3)

where elt ∈ Rℵ×1, αltj is the length attention
score on the j-th length embedding at the t-th de-
coding step, hdt is the decoder hidden state, and
Vl,Wl, wr, bl are learnable parameters. rt is a
scalar representing the remaining length at the cur-
rent decoding step and ℵ is a hyperparameter in-
dicating the number of pre-defined length embed-
dings.

For length embeddings, we adopt the positional
encoding proposed in Vaswani et al. (2017). We
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keep the embeddings fixed to remove the bias
brought by the length distribution of data. The
j-th length embedding lj is defined as follows:

lj =

{
0 j = 1

PE(j − 1) otherwise,
(4)

where PE( · ) is the positional encoding.
At the t-th decoding step, the remaining length

rt is updated by subtracting the length of the pre-
viously generated token. For the first decoding
step, r1 is initialized with desired output length.
Following equations are used when t > 1:

rt =

{
0 rt−1 − L(yt−1) ≤ 0

rt−1 − L(yt−1) otherwise
(5)

where L(yt−1) returns the number of characters in
the output word yt−1.

4 Experiment

4.1 Experimental Settings
We evaluate LenAtten on the CNN/Daily Mail
dataset (See et al., 2017) to compare it with pre-
vious studies. In addition, we test LenAtten with
short articles and summaries on the Annotated En-
glish Gigaword dataset (Rush et al., 2015). By
default, all models are trained with maximum like-
lihood estimation (MLE) on a NVIDIA TITAN
RTX GPU.2

For evaluation metrics, we adopt the standard
F1 score of ROUGE-1, ROUGE-2, and ROUGE-L
(Lin, 2004) to evaluate summary quality. For evalu-
ating models’ ability to control the output sequence
length, we follow (Makino et al., 2019) to compute
(1) character-level length variance V ar between
reference summaries and generated summaries and
(2) over-length ratio %over, which measures how
many of the generated summaries are longer than
their reference summaries. The length variance
V ar is computed as follows:

V ar = 0.001 ∗ 1

n

n∑

i=1

|len(yi)− len(y′i)|2 (6)

where yi is the reference summary, y′i is the gen-
erated summary, and len(·) returns the number of
characters in the given summary. For the FLS task,
the length variance V ar is expected to be zero as
it indicates the lengths of output summaries are
exactly the desired summary lengths.

2Detailed model configurations are provided in the Ap-
pendix.

4.2 Methods to be compared

We compare the proposed Length Attention unit
with following methods:

LEAD-3 extracts the first three sentences of
source articles as the summary.

PG is the standard pointer-generator network
proposed in See et al. (2017).

MASS (Song et al., 2019) is a sequence to se-
quence pre-trained model based on Transformer.

LenAtten is also compared with length control-
lable summarization methods. For a fair compari-
son, we choose methods that also aim at generating
summaries with a preset number of characters in a
word-by-word manner.

LE is the LenEmb method proposed in Kikuchi
et al. (2016).

GOLC is a global optimization method intro-
duced in Makino et al. (2019).

We apply LenAtten to three summarization mod-
els:

S2S (RNN-based Seq2Seq Model) is a vanilla
encoder-decoder summarizer. Specifically, we
adopt a Bi-LSTM as the encoder and a unidirec-
tional LSTM as the decoder. To integrate LenAtten,
the length context vector clt is added to the input of
the word prediction layer to produce the vocabulary
distribution Pvocab:

Pvocab = softmax
(
W [hdt ||clt||yt−1||C] + b

)

(7)
where W , b are learnable parameters, hdt is the de-
coder hidden state, yt−1 is the word embedding of
the last generated token, “||” is the vector concate-
nation operator. C is the last encoder hidden state,
which is known as the fixed context vector.

PAULUS (Copying Mechanism) follows the de-
sign of Paulus et al. (2018), which incorporates two
attention modules and the copying mechanism into
a Seq2seq summarizer. To integrate LenAtten, the
vocabulary distribution Pvocab is calculated using:

Pvocab = softmax
(
W [hdt ||clt||cet ||cdt ] + b

)
(8)

where cet and cdt are the context vectors generated
from the encoder and decoder attention units.

ATTENTION (Attention-based model) is imple-
mented by removing copying mechanism from
PAULUS. For the above-mentioned three models,
we remove the length context vector clt in the abla-
tion study and keep other components unchanged.
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CNN/DM
Models R-1 F R-2 F R-L F V ar (↓) %over

Baseline
*LEAD-3 40.34 17.70 36.57 - -
†MASS 41.38 19.11 38.42 - -
‡PG 37.74 15.78 34.35 19.35 58.35
‡PG + LE(MLE) 37.45 15.31 34.28 4.5 19.11
‡PG + LE(GOLC) 38.27 16.22 34.99 5.13 6.70
S2S 19.38 3.58 14.35 89.74 7.00
ATTENTION 34.32 13.76 28.92 48.99 18.11
PAULUS 38.10 16.42 33.17 19.91 37.14
with Length Attention (ℵ = 2)
S2S 21.09 3.93 16.79 0.0069 30.67
ATTENTION 36.53 14.21 32.63 0.0075 38.72
PAULUS 39.82 17.31 36.20 0.0070 57.75

AEG
Models R-1 F R-2 F R-L F V ar (↓) %over

Baseline
S2S 36.99 16.03 33.01 0.3902 30.12
ATTENTION 42.55 21.54 38.72 0.3285 25.89
PAULUS 43.84 22.80 40.12 0.3058 16.01
PAULUS+LE 40.02 17.31 36.99 0.0500 0.4
with Length Attention (ℵ = 2)
S2S 38.26 16.24 35.11 0.0043 35.45
ATTENTION 43.15 21.51 40.32 0.0044 50.15
PAULUS 43.92 22.80 41.16 0.0042 37.75

Table 2: Results on CNN/DM and AEG dataset. If not
specified in the parentheses, the training objective func-
tion is MLE by default. Results retrieved from: * See
et al. (2017); † Xu et al. (2020); ‡Makino et al. (2019).

4.3 Experimental Results 3

Reference Summary Lengths In this experi-
ment, we evaluate our model by comparing it with
previous works. The desired length is set as the
number of characters in corresponding reference
summaries. Table 2 shows that LenAtten has su-
perior length controllability and higher ROUGE
scores on both datasets. Specifically, the length
variance (V ar) of LenAtten is 732 times better than
the best-performing length controllable method
PG+LE(GOLC) in the CNN/DM dataset. Besides,
adding LenAtten can boost ROUGE scores by 1-3
points. We believe the improvement in the ROUGE
scores comes from the introduction of length infor-
mation (i.e. the desired length information). The
desired length information can be viewed as an in-
ductive bias, which helps summarizers prefer some
of the outputs over others. Under the same con-
text, by conditioning on the desired output length,
summarizers may prefer candidate summaries with
output lengths similar to the desired length. Thus,
summarizers can learn a better alignment with the

3For all the experiments, the number following LA (the
LenAtten unit) represents the number of length embeddings
(i.e. the value of ℵ).

Models CNN/DM AEG
S2S 5.450 3.624
S2S+LA2 5.360 3.393
ATTENTION 4.317 3.279
ATTENTION+LA2 4.278 3.074
PAULUS 3.478 3.085
PAULUS+LA2 3.391 2.899

Table 3: Test perplexity of models on the CNN/DM
dataset and the AEG dataset.

reference summaries during training and outputs
summaries with higher ROUGE scores in infer-
ence.

In addition, previous length controllable meth-
ods control the output lengths at the cost of damag-
ing the ROUGE scores. The ROUGE scores of PG
and PAULUS drop after adding LenEmb (i.e. PG
+ LE(MLE) and PAULUS + LE). In comparison,
LenAtten not only performs better at reducing the
length variance V ar but also significantly improves
ROUGE scores. This suggests that LenAtten can
break the trade-off between summary quality and
length controllability.

After integrating with LenAtten, the %over ra-
tio of summarizers rises. This suggests that more
of the generated summaries ended up being longer
than the references. We believe this is because
when the remaining length is small (e.g. 4 charac-
ters) but not 0, instead of stopping the generation
process, summarizers with LA tend to generate
more tokens to meet the length requirement. Since
summarizers output a word at each inference step,
they may select a word that’s longer than the re-
maining length. Thus, the generated summaries
may end up being longer than the references.

Perplexity To figure out how LenAtten affects
the performance of the language model, we exam-
ine the log-perplexity of models on the test sets.
Perplexity is a commonly-used metric for evalu-
ating language models. A lower perplexity score
indicates better language model performance. In
this experiment, the desired length is set to the ref-
erence summary length. As shown in Table 3, after
adding LenAtten, log-perplexity drops consistently
on both datasets. This suggests that the adding of
LenAtten can boost language model performance.

Various Preset Lengths In this experiment, we
test the generalization ability of LenAtten under
various desired lengths. For the AEG dataset, most
reference summaries contain 30-75 characters, and
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AEG 30 50 75 100 120
R-1 F 37.89 42.67 41.13 39.03 37.45
R-2 F 18.87 21.01 18.99 17.16 16.00
R-L F 33.64 38.76 35.27 31.95 29.84
V ar 0.0027 0.0024 0.0026 0.0030 0.0040

CNN/DM 100 200 400 800 1600
R-1 F 30.88 37.90 39.52 37.25 34.23
R-2 F 13.31 16.26 16.58 15.08 13.50
R-L F 23.17 32.95 33.99 29.34 24.54
V ar 0.0067 0.0063 0.0058 0.0054 0.0051

Table 4: ROUGE scores and Length Variance V ar of
PAULUS+LA2 under different desired lengths.

few of them are more than 100 characters. For the
CNN/DM dataset, most reference summaries are
100-750 characters. Thus, the desired length is set
as 30, 50, 75, 100, and 120 for the AEG dataset
and 100, 200, 400, 800, and 1600 for the CNN/DM
dataset. We add the LenAtten unit to PAULUS and
exploit full reference summaries to get ROUGE
scores.

As shown in Table 4, on the AEG dataset, for fre-
quently appeared lengths (30, 50, 75), and lengths
that are exceptionally long (100, 120), LenAtten
demonstrates great length controllability along with
good ROUGE scores. Same conclusions can be
drawn on the CNN/DM dataset. This shows that
LenAtten has great generalization ability under var-
ious desired lengths.

Exploring Hyperparameter ℵ In this experi-
ment, we analyze how different ℵ (the number of
pre-defined length embeddings) affect the perfor-
mance of LenAtten on the AEG dataset. Desired
lengths are set to the lengths of reference sum-
maries. Figure 2 shows the length controllability
becomes better as the increase of ℵ, with no harm
to the ROUGE-L scores.

5 Conclusions

In this paper, we present a novel length control-
ling unit, LenAtten, to help summarization models
generate quality summaries with a preset number
of characters. On the examined datasets, LenAt-
ten outperforms length controllable summarization
baselines steadily in terms of length controllabil-
ity and demonstrates great generalization ability.
LenAtten also breaks the trade-off between length
controllability and summary quality. To our knowl-
edge, in the task of generating summaries with
target lengths, LenAtten is the new state-of-the-art
on the CNN Daily Mail dataset.
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Figure 2: Examining hyperparameter ℵ on the AEG
dataset. ROUGE-L F1 scores and Length Variance
V ar of different models under different ℵ are shown
(ℵ = 2, 10, 50, 250).
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A Appendix

A.1 Experimental settings

Model Configuration In our experiments, the
dimension of LSTM hidden state is set as 256,
and the vocabulary size is 100,000. Word embed-
dings are fixed 300-dimensional GloVe vectors4.
If a word is not covered in the GloVe, a random
300-dimensional vector is used. During training,
Adam optimizer is applied with β1 = 0.9, β2 =
0.999, ε = 10−8 and learning rate α = 0.001. Be-
sides, we set a 25% probability of choosing the
previously generated token instead of the ground-
truth token as yt−1 to reduce exposure bias. At test
time, summaries are produced using beam search
with beam size 4. We use a fully python imple-
mented library5 to obtain the ROUGE score.

Dataset Distribution We plot the length distri-
bution of reference summaries in the AEG (Figure
3) and the CNN/DM (Figure 4) dataset.
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Figure 3: Length distribution of reference summaries
on the Annotated English Gigaword dataset. Sum-
maries with 30 to 75 characters cover the majority
cases.

A.2 Additional Experiments

Semantic Similarity Another automatic evalua-
tion metric BertScore (Zhang et al., 2019) recall
score is used to measure the semantic similarity
between system outputs and reference summaries.
As shown in Figure 5, models with Length Atten-
tion module (LA2) outperform baselines (FREE)
on both datasets.

Human Evaluation Correctness (CORR), com-
pleteness (COMP), and fluency (FLUE) of system
outputs are assessed through 2 human evaluations.
We randomly select 10 samples from each dataset.

4http://nlp.stanford.edu/data/glove.6B.zip
5https://github.com/pltrdy/rouge
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Figure 4: Length distribution of reference summaries
on the CNN/Daily Mail dataset. Summaries exceed
2000 characters are ignored, since they only cover
0.009% of the dataset.
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Figure 5: Semantic similarity between model outputs
and reference summaries. Desired length is set as refer-
ence summary length.

30 skilled English speakers are presented with the
original article and two summaries. One of the sum-
maries is from the model without LenAtten, and the
other one is from the same model plus LenAtten
(e.g., S2S and S2S+LA2). The evaluation process
is well-designed to prevent participants from know-
ing the source of the presented summaries. Mod-
els without LenAtten generate summaries without
length restriction, and models with LenAtten are
required to output summaries with desired lengths.
There are 467 feedbacks collected for the first ex-
periment and 160 for the second.

In the first experiment (Table 5), participants
are asked to choose a better one from two given
summaries. The desired length is set as the length
of the reference summary.

In the second experiment (Table 6), we only ex-
amine PAULUS and PAULUS+LA2. The desired
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COMP CORR FLUE
AEG
S2S (Free) 27.1% 44.4% 42.9%
S2S+LA2 (GT) 72.9% 55.6% 57.1%
ATTENTION (Free) 33.3% 44.2% 56.9%
ATTENTION+LA2 (GT) 66.7% 55.8% 43.1%
PAULUS (Free) 47.2% 53.3% 61.4%
PAULUS+LA2 (GT) 52.8% 46.7% 38.6%
CNN/DM
S2S (Free) 22.5% 22.9% 53.8%
S2S+LA2 (GT) 77.5% 77.1% 46.2%
ATTENTION (Free) 21.9% 27.5% 36.7%
ATTENTION+LA2 (GT) 78.1% 72.5% 63.3%
PAULUS (Free) 53% 47.4% 48.1%
PAULUS+LA2 (GT) 47% 52.6% 51.9%

Table 5: Results of the first Human Evaluation.
“(Free)”: model generates summaries freely. “(GT)”:
model generates summaries with the desired length set
as the length of the reference summary.

COMP CORR FLUE
AEG
PAULUS (Free, avg len=57.46) 3.328 3.407 3.605
PAULUS+LA2 (30) 3.000 3.250 3.392
PAULUS+LA2 (50) 3.750 3.500 3.687
PAULUS+LA2 (70) 3.875 3.750 3.562
CNN/DM
PAULUS (Free, avg len=285.5) 3.250 3.345 3.273
PAULUS+LA2 (150) 3.125 3.375 3.166
PAULUS+LA2 (250) 3.451 3.483 3.419
PAULUS+LA2 (350) 3.827 3.482 3.172

Table 6: Results of the second human evaluation.
“(Free, avg len)”: model generates summaries freely.
The average length of the generated summaries is also
listed.

length is set as (30, 50, 70) on the AEG dataset
and (150, 250, 350) on the CNN/DM dataset. Par-
ticipants need to rate each summary from 0 to 5.
In order to guarantee the accuracy and credibility
of results, each article is presented once to each
participant.

As shown in Table 5, models with LenAtten have
better completeness and correctness scores on both
datasets, along with a few improvements on the
fluency. In the second experiment, Table 6 shows
that (1) the completeness and correctness scores
increase as the desired length increases. This trend
is reasonable, since more information should be
included in the final summary, as the summary
length gets longer. This also suggests that, as the
desired length gets longer, models with LenAtten
can generate meaningful words instead of simply
repeating one or two words. (2) When comparing
the results of PAULUS (Free, 57.46; 285.5) and
PAULUS+LA2 (50; 250), PAULUS+LA2 outper-
forms the PAULUS (Free) on all metrics. In other

Source document - A
the indian union government thursday decided to
increase customs duty on sugar to ## percent to curb
cheap imports of the commodity , said a senior finance
ministry official here .
Reference summary - A
india increases sugar import duty

Summary R-1 R Diff

Model
india to increase
customs duty on sugar

60.00 4

Model + LA2
india to increase
tariffs on sugar

40.00 0

Source document - B
defending champion albert costa of spain reached the
last eight in the french open here on monday , beating
local favorite ##nd seed arnaud clement of france in
straight sets .
Reference summary - B
costa enters last eight in french open

Summary R-1 R Diff

Model
costa into last eight
in french open

85.71 -2

Model + LA2
costa into french open
quarter-finals

42.85 -1

Table 7: Synonym substitution is colored in red. R-
1 R: ROUGE-1 Recall score. Diff: len(output) -
len(reference).

words, when the desired length gets smaller (but
not too small), LenAtten can help summarization
models to use concise words and phrases while
maintaining summary quality.

A.3 Output Examples
Synonym substitution When examining gener-
ated summaries, we find adding LenAtten can make
summarizers replace long/short words with syn-
onyms to meet the length requirement. Examples
are showcased in Table 7.
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Abstract

The introduction of transformer-based cross-
lingual language models brought decisive im-
provements to multilingual NLP tasks. How-
ever, the lack of labelled data has necessitated
a variety of methods that aim to close the gap
to high-resource languages. Zero-shot methods
in particular, often use translated task data as a
training signal to bridge the performance gap
between the source and target language(s). We
introduce XeroAlign, a simple method for task-
specific alignment of cross-lingual pretrained
transformers such as XLM-R. XeroAlign uses
translated task data to encourage the model to
generate similar sentence embeddings for dif-
ferent languages. The XeroAligned XLM-R,
called XLM-RA, shows strong improvements
over the baseline models to achieve state-of-
the-art zero-shot results on three multilingual
natural language understanding tasks. XLM-
RA performs on par with state-of-the-art mod-
els on a cross-lingual adversarial paraphrasing
task and its text classification accuracy exceeds
that of XLM-R trained with labelled data.

1 Introduction

Recently, large transformer-based (Vaswani et al.,
2017) pretrained language models have achieved
state-of-the-art (SOTA) performance on several
monolingual and multilingual NLP tasks (Wang
et al., 2019a; Hu et al., 2020b). Transfer learn-
ing enabled the self-supervised pretraining on un-
labelled datasets to learn linguistic features such
as syntax and semantics in order to improve tasks
with limited training data (Wang et al., 2019b). Pre-
trained cross-lingual language models (PXLMs)
have soon followed to learn general linguistic fea-
tures and properties of dozens of languages (Lam-
ple and Conneau, 2019; Xue et al., 2020). For mul-
tilingual tasks in particular, adequate labelled data
is usually only available for a few well-resourced
languages such as English. Zero-shot approaches

Figure 1: The XeroAligned XLM-R model (XLM-RA)
for cross-lingual NLU. XeroAlign is added to the train-
ing loop to encourage embeddings in different languages
to be similar, enabling a zero-shot classifier transfer.

were introduced to transfer the knowledge to lan-
guages without the requisite training data. To
this end, we introduce XeroAlign, a conceptu-
ally simple and efficient method for task-specific
alignment of sentence embeddings generated by
PXLMs, aimed at effective zero-shot cross-lingual
transfer. XeroAlign is an auxiliary training ob-
jective, which uses translated data to bring the
performance in the target language closer to the
source (labelled) language, as illustrated in Fig-
ure 1. We apply our proposed method to the pub-
licly available XLM-R transformer (Conneau et al.,
2020) but instead of pursuing large-scale model
alignment with general parallel corpora such as Eu-
roparl (Koehn, 2005), we show that a simplified,
task-specific model alignment is an effective and
efficient approach to zero-shot transfer for cross-
lingual natural language understanding (XNLU).
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We evaluate XeroAlign on four datasets (two dif-
ferent tasks) that cover 11 unique languages. The
XeroAligned XLM-R model (XLM-RA) achieves
SOTA scores on three XNLU datasets, exceeds the
text classification performance of XLM-R trained
with labelled data and performs on par with SOTA
models on an adversarial paraphrasing task.

2 Background

We first outline the necessary background on Con-
trastive Learning (Becker and Hinton, 1992) and
transformer-based PXLMs. Contrastive learning
(CL) is a framework designed for self-supervised
representation learning. Recent examples include
Momentum Contrast (MoCo) (He et al., 2020)
and SimCLR (Chen et al., 2020), both of which
achieved strong improvements on image classifi-
cation. The essence of CL is to generate represen-
tations that are similar for positive examples and
dissimilar for negative examples. CL-based meth-
ods in cross-lingual NLP replace negative samples
(formerly augmented images) with random sen-
tences in the target language, typically thousands
of them. Positive examples comprise sentences
translated into the target language. While CL is
applicable to task-agnostic model alignment, large
batches of random negative samples are infeasible
for small datasets. Negative samples drawn ran-
domly from a small dataset can result in duplicates
(false negatives), which is why our alignment uses
only positive samples. The CL-based alignments
in section 2.1 aim to improve generic cross-lingual
representations with large (parallel) datasets. In
contrast, we align the PXLM only with translated
task data, making our approach simpler and more
efficient, showing a strong zero-shot transfer.

Transformer-based PXLMs For transformer-
based PXLMs, two basic types of representations
are commonly used: 1) A sentence embedding for
tasks such as text classification (Conneau et al.,
2018) or sentence retrieval (Zweigenbaum et al.,
2018), which use the [CLS] representation of the
full input sequence, and 2) Token embeddings,
which are used for structured prediction (Pan et al.,
2017) or Q&A (Lewis et al., 2020), requiring
each token’s contextualised representation for a
per-token inference. While our method uses the
[CLS] embedding, other approaches based on
Contrastive Learning have used both types of rep-
resentations to obtain a sentence embedding.

2.1 Related Work

In order to cluster prior work, we formulate a tax-
onomy (Table 1) for the purposes of positioning
our method in the appropriate context. The relevant
zero-shot transfer approaches can be grouped by a)
whether the alignment is targeted at each task, i.e.
is task-specific [TS] or is task-agnostic [TA] and
b) whether the alignment is applied to the model
[MA] or data [DA]. Our paper falls mostly into the
[MA,TS] category although methodological simi-
larities are also found in the [MA,TA] group.

Groups Task-Specific Task-Agnostic

Data Align [DA,TS] No relevant work
Model Align [MA,TS] [MA,TA]

Table 1: An approximate taxonomy of prior work.

[MA,TA] Hu et al. (2020a) have proposed two
objectives for cross-lingual zero-shot transfer a)
sentence alignment and b) word alignment. While
CL is not mentioned, the proposed sentence align-
ment closely resembles contrastive learning with
one encoder (e.g. SimCLR). Taking the average of
the contextualised token representations as the in-
put representation (as an alternative to the [CLS]
token), the model predicts the correct translation
of the sentence within a batch of negative samples.
An improvement is observed for text classification
tasks and sentence retrieval but not structured pre-
diction. The alignment was applied to a 12-layer
multilingual BERT and the scores are comparable
to the translate-train baseline (translate data and
train normally). Instead, we use one of the best
publicly available models, XLM-R from Hugging-
face, as our starting point since an improvement in
a weaker baseline is not guaranteed to work in a
stronger model that may have already subsumed
those upgrades. Contrastive alignment based on
MoCo with two PXLM encoders was proposed by
Pan et al. (2020). Using an L2 normalised [CLS]
token with a non-linear projection as the input rep-
resentation, the model was aligned on 250K to
2M parallel sentences with added Translation Lan-
guage Modelling (TLM) and a code-switching aug-
mentation. No ablation for MoCo was provided to
estimate its effect although the combination of all
methods did provide improvements with multilin-
gual BERT as the base learner. Another model
inspired by CL is InfoXLM (Chi et al., 2020).
InfoXLM is pretrained with TLM, multilingual
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Masked Language Modelling and Cross-lingual
Contrastive Learning called XLCo. Like MoCo,
they employ two encoders that use the [CLS] to-
ken (or the uppermost layer average) as the sen-
tence representation, taken from layers 8 (base
model) and 12 (large model). Ablation showed
a 0.2-0.3 improvement in accuracy for XNLI and
MLQA (Lewis et al., 2020). Reminiscent of ear-
lier work on cross-lingual alignment (Hermann and
Blunsom, 2014), the task-agnostic sentence em-
bedding model (Feng et al., 2020) called LaBSe
(Language-agnostic BERT sentence embeddings)
uses the [CLS] representations of two BERT en-
coders (compared to our single encoder) with a mar-
gin loss and 6 billion parallel sentences to generate
multilingual representations. While similarities ex-
ist, our multi-task alignment is an independently
devised, more efficient, task-specific and a simpli-
fied version of the aforementioned approaches.

[DA,TS] Zero-shot cross-lingual models often
make use of machine translation to provide a train-
ing signal. This is an uncomplicated transformation
for text classification tasks given that adequate ma-
chine translation models exist for many language
pairs. However, for structured prediction tasks such
as Slot Filling or Named Entity Recognition, the
non-trivial task of aligning token labels can lead
to an improved cross-lingual transfer. One of the
most commonly used word alignment methods is
fastalign (Dyer et al., 2013). Frequently used as a
baseline, it involves aligning the word indices in
parallel sentences in an unsupervised manner, prior
to regular supervised learning. In some scenarios,
fastalign can approach SOTA scores for slot fill-
ing (Schuster et al., 2019), however, the quality of
alignment varies between languages and can even
degrade performance (Li et al., 2021) below base-
line. An alternative data alignment approach called
CoSDA (Qin et al., 2020) uses code-switching as
data augmentation. Random words in the input
are translated and replaced to make model train-
ing highly multilingual, leading to improved cross-
lingual transfer. Attempts were also made to au-
tomatically learn how to code-switch (Liu et al.,
2020). While improvements were reported, it’s
uncertain how much SOTA models would benefit.

[MA,TS] Continuing with label alignment for
slot filling, Xu et al. (2020) tried to predict and
align slot labels jointly during training instead of
modifying data labels explicitly before fine-tuning.
While soft-align improves on fastalign, the diffi-

culty of label alignment makes it challenging to
improve on the SOTA. For text classification tasks
such as Cross-lingual Natural Language Inference
(Conneau et al., 2018), an adversarial cross-lingual
alignment was proposed by Qi and Du (2020).
Adding a self-attention layer on top of multilingual
BERT (Devlin et al., 2019) or XLM (Lample and
Conneau, 2019), the model learns the XNLI task
while trying to fool the language discriminator in
order to produce language-agnostic input represen-
tations. While improvements over baselines were
reported, the best scores were around 2-3 points
behind the standard XLM-R model.

3 Methodology

We introduce XeroAlign, a conceptually simple
and efficient method for task-specific alignment
of sentence embeddings generated by PXLMs,
aimed at effective zero-shot cross-lingual transfer.
XeroAlign is an auxiliary training objective that
is jointly optimised with the primary task, e.g.
text classification and/or slot filling, as shown in
Figure 1. We use standard architecture for each
task and only add the minimum required number
of new parameters. For text classification tasks, we
use the [CLS] token of the PXLM as our pooled
sentence representation. A linear classifier (hidden
size x number of classes) is learnt on top of the
[CLS] embedding using cross-entropy as the loss
function (TASK A in Figure 1). For slot filling,
we use the contextualised representations of each
token in the input sequence. Once again, a linear
classifier (hidden size x number of slots) is learnt
with a cross-entropy loss (TASK B in Figure 1).

Algorithm 1 shows a standard training routine
augmented with XeroAlign. Let PXLM be a pre-
trained cross-lingual transformer language model,
X be the standard English training data and U be
the machine translated utterances (from X). The
English utterances were translated into each tar-
get language using our internal machine translation
service. A public online translator e.g. Google
Translate can also be used. For the PAWS-X task,
we use the public version of the translated data1.
We then obtain the CLSS and CLST embeddings
by taking the first token of the PXLM output se-
quence for the source xs and target xt sentences
respectively. Using a Mean Squared Error loss

1https://github.com/
google-research-datasets/paws
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Algorithm 1 The XeroAlign algorithm.
1: PXLM ← Pretrained Cross-lingual LM
2: X ← Training data tuples in English
3: U ← Utterances translated into Target Lang.
4: sim← similarity function e.g. MSE

5: # training loop
6: for (xs, y), xt ∈ X,U do
7: task loss← task loss fn(xs, y)
8: CLSS ← PXLM (xs)
9: CLST ← PXLM (xt)

10: align loss← sim(CLSS , CLST )
11: total loss← task loss+ align loss
12: # update model parameters
13: end for

function as our similarity function sim, we com-
pute the distance/loss between CLSS and CLST .
The sum of the losses (total loss) is then backprop-
agated normally. We have conducted all XeroAlign
training as multi-task learning for the following
reason. When the PXLM is aligned first, followed
by primary task training, the PXLM exhibits poor
zero-shot performance. Similarly, learning the pri-
mary task first, followed by XeroAlign fails as the
primary task is partially unlearned during align-
ment. This is most likely due to the catastrophic
forgetting problem (Goodfellow et al., 2013).

3.1 Experimental Setup

In order to make our method easily accessible and
reproducible2, we use the publicly available XLM-
R transformer from Huggingface (Wolf et al., 2019)
built on top of PyTorch (Paszke et al., 2019). We
set a single seed for all experiments and a similar
learning rate for each dataset. No hyperparame-
ter sweep was conducted to ensure a robust, low-
resource, real-world deployment and to make a
fair comparison with SOTA models. XLM-R was
XeroAligned over 10 epochs and optimised using
Adam (Kingma and Ba, 2015) and a OneCycleLR
(Smith and Topin, 2019) scheduler.

3.2 Datasets

We evaluate XeroAlign with four datasets covering
11 unique languages (en, de, es, fr, th, hi, ja, ko, zh,
tr, pt) across two tasks (intent classification + slot
filling, paraphrase detection).

2Resources are available by email (Milan Gritta) or down-
load from https://www.aclweb.org/anthology/
or https://github.com/huawei-noah/xnlu.

PAWS-X (Yang et al., 2019) is a multilingual
version of PAWS (Zhang et al., 2019), a binary
classification task for identifying paraphrases. Ex-
amples were sourced from Quora Question Pairs3

and Wikipedia, chosen to mislead simple ‘word
overlap’ models. PAWS-X contains random exam-
ples drawn from PAWS (just under 4K for the devel-
opment and test set) covering seven languages (en,
de, es, fr, ja, ko, zh) and totalling almost 28,000 hu-
man translated paraphrases. Each train set contains
approximately 49.5K machine translated examples.

MTOD is a Multilingual Task-Oriented Dataset
provided by Schuster et al. (2019). It covers three
domains (alarm, weather, reminder) and three lan-
guages of different sizes: English (43K), human-
translated Spanish (8.3K) and Thai (5K). MTOD
comprises two correlated NLU tasks, intent classi-
fication and slot filling. The SOTA scores are re-
ported by Li et al. (2021) and Schuster et al. (2019).

MTOP is a Multilingual Task-Oriented Parsing
dataset provided by Li et al. (2021) that covers inter-
actions with a personal assistant (intent recognition
and slot filling tasks). We use the standard flat
version, which has the SOTA reported by Li et al.
(2021). A compositional version of the data de-
signed for nested queries is also provided. MTOP
contains 100K+ human translated examples in 6
languages (en, de, es, fr, th, hi) and 11 domains.

MultiATIS++ by Xu et al. (2020) is an exten-
sion of the multilingual version of ATIS (Upad-
hyay et al., 2018), initially translated into Hindi
and Turkish. Six new human-translated4 languages
(de, es, fr, zh, ja, pt) were added with ∼4 times
as many examples each (around 6K per language)
for 9 languages. These datasets are based on the
English-only ATIS (Price, 1990) featuring users in-
teracting with an information service. Once again,
intent recognition and slot filling are evaluated.

3.3 Metrics

We use standard evaluation metrics, that is, accu-
racy for paraphrase detection and intent classifica-
tion, F-Score5 for slot filling.

3https://www.quora.com/q/quoradata/
First-Quora-Dataset-Release-Question-Pairs

4We have encountered some minor issues with slot annota-
tions. Around 60-70 entities across 5 languages (fr, zh, hi, ja,
pt) had to be corrected as the number of slot tags did not agree
with the number of tokens in the sentence. However, this only
concerns a tiny fraction of the ∼400k+ tokens covered.

5https://pypi.org/project/seqeval/
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Model Spanish French German Hindi Thai Average

XLM-R Target 95.9 / 91.2 95.5 / 89.6 96.6 / 88.3 95.1 / 89.1 94.8 / 87.7 95.6 / 89.2

XLM-R 0-shot 91.9 / 84.3 93.0 / 83.7 87.5 / 80.7 91.4 / 76.5 87.6 / 55.6 90.3 / 76.2
XLM-RA 96.6 / 84.4 96.5 / 83.3 95.7 / 84.5 95.2 / 80.1 94.1 / 69.1 95.6 / 80.3
Li et al. (2021) 96.3 / 84.8 95.1 / 82.5 94.8 / 83.1 94.2 / 76.5 92.1 / 65.6 94.5 / 77.9

Table 2: MTOP results as Intent Classification Accuracy / Slot Filling F-Score. Best English score: 97.3 / 93.9.

4 Results and Analysis

We use ‘XLM-R Target’ to refer to models trained
on each labelled target language. We also provide
zero-shot scores denoted ‘XLM-R 0-shot’, the
‘XLM-RA’ results and the reported SOTA figures.
For PAWS-X, we provide a second baseline called
‘Translate-Train’, which comprises the union of
Target and English train data. Scores are given for
the large6 model unless specified otherwise.

The XeroAligned XLM-R attains SOTA scores
on 3 XNLU datasets. The intent classification
(+1.1) and slot filling (+2.4) scores, averaged
over 5 MTOP languages and shown in Table 2,
improved on an XLM-R model with translated
utterances, slot label projection and distant
supervision (Li et al., 2021). For the MultiATIS++
dataset (Table 5), XLM-RA shows an improved
intent accuracy (+1.1) and F-Score (+3.2) over 8
languages, compared to a large multilingual BERT
with translated utterances and slot label softalign
(Xu et al., 2020). The MTOD classification
accuracy (+1.3) and slot tagging F-Score (+5.0)
have improved over an XLM-R with translated
utterances, slot label projection and distant
supervision (Li et al., 2021). MTOD is the only
dataset where the base model outperforms (albeit
marginally) the large transformer, as seen in
Table 6. Finally, we compare our intent classifi-
cation accuracy (+8.1) and slot filling F-Score
(+8.7) for MTOD to a BiLSTM with translated
utterances and slot label projection (Schuster
et al., 2019), which had the SOTA F-Score for Thai.

On the adversarial paraphrase task (PAWS-X, Ta-
ble 3), averaged over 7 languages, XLM-RA scores
marginally higher (+0.1 accuracy) than VECO
(Luo et al., 2020), a variable cross-lingual encoder-
decoder and marginally lower (-0.2 accuracy) than
FILTER (Fang et al., 2020), an enhanced cross-

6Large=24 layers, 550M par, Base=12 layers, 270M par.

lingual fusion model, which was the SOTA until
01/2021. We now turn our attention to the improve-
ments over the XLM-R 0-shot model.

4.1 Text Classification

The intent classification accuracy of XLM-RA
exceeds that of an XLM-R trained with labelled
data, averaged across three task-oriented XNLU
datasets (Tables 2, 5, 6). Starting from a com-
petitive baseline model, XeroAlign improves
intent accuracy by ∼5-10 points (similar for the
base model, see Table 7 in Section 4.4). The
benefits of cross-lingual alignment are particularly
evident in low-resource languages (tr, hi, th),
which is encouraging for applications with limited
resources. Paraphrase detection is another instance
of text classification. We report average XLM-RA
accuracy in Table 3, which exceeds both Target
and the Translate-Train scores by over 1 point
and by almost 3 points over XLM-R 0-shot (even
larger improvements for the base model).

Note that the amount of labelled data is compara-
ble for XeroAlign and Target (except Thai, Spanish
in MTOD and Turkish, Hindi in MultiATIS++)
hence there is no more than a negligible advantage
from the additional data. As the English scores
show the highest performance (∼1.5 points higher
on average) compared to the Target languages, we
hypothesise that transferring this advantage from
a high-resource language via XeroAlign is the pri-
mary reason behind its effectiveness compared to
using target data directly. Given that Target per-
formance has recently been exceeded with MoCo
(He et al., 2020) and the similarities between con-
trastive learning and XeroAlign, our finding seems
in line with recent work, which is subject to ongo-
ing research (Zhao et al., 2020).

4.2 Structured Prediction

While XLM-RA is able to exceed Target accuracy
for text classification tasks, even our best F-Scores
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Model EN DE ES FR JA KO ZH Average

XLM-R Target 95.6 90.9 92.5 92.4 85.1 86.4 87.2 90.0
XLM-R Translate-Train 95.7 91.6 92.3 92.5 85.2 85.8 87.7 90.1

XLM-R 0-shot 95.6 91.0 91.1 91.9 81.7 81.6 85.4 88.3
Luo et al. (2020) 96.4 93.0 93.0 93.5 87.2 86.8 87.9 91.1
XLM-RA 95.8 92.9 93.0 93.9 87.1 87.1 88.9 91.2
Fang et al. (2020) 95.9 92.8 93.0 93.7 87.4 87.6 89.6 91.4
Section 4.5 experiment below: aligning with development/test set utterances but no task labels.

XLM-RA (Exp) 95.8 94.2 94.4 94.8 91.6 92.6 92.1 93.6

Table 3: PAWS-X results as Paraphrase Classification Accuracy.

for slot filling are between 8 and 19 points behind
the Target model. This is despite a strong average
improvement of +4.1 on MTOP, +5.7 on Multi-
ATIS++ and +5.2 on MTOD (a greater benefit for
the base model). We think that the gap is primarily
down to the difficulty of the sequence labelling
task. That is, zero-shot text classification is ‘easier’
than zero-shot slot filling, which is manifested by
a ∼10-20 point gap between scores. Sentences in
various languages have markedly different input
lengths and token order thus word-level inference
in cross-lingual settings becomes significantly
more challenging than sentence-level prediction
because syntax plays a less critical role in sequence
classification.

Another reason, related to XeroAlign’s architec-
ture and training, is our choice to align the PXLM
on the [CLS] embedding, which is subsequently
used ‘as is’ for text classification tasks. Aligning in-
dividual token representations through the [CLS]
embedding improves structured prediction as well,
however, as the token embeddings are not directly
used, the Multi-Head Attention parameters in the
uppermost transformer layer never receive any gra-
dient updates from XeroAlign. Closing this gap
is a challenging opportunity, which we reserve for
future work. Once again, the languages with lower
NLP resources (th, hi, tr) tend to benefit the most
from cross-lingual alignment.

4.3 XeroAlign Generalisation

In this subsection, we briefly investigate the gener-
alisation of XeroAlign to unseen languages, taking
the PAWS-X task as our use case. We are inter-
ested in finding out whether aligning on just one
language has any zero-shot benefits for other lan-

guages. Table 4 shows the XLM-RA results when
aligned on a single language (rows) and tested on
other languages (columns).

- EN DE ES FR JA KO ZH AVE

DE 96.0 92.9 92.3 92.6 84.0 84.5 86.5 89.8
ES 95.9 92.6 93.0 93.1 83.9 84.1 86.4 89.9
FR 95.9 92.5 92.9 93.9 83.9 84.1 86.9 90.0
JA 96.0 92.6 91.8 93.1 87.1 87.4 87.9 90.8
KO 95.7 92.6 92.0 92.7 80.6 87.1 87.3 90.5
ZH 95.5 92.0 92.6 92.7 86.3 86.2 88.9 90.6

EU 96.2 92.5 93.0 94.1 84.9 85.2 87.1 90.4
AS 96.0 93.0 92.1 92.7 85.9 87.6 88.4 90.8

Table 4: XLM-RA aligned on one PAWS-X language
(rows), evaluated on others (columns). AVE = average.
EU = European languages, AS = Asian languages.

We can see that aligning on Asian languages
(Japanese in particular) attains the best average im-
provement compared to aligning with European
languages. This seems to reflect the known per-
formance bias of XLM-R towards (high-resource)
European languages, all of which show a strong im-
provement, regardless of language. Aligning only
on European languages (de, es, fr) improves the
average to 90.4 but aligning on Asian languages
(zh, ko, ja) does not improve over Japanese (90.8).
In any case, it is notable that the XLM-R model Xe-
roAligned on just a single language is able to carry
this advantage well beyond a single language thus
improve average accuracy by 1.5-2.5 points over
baseline (88.3) from Table 3. This effect is even
stronger for MTOP (+4 accuracy, +3 F-Score).

4.4 Smaller Language Models
The XeroAligned XLM-R base model shows an
even greater relative improvement than its larger
counterpart with 24 layers and 550M parameters.
To this end, we report the results for the XLM-
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Model DE ES FR TR HI ZH PT JA AVE

XLM-R Target 97.0/95.3 97.3/87.9 97.8/93.8 80.6/74.0 89.7/84.1 95.5/95.9 97.2/94.1 95.5/92.6 93.8/89.7

XLM-R 0-shot 96.4/84.8 97.0/85.5 95.3/81.8 76.2/41.2 91.9/68.2 94.3/82.5 90.9/81.9 89.8/77.6 91.5/75.5
XLM-RA 97.6/84.9 97.8/85.9 95.4/81.4 93.4/70.6 94.0/79.7 96.4/83.3 97.6/79.9 96.1/83.5 96.0/81.2
Jain et al. (2019) 96.0/87.5 97.0/84.0 97.0/79.8 93.7/44.8 92.4/77.2 95.2/85.1 96.5/81.7 88.5/82.6 94.5/77.8
Xu et al. (2020) 96.7/89.0 97.2/76.4 97.5/79.6 93.7/61.7 92.8/78.6 96.0/83.3 96.8/76.3 88.3/79.1 94.9/78.0

Table 5: MultiATIS++ Intent Classification Accuracy / Slot Filling F1. English model: 97.9/97. AVE = average.

Model Spanish Thai AVE

§ Target (B) 98.7/89.1 96.8/93.1 97.8/91.1
§ Target (L) 98.8/89.8 97.8/94.4 98.3/92.1

§ 0-shot (B) 90.7/70.1 71.9/53.1 81.3/61.6
§ 0-shot (L) 97.1/85.7 82.8/47.7 90.0/66.7
XLM-RA (B) 98.9/86.9 97.9/60.2 98.4/73.6
XLM-RA (L) 99.2/88.4 98.4/57.3 98.8/72.9
Schuster et al. 85.4/72.9 95.9/55.4 90.7/64.2
Li et al. 98.0/83.0 96.9/52.8 97.5/67.9

Table 6: MTOD results as Intent Classification Accuracy
/ Slot Filling F-Score. Our best English score: 99.3/96.6,
(B) = Base, (L) = Large, § = XLM-R model.

RA base model (12 layers, 270M parameters) in
Table 7 as the average scores over all languages
for MTOP, PAWS-X, MTOD and MultiATIS++.
We use a relative % improvement over XLM-R
0-shot to compare the models fairly. We observe
that the paraphrase detection accuracy improves
by 3.3% for the large PXLM versus 6.5% for the
base model. Across three XNLU datasets, the large
XeroAligned XLM-R improves over the XLM-R
0-shot by 9.5% versus 14.2% for the base model on
slot filling and by 7.1% (large) versus 19.8% (base)
on text/intent classification.

Model MTOP PAWS-X M-ATIS MTOD

§ Target 94.0/88.1 85.2 89.0/86.3 97.6/92.2

§ 0-shot 80.8/68.9 81.7 76.9/65.0 80.1/64.8
XLM-RA 93.3/78.9 87.0 93.0/73.4 98.5/74.7

Table 7: The XLM-R(A) base model averages as intent
classification accuracy / slot filling F-Score (or para-
phrase accuracy for PAWS-X). § = XLM-R model.

This lets applications with lower computational
budgets achieve competitive performance with
our efficient cross-lingual alignment method for
transformed-based PXLMs. In fact, the XLM-RA
base model is able to reach up to 90-95% of the
performance of its larger sibling using significantly
lower computational resources.

4.5 Discussion

XLM-RA’s intent classification accuracy is on aver-
age within ∼1.5 points of English accuracy across
three XNLU datasets. However, the PAWS-X para-
phrase detection accuracy is almost 5 points be-
low English models, which is the case for other
state-of-the-art PXLMs in Table 3. Why does the
XLM-R struggle to generalise more on this task for
languages other than English? A combination of
several factors is likely at play. Minor translation
errors may account for some of this deficit since
the training is done using the publicly available
machine-translated data. XeroAlign also leverages
this data to align the multilingual representations
of the PXLM. It is the nature of the dataset makes
translation errors more likely for PAWS-X than
for the task-oriented XNLU as the differences be-
tween paraphrased sentences are very subtle and
challenging to discern (and to translate accurately).
With that said, we think that the greater than ex-
pected deficit may be primarily caused by 1) a
domain/topic shift within the dataset and 2) a pos-
sible data leakage for English. The original PAWS
data (Zhang et al., 2019) was sourced from Quora
Question Pairs and Wikipedia with neither being
limited to any particular domain. As the English
Wikipedia provides a large portion (relative to other
languages) of the training data for XLM-R, it is pos-
sible that some of the English PAWS sentences may
have been seen in training, which could explain the
smaller generalisation gap for English.

In order to find out whether the accuracy gap will
diminish, we artificially remove the hypothetical
domain shift by using the parallel utterances (but
not task labels) from the development and test sets.
We thus XeroAlign the XLM-R on an extended
vocabulary that may not be present in the train set.
We observe that the (Exp) model in Table 3 shows
an average improvement of over 2 points compared
to the best XLM-RA and other SOTA models. This
suggests that the increased generalisation gap may
be caused by a domain shift for non-English lan-
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guages on this task. When that topic shift gets
(perhaps artificially) removed, the model is able
to bring accuracy back within ∼2 points of the
English model (in line with XNLU tasks). Note
that this gap can be masked for English due to the
language biases in data used for pretraining.

In section 2, we outlined the most conceptually
similar methods that conducted large-scale model
pretraining with task-agnostic sentence alignment
as part of the training routine (Hu et al., 2020a;
Feng et al., 2020; Pan et al., 2020; Chi et al., 2020).
Where ablation studies were provided, the aver-
age improvement attributed to contrastive align-
ment was ∼0.2-0.3 points (though the tasks were
slightly different). While we do not directly com-
pare XeroAlign to contrastive alignment, it seems
that a task-specific alignment may be a more effec-
tive and efficient technique to improve zero-shot
transfer, given the magnitude of our results. This
leads us to conclude that the effectiveness of our
method comes primarily from cross-lingual align-
ment of the task-specific vocabulary. Language is
inherently ambiguous, the semantics of words and
phrases shift somewhat from topic to topic, there-
fore, a cross-lingual alignment of sentence embed-
dings within the context of the target task should
lead to better results. Our simplified, lightweight
method only uses translated task utterances, a sin-
gle encoder model and positive samples, the align-
ment of which is challenging enough without ar-
bitrary negative samples. In fact, this is the main
barrier for applying contrastive alignment in task-
specific NLP scenarios, i.e. the lack of carefully
constructed negative samples. For smaller datasets,
random negative samples would mean that the task
is either too easy to solve, resulting in no meaning-
ful learning or the model would receive conflicting
signals by training on false positive examples, lead-
ing to degenerate learning.

4.6 Future Work

Our recommendations for avenues of promising
follow-up research involve any of the following:
i) aligning additional tasks such as Q&A, Natu-
ral Language Inference, Sentence Retrieval, etc.
ii) including additional languages, especially low-
resource ones (Joshi et al., 2020) and iii) evaluat-
ing large-scale, task-agnostic alignment of PXLMs
followed by task-specific alignment, which is remi-
niscent of the common transfer learning paradigm
of pretraining with Masked Language Modelling

before fine-tuning on the target task. To that end,
there is already some emergent work on mono-
lingual fine-tuning with an additional contrastive
loss (Gunel et al., 2020). For the purposes of
multilingual benchmarks (Hu et al., 2020b; Liang
et al., 2020) or other pure empirical pursuits, an
architecture or a language-specific hyperparameter
search should optimise XLM-RA for significantly
higher performance as the large transformer does
not always outperform its smaller counterpart and
because our hyperparameters remained fixed for
all languages. Most importantly, the follow-up
work needs to improve zero-shot transfer for cross-
lingual structured prediction such as Named Entity
Recognition (Pan et al., 2017), POS Tagging (Nivre
et al., 2016) or Slot Filling (Schuster et al., 2019),
which is still lagging behind Target scores.

5 Conclusions

We have introduced XeroAlign, a conceptually sim-
ple and efficient method for task-specific alignment
of multilingual sentence embeddings generated by
PXLMs, aimed at effective zero-shot cross-lingual
transfer. XeroAlign is an auxiliary training ob-
jective that is easily integrated into the unaltered
primary task/model. XeroAlign leverages trans-
lated training data to bring the sentence embed-
dings in different languages closer together. We
evaluated the XeroAligned XLM-R models (named
XLM-RA) on zero-shot cross-lingual text classifi-
cation, adversarial paraphrase detection and slot fill-
ing tasks, achieving SOTA (or near-SOTA) scores
across four datasets covering 11 unique languages.
Our ultimate vision is a level of zero-shot perfor-
mance at or near that of Target models. The Xe-
roAligned XLM-R partially achieved that goal by
exceeding the intent classification and paraphrase
detection accuracies of XLM-R trained with la-
belled data. We hope our work will inspire further
progress in cross-lingual transfer learning.
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ric Cistac, Tim Rault, Rémi Louf, Morgan Funtowicz,
et al. 2019. Huggingface’s transformers: State-of-
the-art natural language processing. ArXiv, pages
arXiv–1910.

Weijia Xu, Batool Haider, and Saab Mansour. 2020.
End-to-end slot alignment and recognition for cross-
lingual nlu. In Proceedings of the 2020 Conference
on Empirical Methods in Natural Language Process-
ing (EMNLP), pages 5052–5063.

380



Linting Xue, Noah Constant, Adam Roberts, Mihir Kale,
Rami Al-Rfou, Aditya Siddhant, Aditya Barua, and
Colin Raffel. 2020. mt5: A massively multilingual
pre-trained text-to-text transformer. arXiv preprint
arXiv:2010.11934.

Yinfei Yang, Yuan Zhang, Chris Tar, and Jason
Baldridge. 2019. Paws-x: A cross-lingual adversarial
dataset for paraphrase identification. In Proceedings
of the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 3678–3683.

Yuan Zhang, Jason Baldridge, and Luheng He. 2019.
Paws: Paraphrase adversaries from word scrambling.
In Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pages 1298–1308.

Nanxuan Zhao, Zhirong Wu, Rynson WH Lau, and
Stephen Lin. 2020. What makes instance discrim-
ination good for transfer learning? arXiv preprint
arXiv:2006.06606.

Pierre Zweigenbaum, Serge Sharoff, and Reinhard Rapp.
2018. Overview of the third bucc shared task: Spot-
ting parallel sentences in comparable corpora. In
Proceedings of 11th Workshop on Building and Us-
ing Comparable Corpora, pages 39–42.

381



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 382–389
August 1–6, 2021. ©2021 Association for Computational Linguistics

Using Word Embeddings to Analyze Teacher Evaluations: An Application
to a Filipino Education Non-Profit Organization

Francesca Vera
Stanford University
Stanford, CA 94305

fvera@alumni.stanford.edu

Abstract

Analysis of teacher evaluations is crucial to the
development of robust educational programs,
particularly through the validation of desirable
qualities being reflected on in the text. This
research applies Natural Language Processing
techniques on a real-world dataset from a Fil-
ipino education non-profit to explore insights
from analyzing evaluations written by Teacher
Fellows who assess their own progress. Prior
to this research, only qualitative assessment
had been conducted on the text. Inspired by
the use of word embedding similarities to cap-
ture semantic alignment, we utilize GloVe em-
beddings to determine to what extent these
evaluations reflect concepts critical to measur-
ing the competency of Teacher Fellows and up-
holding the organization’s Vision and Mission.
As Fellows’ quantitative ratings improved, so
too did their demonstration of competency in
the text. Further, Teacher Fellow language was
consistent with the organization’s Vision and
Mission. This research therefore showcases
the possibilities of NLP in education, improv-
ing our understanding of Teacher Fellow evalu-
ations, which can lead to advances in program
operations and education efforts.

1 Introduction

Applying Natural Language Processing (NLP) tech-
niques to improve the quality of education pro-
grams is a crucial step in ensuring the NLP commu-
nity’s contributions to Social Good. Utilizing NLP
unlocks the potential of computationally examin-
ing texts that were once only qualitatively analyzed
or overlooked because of the difficulty in assessing
the text. Textual data is plentiful in an educational
setting, ranging from comments about student expe-
riences to teacher evaluations and reflections. We
look at applying NLP processes to teacher evalu-
ations, which are a basis for documenting teacher

growth and performance – components that will im-
pact the quality of the education students receive.

The main contribution of this paper is that it
introduces a computational framework through
which teacher evaluations can be analyzed, so that
insights gained can enhance educational programs.
Applied on a real-world dataset from a Filipino
education non-profit organization, word embed-
ding similarities reveal which desirable traits within
teachers are contained in these Teacher Fellow (a
term used by the organization to describe its teach-
ers in training) evaluations and their alignment with
the organization’s Vision and Mission. The motiva-
tion behind this work was to determine what qual-
ities Teacher Fellows embody at different stages,
as well as determining if their self-reflection was
calibrated with manager (those training Teacher
Fellows) evaluations. The organization was also
curious if certain competencies emerged more than
others.

With this application, we hope to improve the or-
ganization’s teacher development efforts. Program
changes that this piece of work inspired included
refinement of the organization’s evaluation tools
and prompts, reflection on their competency defini-
tions, greater discussions between Teacher Fellows
and managers, alignment of interventions provided
to Teacher Fellows, and increased support in the
overall journey. We envision that this research can
be scaled and flexibly applied to other bodies of
textual data to serve future educational and Social
Good purposes.

2 Related Work

2.1 NLP in Education

The uses of NLP in the education space include:
to better understand natural language learning; to
improve teaching materials; to develop learning
applications; and to enhance student output, as out-
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lined by Dr. Alhawiti (2014) in a survey of the
state of NLP applications in education. Relevant to
teacher evaluations, research by Rajput et al. (2016)
implements a lexicon-based sentiment analysis tool
on these evaluations to gain more insight on stu-
dent feedback. Not only did the tool prove highly
correlated with quantitative ratings, but also it pro-
vided clearer understanding of teacher performance
through its sentiment score. Further, Tzacheva et
al. (2019) present a model that detects multiple
emotions within student comments on teacher per-
formance in order to increase positivity in student
emotions and improve student experience in the
classroom. Our research differs from past NLP
explorations in that it is mostly concerned with
teacher self-evaluation and employs the use of word
embeddings to derive a set of pre-defined concepts
reflected in the text.

2.2 Word Embedding Similarities

Word embeddings are vector representations of
words that capture their semantic features. These
vectors can be assessed in relationship to one an-
other through Euclidean distance or cosine similar-
ity, used interchangeably to measure the semantic
similarity (Pennington et al., 2014) between the
words whose corresponding vectors are being com-
pared. Embedding similarity to affirm the semantic
alignment in language is a common technique in
NLP. In exploring the semantic similarity between
two texts, Kenter and de Rijke (2015) propose the
proximity between embeddings as related to se-
mantic proximity. To quantify gender and ethnic
stereotypes using embeddings, Garg et al. (2017)
computed the Euclidean distance between group
words and neutral words to measure the strength
of association between the two sets. Similarity can
also be calculated on a sentence level, even when
the structure of the sentence is ignored, but the asso-
ciated embeddings of the words within the sentence
are considered by averaging. (Faruqui et al., 2014;
Yu et al., 2014) We adopt a combination of these
past uses of word embeddings by calculating the
similarity of sets of words to determine semantic
proximity between them, where one of the sets con-
tains sentences for which an associated embedding
must be assigned.

3 Dataset

This paper applies NLP techniques on a real-world
dataset from a Filipino education non-profit orga-

nization since the data consisted of many textual
entries. The organization continues to conduct qual-
itative assessment on this particular dataset, but this
paper explores the first application of quantitative
analysis on it.

The dataset was made up of Summer Institute
(SI) reflections, mid-year Competency Based Eval-
uations (CBE’s), and end-year Competency Based
Evaluations. CBE’s allow a Teacher Fellow the op-
portunity to reflect on their progress, as well as pro-
vide a formal space for an instructional coach’s as-
sessment. Split into four domains: Personal Lead-
ership, Servant Leadership, Change Management,
and Critical Learning, CBE’s prompt the Fellow to
write on “Critical Incidents, Strengths, and Areas
of Growth” and give themselves a rating out of 4.0
per domain. A coach repeats the process based
on their assessment of the Fellow. Overall, each
CBE consists of 8 text entries and 8 ratings. SI re-
flections differ from CBE’s in that the prompts are
about high-level, philosophical ideas in education
and there are no quantitative ratings.

For the sake of consistency, only Fellows who
had SI reflections, mid-, and end-year CBE’s were
chosen. There were 14 such Fellows. These evalua-
tions were collected in 2019, making it still relevant
to the present-day programs of the organization. In
total, there were 126 unique text entries: 14 SI re-
flections, 56 CBE entries by Teacher Fellows, and
56 CBE entries by instructional coaches. Along-
side these text entries were 56 ratings by Teacher
Fellows and 56 ratings by instructional coaches.

Although the dataset only consisted of 14 Fel-
lows, there were 126 text entries of average length
204 words, which was significant enough to move
forward with exploring this application.

4 Method

4.1 Keyword List Development

The organization developed keyword lists to encap-
sulate the ideas that it was interested in analyzing.
A Data and Impact Assessment Manager created
these lists based on three important aspects: Com-
petencies, Core Values, and Mission. These Com-
petencies are the listed “indicators” that Fellows
should develop throughout the duration of the pro-
gram and after completion. They were defined by
the organization’s Fellowship Program team, who
have years of experience and pivotal knowledge
of the Fellows’ impact on students and communi-
ties. The “indicators” were condensed into lists
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of Competency keywords by careful selection of
words that carried the most meaning. A similar pro-
cess was done to create Core Values and Mission
lists, which represent the organization’s Vision and
Mission. Core Values were also embedded in the
“indicators,” so keywords were extracted from there.
The Mission keyword list came directly from the or-
ganization’s Mission statement. Because the Data
and Impact Assessment Manager was not on the
Program team that wrote the “indicators,” keyword
selection was relatively objective, ensuring that cer-
tain concepts were not favored nor dismissed.

Although there may be subjectivity within key-
word choices, common NLP tasks exist where key-
words are grouped by theme into sets (e.g. de-
termining which occupation words are neutral in
gender bias embedding explorations (Garg et al.,
2017)). The method of having an internal expert
choose keywords that represented competencies
based on pre-defined qualities that Teacher Fellows
should achieve most closely mirrors methods for
past NLP datasets where experts from other fields
have hand-labeled entries (e.g. cross-validating
entries in hate speech datasets (Jha and Mamidi,
2017)) – despite the subjectivity in this exercise.
Most importantly, the organization fealt confident
that the keywords chosen accurately reflected its
desired competencies, core values, and mission.

4.2 Embedding Similarity Calculation

Inspired by the concept that cosine similarity be-
tween embeddings measures semantic similarity
between words, we calculate the similarity between
the keyword lists and teacher evaluations.

For each keyword, we find the keyword em-
bedding. If the keyword was present in the pre-
defined embeddings, we used that embedding. In
some cases, however, there were multiple words
that made up a keyphrase; for these items, we
took the average of embeddings for every word
in the keyphrase and assigned that as the embed-
ding. Next, we find the embedding for the teacher
evaluations, which we will refer to as the evalua-
tion embedding. Each evaluation was treated as
a single document of text with only one assigned
embedding. In the pre-processing of this text, punc-
tuation was stripped, spelling was checked through
Microsoft Word, and documents were tokenized.
Similar to what was done with keyphrases, we av-
eraged the embeddings of every token, and this
average was taken as the evaluation embedding.

Competency Domain Mid-Year Similarity End-Year Similarity
Personal Leadership 0.498 0.523
Servant Leadership 0.603 0.608
Change Management 0.531 0.532
Critical Learning 0.599 0.600

Table 1: Fellow Competency Similarity Scores

Competency Domain Mid-Year Similarity End-Year Similarity
Personal Leadership 0.519 0.523
Servant Leadership 0.632 0.634
Change Management 0.557 0.560
Critical Learning 0.631 0.629

Table 2: Coach Competency Similarity Scores

After finding the keyword embedding and the
evaluation embedding, we calculate their cosine
similarity, which becomes their similarity score.
This process was repeated for every evaluation and
keyword. To find the overall score for Competen-
cies, Core Values, or Mission, we average across
all Fellow-keyword similarity scores per list.

4.3 Experiments

The following experiments were conducted on the
dataset with GloVe 50-dimensional embeddings.
A similarity score was calculated for each Fel-
low across the organization’s Competency domains:
Personal Leadership, Servant Leadership, Change
Management, and Critical Learning, which had
unique keyword lists each. This process was re-
peated for Fellows’ and coaches’ mid-year and
end-year CBE entries, resulting in 16 similarity
scores (tables 1 and 2). We also include the Fel-
lows’ and coaches’ quantitative ratings out of 4.0
from the CBE’s (tables 3 and 4) for later compari-
son. The Competency keywords with the highest
similarities are listed out (tables 5 and 6). We cal-
culated the similarity between Fellow evaluations
and the Core Values and Mission lists to measure
alignment with Vision and Mission. This was done
on the Fellows’ SI reflections, mid-year CBE’s,
and end-year CBE’s (table 7). We also list the top
keywords for Core Values and Mission (table 8).

Competency Domain Mid-Year Score End-Year Score
Personal Leadership 2.619 2.833
Servant Leadership 2.381 2.524
Change Management 2.214 2.393
Critical Learning 2.250 2.536

Table 3: Fellow CBE Ratings
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Competency Domain Mid-Year Score End-Year Score
Personal Leadership 2.500 2.786
Servant Leadership 2.191 2.548
Change Management 2.143 2.446
Critical Learning 2.321 2.750

Table 4: Coach CBE Ratings

5 Discussion of Results

Cosine similarity has maximum score 1.0, which
occurs when perfect similarity is achieved; higher
cosine similarity indicates higher semantic simi-
larity. Thresholds differ according to vector space
and can be calculated through a variety of methods.
We employ a cutoff of > 0.37 (Orkphol and Yang,
2019) to indicate similarity based on a predictive
model validated by human perception of relevance,
as human intuition of similarity is fundamental
to how our application would be used in practice.
However, we acknowledge that to achieve a truly
appropriate cutoff, we would have to replicate the
empirical study with our own relevant prompts to
generalize for this task.

Fellow and coach mid-year and end-year CBE’s
display Competency similarity scores above our
chosen threshold, indicating that their essence was
present in the evaluations. We also notice an
improvement in all Competency domains from
mid-year to end-year evaluations for Fellows and
coaches. This upward trend mirrors the increase
in quantitative ratings, suggesting that as Fellows
improve in practice, their reflections become more
aligned with the domain concepts. The domain
with highest similarity was Servant Leadership,
while the lowest was Personal Leadership, although
the differences between similarities are minimal.
It is important distinguish what is reflected on in
the evaluations from how the Fellows are rated in
practice: for example, Personal Leadership ratings
were among the highest out of 4.0, but the similar-
ity scores were the lowest, meaning there may be
inconsistencies between what is written and how
Fellows are rated. Coaches produced higher sim-
ilarity scores than Fellows did, which is expected
due to coaches who speak more explicitly in terms
of the Fellow’s competency.

Clear themes emerge from looking at the top key-
words for Competency domains. Personal Leader-
ship focuses on life skills that Fellows may improve
upon. For Servant Leadership, there is emphasis
on the relationship aspects of teaching. Because
Change Management is concerned with executing

Personal Leadership Servant Leadership
Manages Time Relationship Building

Personal Development Strong Relationships
Work Habits Common Goals

Improve Shared Goals
Describes Drives Positive Relationships

Table 5: Top 5 Competency Keywords pt. 1

Change Management Critical Learning
Higher Order Thinking Working Knowledge

Effective Plans Lesson Plan
Systems Thinking Subject Matter

Big Picture Deliver Lessons
Considering Subject Content

Table 6: Top 5 Competency Keywords pt. 2

plans for the larger community, the top keywords
express big picture thinking. In Critical Learning,
the topics cover knowledge and lesson formation.

Since the Core Values and Mission keyword lists
captured the Vision and Mission of the organiza-
tion, the significant similarity scores across SI re-
flections, mid-year, and end-year CBE’s indicate
that the Vision and Mission was expressed in the
Fellows’ writing. The top 3 keywords for Core Val-
ues are especially salient, as “get the job done” was
consistent with the Critical Learning Competency
domain, and “working with others” and “working
as a team” directly related to Servant Leadership.

5.1 Debrief with the Organization

We set up a formal discussion with the organiza-
tion’s Fellowship Program team, whose expertise in
the program, evaluations, and Fellow performance
led us to further insights. They endorsed the out-
come that Servant Leadership produced the highest
similarity scores. They theorized that the inter-
personal and community aspects of Servant Lead-
ership were already strong within this cohort of
Fellows. When looking at the top 5 keywords for
Servant Leadership, the themes of fostering rela-
tionships and shared goals were unsurprising to
them. The second highest scoring domain, Criti-

Keyword List SI Mid-Year CBE End-Year CBE
Core Values 0.686 0.677 0.679
Mission 0.637 0.620 0.623
Competency 0.565 0.577 0.566

Table 7: Core Values and Mission Similarity Scores
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Core Values Mission
Get the Job Done Programs

Working with Others Life Skills
Working as a Team Developing Students

Table 8: Top 3 Core Values and Mission Keywords

cal Learning, also lined up with their expectations;
because this domain is specifically concerned with
pedagogical knowledge, Critical Learning tends
to be discussed at length, as would be typical in
standard teacher evaluations. Further, they said it
made sense that coaches produced higher similarity
scores than Fellows did since coaches are not only
more familiar with concepts, but are also given
templates for being explicit in their writing.

The Program team appreciated the conceptual
alignment between the evaluations and the Core
Values and Mission, claiming that throughout the
training process, coaches encourage Fellows to in-
corporate these components in their practice. After
looking at the top 3 Mission keywords, the Pro-
gram team emphasized that Fellows are coached
on “life skills” and “developing students” – two of
the most important components of the program.

They noted that one area of improvement that
would be easily implemented in future applications
of this process would be to update keyword lists
as the “indicators” themselves get updated. Be-
cause this project inspired reflection within the or-
ganization regarding what qualities it is evaluating
teachers on, any further analysis should consider
appropriate changes in competencies.

It may also be important to note that the Fellow-
ship Program team’s enthusiasm for this project
meant that we received dynamic feedback during
the entire process.

6 Conclusion

We present an application of word embedding simi-
larities to evaluate how Teacher Fellow evaluations
align with requirements for Competency and a non-
profit’s Vision and Mission. This analysis adds a
new element to the interpretation of textual data
that would have otherwise been only qualitatively
examined. Moving forward, the organization aims
to apply this method to other batches of Fellows.
Other members of the organization, such as Ad-
missions and Alumni Program teams, also conduct
evaluations on which the method could be applied.
A comparison may be conducted to see what cer-

tain cohorts were more willing to reflect on in the
text and how their focuses differ. More sophis-
ticated models, including Tf-idf weighting and a
higher level of pre-processing, are possible, and
further validation through correlation with quan-
titative ratings can help clarify the value of this
model. Having demonstrated that Fellows’ evalua-
tions captured ideas contained within Competency,
Core Values, and Mission keywords, we are confi-
dent that the organization can incorporate this anal-
ysis to achieve its goal of providing children access
to high quality education across the Philippines.
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Ethics and Positive Impact Considerations

NLP for Positive Impact aims to promote innova-
tive ways NLP research will positively impact soci-
ety, and this paper presents a case study of an NLP
application for the social good cause of education.
We consider the impact of this paper as positive
because the improvements to the non-profit’s pro-
grams (due to this research) will advance the orga-
nization’s mission to provide Filipino children with
the highest standard of education possible. This
paper may also inspire positive impact in other sit-
uations where similar applications of NLP could
be used for social good.

There is also an opportunity to incorporate
the UN theme for International Women’s Day,
“Women in Leadership,” because of the relation-
ship between education and empowering women.
It is worth noting that in the Philippines, teach-
ers are mostly women, so this research could in-
form their professional leadership journey, includ-
ing how to better train and support them. We en-
vision many possibilities for this application in a
profession dominated by women in the Philippines.

For context, the Filipino education non-profit fo-
cuses on improving teacher quality and addressing
system-level educational challenges. This orga-
nization that provided the data allowed the sub-
mission of this paper. We focus on its Fellowship
Program that trains Teacher Fellows to significantly
improve student learning outcomes. Because the
Fellowship Program is concerned with the growth
of Teacher Fellows in their ability to deliver lessons
of high quality and create positive change in educa-
tional communities, analyzing their evaluations is
a worthwhile task in continuing the efficacy of this
program. The Fellowship Program reaches over
10,000 public school students in the Philippines
annually. Since the organization would be the main
beneficiary of this technology, this technology has
the potential to improve the Fellowship Program,
which in turn will impact the Teacher Fellows and
their students. A secondary beneficiary would be
other similar non-profit organizations or operations
teams that run educational programs.

The dataset used in this application was directly
provided to us by the organization’s Data and Im-
pact Assessment team. The handover of data was
formally documented and a non-disclosure agree-
ment was signed. Further, we met with the Instruc-
tional Coaching Team to confirm the consent of
the original authors of the texts. With regards to

dataset privacy considerations, per the request of
the organization and to protect the privacy of the
Teacher Fellows and instructional coaches, the eval-
uations were completely anonymized. For the same
reasons, the data cannot be submitted for review or
replication. We chose not to include direct quota-
tions from the evaluations (which could have been
used to strengthen discussion of results) to ensure
the authors’ privacy.

An overall evaluation of using word embeddings
for similarity tasks was considered. (Faruqui et al.,
2016) Further, word embeddings have been shown
to carry biases (e.g. gender and ethnic stereotypes)
(Garg et al., 2017), so these biases may manifest in
the outcomes. Because the similarity threshold was
defined by a model based on human perception, the
biases of the human participants may also factor
into the resulting value. We acknowledge that the
research was conducted in English, which may ex-
clude other languages where word embeddings in
those languages cannot be applied in a similar way.
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A Appendix

A.1 Keyword Lists

A.1.1 Personal Leadership
Personal Leadership, Self-Management, Self-
Awareness, Self-Regulation, Motivation, Respon-
sibility, Personal Development, Excellence, De-
scribes Emotions, Describes Drives, Describes Val-
ues, Personality, Manages Resources, Manages En-
ergy, Manages Emotions, Manages Time, Deliver-
ables, Work Habits, Quality Output, Personal Mo-
tivations, Goals, Persevering, Rallying, Challenges,
Setbacks, Constructive Feedback, Improve

A.1.2 Servant Leadership
Servant Leadership, Relationship Building, Strong
Relationships, Healthy Relationships, Rewarding
Relationships, Common Goals, Positive Relation-
ships, Respect, Humility, Empathy, Expresses
Clearly, Influences, Shared Goal, Expresses Ef-
fectively

A.1.3 Change Management
Change Management, Planning, Strategic, Effec-
tive, Ambitious, Realistic, Short-Term Goals, Mid-
Term Goals, Long-Term Goals, Community, Ef-
fective Plans, Resources, Vision, Education Re-
form, Collaboration, Stakeholders, Scale, Innova-
tion, Creative, Valuable, Sustainable, Enhancement,
Community, Capacity Building, Collaborating, Re-
specting, Considering, Existing Practices, Exist-
ing Procedures, Resources, Efforts, Higher Order
Thinking, Creative, Divergent, Convergent, Criti-
cal, Analytical, Excellence, Systems Thinking, Big
Picture, Social, Political, Cultural, Evidence, In-
Depth, Effective Decisions, Time-Critical, Commu-
nities, Factors, Proposes, Contextualized, Logical,
Perspectives, Execution

A.1.4 Critical Learning
Critical Learning, Content Knowledge, Subject
Matter, Contextualized, Applied, Learning, Teach-
ing, Measurable Changes, Broadened Opportuni-
ties, Working Knowledge, Subject Content, Lesson
Plan, Mastery, Delivery Lessons, Community En-
gagement Activities, Captivate, Care, Classroom
Management, Confer, Teaching Framework, Peda-
gogical Knowledge

A.1.5 Core Values
Excellent Education, Inclusive Education, Relevant
Education, Working as a Team, Excellent Results,

Listens, Learns, Get the Job Done, Acts with Re-
spect, Acts with Kindness, In the Face of Ambi-
guity, Builds Strong Partnerships, Values Strong
Partnerships, Collaboration, Humility, Success of
Whole, Integrity, Values Consensus, Shared Out-
comes, Accepting, Sets Aside Personal Ego, Re-
spect, Positive Relationships, Responsibility to
Learn, Extend Helping Hand, Kindness, Inside
and Outside Organization, Individual Role, Max-
imize Learning, Effectively Performs, Takes Ac-
tion, Different Stakeholders, Collective Success,
Working with Others, Takes on Tasks Outside Role,
Analyzes Problem, Community Engagement, Re-
late Positively, Connect, Short-Term Impact, Mid-
Term Impact, Long-Term Impact, Desired Out-
comes, Seeks Perspectives, Sustainable Solution,
Invites, Receptive to Feedback, Acts Decisively,
Contribute, Translate Feedback, Commits to High
Standards, Assistance, Improve Performance, Re-
spectfully Asserts, Shared Goals, Makes Decisions

A.1.6 Mission
Positively Impact, Academics, Life Skills, Func-
tional Literacy, Education Reform, Partners, Net-
work, Shared Goal, Programs, Developing Stu-
dents, Long-Term
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Abstract

Relation classification aims to predict a relation
between two entities in a sentence. The existing
methods regard all relations as the candidate
relations for the two entities. These methods
neglect the restrictions on candidate relations
by entity types, which leads to some inappro-
priate relations being candidate relations. In
this paper, we propose a novel paradigm, RE-
lation Classification with ENtity Type restric-
tion (RECENT), which exploits entity types to
restrict candidate relations. Specially, the mu-
tual restrictions of relations and entity types are
formalized and introduced into relation classi-
fication. Besides, the proposed paradigm, RE-
CENT, is model-agnostic. Based on two repre-
sentative models GCN and SpanBERT respec-
tively, RECENTGCN and RECENTSpanBERT

are trained in RECENT1. Experimental results
on a standard dataset indicate that RECENT
improves the performance of GCN and Span-
BERT by 6.9 and 4.4 F1 points, respectively.
Especially, RECENTSpanBERT achieves a new
state-of-the-art on TACRED.

1 Introduction

Relation classification, a supervised version of rela-
tion extraction, aims to predict a relation between
two entities in a sentence. Relation classification
is an important step to construct knowledge bases
from a large number of unstructured texts (Trisedya
et al., 2019), which benefits many natural language
processing applications, such as natural language
generation (Kang and Hashimoto, 2020) and ques-
tion answering (Zhao et al., 2020).

Recently, the majority of methods make use
of various neural network architectures to learn
a fixed-size representation for a sentence and its
entities with various language features, such as

∗Corresponding author.
1Our code is available at https://github.com/

/Saintfe/RECENT.
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Figure 1: A relation restricts entities with appropriate
types. In the figure, r is who-is-born-when. Different
colored ellipses represent entities with different types.

R5R2R1 R4R3

(s,o)

entity type restrictionno entity type restriction

R5R2R1 R4R3

(s,o)

Figure 2: Entity type restriction for relation classifica-
tion. According to entity type restriction, the number of
candidate relations reduces from 5 (left) to 2 (right).

part of speech (POS), entity types, and dependency
trees. Dependency trees that are parsed from sen-
tences are exploited by GCN (Kipf and Welling,
2017) to model sentences (Zhang et al., 2018; Guo
et al., 2019). As a sequence of words, a sentence is
modeled by LSTM (Hochreiter and Schmidhuber,
1997) and its entity positions are involved with the
attention mechanism (Zhang et al., 2017). More
recently, pretrained language models (Devlin et al.,
2019; Baldini Soares et al., 2019; Joshi et al., 2020)
achieve good performance in relation classification
since they are pretrained on massive corpora.

To recap, these methods utilize an encoder ar-
chitecture (Badrinarayanan et al., 2017) to obtain
a representation for a sentence. In other words,
they only focus on the modeling of sentences and
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Figure 3: Relation classification with entity type restriction. The left part does not consider the restriction of entity
types on relations and only feeds entity types as features into a general classifier. The right part explicitly utilizes
entity types to restrict candidate relations and learns a specific classifier for each pair of entity types.

treat relations as labels2 to be classified. However,
in this process, these methods inevitably lose the
semantics of relations. Take the mutual restrictions
between a relation and entity types as an example.
In Figure 1, the relation who-is-born-when restricts
its first entity to be a person and the second one
to be a time. Conversely, entity types can also re-
strict candidate relations in relation classification.
As illustrated in Figure 2, some inappropriate re-
lations can be discarded from candidate relations
by entity type restriction. However, the current
methods neglect the restriction of entity types on
relations so that some inappropriate relations are
regarded as candidate relations, which further hurts
their performance.

To solve the above problem, a novel paradigm,
RElation Classification with ENtity Type restric-
tion (RECENT), is proposed to exploit entity types
to restrict candidate relations. As the basis of the
paradigm, the mutual restrictions of relations and
entity types are formalized. With the entity type
restriction, some inappropriate relations are dis-
carded from the candidate relations of a specific
pair of entity types, as illustrated in Figure 2. A
specific classifier with a specific set of candidate
relations is individually learned for each pair of
entity types (Figure 3). Therefore, the proposed
paradigm, RECENT, can eliminate the interference
from inappropriate candidate relations.

The contributions are summarized as follows:

• The mutual restrictions of relations and entity
types are formalized.

• A novel paradigm, RECENT, is proposed to
2Specifically, these meaningful relations are treated as

meaningless numbers, such as 0, 1, 2.

exploit entity types to restrict candidate rela-
tions in relation classification.

• A new state-of-the-art is achieved on TA-
CRED.

2 Proposed Paradigm

Before introducing the proposed paradigm RE-
CENT, the mutual restrictions between a relation
and a pair of entities are formalized as the basis of
RECENT.

2.1 Relation Function

When a binary relation is considered as a func-
tion, this relation has two entities as its two ar-
guments. Formally, this relation is formalized as
r(s, o), where r denotes the relation and s, o de-
note the first (subject) entity and the second (object)
entity, respectively. The range of this relation con-
tains two discrete values {0, 1}:

r(s, o) =

{
1 r holds between s and o,
0 otherwise.

(1)

In a broad sense, the domain of this relation
can be any pair of entities. However, when a pair
of entities with inappropriate types is fed into a
specific relation, the relation can directly return 0,
no need to consider the compositional semantics of
the relation and the pair of entities. For example,
a specific relation who-is-born-when expects the
first argument to be a person and the second one
to be a time. Therefore, (apple, Steven Jobs) is
a pair of inappropriate entities for this relation so
that who-is-born-when(apple, Steven Jobs) returns
0 without considering the compositional semantics,
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since apple may refer to either a kind of fruit or a
company (not a person) and Steven Jobs may refer
to a famous person (not a time).

Only when a relation receives a pair of appropri-
ate entities whose types match it, the combination
of the relation and the entities might make sense
(i.e., the function defined in Eq. 1 may return 1).
In this case, it is meaningful to further verify the
correctness of the compositional semantics. From
this perspective, in a narrow sense, the domain (de-
noted by Dr) of a relation (r) is defined as follows:

Dr = {(s, o)|ts ∈ S(r) and to ∈ O(r)}, (2)

where ts and to denote the types of the subject en-
tity (s) and the object entity (o), respectively. S(r)
and O(r) are the appropriate types of r on the sub-
ject entity (s) and the object entity (o), respectively.

2.2 Entity Type Restriction

In the previous subsection, the narrow domain of a
relation restricts entities whose types need to match
the relation. Conversely, given a pair of entities
whose types are known, the candidate relations
of the entities are also restricted, since the match
between relations and entity types is mutual.

Formally, given a pair of entities (s, o) and their
types (ts, to), its candidate relations (denoted by
R(ts,to)) are restricted into a limited set:

R(ts,to) = {r ∈ R|(s, o) ∈ Dr}
= {r ∈ R|ts ∈ S(r) and to ∈ O(r)},

(3)

where R denotes all possible relations. When the
types (ts, to) of a pair of entities (s, o) are explicitly
utilized to restrict its candidate relations, the candi-
date relations reduce from all possible relations R
into a rather smaller set R(ts,to).

2.3 Relation Classification

Unlike traditional methods that classify a sentence
and its entities on all candidate relations R (the left
part of Figure 3), the proposed paradigm, RECENT
learns a specific classifier with smaller and more
precise candidate relations for each pair of entity
types (the right part of Figure 3), based on entity
type restriction in the previous subsection.

The procedure of RECENT is summarized in
Algorithm 1. In the learning phase, all sentences
are first grouped by types of their entities (line 1).
For each group (marked as g) with a specific pair of

entity types (ts,to), the candidate relations R(ts,to)

for the group g are obtained by aggregating the
relations in the group g (line 3). Then, a specific
classifier (marked by fg) that maps sentences and
their entities in g toR(ts,to), is learned for the group
g (line 4). In the prediction phase, given a new
sample (se, s, o, ts, to), a group (marked as g

′
) is

matched by the entity types (ts, to) (line 6). Then,
the classifier fg′ learned on the group g

′
is utilized

to predict a relation according to the input (se, s,
o) (line 7).

From the 4th line of Algorithm 1, the proposed
paradigm RECENT is model-agnostic, which
means that RECENT is theoretically compatible
with many relation classification models.

Algorithm 1 RECENT
Learning Phase:

Input: D = {(sei, si, oi, tsi, toi, ri)|i =
1, 2, ..., N} where the subscript i indicates the
ith sample, se is sentence, s is subject entity, o
is object entity, ts is type of subject entity, to
is type of object entity, r is relation.
Output: Multiple classifiers.

1: Group sentences by entity types.
2: for each group g (enity types (ts, to) ) do
3: aggregate relations in the group as candidate

relations R(ts,to) defined in Eq. 3.
4: learn a classifier (marked as fg) on the group

that maps {(sei, si, oi) ∈ g} to R(ts,to).
5: end for

Prediction Phase:
Input: A new sample {se, s, o, ts, to}, each
specific classifier for each pair of entity types.
Output: A relation.

6: match the sample to a group (marked as g
′
)

according to the entity types (ts, to).
7: Use the classifier (fg′ ) learned on the group to

map (se, s, o) to a relation.
8: return the relation.

3 Experiments

3.1 Dataset
The proposed paradigm RECENT is evaluated on
TACRED3 (Zhang et al., 2017). TACRED con-
tains 41 semantic relations and a special no relation
over 106,264 sentences. The subject entities in TA-
CRED are classified into two types: PERSON and

3https://catalog.ldc.upenn.edu/
LDC2018T24
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ORGANIZATION while the object entities are cate-
gorized into 16 fine-grained types, such as LOCA-
TION and TIME. Namely, entity types are known.
By convention, the micro-averaged F1 score (ab-
breviated as F1) is reported on TACRED.

3.2 Experimental Setup

Since no relation is a candidate relation of each
pair of entity types in TACRED, a binary classifier
is first learned to distinguish between 41 semantic
relations and no relation. In this way, each pair
of entity types reduces one candidate relation (i.e.
no relation) in RECENT. If the binary classifier
predicts no relation for a pair of entities, then the
final relation for them is no relation. Otherwise,
their specific semantic relation is further predicted
in RECENT.

Base Models The proposed paradigm RECENT
is model-agnostic. Two representative models that
are GCN (Zhang et al., 2018) and SpanBERT (Joshi
et al., 2020) are selected as base models (line 4 in
Algorithm 1). For a fair comparison with a base
model, all classifiers (including the binary classi-
fier) in RECENT are trained by the base model.
The corresponding models in the paper are denoted
as RECENTGCN and RECENTSpanBERT.

Hyperparameters For RECENTGCN, the path-
centric pruning K is set to 1 as GCN (Zhang
et al., 2018). The learning rates for all clas-
sifiers in RECENTGCN are set to 0.3. For
RECENTSpanBERT, the learning rates for all classi-
fiers are chosen from {5e-6, 1e-5, 2e-5, 3e-5, 5e-5}
as SpanBERT.

Compared Models Extensive models in relation
classification are regarded as comparison models.
They include PA-LSTM (Zhang et al., 2017), C-
GCN (Zhang et al., 2018), AGGCN (Guo et al.,
2019), C-AGGCN (Guo et al., 2019), MTB (Bal-
dini Soares et al., 2019), KnowBert (Peters et al.,
2019), SpanBERT-ALT (Lyu et al., 2020), KE-
PLER (Wang et al., 2020b), K-Adapter (Wang et al.,
2020a), and LUKE (Yamada et al., 2020). To save
space, please refer to the original papers of these
models for details.

3.3 Experimental Results

The experimental results are presented in Table 1.
RECENTGCN achieves a significant performance
increase on the F1 score above its base model GCN.
The absolute increase reaches 6.9 from 64.0 to 70.9.

Model P R F1

PA-LSTM † (Zhang et al., 2017) 65.7 64.5 65.1
C-GCN † (Zhang et al., 2018) 69.9 63.3 66.4
AGGCN † (Guo et al., 2019) 69.9 60.9 65.1
C-AGGCN † (Guo et al., 2019) 71.8 66.4 69.0

GCN † (Zhang et al., 2018) 69.8 59.0 64.0
RECENTGCN (ours) 88.3 59.3 70.9

SpanBERT-ALT † (Lyu et al., 2020) 69.0 73.0 70.9
MTB † (Baldini Soares et al., 2019) - - 71.5
KnowBert † (Peters et al., 2019) 71.6 71.4 71.5
KEPLER †* (Wang et al., 2020b) 71.5 72.5 72.0
K-Adapter †* (Wang et al., 2020a) 70.14 74.04 72.04
LUKE † (Yamada et al., 2020) 70.4 75.1 72.7

SpanBERT † (Joshi et al., 2020) 70.8 70.9 70.8
RECENTSpanBERT (ours) 90.9 64.2 75.2

Table 1: Results on the TACRED dataset. P and R indi-
cate precision and recall, respectively. Bold marks the
highest values among models. † marks results reported
in the original papers. * marks results from preprint
papers.

The main contribution for the F1 increase is the im-
proved precision that greatly increases from 69.8
to 88.3. The great increase in precision, which
might result from the restriction on candidate re-
lations by entity types in RECENT, indicates the
effectiveness of the proposed paradigm RECENT.
Besides, RECENTGCN suppresses the compared
models that do not include pretrained language
models.

Similarly, RECENTSpanBERT overtakes its base
model SpanBERT by absolute 4.4 points on F1.
The great soar (absolute 20.1 points) on precision
contributes the superior F1 of RECENTSpanBERT.
Unfortunately, the decline in recall limits the fur-
ther improvement of F1. This might be due to sam-
ple imbalance of candidate relations, which will
be further studied in future work. On the whole
(i.e. F1), RECENTSpanBERT outperforms all the
compared models. Especially, RECENTSpanBERT

exceeds the state-of-the-art LUKE model4 by 2.5
F1 points and achieves a new state-of-the-art.

3.4 Error Analysis of GCN
This subsection analyzes the influence of a baseline
model (i.e. GCN) that neglects the restriction of
entity types on relations. We retrain a GCN model
and the model achieves 68.4 precision, 60.2 recall,
and 64.1 F1 (Table 2), which are similar to the

4LUKE achieves the state-of-the-art (72.7) on the pub-
lished papers. Cohen et al. (2020) report a new state-of-the-
art (74.8) in the preprint way. Anyway, RECENTSpanBERT

achieves a new state-of-the-art (75.2).
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Model P R F1 FP FP(ET)

GCN 68.4 60.2 64.1 1,323 144

Table 2: Results of our trained GCN on the TACRED
dataset. P and R indicate precision and recall, respec-
tively. FP indicates the number of false positives and
FP(ET) indicates the number of false positives that break
the entity type restriction.

results in its reported paper (Zhang et al., 2018).
Observing the prediction results of the model, we
find that 1) 1,323 examples are false positives in
the test set of TACRED, 2) 144 (about 11%) false
positives among them break the entity type restric-
tion. Namely, GCN can make about 89% of false
positives meet the entity type restriction, by im-
plicitly using entity types. However, about 11% of
false positives still break the restriction. The false
positives broken down by relations are counted in
Appendix A. In details, false positives broken down
by relations are weakly negatively correlated with
the amount of training data of relations, where the
correlation coefficient is -0.39. This infers that
fewer training examples of relations may lead to
more false positives of relations.

4 Conclusion

In the paper, a novel paradigm, RECENT, is pro-
posed by entity type restriction. RECENT reduces
candidate relations for each pair of entity types by
the mutual restrictions between relations and entity
types. RECENT is model-agnostic. RECENTGCN

and RECENTSpanBERT that are based on two rep-
resentative models GCN and SpanBERT respec-
tively, outperform their counterparts on the stan-
dard dataset TACRED, which empirically indicates
the effectiveness of the proposed paradigm RE-
CENT. Especially, RECENTSpanBERT achieves a
new state-of-the-art on TACRED.
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A The Statistics of False Positives

Table 3 presents false positives broken down by re-
lations of our trained GCN on the TACRED dataset.
In details, false positives broken down by relations
are weakly negatively correlated with the amount
of training data of relations, where the correlation
coefficient is -0.39.

Relation FP

org:alternate names 53
org:city of headquarters 30
org:country of headquarters 70
org:dissolved 2
org:founded 9
org:founded by 46
org:member of 18
org:members 31
org:number of employees/members 9
org:parents 62
org:political/religious affiliation 4
org:shareholders 10
org:stateorprovince of headquarters 16
org:subsidiaries 37
org:top members/employees 61
org:website 1
per:age 13
per:alternate names 11
per:cause of death 37
per:charges 35
per:children 31
per:cities of residence 90
per:city of birth 3
per:city of death 19
per:countries of residence 93
per:country of birth 5
per:country of death 9
per:date of birth 3
per:date of death 36
per:employee of 98
per:origin 46
per:other family 60
per:parents 49
per:religion 16
per:schools attended 13
per:siblings 25
per:spouse 24
per:stateorprovince of birth 4
per:stateorprovince of death 10
per:stateorprovinces of residence 40
per:title 94

Table 3: False positives (FP) broken down by relations
of our trained GCN on the TACRED dataset.
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Abstract

Link prediction on knowledge graphs (KGs) is
a key research topic. Previous work mainly fo-
cused on binary relations, paying less attention
to higher-arity relations although they are ubiq-
uitous in real-world KGs. This paper considers
link prediction upon n-ary relational facts and
proposes a graph-based approach to this task.
The key to our approach is to represent the n-
ary structure of a fact as a small heterogeneous
graph, and model this graph with edge-biased
fully-connected attention. The fully-connected
attention captures universal inter-vertex inter-
actions, while with edge-aware attentive biases
to particularly encode the graph structure and
its heterogeneity. In this fashion, our approach
fully models global and local dependencies in
each n-ary fact, and hence can more effectively
capture associations therein. Extensive evalu-
ation verifies the effectiveness and superiority
of our approach. It performs substantially and
consistently better than current state-of-the-art
across a variety of n-ary relational benchmarks.
Our code is publicly available.1

1 Introduction

Web-scale knowledge graphs (KGs), such as Free-
base (Bollacker et al., 2008), Wikidata (Vrandečić
and Krötzsch, 2014), and Google Knowledge Vault
(Dong et al., 2014), are useful resources for many
real-world applications, ranging from Web search
and question answering to recommender systems.
Though impressively large, these modern KGs are
still known to be greatly incomplete and missing
crucial facts (West et al., 2014). Link prediction
which predicts missing links in KGs has therefore
become an important research topic.

Previous studies mainly consider link prediction
upon binary relational facts, which encode binary
relations between pairs of entities and are usually

1https://github.com/PaddlePaddle/
Research/tree/master/KG/ACL2021_GRAN
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Figure 1: An n-ary fact as a heterogenous graph, with
relations/attributes and entities/values as vertices, and
four types of edges designed between the vertices.

represented as (subject, relation, object) triples.
Nevertheless, besides binary relational facts, n-ary
relational facts that involve more than two entities
are also ubiquitous in reality, e.g., Marie Curie
received Nobel Prize in Physics in 1903 together
with Pierre Curie and Antoine Henri Becquerel is
a typical 5-ary fact. As pointed out by Wen et al.
(2016), more than 1/3 of the entities in Freebase
actually participate in n-ary relational facts.

Despite the ubiquitousness, only a few studies
have examined link prediction on n-ary relational
facts. In these studies, an n-ary fact is typically rep-
resented as a set of peer attributes (relations) along
with their values (entities), e.g., {person: Marie
Curie, award: Nobel Prize in Physics, point-in-
time: 1903, together-with: Pierre Curie, together-
with: Antoine Henri Becquerel}. Link prediction
then is achieved by learning the relatedness either
between the values (Zhang et al., 2018; Liu et al.,
2020; Fatemi et al., 2020) or between the attribute-
value pairs (Guan et al., 2019; Liu et al., 2021). This
representation inherently assumes that attributes of
a same n-ary fact are equally important, which is
usually not the case. To further discriminate impor-
tance of different attributes, Rosso et al. (2020) and
Guan et al. (2020) later proposed to represent an
n-ary fact as a primary triple coupled with auxiliary
attribute-value descriptions, e.g., in the above 5-ary
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fact, (Marie Curie, award-received, Nobel Prize
in Physics) is the primary triple and point-in-time:
1903, together-with: Pierre Curie, together-with:
Antoine Henri Becquerel are auxiliary descriptions.
Link prediction then is achieved by measuring the
validity of the primary triple and its compatibility
with each attribute-value pair. These attribute-value
pairs, however, are modeled independently before
a final aggregation, thus ignoring intrinsic semantic
relatedness in between.

This work in general follows Rosso et al. (2020)
and Guan et al. (2020)’s expressive representation
form of n-ary facts, but takes a novel graph learning
perspective for modeling and reasoning with such
facts. Given an n-ary fact represented as a primary
subject-relation-object triple (s, r, o) with auxiliary
attribute-value pairs {(ai :vi)}, we first formalize
the fact as a heterogenous graph. This graph, as we
illustrate in Figure 1, takes relations and entities (at-
tributes and values) as vertices, and introduces four
types of edges, i.e., subject-relation, object-relation,
relation-attribute, and attribute-value, to denote dis-
tinct connectivity patterns between these vertices.
In this fashion, the full semantics of the given fact
will be retained in the graph. Then, based on this
graph representation, we employ a fully-connected
attention module to characterize inter-vertex inter-
actions, while further introducing edge-aware atten-
tive biases to particularly handle the graph structure
and heterogeneity. This enables us to capture not
only local but also global dependencies within the
fact. Our approach directly encodes each n-ary fact
as a whole graph so as to better capture rich associa-
tions therein. In this sense, we call it GRAph-based
N-ary relational learning (GRAN).

The most similar prior art to this work is STARE
(Galkin et al., 2020), which uses a message passing
based graph encoder to obtain relation (attribute)
and entity (value) embeddings, and feeds these em-
beddings into a Transformer (Vaswani et al., 2017)
decoder to score n-ary facts. Our approach is more
neatly designed by (1) excluding the computational-
heavy graph encoder which, according to a contem-
poraneous study (Yu and Yang, 2021), may not be
necessary given an expressive enough decoder, and
(2) modeling the full n-ary structure of a fact during
decoding which enables to capture not only global
but also local dependencies therein.

We evaluate our approach on a variety of n-ary
link prediction benchmarks. Experimental results
reveal that GRAN works particularly well in learn-

ing and reasoning with n-ary relational facts, con-
sistently and substantially outperforming current
state-of-the-art across all the benchmarks. Our main
contributions are summarized as follows:

• We present a novel graph-based approach to
learning and reasoning with n-ary facts, capa-
ble of capturing rich associations therein.
• We demonstrate the effectiveness and superi-

ority of our approach, establishing new state-
of-the-art across a variety of benchmarks.

2 Problem statement

This section formally defines n-ary relational facts
and the link prediction task on this kind of data.

Definition 1 (N-ary relational fact) An n-ary re-
lational fact F is a primary subject-relation-object
triple (s, r, o) coupled with m auxiliary attribute-
value pairs {(ai :vi)}mi=1, where r, a1, · · · , am ∈
R and s, o, v1, · · · , vm ∈ E , with R and E being
the sets of relations and entities, respectively. We
slightly abuse terminology here by referring to the
primary relation and all attributes as relations, and
referring to the subject, object, and values as enti-
ties unless otherwise specified. The arity of the fact
is (m+ 2), i.e., the number of entities in the fact.

Definition 2 (N-ary link prediction) N-ary link
prediction aims to predict a missing element from
an n-ary fact. The missing element can be either an
entity ∈ {s, o, v1, · · · , vm} or a relation ∈ {r, a1,
· · · , am}, e.g., to predict the primary subject of the
incomplete n-ary fact

(
(?, r, o), {(ai :vi)}mi=1

)
.

3 Graph-based n-ary relational learning

This section presents GRAN, our graph-based ap-
proach to n-ary link prediction. There are two key
factors of our approach: graph representation and
graph learning. The former represents n-ary facts
as graphs, and the latter learns with these graphs to
perform inference on n-ary facts.

3.1 Graph representation

We elaborate the first key factor: graph representa-
tion of n-ary facts. Given an n-ary fact defined as
F =

(
(s, r, o), {(ai : vi)}mi=1

)
, we reformulate it

equivalently as a heterogeneous graph G = (V,L).
The vertex set V consists of all entities and relations
in the fact, i.e., V = {r, s, o, a1, · · ·, am, v1, · · ·,
vm}. The link setL consists of (2m+2) undirected
edges of four types between the vertices, i.e.,
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• 1 subject-relation edge (s, r),
• 1 object-relation edge (o, r),
• m relation-attribute edges {(r, ai)}mi=1,
• m attribute-value edges {(ai, vi)}mi=1.

The graph heterogeneity is reflected in that the ver-
tices and links are both typed, with type mapping
functions φ : V→{entity, relation} and ψ : L→{
subject-relation, object-relation, relation-attribute,
attribute-value}, respectively. Figure 1 provides a
visual illustration of this heterogenous graph.

As we can see, the graph representation retains
the full semantics of a given fact. It also enables us
to model the fact as a whole and capture all possible
interactions therein, which, as we will show later in
our experiments, is crucial for learning with n-ary
relational facts.

3.2 Graph learning
The second key factor is learning with heteroge-
neous graphs to perform inference on n-ary facts.
Given an incomplete n-ary fact with a missing ele-
ment, say

(
(?, r, o), {(ai : vi)}mi=1

)
, which is repre-

sented as a heterogeneous graph, we feed the graph
into an embedding layer, a stack of L successive
graph attention layers, and a final prediction layer
to predict the missing element, say s. This whole
process is sketched in Figure 2 (left).

The input embedding layer maps the elements of
the input n-ary fact or, equivalently, the vertices of
the input graph, to their continuous vector represen-
tations (the missing element is denoted by a special
token [MASK]). The L graph attention layers then
repeatedly encode the graph and update its vertex
representations. Our graph attention generally in-
herits from Transformer (Vaswani et al., 2017) and
its fully-connected attention which captures univer-
sal inter-vertex associations, but further introduces
edge-aware attentive biases to particularly handle
graph structure and heterogeneity. As such, we call
it edge-biased fully-connected attention. After the
graph encoding process, we use the representation
of the special token [MASK] to predict the missing
element. In the rest of this section, we emphasize
the edge-biased fully-connected attention, and refer
readers to (Vaswani et al., 2017) and Appendix A
for other modules of our graph attention layer.

Edge-biased fully-connected attention We are
given an input graph G = (V,L), with vertex type
mapping function φ and link type mapping function
ψ. Vertices are associated with hidden states (x1,
· · ·,x|V|) ∈ Rdx generated by previous layers. The

Input	Embedding

Edge-biased
fully-connected	attention

Feed	Forward

Add	&	Norm

Add	&	Norm

Linear	&	Softmax

Normal attention

Edge-biased attention (subject-relation)

Edge-biased attention (object-relation)

Edge-biased attention (relation-attribute)

Edge-biased attention (attribute-value)

Edge-biased	fully-connected	attention

Figure 2: Overview of the graph learning process, with
edge-biased fully-connected attention illustrated.

aim of this attention is to aggregate information
from different vertices and update vertex represen-
tations, by taking into account the graph structure
and its heterogeneity. We employ multi-head atten-
tion with H heads, each applied independently to
the input (x1, · · ·,x|V|) ∈ Rdx to generate updated
vertex representations (zh1 , · · ·, zh|V|) ∈ Rdz for h
= 1, · · ·, H . These updated vertex representations
are concatenated and linearly transformed to gener-
ate final attention output. We set dx = d and dz =
d
H for all layers and heads. Below we describe the
specific design of each head, and we drop the head
index h for notational brevity.

Our attention follows the traditional query-key-
value attention (Vaswani et al., 2017). Specifically,
for each input xi, we project it into a triple of query,
key, and value as (WQxi,W

Kxi,W
V xi) ∈ Rdz ,

using parameters WQ,WK ,WV ∈ Rdz×dx , re-
spectively. Then we measure the similarity between
each pair of vertices, say i and j, as a scaled dot
product of i’s query and j’s edge-biased key:

αij =
(WQxi)

>(WKxj + eKij )√
dz

. (1)

After we obtain the similarity scores αij , a softmax
operation is applied, and the edge-biased values
are aggregated accordingly to generate the updated
representation for each vertex i:

zi =

|V|∑

j=1

exp (αij)∑|V|
k=1 exp (αik)

(WV xj + eVij). (2)

We call this attention fully-connected as it takes
into account similarity between any two vertices i
and j. We call it edge-biased as it further introduces
attentive biases eKij , e

V
ij ∈ Rdz to encode the typed

edge between i and j, one to generate edge-biased
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key (cf. Eq. (1)) and the other edge-biased value
(cf. Eq. (2)). Introducing eKij enables our attention
to encode not only global dependencies that uni-
versally exist between any pair of vertices, but also
local dependencies that are particularly indicated
by typed edges. Introducing eVij further propagates
edge information to the attention output. If there is
no edge linking i and j we set eKij =eVij=0, which,
at this time, degenerates to the conventional fully-
connected attention used in Transformer (Vaswani
et al., 2017). As the attentive biases eKij , e

V
ij can be

designed freely to meet any desired specifications,
this attention is in essence quite flexible, capable of
modeling arbitrary relationships between the input
elements. This idea has actually been applied, e.g.,
to model relative positions between words within
sentences (Shaw et al., 2018; Wang et al., 2019a),
or to model various kinds of mention dependencies
for relation extraction (Xu et al., 2021).

Edge-aware attentive biases We now elaborate
how eKij and eVij are specifically designed for n-ary
facts. Recall that given an n-ary fact represented as
a heterogeneous graph G = (V,L), there are 4 dis-
tinct types of edges in the graph: subject-relation,
object-relation, relation-attribute, attribute-value.
To each we assign a pair of key and value biases.
The attentive biases between vertices i and j are
then defined as the biases associated with the type
of the edge linking i and j:

(eKij ,e
V
ij)=





(0,0), if (i,j) /∈L,
(eK1 ,e

V
1 ), if ψ(i,j)=subject-relation,

(eK2 ,e
V
2 ), if ψ(i,j)=object-relation,

(eK3 ,e
V
3 ), if ψ(i,j)=relation-attribute,

(eK4 ,e
V
4 ), if ψ(i,j)=attribute-value.

(3)

Here eKk , e
V
k ∈ Rdz for k = 1, 2, 3, 4 are the key

and value biases corresponding to the 4 edge types,
shared across all layers and heads. In this way, the
graph structure (whether there is an edge between
two vertices) and its heterogeneity (which type the
edge is between two vertices) can be well encoded
into the attentive biases, and then propagated to the
final attention output. Figure 2 (right) visualizes
the edge-biased attention between pairs of vertices
in an n-ary fact.

3.3 Model training

We directly use n-ary link prediction as our training
task. Specifically, given an n-ary fact F=

(
(s, r, o),

{(ai :vi)}mi=1

)
in the training set we create (2m +

3) training instances for it, each to predict a missing

element (either an entity or a relation) given other
elements in the fact, e.g.,

(
(?, r, o), {(ai:vi)}mi=1

)

is to predict the primary subject and the answer to
which is s. Here and in what follows we denote a
training instance as F̃ , with the missing element
indicated by a special token [MASK]. This training
instance is reformulated as a heterogeneous graph
G̃ with vertices (x1, · · ·, xk), where k = 2m+ 3 is
the total number of vertices therein. The label is
denoted as y. We have y ∈ E for entity prediction
and y ∈ R for relation prediction.

Each training instance F̃ or, equivalently, the
corresponding graph G̃ is fed into the embedding,
graph attention, and final prediction layers to pre-
dict the missing element, as we introduced above.
Suppose after the successive graph attention layers
we obtain for the vertices (x1, · · ·, xk) their hidden
states (h1, · · ·,hk) ∈ Rd. The hidden state corre-
sponding to [MASK], denoted as h for brevity, is
used for the final prediction. The prediction layer is
constructed by two linear transformations followed
by a standard softmax operation:

p = SOFTMAX
(
W>

2 (W1h+ b1) + b2

)
. (4)

Here, we share W2 with the weight matrix of the
input embedding layer, and W1,b1,b2 are freely
learnable. The final output p is a probability distri-
bution over entities in E or relations inR, depend-
ing on the type of the missing element.

We use the cross-entropy between the prediction
and the label as our training loss:

L =
∑

t
yt log pt, (5)

where pt is the t-th entry of the prediction p, and
yt the t-th entry of the label y. As a one-hot label
restricts each prediction task to a single answer,
which might not be the case in practice, we employ
label smoothing to lessen this restriction. Specifi-
cally, for entity prediction, we set yt=1−ε(e) for
the target entity and yt= ε(e)

|E|−1 for each of the other

entities, where ε(e) is a small entity label smooth-
ing rate. For relation prediction yt is set in a similar
way, with relation label smoothing rate ε(r). The
loss is minimized using Adam optimizer (Kingma
and Ba, 2015). We use learning rate warmup over
the first 10% training steps and linear decay of the
learning rate. We also use batch normalization and
dropout after each layer and sub-layer to regularize,
stabilize, and speed up training.

Unlike previous methods which score individual
facts and learn from positive-negative pairs (Rosso
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et al., 2020; Guan et al., 2020), our training scheme
bears two advantages: (1) Directly using n-ary link
prediction as the training task can effectively avoid
training-test discrepancy. (2) Introducing a special
token [MASK] enables us to score a target element
against all candidates simultaneously, which accel-
erates convergence during training and speeds up
evaluation drastically (Dettmers et al., 2018).

4 Experiments and results

We evaluate GRAN in the link prediction task on
n-ary facts. This section presents our experiments
and results.

4.1 Datasets

We consider standard n-ary link prediction bench-
marks including:

JF17K (Zhang et al., 2018)2 is collected from
Freebase. On this dataset, an n-ary relation is prede-
fined by a set of attributes, and facts of this relation
should have all corresponding values completely
given. Take music.group membership as an exam-
ple. All facts of this relation should get three values
w.r.t. the predefined attributes, e.g., (Guitar, Dean
Fertita, Queens of the Stone Age). The maximum
arity of the relations there is 6.

WikiPeople (Guan et al., 2019)3 is derived from
Wikidata concerning entities of type human. On
this dataset, n-ary facts are already represented as
primary triples with auxiliary attribute-value pairs,
which is more tolerant to data incompleteness. The
maximum arity there is 9. As the original dataset
also contains literals, we follow (Rosso et al., 2020;
Galkin et al., 2020) and consider another version
that filters out statements containing literals. This
filtered version is referred to as WikiPeople−, and
the maximum arity there is 7.

JF17K-3, JF17K-4, WikiPeople-3, and Wiki-
People-4 (Liu et al., 2020)4 are subsets of JF17K
and WikiPeople, consisting solely of 3-ary and 4-
ary relational facts therein, respectively.

For JF17K and its subsets, we transform the rep-
resentation of an n-ary fact to a primary triple cou-
pled with auxiliary attribute-value pairs. We follow
(Rosso et al., 2020; Galkin et al., 2020) and directly
take the values corresponding to the first and sec-
ond attributes as the primary subject and object,
respectively. Other attributes and values are taken

2https://github.com/lijp12/SIR/
3https://github.com/gsp2014/NaLP
4https://github.com/liuyuaa/GETD

as auxiliary descriptions. Facts on each dataset are
split into train/dev/test sets, and we use the original
split. On JF17K which provides no dev set, we split
20% of the train set for development. The statistics
of these datasets are summarized in Table 1.

4.2 Baseline methods

We compare against the following state-of-the-art
n-ary link prediction techniques:

RAE (Zhang et al., 2018) represents an n-ary
fact as an (n+1)-tuple consisting of the predefined
relation and its n values. It generalizes a binary link
prediction method TransH (Wang et al., 2014) to
the higher-arity case, which measures the validity
of a fact as the compatibility between its n values.

NaLP (Guan et al., 2019) and RAM (Liu et al.,
2021) represent an n-ary fact as a set of attribute-
value pairs. Then, NaLP employs a convolutional
neural network followed by fully connected neural
nets to model the relatedness of such attribute-value
pairs and accordingly measure the validity of a fact.
RAM further encourages to model the relatedness
between different attributes and also the relatedness
between an attribute and all involved values.

HINGE(Rosso et al., 2020) and NeuInfer(Guan
et al., 2020) regard an n-ary fact as a primary triple
with auxiliary attribute-value pairs. Then they de-
ploy neural modules to measure the validity of the
primary triple and its compatibility with each aux-
iliary description, and combine these modules to
obtain the overall score of a fact. As different auxil-
iary descriptions are modeled independently before
aggregation, these two methods show limited abil-
ity to model full associations within n-ary facts.

STARE (Galkin et al., 2020) is a recently pro-
posed method generalizing graph convolutional net-
works (Kipf and Welling, 2017) to n-ary relational
KGs. It employs a message passing based graph
encoder to obtain entity/relation embeddings, and
feeds these embeddings to Transformer decoder to
score n-ary facts. Hy-Transformer (Yu and Yang,
2021) replaces the graph encoder with light-weight
embedding processing modules, achieving higher
efficiency without sacrificing effectiveness. These
two methods employ vanilla Transformer decoders,
ignoring specific n-ary structures during decoding.

n-CP, n-TuckER, and GETD (Liu et al., 2020)
are tensor factorization approaches to n-ary link
prediction. They all follow RAE and represent each
n-ary fact as an (n+1)-tuple. A whole KG can thus
be represented as a binary valued (n+ 1)-way ten-
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All facts Higher-arity facts (%) Entities Relations Train Dev Test Arity

JF17K 100,947 46,320 (45.9%) 28,645 501 76,379 – 24,568 2-6
WikiPeople 382,229 44,315 (11.6%) 47,765 193 305,725 38,223 38,281 2-9
WikiPeople− 369,866 9,482 (2.6%) 34,825 178 294,439 37,715 37,712 2-7

JF17K-3 34,544 34,544 (100%) 11,541 208 27,635 3,454 3,455 3
JF17K-4 9,509 9,509 (100%) 6,536 69 7,607 951 951 4
WikiPeople-3 25,820 25,820 (100%) 12,270 112 20,656 2,582 2,582 3
WikiPeople-4 15,188 15,188 (100%) 9,528 95 12,150 1,519 1,519 4

Table 1: Dataset statistics, where the columns respectively indicate the number of all facts, n-ary facts with n > 2,
entities, relations, facts in train/dev/test sets, and all possible arities.

sor X ∈ {0, 1}|R|×|E|×···×|E|, where x = 1 means
the corresponding fact is true and x = 0 otherwise.
X is then decomposed and approximated by a low-
rank tensor X̂ that estimates the validity of all facts.
Different tensor decomposition strategies can be
applied, e.g., n-CP generalizes CP decomposition
(Kruskal, 1977) and n-TuckER is built on TuckER
(Balazevic et al., 2019). As the tensor representa-
tion inherently requires all facts to have the same
arity, these methods are not applicable to datasets
of mixed arities, e.g., JF17K and WikiPeople.

4.3 GRAN variants

We evaluate three variants of GRAN to investigate
the impact of modeling graph structure and hetero-
geneity, including:

GRAN-hete is the full model introduced above. It
uses edge representations defined in Eq. (3), which
encode both graph structure (whether there is an
edge) and heterogeneity (which type the edge is).

GRAN-homo retains graph structure but ignores
heterogeneity. There are only two groups of edge
attentive biases: (eKij , e

V
ij) = (0,0) or (eKij , e

V
ij) =

(eK , eV ). The former is used if there is no edge be-
tween vertices i and j, while the latter is employed
whenever the two vertices are linked, irrespective of
the type of the edge between them. This in essence
views an n-ary fact as a homogeneous graph where
all edges are of the same type.

GRAN-complete considers neither graph structure
nor heterogeneity. It simply sets (eKij , e

V
ij)=(0,0)

for all vertex pairs. The edge-biased attention thus
degenerates to the conventional one used in Trans-
former, which captures only global dependencies
between vertices. This in essence regards an n-ary
fact as a complete graph in which any two vertices
are connected by an (untyped) edge. STARE and
Hy-Transformer are most similar to this variant.

We use the following configurations for all vari-
ants of GRAN: L=12 graph attention layers, H=

4 attention heads, hidden size d = 256, batch size
b=1024, and learning rate η = 5e−4, fixed across
all the datasets. Besides, on each dataset, we tune
entity/relation label smoothing rate ε(e)/ε(r), drop-
out rate ρ, and training epochs τ in their respective
ranges. The optimal configuration is determined by
dev MRR. We leave the tuning ranges and optimal
values of these hyperparameters to Appendix B. Af-
ter determining the optimal configuration on each
dataset, we train with a combination of the train and
dev splits and evaluate on the test split, as practiced
in (Galkin et al., 2020).

4.4 Evaluation protocol and metrics

During evaluation, we distinguish between entity
prediction and relation prediction. Take entity pre-
diction as an example. For each test n-ary fact, we
replace one of its entities (i.e., subject, object, or
an auxiliary value) with the special token [MASK],
feed the masked graph into GRAN, and obtain a
predicted distribution of the answer over all entities
∈ E . Then we sort the distribution probabilities in
descending order and get the rank of the correct an-
swer. During ranking, we ignore facts that already
exist in the train, dev, or test split. We repeat this
whole procedure for all specified entities in the test
fact, and report MRR and Hits@k for k = 1, 10
aggregated on the test split. MRR is the average of
reciprocal rankings, and Hits@k is the proportion
of top k rankings (abbreviated as H@k). The same
evaluation protocol and metrics also apply to rela-
tion prediction, where a relation can be either the
primary relation or an auxiliary attribute.

4.5 Results on datasets of mixed arities

Table 2 presents entity prediction results on JF17K
and the two versions of WikiPeople, which consist
of facts with mixed arities.5 We consider two set-

5Tensor factorization based approaches which require all
facts to have the same arity are not applicable here.
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JF17K JF17K WikiPeople WikiPeople−

All Entities Subject/Object All Entities Subject/Object

MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10

RAE .310 .219 .504 .215 .215 .467 .172 .102 .320 .059 .059 .306
NaLP .366 .290 .516 .221 .165 .331 .338 .272 .466 .408 .331 .546
HINGE – – – .449 .361 .624 – – – .476 .415 .585
NeuInfer .517 .436 .675 – – – .350 .282 .467 – – –
RAM .539 .463 .690 – – – .380 .279 .539 – – –
STARE – – – .574 .496 .725 – – – .491 .398 .648
Hy-Transformer – – – .582 .501 .742 – – – .501 .426 .634

GRAN-hete .656 .582 .799 .617 .539 .770 .479 .410 .604 .503 .438 .620
GRAN-homo .650 .576 .795 .611 .533 .767 .465 .386 .602 .487 .410 .618
GRAN-complete .622 .546 .774 .591 .510 .753 .460 .381 .601 .489 .413 .617

Table 2: Entity prediction results on JF17K and WikiPeople. RAE and NaLP results for predicting all entities are
collected from (Guan et al., 2020), and those for predicting the primary subject/object are collected from (Rosso
et al., 2020). Other baseline results are collected from their original literatures. Best scores are highlighted in bold,
and “–” denotes missing scores.

JF17K JF17K WikiPeople WikiPeople−

All Relations Primary Relation All Relations Primary Relation

MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10

NaLP .825 .762 .927 .639 .547 .822 .735 .595 .938 .482 .320 .852
HINGE – – – .937 .901 .989 – – – .950 .916 .998
NeuInfer .861 .832 .904 – – – .765 .686 .897 – – –

GRAN-hete .996 .993 .999 .992 .988 .998 .960 .946 .977 .957 .942 .976
GRAN-homo .980 .965 .998 .964 .939 .997 .940 .910 .975 .932 .899 .971
GRAN-complete .979 .963 .998 .963 .935 .997 .940 .910 .976 .935 .902 .974

Table 3: Relation prediction results on JF17K and WikiPeople. Baseline results for predicting all relations taken
from (Guan et al., 2019, 2020), and those for predicting the primary relation taken from (Rosso et al., 2020). Best
scores are highlighted in bold, and “–” denotes missing scores.

tings: (1) predicting all entities s, o, v1, · · · , vm in
an n-ary fact and (2) predicting only the subject s
and object o. This enables us to make a direct com-
parison to previous literatures (Guan et al., 2020;
Rosso et al., 2020; Galkin et al., 2020). From the re-
sults, we can see that (1) The optimal setting of our
approach offers consistent and substantial improve-
ments over all the baselines across all the datasets
in almost all metrics, showing its significant effec-
tiveness and superiority in entity prediction within
n-ary facts. (2) All the variants, including the less
expressive GRAN-homo and GRAN-complete, perform
quite well, greatly surpassing the competitive base-
lines in almost all cases except for the WikiPeople−

dataset. This verifies the superior effectiveness of
modeling n-ary facts as whole graphs so as to cap-
ture global dependencies between all relations and
entities therein. (3) Among the variants, GRAN-hete

offers the best performance. This demonstrates the
necessity and superiority of further modeling spe-
cific graph structures and graph heterogeneity, so
as to capture local dependencies reflected by typed

edges linking relations and entities.
Table 3 further shows relation prediction results

on these datasets. Again, to make direct compari-
son with previous literatures, we consider two set-
tings: (1) predicting all relations including the pri-
mary relation r and auxiliary attributes a1, · · · , am
and (2) predicting only the primary relation r. Here,
on each dataset, GRAN models are fixed to their
respective optimal configurations (see Appendix B)
determined in the entity prediction task.6 The re-
sults show that GRAN variants perform particularly
well in relation prediction. Among these variants,
GRAN-hete performs the best, consistently outper-
forming the baselines and achieving extremely high
performance across all the datasets. This is because
relation prediction is, by nature, a relatively easy
task due to a small number of candidate answers.

6Relation prediction typically requires much less training
epochs than entity prediction according to our initial experi-
ments. But we did not conduct hyperparameter searching for
relation prediction, as the configurations we used, though not
optimal, perform well enough in this task.
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JF17K-3 JF17K-4 WikiPeople-3 WikiPeople-4
All Entities All Entities All Entities All Entities

MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10

RAE .505 .430 .644 .707 .636 .835 .239 .168 .379 .150 .080 .273
NaLP .515 .431 .679 .719 .673 .805 .301 .226 .445 .342 .237 .540
n-CP .700 .635 .827 .787 .733 .890 .330 .250 .496 .265 .169 .445
n-TuckER .727 .664 .852 .804 .748 .902 .365 .274 .548 .362 .246 .570
GETD .732 .669 .856 .810 .755 .913 .373 .284 .558 .386 .265 .596

GRAN-hete .806 .759 .896 .852 .801 .939 .416 .325 .608 .431 .309 .642
GRAN-homo .803 .755 .896 .848 .795 .937 .410 .315 .606 .426 .305 .631
GRAN-complete .730 .670 .862 .844 .794 .930 .408 .314 .602 .365 .248 .604

Table 4: Entity prediction results on the four JF17K and WikiPeople subsets. Baseline results are taken from (Liu
et al., 2020). Best scores are highlighted in bold.

JF17K WikiPeople WikiPeople−

Subject/Object Values Subject/Object Values Subject/Object Values

n = 2 n > 2 n > 2 n = 2 n > 2 n > 2 n = 2 n > 2 n > 2

GRAN-hete .413 .768 .758 .495 .361 .471 .503 .505 .713
GRAN-homo .409 .759 .753 .479 .354 .467 .487 .486 .690
GRAN-complete .409 .725 .705 .478 .353 .415 .489 .480 .665

Table 5: Breakdown performance of the GRAN variants in entity prediction task on JF17K and WikiPeople. Only
MRR scores are reported.

4.6 Results on datasets of a single arity

Table 4 presents entity prediction results on the four
subsets of JF17K and WikiPeople, which consist
solely of 3-ary or 4-ary facts. Here, an entity means
either the subject, the object, or an attribute value.
On these four single-arity subsets, tensor factoriza-
tion based approaches like n-CP, n-TuckER, and
GETD apply quite well and have reported promis-
ing performance (Liu et al., 2020). From the results,
we can observe similar phenomena as from Table 2.
The GRAN variants perform particularly well, all
surpassing or at least performing on par with the
baselines across the datasets. And GRAN-hete, again,
offers the best performance in general among the
three variants.

4.7 Further analysis

We further look into the breakdown entity predic-
tion performance of the GRAN variants on different
arities. More specifically, we group the test split of
each dataset into binary (n=2) and n-ary (n>2)
categories. Entity prediction means predicting the
subject/object for the binary category, or predicting
an attribute value in addition for the n-ary category.
Table 5 presents the breakdown MRR scores in all
these different cases on JF17K, WikiPeople, and
WikiPeople−, with the GRAN variants set to their
respective optimal configurations on each dataset

(see Appendix B). Among the variants GRAN-hete

performs best in all cases, which again verifies the
necessity and superiority of modeling n-ary facts
as heterogeneous graphs. Ignoring the graph het-
erogeneity (GRAN-homo) or further graph structures
(GRAN-complete) always leads to worse performance,
particularly when predicting auxiliary attribute val-
ues in higher-arity facts.

5 Related work

Link prediction on binary relational data Most
previous work of learning with knowledge graphs
(KGs) focused on binary relations. Among differ-
ent binary relational learning techniques, embed-
ding based models have received increasing atten-
tion in recent years due to their effectiveness and
simplicity. The idea there is to represent symbolic
entities and relations in a continuous vector space
and measure the validity of a fact in that space. This
kind of models can be roughly grouped into three
categories: translation distance based (Bordes et al.,
2013; Wang et al., 2014; Sun et al., 2019), semantic
matching based (Trouillon et al., 2016; Balazevic
et al., 2019), and neural network based (Dettmers
et al., 2018; Schlichtkrull et al., 2018), according to
the design of validity scoring functions. We refer
readers to (Nickel et al., 2016; Wang et al., 2017; Ji
et al., 2021) for thorough reviews of the literature.
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Link prediction on n-ary relational data Since
binary relations oversimplify the complex nature
of the data stored in KGs, a few recent studies have
started to explore learning and reasoning with n-ary
relational data (n > 2), in particular via embedding
based approaches. Most of these studies represent
n-ary facts as tuples of pre-defined relations with
corresponding attribute values, and generalize bi-
nary relational learning methods to the n-ary case,
e.g., m-TransH (Wen et al., 2016) and RAE (Zhang
et al., 2018) generalize TransH (Wang et al., 2014),
a translation distance based embedding model for
binary relations, while n-CP, n-TuckER, and GETD
(Liu et al., 2020) generalize 3-way tensor decom-
position techniques to the higher-arity case. NaLP
(Guan et al., 2019) and RAM (Liu et al., 2021) are
slightly different approaches which represent n-ary
facts directly as groups of attribute-value pairs and
then model relatedness between such attributes and
values. In these approaches, however, attributes of
an n-ary fact are assumed to be equally important,
which is often not the case in reality. Rosso et al.
(2020) and Guan et al. (2020) therefore proposed
to represent n-ary facts as primary triples coupled
with auxiliary attribute-value pairs, which naturally
discriminates the importance of different attributes.
The overall validity of a fact is then measured by
the validity of the primary triple and its compatibil-
ity with each attribute-value pair. STARE (Galkin
et al., 2020) follows the same representation form
of n-ary facts, and generalizes graph convolutional
networks to n-ary relational KGs to learn entity and
relation embeddings. These embeddings are then
fed into a Transformer decoder to score n-ary facts.
Nevertheless, during the decoding process STARE
takes into account solely global dependencies and
ignores the specific n-ary structure of a given fact.

Transformer and its extensions Transformer
(Vaswani et al., 2017) was initially devised as an
encoder-decoder architecture for machine transla-
tion, and quickly received broad attention across all
areas of natural language processing (Radford et al.,
2018; Devlin et al., 2019; Yang et al., 2019). Trans-
former uses neither convolution nor recurrence, but
instead is built entirely with (self-) attention layers.
Recently, there has been a lot of interest in modi-
fying this attention to further meet various desired
specifications, e.g., to encode syntax trees (Strubell
et al., 2018; Wang et al., 2019c), character-word
lattice structures (Li et al., 2020), as well as relative
positions between words (Shaw et al., 2018; Wang

et al., 2019a). There are also a few recent attempts
that apply vanilla Transformer (Wang et al., 2019b)
or hierarchical Transformer (Chen et al., 2020) to
KGs, but mainly restricted to binary relations and
deployed with conventional attention. This work,
in contrast, deals with higher-arity relational data
represented as heterogeneous graphs, and employs
modified attention to encode graph structure and
heterogeneity.

6 Conclusion

This paper studies link prediction on higher-arity re-
lational facts and presents a graph-based approach
to this task. For each given n-ary fact, our approach
(1) represents the fact as a heterogeneous graph in
which the semantics of the fact are fully retained;
(2) models the graph using fully-connected atten-
tion with edge-aware attentive biases so as to cap-
ture both local and global dependencies within the
given fact. By modeling an n-ary fact as a whole
graph, our approach can more effectively capture
entity relation associations therein, which is crucial
for inference on such facts. Link prediction results
on a variety of n-ary relational benchmarks demon-
strate the significant effectiveness and superiority
of our approach.

As future work, we would like to (1) verify the
effectiveness of GRAN on newly introduced bench-
marks such as WD50K (Galkin et al., 2020) and
FB-AUTO (Fatemi et al., 2020); (2) investigate the
usefulness of specific modules, e.g., positional em-
beddings and various forms of attentive biases in
GRAN; and (3) integrate other types of data in a
KG, e.g., entities’s textual descriptions, for better
n-ary link prediction.
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A Graph attention layers

After the input embedding layer, we employ a stack
of L identical graph attention layers to encode the
input graph before making final predictions. These
graph attention layers generally follow the design
of Transformer encoder (Vaswani et al., 2017), each
of which consists of two sub-layers, i.e., an edge-
biased fully-connected attention sub-layer followed
by an element-wise feed-forward sub-layer. The
attention sub-layer, as illustrated in Section 3.2, re-
lates different vertices of the input graph to update
its vertex representations. It computes attention in
an edge-biased fully-connected fashion, which thus
is able to capture both global and local dependen-
cies within the graph. The feed-forward sub-layer
is composed of two linear transformations with a
GELU activation (Hendrycks and Gimpel, 2016) in
between, applied to each element/vertex separately

406



and identically. We further introduce residual con-
nections (He et al., 2016) and layer normalization
(Ba et al., 2016) around each graph attention layer
and its sub-layers. To facilitate these residual con-
nections, all the layers and their sub-layers produce
outputs of the same dimension d.

B Hyperparameter settings

We use the following hyperparameter settings for
GRAN: L=12 graph attention layers, H=4 atten-
tion heads, hidden size d=256, batch size b=1024,
and learning rate η=5e−4. These configurations
are fixed across all the datasets. Besides, on each
dataset we tune the following hyperparameters in
their respective ranges:

• entity label smoothing rate ε(e) ∈ {.0, .1, .2,
.3, .4, .5, .6, .7, .8, .9};
• relation label smoothing rate ε(r) ∈ {.0, .1, .2,
.3, .4, .5};
• dropout rate ρ ∈ {.1, .2, .3, .4, .5};
• training epochs τ from 20 to 200 in steps of

20 on all the datasets.

We determine the optimal configuration for GRAN-

hete by dev MRR of entity prediction on each dataset.
And then we directly set GRAN-homo and GRAN-

complete to the same configuration. Table 6 presents
the optimal configuration on each dataset.

ε(e) ε(r) ρ τ

JF17K .9 .0 .2 160
WikiPeople .2 .2 .1 200
WikiPeople− .2 .1 .1 160

JF17K-3 .8 .2 .2 180
JF17K-4 .8 .0 .3 160
WikiPeople-3 .8 .4 .3 100
WikiPeople-4 .8 .4 .3 100

Table 6: Optimal configuration of the GRAN variants
on each dataset.

C Infrastructure and runtime

We train all the GRAN variants on one 16G V100
GPU. With the hyperparameter settings specified in
Appendix B, it takes about 3 hours to finish training
and evaluation on JF17K, 17 hours on Wikipeople,
10 hours on Wikipeople−, 1 hour on JF17K-3, 0.5
hour on JF17K-4, Wikipeople-3, and WikiPeople-4.
This runtime covers the whole training and evalua-
tion process. Compared to previous methods like
HINGE (Rosso et al., 2020) and NeuInfer (Guan
et al., 2020) which score individual facts and learn

from positive-negative pairs, GRAN directly scores
each target answer against all candidates in a single
pass and drastically speeds up evaluation. GRAN is
also much more efficient than STARE (Galkin et al.,
2020), which is a graph encoder plus Transformer
decoder architecture. By eliminating the computa-
tional heavy graph encoder, GRAN requires signif-
icantly less running time but still achieves better
performance than STARE, e.g., GRAN-hete achieves
.617 MRR within 3 hours while STARE takes about
10 hours to achieve .574 MRR on JF17K; GRAN-

hete achieves .503 MRR within 10 hours but STARE
takes about 4 days to achieve a similar MRR on
Wikipeople− (which is 9-10 times slower).
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Abstract

Multi-task benchmarks such as GLUE and Su-
perGLUE have driven great progress of pre-
training and transfer learning in Natural Lan-
guage Processing (NLP). These benchmarks
mostly focus on a range of Natural Language
Understanding (NLU) tasks, without consider-
ing the Natural Language Generation (NLG)
models. In this paper, we present the General
Language Generation Evaluation (GLGE), a
new multi-task benchmark for evaluating the
generalization capabilities of NLG models
across eight language generation tasks. For
each task, we continue to design three sub-
tasks in terms of task difficulty (GLGE-Easy,
GLGE-Medium, and GLGE-Hard). This in-
troduces 24 subtasks to comprehensively com-
pare model performance. To encourage re-
search on pretraining and transfer learning on
NLG models, we make GLGE publicly avail-
able and build a leaderboard with strong base-
lines including MASS, BART, and Prophet-
Net1.

1 Introduction

Pretrained language models, such as BERT (De-
vlin et al., 2019) and other advanced pretrained
models (Raffel et al., 2020; Yang et al., 2019; Liu
et al., 2019; Alberti et al., 2019; Brown et al., 2020;
Clark et al., 2020) have made great progress in a
host of Natural Language Understanding (NLU)
tasks. Meanwhile, the development of general
evaluation benchmarks has also helped drive the
progress of these models. These benchmarks usu-
ally use an overall score to evaluate the perfor-
mance of models across a wide range of NLU tasks.
In addition to GLUE (Wang et al., 2019b) and Su-
perGLUE (Wang et al., 2019a) which are general

∗ Work is done during internship at Microsoft Research
Asia.

1The source code and dataset are publicly available at
https://github.com/microsoft/glge.

language understanding evaluation benchmarks for
English, several general language understanding
evaluation benchmarks for other languages are pro-
posed, such as CLUE (Xu et al., 2020) for Chi-
nese, FLUE (Le et al., 2020) for French, and In-
doNLU (Wilie et al., 2020) for Indonesian. Further-
more, the multilingual multi-task benchmarks such
as XTREME (Hu et al., 2020) and XGLUE (Liang
et al., 2020) are proposed for cross-lingual evalua-
tion.

In addition to NLU tasks, an increasing number
of pretrained language models designed for Natural
Language Generation (NLG) tasks have recently
been proposed, such as MASS (Song et al., 2019),
BERT-share (Rothe et al., 2020), BART (Lewis
et al., 2020), ProphetNet (Qi et al., 2020), and
ERINE-GEN (Xiao et al., 2020). However, the gen-
eralization capabilities of the language generation
of these models are usually evaluated with different
tasks, datasets, and metrics, which cannot provide a
coherent and comprehensive evaluation. Although
there are several general evaluation benchmarks
as we mentioned above, none of them are partic-
ularly designed for general language generation
evaluation.

To fill the gap of the NLG evaluation benchmark,
we introduce the General Language Generation
Evaluation (GLGE) benchmark, a new multi-task
benchmark for evaluating the generalization capa-
bilities of NLG in English language. It contains
eight English language generation tasks, covering
text summarization, question generation, genera-
tive question answering, and dialogue. We select
six pre-existing popular datasets and introduce two
new datasets selected from real-world scenarios.
Moreover, in order to provide more diversified dif-
ficulty challenges, we employ two simple but effec-
tive strategies to build three NLG evaluation bench-
marks (called GLGE-Easy, GLGE-Medium, and
GLGE-Hard) in terms of task difficulty.
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To better understand the challenges posed by
GLGE, we conduct experiments with existing
widely used non-pretrained models (e.g., vanilla
LSTM Seq2Seq (Bahdanau et al., 2015), vanilla
Transformer (Vaswani et al., 2017)), and pre-
trained models (e.g., MASS (Song et al., 2019),
BART (Lewis et al., 2020), and ProphetNet (Qi
et al., 2020)). We further analyze the n-gram diver-
sity of the output samples. The experimental results
show that there is a large performance gap between
the pretrained models and the non-pretrained mod-
els. However, on the GLGE-hard task, the perfor-
mance of the pretrained models still has great room
for improvement.

In summary, the contributions of this work are
five-fold: (1) a new multi-task NLG evaluation
benchmark consisting of eight distinct datasets
across four kinds of typical NLG tasks, (2) three
NLG evaluation benchmarks of different difficulty
levels, (3) standardized evaluation metrics and
scripts for model evaluation and comparison, (4)
open-sourced baselines and a public leaderboard2

for the benchmark, (5) a thorough comparative
study on existing widely used non-pretrained mod-
els and pretrained models with a detailed analysis
of the results.

2 GLGE Benchmark

2.1 Design Principles

For the GLGE benchmark, we design and select
the NLG tasks based on the following principles:

2.1.1 Task Diversity
The tasks in GLGE focus on evaluating the gener-
alization capabilities of a NLG model, varying the
task, the length of the input text, the length of the
output text, the type of generated text, and the size
of the dataset.

2.1.2 Task Difficulty
The tasks in GLGE should be challenging but
solvable, which can encourage researchers to de-
sign better NLG models. Furthermore, we aim
to provide benchmarks of different difficulty lev-
els like GLUE (Wang et al., 2019b) and Super-
GLUE (Wang et al., 2019a), which allows re-
searchers to comprehensively evaluate the models.
Researchers can also select the benchmark with
moderate difficulty according to the size of the

2https://microsoft.github.io/glge/.

model and the scale of the used pretraining corpus
for comparison.

2.1.3 Ease of Evaluation
The tasks in GLGE should be easily evaluated au-
tomatically. For some unconditional, open-ended,
and weak conditional language generation tasks
(e.g., answer-agnostic question generation, single-
turn chit-chat response generation, and story gen-
eration), reasonable generation results are diverse.
Due to the limited number of references in the au-
tomatic evaluation of text generation tasks, it is
more difficult for automatic evaluation of those
tasks. Therefore, instead of selecting unconditional
and weak conditional language generation tasks,
we tend to select language generation tasks with
stronger conditions (e.g., answer-aware question
generation), which makes the automatic evaluation
more convincing.

2.1.4 Task Popularity
Most tasks in GLGE should use widely-used NLG
datasets, which have been implicitly agreed upon
by the NLG community as challenging and mean-
ingful. Since GLGE is mainly designed for the
generalization capabilities evaluation of the En-
glish NLG pretrained model, the choice of task
also refers to several related works of NLG pre-
training model, such as MASS (Song et al., 2019),
BART (Lewis et al., 2020), ProphetNet (Qi et al.,
2020), and ERNIE-GEN (Xiao et al., 2020).

Based on the above principles, we invite 10 NLG
experts3 to discuss and vote on existing widely-
used NLG datasets. Note that since the GLGE is
designed for evaluating the generalization capabili-
ties of NLG in English language, we do not include
the cross-lingual NLG tasks, such as machine trans-
lation and cross-lingual text summarization (Liang
et al., 2020). Finally, we select 6 existing popu-
lar NLG datasets. Besides, we also introduce two
new datasets selected from real-world scenarios for
the GLGE benchmark, which makes GLGE have
more practical values. Unlike the existing datasets,
the test sets of these new two datasets are hidden,
which further ensures the fairness of the evaluation
results. The input sequence and output sequence
of the selected tasks are all well-defined. We pre-
process them and provide the input and output se-
quence pairs directly, which benefits researchers to
focus on model improvements.

3Each expert has experience in publishing multiple papers
at top conferences in the NLG field.
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Corpus ∣Train∣ ∣Dev∣ ∣Test∣ ∣Src.∣ ∣Tgt.∣ Input Output Metric

Abstractive Text Summarization

CNN/DailyMail 287,113 13,368 11,490 822.3 57.9 article summary R-1/R-2/R-L
Gigaword 3,803,957 189,651 1,951 33.7 8.7 passage headline R-1/R-2/R-L
XSUM 204,017 11,327 11,333 358.5 21.1 article summary R-1/R-2/R-L
MSNews 136,082 7,496 7,562 310.7 9.7 article headline R-1/R-2/R-L

Answer-aware Question Generation

SQuAD 1.1 75,722 10,570 11,877 149.4 11.5 answer/passage question R-L/B-4/MTR
MSQG 198,058 11,008 11,022 45.9 5.9 highlight/passage question R-L/B-4/MTR

Conversational Question Answering

CoQA 108,647 3,935 4,048 354.4 2.6 history/passage answer F1-Score

Personalizing Dialogue

PersonaChat 122,499 14,602 14,056 120.8 11.8 persona/history response B-1/B-2/D-1/D-2

Table 1: GLGE task descriptions and statistics. ∣Train∣: the number of examples in train set. ∣Src.∣: the average
number of words in source inputs. R-L: ROUGE-L. B-4: BLUE-4. MTR: METEOR. D-2: Distinct-2.

2.2 Tasks and Datasets

GLGE contains eight English NLG tasks, covering
text summarization, question generation, genera-
tive question answering, and dialogue. Descrip-
tions and statistics of these tasks are shown in Ta-
ble 1, with concrete examples shown in Appendix.

2.2.1 Abstractive Text Summarization
As a typical NLG task, abstractive text summa-
rization aims to generate a short and fluent sum-
mary of a long text document. GLGE contains
four abstractive text summarization tasks. As dis-
cussed in Bhandari et al. (2020), we use ROUGE-1,
ROUGE-2, and ROUGE-L (Lin, 2004) as the met-
rics for these tasks.
CNN/DailyMail (Hermann et al., 2015) dataset
contains 220K articles from the Daily Mail news-
papers and 93K articles from the CNN. Each arti-
cle contains a bullet point summary. GLGE uses
the non-anonymized variant See et al. (2017). Af-
ter the pre-processing, there are 311,971 ⟨article,
summary⟩ pairs, where the source input is the ar-
ticle, and the target output is the summary which
consists of multiple sentences.
Gigaword (Rush et al., 2015) contains 4M ex-
amples extracted from the news articles of the
Gigaword corpus (Graff et al., 2003). After
the pre-processing, there are 3,995,559 ⟨passage,
summary⟩ data pairs, where the source input is the
first sentence of the article, and the target output is
the headline that usually contains a single sentence.
XSum (Narayan et al., 2018) consists of 227K on-
line articles from the British Broadcasting Corpora-
tion (BBC), which contains professionally writ-

ten single-sentence summaries. After the pre-
processing, there are 226,677 ⟨article, summary⟩
data pairs, where the source input is the news arti-
cle, and the target output is a single-sentence sum-
mary.
MSNews MicroSoft News headline generation
(MSNews) is a new News headline generation
dataset we collected for GLGE. We random se-
lect 151K online news articles from 2012-01-01
to 2020-09-01 from a real-world news search en-
gine. Each article contains a professionally written
single-sentence headline. After the pre-processing,
there are 151,140 ⟨article, headline⟩ data pairs,
where the source input is the news article, and the
target output is a news headline.

2.2.2 Answer-aware Question Generation

The question generation task is another typical
NLG task, which aims to generate a question based
on a given text passage or document. Compared
with answer-agnostic question generation tasks that
can generate lots of reasonable questions, answer-
aware question generation (Zhou et al., 2017) is
asked to generate a question asks towards the given
answer span based on a given text passage or doc-
ument. In order to facilitate automatic evaluation,
GLGE selects two answer-aware question genera-
tion tasks:
SQuAD 1.1 (Rajpurkar et al., 2016) dataset con-
tains over 100K crowd-worker created questions
with the corresponding answer spans in 536
Wikipedia articles. Since the original hidden test
set of the SQuAD 1.1 is hidden, we follow (Du
et al., 2017; Zhao et al., 2018) to re-split the dataset
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with the examples from the original training set and
development set. After the pre-processing, there
are 98,169 ⟨answer, passage, question⟩ data triples,
in which the source input is a Wikipedia passage
along with an answer span, and the target output is
a question. ROUGE-L, BLEU-4 (Papineni et al.,
2002), and METEOR (Banerjee and Lavie, 2005)
are used as the metrics.
MSQG MicroSoft Question Generation (MSQG)
is another dataset we collected, which is a new
challenge dataset, the questions in this dataset are
freely edited by daily users. For MSQG, we collect
220K passages from a real world search engine.
Each passage contains a highlight span and a re-
lated query, we regard the queries as questions in
this dataset. After the pre-processing, there are
220,088 ⟨highlight span, passage, question⟩ data
triples, where the source input is a news passage
along with highlight span, and the target output is a
user question. ROUGE-L, BLEU-4, and METEOR
are used as the metrics.

2.2.3 Conversational Question Answering
Conversational question answering is a classic and
popular generative question answering task. Com-
pared with the extractive question answering, such
as SQuAD (Rajpurkar et al., 2016), conversational
question answering requires the model to answer
the question based on a running conversation his-
tory and the given passage.
CoQA (Reddy et al., 2019) dataset contains 127K
questions with answers, obtained from 8K conver-
sations about text passages from seven diverse do-
mains. After the pre-processing, there are 116,630⟨conversation history, passage, question, answer⟩
data 4-tuples, where the source input is a sequence
of conversation history along with a given question
and a given passage, and the target output is a free-
form answer text. F1-Score (Rajpurkar et al., 2016)
is used as the metric.

2.2.4 Personalized Dialogue
Conversational AI is an important topic in NLG.
Compared with text summarization, the responses
of single-turn conversations are diverse and might
lack of specification, and thus it is hard to use the
single ground-truth for automatic evaluation. We
select the personalizing dialogue task, which is a
challenging multi-turn conversation task. In addi-
tion to the conversation history, this task gives the
profile information as an additional condition to
facilitate specific response generation.

PersonaChat (Zhang et al., 2018) dataset consists
of about 160K utterances, which requires the model
to generate responses according to given multi-
turn conversations and persona profile. After pre-
processing, there are 151,157 ⟨persona profile de-
scription text, conversation history, response⟩ data
triples, where the source input is a sequence of
conversation history along with several sentences
of persona profile description information, and the
target output is a response. BLEU-1, BLEU-2,
Distinct-1, and Distinct-2 (Li et al., 2016) are used
as the evaluation metrics.

2.3 Overall Score
Similar to GLUE (Wang et al., 2019b) and Super-
GLUE (Wang et al., 2019a), we seek to give an
overall system performance over all GLGE tasks
by aggregating the scores of all tasks. We follow
GLUE to adopt a simple approach that weighs each
task equally. For the tasks with multiple metrics,
we firstly average those metrics to get a task score.
Besides, because the values of the original Distinct-
1 (D-1) and Distinct-2 (D-2) (Li et al., 2016) scores
which are used as the metrics for dialogue task are
usually quite small (less than 0.01), we re-scale
them by 100.0 so that these score values are in the
same order of magnitude as other scores.

2.4 Challenges of Three Difficulty Levels
As discussed in § 2.1.2, GLGE provides three lev-
els of difficulty for each task, called GLGE-Easy,
GLGE-Medium, and GLGE-Hard. The original
8 task datasets as described in § 2.2 constitute the
GLGE-Easy. Based on GLGE-Easy, we employ
two strategies to further increase the task difficulty.
Low-resource. We increase the difficulty of
GLGE by simulating low-resource scenarios. For
each task, we keep the test and development sets of
GLGE-Easy and randomly reduce the scale of the
training data to 50% of the original train set. The
dataset of 8 tasks under this setting is regarded as
GLGE-Medium.
Low-frequency. In order to further evaluate the
generalization capability of the NLG model, we
increase the difficulty of GLGE by reducing the
word overlap rate between the output of the training
set and the output of the test set. The motivation is
that a good NLG model should be able to generate a
fluent target output based on the input information,
even if the target output may contain some low-
frequency words. For the test set and development
sets of GLGE-Hard, we still use those in GLGE-
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Easy. For the training set of GLGE-Hard, we first
count the frequency of each token in the target
sentence of the test set. Then we remove the stop
words of the target sentence of each training sample
in GLGE-Easy, ranking them by calculating their
word frequency score of the test set. This can be
formulated as

Score(y) = ∑wy∈y TF(wy)∣y∣ , (1)

where y is a target sentence without stop words,
wy is a token in y, TF(wy) denotes the word fre-
quency of the token wy in the target sentences of
the whole test set, and ∣y∣ denotes the token length
of y. Instead of reducing the training data scale
randomly as in GLGE-Medium, we select the top
25% training data with minimum word frequency
score of the test set from the original training set
as the training set of each dataset. The dataset of 8
tasks under this setting is regarded as GLGE-Hard.

3 Experiments

3.1 Baselines

For the baselines, we first evaluate two widely-
used non-pretrained models: vanilla LSTM based
Seq2Seq (Bahdanau et al., 2015) and vanilla Trans-
former (Vaswani et al., 2017). Besides, we eval-
uate several widely used pretrained NLG models,
including MASS (Song et al., 2019), BART (Lewis
et al., 2020), and ProphetNet (Qi et al., 2020). To
further evaluate the performance of the pretrained
NLG models of different model sizes and the dif-
ferent scales of the pretraining corpus, we com-
pare the MASSbase, ProphetNetbase, MASSmiddle,
BARTlarge, and ProphetNetlarge on GLGE.

3.2 Implementation Details

Vanilla LSTM (Bahdanau et al., 2015). The hyper-
parameters and implementation of LSTM-Seq2Seq
are based on the LSTM register model of Fairseq4,
where the word embedding dimension, the hid-
den size, the number of the encoder layer, and the
number of the decoder layer are 512, 512, 1, and
1, respectively. For each task in GLGE, we use
Adam (Kingma and Ba, 2015) with an initial learn-
ing rate of between 0.0001 and 0.0003, and train
the LSTM-Seq2Seq for a maximum of 100 epochs.

4https://github.com/pytorch/fairseq/
blob/master/fairseq/models/lstm.py.

Vanilla Transformer (Vaswani et al., 2017).
The hyper-parameters and implementation
of Transformer are based on the trans-
former vaswani wmt en de big register model of
Fairseq5, which contains a 6-layer encoder and a
6-layer decoder with 1024 embedding/hidden size
and 4096 feed-forward filter size. For each task
in GLGE, we use Adam with the initial learning
rate of between 0.0003 and 0.001, and train the
Transformer for a maximum of 20 epochs.
MASSbase (Song et al., 2019). The hyper-
parameters and implementation of MASS are based
on their source code6. MASSbase contains a 6-layer
encoder and a 6-layer decoder with 768 embed-
ding/hidden size and 3072 feed-forward filter size.
The MASSbase is pretrained on BookCorpus (Zhu
et al., 2015) and English Wikipedia (16GB in total).
For each task in GLGE, we fine-tune MASSbase
with the same hyper-parameters used in their source
code7 for a maximum of 25 epochs.
MASSmiddle (Song et al., 2019) which contains a
6-layer encoder and a 6-layer decoder with 1024
embedding/hidden size and 4096 feed-forward fil-
ter size. The MASSmiddle is also pretrained on
BookCorpus and English Wikipedia (16GB in to-
tal). For each task in GLGE, we use the same
hyper-parameters as used in MASSbase.
ProphetNetbase (Qi et al., 2020). The hyper-
parameters and implementation of ProphetNet are
based on their source code8. ProphetNetbase con-
tains a 6-layer encoder and a 6-layer decoder with
768 embedding/hidden size and 3072 feed-forward
filter size. Similar to MASS, the ProphetNetbase is
pretrained on BookCorpus and English Wikipedia
(16GB in total) with 125K steps. For each task in
GLGE, we fine-tune ProphetNetbase with the same
hyper-parameters used in their source code for a
maximum of 10 epochs.
ProphetNetlarge (Qi et al., 2020). It contains a
12-layer encoder and 12-layer decoder with 1024
embedding/hidden size and 4096 feed-forward fil-
ter size. The ProphetNetlarge is pretrained on the
160GB English language corpora of news, books,
stories, and web text for 14 epochs. For each task in

5https://github.com/pytorch/fairseq/
blob/master/fairseq/models/transformer.
py.

6https://github.com/microsoft/MASS
7https://github.com/microsoft/MASS/

tree/master/MASS-summarization
8https://github.com/microsoft/

ProphetNet
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Models Avg. Text Summarization Question Generation QA Dialogue
CNN/DM Gigaword XSUM MSNews SQuAD 1.1 MSQG CoQA PesonaChat

Metrics R-1/R-2/R-L R-L/B-4/MTR F1 B-1/B-2/D-1/D-2

GLGE-Easy

LSTM 20.0 37.3/15.7/34.4 34.2/16.0/31.8 25.1/6.9/19.9 30.0/14.6/27.7 27.2/3.8/8.9 25.3/3.5/14.1 15.1 42.2/35.9/0.2/0.7
Transformer 21.9 39.5/16.7/36.7 37.1/18.4/34.5 30.5/10.4/24.2 33.0/15.4/30.0 30.7/4.8/10.9 29.3/5.1/16.6 15.7 38.3/33.6/0.2/0.7
MASSbase 33.6 42.1/19.5/39.0 38.7/19.7/35.9 39.7/17.2/31.9 39.4/21.0/36.1 49.4/20.1/24.4 38.9/10.2/23.3 65.4 41.0/35.7/1.4/6.9
ProphetNetbase 33.8 42.5/19.7/39.5 38.9/19.9/36.0 39.8/17.1/32.0 40.6/21.6/37.0 48.0/19.5/23.9 37.1/9.3/22.7 65.3 46.0/38.4/1.3/7.3
MASSmiddle 34.3 42.9/19.8/39.8 38.9/20.2/36.2 39.1/16.5/31.4 40.4/21.5/36.8 49.9/21.3/25.2 38.9/9.5/23.5 67.6 46.0/38.2/1.2/6.2
BARTlarge 35.8 44.1/21.2/40.9 38.1/18.4/34.9 45.1/22.2/37.2 43.8/24.0/39.2 50.3/22.0/26.4 38.8/9.2/24.3 68.6 49.9/40.0/1.3/8.0
ProphetNetlarge 36.5 44.2/21.1/41.3 39.5/20.4/36.6 44.4/21.3/36.4 44.1/24.4/40.2 51.5/22.5/26.0 38.3/9.6/23.3 73.0 46.7/39.0/1.3/7.5

GLGE-Medium

LSTM 18.1 35.3/14.1/32.8 33.3/15.2/31.1 21.5/4.6/17.1 27.0/12.1/24.9 26.6/3.5/8.2 18.6/1.7/9.5 12.9 41.3/35.3/0.1/0.5
Transformer 19.5 35.0/11.0/32.4 36.7/18.1/34.1 27.5/8.3/21.8 26.8/9.7/24.3 28.3/4.1/9.8 27.0/4.2/15.0 14.2 37.7/29.6/0.2/0.7
MASSbase 33.0 41.2/18.8/38.2 37.9/19.1/35.2 37.4/14.9/29.8 38.9/20.5/35.6 48.9/20.0/24.3 38.2/9.5/22.8 65.0 42.8/36.7/1.3/6.2
ProphetNetbase 32.6 41.6/19.2/38.7 38.6/19.6/35.7 37.8/15.3/30.4 39.0/20.4/35.7 46.4/17.9/22.5 37.0/8.7/22.3 62.5 45.4/37.7/1.4/7.3
MASSmiddle 33.6 41.5/19.0/38.5 38.3/19.1/35.4 38.4/15.8/30.7 39.6/20.9/36.0 49.3/20.4/24.4 38.3/9.9/22.7 67.2 44.0/37.3/1.3/6.1
BARTlarge 35.3 42.8/20.1/39.1 38.0/18.3/34.7 43.1/19.5/34.1 43.4/23.6/38.9 49.7/21.6/25.9 38.4/9.5/24.0 69.4 50.4/39.1/1.2/7.4
ProphetNetlarge 35.5 43.1/20.3/40.1 39.1/19.8/36.1 41.8/18.7/33.8 43.3/23.5/39.4 50.4/21.9/25.8 39.3/10.0/23.7 72.3 42.0/36.4/1.4/7.8

GLGE-Hard

LSTM 12.6 26.2/6.8/24.2 26.3/9.2/24.6 17.8/2.4/14.3 8.2/0.9/7.6 27.3/1.0/6.7 12.5/0.4/5.0 10.3 36.8/28.7/0.1/0.4
Transformer 14.4 28.3/6.2/25.8 28.6/10.8/26.5 23.0/5.3/18.3 18.0/3.5/16.2 25.9/1.1/7.0 17.0/1.3/8.2 9.9 30.0/29.7/0.1/0.2
MASSbase 28.2 40.4/18.0/37.3 32.2/13.6/29.5 33.7/11.6/26.7 35.4/17.0/32.4 42.8/13.4/19.0 34.1/7.5/18.6 50.2 40.1/34.9/1.6/7.8
ProphetNetbase 28.0 40.9/18.4/37.7 32.0/13.5/29.5 34.2/11.6/26.8 35.2/17.0/32.1 41.6/13.4/18.9 32.3/7.2/18.0 48.5 41.6/35.5/1.6/8.3
MASSmiddle 29.1 41.1/18.5/38.0 32.2/13.5/29.9 34.9/12.5/27.6 36.6/18.0/33.4 45.1/16.0/21.3 34.3/8.0/19.0 51.2 41.4/35.4/1.5/7.6
BARTlarge 31.0 41.7/19.1/37.9 33.0/13.6/30.0 39.7/16.1/30.9 40.8/20.8/36.4 45.9/18.1/23.7 35.1/8.5/20.7 53.5 48.3/37.3/1.3/7.2
ProphetNetlarge 30.5 41.2/18.7/38.0 32.4/13.7/29.9 39.4/16.1/31.6 40.3/20.5/36.4 46.4/17.0/22.1 34.0/8.2/19.0 54.1 40.5/35.2/1.8/9.2

Table 2: Overall results of baselines on all GLGE tasks. We use the color to highlight the overall score. R-1:
ROUGE-1. R-2: ROUGE-2. R-L: ROUGE-L. B-4: BLUE-4. MTR: METEOR. D-1: Distinct-1. D-2: Distinct-2.
Note that as discussed in § 2.3, the values of Distinct-1 and Distinct-2 are multiplied by 100.

GLGE, we fine-tune ProphetNetlarge with the same
hyper-parameters used in their source code for a
maximum of 10 epochs.
BARTlarge (Lewis et al., 2020). The hyper-
parameters and implementation of BARTlarge are
based on the source code9. BARTlarge contains a
12-layer encoder and 12-layer decoder with 1024
embedding/hidden size and 4096 feed-forward fil-
ter size. The pretraining of BARTlarge uses the same
pretraining data as Liu et al. (2019), consisting of
160GB of news, books, stories, and web text. For
each task in GLGE, we fine-tune BARTlarge with
the same hyper-parameters used in their source
code10 for a maximum of 20000 iterations.

Except BART, all the baselines adopt BERT-
uncased tokenizer. We fine-tune all baselines on
each individual task with 4× 16GB NVIDIA V100
GPUs. We evaluate the best model checkpoint
based on the loss on the development set. During
inference, we use beam search (Och and Ney, 2004)
with beam size 4 or 5 and remove the duplicated
trigrams in beam search (Fan et al., 2018) to obtain

9https://github.com/pytorch/fairseq/
tree/master/examples/bart

10https://github.com/pytorch/fairseq/
blob/master/examples/bart/README.
summarization.md

the generated results.

3.3 Results and Analysis

Overall results. The main results are presented in
Table 2. From the overall scores (highlighted in
color), we can observe the fairly consistent gains
moving from LSTM to Transformer, and then to
pretrained base models and pretrained large models,
such as ProphetNetbase and ProphetNetlarge. The
performance gap between the pretrained model and
non-pretrained model is obvious. The difference
in terms of overall score is about absolute 15% on
the three levels GLGE benchmarks (GLGE-Easy,
GLGE-Medium, and GLGE-Hard). As expected,
the pretrained large models (ProphetNetlarge and
BARTlarge) achieve the best overall scores.

From the results of each model on the three
levels GLGE benchmarks, we can see that each
model has a significant drop in performance from
GLGE-Easy to GLGE-Medium and GLGE-Hard
benchmarks. For both the non-pretrained model
and pretrained models, there is a nearly 2% drop in
terms of overall score from GLGE-Easy to GLGE-
Medium, and about 4%-8% drop from GLGE-Easy
to GLGE-Hard. These results illustrate the diver-
sified difficulty of GLGE. We recommend that re-
searchers choose a GLGE benchmark with moder-
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Models Avg. Text Summarization Question Generation QA Dialogue
CNN/DM Gigaword XSUM MSNews SQuAD 1.1 MSQG CoQA PesonaChat

Metrics R-1/R-2/R-L R-L/B-4/MTR F1 B-1/B-2/D-1/D-2

GLGE-Medium + Low-frequency Strategy

LSTM 16.4 35.4/13.9/32.7 31.3/13.2/29.3 20.8/4.0/16.5 25.3/10.4/23.3 24.8/1.2/6.8 15.3/1.1/7.1 10.5 34.8/31.6/0.2/0.6
Transformer 18.1 36.8/13.7/34.0 33.2/14.6/30.9 25.9/7.3/20.7 25.2/7.6/22.7 26.4/1.9/7.8 22.8/2.7/11.9 10.8 39.6/34.3/0.1/0.2
MASSbase 29.9 41.3/18.8/38.3 34.4/15.3/31.7 36.1/13.6/28.5 36.4/17.9/33.1 45.3/16.0/21.4 34.6/8.5/19.9 54.6 40.3/34.6/1.5/7.5
ProphetNetbase 29.9 41.7/19.1/38.7 35.1/16.1/32.4 36.5/14.0/28.9 37.4/18.6/34.0 43.7/15.1/20.5 33.8/7.6/20.0 53.1 42.3/35.9/1.4/7.6
MASSmiddle 30.8 41.5/18.9/38.4 35.1/16.0/32.5 37.0/14.4/29.4 37.9/19.1/34.6 46.3/17.0/22.1 35.5/8.9/20.5 56.6 41.0/35.5/1.6/8.0
BARTlarge 32.0 42.2/19.6/38.4 35.7/16.1/32.6 41.5/17.9/32.3 41.5/21.4/37.0 46.5/18.1/24.5 35.9/8.4/21.7 54.6 49.1/38.1/1.3/8.4
ProphetNetlarge 32.3 42.7/20.0/39.5 35.3/16.2/32.6 40.6/17.4/32.6 40.9/21.4/37.1 47.8/19.2/23.9 36.4/9.4/20.9 57.6 44.4/36.9/1.4/8.3

Table 3: Overall results of baselines across the tasks of GLGE-Medium + Low-frequency strategy. We use the
color to highlight the overall score. R-1: ROUGE-1. R-2: ROUGE-2. R-L: ROUGE-L. B-4: BLUE-4. MTR:

METEOR. D-1: Distinct-1. D-2: Distinct-2.

ate difficulty based on the model size of the pre-
trained model and the scale size of the pretrained
corpus. At the same time, researchers can also
perform more comprehensive evaluation of model
performance on GLGE benchmarks at all difficulty
levels.

Low-frequency strategy analysis. To further ver-
ify the effectiveness of the low-frequency strategy
as described in § 2.4. We build the GLGE-Medium
+ low-frequency benchmark and evaluate the mod-
els on it. Both GLGE-Medium and GLGE-Medium
+ low-frequency retain 50% of the training samples
in the GLGE-Easy training set. The only differ-
ence between them is that GLGE-Medium uses
random sampling to retain 50% training samples,
while GLGE-Medium + low-frequency uses the
low-frequency strategy as used in GLGE-Hard to
select 50% training samples. We use the same base-
lines with the same settings in § 3.2 to compare the
model performance on GLGE-Medium and GLGE-
Medium + low-frequency. The results are shown
in Table 3. We can see that after the introduction
of the low-frequency strategy, the performance of
the models has dropped significantly. These results
demonstrate that the low-frequency strategy can ef-
fectively improve the difficulty of the benchmark.

Output diversity analysis. We further compare
the output diversity of each model on all the tasks of
GLGE-Easy. We report the mean of the Distinct bi-
gram (Distinct-2) (Li et al., 2016) ratios of the gen-
erated samples to the golden references. Note that
if the bigram diversity of the generated samples is
close to that of the real samples, the distinct bigram
ratio is close to 1. The results are shown in Fig-
ure 1. In general, output bigram diversity of the pre-
trained model is higher than non-pretrained models.
For the tasks of CNN/DailyMail (CNN/DM), Gi-
gaword, and MSNews, the bigram diversity of the

generated samples are close to that of the real sam-
ples. However, for the tasks of XSUM, SQuAD 1.1,
MSQG, CoQA, and PersonaChat, the bigram di-
versity of the non-pretrained model is significantly
lower than that of the pretrained model. For these
tasks, the non-pretrained model tends to generate
universal responses (Li et al., 2016) or outputs.
Moreover, there is still a huge gap between the
bigram diversity of pretrained models and real sam-
ples (golden) on the task of XSUM, MSQG, and
PersonaChat. Obviously, there exists great room
for future improvement of the pretrained models in
terms of output diversity.

4 Related Works

Benchmarks Recently, the development of gen-
eral natural language understanding (NLU) eval-
uation benchmarks has helped drive the progress
of pretraining and transfer learning in NLP. Con-
neau and Kiela (2018) propose a toolkit, SentE-
val, for evaluating the quality of universal sen-
tence representations. DecaNLP (McCann et al.,
2018) casts ten diversified NLP tasks as a general
question-answering format for evaluation. Wang
et al. (2019b) propose a widely-used multi-task
benchmark, GLUE, for NLU in the English lan-
guage. There are nine NLU tasks in GLUE, in-
cluding two single-sentence tasks, three similarity
and paraphrase tasks, and four natural language
inference tasks. After that, SuperGLUE (Wang
et al., 2019a) is proposed as a harder counterpart of
GLUE. Besides sentence- and sentence-pair classi-
fication tasks used in GLUE, SuperGLUE extends
the task formats by introducing coreference resolu-
tion and question answering tasks. More recently,
A new NLU benchmark called DialoGLUE (Mehri
et al., 2020) for task-oriented dialogue is proposed.
It consists of seven task-oriented dialogue datasets
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Figure 1: Distinct bigram ratios of the generated samples to the golden references on GLGE-Easy.

covering four kinds of NLU tasks: intent predic-
tion, slot tagging, semantic parsing, and dialogue
state tracking.

In addition to the English NLU evaluation bench-
mark, there has been an increasing amount of
new benchmarks in other languages. For exam-
ple, CLUE (Xu et al., 2020) is a Chinese NLU
benchmark that consists of eight diverse Chinese
NLU tasks, including single-sentence, sentence-
pair, and machine reading comprehension tasks.
FLUE (Le et al., 2020) is proposed for the French
language, which is a French NLU benchmark that
includes several NLU tasks, such as text classifi-
cation, paraphrasing, language inference, parsing,
POS tagging, and word sense disambiguation. In-
doNLU (Wilie et al., 2020) is a new benchmark
for evaluating Indonesian language understanding,
which introduces twelve tasks, ranging from single
sentence classification to pair-sentences sequence
labeling. Furthermore, the multilingual multi-task
benchmarks are proposed for cross-lingual evalu-
ating. Hu et al. (2020) introduce XTREME bench-
mark which is a multi-task benchmark for evalu-
ating the cross-lingual generalization capabilities
of multilingual representations across forty lan-
guages and nine tasks. Almost at the same time,
XGLUE (Liang et al., 2020) is proposed which is a
new multilingual multi-task benchmark for cross-
lingual pretraining, understanding, and generation.
There are eleven cross-lingual tasks including nine
NLU tasks and two NLG tasks in XGLUE, each
task provides labeled data in multiple languages.

The above benchmarks mostly focus on NLU
which provides a range of language understanding

tasks. However, to our best knowledge, there is
no benchmark designed specifically for general
NLG evaluation. To fill this gap, we introduce
GLGE, a new multi-task benchmark for evaluating
the generalization capabilities of NLG across eight
language generation tasks.

Pretrained NLG Models In recent years, pre-
trained language models (Devlin et al., 2019; Raf-
fel et al., 2020; Yang et al., 2019; Liu et al., 2019;
Alberti et al., 2019; Brown et al., 2020; Clark
et al., 2020) have achieved state-of-the-art results
in several NLU benchmarks. Besides, more and
more pretraining based models which are designed
for NLG tasks are proposed. Rothe et al. (2020)
adopt the Transformer-based sequence-to-sequence
(seq2seq) model and leverage the checkpoints of
the pretrained NLU models for sequence gener-
ation tasks. MASS (Song et al., 2019) pretrains
the seq2seq model by dropping a continuous token
span to corrupt the text and learns to reconstruct
it. Raffel et al. (2020) investigate several model
structures and pretraining tasks, and further pro-
pose a unified text-to-text transformer called T5.
Similarly, BART (Lewis et al., 2020) adopts the
encoder-decoder structure and is pretrained with
randomly sentence order reconstruction and text
in-filling tasks.

More recently, Qi et al. (2020) propose, Prophet-
Net, which introduces the future n-gram predic-
tion mechanism for language generation. ENRINE-
GEN (Xiao et al., 2020) introduces the infilling
generation mechanism, noise-aware generation,
and span-by-span generation task for NLG model
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pretraining. In addition to general NLG tasks,
some task-specific pretrained NLG models are
proposed. For dialogue and conversation, a di-
alogue generative pretrained transformer called
DialoGPT (Zhang et al., 2020c) is proposed for
conversational response generation, which is pre-
trained on a large-scale conversation-like exchange
corpus. Furthermore, PLATO (Bao et al., 2020) is
a dialogue generation pretraining framework for
chit-chat, knowledge grounded dialogues, and con-
versational question answering. PLATO introduces
discrete latent variables to tackle the one-to-many
mapping problem in response generation. For text
summarization, Zhang et al. (2020a) propose PE-
GASUS, which design the pretraining objectives
called gap sentence generation tailored for abstrac-
tive text summarization.

5 Conclusion

To facilitate the development, evaluation, and com-
parison of new NLG models, we introduce GLGE,
a multi-task evaluation benchmark for NLG with
three difficulty levels. To the best of our knowl-
edge, GLGE is the first comprehensive NLG evalu-
ation benchmark. We evaluate several baselines on
GLGE and analyze their results. The GLGE bench-
mark is hosted publicly and we invite the research
community to submit to the leaderboard.

In future work, we will try to introduce
other automatic evaluation metrics, such
as BERTscore (Zhang et al., 2020b) and
BLEURT (Sellam et al., 2020). Besides, we will
compare the correlation between these metrics and
human judgment.
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C
N

N
/D

ai
ly

M
ai

l Article: The only thing crazier than a guy in snowbound Massachusetts boxing up the powdery white stuff and offering
it for sale online? People are actually buying it. For $ 89, self-styled entrepreneur Kyle Waring will ship you 6 pounds
of Boston-area snow in an insulated Styrofoam box – enough for 10 to 15 snowballs, he says. [...], a coastal suburb
north of Boston. He joked about shipping the stuff to friends and family in warmer states, and an idea was born [...]
Target: A man in suburban Boston is selling snow online to customers in warmer states. For $ 89, he will ship 6 pounds
of snow in an insulated Styrofoam box.

G
ig

aw
or

d Passage: U.S. business leaders lashed out Wednesday at legislation that would penalize companies for employing
illegal immigrants.

Target: U.S. business attacks tough immigration law.

X
SU

M Article: Burberry reported pre-tax profits of £166m for the year to March. [...], Sales rose 7% to £1.28bn, with the
company recording double-digit sales growth in Europe and Asia Pacific. Adjusted profit rose 23% to £215m, taking
into account one-off items and a favourable exchange rate. Stores in London in particular benefited from favourable
currency movements and increased tourism. [...], Burberry shares were up 7.6% at 659 pence in afternoon trading.
Target: Luxury fashion designer Burberry has returned to profit after opening new stores and spending more on online
marketing.

M
SN

ew
s Article: Los Angeles : Actor Chadwick Boseman, who played Black icons Jackie Robinson and James Brown before

finding fame as the regal Black Panther in the Marvel cinematic universe, died Friday of cancer, his representative said.
He was 43. Boseman died at his home in the Los Angeles area with his wife and family by his side, his publicist Nicki
Fioravante told The Associated Press. [...]
Target: Black Panther actor Chadwick Boseman dies of cancer at 43.

SQ
uA

D
1.

1 Passage: Super Bowl 50 was an American football game to determine the champion of the National Football League
(NFL) for the 2015 season. The American Football Conference (AFC) champion Denver Broncos defeated the National
Football Conference (NFC) champion Carolina Panthers 24–10 to earn their third Super Bowl title. The game was
played on February 7, 2016, at Levi’s Stadium in the San Francisco Bay Area at Santa Clara, California. As this was
the 50th Super Bowl, [...].
Answer: Santa Clara, California
Target: Where did Super Bowl 50 take place?

M
SQ

G Passage: On March 28, 1830, Congress passed the Indian Removal Act, beginning the forced relocation of thousands
of Native Americans in what became known as the Trail of Tears. Not all members of Congress supported the Indian
Removal Act.
Highlight Span: Indian Removal Act
Target: What act was passed to relocate the native Americans?

C
oQ

A Passage: John was in the third grade, and nine years old. Every day he had to walk home from school. There were
some kids in his class who were mean to him, and during the winter they would throw snowballs at him. [...], John
thought it was a good deal, and ended up being much better at math.
Conversation History: Q1: Who is in third grade? A1: John. Q2: How old is he? A2: Nine.
Question: What did kids do to him?
Target: Throw snowballs at him.

Pe
rs

on
aC

ha
t Persona Profile description text: My wife left me and took my children. I don’t believe in god. I’m overweight and

unhappy. I work at a nursing home. I spend most of my time on Facebook when I’m not working.
Conversation History: Q1: I got a big house with 7 rooms. R1: Nice, majority of my time I am on Facebook one time.
Q2: I saw a man fly to the moon.
Target: Like on TV? I’m obese and unhappy.

Table 4: Development-set examples from the tasks in GLGE. Bold text denotes part of the example format for
each task. Text in italics is part of the source input text. Underlined text is the target output text. [...] denotes the
omitted texts.
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Abstract

Pre-trained language models such as BERT
have exhibited remarkable performances in
many tasks in natural language understand-
ing (NLU). The tokens in the models are usu-
ally fine-grained in the sense that for lan-
guages like English they are words or sub-
words and for languages like Chinese they are
characters. In English, for example, there
are multi-word expressions which form natural
lexical units and thus the use of coarse-grained
tokenization also appears to be reasonable.
In fact, both fine-grained and coarse-grained
tokenizations have advantages and disadvan-
tages for learning of pre-trained language mod-
els. In this paper, we propose a novel pre-
trained language model, referred to as AM-
BERT (A Multi-grained BERT), on the basis
of both fine-grained and coarse-grained tok-
enizations. For English, AMBERT takes both
the sequence of words (fine-grained tokens)
and the sequence of phrases (coarse-grained
tokens) as input after tokenization, employs
one encoder for processing the sequence of
words and the other encoder for processing
the sequence of the phrases, utilizes shared
parameters between the two encoders, and fi-
nally creates a sequence of contextualized rep-
resentations of the words and a sequence of
contextualized representations of the phrases.
Experiments have been conducted on bench-
mark datasets for Chinese and English, includ-
ing CLUE, GLUE, SQuAD and RACE. The
results show that AMBERT can outperform
BERT in all cases, particularly the improve-
ments are significant for Chinese. We also de-
velop a method to improve the efficiency of
AMBERT in inference, which still performs
better than BERT with the same computational
cost as BERT.

1 Introduction

Pre-trained models such as BERT, RoBERTa, and
ALBERT (Devlin et al., 2018; Liu et al., 2019; Lan

et al., 2019) have shown great power in natural
language understanding (NLU). The Transformer-
based language models are first learned from a
large corpus in pre-training, and then learned from
labeled data of a downstream task in fine-tuning.
With Transformer (Vaswani et al., 2017), pre-
training technique, and big data, the models can
effectively capture the lexical, syntactic, and se-
mantic relations between the tokens in the input
text and achieve state-of-the-art performance in
many NLU tasks, such as sentiment analysis, text
entailment, and machine reading comprehension.

In BERT, for example, pre-training is mainly
conducted based on masked language modeling
(MLM) in which about 15% of the tokens in the
input text are masked with a special token [MASK],
and the goal is to reconstruct the original text from
the masked tokens. Fine-tuning is separately per-
formed for individual tasks as text classification,
text matching, text span detection, etc. Usually, the
tokens in the input text are fine-grained; for exam-
ple, they are words or sub-words in English and
characters in Chinese. In principle, the tokens can
also be coarse-grained, that is, for example, phrases
in English and words in Chinese. There are many
multi-word expressions in English such as ‘New
York’ and ‘ice cream’ and the use of phrases also
appears to be reasonable. It is more sensible to use
words (including single character words) in Chi-
nese, because they are basic lexical units. In fact,
all existing pre-trained language models employ
single-grained (usually fine-grained) tokenization.

Previous work indicates that the fine-grained ap-
proach and the coarse-grained approach have both
pros and cons. The tokens in the fine-grained ap-
proach are less complete as lexical units but their
representations are easier to learn (because there
are less token types and more tokens in training
data), while the tokens in the coarse-grained ap-
proach are more complete as lexical units but their
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representations are more difficult to learn (because
there are more token types and less tokens in train-
ing data). Moreover, for the coarse-grained ap-
proach there is no guarantee that tokenization (seg-
mentation) is completely correct. Sometimes am-
biguity exists and it would be better to retain all
possibilities of tokenization. In contrast, for the
fine-grained approach tokenization is carried out at
the primitive level and there is no risk of ‘incorrect’
tokenization.

For example, (Li et al., 2019) observe that fine-
grained models consistently outperform coarse-
grained models in deep learning for Chinese lan-
guage processing. They point out that the reason is
that low frequency words (coarse-grained tokens)
tend to have insufficient training data and tend to
be out of vocabulary, and as a result the learned
representations are not sufficiently reliable. On the
other hand, previous work also demonstrates that
masking of coarse-grained tokens in pre-training
of language models is helpful (Cui et al., 2019;
Joshi et al., 2020). That is, although the model
itself is fine-grained, masking on consecutive to-
kens (phrases in English and words in Chinese)
can lead to learning of a more accurate model. In
Appendix A, we give examples of attention maps
in BERT to further support the assertion.

In this paper, we propose A Multi-grained
BERT model (AMBERT), which employs both
fine-grained and coarse-grained tokenizations. For
English, AMBERT extends BERT by simultane-
ously constructing representations for both words
and phrases in the input text using two encoders.
Specifically, AMBERT first conducts tokenization
at both word and phrase levels. It then takes the em-
beddings of words and phrases as input to the two
encoders with the shared parameters. Finally it ob-
tains a contextualized representation for the word
and a contextualized representation for the phrase
at each position. Note that the number of parame-
ters in AMBERT is comparable to that of BERT, be-
cause the parameters in the two encoders are shared.
There are only additional parameters from multi-
grained embeddings. AMBERT can represent the
input text at both word-level and phrase-level, to
leverage the advantages of the two approaches of
tokenization, and create richer representations for
the input text at multiple granularity.

AMBERT consists of two encoders and thus its
computational cost is roughly doubled compared
with BERT. We also develop a method for im-

proving the efficiency of AMBERT in inference,
which only uses one of the two encoders. One
can choose either the fine-grained encoder or the
coarse-grained encoder for a specific task using a
development dataset.

We conduct extensive experiments to make a
comparison between AMBERT and the baselines
as well as alternatives to AMBERT, using the
benchmark datasets in English and Chinese. The re-
sults show that AMBERT significantly outperforms
single-grained BERT models with a large margin
in both Chinese and English. In English, com-
pared to Google BERT, AMBERT achieves 2.0%
higher GLUE score, 2.5% higher RACE score, and
5.1% more SQuAD score. In Chinese, AMBERT
improves average score by over 2.7% in CLUE.
Furthermore, AMBERT with only one encoder can
preform much better than the single-grained BERT
models with a similar amount of inference time.

We make the following contributions.
• Study of multi-grained pre-trained language

models,
• Proposal of a new pre-trained language model

called AMBERT as an extension of BERT,
• Empirical verification of AMBERT on the En-

glish and Chinese benchmark datasets GLUE,
SQuAD, RACE, and CLUE,

• Proposal of an efficient inference method for
AMBERT.

2 Related work

There has been a large amount of work on pre-
trained language models. ELMo (Peters et al.,
2018) is one of the first pre-trained language mod-
els for learning contextualized representations of
words in the input text. Leveraging the power of
Transformer (Vaswani et al., 2017), GPTs (Rad-
ford et al., 2018, 2019) are developed as unidirec-
tional models to make predictions on the input text
in an auto-regressive manner, and BERT (Devlin
et al., 2018) is developed as a bidirectional model
to make predictions on the whole or part of the
input text. Masked language modeling (MLM) and
next sentence prediction (NSP) are the two tasks
in pre-training of BERT. Since the inception of
BERT, a number of new models have been pro-
posed to further enhance the performance of it. XL-
Net (Yang et al., 2019) is a permutation language
model which can improve the accuracy of MLM.
RoBERTa (Liu et al., 2019) represents a new way
of training more reliable BERT with a very large
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amount of data. ALBERT (Lan et al., 2019) is
a light-weight version of BERT, which shares pa-
rameters across layers. StructBERT (Wang et al.,
2019) incorporates word and sentence structures
into BERT to learn better representations of tokens
and sentences. ERNIE2.0 (Sun et al., 2020) is a
variant of BERT pre-trained on multiple tasks with
coarse-grained tokens masked. ELECTRA (Clark
et al., 2020) has a GAN-style architecture for effi-
ciently utilizing all tokens in pre-training.

It has been found that the use of coarse-grained
tokens is beneficial for pre-trained language mod-
els. (Devlin et al., 2018) point out that ‘whole
word masking’ is effective for training of BERT.
It is also observed that whole word masking is
useful for building a Chinese BERT (Cui et al.,
2019). In ERNIE (Sun et al., 2019b), entity level
masking is employed as a strategy for pre-training
and proved to be effective for language understand-
ing tasks (see also (Zhang et al., 2019)). In Span-
BERT (Joshi et al., 2020), text spans are masked
in pre-training and the learned model can substan-
tially enhance the accuracies of span selection tasks.
It is indicated that word segmentation is especially
important for Chinese and a BERT-based Chinese
text encoder is proposed with n-gram representa-
tions (Diao et al., 2019). All existing work focuses
on the use of single-grained tokens in learning and
utilization of pre-trained language models. In this
work, we propose a general technique of exploit-
ing multi-grained tokens for pre-trained language
models and apply it to BERT.

3 Our Method: AMBERT

In this section, we present the model, pre-training,
and fine-tuning of AMBERT. We also present a
discussion on alternatives to AMBERT.

3.1 Model

Figure 1 gives an overview of AMBERT. AMBERT
takes a text as input. Tokenization is conducted on
the input text to obtain a sequence of fine-grained
tokens and a sequence of coarse-grained tokens.
AMBERT has two encoders, one for processing the
fine-grained token sequence and the other for pro-
cessing the coarse-grained token sequence. Each
of the encoders has exactly the same architecture
as that of BERT (Devlin et al., 2018). The two
encoders share the same parameters at each corre-
sponding layer, except that each has its own token
embedding parameters. The fine-grained encoder

generates contextualized representations from the
sequence of fine-grained tokens through its layers.
In parallel, the coarse-grained encoder generates
contextualized representations from the sequence
of coarse-grained tokens through its layers. AM-
BERT outputs a sequence of contextualized rep-
resentations for the fine-grained tokens and a se-
quence of contextualized representations for the
coarse-grained tokens.

AMBERT is expressive in that it learns and uti-
lizes contextualized representations of the input
text at both fine-grained and coarse-grained levels.
The model retains all possibilities of tokenizations
and learns the attention weights (importance) of
representations of multi-grained tokens. AMBERT
is also efficient through sharing of parameters be-
tween the two encoders. The parameters represent
the same ways of combining representations, no
matter whether representations are those of fine-
grained tokens or coarse-grained tokens.

3.2 Pre-Training
Pre-training of AMBERT is mainly conducted on
the basis of masked language modeling (MLM), at
both fine-grained and coarse-grained levels. Next
sentence prediction (NSP) is not essential as in-
dicated in many studies after BERT (Lan et al.,
2019; Liu et al., 2019). We only use NSP in our
experiments for comparison purposes. Let x̂ de-
note the sequence of fine-grained tokens with some
of them being masked, and x̄ denote the masked
fine-grained tokens. Let ẑ denote the sequence of
coarse-grained tokens with some of them being
masked, and z̄ denote the masked coarse-grained
tokens. Pre-training is defined as optimization of
the following function,

min
θ
− log pθ(x̄, z̄|x̂, ẑ) ≈

min
θ
−

M∑

i=1

mi log pθ(xi|x̂)−
n∑

j=1

nj log pθ(zj |ẑ),

where mi takes 1 or 0 as values and mi = 1 in-
dicates that fine-grained token xi is masked, m
denotes the total number of fine-grained tokens;
nj takes 1 or 0 as values and nj = 1 indicates
that coarse-grained token zj is masked, n denotes
the total number of coarse-grained tokens; and θ
denotes parameters.

3.3 Fine-Tuning
In fine-tuning of AMBERT for classification, the
fine-grained encoder and coarse-grained encoder
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Fine-grained Encoder

Output : Contextualized representations of fine-grained and coarse-grained tokens.

rx1 rx2rx0

[CLS]
… york min … [SEP]

Coarse-grained Encoder

[CLS]
a new

york minste
r

…
… [SEP]

rxm… rz1 rz2 rz3rz0 rzn…

Input : A new chapel in York Minster was built in 1154. 

Figure 1: An overview of AMBERT, showing the process of creating multi-grained representations. The input
is a sentence in English and output is the overall representation of the sentence. There are two encoders for
processing the sequence of fine-grained tokens and the sequence of coarse-grained tokens respectively. The final
contextualized representations of fine-grained tokens and coarse-grained tokens are denoted as rx0, rx1, · · · , rxm
and rz0, rz1, · · · , rzn respectively.

create special [CLS] representations, and both rep-
resentations are used for classification. Fine-tuning
is defined as optimization of the following function,
which is a regularized loss of multi-task learning,
starting from the pre-trained model,

min
θ
− log pθ(y|x)

= min
θ
− log pθ(y|rx0)− log pθ(y|rz0)

− log pθ(y|[rx0, rz0]) + λ‖ỹx − ỹz‖2,

where x is the input text, y is the classification
label, rx0 and rz0 are the [CLS] representations of
fine-grained encoder and coarse-grained encoder,
[a, b] denotes concatenation of vectors a and b,
λ is a regularization coefficient, and ‖‖2 denotes
L2 norm. The last term is based on agreement
regularization (Brantley et al., 2019), which forces
agreement between the predictions (ỹx and ỹz).

Similarly, fine-tuning of AMBERT for span de-
tection can be carried out, in which the repre-
sentations of fine-grained tokens are concatenated
with the representations of corresponding coarse-
grained tokens. The concatenated representations
are then utilized in the task.

3.4 Inference
We propose two ways of using AMBERT in infer-
ence. One is to utilize the AMBERT itself and the

other to utilize only one encoder of AMBERT. The
former performs better but needs more computa-
tion and the latter performs slightly worse but only
needs computation comparable to BERT. One can
choose either drop the fine-grained encoder or the
coarse-grained encoder in AMBERT through eval-
uation using a development dataset, which makes
the computational cost close to that of BERT.

3.5 Alternatives

We can consider two alternatives to AMBERT,
which also rely on multi-grained tokenization. We
refer to them as AMBERT-Combo and AMBERT-
Hybrid and make comparisons of them with AM-
BERT in our experiments.

AMBERT-Combo has two individual encoders,
an encoder (BERT) working on the fine-grained to-
ken sequence and the other encoder (BERT) work-
ing on the coarse-grained token sequence, without
parameter sharing between them. In learning and
inference AMBERT-Combo simply combines the
output layers of the two encoders. Its fine-tuning is
similar to that of AMBERT.

AMBERT-Hybrid has only one encoder (BERT)
working on both the fine-grained token sequence
and the coarse-grained token sequence. It creates
representations on the concatenation of two se-
quences and lets the representations of the two
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Table 1: Performance on classification tasks in CLUE in terms of accuracy (%). The numbers in boldface denote
the best results of tasks. Average accuracies of models are also given. Numbers of parameters (param) and time
complexities (cmplx) of models are also shown, where l, n, and d denote layer number, sequence length, and
hidden representation size respectively. The tasks with mark † are those with data augmentation.

Model Param. Cmplx. Avg. TNEWS† IFLYTEK CLUEWSC2020† AFQMC CSL† CMNLI
Google BERT 108M O(ln2d) 72.53 66.99 60.29 71.03 73.70 83.50 79.69

Our BERT (char) 108M O(ln2d) 71.90 67.48 57.50 70.69 71.80 83.83 80.08
Our BERT (word) 165M O(ln2d) 73.72 68.20 59.96 75.52 73.48 85.17 79.97
AMBERT-Combo 273M O(2ln2d) 73.61 69.60 58.73 71.03 75.63 85.07 81.58
AMBERT-Hybrid 176M O(4ln2d) 73.80 69.04 56.42 76.21 74.41 85.60 81.10

AMBERT 176M O(2ln2d) 74.67 68.58 59.73 78.28 73.87 85.70 81.87

Table 2: Performances on MRC tasks in CLUE in terms of F1, EM (Exact Match) and accuracy. The numbers in
boldface denote the best results of tasks. Average scores of models are also given.

Model Avg. CMRC2018 ChID C3

DEV(F1,EM) TEST(EM) DEV(Acc.) TEST(Acc.) DEV(Acc.) TEST(Acc.)
Google BERT 73.76 85.48 64.77 71.60 82.20 82.04 65.70 64.50

Our BERT (char) 74.46 85.64 65.45 71.50 83.44 83.12 66.43 65.67
Our BERT (word) 65.77 81.87 41.69 41.30 80.89 80.93 66.72 66.96
AMBERT-Combo 75.26 86.12 65.11 72.00 84.53 84.64 67.74 66.70
AMBERT-Hybrid 75.53 86.71 68.16 72.45 83.37 82.85 67.45 67.75

AMBERT 77.47 87.29 68.78 73.25 87.20 86.62 69.52 69.63

sequences interact with each other at each layer. Its
pre-training is formalized in the following function,

min
θ
− log pθ(x̄, z̄|x̂, ẑ)

≈ min
θ
−

m∑

i=1

mi log pθ(xi|x̂, ẑ)

−
n∑

j=1

nj log pθ(zj |x̂, ẑ),

where the notations are the same as in (1). Its fine-
tuning is the same as that of BERT.

4 Experiments

We make comparisons between AMBERT and the
baselines including fine-grained BERT and coarse-
grained BERT, as well as the alternatives includ-
ing AMBERT-Combo and AMBERT-Hybrid, using
benchmark datasets in both Chinese and English.
The experiments on the alternatives can also be
seen as ablation study on AMBERT. The ablation
studies for the regularization term λ are given in
the Appendix E.

4.1 Data for Pre-Training

For Chinese, we use a corpus consisting of 25 mil-
lion documents (57G uncompressed text) from Jinri
Toutiao1. Note that there is no common corpus
for training of Chinese BERT. For English, we

1Jinri Toutiao is a popular news app. in China.

use a corpus of 13.9 million documents (47G un-
compressed text) from Wikipedia and OpenWeb-
Text (Gokaslan and Cohen, 2019)2.

The characters in the Chinese texts are naturally
taken as fine-grained tokens. We conduct word seg-
mentation on the texts and treat the words as coarse-
grained tokens. We employ a word segmentation
tool based on a n-gram model. Both tokenizations
exploit WordPiece embeddings (Wu et al., 2016).
There are 21,128 characters and 72,635 words in
the vocabulary of Chinese.

The words in the English texts are naturally
taken as fine-grained tokens. We perform coarse-
grained tokenization on the English texts in the
following way. First, we calculate the n-grams in
the Wikipedia documents using KenLM (Heafield,
2011). We next build a phrase-level dictionary
consisting of phrases whose frequencies are suffi-
ciently high and whose last words highly depend
on their previous words. We then employ a left-
to-right search algorithm to perform phrase-level
tokenization on the texts. There are 30,522 words
and 77,645 phrases in the vocabulary of English.

4.2 Experimental setup

We make use of the same parameter settings for
the AMBERT and BERT models. All models in
this paper are ‘base-models’ having 12 layers of
encoder. It is too computationally expensive for

2Unfortunately, BookCorpus, one of the two corpora in
the original paper for English BERT, is no longer publicly
available.
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Table 3: State-of-the-art results of Chinese base models in CLUE.

Model Params Avg. TNEWS† IFLYTEK WSC.† AFQMC CSL† CMNLI CMRC. ChID C3

Google BERT 108M 72.59 66.99 60.29 71.03 73.70 83.50 79.69 71.60 82.04 64.50
XLNet-mid 200M 73.00 66.28 57.85 78.28 70.50 84.70 81.25 66.95 83.47 67.68

ALBERT-xlarge 60M 73.05 66.00 59.50 69.31 69.96 84.40 81.13 76.30 80.57 70.32
ERNIE 108M 74.20 68.15 58.96 80.00 73.83 85.50 80.29 74.70 82.28 64.10

RoBERTa 108M 74.38 67.63 60.31 76.90 74.04 84.70 80.51 75.20 83.62 66.50
AMBERT 176M 75.28 68.58 59.73 78.28 73.87 85.70 81.87 73.25 86.62 69.63

Table 4: Performances on the tasks in GLUE. Average score over all the tasks is slightly different from the official
GLUE score, since we exclude WNLI. CoLA uses Matthew’s Corr. MRPC and QQP use both F1 and accuracy
scores. STS-B computes Pearson-Spearman Corr. Accuracy scores are reported for the other tasks. Results of
MNLI include MNLI-m and MNLI-mm. The other settings are the same as Table 1.

Model Param Cmplx Avg. CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE
Google BERT 110M O(ln2d) 80.7 52.1 93.5 88.9/81.9 81.5/85.8 71.2/88.5 84.6/83.4 90.5 66.4

Our BERT (word) 110M O(ln2d) 81.6 53.7 93.8 88.8/84.8 84.3/86.0 71.6/89.0 85.0/84.5 91.2 66.8
Our BERT (phrase) 170M O(ln2d) 80.7 54.8 93.8 87.4/82.5 82.9/84.9 70.1/88.8 84.1/83.8 90.6 65.1
AMBERT-Combo 280M O(2ln2d) 81.8 57.1 94.5 89.2/84.8 84.4/85.8 71.8/88.6 84.7/84.2 90.4 66.2
AMBERT-Hybrid 194M O(4ln2d) 81.7 50.9 93.4 89.0/85.2 84.7/87.6 71.0/89.2 84.6/84.7 91.2 68.5

AMBERT 194M O(2ln2d) 82.7 54.3 94.5 89.7/86.1 84.7/87.1 72.5/89.4 86.3/85.3 91.5 70.5

us to train the models as ‘large models’ having 24
layers. To retain consistency, the masked spans in
the coarse-grained encoder are also masked in the
fine-grained encoder. The details of pre-training
and fine-tuning are the same as those in the original
BERT paper (Devlin et al., 2018), which are given
in Appendix C.

4.3 Chinese Tasks

4.3.1 Benchmarks
We use the benchmark datasets, Chinese Language
Understanding Evaluation (CLUE) (Xu et al., 2020)
for experiments in Chinese. CLUE contains six
classification tasks, that are TNEWS, IFLYTEK
and CLUEWSC2020, AFQMC, CSL and CMNLI3,
and three Machine Reading Comprehension (MRC)
tasks which are CMRC2018, ChID and C3. The
details of all the benchmarks are shown in Ap-
pendix B. Data augmentation is also performed
for all models in the tasks of TNEWS, CSL and
CLUEWSC2020 to achieve better performance
(see Appendix D for detailed explanation).

4.3.2 Experimental Results
We compare AMBERT with the BERT baselines,
including the BERT model released from Google,
referred to as Google BERT, and the BERT model
trained by us, referred to as Our BERT, including
fine-grained (character) and coarse-grained (word)
models. Case study is given in Appendix F.

Table 1 shows the results of the classification
tasks. AMBERT improves average scores of the

3The task is introduced at the CLUE website.

BERT baselines by about 1.0% and also works bet-
ter than AMBERT-Combo and AMBERT-Hybrid.
The results of MRC tasks are shown in Table 2.
AMBERT improves average scores of the BERT
baselines by over 3.0%. Our BERT (word) per-
forms poorly in CMRC2018. This is probably
because the results of word segmentation are not
accurate enough for the task. AMBERT-Combo
and AMBERT-Hybrid are on average better than
single-grained BERT models. AMBERT further
outperforms both of them.

We also compare AMBERT with the state-of-
the-art models such as RoBERTa and ALBERT in
CLUE benchmark. The base models are trained
with different datasets and procedures, and thus the
comparisons should only be taken as references.
Note that the settings of the base models are the
same as that of Xu et al. (2020). Table 3 shows the
results. The average score of AMBERT is higher
than all the other models. We conclude that multi-
grained tokenization is very helpful for pre-trained
language models and the design of AMBERT is
reasonable.

4.4 English Tasks

4.4.1 Benchmarks
The General Language Understanding Evaluation
(GLUE) benchmark (Wang et al., 2018) is a collec-
tion of nine NLU tasks. Following BERT (Devlin
et al., 2018), we exclude the task WNLI for the
reason that results of different models on this task
are undifferentiated. In addition, three MRC tasks
are also included, i.e., SQuAD v1.1, SQuAD v2.0,
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Table 5: Performances on three English MRC tasks. We use EM and F1 to evaluate the performance of text
detection, and report accuracies for RACE, on both development set and test set.

Model Avg. SQuAD 1.1 SQuAD 2.0 RACE
DEV(EM, F1) DEV(EM, F1) TEST(EM, F1) DEV TEST

Google BERT 74.0 80.8 88.5 70.1 73.5 73.7 76.3 64.5 64.3
Our BERT (word) 76.7 83.8 90.6 76.6 79.6 77.3 80.3 62.4 62.6

Our BERT (phrase) - 67.4 82.3 55.4 62.6 - - 66.9 66.1
AMBERT-Combo 77.2 84.0 90.9 76.4 79.6 76.6 79.8 66.6 63.7
AMBERT-Hybrid 77.3 83.6 90.3 76.4 79.4 76.7 79.7 67.1 65.1

AMBERT 78.6 84.2 90.8 77.6 80.6 78.6 81.4 68.9 66.8

Table 6: State-of-the-art results of English base models in GLUE. Each task only reports one score following Clark
et al. (2020), and we report the average EM of SQuAD1.1 and SQuAD2.0 on development set. AMBERT‡ is
pre-trained with a corpora with size comparable to that of RoBERTa (160G uncompressed text). Scores with ? are
reported from the published papers.

Model Params Avg. CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE SQuAD RACE
Google BERT 110M 78.7 52.1? 93.5? 84.8? 85.8? 89.2? 84.6? 90.5? 66.4? 75.5 64.3?

XLNet 110M 78.6 47.9 94.3 83.3 84.1 89.2 86.8 91.7 61.9 79.9? 66.7?

SpanBERT 110M 79.1 51.2 93.5 87.0 82.9 89.2 85.1 92.7 69.7 81.8 57.4
ELECTRA 110M 81.3 59.7? 93.4? 86.7? 87.7? 89.1? 85.8? 92.7? 73.1? 74.8 69.9
ALBERT 12M 80.1 53.2 93.2 87.5 87.2 87.8 85.0 91.2 71.1 78.7 65.8
RoBERTa 135M 82.7 61.5 95.8 88.7 88.9 89.4 87.4 93.1 74.0 78.6 69.9

AMBERT‡ 194M 82.8 60.0 95.2 88.9 88.2 89.5 87.2 92.6 72.6 82.5 71.2

and RACE. The details of English benchmarks can
be found in Appendix B.

4.4.2 Experimental Results
We compare AMBERT with the BERT models on
the tasks in GLUE. The results of Google BERT
are from the original paper (Devlin et al., 2018),
and the results of Our BERT are obtained by us.
From Table 4 we can see the following trends, 1)
Multi-grained models, particularly AMBERT, can
achieve better results than single-grained models.
2) Among the multi-grained models, AMBERT
performs best with fewer parameters and less com-
putation. Case study is given in Appendix F.

We also make comparison on the MRC tasks.
The results of Google BERT are either from the
papers (Devlin et al., 2018; Yang et al., 2019) or
from our runs with the official code. From Table 5
we make the following conclusions. 1) in SQuAD,
AMBERT outperforms Google BERT with a large
margin. Our BERT (word) generally performs well
and Our BERT (phrase) performs poorly in the span
detection tasks. 2) In RACE, AMBERT performs
best among all the baselines for both development
set and test set. 3) AMBERT is the best multi-
grained model.

We compare AMBERT with the state-of-the-art
models in both GLUE and MRC benchmarks. The
results of baselines, in Table 6, are either reported
in published papers or re-implemented by us with
HuggingFace’s Transformer (Wolf et al., 2019). We
use the provided implementation in HuggingFace’s

Transformer, without additional data augmentation,
question-answering module4 and other tricks. Note
that AMBERT outperforms all the models on av-
erage without using training techniques such as
bigger batches and dynamic masking.

4.5 Enhancement of Inference Speed

We also conduct experiments on the effi-
cient inference method of AMBERT on
CLUE/GLUE/SQuAD/RACE. We choose
the fine-grained encoder for the span detection
tasks (CMRC2018 and SQuAD) because it
performs much better in the tasks. We choose
the coarse-grained encoder for the other Chinese
tasks and the fine-grained encoder for the other
English tasks because they perform better on
average. All the decisions are made based on the
results from the Dev datasets. The detailed results
are shown in Table 7. We conclude that, a) for
the English tasks, AMBERT with one chosen
encoder achieves similar results as AMBERT with
two encoders and outperforms the single-grained
“Our BERT” models with a large margin; b) for
the Chinese tasks, AMBERT with one chosen
encoder performs slightly worse than AMBERT
but performs much better than the single-grained
“Our BERT” models. Therefore, in practice, one
can train an AMBERT with two encoders and use
only one of the encoders in inference.

4For that reason, we cannot use the results for SQuAD 2.0
in Clark et al. (2020).

427



Table 7: Performances on the development sets of CLUE, GLUE, SQuAD and RACE with different ways for
inference. CN-Models and EN-Models denote Chinese and English pre-trained models respectively. CoLA uses
Matthew’s Corr. We report EM of CMRC2018 and average EM of SQuAD1.1 and SQuAD2.0. The other metrics
are all accuracies. We report the better results among single-grained models as “Our BERT”.

CN-Models Speedup Avg. TNEWS IFLYTEK CLUEWSC2020 AFQMC CSL CMNLI CMRC2018 ChID C3 -
AMBERT 1.0 75.3 68.1 60.1 81.6 74.7 85.6 82.3 68.8 87.2 69.5 -

AMBERT (one encoder) 2.0x 74.8 68.0 59.5 81.3 74.2 85.5 82.1 67.4 86.6 68.5 -
Our BERT 2.0x 73.4 67.8 58.7 79.0 74.1 84.5 80.8 65.5 83.4 66.7 -
EN-Models Speedup Avg. CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE SQuAD RACE
AMBERT 1.0 79.2 61.7 94.3 92.3 55.0 91.2 86.2 91.3 70.2 80.9 68.9

AMBERT (one encoder) 2.0x 79.1 62.2 93.2 92.5 55.0 91.2 86.1 91.4 70.6 80.3 68.0
Our BERT 2.0x 77.5 56.6 92.4 89.7 54.2 90.4 85.1 90.6 69.1 80.2 66.9

Our BERT (char) Our BERT (word) AMBERT-Hybrid AMBERT

Our BERT (word) Our BERT (phrase) AMBERT-Hybrid AMBERT

Figure 2: Attention weights of first layers of Our BERT (word/phrase), AMBERT-Hybrid and AMBERT, for
English and Chinese sentences.

�
���
���
��	
��

���
���
��
���
���
�

�#�� ���� ���� ����

���
������	�

������������#"!#� ������������#"!#� ����������� �����������

�
���
���
��	
��

���
���
��
���
���
�

��� � ���� ������ ����� �����

����������	�

������������#"!#� ������������#"!#� ����������� �����������

Figure 3: Distances between representations of fine-
grained and coarse-grained encoders (representations
of [CLS]) in AMBERT-Combo and AMBERT. CD and
ED stand for cosine distance (one minus cosine similar-
ity) and normalized Euclidean distance respectively.

4.6 Discussions

We further investigate the reason that AMBERT is
superior to AMBERT-Combo. Figure 3 shows the
distances between the [CLS] representations of the
fine-grained encoder and coarse-grained encoder in
AMBERT-Combo and AMBERT after pre-training,
in terms of cosine distance (one minus cosine sim-
ilarity) and normalized Euclidean distance. One
can see that the distances in AMBERT-Combo are
larger than the distances in AMBERT. We perform
the assessment using the data in different tasks and
find similar trends. The results indicate that the
representations of fine-grained encoder and coarse-

grained encoder are closer in AMBERT than in
AMBERT-Combo. These are natural consequences
of using AMBERT and AMBERT-Combo, whose
parameters are respectively shared and unshared
across encoders. It implies that the higher perfor-
mances by AMBERT is due to its parameter shar-
ing, which can learn and represent similar ways of
combining tokens no matter whether they are fine-
grained or coarse-grained. An intuitive explanation
is that the ways of combining representations of
fine-grained tokens and the ways of combining rep-
resentations of coarse-grained tokens “in the same
contexts” are exactly the same.

We also examine the reasons that AMBERT
works better than AMBERT-Hybrid, while both
of them exploit multi-grained tokenization. Fig-
ure 2 shows the attention weights of first layers in
AMBERT and AMBERT-Hybrid, as well as the
single-grained BERT models, after pre-training. In
AMBERT-Hybrid, the fine-grained tokens attend
more to the corresponding coarse-grained tokens
and as a result the attention weights among fine-
grained tokens are weakened. In contrast, in AM-
BERT the attention weights among fine-grained
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tokens and those among coarse-grained tokens are
intact. It appears that attentions among single-
grained tokens (fine-grained ones or coarse-grained
ones) play important roles in downstream tasks.

To answer the question why the improvements
by AMBERT on Chinese are larger than on English
in the same pre-training settings, we further make
an analysis. We respectively tokenize 10,000 ran-
domly selected Chinese sentences from five tasks in
CLUE with our Chinese word tokenizer. The aver-
age proportion of words is 51.5%, which indicates
that about half of the tokens are fine-grained and
half are coarse-grained in Chinese. Similarly, we to-
kenize 10,000 randomly selected English sentences
from five different tasks in GLUE with our En-
glish phrase tokenizer. The average proportion of
phrases is only 13.1%, which means that there are
much less coarse-grained tokens than fine-grained
tokens in English. (Please refer to Table 10 in
the Appendix for more details of the experiments.)
Therefore, we postulate that for Chinese it is nec-
essary for a model to process the language at both
fine-grained and coarse-grained levels. AMBERT
indeed has the capability.

5 Conclusion

In this paper, we have proposed a novel pre-trained
language model called AMBERT, as an extension
of BERT. AMBERT employs multi-grained tok-
enization, that is, it uses both words and phrases in
English and both characters and words in Chinese.
With multi-grained tokenization, AMBERT learns
in parallel the representations of the fine-grained
tokens and the coarse-grained tokens using two en-
coders with shared parameters. We also develop an
alternative way of using AMBERT in inference to
save computation cost. Experimental results have
demonstrated that AMBERT significantly outper-
forms BERT and other models in NLU tasks in
both English and Chinese. AMBERT increases
average score of Google BERT by about 2.7% in
Chinese benchmark CLUE. AMBERT improves
Google BERT by over 3.0% on a variety of tasks in
English benchmarks GLUE, SQuAD (1.1 and 2.0),
and RACE.

As future work, we plan to study the follow-
ing issues: 1) to investigate model acceleration
methods in learning of AMBERT, such as sparse
attention (Child et al., 2019; Kitaev et al., 2020; Za-
heer et al., 2020) and synthetic attention (Tay et al.,
2020); 2) to apply the technique of AMBERT into

other pre-trained language models such as XLNet;
3) to employ AMBERT in other NLU tasks.
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A Attention maps for single-grained
models

We construct fine-grained and coarse-grained
BERT models for English and Chinese, and ex-
amine the attention maps of the models using the
BertViz tool (Vig, 2019). Figure 4 shows the at-
tention maps of the first layer of fine-grained mod-
els for several sentences in English and Chinese.
One can see that there are tokens that improperly
attend to other tokens in the sentences. For exam-
ple, in the English sentences, the words “drawing”,
“new”, and “dog” have high attention weights to
“portrait”, “york”, and “food”, respectively, which
are not appropriate. For example, in the Chinese
sentences, the chars “拍”, “北”, “长” have high
attention weights to “卖”, “京”, “市”, respectively,
which are also not reasonable. (It is verified that the
bottom layers at BERT mainly represent lexical in-
formation, the middle layers mainly represent syn-
tactic information, and the top layers mainly repre-
sent semantic information (Jawahar et al., 2019).)
Ideally a token should only attend to the tokens
with which they form a lexical unit at the first layer.
This cannot be guaranteed in the fine-grained BERT
model, however, because usually a fine-grained to-
ken may belong to multiple lexical units (i.e., there
is ambiguity).

Figure 5 shows the attention maps of the first
layer of coarse-grained models for the same sen-
tences in English and Chinese. In the English sen-
tences, the words are combined into the phrases of
“drawing room”, “york minister”, and “dog food”.
The attentions are appropriate in the first two sen-
tences, but it is not in the last sentence because of
the incorrect tokenization. Similarly, in the Chi-
nese sentences, the high attention weights of words
“ 球拍(bat)” and “京城(capital)” are reasonable,
but that of word “市长(mayor)” is not. Note that
incorrect tokenization is inevitable.

B Detailed descriptions for the
benchmarks

B.1 Chinese Tasks

TNEWS is a text classification task in which ti-
tles of news articles in TouTiao are to be clas-
sified into 15 classes. IFLYTEK is a task of
assigning app descriptions into 119 categories.
CLUEWSC2020, standing for the Chinese Wino-
grad Schema Challenge, is a co-reference resolu-
tion task. AFQMC is a binary classification task

that aims to predict whether two sentences are
semantically similar. CSL uses the Chinese Sci-
entific Literature dataset containing abstracts and
their keywords of papers and the goal is to identify
whether given keywords are the original keywords
of a paper. CMNLI is based on translation from
MNLI (Williams et al., 2017), which is a large-
scale, crowd-sourced entailment classification task.
CMRC2018 (Cui et al., 2018) makes use of a span-
based dataset for Chinese machine reading compre-
hension. ChID (Zheng et al., 2019) is a large-scale
Chinese IDiom cloze test. C3 (Sun et al., 2019a) is
a free-form multiple-choice machine reading com-
prehension for Chinese.

B.2 English Tasks

CoLA (Warstadt et al., 2019) contains English ac-
ceptability judgments drawn from books and jour-
nal articles on linguistic theory. SST-2 (Socher
et al., 2013) consists of sentences from movie re-
views and human annotations of their sentiment.
MRPC (Dolan and Brockett, 2005) is a corpus of
sentence pairs automatically extracted from online
news sources, and the target is to identify whether
a sentence pair is semantically equivalent. STS-
B (Cer et al., 2017) is a collection of sentence
pairs and the task is to predict similarity scores.
QQP is a collection of question pairs and requires
models to recognize semantically equivalent ones.
MNLI (Williams et al., 2017) is a crowd-sourced
collection of sentence pairs with textual entail-
ment annotations. QNLI (Wang et al., 2018) is a
question-answering dataset consisting of question-
paragraph pairs, where one of the sentences in the
paragraph contains the answer to the corresponding
question. RTE (Bentivogli et al., 2009) comes from
a series of annual textual entailment challenges.

C Hyper-parameters

C.1 Hyper-parameters in pre-training

In pre-training of the AMBERT models, in to-
tal 15% of the coarse-grained tokens are masked,
which is the same proportion for the BERT models.
We adopt the standard hyper-parameters of BERT
in pre-training of the models except batch sizes
which are tuned to make our fine-grained BERT
models comparable to the Google BERT models.
Table 8 shows the hyper-parameters in our Chi-
nese AMBERT and English AMBERT. Our BERT
models and alternatives of AMBERT (AMBERT-
Combo and AMBERT-Hybrid) all use the same
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Figure 4: Attention maps of first layers of fine-grained BERT models for English and Chinese sentences. The
Chinese sentences are “商店里的兵乓球拍卖完了 (Table tennis bats are sold out in the shop)”, “北上京城
施展平生报复 (Go north to Beijing to fulfill the dream)”, “南京市长江大桥位于南京 (The Nanjing Yantze
River bridge is located in Nanjing)”. Different colors represent attention weights in different heads and darkness
represents weight.

hyper-parameters in pre-training. The optimizer is
Adam (Kingma and Ba, 2014). To enhance effi-
ciency, we use mixed precision for all the models.
Training is carried out on Nvidia V-100. The num-
bers of GPUs used for training are from 32 to 64,
depending on the model sizes.

Table 8: Hyper-parameters for pre-trained AMBERT.

Hyperparam Chinese AMBERT English AMBERT
Number of Layers l 12 12

Hidden Size d 768 768
Sequence Lengh n 512 512

FFN Inner Hidden Size 3072 3072
Attention Heads 12 12

Attention Head Size 64 64
Dropout 0.1 0.1

Attention Dropout 0.1 0.1
Warmup Steps 10,000 10,000

Peak Learning Rate 1e-4 1e-4
Batch Size 512 1024

Weight Decay 0.01 0.01
Max Steps 1m 500k

Learning Rate Decay Linear Linear
Adam ε 1e-6 1e-6

Adam β1 0.9 0.9
Adam β2 0.999 0.999

C.2 Hyper-parameters in Fine-tuning
For the Chinese tasks, since all the original pa-
pers do not report detailed hyper-parameters in
fine-tuning of the baseline models, we uniformly
use the same hyper-parameters as shown in Ta-

ble 11 except training epoch, because AMBERT
and AMBERT-Combo have more parameters and
need more training to get converged. We choose
the training epochs for all models when the per-
formances on development sets stop to improve.
Table 11 also shows all the hyper-parameters in
fine-tuning of the English models. We adopt the
best hyper-parameters in the original papers for
the baselines. Moreover, for AMBERT‡, we also
tune learning rate ([1e-5, 2e-5, 3e-5]) and batch
size ([16, 32]) for GLUE with the same method in
RoBERTa (Liu et al., 2019).

D Data Augmentation

To enhance the performance, we conduct data
augmentation for the three Chinese classification
tasks of TNEWS, CSL, and CLUEWSC2020. In
TNEWS, we use both keywords and titles. In CSL,
we concatenate keywords with a special token “ ”.
In CLUEWSC2020, we duplicate a few instances
having pronouns in the training data such as “她
(she)”.

E Regularization in Fine-tuning

Table 9 shows the results of using different values
as regularization coefficients in fine-tuning on the
development sets of CLUE, GLUE and RACE. It
appears that for most tasks the use of regularization
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Figure 5: Attention maps of first layers of coarse-grained BERT models for English and Chinese sentences. Note
that tokenizations may have errors.

Table 9: Performances on the development sets of CLUE, GLUE and RACE with different regularization coeffi-
cients in fine-tuning. CN-Models and EN-Models stand for Chinese and English pre-trained models respectively.
CoLA uses Matthew’s Corr. The other metrics are accuracies.

CN-Models λ TNEWS IFLYTEK CLUEWSC2020 AFQMC CSL CMNLI ChID C3 -
AMBERT 1.0 68.1 60.1 81.6 74.7 85.6 82.3 87.1 69.2 -
AMBERT 0.0 67.9 60.3 80.9 75.4 85.0 81.1 86.5 69.2 -

EN-Models λ CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE RACE
AMBERT 1.0 61.7 94.3 92.3 55.0 91.2 86.2 91.3 70.2 66.6
AMBERT 0.0 61.5 93.4 90.1 54.5 91.1 85.5 91.2 70.2 66.8

Table 10: The rate of coarse-grained tokens (not in-
cluded in fine-grained vocabulary) in coarse-grained to-
kenization.

Datasets Chinese words Chinese total tokens word rate (%)
CMNLI 157,511 335,187 47.0
TNEWS 71,636 137,965 51.9
TNEWS 94,439 165,847 56.9

CSL 836,976 1,739,954 48.1
CHID 958,893 1,763,507 53.4
Avg. - - 51.5

Datasets English phrases English total tokens phrase rate (%)
MNLI 43,661 318,985 13.7
QNLI 59,506 395,681 15.0
QNLI 35,256 237,731 14.8
SST-2 9,757 103,048 9.47
CoLA 10,491 82,353 12.7
Avg. - - 13.1

is necessary. For simplicity, we did not use the best
value of coefficient for each task and instead we
adopt 0.0 for RACE and 1.0 for the other tasks.

F Case study

We also qualitatively study the results of BERT and
AMBERT, and find that they support our claims
(cf., Section 1) very well. Here, we give some ran-
dom examples from the entailment tasks (QNLI
and CMNLI) in Table 12. One can have the follow-
ing observations. 1) The fine-grained models (e.g.,

Our BERT word) cannot effectively use complete
lexical units such as “Doctor Who” and “打死”
(sentence pairs 1 and 5), which may result in in-
correct predictions. 2) The coarse-grained models
(e.g., Our BERT phrase), on the other hand, cannot
effectively deal with incorrect tokenizations, for
example, “the blind” and “格式” (sentence pairs
2 and 6). 3) AMBERT is able to make effective
use of complete lexical units such as “sister station”
in sentence pair 4 and “员工/ 工人” in sentence
pair 7, and robust to incorrect tokenizations, such
as “used to” in sentence pair 3. 4) AMBERT can in
general make more accurate decisions on difficult
sentence pairs with both fine-grained and coarse-
grained tokenization results.
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Table 11: Hyper-parameters for fine-tuning of both Chinese and English tasks.

Dataset Modes Batch Size Max Length Epoch Learning Rate λ

TNEWS/IFLYTEK/AFQMC/CSL/CMNLI Our BERT, AMBERT-Hybrid 32 128 5 2e-5 -

AMBERT, AMBERT-Combo 32 128 8 2e-5 1.0

CLUEWSC2020 Our BERT, AMBERT-Hybrid 8 128 50 2e-5 -

AMBERT, AMBERT-Combo 8 128 80 2e-5 1.0

CMRC2018 All the models 32 512 2 2e-5 -

ChID Our BERT, AMBERT-Hybrid 24 64 3 2e-5 -

AMBERT, AMBERT-Combo 24 64 3 2e-5 1.0

C3 Our BERT, AMBERT-Hybrid 24 512 8 2e-5 -

AMBERT, AMBERT-Combo 24 512 8 2e-5 1.0

SST-2/MRPC/QQP/MNLI/QNLI Our BERT, AMBERT-Hybrid 32 512 4 2e-5 -

AMBERT, AMBERT-Combo 32 512 6 2e-5 1.0

CoLA/STS-B Our BERT, AMBERT-Hybrid 32 512 10 2e-5 -

AMBERT, AMBERT-Combo 32 512 20 2e-5 1.0

RTE Our BERT, AMBERT-Hybrid 32 512 20 2e-5 -

AMBERT, AMBERT-Combo 32 512 50 2e-5 1.0

SQuAD (1.1 and 2.0) All the models 32 512 3 2e-5 -

RACE All except the following two 16 512 4 1e-5 -

AMBERT, AMBERT-Combo 32 512 6 1e-5 0.0

Table 12: Case study for sentence matching tasks in both English and Chinese (QNLI and CMNLI). The value “0”
denotes entailment relation, while the value “1” denotes no entailment relation. WORD/PHRASE represents Our
BERT word/phrase. In English the tokens in the same phrase are concatenated with “ ”, and in Chinese phrases
are split with “/”.

Sentence1 Sentence2 Label WORD PHRASEAMBERT

What Star Trek episode has a nod to Doctor Who?
(What Star Trek episode has a nod to Doctor Who?)

There have also been many references to Doctor Who in popular culture and
other science fiction, including Star Trek: The Next Generation (”The Neutral
Zone”) and Leverage.
(There have also been many references to Doctor Who in popular culture
and other science fiction, including Star Trek: the next generation (”the neu-
tral zone”) and leverage.)

0 1 0 0

What was the name of the blind date concept program debuted by
ABC in 1966?
(What was the name of the blind date concept program debuted
by ABC in 1966?)

In December of that year, the ABC television network premiered The Dating
Game, a pioneer series in its genre, which was a reworking of the blind date
concept in which a suitor selected one of three contestants sight unseen based
on the answers to selected questions.
(In December of that year, the ABC television network premiered the dating
game, a pioneer series in its genre, which was a reworking of the blind date
concept in which a suitor selected one of three contestants sight unseen
based on the answers to selected questions.)

0 0 1 0

What are two basic primary resources used to guage complexity?
(What are two basic primary resources used to guage complexity?)

The theory formalizes this intuition, by introducing mathematical models of
computation to study these problems and quantifying the amount of resources
needed to solve them, such as time and storage.
(The theory formalizes this intuition, by introducing mathematical models of
computation to study these problems and quantifying the amount of resources
needed to solve them, such as time and storage.)

0 1 1 0

What is the frequency of the radio station WBT in North Carolina?
(What is the frequency of the radio station WBT
in north carolina?)

WBT will also simulcast the game on its sister station WBTFM (99.3 FM),
which is based in Chester, South Carolina.
(WBT will also simulcast the game on its sister station WBTFM (99.3 FM),
which is based in Chester, South Carolina.)

1 0 0 1

只打那些面对我们的人，乔恩告诉阿德林。

(只/打/那些/面对/我们/的/人/，/乔恩/告诉/阿/德/林/。)
“打死那些面对我们的人，”阿德林对乔恩说。

(“/打死/那些/面对/我们/的/人/，/”/阿/德/林/对/乔恩/说/。。)
1 0 1 1

教堂有一个更精致的巴洛克讲坛。

(教堂/有/一个/更/精致/的/巴洛克/讲坛/。)
教堂有一个巴罗格式的讲坛。

(教堂/有/一个/巴/罗/格式/的/讲坛/。)
0 0 1 0

我们已经采取了一系列措施来增强我们员工的能力，并对
他们进行投资。

(我们/已经/采取/了/一/系列/措施/来/增强/我们/员工/的/能
力/，/并/对/他们/进行/投资/。)

我们一定会投资在我们的工人身上。

(我们/一定/会/投资/在/我们/的/工人/身上/。)
0 1 1 0

科技行业的故事之所以活跃起来，是因为现实太平淡了。

(科技/行业/的/故事/之所以/活跃/起来/，/是/因为/现实/太
平/淡/了/。)

现实是如此平淡，以致于虚拟现实技术业务得到了刺激。

(现实/是/如此/平淡/，/以致/于/虚拟/现实/技术/业务/得到/了/刺激/。)
1 0 0 1
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Abstract

Visual dialogue is a challenging task since
it needs to answer a series of coherent ques-
tions on the basis of understanding the vi-
sual environment. Previous studies focus
on the implicit exploration of multimodal co-
reference by implicitly attending to spatial
image features or object-level image features
but neglect the importance of locating the ob-
jects explicitly in the visual content, which
is associated with entities in the textual con-
tent. Therefore, in this paper we propose
a Multimodal Incremental Transformer with
Visual Grounding, named MITVG, which con-
sists of two key parts: visual grounding and
multimodal incremental transformer. Visual
grounding aims to explicitly locate related ob-
jects in the image guided by textual entities,
which helps the model exclude the visual con-
tent that does not need attention. On the ba-
sis of visual grounding, the multimodal incre-
mental transformer encodes the multi-turn dia-
logue history combined with visual scene step
by step according to the order of the dialogue
and then generates a contextually and visually
coherent response. Experimental results on
the VisDial v0.9 and v1.0 datasets demonstrate
the superiority of the proposed model, which
achieves comparable performance.

1 Introduction

Recently, there is increasing interest in vision-
language tasks, such as image caption (Xu et al.,
2015; Anderson et al., 2016, 2018; Cornia et al.,
2020) and visual question answering (Ren et al.,
2015a; Gao et al., 2015; Lu et al., 2016; Ander-
son et al., 2018). In the real world, our conver-
sations (Chen et al., 2020b, 2019) usually have
multiple turns. As an extension of conventional
single-turn visual question answering, Das et al.
(2017) introduce a multi-turn visual question an-
swering task named visual dialogue, which aims to

Q1: how many people ? 
Q2: is anyone holding a frisbee ?
Q3: is the coach on the right ?
Q4: are they wearing matching 
uniforms ?

Caption: there is a frisbee team with their 
coach taking a team photo 

A1: 7 people
A2: yes
A3: yes, on the far right 
A4: all except the coach

Figure 1: An example of visual dialogue. The color in
text background corresponds to the same color box in
the image, which indicates the same entity. Our model
firstly associates textual entities with objects explicitly
and then gives contextually and visually coherent an-
swers to contextual questions.

explore the ability of an AI agent to hold a mean-
ingful multi-turn dialogue with humans in natural
language about visual content.

Visual dialogue (Agarwal et al., 2020; Wang
et al., 2020; Qi et al., 2020; Murahari et al., 2020)
requires agents to give a response on the basis of
understanding both visual and textual content. One
of the key challenges in visual dialogue is how to
solve multimodal co-reference (Das et al., 2017;
Kottur et al., 2018). Therefore, some fusion-based
models (Das et al., 2017) are proposed to fuse spa-
tial image features and textual features in order to
obtain a joint representation. Then attention-based
models (Lu et al., 2017; Wu et al., 2018; Kottur
et al., 2018) are proposed to dynamically attend to
spatial image features in order to find related visual
content. Furthermore, models based on object-level
image features (Niu et al., 2019; Gan et al., 2019;
Chen et al., 2020a; Jiang et al., 2020a; Nguyen
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et al., 2020; Jiang et al., 2020b) are proposed to ef-
fectively leverage the visual content for multimodal
co-reference. However, as implicit exploration of
multimodal co-reference, these methods implic-
itly attend to spatial or object-level image features,
which is trained with the whole model and is in-
evitably distracted by unnecessary visual content.
Intuitively, specific mapping of objects and textual
entities can reduce the noise of attention. As shown
in Figure 1, the related objects can help the agent
to understand the entities (e.g., Q1: “people”, Q2:
“frisbee”, Q3: “coach”) for the generation of correct
answers. Then when it answers the question Q4
“are they wearing matching uniforms ?”, the agent
has already comprehended “people” and “coach”
from the previous conversation. On this basis, it
can learn the entity “uniforms” with the correspond-
ing object in the image, and generate the answer
“all except the coach”. To this end, we need to 1)
explicitly locate related objects guided by textual
entities to exclude undesired visual content, and 2)
incrementally model the multi-turn structure of the
dialogue to develop a unified representation com-
bining multi-turn utterances with the corresponding
related objects. However, previous work overlooks
these two important aspects.

In this paper, we thus propose a novel and ef-
fective Multimodal Incremental Transformer with
Visual Grounding, named MITVG, which contains
two key parts: visual grounding and multimodal
incremental transformer. Visual grounding aims
to establish specific mapping of objects and tex-
tual entities by explicitly locating related objects
in the image with the textual entities. By doing
so, our model can exclude undesired visual content
and reduce attention noise. On the basis of visual
grounding, the multimodal incremental transformer
is used to model the multi-turn dialogue history
combined with the specific visual content to gen-
erate visually and contextually coherent responses.
As an encoder-decoder framework, MITVG con-
tains a Multimodal Incremental Transformer En-
coder (MITE) and a Gated Cross-Attention De-
coder (GCAD).

We test the effectiveness of our proposed model
on large-scale datasets: VisDial v0.9 and v1.0 (Das
et al., 2017). Both automatic and manual evalu-
ations show that our model substantially outper-
forms the competitive baselines and achieves the
new state-of-the-art results on substantial metrics.
Our main contributions are as follows:

• To the best of our knowledge, we are the first
to leverage visual grounding to explicitly lo-
cate related objects in the image guided by
textual entities for visual dialogue.

• We propose a novel multimodal incremental
transformer to encode the multi-turn dialogue
history step by step combined with the visual
content and then generate a contextually and
visually coherent response.

• We achieve comparable performance on Vis-
Dial v0.9 and v1.0 datasets.

2 Approach

2.1 Overview

In this section, we formally describe the visual
dialogue task and then proceed to our proposed
Multimodal Incremental Transformer with Visual
Grounding (MITVG).

Following Das et al.(2017), a visual dia-
logue agent is given three inputs, i.e., an im-
age I , a dialogue history (the caption and
question-answer pairs) till round t − 1: H =
(Cap︸︷︷︸
H0

, (Q1, A1)︸ ︷︷ ︸
H1

, · · · , (Qt−1, At−1)︸ ︷︷ ︸
Ht−1

) and the cur-

rent question Qt at round t, where Cap is
the caption describing the image taken as H0

and H1, . . . ,Ht−1 are concatenations of question-
answer pairs. The goal of the visual dialogue agent
is to generate a response (or answer)At to the ques-
tion Qt. Cap, Q∗ and A∗ are sentences.

Figure 2 shows the framework of MITVG, which
aims to explicitly model multi-turn dialogue his-
tory step by step based on the explicit modeling
relationship between multiple modalities. MITVG
firstly locates related objects in the image explicitly
guided by the textual entities via visual ground-
ing, then encodes multi-turn dialogue history in
the order of the dialogue utterance based on visual
grounding via Multimodal Incremental Encoder
(MITE), and finally utilizes the outputs of both
encoder and visual grounding to generate the re-
sponse word by word via Gated Cross-Attention
Decoder (GCAD).

2.2 Input Representation

Before describing our method, we introduce the
input representation.

Image Features. We use a pre-trained Faster R-
CNN model (Ren et al., 2015b) to extract object-
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Figure 2: The framework of Multimodal Incremental Transformer with Visual Grounding (MITVG). “VG Model”
indicates visual grounding model (Yang et al., 2019b) (Details are described in Sec. 2.3). “MITE” denotes the
multimodal incremental transformer encoder (Details are described in Sec. 2.4.1). MITVG firstly uses the VG
model to explicitly model the relationship between the textual content and the visual content, and encodes multi-
turn dialogue history in the order of the dialogue based on visual grounding, and finally utilizes the outputs of both
encoder and visual grounding to generate the response word by word in the decoding process.

level image features. Specifically, the image fea-
tures v for an image I are represented by:

v = Faster R− CNN(I) ∈ RK×V , (1)

where K denotes the total number of the detected
objects per image and V denotes the dimension of
features for each object.

Language Features. The current (at the t-th
round) L-word question features are a sequence
of M -dimension word embedding with positional
encoding added (Vaswani et al., 2017), as follows:

qt = [st,1, st,2, . . . , st,L] ∈ RL×M , (2)

st,j = wj + PE(j), (3)

where wj is the word embedding of the j-th word
in the question Qt, and PE(·) denotes positional
encoding function (Vaswani et al., 2017). For the
dialogue history H = {H0, H1, . . . ,Ht−1} and
the answer At, the dialogue history features u =
{u0, u1, . . . , ut−1} and the answer features at are
obtained in the same way as the question Qt.

2.3 Visual Grounding
To exclude the needless visual content, we intro-
duce visual grounding, which is defined to ground
a natural language query (phrase or sentence) about
an image onto a correct region of the image. First
of all, we use NeuralCoref1 for reference resolu-
tion. For example, when it processes the question
Q4 “are they wearing matching uniforms ?” shown
in Figure 1, NeuralCoref takes the question Q4 and
its history as inputs, and then generates a new ques-
tion “are the people wearing matching uniforms
?” as a new Q4. As shown in Figure 3 (a), visual
grounding model (Yang et al., 2019b) takes the i-th
question Qi and the image I as inputs and gener-
ates initial visual grounding features, as follows:

v(0)gi = VGM(Qi, I), (4)

where VGM(·) denotes visual grounding model2.
Then v(0)gi is sent to the multi-head self-attention

1Introduction and code of NeuralCoref are available at
https://github.com/huggingface/neuralcoref. NeuralCoref is
only used for visual grounding.

2Introduction and code are available at
https://github.com/zyang-ur/onestage grounding.
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Figure 3: Framework of (a) Visual Grounding and
(b) Multimodal Incremental Transformer Encoder
(MITE).

layer followed by a position wise feed-forward net-
work (FFN) layer (stacked Nv times) to generate
the i-th visual grounding features as follows3:

v̂ngi = MultiHead
(
v(n−1)gi , v(n−1)gi , v(n−1)gi

)
, (5)

where n = 1, . . . , Nv and MultiHead(·) denotes
the multi-head self-attention layer (Vaswani et al.,
2017), then

v(n)gi = FFN
(
v̂ngi
)
, (6)

where n = 1, . . . , Nv and FFN(·) denotes the po-
sition wise feed-forward networks (Vaswani et al.,
2017). After Nv layers computation, we obtain the
final visual grounding features vgi by:

vgi = v(Nv)gi , (7)

Actually, there are some questions that do not con-
tain any entities in the visual dialogue, such as
“anything else ?”. For such questions, we use the
features of the whole image instead, i.e. vgi = v.

2.4 Multimodal Incremental Transformer
Inspired by the idea of incremental transformer (Li
et al., 2019) which is originally designed for the
single-modal dialogue task, we make an extension
and propose a multimodal incremental transformer,
which is composed of a Multimodal Incremental
Transformer Encoder (MITE) and a Gated Cross-
Attention Decoder (GCAD). The MITE uses an
incremental encoding scheme to encode multi-turn

3For simplicity, we omit the descriptions of layer normal-
ization and residual connection.

dialogue history with an understanding of the im-
age. The GCAD leverages the outputs from both
the encoder and visual grounding via the gated
cross-attention layer to fuse the two modal informa-
tion in order to generate a contextually and visually
coherent response word by word.

2.4.1 MITE
To effectively encode multi-turn utterances
grounded in visual content, we design the Mul-
timodal Incremental Transformer Encoder (MITE).
As shown in Figure 3 (b), at the i-th round, where
i = 1, 2, ..., t−1, the MITE takes the visual ground-
ing features vgi , the dialogue history features ui
and the context state ci−1 as inputs, and utilizes
attention mechanism to incrementally build up the
representation of the relevant dialogue history and
the associated image regions, and then outputs the
new context state ci. This process can be stated
recursively as follows:

ci = MITE (vgi , ui, ci−1) , (8)

where MITE(·) denotes the encoding function, ci
denotes the context state after the dialogue history
features ui and the visual grounding features vgi be-
ing encoded, and c0 is the dialogue history features
u0.

As shown in Figure 3 (b), we use a stack of Nh

identical layers to encode vgi , ui and ci−1, and to
generate ci. Each layer consists of four sub-layers.
The first sub-layer is a multi-head self-attention
for the dialogue history:

A(n) = MultiHead
(
C(n−1),C(n−1),C(n−1)

)
,

(9)
where n = 1, . . . , Nh, C(n−1) is the output of the
last layer Nn−1, and C(0) is the dialog history fea-
tures ui. The second sub-layer is a multi-head
cross-modal attention:

B(n) = MultiHead (An, vgi , vgi) , (10)

where vgi is the visual grounding features. The
third sub-layer is a multi-head history attention:

F(n) = MultiHead
(
B(n), ci−1, ci−1

)
, (11)

where ci−1 is the context state after the previous di-
alogue history features ui−1 being encoded. That’s
why we call this encoder “Multimodal Incremental
Transformer”. The fourth sub-layer is a position
wise feed-forward network (FFN):

C(n) = FFN
(
F(n)

)
. (12)
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We use ci to denote the final representation atNh-th
layer:

ci = C(Nh). (13)

The mulitmodal incremental transformer encoder
at the current turn t, i.e., the bottom one in Figure 2,
has the same structure as all the other MITEs but
takes the visual grounding features vgt , the current
question features qt and the context state ct−1 as
inputs and generates the final context state ct.

2.4.2 GCAD
Motivated by the real-world human cognitive pro-
cess, we design a Gated Cross-Attention Decoder
(GCAD) shown in Figure 2, which takes the
masked answer features a<z (where z = 1, 2, ..., Z
and Z is the length of the answer), encoder out-
puts ct and visual grounding features vgt as inputs,
and generates contextually and visually coherent
responses grounded in an image. GCAD is com-
posed of a stack of Ny identical layers, each of
which has three sub-layers.

The first sub-layer is a multi-head self-
attention as follows:

J(n) = MultiHead
(
R(n−1),R(n−1),R(n−1)

)
,

(14)
where n = 1, . . . , Ny, R(n−1) is the output of the
previous layer, and R(0) is the masked answer fea-
tures a<z .

The second sub-layer is a multi-head gated
cross-modal attention layer (GCA) as shown in
Figure 4, calculated as:

P(n) = α(n) ◦ E(n) + β(n) ◦G(n), (15)

where n = 1, . . . , Ny, ◦ denotes Hadamard prod-
uct, E(n) and G(n) denote the outputs of two cross-
attention functions, computed as follows:

E(n) = MultiHead
(
J(n), ct, ct

)
, (16)

G(n) = MultiHead
(
J(n), vgt , vgt

)
, (17)

where α(n), β(n) are two gates4:

α(n) = σ
(
WE [J

(n), E(n)] + bE

)
, (18)

β(n) = σ
(
WG[J

(n), G(n)] + bG

)
, (19)

where σ denotes sigmoid function, WE , WG, bE ,
bG are learnable parameters, and [·, ·] indicates con-
catenation.

4Our inspiration comes from Cornia et al. (2020).
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Figure 4: Framework of Gated Cross-Attention (GCA)
in the Deocer.

The third sub-layer is a position wise feed-
forward network (FFN):

R(n) = FFN
(
P(n)

)
. (20)

We use rz to denote the final representation at Ny-
th layer:

rz = R(Ny). (21)

Finally, we use softmax to get the word probabili-
ties âz:

âz = softmax(rz). (22)

3 Experiments

3.1 Datasets
We conduct experiments on the VisDial v0.9 and
v1.0 datasets (Das et al., 2017) to verify our ap-
proach. VisDial v0.9 contains 83k dialogs on
COCO-train (Lu et al., 2017) and 40k dialogs on
COCO-val images as test set, for a total of 1.23M
dialog question-answer pairs. VisDial v1.0 dateset
is an extension of VisDial v0.9 dateset with addi-
tional 10k COCO-like images from Flickr. VisDial
v1.0 dateset contains 123k, 2k and 8k images as
train, validation and test splits, respectively.

3.2 Implementation and Evaluation
Implementation Details. Following previous
work (Das et al., 2017), in order to represent words
we firstly lowercase all the texts and convert digits
to words, and then remove contractions before tok-
enization. The captions, questions and answers are
further truncated to ensure that they are not longer
than 40, 20 and 20 tokens, respectively. We con-
struct the vocabulary of tokens that appear at least
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Model Object Vis-G MRR ↑ R@1 ↑ R@5↑ R@10 ↑ Mean ↓
AP (Das et al., 2017) × × 37.35 23.55 48.52 53.23 26.50
NN (Das et al., 2017) × × 42.74 33.13 50.83 58.69 19.62
LF (Das et al., 2017) × × 51.99 41.83 61.78 67.59 17.07
HREA (Das et al., 2017) × × 52.42 42.28 62.33 68.71 16.79
MN (Das et al., 2017) × × 52.59 42.29 62.85 68.88 17.06
HCIAE (Lu et al., 2017) × × 53.86 44.06 63.55 69.24 16.01
CorefNMN (Kottur et al., 2018) × × 53.50 43.66 63.54 69.93 15.69
CoAtt (Wu et al., 2018) × × 55.78 46.10 65.69 71.74 14.43
RvA (Niu et al., 2019) X × 55.43 45.37 65.27 72.97 10.71
DVAN (Guo et al., 2019b) X × 55.94 46.58 65.50 71.25 14.79
VDBERT (Wang et al., 2020) X × 55.95 46.83 65.43 72.05 13.18
LTMI (Nguyen et al., 2020)† X × 55.85 46.07 65.97 72.44 14.17
DMRM (Chen et al., 2020a) X × 55.96 46.20 66.02 72.43 13.15

MITVG X X 56.83 47.14 67.19 73.72 11.95

Table 1: Performance on VisDial val v0.9 (Das et al., 2017). † indicates that we re-implement the model. “Object”
and “Vis-G” denote if the model uses object-level image features and visual grounding, respectively. Underline
denotes the highest score among baselines. Our MITVG exceeds previous work on most of the metrics and achieves
comparable performance.

Model Object Vis-G MRR ↑ R@1 ↑ R@5↑ R@10 ↑ Mean ↓ NDCG ↑
MN (Das et al., 2017)‡ X × 47.99 38.18 57.54 64.32 18.60 51.86
HCIAE (Lu et al., 2017)‡ X × 49.07 39.72 58.23 64.73 18.43 59.70
CoAtt (Wu et al., 2018)‡ X × 49.64 40.09 59.37 65.92 17.86 59.24
Primary (Guo et al., 2019a) X × 49.01 38.54 59.82 66.94 16.60 -
ReDAN (Gan et al., 2019) X × 50.02 40.27 59.93 66.78 17.40 60.47
DMRM (Chen et al., 2020a) X × 50.16 40.15 60.02 67.21 15.19 -
LTMI (Nguyen et al., 2020)† X × 50.38 40.30 60.72 68.44 15.73 61.61
DAM (Jiang et al., 2020b) X × 50.51 40.53 60.84 67.94 16.65 60.93
KBGN (Jiang et al., 2020a) X × 50.05 40.40 60.11 66.82 17.54 60.42

MITVG X X 51.14 41.03 61.25 68.49 14.37 61.47

Table 2: Performance on VisDial val v1.0 (Das et al., 2017). ‡ denotes that all the models are re-implemented by
Gan et al. (2019). Our MITVG outperforms previous work and achieves comparable performance.

5 times in the training split. To represent image
regions, we use Faster R-CNN (Ren et al., 2015b)
with ResNet-101 (He et al., 2016) finetuned on the
Visual Genome dataset (Krishna et al., 2017), thus
obtaining a 2048-dimensional feature vector for
each region. The layers of our encoder, decoder
and visual grounding module are all set to 3. The
number of attention heads in multi-head attention is
8 and the filter size is 2048. The word embedding
is shared by the history, questions and responses.
The dimension of word embedding is set to 512 em-
pirically. We use Adam (Kingma and Ba, 2014) for
optimization, following the learning rate schedul-
ing strategy of Vaswani et al. (2017). Our model
is implemented using PyTorch v1.0, Python v3.6,
and provides out of the box support with CUDA
9 and CuDNN 7. We train our model on TITAN
XP with 8 GPUs. For each epoch, we spend about
9,000 seconds on training the model. The total
parameters are about 56.79M.

Before we train our model, we use three exter-
nal tools for image features extracting, reference

resolution and visual grounding.

Image Features Extracting We extract im-
age features of VisDial images, using a Faster-
RCNN (Ren et al., 2015b) with ResNet-101 (He
et al., 2016) pre-trained on Visual Genome (Kr-
ishna et al., 2017), introduction and code
from https://github.com/peteanderson80/bottom-
up-attention.

Reference Resolution we use NeuralCoref v4.0
for reference resolution, which is developed by
huggingface. Introduction and code are available
at https://github.com/huggingface/neuralcoref.

Visual Grounding We use One-Stage Visual
Grounding Model (Yang et al., 2019b) to ob-
tain the visual grounding features. Introduction
and code are available at https://github.com/zyang-
ur/onestage grounding.

Automatic Evaluation. We use a retrieval set-
ting to evaluate individual responses at each round
of a dialogue, following Das et al. (2017). Specif-
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ically, at test time, apart from the image, ground
truth dialogue history and the question, a list of
100-candidate answers is also given. The model is
evaluated on retrieval metrics: (1) rank of human
response (Mean, the lower the better), (2) existence
of the human response in top−k ranked responses,
i.e., R@k (3) mean reciprocal rank (MRR) of the
human response (the higher the better) and (4) nor-
malized discounted cumulative gain (NDCG) for
VisDial v1.0 (the higher the better). During eval-
uation, we use the log-likelihood scores to rank
candidate answers.

Human Evaluation. We randomly extract 100
samples for human evaluation according to Wu et al.
(2018), and then ask 3 human subjects to guess
whether the last response in the dialogue is human-
generated or machine-generated. If at least 2 of
them agree it is generated by a human, we think it
passes the Truing Test (M1). In addition, we record
the percentage of responses that are evaluated better
than or equal to human responses (M2), according
to the human subjects’ evaluation.

3.3 Main Results

We compare our proposed model to the state-
of-the-art generative models developed in previ-
ous work. Current encoder-decoder based gen-
erative models can be divided into tree facets.
(1) Fusion-based models: LF (Das et al., 2017)
and HREA (Das et al., 2017) directly encode the
multimodal inputs and decode the answer. (2)
Attention-based models: HCIAE (Lu et al., 2017),
CoAtt (Wu et al., 2018), Primary (Guo et al.,
2019a), ReDAN (Gan et al., 2019), DVAN (Guo
et al., 2019b) and DMRM (Chen et al., 2020a),
DAM, LTMI, KBGN. (3) Visual co-reference res-
olution models: CorefNMN (Kottur et al., 2018),
RvA (Niu et al., 2019). (4) The pretraining model:
VDBERT (Wang et al., 2020).

As shown in Table 1 and Table 2, our MITVG,
which explicitly locates related objects guided by
the textual entities and implements a multimodal
incremental transformer to incrementally build the
representation of the dialogue history and the im-
age, achieves comparable performance on the Vis-
Dial v0.9 and v1.0 datasets. Specifically, our model
outperforms previous work by a significant margin
both on the VisDial v0.9 dataset (0.87 on MRR,
0.31 on R@1, 1.17 on R@5, 0.75 on R10) and the
VisDial v1.0 dataset (0.98 on MRR, 0.76 on R@1,
1.23 on R@5, 1.28 on R10, 0.82 on Mean, and

DMRM MITVG

Method 1 (M1) 0.62 0.76

Method 2 (M2) 0.59 0.70

Table 3: Human evaluation on 100 sampled responses
on VisDial val v1.0. M1: percentage of responses pass
the Turing Test. M2: percentage of responses evaluated
better than or equal to human responses.

1.00 on NDCG). The improvement of R@10 is the
largest and our method also gains a large increase
on MRR and R@1 due to the explicit modeling
of multiple modalities (Seeing Sec 3.5 for further
quantitative analysis).

As shown in Table 3, we conduct human study
to further prove the effectiveness of our model.
Our model achieves the highest scores both on the
metric M1 (0.76) and M2 (0.70) compared with
the previous model, DMRM (Chen et al., 2020a).
These results show that our model can generate a
better contextually and visually coherent response.

3.4 Ablation Study

We also conduct an ablation study to illustrate the
validity of our proposed Multimodal Incremental
Transformer with Visual Grounding. The results
are shown in Table 4.

We implement Multimodal Incremental Trans-
former without Visual Grounding (‘MITVG w/o
VG’) to verify the validity of visual grounding.
As shown in Table 4, comparing ‘MITVG w/o
VG’ with MITVG, we find the metrics decrease
obviously (0.46 on MRR, 0.60 on R@1, 0.68 on
R@5, 0.46 on R@10 and 0.59 on Mean) if visual
grounding is deleted from MITVG. This observa-
tion demonstrates the validity of visual grounding.

To verify the effectiveness of the incremental
transformer architecture, we implement a Multi-
modal Incremental LSTM without Visual Ground-
ing (‘MI-LSTM w/o VG’). A 3-layer bidirectional
LSTM (Schuster and Paliwal, 1997) with multi-
head attention and a 1-layer LSTM with GCA are
applied for encoder and decoder, respectively. All
the LSTM hidden state size is 512. Results in
Table 4 demonstrate the effectiveness of our incre-
mental transformer architecture (compare ‘MITVG
w/o VG’ with ‘MI-LSTM w/o VG’). Results from
the comparison between ‘MITVG w/o VG’ and
DMRM (Chen et al., 2020a) also show the validity
of our incremental transformer to some extent.
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Q1: how tall is the stack ?
GT: 3 suitcases             Ours: 3 suitcases 
Q2: what color are they ?
GT: blue and 2 red       Ours : blue and 2 red
Q3: what do you think they contain ?
GT: probably clothes   Ours: probably clothes

Caption: a stack of luggage below a framed photo
of a map

Q1: is the photo in color ?
GT: yes                  Ours: yes
Q2: how many giraffes ?
GT: more than 3    Ours: 3
Q3: is it daytime ?
GT: yes                  Ours: yes

Caption: several giraffes gather at an elevated 
platform to take food from zoo visitors

(𝑎) (𝑏)

Figure 5: Case study. The text marked in blue indicates the dialogue topic. The answers marked in green and red
indicate the right and wrong answers, respectively. Our MITVG often generates right responses (marked in green)
in keeping with human answers.

Model MRR R@1 R@5 R@10 Mean

DMRM 50.16 40.15 60.02 67.21 15.19

MITVG 51.14 41.03 61.25 68.49 14.37
MITVG w/o VG 50.68 40.43 60.57 68.03 14.96
MI-LSTM w/o VG 50.02 39.85 59.86 67.16 15.78

Table 4: Ablation study of our proposed model on Vis-
Dial val v1.0. “MI-LISM” indicates Multimodal Incre-
mental LSTM. “VG” indicates visual grounding.

Train Validation Test

VisDial v0.9 2.04 1.95 -

VisDial v1.0 2.05 1.93 1.93

Table 5: Average number of the grounded objects in
each question.

3.5 Case Study

As shown in Table 5, we calculate the average num-
ber of the objects associated with entities in each
question for assistant analysis. As shown in Fig-
ure 5 (a), owing to the explicit understanding of
visual content via visual grounding and the mul-
timodal incremental transformer architecture, our
MITVG generates responses in keeping with hu-
man answers. For example, while answering the
question Q1 ‘‘how tall is the stack ?” and Q2 “what
color are they ?”, our model grounds the three suit-
cases accurately via visual grounding, thus giving
the accurate responses “3 suitcases” and “blue and

2 red”. However, as shown in Figure 5 (b), for
questions Q2, MITVG gives a wrong answer be-
cause it focuses on wrong number of objects in the
question by visual grounding.

4 Related Work

Visual Dialogue. Our work touches two
branches of the research in visual dialogue. One
is how to leverage image features. Niu et al.
(2019) utilize object-level image features as visual
attention and refine it by recursively reviewing the
dialog history. Gan et al. (2019) and Chen et al.
(2020a) regard the object-level image features
as visual memory to infer answers progressively
through multiple steps. The other is how to model
dialogue history. Yang et al. (2019a) propose a new
training paradigm inspired by actor-critic policy
gradient (Sutton et al., 1999) for history-advantage
training. Guo et al. (2020) represent each turn
dialogue history with visual content as a node in
a context-aware graph neural network. Park et al.
(2020) refine history information from both topic
aggregation and context matching. Different from
these approaches, we explicitly establish specific
mapping of objects and textual entities to exclude
undesired visual content via visual grounding,
and model multi-turn structure of the dialogue
based on visual grounding to develop a unified
representation combining multi-turn utterances
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along with the relevant objects.

Incremental Structures. There are some suc-
cesses on introducing the incremental structure into
tasks related to dialog systems (Zilka and Jurcicek,
2015; Coman et al., 2019; Li et al., 2019; Das et al.,
2017). In particular, Coman et al. (2019) propose
an incremental dialog state tracker which is updated
on a token basis from incremental transcriptions.
Li et al. (2019) devise an incremental transformer
to encode multi-turn utterances along with knowl-
edge in related documents for document grounded
conversations. Das et al. (2017) propose a dialog-
RNN to produce an encoding for this round and a
state for next round. Our model is different from
these approaches mainly in two aspects: 1) we ex-
plicitly model the relationship between modalities,
i.e., textual utterance and image objects, in visual
dialogue through visual grounding; 2) based on the
explicit association between modalities, our model
incrementally encodes the dialogue history and the
image with well-designed incremental multimodal
architecture to sufficiently understand the dialogue
content, thus generating better responses.

5 Conclusion

We propose a novel Multimodal Incremental Trans-
former with Visual Grounding for visual dia-
logue, named MITVG, which consists of two key
parts: visual grounding and multimodal incremen-
tal transformer. Visual grounding aims to explicitly
model the relationship between multiple modalities.
Based on visual grounding, multimodal incremen-
tal transformer aims to explicitly model multi-turn
dialogue history in the order of the dialogue. Exper-
iments on the VisDial v0.9 and v1.0 datasets show
that our model achieves comparable performance.
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Abstract

Dialogue policy learning, a subtask that deter-
mines the content of system response genera-
tion and then the degree of task completion,
is essential for task-oriented dialogue systems.
However, the unbalanced distribution of sys-
tem actions in dialogue datasets often causes
difficulty in learning to generate desired ac-
tions and responses. In this paper, we pro-
pose a retrieve-and-memorize framework to
enhance the learning of system actions. Spe-
cially, we first design a neural context-aware
retrieval module to retrieve multiple candidate
system actions from the training set given a di-
alogue context. Then, we propose a memory-
augmented multi-decoder network to gener-
ate the system actions conditioned on the can-
didate actions, which allows the network to
adaptively select key information in the can-
didate actions and ignore noises. We conduct
experiments on the large-scale multi-domain
task-oriented dialogue dataset MultiWOZ 2.0
and MultiWOZ 2.1. Experimental results show
that our method achieves competitive perfor-
mance among several state-of-the-art models
in the context-to-response generation task.

1 Introduction

Task-oriented dialogue systems communicate with
users through natural language conversations to
accomplish a wide range of tasks such as restau-
rant and flight bookings. Recent years have seen a
rapid growth of interest in building task-oriented di-
alogue systems (Budzianowski et al., 2018). Such
systems are usually decomposed into several sub-
tasks, including natural language understanding
(Gupta et al., 2018), dialogue state tracking (Zhong
et al., 2018), system actions (dialogue policy) pre-
diction, and response generation (Wen et al., 2015;
Chen et al., 2019; Zhao et al., 2019), where sys-
tem actions can be viewed as a semantic plan of

∗Corresponding author

I can help you with that. What is your price range?

There are 4 that meet your criteria. Is there a price 
range you are interested in?

Can you give me more information about the 
type of hotel you would like ?

I need to book a hotel in the east that 
has 4 stars.

SystemUser

I need to book a hotel in the east that 
has 4 stars.

I need to book a hotel in the east that 
has 4 stars.

hotel-request-price

hotel-inform-choice 
hotel-request-price

hotel-request-type

system actions #1

system actions #2

system actions #3

Figure 1: An example of the one-to-many prop-
erty,where there are multiple appropriate system ac-
tions and responses given the same dialogue context.

response generation. One of the main challenges
for context-to-response generation in task-oriented
dialogue systems comes from the intrinsic one-
to-many property in conversations. As shown in
Figure 1, there can be multiple valid system ac-
tions for the same dialogue context, which means
that multiple satisfactory system responses can
be generated correspondingly. However, in most
collected dialogue datasets, each dialogue context
has only one reference, which leads to an unbal-
anced distribution of system actions and responses
in multi-domain dialogue datasets (Zhang et al.,
2020). Models trained on such unbalanced datasets
tend to overfit high-frequency system actions and
underfit low-frequency ones.

One line of work focuses on the representation
of system actions, which alleviates the unbalanced
problem to a certain extent. Chen et al. (2019) re-
construct system actions into a compact graph rep-
resentation. Zhao et al. (2019) treat system actions
as latent variables and use reinforcement learning
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to optimize them. Wang et al. (2020b) model sys-
tem actions prediction as a sequence generation
problem by treating system actions as a sequence
of tokens. On the other hand, Zhang et al. (2020)
explicitly modeling the one-to-many property to
enrich system action diversity through a rule-based
multi-action data augmentation. Specifically, they
treat system actions that follow the same dialogue
state as alternative valid actions and train them to-
gether with the reference system action. However,
their data augmentation framework has two short-
comings. First, it enforces a rigid mapping between
dialogue state and system actions. Dialogue state,
which consists of information such as belief state
and user actions, is not flexible enough to represent
the whole dialogue context and thus limits the di-
versity of the mapped system actions. Second, they
treat the mapped system actions as gold references
during training which may force the model to fit
noise in the mapped system actions and ultimately
hinder the quality of the generated system actions.

To address the above limitations, we propose to
model the one-to-many property more effectively
by retrieving multiple candidate system actions and
selectively taking the candidates into considera-
tion when generating system action. We design a
retrieve-and-memorize framework that consists of
a context-aware neural retrieval module (CARM)
and a memory-augmented multi-decoder network
(MAMD). Specifically, the context-aware retrieval
module uses a pre-trained language model to con-
vert the dialogue history as well as belief state into
a context representation of each sample. Multiple
candidate system actions are retrieved based on the
distances between the context vector and the rep-
resentations of other samples in the latent space.
These retrieved candidate actions are more diverse
and consistent with the dialogue context since they
are obtained based on a more holistic represen-
tation. Instead of treating the candidates impar-
tially with the gold references, we encode them
into a memory bank and the memory-augmented
multi-decoder network can dynamically attend to
the memory bank during system actions generation.
Additionally, we employ a random sampling mech-
anism where during training, the memory bank is
filled with randomly sampled system actions with a
probability, which allows the model to learn to dis-
tinguish the quality of the candidates and adaptively
adjust its dependence on the candidate actions.

We evaluate our model on MultiWOZ

(Budzianowski et al., 2018), a large-scale multi-
domain dataset for task-oriented dialogue systems.
Extensive experiments and analyses are conducted
to demonstrate the effectiveness of our model, and
the results show that it significantly outperforms
the baseline model. Our main contributions are
summarized as follows:

• We propose a context-aware retrieval module
that can retrieve multiple appropriate system
actions given a dialogue context.

• We propose a memory-augmented multi-
decoder network that can generate system ac-
tions based on multiple candidate actions.

• Our model outperforms several state-of-the-
art baselines on a large-scale multi-domain
dataset for task-oriented dialogue systems.

2 Related Work

One line of research focuses on the representation
of system actions. A typical approach to encod-
ing system actions is by concatenating the one-hot
representation at each level of actions into a flat vec-
tor (Wen et al., 2015; Budzianowski et al., 2018).
Such sparse representations make the learning of
system actions difficult. To overcome the sparsity
issue, Chen et al. (2019) compact the one-hot vector
representation based on the intrinsic hierarchical
structures of system actions, and apply hierarchi-
cal disentangled self-attention to generate system
response. Zhao et al. (2019) treat system actions
as latent variables and use reinforced learning (He
et al., 2016) to optimize them. Recently, Wang
et al. (2020b) propose a co-generation framework
to generate system actions and response sequen-
tially, which achieves a new state of the art in the
context-to-response task. Our proposed framework
adopts the idea of modeling belief state and system
actions (Wang et al., 2020b; Liang et al., 2020) as
sequences and generates the belief state, system
action, and response sequentially to make better
use of the intermediate supervision.

Another line of research uses data augmentation
to expand the training data. Gao et al. (2020) use
the paraphrase technique (Li et al., 2019; Wang
et al., 2019) to generate user utterances and then
expand the training set with the augmented user
utterances. Zhang et al. (2020) augment system
actions with a mapped dialogue state, which con-
sists of belief state, user action, turn domain, and
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database search result. Such mapping is rule-based
and requires user actions for the construction of dia-
logue state, which takes extra annotations. Both of
the above approaches treat the augmented samples
as equivalent to the gold ones, which may force
the model to fit noises in the augmented data. In
this paper, we focus on a better neural retrieval
method for the alternative system actions, and in-
stead of directly training on the augmented actions,
we encode them in a memory bank as auxiliary
information.

3 Methodology

To frame the problem of dialogue policy learning,
we useXt = {U1, .., Ut−1, Rt−1, Ut} to denote the
dialogue history at turn t of a multi-turn conversa-
tion, where Ui = u1u2, ...umi and Ri = r1r2...rni
are the i-th user utterance and system response, re-
spectively. Following previous works (Zhang et al.,
2020; Liang et al., 2020), we convert the belief
state and system actions from a list of triples to se-
quences. For example, the belief state “restaurant-
food-Chinese,restaurant-price-expansive” is con-
verted to “restaurant [food] Chinese [price] expan-
sive”, and the system actions “restaurant-inform-
price,restaurant-inform-phone” are converted to
“restaurant [inform] price phone”. We use Bt =
b1b2...bp and At = a1a2...aq to represent the cur-
rent belief state and system action, respectively.
Our goal is to generate system actions At and sys-
tem response Rt of turn t based on the dialogue
context Xt and belief state Bt.

We employ a retrieve-and-memorize framework
to generate the system response. First, we use a
context-aware retrieve module to retrieve multiple
proper candidate system actions from the training
set. Then, we encode the candidate actions into a
memory bank and propose a memory-augmented
module to enhance the action generation.

3.1 Context-Aware Retrieval Module

In order to retrieve alternative system actions that
are more comprehensive and context-aware, we uti-
lize the powerful pre-trained language model BERT
(Devlin et al., 2019) to obtain distributed represen-
tations of the dialogue context. We search in the
training corpus for system actions with similar dis-
tributed representations and retrieve them as alter-
native candidate actions. Concretely, we combine
the dialogue history Xt = {U1, .., Ut−1, Rt−1, Ut}

Context Encoder

Belief State Decoder

System Action 
Decoder

Response Decoder

푈�푅���

퐵���

퐵�

Memory
Encoder

DB�
퐴�, 퐴�, …, 퐴�

퐴�

푅�

푈�, 푅�, … , 푅���, 푈�

Retrieval
Model

Figure 2: An overview of the proposed model.

and belief state Bt as dialogue context and feed the
concatenated dialogue context into a pre-trained
BERT encoder:

H =BERT([CLS]⊕Bt ⊕ [SEP ]⊕Xt), (1)

where ⊕ is the concatenation operator, [CLS]
is a special token that precedes every input se-
quence of BERT, and [SEP ] is a special token
used to separate different parts of the input se-
quence. The BERT model encodes the input di-
alogue context into a sequence of hidden states
H = {hCLS , h1, ..., hL}. We use hCLS to rep-
resent the distributed representation of dialogue
context, since hCLS is expected to capture the in-
formation of the whole sequence. Then we use L2

distance to measure the similarity between the dis-
tributed representations of different dialog contexts:

L2(h
CLS
i , hCLSj ) = ||hCLSi − hCLSj ||2. (2)

Based on the L2 distance, k most similar dialogue
contexts are selected from the training set, and the
corresponding system actions constitute a candi-
date actions set {Ā1, Ā2, ..., Āk}.
Pre-training Task Directly applying hCLS from
BERT without fine-tuning or further pre-training
may not result in desired dialogue context represen-
tations that correlate well with system actions. A
good dialogue contextual representation should sat-
isfy the property that dialogue contexts with similar
semantics are close to each other in the represen-
tation space. Therefore, we further pre-train the
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BERT model with an actions prediction task:

p(y|Bt, Xt) = classifier(hCLS), (3)

where y ∈ RD is a one-hot label of system actions
(Chen et al., 2019), D is the dimension of the label
space, and classifier is a simple linear classifier.

3.2 Memory-Augmented Multi-Decoder
Network

We propose a memory-augmented multi-decoder
network that jointly generates belief state, system
actions, and system response while having access
to a memory bank when generating the system ac-
tion. Given the retrieved candidate system actions,
we encode these candidates into the memory bank
and enhance the generation of system actions by
querying the memory bank during decoding.
Encoding Module We use Bidirectional GRUs
(Chung et al., 2014) as our encoders. First, we en-
code the current user utterance, the previous system
response and the previous belief state separately
into hidden states:

Hu = Encoder(Ut),

Hpre r = Encoder(Rt−1),

Hpre b = Encoder(Bt−1),

(4)

Then, another encoder is used to encode the candi-
date system actions into memory bank:

Mt = EncoderM (Ā1 ⊕ Ā2 ⊕ ...⊕ Āk), (5)

where Mt = {m1, ...,mk}.
Belief State Generation The belief stateBt of turn
t is generated based on the current user utterance
Ut, previous system response Rt−1 and previous
belief state Bt−1. The generation of Bt at each
time step τ can be formulated as follows:

sτ = Attn(hτ−1, Hu, Hpre r, Hpre b),

cτ = [sτ ⊕ e(bτ−1)],
p(bτ |b1:τ−1), hτ = Decb(cτ , hτ−1, Hpre b),

(6)

whereAttn1 is an attention function, e(bτ−1) is the
embedding of the previous token, hτ−1 is the hid-
den state from the last decoding step, and h0 = 0.
Decb

1 is the belief state decoder augmented with
copy mechanism (Gu et al., 2016), which can copy
tokens from the previous belief state. p(bτ |b1:τ−1)
is a distribution over vocabulary. We use cross

1Please refer to the appendix for more details.
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Figure 3: Generation of system actions at time step τ .

entropy between ground truth and the output distri-
bution Lb(θ) as the loss of belief state generation.
We collect the hidden states Hb = {h0, h1, ..., hp}
of each step to feed them into the action decoder.
Memory-Augmented Action Generation As
shown in Figure 3, the system action At of turn
t is generated based on not only the dialog history
and the current belief state, but also the memory
bank which encodes the retrieved candidate system
actions. For the generation of At, at each time step,
we first compute the state sτ :

sτ = Attn(hτ−1, Hu, Hpre r, Hb). (7)

Then, we use the hidden state hτ−1 to query the
encoded candidate system actions memory Mt:

aiτ = tanh(W [hτ−1 ⊕mi]),

ατ = Softmax(aτ ),

vτ =
∑k

i=1
αiτmi,

(8)

where W are learnable parameters and vτ contains
information from the memory. Now we incorporate
vτ into the generation process:

cτ = [sτ ⊕ e(aτ−1)⊕ e(DBt)⊕ vτ ],

p(aτ |a1:τ−1), hτ = Deca(cτ , hτ−1, Hb),
(9)

where e(aτ−1) is the embedding of the previ-
ous token, e(DBt) is the embedding of the
database search result which indicates the num-
ber of matched entities. Deca is the action decoder
augmented with copy mechanism. The cross en-
tropy La(θ) between the output distribution and
ground truth is the loss of actions generation. We
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collect the hidden states Ha = {h0, h1, ..., hq} as
well to feed it into the system response decoder.
Random Sampling Though the retrieved candi-
date system actions are considered to be of high
quality and suitable given the dialogue context, we
would still like our model to avoid taking those
candidates for granted and developing excessive
dependence on them. To this end, during training,
the memory bank is filled with randomly sampled
system actions with a probability p, and retrieved
candidates with a probability (1− p). This allows
the model to learn to distinguish good candidates
from bad candidates.
Response Generation Lastly, we generate the sys-
tem response conditioned on the hidden states of
user utterance Hu, belief state Hb and system ac-
tions Ha with the response decoder Decr:

sτ = Attn(hτ−1, Hu, Hb, Ha),

cτ = [sτ ⊕ e(rτ−1)],
p(rτ |r1:τ−1), hτ = Decr(cτ , hτ−1, Hb),

(10)

The response generation loss Lr(θ) is the cross
entropy between the output and ground truth.
Objective Function The final objective function is
the sum of belief state loss, actions generation loss
and response generation loss:

L(θ) = Lb(θ) + La(θ) + Lr(θ) (11)

4 Experiments

4.1 Dataset and Metrics

We conduct our experiments primarily on Multi-
WOZ 2.0 (Budzianowski et al., 2018). It consists
of 8438 dialogues spanning several domains and
topics. Each of the test and validation sets con-
tains 1000 dialogues. As for automatic evaluation,
we use Inform Rate and Success Rate to evalu-
ate dialogue task completion. The former mea-
sures whether the system has provided a proper
entity and the latter measures whether it has an-
swered all the requested attributes (Budzianowski
et al., 2018). Besides, BLEU (Papineni et al., 2002)
is used to measure the fluency of generated re-
sponses. To measure the overall quality, we com-
pute a combined score by (Inform+Success)×0.5+
BLEU (Mehri et al., 2019).

4.2 Implementation Details

Our model is trained on a 12 GB Nvidia GeForce
RTX 2080 Ti with a batch size of 80. Our im-

plementation2 is based on PyTorch (Paszke et al.,
2019). We pre-trained the BERT model based on
the open-source library Transformers (Wolf et al.,
2020). The dimension of word embeddings is 50
and the hidden size is 100. We use one-layer Bidi-
rectional GRUs (Chung et al., 2014) as context
encoders and three GRUs augmented with copy
mechanism as decoders. The candidate actions are
encoded by another Bidirectional GRU. We use
Adam (Kingma and Ba, 2015) optimizer with a
learning rate of 0.007. We use greedy search to de-
code system actions and beam search with a beam
size of 5 to decode system responses. We use the
ground truth belief states for a fair comparison with
other baselines. We train our model for 60 epochs
and select the best model on the validation set, and
then evaluate it on the test set to get the final results.

4.3 Baselines

We compare our full model MAMD with several
baselines on MultiWOZ 2.0: SC-LSTM (Wen et al.,
2015), LaRL (Zhao et al., 2019), HDSA (Chen
et al., 2019) , DAMD (Zhang et al., 2020), PARG
(Gao et al., 2020), SimpleTOD (Hosseini-Asl et al.,
2020), MarCo (Wang et al., 2020b), UBAR (Yang
et al., 2020), HDNO (Wang et al., 2020a), LAVA
(Lubis et al., 2020). Especially, SC-LSTM and
HDSA treat system actions as one-hot vectors, and
LaRL, HDNO, LAVA treats them as latent vari-
ables. Besides, HDSA uses BERT to predict sys-
tem actions. DAMD, PARG, SimpleTOD, MarCo,
and UBAR treat belief state, system actions as
sequences and generate them along with system
response. Besides, DAMD (aug) means DAMD
using rule-based multi-action data augmentation
to augment the system actions. Similar to HDSA,
MarCo also uses BERT to predict system actions.

4.4 Overall Results

As shown in Table 1, our model significantly out-
performs the baseline model DAMD in Inform
Rate, Success Rate and especially Combined Score.
Besides, our model achieves the best performance
in Combined Score among all the baseline models.
We also observe that models that generate system
actions as a sequence generally have superior per-
formance, implying that sequence is a better rep-
resentation to model the inter-relationships among
dialogue actions than one-hot vectors. Besides, our

2https://github.com/yunhaoli1995/MAMD-TOD
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Model DA LM Inform Success BLEU Combined Score

SC-LSTM (Wen et al., 2015) % % 74.50 62.50 20.50 89.00
LaRL (Zhao et al., 2019) % % 82.80 79.20 12.80 94.10
SimpleTOD (Hosseini-Asl et al., 2020) % ! 88.90 67.10 16.90 94.90
HDSA (Chen et al., 2019) % ! 82.90 68.90 23.60 99.50
DAMD (Zhang et al., 2020) % % 89.50 75.80 18.30 100.90
DAMD (aug) (Zhang et al., 2020) ! % 89.20 77.90 18.60 102.15
PARG (Gao et al., 2020) ! % 91.10 78.90 18.80 103.80
MarCo (Wang et al., 2020b) % ! 92.30 78.60 20.02 105.47
UBAR (Yang et al., 2020) % ! 94.00 83.60 17.20 106.00
LAVA (Lubis et al., 2020) % % 97.50 94.80 12.10 108.25
HDNO (Wang et al., 2020a) % % 96.40 84.70 18.85 109.37
MAMD ! % 95.70 88.90 18.90 111.20

Table 1: Overall results on the MultiWOZ 2.0 dataset. DA indicates whether to use data augmentation, and LM
indicates whether to use pre-trained language models to predict system action.

Model Inform Success BLEU Score

SimpleTOD 85.10 73.50 16.22 95.52
HDSA 86.30 70.60 22.36 100.81
MarCo 92.50 77.80 19.54 104.69
UBAR 92.70 81.00 16.70 103.55
LAVA 96.39 83.57 14.02 104.00
HDNO 92.80 83.00 18.97 106.87
MAMD 94.20 86.20 18.80 109.00

Table 2: Overall results on the MultiWOZ 2.1 dataset.

model outperforms all the methods with data aug-
mentation, which shows the effectiveness of our
proposed retrieve-and-memorize framework.

We also evaluate our model on MultiWOZ 2.1
(Eric et al., 2020), an updated version of Multi-
WOZ 2.0. As shown in Table 11, the results are
consistent with that on MultiWOZ 2.0 in Table 1.

4.5 Performance Across Different Domains

We report the performance of our model on differ-
ent domains of MultiWOZ 2.0 and compare it with
DAMD and DAMD (aug). The results are shown
in Figure 4. From the bar chart, we can find that
our model achieves the best performance across all
domains. Besides, our model achieves significant
performance improvements in taxi and attraction
domains, which appear less frequently in the train-
ing data than other domains. Our MAMD narrows
the performance gaps among different domains.

4.6 Ablation Study

In this section, we conduct experiments to study
the contributions of the proposed context-aware
retrieval module and memory-augmented module.

Hotel Train Restaurant Attraction Taxi

95

100

105

110
DAMD
DAMD (aug)
MAMD

Figure 4: Results of our MAMD and DAMD in com-
bined scores across different domains. If a dialogue in-
volves more than one domain, it is counted into each.

As shown in Table 3, the first group is the base-
line directly trained on four types of augmented
data, where it treats the augmented actions as equiv-
alent to the golden ones. We observe that the perfor-
mance drops significantly if the augmented actions
are randomly selected, suggesting that the benefit
of such data augmentation is strongly subject to the
quality of the augmented data. Additionally, the
model trained with CARM outperforms the Rule,
which indicates the higher quality of our context-
aware retrieved candidates and the effectiveness
of the proposed CARM. What’s more, removing
the system actions prediction pre-training task in
CARM causes a performance drop, which demon-
strates the necessity to adjust the pre-trained model
and obtain more task-related representations.

The second group in Table 3 shows the results of
the model with the memory-augmented (MA) mod-
ule trained as well as evaluated with various aug-
mented data. First, with MA, our MAMD is much
more robust to random noise, only slightly under-
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Method Score ∆

Baseline 98.95 0
+ Random 91.65 -7.30
+ Rule 102.15 +3.20
+ CARM 106.65 +7.70
+ CARM w/o Pt 102.25 +3.30
+ Random + MA 98.10 -0.85
+ Rule + MA 106.75 +7.80
+ CARM + MA 108.70 +9.75
+ CARM + MA + RS 111.20 +12.25

Table 3: Results of ablation study. Baseline is MAMD
without the memory-augmentation component. Ran-
dom means randomly selected actions, Rule is the rule-
based augmentation proposed by DAMD, CARM is the
proposed context-aware retrieval module, and w/o Pt
means without pre-training before retrieval. MA is the
proposed memory-augmentation module, and RS is the
proposed random sampling technique.

performing the baseline. This is because, during
training, a model with MA can learn to ignore the
noises in the memory and pay less attention to the
memory during evaluation. Second, we see more
performance gains with MA from both rule-based
and context-aware retrieved candidates, which sug-
gests a model with MA can utilize the candidate
system actions more effectively. Last but not least,
with the random sampling mechanism, the perfor-
mance of our full model further improves.

4.7 Effect of Random Sampling

To further analyze the effect of random sampling,
we adjust the random sampling probability dur-
ing training from 0 (no random sampling and all
candidates are from CARM) to 1 (all candidates
are randomly sampled), and evaluate MAMD with
retrieved candidates and randomly sampled candi-
dates in the memory bank. As shown in Figure
5, the first thing to notice is that without random
sampling, i.e., the random sampling probability
p is set to 0, the performance of MAMD with
random candidate system actions drops drastically
to 66.40. This indicates MAMD trained with all
decent-quality candidates has developed excessive
dependence on the candidates and in a way treats
them as ground truth actions, which is what we try
to avoid by introducing random sampling. Once
we introduced random sampling, the performance
gap between MAMD evaluated with retrieved ac-
tions and random actions is significantly narrowed,
which suggests MAMD is capable of telling the
quality of the candidates in the memory bank.
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Figure 5: Results of our model trained with different
random sampling probabilities and evaluated with dif-
ferent type of candidate actions on the development set.
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Figure 6: Combined score of three models trained
with different numbers of candidate actions retrieved
by CARM on the development set, where MAMD (w/o
RS) means our model without random sampling and
DAMD (CARM) means DAMD trained with augmented
system actions retrieved by CARM.

4.8 Effect of the Number of Candidate
Actions

To analyze the effect of the number of candidate
actions on our proposed modules, we train three
model variations with different numbers of can-
didate actions retrieved by CARM. As shown in
Figure 6, we can see that both MAMD and MAMD
(w/o RS) achieve their best performances with 9
candidate actions. Additionally, both our mod-
els consistently outperform DAMD, which sug-
gests the effectiveness of the memory-augmented
module. What’s more, the performance of our full
model increases more steadily as the number of
candidate actions goes up, while without random
sampling, the performance of our model is much
more unstable across different numbers of candi-
date actions, which indicates that random sampling
can bring in some desirable regularization.
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Figure 7: Visualization of the attention from generated
system actions to candidate actions. The y-axis is gen-
erated system actions and the x-axis is candidate sys-
tem actions. At each decoding step, the generated sys-
tem actions selectively attend to the candidate actions.
(Dialogue ID:MUL0473)

Context:
Sys: I would recommend the cambridge museum of
technology, would you like any information about that?
User: Yes. What is the postcode and phone number?
DAMD:
[attraction] [recommend] postcode phone name type
[attraction] [inform] phone postcode
[attraction] [nooffer] type
......
CARM:
[attraction] [inform] phone postcode
[attraction] [inform] postcode phone [general] [reqmore]

Reference:
[attraction] [inform] postcode phone [general] [reqmore]

Table 4: Comparison of retrieved candidate system ac-
tions of DAMD and our CARM.

Context: ... User: Please book tickets and provide me
with the total cost of tickets and confirmation number.
DAMD:
The [value id] is [value price]. The train id is [value id].
Is there anything else I can help you with?
MAMD:
Booking was successful, the total fee is [value price]
payable at the station. Reference number is: [value
reference]. Is there anything else I can help you with?
Reference:
It has been booked! Your reference number is [value
reference]. The cost is [value price]. Do you need any-
thing else?

Table 5: An example of response generation of DAMD
and MAMD.

5 Visualization and Case Study

An illustrative example is shown in Figure 7, the
current user utterance is “I need a train departing
cambridge arriving by 20:30”. The action decoder
successfully attends to appropriate actions and ig-
nores the noisy ones like “[train] [inform] leave”,

MAMD vs. DAMD Win% Tie% Lose%
Completion 19.25% 66.54% 14.21%

Readability 3.13% 93.08% 3.79%

MAMD vs. Reference Win% Tie% Lose%
Completion 14.51% 56.11% 29.38%

Readability 2.85% 92.03% 5.11%

Table 6: Results of human evaluation on response qual-
ity. Reference means ground truth response. Win, Tie
and Lose respectively indicate the proportions that our
model wins over, ties with or loses to its counterpart.

as the leaving time has not provided by the user.
Table 4 shows an example of candidate sys-

tem actions that CARM appropriately retrieved
but DAMD failed. The user asks the system
to provide the postcode and phone number of
the attraction, while DAMD returns “[attrac-
tion][nooffer][type]”.

We also present an example of response gener-
ation in Table 5, where the user asks for the price
and reference number. DAMD manages to provide
the postcode but fails to provide the reference num-
ber, while our MAMD model successfully provides
both the postcode and the reference number.

6 Human Evaluation

Finally, we conduct a human study to evaluate our
model from the human perspective. We randomly
select 30 dialogue sessions (211 dialog turns in
total) from the test dataset and have 5 postgradu-
ates as judges to compare two groups of systems:
MAMD vs. DAMD and MAMD vs. Reference, in
terms of Readability and Completion (Wang et al.,
2020b). Completion measures whether a response
has correctly answered a user query, including rele-
vance and informativeness. Readability measures
the fluency and consistency of the response.

We report the human evaluation results in Table
6, from which we can observe that our model out-
performs DAMD and beats or ties with Reference
nearly 70% of the time in terms of Completion. In
Readability, our model ties more than 92% with
DAMD as well as Reference. This may suggest the
language of responses lacks diversity and is easy
to learn. Overall, our model is superior to DAMD
in human evaluation, which demonstrates its com-
petence in a more holistic evaluation other than
automatic metrics.
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7 Conclusion

In this paper, we proposed a retrieve-and-memorize
framework to deal with the unbalanced distribution
of system actions in task-oriented dialogue sys-
tems. Our framework includes a neural retrieval
module that can retrieve multiple candidate system
actions given a dialogue context, and a memory-
augmented multi-decoder network that can gener-
ate system actions conditioned on multiple candi-
date system actions. Extensive experiments were
conducted on a large-scale multi-domain task dia-
logue dataset and the results demonstrate the effec-
tiveness of our framework. In essence, the whole
framework, including its random sampling strategy,
can be viewed as an attempt to prevent the systems
from overfitting skewed dialogue datasets with an
unbalanced distribution of system actions.

Acknowledgments

The paper was supported by the National Natural
Science Foundation of China (No.61906217) and
the Program for Guangdong Introducing Innovative
and Entrepreneurial Teams (No.2017ZT07X355).

References

Paweł Budzianowski, Tsung-Hsien Wen, Bo-Hsiang
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A More Details of MAMD

A.1 Attention Function

In MAMD, we use an attention function Attn to
attend to three groups of hidden states. In this
study, Attn(h,Ha, Hb, Hc) is defined as:

ha = CatAttn(h,Ha),

hb = CatAttn(h,Hb),

hc = CatAttn(h,Hc),

Attn(h,Ha, Hb, Hc) = [ha ⊕ hb ⊕ hc],

(12)

where ⊕ is the concatenation operator and CatAttn
is a simple concat-attention defined as:

ai = tanh(W [h⊕Hi]),

αi = Softmax(a),

CatAttn(h,H) =
∑n

i=1
αiHi,

(13)

where W represents learnable parameters, H is the
sequence of encoded hidden states,3 and n is the
number of hidden states in H .

A.2 Decoder with Copy Mechanism

The decoder used to generate the belief state, sys-
tem action and response is a one-layer GRU aug-
mented with copy mechanism. Each step of the

3For example, the encoded hidden states of user utterance.
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generation in Dec(ct, ht−1, H) is defined as fol-
lows:

ht = GRU(ct, ht−1),

pvocab = Softmax(Wvht),

si = h>t tanh(WcHi),

pcopy = Softmax(s),

pfinal(w) = pvocab(w) +
∑

i:X(i)=w

picopy,

Dec(ct, ht−1, H) = pfinal, ht,

(14)

where Wv and Wc are learnable weights, and X is
the corresponding context of H.

B More implementation Details

B.1 Hyperparameters

In this section, we report the hyperparameter set-
ting in our model. For MAMD, we adopt the de-
fault hyperparameters in DAMD, as shown in Table
7. As for the learning rate, the number of candidate
actions, and the random sampling probability, we
apply grid search to find the best combination on
the development set. It takes about 10 hours to
train our model on a single 12 GB Nvidia GeForce
RTX 2080 Ti. As for CARM’s pre-training task,
the hyperparameter setting is shown in Table 8.

Parameter Values
batch size 80
learning rate 7e-3
embedding size 50
hidden size 100
dimension of db search result 6
encoder layers 1
decoder layers 1
epoch 60
candidate actions 9
random sampling probability 0.8
beam size 5
random seed 777

Table 7: Hyperparameter setting of MAMD.

B.2 Delexicalization Strategy

For delexicalization, we follow DAMD’s domain-
adaptive delexicalization strategy. Specially, we
use tokens such as [value name] to represent the
same slot name. In this case, the placeholders [ho-
tel name] and [restaurant name] will be converted
to [value name]. During the evaluation, we induce

Parameter Values
batch size 6
learning rate 5e-5
epoch 20
random seed 42
max sequence length 400
warmup proportion 0.1

Table 8: Hyperparameter setting of CARM.

the domain of a placeholder from the transition be-
tween two adjacent belief states and the generated
system actions of the current dialog turn.4

B.3 Post-Processing of Candidate Action
Retrieval

As for candidate action retrieval, we retrieve 50
candidate actions for each sample. Then, we apply
post-processing to clean the candidate actions:

• Duplicated actions are merged. For example,
the system actions “[attraction] [inform] post-
code phone [general] [reqmore]” and “[attrac-
tion] [inform] postcode phone [general] [req-
more]” will be combined into “[attraction] [in-
form] postcode phone [general] [reqmore]”.

• Null system actions are removed.

• System actions with different database query
results are filtered out.

• System actions that conflict with current be-
lief are filtered, e.g., requesting a slot that is
already included in belief states.

C Dataset Details

We provide more information about the MultiWOZ
2.0 dataset. The training set contains 8438 dialogs,
115,424 turns, and 1,520,970 tokens. The aver-
age number of turns per dialog is 13.68, and the
average number of tokens per turn is 13.18. The
number of slots and values are 25 and 4510, respec-
tively. The ontology is shown in Table 9. We also
count the numbers of system actions across differ-
ent domains. As shown in Figure 8, the numbers
of system actions in attraction and taxi are smaller
than the other domains, showing the unbalanced
distribution of system actions at the domain level.

4For more details, please refer to the source code.
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act
type

inform∗ / request∗ / nooffer1234 /
recommend123 / select1234 / offerbook124 /
offerbooked124 / nobook12 / bye∗ / greet∗ /

reqmore∗ / welcome∗

slot
car5 / address12367 / postcode12367 /

phone123567 / internet2 / parking2 / type23 /
pricerange12 / food1 / stars2 / area123 /

reference1234 / time14 /
leave45 / price45 / arrive45 / id4 /

stay2 / day124 / leave45 / people123 / name123 /
destination45 / departure45 / department6

Table 9: Ontology for all domains. The upper script
indicates which domains it belongs to (∗: universal, 1:
restaurant, 2: hotel, 3: attraction, 4: train, 5: taxi, 6:
hospital, 7: policy).

Hotel

27.34%
Train

23.95%

Restaurant

26.69%

Attraction

15.55%
Taxi6.47%

Figure 8: Statistics of system actions across different
domains of MultiWOZ 2.0.

Dateset Inform Success BLEU Score

Development 96.60 90.70 18.70 112.35
Test 95.70 88.90 18.90 111.20

Table 10: Overall results on the MultiWOZ 2.0 dataset.

Dateset Inform Success BLEU Score

Development 94.90 87.70 18.60 109.90
Test 94.20 86.20 18.80 109.00

Table 11: Overall results on the MultiWOZ 2.1 dataset.

D More Analyses and Discussions

D.1 Results on Development and Test Sets

We report the results of MAMD on the develop-
ment and test sets of MultiWOZ 2.0 and Multi-
WOZ 2.1. As shown in Table 10 and Table 11, the
results on the development set are generally consis-

tent with that on the test set on both benchmarks.

D.2 Distribution of Generated System
Actions

To further analyze the influence of our model on
the generation of system actions, we count the ap-
pearance of generated actions. Recall that each
dimension of the actions stands for either domain,
function or slot, where domain defines the domain
involved in the conversation, and function defines
the behavior of system such as informing the user
or request certain information. Here we only count
the first two dimensions of the actions because the
third dimension appears to be less important.

As shown in Figure 9, the distribution of sys-
tem actions generated by DAMD is proportional
to the original distribution in the dataset, and
DAMD tends to generate fewer actions than the
original distribution. After applying their rule-
based multi-action data augmentation, DAMD
(aug) can generate more diverse system actions
compared with DAMD. Compared with DAMD
(aug), MAMD generates more actions. More im-
portantly, MAMD generates more important ac-
tions such as “attraction-inform” and “taxi-inform”
which are more relevant to task completion, while
DAMD (aug) tends to generate less useful actions
such as “general-require” and “general-greet”. This
phenomenon indicates that the memory-augmented
mechanism provides some guidance to our model
during system action learning. To sum up, our pro-
posed model can generate more diverse and valu-
able actions, which demonstrates the effectiveness
of our proposed memory-augmented mechanism.
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Figure 9: Statistics of generated system actions by DAMD, DAMD (aug) and MAMD, and comparison with
reference actions.

459



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 460–470
August 1–6, 2021. ©2021 Association for Computational Linguistics

Adapt-and-Distill: Developing Small, Fast and Effective
Pretrained Language Models for Domains

Yunzhi Yao†∗, Shaohan Huang‡, Wenhui Wang‡, Li Dong‡, Furu Wei‡
†Shandong University, Jinan, China
‡Microsoft Research, Beijing, China

yyz@mail.sdu.edu.cn
{shaohanh,wenhui.wang,lidong1,fuwei}@microsoft.com

Abstract

Large pretrained models have achieved great
success in many natural language processing
tasks. However, when they are applied in spe-
cific domains, these models suffer from do-
main shift and bring challenges in fine-tuning
and online serving for latency and capacity
constraints. In this paper, we present a gen-
eral approach to developing small, fast and
effective pretrained models for specific do-
mains. This is achieved by adapting the off-
the-shelf general pretrained models and per-
forming task-agnostic knowledge distillation
in target domains. Specifically, we propose
domain-specific vocabulary expansion in the
adaptation stage and employ corpus level oc-
currence probability to choose the size of in-
cremental vocabulary automatically. Then we
systematically explore different strategies to
compress the large pretrained models for spe-
cific domains. We conduct our experiments
in the biomedical and computer science do-
main. The experimental results demonstrate
that our approach achieves better performance
over the BERTBASE model in domain-specific
tasks while 3.3× smaller and 5.1× faster than
BERTBASE. The code and pretrained models
are available at https://aka.ms/adalm.

1 Introduction

Pre-trained language models, such as GPT (Rad-
ford et al., 2018), BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019) and UniLM (Dong
et al., 2019) have achieved impressive success in
many natural language processing tasks. These
models usually have hundreds of millions of param-
eters. They are pre-trained on a large corpus of gen-
eral domain and fine-tuned on target domain tasks.
However, it is not optimal to deploy these models
directly to edge devices in specific domains. First,
heavy model size and high latency makes it difficult

∗Contribution during internship at Microsoft Research.

(b) Distill-then-Adapt(a) From scratch

Domain Corpus

(c) Adapt-then-Distill (d) Adapt-and-Distill

Figure 1: The four alternatives when distilling BERT
into specific domains. All strategies are task-agnostic.

to deploy on resource-limited edge devices such as
mobile phone. Second, directly fine-tuning a gen-
eral pre-trained model on a domain-specific task
may not be optimal when the target domain varies
substantially from the general domain. Thirdly,
many specialized domains contain their own spe-
cific terms, which are not included in pre-trained
language model vocabulary.

In this paper, we introduce AdaLM, a framework
that aims to develop small, fast and effective pre-
trained language models for specific domains. To
address domain shift problem, recent studies (Lee
et al., 2020; Gururangan et al., 2020) conduct con-
tinual pre-training to adapt a general domain pre-
trained model to specific domains. However, spe-
cific domains contain many common in-domain
terms, which may be divided into bite-sized pieces
(e.g., lymphoma is tokenized into [l, ##ym, ##ph,
##oma]). Gu et al.(2020) mentions that domain-
specific vocabularies play a vital role in domain
adaptation of pre-trained models. Specifically, we
propose a domain-specific vocabulary expansion
in the adaptation stage, which augments in-domain
terms or subword units automatically given in-
domain text. Also, it is critical to decide the size of
incremental vocabulary. Motivated by subword reg-
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ularization (Kudo, 2018), AdaLM introduces a cor-
pus occurrence probability as a metric to optimize
the size of incremental vocabulary automatically.

We systematically explore different strategies
to compress general BERT models to specific do-
mains (Figure 1): (a) From scratch: pre-training
domain-specific small model from scratch with do-
main corpus; (b) Distill-then-Adapt: first distill-
ing large model into small model, then adapting it
into a specific domain; (c) Adapt-then-Distill: first
adapting BERT into a specific domain, then distill-
ing model into small size; (d) Adapt-and-Distill:
adapting both the large and small models, then dis-
tilling with these two models initializing the teacher
and student models respectively.

We conduct experiments in both biomedical and
computer science domain and fine-tune the domain-
specific small models on different downstream
tasks. Experiments demonstrate that Adapt-and-
Distill achieves state-of-the-art results for domain-
specific tasks. Specifically, the 6-layer model of
384 hidden dimensions outperforms the BERTBASE
model while 3.3× smaller and 5.1× faster than
BERTBASE.

2 Related Work

Domain adaptation of pre-trained model
Most previous work on the domain-adaptation
of pre-trained models targets large models. Lee
et al. (2020) conduct continual pre-training to
adapt the BERT model to the biomedical domain
using the PubMed abstracts and the PMC full text.
Gururangan et al. (2020) also employ continual
pre-training to adapt pre-trained models into
different domains including biomedical, computer
science and news. However, many specialized
domains contain their own specific words that
are not included in pre-trained language model
vocabulary. Gu et al.(2020) propose a biomedical
pre-trained model PubMedBERT, where the
vocabulary was created from scratch and the
model is pre-trained from scratch. Furthermore, in
many specialized domains, large enough corpora
may not be available to support pre-training
from scratch. Zhang et al. (2020) and Tai et al.
(2020) extend the open-domain vocabulary with
top frequent in-domain words to resolve this
out-of-vocabulary issue. This approach ignores
domain-specific sub-word units (e.g., blasto-,
germin- in biomedical domain). These subword
units help generalize domain knowledge and avoid

unseen words.

Task-agnostic knowledge distillation In recent
years, tremendous progress has been made in
model compression (Cheng et al., 2017). Knowl-
edge distillation has proven to be a promising way
to compress large models while maintaining ac-
curacy (Sanh et al., 2019; Jiao et al., 2020; Sun
et al., 2020; Wang et al., 2020). In this paper, we
focus on task-agnostic knowledge distillation ap-
proaches, where a distilled small pre-trained model
can be directly fine-tuned on downstream tasks.
DistilBERT (Sanh et al., 2019) employs the soft
label and embedding outputs to supervise the stu-
dent. TinyBERT (Jiao et al., 2020) and Mobile-
BERT (Sun et al., 2020) introduce self-attention
distributions and hidden states to train the student
model. MiniLM (Wang et al., 2020) avoids restric-
tions on the number of student layers and employs
the self-attention distributions and value relation
of the teacher’s last transformer layer to supervise
the student model. Because this method is more
flexible, we implement MiniLM to compress large
models in this work. No previous work system-
atically explores different strategies to achieve an
effective and efficient smaller model in specific
domains.

3 Methods

3.1 Overview

We systematically explore different strategies to
achieve an effective and efficient small model in
specific domains. We summarize them into four
strategies: from scratch, distill-then-adapt, adapt-
then-distill and adapt-and-distill.

Pretrain-from-scratch Domain-specific
pretraining from scratch employs a random
initialization of a pretrained model and pretrains a
small model directly on domain-specific corpus.
In this work, we conduct pretraining from scratch
on different vocabularies including BERT original
vocabulary, from scratch vocabulary, and expanded
vocabulary.

Distill-then-adapt These approaches first distill
the large general pretrained model which pretrained
on Wikipedia and BookCorpus. Then it continues
the pretraining process using a domain-specific cor-
pus. In this work, we first distill the BERT model
into a small model using task-agnostic knowledge
distillation in MiniLM (Wang et al., 2020). Then
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we initialize the small model with it and conduct
continual training with both the BERT original vo-
cabulary and the expanded vocabulary.

Adapt-then-distill In this work, we select differ-
ent large models as teacher models such as BERT
and large models with different vocabularies. We
first adapt these models into domain-specific mod-
els and then implement MiniLM to compress them
to small models.

Adapt-and-distill In the previous part, when do-
ing knowledge distill, we initialized the student
model randomly. In order to get a better domain-
specific small model, we try to explore the impact
of the initialization of the student model. In this
part, we adapt large and small models into spe-
cific domains separately, then use these two models
to initialize the teacher and student model respec-
tively.

3.2 Domain Adaptation
AdaLM contains a simple yet effective domain
adaptation framework for a pretrained language
model. As shown in Figure 2, it takes a general pre-
trained language model, original vocabulary and a
domain specific corpus as input. Through vocabu-
lary expansion and continual pretraining, AdaLM
adapts general models into specific domains.

The core pipeline of domain adaptation consists
of the three steps described below:

1. Given original vocabulary and a domain-
specific corpus, the vocabulary expansion
module aims to augment original vocabulary
with domain-specific subword units or terms.
We augment domain-specific vocabulary from
the target domain, while keeping the original
BERT vocabulary unchanged. We describe
them in more detail in Section 3.3.

2. Due to the size of the vocabulary having
changed, we cannot initialize our model with
BERT directly. As illustrated in Figure 3, we
initialize the original embedding and Trans-
former encoder with weights from BERT (the
green part in Figure 3). For incremental vocab-
ulary, we first tokenize them into sub-words
with the original vocabulary and then use an
average pooling of their own sub-words em-
bedding to initialize. As shown in Figure 3,
the word ‘lymphoma’ is not included in BERT
vocabulary. We tokenize it into three sub-
words (lym, ##pho, ##ma). The embedding

General BERT Original Vocab Domain Corpus

Vocabulary Expansion

Expanded 

Vocab

Continual Pre-training

Model Initial Data Preprocessing

Figure 2: The pipeline of domain adaptation. Here we
adapt the BERT model into the biomedical domain with
PubMed dataset.

vector of ‘lymphoma’ is initialized by the av-
erage embedding vector of ‘lym’, ‘##pho’and
‘##ma’.

3. After model initialization and data prepro-
cessing, we continually pretrain our model
with domain-specific corpus using masked
language model loss. Following BERT, we
randomly replace 15% of tokens by a special
token (e.g., [MASK]) and ask the language
model to predict them in continual pretrain-
ing.

3.3 Vocabulary Expansion
Vocabulary expansion is the core module of
AdaLM. It augments domain-specific terms or sub-
word units to leverage domain knowledge. The
size of the incremental vocabulary is a vital param-
eter for vocabulary expansion. Considering that
unigram language modeling (Kudo, 2018) aligns
more closely with morphology and avoids prob-
lems stemming from BPE’s greedy construction
procedure, as proposed in (Bostrom and Durrett,
2020), we followed Kudo (2018) and introduced a
corpus occurrence probability as a metric to opti-
mize the size of incremental vocabulary automati-
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Transformer Encoder

Original Embedding

[30522 × 768]

Expanded Embedding

[29709 × 768]

Initial from Original BERT

recently

3728

3728     30735     9178      2764      2856 

lymphoma

30735

developed

2764

entity

9178

quickly 

2856

recently lymphoma entity developed quickly

Figure 3: Concatenate original embedding with ex-
panded embedding.

cally. We assume that each subword occurs inde-
pendently and we assign to each subword in the
corpus a probability equal to its frequency in the
corpus.

∀i xi ∈ V,
∑

xi∈V
p(xi) = 1, (1)

where V is a pre-determined vocabulary. The prob-
ability of a subword sequence x = (x1, . . . , xM )
can be computed by the product of the subword
appearance probabilities p(xi). We convert it to
logarithmic form:

P (x) =
M∑

i=1

log(p(xi)), (2)

Given a domain-specific corpus D, the occur-
rence probability of corpus D is formulated as:

P (D) =

|D|∑

x

log(P (x)), (3)

where x represents tokenized sentence in corpus
D.

We sample 550k sentences from the PubMed cor-
pus and compute the occurrence probability P (D)
with different vocabulary sizes. The results are
shown in Figure 4. We compare the occurrence
probability with BERT and PubMedBERT vocabu-
laries. We observe that P (D) reveals a logarithmic
trend with substantial increases at the beginning
and little influence after vocabulary size of 70k in
the biomedical domain. The PubMedBERT vocab-
ulary performs similarly to the 40k size vocabulary.
We present the occurrence probability of different
vocabulary sizes in Appendix A.

-260

-250

-240

-230

-220

-210

-200

30 40 50 60 70 80 90 100

incre vocab

PubMedBERT vocabBERT vocab

Figure 4: The P (D) of different vocab sizes under
biomedical domain. We use the BERT’s vocabulary as
the 30k vocabulary without vocabulary expanding. The
PubMedBERT vocabulary is also 30k.

We propose a simple method to decide the size of
the incremental vocabulary. Assume the probability
at the time step i − 1 is Pi−1(D) and at the time
step i is Pi(D). If the rise Pi(D)−Pi−1(D)

Pi−1(D) is lower
than a threshold δ, we regard the vocabulary size
at the time step i as the final size.

Algorithm 1: Vocabulary Expansion
Input: Original vocabulary raw vocab,

domain corpora D, threshold δ and
vocabulary size step V∆

Output: vocabfinal
token count← whitespace split from D;
P0 ← computed from raw vocab;
V0 ← |raw vocab|;
do

vocabulary size Vi ← Vi−1 + V∆;
sub count← split token to subwords;
Sort sub count by frequency;
incr vocab←keep (Vi−V0) subwords;
vocabi ← raw vocab+ incr vocab;
Pi ← computed from vocabi

while Pi−Pi−1

Pi−1
> δ;

return vocabfinal ← vocabi ;

We expand the domain-specific vocabulary with
the process shown in Algorithm 1. We implement
our vocabulary expansion algorithm referring to
SubwordTextBuilder in tensor2tensor1. In experi-
ments, we set the threshold δ as 1% and vocabulary
size step V∆ as 10k. Finally, we obtain the ex-
panded vocabulary size of biomedical as 60k and
computer science domain as 50k.

1https://github.com/tensorflow/tensor2tensor
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4 Experiment Details

We conduct our experiments in two domains:
biomedical and computer science.

4.1 Datasets

Domain corpus: For the biomedical domain, we
collect a 16GB corpus from PubMed2 abstracts to
adapt our model. We use the latest collection and
pre-process the corpora with the same process as
PubMedBERT (we omit any abstracts with less
than 128 words to reduce noise.).

For the computer science domain, we use the
abstracts text from the arXiv3 Dataset. We select
abstracts in computer science categories, collecting
300M entries for the corpus.

Fine-tuning tasks: For the biomedical domain,
we choose three tasks: named entity recognition
(NER), evidence-based medical information ex-
traction (PICO), and relation extraction (RE). We
perform entity-level F1 in NER task and word-
level macro-F1 in the PICO task. The RE task
uses the micro-F1 of positive classes evaluation.
JNLPBA (Collier and Kim, 2004) NER dataset con-
tains 6,892 disease mentions, which are mapped
to 790 unique disease concepts with BIO tagging
(Ramshaw and Marcus, 1995). EBM PICO (Nye
et al., 2018) datasets annotates text spans with
four tags: Participants, Intervention, Comparator
and Outcome. ChemProt (Krallinger et al., 2017)
dataset consists of five interactions between chem-
ical and protein entities. We list the statistics of
those tasks in Table 1.

We fine-tune two downstream tasks in the com-
puter science domain. They are both classification
tasks. The ACL-ARC (Jurgens et al., 2018) dataset
mainly focuses on analyzing how scientific works
frame their contributions through different types
of citations. SCIERC (Luan et al., 2018) dataset
includes annotations for scientific entities, their re-
lations, and coreference clusters. The statistics are
available in Table 2.

4.2 Implementation

We use the uncased version of BERTBASE (12 lay-
ers, 768 hidden size) as the large model and the
MiniLM (6 layers, 384 hidden size) as the small
model.

2https://pubmed.ncbi.nlm.nih.gov/
3https://www.kaggle.com/Cornell-University/arxiv
4https://microsoft.github.io/BLURB/

Dataset Train Dev Test
JNLPBA 46,750 4551 8,662
EBM PICO 339,167 85321 16,364
ChemProt 18,035 11268 15,745

Table 1: Biomedical dataset used in our experiment.
All selected from BLURB4

Dataset Train Task Test Classes
ACL-ARC 1,688 114 139 6
SCIERC 3,219 455 974 7

Table 2: Computer science dataset used in our exper-
iment. We use the same train, development, and test
splits as Gururangan et al. (2020)

To adapt the large model, we set the batch size
at 8192 and the training step at 30,000. The peak
learning rate was set to 6e-4. To adapt the small
model, we set the batch size as 256 and the training
step as 200,000. The learning rate is set to 1e-4.
The maximum length of the input sequence was
512 and the token masking probability was 15%
for both the large model and the small model.

We implement MiniLM to compress large mod-
els and follow the setting of MiniLM, where the
batch size was set to 256 and peak learning rate as
4e-4. We set the training step as 200,000.

For biomedical tasks, we follow the setting of
PubMedBERT (Gu et al., 2020) to fine-tune these
three tasks. For computer science tasks, we use
the same setting as Gururangan et al. (2020). The
concrete parameters are shown in Appendix B.

5 Results

The results of the tasks are shown in the Table 3
and 4. We structure our evaluation by stepping
through each of our three findings:

(1) Domain-specific vocabulary plays a signifi-
cant role in domain-specific tasks and expanding
vocabulary with the general vocabulary is better
than just using domain-specific vocabulary.

We observe improved results via the expanded
vocabulary with both the large and small models.
For large model, AdaLM achieves the best results
under each domain, where 77.74 on biomedical
domain tasks, beating BioBERT and PubMedBERT
and 77.76 on the computer science domain tasks.

For small models, in the biomedical domain,
whether we train from scratch or distill-then-adapt
with small models, incremental vocabulary mod-
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Config Type Model Teacher JNLPBA PICO Chemprot Average

L=12; d=786 Large model

BERT† - 78.63 72.34 71.86 74.28
BioBERT† - 79.35 73.18 76.14 76.22
PubMedBERT† - 80.06 73.38 77.24 76.89
AdaLM♦ - 79.46 75.47 78.41 77.74

L=6; d=384

Small model MiniLM - 77.44 71.69 68.08 72.40

From scratch
BERT vocab (a) - 77.89 72.97 70.21 73.69
PubMed vocab (b) - 77.82 73.82 70.32 73.99
AdaLM vocab (c) - 77.80 73.39 70.86 74.02

Distill-then-Adapt
BERT vocab (d) - 78.63 74.00 72.28 74.97
PubMed vocab (e) - 78.36 73.91 71.33 74.53
AdaLM vocab (f) - 78.77 74.23 72.29 75.10

Adapt-then-Distill
Random initial (g) BERT 77.98 72.38 68.86 73.07
Random initial (h) PubMedBERT 78.78 74.20 70.89 74.62
Random initial (i) AdaLM♦ 78.98 74.78 71.51 75.09

Adapt-and-Distill Model (f) initial (j) AdaLM♦ 79.04 74.91 72.06 75.34

Table 3: Comparison between different strategies on biomedical tasks. The AdaLM♦ means we just adapt the
large model without distillation. Scores of the methods marked with † are taken from (Gu et al., 2020). Underlined
data marks the small models whose performances surpass the BERT model’s performance. L and d indicate the
number of layers and the hidden dimension of the model.

els always perform better than the general vocabu-
lary or just the domain-specific vocabulary. (When
distill-then-adapt with the PubMed vocabulary, we
initialize the word embedding in the same way as
mentioned in Section 3.2). In addition, with distill-
then-adapt, the model (f) (75.10) can surpass the
BERT model (74.28).

In the computer science domain, distill-then-
adapt models with incremental vocabulary also
show great performance. Model (d) achieves a
comparable result of 72.91 as BERT and outper-
forms BERT in the ACL-ARC datasets with 65.93
(+1.01 F1). We also observe that when training
from scratch, the results of Model (b) with incre-
mental vocabulary are lower (1.45 lower) than that
of model (a). This may be because after vocabu-
lary expansion, a from-scratch model needs to be
pretrained with more unlabeled data.

(2) Continual pretraining on domain-specific
texts from general language models is better than
pretraining from scratch.

Gu et al. (2020) finds that for domains with abun-
dant unlabeled texts, pretraining language models
from scratch outperforms continual pretraining of
general-domain language models. However, in our
experiments, we find that general-domains model
can help our model to learn the target domain better.
In the biomedical domain, we use MiniLM model
to initialize the model (d), (e) and (f) in distill-then-
adapt setting. No matter which vocabulary is used,
continual pretraining on domain-specific texts from

general language models is better than pretraining
from scratch. For AdaLM vocabulary, the model
(f) gets 75.10, outperforming the model (c) trained
from scratch with the same vocabulary by 1.08. On
the other hand, for domains that do not have enor-
mous unlabeled texts such as the computer science
domain in our experiments, continual pretraining
also showed better results. With continual pretrain-
ing, model (d) achieves higher results exceeding
both model (b) (+5.66 F1) and model (c) (+0.47
F1).

(3) Adapt-and-Distill is the best strategy to de-
velop a task-agnostic domain-specific small pre-
trained model.

In the Adapt-then-Distill part, our findings sup-
ports evidence from previous observations (Wang
et al., 2020) that a better teacher model leads to a
better student model. Using AdaLM which per-
forms best among large models as the teacher
model can yield good results: 75.09 in the biomed-
ical domain and 71.62 in the computer science,
better than other domain-specific large models. Fur-
thermore, we find that a better student model for
initialization can also help to get a better small
model. In the Adapt-and-Distill part, we adapt
large and small models into specific domains sepa-
rately and then compress the adapted large model
as the teacher with the adapted small model as ini-
tialization. In the biomedical domain, the model
(j), initialized from model (i), achieves the best
result of 75.34 among the small models. It also
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Config Type Model Teacher ACL-ARC SCIERC Average

L=12; d=786 Large model
BERT - 64.92 81.14 73.03
AdaLM♦ - 73.61 81.91 77.76

L=6; d=384

Small model MiniLM - 61.5 72.88 67.19

From scratch
BERT vocab (a) - 62.48 74.93 68.70
AdaLM vocab (b) - 59.57 74.93 67.25

Distill-then-Adapt
BERT vocab (c) - 65.75 79.13 72.44
AdaLM vocab (d) - 65.93 79.88 72.91

Adapt-then-Distill
Random initial (e) BERT 63.12 77.89 70.50
Random initial (f) AdaLM♦ 66.21 77.04 71.62

Adapt-and-Distill Model (d) initial (g) AdaLM♦ 68.74 78.88 73.81

Table 4: Comparison between different strategies on computer science tasks. The AdaLM♦ is the adapted large
model without compressing. We report averages across five random seeds. Data marked with underlines are the
results of small models which outperform the BERT model’s. L and d indicate the number of layers and the hidden
dimension of the model.

outperforms the BERT model (+1.06 F1). In the
computer science domain, model (g), initialized by
model (d), is the only small model that outperforms
BERT (+0.78 F1).

6 Analysis

6.1 Inference Speed
We compare AdaLM’s parameters’ size and infer-
ence speed with the BERT model in the biomedical
domain in Table 5.

Type Model #Params Speedup

Large
BERT 109M ×1.0
PubMedBERT 109M ×1.0
AdaLM vocab 132M ×1.07

Small
BERT vocab 22M ×5.0
AdaLM 34M ×5.1

Table 5: Comparison of model’s parameter size and the
inference speed. The inference speedup is computed
by the classification task ChemProt and evaluated on a
single NVIDIA P100 GPU.

First we can find that the vocabulary expansion
yields marginal improvements on the model’s in-
ference speed. We added about 20M parameters
in the embedding weights in the large model us-
ing AdaLM vocabulary, but its inference speed
is slightly faster than BERT and PubMedBERT.
Since most domain-specific terms are shattered into
fragmented subwords, the length of the token se-
quence we get by using the incremental vocabulary
is shorter than the length of the sequence got by the
original vocabulary, which reduces the computation

load. We list the change of the sequence length of
the downstream tasks in Appendix C. Meanwhile,
in the embedding layers, the model just needs to
map the sub-words’ id to their dense representa-
tions, which is little affected by the parameters’
size. The small model shows the same trend.

In addition, the small model AdaLM shows great
potential. Compared with the 12-layer model of
768 hidden dimensions, the 6-layer model of 384
hidden dimensions is 3.3x smaller and 5.1x faster
in the model efficiency, while performing similarly
to or even better than BERTBASE.

6.2 Impact of Training Time

Pre-training often demands lots of time. In this sec-
tion, we examine the adapted model’s performance
as a function of training time. Here we use the
biomedical domain since its unlabelled texts are
abundant and compare the large domain-specific
adapted model with BioBERT. For every 24 hrs of
continual pre-training, we fine-tuned the adapted
model on the downstream tasks. For comparison,
we convert the training time of BioBERT to the
time it may take with the same computing resource
of this work (16 V100 GPUs).

We list the results in Table 6, we denote the large
adapted model as AdaLM in the table. AdaLM at 0
hrs means that we fine-tune the initialized model di-
rectly without any continual pre-training. We find
that BERT is slightly better than 0hr AdaLM and
after 24 hrs, AdaLM outperforms BioBERT, which
demonstrates that domain-specific vocabulary is
very critical for domain adaption of pre-trained
model. Our experiments demonstrate promising re-
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Model Training Time Average

AdaLM

0 hrs 74.25
24 hrs 76.80
48 hrs 77.36
72 hrs 77.74

BERT 0 hrs 74.28
BioBERT 120 hrs 76.22

Table 6: Results with different pre-training time. In
the table, AdaLM is the adapted large model without
compressing.

sults in the biomedical domain. Under constrained
computation, AdaLM achieves better performance
compared to BioBERT. More details can be found
in Appendix D

6.3 Impact of Vocabulary Size

To understand the impact of the vocabulary size,
we conduct some experiments with different vocab-
ulary sizes in the biomedical domain. We select
the biomedical large AdaLM model and to reduce
the computation load, we set the batch size as 256
and step as 250K in our ablation studies. We show
performance of the model with different sizes in
Table 7.

40k 50k 60k 70k 80k
JNLPBA 78.84 79.02 78.91 78.94 79.01
PICO 75.09 74.81 74.99 74.58 75.00
ChemProt 76.10 76.80 77.21 76.40 76.85
Average 76.67 76.87 77.03 76.64 76.95

Table 7: The performance of different vocabulary sizes

We observe that the model of 60k achieves the
best results in our ablation studies. The result is
a bit surprising. Despite having a larger vocab-
ulary, the 70k and 80k model does not show a
stronger performance. A possible explanation for
these results may be that a larger vocabulary set
may contain some more complicated but less fre-
quent words, which cannot be learnt well through
continual pre-training. For example, the word fer-
rocytochrome exists in 70k and 80k vocabularies
but is split into (‘ferrocy’, ‘##tochrom’, ‘##e’) in
the 60k vocabulary. In our sampled data (about
550k sentences), ‘ferrocytochrome’ appears less
than 100 times, while the subword ‘##tochrom’ ap-
pears more than 10k times and ‘ferrocy’ appears
more than 200 times. The representation of those
rare words cannot be learnt well due to the sparsity

problem.

6.4 Vocabulary Visualization
The main motivation for using an the expanded
vocabulary set is to leverage domain knowledge
better. Compared to PubMedBERT which just uses
the domain-specific vocabulary and initializes the
model randomly, the keep of the general vocabulary
and the general language model’s weights may help
us make good use of the existing knowledge and
word embedding.

To assess the importance of the expanded vo-
cabulary, we compute the L2-distance of the em-
bedding weights before and after pre-training in
our AdaLM model in the biomedical domain in
Figure 5.

Original vocab Domain-specific vocab

Figure 5: The L2-distance of the embedding layer. The
deeper the color, the farther the distance.

We observe that the domain-specific vocabulary
part changes a lot during the pre-training time,
which indicates that our model learns much infor-
mation about these domain-specific terms. We also
observe that there is little change in many original
sub-words’ embedding weights, which indicates
that many general vocabularies can be used directly
in continual training.

7 Conclusion

In this paper, we investigate several variations to
compress general BERT models to specific do-
mains. Our experiments reveal that the best strat-
egy to obtain a task-agnostic domain-specific pre-
trained model is to adapt large and small models
into specific domains separately and then compress
the adapted large model with the adapted small
model as initialization. We show that the adapted 6-
layer model of 384 hidden dimensions outperforms
the BERTBASE model while 3.3× smaller and 5.0×
faster than BERTBASE. Our findings suggest that
domain-specific vocabulary and general-domain
language model play vital roles in domain adapta-
tion of a pretrained model. In the future, we will
investigate more directions in domain adaptation,
such as data selection and efficient adaptation.
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A Occurrence probability of different
vocabulary sizes

Vocabulary P(D)
BERT -255.92
PubMed -218.49
40k vocab -220.06
50k vocab -214.40
60k vocab -211.88
70k vocab -210.44
80k vocab -209.57
90k vocab -208.86
100k vocab -208.42

Table 8: The P (D) of different vocabulary under
biomedical domain.

Vocabulary P(D)
BERT -211.14
40k vocab -194.08
50k vocab -192.56
60k vocab -191.87
70k vocab -191.45
80k vocab -191.09
90k vocab -190.76
100k vocab -190.53

Table 9: The P (D) of different vocabulary under com-
puter science domain.

B Fine-tuning hyperparameters for
downstream tasks

Hyperameter Assignment
NER PICO RE

Batch size 32 {16,32} 32
Learning rate {1e-5,3e-5,5e-5}
Epoch {30-40} {10,15} {40-50}
Dropout 0.1

Table 10: Hyparameters we used to finetune on biomed-
ical tasks.

C Sequence Length

After the vocabulary expansion, the length of the
token sequence may get shorter. We compute the
average sentence length of the downstream tasks.
We list the results in Table 12

Hyperameter Assignment
ACL-ARC SCIERC

Batch size 16
Learning rate 2e-5
Epoch 20
Dropout 0.1

Table 11: Hyparameters we used to finetune on com-
puter science tasks.

Dataset Original Vocab Incr. Vocab

ChemProt 66 53
EBM PICO 36 31
JNLPBA 41 32

ACL-ARC 53 50
SCIERC 45 42

Table 12: The sequence length tokenized by the origi-
nal vocabulary and expanded vocabulary.

D Results of different training time

We list the biomedical tasks’ results of each pre-
training time in the following table.

0h 24h 48h 72h
JNLPBA 77.56 79.14 79.11 79.46
PICO 73.29 74.22 75.28 75.36
ChemProt 71.91 77.06 77.69 78.42
Average 74.25 76.80 77.36 77.74

Table 13: The performance of models with different
pretraining time
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Abstract
Adversarial debiasing can help to learn fairer
models. Previous work has assumed that both
main task labels and protected attributes are
available in the dataset. However, protected la-
bels are often unavailable, or only available in
limited numbers. In this paper, we propose a
training strategy which needs only a small vol-
ume of protected labels in adversarial training,
incorporating an estimation method to trans-
fer private-labelled instances from one dataset
to another. We demonstrate the in- and cross-
domain effectiveness of our method through a
range of experiments.

1 Introduction

Protected attributes such as user gender can act
as confounding variables in models, and spurious
correlations with task response variables can lead
to unfair predictions, as seen in tasks such as part-
of-speech tagging (Hovy and Søgaard, 2015), hate
speech detection (Huang et al., 2020), and senti-
ment analysis (Kiritchenko and Mohammad, 2018).

Adversarial methods are a popular method for
mitigating bias associated with protected attributes,
wherein the encoder attempts to prevent a discrimi-
nator from identifying protected attributes (Zhang
et al., 2018; Li et al., 2018; Han et al., 2021). An ad-
versarial network consists of a discriminator A and
an encoder E. Each input xi is required to be anno-
tated with both a main task label yi and protected
attribute label gi, and the discriminator identifies
protected information in the representation gener-
ated by the encoder (ĝi = A(hi)). The objective
of the encoder training incorporates two parts: (1)
predicting the main task label (ŷi = C(E(xi)));
and (2) preventing protected attributes from being
identified by the discriminator.

An important limitation of previous adversarial
debiasing work is that training instances must be an-
notated with both main task and protected labels (Li

et al., 2018; Wadsworth et al., 2018; Zhang et al.,
2018; Wang et al., 2019; Han et al., 2021). How-
ever, sourcing protected labels can be difficult, for
reasons ranging from privacy regulations/ethical
concerns, to only a small subset of users explicitly
publicly disclosing protected attributes.

Our contributions are as follows: (1) we present
a novel way of training the main task model
and the discriminator separately, removing the
restriction that every training instance needs to be
annotated with protected labels; (2) we conduct
in-domain experiments with diminishingly small
amounts of protected-labelled data for sentiment
analysis and hate speech detection, and show
that our method can be successfully applied
with remarkably little protected data; and (3)
we present preliminary results for cross-domain
transfer of protected attributes for sentiment
analysis and POS tagging. The source code and
data associated with this paper are available at:
https://github.com/HanXudong/Decoupling_

Adversarial_Training_for_Fair_NLP.

2 Methodology

Adversarial Separation Training Intuitively,
adversarial supervision can be decoupled from the
main task training, i.e., the inputs used for training
the main model do not have to be annotated with
protected labels. In doing so, we attain flexibility in
being able to train the discriminator over only those
instances where we have access to the protected
attribute, as well as being able to transfer private
attributes between datasets. Following the setup of
Li et al. (2018), the optimisation objective is:

min
E,C

max
A

∑

i∈Dmain

X (yi, ŷi(E,C))

− λadv

∑

j∈Dadv

X (gj , ĝj(E,A)) ,
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Algorithm 1: Predictability Estimation
Input: Out of domain dataset DO = (XO, GO),

pretrained main task model MI in the target
domain,M, number of folds k, number of
test folds at each step t

Output: protected label predictability scores, P
1 Calculate hidden representations HO of XO from MI

2 Partition DO into k equi-sized folds as {F1, . . . , Fk}
3 Create

(
k
t

)
test fold combinations as T

4 for i← to
(
k
t

)
do

5 Use Ti as Ftest, remaining folds as Ftrain
6 TrainM on Ftrain
7 forall (hO,j , gO,j) ∈ Ftest do
8 Make prediction ĝO,j =M(hO,j)
9 Accumulate correct predictions

P(j) += δ(ĝO,j , gO,j)
10 end
11 end
12 return P

where X is cross entropy loss, and λadv is a tunable
hyperparameter. The critical observation of this
work is that the two sources of data Dmain and Dadv
need not be the same, but may overlap or be entirely
disjoint, as we explore in Section 3.

Filtering Cross-domain Data The inputs used
for discriminator training do not have to be anno-
tated with the main task label. Inspired by the
domain robustness results of Li et al. (2018) with
adversarial training, we examine cross-domain ad-
versarial learning where protected labels are un-
known for the target task in two settings: (1) senti-
ment analysis classification, and (2) part of speech
(POS) tagging. In both cases we use external race
labels from a hate speech dataset, and ignore any
protected attributes in the original dataset.

According to our experiments, one problem asso-
ciated with using cross-domain protected-labelled
data is that some protected labels may not be rel-
evant to the target domain. To address this prob-
lem, inspired by adversarial filtering (Le Bras et al.,
2020), we conduct preliminary exploration on fil-
tering cross-domain data in adversarial separation
training. This method finds out-of-domain in-
stances with the most confident predictions of the
protected label, and selects these instances to use as
a silver standard in training in-domain adversaries.

To estimate the protected label predictability of a
cross-domain instance (xO,i, gO,i) in the target do-
main given a trained main task model in the target
domain (MI ) and an estimatorM (a logistic regres-
sion classifier), the protected label predictability
of each instance is estimated as shown in Algo-
rithm 1. Specifically, for folds k and test folds t,

the predictability of each instance is estimated n
times (i.e., by n different models) over different
training sets. n can be derived from k and t as fol-
lows: n = (k−1)!

(k−t)!(t−1)! . Note that when t = 1, our
method equates to k-fold cross-validation, and the
predictability of each instance is estimated once.
We demonstrate how the estimated predictability
P can be used in Section 3.5.

3 Experiments and Analysis

In this section, we report on experiments under
two scenarios: (1) in-domain, where protected la-
belled data and main labelled data are from the
same domain; and (2) cross-domain, where pro-
tected labelled data are from a different domain to
the main task data.

3.1 GAP
A common way of measuring fairness is GAP: the
absolute difference for a metric between data sub-
sets selected by different settings of the protected
attribute. For instance, in the binary setting, we
can compare the true positive rate (TPR) for male-
vs. female-authored documents in the test set; this
difference is the TPR-GAP, and is zero for a fair
model.

3.2 In-domain: Sentiment Analysis
Data We experiment with the dataset of Blodgett
et al. (2016), which contains tweets that are either
African American English (AAE)-like or Standard
American English (SAE)-like (following Han et al.
(2021)). Each tweet is annotated with a binary
“race” label (based on AAE or SAE), and a binary
sentiment score determined by the (redacted) emoji
within it.

We use the train/dev/test splits from Han et al.
(2021) of 100k/8k/8k instances, respectively. The
full dataset is artificially balanced across the four
race–sentiment combinations. To (re)introduce
bias into the dataset, previous work has skewed
the training data to generate race–sentiment combi-
nations (AAE–happy, SAE–happy, AAE–sad, and
SAE–sad) of 40%, 10%, 10%, and 40%, respec-
tively, leaving the dev and test data unbiased.

To examine how much private labelled data is
needed, we randomly mask the protected attribute
from up to 99% of the training data.

Models We use the same model architecture
as Han et al. (2021), in the form of the fixed-
parameter DeepMoji encoder (Felbo et al., 2017)
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Figure 1: In-domain Sentiment Analysis: main task ac-
curacy and GAP with respect to the trade-off hyperpa-
rameter λadv; shaded areas = 95% CI estimated over 5
runs.

followed by a trainable 3-layer MLP. DeeMoji con-
tains 22.4 million parameters and is pretrained over
1246 million tweets to predict one of 64 common
emojis. The discriminator for adversarial training
(for all experiments in this paper) is trained to pre-
dict the protected attribute from the hidden states
of the last hidden layer of the MLP classifier. Full
training details are provided in the Appendix.

Results We explore 4 dataset settings where
100%, 50%, 10%, and 1% of the training data is
labelled with its private attribute. We tune λadv log-
uniformly under each data setting, using the same
case-control training strategies for all experiments
in this paper.

As shown in Figure 1, tuning λadv results in a
series of candidate models, and there is a clear
inflection point for the TPR GAP under each data
setting, at different values of λadv.

To compare the adversarial training performance
across different numbers of private labels, we show
the trade-off plot in Figure 2a. Each point reflects
the Accuracy and TPR GAP of a candidate model
with a given λadv. The points for the three data set-
tings of 100%, 50%, and 10% are hard to separate,
indicating that adversarial training with only 10%
of protected labels can achieve similar results to
using protected labels for 100% of the data. Even
with 1% of private labels, debiasing is evident, but
this comes at a lower accuracy for a given TPR
GAP level.

3.3 In-domain: Hate Speech Detection

Data Our second in-domain dataset is the En-
glish Twitter hate speech detection dataset of

Huang et al. (2020), where each tweet is labelled
with a binary hate speech label and also contains
(binary) demographic indicators for the tweet au-
thor: binary gender (female or male), location
(U.S. or other), age (older or younger than the
median), and race (white or other). We focus on
age, which has been shown to result in the great-
est model unfairness (Huang et al., 2020), and
use the train/dev/test splits of Huang et al. (2020).
Since age information is not available for all au-
thors, we downsample to get a subset of tweets
which are annotated with age, with approximately
31k/6.7k/6.7k in training/dev/test.

Model Huang et al. (2020) compare 4 different
model architectures for the hate speech detection
task — TF-IDF-weighted feature-based logistic
regression, convolutional neural network, an RNN
(in the form of a biGRU), and BERT (Devlin et al.,
2019) — and found the RNN model to consistently
perform best. Based on this, we use the same RNN
model, and perform debiasing on top of it.

Results Figure 2b shows the trade-off plot with
respect to hate speech detection models under sim-
ilar data conditions as our first experiment (100%,
50%, 10%, and 0.1%). Consistent with our pre-
vious observations, there is little distinguishing
100%, 50%, and 10%. In fact, when we further
decrease the proportion of protected labels, we ob-
serve that even with 0.1% of protected attributes,
the trade-off is close to the 100% model.

3.4 Cross-domain: Sentiment Analysis
Next, we turn to the cross-domain setting, in taking
protected labelled data from one domain and using
it to adversarially debias a sentiment analyser over
a different but similar domain.

Data We use the same model architecture and
sentiment analysis dataset as in Section 3.2, but
source private attributes (in the form of race) from
the hate speech dataset from Section 3.3 to train
the discriminator. Note that the race labels for the
hate speech dataset (white or other) diverge slightly
from those in the target domain (SAE or AAE).

Results Figure 3 shows the trade-off plot for
the model. To compare the cross- and in-domain
settings, we include in-domain adversarial debi-
asing results (1% data setting). Compared with
in-domain results, the trade-off for cross-domain
debiasing is worse than the 1% in-domain setting,
but substantially better than random.
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(a) Sentiment Analysis (b) Hate Speech Detection

Figure 2: In-domain evaluation showing the accuracy–TPR-GAP trade-off for different fractions of protected-
labels in the training dataset. For each data setting, we evaluate predictions for λadv settings near to that where the
model achieves its smallest development TPR GAP. Since there is strong correlation between TPR GAP and TNR
GAP, we only include TPR GAP.

Figure 3: Cross-domain Sentiment Analysis: trade-off
plot. The blue solid line denotes baseline debiasing re-
sults, based on randomly replacing main task predic-
tions with a Bernoulli r.v. sampled from p = 0.5.

In terms of the drop in model accuracy during
debiasing, each point in Figure 3 corresponds to a
candidate model, and in this cross-domain setting,
some models (e.g., for those models with TPR-
GAP around 0.2) are able to reduce the bias by
about 50% while maintaining performance that is
close to the vanilla model. Managing the trade-off
relates to model selection and the requirements of
a given application scenario, for example, choos-
ing a model that is able to achieve at least a cer-
tain fairness level. Overall, at a given bias level,
our method doesn’t make use of any in-domain
protected labels, and consistently outperforms the
random baseline.

3.5 Cross-domain: POS tagging

As second cross-domain task, we follow Li et al.
(2018) in performing POS tagging.

Data We use three datasets for different purposes:
main task training, adversarial training, and out-of-
domain evaluation.

Following Li et al. (2018), we train a biLSTM
POS tagging model on the English Web Tree-
bank (Bies et al., 2012), comprising 13.5k POS-
tagged sentences without protected labels. To eval-
uate model performance and fairness, we use the
TrustPilot English POS-tagged dataset (Hovy and
Søgaard, 2015), consisting of 600 sentences with
both POS labels and binary author-age labels (over-
45-year-old and under-35-year-old).

To train the discriminator, we use unlabelled
TrustPilot data (Hovy, 2015), which consists of
156.5k English reviews with author-age labels.
Based on protected-label predictability estimation
(Algorithm 1), we examine 4 subsampling strate-
gies: (1) “random”, based on random-sampling; (2)
“largest leakage”, select instances with the high-
est predictability (intuitively the most biased in-
stances); (3) “smallest leakage”, select instances
where the predictability is below a majority-class
baseline; and (4) “absolute leakage”, a combination
of largest and smallest leakage where equal num-
ber of instances from the largest leakage sampling
and the smallest leakage sampling are concatenated
together.

Results We follow Li et al. (2018), in evaluat-
ing fairness via the difference in tagging accuracy
between age groups.

Figure 4 shows the trade-off plot with respect
to the 4 filtering strategies. Note that the test set
only includes 600 instances, so we explore a wider
range of the λadv, and train 5 random initialized
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Figure 4: Cross-domain POS Tagging. The vertical line
denotes the biased model accuracy, and the horizontal
line denotes the biased model Accuracy GAP. Points in
the upper-right quadrant are preferable.

Top P Top F
Acc↑ GAP↓ ACC↑ GAP↓

Biased 83.60 1.74 83.60 1.74

Random 83.94 1.73 83.89 1.70
Largest 83.86 1.66 83.63 1.63
Smallest 83.92 1.68 83.53 1.57
Absolute 84.18 1.75 83.84 1.64

Table 1: Evaluation results on the test set, median value
over 5 best models. Biased stands for the non-debiasing
model. Top P = 5 models with best performance, and
Top F = 5 models with best fairness. “↑” and ”↓” indi-
cate that higher and lower performance, resp., is better
for the given metric.

models for each λadv and take the average. Points
in the lower-right quadrant are preferable, in that
they decrease bias while increasing accuracy.

We report models of each predictability estima-
tion based sampling method, and all models from
random sampling (with respect to different λadv).
Compared to the biased model performance and
fairness (vertical and horizontal lines, respectively),
the random sampling method does not lead to clear
improvements, while our proposed methods lead
to consistent gains.

We further compare these methods numerically
in Table 1 by selecting top 5 best models from what
has been shown in Figure 4. Specifically, we select
models with top 5 performance (largest accuracy
score) or fairness (smallest GAP) separately, and
report the median values of accuracy and GAP over
the selected models.

Largest and smallest leakage show close results

and are safer choices that consistently outperform
random and non-debiasing methods. Intuitively, in
a binary classification problem, instances within
the the smallest leakage group could also be in-
formative as they could be transformed to largest
leakage groups by reverting the predictions, i.e.,
ĝO,j = 1 − M(hO,j), thus using largest leak-
age sampling is similar to using smallest leak-
age sampling. Combining largest and smallest
leakage instances together, the absolute sampling
method achieves slightly better accuracy perfor-
mance than other sampling strategies and consist
better performance-fairness trade-off than the bi-
ased model.

4 Conclusion

We propose a novel training strategy for adversar-
ial debiasing which decouples the training of the
main task model and discriminator, including the
possibility of training on different data. Based on
in-domain evaluation over sentiment analysis and
hate speech detection, our method performs as well
as the standard adversarial method using only 10%
of protected labels. Furthermore, experiments in a
cross-domain setting demonstrate the potential fea-
sibility of the method in settings where protected
labels are not available.
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A In-domain Sentiment Analysis Full
Plot

Figure 5: In-domain Sentiment Analysis: main task ac-
curacy and GAP with respect to the trade-off hyperpa-
rameter λadv; shaded areas = 95% CI estimated over 5
runs.

B Computing Infrastructure Used

• CPU: Intel(R) Core(TM) i9-9900K CPU

• GPU: NVIDIA GeForce RTX 2080 Ti

• RAM: 32 GB

C Sentiment Analysis

Models All models are trained and evaluated on
the same training/test split. The Adam optimizer is
used with learning rates of 3× 10−5 for the main
model and 3 × 10−6 for the sub-discriminators.
The minibatch size is set to 1024. Sentence rep-
resentations (2304d) are extracted from the Deep-
Moji encoder. The hidden size of each dense layer
is 300 in the main model, and 256 in the sub-
discriminators. We train M for 60 epochs and each
A for 100 epochs, keeping the checkpoint model
that performs best on the dev set. Running time:
35 s/epoch

Hyperparameter Range

• λ from 10−2 to 10+2. log uniform sampling
30 trails

D Hate Speech

Model Architecture

• hidden size, type=int, 300

• embedding size, type=int, 400

• number of classes, type=int, 2

• adversarial level, type=int, −1 (last hidden
layer)

• learning rate, type=float, 0.00003

• number of discriminator, type=int, 1

• adv units, type=int, 256

• batch size, type=int, 512

• epoch, type=int, 100

• dropout, type=float, 0.5

• Running time: 52 s/epoch

Hyperparameter Range

• λ from 100 to 103 based on log uniform sam-
pling over 15 trials

E POS Tagging

Model Architecture

• BATCH SIZE = 64

• LEARNING RATE = 1e-3

• EMBEDDING DIM = 50

• HIDDEN DIM = 100

• N LAYERS = 2

• BIDIRECTIONAL = True

• DROPOUT = 0.25

• EPOCHS = 50

• SEED = 960925

• MIN FREQ = 2

• SAMPLING INDEX = 10

• LAMBDA = 1e-3

• dropout = 0.5

• Running time: 12 s/epoch

Hyperparameter Range

• λ from 10−10 to 10−8 based on log uniform
sampling over 20 trials
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Abstract

While neural language models can generate
text with remarkable fluency and coherence,
controlling for factual correctness in genera-
tion remains an open research question. This
major discrepancy between the surface-level
fluency and the content-level correctness of
neural generation has motivated a new line
of research that seeks automatic metrics for
evaluating the factuality of machine text. In
this paper, we introduce GO FIGURE, a meta-
evaluation framework for evaluating factuality
evaluation metrics. We propose five necessary
conditions to evaluate factuality metrics on di-
agnostic factuality data across three different
summarization tasks. Our benchmark analysis
on ten factuality metrics reveals that our meta-
evaluation framework provides a robust and ef-
ficient evaluation that is extensible to multiple
types of factual consistency and standard gen-
eration metrics, including QA metrics. It also
reveals that while QA metrics generally im-
prove over standard metrics that measure fac-
tuality across domains, performance is highly
dependent on the way in which questions are
generated.

1 Introduction

The goal of text generation systems is to produce
text that is fluent, coherent, relevant, as well as
factually correct. Recent progress in neural ap-
proaches to building semantically constrained text
generation systems has shown tremendous improve-
ments in this direction (Liu and Lapata, 2019; Guo
et al., 2018; Durmus et al., 2020; Wang et al., 2020).
However, an important issue in text generation sys-
tems is that they can yield factually inconsistent
text, caused by somewhat distorted or fabricated
facts about the source text. Especially in document
summarization tasks, models that abstract away
salient aspects, have been shown to generate text

∗Work done while first author was interning at MSR.

with up to 30% factual inconsistencies (Kryscinski
et al., 2019; Falke et al., 2019a; Zhu et al., 2020).

Commonly used metrics for measuring qual-
ity of generated text fail to capture structural as-
pects of language like negation and poorly correlate
with human judgements (Hashimoto et al., 2019;
Clark et al., 2019; Sellam et al., 2020), leading to
a rapidly progressing search for factuality-driven
summarization metrics.

In this work, we propose GO FIGURE1, a meta-
evaluation framework for assessing the effective-
ness of factuality metrics across multiple domains -
extreme summarization, multi-sentence news sum-
marization and the understudied dialogue summa-
rization domain. Our contributions are as follows:
(i) a set of diagnostics for measuring sensitivity
of metrics to factual inconsistency, (ii) a diagnos-
tic evaluation dataset of context/summary pairs
for measuring effectiveness of new factuality met-
rics in a controlled setting, and (iii) an evaluation
dataset of summaries generated by transformer-
based models (Raffel et al., 2019) annotated with
types of factual errors.

2 Factuality Metric Meta Evaluation

Since reference summaries may be an incomplete
representation of the salient facts in a source doc-
ument or unavailable, we consider factuality in
terms of how well candidate summaries are factu-
ally grounded with respect to the source document.

We define a set of five conditions for a factual
consistency metric M(D,Si) to measure factuality
of a summary Si with respect to a source document
D. These conditions are given in Table 1.

2.1 Testing Factuality Metric Validity
For the purposes of testing boundedness (Condition
I), we define the Lower Bound for a metric M as

1General Outline for Factuality In Generative
UndeRstanding Evaluation.
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Condition Definition Motivation

Boundedness (I) There exists Sr, Sf such that M(D,Sr) ≤
M(D,Si) ≤M(Sf ).

In general, the exact factuality level of Si may
be unclear. Metric bounds provide points of
comparison.

Sensitivity (II) The metric value for Si should correlate with
the level of factuality captured by Si.

A bounded but insensitive factuality metric may
assign higher values to mostly nonfactual or
unrelated summaries over summaries that are
close to the reference.

Robustness (III) The metric should be robust across types of
factual errors.

A metric that is sensitive only to a subset of er-
rors might ignore a significant number of model-
generated errors (Figure 1).

Generality (IV) The metric should satisfy conditions I,II,III and
V across domains.

Prior work such as Reiter and Belz (2009) high-
light the risk of claiming validity without test-
ing generality.

Human Correlation (V) The metric should correlate with human judge-
ments of factuality.

The scoring function H(D,Si) represented by
human evaluation is a gold standard for assess-
ment of generation quality (Chaganty et al.,
2018), so M(D,Si) should be an approxima-
tion.

Table 1: Details of factuality metric conditions. Here M is a metric scoring function, D is a source document and
Si is a summary.

M(D,Sr) where D is the source document and
Sr is a randomly sampled summary from the cor-
pus.2 We define the Upper Bound for the metric
as M(D,Sf ), where Sf is the reference ground-
truth summary. Since our controlled experiments
use transformed versions of the reference summary
with injected errors, the original reference is guar-
anteed to be at least as factually consistent as a
transformed summary.

To test sensitivity (Condition II), we measure
the correlation (Pearson’s r) between the factual
inconsistency level3 of the summaries (i.e. the
number of injected errors) and the average met-
ric score. Then we measure statistical significance
using the p-value from a two-tailed hypothesis test.
We check whether metrics satisfy robustness and
generality (Conditions III and IV) by separately
running this analysis over multiple domains and the
factual error types shown in Figure 1. We measure
how well metric values match human assessment
of factuality by checking the correlation between
factual consistency levels determined using manual
annotation.

2.2 Theoretical Cases

For Condition I, we scope boundedness to only con-
sider cases that are likely to arise in realistic sum-

2While this may not be the strictest lower bound in theo-
retical terms, we consider it appropriate as an empirical lower
bound since the content is irrelevant to the document. A single
random summary is used.

3For our experiments, we inject up to a maximum of x
errors with x ∈ {1, 2, 3}.

Figure 1: Distribution of common factual error types in sam-
pled generated summaries (96.37% of all errors). We draw
from the same error types for our controlled analysis to ensure
we match the true distribution of errors. Here extrinsic entity
refers to entities that did not previously appear in the source,
while an intrinsic entity appeared in the source.

marization settings. However, there are hypotheti-
cal cases that may have ramifications for metric va-
lidity. For example, we expect that M(D,D) ≈ 1
and M(D,∅) ≈ 0 for a metric M with values
in the range [0, 1], a document D, and an empty
string summary ∅. For non-deterministic metrics,
restrictions on variability between runs may also
be desired.

3 Evaluation Datasets

We evaluate metrics on three datasets: 1-sentence
BBC news summaries from the XSUM ex-
treme summarization dataset (Narayan et al.,
2018), multi-sentence summaries from the
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CNN/DailyMail dataset (Nallapati et al., 2016),
and the recently released SAMSUM corpus (Gliwa
et al., 2019) consisting of English language con-
versations written by linguists and aligned multi-
sentence summaries.

3.1 Diagnostic Datasets

To test the ability of proposed metrics to fulfill
our predefined conditions, we set up two diagnos-
tic datasets consisting of (i) transformed reference
summaries with simulated factuality errors that al-
low us to induce and measure factuality levels in a
controlled setting and (ii) summaries generated by
state-of-the-art transformer summarization models
that allows us to measure the effectiveness of met-
rics in a real data setting. We sample 500 source /
summary pairs for each domain.4

3.1.1 Model-Generated Datasets

In order to observe how metrics perform on
machine-generated summaries, we generate sum-
maries from fine-tuned T5 encoder-decoder sum-
marization models (Raffel et al., 2019) that was pre-
trained on news summarization data. We generate
summary text using either beam search or sample-
based decoding strategies. We then annotate the
generated summaries for fine-grained factual errors
using the types in Figure 1 to create a hand-curated
factual consistency diagnostic dataset.

4 Factuality Metrics for Evaluation

We mainly focus on meta-evaluating most recently
proposed factual consistency metrics which use
two types of proxy natural language understanding
(NLU) objectives aimed at implicitly capturing fac-
tuality in generated text: question-answering (QA)
and a masked token prediction cloze task. For QA
we evaluate using SummaQA (which uses QA pairs
from the source, Scialom et al., 2019) and FEQA
(which uses QA pairs from the summary, Durmus
et al., 2020), while for the cloze task setting we use
BLANC-Help and BLANC-Tune (Vasilyev et al.,
2020, see the appendix for details of metrics). We
also measure the factual-awareness of BERTScore
(Zhang et al., 2020), a summarization metric that is
aimed primarily at improving coherency rather than
factual consistency, and standard summarization
evaluation metrics (e.g. ROUGE (Lin, 2004)).

4See the Appendix for details of linguistic feature extrac-
tion for injecting errors.

5 Meta-Analysis of Factuality Metrics

5.1 Controlled Data Experiments

We provide the results of the sensitivity analysis
over our controlled data on the XSUM domain in
Table 2, on CNNDM in Table 3 and on SAMSUM
in Table 4. Our analysis reveals that QA metrics,
ROUGE-(2/3) and BERTScore generally perform
well at evaluating factuality. In contrast, ROUGE-
(1/L) are frequently invalid as factuality metrics
(Tables 2 and 3), and the performance of Cloze
metrics varies across domains (BLANC-Tune is
invalid on XSUM, but does fairly well on other
domains). Also, performance of metrics tends to
be much lower on news domains when we consider
non-entity-based errors with the exception of QA-
based metrics, ROUGE-(2/3) and BERTScore, indi-
cating that while factuality and standard metrics are
fairly attuned to changes in factual consistency that
relate to entity-based errors, they are less robust to
other types of factual errors.

5.2 Comparison with Human Evaluation of
Model Generations

We find that metrics displaying invalid behavior
on controlled data (for instance assigning higher
metric values to more factually inconsistent sum-
maries on XSUM in Table 2) also display this in-
valid behavior in model generations (Table 5). This
indicates that meta-evaluation with controlled data
is effective as a diagnostic tool for finding weak
factuality metrics, and follows our intuition that
non-entity errors, while frequently produced by ab-
stractive summarization models, are difficult for
standard summarization metrics to identify. When
considering better-performing factuality metrics
identified by the controlled error analysis, we find
that the controlled data analysis is generally able
to identify better-performing metrics (SummaQA,
ROUGE-(2/3) and BERTScore) for XSUM with
the exception of FEQA (FEQA metric performs
well on XSUM controlled analysis (Table 2), but
only approaches this performance on SAMSUM
when we consider human eval). The strong over-
all performance of ROUGE-3 is consistent with
the findings of (Fabbri et al., 2021) on CNNDM,
our work confirms that this metric is more consis-
tently correlated with factuality than other ROUGE
variations across domains.
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CLOZE QA STANDARD and CONTEXTUAL
BLANC-Help BLANC-Tune SummaQA-C SummaQA-F1 FEQA R-1 R-2 R-3 R-L BERTScore

Upper Bound 5.99 1.73 9.64 4.48 27.87 10.61 2.56 0.72 9.32 83.76
Level 1 5.73 / 5.98 1.74 / 1.71 9.44 / 9.44 3.80 / 4.31 23.20 / 26.94 10.49 / 10.76 2.54 / 2.56 0.70 9.22 / 9.42 83.53 / 83.56
Level 2 5.46 / 5.99 1.59 / 1.78 9.27 / 9.35 3.40 / 4.22 20.05 / 26.55 10.40 / 10.86 2.51 / 2.54 0.69 / 0.68 9.16 / 9.49 83.36 / 83.38
Level 3 5.30 / 5.97 1.58 / 1.76 9.16 / 9.23 3.13 / 4.14 15.81 / 26.06 10.33 / 10.92 2.49 / 2.52 0.69 / 0.67 9.10 / 9.55 83.21 / 83.26
Lower Bound 0.51 -0.14 1.28 0.26 1.18 5.44 0.39 0.01 4.94 80.08

Correlation -0.99 / -0.61 -0.88 / 0.69 -0.99 / -1.00 -0.99 / -1.00 -1.00 -1.00 / 0.98 -0.97 / -1.00 -0.87 / -1.00 -1.00 / 1.00 -1.00
p-value 0.09 / 0.59 0.32 / 0.51 0.07 / 0.05* 0.07 / 0.03* 0.05* / 0.04* 0.03* / 0.10 0.16 / 0.05* 0.33 / 0.05* <0.01** / 0.02* 0.02* / 0.06

Table 2: Results of simulated factual error data experiments (XSUM, average of 5 runs, **=significant for p≤ .01, *=significant
for p≤ .05). For cells with (·/·), results for entity errors are reported on the left, results for non-entity errors are reported
on the right. The details for the upper/lower bounds, p-value and correlation measures are explained in §2.1. For sensitivity
to factual consistency and correlation w/ factuality levels, we highlight the best-performing and lowest-performing metrics in
green and red respectively. For cases where metric values are invalid (e.g. the metric values increase as factuality decreases), we
highlight in purple.

CLOZE QA STANDARD and CONTEXTUAL
BLANC-Help BLANC-Tune SummaQA-C SummaQA-F1 FEQA R-1 R-2 R-3 R-L BERTScore

Upper Bound 7.60 5.79 13.82 10.87 37.56 14.33 8.08 4.75 13.83 84.36
Level 1 7.29 / 7.50 5.56 / 5.69 13.30 / 13.53 9.58 / 10.63 33.35 / 36.64 14.11 / 14.37 7.78 / 7.91 4.51 / 4.57 13.60 / 13.84 84.13 / 84.20
Level 2 7.03 / 7.43 5.43 / 5.58 12.93 / 13.24 8.53 / 10.38 28.46 / 36.13 13.95 / 14.38 7.55 / 7.75 4.32 / 4.40 13.44 / 13.85 83.94 / 84.04
Level 3 6.72 / 7.38 5.23 / 5.53 12.54 / 13.04 7.54 / 10.26 25.12 / 35.63 13.82 / 14.38 7.35 / 7.62 4.14 / 4.27 13.29 / 13.85 83.77 / 83.90
Lower Bound -0.67 -0.19 1.61 0.12 0.58 5.85 0.47 0.02 5.55 78.16

Correlation -1.00 / -0.99 -0.99 / -0.97 -1.00 / -1.00 -1.00 / -0.98 -0.99 / -1.00 -1.00 / 0.96 -1.00 -1.00 -1.00 / 0.91 -1.00
p-value 0.03* / 0.08 0.07 / 0.17 0.01** / 0.06 0.01** / 0.13 0.07 / <0.01** 0.04* / 0.17 0.02* / 0.04* <0.01** / 0.04* 0.03* / 0.27 0.01** / 0.02*

Table 3: Results of simulated factual error data experiments (CNNDM, average of 5 runs). (See Table 2 caption for details.)

CLOZE QA STANDARD and CONTEXTUAL
BLANC-Help BLANC-Tune SummaQA-C SummaQA-F1 FEQA R-1 R-2 R-3 R-L BERTScore

Upper Bound 15.23 10.13 13.83 17.23 55.36 26.55 8.24 4.07 25.06 84.60
Level 1 13.97 / 15.03 9.00 / 9.47 13.48 / 13.52 15.00 / 16.71 45.31 / 54.25 25.31 / 26.18 7.85 / 7.86 3.84 / 3.73 23.91 / 24.69 84.42 / 84.38
Level 2 12.87 / 15.01 8.36 / 9.46 13.16 / 13.26 12.26 / 16.50 37.01 / 53.10 24.27 / 25.86 7.60 / 7.59 3.68 / 3.50 22.99 / 24.38 84.28 / 84.19
Level 3 12.02 / 14.93 7.74 / 9.36 12.99 / 13.21 10.12 / 16.24 29.62 / 52.34 23.23 / 25.58 7.32 / 7.36 3.48 / 3.35 22.01 / 24.12 84.13 / 84.07
Lower Bound 0.92 -0.53 7.86 0.10 0.55 5.33 0.23 0.01 5.09 80.79

Correlation -1.00 / -0.96 -1.00 / -0.91 -0.99 / -0.94 -1.00 -1.00 / -0.99 -1.00 -1.00 -1.00 / -0.99 -1.00 -1.00 /-0.99
p-value 0.05* / 0.18 0.01** / 0.28 0.11 / 0.23 0.05* 0.02* / 0.07 <0.01** / 0.03* 0.03* 0.05* / 0.08 0.01** / 0.04* 0.01** / 0.07

Table 4: Results of simulated factual error data experiments (SAMSUM, average of 5 runs). (See Table 2 caption for details.)

Metric XSUM SAMSUM

Corr (-←) p-value Corr (-←) p-value

BLANC-Help 0.04 0.55 -0.01 0.82
BLANC-Tune 0.00 0.98 -0.03 0.64
SummaQA-C -0.11 0.11 -0.09 0.18
SummaQA-F1 -0.12 0.07 -0.14 0.03*

FEQA 0.04 0.57 -0.03 0.69
R-1 0.07 0.19 0.01 0.82
R-2 -0.10 0.15 -0.03 0.59
R-3 -0.12 0.07 -0.09 0.18
R-L 0.07 0.13 0.01 0.83

BERTScore -0.17 0.01** 0.03 0.64

Table 5: Correlation (Corr) for 250 annotated XSUM and 250
SAMSUM generated summaries with fine-grained labeling.
The arrow next to “Corr” indicates the direction of a correct
correlation.

6 Related Work

Prior work concerning evaluation of automatic met-
rics and human evaluation for NLG systems has
mainly focused on general analysis of output qual-
ity or coherence and fluency (Callison-Burch et al.,
2007; Graham, 2015; Fabbri et al., 2021), rather
than factuality. Recent efforts by NLP researchers
have drawn attention to the issue of factual errors

and hallucinations in the output of neural sum-
marization models (Cao et al., 2018; Massarelli
et al., 2019; Zhao et al., 2020; Falke et al., 2019b;
Goodrich et al., 2019; Celikyilmaz et al., 2020).
A number of works have highlighted the effective-
ness of QA and cloze task objectives for evaluating
or improving factuality on specific domains (Eyal
et al., 2019; Huang et al., 2020). We aim to eval-
uate these metrics more broadly, and consider a
wider range of domains (notably dialogue).

6.1 Discussion of Meta Evaluation and
Conclusion

Our analyses show that in contrast to prior work
on factual consistency that mostly concentrated on
one specific domain and dataset, our GO FIGURE
framework is effective at evaluating sensitivity and
validity of factual consistency metrics with only
reference summaries, rather than requiring com-
putationally intensive testing across summariza-
tion model variants to identify metric strengths and
shortcomings.

We highlight the following key points from ex-
periments run using meta-evaluation:
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Standard summarization metrics are not al-
ways valid measures of factuality. ROUGE-1
and ROUGE-L fail to accurately measure factual in-
consistency across domains in our controlled anal-
ysis. The ROUGE-L results raise the question of
context relevance. While ROUGE-L takes into ac-
count more context than other ROUGE variations,
this context may not be relevant for assessing fac-
tuality. For example, swapping “decreased” for
“increased” dramatically changes the meaning in
the summary “Scotland’s renewable energy out-
put increased by 45% in the first quarter of this
year, compared with the same period last year.”,
but ROUGE-L is not affected. Despite the frequent
use of ROUGE-L as a more contextual measure,
prior work has also noted that ROUGE-N outper-
forms ROUGE-L (Rankel et al., 2013; Fabbri et al.,
2021).

Analysis on human annotated data is still nec-
essary as an upper-bound on meta-evaluation
quality. While BLANC-Help, FEQA metric and
BERTScore values decrease with factual inconsis-
tency on controlled data, the metrics may some-
times be positively correlated with factual incon-
sistency on generated data. This emphasizes the
importance of a expert curated test set as part of
the GO FIGURE meta evaluation for the most
rigorous testing. A question-answering objec-
tive is promising for measuring factual consis-
tency across domains, but effectiveness depends
on the question. While QA metrics can perform
well at measuring factual consistency of generated
summaries, our meta-evaluation reveals this is de-
pendent on the way in which questions are asked.
While both QA metrics use SQuAD-based systems
(Rajpurkar et al., 2016), asking questions from
the source rather than the summary is most robust
across domains. This opens the door to metrics
based on more contextual QA like commonsense
(Shwartz et al., 2020).

We will release our meta-evaluation framework
and diagnostic datasets to aid in development of ef-
fective summarization factuality metrics. In future
work, summary meta-metric results (e.g. correla-
tion on simulated data) could be used as rewards
for reinforcement learning driven approaches to
training factuality metrics.

7 Ethics and Broader Impact Statement

Ethical considerations involving our meta-
evaluation framework primarily revolve around

human evaluation. News articles and dialogues
may contain references to distressing events
or abnormal social behavior. All our expert
annotators voluntarily took part in the human
evaluation with prior knowledge of the type of
content being evaluated. Crowd-sourced human
evaluation trials were conducted under an IRB
exemption.

Our work outlines a simple and effective ap-
proach for evaluating factuality metrics in sum-
marization. This can aid in development of more
robust and sensitive factuality metrics to accurately
evaluate the factual correctness of generative mod-
els. This is key as improvement in the coherency
of models accelerates, potentially leading to gener-
ations that appear to be high quality while contain-
ing factual inaccuracies. Our framework could also
evaluate factuality metrics for use in identifying
human-written errors, mitigating potential spread
of misinformation.
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Dataset Train Dev Test Domain

XSUM 204,045 11,332 11,334 Short news
CNNDM 287,227 13,368 11,490 Long news
SAMSUM 14,732 818 819 Dialogues

Table 6: Summarization domains for evaluation.

A Appendices

A.1 Additional Details of Datasets

We provide dataset statistics for each of our do-
mains in Table 6.

A.2 Evaluation Metric Details

QA-Based Quality Score. Given a source or refer-
ence document D and candidate summary Si, QA-
based evaluation metrics assign a generation quality
score to Si to measure the ability of a QA system by
accurately answering questions generated from D
or Si. We use the SummaQA (Scialom et al., 2019)
and FEQA (Durmus et al., 2020) metrics. For the
SummaQA metric, questions are generated from
the source documentD and the candidate summary
Si is used as input to the QA system. Alternatively,
FEQA generates questions from Si and uses D to
answer these questions.

The generation quality score is typically the ag-
gregated F1 score measuring the similarity between
ground-truth answers for questions generated from
D and the answers predicted by the QA system.
SummaQA also generally includes the aggregated
model confidence probabilities for predictions.

Masked LM Prediction (Cloze Task) Score.
Given a source document D and candidate sum-
mary Si, Cloze-based evaluation metrics assign
a generation quality score to Si by measuring
the ability of a NLU system to accurately predict
masked tokens in the source document, given ac-
cess to the information in Si. We use two variants
of BLANC (Vasilyev et al., 2020), BLANC-Help
and BLANC-Tune. BLANC-Help uses both D and
Si as input to a pretrained masked token prediction
model, while BLANC-Tune only uses D as input
to a model that has been finetuned on the candi-
date summary. Both metrics are aimed at capturing
fluency, informativeness and factual correctness of
summaries.

Semantic Similarity. Semantic similarity met-
rics measure the overlap between contextual em-
beddings of a source or reference document D and
candidate summary Si. We use BERTScore (Zhang

et al., 2020), which has been shown to correlate
better with human judgements of coherency than
standard summarization metrics and similarly to
n-gram metrics on factual consistency of CNNDM
summaries (Wang et al., 2020).

Lexical Overlap. Finally, we test ROUGE (Lin,
2004), which is the standard metric used for eval-
uating summarization. ROUGE measures the n-
gram overlap between a source or reference docu-
ment D and candidate summary Si. We evaluate
results using ROUGE-1 and ROUGE-2, as well as
ROUGE-L, which measures longest common sub-
sequence overlap. We follow prior work that con-
sidered ROUGE in factual consistency evaluations
(Wang et al., 2020), though it has also been pre-
viously noted that ROUGE can underweight good
summarization examples (Novikova et al., 2017).

A.3 Simulated Data Transformations

We inject errors into reference summaries by first
using a part-of-speech tagging model and named
entity recognition system (spaCy)5 to extract enti-
ties, verbs, and adjectives from these summaries.
For each named entity, we keep track of the label
type (e.g. ORG, GPE, etc). All datasets are com-
prised of English language articles or dialogues
and summaries, and we use the spaCy English NLP
models.

Intrinsic entity errors. To inject intrinsic entity
errors into a summary S, we construct a dictionary
of all unique entities appearing in the source doc-
ument for S only, organized by entity label type.
We then swap a random entity in the reference sum-
mary for a different entity of the same label type in
the constructed dictionary.

Extrinsic entity errors. For extrinsic entity er-
rors, we use the same dictionary construction for all
unique entities appearing in all the corpus source
documents. To change a random adjective, we
use WordNet (Miller, 1995) to obtain the synsets
for that adjective and swap the adjective for its
antonym.

Pronoun entity errors. Pronoun errors are in-
troduced with a preset list of commonly used pro-
nouns. We randomly extract a pronoun set (e.g.
she/her) from the text using the preset list and swap
it with another random pronoun set (e.g. he/him).

Verb Negation. We use a rule-based system for
verb negation based on verb tense, and predict tense
based on the suffix and preceding words.

5https://spacy.io/

485



Reference Type Description Example

Irish Taoiseach (PM) Leo Varadkar has engaged in An entity appearing in the Canadian Taoiseach (PM) Leo Varadkar has engaged in
some “sock diplomacy” in his first meeting with Intrinsic entity error source document is used some “sock diplomacy” in his first meeting with
Canadian Prime Minister Justin Trudeau in Dublin. (int) incorrectly. Irish Prime Minister Justin Trudeau in Dublin.

Irish Taoiseach (PM) Leo Varadkar has engaged in An entity appearing in French Taoiseach (PM) Leo Varadkar has engaged in
some “sock diplomacy” in his first meeting with Extrinsic entity error the candidate summary does some “sock diplomacy” in his first meeting with
Canadian Prime Minister Justin Trudeau in Dublin. (ext) not appear in the source document. Canadian Prime Minister Justin Trudeau in Dublin.

Irish Taoiseach (PM) Leo Varadkar has engaged in A pronoun in the candidate summary Irish Taoiseach (PM) Leo Varadkar has engaged in
some “sock diplomacy” in his first meeting with Pronoun error is used incorrectly. some “sock diplomacy” in her first meeting with
Canadian Prime Minister Justin Trudeau in Dublin. (pro) For example, (her/she instead of him/he). Canadian Prime Minister Justin Trudeau in Dublin.

Irish Taoiseach (PM) Leo Varadkar has engaged in There are verb negations in Irish Taoiseach (PM) Leo Varadkar has not engaged in
some “sock diplomacy” in his first meeting with Negation error the candidate summary that some “sock diplomacy” in his first meeting with
Canadian Prime Minister Justin Trudeau in Dublin. (verb) contradict the source document. Canadian Prime Minister Justin Trudeau in Dublin.

People who have been prescribed powerful anxiety An adjective or adverb appearing People who have been prescribed weak anxiety
or pain relief drugs are being warned about a new Sentiment error in the candidate summary or pain relief drugs are being warned about a new
drug-driving law. (sent) contradicts the source document. drug-driving law.

Table 7: Table of possible factual errors.

We note that injecting a certain level of error
into a summary will have varying effects depend-
ing on the average length of summaries for a corpus.
We use the same methodology for each corpus to
maintain consistency, but future work may explore
length-controlled error injection based on the ob-
jectives of the evaluation.

A.4 Metric Implementation Details

For all metrics, we use the publicly shared imple-
mentations. Due to BERT context size constraints,
we limit the length of document input sentences to
400 tokens for BLANC variants. We use Roberta-
large for BERTScore.

A.5 T5 Training

We fine-tune the T5-base model (220M parameters)
trained on news summaries for each domain using
the AdaFactor optimizer (Shazeer and Stern, 2018)
with a learning rate of 0.001 and a batch size of 8.
The learning rate was tuned using ROUGE score
on a dev set, and we experimented with learning
rates in the range of [0.01,0.0001]. All other hyper-
parameters follow from the original T5 paper. Best
performing models were trained using one random
seed on NVIDIA V100 GPUs.

A.5.1 Human Annotation Layout
For human annotation of factual consistency in
summaries, we show the source document, ref-
erence summary and a candidate summary that
should be assessed for factuality. We then ask a
factuality question with three choices:

• Yes (i.e. the summary is factual)

• No (i.e. the summary contains factual incon-
sistencies)

• Not Sure (i.e. the summary is too incoherent
to judge)

If a summary is judged to be factually incorrect,
annotators are allowed to select the number and
type of errors they observe using a predefined list
of factual errors. A screenshot of the error types
and examples shown in the annotation task is given
in Figure 2. For less obvious cases of factual in-
consistency (for example when summaries contain
locations or political figures that require regional
background knowledge), we check factuality using
external knowledge bases to ensure correctness of
annotation. We also adhere to a strict binary notion
of factuality in deciding cases where summaries are
imprecise but ambiguous in terms of correctness,
opting to label these summaries as factually inaccu-
rate. If summaries are completely incoherent, we
treat these summaries as having the highest level
of factual inconsistency.

We validated the effectiveness of the setup by
computing inter-annotator agreement of in-house
expert annotators for 30 XSUM summaries. We
achieve “fair” agreement of Krippendorff’s α =
0.32 with 3 annotators and “moderate” agreement
of α = 0.44 with 2 annotators (Landis and Koch,
1977; Ageeva et al., 2015). The remaining annota-
tions are done by one in-house expert annotator.
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Figure 2: Examples of factual errors given in annotation task.

Dataset Level 1 Avg. Level 2 Avg. Level 3 Avg. Avg. % Transformed
(L1/L2/L3/All)

XSUM (Entity) 0.59 1.14 1.61 58.84 / 76.44 / 86.28 / 73.85
XSUM (Non-Entity) 0.48 0.93 1.28 48.32 / 74.00 / 85.40 / 69.24
CNNDM (Entity) 0.75 1.48 2.17 74.92 / 85.68 / 94.48 / 85.03
CNNDM (Non-Entity) 0.50 1.05 1.62 79.44 / 93.32 / 97.04 / 89.93
SAMSUM (Entity) 0.59 1.16 1.70 58.96 / 77.32 / 87.56 / 74.61
SAMSUM (Non-Entity) 0.49 0.91 1.28 48.52 / 72.80 / 84.12 / 68.48

Table 8: Analysis of simulated diagnostic dataset (we average across 5 different sets (runs) of randomized transformations
for the same 500 reference summaries). We provide results for the average number of induced factuality errors for factual
inconsistency level 1 (L1), level 2 (L2) and level 3 (L3), as well as the percentage (%) of summaries that were transformed for
each level and across all levels (All). We split the diagnostic dataset into two subsets based on whether simulated errors are
related to entities (Entity) or non-entity changes like verb negation (Non-Entity).
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Abstract

Recent work has shown that Aspect-Term Sen-
timent Analysis (ATSA) can be performed by
Gradual Machine Learning (GML), which be-
gins with some automatically labeled easy in-
stances, and then gradually labels more chal-
lenging instances by iterative factor graph in-
ference without manual intervention. As a
non-i.i.d learning paradigm, GML leverages
shared features between labeled and unlabeled
instances for knowledge conveyance. However,
the existing GML solution extracts sentiment
features based on pre-specified lexicons, which
are usually inaccurate and incomplete and thus
lead to inadequate knowledge conveyance.

In this paper, we propose a Deep Neural Net-
work (DNN) driven GML approach for ATSA,
which exploits the power of DNN in feature rep-
resentation for gradual learning. It first uses an
unsupervised neural network to cluster the auto-
matically extracted features by their sentiment
orientation. Then, it models the clustered fea-
tures as factors to enable implicit knowledge
conveyance for gradual inference in a factor
graph. To leverage labeled training data, we
also present a hybrid solution that fulfills grad-
ual learning by fusing the influence of super-
vised DNN predictions and implicit knowledge
conveyance in a unified factor graph. Finally,
we empirically evaluate the performance of
the proposed approach on real benchmark data.
Our extensive experiments have shown that the
proposed approach consistently achieves the
state-of-the-art performance across all the test
datasets in both unsupervised and supervised
settings and the improvement margins are con-
siderable.

1 Introduction

Aspect-Term Sentiment Analysis (ATSA) aims at
inferring the sentiment polarity towards a particu-
lar aspect in a sentence (Hu and Liu, 2004; Pon-
tiki et al., 2016). ATSA is important for many

ri sij text

r1

s1.1
service was awful mostly because staff
were overwhelmed.

s1.2 The staff should be a bit more friendly.

r2

s2.1
We ordered lamb which was perfectly
cooked and tasted awesome.

s2.2
The food was well-prepared and
presented.

Table 1: A running example: ri denotes a review and
si.j denotes a sentence.

applications (e.g., e-commerce and social media),
where the sentimental opinions in reviews can be
leveraged to create value for businesses and cus-
tomers. In ATSA, an aspect-term, also called target,
is explicitly mentioned in a review. For instance,
consider the running example shown in Table 1,
r1 evaluates the restaurant through two explicit as-
pects service and staff. The goal of ATSA is then to
detect the respective sentiment polarities expressed
towards these two aspects.

Up to now, the state-of-the-art solutions for
ATSA have been built upon various DNN mod-
els. The earlier solutions were usually equipped
with an attention mechanism (Tang et al., 2016b;
Wang et al., 2016; Tang et al., 2016a; Ma et al.,
2017; Chen et al., 2017; Li et al., 2018; Wang et al.,
2018; Tang et al., 2019). They mostly attempted to
learn aspect-related semantic representation of an
input sentence. Recently, ATSA has experienced
a considerable shift towards pre-trained language
models (Sun et al., 2019; Tang et al., 2019; Karimi
et al., 2020). Despite the effectiveness of these
approaches, unfortunately their efficacy heavily re-
lies on large quantities of accurately labeled data,
which require intensive human labor.

To alleviate the burden of manual labeling, a so-
lution based on the paradigm of Gradual Machine
Learning (GML) has recently been proposed for
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ATSA (Wang et al., 2021). First proposed for entity
resolution in (Hou et al., 2019, 2020), GML can
enable effective machine labeling without the re-
quirement for manual intervention. Given a classifi-
cation task, GML begins with some easy instances,
which can usually be automatically labeled by the
machine with high accuracy, and then gradually
reasons about the labels of its more challenging
instances by factor graph inference. As a non-i.i.d
(Independent and Identically Distributed) learning
paradigm, GML leverages shared features between
labeled and unlabeled instances for knowledge con-
veyance . However, the existing GML solution for
ATSA relies on pre-specified lexicons to extract
sentiment features. Its limitation is twofold: 1) sen-
timent lexicons may be inaccurate and incomplete;
2) a shared feature must explicitly appear in both in-
stances. However, explicit features cannot capture
the implicit similarity between instances and thus
lead to inadequate knowledge conveyance. Con-
sider the running example in Table 1. Unfortunately
the word well-prepared is not included in most of
the existing lexicons. It can also be observed that
the instances s2.1 and s2.2 do not share any explicit
feature, while perfectly cooked and well-prepared
have very similar meanings and can thus serve as
an implicit common feature.

Recently, DNN models have been proven to be
very powerful in feature representation for many
NLP tasks, where the features with the same se-
mantic context are mapped to close points in the
latent space (Devlin et al., 2018). For instance,
the words “cooked” and “well-prepared” are usu-
ally represented by two points close to each other
because they are semantically very close. Unfortu-
nately, the existing embedding models are designed
to map the features semantically, regardless of their
sentiment orientation. Therefore, they may map
two features with opposite polarities (e.g., “good”
and “bad”) to two close points in the embedding
space, which raises a challenge to be directly ap-
plied to feature extraction for ATSA.

In this paper, we propose a novel DNN-driven
GML approach for ATSA. It essentially exploits
DNN to sentimentally map the features of aspect-
terms into different polarity indicators, and mod-
els them as shared factors in a factor inference
graph to enable implicit knowledge conveyance.
To this end, we first combine the sentiment lexi-
con and dependency parser-based relations, which
are readily available, to generate aspect-opinion

words. Secondly, we use an unsupervised neural
network to filter the aspect-irrelevant and unsen-
timental words from an input sentence. Finally,
the resulting weighted sentences, which can be
considered to be purely sentimental, are used to
learn polarity indicators. The model is trained to
reconstruct the weighted sentence through a linear
combination from polarity indicators. To lever-
age labeled training data, we also present a hybrid
GML solution that fulfills gradual learning by fus-
ing the influence of supervised DNN predictions
and implicit knowledge conveyance in a unified
factor graph.

Our main contributions can be summarized as
follows:

1. We propose a DNN-driven GML approach
for ATSA, which can effectively exploit the
power of DNN in feature representation for
GML;

2. We present an unsupervised attention-based
neural network to cluster the features of
aspect-terms by their sentimental orientation;

3. We present a hybrid GML solution for ATSA,
which fulfills gradual learning by fusing the
influence of supervised DNN predictions and
implicit knowledge conveyance in a unified
factor graph.

4. We empirically validate the efficacy of the
proposed approach on benchmark data. Our
extensive experiments have shown that the
proposed approach consistently achieves the
state-of-the-art performance across all the test
datasets in both unsupervised and supervised
settings and the improvement margins are con-
siderable.

2 Related work

Aspect-Term Sentiment Analysis is a sub-task of
aspect-based sentiment analysis, which aims to de-
tect the sentiment polarity in response to a par-
ticular aspect in a sentence (Hu and Liu, 2004;
Pontiki et al., 2016). Traditional machine learn-
ing techniques (Kiritchenko et al., 2014; Castel-
lucci et al., 2014) proposed to learn SVM classi-
fiers based on different features such as n-grams,
non-contiguous n-grams and lexicon features. In
comparison, the DNN-based models equipped with
an attention mechanism have been shown to be
more effective on ATSA (Tang et al., 2016b; Wang
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et al., 2016; Tang et al., 2016a). Following this
trend, researchers have resorted to more sophisti-
cated attention mechanisms to refine neural ATSA
models (Ma et al., 2017; Chen et al., 2017; Li et al.,
2018; Wang et al., 2018; Tang et al., 2019). To
improve performance, they essentially attempted
to explicitly capture the importance of each con-
text word by learning aspect-related representation
of an input sentence. SenHint (Wang et al., 2019)
proposed to integrate DNN predictions and linguis-
tic hints in a joint framework. Recently, ATSA
has experienced a considerable shift towards pre-
trained language models (Sun et al., 2019; Tang
et al., 2019; Karimi et al., 2020). Unfortunately, the
efficacy of these models heavily relies on labeled
training data, which may not be readily available
in real-scenario.

From unsupervised perspective, earlier solu-
tions (Alvarez-López et al., 2016; Hutto and
Gilbert, 2014) proposed to detect the polarities of
aspect-terms based on lexicon rules. The authors
of (Schouten et al., 2017) proposed a mechanism
of spread activation for aspect-based polarity de-
tection. More recently, the authors of (Wang et al.,
2021) proposed an unsupervised solution based on
GML for ATSA. However, the existing GML solu-
tion extracts features based on sentiment lexicons,
which may not be accurate nor complete and thus
lead to inadequate knowledge conveyance.

The idea of mapping features into different clus-
ters has been investigated with different purposes.
The authors of (Iyyer et al., 2016) proposed to learn
a set of descriptors representing the fictional rela-
tionship between two characters changes over time,
and (He et al., 2017) proposed to learn a set of
aspect representatives from the corpora. Unfortu-
nately, none of them investigated how to cluster
implicit features by their polarity orientation.

3 Preliminaries

3.1 Task Definition

We formulate the task of aspect-term sentiment
analysis as follows:

Definition 3.1 [Aspect-Term Sentiment Analysis].
Let x = (r, s, t) be a target unit, where r denotes a
review, s a sentence in the review and t an aspect-
term associated with the sentence. Given a set of
target units, X , the goal of ATSA is to infer the
sentiment polarity of each target unit in X .

Figure 1: GML Paradigm Overview

3.2 GML Paradigm Overview

Our solution is built upon the non-i.i.d learning
paradigm of GML (Hou et al., 2019, 2020). As
shown in Figure 1, GML consists of the following
three steps:

3.2.1 Easy Instance Labeling.
Given a classification task, it is usually very chal-
lenging to accurately label all the instances in
the task without good-coverage training examples.
However, the work can become much easier if
we only need to automatically label some easy in-
stances in the task. In real scenarios, easy instance
labeling can be performed based on the simple
user-specified rules or the existing unsupervised
learning techniques. GML begins with the obser-
vations provided by the labels of easy instances.
Therefore, high accuracy of automatic machine la-
beling on easy instances is critical for its ultimate
performance on a given task.

For ATSA, this paper uses the unsupervised al-
gorithm of spread activation (Schouten et al., 2017)
to label easy instances. An instance is considered
as easy if its resulting dominate label meets a pre-
specified threshold.

3.2.2 Feature Extraction and Influence
Modeling.

Feature serves as the medium for knowledge con-
veyance. This step extracts the common features
shared by labeled and unlabeled instances. To fa-
cilitate effective knowledge conveyance, it is desir-
able that a wide variety of features are extracted to
capture as much information as possible. For each
extracted feature, this step also needs to model its
influence over the labels of its relevant instances.

For ATSA, we extract two types of features: sen-
timental feature and relational feature. Relational
feature, which has been well studied in (Wang et al.,
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2021), represents the explicit sentimental connec-
tion between sentences within the same review. In
the running example, due to the absence of any
shift word between s11 and s12, their polarities can
be supposed to be similar. In this paper, we focus
on how to enable implicit knowledge conveyance
by leveraging DNN for automatic extraction of sen-
timental features.

3.2.3 Gradual Inference.
This step gradually labels the instances with in-
creasing hardness in a task. Since the scenario of
gradual learning does not satisfy the i.i.d assump-
tion, gradual learning is fulfilled from the perspec-
tive of evidential certainty. Gradual learning is con-
ducted over a factor graph, which consists of the
labeled and unlabeled instances and their common
features, by iterative inference. At each iteration,
it chooses to label the unlabeled instance with the
highest degree of evidential certainty. The iteration
is repeatedly invoked until all the instances in a
task are labeled.

Given a factor graph, G, GML defines the proba-
bility distribution over its variables V as follows:

Pw(V ) =
1

Zw

∏

v∈V

∏

f∈Fv
φf (v)

∏

f ′∈F ′
φf ′(vi, vj),

(1)
where Fv denotes the set of sentimental features
associated with the variable v, F ′ denotes the set of
relational features, φf (v) denotes the factor asso-
ciated with v and f , φf ′(vi, vj) denotes the factor
associated with the relational feature f ′, and Z is
a partition function, i.e. normalization constant.
To effectively learn the factor weights without ac-
cess to the true labels of unlabeled variables, VI ,
GML minimizes the negative log marginal likeli-
hood given the observed labels of labeled variables,
Λ, as follows:

ŵ = argmin
w
−log

∑

VI

Pw(Λ, VI). (2)

A scalable approach for gradual inference on
ATSA has been presented in (Wang et al., 2021).
First, the unlabeled variables are sorted according
to their evidential support. Then, the top-m unla-
beled variables are considered as the candidates
for probability inference. To reduce the invocation
frequency of factor graph inference, an efficient al-
gorithm is used to approximate entropy estimation
on m candidates and select the top-k most promis-
ing variables for factor graph inference. Finally, the

Figure 2: DNN for Implicit Feature Extraction.

probabilities of the selected k variables are inferred
in the subgraphs of G. Since the inference process
of the DNN-driven GML is very similar to what
was presented in (Wang et al., 2021), its technical
details are omitted here due to space limit.

4 DNN-driven GML

In this section, we first present an unsupervised neu-
ral network to extract implicit sentimental features.
Then, we describe the unsupervised DNN-driven
GML that integrates implicit features into the pro-
cess of gradual inference. Finally, we describe the
hybrid GML solution that fuses the influence of
DNN predictions and implicit features for gradual
learning.

4.1 Implicit Feature Extraction by DNN

The purpose of implicit feature extraction is to learn
a set of polarity indicator embeddings I ∈ Rk×d,
where k is the number of indicators, which can be
leveraged to capture the similar features between
instances. Each indicator represents a set of fea-
tures that often occur in the contexts with the same
polarity.

Specifically, for each input sentence s and its
aspect term t, we first generate a set of aspect-
opinion words, denoted by As. Then, we use As
to construct a weighted vector vs ∈ Rd that can
be read as the sentimental representation of the
input sentence given the target of t. To this end,
we propose an attention-based unsupervised neural
network to filter the sentence by down-weighting
aspect-irrelevant and unsentimental information.
The model is trained by reconstructing vs as a lin-
ear combination of indicator embeddings from I.
The architecture of the proposed DNN has been
presented in Figure 2.
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4.1.1 The Input
The input to our model is a couple of sentence s and
its aspect-opinion words As. We use dependency-
based parse tree to generate aspect-opinion words
(modifiers) (Hu and Liu, 2004), then leverage the
adjective words and those detected by the lexicon
to construct As. Considering the running example
in Table 1, the sentiment words of s11 are awful
and overwhelmed. Suppose that we have a feature
embedding matrix L ∈ Rc×d, where c is the vo-
cabulary size and d is the embedding dimension.
Each word is then associated with a real-valued
embedding vi ∈ Rd from L representing its feature
vector (Mikolov et al., 2013):

s = {vs1, vs2, ..., vsn}, (3)

As = {va1 , va2 , ..., vam}, (4)

where s ∈ Rn×d and n is the sentence length, while
the input sentiment As ∈ Rm×d and m is the num-
ber of aspect-opinion words.

4.1.2 Attention-based Sentimental
Representation

For each input sentence s, we construct a weighted
vector vs to capture the sentimental information in
response to the aspect t. To this end, we apply two
attention mechanisms to filter away the irrelevant
information. The first one attempts to down-weight
non-sentimental words, while the second one is a
self-attention to attend to aspect-relevant informa-
tion (He et al., 2017).

Specifically, the first attention layer takes both
the sentence s and its opinion words As as an input.
Conceptually, we first compute the global senti-
ment vector va by averaging the word embeddings
of As, and then use it to weight each word embed-
ding vsi in s as follows:

va =
1

m

∑

vai ∈As
vai , (5)

oi = vsi
> · U · va, (6)

where the symbol · stands for element-wise dot
product, while U ∈ Rd×d is the transformation ma-
trix (i.e., to be learned during training) between
the global sentiment vector va and the input sen-
tence s. Next, we apply a softmax layer to yield a
non-negative weight for each word in s as follows:

αsi =
exp(oi)∑n
j=1 exp(oj)

, (7)

where the value of αsi can be read as the probability
of each word in the sentence s being a sentiment
word.

Although we have computed the sentimental im-
portance for each word in s, but not all the senti-
ment words are contextually related to the aspect.
Therefore, we apply another self-attention mech-
anism that takes only the sentence s as input. To
compute each word’s probability of being aspect-
relevant information, namely βsi , we follow the
same steps in the first attention layer. The only dif-
ference is that the global sentiment va in Equation
6 is replaced by the global context, which is simply
computed by averaging the word embeddings of
the input sentence s itself.

Finally, we sum both attention layer outputs,
αs ∈ Rn and βs ∈ Rn, and use it to construct
the weighted vector vs as follows:

vs = s> · (αs + βs), (8)

in which the resulting weight vector vs can be read
as the aspect-relevant sentiment representation of
the input sentence s.

4.1.3 Unsupervised Training
Now that we have obtained the aspect-relevant sen-
timent representation of an input sentence s, we
explain how to learn its polarity indicators using
a variant of dictionary learning. Considering the
matrix of indicators I as a dictionary, we attempt
to approximate vs as a linear combination of items
from I.

Formally, for each aspect-specific vector vs, we
compute a corresponding vector vks over k polarity
indicators by simply reducing vs from d dimen-
sions to k dimensions through a softmax layer as
follows:

vks = softmax(W · vs + b), (9)

where W ∈ Rk×d denotes a weight matrix and b
denotes the bias, both of which are supposed to
be learned during training. Note that vks can be
read as the probability that the input sentence s
belongs to each indicator. Then, we reconstruct the
representation vector by taking a weighted average
over the polarity indicators as follows:

vIs = I> · vks . (10)

Since the objective is to make vIs similar to vs,
we apply the widely used contrastive max-margin
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Figure 3: Factor graph of r1 in the running example.

objective function (Iyyer et al., 2016; Ahmed et al.,
2020). To that end, we randomly sample some
sentences from the training data as negative sam-
ples, and compute the weighted vector vs for each
sample using Equation 8.

Specifically, the objective is a hinge loss that
minimizes the inner product between the represen-
tation vector of vs and the reconstructed vector
vIs for the negative samples, while simultaneously
maximizes their inner product for other samples
in the training data. Formally, the hinge loss is
defined as:

J(θ) =
∑

s∈D

∑

s−∈D−
max{0, 1− vIs · vs + vIs · vs−},

(11)
where θ represents the model parameters, D repre-
sents the set of training data and D− the subset of
negative samples. Note that θ = {I, U,W, b}.

To discourage the model from learning similar
indicators, we add a regularization term to the ob-
jective function J that penalizes redundancy in the
matrix of polarity indicators (Iyyer et al., 2016):

M(θ) = ||I · I> − Y||, (12)

where Y denotes the identity matrix. The final train-
ing objective L is then represented by the weighted
sum of J and M as follows:

L(θ) = J(θ) + λM(θ), (13)

where λ is a hyper-parameter that controls the mag-
nitude of the regularization term.

4.2 Unsupervised GML Solution
Now that we have already learned a set of polar-
ity indicators, we describe how they can serve as
implicit features for gradual inference. Given a
sentence, we first estimate its aspect-specific vec-
tor vs using Equation 8, then compute the cosine
similarity between vs and each polarity indicator
in I. It thus results in a list of scores in the form
(indicator index, similarity score) representing how

the aspect-term’s features are close to each indica-
tor. We sort the scores and use top-k corresponding
indicators as representative features. We scale up
the similarity score to 10 to augment the number
of features and meanwhile avoid polarity conflict
between features. As shown in Figure 3, f5.4 repre-
sents an indicator feature with the index of 5 and
the similarity scale of 4.

Considering the instance of s11 in Figur 3, s11’s
top-5 indicators and their similarity scores are
(5, 0.44), (29, 0.2), (15, 0.16),(4, 0.13) and (9,
0.13). Then, its representative features are Fs11 =
{f5.4, f29.2, f15.1, f4.1, f9.1}. In gradual inference,
we restrict two instances to share an implicit feature
if and only if they are similar to the same indicator
with the same score scale. For instance, in Figure 3,
s11 and s12 share the indicators 4 and 5 with the
same score scale of 1 and 4 respectively.

Given ATSA task, each aspect-term within the
same review is represented by a variable. The evi-
dence variables are assigned constant values 0 or 1
representing their polarity labeling, while the val-
ues of the inference ones are inferred based on G.
The factor of an implicit feature fe in Equation 1
is defined by:

ϕfe(vi) =

{
1 vi = 0;
ewfe vi = 1;

(14)

where vi denotes a variable having the feature fe,
and wfe denotes the weight of fe. Note that the
weight wfe is initialized to zero, but needs to be
learned in the process of gradual inference.

4.3 Hybrid GML Solution
In the hybrid solution, we model the influence of
DNN outputs by DNN factors, denoted by fn, as
shown in Figure 3. In this paper, we have imple-
mented the hybrid solution by the state-of-the-art
BERT-based DNN of HP-SUM for ATSA (Karimi
et al., 2020). However, other DNN models can be
fused in the same way. Since supervised learning
is usually more accurate than unsupervised learn-
ing, we also label easy instances by supervised
DNN predictions. In other words, we consider
the instances with the most extreme probabilities
predicted by HP-SUM as easy ones to kick-start
gradual inference.

In factor graph, the DNN factor fn of a variable
corresponding to the aspect-term unit, (r, s, t) is
defined by:

ϕfn(vi) =

{
1 vi = 0;
ewfn vi = 1;

(15)

493



Method Rest 14 Rest 15 Rest 16 Lap 14 Lap 15 Lap 16

Unsupervised

VADER 79.65 76.21 75.18 69.72 74.31 68.31
LEX-SYN 80.84 75.82 76.77 70.17 75.81 69.64
SPD-ACT 81.89 76.02 81.06 74.84 77.15 73.77
Lexicon GML 83.83 80.22 85.64 82.25 82.42 80.31
DNN-driven GML 87.05 81.19 86.31 85.84 84.05 81.62

Attentive

ATAE-LSTM 88.56 76.72 81.19 79.45 77.11 73.13
IAN 87.98 77.09 78.37 76.68 77.36 74.87
RAM 90.0 76.26 87.72 81.87 80.61 76.27
GCAE 88.55 78.64 87.87 80.81 80.82 80.83
AEN-Glove 89.86 79.14 86.82 83.79 80.73 77.17
TNet-LF 90.36 80.74 87.95 83.22 81.17 76.75

Bert-based

AEN-BERT 92.74 84.64 90.07 90.11 90.74 84.89
BERT-SPC 93.76 83.49 91.72 90.62 88.74 86.64
HP-SUM 93.39 88.29 94.76 93.6 90.34 87.85
Hybrid GML 95.51 88.67 95.6 94.91 91.74 88.88

Table 2: Comparative Evaluation Results. Rest and Lap stand for Restaurant and Laptop domains respectively. The
respective best accuracies in the unsupervised and supervised setting are highlighted in bold.

in which wfn denotes factor weight. The value of
wfn is defined as

wfn = ln(
p

1− p), (16)

where p is the probability output of DNN (i.e., esti-
mated by HP-SUM) of a target t being positive in
the sentence s. It can be observed that Wfn > 0 if
p > 0.5; otherwise, if p < 0.5, then wfn < 0.

5 Empirical Evaluation

We evaluate our solution on six benchmark datasets
provided by the SemEval ABSA task across the
years 2014, 2015 and 2016 for the Restaurant and
Laptop domains (Pontiki et al., 2016). Note that
the original datasets are three-way labels (i.e., posi-
tive, negative and neutral). Since this paper focuses
on binary polarity classification, we only include
the reviews with positive or negative labels in our
experiments. Furthermore, we have trained the
polarity indicators for the restaurant and laptop
domains on unlabeled corpus collected from City-
search and Amazon, which have also been widely
used in previous work (Zhao et al., 2010; Ahmed
et al., 2020).

For unsupervised training, we initialized word
vectors by word2vec. We implemented GML in-
ference using the Numbskull library 1, a Python
NUMBA-based Gibbs sampler. Our GML imple-
mentation optimizes the parameters by Adam with

1https://github.com/HazyResearch/numbskull

the learning rate of 0.001. On all the test datasets,
we set the number of polarity indicators k to 50,
and the number of negative samples to 20. In the
spread activation algorithm for easy instance la-
beling, the easiness threshold is set to 0.7 for all
datasets. For the hybrid GML solution, the easy
instances are the top-30% ones with most extreme
probabilities as predicted by supervised DNN. For
each instance, the associated implicit features are
the top-5 polarity indicators’ scores scaled to 10.

The compared unsupervised techniques include:
(1) LEX-SYN (Alvarez-López et al., 2016). It in-
fers polarity based on lexicon and syntactic depen-
dency analysis; (2) VADER (Hutto and Gilbert,
2014). A rule-based approach; (3) SPD-ACT
(Schouten et al., 2017). It infers polarity by spread
activation; (4) Lexicon-based GML (Wang et al.,
2021). The GML solution built upon sentiment
lexicons.

The compared supervised DNN models include
the latest BERT-based models as well as traditional
attention-based models: (1) ATAE-LSTM (Wang
et al., 2016). An attention-based LSTM; (2) IAN
(Ma et al., 2017). An interactive attention model;
(3) RAM (Chen et al., 2017). A deep memory
model; (4) TNet-LF (Li et al., 2018). A target-
specific transformation network; (5) GCAE (Xue
and Li, 2018). A gated convolutional network;
(6) AEN (Song et al., 2019). An attentional en-
coder network. AEN has two variants: AEN-Glove
that uses Glove as feature embedding input, and
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AEN-BERT based on the pre-trained model BERT
fine-tuning; (7) BERT-SPC (Song et al., 2019). A
pseudo-sentence (i.e., sentence and aspect) BERT-
based approach; (8) HP-SUM (Karimi et al., 2020).
A BERT-based model equipped with parallel aggre-
gation and hierarchical aggregation modules.

Note that among the listed DNN models, the
last 3 models (i.e. AEN-BERT, BERT-SPC, and
HP-SUM) were built upon the latest pre-trained
BERT.

5.1 Main Results

We average the three runs’ performances and re-
port the detailed evaluation results in Table 2. We
have the following observations: (1) the unsu-
pervised DNN-driven GML consistently gives
the best accuracy compared to the unsuper-
vised alternatives across all datasets. The per-
formance advantage of the DNN-driven GML over
the lexicon-based GML suggests that a carefully-
designed implicit feature mechanism can effec-
tively perform better than lexicon-based explicit
features for ATSA; (2) the unsupervised DNN-
driven GML is even competitive with the tradi-
tional supervised attention-based models; (3) the
supervised BERT-based approaches indeed achieve
better performance than both traditional attention-
based DNNs and unsupervised GML. However,
their efficacy depends on the fine-tune phase that
requires an access to the labeled training data,
which are not available in the unsupervised set-
ting; (4) The hybrid GML solution consistently
achieves the state-of-the-art performance across
all datasets. It improves the best performance by
almost 2% on two datasets and 1%-2% on four
out of six datasets. In light of the well recognized
challenge of ATSA, these improvements are indeed
considerable.
Illustrative Examples. To illustrate the effective-
ness of implicit features, we present the features of
the running example in Table 3. It can be observed
that overwhelmed, well-prepared, and presented in
r11 and r22 respectively are not captured by the lex-
icon, and r12 contains the context misunderstand-
ing of friendly. Even though r11 and r12 do not
share any explicit information, the negative con-
text of friendly is very close to overwhelmed; they
thus share the implicit features f4.1 and f5.4. Like-
wise, well-prepared in r22 is very close to perfectly
cooked in r21, and they share the implicit features
f7.4 and f15.3.

rij
Features GML Labeling

LEX DDN-based LEX DNN

r11 Awful
{f9.1, f15.1,

f29.2, f4.1, f5.4} False True

r12 Friendly
{f2.4, f3.2,

f4.1, f5.4, f19.3} False True

r21
Perfectly,
Awesome

{f7.4, f15.3, f21.3
, f27.4, f30.2} True True

r22 -
{f7.4, f15.3,

f12.1, f1.1, f19.1} False True

Table 3: Illustrative examples of implicit features.

Figure 4: Visualization of the attention weights.

5.2 Effectiveness of Sentiment Weighting

We illustrate the effectiveness of the designed at-
tention mechanisms in terms of attending to aspect-
relevant sentiment information, and understanding
the context. We retrieve samples from the datasets
and visualize their attention weights in Figure 4, in
which the deeper the color, the more importance a
word has. It can be observed that the aspect-opinion
words are weighted among the others and the model
effectively attends to the sentiment words that are
not in the lexicon (e.g., personable, gracious in (a)
and (c) respectively). Since the sentiment words
dominate the sentence representation in Equation 8,
this indeed encourages the model to sentimentally
learn the representations of polarity indicators.

6 Conclusion

In this work, we propose a novel DNN-driven
GML approach for ATSA that can effectively lever-
age common implicit features for knowledge con-
veyance. Our extensive experiments have shown
that the proposed approach consistently achieves
the state-of-the-art performance in both unsuper-
vised and supervised setting. For future work, it is
noteworthy that the DNN-driven GML approach is
potentially applicable to other classification tasks;
the technical solutions however need further inves-
tigation.
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Abstract 

Large-scale conversational assistants like Alexa, 
Siri, Cortana and Google Assistant process every 
utterance using multiple models for domain, 
intent and named entity recognition. Given the 
decoupled nature of model development and 
large traffic volumes, it is extremely difficult to 
identify utterances processed erroneously by 
such systems. We address this challenge to 
detect domain classification errors using offline 
Transformer models. We combine utterance 
encodings from a RoBERTa model with the N-
best hypothesis produced by the production 
system. We then fine-tune end-to-end in a multi-
task setting using a small dataset of human-
annotated utterances with domain classification 
errors. We tested our approach for detecting 
misclassifications from one domain that 
accounts for <0.5% of the traffic in a large-scale 
conversational AI system. Our approach 
achieves an F1 score of 30% outperforming a bi-
LSTM baseline by 16.9% and a standalone 
RoBERTa model by 4.8%. We improve this 
further by 2.2% to 32.2% by ensembling 
multiple models. 

1 Introduction 

Conversational assistants such as Cortana, Google 
Assistant, Alexa and Siri leverage multiple 
machine learning models and services like 
automatic speech recognition (ASR), natural 
language understanding (NLU), entity resolution 
(ER), utterance routing and text-to-speech (TTS). 
In particular, the NLU system is modularized into 
multiple domains such as Music, Movies, Weather 
etc. These domain teams then train one-vs-all 
domain, intent and named entity recognition 
models independently. At run time, a re-ranker is 
used to sort the output of these independent models 
and route the utterance to the right domain. This is 

a well-known design pattern used in large scale 
conversational assistants (Sarikaya, 2017; Su et al., 
2018). 

This modularized architecture allows scaling of 
NLU systems to support multiple domains catering 
to billions of diverse utterances. However, it is 
extremely challenging to isolate the source of error 
in utterances where the system fails, both due to the 
large traffic volume and the asynchronous nature 
of model development and updates by multiple 
independent teams. In particular, we focus on 
identifying utterances with domain classification 
errors, which we call false rejects (FR). Such errors 
can arise due to errors in individual domain 
classification models, re-ranker or routing 
algorithm and are extremely hard to isolate. To 
illustrate this challenge, consider a domain X that 
accounts for 0.5% of the traffic in a conversational 
assistant receiving Y utterances every week. Also 
assume that 20% of the utterances belonging to X 
are falsely routed to another domain. This implies 
that we have 0.1% of the total traffic that are FRs. 
Given a large traffic, manually sifting through the 
entire traffic to find such utterances is prohibitively 
expensive and infeasible. 

Previous work in Feedback-Based Self-
Learning in Large-Scale Conversational AI Agents 
(Ponnusamy et al., 2020) uses implicit user 
feedback as a signal to generate automated 
reformulations. However, for low traffic domains, 
the low frequency of occurrence for utterances at 
the tail end of the distribution does not allow for 
automated reformulations at scale. Finetuning of 
pretrained language representation models which 
leverage inductive transfer learning (Howard and 
Ruder, 2018) have shown marked performance 
improvement with very small training datasets. 
Language models with bidirectional encoding such 
as BERT (Devlin et al., 2019; Liu et al., 2019) 
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which are pretrained using a masked language 
modeling task have shown further improvements 
on the finetuning task due to its deep bidirectional 
encoder-based language representation. Further, 
larger models with 100s of billions of parameters 
like GPT3 (Brown et al., 2020) have demonstrated 
significant performance improvements with 
increase in model size. However, leveraging such 
models in production systems is challenging due to 
latency constraints. 

We address this challenge by leveraging the 
power of BERT based pretrained language 
representation models in an offline setting. We 
combine utterance encodings from RoBERTa with 
embeddings of the N-Best hypothesis for the same 
utterance from the production system and conduct 
end-to-end finetuning in a multitask learning 
setting (Caruana, 1997) with a small, manually 
curated training set containing FRs. Multitask 
learning enhances language representation by 
discovering synergies between various finetuning 
tasks. We then use this model to sift through all the 
traffic and identify other FRs. 

We tested our approach for identifying FRs from 
one domain in a large-scale conversational 
assistant. Compared to the baseline F1 score of 
13% using a bi-LSTM model, our approach 
achieves an F1 of 25% using RoBERTa encodings. 
We further improve performance to 28% using N-
best output, 30% using multitask learning, and to 
32.3% using an ensemble of multitask models. 

The rest of the paper is organized as follows: 
first, we describe the production NLU system; next 
we present details of our FR detection system and 
finally we present experimental results and 
conclusion. 

2 Architecture of Large-Scale NLU 
Systems 

Large-scale NLU systems are typically 
modularized into domain-specific modules where 
a domain is typically something like Books, Music,  
Shopping etc. As illustrated in Figure 1, each 
domain consists of several sub-components that 
are served by models for Domain, Intent and 
Named Entity Recognition. Let's consider an 
example user utterance U: "play hello by adele". 
Assume there are M domains. This utterance is sent 
to all of them and each domain then processes the 
utterance by sending it through its sub-modules 
described below. 
(1) A Domain Classifier is a one-vs-all classifier  

indicating if the utterance belongs to that domain.  
For the example utterance U, a good classifier 
should output a high score for the positive class in 
the "Music" domain and output a high score for the 
negative class in all the other domains. 
(2) An Intent Classifier is a multi-class model that 
provides intent specific scores for each of the 
intents belonging to a target domain. For the 
example utterance U, a good intent classifier 
should produce a high score for the intent 
“PlayMusic” when run in the "Music" domain. 
(3) A Named Entity Recognizer (NER) that 
identifies named entities present in an utterance. 
For the utterance U, a good classifier in the 
"Music" domain should select "hello" and "adele" 
tokens as probable named entities. 
To minimize run-time latency constraints, most 
large-scale production systems use a combination 
of deterministic artifacts (like rules) and simple 
models like MaxEnt (Berger et al., 1996) for these 
tasks. Once the domains process the utterance, the 
outputs are fed into a predictive model called re-
ranker to obtain a sorted list. This sorted output is 
then used by the Router to send the utterance to the 
right domain for processing. 
Due to the high volumes of traffic and the modular 
architecture with several domains, detecting the 
presence of errors (for instance, a domain 
misclassification) and isolating their sources is 
very challenging. Errors can occur and accumulate 
through every step of the processing flow 
highlighted in Figure 1. We next present our 
approach to identify one such error called False 
Reject (FR) where an utterance does not get routed 
to the correct domain by the production system. 

Figure 1: NLU System Architecture 
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3 False Reject Detection 

For a given domain D, the task of identifying false 
rejects (FR) involves analyzing all traffic routed to 
a domain other than D and identifying utterances 
that should instead have been routed to D. The key 
challenges are the availability of only a small 
number of annotated examples of such FR and the 
extreme imbalance in our test set between FRs and 
utterances that are routed correctly.  

3.1 Baseline System 

As a baseline model, we used a bi-LSTM (Schuster 
and Paliwal, 1997) model to classify whether an 
utterance belongs to a domain D or not. Utterances 
tokenized into words and characters are leveraged 
in the form of their pre-trained Glove embeddings 
(Sakketou and Ampazis, 2020) and passed to a bi-
LSTM layer. The stateful output of the bi-LSTM 
layer is passed through a fully-connected layer 
which outputs the probability of an utterance 
belonging to domain D as per equation (1) where 
𝑋!  represent the stateful output of the bi-LSTM 
layers, 𝛽  the learned weights of the fully-
connected layer and 𝑌! represents the classes. 

 

Pr(𝑌! = 0) = "!".$%
#$"!".$%

	  (1) 

Pr(𝑌! = 1) = 1 − Pr(𝑌! = 0) =
1

1 + 𝑒%&.(%
 

 
The training data used for fine-tuning comes from 
a low-cost human annotation effort where a small 
set of utterances are marked as “False Reject” (FR) 
or not by expert annotators. The False Rejects 
(FRs) for a domain D are then identified by 
applying the bi-LSTM based model on a test set of 
utterances that match the production traffic 
distribution. The utterances that are assigned to a 
domain D by the bi-LSTM based model but are not 
assigned to a domain D by the production model 
are filtered as the final FR candidates. 

3.2 Pre-trained transformer models 

Pre-trained transformer models such as BERT, 
GPT, T5 have proven to be quite effective at 
multitude of NLU tasks. Specifically, they can be 
adapted to a downstream task by fine-tuning on a 
small-sized dataset. 

 

We leverage this strength for the task of FR 
detection. Specifically, we fine-tune a RoBERTa-
based model for a binary classification problem in 
which given a domain D, we want the model to 
output the probability of an utterance belonging to 
that domain (represented as Pr(𝑌! = 1)  in 
equation (1). Instead of the bi-LSTM output, here 
𝑋!  represents the weights from the pre-trained 
model passed through a fully-connected layer. The 
model is trained to optimize the cross-entropy loss 
using the same dataset as the baseline system. We 
use the Adam optimizer with bias correction 
(Kingma and Ba, 2017) and a learning rate of 2e-5 
with a warmup for 1/10th of the total number of 
training steps. 

3.3 Leveraging N-Best Embeddings 

The NLU system described in Section 3 produces 
an N-best hypothesis that represents the top N 
domains a user utterance likely belongs to. We 
tested incorporating this information into the FR 
detection model using two steps. 
Embed & Concatenate (N-best module): To 
leverage the N-best hypotheses, we choose top N 
hypotheses from the re-ranker, embed each of them 
into a 6-dimensional vector and concatenate them 
into a 6N-dimensional vector. This vector is further 
concatenated with the 1024 dimensional [CLS] 
token embedding from the pre-trained RoBERTa 
model. This (1024 + 6N) dimensional vector is 

Figure 2: Transformer model leveraging N-Best 
from domain production models for FR detection 
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then passed through a feed-forward layer to feed to 
the output layers. 
Multi-task output: The model is trained to output 
predictions for two tasks. The first task is to 
determine if the utterance belongs to a domain or 
not. This is a generic task and is not specifically 
geared towards identifying if the production 
system falsely rejected an utterance. To this, we 
add a second classification task to specifically 
classify if the utterance is falsely rejected or not. 
These tasks could also share useful information 
across one another through their input hidden 
features. 

The final model architecture that includes 
these components can be seen in Figure 2. A 
tokenized utterance is sent through the pre-trained 
RoBERTa model followed by the N-best module. 
The output from the N-best module is fed 
separately to two feed-forward layers to produce 
two outputs. The model is trained for 3 epochs 
using the same hyperparameters as the baseline 
transformer. The training took about 2 hours on a 
p3.dn24x large instance. 

4 Results 

We use a dataset with a FR to non-FR ratio of 1:15. 
This is not the true production distribution1.  
 

 Precision Recall F1 
bi-LSTM 20.3 9.7 13.1 
RoBERTa 50.1 16.3 25.2 

RoBERTa + N-
Best single task 

model 

23.4 35.3 28.1 

RoBERTa + N-
Best multitask 

model  

31.0 30.0 30.0 

RoBERTa + N-
Best multitask 

model (ensemble) 

37.4 28.3 32.2 

However, it captures the imbalance and the low 
resource setting that we want to address in our 
framework. We hold out 15% of this dataset for 
validation. We have processed the data so that users 
are de-identified. 
 

 
1 For confidentiality reasons, we don’t use the true 
production distribution. 

Table 1 compares the performance of different 
techniques we tested. We see a 12.1% absolute F1-
score improvement from bi-LSTM to RoBERTa 
illustrating the value of pre-training for problems 
with extreme class imbalance and small training 
sets. 
Incorporating the N-Best embeddings produces a 
further 3.1% improvement illustrating the value of 
using information from the production system 
itself to detect errors in its output. Using a 
multitask learning setting improves it further by 
1.9% showing how similar tasks share learning 
representations. Ensembling produces an 
additional 2.2% improvement that is consistent 
with other machine learning results.  

Figure 3 presents a comparison of the 
precision-recall curves for RoBERTa and 
RoBERTa+N-Best multitask models. While the 
performance is comparable at high precisions, at 
lower values, the latter significantly outperforms. 
This is because the standalone RoBERTa model 
identifies a small number of frequent FRs, while 
the RoBERTa+N-Best multitask model is able to 
identify a greater variety of FR patterns without 
compromising precision significantly. Thus, the 
latter model offers a better tradeoff in identifying 
FRs that can then be used as data to train the 
production domain classifiers. 

4.1 Production model improvements 

Our RoBERTa-large based model is not directly 
usable in production due to latency constraints. 
As a result, we use a human-in-the-loop system 
where we leverage our model by running it in an 
offline setting to identify false reject candidates. 
These false reject candidates are sent for human 
annotation and the resulting annotations are fed 
as training data to the production model. We've 
noticed that the annotation throughput of true 
false rejects is improved by 5x due to the curated 
candidates provided by the offline transformer 
model. Furthermore, because these annotations 
are used to further train the production model, 
the False Rejects are reduced by about 20%. 

 

Table 1: Performance comparison of different FR 
detection techniques 
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5 Conclusion 

Our work presents a system for leveraging the 
power of computationally intensive, but accurate 
pre-trained language models to identify errors in 
a large-scale conversational assistant through 
offline analysis. Our results also demonstrate the 
effectiveness of such models in problems with 
large class imbalances. Specifically, we achieve 
an F1 score of 25.2% outperforming a bi-LSTM 
baseline by 12.1%. Further, we show that 
combining the output of the production system 
with pre-trained language models produce 
significant improvements (of 4.8 F1 points). As 
future work, we plan to leverage even larger 
models such as Megatron (Shoeybi et al., 2019) 
and T5 (Raffel et al., 2019) to achieve further 
improvements for the FR detection task. 
 
References  
[1] A. Radford, K. Narasimhan, T. Salimans, and 
I. Sutskever. 2018. Improving language 
understanding with unsupervised learning. 
Technical report, OpenAI 2018. 

 

[2] Adam L. Berger, Stephen A. Della Pietra and 
Vincent J. Della Pietra. 1996. A maximum 
entropy approach to natural language processing. 
In Proceedings Association for Computational 
Linguistics, Volume 22, Number 1, pages 39-71.  

 

[3] Ashish Vaswani, Noam Shazeer, Niki 
Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. 
Gomez, Lukasz Kaiser and Illia Polosukhin. 
2017. Attention Is All You Need. Computing 

Research Repository, arXiv:1706.03762. 
Version 5. 
 
[4] Caruana, R. 1997. Multitask Learning. In 
Springer Machine Learning 28, 41–75, 
10.1023/A:1007379606734. 
 

[5] Chengwei Su, Rahul Gupta, Shankar 
Ananthakrishnan and Spyros Matsoukas. 2018. 
A Re-ranker Scheme for Integrating Large Scale 
NLU models. Computing Research Repository, 
arXiv:1809.09605. Version 1. 
 

[6] Colin Raffel, Noam Shazeer, Adam 
Roberts, Katherine Lee, Sharan Narang, Michael 
Matena, Yanqi Zhou, Wei Li and Peter J. Liu. 
2020. Exploring the Limits of Transfer Learning 
with a Unified Text-to-Text Transformer. 
Machine Learning Research Repository, 
arXiv:1910.10683. Version 3. 
 

[7] Diederik P. Kingma and Jimmy Ba. 2017. 
Adam: A Method for Stochastic Optimization. 
Machine Learning Research Repository, 
arXiv:1412.6980. Version 9. 

 

[8] Flora Sakketou and Nicholas Ampazis. 2020. 
A constrained optimization algorithm for 
learning GloVe embeddings with semantic 
lexicons, Knowledge-Based Systems. Volume 
195, 105628, ISSN 0950-7051. 

 
[9] Jacob Devlin, Ming-Wei Chang, Kenton Lee 
and Kristina Toutanova. 2019. BERT: Pre-
training of Deep Bidirectional Transformers for 
Language Understanding. In Proceedings of the 
2019 Conference of the North American Chapter 
of the Association for Computational 
Linguistics: Human Language Technologies, 
Volume 1 (Long and Short Papers), 
Minneapolis, Minnesota. Association for 
Computational Linguistics 
 
 

[10] Jeremy Howard and Sebastian Ruder. 2018. 
Universal Language Model Fine-tuning for Text 
Classification. In Proceedings of the 56th Annual 
Meeting of the Association for Computational 
Linguistics (Volume 1: Long Papers), 
Melbourne, Australia. Association for 
Computational Linguistics. 

Figure 3: Precision-Recall Curve for RoBERTa 
and RoBERTa+N-Best embedding multitask 
models 

502



 
 

 
 

[11] M. Schuster and K. K. Paliwal. 1997. 
Bidirectional recurrent neural networks. In IEEE 
Transactions on Signal Processing, vol. 45, no. 
11, pp. 2673-2681, 10.1109/78.650093. 

 

[12] Mohammad Shoeybi, Mostofa 
Patwary, Raul Puri, Patrick LeGresley, Jared 
Casper and Bryan Catanzaro. 2020. Megatron-
LM: Training Multi-Billion Parameter Language 
Models Using Model Parallelism. Computing 
Research Repository, arXiv:1909.08053. 
Version 4. 
 
[13] Pragaash Ponnusamy, Alireza Roshan 
Ghias, Chenlei Guo and Ruhi Sarikaya. 2020. 
Feedback-Based Self-Learning in Large-Scale 
Conversational AI Agents. Proceedings of the 
AAAI Conference on Artificial 
Intelligence, 34(08), 13180-13187. 
 
[14] Ruhi Sarikaya. 2017. The Technology 
Behind Personal Digital Assistants: An overview 
of the system architecture and key components. 
In IEEE Signal Processing Magazine, vol. 34, 
no. 1, pp. 67-81, 10.1109/MSP.2016.2617341. 

 

[15] Tom B. Brown, Benjamin Mann, Nick 
Ryder, Melanie Subbiah, Jared Kaplan, Prafulla 
Dhariwal, Arvind Neelakantan, Pranav Shyam, 
Girish Sastry, Amanda Askell, Sandhini 
Agarwal, Ariel Herbert-Voss, Gretchen Krueger, 
Tom Henighan, Rewon Child, Aditya Ramesh, 
Daniel M. Ziegler, Jeffrey Wu, Clemens Winter, 
Christopher Hesse, Mark Chen, Eric Sigler, 
Mateusz Litwin, Scott Gray, Benjamin Chess, 
Jack Clark, Christopher Berner, Sam 
McCandlish, Alec Radford, Ilya Sutskever and 
Dario Amodei. 2020. Language Models are Few-
Shot Learners. Computing Research Repository, 
arXiv:2005.14165. Version 4. 

 

[16] Yinhan Liu, Myle Ott, Naman Goyal, 
Jingfei Du, Mandar Joshi, Danqi Chen, Omer 
Levy, Mike Lewis, Luke Zettlemoyer and 
Veselin Stoyanov. 2019. RoBERTa: A Robustly 
Optimized BERT Pretraining Approach.  
Computing Research Repository, 
arXiv:1907.11692. Version 1. 

503



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 504–512
August 1–6, 2021. ©2021 Association for Computational Linguistics

OutFlip: Generating Out-of-Domain Samples for Unknown Intent
Detection with Natural Language Attack

DongHyun Choi1,2, Myeong Cheol Shin1, EungGyun Kim1, and Dong Ryeol Shin2

1Kakao Enterprise
{heuristic.c,index.sh.jason.ng}@kakaoenterprise.com

2Sungkyunkwan University
drshin@skku.edu

Abstract

Out-of-domain (OOD) input detection is vital
in a task-oriented dialogue system since the ac-
ceptance of unsupported inputs could lead to
an incorrect response of the system. This paper
proposes OutFlip, a method to generate out-
of-domain samples using only in-domain train-
ing dataset automatically. A white-box natu-
ral language attack method HotFlip is revised
to generate out-of-domain samples instead of
adversarial examples. Our evaluation results
showed that integrating OutFlip-generated out-
of-domain samples into the training dataset
could significantly improve an intent classifi-
cation model’s out-of-domain detection perfor-
mance1.

1 Introduction

Intent classification is crucial for task-oriented dia-
logue systems such as Google DialogFlow or Ama-
zon Lex. It is vital for an intent classifier not only
to map an input utterance into the correct label but
also to detect out-of-domain (OOD) inputs. An
accepted OOD input will lead the dialogue system
to give erroneous responses.

Approaches for OOD detection in text classifica-
tion could be classified into two major categories.
Outlier detection approaches (Fei and Liu, 2016;
Hendrycks and Gimpel, 2017; Shu et al., 2017; Lin
and Xu, 2019; Yan et al., 2020; Xu et al., 2020)
try to find out the boundaries of known classes in
feature space. They need no labeled OOD dataset,
but it is hard for them to deal with boundary cases.
(n + 1)-way classification approaches (Kim and
Kim, 2018; Larson et al., 2019; Ryu et al., 2018;
Zheng et al., 2020) train classifiers for OOD detec-
tion using (pseudo-)labeled OOD samples. In prac-
tice, it is difficult and expensive to collect a large

1The source code is available at https://github.com/
kakaoenterprise/OutFlip

number of labeled OOD samples with an open-
world environment.

This paper proposes OutFlip, a method to gener-
ate OOD samples from in-domain training dataset
automatically. For a given training dataset T and
a reference intent classification model M which is
trained with T , the OutFlip generates a set of OOD
samples O. The generated OOD samples O could
be used to train M iteratively to improve its OOD
detection performance. Since the OutFlip does not
require any modifications to the model architec-
ture, it could be used with other OOD detection
approaches to further improve the OOD detection
performance.

The generated OOD samples should satisfy two
conditions. First, they should be “hard-enough”;
if the generated examples are too easy to distin-
guish from in-domain intents, they will be useless
in training the OOD detector. Second, they should
not belong to any in-domain intents. With a given
reference model M and a set of in-domain labels
I , this could be considered as finding a sentence
xo with truth label y 6∈ I and model classification
y′ ∈ I . In this point of view, the OOD sample
generation task could be considered as a variant of
natural language attack on model M ; the goal of
natural language attack on M is to find a xa with
truth label y ∈ I and model classification y′ 6= y.
We revised HotFlip (Ebrahimi et al., 2018), a natu-
ral language attack method, to generate such OOD
samples.

Our evaluation results showed that the generated
OOD samples could significantly improve the OOD
detection performances of the reference models.
We also showed that applying OutFlip with other
OOD detection approaches could further improve
the model’s OOD detection performance. The eval-
uation results also suggest that the generated OOD
samples could train the models other than the refer-
ence model to improve their OOD detection perfor-
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mances.
Our contributions are summarized as follows:

• We proposed OutFlip, a simple and efficient
OOD sample generation method using only
in-domain training samples.

• We experimentally showed the effectiveness
of our proposed approach using the intent clas-
sification benchmarks.

• We showed that the generated OOD samples
could also improve the OOD detection per-
formances of models other than the reference
model.

2 Related Work

Previous OOD detection works could be classi-
fied into two major categories. Outlier detection
approaches find boundaries of known classes in fea-
ture space. Fei and Liu (2016) computes a center
for each class and transforms each document into a
vector of similarities to the center. A binary clas-
sifier is built using the transformed data for each
class. For deep learning-based systems, Hendrycks
and Gimpel (2017) proposed the baseline of using
softmax score as a threshold. Shu et al. (2017)
trained the intent classifier using the sigmoid func-
tion and used the standard distribution to set each
class’s score threshold. Lin and Xu (2019) first
trained the classifier using Large Margin Cosine
Loss (LMCL) (Nalisnick et al., 2018), and applied
Local Outlier Factor (Breunig et al., 2000) to de-
tect the OOD inputs. Yan et al. (2020) proposed
a semantic-enhanced Gaussian mixture model to
gather vectors of the same classes closely. Xu et al.
(2020) calculated the mean and covariance of train-
ing samples for each class and used Mahalanobis
distance as a distance function.
(n+ 1)-way classification approaches train the

intent classifier with one additional class, where
(n+ 1)-th class represents the unseen intent. Kim
and Kim (2018) proposed joint learning for in-
domain and out-of-domain speeches. Larson et al.
(2019) manually collected OOD samples to train
intent classifiers. Ryu et al. (2018) generated OOD
feature vectors using generative adversarial net-
work (Goodfellow et al., 2014) to train an OOD
detector. Since the approach proposed in Ryu
et al. (2018) only works on continuous feature
space, it highly depends on the feature encoder,
which transforms inputs into feature vectors. Zheng

et al. (2020) also generated OOD feature vectors,
but they also used unlabeled examples to enhance
classification performance further. Although the
(n+ 1)-way classification approaches are easy to
adopt without modification in the classification
model, it is incredibly costly and time-consuming
to collect the appropriate OOD samples.

The proposed OutFlip automatically generates
OOD samples using the only in-domain training
set, significantly reducing the cost of manually col-
lecting OOD samples. Also, the OutFlip does not
depend on the feature encoder.

The goal of adversarial attack in text classifica-
tion is to fool a given text classification model M ,
by generating an adversarial example xa with truth
label y and model classification y′ 6= y. Many suc-
cessful attacks first take a correctly classified exam-
ple x and replace its important words or characters
to get an adversarial sample xa. In a white-box sce-
nario, the attacker has access to the target model’s
structure; thus, the important word or characters
could be easily selected by inspecting the gradient
of model M . HotFlip (Ebrahimi et al., 2018) esti-
mates the best change of characters by maximizing
the first-order approximation of the change in the
loss.

In a black-box scenario, the attacker is not aware
of the model or training data; the attacker is only
capable of querying the target model with supplied
inputs and obtaining the output predictions and
their confidence scores. Alzantot et al. (2018) ran-
domly selects a word from sentence x and selects
a suitable replacement word that has a similar se-
mantic meaning. Jin et al. (2020) proposed a word
importance score, which is used to find the word to
be replaced. Li et al. (2020) applied BERT (Devlin
et al., 2018) pre-trained language model to find a
replacement word.

The proposed OutFlip first extracts important
words using the algorithm proposed in Jin et al.
(2020), and applies a variant of HotFlip (Ebrahimi
et al., 2018) to generate OOD samples which are
hard to distinguish from the in-domain intents by
the given reference model.

3 Proposed Approach

In this section, the proposed OOD sample genera-
tion approach OutFlip is described in more detail.
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3.1 HotFlip
We first introduce the white-box adversarial exam-
ple generation method HotFlip (Ebrahimi et al.,
2018). Let M be a text classification model, V
be the word vocabulary set, x = {x1; ...;xn} be
a sentence with n words where xi ∈ {0, 1}|V | de-
notes one-hot vector representing the i-th word,
and LM (x,y) be the loss of M on input x with
true output y. For a given sentence x, a flip of
the i-th word from wa to wb is represented by the
following vector:

~vib = (~0; ..; (0, ..,−1, .., 1, 0, .., 0)i; ..;~0) (1)

where -1 and 1 are in the corresponding posi-
tions for words wa and wb in the word vocabulary,
respectively. A first-order approximation of the
change in loss LM (x,y) can be obtained from a
directional derivative along this vector:

∇~vibLM (x,y) = ∇xLM (x,y)T · ~vib (2)

Then, the HotFlip chooses the vector with the
biggest increase in loss:

max∇xLM (x, y)T · ~vib = max
ib

∂L
(b)
M

∂xi
− ∂L

(a)
M

∂xi
subject to sim(wa, wb) ≥ Tsim

and POS(wa) = POS(wb)
(3)

where Tsim is a similarity threshold between
two words, and POS(wa) is the Part-of-Speech
tagging of wa. The two constraints are added to
ensure that xa is semantically similar to the orig-
inal input x. With equation 3, the HotFlip could
determine the flip position i and the replacement
word wb.

3.2 OutFlip
For a given reference model M and an in-domain
sample x with true output y, the main idea of Out-
Flip is to flip the most important word of x,wM (x),
to a semantically different word, while minimizing
the change of loss LM (x,y). By doing so, the Out-
Flip expects to get a sample xo whose truth label is
different from the truth label of x, while the model
classifications of xo and x are the same.

The word importance score proposed in Jin et al.
(2020) is defined as follows:

Ixi(M,x) = oy(M,x)− oy(M,x\xi) (4)

Algorithm 1 OutFlip
Input In-domain training corpus T = {x1, ..., xt},

in-domain labels Y , vocabulary V , reference
model M , similarity threshold Tsim

Output A set of OOD samples O
1: for y ∈ Y do
2: for x with truth label y do
3: Calculate wM (x)
4: end for
5: CT (y)← Top 5 most frequent wM (x)
6: end for
7:

8: for x ∈ T do
9: y ← truth label of x

10: if wM (x) ∈ CT (y) then
11: i← the position of wM (x)

12: Sort V in ascending order of ∂L
(b)
M

∂xi
13: Candidate← Top 1% of V
14: Remain only words whose similarity

with wM (x) is less than Tsim
15: Randomly select wb among candidates
16: Replace wM (x) with wb to get xo
17: if M classifies xo to y then
18: Add xo to O
19: end if
20: end if
21: end for

where y is the truth label of x, oy(M,x) is the
logit output of the target model M for label y, and
x\xi is the sentence after masking xi. The most
important word wM (x) is defined as the word with
the largest importance score in x.

For each in-domain label y of the training dataset
T , we define Core Class Token (CCT) CT (y) as
the top 5 most frequent wM (x) among the training
samples with truth label y. Since the importance
score is calculated based on the reference model
M , the OutFlip could select a wrong token as the
most important token due to the model error. If
the OutFlip flips such a word, the generated sen-
tence’s truth label will remain unchanged, leading
to an erroneous OOD sample. To prevent such
case, the OutFlip simply disregards x during OOD
generation process if wM (x) 6∈ CT (y).

In summary, the OutFlip chooses the replace-
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Figure 1: Applying the OutFlip to iteratively train the
reference model M with newly generated OOD sam-
ples.

ment word wb using the following equation:

min∇xLM (x,y)T · ~vib = min
ib

∂L
(b)
M

∂xi
− ∂L

(a)
M

∂xi
subject to sim(wa, wb) ≤ Tsim

and wa = wM (x)

and wa ∈ CT (y)
(5)

Since we do not need the generated OOD sam-
ples to be fluent, the part-of-speech condition is re-
moved. The OutFlip randomly chooses wb among
the top 1% of the vocabulary in the ascending order
of the loss change to generate more diverse sam-
ples. We used cosine similarity as the similarity
measure.

The truth label of the generated sample xo could
be an in-domain label different from y by chance.
The OutFlip checks the model classification result
of xo to see if it remains the same as x. If the clas-
sification result changes, the OutFlip disregards xo.
Algorithm 1 shows the pseudocode of the proposed
OutFlip.

3.3 Iteratively Populating OOD samples

The reference model M could be iteratively trained
with the generated OOD samples to improve its
OOD detection performance. Figure 1 shows the
overall framework. For each iteration, the set of
generated OOD samples O is randomly split into
training and dev set and used for the next train
iteration.

Since the OutFlip does not require any change in
model architecture, the OutFlip could be applied in-
dependently with other OOD detection algorithms

Dataset ATIS SNIPS Kakao
Language English English Korean
Vocab Size 938 12,054 22,831
Avg. Length 11.21 9.36 8.88
# Train 4,478 13,784 90,692
# Dev 500 700 11,310
# Test 893 - 12,711
# of Classes 18 7 48
Is Balanced X O O

Table 1: Dataset statistics.

that require modifications on model architecture or
loss function, such as Shu et al. (2017) or Lin and
Xu (2019). In such cases, those OOD detection
algorithms are applied to the examples classified
as in-domain to filter out the OOD samples further.

4 Experiments

In this section, experimental settings and evaluation
results are shown.

4.1 Datasets
Experiments are conducted on 3 real task-oriented
dialogue datasets, SNIPS (Coucke et al., 2018),
ATIS (Hemphill et al., 1990) and Kakao dialogue
corpus2 (Choi et al., 2020). SNIPS and ATIS are
well-known English benchmarks. Kakao dialogue
corpus is a Korean intent classification benchmark.
We evaluated the proposed OutFlip with the Kakao
dataset to see if it could be applied to different
languages. Table 1 summarizes the statistics of the
datasets. The ATIS dataset is highly imbalanced;
more than 70% samples belong to one class, while
three classes have less than 10 samples. The SNIPS
and Kakao datasets are relatively balanced.

Since the SNIPS dataset does not have a test set,
we randomly selected 30% of the training set and
used them as the test set.

4.2 Baselines
We implemented two sentence encoders to show
the generality of the proposed approach. LSTM
(Hochreiter and Schmidhuber, 1997)-based en-
coder applies one-layer BiLSTM with output di-
mension 128 on the word embeddings of the given
input; a self-attention layer with attention dimen-
sion 10 is followed to get the feature vector. CNN-
based model applies the algorithm proposed in Kim

2Since the Kakao dataset is not publicly available, we
contacted the authors to get the Kakao dataset and Korean
GloVe vectors.
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Dataset ATIS SNIPS Kakao
% of known intents 25% 50% 75% 25% 50% 75% 25% 50% 75%
MSPcnn 64.61 71.07 62.00 34.24 63.26 73.14 66.23 82.32 89.60
MSPlstm 65.82 71.52 61.18 34.12 63.30 73.28 64.23 81.37 88.28
DOCcnn 61.99 57.82 38.46 49.66 70.76 77.16 71.61 84.72 90.55
DOClstm 62.76 58.15 38.35 49.77 71.11 77.37 63.36 78.86 85.22
LMCLcnn 71.67 74.89 68.73 61.51 84.37 88.31 80.27 87.15 90.60
LMCLlstm 72.25 77.90 73.18 69.52 83.32 87.53 76.31 85.79 89.39
OutFlipcnn 74.18 79.23 69.37 79.20 84.25 88.99 81.78 85.45 86.85
OutFliplstm 73.85 74.50 68.30 79.26 84.00 88.67 81.96 84.64 86.42

Table 2: Comparisons of the OutFlip and previous OOD detection works. The top 2 results for each metric are
marked in bold. Tsim is set to 0.3, and the OutFlip is applied for three iterations.

(2014). More precisely, one-dimensional convolu-
tions with kernel sizes 2, 3, 4, 5 and filter size 32
are applied on top of the word embeddings. The
results are max-pooled to get the feature vector.
For both encoders, a dense layer is applied to the
feature vector to get the logit of each class.

We also implemented three baseline OOD detec-
tion systems, as follows:

1. Maximum Softmax Probability (MSP)
(Hendrycks and Gimpel, 2017) considers the
maximum softmax probability of a sample as
the rejection score. If the probability is below
a certain threshold, the sample is classified
as OOD. We used the threshold of 0.5, as the
authors suggested.

2. Deep Open Classification (DOC) (Shu et al.,
2017) replaces softmax with sigmoid activa-
tion as the final layer to calculate the score
for each class separately. It also calculates the
threshold for each class through a statistical
approach.

3. Large Margin Cosine Loss (LMCL) (Lin
and Xu, 2019) replaces the softmax loss with
large margin cosine loss (Nalisnick et al.,
2018), to force the model to maximize inter-
class variance and minimize intra-class vari-
ance. After training, it applies Local Outlier
Factor (LOF) (Breunig et al., 2000) on train-
ing features vectors to detect outliers as OOD.
We set the scaling factor s = 30 and cosign
margin m = 0.35, following the authors.

By combining two feature encoders and three
baseline OOD detection systems, we implemented
eight baseline reference models, six with an OOD
detection system and two without.

Pre-trained Embeddings Accuracy
GloVe (Pennington et al., 2014) 83.17 %
Korean GloVe (Choi et al., 2020) 51.33 %

Table 3: Evaluation results of GloVe embeddings on
the language-independent set of word analogy corpus.

4.3 Experimental Setup

Word embeddings are initialized with GloVe (Pen-
nington et al., 2014) pre-trained word vectors. We
downloaded the pre-trained embeddings containing
1.9M words trained on 42B tokens from the au-
thor’s homepage. For Korean, Korean pre-trained
GloVe embedding vectors proposed in Choi et al.
(2020) are used. The dimensions of both pre-
trained embeddings are 300.

We removed some classes from the train/dev set
during training and integrated them back during
testing, following the evaluation settings of Fei and
Liu (2016); Shu et al. (2017); Lin and Xu (2019).
We varied the number of known intents in the train-
ing dataset as 25%, 50%, and 75% of the intents,
and used all intents for testing. We randomly se-
lect known intents by weighted random sampling
without replacement in the training set. Note that
the samples belonging to the unknown intents are
removed during training and validation.

Following Fei and Liu (2016); Shu et al. (2017);
Lin and Xu (2019), macro F1 score is used to
evaluate the models. For each known intent se-
lection, the F1 score for each class is calculated
separately. Then the results are macro-averaged
across all classes. We reported the average of 10
random known intent selections for each evalua-
tion.

For each OutFlip iteration, 90% of the generated
OOD samples are added to the training set, and
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Dataset ATIS SNIPS Kakao
% of known intents 25% 50% 75% 25% 50% 75% 25% 50% 75%

MSPcnn
77.04 74.66 62.44 78.02 84.48 89.66 82.65 85.74 87.26
(+12.43) (+3.59) (+0.44) (+43.78) (+21.22) (+16.52) (+16.42) (+3.42) (-2.34)

MSPlstm
71.37 76.17 61.97 79.88 83.98 88.92 82.22 85.21 86.25
(+5.55) (+4.65) (+0.79) (+45.76) (+20.68) (+15.64) (+17.99) (+3.84) (-2.03)

DOCcnn
73.45 59.03 41.24 80.72 85.05 89.42 82.20 85.45 86.44
(+11.46) (+1.21) (+2.78) (+31.06) (+14.29) (+12.26) (+10.59) (+0.73) (-4.11)

DOClstm
70.20 59.69 41.09 81.99 85.08 89.69 80.14 81.28 80.78
(+7.44) (+1.54) (+2.74) (+32.22) (+13.97) (+12.32) (+16.78) (+2.42) (-4.44)

LMCLcnn
74.13 76.35 68.82 81.04 85.90 90.10 81.81 84.75 85.74
(+2.46) (+1.46) (+0.09) (+19.53) (+1.53) (+1.79 ) (+1.54) (-2.40) (-4.86)

LMCLlstm
75.44 76.37 71.34 80.86 84.56 88.76 82.24 84.19 85.35
(+3.19) (-1.53) (-1.84) (+11.34) (+1.24) (+1.23) (+5.93) (-1.60) (-4.04)

Table 4: Evaluation results of the baselines with the OutFlip applied. Tsim is set to 0.3, and the OutFlip is applied
for three iterations. Small numbers below the macro F1 score represents the performance improvement compared
to the same baseline without applying the OutFlip.

the remaining 10% are added to the dev set. The
populated train/dev sets are used for the next train
iteration.

Adam optimizer (Kingma and Ba, 2015) with
an initial learning rate of 0.001 is used to train
the model. The training batch size is set to 128.
Exponential learning rate decay with a decay rate of
0.8 is applied for every two epochs. On each epoch,
the trained classifier is evaluated against the dev
set, and the training stops when the dev accuracy is
not improved for five consequent epochs.

4.4 Evaluation Results

Table 2 shows the evaluation results of the pro-
posed OutFlip and other baseline systems. As can
be observed from the table, the proposed OutFlip
outperforms other baselines when the number of
known intents is small. The small number of known
intents is the most similar case to real-world appli-
cations, since in the open-world environment, the
number of unknown intents is much larger than the
number of known intents. The OutFlip also gives
comparable results for ATIS and SNIPS corpus
with the larger number of known intents.

For the Kakao corpus, the OutFlip performance
is lower compared to the other baselines. To fig-
ure out the reason, the qualities of English GloVe
embeddings and Korean GloVe embeddings are
compared. We used 4 out of 14 categories in the
word analogy corpus (Mikolov et al., 2013) for fair
comparison; capital-common-countries,
capital-world, currency and a subset of

family. We removed all the syntactic questions
since they cannot be translated into Korean words
one-to-one. Part of family category is removed
for the same reason. We also removed categories
that give an advantage on English pre-trained em-
beddings; for example, the city-in-state cat-
egory is removed because it contains relationships
between US cities and US states. The remaining
6,168 questions are manually translated into Ko-
rean.

Table 3 shows the evaluation results of the En-
glish and Korean GloVe vectors on our subset of
the word analogy corpus. As can be observed, the
accuracy of Korean GloVe is much lower compared
to the English GloVe vectors. Since the OutFlip
relies on the cosine similarities between pre-trained
embedding vectors to generate the OOD samples,
the quality of embedding vectors is critical to the
OOD generation performance.

Next, we applied the proposed OutFlip to other
OOD detection baselines to see if the OutFlip could
further improve their performance. Table 4 shows
the evaluation results. In most cases applying
the OutFlip to other OOD detection approaches
resulted in performance improvement. The per-
formance improvement was significant when the
dataset is balanced, and the number of known in-
tents is small.

We conducted a set of experiments to find out
the best OutFlip iteration number and Tsim value.
Figure 2 and Figure 3 shows the OutFlip perfor-
mances on the benchmark datasets with changing
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Figure 2: Evaluation results of OutFlipcnn with changing Tsim. We fixed the number of OutFlip iteration to 2.
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Figure 3: Evaluation results of OutFlipcnn with changing OutFlip iteration number. We fixed Tsim to 0.3.

Tsim values and OutFlip iteration numbers, respec-
tively. Increasing Tsim value would cause the Out-
Flip to generate more challenging examples, but the
chance of developing wrong OOD samples would
also increase.

Figure 2 suggests that the balanced dataset like
SNIPS could easily recover the errors introduced
from large Tsim values. In contrast, the ATIS
dataset’s macro F1 score decreases with the in-
creased Tsim values when many intents are known.
Since 3 out of 18 ATIS intents have less than ten
sentences, one or two erroneous OOD samples
could lead to a performance drop. The macro F1
score of the balanced Kakao dataset does not in-
crease with the Tsim values larger than 0.3. Since
the quality of Korean GloVe is relatively low, large
Tsim values introduce more errors compared to the
English datasets.

As can be observed from Figure 3, in most cases,
the macro F1 score converges with two to three
OutFlip iterations. Additional OutFlip iterations
give small or no performance improvements for
balanced datasets and decrease macro F1 score
for unbalanced dataset ATIS by introducing more
errors.

One advantage of the OutFlip is that the gen-
erated OOD samples could be used to train and
improve the OOD detection performance of the
models other than the reference model without ap-
plying additional OutFlip iterations. We trained the
BERT-base and BERT-large models (Devlin et al.,

2018) with the ATIS and SNIPS benchmarks. As
the same as previous experiments, the unknown
intents are removed during training and integrated
back during testing. Besides, we added OOD sam-
ples generated using reference models OutFlipcnn
and OutFliplstm with three OutFlip iterations and
Tsim value 0.3, while training the BERT models.

Table 5 shows the evaluation results of the BERT
models trained with the OutFlip-generated OOD
samples. As can be observed from the table, the
OutFlip-generated OOD samples significantly im-
proved the OOD detection performances of BERT
models, regardless of the reference models used to
generate the OOD samples.

4.5 Error Analysis
We randomly selected 200 samples from the OOD
examples generated by OutFlipcnn with three iter-
ations and Tsim = 0.3 for the ATIS dataset, when
75% of the intents are known. The number of
newly generated OOD samples for each iteration
is shown in Table 6. We manually analyzed the
selected examples for errors.

Among the 200 examples, 186 of them were
correctly generated OOD sentences. Out of 14 er-
ror cases, 12 were due to the wrongfully extracted
Core Class Tokens. Some ATIS intents have too
few examples to extract Core Class Tokens; for ex-
ample, intent atis restriction has only six
samples. Also, an entity which shows up too fre-
quently could also lead to wrong Core Class Token
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Model
Reference model ATIS SNIPS
for OutFlip 25% 50% 75% 25% 50% 75%

BERT-base
None 62.14 74.73 72.61 34.66 60.76 70.49
OutFlipcnn 70.60 76.08 72.45 74.51 81.09 86.92
OutFliplstm 71.58 78.22 72.68 73.02 81.04 86.50

BERT-large
None 62.17 74.01 73.32 34.56 61.07 70.51
OutFlipcnn 76.02 80.68 79.54 70.95 80.53 87.06
OutFliplstm 74.55 81.46 75.38 73.15 80.31 86.60

Table 5: Results of applying OutFlip-generated samples to train models other than the reference model. Reference
model None means no OutFlip-generated OOD samples are added during training.

Iteration 1 2 3 4
ATIS 2003 1648.5 755.5 336.6
SNIPS 4923.5 4644.2 3221.5 1956.2

Table 6: The number of generated OOD sam-
ples for each OutFlip iteration with reference model
OutFlipcnn, Tsim = 0.3. 75% of the intents are known.
Numbers are the average of 10 known intent selections.

extraction result. For intent atis flight, 797
out of 4,334 samples contain the entity “Denver”.

For one case, the OutFlip-generated sentence ac-
cidentally belongs to the other in-domain intent.
However, due to the reference model’s error, the
OutFlip fails to remove the generated sentence. A
training instance “Can you list the cheapest round
trip fare from Orlando to Kansas City” (truth label
atis airfare ) is converted to a sentence “Can
you list the cheapest round trip airplane from Or-
lando to Kansas City” (truth label atis flight),
but the reference model classifies the converted sen-
tence to atis airfare. Since the classification
result remains the same, the OutFlip considers the
generated sentence as “hard-enough” OOD sample.

The ATIS dataset allows an instance to have mul-
tiple labels; two or more labels are assigned to
23 ATIS training instances. The OutFlip failed to
properly handle those instances. The remaining
one error case is generated from a training instance
with two assigned labels.

5 Conclusion

In this paper, we proposed OutFlip, a method to
generate OOD samples using only in-domain train-
ing dataset. Our evaluation results showed that
the proposed OutFlip could significantly improve
the OOD detection performance of an intent clas-
sification model by iteratively generating difficult
OOD samples. Since OutFlip does not require any

modifications to model architecture, it could be
used with other OOD detection approaches to im-
prove OOD detection performance further. We also
showed that the generated OOD samples could be
used to train and improve the OOD detection per-
formance of models other than the reference model,
without applying additional OutFlip iterations.

Currently, we only focused on generating diffi-
cult OOD samples, which can fool the reference
model. However, generating meaningful OOD sam-
ples could also be beneficial, since then the dia-
logue engine developer could check the generated
OOD samples to find new intents. As our future
work, we will focus on generating meaningful, flu-
ent OOD samples.
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Abstract

Automatic math problem solving has re-
cently attracted increasing attention as a long-
standing AI benchmark. In this paper, we fo-
cus on solving geometric problems, which re-
quires a comprehensive understanding of tex-
tual descriptions, visual diagrams, and theo-
rem knowledge. However, the existing meth-
ods were highly dependent on handcraft rules
and were merely evaluated on small-scale
datasets. Therefore, we propose a Geometric
Question Answering dataset GeoQA, con-
taining 5,010 geometric problems with cor-
responding annotated programs, which illus-
trate the solving process of the given prob-
lems. Compared with another publicly avail-
able dataset GeoS, GeoQA is 25 times larger,
in which the program annotations can pro-
vide a practical testbed for future research on
explicit and explainable numerical reasoning.
Moreover, we introduce a Neural Geometric
Solver (NGS) to address geometric problems
by comprehensively parsing multimodal infor-
mation and generating interpretable programs.
We further add multiple self-supervised auxil-
iary tasks on NGS to enhance cross-modal se-
mantic representation. Extensive experiments
on GeoQA validate the effectiveness of our
proposed NGS and auxiliary tasks. How-
ever, the results are still significantly lower
than human performance, which leaves large
room for future research. Our benchmark and
code are released at https://github.com/chen-
judge/GeoQA.

1 Introduction

In recent years, developing machine learning sys-
tems to solve math word problems (MWPs) auto-
matically has attracted increasing attention due to
its high academic value and the great application
potential in smart education (Bajaj and Sharma,

∗Equal contribution.
†Corresponding author.

As shown in the figure, in O, AB is
the chord, OC AB, if the radius of

O is 5 (N0) and CE=2 (N1), then the
length of AB is ()

A. 2 B. 4 C. 6 D. 8
Answer: D. 8

Problem Type: Length Calculation

Knowledge Points: Vertical Diameter, Pythagorean Theorem

Problem Solving Explanations: 

OE=OC-CE=5-2=3. According to the Pythagorean Theorem, 

AE = = = 4. Thus, AB=2AE=8.

Annotated Programs: 

Minus | N0 | N1 | PythagoreanMinus | N0 | V0 | Double | V1

Step1: Minus(N0, N1) = 5 – 2 = 3 (V0) 

Step2: PythagoreanMinus(N0, V0) = = 4 (V1)

Step3: Double(V1) = 2 4 = 8 (V2)

Figure 1: Illustration of a typical geometry problem
with the annotated programs in our GeoQA dataset.

2018; Lin et al., 2018). Most of the existing
methods focus on solving arithmetic and algebraic
problems, including traditional machine learning
approaches (Kushman et al., 2014; Zhou et al.,
2015; Huang et al., 2016) and network-based mod-
els (Wang et al., 2017, 2018; Xie and Sun, 2019),
while solving geometric problems has been rarely
investigated (Seo et al., 2014, 2015a; Sachan et al.,
2017). As a classic math problem, geometry domi-
nates a large portion of secondary education. Due
to its challenges and data characteristics, geometry
problem can also serve as a multimodal numeri-
cal reasoning benchmark requiring joint reasoning
over diagram and text.

As shown in Figure 1, a typical geometric ques-
tion mainly consists of textual descriptions and ge-
ometric diagrams. Compared with math word prob-
lems, which only involve problem texts, geometric
questions have posed the following new challenges.
First, the additional problem diagrams provide es-
sential information absent from the problem text,
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such as the relative location of lines and points;
thus, the solver should have the capability to parse
the diagram. Second, to solve a geometry prob-
lem, we need to understand and align the semantics
of text and diagram simultaneously. However, the
problem text often includes some ambiguous refer-
ences and implicit relations to diagram elements,
which increases the difficulty of joint reasoning
over text and diagram. Third, many geometric
problems require extra theorem knowledge in the
problem solving process. For example, in Figure 1,
the Pythagorean Theorem is used to calculate the
length of line AE.

Though some previous methods (Seo et al., 2014,
2015a; Sachan et al., 2017, 2020; Sachan, 2020)
attempt to resolve the mentioned issues, the per-
formance of their geometric problem solving sys-
tems is far away from satisfactory. They highly
depended on limited handcraft rules and were only
validated on small-scale datasets, making it hard to
generalize to more complex and real-world cases.
Besides, the solving process is sophisticated, which
means it is difficult for a human to understand and
examine its reliability.

To refresh the research on geometric problem
solving and promote further study on multimodal
numerical reasoning, we propose a large-scale real-
world geometric question answering dataset called
GeoQA, which contains 5,010 multiple-choice ge-
ometric problems collected from real math exams
in Chinese middle school. Inspired by Amini et al.
(2019), we additionally introduce a new domain-
specific language to model precise operation pro-
grams corresponding to the geometry problem.
These executable programs represent the numerical
reasoning steps of geometry problems. Compared
with the existing dataset GeoS and GeoS++ (Seo
et al., 2015a; Sachan et al., 2017), our GeoQA is
larger, more diverse, provides additional program
annotation, thus serves as a promising benchmark
to improve both generalization and interpretability
of the multimodal numerical reasoning approaches.

Moreover, we propose the first deep learning-
based approach for geometry problem solving,
named as Neural Geometric Solver (NGS). It ap-
plies a co-attention mechanism to fuse the repre-
sentation of text and diagram, and predicts the
explainable programs based on the cross-modal
representation. These sequential programs can be
executed to obtain a final answer. Benefiting from
the structured and explainable program prediction,

our NGS has both merits in superior performance
by learning-based models compared to previous
rule-based methods, as well as generating explain-
able numerical reasoning steps via the program
sequence in favor of the model diagnosis. We fur-
ther design three highly-relevant pretext tasks to
enhance text-diagram semantic representation, in-
cluding diagram jigsaw location prediction, dia-
gram geometric element prediction, and knowledge
point prediction. Extensive experiments are con-
ducted on GeoQA benchmark, and the quantitative
comparisons show the superiority of the proposed
NGS and auxiliary tasks over other multimodal
baselines.

In summary, our contributions are three-fold:

• We construct a large-scale dataset for geometric
problem solving, which contains 5,010 Chinese
geometric multiple-choice questions with rich
domain-specific program annotations.

• A novel Neural Geometric Solver is proposed
to solve geometric problems by generating sym-
bolic programs based on the joint understanding
of textual descriptions and diagrams.

• Multiple specialized auxiliary tasks are employed
to effectively improve the semantic representa-
tion of text and diagrams. Experiments show
the superiority of our NGS equipped with these
auxiliary tasks.

2 Related Work

Geometry Problems Solving Developing auto-
mated systems to solve geometry problems has a
long history in AI (Gelernter et al., 1960; Wen-
Tsun, 1986; Chou et al., 1996; Ye et al., 2008). For
example, Seo et al. (2014, 2015a) built the first
automated system, GeoS, to solve SAT style ge-
ometry problems. GeoS used NLP and computer
vision techniques (e.g., OCR) to parse a geometry
problem’s text and diagram jointly as logic forms.
However, this system highly depended on the man-
ually designed logic forms and was only examined
in a small dataset with 185 problems. Besides, the
limited logic forms are hard to cover various geom-
etry problems, leading to low generalization. To
improve GeoS, Sachan et al. (2017); Sachan and
Xing (2017) replaced these handcraft constraints
with geometry axiomatic knowledge in the form
of horn-clause rules, but their dataset and code are
not released. To boost the generalization and inter-
pretability of existing works, we propose a large-
scale GeoQA benchmark, which is 25 times larger
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than the only public dataset Seo et al. (2015a), and
provides program annotation.

Multimodal Reasoning Visual question answer-
ing is a representative multimodal task that requires
the model to have reasoning ability (Goyal et al.,
2017; Yu et al., 2019). Johnson et al. (2017) built
a new diagnostic VQA dataset (called CLEVR)
with annotated functional programs. Based on
this benchmark, some methods proposed an im-
plicit reasoning framework to jointly encode mul-
timodal information (Perez et al., 2017; Santoro
et al., 2017). Moreover, several works (Yi et al.,
2018; Mao et al., 2019) utilize domain-specific
languages to perform explicit symbolic reasoning.
However, these program languages only consider
elementary operations, such as counting objects.
They are not directly applicable to geometric prob-
lems, which require multiple steps of numerical
calculation and involve theorem knowledge.

Self-supervised Auxiliary Task Self-supervised
pretraining has gradually emerged (Doersch and
Zisserman, 2017; Newell and Deng, 2020) as a ef-
fective technique to deal with label scarcity and
improve model performance. To enhance visual
features, most of these methods construct pseudo
labels automatically and train on auxiliary tasks,
including image jigsaw (Noroozi and Favaro, 2016;
Ahsan et al., 2019), inpainting (Pathak et al., 2016),
super resolution (Ledig et al., 2017), etc. Inspired
by these works, we design two self-supervised aux-
iliary tasks and a supervised auxiliary task to en-
hance the reasoning ability of our NGS.

3 GeoQA Dataset

Due to the limited data scale and problem types, the
existing geometric problem reasoning dataset (Seo
et al., 2015a) can neither comprehensively reflect
model’s reasoning ability, nor support the training
of neural models. To propose a better benchmark
for the evaluation of multimodal numerical reason-
ing and inspire applications in smart education, we
collect a new dataset GeoQA. It contains 5,010
diverse real-world geometric problems in Chinese
middle school exams, and each problem is addition-
ally annotated by specific programs that describe
the problem solving process. Besides, we also pro-
vide human performance on GeoQA, as shown in
Table 3.

Total Train Val Test
Number 5010 3509 746 755
Angle 2745 1939 388 418
Length 1873 1303 287 283
Other 392 267 71 54

#Avg DS 108×140 108×140 107×141 107×140
#Avg QL 52.5 52.4 52.4 57.7
#Avg KP 2.10 2.10 2.07 2.14
#Avg ET 1.11 1.13 1.08 1.09
#Avg OP 1.98 1.99 1.92 1.98
#Avg PL 5.35 5.39 5.17 5.36

Table 1: Statistics of our GeoQA dataset. It contains
three types of problems, including angle, length, and
other problems. Besides, DS, QL, KP, and ET repre-
sent diagram size, question length, knowledge points,
and element types, respectively. OP and PL represent
operation number and program length.

3.1 Data Description
Generally, a geometry multiple-choice problem can
be represented as a tuple (t, d, c, i) where t is the
problem text in natural language, d is the problem
diagram, c = (c1, c2, c3, c4) represents the 4 nu-
merical options for the problem, i is the answer
index. Given the text t and diagram d, an algorithm
is required to predict the correct answer ci ∈ c. To
collect as much useful information as possible, we
also provide the natural language-based problem
solving explanations e, problem type t, the related
knowledge points k, and our annotated programs p
for each problem. Therefore, a geometry problem
can be represented as (t, d, c, i, e, t, k, p). Fig. 1
shows an example of geometric problems.

Moreover, there are three problem types in our
GeoQA, i.e., angle calculation, length calculation,
and others which contain various types of problems
such as area calculation. We adopt the corpus di-
versity metric proposed by Miao et al. (2020) to
evaluate the diversity of GeoQA. The result is 0.47,
which is relatively high compared with other math
problem datasets, indicating that our dataset is di-
verse. The source data already contains manually
tagged knowledge points in each problem, we de-
sign rule-based regular expressions to normalize
the original knowledge points to 50 categories. We
split our GeoQA into three subsets – train set, valid
set, and test set, in a ratio of 7.0: 1.5: 1.5. The data
statistics of our GeoQA are shown in Table 1.

3.2 Program Representation
The neural network has proved to be a power-
ful tool to address complex multimodal reason-
ing tasks. However, it still faces challenges when
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Types Programs
Basic Equal, Double, Half

Arithmetic Add, Minus, Multiply, Divide
Trigonometric Sin, Cos, Tan, Arc-Sin, Arc-Cos

Theorem Pythagorean Add/Minus, Proportion,
& Formula Circle Area, Circle Perimeter, Cone Area
Constant 30, 60, 90, 180, 360, π, 0.618

Table 2: An overview of 18 operations of four different
types and 7 constants in the defined program set.

conducting numerical calculation and providing ex-
plicit problem solving process, which are actually
two crucial points in the task of geometric problem
solving. To make better use of neural networks in
the geometric problems solving process, inspired
by Amini et al. (2019), we introduce a new domain-
specific language to model the geometric problem
solving process based on the GeoQA dataset. This
program language can be directly executed to calcu-
late the numerical answer based on the predefined
operations and their arguments.

The program types contain operations OP , con-
stants Const, problem variables N , and process
variables V . As shown in Table 2, operations are
divided into multiple categories, including Basic,
Arithmetic, Trigonometric, Theorem, and Formula
operations. Each operator involves n(= 1, 2, 3) el-
ements selected from constants and variables. Con-
stants are predefined numbers that are frequently
used in geometric problems, such as π and the de-
gree of a Right Angle (90). The problem variables
refer to all the number that appears in the current
problem, and process variables are obtained during
the execution process.

In addition to the common math operations, our
programs also contain some operations represent-
ing the knowledge of theorems and formulas that
is helpful to address geometric problems, such as
the Pythagorean theorem and the area calculation
formula of a circle. It is worth noting that many
simple geometric formulas do not require addi-
tional definitions. For example, given a square with
side length a, its area can be directly computed by
Multiply(a, a).

The interpretability of our program is reflected
on the sequential process of the operations, the se-
lected constants and variables, and the application
of theorems and formulas. As shown in Figure 1,
we can have a general understanding of the entire
problem solving process after reading the program.

3.3 Collection and Annotation

We collect GeoQA from two online education web-
sites1. These problems are oriented grades 6-12,
containing various types of problems with corre-
sponding knowledge points and solving explana-
tions. we organize more than ten well-trained col-
lege students with a relevant major to specifically
annotate our programs by referring to the solving
explanations. To ensure label quality and consis-
tency, they are required to read the guideline of an-
notation standards and examples in advance. Each
annotated program is double-checked by one of the
authors, and the annotator with low accuracy would
be disqualified. The annotated operations required
to solve the problem are limited to a maximum of
4 steps, thus a small number of complex and hard
problems are filtered.

4 Neural Geometric Solver

We propose Neural Geometric Solver (NGS) to ad-
dress geometric problems by jointly understanding
text, diagram, and then generating explainable pro-
grams. Moreover, we utilize some novel auxiliary
tasks to enhance the understanding ability of our
NGS. The overall architecture of our NGS is shown
in Fig. 2.

4.1 The Architecture of NGS

4.1.1 Problem Encoder
Text Encoder Given a problem text P = {xi}ni=1,
each token xi is first embedded into a word vector
xi. A single-layer unidirectional LSTM (Hochre-
iter and Schmidhuber, 1997) is then applied to
encode each word embedding xi into a hidden
state hi. The sequence of the hidden state in
LSTM are used to represent problem text P as
HP = [h0; ...;hn].

Diagram Encoder For representing a problem
diagram, we apply the first three stages of a ResNet-
101 (He et al., 2016) to extract it as the diagram
feature, which can be formalized as a feature matrix
HD ∈ Rm×d. Moreover, we also apply multiple
auxiliary tasks for pretraining the diagram encoder.
Note that the parameters of the diagram encoder
are fixed when training the overall NGS.

4.1.2 Joint Reasoning Module
Given the text feature HP and the diagram fea-
ture HD, it is crucial for solving geometric prob-

1http://www.zxxk.com/ and http://www.jyeoo.com/
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We know that O is ABD's peripheral
circle, AB is the diameter of O, CD is the
chord of O, ABD=58 (N1), then BCD
is equal to ().

A. 116 B. 32 C. 58 D. 64

Auxiliary TasksGeometry Problem

Geometry 
Elements 
Prediction

Knowledge 
Points

Classification

Diagram EncoderText Encoder

Joint Reasoning Module

Pretrain

Angle of Circumference
Circumcircle

…

Jigsaw 
Location

Prediction

Circle 
Triangle 

…

Program Decoder

Ans = 90 - 58 = 32

Generated 
Program:

Execute:

Minus Const_90 N1 <EOS> 

Figure 2: The overall architecture of our Neural Geometric Solver (left) in conjunction with auxiliary tasks (right).
The problem text and diagram is encoded separately, then fed into a joint reasoning module together to obtain
cross-modal fusion of text and diagram features. A decoder utilizes fused multimodal features to generate the in-
terpretable programs. In addition, we propose three auxiliary tasks to enhance feature representation and facilitate
multimodal reasoning.

lems to jointly fuse and align the cross-modal
information. To this end, inspired by Yu et al.
(2019), we adopt a co-attention module to conduct
cross-modal joint reasoning with attention mecha-
nism. The co-attention module consists of 12 self-
attention (SA) units and 6 guided-attention (GA)
units, which fully fuse and align the text repre-
sentation HP and the diagram representation HD.
HP is first encoded by 6 self-attention units (i.e.,
original Transformer), and the final hidden state
processed by the 6-th self-attention unit is used
as guiding information. Then, the guiding infor-
mation is fed into another stacked 6 self-attention
units and 6 guided-attention units to achieve cross-
modal semantic fusion and alignment. Finally, the
co-attention module outputs a cross-modal repre-
sentation FD = [fD1 ; ...; fDn ], which contains rich
information over the problem text and diagram.

In this work, we find that text information
is more fundamental than diagram information.
Therefore, we further enhance the cross-modal rep-
resentation with the help of textual information.
Specifically, we concatenate HP and FD to ac-
quire an enhanced reasoning module output FR for
decoding programs.

Besides, an attentional reduction network with a
two-layer MLP is applied to aggregate feature FD
into F̃D. Similarly, we concatenate F̃D and the last

encoder state of the text encoder hn, obtaining F̃R
as the final gathered multimodal feature vector.

4.1.3 Program Decoder

The program decoder module generates the pro-
grams sequentially under the guidance of multi-
modal information. Concretely, we use a LSTM
decoder (Hochreiter and Schmidhuber, 1997) with
attention (Bahdanau et al., 2014) over the reason-
ing module output FR . Let {yt}(1 ≤ t ≤ T ) be
the target program to be generated and st be the
hidden state of LSTM at time step t. F̃R is fed into
a linear layer to obtain the initial state s0. st is
concatenated with the attention result and fed to
a linear layer with the softmax function to predict
the distribution of the next program token Pt.

During training, the generation loss Lg is the
negative log-likelihood (NLL) of the target pro-
gram:

Lg(θ) =
1

T

T∑

t=1

logPt(yt|x, y1, ..., yt−1;θ),

where θ are the parameters of the entire NGS ar-
chitecture except for the diagram encoder, x is
the input of both problem text and the extracted
diagram feature. When testing, the decoder only
observes the input text and diagram feature along
with the program parts that have been generated.
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4.1.4 Program Executor
After a beam of top N program sequences
{g1, ..., gn} are generated from the program de-
coder, the executor computes them step by step.
When executing the program, the token sequence is
first divided into several parts based on the position
of operators in the program. Once a complete op-
eration program has been decoded, each operator
in the program is executed sequentially to obtain
a numerical result. The execution process fails if
gi has a grammar error (e.g., the number of aug-
ments does not match the current operator), or the
executed value does not match any options in the
current problem. NGS adopts the first successfully
executed program as the predicted solution and
chooses the corresponding operation. If all N pro-
gram sequences fail, the executor will report “no
result” directly instead of guessing an option. Fig. 1
shows the detailed step-by-step execution of a final
predicted program sequence.

4.2 Auxiliary Tasks

4.2.1 Self-supervised Diagram Auxiliary Task
Although our NGS can jointly fuse text feature and
diagram feature with a co-attention mechanism, a
powerful diagram encoder is needed to improve the
problem understanding and answer accuracy. To
obtain a high-quality diagram feature, we investi-
gate two self-supervised auxiliary tasks, named as
Jigsaw Location Prediction and Geometry Ele-
ments Prediction, to pretrain diagram encoder.

Jigsaw Location Prediction In the Jigsaw loca-
tion prediction task that enforces pixel-level per-
ception, we first split a diagram as m×m blocks
and select the center block as the target. Then, we
shuffle other blocks randomly and train the diagram
encoder to predict the correct relative location be-
tween these shuffled blocks and the target using a
cross-entropy loss.

Geometry Elements Prediction For object-
level understanding, we design a geometry ele-
ments prediction task that aims at training the di-
agram encoder to predict the geometry elements
appearing in the diagram. A diagram usually con-
tains multiple geometry elements which are also
mentioned in the problem text and the solving ex-
planation. We extract these geometry elements
from text as the label and deploy an N-way clas-
sifier with binary cross-entropy (BCE) as the loss
function to train the diagram encoder, where N is

the number of the possible geometry elements on
the training set.

4.2.2 Knowledge Points Prediction
In addition to self-supervised diagram training, we
also propose another auxiliary learning task called
knowledge points prediction to enhance a prob-
lem’s overall representation by providing an extra
training signal. We summarize about 50 knowl-
edge points for our GeoQA, and label each problem
with one or more knowledge points. We predict
the knowledge points for each problem based on
the gathered feature vector F̃R outputted from the
joint reasoning module. Different from the diagram
training, the knowledge points prediction task is
trained with NGS simultaneously. We also deploy
a K-way classifier with binary cross-entropy (BCE)
as the loss function to train the knowledge points
prediction multi-label task, where K is the total
number of the possible knowledge points on the
training set.

5 Experiments

5.1 Experimental Setup and Training Details

We conduct experiments on GeoQA dataset, and
adopt answer accuracy as the evaluation metric.
Although there is another available geometric prob-
lem dataset (Seo et al., 2015a), the limited data
scale (with only 67 training samples) makes it im-
possible to support neural network training. On
the other hand, previous geometry problem solv-
ing systems require additional inputs (e.g., OCR
and dependency parsing results) of the problem
(Ye et al., 2008; Seo et al., 2015b) or not release
their codes (Sachan and Xing, 2017; Sachan, 2020).
Therefore, they are not comparable on our GeoQA
dataset.

Implementation Details: In this work, we im-
plement the proposed method with Pytorch (Paszke
et al., 2017). The learning rate is 1e−3 and the
batch size is set to 32. All models are trained
around 100 epochs and optimized by Adam op-
timizer (Kingma and Ba, 2014). The beam size
is typically set to 10. When pretraining the dia-
gram encoder, we first fill the diagram with a white
background to make it equal in length and width,
and resize it to 224 × 224. Then, we utilize the
diagram feature extracted by the encoder to predict
jigsaw location and geometry elements simultane-
ously and optimize the diagram encoder to obtain
an informative diagram feature with a learning rate
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Method Total (%) Angle (%) Length (%) Other (%)

Human
Text-Only 63.0 58.1 71.7 55.6

Text-Diagram 92.3 94.3 90.5 87.0

W/O Program
FiLM (Perez et al., 2017) 31.7 34.0 29.7 24.1
RN (Santoro et al., 2017) 38.0 42.8 32.5 29.6
MCAN (Yu et al., 2019) 39.7 45.0 34.6 25.9

Text-Only
Seq2Prog (Amini et al., 2019) 52.3 62.4 42.1 27.8

BERT2Prog (Devlin et al., 2018) 54.7 65.8 42.1 35.2

Text-Diagram

BERT2Prog + Diagram 50.3 63.4 33.2 38.9
Seq2Prog + Diagram 52.6 63.6 39.2 37.0

NGS (Ours) 56.7 67.5 44.5 37.0
NGS-Auxiliary (Ours) 60.7 72.0 47.0 44.4

Table 3: The answer accuracy comparison on different test subsets of GeoQA dataset. “Human”, “W/O Program”,
“Text-Only”, and “Text-Diagram” refer to the performance of human, not using the program, using text modal only,
and conducting multimodal numerical reasoning on both text-diagram modals, respectively.

Method BS Acc(%) NR(%)
1 31.7 58.3

Seq2Prog + Diagram 10 52.6 20.4
100 58.3 5.86
1 45.6 42.6

NGS-Auxiliary 10 60.7 14.6
100 64.5 2.95

Table 4: Performance comparison under different beam
size settings. BS, Acc, and NR represent beam size,
accuracy, and no result, respectively.

of 1e−5. Finally, the loss weight of the knowledge
points classification task is set to 1, to promote the
overall understanding of problems.

5.2 Experimental Results

We introduce three types of models here and test
them on our GeoQA. The performance comparison
with various methods on the different subset types
of GeoQA is reported in Table 3.

Human Performance. We invite 10 students
with a high score (top 1%) in the national univer-
sity entry exam to answer these geometric prob-
lems. For each question, they first try to solve the
problem with the text only and draw a diagram by
themselves. Then, the actual diagram is given to
answer the complete question. The total time for
each question is limited to two minutes. When us-
ing text and diagram simultaneously, the human
performance is improved from 63.2% to 92.3%,
which indicates that humans are not good at solv-
ing problems using only text, but handling multi-
modal information successfully. The result shows
that there is still a huge gap between the existing
models and human experts, leaving large room for
future research.

The effectiveness of program. “W/O Program”
refers to not using programs and regarding GeoQA
as a classification problem similar to VQA. There-
fore, we conduct experiments on three models with
multimodal reasoning capabilities, including FiLM,
RN, and MCAN. However, their performance re-
sults show that these methods fail to reason about
such complex geometric problems, achieving poor
performance on GeoQA. These results prove the
effectiveness and importance of our designed inter-
pretable programs.

The necessity of multi-modality. “Text-Only”
means that models only use text to generate pro-
gram sequences since humans can also understand
the intent of the question, draw diagram based
on the text, and solve the problem. Motivated
by Amini et al. (2019), we design a Sequence-to-
Program (Seq2Prog) model using GRU encoder
with an attention mechanism. Moreover, we re-
place the encoder with BERT and get a stronger
BERT2Prog. By predicting our tailor-designed pro-
grams, these two methods are effective, while the
performance is not satisfactory enough. These re-
sults show that multimodal reasoning ability is in-
dispensable when solving geometric problems.

Multimodal numerical reasoning baselines.
“Text-Diagram” refers to using text and diagram
simultaneously. We concatenate the text embed-
ding with the diagram feature extracted by ResNet
(He et al., 2016) as the baseline methods, such
as Seq2Prog + Diagram and BERT2Prog + Dia-
gram. These feature fusion methods do not have
the strong reasoning ability and fail to improve the
program decoding. For instance, by adding dia-
gram, the performance of BERT2Prog + Diagram
declines from 54.7% to 50.3%, which may result
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⊙O is a circle with a radius of 1, the distance
from point O to the line L is 3. P is the moving
point on L, and PQ is the tangent to the circle.
PQRS is a square, and its minimum area is ().
A. 7 B. 8 C. 9 D. 10
Answer: B. 8

Knowledge Points: Pythagorean Theorem, Tangent, Square 

Problem Solving Explanations:  

When the square area is smallest, PQ = 𝑃𝑃𝑃𝑃2 − 𝑄𝑄𝑃𝑃2 = 2 2 .  

Thus, Area = PQ × PQ = 8

Annotated Program: PythagoreanMinus | N1 | N0 | Multiply | V0 | V0

Baseline (No Result): Tan | N1 | CircleArea | N0

NGS (No Result): Add | N0 | N1 | Multiply | N0 | V0

NGS-Auxiliary (Right): PythagoreanMinus | N1 | N0 | Multiply | V0 | V0

A student saw a tree and their distance was 20m.
The reflection of the top of the tree in the water
was 5m away from him. The student's height is
1.7m, and the tree height is ()m.
A. 3.4 B. 5.1 C. 6.8 D. 8.5
Answer: B. 5.1

Knowledge Points: Similar Triangles, Distance  

Problem Solving Explanations:  

20-5=15m, By the nature of similar triangles, 5/15=1.7/H.  

H=15÷5×1.7=5.1m. Thus, height is 5.1m.

Annotated Program: Minus | N0 | N1| Proportion | V0 | N1 | N2

Baseline (No Result): Add | N2 | N1 | Proportion | N0 | V0 | N2

NGS (No Result): Proportion | N2 | N0 | N1 

NGS-Auxiliary (Wrong): Proportion | N2 | N1 | N0

Figure 3: Typical cases. No Result represents the answer executed by the programs is not in the options, and
Wrong represents getting a wrong option. Baseline is a “Seq2Prog + Diagram” model. In the case on the left,
NGS-Auxiliary successfully predicts the knowledge of the Pythagorean theorem through auxiliary tasks and get
the right answer. For the case on the right, the problem is quite hard that current model cannot solve it.

Figure 4: Ablation study on different auxiliary compo-
nents. ‘+’ represents we add the auxiliary component.
NGS-Auxiliary means that adding all three auxiliary
tasks together.

from the extra diagram that disturbs the text pre-
training model. Note that multimodal pretraining
models (Lu et al., 2019; Li et al., 2020) cannot be
applied to geometric problems, since these models
are based on Faster-RCNN to extract object-level
features from natural images.

The effectiveness of our methods. Our pro-
posed NGS shows a relatively-good performance
compared to the various models mentioned above.
When adding all three auxiliary tasks together
to enhance NGS solver, our NGS-Auxiliary with
multimodal reasoning ability becomes the exist-
ing best-performing method (60.7%) on GeoQA
dataset. It also achieves the highest accuracy on all
types of problems. For example, compared with
Seq2Prog+Diagram, NGS-Auxiliary obtains an
8.4% performance improvement on the angle type
problems. Compared with other “Text-Diagram”
baselines, our model is effective when reasoning

on multimodal information.
The effect of different beam size. In general,

we set the beam size to 10 for testing. In this sec-
tion, we explore the influence of different beam
size. After the searched sequence program is exe-
cuted, there will be three situations: right answer,
wrong answer, and no result. As shown in Table. 4,
as the beam size is larger, we get higher accuracy
and a lower proportion of no result. When beam
size equals 1, the NGS-Auxiliary outperforms base-
lines significantly. Our model can achieve the high-
est accuracy of 64.5% when beam size is 100.

5.3 Ablation Study

As shown in Fig. 4, we conduct experiments to eval-
uate the contribution of different auxiliary tasks.
We consider six different combinations: 1) only the
NGS; 2) NGS + Geometry Elements (NGS+GE);
3) NGS + Jigsaw Location (NGS+JL); 4) NGS +
Knowledge Points (NGS+KP); 5) NGS + diagram-
based pretraining (NGS+JL+GE); 6) NGS with all
three auxiliary tasks (NGS-Auxiliary). We can see
that all three auxiliary tasks can promote the perfor-
mance of NGS. The accuracy gains of GE, JL, KP,
JL + GE, and combining all three tasks are 0.9%,
1.2%, 2.2%, 2.9%, 4.0%, respectively. These re-
sults show that all our self-supervised and auxiliary
tasks can enhance the comprehensive understand-
ing and multimodal reasoning ability of NGS.

5.4 Case Analysis

As shown in Fig. 3, we select two typical cases to
demonstrate the programs generated by different
models and some representative errors.

In the left case, the knowledge of the

520



Pythagorean theorem, tangent, and square are re-
quired for solving the problem. Baseline method
and our NGS fail to generate the correct operations
and get no result. However, our NGS-Auxiliary
successfully predicts the use of knowledge in the
proposed auxiliary task. And more importantly, the
correct ”PythagoreanMinus” program is generated,
and the right answer is obtained.

The right one is a typical error case, in which
model needs to understand a complex scene. Al-
though NGS-Auxiliary has predicted the knowl-
edge points of Proportion program correctly, all
three models fail to predict the correct answer. A
better multimodal method is required to handle this
hard high-level reasoning task in the future.

6 Conclusion

In this work, we focus on the geometric problem
and propose the first large-scale geometric ques-
tion answering dataset “GeoQA”, containing 5,010
problems with program annotation. Besides, we
propose a deep neural baseline, named as Neural
Geometric Solver (NGS), to solve a geometric prob-
lem by jointly reasoning over multimodal data and
generating interpretable programs. We further pro-
pose multiple novel auxiliary tasks to enhance the
semantic representation of text and diagram. Ex-
tensive experimental results and analyses show that
our GeoQA is challenging, and our NGS-Auxiliary
outperforms other methods on GeoQA.

7 Ethical Impact

We collected GeoQA from two online education
websites, which is only used for academic research,
and the copyright belongs to the original websites.
This work may inspire research in the field of mul-
timodal numerical reasoning.
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Abstract

Document-level relation extraction has at-
tracted much attention in recent years. It is usu-
ally formulated as a classification problem that
predicts relations for all entity pairs in the doc-
ument. However, previous works indiscrimi-
nately represent intra- and inter-sentential re-
lations in the same way, confounding the dif-
ferent patterns for predicting them. Besides,
they create a document graph and use paths
between entities on the graph as clues for log-
ical reasoning. However, not all entity pairs
can be connected with a path and have the
correct logical reasoning paths in their graph.
Thus many cases of logical reasoning cannot
be covered. This paper proposes an effec-
tive architecture, SIRE, to represent intra- and
inter-sentential relations in different ways. We
design a new and straightforward form of logi-
cal reasoning module that can cover more logi-
cal reasoning chains. Experiments on the pub-
lic datasets show SIRE outperforms the pre-
vious state-of-the-art methods. Further analy-
sis shows that our predictions are reliable and
explainable. Our code is available at https:
//github.com/PKUnlp-icler/SIRE.

1 Introduction

Relation Extraction (RE) is an important way of
obtaining knowledge facts from natural language
text. Many recent advancements (Sahu et al., 2019;
Christopoulou et al., 2019; Yao et al., 2019b; Nan
et al., 2020; Zeng et al., 2020; Wang et al., 2020)
manage to tackle the document-level relation ex-
traction (doc-level RE) that extracts semantic re-
lations among entities across multiple sentences.
Due to its strong correlation with real-world sce-
narios, doc-level RE has attracted much attention
in the field of information extraction.

The doc-level RE task is usually formulated as
a classification problem that predicts possible rela-

∗Corresponding author.

ABBA Live
[1] ABBA Live is an album of live recordings by Swedish pop
group ABBA, released by Polar Music in 1986. … [6] The tracks
were mostly taken from ABBA’s concerts at Wembley Arena in
London in November 1979. … [13] It was remastered …
Head: Polar Music
Tail: Swedish
relation: country of origin evidence: [1]
Head: Wembley Arena
Tail: London
relation: located in evidence: [6]

IBM Research–Brazil
[1] IBM Research–Brazil is one of twelve research laboratories
comprising IBM Research, its first in South America. … [2] It
was established in June 2010, with locations in São Paulo and
Rio de Janeiro. … [5] In collaboration with Brazil’s government,
it will help IBM… [6] … IBM has 4 priority areas in Brazil…

South AmericaSão Paulo Brazil
country [1, 2, 5] continent [1, 5]

has part [1, 5]
continent [1, 2, 5]

Figure 1: Two examples from DocRED (Yao et al.,
2019b) for illustration of intra- and inter-sentential re-
lations. Sentence numbers, entity mentions, and sup-
porting evidence involved in these relation instances
are colored. Other mentions are underlined for clarity.

tions for all entity pairs, using the information from
the entire document. It has two different kinds of re-
lations: intra-sentential relation and inter-sentential
relation. We show examples of these two kinds
of relations in Figure 1. When two entities have
mentions co-occurred in the same sentence, they
may express intra-sentential relations. Otherwise,
they may express inter-sentential relations.

Previous methods do not explicitly distinguish
these two kinds of relations in the design of the
model and use the same method to represent them.
However, from the perspective of linguistics, intra-
sentential relations and inter-sentential relations
are expressed in different patterns. For two intra-
sentential entities, their relations are usually ex-
pressed from local patterns within their co-occurred
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sentences. As shown in the first example in Fig-
ure 1, (Polar Music, country of origin, Swedish)
and (Wembley Arena, located in, London) can be
inferred based solely on the sentence they reside in,
i.e., sentences 1 and 6 respectively. Unlike intra-
sentential relations, inter-sentential relations tend
to be expressed from the global interactions across
multiple related sentences, also called supporting
evidence. Moreover, cross-sentence relations usu-
ally require complex reasoning skills, e.g., logi-
cal reasoning. As shown in the second example
in Figure 1, (São Paulo, continent, South Amer-
ica) can be inferred from the other two relation
facts expressed in the document: (São Paulo, coun-
try, Brazil) and (Brazil, continent, South America).
So the different patterns between intra- and inter-
sentential relations show that it would be better for
a model to treat intra- and inter-sentential relations
differently. However, previous works usually use
the information from the whole document to repre-
sent all relations, e.g., 13 sentences for predicting
(Polar Music, country of origin, Swedish) in the
first example in Figure 1. We argue that this will
bring useless noises from unrelated sentences that
misguide the learning of relational patterns.

Besides, previous methods (Christopoulou et al.,
2019; Zeng et al., 2020) treat logical reasoning as
a representation learning problem. They construct
a document graph from the input document using
entities as nodes. And the paths between two enti-
ties on their graphs, usually passing through other
entities, could be regarded as clues for logical rea-
soning. However, since not all entity pairs can be
connected with a path and have the correct logi-
cal reasoning paths available on the graph, many
cases of logical reasoning cannot be covered. So
their methods are somehow limited, and we should
consider a new form of logical reasoning to better
model and cover all possible reasoning chains.

In this paper, we propose a novel architec-
ture called Separate Intra- and inter-sentential
REasoning (SIRE) for doc-level RE. Unlike previ-
ous works in this task, we introduce two different
methods to represent intra- and inter-sentential re-
lations respectively. For an intra-sentential relation,
we utilize a sentence-level encoder to represent it in
every co-occurred sentence. Then we get the final
representation by aggregating the relational repre-
sentations from all co-occurred sentences. This
will encourage intra-sentential entity pairs to fo-
cus on the local patterns in their co-occurred sen-

tences. For an inter-sentential relation, we uti-
lize a document-level encoder and a mention-level
graph proposed by Zeng et al. (2020) to capture the
document information and interactions among en-
tity mentions, document, and local context. Then,
we apply an evidence selector to encourage inter-
sentential entity pairs to selectively focus on the
sentences that may signal their cross-sentence re-
lations, i.e., finding supporting evidence. Finally,
we develop a new form of logical reasoning mod-
ule where one relation instance can be modeled by
attentively fusing the representations of other rela-
tion instances in all possible logical chains. This
form of logical reasoning could cover all possible
cases of logical reasoning in the document.

Our contributions can be summarized as follows:

• We propose an effective architecture called
SIRE that utilizes two different methods to
represent intra-sentential and inter-sentential
relations for doc-level RE.

• We come up with a new and straightforward
form of logical reasoning module to cover all
cases of logical reasoning chains.

We evaluate our SIRE on three public doc-level
RE datasets. Experiments show SIRE outperforms
the previous state-of-the-art models. Further anal-
ysis shows SIRE could produce more reliable and
explainable predictions which further proves the
significance of the separate encoding.

2 Separate Intra- and Inter-sentential
Reasoning (SIRE) Model

SIRE mainly consists of three modules: intra-
and inter-sentential relation representation mod-
ule (Sec. 2.1), logical reasoning module (Sec. 2.2),
classification module (Sec. 2.3), as is shown in Fig-
ure 2. Assume we have a document D containing l
sentences {Si}li=1.

2.1 Intra- and Inter-sentential Relation
Representation Module

As is discussed in Sec. 1, for two intra-sentential
entities, their relations are usually determined by
the local patterns from their co-occurred sentences,
while for two inter-sentential entities, their rela-
tions are usually expressed across multiple related
sentences that can be regarded as the supporting
evidence for their relations. So in this module,
we utilize two different methods to represent intra-
sentential and inter-sentential relations separately.
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Figure 2: The architecture of SIRE. In the mention-level graph, the number in each circle is its sentence number.
Mention nodes with the same color belong to the same entity. Different types of edges are in different styles of line.
Our model uses different methods to represent intra- and inter-sentential relations and the self-attention mechanism
to model the logical reasoning process. We use the logical reasoning chain:eA → eB → eC for illustration.

Our methods encourage intra-sentential entity pairs
to focus on their co-occurred sentences as much
as possible and encourage inter-sentential entity
pairs to selectively focus on the sentences that may
express their cross-sentence relations. We use three
parts to represent the relation between two entities:
head entity representation, tail entity representation
and context representation.

2.1.1 Intra-sentential Relation
Representation Module

Encoding. We use a sentence-level encoder to
capture the context information for intra-sentential
relations and produce contextualized word embed-
ding for each word. Formally, we convert the i-th
sentence Si containing ni words

{
wSij
}ni
j=1

into a

sequence of vectors
{

gSij
}ni
j=1

.

For each word w in Si, we first concatenate its
word embedding with entity type embedding and
co-reference embedding1:

x = [Ew(w);Et(t);Ec(c)] (1)

where Ew(·) , Et(·) and Ec(·) denote the word
embedding layer, entity type embedding layer and

1The existing doc-level RE datasets annotate which men-
tions belong to the same entity. So for each word in the
document, it may belong to the i-th entity or non-entity in the
document. We embed this co-reference information between
entity mention (surface words) and entity (an abstract concept)
into the initialized representation of a word.

co-reference embedding layer, respectively. t and
c are named entity type and entity id.2

Then the vectorized word representations are
fed into the sentence-level encoder to obtain the
sentence-level context-sensitive representation for
each word:

[gSi1 , . . . , g
Si
ni ] = fSenc([x

Si
1 , . . . , x

Si
ni ]) (2)

where the fSenc denotes sentence-level encoder,
which can be any sequential encoder. We will also
get the sentence representation sSi for sentence Si
from this encoder. For LSTM, sSi is the hidden
state of the last time step; for BERT, sSi is the out-
put representation of the special marker [CLS].
Representing. For i-th entity pair (ei,h, ei,t) which
expresses intra-sentential relations, where ei,h is
the head entity and ei,t is the tail entity, their
mentions co-occur in C sentences Sco−occur =
{Si1 ,Si2 , . . . ,SiC} once or many times. In j-th
co-occurred sentence Sij , we use the entity men-
tions in Sij to represent head and tail entity. And
we define that the context representation of this re-
lation instance in Sij is the top K words correlated
with the relations of these two mentions.

Specifically, head entity mention ranging from s-
th to t-th word is represented as the average of the

words it contains: e
Sij
i,h = 1

t−s+1

∑t
k=s g

Sij
k , so is

the tail entity mention e
Sij
i,t . Then, we concatenate

2For those words not belonging to any entity, we introduce
None entity type and id.
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the representations of head and tail entity mentions
and use it as a query to attend all words in Sij and
compute relatedness score for each word in Sij :

si,k = σ((Wintra · [e
Sij
i,h ; e

Sij
i,t ])

T · gSijk ) (3)

αi,k = Softmax(si,k) (4)

where [·; ·] is a concatenation operation. Wintra ∈
Rd×2d is a parameter matrix. σ is an activation
function (e.g., ReLU).

Then, we average the representations of top K
related words to represents the context informa-
tion ci for intra-sentential entity pair (ei,h, ei,t) in
Sij . In order to make Wintra trainable during com-
puting gradient, we also add an item which is the
weighted average representation of all words:

c
Sij
i = β· 1

K

∑

k∈topK(αi,∗)

g
Sij
k +(1−β)·

nij∑

t

αi,tg
Sij
t

(5)
where β is a hyperparameter and we use 0.9 here
to force model to focus on the topK words but still
consider the subtle influence from other words.

Next, we concatenate the three parts obtained
above to form the relational representation of intra-
sentential entity pair (ei,h, ei,t) in Sij and further
average the representations in all co-occured sen-
tences Sco−occur to get our final relation represen-
tation ri for intra-sentential entity pair (ei,h, ei,t) 3:

ri =
1

C

∑

Sij∈Sco−occur
[e
Sij
i,h ; e

Sij
i,t ; c

Sij
i ] (6)

This way, we could force the intra-sentential
entity pairs to focus on the semantic information
from their co-occurred sentences and ignore the
noise information from other sentences.

2.1.2 Inter-sentential Relation
Representation Module

Encoding. According to the nature of inter-
sentetential relation, we use a document-level en-
coder to capture the global interactions for inter-
sentential relations and produce contextualized
word embedding for each word. Formally, we con-
vert a document D containing m words

{
wDi
}m
i=1

into a sequence of vectors
{

gDj
}m
j=1

.

3If a head entity mentioned N times in a sentence, we will
get N intra-sentential relational representations for each of
the other tail entities in this sentence.

Same as the embedding for intra-sentential rela-
tions, we use Equation 1 to embed each word in
the document. Then the vectorized word represen-
tations are fed into the document-level encoder to
obtain document-level context-sensitive representa-
tion for each word:

[gD1 , . . . , g
D
m] = fDenc([x

D
1 , . . . , x

D
m) (7)

where fDenc denotes the document-level encoder.
And we will also get the document representation
dD from this encoder.

To further enhance the document interactions,
we utilize the mention-level graph (MG) proposed
by Zeng et al. (2020). MG in Zeng et al. (2020)
contains two different nodes: mention node and
document node. Each mention node denotes one
particular mention of an entity. Furthermore, MG
also has one document node that aims to model the
document information. We argue that this graph
only contains nodes concerning prediction, i.e., the
mentions of the entities and document information.
However, it does not contain the local context infor-
mation, which is crucial for the interaction among
entity mentions and the document. So we intro-
duce a new type of node: sentence node and its
corresponding new edges to infuse the local con-
text information into MG.

So there are four types of edges4 in MG:
Intra-Entity Edge: Mentions referring to the
same entity are fully connected. This models the
interactions among mentions of the same entity.
Inter-Entity Edge: Mentions co-occurring in the
same sentence are fully connected. This models
the interactions among different entities via co-
occurrences of their mentions.
Sentence-Mention Edge: Each sentence node
connects with all entity mentions it contains. This
models the interactions between mentions and their
local context information.
Sentence-Document Edge: All sentence nodes
are connected to the document node. This mod-
els the interactions between local context informa-
tion and document information, acting as a bridge
between mentions and document.

Next, we apply Relational Graph Convolutional
Network (R-GCN, Schlichtkrull et al., 2017) on
MG to aggregate the features from neighbors for
each node. Given node u at the l-th layer, the graph

4Note that we remove the mention-document edges of
original MG in (Zeng et al., 2020) and substitute them by
introducing mention-sentence and sentence-document edges.

527



convolutional operation can be defined as:

h(l+1)
u = ReLU


∑

t∈T

∑

v∈N tu
⋃{u}

1

cu,t
W

(l)
t h(l)

v




(8)
where T is a set of different types of edges, W (l)

t ∈
Rd×d is a trainable parameter matrix. N t

u denotes
a set of neighbors for node u connected with t-th
type edge. cu,t = |N t

u| is a normalization constant.
We then aggregate the outputs of all R-GCN

layers to form the final representation of node u:

mu = ReLU(Wu · [h(0)
u ;h(1)

u ; . . . ;h(N)
u ]) (9)

where Wu ∈ Rd×Nd is a trainable parameter ma-
trix. h(0)u is the initial representation of node u. For
a mention ranging from the s-th word to the t-th
word in the document, h(0)

u = 1
t−s+1

∑t
j=s gDj ; for

i-th sentence node, it is initialized with sSi from
sentence-level encoder; for the document node, it is
initialized with dD from document-level encoder.
Representing. We argue that inter-sentential re-
lations can be inferred from the following infor-
mation sources: 1) the head and tail entities them-
selves; 2) the related sentences that signal their
cross-sentence relations, namely supporting evi-
dences; 3) reasoning information such as logical
reasoning, co-reference reasoning, world knowl-
edge, etc. We here only consider the first two infor-
mation and leave the last in Sec. 2.2.

Different from intra-sentential relations, inter-
sentential relations tend to be expressed from the
global interactions. So for the i-th entity pair
(ei,h, ei,t) which expresses inter-sentential relation,
the head entity representation ei,h and the tail entity
representation and ei,t are defined as the average of
their entity mentions from MG:

ei =
1

N

∑

j∈M(ei)

mj (10)

where the M(ei) is the mention set of ei.
And we apply an evidence selector with attention

mechanism (Bahdanau et al., 2015) to encourage
the inter-sentential entity pair to selectively focus
on the sentences that express their cross-sentence
relations. This process could be regarded as finding
supporting evidence for their relations. So the con-
text representation ci for inter-sentential entity pair
(ei,h, ei,t) is the weighted average of the sentence
representations from MG:

P (Sk|ei,h, ei,t) = σ(Wk · [ei,h; ei,t;mSk ]) (11)

αi,k =
P (Sk|ei,h, ei,t)∑
l P (Sl|ei,h, ei,t)

(12)

ci =
l∑

k

αi,k ·mSk (13)

where Wk ∈ R1×2d is a trainable parameter matrix.
σ is a sigmoid function.

Next, the final relation representation for inter-
sentential entity pair (ei,h, ei,t) should be:

ri = [ei,h; ei,t; ci] (14)

2.2 Logical Reasoning Module
In this module, we focus on logical reasoning mod-
eling. As mentioned in Sec. 1, previous works
usually use the paths between each entity pair as
the clues for logical reasoning. Furthermore, they
concatenate the path representations with entity
pair representations to predict relations. However,
since not all entity pairs are connected with a path
and have the correct logical reasoning paths in their
graph, many cases of logical reasoning cannot be
covered. So their methods are somehow limited.

In this paper, we utilize self-attention mechanism
(Vaswani et al., 2017) to model logical reasoning.
Specifically, we can get the relational representa-
tions for all entity pairs from the above sections.
For i-th entity pair (eh, et), we can assume there is
a two-hop logical reasoning chains: eh → ek → et
in the document, where ek can be any other enti-
ties in the document except eh and et. So (eh, et)
can attend to all the relational representations of
other entity pairs including (eh, ek) and (ek, et),
termed asRatt. Finally, the weighted sum ofRatt
can be treated as a new relational representation
for (eh, et), which considers all possible two-hop
logical reasoning chains in the document.5

rnewi =
∑

rk∈Ratt∪{ri}
γk · rk (15)

γk = Softmax((Watt · ri)T · rk) (16)

where Watt ∈ R3d×3d is a parameter matrix.
In this way, the path in the previous works could

be converted into the individual attention on every
entity pair in the logical reasoning chains. We ar-
gue that this form of logical reasoning is simpler

5This can be scaled to muti-hop logical reasoning by in-
creasing the self-attention layers. We only consider two-hop
logical reasoning in this paper following Zeng et al. (2020).
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and more scalable because it will consider all pos-
sible logical reasoning chains without connectivity
constraints in the graph structure.

2.3 Classification Module
We formulate the doc-level RE task as a multi-label
classification task:

P (r|ei,h, ei,t) = sigmoid (W1σ(W2ri + b1) + b2)
(17)

whereW1, W2, b1, b2 are trainable parameters, σ is
an activation function (e.g., ReLU). We use binary
cross entropy as objective to train our SIRE:

Lrel = −
∑

D∈C

∑

h6=t

∑

ri∈R
I (ri = 1) logP (ri|ei,h, ei,t)

+ I (ri = 0) log (1− P (ri|ei,h, ei,t))
(18)

where C denotes the whole corpus,R denotes rela-
tion type set and I (·) refers to indicator function.

3 Experiments

3.1 Dataset
We evaluate our proposed model on three
document-level RE datasets:
DocRED: The largest human-annotated document-
level relation extraction dataset was proposed by
Yao et al. (2019b). It is constructed from Wikipedia
and Wikidata and contains 96 types of relations,
132, 275 entities, and 56, 354 relational facts in to-
tal. Documents in DocRED have about 8 sentences
on average. More than 40.7% relation facts can
only be extracted from multiple sentences. 61.1%
relation instances require various reasoning skills
such as logical reasoning. 93.4% intra-sentential
relations can be inferred based solely on their co-
occurred sentences. We show two examples from
DocRED in Figure 1. We follow the standard split
of the dataset, 3, 053 documents for training, 1, 000
for development, and 1, 000 for testing.
CDR (BioCreative V): The Chemical-Disease Re-
actions dataset was created by Li et al. (2016) man-
ually. It contains one type of relation: Chemical-
Induced-Disease between chemical and disease en-
tities. We follow the standard split of the dataset,
500 documents for training, 500 for development,
and 500 for testing.
GDA (DisGeNet): The Gene-Disease-Associations
dataset was introduced by Wu et al. (2019). It con-
tains one type of relation: Gene-Induced-Disease
between gene and disease entities. We use standard

split of the dataset, 23, 353 documents for training,
5, 839 for development, and 1, 000 for testing.

3.2 Experimental Settings
In our SIRE implementation, we use 3 layers of
GCN, use ReLU as our activation function, and
set the dropout rate to 0.3, learning rate to 0.001.
We train SIRE using AdamW (Loshchilov and Hut-
ter, 2019) as optimizer with weight decay 0.0001
and implement SIRE under PyTorch (Paszke et al.,
2017) and DGL (Wang et al., 2019b) frameworks.

We implement two settings for our SIRE. SIRE-
GloVe uses GloVe (100d, Pennington et al., 2014)
and BiLSTM (512d, Schuster and Paliwal, 1997) as
word embedding and encoder, respectively. SIRE-
BERT use BERT-base (Devlin et al., 2019) as en-
coder on DocRED, cased BioBERT-Base v1.1 as
the encoder on CDR/GDA, and the learning rate
for BERT parameters is set to 1e−5 and learning
rate for other parameters remains 1e−3. Detailed
hyperparameter settings are in Appendix.

3.3 Baselines and Evaluation Metrics
We use the following models as our baselines:

Yao et al. (2019b) propose the BiLSTM (Schus-
ter and Paliwal, 1997) as the encoder on DocRED
and use the output from the encoder to represent
all entity pairs to predict relations.

Wang et al. (2019a) propose BERT to replace
the BiLSTM as the encoder on DocRED. More-
over, they also propose BERT-Two-Step, which
first predicts whether two entities have a relation
and then predicts the specific target relation.

Tang et al. (2020) propose the hierarchical in-
ference networks HIN-GloVe and HIN-BERT,
which make full use of multi-granularity inference
information including entity level, sentence level,
and document level to infer relations.

Similar to Wang et al. (2019a), Ye et al. (2020)
propose a language representation model called
CorefBERT as encoder on DocRED that can cap-
ture the coreferential relations in context.

Nan et al. (2020) propose the LSR-GloVe and
LSR-BERT to dynamically induce the latent de-
pendency tree structure to better model the docu-
ment interactions for prediction.

Wang et al. (2020) propose a global-to-local net-
work GLRE, which encodes the document infor-
mation in terms of entity global and local represen-
tations as well as context relation representations.

Zeng et al. (2020) propose the graph aggregation-
and-inference networks GAIN-GloVe and GAIN-
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Model Dev Test

Ign F1 F1 Intra-F1 Inter-F1 Ign F1 F1
BiLSTM (Yao et al., 2019b) 48.87 50.94 57.05 43.49 48.78 51.06
HIN-GloVe (Tang et al., 2020) 51.06 52.95 - - 51.15 53.30
LSR-GloVe (Nan et al., 2020) 48.82 55.17 60.83 48.35 52.15 54.18
GAIN-GloVe (Zeng et al., 2020) 53.05 55.29 61.67 48.77 52.66 55.08
SIRE-GloVe 54.10 55.91 62.94 48.97 54.04 55.96

-LR Module 53.73 55.58 62.77 47.87 53.75 55.55
-context 52.57 54.41 61.66 46.92 52.33 54.15
-inter4intra 52.23 54.26 60.81 48.36 51.77 53.30

BERT (Wang et al., 2019a) - 54.16 61.61 47.15 - 53.20
BERT-Two-Step (Wang et al., 2019a) - 54.42 61.80 47.28 - 53.92
HIN-BERT (Tang et al., 2020) 54.29 56.31 - - 53.70 55.60
CorefBERT (Ye et al., 2020) 55.32 57.51 - - 54.54 56.96
GLRE-BERT (Wang et al., 2020) - - - - 55.40 57.40
LSR-BERT (Nan et al., 2020) 52.43 59.00 65.26 52.05 56.97 59.05
GAIN-BERT (Zeng et al., 2020) 59.14 61.22 67.10 53.90 59.00 61.24
SIRE-BERT 59.82 61.60 68.07 54.01 60.18 62.05

Table 1: Performance on DocRED. Models above the double line do not use pre-trained model. LR Module is the
logical reasoning module. context denotes context representations in Eq. 6 and Eq. 14. inter4intra denotes using
the inter-sentential module also for intra-sentential entity pairs.

Model CDR GDA
BRAN (Verga et al., 2018) 62.1 -
EoG (Wang et al., 2020) 63.6 81.5
LSR (Nan et al., 2020) 64.8 82.2
GLRE-BioBERT (Wang et al., 2020) 68.5 -
SIRE-BioBERT 70.8 84.7

Table 2: Performance on CDR and GDA.

BERT which utilize two levels of graph structures:
mention-level graph and entity-level graph to cap-
ture document interactions and conduct path logical
reasoning mechanism, respectively.

Verga et al. (2018) propose a self-attention en-
coder BRAN to consider interactions across men-
tions and relations across sentence boundaries.

Following the previous works (Yao et al., 2019b;
Zeng et al., 2020), we use the F1 and Ign F1 as the
evaluation metrics to evaluate the overall perfor-
mance of a model. The Ign F1 metric calculates F1
excluding the common relation facts in the train-
ing and dev/test sets. We also use the intra-F1 and
inter-F1 metrics to evaluate a model’s performance
on intra-sentential relations and inter-sentential re-
lations on the dev set.

3.4 Results

The performances of SIRE and baseline models on
the DocRED dataset are shown in Table 1. Among
the model not using BERT encoding, SIRE out-
performs the previous state-of-the-art model by
0.88/1.38 F1/Ign F1 on the test set. Among the
model using BERT encoding, SIRE outperforms
the previous state-of-the-art models by 1.18/0.81

F1/Ign F1 on the test set. The improvement on Ign
F1 is larger than that on F1. This shows SIRE has
a stronger generalization ability on the unseen rela-
tion instances. On intra-F1 and inter-F1, we can ob-
serve that SIRE is better than the previous models
that indiscriminately represent the intra- and inter-
sentential relations in the same way. This demon-
strates that representing intra- and inter-sentential
relations in different methods is better than repre-
senting them in the same way. The improvement
on intra-F1 is greater than the improvement on
inter-F1. This shows that SIRE mainly improves
the performance of intra-sentential relations. The
performances of SIRE and baseline models on the
CDR/GDA dataset are shown in Table 2, which are
consistent with the improvement on DocRED.

3.5 Ablation Study

To further analyze SIRE, we also conduct ablation
studies to illustrate the effectiveness of different
modules in SIRE. We show the results in Table 1.
1) the importance of the logical reasoning mod-
ule: When we discard the logical reasoning mod-
ule, the performance of SIRE-GloVe decreases by
0.41 F1 on the DocRED test set. This shows the ef-
fectiveness of our logical reasoning module, which
can better model the reasoning information in the
document. Moreover, it drops significantly on inter-
F1 and drops fewer points on intra-F1. This shows
our logical reasoning module mainly improves the
performance of the inter-sentential relations that
usually require reasoning skills.
2) Ablation on context representations in Eq. 6
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Type Examples

Intra-sentential
relation instances

"Your Disco Needs You" is a song performed by Australian recording artist and 
songwriter Kylie Minogue, taken from her seventh studio album Light Years (2000).
Relation: performer
Lark Force was an Australian Army formation established in March 1941 during World 
War II for service in New Britain and New Ireland.
Relation: inception
Lake Hiawatha is one of the few lakes through which Minnehaha Creek flows , and the 
last one before it reaches Minnehaha Falls and then the Mississippi River.
Relation: mouth of the watercourse

Inter-sentential 
relation instances

[1] (0.87) IBM Research–Brazil is one of twelve research laboratories comprising IBM 
Research, its first in South America. [2] (0.66) It was established in June 2010, with 
locations in São Paulo and Rio de Janeiro. [3] (0.01) Research focuses on Industrial 
Technology and Science, … [4] (0.04) The new lab, IBM‘s ninth … [5] (0.38) In 
collaboration with Brazil’s government, it will help IBM to develop …
Relation: continent
Logical reasoning attention weight:
(São Paulo, Brazil)  0.32           (São Paulo, June 2010)  0.03         …
(Brazil, South America) 0.45    (June 2010, South America) 0.02   …

Figure 3: Cases for illustrating the reliable and explainable predictions of our SIRE. Head entities, tail entities,
and sentence numbers along with the scores from evidence selector are colored in blue, red, green, respectively. In
intra-sentential relations, words with pink background color are the top 4 words from Equation 5.

and Eq. 14: When we remove the context repre-
sentations in intra- and inter-sentential relational
representations, the performance of SIRE-GloVe
on the DocRED test set drops by 1.81 F1. This
shows context information (top K words for intra,
evidence sentences for inter) is important for both
intra- and inter-sentential relation representation.
3) Using the inter-sentential module also for
intra-sentential entity pairs: In this experiment,
we do not distinguish these two types of relations,
using the encoding method for inter-sentential to
encode all entity pairs, and remain the logical rea-
soning module unchanged. The performance of
SIRE-GloVe drops by 2.66/2.13 F1/intra-F1 on the
DocRED test set. This confirms the motivation that
we cannot use global information to learn the local
patterns for intra-sentential relations.

3.6 Reasoning Performance

Furthermore, we evaluate the reasoning ability of
our model on the development set in Table 3. We
use infer-F1 as the metric that considers only two-
hop positive relation instances in the dev set. So
it will naturally exclude many cases that do not
belong to the two-hop logical reasoning process
to strengthen the evaluation of reasoning perfor-
mance. As Table 3 shows, SIRE is superior to
previous models in handling the two-hop logical
reasoning process. Moreover, after removing the
logical reasoning module, out SIRE drops signif-

Model Infer-F1 P R
BiLSTM 38.73 31.60 50.01
GAIN-GloVe 40.82 32.76 54.14
SIRE-GloVe 42.72 34.83 55.22
- LR Module 39.18 31.97 50.59

Table 3: Infer-F1 results on dev set of DocRED. P: Pre-
cision, R: Recall.

icantly on infer-F1. This shows that our logical
reasoning module plays a crucial role in modeling
the logical reasoning process.

3.7 Case Study

Figure 3 shows the prediction cases of our SIRE. In
intra-sentential relations, the top 4 words related to
the relations of three entity pairs conform with our
intuition. Our model correctly find the words by
using Eq.5 that trigger the relations of these entity
pairs. In inter-sentential relations, the supporting
evidence that the model finds, i.e., sentences 1 and
2, indeed expresses the relations between São Paul
and South America. We also conduct logical rea-
soning in terms of the logical reasoning chains: São
Paul→ other-entity→ South America. Our SIRE
could focus on the correct logical reasoning chains:
São Paul→ Brazil→ South America. These cases
show the predictions of SIRE are explainable.
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4 Related Work

Document-level relation extraction. Many re-
cent efforts (Quirk and Poon, 2017; Peng et al.,
2017; Gupta et al., 2019; Song et al., 2018; Jia
et al., 2019; Yao et al., 2019b; Wang et al., 2019a;
Tang et al., 2020; Nan et al., 2020; Zeng et al.,
2020; Wang et al., 2020; Dai et al., 2020) man-
age to tackle the document-level relation extraction.
Most of them use graph-based models, such as
Graph Convolutional Networks (GCNs, Kipf and
Welling, 2017; Schlichtkrull et al., 2017) that has
been used in many natural language processing
tasks (Marcheggiani and Titov, 2017; Yao et al.,
2019a; Liu et al., 2020). They construct a graph
structure from the input document. This graph uses
the word, mentions or entities as nodes and uses
heuristic rules and semantic dependencies as edges.
They use this graph to model document information
and interactions and to predict possible relations for
all entity pairs. Nan et al. (2020) proposed a latent
structure induction to induce the dependency tree
in the document dynamically. Zeng et al. (2020)
proposed a double graph-based graph aggregation-
and-inference network that constructs two graphs:
mention-level graph and entity-level graph. They
use the former to capture the document informa-
tion and interactions among entity mentions and
document and use the latter to conduct path-based
logical reasoning. However, these works do not
explicitly distinguish the intra- and inter-sentential
relation instances in the design of the model and
use the same way to encode them. So the most sig-
nificant difference between our model and previous
models is that we treat intra-sentential and inter-
sentential relations differently to conform with the
relational patterns for their prediction.
Reasoning in relation extraction. Reasoning
problem has been extensively studied in the field
of question answering (Dhingra et al., 2018). How-
ever, few works manage to tackle this problem in
the document-level relation extraction task. Zeng
et al. (2020) is the first to propose the explicit
way of relational reasoning on doc-level RE, which
mainly focuses on logical reasoning. They use the
paths on their entity-level graph to provide clues
for logical reasoning. However, since not all en-
tity pairs are connected with a path and have the
correct logical reasoning paths in their graph, their
methods are somehow limited. In this work, we
design a new form of logical reasoning to cover
more cases of logical reasoning.

5 Conclusion

Intra- and inter-sentential relations are two types
of relations in doc-level RE. We propose a novel
architecture, SIRE, to represent these two relations
in different ways separately in this work. We in-
troduce a new form of logical reasoning module
that models logical reasoning as a self-attention
among representations of all entity pairs. Experi-
ments show that our SIRE outperforms the previ-
ous state-of-the-art methods. The detailed analysis
demonstrates that our predictions are explainable.
We hope this work will have a positive effect on
future research regarding new encoding schema, a
more generalizable and explainable model.
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A Hyperparameter settings

We use the development set to manually tune the
optimal hyperparameters for SIRE, based on the
Ign F1 score. Experiments are run on NVIDIA-
RTX-3090-24GB GPU. Hyperparameter settings
for SIRE-GloVe, SIRE-BERT on DocRED are

listed in Table 4, 5, respectively. The values of hy-
perparameters we finally adopted are in bold. Note
that we do not tune all the hyperparameters.

Hyperparameter Value
Batch Size 16, 32
Learning Rate 0.001
Activation Function ReLU, Tanh
Positive v.s. Negative Ratio 1, 0.5, 0.25
Word Embedding Size 200
Entity Type Embedding Size 20
Coreference Embedding Size 20
Encoder Hidden Size 256, 512
Dropout 0.3, 0.5, 0.7
Layers of GCN 1, 2, 3
GCN Hidden Size 1024
Weight Decay 0.0001
β 0.9
Numbers of Parameters 95M
Training Time 18 hours
Hyperparameter Search Trials 20

Table 4: Settings for SIRE-GloVe.

Hyperparameter Value
Batch Size 16, 32
Learning Rate 0.001
Activation Function ReLU, Tanh
Positive v.s. Negative Ratio 1, 0.5, 0.25
Entity Type Embedding Size 128
Coreference Embedding Size 128
Dropout 0.3, 0.5, 0.7
Layers of GCN 1, 2, 3
GCN Hidden Size 1024
Weight Decay 0.0001
β 0.9
Numbers of Parameters 307M
Training Time 24 hours
Hyperparameter Search Trials 30

Table 5: Settings for SIRE-BERT.
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Abstract

We present a novel method for relation extrac-
tion (RE) from a single sentence, mapping the
sentence and two given entities to a canon-
ical fact in a knowledge graph (KG). Espe-
cially in this presumed sentential RE setting,
the context of a single sentence is often sparse.
This paper introduces the KGPool method to
address this sparsity, dynamically expanding
the context with additional facts from the KG.
It learns the representation of these facts (en-
tity alias, entity descriptions, etc.) using neu-
ral methods, supplementing the sentential con-
text. Unlike existing methods that statically
use all expanded facts, KGPool conditions this
expansion on the sentence. We study the ef-
ficacy of KGPool by evaluating it with dif-
ferent neural models and KGs (Wikidata and
NYT Freebase). Our experimental evaluation
on standard datasets shows that by feeding the
KGPool representation into a Graph Neural
Network, the overall method is significantly
more accurate than state-of-the-art methods.

1 Introduction

Knowledge graphs (KGs) are the foundation for
many downstream applications and are growing
ever larger. However, due to the sheer volume of
knowledge and the world’s dynamic nature where
new entities emerge and unknown facts about
them are learned, KGs need to be continuously
updated. Distantly supervised Relation Extraction
(RE) is an important KG completion task aiming
at finding a semantic relationship between two en-
tities annotated on the unstructured text with re-
spect to an underlying knowledge graph (Ye and
Ling, 2019). In the literature, researchers mainly
studied two variants in the RE: 1) multi-instance
RE and 2) sentential RE. The multi-instance RE
assumes that in a given bag of sentences, if two
entities participate in a relation, there exists at
least one sentence with these two entities, which

wd:Q266569wd:Q568631
wdt:P106

"Animator"
"occupation"

"Marc Davis"
" American artist
and animator"
xsd:string

"Marc Fraser Davis"
xsd:string

"Fraser Davis"
xsd:string

Human
xsd:string

"cartoonist"
xsd:string

"person who makes
animated sequences

out of still images"

filmmaking
occupation

She was married to Marc Davis, a Disney animator, and Imagineer

KG

Sentence

Alias Instance ofDescription

Figure 1: Illustration of Knowledge Graph Context as-
sociated with the annotated entities in a sentence. Here,
entity aliases do not play any role in the understanding
of the sentence for finding the KG relation. a

asentence taken from (Sorokin and Gurevych, 2017)

may contain the target relation (Riedel et al., 2010;
Vashishth et al., 2018). In this setting, researchers
aim to incorporate contextual signals from the pre-
vious occurrences of an entity pair into the neu-
ral models to support relation extraction (Ye and
Ling, 2019; Xu and Barbosa, 2019; Wu et al.,
2019). In contrast, sentential RE restricts the
scope of document context only to the input sen-
tence (disregards other occurrences of entity pairs)
while predicting the KG relation (Sorokin and
Gurevych, 2017). Hence, sentential RE makes
the multi-instance setting more difficult by limit-
ing the available context.

Recent approaches for RE not only base KGs
for relation inventory but also consider it for ex-
tending contextual knowledge for further improve-
ment of RE task (Vashishth et al., 2018; Bastos
et al., 2021). A few multi-instance RE methods
rely on entity attributes (properties) such as de-
scriptions, aliases, and types (as additional con-
text) along with entity pair occurrences from pre-
vious sentences to improve the overall extraction
quality (Ji et al., 2017; Vashishth et al., 2018). For
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the sentential RE, the RECON approach (Bastos
et al., 2021) aims to effectively encode KG context
derived from the entity attributes and entity neigh-
borhood triples. RECON employs a Graph Neural
Network (GNN) as a context aggregator for com-
bining sentential context (annotated entities and
sentence) and structured KG representation. Al-
though the additional KG context has a positive
effect on the overall relation extraction in multi-
instance and sentential RE settings, not all KG
context forms are necessary for every input sen-
tence. Consider Figure 1, where the task is to infer
a semantic relation ‘occupation’ between two enti-
ties wd:Q568631 (Marc Davis)1 and wd:Q266569
(animator). Wikidata (Vrandecic, 2012) KG pro-
vides semantic information such as description,
instance-of, and aliases about entities. Here, the
entity alias (Marc Fraser Davis, Fraser Davis for
wd:Q568631; and cartoonist for wd:Q266569) has
no impact on understanding the sentence because
the entities are explicitly mentioned in the sen-
tence. Furthermore, there is empirical evidence in
the literature that for several sentences, statically
adding all KG context offered minimal or negative
impact (Bastos et al., 2021). Hence, there are open
research questions as to how an RE approach can
dynamically utilize the sufficient context from KG
and whether or not the selected KG context posi-
tively impacts the overall performance?

This paper studies these concerning questions
proposing the KGPool approach. KGPool utilizes
a self-attention mechanism in a Graph Convolu-
tion Network (GCN) (Kipf and Welling, 2017)
for selecting a sub-graph from the KG to extend
the sentential context. The concept of dynami-
cally mapping the structural representation of a
KG to a latent representation of a sentence has
not been widely studied in prior literature. In RE,
KGPool is the initial attempt. The existing ap-
proaches (Bastos et al., 2021; Xu and Barbosa,
2019; Wu et al., 2019; Vashishth et al., 2018) feed
all the available context (either derived from a
bag of sentences or a KG or both) into a neural
model and relied on the model to figure out the
consequences, resulting in limited performance in
many cases (Bastos et al., 2021). Conversely,
we study the efficacy of KGPool in dynamically
choosing KG context for the sentential RE task us-
ing two standard community datasets (NYT Free-
base (Riedel et al., 2010), and Wikidata (Sorokin

1wd: binds to https://www.wikidata.org/wiki/

and Gurevych, 2017)). Our work makes the fol-
lowing key contributions:

• The KGPool approach dynamically selects
structural knowledge and transform it into
a representation suitable to supplement the
latent representation of sentential context
learned using a neural model. We deduce
that KGPool is the first approach that works
independently of the underlying context ag-
gregators used in the literature (Graph Neural
Network (Zhu et al., 2019) or LSTM-based
(Sorokin and Gurevych, 2017)).

• We are the first to map the task of KG Con-
text Selection to a Graph Pooling Problem.
Therefore, our proposed approach legitimizes
the application of graph pooling algorithms
for choosing the relevant context.

• KGPool, paired with a GNN as context ag-
gregator, significantly outperforms the exist-
ing baselines on both datasets, in one exper-
iment increasing the precision by 12 points
over to baseline (P@30 on NYT Freebase).
Furthermore, our empirical results (cf., Ta-
ble 3) conclude that an LSTM model paired
with KGPool is able to notably outperform a
GNN-based approach (Zhu et al., 2019) and
nearly all multi-instance baselines (Ye and
Ling, 2019; Wu et al., 2019; Vashishth et al.,
2018) published in the recent years.

This paper is structured as follows: Section 2 re-
views the related work. Section 3 formalizes the
problem and the proposed approach is described
in Section 4. Section 5 describes the experimental
setup. The results are in Section 6. We conclude
in Section 7.

2 Related Work

Multi-instance RE: a few multi-instance RE
approaches use convolution neural network (dos
Santos et al., 2015), attention CNN (Wang et al.,
2016) and attention-based recurrent neural models
for relation extraction (Zhou et al., 2016). Other
approaches such as (Ji et al., 2017; Vashishth
et al., 2018) incorporate entity descriptions, entity
and relation aliases from KG to supplement
context from the previous sentences. Work in
(Vashishth et al., 2018) employs a graph con-
volution network to encode entity and relation
aliases derived from Wikidata. HRERE (Xu and
Barbosa, 2019) proposes an approach for jointly
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learning sentence and KG representation using
cross-entropy loss function. To effectively capture
the available entity context in the documents, Ye
and Ling (2019) suggest an approach incorpo-
rating intra-bag and inter-bag attentions. For a
detailed survey, we point readers to (Smirnova
and Cudré-Mauroux, 2018).
Sentential RE: researchers (Sorokin and
Gurevych, 2017) utilized additional relations
present in the sentence to assist the process of ex-
tracting the target relation using an LSTM-based
model. GP-GNN (Zhu et al., 2019) generates
parameters of GNN based on the input sentence,
which enables GNNs to process-relational reason-
ing on unstructured text inputs. RECON (Bastos
et al., 2021) is an approach that uses the entity
attributes (aliases, labels, descriptions, instance-
of) and KG triples to signal an underlying GNN
model for sentential RE. Authors conclude that
the multi-instance requirement can be relaxed
provided a good representation of KG context
to enrich the sentential RE model. However,
RECON and multi-instance approaches (Xu and
Barbosa, 2019; Vashishth et al., 2018) utilize
statically derived context from the KG, i.e., KG
context does not vary depending the sentence.

Graph Pooling and Dynamic Context Selec-
tion: researchers proposed several models for
the graph classification aka. graph pooling task
(Cangea et al., 2018; Ying et al., 2018; Gao and Ji,
2019). These models employ various approaches
such as graph topology-based (Rhee et al., 2018),
and by learning the hierarchical graph-structure
(Ying et al., 2018). Another graph pooling model
relies on node features and topological informa-
tion using self-attention (Lee et al., 2019) in which
a specific number of nodes are always eliminated.
In KGPool, the elimination of nodes depends on a
context coefficient and node importance (Section
4). For context selection, a recent work focuses on
dynamically selecting the KG context to optimize
a Pre-Trained Language Model (PLM) for entity
typing and relation classification (Su et al., 2020).
KGPool has the following fundamental differences
compared to (Su et al., 2020): KGPool inspires its
self-attention mechanism from (Lee et al., 2019;
Vaswani et al., 2017) to learn a representation
of the KG context. Hence, KGPool works ag-
nostic of the underlying model used for the con-
text aggregation (unlike Su et al. (2020), which is
tightly coupled with PLM). Approaches such as

(Liu et al., 2017; Zhang et al., 2018; Kang et al.,
2020) also perform dynamic context selection for
respective tasks. However, these approaches are
not focused on knowledge graph context selection.

3 Problem Statement

We define the KG as a tuple given by KG =
(E ,R, T +) where E denotes the set of all ver-
tices in the graph representing entities, R is the
set of edges representing relations, and T + ⊆
E × R × E is a set of all KG triples. The
RE Task predicts the target relation rc ∈ R be-
tween a given pair of entities 〈ei, ej〉 from the
sentence W = (w1, w2, ..., wl). If no relation is
inferred, it returns ’NA’ label. We aim for the
sentential RE task which put a constraint that the
sentence within which a given pair of entities oc-
curs is the only visible sentence from the bag of
sentences. We view RE as a classification task
similar to (Sorokin and Gurevych, 2017). In a
KG triple τ = (eh, r, et) ∈ T +, the relation
r ∈ R, eh is the head entity (relation origin) while
et is the tail entity. For each entity, associated
semantic properties such as entity label, descrip-
tion, instance-of, and aliases are known as entity
attribute (Ate) (cf., graph construction step of Fig-
ure 2). We aim to model KG contextual informa-
tion to improve the classification. This is achieved
by learning the effective representations of the sets
Ate, eh, et, andW (cf. section 4).

4 KGPool Approach

KGPool consists of three components illustrated
in Figure 2: 1) Graph Construction aggregates
the sentence, entities and its attributes as a Het-
erogeneous Information Graph (HIG) for input
representation. 2) Context Pooling step utilizes a
self-attention mechanism in a graph convolution to
calculate attention scores for entity attributes us-
ing node features and graph topology. The pool-
ing process allows KGPool to construct a Context
Graph (CG), which is a contextualized represen-
tation of HIG with lesser number of nodes. 3)
Context Aggregator takes as input the sentence,
entities, contextual representations of HIG, and
classifies the target relation between the entities.
We detail the approach in the following.

4.1 Graph Construction

As first step, we extract entity attributes (Ate)
from public dumps of Freebase (Bollacker et al.,
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 alias [Marc Fraser Davis]
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Figure 2: KGPool approach has three components to supplement sentential context with necessary KG context.

2007) and Wikidata (Vrandecic, 2012) KGs de-
pending on the dataset. For the KG context, we
rely on the most commonly available properties of
the entities as suggested by (Bastos et al., 2021):
aliases, description, instance-of, and label. An ex-
ample of various entity attributes is given in Figure
2 at the Graph Construction step. Then, the sen-
tence W is transformed to another representation
using Bi-LSTM (Schuster and Paliwal, 1997) by
concatenating its word and character embeddings:

~W = BiLSTM(W) (1)

Similar representation is created for each entity ei
where i = (h, t):

~ei = BiLSTM(ei) (2)

For entity ei, its KG contexts (entity attributes)
Ate

i

j (where j = [0...N ]) are independently con-
verted into associated embedding representations:

~Atj
ei

= BiLSTM(Ate
i

j ) (3)

For a knowledge representation of the KG con-
text concerning the sentential context (sentence
and annotated entities), we introduce the special
graph HIG = (A,F ), a Heterogeneous Informa-

tion Graph, represented in the adjacency matrix
A ∈ {0, 1}n×n, where n is the maximum num-
ber of neighboring nodes for an entity ei. Here,
F ∈ Rn×f is the node feature matrix assuming
each node has f features learned from the Bi-
LSTM in the equations 1, 2, and 3. In these equa-
tions, BERT (Devlin et al., 2019), or any other re-
cent Transformer-based model can be used. Due
to hardware limitations, we are bound to Bi-LSTM
using Glove embeddings (Pennington et al., 2014).

4.2 Context Pooling
Context pooling is built upon three layers of Graph
Convolutional Networks (GCN) and a readout
layer associated with each of them. Moreover,
the last layer of GCN is coupled with a pooling
layer (cf., ablation studies for architectural design
choice experiments).

4.2.1 Graph Convolution
Since KGPool is expected to select the sufficient
context, the Context Graph CG is a reduction of
HIG using the mapping Ψ : HIG −→ CG. The
challenge here is the no natural notion of spatial
locality, i.e., it is not viable to pool together all
context nodes in an “m × m” patch on HIG be-
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cause the complex topological structure of graphs
prevents any straightforward, deterministic defini-
tion of a “patch”. Furthermore, entities nodes have
a varying number of neighboring nodes, making
the graph pooling challenging (similar to other
graph classification problems (Ying et al., 2018)).
In HIG, entity nodes do not contain informa-
tion of their neighbors. Hence, we aim to enrich
each entity node with the adjacent node’s contex-
tual information. Therefore, we employ a GNN
variant to utilize its message-passing architecture
to learn node embeddings from a message prop-
agation function. The message propagation func-
tion depends on the adjacency matrix A, trainable
parameters θ, and the node embeddings F (Ying
et al., 2018). We rely on a GCN model by Kipf
and Welling (2017). The GCN layer is defined as:

F (k) = ReLU
(
D̃−

1
2 ÃD̃−

1
2F (k−1)θ(k−1)

)
(4)

where Ã = A + I , D̃ =
∑

j Ãi,j and θ(k) is the
trainable matrix. The GCN module might run k
iteration and normally is in the range of two to
six (Ying et al., 2018). A few graph representa-
tion learning approaches propose to use readout
layer that aggregates node features to learn a fixed
size representation (Xu et al., 2018; Cangea et al.,
2018). We perform this summarizing after each
block of the network (Equation 4), and aggregate
all of the intermediate representation together by
taking their sum. We define readout layer R as:

R(k) =
1

N

N∑

i=1

F
(k)
i ‖

N
max
i=1

F
(k)
i (5)

where N is the number of nodes in the graph and
F is the node feature embedding.

4.2.2 KG Self-Attention Mask

Until Equation 5, KGPool focuses on learning
node features. Next, KGPool learns the impor-
tance of each entity attribute node using self-
attention. Please note, in HIG, pooling happens

only for entity attribute nodes ( ~Atj
ei

from Equa-
tion 3). The sentence ~W and entities ~eh, ~et re-
main intact. Hence, each entity representation ~eh
and ~et is enriched by the useful attribute context
(KG context). The entity attribute nodes which
do not provide relevant context are excluded from
the graph. To choose the relevant entity attribute
nodes, we use a self-attention score Z (Lee et al.,

2019) calculated as follows:

Z = tanh
(
D̃−

1
2 ÃD̃−

1
2F (k)Θatt

)
(6)

where Θatt ∈ RF×1 is the only parameter of the
pooling layer. For ranking, we take the attention
score and pass it through a softmax layer where
Zscore is the normalized self attention score.

Zscore = exp (Zi)/
∑

i

exp (Zi) (7)

After Equation 7, we compute the scores for
each entity attribute node. Next, we propose a
node selection method in which nodes are selected
on the basis of Context Coefficient α which is a
hyper parameter. The top nodes are selected as:

idx = max (Zscore)− α ∗ σ(Zscore) (8)

where σ(Zscore) is the standard deviation of
Zscore, idx represents the node selection result,
and Zmask is the corresponding attention mask.
Equation 8 acts as a soft constraint in selecting
the context nodes for each HIG which depends
on the value of α. Learning α during training may
cause over-fitting. Hence, we decided to consider
α as a trade-off parameter similar to λ in regular-
ization (Bühlmann and Van De Geer, 2011). Next,
the Context Graph (CG) is formed by pooling out
the less essential entity attribute nodes as:

F ′ = F
(k)
idx,:, Fout = F ′ � Zmask, Aout = Aidx,idx

(9)
In addition to the dynamically selected nodes, we
also inherit the intermediate node and graph rep-
resentations of k − 1 layers similar to ResNET
(He et al., 2016). The intermediate representations
(k−1 ) and the CG (kth layer) is given as follows:

~eh
′ = F (1)

eh
⊕ F (2)

eh
⊕ ....F (k)

eh

~et
′ = F (1)

et ⊕ F (2)
et ⊕ ....F (k)

et

~W ′ = F
(1)
W ⊕ F

(2)
W ⊕ ....F

(k)
W

~R′ = R(1) ⊕R(2) ⊕ ....R(k)

(10)

where in the ith layer: F (i)
el is the node embedding

of el, l = (h, t), F (i)
W is the node embedding of

sentence W , and R(i) is the readout. In the kth

layer, F (k) is the Fout from Equation 9. The ⊕ is
the concatenation among the vectors.

4.3 Context Aggregator

Finally, KGPool combines the latent representa-
tion (sentential context) with the structured repre-
sentation learned in Equation 10. As such, we em-
ploy a model M which learns latent relation vec-
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tor ~r′. In the state-of-the-art approaches that use
KG context, the representation of ~r′ is learned us-
ing sentential and all static KG context (Vashishth
et al., 2018; Bastos et al., 2021). However, in KG-
Pool, relation r is realized based on the senten-
tial context and dynamically chosen KG context.
Hence, we employ context aggregators similar to
the baselines (section 5.3) for jointly learning the
enriched KG context in the form of CG and sen-
tential context. The final relation is:

P (r | eh, et,W ) = softmax(

MLP(~r′ ⊕ ~eh
′ ⊕ ~et

′ ⊕ ~W ′ ⊕ ~R′)) (11)

5 Experimental Setup

5.1 Datasets
We consider two standard datasets (English ver-
sion): Wikidata dataset (Sorokin and Gurevych,
2017) and NYT Freebase (Riedel et al., 2010).
Both datasets were annotated using distant super-
vision (associated stats are in Table 1). Datasets
include ’NA’ as one of the target relations.

Dataset #Train
Sentences

#Test sen-
tences

#Relations

Wikidata 372,059 360,334 353

NYT 455,771 172,448 53

Table 1: Statistics of the Datasets

5.2 KGPool Configurations
KGPool is configured with two context aggregator
modules. We inherit context aggregators from
existing sentential RE baselines. Our experi-
mental aim is to assess as how KGPool performs
along with the state-of-the-art context aggregators
(comparative study). Our two settings are:
1. KGPool+lstm: KGPool is coupled with a
context aware LSTM model from (Sorokin and
Gurevych, 2017) as context aggregator.
2. KGPool+gnn: this implementation has KG-
Pool plugged-in with a variant of GNN module
used by (Zhu et al., 2019; Bastos et al., 2021).

5.3 Baseline Models
We consider the recent sentential RE approaches
for our empirical study:
RECON (Bastos et al., 2021): induces KG con-
text (entity attributes and 1&2 hop entity triples)
along with the sentence in a GNN.

RECON-EAC (Bastos et al., 2021): a variant of
RECON contains entity attributes as only KG con-
text (same context as KGPool).
GP-GNN (Zhu et al., 2019): performs multi-hop
reasoning using a GNN.
Context-LSTM (Sorokin and Gurevych, 2017):
uses context from other sentential relations.
Sorokin-LSTM (Sorokin and Gurevych, 2017):
the NYT dataset contains one relation per sen-
tence, but Context-LSTM requires at least two re-
lations in a sentence. Thus, the other setting is an
LSTM model without a sentential relation context,
is used as a baseline on the NYT dataset.
Multi-instance RE Approaches: Please note, the
Wikidata dataset does not have multiple instances
for an entity pair. Hence multi-instance baselines
do not have values on it. We inherit the recent
multi-instance baselines and all empirical values
from (Bastos et al., 2021): (i) HRERE (Xu and
Barbosa, 2019) (ii) Wu-2019 (Wu et al., 2019),
(iii) Yi-Ling-2019 (Ye and Ling, 2019), (iii) RE-
SIDE (Vashishth et al., 2018).

5.4 Metrics and Hyper-parameters

Graph Construction step (section 4.1) use a Bi-
LSTM with one hidden layer of size 50 (Bastos
et al., 2021). The word embedding dimension is
50 initialized by Glove embeddings (Pennington
et al., 2014). The context pooling parameters are
from (Lee et al., 2019). For modelM , we used the
default parameters provided by the authors (Zhu
et al., 2019; Sorokin and Gurevych, 2017). For
brevity, details are in the appendix.
Metric and Optimization: Our experiment set-
tings are borrowed from (Bastos et al., 2021).
Hence, on Wikidata dataset, we use (micro) pre-
cision (P), recall (R), and F-score (F1). On the
NYT Freebase dataset, (micro) P@10 and P@30
is reported. P@K here represents precision at K
percent recall. We also study the effect of Con-
text Coefficient (α) for both KGPool configura-
tions (trained end-to-end). We ignore the proba-
bility predicted for the NA relation during testing.
We employ the Adam optimizer (Kingma and Ba,
2015) with categorical cross entropy loss where
each model is run three times on the whole train-
ing set. For the P/R curves (with best α values of
KGPool variants), the result from the first run of
each model is selected. For ablation, we use the
McNemar’s test for statistical significance to find
if the reduction in error in the KGPool configura-
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(a) Micro P-R Curve on Wikidata Dataset (b) Micro P-R Curve on NYT-Freebase Dataset
Figure 3: KGPool’s best configuration (Tables: 2, 3) perform better than baselines over the entire recall range.

tions are significant. The differences in the models
is statistically significant if the p − value < 0.05
(Dietterich, 1998). We release all experiment code
and data on a public GitHub2.

6 Results

We conduct our experiments and analysis in re-
sponse to the question RQ: ”What is the efficacy
of KGPool in dynamically selecting the KG con-
text for the sentential RE task?” As such, we also
compare KGPool against approaches that do not
dynamically treat the context.

Model P R F1

Context-LSTM 72.09 72.06 72.07
GP-GNN 82.30 82.28 82.29
RECON-EAC 85.44 85.41 85.42
RECON 87.24 87.23 87.23

KGPool+lstm (α=1) 84.20 82.19 84.20
KGPool+lstm (α=2) 84.12 84.13 84.12
KGPool+lstm (α=3) 84.00 83.97 83.98
KGPool+lstm (α=4) 83.81 83.79 83.80

KGPool+gnn (α=1) 88.60 88.59 88.60
KGPool+gnn (α=2) 88.57 88.56 88.57
KGPool+gnn (α=3) 88.54 88.55 88.54
KGPool+gnn (α=4) 88.52 88.50 88.51

Table 2: Comparison of KGPool configurations with
sentential RE models on Wikidata dataset. Best score
in bold.

Performance on Wikidata Dataset: Table 2
summarizes the performance of KGPool variants
against the sentential RE models. Agnostic of
the underlying aggregator (LSTM or GNN), KG-
Pool effectively captures the KG context compli-
menting the sentential context. TheKGPool+gnn
(α=1) configuration outperforms other KGPool
variants along with all sentential RE baselines. We

2https://github.com/nadgeri14/KGPool

Model P@10 P@30

HRERE 86.1 76.6
Wu-2019 81.7 61.8
RESIDE 73.6 59.5
Ye-Ling-2019 78.9 62.4
Sorokin-LSTM 75.4 58.7
GP-GNN 81.3 63.1
RECON-EAC 83.5 73.4
RECON 87.5 74.1

KGPool+lstm (α=1) 83.7 72.7
KGPool+lstm (α=2) 83.5 71.6
KGPool+lstm (α=3) 84.1 70.6
KGPool+lstm (α=4) 83.1 72.1

KGPool+gnn (α=1) 90.1 86.7
KGPool+gnn (α=2) 91.0 85.0
KGPool+gnn (α=3) 92.3 85.4
KGPool+gnn (α=4) 90.6 84.4

Table 3: Comparison of KGPool with sentential and
multi-instance RE models on NYT Freebase dataset.
Best score in bold.

can observe that even when the available context is
limited to entity attributes, theKGPool+gnn vari-
ant surpasses RECON that also contains context
from 1&2 hop triples besides the entity attributes.
RECON-EAC and KGPool+gnn rely on entity
attributes as KG context with the same context
aggregator. When KGPool+gnn variants choose
KG context dynamically, they perform better than
RECON-EAC. It is interesting to notice that when
an LSTM model is fed with the dynamically cho-
sen context, the performance gain is more than
ten absolute points (KGPool+lstm Vs Context-
LSTM), even outperforming GP-GNN.
Performance on NYT Freebase Dataset: Sim-
ilar to the Wikidata dataset, the KGPool+gnn
variants significantly outperform all baselines (cf.
Table 3). The P@30 is comparatively high for
KGPool+gnn against baselines. The behavior
could be interpreted as follows: dynamically
adding context from the KG for the entity pairs
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Compared Models Contingency table Statistic p-value Significance Dataset
KGPool+gnn (α=3) vs 160916 4702 298.18 8.18 ∗ 10−67 Statistically NYT-
RECON 3169 3613 Significant Freebase
KGPool+gnn (α=1) vs 617266 38652 1300.08 1.08 ∗ 10−284 Statistically Wikidata
RECON 29255 55593 Significant
Table 4: The McNemar’s test for statistical significance for KGPool’s best configuration Vs previous baseline.

keeps the precision higher over a more extended
recall range. For both datasets, KGPool configura-
tions (KGPool+gnn and KGPool+lstm) have the
best-reported performance varying as per the α.
This validates our choice to introduce a soft con-
straint in selecting the context nodes (cf., Equation
8). The P/R curves in Figure 3 show that KGPool
performs better than baselines over the entire re-
call range. We conclude that the effective dynamic
context selection by KGPool has a positive impact
on the sentential RE task (which successfully an-
swers our research question).

Models DEG
(HIG)

DEG
(CG)

Dataset

KGPool+gnn (α=1) 5.33 1.15 Wikidata
KGPool+gnn (α=2) 5.33 1.52
KGPool+gnn (α=3) 5.33 2.87
KGPool+gnn (α=4) 5.33 4.71
KGPool+gnn (α=1) 6.34 1.67 NYT
KGPool+gnn (α=2) 6.34 1.91 Freebase
KGPool+gnn (α=3) 6.34 2.73
KGPool+gnn (α=4) 6.34 5.16

Table 5: Effect of Context Pooling. ‘DEG’ denotes av-
erage degree of an entity node (ei). ‘DEG’ of entity
nodes in CG is drastically reduced wrt the HIG.

6.1 Ablation Studies

We conducted two ablation studies to understand
the behavior of KGPool configurations:
Significance of Dynamic Context Selection: we
perform McNemar’s test for the best KGPool con-
figuration against the previous sentential state-of-
the-art (i.e. RECON). The results in Table 4 are
statistically significant on both datasets, illustrat-
ing KGPool’s robustness. AlthoughKGPool+gnn
variants achieve statistically significant results
against RECON, there exist several sentences for
which our approach is unable to select supplemen-
tary KG context ((RW ) values in the contingency
table). It requires further investigation, and we
plan it for our future work.
Effect on the Degree of Nodes for Entities: for
studying the effect of context pooling (Section
4.2), we also conducted a study to understand the
impact of KGPool on the reduction of the average
degree of entity nodes (ei) in the HIG. Table 5

summarizes the effect of Context Coefficient on
the average degree of entity nodes. Irrespective of
α, KGPool notably reduces the degree of ei by re-
moving less relevant nodes.
Architectural Choice Experiment: In KGPool,
we chose to introduce pooling in the last layer of a
three-layered architecture (three blocks). To sup-
port our choice, we performed several additional
experiments by introducing pooling in various lay-
ers. We employ the Wikidata dataset for our exper-
iments. We use best configuration of our model (
KGPool+gnn (α=1)) and created several variants
of it. For instance, KGPool+gnn (P=all) com-
prises the configuration where we introduce pool-
ing in all three GCN blocks. The configuration
KGPool+gnn (¶=2&3) has no pooling in the first
layer but has a pooling layer in the remaining two
GCN blocks. KGPool+gnn is the best configura-
tion of KGPool where pooling is just in the final
layer. In Table 6, we observe that KGPool+gnn
with pooling only in the last GCN block has the
superior performance compared to other two vari-
ants. Here, the first two layers are used to learn
the node features, which are then employed with
self-attention for node selection. Our experiments
justify the architectural choice decision. However,
with a newer graph pooling technique, such deci-
sions will solely depend on the performance of the
approach, and we can not generalize the results of
these experiments.

Model F1
KGPool+gnn (¶=all) 84.19
KGPool+gnn (¶=2&3) 86.87
KGPool+gnn (¶=3) (best) 88.60

Table 6: When we introduce pooling in all three layers
or in two layers, the performance of KGPool’s variants
drop. Hence, it justify our choice to add pooling only
in the third layer that gives the best performance (val-
ues in bold). We use best configuration of our model
(KGPool+gnn (α=1)).

Case-Studies: To understand the KGPool’s per-
formance gain, we report a few top relations in
Table 7. It can be observed from this table that in
a few cases, with lesser context, KGPool can per-
form significantly better. In the next case study,
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to understand the KGPool’s performance while
adding additional context (more noise), we induce
extra context in the form of 1&2-hop triples along
with entity attributes. For the same, we consid-
ered KGPool’s best configurations on the Wikidata
dataset. The configurations KGPool+gnn (+T )
and KGPool+lstm (+T ) represent KGPool fed
with additional triple context. For both configu-
rations agnostic of underlying aggregator, we ob-
serve a slight increase in performance (Table 8).
There are several triples which are the irrelevant
source of information not needed for a given sen-
tence. KGPool can remove that information and
does not suffer the performance drop due to added
noise in the context. Details on error analysis,
performance for worst performing individual re-
lations, and on a human-annotated dataset are pro-
vided in the appendix.

Relation KGPool RECON GP-GNN
vocal specialization 1.00 0.00 0.00
list of works 1.00 0.00 0.00
track gauge 1.00 0.92 0.00
position played 0.99 0.99 0.92
sport 0.99 0.99 0.97
record label 0.95 0.90 0.64
list of episodes 0.95 0.00 0.49
wing configuration 0.94 0.57 0.00
numeric value 0.93 0.27 0.46
vessel class 0.87 0.00 0.00

Table 7: Micro F-score of Top performing Relations
for KGPoolgnn (α=1) (on Wikidata dataset). Dy-
namically chosen context significantly improves per-
formance for many relations.

Model F1
KGPool+gnn (+T ) 88.85
KGPool+lstm (+T ) 84.42
KGPool+gnn 88.60
KGPool+lstm 84.12

Table 8: To scale the sources of the contexts, we in-
duce additional triple context in the KGPool shown as
(+T ) configurations. We use best configurations of
our model (KGPool+gnn (α=1) and KGPool+lstm
(α=1)). We observe a slight jump in the performance,
however, KGPool is still able to pool irrelevant context.

7 Discussion and Conclusion

Although KGs are often employed for providing
background context in the RE tasks (cf. Section
2), yet there is limited research about defining rel-
evant context. In this work, we proposed KG-
Pool and provide a set of experiments proving:
1) Given the limited context that is in individual

sentences, dynamically bringing context from KG
significantly improves the RE performance. 2) We
introduced Context Coefficient (α), which acts as
a soft constraint in determining the relevant en-
tity context nodes. 3) Our approach KGPool is in-
variant of the context aggregator and enables us to
learn effective knowledge representation of the re-
quired KG context for a given sentential context.
Our evaluation concerns several key questions:

• Data quality impact on an effective knowl-
edge representation: in spite KGPool’s sig-
nificant performance, there exist several sen-
tences for which our model finds a limita-
tion compared to the baseline (cf. Table 4).
One potential interpretation could be about
the noise injected due to the data quality of
the KG context (Weichselbraun et al., 2018).
Hence, how does the quality of contextual
data impact the performance of context selec-
tion approaches is an open direction.

• Impact of additional sources of KG con-
text: In ablation, we provide a study by
adding 1 & 2-hop triples in addition to en-
tity attributes. There is no significant increase
in the performance, although KGPool is able
to remove irrelevant context for a given sen-
tence. Furthermore, we did not consider edge
features inHIG although KGPool can be ex-
tended to support edge features using tech-
niques such as (Simonovsky and Komodakis,
2017). Additional experiments are needed to
verify that our empirical observations hold in
this setting, and we leave it for future work.

Overall, KGPool provides an effective knowl-
edge representation for set-ups where sentence
context is sparse. It is interesting to observe that
effective knowledge representation learned using
KGPool paired with an LSTM model outperforms
GP-GNN (Zhu et al., 2019), and nearly all multi-
instance baselines. Our conclusive results open a
new research direction: is it possible to apply ef-
fective context selection techniques coupled with
deep learning models to other downstream NLP
tasks? For example, our results can encourage re-
searchers to extend KGPool or develop novel con-
text selection methods for the tasks where KGs
have been extensively used as additional back-
ground knowledge, such as in entity linking (Mu-
lang’ et al., 2020; Mulang et al., 2020), KG com-
pletion (Wang et al., 2020; Shi et al., 2017), and
recommendation system (Yang et al., 2020).
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8 Ethics/ Impact Statement:

In this work, we present significant progress in
solving sentential RE task. Harvesting knowl-
edge is an essential goal that human beings seek
along with the advancement of technology. This
research and many RE approaches rely on addi-
tional signals from the public KGs to design sys-
tems that extract structured knowledge from un-
structured contents. When it comes to who may be
disadvantaged from this research, we do not think
it is applicable since our study of addressing the
KG context capabilities is still at an early stage.
Having said so, we are fully supporting the devel-
opment of ethical and responsible AI. The poten-
tial bias in the standard public datasets that may
lead to wrong knowledge needs to be cleaned or
corrected with validation mechanisms.
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A Appendix

Due to page limit, we could not put several em-
pirical results in the main paper. This section de-
scribes the remaining empirical studies.

A.1 Error Analysis

To understand the failure cases of KGPool, we
conducted exhaustive error analysis. We calcu-
lated (micro) F1-Score of each relation in Sorokin
dataset (Sorokin and Gurevych, 2017). Table 10
illustrates performance of ten relations on which
KGPool performs the worst (ascending order of
Micro-F1 score). To put the study in the right
perspective, we also report all sentential RE base-
lines’ performance on these relations. While ana-
lyzing the errors, we observe three patterns. First,
all models fail in the relations for which number
of instances are sparse. For example, the rela-
tion mother has only 190 instances (occurances)
and the relation killed by has 48 instances. The
scarcity in training data has made all models to
fail on certain relations. Secondly, our model fails
in very closed relations. For example, instead of
predicting the relation drafted by3, our model pre-
dicts member of sport team4. Similarly, in case
of unmarried partner, our model predicts spouse.
We believe that introducing logical reasoning in
the model can help these borderline cases. The
third observed pattern for errors is the quality of

3https://www.wikidata.org/wiki/
Property:P647

4https://www.wikidata.org/wiki/
Property:P54

context. It is worthwhile to mention that in GP-
GNN and Context-LSTM, there is only a senten-
tial context. RECON and KGPool use KG con-
text. Still, performance is limited for many rela-
tions such as use and different from as reported in
the table 10. The lack of quality context in the KG
possibly a reason for limited performance for KG-
context-induced models in erroneous cases. De-
tailed exploration is needed to understand the im-
pact of data quality on KGPool performance, and
we leave it for the future work.

A.2 Effect of Context Pooling

Models DEG
(HIG)

DEG
(CG)

Dataset

KGPool+lstm (α=1) 5.33 1.06 Wikidata
KGPool+lstm (α=2) 5.33 2.12
KGPool+lstm (α=3) 5.33 4.32
KGPool+lstm (α=4) 5.33 4.81
KGPool+lstm (α=1) 6.34 1.23 NYT
KGPool+lstm (α=2) 6.34 1.74 Freebase
KGPool+lstm (α=3) 6.34 3.05
KGPool+lstm (α=4) 6.34 6.30

Table 9: Effect of Context Pooling. ‘DEG’ denotes av-
erage degree of an entity node (ei). We observe a re-
duction in the degree of entity nodes in CG compared
to the HIG.

In the main paper, we presented the effect of
context pooling on KGPool’s best configuration
(KGPool+gnn). Table 9 describes the reduction
in the average degree of nodes for KGPool+lstm
configuration for various context coefficient (α).
On both datasets, there is a significant reduction in
the degree of nodes. On Wikidata dataset (Sorokin
and Gurevych, 2017), KGPool+lstm with (α=1)
reports the highest value among its other configu-
rations. For the same, the average degree of nodes
is reduced from 5.33 to 1.06. Please note, the de-
gree of nodes in HIG remains the same. How-
ever, for CG, the degree of nodes differs based on
the context aggregator. We train the model end to
end, and due to back-propagation, context weights
adjust as per the context aggregator.

A.3 Results on a Human Annotated Dataset

The employed datasets Wikidata (Sorokin and
Gurevych, 2017) and NYT Freebase (Riedel et al.,
2010) are created using distant supervision tech-
niques. Considering distant supervision tech-
niques inherit a noise, to provide a comprehen-
sive ablation study, (Zhu et al., 2019) provided
a human evaluation setting. Following the same
setting, RECON provided human-annotated data

546



Relation KGPool RECON GP-GNN Context-LSTM
has quality 0.00 0.00 0.00 0.00
enclave within 0.00 0.00 0.00 0.00
drafted by 0.01 0.08 0.00 0.02
different from 0.01 0.00 0.0 0.00
mother 0.03 0.05 0.02 0.00
unmarried partner 0.04 0.01 0.00 0.00
killed by 0.04 0.01 0.00 0.04
use 0.09 0.00 0.00 0.00
lyrics by 0.10 0.13 0.00 0.00
relative 0.12 0.10 0.00 0.00

Table 10: Micro F-score of 10-worst performing Relations for KGPoolgnn (α=1) on Wikidata dataset. We also
provide corresponding values of other sentential RE baselines. The main reason for limited performance across all
models is the scarcity of training data for these relation types.

from Wikidata dataset (Sorokin and Gurevych,
2017). This is to verify that the distantly super-
vised dataset is correct for every pair of entities.
Sentences accepted by all annotators are part of
the human-annotated dataset. There are 500 sen-
tences and 1846 triples in the test set. Table 11
reports KGPool’s performance against the sen-
tential baselines. KGPool+gnn continues to out-
perform the baselines, maintaining similar behav-
ior as seen on test sets of original datasets. The
results further re-assure the robustness of our pro-
posed approach.

Model P R F1
Context Aware LSTM 77.77 78.69 78.23
GP-GNN 81.99 82.31 82.15
RECON-EAC 86.10 86.58 86.33
RECON 87.34 87.55 87.44
KGPool+lstm (α=1) 86.34 86.07 86.20
KGPool+gnn (α=1) 89.36 89.31 89.33

Table 11: Sentential RE performance on Human An-
notation Dataset. KGPool again outperforms the base-
lines. We report Micro P,R, and F1 values. (Best score
in bold)

Hyperparameters Value
learning rate 0.001
batch size 50
hidden state size 128
context coefficient (α) 1,2,3,4
# of propagation layers 3

Table 12: Hyper-parameters for Context Pooling mod-
ule

A.4 Datasets and Hyper-parameters
We augmented two datasets Wikidata dataset and
Riedel Freebase dataset with our proposed KG
context. The Wikidata dataset has 353 unique
relations, 372,059 sentences in training, 123824
sentences in validation and 360,334 for testing.
The number of sentences in the training and test

Hyperparameters Value
learning rate 0.001
batch size 50
dropout ratio 0.5
hidden state size 256
non-linear activation relu
# of propagation layers 3
entity embedding size 8
adjacent matrices untied
optimizer adam
β1 0.9
β2 0.999
ε 1e-08
pretrained embeddings glove
word embedding dim 50

Table 13: Hyper-parameters for GNN-Aggregator
module

Hyperparameters Value
learning rate 0.001
batch size 50
dropout ratio 0.5
hidden state size 256
non-linear activation relu
# of layers 1
optimizer adam
pretrained embeddings glove
word embedding dim 50

Table 14: Hyper-parameters for ContextAware-
Aggregator module

Hyperparameters Value
learning rate 0.001
batch size 50
initial embedding size 50
final embedding size 50
pretrained embeddings glove
# of layers 1

Table 15: Hyper-parameters for Graph Construction
module

set are 455,771 and 172,448 respectively in the
Riedel dataset. No explicit validation set has been
provided for Riedel dataset. For augmenting en-
tity attribute context, we relied on public dumps
of Wikidata and Freebase. From these dumps,
we automatically extracted entities and its proper-
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ties: labels, aliases, instance of, descriptions. For
Wikidata, we used public API5 using a SPARQL
query and for Freebase, we took original depreci-
ated dump6.

We use the nltk english tokenizer for splitting
the sentence into its corresponding tokens in the
Riedel dataset. We do not do any further data
preprocessing. We used 1 GPU NVIDIA TITAN
X Pascal with 12GB of GPU storage to run our
experiments. We train the models upto a maxi-
mum of 14 epochs and select the best performing
model based on the micro F1 scores of the valida-
tion set. The tables 14, 15 and 12 detail the hyper-
parameter settings used in our experiments. We do
not do any further hyper-parameter tuning.

5https://query.wikidata.org/
6https://developers.google.com/

freebase
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Abstract

Structural syntax knowledge has been proven
effective for semantic role labeling (SRL),
while existing works mostly use only one sin-
gleton syntax, such as either syntactic depen-
dency or constituency tree. In this paper, we
explore the integration of heterogeneous syn-
tactic representations for SRL. We first con-
sider a TreeLSTM-based integration, collabo-
ratively learning the phrasal boundaries from
the constituency and the semantic relations
from dependency. We further introduce a label-
aware GCN solution for simultaneously mod-
eling the syntactic edges and labels. Experi-
mental results demonstrate that by effectively
combining the heterogeneous syntactic repre-
sentations, our methods yield task improve-
ments on both span-based and dependency-
based SRL. Also our system achieves new
state-of-the-art SRL performances, meanwhile
bringing explainable task improvements.

1 Introduction

Semantic role labeling (SRL) aims to disclose the
predicate-argument structure of a given sentence.
Such shallow semantic structures have been shown
highly useful for a wide range of downstream tasks
in natural language processing (NLP), such as in-
formation extraction (Fader et al., 2011; Bastianelli
et al., 2013), machine translation (Xiong et al.,
2012; Shi et al., 2016) and question answering
(Maqsud et al., 2014; Xu et al., 2020). Based on
whether to recognize the constituent phrasal span
or the syntactic dependency head token of an argu-
ment, prior works categorize SRL into two types:
the span-based SRL popularized in CoNLL05/12
shared tasks (Carreras and Màrquez, 2005; Prad-
han et al., 2013), and the dependency-based SRL
introduced in CoNLL08/09 shared tasks (Surdeanu

∗Corresponding author.
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Figure 1: The mutual benefit to integrate both the (1)
syntactic constituency and (4) dependency structures
for (2) SRL, based on (3) an example sentence.

et al., 2008; Hajič et al., 2009). By adopting var-
ious neural network methods, two types of SRL
have achieved significant performances in recent
years (FitzGerald et al., 2015; He et al., 2017; Fei
et al., 2021a)

Syntactic features have been extensively verified
to be highly effective for SRL (Pradhan et al., 2005;
Punyakanok et al., 2008; Marcheggiani and Titov,
2017; Strubell et al., 2018; Zhang et al., 2019).
In particular, syntactic dependency features have
gained a majority of attention, especially for the
dependency-based SRL, considering their close rel-
evance with the dependency structure (Roth and
Lapata, 2016; He et al., 2018; Xia et al., 2019;
Fei et al., 2021b). Most existing works focus on
designing various methods for modeling the depen-
dency representations into the SRL learning, such
as TreeLSTM (Li et al., 2018; Xia et al., 2019) and
graph convolutional networks (GCN) (Marcheg-
giani and Titov, 2017; Li et al., 2018). On the other
hand, some efforts try to encode the constituency
representations for facilitating the span-based SRL
(Wang et al., 2019; Marcheggiani and Titov, 2020).

Yet almost all the syntax-based SRL methods
use one standalone syntactic tree, i.e., either de-
pendency or constituency tree. Constituent and
dependency syntax actually depict the syntactic
structure from different perspectives, and integrat-
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ing these two heterogeneous representations can in-
tuitively bring complementary advantages (Farkas
et al., 2011; Yoshikawa et al., 2017; Zhou and Zhao,
2019). As exemplified in Figure 1, the dependency
edges represent the inter-relations between argu-
ments and predicates, while the constituency struc-
ture1 locates more about phrase boundaries of argu-
ment spans, and then directs the paths to the predi-
cate globally. Interacting these two structures can
better guide the system to focus on the most proper
granularity of phrasal spans (as circled by the dot-
ted box), while also ensuring the route consistency
between predicate-argument pairs. Unfortunately,
we find that there are very limited explorations of
the heterogeneous syntax integration in SRL. For
instance, Li et al. (2010) manually craft two types
of discrete syntax features for statistical model,
and recently Fei et al. (2020a) implicitly distill two
heterogeneous syntactic representations into one
unified neural model.

In this paper, we present two innovative neural
methods for explicitly integrating two kinds of syn-
tactic features for SRL. As shown in Figure 2, in
our framework, the syntactic constituent and de-
pendency encoders are built jointly as a unified
block (i.e., Heterogeneous Syntax Fuser, namely
HeSyFu), and work closely with each other. In the
first architecture of HeSyFu (cf. Figure 3), we take
two separate TreeLSTMs as the structure encoders
for two syntactic trees. Based on our framework,
we try to answer the following questions:

I Q1. Whether the combination of constituent
and dependency syntax can really improve SRL?
I Q2. If yes, how much will such improvements

be for the dependency- and span-based SRL?
We further propose Const GCN and Dep GCN

encoders to enhance the syntax encoding in
HeSyFu, where the syntactic labels (i.e., depen-
dent arc types and constituency node types) are
modeled in a unified manner within the label-aware
GCN, as illustrated in Figure 4. With this, we can
dig deeper:
I Q3. How different will the results be by em-

ploying the TreeLSTM or GCN encoder?
I Q4. Can SRL be further improved by leverag-

ing syntactic labels?
I Q5. What kind of associations can be discov-

ered between SRL structures and these heteroge-
neous syntactic structures?

1Following Marcheggiani and Titov (2020), we strip off
the nodes of POS tags from the constituency tree for brevity.

To find the answers, we conduct extensive exper-
iments on both span- and dependency-based SRL
benchmarks (i.e., CoNLL05/12 and CoNLL09).
The results and analyses show that,

IA1. combining two types of syntax information
is more helpful than just using either one of them;

IA2. the improvement for span-based SRL is
more obvious than dependency-based one;
IA3. GCN performs better than TreeLSTM;
IA4. syntactic labels are quite helpful for SRL;
IA5. SRL and both kinds of syntactic structures

have strong associations and should be exploited
for mutual benefits.

In our experiments, our SRL framework with
two proposed HeSyFu encoders achieves better
results than current best-performing systems, and
yield more explainable task improvements.

2 Related Work

The SRL task, uncovering the shallow semantic
structure (i.e. ‘who did what to whom where and
when’) is pioneered by Gildea and Jurafsky (2000),
and popularized from PropBank (Palmer et al.,
2005) and FrameNet (Baker et al., 1998). SRL
is typically divided into the span-based one and
dependency-based one on the basis of the granu-
larity of arguments (e.g., phrasal spans or depen-
dency heads). Earlier efforts focus on designing
hand-crafted features with machine learning meth-
ods (Pradhan et al., 2005; Punyakanok et al., 2008;
Zhao et al., 2009b,a). Later, SRL works mostly
employ neural networks with distributed features
for the task improvements (FitzGerald et al., 2015;
Roth and Lapata, 2016; Marcheggiani and Titov,
2017; Strubell et al., 2018). Most high-performing
systems model the task as a sequence labeling prob-
lem with BIO tagging scheme for both two types of
SRL (He et al., 2017; Ouchi et al., 2018; Fei et al.,
2020c,b).

On the other hand, syntactic features are a
highly effective SRL performance enhancer, ac-
cording to numbers of empirical verification in
prior works (Marcheggiani et al., 2017; He et al.,
2018; Swayamdipta et al., 2018; Zhang et al.,
2019), as intuitively SRL shares much underly-
ing structure with syntax. Basically, the syntactic
dependent feature is more preferred to be injected
into the dependency-based SRL (Roth and Lap-
ata, 2016; Marcheggiani and Titov, 2017; He et al.,
2018; Kasai et al., 2019), while other consider the
constituent syntax for the span-based SRL (Wang
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et al., 2019; Marcheggiani and Titov, 2020).
Actually, the constituent and dependency syn-

tax depict the structural features from different
angles, while they can share close linguistic rele-
vance. Related works have revealed the mutual ben-
efits on integrating these two heterogeneous syntac-
tic representations for various NLP tasks (Collins,
1997; Charniak, 2000; Charniak and Johnson, 2005;
Farkas et al., 2011; Yoshikawa et al., 2017; Zhou
and Zhao, 2019; Strzyz et al., 2019; Kato and Mat-
subara, 2019). Unfortunately, there are very limited
explorations for SRL. For example, Li et al. (2010)
construct discrete heterogeneous syntactic features
for SRL. More recent work in Fei et al. (2020a)
leverage knowledge distillation method to inject
the heterogeneous syntax representations from var-
ious tree encoders into one model for enhancing
the span-based SRL. In this work, we consider an
explicit integration of these two syntactic structures
via two neural solutions. To our knowledge, we
are the first attempt performing thorough investiga-
tions on the impacts of the heterogeneous syntax
combination to the SRL task.

Various neural models have been proposed for
encoding the syntactic structures, such as atten-
tion mechanism (Strubell et al., 2018; Zhang et al.,
2019), TreeLSTM (Li et al., 2018; Xia et al., 2019),
GCN (Marcheggiani and Titov, 2017; Li et al.,
2018; Marcheggiani and Titov, 2020), etc. In this
work, we take the advantages of the TreeLSTM
and GCN models for encoding the constituent and
dependency trees, as two solutions of our HeSyFu
encoders. It is worth noticing that prior works us-
ing GCN to encode dependency (Marcheggiani and
Titov, 2017) and constituent (Marcheggiani and
Titov, 2020), where however the syntactic labels
are not managed in a unified manner. We thus con-
sider enhancing the syntax GCN by simultaneously
modeling the syntactic labels within the structure.

3 SRL Model

3.1 Task Modeling

Following prior works (Tan et al., 2018; Marcheg-
giani and Titov, 2020), our system aims to iden-
tify and classify the arguments of a predicate
into semantic roles, such as A0, A1, AM-LOC,
etc. We denote the complete role set as R. We
adopt the BIO tagging scheme. And given a
sentence s={w1,· · · ,wn} and a predicate wp, the
model assigns each word wi a label ŷ ∈ Y ,

She met her sister in the pub0 1 0 0 0 0 0

Dependency tree

Constituency tree

x L

B-A0 V B-A1 I-A1 B-LOC I-LOC I-LOC

Heterogeneous 
Syntax Fuser

Layer

Transformer
Encoder

Input

CRFs

Hidden
Representation

Figure 2: Overview of our SRL framework.

where Y=({B, I}×R) ∪ {O}.2 Note that each
semantic argument corresponds to a word span of
{wj ,· · · ,wk} (1≤j≤k≤n).3

3.2 Framework
As illustrated in Figure 2, our SRL framework con-
sists of four components, including input represen-
tations, Transformer encoder, heterogeneous syn-
tax fuser layer and CRFs decoding layer.

Given an input sentence s and a predicate word
wp (p is the position), the input representations xi
are the concatenation (⊕) of word embeddings xwi
and predicate binary embeddings x(i==p) indicat-
ing the presence or absence of wp:

xi = xwi ⊕ x(i==p). (1)

Afterwards, we adopt Transformer (Vaswani
et al., 2017) as our base encoder for yielding contex-
tualized word representations. Transformer (Trm)
works with multi-head self-attention mechanism:

Softmax(
Q ·KT

√
dk

) · V , (2)

whereQ,K and V are the linear projections from
the input representation xi. We simplify the flow:

{r1, · · · , rn} = Trm({x1, · · · ,xn}) . (3)

Next, based on the hidden representation ri, our
heterogeneous syntax fuser (HeSyFu) layer, which
will be elaborated in Section §4, integrates the con-
stituency and dependency syntax, and yields the
syntax-aware hidden representation:

{s1, · · · , sn} = HeSyFu({r1, · · · , rn}) . (4)
2This work focuses on the pipeline-style SRL which is

under the assumption that predicates are pre-identified.
3When j = k, the span-based SRL model shifts into the

dependency-based one.
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Figure 3: TreeLSTM-based HeSyFu layer.

Based on the syntax-aware hidden representa-
tion si, we use CRFs (Lafferty et al., 2001) to
compute the probability of each candidate output
y = {y1, · · · , yn}:

p(y|s) =
exp{∑i(Wsn + Tyi−1,yi)}

Z
, (5)

where W and T are the parameters and Z is a
normalization factor. The Viterbi algorithm is used
to search for the highest-scoring tag sequence ŷ.

4 Integration of Syntactic Constituency
and Dependency Structure

We present two neural heterogeneous syntax fusers
(a.k.a., HeSyFu), including a TreeLSTM-based
HeSyFu (cf. Figure 3), and a label-aware GCN-
based HeSyFu (cf. Figure 4). HeSyFu is stacked
with total L layers for a full syntax interaction.
We design the architecture with the constituency
(denoted as const.) encoding in front of the de-
pendency (denoted as dep.) encoding, based on
the intuition that the boundary recognition helped
by const. syntax should go before the semantic
relation determination aided by dep. syntax.

4.1 TreeLSTM Heterogeneous Syntax Fuser

Our TreeLSTM-based HeSyFu (Tr-HeSyFu) is
comprised of the N-ary TreeLSTM for const. trees
and the Child-Sum TreeLSTM for dep. trees moti-
vated by Tai et al. (2015).

Constituency tree encoding The flow in TreeL-
STM is bidirectional, i.e., bottom-up and top-down,
for a full information interaction. For each node u
in the tree, we denote the hidden state and mem-
ory cell of its v-th (v ∈ [1,M ]) branching child
as h↑uv and cuv. The bottom-up one computes the

representation h↑u from its children hierarchically:

iu = σ(W (i)ru +
∑M

v=1U
(i)
v h

↑
uv + b(i)),

fuk = σ(W (f)ru +
∑M

v=1U
(f)
kv h

↑
uv + b(f)),

ou = σ(W (o)ru +
∑M

v=1U
(o)
v h↑uv + b(o)),

uu = Tanh(W (u)ru +
∑M

v=1U
(u)
v h↑uv + b(u)),

cu = iu � uu +
∑M

k=1fuk � cuk,
h↑u = ou � tanh(cu),

(6)
where W , U and b are parameters. ru, iu, ou
and fuv are the input token representation, input
gate, output gate and forget gate. Analogously, the
top-down N-ary TreeLSTM calculates the represen-
tation h↓u the same way. We concatenate the rep-
resentations of two directions: hconstu = h↑u ⊕ h↓u.
Note that the constituent tree nodes include termi-
nal word nodes and non-terminal constituent nodes,
and we only take the representations (i.e., hconsti )
corresponding to the word node wi for any usage.

Dependency tree encoding Slightly different
from N-ary TreeLSTM for const. tree, the non-
terminal nodes in dep. tree encoded by Child-Sum
TreeLSTM are all the word nodes. We also con-
sider the bidirectional calculation here. The bottom-
up TreeLSTM obtains h↑i of the word wi via:

h
↑
i =

∑
j∈C(i)h

↑
j ,

ii = σ(W (i)r
′
i +U (i)h

↑
i + b(i)),

fij = σ(W (f)r
′
i +U (f)h

↑
j + b(f)),

oi = σ(W (o)r
′
i +U (o)h

↑
i + b(o)),

ui = Tanh(W (u)r
′
i +U (u)h

↑
i + b(u)),

ci = ii � ui +
∑

j∈C(i)fij � cj ,
h↑i = oi � tanh(ci),

(7)

where C(i) is the set of child nodes of wi. r
′
i is the

input token representation consulting the foregoing
constituent output representation: r

′
i = ri+h

const
i .

The top-down one yields h↓i , which is concatenated
with the bottom-up one: hdepi = h↑i ⊕ h

↓
i .

Integration To fully make use of the heteroge-
neous syntactic knowledge, we fuse these two re-
sulting syntactic representations. We apply a fusion
gate to flexibly coordinate their contributions:

gi = σ(W (g1)hconsti +W (g2)hdepi + b(g)) ,

si = gi � hconsti + (1− gi)� hdepi .
(8)
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Figure 4: Label-aware GCN-based HeSyFu layer.

4.2 Label-aware GCN-based Heterogeneous
Syntax Fuser

Compared with TreeLSTM, GCN is more com-
putationally efficient on performing the structural
propagation among nodes, i.e., with O(1) complex-
ity. On the other hand, it is also crucial to leverage
the syntactic labels (i.e., dependent arc types, and
constituent phrasal types) into the SRL learning.
For example, within the dependency tree, the infor-
mation from the neighboring nodes under distinct
types of arcs can contribute in different degrees.
However we note that current popular syntax GCNs
(Marcheggiani and Titov, 2017, 2020) do not en-
code the dependent or constituent labels with the
nodes in a unified manner, which could be inaccu-
rate to describe the syntactic connecting attributes
between the neighbor nodes. Based on their syntax
GCNs, we newly propose label-aware constituency
and dependency GCNs which are able to explic-
itly formalize the structure edges with syntactic
labels simultaneously, and normalize them unit-
edly.4 As illustrated in Figure 4, our label-aware
GCN-based HeSyFu (denoted as LG-HeSyFu)
has a similar assembling architecture to TreeLSTM-
based HeSyFu, and will finally be navigated via
the gate mechanism as in Eq. (8).

Constituency tree encoding The constituent
tree is modeled as a graph G(c)=(U(c),E(c)), where
U(c) is the node set and E(c) is the edge set. We
denote e(c)uv=1 if there is an edge between node u
and node v, and euv=0 vice versa. We enable the
edges to be bidirectional. µu represents the con-

4We note that the constituent labels are attached onto
nodes, while dependent labels are attached onto edges.

stituent label of node u, such as S, NP and VP, etc.
We take the vectorial embedding v(c)u for the node
label µu. Our constituent GCN (denoted as Const
GCN) yields the node representations h(c)

u :

h(c)
u = ReLU{∑M

v=1
αuv(W

(c1)·rbv+W (c2)·v(c)
v +b(c))} ,

(9)

where rbv is the initial node representation of the
node v via span-boundary bridging operation,
i.e., adding the start and end token representation
of the phrasal span, rbv = rstart + rend. And αuv
is the constituent connecting distribution:

αuv =
e
(c)
uv · exp {(z(c)u )T · z(c)v }∑M

v′=1
e
(c)

uv′
· exp {(z(c)u )T · z(c)

v′
}
, (10)

where z(c)u = vu + v
(c)
u . This distribution αuv

encodes both the syntactic edge and label infor-
mation, and thus comprehensively reflects the con-
necting strengths between neighbors. We then per-
form span-boundary inverse-bridging to restore
the token node representation hconsti for each word
wi, i.e., hconsti = h

(c)

u′
+ h

(c)

v′
.

Dependency tree encoding Likewise, the depen-
dent tree is modeled as a graph G(d)=(U(d),E(d)).
e
(d)
ij =1/0 denotes the dependency arc existence. π↔ij

represents the edge label betweenwi andwj , which
is also bidirectional. Besides of the pre-defined de-
pendency labels, we additionally add a ‘self ’ label
as the self-loop edge π↔ii , and a ‘none’ label rep-
resenting no edge between wi and wj . We use the
embedding form v

(d)
ij for π↔ij . The update in de-

pendent GCN (denoted as Dep GCN) is written as:

h
(d)
i = ReLU(

∑n
j=1βij(W

(d1) ·r′
j+W (d2) ·v(d)

ij +b(d))) ,
(11)

where r
′
j = rj + hconsti . βij is the neighbor

connecting-strength distribution:

βij =
e
(d)
ij · exp {(z(d)i )T · z(d)j }∑n

j′=1
e
(d)

ij′
· exp {(z(d)i )T · z(d)

j′
}
, (12)

where z(d)i = r
′
i + v

(d)
ij . Here h(d)

i also can be

denoted as hdepi , which navigates the dependent
arc and label information in a more unified way.

5 Experiments

5.1 Setups
We conduct experiments on the span-based
SRL datasets (CoNLL05 & CoNLL12), and
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CoNLL05 WSJ CoNLL05 Brown CoNLL12 OntoNotes

P R F1 P R F1 P R F1

Without Syntax
He et al. (2017) 85.00 84.30 84.60 74.90 72.40 73.60 83.50 83.30 83.40
Tan et al. (2018) 84.50 85.20 84.80 73.50 74.60 74.10 81.90 83.60 82.70
Li et al. (2020a)+RoBERTa 88.05 88.00 88.03 80.04 79.56 79.80 86.40 86.83 86.61
Trm+RoBERTa† 87.41 87.72 87.60 79.78 79.86 79.82 86.28 86.67 86.40
With Dependency Syntax
Strubell et al. (2018) 84.70 84.24 84.47 73.89 72.39 73.13 83.30 81.38 82.33
Xia et al. (2020) 85.12 85.00 85.06 76.30 75.42 75.86 - - -
Child-Sum TreeLSTM† 84.94 85.80 85.40 74.60 74.10 74.36 83.42 83.56 83.47
Dep GCN† 86.03 86.52 86.22 75.38 75.89 75.62 84.32 84.88 84.61
Dep GCN+RoBERTa† 88.21 87.82 88.07 80.73 79.82 80.13 86.58 86.99 86.82
With Constituency Syntax
Wang et al. (2019)∗ 85.40 85.02 85.23 75.48 75.23 75.36 84.35 84.11 84.21
Marcheggiani and Titov (2020) 85.80 85.10 85.40 76.20 74.70 75.50 84.50 84.30 84.40
Marcheggiani and Titov (2020)+RoBERTa 87.70 88.10 87.90 80.50 80.70 80.60 86.50 87.10 86.80
N-ary TreeLSTM† 85.91 85.27 85.58 75.22 75.06 75.12 84.12 83.85 84.02
Const GCN† 86.68 86.38 86.52 76.54 76.21 76.36 85.51 84.96 85.25
Const GCN+RoBERTa† 88.71 88.94 88.81 81.52 81.05 81.27 87.33 87.42 87.35
With Dependency & Constituency Syntax
Fei et al. (2020a)∗ 86.82 86.50 86.72 76.67 76.35 76.48 85.86 85.30 85.50
Tr-HeSyFu† 86.27 86.52 86.64 76.95 76.50 76.87 85.91 85.48 85.66
LG-HeSyFu† 87.16 87.63 87.32 78.72 77.35 78.12 86.51 85.92 86.20
LG-HeSyFu w/o Syn.Label† 86.93 87.21 86.98 77.61 76.85 77.48 85.93 85.68 85.79
LG-HeSyFu+RoBERTa† 88.86 89.28 89.04 83.52 83.75 83.67 88.09 88.83 88.59

Table 1: Results on span-based SRL datasets. Values with ∗ are from our re-implementations, while others are
retrieved from the raw papers. Scores with † are presented after significant test (p≤0.05).

dependency-based SRL dataset (CoNLL09). Each
dataset has its own training, development, and
test sets. We convert the constituency syntax an-
notations in CoNLL05&12 into dependency an-
notations by following the standard of Stanford
Typed Dependency (v3.3.0).5 We obtain the con-
stituency annotations for CoNLL09 from the PTB
data. We adopt the CoNLL05 evaluation scripts6

to evaluate the performances, with precision (P),
recall (R) and F1 score as the metrics. We con-
duct significance tests via Dan Bikel’s evaluation
comparer.7 The Transformer hidden size is 768.
The hidden sizes in TreeLSTM and GCN encoders
are in [250,300,350]. We adopt the Adam opti-
mizer with an initial learning rate of 2e-5. We train
the model8 by mini-batch size in [16,24,32] with
early-stop strategy. We also load the pre-trained

5https://nlp.stanford.edu/software/
lex-parser.html

6http://www.cs.upc.edu/˜srlconll/st05/
st05.html

7http://www.cis.upenn.edu/˜dbikel/
software.html#comparator

8Codes: https://github.com/scofield7419/
HeSyFu
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Figure 5: HeSyFu with different layers.

parameters9 from the RoBERTa language model
(Liu et al., 2019) to our Transformer encoder for
boosting the performance. The environment is with
Intel i9 CPU and NVIDIA RTX 3090Ti GPU.

5.2 Development Experiments

We first perform preliminary experiments based on
the development sets.

Layer of syntax encoder From Figure 5 we see
that either too larger or fewer layers of HeSyFu
does no benefits to the overall performances. When
L=2 for Tr-/LG-HeSyFu, the performances be-

9https://github.com/pytorch/fairseq/
tree/master/examples/RoBERTa
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CoNLL05 CoNLL12 CoNLL09

F1 ∆ F1 ∆ F1 ∆

Tr-HeSyFu
Dep.→Const. 84.5

-1.2
83.3

-1.0
91.2

-0.3
Const.→Dep. 85.7 84.3 91.5
LG-HeSyFu
Dep.→Const. 85.3

-1.4
84.3

-0.8
92.1

-0.4
Const.→Dep. 86.7 85.1 92.5

Table 2: Influences of the syntax encoding order.

come universally the best.

Order of the heterogeneous syntax encoding
We design the architecture with constituency en-
coding before dependency encoding, as described
earlier. If we exchange this encoding order, we see
from Table 2 that the drops come out. Also the
drops are more severe on the span-based SRL data.
This verifies the correctness of our model design.

5.3 Main Results

Our aim is to answer the research questions as
listed in Section §1, based on the main experi-
mental results in Table 1 and Table 3. [F An-
swer to Q1] Our first observation is that leverag-
ing syntax knowledge, e.g. either the dependency
or constituency, benefits both the span-based and
dependency-based SRL, while the integration of
two heterogeneous syntax contributes the most,
more than any one of the standalone syntax.

However we see that the improvements from
this syntax integration is slightly different be-
tween span-based and dependency-based SRL.
[F Answer to Q2] In particular, the improve-
ments for span-based SRL are more notable than
dependency-based SRL, which can be learned by
the comparisons between ‘Trm+RoBERTa’ and
‘LG-HeSyFu+RoBERTa’ on two tables. Our
conjecture is that the the constituent structure
knowledge will additionally help the span bound-
ary detection of span-based SRL, compared with
dependency-based SRL. Also we find that using
only constituency syntax contributes more span-
based SRL, while the dependency-based SRL ben-
efits more from dependency syntax.

Looking into the specific results, within the
scope of heterogeneous syntax integration methods,
our systems (both Tr-HeSyFu and LG-HeSyFu)
outperform Fei et al. (2020a), demonstrating the
advances of our heterogeneous syntax integrating
methods. Overall, our LG-HeSyFu model wins

P R F1

Without Syntax
He et al. (2018) 89.50 87.90 88.70
Li et al. (2020b) - - 90.26
Trm+RoBERTa† 91.34 91.12 91.25
With Dependency Syntax
Li et al. (2018) 90.30 89.30 89.80
He et al. (2019) 89.96 89.96 89.96
Child-Sum TreeLSTM† 90.67 90.60 90.63
Dep GCN† 90.98 90.85 90.91
Dep GCN+RoBERTa† 92.45 92.05 92.23
With Constituency Syntax
N-ary TreeLSTM† 89.56 89.21 89.42
Const GCN† 90.48 90.19 90.35
Const GCN+RoBERTa† 91.33 91.87 91.65
With Dependency & Constituency Syntax
Fei et al. (2020a)∗ 90.78 90.92 90.88
Tr-HeSyFu† 91.02 91.22 91.10
LG-HeSyFu† 92.24 92.53 92.45
LG-HeSyFu w/o Syn. Label† 91.85 92.15 92.05
LG-HeSyFu+RoBERTa† 92.89 92.80 92.83

Table 3: Results on dependency-based SRL CoNLL09
dataset.

the new state-of-the-art performances on the used
datasets, and with the help of the RoBERTa lan-
guage model, the superiority is still maintained.

[F Answer to Q3] Also we show that our LG-
HeSyFu based system consistently outperforms
Tr-HeSyFu based one. Even LG-HeSyFu with-
out using the syntax label features can still keep
better. It is also clear that the GCN based encoders
show consistently higher scores than the TreeL-
STM based ones, verifying the effectiveness of
leveraging GCN encoding syntax (Marcheggiani
and Titov, 2017; Li et al., 2018). [F Answer to
Q4] Meanwhile, the ablation of syntax label infor-
mation reveals the importance of its leverage for
the SRL learning.

5.4 Analysis and Discussion

Correlations between SRL and syntax struc-
tures We explore the correlations between the
SRL structure and the two syntax structures. We
reach this by analyzing the SRL prediction with
the neighbor connecting weights, i.e., αuv of Const
GCN and βij of Dep GCN. We visualize the results
(on CoNLL05) in Figure 6. [F Answer to Q5]
We learn that our framework indeed has captured
the underlying inter-dependency between the SRL
structures and the syntactic structure from the di-
versified visualizations. By accurately modeling
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Figure 6: Discovered correlations of (1) SRL vs. de-
pendent structure, (2) SRL vs. constituent structure.

such correlations, our LG-HeSyFu system natu-
rally yields prominent meanwhile explainable SRL
performances. Also some interesting patterns can
be observed. Actually, not all the syntactic ele-
ments contribute the SRL learning. For example,
the semantic roles A0, A1 and A2 relates more to
the dependent edge nsubj and csubj, and more to
the constituent phrase NP. We believe this can lay a
crucial foundation for the direction of unsupervised
semantic role labeling that relies on the syntactic
structures.

Span boundary detection We now investigate
the influences of the heterogeneous syntax integra-
tion to the span boundary match10 on span-based
SRL, i.e., on CoNLL05/12 data. From Figure 7
we learn that the heterogeneous syntax integra-
tion can improve the boundary detection over any
standalone syntax leverage, while actually the con-
stituency syntax contributes more significantly than
dependency feature. And our LG-HeSyFu shows
the best helpfulness than Tr-HeSyFu.

Label prediction We next evaluate the role la-
bel prediction. We only measure the correctly
extracted arguments on whether its label further
matches the gold annotation. We show the F1 score
in Figure 8. Similar to the span boundary identifica-
tion, the heterogeneous syntax integration can con-

10A correct match means both the start and end boundary
of an argument span is correct, regardless of its label.
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Figure 7: F1 scores for span boundary detection.
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Figure 8: Results on the argument role label prediction.

tribute the most than that with any single syntax us-
age. Interestingly, the standalone dependency syn-
tax shows more improvements on the dependency-
based SRL, while the phrasal constituency features
benefit more the span-based SRL.

Error breakdown To analyze which error types
different syntax-aided SRL models tend to make,
we follow prior works (He et al., 2017; Strubell
et al., 2018), manually fixing the errors by apply-
ing oracle transformations incrementally based on
CoNLL05.11 The analysis is shown in Figure 9.
Specifically, constituency syntax methods perform
better than dependency-aided methods, w.r.t. the
span boundary errors (‘Merge Spans’, ‘Split Spans’
and ‘Fix Span Boundary’). Most importantly, it
is quite clear that our heterogeneous syntax in-
tegrated systems (Tr-HeSyFu and LG-HeSyFu)
makes fewer errors than baseline standalone syntax-
aware methods, demonstrating the necessity to
combine both two types of syntax.

Syntax distribution By observing the gate val-
ues gi (in Eq. 8) we can analyze the distribu-
tions of dependency and constituency features re-
quired by span-based and dependency-based SRL.
From Figure 10 we see that span-SRL relies more
on constituency feature, while dependency-SRL
needs more dependency-aware feature. Such find-
ing quite coincides with the foregoing quantitative
analysis, as well as our intuition.

11The bigger the correction error improves, the more the
model makes on it.
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Figure 10: Heterogeneous syntax distribution. Level
≥0.5 means more reliance upon constituent syntax, oth-
erwise for dependency

6 Conclusion and Future Work

We investigated the integration of constituency and
dependency syntax for the SRL task. We first in-
troduced TreeLSTM-based heterogeneous syntax
fusing encoders, and further proposed innovative
label-aware syntax GCN encoders for the integra-
tion. Experimental results showed that combin-
ing the heterogeneous syntax brought better results
on both span-based and dependency-based SRL,
than any one standalone syntax knowledge. As fu-
ture work, we investigate other kinds of structural
knowledge integration besides syntax, such as Se-
mantic Dependency Structure, Abstract Meaning
Representation (AMR), and explore the possibil-
ity of extending our model to incorporating such
structured information. Besides, integrating the
heterogeneous syntax knowledge into pre-training
language models will be a promising direction.
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Richárd Farkas, Bernd Bohnet, and Helmut Schmid.
2011. Features for phrase-structure reranking from
dependency parses. In Proceedings of the ICPT,
pages 209–214.

Hao Fei, Fei Li, Bobo Li, and Donghong Ji. 2021a.
Encoder-decoder based unified semantic role label-
ing with label-aware syntax. In Proceedings of the
AAAI Conference on Artificial Intelligence, pages
1479–1488.

Hao Fei, Yafeng Ren, and Donghong Ji. 2020a. Mimic
and conquer: Heterogeneous tree structure distilla-
tion for syntactic NLP. In Findings of the Associa-
tion for Computational Linguistics: EMNLP 2020,
pages 183–193.

Hao Fei, Meishan Zhang, and Donghong Ji. 2020b.
Cross-lingual semantic role labeling with high-
quality translated training corpus. In Proceedings
of the ACL, pages 7014–7026.

Hao Fei, Meishan Zhang, Bobo Li, and Donghong Ji.
2021b. End-to-end semantic role labeling with neu-
ral transition-based model. In Proceedings of the
AAAI Conference on Artificial Intelligence, pages
566–575.

Hao Fei, Meishan Zhang, Fei Li, and Donghong Ji.
2020c. Cross-lingual semantic role labeling with
model transfer. IEEE/ACM Transactions on Audio,
Speech, and Language Processing, 28:2427–2437.

557



Nicholas FitzGerald, Oscar Täckström, Kuzman
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Abstract

Paraphrase generation is an important
and challenging NLG problem. In this
work, we propose a new Identification-then-
Aggregation (IA) framework to tackle this
task. In the identification step, the input
tokens are sorted into two groups by a
novel Primary/Secondary Identification (PSI)
algorithm. In the aggregation step, these
groups are separately encoded, before being
aggregated by a custom designed decoder,
which autoregressively generates the para-
phrased sentence. In extensive experiments
on two benchmark datasets, we demonstrate
that our model outperforms previous studies
by a notable margin. We also show that the
proposed approach can generate paraphrases
in an interpretable and controllable way.

1 Introduction

Paraphrases refer to text (often sentences) that
share the same meaning but use different choices of
words and their ordering. Automatic generation of
paraphrases is a longstanding problem that is impor-
tant to many downstream NLP applications such as
question answering (Dong et al., 2017; Buck et al.,
2018), machine translation (Cho et al., 2014), and
semantic parsing (Su and Yan, 2017). Most early
research adopts the sequence-to-sequence model
(Prakash et al., 2016; Cao et al., 2017; Li et al.,
2018) to map the input text to its paraphrase by
processing and generating each word in a uniform
way. Rather than processing each word uniformly,
some recent studies tackles this task in a decompos-
able manner. For instance, Li et al. (2019) adopt
an external word aligner to extract paraphrasing
patterns at different levels of granularity and then
perform generation. Fu et al. (2019) first use source
words to predict their neighbors and then organize
the predicted neighbors into a complete sentence.

Figure 1: Examples of paraphrase pair sampled from
Quora and MSCOCO datasets in which the words in
red refer to the primary content and the rest of the
words make up the secondary content.

In this work, we investigate decomposable para-
phrase generation from a different perspective.
Specifically, we consider using a non-parametric
approach to label each token in an input sentence as
either (i) primary, or (ii) secondary. Intuitively, the
primary content of a sentence refers to the factual
information that defines the shared meaning of the
paraphrase pair. All other content is deemed as sec-
ondary, and typically controls the structure of the
sentence. In practice, this distinction is determined
by an algorithm that decides whether tokens are
primary or secondary, as described in §3. To better
illustrate our idea, in Figure 1, we show some exam-
ples sampled from Quora and MSCOCO (Lin et al.,
2014) datasets. We see that, for many cases, the
paraphrase pairs maintain the similar primary con-
tent (e.g., the phrases “baby elephants” and “baby
elephant” in the first example) while the secondary
content can be rephrased in several different ways.

Based on the above observation, we propose an
Identification-then-Aggregation (IA) framework to
address the paraphrase generation task. Given an
input sentence, generating a paraphrase follows a
two-stage process. First, the primary and secondary
content of the input sentence is identified via a
novel Primary/Secondary Identification (PSI) algo-
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rithm which is based on a common non-parametric
rank coefficient. Second, a new neural paraphrase
generation model aggregates the identified infor-
mation and generates the result. Specifically, the
proposed model consists of (1) two encoders which
separately process the identified primary and sec-
ondary content; and (2) an aggregation decoder
which integrates the processed results and gener-
ates the paraphrased sentence.

We test the proposed approach on two bench-
mark datasets with automatic and human evalu-
ation. The results show that our approach out-
performs previous studies and can generate para-
phrases in an interpretable and controllable way.

2 Related Work

The automatic generation of paraphrases is impor-
tant for many downstream NLP applications and
it has attracted a number of different approaches.
Early researches included rule-based approaches
(McKeown, 1979; Meteer and Shaked, 1988) and
data-driven methods (Madnani and Dorr, 2010).
With the advances of neural networks, recent ap-
proaches tackle this problem by treating it as a
sequence-to-sequence language generation task.
Prakash et al. (2016) proposed to modify the net-
works structure to improve the generation quality.
Cao et al. (2017), Wang et al. (2019), and Kazemne-
jad et al. (2020) proposed to improve the model per-
formance by leveraging external resources, includ-
ing phrase dictionary, semantic annotations, and
an off-the-shelf pre-trained neural retriever. Other
works proposed to adopt techniques like reinforce-
ment learning (Li et al., 2018) and unsupervised
learning (Roy and Grangier, 2019) for this task.

While achieving satisfactory results, these above
methods do not offer users the way to control the
generation process in a fine-grained way. To in-
corporate controllability into the generation model,
different approaches have been proposed. Iyyer
et al. (2018) trained the model to produce the para-
phrased sentence with a given syntax. Li et al.
(2019) proposed to adopt an external word aligner
to train the model to generate paraphrases from dif-
ferent levels. In Fu et al. (2019)’s work, the model
generates paraphrases by planning the neighbour
of words and realizing the complete sentence.

3 Primary/Secondary Identification

Given an input sentence, our goal is to identify
the primary content that are likely to appear in the

paraphrased sentence. To this end, we propose a
Primary/Secondary Identification (PSI) approach
which dynamically evaluates the importance of dif-
ferent parts of the input sentence. The parts with
high importance are deemed the primary content,
while the rest parts are deemed secondary content.

Token Importance Formally, given a paraphrase
pair X and Y, we define their pairwise similarity
as F(X,Y). To determine the importance of the i-
th token xi of X in relation to Y, we first compute
the pairwise similarity between X′ = X	 xi and
Y as F(X′,Y), where the 	 operator removes the
token xi from X. We assume that if the token xi
belongs to the primary content that is maintained
in both X and Y, then removing it from X will
cause a significant drop in the pairwise similarity
between X and Y. Based on this assumption, we
measure the importance of xi as the ratio of change
in the pairwise similarity score as

G(xi;X,Y) =
F(X,Y)−F(X′,Y)

F(X,Y)
. (1)

Intuitively, a higher G(xi;X,Y) means a larger
decrease in the pairwise similarity, indicating a
higher importance of the token xi and vice versa.

Similarity Measurement We now describe the
details of the function F(·, ·). Inspired by Zhelez-
niak et al. (2019), we measure the pairwise similar-
ity between X and Y based on a non-parametric
rank correlation coefficient. Specifically, given X
and Y, we first transform them into the represen-
tation matrices M(X) ∈ R|X|×D and M(Y) ∈
R|Y|×D via a D-dimensional pretrained embed-
dings. Then, the matrices are mapped into fixed
size context vectors x̂ ∈ R1×D and ŷ ∈ R1×D via
an element-wise max-pooling operation. Finally,
the pairwise similarity F(X,Y) is measured using
Spearman’s correlation coefficient ρ̂ of the context
vectors x̂ and ŷ as

F(X,Y) = 1−
6×∑D

j=1(r[x̂j ]− r[ŷj ])2
D × (D2 − 1)

(2)

where r[x̂j ] denotes the integer rank of x̂j in the
context vector x̂ (similarly r[ŷj ]).

For a better illustration, in Table 1, we show sen-
tence sampled from Quora and MSCOCO datasets
along with their pairwise similarities. We see that
the numerical results are highly correlated with hu-
man judgement which empirically demonstrate the
effectiveness of our measurement method.
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Sentence 1 Sentence 2 Pairwise Similarity

What are the best games you
can play with just paper?

Which games can you play on paper in your free time
with your friends?

0.745

What can I do to become a professional chess player? 0.438
Should animals be used for testing medicines and drugs? 0.140

Three bears walking on dried grass
toward the green wooded area.

Two brown bears walking through a green, grassy area. 0.743
A simple plain clear vase with a dead twig and water inside. 0.439

A man using a phone next to a motorcycle. 0.128

Table 1: Examples of different sentence pairs (X,Y) and their corresponding pairwise similarity scores F(X,Y).

Algorithm 1: Primary/Secondary Identification
Input :Input sentence X = (x1, ..., x|X|);

Paraphrased sentence Y = (y1, ..., y|Y|);
Primary content threshold αp;
Importance measurement function G(·, ·, ·).

1 Xp ← {}; Xs ← {};
2 for i = 1 to N do
3 X′ ← X	 xi;
4 if G(xi;X,Y) > αp then
5 Xp ← xi and Xs ← [MASK];
6 else
7 Xp ← [MASK] and Xs ← xi;
8 end
9 end

10 Xp ← joinmask(Xp); Xs ← joinmask(Xs).;
Output :Primary Content Xp;

Secondary Content Xs.

Putting this together, the detailed description
for splitting the input sentence X into the primary
content Xp and secondary content Xs is given in
Algorithm 1, where the token [MASK] is used
as a special placeholder and the threshold αp is
tuned based on the performance on the validation
set1. The joinmask(·) operation joins consecutive
[MASK] tokens into a single [MASK] token. We
note that the incorporation of the [MASK] token is
crucial. Because, in this way, the generation model
could have access to the original source sentence
structure by simply overlapping the primary and
secondary content. In the experiments, we found
that removing [MASK] from the identified content
causes a significant drop in model performance as
the model can no longer have access to the original
sentence structure.

In Figure 2, we show the computed results from
PSI of an example presented in Figure 1. We can
see that the primary content is effectively identified.

Inference During inference, given an input sen-
tence, the primary and secondary content could
not be directly identified as Xp,Xs = PSI(X,Y)

1In this work, we set αp as 0.1 for all experiments based on
the model performance on the validation set.

Figure 2: For each token, the score from the PSI algo-
rithm is presented. The words in red is the identified
primary content and the rest words make up the sec-
ondary content.

since we do not have access to the target sentence
Y. To this end, we propose two alternative ap-
proaches. For the first one, we simply identify the
primary and secondary content using the input sen-
tence X as X′p,X

′
s = PSI(X,X). For the second

one, we train a neural sequence tagger S based on
the labels provided by PSI(X,Y). Then we extract
the content using the input X as X′p,X

′
s = S(X).

In the experiment section, we provide more de-
tailed comparisons between these approaches.

4 Neural Paraphrase Generator

Overview Given the input sentence X, it is first
partitioned into the primary and secondary con-
tent using the PSI algorithm. Then the identified
content is independently processed by the primary
encoder and the secondary encoder. Finally, an ag-
gregation decoder integrates the outputs from both
encoders and generates the result. In Figure 3, we
provide an illustration of the proposed framework.

Encoder Stacks In this work, we use the trans-
former architecture (Vaswani et al., 2017) to con-
struct the primary and secondary encoders. For-
mally, the Multi-Head Attention is defined as
MultiHead(Q,K,V), where Q, K, V are query,
key and value. Each encoder has NE layers. Given
the input X, the first layer operates as

V
(1)
X = MultiHead(E(X), E(X), E(X)), (3)

O
(1)
X = FFN(V

(1)
X ), (4)
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Figure 3: Overview of the proposed framework: Italic and Boldface denote the inputs and outputs at each stage.
For a better illustration, we separately draw the encoder and decoder of the paraphrase generator. (a) During
training, the primary and secondary content of the input sentence are identified by the PSI algorithm using the
input and target sentence. During inference, the content is identified solely based on the input sentence. (b) The
identified results are then encoded by separate encoders. (c) The aggregation decoder takes the encoded primary
and secondary content as input and produces the probability of the target sentence. It should be noted that, during
the training stage, the encoder and decoder are jointly trained in an end-to-end fashion.

where E(X) is the input sequence embedding and
FFN(·) is a feed-forward layer. For other layers:

V
(n)
X = MultiHead(O(n−1)

X ,O
(n−1)
X ,O

(n−1)
X ),

(5)

O
(n)
X = FFN(V

(n)
X ), (6)

where n = 2, ..., NE .
Given the primary content Xp and secondary

content Xs of the input sequence, their representa-
tions O(NE)

Xp
∈ R|Xp|×d and O

(NE)
Xs

∈ R|Xs|×d are
computed by the primary and secondary encoder
respectively and d is the model size.

Decoder Stacks We design an aggregation de-
coder to integrate information coming from both
encoders. Given the target sentence Y, it is first
encoded via a masked multi-head attention as

V
(1)
Ym

= Mask-MultiHead(E(Y), E(Y), E(Y)).
(7)

Then, the primary content attention module takes
the encoded primary content O(NE)

Xp
and V

(1)
Ym

as

input and produces the intermediate result V(1)

Yp
m

as

V
(1)

Yp
m
= MultiHead(V(1)

Ym
,O

(NE)
Xp

,O
(NE)
Xp

)).
(8)

Similarly, the result V(1)
Ys
m

from the encoded sec-

ondary content O(NE)
Xs

is computed as

V
(1)
Ys
m
= MultiHead(V(1)

Ym
,O

(NE)
Xs

,O
(NE)
Xs

)).
(9)

The first layer output O(1)
Y is then acquired as

V
(1)
Yi

= LayerNorm(V
(1)

Yp
m
+V

(1)
Ys
m
), (10)

O
(1)
Y = FFN(V

(1)
Yi

). (11)

The final output O(ND)
Y ∈ R|Y|×d is computed

via a stack of ND layers. The final probability of
Y is produced by a linear softmax operation.

Learning Finally, given the input primary con-
tent Xp, secondary content Xs and the target se-
quence Y, the learning objective is defined as

L =

|Y|∑

t=1

log p(Yt|Y<t,Xp,Xs). (12)

5 Datasets

We test our approach on two benchmark paraphrase
generation datasets: (1) Quora dataset2 and (2)
MSCOCO dataset (Lin et al., 2014).
2https://www.kaggle.com/c/quora-question-pairs
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The Quora dataset was developed for the task of
duplicated question detection. Each data instance
consists of one source sentence and one target sen-
tence. In the experiment, we randomly select one
sentence as the source and the other as the target.

The MSCOCO dataset was originally developed
for the image captioning task. In this dataset, each
image is associated with five human-written cap-
tions. Although there is no guarantee that these
captions must be paraphrases as they could de-
scribe different objects in the image, most of these
captions are generally close to each, therefore the
overall quality of this dataset is favorable and it is
widely used for the paraphrase generation task.

Following Li et al. (2019) and Fu et al. (2019),
for the Quora dataset, we split the size of training,
validation and test sets as 100k, 4k and 20k. The
MSCOCO dataset is split into 93k, 4k and 20k. The
maximum sentence length for these two datasets
is set as 16. The vocabulary size of the Quora and
MSCOCO datasest are set to be 8k and 11k.

6 Experiments

6.1 Model Comparisons
We compare the proposed model with several rep-
resentative baselines, including Residual-LSTM
(Prakash et al., 2016), β-VAE (Higgins et al., 2017),
Transformer (Vaswani et al., 2017), DNPG (Li
et al., 2019), LBOW-Topk and LBOW-Gumbel (Fu
et al., 2019)3. To compare different inference ap-
proaches, three variants of our model are used.

IANet+X: Given the input sentence X, this
model extracts the primary and secondary con-
tent using the approximated PSI(X,X) algorithm.
Then, the paraphrase generator produces the para-
phrased sentence using the identified content.

IANet+S: In this case, a neural sequence tagger
S is first trained based on the labels provided by
PSI(X,Y). During inference, the model extracts
the primary and secondary content of the input as
X′p,X

′
s = S(X) and then perform generation.

IANet+ref: In contrast to previous variants, this
model obtains the primary and secondary content
using the exact PSI(X,Y) algorithm against the
reference Y. The reason to include this model is
that, besides our proposed alternatives, there are
3The hyperparameter setups and optimization in all baseline
models are the same as their original works. For methods
that do not release their code, we directly use the results in
their original papers.

other options that we can use. We will explore
these options in the future work. But by evaluating
IANet+ref we can show an upper bound on how
much could be improved in this way.

6.2 Implementation Details
We implement our model with PyTorch (Paszke
et al., 2017). For the primary and secondary en-
coders, we use a 3-layer transformer with model
size of 256 and heads of 8. Since the decoder has
to integrate the information from both encoders,
we build it with a larger capacity. The number of
layers is set to 4. The model size and the attention
heads are set to be 512 and 8. For the sequence
tagger S that is used in the IANet+S model, we
use a 2-layer LSTM with hidden size of 512.

In the experiments, we adopt pretrained 300-
dimensional FastText Embeddings (Bojanowski
et al., 2017) to perform the PSI algorithm. Dur-
ing training , we use Adam (Kingma and Ba, 2015)
to optimize our model with a learning rate of 1e-4.
In all experiments, we set αp in Algorithm 1 as 0.1
based on the performance on the validation set.

6.3 Evaluation Metrics
Following previous studies (Prakash et al., 2016;
Fu et al., 2019; Li et al., 2019), we report results
on several automatic metrics, including BLEU (Pa-
pineni et al., 2002) and ROUGE (Lin, 2004). All
lower n-gram metrics (1-4 grams in BLEU and 1-2
grams in ROUGE) are reported. In addition, we
include iBLEU (i-B) (Sun and Zhou, 2012) as an-
other evaluation metric, which penalizes repeating
the source sentence in its paraphrase.

6.4 Main Results
Table 2 lists the results on both datasets. We
see that the transformer baseline already achieves
pretty strong results. This is because the capac-
ity of transformer model is large enough to fit the
datasets quite well. Nonetheless, in most of the
evaluation metrics, our model outperforms previ-
ous studies by a notable margin, demonstrating the
effectiveness of the proposed approach.

By comparing different variants of our model,
we see that IANet-ref achieves the best results on
all metrics. This is expected as it uses the reference
sentence in determining the primary and secondary
content. It is worth emphasising that the IANet+ref
model, like everything else, does not receive the
target sentence, it just gets inputs X and has their
primary and secondary content more accurately
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Quora
Models B-1 B-2 B-3 B-4 i-B R-1 R-2 R-L

Residual-LSTM (Prakash et al., 2016) 53.59 39.49 30.25 23.69 15.93 55.10 33.86 53.61
β-VAE, β = 10−4 (Higgins et al., 2017) 47.86 33.21 24.96 19.73 10.28 47.62 25.49 45.46

Transformer (Vaswani et al., 2017) 53.56 40.47 32.11 25.01 17.98 57.82 32.58 56.26
DNPG (Li et al., 2019) - - - 25.03 18.01 63.73 37.75 -

LBOW-Topk (Fu et al., 2019) 55.79 42.03 32.71 26.17 19.03 58.79 34.57 56.43
LBOW-Gumbel (Fu et al., 2019) 55.75 41.96 32.66 26.14 18.97 58.60 34.47 56.23

IANet+X 56.06 42.69 33.38 26.52 19.62 59.33 35.01 57.13
IANet+S 56.72 43.21 33.96 27.09 20.11 59.98 36.02 58.01

IANet+ref (upperbound) 58.32 44.81 35.46 28.71 21.76 61.89 38.86 59.43

MSCOCO
Models B-1 B-2 B-3 B-4 i-B R-1 R-2 R-L

Residual-LSTM (Prakash et al., 2016) 70.24 48.65 34.04 23.66 18.72 41.07 15.26 37.35
β-VAE, β = 10−4 (Higgins et al., 2017) 70.04 47.59 32.29 22.54 18.34 40.72 14.75 36.75

Transformer (Vaswani et al., 2017) 71.31 49.86 35.55 24.68 19.81 41.49 15.84 37.09
LBOW-Topk (Fu et al., 2019) 72.60 51.14 35.66 25.27 21.07 42.08 16.13 38.16

LBOW-Gumbel (Fu et al., 2019) 72.37 50.81 35.32 24.98 20.92 42.12 16.05 38.13
IANet+X 72.10 52.22 37.39 26.06 21.28 43.81 16.35 39.65
IANet+S 73.01 53.09 38.12 26.90 22.03 44.66 17.13 40.58

IANet+ref (upperbound) 75.29 55.09 41.01 29.65 24.72 46.36 19.13 42.23

Table 2: Evaluation results on the Quora and MSCOCO dataset. B for BLEU and R for ROUGE. Where possible
we copy results from DNPG (Li et al., 2019) as they did not release their code.

identified. This suggests that the deomposition of
our approach is beneficial, and further work can
be focused more on the identification step. On the
other hand, without using the target sentence, both
IANet+X and IANet+S must use an approximated
approach at the inference time, which inevitably in-
troduces noise in the identified content. As a result,
the performance is lower than IANet+ref. We will
provide more analysis in the analysis section.

6.5 Human Evaluation

We also conduct a human evaluation to assess our
model, using graders proficient in English from an
internal grading platform. We randomly select 150
examples from the Quora test set and compare our
model with three representative baselines4. Three
annotators are asked to rate the generated results
from different models on a 3-point Likert scale (0,
1, or 2) with respect to the following features5:

• Fluency: Whether the generated paraphrase is
grammatically correct and easily understood.

4Because the authors of DNPG (Li et al., 2019) did not release
their code, thus we are not able to reproduce their results and
are not able to include this model in the human evaluation.

5More details of the human evaluation guideline can be found
in the supplementary material.

Fluency Accuracy Diversity
Agreement 0.582 0.543 0.498

Residual-LSTM 1.57 1.41 1.29
Transformer 1.63 1.50 1.40
LBOW-Topk 1.61 1.49 1.43

IANet+S 1.71 1.57 1.61
Reference 1.85 1.78 1.68

Table 3: Human Evaluation Results

• Accuracy: Whether the content in the gener-
ated paraphrase is consistent with the content
in the original sentence.

• Diversity: Whether the generated sentence
structure differs from the reference sentence.

To measure the agreement between the annota-
tors, we use the Fleiss′ kappa coefficient (Fleiss
et al., 1971). The agreement results are shown in
the first row of Table 3, indicating moderate agree-
ment between annotators on all metrics.

From Table 3, we see that our model achieves
the best result on all metrics, which demonstrates
the effectiveness of the proposed approach. Espe-
cially, on the diversity metric, our model signifi-
cantly outperforms other baselines (Sign Test, with
p-value < 0.05) and performs comparably with the
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Rec.(%) Prec.(%) F1(%) B-4 R-L
PSI(X,X) 71.2 88.5 78.9 26.52 57.13
Tagger S 78.1 90.1 83.7 27.09 58.01

PSI(X,Y) 87.4 91.3 89.3 28.71 59.43

Table 4: Comparisons between the identification per-
formances of different algorithms on Quora dataset

Figure 4: Comparison of similarity distribution

reference sentence (p-value = 0.23). The improve-
ment in the diversity metric mainly comes from
the two-step nature of our generation framework.
By first determining which parts of the sentence
to keep (primary) or to change (secondary), our
model could then focus on maintaining the primary
content while rewriting the secondary content, re-
sulting in a more accurate and diverse paraphrase.

6.6 Further Analysis

In this section, we present further discussions and
empirical analysis of the proposed approach.

6.6.1 Inference Algorithms Comparison
As shown in Table 2, IANet-ref outperforms IANet-
X and IANet-S on both datasets. Our analysis is
that IANet-ref could more accurately identify the
primary content from the source comparing with
the other variants. To provide more analysis, we
separately use PSI(X,X), the sequence tagger S,
and PSI(X,Y) to identify the words that both ap-
pear in the source and target sentences in the Quora
dataset. The results are shown in Table 4. We see
that all three methods perform comparably on the
precision (prec.) metric. However, PSI(X,Y) sig-
nificantly outperforms other methods on the recall
(rec.) metric, showing that it can accurately extract
more primary content from the source. From Table
4, we also observe that better identification results
lead to better generation performances. Therefore,
to improve the model performance, future work
could be focused more on the identification step.

Metric B-2 B-4 R-2 R-L
Cosine 50.34 24.91 14.78 37.62

Spearman ρ̂ 53.09 26.90 17.13 40.58

Table 5: Result comparison between the cosine similar-
ity and the Spearman’s ρ̂ on the MSCOCO dataset.

Figure 5: Effect of αp on the model performance

6.6.2 Similarity Measurement Comparison
In this part, we analyze the differences between
different similarity measurements. As described
in Eq. (1) and Algorithm 1, the pairwise similar-
ity measurement F(X,Y) is the basis of the PSI
algorithm. To see how different similarity measure-
ments affect the system performance, we compare
the adopted Spearman’s ρ̂with the cosine similarity
which is commonly used for measuring text simi-
larity. We use both metrics to measure the training
pair similarity of the MSCOCO dataset and the re-
sults are shown in Figure 4. As it can be seen that
the distribution of cosine similarity is condensed
in a much smaller interval comparing with the one
from Spearman’s ρ̂, showing that the Spearman’s ρ̂
is more discriminative and can detect more subtle
differences between the sentence pairs. Therefore,
it can better identify the primary content, leading to
better model performance. For further analysis, we
run experiments on the MSCOCO dataset using co-
sine similarity as the measurement approach. The
results of IANet+S using both metrics are shown
in Table 5 which also demonstrate the fact that a
more discriminative measurement approach leads
to a better model performance.

6.6.3 Effect of αp in PSI
As described in Algorithm 1, the proposed PSI
algorithm relies on a predefined threshold αp to
perform the extraction of primary and secondary
content. In this part, we examine the effect of
different αp on the model performance. We vary
the value of αp and measure the results of IANet+S
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Input Sentence Reference Sentence
what are some of the best young adult fiction novels ? which are the best young adult novels / films ?

Input Sentence with Identified Components Generated Paraphrase
IANet+ref what are some of the best young adult fiction novels ? which are the best young adult novels ?
IANet+S what are some of the best young adult fiction novels ? which is a good young adult fiction novel you have read ?
IANet+X what are some of the best young adult fiction novels ? which are the best fiction novels ever written ?

Controlled Paraphrase Generation
what are some of the best young adult fiction novels ? which are some good adult fiction novels ?
what are some of the best young adult fiction novels ? which is the best fiction novel ?
what are some of the best young adult fiction novels ? which are some good novels of all time ?

Table 6: Paraphrase Generation Samples from Quora dataset: To compare different inference algorithms, we
present the results of different model variants for the sampled instance. To examine the generation controllability of
the proposed model, we generate sentences by manually decomposing the input sentence. Specifically, we choose
different parts of the input sentence as the primary content (highlighted in blue ) and the rest as the secondary
content. The results on the right side are the corresponding generated paraphrases.

model on the Quora dataset. The results of three
metrics (B-1, R-1, and R-L) are depicted in Figure
5. We see that the optimal value of αp is 0.1 and
by further decreasing or increasing αp, the model
performance drops. Our analysis is that, when
αp is too small, the words that only cause small
variation in the pairwise similarity (Eq. (1)) will
be misclassified as primary. Therefore, extra noise
might be introduced to the model input which in
turns decreases the model performance. On the
other hand, when αp is too large, some important
words that should be classified as primary content
might be excluded by the PSI algorithm, which
also leads to the decrease of model performance.

6.6.4 Case Study
As described in section §6.6.1, the reason why
IANet+ref outperforms IANet+X and IANet+S is
that it can more accurately identify the primary con-
tent in order to generate a paraphrase that is similar
to the reference sentence. On the other hand, both
IANet+X and IANet+S adopt an approximated al-
gorithm which would inevitably introduce extra
noise in the identified content.

For a better illustration, we sample one test case
from Quora dataset and present the results gener-
ated by our different model variants in Table 6. We
can see that, given the input sentence, all model
variants can generate a sentence that is similar to
the reference paraphrase. By further comparing
the primary content (words in blue ), we can see
that only the IANet+ref successfully identifies all
the primary content that are also contained in the
reference sentence. On the other hand, IANet+S
misses the word best and IANet+X ignores the
words young and adult. As a result, IANet+ref

can generate paraphrase that is closer to the refer-
ence sentence, leading to higher performances in
different evaluation metrics as shown in Table 2.

6.6.5 Controllable Paraphrase Generation
Since the identification of the primary and sec-
ondary content of the input are separated from the
neural generator, we therefore have the flexibility
to manually choose these content. In this way, we
can more precisely control the generation process.

To examine the controllability of the proposed
approach, we manually select the primary and sec-
ondary content of the sampled instance and use the
IANet+S model to generate paraphrases accord-
ingly. The results based on different selections are
presented in Table 6. As demonstrated by the ex-
amples, our model is flexible to generate different
paraphrases given different combinations of the pri-
mary and secondary content. We can observe in
the generated paraphrases that the selected primary
content is largely maintained while the secondary
content is properly rephrased.

This controllable attribute could make our model
useful for other tasks such as task-oriented dialogue
generation. Suppose we want to generate more ut-
terances with the same meaning of the user utter-
ance “book a great restaurant in London tonight”.
The slot values can be fixed as the primary content
and our model could produce more utterances with
the same intent, e.g. “make a reservation at the best
London restaurant for this evening”. This remains
to be rigorously tested in future work.

7 Conclusion

In this work, we propose a novel IA framework to
tackle the paraphrase generation task. Addition-
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ally, we design a new neural paraphrase generator
which works coherently under the proposed frame-
work. We conduct extensive experiments on two
benchmark datasets. The results of quantitative ex-
periments and human evaluation demonstrate that
our approach improves upon previous studies. The
qualitative experiments show that the generation
of the proposed model is interpretable and control-
lable. In the future, we would like to investigate a
better inference algorithm to further bridge the gap
between the IANet+S and IANet+ref models.
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Abstract

The performance of state-of-the-art neural
rankers can deteriorate substantially when ex-
posed to noisy inputs or applied to a new
domain. In this paper, we present a novel
method for fine-tuning neural rankers that
can significantly improve their robustness to
out-of-domain data and query perturbations.
Specifically, a contrastive loss that compares
data points in the representation space is com-
bined with the standard ranking loss during
fine-tuning. We use relevance labels to de-
note similar/dissimilar pairs, which allows the
model to learn the underlying matching se-
mantics across different query-document pairs
and leads to improved robustness. In experi-
ments with four passage ranking datasets, the
proposed contrastive fine-tuning method ob-
tains improvements on robustness to query re-
formulations, noise perturbations, and zero-
shot transfer for both BERT and BART-based
rankers. Additionally, our experiments show
that contrastive fine-tuning outperforms data
augmentation for robustifying neural rankers.

1 Introduction

Recent advances in neural language modeling have
shifted the paradigm of natural language processing
(NLP) towards a two-stage process: pre-training on
a large amount of data with self-supervised tasks
followed by fine-tuning on the target datasets with
task-specific loss functions. Current state-of-the-
art neural rankers for information retrieval fine-
tune pre-trained language models using ranking
losses on datasets containing examples of posi-
tive and negative query-document pairs. While
usually achieving good performance on in-domain
test sets, neural rankers trained on large datasets
can still exhibit poor transferability when tested in
new domains, and suffer from robustness problems
when exposed to various types of perturbations.
For example, a neural ranker trained on a dataset

with mostly natural language queries can perform
badly when tested on keyword queries which are
very common in information retrieval (Bhatia et al.,
2020).

A considerable number of previous works have
focused on domain adaptation to improve model
's overall transferability. While domain adaptation
approaches can help to address the out-of-domain
robustness problem (Pan and Yang, 2010; Zhang
et al., 2019; Ma et al., 2019), they rely on the avail-
ability of either labeled data or at least a target
corpus which is usually not available at training
time for a neural ranking model deployed in the
wild.

The vulnerability of deep NLP models to var-
ious forms of adversarial attacks such as word-
importance-based replacement (Jin et al., 2020),
human-curated minimal perturbations (Khashabi
et al., 2020), misspelling (Sun et al., 2020), gram-
matical errors (Yin et al., 2020), rule-based per-
turbations (Si et al., 2020; Ribeiro et al., 2018) is
well-documented in the literature (Emma Zhang
et al., 2019). While various methods have been
proposed to remediate model robustness issues in
NLP, most of them are either task-specific (Shah
et al., 2019; Zhou et al., 2020; Gan and Ng, 2020;
Wang and Bansal, 2018), requiring auxiliary tasks
(Zhou et al.), or relying on data augmentation (Min
et al., 2020; Kaushik et al., 2019; Cheng et al.,
2020; Wei and Zou, 2019) which highly depends
on the quality and diversity of the perturbed data.

An alternative strategy for optimizing machine
learning models that has the potential to im-
prove both out-of-domain generalization and ro-
bustness is contrastive learning. Representations
obtained under contrastive self-supervised settings
have demonstrated improved robustness to out-of-
domain distributions and image corruptions in com-
puter vision tasks (Hendrycks et al., 2019; Radford
et al., 2021). In contrastive learning, representa-
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Figure 1: Contrastive fine-tuning for neural rankers. During fine-tuning, a batch of positive and negative samples from different
queries is fed into a neural encoder. The embeddings of query-document pairs from the same query are used to generate ranking
scores, which are employed to compute the ranking loss. In parallel, the embeddings of all pairs are used to compute the
contrastive loss.

tions are learned by comparing among similar and
dissimilar samples (Le-Khac et al., 2020; Khosla
et al., 2020; Van Den Oord et al., 2018; Hjelm
et al., 2018). This is different from discriminative
learning, where models learn a mapping of input
samples to labels, and generative learning, where
models reconstruct input samples. While several
works have investigated contrastive learning for
sentence classification (Gunel et al., 2020), sen-
tence representation learning (Wu et al., 2020), and
multi-modal representation learning (Radford et al.,
2021) under either self-supervised or supervised
settings, their potential for improving the robust-
ness of neural rankers has not been explored yet.

In this paper, we propose a novel contrastive
learning approach to fine-tune neural rankers and
investigate its benefits for improving model robust-
ness. We focus on rankers that use single-tower
architectures and are normally trained by optimiz-
ing a ranking loss that compares scores of positive
and negative query-document pairs involving the
same query. We propose to additionally use a con-
trastive loss that compares the distance between
the representation of positive and negative pairs
involving distinct queries (i.e, representations of
positive pairs should be close in the latent space
and distant to the representation of negative pairs,
and vice-versa). The goal of using this contrastive
loss in addition to the ranking loss is to stimulate
the model to learn the underlying matching seman-
tics across different query-document pairs, which
can potentially lead to improved robustness.

Our main contributions are as follows:

• We propose to combine contrastive loss with
ranking loss during fine-tuning of neural rank-
ing models and investigate its impact in im-

proving model robustness and generalization.

• Our experimental results using two lan-
guage model-based neural rankers (BERT and
BART) on four different datasets indicate that
our proposed method improves upon standard
ranking loss in zero-shot transfer across do-
mains, leading to an increase of up to 9 abso-
lute points in Mean Average Precision (MAP).

• We develop new datasets for evaluating the
robustness of neural rankers. The datasets are
based on WikiQA test set (Yang et al., 2015)
and were created semi-automatically. We plan
to release these datasets upon acceptance of
the paper.

• We show that contrastive fine-tuned rankers
are robust to 1) different types of query re-
formulations commonly seen in information
retrieval (headline, paraphrase, and change
of voice); and 2) query perturbations such
as adding/removing punctuations, typos, and
contractions/expansions.

2 Contrastive Representation Learning
for Neural Ranking

In neural ranking models, given an input query q
and a set of candidate documents {d0, d1, ..., dn},
a neural network h is used to create vector rep-
resentations {h(q, d1), ..., h(q, dn)}, which are
given to a function s : −→x → R, that com-
putes a score for each query-document pair,
{s(h(q, d1)), ..., s(h(q, dn))}. Normally s per-
forms a simple linear projection of the input em-
bedding, and the training of neural ranking models
consists in optimizing a ranking loss that tries to
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enforce s(h(q, d+)) > s(h(q, d−)) for each train-
ing query q, where d+ is a positive document for q
while d− is a negative one (See top part of Fig. 1).

We propose to augment the training of neural
rankers with the use of contrastive representation
learning. While ranking-based methods compute
the loss with respect to the predicted scores, con-
trastive losses measure the distance/similarity be-
tween similar and dissimilar samples in the rep-
resentation space. In our case, the key idea con-
sists in using a loss that compares the distance be-
tween the representation of query-document pairs,
and enforces that positive pairs are close together
in the latent space while being far apart from
negative pairs, i.e., D(h(q, d+), h(q′, d′+)) <
D(h(q, d+), h(q, d−)), where q′ is either a vari-
ation of q or a completely different query, and d′+

is a positive document for q′. Figure 1 illustrates
our proposed approach, which is detailed in the
remainder of this section.

2.1 Ranking Loss

Popular ranking losses include 1) the pairwise rank-
ing loss, in which the relevance information is
given in the form of preferences between pairs of
candidates, and 2) the listwise ranking loss which
directly optimizes a rank-based metric. In this
work, we experiment with two pairwise ranking
losses. The first one is the standard hinge loss
(SHL) defined on a triplet (q, d+, d−) as follows:

LSHL(q, d+, d−; θ) = max{0, λ−
s(h(q, d+); θ) + s(h(q, d−); θ)} (1)

The other is a modified hinge loss (MHL) func-
tion defined as:

LMHL(q, d
+, {d−i }; θ) = max{0, λ−

s(h(q, d+); θ) + max
i
{s(h(q, d−i ); θ)}} (2)

where q is a query, λ is the margin of the hinge loss,
d+ refer to the positive document. d− and {d−i }
refer to a negative document and the list of negative
documents of the query q within the same batch,
respectively. θ includes the set of parameters of
the network h and the projection layer in s. Based
on preliminary experiments, our modified ranking
hinge loss generally performs better than the stan-
dard pairwise ranking hinge loss. Note that MHL
loss has been used in previous work on passage
ranking (dos Santos et al., 2016).

2.2 Contrastive Loss

For contrastive learning of representations, we em-
ploy the conceptually simple but widely adopted
triplet margin loss (TML) (Weinberger et al.;
Chechik et al., 2010), which has the following
form:

LTML(a, k
+, k−; θ) =

max{0,m+D(a, k+; θ)−D(a, k−; θ)} (3)

where a is the anchor point, k+ and k− are the
similar and dissimilar samples with respect to the
anchor point a. m is the margin of the TML loss.
In our neural ranking setting, an anchor point is
the representation of a query-document pair. We
use Euclidean or L2 distance D in our experiment.
The contrastive loss can be applied to the represen-
tations from a variety of encoders h(·) ∈ Rd. In
this work, we explore contrastive fine-tuning for
both BERT (Devlin et al., 2018) and BART (Lewis
et al.) models.

The key to effective contrastive learning is to
design the notion of similarity such that positive
pairs may be very different in the input space yet
semantically related. In this work, we leverage
the relevance label in the training data and con-
sider as similar positive pairs (qi, d+i ) and (qj , d

+
j )

from different queries i and j in the same batch (as
illustrated in Fig. 1). Our intuition is that, by en-
forcing that positive pairs are close together in the
embedding space and distant from negative pairs,
we make the scoring task easier. Additionally, it
allows the model to learn the underlying matching
semantics across different query-document pairs,
which leads to improved robustness. We addition-
ally conduct a brief experiment in Sec. 5.4 where
we use paraphrases of the original query to generate
similar pairs.

2.3 Combined Loss

Our final loss is a weighted average of the ranking
loss Lranking and the contrastive loss Lcontrastive:

L = w1 · Lranking + w2 · Lcontrastive (4)

The weights w1 and w2 are hyper-parameters that
need to be determined. Our main experiments use
a simple but effective combination method which
consists in given equal weights to the ranking loss
and contrastive loss.
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3 Related Work

Our work is related to the recent body of works
that demonstrate contrastive and self-supervised
approaches can improve model robustness and gen-
eralization. Hendrycks et al. (2019) have shown
that self-supervision increases image classifier's
robustness to adversarial examples, label corrup-
tion, and common input corruptions. Radford et al.
(2021) have demonstrated that multi-modal con-
trastive learning can significantly improve the ro-
bustness of image classifiers to distribution shift.

In the NLP space, some recent works on
sentence-level contrastive representation learning
have shown its potential to improve robustness for
classification (Gunel et al., 2020) and semantic text
similarity tasks (Wu et al., 2020). There are two
main distinctions between our work and these two
papers: 1) they focus on classification and text sim-
ilarity tasks, while we focus on ranking; and 2)
while they rely on data augmentation approaches to
define the notion of similarity, our approach mainly
relies on document relevance information which is
already present in the training data.

Our work is also related to recent work on neu-
ral retrieval that focus on hard negative mining to
improve model performance (Gillick et al., 2019;
Xiong et al., 2020; Karpukhin et al., 2020; Lu et al.,
2020). The main differences between our work and
this line of research are: 1) while we leverage rele-
vance information across different queries to create
a notion of similarity, the focus on those papers are
on finding hard negatives for each individual query
in order to improve training efficiency. Hard nega-
tive mining can actually be used together with our
method, as we show in Sec. 6.2. 2) we focus in re-
ranking models, which use single-tower model that
create a single representation for a query-document
pair. In contrast, neural retrieval models create
separate representations for query and document.

4 Experimental Setup

In this section, we describe the details of our exper-
imental setup.

4.1 Passage Ranking Datasets
We test our method on four publicly available pas-
sage ranking/answer selection datasets that vary in
size and domain. Passage ranking is an important
task in information retrieval. It is often used to
retrieve relevant content for open-domain question-
answering systems (Wang et al., 2020).

WikiQA (Yang et al., 2015) is a dataset of ques-
tion and sentence pairs, collected and annotated
for research on open-domain question answering.
The questions are factoid and selected from Bing
query logs. The answers are in the summary sec-
tion of a linked Wikipedia page. The candidates
are retrieved using Bing.

WikiPassageQA (Cohen et al., 2018) is a bench-
mark collection for the research on non-factoid an-
swer passage retrieval. The queries are created
from Amazon Mechanical Turk over the top 863
Wikipedia documents from the Open Wikipedia
Ranking.

InsuranceQA (Feng et al., 2016) The question
and answer pairs from this dataset are collected
from the internet in the insurance domain. Each
question has an answer pool of 500 candidates re-
trieved using SOLR.

YahooQA (Tay et al., 2017) contains questions
and answers from Yahoo! Answers website. The
dataset is a subset of the Yahoo! Answers corpus
from a 10/25/2007 dump. The questions are se-
lected for their linguistic properties. For example,
they all start with how {to | do | did | does | can |
would | could | should}.

The statistics of the datasets are presented in
Table 1. All four datasets provide validation sets,
which have size similar to the respective test sets.

Dataset Domain Train: #Q (#P/Q) Test: #Q (#P/Q)
WikiQA Wikipedia 873 (9) 243 (9)
WikipassageQA Wikipedia 3,332 (58.3) 416 (57.6)
InsuranceQA insurance 12,889 (500) 2,000 (500)
YahooQA community 50,112 (5) 6,283 (5)

Table 1: Dataset statistics. #Q stands for number of questions
and #P/Q is the average number of passages per question

4.2 Datasets for Robustness Assessment

In order to assess the robustness of our models to
different types of query reformulations and query
perturbations, we built robustness test datasets
based on the original WikiQA test set.

We assessed query perturbations by leveraging
CheckList (Ribeiro et al., 2020) to construct three
types of popular perturbations: adding/removing
punctuation, introducing typos and changing of
contraction form. For each query in WikiQA test
set, we produce three new versions of the query,
one for each perturbation type.

We assessed robustness to three types of query re-
formulations: paraphrase, headline and change of
voice. We semi-automatically created the datasets
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for query reformulations in two steps: (1) a pre-
trained T5-base model (Raffel et al., 2019) is fine-
tuned on a combination of large public paraphrase
datasets (Quora 1 and PAWS (Zhang et al., 2019))
and human-curated query reformulations. The
human-curated reformulations are based on the
queries from the SQuAD 1.1 official dev set 2. For
each query in SQuAD 1.1 dev set, the annotators
are asked to generate three new versions of the
query (one for each reformulation type). During
fine-tuning and inference, we use control codes to
instruct T5 on the type of reformulation to be gen-
erated. Note that this T5 model can be also used
for the purpose of data augmentation, as shown
in Sec. 5.4. (2) each query in WikiQA test set is
processed by the fine-tuned T5 and three reformu-
lations of the query are generated. All generated
queries are post-processed in order to ensure it is
grammatically correct and semantically equivalent
to the original query. To ensure reliable evalua-
tion, we did a round of human annotations to filter
out low-quality generations. Examples of query
reformulations are presented in Table 2.

We evaluate the lexical diversity of generated
query reformulations by computing the BLEU
scores between the original query and the refor-
mulated query. The results of comparing four dif-
ferent generation methods are presented in Figure
2. Our T5 generated queries overall exhibit higher
diversity than human generated and back transla-
tion generated paraphrases. Note that the lower the
BLEU score the higher the diversity.

Figure 2: Comparison of BLEU scores between origi-
nal query and reformulations generated by human an-
notation, back translation and fine-tuned T5 model.

1https://www.quora.com/q/quoradata/First-Quora-
Dataset-Release-Question-Pairs

2https://rajpurkar.github.io/SQuAD-explorer/

Query What fueled the economy of early Vancouver?
Headline Factors that fuel Vancouver’s economy
Paraphrase What were some factors that stimulated the early Vancouver’s economy?
Chg of Voice The economy of early Vancouver was fueled by what?
Query How was the enlightenment shaped by science of the time period?
Headline type of science shaping enlightenment
Paraphrase How was science of the time influenced the Enlightenment?
Chg of Voice How did science of the time frame shape the Enlightenment?
Query How did South America gain independence from Spain and Portugal?
Headline Process of independence of South America from Spain and Portugal
Paraphrase How did South America come to independence from Spain and Portugal?
Chg of Voice How was independence from Spain and Portugal gained by South America?

Table 2: Examples of T5 generated styled paraphrases

4.3 Neural Ranker Training
We train neural rankers by fine-tuning two pre-
trained language models: BERT and BART. For
fine-tuning BERT, we use BERT-base model (12
layers, 110M parameters) from Huggingface's
transformer codebase (Wolf et al., 2019). Simi-
lar to the setup of sentence pair classification task
in (Devlin et al., 2018), we concatenate the query
sentence and the candidate passage together as a
single input to the BERT encoder. We compute
both the contrastive loss and ranking scores based
on the [CLS] token embedding of the final hid-
den layer. For BART model fine-tuning, we use
a BART-base model (6 layers encoder, 6 layer de-
coder, 139M parameters). We adopt the setting of
BART for classification task in (?). The concatena-
tion of query text and passage text is fed into both
the encoder and decoder and the last layer's hidden
state of the end decoder token is fed into a linear
scorer. Similar to the [CLS] token in BERT, the em-
bedding of the end token from the decoder is used
as the representation of the complete input. For
training with SHL, we sample triplets (q, d+, d−)
from different queries to form a single batch. For
MHL training, a single batch consists of a positive
passage d+ and a list of negative passages {d−i }
from the same query q. We leverage the toolkit de-
veloped by Musgrave et al. (2020) for contrastive
loss calculation, and fine-tune the models for a
maximum of 10 epochs and adopt early stopping
using the validation sets of each dataset. The hyper-
parameters for fine-tuning neural rankers are listed
in Appendix A.

5 Results and Discussion

5.1 In-Domain Fine-tuning
The results of in-domain fine-tuning of BERT and
BART-based neural rankers on four passage rank-
ing datasets are presented in table 3. To ensure a
fair comparison, all the hyper-parameters between
the ranking and the contrastive settings are kept the
same and equal weights between ranking loss and
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Figure 3: t-SNE plot of representations from BERT-
based rankers trained with either ranking or combined
ranking and contrastive loss for samples from WikiPas-
sageQA (top) and YahooQA (bottom) test sets. Positive
samples are represented by orange color.

contrastive loss are used. Our rankers produce state-
of-the-art results when training with either of the
two ranking-based losses MHL and SHL. Adding
contrastive loss (TML) slightly improves the in-
domain performance for BERT-based rankers, and
performs similarly as ranking loss for BART-based
rankers. Since our modified hinge loss (MHL)
generally performs better than standard hinge loss
(SHL), most of the results presented in the follow-
ing sections are based on MHL, which corresponds
to the setting illustrated in Figure 1.

To illustrate the effect of the contrastive loss on
the representation space, we present the t-SNE plot
of sample representations from the test set of two
datasets WikiPassageQA and YahooQA in Figure 3.
The color in the figures represents the positive and
negative labels of query-passage pairs. As we can
see from the plots, adding contrastive loss enables
further separation of the positive samples from the
negative samples.

5.2 Zero-Shot Transfer

The zero-shot transfer performance of neural
rankers reflects their robustness to out-of-domain
distributions, which is a key property of neural
rankers since they are usually deployed in the
wild. In Table 4, we show the results of apply-
ing the models trained in each one of the four
datasets (source) and applied to the other three
datasets (targets). Overall, we see significant im-

provements in the zero-shot transferability of the
model across all datasets when the neural ranker is
trained using the combination of ranking and con-
trastive losses. The biggest improvement is from
YahooQA→ WikiPassageQA where we observe
absolute 9 points, 10.6 points, and 11.8 points im-
provement in MAP, MRR, and P@1, respectively.
As expected, the transfer between datasets from
similar domains tends to be better (e.g. WikiQA
↔WikiPassageQA) than that between dissimilar
domains. Our intuition regarding the benefit of
contrastive learning of representations to improve
zero-shot transfer consists on the fact that, by using
information from different queries and enforcing
that positive pairs are close together in the em-
bedding space and distant from negative pairs, the
model ends up learning representations that are
more general and therefore easier to transfer to new
domains.

5.3 Robustness to Query Perturbations
In this section, we evaluate the model robustness to
various types of reformulations and noisy transfor-
mations of the input queries. The test sets used in
the experiments are the 6 variations of the WikiQA
test set described in Sec. 4.2. We compare the re-
sults of using ranking loss (MHL) and the combina-
tion of ranking and contrastive loss (MHL+TML).
The robustness evaluation is are presented in Ta-
ble 5. As shown in Table 5, adding contrastive
loss improves model robustness against all types
of perturbations we tested. We also conduct experi-
ments by fine-tuning neural rankers on combined
SHL loss and TML loss. The robustness evalua-
tion of BERT-based rankers trained on SHL loss or
combined SHL loss and TML loss are presented in
Table 6. Similar to the MHL case, the combined
loss achieves a significant improvement in robust-
ness than SHL loss only. More results on model
robustness can be found in Appendix B.

5.4 Comparison with Data Augmentation
One of the traditional approaches for improving
the robustness of machine learning models is to
augment the training data with noisy data. In this
section, we compare our contrastive fine-tuning
method with a data augmentation approach in
which automatically generated query reformula-
tions are added to the training data. For each query
in the training set, we use our fine-tuned T5 model
to generate 5 new queries of each reformulation
type (headline, paraphrase, change of voice). Effec-
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Dataset→ WikiQA WikiPassageQA InsuranceQA YahooQA
Model MAP MRR P@1 MAP MRR P@1 MAP MRR P@1 MAP MRR P@1

BERT
BERTSel-base (2019) 75.3 77.0 - - - - - - - 94.2 94.2 -
BERT-PR-base (2019) - - - 73.5 80.9 70.2 41.3 49.6 40.1 - - -
BERT-base-MHL (ours) 82.1 84.0 74.5 76.3 83.0 73.6 39.4 47.4 37.9 96.2 96.1 93.4
BERT-base-MHL+TML (ours) 83.8 85.8 77.4 76.9 83.1 73.6 41.1 49.6 39.5 96.1 96.1 93.4
BERT-base-SHL (ours) 82.3 84.1 75.7 74.2 81.2 71.6 40.0 47.6 37.3 95.9 95.9 92.9
BERT-base-SHL+TML (ours) 82.6 84.5 76.1 74.7 81.1 70.0 40.1 47.5 36.9 95.8 95.8 92.8

BART
BART-baseLUL (2020) 77.8 78.8 65.8 73.8 81.3 71.9 44.0 52.6 43.4 92.8 92.8 87.6
BART-baseRLL (2020) 77.5 79.2 65.4 76.1 83.4 74.3 42.2 50.3 40.8 96.1 96.1 93.4
BART-base-MHL (ours) 85.8 87.4 78.2 77.8 85.3 77.6 43.5 51.8 42.0 96.5 96.5 94.0
BART-base-MHL+TML (ours) 84.6 86.1 75.7 77.4 84.5 76.2 43.4 51.9 42.4 96.5 96.5 93.9
BART-base-SHL (ours) 82.4 83.9 73.3 75.9 83.1 73.6 42.9 51.2 41.6 96.0 96.0 93.1
BART-base-SHL+TML (ours) 81.6 82.6 70.0 75.1 82.1 71.9 42.9 51.3 41.4 96.5 96.5 93.8

Table 3: In-domain results of neural rankers trained on ranking loss vs contrastive loss.

Target→ WikiQA WikiPassageQA InsuranceQA YahooQA
Source Domain Loss MAP MRR P@1 MAP MRR P@1 MAP MRR P@1 MAP MRR P@1

BERT
WikiQA MHL - - - 58.3 66.4 51.7 7.3 8.8 3.2 49.4 49.3 26.7
WikiQA MHL+TML - - - 58.4 66.3 51.0 11.6 14.9 7.5 50.1 50.1 27.9
WikiPassageQA MHL 72.4 73.2 60.1 - - - 30.1 36.8 26.9 57.5 57.5 37.8
WikiPassageQA MHL+TML 73.8 74.9 61.7 - - - 30.8 37.8 28.0 59.5 59.5 40.1
InsuranceQA MHL 59.6 60.4 41.6 56.6 65.4 52.9 - - - 69.2 69.2 52.0
InsuranceQA MHL+TML 61.1 62.3 45.3 57.2 65.1 52.2 - - - 78.0 78.0 64.3
YahooQA MHL 35.3 36.3 16.5 30.2 32.5 15.6 3.8 4.4 0.9 - - -
YahooQA MHL+TML 38.7 39.5 18.1 39.2 43.1 27.4 5.5 6.2 1.7 - - -

BART
WikiQA MHL - - - 52.4 58.9 41.4 10.7 13.6 6.7 51.8 51.8 30.0
WikiQA MHL+TML - - - 58.6 67.1 51.9 14.0 17.7 9.7 52.4 52.4 30.9
WikiPassageQA MHL 74.6 75.9 63.0 - - - 29.0 35.8 23.9 62.6 62.6 44.7
WikiPassageQA MHL+TML 76.5 78.1 66.3 - - - 30.8 37.8 28.0 63.8 63.8 45.7
InsuranceQA MHL 64.9 66.1 50.2 62.5 70.8 59.1 - - - 69.1 69.1 51.6
InsuranceQA MHL+TML 65.5 66.3 50.6 63.3 72.2 61.8 - - - 71.7 71.7 55.4
YahooQA MHL 34.1 35.4 15.6 16.2 18.6 7.0 2.2 2.7 0.6 - - -
YahooQA MHL+TML 35.3 36.2 17.3 18.3 21.3 8.5 2.5 3.2 0.6 - - -

Table 4: Results of zero-shot transfer for models trained on ranking loss vs. contrastive loss.

Reformulation→ Headline Paraphrase Chg of Voice Punctuation Typo Contraction
Training Data Loss MAP P@1 MAP P@1 MAP P@1 MAP P@1 MAP P@1 MAP P@1

BERT
WikiQA MHL 75.3 64.9 79.4 69.3 72.6 60.0 82.3 74.5 76.8 66.3 82.6 77.6
WikiQA MHL+TML 76.7 66.5 81.8 73.4 77.5 68.0 83.0 75.3 79.4 71.3 84.3 77.6
WikiPassageQA MHL 61.8 45.5 67.3 51.9 64.2 48.0 71.7 58.9 57.1 39.2 74.7 64.3
WikiPassageQA MHL+TML 63.3 47.5 68.3 53.5 68.9 56.0 72.3 60.1 58.8 40.8 74.9 64.3

BART
WikiQA MHL 80.6 69.4 84.3 75.9 76.8 64.0 83.8 74.5 82.5 73.8 86.3 79.6
WikiQA MHL+TML 81.1 70.7 85.9 78.0 79.2 72.0 86.0 79.0 83.7 75.4 86.5 77.6
WikiPassageQA MHL 72.0 58.7 75.3 62.7 73.4 60.0 74.6 62.6 70.0 55.8 79.1 71.4
WikiPassageQA MHL+TML 74.3 62.0 76.1 63.5 76.0 64.0 77.3 67.1 69.3 56.7 79.6 70.4

Table 5: Robustness to various types of query reformulations and perturbations for rankers with MHL loss.

Reformulation→ Headline Paraphrase Chg of Voice Punctuation Typo Contraction
Training Data Loss MAP P@1 MAP P@1 MAP P@1 MAP P@1 MAP P@1 MAP P@1
WikiQA SHL 73.1 62.0 79.6 71.0 74.9 64.0 81.0 72.4 74.7 63.3 80.8 73.5
WikiQA SHL+TML 75.2 64.5 80.6 71.4 80.9 72.0 81.7 74.5 79.9 71.3 82.0 75.5
WikiPassageQA SHL 60.4 45.5 66.9 51.9 54.6 40.0 68.9 54.7 55.1 36.7 69.6 55.1
WikiPassageQA SHL+TML 62.5 46.3 66.9 51.9 62.7 48.0 68.9 54.7 56.9 39.2 72.0 58.2

Table 6: Robustness to various types of paraphrase for BERT-based rankers trained with SHL.

Reformulation→ Headline Paraphrase Change of Voice
Loss Notion of Similarity Training Data MAP MRR P@1 MAP MRR P@1 MAP MRR P@1
MHL - WikiQA 75.3 76.9 64.9 79.4 80.9 69.3 72.6 73.6 60.0
MHL+TML relevance label WikiQA 76.7 78.0 66.5 81.8 83.2 73.4 77.5 78.6 68.0
MHL - WikiQA + headline 76.1 77.6 63.6 78.2 79.7 66.4 73.8 75.2 60.0
MHL+TML query reformulations WikiQA + headline 77.1 78.6 65.7 80.2 81.4 71.0 81.2 83.7 76.0
MHL - WikiQA + paraphrase 70.0 71.0 54.6 81.3 82.6 71.8 78.9 80.3 68.0
MHL+TML query reformulations WikiQA + paraphrase 75.1 76.4 63.2 81.2 82.4 70.5 80.3 83.1 76.0
MHL - WikiQA + chg voice 73.6 75.0 60.7 82.8 83.9 73.4 81.2 84.5 76.0
MHL+TML query reformulations WikiQA + chg voice 75.3 76.6 63.2 83.0 84.3 73.4 83.3 88.5 80.0

Table 7: Comparison with data argumentation.
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tively, we increase the training set and the number
of training steps by a factor of 5 for each reformu-
lation type. Since our proposed training approach
is general and can be used with any dataset, we
also experiment with data augmentation combined
with contrastive fine-tuning. When performing con-
trastive fine-tuning, we use the 5 reformulations of
each query to create similar pairs (the notion of sim-
ilarity == query formulation) in each batch, which
essentially keeps the number of training steps the
same as when training with the original dataset.
The results on data augmentation for BERT-based
neural rankers are presented in Table 7. For rows
with MHL loss, we argument the training data with
paraphrased queries and train the model on a com-
bined dataset using MHL loss only. Note this is
the standard way to do data argumentation train-
ing. For rows using MHL+TML loss, we pair each
query in the batch with its paraphrased query for
contrastive loss calculation. The model is trained
on combined MHL+TML loss. For both methods,
we expose the model with the same amount of para-
phrased training samples. As we can see from the
table, augmenting the training data with a similar
type of query reformulation can improve the ro-
bustness of the model against that particular type
of reformulation. However, it is not as effective
in improving the robustness against other reformu-
lation types. On the other hand, contrastive fine-
tuning, even trained with a single type of query
reformulation can generally improve the model
robustness against the other two types. Further-
more, contrastive fine-tuning achieves this with
significantly less (4× less) training time even af-
ter considering the additional computation of the
contrastive loss calculation. Essentially, the ex-
perimental results indicate that using paraphrased
training samples to perform contrastive learning is
both effective (produces more robust rankers) as
well as efficient (faster to train since augmented
data is used in parallel, i.e. same batch as original
data) than using regular data augmentation.

5.5 Comparison with Ranking Loss using
same Batch Size

When training with MHL plus contrastive loss we
effectively increase the batch size because we need
to augment the training batch with additional pos-
itive samples from different queries. To check if
the improvements achieved by our approach are
due to the increase of training batch size only, we

perform an ablation study where we compare the
performance of models trained with a ranking loss
but with the same batch size as the contrastive fine-
tuning setting. The comparison results are pre-
sented in Table 8. As we can see in the table, for
WikiQA datase, increasing the batch size helps the
performance of in-domain and some of the robust-
ness test sets. The contrastive setting still outper-
forms the ranking setting in all the test categories.
Increasing the batch size of MHL is not always
beneficial. We see big degradation on the WikiPas-
sageQA dataset. On the other hand, we observed
consistent improvement when the model is trained
with contrastive loss.

6 Ablation Study

We present ablation experiments that check the im-
pact of the number of positive samples per batch
and the use of hard negative mining. Additionally,
in Appendix C, we also present a preliminary exper-
iment on formulating our combined loss (Equation
4) as a multi-objective optimization (MOO).

6.1 Effect of Number of Positive Samples Per
Batch

The number of positive samples within a single
batch determines the total number of potential
triples constructed. In this section, we vary the
number of positive samples within a batch and
evaluate its effect on the model performance. The
results are presented in Table 9. As expected, the
model performance benefits by increasing the num-
ber of positives in a batch. As shown in Table 9,
although not strictly monotonically, both the in-
domain performance and zero-shot transfer perfor-
mance improve with the number of positive pairs.

6.2 Effect of Hard Negative Mining

In a batch of N samples, there are O(N3) pos-
sible triplets, many of which are not very help-
ful to model convergence (e.g triplets where
D(a, k+) >> D(a, k−)). It’s important to con-
struct only the most important triplets. Many works
have discussed the benefit of hard negative mining
techniques that produce useful gradients and help
the models converge quickly. In this section, we
explore the effect of three hard negative mining
methods that are compatible with TML: Angular
miner (Wang et al., 2017) (output triplets that form
an angle greater than a threshold), BatchHard (Her-
mans et al., 2017) (produce a single triplet for each
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Test Set→ In-domain Headline Paraphrase Chg of Voice
Loss Batch Size Training Set MAP P@1 MAP P@1 MAP P@1 MAP P@1
MHL 16 WikiQA 82.1 74.5 75.3 64.9 79.4 69.3 72.6 60.0
MHL 31 WikiQA 83.0 76.1 74.9 64.1 81.0 71.8 77.2 68.0
MHL+TML 31 WikiQA 83.8 77.4 76.7 66.5 81.8 73.4 77.5 68.0
MHL 16 WikiPassageQA 76.3 73.6 61.8 45.5 67.3 51.9 64.2 48.0
MHL 31 WikiPassageQA 76.2 73.8 58.7 40.5 64.4 47.7 57.1 40.0
MHL+TML 31 WikiPassageQA 76.9 73.6 63.3 47.5 68.3 53.5 68.9 56.0

Table 8: Comparison of ranking loss and contrastive loss with same batch size for BERT-based rankers.

Target→ WikiQA WikiPassageQA InsuranceQA YahooQA
# Pos / Batch MAP MRR P@1 MAP MRR P@1 MAP MRR P@1 MAP MRR P@1
2 82.4 84.1 74.9 58.1 66.4 51.7 12.8 16.3 8.0 46.4 46.3 24.2
4 83.4 85.2 76.1 58.1 66.1 51.0 12.1 15.3 7.0 47.9 47.8 26.0
8 83.5 85.3 75.7 59.9 67.4 52.9 12.1 15.2 7.1 48.7 48.7 26.8
16 83.8 85.8 77.4 59.4 66.3 51.0 11.6 14.5 6.4 50.1 50.1 27.9
32 83.3 85.2 76.1 59.0 65.9 49.3 10.4 12.9 4.9 49.9 49.9 27.6
64 82.5 84.2 74.5 61.4 69.1 55.1 13.0 16.7 8.2 49.2 49.2 26.9

Table 9: Effect of number of positive pairs per batch. Underlined cells indicate in-domain results.

Target→ WikiQA WikiPassageQA InsuranceQA YahooQA
Mining Method MAP MRR P@1 MAP MRR P@1 MAP MRR P@1 MAP MRR P@1

BERT
No Mining 83.8 85.8 77.4 59.4 66.3 51.0 11.6 14.9 7.5 50.1 50.1 27.9
Angular 83.8 85.6 76.1 59.1 66.2 51.0 6.7 8.1 3.1 49.7 49.6 27.4
BatchHard 82.3 84.0 73.7 63.0 70.7 57.0 10.7 13.9 6.4 52.0 52.0 30.2
TripletMargin 83.6 85.6 77.0 59.4 66.4 51.0 7.2 8.7 3.2 50.1 50.1 27.8

BART
No Mining 84.6 86.1 75.8 58.6 67.1 51.9 14.0 17.7 9.7 52.4 52.3 30.9
Angular 84.5 86.1 76.1 59.9 67.9 53.1 16.0 20.0 11.3 56.4 56.4 35.6
BatchHard 85.4 86.7 77.0 57.8 66.2 50.5 12.5 15.8 7.9 55.3 55.3 33.9
TripletMargin 85.9 87.5 78.6 61.2 69.6 55.3 16.0 19.9 11.0 56.6 56.5 35.8

Table 10: Effect of hard negative mining. Underlined cells indicate in-domain results.

anchor point consisting of the hardest positive and
hardest negative samples), and TripletMargin (only
output a triplet when the difference between the
anchor-positive distance and the anchor-negative
distance is smaller than a margin). The results of
hard negative mining on models trained on Wik-
iQA dataset are presented in Table 10, in which
we evaluate both the in-domain and zero-shot per-
formance of the rankers. As we can see from the
results, hard negative mining can further improve
the transferability of of both BERT-based ranker
and BART-based ranker. In particular, BatchHard
outperforms other mining methods and improve the
overall performance significantly for BERT-based
rankers while TripletMargin is more effective for
BART-based rankers. We believe there is still a
margin for improvement if the hyper-parameters of
the miners are properly tuned.

7 Conclusion

In this paper, we propose a novel method for fine-
tuning neural rankers by combining contrastive
loss with ranking loss. Using a semi-automatic ap-
proach, we created 6 new versions of WikiQA test
set to assess the robustness of our models to query

reformulations and perturbations. Our experimen-
tal results show that the proposed method improves
ranker's robustness to out-of-domain distributions,
query reformulations, and perturbations. Compre-
hensive experiments and ablation studies were con-
ducted to investigate the impact of some design
choices as well as to confirm that the gains do not
originate only from larger batch sizes. Contrastive
fine-tuning with generated data is more effective
than data augmentation. As future work, we plan
to evaluate the performance of other state-of-the-
art contrastive loss functions and novel methods of
aggregating multiple losses.
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A Details of Neural Ranker Fine-tuning

The fine-tuning of neural rankers is conducted
on an AWS EC2 P3 machine. Important hyper-
parameters of fine-tuning for each model-dataset
combination are listed in Table 11.

B More Results of Robustness Against
Query Perturbations

In this section, we present more results of model
robustness evaluation for neural rankers trained on
InsuranceQA and YahooQA datasets. The results
are shown in Table 12.

C Fine-tuning as Multi-objective
Optimization

We performed a preliminary experiment on formu-
lating equation 4 as a multi-objective optimization
(MOO) problem in which optimizing bothLranking
and Lcontrastive are two objectives of the task.
We adopt a dynamic weighted aggregation (DWA)
method (Jin et al., 2001, 2004) which is both ef-
fective and computationally efficient. In DWA, the
weights of the two loss terms are changed gradually
according to the following equations:

w1(t) = | sin 2πt/ F | (5)

w2(t) = 1− w1(t) (6)

where t is the iteration number. It is noticed that
w1(t) changes from 0 to 1 periodically. The change
frequency can be adjusted by F .

Figure 4 shows the evolution of the contrastive
loss during fine-tuning of the BART-based ranker
on the WikiQA dataset. As can be seen from

Figure 4: Training contrastive loss for neural ranker
trained on WikiQA.

the plot, adopting the MOO method improves the
model convergence. A lower contrastive loss is
achieved using dynamic weighting which trans-
lates to an average improvement of 0.7 points over
the equal weighting setting in zero-shot transfer
performance (see Table 13).
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Training Data Loss Learning Rate Positives / Batch Negatives / Batch Gradient Accumulation Block Size Hinge Loss Margin
BERT

WikiQA MHL 5e-6 1 15 8 256 2
WikiQA MHL+TML 5e-6 16 15 8 256 2
WikiPassageQA MHL 1e-5 1 15 8 256 2
WikiPassageQA MHL+TML 1e-5 16 15 8 256 2
InsuranceQA MHL 5e-5 1 15 16 256 2
InsuranceQA MHL+TML 5e-5 16 15 16 256 2
YahooQA MHL 1e-5 1 4 8 256 2
YahooQA MHL+TML 1e-5 16 4 8 256 2
WikiQA SHL 5e-6 15 15 8 256 2
WikiQA SHL+TML 5e-6 15 15 8 256 2
WikiPassageQA SHL 1e-5 15 15 8 256 2
WikiPassageQA SHL+TML 1e-5 15 15 8 256 2
InsuranceQA SHL 5e-5 15 15 16 256 2
InsuranceQA SHL+TML 5e-5 15 15 16 256 2
YahooQA SHL 1e-5 4 4 8 256 2
YahooQA SHL+TML 1e-5 4 4 8 256 2

BART
WikiQA MHL 5e-6 1 15 8 256 2
WikiQA MHL+TML 5e-6 16 15 8 256 2
WikiPassageQA MHL 1e-5 1 15 8 256 2
WikiPassageQA MHL+TML 1e-5 16 15 8 256 2
InsuranceQA MHL 5e-5 1 15 16 256 2
InsuranceQA MHL+TML 5e-5 16 15 16 256 2
YahooQA MHL 1e-5 1 4 8 256 2
YahooQA MHL+TML 1e-5 16 4 8 256 2
WikiQA SHL 5e-6 15 15 8 256 2
WikiQA SHL+TML 5e-6 15 15 8 256 2
WikiPassageQA SHL 1e-5 15 15 8 256 2
WikiPassageQA SHL+TML 1e-5 15 15 8 256 2
InsuranceQA SHL 5e-5 15 15 16 256 2
InsuranceQA SHL+TML 5e-5 15 15 16 256 2
YahooQA SHL 1e-5 4 4 8 256 2
YahooQA SHL+TML 1e-5 4 4 8 256 2

Table 11: Hyper-parameters for neural ranker fine-tuning.

Reformulation→ Headline Paraphrase Chg of Voice Punctuation Typo Contraction
Training Data Loss MAP P@1 MAP P@1 MAP P@1 MAP P@1 MAP P@1 MAP P@1 Avg MAP

BERT
InsuranceQA MHL 53.2 34.7 57.4 39.8 44.4 24.0 59.2 41.2 42.8 23.4 60.4 42.9 52.9
InsuranceQA MHL+TML 54.9 35.1 58.9 41.5 47.9 28.0 60.6 44.4 44.4 25.0 60.0 42.9 54.5
YahooQA MHL 40.5 22.3 34.0 14.1 28.8 4.0 36.7 16.9 34.0 14.6 38.3 16.3 35.4
YahooQA MHL+TML 41.0 21.9 35.5 14.5 29.4 8.0 40.1 20.2 35.5 15.0 41.6 20.4 37.2

BART
InsuranceQA MHL 61.2 46.3 64.2 50.2 52.6 32.0 63.6 48.2 54.7 37.9 68.6 54.1 60.8
InsuranceQA MHL+TML 63.4 50.8 65.0 50.6 58.5 44.0 64.7 50.2 54.6 37.5 68.8 56.1 62.5
YahooQA MHL 35.7 17.4 32.9 13.7 29.7 8.0 34.2 15.2 33.6 15.8 36.5 15.3 33.8
YahooQA MHL+TML 37.2 18.2 34.4 15.8 30.7 8.0 35.2 16.9 34.6 17.5 37.3 17.4 34.9

Table 12: Additional restuls of robustness to various types of paraphrase.

Target→ WikiQA WikiPassageQA InsuranceQA YahooQA
Weighting Method MAP MRR P@1 MAP MRR P@1 MAP MRR P@1 MAP MRR P@1 Avg MAP

BERT
Equal Weighting 84.6 86.1 75.7 58.6 67.1 51.9 14.0 17.7 9.7 52.4 52.3 30.9 52.4
Dynamic Weighting 84.6 86.0 75.8 58.0 66.5 50.7 13.6 17.2 8.7 56.2 56.2 35.4 53.1

Table 13: Dynamic weighting vs equal weighting.
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Abstract

Cross-language entity linking grounds men-
tions written in several languages to a mono-
lingual knowledge base. We use a simple neu-
ral ranking architecture for this task that uses
multilingual BERT representations of both the
mention and the context as input, so as to
explore the ability of a transformer model to
perform well on this task. We find that the
multilingual ability of BERT leads to good
performance in monolingual and multilingual
settings. Furthermore, we explore zero-shot
language transfer and find surprisingly robust
performance. We conduct several analyses
to identify the sources of performance degra-
dation in the zero-shot setting. Results indi-
cate that while multilingual transformer mod-
els transfer well between languages, issues re-
main in disambiguating similar entities unseen
in training.

1 Introduction

Entity linking grounds named entities mentioned
in text, such as Chancellor, to a reference knowl-
edge base (KB) or ontology entry, such as Angela
Merkel. Historically, entity linking work focused
on English documents and knowledge bases, but
subsequent work expanded the task to consider
multiple languages (McNamee et al., 2011). In
cross-language entity linking, entities in a set of
multilingual documents is linked to a KB in a sin-
gle language. The TAC KBP shared task (Ji et al.,
2015), for example, links mentions in Chinese and
Spanish documents with an English KB. Success
in building cross-language linking systems can be
helpful in tasks such as discovering all documents
relevant to an entity, regardless of language.

Successfully linking a mention across languages
requires adapting several common entity linking
components to the cross-language setting. Con-
sider the example in Figure 1, which contains the

Spanish mention Oficina de la Presidencia, a refer-
ence to the entity President of Mexico in an English
KB. To link the mention to the relevant entity we
must compare the mention text and its surround-
ing textual context in Spanish to the English entity
name and entity description, as well as compare
the mention and entity type. Previous work has
focused on transliteration or translation approaches
for name and context (McNamee et al., 2011; Pan
et al., 2015), or leveraging large amounts of cross-
language information (Tsai and Roth, 2016) and
multilingual embeddings (Upadhyay et al., 2018).

Since this work emerged, there have been ma-
jor advances in multilingual NLP (Wu and Dredze,
2019; Pires et al., 2019). Mainstream approaches
to multilingual learning now use multilingual en-
coders, trained on raw text from multiple lan-
guages (Devlin et al., 2019). These models, such
as multilingual BERT or XMLR (Conneau et al.,
2019), have achieved impressive results on a range
of multilingual NLP tasks, including part of speech
tagging (Tsai et al., 2019), parsing (Wang et al.,
2019; Kondratyuk and Straka, 2019), and seman-
tic similarity (Lo and Simard, 2019; Reimers and
Gurevych, 2019).

We propose to leverage text representations with
multilingual BERT (Devlin et al., 2019) for cross-
language entity linking to handle the mention text,
entity name, mention context and entity descrip-
tion1. We use a neural ranking objective and a deep
learning model to combine these representations,
along with a one-hot embedding for the entity and
mention type, to produce a cross-language linker.
We use this ranking architecture to highlight the
ability of mBERT to perform on this task without
a more complex architecture. Although previous
work tends to use multilingual encoders for one lan-
guage at a time, e.g., train a Spanish NER system

1Our code is available at https://github.com/
elliotschu/crosslingual-el
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with mBERT, we ask: can our model effectively
link entities across languages? We find that, some-
what surprisingly, our approach does exceedingly
well; scores are comparable to previously reported
best results that are trained on data not available to
our model (they have access to non-English names).
Next, we consider a multilingual setting, in which
a single system is simultaneously trained to link
mentions in multiple languages to an English KB.
Previous work (Upadhyay et al., 2018) has shown
that multilingual models can perform robustly on
cross-language entity linking. Again, we find that,
surprisingly, a model trained on multiple languages
at once does about as well, or in some cases better,
than the same model trained separately on every
language.

These encouraging results lead us to explore the
challenging task of zero-shot training, in which we
train a model to link single language documents
(e.g., English) to an English KB, but apply it to un-
seen languages (e.g., Chinese) documents. While
the resulting model certainly does worse on a lan-
guage that is unobserved, the reduction in perfor-
mance is remarkably small. This result leads us to
ask: 1) Why do zero-shot entity linking models do
so well? 2) What information is needed to allow
zero-shot models to perform as well as multilin-
gually trained models? Using a series of ablation
experiments we find that correctly comparing the
mention text and entity name is the most important
component of an entity linking model. Therefore,
we propose an auxiliary pre-training objective to
improve zero-shot performance. However, we find
that this text-focused approach does not improve
performance significantly. Rather, we find that
much of the remaining loss comes not from the
language transfer, but from mismatches of entities
mentioned across the datasets. This suggests that
future work on the remaining challenges in zero-
shot entity linking should focus on topic adaptation,
instead of improvements in cross-lingual represen-
tations.

In summary, this paper uses a simple ranker to
explore effective cross-language entity linking with
multiple languages. We demonstrate its effective-
ness at zero-shot linking, evaluate a pre-training
objective to improve zero-shot transfer, and lay out
guidelines to inform future research on zero-shot
linking.

2 Cross-Language Entity Linking

A long line of work on entity linking has developed
standard models to link textual mentions to entities
in a KB (Dredze et al., 2010; Durrett and Klein,
2014; Gupta et al., 2017). The models in this area
have served as the basis for developing multilin-
gual and cross-language entity linking systems, and
they inform our own model development. We de-
fine multilingual to mean a model that can operate
on mentions from more than one language at the
same time (link both English and Chinese mentions
to an ontology) and cross-language to refer to link-
ing mentions in one language (e.g., Spanish) to an
ontology in another (e.g., English).

A common approach to cross-language entity
linking is to use transliteration data to transform
non-English mentions into English strings. Early
transliteration work (McNamee et al., 2011) uses
a transliteration corpus to train a support vector
machine ranker, which uses common entity link-
ing features such as name and context matching,
co-occurring entities, and an indicator for NIL (no
matching candidate.) Pan et al. (2017) uses translit-
eration data for a set of 282 languages to generate
all possible combinations of mentions. A related
approach is to use machine translation to translate
a document into English, and then use an English
entity linker. However, an MT system may not be
available, and it further needs a specialized name
module to properly translate entity names. Several
systems from the TAC 2015 KBP Entity Discovery
and Linking task (Ji et al., 2015) translate non-
English documents into English, then use standard
Entity Linking systems.

Cross-language Wikification is a closely related
task, which uses links within Wikipedia, combined
with equivalent pages in other languages to train
an entity linker with Wikipedia as the KB. This ap-
proach typically uses English Wikipedia as the KB,
though it could use a KB in other languages. Tsai
and Roth (2016) use a two-step linking approach,
first using an IR-based triage system (which we
also use). Second, they use a candidate ranking
step based on a linear ranking SVM model with
several features, including contextual, document,
and coreference.

The most closely related work to our own is that
of Upadhyay et al. (2018), who use multilingual
embeddings as the basis for their representations,
and Wikipedia as training data. They use Fast-
Text (Bojanowski et al., 2017; Smith et al., 2017)
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... el jefe de la Oficina de
la Presidencia (m.01p1k,
ORG), Aurelio Nuño y ...

name President of Mex-
ico (m.01p1k)

desc. The President of
the United ...

type government office

Figure 1: Example Spanish mention Oficina de la Presidencia, which is a link to entity President of Mexico, and
the architecture for our neural ranker, using that example and a negatively-sampled entity The Office.

to align embeddings across languages, and a small
dictionary to identify alignments. They pass these
representations through a convolutional neural net-
work to create a mention representation. They in
turn use the other mention representations in the
document to create a contextual representation, and
also use a separate type vector. They train their
network on hyperlinks from multiple languages
in Wikipedia. Before the ranking step, they use
a triage system similar to that of Tsai and Roth
(2016). They evaluate on several entity linking
datasets, including TAC. As their system only uses
English Wikipedia as the KB, they set all mentions
that link to a entity outside of Wikipedia to NIL;
this results in a different evaluation setup than we
need for our work. Their results show that train-
ing on all languages, instead of monolingual or
bilingual training, generally performs best. For
zero-shot entity linking, they train on English lan-
guage Wikipedia. They find that their performance
is heavily dependent on a prior probability derived
from the triage system – otherwise, there is a large
drop in performance.

Rijhwani et al. (2019) investigate zero-shot en-
tity linking on low-resource languages. They pro-
pose a model consisting of a similarity model us-
ing encoders separately trained on high-resource
language mentions, related to the low-resource lan-
guage, and English entities. They then use the
high-resource language as a pivot language for
low resource language mentions, allowing them to
score mentions in an unseen language. Raiman and
Raiman (2018) consider multilingual entity linking,
in which they use a KB in the same language as the
mention, but exploit multilingual transfer for the
model’s type system. They formulate a type system

as a mixed integer problem, which they use to learn
a type system from knowledge graph relations.

3 Entity Linking Model

We propose a cross-language entity linker based
on a pointwise neural ranker that scores a mention
m and entity e pair, adapting from an architecture
discussed in Dehghani et al. (2017). Unlike a classi-
fication architecture, a ranking architecture is able
to score previously unseen entities. As is standard,
we use a two stage system: triage followed by rank-
ing; this reduces the number of entities that must
be ranked, and results in better performance. Our
system is shown in Figure 1. We select this archi-
tecture so as to focus on the ability of multilingual
transformers to handle this task.

The ranker takes as input information about the
mention and entity: 1) the mention string and en-
tity name; 2) the context of the mention and en-
tity description; and 3) the types of the mention
and entity. We represent the mention string, en-
tity name, mention context and entity description
using a pre-trained multilingual deep transformer
encoder (Devlin et al., 2019), while the mention
and entity type are represented as one-hot embed-
dings. We describe the multilingual representation,
model architecture and training procedure.

3.1 Multilingual Representations

We use multilingual BERT (mBERT) (Devlin et al.,
2019)2, which has been shown to create effective
multilingual representations for downstream NLP
tasks (Wu and Dredze, 2019). Consider the Spanish
example in Figure 1. First, we create a represen-

2We found that XLM-R (Conneau et al., 2019) performed
similarly and only report results on mBERT.
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en
NN 0.195 0.463 0.550 0.502
Mono 0.586 0.703 0.619 0.658
MultiDS 0.509 0.873 0.478 0.618
Multi 0.602 0.691 0.626 0.655
MultiOr 0.654 0.773 0.641 0.703
Tri — 0.736 0.738 0.737

zh

NN 0.207 0.889 0.449 0.597
Mono 0.709 0.867 0.728 0.791
MultiDS 0.733 0.867 0.746 0.801
Multi 0.730 0.862 0.735 0.793
MultiOr 0.828 0.950 0.812 0.876
Tri — 0.854 0.809 0.831

es

NN 0.214 0.508 0.552 0.529
Mono 0.595 0.921 0.587 0.714
MultiDS 0.604 0.918 0.590 0.718
Multi 0.652 0.918 0.625 0.744
MultiOr 0.691 0.936 0.655 0.770
Tri — 0.804 0.804 0.804

Model micro prec. recall F1

ar

NN 0.171 0.414 0.602 0.491
Mono 0.660 0.683 0.816 0.743
Multi 0.637 0.661 0.778 0.715

fa

NN 0.330 0.694 0.734 0.714
Mono 0.702 0.780 0.881 0.827
Multi 0.762 0.817 0.919 0.863

ko

NN 0.269 0.816 0.597 0.690
Mono 0.752 0.832 0.861 0.846
Multi 0.805 0.850 0.902 0.875

ru

NN 0.358 0.841 0.529 0.649
Mono 0.694 0.834 0.843 0.837
Multi 0.740 0.865 0.876 0.871

Table 1: Micro-avg. precision, precision, recall, and F1
for TAC and Wiki datasets. In a majority of languages,
the Multi model outperforms the Mono model.

tation of the mention text ms, Oficina de la Pres-
idencia, by creating an mBERT representation of
the entire sentence, selecting the lowest layer rep-
resentations of each of the mention’s sub-words,3

and form a single representation using max pool-
ing. We create a representation of the entity name
es, President of Mexico in the same way, although
there is no surrounding context as in a sentence.

For the mention context mc we select the sur-
rounding sentences up to BERT’s 512 sub-word

3We experimented with several BERT layers and found
this to be the best performing on the TAC development set.

limit, positioning the mention in the middle, and
pass the text to BERT, using the resulting top layer
of the [CLS] token. We create a similar represen-
tation for the entity context ec from the definition
or other text in the KB, using the first 512 subword
tokens from that description. For the mention type
mt and entity type et we create one-hot embed-
dings, omitting ones that do not occur more than
100 times in the training set.

3.2 Architecture
We feed the representations of the name (ms and
es), context (mc, ec) and type (mt, et) into a neural
ranker. Each of these three pairs is passed into dis-
tinct multilayer perceptrons (MLPs), which each
produce an embedding that captures the similar-
ity between each type of information. For exam-
ple, we input ms and es into a text-specific hidden
layer, which produces a combined representation
rs. The same is done for the context and type rep-
resentations, producing representations rc and rt,
respectively. These three representations are then
fed into a final MLP, which produces a final score
([−1, 1].) The entire network is jointly trained with
the ADAM optimizer and a ranking objective. We
apply dropout at every layer, use ReLu as the in-
termediate activation function, and Tanh for the
final layer. While additional features such as entity
salience are likely useful for this task, we chose to
restrict our model as much as possible to use only
text features. This focuses on mBERT’s multilin-
gual ability, and allows for easier adaptation to new
KBs than with KB-specific features.

3.3 Model Training
We learn the parameters θ of our scoring function
S using a pairwise approach; this allows us to train
our model without annotated scores. Our ranker
scores a mention m and positive entity e+ pair, and
separately scores the same mention paired with n
sampled negative entities e−. We apply the hinge
loss between our correct entity and the highest scor-
ing negative entity,

L(θ) = max{0, ε− (S({m, e+}; θ)−
max{S({m, e0−}; θ) . . . S({m, cn−}; θ)}}

We jointly train all components of the network, in-
cluding the positive and negative portions of the net-
work. The major benefit of this pairwise approach
is that it does not rely on annotated scores, but in-
stead uses negative sampling to train the ranker. We
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tested random combinations of hidden layer sizes
and dropout rates to find the best configuration (see
Appendix A for parameter selection details).

4 Datasets

We conduct our evaluation on two cross-language
entity linking datasets. We predict NILs by ap-
plying a threshold; mentions where all entities are
below a given threshold are marked as NIL. We
evaluate all models using the evaluation script pro-
vided by Ji et al. (2015), which reports Precision,
Recall, F1, and Micro-averaged precision. For im-
plementation details, please see the appendix.

TAC. The 2015 TAC KBP Entity Linking
dataset (Ji et al., 2015) consists of newswire and dis-
cussion form posts in English, Spanish, and Man-
darin Chinese linked to an English KB. We use
their evaluation set, and provide a comparison to
the numbers noted in Ji et al. (2015). The refer-
enced systems had access to non-English language
KB text which we exclude, and thus are a goal
rather than a baseline. Later papers, such as Upad-
hyay et al. (2018), also use this dataset but only
for evaluation, instead training on Wikipedia and
treating mentions that are linked to TAC entities
without Wikipedia links as NIL. Therefore, we can-
not compare our evaluation to this work.

Wiki. We created a cross-language entity link-
ing dataset from Wikipedia links (Pan et al., 2017)
that includes Korean, Farsi, Arabic, and Russian.
A preprocessed version of Wikipedia has links in
non-English Wikipedia pages to other non-English
pages annotated with that link and an English page
link if a corresponding page was available. From
these annotations we created a dataset consisting of
non-English mentions linked to English-language
entities (Wikipedia page) using English Wikipedia
as the KB. We consider this to be silver-standard
data because–unlike the TAC dataset–the annota-
tions have not been reviewed by annotators. Since
we do not have a separate development set for this
dataset, we apply the hyperparameters selected on
TAC development data to this dataset.

Triage. We assume gold-standard mention
boundaries in our analysis. We use the triage sys-
tem of Upadhyay et al. (2018), which is largely
based on work in Tsai and Roth (2016). This allows
us to score a smaller set of entities for each mention
as opposed to the entire KB. For a give mention m,
a triage system will provide a set of k candidate
entities e1 . . . ek. The system uses Wikipedia cross-

links to generate a prior probability Pprior(ei|m)
by estimating counts from those mentions. This
prior is used to provide the top k English Wikipedia
page titles for each mention (k = 10 for TAC and
k = 100 for Wiki).

5 Model Evaluation

We consider several different training and evalu-
ation settings to explore the multilingual ability
of transformers on this task. Recent studies sug-
gest that multilingual models can achieve simi-
lar or even better performance on cross-language
entity linking (Upadhyay et al., 2018). Other
work (Mueller et al., 2020) has shown that this
is not always the case. Therefore, we begin by ask-
ing: does our linker do better when trained on all
languages (multilingual cross-language) or trained
separately on each individual language (monolin-
gual cross-language)?

We train our model on each of the 7 individ-
ual languages in the two datasets (noted as Mono).
Next, we train a single model for each dataset (3
languages in TAC, 4 in Wiki, each noted as Multi).
Mono and Multi share the exact same architecture -
there are no multilingual adjustments made, and the
model contains no language-specific features. As
Multi uses data available in all languages and thus
has more training data than Mono, we include a
model that is trained on a randomly-sampled subset
of the multilingual training data that set to match
the training size of Mono (MultiDS) . For TAC
Multi models, we also report results using a can-
didate oracle instead of triage (Multi+Or), where
the correct entity is always added to the candidate
list. For all Mono and Multi-based models we re-
port the average of three runs. The metric-specific
standard deviations were all small, with all but one
at or below 0.017. We note the best performing ar-
chitecture from (Ji et al., 2015) as Tri, again noting
that those systems have access to non-English text.
We also evaluate a simple nearest neighbor model
(noted as NN). This model scores each mention-
entity pair using the cosine similarity between the
mention name representation ms and the entity rep-
resentation es, and selects the highest-scoring pair.

Table 1 shows that for TAC there is a small dif-
ference between the Mono and Multi models. For
Wiki the difference is often larger. Multi often
does better than Mono, suggesting that additional
training data is helpful specifically for languages
(e.g., Farsi) with smaller amounts of data. Over-
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Evaluation Language
en zh es

Tr
ai

ni
ng

Se
tti

ng
Multi 0.66 0.79 0.74

en .00 −.03 −.02
zh −.05 .00 −.03
es −.06 −.06 −.03

ar fa ko ru

Multi 0.72 0.86 0.88 0.87

ar +.03 −.08 −.08 −.05
fa −.14 −.04 −.16 −.10
ko −.20 −.13 −.03 −.09
ru −.20 −.08 −.13 −.03

Table 2: ∆F1 for each single-language trained model,
compared to a multilingually-trained model, for each
evaluation language. Each column is an evaluated lan-
guage, and each row is a training setting. While mod-
els trained on the target language perform best, many
monolingually-trained models perform well on unseen
languages.

all, these results are encouraging as they suggest
that a single trained model for our system can be
used for cross-language linking for multiple lan-
guages. This can reduce the complexity associated
with developing, deploying and maintaining mul-
tiple models in a multilingual environment. For
some models, the Multi improvement may be due
to additional data available, as shown in the dif-
ference in performance between Multi and Mul-
tiDS (e.g., Spanish F1 Multi is +.026 over Mul-
tiDS). However, the small difference in perfor-
mance shows that even by providing additional out-
of-language training data, reasonable performance
can be achieved even with reduced in-language
training.

6 Zero-shot Language Transfer

Encouraged by the results on multilingual training,
we explore performance in a zero-shot setting. How
does a model trained on a single language perform
when applied to an unseen language? We consider
all pairs of languages, i.e., train on each language
and evaluate on all others in the same dataset4.

Table 2 shows the change in F1 for
monolingually-trained models compared to

4Work in Cross-language entity linking (Upadhyay et al.,
2018; Tsai and Roth, 2016) has done similar evaluations, but
focus on using external large data sources (Wikipedia) to train
their models.

en zh es
avg F1 avg F1 avg F1

name 0.59 0.70 0.45 0.71 0.42 0.73

+cont +.12 +.05 +.22 +.05 +.14 +.05
+type +.03 +.01 +.10 −.02 +.03 −.03
all +.12 +.05 +.26 +.08 +.19 +.06

Table 3: English-only trained ∆micro-average and ∆F1
when using a subset of linker features, compared to
the name-only model for each language in the Devel-
opment set. The name component of the model has the
highest performance impact, but context also leads to
better performance in almost all cases.

BERT Lang micro prec. recall F1

en en −.07 +.17 −.13 −.03
en es −.01 .00 −.02 −.01
ar ar −.08 −.08 −.03 −.06
ar fa −.09 −.05 −.08 −.06

Table 4: Change in performance for monolingually-
trained models using monolingually-trained BERT
models, compared to monolingually-trained models us-
ing mBERT.

multilingual models. While zero-shot perfor-
mance does worse than a model with access to
within-language training data, the degradation is
surprisingly small: often less than 0.1 F1. For
example, a model trained on all 3 TAC languages
achieves an F1 of 0.79 on Chinese, but if only
trained on English, achieves an F1 of 0.76. This
pattern is consistent across both models trained
on related languages (Arabic → Farsi, loss of
0.08 F1), and on unrelated languages (Russian→
Korean, loss of 0.13 F1).

Analysis. Why does zero-shot language transfer
do so well for cross-language entity linking? What
challenges remain to eliminate the degradation in
performance from zero-shot transfer?

We answer these questions by exploring the im-
portance of each component of our cross-language
ranking system: mention string, context, and type.
We conduct ablation experiments investigating the
performance loss from removing these informa-
tion sources. We then evaluate each model in an
English-trained zero-shot setting. First, we train a
zero shot model using only the mention text and
entity name. We then compare the performance
change that results from adding the context, the
type, and both context and type (all features).

Table 3 shows that comparing the name and men-
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tion text alone accounts for most of the model’s
performance, a sensible result given that most of
the task involves matching entity names. We find
that context accounts for most of the remaining per-
formance, with type information having a marginal
effect. This highlights the importance of the multi-
lingual encoder, since both name and context rely
on effective multilingual representations.

Separately, how does using a multilingual trans-
former model, such as mBERT, affect the perfor-
mance of our ranker? First, it is possible that using
a monolingual linker with a BERT model trained
only on the target language would improve perfor-
mance, since such a model does not need to repre-
sent several languages as the same time. As shown
in Table 4, model performance for these settings
is largely worse for English-only and Arabic-only
(Safaya et al., 2020) models when compared to
using mBERT, with the exception that precision in-
creases significantly for English. Second, perhaps
a monolingual linker with a BERT model trained
only on a related language – e.g., English BERT
for Spanish, Arabic BERT for Farsi – would pro-
duce acceptable results. Again, as shown in Table
4, the performance is most often worse, illustrating
that mBERT is an important aspect of the linker’s
performance.

7 Improving Zero-shot Transfer

7.1 Name Matching Objective

Given the importance of matching the mention
string with the entity name, will improving this
component enhance zero-shot transfer? While ob-
taining within-language entity linking data isn’t
possible in a zero-shot setting, we can use pairs of
translated names, which are often more easily avail-
able (Irvine et al., 2010; Peng et al., 2015). Since
Chinese performance suffers the most zero-shot
performance reduction when compared to the mul-
tilingual setting, we use Chinese English name pair
data (Huang, 2005) to support an auxiliary training
objective. An example name pair: “巴尔的摩－俄
亥俄铁路公司” and Baltimore & Ohio Railroad.

We augment model training as follows. For each
update in a mini-batch, we first calculate the loss
of the subset of the model that scores the men-
tion string and entity name on a randomly selected
pair k = 25, 000 of the Chinese/English name pair
corpus. We score the Chinese name z and the cor-
rectly matched English name e+ pair, and sepa-
rately score the same Chinese name paired with n

negatively sampled English names e−. We create
representations for both z and e using the method
described for names in §3.1 which are passed to
the name-only hidden layer. We add a matching-
specific hidden layer, which produces a score. We
apply the hinge loss between positive and negative
examples,

N (θ) = max{0, ε− (S({z, e+}; θ)−
max{S({z, e0−}; θ) . . . S({z, en−}; θ)}}

The name pair loss is then multiplied by a scalar
λ = 0.5 and added to the loss described in §3.3.
The resulting loss Ljoint(θ) = (λ ∗ N (θ)) + L(θ)
is jointly minimized. After training, we discard the
layer used to produce a score for name matches.
This procedure still only uses source language en-
tity linking training data, but makes use of auxiliary
resources to improve the name matching compo-
nent, the most important aspect of the model.

We analyze the resulting performance by con-
sidering modifications to our English-only training
setting, which are designed to replicate scenarios
where there is little training data available. To show
the effect of a smaller training corpus, we select
a random 50% of mentions, partitioned by docu-
ment (Rand). To show the importance of training
on frequently occurring entities, we select 50% of
mentions that are linked to the least frequent enti-
ties in the English dataset (Tail).

Table 5 shows the results on each of the three de-
velopment TAC languages compared to the Multi
model. For the Rand training set, we see a large im-
provement in Chinese micro-average and a small
one in F1, but otherwise see small reductions in
performance. In the Tail training setting, a simi-
lar pattern occurs, with the exception that Chinese
is less improved than in Rand. Overall, perfor-
mance loss remains from zero-shot transfer which
suggests that improvements need to be explored
beyond just name matching.

7.2 Entities
Another possible source of zero-shot degradation
is the lack of information on specific entities men-
tioned in the target language. For entity linking,
knowledge of the distribution over the ontology
can be very helpful in making linking decisions.
While zero-shot models have access to general do-
main text, i.e., news, they often lack text discussing
the same entities. For example, some entities that
only occur in Chinese (231 unique entities in Dev),
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en zh es en zh es
avg F1 avg F1 avg F1 avg F1 avg F1 avg F1

0.64 0.75 0.51 0.69 0.53 0.75 Rand Tail 0.53 0.66 0.45 0.66 0.42 0.70

.00 −.01 +.07 +.02 −.02 −.02 w/ Name −.02 −.02 +.02 +.01 −.01 −.01

.00 +.01 +.06 +.04 +.01 +.02 w/ Pop-Train −.02 +.04 .00 +.07 −.01 +.06
+.04 +.03 +.12 +.06 +.10 +.06 w/ Pop-All +.13 +.10 +.20 +.11 +.22 +.10

Table 5: For each proposed Name matching or popularity re-ranking model, the change in performance (∆F1 and
∆micro-average) compared to the original Rand (left) and Tail (right) models. While the name matching increased
performance somewhat, the additional of popularity was more impactful.

en zh es
avg F1 avg F1 avg F1

Multi 0.70 0.73 0.77 0.81 0.68 0.82

Rand −.04 -.02 −.26 −.12 −.15 −.07
N-1 +.01 +.02 −.04 −.02 −.08 −.03
N-1U −.24 -.14 −.49 −.22 −.38 −.19
Tail −.16 -.08 −.31 −.15 −.26 −.12

Table 6: For each of the English-only training data sub-
sets described in §7.2, ∆Micro-average and ∆F1 com-
pared to the full Multi model. Models that see even a
single example of an entity (e.g., N-1) outperform mod-
els that see a portion (e.g., Tail) or none (e.g., N-1U).

such as the frequently occurring entity Hong Kong,
have a number of similar entities and thus are more
challenging to disambiguate.

We measure this effect through several diagnos-
tic experiments where we evaluate on the develop-
ment set for all languages, but train on a reduced
amount of English training data in the following
ways: In addition to the Rand and Tail settings,
we sample a single example mention for each en-
tity (N-1), resulting in a much smaller training as
compared to those datasets. We also take N-1 and
remove all evaluation set entities (N-1U), leaving
all evaluation entities unseen at train time.

Table 6 reports results on these reduced training
sets. All languages use a −1 NIL threshold. Com-
pared to the multilingual baseline (Multi) trained
on all languages, there is a decrease in performance
in all settings. Several patterns emerge. First, the
models trained on a subset of the English training
data containing more example entities - e.g., N-1
- have much higher performance than the models
that do not. This is true even in non-English lan-
guages. Unobserved entities do poorly at test time,
suggesting that observing entities in the training
data is important.

However, a mention training example can im-
prove the performance of a mention in another lan-
guage if linked to the same entity, which suggests
that this provides the model with data-specific en-
tity information. Therefore, the remaining zero-
shot performance degradation can be largely at-
tributed not to a change in language, but to a change
in topic, i.e., what entities are commonly linked to
in the data. This may also explain why although the
name matching component is so important in zero-
shot transfer, our auxiliary training objective was
unable to fully mitigate the problem. The model
may be overfitting to observed entities, forcing the
name component to memorize specific names of
popular entities seen in the training data. This
means we are faced with a topic adaptation rather
than a language adaptation problem.

We validate this hypothesis by experimenting
with information about entity popularity. Will in-
cluding information about which entities are pop-
ular improve zero-shot transfer? We answer this
question by re-ranking the entity linker’s top ten
predicted entities using popularity information, se-
lecting the most most popular entity from the list.
Adding this feature into the model and re-training
did not lead to a significant performance gain. We
define the popularity of an entity to be the number
of times it occurred in the training data. We report
results for two popularity measures–one using the
popularity of the English subset of the data used
for training, and one using all of the training data
(including for Spanish and Chinese).

Table 5 shows that both strategies improve F1,
meaning that a missing component of zero-shot
transfer is information about which entities are fa-
vored in a specific dataset. The gain from using
popularity estimated from the training data only
is smaller than using the popularity data drawn
from all of TAC. With more accurate popularity
information, we can better mitigate loss.
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Several patterns emerge from most common cor-
rections made with the Population reranking for
Tail, included in Table 8. Many errors arise from
selecting related entities that are closely related
to the correct entity – for example, United States
Congress instead of the United States of America.
Additionally, people with similar names are often
confused (e.g. Edmund Hillary instead of Hillary
Clinton). Finally, many appear to be annotation
decisions – often both the original prediction (e.g.
Islamic State) and the corrected popular prediction
(e.g. Islamic State of Iraq and Syria) appear rea-
sonable choices. While most corrections were in
Chinese (632), some occurred in both English (419)
and Spanish (187). These errors – especially those
in English – illustrate that much of the remaining
error is in failing to adapt to unseen entities.

8 Conclusion

We demonstrate that a basic neural ranking architec-
ture for cross-language entity linking can leverage
the power of multilingual transformer representa-
tions to perform well on cross-lingual entity linking.
Further, this enables a multilingual entity linker to
achieve good performance, eliminating the need
for language-specific models. Additionally, we
find that this model does surprisingly well at zero-
shot language transfer. We find that the zero-shot
transfer loss can be partly mitigated by an auxiliary
training objective to improve the name matching
components. However, we find that the remaining
error is not due to language transfer, but to topic
transfer. Future work that improves zero-shot trans-
fer should focus on better ways to adapt to entity
popularity in target datasets, instead of relying on
further improvements in multilingual representa-
tions. Focusing on adapting to the topic and entities
present in a given document is critical. This could
be accomplished by adding a document-level rep-
resentation or by leveraging other mentions in the
document. English-focused work on rare entity
performance (Orr et al., 2020; Jin et al., 2014) may
provide additional direction.
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A Architecture information

Parameter Values
Context Layer(s) [768], [512], [256],

[512,256]
Mention Layer(s) [768], [512], [256],

[512,256]
Type Layer [128], [64], [32], [16]
Final Layer(s) [512,256], [256,128],

[128,64], [1024,512],
[512], [256]

Dropout probability 0.1, 0.2, 0.5
Learning rate 1e-5, 5e-4, 1e-4, 5e-3,

1e-3

Table 6: To select parameters for the ranker, we tried 10
random combinations of the above parameters, and se-
lected the configuration that performed best on the TAC
development set. The selected parameter is in bold.
We report results after training for 500 epochs for TAC
and 800 for Wiki. The full TAC multilingual model
takes approximately 1 day to train on a single NVIDIA
GeForce Titan RTX GPU, including candidate genera-
tion, representation caching, and prediction on the full
evaluation dataset.

B Dataset Details

The NIL threshold is selected based on the devel-
opmentTAC dataset. Unless noted, we use −0.8
for English and −1 otherwise.

TAC: The training set consists of 30,834 men-
tions (6,857 NIL) across 447 documents. We re-
served a randomly selected 20% of these docu-
ments as our development set, and will release
development splits. The evaluation set consists
of 32,459 mentions (8,756 NIL) across 502 docu-
ments. A mention is linked to NIL if there is no
relevant entity in the KB, and the KB is derived
from a version of BaseKB.

TAC Triage: We use the system discussed in for
both the TAC and Wiki datasets. However, while
the triage system provides candidates in the same
KB as the Wiki data, not all entities in the TAC
KB have Wikipedia page titles. Therefore, the TAC
triage step requires an intermediate step - using the
Wikipedia titles generated by triage (k = 10), we
query a Lucene database of BaseKB for relevant
entities. For each title, we query BaseKB propor-
tional to the prior provided by the triage system,
meaning that we retrieve more BaseKB entities for
titles that have a higher triage score, resulting in

l = 200 entities. First, entities with Wikipedia ti-
tles are queried, followed by the entity name itself.
If none are found, we query the mention string -
this provides a small increase in triage recall. This
necessary intermediate step results in a lower recall
rate for the TAC dataset (85.1% for the evaluation
set) than the Wiki dataset, which was 96.3% for
the evaluation set .

Wiki: Some BaseKB entities used in the TAC
dataset have Wikipedia links provided; we used
those links as seed entities for retrieving mentions,
retrieving mentions in proportion to their presence
in the TAC dataset, and to sample a roughly equiv-
alent number of non-TAC entities. We mark 20%
of the remaining mentions as NIL. In total, we train
and evaluate on 5,923 and 1,859 Arabic, 3,927 and
1,033 Farsi, 5,978 and 1,694 Korean, and 5,337 and
1,337 Russian mentions, respectively.
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Original Prediction Popular Correction Count

United States Department of State United States of America 146
united states congress United States of America 121
Soviet Union Russian 57
Central Intelligence Agency United States of America 41
healthcare of cuba Cuba 36
islamic state Islamic State of Iraq and Syria 33
edmund hillary First lady Hillary Rodham Clinton 32
United States Department of Defense United States of America 32
Tamerlan Tsarnaev Dzhokhar A. Tsarnaev 27
Carl Pistorius Oscar Leonard Carl Pistorius 23
CUBA Defending Socialism ... documentary Cuba 22
Barack Obama Sr. Barack Hussein Obama II 18
Iraq War Iraq 14
Dzhokhar Dudayev Dzhokhar A. Tsarnaev 13
Sumter County / Cuba town Cuba 13
United States Army United States of America 13
military of the united states United States of America 13
Republic of Somaliland Somalian 13
ISIS Islamic State of Iraq and Syria 13
Islamic State of Iraq and Syria Islamic State of Iraq and Syria 12
National Assembly of People’s Power Cuba 11
Sara Netanyahu Benjamin Netanyahu 10

Table 8: All pairs of original prediction and popular prediction altered by the reranking procedure described in
Section 7.2, for the Tail model
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Abstract

Answering questions about why characters
perform certain actions is central to under-
standing and reasoning about narratives. De-
spite recent progress in QA, it is not clear
if existing models have the ability to answer
“why” questions that may require common-
sense knowledge external to the input narra-
tive. In this work, we introduce TellMeWhy,
a new crowd-sourced dataset that consists of
more than 30k questions and free-form an-
swers concerning why characters in short nar-
ratives perform the actions described. For
a third of this dataset, the answers are not
present within the narrative. Given the limita-
tions of automated evaluation for this task, we
also present a systematized human evaluation
interface for this dataset. Our evaluation of
state-of-the-art models show that they are far
below human performance on answering such
questions. They are especially worse on ques-
tions whose answers are external to the narra-
tive, thus providing a challenge for future QA
and narrative understanding research.

1 Introduction

The actions people perform are steps of plans to
achieve their desired goals. When interpreting lan-
guage, humans naturally understand the reasons
behind described actions, even when the reasons
are left unstated (Schank and Abelson, 1975). For
NLP systems, answering questions about why peo-
ple perform actions in a narrative can test this abil-
ity. Answering such questions often requires filling
the implicit gaps in the story itself.

Consider this narrative from ROCSto-
ries (Mostafazadeh et al., 2016b):
Rudy was convinced that bottled waters all tasted the same.

He went to the store and bought several popular brands. He

went back home and set them all on a table. He spent several

hours tasting them one by one. He came to the conclusion that

they actually did taste different.

Now try to answer the question, “Why did he
go to the store and buy several popular brands?”
The answer “he wanted to taste test” is not explicit
in the narrative and requires us to read between
the lines to fill in the gaps (Norvig, 1987). While
humans can visualise and process the events in a
story to hypothesize why they might have occurred
(Kintsch and Dijk, 1978), current NLP systems fall
well short of exhibiting similar capabilities. They
are unable to adequately formulate the reasons be-
hind actions in specific contexts.

How can we get NLP models to reason about
why actions are performed? One way is to consider
theories like script learning (Schank and Abelson,
1975; Pichotta and Mooney, 2014) or learning from
co-occurrence (Chambers and Jurafsky, 2009). But
they only partially capture this type of knowledge
– much like other forms of commonsense knowl-
edge, the reasons for why actions are performed
are often left implicit in text. Even though there are
many large scale QA datasets, they rarely contain
questions about why people perform actions.

Therefore, we introduce the TellMeWhy dataset,
a collection of 30,519 such why-questions, each
with 3 “gold standard” human answers. Each
record in TellMeWhy contains a short story, an
associated question, and its 3 possible answers.

Further, we focus on enabling human evaluation
of this dataset; human evaluation is more reliable
than automatic metrics to evaluate such systems
(Celikyilmaz et al., 2020; Gatt and Krahmer, 2018).
However, reliability of human judgment is substan-
tially impacted by experimental setup (Novikova
et al., 2018; Santhanam and Shaikh, 2019). There is
little consensus on how human evaluations should
be conducted, so results are often incomparable
across evaluations.

To this end, we present a systematized evaluation
framework on MTurk for the TellMeWhy text gen-
eration task – and release the framework for future
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researchers. The MTurk interface asks annotators
to rate generated answers on their grammatical-
ity and validity. We show that with our interface
human answers are judged to be of high quality
(99% grammatical, 96% valid) with strong inter-
annotator agreement at 0.88 Fleiss Kappa. This
indicates high agreement and also confirms the de-
sign of our interface.

Finally, we present baseline results for TellMe-
Why and compare against our human ceiling. We
finetune two large language models that have
proven to be effective for a variety of tasks, GPT-2
(Radford et al., 2019) and T5 (Raffel et al., 2020),
and a dedicated question answering model, Uni-
fiedQA (Khashabi et al., 2020), to perform this
task. Human evaluation is performed on their out-
puts from independent test data. All models signif-
icantly under-perform the human benchmark and
are especially worse on questions where the answer
cannot be simply copied over from text in the narra-
tive. The results clearly demonstrate the difficulty
for current models to convincingly answer such
why-questions.

This paper’s contributions are as follows: (1) we
introduce TellMeWhy, a large dataset of English
why-questions for narratives derived from ROC-
Stories (Mostafazadeh et al., 2016a) and CATERS
(Mostafazadeh et al., 2016b) along with answers
from 3 distinct humans, (2) a systematized hu-
man evaluation interface to calibrate model outputs
consistently, and (3) show that current models are
ill-equipped to perform this task. We release the
dataset and human evaluation suite at http://
lunr.cs.stonybrook.edu/tellmewhy.

2 Related Work

2.1 Datasets containing why-questions

Most of the datasets related to why-questions fall
into one or more of the following categories: (1)
very small size, (2) not focused on stories, or (3)
focused on connecting known events instead of
answering reasoning questions.

Some corpora of why-questions have been col-
lected manually: corpora described in Verberne
et al. (2006) and Verberne et al. (2007) both com-
prise fewer than 400 questions and corresponding
answers (one or two per question) formulated by
native speakers. Dunietz et al. (2020) demonstrate
that it is important to define what we want models
to comprehend when building datasets for machine
reading comprehension (MRC) tasks. They design

templates of understanding corresponding to the
four elements identified by Zwaan et al. (1995). For
201 questions, they design multiple-choice ques-
tions derived from (Lai et al., 2017) to test under-
standing of different categories of events. All of
these are very small corpora that cannot be viably
used to further a model’s understanding of why-
questions in stories.

Higashinaka and Isozaki (2008) extend an exist-
ing factoid QA system to answer why-questions
by integrating corpus based features, calling it
NAZEQA. Oh et al. (2012) extract a set of an-
swer candidates from a web corpus, and perform
re-ranking using SVMs to predict the right answer.
Oh et al. (2019) use an adversarial learning frame-
work to generate a vector representation from the
passage to judge whether the passage actually an-
swers the why-question. These papers focus on
Japanese news (Fukumoto et al., 2007; Oh et al.,
2012), including NTCIR-6, and most critically, all
these datasets are very small.

Some prior work focuses on knowledge extrac-
tion, not the reasons behind the actions. Mrozinski
et al. (2008) built a corpus of why-questions re-
lated to Wikipedia articles. These were general
knowledge questions with solicited answers from
paid workers. Dependency parsing can be used to
rephrase why-questions into statements with a ‘be-
cause’ prompt to elicit explanations from models
(Nie et al., 2019). PhotoshopQuiA (Dulceanu et al.,
2018) contains questions and answers specifically
about Photoshop.

NarrativeQA (Kočiský et al., 2018) provides a
dataset of 1,567 stories (books and movie scripts)
containing 46,765 wh-questions written and an-
swered by human annotators. Unfortunately, only
9.78% are why-questions, which makes for a small
collection. QuAIL (Rogers et al., 2020) has a small
subset of multiple choice questions pertaining to
causality in user stories. These datasets are tar-
geted at broad abilities of reading comprehension,
not specifically about explaining actions in stories.

Some recent datasets causally connect events
in text, but they do not target answering why-
questions. ATOMIC (Sap et al., 2019) consists
of entries that describe a likely cause/effect of
events. Most notably, ATOMIC is non-contextual
so it is more about general knowledge, not inter-
preting a specific story/context. Perhaps most rel-
evant is GLUCOSE (Mostafazadeh et al., 2020),
a crowdsourced dataset of implicit commonsense
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Dataset Size Domain

NTCIR-6 200 Japanese news
Mrozinski et al. (2008) 695 Wikipedia

PhotoshopQuiA 2,854 Product focused
NarrativeQA 4,573 Books+Movie scripts

Dunietz et al. (2020) 201 Exam questions

Table 1: Previous why-question corpora. Narra-
tiveQA has 46,765 questions of which 4,573 are why-
questions.

knowledge in the form of causal mini-theories
grounded in narrative context. These theories are
semi-structured inference rules. This dataset is not
aimed at answering why-questions, but at creating
direct relationships between events already men-
tioned in the story. They focus on capturing specific
cause-enable type relations. Annotators were given
a very constrained task – they had to select options
from a drop down menu describing inference rules.

Abductive commonsense reasoning tests
whether models can come up with a plausible
explanation to connect a set of events. Bhagavatula
et al. (2020) present ART with two abductive
tasks: 1) given two observations, select one out
of two plausible hypotheses, 2) and generate text
connecting two events. This line of work focuses
on connecting the dots between two events and
does not address explaining why an action was
performed. Our work crucially differs from these
because the answer is often not in the story at all.
StrategyQA (Geva et al., 2021) is a new dataset
focusing on performing better implicit reasoning
for multi-hop question answering tasks.

We summarize the different why-questions cor-
pora in Table 1. None of them represent a large
dataset focused on answering why-questions about
actions in a narrative.

2.2 Human evaluation for NLG tasks

Among language generation tasks, machine transla-
tion has received the most attention in terms of hu-
man evaluation. Qualified crowd workers score out-
put translations given the source or reference text to
calibrate MT systems (Sakaguchi and Van Durme,
2018; Graham et al., 2013, 2014). WMT conducts
annual evaluation of outputs of systems submitted
to the shared task and uses it as one of the primary
metrics (along with BLEU) to rank systems (Bo-
jar et al., 2016, 2017, 2018; Barrault et al., 2019,
2020).

ChatEval (Sedoc et al., 2019) is an evaluation

platform for chatbots. Zellers et al. (2020) present a
leaderboard for their advice generation task. These
platforms incorporate some manual analysis, but
focus on very different tasks. None of their Me-
chanical Turk interfaces can be used for our task.
We were unable to find a consistent interface for
human evaluation of an open-ended question an-
swering task. To address this flaw, we propose a
standard human intelligence task (HIT) evaluation
scheme for our dataset.

3 Dataset Creation

We want to test the abilities of models to understand
the reasoning behind actions in a story. Therefore,
we create a dataset of why questions that ask for
explanations for actions performed in a story. An-
swering these questions requires an understanding
of the events that are explicit in the story as well
as access to implicit common-sense knowledge on
how people use actions as parts of plans to achieve
goals. To cover a wide-range of common situations,
we utilize ROCStories (Mostafazadeh et al., 2016a),
a collection of 45,496 five-sentence commonsense
stories. We also develop a small “hidden” test set
that was only used for the final evaluation using
the CATERS (Mostafazadeh et al., 2016b) subset
of ROCStories.

3.1 Why-Question Generation

Our strategy for creating why questions is simple.
For each action in the narrative, we formulate a why
question by applying simple template-based trans-
formations. We dependency parse each sentence
using SpaCy’s en_core_web_sm model (Honnibal
et al., 2020). We use the generated parse tree to
rephrase the sentence into a question about the ac-
tion described. The generated parse tree is used to
extract the subject, object, and verb. We consider 3
types of sentences and design question templates
accordingly: (1) sentences that have a primary and
auxiliary verb, (2) sentences that only have a pri-
mary verb, and (3) sentences that only contain an
auxiliary verb. For the first, the question template
is: “Why {aux_verb} {subject} {verb} {object}?",
for the second: “Why did {subject} {verb_lemma}
{obj}?", and for the third; “Why {aux_verb} {sub-
ject} {obj}?".

This procedure yielded a little over 113k ques-
tions from ROCStories, and 489 questions from the
CATERS portion. We selected at random 32,165
questions from stories that had at least three ques-
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Split # stories # questions

Train 7558 23964
Dev 944 2992
Test 944 3099

Hidden Test 190 464

Total 9,636 30,519

Table 2: Dataset Statistics

tions1. We ensure that there is no overlap between
the two subsets.

3.2 Collecting Answers

We crowd-sourced answers to these questions us-
ing Amazon Mechanical Turk. Figure 1a shows
the interface used to collect these answers. Annota-
tors were presented a narrative and asked to answer
three why questions in free-form. For each ques-
tion, they were also asked to provide judgments
about the comprehensibility of the question, and
whether the narrative explicitly contained the an-
swer. They also selected the sentences from the
narrative which influenced their answer (if any).
To avoid variability in answer prefixes, we pro-
vide a prompt to start answering the question. We
rephrase the sentence from which the question was
generated to create these prompts. We consider
the same categorisation of sentences described in
subsection 3.1. For sentences that have both pri-
mary and auxiliary verbs, the answer prompt is of
the form: “{subject} {aux_verb} {verb} {object}
because...". When it only contains a primary verb,
it is of the form: “{subject} {verb} {object} be-
cause...". If it only contains an auxiliary verb, it is
of the form: “{subject} {aux_verb} {object} be-
cause...". We found, over several iterations of this
HIT, that providing a prompt gave workers an ini-
tial direction and improved the quality of answers
collected.

We ask three distinct annotators (three-way re-
dundant task) to answer each of these questions.
Annotators are not allowed to copy pieces of text
to make up an answer. We discard questions that
were deemed incomprehensible by any annotator.2

With this process, we obtained 3 answers each

1Since we ask annotators to read an entire story to an-
swer these questions, avoiding stories with fewer questions
optimizes reading time.

2On ROCStories we discarded 1,546 questions and on
CATERS we discarded 25 questions

Story: Sandra got a job at the zoo. She loved
coming to work and seeing all of the animals.
Sandra went to look at the polar bears during her
lunch break. She watched them eat fish and jump
in and out of the water. She took pictures and
shared them with her friends.
Question: Why did Sandra go to look at the polar
bears during her lunch break?
Ans: she wanted to take some pictures of them.

Story: Cam ordered a pizza and took it home. He
opened the box to take out a slice. Cam discov-
ered that the store did not cut the pizza for him.
He looked for his pizza cutter but did not find it.
He had to use his chef knife to cut a slice.
Question: Why did Cam order a pizza?
Ans: Cam was hungry.

Table 3: TellMeWhy examples. The first is answerable
directly from text in the story, but the second requires
external knowledge. We only show one out of three
available answers here.

from 30,055 questions from 9,636 stories (see Ap-
pendix B for more details). Table 2 shows basic
statistics of the dataset. We refer to annotations
from the CATERS data as the hidden test set. Ex-
amples of records in the dataset are presented in
Table 3. The narrative does not explicitly contain an
answer for the second question. We call these types
the implicit-answer questions; they require extra
common-sense inference to produce a plausible an-
swer. Questions are categorised as implicit-answer
if at least 2 out of 3 human annotators indicate
that the answer cannot be explicitly found in the
narrative. The annotators indicated as much and,
based on their commonsense knowledge, provided
plausible answers.

3.3 Validating Answers

To ensure an even higher-quality test set, we con-
ducted another round of crowdsourcing to validate
the answers by the first set of crowd-workers on the
CATERS portion (464 questions). This validation
interface is show in Figure 1b. It also serves as
the base design for our systematized human eval-
uation. Annotators are presented a story, a related
question, and the three answers that were collected
as described in Section 3.2.

Three new annotators then rated two aspects of
each answer:
(1) Grammaticality – Workers are asked to rate
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(a) Task 1: Answer collection (b) Task 2: Answer validation

Figure 1: MTurk interfaces used to curate data from crowd-source workers

the grammaticality of each answer on 5-point Lik-
ert scales, ranging from ‘Strongly Ungrammatical’
to ‘Strongly Grammatical’. An answer is strongly
grammatical if it follows all the rules of English
grammar. It is grammatical if there is a mistake in
tense, number, punctuation or something minor. It
is comprehensible if there are clear grammatical
mistakes but its meaning can be inferred, and it is
then considered to be neutral on the Likert scale.

(2) Validity – Workers are asked to rate the validity
of each answer on a 5-point Likert scale. Given
the story and question, the annotators check if the
given answer ‘is valid and makes sense with the
story’. An answer is considered invalid if it does
not give a plausible reason relevant to the question
asked and instead states irrelevant information.

Annotators agreed (by majority) that 99.07% of
answers are grammatical and 95.47% of answers
are valid. On grammaticality, there is some dis-
agreement in judgment 0.7% of the time, while
there is some disagreement in judgment 1% of
the time for answer validity. We measured the
inter-rater reliability of annotators’ judgments us-
ing weighted Fleiss’s Kappa (Marasini et al., 2016)
and follow the weighting scheme used by Bastan
et al. (2020). This measure has a penalty for each
dissimilar classification based on the distance be-
tween two classes. For instance, if two annotators
classify a document as a positive, the agreement
weight is 1, but if one classifies as a positive, and
the other classifies as slightly positive the agree-

ment weight is less. The weighted agreement score
for this subset is 0.88 for grammaticality annota-
tions and 0.81 for validity annotations, indicating
that the annotations are highly reliable. More de-
tails can be found in Appendix C.2.

4 Dataset Analysis

One of the key distinguishing aspects of answering
why questions is that, in addition to understanding
explicitly stated events, they also require access to
commonsense explanations that may be external to
the narrative. We conduct some analyses to inves-
tigate the prevalence of this phenomenon: (i) We
asked annotators to judge whether the answer to a
question could be found stated explicitly or only
implicitly in the narrative and find that at least two
out of three annotators could not find explicit an-
swers in the story 28.82% of the time. (ii) We also
asked crowd-workers to indicate which sentences
helped them answer the question. Out of 91,557
collected answers, we find that 39,661 answers
were provided without an influential sentence from
the story. (iii) Last, we observe that there is only a
57.04% lexical overlap between the words used in
answers and the original narrative. This suggests
that annotators included new inferred information
in their answers, instead of just copying something
from the story. We calculate lexical overlap as the
number of common tokens in the narrative and the
answer divided by the length of the answer.

We hypothesize that questions about the first
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action in a story are more difficult to answer since
there is no prior information to provide an explicit
answer. We find that 55.03% of such questions
were judged to be implicit-answer questions by a
majority of the assigned annotators. Such questions
help test systems’ ability to infer plausible answers
rather than just copy answers from the text.

We also evaluated the diversity of the answers
for each question using simple lexical overlap. Of
the 30k questions, only 150 questions had over
90% overlap in all 3 answers, i.e., essentially, the
3 distinct annotators wrote the same answer. For
4,243 other questions, two out of three answers
had over 90% overlap. But for the vast majority
of 26,068 questions, we obtained 3 fairly diverse
answers. The average overlap between them is
26.12%. On average, the answers were 7.59 words
long.

Overall, this analysis indicates how TellMeWhy
differs from prior datasets. The answers cannot
always be retrieved or connected to other events in
the given text.

5 Benchmarking

How well do large language models answer why
questions on narratives and what are their failure
modes? To answer these, we use TellMeWhy to
benchmark the performance of multiple state-of-
the-art models and provide an analysis of their per-
formance.

Formally, given a story S as context and a related
why-question Q, models are required to generate
a plausible answer A for the question. Since the
answers are open-ended texts we compare them on
standard automatic evaluation metrics for genera-
tion but also conduct a human evaluation.

5.1 QA Models

GPT-2 (Radford et al., 2019) is a large transformer-
based language model trained on an enormous web
corpus, which has been shown to be effective on
a wide-range of language related tasks including
question answering. It was one of the first mod-
els trained on diverse data to outperform domain-
specific language models.

We used Huggingface (Wolf et al., 2020) to fine-
tune a pretrained GPT-2 model on TellMeWhy. As
input, the model receives a concatenation of the
narrative and the related question (in that order),
and the target is the answer. The input and target
are separated using the ‘[SEP]’ token. We finetune

the model with batch size 16, learning rate 1e-5 and
maximum output length 25. The model is trained
until the dev loss fails to improve for 3 iterations.
T5 (Raffel et al., 2020) is an encoder-decoder
model pre-trained on a mixture of unsupervised
and supervised tasks in a multi-task setting, where
each task is converted into a text-to-text format.
It is a text-to-text model, which means it can be
trained on arbitrary tasks involving textual input
and output. T5 has achieved the state of the art on
many natural language understanding (NLU) tasks.
More details about hyperparameter sweeps can be
found in Appendix A.

We finetuned a pretrained T5-base model from
HuggingFace (Wolf et al., 2020) on TellMeWhy.
Since it is a natural language generation task related
to a story, we use the SQuAD format specified in
Appendix D.15 of Raffel et al. (2020) to format
our inputs. Our narrative serves as the ‘context’
and the why-question is used as the ‘question’ in
the selected input format. We train the model with
batch size 16, learning rate 5e-5, maximum source
length 75 and maximum answer length 30. The
model is trained until the dev loss fails to improve
for 3 iterations.
UnifiedQA (Khashabi et al., 2020) is a single pre-
trained model that performs well across 20 different
question answering datasets. It is built on top of a
T5 model and simplifies finetuning by unifying the
various formats used by T5. Its ability to perform
both extractive and abstractive QA tasks makes it
a suitable candidate for calibrating this task. A
pretrained version of this model is available via
HuggingFace (Wolf et al., 2020) under the name
“allenai/unifiedqa-t5-base". The input format for
this model is simple, just requiring the question and
the narrative to be separated by a newline symbol.
We train this model using learning rate 1e-5 (same
as the original paper) and retain other hyperparam-
eters from finetuning T5 as described above.

5.2 Automatic Evaluation

We evaluate all of the above models on both the
test set and the hidden test set (questions from
CATERS data). For automatic evaluation, we re-
port BLEU (Papineni et al., 2002), ROUGE-L (Lin,
2004), BLEURT (Sellam et al., 2020) scores us-
ing the bluert-base-128 checkpoint, and BertScore
(Zhang* et al., 2020) using the default roberta-large
checkpoint. These numbers are presented in Ta-
ble 4.
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Evaluated on Model BLEU RG-L F1 BLEURT BertScore

Full Test Set

GPT-2-OO 0.04 0.07 -1.30 0.08
GPT2-FT 1.3 0.13 -0.96 0.11

T5-OO 5.67 0.13 -1.20 0.14
T5-FT 13.33 0.24 -0.70 0.34

UnifiedQA 13.03 0.25 -0.71 0.30

Implicit-Answer Qs
in Test Set

GPT-2-OO 0.07 0.06 -1.30 0.05
GPT2-FT 1.39 0.12 -1.02 0.09

T5-OO 3.12 0.11 -1.24 0.12
T5-FT 7.27 0.17 -0.89 0.27

UnifiedQA 6.63 0.18 -0.89 0.24

Table 4: Performance of models on the full test set and on implicit-answer questions in the test set using automated
metrics. RG-L denotes ROUGE-L. The OO suffix denotes the vanilla version of the model while the FT version
denotes the finetuned version.

We select one human answer at a time and (us-
ing SacreBLEU (Post, 2018)) calculate the BLEU
scores for model output with all three references,
and select the maximum. Since BLEURT is a
sentence level metric, to calculate the reported
BLEURT, we average all the (output, reference)
scores to obtain a corpus score for each reference.
We then select the maximum BLEURT corpus
score over all 3 human references. It is important to
note that BLEURT was proposed as a metric for rel-
ative comparison, not absolute calibration. We also
report BertScore F13 (Zhang* et al., 2020) as an-
other semantic automatic evaluation metric. We re-
port a max BertScore in the same way as BLEURT
and BLEU: by taking the maximum score of the
model output with each human answer taken one
at a time.

Vanilla model results are obtained by loading an
existing pretrained model from HuggingFace and
running inference with the input formats described
above. They are not trained on TellMeWhy. We
see that vanilla pretrained models are unable to per-
form this task at all. Finetuning a pretrained model
results in improvements since it better models the
relationship between the story, the question, and
a possible answer. On the full test set, both the
finetuned T5 and the UnifiedQA model perform
the best on our task. However, the overall perfor-
mance of these models remains poor. In Table 4,
we also see that models perform a lot worse on
implicit-answer questions.

3idf and rescale_with_baseline flags are set to True.

5.3 Human Evaluation

For open-ended text generation tasks like answer-
ing why-questions, the absence of an automatic
evaluation that correlates well with human judg-
ments is a major challenge (Chen et al., 2019; Ma
et al., 2019; Caglayan et al., 2020; Howcroft et al.,
2020).

We conduct a human evaluation on the hidden
test set with a standardized interface to compare
different models. We want to measure whether a
model produces coherent and grammatical output
and more importantly, whether the produced output
is a valid answer for the given question. Our valida-
tion HIT subsection 3.3 showed a way to conduct
human evaluation of answers provided by other
crowd-workers. We modified this HIT design to
evaluate generated answers from models. For a
given question, we present just one answer from
a single model and then ask the crowd-workers to
assess its grammaticality and validity.

For each story, question, and a model’s answer,
we ask 3 distinct annotators to provide judgments
about grammaticality and validity. This serves as
the human evaluation interface for our task. A
sample HIT can be seen in Figure 1b.

We perform human evaluation of the fine-tuned
versions of T5 and UnifiedQA, the two models
that performed the best on automatic metrics. We
evaluate the outputs of these models on the hidden
test set. We calculated inter-annotator agreement
for these judgments using the method described
in subsection 3.3, and they were >80%, indicat-
ing high agreement. The models mostly produce
grammatical answers, but fail to adequately ex-
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Figure 2: Human evaluated performance of answers.
The IA prefix denotes performance on implicit-answer
questions in the data.

plain many actions in the story. Figure 2 shows
that, under human evaluation, models significantly
under-perform humans at producing valid answers
to why-questions. Models fare worse when the an-
swers to the questions are external to the narrative.

Human evaluation is slow and expensive, so we
performed a correlation analysis between the au-
tomated metrics and human judgments to gauge
usefulness of popular automated metrics. Fig-
ure 3 shows that the embedding-based metrics are
only weakly correlated with human validity judg-
ments, while lexical metrics did even worse. None
of the automatic metrics show a strong correla-
tion, confirming our earlier assertion that human
evaluation is the most appropriate way to analyze
model performance on this open-ended generation
task. BertScore has at least a moderate correla-
tion with human validity judgments, and is there-
fore arguably the most useful for rapidly evaluating
models during development. BLEU and BertScore
improve their correlation with human judgments
slightly as the number of human reference answers
is increased; however, the increase is somewhat
disappointing. Inexplicably, BLEURT’s correla-
tion actually decreases slightly with increasing hu-
man references, raising additional questions with
respect to utilizing this metric. One possibility is
that, by using an increasing number of references
and taking the maximum score, BLEURT might
overestimate the quality of answers as compared to
human judgments.

Our human judgment interface can serve as a
standard human evaluation of any future model’s
performance on our dataset, and we will make code
available for automatically generating HITs for
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Figure 3: Correlation of automatic metrics with human
validity judgment of model outputs. For each question,
we have 3 crowdsourced human answers available to
us. We selected a number of human answers randomly
(X-axis) and calculated scores for each model output
across different automatic metrics. Finally, we ob-
tained Spearman’s correlation (Y-axis) of these scores
in comparison with Likert judgments provided by an-
notators for each human answer.

evaluating the outputs of any model. This stan-
dardized evaluation approach is similar in spirit to
GENIE (Khashabi et al., 2021), a contemporary
work that also presents an evaluation framework
for a large set of generation tasks.

5.4 Analysis

In order to better understand when models are gen-
erating valid answers, we analyzed the correlation
between model performance and a proxy for check-
ing when human provided answers were in the in-
put narrative. To this end, we aligned ROUGE F-1
scores with the lexical overlap of human answers
and the story text. Figure 4a shows how ROUGE
F-1 scores for our models increases as the lexical
overlap also increases between the answers and
corresponding story. The same is presented for
BLEU in Figure 4b. Perhaps not surprisingly, this
empirically shows that models do best when the
answer is in the text, and suffer greatly when it
is not (implicit answers). This further illustrates
the value of TellMeWhy, as well as its challenge,
that standard models are largely incapable of per-
forming the reasoning needed to produce plausible
answers that are assumed common knowledge by
the story writer.

Table 5 also shows that the best performing
models mainly learnt to copy complete or parts
from the narrative to generate answers, treating this
largely as an extractive task. On average, more than
three-fourths of T5 and UnifiedQA’s answers are
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(a) ROUGE F-1 trend

(b) BLEU trend

Figure 4: Model performance on different metrics with
change in lexical overlap between a question’s answers
(as provided by humans) and the related narrative.

System Copied ans Avg overlap

Vanilla GPT2 0% 23.09%
Finetuned GPT2 0% 28.94%

Vanilla T5 5.50% 53.71%
Finetuned T5 59.44% 85.91%
UnifiedQA 27.44% 76.51%

Human Answers 35.03% 57.04%

Table 5: Overlap between answers and the original nar-
rative. This indicate how much original text models
produce.

based on words in the narrative text. T5 is worse
compared to UnifiedQA in terms of copying, with
a much larger fraction of questions (59.44% vs
27.44) with high lexical overlap (i.e. lexical over-
lap > 90%). In comparison, the average narrative
overlap for human answers is much lower than the
best-performing models, since people are able to
infer answers that are not in the text. If the mod-
els are to successfully answer why questions, they
need to look beyond copying texts.

6 Conclusion

This paper introduces a large, novel QA dataset,
TellMeWhy, containing questions about why char-
acters in a narrative perform their depicted actions.
This challenge problem complements the variety
of existing QA datasets, addressing the scarcity of
“why” questions. Using both automated metrics
and human evaluation, we show that existing deep-
learned language models perform quite poorly at
answering such questions. We also illustrate the
uniqueness of this challenge where the answer is
sometimes in the story itself, but often not, thus
requiring a richer model that can draw on common-
sense knowledge or external reasoning abilities.

We believe that progress on answering such ques-
tions requires new systems that can reason about ac-
tions, plans, and goals in order to achieve a deeper
understanding of narrative text, as was initially ar-
gued over four decades ago (Schank and Abelson,
1977). We hope that TellMeWhy encourages fur-
ther research in this area.
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A Hyperparameter Sweep

We describe the hyperparameters and the range
of values we experimented with. The best hyper-
parameters are chosen on the basis of model loss
on the validation set. For both GPT-2 (Radford
et al., 2019) and T5 (Raffel et al., 2020), we con-
duct guided sweeps for learning rate, batch size
and epochs. We experiment with 1e-5, 5e-5 and
1e-4 for learning rate. Batch sizes of 8, 16 and
32 were tried. Models were trained for 20, 30 and
50 epochs, and we found that models converged
between 30 and 50 epochs. In the case of T5, we
also experiment with different lengths of inputs and
target outputs. We trained models with maximum
source lengths of 50, 60 and 75 tokens. For target
length, we experimented with 15, 25 and 30 tokens.
The maximum output length is treated as a hyper-
parameter for GPT-2, and we tried 15, 20, 25 and
30 tokens.

B Dataset Creation

The method described in subsection 3.1 creates
489 questions from the 200 stories in the CATERS
dataset – 36 stories with 1 question, 63 with 2,
59 with 3, 30 with 4, and 6 with 5. We collect
3 human answers for all questions. For ROCSto-
ries, this creates 113,213 questions from 45,496
stories – 7,555 stories with 1 question, 13,431 with
2, 13,349 with 3, 7356 with 4, and 1865 with 5. We
randomly select 32,165 questions from stories with
3 or 5 questions, for ease and efficiency of collect-
ing annotations. This is the smallest number for
which we could gather 3 answers for at least 30,000
questions, which is a reasonable-sized dataset for
training or fine-tuning large NLP models.

C Mechanical Turk tasks

C.1 Instructions

We present the instructions given to annotators for
both the tasks in Figure 5. Annotators were given
clear direction for both tasks. We restricted both
tasks to master turkers. The second task (answer
validity) was also used a sanity check for answers
collected in the first task (answer collection). Using
results of the answer validity task (mentioned in
subsection 3.3), we see that humans provided high
quality answers in the answer curation task.

C.2 Inter-annotator agreement
We use weighted Fleiss Kappa to calculate inter-
rater reliability. The weights between different
classes are shown in Table 6 where negative,
slightly negative, neutral, slightly positive, and pos-
itive classes are shown with -2, -1, 0, 1, and 2. We
follow the setup used in Bastan et al. (2020) for a
similar multi-class labeling task.

-2 -1 0 1 2

-2 1 cos π/8 cos π/4 cos 3π/8 0
-1 cos π/8 1 cos π/8 cos π/4 cos 3π/8
0 cos π/4 cos π/8 1 cos π/8 cos π/4
1 cos 3π/8 cos π/4 cos π/8 1 cos π/8
2 0 cos 3π/8 cos π/4 cos π/8 1

Table 6: Inter class weights used for computing inter
annotated agreement
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(a) Instructions for answer collection task

(b) Instructions for answer validation task

Figure 5: Instructions for MTurk tasks
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Abstract

Much of NLP research has focused on crowd-
sourced static datasets and the supervised
learning paradigm of training once and then
evaluating test performance. As argued in
de Vries et al. (2020), crowdsourced data has
the issues of lack of naturalness and relevance
to real-world use cases, while the static dataset
paradigm does not allow for a model to learn
from its experiences of using language (Silver
et al., 2013). In contrast, one might hope for
machine learning systems that become more
useful as they interact with people. In this
work, we build and deploy a role-playing
game, whereby human players converse with
learning agents situated in an open-domain
fantasy world. We show that by training mod-
els on the conversations they have with hu-
mans in the game the models progressively im-
prove, as measured by automatic metrics and
online engagement scores. This learning is
shown to be more efficient than crowdsourced
data when applied to conversations with real
users, as well as being far cheaper to collect.

1 Introduction

Humans learn to use language over the course of
their lives from the interactions they have with
the world and other people. Yet, the prevailing
dominant paradigm in natural language process-
ing (NLP) research is to build a fixed dataset from
which to train a model and then freeze it, without
any ability for the model to interact with humans us-
ing language at training time at all. While we need
such interaction in order to study human-machine
communication to its full extent, constraints usu-
ally inhibit such research. Firstly, conducting such
experiments can be costly. Many datasets in NLP
are collected with crowdsourcing, whereby one
pays the crowdworkers to perform interaction and

∗* Equal Contribution.

annotation tasks. This leads to several issues, not
least that research budgets for paying crowdwork-
ers mean that data will have a limit. Secondly, as
crowdworkers are motivated by pay, not by interest
in the tasks themselves, the data distribution may
not match the desired one (de Vries et al., 2020).

In this work we study the ability of dialogue
agents in an open world1 to iteratively learn from
conversations with intrinsically motivated humans.
In order to engage humans at scale, we build and de-
ploy a (free to play) game with a purpose (Von Ahn,
2006) whereby human players role-play characters
and converse with other characters (that are our
learning models) situated within the game world.
We choose a rich fantasy game world, in order
to maximize engagement. Our system iterates be-
tween collecting data of human-model interactions,
retraining updated models on the newly collected
data, and redeploying them. Simultaneously, it
provides a natural metric to evaluate and compare
models online using human continue rates (that is,
how long human players continue playing).

We show that we can successfully collect, retrain
and redeploy models, starting from a crowdsourced
base model, that improve both offline automatic
metrics and human continue rates. Our overall sys-
tem is then engaging enough that we can collect
data at a rate that is 1/5th of the price per utterance
of crowdsourcing, where the cost of our method is
the cost of advertisements that make players aware
of the game. Moreover, the data we collect is also
more effective per utterance at improving continue
rates due to being more on-distribution than crowd-
sourced data. As our models improve, these rates
improve as well, as the continuation rate increases

1In this work we study dialogue that can be about any topic
but within the scope of a fantasy game world. Note this differs
from open-domain dialogue talking about our world, e.g. the
game players can talk about the sauce recipe from Bredwell
across the sea (see Fig. 1), but not about the pizza in Chicago.
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– meaning relatively more data is collected. Over-
all, our work provides good evidence that lifelong
dialogue learning in deployed systems with intrinsi-
cally motivated humans (rather than crowdworkers)
can be successful, in particular by embedding such
learning within games.

The training code and parameters of the models
deployed, and the data collected in this work will
be made publicly available for reproducibility and
further research by the community.

2 Related Work

Open-Domain Dialogue Dialogue in the open-
domain (chitchat) setting, which involves chat
about any topic, rather than a specific goal-directed
topic, is commonly studied in the train/valid/test
static dataset paradigm utilizing supervised learn-
ing. A number of crowdsourced or scraped datasets
have been developed to that end, including Daily
Dialogue (Li et al., 2017), PersonaChat (Zhang
et al., 2018), Empathetic Dialogues (Rashkin et al.,
2019) and Wizard of Wikipedia (Dinan et al.,
2019b); see Huang et al. (2020) for a review.

LIGHT In this work we specifically focus on di-
alogue setting of LIGHT (Urbanek et al., 2019).
LIGHT focuses on situated characters playing char-
acter roles that can chat about any topic, within the
context of a medieval fantasy world. This setting is
known to be engaging for human role-players, and
also alleviates some safety concerns in that the role-
playing means they should not divulge personally
identifying information. The authors crowdsourced
a dialogue dataset consisting of 8.5k episodes and
111k utterances, which they publicly released. We
refer to this as LIGHT MTurk data, or LIGHT data
for short, in the rest of this paper. In this work we
utilize this data to build a deployed system whereby
players can converse with models, and we can study
lifelong learning with these models using the infor-
mation in these new conversations.

Lifelong Learning Lifelong learning is a ma-
chine learning paradigm whereby deployed models
can interact with the world and iteratively improve
themselves from the things they learn, eschewing
the standard approach of a fixed training set from
which a model is trained once (Silver et al., 2013).
We note there are other closely related concepts to
the topics in this work, such as incremental learn-
ing (Castro et al., 2018), continual reinforcement
learning (Ring, 1994) and never-ending learning

(Carlson et al., 2010; Mitchell et al., 2018).

Interactive Dialogue Learning Learning from
dialogue interaction is common in reinforcement
learning settings, where the feedback is a scalar
rather than solely the dialogue messages them-
selves (Levin et al., 2000; Schatzmann et al., 2006;
Rieser and Lemon, 2011; Liu and Lane, 2017; Ser-
ban et al., 2017), which is most common in a goal-
oriented setting where completion of the goal can
provide such rewards, but not so in chitchat settings
(Roller et al., 2020), which do not have rewards.

Closer to our work, is the self-feeding chatbot
(Hancock et al., 2019), where dialogue models
were used to collect data to improve themselves
via crowdsourcing utilizing the PersonaChat task.
Related approaches have also been applied to the
cases of question answering (Li et al., 2016a,b),
and in simulators (Mazumder et al., 2019; Nguyen
and Daumé III, 2019) as well. Liu et al. (2018)
applied such an approach to goal-oriented tasks.
Our work differs from these works in that we study
a deployed user-facing system in an open-ended
game environment, rather than more limited data
from paid crowdworkers. For other related works
see Padmakumar and Mooney (2020).

Deployed Dialogue Systems While there are a
number of deployed virtual assistants, many of
these products are not ideal platforms for the re-
search community. Their proprietary nature and
commercial importance, coupled with privacy con-
cerns, means they are neither accessible to re-
searchers, nor amenable to public reproducible re-
search. A near-exception is the Alexa challenge
(Ram et al., 2018) which allows university-based
researchers access to a commercial user-base for
the span of the competition, however, the data and
models are also not released to the rest of the re-
search community, unlike in our work.

3 Dialogue as a role-playing game

In this section we describe the game that we will
build and deploy, which is a role-playing game,
designed to both train and evaluate dialogue agents.

Core Mini-Game The core game involves pair-
ing two agents in a given setting – where one is a
human player and the other is a dialogue agent with
an underlying machine learning model. The two
players are assigned characters, with given names
and backstories (personas), and their current loca-
tion and its description. See Figure 1 for examples.
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Figure 1: Example collected dialogues from humans role-playing in our deployed system, conversing with mod-
els. (Left) a conversation complete with described location and player persona; (Right) excerpts from two other
conversations (out of 41,131 collected) to demonstrate the diversity of the dialogue in the fantasy game world.

Each player’s goal is to act out (role-play) their
character’s dialogue in the given situation. We re-
fer to one such dialogue episode as a mini-game.
Dialogue in the game is in English.

Role-Playing (Acting) Score We take advantage
that role-playing is a pursuit that a large number of
human players find fun (Horsfall and Oikonomou,
2011), and are hence naturally engaged in the open-
ended nature of this process. However, to encour-
age and further motivate players to play their char-
acters well, we introduce the concept of an (auto-
mated) dungeon master (DM), who will assess the
quality of the player’s role-playing. For each dia-
logue turn, we apply a learned model to the human
player’s dialogue, which assesses how likely their
utterance is given the context. We convert this to
a score, between 1 and 5 stars, that is presented to
the human player, to reward them for good acting.
While this signal is noisy, because our DM model
is not perfect, it gives motivating feedback to the
players to continue playing.

Game Loop Each dialogue (mini-game) consists
of 6 turns of dialogue per agent (12 total). At the
end of the mini-game the human player is presented
with four choices: (i) choose to move to a new loca-
tion, where they will continue to play this character,
but meet a new character to converse with; (ii) stay
in the same room but wait for a new character to
arrive to converse with; (iii) change to role-play a
completely new pair of characters in a new setting;
or (iv) end the game. These choices encourage the
player to choose another mini-game that they are
most interested in, and the variety of mini-games
gives different role-playing possibilities, making
the dialogue data more diverse. Further details of
the game are described in Appendix A.

Deployment and Advertising We deployed the
game using Facebook Messenger on CPU-only
servers, and used the publicly-available ad flow
to advertise on Facebook. The target audience for
our ads were people with interests in online gaming,
role playing, and role playing games in particular.
We also used lookalike audiences to those who en-
gaged with the game. We ran ads like that shown
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in Figure 4 with a call-to-action for people to try
out the game.

4 Lifelong Dialogue Learning

4.1 Models

Retrieval Models All the models we have cur-
rently deployed are retrieval models for safety rea-
sons as we can vet each possible response by fil-
tering the train set candidates (see Appendix A).
In particular, we use the Poly-Encoder (PE) Trans-
former architecture as a base (Humeau et al., 2019),
as it provides state of the art results compared to
other retrieval models, whilst being tractable to
deploy. PE encodes the context with a standard
bidirectional transformer, but produces an encod-
ing into a fixed small number of codes,N . We tried
values ofN = 5 andN = 20. Each label candidate
then attends to these codes before producing a final
matching score. The model is trained with cross-
entropy given the correct label, and by subsampling
negative examples from the given training batch.

Architecture and Training Choices We employ
the 90M and 622M parameter models from (Roller
et al., 2020) that have been pre-trained on 1.5B
training examples from pushshift.io Reddit, which
we then fine-tune. We also consider two other en-
hancements, chosen to mitigate problems that we
observed with the models: (i) negative context train-
ing, whereby negatives are also selected from the
immediate dialogue history as well as the batch
which can help reduce a model’s tendency to repeat
itself (Holtzman et al., 2019; Welleck et al., 2020);
and (ii) decoding control (See et al., 2019) whereby
at decoding time responses are rescaled before scor-
ing based on their specificity (normalized inverse
document frequency). The latter can control the
genericness of the responses, which is known to
affect human judgments.

Generative Models In addition to the deployed
models, we also train and evaluate generative mod-
els offline, where safety concerns are less important
as the models are not user-facing. We employ an
encoder-decoder Transformer architecture using
the state of the art pre-trained 2.7 billion parameter
BlenderBot model (Roller et al., 2020), which we
fine-tune on our task.

Acting Score Model We can apply a retrieval
model to also score the human’s role-playing abili-
ties. In this case, the context is the entire dialogue

history, setting and the player’s character persona
as input to the encoder, while the candidates to
score are the ones from the training set, as usual,
plus additionally the human’s (player’s) actual re-
sponse. The score given to the user is then propor-
tional to the human response’s rank amongst all the
candidates2.

4.2 Iterative Data Collection and Training

After collecting a certain amount of episodes of
conversational data between humans and models,
one can consider using this data for training. We
utilize the following observation: while the model
utterances may contain many mistakes, it is as-
sumed that a human sufficiently engaged provides
high quality responses, even if the model responses
are mistakes, and can thus be treated as gold, and
used as a fully supervised signal. We thus separate
the dialogue data into all possible (context, next
utterance) pairs, and then only consider the pairs
with human next utterances as training data. We
also compare this to further filtering this set by
scoring the quality of the human utterances, dis-
carding those episodes (mini-games) with lower
quality. We use the acting score model previously
described for this purpose, summing the scores
obtained across an episode, and discarding the
episode if this value is less than C, where C is
a hyperparameter tuned on the validation set.

After training our model from a given round of
collection, we can go back to the collection pro-
cess utilizing instead the new model that has been
trained on more data. The hypothesis is that the
higher quality the model is: (i) the higher quality
the human data will be as well; and (ii) the more
likely the human players are to converse longer,
increasing the data set size by larger amounts.

4.3 Deployment-based Evaluation

Apart from the collection-training cycle of our de-
ployed lifelong learning setup, one can also in par-
allel perform evaluation. For each separate mini-
game (episode of dialogue) we can potentially de-
ploy a different model for human-model conversa-
tion. We maintain a pool of models with differing
architectures or hyperparameters, and select ran-
domly from the pool in each episode. For any
given episode we record whether the player contin-
ued playing to the next mini-game or not, which

2The player is awarded 2 stars if their response is in the
top 2000, 3 stars in the top 1000, and 4 stars in the top 100.
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we refer to as the continue rate. We can measure
the quality of a model using its averaged continue
rate over all players and episodes. In this way we
can also perform model selection online.

5 Experiments

5.1 Rounds of Learning

We performed three rounds of our lifelong learning
setup.

Round 1 consists of models trained on LIGHT
MTurk data only. We train the retrieval model
variants described in Section 4.1, and deploy them
within the game.

Round 2 consists of models trained on LIGHT
MTurk data + 50,982 examples collected from the
deployment of the Round 1 models, and again de-
ploy these within the game.

Round 3 consists of models trained on LIGHT
MTurk data + 50,982 examples from Round 1 de-
ployment + an additional 180,010 examples col-
lected from Round 2 deployment.

5.2 Data Collection

While our setup is a lifelong learning setup and
the models are still currently deployed and collect-
ing data, for this paper we froze the collection at a
given point in order to provide a data release and
provide experimental results. The data statistics
for the total newly collected dataset, called LIGHT
WILD, over all rounds is shown in Table 1. Valida-
tion and test sets were extracted from a portion of
the data3 from Round 2.

Table 2 compares this dataset to several existing
commonly used open-domain dialogue datasets.
The number of episodes and dialogue utterances is
larger than many existing datasets, e.g. four times
as many as LIGHT MTurk, and almost eight times
that of Empathetic Dialog. Uniquely, our dataset
contains human-model conversations, hence the to-
tal number of human utterances is actually half of
the utterances, which is still twice as large as the
number in LIGHT MTurk. Our dataset also has
a large degree of diversity, which is important for
tasks in general, and especially for open-domain
dialogue. The number of unique locations and roles
that can be played by speakers (characters) is large

3For validation and test we only use complete conversa-
tions, and where the player scored ≥ 9 stars, to build higher
quality evaluation sets.

(587 and 630, respectively). The number of play-
ers of the game at the time of freezing was over
13,000, which also makes the diversity far larger
than typical crowdsourced datasets, e.g. LIGHT
MTurk involved 1,052 crowdworkers and Empa-
thetic Dialog involved 810 crowdworkers. Finally,
the number of unique tokens is larger in LIGHT
WILD, indicating its diversity of language.

5.3 Analysis of Results
5.3.1 Performance by Round
While we only deployed retrieval models, we report
experiments training both retrieval models and gen-
erative models on the data from the three rounds,
selecting best hyperparameters using the validation
set. We report the performance on three different
test sets: LIGHT (MTurk) Seen and Unseen test
sets (Urbanek et al., 2019), where unseen means
that the test locations do not overlap with the train-
ing set locations, and our WILD test set. The results
are given in Table 3. They show a steady increase in
the Hits@1/20 metric (Top 1 accuracy given 19 ran-
dom distractors) for the retrieval models over the
rounds on all three test sets, and a similar decrease
in perplexity (PPL) for the generative models. In
particular there is a large jump in the performance
on the WILD Test set between Rounds 1 and 2
as the training set switches from crowdsourced to
in-distribution WILD data, and a further increase
in Round 3 as more data is again collected and re-
trained on. While our WILD data is of a different
distribution to the two LIGHT (MTurk) test sets,
the data collection from our lifelong learning setup
still gives gains on those tests as well. Our reported
numbers, as far as we are aware, are the best re-
ported numbers on these datasets, e.g. the original
LIGHT paper reports 76.5% and 70.5% for the
Seen and Unseen test sets, respectively (compared
to our 87.72% and 83.48%). Overall, we see clear
gains from the extra data collected in our setup.

5.3.2 Lifelong Learning Curves
We construct learning curves given all the collected
data to analyze the performance gain per new train-
ing example. We plot Hits@1/20 accuracy on the
WILD validation set against the number of training
examples, comparing data from WILD collection
to LIGHT (Mturk). We also consider a 50/50 mix,
where we equally sample from LIGHT MTurk and
WILD to provide the next training example.

Figure 2 (left) shows the results. We observe
that on a per-example basis our WILD data gives

615



Data Type Num. Epsiodes Num. Utterances Num. Human Utterances Unique Locations Unique Characters

Training 41,131 461, 984 230,992 587 630
Validation 500 5,936 2,968 231 463
Test 1000 11,822 5,911 296 569

Table 1: Data statistics of our lifelong learning deployment at the point where we froze collection for experiments
reported within the paper and subsequent data release.

Num. Num. Num. Human Unique Avg. Human Number of
Dataset Episodes Utterances Utterances Tokens Utt. Length Humans

PersonaChat (Zhang et al., 2018) 8,939 131,438 131,438 18,688 11.9 UNKNOWN

Wiz. of Wikipedia (Dinan et al., 2019b) 18,430 166,787 166,787 52,490 19.7 UNKNOWN

Empathetic Dialog (Rashkin et al., 2019) 24,850 64,636 64,636 19,458 15.3 810
Daily Dialog (Li et al., 2017) 22,236 87,170 87,170 20,673 14.5 UNKNOWN

LIGHT MTurk (Urbanek et al., 2019) 8,538 110,877 110,877 33,789 18.3 1,052
LIGHT WILD (this paper) 41,131 461,984 230,992 47,526 11.9 13,188

Table 2: Comparison of statistics of the dialogue data collected during deployment (bottom row) compared to sev-
eral existing (mostly crowdsourced) datasets. Our data is around twice as large in terms of human utterances than
these datasets, and 4x as large in terms of dialogue utterances (as our data consists of human-model conversations),
while the cost to collect our data was only 1/5

th of the price per utterance of LIGHT MTurk, see Sec. 5.3.3.

more accuracy gains than LIGHT MTurk data, e.g.
83.59% for WILD compared to 80.63% for LIGHT,
when limiting WILD to the same training set size
as the total size of LIGHT. As the WILD dataset
is more than twice as large this monotonically im-
proves further, up to 85.95% using all of the WILD
data. We observe that the improvements have not
saturated and that further lifelong learning will
bring further model improvements. Combining the
two data sources, as shown in the LIGHT+WILD
plot, brings yet further gains, up to 87.2%. Over-
all, our collected WILD data has high quality as a
learning signal for training models.

5.3.3 Cost Learning Curves

We plot similar learning curves, but as a function
of the cost to collect the data instead of the number
of training examples instead, see Figure 2 (right).
Although we do not pay players to play the game,
we did spend money to advertise the game online
in order to attract players. We compare the cost per
WILD example relatively to the cost per LIGHT
(MTurk) example, where the x-axis is scaled in
units that are multiples of the cost required to
achieve 80.63% using WILD data (as this is the
performance of using all the LIGHT MTurk data
together). We observe that it costs over 8x more to
achieve the same accuracy using LIGHT (MTurk)
data (see dashed horizontal line). The actual cost
per utterance of WILD data is around 1/5th of the

price of LIGHT MTurk data4, but more than that,
it is also relatively more effective per utterance in
terms of metrics. For the same amount spent there
is a large gap between the two systems, for exam-
ple using all the WILD data gives a performance
of 85.95%, whereas for the same spend LIGHT
MTurk only achieves ∼77.5%. Overall, WILD de-
ployment is relatively a very cost effective strategy.

5.3.4 Deployment-based Evaluation

Our lifelong learning setup deploys multiple mod-
els (see Sec. 4.3) at the same time randomly as-
signing them to concurrent users per episode (mini-
game). We can thus directly compare the quality
of models via their continue rate.

Continue rates during Round 2 of collection com-
paring several model variants are given in Table
4. Continue rates are in the range of 68%-75%,
depending on the model, and we observe some
clear trends. Most importantly, LIGHT+WILD
trained models are superior to LIGHT only trained
models, showing that our deployment/train cycle
produces better models as judged by humans. Sec-
ondly, other factors in model design are important
too, and our setup can effectively evaluate those. In
particular, it was found that both our negative con-
text training and decoding control enhancements
(see Sec. 4.1) improve the continue rate, with both

4This is the cost of the 462k WILD utterances starting
from a crowdsourced model base trained on 111k LIGHT ut-
terances giving 573k utterances in total (see §5.1), comparing
to collecting an additional 462k examples via crowdsourcing.
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Retrieval Model (Hits@1/20 ⇑) Generative Model (PPL ⇓)
Model LIGHT Test LIGHT Test Unseen WILD Test LIGHT Test LIGHT Test Unseen WILD Test

Round 1 87.12 82.43 81.61 12.67 11.81 13.42
Round 2 87.65 82.70 84.60 12.57 11.74 12.31
Round 3 87.72 83.48 87.63 12.54 11.75 11.79

Table 3: Three rounds of training in our lifelong dialogue learning setup. Both retrieval and generative models
trained on the data from the three rounds improve across both metrics on all three test sets.

Figure 2: Hits@1/20 Accuracy on the LIGHT WILD validation set as a function of the number of training examples
(left) or the cost of data collection (right). The cost axis is in units scaled by the cost of LIGHT WILD collection
required to achieve the same performance as using the entire LIGHT MTurk dataset; it is more than 8× cheaper
to use LIGHT WILD examples than LIGHT MTurk examples to achieve an accuracy of 80.63%. We also show
performance for models which equally sample data from LIGHT MTurk+WILD datasets for training; utilizing
all the data from both sources yields the best performance. However, LIGHT WILD data gives better accuracy
improvements per training example (left plot).

Data Neg.Ctxt Dec.Ctrl Continue Rate

LIGHT yes no 72.2± 1.9%
LIGHT yes yes 74.1± 2.0%
LIGHT+WILD yes no 73.6± 1.8%
LIGHT+WILD yes yes 75.2± 2.0%

Table 4: Deployment-based Evaluation, comparing sev-
eral metrics on data collected during Round 2 of collec-
tion for 90M PE models.

Model variation ∆ Continue Rate

+ WILD train data (Round 2) +1.3± 0.7%
90M→ 622M parameters PE −3.2± 0.7%
+ Negative context training +2.6± 1.3%
+ Decoding control +2.5± 1.1%

Table 5: Deployment-based Evaluation: changes in
continue rates for various model variants.

methods used together improving more. We con-
firm these conclusions in Table 5 where we show
the change in continue rates when independently
adjusting one of these factors, by averaging over
model continue rates for other factors of variation.

We also observe the unexpected result that the
larger models perform worse than the small models

across the board on continue rates. Deeper analysis
given in appendix D suggests that while the larger
model makes less mistakes, it is more often seen as
boring, which impacts a player’s desire to continue
playing. Understanding and controlling this trade-
off should be studied further.

5.3.5 Data Quality

Not every player is as engaged in the game as every
other player, or produces as high quality dialogue.
We hypothesize that we can predict which players
produce higher quality data via the acting score
model (Sec. 4.1), and that such higher quality data
is relatively better for training models.

Figure 3 (right) shows the distribution over the
WILD training set of predicted quality using the act-
ing score model. We observe 83.7% of the episodes
have a score above the minimum value of 6 (there
are 6 turns, and on each turn a score between 1-
4 is awarded, explaining the spike at the value of
6). Scores below 6 indicate incomplete dialogues,
which only account for 4.0% of the data.

To assess whether these scores are indeed indi-
cators of data quality, we selected an equal amount
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Figure 3: Predicted Data Quality. Left: Hits@1/20 accuracy on the WILD validation set when training with
LIGHT MTurk + 10,000 examples from the WILD training set of a given predicted quality level, see Sec. 5.3.5.
Data that is predicted to be higher quality yields improved validation accuracies. Right: The distribution of data
quality predictions over the training set. A spike is seen at quality bin 6 because that is the lowest score one can
achieve when completing a full episode (1 star per turn is awarded at minimum). Values lower than bin 5 indicate
incomplete low-scoring episodes.

of 10,000 examples from each of the bins (1-5),
(6), (7), . . . , (16) (grouping 1-5 together to make
that group large enough) and compared them as
training sources. We train a set of retrieval models
on these training sources, where each model also
has access to all of the LIGHT MTurk data (111k
examples) in addition to the WILD 10k from their
respective bins. The results are given in Figure 3
(left). We observe a monotonic improvement on
the WILD validation set with increasing predicted
quality. We see similar, but smaller gains on the
LIGHT (Seen) validation set as well, e.g. 86.59%
for quality bin 6, and 87.11% for quality bin 16.

While we can clearly select lower or higher qual-
ity data, we can also ask the question whether some
of the data is so low quality we should simply re-
move it from the training data in order to get better
performance. Experiments show that is not the
case, and that even the lowest quality data does
provide a useful signal, e.g. performance drops
slightly from 87.06% to 86.69% on the WILD val-
idation set if we remove bins lower than 6, but
otherwise training on all other data, and to 85.38%
if we remove bins lower than 9.

5.3.6 Analysis of Data Distribution

We can compare the dialogue data collected within
our deployed system to crowdsourced data from
LIGHT MTurk. We analyze over and underex-
pressed words in our dataset compared to the latter.

Calculating the top 70 most overexpressed
words, all overexpressed at least 3.5x relative to
crowdsourced data, we note several interesting ob-

servations about our data’s distribution. There
are more natural endings to conversations: e.g.
“goodbye” (4×) and “bye” (4×) are overexpressed.
There are overexpressed words associated with ag-
gression: “stab” (8.5×), “dagger” (6.1×), “club”
(5.5×), “kills” (4.9×), “blade” (4.2×). There
are overexpressed words associated with overtly
friendly actions as well: “smiles” (12.9×), “nods”
(10.9×), “kiss” (6.1×), “hug” (3.7×), and “bows”
(5.9×). There are more mentions of adventuring:
“quest” (5.4×), and other similar words not in the
top 70 are overexpressed as well, such as “adven-
ture” (2.5×) and “mission” (2.1×). There is an
increased use of slang: “ur” (93×), “u” (28×), “yo”
(5×), “dude” (6×). We note that some emojis exist
as well that do not appear in the crowdsourced data.

In contrast, looking at the 70 most underex-
pressed words, all underexpressed by a factor
of at least 1.3×, we observed the following pat-
terns. There are less mentions of village and farm
life: “peasant”, “fields” (both 2× underexpressed),
“farm” and “crops” (both 1.9×), “harvest” (1.8×),
“villagers” (1.7×), and “work” (1.4×). There are
less mention of passages of time: “week” (2.1×),
“year” (1.9×), “days” (1.8×).

Overall, we see a pattern that game players seek
more exciting conversations, involving more emo-
tional, action-packed interactions such as seek-
ing quests, whereas crowdworkers are more even-
keeled, and discuss dry topics such as last year’s
harvest or taxes with more frequency. This is not
unexpected as players often seek immediacy and
larger-than-life experiences (Grodal et al., 2000).
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6 Conclusion

We have presented an approach for training dia-
logue agents during deployment with organic users
utilizing a role-playing game between humans and
bots. Detailed experiments show that one can col-
lect high quality data that improves both automatic
offline metrics and user engagement metrics. We
find this exciting because this shows that it is pos-
sible to build continually improving models that
learn from interacting with humans in the wild
which represents a paradigm shift away from the
limited static dataset setup that is prevalent in much
of the work of the community. We make our code
and data publicly available, and note our setup can
be applied more generally, e.g., incorporating both
dialogue and actions, or situated in other domains.
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A Further Game Details

Other Gamification Steps The acting scores
(between 1-5 stars per turn) are accumulated, and
a player’s total score is presented on a leaderboard
compared to all other players, providing further
motivation to reach the top of the leaderboard. We
also award “badges” if, for a given dialogue, a cer-
tain number of points is collected (11 for 1 badge,
16 for 2): the badges represent the characters in
the game, motivating the desire to role-play all the
characters in the game, and collect all the badges.

License Agreement and Public Release Upon
entry to the game, players are asked to agree to the
use and release of the resulting game data as a pub-
licly available dataset for research purposes. They
are urged to stick to their assigned characters in
the game, and hence should not use any personally
identifying information, which the terms also tell
them explicitly not to share. In the released data,
no other information about the player is retained
except for the messages they send in the game.

Game Safety We employ a safety classifier (Di-
nan et al., 2019a) on both human and model turns.
For safety reasons, we limit our deployed dialogue
models to be retrieval models, so that we could vet
the entire set of candidates for offensive language
before run-time (we evaluate generative models in
an offline setting only). The set of settings and
character personas were all also vetted for offen-
sive language. Additionally, gender bias concerns
have been previously studied within the available
LIGHT MTurk training set (Dinan et al., 2020),
and we make use of that publicly available data
here as well. We note that, compared to other de-
ployed dialogue systems, there is an extra level of
indirection due to playing characters in a game that
makes language relatively less offensive. For exam-
ple, a thief in the game saying “I’m going to steal
your money” to another game character is far less
offensive compared to a digital assistant saying it
directly to a human user.

B Game Screenshots

We show game screenshots in Figures 5 and 6.

C Using WILD Model responses

In our main results we use the human utterances
collected from the role-playing game to form the
WILD dataset targets, the hypothesis being that

model utterances may or not be correct, and so are
not as good a signal. A contrasting view could see
training on the model utterance data as a kind of
distillation of the previous model’s knowledge. To
test the performance of WILD human vs. model
utterances, we conducted further experiments com-
paring them to each other. We observe a significant
drop in Hits@1/20 performance using the model
utterances for training on the WILD validation set
(86.05% for human utterances, and 73.96% for
model), and similarly on the LIGHT validation set
(82.32% for human, and 77.56% for model).

A similar trend emerges when evaluating our
generative models. As before, we see a drop in
performance when training on WILD model ut-
terances vs. training on WILD human utterances,
manifesting as significant increases in perplexity
on the WILD validation set (12.05 for human utter-
ances, and 15.15 for model) as well as the LIGHT
validation set (13.71 for human utterances, and
14.76 for model).

With the generative models, we additionally ex-
plored multi-task training with both the model and
human utterances. In this regime, we introduced
a special control token to indicate whether the de-
sired response was produced by a model or a hu-
man; at inference time, we always provide the “hu-
man" control token. Including the control tokens in
the training setup yields lower perplexities com-
pared to vanilla multi-task training on both the
WILD validation set (12.10 with control, 12.34
without) and the LIGHT validation set (13.60 with,
13.65 without). We note that, overall, multi-task
training yields marginally worse performance on
the WILD validation set and marginally better per-
formance on the LIGHT validation set (see num-
bers in previous paragraph).

D Comparing Small and Large Model
Variants

We evaluated the differences between the small
and large retrieval models (Sec. 4.1) during de-
ployment to analyze the differences between them.
Results for both large and small models are shown
in Table 7. The expectation tends to be that larger
models would perform better, especially when the
automatic metrics reflected this case. To eliminate
the possibility that difficulty in tuning the decoding
control differed between the small and large mod-
els, we launched a task to crowdworkers to evaluate
the models shown in rows 3 and 8 of Table 4. These
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Model Contradiction Mistaken Identity or Location Off-topic Repetitive or Boring Rating Count

90M PE 3.9% 9.1% 8.4% 2.1% 3.67 88
622M PE 3.0% 5.3% 6.0% 5.3% 3.69 91

Table 6: Percentage of utterances flagged with an issue alongside overall satisfaction, by model.

correspond to the small and large models trained
with LIGHT + WILD data without decoding con-
trol, further noted as LW90M and LW622M.

Workers were asked to have a 12-turn conver-
sation with a model (6 turns each), and evaluate
each model utterance with respect to some of the
most common mistakes we observed models mak-
ing. They were then asked to provide an overall
score for the model, answering "How much fun
did you have Role-playing with your chat partner?
Would you have a similar conversation with this
chat partner in the future?". Results are given in
Table 6, listing the percentage of utterances falling
into each mistake type.

We observed that LW622M avoided a number
of common mistakes when compared to LW90M,
contradicting itself less frequently, assuming the
role of the wrong character or using a wrong lo-
cation less frequently, and going off-topic less fre-
quently. These types of mistakes were common
complaints of players interacting with our game,
and all seemed to be related to having somewhat
bad experiences. LW622M also had a higher per-
centage of conversations without any listed issues,
with 34.1% compared to 27.3% for LW90M.

LW622M however was rated as being repeti-
tive or boring more than twice as frequently as the
smaller model. This difference could be supported
in that LW622M used utterances that were on av-
erage 2 words shorter than those of LW90M over
these evaluations. This issue could explain the phe-
nomenon where players are more likely to leave
after interacting with a larger model than a smaller
one. The only thing really encouraging unpaid
players to continue interacting with our models is
that they are fun and engaging, and while it is pos-
sible to overlook the model making a mistake if it
is still somewhat fun, it is likely less possible to
remain engaged when the model is actually boring
and repetitive.

While LW622M is a better model across several
aspects, it is clear from our live deployment eval-
uations that something is lost in scaling up from
LW90M. Comparing these models with real players
lets us see this issue, and moving forward should
lead us to search for a model that does not become

more boring when learning to not make mistakes.

Model Train Data Negative Decoding Continuation
Context Control Rate

90M PE LIGHT yes no 72.2± 1.9%
90M PE LIGHT yes yes 74.1± 2.0%
90M PE LIGHT + WILD yes no 73.6± 1.8%
90M PE LIGHT + WILD yes yes 75.2± 2.0%

622M PE LIGHT no no 68.2± 1.4%
622M PE LIGHT yes no 69.9± 1.9%
622M PE LIGHT yes yes 69.9± 2.0%
622M PE LIGHT + WILD yes no 70.6± 2.1%
622M PE LIGHT + WILD yes yes 71.8± 1.9%

Table 7: Deployment-based Evaluation, comparing sev-
eral metrics on data collected during round 2.

E Observations on Gamification

Just as the design of a crowdsourcing task will af-
fect the cost and quality of data, this is likely even
more the case in the design of a game. If the de-
sign is poor, players will not play it at all; whereas
in contrast to paying crowdworkers, if players re-
ally like a game, they are willing to pay to play
it. Accordingly, the plots we presented in Figure 2
represent the results of our particular game design;
there may well be a design with vastly more cost
efficient learning rates. While a full of study of the
elements of game design is outside of the scope
of this paper, we note that for adjustments we did
make to the game after initial deployment we ob-
served large changes in user behavior. For example,
after the addition of the three user controls for how
to continue the game loop after an episode is fin-
ished (as described in Sec. 3), compared to only a
single choice, we saw an increase in the continue
rate by 3.3± 1.6% when using the same model.

Model quality also affects cost and quality of
the data collected. Noting the effects of chang-
ing gamification options (alongside other hard-to-
track circumstances) we only report continue rate
comparisons between models relative to runs in
the same batch. Still, players’ enjoyment of these
models (as estimated by continue rate in Table 4)
directly changes how much they engage with the
game. As such it is more expensive to test mod-
els that are worse for the game experience (which
we would consider fair from a player perspective).
Hence, as models improve, costs actually go down,
enabling to collect data at higher rate.
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Figure 4: Example advertisement used to draw interest to the deployed LIGHT chat game

Figure 5: Screenshots of the instructions of the LIGHT role-playing game.
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Figure 6: Gameplay Screenshots of the LIGHT role-playing game.
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Abstract

Respiratory insufficiency is a symptom that
requires hospitalization. This work investi-
gates whether it is possible to detect this condi-
tion by analyzing patient’s speech samples; the
analysis was performed on data collected dur-
ing the first wave of the COVID-19 pandemic
in 2020, and thus limited to respiratory insuf-
ficiency in COVID-19 patients. For that, a
dataset was created consisting of speech emis-
sions of both COVID-19 patients affected by
respiratory insufficiency and a control group.
This dataset was used to build a Convolution
Neural Network to detect respiratory insuffi-
ciency using speech emission MFCC represen-
tations. Methodologically, dealing with back-
ground noise was a challenge, so we also
collected background noise from COVID-19
wards where patients were located. Due to the
difficulty in filtering noise without eliminat-
ing crucial information, noise samples were in-
jected in the control group data to prevent bias.
Moreover, we investigated (i) two approaches
to address the duration variance of audios, and
(ii) the ideal number of noise samples to in-
ject in both patients and the control group to
prevent bias and overfitting. The techniques
developed reached 91.66% accuracy. Thus
we validated the project’s Leading Hypothe-
sis, namely that it is possible to detect respira-
tory insufficiency in speech utterances, under
real-life environmental conditions; we believe
our results justify further enquiries into the use
of automated speech analysis to support health
professionals in triage procedures.

1 Introduction

This work started as part of the academic initiative
to help in the effort to deal with the COVID-19
pandemic in a severely affected region in Brazil.
COVID-19 is an infectious disease caused by the

†Corresponding author:mfinger@ime.usp.br .

virus SARS-CoV-2. This illness is mainly associ-
ated to severe acute respiratory syndrome, although
it is harmful to other organs, like heart, kidney and
brain. About 82% of cases are mild or moderate,
while the rest are severe or grave, demanding hos-
pitalization or intensive care. The most vulnerable
groups are people over the 60’s, and people with
specific medical conditions such as diabetes, obe-
sity, hypertension and heart disease. According
to WHO1, in August 3 2020, more than 19.2 mil-
lion people in the world had contracted COVID-19,
with a Case Fatality Ratio of CFR=2.8%. Respira-
tory Insufficiency (RI) is a symptom that requires
hospitalization, which is aggravated due to a fre-
quent COVID-19 condition called silent hypoxia,
low blood oxygen concentration without breath
shortness (Tobin et al., 2020).

This work leading hypothesis states that it is
possible to detect respiratory insufficiency by an-
alyzing spoken utterances in real-life conditions,
typically a moderately large sentence, thus sub-
scribing to the view of speech as a biomarker. This
work aims at validating this leading hypothesis us-
ing deep learning techniques.

If the hypothesis holds, it will motivate further
enquiries on the use of automated speech analy-
sis to support health professionals; with infectious
diseases such as COVID-19, a serious concern in-
volves deciding whether an RI suspect should stay
in social isolation or be directed to a medical facil-
ity. Project SPIRA23 was initiated to investigate the
feasibility of supporting medical triage of patients
with COVID-19 symptoms by remotely detecting
respiratory insufficiency through automated speech
utterance analysis, where no other resources are

1https://covid19.who.int, visited May 24 2021.
2https://spira.ime.usp.br/
3In Portuguese, Sistema de detecção Precoce de

Insuficiência Respiratória por análise de Audio – system for
early detection of respiratory insufficiency via audio analysis.
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available other than a phone line or a cellphone
app. A positive result may motivate further re-
search into speech-based remote detection of res-
piratory problems originating from other causes,
such as heart condition, airway obstruction, severe
asthma, H1N1, etc.

This research started as a response to the peak
of the first COVID-19 wave in 2020, when health
infrastructure was overloaded, so no doctors nor
nurses were available for data collection, and
there was no triage point available for research.
Thus, COVID-19 patient utterances were collected
mostly by medical students at COVID-19 wards
from patients with blood oxygenation below 92%,
as an indication of respiratory insufficiency, and
control data was collected by voice donations over
the internet, assumed healthy, with no access to
blood oxygenation. Recordings were made in
out-of-studio conditions, using portable recording
equipment employed in noisy wards. On the other
hand, conditions for healthy voice donations over
the Internet and using diverse sound equipment had
a large variation. This audio data in-the-wild ap-
proach was assumed from the start as part of the
challenge of validating the leading hypothesis. Part
of the methodological novelty of this work lies on
how to deal with these conditions. This task re-
quired a multidisciplinary group involving medical
doctors, linguists, speech therapists and computer
scientists, all of which were aware of those condi-
tions and challenges facing us.

This work proposes a machine learning method
to detect respiratory insufficiency by analyzing
voice audio recordings of sentences long enough
to feature respiratory pauses in speech. The test
is very cheap, requiring only a voice sample from
each patient and maybe employed where no other
medical equipment is available.In order to tackle
the audio analysis, we propose the use of deep
artificial neural networks over Mel Frequency Cep-
stral Coefficients (MFCCs) (Logan et al., 2000)
extracted from patient’s audios.

The code and datasets are publicly avail-
able at https://github.com/SPIRA-COVID19/

SPIRA-ACL2021, under a CC BY-SA 4.0 license.

This paper is organized as follows: Section 2
discusses related work. In Section 3, the dataset ac-
quired, the preprocessing steps, the noise insertion
procedure, the proposed model and experiments
are described, respectively. Afterwards, the models
obtained are evaluated and discussed in Section

4. Finally, Section 5 presents the conclusions and
final thoughts.

2 Related work

COVID-19 is a recent disease. However, even be-
fore the eruption of the pandemic, we could already
find in the literature a few explorations of speech as
a biomarker (Botelho et al., 2019; Trancoso et al.,
2019; Nevler et al., 2019), with some recent recom-
mendations (Robin et al., 2020).

Several initiatives can be found on the Web that
record human voice in order to assess the presence
and the gravity of COVID-19, e.g. the COVID-
19 Sounds data collection initiative (Brown et al.,
2020) and startup initiative aiming to develop a
pre-diagnostic tool4. Those works aim to diagnose
COVID-19 from voice or breathing or coughing
sounds, and there are some initial positive results
on COVID-19 detection in asymptomatic individu-
als (Laguarta et al., 2020). Unlike our approach, no
work aimed specifically at respiratory insufficiency
or at patient triage, but they propose to employ
some form of artificial intelligence processing.

In similarity to our goals, there have been recent
proposals of applications for the triage of patients
using natural language processing of texts extracted
from radiology reports (Hassanpour et al., 2017)
and patient questionnaires (Spasić et al., 2019). So
language, both as text and now as speech, is being
used for patient screening.

Moreover, Neural Networks and Convolutional
Neural Networks (CNNs) have been used in noisy
environments mostly, but not exclusively, for fault
diagnosis (Zhang et al., 2018; Munir et al., 2019),
noise reduction in voice processing (Maas et al.,
2012) and medical ECG diagnosis (Acharya et al.,
2017). On the other hand, noise injection was a
technique used in the past to avoid overfitting in
training Neural Networks (Matsuoka, 1992; Grand-
valet et al., 1997; Zur et al., 2009), as opposed to
avoiding classification biases, as in our approach.

3 Methodology

In order to build a neural network model for the pro-
posed task, it is necessary to gather a dataset con-
taining voices of healthy individuals and COVID-
19 patients (Section 3.1). The resulting dataset re-
quired several preprocessing treatments and noise
treatment, as discussed in Sections 3.2 and 3.3. The
next step was to propose several neural models to

4https://www.voicemed.io/
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investigate the best one for the task (Section 3.4)
evaluated according to experiments carried over the
dataset (Section 3.5).

3.1 Dataset
The dataset creation was composed of two parts and
an “appendix”. The first part consisted of audios
gathered via Web by a system specifically designed
for this task5, from May to July of 2020. Healthy
volunteers were asked to donate audio samples via
a web interface. This allowed us to build our con-
trol group. In order to do that, the system URL was
disclosed through local news and social network-
ing. The resulting dataset part is composed, after
elimination of blank samples, of more than 6 thou-
sands voice donors. No blood oxygen saturation
information was available for the control group.

In the second part, we collected audios from pa-
tients infected by SARS-CoV-2 from June to July
of 2020. This collection was performed in COVID-
19 wards in two university hospitals, in São Paulo
city, Brazil, restricted to patients with blood oxy-
genation level (SpO2) inferior to 92%, as an indi-
cation of respiratory insufficiency. This allowed us
to collect 536 samples from patients in different
age groups. Several problems led to discarding
patient voice samples, chiefly among which were
collectors whispering during collection; a large set
of collection instructions was assembled during the
period in which voice collection took place. It is
important to note that São Paulo is a local and inter-
national hub, with a large migrant and immigrant
population. Hospitals received COVID-19 patients
from the city as well as from adjoining regions.
Collection was absolutely anonymous, so no one
knows who were the patients and controls, and no
ethnographic information is available. On the other
hand, this allowed us to release the data.

As a COVID-19 ward is a noisy environment,
an “appendix” was built for this dataset, consist-
ing of samples of pure background noise at the
ward (no voice), typically collected at the start of a
collection session. This is an important piece of in-
formation, as the ward noise is very different from
the background noise found in the control group,
and consists of a data bias that has to be controlled
during experiments.

The gathered audios contain three utterances:

• Utterance 1, a moderately long sentence con-
taining 31 syllables, designed by linguists to

5https://spira.ime.usp.br/coleta/

allow for spontaneous breathing breaks, while
being relatively simple to be spoken, even
by low literacy voice donors: “O amor ao
próximo ajuda a enfrentar o coronavı́rus com
a força que a gente precisa.” (“Love of neigh-
bor helps in strengthening the fight against
Coronavirus.”);

• Utterance 2, a well known nursery rhyme for
donors having reading difficulties, due to lack
or reading glasses in hospital, or other types
of reading impediments: “Batatinha quando
nasce, espalha a rama pelo chão, nenez-
inho quando dorme põe a mão ao coração”
(“When small potatoes germinate, branches
sprout on the ground; when baby sleeps, hands
rest over the heart”);

• Utterance 3, a widely known song, on the
lines of ”Happy birthday to you”: “Parabéns
a você, nesta data querida, muitas felicidades,
muitos anos de vida” (“Happy birthday to
you, on this dear date, lots of happiness, many
years of life”).

Collecting longer utterances was totally imprac-
tical in a COVID-19 ward. The collection had to
be adapted to what was possible in that context.

We identified several issues with the original
dataset that need to be addressed. First, there
is class imbalance, as we have fewer positive in-
stances (COVID-19 patients) than negative ones
(healthy individuals from the control group). Sec-
ond, it is sex imbalanced, as a greater number of
healthy women participated in the process than
healthy men. Additionally, there are more men in
COVID-19 wards than women. Third, there is an
age imbalance, as there are more elderly in hospital
care than young people in our observations. Fourth,
we also detected utterance imbalance, as utterance 1
was more common among patients; healthy people
typically recorded all proposed utterances. Fifth,
the control group presented popping and crack-
ling noise, possible due to the characteristics from
the recording devices. Furthermore, as mentioned
above, wards tend to be noisy environments.

We addressed most of the dataset issues by sam-
ple balancing, taking advantage of the greater num-
ber of control group samples. Only audios from
utterance 1 were selected and the number of sam-
ples used in experiments was balanced by class
and sex, but not by age, to avoid drastically reduc-
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Figure 1: Distribution of Ages in the Dataset

ing the available data. Overall age distribution is
presented in Figure 1.

We also had to discard audio containing the col-
lector’s (whispering) voice. The most serious issue
for bias removal, though, is the presence of ward
background noise in patient audios; we observed
that it is easier to insert ward noise in the control
group than to remove it from the patients’ signal.
This process will be addressed in Section 3.2.

The dataset was divided in training, validation
and test, as is usual in statistical learning. We
selected audios with the best signal-noise ratio to
use in the test set, and the second best audios were
used for validation. The aim of this partitioning is
to detect training overfitting.

Information of the resulting filtered dataset is
presented in Table 1.

3.2 Pre-processing

In general, the majority of the audios in the dataset
was sampled at 48kHz. We pre-processed these
files using Torch Audio 0.5.0 in the following way.
First, for dimensionality reduction reasons, we re-
sampled these audios at 16kHz. Second, we ex-
tracted the MFCCs using a 400ms window employ-
ing Fast Fourier Transform (FFT) (Brigham and
Morrow, 1967), with hop length 160 and 1,200
FFT components, of which we retained only 40
coefficients. Before the MFCC feature extraction
process though, we need to address the difference
of duration present in our data.

The duration of our samples in the dataset varies,
in which audios from the positive class are slightly
longer than audios from the negative class, as pre-
sented in Table 1. We have developed two ap-
proaches to deal with this phenomenon. First, we
applied padding in the instances during training.
This is equivalent to complete the audios with si-

lence so that all audios have the same duration.
Second, we have extracted fixed length fragments
from the audios. This approach aims to prevent the
model from performing the classification giving
too much importance to the audio length. In order
to augment the training data, windowing with 1 sec-
ond steps was applied to extract audio fragments.

3.3 Noise Insertion During Training

Ward noise is a serious bias source, as confirmed
by our preliminary experiments (Section 4). In
this scenario, a neural network can be biased dur-
ing training by focusing only on background noise.
One possible alternative would be noise filtering,
but besides the possibility of inserting extra biases
due to differential noise suppression in patient and
control audio samples, there is also the possibility
of suppressing important low-energy information
that allows for the distinction between healthy and
respiratory affected speech samples.

To address this issue, we decided to record pure
background noise samples from COVID-19 wards
and to inject into patients and control group audios.
In total, 16 samples with approximately 1 minute
each were recorded.

The inserted noise can also be a cause of bias,
as the model can extract specific features from the
noise recording. To avoid this kind of bias, we
decided to inject noise in all samples. We had
the option of inserting in training, validation and
testing samples, which will be described in Section
4. We can also control the amount of noise samples
inserted in each audio.

In our experiments, we investigate the ideal num-
ber of noise samples to inject in both patients and
the control group. This had a big impact in over-
fitting prevention, as a form of unbiased learning,
as described in Section 4. During training, at each
epoch, audio samples can be injected with one or
more distinct noise samples. Each time a given
audio is used for training, noise samples are drawn
from the noise base. Besides that, the start point
of each noise sample is also randomized. Finally,
we also draw a factor to change the intensity of the
sample. This factor is constrained by a maximum
amplitude value, which was determined from the
analysis of patient audio noises. The aim is to insert
noises as similar as possible to already pre-existing
noise. We also executed the same experiment three
times with different random seeds to obtain better
measures of the noise insertion impact.
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Table 1: Filtered dataset information

Sets Control Patients Total
Audios

Total
Duration

(s)Male Female
Mean

Duration
(s)

Male Female
Mean

Duration
(s)

Training 59 84 8.15 83 66 13.18 292 3110
Validation 8 8 7.75 8 8 10.78 32 296
Test 22 26 7.77 28 32 9.43 108 983

The test and validation sets were created in such
a way to allow overfitting detection as they are com-
posed mostly of audios with very limited amount
of noise. As a result, we cannot apply k-fold Cross
Validation and similar methods. We compensate
this by running the same experiment three times
with different random seeds. This fact, together
with the dynamic noise insertion during training,
allows us to obtain averaged accuracy for each ex-
periment.

3.4 Proposed Model

Several models were tested in preliminary experi-
ments and we describe the one that led to the best
results.

This process involved three main aspects: (a)
the topology and model parameters; (b) the main
hyper-parameters; (c) regularization. The last is
especially important, since our dataset contains
several issues that can lead to overfitting.

Regarding topology and model parameters, pre-
liminary experimental results showed that CNNs
applied to MFCCs are useful to analyze this kind
of problem. Other preliminary experiments in-
vestigated spectrograms and topologies like fully-
connected and recurrent networks, which showed
lower performance than the chosen topology. Fig-
ure 2 presents the chosen model’s main features
including layers, filters, kernels, number of neu-
rons and activation functions. The following con-
ventions are adopted in the figure: kernel size is
represented by K; convolutional dilation size (Yu
and Koltun, 2015) is represented by D; and fully
connected layers are represented by FC. The input
size is omitted because these parameters changed
according to the experiment and will be detailed
in Section 3.5. We investigated the use of Mish
activation function (Misra, 2019), due to its regular-
ization effects during training, which helps prevent
overfitting.

Regarding the main hyper-parameters, we have
used the Binary Cross-Entropy as loss, and Adam
optimizer (Kingma and Ba, 2014). The initial learn-

ing rate was set to 10−3, and the Noam’s decay
scheme (Vaswani et al., 2017) was applied on each
1,000 steps. For each experiment presented in Sec-
tion 3.5, we trained the model for 1,000 epochs
using a batch size of 30.

Regarding regularization, overfitting mitigation
is a major concern given our dataset noise charac-
teristics. Therefore, several approaches for regular-
ization were applied. Besides Mish as an activation
function, we used three other strategies. First, a
global weight decay of 0.01 was applied. Second,
a dropout of 0.70 was used in all layers, except in
the output layer. Last, we applied group normaliza-
tion (Wu and He, 2018) after each convolutional
layer. The group normalization was applied on
pairs of convolution filters. Therefore, the number
of groups is half the number of filters.

3.5 Experiments

For the experiments we explored three main as-
pects with respect to noise insertion and duration
variance: (a) overfitting impact; (b) padding vs
windowing approach (using four second windows
or adding padding); and (c) the ideal number of
noise samples. Table 2 presents the proposed ex-
periments and their results.

First we investigated if the model can overfit
when trained over original audios (experiments 1.x).
In this series of experiments, we trained the model
using both approaches of duration variance.

Second we analyzed two approaches to address
the duration variance: audio padded to the maxi-
mum length of the dataset; windowing using the ap-
proach described in Section 3.2 (experiments 2.x).
Specifically, we presented padding application only
in experiments 1.1 and 2.1 because experiments
showed that the windowed approach led to more
robust results. When padding is used, the accuracy
is calculated as usual. However, in windowed ex-
periments, several audio fragments are extracted
and their predictions averaged for the classification
decision. Regarding window size, we have chosen
four seconds, considering our smallest audio in the
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Figure 2: CNN topology proposed with four convolutional layers and two fully connected layers

Table 2: Proposed experiments and results

Description Exp. Duration
Approach

Noise Samples Accuracy
(without noise
in test samples)

Accuracy
(with noise
in test samples)

Training
time
(h)Patient Control

Overfitting
Analysis

1.1 Padding 0 0 98.15 ± 0.93 50.93 ± 0.53 4.25
1.2 Windowing 0 0 98.15 ± 0.53 50.93 ± 0.93 9.07

Duration
Variance
Analysis

2.1 Padding 0 1 61.11 ± 8.40 74.07 ± 1.93 4.77
2.2 Windowing 0 1 66.67 ± 3.74 86.11 ± 2.98 9.58

Noise
Insertion
Analysis

3.1 Windowing 1 1 80.56 ± 2.45 68.52 ± 1.41 6.57
3.2 Windowing 1 2 84.26 ± 6.17 83.33 ± 3.34 12.27
3.3 Windowing 2 2 88.89 ± 0.53 85.19 ± 0.93 13.00
3.4 Windowing 2 3 74.07 ± 5.10 85.19 ± 1.85 13.67
3.5 Windowing 3 3 91.67 ± 2.98 87.04 ± 0.93 14.70
3.6 Windowing 3 4 62.96 ± 8.35 74.07 ± 2.45 11.85
3.7 Windowing 4 4 88.89 ± 1.41 83.33 ± 1.07 10.40
3.8 Windowing 4 5 56.48 ± 5.10 72.22 ± 9.99 9.83
3.9 Windowing 5 5 70.37 ± 15.8 69.44 ± 9.27 10.55
3.10 Windowing 5 6 51.85 ± 3.51 61.11 ± 2.98 11.18
3.11 Windowing 6 6 74.07 ± 10.7 74.07 ± 8.83 11.98
3.12 Windowing 6 7 50.00 ± 0.53 54.63 ± 3.51 12.63

dataset contains 4.6 seconds and new data samples
can be even smaller.

Third we examine the ideal number of noise
samples to be inserted to prevent overfitting (ex-
periments 3.x), using the best duration approach
according to experiments 2.x. For each experiment,
we tested the model using both noise insertion and
no noise insertion to analyze performance.

Our model was implemented using Pytorch 1.5.1.
We ran the experiments on a NVIDIA Titan V
GPU with 12GB RAM in a server with Intel(R)
Core(TM) i7-8700 CPU and 16GB of RAM.

4 Results and Discussion

To better understand bias and overfitting we used
a test set containing only audios with a minimal
amount of noise. The accuracy of each experiment
is presented in Table 2, both with and without arti-
ficial insertion of ward noise in test samples.

Experiments 1.x showed the model is biased
without noise insertion in the training set. We note
a high accuracy in experiments 1.1 and 1.2 with-
out noise in training and testing; in contrast, when
noise is inserted in all test samples, it classifies all
samples as coming from patients. We interpret this
as a strong indication that the model is biased by
the presence of noise in the patient samples.

Experiments 2.x showed that windowing (2.2)
is preferable over padding (2.1), as described in
Section 3; the model performs better when the
windowed approach is used, that is, 66% using
windowing against 61% using padding. We con-
sider this as evidence of susceptibility to bias by
padding. In fact, padding inserts a considerable
amount of silence, specially in patient samples, and
the windowed approach works as a data augmenta-
tion technique, as more instances are generated in
this process.
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Experiment 3.x were used to determine the opti-
mal amount of noise insertion. Note that sometimes
better results were obtained without noise in test
samples and sometimes the other way around. In
general, the bias is greatly reduced by inserting at
least one noise sample on the negative instances.
As expected, the insertion of too much noise de-
creases the model performance. The best overall
accuracy was obtained in experiment 3.5, which
reached 91% accuracy in the task. For experiment
3.5, we obtained F1 = 0.90, without noise insertion;
with noise insertion, F1 = 0.87.

Figure 3 presents the loss variation of the best
model (experiment 3.5) during training. Early stop-
ping is used to get the best iterations after approxi-
mately 20k steps.
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Figure 3: Validation Loss for Experiment 3.5 during
Training

Figure 4 shows the model performance over the
number of noise samples inserted. With respect
to the number of noise samples, our experiments
suggest that a number of 2 to 4 noise insertions in
each audio provides best accuracy. In each case,
two possibilities have been tested, namely the inser-
tion of an equal number of noise samples in each
training audio, and the insertion of one extra noise
sample to control audio, assuming that patient au-
dios already have the original ward noise. It was
initially expected that the insertion of an extra noise
sample in control audios would produce better re-
sults; surprisingly, the opposite effect was observed.
The possible explanation for this observation is that
there are times when wards are calmer and silent
and the insertion of noise in control audios leads
to bias. This is especially true for testing samples,
due to the criteria used to build the testing set.

5 Conclusions and future work

In the effort to tackle the COVID-19, we have de-
veloped a method to classify real-life speech audio

Figure 4: Sample Noise Analysis for the Best Experi-
ments

signals on whether or not that signal originated
from a person suffering from respiratory insuffi-
ciency. In this effort, we obtained 91.67% accuracy,
thus validating the hypothesis that such a detection
is feasible, and that human speech can be treated
as a biomarker in this case.

One important consequence of this work was
the construction of a dataset containing voice sam-
ples of COVID-19 patients with respiratory insuffi-
ciency and also a set of samples of environmental
noise, which were central in treating real-life sound
samples. Noise insertion was chosen as the more
adequate option when contemplating the biases that
would be incurred by filtering procedures. In partic-
ular, it made sense to add ward noise to the existing
ward samples as a way to balance the biases that
were incurred by the necessary addition of ward
noise to control data. In this way, all data (patient
and control) suffered from similar manipulation,
avoiding editing bias, and experiments showed that
such a procedure produced best results. This aimed
at preventing the models from memorizing ward
noise and editing distortion information instead of
COVID-19 features.

There was a considerable difficulty to collect
voice data from infected patients during the pan-
demic. The size of the patient dataset reflects
the limitations on collections in COVID-19 wards.
Moreover, the use of audio from different environ-
ments was absolutely unavoidable, as we only had
access to patients in COVID-19 wards, where no
control subjects were available. Therefore, control
data had to be collected in a different environment.
As a result, the amount of data was scarce, and
data augmentation techniques were designed for
such a setting; our results indicate that it was not
an excessive amount of data augmentation, as con-
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sistent results were obtained over a large variety
of experiments. We hope that with the weakening
of the emergency situation, it could become eas-
ier to collect data from patients with respiratory
insufficiency.

Future work includes augmenting the dataset
with audios collected at the triage point, whether in
hospital admission rooms, or through a remote ad-
mission system. In this way, speech audio signals
from both sufferers and non-sufferers of respiratory
insufficiency would be obtained under similar con-
ditions. This would allow us to extend this study
to other respiratory illnesses besides COVID-19.
Also, other neural architectures can be explored, as
well as smarter feature engineering.
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Abstract

Machine Reading Comprehension (MRC) is
an important testbed for evaluating models’
natural language understanding (NLU) ability.
There has been rapid progress in this area,
with new models achieving impressive perfor-
mance on various benchmarks. However, ex-
isting benchmarks only evaluate models on in-
domain test sets without considering their ro-
bustness under test-time perturbations or ad-
versarial attacks. To fill this important gap,
we construct AdvRACE (Adversarial RACE),
a new model-agnostic benchmark for evaluat-
ing the robustness of MRC models under four
different types of adversarial attacks, includ-
ing our novel distractor extraction and gener-
ation attacks. We show that state-of-the-art
(SOTA) models are vulnerable to all of these
attacks. We conclude that there is substan-
tial room for building more robust MRC mod-
els and our benchmark can help motivate and
measure progress in this area. We release
our data and code at https://github.com/
NoviScl/AdvRACE.

1 Introduction

The goal of Machine Reading Comprehension
(MRC) is to examine whether the model can under-
stand the text and perform certain types of reason-
ing. To this end, many MRC benchmarks have been
constructed in different domains, styles, and lan-
guages (Rajpurkar et al., 2016; Lai et al., 2017; Dua
et al., 2019b; Cui et al., 2019, inter alia). While
most of these benchmarks use leaderboards to com-
pare different models’ performance on in-domain
test sets, they have ignored the important aspect of
evaluating models’ robustness.

The research on robustness of MRC models can
be generally categorised into two directions: gen-
eralization to out-of-domain distributions and ro-

∗ Work done during an internship at HFL.

bustness under test-time perturbations. Regard-
ing generalization to out-of-domain distributions,
Talmor and Berant (2019) and the MRQA shared
task (Fisch et al., 2019) investigated how well do
MRC models trained on source datasets generalize
on unseen datasets in different domains.

On evaluating MRC models under test time per-
turbations, previous works (Jia and Liang, 2017;
Gan and Ng, 2019) evaluate models under only
one specific attack. However, truly robust models
should perform well on different types of perturbed
test inputs instead of just one. In this work, we
cover diverse types of adversarial attacks to allow
for a more comprehensive evaluation of model ro-
bustness. Dua et al. (2019a) performed a set of
synthetic perturbations to test models’ robustness.
However, their perturbations are only applicable to
specific types of questions, yielding limited num-
ber of valid examples, limiting their usefulness in
revealing model weakness. This may be because
that they only performed perturbations on the ques-
tions. In contrast, our proposed methods are ap-
plied to different components (passages, questions,
distractors) of the dataset and at different levels
(sentence and character levels). In section 4.2, we
show that all of our perturbations incur significant
performance drops on SOTA models, leaving large
room for future improvement.

Instead of constructing a new dataset from
scratch, we leverage on an existing MRC dataset
RACE (Lai et al., 2017), where we apply our pro-
posed attacks on the RACE test set to form our
AdvRACE benchmark. We choose to construct
our benchmark based on RACE because: 1) The
multiple-choice format supports more types of at-
tacks. We generated new distractors to replace the
original ones as a novel attack method. 2) RACE
covers a diverse set of linguistic phenomena and
reasoning types, and has been used widely for eval-
uating NLU performance (Yang et al., 2019; Liu
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Method AddSent CharSwap WordReplace Paraphrase DE DG

AdvRACE (Ours) † 4 4 < < 4 4

AddSent (Jia and Liang, 2017) † 4 7 7 7 7 7

SEA (Ribeiro et al., 2018) † 7 7 7 4 7 7

SCPN (Iyyer et al., 2018) † 7 7 7 4 7 7

charNMT (Belinkov and Bisk, 2018) † 7 4 7 7 7 7

breakNLI (Glockner et al., 2018) † 7 7 4 7 7 7
HotFlip (Ebrahimi et al., 2018) 7 4 4 7 7 7
Genetic (Alzantot et al., 2018) 7 7 4 7 7 7
PWWS (Ren et al., 2019) 7 7 4 7 7 7
UniversalTriggers (Wallace et al., 2019) 4 7 7 7 7 7

ORB (Dua et al., 2019a) † 7 7 4 4 7 7
TextFooler (Jin et al., 2020) 7 7 4 7 7 7
SememePSO (Zang et al., 2020) 7 7 4 7 7 7

Table 1: Comparison of AdvRACE to other adversarial attack work. < indicates that the method was tried but not
included in the benchmark due to poor performance. † indicates these methods are model-agnostic.

et al., 2019; Lan et al., 2020).
Our AdvRACE benchmark contains four test

sets for four different adversarial attacks: AddSent,
CharSwap, Distractor Extraction (DE) and Distrac-
tor Generation (DG). The performance under each
attack allows for fine-grained and comprehensive
analysis of model robustness. In addition, the ad-
vantages of our work include: 1) The pipeline we
use to construct AdvRACE is highly efficient and
transferable. It can be easily adopted on other MRC
datasets to construct the corresponding adversarial
test sets. 2) All of our adversarial perturbations are
model-agnostic and do not require access to model
parameters. Thus it allows for the evaluation of
any model to reveal their weaknesses in robustness.
3) Our perturbations are label-preserving. Our hu-
man annotations ensured the high quality of our
adversarial test sets (section 4.1).

2 Related Work

Adversarial attacks in NLP. Various adversarial
attack methods have been proposed for NLP tasks.
One type is white-box attack where perturbations
are constructed based on models’ gradients or pa-
rameters to exploit their weakness (Alzantot et al.,
2018; Ebrahimi et al., 2018; Wallace et al., 2019).
However, such attacks cannot be directly applied
when there is no access to model internal param-
eters. Another type is black-box attack where
the perturbation is constructed without accessing
model parameters and is often based on heuristic
rules or produced by specifically designed mod-
els (Jia and Liang, 2017; Ribeiro et al., 2018; Iyyer
et al., 2018). While the above approaches construct
attacks automatically, there are also attempts on
human-in-the-loop adversarial example generation

where human annotators are employed to write
new test data that can fool the models into making
wrong predictions (Nie et al., 2020; Wallace et al.,
2018). However, such approach requires signifi-
cant human and time resources, which may not be
easily accessible.
Robustness benchmarks for MRC. Tang et al.
(2020) created a Chinese MRC robustness bench-
mark by constructing distracting questions via re-
trieval from existing database and human writing.
Wu et al. (2020) applied various common synthetic
perturbations on the SQuAD dataset to analyse the
factors affecting model robustness. Ribeiro et al.
(2020) provided a general framework for automati-
cally identifying various types of failures in NLP
systems with CheckList. Our adversarial attacks
have similar goals as the invariance test in Check-
List. However, their template-based checks only
examine limited failure types, thus less effective
in revealing weaknesses in model robustness as
shown by the relative small drop of model perfor-
mances under invariance tests, as compared to our
proposed attacks on MRC.

3 Adversarial Attacks

In this section, we describe the different types of ad-
versarial attacks explored in AdvRACE. In Table 1,
we present a comparison of our AdvRACE bench-
mark with other works on automatic construction
of adversarial attacks.

In multiple-choice MRC, distractors naturally
play an important part in affecting the difficulty
of the dataset. Hence, we propose a novel type
of adversarial attack method by constructing new
sets of distractors to replace the original ones. We
present two different methods of constructing new
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O
ri

gi
na

l Passage: “Thanks for coming,” Everett said, shaking hands with Mr. Hanson, the town councilor. ”I’m curious about
the ideas in your letter.” Mr. Hanson nodded toward the parking lot near where they stood. ... Everett was relieved that
the community representative seemed receptive to the idea. Mr. Hanson studied the photograph, and then asked, ”If
town council provides the money, how will you and your friends contribute?” Everett felt optimistic now.
Question: Everett was trying to persuade Mr. Hanson to .
Answer: provide money for a skateboard park
Options: 1. beautify the neighbourhood 2. build an art centre for children 3. cut the area of the parking lot

A
dd

Se
nt Passage: “Thanks for coming,” Everett said, shaking hands with Mr. Hanson, the town councilor. ”I’m curious about

the ideas in your letter.” Mr. Hanson nodded toward the parking lot near where they stood. ”Please tell me more.”
Everett took a deep breath. ”Ever since the school closed two years ago, this area has become worse. But if we clean
up the litter and repair the fence, it will be a great place for a skateboard park.” Zimmerman was trying to dissuade
Mr. Morrison to build an art centre for children. Mr. Hanson scanned the broken concrete, nodding. ... Everett was
relieved that the community representative seemed receptive to the idea. Larkin was trying to dissuade Mr. Lyons to
beautify the neighbourhood. Mr. Hanson studied the photograph, and then asked, ”If town council provides the money,
how will you and your friends contribute?” Everett felt optimistic now.
Question/Answer/Options: Same as Original.

C
ha

rS
w

ap Passage: “Thanks for coming,” Everett said, shaking hands with Mr. Hasnon, the town councilor.“I’m curious about
the ideas in your letter.” Mr. Hanson nodded toward the pakring lot near where they stood. “Please tell me more.
”Everett took a deep breath.“Ever since the school closed two years ago, this aera has become worse . But if we clean up
the litter and repair the fence, it will be a great place for a skateborad park.” Mr. Hanson scanned the broken concrete,
nodding. “The old school is being adapted to a community arts cenrte. This aera could become a vital part of the
neighbouhrood again.” ...
Question: Everett was tyring to perusade Mr. Hanson to .
Answer/Options: Same as Original.

D
E Passage/Question/Answer: Same as Original.

Options: 1. build the ramps 2. provide 3. repair the fence, it will be a great place for a skateboard park

D
G Passage/Question/Answer: Same as Original.

Options: 1. help the town councilor 2. help design and build the ramps 3. buy the old school

Table 2: Examples of each attack applied on the same original test example. Italic parts are altered by our adver-
sarial attack perturbations.

distractors: distractor extraction (DE) and distrac-
tor generation (DG). Apart from them, we have
also experimented four other types of adversarial
attack methods: distracting information insertion
(AddSent), character swap (CharSwap), word re-
placement and paraphrase. Among them, we find
that WordReplace and Paraphrase do not work well
on RACE, hence being excluded from our final Ad-
vRACE benchmark. We provide examples of each
adversarial attack in Table 2. The details of the two
failed attempts can be found in the Appendix.

3.1 Distractor Extraction

For distractor extraction, we aim to extract spans
from the passages as new distractors. This is mo-
tivated by the observation that most passages con-
tain distracting sequences that are relevant to the
question while semantically different from the cor-
rect answer. Such distracting sequences can be
especially effective as current MRC models reply
largely on text matching (Si et al., 2019).

The key challenge is how do we extract such
distracting sequences from the passages without
annotated supervised data. In order to solve this
challenge, we propose a novel distractor extraction

method. We first turn RACE into span-extraction
format and adopt the span-extraction QA model
used in Devlin et al. (2019) except that we use AL-
BERT as our backbone model. During training,
we insert the correct answers of RACE questions
into the passages as the gold answer span. The AL-
BERT span extractor is trained to select the answer
span from the passage. During inference, we use
the trained model to extract spans from the pas-
sages for the test questions but without inserting
the correct answer. In this way, since the answers
in RACE have not appeared in the passages in ver-
batim, there are no gold answer spans for the test
examples. However, the extracted spans with high
probability can be considered as likely options for
the question, which can serve as strong distractors.
For post-processing, we select 3 distractors among
the top 20 candidate spans that have low lexical
overlap with each other and also low lexical over-
lap with the correct answer, so that they are diverse
and label-preserving.

3.2 Distractor Generation

Another way to construct new distractors is to gen-
erate them based on the passage and question. We
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BERT RoBERTa XLNet ALBERT Average Valid Correct

Original 68.5 83.7 79.9 86.0 100.0% 100.0%
AddSent 25.5 (-62.8%) 62.3 (-25.6%) 54.1 (-32.3%) 69.2 (-19.5%) -35.1% 98.0% 89.8%
CharSwap 48.8 (-28.8%) 69.4 (-17.1%) 63.4 (-20.7%) 73.0 (-15.1%) -20.4% 100.0% 94.0%
Distractor Extraction 32.9 (-52.0%) 48.8 (-41.7%) 44.0 (-44.9%) 52.0 (-39.5%) -44.5% 98.0% 95.9%
Distractor Generation 56.3 (-17.8%) 68.9 (-17.7%) 64.7 (-19.0%) 70.9 (-17.6%) -18.0% 98.0% 93.9%

Average 40.9 (-40.3%) 62.4 (-25.4%) 56.6 (-29.2%) 66.3 (-22.9%)

Table 3: Left: Attack results on different models. Right: Human evaluation results. Numbers in brackets are the
percentage drop in performance. Average is computed over all the adversarial test sets for each model, and over
all models for each adversarial attack.

frame it as a sequence-to-sequence (Seq2Seq) task
where the input is the concatenation of the passage
and question, and the output is the distractor. Previ-
ous distractor generation works (Gao et al., 2019;
Zhou et al., 2020) adopted this approach. How-
ever, none of these works has explored using the
generated distractors as a way for attacking MRC
models. In our work, we use the filtered data from
Gao et al. (2019) for training the DG model, where
distractors with low semantic relevance with the
passages are pruned. For the backbone model, we
adopt UniLM (Dong et al., 2019), a competitive
pretrained model unifying NLU and NLG. We use
beam search to find the top k (beam size, we used
k = 50) candidate distractors and select the top 3
among them so that their Jaccard distance between
each other is larger than 0.5, to ensure diversity of
the 3 selected distractors. We provide additional
DE and DG examples in Table 9.

3.3 AddSent

Inspired by the method proposed by Jia and Liang
(2017), we propose an improved AddSent method
to make use of the human-written distractors in
RACE rather than generating new fake answers
to construct strong distracting sequences to insert
into the original passages. The motivation is to
add distracting information that appears similar to
the question and the distractors so that it can better
mislead models. We use the following procedure
to construct the perturbations:

1. We change all nouns and numbers in the ques-
tions to their nearest word in GloVe (Penning-
ton et al., 2014) embedding space with the same
part-of-speech.

2. We replace adjectives, adverbs, verbs in the
questions with their antonym in WordNet (Fell-
baum, 2000) with the same part of speech. We
only change one word in each question to its

antonym to prevent confusions caused by mul-
tiple negations (e.g., ‘likely to obey’ being
changed to ‘unlikely to disobey’).

3. If no words are changed during Step 1 and 2
(28.9% of test questions), we insert the nega-
tion word ‘not’ at the appropriate position in the
question. The first three steps ensure that there
is a flip in the semantic meaning of the original
question.

4. We randomly sample a distractor from the orig-
inal three distractors of the question, and con-
catenate it with the altered question.

5. We insert the concatenated sequence into a ran-
dom position of the passage.

6. We repeat Step 1 to 5 one more time with differ-
ent replacement words from GloVe and Word-
Net, and using a different distractor. This makes
the perturbation more misleading for the model
since there is more matching.

3.4 CharSwap

It is shown in Belinkov and Bisk (2018) that NMT
performance drops significantly when there are
spelling errors in the data. We adapt their approach
in MRC to swap two adjacent letters in a word
without altering the first or last letters. Although
they show that with more tokens altered, the per-
formance gets worse, empirically we find that ap-
plying such perturbation to all words in the dataset
sometimes impacts the readability of the text and
cause difficulty even for humans to perform well.
As a result, we only apply the CharSwap perturba-
tion to the following words with character length
of four and above: 1) The non-stopwords in the
question. 2) Non-stopwords in the passage that
have also appeared in the question and its corre-
sponding options. This is based on the observation
that these words are usually keywords for solving
the question. There are a total of 7.1% words being
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altered using this method.

4 Evaluation

We apply the four attacks in Section 3 on the origi-
nal RACE test set to form AdvRACE, which results
in four sets of adversarial test sets: AddSent, Char-
Swap, DE, and DG. Each adversarial test set has
4,934 examples, same as the original RACE test
set. We perform human and model evaluations on
these test sets.

4.1 Human Evaluation

We randomly sample 50 questions from each adver-
sarial test set in AdvRACE as well as the original
test set, and ask paid corporate professional data
annotators to answer the MRC questions. To as-
sess the validity of our adversarial data, we add
an additional option for each question: unanswer-
able. If the annotator chooses unanswerable for a
question, we further ask the annotator to choose
the specific reason why the question is unanswer-
able, which includes the following options: miss-
ing key information, conflicting information, un-
interpretable content, no correct options, multiple
correct options. The results are shown in the last
2 columns of Table 3. Valid rate measures how
many examples are considered by the annotators
as interpretable (semantically and syntactically ac-
ceptable) and answerable. Correct rate measures
how many examples are answered correctly by the
annotators. All the four adversarial test sets have
high valid rate close to 100%. The correct rate
of the four adversarial test sets are also above the
turker performance of 73.3% as reported in Lai et al.
(2017). These indicate that the four adversarial test
sets in AdvRACE remain well solvable for humans.
We also manually analysed the examples answered
wrongly by the human annotators. For all the four
adversarial test sets, we find that the drop in human
performance (correct rate) is due to unrelated hu-
man errors (e.g., misunderstanding of the original
text) rather than caused by our perturbations.

4.2 Model Evaluation

For model evaluation, all the models are trained
on the original RACE training set, tuned hyper-
parameters on the original RACE dev set, and
tested on our AdvRACE benchmark. We evalu-
ate four competitive models: BERT-Large, XLNet,
RoBERTa-Large, ALBERT-xxLarge. We concate-
nate each candidate answer with the corresponding

passage and question, then encode each of these
four concatenated sequences and pass the repre-
sentations of the first position of each sequence
(i.e., representations of the [CLS] token) through
a fully-connected layer for answer prediction. The
results are presented in Table 3. In addition to re-
porting the accuracy of each model on each test set,
we also report the percentage performance drop
relative to the performance on the original test set
for the adversarial test sets.

From the results, we find that: 1) BERT is the
most vulnerable among these four models (by com-
paring the average percentage drop in performance
in the last row). Models that achieve higher per-
formance on the original test set generally suffer
less relative performance drop from the adversarial
attacks. 2) Distractor extraction is more effective
than distractor generation in terms of attacking the
models, probably due to the fact that these mod-
els rely heavily on text matching (Si et al., 2019).
3) All of the adversarial attacks in our AdvRACE
benchmark incur a significant drop of models’ per-
formance, which is much more effective than previ-
ous attempts (Dua et al., 2019a) in revealing weak-
nesses of the most competitive MRC models.

4.3 Adversarial Training

A common baseline to defend such adversarial at-
tacks is to add adversarial examples in training, i.e.,
adversarial training. We experiment such strategy
as a baseline, and find that adversarial training is
not a truly reliable defense method as it largely ex-
ploits dataset artifacts. We present the detailed ad-
versarial training experiments as well as the follow-
up analysis in the Appendix (section D). We believe
that better defense techniques are needed to reliably
improve model robustness for MRC.

5 Conclusion

In this work, we present AdvRACE, a benchmark
that evaluates MRC models under diverse types
of adversarial attacks. AdvRACE consists of our
proposed distractor extraction and generation at-
tacks as well as improved versions of existing at-
tacks adapted to work effectively on MRC. The per-
formance of four competitive MRC models drops
significantly on AdvRACE, indicating the effec-
tiveness of our methods for analysing model weak-
nesses. We hope our work can motivate the devel-
opment of more robust models that perform well
on different perturbations.
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Impact Statement

Our AdvRACE dataset was constructed based on
the original RACE dataset, which was released
under an MIT license, allowing for free reuse. We
have also obtained the permission from the original
authors of RACE to use it to construct AdvRACE
for research purposes.
The human annotators involved in this project are
all full-time employed corporate annotators, who
are well-compensated and work in good working
conditions.
We believe that building robust and reliable MRC
models is crucial for them to be deployed in real-
life applications. Our work is far from enough to
thoroughly measure the true robustness of MRC
models. We hope that it will be a first step leading
to more efforts along this direction.
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Appendix

A Failed Attacks

We introduce the two attacks that we explored but
did not work well: Word Replacement and Para-
phrase.

A.1 Word Replacement

For word replacement attack (WordReplace),
we adopt the state-of-the-art method: Se-
memePSO (Zang et al., 2020), and we used
RoBERTa as the target model to generate the ad-
versarial examples. Then we transferred these ad-
versarial examples to attack other models. The
original SememePSO attack was applied on sen-
tence classification tasks. Since the input of RACE
is much longer, in order to keep the running time
within budget constraints, we have set the popu-
lation size to 10 and number of maximum opti-
mization iterations to 5. We have also tried simple
random replacement strategies (randomly select a
candidate to replace the original word) which is not
effective in attacking the models. The results are
shown in Table 4, we find that although the attack
is effective in attacking the target model RoBERTa,
it is much less effective on other models, which
does not satisfy our model-agnostic requirement,
and hence this attack is not included in AdvRACE.

A.2 Paraphrase

For Paraphrase, we adopted the Syntactically Con-
trolled Paraphrase Network (SCPN) (Iyyer et al.,
2018) which generates paraphrases of a sentence
based on the given parse templates. The original
method was proposed to attack single-sentence text
classification problems. We generate paraphrases
for sentences in the passages as an attack. We
generated the Paraphrase test set with SCPN, us-
ing the top two levels of the linearized parse tree
of the sentence as the input parse template. We
have tried using other templates (such as using the
most frequent parse template in the test set pas-
sage sentences) that are different from the origi-
nal parse of the sentences, which results in more
syntactic variances, but also lower valid rate. As
shown in Table 4, although it is model-agnostic,
during human evaluation, we find that 15 out of
the 50 randomly sampled examples are labeled as
unanswerable. Among the 15 unanswerable exam-
ples, 13 examples are labeled as missing key infor-
mation, the other 2 are labeled as uninterpretable.

This suggests that it is difficult to generate high-
quality label-preserving adversarial examples by
paraphrasing for MRC. Due to the low validity
rate of the paraphrased examples, we exclude Para-
phrase in AdvRACE to ensure that our benchmark
is solvable for human.

BERT RoBERTa XLNet ALBERT

Original 68.5 83.7 79.9 86.0
WordReplace 64.2 70.7 74.7 80.5
Paraphrase 59.4 72.3 68.2 73.7

Table 4: Performance on WordReplace and Paraphrase
test set in comparison with performance on the original
RACE test set.

B Dataset Statistics

Each adversarial test set in AdvRACE contains
4934 questions, which corresponds to 1407 pas-
sages. The average length of each component is
shown in Table 5.

Test Set Passage Len Question Len Option Len

Original 316.2 11.0 6.3
AddSent 350.6 11.0 6.3
CharSwap 316.2 11.0 6.3
DE 316.2 11.0 6.8
DG 316.2 11.0 5.7

Table 5: Dataset Statistics of the original RACE test set
and the adversarial test sets in AdvRACE.

C Model Benchmarking
Hyper-parameters

The four models being benchmarked in the paper
are: BERT-large, XLNet, ALBERT-xxlarge and
RoBERTa-large. For both finetuning on the original
RACE training set and adversarial training, we use
learning rate 1.5e-5, weight decay 0.1, warmup
ratio 0.06, max sequence length 512, batch size 32,
max number of epochs 4. All experiments are done
on Tesla V100 GPUs.

D Adversarial Training

Adversarial training (AT) is a common method
to improve the robustness of NLP models where
adversarial examples are added into the training
data. In this section, we first examine how differ-
ent AT strategies improve the model performance
on various adversarial attacks. Next, we analyse
the reasons behind the performance improvement
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Original +AddSent +CharSwap +DE +DG Mix

Original 83.7 82.1 81.5 80.0 81.1 81.0
AddSent 62.3 88.0 57.8 76.2 65.6 88.0
CharSwap 69.4 67.5 74.1 66.4 67.2 75.4
Distractor Extraction 48.8 47.0 44.9 89.4 60.3 89.9
Distractor Generation 68.9 66.6 67.2 73.3 86.5 87.8

Average 66.6 70.2 65.1 77.1 72.1 84.4

Table 6: Results for adversarial training. Each column corresponds to one adversarial training method.

Orig AddSent-AT Mix-AT

AddSent 62.3 88.0 88.0
Diagnosis 95.8 19.7 11.3

Table 7: Model performance on AddSent and Diagno-
sis test set.

Orig DE DG

PQ-remove 39.8 73.8 83.7
Random 25.0 25.0 25.0

Table 8: Results for PQ-remove training and testing.

and highlight important flaws of using adversarial
training as defense.

D.1 Adversarial Training Experiments

Previous works have used adversarial training
to improve model robustness under specific at-
tacks (Jia and Liang, 2017; Wang and Bansal,
2018). In this section, we first explore this targeted
adversarial training setting where we randomly
sample 25% of training data, apply the attack on
the sampled training data, and add the perturbed
data into the original training set as augmentation.
Furthermore, we explore a mix adversarial training
setting, where we add all the four types of adver-
sarial data into the original training set together.
In this setting, each adversarial attack is applied
to 25% of the training data, so the resultant aug-
mented training data has double size of the original
training set.

We use RoBERTa for all the adversarial training
experiments with the same hyperparameters. The
experiment results are shown in Table 6, where
the first column is the model’s performance on the
original RACE test set, the middle four columns are
results of targeted adversarial training where each
of the individual adversarial attack data is added in
training. The last column shows results for the mix
adversarial training where all the four types of AT
data are added during training. We outline a few

interesting findings from our experiments:

• Adversarial training on one type of adversar-
ial data only improves model’s performance
on the attack that the model is adversarially
trained on, while generally decreasing its per-
formance on other test sets.

• Adversarial training on Distractor Extrac-
tion improves the model’s performance on
AddSent as well, possibly because that it
makes the model rely less on simple text
matching. Adversarial training on Distractor
Generation significantly improves the model’s
performance on the DE test set, while ad-
versarial training on DE also moderately im-
proves the model performance on the DG test
set, possibly due to the similar distractor re-
placement format of the two attack methods.

• Mix Adversarial training significantly im-
proves the model’s performance on all the
adversarial test sets with slight drop on the
original test set.

D.2 Understanding the effects of Adversarial
Training

While it appears that adversarial training has signif-
icantly improved the model’s performance under
adversarial attacks, it is unclear whether it has re-
ally made the model more robust. Moreover, we
find that on AddSent, DE, and DG, the adversari-
ally augmented model achieves higher performance
on the adversarial test set than the original test set,
which may suggest overfitting. Hence, we analyse
what is learned by the model during AT.

• AddSent Adversarial Training
We hypothesize that there exists spurious patterns
in the AT data which are exploited by the model. To
test this hypothesis, we construct a diagnosis test
set by inserting the concatenation of the question
and the correct answer into the passage, which does
not change the labels and adds additional lexical
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matching for the correct answer. In Table 7, three
models: RoBERTa finetuned on the original train-
ing set (Orig), under AddSent adversarial training
(AddSent-AT), and under mix adversarial training
(Mix-AT) are evaluated on the AddSent test set as
well as our diagnosis test set. Comparing the first
line with the second line, we find that RoBERTa
finetuned on the original training set achieves much
higher accuracy on the diagnosis test test, indicat-
ing that the insertion of correct answers makes it
easier for the model to identify the correct answer.
However, AddSent-AT and Mix-AT achieve miser-
able performance on the diagnosis test set, indicat-
ing such adversarially trained models are exploiting
spurious patterns to score well and the model will
fail when such patterns do not apply in the new test
set. Hence it is likely that the high performance
after AT is an overestimate, and better measures
should be taken as defense to ensure improvement
in the model’s robustness.

• DE and DG Adversarial Training
To examine the exploiting of spurious statistical
cues in the extracted and generated distractors,
we employ partial data training (Kaushik and Lip-
ton, 2018; Si et al., 2019) where we train and test
RoBERTa on RACE without the passages and ques-
tions (i.e., we only input the options to the model).
Under this setting, it is impossible for humans to
correctly answer the questions since only the op-
tions are provided. As shown in Table 8, we train
RoBERTa on: the original training set, DE adver-
sarial training data, and DG adversarial training
data, and test on their respective test sets. Under
such option-only (PQ-remove) setting, RoBERTa
achieves performance that is much higher than ran-
dom on the original, DE, and DG test sets. This
indicates that all the three datasets (original, DE
and DG) have spurious statistical cues that are ex-
ploited to achieve high performance in the option-
only setting. Moreover, models are exploiting such
cues in DE and DG datasets to a much larger extent
compared to on the original dataset. Thus, adding
these examples into training may lead to an overes-
timate of the model’s performance as the model can
easily exploit these spurious patterns to increase
the performance.

In summary, we find that the adversarially
trained models may not be more robust, and the
high scores achieved by adversarial training may
have overestimated the models’ robustness. We be-
lieve that more reliable defense methods should be

developed to improve the model’s robustness with-
out exploiting spurious statistical cues as a shortcut.
We leave such exploration to future work.

E Additional Examples

We present more examples of our DE and DG at-
tacks in Table 9.
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D
E Passage: I personally would be more concerned for the teenager who has to become independent without having any

familiarity with working. The biggest reason teens should be allowed to work is that it is a healthy way of earning
money. My dad told me, “Having a job is a good way to save up for things you are going to need or want to do. You get
a lot more out of things if you are financially responsible for them.” Kids need the freedom to choose how to spend their
money. The sooner they have an income, the sooner they can learn how to use money wisely. If they are not allowed to
work in high school, they may run into trouble in the future.
Question: The author’s father advised him to .
Answer: earn money to get what he wants
Predicted: work

D
E Passage: In a world with limited land, water and other natural resources, the harm from the traditional business model is

on the rise. Actually, the past decade has seen more and more forests disappearing and the globe becoming increasingly
warm. People now realize that this unhealthy situation must be changed, and that we must be able to develop in
sustainable ways. That means growth with low carbon or development of sustainable products. In other words, we
should keep the earth healthy while using its supply of natural resources. Today, sustainable development is a proper
trend in many countries. According to a recent study, the global market for low-carbon energy will become three times
bigger over the next decade. China, for example, has set its mind on leading that market, hoping to seize chances in the
new round of the global energy revolution.
Question: What is the main purpose of the passage?
Answer: To introduce a new business model.
Predicted: sustainable development

D
E Passage: Phyllis Lee of Singapore knew something wasn’t right. Her younger son, Alex, then six years old, was getting

good grades in his private kindergarten classes. But Lee realized something was wrong when Alex came home one day,
crying, with “zeroes” on his Chinese spelling test. Lee decided to investigate. According to Lee, the teacher would
frequently describe Alex’s Chinese writing as ’ghost writings’ and made him a laughing stock in class instead of helping
him out. Lee, 46, spent the next 12 months teaching Alex and still helps him when necessary. She not only taught him
the formation of the Chinese words but also their origin so that he could understand better, often taking more than an
hour to read a simple paragraph. Visits to the library and surfing the Internet kept her up to speed on teaching materials.
Alex’s grades improved and by the end of Year One, he had become one of the top students in Chinese in his class. Alex
is keeping an A - plus average in all subjects, and his mother’s involvement is a big reason behind it.
Question: Alex arrived home with tears because .
Answer: he failed in the Chinese exam
Predicted: “zeroes” on his Chinese spelling test

D
G Passage: A new survey finds that more than eighty percent of Internet users in the United States search for health

information online. The survey found that searching online is one of the leading ways that people look for a second
opinion though doctors are still the main source of health information. Forty-four percent of people are actually looking
for doctors or other providers when they search for health information online. Another finding of the survey: Two-thirds
of Internet users look online for information about a specific disease or medical condition. The Internet has also become
an important source of emotional support for people with health problems. Susannah Fox says one in five Internet users
has gone online to find other people who have the same condition. It was more popular among people with more serious
health issues–one in four people living with chronic diseases. They are so eager to find other people online who share
their health concerns. The rise of social networking has made it easier for people with rare diseases to connect with
each other and feel less alone.
Question: By using social networking, patients with rare diseases can .
Answer: get emotional comfort
Predicted: find other people online

D
G Passage: I was personally discouraged by an adult during my high school. After telling her what university I wanted to

attend, she plainly told me I would not get in. I was completely shocked and angry at her statement. The adult may
have not intended to hurt me with her words, but it had an after effect. The meeting made me think she had no belief
that I could possibly succeed in the future. After that it caused me to try to avoid any future meeting with adults until
absolutely necessary. We are all human; therefore, we can all understand that some days are more challenging. But
when people allow situations of stress to consume them, they cannot perform their best. People should pay attention to
how their reactions could affect the person they are interacting with. adults who come off in a rude and aggressive way
through communication have an effect on teenagers’ mind. Adults whether in schools, or any other institutions should
work to tear down walls gently and create a safe space for the person they are serving. These adults should also help
and contribute to a person’s academic, personal and professional growth. High school is an important time when young
people need someone to believe in them. In conclusion, I would like to add that it is not completely up to adults only.
Students are responsible for seeking help from adults who are in authority positions. They are also responsible for the
way they approach adults in their academic surroundings. Students can expect to be treated in a respectful way when
they express at the beginning. Generally the responsibility lies on both parties. When both sides can communicate in a
polite manner then the complete environment of the school has the potential to develop well.
Question: The passage is mainly about .
Answer: the adults’ role in school
Predicted: adults and teenagers

Table 9: Examples of DE and DG that successfully fooled RoBERTa model.
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Abstract

Pre-trained Transformer-based neural lan-
guage models, such as BERT, have achieved
remarkable results on varieties of NLP tasks.
Recent works have shown that attention-based
models can benefit from more focused atten-
tion over local regions. Most of them restrict
the attention scope within a linear span, or
confine to certain tasks such as machine trans-
lation and question answering. In this pa-
per, we propose a syntax-aware local atten-
tion, where the attention scopes are restrained
based on the distances in the syntactic struc-
ture. The proposed syntax-aware local atten-
tion can be integrated with pretrained language
models, such as BERT, to render the model to
focus on syntactically relevant words. We con-
duct experiments1 on various single-sentence
benchmarks, including sentence classification
and sequence labeling tasks. Experimental re-
sults show consistent gains over BERT on all
benchmark datasets. The extensive studies ver-
ify that our model achieves better performance
owing to more focused attention over syntacti-
cally relevant words.

1 Introduction

Recently, Transformer (Vaswani et al., 2017) has
performed remarkably well, standing on the multi-
headed dot-product attention which fully takes
into account the global contextualized informa-
tion. Several studies find that self-attention can
be enhanced by local attention, where the atten-
tion scopes are restricted to important local regions.
Luong et al. (2015); Yang et al. (2018); Xu et al.
(2019); Nguyen et al. (2020) utilize dynamic or
fixed windows to perform local attention. Strubell

∗Contribution done during internship at Tencent Cloud
Xiaowei.

†Corresponding author.
1The code is available at https://github.com/

Neutralzz/syntax_aware_local_attention

et al. (2018); Zhang et al. (2020); Bugliarello and
Okazaki (2020) explore to utilize syntax to restrain
attention for better performance, but each of them
confines to a certain task.

In this work, we propose a syntax-aware local
attention (SLA) which is adaptable to several tasks,
and integrate it with BERT (Devlin et al., 2019).
We first apply dependency parsing to the input text,
and calculate the distances of input words to con-
struct the self-attention masks. The local attention
scores are calculated by applying these masks to
the dot-product attention. Then we incorporate the
syntax-aware local attention with the Transformer
global attention. A gate unit is employed for each
token in each layer, which determines how much
attention is paid to syntactically relevant words.
We lift weights from existing pre-trained BERT,
and evaluate our models on several single-sentence
benchmarks, including sentence classification and
sequence labeling tasks. Experimental results show
that our method achieves consistent performance
gains over BERT and outperforms previous syntax-
based approaches on the average performance. Fur-
thermore, we compare our syntax-aware local at-
tention with the window-based local attention. We
find that the syntax-aware local attention is more
involved in the aggregation of local and global at-
tention. The attention visualization also validates
the syntactic information supports to capture im-
portant local regions.

To summarize, this paper makes the following
contributions: i) SLA can capture the information
of important local regions on the syntactic structure.
ii) SLA can be easily integrated to Transformer,
which allows initialization from pre-trained BERT
by increasing very few parameters. iii) Experi-
ments show the effectiveness of SLA on various
single-sentence benchmarks.
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Figure 1: An overview of our model.

2 Related Work

2.1 Transformer Attention

Transformer (Vaswani et al., 2017) use stacked
self-attentions to encode contextual information
for input tokens. The calculation of self-attention
depends on the three components of queries Q,
keys K and values V, which are projected from
the hidden vectors of the previous layer. Then the
attention output A of one head is computed as fol-
lows:

Mij =

{
0, allow to attend
−∞, prevent from attending

A = softmax(
QKT

√
d

+M)V

(1)

where d is the dimension of keys and the mask
matrix M controls whether two tokens can attend
each other. Within the standard self-attention layer,
global attention mechanism is employed that each
token provides information to other tokens in the
input sentence.

2.2 Local Attentions

Local attention involves limiting each token to at-
tend to a subset of the other tokens in the input.
Many works utilize a fixed or dynamic window
to derive the important local regions. Luong et al.
(2015) first propose a Gaussian-based local atten-
tion and increase BLEU scores for neural machine
translation. Yang et al. (2018) improve the method
of Luong et al. (2015) by predicting a central po-
sition and window size to model localness. Com-
pared with Yang et al. (2018), Nguyen et al. (2020)

attempt to derive the local window span by a soft-
masking method. However, Levy and Goldberg
(2014) suggest that more informative representa-
tions can be learned from the syntactic structure, in-
stead of a window of surrounding tokens. Strubell
et al. (2018) propose to train one attention head to
attend to each token’s syntactic parent for semantic
role labeling. Zhang et al. (2020) also leverage the
syntactic information to self-attention, but confine
to question answering. Thus, we explore to take
advantage of the syntactic structure to improve the
model performance on various benchmarks.

3 Approach

In this section, we first introduce the syntax-aware
local attention, and then integrate it with standard
Transformer attention. As shown in Figure 1, we
extend the Transformer layer with the syntax-aware
local attention. Syntax-based masking is applied to
the dot-product of queries and keys. The final at-
tention scores are computed by incorporating local
attention with standard global attention. We stack
new layers and initialize weights from pre-trained
BERT.

3.1 Syntax-aware Local Attention

We derive syntactic structure from dependency
parsing, and treat it as an undirected tree. Each
token xi is mapped to a tree node vi, and the dis-
tance of node vi and vj is denoted by dis(vi, vj).
However, the input may be an ungrammatical sen-
tence in some tasks, and the dependency parser is
not very accurate. Thus, we calculate the distance
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from neighboring tokens of xi to token xj as:

D(i, j) = min dis(vk, vj), k ∈ [i−1, i+1] (2)

The motivation is that many attention heads spe-
cialize in attending heavily on the next or previous
token (Clark et al., 2019). Then, in order to de-
termine whether token xj can attend to token xi,
a threshold m is applied to restrict the distance
D(i, j). For simplification, the mask matrix Mloc

calculation can be formulated as:

Mloc
ij =

{
0, D(i, j) ≤ m
−∞, otherwise

(3)

Given the query Q and key K projected from the
hidden vectors H, the syntax-aware local attention
scores Sloc are formally defined as:

Sloc = softmax(
QKT

√
d

+Mloc) (4)

where d is the dimension of keys. In this local
attention, two tokens can attend to each other only
if they are close enough in the dependency tree.

3.2 Attention Aggregation

As shown in Figure 1, the final attention is the
aggregation of syntax-aware local attention and
Transformer attention. We denote the Transformer
attention scores by Sglb. A gated unit is used to
combine the global and local attention scores. The
gate value gi for each token xi is calculated as
follows:

gi = σ(Wghi + bg), (5)

where hi is the hidden vector of token xi from the
previous layer, Wg is a learnable linear transfor-
mation and bg is the bias. Then the attention output
Âi is calculated as a weighted average over values
V, and the weights are derived from global and
local attention scores:

Âi = (giS
loc
i + (1− gi)Sglbi )V. (6)

A larger gate value means more focused atten-
tion over syntactically relevant words. It can be
seen that, if all the outputs of gated units are equal
to 0, we could obtain the standard Transformer at-
tention. Compared with the original architecture,
our self-attention layer has one more input (Mloc)
and two more trainable parameters (Wg and bg).
Thus, we can easily lift weights from existing pre-
trained BERT models.

4 Experiments

4.1 Experimental Setup
Benchmarks We use two English single-
sentence classification datasets from the GLUE
benchmark (Wang et al., 2018). We test on the
CoLA and SST-2 datasets for acceptability and
sentiment classification. Besides, we evaluate
our method on two sequence labeling tasks:
named entity recognition (NER) and grammatical
error detection (GED). We use the CoNLL-2003
and FCE datasets for NER and GED, respec-
tively. The training procedures are introduced in
Appendix A.1.

Configuration All the training experiments are
based on BERT. We use the uncased version of
BERT for CoLA and SST-2, and the cased version
for CoNLL-2003 and FCE. We derive dependency
tree using Spacy2. More implementation details
are reported in Appendix A.2.

Baselines We apply the syntax-aware local at-
tention (SLA) to BERT. In addition to comparing
with BERT, we also investigate the following ap-
proaches:

SGNet Zhang et al. (2020) present a syntax-
guided self-attention layer, where each word is lim-
ited to interact with all of its syntactic ancestor
words. Then they stack this layer on the top of the
pre-trained BERT model3, instead of modifying the
Transformer architecture.

LISA Strubell et al. (2018) restrict each token
to attend to its syntactic parent in one attention
head4. We apply it to BERT and add the corre-
sponding supervision at the last attention head in
each Transformer layer.

Besides, we implement the window-based local
attention (WLA), which allows each token to at-
tend to the neighboring tokens within a window
size 2k + 1 (varying k in {3,4,5}). Then it is also
integrated with BERT as shown in Section 3.2.

4.2 Main Results
Experimental results are shown in Table 1. We
report results on the dev set of CoLA and SST-
2 and the test set of CoNLL-2003 and FCE. We
employ t-tests to see if the mean difference dif-
fered from 0 between the standard attention and
our proposed attention. It can be seen that our

2https://spacy.io/
3https://github.com/cooelf/SG-Net
4https://github.com/strubell/LISA
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CoLA SST-2 CoNLL-2003 FCE (M2)
Models Params Avg. MCC Acc P R F1 P R F0.5

State-of-the-art Models
ERNIE 2.0 (Sun et al., 2020) - - 65.4 96.0 - - - - - -
T5 (Raffel et al., 2019) - - 71.6 97.5 - - - - - -
BERT-MRC (Li et al., 2020) - - - - 92.3 94.6 93.0 - - -
BERT-GED (Bell et al., 2019) - - - - - - - 65.0 38.9 57.3

Base-size Models
BERT (Devlin et al., 2019) 110M - 58.9 92.7 - - 92.4 - - -
LISA (Strubell et al., 2018) 110M 74.8 59.8 92.0 90.7 92.2 91.4 63.4 38.6 56.1
SGNet (Zhang et al., 2020) 133M 74.8 59.2 93.1 90.9 92.6 91.7 60.9 40.7 55.4
BERT (Our reimplementation) 110M 74.6 58.7 93.1 91.0 92.3 91.6 60.5 40.0 54.9

+ WLA + 0.01M 75.0 59.6 92.8 91.3 92.9 92.1 60.4 41.3 55.3
+ SLA + 0.01M 75.3 60.0↑ 93.3 91.5↑ 92.9↑ 92.2↑ 61.0↑ 41.3↑ 55.7↑

Large-size Models
BERT (Devlin et al., 2019) 340M - 60.6∗ 93.2∗ - - 92.8 - - -
LISA (Strubell et al., 2018) 340M 76.2 62.2 92.7 91.3 92.6 92.0 63.4 43.2 57.9
SGNet (Zhang et al., 2020) 381M 76.6 63.3 93.6 91.5 92.8 92.1 63.1 42.5 57.5
BERT (Our reimplementation) 340M 76.9 63.9 94.0 91.7 93.1 92.4 62.7 42.6 57.3

+ WLA + 0.02M 76.6 62.7 93.9 91.5 93.1 92.3 61.9 44.5 57.4
+ SLA + 0.02M 77.4 64.5↑ 94.3↑ 92.3↑ 93.4 92.9 63.9↑ 42.3 58.0↑

Table 1: Results on single-sentence benchmarks. Results with “∗” are taken from Liu et al. (2019). “↑” means
statistically significant improvement over the BERT baseline with p-value < 0.05. Reported results are averaged
over 5 runs. “Params” is short for the number of model parameters. “MCC” is short for the Matthews correlation
coefficient.

method achieves consistent gains over BERT on
single-sentence classification and sequence label-
ing tasks. Specifically, our model exceeds the pub-
lished BERT results by 3.9% correlation coeffi-
cient on CoLA and 1.1% accuracy on SST-2. For
the NER task, even though our reimplementation
didn’t achieve the performance (92.8 F1) reported
by Devlin et al. (2019), our model still outperforms
it in large-size. More importantly, the syntax-aware
local attention yields state-of-the-art results with
0.7 absolute improvements on FCE.

Besides, the proposed local attention outper-
forms other approaches leveraging syntactic infor-
mation on the average performance. Compared
with BERT, the syntax-aware local attention im-
proves performances consistently but the window-
based local attention can’t. This suggest that BERT
can benefit from more attention over syntactically
relevant words on several datasets.

However, there are still some gaps between our
model and the state-of-the-art models on these
datasets. We argue that our method just modifies
the standard Transformer attention without chang-
ing its main architecture, but those models are
trained by using more advanced pre-training meth-
ods (Sun et al., 2020), larger-scale datasets (Raf-
fel et al., 2019), or learning framework (Li et al.,
2020).
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Figure 2: Gate values in different layers on SST-2 and
FCE datasets. The blue polyline means that we incor-
porate the window-based local attention with global at-
tention, and the red polyline corresponds to the syntax-
aware local attention.

4.3 Analysis

Gated Unit in Each Layer It can be seen from
Equation (6) that a larger gate value means a more
important role of local attention in the attention
aggregation. We analyze the gate values in different
layers on SST-2 and FCE datasets. The gated unit
outputs are collected from the best-trained base-
size models, and are averaged over all input tokens
in each layer.

As shown in Figure 2, on the SST-2 dataset, the
syntax-aware local attention has higher values than
the window-based local attention in most layers.
Even if the sentences of the FCE dataset are un-
grammatical, our attention plays a more impor-
tant role in 8 of 12 layers. It indicates that our
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Input: In a way, the film feels like a breath of fresh air, but only to those that allow it in.

Figure 3: Visualization of attention scores averaged over all heads and all layers. This case is selected from the
SST-2 dev set. The red rectangle indicates higher scores on the right side but lower scores on the left side.

QNLI RTE MRPC STS
Models Acc Acc Acc PCC

BERT 91.7 68.6 87.3 89.5
+SLA 91.4 67.8 88.5 89.9

Table 2: Experimental results on sentence-pair classi-
fication datasets. All models are base-size and results
are reported on their dev sets. “PCC” is short for the
Pearson correlation coefficient.

local attention is more important in the attention
score calculation process. Besides, Table 1 and
Figure 2 illustrate that our model achieves better
performances owing to more attention on syntacti-
cally relevant words.

Attention Visualization In order to compare the
syntax-aware attention with the window-based at-
tention, we plot their attention scores in Figure 3.
As formulated in Equation (6), the attention scores
are calculated from the aggregation of global and
local attention. We mainly focus on the interactions
of tokens, except for [CLS] and [SEP]. Then the
attention scores are averaged over all heads and
layers. This visualization validates the effective-
ness of incorporating syntactic information into
self-attention. As shown in Figure 3, we can see
that there are many informative tokens overlooked
by the window-based method (left) but captured by
our method (right). For instance, the syntax-aware
attention allows the tokens “fresh air” and “allow”
to strongly attend to the token “film”, but these to-
kens are paid less attention in the window-based
attention.

Testing on Sentence-Pair Classification We at-
tempt to evaluate our model on sentence-pair clas-
sification datasets. Given a single sentence, we
can easily apply dependency parsing and restrain
the attention scopes inside the sentence. But for
pairwise classification, one problem is how to limit
the scopes between a pair of sentences. So a naive
approach is adopted, that each token in a sentence
can attend to all tokens in another sentence. We
conduct experiments on four pairwise classifica-
tion datasets from GLUE benchmark (Wang et al.,
2018), which cover paraphrase, textual entailment
and text similarity.

Experimental results are shown in Table 2. The
syntax-aware local attention achieves better perfor-
mances on MRPC and STS, but doesn’t perform
well on RTE and QNLI. We suspect that it is be-
cause the cross-sentence interactions are more im-
portant for textual entailment task.

5 Conclusion

This work verifies that BERT can be further pro-
moted by incorporating syntactic knowledge to the
local attention mechanism. With more focused
attention over the syntactically relevant words,
our model achieves better performance on various
benchmarks. Additionally, the extensive experi-
ments demonstrate the universality of our syntax-
aware local attention.
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A Appendices

A.1 Training Procedure

We extend the Transformer encoder layer and lift
weights from BERT to our model. Following De-
vlin et al. (2019), we apply the fine-tuning proce-
dure for various NLP tasks. For classification tasks,
the final output of the first token [CLS] is taken
as the representation of the input. The probability
that the input sentence X is labeled as class c is
predicted by a linear transformation with softmax:

P (c |X) = softmax(Wch[CLS] + bc) (7)

where h[CLS] is the representation of the token
[CLS], Wc and bc are task-specific parameters.
For labeling tasks, we apply the BIO annota-
tion (Ratinov and Roth, 2009) to label outputs and
compute the probability that token xi belongs to
class c as:

P (c |xi) = softmax(Wthi + bt) (8)

where hi is the representation of the token xi, Wt

and bt are task-specific parameters. Finally, the
training objective for all tasks is to minimize the
cross-entropy loss.

A.2 Implementation Details

We apply the whitespace tokenization to the input
sentence, and obtain the dependency tree using
the Spacy parser5. However, the BERT inputs are
tokenized by WordPiece tokenizer, which means
one word may be split into several sub-words. To
address this issue, for each word in the dependency
tree, the sub-words split by WordPiece tokenizer
share the same masking value in the calculation of
syntax-aware local attention.

An important detail is that BERT represents the
input by adding a [CLS] token at the beginning as
the special classification embedding and separating
sentences with a [SEP] token. Clark et al. (2019)
find that these special tokens are attached with a
substantial amount of BERT’s attention. Thus, the
[CLS] and [SEP] tokens are guaranteed to be
present and are never masked out in our local atten-
tion.

We use the uncased version of BERT for CoLA
and SST-2, and the cased version for CoNLL-2003
and FCE. During the training, we empirically se-
lect the threshold m from {3,4}. The maximum

5https://spacy.io/

sequence length is set to 128 for all tasks. We use
Adam (Kingma and Ba, 2015) as our optimizer,
and perform grid search over the sets of the learn-
ing rate as {2e-5, 3e-5} and the number of epochs
as {3,5,10} for most tasks. In particular, we use
smaller learning rates {5e-6, 1e-5, 2e-5} and train
more epochs {30, 60} on CoNLL-2003, but the
average F1 of the best 5 runs still hasn’t reached
the results reported by Devlin et al. (2019). The
batch size is fixed to 32 to reduce the search space,
and we evaluate models every 500 training steps
for all datasets. Furthermore, we experiment with
the window-based attention on BERT, which allows
each token to pay more attention to the neighboring
tokens within a window size 2k+1. We vary the k
within {3,4,5}, and also incorporate the attention
scores with global attention scores.

A.3 Testing on Chinese Benchmarks
The ChnSentiCorp dataset is used for sentiment
classification task. We treat the ChnSentiCorp as
single-sentence datasets although there are some
examples including multiple sentences. The MSRA
NER and CGED datasets are selected for named
entity recognition and grammatical error detection
in Chinese. The accuracy (Acc) is used as the met-
ric of ChnSentiCorp, the precision, recall and F1

are used as metrics of MSRA NER and CGED. In
particular, for a fair comparison with the results
of iFLYTEK’s single model (Fu et al., 2018), we
construct the CGED test set from CGED 2016 and
2017 test sets. Then we report detection-level re-
sults computed by the official evaluation tool.

Table 3 shows the main results on Chinese
datasets. All results are reported on their test set.
The proposed syntax-aware local attention outper-
forms the window-based attention and the basic
BERT on all evaluated datasets. We attain 95.7
accuracy on ChnSentiCorp and 94.9 F1 on MSRA
NER. Besides, BERT+SLA outperforms the state-
of-the-art with a large margin on CGED.
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ChnSentiCorp MSRA NER CGED
Models Acc P R F1 P R F1

State-of-the-art Models
ERNIE 2.0 (Sun et al., 2020) 95.8 - - 95.0 - - -
BERT-MRC (Li et al., 2020) - 96.2 95.1 95.7 - - -
ePMI Matcher (Fu et al., 2018) - - - - 83.2 61.0 70.4

Base-size Models
BERT (Our reimplementation) 94.7 95.0 94.6 94.8 79.9 75.2 77.5

+ WLA 95.1 95.1 94.2 94.6 79.9 73.5 76.6
+ SLA 95.7 94.9 95.0 94.9 81.0 76.6 78.7

Table 3: Experimental results on Chinese single-sentence benchmarks. We only show the results of base-size
models because Google has not released the large-size model. Reported results are averaged over 5 runs.
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Abstract

In the Chinese medical insurance industry, the
assessor’s role is essential and requires sig-
nificant efforts to converse with the claimant.
This is a highly professional job that involves
many parts, such as identifying personal infor-
mation, collecting related evidence, and mak-
ing a final insurance report. Due to the coron-
avirus (COVID-19) pandemic, the previous of-
fline insurance assessment has to be conducted
online. However, for the junior assessor of-
ten lacking practical experience, it is not easy
to quickly handle such a complex online pro-
cedure, yet this is important as the insurance
company needs to decide how much compen-
sation the claimant should receive based on
the assessor’s feedback. In order to promote
assessors’ work efficiency and speed up the
overall procedure, in this paper, we propose a
dialogue-based information extraction system
that integrates advanced NLP technologies for
medical insurance assessment. With the assis-
tance of our system, the average time cost of
the procedure is reduced from 55 minutes to 35
minutes, and the total human resources cost is
saved 30% compared with the previous offline
procedure. Until now, the system has already
served thousands of online claim cases.

1 Introduction

In the Chinese medical insurance industry, the as-
sessor’s role is essential in handling protection
claims. The insurance assessor may work for the in-
surance company or be a third-party administrator
assessor. The claimant approaches the insurance
assessor to evaluate the disease that has affected
them. For example, if the claimant has lung cancer,
the insurance assessor would check the medical
cost and decide if they are claimable. Once the
assessor has finished collecting the evidence and
related claimant information (i.e., disease history,

∗Equal contributions.

medication experience, in-hospitalized information,
etc.), a final detailed case report will be made and
sent to the insurance company.

The traditional insurance assessment procedure
is carried out offline where the assessor conducts an
onsite interview with the claimant. Due to the coro-
navirus (COVID-19) pandemic, the previous offline
insurance assessment has to be interrupted tem-
porarily, and thus many claimants can not get their
insurance compensation in time. Some of them,
meanwhile, may also suffer job loss1. To help these
claimants, many insurance companies shift the of-
fline procedure to the online platform in which in-
surance assessors can communicate with claimants
via video connection. In this way, claimants can
submit their applications and get compensations
entirely online. On the other hand, the online as-
sessment also helps the insurance company save
expenses as the assessor can quickly approve quali-
fied applications or screen out applications that do
not conform to the claims on the online platform.

However, limited by the complexity of the insur-
ance assessment procedure and the instability of
the online environment, simply providing a video
connection for insurance assessors and claimants
is still insufficient. We summarize three primary
challenges for the current online procedure: (1)
Instability. The online video connection may some-
times be unstable, and the assessor may not distin-
guish the claimant’s words. (2) Complexity. The
insurance assessment procedure is very complex,
and not all assessors are sufficiently experienced.
The junior assessors, in particular, need much as-
sistance to complete their work expertly, and even
some senior assessors still have room for improve-
ment. (3) Time-consuming. Recording the key
information and writing the insurance report is te-

1According to the statistics result from the United Nations,
COVID-19 could cause the equivalent of 400 million job
losses in the second quarter of 2020.
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Resident Information
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Figure 1: The illustration of the front end of Intelligent Insurance Assessment System.

dious for most assessors, and junior assessors may
even forget some important information during the
inquiry.

To this end, we propose an Intelligent Insurance
Assessment System, called IIAS (shown in Fig-
ure 1) for medical insurance assessment. The sys-
tem aims at promoting the work efficiency of the
insurance assessor through dialogue-based infor-
mation extraction. For these purposes, We use
recent NLP technologies, such as streaming au-
tomatic speech recognition (ASR) (Moritz et al.,
2020; Mani et al., 2020), large scale pre-trained lan-
guage models (Devlin et al., 2019; Cui et al., 2019),
sentence similarity learning (Chen et al., 2017;
Peng et al., 2020), named entity recognition/linking
(NER/EL) (Le and Titov, 2018; Devlin et al., 2019)
and dialogue state tracking (DST) (Ouyang et al.,
2020; Zhang et al., 2020b), to ensure high per-
formance while requiring only a small amount of
annotated data.

Our IIAS alleviates the cognitive workload of
assessors in several steps: (1) Our streaming ASR
transforms speech signal into the conversation text
in real-time, and our sentence similarity learning
method labels corresponding topics for each con-
versation on-the-fly. (2) Our NER component then
extracts raw entities from the real-time conversa-
tion text, and the EL part links the raw entities
into the unified insurance knowledge base (KB)
for getting all possible keywords. (3) Our DST
method, including question and negation identifica-
tion modules, tracks the state of dialogue context
for filtering irrelevant keywords.

To the best of our knowledge, this is the first
work to propose an intelligent system for insurance

assessment. The main contributions of our work
are concluded as follows.

• We propose a dialogue-based information ex-
traction system that shifts the previous insur-
ance assessment procedure online and pro-
vides necessary intelligent assistance for the
assessor.

• We apply recently advanced NLP technolo-
gies to address the problem of online insur-
ance assessment. Our methods significantly
improve the assessor’s work efficiency, where
the average time cost of the insurance assess-
ment procedure is reduced from 55 minutes
to 35 minutes.

• Our system has already been deployed in the
real world. Until now, it has served thousands
of online insurance claim cases, which deliv-
ers potential value to the insurance industry.

2 System Framework and Technique
Details

Figure 2 shows the architecture of IIAS with key
components such as streaming ASR, dialogue seg-
mentation, keyword extraction (NER and EL), key-
word filtering (question and negation identifica-
tion), and downstream applications (keyword dis-
play and report filling).

As previously mentioned, recording the infor-
mation during the assessment is tedious for most
insurance assessors. In order to increase the effi-
ciency of information collection and reduce the
assessor’s cognitive workload, IIAS provides a
keyword-based feature that first displays keywords
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Figure 2: The Architecture of Intelligent Insurance Assessment System.

on the system dashboard and then intelligently sug-
gests the related content when assessors are filling
in the insurance report.

For better understanding, we discuss the techni-
cal details for each key component in the following
subsections. Besides, we also present the partial
experimental result corresponded to each compo-
nent.

2.1 Dialogue Segmentation

Dialogue segmentation aims at detecting the topic
of the real-time conversation text. As the insur-
ance assessment procedure is conducted according
to the content that needs to be filled in the insur-
ance report, different dialogue between the assessor
and claimant is focused on different topics. These
topics can be seen as different questions that the
claimant needs to answer. For example, the asses-
sor may start with the topic about the claimant’s
work address, and then inquire about when the
disease starts and where the claimant receives the
treatment, and finally inquire about the doctor’s
advice and in-hospitalized information. Here we
use the sentence similarity learning method to map
the assessor utterance into the corresponding topic.

First, we order the one-to-many mapping rela-
tionship between the topic and standard questions
that most assessors inquire in the insurance as-
sessment procedure. We select the representative
utterance from the assessor as the standard ques-
tion. The standard question is a set of questions
that represent different topics across all assessors.
We select the standard question by running HDB-

SCAN clustering algorithm (McInnes et al., 2017)
followed with a human adjustment. Since the ways
of inquiry among assessors are different, and the
ASR results are sometimes affected by the out-
side speech signals, we use the Enhanced-RCNN
model (Peng et al., 2020) to calculate the similarity
score between the utterance and selected standard
questions, and get the topic of the utterance if the
score is greater than the threshold (the default value
is 0.5) or follow the topic of the previous utterance
if the score is less than the threshold.

After the dialogue segmentation, the whole di-
alogue is segmented into many parts that belong
to different topics so that the keywords extracted
in the following process can be linked with these
topics in real time. We evaluate the performance of
dialogue segmentation by 200 online cases with the
human annotation. The accuracy of segmentation
reaches 90%.

2.2 Keyword Extraction

In the insurance assessment scenario, the keyword
contains five types2, and their values are not within
a limit number. Therefore, any string fragment of
assessor or claimant utterance may become a key-
word. Traditional slot filling methods with classifi-
cation models in the task-oriented dialogue system
cannot predict unseen slot values in a pre-defined
value list and are not appropriate to our scenario.
To solve the problem, we convert the keyword ex-
traction as a sequence labeling task and use the

2Address, Hospital, Disease, Date, and Examination
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Figure 3: The sequence labeling BERT model for NER.

Entity Type Addr. Hos. Dis. Date. Exam.
F1-Score (%) 78.2 78.3 83.1 85.1 85.4

Table 1: Test performance of the NER/EL model on
five entity types.

BERT-based NER model (Devlin et al., 2019).
We first pre-annotate the keyword type in the

utterance as Addr, Hos, Dis, Date, Exam or
Other (non-named entity) and follow the offi-
cial tutorial in NER3. The visual representation
of BERT-based NER model is shown in Figure 3.
For fine-tuning, we feed the final hidden represen-
tation for each token into a classification layer over
the NER label set, and the predictions are non-
autoregressive and no CRF (Devlin et al., 2019).
After the NER process, we get the raw entities ex-
tracted from the utterances. As the word accuracy
of ASR is about 85%, some of the derived entities
may be misrecognized (correct entity type but with
a wrong form). In order to alleviate the negative ef-
fect of the ASR module, we use the EL model (Le
and Titov, 2018) to recognize and disambiguate the
raw entities to the insurance KB that contains the
normalized address, hospital and disease informa-
tion for getting all possible keywords.

To measure the NER/EL model’s performance
separately, we take the F1-Score as the evaluation
metric. The experimental results on the human-
annotated testing set are shown in Table 1. The
results show that the NER/EL models achieve good
performance on all five entity types as the average
F1-score has reached 82%.

2.3 Keyword Filtering

During the insurance assessment procedure, the
assessor always asks the claimant many detailed
questions. As a result, a part of entities extracted

3https://github.com/google-research/bert

by the previous keyword extraction process may
come from the assessor’s question text and actu-
ally do not need to be displayed or suggested if
the claimant’s following response has negative se-
mantics. To filter the irrelevant keywords extracted
by the previous process and increase the accuracy
of keyword display and report filling, we design a
DST method for keyword filtration. Like the ap-
plication in the task-oriented dialogue system, the
DST method tracks the keyword’s state (addition
or deletion) and contains two major modules: ques-
tion identification and negation identification. The
assessor’s conversion text is first fed to the question
identification module. Suppose the text is identi-
fied to be a question. In that case, the extracted
keyword from it will be reserved temporarily and
only displayed (or recommended) once they are
confirmed by the claimant (decided by the negation
identification module).

2.3.1 Question Identification
Question identification determines whether the cur-
rent utterance belongs to part of the insurance as-
sessor’s inquiry. We convert question identification
as the binary classification task and utilize the text
classification model to solve it.

We utilize the LSTM (Hochreiter and Schmid-
huber, 1997), one of the most popular text classifi-
cation models, as the base model. In this case, the
input x = {x1, x2, ..., xT } is the text transformed
by the ASR module where xt is the word after
segmentation. The output is a label y indicating
whether the text is a question or not.

Based on the observation, the insurance assess-
ment’s topic distribution is diverse, and the accu-
racy of question identification is highly relevant
to the concrete topic (i.e., resident/work address,
medication experience, or disease history). There-
fore, training a single model for covering all the
topics is actually not the best solution in our sce-
nario, and it is necessary to train different identi-
fication models for different topics. However, the
total amount of manually labeled data is not large
enough to train multiple classifiers for every topic.
To alleviate this issue, we adopt the adversarial
multi-task training method (Liu et al., 2017; Yang
et al., 2020). Compared with the multi-task train-
ing method, the adversarial-based training method
improves the question identification model’s perfor-
mance for general purposes and a particular topic
with only a few labeled data.

Experimental results on different training meth-
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Figure 4: An example of IIAS workflow. In this example, the real-time conversation text is segmented into two
topics, and keywords extracted from the utterances are first filtered, and then displayed on the system dashboard,
and finally suggested when the assessor fills in the insurance report.

Model Accuracy (%)
Single Model 61.2
Multi-task Model 75.1
Adversarial Multi-task Model 78.4

Table 2: Test Performance on Question Identification.

ods are presented in Table 2. The results show that
the adversarial multi-task model achieves the best
accuracy among three compared models, which in-
dicates that the adversarial learning method is more
appropriate to the insurance scenario that the topic
distribution of question is unbalanced.

2.3.2 Negation Identification

After the question identification module, the fol-
lowing claimant’s utterance is feed to the nega-
tion identification module. The keywords extracted
from the question are only displayed on the system
dashboard if the claimant confirms. Here we use
the BERT-based binary-classification model (De-
vlin et al., 2019) for negation identification. The
input is the current claimant utterance with the pre-
vious two rounds of utterances from the assessor
and claimant (we use [SEP] to separate them).
The output is the label indicating whether the cur-
rent utterance has negative semantics or not (the
final layer is a two-class softmax layer). From the
performance on the human-annotated testing set,
the negation identification module’s accuracy is
92%.

The ablation study on the DST method’s contri-
bution (question and negation identification mod-
ules) is present in the experiment section.

2.4 Applications
Based on the previous three steps, the system gets
filtered keywords extracted from the real-time con-
version text, and these keywords are classified into
different topics simultaneously.

To help the assessor better do their job, we iden-
tify two types of generic applications for derived
keywords: keyword display and report filling. The
keyword display aims at displaying information ex-
tracted from the real-time conversation text on the
system dashboard. Furthermore, the report filling
aims at recommending related contents when the
assessor fills in the specific part of the insurance
report. For ensuring a good user experience, we
sort extracted keywords by the reversed order of
utterances in the dialogue and limit the maximal
number of recommended contents as 5. We show
an example to illustrate the IIAS workflow in Fig-
ure 4. The figure shows how IIAS extracts the
information from the real-time conversation text
and uses them for the downstream applications.

For the insurance assessor, keyword display and
report filling significantly alleviate the workload of
remembering all the claimant information during
the inquiry procedure. To further evaluate IIAS’s
overall contribution to the assessor’s work, we con-
duct different experiments in the experiment sec-
tion.

3 Experiments

3.1 Insurance Assessment Dataset
We manually construct an insurance assessment
dataset from the real-world environment and use it
for evaluating the performance of IIAS. The dataset
consists of 200 online cases, and each case contains
two parts: a multi-turn dialogue and a correspond-
ing insurance report that the assessor needs to fin-
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Items Train Test
Num of dialogs 5000 200
Average Rounds Per Dialog 497.6 501.2
Average Keywords Per Dialog 25.3 27.9

Table 3: Statistics of Insurance Assessment Dataset.

ish. To ensure the high quality of the dataset, we
employ five real insurance assessors to fill in the
insurance report by selecting a string fragment of
the utterance from the given multi-turn dialogue.
Here we screen out forms in the insurance report
that cannot be filled based on the given multi-turn
dialogue. Table 3 shows the detailed statistics of
the insurance assessment dataset.

In order to protect data privacy, the usage of
the claimant’s private data must be authorized.
We have obtained explicit permissions from the
claimant to use their personal private data before
the insurance assessment. If a claimant disapproves
of the authorization, we will not use her/his data.
For the authorized user privacy data, we have a
series of strict processes to ensure the data remain
confidential.

3.2 Experimental Setup

3.2.1 Method in Comparison
As far as we know, there is no similar research work
in the insurance industry. To examine the effective-
ness of IIAS, we compare it with the retrieval-based
system on the report filling performance. Different
from IIAS that is mainly based on the real-time
ASR and speaker recognition, the retrieval system
suggests retrieved results from the pre-constructed
KB based on the conversation text. For example,
the system will recommend top-k relevant disease
nouns in the KB when the assessors fill in the form
about what disease the claimant is diagnosed with.
To be aligned with IIAS, we limit the retrieved
number k in the retrieval system as 5.

The major limitations of the retrieval system are
that the content that needs to be filled may only
exist in the conversation text but not appear in the
pre-constructed KB.

3.2.2 Evaluation Metrics
The evaluation process is divided into offline and
online parts.

Offline Evaluation: We choose the recall as
the metric to evaluate the system performance of
report filling. The recall measures the ratio of sug-

gested correct content to all ground-truth content
that needs to be filled.

Online Evaluation: We choose the time-saving
and efficiency-improving as metrics because our
work’s primary purpose is to alleviate assessors’
workload and reduce the insurance assessment pro-
cedure’s time cost.

3.3 Evaluation Results and Discussions

The experimental results4 on the report filling per-
formance between IIAS and the retrieval system
are shown in Table 4 and Table 5.

We summarize our observations as follows:
(1) Our IIAS is generally better than the retrieval

system on the record filling’s performance for most
topics. This shows that using the method based
on speaker recognition is more effective with less
dependence on the pre-constructed KB.

(2) For entities of Addr type, the retrieval sys-
tem achieves comparative performance than IIAS.
This indicates that the address entities are relatively
fixed and easy to be included in the pre-constructed
KB. For this type of entity, the retrieval system is
more appropriate.

(3) For entities of Exam and Dis types, our
system achieves much better performance than the
retrieval system. This shows that for those entity
types that are diverse and hard to be included by the
pre-constructed KB, using the NER/EL methods
to extract keywords from the utterances is more
appropriate.

3.4 Ablation Study

We perform the ablation study to validate the contri-
bution of the DST method (question and negation
identification). Since the DST method filters out
irrelevant keywords extracted by the NER/EL mod-
ules, we choose the hospital and disease types that
frequently appear in the assessor’s utterances for
the experiment.

The experimental results are presented in Table 6.
Here we evaluate the precision of the keyword ex-
traction. The results show that with the addition of
the DST method, the keyword extraction’s preci-
sion is significantly promoted. This indicates that
the DST method effectively filters the error key-
words, which is beneficial for improving system
performance.

4To make a fair comparison, we do not compare the recall
ratio on the Date type because the value of Date cannot be
included by the pre-constructed KB in the retrieval system.
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Topic Resident Information Work Record Diagnostic Record
Entity Type Addr. Date. Addr. Date. Date. Hos. Exam.
Retrieval System 85.6 - 84.2 - - 67.9 65.7
IIAS 83.5 43.3 85.7 55.4 52.1 74.0 68.8

Table 4: The Recall@5(%) of report filling on different topics (resident information, work record and diagnostic
record).

Topic Disease History Medical Insurance Commercial Insurance
Entity Type Date. Hos. Exam. Dis. Addr. Date. Date.
Retrieval System - 68.3 71.5 25.7 92.3 - -
IIAS 57.9 74.8 76.9 28.8 91.8 54.9 46.7

Table 5: The Recall@5(%) of report filling on different topics (disease history, medical insurance and commercial
insurance).

Entity Type Hospital Disease
w/o DST 71.79 39.20
Complete System 77.31 53.24

Table 6: Evaluation results of system ablation on the
Precision(%) of keyword extraction for Dis and Hos
types.

3.5 Online Performance

From the statistical result for three months after the
system deployment, the average time cost of the
insurance assessment procedure is reduced from 55
minutes to 35 minutes, and the overall human re-
sources cost is saved 30% compared with previous
offline insurance assessment.

Moreover, with the assistance of our IIAS, the in-
surance company provides more job opportunities
for junior assessors. This indicates that IIAS has
effectively lowered the bar of insurance assessment
jobs.

4 Deployment Details

Our proposed approach consists of different NLP
components that are trained individually. We de-
ploy them on two GPUs (Tesla P100 16G) and
provide a unified HTTP interface for the back-end
system.

To support multiple users, the computation cost
needs to be well distributed across different GPUs.
For each GPU, we set up two independent pro-
cesses. A load-balancing module is then employed
to distribute the users’ requests to different pro-
cesses based on the working loads. Based on the
stress test, the online service’s average response

time is less than 150ms and can support a peak
QPS of 35.

5 Discussions on Technique Limitations

In this section, we discuss the limitations of tech-
niques in IIAS. Based on the observation of system
results and feedback from the insurance assessors,
the limitations are from three parts:

(1) ASR Results: The performance of two appli-
cations (keywords display and report filling) heav-
ily relies on the ASR module, but the ASR errors
are the major problem of our system. The ASR
error may result in correct entity type but with a
wrong form, which indicates that optimizing the
ASR module should be a top priority for future
research.

(2) Reasoning Problem: The current system
cannot solve the problem that requires complex rea-
soning, such as date recognition (e.g., last Sunday
or three days ago.). However, many date recogni-
tions during the insurance assessment procedure
require reasoning. As a result, we plan to include
reasoning ability into the system in the future.

(3) Accumulative Errors: The current system
is based on a multi-model approach where different
NLP components such as topic detection, NER/EL,
and question/negation identifications are trained
individually and combined. This type of pipeline
approach is easy to lead to accumulative errors.
We have tried to replace the current approach with
the end-to-end summarization method based on
text-generation. However, text-generation models
always require many training data and their predic-
tions are sometimes uncontrollable (the inference
time is also slow if we use the pre-trained model
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like GPT-2 (Radford et al., 2019)). Although now
the end-to-end method cannot be applied in the real-
world setting (especially in our insurance scenario
that requires controllability), it has some advan-
tages and is still part of our plan.

For these limitations, we are working on a new
solution to improve the current system.

6 Related Work

With the advances in NLP, agent-assist systems
have been used in various domains, including tech-
nical support, reservation systems, and banking ap-
plications (Fadnis et al., 2020). In this section, we
briefly introduce some related technologies used in
IIAS.

6.1 Sentence Similarity Learning
Sentence similarity learning is a fundamental and
important NLP task which may be greatly enhanced
by modeling the underlying semantic representa-
tions of compared sentences. In particular, a model
should not be susceptible to variations of wording
or syntax used to express the same idea. Moreover,
a good model should also have the capacity to learn
sentence similarity regardless of the length of the
text and also needs to be efficient when applied to
real-world applications (Chen et al., 2017; Peng
et al., 2020).

In the scene of insurance assessment, both ef-
ficiency and accuracy are of equal importance.
Therefore we use the recent proposed Enhanced-
RCNN model (Peng et al., 2020) that achieves good
performance on Chinese paraphrase identification
datasets for learning sentence similarity.

6.2 Named Entity Recognition and Linking
Named entity recognition is the NLP task of tag-
ging entities in the text with the corresponding type
and recent large-scale language model pretraining
methods such as ELMo (Peters et al., 2018), and
BERT (Devlin et al., 2019) further enhanced the
performance of NER, yielding state-of-the-art per-
formances (Sutton et al., 2007; Li et al., 2019).

Entity linking is the task of recognizing and dis-
ambiguating named entities to a knowledge base
(Hoffart et al., 2011; Le and Titov, 2018). EL can
be split into two classes of approaches:

• End-to-End: processing a piece of text to ex-
tract the entities and then disambiguate these
extracted entities to the correct entry in a given
knowledge base.

• Disambiguation-Only: directly takes gold
standard named entities as input and only dis-
ambiguates them to the correct entry in a given
knowledge base.

6.3 Dialogue State Tracking

Dialogue state tracking is an important component
in task-oriented dialogue systems to identify users’
goals and requests as a dialogue proceeds (Zhu
et al., 2019). The traditional DST system assumes
that each slot’s candidate values are within a limit
number. However, this assumption does not apply
to slots with an unlimited number of values in ad-
vance. It is more difficult for zero-shot domains
like the scene of insurance assessment to predefine
the slot values in advance (Ma et al., 2019; Ouyang
et al., 2020).

Some recent researches are on converting fixed
slot values into the substring of the dialogue context
(Xu and Hu, 2018; Zhang et al., 2020a; Gao et al.,
2019). In this way, many researchers have proposed
many neural networks to complete DST tasks in a
reasonable way (Perez and Liu, 2017; Zhang et al.,
2020b). Inspired by the recent progress, we also
use the approach that treats the dialogue context as
the source of slot values.

7 Conclusions and Future Work

In this paper, we presented a dialogue-based infor-
mation extraction system that helps the insurance
assessor better perform their job. The system com-
bines different NLP technologies like sentence sim-
ilarity learning, NER/EL, and DST methods in a
novel way. While there has been considerable work
done for each of the independent modules/models,
this systematic way of combining them enables the
platform to quickly deliver what may be of signifi-
cant value to the insurance industry.

In the future, we would like to try to replace the
current pipeline method with the end2end method
based on text-generation when the accumulated
annotated data is enough.

8 Ethical Considerations

Below we present the ethical considerations in
terms of data authorization, privacy, and trust in
real-world deployments.

• We have obtained explicit permissions from
the claimant to use their personal private in-
formation data, including text and audio pro-
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vided in the insurance assessment procedure
for improving the system service.

• The personal private information from the
claimant is never used or stored for the com-
mercial purpose.
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Abstract
Qualitative relationships illustrate how chang-
ing one property (e.g., moving velocity) af-
fects another (e.g., kinetic energy) and consti-
tutes a considerable portion of textual knowl-
edge. Current approaches use either seman-
tic parsers to transform natural language in-
puts into logical expressions or a “black-box”
model to solve them in one step. The for-
mer has a limited application range, while the
latter lacks interpretability. In this work, we
categorize qualitative reasoning tasks into two
types: prediction and comparison. In particu-
lar, we adopt neural network modules trained
in an end-to-end manner to simulate the two
reasoning processes. Experiments on two qual-
itative reasoning question answering datasets,
QuaRTz and QuaRel, show our methods’ ef-
fectiveness and generalization capability, and
the intermediate outputs provided by the mod-
ules make the reasoning process interpretable.

1 Introduction

Qualitative relationships abound in our world, espe-
cially in science, economics, and medicine. Since
Question Answering (QA) has been significantly
developed in recent years, various challenging
datasets have been proposed (Lai et al., 2017; Ra-
jpurkar et al., 2018; Yang et al., 2018; Choi et al.,
2018; Dua et al., 2019), and one often encoun-
ters the context and questions about qualitative re-
lationships. Figure 1 shows an example that re-
quires reasoning about the qualitative relationship
between the mass and the gravitational pull, where
the knowledge sentence states that the mass is posi-
tively correlated with the gravitational pull, and the
questions describe different scenarios that test the
flexible application of the knowledge.

Therefore, understanding the qualitative relation-
ships behind the context and applying the qualita-
tive textual knowledge for reasoning is essential.
∗Corresponding author

Figure 1: Examples from QuaRTz dataset.

However, the most current datasets on qualitative
reasoning are much smaller than standard Ques-
tion Answering datasets, making the task challeng-
ing and receiving limited attention. At present, in
the two mainstream qualitative relationship ques-
tion datasets, QuaRel (Tafjord et al., 2019a) and
QuaRTz (Tafjord et al., 2019b), the existing meth-
ods can be divided into two categories, symbolic
reasoning based on a semantic parser (Krishna-
murthy et al., 2017; Tafjord et al., 2019a) and a
“black-box” model based on representations (Mitra
et al., 2019; Tafjord et al., 2019b; Asai and Ha-
jishirzi, 2020; Mitra et al., 2020).

The two types of methods have their advantages
and disadvantages. On one hand, symbolic reason-
ing provides solid explanations for the problem-
solving process, but existing semantic parsers are
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trained to translate natural-language sentences into
a task-specific logical representation that naturally
increases the demand for additional annotated data
and has limited generalization capability. On the
other, approaches based on pre-trained language
models that solve the task in one step achieve stun-
ning results at the expense of limited interpretabil-
ity.

To tackle the issues mentioned above, in this pa-
per, we propose a neural network module-based
approach that provides good interpretability while
achieving better results. Specifically, inspired by
human cognitive processes, we group the qualita-
tive reasoning questions into two categories: Pre-
diction and Comparison. As the example in Fig-
ure 1 shows, each category requires different rea-
soning chains. In Prediction, the question asks to
directly predict the effect on an occurrence of the
cause on an entity in the situation. In Comparison,
the question asks to compare the effects on the two
entities. Then we adopt neural modules to model
each step in these two reasoning chains, and all
modules are trained in an end-to-end manner.

The practice of first summarizing the questions
and then modeling the different reasoning chains
step by step has three advantages: First, it has
good generalization ability. The two reasoning
chains summarized cover the vast majority of qual-
itative reasoning problems, so there is no need to
design logical expressions for specific tasks. Sec-
ond, it achieves better performance, because com-
plex qualitative reasoning tasks are broken down
into simple sub-tasks, with the modules required
to complete only simple sub-tasks. Third, it pro-
vides better interpretability, because each module
can provide a transparent intermediate output.

Experimental results on the QuaRel (Tafjord
et al., 2019a) and QuaRTz (Tafjord et al., 2019b)
datasets demonstrate the effectiveness and general-
ization capability of our proposed approach. It sur-
passes the state-of-the-art model by a large margin
(absolute difference ranging from 1.8% to 4.4%).
Furthermore, analyses of the intermediate outputs
and a human evaluation show that each module in
our approach performs well on its corresponding
sub-task and clarifies interpretability.

2 Related Work

Qualitative Reasoning: This type of reason-
ing is an indispensable part of artificial intelli-
gence. Forbus (1984) and Weld and De Kleer

(2013) propose formal models for qualitative rea-
soning when the research filed is emerging. How-
ever, there has been little work on reasoning
with textual qualitative knowledge. Tafjord et al.
(2019a) solves such tasks using semantic parsing
and a symbolic solver; this type of method natu-
rally falls short on performance when compared
to neural systems. Meanwhile, some works tackle
tasks using a data-driven “black-box” model based
on representations computed by language mod-
els, which achieves superior performance (Tafjord
et al., 2019b; Mitra et al., 2019; Asai and Hajishirzi,
2020; Mitra et al., 2020). Our work enjoys the
performance improvement that a neural network
brings but also provides interpretability.

Neural Network Modules: These modules were
first adopted in the Visual Question Answering
(VQA) domain (Johnson et al., 2017; Andreas
et al., 2016; Hu et al., 2017). Due to the inter-
pretable, modular, and inherently compositional
nature of neural network modules, they were fur-
ther extended to natural language (Gupta and
Lewis, 2018; Jiang and Bansal, 2019; Jiang et al.,
2019). Gupta et al. (2019) extend neural module
networks to answer compositional questions. Ren
et al. (2020) and Liu and Gardner (2020) further
introduce neural network modules on one complex
reasoning task ROPES (Lin et al., 2019). In this
work, we explore the effectiveness of neural net-
work modules on a qualitative reasoning task.

3 Method

Our work solves the question through a three-step
process illustrated in Figure 2a:

1. The Contextual Encoding component encodes
the concatenation of knowledge, the question,
and options into contextual representations.

2. The Reasoning component arranges different
reasoning chains according to the type of prob-
lem, where Prediction and Comparison con-
tain multiple neural modules. A synthetic text
is generated by the decision function based
on the evidence collected from the reasoning
chains.

3. The Answer Prediction component takes the
concatenation of the question, options, and
the generated synthetic text instead of given
knowledge as the input and returns the answer
option with the highest salience scores.
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Figure 2: The overall diagram of our proposed model. Given background knowledgeB and statement S formed by
the question and options, we first generate the contextual representations. Then we synthesize a text by collecting
the evidence provided by the Prediction or Comparison module, where the detailed structure is shown in b). Last,
we predict the answer with the aid of the synthetic text.

3.1 Contextual Encoding

We selected RoBERTa (Devlin et al., 2019; Liu
et al., 2019) as the encoder to encode the back-
ground knowledge, the question, and two an-
swer options together and output contextualized
embeddings. In particular, we concatenated the
question with two answer options as statement
S = {si}mi=1, similar to the examples shown in
Figure 1. Furthermore, we joined given back-
ground knowledge B = {bj}nj=1 and the statement
with the special tokens used in language models
as 〈s〉 b1, . . . , bn 〈/s〉 〈/s〉 s1, . . . , sm 〈/s〉, which
was further fed into RoBERTa containing a series
of successive transformer blocks,

Hb,Hs = Transformers(B,S), (1)

where Hb ∈ Rn×d, Hs ∈ Rm×d are contextual
representations of the knowledge and the statement,
respectively, and d is the dimension for the hidden
states. The representations Hb,Hs are padded
into fixed length and served as the global variables
in the Reasoning part.

3.2 Reasoning

The architecture of the reasoning component is
shown in Figure 2b. In particular, we designed

the different reasoning chains depending on the
question type. Specifically, both reasoning chains
were constructed by several end-to-end modules,
and some modules were shared. Then the evidence
collected from each module is summarized for the
final deduction.

3.2.1 Prediction
Find Cause and Effect: To answer the
Prediction-type question like the first example
shown in Figure 1, we first need to understand
what the knowledge describes, i.e., figure out
the cause and effect properties (e.g., mass and
gravitational pull). To achieve this, we applied
a multilayer perceptron (MLP) over background
knowledge representations Hb and then used a
softmax function to normalize the projected logits
and get attention scores over all knowledge tokens
for the cause property and the effect property
respectively,

pbc = softmax(MLP(Hb; θc)) ∈ Rn, (2)

pbe = softmax(MLP(Hb; θe)) ∈ Rn, (3)

where pbc and pbe are the attention vectors over
knowledge in terms of the cause and effect proper-
ties, and θ’s are trainable parameters in the MLP.
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Take Figure 1 as an example: pbc is the atten-
tion over background tokens, whose value is much
larger for mass than the other tokens.

Polarity Check: We further need to judge the
polarity of the qualitative relationship between the
cause and effect properties (e.g., mass and gravita-
tional pull are positively related). To achieve that,
we first applied cause and effect property attention
vectors on the knowledge representationHb to ob-
tain the weighted ones. Then we took the average
of the weighted representations and concatenated
them together. After that, another MLP followed
by a softmax function computed the probabilities
based on the representations,

ppol = softmax(MLP((HbTpbc;H
bTpbe); θpol)),

(4)

where ppol = [ppol+, ppol−] denotes the probabil-
ity of positive and negative correlations, θpol is a
learnable parameter of the MLP. In the example
shown in Figure 1, ppol+ is supposed to be larger
than ppol−.

Find World: Furthermore, we should return to
the statement and find out the world that happened
in the statement (e.g., increasing their mass). To
achieve that, we used the same setting as theFind
Cause and Effect Property module,

psw = softmax(MLP(Hs; θw)) ∈ Rm, (5)

where psw is the attention vectors over the statement
for the world, and θ is the learnable parameters of
the MLP.

Value Prediction: Moreover, we need to decide
whether the attribute value in World is an increment
(pval↑) or decrement(pval↓; e.g., increase their
mass is an increment). To achieve that, we derive
representations of the world by averaging statement
representationHb weighted by the world attention
vector, psw. Then, another MLP was stacked with
softmax to get the probabilities,

pval = softmax(MLP((HsTpsw); θval)), (6)

where pval = [pval↑, pval↓] denotes the probability
that the attribute value is incremented or decre-
mented, and θval is a learnable parameter of the
MLP. In the example shown in Figure 1, pval↑ is
supposed to be larger than pval↓.

3.2.2 Comparison
The Comparison reasoning chain contains two mod-
ules that are shared with the Prediction reasoning
chain, Find Cause and Effect, and Polarity Check.
However, the Comparison chain differs from the
Prediction chain in two modules.

Find Worlds: In the Comparison-type question
like the second example shown in Figure 1, the
statement asks to compare the effects on the two
entities. Thus, two worlds appeared in the state-
ment instead of one (e.g., large masses and small
masses). To achieve that, we took the same straight-
forward method as the Find World module,

psw1 = softmax(MLP(Hs; θw1)) ∈ Rm, (7)

psw2 = softmax(MLP(Hs; θw2)) ∈ Rm, (8)

where psw1,p
s
w2 are the attention vectors over the

statement for worlds 1 and 2, and θ’s are learnable
parameters of the MLP.

Worlds Comparison: This module aims to com-
pare the worlds in terms of the cause property. For
example, world 1 (larger masses) is more rele-
vant to the greater the mass than world 2 (smaller
masses) in Figure 1. To achieve that, we adopted a
bilinear function to evaluate the relevance between
each world’s cause property and the cause prop-
erty in background knowledge, which is further
normalized into a probability with softmax,

pcom = softmax((HbTpbc)
TWcom(H

sTpsw1),

(HbTpbc)
TWcom(H

sTpsw2)),
(9)

where Wcom ∈ Rd×d is a trainable matrix, and
pcom denotes the probability that the world is rele-
vant to the cause property.

3.2.3 Deduction
The Deduction module aims to conduct the reason-
ing by considering the evidence computed from
each module in the reasoning chain. In particu-
lar, we applied the decision functions as shown in
Figure 2c for each reasoning type to generate the
synthetic text.

We take the examples in Figure 1 as an illustra-
tion. From the Find Cause and Effect, and Polarity
Check modules, we conclude a positive relationship
existed between the cause mass and the effect grav-
itational pull, so we denote ppol(Effect|Cause)
as +.
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For Prediction, the Value Prediction module
states that the attribute value of the world in terms
of cause property is an increment. Thus, we denote
pval(W orld|Cause) as ↑. Therefore, the world
must also have an increment on the effect property
due to the positive relationship between the cause
and effect. In this way, we generated a synthetic
text by slot-filling as follows: large mass will cause
more gravitational pull.

Similarly, for Comparison, the Worlds Com-
parison module showed that compared with
world 2, world 1 was more relevant to the
cause property in the background knowledge.
Thus, we denote pcom(World1,World2)
as > (i.e., pcom(World1|Cause) >
pcom(World2|Cause)). In this way, we
rendered world 1 larger than world 2 in terms of
the effect property because of the positive polarity.
Then, a synthetic text was also be generated.

3.2.4 Reasoning Type Classification
As the reasoning type is not available during the
inference time, we added a classifier based on the
statement representations, which is defined as fol-
lows:

s =
1

m

m∑

i

Hs
i ∈ Rd, (10)

pcla = σ(MLP (s; θcla)), (11)

where s can be viewed as an embedding of the
statement, θcla is the trainable parameter in the
MLP, and σ is an activation function. pcla denotes
the classification scores.

3.3 Answer Prediction

In the Answer Prediction component, we re-
placed the given background knowledge with
the synthetic text from the Reasoning compo-
nent. Then we combined it with the ques-
tion and answer choice A = {ak}2k=1 as
〈s〉SyntheticText 〈/s〉 〈/s〉 q; ak 〈/s〉. We used
the final hidden vector corresponding to the first
input token (〈s〉) as the aggregate representation.
We further predicted the probabilities of an answer
being the answer choice ak in the same manner as
in Liu et al. (2019).

3.4 Model Training

Two models (i.e., reasoning and answer prediction)
are learned in our approach.

Reasoning The loss function for reasoning is de-
fined as

`Reason = −
∑

y∈Y
αyγyỹ

T log(y). (12)

Y = {psw ∈ Rm,psw1
∈ Rm,psw2

∈ Rm,pbe ∈
Rn,pbc ∈ Rn,pval ∈ R2,pcom ∈ R2,pcla ∈ R2}
are predictions of different modules, ỹT ∈ {0, 1}m
or ỹT ∈ {0, 1}n or ỹT ∈ {0, 1}2 are correspond-
ing gold labels, γy ∈ {0, 1}2 denotes whether the
loss function should use the label (as some annota-
tions would be missed due to different reasoning
type), and αy is the weight for each module y.

Answer Prediction: We took the standard binary
cross entropy loss `AP as the training objective of
the Answer Prediction component.

During the inference time, we first determined
the reasoning type based on the classification score
obtained in section 3.2.4. Then we followed the
Deduction module to synthesize corresponding text
and further fed it into the trained Answer Predic-
tion model. The answer choice with the highest
probability was selected as the final answer.

4 Experiment Setup

4.1 Datasets

Datasets QuaRTz (Tafjord et al., 2019b) and
QuaRel (Tafjord et al., 2019a), were used to evalu-
ate the proposed model. Both datasets require rea-
soning about textual qualitative relationships and
provide well-defined annotations used for symbolic
reasoning. The detailed statistics are in Table 1.

Auxiliary Supervision: The loss function for the
Reasoning component takes two different types of
supervision, i.e., span supervision (e.g., cause, ef-
fect spans in the knowledge) and binary logits su-
pervision (value prediction, world comparison, and
reasoning type). The QuaRTz dataset provides the
annotations for the property descriptions and prop-
erty values, but not every instance in the dataset
contains such annotations (2280 out of 2696 are
annotated completely). Furthermore, some annota-
tions are not standard and must be further processed
to satisfy the training objective. Therefore, we
mitigated these issues by generating an additional
auxiliary from hypothesis and manual annotating.
The detailed guidelines and labeled examples are
in Appendix A.2. All modules in the Reasoning
component are trained only on the QuaRTz (the
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Statistics Train Dev Test

QuaRTz 2,696 384 784
QuaRel 1,941 278 552

Table 1: Statistics of the datasets

proportion of Prediction and Comparison questions
is 2296:400).

4.2 Implementation Details
We used the pre-trained language model RoBERTa-
large in the experimentation1. In particular, we
trained all modules in the Reasoning component
end-to-end on one Nvidia RTX8000 48GB GPU
and used two GPUs for the Answer Prediction com-
ponent. We tuned the Reasoning component pa-
rameters according to the averaged performance
of all modules and tuned the parameters in the
Answer Prediction component based on the final
accuracy. We selected F1 scores and accuracy as
the evaluation metrics. Specifically, we set αy’s
in equation 12 as follows: 0.1 for span-based loss,
0.2 for the World Comparison, Value Prediction,
and Reasoning Type Classification. The detailed
hyperparameters and search bounds are described
in the Appendix A.1.

4.3 Compared Models
QUASP and QUASP+: The models proposed
by Tafjord et al. (2019a) which extend type-
constrained semantic parsing to address the prob-
lem of tracking different “worlds” in questions.

BERT and RoBERTa: The standard multiple-
choice QA frameworks are based on a powerful
pre-trained language model (Devlin et al., 2019;
Liu et al., 2019). As described in section 3.3, it
took the concatenation of knowledge, the question,
and answer options as the input and used the first
token representation for classification.

gvQPS+: Instead of introducing a semantic
parser, this model applies the generate-validate
framework (Mitra et al., 2019). It first generates a
natural language description of the logical form and
validates whether the natural language description
is followed from the input text.

DeepEKR: Similar to Mitra et al. (2019), this
model replaces the parser with a neural network,

1https://github.com/huggingface/
transformers

Model QuaRTz QuaRel

Dev Test Dev Test

Random 50.0 50.0 50.0 50.0
QUASP - - 62.1 56.1
QUASP+ - - 68.9 68.7

BERT - 67.7 - 53.0
BERT(PFT on RACE) - 79.8 - 79.9
gvQPS+ - - - 76.6
DeepEKR - 79.8 - 81.15

RoBERTa 86.8∗ 85.7∗ 81.1(84.5∗) 80.0(83.3∗)
LG(DA) - - 84.5 84.7
LG(DA+Reg) - - 85.1 85.0
Ours 89.6 89.9 89.5 86.8

Table 2: Performance of different models on both
datasets, where PFT stands for pre-finetune, and ∗
means the result we implemented.

softening the symbolic representation (Mitra et al.,
2020).

LG(DA,Reg): The RoBERTa-based model lever-
ages logical and linguistic knowledge to aug-
ment labeled training data (DA) and then uses
a consistency-based regularizer (Reg) to help the
training (Asai and Hajishirzi, 2020).

5 Experimental Results

5.1 Question Answering Performance

The performance of the development and test of
QuaRTz and QuaRel is shown in Table 2. Our
model outperformed the existing state-of-the-art
models (RoBERTa and LG with DA+Reg) by a
large margin (2.8% and 4.2% absolute difference
on QuaRTz, 4.4%, and 1.8% on QuaRel). These re-
sults illustrate that compared to the semantic parser-
based model and the one-step “black box” model,
our approach that imitates human cognitive behav-
iors is more capable of conducting qualitative rea-
soning and generalization.

Furthermore, compared with the semantic parser-
based methods (i.e., the first group in the table),
almost all language model-based methods achieved
superior performance, demonstrating the power of
the pre-trained language model. However, these
models are mostly data-driven. The BERT model
without pre-finetuning on RACE (Lai et al., 2017)
was unable to converge on QuaRel. Furthermore,
the data augmentation technique resulted in a 4.7%
improvement in the LG(DA) model, proving the
one-step “black box” model has high demand for
training resources. Nonetheless, our approach,
without any additional training data, still achieves
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Module F1 Fuzzy F1 Accuracy

Find Cause and Effect
pbc 72.6 82.3 -
pbe 67.0 78.4 -

Polarity Check ppol - - 88.8

Find World psw 76.4 82.5 -
Value Prediction pval - - 91.5

Find Worlds
psw1 77.3 83.4 -
psw2 74.9 80.6 -

World Comparison pcom - - 84.6

Reasoning Type Classification pcla - - 88.0

Table 3: Performance in the Reasoning component.

better performance, demonstrating its effectiveness
and rationality.

5.2 Reasoning Component Performance
In the Reasoning component, we designed multiple
neural network modules for two reasoning chains.
Each module was designed to accomplish its sub-
task and provide an intermediate prediction that
explains the reasoning process in a human cogni-
tive manner. To evaluate the effectiveness of each
module, we converted the attention vectors over the
context into a text span and the probability scores
into a predicted class. The conversion details are in
the Appendix A.3. Table 3 shows the performance
results for each module.

Find Cause and Effect, Find World, and Find
Worlds, three modules that should detect concerned
text spans from the context, all achieved adequate
F1 scores. There are two reasons why our model
did not score very well on a span extraction task
like extractive machine reading comprehension
(e.g., SQuAD2). First, the text span in our task
is not as accurately defined as the answer in MRC.
Generally, the length of the text span is long, and
the boundary is fuzzy. Second, our approach com-
puted the attention score for each token in the con-
text and leveraged it softly, and thus less sensitive
to boundary detection. However, when we used
fuzzy F1 scores as the evaluation metrics (intro-
duced in (Ren et al., 2020), which were marked as
1 as long as the original F1 was not equal to 0), the
scores for all modules increased by a large margin,
proving the reasoning ability.

Polarity Check, Value Prediction, and World
Comparison, three modules that require classifi-
cation capability based on the given span predic-
tion of the upstream modules, achieved high ac-
curacy (88.8%, 91.5%, and 84.6%), indicating the

2https://rajpurkar.github.io/
SQuAD-explorer/

Figure 3: An example from QuaRTz with visualized
intermediate outputs provided by our model.

rationality of our end-to-end sequential model de-
sign. Additionally, We could argue that determin-
ing whether an attribute is incremental or decremen-
tal is a relatively simple task for language models.

The Reasoning Type Classification module ob-
tained a good-enough performance (90.1%), the
recall value for Prediction type was 88.0%, and
the recall value for Comparison type was 76.7%.
The result is acceptable as some questions could
be solved simultaneously in a Prediction and a
Comparison manner. For example, the Compar-
ison question in Figure 1 can also be considered
a Prediction if we care only about the world with
high priority (i.e., two planets with very large mass).
This phenomenon somehow increased the fault tol-
erance and improved the generality of our method.

Case study: Our approach provides intermedi-
ate outputs that sufficiently explain the reasoning
process, which can lead to interpretability. Fig-
ure 3 presents examples of the transparent reason-
ing process run by our model. More examples can
be found in the Appendix A.5. The knowledge
states the relationship between active cells and mi-
tochondria, while two questions describe different
scenarios to test the application of this knowledge.

As shown in Figure 3, our model outputs several
intermediate results through the Reasoning compo-
nent. First, it identifies the reasoning chain type for
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each question; the left one is prediction, while the
right one requires comparison. Then, each module
in the corresponding reasoning chain outputs its
prediction. For example, the Find Cause and Effect
module captured the cause property and the effect
property in the knowledge. Then the Polarity Check
module correctly figured out the positive relation-
ship between them. The examples indicate that our
approach not only conducts final answer prediction
but also explains the machine understanding and
reasoning process.

5.3 Human Evaluation
In the Answer Prediction component, we fed the
generated synthetic text instead of given knowledge
into the model. To further measure the effect of syn-
thetic text on answer prediction, we introduced the
human evaluation widely used in NLG field. We
assembled ten well-educated volunteers and gave
each person 30 randomly sampled questions from
QuaRTz, half of which provided knowledge, half of
which provided our synthetic text. Then we asked
the participants to rate the question on a 5-point
scale for each following metric: fluency (does it
read coherently), informativeness (how much infor-
mation is contained), explicitness (does it describe
the relation clearly), and relevance (is it relevant to
the question). We also measured the time consump-
tion for problem-solving by giving knowledge or
synthetic text. Table 4 shows the results.

The given knowledge had higher scores for flu-
ency and informativeness because the knowledge
sentences were manually extracted from a large
corpus and may contain multiple relations among
multiple properties, while the synthetic text was
generated by slot-filling and described only the re-
lation mentioned in the question. Furthermore, the
synthetic text achieved superior scores for explicit-
ness and relevance, which indicates our Reasoning
component is successful in understanding and rea-
soning between the question and knowledge and
expressed the explicit relationship in a way close
to the description in the question scenario. Addi-
tionally, this is shown in that the participants took
less time to answer questions with synthesized text.

5.4 Error Analysis
We randomly sampled 60 examples for error anal-
ysis and more than half were caused by wrong
predictions in the Reasoning component (48 out of
60). The other errors were in two main categories.

Given Knowledge Synthetic Text

Fluency 4.3 3.9
Informativeness 4.5 3.3
Explicitness 3.4 4.4
Relevance 3.8 4.6
Time Consumption(s) 31.1 24.3

Table 4: Human evaluation results.

Incomplete Knowledge: These errors occurred
when the question mentioned only a world without
any attribute value description; e.g., the question
aimed to predict the gravitational pull for the Sun,
and knowledge told that a larger mass causes a
larger gravitational pull. To answer this question,
we need to know that the sun has a large mass.

Incomplete Synthetic Text: Two reasons cause
such errors. One is that the boundaries are not well-
defined when attention vectors are turned into text,
resulting in a lack of fluency or loss of information.
The other is a mismatch between the knowledge
and the question; e.g., the knowledge talks about
the distance, but the question describes hugging.
Thus, the generated synthetic text does not provide
enough information to solve the problem.

6 Conclusion

In this paper, we aimed to solve the qualitative rea-
soning task in an interpretable manner. Inspired
by human cognition, we first summarized the ques-
tions into two categories, Prediction and Compar-
ison. Then an end-to-end trained Reasoning com-
ponent that contains two reasoning chains was de-
signed. Both reasoning chains contained multiple
neural modules that provide transparent intermedi-
ate predictions for the understanding and reasoning
process. The experimental results showed the ef-
fectiveness of our approach, and the analysis of
each module and case study demonstrated the su-
perior interpretability compared with the “black-
box” model. Moreover, we found that some ques-
tions could be solved by both reasoning chains,
thus increasing the default tolerance and generaliza-
tion capability. Furthermore, a human evaluation
was conducted to validate the function of the syn-
thetic text and provide an additional explanation for
the superior performance achieved by our method.
However, the error analysis showed the inadequacy
under complicated scenarios. Therefore, our future
work will focus on applying interpretable reasoning
on complex reasoning tasks. The annotated data
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and models are shared publicly 3.
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A Appendices

A.1 Parameters List

Table 5 and Table 6 show the parameter details used
in our settings.

Reasoning Search Space(Bounds) Best Assignment

Max Seq. Length choice[256,384,512] 512
Learning Rate uniform-float[5e-6,3e-5] 1e-5
Batch Size per GPU choice[4,8,16] 8
Gradient Accumulation choice[1,2] 2
No. of Epoch uniform-integer[1,10] 8

No. of Search trials 20 20
Optimizer Adam Adam
Fixed Length for B,S [200,200] [200,200]
No. of GPU(RTX8000) 1 1
Average runtime (mins) 25 25

Table 5: Detailed parameters used in the Reasoning
component.

Answer Prediction Search Space(Bounds) Best Assignment

Max Seq. Length choice[256,384,512] 256
Learning Rate uniform-float[1e-6,3e-5] 1e-5
Batch Size per GPU uniform-integer[4,8,16] 16
Gradient Accumulation choice[1,2] 2
No. of Epoch uniform-integer[5,15] 10

No. of Search trials 30 3 0
learning rate optimizer Adam Adam
No. of GPU(RTX8000) 2 2
Average runtime (mins) 40 40

Table 6: Detailed parameters used in the Answer Pre-
diction component.

A.2 Auxiliary Supervision Construction

Figure 4 shows one labelled example. The official
dataset already provides detailed annotations for
both knowledge and question, where some anno-
tations could be directly introduced in our train-
ing objective. For the example, “para anno” tells
the cause and effect properties described in the
knowledge, and the polarity among them would
be marked as positive if the “effect dir sign” is
the same as the “casue dir sign”, otherwise will be
marked as negative.

However, some annotations are still missing, e.g.,
reasoning type. We introduce two methods to get
additional labels. On the one hand, We made some
hypotheses. For example, if “question anno” con-
tains “more effect xxx” and “less effect xxx” si-
multaneously, we would consider this question as
a comparison type. On the other, we annotate the
samples manually. For the questions without qual-
ified annotation, we label them by hand. Partic-
ularly, we find the text spans in the knowledge
and question, then transform the annotations to the
machine-readble form automatically.

A.3 Conversion Instruction

For Find Cause and Effect, Find World, and Find
Worlds modules, we should convert the attention
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Figure 4: An example with auxiliary supervision.

vector output into a text span.
First, the token with the highest probability is

selected. After that, we check left and right from
the selected word position and extend it if the prob-
ability of each neighbor is larger than the thresh-
old. The threshold value is determined based on F1
scores.

For the rest modules, we select the predicted
class with the highest probability.

A.4 Ablation Study on sub-tasks

We decompose the complex qualitative reasoning
task into several simple sub-tasks according to
logic and then train several sub-tasks together. Nat-
urally, as the number of tasks increases, errors accu-
mulate, but our method ultimately performs better.
To further examine the rationality of our work, we
conduct an ablation study on partial modules.

Modules Cause Effect Polarity

F1 Fuzzy F1 F1 Fuzzy F1 Accuracy

Find Cause and Effect + Polarity Check 72.6 82.3 67.0 78.4 88.8
only Find Cause and Effect 71.7 81.8 66.8 75.5 58.6
only Polarity Check 8.3 14.3 9.6 16.7 83.3

Table 7: Ablation study on Find Cause and Effect and
Polarity Check modules.

Table 7 shows the ablation study result on Find
Cause and Effect and Polarity Check modules. The
model achieves the best performance when we train

two modules together. However, when we remove
any module, i.e., focus on a single sub-task, the
corresponding performance deteriorates. This may
due to our approach, which mimics human cogni-
tive design, enables the model to make better use
of information from upstream modules to facili-
tate training. Therefore, our model could finally
achieve superior performance.

A.5 More Examples
We present more example with intermediate out-
puts that correctly answered by our model in Ta-
ble 8.
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ID:QRQA-10004-2
Knowledge: The gravitational force increases with mass and
decreases with the distance between the bodies.
Q&A: John was watching the physics calculator and noted
a profound finding. As the mass increases, the pull of the
gravitational force A) Decreases B) Increases.

Type: Prediction
Cause: mass
Effect: gravitational force
Polarity: +
World: mass increases
Value: ↑
Deduction:
mass increases will cause more grav-
itational force.

ID:QRQA-10004-2-flip
Knowledge: The gravitational force increases with mass and
decreases with the distance between the bodies.
Q&A: John was watching the physics calculator and noted
a profound finding. As the mass decreases, the pull of the
gravitational force A) Decreases B) Increases.

Type: Prediction
Cause: mass
Effect: gravitational force
Polarity: +
World: mass decreases
Value: ↓
Deduction:
mass decreases will cause less gravi-
tational force.

ID:QRQA-10228-1
Knowledge: The larger the light collecting area, the more light
a telescope gathers and the higher resolution (ability to see fine
detail) it has.
Q&A: Compared to a 1 inch wide telescope, would a 100 meter
telescope collect A) more light B) less light?

Type: Comparison
Cause: collecting area
Effect: light
Polarity: +
World 1: 1 inch wide telescope
World 2: 100 meter telescope
Comparison: <
Deduction:
1 inch wide telescope will cause less
light than 100 meter telescope.

ID:QRQA-10228-1-flip
Knowledge: The larger the light collecting area, the more light
a telescope gathers and the higher resolution (ability to see fine
detail) it has.
Q&A: Compared to a 100 meter wide telescope, would a 1 inch
telescope collect A) more light B) less light?

Type: Comparison
Cause: collecting area
Effect: light
Polarity: +
World 1: 100 meter wide telescope
World 2: 1 inch telescope
Comparison: >
Deduction:
100 meter wide telescope will cause
more light than 1 inch telescope.

Table 8

675



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 676–682
August 1–6, 2021. ©2021 Association for Computational Linguistics

Boundary Detection with BERT for Span-level Emotion Cause Analysis

Xiangju Li1, Wei Gao2, Shi Feng1, Yifei Zhang1, Daling Wang1

1School of Computer Science and Engineering, Northeastern University, Shenyang, China
2School of Computing and Information Systems, Singapore Management University, Singapore
lixiangju100@163.com; weigao@smu.edu.sg; fengshi@cse.neu.edu.cn;

zhangyifei@cse.neu.edu.cn; wangdaling@cse.neu.edu.cn

Abstract
Emotion cause analysis (ECA) has been an
emerging topic in natural language processing,
which aims to identify the reasons behind a
certain emotion expressed in the text. Most
ECA methods intend to identify the clause
which contains the cause of a given emotion,
but such clause-level ECA (CECA) can be am-
biguous and imprecise. In this paper, we aim
at span-level ECA (SECA) by detecting the
precise boundaries of text spans conveying ac-
curate emotion causes from the given context.
We formulate this task as sequence labeling
and position identification problems and de-
sign two neural methods to solve them. Exper-
iments on two benchmark ECA datasets show
that the proposed methods substantially outper-
form the existing ECA models 1.

1 Introduction

The task of emotion cause analysis (ECA) (Lee
et al., 2010a), which is to extract the causes of
an emotion expression from a given context, has
gained increasing attention recently.

Most existing studies (Gui et al., 2016, 2017; Li
et al., 2018, 2019; Xia et al., 2019) formulate ECA
as a clause-level task (dubbed as CECA), which
tries to extract the clauses that contain the emotion
cause content. In CECA, a clause is typically a
text segment separated by punctuation marks (e.g.,
‘,’, ‘.’, ‘?’, ‘!’, etc.) in the given context. In the
following example, the clause [x3] will be extracted
as it contains the reason “the risk of infringement”
that stimulates the emotion afraid.
Example 1. 2 [x1] The claim for damages caused
by infringement has legal basis, [x2] and it is logi-
cal and reasonable. [x3] We can’t give up the good

1The code and datasets can be found at
https://github.com/xxxyyy2020/boundary-master

2Bold: Gold emotion cause span; Underline: emotion
expression. [xi] represents the i-th clause. The original report
is in Chinese and translated into English.

character of friendship and mutual assistance just
because we are afraid of the risk of infringement.
[x4] Give up food for being afraid of being choked.
[x5] We should adhere to the traffic rules.

However, determining the clause containing the
stimulus is sub-optimal and inaccurate for ECA.
In Example 1, while among the 5 clauses [x3]
is the best, its main content “We can’t give up
. . . assistance” is not the cause of afraid. Such gap
motivates a strong need of pinpointing more pre-
cise or finer-grained cause expressions which can
convey the specific reasons of an emotion.

Some studies (Gao et al., 2015a,b;
Neviarouskaya and Aono, 2013) try to ex-
tract emotion cause triples (a triple like (noun,
verb, noun)) or emotion cause phrases. The
extracted triples or phrases are usually not a
complete emotion cause expression since the
words in these triples or phrases are typically
not continuous. Bi et al. (2020) proposed a
new task for emotion and emotion cause span
pair and classification task. Lee et al. (2010a)
summarized seven groups of linguistic cues which
could serve as indicators of cause events. Ghazi
et al.. (2015) built a Conditional Random Fields
(CRF) learner to extract emotion cause spans with
a set of manually engineered features. These two
approaches are labor-intensive and prone to the
sub-optimal design of features.

We study the Span-level ECA (SECA) based
on state-of-the-art neural approach by focusing on
detecting the boundaries of cause spans. We ap-
proach to the boundary detection in two different
ways via sequence tagging and start/end position
identification both in an end-to-end fashion. The
emotion cause span is usually a sequence of con-
secutive tokens which convey exact reasons of the
emotion and need to be inferred from the whole
context. More specifically, we obtain the emotion
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cause span by 1) mapping each token in the input
context to a label indicating the ranges of spans; 2)
pointing to the start and end positions of the span di-
rectly in the given context. The main contributions
of our work are three-fold:

• We formulate SECA task as sequence tag-
ging and position identification problems for
boundary detection of emotion cause spans,
and propose neural models to tackle this task.

• Different from previous ECA approaches, a
pointer network is introduced to identify the
start and end positions of emotion cause in
our work. This is the first time to introduce
the pointer network to ECA task.

• Experiments on two benchmark datasets show
that our models substantially outperform the
state-of-the-art ECA approaches at both span
and clause levels.

2 Related Work

Lee et al. (2010b) first proposed a task on ECA and
constructed a small-scale Chinese emotion cause
corpus. Based on this corpus, Chen et al. (2010)
proposed a rule based method for this task. Gui
et al. (Gui et al., 2014) extended the rule-based
method to Chinese microblog text. Gao et al. (Gao
et al., 2015b,a) treated the emotion cause as a list
of triples (a triple like (noun, verb, noun)). They
structured a microblog post as a set of triples to de-
termine which triple is the emotion cause. Shuntaro
et al.(Yada et al., 2017) defined emotion cause as
the nearest clause describing events of the cause of
the emotion. Gui et al. (2016) constructed a public
ECA dataset based on news corpus and proposed
a multi-kernel-based method for CECA. All these
methods rely on either manual rules or feature en-
gineering.

Gui et al. (2017) first proposed a deep neural
model for CECA. Following that, many CECA
methods were developed with deep learning (Gui
et al., 2017; Li et al., 2018; Yu et al., 2019; Ding
et al., 2019; Li et al., 2019; Xia et al., 2019; Fan
et al., 2019). Li et al. (2019; 2018) improved the
performance of CECA by considering the contex-
tual information of the emotion. Xia et al. (2019)
proposed a hierarchical network for CECA based
on Transformer encoder to capture different types
of features. Fan et al. (2019) utilized the discourse
information and clause position for the task. Xia

et al. (2019) and Chen et al. (2020a) proposed two
variant tasks of ECA for extracting emotion and
cause clause pairs. And then, many deep learning
models (Wu et al., 2020; Chen et al., 2020b,c; Wei
et al., 2020; Singh et al., 2021) were designed to
tackle emotion cause pair extraction task.

Little work has been done for SECA. Lee et
al. (Lee et al., 2010a) summarized the general-
ized rules for detecting the emotion causes of the
emotion in Chinese. Based on manually crafted lin-
guistic cues, Ghazi et al. (2015) built a CRF learner
to identify emotion cause spans. However, these
models are oversimplified and reliant on the ad-hoc
features designed, thus are not generalized well.

3 Methodology

In this section, we first introduce two types defi-
nition of SECA. Then we describe our designed
models.

3.1 Problem Formulation

Given a context S, which includes a sequence of n
tokens S = [w1, w2, . . . , wn], the emotion expres-
sion E = [e1, e2, . . . , em] and at least one emotion
cause span, SECA task aims to detect the bound-
aries of emotion cause spans from S which stimu-
late the emotion expression.

Firstly, this task can be formulated as sequence
labeling problem, of which the goal is to obtain the
correct sequence of labels:

L = [l1, l2, . . . , ln] (1)

where li ∈ {B, I,O}, and B, I and O denote
the beginning, inside of and outside of cause span,
respectively, indicating the ranges of spans.

Secondly, this task also can be formulated as a
position identification problem, where the goal is
to get a list of correct start-end positions of emotion
cause spans:

B = [(s1, t1), (s2, t2), . . . ] (2)

where si and ti are the start and end token indices
of the i-th cause span in the context, respectively.

3.2 Model Description

We use BERT (Devlin et al., 2019) as the backbone
of our models due to it has strong contextual-
ized representation ability. The context S and
the emotion E are concatenated by forming a
combined sequence as the input fed into BERT:
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[SEP]…
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Figure 1: The architectures of the proposed boundary detection models for SECA.

[CLS], w1, . . . , wn, [SEP], e1, . . . em, [SEP],
where [CLS] and [SEP] are special tokens. Then,
BERT receives the sequence and outputs the
representation of each token in the combined
sequence. The contextualized representations of
each token wi ∈ S and the token [CLS] can be
given as:

hi = BERT(wi), h0 = BERT([CLS]) (3)

where h0 and hi ∈ Rdb and db is the vector di-
mension of the last layer of BERT. Based on the
BERT encoding, we introduce the two types of
span boundary detection models for SECA. An
overview of our models are shown in Figure 1.

3.2.1 Sequence Labeling Models
We use three common ways to predict the labels of
an input sequence. The first is the softmax function
direct tag prediction which is straightforward to
compute. The second is CRF, a well-known sta-
tistical graphical model which has demonstrated
state-of-the-art accuracy on many sequence label-
ing tasks (Liu et al., 2014; Jin and Yu, 2021). The
third is a variant of RNN (Goller and Kuchler,
1996) (e.g. GRU, LSTM) which generates tags
sequentially by predicting the next label consider-
ing its previously predicted labels.

Softmax. Based on the token representation ob-
tained in Equation (3), the probability distribution
over the label set can be computed as:

p(li) = softmax(W1hi + b1) (4)

where W1 ∈ Rdb×dl and b1 ∈ Rdl are learnable
parameters, p(li) ∈ Rdl is the label probability
distribution of the i-th word and dl is the size of
label set.

CRF. CRF obtains the probability of a whole
sequence:

p(L|S) = exp(score(S,L))∑
L′∈L exp(score(S,L′))

(5)

where L is the set of all candidate label sequences
of the context. Here, we omit the detail of this clas-
sical prediction model (see Lafferty et al. (2001)).

GRU. The GRU version of RNN is effective and
easy to train (Ma et al., 2019). At each predicting
step, we update the hidden state hi of token wi
using:

h̃i = GRU(h̃i−1, `(li−1)⊕ hi) (6)

where h̃i ∈ Rdg and dg is the number of the GRU
units, `(li−1) ∈ Rd` is the embedding vector of
previous label li−1 and d` is the size of label em-
bedding. Then, the probability distribution of li
can be obtained by:

p(li) = softmax(W2h̃i + b2) (7)

where W2 ∈ Rdg×dl , b2 ∈ Rdl are training param-
eters.

3.2.2 Position Identification Model
Point network was first proposed by Vinyals et
al. (2015), which is suitable for our positions iden-
tification task thanks to the fact that it is able to
select positions from the input. Here we adopt it to
generate the start and end positions of spans in turn.
Because the number of cause spans is not fixed, we
set a parameter C to control how many spans to
generate, and allow the two end points in (si, ti) to
take an integer value in [0, n]. For the k-th span
(sk, tk), we first get its start index sk. An attention
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mechanism is used to obtain the attention weight
αkj of the j-th token (for all j ∈ [0, n]) as follows:

akj =
exp (qkj)∑n
j′=0 exp (qkj′)

qkj = v> tanh (hjW3 + rkW4)

(8)

where W3 ∈ Rdb×dv , W4 ∈ Rdr×dv and v ∈ Rdv
are learnable parameters (dv is the size of v), rk is
the hidden vector obtained by GRU:

rk = GRU(htk−1
, r′k−1) (9)

where tk−1 is the index of end position of the (k-
1)-th span and r′k−1 ∈ Rdr (dr is the number of
GRU units) is hidden vector obtained by GRU for
predicting tk−1 (see below). Then, we set sk as
the highest attention weight from attention vector
ak = [ak0, . . . , akn].

To predict the end index tk of the k-th span,
the same attention mechanism is used to get the
attention weight a′kj :

a′kj =
exp (q̂kj)∑n
j′=0 exp (q̂kj′)

q̂kj = v> tanh (hjW3 + r′kW4)

r′k = GRU(hsk , rk)

(10)

whereW3,W4 and v are learnable parameters. Sim-
ilarly, the end index tk can be identified by taking
the maximum value in a′k.

4 Experiments and Results

We evaluate the proposed methods on the Chinese
ECA (CHI) dataset (Gui et al., 2016) and English
ECA (ENG) dataset (Ghazi et al., 2015). On both
datasets, cause spans are manually annotated and
each context contains an emotion expression (or
emotion category) and at least one cause span. The
CHI dataset contains 2,105 instances and 2,147
cause spans. The ENG dataset contains 820 in-
stances, and each contains one span only.

We use pre-trained BERT-Base Chinese and
BERT-Base Uncased to encode the CHI and ENG
datasets, respectively. We also choose the pre-
trained span-level SpanBERT-Base-cased (n/a for
Chinese) as the encoder on ENG dataset. We follow
the default settings of BERT (Devlin et al., 2019)
for fine-tuning. Adam (Kingma and Ba, 2015) op-
timizer is used with learning rate 1e-5. The epoch

Model P s Rs F s1
CHI

Lee et al. (2010a) 0.197 0.161 0.177
Gui et al. (2017) 0.187 0.181 0.184
BERTbase+Softmax 0.483 0.574 0.525
BERTbase+GRU 0.481 0.567 0.520
BERTbase+CRF 0.564 0.570 0.566
BERTbase+Pointer 0.570 0.526 0.547

ENG
Ghazi et al. (2015) 0.666 0.593 0.628
BERTbase+Softmax 0.838 0.876 0.856
BERTbase+GRU 0.883 0.868 0.875
BERTbase+CRF 0.866 0.890 0.878
BERTbase+Pointer 0.910 0.891 0.901
BERTspan+Softmax 0.830 0.891 0.859
BERTspan+GRU 0.893 0.879 0.886
BERTspan+CRF 0.858 0.883 0.870
BERTspan+Pointer 0.904 0.890 0.897

Table 1: SECA results based on span-level metrics.

is set to 10. The size of label embedding is 50. C3

is set to 3 on CHI and 1 on ENG which are the
maximum number of cause spans in the respective
training set. We follow the settings of previous
works to split the datasets for train/dev/test (Ghazi
et al., 2015; Gui et al., 2017). Hyper-parameters
are tuned on the dev set.

We have BERT (BERTbase) and SpanBERT
(BERTspan) as pre-trained models, and Softmax,
CRF, GRU and pointer network (Pointer) as pre-
diction models.

4.1 SECA Result

On CHI dataset, we compare our model with the
rule based model (Lee et al., 2010a) and the word
ECA model that outputs cause words (Gui et al.,
2017), which is somewhat similar to our work. On
ENG dataset, the CRF-based model in (Ghazi et al.,
2015) is the only span-level baseline. For evalua-
tion, we use span precision (P s), recall (Rs) and
F1 score (F s1 ) which are defined as

P s =
# of correct cause spans

# of predicted cause spans

Rs =
# of correct cause spans
# of gold cause spans

F s1 =
2× P s ×Rs
P s +Rs

(11)

3If the number of emotion cause span(s) is less than C,
(0, 0) is used for padding the correct list B.
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Table 1 shows that all our models strongly
outperform the baselines, indicating our method
is effective. More specifically, on CHI dataset
our models BERTbase+Softmax, BERTbase+GRU,
BERTbase+CRF and BERTbase+Pointer outper-
form the strong baseline model in Gui et al. (2017)
by relative F s1 improvements of 34.1%, 33.6%,
38.2% and 36.3%, respectively. The improvement
is very significant with p-value less than 0.001 in t-
test. With BERT encoder, Pointer performs the best
on ENG and the second best on CHI, suggesting
that pointer network is basically effective. Pointer
is relatively worse than CRF on CHI because the
number of spans it outputs is fixed as three while
an instance on CHI may have less than three spans,
rendering a small disadvantage. But generally, us-
ing pointer network for span boundary detection
provides a strong alternative to classic CRF. It is a
bit surprising that BERTspan does not show advan-
tage over BERTbase here. We conjecture that given
the small ENG dataset we cannot perform strong
fine-tuning to make a big difference. In addition,
the performance on ENG is much higher than on
CHI because the context is generally much shorter
making the task easier.

4.2 CECA Result
We can directly output clauses containing the pre-
dicted cause spans to compare with the rule based
SECA model (2010a) and some strong CECA mod-
els (Gui et al., 2017; Li et al., 2018; Ding et al.,
2019; Li et al., 2019; Xia et al., 2019; Fan et al.,
2019; Hu et al., 2021). We only use CHI here since
no clause labels are available and no previous work
for CECA was done on English data for us to com-
pare with. Following previous works (Gui et al.,
2017; Xia et al., 2019), we use clause precision
(P c), recall (Rc), and F1 score (F c1 ) as evaluation
metrics:

P c =
# of correct cause clauses

# of predicted cause clauses

Rc =
# of correct cause clauses
# of gold cause clauses

F c1 =
2× P c ×Rc
P c +Rc

(12)

Table 2 shows that our proposed models out-
perform all the state-of-the-art CECA baselines.
We attribute this to the fact that the BERT’s con-
textualized representation capacity and our SECA
models are supervised by the finer-grained span-
level annotations directly, which can effectively

Model P c Rc F c1
Lee et al. (2010a) 0.675 0.429 0.524
Gui et al. (2017) 0.708 0.684 0.700
Li et al. (2018) 0.772 0.689 0.727
Ding et al. (2019) 0.762 0.691 0.742
Li et al. (2019) 0.784 0.759 0.771
Xia et al. (2019) 0.770 0.766 0.768
Fan et al. (2019) 0.811 0.773 0.791
Hu et al. (2021) 0.786 0.757 0.771
BERTbase+Softmax 0.828 0.908 0.866
BERTbase+GRU 0.825 0.903 0.862
BERTbase+CRF 0.864 0.873 0.867
BERTbase+Pointer 0.834 0.844 0.838

Table 2: CECA results on CHI benchmark dataset.

guide model to learn more precise cause-related
information. This advantage cannot be taken eas-
ily by the baseline approaches due to the nature of
their clause-level supervision. Moreover, simply
mapping the predicted spans to clauses for out-
put makes Softmax become comparable with CRF
and puts Pointer the last in terms of CECA per-
formance. This is not surprising because an in-
accurate span might still result in the right clause
which just contains the predicted span. We also
notice that rule based model performs worse than
all the feature-learning models because that the
manual rules hardly adopt to different datasets and
feature-learning model can learn effective features
according to the different datasets.

5 Conclusion

In this paper, we aim at span-level emotion cause
analysis and propose neural sequence labeling and
position identification models to detect the bound-
aries of emotion cause spans. The experiments
conducted on two benchmark datasets of different
languages demonstrate the effectiveness of the pro-
posed approach, which achieves a new state-of-the-
art performance on both span-level and clause-level
ECA tasks.
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Abstract

BERT has been used for solving common-
sense tasks such as CommonsenseQA. While
prior research has found that BERT does con-
tain commonsense information to some extent,
there has been work showing that pre-trained
models can rely on spurious associations (e.g.,
data bias) rather than key cues in solving sen-
timent classification and other problems. We
quantitatively investigate the presence of struc-
tural commonsense cues in BERT when solv-
ing commonsense tasks, and the importance of
such cues for the model prediction. Using two
different measures, we find that BERT does
use relevant knowledge for solving the task,
and the presence of commonsense knowledge
is positively correlated to the model accuracy.

1 Introduction

Pre-trained language models (Peters et al., 2018;
Radford et al., 2019; Devlin et al., 2019; Liu et al.,
2019b) give competitive results on a variety of NLP
tasks (Zhou and Zhao, 2019; Joshi et al., 2019; Liu
and Lapata, 2019; Cui et al., 2020). It has been
shown that they can effectively capture syntactic
features (Goldberg, 2019), semantic information
(Liu et al., 2019a) and factual knowledge (Petroni
et al., 2019), which provides support for the success
in downstream tasks.

Recently, there has been some debate about
whether commonsense knowledge can be learned
by a language model trained on large corpora.
While Davison et al. (2019), Bosselut et al. (2019)
and Rajani et al. (2019) argue that pre-trained lan-
guage models can directly identify commonsense
facts, Lin et al. (2019) and Klein and Nabi (2019)
believe that structured commonsense knowledge is
not captured well.

Pre-trained language models have achieved em-
pirical success when fine-tuned on specific com-
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Figure 1: Two methods used to study struc-
tured commonsense knowledge in pre-trained
Transformer. Commonsense link is drawn from
the Target Concept (Answer Concept) to the
Source Concept (Question Concept).

monsense tasks such as COSMOS QA (Huang et al.,
2019), SWAG (Zellers et al., 2018), and Common-
senseQA (Talmor et al., 2019). One possible reason
of the high performance is that there exist super-
ficial cues or spurious associations in the dataset,
which enables models to answer questions with-
out understanding the task (Niven and Kao, 2019;
Yu et al., 2020; Kaushik et al., 2020). For exam-
ple, a model can choose the spurious cue word
“meadow” as a feature for positive reviews sim-
ply because “meadow” occurs frequently in posi-
tive documents. It remains an interesting research
question whether commonsense knowledge plays
a central role among statistical cues that BERT
has when solving commonsense tasks. In other
words, we are interested in investigating whether
BERT solves commonsense tasks using common-
sense knowledge.

We try to provide quantitative answers by mainly
using the CommonsenseQA dataset, which asks
a model to solve a multiple-choice problem. As
shown in Figure 1, given a question and five candi-
date answers, a model should select one candidate
answer as the output. The current state-of-the-art
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pre-trained language models solve the problem by
representing the question jointly with each candi-
date answer (we call such a question-answer pair
a sentence thereafter), and using pre-trained lan-
guage models as the main encoder. Scoring of each
sentence is based on a sentence-level hidden vector,
and the candidate answer that corresponds to the
highest-scored sentence is taken as the output.

We investigate the presence of commonsense
cues in the BERT representation of a sentence
by examining commonsense links from the an-
swer concepts to its related contextualized ques-
tion concepts. Figure 2 shows one example, where
the question concept is “bird”, and the correct an-
swer is the answer concept connected through an
ATLOCATION link in the CONCEPTNET knowl-
edge graph. Such related concepts are not explicitly
used in a BERT model for making prediction, and
therefore its strength in the BERT representation is
not necessarily optimized in task fine-tuning. We
call such cues structured commonsense, which is
a source of knowledge that we can explicitly mea-
sure. We take two methods for measuring struc-
tured commonsense in BERT, including directly
measuring the attention weights (Clark et al., 2019)
and measuring attribution scores by considering
gradients (Mudrakarta et al., 2018).

We conduct two sets of experiments to quanti-
tatively measure commonsense links in different
situation. In the first set, we examine the pres-
ence of commonsense links directly in the BERT
representation both before and after fine-tuning
(Section 5). In the second set of experiments, we
investigate the correlation between commonsense
links with model predictions (Section 6). While the
former can serve as a probing task for understand-
ing commonsense learned by pre-training, the latter
can serve as a means for understanding whether a
model learns to make better use of commonsense
knowledge through supervised fine-tuning.

Results suggest that BERT does have common-
sense knowledge from pre-training, just as syn-
tactic and word sense information. In addition,
through fine-tuning, BERT relies more on com-
monsense cues in making prediction. The evidence
is quantitatively demonstrated by stronger com-
monsense links in the representation, and a salient
correlation between model predictions and com-
monsense link strengths, despite the fact that nei-
ther the answer concept nor the related question
concept in a commonsense link is directly con-

Where    does    a    wild   bird usually    live    ?

cage windowsill countryside        sky         desert√× × × ×

Figure 2: From CONCEPTNET to CommonsenseQA.

nected to the output layer. Interestingly, results also
indicate that the stronger the structured common-
sense knowledge is, the more accurate the model
is. In addition to CommonsenseQA dataset, we
observe similar phenomenon on Wikipedia and
OMCS, demonstrating the generalization of our
findings. To our knowledge, we are the first to in-
vestigate key statistical cues when BERT solves
the CommonsenseQA task, providing several ev-
idences that commonsense knowledge is indeed
made use of. We release our code at https:
//github.com/Nealcly/commonsense.

2 Related Work

There has been much recent work exploiting the un-
derlying knowledge embedded in BERT representa-
tions. Peters et al. (2018) find that lower layers and
higher layers in ELMo contain more syntactic and
semantic information, respectively. Tenney et al.
(2019), Liu et al. (2019a) and Jawahar et al. (2019)
use probing models on hidden states to analyze
linguistic information within pre-trained language
models. Goldberg (2019) assess BERT’s syntactic
abilities by masking the verb, and comparing the
prediction probability of the original verb with in-
correct verbs. Our method is similar to Clark et al.
(2019) and Htut et al. (2019), who focus on atten-
tion heads. The difference lies in that our primary
goal is to investigate what information is learned
and made use of when solving commonsense tasks.
Therefore, our investigation is task-centered.

There has also been work investigating data
bias and spurious associations. Gururangan et al.
(2018) and Poliak et al. (2018) show that classifiers
achieve accuracies around 69% on SNLI (Bowman
et al., 2015) by using partial input. Kaushik et al.
(2020) demonstrate BERT solve sentiment analysis
and NLI by heavily relying on spurious associa-
tions. Our work is in line in investigating statistical
cues. Different from the above investigations, we
use probing methods to verify the presence and im-
portance of the key feature, namely commonsense
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knowledge, in solving commonsense QA, rather
than focusing on adversarial cases.

Commonsense reasoning is a challenging task in
natural language processing. Traditional methods
rely heavily on hand-crafted features (Rahman and
Ng, 2012; Bailey et al., 2015) and external knowl-
edge bases (Schüller, 2014). With recent advances
in deep learning, pre-trained language models have
been used as a powerful method for such tasks.
Trinh and Le (2018) use a pre-trained language
model to score candidate sentences for the Pronoun
Disambiguation and Winograd Schema Challenge
(Levesque et al., 2012). Klein and Nabi (2020)
use a sentence-level loss to enhance commonsense
knowledge in BERT. Mao et al. (2019) demon-
strate that pre-trained language models fine-tuned
on SWAG (Zellers et al., 2018) are able to pro-
vide commonsense grounding for story generation.
For commonsense question answering, pre-trained
language models with fine-tuning give the state-of-
the-art performance (Zellers et al., 2018; Huang
et al., 2019; Talmor et al., 2019). Though the above
work show usefulness of BERT on comonsense
tasks, little work has been done investigating the
mechansim for BERT solving the tasks. Our work
thus complements existing research in this aspect.

There is also a line of work leveraging CON-
CEPTNET to enhance model’s commonsense rea-
soning ability. Lin et al. (2019) inject path infor-
mation from question concepts to answer concepts
to a model. Ye et al. (2019) use CONCEPTNET to
construct pre-training dataset for BERT. Lv et al.
(2019) extract evidence from CONCEPTNET and
Wikipedia to build a relational graph for Common-
senseQA. We use CONCEPTNET for measuring
commonsense knowledge in BERT.

3 Task and Model

We review the main experimental dataset Common-
senseQA (Section 3.1), before showing the struc-
ture of a state-of-the-art model (Section 3.2).

3.1 Dataset

CommonsenseQA (Talmor et al., 2019) is a
multiple-choice question answering dataset con-
structed based on the knowledge graph CONCEPT-
NET (Speer et al., 2017), which is composed of a
large set of triples taking the form 〈source concept,
relation, target concept〉, such as 〈BIRD, ATLOCA-
TION, COUNTRYSIDES〉. Given a source concept
BIRD and the relation type ATLOCATION, there are

three related target concepts CAGE, WINDOWSILL

and COUNTRYSIDE in CONCEPTNET.
As shown in Figure 2, in the development of the

CommonsenseQA dataset, crowd-workers are re-
quested to generate question and candidate answers
based on the source concept and three related target
concepts in CONCEPTNET, respectively. Follow-
ing Talmor et al. (2019), we call the source concept
in the question as question concept, and the target
concept in the answer as answer concept. Each
question corresponds to only one correct answer
concept among the three related CONCEPTNET

target concepts. In addition, two more incorrect
answer concepts are added, which do not correlate
with the question concept in CONCEPTNET, result-
ing in 5 candidate answers for each question. We
define commonsene link as the link from the answer
concept to the question concept.

The CommonsenseQA dataset is designed to
avoid salient bias in surface patterns. First, the
lexical overlap between the correct answer and the
question is similar to that between the question
and incorrect candidates. Second, commonsense
links are not superficial patterns that can be learned
from training data. In particular, the percentage of
answer-question-concept pairs in test examples that
also exist in the gold training examples is 15.78%,
which suggests that the main source of strong com-
monsense links, if observed, comes mainly from
the pre-trained BERT model itself.

In order to analyze implicit structured common-
sense knowledge, which is based on the link from
the answer concept to the question concept, we
filter out questions which do not contain explicit
mentions to the question concept in its CONCEPT-
NET form (e.g. paraphrase). The resulting dataset
CommonsenseQA* contains 74 fewer instances.

3.2 Model

We adopt the method of Talmor et al. (2019), using
BERT (Devlin et al., 2019). In particular, given a
question q and 5 candidate answers a1, ..., a5, we
concatenate the question with each answer to obtain
5 question-answer pair sequences (i.e. sentences)
s1, . . . , s5, respectively. In each sentence, we use a
special symbol [CLS] in the beginning, a symbol
[SEP] between the question and the candidate
answer, a symbol [SEP] in the end.

BERT uses L stacked Transformer layers
(Vaswani et al., 2017) to encode each sentence.
The last layer hidden state of the [CLS] token is
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used for linear scoring with softmax normalization.
The candidate among s1, . . . , s5 with the highest
score is chosen as the prediction. More details of
our implementation are shown in Appendix C.

4 Analysis Methods

As mentioned earlier, we analyze commonsense
links using the attention weight (Clark et al., 2019)
and the corresponding attribution score (Sundarara-
jan et al., 2017; Mudrakarta et al., 2018). We report
results in one random execution for each experi-
ment. We additionally tried five runs for each ex-
periments, and found that the result variation is
small (Appendix B).

4.1 Attention Weights

Given a sentence, attention weights in Transformer
can be viewed as the relative importance weight be-
tween each token and the other tokens when produc-
ing the next layer representation (Kovaleva et al.,
2019; Vashishth et al., 2020). In particular, given a
sequence of input vectors H = [h1,h2, . . . ,h|H|],
its self-attention representation uses each vector as
a query to retrieve all context vectors in H, yielding
a matrix of attention weights α ∈ R|H|×|H|.

The value of α is computed using the scaled
dot-product of the query vector of representation
Q = WQH and the key vector of representation
K = WKH, followed by softmax normalization

α = softmax(
QKT

√
dk

), (1)

where dk is the dimension size of the key vector K.
αi,j represents the attention strength from hi to hj .
For multi-head attention, H is linearly projected
T times to find T sets of queries, keys, and values,
where T is the number of heads. The attention op-
eration of each head is performed in parallel, with
the results being concatenated. We use αm,n to de-
note the n-th attention head in the m-th layer. The
attention weights αm,n are used as a first measure
of commonsense link strengths.

4.2 Attribution Scores

Kobayashi et al. (2020) point out that analyzing
only attention weights can be insufficient for in-
vestigating the behavior of attention heads. As
a supplement, gradient-based feature attribution
methods have been studied to interpret the contri-
bution of each input feature to the model prediction

in back-propagation (Baehrens et al., 2010; Mu-
drakarta et al., 2018; Hao et al., 2020). Analysis of
both attention weights and the corresponding attri-
bution scores allows us to more comprehensively
understand commonsense links in BERT.

We employ an attribution technique called Inte-
grated Gradients (Sundararajan et al., 2017). In-
tuitively, integrated gradients works by simulating
the process of pruning the specific attention head
(from the original attention weight α to a zero vec-
tor α′), and calculating the integrated gradients in
back-propagation. The attribution score directly
reflects how much a change of attention weights
affects model outputs. A higher attribution score
represents more importance of the corresponding
individual attention weight. Suppose that F (x)
represents the BERT model output for Common-
senseQA given an input x. The attribution of at-
tention head αtt ∈ [1, . . . , T ] in a Transformer
layer can be computed by comparing with a set of
baseline weights α′:

Atr(αt) = (αt−α′t)⊗
∫ 1

x=0

∂F (α′ + x(α− α′))
∂αt

dx

(2)
where ⊗ denotes element-wise multiplication, α =
[α1, . . . , αT ]. Intuitively, F (α′ + x(α − α′))
is closer to F (α′) when x is closer to 0, and
closer to α when x is closer to 1. Therefore,∫ 1
x=0

∂F (α′+x(α−α′))
∂αt dx gives the amortized gradi-

ent with all different x. Atr(αt) ∈ Rn×n denotes
the attribution score which corresponding to the
attention weight αt. Atr(αti,j) is represented for
the interaction from token hi to hj . We set the
uninformative baseline α′ as zero vector. Follow-
ing Sundararajan et al. (2017), we approximate
Atr(αt) via a gradient summation function,

Atr(αt) ::= (αt−α′t)⊗
s∑

i=1

∂F (α′ + i/s(α− α′))
∂α′t

×1

s
,

(3)
where s is the number of approximation steps for
computing integrated gradients. We set s to 20
based on the empirical results.

5 The Presence of Knowledge

We first conduct a set of experiments to investigate
commonsense link strengths in BERT representa-
tions of question-answer pairs (i.e. sentences). In-
tuitively, if the link weight from the answer concept
to the question concept is higher than those from
the answer concept to other question words, then
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Statistics MAW Accuracy
RandomMax Avg

Dataset # Instances # Avg Length BERT BERT-FT BERT BERT-FT
CommonsenseQA∗ 1,147 13.18 46.82 49.22 12.38 17.35 10.53

OMCS 37,895 7.63 88.48 89.14 37.82 39.52 24.11
Wikipedia 176,449 16.40 40.24 43.53 13.19 13.48 6.22

Table 1: Average and maximum MAW accuracies across three datasets. BERT-FT model denotes the BERT model
with fine-tuning on CommonsenseQA training set.

Relation Type Max Avg L-H # Ins
Random 10.53 10.53 - -

OVERALL 49.22 17.35 8-7 -
ATLOCATION 55.85 18.42 8-7 574

CAUSES 55.93 18.91 8-7 162
CAPABLEOF 47.88 14.71 8-1 104
ANTONYM 52.53 10.97 4-3 83

HASPREREQUISITE 54.15 18.93 9-8 41
HASSUBEVENT 55.29 18.74 9-0 34

DESIRES 40.00 7.92 8-1 27
CAUSESDESIRE 48.89 14.28 4-0 27

PARTOF 59.09 18.56 9-0 22
HASPROPERTY 54.00 15.12 9-1 20

MOTIVATEDBYGOAL 75.56 24.31 9-7 18
HASA 68.89 22.10 8-1 9

RELATEDTO 62.22 18.44 9-0 9

Table 2: The average and maximum MAW accuracies
of BERT-FT for different commonsense relations. We
exclude the relation types with frequencies of occur-
rence less than 9. L-H represents the best performing
attention head for each relation.

we have evidence of BERT using commonsense
cues according to CONCEPTNET. As mentioned
earlier, rather than the question concept, the repre-
sentation of the [CLS] token is directly connected
to the output layer for candidate scoring. Hence
there is no direct supervision signal from the output
layer to the link weight during fine-tuning, and bet-
ter prediction does not necessarily indicate strong
commonsense links.

5.1 Probing Task
Without losing generality, we call both attention
weights in Section 4.1 and attribution weights in
Section 4.2 link weight. We evaluate link weights
by calculating the most associated word (MAW),
namely the question concept word that receives
the maximum link weight from the answer concept
among all question words. MAW is measured for
each individual attention head in each layer.

Denote the hidden states of the whole ques-
tion, question concept and answer concept as
[h1, . . . ,h|q|], [hbs , . . . ,hes ] and [hbt , . . . ,het ], re-
spectively. If the answer concept is composed
of multiple tokens, we consider the link weight
from the answer concept to the question token hi

(i ∈ [1, |q|]) as the mean of the link weights over
all answer tokens αi = 1

et−bt
∑et

j=bt
αj,i. For the

n-th attention head in them-th layer, if the question
concept receives the maximum link weight from
the answer concept (i.e., µm,n = argmaxi α

m,n
i ,

µm,n ∈ [bs, es]), we consider that this attention
head gives the correct MAW.

We take two different measures of MAW ac-
curacies, calculating the average accuracy among
all attention heads, and the accuracy of the most-
accurate head, respectively. Previous work prob-
ing syntactic information from attention head takes
the second method (Clark et al., 2019; Htut et al.,
2019). We additionally measure the average in or-
der to comprehensively evaluate the prevalence of
commonsense cues in BERT.

The average MAW accuracy is measured by:

accavg =

∑12
m=1

∑12
n=1

∑D
d=1 1(µ

m,n ∈ [bs, es])

12× 12×D .

The maximum MAW accuracy is measured by:

accmax =
12

max
m=1

12
max
n=1

∑D
d=1 1(µ

m,n ∈ [bs, es])

D
,

where D represents the number of instances for
evaluation.

In theory, if link weights for each attention head
are randomly distributed, the average and maxi-
mum MAW accuracies should be both

accbaseline =

∑D
d=1

es−bs
|q|

D
,

which reflects the fact that the representation does
not contain explicit correlation between the answer
concept and its related question concept. In con-
trast, MAW accuracies significantly better than this
baseline indicates that commonsense knowledge is
contained in the representation.

5.2 Results

The results for off-the-shelf BERT (BERT) and
a BERT model fine-tuned on CommonsenseQA
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(BERT-FT) are shown in the first row of Table 1.
First, looking at the original non-fine-tuned BERT,
the maximum MAW accuracy of each layer signif-
icantly outperforms1 the random baseline. This
shows that commonsense links are a part of BERT
representation of a sentence in general, just as syn-
tactic (Goldberg, 2019) and semantic (Liu et al.,
2019a) knowledge. Second, BERT-FT outperforms
BERT in terms of both the average MAW accuracy
and the maximum MAW accuracy, with a relatively
large boost on the average MAW accuracy, which
shows that structured commonsense features are
enhanced by supervised training on commonsense
tasks.

We explore the best performing attentions head
for each relation type in Table 2, finding that certain
attention heads capture specific commonsense re-
lations. There is no single attention head that does
well for all relation types, both with fine-tuning
and without fine-tuning, which is similar to the pre-
viously finding for syntactic heads (Raganato and
Tiedemann, 2018; Clark et al., 2019).

To further differentiate commonsense cues
from superficial association, we measure the co-
occurrence between each word in the question and
answer concept in 1 million English Wikipedia
documents. There is only 1.85% question con-
cept word among the highest co-occurring words
of each answer concepts, which partly shows that
the strong commonsense links do not heavily rely
on superficial pattern.

5.3 Additional Datasets.

Since this set of experiments concerns the represen-
tation only, we take additional two unlabeled cor-
pora in addition to CommonsenseQA. In particular,
we extract sentences from Open Mind Common
Sense (OMCS) 2 and Wikipedia, if there existing
one and only one source-target concept pair in this
sentence, yielding two large-scale datasets. The
detailed statistics are shown in Table 1. The results
are consistent with the CommonsenseQA dataset,
which shows the generation ability of our methods.

6 Co-relating Knowledge with Task

We further conduct a set of experiments to draw the
correlation between commonsense links and model
prediction. The goal is to investigate how BERT

1p ≤ 0.01 using t-test; similar for subsequent mentions.
2Open Mind Common Sense (OMCS) corpus is the source

corpus of ConceptNet.

Attention Attribution
BERT-FT BERT-Probing BERT-FT

Head MAT MAS MAT MAS MAT MAS
1 49.00 18.92 29.21 4.01 51.61 23.54
2 49.17 19.62 20.75 10.99 27.46 24.85
3 32.00 56.23 16.04 43.85 49.17 33.83
4 41.33 16.74 32.17 9.68 22.93 47.08
5 49.96 24.32 33.91 6.28 31.04 44.29
6 45.42 13.25 34.87 4.62 34.26 20.14
7 48.39 13.33 25.72 7.41 33.83 22.67
8 54.14 13.39 28.07 3.66 25.98 49.61
9 39.67 16.74 28.86 9.50 36.97 22.84
10 38.71 13.95 24.50 18.66 52.14 21.01
11 49.17 8.89 36.88 7.15 36.79 21.19
12 53.53 11.07 30.08 3.31 25.81 26.94

Avg 45.87 18.85 28.42 10.76 35.67 29.83

Table 3: MAToverlap and MASoverlap in the top layer.

makes use of commonsense knowledge for mak-
ing a prediction in the CommonsenseQA task. In
particular, we compare the link weights across the
five answer candidates for the same question, and
find out the candidate that is the most associated
with the relevant question concept. This candidate
is called the most associated target (MAT). Cor-
relations are drawn between MATs and the model
prediction for each question. Intuitively, the more
the MATs are correlated with the model predictions,
the more evidence we have that the model makes
use of commonsense cues in making prediction.

Both attention weights and the corresponding
attribution scores are used, because now we are
considering model prediction, for which gradients
play a role and can be measured. For all exper-
iments, the trend of attribute scores is consistent
with that measured using attention weights.

6.1 Probing Tasks
Formally, given a question q and 5 candidate an-
swers a1, . . . , a5, we make comparisons across five
candidate sentences s1, . . . , s5. In each candidate
sentence, we calculate the link weight from the
answer concept to the question concept accord-
ing to CONCEPTNET. Denote the hidden states
of the question concept and the answer concept
as [hbs , . . . ,hes ] and [hbt , . . . ,het ], respectively.
The link weight of the answer-question-concept
pair (αa2q) is the average between each answer
concept token and each question concept token

αa2q =

∑es
i=bs

∑et
j=bt

αj,i

(es − bs)(et − bt)
Among the five candidates in each instance, we

take the one with the highest αa2q as the most as-
sociated target MAT, denoted as sMAT ∈ [1, 5].
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(a) Measured by attention weights.

#H #Ins Model Acc. #H #Ins Model Acc.

0 158 20.89 7 69 78.26
1 135 28.15 8 63 82.54
2 119 52.10 9 57 92.98
3 132 53.79 10 47 89.36
4 93 62.37 11 44 97.73
5 106 66.04 12 36 100.00
6 88 68.18 - - -

(b) Measured by attribution.

#H #Ins Model Acc. #H #Ins Model Acc.

0 89 10.11 5 171 72.51
1 114 22.81 6 119 81.51
2 148 51.35 7 85 82.35
3 156 56.41 8 43 74.72
4 207 66.67 9 13 84.62

Table 4: The relationship between the MAT head count
and the model prediction accuracy. #H denotes how
many heads yield the correct MAT prediction. #Ins de-
notes the instance number.

As a baseline for MAT, we further define most
associated sentence (MAS) as the candidate an-
swer that has the maximum link weight from the
answer concept to the [CLS] token among the five
candidates. The reason is that gradients are back-
propagated from the [CLS] token rather than the
question concept or the answer concept. By com-
paring MAT and MAS, we can have useful informa-
tion on whether MAT is an influencing factor for
the model decision.

We measure the correlation between MAT

(sMAT ∈ [1, 5]), the model prediction (smodel ∈
[1, 5]) and the gold-standard answer (sgolden ∈
[1, 5]) by using two metrics, including the over-
lapping rate between MATs and model predictions,
and the accuracy of MATs.

The overlapping rate of MATs is defined as:

MAToverlap =

∑D
d=1 1(s

MAT
d = smodeld )

D

The accuracy of MATs is defined as the percent-
age of Mats that equals the gold answer:

MATacc =

∑D
d=1 1(s

MAT
d = sgoldend )

D

Similar to MAW, MAT and MAS can be measured
for each attention head, and we calculate the aver-
age and maximum values across different heads.

6.2 Commonsense Link and Model Output
We measure the MAT performance of BERT-FT,
and a BERT model that is fine-tuned for the output

layer only (BERT-probing). The latter is a linear
probing model (Liu et al., 2019a). Intuitively, if
the probing model can solve the commonsense task
accurately, then the original non-fine-tuned BERT
likely encodes the rich commonsense knowledge.

Table 3 shows the relative strengths of MATs and
MASs according to the 12 attention heads in the top
Transformer layer. First, for both models, the over-
lapping rates of MATs are significantly (p ≤ 0.01)
larger than that with MASs. This suggests that the
link weight from the answer concept to the question
concept is more closely-related to the model predic-
tion as compared to the link weight from the answer
concept to the [CLS] token, despite that model
output scores are calculated on the [CLS] token.
The results give strong evidence that commonsense
cues from BERT are relied on for model decision.
Second, when fine-tuned with training data, the
model gives an even stronger correlation between
MAT and the model prediction. This suggests that
the model can learn to make use of commonsense
cues for making prediction, which partly shows
how a BERT model solves CommonsenseQA.

Figure 3 shows the overlapping rate between
MAT and model prediction at each Transformer
layer. Both the maximum and the average over-
lapping rates across the 12 layers are shown. The
random overlapping rate of 20% is drawn as a ref-
erence. It can be seen from the figure that the
maximum overlapping rate of BERT-probing is sig-
nificantly larger than the random baseline, which
shows that the model prediction is associated with
the relevant structured commonsense cues. In addi-
tion, after fine-tuning, the BERT-FT model shows
a tendency of weakened maximum MAT overlap-
ping rate on lower Transformer layers and much
strengthened MAT overlapping rate on higher lay-
ers, and in particular the top layer. The trend of
MAT measured by attribution score is consistent
with attention weights. This suggests that fine-
tuned model relies more on the commonsense struc-
ture in the top layer for making prediction.

We compare the co-occurrence between ques-
tion concepts and candidate answer concepts in 1
million English Wikipedia documents, and find
that only 18.2% gold answers has the most co-
occurrence with the question concept among 5
answer candidates, which is even lower than the
random baseline (20%), showing that Common-
senseQA cannot be solved by solely relying on
superficial patterns.
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Figure 3: MAToverlap across different layers.

Figure 4: MATacc of each attention head in the top layer
with correct and incorrect model predictions. “Red”
and “Blue” indicate the model performance if attention
head-n gives correct and incorrect prediction, respec-
tively.

6.3 Commonsense Link and Model Accuracy

Table 4 shows the correlation between MAT accu-
racies and model prediction accuracies. Each row
shows a different number of heads in the top layer
for which the MAT corresponds to the correct an-
swer candidate, together with the number of test
instances for such cases, and the model prediction
accuracy on the instances. There is an obvious
trend where increased MAT accuracies correspond
to increased model prediction accuracies, which
shows that making use of structured commonsense
cues leads to better model prediction.

Figure 4 shows the MAT accuracies of each at-
tention head in the top layer for the test instances
with correct and incorrect model predictions, re-
spectively. The MAT accuracies of correctly pre-
dicted instances are larger than those of incorrectly
predicted instances by a large margin. The finding
is consistent with Table 4, which shows that struc-
tured commonsense cues are a key factor in BERT
making the correct decision.

Figure 5: Model performance on the CommonsenseQA
development set when different heads are pruned.

BERT-FT BERT-probing
MAToverlap Model MAToverlap Model

L Max Avg Acc Max Avg Acc
12 54.14 45.87 58.59 36.88 28.42 39.23
11 46.56 26.65 56.50 37.66 27.11 35.48
10 37.40 27.86 53.36 39.84 28.50 33.74
9 34.61 24.01 51.53 30.08 24.76 32.52
8 31.82 21.39 49.35 25.81 21.53 33.57
7 31.73 24.40 48.74 37.05 24.04 32.96
6 31.56 23.64 45.95 31.21 24.02 32.00
5 34.44 25.01 44.99 33.39 24.03 32.43
4 44.73 34.13 40.28 41.06 27.67 33.83
3 44.20 32.48 37.58 25.81 21.02 21.88
2 23.71 19.47 26.68 23.63 20.74 20.40
1 23.45 19.50 23.02 20.58 18.81 19.27

Table 5: Performance of MAToverlap across different
layers. L-n represents adding the output classifier on
the hidden state of layer-n. Our BERT-FT model (layer-
11) gives 58.15% accuraies, which is slightly higher
than the reported results of 55.57% on Lin et al. (2019).
It achieves 58.59% on our dataset CommonsenseQA*.

We further evaluate the model performance after
pruning specific heads. We sort all the attention
heads in each layer according to their MAT perfor-
mance by attribution scores, and then prune these
heads in order. Following Michel et al. (2019), we
replace the pruned head with zero vectors. Figure 5
shows the model performance on the development
set. As the number of pruned heads increases, the
model performance decreases, which conforms to
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intuition. In addition, the model performance drops
much more rapidly when the attention heads with
higher MAT performances are pruned first, which
demonstrates that capturing commonsense features
is crucial to strong model prediction.

6.4 Commonsense Link and BERT Layer

We further investigate two specific questions on the
commonsense knowledge usage. First, which layer
does BERT rely on the most for making its deci-
sion. Second, does the commonsense knowledge
that BERT uses come more from pre-training or
fine-tuning. We compare 12 model variations by
connecting the output layer on each of the Trans-
former layer, respectively. Table 5 shows the model
accuracies and the MAT overlapping rates. First,
BERT-probing gives the best performance when
prediction is made on the top layer, and the ac-
curacy generally decreases as the layer moves to
the bottom. This indicates that relevant common-
sense knowledge is more heavily distributed to-
wards higher layers during pre-training. Our exper-
imental settings here are the same as the probing
task for syntactic information by Liu et al. (2019a),
who find that syntactic information is distributed
more heavily towards lower BERT layers.

With fine-tuning, we observe stronger improve-
ments of both model accuracies and MAT overlaps
on higher layers when comparing BERT-FT and
BERT-probing. This demonstrates that common-
sense knowledge on higher layers is more useful
to the CommonsenseQA task. Interestingly, com-
paring layer 11 and layer 10, the model accuracy
after fine-tuning is similar, but the MAT overlap of
layer 11 is significantly larger. This can suggest
that the structured commonsense knowledge that
we probe attributes only partly to the overall useful
knowledge for CommonsenseQA.

7 Conclusion

We conducted quantitative analysis to investigate
how BERT solves the CommonsenseQA task, aim-
ing to gain evidence on the key source of informa-
tion involved in the disambiguation process. Em-
pirical results demonstrated that BERT encodes
structured commonsense knowledge, and is able to
leverage such cues on the downstream Common-
senseQA task. Our analysis has further revealed
that with fine-tuning, BERT learns to make bet-
ter use of commonsense features on higher layers.
These suggest that BERT can learn to make use

of truly relevant commonsense cues rather than
superficial patterns for CommonsenseQA.
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Abstract

In multi-hop QA, answering complex ques-
tions entails iterative document retrieval for
finding the missing entity of the question. The
main steps of this process are sub-question
detection, document retrieval for the sub-
question, and generation of a new query for the
final document retrieval. However, building a
dataset that contains complex questions with
sub-questions and their corresponding docu-
ments requires costly human annotation. To
address the issue, we propose a new method
for weakly supervised multi-hop retriever pre-
training without human efforts. Our method
includes 1) a pre-training task for generating
vector representations of complex questions,
2) a scalable data generation method that pro-
duces the nested structure of question and sub-
question as weak supervision for pre-training,
and 3) a pre-training model structure based on
dense encoders. We conduct experiments to
compare the performance of our pre-trained re-
triever with several state-of-the-art models on
end-to-end multi-hop QA as well as document
retrieval. The experimental results show that
our pre-trained retriever is effective and also
robust on limited data and computational re-
sources.

1 Introduction

Multi-hop QA is the task of answering complex
questions that requires reasoning across multiple
documents (Nogueira and Cho, 2017; Nie et al.,
2019; Sun et al., 2019; Fang et al., 2020; Zhao
et al., 2020). The core components of multi-hop
reasoning are identifying the missing entity in the
question and generating a new query with the miss-
ing entity. Figure 1 shows an example of the reason-
ing process in multi-hop QA. In the example, the
missing entity, which we call bridge entity, of the
question is “Jupiter”. To answer the question, the
correct document for the sub-question “the largest

planet in the Solar System,” should be retrieved.
Supervised training of the multi-hop QA models
for these intermediate reasoning steps requires a
dataset of complex questions, sub-questions, and
their corresponding documents. However, building
such dataset requires costly human annotation and
cannot be done at scale (Min et al., 2019; Wolfson
et al., 2020).

When there is limited annotated supervision sig-
nal, weakly supervised pre-training can be a solu-
tion (Devlin et al., 2019; Liu et al., 2019) which has
shown effectiveness in open-domain QA (Lee et al.,
2019; Guu et al., 2020). Unlike open-domain QA,
it is not trivial to apply a pre-training method to
multi-hop QA due to the complexity in generating
weak supervision data. In open-domain QA, weak
supervision is generated by selecting a document
from a corpus and extracting a sentence from the
document. The sentence becomes a pseudo ques-
tion, and the document becomes a pseudo support-
ing document to be predicted by retrievers. This
two-step process for weak supervision cannot be
directly applied in multi-hop QA since each multi-
hop question refers to multiple documents.

In this paper, we propose a novel weakly super-
vised pre-training method for multi-hop retriever,
LOUVRE (Learning frOm mUlti-hop Variation of
document RElations). Our method contains three
core elements: 1) a pre-training task, 2) a scalable
method to generate pre-training data with weak su-
pervision, and 3) a model to pre-train a retriever
for multi-hop QA. Specifically, we define a task for
pre-training, “Next Document Prediction” (NDP),
which is to retrieve documents for sub-questions.
We then propose “Bridge Entity Re-Phrasing” to
generate the pre-training data. “Bridge Entity Re-
Phrasing” generates complex questions that contain
sub-questions of the bridge entities and their corre-
sponding documents. To generate a complex ques-
tion using a bridge entity without human effort, we
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Q: "What is the name of the biggest moon of the largest planet in the Solar System?

Jupiter is the fifth planet from the Sun and
the largest in the Solar System.

Ganymede is the largest and most 
massive of the Jupiter’s moons.

Bridge Entity

Document A: Jupiter Document B: Ganymede (moon)

Figure 1: An example of chain reasoning in multi-hop QA. Answering the question requires finding “the largest
planet in the Solar System” which is the bridge entity “Jupiter.” With the retrieved document A, the question has
enough information to retrieve the correct answer in document B.

use two documents connected by Wikipedia hyper-
links. The hyperlinked entity becomes the bridge
entity, and the introductory phrase of the entity be-
comes the sub-question in the complex question.
This approach enables our weak supervision data
generation to be scalable, as shown in Figure 2. We
use a dense retriever consisting of a question en-
coder and a document encoder for the pre-trained
model structure (Karpukhin et al., 2020; Xiong
et al., 2021). The two encoders calculate vector
representations of questions and documents. Docu-
ment retrieval is performed by comparing the vec-
tors with MIPS (maximum inner product search).

Pre-training multi-hop retriever with our weak
supervision method brings three benefits: sig-
nificant performance improvement, robustness
on few-shot settings, and computational effi-
ciency. We evaluate our weakly supervised pre-
trained retriever with two types of experiments on
HOTPOTQA dataset: supporting documents predic-
tion and end-to-end multi-hop QA. In both experi-
ments, LOUVRE outperforms previous multi-hop
retrievers. Also, we fine-tune LOUVRE on 1% of
training data and show that the performance of
LOUVRE is comparable to the baselines. We eval-
uate the performance of LOUVRE according to
the computational efficiency. The results show that
LOUVRE requires less inference time than base-
lines.

Contributions of this paper are as follows: 1)
we propose a novel scalable weakly supervised
pre-training method for multi-hop retrievers, 2) we
provide the implementation of LOUVRE and the
pre-trained checkpoint publicly available 1, 3) we
show the effect of our pre-training method in multi-
hop QA with various experimental results.

2 Related Work

Distant Supervision in Open-Domain QA:
Many open-domain QA datasets only provide

1https://github.com/yeonsw/LOUVRE

question-answer pairs; some also provide weakly
annotated supporting documents, but they are pre-
dicted by simple heuristics (Joshi et al., 2017; Be-
rant et al., 2013). Document retrieval has suffered
from insufficient strong supervision issues. Hence,
document retrieval has suffered from lack of strong
supervision. To resolve this issue, Karpukhin et al.
(2020) use a document retrieved by TF-IDF as
the supporting document of the given question.
Weak supervision is also an effective method in
the distant supervision setting of open-domain QA.
Lee et al. (2019) use ICT (inverse cloze task) to
generate pseudo question-document pairs and pre-
train their retriever. They select documents from
Wikipedia and extract sentences from the docu-
ments. The selected sentence-document pairs be-
come pseudo-question-document pairs. Guu et al.
(2020) propose a pre-training method for a lan-
guage model that uses knowledge retriever (docu-
ment retriever). They train the knowledge retriever
only with the language modeling loss without us-
ing any supervision signal of supporting documents.
Although pre-training methods show effectiveness
in open-domain QA, they are limited to single-hop
retrievers.

Multi-Hop QA: To overcome the lack of su-
pervision signal in multi-hop QA, weak supervi-
sion methods have been proposed. Qi et al. (2019)
propose a sub-question generation method. They
use heuristically generated pseudo-questions as
supervision for the question generation model.
Perez et al. (2020) generate weak supervision for
question decomposition by mapping a complex
question to multiple single-hop questions in ex-
isting QA datasets. They use complex questions
in HOTPOTQA (Yang et al., 2018) and single-hop
questions in SQuAD 2.0 (Rajpurkar et al., 2018).
Another method to train multi-hop QA models
without human annotated datasets is by taking two
simple questions and generating a complex ques-
tion (Pan et al., 2020). They generate complex ques-
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Quantum mechanics is a fundamental theory in physics that 
provides a description of the physical properties of nature at the
scale of subatomic particles

Subatomic particles are particles that are smaller than the atom
Hyperlink

What is a fundamental theory 
in physics that provides a description of the 
physical properties of nature at the scale of
are particles that are smaller than the atom 
?

Question: What is a fundamental theory in physics that provides a description of the physical properties of nature at the 
scale of are particles that are smaller than the atom ?

Document A

Document B

Supporting documents in order: Document B -> Document A
Answer: Quantum mechanics

Figure 2: Proposed pre-training data generation process. Two documents connected by Wikipedia hyperlink are
selected. In “Bridge Entity Re-Phrasing” process, document B which describes the entity “subatomic particles” is
used to re-phrase the entity in document A. After replacing the answer entity, “Quantum mechanics”, the complex
question and its corresponding supporting documents are generated.

tions with GPT-2 (Radford et al., 2019) fine-tuned
on SQuAD1.1. Our work improves upon previous
research by providing a more general method that
leverages a large open corpus with retriever pre-
training.

3 Method

We propose an effective and scalable pre-training
method that provides weak supervision of the com-
plex questions with sub-questions and their corre-
sponding supporting documents.

3.1 Next Document Prediction

We propose the “Next Document Prediction”
(NDP) task for pre-training. NDP refers to the pro-
cess of recurrent document retrieval used in (Qi
et al., 2019; Asai et al., 2020; Xiong et al., 2021).
We apply the common definitions in the existing
studies to our “Next Document Prediction” task.
We define NDP as the task that predicts documents
in the reasoning sequence [d1, ..., dn] recurrently
as follows:

dk = Retriever(q,Dk−1), (1)

where q is a question, dk is a predicted document
at step k, and Dk−1 is a set of documents retrieved
in the previous steps, {d1, ..., dk−1}.

3.2 Bridge Entity Re-Phrasing

Our pre-training requires a dataset of questions,
sub-questions, and their corresponding reasoning
chains (i.e., a sequence of documents). We propose
“Bridge Entity Re-Phrasing” for generating this pre-
training dataset. “Bridge Entity Re-Phrasing” takes
two steps: entity selection and re-phrasing. Fig-
ure 2 provides an overview of our data generation
process. We provide the detailed description of

“Bridge Entity Re-Phrasing” in the following para-
graphs.

The “Bridge Entity Re-Phrasing” process re-
quires informative entities and the description
of the entity. We assume that an entity with a
Wikipedia hyperlink is an informative entity. Also,
hyperlink entities often have Wikipedia articles de-
scribing the entities. The hyperlink entity becomes
the bridge entity. In Figure 2, document A and
document B are connected with the bridge entity,

“subatomic particles”. We re-phrase the selected en-
tity with the first line of the document. In Figure 2,

“subatomic particles” is re-phrased with the first line
in document B. When the bridge entity appears in
the question, multi-hop retrievers easily find the
bridge document using only the word. To prevent
this issue, we remove the bridge entity from doc-
ument B. The generated document becomes the
document to be used for question-answer pair gen-
eration.

Generating a question-answer pair from a sin-
gle document has been studied by pre-training re-
search in open-domain QA (Lee et al., 2019; Guu
et al., 2020). We extend their work to generate
questions, reasoning chains, and answers. We ran-
domly select an entity from the merged document
and replace the entity with the word “what”. In
Figure 2, “Quantum mechanics” is the entity word
and replaced with “what.” The new sentence be-
comes a pseudo-question, and the replaced entity
becomes the answer. Since document B contains
the bridge entity, the pseudo-question reasoning
chain becomes [document B, document A].

3.3 Model Architecture

Model structure for our pre-training is subject to
two requirements: general model structure and re-
current retrieval. We use multi-hop dense retriever
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(Xiong et al., 2021) which meets the two require-
ments and is based on the DPR (dense passage
retriever) (Karpukhin et al., 2020). DPR consists
of a question encoder EQ and a document encoder
ED, both of which are based on RoBERTa-base.
Documents are retrieved by MIPS (maximum inner
product search) with similarity between the ques-
tion vectors and the document vectors as follows:

sim(q, d) = EQ(q)
ᵀED(d). (2)

MDR retrieves documents recurrently by taking
the previously retrieved documents as input. MDR
concatenates the question q and the retrieved doc-
uments {d1, ..., dk−1} and calculates a question
vector for k-th step as follows:

dk = argmaxd(EQ(q, d1, ..., dk−1)
ᵀED(d)), (3)

where d is a document in the corpus.
We train the dense encoder to assign the highest

probability for the ground truth document among
the documents in the huge corpus. The loss function
for our pre-training is as follows:

LNBP(qk, dk) =

− log
esim(qk,dk)

esim(qk,dk) +
∑

d∈neg(dk) e
sim(qk,d)

,
(4)

where qk is a concatenation of q and Dk−1, and
neg(dk) is a set of documents excluding dk. Since
computing the softmax over the whole corpus is
computationally expensive, we use in-batch nega-
tives for neg(dk) (Karpukhin et al., 2020).

4 Experimental Setup

4.1 Pre-Training Details

We generate our pre-training data from 5,233,329
Wikipedia articles provided by Yang et al. (2018).
We select all sentences that contain at least one
hyperlinked entity to generate pseudo questions
and randomly select “answer” entities from the
sentences 2. Our data generation process builds
13.9 million question-document-answer triples. We
pre-train our dense retriever with a batch size of
256 for 200K+ steps. We use Adam with a warm-
up ratio of 0.1 and set the learning rate to 2× 10−5.
We use a machine with eight V100 (32G) GPUs.

2We use spaCy for entity recognition

TF-IDF Wiki RR Eff

LOUVRE
- eff X X X
- Wiki X
- reranking X
- reranking-Wiki X X

Table 1: The five variations of LOUVRE. Each column
represents sparse retrieval (TF-IDF), Wikipedia hyper-
links (Wiki), reranking (RR), and efficient fine-tuning
(Eff). “Eff” represents whether the model uses efficient
hyper-parameter setting, a batch size of 32 and a num-
ber of epochs of 15.

4.2 Fine-Tuning Details

We use TF-IDF negatives in addition to in-batch
negatives for fine-tuning as in Karpukhin et al.
(2020); Xiong et al. (2021). We set the number of
TF-IDF negatives to 2. We use the Adam optimizer
with a warm-up rate of 0.1 and set the learning rate
to 2× 10−5. We set the batch size to 32, the num-
ber of epochs to 15. To achieve better performance,
we additionally fine-tune our model with another
hyper-parameter setting: a batch size of 150 and a
longer training time of 50 epochs.

4.3 Tasks

Supporting Document Prediction: In this task, re-
trievers and rerankers predict supporting docu-
ments for each question in HOTPOTQA dataset
(Yang et al., 2018). The models predict possible
combinations of supporting documents. Formally,
when a question, qi, has been taken as input of
the model, the models yield a ranked list of K-sets
of documents, Li = [{da, db}]Kn=1. Each {da, db}
is a pair of candidate supporting documents. In
HOTPOTQA, the number of supporting documents
is fixed to 2. We use the 5 million Wikipedia arti-
cles as the knowledge source.
End-to-End Multi-Hop QA: We evaluate the sup-
porting facts prediction performance and the an-
swer prediction performance of LOUVRE on
HOTPOTQA full wiki setting (Yang et al., 2018).

4.4 Multi-Hop Retrieval Strategy

We propose five variations of LOUVRE based on
existing multi-hop retrieval strategies. Multi-hop
document retrievers leverage three strategies for
performance improvement and computational ef-
ficiency: sparse retrieval methods such as TF-IDF
(Nie et al., 2019), Wikipedia hyperlinks (Asai et al.,
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2020), and reranking (Xiong et al., 2021). Sparse
retrieval methods select a small number of candi-
date documents relevant to the given question and
are used to narrow down the search space of dense
retrievers. We use TF-IDF and keyword matching
as Nie et al. (2019) to retrieve 200 candidate docu-
ments. Existing multi-hop retrievers select reason-
ing paths (document chains) from documents con-
nected with Wikipedia hyperlinks. We iteratively
select the next-hop documents from the documents
connected with the previously retrieved documents.
Rerankers take the candidate reasoning paths (pairs
of documents) from the retriever and predict the
most probable reasoning path. We use the reranker
proposed by Xiong et al. (2021). Table 1 shows the
detailed information of these five variations.

4.5 Baselines

We compare our model to two types of multi-hop re-
trievers with and without reranking. For retrievers,
we use TF-IDF, DPR (Karpukhin et al., 2020), Cog-
nitive Graph (Ding et al., 2019), GOLDEN Retriever
(Qi et al., 2019), and MDR (Xiong et al., 2021).
For rerankers, we use SemanticRetrievalMRS (Nie
et al., 2019), PathRetriever (Asai et al., 2020),
MDR-reranking (Xiong et al., 2021), and HopRe-
triever (Li et al., 2020). We describe detailed exper-
imental settings of each baseline in Appendix A.

4.6 Metric

We use five evaluation metrics: EM, F1, R@K,
PathR@K, and AR@K. EM and F1 measure an-
swer prediction and supporting fact prediction per-
formance of multi-hop QA models (Yang et al.,
2018). In addition to R@K, which measures the
performance of supporting document prediction,
we use another metric PathR@K to evaluate how
well the retriever predicts the entire set of support-
ing documents. Since the readers predict answers
by reading each path, PathR@K is a more appropri-
ate estimate of answer prediction. The definitions
of R@K and PathR@K are:

R@K = 1(G ⊆ D)

PathR@K = 1((G = P1) ∨ ... ∨ (G = PK)),

(5)

where G = {gi, gj} is the set of ground truth sup-
porting documents, D is the set of retrieved doc-
uments, and Pi = {da, db} is a reasoning path
ranked at i.

In our experimental setting, D is set to all docu-
ments in

⋃K/2
i=1 Pi. AR@K measures the percent-

age of predictions that at least one passage in the
top K predicted paths contains the answer text.

5 Results & Discussion

LOUVRE overcomes limited supervision in multi-
hop QA with our weakly supervision data. Train-
ing with additional data brings progress in three
ways: overall retrieval performance improvement,
2) robustness on a few-shot setting, and 3) over-
all improvement in the end-to-end multi-hop QA.
We verify these improvements on the two tasks
described in section 4: supporting document pre-
diction and end-to-end multi-hop QA.

5.1 Supporting Document Prediction

In this experiment, we demonstrate the efficacy
of LOUVRE with document retrieval experiments.
First, we show the performance gain that comes
from using our pre-trained model. Then, we show
that the result becomes more significant in few-shot
settings.
Effect of Our Pre-Training: We compare LOU-
VRE with MDR which is a multi-hop retriever
fine-tuned on RoBERTa-base. We use the same
fine-tuning method as MDR but initialize the pa-
rameters with LOUVRE. Table 2 shows the results.
LOUVRE achieves 1.1% absolute performance
improvement than when using RoBERTa (65.9);
PathR@1 of LOUVRE is 67.0. Also, LOUVRE
outperforms MDR in other evaluation metrics. In
reranking experiments, we use the same rerank-
ing model as MDR-rerank. The only difference
between LOUVRE-rerank and MDR-rerank is the
parameter initialization method in the fine-tuning
step same as the retriever experiment. These results
show that our pre-training method is effective even
after reranking; PathR@1 of LOUVRE-rerank is
83.2, and PathR@1 of MDR-rerank is 81.2.
Weak Supervision and Training Time: LOU-
VRE’s pre-training method uses additional train-
ing with the multi-hop weak supervision dataset
and results in the performance improvement shown
above. To verify that the performance gap between
RoBERTa and LOUVRE is not from the additional
training time that LOUVRE uses in pre-training,
we train RoBERTa with much a longer training
time, 50 epochs, and compare with LOUVRE.

In Figure 3, we show the performance of
RoBERTa fine-tuned for {2, 5, 15, 50} epochs and
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Wiki link PathR@1 R@10 R@20 AR@1

Retriever

TF-IDF 9.8 27.6 35.1 43.4
DPR 25.2 45.4 52.1 -
Cognitive Graph 57.8 - - 76.0
GoldEnRetriever - 75.4 - -
MDR 65.9 77.5 80.2 75.4

LOUVRE-eff (1%) X 53.5 75.5 80.0 72.3
LOUVRE-eff X 65.3 80.4 83.0 78.9
LOUVRE 67.0 77.8 80.3 76.3
LOUVRE-Wiki X 69.5 80.7 82.4 77.8

Reranker

SemanticRetrievalMRS X 63.9 81.7 82.1 77.9
PathRetriever X 75.7 82.4 - 87.5
MDR-rerank 81.2 86.4 86.6 88.2
HopRetriever (w/o Wiki link) 66.2 78.8 - 76.3
HopRetriever X 82.5 88.6 - 86.8

LOUVRE-rerank 83.2 89.1 89.7 90.0
LOUVRE-rerank-Wiki X 83.5 89.5 90.1 89.8

Table 2: Performance of retrievers. LOUVRE outperforms baseline retrievers and rerankers. Wiki link denotes
whether the model uses Wikipedia hyperlinks.

2 5 15 50
N epochs

70

75

80

85

Pa
th

R@
20

LOUVRE-eff
RoBERTa

Figure 3: Comparison of LOUVRE-eff fine-tuned for
15 epochs with RoBERTa fine-tuned for 2 to 50 epochs.
The performance of RoBERTa flattens at 15 epochs.

the performance of LOUVRE fine-tuned for 15
epochs. The performance of RoBERTa stabilizes at
approximately 80% in terms of PathR@20 after 15
epochs. This result shows that the main factor of the
performance improvement from our pre-training
method is not merely from longer training time
but the unique information for multi-hop retrievers
provided by our weak supervision.
Retrieval Performance of Variations of
LOUVRE-eff: Table 2 shows the effect of
using LOUVRE. Similar results are observed in
LOUVRE-eff. Table 3 shows the same experiments
as Table 2 but in efficient fine-tuning setting, a
small batch size and a short train time. We compare
LOUVRE-eff with the retrieval performance of

R PathR
@10 @20 @8 @20

LOUVRE-eff 80.4 83.0 81.9 83.5
- 1% train data 75.5 80.0 77.1 81.5
- zeroshot 44.8 55.8 48.3 59.0
- w/o pre-training 75.7 78.5 76.9 79.8

DPR-zeroshot 39.0 51.6 42.8 56.6

Table 3: Supporting document prediction performance
of retrievers.

LOUVRE-eff without our pre-training method,
which is fine-tuned on RoBERTa. Applying
our pre-training method increases the retrieval
performance by 4.7% point (R@10); R@10 of
LOUVRE-eff is 80.4 and R@10 of LOUVRE-eff
without pre-training is 75.7. Taking the results in
Table 2 (the performance gain from our method
with a big batch size/train epochs is 1.1) and
the results in Table 3, we see the performance
gain increases as there is more limitation on
computation time.
Robustness on Few-shot Settings: Pre-training al-
leviates the model’s drastic performance drop when
the number of training data is insufficient. We
demonstrate the robustness of LOUVRE on few-
shot settings with different sizes of train data. We
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Figure 4: Retrieval performance of LOUVRE,
LOUVRE-eff, and RoBERTa. The only difference
between each model in the comparison models, (LOU-
VRE and MDR) and (LOUVRE-eff and RoBERTa),
is the pre-trained model being used for parameter
initialization.

fine-tune LOUVRE and MDR on a small portion
of the HOTPOTQA train set within 0.1% to 100%.
Figure 4 shows that the performance gap between
LOUVRE and MDR increases as the size of train
data decreases. When we use 0.1% of HOTPOTQA
train data, almost 30% of LOUVRE’s predictions
contain correct supporting documents; the perfor-
mance of MDR with the same amount of train data
is close to 0. We conduct the same experiment with
LOUVRE-Wiki and verify that using Wikipedia
hyperlinks improves the robustness on a few-shot
setting by 10.5% point in terms of PathR@5 when
there is only 0.1% train data.

We conduct the same experiment with a small
batch size of 32 and 10 epochs. Figure 4 illustrates
the retrieval performance of LOUVRE-eff and
LOUVRE-eff without our pre-training (RoBERTa)
depending on the proportion of the data used for
fine-tuning. It is worth noting that LOUVRE-eff
fine-tuned with 10% data outperforms RoBERTa
with 100% and shows little performance degrada-
tion compared to fine-tuning with 100%. We report
the detailed results of LOUVRE-eff (1%) in Table
2. Table 2 shows that LOUVRE-eff (1%) achieves
comparable performance to MDR trained on full
data with a larger batch size and a longer train
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Figure 5: The retrieval performance of baselines
and their computational efficiency. The beam sizes
used for each model are as follows: [3, 10, 20, 40]
for LOUVRE-eff, [3, 10, 13, 30] for LOUVRE-
rerank, [10, 10, 50, 100, 100] for LOUVRE-rerank-
wiki, and [3, 10, 100] for MDR-rerank. We use
the input size of the reranker of each model as
follows: [9, 100, 169, 900] for LOUVRE-rerank,
[10, 40, 50, 100, 400] for LOUVRE-rerank-wiki, and
[9, 100, 100] for MDR. We evaluate PathRetriever with
different number of initial n-documents retrieved by
TF-IDF; n ∈ {20, 50, 100, 500}.

time; R@10 of LOUVRE-eff (1%) is 2.0% point
lower than R@10 of MDR, which is 97% of the
performance of MDR.

Furthermore, we evaluate the zero-shot perfor-
mance of LOUVRE-eff and compare to DPR not
fine-tuned on HOTPOTQA. To adapt DPR to the
multi-hop retrieval task, we replace encoders in
LOUVRE-eff with DPR encoders. We report this
result in Table 3. In Table 3, LOUVRE-zeroshot
achieves higher performance (R@10: 44.8 and
R@20: 55.8) than DPR-zeroshot (R@10: 39.0 and
R@20: 51.6).
Computational Efficiency: We compare the in-
ference time of baselines and LOUVRE, with
the number of BERT-base executions needed for
each question. We exclude the inference time
for document indexing which can be done a pri-
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Answer Support Joint
EM F1 EM F1 EM F1

SemanticRetrievalMRS 45.32 57.34 38.67 70.83 25.14 47.60
Transformer-XH 51.60 64.07 40.91 71.42 26.14 51.29
PathRetriever 60.04 72.96 49.08 76.41 35.35 61.18
MDR 62.28 75.29 57.46 80.86 41.78 66.55

LOUVRE 62.90 75.82 57.71 81.26 42.18 67.08

Table 4: End-to-end multi-hop QA performance of models on HOTPOTQA test set.

Retriever #BERT Joint F1

Reader: BERT
- PathRetriever-eff 50+ 56.85
- LOUVRE-eff 50+ 60.23

Reader: ELECTRA
- MDR 450+ 66.55
- LOUVRE-Wiki 450+ 66.87

Table 5: The end-to-end multi-hop performance of
LOUVRE-eff and LOUVRE-Wiki on HOTPOTQA test
set with the same inference speed as baselines.

ori. The number of BERT executions for each
baseline is derived from each paper and its im-
plementation. We measure the inference time of
LOUVRE, PathRetriever, and MDR in various
hyper-parameter settings by adjusting the num-
ber of beam size and the number of documents
retrieved by the sparse retriever, TF-IDF. The num-
ber of BERT executions of MDR, LOUVRE-eff,
and LOUVRE-eff with a beam size of b is calcu-
lated as follows: #BERT = 1(question encoding)+
b(question-passage encoding). The inference time
of MDR-rerank, LOUVRE-rerank, and LOUVRE-
rerank-wiki involves another factor, the input size
of the reranker. The inference time of these rerank-
ing models with a beam size of b and a input size
of r becomes #BERT = 1 + b + r. For PathRe-
triever, we vary the number of documents retrieved
by the sparse retriever, TF-IDF. Figure 5 illustrates
that LOUVRE is more effective and efficient than
the baselines because it yields better retrieval per-
formance with a much smaller number of BERT
executions.

5.2 End-to-End Multi-Hop QA

In this section, we demonstrate that the end-to-end
multi-hop QA pipeline using LOUVRE retains the
three outcomes of LOUVRE: overall performance

improvement, robustness on a few-shot setting, and
the fast inference speed. We use multi-hop QA
pipelines of MDR and PathRetriever. All the com-
ponents of the multi-hop QA pipelines except the
retriever are fixed. We plug in each baseline re-
triever and LOUVRE to the pipeline and evaluate
the end-to-end performance of each model.

End-to-End Performance: Table 4 shows the end-
to-end multi-hop QA performance of baselines and
LOUVRE. In this experiment, we replace the re-
triever of MDR’s pipeline with LOUVRE-rerank.
We set the beam size to 30 and the input size of
the reranker to 900. LOUVRE outperforms base-
lines with a Joint F1 of 67.08. Table 5 shows the
performance of LOUVRE-Wiki using the same in-
ference time as MDR. In this experiment, we use
a beam size of 100 and the reranker’s input size
of 350. MDR uses a beam size of 200 and the
reranker’s input size of 250. LOUVRE-Wiki out-
performs MDR by 0.32% point in terms of Joint F1.
We conduct the same experiment with LOUVRE-
eff and PathRetriever. Table 5 shows the results.
LOUVRE-eff in Table 5 represents the end-to-end
pipeline of PathRetriever-eff using LOUVRE-eff
as the initial candidate document retriever not TF-
IDF. We set the number of initial candidate doc-
uments of LOUVRE-eff and PathRetriever-eff to
50. LOUVRE-eff outperforms PathRetriever-eff
by 3.38% point without any loss of computational
efficiency. We provide the detailed experimental
results of LOUVRE-eff in Appendix B.

End-to-End Performance of Variations of
LOUVRE-eff: Table 6 shows the end-to-end
performance of each model on different inference
time, size of train data, and pre-training. We
evaluate two types of LOUVRE-eff. LOUVRE-
eff (RR) represents the same pipeline used in
Table 5. LOUVRE-eff (w/o RR) represents the
pipeline that consists of LOUVRE-eff and the
reader. Comparison between PathRetriever(500+)
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RR #BERT Joint F1

PathRetriever X 500+ 59.5
- fast inference X 100+ 58.6
- fast inference X 50+ 56.7

LOUVRE-eff X 100+ 60.5
- fast inference X 50+ 60.1

LOUVRE-eff 41 57.9
- 1% train set 41 57.1
- w/o pre-training 41 54.3
- fast inference 5 53.3

Table 6: End-to-end multi-hop QA performances of
baseline models and LOUVRE on HOTPOTQA dev set.
#BERT denotes the number of BERT-base executions
in supporting document prediction and the number of
documents that the reader takes as input. We exclude
the inference time of the supporting sentence selector.
We use the same reader model as PathRetriever.

and LOUVRE-eff (100+) shows that applying
LOUVRE-eff to PathRetriever increases Joint
F1 by 1 with 5 times faster inference speed. We
conduct the same experiment by reducing the
number of documents retrieved by LOUVRE-eff
and achieve 0.6% point higher Joint F1 than
PathRetriever with 10 times faster inference speed.

We conduct ablation studies with two factors of
retrievers: 1) size of train data and 2) pre-training.
We fix the reader with BERT-wwm fully fine-tuned
on HOTPOTQA train set. Table 6 shows the results.
When we train LOUVRE-eff with only 1% of the
train set, the end-to-end performance drops by 0.8%
point. However, using RoBERTa with the whole
train set decreases the performance by 3.6% point.
This result indicates that our pre-training methods
bring more significant improvement to the end-to-
end multi-hop QA pipeline when the size of the
train data is small.

Decreasing the search space of multi-hop re-
trievers increases the retriever’s computational ef-
ficiency but results in a significant performance
drop. We demonstrate the robustness of LOUVRE-
eff when the computation time is limited. We de-
crease the beam size of LOUVRE-eff to 2 and
the number of output paths to 2; the total num-
ber of BERT executions of this model is #BERT =
1 + 2(beam size) + 2(input size). Table 6 shows
that LOUVRE-eff achieves 89% of PathRetriever’s
performance with almost 100 times faster infer-

ence speed of PathRetriever. We adjust the infer-
ence speed of PathRetriever and compare it with
LOUVRE-eff (w/o RR). LOUVRE-eff (w/o RR)
outperforms PathRetriever (50+) by 1.2% point
with less computation time. LOUVRE-eff (w/o RR)
trained only with 1% train data even outperforms
PathRetriever (50+).

6 Conclusion

Answering complex questions includes reasoning
across multiple documents. Recent studies have
found that reasoning requires learning sub-question
detection and relevant document retrieval to predict
n correct answer with supporting facts. However,
building such datasets requires costly human anno-
tation and has limited scalability. To address this is-
sue, we proposed a weakly supervised pre-training
method for multi-hop retriever, LOUVRE. Our pre-
training method contains three elements: “Next
Document Prediction” task, “Bridge Entity Re-
Phrasing”, and a model. We demonstrated the effi-
cacy of LOUVRE and its robustness on few-shot
settings with extensive experiments on supporting
document retrieval task and end-to-end multi-hop
QA task. We also showed that our method performs
very well at a much lower inference cost.
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A Appendix: Baselines

Retrievers: Retrievers encode questions and doc-
uments independently, and search documents by
comparing the question vector and the document
vectors. Retrievers are computationally efficient
compared to rerankers since the document vec-
tors can be indexed before the questions are given.
In TF-IDF, to get the list of supporting doc-
uments from the retrieved documents, we rear-
range the ranked documents [d1, d2, d3, d4, ...] to
[{d1, d2}, {d3, d4}, ...]. DPR (Karpukhin et al.,
2020) is a single-hop document retrieval model. We
compare LOUVRE to the performance of DPR fine-
tuned on HOTPOTQA reported from Xiong et al.
(2021). Cognitive Graph (Ding et al., 2019) and
GOLDEN Retriever (Qi et al., 2019) are multi-hop
document retrieval models. We report the perfor-
mance of Cognitive Graph reported from Asai et al.
(2020) and the performance of GOLDEN Retriever
reported from Qi et al. (2019). We fine-tune LOU-
VRE with the same training method proposed in
MDR (Xiong et al., 2021); thus, the performance
difference between LOUVRE and MDR only re-
sults from our pre-training method. We report the
performance of MDR from Xiong et al. (2021).
Rerankers: Rerankers reorder reasoning
paths/documents predicted by retrievers. Rerankers
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Answer Support Joint
RR #BERT EM F1 EM F1 EM F1

PathRetriever X 500+ 60.2 72.8 46.3 73.7 33.8 59.5
X 100+ 59.7 72.6 44.8 72.6 32.7 58.6
X 50+ 58.3 71.1 42.7 70.8 31.0 56.7

LOUVRE-eff X 100+ 60.4 73.4 48.0 74.7 35.1 60.5
- fast inference X 50+ 60.2 72.9 47.6 74.5 34.8 60.1

LOUVRE-eff 41 59.3 71.5 44.9 71.7 33.4 57.9
- 1% train data 41 58.7 71.0 44.3 70.7 32.6 57.1
- w/o pre-training 41 57.9 70.1 42.4 69.0 31.5 54.3
- fast inference 5 54.3 66.3 41.9 67.2 30.5 53.3

Table 7: End-to-end multi-hop QA performances of baseline models and LOUVRE on HOTPOTQA dev set.

Answer Support Joint
#BERT EM F1 EM F1 EM F1

SemanticRetrievalMRS 39.4/- 45.32 57.34 38.67 70.83 25.14 47.60
Transformer-XH 100/- 51.60 64.07 40.91 71.42 26.14 51.29
PathRetriever 50+ 58.21 70.86 42.91 71.30 30.95 56.85

LOUVRE-eff 50+ 59.79 72.65 47.95 74.89 34.54 60.23

Table 8: Evaluation results on HOTPOTQA test set. We retrieve the test results of PathRetriever (50+) model and our
model from the HOTPOTQA leaderboard.

calculate score of each paths/documents by jointly
encode each document with the given question.
As a result, reranking takes a huge portion of

computation time of the end-to-end multi-hop
QA pipeline. SemanticRetrievalMRS (Nie et al.,
2019) propose the document reranking model
that takes output of sparse retrievers such as
TF-IDF. Since the model outputs documents
not a list of supporting documents, we use the
same document rearranging method as TF-IDF
above. PathRetriever (Asai et al., 2020) and
HopRetriever (Li et al., 2020) are reasoning path
prediction models. These models use TF-IDF
and BERT to retrieve and rerank the candidate
documents. They use Wikipedia hyperlinks for
candidate documents selection as described in
section 4.4 and beam search with size 8 to rank
each predicted supporting documents. MDR
(Xiong et al., 2021) provides a reranking model as
well as their retriever. We report the performance
of MDR-reranking from Xiong et al. (2021).

B Appendix: End-to-End Performance
of LOUVRE-eff

Table 7 shows the additional results of Table 6. We
evaluate LOUVRE-eff on other evaluation metrics
used in the HOTPOTQA benchmark and verify the
efficacy of LOUVRE-eff. We report the detailed
results of Table 5 in Table 8. The results show
the end-to-end performance of LOUVRE-eff and
PathRetriever on the HOTPOTQA test set.
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Abstract
Existing rumor detection strategies typically
provide detection labels while ignoring their
explanation. Nonetheless, providing pieces of
evidence to explain why a suspicious tweet
is rumor is essential. As such, a novel
model, LOSIRD, was proposed in this paper.
First, LOSIRD mines appropriate evidence
sentences and classifies them by automatically
checking the veracity of the relationship of
the given claim and its evidence from about
5 million Wikipedia documents. LOSIRD
then automatically constructs two heteroge-
neous graph objects to simulate the propaga-
tion layout of the tweets and code the rela-
tionship of evidence. Finally, a graphSAGE
processing component is used in LOSIRD to
provide the label and evidence. To the best
of our knowledge, we are the first one who
combines objective facts and subjective views
to verify rumor. The experimental results on
two real-world Twitter datasets showed that
our model exhibited the best performance in
the early rumor detection task and its rumor de-
tection performance outperformed other base-
line and state-of-the-art models. Moreover, we
confirmed that both objective information and
subjective information are fundamental clues
for rumor detection.

1 Introduction

With the prevalence of social media platforms, ru-
mors have been a serious social problem. Notably,
existing rumor detection methods roughly formu-
late this task as a natural language classification
task. The goal of the task is to simply label a given
textual claim as rumor or non-rumor. Nevertheless,
only a verdict to a suspicious statement is insuffi-
cient for people to understand and reason why a
claim is a rumor. For example, Fig.1 is the com-
parison figure of existing rumor detection methods
and a rumor detection method that provides evi-
dence. The claim in Fig. 1 is a half-truth, which

Figure 1: Comparison figure of rumor detection re-
sults of two different systems. The orange highlights
in Fig.1 (b) are pieces of evidence retrieved from
Wikipedia. From those evidence sentences, readers can
easily judge if the given claim is a half-truth and clearly
understand why that claim is a rumor.

is highly deceptive. For such rumors, providing
a label only is unconvincing. Thus, we believe
that a good rumor detection system should have 2
essential functions including, a rumor identifying
function and evidence providing function.

Rumor detection that provides evidence has the
following benefits: (1) Improve detection perfor-
mance. (2) Improve the user experience. (3) Pro-
vide a basis for manual review. (4) Improve the
accuracy of early rumor detection. (5) Intercept the
spread of similar rumors.

Despite having numerous advantages, rumor de-
tection that provides evidence is extremely hard.
If none of the labeled evidence information is in-
cluded in a rumor detection training dataset, the
deep learning network is unlikely to generate these
textual evidence contents by itself. Unfortunately,
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Table 1: Comparison characteristics table of subjective
and objective information.

Subjectivity infor Objective infor
easy access need crawl
extensive rare
one-sidedness comprehensive
conflicting consistency
has noise high purity

the datasets currently used for rumor detection can-
not be used as evidence.

To find out what type of information that can be
used as evidence, two different kinds of informa-
tion, subjective information and objective informa-
tion, are discussed in this part (Merigo et al., 2016;
Zorio-Grima and Merello, 2020). Under the field
of rumor detection, subjective information refers to
source tweets, comments, etc, while objective in-
formation refers to the information on Wikipedia or
Baidu Encyclopedia, etc. Through our comprehen-
sive analysis, we found that subjective information
and objective information shows distinct-different
characteristics, which are summarized in Table 1.
The objective information is consistency and high
purity, can be used as evidence, and the subjective
information also contains certain clues for debunk-
ing rumors.

To take advantage of both subjective information
and objective information, a novel model, LOSIRD,
is proposed in this paper. This is notoriously chal-
lenging, the difficulties lie in: (1) The model should
have a strong retrieval ability. (2) The model should
have a Natural Language Inference(NLI) ability.
(3) The model needs to be able to process the topol-
ogy information.

Fig.2 shows a high-level view of its architecture.
This model is divided into two modules i.e., ERM
(Evidence Retrieval Module) and RDM (Rumor
Detection Module). Inspired by the concept of
transfer learning, a two-stage training approach was
used for our LOSIRD model. In the first training
phase, a widely used fact-checking database was
utilized for training the ERM module. In the second
training phase, two rumor detection datasets were
used to train and evaluate the model.

The main contribution of this paper is four folds:

1. This study, for the first time, arguably pro-
poses a rumor detection model that provides
evidence.

2. We are the first to propose two novel graph
objects to simulate the propagation lay out
of tweets and embedding the relationship of
evidence and the claim rumor detection task.

3. Our LOSIRD achieved the highest detection
accuracy and outperformed state-of-the-art
models in the rumor detection task.

4. Our LOSIRD is more generalizable and robust
in the early detection of rumor.

2 Related work

2.1 Evidence Retrieval
The evidence retrieval task is highly correlated with
the rumor detection task. One of the most widely
used datasets for evidence retrieval is FEVER1.
Majority of researchers handle the fever share task
by following the FEVER organizers’ pipeline ap-
proach, retrieve and verify the evidence in three
steps (Hanselowski et al., 2018; Malon, 2018).
Zhou et al. (2019a) formulated claim verification
as a graph reasoning task and provides two kinds
of attention. Liu et al. (2020) presented KGAT
combining edge kernels and node kernels to better
embedding and filtering the evidence. Zhong et al.
(2020) constructed two semantic-level topologies
to enhance verification performance. Yoneda et al.
(2018) employed a four-stage model for the fever
share task.

2.2 Rumor Detection
The existing rumor detection deep learning meth-
ods can be divided into three categories, feature-
driven method, content-driven method, and hybrid-
driven method.

Feature-Driven approaches, like machine learn-
ing methods, rely on a variety of characteristics to
identify rumors. Rath et al. (2017) proposed a new
concept of believability for automatic identification
of the users spreading rumors.

Content-Driven approaches are a kind of
method base on natural language processing. Many
researchers adopted deep learning models to handle
this task (Rath et al., 2017; Ma et al., 2016; Yu et al.,
2017; Chen et al., 2018; Ma et al., 2018). Monti
et al. (2019) proposed a propagation-based Fake
News Detection by GCN. Nguyen (2019) detected
rumor using Multi-modal Social Graph. Sujana
et al. (2020) proposed a multiloss hierarchical BiL-
STM model for fake news detection.

1http://fever.ai/task.html
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Figure 2: The architecture of our LOSIRD model. The claim and source tweet are essentially the same thing in this
paper, “Claim” means the model is training using the Fever dataset, while “source tweet” indicates the PHEME
datasets are used.

Hybrid-Driven approaches incorporate both
feature engineering and text information represen-
tation to detect rumors (Liu and Wu, 2018; Yang
et al., 2018). Ruchansky et al. (2017) proposed
a model called CSI for rumor detection, which
uses articles and extracts user characteristics to de-
bunk rumors. Lu and Li (2020) classified rumor
by extracting user’s features from their profiles and
social interactions. Li et al. (2020b) used Graph-
SEGA to encode the conversation structure. Li
et al. (2020a) crawled user-follower information
and built a friendly network based on the follow-
followers relationship. Castillo et al. (2011) used
tweets and re-posts information to detect rumors.
Kochkina et al. (2018); Li et al. (2019) proposed
a multi-task learning method to joint training of
the main and auxiliary tasks, improving model’s
rumor detection the performance. Liu et al. (2015)
aggregated common sense and investigative jour-
nalism of Twitter users for rumor detection. Ma
et al. (2017) encoded post’s propagation structure
for rumor detection. Detect rumors in microblog
posts using propagation structure via kernel learn-
ing.

2.3 Comparison

The highlights of our model include providing evi-
dence, covering two heterogeneous structure graph
information, combining both evidence clues and
replies information in detecting rumor. Our model
exhibited a stronger simulation ability, better scala-
bility, and better persuasive ability.

3 The LOSIRD Model

3.1 Problem Statement

We formulated this rumor detection task as a hybrid
task that combines the evidence retrieval sub-task
and rumor prediction sub-task.

The evidence retrieval sub-task was defined as:
Given a claim, the target of this sub-task was to
match textural evidence from Wikipedia and reason
the relationship between those potential evidence
sentences and the given claim as “SUPPORTED”,
“REFUTED” or “NOT ENOUGH INFO (NEI)”.
We defined the Wikipedia as an objective infor-
mation corpus: Wiki = {D1, D2, ..., D|w|}, Di

as a document from Wikipedia. One document
comprised several sentences describing one entity
in Wikipedia. The goal of this sub-task was to
retrieve evidence, classify the relationship of the
evidence and the given claim C i.e., fERM : C →
{(ye, E);E ∈Wiki}, ye is the predicted evidence
label of the claim, E is retrieved evidence set of the
claim which contains several sentence-level pieces
of evidence.

The rumor prediction sub-task was defined as:
Given a claim, that claim’s replies, that claim’s
retrieved evidence set and evidence label, the
model detected whether the claim was a rumor
or non-rumor and provide the evidence. We de-
fined the rumor dataset in this sub-task as Ψ =
{T1, T2, ..., T|Ψ|}, where Ti is a tweet in the dataset.
Ti = {Ci, Pi, Ei, yei}, where Ci is the ith source
tweet in the rumor dataset, Pi is the source tweet’s
reply posts, Ei and yei are the corresponding Ci
retrieved evidence set and evidence label. Given
a tweet T the function of this task was defined as
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fRDM : T → {(yr, E);E ∈ Wiki}, yr was the
predicted rumor label.

3.2 ERM

Mainly following (Liu et al., 2020) and
(Hanselowski et al., 2018), we adopted a
three-step pipeline module for retrieval evidence,
called ERM. The architecture of the ERM is
shown in Fig. 3. It contains three main steps ,i.e.,
Document retrieval: employs a keyword matching
algorithm to crawling related files in Wikipedia.
Evidence retrieval: extract sentence-level evidence
from the retrieved articles. Claim verification:
based on the sentence-level evidence, it predicts
the relationship of the claim and the evidence as
“Supported”, “Refuted”, or “NEI”. Specifically,
the ERM first leverages semantic NLP tool-kits to
extract potential entities from the given a claim.
With the parsed entities, top k highest-ranked
Wikipedia articles were filtered by the MediaWiki
API. And then, from those retrieved documents,
the ERM extracts objective facts as the predicted
evidence in the form of sentences that are relevant
for the claim. Finally, a verification component of
ERM performs prediction over the given statement
and retrieved evidence, and verifies the relationship
between the claim and evidence as supporting,
refuting, or NEI.

3.3 RDM

Fig. 4 shows the structure of RDM. Since the
source tweet forms different topology between
replies and the evidence, two heterogeneous graph
objects, the conversation tree-shaped graph and
the evidence star-shaped graph, were structured in
RDM.

3.3.1 Two heterogeneous graphs

Conversation tree-shaped structure is a peculiar
reply relationship topology that forms naturally
from social media and carries a vital clue for ru-
mor detection (Belkaroui et al., 2014; Pace et al.,
2016). Of note, the conversation structure is tree-
shaped. Where the root of the tree is the source
tweet, each node represents a comment, and each
node is connected by its reply relationship.

Evidence star-shaped structure suggests that
each piece of evidence is a supplementary descrip-
tion to the source tweet, hence each evidence sen-
tence directly related to the source tweet forms a
star topology. In this star-shaped structure, the node

of the source tweet is in the center and all the evi-
dence nodes surround the source tweet representing
an angle in the star structure.

3.3.2 Rumor Detection Module
The rumor detection module contains four com-
ponents: (1) a word vector encoding component.
(2) a sentence embedding component. (3) a graph
processing component. (4) a classifier component.

In RDM, a deep BiLSTM was utilized to extract
the information among words and generate a sen-
tence representation. The obtained sentence vector
was passed into a graph processing component, the
GraphSAGE (Hamilton et al., 2017) model was
used as its backbone. The GraphSAGE effectively
handled variable graphs. Since the output of the
previous component is a set of sentence vectors
does not contain structural information. There-
fore, before passing this information into the graph
processing component two graph objects, the con-
versation tree-shaped object and the evidence star-
shaped object were constructed respectively.

The creation of the conversation graph object:

Gp = (Vp, Ep)

Vp = [c, p1, p2, .., pj ]

Ep = {(c, p1), ...(pn, pm), ...}
(1)

where Gp is the ith event’s conversation graph ob-
ject, it’s vertex set is Vp and edge set is Ep. The
vertex set includes all the post in the event, and the
edge set Ep means the reply relationship between
each post. c and pj are the tweet embedding results
from the BiLSTM component, we selected the last
hidden state of BiLSTM as a sentence embedding
result.

The creation of the evidence graph object:

Ge = (Ve, Ee)

Ve = [c, e1, e2, .., ek]

Ee = {(c, e1), (c, e2), ..., (c, ek)}
(2)

where Ge is an evidence graph object consisting of
a vertex set Ve and an edge set Ee. The vertex set
Ve includes a source post c and evidence sentences,
while the edge set Ee represents the relationship
between the evidence and the source post, ek rep-
resents the evidence sentence embedding results
from the BiLSTM component.

At the beginning of the forward propagation step,
the feature of each node was assigned to the nodes
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Figure 3: The architecture of the ERM.

Figure 4: The architecture of the RDM.

in the hidden state as follows:

[h0
p0 , h

0
p1 , ..., h

0
pj ]←− [c, p1, p2, .., pj ]

[h0
e0 , h

0
e1 , ..., h

0
ek

]←− [c, e1, e2, .., ek]
(3)

where h0
pj , h

0
ek

are the initial hidden states of the
nodes of the conversation graph object and the evi-
dence graph object in GraphSAGE.

The node’s hidden state in GraphSAGE updates
by constantly aggregating its immediate neighbors’
hidden state, combining them with its own state and
generate it’s new hidden state.This process makes
the nodes gain incrementally richer information
(Hamilton et al., 2017):

hkpN(v)
←− AGGpoolk ({hk−1

pu , ∀u ∈ N(Vp)})
hkpv ←− σ(W k

p · CON(hk−1
pv , hkpN(v)

))
(4)

hkeN(v)
←− AGGpoolk ({hk−1

eu , ∀u ∈ N(Ve)})
hkev ←− σ(W k

e · CON(hk−1
ev , hkeN(v)

))
(5)

where hkpN(v)
, hkeN(v)

is the aggregated their neigh-
borhood vectors, k is the depth of the informa-
tion transmission updates (the number of times

the graph information is updated), N is the neigh-
borhood function, N(v) is the set of the node’s
immediate neighborhood, and AGGpoolk is the ag-
gregation function and CON is the concatenation
function.

Three aggregators are provided in GraphSAGE,
and in this article we chose the Max Pooling aggre-
gator. Here’s the formula:

AGGpoolk =max({σ(Wpool · hkgraphN(v)
+

bpool),∀ui ∈ N(v)})
(6)

where max is the element-wise max operator, and
σ is a nonlinear activation function.

After k iterations of information transmission
based on the conversation structure and star struc-
ture, final representations of the conversation em-
bedding results and evidence embedding results
were obtained:

p←− hkpv , ∀v ∈ Vp
e←− hkev ,∀v ∈ Ve

(7)

p, e are the replies and the evidence of the ith event.
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Table 2: The statistic of FEVER dataset.

Split SUPPORTED REFUTED NEI
Train 80,035 29,775 35,659
Dev 6,666 6,666 6,666
Test 6,666 6,666 6,666

Table 3: The statistic of rumor datasets.

Statistic PHEME2017 PHEME2018
Users 49,345 50,593
Posts 103,212 105,354

Events 5,802 6,425
Avg posts/event 17.8 16.3

Rumor 1,972 2,402
Non-rumor 3,830 4,023

Max aggregator is used to aggreate the information
into fixed size.

Thereafter, the information of these two parts
concatenated together then passed into a multilayer
perceptron for the final prediction. The formula is
as follows:

yr = Softmax(V · (p⊕ e) + by) (8)

where V and by are parameters in the output layer.

4 Experiment and Results

4.1 Datasets
Fever dataset was used to train the evidence re-
trieval module. The statistic of the FEVER dataset
is shown in Table 2. Two widely used rumor
datasets, PHEME 2017 and PHEME 20181, were
used to train and evaluate the whole proposed
model, as shown in Table 32.

4.2 Experimental Setup
To evaluate the rumor detection performance of our
model, we compared our proposed models with
other popular rumor detection models, including
some of the current state-of-the-art models. In the
text processing stage, we clean the text informa-
tion by removing useless expressions and symbols,
uniform case, etc. We use Twitter 27B pre-trained
GloVe data with 200 dimensions for word embed-
ding and set the maximum vocabulary to 80,000.
For the rumor detection module The hidden size
of BiLSTM is 128, and the number of layers is

1https://figshare.com/articles/dataset/
2This study have met the terms of accessing and using

these rumor datasets.

2. The batch size of graphSAGE is 64. We use
Adam with a 0.0015 learning rate to optimize the
model, with the dropout rate set to 0.5. For the
evidence retrieval, we set the learning rate in ESIM
is 0.002, drop out rate is 0, batch size is 64, acti-
vation fuction is relu. For the claim verification,
we set the the learning rate in ESIM is 0.002, drop
out rate is 0.1, batch size is 128,activation fuction
is relu.We split the datasets, reserve 10% of the
events as the validation set, and the rest in a ratio
of 3:1 for training and testing partitions.

• CNN: a convolutional neural model for rumor
detection (Chen et al., 2017).

• BiLSTM: a bidirectional LSTM model for
debunking rumors (Augenstein et al., 2016).

• BERT: a fine-tuned BERT to detect rumors
(Devlin et al., 2019).

• CSI: a state-of-the-art model detecting ru-
mor by scoring users based on their behavior
(Ruchansky et al., 2017).

• DEFEND: a state-of-the-art model learns the
correlation between the source article’s sen-
tences and user profiles (Shu et al., 2019).

• RDM: a state-of-the-art model integrating
GRU and reinforcement learning to detect ru-
mors at an early stage (Zhou et al., 2019b).

• CSRD: a state-of-the-art model that detect
rumors by modeling conversation structure
(Li et al., 2020b).

• LOSIDR: our model, leverages objective
facts and subjective views for interpretable
rumor detection.

4.3 Experimental Results
The main experimental results are shown in Ta-
ble 4. The LOSIRD outperformed the other best-
competing methods on PHEME 17 and PHEME
18. Its accuracy was 91.4% in PHEME 2017 and
92.5% in PHEME 2018. Moreover, the precision,
recall, and F1 were all higher than 90% in both
two datasets. Such promising results confirmed the
effectiveness of evidence information and the topol-
ogy message processing method in rumor detection.
For the CNN, BiLSTM, DEFEND, and RDM mod-
els, they typically concatenated posts as a single
line based on the publish time, while ignoring the
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Table 4: Main Experimental results. The best model and the best competitor are highlighted by bold and underline.

Method PHEME 2017 PHEME 2018
Acc Pre Rec F1 Acc Pre Rec F1

CNN 0.787 0.737 0.702 0.710 0.795 0.731 0.673 0.686
BiLSTM 0.795 0.763 0.691 0.725 0.794 0.727 0.677 0.701
BERT 0.865 0.859 0.851 0.855 0.844 0.834 0.835 0.835
CSI 0.857 0.843 0.859 0.851 0.851 0.836 0.855 0.845
DEFEND 0.868 0.867 0.859 0.863 0.863 0.857 0.859 0.858
RDM 0.873 0.817 0.823 0.820 0.858 0.847 0.859 0.852
CSRD 0.900 0.893 0.869 0.881 0.919 0.892 0.923 0.907
LOSIRD 0.914 0.915 0.900 0.906 0.925 0.922 0.924 0.923

Figure 5: The distribution of the retrieved evidence.

conversation structure information. Nonetheless,
the structure was crucial for encoding the posts to
comprehensive and precise representations. The
CSI and CRNN processed topology information,
but only the subjective information was adopted in
those models causing insufficiency in information
extraction.

4.4 Evidence Impact Study

In this section, we discussed whether the evidence
facilitates rumor detection and determined the ex-
tent of the impact of the evidence in debunking
rumor. Notably, the evaluated datasets were the
PHEME 2017 and PHEME 2018.

4.4.1 Distribution of Retrieved Evidence
To accurately evaluate the retrieved evidence, the
distribution of the retrieved evidence based on its
evidence label was analyzed. Two pie charts were
constructed to reflect their distribution situations.
As shown in Fig. 5, most of the retrieved evidence
was irrelevant to the given claim, and about 14.8%
of the retrieved evidence sentences had sufficient
information that supports or refutes the given claim.
Despite the proportion of supports and refutes be-
ing not large, this result was commendable and
better than our expectations.

Table 5: Retrieved evidence probability analysis result.

Dataset Original Refutes Increment
PHEME 17 33.30% 75.80% 42.50%
PHEME 18 36.60% 70.92% 34.30%

4.4.2 Retrieved Evidence Probability
Analysis

We further evaluated the impact of evidence by sta-
tistically calculating the probability gap between
rumor in original data and rumor in data that la-
beled refutes. The outcome is shown in Table 5.
The probabilities of rumor in original data were
about 35% in both datasets, while the probabilities
of rumor in data that labeled refutes were around
73%, which was much higher than in original data.
Specifically, rumor in data that labeled refutes in-
creased to 42.5% on PHEME 17 and 34.3% on
PHEME 18. This strongly confirmed that the re-
trieved evidence was a vital clue for rumor detec-
tion.

4.4.3 Influence Analysis of the Evidence on
Deep Learning Model

To further illustrate the influence of evidence on
rumor detection and analyze the impact of evidence
on deep learning models, three NLP models, CNN,
BILSTM, and BERT, were deliberately selected
as the examination models in this subsection. We
concatenated the suspicious claim and its evidence
sentences and inputted them into the three models,
respectively. The experimental results shows in
Fig. 6. The horizontal axis represented a different
number of evidence sentences, 0 means only source
tweet, while 1 to 5 means source tweet plus 1 to 5
evidence sentences. Also, this paper analyzed the
performance before and after the evidence was fil-
tered which was represented as each chart with two
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Figure 6: Influence analysis of the evidence on the performance of deep learning models.

lines i.e., one for the unscreened evidence (filter
the NEI evidence) and the other for the screened
evidence. The broken lines of unscreened in all the
charts showed a downward trend. This indicated
that the NEI evidence contained a certain amount of
useless information there by making the detection
process harder. Furthermore, after dropping the
NEI evidence, all the models achieved an improve-
ment by an increase of 5% accuracy on average.
This demonstrated that the filtered evidence signifi-
cantly helps the deep learning models in debunking
rumors.

4.5 Early Detection Performance

To evaluate the early rumor detection performance
of our model, 9 test sets that reflected real-world
scenarios of rumors spreading on Twitter were cre-
ated. Each test set included a different number of
replies, ranging between 5 replies and 45 replies.
The test subset was sampled based on the publica-
tion timestamp. As shown in Fig. 7, even though
the number of posts was only 5, our LOSIRD
model had more than 91% accuracy in PHEME
2017 dataset and PHEME 2018 dataset. Addition-
ally, the broken line diagram showed that the curve
of our model was significantly stable, indicating
satisfactory robustness and high performance in
early rumor detection. Besides, our model effec-
tively made use of the objective information from
Wikipedia, hence, it did not rely on subjective infor-
mation from replies of the users thereby achieving
satisfactory performance in the early stage of rumor
propagation.

Figure 7: Early rumor detection performance.

5 Conclusion

In this paper, we proposed a LOSIRD, a novel inter-
pretative model for rumor detection. Notably, the
LOSIRD debunking rumor mechanism depends on
both objective facts and subjective views. Objective
fact sentences retrieved from 5,416,537 Wikipedia
articles were sufficiently utilized to help LOSIRD
in analyzing the veracity of a suspicious claim.
Meanwhile, the information in subjective views
was extracted by simulating the propagation of sub-
jective views based on the conversation structure.
Results on two public Twitter datasets showed that
our model improved rumor detection performance
by a certain margin compared to the state-of-the-
art baselines. Further, we analyzed the impact of
objective facts for rumor detection and analyzed
the effectiveness of the conversation structure. The
experiments revealed that both objective facts and
subjective views were vital clues for debunking ru-
mor. Moreover, we believe that our model will be
used for rumor detection and other text classifica-
tion tasks on social media.
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Abstract
Chinese Spell Checking (CSC) aims to de-
tect and correct erroneous characters for user-
generated text in Chinese language. Most of
the Chinese spelling errors are misused se-
mantically, phonetically or graphically similar
characters. Previous attempts notice this phe-
nomenon and try to utilize the similarity rela-
tionship for this task. However, these meth-
ods use either heuristics or handcrafted confu-
sion sets to predict the correct character. In
this paper, we propose a Chinese spell checker
called REALISE, by directly leveraging the
multimodal information of the Chinese char-
acters. The REALISE model tackles the CSC
task by (1) capturing the semantic, phonetic
and graphic information of the input charac-
ters, and (2) selectively mixing the informa-
tion in these modalities to predict the correct
output. Experiments1 on the SIGHAN bench-
marks show that the proposed model outper-
forms strong baselines by a large margin.

1 Introduction

The Chinese Spell Checking (CSC) task aims to
identify erroneous characters and generate candi-
dates for correction. It has attracted much research
attention, due to its fundamental and wide appli-
cations such as search query correction (Martins
and Silva, 2004; Gao et al., 2010), optical character
recognition (OCR) (Afli et al., 2016), automatic
essay scoring (Dong and Zhang, 2016). Recently,
rapid progress (Zhang et al., 2020; Cheng et al.,
2020) has been made on this task, because of the
success of large pretrained language models (De-
vlin et al., 2019; Liu et al., 2019; Yang et al., 2019).

In alphabetic languages such as English, spelling
errors often occur owing to one or more wrong

∗Heng-Da Xu and Zhongli Li contributed equally. Work
is done during internship at Tencent Cloud Xiaowei. Qingyu
Zhou is the corresponding author.

1Code and model are available at https://github.
com/DaDaMrX/ReaLiSe.

Phonetically Similar Case

Sent. 晚饭后他递给我一平(pı́ng, flat)红酒。

晚饭后他递给我一杯(bēi, cup)红酒。 7
Cand. 晚饭后他递给我一瓶(pı́ng, bottle)红酒。 3

晚饭后他递给我一箱(xiāng, box)红酒。 7

Trans. He handed me a bottle of red wine after dinner.

Graphically Similar Case

Sent. 每天放学我都会轻(qı̄ng, light)过这片树林。

每天放学我都会路(lù, pass)过这片树林。 7
Cand. 每天放学我都会经(jı̄ng, go)过这片树林。 3

每天放学我都会走(zǒu, walk)过这片树林。 7

Trans. I go through this wood every day after school.

Table 1: Two examples of Chinese spelling errors and
their candidate corrections. “Sent./Cand./Trans.” are
short for sentence/candidates/translation respectively.
The wrong/candidate/correct characters with their pro-
nunciation and translation are in red/orange/blue color.

characters, resulting in the written word not in
the dictionary problem (Tachibana and Komachi,
2016). However, Chinese characters are valid if
they can be typed in computer systems, which
causes that the spelling errors are de facto mis-
used characters in the context of computer-based
language processing. Considering the formation of
Chinese characters, a few of them were originally
pictograms or phono-semantic compound charac-
ters (Jerry, 1988). Thus, in Chinese, the spelling
errors are not only the misused characters with con-
fusing semantic meaning, but also the characters
which are phonetically or graphically similar (Liu
et al., 2010, 2011). Table 1 shows two examples
of Chinese spelling error. In the first example, pho-
netic information of “平” (flat) is needed to get the
correct character “瓶” (bottle) since they share the
same pronunciation “pı́ng”. The second example
needs not only phonetic, but also graphic informa-
tion of the erroneous character “轻” (light). The
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correct one, “经” (go), has the same right radical as
“轻” and similar pronunciation (“qı̄ng” and “jı̄ng”).
Therefore, considering the intrinsic nature of Chi-
nese, it is essential to leverage the phonetic and
graphic knowledge of the Chinese characters along
with the textual semantics for the CSC task.

In this paper, we propose REALISE (Read,
Listen, and See), a Chinese spell checker which
leverages the semantic, phonetic and graphic infor-
mation to correct the spelling errors. The REALISE

model employs three encoders to learn informative
representations from textual, acoustic and visual
modalities. First, BERT (Devlin et al., 2019) is
adopted as the backbone of the semantic encoder
to capture the textual information. For the acoustic
modality, Hanyu Pinyin (pinyin), the romanization
spelling system for the sounds of Chinese charac-
ters, is used as the phonetic features. We design a
hierarchical encoder to process the pinyin letters at
the character-level and the sentence-level. Mean-
while, for the visual modality, we build character
images with multiple channels as the graphic fea-
tures, where each channel corresponds to a specific
Chinese font. Then, we use ResNet (He et al., 2016)
blocks to encode the images to get the graphic rep-
resentation of characters.

With the representation of three different modal-
ities, one challenge is how to fuse them into one
compact multimodal representation. To this end, a
selective modality fusion mechanism is designed
to control how much information of each modality
can flow to the mixed representation. Furthermore,
as the pretrain-finetune procedure has been proven
to be effective on various NLP tasks (Devlin et al.,
2019; Dong et al., 2019; Sun et al., 2020), we pro-
pose to pretrain the phonetic and the graphic en-
coders by predicting the correct character given
input in the corresponding modality.

We conduct experiments on the SIGHAN bench-
marks (Wu et al., 2013; Yu et al., 2014; Tseng
et al., 2015). By leveraging multimodal informa-
tion, REALISE outperforms all previous state-of-
the-art models by a large margin. Compared to pre-
vious methods using confusion set (Lee et al., 2019)
to capture the character similarity relationships,
such as the SOTA SpellGCN (Cheng et al., 2020),
REALISE achieves an averaging 2.4% and 2.6%
F1 improvements at detection-level and correction-
level. Further analysis shows that our model per-
forms better on the errors which are not defined
in the handcrafted confusion sets. This indicates

that leveraging the phonetic and graphic informa-
tion of Chinese characters can better capture the
easily-misused characters.

To summarize, the contributions of this paper
include: (i) we propose to leverage phonetic and
graphic information of Chinese characters besides
textual semantics for the CSC task; (ii) we intro-
duce the selective fusion mechanism to integrate
multimodal information; (iii) we propose acoustic
and visual pretraining tasks to further boost the
model performance; (iv) to the best of our knowl-
edge, the proposed REALISE model achieves the
best results on the SIGHAN CSC benchmarks.

2 Related Work

2.1 Chinese Spell Checking

The CSC task is to detect and correct spelling errors
in Chinese sentences. Early works design various
rules to deal with different errors (Chang et al.,
2015; Chu and Lin, 2015). Next, traditional ma-
chine learning algorithms are brought to this field,
such as Conditional Random Field and Hidden
Markov Model (Wang and Liao, 2015; Zhang et al.,
2015). Then, neural-based methods have made
great progress in CSC. Wang et al. (2018) treat the
CSC task as a sequence labeling problem, and use
a bidirectional LSTM to predict the correct char-
acters. With the great success of large pretrained
language models (e.g., BERT (Devlin et al., 2019)),
Hong et al. (2019) propose the FASpell model,
which use a BERT-based denoising autoencoder
to generate candidate characters and uses some em-
pirical measures to select the most likely ones. Be-
sides, the Soft-Masked BERT model (Zhang et al.,
2020) leverages a cascading architecture where
GRU is used to detect the erroneous positions and
BERT is used to predict correct characters.

Previous works (Yu and Li, 2014; Wang et al.,
2019; Cheng et al., 2020) using handcrafted Chi-
nese character confusion set (Lee et al., 2019) aim
to correct the errors by discovering the similar-
ity of the easily-misused characters. Wang et al.
(2019) leverage the pointer network (Vinyals et al.,
2015) by picking the correct character from the
confusion set. Cheng et al. (2020) propose a Spell-
GCN model which models the character similarity
through Graph Convolution Network (GCNs) (Kipf
and Welling, 2016) on the confusion set. However,
the character confusion set is predefined and fixed,
which cannot cover all the similarity relations, nor
can it distinguish the divergence in the similarity
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Figure 1: Architecture overview of the REALISE model. The semantic, phonetic and graphic encoders, are used
to capture the information in textual, acoustic and visual modalities. The fusion module selectively fuses the
information from three encoders. In the example input, to correct the erroneous character, “轻” (qı̄ng, light), we
need not only the contextual text information, but also the phonetic and graphic information of the character itself.

of Chinese characters. In this work, we discard the
predefined confusion set and directly use the multi-
modal information to discover the subtle similarity
relationship between all Chinese characters.

2.2 Multimodal Learning

There has been much research to integrate infor-
mation from different modalities to achieve better
performance. Tasks such as Multimodal Sentiment
Analysis (Zadeh et al., 2016; Zhang et al., 2019),
Visual Question Answering (Antol et al., 2015;
Chao et al., 2018) and Multimodal Machine Trans-
lation (Hitschler et al., 2016; Barrault et al., 2018)
have made much progress. Recently, multimodal
pretraining models have been proposed, such as
VL-BERT (Su et al., 2020), Unicoder-VL (Li et al.,
2020), and LXMERT (Tan and Bansal, 2019). In
order to incorporate the visual information of Chi-
nese characters into language models, Meng et al.
(2019) design a Tianzige-CNN to facilitate some
NLP tasks, such as named entity recognition and
sentence classification. To the best of our knowl-
edge, this paper is the first work to leverage multi-
modal information to tackle the CSC task.

3 The REALISE Model

In this section, we introduce the REALISE model,
which utilizes the semantic, phonetic, and graphic
information to distinguish the similarities of Chi-
nese characters and correct the spelling errors. As
shown in Figure 1, multiple encoders are firstly
employed to capture valuable information from
textual, acoustic and visual modalities. Then, we
develop a selective modality fusion module to ob-
tain the context-aware multimodal representations.
Finally, the output layer predicts the probabilities
of error corrections.

3.1 The Semantic Encoder

We adopt BERT (Devlin et al., 2019) as the back-
bone of the semantic encoder. BERT provides rich
contextual word representation with the unsuper-
vised pretraining on large corpora.

The input tokens X = (x1, . . . , xN ) are first
projected into Ht

0 through the input embedding.
Then the computation of Transformer (Vaswani
et al., 2017) encoder layers can be formulated as:

Ht
l = Transformerl(Ht

l−1), l ∈ [1, L] (1)

where L is the number of Transformer layers. Each
layer consists of a multi-head attention module
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and a feed-forward network with the residual con-
nection (He et al., 2016) and layer normaliza-
tion (Ba et al., 2016). The output of the last layer
Ht = Ht

L = (ht1, . . . , h
t
N ) is used as the contextu-

alized semantic representation of the input tokens
in textual modality.

3.2 The Phonetic Encoder

Hanyu Pinyin (pinyin) is the romanization for Chi-
nese to “spell out” the sounds of characters. We use
it to calculate the phonetic representation in this pa-
per. The pinyin of a Chinese character consists of
three parts: initial, final, and tone. The initial (21 in
total) and final (39 in total) are written with letters
in the English alphabet. The 5 kinds of tones (take
the final “a” as an example, { ā, á, ǎ, à, a }) can be
mapped into numbers {1, 2, 3, 4, 0}. Though the
vocabulary size of pinyin for all Chinese charac-
ters is a fixed number, we use a sequence of letters
in REALISE to capture the subtle phonetic differ-
ence between Chinese characters. For example,
the pinyin of “中” (middle) and “棕” (brown) are
“zhōng” and “zōng” respectively. The two charac-
ters have very similar sounds but quite different
meanings. We thus represent pinyin as a symbol se-
quence, e.g., {z, h, o, n, g, 1} for “中”. We denote
the pinyin of the i-th character in the input sentence
as pi = (pi,1, . . . , pi,|pi|), where |pi| is the length
of pinyin pi.

In REALISE, we design a hierarchical phonetic
encoder, which consists of a character-level en-
coder and a sentence-level encoder.

The Character-level Encoder is to model the
basic pronunciation and capture the subtle sound
difference between characters. It is a single-layer
uni-directional GRU (Cho et al., 2014), which en-
codes the pinyin of the i-th character xi as:

h̃ai,j = GRU(h̃ai,j−1, E(pi,j)) (2)

where E(pi,j) is the embedding of the pinyin sym-
bol pi,j , and h̃ai,j is the j-th hidden states of the
GRU. The last hidden state is used as the character-
level phonetic representation of xi.

The Sentence-level Encoder is a 4-layer Trans-
former with the same hidden size as the seman-
tic encoder. It is designed to obtain the contex-
tualized phonetic representation for each Chinese
character. As the independent phonetic vectors are
not distinguished in order, we add the positional
embedding to each vector in advance. Then, we

pack these phonetic vectors together, and apply
the Transformer layers to calculate the contextual-
ized representation in acoustic modality, denoted
as Ha = (ha1, h

a
2, ..., h

a
N ). Note that owing to the

Transformer architecture, this representation is also
normalized.

3.3 The Graphic Encoder

We apply the ResNet (He et al., 2016) as the
graphic encoder. The graphic encoder has 5 layers
of ResNet blocks (denoted as ResNet5) followed
by a layer normalization (Ba et al., 2016) operation.
We formulate this procedure as follows:

h̃vi = ResNet5(Ii)

hvi = LayerNorm(h̃vi )
(3)

where Ii is the image of the i-th character xi in
the input sentence, and LayerNorm means layer
normalization.

In order to extract graphic information effec-
tively, each block in ResNet5 halves the width
and height of the image, and increases the num-
ber of channels. Thus, the final output is a vector
with the length equal to the number of output chan-
nels, i.e., both height and width become 1. Fur-
thermore, we set the number of output channels
to the hidden size in the semantic encoder for the
follow-up modality fusion. We denote the repre-
sentation in visual modality of the input sentence
as Hv = (hv1, h

v
2, . . . , h

v
N ).

The character image of xi is read from preset
font files. Since the scripts of Chinese charac-
ters have evolved for thousands of years, to cap-
ture the graphic relationship between character as
much as possible, we select three fonts, namely
Gothic typefaces (黑体, hēitı̌) in both Simplified
and Traditional Chinese, and Small Seal Script (小
篆, xiǎozhuàn). The three fonts correspond to the
three channels of the character images, whose size
is set to 32× 32 pixel.

3.4 Selective Modality Fusion Module

After applying the previously mentioned semantic,
phonetic and graphic encoders, we get the represen-
tation vectors Ht, Ha and Hv in textual, acoustic
and visual modalities. To predict the final correct
Chinese characters, we develop a selective modality
fusion module to integrate these vectors in different
modalities. This module fuses information in two
levels, i.e., character-level and sentence-level.
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First, for each modality, a selective gate unit is
employed to control how much information can
flow to the mixed multimodal representation. For
example, if a character is misspelled due to its
similar pronunciation to the correct one, then more
information in the acoustic modality should flow
into the mixed representation. The gate values are
computed by a fully-connected layer followed by a
sigmoid function. The inputs include the character
representation of three modalities and the mean
of the semantic encoder output Ht to capture the
overall semantics of the input sentence. Formally,
we denote the gate values for the textual, acoustic
and visual modalities as gt, ga and gv. The mixed
multimodal representation h̃i of the i-th character
is computed as follows:

h̄t =
1

N

N∑

i=1

hti

gti = σ(Wt · [hti, hai , hvi , h̄t] + bt)

gai = σ(Wa · [hti, hai , hvi , h̄t] + ba)

gvi = σ(Wv · [hti, hai , hvi , h̄t] + bv)

h̃i = gti · hti + gai · hai + gvi · hvi

(4)

where Wt, Wa, Wv, bt, ba, bv are learnable pa-
rameters, σ is the sigmoid function, and [·] means
the concatenation of vectors.

Then, we apply the Transformer to fully learn
the semantic, phonetic and visual information at
the sentence-level. The mixed representations
of all characters are packed together into H0 =
[h̃1, h̃2, ..., h̃N ], and the probability distribution ŷi
of what the i-th character should be is derived as:

Hl = Transformerl(Hl−1), l ∈ [1, L′]

ŷi = softmax(Wohi + bo), hi ∈ HL′
(5)

where L′ is the number of Transformer layers, Wo

and bo are learnable parameters.

3.5 Acoustic and Visual Pretraining
While acoustic and visual information is essential
to the CSC task, equally important is how to asso-
ciate them with the correct character. In order to
learn the acoustic-textual and visual-textual rela-
tionships, we propose to pretrain the phonetic and
the graphic encoders.

For the phonetic encoder, we design an Input
Method pretraining objective, that the encoder
should recover the Chinese character sequence
given the input pinyin sequence. This is what the

Training Set #Sent Avg. Length #Errors

SIGHAN13 700 41.8 343
SIGHAN14 3,437 49.6 5,122
SIGHAN15 2,338 31.3 3,037
Wang271K 271,329 42.6 381,962

Total 277,804 42.6 390464

Test Set #Sent Avg. Length #Errors

SIGHAN13 1,000 74.3 1,224
SIGHAN14 1,062 50.0 771
SIGHAN15 1,100 30.6 703

Total 3,162 50.9 2,698

Table 2: Statistics of the used datasets. All the training
data are merged to train the REALISE model. The test
sets are used separately to evaluate the model perfor-
mance.

Chinese input methods do. We add a linear layer on
the top of the encoder to transform the hidden states
to the probability distributions over the Chinese
character vocabulary. We pretrain the phonetic en-
coder with the pinyin of the sentences with spelling
errors in the training data, and make it recover the
character sequences without spelling errors.

For the graphic encoder, we design an Optical
Character Recognition (OCR) pretraining objective.
Given the Chinese character images, the graphic
encoder learns the visual information to predict the
corresponding character over the Chinese character
vocabulary. This is like what the OCR task does,
but our recognition is only conducted on the charac-
ter level and typed scripts. During the pretraining,
we also add a linear layer on the top to perform the
classification.

Finally, we load the pretrained weights of the
semantic encoder, phonetic encoder, and graphic
encoder, and conduct the final training process with
the CSC training data.

4 Experiments

In this section, we introduce experimental details
and results on the SIGHAN benchmarks (Wu et al.,
2013; Yu et al., 2014; Tseng et al., 2015). We then
verify the effectiveness of our model by conducting
ablation studies and analyses.

4.1 Data and Metrics
Following previous works (Wang et al., 2019;
Cheng et al., 2020), we use the SIGHAN training
data and the generated pseudo data (Wang et al.,
2018, denoted as Wang271K) as the training set.
We evaluate our model on the SIGHAN test sets
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Dataset Method Detection Level Correction Level
Acc Pre Rec F1 Acc Pre Rec F1

SIGHAN13

Sequence Labeling (Wang et al., 2018) - 54.0 69.3 60.7 - - - 52.1
FASpell (Hong et al., 2019) 63.1 76.2 63.2 69.1 60.5 73.1 60.5 66.2
BERT (Cheng et al., 2020) - 79.0 72.8 75.8 - 77.7 71.6 74.6
SpellGCN (Cheng et al., 2020) - 80.1 74.4 77.2 - 78.3 72.7 75.4
SpellGCN† (Our reimplementation) 78.8 85.7 78.8 82.1 77.8 84.6 77.8 81.0

BERT† 77.0 85.0 77.0 80.8 75.2 83.0 75.2 78.9
REALISE† 82.7 88.6 82.5 85.4 81.4 87.2 81.2 84.1

SIGHAN14

Sequence Labeling (Wang et al., 2018) - 51.9 66.2 58.2 - - - 56.1
FASpell (Hong et al., 2019) 70.0 61.0 53.5 57.0 69.3 59.4 52.0 55.4
SpellGCN (Cheng et al., 2020) - 65.1 69.5 67.2 - 63.1 67.2 65.3

BERT 75.7 64.5 68.6 66.5 74.6 62.4 66.3 64.3
REALISE 78.4 67.8 71.5 69.6 77.7 66.3 70.0 68.1

SIGHAN15

KUAS (Chang et al., 2015) 53.2 57.5 24.6 34.4 51.5 53.7 21.1 30.3
NTOU (Chu and Lin, 2015) 42.2 42.2 41.8 42.0 39.0 38.1 35.2 36.6
NCTU-NTUT (Wang and Liao, 2015) 60.1 71.7 33.6 45.7 56.4 66.3 26.1 37.5
HanSpeller++ (Zhang et al., 2015) 70.1 80.3 53.3 64.0 69.2 79.7 51.5 62.5
LMC (Xie et al., 2015) 54.6 63.8 21.5 32.1 52.3 57.9 16.7 26.0

Sequence Labeling (Wang et al., 2018) - 56.6 69.4 62.3 - - - 57.1
FASpell (Hong et al., 2019) 74.2 67.6 60.0 63.5 73.7 66.6 59.1 62.6
Soft-Masked BERT (Zhang et al., 2020) 80.9 73.7 73.2 73.5 77.4 66.7 66.2 66.4
SpellGCN (Cheng et al., 2020) - 74.8 80.7 77.7 - 72.1 77.7 75.9

BERT 82.4 74.2 78.0 76.1 81.0 71.6 75.3 73.4
REALISE 84.7 77.3 81.3 79.3 84.0 75.9 79.9 77.8

Table 3: The performance of our model and all baseline models on SIGHAN test sets. The “†” symbol means we
apply post-processing (Section 4.2) to the model outputs on SIGHAN13. Results of REALISE on all SIGHAN test
sets outperforms all the corresponding baselines with a significance level p < 0.05.

in 2013, 2014 and 2015 (denoted as SIGHAN13,
SIGHAN14 and SIGHAN15). Table 2 shows the
data statistics. Originally, the SIGHAN datasets
are in the Traditional Chinese. Following previ-
ous works (Wang et al., 2019; Cheng et al., 2020;
Zhang et al., 2020), we convert them to the Simpli-
fied Chinese using the OpenCC tool2.

Results are reported at the detection level and
the correction level. At the detection level, a sen-
tence is considered to be correct if and only if all
the spelling errors in the sentence are detected suc-
cessfully. At the correction level, the model must
not only detect but also correct all the erroneous
characters to the right ones. We report the accuracy,
precision, recall and F1 scores on both levels.

4.2 Implementation Details

The REALISE model is implemented using Py-
Torch framework (Paszke et al., 2019) with the
Transformer library (Wolf et al., 2020). The ar-
chitecture of the semantic encoder is same as the
BERTBASE (Devlin et al., 2019) model (i.e. 12
transformer layers with 12 attention heads, hidden

2https://github.com/BYVoid/OpenCC

size of 768). We initialize the semantic encoder
with the weights of BERT-wwm model (Cui et al.,
2019). For the phonetic sentence-level encoder,
we set the number of layers to 4, and initialize its
position embedding with BERT’s position embed-
ding. The selective modality fusion module has 3
transformer layers, i.e., L′ = 3, and the prediction
matrix Wo is tied with the word embedding matrix
of the semantic encoder. All the embeddings and
hidden states have the dimension of 768. We use
the Pillow library to extract the Chinese character
images. When processing the special tokens (e.g.
[CLS] and [SEP] of BERT), we use the tensor
with all zero values as their image inputs. We train
our REALISE model with the AdamW (Loshchilov
and Hutter, 2017) optimizer for 10 epochs. The
learning rate is set to 5e-5, the batch size is set
to 32, and the model is trained with learning rate
warming up and linear decay.

In the SIGHAN13 test set, the annotation qual-
ity is relatively poor, that quite a lot of the mixed
usage of auxiliary “的”, “地”, and “得” are not
annotated (Cheng et al., 2020). Therefore, a well-
performed model may obtain bad scores on it. To
alleviate the problem, Cheng et al. (2020) proposes
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to continue finetuning the model on the SIGHAN13
training set before testing. We argue that it’s not
a good practice because it reduces the model per-
formance. Instead, we use a simple and effective
post-processing method. We simply remove all the
detected and corrected “的”, “地”, and “得” charac-
ters from the model output and then evaluate with
the ground truth of SIGHAN13 test set.

4.3 Baselines
We compare REALISE with the following base-
lines: KUAS (Chang et al., 2015), NTOU (Chu
and Lin, 2015), NCTU-NTUT (Wang and Liao,
2015), HanSpeller++ (Zhang et al., 2015),
LMC (Xie et al., 2015) mainly utilize heuristics
or traditional machine learning algorithms, such
as n-gram language model, Conditional Random
Field and Hidden Markov Model. Sequence La-
beling (Wang et al., 2018) treats CSC as a sequence
labeling problem and applies a BiLSTM model.
FASpell (Hong et al., 2019) utilizes a denoising au-
toencoder (DAE) to generate candidate characters.
Soft-Masked BERT (Zhang et al., 2020) utilizes
the detection model to help the correction model
learn the right context. SpellGCN (Cheng et al.,
2020) incorporates the predefined character con-
fusion sets to the BERT-based correction model
through Graph Convolutional Networks (GCNs).
BERT (Devlin et al., 2019) is to directly fine-tune
the BERTBASE model with the CSC training data.

4.4 Main Results
Table 3 shows the evaluation scores at detection and
correction levels on the SIGHAN 13/14/15 test sets.
The REALISE model performs significantly better
than all the previous state-of-the-art models on all
test sets. It can be seen that, by capturing valuable
information from acoustic and visual modalities,
REALISE yields consistent gain with a large mar-
gin against BERT. Specifically, at the correction-
level, REALISE exceeds BERT by 5.2% F1 on
SIGHAN13, 3.8% F1 on SIGHAN14, and 4.4%
F1 on SIGHAN15. The results on SIGHAN13 are
improved significantly with simple post-processing
described in Section 4.2.

There are several successful applications of
BERT on the CSC task, such as FASpell and Spell-
GCN, which also consider the Chinese character
similarity. They attempt to calculate the similarity
as the confidence of filtering candidates, or con-
struct similarity graphs from predefined confusion
sets. Instead, in our method, multiple encoders are

Model Acc Pre Rec F1

Detection Level

BERT 78.4 74.6 74.5 74.5
REALISE 82.0 77.9 78.5 78.1
- Phonetic 81.2 76.4 77.7 77.0
- Graphic 81.4 77.3 77.2 77.2
- Multi-Fonts 81.2 76.3 77.9 77.0
- Pretraining 81.5 76.5 78.1 77.2
- Selective-Fusion 81.3 76.8 77.4 77.1

Correction Level

BERT 76.9 72.3 72.3 72.3
REALISE 81.0 76.5 77.0 76.7
- Phonetic 80.2 74.8 76.1 75.4
- Graphic 80.5 75.8 75.6 75.7
- Multi-Fonts 80.3 74.9 76.4 75.5
- Pretraining 80.6 75.2 76.8 75.9
- Selective-Fusion 80.5 75.4 76.0 75.7

Table 4: Ablation results of the REALISE model av-
eraged on SIGHAN test sets. We apply the following
changes to REALISE: removing the phonetic encoder
(- Phonetic), removing the graphic encoder (- Graphic),
using only one font to build the graphic inputs (- Multi-
Fonts), removing acoustic and visual pretraining (- Pre-
training), replacing the selective modality fusion mech-
anism with simple summation (- Selective-Fusion).

directly applied to derive more informative repre-
sentation from the acoustic and visual modalities.
Compared with SpellGCN (Cheng et al., 2020), the
SOTA CSC model, our REALISE model achieves
an averaging 2.4% F1 improvements at detection-
level and an averaging 2.6% F1 improvements at
correction-level. This indicates that, compared
with other extensions of BERT, the explicit utiliza-
tion of multimodal information of Chinese charac-
ters is more beneficial to the CSC task.

With the simple post-processing as described
in Section 4.2, results of each model on the
SIGHAN13 test set are improved significantly.
Compared with BERT and SpellGCN, we can see
that, after the post-processing, the REALISE model
is ahead of all the baseline models.

4.5 Ablation Study

We explore the contribution of each component
in REALISE by conducting ablation studies with
the following settings: 1) removing the phonetic
encoder, 2) removing the graphic encoder, 3) us-
ing only one font (Gothic typefaces in Simplified
Chinese) for the graphic encoder, 4) removing the
acoustic and visual pretraining objectives, 5) re-
placing the selective modality fusion mechanism
with simple summation.
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Wear a blue hat on the head

Figure 2: Selective modality fusion visualization. “I” is
the input sentence. “O” is the output of REALISE (also
the ground truth), and “T” is the translation. gt, ga, gv

are the gate values for the textual, acoustic, and visual
modality respectively. We highlight the wrong/correct
characters in red/blue color.

Table 4 shows the averaged scores3 on three
SIGHAN test sets. The main motivation of this
paper is to discover the character similarity rela-
tionships by incorporating the acoustic and visual
information. If removing the phonetic or graphic
encoder, we can see that the model performance
drops at two levels but still outperforms BERT sig-
nificantly. This suggests that the checking model
can benefit from the multimodal information. No
matter which component we remove, the perfor-
mance of REALISE drops, which fully demon-
strates the effectiveness of each part in our model.

4.6 Analysis of the Selective Modality Fusion
Module

Figure 2 gives two examples to analyze the selec-
tive modality fusion module. In the first exam-
ple, the acoustic and visual selective gate values
of “埤”, i.e. ga and gv, are much larger than most
other characters since “埤(pı́)” and “啤(pı́)” have
the same pronunciation and right radical “卑”. This
shows that the selective fusion module can judge
whether to introduce phonetic or graphic informa-
tion into the mixed representation. The second ex-
ample shows a similar trend for the pronunciation
of “带(dài)” and “戴(dài)”. More selective fusion
visualization can be found in the Appendix A.2.

Besides, we calculate the averaged gate val-
ues of erroneous characters for each modality on
SIGHAN15. The largest one is the textual modal-
ity that the value is almost equal to 1.0. The sec-
ond one is the acoustic modality that the averaged

3Full ablation results can be found in the Appendix A.1.

In: 我打算去法国流行，你要不要跟我一起去？
I am going to popular to France, would you like to
go with me?

Out:我打算去法国旅行，你要不要跟我一起去？
I am going to travel to France, would you like to
go with me?

In: 回国之后，我跟快去你家。
After returning home, I will go to your house with.

Out:回国之后，我很快去你家。
After returning home, I will go to your house soon.

Table 5: Examples of the input and output of our RE-
ALISE model. We highlight the wrong/correct charac-
ters in red/blue color.

value is 0.334, and the smallest one is the visual
modality that the value is 0.229. It means that the
information from the semantic encoder is the most
important for correcting the spelling errors. The
acoustic modality is more important than the visual
modality, which is consistent with the fact that the
spelling errors caused by similar pronunciations
are more frequent than errors caused by similar
character shapes (Liu et al., 2010).

4.7 Case Study

In the first example in Table 5, “流” is the erro-
neous character. If ignoring the Chinese character
similarities, we can find that there are multiple
candidate corrections to replace the “流” charac-
ter. For instance, we can replace it with “游” and
the English translation is “I am going to parade
in France”. However, the REALISE’s output is
the best correction, because “流(liú)” and “旅(lˇü)”
have a similar pronunciation. In the second ex-
ample, not only the phonetic information, but also
the visual information is important for correcting
“跟(gēn)” to “很(hěn)”. In detail, the two charac-
ters share the same final “en” in pronunciation, and
have the same right radical “艮”.

The errors in the above examples are not cor-
rected by SpellGCN, since they are not defined
as confusing character pairs in the handcrafted
confusion sets (Lee et al., 2019). Specifically, in
the SIGHAN15 test set, there are 16% erroneous-
corrected character pairs not in the predefined con-
fusion sets. SpellGCN corrects 64.6% of them but
REALISE performs better with 73.5% correction.
Besides, for the easily-confused pairs in the prede-
fined sets, SpellGCN corrects 82.5% of them and
REALISE corrects 85.8%. This indicates that lever-
aging multimodal information of Chinese charac-
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ters helps the model generalize better in capturing
the character similarity relationships.

5 Conclusion

In this paper, we propose a model called REALISE

for Chinese spell checking. Since the spelling er-
rors in Chinese are often semantically, phonetically
or graphically similar to the correct characters, RE-
ALISE leverages information in textual, acoustic
and visual modalities to detect and correct the er-
rors. The REALISE model captures information in
these modalities using tailored semantic, phonetic
and graphic encoders. Besides, a selective modal-
ity fusion mechanism is proposed to control the
information flow of these modalities. Experiments
on the SIGHAN benchmarks show that the pro-
posed REALISE outperforms the baseline models
using only textual information by a large margin,
which verifies that leveraging acoustic and visual
information helps the Chinese spell checking task.
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Gülçehre, Dzmitry Bahdanau, Fethi Bougares, Hol-
ger Schwenk, and Yoshua Bengio. 2014. Learning
phrase representations using RNN encoder-decoder
for statistical machine translation. In Proceedings of
the 2014 Conference on Empirical Methods in Nat-
ural Language Processing, EMNLP 2014, October
25-29, 2014, Doha, Qatar, A meeting of SIGDAT, a
Special Interest Group of the ACL, pages 1724–1734.
ACL.

Wei-Cheng Chu and Chuan-Jie Lin. 2015. NTOU chi-
nese spelling check system in sighan-8 bake-off. In
Proceedings of the Eighth SIGHAN Workshop on
Chinese Language Processing, SIGHAN@IJCNLP
2015, Beijing, China, July 30-31, 2015, pages 137–
143. Association for Computational Linguistics.

Yiming Cui, Wanxiang Che, Ting Liu, Bing Qin,
Ziqing Yang, Shijin Wang, and Guoping Hu. 2019.
Pre-training with whole word masking for chinese
BERT. CoRR, abs/1906.08101.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, NAACL-HLT 2019, Minneapolis, MN,
USA, June 2-7, 2019, Volume 1 (Long and Short Pa-
pers), pages 4171–4186. Association for Computa-
tional Linguistics.

Fei Dong and Yue Zhang. 2016. Automatic features for
essay scoring–an empirical study. In Proceedings of
the 2016 Conference on Empirical Methods in Natu-
ral Language Processing, pages 1072–1077.

Li Dong, Nan Yang, Wenhui Wang, Furu Wei, Xi-
aodong Liu, Yu Wang, Jianfeng Gao, Ming Zhou,
and Hsiao-Wuen Hon. 2019. Unified language
model pre-training for natural language understand-
ing and generation. In 33rd Conference on Neural
Information Processing Systems (NeurIPS 2019).

Jianfeng Gao, Xiaolong Li, Daniel Micol, Chris Quirk,
and Xu Sun. 2010. A large scale ranker-based sys-

724



tem for search query spelling correction. In Proceed-
ings of the 23rd International Conference on Compu-
tational Linguistics (Coling 2010), pages 358–366,
Beijing, China. Coling 2010 Organizing Committee.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian
Sun. 2016. Deep residual learning for image recog-
nition. In 2016 IEEE Conference on Computer Vi-
sion and Pattern Recognition, CVPR 2016, Las Ve-
gas, NV, USA, June 27-30, 2016, pages 770–778.
IEEE Computer Society.

Julian Hitschler, Shigehiko Schamoni, and Stefan Rie-
zler. 2016. Multimodal pivots for image caption
translation. In Proceedings of the 54th Annual Meet-
ing of the Association for Computational Linguistics,
ACL 2016, August 7-12, 2016, Berlin, Germany, Vol-
ume 1: Long Papers. The Association for Computer
Linguistics.

Yuzhong Hong, Xianguo Yu, Neng He, Nan Liu,
and Junhui Liu. 2019. Faspell: A fast, adapt-
able, simple, powerful chinese spell checker based
on dae-decoder paradigm. In Proceedings of the
5th Workshop on Noisy User-generated Text, W-
NUT@EMNLP 2019, Hong Kong, China, November
4, 2019, pages 160–169. Association for Computa-
tional Linguistics.

Norman Jerry. 1988. Chinese (cambridge language sur-
veys).

Thomas N Kipf and Max Welling. 2016. Semi-
supervised classification with graph convolutional
networks. arXiv preprint arXiv:1609.02907.

Lung Hao Lee, Wun Syuan Wu, Jian Hong Li, Yu Chi
Lin, and Yuen Hsien Tseng. 2019. Building a con-
fused character set for chinese spell checking. In
27th International Conference on Computers in Edu-
cation, ICCE 2019, pages 703–705. Asia-Pacific So-
ciety for Computers in Education.

Gen Li, Nan Duan, Yuejian Fang, Ming Gong, and
Daxin Jiang. 2020. Unicoder-vl: A universal en-
coder for vision and language by cross-modal pre-
training. In The Thirty-Fourth AAAI Conference
on Artificial Intelligence, AAAI 2020, The Thirty-
Second Innovative Applications of Artificial Intelli-
gence Conference, IAAI 2020, The Tenth AAAI Sym-
posium on Educational Advances in Artificial Intel-
ligence, EAAI 2020, New York, NY, USA, February
7-12, 2020, pages 11336–11344. AAAI Press.

C.-L. Liu, M.-H. Lai, K.-W. Tien, Y.-H. Chuang, S.-H.
Wu, and C.-Y. Lee. 2011. Visually and phonologi-
cally similar characters in incorrect chinese words:
Analyses, identification, and applications. ACM
Transactions on Asian Language Information Pro-
cessing, 10(2).

Chao-Lin Liu, Min-Hua Lai, Yi-Hsuan Chuang, and
Chia-Ying Lee. 2010. Visually and phonologically
similar characters in incorrect simplified Chinese
words. In Coling 2010: Posters, pages 739–747,
Beijing, China. Coling 2010 Organizing Committee.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
RoBERTa: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Ilya Loshchilov and Frank Hutter. 2017. Fixing
weight decay regularization in adam. CoRR,
abs/1711.05101.

Bruno Martins and Mário J. Silva. 2004. Spelling
correction for search engine queries. In Advances
in Natural Language Processing, pages 372–383,
Berlin, Heidelberg. Springer Berlin Heidelberg.

Yuxian Meng, Wei Wu, Fei Wang, Xiaoya Li, Ping Nie,
Fan Yin, Muyu Li, Qinghong Han, Xiaofei Sun, and
Jiwei Li. 2019. Glyce: Glyph-vectors for chinese
character representations. In Advances in Neural
Information Processing Systems 32: Annual Con-
ference on Neural Information Processing Systems
2019, NeurIPS 2019, 8-14 December 2019, Vancou-
ver, BC, Canada, pages 2742–2753.

Adam Paszke, Sam Gross, Francisco Massa, Adam
Lerer, James Bradbury, Gregory Chanan, Trevor
Killeen, Zeming Lin, Natalia Gimelshein, Luca
Antiga, Alban Desmaison, Andreas Köpf, Edward
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Figure 3: Selective modality fusion visualization. “I” is
the input sentence. “O” is the output of REALISE (also
the ground truth), and “T” is the translation. gt, ga, gv

are the gate values for the textual, acoustic, and visual
modality respectively. We highlight the wrong/correct
characters in red/blue color.

A Appendix

A.1 Ablation
We conduct an ablation study to verify the effective-
ness of the proposed method. Table 6 (on Page 13
in Appendix) shows the detailed ablation results on
each SIGHAN test set, where the following settings
are conducted:

1. - Phonetic: removing the phonetic encoder.

2. - Graphic: removing the graphic encoder.

3. - Multi-Fonts: using only one font (Gothic
typefaces in Simplified Chinese) for the
graphic encoder.

4. - Pretraining: removing the acoustic and vi-
sual pretraining objectives.

5. - Selective-Fusion: replacing the selective
modality fusion mechanism with simple sum-
mation.

We can see that, when we remove anything
from our model, the REALISE performance drops
consistently, and it drops most apparently in the
SIGHAN14 test set. These results suggest that
each part of our model is an effective means for
boosting the checking performance.

A.2 Selective Modality Fusion Visualization
We show more examples in Figure 3. We can see
that, if the misused characters are phonetically sim-
ilar to the correct ones, the acoustic gate values
tend to be larger, and if they are graphically similar,
the visual gate values are larger.
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Dataset Method
Detection Level Correction Level

Acc Pre Rec F1 Acc Pre Rec F1

SIGHAN13

BERT 77.0 85.0 77.0 80.8 75.2 83.0 75.2 78.9
REALISE 82.7 88.6 82.5 85.4 81.4 87.2 81.2 84.1
- Phonetic 82.4 87.4 82.3 84.8 81.2 86.1 81.1 83.5
- Graphic 82.1 88.1 82.1 85.0 80.9 86.7 80.8 83.7
- Multi-Fonts 82.2 87.5 82.2 84.8 81.2 86.4 81.2 83.7
- Pretraining 82.8 88.2 82.7 85.4 81.4 86.7 81.3 83.9
- Selective-Fusion 82.0 87.3 82.0 84.6 81.0 86.2 81.0 83.5

SIGHAN14

BERT 75.7 64.5 68.6 66.5 74.6 62.4 66.3 64.3
REALISE 78.4 67.8 71.5 69.6 77.7 66.3 70.0 68.1
- Phonetic 77.1 65.5 69.2 67.3 76.3 63.8 67.5 65.6
- Graphic 78.0 67.3 69.6 68.4 77.1 65.6 67.9 66.7
- Multi-Fonts 76.9 65.0 69.6 67.2 76.2 63.6 68.1 65.7
- Pretraining 77.5 65.6 70.4 67.9 76.7 64.0 68.7 66.2
- Selective-Fusion 77.6 66.5 69.0 67.7 76.9 64.8 67.3 66.0

SIGHAN15

BERT 82.4 74.2 78.0 76.1 81.0 71.6 75.3 73.4
REALISE 84.7 77.3 81.3 79.3 84.0 75.9 79.9 77.8
- Phonetic 84.2 76.2 81.7 78.9 83.3 74.5 79.9 77.1
- Graphic 84.3 76.6 79.9 78.2 83.5 75.0 78.2 76.6
- Multi-Fonts 84.5 76.5 81.9 79.1 83.5 74.6 79.9 77.1
- Pretraining 84.2 75.7 81.3 78.4 83.7 74.9 80.4 77.5
- Selective-Fusion 84.4 76.8 81.2 78.9 83.6 75.4 79.7 77.5

Table 6: Ablation results of the REALISE model on each SIGHAN dataset.
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Abstract
In this paper, we propose a novel self-
supervised opinion summarization framework
TransSum, which models opinion sum-
maries as translations operating on the
low-dimensional aspect and sentiment em-
bedding spaces. Specifically, we propose
two contrastive objectives to learn the cru-
cial aspect and sentiment embeddings of
reviews, by taking advantage of the intra- and
inter-group invariances that have not been
considered in previous studies. Furthermore,
these embeddings can be used to reduce
opinion redundancy and construct highly
relevant reviews-summary pairs to train a
supervised multi-input opinion summarization
model. Experimental results on three different
domains show that TransSum outperforms
several strong baselines in generating informa-
tive, relevant and low-redundant summaries,
unveiling the effectiveness of our approach.

1 Introduction

Opinion summarization, which focuses on auto-
matically generating summaries that reflect salient
opinion information expressed in a group of docu-
ments (e.g., user reviews of a product in Figure 1),
has been receiving great attention due to its use-
fulness and effectiveness for displaying massive
opinion texts (Ku et al., 2006; Cheung et al., 2009;
Chu and Liu, 2019). For example, a representative
review summary of a product can not only replace
large amounts of reviews for potential customers
to read, but also provide more explanations than a
simple overall sentiment rating, such as “ What is
the biggest complaint on the iPod ‘screen’ ?”.

However, compared with supervised summariza-
tion in the domain of news articles, the annotated
training data for opinion summarization is expen-
sive to acquire. Due to the lack of gold-standard
summaries for training, most existing works fo-
cus on unsupervised opinion summarization and

Positive review Negative review

a
A

sA… … 

Groups of reviews

Yes, HP dvd’s are better 
quality.  … I have had a ton a pro-

blems with these 
discs. … The box was too big and 

allow the spindle to bo-
unce around … 

Entity 1

Their Christmas deco-
rations rival that of 
coach house  … 

Cheap drinks, great 
happy hour … 

Cheap drinks, awesome 
bar staff, stiff pours …

Entity 2

Figure 1: The proposed TransSum targets at learn-
ing corresponding aspect and sentiment embeddings
for reviews (green arrows) through contrastive learning
based on the aspect and sentiment invariances (blue ar-
rows). These embeddings are used to construct reviews-
summary pairs of high relevance (red arrows), so as to
train a supervised multi-input opinion summarization
model. Best view in color.

treat it as a normal multi-document summarization
task. They either struggle to reduce the opinion
redundancy efficiently or output summaries lack-
ing relevance to input reviews. Particularly, many
previous studies focus on extractive approaches
(Paul et al., 2010; Fabbrizio et al., 2014; Rossiello
et al., 2017; Narayan et al., 2019), which copy texts
from the input reviews but tend to be redundant
and less informative (Chu and Liu, 2019). Some
recently proposed abstractive methods are based on
unsupervised representation learning, such as auto-
encoder (Chu and Liu, 2019; Amplayo and Lapata,
2019; Brazinskas et al., 2020a) or variational auto-
encoder (Brazinskas et al., 2020b; Angelidis et al.,
2020), but mainly focus on the content transfor-
mation within each group of reviews. Other stud-
ies aim to create synthetic reviews-summary pairs
to train a supervised multi-document summariza-
tion model (Amplayo and Lapata, 2019; Brazinskas
et al., 2020b; Amplayo and Lapata, 2020; Amplayo
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et al., 2021), such as sampling a review from a cor-
pus of product reviews and treating it as a summary
of the remaining reviews, but such settings may
lack rationality to guarantee the relevance of re-
views and constructed pseudo-summaries.

In an effort to overcome these challenges, we
propose a novel self-supervised framework for
opinion summarization, TransSum, which consists
of two main modules and does not require any gold
summaries for training. (i) In the translation-based
review modeling module, we expect to represent
reviews with only their corresponding aspect and
sentiment embeddings (as shown in Figure 1) with
the purpose of reducing unnecessary information.
We decompose each review into the aspect and
sentiment embeddings through reconstruction and
contrastive learning (van den Oord et al., 2018; He
et al., 2020) based on two novel intra- and inter-
group invariances: First, the real-world reviews
in a group may discuss various opinions covering
different aspects, but they are dependent with a spe-
cific entity (e.g., reviews about a specific product).
Hence, the aspect information of the reviews in the
same group should be closer than that of different
groups (i.e, aspect invariance in Figure 1), that is,
the distances between intra-group reviews should
be less than the ones between inter-group reviews
in the aspect embedding space. Second, the senti-
ment information of reviews with the same senti-
ment label should be closer than that of different
sentiment labels (i.e, sentiment invariance in Fig-
ure 1), that is, the distances between reviews with
the same sentiment should be less than the ones
between reviews with different sentiments in the
sentiment embedding space. (ii) In our multi-input
opinion summarization module, we reduce opinion
redundancy by combining similar embeddings, and
use reviews with similar aspects (embeddings) to
construct reviews-summary pairs of high relevance,
which are used to train a supervised multi-input
summarization model.

We conduct extensive experiments to show the
superiority of our method. Experimental results
on three different domains show that our method
outperforms several strong baselines in generat-
ing informative, relevant, low-redundant and fluent
summaries. We also perform ablation studies to
analyze the effectiveness of the modules in our
method.

In summary, our main contributions are:

• To the best of our knowledge, we are the first

to generate opinion summaries from only the
aspect and sentiment embeddings, which un-
locks the critical bottleneck for unsupervised
opinions modeling and takes a step forward
towards more complex and controllable de-
signs.

• We propose a novel self-supervised frame-
work (TransSum) to generate opinion sum-
maries without access to expensive annota-
tions by disentangling reviews into aspect
and sentiment embeddings and automatically
constructing highly relevant reviews-summary
pairs for model training.

• Experimental results on three domains show
that our approach outperforms several strong
baselines, especially in terms of relevance and
non-redundancy.

2 TransSum

2.1 Overview
As aforementioned, a good opinion summary needs
to cover major opinions/sentiments on different as-
pects of the entity (e.g., a movie, product, business)
discussed in a group of reviews. Inspired by this
observation, we propose a self-supervised frame-
work (titled TransSum), aiming to generate opinion
summaries without access to expensive annotations
by interpreting them as translations operating on
the aspect and sentiment embeddings.

As noted in a recent theoretical model of impor-
tance in summarization (Peyrard, 2019), a good
summary should meet three requirements: (i) min-
imum redundancy, (ii) maximum relevance with
the input document(s), and (iii) maximum infor-
mativeness. Based on the observation that reviews
are usually created to express users’ sentiments on
certain aspects of a specific entity (e.g., the price
and battery of a PC), we reasonably define informa-
tiveness, the amount of new information contained
in the opinion summary relative to the background
knowledge, as the aspect and sentiment informa-
tion. The purpose is to reduce unnecessary infor-
mation in the opinion summary, such as personal
information or other irrelevant details.

Specifically, TransSum consists of two main
components: (1) A translation-based review mod-
eling module that learns only aspect and sentiment
embeddings from each review for opinion summa-
rization, to keep only the key and useful informa-
tion (requirement iii). The aspect and sentiment
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embeddings of reviews are learned through recon-
struction and two contrastive objectives, which take
advantage of aspect and sentiment invariance of
intra- and inter-group reviews (detailed in Sec 2.3).
(2) A multi-input opinion summarization mod-
ule that learns to generate the summary from the
redundancy-reduced combination of the aspect and
sentiment embeddings of input reviews (require-
ment i). It is trained by synthetic reviews-summary
pairs of high relevance (requirement ii), which are
constructed based on the assumption that reviews
with the same aspect information (embeddings)
are likely to express similar opinions (detailed in
Sec 2.4).

2.2 Notations
More formally, let D denote a review corpus in a do-
main (e.g., Products’ reviews), which consists ofm
groups of reviews. For each groupG, we assume
that it contains n reviews {r1, · · · , ri · · · , rn}
about a specific entity e (e.g., a product), n is
not a fixed number. For each review ri in G,
we define its number of tokens ri as |ri|, that
is, ri = {r(1)i , · · · , r(|ri|)i }, and use r−i =
{r1, · · · , ri−1, ri+1, · · · , rn} to represent the re-
maining n− 1 reviews. Each review has a binary
sentiment label x (i.g., positive or negative), which
indicates the overall sentiment polarity of the re-
view. The aspect and sentiment embeddings of ri
are denoted as ai ∈ R|ri|×k and si ∈ R|ri|×k. E
and D are encoder and decoder respectively.

The goal of opinion summarization is to gener-
ate a summary y that covers opinions mentioned in
the group of reviews, in other words, y can be con-
sidered “a representative review” that can replace
the group of reviews {r1, · · · , ri · · · , rn} in terms
of informativeness. Note that we cannot access
gold-standard opinion summaries for each group
of reviews, as the human-annotated summaries do
not exist in most domains.

2.3 Translation-Based Review Modeling
The translation-based review modeling module
aims to learn aspect and sentiment embeddings
for reviews (the left block in Figure 2).

For each review ri in the groupG, we encode it
using a Transformer (Vaswani et al., 2017) encoder
E, and the output encoding hi ∈ R|ri|×k is:

hi = E(ri) = (h
(1)
i , · · · ,h(|ri|)

i ), (1)

where k is the embedding dimension. Inspired by

Zhong et al. (2019), we initialize the token embed-
dings of E with the ones of the BERT-base model
(Devlin et al., 2019). Then we use projection ma-
tricesAa ∈ Rk×k andAs ∈ Rk×k to project hi to
the aspect and sentiment spaces as ai and si (the
blue and red squares in Figure 2), respectively.

ai = hiAa = (a
(1)
i , · · · ,a(|ri|)i ) (2)

si = hiAs = (s
(1)
i , · · · , s(|ri|)i ) (3)

For later use, we further denote âi =
1
|ri|
∑|ri|

j=1 a
(j)
i (âi ∈ Rk) and ŝi = 1

|ri|
∑|ri|

j=1 s
(j)
i

(ŝi ∈ Rk) to represent the mean vectors of the
embeddings, repectively.

Translation-Based Reconstruction: We as-
sume that each review is “an opinion summary”
of the user’s intention and attitude, and model the
review as the translation from aspect and sentiment
embeddings, that is, ci = ai+si (the yellow square
in Figure 2):

ci = {a(1)i + s
(1)
i , · · · ,a(|ri|)i + s

(|ri|)
i }, (4)

To maximize informativeness and reduce unneces-
sary information, we hope to reconstruct ri from
only the embeddings ci with a decoder D. The
reconstruction loss is:

Lrec = Eri∼D[`(D(ci), ri)], (5)

where ` is the cross entropy loss (de Boer et al.,
2005) andD is a Transformer (Vaswani et al., 2017)
decoder with cross-attention on ci. Following pre-
vious arts (Amplayo et al., 2021; ElSahar et al.,
2020), we adopt label smoothing method (Szegedy
et al., 2016) on ri instead of computing with cate-
gorical distributions.

Contrastive Learning of Aspect and Senti-
ment Embeddings: We perform contrastive learn-
ing to learn the aspect and sentiment embeddings,
based on the following two contrastive objectives:
(i) the aspect embeddings of intra-group reviews
should be “closer” to each other than the ones of
inter-group reviews, and (ii) the sentiment embed-
dings of reviews with the same sentiment label
should be “closer” to each other than the ones of
reviews with different sentiment labels, even if they
are in different groups.

More concretely, for the aspect embedding ai,
we except to make its similarity with a “simi-
lar” sample a+i far greater than the one with a
“dissimilar” sample a−i , that is, Sim(âi, âi

+) �
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that learns to generate summaries that are low-redundant and highly relevant to the input reviews. The encoder and
decoder are shared, and the red arrows indicate the data flow in the inference phase. Best view in color.

Sim(âi, âi
−). a+i is the aspect embedding of a

review sampled from the same group, and a−i is
the aspect embedding of a review sampled from
other groups. In this work, we use the dot prod-
uct between embeddings to measure similarity (i.e.,
Sim), which can be regarded as a measure of the
angle between the two embeddings in the vector
space. As a consequence, the aspect-based con-
trastive objective is:

Lasp = −Eri∼D[ (6)

log
exp(Sim(âi, âi

+))

exp(Sim(âi, âi
+)) + exp(Sim(âi, âi

−))
],

As for the sentiment embedding si, the “similar”
sample s+i is the sentiment embedding of a review
sampled from different groups but with the same
sentiment label, and the “dissimilar” sample s−i
is the sentiment embedding of a review sampled
from different groups and with a different senti-
ment label. Hence, the sentiment-based contrastive
objective is defined as follows:

Lsen = −Eri∼D[ (7)

log
exp(Sim(ŝi, ŝi

+))

exp(Sim(ŝi, ŝi
+)) + exp(Sim(ŝi, ŝi

−))
].

To the best of our knowledge, we are the first to go
beyond the intra-group information modeling by
further considering the inter-group level contrastive
learning of aspect and sentiment embeddings.

To further enlarge the disagreements among the
aspect/sentiment projection matrix and reduce the
redundancy of parameters, we additionally add a
regularization loss to encourage uniqueness:

Lreg = ||AT
aAa − I||2 + ||AT

sAs − I||2, (8)

where I is the identity matrix.

2.4 Multi-Input Opinion Summarization

After learning aspect and sentiment low-
dimensional embeddings of reviews, we can
construct reviews-summary pairs of high relevance
based on the similarity of aspect embeddings,
so as to train a supervised multi-input opinion
summarization model (the right block in Figure 2).

Although real-world reviews in a group discuss
various viewpoints covering different aspects under
consideration, they are in fact focused on the same
entity. In other words, they may repeat discussions
about certain aspects many times, and may also in-
clude their own unique aspects. However, opinions
on the same aspects are likely to be the same in
real scenarios, e.g., knowing that most users com-
plain about the high price of a product, the next
price-focused review is likely to give a negative
view. Based on this observation, we expect to re-
duce redundancy in similar aspects and use reviews
with similar aspects to construct a high-quality data
set whose reviews-summary data pairs are highly
relevant.

High-Relevance Dataset Creation: We expect
to find a subset of r−i in which reviews are similar
to ri in the aspect embedding space, and use ri
as the target (pseudo) opinion summary of this
subset of reviews. We have noticed that in real
reviews, the majority of views on the same aspect
are consistent with each other, so we believe most
reviews-summary pairs created in this way can be
used for training a model to capture and summarize
the major opinions of the input reviews. More
sophisticated ways for dataset creation will be left
for further study.

In practice, we assign a weight w to each re-
view in r−i, that is, assigning small values to low-
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relevance reviews instead of looking for a subset
of only high-relevance reviews (as shown by the
yellow arrows in Figure 2). For each review rj in
r−i, we calculate the distance between it and ri in
the aspect embedding space as:

dj = Sim(âj , âi), dj ∈ d−i, (9)

where d−i = {d1, · · · , di−1, di+1, · · · , dn}.
Then we construct the reviews-summary pair <
r−i, ri > with the following weights w−i, which
will be used later:

wj =
exp(dj)∑

dz∈d−i exp(dz)
, wj ∈ w−i. (10)

Note that some previous arts (Brazinskas et al.,
2020b; ElSahar et al., 2020; Brazinskas et al.,
2020a; Amplayo et al., 2021) adopted a leave-one-
out self-supervision setting (Besag, 1975) similar
to ours. But they did not take into account the
relevance between each review and the pseudo
summary, which can be considered as our spe-
cial case with a uniform distribution w−i =
( 1
n−1 , · · · , 1

n−1).
Embedding-Based Redundancy Reduction:

Aside from creating a high-relevance synthetic
dataset, we can use the learned embeddings to re-
duce redundancy. We regard the embedding differ-
ences of different reviews as their natural variation,
and perform a weighted pooling operation to re-
move redundant information (similar embeddings).
Therefore, we obtain ĉ−i based on multiple inputs
{w1c1, · · · , wi−1ci−1, wi+1ci+1, · · · , wncn}.
Note that w is a uniform distribution in the
inference phase, that is, the weight of each input
review is equal.

Finally, we generate the opinion summary of r−i
and the summarization loss Lsum is:

Lsum = Eri∼D[`(D(ĉ−i), ri)], (11)

where D is the decoder shared with the previous
module and we also adopt label smoothing tech-
nique (Szegedy et al., 2016) on ri.

2.5 Training
Finally, we optimize the sum of the above losses:

Lfinal = Lrec + Lasp + Lsen + Lreg + Lsum.
(12)

We also explore non-equal weighting of the losses
but do not find a meaningful difference in outcomes.
We perform beam search decoding in the inference
stage.

Train Dev Test
Yelp 13,369 / 97.1 100 / 8.0 100 / 8.0

Amazon 192,742 / 24.9 28 / 8.0 32 / 8.0
RT 2,458 / 83.3 536 / 98.0 737 / 100.3

Table 1: Statistics of three datasets in different domains
(i.g., businesses, products and movies). The format in
the cells is “Number of entities / Average number of
reviews per entity”.

3 Experiments

Datasets: We conduct experiments on three opin-
ion summarization benchmarks in different do-
mains, including: (1) Yelp (Chu and Liu, 2019)
which contains business customer reviews from
the Yelp Dataset Challenge1; (2) Amazon (Brazin-
skas et al., 2020b) which includes a large corpus of
product reviews for four Amazon categories (i.g.,
Electronics, Clothing, Shoes and Jewelry, Home
and Kitchen, and Health and Personal Care)2; (3)
Rotten Tomatoes (RT) (Wang and Ling, 2016)
which has a large set of reviews for various movies
written by critics3. The detailed statistics of the
three datasets are shown in Table 1. For Yelp and
Amazon, there are no gold standard summaries for
large training corpora, but the small development
and test sets have summaries written by Amazon
Mechanical Turk (AMT) crowd-workers. In RT,
each set of reviews has a gold-standard opinion
summary written by an editor, but we do not use
ground truth summaries for training due to the un-
supervised setting. Note that all reviews have a
binary sentiment label (e.g., positive or negative).
For Yelp and Amazon which have 1–5 scale ratings,
we mark reviews with scores below 3 as negative
and the rest as positive. The implementation de-
tails of our method are shown in supplementary
materials.

Compared Methods: We compare TransSum
with several state-of-the-art unsupervised summary
generation methods, and some of them can be es-
sentially considered as special cases of our method.

For extractive systems where summaries are
created by selecting a subset of salient sentences
from the input reviews, they include: (1) LexRank
(Erkan and Radev, 2004), a PageRank-like algo-
rithm which selects the review closest to the cen-
troid of a group as the summary; (2) W2VCent,

1https://github.com/sosuperic/MeanSum
2https://github.com/abrazinskas/Copycat-abstractive-

opinion-summarizer
3https://web.eecs.umich.edu/∼wangluxy/data.html
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a centroid-based multi-document summarization
method that uses word embeddings (Mikolov et al.,
2013) instead of TF-IDF to represent each sen-
tence (Rossiello et al., 2017); and (3) Multi-Lead-
1 (See et al., 2017) which constructs the summary
by selecting the leading sentences from each re-
view of a group. Additionally, we also report
the upper bound of extractive methods, i.e., the
highest-scoring review in a group when computing
ROUGE-L (Lin and Hovy, 2003) against reference
summaries.

We also compare with six state-of-the-art ab-
stractive models where summaries are generated
from scratch, including: (1) Opinosis (Ganesan
et al., 2010), a graph-based method that uses
token-level redundancy to generate summaries; (2)
MeanSum (Chu and Liu, 2019), an auto-encoder
that generates summaries by reconstructing the
mean of review encodings, which is in fact spe-
cial cases of our method without contrastive trans-
formations of aspect and sentiment embeddings
and high-relevance dataset creation; (3) Opin-
ionDigest (Suhara et al., 2020), a combination of
an aspect-based sentiment analysis model and a
phrase-to-review seq2seq model, which can be seen
as using opinion phrases to model summaries rather
than using the aspect and sentiment embeddings
as we do; (4) DenoiseSum (Amplayo and Lapata,
2020), which create a synthetic dataset by treating
a review and its noisy versions as the summary
and pseudo-review input, instead of using the as-
pect similarity of real-world reviews like ours; (5)
CopyCat (Brazinskas et al., 2020b), a hierarchi-
cal variational auto-encoder which learns a latent
code of the summary and uses a leave-one-out self-
supervision setting, and it can be regarded as a
special case where TransSum does not consider the
relevance of input reviews and the constructed sum-
maries; and (6) PlanSum (Amplayo et al., 2021),
which uses adversarial learning to learn the aspect
and sentiment distributions of reviews, instead of
the intra- and inter-group contrastive transforma-
tions we use. Note that we do not compare with
methods using gold summaries, such as Brazinskas
et al. (2020a).

3.1 Main Results

3.1.1 Automatic Evaluation

For automatic summary evaluation, we report the
classical ROUGE (Lin and Hovy, 2003) scores on
test sets. We report F-measure scores of ROUGE-1

(R1), ROUGE-2 (R2) and ROUGE-L (RL) in the
experiments.

Table 2 contains the automatic evaluation results
on three different datasets. From the results, we
can see that: (1) Although extractive methods (e.g.,
LexRank, W2VCent and Multi-Lead-1) achieve
comparable results, their upper bounds are affected
by the data sets used. For example, the upper
bound results of R2 and RL on Yelp are much
lower than the other two, perhaps because most
sentences on the Yelp dataset contain more redun-
dant information. (2) Among abstractive models,
OpinionDigest and CopyCat perform much better
than Opinosis and MeanSum, showing the effec-
tiveness of using opinion phrases or specific dis-
tributions to model opinion summaries. But our
method surpasses them by a wide margin, indi-
cating that the aspect and sentiment embeddings
learned by contrastive learning are beneficial for
modeling opinion summaries. (3) Impressively,
we observe a large improvement brought by the
creation of synthetic datasets (i.e., DenoiseSum,
CopyCat and PlanSum), showing the usefulness
of using reviews as pseudo-summaries. However,
our method is superior to them, illustrating the
importance of considering the relevance of the con-
structed reviews-summary pairs. (4) Overall, our
model outperforms all baseline models on three
datasets over all three metrics. It is also worth not-
ing that TransSum even surpasses the upper bound
of extractive methods on Yelp with an increase of
5.55, 2.3, and 2.2 points in ROUGE-1/2/L.

3.1.2 Human Evaluation
Further, we conduct a human evaluation to evalu-
ate the quality of generated summaries more accu-
rately.

We focus on five criteria: (1) the aspect-based
informativeness indicator (Aspect) focuses on
whether the summary covers common aspects dis-
cussed in the reviews, (2) the sentiment-based in-
formativeness indicator (Sentiment) focuses on
whether it agrees with their overall sentiment
about different aspects. (3) the relevance indicator
(Relevance) reflects whether the summary is rele-
vant to the input reviews, (4) the non-redundancy
indicator (Non-Redundancy) measures whether
the summary contains unnecessary repetition, and
(5) the fluency indicator (Fluency) shows whether
the summary is well-formed and grammatical. We
show the detailed questions in supplementary ma-
terials. We sampled 50, 32, and 50 review groups
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Method

A
bs

tr.
? Yelp Amazon RT

R1 R2 RL R1 R2 RL R1 R2 RL

Upper Bound (Extractive) % 31.07 6.11 18.11 33.98 7.88 21.60 30.94 10.75 24.95

LexRank(Erkan and Radev, 2004) % 25.50 2.64 13.37 28.74 5.47 16.75 14.88 1.94 10.50
W2VCent (Rossiello et al., 2017) % 24.61 2.85 13.81 28.73 4.97 17.45 13.93 2.10 10.81
Multi-Lead-1 (See et al., 2017) % 26.34 3.72 13.86 30.32 5.90 15.78 14.21 1.82 10.23

Opinosis (Ganesan et al., 2010) ! 25.15 2.61 13.54 28.42 4.57 15.50 14.98 3.07 12.19
MeanSum (Chu and Liu, 2019) ! 28.86 3.66 15.91 29.20 4.70 18.15 15.79 1.94 12.26

OpinionDigest(Suhara et al., 2020) ! 29.30 5.77 18.56 - - - - - -
DenoiseSum(Amplayo and Lapata, 2020) ! 30.14 4.99 17.65 - - - 21.26 4.61 16.27

CopyCat(Brazinskas et al., 2020b) ! 29.47 5.26 18.09 31.97 5.81 20.16 - - -
PlanSum(Amplayo et al., 2021) ! 34.79 7.01 19.74 32.87 6.12 19.05 21.77 6.18 16.98

TransSum (Ours) ! 36.62∗ 8.41∗ 20.31∗ 34.23∗ 7.24∗ 20.49∗ 25.34∗ 8.62∗ 18.35∗

Table 2: Automatic evaluation results on three datasets. We make the best results bold, and use “-” to indicate
unreported results or unfound outputs. “∗” means that the improvements over PlanSum are statistically significant
with p-value ≤ 0.05 for t-test, and “Abstr.?” indicates whether the method is an abstractive approach.

Method Asp. Sen. Rel. Non. Flu.

Y
el

p

LexRank -0.49 -0.31 -0.81 -0.60 -0.30
PlanSum -0.12 -0.23 -0.47 -0.13 -0.10
TransSum 0.26 0.13 0.57 0.24 0.02

Gold 0.35 0.41 0.71 0.49 0.38

A
m

az
on LexRank -0.62 -0.47 -0.45 -0.53 -0.58

PlanSum 0.08 -0.11 -0.06 -0.36 0.10
TransSum 0.28 0.19 0.15 0.38 0.17

Gold 0.42 0.39 0.36 0.51 0.31

R
T

LexRank -0.55 -0.32 -0.54 -0.73 -0.36
PlanSum -0.08 -0.14 -0.41 -0.33 -0.13
TransSum 0.26 0.17 0.42 0.45 0.20

Gold 0.37 0.29 0.53 0.61 0.29

Table 3: Human evaluations results in terms of the Best-
Worst scaling. The kappa coefficient of judges is 0.72.

from the Yelp, Amazon, and RT test sets with
human-annotated summaries, respectively. Then
we employ five graduate students to evaluate each
tuple containing summaries from LexRank (strong
extractive baseline), PlanSum (strong abstractive
baseline), TransSum (Ours) and the gold-standard
summaries according to the criteria. Note that the
order in which the summaries are presented to the
judges is random. We use Best-Worst Scaling (Lou-
viere et al., 2015), which has been shown to pro-
duce more reliable results than ranking scales (Kir-
itchenko and Mohammad, 2016). Specifically, each
score is computed as the percentage of times it was
selected as best minus the percentage of times it
was selected as worst, and ranges from -1 (unani-
mously worst) to +1 (unanimously best).

The results are shown in Table 3. As shown, sum-
maries generated by TransSum have better aspect-

# Lrec Lasp Lsen Lreg Yelp Ama. RT

1 ! 18.64 18.94 16.89
2 ! ! ! 19.91 19.61 17.46
3 ! ! ! 19.82 19.53 17.26
4 ! ! ! 19.96 20.04 17.93
5 ! ! ! 20.08 20.11 18.14
6 ! ! ! ! 20.31 20.49 18.35

Table 4: Ablation study of different losses. Lsum is a
basic loss, so all combinations in the table include it.

and sentiment-based informativeness, indicating
that our model can effectively capture the salient
opinion information. We find that extractive sum-
maries tend to be more general or even irrelevant
(e.g. LexRank on Yelp), but our model performs
very well in terms of relevance. Our method also
excels baselines in non-redundancy and fluency,
showing that summaries generated TransSum are
low-redundant and fluent. We show examples of
generated summaries of our model and comparison
systems in supplementary materials.

3.2 Ablation Study

3.2.1 Loss Effectiveness Analysis

We present in Table 4 various ablation studies on
the three datasets, which assess the contribution of
different losses. We report the ROUGE-L score on
test sets.

Compared to the only reconstruction loss (i.e.,
row#1), the contrastive learning of aspect and senti-
ment embeddings (i.e., row#2 and row#3) can bring
improvements of 1.27/0.67/0.57 and 1.18/0.59/0.37
points on three datasets, respectively. From row#5
and row#4, we observe that the reconstruction and
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# Model Variants Yelp Amazon RT

1 TransSum 20.31 20.49 18.35

2 w/o BERT embeddings 20.05 20.14 18.05
3 w/o label smoothing 20.08 20.21 18.12
4 w/o beam search 20.02 20.08 17.99
5 w/o summary modeling 18.51 18.82 16.72
6 w/o weighted pooling 19.83 19.95 17.88

Table 5: Ablation study of different components. “w/o”
means “without”.

regularization losses are also useful for improving
results. The last row shows that all our proposed
losses in TransSum are helpful, especially Lasp
and Lsen, demonstrating the effectiveness of our
model.

3.2.2 Module Effectiveness Analysis
To investigate the importance of the model’s indi-
vidual components, we perform ablations by re-
moving the initialized BERT embeddings, label
smoothing, beam search, the translation-based re-
view modeling module, and weighted pooling op-
eration (i.e., w−i is a uniform distribution).

From the results in Table 5, all components play
a role, yet the most significant drop (i.e., row#5) in
ROUGE-L when the translation-based review mod-
eling module is removed, demonstrating the great
effectiveness of the aspect and sentiment embed-
dings learned through contrastive learning. Interest-
ingly, even without learning aspect and sentiment
embeddings, using high-relevant reviews-summary
pairs created by only entangled representations (i.e.,
row#5) can also achieve competitive results. This
further shows the importance of considering the
relevance between reviews and pseudo-summaries.

4 Related Work

Unsupervised Opinion Summarization aims to
automatically generate summaries for a group of
opinions about a specific entity (e.g., user reviews
of a product), and does not require any gold sum-
maries (Ku et al., 2006; Kim et al., 2011; Chu and
Liu, 2019). Most previous works focus on extrac-
tive approaches, which select a subset of salient
sentences from the inputs based on topic-words
(Paul et al., 2010; Fabbrizio et al., 2014), word-
frequencies (Erkan and Radev, 2004; Nenkova and
Vanderwende, 2005), word embeddings (Rossiello
et al., 2017) or textual graphs (Radev et al., 2004).
However, due to their shortcomings of copying text
from the input (Banko and Vanderwende, 2004),

studies of abstractive summarization methods have
increased tremendously (Ganesan et al., 2010;
Perez-Beltrachini et al., 2019; Zou et al., 2020;
Mukherjee et al., 2020). Most of these abstractive
works model the problem of opinion summariza-
tion as a normal multi-document summarization
task, using an auto-encoder framework with atten-
tion (Chu and Liu, 2019; Amplayo and Lapata,
2019; Brazinskas et al., 2020a), variational distri-
butions (Brazinskas et al., 2020b; Angelidis et al.,
2020), or abstract meaning representations (Liu
et al., 2015). Few of them pay attention to the
opinion information, and model the opinion sum-
mary with opinion phrases (Suhara et al., 2020) or
the aspect and sentiment distributions (Amplayo
et al., 2021). To the best of our knowledge, we are
the first to model opinion summaries with only as-
pect and sentiment embeddings, which are learned
through two novel contrastive objectives based on
the aspect and sentiment invariances.

Our work is also related to contrastive learning,
which a popular unsupervised learning paradigm
in the field of computer vision and speech, aiming
to enlarge the embedding disagreements of differ-
ent instances for representation learning (van den
Oord et al., 2018; Ye et al., 2019; He et al., 2020).
Although there have been studies using contrastive
learning for summary evaluation (Wu et al., 2020),
to our best knowledge, we are the first to use the
contrastive transformation on natural textual sam-
ples to directly help summary generation, and open
the door to research on modeling opinion sum-
maries with aspect and sentiment embeddings.

5 Conclusion

In this paper, we propose a novel self-supervised
framework TransSum, to generate opinion sum-
maries with only the aspect and sentiment embed-
dings, which are beneficial for maximizing infor-
mativeness, reducing redundancy of repeated opin-
ions in reviews, and creating synthetic datasets of
highly relevant reviews-summary pairs for training.
Extensive evaluation and ablation studies show our
model outperforms competitive systems in generat-
ing informative, high-relevant, low-redundant and
fluent summaries. We believe that the viewpoint
from modeling opinion summaries with only as-
pect and sentiment embeddings proposed in this
study may pave a new way to design more complex
and controllable systems for unsupervised opinion
summarization.
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A Implementation Details

We implement our method on top of the
Transformer-base (Vaswani et al., 2017) imple-
mented in Fairseq (Ott et al., 2019). The token
embeddings of BERT-base (Devlin et al., 2019)
used for initialization are provided by Transform-
ers (Wolf et al., 2020). The dimension k is 768 and
the number of the attention heads is 4. Both the
encoder and decoder have 6 layers, and the maxi-
mum sequence length l is set to 200. The beam size
of the beam search is set to 5. We set the dropout
rate to 0.1 and Adam (Kingma and Ba, 2015) with
learning rate to 1e-5, β1 = 0.9 and β2 = 0.999. We
implement our model based on PyTorch and use
four TITAN X graphic cards for learning.

B Human Evaluation Questions

• Aspect-based informativeness: The sum-
mary sentences should cover common aspects
discussed in the group of reviews.

• Sentiment-based informativeness: The
summary sentences should agree with the
overall sentiment about different aspects in
the group of reviews.

• Relevance: The summary sentences should
relevant to the input reviews.

• Non-Redundancy: The summary sentences
should not contains unnecessary repetition.

• Fluency: The summary sentences should be
grammatically correct, easy to read and under-
stand.
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Input Reviews

1. i got the roast duck won ton noodles . the noodles were good and firm and the wontons were 100 %
shrimp which was very good . the roast duck and roast suckling pig was bland . but not bad for the
prices .

2. lost on the shuffle . lucky i had extra time . ordered soup noodles with beef brisket and tendon .
normally very fast as everything is already cooked . they had to ask me about my order 3 times after
i asked them to check on it after waiting for 25 mins . when the food finally came , taste was good
and portion was pretty big . beef tendon and brisket noodle ... the tendon was sooo soft and gooey
.... mmm . but i had to deduct a point for the service mishap . and it wasn ’ t busy yet ...

3. always fantastic food with great prices . i went every weekend for a month in the summer . the
owners are always friendly . if you are going later in the evening or late , don ’ t order the tea
( milk tea ) or coffee . they boil it all day and by then its completely gross . but other wise ,
i ’ ve never had a bad experience here .

4. food portions were small and nothing special . bonus its its open late .

5. - solid chinese eats - it gives me a good feeling when a restaurant is full of people . and this
one normally is . ( especially those of the same ethnic background as the cuisine ) - if ever i
have a craving for congee or roasted pork on rice , i ’ m here . - oh and it ’ s mad cheap -
which is a nice bonus . i dig healthy competition .

6. the price point is a little higher than the places i frequent in richmond hill / markham and the
selection is smaller , but if i ever craze decent , solid , authentic chinese food when i ’ m
downtown , i come here !

7. initially went to chinatown to eat beef brisket noodle soup at kings noodle but they were closed
on wednesdays . walked down dundas and found this spot , decided to try it and as really surprised .
the noodles were tasted good , much more generous portions compared to kings noodle and they were
the same price . would recommend this place !

8. this is an awesome place you can go for chinatown area . nice service , delicious food , and
what you need more ?

Gold

service can be a little slow here . the noodles are really good . i think it ’ s a bit
expensive though for what you get . there are other places that are cheaper but i don ’ t
know how they taste , so i can only comment on here . it ’ s definitely worth checking out
though . i had to wait a bit for my food but still pretty good experience .

LexRank

food portions were small and nothing special . bonus its its open late . walked down dundas
and found this spot , decided to try it and as really surprised . the noodles were good and
firm and the wontons were 100 % shrimp which was very good . the roast duck and roast
suckling pig was bland . but not bad for the prices .

PlanSum
i’ve been to this place several times and i have never had a bad experience. the food
is always good and the service is good. i love the fact that they are open late, so
if you’re looking for a quick lunch or dinner, this is the place to go.

Ours the noodles are good but the price is a little expensive . the staff is always helpful and friendly .
an awesome chinese eats you can go in the chinatown area . come by yourself !

Table 6: Examples of opinion summaries generated by multiple systems on the Yelp dataset.
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Input Reviews

1. the only thing i would like to see is an aux cord when i do n’t want to charge my phone , but
it ’s not a huge deal . the sound is great , and worth the money . the remote works with your
phone , and that ’s precisely what i wanted .

2. you need to buy an adaptor for ipod nano ’s so it was disappointing when my son opened it up
on christmas and could not use it for his ipod nano . it does not state that anywhere on the box
or when i ordered it .

3. love , love , love the ability to save multiple preset radio stations , and the sound is clear ,
crisp ... amazing ! it almost makes waking up a pleasure . another feature i never thought i
wanted , but really appreciate , is the ability to set the brightness of the clock readout .
brilliant !

4. the sound of the radio is of real quality . i also like having the two separate alarms and
the alarm is not obnoxious yet still wakes us up . my wife charges her iphone on it regularly and
works out well . we like the sony so much i got one for my son and his wife for a christmas present .

5. i was looking quite awhile to locate a decent sounding radio / ipod player which would also
charge my ipod . this is perfect for our family . it ’s a lot smaller than i thought , which is
good . and when we update to an iphone 5 , there is a $ 5 adapter to get so we can still use this
radio . perfect !

6. as always , sony has a ’winner ’ in this combined am / fm radio and docking station . great
sound , looks good and wife is very pleased as she put it in her craft work area . finding the
combo of am / fm was n’t easy either.lots of fm only units . this is a great product .

7. while i like the dream machine i do n’t know why there ’s so much static . it ’s nearly
impossible to get a couple of my favorite radio stations without constant static in the
background . my other radio does n’t do that . i ’ve even tried different locations for it .
that ’s a big disappointment and shortcoming of the product .

8. my husband really like this speaker ... love it ! its so easy to operate by setting the alarm.
i like the way when you put your iphone 4s to the dock its charge at the same time while you are
you using it ... ! great product

Gold

this fm/am radio , iphone docking station and alarm clock is a perfect combination !
the sound is amazing , the alarm clock is not annoying , and the design looks great !
it would be nice to have a place to use an aux cord and certain apple products require
a $ 5 adapter to use the docking station but other than that , this product is fantastic !

LexRank
while i like the dream machine i do n’t know why there ’s so much static . great sound ,
looks good and wife is very pleased as she put it in her craft work area . the sound of
the radio is of real quality .

PlanSum

this fm/am radio , iphone docking station and alarm clock is a perfect combination !
the sound is amazing , the alarm clock is not annoying , and the design looks great !
it would be nice to have a place to use an aux cord and certain apple products require
a $ 5 adapter to use the docking station but other than that , this product is fantastic !
this is a great product . it has amazing sound quality , and the dual-band feature is
nice . i love the fact that it charges my device while it ’s docked . not only is this
thing functional , but it also looks great and does n’t take up a lot of space .
overall , i would advise buying this if your needs call for an awesome speaker that
doubles as a charging station . this is exactly what i ’ve been looking for ! it has
great sound quality and it ’s really easy to dock my iphone in it ( it charges my phone
at the same time ! bonus ) the alarm is easy to use and does it ’s job . some iphones
and ipods will need an adapter , so make sure to check that out first .

Ours i love this radio for its sound, which is amazingly clear and quite great . overall ,
this is a great product , and good for my family. i would advise buying this .

Table 7: Examples of opinion summaries generated by multiple systems on the Amazon dataset.

741



Input Reviews

1. The best reason to see The Haunting is the sheer sumptuousness of its creepy-crawly set designs.

2. Has an unseen enchantment, so aptly sets spinning like a huge magnificent gyroscope on a string

3. In The Haunting, the moviemakers succeed in something very difficult: creating a haunted house
with real personality and terror.

4. All the stops are pulled out to provide a state-of-the-art, slam-bang movie experience.

5. Looking terrified and screaming is really all that’s required in David Self’s inane script.

6. Director Jan de Bont, known for the razzle he put into the exciting movie Speed and the
subsequent dud Twister, proves himself unable to break away from depending on dazzle to
substitute for substance.

7. To my surprise, I find myself recommending The Haunting on the basis of its locations,
its sets, its art direction, its sound design, and the overall splendor of its visuals.

8. It’s all hokum from beginning to end.

9. A flat, draggy exercise in cheesy special effects and grandiose art direction palming
itself off as a horror film.

10. More hokey than haunting.

11. When The Haunting finally limps to its conclusion, you may feel like booing the screen.

12. This all-flash, no-substance–and no scare–thriller is a textbook example of soulless,
money-burning Hollywood hype products.

13. One of the most misguided big-screen diversions to come along in some time, considering
the clear potential it has.

14. so thoroughly misguided and muddled Dreamworks, the studio foisting this bomb on the
public, ought to hire a special corps of ushers to hand out sympathy cards to patrons
as they exit the theater.

15. This is as far from the Poverty Row gasps of The Blair Witch Project as you can get,
and more fun.

16. I wouldn’t waste more than the price of a video rental on this one.

17. High-tech remake is dumb and overblown.

18. All logic is deadened by the obnoxious special effects!

19. Once the screaming begins, so will your laughing

20. Glossy but lackluster.

21. It’s just a conglomeration of cheap fright tactics and a booming bass track meant
to get you to jump out of your seat.

22. An exercise in missed opportunities and bad filmmaking!

23. The Haunting is a muddled mess that defies any rationality.

24. The only thing scary about the new version is realizing that
someone keeps giving director Jan De Bont money to make movies.

25. The characters are on the dramatic equivalent of Death Row.

......

Gold sophisticated visual effects fail to offset awkward performances and an uneven script .

LexRank the characters are on the dramatic equivalent of death row .

PlanSum the haunting is a very good movie, but it’s a lot of fun, and the filmmakers have
been raised by the original.

Ours unfortunately , this is one haunting with the obnoxious special effects
that are bloated and wretchedly overdone !

Table 8: Examples of opinion summaries generated by multiple systems on the Rotten Tomatoes dataset.
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Abstract

Image-text matching has been a popular re-
search topic which bridges vision and lan-
guage through semantic understanding. Re-
cent works mainly focus on exploring the in-
teractions between images and sentences to im-
prove the performance without considering in-
ference efficiency. Specifically, for the large
scale databases, it is unacceptable to perform
such time-consuming mechanisms between a
query (text/image) and each candidate data-
point (image/text) in the whole retrieval set
during inference. To tackle this problem, we
propose a novel hashing based efficient infer-
ence module called HEI, which can be plugged
into the existing framework to speed up the
inference step without reducing the retrieval
performance. In details, HEI learns to map
the original datapoints into short binary hash
codes and coarsely preserve the heterologous
matching relationship. Thus, in the infer-
ence phase, the proposed HEI module uses
the hash codes to quickly select a few can-
didate datapoints from the retrieval set for a
given query. Then, the image-text matching
model fine ranks the candidate set to find the
matching datapoint. Extensive experiments on
two widely used benchmark MS-COCO and
Flickr30k with four baseline methods demon-
strate the efficiency and effectiveness of our
proposed HEI module.

1 Introduction

Language and vision understanding plays a fun-
damental role for human to understand the real
world. A large amount of works has been proposed
to bridge these two modalities. Image-text match-
ing is one of the fundamental topics in this field,
which benefits a series of downstream applications,
such as visual captioning(Zhang et al., 2019; Wang
et al., 2018) and visual grounding (Chen et al.,

∗Corresponding author.

2018; Plummer et al., 2017). Specifically, given
an image (text), its target is to match the closest
textual description (image) for the image (text).

Early works (Karpathy and Fei-Fei, 2015; Wang
et al., 2016; Niu et al., 2017; Faghri et al., 2017)
achieve this goal by learning two modality-specific
deep neural networks to directly map all the data-
points from the two modality into a common joint
space without using attention mechanism, and then
measures their similarities by feature distances in
the joint space. Compared with these methods,
recent works (Lee et al., 2018; Liu et al., 2019;
Wang et al., 2019; Chen et al., 2020) mainly fo-
cus on incorporating variant attention mechanisms
into the image-text matching models to explore
the fine-grained interactions between vision and
language. By using the attention mechanisms, the
image-text matching models are able to filter out ir-
relevant information, and find the fine-grained cues
to achieve a great matching performance. For exam-
ple, CAMP (Wang et al., 2019) takes comprehen-
sive and fine-grained cross-modal interactions into
account, and also properly handles negative pairs
and irrelevant information with an adaptive gating
scheme to improve the matching performance.

Although existing attention mechanism based
methods achieve great performance, they do not
take the inference efficiency into account. Specif-
ically, for the large scale databases, due to the at-
tention mechanisms being time-consuming, it is
unacceptable to perform such complex attention
mechanisms between the query (text/image) and
each candidate datapoint (image/text) in the whole
retrieval set during inference. Thus, it is critical to
improve the inference speed of these methods.

Intuitively, if a small candidate set containing
positive datapoints can be quickly selected out, the
image-text matching models can greatly speed up
through only fine ranking such a small candidate
set instead of the whole retrieval set. Then the key
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challenge is how to quickly select such a small can-
didate set. Hashing is widely used in the field of
data search with fast retrieval speed. Besides, al-
though it can hardly perform the accurate matching,
hashing is capable of quickly selecting a high qual-
ity candidate set containing the positive datapoints.

Hence, in this paper, we propose a novel hash-
ing based efficient inference module, called HEI,
which can be plugged into the existing attention
mechanism based image-text matching framework
to speed up the inference step without reducing
the retrieval performance. Specifically, a matching
score based hashing loss is proposed, which con-
sists of two items: one is used to make Hamming
similarity between hash codes of matching datapair
be as large as possible; the other item is to make the
Hamming similarity between hash codes of mis-
matching datapair no larger than their correspond-
ing matching score. By minimizing the proposed
hashing loss, the HEI module is optimized to map
the original datapoints into short binary hash codes
and coarsely preserve the heterologous matching
relationship between datapoints. Thus, the trained
HEI module can be used to speed up the inference
step without reducing the retrieval performance.
Extensive experiments on two widely used bench-
mark MS-COCO and Flickr30k with four baselines
demonstrate the effectiveness of our proposed HEI
module.

2 Related Work

2.1 Text-image Matching

Recently, many image-text matching methods have
been proposed, which can be roughly grouped
into one-to-one matching methods learning corre-
spondence between the whole image and text, and
many-to-many matching methods learning corre-
spondence between the regions of image and the
words of text.

The one-to-one matching methods (Wang et al.,
2016; Kiros et al., 2014; Zhang and Lu, 2018;
Zheng et al., 2020) mainly aim to explore the het-
erologous relationship globally by mapping the
whole images and the full texts into a common
feature space. However, owing to these methods
doing not explore the correspondence between im-
age regions and text words, it might lead to learn
sub-optimal features, which will damage the text-
image matching performance.

By utilizing variant cross-modal attention mech-
anisms, many-to-many matching methods can ex-

plore the correspondence between image regions
and text words, thus, these attention mechanism
based methods can achieve the state-of-the-art per-
formance. For instance, BFAN (Liu et al., 2019)
is proposed to eliminate partial irrelevant words
and regions from the shared semantic in image-
text pairs to achieves state-of-the-art performance
on several benchmark datasets. IMRAM (Chen
et al., 2020) proposes a recurrent attention memory
which incorporates a cross-modal attention unit and
a memory distillation unit to refine the correspon-
dence between image regions and text words. How-
ever, those attention mechanisms used by the many-
to-many matching methods are usually complicated
with high computation complexity. Hence, it is un-
acceptable to perform such time-consuming atten-
tion mechanisms between the query (text/image)
and each candidate datapoint (corresponding to im-
age/text) in the whole retrieval set during inference
especially for the large scale databases.

Different from previous methods, our model ex-
plores hashing technology to improve the inference
speed of the existing many-to-many text-image
matching methods without reducing their perfor-
mance.

2.2 Cross-Modal Hashing

The core of cross-modal hashing is to project the
datapoints of different modalities into compact bi-
nary hash codes, meanwhile, preserve the semantic
similarity of original datapoints. Then, in the cross-
modal retrieval phase, the datapoints of the retrieval
set can be sorted by the Hamming distance between
their corresponding binary hash codes calculated
by the ‘XOR’ operation, which has fast retrieval
speed. Due to this advantage, a mount of cross-
modal hashing methods have been proposed (Hu
et al., 2020; Su et al., 2019; Lin et al., 2020; Tu
et al., 2020; Shi et al., 2019). For example, SDCH
(Lin et al., 2020) utilizes a semantic label branches
to preserve semantic information of the learned fea-
tures by integrating with inter-modal pairwise loss,
cross-entropy loss and quantization loss.

However, due to these hashing methods be-
longing to approximate nearest neighbour (ANN)
searching technology, they can hardly to accurately
find the matching datapoint for a query. Hence,
few works explore the hashing technology for text-
image matching. To our best knowledge, this is the
first work to explore the use of hashing to improve
the inference speed of existing attention mecha-
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Figure 1: The architecture of image-text method with the HEI module.

nism based image-text matching methods.

3 Methodology

As shown in Figure 1, different from the architec-
ture of existing matching models, our framework
introduces an extra hashing based efficient infer-
ence module, called HEI, which consists of an im-
age modal hashing layer and a text modal hashing
layer, and each hashing layer is a fully-connected
layer with k units where k is the hash codes length.

3.1 Problem formulation and notations

Without loss of generality, suppose there are
datasets with M images X = {xi}Mi=1 and N
texts Y = {yi}Ni=1. Given an image xi with
its region-level visual features denoted as V i =
[vi1, · · · ,vim], and a text yj with its word-level tex-
tual features denoted as T j = [tj1, · · · , tjn], the
goal of image-text matching is to calculate a match-
ing score sij for the image xi and the text yj based
on their features V i and T j . Moreover, if the im-
age xi and the text yj are matching, the matching
score sij should be large, otherwise sij should be
small.

Furthermore, the goal of hashing based efficient
inference module is to learn the two modality-
specific hashing layer which can map their corre-
sponding modal datapoints into binary hash codes
with the heterologous matching relationship pre-
served.

3.2 Cross-modal Feature Representation

3.2.1 Image region-level visual features

To obtain the region-level visual features V i =
[vi1, · · · ,vim] of the image xi, we first employ
the Faster R-CNN (Ren et al., 2016) model us-
ing ResNet-101 (He et al., 2016) as the backbone,
which is pre-trained on the Visual Genomes dataset
(Krishna et al., 2017) by (Anderson et al., 2018),
to extract the top m region proposals of the image.
Then, by average-pooling the spatial feature map,
a feature vector vi′j ∈ R2048 for the jth region
proposal is calculated. Finally, We obtain the d-
dimentional region features with a linear projection
layer:

vij = W vv
i′
j + bv (1)

where W v and bv are to-be-learned parameters,
and vij is the visual feature for the jth region of
image xi.

3.2.2 Text word-level textual features

To obtain the textual features of a input text yj
with n words, we first embed each word wi of
the input text yj into a 300-dimensional vector
tj′i . Then, to enhance the word-level feature with
sufficient context information, we use a single-
layer bi-directional GRU (Cho et al., 2014) with
d-dimensional hidden to summarize information
from both forward and backward directions of the
input text yj :

−→
hji =

−−−→
GRU(

−−→
hji−1, t

j′
i ),

←−
hji =

←−−−
GRU(

←−−
hji−1, t

j′
i ).

(2)
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where
−→
hji and

←−
hji denote hidden states from the

forward GRU and the backward GRU, respectively.
Then, the textual feature of the word wj

i in the text
yj is defined as:

tji =

−→
hji +

←−
hji

2
(3)

3.3 General Attention Framework

Existing attention mechanism based image-text
matching methods mainly learn to associate shared
semantics between the region-level feature V i of
image xi and word-level feature T j of text yj
through variant cross-attention mechanisms to cal-
culate the matching score sij , which can be formu-
lated as follows:

sij = CAM(V i,T j ;W ) (4)

where CAM(·;W ) denotes the cross-modal at-
tention mechanism and W is the set of learnable
parameters. For example, in BFAN (Liu et al.,
2019), CAM(·;W ) denotes the Focal attention
mechanism proposed in the original paper.

Then to maximize matching scores of the match-
ing image-text pairs and minimize the ones of the
mismatching datapairs, a hinge-based triplet rank-
ing loss with emphasis on the hard negatives are
used as the loss function. Specifically, given a pair
of matching image-text xi and yj , we denote their
matching score as sij ; j̄ = argmaxt6=jsit denotes
the hard negative when using the image to match
text; ī = argmaxt6=istj denotes the hard nega-
tive when using the text to match image, then the
ranking loss is formulated as:

Lrank = [α− sij + sij̄ ]+ + [α− sij + sīj ]+ (5)

where α is the margin for the ranking loss, and
[a]+ = max(0, a).

Finally, after optimizing the matching model,
given a query datapoint, it will be used to calcu-
lated the matching score with each datapoint in the
retrieval set to find the most matching one by the
cross-attention mechanism. However, the cross-
attention mechanism is time-consuming which
means it unacceptable to calculate a matching score
between the query and each point in retrieval set
with the attention mechanism during inference.
Thus, we propose a hashing based efficient infer-
ence module to improve the inference speed.

3.4 Hashing based Efficient Inference module

Specifically, the input of the HEI module is the
fragment-level feature of datapoint, i.e., the region-
level feature V i for an image modal input xi or
the word-level feature T j for a text modal input yj .
We further aggregate the fragment-level feature V i

(T i) into an instance-level feature v̂i (t̂i) for an
image (text) datapoint xi (yi):

v̂i =
m∑

j=1

ajv
i
j ; aj =

viTj wv

m∑
k=1

viTk wv

. (6)

t̂i =

n∑

j=1

qjt
i
j ; qj =

tiTj wt

n∑
k=1

tiTk wt

. (7)

where wt and wv denote learnable parameter.
Then by forwarding the instance-level feature v̂i
(t̂i) into the image (text) modal hashing layer, the
hash codes bvi (bti) of image xi (text yi) can be
generate as:

bvi = sgn(Hx(v̂i; Θv)) ∈ {−1, 1}k

bti = sgn(Hy(t̂i; Θt)) ∈ {−1, 1}k
(8)

whereHx(v̂i; Θv) denotes the image modal hash-
ing layer and Θv denotes the set of parameters in
the image hashing layer; k is the length of hash
codes;Hy(t̂i; Θt) represents the text modal hash-
ing layer and Θt represents the set of parameters
in the text hashing layer; sgn(·) is an element-wise
sign function, which returns 1 if the element is
positive and returns −1 otherwise.

Furthermore, the core of hashing based efficient
inference module is to learn two modality-specific
hashing layer to map the datapoints into binary
hash codes which are used to select a few candi-
date datapoints from the retrieval set for an query.
To achieve this goal, the learned hash codes should
coarsely preserve the heterologous matching rela-
tionship between datapoints, i.e., if two datapoints
are matching, then the Hamming distance between
their corresponding binary hash codes should be
small, otherwise it should be large.

Considering that the Hamming distance between
bvi and btj can be difined as: DH(bvi , b

t
j) = 0.5(k−

bvTi b
t
j), where k denotes the code length. It means

when 1
kb

vT
i b

t
j is close to 1, the Hamming dis-

tance DH(bvi , b
t
j) is close to 0; and when 1

kb
vT
i b

t
j

is close to -1, the Hamming distance DH(bvi , b
t
j)
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is close to k. Thus, 1
kb

vT
i b

t
j can be used to de-

note the Hamming similarity between bvi and btj ,
and measure the heterologous matching relation-
ship preserved by bvi and btj . Furthermore, as the
mathching score sij ∈ [0, 1] of image xi and
text yj computed by the cross-attention mecha-
nism may preserve the heterologous matching re-
lationship to a certain extent, then we can use it
as soft target to supervise the learning of similar-
ity between hash codes of mismatching data pairs.
Owing to 1

kb
vT
i b

t
j ∈ [−1, 1], we re-scale sij as

ŝij = 2sij − 1 ∈ [−1, 1].
Thus, based on these observations, we proposed

a matching score based hashing loss:

L1 =
1

|N+
i |

∑

j∈N+
i

(
1

k
bvTi b

t
j − 1)2

+
1∑

j∈N−i
Iij

∑

j∈N−i

Iij(
1

k
bvTi b

t
j − ŝij)2

(9)

Iij =

{
1, 1

kb
vT
i b

t
j>ŝij ,

0, otherwise.
(10)

where N+
i denotes the set of text datapoints which

are matching with the image xi, and N−i denotes
the set of text datapoints which are not matching
with the image xi; sij denotes the matching score
between the image xi and text yj ;

It can be found that the first item ofL1 is to make
1
kb

vT
i b

t
j be close to 1, i.e., make the Hamming dis-

tance between the hash codes of matching datapair
be small. The second item of L1 is constructed to
penalize the mismatching datapair that the Ham-
ming similarity between their hash codes is larger
than their matching score sij , i.e., the goal of L1 is
to make the Hamming distance between their hash
codes be large. Thus, by minimizing the hashing
loss L1, the learned binary hash codes can coarsely
preserve the heterologous matching relationship.

Furthermore, as the sgn(·) function is in-
differentiable at zero and the derivation of it will
be zeros for a non-zero input, the parameters of
hashing model will not be updated with the back-
propagation algorithm when minimizing the hash-
ing loss function L1. Thus, we directly discard
the sgn(·) function to ensure the parameters of our
hashing model can be updated, and use tanh(·) to
approximate the sgn(·) function to make each el-
ement of output of hashing layer can be close to
“+1” or “-1”. Then the final hashing loss function

can be formulated as follows:

Lh =
1

|N+
i |

∑

j∈N+
i

(
1

k
b̂
vT
i b̂

t
j − 1)2

+
1∑

j∈N−i
Iij

∑

j∈N−i

Iij(
1

k
b̂
vT
i b̂

t
j − ŝij)2.

(11)
where b̂

v
i = tanh(Hx(v̂i; Θv)) and b̂

t
j =

tanh(Hy(t̂j ; Θt))

3.5 Inference
After training the image-text matching model and
HEI module well, we can generate the hash codes
{bvi }Ni=1 ({bti}Mi=1) for all the images {xi}Mi=1 (text
{yi}Ni=1) in the retrieval set using the HEI module.
When given a query image xq (text yq), we also
use HEI module map it into a hash code bvq (btq),
and calculate the Hamming distances between bvq
(btq) and each code in {bti}Mi=1 ({bvi }Ni=1). Then,
we sort the texts (images) in the retrieval set in as-
cending order according to the Hamming distances,
and select a few of the top texts (images) as the
candidate set. Finally, we only need to do the fine-
grained matching in the candidate set to find the
matching datapoints.

4 Experiments

4.1 Datasets
We evaluate the performance of the proposed HEI
module on two public used datasets: Flickr30K
(Plummer et al., 2015) and MS-COCO (Lin et al.,
2014). Specifically, Flickr30k contains 31783 im-
ages collected from the Flickr website. Each image
is accompanied with five human annotated sen-
tences descriptions. Following the setting of pre-
vious works (Wang et al., 2019; Liu et al., 2020),
this dataset is split into 29,000 images, 1,000 im-
ages, and 1,000 images for training set, validation
set, and testing set respectively. We report the
performance evaluation of image-text retrieval on
1000 testing set. MS-COCO is another large-scale
image-caption benchmark which consists of about
123,287 images with each image also roughly an-
notated with five sentence descriptions. Following
the widely used split (Karpathy et al., 2014; Chen
et al., 2020), we use 113,287 images for training,
1000 images for validation and 5000 images for
testing. Moreover, we evaluate our method on both
the 5 folds of 1K test images and the full 5K test
images for MS-COCO.
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Method
Text Retrieval Image Retrieval

R@1 R@5 R@10 Time(s) R@1 R@2 R@10 Time(s)
BFAN (Liu et al., 2019) 0.692 0.914 0.962 76.72 0.500 0.772 0.848 31.29

BFAN-random 0.582 0.814 0.883 37.00 0.291 0.419 0.451 17.00
BFAN-HEI 0.692 0.912 0.962 22.31 0.499 0.772 0.846 11.38

CAMP (Wang et al., 2019) 0.675 0.914 0.954 568.57 0.527 0.787 0.850 514.52
CAMP-random 0.599 0.823 0.873 295.61 0.318 0.436 0.461 280.06

CAMP-HEI 0.676 0.909 0.950 168.15 0.526 0.782 0.844 166.21
IMRAN (Chen et al., 2020) 0.710 0.920 0.963 1858.82 0.531 0.799 0.862 692.16

IMRAN-radom 0.594 0.842 0.892 956.44 0.314 o.432 0.465 353.75
IMRAN-HEI 0.710 0.920 0.964 574.93 0.532 0.797 0.858 219.72

GSMN (Liu et al., 2020) 0.733 0.918 0.964 518.32 0.524 0.792 0.863 146.70
GSMN-random 0.611 0.839 0.890 149.65 0.302 0.426 0.458 72.37

GSMN-HEI 0.734 0.919 0.967 99.30 0.524 0.790 0.860 51.02

Table 1: Comparison in terms of R@N scores and time cost of two retrieval tasks on Flickr30K

Method
Text Retrieval Image Retrieval

R@1 R@5 R@10 Time(s) R@1 R@2 R@10 Time(s)
BFAN (Liu et al., 2019) 0.753 0.961 0.989 62.84 0.610 0.896 0.954 32.45

BFAN-random 0.657 0.899 0.930 29.87 0.361 0.486 0.502 16.15
BFAN-HEI 0.753 0.962 0.989 18.21 0.610 0.896 0.953 12.24

CAMP (Wang et al., 2019) 0.711 0.953 0.977 567.86 0.581 0.882 0.948 515.18
CAMP-random 0.648 0.890 0.935 302.29 0.340 0.469 0.486 284.65

CAMP-HEI 0.713 0.953 0.977 169.24 0.580 0.882 0.946 168.39
IMRAN (Chen et al., 2020) 0.784 0.964 0.991 1808.01 0.644 0.912 0.960 662.59

IMRAN-random 0.688 0.904 0.935 868.64 0.370 0.484 0.496 332.95
IMRAN-HEI 0.784 0.964 0.991 504.64 0.644 0.912 0.960 215.15

GSMN (Liu et al., 2020) 0.758 0.960 0.992 465.75 0.607 0.897 0.955 205.89
GSMN-random 0.658 0.903 0.946 120.56 0.302 0.426 0.458 99.23

GSMN-HEI 0.758 0.960 0.992 80.38 0.607 0.894 0.953 70.69

Table 2: Comparison in terms of R@N scores and time cost of two retrieval tasks on MS-COCO 1K

4.2 Evaluation

Following the setting in (Chen et al., 2020; Liu
et al., 2020), we evaluate the performance of our
proposed approach by reporting Recall@K (K =
1, 5, 10) values for bi-directional matching tasks,
i.e. matching texts given an image query (Text Re-
trieval) and matching images given a text query
(Image Retrieval). The Recall computes the propor-
tion of correct image or text being retrieved among
top K results. In addition, we also record the infer-
ence time in seconds to evaluate the efficiency of
our proposed HEI.

4.3 Baselines

To evaluate the performance of our proposed HEI,
some state-of-the-art attention mechanism based

image-text matching methods are selected as our
baselines, including BFAN (Liu et al., 2019),
CAMP (Wang et al., 2019), IMRAN (Chen et al.,
2020) and GSMN (Liu et al., 2020). It should be
noted that the proposed HEI focuses on explor-
ing a novel and efficient hashing based efficient
inference module that can be universally plugged
into existing attention mechanism based image-text
methods to speed up the inference speed rather than
redesigning a new cross-modal attention mecha-
nism to improve their matching performance.

4.4 Implementation Details

All our experiments are implemented in PyTorch
and conducted on a NVIDIA Tesla V100 GPU. For
representing visual modality, the amount of regions
in each image is m = 36, and the dimensionality
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Method
Text Retrieval Image Retrieval

R@1 R@5 R@10 Time(s) R@1 R@2 R@10 Time(s)
BFAN 0.499 0.795 0.888 9461.96 0.369 0.657 0.772 3797.68

BFAN-random 0.426 0.705 0.807 5521.66 0.231 0.381 0.428 2903.52
BFAN-HEI 0.496 0.791 0.884 3355.99 0.369 0.657 0.772 2177.12

CAMP 0.433 0.751 0.863 18646.21 0.324 0.633 0.753 16344.43
CAMP-random 0.361 0.661 0.763 11515.34 0.211 0.373 0.423 9615.76

CAMP-HEI 0.434 0.750 0.862 8198.13 0.323 0.632 0.751 6277.92
IMRAN 0.525 0.812 0.898 39030.95 0.391 0.684 0.795 16877.68

IMRAN-random 0.447 0.721 0.814 19423.71 0.244 0.390 0.435 8505.07
IMRAN-HEI 0.525 0.813 0.898 8265.47 0.390 0.683 0.794 3315.97

GSMN 0.494 0.793 0.888 25261.93 0.359 0.655 0.769 12226.86
GSMN-random 0.414 0.696 0.795 6453.45 0.229 0.383 0.435 7461.81

GSMN-HEI 0.493 0.793 0.888 3561.13 0.359 0.654 0.767 4607.29

Table 3: Comparison in terms of R@N scores and time cost of two retrieval tasks on MS-COCO 5K

of the final region representation vectors is set as
1024. Moreover, the dimensionality of hidden state

(i.e.,
−→
hji and

←−
hji in Formula (2)) in the GRU is also

set as 1024. The length of hash codes is set as 64.
In the training phase, we first train the base cross-
modal attention module for 20 epochs, then train
the HEI module jointly. We adopt SGD with a mini-
batch size of 128 and a learning rate within 10−2

to 10−3 to optimize the HEI modul. The optimiza-
tion algorithm for the base cross-modal attention
module is the same with the ones defined in the
original method, for example, when plugging HEI
module into GSMN, the optimization algorithm for
cross-modal attention module is Adam.

4.5 Main results

We conduct extensive experiments on Flickr30K
and MS-COCO. The image-text matching results
on Flickr30K, MS-COCO dataset with 1K test
points and 5K test points are shown in Table 1,
2 and 3, respectively. ”method”-HEI denotes the
method using the proposed HEI module, for exam-
ple, BFAN-HEI means plugging HEI into BFAN to
speed up the inference speed. Similarly, ”method”-
random denotes randomly selecting 50% datapoints
from retrieval set as the candidate set to speed up
the inference speed of the method.

Based on the results shown in these tables, the
following observations can be got: (1) our proposed
HEI module can greatly improve the matching effi-
ciency of all the four baselines almost without re-
ducing the matching performance, and even slightly
improve the performance of some baselines. For

example, as shown in Table 1, comparing GSMN-
HEI with GSMN, GSMN-HEI achieves an increase
of 0.1% on the R@1 metric in the text retrieval
task, and greatly reduces the inference time from
518.32 seconds to 99.30 seconds. The reason why
plugging the HEI module can slightly improve the
performance maybe that for some query, there are
some false positive datapoints which can misguide
the image-text model, but the Hamming distance
between the hash codes of queries and the ones of
false positive datapoints are large, i.e., the false pos-
itive datapoints will not be selected as the candidate
points. Thus, without the effect of the false posi-
tive datapoints, the image-text model can find the
matching points successfully and improve the re-
trieval performance. (2) The proposed HEI module
can map datapoints into hash codes with the orig-
inal heterologous matching relationship coarsely
preserved. For instance, as shown in Table 1, 2 and
3, all the methods with the proposed HEI module
achieve not only better performance than the meth-
ods with the randomly selected candidate, but also
lower inference time. It means that the number of
datapoints in the candidate set selected by our pro-
posed HEI module is smaller but the possibility of
the candidate set containing the matching datapoint
is higher.

4.6 Discussion
4.6.1 Ablation study
To further investigate the impact of the length of
hash codes, we construct there variants of HEI mod-
ule with code length being 16, 32, and 128 bits with
two baselines on Flickr30K, respectively. The re-
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Method
Text Retrieval Image Retrieval

R@1 R@5 R@10 Time(s) R@1 R@2 R@10 Time(s)
BFAN-HEI16bits 0.687 0.903 0.958 20.85 0.485 0.742 0.810 11.02
BFAN-HEI32bits 0.685 0.907 0.957 21.03 0.498 0.765 0.838 11.17
BFAN-HEI128bits 0.690 0.913 0.961 21.46 0.500 0.771 0.846 11.55

BFAN-HEI 0.692 0.912 0.962 21.31 0.499 0.772 0.846 11.38
GSMN-HEI16bits 0.719 0.911 0.956 99.13 0.506 0.756 0.821 50.84
GSMN-HEI32bits 0.731 0.916 0.966 99.22 0.519 0.779 0.847 50.92
GSMN-HEI128bits 0.734 0.919 0.965 99.51 0.520 0.788 0.855 51.23

GSMN-HEI 0.734 0.919 0.967 99.31 0.524 0.790 0.860 51.02

Table 4: Comparison in terms of R@N scores and time cost of two retrieval tasks on Flickr30K
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Figure 2: The Figure 2(a) and (b) denotes the results of
BFAN-HEI on MS-COCO(5k) in text retrieval task and
image retrieval task, respectively. Moreover, in each
figure, the axis X denotes selecting how much percent-
age of points in the retrieval set as candidate set, and
the axis Y for the red line is in the left which is the
value of R@1, and the axis Y for the blue line is in
the right which denotes the inference time taken for the
transaction in seconds.

sults are shown in Table 4. From these results, it
can be found: (1) The length of hash codes rarely in-
fluence the inference time that each baseline with a
different hash code length of HEI consumes nearly
the same inference time. This is because that the
speed of the “XOR” operation between hash codes
is far faster than the ones of the cross-modal atten-
tion mechanism. Thus, it implicitly demonstrates
the availability of speeding up the inference speed
of baselines by using the proposed HEI to fast se-
lect the candidate set. (2) The matching perfor-
mance first increases as the hash code length varies
from 16 to 64, and then tend to be stable when the
length varies from 64 to 128. Thus, for the other
experiments, the hash code length is set as 64.

4.6.2 Efficiency and performance
We also conduct experiments to further investi-
gate the trade-off between inference efficiency and
matching performance.

As the results shown in Figure 2, with the size
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Figure 3: Compare the inference time of BFAN and the
one of BFAN-HEI in large retrieval set under the con-
dition that BFAN-HEI achieves the same performance
of BDAN

of candidate increasing, the matching performance
of BFAN-HEI (the red lines) increase rapidly and
then tend to stable, and BFAN-HEI consumes more
inference time (the blue lines). It can be found
that when selecting only 20% of datapoints in the
retrieval set as the candidate set by the proposed
HEI module, BFAN-HEI can already achieve the
best performance, and greatly reduce the inference
time. Thus, it demonstrates the effectiveness of our
proposed HEI module.

4.6.3 Scalability for the large retrieval set

To further investigate the scalability of the pro-
posed HEI module for the large retrieval set, when
doing experiments on the MS-COCO (1K) with
the BFAN baseline, we directly use training data
to expand the data volume of the retrieval set. The
curves of inference time w.r.t. the volume of re-
trieval set are shown in Figure 3. It can be found
that with volume of the retrieval set increasing, our
proposed HEI module can still be used to speed up
the inference speed without reducing the matching
performance, which demonstrates the scalability of
our proposed HEI module for large retrieval sets.
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5 Conclusion

In this paper, we have proposed a novel Hashing
based Efficient module, called HEI, which can
be plugged into the existing image-text matching
methods to speed up the inference step without
reducing the matching performance. Extensive
experiments on two widely used benchmark MS-
COCO and Flickr30k with four baseline methods
demonstrate the efficiency and effectiveness of our
proposed HEI module.
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cehre, Dzmitry Bahdanau, Fethi Bougares, Holger
Schwenk, and Yoshua Bengio. 2014. Learning
phrase representations using rnn encoder-decoder
for statistical machine translation. arXiv preprint
arXiv:1406.1078.

Fartash Faghri, David J Fleet, Jamie Ryan Kiros, and
Sanja Fidler. 2017. Vse++: Improving visual-
semantic embeddings with hard negatives. arXiv
preprint arXiv:1707.05612.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian
Sun. 2016. Deep residual learning for image recog-
nition. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 770–
778.

Hengtong Hu, Lingxi Xie, Richang Hong, and Qi Tian.
2020. Creating something from nothing: Unsuper-
vised knowledge distillation for cross-modal hash-
ing. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages
3123–3132.

Andrej Karpathy and Li Fei-Fei. 2015. Deep visual-
semantic alignments for generating image descrip-
tions. In Proceedings of the IEEE conference
on computer vision and pattern recognition, pages
3128–3137.

Andrej Karpathy, Armand Joulin, and Li F Fei-Fei.
2014. Deep fragment embeddings for bidirectional
image sentence mapping. Advances in neural infor-
mation processing systems, 27:1889–1897.

Ryan Kiros, Ruslan Salakhutdinov, and Richard S
Zemel. 2014. Unifying visual-semantic embeddings
with multimodal neural language models. arXiv
preprint arXiv:1411.2539.

Ranjay Krishna, Yuke Zhu, Oliver Groth, Justin John-
son, Kenji Hata, Joshua Kravitz, Stephanie Chen,
Yannis Kalantidis, Li-Jia Li, David A Shamma, et al.
2017. Visual genome: Connecting language and vi-
sion using crowdsourced dense image annotations.
International journal of computer vision, 123(1):32–
73.

Kuang-Huei Lee, Xi Chen, Gang Hua, Houdong Hu,
and Xiaodong He. 2018. Stacked cross attention
for image-text matching. In Proceedings of the
European Conference on Computer Vision (ECCV),
pages 201–216.

Qiubin Lin, Wenming Cao, Zhihai He, and Zhiquan He.
2020. Semantic deep cross-modal hashing. Neuro-
computing.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James
Hays, Pietro Perona, Deva Ramanan, Piotr Dollár,
and C Lawrence Zitnick. 2014. Microsoft coco:
Common objects in context. In European confer-
ence on computer vision, pages 740–755. Springer.

Chunxiao Liu, Zhendong Mao, An-An Liu, Tianzhu
Zhang, Bin Wang, and Yongdong Zhang. 2019. Fo-
cus your attention: A bidirectional focal attention
network for image-text matching. In Proceedings of
the 27th ACM International Conference on Multime-
dia, pages 3–11.

Chunxiao Liu, Zhendong Mao, Tianzhu Zhang, Hong-
tao Xie, Bin Wang, and Yongdong Zhang. 2020.
Graph structured network for image-text matching.
In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages
10921–10930.

Zhenxing Niu, Mo Zhou, Le Wang, Xinbo Gao, and
Gang Hua. 2017. Hierarchical multimodal lstm for
dense visual-semantic embedding. In Proceedings
of the IEEE International Conference on Computer
Vision, pages 1881–1889.

751



Bryan A Plummer, Arun Mallya, Christopher M Cer-
vantes, Julia Hockenmaier, and Svetlana Lazebnik.
2017. Phrase localization and visual relationship
detection with comprehensive image-language cues.
In Proceedings of the IEEE International Confer-
ence on Computer Vision, pages 1928–1937.

Bryan A Plummer, Liwei Wang, Chris M Cervantes,
Juan C Caicedo, Julia Hockenmaier, and Svetlana
Lazebnik. 2015. Flickr30k entities: Collecting
region-to-phrase correspondences for richer image-
to-sentence models. In Proceedings of the IEEE
international conference on computer vision, pages
2641–2649.

Shaoqing Ren, Kaiming He, Ross Girshick, and Jian
Sun. 2016. Faster r-cnn: Towards real-time ob-
ject detection with region proposal networks. IEEE
transactions on pattern analysis and machine intelli-
gence, 39(6):1137–1149.

Yufeng Shi, Xinge You, Feng Zheng, Shuo Wang, and
Qinmu Peng. 2019. Equally-guided discriminative
hashing for cross-modal retrieval. In IJCAI, pages
4767–4773.

Shupeng Su, Zhisheng Zhong, and Chao Zhang. 2019.
Deep joint-semantics reconstructing hashing for
large-scale unsupervised cross-modal retrieval. In
Proceedings of the IEEE International Conference
on Computer Vision, pages 3027–3035.

Rong-Cheng Tu, Xian-Ling Mao, Bing Ma, Yong Hu,
Tan Yan, Wei Wei, and Heyan Huang. 2020. Deep
cross-modal hashing with hashing functions and uni-
fied hash codes jointly learning. IEEE Transactions
on Knowledge and Data Engineering.

Jingwen Wang, Wenhao Jiang, Lin Ma, Wei Liu, and
Yong Xu. 2018. Bidirectional attentive fusion with
context gating for dense video captioning. In Pro-
ceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition, pages 7190–7198.

Liwei Wang, Yin Li, and Svetlana Lazebnik. 2016.
Learning deep structure-preserving image-text em-
beddings. In Proceedings of the IEEE conference
on computer vision and pattern recognition, pages
5005–5013.

Zihao Wang, Xihui Liu, Hongsheng Li, Lu Sheng,
Junjie Yan, Xiaogang Wang, and Jing Shao. 2019.
Camp: Cross-modal adaptive message passing for
text-image retrieval. In Proceedings of the IEEE In-
ternational Conference on Computer Vision, pages
5764–5773.

Wei Zhang, Bairui Wang, Lin Ma, and Wei Liu. 2019.
Reconstruct and represent video contents for cap-
tioning via reinforcement learning. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence.

Ying Zhang and Huchuan Lu. 2018. Deep cross-modal
projection learning for image-text matching. In Pro-
ceedings of the European Conference on Computer
Vision (ECCV), pages 686–701.

Zhedong Zheng, Liang Zheng, Michael Garrett,
Yi Yang, Mingliang Xu, and Yi-Dong Shen. 2020.
Dual-path convolutional image-text embeddings
with instance loss. ACM Transactions on Multime-
dia Computing, Communications, and Applications
(TOMM), 16(2):1–23.

752



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 753–760
August 1–6, 2021. ©2021 Association for Computational Linguistics

Can the Transformer Learn Nested Recursion with Symbol Masking?

Jean-Philippe Bernardy Adam Ek Vladislav Maraev
Centre for Linguistic Theory and Studies in Probability

Department of Philosophy, Linguistics and Theory of Science
University of Gothenburg

firstname.lastname@gu.se

Abstract

We investigate if, given a simple symbol mask-
ing strategy, self-attention models are capable
of learning nested structures and generalise
over their depth. We do so in the simplest set-
ting possible, namely languages consisting of
nested parentheses of several kinds. We use
encoder-only models, which we train to pre-
dict randomly masked symbols, in a BERT-
like fashion. We find that the accuracy is well
above random baseline, with accuracy consis-
tently above 50% both when increasing nest-
ing depth and distances between training and
testing. However, we find that the predic-
tions made correspond to a simple parenthesis
counting strategy, rather than a push-down au-
tomaton. This suggests that self-attention mod-
els are not suitable for tasks which require gen-
eralisation to more complex instances of recur-
sive structures than those found in the training
set.

1 Introduction

Self-attention models (Vaswani et al., 2017) enjoy
broad use in NLP tasks. The best attention-based
models can tackle several tasks using a unified sen-
tence encoding (and perhaps decoding) module
(Raffel et al., 2020), with applications ranging from
classification to inference and generation. They
provide state of the art results for all such tasks,
displacing the already very successful recurrent
neural networks, in particular the LSTM and its
variants. The availability of large pretrained mod-
els (Devlin et al., 2019) is another strong point in
their favour.

However, the generalisation capabilities of self-
attention models are still not well understood, and
the present work is part of an ongoing effort to un-
derstand their capabilities. We study in particular
their ability to learn context-free languages, which
are characterised by the nested structures. For this

purpose, we control the inputs to the model to the
maximum, while focusing on the defining charac-
teristic of context-free languages, namely matching
opening and closing brackets. This corresponds
to learning generalised Dyck languages (see table
2). In particular, we investigate the following ques-
tions:

1. Can self-attention generalise to matching
open/close parenthesis at longer distances?

2. Can self-attention generalise to matching
open/close parenthesis at deeper nesting levels
distances?

There is a already a small body of work dealing
with this question (see sec. 5), but our contribu-
tion is specific in the following two respects: i)
We use the popular BERT-like training regime (pre-
dict a percentage of randomly masked tokens), ii)
We concentrate on generalising to (much) deeper
nesting.

Beyond theoretical considerations, matching
brackets have applications in the NLP-style treat-
ment of constructed languages (in particular) pro-
gramming languages, for example translating be-
tween programs and their natural language descrip-
tions.

2 Data Sets

We define the languageDn as the set of strings gen-
erated by the following context-free rules: E ::=
ε;E ::= EE;E ::= oEc, where (o, c) stands for
a pair of matching parenthesis pairs. The index n
stands for the number of possible pairs. In all of
our tests, we will use n = 5 (corresponding for
example to the pairs () , [], {}, <> and «»), and
thus we drop the subscript from now on.

We are interested in various characteristics of
the strings of D. First, we consider the dis-
tance between a closing parenthesis and the cor-
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responding opening parenthesis. Given a string
s of length 2N (N is the number of matching
pairs), we will call δ(s) an array of length 2N
such that if si is a closing parenthesis, δ(s)i is
the distance between si and the closing parenthe-
sis. If si is an opening parenthesis, δ(s)i is 0.
For example, if s =“{()<[](«»)>}”, δ(s) =
[0, 0, 1, 0, 0, 1, 0, 0, 1, 3, 9, 11]. The second charac-
teristic that we consider is the amount of nesting
between closing and opening parentheses. We call
this characteristic η(s), and likewise we define it
for each closing parenthesis, and let it be zero for
opening parentheses.

For example, if s =“{()<[](«»)>}”, η(s) =
[0, 0, 1, 0, 0, 1, 0, 0, 1, 2, 3, 4].

To generate a string with N matching pairs, we
perform a random walk between opposite corners
of a square grid of width and height N , such that
one is not allowed to cross the diagonal. When
not restricted by the boundary, a step can be taken
either along the x or y axis with equal probabil-
ity. A step along the x axis corresponds to open a
parenthesis, and one along the y axis corresponds
to closing one. The kind of parenthesis pair is
chosen randomly and uniformly. We call the distri-
bution of input strings sampled by this procedure
D. In all our experiments we set N = 10 (which is
enough to illlustrate our points) and we thus omit
the superscript in what follows.

We also want control the maximum distance be-
tween opening and closing parentheses (so that
we never train on too long distances). We do so
by discarding elements s of D such that δ(s)i >
d for some i, and call the resulting distribution
D[MaxDist = d].

Often we want to control the maximum depth
that our model is trained or tested on. For this pur-
pose, we generate strings s which exhibit at least
one index i such that η(s)i = d, but no index j such
that η(s)j > d. These paths can be generated by
constraining the path on the grid to touch a diagonal
at distance d to the origin diagonal, and we call the
corresponding distribution D[MaxDepth = d].

3 Model and masking strategy

We implement a variation of the transformer model
as introduced by (Vaswani et al., 2017). In the
model each input symbol is associated with a vector
embedding of size K. A sequence of opening and
closing brackets is represented by a matrix of size
(N,K).

Following Devlin et al. (2019), our model then
applies a series of multi-head self-attention layers
organised in a hierarchical structure, such that the
second layer operates on the representations gener-
ated in the first layer, and so on. We use a BERT-
like, non auto-regressive architecture: each layer
attends to every position in the input, including
itself. Then a softmax classifier is employed to pre-
dict the symbol at the current position. Hence, we
use a masking strategy to train and test the model
(otherwise it could simply use the current symbol
for prediction).

For training, we follow the masking strategy pre-
sented by Devlin et al. (2019). We mask 15% of
the closing parenthesis tokens at random, where in
80% of the cases we replace the token with a mask
token, in 10% of the cases with a random token,
and in the remaining 10% of the cases we replace
it with the same token.

For testing, after sampling a string s, we pick a
random position i such that si is a closing paren-
thesis. Then we mask all subsequent symbols, and
let the model predict si. There is a single possible
closing parenthesis type for si, corresponding to
the opening parenthesis found earlier in the string.
The prediction is considered successful if the model
predicts the right type of closing parenthesis.

4 Experiments & Results

Our experiments consists in training the language
model for a limited version of the Dyck family (for
example by limiting nesting depth (η) or maximum
distance (δ)), and testing what the performance is
in a more general case. Thus, because there are five
types of parenthesis pairs in all our experiments,
the random baseline is 1

5 = 20%.

4.1 Generalisation to Longer Distances

In the first experiment we investigate whether the
model is capable of predicting closing parenthe-
sis at long distance from the corresponding open-
ing parentheses, whereas it has only seen short-
distances in the training data. More precisely, we
train the model on strings from D[MaxDist = 9]
and test it on D[MaxDist = 19].

We present an overview of the results in table 1.
Our experiments show that the (2 layers, 8 heads)
model generalises the best. Using fewer heads
appears to be more detrimental to the model’s ac-
curacy than the number of layers. This is true even
though the (8,2) model has many more parameters
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Table 1: Mean accuracy and standard deviation over
10 runs on generalisation to longer distances for each
model configuration.

Layers Heads Accuracy
4 4 0.814(± 0.013)
8 2 0.643(± 0.005)
2 8 0.844(± 0.008)

than the (2,8) model (see appendix).
The aggregated numbers however hide much of

the reality of the generalisation capabilities as a
function of distance. Therefore we further break
down the accuracy by distance to the correspond-
ing opening parenthesis in figure 1. The (8,2)
model fails to learn parenthesis matching at short
distances, but its accuracy is better for longer dis-
tances. In contrast the (4,4) and (2,8) models do
well for adjacent parentheses, but their accuracy
drops quickly until reaching a minimum at distance
13, dipping below 50% accuracy —however still
above chance. Perhaps surprisingly, all models do
very well at very long distances. These very long
distances correspond to matching parentheses at
the beginning of the input with parentheses at the
end (that is, when we mask the fewest number of
input symbols).

0.4

0.5

0.6

0.7

0.8

0.9

1

1 3 5 7 9 11 13 15 17 19
Distance

(4,4)
(8,2)
(2,8)

Figure 1: Mean model accuracy for closing parenthe-
sis depending on a distance to corresponding opening
parenthesis, over 10 runs. Shaded areas correspond to
standard deviation.

4.2 Generalisation to Deeper Nesting

In the second experiment we test whether the model
can generalise to deeper nesting depths. That is, we
train the model on D[MaxDepth = 3] and test it
on D[MaxDepth = 9]

Table 2: Mean accuracy and standard deviation over 10
runs on generalisation to deeper nesting for each model
configuration.

Layers Heads Accuracy
4 4 0.654(± 0.012)
8 2 0.518(± 0.005)
2 8 0.672(± 0.008)

We present an overview of the results in table
2. Looking at the results we see a similar pattern
in terms of aggregated accuracy as in the previous
experiment: the (2,8) setup performs the best, fol-
lowed by (4,4) and finally (8,2). Breaking down
accuracy by nesting depth (figure 2) reveals that the
difference resides chiefly in the (8,2) model failing
to predict shallow nesting.
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Figure 2: Mean model accuracy for closing parenthe-
sis depending on a distance to corresponding opening
parenthesis over 10 runs. Shaded areas correspond to
standard deviation.

4.3 Analysis of attention heads
We have analysed attention heads by manual inspec-
tion of softmax score for attention heads for each
layer, on several sequence from our training set
(see Appendix for the corresponding heat maps).

Looking at the behaviour of the attention heads
we note that the first layer in the (2,8) and (4,4)
models focuses its attention on the previous sym-
bol. Then, in the final layer of the (2,8) model the
attention of the start of the sequence focuses on the
end, and vice-versa.

In the (4,4) model, the second layer appears to of-
ten focus on the non-masked symbols while in the
third layer the attention is distributed more evenly
between masked and non-masked symbols. A no-
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table feature of the third layer is that a lot of self-
attention occurs on the masked symbols. In the
final layer, the attention of all symbols is put al-
most exclusively on the masked symbols.

The (8,2) model is the only model which does
not have a clear layer that looks at the preceding
token. It appears that in the (8,2) model, the earlier
layers focus their attention on the beginning of the
sequence, then it moves towards the latter part of
the sequence. The heat maps also show that the
(8,2) model focuses heavily on certain symbols,
which are the least frequent symbols used in the
sequence, for later layers. In earlier layers the
model appears to focus on the frequent symbols.
This analysis is compatible with the (8,2) model
using a symbol counting method.

In summary, the (4,4) model appears to first look
at the previous symbol in the sequence. There are
two steps of searching where first the model ignores
the masked symbols and distributes the attention
over the other symbols. In the second step, the
model again focuses all around the sequence, but
the masked symbols receive a lot of attention. For
the (2,8) model, the behaviour is more straightfor-
ward. First it looks at the previous symbol, then all
around the sequence. To the best of our knowledge,
the (8,2) model is counting symbols by distributing
its attention on frequent and less frequent symbols.

5 Related work

Studying the ability of language models to learn
Dyck languages is emerging as a standard way to
test the ability to generalise to deeper nesting lev-
els. Before self-attention, this test was applied to
RNNs. Bernardy (2018) proposed non-standard
stack-based RNN models, which can approach per-
fect accuracy for generalised Dyck-language, al-
though the accuracy of standard RNNs was higher
than random but far from perfect. Hewitt et al.
(2020) presented a theoretical proof that RNNs are
able to learn Dyck languages with maximum nest-
ing depth m using O(m) memory. Sennhauser and
Berwick (2018) present contrasting evidence, con-
cluding that LSTMs can learn very limited range
of rules.

A number of studies have considered self-
attention models, especially in the past year.
Ebrahimi et al. (2020) investigated self-attention
models using Dyck languages, and claimed that
self-attention models with a starting symbol are
able to generalise to longer sequences and deeper

structures without learning recursion, as compet-
itive LSTM models do. In contrast to us, they
studied models trained autoregressively only. Bhat-
tamishra et al. (2020) studies how autoregressive
Transformer architecture learns a subset of formal
languages, including Dyck language and its gener-
alisations. In contrast to our study, they examine
Shuffle-Dyck languages, which allows construc-
tions like “([)]” and provide theoretical and ex-
perimental evidence that the Transformer is capa-
ble of learning such a language. On the other hand,
Hahn (2020) points at the limitation of using self-
attention models. He indicates that in theory the
LSTM should perform better than the autoregres-
sive Transformer, because the transformer cannot
emulate a stack, general finite-state automata, or
use recursion.

6 Conclusion and future work

Our experiments show that, with a random mask-
ing strategy, the transformer is able to discover a
way to make good predictions when generalising to
longer distances and deeper nesting. However, this
strategy is not using the history of opening and clos-
ing parentheses in a way a push-down automaton
would.

Indeed, the analysis reveals that the best ac-
curacy is obtained when few symbols have been
masked. This can be explained by the model hav-
ing learned a counting strategy. When a single
symbol is masked, predicting the kind of missing
parenthesis can be done by subtracting the num-
ber of closing parentheses by the number of open-
ing parentheses for each type, and predict the type
which exhibits a discrepancy. For short distances
our (2,8) and (4,4) models were able to learn to
remember preceding symbols and act accordingly.
We suspect that for intermediate levels of nesting
and distance, the models act according to a mixture
of the above two strategies.

In consequence, we recommend not to use a
BERT-like masking strategy for applications where
generalising to longer distances or deeper nesting
is critical. Rather, auto-regressive models should
be used, such as auto-regressive attention or RNNs.
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A Experimental setup and
reproducibility information

Our implementation is based on pytorch, with a
custom re-implementation of the transformer archi-
tecture, exactly following (Vaswani et al., 2017).
The runtime is under one day for the whole set of
experiments using a Titan X (Pascal) GPU.

The hyperparameters we use are listed in table
3.

Table 3: Hyperparameters used and the number of data
examples used.

Parameter Value
Optimiser Adam
Learning rate 0.0001
Epochs 10
Batch size 512
Training examples 102400
Validation examples 20480

In our experiments we consider three different
transformer architectures, corresponding to dif-
ferent values for the number of multi-head self-
attention layers, and the size of the heads. Specifi-
cally, we considers the setups presented in section
4

Table 4: Model configurations and the number of pa-
rameters in each configuration

Layers Heads Parameters
8 2 897 292
4 4 1 191 820
2 8 1 781 452

In each case, we have used 64-dimensional em-
beddings throughout the models.

B Attention heat-maps
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Figure 3: Attention heatsmaps for the model with 4 heads and 4 layers on the input +-+<[+[([()])]-]>-.
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Figure 4: Attention heatsmaps for the model with 2 heads and 8 layers on the input +-+<[+[([()])]-]>-.
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Figure 5: Attention heatsmaps for the model with 8 heads and 2 layers on the input +-+<[+[([()])]-]>-.
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Abstract

Automated predictions require explanations to
be interpretable by humans. One type of ex-
planation is a rationale, i.e., a selection of in-
put features such as relevant text snippets from
which the model computes the outcome. How-
ever, a single overall selection does not pro-
vide a complete explanation, e.g., weighing
several aspects for decisions. To this end, we
present a novel self-interpretable model called
ConRAT. Inspired by how human explanations
for high-level decisions are often based on key
concepts, ConRAT extracts a set of text snip-
pets as concepts and infers which ones are de-
scribed in the document. Then, it explains the
outcome with a linear aggregation of concepts.
Two regularizers drive ConRAT to build in-
terpretable concepts. In addition, we propose
two techniques to boost the rationale and pre-
dictive performance further. Experiments on
both single- and multi-aspect sentiment classi-
fication tasks show that ConRAT is the first to
generate concepts that align with human ratio-
nalization while using only the overall label.
Further, it outperforms state-of-the-art meth-
ods trained on each aspect label independently.

1 Introduction

Neural models have become the standard for many
tasks, owing to their large performance gains.
However, their adoption in decision-critical fields
is more limited because of their lack of inter-
pretability, particularly with textual data.

One of the simplest means of explaining predic-
tions of complex models is by selecting relevant
input features. Attention mechanisms (Bahdanau
et al., 2015) model the selection using a condi-
tional importance distribution over the inputs, but
the resulting explanations are noisy (Jain and Wal-
lace, 2019; Pruthi et al., 2020). Multi-head at-
tention (Vaswani et al., 2017) extends attention
mechanisms to attend information from different

Document Overall Aspect Label: Positive

ConRAT

The pour is a hazy straw color with
an initially fluffy white head that […].
An amazingly funky and tart aroma is
present immediately. Lots of […]. The
tartness is bright and green, lots of
lemons and apples. The body is
somewhat light and crisp, with a
great level of effervescence and slight
dryness. This is an absolutely
fantastic beer. I would drink this […]

Concept 1: Mouthfeel

Concept 2: Aroma

Concept 3: Appearance

Concept 4: Taste

Concept 5: Overall

PositivePrediction

Explanation

The pour is a hazy straw color with an initially fluffy

white head that […]. An amazingly funky and tart

aroma is present immediately. Lots of […]. The

tartness is bright and green, lots of lemons and

apples. The body is somewhat light and crisp, with a

great level of effervescence and slight dryness. This

is an absolutely fantastic beer. I would drink this […]

Figure 1: An illustration of ConRAT. Given a beer re-
view, ConRAT identifies five excerpts that relate to par-
ticular concepts of beers (i.e., the explanation), de-
picted in color, from which it computes the outcome.

perspectives jointly. However, no explicit mecha-
nisms guarantee a logical connection between dif-
ferent views (Voita et al., 2019; Kovaleva et al.,
2019). Another line of research includes rationale
generation methods (Lei et al., 2016; Chang et al.,
2020; Antognini et al., 2021b). If the selected text
input features are short and concise – called a ra-
tionale – and suffice on their own to yield the
prediction, it can potentially be understood and
verified against domain knowledge (Chang et al.,
2019).

The key motivation for this work arises from the
limitations of rationales. Rationalization models
strive for one overall selection to explain the out-
come by maximizing the mutual information be-
tween the rationale and the label. However, useful
rationales can be multi-faceted, where each facet
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relates to a particular “concept” (see Figure 1). For
example, users typically justify their opinions of a
product by weighing explanations: one for each
aspect they care about (Musat and Faltings, 2015).

Inspired by how human reasoning comprises
concept-based thinking (Armstrong et al., 1983;
Tenenbaum, 1999), we aim to discover, in an un-
supervised manner, a set of concepts to explain
the outcome with a weighted average, similar to
multi-head attention. In this work, we relate con-
cepts to semantically meaningful and consistent
excerpts across multiple texts. Unlike topic mod-
eling, where documents are described by a set of
latent topics comprising word distributions, our la-
tent concepts relate to text snippets that are rele-
vant for the prediction.

Another motivation for this study is to gener-
ate interpretable concepts. The explanation of an
outcome should rely on concepts that satisfy
the desiderata introduced in Alvarez-Melis and
Jaakkola (2018). They should 1. preserve relevant
information, 2. not overlap with each other and be
diverse, and 3. be human-understandable. Figure 1
shows an example of concepts in the beer domain.

In this work, we present a novel self-explaining
neural model: the concept-based rationalizer
(ConRAT) (see Figure 1 and 2). Our new rational-
ization scheme first identifies a set of concepts in
a document and then decides which ones are cur-
rently described (binary selection). ConRAT ex-
plains the prediction with a linear aggregation of
concepts. The model is trained end-to-end, and the
concepts are learned in an unsupervised manner.
In addition, we design two regularizers that guide
ConRAT to induce interpretable concepts and pro-
pose two optional techniques, knowledge distilla-
tion and concept pruning, in order to boost the per-
formance further.

We evaluate ConRAT on both single- and multi-
aspect sentiment classification with up to five tar-
get labels. Upon training ConRAT only on the
overall aspect, the results show that ConRAT gen-
erates concepts that are relevant, diverse, and non-
overlapping, and they also recover human-defined
concepts. Furthermore, our model significantly
outperforms strong supervised baseline models in
terms of predictive and explanation performance.

2 Related Work

Developing interpretable models is of consider-
able interest to the broader research community.

Researchers have investigated many approaches to
improve the interpretability of neural networks.

2.1 Interpretability.
The first line of research aims at providing post-
hoc explanations of an already trained model. For
example, gradient and perturbation-based meth-
ods attribute the decision to important input fea-
tures (Ribeiro et al., 2016; Sundararajan et al.,
2017; Lundberg and Lee, 2017; Shrikumar et al.,
2017). Other studies identified the causal relation-
ships between input-output pairs (Alvarez-Melis
and Jaakkola, 2017; Goyal et al., 2019). In con-
trast, our model is inherently interpretable as it di-
rectly produces the prediction with an explanation.

Another line of research has developed inter-
pretable models. Quint et al. (2018) extended a
variational auto-encoder with a differentiable de-
cision tree. Alaniz and Akata (2019) proposed an
explainable observer-classifier framework whose
predictions can be exposed as a binary tree. How-
ever, these methods have been designed for images
only, while our work focuses on text input.

The works most relevant to ours relate to inter-
pretable models from the rationalization field (Lei
et al., 2016; Bastings et al., 2019; Yu et al., 2019;
Chang et al., 2020; Jain et al., 2020; Paranjape
et al., 2020). These methods justify their predic-
tions by selecting rationales (i.e., relevant tokens
in the input text). However, they are limited to
explain only the prediction with mostly one text
span and rely on the assumption that the data have
low internal correlations (Antognini et al., 2021b).
Chang et al. (2019) extended previous methods to
extract an additional rationale in order to counter
the prediction. In our work, ConRAT produces
multi-faceted rationales and explains the predic-
tion through a linear aggregation of the extracted
concepts. However, if we set the number of con-
cepts to one, ConRAT reduces to a special case of
a rationale model.

2.2 Explanations through Concepts.
Researchers have proposed multiple approaches
for concept-based explanations. Kim et al. (2018)
designed a post-hoc technique to learn concept ac-
tivation vectors by relying on human annotations
that characterize concepts of interest. Similarly,
Bau et al. (2017); Zhou et al. (2018) generated vi-
sual explanations for a classifier. Our concepts are
learned in an unsupervised manner and not defined
a priori.
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Few studies have learned concepts on images in
an unsupervised fashion. Li et al. (2018) explained
predictions based on the similarity of the input
to “prototypes” learned during training. Alvarez-
Melis and Jaakkola (2018) used an auto-encoder
to extract relevant concepts and explain the predic-
tion. Ghorbani et al. (2019) designed an unsuper-
vised concept discovery method to explain trained
models. Koh et al. (2020) employed the discov-
ered concepts to predict the target label. Our
work’s key difference is that we focus on text data,
while all these methods treat only image inputs.

To the best of our knowledge, Bouchacourt and
Denoyer (2019) is the only study that has proposed
a self-interpretable concept-based model for text
data using reinforcement learning. It computes the
predictions and provides an explanation in terms
of the presence or absence of concepts in the input
(i.e., text excerpts of variable lengths). However,
their method achieves poor overall performance.
In addition, it is unclear whether the discovered
concepts are interpretable. Conversely, ConRAT
is differentiable, clearly outperforms strong mod-
els in terms of predictive and explanation per-
formance, and it infers relevant, diverse, non-
overlapping, and human-understandable concepts.

2.3 Topic Modeling.

Topic models, such as latent Dirichlet allocation
(Blei et al., 2003), describe documents with a mix-
ture of latent topics. Each topic represents a word
distribution. Some studies combined topic mod-
els with recurrent neural models (Dieng et al.,
2017; Zaheer et al., 2017). However, the goal
of these generative models and the topics remains
different than this work’s. We aim to build a self-
interpretable model that predicts and explains the
outcome with latent concepts.

3 Concept-based Rationalizer (ConRAT)

Figure 2 depicts the architecture of our proposed
self-explaining model: the Concept-based Ratio-
nalizer (ConRAT). Let X be a random variable
representing a document composed of T words
(x1, x2, . . . , xT ), y the ground-truth label, and K
the desired numbers of concepts.1 Given a docu-
ment X and a label y, our goal is to explain the
prediction ŷ by finding a set of K concepts C1,
. . . , CK that are masked versions of X . ConRAT

1Our method is easily adapted for regression problems.
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Figure 2: The proposed self-explaining model Con-
RAT. The model predicts and explains ŷ. Given a doc-
ument X , the concept generator produces one binary
mask per concept. The concept selector decides which
concepts are present in the input. The predictor aggre-
gates each selected concept’s prediction to compute ŷ.

learns concepts by maximizing the mutual infor-
mation between C and y. We guide ConRAT to
create separable and consistent concepts via two
regularizers to make them human-understandable.

3.1 Model Overview
ConRAT is divided into three submodels: a
Concept Generator gθ(·), which finds the con-
cepts C1, . . . , CK ; a Concept Selector sθ(·),
which detects whether a concept Ck is present or
absent (i.e., sk ∈ {1, 0}) in the input X; and a Pre-
dictor fθ(·), which predicts the outcome ŷ based
on the concepts C and their presence scores S.

3.1.1 Concept Generation
Inspired by the selective rationalization field (Lei
et al., 2016), we define “concept” as a sequence
of consecutive words in the input text. Previous
studies extracted only one concept C1 that is suffi-
cient to explain the target variable y. In our work,
a major difference is that we aim to find K con-
cepts C1, · · · , CK that represent different topics
or aspects and altogether explain the target vari-
able y. We interpret the model as being linear in
the concepts rather than depending on one over-
all selection of word. More formally, we define a
concept as follows:

Ck = Mk ⊙X, (1)

where Mk ∈ S denotes a binary mask, S is a subset
of ZT

2 with some constraints (introduced in Sec-
tion 3.2), and ⊙ is the element-wise multiplication
of two vectors.

We parametrize the binary masks M ∈ ZK×T
2

with the concept generator model gθ(·), based on a
bi-directional recurrent neural network. Follow-
ing previous rationalization research (Yu et al.,
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2019; Chang et al., 2020), we force gθ(·) to se-
lect one chunk of text per concept with a pre-
specified length ℓ ∈ [1, T ].2 Instead of predicting
the mask Mk directly, gθ(·) produces a score for
each position t. Then, it samples the start posi-
tion t∗k of the chunk for each Ck using the straight-
through Gumbel-Softmax (Maddison et al., 2017;
Jang et al., 2017). Finally, we compute Mk as fol-
lows:

T ∗ ∼ Gumbel(gθ(X)),

Mk,t = [t ∈ [t∗k,min(t∗k + ℓ− 1, T )]],
(2)

where denotes the indicator function. Although
the equation is not differentiable, we can em-
ploy the straight-through technique (Bengio et al.,
2013) and approximate it with the gradient of a
causal convolution and a convolution kernel of an
all-one vector of length ℓ.

3.1.2 Concept Selection
A key objective of ConRAT is to produce seman-
tically consistent and separable concepts. So far,
the generator gθ(·) generates K concepts for any
input document. However, some documents might
mention only a subset of those. Thus, the goal of
the concept selector model sθ(·) is to enable Con-
RAT to ignore absent concepts.

Specifically, for each concept Ck, the model
first computes a concept representation HCk

using
a standard attention mechanism (Bahdanau et al.,
2015) (the tokens whose Mk,t = 0 are masked
out). Then, we take the dot product of HCk

with
a weight vector, followed by a sigmoid activation
function to induce the log-probabilities of a re-
laxed Bernoulli distribution (Jang et al., 2017). Fi-
nally, we sample the presence score sk ∈ {0, 1} of
each concept independently:

S ∼ RelaxedBernoulli(sθ(X,M)). (3)

3.1.3 Prediction
As inputs, the predictor fθ(·) takes the docu-
ment X , the masks M , and the presence scores S
for all concepts. First, we extract the concepts,
which are masked versions of X . Differently than
in Equation 1, the concepts are ignored if sk = 0:

Ck = (Mk ∗ sk)⊙X. (4)
2In early experiments, we relaxed the length constraint

and generated instead K differentiable masks with continuity
regularizers. However, this variant produced majorly inferior
results. We hypothesize that there are too many constraints to
optimize with only the target label as a strong signal.

Second, the model produces the hidden represen-
tation h′Ck

with another recurrent neural network,
followed by a LeakyReLU activation function (Xu
et al., 2015). Then, it computes the logits of y by
applying a linear projection for each concept:

Pk = Wh′Ck
+ b, (5)

where W and b are the projection parameters. Fi-
nally, fθ computes the final outcome as follows:

p(y|C,M , X) = softmax(

K!

k=1

αkPksk), (6)

where αk are model parameters that can be inter-
preted as the degree to which a particular concept
contributes to the final prediction.

3.2 Unsupervised Discovery of Concepts

The above formulations integrate the explanation
into the outcome computation. However, Mk is by
definition faithful to the model’s inner workings
but not comprehensible for the end-user. Follow-
ing Alvarez-Melis and Jaakkola (2018), we aim
the concepts to follow three desiderata:1. Fidelity:
they should preserve relevant information, 2. Di-
versity: they should be non-overlapping and di-
verse, and 3. Grounding: they should have an im-
mediate human-understandable interpretations.

The hard constraint in Equation 2 naturally en-
forces the grounding by forcing the concept to be a
sequence of ℓ words. For the fidelity, it is partly in-
tegrated in ConRAT by the prediction loss, which
is the cross-entropy between the ground-truth la-
bel y and the prediction ŷ: Lpred = CE(ŷ, y).
Recall that the concepts are substitutes of the input
that are sufficient for the prediction. We empha-
size the word “partly” because nothing prevents
ConRAT from picking up spurious correlations.

We propose two regularizers to encourage Con-
RAT in finding non-overlapping, relevant, and dis-
similar concepts. The first favors the orthogonality
of concepts by penalizing redundant rows in M :

Loverlap = ||MMT − ℓ · ||2F , (7)

where || · ||F stands for the Frobenius norm of a
matrix, denotes the identity matrix, and ℓ the
pre-specified concept length. However, Loverlap

alone does not prevent ConRAT from learning lit-
tle relevant concepts. Therefore, we propose a sec-
ond regularizer to encourage fidelity and diversity
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by minimizing the cosine similarity between the
concept representations HCk

(see Section 3.1.2):

Ldiv =
1

K

1

K − 1

K!

k1,k2=1
k1 ∕=k2

cos(HCk1
, HCk2

). (8)

In both regularizers, we do not consider the
presence scores S because a model could always
select only one concept; this strategy is not opti-
mal and reduces to a special case of rationale mod-
els (i.e., S would become a one-hot vector).

To summarize, the concepts are learned in an
unsupervised manner and align with the three
desiderata mentioned above: diversity is achieved
with Loverlap and Ldiv; fidelity is enforced by
Lpred and Ldiv, and the hard constraint in Equa-
tion 2 ensures the grounding. Finally, we train
ConRAT end-to-end and minimize the loss jointly
L = Lpred + λOLoverlap + λDLdiv, where λO

and λD control the impact of each regularizer.

3.3 Improving Overall Performance Further

The purpose of self-explaining models is to com-
pute outcomes while being more interpretable.
However, one key point is to achieve predic-
tive performance comparable to that of black-box
models. We propose two techniques to further im-
prove both interpretability and performance; how-
ever, ConRAT does not require these techniques to
outperform other methods, as we will see later.

Knowledge Distillation. We can train ConRAT
not only via the information provided by the true
labels but also by observing how a teacher model
behaves (Hinton et al., 2015). In that case, we in-
troduce the teacher model Tθ(·), which is a sim-
ple recurrent neural network similar to the predic-
tor fθ. It is trained one the same data, but it uses
the whole input X instead of subsets selected by
each Ck. The overall training loss becomes L =
Lpred + λOLoverlap + λDLdiv + λT (ŷTθ

− ŷfθ)
2.

Pruning Concepts. Depending on the number
of concepts and the pre-specified length, the total
number of selected words can be close to or higher
than the document length.3 In practice, it is hard
to extract meaningful concepts in such settings. To
alleviate this problem, we propose to prune con-
cepts at inference and select the top-k concepts

3e.g., if a document contains 200 tokens and we aim to ex-
tract 10 concepts of 20 tokens, all words should be selected.

Dataset Amazon Beer
# Reviews 24, 000 60, 000
Split Train/Val/Test 20k/2k/2k 50k/5k/5k
# Annotations 471 994
# Human Aspects 1 5
# Words per review 224± 125 184± 58

Table 1: Statistics of the review datasets.

that overlap the least with the others. More specif-
ically, we compute the overlap as follows: for each
sample in the validation set, we measure the aver-
age overlap ratio between Mk1 and Mk2 for each
concept-pair (Ck1 , Ck2), k1 ∕= k2. Then, we select
the top-k concepts whose scores are the lowest. Fi-
nally, to compute the new prediction ŷ, we update
sk = 1 if Ck is in the top-k or sk = 0 otherwise.

4 Experiments

4.1 Datasets
We evaluate the quantitative performance of Con-
RAT using two binary classification datasets. The
first one is the single-aspect Amazon Electronics
dataset (Ni et al., 2019). We followed the filter-
ing process in Chang et al. (2019) to keep only
the reviews that contain evidence for both positive
and negative sentiments. Specifically, we consid-
ered the first 50 tokens after the words “pros:” and
“cons:” as the rationale annotations for the pos-
itive and negative labels, respectively. We ran-
domly picked 24,000 balanced samples with rat-
ings of four and above or two and below.

The second dataset comprises the multi-aspect
beer reviews (McAuley et al., 2012) used in
the field of rationalization (Lei et al., 2016; Yu
et al., 2019). Each review describes various
beer aspects: Appearance, Aroma, Palate, Taste,
and Overall; users also provided a five-star rat-
ing for each aspect. However, we only use the
overall rating for ConRAT. The dataset includes
994 beer reviews with sentence-level aspect anno-
tations. Following the evaluation protocol in Bao
et al. (2018); Chang et al. (2020), we binarized the
ratings ≤ 2 as negative and ≥ 3 as positive. We
sampled 60,000 balanced examples. Our setting
is more challenging than those in previous stud-
ies because we assess the performance on all as-
pects (instead of three) and consider all examples
for the sampling (instead of de-correlated subsets),
reflecting the real data distribution. Table 1 shows
the data statistics.
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4.2 Baselines

We consider the following baselines. RNP is a
generator-predictor framework proposed by Lei
et al. (2016) for rationalizing neural prediction.
The generator selects text spans as rationales,
which are then fed to the classifier for the final
prediction. Yu et al. (2019) introduced RNP-3P,
which extends RNP to include the complement
predictor as the third player. It maximizes the
predictive accuracy from unselected words. The
training consists of an adversarial game with the
three players. Intro-3P (Yu et al., 2019) improves
RNP-3P by conditioning the generator on the pre-
dicted outcome of a teacher model. InvRAT is
a game-theoretic method that competitively rules
out spurious words with strong correlations to the
output. The game-theoretic approach CAR aims
to infer a rationale and a counterfactual rationale
that counters the true label. We follow Chang et al.
(2020) and consider for all methods their hard con-
straint variant (i.e., selecting one chunk of text)
with different lengths for generating rationales.

RNP-3P and Intro-3P are trained with the pol-
icy gradient (Williams, 1992). The others estimate
the gradients of the rationale selections using the
straight-through technique (Bengio et al., 2013).

All rationalization methods, except CAR, strive
for a single overall selection (K = 1) to explain
the outcome. For the multi-aspect dataset, we train
and tune each baseline independently for each as-
pect. The key difference with ConRAT is that the
model is only trained on the overall aspect label
and infers one rationale of K concepts; the base-
lines are trained K times to infer one rationale of
one concept.

4.3 Experimental Details

To seek fair comparisons, we try to keep a similar
number of parameters across all models, and we
employ the same architecture for each player (gen-
erators, predictors, and discriminators/teachers) in
all models: bi-directional gated recurrent units
(Chung et al., 2014) with a hidden dimension 256.
We use the 100-dimensional GloVe word embed-
dings (Pennington et al., 2014), Adam (Kingma
and Ba, 2015) as optimization method with a
learning rate of 0.001. We set the convolutional
neural network in the concept selector similarly to
(Kim et al., 2015) with 3-, 5-, and 7-width filters
and 50 feature maps per filter. For ConRAT, we
set the regularizer factors as follow: λO = 0.05,

Table 2: Accuracy and objective performance of ratio-
nales in automatic evaluation for the Amazon dataset.

Factual Counter Fact.

Model Acc. P R F P R F
RNP 75.5 32.6 18.8 23.8 −
RNP-3P 70.0 49.4 28.4 36.0 −
Intro-3P 75.2 22.1 12.8 16.2 −
InvRAT 71.5 44.3 25.5 32.4 −
ConRAT-175.5 56.432.541.3 −
CAR 73.6 33.0 19.1 24.2 44.125.4 32.2
ConRAT-675.4 50.028.836.6 32.3 18.6 23.6
ConRAT-4 75.3 46.4 26.7 33.9 29.6 17.1 21.6
ConRAT-2 75.3 33.7 19.4 24.6 8.9 5.1 6.5

λD = 0.05, and λT = 0.5. We use the open-
source implementation for all models, and we tune
them by maximizing the prediction accuracy on
the dev set with 16 random searches. For repro-
ducibility purposes, we include additional details
in Appendix A.

4.4 RQ 1: Can ConRAT find evidence for
factual and counterfactual rationales?

We aim to validate whether ConRAT can identify
the two evidences for positive and negative senti-
ments. We set the concept length ℓ = 30, we com-
pare the generated rationales with the annotations,
and we report the precision, recall, and F1 score.
In this experiment, no teacher is used in ConRAT.

Table 2 contains the results. The top rows con-
tain the results when only the factual rationales are
considered for the evaluation, and ConRAT-1 uses
only one concept. We see that ConRAT surpasses
the baselines in finding rationales that align with
human annotations, and it also matches the test ac-
curacy with the baselines. Interestingly, we note
that the baselines achieving the highest accuracy
underperform in finding the correct rationales.

For the factual and counterfactual rationales,
CAR finds one rationale to support the outcome
and another one to counter it, in an adversarial
game. However, the concepts inferred by ConRAT
are not guaranteed to align with the rationales as
there is no explicit signal to infer counterfactual
concepts. Thus, we increase the number of con-
cepts up to six and prune ConRAT to consider only
the two most dissimilar concepts (see Section 3.3).

The bottom of Table 2 show the results. With
only two concepts, ConRAT-2 outperforms CAR
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Table 3: Objective performance of rationales for the multi-aspect beer reviews. ConRAT only uses the overall label
and ignores the other aspect labels. All baselines are trained separately on each aspect rating. Bold and underline
denote the best and second-best results, respectively.

Average Appearance Aroma Palate Taste Overall

Model Acc. P R F P R F P R F P R F P R F P R F

ℓ
=

2
0

RNP 81.1 30.7 22.1 24.9 30.8 23.2 26.5 22.1 21.0 21.5 17.7 24.1 20.4 28.1 16.7 20.9 54.9 25.8 35.1
RNP-3P 80.5 29.1 22.5 25.0 30.4 25.6 27.8 19.3 20.4 19.8 10.3 12.0 11.1 43.9 28.4 34.5 41.6 26.0 32.0
Intro-3P 85.6 24.2 19.6 21.3 28.7 24.8 26.6 14.3 14.4 14.3 16.6 19.3 17.9 24.2 13.6 17.4 37.0 25.9 30.5
InvRAT 82.9 41.8 31.1 34.8 54.5 45.5 49.6 26.1 27.6 26.9 22.6 25.9 24.1 46.6 27.4 34.5 59.0 29.3 39.2
ConRAT*91.4 50.0 42.0 44.9 57.8 53.0 55.3 31.9 35.5 33.6 29.0 36.3 32.3 56.5 33.9 42.4 74.9 51.0 60.7

ℓ
=

1
0

RNP 84.4 41.3 16.6 23.2 40.1 12.0 18.5 33.3 18.7 24.0 25.1 17.4 20.6 32.3 9.8 15.07 76.0 25.1 37.8
RNP-3P 83.1 31.1 13.5 18.6 41.8 19.2 26.3 22.2 12.4 15.9 16.5 10.4 12.7 33.2 10.6 16.1 41.9 14.7 21.8
Intro-3P 80.9 21.8 10.8 14.3 51.0 26.0 34.4 18.8 9.7 12.8 16.5 10.6 12.9 9.7 2.6 4.1 13.1 5.2 7.4
InvRAT 81.9 47.1 17.8 25.5 59.4 26.1 36.3 31.3 15.5 20.8 16.4 9.6 12.1 39.1 11.6 17.9 89.1 26.4 40.7
ConRAT*91.3 48.1 20.1 28.0 51.7 26.2 34.8 32.6 17.4 22.7 23.0 13.8 17.3 45.3 13.1 20.3 88.0 30.1 44.9

* The model is only trained on the overall label and does not have access to the other ground-truth labels.

in terms of test accuracy and matches the perfor-
mance for the factual rationales, but it poorly iden-
tifies counterfactual rationales. However, there is a
major improvement when we increase the number
of concepts and use pruning. Indeed, the word dis-
tribution of the factual and counterfactual ratio-
nales are different, hence captured with pruning.
ConRAT’s factual rationales are better than those
of all models. The counterfactual ones get closer
to those produced by CAR. We show later in Sec-
tion 4.6 that pruning helps in achieving better cor-
relation with human judgments but is not required.

4.5 RQ 2: Are concepts inferred by ConRAT
consistent with human rationalization?

We investigate whether ConRAT can recover all
beer aspects by using only the overall ratings. Be-
cause beer reviews are smaller in length than Ama-
zon ones, we set the concept length ℓ to 10 and 20.
We fix the number of concepts to ten and prune
ConRAT to keep five. We manually map them to
the closest aspect for comparison. We trained the
teacher model, used in Intro-3P and ConRAT, and
obtained 91.4% accuracy. More results and illus-
trations are available in Appendix B and C.

Objective Evaluation. Similar to Section 4.4,
we compare the generated rationales with the hu-
man annotations on the five aspects and the av-
erage performance. The main results are shown
in Table 3. On average, ConRAT achieves the
best performance while trained only on the overall
ratings. This shows that the generated concepts,
learned in an unsupervised manner, are separable,
consistent, and correlated with human judgments
to a certain extent. For the concept length ℓ = 20,

ConRAT produces significant superior results for
all aspects, whereas the difference with InvRAT is
less pronounced for ℓ = 10. Finally, ConRAT’s
concepts lead to the highest accuracy and respect
the grounding desideratum, thanks to the teacher.

We hypothesize that the baselines underperform
due to the high correlations among the aspect rat-
ings. Thus, they are more prone to pick up spuri-
ous correlations between the input features and the
output. By considering multiple concepts simul-
taneously, ConRAT reduces the impact of spuri-
ous correlations. Regarding Intro-3P and RNP-3P,
both suffer from instability issues due to the policy
gradient (Chang et al., 2020; Yu et al., 2019).

We visualize an example in Figure 3. We ob-
serve that ConRAT induces interpretable concepts,
while the best baselines suffer from spurious cor-
relations. By reading our concepts alone, humans
will easily predict the aspect label and its polarity.

Subjective Evaluation. We conduct a human
evaluation using Amazon’s Mechanical Turk (de-
tails in Appendix B.2) to judge the understandabil-
ity of the concepts. Following Chang et al. (2019),
we sampled 100 balanced reviews from the hold-
out set for each aspect, model, and concept length,
resulting in 5,000 samples. We showed the exam-
ples in random order. An evaluator is presented
with the concept generated by one of the five meth-
ods (unselected words are not visible). We credit a
success when the evaluator guesses the true aspect
label and its sentiment. We report the success rate
as the performance metric. A random guess has a
10% success rate.

Figure 4 shows the main results. Similar to
the objective evaluation, ConRAT reaches the
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ConRAT (Ours) InvRAT (Chang et al., 2020) RNP (Lei et al., 2016)
appearance : pours a slightly murky ice tea brown color
with a frothy head and some lacing smell : malted milk
chocolate and hazelnuts ; rather bready taste : starts
with a very clean malty base which turns a bit earthy
and coarse in the aftertaste mouthfeel : very smooth
but a tad below medium bodied ; moderate carbon-
ation drinkability : a very pleasant scottish that is
marked down a bit for its mediocre finish

appearance : pours a slightly murky ice tea brown
color with a frothy head and some lacing smell : malted
milk chocolate and hazelnuts ; rather bready taste :
starts with a very clean malty base which turns a bit
earthy and coarse in the aftertaste mouthfeel : very
smooth but a tad below medium bodied ; moderate
carbonation drinkability : a very pleasant scottish that
is marked down a bit for its mediocre finish

appearance : pours a slightly murky ice tea brown
color with a frothy head and some lacing smell :
malted milk chocolate and hazelnuts ; rather bready
taste : starts with a very clean malty base which turns

a bit earthy and coarse in the aftertaste mouthfeel :

very smooth but a tad below medium bodied ; moder-
ate carbonation drinkability : a very pleasant scottish
that is marked down a bit for its mediocre finish

Figure 3: Concepts generated (with ℓ=10) for a beer review. Underline highlights ambiguities. The color depicts
the aspects: Appearance, Aroma, Palate, Taste, and Overall . ConRAT is trained only on the overall label.
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Figure 4: Subjective performance of rationales for the
multi-aspect beer reviews. Evaluators need to guess
both the sentiment and what aspect the concept is
about, which makes random guess only 10%.

best performance, followed by InvRAT. Moreover,
ConRAT only requires a single training on the
overall aspect. It emphasizes that the discovered
concepts satisfy the fidelity and diversity desider-
ata and better correlate with human judgments
compared with supervised baselines.

4.6 RQ 3: How does the number of concepts
K in ConRAT affect the performance?

We study the impact of the number of concepts K
in ConRAT on the performance, as discussed in
Section 4.5. We set the number of concepts to the
number of aspects (K=5) and then increase it to
K=10 and K=20. We prune ConRAT to keep only
the five most dissimilar concepts (see Section 3.3).

Results are shown in Table 4. First, we observe
that the performance is already better than the
baselines in Table 3 with K=5. Second, when in-
creasing K and pruning ConRAT, the performance
is boosted further. However, we remark that the in-
terpretability of the concepts follows a bell curve

Table 4: Impact of the number of concepts in ConRAT
on the objective performance for the beer reviews.

Average

#Concepts Acc. P R F

ℓ
=

20 K = 5 90.95 48.96 37.59 41.37
K = 10 91.35 50.02 41.96 44.86
K = 20 90.24 37.78 31.19 32.84

ℓ
=

1
0 K = 5 89.64 47.60 19.23 26.90

K = 10 91.25 48.12 20.11 27.97
K = 20 91.05 35.71 14.84 20.71

and significantly decreases when K=20. One po-
tential reason is that we expect overlaps between
the discriminative concepts that relate to beer as-
pects.4 Thus, the five most dissimilar concepts
might align less with human-defined concepts.

4.7 RQ 4: How does each module of ConRAT
contribute to the overall performance?

Finally, we analyze the importance of each mod-
ule in an ablation study. To avoid any bias from
pruning, we set the number of concepts to five.5

Table 5 shows the results. When ConRAT ig-
nores the overlapping or the diversity regularizer,
we observe a large drop in the rationale perfor-
mance. This is expected as the diversity desider-
atum is not encouraged anymore. However, we
remark that the sentiment prediction accuracy in-
creases, which is certainly caused by spurious cor-
relation with the ground-truth label. When all
concepts are considered (sk = 1 ∀k), we note
that the sentiment accuracy stays similar. How-
ever, the objective performance decreases by 10%
for the precision and more than 20% for the re-
call and F1 score. These results align with prior
work: users write opinions about the topics they
care about (Musat and Faltings, 2015; Antognini

4As shown in Table 1, the mean length of beer reviews is
184 words. With ℓ=20 and C=20, 400 words are highlighted.

5We obtain similar results with K=10 and K=20.
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Table 5: Ablation study of ConRAT with five concepts.

Average

Model Acc. P R F
ConRAT 89.64 47.60 19.23 26.90
- No Loverlap 91.05 31.50 13.16 18.37
- No Ldiv 90.85 34.49 11.69 16.95
- No sθ(·) :sk = 1∀k 89.74 43.13 14.95 21.42
- No Teacher 86.52 45.31 19.65 26.99

et al., 2021a). ConRAT reduces the noise at train-
ing by selecting concepts described in the current
document. Finally, the teacher model helps Con-
RAT to boost the sentiment accuracy by more than
3% absolute score, without affecting the rationale
quality.

5 Conclusion

Providing explanations for automated predictions
carries much more impact, increases transparency,
and might even be vital. Previous works have pro-
posed using rationale methods to explain the pre-
diction of a target variable. However, they do not
properly capture the multi-faceted nature of useful
rationales. We proposed ConRAT, a novel self-
explaining model that extracts a set of concepts
and explains the outcome with a linear aggrega-
tion of concepts, similar to how humans reason.

Our second contribution is two novel regular-
izers that guide ConRAT to generate interpretable
concepts. Experiments on both single- and multi-
aspect sentiment classification datasets show that
ConRAT, by using only the overall label, is the first
to provide superior rationale and predictive perfor-
mance compared with supervised state-of-the-art
methods trained for each aspect label. Moreover,
ConRAT produces concepts considered superior in
interpretability when evaluated by humans.
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A Additional Training Details

We tune all models on the dev set. We truncate
all reviews to 320 tokens for the beer dataset and
400 tokens for Amazon reviews. We have oper-
ated a random search over 16 trials. All baselines,
except CAR, are tuned for each aspect (80 trials
in total for the five aspects). We chose the models
achieving the lowest validation accuracy. Most of
the time, all models converged under 30 epochs.
The range of hyperparameters are the following
for ConRAT (similar for other models):

• Learning rate: [0.0005, 0.00075, 0.001];

• Batch size: [128];

• Hidden size: [256];

• λD: [0.01, 0.05, 0.1, 0.25, 0.5, 0.75, 1.0];

• λO: [0.01, 0.05, 0.1, 0.25, 0.5, 0.75, 1.0];

• λT : [0.5, 0.6];

• Dropout: [0.0, 0.1];

• Weight decay: [0.0, 10−8, 10−10];

• Gumbel temperature in fθ(·): [1.0; 1.5];

• Gumbel temperature in sθ(·): [1.0; 1.5];

A.1 Hardware / Software

• CPU: 2x Intel Xeon E5-2680 v3, 2x 12 cores,
24 threads, 2.5 GHz, 30 MB cache;

• RAM: 16x16GB DDR4-2133;

• GPU: 2x Nvidia Titan X Maxwell;

• OS: Ubuntu 18.04;

• Software: Python 3, PyTorch 1.3, CUDA 10.

B Complementary Results RQ 2

B.1 Objective Evaluation

The results for the concept length ℓ = 5 is shown
in Table 6.

Moreover, we report in Table 7 the performance
for the unsupervised sentiment prediction task for
the aspects whose labels are not available to Con-
RAT: Appearance, Aroma, Palate, and Taste. As
we can see, ConRAT achieves competitive results
compared to supervised baselines.

B.2 Human Evaluation Details
We use Amazon’s Mechanical Turk crowdsourc-
ing platform to recruit human annotators to eval-
uate the quality of extracted justifications and the
generated justifications produced by each model.
To ensure high-quality of the collected data, we
restricted the pool to native English speakers from
the U.S., U.K., Canada, or Australia. Additionally,
we set the worker requirements at a 98% approval
rate and more than 1,000 HITS.

The user interface used to judge the quality of
the justifications extracted from different methods,
in Section 4.5, is shown in Figure 5.

B.3 Subjective Evaluation
All results (for the joint, the aspect, and the polar-
ity accuracy) are shown in Figure 6. In total, we
used 7,500 samples (100× 5× 5× 3).

We also studied the error rates on each aspect.
The Aroma and Palate aspects cause the highest
error for all models. One possible reason is that
users confuse these with the aspect Taste, hence
their high correlations in rating scores (Antognini
et al., 2021b).

C Extra Visualizations

Additional samples of generated rationales are
shown in Figure 7, 8, 9, and 10. We can observe
that baselines suffer from spurious correlations:
the rationale for the aspect Aroma, Palate, and
Taste are often exchanged, or several rationales
pick the same text snippets. On the other hand,
ConRAT finds better concepts while only trained
on the overall aspect label. As it has been shown
in prior work (Lei et al., 2016; Chang et al., 2020;
Antognini et al., 2021b) rationale methods suffer
from the high correlation between rating scores
because each model is trained independently for
each aspect. Therefore, they rely on the assump-
tion that the data have low internal correlations,
which does not reflect the real data distribution.
By contrast, ConRAT alleviates this problem be
finding all concepts in one training.
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Table 6: Objective performance of rationales for the multi-aspect beer reviews with the concept length set to five.
ConRAT only uses the overall rating and does not have access to the other aspect labels. All baselines are trained
separately on each aspect label. Bold and underline denote the best and second-best results, respectively.

Average Appearance Aroma Palate Taste Overall

Model Acc. P R F P R F P R F P R F P R F P R F

ℓ
=

5

RNP 80.8 41.3 10.4 16.4 50.9 13.3 21.1 43.2 12.7 19.7 27.1 10.0 14.5 5.5 0.59 1.07 80.0 15.3 25.7
RNP-3P 81.5 32.9 6.9 11.2 35.1 7.3 12.1 25.6 7.2 11.3 17.0 5.2 8.0 28.6 4.0 7.1 58.2 10.5 17.8
Intro-3P 84.6 29.8 7.0 11.3 47.3 12.4 19.7 35.4 9.9 15.5 9.7 2.8 4.3 24.3 3.8 6.6 32.4 6.3 10.6
InvRAT 83.6 46.4 11.4 18.1 51.0 13.1 20.8 40.6 11.9 18.4 32.0 11.8 17.2 36.1 5.6 9.6 72.5 14.7 24.4
ConRAT†90.4 46.6 10.9 17.5 47.2 12.4 19.6 26.9 7.1 11.3 26.6 9.2 13.7 39.2 6.2 10.8 93.1 19.5 32.21

* The model is only trained on the overall label and does not have access to the other ground-truth labels.

Figure 5: Annotation platform for judging the quality of the concepts in the subjective evaluation on beer reviews.

Table 7: Performance on the overall sentiment and the
aspects whose labels are not available to ConRAT. Bold
and underline denote the best and second-best results.

Model Ap.* Ar.* P* T* O

ℓ
=

5

RNP 95.98 89.74 92.55 79.78 80.78
RNP-3P 92.97 87.11 88.09 73.93 81.54
Intro-3P 93.07 88.38 86.33 77.05 84.57
InvRAT 95.98 90.44 92.66 88.63 83.60
ConRAT 91.75* 91.85*94.37*92.35*90.44

ℓ
=

1
0

RNP 95.17 92.15 90.74 82.80 84.41
RNP-3P 93.55 88.48 90.43 77.15 83.11
Intro-3P 93.55 87.01 87.21 83.20 80.86
InvRAT 95.77 90.54 89.03 85.01 81.89
ConRAT 92.25* 91.05* 83.80* 91.85*91.25

ℓ
=

2
0

RNP 96.08 92.15 94.37 87.02 81.09
RNP-3P 92.48 87.70 89.16 81.74 80.47
Intro-3P 93.46 87.11 88.96 86.82 85.64
InvRAT 95.88 91.05 89.44 85.11 82.90
ConRAT 67.71* 74.85* 77.16* 80.58* 91.35

* ConRAT predicts the sentiment of the aspect in an unsu-
pervised fashion.
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(a) Concept length ℓ = 10.
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(b) Concept length ℓ = 20.
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(c) Concept length ℓ = 5.

Figure 6: Subjective performance per aspect of rationales for the multi-aspect beer reviews.
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Appearance Aroma Palate Taste Overall

ConRAT (Ours) InvRAT (Chang et al., 2020) RNP (Lei et al., 2016)
on-tap at lagunitas a : the pour is a hazy
straw color with an initially fluffy white
head that slowly dies down to a thin layer
. s : an amazingly funky and tart aroma is
present immediately . lots of sour apples
, lemons , and maybe some green grapes
along with a subtle wood character and a
bit of grass . t : the tartness is bright and
green , lots of lemons and apples . the oak ,
grass , wet straw , and mild earthiness give
this beer a great funky balance to the sour-
ness . m : the body is somewhat light and
crisp , with a great level of effervescence and
slight dryness . d : this is an absolutely fan-
tastic beer . i would drink this like nobody
’s business if it was more readily available
and/or lagunitas was n’t such a drive .

on-tap at lagunitas a : the pour is a hazy
straw color with an initially fluffy white
head that slowly dies down to a thin layer
. s : an amazingly funky and tart aroma is
present immediately . lots of sour apples ,
lemons , and maybe some green grapes along
with a subtle wood character and a bit of
grass . t : the tartness is bright and green
, lots of lemons and apples . the oak , grass
, wet straw , and mild earthiness give this
beer a great funky balance to the sourness .
m : the body is somewhat light and crisp ,
with a great level of effervescence and slight
dryness . d : this is an absolutely fantas-
tic beer . i would drink this like nobody
’s business if it was more readily available
and/or lagunitas was n’t such a drive .

on-tap at lagunitas a : the pour is a hazy
straw color with an initially fluffy white
head that slowly dies down to a thin layer
. s : an amazingly funky and tart aroma
is present immediately . lots of sour apples
, lemons , and maybe some green grapes
along with a subtle wood character and a
bit of grass . t : the tartness is bright and
green , lots of lemons and apples . the oak ,
grass , wet straw , and mild earthiness give
this beer a great funky balance to the sour-
ness . m : the body is somewhat light and
crisp , with a great level of effervescence and
slight dryness . d : this is an absolutely fan-
tastic beer . i would drink this like nobody
’s business if it was more readily available
and/or lagunitas was n’t such a drive .

Figure 7: Examples of generated rationales with ℓ = 10 for a beer review. Underline highlights ambiguities.

ConRAT (Ours) InvRAT (Chang et al., 2020) RNP (Lei et al., 2016)
pours out in a opaque dark yellow colour ,
topped with a large , thick white foam . very
cotton-like but fruity and strong aroma of of
oranges , peaches and banana with under-
tones of coriander . it also has some weak
vinous accents thick and wheaty flavour of
cloves , banana , apricots and oranges . thick
, full and round mouthfeel . quite tart in
the back of the throat bananas in the long
velvetly soft finish with hoppy note from
orange-peels . a wonderfull winter wheat
, too bad it was only 5000 bottles made

pours out in a opaque dark yellow colour ,
topped with a large , thick white foam . very
cotton-like but fruity and strong aroma of
of oranges , peaches and banana with under-
tones of coriander . it also has some weak
vinous accents thick and wheaty flavour of
cloves , banana , apricots and oranges .
thick , full and round mouthfeel . quite tart
in the back of the throat bananas in the long
velvetly soft finish with hoppy note from or-
ange-peels . a wonderfull winter wheat , too
bad it was only 5000 bottles made

pours out in a opaque dark yellow colour ,
topped with a large , thick white foam . very
cotton-like but fruity and strong aroma of of
oranges , peaches and banana with under-
tones of coriander . it also has some weak
vinous accents thick and wheaty flavour of
cloves , banana , apricots and oranges . thick
, full and round mouthfeel . quite tart in
the back of the throat bananas in the long
velvetly soft finish with hoppy note from
orange-peels . a wonderfull winter wheat
, too bad it was only 5000 bottles made

Figure 8: Examples of generated rationales with ℓ = 10 for a beer review. Underline highlights ambiguities.

ConRAT (Ours) InvRAT (Chang et al., 2020) RNP (Lei et al., 2016)
a : pours a clear dark amber colour . with
a thick two finger creamy off white head .
settles to a small cap . leaves quite a bit
of lacing . s : caramel malt with a grainy
smell . also a bit of a fruity smell closer to
dark fruits t : caramel malt up front with
a grainy taste . then it finishes with a more
sweet dark fruity taste . finishes dry . m :
medium carbonation with a medium body
d : it ’s a decent beer . nothing great but it
gets the job done if you enjoy this style .

a : pours a clear dark amber colour . with
a thick two finger creamy off white head .
settles to a small cap . leaves quite a bit
of lacing . s : caramel malt with a grainy
smell . also a bit of a fruity smell closer to
dark fruits t : caramel malt up front with
a grainy taste . then it finishes with a more
sweet dark fruity taste . finishes dry . m :
medium carbonation with a medium body
d : it ’s a decent beer . nothing great but
it gets the job done if you enjoy this style .

a : pours a clear dark amber colour . with
a thick two finger creamy off white head .
settles to a small cap . leaves quite a bit
of lacing . s : caramel malt with a grainy
smell . also a bit of a fruity smell closer to
dark fruits t : caramel malt up front with a
grainy taste . then it finishes with a more
sweet dark fruity taste . finishes dry . m :
medium carbonation with a medium body
d : it ’s a decent beer . nothing great but
it gets the job done if you enjoy this style .

Figure 9: Examples of generated rationales with ℓ = 20 for a beer review. Underline highlights ambiguities.

ConRAT (Ours) InvRAT (Chang et al., 2020) RNP (Lei et al., 2016)
beer review 100 a - pours a light some-
what hazy gold color into my pint glass with
about one finger of head moderate retention
and very nice lacing . s - strong aroma of
hops , pine and grapefruit citrus notes as
well as sweet malts . t - to me , this is a
great tasting ipa . sweet malts , followed
by a very nice pine and citrus hop fusion
that finishes with just the right amount of
bitterness m - medium in body , crisp and
refreshing . d - this drinks great as an ipa ,
and all you hopheads out there like myself
remember this is an ipa , not a double or
imperial , and for the category it ’s in it is
an awesome beer

beer review 100 a - pours a light some-
what hazy gold color into my pint glass with
about one finger of head moderate retention
and very nice lacing . s - strong aroma of
hops , pine and grapefruit citrus notes as
well as sweet malts . t - to me , this is
a great tasting ipa . sweet malts , followed
by a very nice pine and citrus hop fusion
that finishes with just the right amount of
bitterness m - medium in body , crisp and
refreshing . d - this drinks great as an ipa ,
and all you hopheads out there like myself
remember this is an ipa , not a double or
imperial , and for the category it ’s in it is
an awesome beer

beer review 100 a - pours a light somewhat
hazy gold color into my pint glass with
about one finger of head moderate reten-
tion and very nice lacing . s - strong aroma
of hops , pine and grapefruit citrus notes as
well as sweet malts . t - to me , this is a
great tasting ipa . sweet malts , followed
by a very nice pine and citrus hop fusion
that finishes with just the right amount of
bitterness m - medium in body , crisp and
refreshing . d - this drinks great as an ipa
, and all you hopheads out there like myself
remember this is an ipa , not a double or
imperial , and for the category it ’s in it is
an awesome beer

Figure 10: Examples of generated rationales with ℓ = 20 for a beer review. Underline highlights ambiguities.

775



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 776–790
August 1–6, 2021. ©2021 Association for Computational Linguistics

Parallel Attention Network with Sequence Matching for Video Grounding

Hao Zhang1,2, Aixin Sun1, Wei Jing2,3

Liangli Zhen2, Joey Tianyi Zhou2, Rick Siow Mong Goh2

1School of Computer Science and Engineering, Nanyang Technological University, Singapore
2Institute of High Performance Computing, A*STAR, Singapore

3Institute for Infocomm Research, A*STAR, Singapore
{hao007@e.,axsun@}ntu.edu.sg, 21wjing@gmail.com,

{zhenll,zhouty,gohsm}@ihpc.a-star.edu.sg

Abstract

Given a video, video grounding aims to re-
trieve a temporal moment that semantically
corresponds to a language query. In this work,
we propose a Parallel Attention Network with
Sequence matching (SeqPAN) to address the
challenges in this task: multi-modal represen-
tation learning, and target moment boundary
prediction. We design a self-guided parallel
attention module to effectively capture self-
modal contexts and cross-modal attentive in-
formation between video and text. Inspired
by sequence labeling tasks in natural language
processing, we split the ground truth moment
into begin, inside, and end regions. We then
propose a sequence matching strategy to guide
start/end boundary predictions using region la-
bels. Experimental results on three datasets
show that SeqPAN is superior to state-of-the-
art methods. Furthermore, the effectiveness of
the self-guided parallel attention module and
the sequence matching module is verified.1

1 Introduction

Video grounding is a fundamental and challenging
problem in vision-language understanding research
area (Hu et al., 2019; Yu et al., 2019; Zhu and
Yang, 2020). It aims to retrieve a temporal video
moment that semantically corresponds to a given
language query, as shown in Figure 1. This task re-
quires techniques from both computer vision (Tran
et al., 2015; Shou et al., 2016; Feichtenhofer et al.,
2019), natural language processing (Yu et al., 2018;
Yang et al., 2019), and more importantly, the cross-
modal interactions between the two. Many existing
solutions (Chen et al., 2018; Liu et al., 2018a; Xu
et al., 2019) tackle video grounding problem with
proposal-based approach. This approach generates
proposals with pre-set sliding windows or anchors,
computes the similarity between the query and each

1https://github.com/IsaacChanghau/SeqPAN
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Figure 1: The overview of our procedures for video ground-
ing, with an example of retrieving the temporal moment from
an untrimmed video by a given language query.

proposal. The proposal with highest score is se-
lected as the answer. These methods are sensitive to
the quality of proposals and are inefficient because
all proposal-query pairs are compared. Recently,
several one-stage proposal-free solutions (Chen
et al., 2019; Lu et al., 2019a; Mun et al., 2020) are
proposed to directly predict start/end boundaries of
target moments, through modeling video-text inter-
actions. Our solution, SeqPAN, is a proposal-free
method; hence our key focuses are video-text inter-
action modeling and moment boundary prediction.

Video-text interaction modeling. In order to
model video-text interaction, various attention-
based methods have been proposed (Gao et al.,
2017; Yuan et al., 2019a; Mun et al., 2020). In
particular, transformer block (Vaswani et al., 2017)
is widely used in vision-language tasks and proved
to be effective for multimodal learning (Tan and
Bansal, 2019; Lu et al., 2019b; Su et al., 2020; Li
et al., 2020). In video grounding task, fine-grain
scale unimodal representations are important to
achieve good localization performance. However,
existing solutions do not refine unimodal represen-
tations of video and text when doing cross-modal
reasoning, and thus limit the performance.

To better capture informative features for multi-
modalities, we encode both self-attentive contexts
and cross-modal interactions from video and query.
That is, instead of solely relying on sophisticated
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Figure 2: An example of the annotations in NER, where
“ORG” is for “Organization”, “B”, “I” and “E” denote the
begin, inside and end of the organization entity, respectively.

cross-modal learning as in most existing studies,
we learn both intra- and inter-modal representations
simultaneously, with improved attention modules.
Moment boundary prediction. In terms of the
length, target moment is usually a very small por-
tion of the video, making positive (frames in target
moment) and negative (frames not in target mo-
ment) samples imbalanced. Further, we aim to pre-
dict the exact start/end boundaries (i.e., two video
frames2) of the target moment. If we view from
the space of video frames, sparsity is a major con-
cern, e.g., catching two frames among thousands.
Recent studies attempt to address this issue by aux-
iliary objectives, e.g., to discriminate whether each
frame is foreground (positive) or background (neg-
ative) (Yuan et al., 2019b; Mun et al., 2020), or to
regress distances of each frame within target mo-
ment to ground truth boundaries (Lu et al., 2019a;
Zeng et al., 2020). However, the “sequence” nature
of frames or videos is not considered.

We emphasize the “sequence” nature of video
frames and adopt the concept of sequence label-
ing in NLP to video grounding. We use named
entity recognition (NER) (Lample et al., 2016; Ma
and Hovy, 2016) as an example sequence labeling
task for illustration in Figure 2. Video grounding
is to retrieve a sequence of frames with start/end
boundaries of target moment from video. This is
analogous to extract a multi-word named entity
from a sentence. The main difference is that, words
are discrete, so word annotations (i.e., B, I, E, and
O tags) in sentence are discrete. In contrast, video
is continuous and the changes between consecutive
frames are smooth. Hence, it is difficult (and also
not necessary) to precisely annotate each frame.
We relax the annotations on video sequence by
specifying video regions, instead of frames. With
respect to the target moment, we label B, I, E and
O (BIEO) regions on video (see Figure 3) and in-
troduce label embeddings to model these regions.
Our contributions. In this research, we propose a
Parallel Attention Network with Sequence match-

2The “frame” is a general description, which can refer to a
frame in a video sequence or a unit in the corresponding video
feature representation.

ing (SeqPAN) for video grounding task. We first
design a self-guided parallel attention (SGPA) mod-
ule to capture both self- and cross-modal attentive
information for each modality simultaneously. In
SGPA module, a cross-gating strategy with self-
guided head is further used to fuse self- and cross-
modal representations. We then propose a sequence
matching (sq-match) strategy, to identify BIEO re-
gions in video. The label embeddings are incorpo-
rated to represent label of frames in each region
for region recognition. The sq-match guides Se-
qPAN to search for boundaries of target moment
within constrained regions, leading to more precise
localization results. Experimental results on three
benchmarks demonstrate that both SGPA and sq-
match consistently improve the performance; and
SeqPAN surpasses the state-of-the-art methods.

2 Related Work

Existing solutions to video grounding are roughly
categorized into proposal-based and proposal-free
frameworks. In proposal-based framework, com-
mon structures include ranking and anchor-based
methods. Ranking-based methods (Liu et al.,
2018b; Hendricks et al., 2017, 2018; Chen and
Jiang, 2019; Ge et al., 2019; Zhang et al., 2019b)
solve this task with two-stage propose-and-rank
pipeline, which first generates proposals and then
uses multimodal matching to retrieve most similar
proposal for a query. Anchor-based methods (Chen
et al., 2018; Yuan et al., 2019a; Zhang et al., 2019c;
Wang et al., 2020b) sequentially assign each frame
with multiscale temporal anchors and select the
anchor with highest confidence as the result. How-
ever, these methods are sensitive to the proposal
quality; and comparison of all proposal-query pairs
is computational expensive and inefficient.

Proposal-free framework includes regression
and span-based methods. Regression-based meth-
ods (Yuan et al., 2019b; Lu et al., 2019a; Chen
et al., 2020a,b) tackle video grounding by learn-
ing cross-modal interactions between video and
query, and directly regressing temporal time of tar-
get moments. Span-based methods (Ghosh et al.,
2019; Rodriguez et al., 2020; Zhang et al., 2020a;
Lei et al., 2020; Zhang et al., 2021) address video
grounding by borrowing the concept of extractive
question answering (Seo et al., 2017; Huang et al.,
2018), and to predict the start and end boundaries
of target moment directly.

In addition, there are several works (He et al.,
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Figure 3: The architecture of the Parallel Attention Network with Sequence Matching (SeqPAN) for video grounding.

2019; Wang et al., 2019; Cao et al., 2020; Hahn
et al., 2020; Wu et al., 2020a,b) that formulate this
task as a sequential decision-making problem and
adopt reinforcement learning to observe candidate
moments conditioned on queries. Other methods,
e.g., weakly supervised learning methods (Mithun
et al., 2019; Lin et al., 2020; Wu et al., 2020a), 2D
map model of temporal relations between video
moments (Zhang et al., 2020b), ensemble of top-
down and bottom-up methods (Wang et al., 2020a),
joint learning video-level matching and moment-
level localization (Shao et al., 2018), have also
been explored. Some works (Shao et al., 2018; Cao
et al., 2020; Liu et al., 2020; Wang et al., 2020a)
use either additional resources/features or different
evaluation metrics, so their results are not directly
comparable with many others, including ours.

3 Proposed Method

Let V = [ft]
T−1
t=0 be an untrimmed video with T

frames; Q = [qj ]
M−1
j=0 be a language query with

M words; ts and te denote start and end time
point of ground-truth temporal moment. We de-
fine and tackle video grounding task in feature
spaces. Specifically, we split the given video V
into N clip units, and use pre-trained feature ex-
tractor to encode them into visual features V =
[vi]

N−1
i=0 ∈ Rdv×N , where dv is visual feature di-

mension. Then the ts(e) are mapped to the cor-
responding indices is(e) in the feature sequence,
where 0 ≤ is ≤ ie ≤ N − 1. For the query Q,
we encode words with pre-trained word embed-
dings as Q = [wj ]

M−1
j=0 ∈ Rdw×M , where dw is

word dimension. Given the pair of (V ,Q) as in-
put, video grounding aims to localize a temporal
moment starting at is and ending at ie.

3.1 The SeqPAN Model
The overall architecture of the proposed SeqPAN
model is shown in Figure 3. Next, we present each
module of SeqPAN in detail.

3.1.1 Encoder Module
Given visual features V ∈ Rdv×N of the video and
word embeddings Q ∈ Rdw×M of the language
query, we map them into the same dimension d
with two FFNs3, respectively. The encoder module
mainly encodes the individual modality separately.
As position encoding offers a flexible way to em-
bed a sequence, when the sequence order matters,
we first incorporate a position embedding to every
input of both video and query sequences. Then, we
adopt stacked 1D convolutional block to learn rep-
resentations by carrying knowledge from neighbor
tokens. The encoded representations are written as:

V ′ = ConvBlock(FFNv(V ) +Ep)

Q′ = ConvBlock(FFNq(Q) +Ep)
(1)

where V ′ ∈ Rd×N and Q′ ∈ Rd×M ; Ep denotes
the positional embeddings. Both position embed-
dings and convolutional block are shared by the
video and text features.

3.1.2 Self-Guided Parallel Attention Module
A self-guided parallel attention (SGPA) module
(see Figure 4) is proposed to improve multimodal
representation learning. Compared with standard
transformer (TRM) encoder, SGPA uses two par-
allel multi-head attention blocks to learn both uni-
modal and cross-modal representations simultane-
ously, and merge them with a cross-gating strategy4.

3We denote the single-layer feed-forward network as FFN
(FFN(X) = W ·X + b) in this work.

4A detailed comparison of SGPA and standard TRMs is
summarized in Appendix.
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Taking video modality as an example, the attention
process is computed as:

V̂S = VV · σs
(Q>VKV√

d

)

V̂C = VQ · σs
(Q>VKQ√

d

) (2)

where σs denotes Softmax function; QV , KV and
VV are the linear projections of V ′; QQ, KQ and
VQ are linear projections of Q′; V̂S encodes the
self-attentive contexts within video modality; and
V̂C integrates information from query modality ac-
cording to cross-modal attentive relations. The self-
and cross-modal representations are then merged
together by a cross-gating strategy:

V̂ = σ
(
FFN(V̂C)

)
� V̂S +σ

(
FFN(V̂S)

)
� V̂C (3)

where σ denotes Sigmoid function and � repre-
sents Hadamard product. The cross-gating explic-
itly interacts features obtained from the self- and
cross-attention encoders to ensure both are fully
utilized, instead of relying on only one of them.
Finally, we employ a self-guided head to implic-
itly emphasize the informative representations by
measuring the confidence of each element in V̂ as:

V̄ = σ
(
FFNσ(V̂ )

)
� FFN(V̂ ) (4)

The refined representations Q̄ for the query
modality are obtained in a similar manner (e.g.,
swapping visual and query features).

3.1.3 Video-Query Integration Module
This module further enhances the cross-modal
interactions between visual and textual features.
It utilizes context-query attention (CQA) strat-
egy (Yu et al., 2018) and aggregates text infor-
mation for each visual element5 (see Figure 3).
Given V̄ and Q̄, CQA first computes the similari-
ties, S ∈ RN×M , between each pair of V̄ and Q̄

5We provide a detailed computation process in appendix.

features. Then two attention weights are derived by
AVQ = Sr · Q̄> and AQV = Sr · S>c · V̄ >, where
Sr/Sc are row-/column-wise normalization of S by
Softmax. The query-aware video representations
V Q is computed by:

V Q = FFN
(
[V̄ ;A>VQ; V̄ �A>VQ; V̄ �A>QV]

)
(5)

where V Q ∈ Rd×N . Similarly, video-aware query
representations QV ∈ Rd×M can be derived by
swapping visual and textual inputs in CQA module.
Then we encodeQV into sentence representation q
with additive attention (Bahdanau et al., 2015) and
concatenate it with each element of V Q as H =
[h1, . . . ,hn], where hi = [vQi ; q]. Finally, the
query-attended visual representation is computed
as H̄ = FFN(H) ∈ Rd×N .

3.1.4 Sequence Matching Module
As illustrated in Figure 3, we considers the frames
within ground truth moment and several neighbor-
ing frames as foreground, while the rest as back-
ground. Then, we split the foreground into Begin,
Inside, and End regions. For simplicity, we assign
each region a label, i.e., “B-M” for begin, “I-M”
for inside, “E-M” for end region, and “O” for back-
ground. B-M/E-M explicitly indicate potential po-
sitions of the start/end boundaries. We also specify
orthogonal label embeddings Elab ∈ Rd×4 to rep-
resent those labels, and to infuse label information
into visual features after region label predictions.

Note our approach is different from Lin et al.
(2018) on temporal action proposal generation task,
where the target proposal is split into start, centre,
and end regions. The probability of a frame belong-
ing to each of three regions is predicted separately
in a regression manner, leading to three separate
probability sequences, one for each region. The
maximum probabilities in the sequences are used to
guide proposal generations. In contrast, we formu-
late matching process as a multi-class classification
problem and predict a concrete region label for
each frame, i.e., same as a sequence labeling task
in NLP. Label embeddings are then assigned to the
frames based on the labels of the predicted region.

A straightforward solution to predict the confi-
dence of an element belonging to each region is
multi-class classifier:

Hseq = FFNseq(H̄), Sseq = σs(Hseq) ∈ R4×N

(6)
where Sseq encodes the probabilities of each visual
element in different regions. Then label index with
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highest probability from Sseq is selected to repre-
sent the predicted label for each visual element:

Llab = [argmax(Sjseq)]
N−1
j=0 ∈ RN (7)

However, a major issue here is that Eq. 7 needs
to sample from a discrete probability distribution,
which makes the back-propagation of gradients
through Sseq in Eq. 6 infeasible for optimizer. To
make back-propagation possible, we adopt the
Gumbel-Max (Gumbel, 1954; Maddison et al.,
2014) trick to re-formulate Eq. 7 as:

L̂lab =
[
Onehot(argmax(Hj

seq + g))
]N−1
j=0

(8)

where L̂lab ∈ R4×N . Then, we utilize the Gumbel-
Softmax (Jang et al., 2017; Maddison et al., 2017)
to relax the argmax so as to make Eq. 8 being
differentiable6. Formally, we use Eq. 9 to approxi-
mate Eq. 8 as:

L̄lab = σs
(
(Hseq + g)/τ

)
∈ R4×N (9)

where τ is annealing temperature. As τ → 0+,
L̄lab ≈ L̂lab, while τ → ∞, each element in L̄lab
will be the same and the approximated distribu-
tion will be smooth. Note we use Eq. 8 during
forward pass while Eq. 9 for backward pass to al-
low gradient back-propagation. As the result, the
embedding lookup process is differentiable and the
label-attended visual representations is derived as:

H̃ = Elab · L̂lab + H̄ (10)

The training objective is defined as:

Lseq = fXE(L̄lab,Ylab) + ‖E>labElab � (1− I)‖2F
(11)

where Ylab denotes the ground truth sequence la-
bels, 1 is the matrix with all elements being 1 and I
is the identity matrix. The second term in Eq. 11 is
the orthogonal regularization (Brock et al., 2019),
which ensures Elab to keep the orthogonality.

3.1.5 Localization Module
Finally, we present a conditioned localizer to pre-
dict the start and end boundaries of the target mo-
ment. The localizer consists of two stacked trans-
former blocks and two FFNs. The scores of start
and end boundaries are calculated as:

Hs = TRMs(H̃), Ss =Ws[Hs; H̃] + bs

He = TRMe(Hs), Se =We[He; H̃] + be
(12)

6More details about Gumbel Tricks are in Appendix.

where Ss/e ∈ RN . Ws/e and bs/e are the weight
and bias of start/end FFNs, respectively. Note the
representations of end boundary (He) are condi-
tioned on that of start boundary (Hs) to ensure
the predicted end boundary is always after start
boundary. Then, the probability distributions of
start/end boundaries are computed by Ps/e =

Softmax(Ss/e) ∈ RN . The training objective is:

Lloc =
1

2
×
[
fXE(Ps,Ys) + fXE(Pe,Ye)

]
(13)

where fXE is cross-entropy function, Ys/e is one-
hot labels for start/end (is/ie) boundaries.

3.2 Training and Inference
The overall training loss of SeqPAN is: L =
Lloc + Lseq, to be minimized during the training
process. During inference, the predicted start and
end boundaries of a given video-query pair are gen-
erated by maximizing the joint probability as:

(̂is, îe) = argmax
âs,âe

Ps(â
s)× Pe(âe)

s.t.: 0 ≤ îs ≤ îe ≤ N − 1
(14)

where îs and îe are the best start and end boundaries
of predicted moment for the given video-query pair.
Let T be the duration of given video, the predicted
start/end time are computed by t̂s(e) = îs(e)/(N −
1) × T . With the predicted (t̂s, t̂e) and ground
truth (ts, te) time intervals, the measure, temporal
intersection over union (IoU), is computed as:

IoU = max
(
0,
temin − tsmax

temax − tsmin

)
∈ [0, 1] (15)

where ts(e)min /max = min /max(t̂s(e), ts(e)).

4 Experiments

4.1 Experimental Setting
Datasets. We conduct the experiments on three
benchmark datasets: Charades-STA (Gao et al.,
2017), ActivityNet Captions (Krishna et al., 2017)
and TACoS (Regneri et al., 2013). Charades-STA,
collected by Gao et al. (2017) from Charades (Sig-
urdsson et al., 2016) dataset, contains 16, 128 an-
notations (i.e., moment-query pairs), where 12, 408
and 3, 720 annotations are for train and test. Activi-
tyNet Captions (ANetCaps) contains 20K videos
taken from ActivityNet (Heilbron et al., 2015)
dataset. We follow the setup in (Chen et al.,
2020a; Lu et al., 2019a; Wu et al., 2020b; Yuan
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Methods R@1, IoU = µ mIoU
µ = 0.3 µ = 0.5 µ = 0.7

DEBUG 54.95 37.39 17.69 36.34
ExCL 61.50 44.10 22.40 -
MAN - 46.53 22.72 -
SCDM - 54.44 33.43 -
CBP - 36.80 18.87 -
GDP 54.54 39.47 18.49 -
2D-TAN - 39.81 23.31 -
TSP-PRL - 45.30 24.73 40.93
TMLGA 67.53 52.02 33.74 -
VSLNet 70.46 54.19 35.22 50.02
DRN - 53.09 31.75 -
LGI 72.96 59.46 35.48 -
SeqPAN 73.84 60.86 41.34 53.92

Table 1: Comparison with SOTA methods on Charades-STA.

et al., 2019b; Zhang et al., 2020a) with 37, 421 and
17, 505 annotations for train and test. TACoS con-
tains 127 cooking activities videos from Rohrbach
et al. (2012). We follow Gao et al. (2017) with
10, 146, 4, 589, and 4, 083 annotations are used for
train, validation, and test, respectively.
Evaluation Metric. (i) “R@n, IoU=µ”, which de-
notes the percentage of test samples that have at
least one result whose IoU with ground-truth is
larger than µ in top-n predictions; (ii) “mIoU”,
which denotes the average IoU over all test sam-
ples. We set n = 1 and µ ∈ {0.3, 0.5, 0.7}.
Implementation Details. We follow (Ghosh et al.,
2019; Mun et al., 2020; Rodriguez et al., 2020;
Zhang et al., 2020a) and use 3D ConvNet pre-
trained on Kinetics dataset (Carreira and Zisserman,
2017) to extract RGB visual features from videos;
then we downsample the feature sequence to a fixed
length. The query words are lowercased and initial-
ized with GloVe (Pennington et al., 2014) embed-
ding. We set hidden dimension d to 128; SGPA
blocks to 2; annealing temperature to 0.3; and
heads in multi-head attention to 8; Adam (Kingma
and Ba, 2015) optimizer with batch size of 16 and
learning rate of 0.0001 is used for training.

More details of dataset statistics and the hyper-
parameter settings are summarized in Appendix.

4.2 Comparison with State-of-the-Arts

We compare SeqPAN with the following state-of-
the-arts. 1) Proposal-based methods: TGN (Chen
et al., 2018), ACL (Ge et al., 2019), CBP (Wang
et al., 2020b), SCDM (Yuan et al., 2019a),
MAN (Zhang et al., 2019a); 2) Proposal-free meth-
ods: DEBUG (Lu et al., 2019a), ExCL (Ghosh
et al., 2019), VSLNet (Zhang et al., 2020a),
GDP (Chen et al., 2020a), LGI (Mun et al., 2020),

Methods R@1, IoU = µ mIoU
µ = 0.3 µ = 0.5 µ = 0.7

DEBUG 55.91 39.72 - 39.51
ExCL 63.00 43.60 24.10 -
SCDM 54.80 36.75 19.86 -
CBP 54.30 35.76 17.80 -
GDP 56.17 39.27 - 39.80
2D-TAN 59.45 44.51 27.38 -
TSP-PRL 56.08 38.76 - 39.21
TMLGA 51.28 33.04 19.26 -
VSLNet 63.16 43.22 26.16 43.19
DRN - 45.45 24.36 -
LGI 58.52 41.51 23.07 -
SeqPAN 61.65 45.50 28.37 45.11

Table 2: Comparison with SOTA methods on ANetCaps.

Methods R@1, IoU = µ mIoU
µ = 0.3 µ = 0.5 µ = 0.7

TGN 21.77 18.90 - -
ACL 24.17 20.01 - -
DEBUG 23.45 11.72 - 16.03
SCDM 26.11 21.17 - -
CBP 27.31 24.79 19.10 21.59
GDP 24.14 13.90 - 16.18
TMLGA 24.54 21.65 16.46 -
VSLNet 29.61 24.27 20.03 24.11
DRN - 23.17 - -
SeqPAN 31.72 27.19 21.65 25.86
2D-TAN 37.29 25.32 - -
SeqPAN 48.64 39.64 28.07 37.17

Table 3: Comparison with SOTA methods on TACoS.

TMLGA (Rodriguez et al., 2020), DRN (Zeng
et al., 2020); 3) Others: TSP-PRL (Wu et al.,
2020b) and 2D-TAN (Zhang et al., 2020b). The
best results are in bold and the second bests are in
italic. In all result tables, the scores of compared
methods are reported in the corresponding works.

The results on the Charades-STA are summa-
rized in Table 1. SeqPAN surpasses all baselines
and achieves the highest scores over all metrics.
Observe that the performance improvements of
SeqPAN are more significant under more strict
metrics. The results show that SeqPAN can pro-
duce more precise localization results. For instance,
compared to LGI, SeqPAN achieves 5.86% abso-
lute improvement by “R@1, IoU=0.7”, and 1.40%
by “R@1, IoU=0.5”. Table 2 reports the results on
ANetCaps. SeqPAN is superior to baselines and
achieves the best performance on “R@1, IoU=0.7”
and mean IoU. As reported in Table 3, similar ob-
servations hold on TACoS. Note 2D-TAN (Zhang
et al., 2020b) pre-processes the TACoS dataset,
making it is slightly different from the original one.
We also conduct experiments on their version for
a fair comparison. SeqPAN outperforms the base-
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Methods R@1, IoU = µ
µ = 0.3 µ = 0.5 µ = 0.7

Charades-STA
Se-TRM 68.84 (0.46) 51.92 (0.54) 34.58 (0.18)
Co-TRM 69.03 (0.49) 52.34 (0.50) 35.07 (0.32)
SGPA 69.47 (0.32) 54.63 (0.43) 36.36 (0.24)

ActivityNet Captions
Se-TRM 57.64 (0.38) 40.76 (0.35) 25.10 (0.30)
Co-TRM 57.39 (0.29) 40.55 (0.45) 24.85 (0.47)
SGPA 58.40 (0.31) 41.72 (0.19) 26.07 (0.16)

Table 4: SGPA vs. standard transformers on Charades-STA
and ANetCaps. Se-TRM is the transformer block with single
modality inputs, and Co-TRM (Tan and Bansal, 2019; Lu
et al., 2019b; Lei et al., 2020; Li et al., 2020) is with dual
modality inputs. Scores in brackets are standard deviation.
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Figure 5: The impact of SGPA block numbers (NSGPA) on
Charades-STA and ANetCaps.

lines over all evaluation metrics on both versions.

4.3 Discussion and Analysis
We perform in-depth ablation studies to analyze
the effectiveness of the SeqPAN. We run all the
experiments 5 times and report 5-run average.
Analysis on Self-Guided Parallel Attention. The
SGPA (see Figure 4) is a variant of transformer
(TRM), designed for learning cross-modality in-
teractions between visual and text features. Here,
we compare SGPA with standard TRMs. To bet-
ter reflect the performance of different TRMs, we
remove the sequence matching component and
only use a single block (i.e., NSGPA = 1) in this
experiment. The results are reported in Table 4.
Observe that SGPA is superior to TRMs on both
datasets. Co-TRM performs better on Charades-
STA but worse on ANetCaps comparing with Se-
TRM. Compared to Se-TRM and Co-TRM, SGPA
learns both self-modal contexts and cross-modal
interactions, which is approximately equivalent to
parallel connection of two modules.
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Figure 6: The impact of annealing temperature τ in sequence
matching on Charades-STA and ANetCaps.
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Figure 7: Plots of the number of predicted test samples within
different IoU ranges on Charades-STA and ANetCaps.

Impact of SGPA block numbers NSGPA. We
now study the impact of SGPA block numbers on
Charades-STA and ANetCaps. We evaluate five
different values of NSGPA from 1 to 5. The per-
formance across the number of SGPA blocks in
SeqPAN are plotted in Figures 5(a) and 5(b). Best
performance is achieved at NSGPA = 2 on both
datasets. In general, along with increasing NSGPA,
the performance of SeqPAN first increases and then
gradually decreases, on both datasets. We also note
that performance on Charades-STA is not very sen-
sitive to the setting of NSGPA.

Analysis on Sequence Matching. The conven-
tional matching strategy (Yuan et al., 2019b; Lu
et al., 2019a; Mun et al., 2020) (denoted by fb-
match) is to predict whether a frame is inside or
outside of target moment, i.e., foreground or back-
ground. In SeqPAN, we predict begin-, inside- and
end-regions, and introduce label embeddings (Elab)
to represent each region. The prediction process
also uses the Gumbel-Max trick. In this experi-
ment, we analyze the effects of label embeddings
and Gumbel-Max trick in sequence matching.

Summarized in Table 5, both Gumbel-Max trick
(denoted by G) and label embeddings contribute
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Method sq-match Charades-STA ActivityNet Captions
R@1, IoU = µ mIoU R@1, IoU = µ mIoU

G Elab µ = 0.3 µ = 0.5 µ = 0.7 µ = 0.3 µ = 0.5 µ = 0.7
SeqPAN w/ fb-match - - 70.27(0.75) 56.96(0.46) 38.95(0.27) 51.84(0.40) 59.99(0.25) 43.71(0.19) 26.72(0.29) 43.23(0.23)
SeqPAN w/o sq-match 8 8 69.62(0.54) 55.29(0.30) 36.71(0.48) 51.13(0.25) 59.03(0.35) 42.65(0.32) 26.29(0.13) 42.51(0.36)
SeqPAN w/ Gumbel 4 8 71.64(0.64) 57.61(0.26) 39.26(0.31) 52.15(0.45) 59.74(0.42) 43.85(0.35) 27.12(0.20) 43.69(0.24)
SeqPAN 4 4 72.70(0.51) 60.15(0.50) 41.02(0.36) 53.19(0.38) 61.12(0.39) 45.09(0.37) 27.97(0.27) 44.77(0.23)

Table 5: Ablation studies of sequence matching strategy in SeqPAN, where the values in bracket denote standard deviation.

to the grounding performance improvement. In
addition, consistent improvements are observed by
incorporating G and Elab into the model. SeqPAN
is superior to SeqPAN w/ fb-match over all evalua-
tion metrics. The performance improvements are
more significant under more strict metrics. The
results show that sq-match is more effective than
the fb-match strategy. Regional indication of po-
tential positions of start/end boundaries does help
the model to produce accurate predictions.
Impact of Annealing Temperature τ . We then
analyze the impact of annealing temperature τ of
Gumbel-Softmax in sequence matching module.
Gumbel-Softmax distributions are identical to a cat-
egorical distribution when τ → 0+. With τ →∞,
its distribution is smooth. We evaluate 11 different
τ values from 0.01 to 1.0, where 0.01 is used to ap-
proximate 0.0 since 0.0 is not divisible. The results
are compared against vanilla Softmax as a baseline.
For vanilla Softmax, we multiply the probability
distribution of labels with Elab, to aggregate label
information into the visual representations.

Figure 6 plots the results of different τ ’s on
Charades-STA and ANetCaps, respectively. We
observe similar patterns on the four sets of results.
The best performance is achieved when τ = 0.3
over both metrics on both datasets. From Fig-
ure 6(a), when τ is too small or too large (i.e., the
probability distribution from Gumbel-Softmax be-
comes too sharp or too smooth), Gumbel-Softmax
performs poorer than vanilla Softmax. This result
suggests that a proper annealing temperature τ is
crucial to achieve good performance. Similar ob-
servations hold on ANetCaps (see Figure 6(b)).

4.4 Qualitative Analysis

Figure 7 shows the number of predicted test sam-
ples within different IoU ranges on Charades-STA
and ANetCaps. Here, we compare SeqPAN with
two of its variants: (i) removal of sequence match-
ing module, and (ii) replacement of sequence
matching with fb-match. All three variants show
similar patterns. Nevertheless, within the higher

Ground Truth 45.92s~121.91s

GSL

SeqPAN w/o sq-match

PSL

SeqPAN 41.75s~121.91s

45.09s~143.62s

Query: The woman shows how to adjust exercise equipment then climbs on top and begins using it.

Query: The woman is seen sitting in front of various ingredients and mixing them together into a bowl.

Ground Truth 40.03s~97.02s

GSL

SeqPAN w/o sq-match
PSL

SeqPAN 34.85s~94.99s

24.43s~74.64s

B-M: Begin of Moment I-M: Inside of Moment E-M: End of Moment O: Background

Figure 8: Qualitative results of SeqPAN and SeqPAN w/o
sq-match on ANetCaps. “GSL” is the ground truth sequence
labels; “PSL” is the predicted labels by sq-match of SeqPAN.

IoU ranges, e.g., IoU ≥ 0.5 on both datasets, Se-
qPAN and the variant with fb-match outperform
the variant without sequence matching. The results
show that having auxiliary objectives (e.g., fore-
ground/background or sequential regions) is help-
ful in video grounding task. Results in Figure 7
also show that our sequence matching is more effec-
tive than fb-match, for highlighting the correction
regions for predicting start/end boundaries.

Figure 8 depicts two video grounding examples
from the ANetCaps dataset. From the two exam-
ples, the moments retrieved by SeqPAN are closer
to the ground truth than that are retrieved by Seq-
PAN without utilizing the sq-match strategy. Be-
sides, the start and end boundaries predicted by
SeqPAN are roughly constrained within the pre-set
potential start and end regions. In addition, the
predicted sequence labels (PSL) in Figure 8 also
reveal the weakness of sq-match strategy. The pre-
dicted labels by sq-match strategy are not continu-
ous, where multiple start, inside, and end regions
are generated. In consequence, the localizer may
be affected by wrongly predicted regions and leads
to inaccurate results. To further constrain the gen-
erated regions is part of our future work.

783



5 Conclusion

In this work, we propose a Parallel Attention Net-
work with Sequence matching (SeqPAN) to address
the language query-based video grounding prob-
lem. We design a parallel attention module to im-
prove the multimodal representation learning by
capturing both self- and cross-modal attentive in-
formation simultaneously. In addition, we propose
a sequence matching strategy, which explicitly in-
dicates the potential start and end regions of the
target moment to allow the localizer precisely pre-
dicting the boundaries. Through extensive experi-
mental studies, we show that SeqPAN outperforms
the state-of-the-art methods on three benchmark
datasets; and both the proposed parallel attention
and sequence matching modules contribute to the
grounding performance improvement.
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This appendix contains two sections. Section A
provides (A.1) a detailed comparison between the
proposed SGPA and standard transformer blocks,
(A.2) technical details of the video-query integra-
tion module, and (A.3) categorical reparameter-
ization used in the sequence matching module.
Section B describes statistics on the benchmark
datasets and parameter settings in our experiments.

A Additional Comparison and Technical
Details

A.1 SGPA versus Standard Transformers

Two ways are mainly used to adopt the transformer
block for multi-modal representation learning:

• Transformer block with the self-attention (Se-
TRM), which encodes visual and textual inputs
in separate streams, shown in Figure 9(a).

• Transformer block with the cross-attention (Co-
TRM), which encodes both visual and textual
inputs with interactions through co-attention,
shown in Figure 9(b).

Several works (Lu et al., 2019a; Chen et al.,
2020a; Zhang et al., 2020a) adopt Se-TRM to learn
visual and textual representations in video ground-
ing task. Se-TRM separately encodes each modal-
ity, it focuses on learning the refined unimodal
representations within each modality for video and
text respectively. Without any connection between
two modalities, Se-TRM cannot use information
from other modality to improve the representations.

Co-TRM7 is commonly used as a basic compo-
nent in various vision-language methods (Tan and
Bansal, 2019; Lu et al., 2019b; Lei et al., 2020).
Co-TRM relies on co-attention to learn the cross-
modal representations for both visual and textual
inputs. However, Co-TRM lacks the ability to en-
code self-attentive context within each modality.

The cascade of Se-TRM and Co-TRM is also
used in recent vision-language models (Tan and
Bansal, 2019; Lu et al., 2019b; Zhu and Yang, 2020;
Lei et al., 2020) to learn both unimodal and cross-
modal representations. In general, there are two
cascade forms: 1) stacking Co-TRM upon Se-TRM
(SeCo-TRM) in Figure 10(a); and 2) stacking Se-
TRM upon Co-TRM (CoSe-TRM) in Figure 10(b).
These stacked TRMs learn the unimodal and cross-
modal information in a sequence manner. Hence,

7It is also known as co-attentional, multi-modal or cross-
modal transformer block in different works.

Methods R@1, IoU = µ
µ = 0.3 µ = 0.5 µ = 0.7

Charades-STA
Se-TRM 68.84 (0.46) 51.92 (0.54) 34.58 (0.18)
Co-TRM 69.03 (0.49) 52.34 (0.50) 35.07 (0.32)
SeCo-TRM 69.11 (0.24) 52.63 (0.49) 35.17 (0.22)
CoSe-TRM 69.08 (0.26) 52.82 (0.43) 35.09 (0.50)
PA 69.21 (0.27) 54.37 (0.46) 36.22 (0.49)
SGPA 69.47 (0.32) 54.63 (0.43) 36.36 (0.24)

ActivityNet Captions
Se-TRM 57.64 (0.38) 40.76 (0.35) 25.10 (0.30)
Co-TRM 57.39 (0.29) 40.55 (0.45) 24.85 (0.47)
SeCo-TRM 57.47 (0.38) 40.70 (0.24) 25.07 (0.21)
CoSe-TRM 57.72 (0.41) 40.85 (0.17) 25.16 (0.15)
PA 58.27 (0.13) 41.59 (0.24) 25.88 (0.28)
SGPA 58.40 (0.31) 41.72 (0.19) 26.07 (0.16)

Table 6: Comparison between SGPA with standard trans-
former blocks on Charades-STA and ANetCaps, where PA is
the SGPA without self-guided head (i.e., replaced by FFN)
The scores in bracket denotes standard deviation.

their final outputs focus more on either the self-
attentive contexts or cross-modal interactions. Our
SGPA combines advantages of both Se-TRM and
Co-TRM, but not through cascade. As shown in
Figure 9(c), SGPA contains two parallel multi-head
attention blocks. One block takes single modality
as input and the other takes both modalities as in-
puts. Thus, SGPA is able to learn both unimodal
and cross-modal representations simultaneously.
Then, a cross-gating strategy is designed to fuse
the self- and cross-attentive representations. We
also employ a self-guided head to replace the feed
forward layer in transformer block. This design
implicitly emphasizes informative representations
by measuring the confidence of each element.

Table 6 reports the performance of SGPA and
standard TRMs on Charades-STA and ANetCaps
datasets. Here, we regard both SeCo-TRM and
CoSe-TRM as single block. The results show that
both PA (a SGPA variant without self-guided head)
and SGPA are superior to standard TRMs.

A.2 Video-Query Integration Computation

This section presents the detailed computation pro-
cess of video-query integration (see Section 3.1.3).

Given two inputsX ∈ Rd×Nx and Y ∈ Rd×Ny ,
the context-query attention first computes similar-
ities between each pair of X and Y elements as:

S =X> ·W · Y (16)

where W ∈ Rd×d and S ∈ RNx×Ny . Then X-to-
Y and Y -to-X attention weights are computed by:
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AXY = Sr · Y > ∈ RNx×d

AYX = Sr · S>c ·X> ∈ RNx×d
(17)

where Sr and Sc are the row- and column-wise
normalization of S by Softmax function. The final
output of context-query attention is calculated as:

XY = FFN
(
[X;A>XY;X �A>XY;X �A>YX]

)

(18)
where � denotes element-wise multiplication, “;”
represents concatenation operation, and XY ∈
Rd×Nx . In this way, the information of Y is prop-
erly fused intoX .

By setting X = V̄ ∈ Rd×N and Y = Q̄ ∈
Rd×M , we can derive the query-aware video rep-
resentations V Q ∈ Rd×N . Similarly, the video-
aware query representations QV ∈ Rd×M is ob-
tained by settingX = Q̄ and Y = V̄ .

Next, we encode QV = [qV0 , . . . , q
V
M−1] into

sentence representation q with additive attention:

α = Softmax
(
Wα ·QV )

)
∈ RM

q =
M−1∑

i=0

αi × qVi ∈ Rd
(19)

where Wα ∈ R1×d. The q is then concatenated
with each element of V Q asH = [h1, . . . ,hn] ∈
R2d×N , where hi = [vQi ; q]. Finally, the query-
attended visual representation is computed as

H̄ =Wh ·H + bh (20)

where Wh ∈ Rd×2d and bh ∈ Rd denote the learn-
able weight and bias, and H̄ ∈ Rd×N .

A.3 Categorical Reparameterization
This section provides a brief introduction of the
categorical reparameterization strategy used in se-
quence matching module (see Section 3.1.4).

Categorical reparameterization, e.g., reinforce-
based approaches (Sutton et al., 2000; Schulman
et al., 2015), straight-through estimators (Bengio
et al., 2013) and Gumbel-Softmax (Jang et al.,
2017; Maddison et al., 2017), is a strategy that
enables discrete categorical variables to back-
propagate in neural networks. It aims to estimate
smooth gradient with a continuous relaxation for
categorical variable. In this work, we use Gumbel-
Softmax to approximate the sequence labels from
a probability distribution. Then those labels are
applied to lookup the corresponding embeddings
for region representation in the sequence matching
module of SeqPAN.
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Dataset Domain NV (train/val/test) NA (train/val/test) N̄A/V NVocab L̄V (s) L̄Q L̄M (s)

Charades-STA Indoors 5, 338/-/1, 334 12, 408/-/3, 720 2.42 1, 303 30.59 7.22 8.22

ActivityNet Captions Open 10, 009/-/4, 917 37, 421/-/17, 505 3.68 12, 460 117.61 14.78 36.18

TACoS (Gao et al., 2017) Cook 75/27/25
10, 146/4, 589/4, 083 148.17 2, 033 287.14 10.05 5.45

TACoS (Zhang et al., 2020b) 9, 790/4, 436/4, 001 143.52 1, 983 287.14 9.42 25.26

Table 7: Statistics of the evaluated video grounding benchmark datasets, where NV is number of videos, NA is number of
annotations, N̄A/V denotes the average number of annotations per video, NVocab is the vocabulary size of lowercase words, L̄V
denotes the average length of videos in seconds, L̄Q denotes the average number of words in the sentence queries and L̄M
represents the average length of temporal moments in seconds.

Let x = (x1, . . . , xl) be a categorical distribu-
tion, where l is the number of categories, xc is the
probability score of category c and

∑l
c=1 xc = 1.

Given the i.i.d. Gumbel noise g = (g1, . . . , gl)
from Gumbel(0, 1) distribution8, the soft categori-
cal sample can be computed as:

y = Softmax
(
(log(x) + g)/τ

)
(21)

where τ > 0 is annealing temperature, and Eq. 21
is referred as Gumbel-Softmax operation on x.
As τ → 0+, y is equivalent to the Gumbel-Max
form (Gumbel, 1954; Maddison et al., 2014) as:

ŷ = Onehot
(
argmax(log(x) + g)

)
(22)

where ŷ is an unbiased sample from x and thus
we can draw differentiable samples from the dis-
tribution during training. Note, when input x is
unnormalized, the log(·) operator in Eq. 21 and 22
shall be omitted (Jang et al., 2017; Dong and Yang,
2019). During inference, discrete samples can be
drawn with the Gumbel-Max trick directly.

B Dataset and Parameter Settings

B.1 Dataset Statistics

The statistics of the evaluated benchmark datasets
are summarized in Table 7. Charades-STA dataset
consists of 6, 672 videos and 16, 128 annotations
(i.e., moment-query pairs) in total. ActivityNet
Captions (ANetCaps) dataset is taken from the
ActivityNet (Heilbron et al., 2015). The average
duration is about 120 seconds and each video con-
tains 3.68 annotations on average. TACoS dataset
contains 127 cooking activities videos with average
duration of 4.79 minutes, and 18, 818 annotations
in total. We follow the same train/val/test split as
Gao et al. (2017). Besides, Zhang et al. (2020b)

8The Gumbel(0, 1) distribution can be sampled using in-
verse transform sampling by drawing u ∼ Uniform(0, 1) and
computing g = − log(− log(u)) (Jang et al., 2017).

pre-processes the TACoS dataset, hence their ver-
sion is slightly different from the original version.
Detailed statistics are summarized in Table 7.

B.2 Hyper-Parameter Settings
We follow (Ghosh et al., 2019; Mun et al., 2020;
Rodriguez et al., 2020; Zhang et al., 2020a) and use
3D ConvNet pre-trained on Kinetics dataset (i.e.,
I3D9) (Carreira and Zisserman, 2017) to extract
visual features from videos. The maximal visual
feature sequence lengths are set to 64, 100, and
256 for Charades-STA, ActivityNet Captions, and
TACoS, respectively. This setting is based on the
average video lengths in the three datasets. The fea-
ture sequence length of a video will be uniformly
downsampled if it is larger than the pre-set thresh-
old, or zero-padding otherwise. For the language
queries, we lowercase all the words and initialize
them with GloVe (Pennington et al., 2014) embed-
dings10. The word embeddings and extracted visual
features are fixed during training.

For other hyper-parameters, we use the same set-
tings for all datasets. The dimension of the hidden
layers is 128; the head number in multi-head atten-
tion is 8; the number of SGPA blocks (NSGPA) is
2; the annealing temperature τ of Gumbel-Softmax
is 0.3; The Dropout (Srivastava et al., 2014) is
0.2. The maximal training epochs E = 100 is
used, with batch size of 16 and early stopping tol-
erance of 10 epochs. We adopt Adam (Kingma
and Ba, 2015) optimizer, with initial learning rate
of β0 = 0.0001, weight decay 0.01, and gradient
clipping 1.0, to train the model. The learning rate
decay strategy is defined as βe = β0 × (1 − e

E ),
where e denotes the e-th training epoch.

The SeqPAN is implemented using TensorFlow
1.15.0 with CUDA 10.0 and cudnn 7.6.5.
All the experiments are conducted on a workstation
with dual NVIDIA GeForce RTX 2080Ti GPUs.

9https://github.com/deepmind/kinetics-i3d
10http://nlp.stanford.edu/data/glove.840B.300d.zip
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Abstract

Symbolic music understanding, which refers
to the understanding of music from the sym-
bolic data (e.g., MIDI format, but not audio),
covers many music applications such as genre
classification, emotion classification, and mu-
sic pieces matching. While good music rep-
resentations are beneficial for these applica-
tions, the lack of training data hinders repre-
sentation learning. Inspired by the success of
pre-training models in natural language pro-
cessing, in this paper, we develop MusicBERT,
a large-scale pre-trained model for music un-
derstanding. To this end, we construct a
large-scale symbolic music corpus that con-
tains more than 1 million music songs. Since
symbolic music contains more structural (e.g.,
bar, position) and diverse information (e.g.,
tempo, instrument, and pitch), simply adopt-
ing the pre-training techniques from NLP to
symbolic music only brings marginal gains.
Therefore, we design several mechanisms, in-
cluding OctupleMIDI encoding and bar-level
masking strategy, to enhance pre-training with
symbolic music data. Experiments demon-
strate the advantages of MusicBERT on four
music understanding tasks, including melody
completion, accompaniment suggestion, genre
classification, and style classification. Abla-
tion studies also verify the effectiveness of
our designs of OctupleMIDI encoding and bar-
level masking strategy in MusicBERT.

1 Introduction

Music understanding, including tasks like genre
classification, emotion classification, music pieces
matching, has attracted lots of attention in both
academia and industry. A better understanding of
melody, rhythm, and music structure is not only
beneficial for music information retrieval (Casey
et al., 2008) but also helpful for music genera-

∗∗Corresponding author: Xu Tan, xuta@microsoft.com

tion (Huang et al., 2018; Sheng et al., 2020). Sim-
ilar to natural language, music is usually repre-
sented in symbolic data format (e.g., MIDI) (Jack-
endoff, 2009; McMullen and Saffran, 2004) with se-
quential tokens, and some methods (Mikolov et al.,
2013a,b) from NLP can be adopted for symbolic
music understanding. Since the labeled training
data for each music understanding task is usually
scarce, previous works (Liang et al., 2020; Chuan
et al., 2020) leverage unlabeled music data to learn
music token embeddings, similar to word embed-
dings in natural language tasks. Unfortunately, due
to their shallow structures and limited unlabeled
data, such embedding-based approaches have lim-
ited capability to learn powerful music representa-
tions.

In recent years, pre-trained language models
(e.g., BERT) have been verified to be powerful for
representation learning from large-scale unlabeled
text corpora (Devlin et al., 2018; Radford et al.,
2019; Yang et al., 2019; Song et al., 2019; Brown
et al., 2020; Song et al., 2020). However, it is
challenging to directly apply the pre-training tech-
niques from NLP to symbolic music because of the
difference between natural text data and symbolic
music data. First, since music songs are more struc-
tural (e.g., bar, position) and diverse (e.g., tempo,
instrument, and pitch), encoding symbolic music
is more complicated than natural language. The
existing pianoroll-like (Ji et al., 2020) and MIDI-
like (Huang and Yang, 2020; Ren et al., 2020) rep-
resentations of a song are too long to be processed
by pre-trained models. For example, the length of
a music song encoded by REMI (Huang and Yang,
2020) has an average length of 15,679, as shown
in Table 1. Due to the limits of computational re-
sources, the length of sequences processed by a
Transformer model is usually cropped to below
1,000. Thus such representations cannot capture
sufficient information for song-level tasks. Accord-
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ingly, an effective, efficient, and universal symbolic
music encoding method is needed for music repre-
sentation learning. Second, due to the complicated
encoding of symbolic music, the pre-training mech-
anism (e.g., the masking strategy like the masked
language model in BERT) should be carefully de-
signed to avoid information leakage in pre-training.
Third, as pre-training relies on large-scale corpora,
the lack of large-scale symbolic music corpora lim-
its the potential of pre-training for music under-
standing.

Encoding OctupleMIDI CP-like REMI-like

Tokens 3607 6906 15679

Table 1: The average number of tokens per song on
LMD dataset with different encoding methods.

In this paper, we develop MusicBERT, a large-
scale pre-trained model with carefully designed
music encoding and masking strategy for music
understanding.

• We design a novel music encoding method called
OctupleMIDI, which encodes each note into a
tuple with 8 elements. These 8 elements repre-
sent the different aspects of the characteristics of
a musical note, including time signature, tempo,
bar, position, instrument, pitch, duration, and ve-
locity. OctupleMIDI has several advantages: 1)
It largely reduces the length of a music sequence
(4x shorter than REMI (Huang and Yang, 2020)
and 2x shorter than CP (Hsiao et al., 2021)),
thus easing the modeling of music sequences by
Transformer considering that music sequences
themselves are very long. 2) It is note centric.
Since each note contains the same 8-tuple struc-
ture and covers adequate information to express
various music genres, such as changing time sig-
nature and long note duration, OctupleMIDI is
much simpler and more universal than previous
encoding methods.

• We carefully analyze the masking strategies for
symbolic music understanding and propose a
bar-level masking strategy for MusicBERT. The
masking strategy in original BERT for NLP tasks
randomly masks some tokens, which will cause
information leakage in music pre-training. For
example, some attributes are usually the same in
a segment of consecutive tokens, such as time
signature, tempo, instrument, bar, and position.

Therefore, the masked tokens can be easily pre-
dicted by directly copying from the adjacent to-
kens since they are probably the same. Mean-
while, adjacent pitches usually follow the same
chord so that a masked pitch token can be eas-
ily inferred from the adjacent tokens in the same
chord. Therefore, we propose a bar-level mask-
ing strategy, which masks all the tokens of the
same type (e.g., time signature, bar, instrument,
or pitch) in a bar to avoid information leakage
and encourage effective representation learning.

• Last but not least, we collect a large-scale and
diverse symbolic music dataset, denoted as Mil-
lion MIDI Dataset (MMD), that contains more
than 1 million music songs, with different gen-
res, including Rock, Electronic, Rap, Jazz, Latin,
Classical, etc. To our knowledge, it is the largest
in current literature, which is 10 times larger
than the previous largest dataset LMD (Raffel,
2016) in terms of the number of songs as shown
in Table 2. Thus, this dataset greatly benefits
representation learning for music understanding.

We fine-tune the pre-trained MusicBERT on four
downstream music understanding tasks, including
melody completion, accompaniment suggestion,
genre classification, and style classification, and
achieve state-of-the-art results on all the tasks. Fur-
thermore, ablation studies show the effectiveness
of the individual components in MusicBERT, in-
cluding the OctupleMIDI encoding, the bar-level
masking strategy, and the large-scale corpus.

The main contributions of this paper are summa-
rized as follows:

• We pre-train MusicBERT on a large-scale sym-
bolic music corpus that contains more than 1
million music songs and fine-tune MusicBERT
on some music understanding tasks, achieving
state-of-the-art results.

• We propose OctupleMIDI, an efficient and uni-
versal music encoding for music understanding,
which leads to much shorter encoding sequences
and is universal for various kinds of music.

• We design a bar-level masking strategy as the
pre-training mechanism for MusicBERT, which
significantly outperforms the naive token-level
masking strategy used in natural language pre-
training.
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2 Related Works

2.1 Symbolic Music Understanding
Inspired by word2vec (Mikolov et al., 2013a,b) in
NLP, previous works on symbolic music under-
standing learn music embedding by predicting a
music symbol based on its neighborhood symbols.
Huang et al. (2016); Madjiheurem et al. (2016) re-
gard chords as words in NLP and learn chords rep-
resentations using the word2vec model. Herremans
and Chuan (2017); Chuan et al. (2020); Liang et al.
(2020) divide music pieces into non-overlapping
music slices with a fixed duration and train the em-
beddings for each slice. Hirai and Sawada (2019)
cluster musical notes into groups and regard such
groups as words for representation learning. How-
ever, the word2vec-based approaches mentioned
above only use relatively small neural network
models and take only a few (usually 4-5) surround-
ing music tokens as inputs, which have limited
capability compared with recently developed deep
and big pre-trained models like BERT (Devlin et al.,
2018), which takes a long sentence (e.g., with 512
words/tokens) as input. In this paper, we pre-train
big/deep models over a large-scale music corpus
and use more context as input to improve symbolic
music understanding.

2.2 Symbolic Music Encoding
There are two main approaches to encode symbolic
music: pianoroll-based and MIDI-based.

In pianoroll-based methods (Ji et al., 2020; Brun-
ner et al., 2018), music is usually encoded into a
2-dimensional binary matrix, where one dimension
represents pitches, and the other represents time
steps. Each element in the matrix indicates whether
the pitch is played at that time step. As a result, a
note is always divided into multiple fixed intervals,
which is inefficient, especially for long notes.

MIDI is a technical standard for transferring dig-
ital instrument data. Many works in symbolic mu-
sic (Oore et al., 2020; Huang et al., 2018) encode
music pieces based on MIDI events, including note-
on, note-off, time-shift, etc. REMI (Huang and
Yang, 2020) improves the basic MIDI-like encod-
ing using note-duration, bar, position, chord, and
tempo. Inspired by REMI (Huang and Yang, 2020),
PopMAG (Ren et al., 2020) and Compound Word
(CP) (Hsiao et al., 2021) compress the attributes
of a note, including pitch, duration, and velocity,
into one symbol and reduces duplicated position
events. Although such MIDI-like approaches avoid

redundancy for long notes, they still need multi-
ple tokens to represent the attributes, position, and
metadata of a single note, which can be further
compressed. This paper proposes OctupleMIDI, a
MIDI-based encoding method, which is efficient
due to the reduced sequence length and universal
to support various music genres.

2.3 Masking Strategies in Pre-training

Masking strategies play a key role in NLP pre-
training. For example, BERT (Devlin et al., 2018)
and RoBERTa (Liu et al., 2019) randomly mask
some tokens in an input sequence and learn to
predict the masked tokens. Furthermore, since
adjacent tokens may form a word or a phrase,
some works consider masking consecutive tokens.
For example, MASS (Song et al., 2019) randomly
masks a fragment of several consecutive tokens
in the input, and SpanBERT (Joshi et al., 2020)
randomly masks contiguous spans instead of to-
kens. However, symbolic music is different from
language. First, symbolic music contains structural
(e.g., bar, position) and diverse information (e.g.,
tempo, instrument, and pitch), while natural lan-
guage can be regarded as homogeneous data, which
only contains text. Second, music and language
follow different rules. Specifically, the language
rules include grammar and spelling, while the mu-
sic rules include beat, chord, etc. Accordingly, the
masking strategies for symbolic music need to be
specifically designed; otherwise, it may limit the
potential of pre-training because of information
leakage, as we analyzed before. In this paper, we
carefully design a bar-level masking strategy for
symbolic music pre-training.

3 Methodology

In this section, we introduce MusicBERT, a large-
scale Transformer model for symbolic music under-
standing. We first overview the model structure and
then describe the OctupleMIDI encoding and mask-
ing strategy for pre-training. At last, we describe
the large-scale music corpus with over 1 million
songs used in MusicBERT pre-training.

3.1 Model Overview

As shown in Figure 1, MusicBERT pre-trains a
Transformer encoder (Vaswani et al., 2017; De-
vlin et al., 2018), with masked language modeling
where some tokens in the input music sequence are
masked and are predicted in the model output. To
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Figure 1: Model structure of MusicBERT.

encode the music sequence more efficiently, we pro-
pose a novel encoding method called OctupleMIDI,
which encodes a symbolic music piece into a se-
quence of octuple tokens (an 8-tuple) that contains
8 basic elements related to a music note (we intro-
duce OctupleMIDI in detail in Sec. 3.2). To convert
the octuple tokens in each sequence step into the
input of the Transformer encoder, we concatenate
the embeddings of the 8 elements and use a linear
layer to convert them into a single vector. Then,
the converted vector is added with the correspond-
ing position embeddings and taken as the input of
the Transformer encoder. To predict each of the 8
tokens in the 8-tuple from the Transformer encoder,
we add 8 different softmax layers to map the hid-
den of the Transformer encoder to the vocabulary
sizes of 8 different element types, respectively.

3.2 OctupleMIDI Encoding

Previous works (Liang et al., 2020) encode the
symbolic music in a pianoroll-like way, which is
not efficient since a note is always divided into
multiple fixed small intervals (e.g., a quarter note
is represented with 8 consecutive tokens). MIDI-
like approaches (Huang and Yang, 2020; Ren et al.,
2020; Hsiao et al., 2021) encode a note into several
tokens based on MIDI events, making encoding
much shorter, and has been widely used in music
generation tasks. However, previous MIDI-like
representations are still long for the Transformer
structure due to computation complexity and learn-
ing efficiency. Accordingly, we propose a com-
pact symbolic music encoding method called Octu-
pleMIDI for music understanding tasks. As shown
in Fig. 2, OctupleMIDI encodes 6 notes into 6 to-
kens, which is much shorter than 33 tokens with
REMI (Huang and Yang, 2020) and 16 tokens with
CP (Hsiao et al., 2021). Meanwhile, OctupleMIDI

is general for various kinds of music. For example,
OctupleMIDI supports changeable time signature
and tempo.

In OctupleMIDI, we use sequences of octuple
tokens to represent symbolic music. Each octu-
ple token corresponds to a note and contains 8
elements, including time signature, tempo, bar, po-
sition, instrument, pitch, duration, and velocity. We
introduce the details of each element as follows:

• Time signature. A time signature is denoted as
a fraction (e.g., 2/4), where the denominator is
a power of two in range [1, 64], representing
the length of a beat (measured by note duration,
e.g., a quarter note in 2/4), and the numerator
is an integer in range [1, 128], representing the
number of beats in a bar (e.g., 2 beats in 2/4).
The value of the fraction measures the duration
of a bar normalized by a whole note (e.g., 2/4
means that the duration of a bar is a half note).
We consider the duration of a bar is no more than
two whole notes. Otherwise, we divide a long
bar into several equal-duration bars no longer
than two whole notes. Therefore, there are 254
different valid time signatures in OctupleMIDI.

• Tempo. Tempo is measured in beats per minute
(BPM), which describes the pace of music. In
most music samples, tempo values are in range
[24, 200]. For OctupleMIDI encoding, we quan-
tize tempo values to 49 different values from 16
to 256, forming a geometric sequence.

• Bar and position. We use bar and position to in-
dicate the on-set time of a note hierarchically. In
the coarse level, we use 256 tokens ranging from
0 to 255 to represent the bar, supporting up to 256
bars in a music piece, which is sufficient in most
cases. In the fine-grained level (inside each bar),
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Figure 2: Different encoding methods for symbolic music.

we use position with a granularity of 1/64 note to
represent the on-set time of a note, starting from
0 in each bar. Therefore, we need 128 tokens to
represent position since the duration of a bar is no
more than two whole notes, as described above.
For example, in a bar with a time signature of
3/4, the possible value of position is from 0 to
47.

• Instrument. According to the MIDI format, we
use 129 tokens to represent instruments, where
0 to 127 stands for different general instruments
such as piano and bass, and 128 stands for the
special percussion instrument such as drum.

• Pitch. For notes of general instruments, we use
128 tokens to represent pitch values following the
MIDI format. However, for notes of percussion
instruments, there are no pitches but percussion
types (e.g., bass drum, hand clap). Therefore,
we use another 128 “pitch” tokens to represent
percussion type for percussion instruments.

• Duration. To support the long note duration (up
to 60 whole notes in the common music genre)
with a fixed set of duration tokens, we propose a
mixed resolution method: using high resolution
(e.g., sixty-fourth note) when the note duration
is small and using a low resolution (e.g., thirty-
second note or larger) when the note duration is
large. Specifically, we use 128 tokens to repre-
sent duration, starting from 0, with an increment

of sixty-fourth note for the first 16 tokens, and
double the increment (i.e., thirty-second note)
every time for next 16 tokens. The duration for
percussion instruments is meaningless, so we al-
ways set them to 0.

• Velocity. We quantize the velocity of a note in
the MIDI format into 32 different values with an
interval of 4 (i.e., 2, 6, 10, 14, . . . , 122, 126).

An example of a music sequence in Octu-
pleMIDI encoding is shown in Fig. 2a.

3.3 Masking Strategy

Inspired by the masked language model in
BERT (Devlin et al., 2018), we randomly mask
some elements in the input sequence of octuple to-
kens and predict the masked ones. A naive masking
strategy is to randomly mask some octuple tokens
(mask all the elements in an octuple token), which
is denoted as octuple masking as shown in Fig. 2a.
However, considering the specific rules of music,
such naive strategy will cause information leakage,
and thus cannot well learn the contextual represen-
tation.

A music song consists of multiple bars, which
can be regarded as highly internally related units.
An octuple token can be easily inferred from the
adjacent tokens in the same bar. Specifically, time
signature, tempo, and bar usually remain the same
in the same bar. Instrument and position values
in the same bar follow regular patterns, where the
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instrument is limited to a small-scale fixed set of
values, and the position values are non decreas-
ing. Moreover, a chord is a fixed combination of
pitches, which always appear in adjacent positions.
Accordingly, we propose a novel bar-level mask-
ing strategy, where the elements with the same
type in the same bar are regarded as a unit and are
masked simultaneously. In this way, information
leakage can be avoided, and better contextual rep-
resentation can be learned through pre-training. An
example of bar-level masking is shown in Fig. 2a.

For the masked elements, 80% of them are
replaced with [MASK], 10% of them are re-
placed with a random element, and 10% remain
unchanged, following the common practice (De-
vlin et al., 2018; Joshi et al., 2020; Liu et al., 2019).
Inspired by RoBERTa (Liu et al., 2019), we remove
the next sentence prediction task in pre-training
and adopt a dynamic masking strategy, where the
masked sequence is generated every time when
feeding a sequence to the model.

3.4 Pre-training Corpus

A large-scale music dataset is necessary to learn
good music representations from pre-training.
However, previous symbolic music datasets are
usually of small scale: 1) the MAESTRO dataset
(Hawthorne et al., 2019) contains only one thou-
sand piano performances; 2) the GiantMIDI-Piano
dataset (Kong et al., 2020a,b) contains slightly
larger but still only ten thousands of piano per-
formances; 3) the largest open-sourced symbolic
music dataset by now is the Lakh-MIDI Dataset
(LMD) (Raffel, 2016), which contains about 100K
songs.

To pre-train a powerful model with good music
representations, we build a large-scale symbolic
music corpus with over 1.5 million songs. Specifi-
cally, we first crawled a large amount of music files,
cleaned files that are malformed or blank, and then
converted those files into our symbolic music en-
coding. Since OctupleMIDI encoding is universal,
most MIDI files can be converted to our encod-
ing without noticeable loss of musical information.
We found that these music files may have almost
identical music content even if their hash values
are different. Therefore, we developed an efficient
way to deduplicate them: we first omitted all ele-
ments except instrument and pitch in the encoding,
then got hash values of the remaining sequence and
use it as the fingerprint of this music file, which is

further used for deduplication. After cleaning and
deduplication, we obtained 1.5 million songs with
2 billion octuple tokens (musical notes). We denote
our dataset as Million-MIDI Dataset (MMD). We
compare the sizes of different music datasets in
Table 2.

Dataset Songs Notes (Millions)

MAESTRO 1,184 6
GiantMIDI-Piano 10,854 39
LMD 148,403 535

MMD 1,524,557 2,075

Table 2: The sizes of different music datasets. Since
LMD also consists of MIDI files from various websites,
we perform the same cleaning and deduplication pro-
cess as used in MMD and get 148,403 songs in LMD.

4 Experiments and Results

In this section, we first introduce the pre-training
setup for MusicBERT, and then fine-tune Mu-
sicBERT on several downstream music understand-
ing tasks to compare it with previous approaches.
Finally, more method analyses are conducted to ver-
ify the effectiveness of the designs in MusicBERT.

4.1 Pre-training Setup

Model Configuration We pre-train two versions
of MusicBERT: 1) MusicBERTsmall on the small-
scale LMD dataset, which is mainly for a fair
comparison with previous works on music under-
standing such as PiRhDy (Liang et al., 2020) and
melody2vec (Hirai and Sawada, 2019), which are
also pre-trained on LMD; 2) MusicBERTbase on the
large-scale MMD dataset, for pushing the SOTA
results and showing the scalability of MusicBERT.
The details of the two MusicBERT models are
shown in Table 4. We use our proposed bar-level
masking strategy with a masking probability of
15%. In addition, we use tokens of 8 duplicated
elements to represent the class token and the end
of sequence token. They are also masked with a
15% probability.

Pre-training Details The average sequence
length of OctupleMIDI representation of a song is
3607 tokens as shown in Table 1, which is too long
to model in Transformer. Therefore, we randomly
sample segments with a length of 1024 tokens for
pre-training. Following Liu et al. (2019), we pre-
train MusicBERT on 8 NVIDIA V100 GPUs for 4
days, and there are 125,000 steps in total, with a

796



Model
Melody Completion Accompaniment Suggestion Classification

MAP HITS HITS HITS HITS MAP HITS HITS HITS HITS Genre Style
@1 @5 @10 @25 @1 @5 @20 @25 F1 F1

melody2vecF 0.646 0.578 0.717 0.774 0.867 - - - - - 0.649 0.299
melody2vecB 0.641 0.571 0.712 0.772 0.866 - - - - - 0.647 0.293
tonnetz 0.683 0.545 0.865 0.946 0.993 0.423 0.101 0.407 0.628 0.897 0.627 0.253
pianoroll 0.762 0.645 0.916 0.967 0.995 0.567 0.166 0.541 0.720 0.921 0.640 0.365
PiRhDyGH 0.858 0.775 0.966 0.988 0.999 0.651 0.211 0.625 0.812 0.965 0.663 0.448
PiRhDyGM 0.971 0.950 0.995 0.998 0.999 0.567 0.184 0.540 0.718 0.919 0.668 0.471

MusicBERTsmall 0.982 0.971 0.996 0.999 1.000 0.930 0.329 0.843 0.993 0.997 0.761 0.626
MusicBERTbase 0.985 0.975 0.997 0.999 1.000 0.946 0.333 0.857 0.996 0.998 0.784 0.645

Table 3: Results of different models on the four downstream tasks: melody completion, accompaniment suggestion,
genre classification, and style classification. We choose four baseline models: Melody2vec (Hirai and Sawada,
2019) is widely used in music understanding tasks, tonnetz (Chuan and Herremans, 2018) and pianoroll (Dong
et al., 2018) are classical methods for music representation, PiRhDy (Liang et al., 2020) is a new model that
significantly outperforms previous models in all four downstream tasks. Results of melody2vec on accompaniment
suggestion task are emitted since it only encodes melody part of music.

MusicBERT small base

Number of layers 4 12
Element embedding size 512 768
Hidden size 512 768
FFN inner hidden size 2048 3072
#Attention heads 8 12
Pre-training dataset LMD MMD

Table 4: The model configurations of MusicBERT.

batch size of 256 sequences, each has a maximum
length of 1024 tokens. We use Adam (Kingma and
Ba, 2014) optimizer with β1=0.9, β2=0.98, ε=1e-6
and L2 weight decay of 0.01. The learning rate
is warmed up over the first 25,000 steps to a peak
value of 5e-4 and then linearly decayed. Dropout
value on all layers and attention weights are set to
0.1.

4.2 Fine-tuning MusicBERT

We fine-tune MusicBERT on four downstream
tasks: two phrase-level tasks (i.e., melody com-
pletion and accompaniment suggestion) and two
song-level tasks (i.e., genre and style classifica-
tion). For the two phrase-level tasks, the learning
rate is warmed up over the first 50,000 steps to a
peak value of 5e-5 and then linearly decayed un-
til reaching 250,000 total updates. For the two
song-level tasks, the learning rate is warmed up
over the first 4,000 steps to a peak value of 5e-5
and then linearly decayed until reaching 20,000
total updates. The batch size is set to 64 sequences
for both tasks. Other settings are the same as pre-
training. We compare MusicBERT with previous
works on symbolic music understanding, including

PiRhDy (Liang et al., 2020) and melody2vec (Hirai
and Sawada, 2019).

4.2.1 Melody Completion
Melody completion (Liang et al., 2020) is to find
the most matched consecutive phrase in a given set
of candidates for a given melodic phrase. There are
1,793,760 data pairs in the training set and 198,665
data groups in the test set in this task (Liang et al.,
2020). Each training data pair consists of one pos-
itive sample and one negative sample, while each
test data group consists of 1 positive sample and 49
negative samples. We use mean average precision
(MAP) and HITS@k (k=1, 5, 10, 25, indicating the
rate of correctly chosen phrase in the top k candi-
dates) as evaluation metrics, making comparisons
with PiRhDy (Liang et al., 2020), melody2vec (Hi-
rai and Sawada, 2019), pianoroll (Dong et al.,
2018), tonnetz (Chuan and Herremans, 2018). As
shown in Table 3, MusicBERTsmall outperforms all
previous works on the same pre-training dataset
LMD, indicating the advantage of MusicBERT
on learning representations from melodic con-
text. MusicBERTbase with a larger model and
pre-training corpus can further achieve better re-
sults, showing the effectiveness of large-scale pre-
training.

4.2.2 Accompaniment Suggestion
Accompaniment suggestion (Liang et al., 2020) is
to find the most related accompaniment phrase in a
given set of harmonic phrase candidates for a given
melodic phrase. There are 7,900,585 data pairs
in the training set, each consisting of one positive
sample and one negative sample, and 202,816 data

797



groups in the test set (Liang et al., 2020). Each
group in the test set consists of N positive sam-
ples and (50-N) negative samples when there are
N accompaniment tracks in the MIDI file of that
sample. We use mean average precision (MAP)
and HITS@k as metrics, making comparisons with
PiRhDy (Liang et al., 2020), pianoroll (Dong et al.,
2018), tonnetz (Chuan and Herremans, 2018). As
shown in Table 3, MusicBERT models perform
much better than previous works, indicating the
advantages of MusicBERT in understanding har-
monic context.

4.2.3 Genre and Style Classification

Genre classification and style classification (Fer-
raro and Lemström, 2018) are multi-label classi-
fication tasks. Following Ferraro and Lemström
(2018), we use the TOP-MAGD dataset for genre
classification and the MASD dataset for style clas-
sification. TOP-MAGD contains 22,535 annotated
files of 13 genres, and MASD contains 17,785 files
of 25 styles. We evaluate MusicBERT on TOP-
MAGD and MASD using 5-fold cross-validation
and use the F1-micro score as the metric (Liang
et al., 2020; Ferraro and Lemström, 2018; Oramas
et al., 2017). Due to the limitation of computational
resources, for songs with more than 1,000 octuple
tokens, we randomly crop segments with 1,000
tokens. On average, the selected segment covers
more than 1/4 of a music song according to Table 1,
which is enough to capture sufficient information
for identifying genres and styles. As shown in
Table 3, MusicBERT models significantly outper-
form previous works, indicating that MusicBERT
can perform well on song-level tasks.

4.3 Method Analysis

In this subsection, we analyze the effectiveness
of each design in MusicBERT, including Octu-
pleMIDI encoding, bar-level masking strategy, and
the pre-training itself. We conduct experiments
on MusicBERTsmall with a maximum sequence
length of 250 due to the huge training cost of
MusicBERTbase. For simplicity, we treat melody
completion and accompaniment suggestion as bi-
nary classification tasks: classifying matched and
not matched melody or accompaniment pairs, in-
stead of ranking a group of pairs by predicted match
score. We use the accuracy percentage score as the
metric for these two binary classification tasks.

Effectiveness of OctupleMIDI We compare
our proposed OctupleMIDI encoding with
REMI (Huang and Yang, 2020) and CP (Hsiao
et al., 2021) by training MusicBERTsmall models
with each encoding respectively and evaluate on
downstream tasks. As shown in Table 5, for song-
level tasks (i.e., genre and style classification),
OctupleMIDI significantly outperforms REMI and
CP based encoding, since the model can learn
from a larger proportion of a music song with
the compact OctupleMIDI encoding, given all
encoding methods use the same length of sequence
for pre-training. For phrase-level tasks (melody
completion and accompaniment suggestion), the
input sequence length is usually less than the
truncate threshold. Thus, benefiting from the short
representation, OctupleMIDI significantly reduces
the computational complexity of the Transformer
encoder, which is only 1/16 of that with REMI-like
encoding and 1/4 of that with CP-like encoding.
Moreover, according to Table 5, OctupleMIDI
performs better than the other two encoding
methods on phrase-level tasks.

Encoding Melody Accom. Genre Style

CP-like 95.7 87.2 0.719 0.510
REMI-like 92.0 86.5 0.689 0.487

OctupleMIDI 96.7 87.9 0.730 0.534

Table 5: Results of different encoding methods. “Ac-
com.” represents accompaniment suggestion task.

Effectiveness of Bar-Level Masking We com-
pare our proposed bar-level masking strategy with
two other strategies: 1) Octuple masking, as men-
tioned in Sec. 3.3 and Fig. 2a; 2) Random masking,
which randomly masks the elements in the octu-
ple token similar to the masked language model
in BERT. We use the same masking ratio for all
these strategies. As shown in Table 6, our proposed
bar-level masking can effectively boost results on
downstream tasks.

Mask Melody Accom. Genre Style

Random 96.3 87.8 0.708 0.533
Octuple 96.0 87.3 0.722 0.530

Bar 96.7 87.9 0.730 0.534

Table 6: Results of different masking strategies.

Effectiveness of Pre-training To show the ad-
vantage of pre-training in MusicBERT, we com-
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pare the performance of MusicBERTsmall with and
without pre-training. As shown in Table 7, pre-
training achieves much better scores on the four
downstream tasks, demonstrating the critical role
of pre-training on symbolic music understanding.

Model Melody Accom. Genre Style

No pre-train 92.4 76.9 0.662 0.395

MusicBERT 96.7 87.9 0.730 0.534

Table 7: Results with and without pre-training.

5 Conclusion

In this paper, we developed MusicBERT, a large-
scale pre-trained model for symbolic music un-
derstanding. Instead of simply adopting the pre-
training methods from NLP to symbolic music,
we handle the distinctive challenges in music
pre-training with several careful designs in Mu-
sicBERT, including the efficient and universal Octu-
pleMIDI encoding, the effective bar-level masking
strategy, and the large-scale symbolic music corpus
with more than 1 million music songs. MusicBERT
achieves state-of-the-art performance on all of the
four evaluated symbolic music understanding tasks,
including melody completion, accompaniment sug-
gestion, genre classification, and style classifica-
tion. Method analyses also verify the effectiveness
of each design in MusicBERT. For future work, we
will apply MusicBERT on other music understand-
ing tasks such as chord recognition and structure
analysis to boost the performance.
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Abstract
While automatic summarization evaluation
methods developed for English are routinely
applied to other languages, this is the first at-
tempt to systematically quantify their panlin-
guistic efficacy. We take a summarization cor-
pus for eight different languages, and manu-
ally annotate generated summaries for focus
(precision) and coverage (recall). Based on
this, we evaluate 19 summarization evaluation
metrics, and find that using multilingual BERT
within BERTScore performs well across all
languages, at a level above that for English.

1 Introduction

Although manual evaluation (Nenkova and Passon-
neau, 2004; Hardy et al., 2019) of text summa-
rization is more reliable and interpretable, most
research on text summarization employs automatic
evaluations such as ROUGE (Lin, 2004), ME-
TEOR (Lavie and Agarwal, 2007), MoverScore
(Zhao et al., 2019), and BERTScore (Zhang et al.,
2020b) because they are time- and cost-efficient.

In proposing these metrics, the authors measured
correlation with human judgments based on En-
glish datasets that are not representative of modern
summarization systems. For instance, Lin (2004)
use DUC1 2001–2003 for ROUGE (meaning sum-
maries were generated with largely outdated ex-
tractive summarization systems); Zhao et al. (2019)
use the TAC2 dataset for MoverScore (again, fea-
turing summaries from largely defunct systems;
see Peyrard (2019) and Rankel et al. (2013)); and
Zhang et al. (2020b) developed BERTScore based
on a machine translation corpus (WMT). In contem-
poraneous work, Bhandari et al. (2020) address this
issue by annotating English CNN/DailyMail sum-
maries produced by recent summarization models,
and found disparities over results from TAC.

1https://duc.nist.gov/data.html
2https://tac.nist.gov/data/

	Gold	summary	:	Info-A;	Info-B;	Info-C

Good	focus,	and	Good	coverage	
Good	focus,	and	Bad	coverage			
Bad	focus,	and	Good	coverage
Bad	focus,	and	Bad	coverage

	:	Info-A;	Info-B;	Info-C	
	:	Info-A;	Info-A
	:	Info-A;	Info-B;	Info-C;	Info-D;	Info-E
	:	Info-D;	Info-E;	Info-F

	System	summary:

Figure 1: Illustration of focus and coverage.

Equally troublingly, ROUGE has become the
default summarization evaluation metric for lan-
guages other than English (Hu et al., 2015; Scialom
et al., 2020; Ladhak et al., 2020; Koto et al., 2020b),
despite there being no systematic validation of its
efficacy across other languages. The questions
we ask in this study, therefore, are twofold: (1)
How well do existing automatic metrics perform
over languages other than English? and (2) What
automatic metric works best across different lan-
guages?

In this paper, we examine content-based summa-
rization evaluation from the aspects of precision
and recall, in the form of focus and coverage to
compare system-generated summaries to ground-
truth summaries (see Figure 1). As advocated by
Koto et al. (2020a), focus and coverage are more
interpretable and fine grained than the harmonic
mean (F1 score) of ROUGE. This is also in line
with the review of Hardy et al. (2019) on linguistic
properties that have been manually evaluated in re-
cent summarization research, who found precision
and recall to be commonly used to complement
ROUGE F1.

While it may seem more natural and reliable to
evaluate focus and coverage based on the source
document than the ground-truth summary, we use
the ground-truth summary in this research for the
following reasons. First, historically, validation of
automatic evaluation metrics for summarization has
been based primarily on ground-truth summaries
(not source documents). Second, ROUGE (Lin,
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2004) was initially motivated and assessed based
on coverage over the DUC datasets3 (Lin and Hovy,
2002) using annotations based on reference sum-
maries (not source documents). Third, although
it is certainly possible to generate different sum-
maries for the same source document, we argue
that the variance in content is actually not that
great, especially for single-document summariza-
tion. Lastly, basing human evaluation (of focus and
coverage) on the source article leads to more com-
plicated annotation schemes, and has been shown
to yield poor annotations (Nenkova and Passon-
neau, 2004; Fabbri et al., 2020).

In summary, this paper makes three contribu-
tions: (1) we carry out the first systematic attempt
to quantify the efficacy of automatic summariza-
tion metrics over 8 linguistically-diverse languages,
namely English (EN), Indonesian (ID), French
(FR), Turkish (TR), Mandarin Chinese (ZH), Rus-
sian (RU), German (DE), and Spanish (ES); (2)
we evaluate an extensive range of traditional and
model-based metrics, and find BERTScore to be
the best metric for evaluating both focus and cov-
erage; and (3) we release a manually-annotated
multilingual resource for summarization evaluation
comprising 4,320 annotations. Data and code used
in this paper is available at: https://github.com/
fajri91/Multi SummEval.

2 Related Work

As with much of NLP, research on automatic
summarization metrics has been highly English-
centric. Graham (2015) comprehensively evalu-
ated 192 ROUGE variations based on the DUC-
2004 (English) dataset. Bhandari et al. (2020) re-
leased a new (English) evaluation dataset by anno-
tating CNN/DailyMail using simplified Pyramid
(Nenkova and Passonneau, 2004). First, seman-
tic content units (SCUs) were manually extracted
from the reference, and crowd-workers were then
asked to count the number of SCUs in the sys-
tem summary. Their annotation procedure does
not specifically consider focus, but is closely re-
lated to the coverage aspect of our work. Simi-
larly, Fabbri et al. (2020) annotated the (English)
CNN/DailyMail dataset for the four aspects of co-
herence, consistency, fluency, and relevance. While
their work does not specifically study focus and
coverage, relevance in their work can be interpreted
as the harmonic mean of focus and coverage.

3DUC 2001, 2002, 2003

There is little work on summarization evaluation
for languages other than English, and what work ex-
ists is primarily based on summaries generated by
unsupervised extractive models dating back more
than a decade, for a small handful of languages.
Two years prior to ROUGE, Saggion et al. (2002)
proposed a summarization metric using similar-
ity measures for English and Chinese, based on
cosine similarity, unit overlap, and the longest com-
mon subsequence (“LCS”) between reference and
system summaries. In other work, Saggion et al.
(2010) investigated coverage, responsiveness, and
pyramids for several extractive models in English,
French, and Spanish.

To the best of our knowledge, we are the first
to systemically quantify the panlinguistic efficacy
of evaluation metrics for modern summarization
systems.

3 Evaluation Metrics

We assess a total of 19 different evaluation metrics
that are commonly used in summarization research
(noting that lesser-used metrics such as FRESA
(Saggion et al., 2010) and RESA (Cohan and Go-
harian, 2016) are omitted from this study).

ROUGE (Lin, 2004) measures the lexical
overlap between the system and reference sum-
mary; based on the findings of Graham (2015),
we consider 7 variants in this paper: ROUGE-
1 (unigram), ROUGE-2 (bigram), ROUGE-3
(trigram), ROUGE-L (LCS), ROUGE-S (skip-
bigram), ROUGE-SU (skip-bigram plus unigram),
and ROUGE-W (weighted LCS).4

METEOR (Lavie and Agarwal, 2007) performs
word-to-word matching based on word-alignment,
and was originally developed for MT but has re-
cently been used for summarization evaluation (See
et al., 2017; Chen and Bansal, 2018; Falke and
Gurevych, 2019; Amplayo and Lapata, 2020).5

BLEU (Papineni et al., 2002) is a precision-
based metric originally developed for MT, which
measures the n-gram match between the reference
and system summary. Based on the findings of
Graham (2015), we use BLEU-4 according to the
SacreBLEU implementation (Post, 2018).6

MoverScore (Zhao et al., 2019) measures the
Euclidean distance between two contextualized
BERT representations, and relies on soft align-

4https://github.com/bheinzerling/pyrouge
5http://www.cs.cmu.edu/∼alavie/METEOR/
6https://github.com/mjpost/sacrebleu

802



ments of words learned by solving an optimisation
problem.7 We adapt use the default configuration
(n-gram=1) over 5 different pre-trained models, as
detailed below. Note that MoverScore is symmetric
(i.e. MoverScore(x, y) = MoverScore(y, x)), and
as such is not designed to separately evaluate preci-
sion and recall.

BERTScore (Zhang et al., 2020b) computes the
similarity between BERT token embeddings of sys-
tem and reference summaries based on soft overlap,
in the form of precision, recall, and F1 scores.8

Zhang et al. (2020b) found that layer selection (i.e.
which layer to source the token embeddings from)
is critical to performance. Since layer selection in
the original paper was based on MT datasets, we
perform our own layer selection using a similar
methodology as the authors, specifically consid-
ering precision and recall for focus and coverage,
respectively.

For both MoverScore and BERTScore, we ex-
periment with two classes of BERT-style model:
(1) multilingual models, in the form of cased and
uncased multilingual BERT (Devlin et al., 2019),
and base and large XLM-R (Conneau et al., 2020),
for a total of 4 models;9 and (2) a monolingually-
trained BERT for the given language, as listed in
the Appendix. While we expect monolingual BERT
models to perform better, we also focus on multi-
lingual models, both to confirm whether this is the
case, and to be able to draw findings for languages
without monolingual models.

4 Experimental Setup

For each language, we sample 135 documents from
the test set of a pre-existing (single-document) sum-
marization dataset: (1) CNN/DailyMail (English:
Hermann et al. (2015)); (2) Liputan6 (Indonesian:
Koto et al. (2020b)); (3) LCSTS (Chinese: Hu et al.
(2015)); and (4) MLSUM (French, Turkish, Rus-
sian, German, Spanish: Scialom et al. (2020)). We
source summaries based on two popular models:
pointer generator network (See et al., 2017) and
BERT (Liu and Lapata, 2019; Dong et al., 2019),10

and have 3 annotators annotate focus and coverage

7https://github.com/AIPHES/emnlp19-moverscore
8 https://github.com/Tiiiger/bert score
9Note that both multilingual BERT and XLM were ex-

plicitly trained over all eight target languages used in this
paper.

10English, Indonesian and Chinese summaries were gener-
ated with the Liu and Lapata (2019) model, and the Dong et al.
(2019) model was used for the MLSUM-based languages.

Lang Quality (%)
Pearson correlation (r)

Agreement Focus–

Focus Coverage Coverage

EN 90 0.47 0.46 0.58
ID 97 0.64 0.63 0.80
FR 98 0.63 0.65 0.71
TR 97 0.74 0.79 0.74
ZH 92 0.61 0.60 0.78
RU 98 0.60 0.64 0.78
DE 90 0.78 0.83 0.89
ES 95 0.60 0.61 0.76

Table 1: Analysis of the annotations for each language,
in terms of: (1) average quality control score of ap-
proved HITs (%); (2) one-vs-rest human agreement (r);
and (3) correlation (r) between focus and coverage.

for each reference–system summary pair.11 The
motivation for using BERT-based systems is that
our study focuses on non-English summarization,
where BERT-based models dominate.12 The total
number of resulting annotations is: 8 languages ×
135 documents × 2 models × 2 criteria (= focus
and coverage) × 3 annotators = 12,960.

For annotation, we used Amazon Mechanical
Turk13 with the customized Direct Assessment
(“DA”) method (Graham et al., 2015; Graham et al.,
2017), which has become the de facto for MT eval-
uation in WMT. For each HIT (100 samples), DA
incorporates 10 pre-annotated samples for qual-
ity control. Crowd-sourced workers are given two
texts and asked the question (in the local language):
How much information contained in the second text
can also be found in the first text? We combine
focus and coverage annotation into 1 task, as the
only thing that differentiates them is the ordering
of the system and reference summaries, which is
opaque to the annotators.14 Workers responded by
scoring based via a slider button (continuous scale
of 1–100).15

For each HIT, we create 10 samples for quality
control: 5 samples are random pairs (should be

11Summaries for all datasets except LCSTS were sourced
from the authors of the dataset. For LCSTS, we trained the
two models ourselves based on the training data.

12BERT-based summaries are representative of transformer-
based model, and the ROUGE score gap over state-of-the-art
models (Zhang et al., 2020a) for English is only ∼2 points.

13https://www.mturk.com
14For focus, the first text is the reference and the second

text the system summary; for coverage, the order is reversed.
15See Appendix for the MTurk annotation interface for each

language.
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Focus Coverage

EN ID FR TR ZH RU DE ES Avg EN ID FR TR ZH RU DE ES Avg

Traditional Metrics

ROUGE-1 0.61 0.69 0.68 0.81 0.80 0.47 0.88 0.53 0.68 0.62 0.72 0.67 0.83 0.79 0.58 0.89 0.67 0.72
ROUGE-2 0.57 0.63 0.67 0.80 0.76 0.48 0.87 0.61 0.67 0.56 0.66 0.71 0.79 0.75 0.59 0.89 0.67 0.70
ROUGE-3 0.46 0.53 0.59 0.76 0.67 0.31 0.85 0.54 0.59 0.48 0.57 0.63 0.74 0.66 0.46 0.88 0.58 0.62
ROUGE-L 0.60 0.69 0.68 0.81 0.79 0.46 0.87 0.54 0.68 0.61 0.72 0.67 0.83 0.79 0.59 0.89 0.67 0.72
ROUGE-S 0.59 0.65 0.60 0.78 0.70 0.46 0.85 0.51 0.64 0.60 0.69 0.67 0.78 0.73 0.53 0.89 0.64 0.69
ROUGE-SU 0.59 0.66 0.61 0.78 0.72 0.43 0.85 0.50 0.64 0.60 0.70 0.68 0.78 0.75 0.56 0.89 0.65 0.70
ROUGE-W.12 0.60 0.67 0.67 0.81 0.78 0.44 0.87 0.53 0.67 0.58 0.69 0.67 0.81 0.78 0.59 0.89 0.66 0.71
METEOR 0.47 0.67 0.64 0.74 0.81 0.55 0.83 0.60 0.66 0.63 0.71 0.64 0.80 0.78 0.58 0.89 0.69 0.72
BLEU-4 0.46 0.56 0.64 0.70 0.70 0.39 0.85 0.50 0.60 0.48 0.58 0.59 0.67 0.69 0.31 0.85 0.54 0.59

MoverScore

mono-BERT 0.58 0.65 0.71 0.82 0.77 0.49 0.89 0.59 0.69 0.59 0.62 0.67 0.78 0.77 0.41 0.88 0.61 0.67
mBERT (cased) 0.54 0.68 0.77 0.79 0.76 0.60 0.88 0.63 0.70 0.52 0.69 0.72 0.75 0.75 0.49 0.85 0.68 0.68
mBERT (uncased) 0.59 0.69 0.78 0.81 0.76 0.60 0.89 0.67 0.72 0.59 0.69 0.75 0.77 0.75 0.50 0.86 0.70 0.70
XLM (base) 0.53 0.64 0.69 0.80 0.71 0.35 0.87 0.56 0.64 0.58 0.62 0.63 0.74 0.69 0.22 0.85 0.64 0.62
XLM (large) 0.51 0.58 0.68 0.79 0.57 0.33 0.87 0.53 0.61 0.55 0.62 0.59 0.72 0.58 0.21 0.84 0.56 0.58

BERTScore

mono-BERT 0.62 0.71 0.73 0.83 0.82 0.51 0.91 0.67 0.72 0.66 0.74 0.77 0.88 0.80 0.65 0.92 0.74 0.77
mBERT (cased) 0.56 0.71 0.73 0.83 0.78 0.56 0.90 0.59 0.71 0.67 0.73 0.70 0.87 0.79 0.72 0.90 0.71 0.76
mBERT (uncased) 0.61 0.71 0.72 0.83 0.79 0.55 0.90 0.62 0.72 0.64 0.74 0.72 0.87 0.79 0.70 0.90 0.71 0.76
XLM (base) 0.59 0.65 0.67 0.83 0.79 0.34 0.89 0.58 0.67 0.64 0.71 0.66 0.86 0.73 0.67 0.90 0.70 0.74
XLM (large) 0.60 0.66 0.68 0.83 0.79 0.42 0.90 0.60 0.69 0.65 0.70 0.69 0.86 0.74 0.66 0.90 0.70 0.74

Human performance 0.47 0.64 0.63 0.74 0.61 0.60 0.78 0.60 0.63 0.46 0.63 0.65 0.79 0.60 0.64 0.83 0.61 0.65

Table 2: Pearson correlation (r) between automatic metrics and human judgments (for Pointer Generator and BERT
models combined). We compute the precision and recall of ROUGE and BERTScore for focus and coverage,
respectively. BERTScore uses the optimized layer, and other metrics are computed using the default configuration
of the original implementation.

Model Universal layer

Focus Coverage

mBERT (cased) 12 5
mBERT (uncased) 12 6
XLM-R (base) 4 4
XLM-R (large) 10 9

Table 3: Recommended layers for multilingual models.

scored 0) and the remaining 5 samples are rep-
etitions of the same summary with minor edits
(should be scored 100). For each language, we
asked a native speaker to translate all instructions
and the annotation interface. For a single HIT, we
paid USD$13, and set the HIT approval rate to
95%. For HITs to be included in the annotated
data, a quality control score of at least 7 out of 10
needed to be achieved. HITs below this threshold
were re-run (ensuring they were not completed by a
worker who had already completed that HIT), until
three above-threshold annotations were obtained.16

For each language, the HIT approval rate is set
to 95% (with the number of HITs approved vary-
ing across languages). The annotation for English

16We approved all HITs with at least 30 minutes working
time and a minimum quality control score of 5, irrespective
of whether they passed the higher quality-control threshold
required for the ground truth.

was restricted to US-based workers, and for other
languages except Chinese was based on countries
where the language is an official language.17

To obtain focus and coverage values, we follow
standard practice in DA in z-scoring the scores
from each annotator, and then averaging.

5 Results

5.1 Annotation Results

In Table 1, we present the results of the human an-
notation. We first normalize the ratings from each
HIT into a z-score, and one-vs-rest Pearson correla-
tion (excluding quality control items) to provide an
estimate of human agreement/performance.18 For
all languages, we observe that the average quality
and human agreement is moderately high. How-
ever, the agreement does vary, and it affects the
interpretation of the correlation scores when we
assess the automatic metrics later. Note also that
we get the lowest score for English, meaning the
results for non-English languages are actually more

17In MTurk, we did not set a specific location for Chinese
because we found there are no workers in China.

18We follow Lau et al. (2020) in computing one-vs-rest
correlation: we randomly isolate a worker’s score (for each
sample) and compare it against the mean score of the rest
using Pearson’s r, and repeat this for 1000 trials to get the
mean correlation.
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robust.19

Although focus and coverage are positively cor-
related in Table 1, the distribution of scores varies
quite a bit between languages: English annotation
variance is higher than the other languages, and has
the lowest correlation between focus and coverage
(r = 0.57); for French, Russian, and Spanish, sum-
maries generally have low focus and coverage (for
more details, see scatterplots of focus-coverage in
Figure 2 of the Appendix).

5.2 Correlation with Automatic Evaluation

In Table 2 we present the Pearson correlation be-
tween the human annotations and various automatic
metrics, broken down across language and focus
vs. coverage, and (naively) aggregated across lan-
guages in the form of the average correlation. We
also include the one-vs-rest annotator correlation
(Section 5.1) in the last row, as it can be interpreted
as the average performance of a single annotator.
Recognizing the sensitivity of Pearson’s correla-
tion to outliers (Mathur et al., 2020), we manually
examined the distribution of scores for all language–
system combinations for outliers (and present all
scatterplots in Figure 2 of the Appendix).

The general pattern is consistent across lan-
guages: BERTScore performs better than other
metrics in terms of both focus and coverage. This
finding is consistent with that of Fabbri et al. (2020)
wrt expert annotations of relevance (interpreted as
the harmonic mean of our focus and coverage).
ROUGE-1 and ROUGE-L are overall the best ver-
sions of ROUGE, while BLEU-4 performs the
worst. For coverage, METEOR tends to be compet-
itive with ROUGE-1, especially for EN, FR, DE,
and ES, in large part because these languages are
supported by the METEOR lemmatization pack-
age.

For some pre-trained models, MoverScore is
competitive with BERTScore, although the average
correlation is lower, especially for coverage.

We perform layer selection for BERTScore by
selecting the layer that produces the highest cor-
relation. For monolingual BERT the selection is
based on the average correlation across the two
summarization models, while for the multilingual
models it is based on overall result across the 8
languages × 2 models. Table 3 details the recom-
mended layer for computing BERTScore for each

19The relative quality for different languages largely coin-
cides with the findings of Pavlick et al. (2014).

of the multilingual models.20

We observe that BERTScore with monolingual
BERT performs the best, at an average of 0.72
and 0.77 for focus and coverage, resp., but only
marginally above the best of the multilingual mod-
els, namely mBERT uncased (0.72 and 0.76, resp.).
Given that layer selection here was performed uni-
versally across all languages (to ensure generaliz-
ability to other languages), our overall recommen-
dation for the best metric to use is BERTScore with
mBERT uncased.

When we compare the metric results to the one-
vs-rest single-annotator performance from Table 1,
we see a positive correspondence between the rel-
ative scores for annotator agreement and metric
performance, which we suspect is largely an arte-
fact of data quality (i.e. the metrics are assessed
to perform better for languages with high agree-
ment because the quality of the ground-truth is
higher), but further research is required to confirm
this. Generally the best metrics tend to outper-
form single-annotator performance substantially
(>0.10), suggesting these metrics are more reliable
than a single annotator.

6 Conclusion

In this work, we developed a novel dataset for as-
sessing automatic evaluation metrics for focus and
coverage across a broad range of languages and
datasets. We found that BERTScore is the best
metric for the vast majority of languages, and ad-
vocate that this metric be used for summarization
evaluation across different languages in the future,
supplanting ROUGE.
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Figure 2: Annotation result (focus vs. coverage) after z-score normalization for each of the 8 languages.

Lang Model Recommended layer

Focus Coverage

EN bert-base-uncased (Devlin et al., 2019) 1 2
ID indolem/indobert-base-uncased (Koto et al., 2020c) 2 2
ZH bert-base-chinese (Devlin et al., 2019) 8 9
FR camembert-base (Martin et al., 2020) 10 9
TR dbmdz/bert-base-turkish-uncased 12 4
RU DeepPavlov/rubert-base-cased (Kuratov and Arkhipov, 2019) 4 12
DE bert-base-german-dbmdz-uncased 12 12
ES dccuchile/bert-base-spanish-wwm-uncased 4 4

Table 4: Recommended layers for computing focus and coverage via BERTScore with monolingual model.

Language ISO Data Data Split Pointer Generator BERT
Train Dev Test R1 R2 RL R1 R2 RL

English EN CNN/DailyMail 287,226 13,368 11,490 39.53 17.28 36.38 42.13 19.60 39.18
Indonesian ID Liputan6 193,883 10,972 10,792 36.10 19.19 33.56 41.08 22.85 38.01
Chinese ZH LCSTS 2,400,591 8,672 725 32.39 19.92 29.45 38.47 25.45 35.30
French FR MLSUM 392,902 16,059 15,828 26.50 9.49 20.30 28.52 11.73 22.51
Turkish TR MLSUM 249,277 11,565 12,775 39.77 26.45 36.12 41.28 28.16 37.79
Russian RU MLSUM 25,556 750 757 5.39 0.60 4.62 6.01 1.02 5.75
German DE MLSUM 220,887 11,394 10,701 36.86 27.06 35.04 44.11 33.99 42.10
Spanish ES MLSUM 266,367 10,358 13,920 25.05 7.44 19.53 26.48 9.59 21.69

Table 5: Details of datasets and ROUGE scores of summarization models used in this study. Other than for Chinese,
we use summaries provided by the respective authors. For MLSUM, we report slightly different ROUGE-L scores
because we use the original ROUGE package.
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Metrics POINTER GENERATOR BERT

EN ID FR TR ZH RU DE ES Avg EN ID FR TR ZH RU DE ES Avg

Traditional Metrics

ROUGE-1 0.59 0.68 0.54 0.82 0.81 0.52 0.85 0.50 0.66 0.61 0.70 0.73 0.81 0.78 0.59 0.89 0.54 0.71
ROUGE-2 0.60 0.59 0.56 0.83 0.78 0.54 0.86 0.61 0.67 0.53 0.65 0.71 0.77 0.73 0.56 0.87 0.61 0.68
ROUGE-3 0.49 0.52 0.49 0.80 0.68 0.39 0.85 0.56 0.60 0.43 0.53 0.63 0.73 0.63 0.29 0.85 0.54 0.58
ROUGE-L 0.59 0.69 0.55 0.83 0.81 0.51 0.85 0.50 0.67 0.60 0.68 0.73 0.80 0.75 0.58 0.88 0.57 0.70
ROUGE-S 0.60 0.62 0.48 0.79 0.70 0.55 0.83 0.50 0.63 0.58 0.67 0.64 0.76 0.69 0.59 0.86 0.51 0.66
ROUGE-SU 0.59 0.63 0.50 0.79 0.72 0.55 0.83 0.50 0.64 0.58 0.68 0.66 0.77 0.70 0.60 0.86 0.50 0.67
ROUGE-W.12 0.60 0.67 0.56 0.83 0.81 0.52 0.86 0.49 0.66 0.60 0.66 0.72 0.79 0.74 0.55 0.88 0.57 0.69
METEOR 0.49 0.65 0.51 0.82 0.85 0.52 0.86 0.68 0.67 0.45 0.68 0.70 0.71 0.77 0.52 0.85 0.58 0.66
BLEU-4 0.51 0.57 0.60 0.78 0.75 0.46 0.86 0.59 0.64 0.43 0.54 0.66 0.64 0.65 0.51 0.85 0.46 0.59

MoverScore

mono-BERT 0.62 0.67 0.63 0.88 0.80 0.65 0.90 0.60 0.72 0.54 0.63 0.74 0.77 0.73 0.61 0.89 0.58 0.69
mBERT (cased) 0.57 0.62 0.71 0.84 0.79 0.60 0.88 0.71 0.72 0.51 0.71 0.78 0.75 0.73 0.68 0.88 0.59 0.70
mBERT (uncased) 0.63 0.65 0.76 0.88 0.79 0.57 0.89 0.74 0.74 0.54 0.71 0.78 0.76 0.73 0.68 0.88 0.63 0.71
XLM (base) 0.56 0.61 0.60 0.86 0.73 0.32 0.86 0.71 0.66 0.49 0.63 0.71 0.77 0.68 0.52 0.89 0.51 0.65
XLM (large) 0.53 0.57 0.60 0.84 0.62 0.30 0.87 0.63 0.62 0.48 0.58 0.69 0.76 0.52 0.42 0.87 0.46 0.60

BERTScore

mono-BERT 0.62 0.68 0.71 0.86 0.82 0.42 0.90 0.69 0.71 0.62 0.73 0.72 0.80 0.81 0.71 0.91 0.66 0.75
mBERT (cased) 0.61 0.67 0.64 0.84 0.77 0.54 0.89 0.69 0.71 0.58 0.74 0.76 0.81 0.77 0.71 0.91 0.54 0.73
mBERT (uncased) 0.64 0.68 0.67 0.86 0.79 0.48 0.89 0.70 0.72 0.63 0.72 0.73 0.81 0.77 0.69 0.90 0.57 0.73
XLM (base) 0.62 0.65 0.59 0.86 0.80 0.39 0.87 0.63 0.68 0.61 0.64 0.69 0.81 0.78 0.64 0.90 0.56 0.70
XLM (large) 0.63 0.65 0.64 0.87 0.80 0.35 0.88 0.67 0.68 0.64 0.66 0.69 0.80 0.77 0.66 0.90 0.57 0.71

Table 6: Pearson correlation (r) between automatic metrics and human judgments for focus. We compute the
precision for ROUGE and BERTScore. BERTScore uses the optimized layer, and other metrics are computed by
using default configuration of the original implementation.

Metrics POINTER GENERATOR BERT

EN ID FR TR ZH RU DE ES Avg EN ID FR TR ZH RU DE ES Avg

Traditional Metrics

ROUGE-1 0.59 0.73 0.66 0.79 0.82 0.52 0.90 0.67 0.71 0.64 0.71 0.70 0.86 0.76 0.57 0.89 0.70 0.73
ROUGE-2 0.55 0.65 0.68 0.76 0.78 0.63 0.89 0.64 0.70 0.57 0.66 0.72 0.83 0.72 0.52 0.90 0.73 0.71
ROUGE-3 0.49 0.59 0.58 0.69 0.68 0.50 0.88 0.57 0.62 0.48 0.55 0.66 0.79 0.63 0.41 0.89 0.64 0.63
ROUGE-L 0.58 0.74 0.64 0.79 0.82 0.54 0.90 0.66 0.71 0.63 0.70 0.71 0.86 0.77 0.56 0.90 0.72 0.73
ROUGE-S 0.60 0.69 0.63 0.74 0.77 0.52 0.89 0.66 0.69 0.61 0.69 0.69 0.81 0.70 0.51 0.89 0.71 0.70
ROUGE-SU 0.59 0.70 0.64 0.75 0.79 0.52 0.89 0.67 0.69 0.61 0.69 0.70 0.82 0.71 0.57 0.89 0.71 0.71
ROUGE-W.12 0.54 0.71 0.64 0.77 0.81 0.55 0.90 0.65 0.69 0.61 0.68 0.69 0.85 0.75 0.56 0.90 0.68 0.71
METEOR 0.60 0.72 0.65 0.77 0.81 0.55 0.89 0.63 0.70 0.66 0.69 0.69 0.83 0.75 0.59 0.89 0.75 0.73
BLEU-4 0.48 0.61 0.63 0.61 0.70 0.49 0.84 0.50 0.61 0.49 0.56 0.59 0.75 0.67 0.54 0.87 0.59 0.63

MoverScore

mono-BERT 0.57 0.65 0.63 0.73 0.79 0.68 0.86 0.55 0.68 0.61 0.60 0.69 0.86 0.75 0.66 0.91 0.68 0.72
mBERT (cased) 0.53 0.67 0.68 0.71 0.77 0.60 0.82 0.63 0.68 0.53 0.71 0.75 0.82 0.73 0.63 0.89 0.74 0.73
mBERT (uncased) 0.58 0.68 0.74 0.72 0.76 0.58 0.84 0.64 0.69 0.59 0.70 0.76 0.85 0.73 0.65 0.90 0.76 0.74
XLM (base) 0.56 0.61 0.52 0.68 0.71 0.31 0.82 0.62 0.60 0.58 0.64 0.68 0.83 0.65 0.52 0.90 0.68 0.68
XLM (large) 0.52 0.62 0.50 0.66 0.59 0.31 0.82 0.49 0.56 0.57 0.61 0.63 0.82 0.56 0.48 0.88 0.63 0.65

BERTScore

mono-BERT 0.63 0.74 0.76 0.87 0.81 0.72 0.92 0.73 0.77 0.67 0.74 0.78 0.89 0.78 0.63 0.92 0.78 0.77
mBERT (cased) 0.67 0.75 0.67 0.85 0.82 0.70 0.91 0.72 0.76 0.68 0.71 0.74 0.89 0.76 0.69 0.90 0.72 0.76
mBERT (uncased) 0.63 0.75 0.70 0.85 0.81 0.67 0.91 0.71 0.76 0.64 0.73 0.76 0.89 0.77 0.68 0.90 0.73 0.76
XLM (base) 0.66 0.72 0.68 0.84 0.77 0.63 0.91 0.70 0.74 0.64 0.70 0.67 0.88 0.69 0.67 0.89 0.71 0.73
XLM (large) 0.66 0.70 0.68 0.84 0.77 0.59 0.91 0.70 0.73 0.66 0.69 0.70 0.88 0.70 0.69 0.90 0.72 0.74

Table 7: Pearson correlation (r) between automatic metrics and human judgments for coverage. We compute the
recall for ROUGE and BERTScore. BERTScore uses the optimized layer, and other metrics are computed by using
default configuration of the original implementation.
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Figure 3: MTurk annotation interface for English.

Figure 4: MTurk annotation interface for Indonesian.

Figure 5: MTurk annotation interface for Chinese. Due to the page limit for the Appendix, the annotation interface
for the other languages can be found at https://github.com/fajri91/Multi SummEval
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Focus Coverage

EN ID FR TR ZH RU DE ES Avg EN ID FR TR ZH RU DE ES Avg

Traditional Metrics

ROUGE-1 0.59 0.69 0.62 0.75 0.80 0.33 0.77 0.45 0.63 0.58 0.71 0.56 0.79 0.78 0.47 0.75 0.59 0.65
ROUGE-2 0.58 0.63 0.64 0.75 0.78 0.37 0.78 0.56 0.64 0.54 0.65 0.62 0.77 0.75 0.39 0.77 0.63 0.64
ROUGE-3 0.49 0.55 0.62 0.70 0.68 0.27 0.77 0.51 0.58 0.47 0.58 0.59 0.69 0.65 0.28 0.75 0.58 0.57
ROUGE-L 0.60 0.69 0.62 0.75 0.80 0.32 0.76 0.46 0.62 0.57 0.70 0.55 0.79 0.78 0.47 0.74 0.58 0.65
ROUGE-S 0.61 0.71 0.61 0.75 0.81 0.36 0.77 0.45 0.63 0.60 0.72 0.56 0.79 0.79 0.39 0.75 0.58 0.65
ROUGE-SU 0.61 0.71 0.61 0.74 0.81 0.31 0.77 0.43 0.62 0.59 0.72 0.56 0.79 0.79 0.45 0.75 0.58 0.66
ROUGE-W.12 0.61 0.67 0.61 0.74 0.79 0.32 0.76 0.47 0.62 0.55 0.68 0.55 0.78 0.78 0.48 0.74 0.58 0.64
METEOR 0.47 0.68 0.60 0.74 0.82 0.40 0.75 0.54 0.62 0.61 0.70 0.59 0.81 0.78 0.44 0.74 0.62 0.66
BLEU-4 0.50 0.59 0.62 0.67 0.76 0.05 0.77 0.51 0.56 0.49 0.61 0.58 0.62 0.72 -0.04 0.73 0.55 0.53

MoverScore

mono-BERT 0.58 0.65 0.66 0.81 0.79 0.38 0.85 0.55 0.66 0.59 0.61 0.60 0.81 0.77 0.30 0.83 0.59 0.64
mBERT (cased) 0.53 0.68 0.73 0.80 0.77 0.44 0.83 0.60 0.67 0.50 0.68 0.65 0.77 0.74 0.37 0.79 0.65 0.64
mBERT (uncased) 0.60 0.69 0.74 0.80 0.77 0.45 0.83 0.66 0.69 0.58 0.68 0.68 0.77 0.74 0.42 0.79 0.67 0.67
XLM (base) 0.51 0.63 0.64 0.78 0.70 0.11 0.78 0.53 0.59 0.55 0.62 0.58 0.73 0.65 0.01 0.75 0.59 0.56
XLM (large) 0.51 0.59 0.63 0.72 0.54 0.10 0.76 0.44 0.54 0.54 0.61 0.52 0.68 0.52 0.07 0.72 0.50 0.52

BERTScore

mono-BERT 0.58 0.70 0.67 0.77 0.81 0.34 0.84 0.60 0.66 0.64 0.73 0.70 0.86 0.78 0.57 0.83 0.70 0.73
mBERT (cased) 0.53 0.71 0.68 0.78 0.78 0.41 0.82 0.55 0.66 0.64 0.72 0.58 0.85 0.77 0.63 0.77 0.67 0.70
mBERT (uncased) 0.58 0.70 0.66 0.79 0.79 0.40 0.83 0.58 0.67 0.60 0.73 0.60 0.85 0.77 0.63 0.77 0.66 0.70
XLM (base) 0.56 0.65 0.61 0.78 0.78 0.04 0.78 0.49 0.59 0.62 0.71 0.58 0.84 0.70 0.55 0.76 0.64 0.67
XLM (large) 0.57 0.66 0.62 0.78 0.77 0.17 0.80 0.52 0.61 0.62 0.69 0.60 0.84 0.72 0.50 0.78 0.65 0.68

Table 8: Spearman correlation (ρ) between automatic metrics and human judgments (for Pointer Generator and
BERT models combined). We compute the precision and recall of ROUGE and BERTScore for focus and coverage,
respectively. BERTScore uses the optimized layer, and other metrics are computed by using default configuration
of the original implementation.
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Abstract

The capacity of empathy is crucial to the suc-
cess of open-domain dialog systems. Due to
its nature of multi-dimensionality, there are
various factors that relate to empathy expres-
sion, such as communication mechanism, dia-
log act and emotion. However, existing meth-
ods for empathetic response generation usu-
ally either consider only one empathy fac-
tor or ignore the hierarchical relationships be-
tween different factors, leading to a weak abil-
ity of empathy modeling. In this paper, we
propose a multi-factor hierarchical framework,
CoMAE, for empathetic response generation,
which models the above three key factors
of empathy expression in a hierarchical way.
We show experimentally that our CoMAE-
based model can generate more empathetic re-
sponses than previous methods. We also high-
light the importance of hierarchical modeling
of different factors through both the empirical
analysis on a real-life corpus and the exten-
sive experiments. Our codes and used data
are available at https://github.com/
chujiezheng/CoMAE.

1 Introduction

Empathy, which refers to the capacity to under-
stand or feel what another person is experiencing
(Rothschild, 2006; Read, 2019), is a critical capa-
bility to open-domain dialog systems (Zhou et al.,
2018b). As shown in previous research, empathetic
conversational models can improve user satisfac-
tion and receive more positive feedback in numer-
ous domains (Klein, 1998; Liu and Picard, 2005;
Brave et al., 2005; Fitzpatrick et al., 2017; Liu
et al., 2021). Recently, there have also been numer-
ous works devoted to improving the dialog models’
ability to understand the feelings of interlocutors
(Rashkin et al., 2019; Lin et al., 2019; Majumder

∗Corresponding author.
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Figure 1: Our proposed hierarchical framework: Co-
MAE (right). The directed arrows denote dependencies.
We also present the framework (left) of EmpTransfo
(Zandie and Mahoor, 2020) for comparison.

et al., 2020), which makes the dialog models more
empathetic to a certain extent.

However, empathy is a multi-dimensional con-
struct (Davis et al., 1980) rather than merely recog-
nizing the interlocutor’s emotion (Lin et al., 2019)
or emotional responding (Zhou et al., 2018a). It
consists of two broad aspects related to cognition
and affection (Omdahl, 2014; Paiva et al., 2017).
The cognitive aspect requires understanding and
interpreting the situation of the interlocutor (El-
liott et al., 2018), which is reflected in the dialog
act taken in the conversation (De Vignemont and
Singer, 2006), such as questioning (e.g., What’s
wrong with it?), consoling (e.g., You’ll get through
this), etc. The affective aspect relates to properly
expressing emotion in reaction to the experiences
and feelings shared by the interlocutor, such as ad-
miration (e.g., Congratulations!), sadness (e.g., I
am sorry to hear that), etc. Very recently, Sharma
et al. (2020) further characterizes the text-based
expressed empathy based on the above two aspects
as three communication mechanisms, which is a
more higher-level and abstract factor that relates to
empathy expression.

In this paper, we propose a novel framework
named CoMAE for empathetic response gener-
ation (Section 3), which contains the aforemen-
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tioned three key factors of empathy expression:
Communication Mechanism (CM), dialog Act
(DA) and Emotion (EM). Specifically, when model
these empathy factors simultaneously, we adopt
a hierarchical way instead of following previous
works that treat multiple factors independently,
such like EmpTransfo (Zandie and Mahoor, 2020)
that considers both DA and EM (see Figure 1 for
comparison). Such approaches hold the hypothe-
sis that different factors are independent of each
other, which is intuitively unreasonable. In fact, our
empirical analysis (Section 4) on a Reddit corpus
(Zhong et al., 2020) shows that there are obvious
hierarchical relationships between different factors,
which confirms the soundness and necessity of hi-
erarchical modeling.

We then devise a CoMAE-based model on top
of the pre-trained language model GPT-2 (Radford
et al., 2019) (Section 5), and compare the model
performance with different combinations of empa-
thy factors and hierarchical modeling. Automatic
evaluation (Section 6.3) shows that combining all
the three factors hierarchically can achieve the best
model performance. Manual evaluation (Section
6.4) demonstrates that our model can generate more
empathetic responses than previous methods. Ex-
tensive experiments (Section 6.5) further highlight
the importance of hierarchical modeling in terms
of the selection and realization of empathy factors.

The contributions of this paper can be summa-
rized in three folds:

• Based on the nature of multi-dimensionality
of empathy expression, we propose a novel
framework, CoMAE, for empathetic response
generation. It hierarchically models three key
factors of empathy expression: communica-
tion mechanism, dialog act and emotion.

• On top of GPT-2, we devise a CoMAE-
based model. Experimental results show that
our model can generate more empathetic re-
sponses than previous methods.

• We empirically analyze the necessity of hierar-
chical modeling, and highlight its importance
especially in terms of the selection and real-
ization of different empathy factors.

2 Related Work

2.1 Factors Related to Empathy Expression
Empathy is a complex multi-dimensional construct
(Davis et al., 1980) which consists of two broad

aspects related to cognition and affection (Omdahl,
2014; Paiva et al., 2017). As shown in Section
1, the two aspects are reflected in the dialog act
(DA) taken and the emotion (EM) expressed in the
conversation respectively.

Based on the theoretical definition of empathy,
Sharma et al. (2020) characterize the text-based ex-
pressed empathy as 3 communication mechanisms
(CM): emotional reaction (ER) (e.g., I feel really
sad for you), interpretation (IP) (e.g., This must
be terrifying, I also have similar situations), and
exploration (EX) (e.g., Are you still feeling alone
now?).1 These communication mechanisms are
also applied in the recently proposed task of empa-
thetic rewriting (Sharma et al., 2021).

Besides, Zhong et al. (2020) propose that per-
sona, which refers to the social face an individual
presents to the world (Jung, 2016), has been shown
to be highly correlated with personality (Leary and
Allen, 2011), which in turn influences empathy ex-
pression (Richendoller and Weaver III, 1994; Costa
et al., 2014). While Zhong et al. (2020) do not
explain the explicit connection between persona
and empathy expression, they suggest that different
speakers may have different “styles” for expressing
empathy.

2.2 Empathetic Response Generation

In the past years, empathetic response genera-
tion has attracted much research interest (Rashkin
et al., 2019; Lin et al., 2019; Majumder et al.,
2020; Zandie and Mahoor, 2020; Sun et al., 2021).
Rashkin et al. (2019) suggest that dialog models
can generate more empathetic responses by recog-
nizing the interlocutor’s emotion. Lin et al. (2019)
propose to design a dedicated decoder to respond
each emotion of the interlocutor, which makes the
generation process more interpretable. Majumder
et al. (2020) adopt the idea of emotional mimicry
(Hess and Fischer, 2014) to make the generated re-
sponses more empathetic. Inspired by the advances
in generative pre-trained language models (Rad-
ford et al., 2018, 2019), EmpTransfo (Zandie and
Mahoor, 2020) uses GPT (Radford et al., 2018) to
generate empathetic responses.

Unlike previous works that only consider the
EM factor in empathy modeling, EmpTransfo takes
both DA and EM into account. The fundamental

1As shown in (Sharma et al., 2020), the three communica-
tion mechanisms can be properly combined in one utterance.
We refer the readers to their original paper for more details
about the three communication mechanisms.
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difference of EmpTransfo from our work lies in
two points: (1) our work further considers commu-
nication mechanism in modeling empathy, and (2)
we analyze and explore in depth the importance of
hierarchically modeling of these empathy factors.

3 CoMAE Framework and Formulation

Our proposed CoMAE framework is shown in Fig-
ure 1. CoMAE uses CM as a high-level factor that
provides a coarse-grained guidance for empathy
expression, and then takes DA and EM to achieve
the fine-grained realization. Formally, given the
context x, CoMAE divides the generation of the
empathetic response y into four steps: (1) predict
CM Cy conditioned on the context, (2) predict DA
Ay conditioned on both the context and CoM, (3)
predict EM Ey based on all the conditions, and (4)
generate the final response y. The whole process is
formulated as Equation 1:

P(y, Cy, Ay, Ey|x) = P(y|x,Cy, Ay, Ey)· (1)

P(Ey|x,Cy, Ay)P(Ay|x,Cy)P(Cy|x).

Note that EM is conditioned on DA, because
we intuitively think the expressed emotion is the
effect rather than the cause of taking some dialog
act. In the other words, one may not adopt the
dialog act just for the purpose of expressing some
emotion. Hence, realizing the emotion expression
as expected is also important in our task, which is
the motivation of that we analyze the realization of
different factors in Section 6.5.

It is also worth noting that while CoMAE only
contains the three factors, such hierarchical frame-
work can be naturally extended to more factors
that relate to empathy expression. For instance,
Zhong et al. (2020) suggest that persona plays an
important role in empathetic conversations. Due to
that persona may contain the information about the
speaker’s style of adopting DA or expressing EM,
when integrating persona into empathetic response
generation, being conditioned on DA and EM may
lead to better performance.

4 Data Preparation and Analysis

While no empathetic conversation corpora provide
annotations of diverse empathy factors, there are
abundant publicly available resources that make au-
tomatic annotation feasible. In this section, we first
introduce our used corpus and the resources and
tools used in automatic annotation, then we show

our empirical analysis to verify the hierarchical
relationships between different empathy factors.

4.1 Corpus
Zhong et al. (2020) propose a large-scale empa-
thetic conversation corpus2 crawled from Reddit.
It has two different domains: Happy and Offmy-
chest. The posts in the Happy domain mainly have
positive sentiments, while those in the Offmychest
domain are usually negative. We adopted their
corpus for study for two major reasons: (1) the cor-
pus is real-life, scalable and naturalistic rather than
acted (Rashkin et al., 2019), and (2) the manual
annotation in (Zhong et al., 2020) shows that most
of the last responses are empathetic (73% and 61%
for Happy and Offmychest respectively).

4.2 Annotation Resources
Communication Mechanism (CM)3 Sharma
et al. (2020) provide two corpora annotated
with CM: TalkLife (talklife.co) and Reddit
(reddit.com), while only the latter is publicly
accessible and we thus used the Reddit part. Note
that in their original paper, each mechanism is dif-
ferentiated as three classes of “no”, “weak”, or
“strong”. Due to the unbalanced distribution of
three classes, we merged “weak” and “strong” into
“yes”. Finally, we differentiated each mechanism
as two classes: “no” or “yes”.
Dialog Act (DA)4 Welivita and Pu (2020) pro-
pose a taxonomy of DA (referred as “intent” in
the original paper) for empathetic conversations.
They first annotate 15 initial types of DA on the
ED corpus (Rashkin et al., 2019), and finally ob-
tain 8 high-frequency types of DA with other types
merged as others (8+others), which are shown in
Figure 2.
Emotion (EM)5 We considered the taxonomy
proposed in (Demszky et al., 2020), which contains
27 emotions and a neutral one, because: (1) it has a
wide coverage of emotion categories with clear def-
initions, and (2) the annotated corpus is large-scale
and also crawled from Reddit. However, we noted
that the original emotion distribution is unbalanced
and the too fine-grained taxonomy may lead to the
sparsity of partial emotions. Considering the task

2https://github.com/zhongpeixiang/PEC
3https://github.com/behavioral-data/

Empathy-Mental-Health
4https://github.com/anuradha1992/

EmpatheticIntents
5https://github.com/google-research/

google-research/tree/master/goemotions
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Classifiers Corpora # classes Acc F1-macro

CM-ER Reddit 2 81.2 76.9
CM-IP Reddit 2 85.7 85.7
CM-EX Reddit 2 96.4 92.5
DA ED 9 92.0 87.8
EM Reddit 10 60.5 60.4

Table 1: Performance of the classifiers. “ED” refers
to the corpus of EMPATHETICDIALOGUES (Rashkin
et al., 2019).

scenario of empathetic conversation, we adopted
the clustering results in (Demszky et al., 2020) and
modified the original taxonomy as 9 emotions and
a neutral one (9+neutral), which are also shown
in Figure 2. We show the mapping between our
adopted emotions and the original emotions in Ap-
pendix A.

4.3 Classifiers

We fine-tuned the RoBERTa6 (Liu et al., 2019) clas-
sifiers for CM, DA and EM, whose performance is
summarized in Table 1. They all achieve reason-
able performance, ensuring the quality of automatic
annotation.

However, we noted that the source domain
(Rashkin et al., 2019) of the DA classifier is dif-
ferent from the target domain (Reddit). To verify
the quality of DA annotation, we recruited three
workers from Amazon Mechanical Turk to judge
whether the utterance is consistent with the anno-
tated DA. From the utterances that are not anno-
tated with “others”, we randomly sampled 25 ut-
terances for each DA (totally 200) to avoid the
impact of unbalanced distribution. Finally, the ra-
tio of being judged as consistent is 0.78 with Fleiss’
Kappa κ = 0.621 (Fleiss, 1971), which indicates
substantial agreement (0.6 < κ < 0.8) and that the
automatic annotation of DA is also reliable.

4.4 Data Filtering and Annotation

Following the original data split of (Zhong et al.,
2020), we first filtered those conversations where
there are more than two speakers (about 15%) to
ensure that the last utterance is related to the post.
We used the aforementioned classifiers to auto-
matically annotate each utterance with DA and
EM, and annotate each final response additionally
with CM. We found that the last responses that
are not annotated with any CM are more likely to

6https://huggingface.co/roberta-base

CM ad
m
ir
at
io
n

an
ge
r

ap
pr
ov
al

ca
ri
ng

fe
ar

gr
at
itu
de

jo
y

sa
dn
es
s

su
rp
ri
se

ne
ut
ra
l

EM

ER

IP

EX
DA

acknowledging 0.127 0.006 0.007

agreeing 0.010 0.004 0.013

consoling 0.001 0.000 0.002

encouraging 0.008 0.000 0.000

questioning 0.019 0.004 0.002

suggesting 0.001 0.001 0.001

sympathizing 0.001 0.000 0.000

wishing 0.055 0.000 0.000

others 0.017 0.005 0.013

Figure 2: Heat maps of the conditional distributions
between the three empathy factors. The orange / red
/ blue maps are the distributions of DA / EM / EM
conditioned on CM / CM / DA respectively.

be non-empathetic, thus we filtered the conversa-
tions containing such responses (about 40%). Fi-
nally, the sizes of Train / Valid / Test-Happy / Test-
Offmychest are 125,963 / 16,371 / 11,136 / 6,413
respectively. We show the detailed statistics of
automatic annotation in Appendix B.

4.5 Analysis

In order to verify the hierarchical relationships be-
tween the three factors, we counted the distribu-
tion frequency of each (X,Y )7 pair, where (X,Y )
is one of the three factor pairs: (CM, DA), (CM,
EM), (DA, EM). We approximated the statistical
frequency of (X,Y ) as their joint probability dis-
tribution P(X,Y ). We then normalized P(X,Y )
along the X dimension to obtain the conditional
distribution of Y given X: P(Y |X).

Figure 2 shows the heat maps of the conditional
distributions of the three factor pairs. The heat
maps reveal obvious patterns of the occurrence of
Y given X . For instance, when one adopts the
DA encouraging, he usually expresses the EM car-
ing instead of approval or joy. If one expresses
empathy with the CM exploration (EX), he almost
always adopts the DA questioning and expresses
the EM surprise. Hence, considering the hierarchi-
cal relationships between different empathy factors
is reasonable and natural, and is also necessary for
better empathy modeling.

7X or Y is the random variable that represents CM, DA,
or EM.
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Figure 3: The overall architecture of our CoMAE-
based model. The position and speaker embeddings
are omitted for simplicity. The orange dashed block
denotes the output hidden state at the last position of
the context.

5 Methodology

5.1 Model Architecture
Our devised CoMAE-based model uses GPT-2 as
the backbone (Radford et al., 2019). The overall
architecture is shown in Figure 3.

Firstly, our model takes the dialog context x
as input. The context x is the concatenation of
history utterances: x = (u1, u2, . . . , uN ) , where
N is the length of dialog history. Any two adja-
cent utterances are also separated by the special
token [EOS]. Each history utterance ui contains
a sequence of tokens: ui = (ui,1, ui,2, . . . , ui,li),
where li is the length of ui. Each utterance ui is la-
beled with the corresponding speaker kui ∈ {0, 1}
(only 2 speakers). We denote the annotated DA
and EM of each utterance ui as Aui ∈ [0, 9)
and Eui ∈ [0, 10) respectively. Suppose that
the token id and the position id of ui,j are de-
noted as wui,j ∈ [0, |V|) (V is the vocabulary) and
pui,j ∈ [0, 1024) (the maximum input length is
1024) respectively, the representation of each token
ui,j is the summation of the following embeddings:

eui,j =MW

[
wui,j

]
+MP

[
pui,j

]
+ (2)

MK [kui ] +MA [Aui ] +ME [Eui ] ,

where MW ∈ R|V|×d,MP ∈ R1024×d,MK ∈
R2×d,MA ∈ R9×d,ME ∈ R10×d denote the em-
bedding matrices of word, position, speaker, DA
and EM respectively, and [·] denotes the indexing
operation. We denote the output hidden states after
feeding x into the model asHx ∈ Rlx×d, where lx
is the total length of context x.

Next, we use the hidden state at the last po-
sition of the context, hx = Hx [−1] ∈ Rd, to
hierarchically predict the CM, DA and EM of
the target response. We first separately predict8

8In the mathematical notation used in this paper, we dis-

Ĉ
(i)
y ∈ {0, 1} for each i ∈ {ER, IP,EX}, which

indicates whether to adopt the CM i:

h
(i)
C = F

(i)
C (hx) ∈ Rd, (3)

Ĉ(i)
y ∼ P

(
C(i)
y

∣∣∣x
)
= softmax

(
M

(i)
C h

(i)
C

)
,

Ĉy =
(
Ĉ(ER)
y , Ĉ(IP)

y , Ĉ(EX)
y

)
,

e
Ĉy

=
∑

i∈{ER,IP,EX}
M

(i)
C

[
Ĉ(i)
y

]
, (4)

where each F
(i)
C is a non-linear layer activated with

tanh, and each M (i)
C ∈ R2×d denotes the embed-

ding matrix of the CM i ∈ {ER, IP,EX}. Based
on the context x and the predicted CMs Ĉy, we
next predict DA:

hA = FA

([
hx; eĈy

])
∈ Rd, (5)

Ây ∼ P
(
Ay

∣∣∣x, Ĉy
)
= softmax (MAhA) , (6)

where [·; ·] denotes vector concatenation and FA is
a non-linear layer. Note that we share the parame-
ters of DA embeddings with the classification head
(Equation 6), which is consistent with the way in
GPT-2 (Radford et al., 2019) where the parame-
ters of word embeddings are shared with the LM
head (Equation 10). EM is predicted similarly but
conditioned additionally on the predicted DA Ây:

hE = FE

([
hx; eĈy ;MA

[
Ây

]])
∈ Rd, (7)

Êy ∼ P
(
Ey

∣∣∣x, Ĉy, Ây
)
= softmax (MEhE) ,

(8)

where FE is also a non-linear layer.
Finally, we add all the factors to obtain the fused

embedding eCoMAE that controls the empathy ex-
pression of the response:

eCoMAE = e
Ĉy

+MA

[
Ây

]
+ME

[
Êy

]
.

The embedding of each input token ŷt in the re-
sponse is as follows:

eŷt =MW

[
wŷt
]
+MP

[
pŷt
]
+ (9)

MK [ky] + eCoMAE.

Suppose that the output hidden state corresponding
to ŷt is st, then we predict the next token ŷt+1

tinguish the ground truth value and the predicted value of a
variable X with the symbols X∗ and X̂ respectively.
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through the LM head:

ŷt+1 ∼ P
(
yt+1

∣∣∣ŷ≤t;x, Ĉy, Ây, Êy
)

(10)

= softmax (MWst) ,

where the parameters of the LM head are shared
with the word embedding matrixMW .

5.2 Training
The optimization object contains two parts. One
part is the negative log likelihood loss LNLL of the
target response:

LNLL = − 1

ly

ly∑

t=1

lnP
(
y∗t
∣∣y∗<t;x,C∗y , A∗y, E∗y

)
,

where ly is the length of the golden response. The
other part is the prediction losses of CM LC , DA
LA, and EM LE :

LC = −
∑

i∈{ER,IP,EX}
lnP

(
C(i)∗
y

∣∣∣x
)
, (11)

LA = − lnP
(
A∗y
∣∣x,C∗y

)
, (12)

LE = − lnP
(
E∗y
∣∣x,C∗y , A∗y

)
. (13)

The complete optimization object is the sum-
mation of the above losses: L = LNLL +
λ (LC + LA + LE), where λ is the weight of the
prediction losses. We set λ to 1.0 in our experi-
ments.

5.3 Discussion
It is worth noting that the supervision signals of
predictions (from Equation 11 to 13) combined
with hierarchical modeling (from Equation 3 to
8) enable the model to establish the connections
between the embeddings of the three factors. For
instance, in Equation 6, the embedding matrix of
DA,MA, is multiplied with hA, which explicitly
contains the information of the embedding matrices
of CM, M (i)

C (Equation 4 and 5). The case of
Equation 8 is similar, whereME is multiplied with
hE that directly relates toM (i)

C andMA.
Hence, consider two models where one uses hi-

erarchical modeling and the other does not (pre-
dicting each factor separately). When the two mod-
els are fed with the same empathy factors, saying
the triplet (Cy, Ay, Ey) is designated validly, we
can expect that the former model has better perfor-
mance than the latter one. This conjecture will be
verified in the automatic evaluation (Section 6.3).

6 Experiments

6.1 Compared Models
We investigated the model performance with differ-
ent combinations of empathy factors and hierarchi-
cal modeling:
(1) Vanilla: the GPT-2 model directly fine-tuned
on the corpus without adding any empathy factor;
(2) +CM, +DA, +EM: the GPT-2 models equipped
with one of the three factors;
(3) CM || DA, CM || EM, DA || EM, CM || DA
|| EM: the models equipped with two or all of the
three factors, but predicting each factor separately
without hierarchical modeling;
(4) CM → DA, CM → EM, DA → EM, CM
→ DA → EM: the models that are similar to (3)
but utilize the hierarchical relationships, where→
denotes dependency.

Note that the baseline DA || EM is consistent
with EmpTransfo9 (Zandie and Mahoor, 2020), and
CM → DA → EM is exactly our devised model
described in Section 5.1.

6.2 Implementation Details
All the models were implemented with PyTorch10

(Paszke et al., 2019) and the Transformers library11

(Wolf et al., 2020). We used the pre-trained GPT-
2 with the size of 117M parameters (768 hidden
sizes, 12 heads, 12 layers) for all the models. The
responses were decoded by Top-p sampling with
p = 0.9 and the temperature τ = 0.7 (Holtzman
et al., 2019). We trained all the models with Adam
(Kingma and Ba, 2014) optimizer with β1 = 0.9
and β2 = 0.999. The learning rate was 10−4 and
was dynamically changed using the linear warmup
(Popel and Bojar, 2018) with 4000 warmup steps.
All the models were fine-tuned for 5 epochs with
the batch size 16 on one NVIDIA RTX 2080Ti
GPU. We selected the checkpoint for each model
where the model obtains the lowest perplexity score
on the Valid set.

6.3 Automatic Evaluation
The automatic evaluation uses the golden responses
as reference to evaluate the responses generated by

9DA || EM has the same input representation except the
speaker embeddings as EmpTransfo, but is instead fine-tuned
from GPT-2 rather than GPT. Besides, we did not adopt the
next sentence prediction (NSP) task as in (Zandie and Mahoor,
2020), because we empirically found that adding NSP leads
to worse performance.

10https://pytorch.org/
11https://github.com/huggingface/

transformers
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Models PPL B-2 R-L Greedy
H

ap
py

Vanilla 18.82 5.95* 15.00* 66.09*
+CM 18.21 6.67* 17.64* 66.95*
+DA 18.01 7.18* 18.09* 67.35*
+EM 17.88 7.51* 18.27* 67.78*

CM || DA 17.83 7.76* 18.85* 67.78*
CM || EM 17.57 8.17* 19.58* 68.25*
DA || EM 17.38 8.37* 19.91* 68.59*
CM || DA || EM 17.26 9.21 20.75 68.86

CM → DA 17.69 7.95* 18.96* 67.79*
CM → EM 17.45 8.04* 19.49* 68.08*
DA → EM 17.28 8.73* 20.09* 68.59*
CM → DA → EM 17.02 9.44 20.76 68.92

O
ff

m
yc

he
st

Vanilla 22.11 5.66* 13.75* 68.40*
+CM 21.44 6.65* 17.62* 69.68*
+DA 21.34 7.11* 17.44* 69.67*
+EM 21.26 6.75* 17.40* 69.63*

CM || DA 21.07 7.56* 18.41* 70.16*
CM || EM 20.83 7.78* 18.97* 70.34*
DA || EM 20.85 7.48* 18.49* 70.19*
CM || DA || EM 20.63 8.23 19.32 70.54

CM → DA 20.87 7.70* 18.58* 70.33*
CM → EM 20.72 7.71* 18.63* 70.31*
DA → EM 20.68 7.89* 18.66* 70.25*
CM → DA → EM 20.35 8.35 19.54 70.68

Table 2: Results of automatic evaluation. The best
results are in bold. DA || EM is consistent with
EmpTransfo (Zandie and Mahoor, 2020). CM → DA
→ EM is our devised model described in Section 5.1.
Scores that are significantly worse than the best scores
are marked with * (Student’s t-test, p-value < 0.05).

models. However, when the responses are gener-
ated based on the predicted CM / DA / EM, it is
not appropriate to compare the generated responses
with the reference ones (Liu et al., 2016). Thus, in
automatic evaluation we only considered the set-
ting where the models are fed with the ground truth
empathy factors. The results where the generated
responses are based on the predicted factors will
be analyzed in the later experiments.

The automatic metrics we adopted include per-
plexity (PPL), BLEU-2 (B-2) (Papineni et al.,
2002), ROUGE-L (R-L) (Lin, 2004), and the BOW
Embedding-based (Liu et al., 2016) Greedy match-
ing score. The metrics except PPL were calculated
with an NLG evaluation toolkit12 (Sharma et al.,
2017), where the generated responses were tok-
enized with NLTK13 (Loper and Bird, 2002).

Results are shown in Table 2. We analyze the
results from the following three perspectives:
General Performance Our model achieves the
best performance on all the metrics on both do-

12https://github.com/Maluuba/nlg-eval
13https://www.nltk.org/

mains, and most of the advantages over the com-
petitors are statistically significant.
Impact of Empathy Factors The model perfor-
mance vary from different combinations of empa-
thy factors. First, considering more empathy fac-
tors always leads to better performance (e.g., CM
→ DA→ EM > CM→ EM > +EM > Vanilla).
Second, EM brings the most gains to the model
performance among the three factors. It may be
because emotion is the most explicit factor that in-
fluences empathy expression (Sharma et al., 2020).
In contrast, CM brings fewer gains than DA and
EM. The reason may be that CM provides a high-
level but coarse-grained guidance for empathetic
response generation, lacking a fine-grained control
like DA or EM. While the responses in the cor-
pus of (Zhong et al., 2020) are not too long (≤ 30
words), we believe that CM plays an important role
in generating longer empathetic responses, which
may require the planning of multiple methanisms
and more diverse usage of DA and EM.
Impact of Hierarchical modeling We noticed
that for almost all the models that adopt multi-
ple empathy factors, hierarchical modeling always
leads to better performanc (e.g., CM → DA →
EM > CM || DA || EM, DA→ EM > DA || EM).
This phenomenon is not trivial because the models
with or without hierarchical modeling are all fed
with the same empathy factors as the reference re-
sponses. It confirms our conjecture in Section 5.2
that hierarchical modeling can establish the connec-
tions between the embeddings of different factors,
thus leading to a better capacity of empathy model-
ing. However, (CM, EM) is an exception. It may
be due to that the pair (CM, EM) has a weaker cor-
relation (the lowest manual information, Section
4.5) than other pairs.

6.4 Manual Evaluation

In manual evaluation, the models generate re-
sponses based on the empathy factors sampled from
the predicted probability distributions. When sam-
pling DA or EM, we used the Top-p filtering with
p = 0.9 (Holtzman et al., 2019) to ensure the valid-
ness of the sampled results.

The manual evaluation is based on pair-wise
comparison, and the metrics for manual evaluation
include: Fluency (which response has better flu-
ency and readability), Coherence (which response
has better coherence and higher relevance to the
context), and Empathy (which response shows bet-

819



Comparisons Metrics Win Lose κ

CM → DA → EM
vs.

DA → EM

Flu 33.3 34.8 0.330
Coh 35.3 39.3 0.431

Emp* 39.3 32.3 0.402

CM → DA → EM
vs.

CM || DA || EM

Flu 37.3 34.5 0.383
Coh* 41.6 33.4 0.412
Emp 43.4 39.6 0.416

DA → EM
vs.

DA || EM

Flu 36.2 38.5 0.381
Coh 40.0 35.7 0.523
Emp 44.7 42.0 0.497

Table 3: Results of manual evaluation. Ties are not
shown. The metrics with significant gaps are marked
with * (sign test, p-value < 0.05). κ denotes Fleiss’
Kappa, whose values indicate fair agreement (0.2 <
κ < 0.4) or moderate agreement (0.4 < κ < 0.6).

X,Y Acc ofX Prop. Hits@1/3 of Y

H
ap

py

CM || DA 69.5
68.9

46.1* 81.5*
CM → DA 70.2 49.5 85.1

CM || EM 69.5
68.9

42.3 80.1*
CM → EM 70.4 42.8 82.7

DA || EM 40.1
34.6

50.3* 86.5*
DA → EM 40.0 53.5 89.7

O
ff

m
yc

he
st

CM || DA 48.4
45.2

41.3* 67.9*
CM → DA 49.2 45.9 75.1

CM || EM 45.7
42.9

47.2* 74.2*
CM → EM 46.1 50.3 77.2

DA || EM 35.0
30.7

60.5* 84.8*
DA → EM 34.9 70.2 88.3

Table 4: Results of the Hits@1/3 of predicting Y given
that X is predicted rightly. “Prop.” denotes the pro-
portion of the cases where both models X || Y and
X → Y predict X rightly. Scores that are significantly
improved after using hierarchical modeling are marked
with * (sign test, p-value < 0.001).

ter understanding of the partner’s experiences and
feelings, and which response expresses empathy in
the way that the annotators prefer). The pair-wise
comparison is conducted between three pairs of
models: (1) CM → DA → EM vs. DA → EM,
(2) CM→ DA→ EM vs. CM || DA || EM, and
(3) DA→ EM vs. DA || EM. We randomly sam-
pled 100 conversations from each test set of two
domains (totally 200), and recruited three workers
from Amazon Mechanical Turk for annotation.

Results are shown in Table 3. From all the three
pairs, we find that the responses generated by these
GPT-2-based models have similar fluency. The re-
sults of (1) indicate that further considering CM can
significantly improve the empathy of generated re-
sponses, while the coherence may slightly decrease.

Models CM DA EM

H
ap

py

CM || DA 69.6* 76.2* -
CM → DA 79.3 83.6 -

CM || EM 73.8* - 78.0*
CM → EM 76.6 - 82.4

DA || EM - 77.5* 75.0*
DA → EM - 87.3 85.7

CM || DA || EM 68.5* 70.3* 71.9*
CM → DA → EM 76.7 83.7 81.2

O
ff

m
yc

he
st

CM || DA 61.8* 65.6* -
CM → DA 71.4 74.8 -

CM || EM 65.4* - 66.1*
CM → EM 71.1 - 74.6

DA || EM - 63.7* 58.3*
DA → EM - 79.5 75.1

CM || DA || EM 59.0* 60.8* 58.9*
CM → DA → EM 70.7 76.2 72.6

Table 5: Realization scores. All the scores are signifi-
cantly improved after using hierarchical modeling (sign
test, p-value < 0.00001).

It may be because that the communication mech-
anisms like interpretation sometimes lead to the
responses that are less relevant to the contexts (es-
pecially those sharing experiences). The results of
(2) and (3) indicate that hierarchical modeling im-
proves the coherence of generated responses. The
more empathy factors are modeled, the larger im-
provement can be obtained.

6.5 Further Analysis of Hierarchical
modeling

To give further insights of the superiority of hier-
archical modeling, we analyzed (1) the prediction
and (2) the realization of empathy factors.
Prediction For each pair (X,Y ) in (CM, DA),
(CM, EM), (DA, EM), we paired the modelsX || Y
and X → Y for comparison. Our purpose is to ob-
serve whether the prediction of X improves that
of Y after using hierarchical modeling. Note that
when taking the ground truth as reference, it is not
appropriate to directly judge the prediction accu-
racy by comparing Ŷ and Y ∗ if X̂ 6= X∗. We
thus computed the conditional probability that Y is
predicted rightly given that X is predicted rightly:
P
(
Ŷ = Y ∗

∣∣∣ X̂ = X∗
)

.
Results are shown in Table 4. While the accuracy

of predicting X of X || Y and X → Y is close,
the prediction of Y is significantly enhanced by
hierarchical modeling. The results demonstrate
that hierarchical modeling enables the model to
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select more proper empathy factors.
Realization Recall that in manual evaluation, the
models generate a response based on the sampled
empathy factors Ĉy, Ây, Êy. To verify whether
these factors are well realized, we used the classi-
fiers in Section 4.3 to identify the empathy factors
displayed in the generated responses. Suppose that
the identification results are Z̃y,∀Z ∈ {C,A,E},
we computed the ratio of Ẑy = Z̃y as the realiza-
tion score of Z.

Results are shown in Table 5. The realization of
all the factors is significantly improved by hierar-
chical modeling. It is intuitive because hierarchical
modeling can avoid the cases where the sampled
factors are inappropriate or even conflicting, thus
reducing the noise of empathy factors in response
generation.

6.6 Case Study

We show the generated responses with different
empathy factors in Figure 4. The adoption of the
CM emotional reaction causes our model to ex-
press the same EM admiration (i’m proud of you!)
as DA→ EM (good for you, man!), while the two
models generate the same sentence (keep it up!)
when taking the DA encouraging. However, the
further adoption of the CM interpretation causes
our model to further share its own experiences and
feelings (i have been sober for about 10 years, and
it’s the best feeling ever). As a result, with the
enhancement of multiple empathy factors, the re-
sponse generated by our model is more engaging
and empathetic while maintaining the coherence.

Besides, we noticed another phenomenon occur-
ring when all the three CMs are adopted. In this
case, the three CMs are usually represented sepa-
rately in different sentences (e.g., I am so happy
for you! I also had tried to be sober but failed.
How did you make it?), which is consistent with
the results of empathetic rewriting (Sharma et al.,
2021). Recall that we add the same CoMAE em-
beddings for all the tokens in the response during
generation (Section 5.1). Such uniform operation
seems non-optimal for the nonuniform realization
of different CMs, especially when generating a
longer empathetic response that contains multiple
sentences with different CMs, DAs or EMs. We
believe there is still much room of improvement
when applying our CoMAE framework to longer re-
sponse generation, like combining CoMAE’s multi-
factor hierarchical modeling with planning-based

Post
you might remember me posting here when i had less than
a month sober a little while back. well, yesterday i hit
100 days without alcohol and celebrated by solo hiking my
state’s tallest mountain!

Golden
ok that is an awesome pic! love it and the story thank you!

EM
you’re doing great!

DA → EM
good for you, man! keep it up!

CM → DA → EM (Ours)
i’m proud of you! i have been sober for about 10 years,
and it’s the best feeling ever. keep it up!

Figure 4: Responses generated with different empathy
factors. All the generated responses express the EM ad-
miration. DA → EM takes the DA encouraging. Ours
further adopts the CM emotional reaction and interpre-
tation.

dialog generation methods (Ghazarian et al., 2021).

7 Conclusion

In this paper, we present a multi-factor hierarchi-
cal framework CoMAE for empathetic response
generation. It contains three key factors of empa-
thy expression: communication mechanism, dialog
act and emotion, and models these factors in a hi-
erarchical way. With our devised CoMAE-based
model, we empirically demonstrate the effective-
ness of these empathy factors, as well as the neces-
sity and importance of hierarchical modeling.

As future work, the CoMAE framework can be
naturally extended to more factors that relate to
empathy expression, such as persona (Zhong et al.,
2020), by exploring the hierarchical relationships
between different factors.

Acknowledgments

This work was supported by the NSFC projects
(Key project with No. 61936010 and regular
project with No. 61876096). This work was
also supported by the Guoqiang Institute of Ts-
inghua University, with Grant No. 2019GQG1 and
2020GQG0005.

References
Scott Brave, Clifford Nass, and Kevin Hutchinson.

2005. Computers that care: investigating the effects
of orientation of emotion exhibited by an embod-
ied computer agent. International journal of human-
computer studies, 62(2):161–178.

821



Patrício Costa, Raquel Alves, Isabel Neto, Pedro Mar-
vao, Miguel Portela, and Manuel Joao Costa. 2014.
Associations between medical student empathy and
personality: a multi-institutional study. PloS one,
9(3):e89254.

Mark H Davis et al. 1980. A multidimensional ap-
proach to individual differences in empathy. Journal
of Personality and Social Psychology.

Frederique De Vignemont and Tania Singer. 2006. The
empathic brain: how, when and why? Trends in
cognitive sciences, 10(10):435–441.

Dorottya Demszky, Dana Movshovitz-Attias, Jeong-
woo Ko, Alan Cowen, Gaurav Nemade, and Sujith
Ravi. 2020. GoEmotions: A dataset of fine-grained
emotions. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 4040–4054, Online. Association for Computa-
tional Linguistics.

Robert Elliott, Arthur C Bohart, Jeanne C Watson, and
David Murphy. 2018. Therapist empathy and client
outcome: An updated meta-analysis. Psychother-
apy, 55(4):399.

Kathleen Kara Fitzpatrick, Alison Darcy, and Molly
Vierhile. 2017. Delivering cognitive behavior ther-
apy to young adults with symptoms of depression
and anxiety using a fully automated conversational
agent (woebot): a randomized controlled trial. JMIR
mental health, 4(2):e19.

Joseph L Fleiss. 1971. Measuring nominal scale agree-
ment among many raters. Psychological bulletin,
76(5):378.

Sarik Ghazarian, Zixi Liu, Tuhin Chakrabarty, Xuezhe
Ma, Aram Galstyan, and Nanyun Peng. 2021. Dis-
col: Toward engaging dialogue systems through con-
versational line guided response generation. arXiv
preprint arXiv:2102.02191.

Ursula Hess and Agneta Fischer. 2014. Emotional
mimicry: Why and when we mimic emotions. So-
cial and Personality Psychology Compass, 8(2):45–
57.

Ari Holtzman, Jan Buys, Li Du, Maxwell Forbes, and
Yejin Choi. 2019. The curious case of neural text de-
generation. In International Conference on Learn-
ing Representations.

Carl Jung. 2016. Psychological types. Routledge.

Diederik P Kingma and Jimmy Ba. 2014. Adam: A
method for stochastic optimization. arXiv preprint
arXiv:1412.6980.

Jonathan Tarter Klein. 1998. Computer response to
user frustration. Ph.D. thesis, Massachusetts Insti-
tute of Technology.

Mark R Leary and Ashley Batts Allen. 2011. Per-
sonality and persona: Personality processes in self-
presentation. Journal of personality, 79(6):1191–
1218.

Chin-Yew Lin. 2004. ROUGE: A package for auto-
matic evaluation of summaries. In Text Summariza-
tion Branches Out, pages 74–81, Barcelona, Spain.
Association for Computational Linguistics.

Zhaojiang Lin, Andrea Madotto, Jamin Shin, Peng Xu,
and Pascale Fung. 2019. MoEL: Mixture of empa-
thetic listeners. In Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language
Processing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-
IJCNLP), pages 121–132, Hong Kong, China. As-
sociation for Computational Linguistics.

Chia-Wei Liu, Ryan Lowe, Iulian Serban, Mike Nose-
worthy, Laurent Charlin, and Joelle Pineau. 2016.
How NOT to evaluate your dialogue system: An
empirical study of unsupervised evaluation metrics
for dialogue response generation. In Proceedings of
the 2016 Conference on Empirical Methods in Natu-
ral Language Processing, pages 2122–2132, Austin,
Texas. Association for Computational Linguistics.

K Liu and Rosalind W Picard. 2005. Embedded empa-
thy in continuous, interactive health assessment. In
CHI Workshop on HCI Challenges in Health Assess-
ment, volume 1, page 3. Citeseer.

Siyang Liu, Chujie Zheng, Orianna Demasi, Sahand
Sabour, Yu Li, Zhou Yu, Yong Jiang, and Minlie
Huang. 2021. Towards emotional support dialog
systems. In Proceedings of the 59th annual meeting
of the Association for Computational Linguistics.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Edward Loper and Steven Bird. 2002. Nltk: the natural
language toolkit. arXiv preprint cs/0205028.

Navonil Majumder, Pengfei Hong, Shanshan Peng,
Jiankun Lu, Deepanway Ghosal, Alexander Gel-
bukh, Rada Mihalcea, and Soujanya Poria. 2020.
MIME: MIMicking emotions for empathetic re-
sponse generation. In Proceedings of the 2020 Con-
ference on Empirical Methods in Natural Language
Processing (EMNLP), pages 8968–8979, Online. As-
sociation for Computational Linguistics.

Becky Lynn Omdahl. 2014. Cognitive appraisal, emo-
tion, and empathy. Psychology Press.

Ana Paiva, Iolanda Leite, Hana Boukricha, and Ipke
Wachsmuth. 2017. Empathy in virtual agents and
robots: a survey. ACM Transactions on Interactive
Intelligent Systems (TiiS), 7(3):1–40.

822



Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic eval-
uation of machine translation. In Proceedings of
the 40th Annual Meeting of the Association for Com-
putational Linguistics, pages 311–318, Philadelphia,
Pennsylvania, USA. Association for Computational
Linguistics.

Adam Paszke, Sam Gross, Francisco Massa, Adam
Lerer, James Bradbury, Gregory Chanan, Trevor
Killeen, Zeming Lin, Natalia Gimelshein, Luca
Antiga, Alban Desmaison, Andreas Kopf, Edward
Yang, Zachary DeVito, Martin Raison, Alykhan Te-
jani, Sasank Chilamkurthy, Benoit Steiner, Lu Fang,
Junjie Bai, and Soumith Chintala. 2019. Pytorch:
An imperative style, high-performance deep learn-
ing library. In Advances in Neural Information Pro-
cessing Systems, volume 32, pages 8026–8037. Cur-
ran Associates, Inc.
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A Emotion Mapping

In the original paper of (Demszky et al., 2020)14,
the authors provide the hierarchical clustering re-
sults of the 27 emotions (Figure 2 in their paper),
which reflect the nested structure of their proposed
emotion taxonomy. Based on the clustering re-
sults, we merged the emotions that are highly cor-
related with each other, and the mapping between
our adopted emotions and the original emotions is
shown in Table 6.

Ours Original

admiration admiration, pride

anger anger, annoyance, disgust, disapproval

approval approval, realization

caring caring, desire, optimism

fear fear, nervousness

gratitude gratitude, relief

joy joy, amusement, excitement, love

sadness sadness, disappointment, embarrass-
ment, grief, remorse

surprise surprise, confusion, curiosity

Table 6: Mapping between our adopted emotions and
the original emotions in (Demszky et al., 2020).

B Statistics of Annotation

We computed the proportions of the last responses
annotated with ER / IP / EX. In the Happy domain,
the proportions are 76.0% / 10.2% / 18.7%, while
in the Offmychest domain are 57.1% / 21.4% /
27.9% respectively. The statistics of DA and EM
are shown in Figure 5.

We can find several differences between two do-
mains. In terms of communication mechanism,
the responses in the Offmychest domain prefer in-
terpretation and exploration, while emotional re-
action occupies a larger proportion in the Happy
domain. In terms of DA, the actions that provide
support (such as agreeing, consoling, suggesting,
and sympathizing) are more frequently adopted in
the Offmychest domain. It is similar when it comes
to emotion, where the emotions such as approval
and caring are displayed more commonly when re-
sponding to the posts with negative sentiments. We
also observed that the responses in the Offmychest
domain may also display the emotions like anger
and sadness, indicating that they do understand

14https://arxiv.org/abs/2005.00547v2

acknowledging
agreeing
consoling
encouraging
questioning
suggesting
sympathizing
wishing
others

Happy Offmychest

D
ia

lo
g 

A
ct

Em
ot

io
n

admiration
anger
approval
caring
fear
gratitude
joy
sadness
surprise
neutral

Figure 5: Statistics of the annotation results of DA and
EM on the two domains.

the experiences and feelings of the conversation
partners.
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Abstract

Keyphrase Prediction (KP) task aims at pre-
dicting several keyphrases that can summarize
the main idea of the given document. Main-
stream KP methods can be categorized into
purely generative approaches and integrated
models with extraction and generation. How-
ever, these methods either ignore the diver-
sity among keyphrases or only weakly cap-
ture the relation across tasks implicitly. In
this paper, we propose UniKeyphrase, a novel
end-to-end learning framework that jointly
learns to extract and generate keyphrases. In
UniKeyphrase, stacked relation layer and bag-
of-words constraint are proposed to fully ex-
ploit the latent semantic relation between ex-
traction and generation in the view of model
structure and training process, respectively.
Experiments on KP benchmarks demonstrate
that our joint approach outperforms main-
stream methods by a large margin.

1 Introduction

Keyphrases are several phrases that highlight core
topics or information of a document. Given a doc-
ument, the KP task focuses on automatically ob-
taining a set of keyphrases. As a basic NLP task,
keyphrase prediction is useful for numerous down-
stream NLP tasks such as summarization (Wang
and Cardie, 2013; Pasunuru and Bansal, 2018), doc-
ument clustering (Hulth and Megyesi, 2006), infor-
mation retrieval (Kim et al., 2013).

Keyphrases of a document fall into two cate-
gories: present keyphrase that appears continuously
in the document, and absent keyphrase which does
not exist in the document. Figure 1 shows an exam-
ple of a document and its keyphrases. Traditional
KP methods are mainly extractive, which have
been extensively researched in past decades (Wit-
ten et al., 2005; Nguyen and Kan, 2007; Medelyan

∗ Equal contribution.

Document: On selecting an optimal wavelet for detecting singularities in 
traffic and vehicular data. …… applications of wavelet transform s ( wts ) 
in traffic engineering have been introduced however , …… , second order 
difference , oblique cumulative curve , and short time fourier transform ) . 
it then mathematically describes wts ability to detect singularities in traffic 
data . …… , it is shown that selecting a suitable wavelet largely depends 
on the specific research topic , and that the mexican hat wavelet generally 
gives a satisfactory performance in detecting singularities in traffic and 
vehicular data .

Present keyphrases: { wavelet transform, oblique cumulative curve, 
short time fourier, the mexican hat wavelet } 

Absent keyphrases: { singularity detection, traffic data analysis } 

Figure 1: An example of an input document and its
expected keyphrases. Blue and red denote present and
absent keyphrases, respectively.

et al., 2009; Lopez and Romary, 2010; Zhang et al.,
2016; Alzaidy et al., 2019; Sun et al., 2020). These
methods aim to select text spans or phrases directly
in the document, which show promising results
on present keyphrase prediction. However, extrac-
tive methods cannot handle the absent keyphrase,
which is also significant and requires a comprehen-
sive understanding of document.

To mitigate this issue, several generative meth-
ods (Meng et al., 2017; Chen et al., 2018; Ye and
Wang, 2018; Wang et al., 2019; Chen et al., 2019b;
Chan et al., 2019; Zhao and Zhang, 2019; Chen
et al., 2020; Yuan et al., 2020) have been proposed.
Generative methods mainly adopt the sequence-
to-sequence (seq2seq) model with a copy mecha-
nism to predict a target sequence, which is concate-
nated of present and absent keyphrases. Therefore,
the generative approach can predict both kinds of
keyphrases. But these methods treat present and
absent keyphrases equally, while these two kinds
of keyphrase actually have different semantic prop-
erties. As illustrated in Figure 1, all the present
keyphrases are specific techniques, while the ab-
sent keyphrases are tasks or research areas.

Thus several integrated methods (Chen et al.,
2019a; Ahmad et al., 2020) try to perform multi-
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task learning on present keyphrase extraction
(PKE) and absent keyphrase generation (AKG).
By treating present and absent keyphrase predic-
tion as different tasks, integrated methods clearly
distinguish the semantic properties for these two
kinds of keyphrases. But integrated models suffer
from two limitations. Firstly, these approaches are
not trained in an end-to-end fashion, which causes
error accumulation in the pipeline. Secondly, inte-
grated methods just adopt a bottom shared encoder
to implicitly capture the latent semantic relation
between PKE and AKG, while this relation is es-
sential for the KP task. As illustrated in Figure 1,
the ground truth of PKE are specific techniques,
which are all used for the “singularity detection”
task in the “traffic data analysis” area. Such se-
mantic relation between PKE and AKG can bring
benefits for KP. Actually, semantic relations like
“technique-task-area” between two tasks are com-
mon in the KP task. However, these integrated
methods are weak at modeling it.

To address these issues, we propose a novel end-
to-end joint model, UniKeyphrase, which adopts a
unified pretrained language model as the backbone
and is fine-tuned with both PKE and AKG tasks.
What’s more, UniKeyphrase explicitly captures the
mutual relation between these two tasks, which
brings benefits for keyphrase prediction: present
keyphrases can provide an overall sense about
salient parts of the document for AKG, and ab-
sent keyphrases viewed as high-level latent topics
of the document can also supply PKE with global
semantic information.

Specifically, UniKeyphrase employs two mecha-
nisms to capture the relation from model structure
and training process, respectively. Firstly, stacked
relation layer is applied to repeatedly fuse PKE
and AKG task representations to explicitly model
the relation between the two sub-tasks. In detail,
we adopt a co-attention based relation network to
model the co-influence. Secondly, a bag-of-words
constraint is designed for UniKeyphrase, which
aims to provide some auxiliary global information
of the whole keyphrases set during training.

Experiments conducted on the widely used pub-
lic datasets show that our method significantly out-
performs mainstream generative and integrative
models. The contributions of this paper can be
summarized as follows:

• We introduce a novel end-to-end framework
UniKeyphrase for unified PKE and AKG.

• We design stacked relation layer (SRL) to ex-
plicitly capture the relation between PKE and
AKG.

• We propose bag-of-words constraint (BWC)
to explicitly feed global information about
present and absent keyphrases to the model.

2 Related Works

2.1 Keyphrase Extraction

Most existing extraction approaches can be cate-
gorized into two-step extraction methods and se-
quence labeling approaches. Two-step extraction
methods first identify a set of candidate phrases
from the document by heuristics, such as essen-
tial n-grams or noun phrase (Hulth, 2003). Then,
the candidate keyphrases are sorted and ranked to
get predicted results. The scores can be learned
by either supervised algorithms (Nguyen and Kan,
2007; Medelyan et al., 2009; Lopez and Romary,
2010) or unsupervised graph ranking methods (Mi-
halcea and Tarau, 2004; Wan and Xiao, 2008). For
sequence labeling approaches, documents are fed
to an encoder then the model learns to predict the
likelihood of each word being a keyphrase (Zhang
et al., 2016; Alzaidy et al., 2019; Sun et al., 2020).

2.2 Keyphrase Generation

Keyphrase generation focuses on predicting both
present and absent keyphrases. Meng et al. (2017)
first propose CopyRNN which is a seq2seq frame-
work with attention and copy mechanism. Then
a semi-supervised method for the exploitation of
the unlabeled data is investigated by Ye and Wang
(2018). Chen et al. (2018) employ a review mech-
anism to reduce duplicates. Chen et al. (2019b)
focus on leveraging the title information to im-
prove keyphrases generation. The latent topics of
the document are exploited to enrich features by
Wang et al. (2019). Zhao and Zhang (2019) uti-
lize linguistic constraints to prevent model from
generating overlapped phrases. Chan et al. (2019)
introduce a reinforcement learning approach for
keyphrase generation. Chen et al. (2020) propose
an exclusive hierarchical decoding framework to
explicitly model the hierarchical compositionality
of a keyphrase set. Yuan et al. (2020) introduce
a new model to generate multiple keyphrases as
delimiter-separated sequences.
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2.3 Integrated Methods

To explicitly distinguish the present and absent
keyphrases, integrated extraction and generation
approach have been applied to the KP task. Chen
et al. (2019a) aim at improving the performance of
the generative model by using an extractive model.
Ahmad et al. (2020) propose SEG-Net, a neural
keyphrase generation model that is composed of a
selector for selecting the salient sentences in a doc-
ument, and an extractor-generator that extracts and
generates keyphrases from the selected sentences.
In contrast to these methods, our joint approach can
explicitly capture the relation between extraction
and generation in an end-to-end framework.

3 Approach

In this section, we describe the architecture of
UniKeyphrase. Figure 2 gives an overview of
UniKeyphrase, which consists of three components:
extractor-generator backbone based on UNILM, a
stacked relation layer for capturing the relation be-
tween PKE and AKG, and bag-of-words constraint
for considering the global view of two tasks in
training. In the following sections, the details of
UniKeyphrase are given.

3.1 Extractor-Generator Backbone

Given a document X = {x1, ..., xm}, KP aims at
obtaining a keyphrase set K = {k1, ..., k|K|}. Nat-
urally, K can be divided into present keyphrase
set Kp = {kp1, ..., kp|Kp|} and absent keyphrase
set Ka = {ka1 , , ..., ka|Ka|} by judging whether
keyphrases appear exactly in the source document.
UniKeyphrase decomposes the KP into PKE and
AKG, and jointly learns two tasks in an end-to-end
framework.

UniKeyphrase treats PKE as a sequence labeling
task and AKG as a text generation task. To jointly
learn in an end-to-end framework, UniKeyphrase
adopts UNILM (Dong et al., 2019) as the backbone
network. UNILM is a pre-trained language model,
which can perform sequence-to-sequence predic-
tion by employing a shared transformer network
and utilizing specific self-attention masks to control
what context the prediction conditions on.

As shown in Figure 2, with a pre-trained UNILM
layer, the contextualized representation for the
source document can attend to each other from both
directions, which is convenient for PKE. While the
representation of the target token can only attend
to the left context, as well as all the tokens in the

source document, which can be easily adapted to
AKG.

Specifically, for a document X, all absent
keyphrases will be concatenated as a sequence.
Then we randomly choose tokens in this sequence,
and replace them with the special token [MASK].
The masked sequence is defined as Km

a . We further
concatenate document X and Km

a with [CLS] and
[SEP] tokens as the input sequence:

I = {[CLS]X [SEP]Km
a [SEP]} (1)

Afterwards, we feed input sequence into UNILM
and obtain output hidden state H:

H = UNILM(I) (2)

the hidden state H = {h1, ...,hT } (T is the number
of input tokens in the UNILM) will be used as the
input of stacked relation layer for jointly modeling
PKE and AKG.

3.2 Stacked Relation Layer
Based on the UNILM, we can obtain the output hid-
den H. Instead of directly using the UNILM hidden
for PKE and AKG, we use the SRL to explicitly
model the relation between these two tasks. Ac-
tually, modeling the cross-impact and interaction
between different tasks in joint model is a common
problem (Qin et al., 2020a,b, 2019).

Specifically, SRL takes the initial shared repre-
sentations P0 = A0 = {h1, ...,hT } as input and aims
to obtain the finally task representations PL and AL

(L is the number of stacked layers), which consider
the cross-impact between PKE and AKG. Besides,
SRL can be stacked to repeatedly fuse PKE and
AKG task representations for better capturing mu-
tual relation.

Formally, given the lth layer inputs Pl = {pl1,
...,plT } and Al = {al1, ...,alT }, stacked relation layer
first apply two linear transformations with a ReLU
activation over the input to make them more task-
specific, which can be written as follow:

Pl
′
= LN(Pl +max(0,Wl

PPl + blP )) (3)

Al
′
= LN(Al +max(0,Wl

AAl + blA)) (4)

where LN represent the layer normalization func-
tion (Ba et al., 2016).

Then the relation between the two tasks will be
integrated base on task-specific representations. In
this paper, we adopt co-attention relation networks.
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Figure 2: The architecture of our model

Co-Attention is an effective approach to model the
important information of correlated tasks. We ex-
tend the basic co-attention mechanism from token
level to task representations level. It can produce
the PKE and AKG task representations considering
each other. Therefore, we can transfer useful mu-
tual information between two tasks. The process
can be formulated as follows:

Pl+1 = LN(Pl
′
+ softmax(Pl

′
(Al

′
)>)Al

′
) (5)

Al+1 = LN(Al
′
+ softmax(Al

′
(Pl
′
)>)Pl

′
) (6)

where Pl+1 = {pl+1
1 , ...,pl+1

T } and Al+1 = {al+1
1 ,

...,al+1
T } are the lth layer updated representations.

After stacked relation layer, we can obtain the
outputs PL = {pL1 , ...,pLm} and AL = {aL1 , ...,aLn}.
We then adopt separate decoders to perform PKE
and AKG by using the task representations of cor-
responding position , which can be denoted as fol-
lows:

ypi = softmax(WppLi + bp) (7)

yaj = softmax(WaaLj + ba) (8)

where ypi and yaj are the predicted distribution for
present keyphrase and absent keyphrase respec-

tively; Wp and Wa are transformation matrices; bp
and ba are bias vectors.

3.3 Bag-of-Words Constraint

UniKeyphrase divides the KP task into two sub-
tasks, PKE and AKG. These two sub-tasks are op-
timized separately, which lacks the awareness of
global information about the total keyphrase set.
Such global information can be the amount of all
keyphrases or the common words between present
and absent keyphrases. Bag of words (BoW) is
a suitable medium for describing this informa-
tion. In this paper, we feed global information
to UniKeyphrase by constructing constraints based
on the BoW of keyphrases. The word count in
BoW can provide guidance about task relation for
PKE and AKG training in a global view.

Specifically, we calculate the gap between the
model predicted keyphrase BoW and ground truth
keyphrase BoW, then add it into the loss. Hence
UniKeyphrase can get a global view of keyphrases
allocation and adjust two tasks during training.

We first collect present and absent keyphrase
BoW from model. For present keyphrases, since
PKE is a sequence labeling task, we collect all
words that labeled as keyphrases, and construct
present predicted BoW V p. We use the sum of
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corresponding label probabilities as the count of
word w in V p:

V p(w) =
∑

i∈Iw
max(ypi ) (9)

where ypi denotes all predicted label probabilities
at time step i. Iw is all position of word w in
document. Maximum operation is used for select-
ing the probability of predicted label. For absent
keyphrase, the generation probability of all steps
are accumulated as predicted absent BoW V a(w).

V a(w) =
N∑

j=1

yaj (w) (10)

After acquiring the predicted present and absent
keyphrase BoW, we concatenate these two parts as
the total predicted BoW V , then calculate the error
compared with ground truth BoW V̂ . To reserve
the word count information, we use Mean Square
Error (MSE) function:

LBoW =
1

|V|
∑

w∈V
(V (w)− V̂ (w))2 (11)

It is worth noting that V is the collection of words
that make up the ground truth keyphrases and pre-
dicted keyphrases. So the BWC only affects a
small subset of the whole vocabulary for each sam-
ple. This can help reduce the noise and stabilize
the training process.

In practice we increase the weight of BWC loga-
rithmically from zero to a defined maximum value
wm, the weight of BWC on t step can be denoted
as follows:

wBoW (t) = log(
ewm − 1

ttotal
t+ 1) (12)

where ttotal is the total step of training. The reason
to adjust the weight is the same as Ma et al. (2018).
The BWC should take effect when predicted results
are good enough. Therefore we first assign a small
weight to BWC at the initial time, and gradually
increase it when training.

3.4 Training

For the PKE task, objection is formulated as:

LPKE = −
M∑

i=1

C∑

c=1

wcŷ
(c,p)
i log

(
y
(c,p)
i

)
(13)

whereM refers to the length of document, C refers
to the number of label, wc is the loss weight for the
positive label. ŷpi refers the gold label.

For the AKG task, training objection is to max-
imize the likelihood of masked tokens, which is
formulated as:

LAKG = −
N∑

i=1

Vs∑

j=1

ŷ
(j,a)
i log

(
y
(j,a)
i

)
(14)

where N refers to the number of masked tokens,
Vs refers to the size of vocabulary. ŷai refers the
ground-truth word.

Considering the BWC, the overall loss of
UniKeyphrase is formulated as:

L = LPKE + LAKG + wBoWLBoW (15)

4 Experiments

4.1 Datasets and Evaluation
We follow the widely used setup of the deep KP
task: train, validation and test on the KP20K (Meng
et al., 2017) dataset, and give evaluation on
three more benchmark datasets: NUS (Nguyen
and Kan, 2007), INSPEC (Hulth, 2003) and
SEMEVAL (Kim et al., 2010). We follow the pre-
process, post-process, and evaluation setting of
Meng et al. (2017, 2019); Yuan et al. (2020)1.
Specifically, we use the partition of present and ab-
sent provided by Meng et al. (2017) and calculate
F1@5 and F1@M (use all predicted keyphrases
for F1 calculation) after stemming and removing
duplicates.

4.2 Experimental Setup
Setting: We reuse most hyper-parameters from pre-
trained UNILM2. The layer number of SRL is set
to 2. We use wm = 1.0 when adjusting the weight
of BWC. PKE loss weights wc for the positive
label is set to 5.0. we set batch size to 256, and
maximum length to 384. During decoding, we
use beam search for AKG, and beam size is set
as 5. We train our model on the training set for
100 epochs. It takes about 40 minutes per epoch to
train UniKeyphrase on 8 Nvidia Tesla V100 GPU
cards with mixed-precision training. More details
are provided in Appendix B.

1we follow the official GitHub repository to prepare
datasets and evaluation scripts which are available on
https://github.com/memray/OpenNMT-kpg-release.

2we use the official provided pre-trained model, which is
available on https://unilm.blob.core.windows.net/ckpt/unilm1-
base-cased.bin.
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Type Model
KP20k NUS SemEval Inspec

F1@5 F1@M F1@5 F1@M F1@5 F1@M F1@5 F1@M

Generative

CatSeq 29.1 36.7 32.3 39.7 24.2 28.3 22.5 26.2
CatSeqTG 29.2 36.6 32.5 39.3 24.6 29.0 22.9 27.0

CatSeq(TRM) 29.1 36.8 32.8 40.5 24.5 28.8 22.5 26.4
CatSeqD 28.5 36.3 32.1 39.4 23.3 27.4 21.9 26.3

ExHiRD-h 31.1 37.4 – – 28.4 33.5 25.3 29.1

Integrated
KG-KE-KR-M 31.7 – 28.9 – 20.2 – 25.7 –

SEG-NET 32.3 38.1 40.1 45.9 29.8 34.1 24.6 30.1
Joint UniKeyphrase 40.8 42.8 43.4 43.5 41.6 40.9 29.0 31.1

Table 1: Results on present keyphrase prediction.

Baselines: We compare two kinds of strong
baselines (generative, integrated) to give a com-
prehensive evaluation on the performance of
UniKeyphrase.

• Generative: Generative models can predict
both present and absent keyphrases under the
seq2seq framework. CatSeq (Yuan et al.,
2020) is the classic setting of keyphrase
seq2seq model. We report the performance
of CatSeq and various improved models on
it, including CatSeqTG (Chen et al., 2019b),
CatSeq (TRM) (Ahmad et al., 2020) and Cat-
SeqD (Yuan et al., 2020). A recently released
model is also included for comparing, which
is ExHiRD-h (Chen et al., 2020).

• Integrated: Integrated model often combine
multiple modules to perform extractive and
abstractive tasks. But they are not end-to-end.
Two latest integrated models are recorded for
comparison. including KG-KE-KR-M (Chen
et al., 2019a) and SEG-NET (Ahmad et al.,
2020)

4.3 Main Results
In this section, we show the experimental results
of the baseline methods and our model on present
keyphrase extraction and absent keyphrase gener-
ation. Besides, we also study the average number
of unique predicted keyphrases per document to
further show the advantages of our model.

4.3.1 Present and Absent Keyphrase
Prediction

The present and absent keyphrase prediction per-
formance of all methods are shown in Table 1
and Table 2. From the results, we can find that
our joint framework outperforms most state-of-
the-art generative baseline by a significant mar-
gin, which demonstrates the effectiveness of our
UniKeyphrase. We notice that the UniKeyphrase

does not outperform the SEG-NET on F1@M for
present keyphrase extraction on NUS dataset. One
potential reason is that the source document length
and sentence number of NUS are much larger than
the KP20k training set. SEG-NET employs an ad-
ditional sentence selector for filtering sentences
without keyphrase, which is more adaptable for
processing long documents like NUS.

4.3.2 Number of Predicted Keyphrases
The number of predicted keyphrases indicates the
model’s understanding of input documents. From
the previous work (Chen et al., 2020), we find the
average number of unique predicted keyphrases
per document is much lower than the gold average
keyphrase number in most datasets. The number of
unique keyphrases predicted by UniKeyphrase and
baselines is compared in Table 3. We can find that
UniKeyphrase predicts more (especially in absent
keyphrases) than baseline methods, which is closer
to ground truth. Meanwhile, we find UniKeyphrase
leads to predict more keyphrases than the ground-
truth (especially on KP20k). We leave solving the
over prediction keyphrases problem as our future
work.

4.4 Ablation Study

In this section, we check the improvement brought
by SRL and BWC. Several ablation experiments
are conducted to analyze the effect of different com-
ponents. The ablation experiment on SemEval is
shown in Table 4. The results show the effective-
ness of different components of our method to the
final performance.

Effectiveness of stacked relation layer: In this
setting, we conduct experiments on the multi-task
framework where PKE and AKG promote each
other only by the hidden state of UNILM, From

3Reports from Yuan et al. (2020), which do not report
absent metrics for this model. The original paper also does
not give detailed numbers.
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Type Model
KP20k NUS SemEval Inspec

F1@5 F1@M F1@5 F1@M F1@5 F1@M F1@5 F1@M

Generative

CatSeq 1.5 3.2 1.6 2.8 2.0 2.8 0.4 0.8
CatSeqTG 1.5 3.2 1.1 1.8 1.9 2.7 0.5 1.1

CatSeq(TRM) 1.5 3.1 1.1 1.8 1.9 2.7 0.5 0.9
CatSeqD 1.5 3.1 1.5 2.4 1.6 2.4 0.6 1.1

ExHiRD-h 1.6 3.2 – – 1.7 2.5 1.1 2.2

Integrated
KG-KE-KR-M3 – – – – – – – –

SEG-NET 2.0 3.8 1.4 2.4 2.1 3.1 0.9 1.4
Joint UniKeyphrase 4.7 4.7 3.6 3.7 3.0 3.2 2.9 2.9

Table 2: Results on absent keyphrase prediction.

Model Inspec SemEval KP20k
#PK #AK #PK #AK #PK #AK

Ground Truth 7.64 2.10 6.28 8.12 3.32 1.93
Transformer 3.17 0.70 3.24 0.67 3.44 0.58
catSeq 3.33 0.58 3.45 0.64 3.70 0.51
catSeqD 3.33 0.58 3.47 0.63 3.74 0.50
catSeqCorr 3.07 0.53 3.15 0.62 3.36 0.50
ExHiRD-h 4.00 1.50 3.65 0.99 3.97 0.81
SEG-NET - - - - 3.79 1.14
UniKeyphrase 5.19 2.74 8.15 3.04 6.29 2.72

Table 3: Results of average numbers of predicted
unique keyphrases. “#PK” and “#AK” are the number
of present and absent keyphrases respectively. Bold de-
notes the prediction closest to the ground truth.

Model
Present Absent

F1@5 F1@M F1@5 F1@M
UniKeyphrase 41.6 40.9 3.0 3.2
w/o SRL 38.5 37.6 2.9 3.1
w/o BWC 40.0 39.5 2.8 2.8

Table 4: Ablation study on SemEval dataset

the result, we can see that the performance drops
both in present keyphrase and absent keyphrase
without stacked relation layer. This demonstrates
that explicitly modeling the relation between PKE
and AKG with stacked relation layer can benefit
them effectively.

Effectiveness of bag-of-words constraint: In
this setting, we remove our bag-of-words constraint
and there is no global constraint for two tasks. The
results show a drop in KP performance, indicating
that capturing the global constraint of the result by
BWC is effective and important for our method.

4.5 Analysis

4.5.1 SRL Analysis
To better understand the SRL module, we analyze
the impact of stacked layers and give a visualization
of the inner state of SRL.

Analysis of SRL Layer Number: We explore

Model Total F1@M
UNILM based keyphrase generation 23.7
UniKeyphrase with 0 layer SRL 23.1
UniKeyphrase with 1 layer SRL 25.2
UniKeyphrase with 2 layer SRL 25.3
UniKeyphrase with 3 layer SRL 24.5

Table 5: Total keyphrase prediction on SemEval dataset
by different setting. UniKeyphrase with 0 layer SRL
means UniKeyphrase without SRL module.

the impact of the stack number of relation network.
The comparison of total keyphrase prediction re-
sult, which regardless of the present or absent of
keyphrases, are shown in Table 5. We can find that
setting deeper layers could generally result in better
performance when the number of stacked layers
is less than three, which proves the effectiveness
of stacked layers. It is worth noting that when the
number of stacked layers is larger than two, the KP
performance drops. We suppose that when the rela-
tion network becomes deeper, the over-interaction
will lose the diversity of two task representations.

Visualization Analysis for SRL: To better un-
derstand what the SRL network has learned, we
compare the distance between the PKE representa-
tion and AKG representation in different settings.
In detail, we randomly sample 2000 pairs of PKE
representation vector and AKG representation vec-
tor on different positions from test data and com-
pute euclidean metric in each pair. As shown in
Figure 3, the blue points mean the Euclidean met-
ric between PKE and AKG representation vector
without SRL layer, while the yellow points mean
the Euclidean metric with SRL layer.

From the Figure 3, we can find that the blue
points are under the yellow points, which means
the PKE and AKG representation vector without
SRL is more similar. In other words, SRL has
learned the task-specific representation. Also, the
blue points are denser than the yellow points, which
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Figure 4: BWC’s influence on total training loss (se-
quence labeling + text generation).

means the PKE and AKG representation with SRL
is more diverse than the one without SRL on differ-
ent samples.

4.5.2 BWC Analysis
Loss Compare: From Figure 4 we can see that the
original total loss (labeling and generation) drops
more with the help of BWC compared to the vanilla
model. BWC actually is an enhancement on the
original supervised signal from a global view. It
guides the model to learn how many to predict
and how to allocate present and absent keyphrases,
while original loss only teaches what to predict in
each position.

Bag-of-words Error: We also calculate the bag-
of-words Error between ground truth and model
predicted keyphrases, which is how many tokens
are incorrectly predicted. As shown in Figure 5,
UniKeyphrase with BWC achieves lower BoW Er-
ror compared with the vanilla model. It proves
that BWC successfully guides the model to learn a
better BoW allocation.

4.5.3 Joint Framework Analysis
In our UniKeyphrase model, we adopt pre-trained
model UNILM for KP. So it is necessary to check

KP20k Inspec NUS SemEval
0.0
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7.5

10.0
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15.0

17.5

20.0 Vanilla UniKeyphrase
+BWC

Figure 5: Bag-of-words Error comparison between
vanilla and BWC.

that the gain on metrics of our proposed joint frame-
work is not just come from the pre-trained model.
In this section, we compare UniKeyphrase with
directly using the pre-trained UNILM to perform
generative KP.

Specifically, we train a sequence to sequence
model for KP based on UNILM. Results are shown
in Table 5. From the results, we find that all of
the joint models with SRL can further outperform
the generative method based on UNILM, demon-
strating that the improvement of KP mainly come
from our joint framework instead of pre-trained
UNILM. We notice that the UniKeyphrase without
SRL does not outperform the generative method
based on UNILM, which show the significance of
modeling the relation between the two sub-tasks in
our joint framework.

5 Conclusion and Future Work

This paper focuses on explicitly establishing an end-
to-end unified model for PKE and AKG. Specifi-
cally, we propose UniKeyphrase, which contains
stacked relation layer to model the interaction and
relation between the two sub-tasks. In addition,
we design a novel bag-of-words constraint for
jointly training these two tasks. Experiments on
benchmarks show the effectiveness of the proposed
model, and more extensive analysis further con-
firms the correlation between two tasks and reveals
that modeling the relation explicitly can boost their
performance.

Our UniKeyphrase can be formalized as a uni-
fied framework of NLU and NLG tasks. It is easy
to transfer it to other extraction-generation NLP
tasks. In the future, we will explore to adopt our
framework to more scenarios.
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A Dataset Statistics

Type Dataset #Examples Max/Avg #Tokens Max/Avg #Sentences

Test

Inspec 500 387.0 / 138.4 27.0 / 6.7
NUS 211 384.0 / 185.6 16.0 / 8.4
SemEval 100 415.0 / 208.0 18 / 8.8
KP20k 20000 1116.0 / 178.9 70.0 / 8.1

Validation KP20k 20000 1862.0 / 179.2 120 / 8.2
Train KP20k 514154 2924 / 177.9 284 / 8.2

Table 6: Summary of the dataset used in experiments.
“#Examples” means the number of sample. “#Tokens”
means the number of token. “#Sentences” means the
number of sentence.

Relevant statistics about the dataset used in this
paper is shown in Table 6.

B Experimental Details

The BWC does not bring extra parameters, hence
the trainable parameters of UniKeyphrase come
from UNILM and SRL. We use the base version
of UNILM, which contains about 110M parame-
ters. Follow UNILM, our model is implemented
using PyTorch. The learning rate is 1e-5 and the
proportion of warmup steps is 0.1. The masking
probability of absent keyphrase sequence is 0.7.
For the SRL module, dropout is applied to the out-
put of each layer for regularization, the dropout
rate is 0.5. In this paper, we try to set the num-
ber of layer by 2,3,4 and choose the best based on
validation. For all experiments in this paper, we
choose the model that performs best on the KP20k
validation dataset.

C Preprocess

The input of UniKeyphrase is the same as BERT,
which applies wordpiece tokenizer on raw sen-
tences. So we use the “BIXO” labeling method,
where B and I stand for Beginning and Inside of
a word in keyphrases, and O denotes any token
that Outside of any keyphrase. For any sub-word
token in keyphrases(which starts with ‘##’ in pro-
cessed input) we use X to label it. For example,
“voip conferencing system” will be tokenized into
“v ##oi ##p con ##fer ##encing system” and be
labeled as “B X X I X X I”. We concatenate all the
tokenized absent keyphrases into one sequence us-
ing a special delimiter “ ; ”. An example of absent
keyphrase sequence will like “peer to peer ; content
delivery ; t ##f ##rc ; ran ##su ##b”.

Document: improving reliability of a shared supplier with
competition and spillover s . study spillover effect on
competing manufacturers incentives to improve a
suppliers reliability . develop a two stage model with
supplier improvement , random supply and demand , and
competition . characterize manufacturers equilibrium
inventory decision . characterize sufficient conditions of
existence of equilibrium of manufacturers improvement
efforts . explore impact of market characteristics on
manufacturers improvement efforts .

Present Ground Truth: {spillover, reliability, supplier
improvement}

UNILM(Generative): 1. spillover 2. competition
3. supplier improvement

UniKeyphrase: 1. supplier improvement 2. inventory
3. random supply and demand 4. competition
5. reliability 6. spillover 7. equilibrium 8. suppliers

Absent Ground Truth: {supply chain management，
game theory}

UNILM(Generative):1. supply chain management

UniKeyphrase: 1. supply chain reliability 2. supply chain
management 3. game theory

Figure 6: Case study.

D Case Study

We give a case on the KP20k testset in Figure 6.
For fairness, we compare with keyphrase genera-
tion based on UNILM since our joint models are
based on its implementation. Blue and red denote
correct present and absent keyphrases, respectively.
As shown in Figure 6, UniKeyphrase successfully
catches the deep semantic relation similar to the
case in the introduction, but here are “methods” for
the absent and “application” for the present. Hav-
ing caught this relation, UniKeyphrase gives more
accurate results(predicts absent keyphrases “game
theory”).

E Evaluation Details

We use F1@5 and F1@M as evaluation metric. For
calculating F1@5, since there is no explicit rank
score for each predicted keyphrase, we calculate
the rank score as follows:

Present: we calculate the average predicted la-
bel probabilities of all tokens in a keyphrase as
the score. We tried several other scoring strategies
like max, min, or the first token’s probability as
the score. The results show no significant differ-
ence(less than 0.1%).

Absent: following previous works, we pick up
the top 5 keyphrases in sequence order. The 5
leftmost keyphrases in the predicted sequence are
selected as the result.
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Abstract

Large generative language models have been
very successful for English, but other lan-
guages lag behind, in part due to data and com-
putational limitations. We propose a method
that may overcome these problems by adapt-
ing existing pre-trained models to new lan-
guages. Specifically, we describe the adapta-
tion of English GPT-2 to Italian and Dutch by
retraining lexical embeddings without tuning
the Transformer layers. As a result, we obtain
lexical embeddings for Italian and Dutch that
are aligned with the original English lexical
embeddings. Additionally, we scale up com-
plexity by transforming relearned lexical em-
beddings of GPT-2 small to the GPT-2 medium
embedding space. This method minimises the
amount of training and prevents losing infor-
mation during adaptation that was learned by
GPT-2. English GPT-2 models with relearned
lexical embeddings can generate realistic sen-
tences in Italian and Dutch. Though on aver-
age these sentences are still identifiable as arti-
ficial by humans, they are assessed on par with
sentences generated by a GPT-2 model fully
trained from scratch.

1 Introduction

Large pre-trained language models have brought
unprecedented progress in NLP, but also concerns
regarding the excessive computing power needed
to train them (Strubell et al., 2019). Limited access
to large amounts of computational resources, as
well as environmental considerations, curb possi-
bilities for less-resourced and less-researched lan-
guages. Additionally, models like GPT-2 (Radford
et al., 2019) are trained on amounts of data that are
not available for most languages. As a result of
these limitations, language models are commonly
trained for English, whereas reproductions in other
languages may underperform or not exist.

That language models can benefit from informa-
tion in other languages has been demonstrated by

the effectiveness of multilingual BERT (mBERT)
and XLM-RoBERTa (Conneau et al., 2020). How-
ever, for downstream tasks mBERT has been shown
to be outperformed by monolingual models for
higher resource languages whereas lower resource
languages can still achieve better results without
pre-trained language models (Nozza et al., 2020;
Wu and Dredze, 2020).

Rather than pursuing a multilingual direction,
we aim at exploiting existing language models
and language similarities to create models for new
languages. Specifically, we develop a multi-step
procedure for adapting English GPT-2 (Radford
et al., 2019) to Italian and Dutch. Dutch is geneti-
cally closely related to English, both being West-
Germanic languages, while Italian is a more distant
Romance language from the same Indo-European
language family (Eberhard et al., 2020). It is how-
ever worth noticing that at sentence level English
and Italian tend to have the same word order (SVO),
while Dutch is SVO in main clauses, but SOV in
subordinate ones; at noun phrase level, English
and Dutch share constituent order (for example
adjective-noun) while Italian is different (mostly
noun-adjective). A GPT-2 based model has previ-
ously been trained from scratch for Italian (De Mat-
tei et al., 2020). We can thus compare sentences
generated by this model with sentences generated
by our adapted model. For Dutch, no other GPT-2
based models exist, but similar BERT-based mod-
els have been trained from scratch (de Vries et al.,
2019; Delobelle et al., 2020).

Procedure Overview and Contributions When
training a new language model, weights of an exist-
ing pre-trained model for another language can be
used for initialisation. The first step in our training
procedure is to only retrain the lexical embeddings
of the GPT-2 small model, without touching the
Transformer layers. We show that retrained lexical
embeddings are well aligned with the English vo-
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cabulary and that GPT-2 is capable of generating
realistic text in Italian and Dutch after this step.
Next, we demonstrate that the lexical embeddings
of larger GPT-2 models can be approximated by
transforming the small lexical embeddings to the
GPT-2 medium lexical embedding space. The least-
squares regression method is the most effective
transformation method for this scaling procedure.
Human judgements show that generated sentences
are often realistic, but become even more consis-
tently so after additional finetuning of the Trans-
former layers. This improvement is stronger for
Dutch than for Italian.

The steps in our pipeline yield GPT-2 based lan-
guage models for Italian and Dutch which are made
available on the Hugging Face model hub1; the
source code is available on Github2. On the last
page, we also include a ‘recipe’ for creating GPT-2
models for new languages.

2 Background

Previous and current research relevant for the
present work is found in the more general field
of transfer learning, with a specific focus on lan-
guage transfer. We also discuss how our approach
of translating lexical layers in different model sizes
relates to work on aligning word embeddings.

2.1 Language transfer

Transfer learning can be an effective strategy to
adapt models to lower-resource languages by ini-
tially training a model for a source language and
then further training (parts of) the model for a target
language. It has been successfully used to create
machine translation models with little parallel data
(Zoph et al., 2016) as well as other classic NLP
tasks (Lin et al., 2019).

In machine translation a model can be adapted
by initially training it for a high-resource language
pair after which the model should be partially re-
trained for a low-resource language (Zoph et al.,
2016; Nguyen and Chiang, 2017; Kocmi and Bojar,
2018). Retraining a randomly initialised lexical
layer while freezing the rest of the model is an
effective method to adapt a model to a new lan-
guage, and dictionary based initialisation is not
required to get the best performance (Zoph et al.,
2016). Artetxe et al. (2020) show that a monolin-

1https://huggingface.co/GroNLP
2https://github.com/wietsedv/

gpt2-recycle

gual BERT model can be adapted from a source
language to a different target language by retrain-
ing the lexical layer for the target language while
freezing the Transformer layers in the model. Zero
shot adaptation for downstream tasks is possible by
finetuning the original source model with source
language data and swapping lexical layers after-
wards. Lexical layer retraining approaches may be
effective despite the presence of source and target
language dissimilarities if a downstream task does
not require perfect data. However, these methods
have not been applied yet to generative language
models where dissimilarities can cause clear syn-
tactic and lexical errors.

Language similarity plays a role in the effective-
ness of transfer learning for language models. For
instance, in machine translation French is a better
parent model for Spanish than German (Zoph et al.,
2016). Word order differences between languages
can negatively influence transfer performance, and
Kim et al. (2019) show that randomly swapping
words in the source language, which forces the
model to rely less on consistent word order, can im-
prove performance in the target language. Overall,
genetic similarity between source and target lan-
guages can play a role, but Lin et al. (2019) have
shown that in practice the geographic distances be-
tween countries of origin, syntactic similarity and
subword overlap are better predictors of transfer
performance for machine learning, part-of-speech
tagging, dependency parsing and entity linking.

2.2 Aligning word embeddings

Alignment of lexical embeddings, for example for
multiple languages, is most prominently done with
mapping-based approaches (Ruder et al., 2019).
Typically, a function is determined that transforms
one vector space to another based on a seed lexicon.
This lexicon is a dictionary of anchor points that
should result close together after transformation.

An influential method for learning a lexical em-
bedding mapping is the least-squares linear trans-
formation method by Mikolov et al. (2013). They
observe that words and their translations in other
languages show similar constellations of related
words after such a transformation. An alternative
method that is generally considered to be an im-
provement (Ruder et al., 2019) is the orthogonal
procrustes solution. This method adds the con-
straint that the transformation matrix must be or-
thogonal. In practice this means that the transfor-
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mation only contains rotations and reflections and
no scaling and translation. This constraint enables
length normalisation (Xing et al., 2015) and en-
sures monolingual invariance (Artetxe et al., 2016).

Mapping-based approaches rely on isomorphism,
which means that a one-to-one token mapping be-
tween source and target lexical embedding spaces
should be possible. This assumption is used for
bilingual lexicon induction after alignment (Con-
neau et al., 2018). However, the isomorphism as-
sumption highly depends on language similarity
and (amount of) training data (Søgaard et al., 2018).
Some more complex alignment methods like RCLS
(Joulin et al., 2018) optimise for dictionary trans-
lation performance, which assumes isomorphism,
but simpler methods like the orthogonal procrustes
solution are more effective for downstream tasks
like natural language inference (Glavaš et al., 2019).
Mohiuddin et al. (2020) propose a solution to the
isomorphism problem by learning a new shared em-
bedding space with an auto-encoding neural model
instead of trying to fit the embeddings of one lan-
guage in the space of another language.

3 Resources

Models The models that we train are based on the
pre-trained GPT-2 language models (Radford et al.,
2019). GPT-2 is an auto-regressive Transformer-
decoder based language model for English and
comes in four sizes: small (12 layers), medium
(24 layers), large (36 layers) and extra large (48
layers). Our experiments use the small (sml) and
medium (med) model sizes.

Pre-training data The GPT-2 models are (fur-
ther) pre-trained with Italian (ita) and Dutch
(nld) data. The Italian pre-training data is the
same dataset that was used to train the Italian
GPT-2 small language model GepPpeTto (De Mat-
tei et al., 2020). This dataset is a combination
of Wikipedia data (2.8GB) and web texts from
the ItWaC corpus (11GB; Baroni et al. 2009).
Dutch data consists of a combination of Wikipedia
(2.0GB), newspaper articles (2.9GB; Ordelman,
Roeland J.F. et al. 2007), books (6.5GB) and ar-
ticles from various Dutch news websites (2.1GB).
Documents are filtered to only contain Dutch texts
using the Wikipedia-trained fastText language iden-
tifier (Joulin et al., 2017), and are deduplicated
based on exact sentence matches. The final Dutch
pre-training data contains 13GB of plain text, of
which 5% is reserved as development data.

Evaluation data The Italian models are tested
using the same three corpora that were used to eval-
uate GePpeTto (De Mattei et al., 2020): Wikipedia,
ItWaC, EUR-Lex (laws), newspapers and blog
posts. A 5% subset of this data is used for de-
velopment. For perplexity evaluation, the Dutch
500 million word, 22-genre SoNaR corpus is used
(Oostdijk et al., 2013). The smaller 1 million word
SoNaR-1 subcorpus is used as development data.

Tokenisation The datasets are tokenised using
byte-pair-encoding (BPE). For better comparison,
the Italian vocabulary is taken from the GePpeTto
model (De Mattei et al., 2020). The Dutch BPE vo-
cabulary is based on the full pre-training data and it
has been ensured that every character that is used in
the Dutch language is present as a single character
token in the vocabulary. A large vocabulary size is
beneficial because words are less often split in sep-
arate tokens, but vocabularies that are too large will
have low token coverage for uncommon tokens.

Computation Training a model like GPT-2 is a
computationally expensive task that requires access
to costly hardware for long training times. All mod-
els discussed in this paper are trained with eight par-
allel NVIDIA V100 32GB GPUs on the Peregrine
high performance computing cluster at the Univer-
sity of Groningen. For efficient implementation of
the models, we use PyTorch (1.6.0; Paszke et al.
2019), PyTorch Lightning (0.9.0; Falcon 2019) and
Transformers (3.0.2; Wolf et al. 2020). We imple-
ment four strategies to decrease general training
time. First, the models are trained with 16-bit auto-
matic mixed-precision training (Micikevicius et al.,
2018). This decreases training time with a factor of
two to three times. Second, we split each document
in windows of 128 instead of 1024 tokens when we
only train the lexical embeddings. Third, we min-
imise padding by using bucketed random sampling
which means that sequences within minibatches
have roughly the same length. Finally, we use max-
imum batch sizes that fit into GPU memory and use
gradient accumulation in order to do backpropaga-
tion only for every 2000 examples. The models are
trained with the Adam optimiser (Kingma and Ba,
2017) and initial learning rates are chosen based
on the steepest loss slope with gradually increasing
learning rates (Smith, 2017). The learning rate is
reduced by 10% on when training loss reaches a
plateau. More implementation details are given in
the git repository.
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4 Cross-language Transfer

We adapt GPT-2 for Italian and Dutch with mini-
mal random initialisation. The lexical embeddings
in GPT-2 are trained with an English BPE vocab-
ulary. Therefore, they are not usable for the new
languages and the lexical embedding layer has to be
randomly initialised for the target vocabulary. This
lexical embedding layer is used both as the first and
the last layer of GPT-2 (tied weights). Relearning
lexical embeddings with frozen Transformer layers
prevents catastrophic forgetting in the Transformer
layers when the embeddings are still random.

Relearning lexical embeddings Relearning lex-
ical embeddings is nearly as computationally ex-
pensive as fully training the model, because back-
propagation has to be done through the full model
in order to update the lexical embeddings in the first
layer of the model. However, loss values stabilize
after only one to two epochs with lexical embed-
ding relearning whereas full model training takes
more training time. We retrain the lexical embed-
dings for the sml and med model for Italian and
Dutch by training until loss on the validation data
stops decreasing. When we retrain the sml model,
the perplexities on our Italian and Dutch test data
become 44.2 and 48.9 respectively. These perplex-
ity scores show that the sml model can predict
Dutch and Italian tokens reasonably well without
having retrained the Transformer layers. There-
fore, the English Transformer layers are at least
partially language-independent and our relearning
method automatically aligns lexical embeddings to
the embedding space of the English model. How-
ever, if we retrain the med lexical layer for Italian
and Dutch with the same method, test data per-
plexities are 81.2 and 185.0. These unsatisfactory
med perplexities could be due to stopping train-
ing too early or to arriving at a suboptimal local
optimum. Training for a longer time or trying dif-
ferent random initialisations defeats the purpose of
minimising computational requirements. A more
efficient method that uses the already learned sml
embeddings is described in Section 5.

Vocabulary alignment The lexical embeddings
of both the original English tokens as well as the
relearned Italian and Dutch lexical embeddings can
be considered to inhabit the same embedding space
because the lexical embeddings of all three lan-
guages are tuned to minimise loss with the exact
same Transformer layers. Therefore, tokens with

English Italian Dutch

while mentre terwijl
genes geni genen
clothes vestiti kleren
musicians composi[...] artiesten
permitted ammessa toegelaten
Finally infine Eindelijk
satisfied soddisfatto tevreden

Accuracy: 85% 89%

Table 1: Alignment of closest tokens in the lexical em-
beddings of smlrle for Italian and Dutch. Accuracy
scores are based on a manual evaluation by the authors
of 200 random aligned tokens. Semantically correct
subword matches are included.

similar meaning in different languages should be
close to each other if the lexical embeddings are
properly trained. Table 1 shows the closest Italian
and Dutch tokens of a random sample of English
tokens. These alignments show that the optimal
lexical embeddings for both Italian and Dutch are
often literal translations of English tokens. Thanks
to similarity of context-dependent structures like
syntax in these three languages, the English model
can be adapted to Italian and Dutch. Based on this
small sample, Dutch to English alignment seems
to be slightly more accurate than Italian to English,
but a more thorough study would be required to
evaluate the actual relation between genetic simi-
larity and alignment potential through this method.

Text generation Table 2 shows some examples
of unconditioned text generation of the English
sml with relearned lexical embeddings for Italian
and Dutch. These examples show that the model
can generate proper Italian and Dutch sentences, al-
though it sometimes uses English word order where
the correct word order differs in Dutch, or ignores
grammatical gender agreement in Italian defaulting
to the singular masculine, or doesn’t always pro-
duce correctly Italian prepositional articles (“di la”,
en: of the vs “della”, en: of-the). Phrases in italics
in Table 2 highlight such mistakes.

The literal English translations, however, show
that the models can generate proper Italian and
Dutch grammar that differs from English. Italian
and Dutch lexical embeddings are not only aligned
with equivalent English tokens, but unexpected cor-
rect syntax shows that the grammatical functions of
words have also been adapted. For example, in Ital-
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Italian Literal English translation

La prima parte del film venne distribuito in Giappone con
l’aggiunta della colonna sonora.

The first part of the film was distributed in Japan with the
addition of the soundtrack.

L’unico motivo di la mia insoddisfazione fu il fatto che
l’inizio della sua attività [. . . ]

The only reason of the my unsatisfaction was the fact that the
beginning of-the his/her activity [. . . ]

Il suo nome deriva da un vocabolo arabo. The his/her name derives from a word Arabic.

Dutch Literal English translation

In een artikel in de Journal of Economicologie (1998), The
New York Times schrijft:

In an article in the Journal of Economicology (1998), The
New York Times writes:

Ik kan me niet voorstellen dat mensen van mijn generatie
zijn zo boos op mij te wachten.

I can me not imagine that people of my generation are so
mad at me to wait.

Ik heb niets gedaan om mijn moeder te helpen. I have nothing done to my mother to help.

Table 2: A selection of generated sentences by the sml model with Italian and Dutch lexical embeddings. Phrases
in italics are ungrammatical in the target language.

ian the noun-adjective order is opposite to English
and realised correctly; also, the use of the definite
article in front of a possessive pronoun is correctly
introduced, while ungrammatical in English.

This shows that the relatively low-dimensional
context-independent lexical embeddings in GPT-2
contain syntactic features of the tokens in addition
to semantics, and confirms previous findings of
high information density in the lexical layer of
language models (de Vries et al., 2020). Therefore,
language adaptation can be to some extent effective
by adapting the lexical embedding layer without
retraining Transformer layers at all.

5 Scaling up Complexity

Replacing the original lexical embeddings with lex-
ical embeddings from a different target language
seems an effective way to initialise full model trans-
fer to that target language. However, relearning the
lexical embeddings of a new vocabulary requires
full forward and backward propagation through
the whole model. Therefore, this becomes an in-
creasingly more expensive task for larger model
sizes. When multiple model sizes need to be trans-
ferred to a new language, the lexical embeddings
do not need to be retrained from scratch. Instead,
vocabulary alignment between the source and tar-
get languages for the smaller model could be used
to initialise the embeddings for a larger model.

After relearning the lexical embeddings of the
sml model for Italian and Dutch, we observed
that tokens with similar meaning in different lan-
guages are close to each other in the embedding
space. This alignment effect should also be present
in properly trained lexical embeddings of larger

models. Given that we have at our disposal known
embeddings for all 50K English tokens for every
model size, we can use these data points to trans-
form model size sml to larger model size med.

Regardless of architecture, embeddings are only
considered to be alignable if they are trained un-
der identical conditions with the same type and
amount of data (Levy et al., 2015; Ruder et al.,
2019). Our goal differs from previous alignment ef-
forts since instead of aligning languages, we align
separately trained embeddings for different model
sizes, trained on the same data with identical and
fully parallel vocabularies in English. The em-
beddings differ in dimensionality (768d for sml,
1024d for med) and the different model sizes may
influence the amount and density of information in
the lexical embeddings.

5.1 Transformation methods

The 50K parallel English tokens can be used to find
an optimal transformation between lexical embed-
dings of different model sizes. The completeness
of this mapping due to shared vocabularies between
models eliminates the need to use complex solu-
tions like refinement or bootstrapping the lexicon
(Artetxe et al., 2018). We compare three simple
supervised alignment methods for transformation
from source space sml to target space med.

Regression (lstsq) A classic approach for map-
ping lexical embeddings is mean-squared-error
minimising linear regression with the least-squares
method (Ruder et al., 2019; Mikolov et al., 2013).
This method learns a transformation matrixW that
minimises the Euclidean distance between source
and target embeddings. The optimal matrix is ap-
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Italian Dutch
Model Int@1k PPL Int@1k PPL PPL (1 epoch)

medrle (1 epoch) 0.38 - 185.02 - -

smlrle
proc−−→ med 0.61 8.12 ×1012 0.61 5.02 ×1012 52.69

smlrle
lstsq−−−→ med 0.56 364.06 0.56 293.61 47.57

smlrle
1−nn−−−→ med 0.37 2,764.19 0.36 1,101.59 50.25

smlrle
10−nn−−−−→ med 0.37 20,715.80 0.35 11,871.66 56.88

Table 3: Scores for different transformation methods. Int@1K are the average 1k nearest English neighbours
intersection (int) fractions between sml and transformed med embeddings. PPL is the perplexity on the test sets
for Italian and Dutch. PPL (1 epoch) indicates the perplexity after one epoch of training, which is low if the
transformed embeddings were close to a good local optimum.

proximated with stochastic gradient descent, and
therefore this is not an exact solution.

Orthogonal Procrustes (proc) More recent
alignment approaches constrain the transformation
W to be an orthogonal matrix (Ruder et al., 2019;
Artetxe et al., 2016). This constraint enables us-
ing the exact solution for the orthogonal Procrustes
problem (Xing et al., 2015). The exact solution
only rotates and reflects data points to be as close
as possible to the target space without any scaling
or translation, preserving monolingual invariance
in the source embeddings (Artetxe et al., 2016).

Weighted K-Nearest Neighbours (knn) Unlike
typical alignment approaches, we have a complete
set of parallel data points in the source and target
spaces (English). The unknown target language
tokens can be approximated by taking theK near-
est English tokens in the source sml embedding
space and using the distance-weighted sum of these
tokens in the target med embedding space.

5.2 Results after transformation
Table 3 shows med embedding similarity with
source sml embeddings and perplexities on test
data with transformed embeddings, as well as the
transformed embeddings with one additional epoch
of training. Results are consistent for Italian and
Dutch. Nearest English neighbours are best pre-
served with the Orthogonal Procrustes method.
However, the perplexity scores are extremely high
for this method. The perplexity scores with the
different methods vary in complete orders of mag-
nitude. Based on this, the least-squares regression
method outperforms the other methods. After one
epoch of additional training with transformation ini-
tialised embeddings, the lstsq method still outper-

Model PPL
ita nld

smlrle 44.19 48.85
smlrle + finetuning 42.45 39.59
smlfull* 193.15 219.34

medrle + finetuning 42.51 44.68

GePpeTto (sml) 106.84 -

Table 4: Perplexities of the concatenated test data for
the final models. The medrle model is in practice the

smlrle
lstsq−−−→ med model. * The smlfull model is

trained for the equivalent amount of time as the smlrle
+ finetuning models, but with all layers unfrozen.

forms the other methods. It even outperforms the
sml model with fully tuned lexical embeddings.

6 Full model finetuning

After obtaining lexical embeddings for Italian and
Dutch to be plugged into the English GPT-2 mod-
els, the full models can be finetuned for the target
language. The best performing lexical embeddings
will be used to train the sml and med Italian and
Dutch models. These are the lexical embeddings
that are relearned from random initialisation for the
sml model. For the med model, the lstsq trans-
formed sml embeddings with additional training

are used (smlrle
lstsq−−−→ med+rle).

The relearned lexical embeddings reduce the risk
of information loss while the model is adjusting
to a new language. Nevertheless, information can
still be lost during training. For instance for the
sml Dutch model, validation loss increases with
a learning rate of 10−4, but this does not happen
with a lower learning rate of 10−5.
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7 Obtained models and evaluation

For both Italian and Dutch, we evaluate three mod-
els: (i) the English sml model with relearned lex-
ical embeddings; (ii) the sml model with addi-
tional finetuning to the target language; and (iii)
the English med model with relearned lexical em-
beddings that were initialised by transforming sml
embeddings with the least-squares method. For
Italian, we also include the GPT-2 small based GeP-
peTto model (De Mattei et al., 2020), which was
trained from scratch. This inclusion offers the op-
portunity of a direct comparison between a GPT-2
model trained from scratch and those obtained with
our transfer approach. We run both an automatic
and a human-based evaluation. For the former, we
compare perplexity scores on unseen test data in
different genres. For the latter, we collect and com-
pare judgements over generated and gold texts by
native speakers of Italian and Dutch.

7.1 Perplexity

Table 4 shows perplexity scores on concatenated
multi-genre test data based on a strided moving
window perplexity calculation.3 Perplexities are
calculated with Italian and Dutch vocabularies of
30K tokens. These results show that perplexities
are low when only relearning the lexical embed-
dings for both Italian and Dutch. Further finetuning
of the sml model seems to have the greatest effect
for the Dutch language. The med models with re-
learned lexical embeddings have lower perplexity
than the equivalent sml models. This shows that
language transferability based on the lexical layer
is not restricted to small model sizes. Moreover,
we see that our proposed method results in lower
perplexity scores than regular full model finetun-
ing of the English model. The overall perplexity
scores of Italian are closer to each other than the
Dutch perplexities. We also tested perplexities by
the different genres that make up both the Italian
and the Dutch datasets (see Figure 5 and Figure 6
for details), and observed that while perplexities
vary greatly per genre, the model ranking per genre
is consistent with the global scores.

7.2 Human Judgements

The perplexity scores give an indication on how
well a language is represented by language models,

3Window sizes are 128 tokens and strides are 64 tokens
except for GePpeTto. GePpeTto was trained with at most 100
tokens, so its window size is 100 with a 50 token stride.

Model Social News Legal

smlrle 134.64 67.14 16.95
smlrle + finetuning 118.19 55.63 15.36

medrle 123.64 59.18 14.95

GePpeTtosml 179.47 80.83 34.71

Table 5: Perplexities for different genres within the
Italian test data. Rankings are consistent with Table 4
except for the legal domain.

Model Proceedings News Legal

smlrle 44.47 239.14 52.01
smlrle + finetuning 36.35 171.83 42.92

medrle 40.62 234.52 45.01

Table 6: Perplexities for some SoNaR genres in Dutch.
Models rankings are consistent across genres.

but this does not reliably tell how good the model
is in a generative setting. For this, we resort to hu-
man judgements. Human assessments of generated
texts are collected for the models that incorporate
the crucial steps in our approach and achieve rea-
sonable perplexity scores: the sml models with
only relearned lexical embeddings, the finetuned
sml models and the higher complexity med mod-
els with only relearned lexical embeddings based
on transformed sml lexical embeddings.

Texts are assessed in isolation by means of a
direct evaluation (Novikova et al., 2018).4 Sub-
jects are presented with texts on the screen, and are
asked whether the texts they see could have been
written by a human. All subjects are pre-informed
that some of the texts they will see are machine
generated. Rather than discrete answers, we obtain
continuous evaluations by offering the possibility
of clicking anywhere on a bar whose extremes are
“no” to the left and “yes” to the right.

The evaluation interface is made with PsychoPy3
(Peirce et al., 2019) and hosted with Pavlovia5.

Italian models were evaluated by 24 participants
(9 M, 15 F) with ages ranging from 26 to 63 with
a median age of 46. The Dutch models were eval-
uated by 15 participants (11 M, 4 F) with ages
ranging from 23 to 36 with a median age of 27.

The three final models are evaluated for both lan-
guages; for Italian, we also add GePpeTto (De Mat-
tei et al., 2020). Human written gold sentences

4A direct evaluation is opposed to a comparative one, usu-
ally involving a ranking task (Novikova et al., 2018; De Mattei
et al., 2020); this is left to future work.

5https://pavlovia.org
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(a) Human judgement scores for Italian texts.
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(b) Human judgement scores for Dutch texts.

Figure 1: Human judgement scores based on a continuous scale. Most judgements were close to 0 or 1.

were sampled from the test data as an additional
condition. For each of these 5 Italian and 4 Dutch
conditions, 100 sentences are evaluated. Each par-
ticipant has evaluated 50 to 150 sentences and each
sentence is evaluated by 3 to 5 participants. As a
result, we obtain 1950 evaluations for 500 Italian
texts and 1550 evaluations for 400 Dutch texts.

All artificial sentences are randomly generated
without conditioning and with beam search (5
beams, with top 50 tokens or a summed probability
of at least 90%), and a temperature of 3.0. Setting
the temperature value >1 means decreasing the
sampling probability of likely tokens, and therefore
increases variation between generated samples.

Longer sentences have a higher chance to con-
tain mistakes, so a model that generates longer
sentences may have a disadvantage. However, ex-
plicitly controlling sentence length is not possible
nor desired since sentence length may also be an
indication of model quality. For both languages
the randomly sampled gold sentences have more
long sentences than the models, but the sml model
with finetuning also sometimes generates longer
sentences. We filter out sentences longer than 30
tokens to decrease sentence length effects on judge-
ments. The remaining Italian sentences have me-
dian lengths of 18 or 22 words and the Dutch ones
16 or 17 words for the different conditions.

Figure 1 shows the distributions of human judge-
ments per condition. Variance seems to be high
due to the non-normally distributed scores as rel-
atively many scores are close to zero, half or one.
The model differences appear stronger for Dutch
than Italian, but for both languages the subjects
have given high scores to gold sentences. This is
expected and indicates that the participants are able

to correctly judge real human texts. Of the three
trained models, the small model with additional
finetuning achieves the highest scores.

For the Italian model comparison we use a
linear mixed-effects model but with only author
as fixed effect and random intercepts for partici-
pants and sentences. There is no significant ef-
fect for sentence length. The judgements on gold
texts are significantly higher than all model judge-
ments (p < 0.005) except for smlfine. However,
smlfine is not significantly better than GePpeTto
nor the smlrle and medrle models (p > 0.05).

For Dutch we use a linear mixed-effects model
with fixed effects for author and sentence length
(in number of words) and random intercepts for
participants and sentences. Sentence length has a
significant negative effect (p < 0.001). All arti-
ficial authors score significantly lower than gold
(p < 0.001). As for Italian, the smlfine model ap-
pears the best model, but in this case the judgement
scores are significantly higher than for the other
two models (p < 0.001). The smlrle and medrle
models do not differ significantly from each other.

The human judgements show consistent results
across the languages, but differences between
Dutch judgements are stronger than for Italian.
This seems to mirror the smaller perplexity dif-
ferences for Italian than for Dutch. Whether demo-
graphic or cultural differences also play a role in
this difference will need to be further investigated.

In sum, we see that the English GPT-2 models
with relearned lexical embeddings are recognisable
as artificial, whereas this problem is attenuated
after additional finetuning. The sml model with
additional finetuning performs at least as well as
the GePpeTto model that was trained from scratch.
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8 Conclusion

We have described methods to adapt GPT-2 to ge-
netically related languages and to increase model
complexity. Retraining lexical embeddings forces
the model to learn representations that are aligned
between English and the target language. GPT-2 is
able to generate realistic text in another language,
but human judgements reveal that additional fine-
tuning of the full model is needed to generate real-
istic sentences more consistently. Relearned lexical
embeddings show signs of syntactic adaptation to
the new language, though not fully consistently.

Dutch is genetically closer to English than Ital-
ian, but our results do not prove that this method
works better for Dutch. Future research on the rela-
tion between degrees and types of language similar-
ity and transferability of models will enable more
effective monolingual transfer, and possibly train-
ing better multilingual models by selecting optimal
clusters of languages. This kind of work offers a
privileged perspective into the information learned
by generative language models and provides empir-
ical ground for linguistic typology research (e.g.,
uncovering which linguistic aspects are more uni-
versal, and which more language-specific).

Relearning lexical embeddings using our method
can still be considered an expensive solution, but
training costs decrease when a smaller embedding
space is scaled up to the embedding space of a
larger model. In other words, approximating a good
initialisation of the embedding weights decreases
training time. This method also enables adaptation
of (extra) large GPT-2 models to other languages.

If you can borrow pre-trained weights, why re-
train models from scratch? In the right column we
summarise the steps for the shortest path to train
your own GPT-2 for another language.
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Impact Statement

This work aims to minimize the environmental im-
pact of training large neural language models by
adapting existing models and by using smart initial-
isation of model weights. However, experiments in
this paper still require the use of GPUs for extended
periods of time which has environmental impact.
Our final models are published and all models that
automatically generates natural text could unfortu-
nately be used maliciously. While we cannot fully
prevent such uses once our models are made pub-
lic, we do hope that writing about risks explicitly
and also raising awareness of this possibility in the
general public are ways to contain the effects of po-
tential harmful uses. We are open to any discussion
and suggestions to minimise such risks.

This paper describes several steps that are taken
to transfer GPT-2 to a different language. The
recommended shortest path to replicate this for
another language is to follow these steps:

Vocabulary Create a new BPE vocabulary for
your target language. The optimal size for your
vocabulary depends on your language, so select
the size by stepwise increments until the number
of tokens per sentence slows to decrease.

Start small Re-initialise the lexical embed-
dings of the small GPT-2 model for your vocabu-
lary size and only retrain the lexical embeddings.

Increase model size If you want to train a
larger model size, fit a least-squares regression
model to the English lexical embeddings in the
small and larger model size and use the fitted
model to transform your newly trained lexical
embeddings to a larger model size.

Optimise your embeddings Do additional
lexical embedding training in the target model
size. Transformed embeddings are a good ini-
tialisation, but they are not perfect.

Finetune Unfreeze the full target model and
do some finetuning to make sure that syntax dif-
ferences are learned by the new model. Use a
low learning rate like 10-5.

Create your own GPT-2 model

844



References
Mikel Artetxe, Gorka Labaka, and Eneko Agirre. 2016.

Learning principled bilingual mappings of word em-
beddings while preserving monolingual invariance.
In Proceedings of the 2016 Conference on Empiri-
cal Methods in Natural Language Processing, pages
2289–2294, Austin, Texas. Association for Compu-
tational Linguistics.

Mikel Artetxe, Gorka Labaka, Eneko Agirre, and
Kyunghyun Cho. 2018. Unsupervised Neural Ma-
chine Translation. arXiv:1710.11041 [cs]. ArXiv:
1710.11041.

Mikel Artetxe, Sebastian Ruder, and Dani Yogatama.
2020. On the Cross-lingual Transferability of Mono-
lingual Representations. In Proceedings of the 58th
Annual Meeting of the Association for Computa-
tional Linguistics, pages 4623–4637, Online. Asso-
ciation for Computational Linguistics.

Marco Baroni, Silvia Bernardini, Adriano Ferraresi,
and Eros Zanchetta. 2009. The WaCky wide web: a
collection of very large linguistically processed web-
crawled corpora. Language Resources and Evalua-
tion, 43(3):209–226.

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzmán, Edouard Grave, Myle Ott, Luke Zettle-
moyer, and Veselin Stoyanov. 2020. Unsupervised
Cross-lingual Representation Learning at Scale. In
Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 8440–
8451, Online. Association for Computational Lin-
guistics.

Alexis Conneau, Guillaume Lample, Marc’Aurelio
Ranzato, Ludovic Denoyer, and Hervé Jégou.
2018. Word Translation Without Parallel Data.
arXiv:1710.04087 [cs]. ArXiv: 1710.04087.

Lorenzo De Mattei, Michele Cafagna, Felice
Dell’Orletta, Malvina Nissim, and Marco Guerini.
2020. GePpeTto Carves Italian into a Language
Model. arXiv:2004.14253 [cs].

Pieter Delobelle, Thomas Winters, and Bettina Berendt.
2020. RobBERT: a Dutch RoBERTa-based Lan-
guage Model. arXiv:2001.06286 [cs].

David M. Eberhard, Gary F. Simons, and Charles D.
Fennig. 2020. Ethnologue: Languages of the World.
Twenty-third edition. SIL International.

W.A. Falcon. 2019. PyTorch Lightning.
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Abstract
Cognate prediction is the task of generating, in
a given language, the likely cognates of words
in a related language, where cognates are
words in related languages that have evolved
from a common ancestor word. It is a task
for which little data exists and which can aid
linguists in the discovery of previously undis-
covered relations. Previous work has applied
machine translation (MT) techniques to this
task, based on the tasks’ similarities, with-
out, however, studying their numerous differ-
ences or optimising architectural choices and
hyper-parameters. In this paper, we inves-
tigate whether cognate prediction can bene-
fit from insights from low-resource MT. We
first compare statistical MT (SMT) and neural
MT (NMT) architectures in a bilingual setup.
We then study the impact of employing data
augmentation techniques commonly seen to
give gains in low-resource MT: monolingual
pretraining, backtranslation and multilingual-
ity. Our experiments on several Romance lan-
guages show that cognate prediction behaves
only to a certain extent like a standard low-
resource MT task. In particular, MT architec-
tures, both statistical and neural, can be suc-
cessfully used for the task, but using supple-
mentary monolingual data is not always as ben-
eficial as using additional language data, con-
trarily to what is observed for MT.

1 Introduction

The Neogrammarians (Osthoff and Brugmann,
1878) formalised one of the main hypotheses of
the then recent field of comparative linguistics, the
regularity of sound changes: if a phone in a word, at
a given moment in the history of a given language,
evolves into another phone, then all occurrences of
the same phone in the same phonetic context in the
same language evolve in the same way.

Sound changes are usually identified by look-
ing at the attested (or hypothesised) phonetic form

of specific sets of words, called cognates, whose
definition varies in the literature depending on the
field.1 We use an extension of the customary defini-
tion used in historical linguistics, as described for
instance in (Hauer and Kondrak, 2011; List et al.,
2017), which is the following: given two languages
with a common ancestor, two words are said to be
cognates if they are an evolution of the same word
from said ancestor, having undergone the sound
changes characteristic of their respective languages’
evolution. We extend it by also allowing the an-
cestor word (from the parent language) to also be
considered a cognate. For example, Latin bonus
‘good’ gave Italian buono ‘id.’, Spanish bueno ‘id.’
and Spanish bono ‘id.’ by inheritance, and they are
all cognates, whereas Spanish abonar ‘to fertilise’,
obtained by derivation, is related but not a cognate
(Figure 1).

Figure 1: Related words in Italian and Spanish, both
the outcome of Latin bonus ‘good’. Plain arrows rep-
resent inheritance, dotted arrows derivation. “?” indi-
cates that the word is not present in our database.

Cognate identification (finding cognate pairs in
a multilingual word set) and prediction (producing

1Cognates have for example been defined as words sharing
spelling and meaning, regardless of their etymology (Frunza
and Inkpen, 2006, 2009), or words etymologically related no
matter the relation (Hämäläinen and Rueter, 2019).
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likely cognates in related languages) are two of the
fundamental tasks of historical linguistics. Over
the last three decades, automatic cognate identifica-
tion has benefited from advances in computational
techniques, first using dictionary-based methods
(Dinu and Ciobanu, 2014) and purely statistical
methods (Mitkov et al., 2007; McCoy and Frank,
2018), then statistical methods combined with clus-
tering algorithms (Hall and Klein, 2010, 2011; List
et al., 2017; St Arnaud et al., 2017), statistical meth-
ods combined with neural classifiers (Inkpen et al.,
2005; Frunza and Inkpen, 2006, 2009; Hauer and
Kondrak, 2011; Dinu and Ciobanu, 2014) and neu-
ral networks only (Ciobanu and Dinu, 2014; Rama,
2016; Kumar et al., 2017; Soisalon-Soininen and
Granroth-Wilding, 2019).

Automatic cognate prediction is less studied de-
spite its interesting applications, such as predict-
ing plausible new cognates to help field linguists
(Bodt et al., 2018) and inducing translation lexicons
(Mann and Yarowsky, 2001). In the last few years,
it has been approached as an MT task, as it can be
seen as modelling sequence-to-sequence correspon-
dences. Using neural networks has been promising
(Beinborn et al., 2013; Wu and Yarowsky, 2018;
Dekker, 2018; Hämäläinen and Rueter, 2019; Four-
rier and Sagot, 2020a), although in most works the
hyper-parameters of the neural models were not
optimised. Moreover, the differences between MT
and cognate prediction have not been studied.

In this paper, we choose to study the application
of MT approaches to the cognate prediction task.
Our aim is to investigate whether the task can ben-
efit from techniques commonly seen to improve
standard low-resource MT. We first highlight the
specific characteristics of cognate prediction, and
(to our knowledge) provide the first detailed analy-
sis of the expected differences with standard MT.
We then compare MT architectures (bilingual SMT
vs. bilingual and multilingual NMT) when applied
to cognate prediction. We study how to leverage
extra data in our NMT models, either monolingual
(via backtranslation or pretraining) or multilingual
(introducing new languages). We experiment with
Latin and its Romance descendants Spanish and
Italian for all our experiments, as well as added
French and Portuguese in a data augmentation set-
ting. We find that cognate prediction is only similar
to standard MT to a certain extent: the task can be
modelled well using standard MT architectures (ad-
justed for a low-resource setting), and extending

neural architectures to a multilingual setting signif-
icantly improves the results. In such multilingual
settings, further improvements can be obtained by
leveraging data from extra languages. However,
using extra monolingual data via backtranslation
or pretraining is not always as beneficial as it is in
standard MT settings.2

2 Related Work

2.1 Cognate Prediction

Cognate prediction is the task that aims to produce
from words in a source language plausible cognates
in a target language (according to the aforemen-
tioned definition of cognates). It is a lexical task
that models regular, word-internal sound changes
that transform words over time. It has been ap-
proached with phylogenetic trees combined with
stochastic sound change models (Bouchard et al.,
2007; Bouchard-Côté et al., 2009; Bouchard-Côté
et al., 2013), purely statistical methods (Bodt et al.,
2018), neural networks (Mulloni, 2007), language
models (Hauer et al., 2019) and character-level
MT techniques (Beinborn et al., 2013; Wu and
Yarowsky, 2018; Dekker, 2018; Hämäläinen and
Rueter, 2019; Fourrier and Sagot, 2020a; Meloni
et al., 2021), because of its similarity to a transla-
tion task (modelling sequence-to-sequence cross-
lingual correspondences between words).

2.2 Low-resource MT

Since data is scarce, we postulate that cognate pre-
diction could benefit from low-resource MT set-
tings techniques and architectural choices.

2.2.1 Architecture Comparison
Several papers comparing SMT with NMT (recur-
rent neural networks (RNNs) with attention) in
low-resource settings conclude that SMT performs
better, being more accurate and less prone to over-
fitting (Skadin, a and Pinnis, 2017; Dowling et al.,
2018; Singh and Hujon, 2020). However, as Dowl-
ing et al. (2018) themselves note, they did not op-
timise hyper-parameters for NMT. Sennrich and
Zhang (2019) analysed and reproduced previous
comparisons, to conclude that SMT can actually
be outperformed by NMT when architectures and
hyper-parameters are carefully chosen, but only
above a certain quantity of data.

2Both our code and data are freely available at http:
//github.com/clefourrier/CopperMT.
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2.2.2 Leveraging Extra Data
Several techniques are commonly used in low-
resource MT to mitigate the lack of parallel data:
monolingual pretraining, backtranslation and using
data from additional languages.

Monolingual pretraining (unsupervised) has,
as in other NLP tasks, been highly beneficial to
MT (Song et al., 2019; Conneau and Lample, 2019;
Devlin et al., 2019; Liu et al., 2020). Before train-
ing on a translation task, model parameters are first
pretrained using a language modelling objective,
which enables the exploitation of monolingual data,
more freely available than bilingual data.

Backtranslation originated in SMT (Bertoldi
and Federico, 2009; Bojar and Tamchyna, 2011),
and has been standard in NMT for several years
(Sennrich et al., 2016; Edunov et al., 2018). Its
goal is to artificially create larger quantities of par-
allel data from monolingual datasets, which are
often more readily available. Target-side monolin-
gual data is provided to a bilingual model trained
in the opposite direction (target-to-source), which
produces synthetic source-side data. The data is
then filtered to keep the highest quality sentences.
The newly generated dataset, made of synthetic
source-side data parallel to real target-side data is
then combined with the original bilingual set to
train a new model.

Training multilingual NMT models has been
shown to help low-resource scenarios by pro-
viding data in other languages and constraining
the hidden representations to a shared, language-
independent space. The amount of sharing between
languages varies according to the approach, from
multi-encoder, multi-decoder architectures (Luong
et al., 2016), optionally sharing attention mecha-
nisms (Firat et al., 2016a), to approaches with a
single shared encoder and decoder (Ha et al., 2016;
Johnson et al., 2017).

3 Differences between Cognate
Prediction and MT

Cognate prediction and MT both focus on learning
sequence-to-sequence correspondences. However,
amongst the works using MT techniques for cog-
nate prediction, little attention has been paid to their
differences; the underlying linguistic assumptions
and aims are quite distinct, which could impact the
transferability of choices and techniques from MT.

Representation Units MT processes sentences
split into individual (graphemic) units that can be of

diverse granularity levels (characters, subwords or
words). Cognate prediction, on the other hand, in-
volves predicting sound correspondences from one
cognate word to another, and so is best modelled us-
ing sequences of phones (like character-level MT).

Reordering and Alignment In MT, the corre-
spondence between source and target sentences
can involve long-distance reorderings, whereas
the reorderings sometimes found in the correspon-
dence between cognates are almost always local
(e.g. metatheses). We therefore expect SMT, which
is somewhat limited with respect to the modelling
of long-distance context, to be less penalised in
the cognate prediction setting than it usually is a
standard MT setting.

Sample Length The input sequence to MT is
the sentence, whereas for cognate prediction it is
the word. Even with different segmentation gran-
ularities for MT, the average sequence length is
generally much shorter for cognate prediction than
for MT. Again, this could mean that SMT is less
penalised than it is in the standard MT setup.

Modelled Relations MT involves symmetrical
relations between sentences, whereas cognate pre-
diction, as defined above, is inherently ambiguous
in a counter-intuitive way (especially because it
is structurally different from the usual MT ambi-
guity, where many valid translations exist for the
same input). The cognate task models both sym-
metrical and asymmetrical relationships between
cognates: parent-to-child (e.g. LA→ES), i.e. mod-
elling sequences of regular sound changes, is non-
ambiguous, whereas child-to-parent (e.g. ES→LA)
and as a result, child-to-child (e.g. IT↔ES) is in-
trinsically ambiguous, as two distinct sounds in the
parent language can result in the same outcome in
the child language. When two distinct sounds in the
child language are the outcome of the same sound
in the parent language, it is always because their
(word-internal) phonetic contexts were different in
the parent language. In other words, the parent-to-
child direction is (virtually) non-ambiguous, but
might require taking the phonetic context into ac-
count. However, the child-to-parent direction is
intrinsically ambiguous, which results from the
fact that a sound in the child language can be the
regular outcome of more than one sound in the par-
ent language: for instance Spanish /b/ comes from
Latin /p/ in abría (from Latin aperı̄re) but from
Latin /b/ in habría (from Latin habeō).
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Ambiguity Management When using cognate
prediction as a tool to aid linguists, as in (Bodt
and List, 2019), our aim is not to predict the single
correct answer, but to provide a list of plausible
candidates. In MT however, while many transla-
tions can be produced by the model (some better
than others—including poor ones), it is possible
to simply use the best ranked translation. In cog-
nate prediction, as a consequence of the inherent
ambiguity of the task discussed above, at most one
prediction is correct, other predictions could have
been correct (i.e. they are compatible with the pho-
netic laws involved), while other predictions are
incorrect. A linguist would be interested in all
correct or plausible predictions, not just the best
ranked one, and there is therefore a need for n-best
prediction.

Relevance of Leveraging Extra Data Whereas
MT models could theoretically be trained on any
sentence pair that are translations of each other,
cognate prediction is far more limited in terms of
which data can be used; cognacy relations only
link a limited number of words in specific language
pairs, limiting not only available parallel data but
also the potential for synthetic data (e.g. via back-
translation). Using generic translation lexicons
may help, but, as they do not only contain cognate
pairs, all non-cognate pairs they contain (parallel
borrowings from a third language and etymologi-
cally unrelated translations) are effectively noise
for our task (Fourrier, 2020).

4 Experimental setup

Bearing in mind these differences, we seek to deter-
mine whether MT architectures and techniques are
well suited to tackling the task of cognate predic-
tion, paying attention to avoid the pitfalls raised by
Sennrich and Zhang (2019) by carefully selecting
architecture sizes and other hyper-parameters.

For our baselines, we train several character-
level3 MT models (SMT vs. RNNs and Transform-
ers) in a bilingual setup, training a single model for
each language pair.

We then assess the impact of techniques com-
monly used to improve MT in low-resource scenar-
ios. We first investigate the impact of using mono-
lingual data for all 3 architecture types, via pretrain-
ing and backtranslation,4 then take advantage of

3We use here the customary term “character-level MT,”
although in our case, characters correspond to phones.

4We detail what pretraining and backtranslation means for

the ability of NMT to accommodate multilingual
architectures to experiment with a multi-encoder
multi-decoder architecture (Firat et al., 2016b) in-
volving all language directions.

Finally, we test whether there can be any benefit
from combining multilinguality with either pre-
training or backtranslation.

4.1 Data
Our datasets (detailed below) are bilingual cognate
lexicons for all our experiments, extended with
monolingual lexicons for backtranslation and pre-
training (see Table 1). As we focus on sound corre-
spondences, we phonetise our datasets. Each word
is phonetised into IPA using espeak (Dudding-
ton, 2007-2015), then cleaned to remove diacritics
and homogenise double consonant representations.
For example, conocer ‘to know’ is phonetised as
[konoTER], then split into phones (segmented into
[k, o, n, o, T, E, R]).

BILINGUAL LA–IT LA–ES ES–IT

#words 5,109 4,271 1,804
#phones 77,771 63,131 24,576
#Unique phones 34 39 38
Avg. word length 7.62 7.40 6.81

MONOLINGUAL ES IT LA

#words 78,412 99,949 18,639
#phones 626,175 815,562 142,955
#Unique phones 38 40 29
Word length 7.98 8.24 7.67

Table 1: Dataset statistics for our lexicons.

Bilingual Lexicons Our bilingual cognate lex-
icons contain cognate pairs (between 657 and
5,109 depending on the language pair), extracted
from the etymological database EtymDB2 (Four-
rier and Sagot, 2020b) following (Fourrier and
Sagot, 2020a) for extraction and duplicate manage-
ment, then phonetised as described above. We use
the lexicons containing Latin, Italian and Spanish
(LA–IT, LA–ES, ES–IT) in all experiments. They
respectively contain 5,109, 4,271 and 1,804 words
for a total of 77,771, 63,131 and 24,576 phones
(ES–IT being considerably smaller), with on aver-
age 40 different and unique phones.

We run all experiments on three different
train/dev/test splits in order to obtain confidence
scores. For the bilingual (baseline) and multilin-
gual setups, each split is obtained by sampling sen-
tences 80%/10%/10% randomly.

our SMT models in Section 4.4.
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Monolingual Lexicons Monolingual datasets
are used for the monolingual pretraining and back-
translation experiments. They were extracted from
a multilingual translation graph, YaMTG (Hanoka
and Sagot, 2014), by keeping all unique words
for each language of interest. To remove noise,
words containing non-alphabetic characters were
discarded (punctuation marks, parentheses, etc.).
The final datasets (cleaned and phonetised) contain
between 18,639 and 99,949 unique words (the LA
set is more than 4 times smaller than the others).

4.2 MT Architectures
4.2.1 SMT
We train a separate SMT model for each language
direction using the MOSES toolkit (Koehn et al.,
2007). Our bilingual training data is aligned with
GIZA++ (Och and Ney, 2003). The target data for
the pair is used to train a 3-gram language model us-
ing KenLM (Heafield, 2011). We tune our models
using MERT based on BLEU on the dev set.

4.2.2 NMT
We compare two encoder-decoder NMT models:
the RNN (bi-GRU) with attention (Bahdanau et al.,
2015; Luong et al., 2015) and the Transformer
(Vaswani et al., 2017). We use the multilingual
Transformer implementation of fairseq (Ott
et al., 2019), and extend the library with an imple-
mentation of the multilingual RNN with attention
(following the many-to-many setting from (Firat
et al., 2016a) but with separate attention mecha-
nisms for each decoder).5 Each model is composed
of one encoder per input language, and one decoder
(and its own attention) per output language.6 We
train each model for 20 epochs (which is systemati-
cally after convergence), using the Adam optimiser
(Kingma and Ba, 2015), the cross-entropy loss, and
dev BLEU as selection criterion.

4.2.3 Hyper-parameter Selection
We ran optimisation experiments for all possible
bilingual and multilingual architectures, using three
different data splits for each parameter combination
studied, and choosing the models performing best

5These implementations are used in all setups, bilingual
(using one language as source and one as target) as well as
multilingual.

6In a multilingual setup, encoders, decoders and attention
mechanisms can either be shared between languages or be
language-specific. In preliminary experiments, using indepen-
dent items proved to be the most effective. We also observe
that a coherent phonetic embedding space is learned during
training (described in Appendix A.2).

across seeds. Our initial parameters were selected
from preliminary experiments (in bold in Table 2).

Parameters Values studied

1) Learning rate × Batch size {0.01, 0.05, 0.001}
× {10, 30, 65, 100}

2) Embed. dim. × Hidden dim. {8, 12, 16, 20, 24}
× {18, 36, 54, 72}

3) Number of layers 1, 2, 4
4) Number of heads 1, 2, 3, 4
4) Attention type None, Bahdanau, Luong

(dot, concat, general)

Table 2: Parameter exploration experiments for NMT
models. In bold, the initial parameters at each step.

Table 2 contains the successive parameter ex-
ploration steps: at the end of a step, we automat-
ically selected (according to average dev BLEU)
the step-best value, used as input parameter for the
next parameter exploration step.7 The final best
parameters are given in Appendix A.1. Smaller
learning rates (0.005 and 0.001) are better, while
there is no observable pattern to the best batch sizes
or numbers of layers. Interestingly, however, for
the RNNs, the best results are obtained with the
highest hidden dimension irrespective of the em-
bedding size (72 vs. 20 or 24), whereas, for the
Transformers, best results are obtained with the
largest embedding size irrespective of the hidden
dimension (24 vs. 54 or 72). Increasing the number
of layers or using more than 1 head almost always
increases performance.

4.3 Evaluation
For our task, we use the most commonly used MT
evaluation metric, BLEU (Papineni et al., 2002), us-
ing the sacreBLEU implementation (Post, 2018).
It is based on the proportion of 1- to 4-grams in the
prediction that match the reference.

In standard MT, BLEU can under-score the many
valid translations that do not match the reference.
For cognate prediction, however, we expect a sin-
gle correct prediction in most cases (there are a few
exceptions such as variants due to gender distinc-
tions specific to the target language). This makes
BLEU better suited to the cognate prediction task
than it is to standard MT.8

7When looking at multilingual models, we chose the model
performing best on most languages, as measured by comparing
the sum of the ranks (according to their average performance
per language) of each model over all language pairs.

8BLEU is also more adapted than an exact match, as it
allows us to compare how close the prediction is to the refer-
ence and in cognate prediction does not suffer from the same
problems as in standard MT.
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4.4 Leveraging Extra Data
Monolingual pretraining For NMT, one way to
take advantage of additional monolingual data is
to teach the model to “map” each language to it-
self by using an identity function objective on the
monolingual data for the model’s target language.9

Using monolingual target data during pretraining
allows each target decoder to have access to more
target data (which avoids overfitting), while we ex-
pect it to be beneficial to encoders too, since our
source and target languages tend to share common
sound patterns in cognate prediction, being closely
related. In practice, we pretrain the model for 5
epochs10 using the identity function objective to-
gether with the initial cognate prediction objective
(on the original bilingual data) and then fine-tuned
on the cognate task as before for 20 epochs.

For SMT, model parameters cannot be pretrained
as in NMT, so in the guise of pretraining, we take
the nearest equivalent: we use target-side monolin-
gual data to train an extra language model.

For each language pair, the monolingual dataset
we use is composed of 90% of the target monolin-
gual data. The bilingual data is the same as before.

Backtranslation For each architecture type, we
use the previously chosen models to predict 10-
best results for each seed from the monolingual
target-side data, and construct synthetic cognate
pairs from monolingual lexicons and source-side
predictions. For each word, we keep the first pre-
diction of the 10 that also appears in the relevant
monolingual source language lexicon as our new
source, and the initial source as target (this is akin
to filtering back-translated data (e.g. to in-domain
data) in MT, a standard practice). We discard pairs
with no prediction match.

This large back-translated bilingual dataset is
extended with our original training set. For NMT,
it is used to train a new model for 10 epochs,10

which is then fine-tuned for 20 epochs with the
original bilingual training set. For SMT, it is used
(instead of the original bilingual data) to train a
new phrase table.

Multilingual NMT We exploit the fact that
NMT can readily be made multilingual by training
a single model on all language directions at once.

9For the multilingual model, this means that every encoder
will see data from all languages, whereas each decoder will
only see data from its specific language.

10This number of epochs is systematically big enough to
reach convergence.

5 Results

Figure 2: BLEU scores. Colours indicate the model
type: RNNs in orange (col 1 to 4), Transformers in
blue (col 5 to 8), SMT in green (col 9 to 11). Colour
shades indicate the value of n in n-best predictions (1,
2, 3, 5 and 10 from bottom to top). The letters (x-axis)
indicate the setup: S - standard/bilingual, P - with pre-
training, B - with backtranslation, M - multilingual.
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Figure 3: BLEU scores: RNNs in orange (col 1 to 3), Transformers in blue (col 4 to 6). Colour shades indicate the
value of n in n-best predictions (1, 2, 3, 5 and 10 from bottom to top). On the x-axis, the letters indicate the setup:
M - multilingual, MP - multilingual with pretraining, MB - multilingual with backtranslation.

5.1 Baseline: Bilingual setup

1-best Results At a first glance (Figure 2, “S”
columns), SMT and RNN appear to have rela-
tively similar results, varying between 58.1 and
76.9 BLEU depending on the language pair, outper-
forming the Transformer by 5 to 15 points on av-
erage. However, SMT performs better for IT↔ES
(pair with the least data), and RNNs for the other
pairs. This confirms results from the literature in-
dicating that SMT outperforms NMT when data
is too scarce, and seems to indicates that the data
threshold at which NMT outperforms SMT (for our
Romance cognates) is around 3,000 word pairs for
RNNs, and has not been reached for Transformers.

n-best Results The BLEU scores for NMT and
SMT increase by about the same amount for each
new n (n ≤ 10), reaching between 79.3 and 91.9
BLEU score at n = 10 for RNN and SMT. The
Transformer, however, does not catch up.

5.2 Leveraging Extra Data

5.2.1 Pretraining, backtranslation

Both pretraining the models and using backtransla-
tion (Figure 2, “P” and “B” columns) increase the
results of the Transformer models by 1 to 9 points,
though they are still below the RNN baseline. It
is likely the added monolingual data mitigates the
effect of too scarce bilingual sets. The impact on
RNN performance is negligible for most language
pairs, apart from the lowest resourced one (ES–IT),
for which backtranslation increases results. Lastly,
these methods seem to mostly decrease SMT per-
formance, due to noisy data diluting the original
(correct) bilingual data (cf. Section 3); this is less
of a problem for NMT models, because they are
then fine-tuned on the cognate task specifically.

5.2.2 Multilinguality

Data augmentation through a multilingual setup
(Figure 2, “M” columns) seems to be the most
successful data augmentation method for RNNs
(increasing performance almost all the times), and
allows them to finally outperform bilingual SMT
for the least-resourced pair as well (ES↔IT). The
Transformers benefit less from this technique than
from adding extra monolingual data, apart for
ES↔IT, most likely for the same reason as ear-
lier: this dataset being the smallest, adding words
in ES and IT from other language pairs helps to
learn the translation and stabilises learning. This
technique is not applicable to SMT.

Impact of the Translation Direction There are
three relation types present in our experiments,
each with their level of ambiguity (most for child-
to-parent or child-to-child, least for parent-to-child,
see Section 3). We observe that the SMT models,
though bilingual, outperform multilingual NMT
when going from ES or IT to LA (child to parent),
and that multilingual NMT outperforms SMT in
all other translation directions (ES↔IT, LA→ES,
LA→IT: child-to-child and parent-to-child).

5.3 Combining data augmentation methods

We choose to combine the best performing data aug-
mentation technique overall, multilinguality, with
pretraining and backtranslation (Figure 3) for our
NMT models.

Multilinguality + pretraining Combining mul-
tilinguality with pretraining has virtually no signif-
icant impact on the RNNs’ results with respect to
multilinguality only. For the Transformers, how-
ever, it increases the results by 2 to 3 BLEU on
average.
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Source context Target context Source Target SMT pred. RNN pred.

(a) AMBIGUOUS SOUND CORRESPONDENCE NOT LEARNED WELL
corvino ‘raven’ corvino ‘id.’ [kORBino] [korvi:no] [kOrvi:no ] [kOrbi:no]
liebre ‘hare’ lepre ‘id.’ [lieBRe] [lE:pre] [liebrE:] [liE:vre]

(b) MEANING AND/OR FORM OF THE COGNATES CHANGED TOO MUCH
calaña ‘kind/sort’ quale ‘what/which’ [kalaña] [kwa:le] [kalañ:] [kalañ:]
pie ‘foot’ piede ‘id.’ [pje] [pjE:de] [pE] [pE:re]

(c) DATA ERROR
suspirar ‘to sigh’ squillan ‘(it) rings’ [suspiRaR] [skwil:an] [sospira:re] [sospira:re]
frenesí ‘frenzy’ frenetico ‘frenetic’ [fRenesi] [frenEtiko] [fre:nezi] [fronEs:]

(d) MODEL MISTAKE
licencioso ‘licencious’ licenciozo ‘id’ [liTEnTjoso] [litSentsio:zo] [litSEntsio:zo] [litSEntso]

Table 3: Prediction errors examples across ES→IT datasets for both SMT and RNN.

Multilinguality + backtranslation Combining
multilinguality with backtranslation provides the
best results overall for Transformers (both being
the best performing methods for these models). For
the RNNs, however, the performance increase is
smaller for most languages, and we even observe a
decrease in performance when translating from ES
(which was not the case with bilingual models).

6 Discussion

We discuss the results of the best performing
models for the best seed across all architectures
(SMT, multilingual + pretraining RNN and mul-
tilingual + backtranslation Transformer) from
ES→IT. More than a third of the predicted words
are above 90 BLEU11 (resp. 35.4/46.4/38.1% for
SMT/RNN/Transformer), and for error analysis,
we study the words below this threshold. The ob-
servations generalise to other language pairs.

6.1 Predictions

Close Results We observe a lot of inaccurate but
very close translations (e.g. Spanish conveniente
‘convenient’, phonetised [kOmbenjEnte], was pre-
dicted as corresponding to Italian [konvenjEnte]
instead of [konveniEnte], with only one phone dif-
ferent, and coherently so). Sometimes these trans-
lations have a very bad score: Spanish pulpito
‘pulpit’, phonetised [pulpito], was predicted as
[pUlpi:to] instead of [pulpito], two close pronun-
ciations, for a sentence BLEU score of only 20.

Analysis of wrong results Wrongly predicted
cognates correspond to four cases, as defined in

11To study the BLEU of individual words, we use the sen-
tenceBLEU function from sacreBLEU with its default pa-
rameters.

Table 3.12 We carried out a manual error analy-
sis, and observed that their distribution was similar
across models (resp. SMT/RNN/Transformer):

(a) 84.6/81.4/79.5% were cognates with an am-
biguous sound correspondence (e.g. Spanish
[B] to Italian [b/v/p]).

(b) 10.3/13.4/11.6% were cognates that had ei-
ther evolved too far away from one another
or contain rare sound correspondences, such
as pie ‘foot’, phonetised [pje], predicted [pe]
and [pe:re] instead of [pjE:de] piede ‘foot’.

(c) 0.9/0.9/0.9% corresponded to data errors, such
as suspirar ‘to sigh’, phonetised as [suspiRaR],
which was predicted as [sospira:re] sospirare
‘to sigh’, its actual cognate, instead of its erro-
neous counterpart in our database ([skwil:an]
squillan ‘(it) rings’).

(d) 4.3/4.3/8.0% were model errors, such as “for-
getting” part of a word during translation.

6.2 Usefulness of n-best results
The average position at which the best prediction
(according to dev BLEU) occurs (in 10-best predic-
tions) is between 1 and 3 (Table 7 in Appendix A.3).
The lowest indices occur for Spanish (between 1
and 1.7) and Italian (between 1.6 and 2.2). The
highest indices encountered occur when going for
IT→LA or ES→LA (between 2 and 3). This il-
lustrates the importance of n-best prediction when
predicting cognates from child to parent languages,
due to ambiguity. Standard deviations are between
2 and 3: for these languages, when studying cog-
nate prediction, it is interesting to at least check the
5-best results.

12Statistics are provided for the best models of the best seed,
but examples are taken across seeds and models.
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6.3 Language choice in a multilingual setup

To study the impact of the language pairs used in
the multilingual setup, we train additional multilin-
gual neural models on only 1000 pairs of ES–IT
data (single set), complemented by either nothing
(to act as baseline), an extra 600 pairs of ES–IT, or
600 pairs of ES–L and IT–L (L being either Latin,
a parent language, French, a related language, or
Portuguese, more closely related to Spanish than
Italian). The rest of the data (Table 4) is split
equally between dev and test.

BILINGUAL FR–IT FR–ES PT–IT PT–ES

#words 666 657 1,503 1,874
#phones 8,698 8,530 20,738 25,867
#Unique phones 40 43 36 41
Word length 6.53 6.49 6.90 6.90

Table 4: Supplementary bilingual lexicon statistics.

As we saw in Section 5.1, the Transformers’
scores are far more affected by low resource set-
tings than the RNNs. We therefore study the impact
of adding extra languages with RNNs only.

BASELINE ES→IT IT→ES

1000 pairs 53.9± 3.4 66.6± 4.2

ADDED DATA ES→IT IT→ES

Same language pair 62.5± 2.5 71.8± 1.7
Latin 57.1± 1.8 67.4± 3.3
French 58.5± 2.0 67.0± 2.8
Portuguese 58.8± 1.1 66.9± 2.9

Table 5: BLEU for different multilingual settings.

Results on our new low-resourced baseline are
lower than the our previous baselines by around 10
points (Table 5), which is expected, since we use
less data for training.

Adding 600 pairs of ES–IT words has more ef-
fect on ES–IT performance than adding any other
pair of related languages, which indicates that, un-
surprisingly, the best possible extra data to pro-
vide is in the language pair of interest. When
adding a related extra language, the results are bet-
ter than with the initial data only. From Spanish,
the performance is best when adding Portuguese,
its most closely related language, then French, then
Latin. From Italian, we observe the opposite trend.
Adding an extra language seems to help most to
translate from, and not to, the language it is most
closely related to. For very low-resource settings,
where extra pairs of the languages of interest might

not be available, it will probably be interesting to
explore using extra languages related to the source
language.

7 Conclusion

We examined the differences between cognate pre-
diction and MT, in terms of data as well as under-
lying linguistic assumptions and aims. We then ob-
served that, above a certain training data size, SMT
and multilingual RNNs provide the best BLEU
scores for the task, SMT still being unrivalled when
it comes to smaller datasets (which coincides with
previous work comparing SMT and NMT for low-
resource settings).

When studying how to increase the amount of
training data seen by our models, we found that ex-
ploiting the multilinguality of NMT architectures
consistently provided better results than adding
monolingual lexicons (through pretraining or back-
translation), which contain noise for our task; com-
bining the methods provided a significant amelio-
ration for Transformers only. Adding multilingual
data by training with extra languages also proved
interesting, and we found the best possible extra
data to add in a multilingual setting is, first, data
from the languages at hand, followed by pairs be-
tween them and a parent language, then finally data
from additional languages as close as possible to
the source language.

We conclude that cognate prediction can benefit
from certain conclusions drawn in standard low-
resource MT, but that its specificities (intrinsic am-
biguity which requires n-best prediction, reliance
on cognate data only) must be systematically taken
into account. Computational cognate prediction us-
ing MT techniques is a field in its infancy, and the
work in this paper can be extended along several
axes: working on less studied language families,
or using the method in collaboration with linguists
to better understand the etymology and history of
languages.
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A Appendix

A.1 Parameter Exploration Results

This section presents the hyperparameters which lead to the best dev BLEU across seeds, chosen during
Section 4.2.3, and used for all subsequent experiments.

Model Learning rate Batch size Embed. dim Hidden dim #layers Model specific

RNN Attention type
ES→IT 0.005 65 20 54 1 Luong-dot
IT→ES 0.005 65 20 72 1 Luong-dot
ES→LA 0.001 10 24 72 4 Luong-dot
LA→ES 0.005 100 20 72 1 Luong-dot
IT→LA 0.001 10 24 72 2 Bahdanau-dot
LA→IT 0.001 10 20 72 2 Luong-dot
Multilingual 0.001 10 24 72 2 Luong-general

Transformers #heads
ES→IT 0.005 65 24 54 1 1
IT→ES 0.005 30 24 54 1 3
ES→LA 0.005 65 24 54 1 2
LA→ES 0.001 10 24 72 4 2
IT→LA 0.001 10 24 72 4 3
LA→IT 0.005 65 24 72 2 3
Multilingual 0.005 30 24 72 4 3

Luong-dot and Luong-general refer respectively to the dot and general attentions in (Luong et al., 2015), while
Bahdanau-dot refers to our own implementation of the attention from (Bahdanau et al., 2015), simplified using
the dot product to compute attention weights introduced in (Luong et al., 2015). See the code implementation
with this paper for more detail.

Table 6: Results of parameter exploration experiments for RNN and Transformer models.

A.2 Learning Embeddings

(a) IT consonants, coloured according to the place of
articulation.

(b) ES consonants, coloured according to manner of
articulation

Figure 4: PCA of phonetic source embeddings for an ES–IT RNN model.

Our learned embeddings seem to contain relevant phonetic information: their respective principal
component analyses (PCA), when coloured according to place or manner of articulation for the consonants,
and backness or height for the vowels, are coherently divided. The following examples are provided for
an ES–IT RNN model, but similar results have been observed for our other languages and architectures.

Figure 4(a) shows the PCA of the learned source phonetic embeddings of one RNN model, for IT
consonant phones, coloured according to place of articulation. It is radially organised, with a smooth
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transition between labio-dentals from the centre [b] to the bottom [p:], and from centre alveolar to left
post alveolar. Figure 4(b) shows a similar PCA, this time for learned source embeddings of ES consonant
phones, coloured according to manner of articulation. It seems coherently divided, with a transition from
nasal sounds on the bottom right to lateral affricates and fricatives on the top left.

A.3 Average position of the best result among the 10-best results.
We present here at which position the best prediction (according to sentenceBLEU, from sacreBLEU)
occurs amongst the 10-best predictions. For example, when going from Spanish terroso ‘muddy’, phone-
tised [tEroso], to Italian terroso ‘muddy’, phonetised [terRo:zo], the RNN predicted [tero:zo], [terO:zo],
[tErRo:zo], [terRo:zo], [tErRos:], [tErRO:zo], [tErROs:], [terRO:zo], [tEros:], and [tEros:o]: the correct result
corresponds to the 4th position.

For all multilingual models, we computed the sentence BLEU score for each of the 10-best predictions
and saved the position of the highest scoring prediction. We averaged these positions for all words in the
test set and calculated the standard deviation. Table 7 contains the full results, analysed in Section 6.2.

IT→ES ES→IT IT→LA LA→IT ES→LA LA→ES

SMT 1.08± 1.93 2.12± 2.55 2.01± 2.50 1.67± 2.30 2.49± 2.68 1.30± 2.14
Multilingual RNN 1.04± 2.03 1.67± 2.42 2.20± 2.54 1.63± 2.38 2.51± 2.68 1.38± 2.30
Multilingual Transformer 1.34± 2.17 1.94± 2.34 2.42± 2.65 2.17± 2.57 2.78± 2.73 1.64± 2.31

Table 7: Average position of the closest prediction to the reference amongst the 10-best predictions.
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Abstract

Neural language models exhibit impressive
performance on a variety of tasks, but their in-
ternal reasoning may be difficult to understand.
Prior art aims to uncover meaningful proper-
ties within model representations via probes,
but it is unclear how faithfully such probes
portray information that the models actually
use. To overcome such limitations, we pro-
pose a technique, inspired by causal analy-
sis, for generating counterfactual embeddings
within models. In experiments testing our
technique, we produce evidence that suggests
some BERT-based models use a tree-distance-
like representation of syntax in downstream
prediction tasks.

1 Introduction

Large neural models like BERT and GPT-3 have
established a new state of the art in a variety of
challenging linguistic tasks (Devlin et al., 2019;
Brown et al., 2020). These connectionist models,
trained on large corpora in a largely unsupervised
manner, learn to map words into numerical repre-
sentations, or embeddings, that support language-
reasoning tasks. Fine-tuning these models on tasks
like extractive question answering specializes these
generic models into performant, task-specific mod-
els (Wolf et al., 2019).

In conjunction with the rise of these powerful
neural models, researchers have investigated what
the models have learned. Probes, tools built to re-
veal properties of a trained model, are a favored ap-
proach (Hall Maudslay et al., 2020; Conneau et al.,
2018). For example, Hewitt and Manning (2019)
have uncovered compelling evidence that several
models encode syntactic information in their em-
beddings. That is, by passing embeddings through
a trained probe, one may recover information about
a sentence’s syntax.

“I saw the boy and the girl [MASK] tall.”

M

“was”

“were”

Probe

z ′

Figure 1: A language model, M , outputs predictions
and a probe estimates properties from the model rep-
resentation. We use probes to generate counterfactual
representations, z′, based on syntactic manipulations,
revealing reasoning within the model.

Although these results are impressive, they fall
short of clearly demonstrating what linguistic infor-
mation the language models actually use. Syntactic
information is present in sentences; that embed-
dings also encode syntax does not imply that a
model uses syntactic knowledge.

In order to truly query a model’s understanding,
one must use causal analysis. Recently, several
authors have done so by generating counterfactual
data to test models (Kaushik et al., 2020; Goyal
et al., 2019; Elazar et al., 2020). They either create
new input data or ablate parts of embeddings and
study how model outputs change. We extend this
prior art via a new technique for generating counter-
factual embeddings by using traditional probes to
manipulate embeddings according to syntactic prin-
ciples, as depicted in Figure 1. Because we conduct
experiments with syntactically ambiguous inputs,
we are able to measure how models respond to dif-
ferent valid parses of the same sentence instead of,
for example, removing all syntactic information.
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Thus, our technique uncovers not only what parts
of its embeddings a model uses to represent syn-
tax, but also how those parts influence downstream
behavior.

Thus, in this work, we make two contributions.
First, we develop a gradient-based algorithm to
generate counterfactual embeddings, informed by
trained probes. Second, in experiments using our
technique, we find that the standard BERT model,
trained on word-masking tasks, appears to lever-
age features of syntax in predicting masked words
but that a BERT model fine-tuned for question-
answering does not. In addition, these experiments
yield new data to inform the ongoing debate on
probe design.

2 Related Work

2.1 Neural Language Model Probes

Transformer-based models like GPT-3 and BERT
have recently advanced the state of the art in numer-
ous language-related problems (Brown et al., 2020;
Devlin et al., 2019; Wolf et al., 2019). These large
models appear to learn meaningful representations
of words and sentences, enabling high performance
when fine-tuned for a specific task.

In conjunction with these models, probes have
been developed to uncover what principles models
have learned. Such probes have been used in a
wide variety of contexts, from image structure to
syntax and semantics in language models (Alain
and Bengio, 2018; Conneau et al., 2018; Hewitt and
Manning, 2019; Coenen et al., 2019, among others).
Our work uses two syntactic probes developed by
Hewitt and Manning (2019) that map from model
embeddings to predictions about word locations in
a parse tree. These probes are simple by design –
merely linear transformations – in order to prevent
the probes themselves from doing parsing.

Recent work directly addresses the topic of
probe simplicity. On the one hand, if probes are
too expressive, they may reveal their own learning
instead of a model’s (Liu et al., 2019; Hewitt and
Liang, 2019). On the other hand, Pimentel et al.
(2020) argue from an information-theoretical per-
spective that more expressive probes are always
preferable.

Our work differs from much prior art in probe
design by leveraging causal analysis, which uses
counterfactual data to test probes and models. This
provides direct evidence of whether a model uses
the same features as a probe, allowing us to experi-

ment beyond linear probes (and indeed, we found
that more complex probes offered an advantage in
some cases).

2.2 Causal Analysis of Language Models

Motivated by the limitations of traditional, correl-
ative probes, researchers have recently turned to
causal analysis to better understand language mod-
els. Goyal et al. (2019) and Kaushik et al. (2020)
generate counterfactual inputs to language models,
while Vig et al. (2020) study individual neurons
and attention heads to uncover gender biases in
pre-trained networks.

Our work is most closely related to that of Elazar
et al. (2020), who, as in this work, used probes to
generate counterfactual embeddings within a net-
work. Their amnesiac counterfactuals are gener-
ated by suppressing features in embeddings that
a probe uses. In contrast, we use a continuous,
gradient-based approach to generate counterfactu-
als, yielding insight into how features are used, as
opposed to if they are used at all.

3 Technical Approach

3.1 Problem Formulation

We may characterize a transformer-based language
model, M , trained on a specific task, as a func-
tion mapping from an input string, s, to an output
y: M(s) = y. In order to reveal embeddings for
analysis by probes, we may decompose M into
two functions: Mk− and Mk+. Mk− represents
the first k layers of the model; Mk+ represents the
layers of M after layer k; M is the composition
of these functions: M = Mk+ ◦Mk−. We label
the embeddings output by Mk− as zk. This decom-
position of models to reveal internal embeddings
mirrors the formulation for layer-specific probes
(Hewitt and Manning, 2019). A probe may be
defined as a function fp that maps from an embed-
ding, zk, to a predicted property p̂ about the input,
s: fp(Mk−(s)) = p̂. (For the remainder of this pa-
per, we focus on syntactic probes, but our reasoning
may be extended to other linguistic properties.)

We may define two, potentially overlapping, sub-
sets of the features of zk by considering different
uses of zk. First, we may define zp as the fea-
tures of zk that the probe uses in predicting p̂ (for
example, when using a linear probe, zp is the pro-
jection of zk onto the probe subspace). Assuming
good syntactic probe performance, zp is necessar-
ily informative of the input’s syntax. We likewise
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zks

zp

zm

p̂

y

Mk−

Mk+

Probe

Figure 2: Mk− yields a representation, zk. zp and zm
are subsets of the features of zk used by the probe and
Mk+. We measured the causal link between zp and zm.

defined zm as the features of zk that Mk+ uses in
producing the model output. These two, potentially
overlapping, representations of zk are shown in
Figure 2, inspired by causal diagrams by Pearl and
Mackenzie (2018). We seek to discover if there is
a causal link between zp and zm.

For some tasks, such a link should exist. For
example, a question-answering model’s response
to “I shot the elephant wearing my pajamas. Who
wore the pajamas?” should depend upon the in-
ferred sentence syntax (e.g., if the probe predicts
that “wearing my pajamas” modifies “the elephant,”
the model should output “the elephant”). Thus, the
probe and model outputs should “agree” according
to syntactic principles. Furthermore, if a causal link
between zp and zm exists, changing z to produce a
new prediction of syntax should change the model
output to agree with the probe (e.g., if the probe
predicts that “wearing my pajamas” now modifies
“I,” the model should now output “I”). In this work,
therefore, we study whether a link between zp and
zm exists and, if it does, to what extent it corre-
sponds with linguistic principles.

3.2 Generating Counterfactual Embeddings
via Gradient Descent

To study such a link, we must generate counter-
factual embeddings, z′, that modify probe outputs,
starting from normal embeddings zk. We borrow
the term “counterfactual” from causal literature be-
cause z′ represents what zk would have been if zp
had been different (Pearl and Mackenzie, 2018).
We were particularly interested in finding z′ that
changed both probe and model outputs; if z′ only
changed probe outputs, that could indicate that
the probe was over-interpreting model embeddings
(e.g., acting as a parser instead of a probe).1

We developed a gradient-based method to gener-

1We did not study z′ that only modified the model outputs,
although this could be a promising avenue for future work.

ate z′ that changed the probe output. We assumed
that, given the probe function, fp, a loss, L, and the
correct property value (e.g., parse), p, one could
compute the gradient of the loss with respect to
the probe inputs: ∇z′L(fp(z′), p). Neural network
probes obey such differentiability assumptions.

Given zk and p, we constructed a counterfactual
embedding , z′, by initializing z′ as a zk generated
by the model and updating z′ via gradient descent
of the loss. Updating z′ may be terminated based
on various stopping criteria (e.g., local optimal-
ity, loss below a threshold, etc.), yielding the final
counterfactual z′. Assuming non-zero gradients,
this technique produces z′s that, by design, change
the probe outputs. In experiments, we studied how
z′s changed model outputs when passed through
Mk+.

Although our technique bears some resemblance
to gradient-based adversarial attacks (Szegedy
et al., 2014), it may more broadly be thought of as
guided search in a latent space. Adversarial images
are often characterized by changes that are imper-
ceptible to humans but change model behaviors to
be incorrect. In contrast, we seek to find embed-
dings that change both probe and language model
outputs. Furthermore, by design, we use syntac-
tically ambiguous sentences in experiments and
generate counterfactuals according to valid parses.
Thus, unlike adversarial attacks on images that seek
to switch model classification to an incorrect class,
we merely guide embeddings among a set of valid
interpretations. Lastly, even uncovering instances
of embeddings that change probe outputs but not
the model’s is important, as it indicates a misalign-
ment of probe and model reasoning.

4 Experiments

In the previous section, we proposed a technique
for generating counterfactual embeddings; here, we
detailed the experiments we conducted to measure
the effect of using such embeddings. Inputs to
our technique included the base language models,
probes, test sentences, and different ground-truth
parses to generate the counterfactual embeddings.

4.1 Model Tasks

We tested our technique on two BERT models
trained on different tasks: masked word prediction
and extractive question answering.

In the masked word prediction task, a model is
given a sentence, S, comprising words (s0, s1, ...
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Model Corpus Parse Example Input

Mask
Coord.

Plur. The woman saw (the boy and the dog) [MASK] falling.
Sing. (The woman saw the boy) and (the dog [MASK] falling.)

NP/Z
Adv. When the dog scratched (the vet [MASK] ran.)
Noun (When the dog scratched the vet) [MASK] ran.

QA
RC

Conj. The ((smart women and rich men) who were desperate) bribed the judge.
NP2 The (smart women) and (rich men who were desperate) bribed the judge.

NP/VP
VP The girl saw (the boy) with the telescope.
NP2 The girl saw (the boy with the telescope.)

Table 1: Experiment design for different language models and test corpora, with illustrative sentences, decorated
with auxiliary parentheses to reveal structure. The parentheses were not included in the actual corpora.

[MASK], ..., sn) and must predict the word at
the location marked by [MASK]. For example,
given a sentence, [‘The’, ‘children’, ‘went’, ‘out’,
‘to’, [MASK], ‘.’], a correct answer might be
‘play.’ We used huggingface’s “bert-large-uncased-
whole-word-masking” model, which was trained
on masked word and next-sentence prediction, and
referred to it as the “Mask” model (Wolf et al.,
2019).

Extractive question answering is framed by Wolf
et al. (2019) as follows: given a sentence, S, com-
prising word tokens (s0, s1, ...sn) and a question,
identify the start and end tokens (si, sj ; 0 ≤ i ≤
j ≤ n) denoting a contiguous stretch of the sen-
tence that answers the question. For example, given
the sentence [‘I’, ‘ate’, ‘two’, ‘apples’, ‘.’] and the
question “How many apples did I eat?,” a correct
answer could be [2, 2] (“two”) or [2, 3] (“two ap-
ples”). We used huggingface’s “BertForQuestio-
nAnswering,” already fine-tuned on the SQuAD
dataset, and referred to the model as QA (Wolf
et al., 2019; Rajpurkar et al., 2016).

4.2 Probes

Our technique for generating counterfactual em-
beddings depended on probes, so we used four
different syntactic probes drawn from prior art and
our own design.

The depth probe from Hewitt and Manning
(2019) maps from embeddings to predictions over
words’ depths in a sentence’s parse tree. The dis-
tance probe, given a pair of words, predicts the
distance between the words in the parse tree (i.e.,
how many edges must be traversed). Both probes
consist of a linear transformation from embedding
to prediction.

We further implemented “deep” versions of the
distance probe by creating two- and three-layer,

non-linear probes trained on the distance task.
These models used ReLU activations, with hid-
den dimension 1024, but otherwise used the same
input and output format as the linear distance probe.
(Experiments conducted with “deep” versions of
the linear depth probe produced similar results to
those of the normal depth probe and are therefore
omitted.)

4.3 Evaluation Corpora

We used four corpora for evaluating the Mask and
QA models, as summarized in Table 1.

4.3.1 Mask Test Corpora
For the Mask model, we used two test suites com-
posed of sentences whose structural ambiguity was
resolved by a masked word.

The first corpus, dubbed “Coordination,” com-
prised sentences that took the form “The NN1
VERB the NN2 and the NN3 [MASK] ADJ.” Such
sentences may be interpreted in at least two ways by
inserting either “was” or “were” in the masked lo-
cation. The former reflects a conjunction of clauses
(e.g., “The woman saw the boy and the dog was
falling.”), whereas the latter reflects a conjunction
of noun phrases (e.g., “The woman saw the boy and
the dog were falling.”) Sentences were generated
through combinations of NN1 [man, woman, child],
VERB [saw, feared, heard], NN2 [boy, building,
cat], NN3 [dog, girl, truck], and ADJ [tall, falling,
orange], yielding 243 sentences, each with two
parse trees dubbed “singular” or “plural,” depend-
ing on the grammatical verb type.

The second corpus, dubbed the NP/Z corpus,
was inspired by classic psycholinguistic studies
of the garden-pathing effect in online sentence
processing (Frazier and Rayner, 1982; Tabor and
Hutchins, 2004). Each sentence in the corpus
took the form “When the NN1 VERB1 the NN2

865



[MASK] VERB2.” Without knowing the masked
word, it is unclear if NN2 is the object of the subor-
dinate clause or the subject of the main clause. For
example, in the sentence “When the dog scratched
the vet [MASK] ran,” either an adverb (e.g., “imme-
diately”) or a noun (e.g., “she”) would be permitted
but correspond to different parses. We created such
parse trees and dubbed the first type “Adv.” and
the second type “Noun.” We used the 24 sentences
from Tabor and Hutchins (2004) that fit our tem-
plate, and supplemented the dataset with 36 sen-
tences of our own, generated by iterating over all
combinations of NN1 [dog, child], NN2 [vet, boy,
girl], VERB1 [scratched, bit], and VERB2 [ran,
screamed, smiled]. (Augmenting the dataset was
needed to increase the statistical analysis power,
and plotting the 24 and 36 sentences separately
established that they produced similar results.)

4.3.2 QA Test Corpora
For the QA model, we created two test suites. First,
the “RC” corpus used sentences composed of a con-
junction of nouns modified by a relative clause. All
sentences took the form “The ADJ1 NN1 and ADJ2
NN2 who were ADJ3 VERB the NN3. Who was
ADJ3?” For example, one sentence was “The smart
women and rich men who were desperate bribed
the judge. Who was desperate?” By construction,
it was unclear if the relative clause modified the
conjunction of the first and second noun phrases
(The ADJ1 NN1 and ADJ2 NN2) or merely the
second noun phrase (ADJ2 NN2). For each sen-
tence, we generated two parses: “Conj. Parse” and
“NP2 Parse,” corresponding to the former and latter.
We generated sentences by iterating over all combi-
nations of values for ADJ1 [smart, rich, tall, poor],
NN1 [men, women], ADJ2 [smart, rich, tall, poor],
NN2 [men, women], ADJ3 [corrupt, desperate],
VERB [bribed, paid], and NN3 [politician, judge],
excluding sentences in which NN1 and NN2 or
ADJ1 and ADJ2 were the same. This produced
192 sentences, each with two parses.

Lastly, the “NP/VP” corpus used sentences with
ambiguous prepositional phrase attachment. In-
spired by sentences like “The girl saw the boy with
the telescope,” we generated inputs with the tem-
plate “The NN1 VERB the NN2 with the NN3.
Who had the NN3?” We iterated through combi-
nations of NN1 [man, woman, child], NN2 [man,
woman, boy, girl, stranger, dog], and VERB-NN3
pairs [saw-telescope, poked-stick, thanked-letter,
fought-knife, dressed-hat, indicated-ruler, kicked-

shoe, welcomed-gift, buried-shovel], removing du-
plicate NN1 and NN2, yielding 144 inputs. Each
input used two parses indicating the prepositional
phrase modifying VP or NP2 (“the” and NN2).

4.4 Generating Embeddings
For all models, probes, and parses trees for each
sentence, we generated counterfactual embeddings
by initializing a counterfactual embedding, z′, as
the original model embedding for the input sen-
tence, zk, and running an Adam optimizer, with
learning rate 0.0001, to minimize the probe loss
(using a particular probe and parse tree) (Kingma
and Ba, 2014). Recall that the optimizer updated
z′ rather than the probe parameters.

The optimizer used a patience value of 5000: it
continued updating z′ until the probe loss failed
to improve for 5000 consecutive gradient updates.
Using a patience-based termination condition (as
opposed to setting a loss threshold or maximum
number of updates, for example) was task-agnostic
and seemed to be robust to a wide range of patience
values. Brief experimentation with patience values
from 50 to 5000 yielded similar results. On a Linux
desktop with an Nvidia GEForce RTX 2080 graph-
ics card, generating a single counterfactual took
less than 1 minute, and the process was easily par-
allelized to batches of 80 embeddings, reducing the
mean computation time to under one second.

For both the QA and Mask models, we trained
all probe types (depth, distance, 2-layer dist, and
3-layer dist) on each of the model’s 25 layers. We
used 5000 entries from the Penn Treebank (PTB)
for training, with the standard validation and test
sets of nearly 4000 entries used for early stopping
and evaluation, respectively (Marcus et al., 1993).

4.5 Metrics
We used two sets of metrics in our experiments.
First, we measured probe performance using the
Root Accuracy, UUAS, and Spearman Coefficient
metrics used by Hewitt and Manning (2019) and
refer to their work for details. Intuitively, these met-
rics captured how accurately the probes predicted
aspects of syntactic structure from embeddings.

Second, we measured changes in model outputs
when using counterfactual embeddings. The Mask
model produced a probability distribution over
more than 30,000 possible words for the masked
location, but we restricted our attention to only a
subset of those words, dubbed “candidates.” (We
normalized predictions among the set of candidates,
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(a) Depth Probe (b) Dist Probe

(c) 2-layer Dist Probe (d) 3-layer Dist Probe

Figure 3: All trained probes for the QA model exhibited high performance on the PTB corpus.

producing a proper probability distribution.) In the
Coordination corpus, we used 5 candidates: [“was,”
“is,” “were,” “are,” “as”]. In the NP/Z corpus, we
generated the set of candidates by collecting the
most likely predictions over the corpus, using both
original and counterfactual embeddings. This set
of 18 words is shown in the x-axis of Figure 6.
For both corpora, we partitioned the candidates
into two sets, depending upon which parse they
implied, and measured the sum of the probabilities
of words in each set. If counterfactual embeddings
caused the models to change the type of word they
predicted, we would expect to see a change in these
sums.

For the QA model, we similarly measured
changes in probabilities among sets of words, but
in this case we focused on the predicted start lo-
cation of the answer. Recall that the QA model
produced two distributions over words, indicating
its predictions over where the answer started and
ended. Consider an example input, drawn from
the RC corpus: “The smart women and rich men
who were desperate bribed the politician. Who

was desperate?” Two reasonable answers might
be “The smart women and rich men” or “rich men,”
corresponding to QA outputs with identical end
words, but differing start words. We therefore cre-
ated two partitions of starting words to consider:
those belonging to the first noun phrase (“The smart
women”) or the second noun phrase (“rich men”).
We then measured the summed start probabilities
of words in each partition. We did not normalize
these probabilities, as the QA model rarely pre-
dicted start words outside these two partitions with
more than 1% probability.

In all experiments, we employed one-sided
Wilcox Signed-Rank tests, non-parametric tests for
pairwise data, when determining the significance
at (p < 0.01). The parses were viewed as “treat-
ments” for the same embedding. We compared the
effect of using counterfactual instead of original
embeddings, as well as the effect of using different
parses to generate counterfactual embeddings.
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Mask Model Coord. Corpus Likelihood of Plural Candidates by Layer

Figure 4: Mean probability of plural candidates using the depth probe (top) or the 3-layer dist probe (bottom),
using original or counterfactual embeddings, in the Coordination corpus. Using a parse that implied plural words
increased the probability of plural words when using the 3-layer dist probe.

Mask Model NP/Z Corpus Likelihood of Adverb Candidates by Layer

Figure 5: Mean probability of adverb candidates in the NP/Z corpus, using original and counterfactual embeddings
generated by the depth (top) and 3-layer dist probes (bottom).

Mask Model Prediction for “as the author wrote the book [MASK] grew.”

as the author wrote the book [MASK ] grew .
.. ..

. .
.

. ...
.

.
.

Figure 6: Given a sentence from the NP/Z corpus, the Mask model originally predicted “it” or “they,” but using
counterfactuals from the 5th layer 3-layer dist probe changed predictions to favor nouns (cousins - winter) or
adverbs (abruptly - suddenly). Visualizing the word dependencies revealed that the Adverb parse (top, red) and
Noun parse (bottom, blue) induced different dependencies (differences in bold), as expected.

5 Results

Our results indicated that our probes performed
well, as evaluated by performance metrics from
prior art. However, we found that only some combi-
nations of probe types and BERT models generated
counterfactuals that altered the model’s outputs ac-
cording to syntactic principles.

5.1 Probe Performances

Measured on the PTB test set, the probe perfor-
mance metrics confirmed that the probes predicted
aspects of syntactic structure well (Marcus et al.,
1993). Plots of performance, similar to those by
Hewitt and Manning (2019), for probes trained on
QA model embeddings are included in Figure 3.2

2All probe metrics are plotted in the appendix.
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For both models and all probe types, we found that
the probes were able to achieve high performance,
indicating that both the Mask and QA models en-
coded syntactic information in their embeddings.

We also observed the unsurprising trend that
multi-layered, non-linear distance probes outper-
formed the linear distance probe. This raised the
question, if different probes exhibited different
performance for the same model, which probe
should be used to deduce model behavior? In-
jecting counterfactual embeddings generated by
different probes helped us answer this question.

5.2 Mask Counterfactual Results

Next, we found that using the distance-based
probes to generate counterfactual embeddings in
the Mask model consistently produced the desired
effect by shifting the model’s prediction of the
masked word according to syntactic principles, and
that the multi-layer distance probes performed bet-
ter than the linear probe.

We plotted the mean effect of counterfactual em-
beddings for the Coordination and NP/Z corpora in
Figures 4 and 5, respectively.3 Each plot depicts the
mean prediction likelihood of one of the partitions
of candidates (plural for Coord. corpus, adverbs
for NP/Z), using original or counterfactual embed-
dings. Figure 4 shows results using the depth and
3-layer distance probes in the Coord. corpus: the
depth probe failed to produced consistent changes
in word probabilities, but embeddings generated by
the 3-layer dist probe did exhibit the desired effect.
The change in probability of plural words when
using the plural parse was significantly positive
for layers 6 through 14 (among others) and greater
than the change when using the singular parse for
layers for 4 through 21.

Similar results were observed using the 3-layer
distance probe for the NP/Z corpus, as shown in
Figure 5. The net increase in probability for ad-
verbs when using the adverb parse was significantly
greater than when using the NP2 parse for layers
5 through 19 and was positive for layers 4 through
13.

We examined an example sentence from the
NP/Z corpus in Figure 6 in greater depth. The
18 words displayed along the x axis were the candi-
date words whose probabilities we calculated in the
NP/Z corpus. As expected, using the Adv. parse

3Plots for the effects of counterfactuals for all probes, mod-
els, and test corpora were included in the appendix.

increased the likelihood of adverbs like “suddenly,”
while using the Noun parse increased the likelihood
of nouns like “it” or “they.” Lastly, the bottom part
of Figure 6 shows the dependency trees for the
counterfactuals generated for each parse (see He-
witt and Manning (2019) for details on creating
such trees). These trees reflected the dependencies
of the parses that generated the counterfactuals, in-
dicating that our technique changed embeddings in
the way we intended.

Together, the results from both corpora, revealed
that distance-, but not depth-, based probes elicited
the desired response from the Mask model, which
suggests that it leverages a distance-based repre-
sentation of syntax in its reasoning.

5.3 QA Counterfactual Results

Lastly, we examined the effect of using counterfac-
tual embeddings in the QA model. Compared to
the Mask model, we found smaller and less consis-
tent results, suggesting that the QA model may not
use syntax.

Taking the mean across sentences in the corpus,
we plotted the mean starting probabilities of words
in each sentence’s first noun phrase (as explained
earlier in Section 4.5). These values reflect whether
the model predicted NP1 should be included in the
answer (e.g., “The smart women and rich men”
instead of merely “rich men”). We plotted the re-
sults for the 3-layer dist probe, the best-performing
probe for the Mask model, on both QA corpora in
Figure 7. In both plots, the choice of layer in which
counterfactuals were inserted had a greater effect
than which parse was used to generate the counter-
factuals – a sign of poor performance. Depth and
other distance probes performed no better.

Visualizing dependency trees for QA embed-
dings revealed that the counterfactual embeddings
induced the correct structure, indicating that the
QA model simply did not use such structure in
downstream predictions. Furthermore, given the
success of our probes and technique with the Mask
model, these poor results for the QA model suggest
(but admittedly cannot definitely prove) that it may
not have learned to use the syntactic information
detected by the probes. This theory is consistent
with prior art that finds that fine-tuning on specific
tasks, as was done for the QA model, worsens the
alignment between model and human representa-
tions of language (Gauthier and Levy, 2019).
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QA Model Likelihood of NP1 Start by Layer

Figure 7: Mean effects of using counterfactual updates from the 3-layer dist probe on the QA model for the RC
(top) and NP/VP (bottom) corpora.

6 Conclusion

In this work, we proposed and evaluated a new tech-
nique for producing counterfactual embeddings
that tested syntactic understanding of models and
probes. On the one hand, we uncovered clear evi-
dence supporting a causal link between a distance-
based representation of syntax and the outputs of
a masked-word model. On the other hand, depth-
based manipulations of embeddings had little ef-
fect, and we found no evidence that the BERT
model finetuned on question-answering uses the
syntactic information used by probes.

Our work is merely an initial step in the direc-
tion of causal analysis of language models. De-
veloping new probes, backed by causal evidence,
could increase our understanding of such models.
In particular, our findings that multi-layered probes
outperformed linear probes indicate that the prior
guidance of simpler probes being preferable may
be misleading. Furthermore, as the discrepancy be-
tween distance- and depth-based probes revealed,
developing a large suite of probe types that focus
on different features may be necessary to reveal a
model’s reasoning. In tandem with probe develop-
ment, more sophisticated counterfactual generation
techniques than our gradient-based method could
produce more interesting counterfactuals for evalu-
ation.
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Appendix: Complete Performance Plots

In this appendix, we included additional figures
that we were unable to include within the main
paper limits.

First, we depicted the probe performance char-
acteristics for the 4 probes types we used in all
our experiments: the depth, dist, 2-layer dist, and
3-layer dist probes. Each type of probe was trained
for both the QA and Mask models. Evaluation of
these probes was plotted in Figure 8.

Next, we reported the effect of counterfactual
embeddings generated for each model, corpus, and
probe type. Given the 4-page limit for the appendix,
further plots breaking down the NP/Z corpus,
for example, or depicting performance for multi-
layered depth probes were not included. These
plots merely confirmed trends already present in
the data: that depth-based probes did not produce
useful counterfactuals, and that the curated and
automatically-generated sentences that formed the
full NP/Z corpus yielded similar results.

In general, we observed small effects for coun-
terfactuals in the QA Model (Figures 11 and 12),
but consistent effects in the Mask Model (Figures 9
and 10). Within the Mask model results, we also
observed that the distance probe (2nd row) out-
performed the depth probe (1st row), and that the
multi-layer distance probes (3rd and 4th rows) out-
performed the linear distance probe.
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(a) Mask Model Depth Probe (b) Mask Model Dist Probe

(c) Mask Model 2-Layer Dist Probe (d) Mask Model 3-Layer Dist Probe

(e) QA Model Depth Probe (f) QA Model Dist Probe

(g) QA Model 2-Layer Dist Probe (h) QA Model 3-Layer Dist Probe

Figure 8: Probe performances for the Mask and QA models. Note the changed y axes, demonstrating improved
performance for the multi-layer distance probes.
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Mask Model Likelihood of Plural Candidates by Layer in Coordination Corpus

Depth

Dist

2-layer Dist

3-layer Dist

Figure 9: Mask model performance on the Coordination corpus. When using distance-based probes, the plural
parse increased the likelihood of plural candidates being predicted, and the singular parse increased the likelihood
of singular candidates being predicted.

Mask Model Likelihood of Adverb Candidates by Layer in NP/Z Corpus

Depth

Dist

2-layer Dist

3-layer Dist

Figure 10: Mask model performance on the NP/Z corpus. Distance-based probes, and in particular multi-layer
distance probes, changed model outputs according to syntactic principles.
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QA Model Likelihood of NP1 Start by Layer in RC Corpus

Depth

Dist

2-layer Dist

3-layer Dist

Figure 11: QA model performance on the RC corpus. No probe created consistent effects via counterfactual
embeddings.

QA Model Likelihood of NP1 Start by Layer in NP/VP Corpus

Depth

Dist

2-layer Dist

3-layer Dist

Figure 12: QA model on the NP/VP corpus. As in Figure 11, no probe created consistent effects.
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Abstract

Modern text simplification (TS) heavily relies
on the availability of gold standard data to
build machine learning models. However, ex-
isting studies show that parallel TS corpora
contain inaccurate simplifications and incor-
rect alignments. Additionally, evaluation is
usually performed by using metrics such as
BLEU or SARI to compare system output to
the gold standard. A major limitation is that
these metrics do not match human judgements
and the performance on different datasets and
linguistic phenomena vary greatly. Further-
more, our research shows that the test and
training subsets of parallel datasets differ sig-
nificantly. In this work, we investigate existing
TS corpora, providing new insights that will
motivate the improvement of existing state-of-
the-art TS evaluation methods. Our contribu-
tions include the analysis of TS corpora based
on existing modifications used for simplifica-
tion and an empirical study on TS models per-
formance by using better-distributed datasets.
We demonstrate that by improving the distribu-
tion of TS datasets, we can build more robust
TS models.

1 Introduction

Text Simplification transforms natural language
from a complex to a simple format, with the aim to
not only reach wider audiences (Rello et al., 2013;
De Belder and Moens, 2010; Aluisio et al., 2010;
Inui et al., 2003) but also as a preprocessing step in
related tasks (Shardlow, 2014; Silveira and Branco,
2012).

Simplifications are achieved by using parallel
datasets to train sequence-to-sequence text gen-
eration algorithms (Nisioi et al., 2017) to make
complex sentences easier to understand. They are
typically produced by crowdsourcing (Xu et al.,
2016; Alva-Manchego et al., 2020a) or by align-
ment (Cao et al., 2020; Jiang et al., 2020). They are

infamously noisy and models trained on these give
poor results when evaluated by humans (Cooper
and Shardlow, 2020). In this paper we add to the
growing narrative around the evaluation of natu-
ral language generation (van der Lee et al., 2019;
Caglayan et al., 2020; Pang, 2019), focusing on
parallel text simplification datasets and how they
can be improved.

Why do we need to re-evaluate TS resources?
In the last decade, TS research has relied on

Wikipedia-based datasets (Zhang and Lapata, 2017;
Xu et al., 2016; Jiang et al., 2020), despite their
known limitations (Xu et al., 2015; Alva-Manchego
et al., 2020a) such as questionable sentence pairs
alignments, inaccurate simplifications and a limited
variety of simplification modifications. Apart from
affecting the reliability of models trained on these
datasets, their low quality influences the evaluation
relying on automatic metrics that requires gold-
standard simplifications, such as SARI (Xu et al.,
2016) and BLEU (Papineni et al., 2001).

Hence, evaluation data resources must be further
explored and improved to achieve reliable evalu-
ation scenarios. There is a growing body of ev-
idence (Xu et al., 2015) (including this work) to
show that existing datasets do not contain accurate
and well-constructed simplifications, significantly
impeding the progress of the TS field.

Furthermore, well-known evaluation metrics
such as BLEU are not suitable for simplification
evaluation. According to previous research (Sulem
et al., 2018) BLEU does not significantly correlate
with simplicity (Xu et al., 2016), making it inap-
propriate for TS evaluation. Moreover, it does not
correlate (or the correlation is low) with grammati-
cality and meaning preservation when performing
syntactic simplification such as sentence splitting.
Therefore in most recent TS research BLEU has
not been considered as a reliable evaluation metric.
We use SARI as the preferred method for TS eval-
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uation, which has also been used as the standard
evaluation metric in all the corpora analysed in this
research.

Our contributions include 1) the analysis of the
most common TS corpora based on quantifying
modifications used for simplification, evidencing
their limitations and 2) an empirical study on TS
models performance by using better-distributed
datasets. We demonstrate that by improving the
distribution of TS datasets, we can build TS mod-
els that gain a higher SARI score in our evaluation
setting.

2 Related Work

The exploration of neural networks in TS started
with the work of Nisioi et al. (2017), using
the largest parallel simplification resource avail-
able (Hwang et al., 2015). Neural-based work
focused on state-of-the-art deep learning and
MT-based methods, such as reinforcement learn-
ing (Zhang and Lapata, 2017), adversarial train-
ing (Surya et al., 2019), pointer-copy mecha-
nism (Guo et al., 2018), neural semantic en-
coders (Vu et al., 2018) and transformers supported
by paraphrasing rules (Zhao et al., 2018).

Other successful approaches include the usage
of control tokens to tune the level of simplification
expected (Alva-Manchego et al., 2020a; Scarton
and Specia, 2018) and the prediction of operations
using parallel corpora (Alva-Manchego et al., 2017;
Dong et al., 2020). The neural methods are trained
mostly on Wikipedia-based sets, varying in size
and improvements in the quality of the alignments.

Xu et al. (2015) carried out a systematic study on
Wikipedia-based simplification resources, claim-
ing Wikipedia is not a quality resource, based on
the observed alignments and the type of simplifi-
cations. Alva-Manchego et al. (2020a) proposed
a new dataset, performing a detailed analysis in-
cluding edit distance and proportion of words that
are deleted, inserted and reordered, and evaluation
metrics performance for their proposed corpus.

Chasing the state-of-the-art is rife in NLP (Hou
et al., 2019), and no less so in TS, where a SARI
score is too often considered the main quality indi-
cator. However, recent work has shown that these
metrics are unreliable (Caglayan et al., 2020) and
gains in performance according to them may not de-
liver improvements in simplification performance
when the text is presented to an end user.

3 Simplification Datasets: Exploration

3.1 Data and Methods
In the initial exploration of TS datasets, we investi-
gated the training, test and validation subsets (when
available) of the following: WikiSmall and Wiki-
Large (Zhang and Lapata, 2017), TurkCorpus (Xu
et al., 2015), MSD dataset (Cao et al., 2020), AS-
SET (Alva-Manchego et al., 2020a) and WikiMan-
ual (Jiang et al., 2020). For the WikiManual dataset,
we only considered sentences labelled as “aligned”.

We computed the number of changes between
the original and simplified sentences through the
token edit distance. Traditionally, edit distance
quantifies character-level changes from one char-
acter string to another (additions, deletions and re-
placements). In this work, we calculated the token-
based edit distance by adapting the Wagner–Fischer
algorithm (Wagner and Fischer, 1974) to determine
changes at a token level. We preprocessed our
sentences by changing them into lowercase prior
to this analysis. To make the results comparable
across sentences, we divide the number of changes
by the length of the original sentence and obtain
values between 0% (no changes) to 100% (com-
pletely different sentence).

In addition to toked-based edit operation exper-
iments, we analysed the difference of sentence
length between complex and simple variants, the
quantity of edit operations type (INSERT, DELETE
and REPLACE) and an analysis of redundant oper-
ations such as deletions and insertions in the same
sentence over the same text piece (we define this as
the MOVE operation). Based on our objective to
show how different split configurations affect TS
model performance, we have presented the percent-
age of edit operations as the more informative anal-
ysis performed on the most representative datasets.

3.2 Edit Distance Distribution
Except for the recent work of Alva-Manchego et al.
(2020b), there has been little work on new TS
datasets. Most prior datasets are derived by align-
ing English and Simple English Wikipedia, for ex-
ample WikiSmall and WikiLarge (Zhang and La-
pata, 2017).

In Figure 1 we can see that the edit distance
distribution of the splits in the selected datasets is
not even. By comparing the test and development
subsets in WikiSmall (Figure 1a) we can see dif-
ferences in the number of modifications involved
in simplification. Moreover, the WikiLarge dataset
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(a) WikiSmall Test/Dev/Train (b) WikiLarge Test/Dev/Train (c) TurkCorpus Test

(d) MSD Test (e) ASSET Test (f) WikiManual Test/Dev/Train

Figure 1: Comparison of TS datasets with respect to the number of edit operations between the original and
simplified sentences. X-axis: token edit distance normalised by sentence length, Y-axis: probability density for the
change percentage between complex and simple sentence pairs.

(Figure 1b) shows a complete divergence of the test
subset. Additionally, it is possible to notice a signif-
icant number of unaligned or noisy cases, between
the 80% and 100% of change in the WikiLarge
training and validation subsets (Figure 1b).

We manually checked a sample of these cases
and confirmed they were poor-quality simplifica-
tions, including incorrect alignments. The simplifi-
cation outputs (complex/simple pairs) were sorted
by their edit distances and then manually checked
to determine an approximate heuristic for noisy sen-
tences detection. Since many of these alignments
had really poor quality, it was easy to determine the
number that removed a significant number of cases
without actually reducing dramatically the size of
the dataset.

Datasets such as Turk Corpus (Xu et al., 2015)
are widely used for evaluation and their opera-
tions mostly consist of lexical simplification (Alva-
Manchego et al., 2020a). We can see this behaviour
in Figure 1c, where most edits involve a small per-
centage of the tokens. This can be noticed when a
large proportion of the sample cases are between
0% (no change) to 40%.

In the search of better evaluation resources, Turk-
Corpus was improved with the development of
ASSET (Alva-Manchego et al., 2020a) including
more heterogeneous modification measures. As
we can see in Figure 1e, the data are more evenly
distributed than in Figure 1c.

Recently proposed datasets, such as WikiMan-
ual (Jiang et al., 2020), as shown in Figure 1f, have
an approximately consistent distribution, and their
simplifications are less conservative. Based on a
visual inspection on the uppermost values of the
distribution (≈80%), we can tell that often most
of the information in the original sentence is re-
moved or the target simplification does not express
accurately the original meaning.

MSD dataset (Cao et al., 2020) is a domain-
specific dataset, developed for style transfer in the
health domain. In the style transfer setting, the
simplifications are aggressive (i.e., not limited to
individual words), to promote the detection of a
difference between one style (expert language) and
another (lay language). Figure 1d shows how their
change-percentage distribution differs dramatically
in comparison to the other datasets, placing most
of the results at the right-side of the distribution.

Among TS datasets, it is important to mention
that the raw text of the Newsela (Xu et al., 2015)
dataset was produced by professional writers and is
likely of higher quality than other TS datasets. Un-
fortunately, it is not aligned at the sentence level by
default and its usage and distribution are limited by
a restrictive data agreement. We have not included
this dataset in our analysis due to the restrictive
licence under which it is distributed.
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Dataset Split KL-div p-value

WikiSmall
Test/Dev 0.0696 0.51292
Test/Tr 0.0580 0.83186

WikiLarge
Test/Dev 0.4623 <0.00001
Test/Tr 0.4639 <0.00001

WikiManual
Test/Dev 0.1020 0.00003
Test/Tr 0.0176 0.04184

TurkCorpus Test/Dev 0.0071 0.00026
ASSET Test/Dev 0.0491 <0.00001

Table 1: KL-divergence between testing (Test) and de-
velopment (Dev) or training (Tr) subsets.

3.3 KL Divergence

In addition to edit distance measurements presented
in Figure 1, we further analysed KL divergence
(Kullback and Leibler, 1951) of those distributions
to understand how much dataset subsets diverge.
Specifically, we compared the distribution of the
test set to the development and training sets for
WikiSmall, WikiLarge, WikiManual, TurkCorpus
and ASSET Corpus (when available). We did not
include MSD dataset since it only has a testing set.

We performed randomised permutation
tests (Morgan, 2006) to confirm the statistical
significance of our results. Each dataset was
joined together and split randomly for 100,000
iterations. We then computed the p-value as a
percentage of random splits that result in the KL
value equal to or higher than the one observed in
the data. Based on the p-value, we can decide
whether the null hypothesis (i.e. that the original
splits are truly random) can be accepted. We reject
the hypothesis for p-value lower than 0.05. In
Table 1 we show the computed KL-divergence and
p-values. The p-values below 0.05 for WikiManual
and WikiLarge confirm that these datasets do not
follow a truly random distribution.

4 Simplification Datasets: Experiments

We carried out the following experiments to eval-
uate the variability in performance of TS models
caused by the issues described in Wiki-based data.

4.1 Data and Methods

For the proposed experiments, we used the
EditNTS model, a Programmer-Interpreter
Model (Dong et al., 2020). Although the original
code was published, its implementation required
minor modifications to run in our setting. The
modifications performed, the experimental subsets

as well as the source code are documented via
GitHub1. We selected EditNTS model due to its
competitive performance in both WikiSmall and
WikiLarge datasets2. Hence, we consider this
model as a suitable candidate for evaluating the
different limitations of TS datasets. In future work,
we will definitely consider testing our assumptions
under additional metrics and models.

In relation to TS datasets, we trained our mod-
els on the training and development subsets from
WikiLarge and WikiSmall, widely used in most
of TS research. In addition, these datasets have
a train, development and test set, which is essen-
tial for retraining and testing the model with new
split configurations. The model was first trained
with the original splits, and then with the following
variations:

Randomised split: as explained in Section 3.3,
the original WikiLarge split does not have an even
distribution of edit-distance pairs between subsets.
For this experiment, we resampled two of our
datasets (WikiSmall and WikiLarge). For each
dataset, we joined all subsets together and per-
formed a new random split.

Refined and randomised split: we created sub-
sets that minimise the impact of poor alignments.
These alignments were selected by edit distance
and then subsets were randomised as above. We
presume that the high-distance cases correspond
to noisy and misaligned sentences. For both Wik-
iSmall and WikiLarge, we reran our experiments
removing 5% and 2% of the worst alignments.

Finally, we evaluated the models by using the
test subsets of external datasets, including: Turk-
Corpus, ASSET and WikiManual.

5 Discussion

Figure 2 shows the results for WikiSmall. We can
see a minor decrease in SARI score with the ran-
dom splits, which means that the noisy alignments
were equivalently present in all the sets rather than
using the best cases for training. On the other hand,
when the noisy cases are removed from the datasets
the increase in model performance is clear.

Likewise, we show WikiLarge results in Figure
3. When the data is randomly distributed, we obtain
better performance than the original splits. This

1https://github.com/lmvasque/
ts-explore

2https://github.com/sebastianruder/
NLP-progress/blob/master/english/
simplification.md
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Figure 2: SARI scores for evaluating WikiSmall-based
models on external test sets.

is consistent with WikiLarge having the largest
discrepancy according to our KL-divergence mea-
surements, as shown in Section 3.3. We also found
that the 95% split gave a similar behaviour to Wiki-
Large Random. Meanwhile, the 98% dataset, gave
a similar performance to the original splits for AS-
SET and TurkCorpus3.

We can also note, that although there is a per-
formance difference between WikiSmall Random
and WikiSmall 95%, in WikiLarge the same splits
have quite similar results. We believe these dis-
crepancies are related to the size and distribution
of the training sets. WikiLarge subset is three
times bigger than WikiSmall in the number of sim-
ple/complex pairs. Also, WikiLarge has a higher
KL-divergence (≈0.46) than WikiSmall (≈0.06),
which means that WikiLarge could benefit more
from a random distribution experiment than Wik-
iSmall, resulting in higher performance on Wiki-
Large. Further differences may be caused by the
procedures used to make the training/test splits in
the original research, which were not described in
the accompanying publications.

Using randomised permutation testing, we have
confirmed that the SARI differences between the
models based on the original split and our best
alternative (95% refined) is statistically significant
(p < 0.05) for each configuration discussed above.

In this study, we have shown the limitations of
TS datasets and the variations in performance in
different splits configurations. In contrast, exist-
ing evidence cannot determine which is the most
suitable split, especially since this could depend
on each specific scenario or target audience (e.g.,

3ASSET and Turk Corpus results are an average on their
multiple references scores.

Figure 3: SARI scores for evaluating WikiLarge-based
models on external test sets.

model data similar to “real world” applications).
Also, we have measured our results using SARI,

not only because it is the standard evaluation metric
in TS but also because there is no better automatic
alternatives to measure simplicity. We use SARI
as a way to expose and quantify SOTA TS datasets
limitations. The increase in SARI scores should be
interpreted as the variability in the relative quality
of the output simplifications. By relative we mean,
that there is a change in simplicity gain but we
cannot state the simplification is at its best quality
since the metric itself has its own weaknesses.

6 Conclusions

In this paper, we have shown 1) the statistical limita-
tions of TS datasets, and 2) the relevance of subset
distribution for building more robust models. To
our knowledge, distribution-based TS datasets anal-
ysis has not been considered before. We hope that
the exposure of these limitations kicks off a discus-
sion in the TS community on whether we are in the
correct direction regarding evaluation resources in
TS and more widely in NLG. The creation of new
resources is expensive and complex, however, we
have shown that current resources can be refined,
motivating future studies in the field of TS.
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Abstract

Commonsense reasoning is intuitive for hu-
mans but has been a long-term challenge for
artificial intelligence (AI). Recent advance-
ments in pretrained language models have
shown promising results on several common-
sense benchmark datasets. However, the relia-
bility and comprehensiveness of these bench-
marks towards assessing model’s common-
sense reasoning ability remains unclear. To
this end, we introduce a new commonsense
reasoning benchmark dataset comprising nat-
ural language true/false statements, with each
sample paired with its complementary coun-
terpart, resulting in 4k sentence pairs. We
propose a pairwise accuracy metric to reliably
measure an agent’s ability to perform common-
sense reasoning over a given situation. The
dataset is crowdsourced and enhanced with an
adversarial model-in-the-loop setup to incen-
tivize challenging samples. To facilitate a sys-
tematic analysis of commonsense capabilities,
we design our dataset along the dimensions of
knowledge domains, reasoning scenarios and
numeracy. Experimental results demonstrate
that our strongest baseline (UnifiedQA-3B), af-
ter fine-tuning, achieves ~71% standard accu-
racy and ~51% pairwise accuracy, well below
human performance (~95% for both metrics).
The dataset is available at https://github.
com/PlusLabNLP/Com2Sense.

1 Introduction

The capability of acquiring and reasoning over com-
monsense knowledge plays a crucial role for arti-
ficial intelligence (AI) systems that interact with
humans and accomplish tasks in the real world.
For example, given a situation where someone is
asleep, an agent should choose to broom instead
of vacuum to clean the room, as the latter would

∗ indicates equal contributions

True / False

Expecting ten fish in the net, Sammy was thrilled 
to see forty fish swimming in there.

Expecting ten fish in the net, Sammy was thrilled 
to see five fish swimming in there.

S O C I A L CA US A L N UM E R I CA L

P H Y S I CA L COMP A R A T I V E
T / F ?

True

False

As Bob is afraid of heights, he rode the carousel
instead of the ferris wheel.

As Bob is afraid of heights, he rode the ferris wheel 
instead of the carousel.

T EM P O R A L COMP A R A T I V E
True / False

It suddenly snows, so they will spend more time 
on the road getting home than usual.

It suddenly snows, so they will spend a similar 
amount of time on the road getting home as usual.

T / F ?

False

False

False

True

T / F ?

Figure 1: Complementary sentence pair samples
from COM2SENSE defined along knowledge domains
(e.g. physical), reasoning scenarios (e.g. comparative)
and numeracy attributes. Each sentence within a pair is
either true (green boxes) or false (red boxes), followed
by model predictions and annotations of whether the
predictions are correct. A standard accuracy is com-
puted by the percentage of correctly judged sentences
(50% for these three pairs), while the pairwise accu-
racy requires both individual judgements to be correct
in each pair (33% for these three pairs).

be noisy. Likewise, a personal assistant should be
able to infer that one is probably unavailable if they
are at work. This ability to contextualize and draw
upon implicit knowledge, and generalize to novel
situations, requires commonsense reasoning.

While humans are able to intuitively acquire
commonsense knowledge from everyday experi-
ence and make sound inferences, whether current
AI systems also possess such capabilities remains
an open question. Recent advancements in natural
language processing (NLP) has led to a surge in
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new benchmark datasets towards evaluating com-
monsense reasoning. Specifically, existing bench-
marks are formulated as natural language inference
(NLI) (Bhagavatula et al., 2020), multiple choice
(MC) question answering (Talmor et al., 2019a;
Zellers et al., 2019; Bisk et al., 2020), and machine
reading comprehension (Huang et al., 2019) tasks.

While recent state-of-the-art models (Liu et al.,
2019; Raffel et al., 2020; Khashabi et al., 2020)
have quantitatively demonstrated near human-level
performance on these benchmarks, the exploita-
tion of certain spurious patterns (Gururangan et al.,
2018; Poliak et al., 2018; McCoy et al., 2019) in
the datasets can be partly attributed to such achieve-
ments. Consider the examples in Figure 1, where
each sentence is true/false, and is paired with a
similar (with a few modifications) complementary
counterpart such that the answer is flipped. Hu-
mans can infer each statement independently with
confidence, but models on the other hand struggle
to give consistent judgements for the complemen-
tary pairs. This indicates that models are able to
guess the correct answer without a thorough under-
standing of the given input. If we formulate this as
a multiple choice task, where only the true sentence
needs to be singled out given the pairs, the models
have higher chances to get it correct, as they are
only required to select the relatively better option.

Furthermore, most existing commonsense bench-
marks focus on the factual aspects of common-
sense (Talmor et al., 2019a; Bisk et al., 2020), and
generally do not explicitly concern with reasoning
(Singer et al., 1992), i.e. the mental manipulation
of factual knowledge, which we hypothesize is cru-
cial for generalizing to novel situations. While
some prior works investigate commonsense rea-
soning in the context of social intelligence and co-
reference resolutions (Sap et al., 2019; Sakaguchi
et al., 2020), the reasoning components are implicit.
Existing benchmarks fail to provide a systematic
and comprehensive means of analyzing different
aspects of commonsense knowledge and reasoning.

To address these challenges, we introduce the
Complementary Commonsense (COM2SENSE)
benchmark dataset which contains 4k complemen-
tary true/false sentence pairs. Each pair is con-
structed with minor perturbations to a sentence to
derive its complement such that the correspond-
ing label is inverted (see Figure 1). This pairwise
formulation provides a more reliable evaluation
metric, where a model is considered correct only

if it succeeds on both statements. We employ an
adversarial crowdsourcing framework to collect hu-
man created samples via a gamified machine-in-the-
loop process: A strong pretrained model is setup
to provide instant feedbacks, thereby incentivizing
challenging samples that can fool the model.

Broadly inspired by the Theory of Core Knowl-
edge, i.e. the ability to reason about objects, places,
numbers and the social world (Spelke and Kinzler,
2007), we design our dataset along the following
dimensions: knowledge domains (physical, so-
cial, temporal), and reasoning scenarios (causal,
comparative). Additionally, concurrent to a recent
work (Lin et al., 2020a) on studying numerical
commonsense, we include a third dimension of nu-
meracy, which extends the factual focus of Lin
et al. (2020a) (e.g. “Ants have six legs.”) to nu-
merical reasoning (e.g. the ten fish versus forty fish
in Figure 1). To the best of our knowledge, we are
the first to explicitly introduce these dimensions in
a commonsense benchmark dataset, thereby facil-
itating a more detailed and systematic probing of
models’ commonsense understanding.

Our experiments demonstrate that the best per-
forming pretrained language models achieve ~71%
standard and ~51% pairwise accuracy, well below
human performance. Additionally, we provide ab-
lation studies on effect of training size on model
performance, and the transferrability across the rea-
soning scenarios. We summarize our contributions
as follows: 1) We introduce a commonsense reason-
ing dataset which we position as a challenging eval-
uation benchmark (instead of a training resource)
for NLP models. 2) We propose a pairwise evalu-
ation metric featured by our complementary pair
formulation for a more reliable assessment of com-
monsense reasoning abilities. 3) We benchmark
state-of-the-art models that highlight significant
gaps (>45%) between model and human perfor-
mances.

2 Dataset

We introduce COM2SENSE, a dataset for bench-
marking commonsense reasoning ability of NLP
models. We use crowdsourcing to collect the
dataset and supplemented with an adversarial
model-in-the-loop approach. The key features of
our development process are: 1) qualification quiz
to filter and familiarize workers, 2) gamified cre-
ation tasks, and 3) quality check by experts. The
details of dataset formulation and collection pro-
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Domain Scenario Numeracy Example Complement

Physical Comparative No
If we dropped milk on the floor, it is better to clean with

cereal
a mop rather than a broom.

Physical Causal No To read books at night, one should turn on the lights. see stars

Social Comparative No
Sam robbed a store, while Tim jumped the lights.

chastising
People will likely be more forgiving towards Tim.

Social Causal Yes
Given his $1500 monthly income and no savings,

$3000
he can afford an apartment rent of $500.

Temporal Comparative Yes
Tim needs to return home in 2 hours, so he would

swap
prefer to hit the gym rather than go hiking.

Temporal Causal Yes
If Leo earns $100 per day, then by working from

Wednesday
Monday to Friday his weekly income will be $500.

Table 1: Data samples from different categories in COM2SENSE. Each example is labelled as true, while its
complement (false) is generated by substituting or swapping the words in bold (in green or red font).

cedure, along with statistics are provided in the
following sections.

2.1 Formulation

COM2SENSE seeks to measure a comprehensive
commonsense understanding of everyday events
and entities. The task requires one to judge whether
a given sentence is true or false. For each sentence
in the dataset, we also compose its complementary
counterpart by modifying a few words, such that
the answer is inverted. The key advantages of using
complementary pairs are two-folds: 1) it provides
a more robust way of evaluating models’ common-
sense reasoning ability by requiring both sentences
to be correctly judged, and 2) the complements
naturally highlight the salient words which may be
useful in probing model behaviors.

Furthermore, to facilitate a systematic study of
commonsense, we design our dataset across the
following three dimensions:

1. Knowledge Domain: We categorize common-
sense knowledge into physical, social and tem-
poral domains. The physical domain empha-
sizes on an intuitive understanding of physical
properties (e.g. weight, shape, motion, space)
and object affordances. The social domain en-
capsulates interactions (e.g. intent, emotion, re-
action), activities, and societal norms. The tem-
poral domain captures the notion of time, partic-
ularly attributes such as duration, frequency and
order of events. While domains may not always
be strictly exclusive (e.g. choice of transport and
duration), our complementary pair setup natu-
rally places emphasis on the intended domain.

2. Reasoning Scenario: We define two types of

inferential reasoning scenarios: 1) The causal
scenario requires the ability to infer whether a
cause explanation or a subsequent event (cause-
effect) is correct. 2) The comparative scenario
requires the ability of determining the most plau-
sible hypothesis between two or more compet-
ing ones.

3. Numeracy: Refers to the basic understanding
of numbers, arithmetic, ratios, statistics, etc.
With the objective of linking numeracy to com-
monsense, we particularly focus on “number
sense” – an intuitive understanding of numbers,
their magnitude and relationships, rather than
computational and numerical precision.

Therefore, each sample in our dataset should fall
into a category defined by a combination of the
above dimensions, as exemplified in Table 1.

2.2 Dataset Creation

COM2SENSE is developed through crowdsourcing
on Amazon Mechanical Turk (MTurk) with the
goal of collecting complementary sentence pairs.
The creation tasks are constructed for each category
defined by the combination of domain, scenario
and numeracy attributes. An overview of the data
collection workflow is illustrated in Figure 2. In
order to participate, the workers are required to
pass a qualification quiz designed to familiarize
them with the key aspects of our dataset.

Creation: During the creation phase, to orient and
aid workers’ creativity, they are provided with five
examples of complementary pairs that belong to
a particular category as reference. We also share
a list of verbs and topics pertinent to the current

885



Qualification (Expert) ValidationCreation Task

Sentence Quality Check
True/False Label Check
Category Annotation Check
Expert Edits & Revisions

Category Identification Quiz
Task Familiarization
Worker Selection

StorageModelWorker

4. Submit

5. Finetune
1. Create

3. Feedback

2. Evaluate

Figure 2: Data collection workflow: 1) qualification quiz to instruct the key aspects of our creation task and filter
unqualified workers, 2) interactive model-in-the-loop creation process to incentivize challenging samples via model
feedback, and 3) data validation according to our guidelines and category descriptions.

domain, as an optional resource. While our ex-
amples serve as a reference towards creating com-
plementary pairs, the workers have the freedom to
construct their sentences as they deem appropriate.

We employ an adversarial model-in-the-loop ap-
proach to provide workers with immediate feed-
back (i.e. model predictions) on each created sen-
tence. After entering the inputs and labels, they
may choose to evaluate and revise their inputs. If
the sentence successfully fools our model to answer
incorrectly, workers are awarded with an additional
amount for each input1.

To further incentivize worker creativity, we offer
bonuses if the inputs are qualitatively regarded as
creative during the validation stage. Such gamified
process may continue for a few rounds until the
workers are satisfied with their monetary rewards.

Model: We deploy a RoBERTa-large based model
for binary sentence classification, finetuned on
SemEval-2020 Task 4 (Wang et al., 2020) given its
true/false format and broad coverage of common-
sense knowledge. After the first phase of collection
(2k pairs), the model weights are updated by fine-
tuning on our dataset with 60% train, 20% dev and
20% test splits. This will naturally help diversify
our dataset samples, as the model is unlikely to
be fooled with repetitive knowledge and sentence
structures.

Validation: To ensure high quality, the samples
are validated by internal members to look for in-
consistencies with regard to the category-type i.e.
follows the domain, scenario and numeracy require-
ments, and inferential ambiguities that may arise
due to insufficient context, specialized concepts,
grammatical errors, etc. Furthermore, annotators
may choose to revise the samples to fix any of the
aforementioned issues. Each sample is validated by

1Base pay = $0.05 – $0.1 and bonus pay = $0.5 – $0.9.

three annotators and the final outcome is decided
through a majority vote. The inter-annotator agree-
ment score is 0.989 measured using Fleiss’ Kappa.
Additionally, pairs in which neither input could
fool the model are discarded during this stage.
The dataset is developed with the help of 173 work-
ers. To ensure that workers are proficient in En-
glish, the demographic pool of the workers is ini-
tially limited to the United States. However, we
removed this criteria to avoid cultural biases in the
dataset. Additionally, to understand the utility of
our adversarial model feedback setting, we analyze
the data on number of revisions made by workers
in order to successfully fool the model. We find
that the average number of revisions is 1.36, while
the median is zero. This suggests that for majority
of samples, workers find our reference material suf-
ficient and are also able to leverage model feedback
to aid their creations. Additional details on dataset
development are in Appendix Section A.

2.3 Dataset Statistics

Given that COM2SENSE is primarily a benchmark
dataset, it is partitioned into train2 (20%), develop-
ment (10%), and test (70%) set, respectively. There
are in total 4k of statement pairs in our dataset.
Complementary statements from the same pair are
distributed to the same partition. Table 2 gives the
essential statistics of our dataset across different
splits. Note that due to the complementary pair
formulation, the type-token ratio is approximately
reduced by a factor of two, and the dataset is natu-
rally balanced along the true and false labels.

Table 3 gives the breakdown of percentage of
samples from each category defined by a combi-
nation of the three dimensions. The distribution
of most frequent nouns in the dataset is visualized

2As a resource to adapt models for our task.
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Figure 3: Top-50 frequent nouns in the dataset.
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Figure 4: Top-50 frequent topics in the dataset.

in Figure 3. Likewise, the distribution of most fre-
quent topics – lexical categories generated using
the Empath3tool, is provided in Figure 4.

3 Experimental Setup
The experiments are designed to meet the following
objectives: 1) benchmark state-of-the-art NLP mod-
els along the standard and pairwise formulation; 2)
analyze the model performance across different cat-
egories of commonsense reasoning; 3) report the
effect of training size on model performance; and
4) verify the role of reasoning types by measuring
“cross-scenario” transferability.
Besides standard accuracy, we introduce a new met-
ric called pairwise accuracy that evaluates as cor-
rect if both predictions within a pair are accurate.

3https://github.com/Ejhfast/empath-client
4Input lengths are computed with Spacy tokenizer

Statistic Train Dev Test

# complementary pairs 804 402 2779
Avg input length 21 21 21
Max input length 68 49 67
Min input length 6 7 6
# unique tokens 2306 1541 4407
# total tokens 21116 10520 72517

.

Table 2: Dataset statistics across different splits4

Scenario

Domain Causal Comparative

Physical 17.47% (24%) 18.92% (23%)
Social 14.68% (50%) 16.51% (22%)
Temporal 16.74% (57%) 15.68% (62%)

Table 3: Category-wise breakdown (percentage) of
dataset samples. The quantities in parenthesis refer to
the relative proportion of samples with numeracy, un-
der the given combination of domain and scenario.

We benchmark several state-of-the-art NLP models,
specifically the ones proven preeminent in exist-
ing commonsense benchmarks, and additionally in-
clude a Bi-LSTM model as a baseline to help check
for potential spurious correlations in the dataset.
We consider the following baselines:

BiLSTM+GloVe A bidirectional-LSTM
model (Hochreiter and Schmidhuber, 1997)
taking input word embeddings from GloVe (Pen-
nington et al., 2014).

BERT The BERT-base (110M) model introduced
in (Devlin et al., 2019).

RoBERTa-large A large variant (355M) of
RoBERTa model (Liu et al., 2019) built upon
BERT-large architecture.

DeBERTa-large Recently He et al. (2020) pro-
posed a novel disentangled attention mechanism
that improves upon BERT and RoBERTa models.
We consider the large variant (390M) as a baseline.

T5-large Similarly, the large variant (770M) of
the T5 model (Raffel et al., 2020). We follow the
standard prefix-based text-to-text format, and adapt
it for our binary classification setup.

UnifiedQA The UnifiedQA (Khashabi et al., 2020)
was originally trained on numerous datasets includ-
ing several commonsense reasoning benchmarks,
and performed well under zero-shot setting. We
consider the variants with T5-large and T5-3B as
the architecture backbone.
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Figure 5: Model performance breakdowns across domains and scenarios, "+Num" denotes numeracy involved.

Model Standard Pairwise

Random 50.00 25.00
BiLSTM+GloVe 53.80 29.50
BERT-base 51.79 12.91
RoBERTa-large 59.35 33.28
T5-large 60.56 41.84
UnifiedQA-large 60.83 34.79
DeBERTa-large 63.53 45.30
UnifiedQA-3B 71.31 51.26

Human 96.50 95.00

Table 4: Test set accuracy for selected models, trained
and evaluated on our dataset. Human performances are
obtained with 200 randomly selected and decoupled
samples from 100 pairs.

4 Results and Analysis

Human Performance: To estimate a human up-
per bound for our dataset, we perform a separate
run with ten top performing workers that had par-
ticipated in our collection phase to examine a ran-
domly selected subset of 200 samples (i.e. from
100 pairs). Each worker is assigned with a set of
shuffled samples with his/her own creations de-
liberately filtered out. The answer is determined
by majority vote from three workers. Human per-
formances are 96.5% with standard accuracy and
95.0% with pairwise accuracy, respectively.

4.1 Results

Benchmark results: Table 4 summarizes the base-
line performances on the test set. As the Bi-LSTM
model performs close to random, we claim that
improvements from stronger baselines should be
attributed to the models and not annotation biases
that they can exploit. Among the baseline models,
the UnifiedQA-3B achieves the best performance
on both the standard and pairwise metric. Note that
the number of learnable parameters in UnifiedQA-
3B is much larger than those in the second and third

Model

Dataset Random RoBERTa T5 Human

CQA 20.00 72.10 73.35 88.90
SWAG 25.00 89.92 88.72 88.00
SocialIQA 33.33 77.12 73.25 84.40
PIQA 50.00 77.21 79.89 94.90
WinoGrande 50.00 79.14 75.02 94.00

COM2SENSEstandard 50.00 59.35 60.56 96.50
COM2SENSEpairwise 25.00 33.28 41.84 95.00

Table 5: Test set accuracy for selected models
(RoBERTa-large and T5-large), trained and evaluated
on respective datasets.

best models, which are DeBERTa-large (390M)
and UnifiedQA-large (770M). Our COM2SENSE

benchmark remains quite challenging, as there are
significant gaps between the model and the human
performances.

Dataset comparisons: In order to contrast the dif-
ficulty of COM2SENSE with other related bench-
marks, we report the performances of two well
performing models on the following: Common-
senseQA (CQA) (Talmor et al., 2019b), SWAG
(Zellers et al., 2018), SocialIQA (Sap et al., 2019),
PhysicalIQA (PIQA) (Bisk et al., 2020) and Wino-
Grande (Sakaguchi et al., 2020).
The results in Table 5 indicate that models clearly
struggle more to perform well on COM2SENSE

than other datasets.

Performance across domains and scenarios:
In Figure 5 we present the in-depth breakdown re-
sults for T5-large and DeBERTa-large across com-
binations of domain, scenario and numeracy. We
observe that models consistently perform worse
in categories involving numeracy, highlighting the
limitations of current language models. For physi-
cal domain, both models perform worse in causal
than in comparative scenario. We hypothesize that
while the models may possess the required physi-
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Setting Test Dev

Multiple-Choice 70.63 77.61
Standard (T/F) 63.53 66.29

Table 6: Performance (accuracy) of DeBERTa-large on
the MC formulation of our dataset compared to the stan-
dard true/false setting. The model performs relatively
worse on the latter.

Modelmetric

Train set DeBERTastd T5std DeBERTapair T5pair

20% 63.92 60.65 41.51 34.29
40% 67.74 62.60 48.04 38.11
60% 68.46 63.96 48.47 40.66

Table 7: Performance across different training set sizes
(20% / 40% / 60% of the entire dataset) for DeBERTa-
large and T5-large. "std" and "pair" stand for stan-
dard and pairwise accuracy correspondingly.

cal knowledge, they fail to generalize to a logical
reasoning over known facts or grasp the implicit
changes of physical properties, which is generally
unseen in the pretraining corpora for NLP models.
Opposite trends are observed in both social and
temporal domains, where similar hypothesis can be
made that causal statements are more frequent pat-
terns in the corpora when social activities or senses
of time are the subjects. Furthermore since model
feedback was part of our dataset construction, we
also report the category-wise difficulty in fooling
the model (number of trials) during sample creation
in Section A.4 for a reference.

True/False versus multiple choice setup: We fur-
ther conduct an experiment with DeBERTa-large
model on the same data splits with the input formu-
lated as an MC task in Table 6. Under this setting,
the model is provided with the sentence pair and is
required to select the true sentence among the two
choices, for the response to be correct. The per-
formance is significantly higher compared to both
standard (>7%) and pairwise accuracy (>25%)
presented in Table 4. This result supports our intu-
ition that it is easier for models to exploit spurious
correlations in the surface patterns under the multi-
ple choice question answering setup.

4.2 Analysis
The Effect of Training Data Size: To study the
effect of training size on model performance, we
design an experiment by varying the sample size in
the training set, with fixed dev (10%) and test (30%)

Setting Standard Pairwise

Train-Cexclude 56.52 19.00
Train-Cinclude 63.54 40.49

Table 8: Test set performance of DeBERTa-large on
two different setups with respect to the complementary
pairs. Both setups have the same training set size, but in
Train-Cexclude only one sentence of each pair is present
in the training set, while in Train-Cinclude both samples
in a pair are included. The results indicate the effective-
ness of training the models with our formulated com-
plementary pairs.

sets to ensure consistency in evaluation. We con-
sider DeBERTa-large and T5-large models for this
ablation study, and report our findings in Table 7.
The results indicate a plateau in performance with
increase in training samples.

Role of Complementary Pairs: In previous ex-
periments, we measure the model generalizations
by distributing data samples into train and evalu-
ation sets by complementary pair. This ensures
the similarly constructed sentences within the same
pair is not leaked into different data splits, and thus
an “inter-pair” generalization is measured. To in-
vestigate the effectiveness of our complementary
pair formulation on training models to acquire com-
monsense reasoning ability, we first sample a sub-
set with identical size (20% data, 800 pairs) to that
of the original train set, and then construct the fol-
lowing two variants (using the same subset):

• Train-Cexclude: One of the complementary sam-
ples (in each pair) is excluded, i.e. no two samples
belong to the same pair in this train set. It com-
prises 800 samples from 800 pairs, with balanced
true/false labels.

• Train-Cinclude: We retain half of the data sam-
ples where both sentences from a pair are in-
cluded, which leads to 800 samples from 400
pairs in this train set.

The remaining samples from the dataset (without
the excluded ones in the two settings) are then split
into dev (10%) and test (70%) sets. We compare
the performance of DeBERTa-large in the above
two different settings in Table 8. The results show
a significant decrease in performance when com-
plementary sentences are not provided. We hy-
pothesize that the worse performances are due to
the models’ tendency to pick up surface patterns
and memorize the labels in the training set with-
out really understanding the scenario. Also, model
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Evaluate

Train Causalstd Comp.std Causalpair Comp.pair

Causal 63.64 59.36 35.46 28.25
Comp. 58.47 64.50 26.43 43.86

Table 9: Performance of DeBERTa-large trained on X
and evaluated on Y, where X and Y are partitions cre-
ated as per a reasoning scenario (causal, comparative).

generalization benefits from having complementary
samples within the training set.

Cross-Scenario Generalizability: Given that
knowledge domain and numeracy attributes of our
dataset are intuitively distinct, we intend to quanti-
tatively investigate if the same holds for reasoning
scenarios. Our “cross-scenario” experiments with
DeBERTa-large, i.e. trained on causal, evaluated
on comparative and vice versa, indicate a poor
generalization across both standard and pairwise
accuracy metrics (see Table 9), underscoring the
significance of having reasoning types.

5 Related Works

Commonsense Resources: As commonsense is a
crucial component to the actualization of AI, there
has been a surge in creating relevant benchmarks,
notable ones include evaluating machines’ com-
monsense abilities in the format of pronoun resolu-
tion (Levesque et al., 2012; Sakaguchi et al., 2020),
multiple choice (Zellers et al., 2018; Talmor et al.,
2019a), natural language generations (Lin et al.,
2020b), story understanding (Mostafazadeh et al.,
2016), and reading comprehensions (Zhang et al.,
2018; Huang et al., 2019; Ning et al., 2020). Our
work puts forth to create a commonsense bench-
mark in the format of true/false complementary
pairs, where a more robust pairwise accuracy is
adopted. Note that although natural language infer-
ence (NLI) can be tasked similarly to the true/false
formulation, the existing commonsense NLI bench-
mark either is not crowdsourced with high qual-
ity (Zhang et al., 2017), or still resorts to a multiple
choice setting (Bhagavatula et al., 2020). There are
also benchmarks that specifically concern a type of
commonsense knowledge, such as physical (Bisk
et al., 2020) and social (Sap et al., 2019) intelli-
gence, as well as temporal understanding (Zhou
et al., 2019). The ability to understand and induce
numerical knowledge in texts has been studied in
several recent works (Dua et al., 2019; Ravichan-
der et al., 2019), including numerical common-

sense (Lin et al., 2020a). Our work differs to these
works in the focus on less factual and arithmetic-
precise numerical knowledge, but more on the in-
tuitive sense of numbers, in conjunction with our
defined knowledge domains and the scenarios.

It is worth noting that some prior works (Wu
et al., 2017; Clark et al., 2019) also investigate the
effectiveness in the binary true/false (yes/no) for-
mulation to construct a question answering dataset,
while COM2SENSE is the first to focus on com-
monsense reasoning.

Dataset Biases: It is a widely perceived issue that
spurious statistical patterns in datasets can often be
exploited by machine learning models, which can
potentially lead to overoptimistic judgements on
the model improvements. Particularly in NLP do-
main, prior works have shown that hypothesis-only
baselines or syntactic heuristics perform surpris-
ingly well in the NLI task (Gururangan et al., 2018;
Glockner et al., 2018; Tsuchiya, 2018; Poliak et al.,
2018; McCoy et al., 2019). Model exploiting bi-
ases or failing on simple adversarial patterns, can
also be seen in sentence classification (Wieting
and Kiela, 2019) and question answering (Jia and
Liang, 2017; Kaushik and Lipton, 2018; Geva et al.,
2019) tasks. We put forth to reduce the potential
sentence-level biases by requiring the models to
perform equally well on both directions in a com-
plementary true/false pair.

Adversarial Data Collection: Removing repre-
sentation biases in a dataset by adversarially filter-
ing undesired data samples, has been frequently
practiced to collect datasets more challenging to
the models. Recent work AFLite (Sakaguchi et al.,
2020; Le Bras et al., 2020), built upon the adver-
sarial filtering (AF) method in (Zellers et al., 2018,
2019), adopted an iteratively improving model-in-
the-loop approach to collect challenging common-
sense benchmarks (Sakaguchi et al., 2020; Bisk
et al., 2020). Gamified (Yang et al., 2018) or in-
teractive (Wallace et al., 2019) approaches lever-
age human-in-the-loop to increase the difficulty
of datasets and hence more robust model training.
Counterfactual editing of data samples with human
annotators (Kaushik et al., 2020; Gardner et al.,
2020) is also closely related to our complemen-
tary pair construction that seeks to invert the model
predictions for a more reliable evaluation.

Recently, several works have attempted to ex-
ploit the merits in involving both models and hu-
mans in the data creation cycle, i.e. human-and-
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model-in-the-loop, to construct data samples that
are both new and challenging to the models (Chen
et al., 2019; Nie et al., 2020; Bartolo et al., 2020).
To our best knowledge, we are the first to employ
such an approach in constructing commonsense
reasoning benchmark, specifically, our complemen-
tary pair formulation makes it more sophisticated
as the annotators are required to not only fool the
model but also pay attention to the salient concepts
of their creations in both directions.

6 Conclusion

We present a new challenging commonsense rea-
soning benchmark, COM2SENSE, developed via an
adversarial gamified model-in-the-loop approach.
COM2SENSE comprises 4k manually created com-
plementary true/false statement pairs, designed
along three dimensions: knowledge domain, rea-
soning scenario, and numeracy. We propose a ro-
bust pairwise metric to evaluate models’ common-
sense reasoning ability based on the complemen-
tary pair formulation, and benchmark the dataset
with several state-of-the-art NLP models, high-
lighting significant gaps well below human per-
formances (> 45% gap).

On top of providing a new commonsense reason-
ing benchmark, we demonstrate studies on trans-
ferrability among defined commonsense aspects,
with an objective to spur future research on a more
systematic probing of models’ grasp of common-
sense. As a potential future work drawn from these
insights, we hope to inspire future model develop-
ments, specifically in two directions: 1) the ability
to reason over known facts (i.e. reasoning scenario),
and 2) acquiring the implicit knowledge that is com-
monsensible to humans (i.e. knowledge domain).
Furthermore, we hope our investigation in the for-
mulations of question answering task (i.e. MC set-
ting versus our true/false complementary setting)
can shed light on future explorations in identifying
potential artifacts in NLP datasets.
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of Ethics and honor the code of conduct. This
work is mainly about the creation of a challenging
commonsense benchmark dataset. The followings
give the aspects of both our ethical considerations
and our potential impacts to the community.

Dataset We collect an English dataset of com-
monsense complementary sentence pairs via Ama-
zon Mechanical Turk (MTurk) and ensure that all
the personal information of the workers involved
(e.g., usernames, emails, urls, demographic infor-
mation, etc.) is discarded in our dataset. This
research has been reviewed by the IRB board and
granted the status of an IRB exempt. The detailed
annotation process (pay per amount of work, guide-
lines) is included in the appendix; and overall, we
ensure our pay per task is above the the annotator’s
local minimum wage (~$12 USD/HR). Although
commonsense can vary from different demographic
areas, we primarily consider English speaking re-
gions for the first round, and include more annota-
tors from non English-spoken countries to diversify
the dataset. Future work can include collecting a
more diverse dataset across more demographics re-
gions to incorporate more regional-dependent com-
monsense, while using some post editing to ensure
English proficiency of the constructed data.

Techniques We benchmark the created dataset
with the state-of-the-art large-scale pretrained lan-
guage models, with minimum adaptation to the
formulation of this dataset (i.e. true/false formula-
tion). As commonsense is of our main focus, we
do not anticipate production of harmful outputs,
especially towards vulnerable populations, after
training NLP models on our dataset.
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A Additional Details of COM2SENSE

A.1 Collection with MTurk

Qualification Quiz To familiarize the workers
with our collection task, we design a quiz with
the following types of questions: 1) examine if a
given statement can be correctly judged with only
commonsense or it requires specialized knowledge,
2) infer the true/false label of a given statement,
and 3) select the most suitable domain and scenario
where a given statement belongs to.

Human Intelligence Tasks (HITs) The general
instructions of our HIT page include: Task
Overview, Task Payment and Overall Task Pro-
cedure for each category, to engage more workers.
At the end of the HIT instruction page, a link is
provided to redirect the workers to the data creation
page, where more detailed instructions and useful
resources for the creation tasks are provided. Be-
sides passing our qualification quiz, the workers are
also required to have a HIT Approval Rate greater
than 98% and the Number of HITs Approved greater
than 5000. In each HIT assignment, workers are
required to submit three complementary pairs. In
the first phase of data collection, the base pay is
$0.6 for each assignment and workers will receive
a $0.5 bonus per sentence if it follows our instruc-
tions and fools the model; for the second phase, the
base payment for each assignment is $0.3 but we
change the bonus to: $0.5 (for either high-quality
sentence or successful fooling) or $0.9 (if both re-
quirements are met, similar to those for the $0.5
bonus in the first phase) to encourage workers to
create higher quality data.

A.2 Details of the Creation

Tool Interface Screenshots of our creation inter-
face are as shown in Figure 6 and Figure 7. We
name our deployed model (RoBERTa-large) Carl
to help emphasize the interactive and gamified cre-
ation set-up.

Guidelines To inspire workers and collect from
more diverse topics of commonsense, we further
provide: 1) some hints for having higher chances
fooling the model, such as exploiting contradictory
physical concepts, negations, swapping entities,
etc., 2) topics pertinent to the domains, and (3)
examples of low quality along with their reasons.

A.3 Details of Validation

To ensure data quality, our internal members have
helped checking each pair with the validation tool
we implement. For each pair received from the
workers, both labels for the statements and their
intended domains and scenarios are carefully veri-
fied. For statements which are ambiguous even for
humans, if they can be easily fixed by adding more
context or better word choices, another round of
editing is conducted.

A.4 Adversarial Setting

The total number of collected complementary pairs
is around 4.8k, where around .8k are discarded for
not having sufficiently high quality, e.g. ”Frank
traded a stock an hour late and lost 80 million
dollars.” and ”Frank traded a stock a second late
and lost 80 million dollars.” Among all the data
we collected, the overall fooling rate is 48.55% per
sentence and 78.7% per pair. For category-specific
fooling rates, please refer to Figure 10.

For sentences that successfully fool the model,
we report the mean time of fooling one sentence to
be 3.40, the standard deviation (std) as 2.48, and
the median as 2.57 (all in minutes). Please notice
that the total time is directly retrieved from MTurk
and is likely to be overestimated due to worker
inactivity. The mean of the number of revisions
per fooling sentence is 1.36 with a std as 3.95,
and a median as 0 (fooling without re-attempts,
requiring no revision). Noticeably, 63% of the
fooling sentences are submitted with no revision.

For any potential interests, Figure 8 shows the
mean and median of required time of fooling per
sentence across categories, and similarly Figure 9
for the mean and median of the number of attempts
which equals to the number of revisions +1.

Figure 11 shows the distribution of ratings dur-
ing the exit survey from a total of 699 valid re-
sponses. The survey questions include: 1) how
helpful is our instruction? and 2): how challeng-
ing is our task? For question 1, the mean rating is
4.66 ± 0.59 and median is 5; for question 2, the
mean rating is 4.23 ± 0.92 and the median is 4,
where 1-5 is from low-to-high rating.

A.5 Statistics of Workers

173 workers participated in our task, and Figure 12
shows the worker counts for the different numbers
of assignments attempted by each of the workers,
and Figure 13 shows the worker counts for the time
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Figure 6: Screenshot of the creation interface (instruction section).

Figure 7: Screenshot of the creation interface (1/3 input section).
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numeracy involved.
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Figure 12: Worker counts over the different numbers of
assignments.

(duration, in minutes) each worker spent on one
assignment.

B Additional Details on Baseline Models

We include several essential implementation details
of the benchmark models in the following:

Bi-LSTM+GloVe Our Bi-LSTM model (Hochre-
iter and Schmidhuber, 1997) is one-layered with a
512-dimensional hidden layer, which takes input
word embeddings from 300-dimensional GloVe
word embeddings (Pennington et al., 2014). We
train all LSTM layers from scratch.

BERT-base Models For BERT-style architectures
we employ a multi-layer-perceptron (MLP) on top
of the [CLS] special token for binary prediction.

T5-large To adopt T5-large’s text-to-text format to
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Figure 13: Worker counts over different assignment du-
ration (in minutes).

our dataset, we use the prefix com2sense sentence:
and the labels True and False as model output.

UnifiedQA Models We use two UnifiedQA Mod-
els. One with the T5-large backbone and one with
the T5-3b backbone. For these models, we use Is
the following sentence correct? as the prefix, to
create a question. Then as the answer we use Yes /
No.

C More Details on the Experiments

C.1 Hyperparameters

All the essential hyperparameters used throughout
this work can be referred to in Table 10. We also
include the search bounds as well as the number of
trials in searching for our manually-tuned hyperpa-
rameter search procedures in Table 10.
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Model # Params Batch-Size LR Training
Iterations

Gradient Accumulation
Steps

Max. Token
Length

BiLSTM+GloVe 3.5M 64 1× 10−5 100 4 80
BERT-base 109.5M 64 1× 10−5 100 4 80

RoBERTa-large 355.4M 32 1× 10−5 100 4 80
DeBERTa-large 405.2M 32 1× 10−5 100 4 80

T5-large 737.5M 8 1× 10−5 100 4 80
UnifiedQA-t5-large 737.5M 8 1× 10−5 100 4 80
UnifiedQA-t5-3b 3000M 2 1× 10−5 100 8 64

Bound (lower-upper) 1-64 5× 10−5–1× 10−6 10-100 1-10
Number of trials 2-3 2-3 2-3 2-3

Table 10: Hyperparameters used for each model during finetuning on COM2SENSE along with the search bounds
for them: LR denotes the learning rate that does not change during the training process. All the models are trained
with Adam optimizers (Kingma and Ba, 2015). We include number of parameters of each model in the first column,
denoted as # params.

C.2 Validation Set Results
We validate all trained models on a 402-pair valida-
tion set and tune the hyperparameters accordingly.
The performances on the validation set are reported
in Table 11.

Model Standard Pairwise

Random 50.00 25.00
BiLSTM+GloVe 52.80 27.50
BERT-base 57.07 23.11
RoBERTa-large 62.81 38.30
T5-large 62.81 35.82
UnifiedQA-large 63.43 37.31
DeBERTa-large 66.29 43.03
UnifiedQA-3b 75.12 56.22

Table 11: Validation-set accuracy for selected models,
trained and evaluated on respective datasets.

C.3 Performance Across Input Lengths
Although the sentence length in our dataset varies,
we find no obvious relation between the length of
the sentences and the difficulty for the model to
comprehend, in terms of accuracy. As depicted
in Figure 14, we therefore conclude that sentence
length would not have significant influence on fool-
ing models including DeBERTa-large.

C.4 Software, Hardware, & Other Details
Transformer-based models are implemented via the
HuggingFace PyTorch API (Wolf et al., 2020). All
the benchmarked models, except for UnifiedQA-
T5-3b are trained on Nvidia GeForce 2080Ti
GPUs5 on a CentOS 7 operating system. The
UnifiedQA-T5-3b is trained on NVIDIA Tesla
V100 GPUs 6 on an Ubuntu 18 operating system.

5https://www.nvidia.com/en-us/geforce/graphics-
cards/rtx-2080-ti/

6https://www.nvidia.com/en-gb/data-center/tesla-v100/
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Figure 14: Standard accuracy of the DeBERTa-large
model measured on subsets of data with different input
lengths.

The T5-large and UnifiedQA-T5-large are trained
using the model parallelism approach on two GPUs.
The UnifiedQA-T5-3b is trained using model par-
allelism on 8 GPUS.

The maximum training time is approximately
6 hours for all the models, with the BERT-style
models on the lower end of the range and the T5-
style models on the higher end.
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Abstract

Tackling online hatred using informed textual
responses – called counter narratives – has
been brought under the spotlight recently. Ac-
cordingly, a research line has emerged to au-
tomatically generate counter narratives in or-
der to facilitate the direct intervention in the
hate discussion and to prevent hate content
from further spreading. Still, current neural
approaches tend to produce generic/repetitive
responses and lack grounded and up-to-date
evidence such as facts, statistics, or examples.
Moreover, these models can create plausible
but not necessarily true arguments. In this pa-
per we present the first complete knowledge-
bound counter narrative generation pipeline,
grounded in an external knowledge repository
that can provide more informative content to
fight online hatred. Together with our ap-
proach, we present a series of experiments that
show its feasibility to produce suitable and in-
formative counter narratives in in-domain and
cross-domain settings.

1 Introduction

Standard approaches for online hate mitigation gen-
erally rely on content moderation, ranging from
deletion of hate content and suspension of user
accounts to shadow banning. However, these ap-
proaches may draw limits on free speech and di-
verse opinions. An alternative approach is to di-
rectly intervene in the conversation with counter
narratives. A Counter Narrative (CN) is a non-
negative response to a Hate Speech (HS), target-
ing and contradicting extreme statements with fact-
bound arguments or alternative viewpoints (Be-
nesch, 2014; Schieb and Preuss, 2016). Such strat-
egy seeks to de-escalate the conversation, disen-
gage from hateful sentiment and encourage mu-
tual understanding through exchange of opinions.
Many Non-Governmental Organizations (NGOs)

specialized in hate countering are already adopt-
ing this approach by training operators to compose
counter narratives. According to NGO guidelines1,
proper CNs should also include credible evidence.

HS: The world would be a better place without Muslims.
They are only killing and raping our children.
CN1: Evidence for this? This is not true. How can you say
this about an entire faith?
CN2: On the contrary, most children abuse is operated
by people they know: a relative, family friends, sports
coach, someone in a position of trust and authority. Besides,
Muslims help people - A Muslim woman rushed to help the
victims of a triple stabbing in Manchester on New Year’s
Eve.
CN3: You are truly one stupid backwards thinking idiot to
comment on Muslims like that.

Table 1: An example hate speech with appropriate
counter narratives (CN1 and CN2) and an inappropriate
one (CN3) containing abusive language.

In Table 1, we present an HS along with several
CNs. Although CN1 and CN2 are both appropriate
responses, not all appropriate CNs are equally effec-
tive (Silverman et al., 2016; Tuck and Silverman,
2016). CN2 is expected to be more effective as it
is tailored to the HS and demonstrates contextu-
alized and persuasive statements with supporting
facts, knowledge, and logical reasoning (Habernal
and Gurevych, 2016) rather than a simple generic
request for evidence as in CN1. Conversely, CN3
is considered as a natural but inappropriate and
aggressive response.

In this context, scaling manual response to mas-
sive amounts of online hatred is an undeniably chal-
lenging task for NGO operators. Recently, studies
have started to focus on data and strategies for the
automatic generation of counter narratives in an
end-to-end fashion (Chung et al., 2019; Qian et al.,
2019; Tekiroğlu et al., 2020; Chung et al., 2020).
However, the seminal studies, based on training

1For example: https://getthetrollsout.org/
stoppinghate
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models using only the HS-CN data samples, do not
directly address the required properties for proper
and effective CNs such as providing credible evi-
dence and knowledge with facts, statistics or exam-
ples. While such models possess knowledge to a
certain extent through utilizing existing generative
language models (LMs) such as GPT-2 (Radford
et al., 2019), this knowledge (e.g., events or news)
will get out-dated over time. Furthermore, such
models are able to create plausible but not neces-
sarily true arguments - a problem known as content
hallucination - (Zellers et al., 2019; Solaiman et al.,
2019). A hallucinated example of a fact-bound
CN, generated by GPT-2 model fine-tuned as done
by Tekiroğlu et al. (2020), is provided in Table 2.
Therefore, in this paper we investigate the genera-
tion of knowledge-bound counter narratives, which
had never been studied yet to the best of our knowl-
edge. We hypothesized that knowledge infusion
can not only leverage generating informative CNs
but also handling hate speech from unseen domains
(i.e. hate targets) without further training (e.g., train
on Islamophobia and test on Antisemitism).

HS: Muslims are invading our country
CN: Actually, there were 16,938,000 Muslims in the UK in
2016, so if you exclude London, that is actually increasing
by 2%, which doesn’t seem very significant.

Table 2: Hallucinated CN generated by GPT-2 that is
fluent and credible (according to Office for National
Statistics, the Muslim population is just above 3M).

To this end, we explore methodologies to gener-
ate informative CNs using external knowledge. In
particular, we propose an extension of knowledge-
grounded generation approaches by adopting an
intermediate step where we generate keyphrases
for retrieving needed knowledge. So, we first train
a counter narrative keyphrase generator, then the
generated keyphrases are employed for selecting
relevant knowledge sentences. Finally, pre-trained
LMs are fine-tuned on the relevant knowledge sen-
tences, together with the HS input, to produce
knowledge-augmented CNs. Our extensive experi-
ments on CN generation, including both automatic
and expert evaluation, demonstrate that the pre-
sented approach produces more specific and tai-
lored responses both for in-domain and zero-shot
cross-domain configurations as compared to other
approaches, such as standard LMs, that are simply
fine-tuned for the task without the use of external
knowledge.

As our main contribution, we show that: (i) ex-
ternal knowledge can boost informative CN genera-
tion, (ii) keyphrase generation improves the quality
of retrieved documents, (iii) silver knowledge is
utilizable for the task when no gold knowledge is
available, (iv) knowledge-bound models are advan-
tageous while tackling zero-shot cross-domain gen-
eration especially if (v) using injection of knowl-
edge in large pre-trained LMs.

2 Related Work

In this section we review three main research top-
ics that are relevant for fighting hatred online: (i)
studies on CN effectiveness in hate countering, (ii)
counter-argument generation and (iii) knowledge-
guided generation.

Hate countering. Employing counter narratives
has shown to be an effective strategy in hatred inter-
vention on social media platforms. Studies have fo-
cused on identifying successful counter narratives
(Benesch et al., 2016a,b), evaluating their efficacy
(Schieb and Preuss, 2016; Silverman et al., 2016;
Ernst et al., 2017; Munger, 2017), and analyzing
counter speaker accounts characteristics (Mathew
et al., 2018). In particular, by analyzing conversa-
tions from Twitter, Wright et al. (2017) show that
some arguments among strangers induce favorable
changes in discourse and attitudes.
Counter-argument generation shares similar ob-
jectives as CN generation, i.e., to produce the oppo-
site or alternate stance of a statement, but the latter
faces peculiar difficulties such as the absence in
HS of explicit or well-structured ‘arguments’ (e.g.,
“Islam is a disease”) and the limited amount of data
available for training. Studies usually focus on do-
mains with large discussions, e.g., politics (Hua
and Wang, 2018) and economy (Le et al., 2018).
The closest work to ours is counter-argument gen-
eration with external knowledge augmentation by
Hua et al. (2019). Our approach differs from theirs
in three aspects: (i) we explore generating queries
to extract knowledge for grounding CN with, (ii)
pre-trained generative models are utilized for lever-
aging the knowledge present, (iii) our approach
requires less manipulation over knowledge.
Knowledge-guided generation. There is a grow-
ing interest in exploiting external knowledge to gen-
erate informative responses for applications such as
dialog systems (He et al., 2017; Young et al., 2018)
and question answering (Das et al., 2017; Saha
et al., 2019). Previous approaches inject knowl-
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edge through topic phrases (Fan et al., 2019), struc-
tured knowledge graphs (Zhou et al., 2018) and
unstructured texts (Dinan et al., 2019; Hua et al.,
2019).

3 HS-CN Dataset

To the best of our knowledge, there is no high-
quality hate speech - counter narrative dataset avail-
able yet where CNs are explicitly paired with rel-
evant knowledge. Since constructing such dataset
with a decent-size would be too costly and out
of the scope of the present paper2, we resort to
a “reverse-engineering” strategy such that we au-
tomatically paired relevant knowledge with an al-
ready existing high quality CN dataset. We chose
CONAN (Chung et al., 2019), which is a dataset
niche-sourced to expert NGO operators offering
high quality CNs, and the best and most diverse ma-
terial among the other CN datasets (Tekiroğlu et al.,
2020). CONAN consists of 6645 English pairs of
HS-CN including: 1288 original pairs, 2576 pairs
where two paraphrases of the original HS are paired
with the original CN, and 2781 translated pairs from
French and Italian. The English data is split into
4069/1288/1288 samples for train/dev/test.

4 Architecture

Our architecture, illustrated in Figure 1, consists
of a knowledge retrieval module that retrieves
sentence-level relevant knowledge, and a gener-
ation module that generates a counter narrative.
Specifically, the knowledge retrieval module first
prepares variants of a query Q for a given hate
speech HS using two strategies: query extrac-
tion (Qhs) and automatic query generation (Qgen).
Then, the obtained queries are employed to search
for relevant knowledge articles via a search en-
gine. Finally, it uses a sentence selector to filter
and rank the most relevant sentences as the relevant
knowledge (KN) from the retrieved articles. For
the counter narrative generation module, we fine-
tuned several LMs that take a HS and the ranked
knowledge sentences KN as input and output a cor-
responding counter narrative.

2Obtaining access to a pool of trained NGO operators is
very complicated, furthermore keeping track of their search ac-
tivity and the material they used during CN production would
require long and complex data collection sessions that might
span several months.

5 Knowledge Retrieval Module

The knowledge retrieval module in the architecture
incorporates a knowledge repository, query con-
struction sub-module, and a knowledge sentence
selection sub-module.

5.1 Knowledge Repository

Previous approaches on introducing external knowl-
edge for dialog generation have exploited unstruc-
tured and structured knowledge. Since no struc-
tured knowledge is available for the hate speech
domain, we rely on unstructured textual knowledge
in the format of articles, which allows for updating
the knowledge repository easily. Considering that
the proliferation of HS is also triggered with target-
related events (e.g., terrorist attacks), being able to
update the knowledge, such as news articles, would
let us produce proper CNs that contain the latest
statistics or evidence from the current events.

We include Newsroom (Grusky et al., 2018)
and WikiText-103 (Merity et al., 2017) to our
knowledge repository. WikiText-103 is a large
collection of 28,595 full Wikipedia articles cov-
ering over 103 million words. Newsroom con-
sists of 1.3 million articles extracted from major
news publications between 1998 and 2017, featur-
ing over 6.9 million words.

5.2 Query Construction

To construct comprehensive and proper queries to
search for relevant knowledge for the data pairs, we
applied two strategies: (i) query extraction and (ii)
query generation. In both strategies, the query is
composed of keyphrases that can be defined as the
important and topical phrases from a text (Turney,
2000).

Query extraction. We extracted keyphrases
from CONAN dataset using Keyphrase Digger
(Moretti et al., 2015), a multilingual keyphrase ex-
traction system that uses statistical measures and
linguistic information, and is proven to be one of
the best systems for unsupervised settings3. Fol-
lowing the knowledge retrieval strategy using input
argument by Hua et al. (2019) for counter argument
generation, we first obtained the HS keyphrases
to construct the initial query Qhs. However, HSs
from CONAN mostly contain hateful and simplistic

3Keyphrase Digger is a new implementation of KX (Pianta
and Tonelli, 2010) with several improvements, and it was
ranked the best performing unsupervised system on task 5 of
SemEval 2010 evaluation campaign (Moretti et al., 2015).
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Figure 1: Architecture of knowledge grounded generation with extracted (green solid arrow) and generative (dot-
ted arrow) queries (topical phrases) that are exploited to retrieve relevant knowledge. The knowledge sentences
extracted together with input HS are fed to CN generation. We give the example of generative approach.

phrases in comparison to the input arguments used
by Hua et al. (2019) that can be rich in content4.
Therefore, in the HS-CN scenario, we hypothesize
that the keyphrases from Qhs alone would not be
sufficient for relevant knowledge search especially
for mapping the knowledge onto training data.

To this end, we also extracted keyphrases from
CN together with HS to increase the possibility that
the retrieved knowledge sentences contain pieces of
information found in the ground truth. Hence, the
second query Qhs∪cn contains CN keyphrases for
the relevancy to the target CN and HS keyphrases
for preserving the hate context. We investigated the
effects of various keyphrase query configurations
in terms of HS relevancy and Qhs∪cn is proven to
be the best configuration (See Appendix A.1 for
more details.).

Query generation. Since the best query config-
uration Qhs∪cn cannot be available at test time, we
need a way to obtain keyphrases that serve as CN
cues for searching knowledge sentences during the
CN generation. To this end, we built a query gen-
eration model that takes HS as input and outputs a
comma-separated list of CN keyphrases, which is
then used as Qgen. Our aim is to obtain an approx-
imation of Qhs∪cn via Qhs∪gen at the test time.

The model is trained using Transformer
(Vaswani et al., 2017) architecture as it has obtained
state-of-the-art performances for generation tasks
(Dinan et al., 2019; Ghazvininejad et al., 2018).
For the training data, we used CONAN dataset and
discarded the CNs that are less than 10 words, since
they are usually generic, poor in terms of argu-
mentative content and cannot provide a meaningful
search (e.g., “No they are not - prove this?”, “What
does that even mean?”, “Any evidence?”). Ac-

4e.g., an argument “A universal basic income will help
the labor market adapt to inevitable disruptions caused by
advancements in automation and artificial intelligence.” vs.
HS “Islam is a disease”.

cordingly, we kept 4038/1257/1257 instances for
train/dev/test set. The train set includes the pairs
marked as original in the dataset, and all trans-
lated pairs from French and Italian; the dev set
consists of one paraphrase of each original HS and
its CNs; and the test set contains the rest of the para-
phrased HSs. The training inputs are represented
as HS [HS end token] KP [KP end token],
where KP is the list of keyphrases extracted from
the gold CN.

The model has been trained following the con-
figuration of the base model in (Vaswani et al.,
2017): with 6 transformer layers, 8 transformer
heads, embedding size of 512, hidden size of 2048,
dropout rate of 0.1, batch size of 64 for 100 epochs.
The training time lasted around 7 hours. All ex-
periments in this paper have been conducted on a
Nvidia Tesla V100 GPU. For decoding, we used
nucleus sampling (Holtzman et al., 2020) with a p
value of 0.9.

We report keyphrase generation results in terms
of BLEU (Papineni et al., 2002) and ROUGE (Lin,
2004) against the keyphrases extracted from gold
test CNs. We obtained a score of 0.162 for BLEU-
2 and a score of 0.353 for ROUGE-L. Although
both scores can be considered as low, this is due
to the open ended nature of the set of possible CN
keyphrases for a given HS. Example queries for
a single pair, extracted from its HS, its CN, and
generated with the keyphrase generation model are
shown in Table 3.

5.3 Knowledge Sentence Selection

We use Solr5 to index the articles and retrieve
those relevant to a given query based on the similar-
ity between the articles and the query using BM25
(Robertson et al., 1995). Once the queries have
been obtained either through extraction or gener-
ation, they are presented to Solr for retrieving

5https://lucene.apache.org/solr/
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HS CN Query Knowledge sentences (KN)
Islam
is a
disease.

Like Christianity
or any other,
islam is a religion
of tolerance.
Disease does not
discriminate on
religious grounds.

Qhs: islam, disease (i) Do Muslims want to heal from the disease...? (ii) Being infected
by religious extremism is like being infected by a disease...

Qgen: islamic law,
god, christians

(i) Islamic law is to create an environment...submission to God. (ii)
Certain areas of the Muslim world have always been home to large
populations of Christians...

Qcn: tolerance,
christianity, dis-
criminating

(i) Islam is a 1400-year-old religion that preaches tolerance...like
Christianity and... (ii) Disease does not discriminate...on religious
grounds...

Table 3: Examples of KN retrieved using queries extracted from HS (Qhs), generated (Qgen) and created from both
HS and CN keyphrases (Qcn).

the 25 top-ranked articles. Next, we used spaCy
sentence segmentation6 to split an article into sen-
tences. Similar to Zhang et al. (2020), given a query
Q we score each sentence xi in the set of articles
D independently, using ROUGEL-F1 (Lin, 2004)
as in Equation 1.

si = rouge(xi, Q),∀i ∈ D (1)

In the final step, we distilled the knowledge by
keeping the top 5 knowledge sentences that have
the highest scores among 25 top-ranked articles.
Instead of a more stringent filtering, such setting
has been applied to grant a better variety of source
articles and corresponding distilled sentences. We
refer to such automatically associated sentences as
“silver knowledge”.

6 Counter Narrative Generation Module

Large pretrained LMs require less amount of high-
quality data to be fine-tuned on downstream tasks
while providing strong performances and they al-
ready store large amount of factual and common-
sense knowledge from their training data (Petroni
et al., 2019). To this respect, we built the follow-
ing models: (1) GPT-2KN , obtained by fine-tuning
GPT-2 on CONAN data paired with KN; (2) GPT-
2KN,MT , by fine-tuning GPT-2KN in a multi-task
learning fashion for learning to distinguish CNs
from HS as next utterances; (3) XNLG (Chi et al.,
2020) for its ability to copy information to the out-
put (in our case the retrieved KN to be copied to
the CN). We expect all three models to attend over
the HS and retrieve KN and look for the relevant
snippets to be recovered while generating a CN.

6.1 Models
The training HS-CN pairs are represented as
HS [HS end token] KN [KN end token]

6https://spacy.io/universe/project/
spacy-sentence-segmenter

CN [CN end token]. Each model is trained with
Qhs∪cn and then tested onQhs,Qgen, andQhs∪gen.
We also tested the models with Qhs∪cn to define an
oracle scenario with an upperbound performance
when the data can only be paired with silver knowl-
edge.

GPT-2KN . We fine-tuned the GPT-27 medium
model for 3 epochs with a batch size of 2048 tokens.
We used Adam optimizer with a learning rate of
5e-5. At inference time, responses were generated
employing nucleus sampling with a p value of 0.9,
conditioned on HSs and corresponding KN.

GPT-2KN,MT . Since we noticed that GPT-2 oc-
casionally produces responses that contain frag-
ments of abusive language, we combined the lan-
guage modeling objective with a next-sentence pre-
diction objective for fine-tuning GPT-2 in a multi-
task setting, inspired by Wolf et al. (2018). Next-
sentence prediction adopts a linear classification
layer added to the last layer of the transformer lan-
guage model and then applies a cross-entropy loss
to classify a proper next response to the input HS
from 2 distractors randomly selected from HS. We
used Adam optimizer with a learning rate of 5e-5
and empirically fine-tuned it for 1 epoch and the
same sampling strategy as GPT-2KN has been ap-
plied.

XNLG is a pre-trained Transformer-based lan-
guage model trained on Wikipedia dumps with two
relevant objectives for our task: to obtain contex-
tual representations and to recover a given input.
We fine-tuned XNLG8 for generating counter nar-
ratives on all layers with a batch size of 10 for 100
epochs. We used Adam optimizer with a learning
rate of 1e-4. We tokenized and removed accent
from the entire dataset and applied the same BPE

7https://github.com/huggingface/
transformers

8https://github.com/CZWin32768/XNLG
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codes used by Chi et al. (2020). For KN and CN
we kept the first 256 tokens, while setting the HS
to 70 tokens, which is the maximum length of hate
speech in the dataset. We experimented with var-
ious decoding methods and adopted beam search
with a beam-width of 3 for the best performing
setting (details in Appendix A.2).

Baselines used for comparison are: (1) non-
pretrained Transformer without knowledge using
the same hyper-parameters as keyphrase generation
model; (2) GPT-2 without knowledge following
the same configuration as GPT-2KN ; (3) Candela
(Hua et al., 2019), an LSTM-based state-of-the-art
knowledge-driven architecture for argument gener-
ation. Since CONAN is relatively small, we hypoth-
esize that a pre-training procedure9 on data from
a similar task (argument generation) can be ben-
eficial for generalization and porting knowledge.
Thus, we first pre-trained Candela architecture on
argument generation dataset (Hua et al., 2019), fol-
lowing the configuration described in the paper. We
then fine-tuned the model for 20 epochs on CONAN
with KN using Qhs as it is done in the original set-
ting of Candela.

6.2 Results for the Silver Knowledge Test Set

We report BLEU-2 (B-2) and ROUGE-L (R-L)
scores for all proposed models and baselines in
Table 4 on the test split of CONAN that we automat-
ically paired with silver knowledge using various
queries. We also measure the capability of each
model to produce novel responses with respect
to the training data by Jaccard similarity (Wang,
2018), and diverse responses for the given input by
repetition rate (RR) (Cettolo et al., 2014).

Among our models, GPT-2KN yields the high-
est B-2 and XNLG the highest novelty, diversity,
and R-L. The notably improved novelty achieved
by knowledge-grounded models indicates the ben-
efits of adding knowledge on producing CNs, in
comparison to the baselines - particularly Trans-
former TRF. On the other hand, the quantitative
performance of XNLG does not reflect its true per-
formance in terms of quality. A quick glance at
the output CNs showed that XNLG model copies
almost everything from KN to the output instead of
a proper CN generation, increasing the novelty and
diversity scores. The issue can easily be observed
from the average numbers of words and sentences

9We also trained Candela from scratch on CONAN but de-
cided not to proceed with this setting for the poor performance.

in the XNLG output in comparison to the outputs
of the other models presented in Table 4. GPT-
2KN,MT falls behind among our models in terms
of RR, B-2, and R-L, still providing a competitive
novelty. Regarding Candela, while it obtained sim-
ilar performances to our models in terms of R-L
and B-2, the generation is repetitive and less novel.

As for the testing with different query types,
Qhs∪gen induces more novel responses than
Qhs∪cn and Qhs. While XNLG yields the high-
est novelty with Qhs (0.824), it can be explained
again with the problem of copying the whole KN,
which is more varied due to the less restrictive
search using only HS.

The oracle query Qhs∪cn, in which we deliber-
ately provide the best knowledge possible through
the keyphrases containing also from the gold CN,
yields the best R-L scores among the query vari-
ations of knowledge-grounded models. Among
all the models, Qhs∪cn also leads to the best B-
2 through GPT-2KN , and the best R-L through
XNLG, as we have anticipated. Finally, Qhs∪gen
outperforms Qhs and Qgen over most metrics, hint-
ing at the advantages of using generated queries
together with hate context for silver-knowledge re-
trieval.

We have also conducted complementary exper-
iments by taking into consideration the design
choices and the various phenomena in our study.
Since in our test set, in line with CONAN, a HS
can be paired with more than one CN, Qhs would
retrieve the same KN for all the target CNs of the
same input HS. Contrarily, we obtain a different
set of KN using queries Qgen, Qhs∪gen and Qhs∪cn
for each target CN. Therefore, we also report an
evaluation on unique HS-CN pairs, where a single
target CN has been randomly chosen for each HS,
among all query types in Appendix A.4. Finally,
to simulate Candela configuration (that uses only
Qhs) also with the other models, we run an addi-
tional set of experiments where we used Qhs for
retrieving the knowledge for training samples. The
results are reported in Appendix A.3.

6.3 Results for the Gold Knowledge Test Set

To isolate the effect of the knowledge retrieval
strategies from the knowledge-grounded genera-
tion performances, we conducted a second evalu-
ation on a newly crafted test set paired with gold
standard knowledge. In this evaluation, in addi-
tion to stereotypical islamophobic in-domain (i.e.
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KN overlap (ngram)
Models Nov. RR B-2 R-L #Word #Sent. 1 2 3
without knowledge
TRF 0.467 7.72 0.082 0.094 21.47 1.70 - - -
GPT-2 0.688 9.04 0.045 0.100 15.95 1.35 - - -
Traincn - 3.91 - - 21.79 1.87 0.307 0.054 0.016

with knowledge
Candela (Qhs) 0.692 21.87 0.040 0.098 23.85 2.47 0.173 0.008 0.001
GPT-2KN
w/ Qhs 0.723 8.13 0.082 0.094 15.60 1.32 0.258 0.023 0.008
w/ Qgen 0.728 7.48 0.067 0.091 12.75 1.17 0.260 0.050 0.019
w/ Qhs∪gen 0.735 6.30 0.085 0.103 15.35 1.59 0.358 0.068 0.024
w/ Qhs∪cn 0.727 7.17 0.166 0.110 13.10 1.16 0.282 0.058 0.022

GPT-2KN,MT

w/ Qhs 0.744 11.69 0.050 0.090 13.35 1.17 0.269 0.049 0.017
w/ Qgen 0.731 10.37 0.052 0.092 13.34 1.14 0.253 0.044 0.017
w/ Qhs∪gen 0.747 7.59 0.091 0.090 16.91 1.26 0.269 0.033 0.009
w/ Qhs∪cn 0.731 9.56 0.048 0.107 13.05 1.13 0.276 0.057 0.023

XNLG
w/ Qhs 0.824 14.42 0.073 0.084 55.51 3.71 0.841 0.650 0.558
w/ Qgen 0.819 6.88 0.097 0.084 55.64 3.64 0.849 0.656 0.558
w/ Qhs∪gen 0.812 6.98 0.074 0.089 57.58 3.00 0.828 0.579 0.475
w/ Qhs∪cn 0.819 5.69 0.076 0.116 55.69 3.42 0.840 0.631 0.529

Table 4: Results of CN generation with silver knowledge. We report novelty (Nov.), RR, BLEU-2 (B-2), ROUGE-L
(R-L), KN overlap with generation and the average amount of words and sentences per generation.

in-target cross-target
Nov. RR B-2 R-L Nov. RR B-2 R-L

TRF 0.30 7.57 0.014 0.10 0.46 8.62 0.015 0.08
GPT-2 0.72 8.53 0.020 0.11 0.72 8.01 0.022 0.09
Candela 0.69 19.31 0.072 0.10 0.70 22.22 0.022 0.09
GPT-2KN 0.71 6.85 0.201 0.19 0.75 6.33 0.041 0.19
GPT-2KN,MT 0.85 11.55 0.066 0.12 0.86 10.38 0.022 0.11
XNLG 0.83 6.94 0.256 0.33 0.84 8.15 0.291 0.35

Table 5: Results of CN generation with gold knowledge in-target and cross-target test sets.

in-target) scenario, we also explore the effect of
knowledge infusion on cross-domain (i.e. cross-
target) CN generation under zero-shot setting. We
hypothesize that having a system trained to make
use of substandard silver knowledge to generate
proper CNs for a given context, could be robust
to cross-domain zero-shot conditions. Therefore,
we organized a data collection session with an ex-
pert operator in writing CNs. In this session, 50
islamophobic HSs randomly sampled from CONAN
and 144 new cross-target HSs (covering misog-
yny, antisemitism, racism, and homophobia) are
provided along with the knowledge retrieved by
Qhs∪cn queries. The expert is tasked with compos-
ing a suitable CN using the corresponding knowl-
edge as much as possible. Thus, we could obtain a
gold test set10. in which the input knowledge can
certainly be found in the CNs.

We tested all models with gold knowledge in-
domain and cross-domain test cases. Results are

10We release the gold test set at https://github.
com/marcoguerini/CONAN.

given in Table 5. For in-domain scenario, as
we have anticipated, knowledge grounded mod-
els yield better performances in B-2 and R-L in
comparison to the silver knowledge test setting. Es-
pecially with the striking jump in the performance
of GPT-2KN , we can confirm the proper infusion
of the given knowledge to the generated CNs. As
for cross-domain tests, GPT-2KN still yields better
performance than baselines while the performance
for all models (except for XNLG) drops due to un-
seen events during training. All GPT-2 variations
present better diversity performances on the cross-
domain setting as compared to both in-domain and
silver-knowledge settings. Regardless of domains,
XNLG yields fallaciously high scores due to its
extensive copying. A cross-target generation from
the models can be seen in Table 7. More examples
in-/cross-domain generations from all the models
are provided in Appendix A.6.

Human evaluation. We further resort to human
evaluation to assess the final generation quality of
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each model. For this reason we perform human
evaluation of generation using gold knowledge, to
rule out the effect of possible noise in the knowl-
edge that may result from the retrieval process.

Our models were evaluated by 3 expert opera-
tors from the NGO Stop Hate UK. The annotators
are already experienced, and specifically trained, in
reading hateful content and writing CNs for online
hate countering11. The annotators are instructed to
assess all generated pairs in gold knowledge test
sets in terms of suitableness to the HS, informative-
ness, and intra-coherence of CN regardless of HS.
Each score is on a scale of 1 (the least) to 5 (the
most). To avoid possible bias and hints towards
models, we normalized the pairs (e.g., lowercase
and space between words and punctuation) and di-
vided them into 3 partitions of randomized files for
experts (See Appendix A.5 for annotation instruc-
tion). Each expert was given 388 pairs, resulting in
a total of 1164 pairs for evaluation. To avoid exces-
sive workload annotators were allowed to complete
the task over multiple sessions at their preference.

Results are reported in Table 6. We also com-
puted Kendall’s Tau-b (Kendall, 1938) to measure
the annotators’ agreement towards the model rank-
ing for each aspect. The high correlations indi-
cate a strong concordance among the annotators
(threshold tau-b > 0.35). Regardless of domains,
annotators consider XNLG generations as the most
informative and GPT-2KN generations as the most
suitable. TRF yields a reasonable suitableness and
coherence since it tends to memorize the training
CNs, almost behaving like a retrieval system on
human responses. However, such behavior can be
fatal in cross-domain settings. Candela fails to gen-
erate suitable cross-domain CNs despite preserving
the intra-CN coherence. While GPT-2 and GPT-
2KN generations are found almost equally coher-
ent, the lower suitableness and informativeness of
GPT-2 output (2.26 and 1.92) for cross-domain as
compared to GPT-2KN (2.51 and 2.29) encourages
the grounding CNs in knowledge.

7 Discussion

Our findings suggest that a large pre-trained LM
with knowledge injection is preferred to allevi-
ate the demand for gold data and improves in-
/cross-domain generations. GPT-2KN outperform-
ing GPT-2, which becomes more clear with every

11The compensation for annotation work met with EU reg-
ulations.

in-domain cross-domain
suit. info. cohe. suit. info. cohe.

TRF 2.65 2.25 3.39 1.47 2.09 3.45
GPT-2 2.67 2.16 4.10 2.26 1.92 4.24
Candela 2.41 2.25 3.14 1.42 2.09 3.40
GPT-2KN 3.02 2.35 4.33 2.51 2.29 4.21
GPT-2KN,MT 1.76 1.65 3.73 2.03 1.76 3.88
XNLG 1.43 3.88 2.12 1.88 4.10 2.79
Kendall’s tau-b 0.82 0.69 0.82 0.51 0.91 0.73

Table 6: Human evaluation results of CN generation.

increase in the quality of provided KN (i.e., from
silver Qgen to silver Qhs∪gen to gold in-domain),
indicates that our model trained on silver knowl-
edge learns to grasp relevant KN to the given HS
instead of random copying. As for GPT-2KN,MT ,
since the model is trained to distinguish CN from
HS, certain typical counter responses are prone to
appear. Through a manual analysis, we confirmed
that its responses tend to be simpler (e.g., negation:
“terrorism is not a religion.”, “It’s not true...”) than
the responses of other GPT-2 variant models. Fu-
ture work can explore alternative multitask learning
frameworks to improve the generation.

From a practical perspective, we can con-
clude that fine-tuning a pretrained language
model for conditional generation, utilizing silver-
knowledge sentences retrieved through a query gen-
eration model is the most promising approach for
knowledge-bound CN generation. In fact, (i) among
various models we tried, GPT-2 with knowledge
infusion is shown to produce the most informative
and suitable output. (ii) At deployment time, using
input context together with generated keyphrases
becomes prominent with more novel and diverse
CNs and (iii) for new hate-targets in a zero-shot sce-
nario, the generation model can produce coherent
and suitable CNs without retraining if a reasonable
set of input knowledge is provided. Moreover, this
approach can be applied to other scenarios, such
as dialogue response generation, since it does not
require any extra data collection or annotation.

8 Conclusion

Online hate speech intervention is a challenging
problem and research on counter narrative gener-
ation is still in its infancy. In this work, we have
proposed methods for improving counter narrative
generation to fight hatred online, incorporating ex-
ternal knowledge retrieved through extracted and
generated keyphrases. To this end, a dataset of hate-
speech/counter-narrative pairs was augmented with
relevant knowledge to train systems that are able to
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HS: Jews are different from non-Jews not because of their
beliefs, but because of their physical nature. “Jewishness” and
malevolence is inherited through blood.
Human: Today one of the biggest concerns is the reinvention
of clinical concepts of race, based on inaccurate generaliza-
tions. The notion that the superiority of the white race was
part of the natural order was deviously reinforced by the rise
of modern ”scientific” racism in the late 19th century. Despite
the strong objections of many of our contemporaries, this idea
of a ”jewish race” is still going around.
GPT-2: Muslims are not different from non-Muslims because
of their faith.
GPT-2KN : I think that the notion of race is a generalization
based on ignorance.
GPT-2KN,MT : All that is wrong is that we cannot accept that
violence is necessary.
XNLG: today , one of the biggest concerns is the reinvention
of clinical concepts of race , based on inaccurate generaliza-
tions about the prejudice to certain physical characteristics and
civilizations . despite the strong objections of many contem-
porary contemporaries , the notion of fixed ” race ” - packages
of physical and behavioral characteristics

Table 7: Samples of cross-domain generation.

produce suitable and informative arguments. Our
experiments on in-/cross- domain generation indi-
cate that the generated responses can meet these
desiderata. As future work we plan to test other
query generation approaches (e.g., exploit human-
crafted queries in an interactive setup or the use of
pre-trained LMs) to improve knowledge selection
and to test other architectures for the final genera-
tion step.

Acknowledgments

This work was partly supported by the HATEME-
TER project within the EU Rights, Equality and
Citizenship Programme 2014-2020. We are deeply
grateful to Stop Hate UK and its volunteers for
their help and effort in evaluating the output of our
systems.

Ethical Considerations

While we believe that counter narratives are a bet-
ter tool than content moderation in fighting hate
speech (e.g. they do not hinder freedom of speech),
still the automatic generation of CNs should be
taken with care. Since this work aims at presenting
a methodology for knowledge-bound counter nar-
rative production through neural approach, several
ethical consequences should be considered.

First, neural models may still produce substan-
dard counter narratives containing abusive lan-
guage or negative content. To mitigate this issue,
possible solutions include (1) integrating in the
pipeline a classifier or a human reviewer for vali-
dation and possible post-editing (Tekiroğlu et al.,

2020), (2) detoxification techniques for control-
lable generation methods (Gehman et al., 2020),
and (3) discarding undesirable content from the
corpora used for training (Raffel et al., 2020), even
if the appropriate criteria for such purpose are still
investigated.

Second, while our approach reduces the risks of
content hallucination, an additional step, where the
accuracy of the generated text is checked against
the provided knowledge (Nie et al., 2019; Dušek
and Kasner, 2020), would provide further robust-
ness to the system.

Third, natural language generation models may
still induce unintended social biases. This issue can
be moderated by measuring/promoting fairness in
models and data employed (Blodgett et al., 2020),
and designing bias triggers (Sheng et al., 2020)
or regularization methods (Bordia and Bowman,
2019; Corbett-Davies et al., 2017) for controllable
bias.

To sum up, while some additional automated
techniques may help in maintaining generation
quality, human evaluation should always be consid-
ered as the foremost solution, at least for delicate
tasks such as ‘real’ hate countering on social media
platforms. For this reason we advocate that gener-
ation systems should be used as a suggestion tool
for NGO operators, to make their countering work
more effective. In this way there is always a “hu-
man moderator” taking the final decision (Chung
et al., 2019).
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A Appendices

A.1 Analysis on Keyphrase Extraction
Configurations

We conducted a preliminary manual analysis to
investigate the effects of various keyphrase extrac-
tion configurations. We randomly sampled 48 hate
speech and counter-narrative pairs from CONAN
dataset and extracted the keyphrases. Then, we
retrieved the KN (see Section 5.3) with the queries
Qhs and Qhs∪cn. On the other hand, we also
wanted to inspect the condition with the keyphrases
only from CN, i.e.,Qcn. For each sample and condi-
tion, annotators have assigned a score for relevance
to the hate speech in the scale of 1 to 5; 1 meaning
no-relevance, and 5 perfect relevance. As a result,
we have noticed that Qcn is the worst condition,
i.e., non-optimal, having an average score of 2.30.
The analysis shows that it causes the loss of context
related to HS, bringing information mostly from
whole another topic. For instance, especially when
CNs are rather generic, often, no lexical hint can
be found related to the topic of Islamophobia (e.g.,
“Do you have any proof?”). Indeed, Qhs provides
an apparently better average score (3.46) since it
provides a better context to search for. However, as
expected, the best score (3.77) has been obtained
through Qhs∪cn, i.e, optimal, verifying our hypoth-
esis of utilizing both HS and CN keyphrases for
training.

A.2 Preliminary Analysis on Decoding
Methods for XNLG

To find a suitable decoding method for our task,
we generated CNs with 3 candidate settings: beam
search with a beam-width of 3 and top-k sampling
with a k value of 8 and 10. For each setting we uti-
lized KN retrieved with both non-optimal (Qcn) and
optimal (Qhs∪cn) queries. Then we sampled 120
HS-CN pairs and served them to three experts in CN
writing for evaluating the generation on a scale of
1 (the worst) to 5 (the best) in terms of suitableness
and informativeness. Suitableness measures if the
generated CN is relevant to the HS and informa-
tiveness evaluates the amount of information (e.g.
statistics and facts) enclosed in the CN.

The results reported in Table 8 reveal a clear dif-
ference between beam search and top-k sampling
regardless of KN being optimal or non-optimal. In
a manual investigation, we observed that the gener-
ation using both beam search and top-k sampling
generally can copy some pieces of information

from the given KN, while top-k seems to replace
part of the text with slightly relevant and uncom-
mon words. Hence, copying the right knowledge
pieces through the decoding strategy is a key fac-
tor instead of diverging from the knowledge solely
for the sake of lexical diversity. Therefore, based
on the results, we adopt beam search with a beam-
width of 3, which is shown to be the most suitable
and informative, for decoding method in our exper-
iments.

Decoding methods Suit. Info.
Non-optimal knowl.
Beam-3 1.950 2.325
Topk-8 1.275 1.775
Topk-10 1.625 2.100
Optimal knowl.
Beam-3 2.325 2.450
Topk-8 1.975 2.175
Topk-10 2.050 2.325

Table 8: Human evaluation on CN generation using var-
ious decoding methods.

A.3 CN Generation with Qhs
In this section we report the CN generation results
of our knowledge-bound models trained and tested
with Qhs. We applied the same hyperparameter
configurations as the models trained with Qhs∪cn
described in Section 6.1.

The results are given in Table 9. In contrast
to the baselines (i.e., models without knowledge
and Candela), all models obtained higher novelty
with Qhs. The repetition rate, on the other hand,
is not improved since the models exploit the same
knowledge for multiple test samples due to the
repeated HSs with different CNs in the test set.

We also observed that for GPT-2KN and GPT-
2KN,MT the generation withQhs is more repetitive
and less novel compared to the generation applying
queries Qhs∪gen (as shown in Table 4). This result
demonstrates the viability and necessity of using
generated queries, as potential CN prompts, along
with HS context.

A.4 Unique HS Test Set Analysis
Concerning that one HS can be paired with dif-
ferent CNs in the test, we further conducted an
evaluation on a unique set by keeping each unique
HS and one randomly selected CN among its CNs.
The unique HS set lets us perform a fairer compari-
son among query configurations especially for Qhs
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KN overlap (ngram)
Models Nov. RR B-2 R-L #Word #Sent. 1 2 3
GPT-2KN 0.700 8.66 0.082 0.098 14.87 1.32 0.235 0.019 0.003
GPT-2KN,MT 0.730 11.92 0.084 0.090 13.25 1.13 0.233 0.025 0.007
XNLG 0.824 16.46 0.073 0.084 55.51 3.71 0.841 0.650 0.558

Table 9: Results of CN generation applying Qhs.

Models Nov. (W/U) RR (W/U)
without knowledge
TRF 0.467/0.457 7.72/6.97
GPT-2 0.688/0.675 9.04/7.79
Traincn - 3.91/3.31

with knowledge
Candela (Qhs) 0.692/0.697 21.87/21.97
GPT-2KN
w/ Qhs 0.723/0.719 8.13/7.97
w/ Qgen 0.728/0.720 7.48/6.34
w/ Qhs∪gen 0.735/0.740 6.30/5.81
w/ Qhs∪cn 0.727/0.731 7.17/6.16

GPT-2KN,MT

w/ Qhs 0.744/0.748 11.69/10.24
w/ Qgen 0.731/0.750 10.37/9.25
w/ Qhs∪gen 0.747/0.747 7.59/8.41
w/ Qhs∪cn 0.731/0.728 9.56/11.08

XNLG
w/ Qhs 0.824/0.828 14.42/6.22
w/ Qgen 0.819/0.821 6.88/4.03
w/ Qhs∪gen 0.812/0.817 6.98/5.19
w/ Qhs∪cn 0.819/0.816 5.69/4.64

Table 10: Results of unique HS test set (U) for novelty
and diversity. For comparison, we keep the results of
whole test set (W).

with models employing beam search (i.e. XNLG
and Candela). The results are given in Table 10.

For XNLG and GPT-2KN,MT , we observed an
increase in the novelty and diversity with Qhs and
Qgen on the unique HS set over the whole test set.
As for GPT-2KN , while diversity improves for all
query configurations, we did not observe an in-
crease in novelty through Qhs. For Candela, while
novelty also increases, the diversity does not im-
prove.

A.5 Human Evaluation Instruction

Three experts are tasked with CN generation eval-
uation. We briefed the annotators the aim of the
evaluation, and then we explained common and
appropriate CNs along with 10 examples of HS-CN
pairs. The annotators are instructed to evaluate the
generation with intuition. The generation is evalu-
ated in terms of 3 aspects: (i) suitableness: How
suitable the counter narrative is under evaluation
for its hate speech, i.e. coherence and relevance of
a counter narrative with regard to the hate speech.

(ii) informativeness: How informative/specific the
counter narrative is as a response for its hate speech.
(iii) intra-coherence: How coherent the counter
narrative is under evaluation as a response, i.e. in-
ternal coherence of a counter narrative regardless
of its hate speech. In Table 11 we give the annota-
tion examples with the score explanations provided
to the annotators.

HS: Muslims do not want to assimilate. They demand that
everyone shows respect for Islam, but they don’t respect
our laws. One day they will oppress us with the Sharia and
polygamy.
CN: Do you really believe that they are a problem? I have
a job.
evaluation: suit.: 3, info.: 1, cohe.: 1
Note: The first sentence is relevant but not the second one.
There is no coherence between 2 sentences.
CN: As far as they do not force us to follow sharia laws, we
should not be concerned with them following their laws.
evaluation: suit.: 5, info.: 3, cohe.: 5
Note: The CN is an appropriate and coherent response, but
not providing a substantial amount of information or facts.
CN: Muslims should not be forced to assimilate, since it is
not right and no one wants that. And polygamy is illegal
and forbidden in UK and Muslims actually respect this ban.
evaluation: suit.: 5, info.: 5, cohe.: 5
Note: The whole CN is perfectly suitable for the given
HS. It is highly informative with the facts and internally
coherent.

Table 11: Annotation examples with score explana-
tions.
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A.6 Generation Examples

HS: Jews are Christ Killers.
Human: While the Catholic Church has for decades taught that Jews weren’t collectively responsible,
the argument laid out by the Pope Benedict XVI was a landmark statement. In his book, he not only
confirms church teaching refuting the decide charge, he also explains biblically and theologically why
there is no basis in Scripture for the argument that the Jewish people as a whole were responsible for
Jesus’ death.
TRF: Why do you consider muslims like beasts? Did they do something wrong? If you take into
consideration the crimes committed by muslims, why do you distinguish the muslim criminals from
the non muslim? They are all criminals and all of them are punished.
GPT-2: I know many Muslims who are peaceful and respectful and do not kill.
Candela: Do you have proof? Where did you get this information from? I do not see the link between
islamism and the news of the muslim community.
GPT-2KN : No, the crucifixion of Jesus Christ is not a source for anti-Semitism. The Jewish people
were not responsible for the death of Jesus.
GPT-2KN,MT : On the basis of christianity, as christianity is not a religion, jews are not responsible
for their own death.
XNLG: In ”jesus of nazareth-part ii” excerpts the church’s teaching that refuted the deicide charge of
the jewish people, as well as theologically explains one of the most controversial issues in christianity.
KN: Pope Benedict XVI has made a sweeping exoneration of the Jewish people for the death of
Jesus Christ. While the Catholic Church has for five decades taught that Jews weren’t collectively
responsible, Jewish scholars said... would help fight anti-Semitism today. In ”Jesus of Nazareth-Part
II” excerpts released Wednesday, Benedict explains biblically and theologically why there is no basis
in Scripture for the argument that the Jewish people as a whole were responsible for Jesus’ death.

Table 12: Sample cross-domain CN generation from different models.

HS: Why gays do not try to heal?
Human: Contrary to some insinuations, sexual orientation is not like a disease.
TRF: Type imam boussena and we ll see who the scum is.
GPT-2: So they’re the ones who are trying to make us hate them.
Candela: You see more and more attacks on muslims as a result of the controversies? Do you really
want to believe in a ‘caliphate’?
GPT-2KN : We know that homosexuality is not a disease.
GPT-2KN,MT : The genetics of homosexuality have been studied, but it seems to me that the human
race is not suited to do that.
XNLG: And , contrary to the insinuation , sexual orientation is not like a disease . more recent studies
have identified other potential links between homosexuality and genetics , and scientists have offered
explanations on how same sex attraction can advance procreation , suggesting that the same twin is
more likely to be gay , but finding the biological origins of the same
KN: Contrary to Perry’s insinuation, sexual orientation is not like a disease. More recent studies
have identified other potential links between homosexuality and genetics, and scientists have offered
explanations on how same-sex attraction could advance procreation. Studies of identical twins, who
share the same genes, have shown that, if one twin is gay, the other is more likely to be gay, suggesting
sexual orientation is influenced by genetics. Scientific studies have demonstrated that biology plays a
role in one’s sexual orientation.

Table 13: Samples of cross-domain CN generation from different models.
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HS: It seems that I cannot define Islam as a cult which promote wars and conquers host nations and
legitimate this by its scriptures. Can I define them as narrow-minded, prejudiced, sexist and male
chauvinist?
Human: Everyone has the right of free speech, while it does not mean anyone can use it to hurt people.
Plus, based on what you critisize Islam? I recommend you to read something about true Islam and
Muslims. You would find that they are no difference from us.
TRF: Islam is all about the religions and tolerance insert quote from koran. Migrants is not evil?
GPT-2: It seems to me that this is the antithesis of what Islam teaches.
KN Qhs: Hakim al-Mutairi, secretary-general of the emirate’s Umma ( Islamic Nation ) party, urged
the pope to apologise immediately ”to the Muslim world for his calumnies against the Prophet
Muhammad and Islam”.... Instead of bringing Islam and Christianity closer, he is straining relations
between the two religions”. In the present political atmosphere such views can be exploited by those
who are trying to malign Muslims and Islam.
Candela: I have no accountability. I have no problem with those who claim to belong to, but i do not
have the right to practice whatever religion.
GPT-2KN : The Qur’an clearly teaches peace, love and tolerance towards everyone, including the
non-Muslims. The only thing that Islam does not have is a message of conquest and war.
GPT-2KN,MT : Islam is a religion founded on the principle that you must believe in the good will of
all people.
XNLG: Extremist muslim national party secretary, hamid al mutairi, urged the pope to define immedi-
ately to the muslim world for his calumies against the prophet muhammad and islam. Pope benedict
xvi was full of hostility and hatred against muslims and islam. In the present political atmosphere such
views can be exploited by those who bring
KN Qhs∪gen: Islam, as practiced by the vast majority of people, is a peaceful religion, a religion that
respects others. ”The large majority of Muslims tinker,” said Franck Fregosi, a sociologist who has
written extensively on Islam in Europe....
GPT-2KN : Hi, I do not understand the problem you have. The vast majority of Muslims do not
advocate wars and conquer the world. They practice a peaceful religion that respects others.
GPT-2KN,MT : It seems that i have just come across the iota of muslims who have been insulted,
persecuted, killed, raped, harassed, murdered, killed by the muslims in europe.
XNLG: It seems that islam, as practiced by the vast majority of people, is a peaceful religion, a
religion that respects others. The large majority of muslims tinker, as franck fregosi, who has written
extensively on islam in europe. It seems that it does not define islam as an inclusion and respect for all
of the religion
KN Qhs∪cn: No doubt, it is the legitimate right of Muslims to build a community center near Ground
Zero. So please stop conflating criticism of Islam with discrimination of Muslims. As a nation of
free people, we can never defeat Islam but we can make war against terrorists and governments that
support them. a ”moderate Islamic countries” when all unanimously reject the Universal Declaration
of Human Rights and support The Cairo Declaration of Human Rights in Islam.
GPT-2KN : The Islamic countries do not promote wars and conquer host nations. Islam is not a cult
but a peaceful religion which respects all peoples.
GPT-2KN,MT : The vast majority of men in the world are not able to articulate the spiritual values of
islam.
XNLG: It seems that it is the legitimate right of muslims to build a community center near zero ground,
so please confine criticism of islam with discrimination against muslims. As a nation of free people,
we can never defeat islam, but we can make war against terrorists and governments that support them.
My comment gives a lot of information about what islam and muslims

Table 14: Sample of in-domain generation.
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Abstract

The widespread use of offensive content in so-
cial media has led to an abundance of research
in detecting language such as hate speech,
cyberbullying, and cyber-aggression. Recent
work presented the OLID dataset, which fol-
lows a taxonomy for offensive language identi-
fication that provides meaningful information
for understanding the type and the target of of-
fensive messages. However, it is limited in
size and it might be biased towards offensive
language as it was collected using keywords.
In this work, we present SOLID, an expanded
dataset, where the tweets were collected in a
more principled manner. SOLID contains over
nine million English tweets labeled in a semi-
supervised fashion. We demonstrate that using
SOLID along with OLID yields sizable perfor-
mance gains on the OLID test set for two dif-
ferent models, especially for the lower levels
of the taxonomy.

1 Introduction

Offensive language in social media has become
a concern for governments, online communities,
and social media platforms. Free speech is an im-
portant right, but moderation is needed in order to
avoid unexpected serious repercussions. In fact,
this is so serious that many countries have passed
or are planning legislation that makes platforms
responsible for their content, e.g., the Online Harm
Bill (HM Government, 2019) in the UK and the
Digital Services Act (European Commission, 2020)
in the EU. Even in the United States, content moder-
ation or the lack thereof can have significant impact
on business (e.g., Parler was denied server space),
government (U.S. Capitol Riots), and individuals
(hate speech is linked to self-harm). Explainabil-
ity is needed to indicate in detail why content has

WARNING: This paper contains tweet examples and
words that are offensive in nature.

been deleted or flagged as inappropriate. Moreover,
users can be educated by such feedback to avoid
future biases.

There have been several areas of work in the
detection of offensive language (Basile et al.,
2019; Fortuna and Nunes, 2018; Ranasinghe and
Zampieri, 2020), covering overlapping character-
istics such as toxicity, hate speech, cyberbullying,
and cyber-aggression. Further, using a hierarchi-
cal approach to analyze different aspects of the
offensive content, such as the type and the target of
the offense, helps provide explainability. The Of-
fensive Language Identification Dataset, or OLID,
(Zampieri et al., 2019a) is one such example, and
it has been widely used in research. OLID con-
tains 14,100 English tweets, which were manually
annotated using a three-level taxonomy:

A: Offensive Language Detection
B: Categorization of Offensive Language
C: Offensive Language Target Identification

The taxonomy proposed in OLID makes it possi-
ble to represent different kinds of offensive con-
tent as a function of the type and the target of a
post. For example, offensive messages targeting
a group are likely hate speech, whereas offensive
messages targeting an individual are likely cyber-
bullying. OLID has been used to annotate datasets
in languages such as Arabic (Mubarak et al., 2021),
and Greek (Pitenis et al., 2020), allowing for multi-
lingual learning and analysis.

An inherent feature of the hierarchical annota-
tion is that the lower levels of the taxonomy con-
tain a subset of the instances in the higher lev-
els, and thus there are fewer instances in the cat-
egories in each subsequent level. This makes it
very difficult to train robust deep learning mod-
els on such datasets. Moreover, due to the natu-
ral infrequency of offensive language (e.g., less
than 3% of the tweets are offensive when se-
lected at random), obtaining offensive content is
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a costly and time-consuming effort. In this pa-
per, we address these limitations by proposing a
new dataset: Semi-Supervised Offensive Language
Identification Datatset (SOLID)1. Our contribu-
tions are as follows:

1. We are the first to apply a semi-supervised
method for collecting new offensive data us-
ing OLID as a seed dataset, thus avoiding the
need for time-consuming annotation.

2. We create and publicly release SOLID, a
training dataset containing 9 million English
tweets for offensive language identification,
the largest dataset for this task. SOLID is the
official dataset of the SemEval shared task
OffensEval 2020 (Zampieri et al., 2020).

3. We demonstrate sizeable improvements over
prior work on the mid and lower levels of the
taxonomy, where gold training data is scarce
when training on SOLID and testing on OLID.

4. We provide a new larger test set and a com-
prehensive analysis of EASY (i.e., simple ex-
plicit tweets such as using curse words) and
HARD (i.e., more implicit tweets that use un-
derhanded comments or racial slurs) examples
of offensive tweets.

The remainder of this paper is organized as fol-
lows: Section 2 presents related studies in aggres-
sion identification, bullying detection, and other
related tasks. Section 3 describes the OLID dataset
and annotation taxonomy. Section 4 introduces the
computational models used in this study. Section
5 presents the SOLID dataset. Section 6 discusses
the experimental results and Section 6.3 offers ad-
ditional discussion and analysis. Finally, Section
7 concludes and discusses possible directions for
future work.

2 Related Work

There have been several recent studies on offen-
sive language detection and related tasks such as
hate speech, cyberbulling, aggression, and toxic
comment detection.

Hate speech identification is by far the most stud-
ied abusive language detection task (Ousidhoum
et al., 2019; Chung et al., 2019; Mathew et al.,
2021). One of the most widely used datasets is the
one by Davidson et al. (2017), which contains over
24,000 English tweets labeled as non-offensive,

1Available at: https://sites.google.com/sit
e/offensevalsharedtask/solid

hate speech, and profanity. A recent shared task on
the topic is HatEval (Basile et al., 2019).

In cyberbullying detection, Xu et al. (2012)
used sentiment analysis and topic models to iden-
tify relevant topics. Dadvar et al. (2013) and
Safi Samghabadi et al. (2020) studied the use of
the conversational context for detecting cyberbul-
lying. In particular, Dadvar et al. (2013) used user-
related features such as the frequency of profanity
in previous messages. More recent work has ad-
dressed the issues of scalable and timely detection
of cyberbullying in online social networks. To this
end, Rafiq et al. (2018) employed a dynamic pri-
ority scheduler, and Yao et al. (2019) proposed
a sequential hypothesis testing. Safi Samghabadi
et al. (2020) constructed a dataset of cyberbullying
episodes from the semi-anonymous social network
ask.fm.

There were two editions of the TRAC shared task
on Aggression Identification (Kumar et al., 2018,
2020) which provided participants with datasets
containing annotated Facebook posts and com-
ments in English and Hindi for training and val-
idation. Facebook and Twitter datasets were used
for testing. The goal was to discriminate between
three classes: non-aggressive, covertly aggressive,
and overly aggressive. Two other shared tasks
addressed toxic language. The Toxic Comment
Classification Challenge2 at Kaggle provided par-
ticipants with comments from Wikipedia annotated
using six labels: toxic, severe toxic, obscene, threat,
insult, and identity hate. The recent SemEval-2021
Toxic Spans Detection shared task addressed the
identification of the token spans that made a post
toxic (Pavlopoulos et al., 2021).

There were several shared tasks that have fo-
cused specifically on offensive language identifica-
tion. For example, GermEval 2018 (Wiegand et al.,
2018) which focused on offensive language identi-
fication in German tweets, HASOC 2019 (Mandl
et al., 2019), and TRAC 2018 (Fortuna et al., 2018).

In this paper, we extend the prior work of the
OLID dataset (Zampieri et al., 2019a). OLID is
annotated using a hierarchical annotation schema
as in (Basile et al., 2019; Mandl et al., 2019). In
contrast to prior approaches, it takes both the tar-
get and the type of offensive content into account.
This allows multiple types of offensive content
(e.g., hate speech and cyberbullying) to be repre-

2http://kaggle.com/c/jigsaw-toxic-comm
ent-classification-challenge

916



sented in OLID’s taxonomy. We create a large-
scale semi-supervised dataset using the same anno-
tation taxonomy as in OLID.

3 The OLID Dataset

The OLID (Zampieri et al., 2019a) dataset tackles
the challenge of detecting offensive language us-
ing a labeling schema that classifies each example
using the following three-level hierarchy:

Level A: Offensive Language Detection Is the
text offensive?
OFF Inappropriate language, insults, or threats.
NOT Neither offensive, nor profane.

Level B: Categorization of Offensive Language
Is the offensive text targeted?
TIN Targeted insult or threat towards a group or
individual.
UNT Untargeted profanity or swearing.

Level C: Offensive Language Target Identifica-
tion What is the target of the offense?
IND The target is an individual explicitly or im-
plicitly mentioned in the conversation;
GRP Hate speech, targeting a group of people
based on ethnicity, gender, sexual orientation, reli-
gion, or other common characteristic.
OTH Targets that do not fall into the previous cate-
gories (e.g., organizations, events, and issues.)

The taxonomy was successfully adopted for sev-
eral languages (Mubarak et al., 2021; Pitenis et al.,
2020; Sigurbergsson and Derczynski, 2020; Çöl-
tekin, 2020), and it was used in a series of shared
tasks (Zampieri et al., 2019b; Mandl et al., 2019).
Tweets from the OLID dataset labeled with the tax-
onomy are shown in Table 1. The OLID dataset
consists of 13,241 training and 860 test tweets.

Table 2 presents detailed statistics about the dis-
tribution of the labels. There is a substantial class
imbalance on each level of annotation, especially
at Level B. Furthermore, there is a sizable differ-
ence in the total number of annotations between
the levels due to the schema (e.g., Level C is 1/3
smaller than Level A), and the data sizes for B and
C are rather small. These drawbacks indicate the
need to create a larger dataset.

4 Models

In this section, we describe the models used for
semi-supervised annotation and for evaluating the

Tweet A B C

@USER Anyone care what that dirtbag says? OFF TIN IND
Poor sad liberals. No hope for them. OFF TIN GRP
LMAO....YOU SUCK NFL OFF TIN OTH
@USER What insanely ridiculous bullshit. OFF UNT -
@USER you are also the king of taste NOT - -

Table 1: Examples from the OLID dataset.

contribution of SOLID for offensive language iden-
tification. We use a suite of heterogeneous machine
learning models: PMI (Turney and Littman, 2003),
FastText (Joulin et al., 2017), LSTM (Hochreiter
and Schmidhuber, 1997), and BERT (Devlin et al.,
2019). They have diverse inductive biases, which
is an essential prerequisite for our semi-supervised
setup (see Section 4.5). We assume that an en-
semble of models with different inductive biases
decreases each individual model’s bias.

4.1 PMI

We use a PMI-based model that computes the n-
gram-based similarity of a tweet to the tweets of a
particular class c in the training dataset. The model
is considered naïve as it accounts only for the n-
gram frequencies in the discrete token space and
only in the context of n neighboring tokens. We
compute the PMI score (Turney and Littman, 2003)
of each n-gram in the training set w.r.t. each class:

PMI(wi, cj) = log2

(
p(wi, cj)

p(wi) ∗ p(cj)

)
(1)

where p(wi, cj) is the frequency of n-gram wi in
instances of class cj , p(wi) is the frequency of
n-gram wi in instances from the entire training
dataset, and p(cj) is the frequency of class cj . Ad-
ditionally, we find that semantically oriented PMI
scores (Turney and Littman, 2003) improve the
performance of this naïve method:

PMI−SO(wi, cj) = log2(
p(wi, cj) ∗ p(C \ {cj})
p(wi, C \ {cj}) ∗ p(cj)

) (2)

where C \{cj} is the set of all classes except cj .
At training time, we collect the frequencies of the
n-grams on the training set. At inference time,
we use the frequencies to calculate PMI and PMI-
SO scores for each unigram and bigram in each
instance and then average PMI and PMI-SO to a
single score for each instance and class. Finally,
we select the class with the highest score. If the
instance contains no words with associated scores,
we choose NOT for Level A, UNT for Level B –
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Level Label OLID SOLID
Train Test Train Test

A OFF 4,640 240 1,448,861 3,002
NOT 9,460 620 7,640,279 2,991

B TIN 4,089 213 149,550 1,546
UNT 551 27 39,424 1,451

C
IND 2,507 100 120,330 1,055
GRP 1,152 78 22,176 349
OTH 430 35 7,043 140

Table 2: Train and Test data distribution for the OLID
and the SOLID datasets.

the classes most likely to contain neutral orienta-
tion, and the majority class IND for Level C. We
remove words appearing less than five times in the
training set and add a smoothing factor of 0.01 to
all frequencies.

4.2 FastText

A suitable extension to the word-based model
is to use subword representations to overcome
the naturally noisy structure of tweets. FastText
(FT) (Joulin et al., 2017) is a strong subword
model which has shown strong performance on
various tasks without the need for extensive hyper-
parameter tuning. It uses a shallow neural model
for text classification similar to the continuous bag-
of-words model (Mikolov et al., 2013). Instead of
predicting the word based on its neighbors, it pre-
dicts the target label based on the sample’s words.
FT provides a valuable, diverse modeling represen-
tation to the ensemble due to its differences with
the simple PMI model and the heavy-lifting LSTM
and BERT models. We train FT with bigrams and
a learning rate of 0.01 for Levels A and B and with
trigrams and a learning rate of 0.09 for Level C.
All tasks use a window size five and a hierarchical
softmax loss.

4.3 LSTM

In contrast to the prior models, the LSTM
model (Hochreiter and Schmidhuber, 1997;
Vaswani et al., 2017) can account for long-distance
relations between words. First is an embedding
layer initialized with a concatenation of the GloVe
300-dimensional (Pennington et al., 2014) and Fast-
Text’s Common Crawl 300-dimensional embed-
dings (Grave et al., 2018). It is followed by a
dropout and a bi-directional LSTM layer with an
attention mechanism on top of it. We concatenate
the attention mechanism’s output with averaged
and maximum global poolings on the outputs of

the LSTM model. The final prediction is produced
by a sigmoid layer for Levels A and B, where we
have a binary classification, and a softmax layer for
Level C, where we have three classes. We train the
LSTM model using early stopping with patience
for no improvements over the validation loss of up
to five epochs. Level A uses a hidden size of 128, a
dropout rate of 0.3, a batch size of 256, and a learn-
ing rate of 0.0002. Levels B and C use a hidden
size of 50, a dropout rate of 0.1, a batch size of 32,
and a learning rate of 0.0001. The Adam optimizer
is used for training.

4.4 BERT
The Transformer architecture (Vaswani et al., 2017)
has achieved (nearly) state-of-the-art performance
for several NLP tasks. It displays both high rep-
resentational power and robustness across tasks.
We exploit the benefits of transfer learning in a
low-resource setup by using the pre-trained BERT
model (Devlin et al., 2019) and fine-tune it to our
task. We use the base uncased model implementa-
tion from HuggingFace (Wolf et al., 2020), which
has 12 layers, a hidden size of 768, and 12 atten-
tion heads, amounting to 110 million parameters.
We fine-tune the BERT model for each task, start-
ing from the pre-trained base model. We fine-tune
BERT for 2, 3, and 3 epochs for Level A, B, and C,
respectively. We use learning rates of 0.00002 for
Levels A and B, and 0.00004 for Level C. We apply
per-class weights to cope with the data imbalance
in Level C as follows: IND=1, GRP=2, OTH=10.
We use the Adam optimizer and a linear warm-up
schedule with a 0.05 warm-up ratio.

4.5 Democratic Co-training
Democratic co-training (Zhou and Goldman, 2004)
is a semi-supervised technique used to create large
datasets with noisy labels when provided with a set
of diverse models trained in a supervised way. This
approach has been successfully applied in tasks
like time series prediction with missing data (Mo-
hamed et al., 2007), early prognosis of academic
performance (Kostopoulos et al., 2019), and in the
health domain (Longstaff et al., 2010). Using mod-
els with diverse inductive biases to label the target
tweet can help ameliorate the individual model bi-
ases and produce predictions with a lower degree
of noise.

In our work, we employ democratic co-training
to create semi-supervised labels for all three levels
of SOLID using OLID as our seed dataset. Dis-
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tant supervision is conducted by the ensemble of
models with different inductive biases as follows:

1. TrainN diverse supervised models {Mj(X)},
where j ∈ [1, N ] on a labeled dataset X =
{(xi, yi)}, where i ∈ [1, |X|]

2. For each example x′i in the unannotated
dataset X ′ = {(x′i)}, |i ∈ [1, |X ′|]) and each
model Mj , predict the confidence p′i

j for the
positive class.

5 The SOLID Dataset

In this section, we describe the process of collect-
ing a large dataset of over 12 million tweets All
of the data was labeled using the democratic co-
training approach described in the previous section.
The statistics for the dataset are shown in Table 2.

5.1 A Large-Scale Dataset of Tweets

We collected our data from Twitter using the Twit-
ter streaming API3 via Twython4 in 2019. We
search the API using the 20 most common English
stopwords (e.g. the, of, and, to) to ensure truly ran-
dom tweets and avoid rate limits. Using stopwords
ensures that we are more likely to obtain English
tweets as well as a diverse set of random tweets.
We kept the stream running the entire time and
continuously choose a stopword at random based
on its frequency in Project Gutenberg, a sizeable
monolingual corpus. We collected 1,000 tweets
for each stopword. Thus, tweets, including more
frequent stopwords, are collected more frequently.
A full list of the stopwords and their frequency is
shown in Appendix A.1. We used this approach
to help mitigate biases found in OLID. OLID was
collected using a predefined list of keywords that
were more likely to retrieve offensive tweets. This
caused offensive tweets in OLID to be explicit and
easier to classify. In contrast, the tweets collected
in SOLID contain implicit and explicit offensive
text. This allows us to study the performance of
models in hard classification cases.

We used the langdetect tool5 to select En-
glish tweets and discarded tweets with less than 18
characters or less than two words. We substituted
all user mentions with @USER for anonymization
purposes. We also ignored tweets with URLs as
those don’t tend to be offensive and might be less
self-contained, e.g., they could have a link to an ar-

3https://developer.twitter.com/en/docs
4https://twython.readthedocs.io
5https://pypi.org/project/langdetect/

Model Level A Level B Level C

Majority Baseline 0.419 0.470 0.214
BERT 0.816 0.705 0.568
PMI 0.684 0.498 0.461
LSTM 0.681 0.657 0.585
FastText 0.662 0.470 0.590

Table 3: Macro-F1 score of the models in the demo-
cratic co-training ensemble on the OLID test set.

ticle, image, video, etc. Understanding such tweets
would require going beyond their purely textual
content. In total, we collected over 12 million
tweets. We kept 9 million as training data, and
we created a new test dataset from a portion of the
remaining 3 million tweets.

5.2 Semi-Supervised Training Dataset

We used the democratic co-training setup described
in Subsection 4.5 to create the semi-supervised
dataset. We first trained each model on the OLID
dataset using 10% of the training dataset for vali-
dation. The performance of the individual models
on the OLID dataset is shown in Table 3. BERT is
the best model for Level A. The PMI model per-
forms almost on par with the LSTM model. We
expect this is due to the size of the dataset and the
fact that a simple lexicon of curse words would be
highly predictive of the offensive content present
in a tweet. The performance of the FastText model
is the lowest by 2 points. BERT performs best for
Level B, followed by the LSTM model. The task is
more challenging at this level for the frequency and
n-gram-based approaches of PMI and FastText.

Finally, the overall performance of the models at
Level C decreases further. This is expected as the
size of the dataset becomes smaller, and the task is
a three-way classification, whereas Levels A and B
are two-way. BERT and LSTM outperform Fast-
Text and PMI, with BERT being the best model.
The decrease in the performance in the final level
can lead to increased noise in the semi-supervised
labels, but we use an ensemble of four models, and
we provide the average and the standard deviation
of the confidence across the models on each in-
stance to mitigate this. As we show later, these
scores can be successfully used to filter out a large
amount of noise in the semi-supervised dataset,
thus yielding performance improvements.

We compute the aggregated single prediction
based on the average and the standard deviation of
the confidences predicted by each of the models:
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Level Text BERT LSTM FT PMI AVG STD Label E/H

A
@USER he fucking kills me. he knew it was coming 0.919 0.958 0.852 0.509 0.809 0.177 OFF E
His kissing days are over, he’s a pelican now! 0.659 0.304 0.568 0.523 0.514 0.131 NOT H
i think we’re all in love with winona ryder 0.060 0.038 0.017 0.480 0.102 0.155 NOT E

B
Guess I’ll just never understand the fucking dynamics 0.901 0.569 0.001 0.617 0.522 0.327 UNT H
@USER Government is a bunch of bitches. 0.013 0.221 0.000 0.397 0.158 0.164 TIN E
@USER Give me the date. Fuck them other niggas Bro
I’m irritated as fuck

0.882 0.666 0.983 0.701 0.808 0.131 TIN E

C
@USER He was useless stupid guy 0.807 0.915 1.000 0.480 0.801 0.197 IND E
It’s like mass shootings is the reg in this shit hole country! 0.826 0.479 0.693 0.570 0.642 0.131 OTH H
Getting these niggas tatted is a overstatement are ya dead
serious

0.700 0.691 0.770 0.491 0.663 0.104 GRP H

Table 4: Training data aggregation examples. Columns 3-6 show the confidence of each of the models with respect
to the positive class in Levels A and B (OFF, UNT) and only for the corresponding class in C (one example for
each of the classes: TIN, GRP, OTH). The label column shows manual annotations, and the last column shows
whether the tweet is considered Easy (E) or Hard (H) based on its AVG confidence.

SOLID = {(x′i, p′i)|i ∈ [1, |SOLID|])} , where p′i
= avg({p′ij |j ∈ [1, N ]}), std({p′ij |j ∈ [1, N ]}). In
particular, we compute the scores based on the con-
fidences for the positive class at Levels A and B
and the confidences for the IND, GRP, and OTH
classes at Level C. We performed the above ag-
gregation step instead of just using the scores of
each model to avoid over-fitting to any particular
model in the ensemble. This helps to prevent bi-
ases on individual models in future uses of the
dataset. Further, the standard deviation and the av-
erage scores can be used to filter instances that the
models disagree on, thus reducing potential noise
in the semi-supervised annotations.

The dataset is labeled using the semi-supervised
manner by assigning a Level A label to all the
tweets. Then, we select the subset of tweets that
are likely to be offensive for all models (BERT
and LSTM ≥ .5, PMI and FT=OFF) as instances
that should be assigned a label for Level B. We
chose the tweets likely to be TIN at Level B with
a standard deviation lower than 0.25 for Level C.
Thus, only the instances that are most likely to be
offensive are considered at Levels B and C, and
only those that are most likely to be offensive and
targeted are considered at Level C. The size and
the label distribution across the datasets can be
found in Table 2 and examples of tweets along
with models’ prediction confidences can be found
in Table 4.

5.3 SOLID Test Dataset

The OLID test set is very small, particularly for
Levels B and C. Therefore, we also annotated a
portion of our held-out 3 million tweets to create
a new SOLID test set to obtain more stable results

and to analyze the performance in more detail.
First, all co-authors of this paper (five annota-

tors) annotated 48 tweets that were predicted to be
OFF in order to measure inter-annotator agreement
(IAA) using P0 =

agreement_per_annotation
total_annotations∗num_annotators .

We found IAA to be 0.988 for Level A; an al-
most perfect agreement for OFF/NOT. The IAA
for Level B was 0.818, indicating a good agree-
ment on whether the offensive tweet was TIN/UNT.
Finally, for Level C, the IAA was 0.630, which is
lower but still considered reasonable as Level C
is more complicated due to its 3-way annotation
schema: IND/GRP/OTH. In addition, a tweet may
address targets of different types (e.g., both an in-
dividual and a group), but only one label can be
chosen.

After having observed high IAA, we annotated
additional offensive tweets with a single annotation
per instance. We divided our Level A data into four
portions based on model confidence:

• if BERT≥ .8 ∧ PMI=OFF ∧ FT=OFF ∧
LSTM≥ .8 then Easy OFF [2380 tweets]

• else if BERT ≥ .5∧PMI=OFF ∧ FT=OFF
∧ LSTM≥ .5 then Hard OFF [835 tweets]

• else if BERT≤ .2 ∧ PMI=NOT ∧ FT=NOT
∧ LSTM≤ .8 then Easy NOT [2500 tweets]

• else if BERT< .5∧ PMI=NOT ∧ FT=NOT
∧ LSTM<.5 then Hard NOT [278 tweets]

Note, PMI=OFF and FT=OFF designates that
the model’s probability is higher for the OFF class
than for the NOT class. We selected the rest of
the thresholds after a manual examination of the
confidence scores for each model. We chose the
threshold where the model is confident and mostly
correct.

We annotated 3,493 tweets for Level A. The
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# Type Prediction Tweet Gold Label

1 Easy OFF this job got me all the way fucked up real shit OFF UNT
2 Easy OFF @USER It’s such a pain in the ass OFF UNT
3 Easy OFF wtf ari her ass tooo big OFF TIN IND

4 Easy NOT This account owner asks for people to think rationally. NOT

5 Hard OFF It sucks feeling so alone in a world full of people NOT
6 Hard OFF @USER We are a country of morons OFF TIN GRP

7 Hard NOT Hate the sin not the sinner... NOT
8 Hard NOT Somebody come get her she’s dancing like a stripper OFF TIN IND

Table 5: Example tweets from the SOLID Test dataset and its four subsets. Shown are the difficulty of each subset
(Type), the ensemble model prediction for the examples in each subset (Prediction), an example tweet’s text, and
the manually annotated gold label.

Type Model Gold Label TotalPrediction OFF NOT

easy OFF 2,187 193 2,380
easy NOT 0 2,500 2,500
hard OFF 670 165 835
hard NOT 145 133 278

Total 3,002 2,991 5,993

Table 6: Statistics of the SOLID Test dataset grouped
by difficulty (Type) and model prediction.

number of annotations at each level is shown above
in square brackets. Furthermore, to create a com-
plete test dataset for Level A (where we only la-
beled offensive tweets), we also took a random
set of 2,500 Easy NOT tweets. The resulting test
sizes are shown in Table 2. Of the 3,493 annotated
tweets, 491 were determined to be NOT. In total,
there are 5,993 tweets in our test set. In all cases,
all three levels were annotated, but the decision of
whether a tweet in Level B/C is Easy or Hard is
still based on its Level A confidence.

Table 5 shows some tweets and whether they
are Easy OFF/NOT (lines 1-4) or Hard OFF/NOT
(lines 5-8), and Table 6 shows statistics regarding
the Easy and Hard examples in the test dataset.
Note that determining the labels for the Hard ex-
amples is not simple and the model does make
incorrect predictions such as in lines 5 and 8 of Ta-
ble 5. In fact, 25% of the Hard OFF tweets that we
annotated were NOT. In contrast, 8% of the Easy
OFF tweets were judged to be NOT.

6 Experiments and Evaluation

In this section we describe our experiments and
results when training with OLID + SOLID data
compared to just OLID on the OLID test set.

6.1 Experimental Setup
We used the BERT and FastText models from the
semi-supervised annotation set up to estimate the
performance improvements when training on the
supervised dataset OLID together with the semi-
supervised SOLID. The models in all sets of exper-
iments were fine-tuned on a 10% validation split
of the training set used during co-training. We
explored different schemes to combine OLID and
SOLID, as well as different thresholds for the con-
fidence of the instances in SOLID. We achieved im-
provements for Levels B and C by upsampling the
underrepresented classes: we sampled K instances
of each class, where K is the number of instances
for the most frequent class. We also removed the
warm-up in Levels B and C, which improved the
results further.

FastText. The FastText model used an external
command-line tool without control over the train-
ing. Therefore, we merged the training splits of
OLID and SOLID, randomly shuffled them, and
trained models with the combined dataset. The
FastText model has the same parameters used
above in co-training.

BERT. Due to the computational requirements of
BERT, we subsampled 20,000 tweets from SOLID
in Level A and B for BERT. Including more semi-
supervised instances did not improve the perfor-
mance. During training, we used SOLID in the first
epoch and OLID in the following two epochs for
Level A. Using SOLID after training with OLID
yielded worse results. We assume this can be ex-
plained by the fact that the semi-supervised dataset
by construction contains labels that are not golden
truth. It can be used as an initial step to guide
the model towards a better local minimum. On
the other hand, we conjecture that the supervised
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Level Baseline BERT FastText
OLID +SOLID OLID +SOLID

A 0.419 0.816 0.809 0.662 0.720
B 0.470 0.687 0.729 0.470 0.591
C 0.214 0.589 0.643 0.590 0.515

Table 7: Macro-F1 score on the OLID test set for BERT
and FastText with and without training on SOLID com-
pared to the majority class baseline.

dataset is better suited for fine-tuning the model
towards the local minimum with the gold data, par-
ticularly in Level A, where the training split of
OLID is already sufficient for training BERT. For
Levels B and C, we trained for two epochs with
the training split of OLID and then for one epoch
with SOLID. At Levels B and C, we observed that
training with SOLID in the first epochs and then
fine-tuning with OLID did not improve the perfor-
mance. Furthermore, training with OLID and then
using SOLID for the final epochs yielded substan-
tial performance improvements. We assume this is
due to the small training size of OLID which can
cause the model to overfit to a suboptimal local
minimum when used in the final training epochs.

Selecting SOLID Instances. We filter the train-
ing instances from SOLID to be the most confident
examples based on the average probability score
provided in SOLID when training with FastText
and BERT. We choose the threshold for the average
confidence score based on the validation dataset as
follows:

Level A: avg(OFF)<0.20 ∪ avg(OFF)>0.70
Level B: avg(UNT)<0.35∪ avg(UNT)>0.65
Level C: avg(IND) > 0.80 ∪ avg(GRP) >

0.70 ∪ avg(OTH)>0.65
To select a label for each instance, we choose: NOT
when avg(OFF) < 0.20, otherwise OFF in Level
A; UNT when avg(UNT) > 0.65, otherwise TIN
in Level B; the class with the highest probability in
Level C.

6.2 OLID Results
In this section we describe our results on the OLID
test set using just OLID and adding SOLID. The
results are shown in Table 7.

The results for Level A are improved only with
FastText, which is a weaker model (see Table 3). It
leverages a large performance improvement when
trained with OLID+SOLID. On the other hand, the
BERT model already achieves high performance
without augmenting OLID with SOLID because

Model Baseline BERT FastText
OLID +SOLID OLID +SOLID

A
Full 0.338 0.922 0.923 0.856 0.860
Easy 0.400 0.983 0.983 0.936 0.940
Hard 0.444 0.557 0.570 0.525 0.536

B
Full 0.236 0.559 0.666 0.355 0.493
Easy 0.232 0.569 0.677 0.349 0.509
Hard 0.234 0.542 0.649 0.363 0.467

C
Full 0.203 0.627 0.645 0.387 0.504
Easy 0.201 0.635 0.644 0.378 0.504
Hard 0.205 0.616 0.649 0.397 0.505

Table 8: Experimental results (macro-F1 scores) on the
SOLID Test dataset, and on its Easy and Hard subsets,
compared to the majority class baseline.

OLID is large enough for Level A. As a result,
including semi-supervised data did not improve
the performance. Our findings are in line with the
study of Longstaff et al. (2010), who observed
that democratic co-training performs well when the
initial classifier’s accuracy was low.

The OLID training dataset is smaller for Level B,
and the task is more complex. Moreover, the Fast-
Text model here performs on par with the majority
class baseline. Augmenting OLID with SOLID
yields performance improvements for both models.
We achieve an improvement of 0.042 points for
BERT and a large margin of improvement of 0.121
points for FastText.

Finally, in Level C, the supervised OLID data
is even smaller, and the complexity of the subtask
is more pronounced, mainly due to it having three
possible labels. Interestingly, using SOLID for Fast-
Text does not yield better results. This might be due
to the model already achieving high performance
on par with BERT (see Table 3), while democratic
co-training performs well when the initial classi-
fier’s performance is low. Additionally, this may
be due to the instability of the test set for Level C,
which is very small. On the other hand, the SOLID
data helps the BERT model by a large margin of
0.054 points.

6.3 SOLID Results

In the previous section, we showed noticeable im-
provements on the OLID dataset using SOLID.
However, OLID is small (particularly for Levels B
and C). Showcasing the performance on a larger
test set, SOLID test, is important for estimating
the models’ stability. We also focus on Easy vs.
Hard examples (based on the confidence computed
during co-training) to gain better insight into why
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some tweets are easier to predict as offensive than
others. Results are shown in Table 8 and signifi-
cantly beat the majority baselines.

The overall Level A results on SOLID test are
92.3% and 86.0% macro-F1 for BERT and Fast-
Text, respectively, with a small improvement when
OLID is augmented with SOLID for FastText only.
This is consistent with what we found on the OLID
test set. Note that the full results for Level A are
much better than on the OLID dataset in Table 7.
We expect that this is partially due to our selection
of tweets for the new test set, indicating that there
are more Easy tweets in it. Similar findings to the
full test set occur with the Easy tweets, but the
scores are even higher. On the other hand, for the
Hard tweets, the results are much lower at 57% and
53.6% for BERT and FastText, respectively. Using
SOLID yields a nice improvement for both models
on the Hard tweets, which was not evident in the
OLID test set in Table 7.

To provide further insight into why the results
are so high for Easy OFF tweets in Level A, we im-
plemented a curse word baseline using the absence
or presence of 22 curse words like fuck, bitch, and
nigga. A full list of the curse words used in the
baseline can be found in Appendix A.1. We found
that most Easy tweets were classified correctly with
this baseline with 93.6% F1-score. In contrast, the
curse word baseline was not effective on the hard
examples, just like the BERT and FastText models.
It achieved a macro-F1 score of 58%, which is one
point higher than the BERT result. The BERT and
FastText models are clearly overfitting to the curse
words. The hard tweets are offensive due to other
language use such as negative biases rather than the
appearance of a curse word such as examples 6 and
8 in Table 5. Classifying these tweets successfully
remains an open challenge.

The difference between Easy OFF/NOT and
Hard OFF/NOT tweets is less pronounced for Lev-
els B and C. The curse word imbalance may have
a small impact on the lower levels as UNT tweets
are more likely to contain curse words. In all cases,
including SOLID with OLID for Levels B and C
yields a nice improvement, indicating that the larger
test set can better showcase the improvements, lead-
ing to more stability. The results for Levels B and C
vary greatly for the two models compared to those
on the OLID test set in Table 7, which points to the
challenges of having a very small test set.

7 Conclusion and Future Work

We presented SOLID, a large-scale semi-supervised
training dataset for offensive language identifica-
tion, which we created using an ensemble of four
different models. To the best of our knowledge,
SOLID is the largest dataset of its kind, contain-
ing nine million English tweets. We have shown
that using SOLID yields noticeable performance
improvements for Levels B and C of the OLID an-
notation schema, as measured on the OLID test set.
Furthermore, in contrast to using keywords, our
approach allows us to distinguish between Hard
and Easy offensive tweets. The latter enables us
to have a deeper understanding of offensive lan-
guage identification and indicates that detecting
Hard offensive tweets is still an open challenge.
Our work encourages safe and positive places on
the web that are free of offensive content, espe-
cially non-obvious cases (i.e., Hard). SOLID is the
official dataset of the SemEval shared task Offen-
sEval 2020 (Zampieri et al., 2020). In the future,
we would like to provide insights and methods for
categorizing Hard tweets.
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download public tweets and we provide only the
user ids of the tweets to ensure that deleted tweets
will no longer be available in our dataset. Further,
in all our examples in this paper, we anonymize
the user names in the tweets. Since no private in-
formation is stored, IRB approval is not required.
All annotations were performed internally by the
authors of the paper.

Biases SOLID is a large-scale semi-supervised
dataset for offensive language detection We note
that determining whether a piece of text is offensive
can be subjective, and thus it is inevitable that there
would be biases in our gold-labeled data. It is
expected that these biases will, therefore, also be
present in the semi-supervised dataset we generated
from such tweets.

While we cannot ensure that no biases occur in
the gold data, we address these concerns by fol-
lowing a well-defined schema, which sets explicit
definitions for offensive content during annotation.
Our high inter-annotator agreement makes us con-
fident that the assignment of the schema to the data
is correct most of the time.

Using semi-supervised techniques to create a
large dataset, SOLID, can cause the biases found in
the gold data to be expanded further. We mitigate
this in two ways. First, we gather tweets based
on the most frequent words in English to ensure a
random set of initial tweets. Next, we construct an
ensemble of models with diverse inductive biases
to label the target tweet, which can help to ame-
liorate the individual model biases and to produce
predictions with a lower degree of noise. At test
time, we aim to have a meaningful ratio of offen-
sive and non-offensive tweets based on a random
collection of tweets. We also label all test offensive
tweets manually. The aim of these steps was to
help reduce the potential biases. Please refer to
Section A.2 of the Appendix for some analysis that
indicates the diversity of the models.

We acknowledge that current semi-supervised
techniques do not address the problem of the bias
inherent in the semi-supervised data coming from
the supervised source model(s), which can also
be studied in future work. Further, we acknowl-
edge that biases can still exist in the ratio of
offensive/non-offensive tweets. The size of the
data and the method of collection for the SOLID
dataset mean that biases are hard to avoid.

In addition, offensive language can vary depend-
ing on demographics, such as the gender of the

targeted individual and the target can even be a par-
ticular gender group. Such biases that are present
in natural language data (Olteanu et al., 2019) is an
attractive future study.

Misuse Potential Most datasets compiled from
social media present some risk of misuse. We there-
fore ask researchers to be aware that the SOLID
dataset can be maliciously used to unfairly mod-
erate text (e.g., a tweet) that may not be offensive
based on biases that may or may not be related
to demographics and other information within the
text. Intervention with human moderation would
be required in order to ensure this does not occur.

Intended Use We present SOLID to encourage
research in automatically detecting and stopping
offensive content from being disseminated on the
web. Such systems can be used to alleviate the bur-
den for media moderators, which can suffer from
psychological disorders due to the exposure of ex-
tremely offensive content. Improving the perfor-
mance of offensive content detection systems can
decrease the amount of work for moderators, but
human supervision is required for more intricate
cases and to ensure that the system is not caus-
ing harm. With the possible ramifications of a
highly subjective dataset, we distribute SOLID for
research purposes only, without a license for com-
mercial use. Any biases found in the dataset are
unintentional, and we do not intend to cause harm
to any group or individual.

We believe that this dataset is a useful resource
when used in the appropriate manner with great
potential to improve the performance of current
offensive content detection systems.
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A Appendices

A.1 Data Collection and Analysis

Section 5.1 we described our method for collect-
ing tweets. We collect tweets using the most fre-
quent English words based on the large monolin-
gual Project Gutenberg corpus.8 Table 9 shows
the top-20 most frequent words in the corpus and
their frequency which we used to collect tweets.
The normalized value is the percentage of the total
frequency for all top 20 words. We randomly pick
a number between 0 and 1, and choose the word
based on the normalized value. For example, .45
would be “and”.
In Section 6.3, we discussed the simple curse word
baseline used to analyze the Easy OFF/NOT tweets.
Table 10 lists the 22 curse words used in the base-
line.

A.2 Implementation Details

The fine-tuning of the models was performed on a
10% split from the OLID dataset. All models were
trained on an NVIDIA Titan X GPU with 8GB of
RAM.

8https://en.wiktionary.org/wiki/Wikti
onary:Frequency_lists#Project_Gutenberg

w frequency norm. w frequency norm.

the 56,271,872 0.20 it 8,058,110 0.79
of 33,950,064 0.32 with 7,725,512 0.82
and 29,944,184 0.43 is 7,557,477 0.85
to 25,956,096 0.52 for 7,097,981 0.87
in 17,420,636 0.58 as 7,037,543 0.90
i 11,764,797 0.63 had 6,139,336 0.92
that 11,073,318 0.67 you 6,048,903 0.94
was 10,078,245 0.70 not 5,741,803 0.96
his 8,799,755 0.73 be 5,662,527 0.98
he 8,397,205 0.76 her 5,202,501 1.00

Table 9: The top-20 most frequent English words (w).
Norm. is the normalized value based on the total fre-
quency of all the top words. The random number gener-
ated between 0 and 1 determines which word is chosen.

ass arse wtf lmao fuck
bitch nigga nigger cunt effing
shit hell damn crap bastard
idiot stupid racist dumb f*ck
pussy dick

Table 10: The 22 common offensive terms used in the
curse word baseline.

The evaluation metric used for all experiments is
macro F1 from scikit-learn.9. The performance
of the models in the ensemble used for semi-
supervised labelling is provided in Table 11.

Model A B C

BERT 0.788 0.610 0.577
PMI 0.772 0.595 0.536
LSTM 0.599 0.599 0.579
FastText 0.672 0.489 0.456

Table 11: F1 score performance of each model used in
the ensemble on the validation dataset of Levels A, B,
and C.

In Table 12 we show the agreement of the models
for the task prediction. For Levels A and B, it is
more common that all four models agree, while in
Level C, there are more cases when at least one
model disagrees with the rest models. Furthermore,
in Level A, there are almost no cases when the de-
cision is tied with two models disagreeing with the
other two. Finally, as in Level C, the performance
of the models is lower, the disagreement between
the models in the ensemble is the largest and it
is least common for all four models to agree on

9https://scikit-learn.org/stable/modu
les/generated/sklearn.metrics.f1_score.h
tml
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a prediction. Given the observed agreement rates,
we conclude that there is considerable variance in
the predictions across the models, especially for
the lower levels. We assume this indicates that the
separate models have different rationales to a cer-
tain degree, which can be avoided by the ensemble
combination of the models.

N A B C

4 0.517 0.598 0.249
3 0.392 0.275 0.417
2 0.091 0.127 0.335

Table 12: Percentage of instances where N models
agree for a predicted label of an instance, N ∈ {2, 3, 4},
for Levels A, B, and C.
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Abstract

Transformer is the backbone of modern NLP
models. In this paper, we propose Real-
Former, a simple and generic technique to
create Residual Attention Layer Transformer
networks that significantly outperform the
canonical Transformer and its variants (BERT,
ETC, etc.) on a wide spectrum of tasks
including Masked Language Modeling,
GLUE, SQuAD, Neural Machine Translation,
WikiHop, HotpotQA, Natural Questions, and
OpenKP. We also observe empirically that
RealFormer stabilizes training and leads to
models with sparser attention. Source code
and pre-trained checkpoints for RealFormer
can be found at https://github.com/

google-research/google-research/

tree/master/realformer.

1 Introduction

Transformer (Vaswani et al., 2017) architectures
are the backbone of numerous state-of-the-art NLP
models such as BERT (Devlin et al., 2019),
GPT (Radford et al., 2019), and Meena (Adiwar-
dana et al., 2020), and have seen wide success
across both academia and industry. Typically, a
Transformer network consists of a stack of residual
layers. The original design follows a “Post-LN”
structure which adds Layer Norm (LN) as a “post-
processing” step for each sub-layer, as shown in
Figure 1 (a). It has been adopted by various state-of-
the-art models including BERT, XLNet (Yang et al.,
2019), RoBERTa (Liu et al., 2019), ALBERT (Lan
et al., 2019), Transformer-XL (Dai et al., 2019),
and ETC (Ainslie et al., 2020). Another notable
design is to reorganize the order of modules to
create a “direct”/clean path to propagate embed-
dings of tokens in the input sequence through the
whole network, as shown in Figure 1 (b).1 This

1Note that a final LN module is usually added at the very
top of the whole network.

design adds LN as a “pre-processing” step for
each sub-layer, and is often referred to as “Pre-LN”
and used by some well-known extra large models
such as GPT-2 (Radford et al., 2019) and Mega-
tron (Shoeybi et al., 2019). In some respect, Post-
LN and Pre-LN are analogous to ResNet v1 (He
et al., 2016a) and ResNet v2 (He et al., 2016b)
respectively in the Computer Vision literature. Al-
though ResNet v2 is usually preferable to v1 for
Computer Vision, it does not appear to be the case
for Pre-LN Transformer in the NLP literature. It
is likely that the particularities of self-attention
modules and Transformer architectures potentially
favor (at least slightly) different designs compared
to traditional convolutional neural networks.

In this paper, we propose a simple and generic
technique to show that it is beneficial to create a “di-
rect” path to propagate raw attention scores through
Transformer-based networks. Our technique is
called Residual Attention Layer Transformer, or
RealFormer in short. We also use RealFormer to
denote the resulting Transformer networks when-
ever no confusion may arise. Without losing gener-
ality, taking the standard Transformer encoder as
an example, each RealFormer layer takes the raw
attention scores of all attention heads from the pre-
vious layer and adds “residual scores” (computed
the same way as attention scores in regular Trans-
formers) on top, as shown in Figure 1 (c). The sum
of the two scores is then used to compute attention
probabilities via softmax.

In other words, RealFormer can be seen as
adding simple skip connections to a backbone
Transformer. Since it does not add expensive multi-
plication ops, performance is expected to be compa-
rable.2 Note that our technique can also be applied
straightforwardly for different Transformer varia-

2In certain settings, we find it helpful for RealFormer to
use running mean of attention scores instead of running sum,
though it adds some negligible amount of multiplications.
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Figure 1: Comparison of different styles of Transformer layers: (a) The prevalent Post-LN layer used by (e.g.)
BERT; (b) Pre-LN layer used by (e.g.) GPT-2 that creates a “direct” path to propagate token embeddings; (c) Our
RealFormer layer that creates a “direct” path to propagate attention scores (by adding a simple skip edge on top
of (a)). Note that here we are showing Transformer encoder for demonstration purposes only; RealFormer can be
applied straightforwardly for different Transformer variations (e.g., when decoders are involved).

tions and even when decoders are involved.
Specifically, our main contributions include:

• We present RealFormer, a simple, generic,
and cheap technique to improve Transformer-
based networks. It adds no parameters or
hyper-parameters, and usually takes no more
than a few lines of code changes to implement.

• We show that RealFormer can be used as
a drop-in replacement of Transformer in
BERT, outperforming both Post-LN and Pre-
LN Transformers across a wide spectrum of
model sizes for pre-training. In terms of fine-
tuning, it even achieves competitive down-
stream results when pre-trained with only half
the number of epochs of the baselines.

• We further demonstrate the genericity of Real-
Former by using it as a drop-in replacement of
two recent state-of-the-art Transformer varia-
tion models: ADMIN (Liu et al., 2020) from
the Neural Machine Translation (NMT) do-
main, and ETC (Ainslie et al., 2020) that ex-
tends Transformer to handle long and struc-
tured inputs. We show that RealFormer can
improve these models significantly on various
tasks and lead to new state-of-the-art results.

• Qualitatively, we observe that attention in Re-
alFormer tends to be sparser and more cor-
related across layers compared to baselines,

which we believe may have some regulariza-
tion effects that could stabilize training and
benefit fine-tuning.

2 Related Work

Vaswani et al. (2017) proposed Transformer ini-
tially for NMT and it has profoundly changed the
NLP field ever since.

Radford et al. (2018) demonstrated that genera-
tive pre-training of a Transformer-based language
model (GPT) on a diverse corpus of unlabeled text
can give large gains to downstream NLP tasks
that suffer from scarce labeled data. Following
this thread, Devlin et al. (2019) proposed to pre-
train a bidirectional Transformer encoder (BERT)
with a novel Masked Language Modeling as the
main optimization objective. Since then, advances
on many NLP tasks have been dominated by the
self-supervised general-purpose pre-training, task-
specific fine-tuning paradigm. Following BERT,
there has been a large stream of work that explores
better self-supervision objectives (e.g., Yang et al.
(2019); Clark et al. (2020)), larger pre-training data
and better hyper-parameters (e.g., Liu et al. (2019)),
model parameter sharing (e.g., Lan et al. (2019)),
multi-task pre-training (e.g., Sun et al. (2020); Raf-
fel et al. (2020)). These efforts typically employ a
Post-LN Transformer at their core. In this paper we
adopt BERT to test different Transformer architec-
tures because it is widely used and representative
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of this body of work.

Another notable thread of work focuses on im-
proving the efficiency/scalability of Transformer.
Typically, they try to reduce the quadratic com-
plexity of the self-attention mechanism with re-
spect to sequence length via low-rank methods
(e.g., Wang et al. (2020)), fixed strided attention
patterns (e.g., Child et al. (2019)), learnable atten-
tion patterns (e.g., Kitaev et al. (2020); Roy et al.
(2020)), memory-based global & local attention
(e.g., Ainslie et al. (2020); Beltagy et al. (2020);
Zaheer et al. (2020)), and so on. These methods
are particularly useful when dealing with long doc-
uments that go beyond the capacity of standard
Transformer models. We would refer the reader
to Tay et al. (2020) for a detailed survey. Real-
Former is orthogonal to these methods as it fo-
cuses on improving various Transformer networks
with an universal technique which can apply to
these models as well. In this paper, we will use
RealFormer to improve a state-of-the-art model,
ETC (Ainslie et al., 2020), from this line of work
to demonstrate the universality of RealFormer.

Some recent work (e.g., Wang et al. (2019b);
Xiong et al. (2020); Zhang et al. (2018); Huang
et al. (2020); Zhang et al. (2019)) has studied nor-
malization and parameter initialization schemes
for Transformers, though most evaluations focus
only on NMT to the best of our knowledge. In this
strand, Liu et al. (2020) recently proposed ADMIN,
which achieved state-of-the-art results on multiple
popular NMT benchmarks. In this paper, we will
take ADMIN as an example to (1) evaluate Re-
alFormer in settings involving decoders, and (2)
show that it is possible to apply RealFormer on top
of this line of work.

3 RealFormer

3.1 Standard Transformer

There is an encoder and a decoder in Trans-
former (Vaswani et al., 2017). Since they work
in a similar way, here we only introduce the en-
coder and refer the reader to the original paper for
complete details.

There are two sub-layers inside each layer of a
Transformer encoder. The first sub-layer contains a
Multi-Head Attention module that computes output
embeddings of a set of queries (Q) by aggregating

the embeddings (V ) of a set of keys (K):

MultiHead (Q,K, V ) =

Concat (head1, ..., headh)WO,

where headi = Attention (QWQ
i ,KW

K
i , V W

V
i ).

Q and K are matrices with dimension dk and V
is a matrix with dimension dv. WQ

i , WK
i , and

W V
i are matrices that linearly project queries, keys,

and values into the “attention space” of the i-th
head. WO is a matrix that linearly transforms the
concatenation of the outputs of all heads.

The attention function is typically imple-
mented with a Scaled Dot-Product Attention mod-
ule (Vaswani et al., 2017) which computes a
weighted sum of the values:

Attention (Q′,K ′, V ′) = Softmax (
Q′K ′T√

dk
)V ′,

where matrix Q′K′T√
dk

contains the raw attention
scores for each (query, key) pair. These scores
are normalized via the Softmax function for each
query and then act as weights for the corresponding
vectors in V ′.

The second sub-layer contains a fully-connected
Feed-Forward Network (FFN) module with one
hidden layer:

FFN (x) = σ (xW1 + b1)W2 + b2,

where σ is an activation function usually imple-
mented with ReLU or GELU (e.g., Devlin et al.
(2019)). FFN is applied to each position in the se-
quence separately and identically. Finally, there are
Layer Norm (LN) modules inserted into the above
two sub-layers to stabilize training.

As shown in Figure 1, there are two canonical de-
signs of the Transformer network which only differ
in the ways they organize the modules. Post-LN is
the original architecture proposed by Vaswani et al.
(2017) which normalizes the outputs at the end
of each sub-layer. In contrast, Pre-LN normalizes
sub-layer inputs instead and creates a direct path
(without LN in the way) to propagate embeddings
of the tokens in the sequence.

3.2 Residual Attention Layer Transformer
RealFormer uses a Post-LN style Transformer3

as backbone and adds skip edges to connect
3Potentially we could also use Pre-LN, but Post-LN tends

to outperform Pre-LN, as we will show in Section 4.
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Multi-Head Attention modules in adjacent lay-
ers, as shown in Figure 1 (c). More for-
mally, it adds Prev, the pre-softmax atten-
tion scores from the previous layer with shape
(#heads, from seq len, to seq len),4 as one ad-
ditional input to the Multi-Head Attention module
in the current layer:

ResidualMultiHead (Q,K, V, Prev) =

Concat (head1, ..., headh)WO,

where headi = ResidualAttention (QWQ
i ,

KWK
i , V W

V
i , P revi) and Previ is the slice of

Prev with shape (from seq len, to seq len) cor-
responding to headi. ResidualAttention adds
“residual scores” on top of Previ and then com-
putes the weighted sum as usual:

ResidualAttention (Q′,K ′, V ′, P rev′) =

Softmax (
Q′K ′T√

dk
+ Prev′)V ′.

(1)

Finally, new attention scores Q′K′T√
dk

+ Prev′ are
passed over to the next layer.

Implementing RealFormer takes no more than
adding a few lines of code to the backbone Trans-
former. Note that the RealFormer technique can
be straightforwardly applied for Transformer varia-
tions and even when there are more than one type
of attention modules in the network. For example,
there are encoder self-attention, encoder-decoder
attention, and decoder self-attention modules for
machine translation. In such cases, RealFormer
simply adds skip edges to create multiple direct
paths, one for each type of attention module.

Discussion. Adding skip edges is equivalent to
using a softmax over the running sum of the at-
tention scores (to get attention probabilities). This
might be sub-optimal for very deep networks due
to the linear scaling nature of sum. Empirically, we
find it helpful to use running mean instead in such
cases, which can be viewed as adding a tempera-
ture (i.e., #traversed layers) to the softmax function
in Eq. 1 of each RealFormer layer.

4 Experiments

To demonstrate that RealFormer is general-purpose,
we conduct comprehensive empirical studies on
a variety of tasks including (masked) language

4Batch dimension is omitted for ease of discussion.

modeling, machine translation, and long document
modeling, based on corresponding state-of-the-art
models: BERT, ADMIN, and ETC. To evaluate its
robustness, we only do minimal (if at all) hyper-
parameter tuning for RealFormer and initialize all
parameters the same way as the backbone Trans-
formers. More aggressive hyper-parameter tuning
or better initialization might further improve Real-
Former, though we leave them for future work. De-
tails of our experiments are included in Appendix.

4.1 BERT

BERT (Devlin et al., 2019) has been the standard
way of transferring knowledge from large unla-
beled text corpora by pre-training a bidirectional
Transformer encoder. Numerous downstream NLP
tasks suffering from scarcity of supervised data
have benefited considerably by fine-tuning a pre-
trained BERT model. This drives us to adopt BERT
as the main evaluation setup for RealFormer.

Experiment setup. Our experiments are based
on the official BERT repository5. We follow the
standard pre-training setup (dataset: Wikipedia +
BookCorpus, vocab: uncased 30K, max sequence
length: 5126, dropout: 10%, learning rate: 1e-4,
learning rate schedule: warm up and then linearly
decay to 0, weight decay: 0.01, optimizer: AdamW,
objective: Masked Language Modeling + Next
Sentence Prediction, etc.) to compare three Trans-
former models: Post-LN, Pre-LN, and RealFormer.
We experiment with Transformer architectures with
a wide spectrum of sizes as detailed in Table 1. For
simplicity, all models are pre-trained 1M steps with
a mini-batch size of 512 (except that xLarge uses
256 to avoid TPU OOM). Note that we use a larger
mini-batch size than Devlin et al. (2019), i.e., dou-
bling the amount of pre-training epochs, to show
more complete behavior of different models.

We use exactly the same setup for all three
Transformer architectures except that for the Pre-
LN Transformer we follow the initialization strat-
egy suggested by Radford et al. (2019) and Child
et al. (2019).7 Note that for simplicity RealFormer
reuses all hyper-parameter setups from Post-LN
Transformer unless otherwise specified. We use
running sum of attention scores for all RealFormer

5https://github.com/google-research/
bert

6Unlike BERT which uses a reduced sequence length for
the first 90% of steps, we always use 512 for simplicity.

7We also tried BERT-style initialization in our pilot experi-
ments but without success.
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(a) BERT-Small (b) BERT-Base (c) BERT-Large (d) BERT-xLarge

Figure 2: Development set MLM accuracy (best viewed in color). Improvement gap of RealFormer over the best
baseline tends to increase with model size. Note that these are without hyper-parameter tuning for RealFormer. (As
we will show later, RealFormer can benefit from larger learning rates and even double the gap size over Post-LN.)

Model L H A I P
BERT-Small 4 512 8 2,048 30M
BERT-Base 12 768 12 3,072 110M
BERT-Large 24 1,024 16 4,096 340M
BERT-xLarge 36 1,536 24 6,144 1B

Table 1: Model architectures for BERT evaluation. L:
#layers, H: hidden size, A: #heads, I: intermediate size,
P: approximate #parameters.

Model Post-LN Pre-LN RealFormer
BERT-Small 61.57% 61.67% 61.70%
BERT-Base 70.20% 69.74% 70.42%
BERT-Large 73.64% 73.21% 73.94%
BERT-xLarge 73.72% 73.53% 74.76%

Table 2: Development set MLM accuracy after pre-
training 1M steps. RealFormer outperforms baselines
more as model size increases.

models except xLarge (for which we use running
mean for reasons discussed in Section 3.2).

All experiments are performed on 128 or 256
TPU v3 cores depending on model sizes (see Ap-
pendix A.1 for details).

4.1.1 Pre-training Results
To evaluate pre-trained models, we report Masked
Language Modeling (MLM) accuracy8 on a ran-
domly held-out development set. As shown in Ta-
ble 2, RealFormer outperforms the two baseline
Transformers considerably with the gap increasing
with model size. Our hypothesis is that larger mod-
els are inherently harder to train (e.g., we observe
that BERT with Post-LN is unstable and sometimes
even diverges for xLarge) and RealFormer can help
regularize the model and stabilize training.

8All methods achieved similar (and great) results on Next
Sentence Prediction presumably because it is much easier.

We also report the pre-training curves in Fig-
ure 2. One interesting finding is that the Pre-LN
Transformer seems to favor the combination of
extra large models and a small number of steps,
though it is consistently outperformed by the other
two in “regular-sized” settings or given enough
pre-training budget.

4.1.2 Downstream Results
To evaluate downstream performance, we fine-tune
the above pre-trained BERT-Large models on both
sentence-level (i.e., GLUE) and token-level (i.e.,
SQuAD) NLP tasks.

GLUE. General Language Understanding Evalu-
ation (GLUE) is a canonical benchmark proposed
by Wang et al. (2019a) for evaluating models across
a diverse set of NLU tasks. Following the fine-
tuning recipe in Devlin et al. (2019), we use a mini-
batch size of 32 for all models on all tasks. For each
(task, model) pair, we select number of fine-tuning
epochs in {2, 3, 4} and learning rate in {6e-6, 8e-
6, 1e-5, 2e-5, 3e-5, 4e-5, 5e-5}.9 For each setup,
we run the experiment five times and report the
best median performance and the corresponding
standard deviation on the development set.

Results are tabulated in Table 3. We exclude
the problematic WNLI task following Devlin et al.
(2019). For each task, we report metric(s) sug-
gested by Wang et al. (2019a). RealFormer
achieves the best overall performance and outper-
forms both baselines on most tasks, testifying its
strength at tackling sentence-level tasks.

SQuAD. The Stanford Question Answering
Dataset (SQuAD v1.1) is a reading comprehension
dataset consisting of 100K crowd-sourced question-
answer pairs, where the answer to each question is

9We use a slightly wider range than Devlin et al. (2019) to
better accommodate all three models.
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Task Post-LN Pre-LN RealFormer
MNLI-m 85.96±0.11 85.03±0.12 86.28±0.14

MNLI-nm 85.98±0.14 85.05±0.19 86.34±0.30

QQP 91.29±0.10 91.29±0.16 91.34±0.03

QQP (F1) 88.34±0.15 88.33±0.26 88.28±0.08

QNLI 92.26±0.15 92.35±0.26 91.89±0.17

SST-2 92.89±0.17 93.81±0.13 94.04±0.24

CoLA (MC) 58.85±1.31 58.04±1.50 59.83±1.06

STS-B (PC) 90.08±0.27 90.06±0.33 90.11±0.56

STS-B (SC) 89.77±0.26 89.62±0.28 89.88±0.54

MRPC 87.50±0.67 86.76±5.64 87.01±0.91

MRPC (F1) 91.16±0.45 90.69±3.16 90.91±0.65

RTE 71.12±2.52 68.59±1.52 73.65±0.90

Overall 84.01 83.47 84.53

Table 3: GLUE development set results of fine-tuning
BERT-Large models in Table 2. Default metric: ac-
curacy, MC: Matthews correlation, PC: Pearson corre-
lation, SC: Spearman correlation. Overall: first aver-
age metrics within each task (if there are 1+) and then
across tasks. Numbers in smaller font are standard de-
viations. All numbers are scaled by 100.

SQuAD Public Post-LN Pre-LN RealFormer
v1.1 (F1) 90.9 91.68±0.12 91.06±0.09 91.93±0.12

v1.1 (EM) 84.1 85.15±0.13 83.98±0.24 85.58±0.15

v2.0 (F1) 81.9 82.51±0.12 80.30±0.12 82.93±0.05

v2.0 (EM) 78.7 79.57±0.12 77.35±0.16 79.95±0.08

Table 4: SQuAD development set results of fine-tuning
BERT-Large models in Table 2. EM: exact match. Pub-
lic: Post-LN results from Devlin et al. (2019). Numbers
in smaller font are standard deviations. All numbers are
scaled by 100.

a segment of text from the corresponding reading
passage (Rajpurkar et al., 2016). SQuAD v2.0, a
later version, further extends with over 50K unan-
swerable questions written adversarially by crowd-
workers to look similar to answerable ones.

We follow the fine-tuning recipe in Devlin et al.
(2019) for all three Transformer models on these
two datasets without using any additional data such
as TriviaQA (Joshi et al., 2017). For both v1.1 and
v2.0, we select mini-batch size in {32, 48}, number
of fine-tuning epochs in {2, 3, 4}, and learning
rate in {2e-5, 3e-5, 4e-5, 5e-5}. For each setup,
we run the experiment five times and report the
best median performance and the corresponding
standard deviation on the development set. As we
can see from Table 4, RealFormer outperforms the
two baselines considerably, attesting its strength at
tackling token-level tasks.

Task Post-LN
(500K)

Post-LN
(1M)

RealFormer
(500K)

GLUE 83.84 84.01 84.34
v1.1 (F1) 91.46±0.18 91.68±0.12 91.56±0.09

v1.1 (EM) 84.87±0.24 85.15±0.13 85.06±0.12

v2.0 (F1) 81.44±0.50 82.51±0.12 82.52±0.55

v2.0 (EM) 78.64±0.48 79.57±0.12 79.54±0.54

Overall 83.97 84.37 84.51

Table 5: Downstream development set results of fine-
tuning BERT-Large with Post-LN and RealFormer pre-
trained with different number of steps. v*: SQuAD ver-
sion, EM: exact match. Overall: First average across
SQuAD and then GLUE. Numbers in smaller font are
standard deviations. All numbers are scaled by 100.

4.1.3 Research Questions

How well does RealFormer perform with half
the pre-training budget? Although RealFormer
has outperformed both Post-LN and Pre-LN con-
siderably when pre-training 1M steps, we are also
interested in investigating its potential when the
pre-training budget is more limited. For this pur-
pose, we experiment with BERT-Large models. In
particular, we take the 500K step checkpoint of the
pre-trained RealFormer in Table 2 and fine-tune
it on GLUE and SQuAD datasets using exactly
the same procedure as described above. Compari-
son results against the strongest baseline, Post-LN
Transformer pre-trained 500K (checkpoint) and 1M
steps respectively, are collected in Table 5. We can
see that RealFormer with merely half the amount
of pre-training epochs can beat Post-LN (1M) on
GLUE with a significant margin, and almost match
its performance on SQuAD.

Does a larger learning rate help? As suggested
by some recent work (e.g., Xiong et al. (2020)),
Pre-LN Transformer may benefit from using larger
learning rates. To this end, we follow the pre-
training procedure detailed earlier and switch to a
larger learning rate, 2e-4, to pre-train BERT-Large
with the three Transformer models. Development
set MLM accuracy with training steps can be found
in Figure 3. We find that both Pre-LN and Re-
alFormer can reap some benefits of using larger
learning rates with RealFormer seeming to bene-
fit slightly more in this case (73.94%→ 74.31%)
compared to Pre-LN (73.21% → 73.46%). Post-
LN diverges with the learning rate of 2e-4. Note
that it also means that RealFormer can outperform
Post-LN, the strongest baseline, actually with a
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Figure 3: Development set MLM accuracy of BERT-
Large with different learning rates (best viewed in
color). RealFormer seems to benefit slightly more from
using a larger, non-default learning rate compared to
Pre-LN, while Post-LN diverges with 2e-4.

prominent gap, 0.67% (i.e., 74.31% - 73.64%), for
pre-training, though with only minimal learning
rate tuning.

Is attention sparser in RealFormer? We con-
duct one empirical study to observe the qualitative
differences between RealFormer and Post-/Pre-LN
Transformers. We randomly sample 8,192 exam-
ples from the held-out development set and visual-
ize the distribution of attention probabilities of each
token in these examples across heads in all layers.
In particular, for each (token, layer, head) triplet,
we compute the entropy of the attention probabil-
ities as the “sparsity measure” of attention. Intu-
itively, as entropy gets lower, the attention weight
distribution becomes more skewed and therefore
attention is sparser.

In a similar fashion to Ramsauer et al. (2020), we
use violin plots to show the entropy distributions of
the pre-trained BERT-Base model with RealFormer
from Table 2 (see Figure 4). Plots for the two
baseline Transformers in Table 2 are included in
Appendix A.4. Each row is a layer in BERT-Base
and each column is an attention head.

We find that attention tends to get sparser for
later (upper) layers for all three Transformers.
However, RealFormer differs from the two base-
lines in the following ways:

• RealFormer has significantly sparser attention
for top layers (layer 9-11);

• RealFormer tends to have lower variance
across all layers, which means that attention
density is less input-dependent.

We hypothesize that the above two properties might
be a sign of stableness and benefit fine-tuning.

Dropout Post-LN Pre-LN RealFormer
0%10 71.16% 69.80% 71.30%
10% 73.64% 73.21% 73.94%
20% 73.21% 72.97% 73.66%

Table 6: Development set MLM accuracy of BERT-
Large with different dropout rates.

Do attention heads in layer L resemble those in
layer L − 1? Since RealFormer uses a residual
attention scheme, it is interesting to show to what
extent an attention head is “relying on” the cor-
responding head in the previous layer. To this
end, we take each of the three pre-trained BERT-
Base models in Table 2 and compute the Jensen-
Shannon Divergence (JSD) between attention prob-
abilities in each pair of vertically adjacent heads,
i.e., JSD (headLi , headL−1i ), for 1 ≤ L < 12 and
0 ≤ i < 12.

Appendix A.5 demonstrates detailed JSD distri-
butions of Post-LN and RealFormer respectively
based on 8,192 held-out examples. We observe
that RealFormer tends to have significantly lower
JSD values (i.e., indicating more “similar” attention
across layers), especially for heads in middle layers.
This might mean that RealFormer has some regular-
ization advantages and provides one hypothesis for
why it tends to outperform Post-LN more for larger
models. Note that headLi can still be useful even if
it has exactly the same attention probabilities with
headL−1i because of the existence of the FFN sub-
layer and the potential differences in value matrices
(i.e., V ′ in Eq. 1).

Is residual attention really necessary? One
may wonder whether increasing dropout rate can al-
ready regularize large models well so that residual
attention is redundant. To this end, we experiment
with different dropout rates for pre-training BERT-
Large with different Transformers (following the
procedures in Section 4.1.1). Results are collected
in Table 6, from which we can see that (1) Real-
Former outperforms the two baselines across all
dropout settings, and (2) simply increasing dropout
rate can not regularize Transformer models as well
as what residual attention appears to be doing.

4.2 ADMIN

To evaluate the genericity of RealFormer, here we
try it on top of ADMIN (Liu et al., 2020), a state-of-

10When dropout rate is 0%, we use early stopping for all
models due to overfitting.
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Figure 4: Distribution of entropies of the attention probabilities of the tokens of 8,192 held-out examples using the
pre-trained BERT-Base with RealFormer (see Section 4.1.1). For better legibility, (1) attention heads in each layer
are ordered by their medians of entropies, and (2) distributions are color-coded based on the median of entropies:
RED (median > 4.5), YELLOW (1.5 ≤ median ≤ 4.5), BLUE (median < 1.5), i.e., colder colors mean sparser
attention. There is a clear trend that higher layers tend to have sparser attention.

the-art NMT model without using either additional
data or data augmentation. ADMIN adopts Post-
LN as the backbone, which we simply replace with
RealFormer. In particular, we add three types of
skip edges for encoder-encoder, encoder-decoder,
and decoder-decoder attention respectively to the
Post-LN Transformer. Empirically, RealFormer
with running mean of attention scores tends to out-
perform running sum for our experiments, therefore
here we use the former exclusively for brevity.

We use two popular NMT benchmarks,
WMT’14 En-De and WMT’14 En-Fr, and follow
Liu et al. (2020) for all training setups on both
benchmarks except that in all cases (1) we select
the peak learning rate from {5e-4, 1e-3, 1.2e-3}
and use a linear learning rate decay schedule (in-
stead of inverse sqrt);11 (2) we train RealFormer
only 50 epochs (in contrast, ADMIN trains 100
epochs on En-De and 50 epochs on En-Fr); and (3)
we average across the last 25 checkpoints (while
ADMIN uses the last 10). More checkpoints are
helpful for us (especially for large models) presum-

11With inverse sqrt decay, we find that RealFormer tends
to favor larger peak learning rates than what Liu et al. (2020)
uses, and we have also seen improvements in most cases.

ably because the last few are not “diverse” enough
as learning rate decays to 0.

Our experiments are performed on NVIDIA
A100 GPUs, based on the official ADMIN reposi-
tory12. We follow Liu et al. (2020) to configure the
amount of GPUs to use for different setups.

BLEU scores on test sets are collected in Table 7.
For fair comparisons, we also run ADMIN using
our above setups and report results in the same
table. Following Liu et al. (2020), all networks
(including both encoders and decoders) share the
same width setup (hidden size 512, intermediate
size 2048, 8 heads) and only vary in depth. Real-
Former outperforms all baselines across all depths
considerably with a new state-of-the-art BLEU
score (43.97) on En-Fr for models not using addi-
tional data or data augmentation to the best of our
knowledge. One interesting observation here is that
RealFormer does not always lead to larger improve-
ment gaps for larger models, which might be due
to the checkpoint averaging mechanism (which po-
tentially regularizes large models reasonably well).

12https://github.com/LiyuanLucasLiu/
Transformer-Clinic
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Model En-De En-Fr
6L-6L 12L-12L 18L-18L 6L-6L 60L-12L

Post-LN 27.80 failed failed 41.29 failed
Pre-LN 27.27 28.26 28.38 40.74 43.10
ADMIN 27.90 28.58 29.03 41.47 43.80
ADMIN† 28.06 28.85 29.11 41.65 43.72
Ours 28.17 29.06 29.35 41.92 43.97

Table 7: Test set BLEU scores on two WMT’14 bench-
marks using different sizes of models. xL-yL: #En-
coder layers-#Decoder layers. First three rows are
from Liu et al. (2020). Ours is switching the backbone
of ADMIN from Post-LN to RealFormer. †Our run of
ADMIN using the same setups as RealFormer.

4.3 ETC

Extended Transformer Construction (ETC) is
a recent sparse attention mechanism proposed
by Ainslie et al. (2020) and Zaheer et al. (2020)
to handle long context. It has achieved state-of-
the-art results on four natural language bench-
marks requiring long and/or structured inputs. Here
we evaluate RealFormer on top of ETC models
on these benchmarks including WikiHop (Welbl
et al., 2018), HotpotQA (Yang et al., 2018), Nat-
ural Questions (Kwiatkowski et al., 2019), and
OpenKP (Xiong et al., 2019). They vary signif-
icantly in terms of dataset size, context length, and
structure in text inputs. Please refer to Ainslie et al.
(2020) for more details.

Our experiments are based on the official ETC
repository13. We take the ETC-Large model (24
layers, 1024 hidden size, 16 heads), add residual at-
tention edges (i.e., using running sum), and follow
all the pre-training and fine-tuning recipes as well
as hardware setups detailed in Ainslie et al. (2020).
For each fine-tuning setup, we run the experiment
five times and report the best median performance
and the corresponding standard deviation on the de-
velopment set in Table 8. RealFormer can improve
ETC consistently across all four benchmarks.

As of June 2021, we are ranked the first on
the WikiHop leaderboard14 with a test accuracy
of 84.4% (2.1% absolute improvement over the
previous best result).

13https://github.com/google-research/
google-research/tree/master/etcmodel

14http://qangaroo.cs.ucl.ac.uk/
leaderboard.html

Task Metric ETC Ours
WikiHop Accuracy 78.92±0.14 79.21±0.38

HotpotQA
Ans. F1 80.38±0.13 80.86±0.16

Sup. F1 89.07±0.06 89.21±0.12

Joint F1 73.12±0.19 73.57±0.19

Natural
Questions

Long Ans. F1 77.70±0.15 77.93±0.31

Short Ans. F1 58.54±0.41 59.10±0.81

Average F1 68.07±0.17 68.51±0.56

OpenKP F1@3 44.06±0.08 44.27±0.08

Table 8: Development set results of ETC-Large. Ours
is adding residual attention edges to ETC. Numbers in
smaller font are standard deviations. All numbers are
scaled by 100.

5 Conclusions

We propose RealFormer, a simple, generic, and
cheap technique based on the novel idea of residual
attention to improve Transformer-based networks.
Quantitatively, we show that RealFormer can im-
prove a diverse set of state-of-the-art Transformer-
based models considerably for tasks like Masked
Language Modeling, Neural Machine Translation,
and long document modeling. Qualitatively, we
show that RealFormer tends to have comparatively
sparser attention, both within heads and across
heads in adjacent layers.
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Model Post-LN Pre-LN RealFormer
BERT-Small 5.4 hrs 5.3 hrs 5.9 hrs
BERT-Base 20 hrs 20 hrs 23 hrs
BERT-Large 58 hrs 58 hrs 66 hrs
BERT-xLarge 136 hrs 137 hrs 137 hrs

Table 9: Pre-training time of different BERT models
in Table 2. We use 128 TPU v3 cores and mini-batch
size 512 for BERT-Small/Base/Large, and 256 TPU v3
cores and mini-batch size 256 for BERT-xLarge.

A Appendices

A.1 Training Details: BERT
All our experiments are conducted on TPUs based
on https://github.com/google-research/

bert, the official BERT repository in Tensor-
Flow (Abadi et al., 2016).

Pre-training. We use 128 TPU v3 cores (i.e., 64
chips) for BERT-Small/Base/Large and 256 TPU
v3 cores (i.e., 128 chips) for BERT-xLarge. Ta-
ble 9 demonstrates the time used to pre-train each
model 1M steps. We can see that there is 10%-15%
performance drop when adding residual attention
edges for all sizes except xLarge. Our suspicion
is that additions are not as optimized as other ops
like matrix multiplications on TPU v3 cores. There
is a much smaller performance drop for xLarge
though, which might indicate that addition scales
nicely compared to other ops on TPU v3 cores. As
we will show later in Appendix A.2, performance
drop on GPUs is almost negligible across different
Transformer sizes, suggesting that it is hardware-
dependent.

Fine-tuning. We use 8 TPU v2 cores (i.e., 4
chips) to fine-tune each model. Best hyper-
parameter configurations for BERT-Large with Re-
alFormer on GLUE and SQuAD are collected in
Table 10. We include RealFormer pre-trained both
1M and 500K steps, corresponding to the results in
Table 3, 4, and 5.

A.2 Training Details: ADMIN
All our NMT experiments are conducted on
NVIDIA A100 GPUs based on https://github.

com/LiyuanLucasLiu/Transformer-Clinic, the
official ADMIN repository implemented via
fairseq (Ott et al., 2019). We use the same scripts
to collect and process data and evaluate all models.

Following Liu et al. (2020), we use different
number of GPUs for different setups, as detailed in

Task 500K-step 1M-step
BS LR EP BS LR EP

MNLI 32 2e-5 2 32 1e-5 4
QQP 32 3e-5 4 32 2e-5 4
QNLI 32 3e-5 4 32 2e-5 2
SST-2 32 3e-5 2 32 1e-5 4
CoLA 32 2e-5 4 32 1e-5 3
STS-B 32 2e-5 3 32 2e-5 4
MRPC 32 2e-5 4 32 1e-5 4
RTE 32 1e-5 4 32 1e-5 4
SQuAD v1.1 48 3e-5 2 48 3e-5 2
SQuAD v2.0 32 5e-5 2 48 5e-5 2

Table 10: Hyper-parameter configurations on GLUE
and SQuAD for best-performing BERT-Large with Re-
alFormer (pre-trained 500K steps and 1M steps respec-
tively). BS: mini-batch size, LR: learning rate, EP:
#fine-tuning epochs.

Model En-De En-Fr
6L-6L 12L-12L 18L-18L 6L-6L 60L-12L

ADMIN 9.3 hrs 16 hrs 23 hrs 28 hrs 70 hrs
Ours 9.4 hrs 16 hrs 23 hrs 28 hrs 72 hrs
#GPUs 4 4 4 8 16

Table 11: Number of GPUs and training time used
for each model. Ours is switching the backbone of
ADMIN from Post-LN to RealFormer (using running
mean of attention scores).

Table 11. For our runs of ADMIN and RealFormer
(i.e., the last two rows in Table 7), learning rate
is set to 5e-4 on WMT’14 En-De and 1.2e-3 on
WMT’14 En-Fr across different model sizes. We
train all models 50 epochs across the two bench-
marks and average across the last 25 checkpoints
(corresponding to the last 25 epochs).

Training time comparison of ADMIN and our
model using the same setups is shown in Table 11.
Adding residual attention edges and using running
mean of attention scores do not incur significant
performance drop on GPUs across different model
sizes.

A.3 Training Details: ETC

All our experiments are conducted on TPU v3 cores
based on the official ETC repository in Tensor-
Flow: https://github.com/google-research/

google-research/tree/master/etcmodel.

Pre-training. As is the case with ETC-Large
(Ainslie et al., 2020), we find that pre-training
ETC-Large with RealFormer can also benefit sig-
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Task Instance Statistics Hyper-parameter
#Training Median Length 95%tile Length Max Length BS LR EP

WikiHop 43,738 1,541 3,994 20,337 32 4e-5 15
HotpotQA 90,447 1,227 1,810 3,560 32 4e-5 5
Natural Questions 307,373 4,004 17,137 156,551 64 3e-5 2
OpenKP 133,724 761 4,546 89,183 64 3e-5 2

Table 12: Statistics of benchmarks and the hyper-parameter configurations for best-performing ETC-Large with
RealFormer. BS: mini-batch size, LR: learning rate, EP: #fine-tuning epochs.

nificantly from lifting weights from RoBERTa (Liu
et al., 2019). Note however that we lift from the
same RoBERTa checkpoint as our ETC-Large base-
line, which could be disadvantageous to our model
since RoBERTa is pre-trained without residual at-
tention.

Fine-tuning. Statistics of the four benchmarks
and the corresponding best hyper-parameter con-
figurations for ETC-Large with RealFormer are
collected in Table 12. On Natural Questions and
OpenKP, we simply reuse the best configurations
for our ETC-Large baselines as reported in Ainslie
et al. (2020). On WikiHop and HotpotQA, we
follow the hyper-parameters search space speci-
fied in Ainslie et al. (2020) for ETC-Large.15 In
addition, on WikiHop we found it to be slightly bet-
ter (development set accuracy 79.21 vs 78.96) to
turn off RealFormer during fine-tuning (i.e., adding
no residual attention but still loading from our
pre-trained RealFormer checkpoint); therefore we
adopted this setup for WikiHop in Table 8 and our
leaderboard submission.

A.4 Entropy Distribution of Pre-trained
Baseline Transformer Models

Violin plots demonstrating the entropy distributions
of the pre-trained BERT-Base models with Post-
LN and Pre-LN Transformers from Table 2 are
included in Figure 5.

A.5 Jensen-Shannon Divergence of Different
Pre-trained Transformers

We use violin plots to show the Jensen-Shannon
Divergence distributions of the pre-trained BERT-
Base models with Post-LN and RealFormer from
Table 2 respectively (see Figure 6). Each row is a
pair of adjacent layers in BERT-Base and each col-
umn is an attention head. Instead of computing one

15On WikiHop, number of fine-tuning epochs is selected
from {5, 10, 15} instead of {5, 10} for both ETC-Large and
our model. We added 15 here following the official ETC
repository.

scalar value for each head pair, we show the full
distribution based on the tokens in 8,192 held-out
examples, i.e., each data point is the JSD between
the attention probabilities of a token at these two
heads. For better legibility, we color code these
plots to help distinguish head pairs with relatively
“similar” attention (BLUE: median < 0.25) and rel-
atively “distinct” attention (RED: median > 0.75)
from the rest (YELLOW: 0.25 ≤ median ≤ 0.75).

Note that JSD results from Post-LN are used
only as a reference; we expect them to be “ran-
dom” because there is no correspondence between
heads in adjacent layers for Post-/Pre-LN. Proof:
An equivalent Post-/Pre-LN can be constructed by
permuting the order of attention heads in a layer
(and the corresponding variables).
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(a) Post-LN

(b) Pre-LN

Figure 5: Distribution of entropies of the attention probabilities of the tokens of 8,192 held-out examples using
the pre-trained BERT-Base with Post-LN and Pre-LN Transformer respectively (see Section 4.1.1). For better
legibility, (1) attention heads in each layer are ordered by their medians of entropies, and (2) distributions are
color-coded based on the median of entropies: RED (median > 4.5), YELLOW (1.5 ≤ median ≤ 4.5), BLUE
(median < 1.5), i.e., colder colors mean sparser attention. Note that here top layers (layer 9-11) tend to have larger
entropies compared to RealFormer, which means that attention is relatively denser.
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(a) RealFormer

(b) Post-LN

Figure 6: Distribution of Jensen-Shannon Divergence (JSD) of attention probabilities in (vertically) adjacent atten-
tion heads, i.e., JSD(headLi , headL−1i ). Based on 8,192 held-out examples using the pre-trained BERT-Base with
RealFormer and Post-LN Transformer respectively (see Section 4.1.1). Distributions are color-coded based on
the median of JSDs: RED (median > 0.75), YELLOW (0.25 ≤ median ≤ 0.75), BLUE (median < 0.25). I.e.,
colder color means more “similar” attention heads across adjacent layers.

943



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 944–956
August 1–6, 2021. ©2021 Association for Computational Linguistics

Promoting Graph Awareness in Linearized Graph-to-Text Generation

Alexander Hoyle♣∗ Ana Marasović†3 Noah A. Smith†3
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Abstract

Generating text from structured inputs, such as
meaning representations or RDF triples, has
often involved the use of specialized graph-
encoding neural networks. However, recent
applications of pretrained transformers to lin-
earizations of graph inputs have yielded state-
of-the-art generation results on graph-to-text
tasks. Here, we explore the ability of these
linearized models to encode local graph struc-
tures, in particular their invariance to the graph
linearization strategy and their ability to re-
construct corrupted inputs. Our findings mo-
tivate solutions to enrich the quality of mod-
els’ implicit graph encodings via scaffolding.
Namely, we use graph-denoising objectives
implemented in a multi-task text-to-text frame-
work. We find that these denoising scaffolds
lead to substantial improvements in down-
stream generation in low-resource settings.

1 Introduction

Parameter-rich pretrained transformer language
models succeed at generating text that is prima
facie fluent, but that closer inspection will often
reveal to be semantically transgressive (Bisk et al.,
2020). Indeed, there is limited practical use for
unconditional text generation: we expect language
to relate to some identifiable, extrinsic meaning.
When a system communicates information to an
individual in natural language, it will typically rely
on a structured representation of that information.
Consequently, generating text that faithfully
conveys structured data is an important goal in
NLP, where inputs can take the form of tables
(ToTTo, Parikh et al., 2020), RDF triples (e.g.,
WebNLG, Gardent et al., 2017), or Abstract
Meaning Representations (AMR, Flanigan et al.,
2016). NLP datasets in this domain consists of
pairs of structured data (e.g., <henri_matisse,

∗Work undertaken during an internship at AI2.

want

:arg0 :arg1

:arg0boy go

(1) Linearize graph

(2) Finetune with one linearization

The boy wants to goPretrained
Language Model

(want
   :arg0 boy
   :arg1 (go
           :arg0 boy))

(go
   :arg0 (boy
            :arg0-of want)
   :arg1-of want)

(want
  :arg0

To go the boy wantsFinetuned
Language Model

(go
  :arg0

(3) Evaluate with an alternative linearization

Figure 1: Diagram of our adversarial evaluation proce-
dure for graph-to-text generation using pretrained lan-
guage models (§3.2). (1) A graph can admit multiple
possible linearizations. (2) Following standard practice,
we train with a single linearization. (3) At evaluation
time, we present the model with a meaning-preserving
alternative.

hasOccupation, artist>) and a represen-
tation of that data in text (“Matisse is an artist.”).

Importantly, these types of inputs can be encoded
as graphs. Accordingly, advances in neural archi-
tectures designed to explicitly encode graphs, such
as graph neural networks (GNNs, Kipf and Welling,
2017) and graph transformers, have been used in
these graph-to-text settings (Zhu et al., 2019; Zhao
et al., 2020; Wang et al., 2020, to name a few).
But graphs can also be represented as text (see
top portion of Fig. 1). Hence, as an alternative
to constraining a model architecture with a graph
structure, it is also possible to simply linearize a
graph into a string and train a sequence-to-sequence
model from scratch (Pourdamghani et al., 2016;
Konstas et al., 2017; Vinyals et al., 2015). Graph-
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(a / and
:op1 (d / dream-01

:ARG1 (f / film
:ARG0-of (d2 / disturb-01))

:ARG2-of (r / resemble-01
:ARG1 a2))

:op2 (a2 / and
:op1 (f2 / fascinate-01

:ARG0 f)
:op2 d2))

(a) Canonical

(a / and
:op1 (d / dream-01

:ARG2-of (r / resemble-01)
:ARG1 (f / film

:ARG0-of (f2 / fascinate-01)
:ARG0-of d2))

:op2 (a2 / and
:op2 (d2 / disturb-01)
:op1 f2
:ARG1-of r))

(b) Reconfigured

(r / resemble-01
:ARG2 (d / dream-01

:op1-of (a / and
:op2 a2)

:ARG1 (f / film))
:ARG1 (a2 / and

:op1 (f2 / fascinate-01
:ARG0 f)

:op2 (d2 / disturb-01
:ARG0 f)))

(c) Randomized

Figure 2: Three PENMAN-based linearizations of AMR graphs corresponding to the sentence, “The film is a dream
and, like a dream, is both fascinating and disturbing.” Note that the bolded relation in the graph, (resemble-01
:ARG1 and), is represented differently depending on the linearization.

based encoders were introduced because they out-
performed these sequence-to-sequence models. Re-
cently, however, there has been a stark reversal:
graph-encoder generation performance has been far
surpassed by pretrained transformer language mod-
els (LMs) finetuned on pairs of linearized graphs
and their corresponding surface realizations (Mager
et al., 2020; Kale and Rastogi, 2020; Harkous et al.,
2020; Ribeiro et al., 2020, henceforth termed pre-
trained linearized models). Moreover, both au-
tomated and human assessments indicate that text
generated with LMs retains meaning at least as well
as graph-encoding baselines (Mager et al., 2020).

This is not the sole product of pretrained models’
general language knowledge: Mager et al. (2020),
using a GPT-2-based (Radford et al., 2019) model,
report that ablating structural graph information
(e.g., edges) in the linearized representation
notably degrades generation performance, par-
ticularly in AMR-to-text tasks. The remarkable
performance of pretrained linearized models is
intriguing: explicit representation of the input
graph by way of the model architecture appears
to be well-substituted by simply writing the graph
as a linear sequence.

In this work, we further investigate the extent to
which pretrained models can leverage linearized
graph inputs. Focusing on AMR graphs and sets
of RDF triples in English-language datasets, we
structure our investigation by first testing whether
models’ encodings are invariant to the linearization
strategy—the way in which a graph is traversed and
encoded when producing the linearized representa-
tion (see Figure 1). We discover that generation suf-
fers under random permutations of the linearization,
and embrace a simple-but-effective training strat-
egy to mitigate this problem: adversarial training
(Goodfellow et al., 2015). Motivated by this find-
ing, we encourage more faithful encodings of graph

structure via denoising objectives in the more com-
plex AMR setting. This multi-task scaffolding
(Swayamdipta et al., 2018) reveals that straightfor-
ward masking of the graph input is sufficient to im-
prove generation quality in low resource settings.1

Moreover, when treating this denoising perfor-
mance as a proxy for the quality of models’ implicit
graph encoding, we find that it correlates with the
semantic fidelity of the resulting generation better
than reasonable alternatives, suggesting possibili-
ties for future evaluation metrics.

We organize our investigation around two re-
search questions:
RQ1 To what extent are pretrained linearized

models invariant to graph linearization
strategy? (§3)

RQ2 Does encouraging pretrained linearized
models’ implicit graph representation lead to
better generation? (§4)

2 Background: Graph-to-Text
Generation

In a graph-to-text setting, we transduce graph in-
puts g to their corresponding surface realization
y = 〈y1, . . . , yN 〉 via a parameterized probabil-
sitic model pθ(·). In linearized models specifi-
cally, the graph g is first mapped to text by way
of a (usually deterministic) linearization function
x = l(g), where pθ(·) is an off-the-shelf sequence-
to-sequence model. This leads to the likelihood
objective: pθ(y | g) =

∏N
i=1 pθ(yi | x, y1:i−1).

When pθ(·) is an autoregressive pretrained trans-
former, generation quality far exceeds architectures
with encoders specifically engineered to encode
graphs (Mager et al., 2020; Kale and Rastogi, 2020;
Harkous et al., 2020; Ribeiro et al., 2020).

1Implementation available at github.com/ahoho/
transformers/tree/graph-promotion
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N Dev. ppl. Avg. edges

LDC2017T10 36k 21.1 11.4
WebNLG 18k 9.2 3.0

Table 1: Dataset statistics. Perplexity estimated on the
development set with GPT-2 (Radford et al., 2019) fine-
tuned on the training data using default hyperparam-
eters in the transformers library (gpt-2 model,
Wolf et al., 2020).

Graph-to-Text Generation Datasets We ex-
plore two datasets for generation from a graph
structure to English text.

Abstract Meaning Representation (AMR, Ba-
narescu et al., 2013) is a formalism intended to
represent the propositional meaning of utterances—
“who is doing what to whom”—using graphs that
have minimal dependence on the surface form.
AMR graphs are directed and acyclic with a single
“top” node (Goodman, 2020). They can be repre-
sented as either a graph, a tree, or sets of triples
(van Noord and Bos, 2017). For our data, we use
the AMR 2.0 release (LDC2017T10),2 both be-
cause it spans a varied set of domains and styles,
and because of its extensive use in prior work.

A simpler graph-to-text problem involves con-
verting a set of RDF triples to natural text realiza-
tions of the information contained in the set, ex-
emplified by the WebNLG dataset (Gardent et al.,
2017). WebNLG pulls information from an exist-
ing knowledge base (DBPedia, Mendes et al., 2012)
for a specific subset of 15 categories (e.g., “astro-
naut”). To generate the paired sentences, crowd-
workers verbalize individual triples. Then, for ex-
amples consisting of multiple triples, they merge
already-annotated sentences and apply minimal
changes (leading to reduced sentence complexity
relative to AMR; see perplexity scores in Table 1).
There can be multiple surface realizations per input.

Models To study pretrained linearized models’
invariance to graph linearization, we use T5 (Raf-
fel et al., 2020), an encoder-decoder transformer
(Vaswani et al., 2017) that has led to state-of-the-art
generation on AMR (specifically, LDC2017T10)
and WebNLG (Kale and Rastogi, 2020; Ribeiro
et al., 2020).

We modify the T5 implementation from the
transformers library (Wolf et al., 2020).3 We

2catalog.ldc.upenn.edu/LDC2017T10
3We use T5-Base for WebNLG and T5-Large for AMR,

use the Adafactor optimizer (Shazeer and Stern,
2018) with a learning rate of 0.0001, selected from
the set {0.001, 0.0001, 3 × 10−5, 1 × 10−5, 1 ×
10−6} after tuning on 1000 training examples
across five random seeds.4 We train until devel-
opment set BLEU has not improved for 10 epochs.
See Appendix A.1 for further details.

Evaluation Measures As a primary metric, we
evaluate generated text using BLEU (Papineni
et al., 2002), calculated with SacreBLEU (Post,
2018). Despite its limitations in generation settings,
BLEU still generally accords with rankings of mod-
els, either by human evaluations or by alternate met-
rics (Manning et al., 2020). We also evaluate our
scaffolding models (§4) using BertScore (Zhang
et al., 2020), which measures token similarity with
contextual embeddings, permitting a more nuanced
measure of semantic similarity. Lastly, we use the
M portion of the MF-score (Opitz and Frank,
2020), which measures how well the source AMR
graph can be reconstructed from the generated tar-
get sentence using an off-the-shelf parser. Unlike
BLEU, which applies corpus-wide, this metric pro-
vides a best-guess at sentence-level accuracy.

3 RQ1: Robustness to Permutation of
Graph Linearization

In this section, we explore the extent to which pre-
trained linearized models are invariant to the par-
ticular method used to linearize the input graph.
Motivated by the strong graph-to-text performance
of these models, we ask: do they implicitly de-
velop a robust internal encoding of the input graph?
Whereas a GNN-based model has an architecture
designed for graph representation (e.g., information
flows between adjacent nodes in a message-passing
update), a linearized model must infer how connec-
tions are specified in a sequence during training.

If linearized models do form a representation,
then their estimates of the target sentence should
be invariant to an alternative linearization of the
same graph, so long as the original linearization
is in principle recoverable from this alterna-
tive. If a model meets this criterion, we call it
linearization-invariant.

finding that the larger model did not benefit the WebNLG task.
4Less extensive experiments with the full dataset indicated

the same optimal setting, although in general it is relatively
robust to learning rate.
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3.1 Experimental Setup

To better understand models’ graph-encoding be-
havior, we experiment with adversarial lineariza-
tion strategies in two graph-to-text settings.5

Permutations of AMR-Graph Linearizations
Standard AMR corpora are linearized as span-
ning trees over the graphs in PENMAN notation
(Matthiessen and Bateman 1991, see Fig. 2a). In
the present work, we also linearize graphs using
PENMAN, doing so for several reasons: (1) it is
sufficiently flexible to accommodate significant
changes to the linearization, discussed below; (2)
it is more concise than sets of directed triples, both
reducing training time and ensuring that inputs fit
in the transformer context window; (3) the format
leads to superior generation over reasonable alterna-
tives, e.g., DFS traversal paths (Mager et al., 2020).

We will refer to the human-created linearizations
in AMR corpora as CANONICAL, since annotators
follow a standardized process. There is evidence
that this format, in particular the relative ordering
of edge types, leaks information about the asso-
ciated sentence order (Konstas et al., 2017). We
speculate that overparametrized models may overfit
to such correlations rather than develop robust im-
plicit graph encodings, since it has been repeatedly
reported that large models use dataset shortcuts (Jia
and Liang, 2017; Gururangan et al., 2018; Geva
et al., 2019, among others).

As an alternative linearization, Goodman (2020)
defines the RECONFIGURE operation as creating a
tree from an AMR graph, where order information
from the canonical linearization is ignored, except
for the top node (e.g., and in Figs. 2a and 2b).
Although it is not a labeled element in the graph,
the top node conveys structural information about
the sentence—for instance, it is often the main
verb. Reconfiguration can include reversals of edge
labels (e.g., ARG0 to ARG0-of), therefore consti-
tuting a substantive change to the linearization.

We also experiment with a more drastic restruc-
turing of the graph, where we construct a tree from
a RANDOMIZED triple set alone, disregarding all or-
der information from the canonical format (Fig. 2c).
Since it remains a valid traversal of the graph, in
principle a model should be able to use this infor-

5Although “adversarial” can imply inputs specifically de-
signed to break a model, here we use it to mean that inputs are
merely likely to cause issues by diverging from the training
order. In addition, we intend to draw parallels to adversarial
training (Goodfellow et al., 2015).

mation to construct the surface sentence.
We parse, reconfigure, and randomize graphs

using the Penman library (Goodman, 2020),6 then
replace variable names with their references and
remove word sense information, following Ribeiro
et al. (2019).

Permutations of RDF-Triple Linearizations
We follow the procedure of Ribeiro et al. (2020)
to form our standard linearization: we prepend a
special token to each element of the triple, and
separate triples with another dedicated token. For
the output sentence “Ned is the father of Rod and
Todd,” we would have:

In: (Ned fatherOf Rod), (Ned fatherOf Todd)
Out: <rel> <S> Ned <V> father of <O> Rod

<rel> <S> Ned <V> father of <O> Todd

For our adversarial permutation, we RANDOMIZE

the ordering of the triples.

Encouraging Robustness to Linearization We
train additional models with the goal of encourag-
ing an agnosticism to graph linearization strategy.
We adopt an adversarial training approach (Good-
fellow et al., 2015), and alter the graph linearization
presented to the model at each epoch. We argue
that this scheme ought to reduce any model depen-
dence on the human-derived annotation.

3.2 Robustness Results
For both tasks, we train the model on the canonical
linearization, then evaluate on the various lineariza-
tions described in Section 3.1.

Impact of Adversarial Linearizations The
CANONICAL columns of Table 2 show results for
models trained on that linearization, then evalu-
ated on permuted graph linearizations. We note a
strong negative impact in models’ generation ca-
pacity for both tasks, with a starker decrease for the
AMR data. These results suggest that pretrained lin-
earized models are not linearization-invariant, fail-
ing to learn robust implicit graph representations,
even in the case of the much simpler WebNLG data.

The remaining columns of Table 2 show that
our straightforward adversarial training technique
improves robustness, with only minor cost to gen-
eration performance. This is the case even with
the more drastic RANDOMIZED AMR lineariza-
tion. Moreover, it only incurs a minor training time
cost—for AMR, the CANONICAL, RECONFIGURE,

6github.com/goodmami/penman
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AMR (LDC2017T10) WebNLG
Seen Unseen

Train linearization→ CANON. RECON. RANDOM. CANON. RANDOM. CANON. RANDOM.

Eval. linearization↓
CANONICAL 43.52 43.08 40.90 62.56 62.55 44.73 45.09
RECONFIGURED 33.27 / 76% 41.13 / 95% 40.33 / 99% – – – –
RANDOMIZED 22.89 / 53% 31.00 / 72% 39.80 / 97% 54.00 / 86% 59.40 / 95% 39.23 / 88% 42.35 / 94%

GNNs – – – – – – –
Wang et al. (2020) 28.80 – – – – – –
Zhao et al. (2020) – – – 64.42 38.23 – –

Table 2: BLEU under different linearizations, using T5-LARGE (AMR, development set) and T5-BASE (WebNLG,
for both “seen” and “unseen” test sets). Percentages represent the decrease from the CANONICAL representation
following the adversarial evaluation (i.e., they should be read columnwise).

and RANDOMIZE variants attain 40 BLEU at 2, 3,
and 5 epochs, respectively.

Given that elements of canonical annotations are
known to correlate with the target sentence order
(Konstas et al., 2017), we do not find it surprising
that the models trained and evaluated on the per-
muted linearizations show decreased performance.
However, it is meaningful that the canonical lin-
earization at evaluation time still leads to the best
results, even for models trained with the random-
ized inputs—these models did not learn to associate
the canonical ordering signal with the input graph.
One possible explanation is that the earlier pretrain-
ing induces a sensitivity to input token order that
persists despite the adversarial fine-tuning, but the
behavior merits further exploration.

In addition, note that the canonical order does
not have an explicit formal definition, and may re-
quire heuristic reverse engineering; in a real-world
system, recreating a canonical graph linearization
(e.g., from a knowledge-base query) for a subse-
quent graph-to-text model may not be straightfor-
ward. These results show it is possible to inoculate
models to accommodate this sort of use case.

4 RQ2: Better Implicit Graph Encodings
with Text-to-Text Scaffolding

The positive results of our adversarial training pro-
cedure (§3.2) suggest that pretrained linearized
models can form a robust internal graph represen-
tation, even though they rely on linearized inputs.
Under substantively different linearizations, mod-
els retain the ability to generate accurately (even
the RANDOMIZE model outperforms best-in-class
graph transformers; Wang et al. 2020).

Prior work, involving both GNNs and pretrained
linearized models, has explored various ways of

improving models’ sensitivity to the structure of
the input graph. To better maintain fidelity to the
graph, previous graph-to-text methods incorporate
additional loss terms, specialized architectures, or
generation-time ranking to influence the seman-
tic accuracy of generation: ranking outputs by
the correctness of the AMR parse (Mager et al.,
2020; Harkous et al., 2020), jointly “back-parsing”
graphs when decoding (Bai et al., 2020), or us-
ing distinct components to model different graph
traversals (Ribeiro et al., 2019).

These efforts suggest that explicitly accounting
for graph structure can assist generation. Can we
expand on this idea, and improve generation qual-
ity by inducing more robust internal graph repre-
sentations? To answer this question, we propose
secondary objectives designed to promote graph
“awareness.” In addition to the above graph-to-text
approaches, we also draw inspiration from denois-
ing methods used in language model pretraining
(Raffel et al., 2020; Lewis et al., 2020), as well as
syntactic scaffolds that support semantic tasks with
an auxiliary syntax-dependent loss (Swayamdipta
et al., 2018). Intermediate auxiliary pretraining has
been repeatedly shown to be successful in other
contexts (Phang et al., 2018; Li et al., 2019; Guru-
rangan et al., 2020).

4.1 Experimental Setup

In particular, we propose unsupervised graph-
denoising tasks that we train alongside AMR-to-
text generation, following the multi-task setup of
Raffel et al. (2020). For each batch, we either op-
timize the likelihood in Section 2 or one of the
objectives described below.7

7Per-task batches proved marginally better than mixing
within a batch. The scaffolding task probability is a hyperpa-
rameter, which we set to 0.5.
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Masked Graph Modeling When training trans-
formers to have wide-ranging natural language ca-
pabilities, unsupervised denoising objectives like
masked language modeling have proven extremely
successful (Devlin et al., 2019; Raffel et al., 2020).
We argue that a similar principle ought to apply to
graph understanding, and therefore apply masking
directly to linearized graphs.

In masked language modeling, each word token
is masked with probability 15%. Here, we mask
different sets of tokens, depending on the exper-
imental condition, always setting the probability
such that 15% of all tokens will be masked. Specif-
ically, we mask: all tokens in the linearized graph,
the graph components alone (edge labels and paren-
theses), and the semantic nodes. We also experi-
ment with standard masking of the surface sentence,
which mirrors the unsupervised domain-adapted
pretraining employed by Ribeiro et al. (2020).8 For
example, when masking components alone:

orig ( stupefy :ARG1 ( we ) )

in ( stupefy <M> ( we <M> )

out original text

Graph masking can also be performed on any of
the linearization variants defined in Section 3.1.9

Graph Reordering Building on our findings
from Section 3.2, we introduce a reordering ob-
jective. Specifically, we provide the model with
a RECONFIGURED or RANDOMIZED linearization,
then task the model with reconstructing the canoni-
cal version. We suspect that learning this mapping
requires that the model captures the graph structure
better, leading to superior graph-to-text generation.
Unlike the joint re-generation approach of Mager
et al. (2020), where the input graph is copied along-
side the target text, our method both requires a
nontrivial encoding of the graph and has the effect
of augmenting the data (due to the nondeterministic
reconfiguration).10

4.2 Scaffolding Results

We find that, overall, denoising objectives drive
substantial improvements over the baseline when
training on the reduced n = 1000 dataset (Table 3).

8We use MASS-style masking (Song et al., 2019) for the
tokens, rather than the span-replacing of T5, as it performed
somewhat better.

9We restrict ourselves to the RECONFIGURE setting given
that early results showed little difference from RANDOMIZE.

10Simultaneously generating the surface text and reordering
to the canonical linearization did not improve results.

BLEU

Baseline 24.33 (0.94)
Sentence masking (MLM) 27.73 (1.29)
Graph Masking

All tokens 28.48 (0.90)
Components 28.49 (0.48)
Nodes 29.56 (1.05)
w/ RECONFIGURED input

All tokens 29.41 (0.90)
Components 28.34 (0.58)
Nodes 28.77 (0.80)

Reordering to canonical
From RECONFIGURED 28.27 (0.90)
From RANDOMIZED 28.29 (0.91)

Table 3: Development set BLEU across scaffolding ob-
jectives and baselines, trained on 1000-example subsets
of the AMR dataset (LDC2017T10). Mean (s.d.) over
5 seeds.

BLEU BS M
Bai et al. (2020) 34.19 - -
Ribeiro et al. (2020) 45.80 - -

Baseline 44.51 (0.48) 77.40 (0.36) 76.53 (0.19)
Scaffolding
Mask nodes 45.14 (0.23) 77.75 (0.13) 76.52 (0.14)
RECON., mask all 44.89 (0.39) 77.56 (0.26) 76.54 (0.20)
Reorder from RECON. 44.86 (0.19) 77.62 (0.16) 76.34 (0.17)

Table 4: Test-set results of scaffolding objectives
and baselines trained on the full AMR dataset
(LDC2017T10). Bai et al. (2020) is a state-of-the-
art graph transformer. Ribeiro et al. (2020) finetunes
T5-LARGE, which we re-implement as our baseline
model. BS is BertScore (Zhang et al., 2020), andM is
the meaning component of the MF-score (Opitz and
Frank, 2020). Mean (s.d.) over 5 seeds.

In fact, using less than 3% of the full data pro-
duces results that exceed that of state-of-the-art
GNN models from less than two years prior to
this writing (BLEU 27.37, Ribeiro et al., 2019).
Moreover, the results suggest that focusing on the
graph representation itself is most important: stan-
dard sentence masking (i.e., MLM-style) is less
beneficial than graph masking, although it still out-
performs the baseline. Surprisingly, the various
graph-masking objectives perform similarly to one
another—there is little benefit to more complex
strategies that specifically account for the graph
structure.

While the increased generation quality from
the graph-denoising methods is not drastic relative
to the MLM case, we contextualize our gains by
noting that other ways of promoting greater graph
awareness yield similar improvements in absolute
terms—and come at the cost of greater model
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Figure 3: Test set BLEU on the AMR dataset
(LDC2017T10) under different amounts of training
data for selected scaffolding objectives (over 5 seeds).
In low-data regimes, the scaffolding objectives substan-
tially improve BLEU score over the baseline.

complexity or generation time. For instance, the
use of two graph representations in Ribeiro et al.
(2019) achieve a roughly 1-BLEU increase over
the use of one alone.

Based on the findings from the n = 1000
setting (Table 3), we select three of the best-
performing scaffolding objectives—mask
nodes, reconfigure & mask all tokens, and
reorder from reconfigured—and train them at
n ∈ {500, 1000, 5000, 10000, N}. Results are
shown in Fig. 3. At n = 5000, representing 14%
of the data, the impact of scaffolding is no longer
strong across all objectives. When evaluating on
the full dataset, the difference is minor (Table 4).
For both BLEU and BertScore, we observe slight
improvement over the baseline on average for the
mask nodes case, but it is within a standard devi-
ation of the baseline (estimated over 5 seeds).M-
score does not vary between models, but it is also
not yet established for fine-grained model selection.
It appears that the increased size of the data sup-
plants the need for scaffolding losses: the diversity
of the source graphs encourages a graph-reasoning
ability sufficient to generate accurate sentences. Of
course, in a realistic application, hundreds or thou-
sands of training examples are more attainable than
tens of thousands. That such straightforward meth-
ods can yield strong gains is promising for future
work in low-resource graph-to-text generation.

Manual Annotations In a manual analysis of
100 random model predictions, we generally ob-
serve broad agreement between the model trained
with the reordering-from-reconfigured scaffold and
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Figure 4: Sentence-level scaffolding loss andM-score
on the validation set, using a model trained with the
reordering-from-reconfigured scaffold. M-score is a
measure of the generated sentence’s semantic fidelity,
and the scaffolding loss is a proxy for the graph encod-
ing accuracy.

the baseline (73% agreement in fidelity), both
trained with the full dataset. However, in three
cases, the baseline model fails to capture the order
of arguments (e.g., “from y to x” when “from x to y”
is correct), whereas the scaffolded model remains
true to the graph (see Table 5; we did not observe
instances of the reverse case). While we fail to ob-
serve “hallucinations”—material information that
is not contained in the graph input—both models
occasionally drop modifiers (e.g., adjectives or ad-
verbs). Both models exhibit word-sense confusion
(see the third row in Tab. 5, where “long [in length]”
is substituted with “long [in duration]”). We pre-
sume this is due to the removal of word-sense suf-
fixes during preprocessing to avoid sparsity issues
(long-03→ long).

4.3 Encoding Graphs and Generation
Performance

The results of Section 4.2 show that the denoising
scaffolds impact generation performance. If we
consider the sentence-level scaffolding loss as a
proxy for the quality of its implicit graph encoding,
can it help explain generation fidelity? In order
to determine this relationship, we quantify genera-
tion accuracy using theM component of theMF -
score (Opitz and Frank, 2020). It is calculated by
first using an off-the-shelf parser to create an AMR
graph from the generated target sentence, then by
measuring the overlap with the gold source AMR
(from 0 to 1)—this is equivalent to the “smatch”
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Target Both Norway and Sweden have been spared violent terror acts but authorities in both countries have voiced concern
about terrorists or terror financiers operating out of Scandinavia.

Baseline Norwegian and Swedish authorities have spared Norway and Sweden from violent acts of terror but have
voiced concern about terrorists or financiers of terror operating out of Scandinavia.

Ours Norway and Sweden have been spared terror acts of violence but Norwegian and Swedish authorities have voiced
concern about terrorists or financiers of terror operating out of Scandinavia.

Target The 30-day simple yield fell to an average 8.19% from 8.22%; the 30-day compound yield slid to an average 8.53%
from 8.56%.

Baseline The simple 30 day yield fell to 8.22 percent from 8.19 percent on average and the compound 30 day yield slid to
8.56 percent from 8.53 percent on average.

Ours Simple 30 day yields fell from 8.22 to an average 8.19% and compound 30 day yields slid from 8.56 to an average
8.53%.

Target Many young Saudi radicals have crossed the long and porous border between the Kingdom and Iraq and joined up
with Sunni Muslim insurgents there.

Baseline Many young Saudi radicals have crossed the porous border from Iraq to the Kingdom and joined up with Sunni
Islamic insurgents there.

Ours Many young Saudi radicals have crossed the porous long-term border with Iraq and joined up with Sunni Islamic
insurgents there.

Table 5: Selected predictions from the baseline and a model using the reordering-from-reconfigured scaffold
(trained on the full data). Colored text denotes a semantically incorrect generation.

rescoring metric (Cai and Knight, 2013). As seen
in Fig. 4, there is a substantial negative relation-
ship (Pearson’s ρ = −0.35∗) between these two
variables, measured using outputs from the model
trained with the reordering-from-reconfigured scaf-
fold on the full data.

To fully operationalize the above question, we
estimate a linear regression on theM score of pre-
dicted sentences from the validation set. In this
scenario, the linear regression can quantify how
much variation in predicted sentences’ semantic fi-
delity (measured by theM-score) can be explained
by model components and target sentence charac-
teristics. If the coefficient for the sentence-wise
scaffolding loss is significant (and negative), then
this would suggest that there is a relationship be-
tween the scaffolding objective and the predicted
sentence’s semantic fidelity.

As covariates, we include the above (logged)
scaffolding loss, in addition to other metrics that
have a significant independent correlation with gen-
eration quality. In particular, we use sentence-
BLEU, the number of edges in the graph, graph
re-entrancies, words in the target sentence, and the
(also logged) sentence generation loss.11

We use the Bayesian information criterion (BIC)
to select the model from all possible combinations
of the above covariates. We find that the preferred
model with p covariates, p ∈ {1, . . . , 6}, includes
the reordering loss in all but one case (p = 2), sug-
gesting its validity as an indicator of graph fidelity

11We eliminate outliers consisting of the bottom 0.5% of
target lengths andM-scores and the top 0.5% of the losses.

X β

Intercept 0.7590*
Scaffolding loss (log) -0.0094*
Generation loss (log) -0.0088*
BLEU/100 0.0628*
Words in target -0.0021*

BIC -2378
Adj. R2 0.267

Table 6: OLS regression results on validation sentence
M-score, a measure of semantic fidelity that relies
on the gold AMR graph. These results indicate that
the scaffolding loss explains a significant amount of
the variation in the semantic fidelity of the generated
sentence to the gold target. Model trained with the
reordering-from-reconfigured scaffold. *Significance
at p < 0.001.

above and beyond other alternatives. As seen in Ta-
ble 6, it has a significant negative relationship with
theM score, larger than that of the comparably-
scaled generation loss. These results indicate that
the reordering loss captures important information
about the quality of the graph encoding.

5 Related Work

Pretrained Transformers for Graph-to-Text
Generation Mager et al. (2020) condition GPT-2
(Radford et al., 2019) on a linearized AMR graph,
then fine-tune on the corresponding surface rep-
resentation text. Later work using transformers
has also found success on both AMR-to-text and
data-to-text tasks (Kale and Rastogi, 2020; Harkous
et al., 2020; Ribeiro et al., 2020). To our knowl-
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edge, across a diverse set of tasks and automated12

metrics, a pretrained transformer of sufficient ca-
pacity will always outperform a specialized GNN,
often by a large margin. Ribeiro et al. (2020), fol-
lowing Gururangan et al. (2020), further pretrain
on additional in-domain data, using both super-
vised (silver AMR parses to text) and unsupervised
(denoising target text) objectives.

Graph-Dependent Losses Mager et al. (2020)
use various heuristics to improve fidelity. During
training, they regenerate the input graph, and in
inference, they parse generations and rank their
consistency with the original graph. Harkous et al.
(2020) instead rank with a trained classifier, and
introduce additional “state embeddings” to help
indicate the ordering of graph components. The
encoder-decoder methods cited in the previous
paragraph eschew these approaches and nonethe-
less perform better. In preliminary replications of
the Mager et al. experiments with T5, we find that
joint re-generation leads to no improvement (more-
over, the longer output sequences increase training
time). Experimenting with other graph-sensitive
embeddings is a valuable direction for future work.

Graph Linearization Other work also studies
linearizations for AMR-to-text settings. As
opposed to our efforts, the focus is not on enriching
or measuring models’ graph encoding, but instead
on determining what elements of linearization
(e.g., edge labels) are necessary for generation.

Closest to our work is Konstas et al. (2017),
who experiment with alternative graph traversals
by randomizing the edge type order (less drastic
than either RECONFIGURE or RANDOMIZE) with
an LSTM-based model. Rather than randomizing
at each epoch, as in our approach, they employ a
consistent random ordering for each example dur-
ing training, and do not evaluate models across
different linearizations. The results help establish
that LSTMs can be made agnostic to ordering, but
fail to measure the extent to which models overfit
to the training order (Section 3.2).

Ribeiro et al. (2020) report paired training and
evaluation shuffling results (as in Table 2), but
they ignore parentheses, only reodering node la-
bels. Hence, their results cannot establish models’
graph-encoding ability, instead revealing that node

12Human evaluation has been less thorough, although
Mager et al. (2020) report improved human judgments on
AMR-to-text generation. We note similar results in our own
experiments.

order is informative of word order, corroborating
findings in Konstas et al. (2017). Both works, along
with Mager et al. (2020), run ablations by removing
parenthetical markers, finding that graph structure
is necessary for strong generation.

Finally, Kedzie and McKeown (2020), appear-
ing contemporaneously to our work, seek to control
the output generation by manipulating the input lin-
earization order, using a randomization similar to
ours as an “uncontrolled” baseline. Given their fo-
cus on task-oriented dialogue planning, which uses
simpler meaning representations and sentences
than the AMR dataset used here (i.e., shallower
graphs and limited domains), we view their work
as complementary to our own.

6 Conclusion

In this work, we explore the graph-encoding ability
of pretrained transformers through the lens of
graph-to-text generation that relies on linearized
graph inputs. First, we determine the extent to
which these models are invariant to the method by
which graphs are linearized, finding that models
trained on the fixed, canonical linearizations fail
to generalize to meaning-preserving alternatives.
We rectify this shortcoming by training models on
linearizations corresponding to alternative random
traversals of the graph. Following prior work that
has used graph-aware losses to improve generation
quality, we then explore ways of improving models’
sensitivity to the input graphs. Motivated by the
success of denoising objectives in other text-to-text
settings, we encourage robust internal graph
encodings through additional scaffolding losses.
Although scaffolding leads to tepid improvements
in generation quality when training data is
plentiful, it yields substantial gains in low-resource
settings. Finally, while pretrained transformers
may not learn the entirety of a graph’s structure via
scaffolding, our text-to-text methods take a step
in the direction of increasing graph sensitivity.
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X β

Intercept 0.2201*
Scaffolding loss (log) −0.0080†
Generation loss (log) −0.0055†
BLEU/100 1.5916*
Words in target −0.0001
BIC -2740
Adj. R2 0.058

Table 7: OLS regression results on validation sen-
tenceM-score, a measure of semantic fidelity that re-
lies on the gold AMR graph. These results indicate
that the scaffolding loss explains a significant amount
of the variation in the semantic fidelity of the gener-
ated sentence to the gold target. Model trained with
the reordering-from-reconfigured scaffold using 1000
training examples. *Significance at p < 0.001. † Sig-
nificance at p < 0.01.

A Appendix

A.1 Hyperparameters, Computing
Infrastructure, and Data Processing

We set the batch size to 32 for WebNLG, and 6
for AMR. During decoding, we use a beam size
of 10 for WebNLG and 5 for AMR, following
Ribeiro et al. (2020). All models were trained with
a NVIDIA Quadro RTX 8000 GPU.

To maintain a reasonable batch size, long AMR
inputs are truncated to 354 tokens (affecting less
than 1% of examples); this step is not necessary
for WebNLG. Finally, during preprocessing of the
LDC2017T10 data, we differ from Ribeiro et al.
(2019) and remove the :wiki attribute from the
graph13 both because they are not a standard com-
ponent of all AMR graphs and because they in-
crease the length of the inputs. We suspect that this
change is the reason our baseline achieves slightly
different results than Ribeiro et al. (2020) (Table 4).

A.2 Regression Results at n = 1000

In Table 7, we show OLS regression results analo-
gous to those in Table 6 for one run of the n = 1000
case. While the fit is lower (a lower R2), the scaf-
folding loss still has an explanatory effect.

13For some named entities, the graph will include a corre-
sponding Wikipedia title.
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Abstract

Languages vary in their placement of multi-
ple adjectives before, after, or surrounding the
noun, but they typically exhibit strong intra-
language tendencies on the relative order of
those adjectives (e.g., the preference for ‘big
blue box’ in English, ‘grande boîte bleue’ in
French, and ‘als.undūq al’azraq alkabı̄r’ in Ara-
bic). We advance a new quantitative account
of adjective order across typologically-distinct
languages based on maximizing information
gain. Our model addresses the left-right asym-
metry of French-type ANA sequences with the
same approach as AAN and NAA orderings,
without appeal to other mechanisms. We find
that, across 32 languages, the preferred order
of adjectives mirrors an efficient algorithm of
maximizing information gain.

1 Introduction

Languages that allow multiple sequential adjective
modifiers tend to exhibit strong tendencies on the
relative order of adjectives, as in ‘big blue box’
vs. ‘blue big box’ in English (Dixon, 1982). To
date, most of the research on adjective ordering has
focused on preferences in pre-nominal languages
like English where adjectives precede the modi-
fied noun (Futrell et al., 2020a), or in post-nominal
languages like Arabic where adjectives follow the
noun (Kachakeche and Scontras, 2020). This re-
search usually posits a metric, such as informa-
tion locality (Futrell et al., 2020b) or subjectivity
(Scontras et al., 2017), which governs the preferred
distance between a noun and its adjectives. Be-
cause these theories predict only the relative linear
distance between noun and adjective, they cannot
be straightforwardly applied to mixed languages
like French, where adjectives regularly appear both
before and after the modified noun, at least not with-
out added assumptions about hierarchical distance
(Cinque, 1994). Instead, these mixed languages are

often modeled with constraints on which adjective
classes or functions can appear before or after a
noun (Cinque, 2010; Fox and Thuilier, 2012).

Traditional accounts of adjective ordering in the
linguistics literature often assume a tree structure
in which the target measure is the hierarchical dis-
tance from noun (N) to adjective (A). According
to syntactic accounts, ordering regularities are pre-
dicted by a universal hierarchy of lexical seman-
tic classes (e.g., color adjectives are hierarchically
closer to the modified noun than size adjectives;
Cinque, 1994; Scott, 2002). Alternative accounts
use aspects of adjective meaning to predict adjec-
tive order, making appeal to notions like ‘inherent-
ness’ (Whorf, 1945) or ‘definiteness of denotation’
(Martin, 1969). Recently, Scontras et al. (2017)
provide experimental evidence that their synthesis
of semantic predictors into a continuum based on
subjectivity reliably predicts ordering preference in
English; followup studies have found subjectivity
to be a reliable predictor in other languages as well
(Tagalog: Samonte and Scontras, 2019; Mandarin:
Shi and Scontras, 2020; Arabic: Kachakeche and
Scontras, 2020; Spanish: Rosales Jr. and Scon-
tras, 2019; Scontras et al., 2020). Explanations
for the role of subjectivity in adjective ordering
show how subjectivity-based orderings are more
efficient than alternative orderings, thereby max-
imizing communicative success (Simonič, 2018;
Hahn et al., 2018; Franke et al., 2019; Scontras
et al., 2019).

Other efficiency-based approaches to adjec-
tive order quantify efficiency with information-
theoretic measures of word distributions such as
surprisal or entropy (Cover and Thomas, 2006;
Levy, 2008). Models in this vein have a long
conceptual history in the field, originating with
the idea that semantic closeness between words is
reflected in syntactic closeness in a surface real-
ization (Sweet, 1900; Jespersen, 1922; Behaghel,
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1932). Modern quantitative incarnations include
integration cost (Dyer, 2017) and information local-
ity (Futrell et al., 2020b), both generalizations of
the widely-accepted principle of dependency dis-
tance minimization (Liu et al., 2017; Temperley
and Gildea, 2018).

Crucially, while previous approaches are able
to model symmetrical structures within the noun
phrase, as in the mirror-image A1A2N orders of
English and the NA2A1 orders of Arabic, a hierar-
chical approach cannot model the left–right asym-
metry of Romance A1NA2 without an appeal
to other, usually syntactic, mechanisms (Cinque,
2009, 2010).

We advance an information-theoretic factor that
predicts adjective ordering across the three typo-
logical ‘templates’ of adjective order—pre (AAN),
mixed (ANA), and post (NAA)—based on infor-
mation gain (IG), a measure of the reduction in
uncertainty attained by transforming a dataset. IG
is used in machine learning for ordering the nodes
of a decision tree (Quinlan, 1986; Norouzi et al.,
2015), where nodes are most often ordered in a
greedy fashion such that the information gain of
each node is maximized. By analogy, we view
the noun phrase as a decision tree for reducing a
listener’s uncertainty about a speaker’s intended
meaning. Each word acts as a node in the deci-
sion tree; preferred adjective orders thus reflect an
efficient ordering of nodes.

2 Empirical background

Empirical investigations of adjective ordering have
focused on the cross-linguistic stability of these
preferences across a host of unrelated languages
(e.g., Dixon, 1982; Hetzron, 1978; Sproat and Shih,
1991). For example, where English speakers prefer
‘big blue box’ to ‘blue big box’, Mandarin speakers
similarly prefer dà-de lán-de xiāng-zi ‘big blue box’
to lán-de dà-de xiāng-zi ‘blue big box’ (Shi and
Scontras, 2020). In post-nominal languages, we
find the mirror-image of the English pattern, such
that adjectives that are preferred closer to the noun
in pre-nominal languages are also preferred closer
to the noun in post-nominal languages.1 For exam-
ple, speakers of Arabic prefer als. undūq al’azraq
alkabı̄r ‘the box blue big’ to als. undūq alkabı̄r
al’azraq ‘the box big blue’.

1Celtic languages have been claimed to be an exception to
this trend (Sproat and Shih, 1991), though our own investiga-
tions into Irish suggest that it behaves like other post-nominal
languages, at least with respect to information gain.

In support of the cross-linguistic stability of ad-
jective ordering preferences, Leung et al. (2020)
present a latent-variable model capable of accu-
rately predicting adjective order in 24 languages
from seven different language families, achieving
a mean accuracy of 78.9% on an average of 1335
sequences per language. Importantly, the model
succeeds even when the training and testing lan-
guages are different, thus demonstrating that dif-
ferent languages rely on similar preferences. How-
ever, Leung et al.’s study was limited to AAN and
NAA templates. There has been very little corpus-
based empirical work on ordering preferences in
the mixed ANA template, where adjectives both
precede and follow the modified noun.2

While Leung et al. (2020) learn adjective order
by training on observed adjective pairs, an alternate
strategy is to posit one or more a priori metrics as
an underlying motivation for adjective order (e.g.,
Malouf, 2000, in part). This approach allows for
the study of why adjective orders might have come
about. To that end, Futrell et al. (2020a) report
an accuracy of 72.3% for English triples based
on a combination of subjectivity and information-
theoretic measures derived from the distribution of
adjectives and nouns.

One of the information-theoretic measures ana-
lyzed by Futrell et al. (2020a) is an implementation
of information gain based on the partitioning an
adjective performs on the space of possible noun
referents. However, it is unclear how this formu-
lation of information gain could be implemented
for post-nominal adjectives, in which the noun has
presumably already been identified. Instead, the
current study implements information gain based
on feature vectors, as outlined in §3.

To our knowledge, the current study is the first
attempt at predicting adjective order across all three
templates, with an eye not only to raw accuracy, but
in hopes of illuminating the functional pressures
which might contribute to word ordering prefer-
ences in general. While we acknowledge that mul-
tiple factors are likely involved in adjective order
preferences, our contribution here is a single quan-
titative factor capable of predicting adjective order
across typologically distinct languages.

2We note three empirical studies that have examined the
placement of a single adjective or adjective phrase before
or after the noun in Romance languages: Thuilier (2014),
Gulordava et al. (2015) and Gulordava and Merlo (2015).
However, these studies do not tackle the question of order
preferences among ANA triples.
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3 Information gain

3.1 Picture of communication

We assume that a speaker is trying to communi-
cate a meaning to a listener, with a meaning rep-
resented as a binary vector, where each dimension
of the vector corresponds to a feature. Multiple
features can be true simultaneously. For exam-
ple, a speaker might have in mind a vector like
m1 = [111 . . . 0] in Figure 1, where the vector has
value 1 in the dimensions for ‘is-big’ (f0), ‘is-grey’
(f1), and ‘is-elephant’ (f2), and 0 for all other fea-
tures. A meaning of this sort would be conveyed
by the noun phrase ‘big grey elephant’. We call m
a feature vector and the set of feature vectors M .

The listener does not know which meaning m
the speaker has in mind; the listener’s state of un-
certainty can be represented as a probability dis-
tribution over all possible feature vectors, P (m),
corresponding to the prior probability of encounter-
ing a given feature vector. We call this distribution
the listener distribution L.

By conveying information, each word in a se-
quence causes a change in the listener’s prior distri-
bution. Suppose as in Figure 1 that a listener starts
with probability distribution L, then hears a word
w conveying a feature (f2), resulting in the new dis-
tribution L′. The amount of change from L to L′

is properly measured using the Kullback–Leibler
(KL) divergence DKL[L′||L] (Cover and Thomas,
2006). Therefore, the divergence DKL[L′||L] mea-
sures the amount of information about meaning
conveyed by the word.

Another measure of the change induced by a
word is the information gain, an extension of KL
divergence to include the notion of negative evi-
dence. Let L̄′ represent the listener’s probability
distribution over feature vectors conditional on the
negation of w. By taking a weighted sum of the
positive and negative KL divergence, we recover
information gain (Quinlan, 1986):

IG =
|L′|
|L|DKL[L′||L] +

|L̄′|
|L|DKL[L̄′||L], (1)

where |L| indicates the number of elements in the
support of L with non-zero probability. Informa-
tion gain represents the information conveyed by
a word and also the information conveyed by its
negation.

1 1 0 1
0 1 1 1
0 1 1 0
...

...
...

...
1 0 1 0







f0

f1

f2

...
fk

m0 m1 m2 m3

M :

m0 m1 m2 m3

0.1 0.3 0.2 0.4L:

m0 m1 m2 m3

0.0 0.6 0.4 0.0L′:

m0 m1 m2 m3

0.2 0.0 0.0 0.8L̄′:

w

f2 f̄2

Figure 1: A toy universe composed of four feature
vectors m defined by k binary features f and an
associated probability distribution L. Partitioning
L on f2 yields L′, the probability distribution of
the feature vectors containing a 1 for f2, viz. m1

and m2, as well as L̄′, the distribution of feature
vectors containing a 0 for f2, or f̄2.

3.2 Relationship to other quantities

Our IG quantity in Eq. 1 is drawn from the ID3
algorithm for generating decision trees (Quinlan,
1986). The goal of ID3 is to produce a classifier for
some random variable (call it L) which works by
successively evaluating some set of binary features
in some order. The optimal order of these features
is given by greedily maximizing information gain,
where information gain for a feature f is a mea-
sure of how much the entropy of L is decreased by
partitioning the dataset into positive and negative
subsets based on whether f is present or absent.
Our application of information gain to word order
comes from treating each word as a binary indica-
tor for the presence or absence of the associated
feature, and then applying the ID3 algorithm to
determine the optimal order of these features.

The first term of Eq. 1, the divergence
DKL[L′||L], measures the amount of information
about L conveyed by the word w and has been the
subject of a great deal of study in psycholinguis-
tics. In particular, Levy (2008) shows that if the
word w and the context c can be reconstructed per-
fectly from the updated belief state L′, then the
amount of information conveyed by w reduces to
the surprisal of word w in context c:

DKL[L′||L] = − log p(w|c). (2)
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Importantly for our purposes, the positive evidence
term DKL[L′||L] in Eq. 1 alone is unlikely to make
useful predictions about cross-linguistic ordering
preferences, because surprisal is invariant to rever-
sal of word order across a language as a whole
(Levy, 2005; Futrell, 2019): the same surprisal val-
ues would be measured for any given language and
a language with all the same sentences in reverse
order. As such, these metrics are unable to predict
any a priori asymmetries in word-order preferences
between pre- and post-nominal positions.

3.3 Negative evidence

The new feature of information gain, which has not
been presented in previous information-theoretic
models of language, is the negative evidence
term in DKL[L̄′||L], indicating the change in the
listener’s belief about L given the negation of
the features indicated by word w, a quantity re-
lated to extropy (Lad et al., 2015). For exam-
ple, consider académie/NOUN militaire/ADJ ‘mil-
itary/ADJ academy/NOUN’ in French. Let L rep-
resent a listener’s belief state after having heard
the noun académie ‘academy’. Upon hearing the
adjective militaire ‘military’, L is partitioned into
L′—the portion of L in which militaire is a fea-
ture—and L̄′, the portion of L in which militaire is
not a feature. Put another way, L̄′ is the probability
distribution over non-military academies.

The negative evidence portion of information
gain is of primary interest to us because it breaks
the symmetry to word-order reversal that we would
have if we used the positive evidence term alone.
That is, because the sum of surprisals of words
w1 and w2 in the context of w1 is the log joint
probability of a sequence:

− log p(w1)− log p(w2|w1) = − log p(w1, w2),
(3)

the sum of w2 and w1 in the context of w2 neces-
sarily yields the same quantity. Conversely, IG’s
negative-evidence value is related to the log proba-
bility of w2 conditional on the event of not observ-
ing w1, and as such the sum of negative evidence
values is not equivalent to the joint surprisal.

Information gain can therefore predict left–right
asymmetrical word-order preferences such as the
order of adjectives in ANA templates. Further,
it maps onto a well-known decision rule for the
ordering of trees.

3.4 An efficient algorithm
The goal of algorithms such as ID3 is to produce
a decision tree which divides a dataset into equal-
sized and mutually-exclusive partitions, thereby
creating a shallow tree (Quinlan, 1986). While
finding the smallest possible binary decision tree
is NP-complete (Hyafil and Rivest, 1976), ID3’s
locally-optimal approach has proven quite effec-
tive at producing shallow trees capable of accurate
classification (Dobkin et al., 1996).

By analogy, the ordering of adjectives in a noun
phrase by maximizing information gain likewise
produces a tree with balanced positive and negative
partitions at each node. Specifically, adjectives that
minimize the entropy of both the positive and neg-
ative evidence are placed before adjectives which
are less ‘decisive’ at partitioning feature vectors.

4 Methodology

4.1 Data
Our study relies on two types of source data, both
extracted from the CoNLL 2017 Shared Task: Mul-
tilingual Parsing from Raw Text to Universal De-
pendencies (Ginter et al., 2017; Zeman et al., 2017):
a set of Common Crawl and Wikipedia text data
from a variety of languages, automatically parsed
according to the Universal Dependencies scheme
with UDPipe (Straka and Straková, 2017). First,
we extract noun phrases (NPs) containing at least
one adjective to populate feature vectors (§4.3).
Second, we extract triples, instances of a noun and
two dependent adjectives, where the three words
are sequential in the surface order and neither the
noun nor the adjectives have other dependents.

We restrict triples in this way to minimize the
effect that other dependents might have on order
preferences. For example, while single-word ad-
jectives tend to precede the noun in English, as
in ‘the nice people’, adjectives in larger right-
branching phrases often follow: ‘the people nice
to us’ (Matthews, 2014), a trend also seen in Ro-
mance (Gulordava et al., 2015; Gulordava and
Merlo, 2015). Similarly, conjunctions have been
shown to weaken or neutralize preferences (Fox
and Thuilier, 2012; Rosales Jr. and Scontras, 2019;
Scontras et al., 2020).

NPs and triples extracted from the Wikipedia
dumps are used to generate feature vectors and to
train our regression (§4.4). We use triples from
the Common Crawl dumps to perform hold-out
accuracy testing.
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4.2 Normalization

Because our source data are extracted from dumps
of automatically-parsed text, they contain a large
amount of noise, such as incorrectly assigned syn-
tactic categories, HTML, nonstandard orthography,
and so on. To combat this noise, we extract all
lemmas with UPOS marked as ADJ and NOUN
in all Universal Dependencies (UD) v2.7 corpora
(Zeman et al., 2020) for a given language—the
idea being that the UD corpora are of higher qual-
ity—and include only NPs and triples in which
the adjectives and nouns are in the UD lists. All
characters are case-normalized, where applicable.

4.3 Feature vectors

Each NP attested in the Wikipedia corpus for a
given language corresponds to a feature vector with
value 1 in the dimension associated with each ad-
jective or noun lemma. For example, an NP such
as “the best room available” generates a vector con-
taining 1 for ‘is-available’, ‘is-best’, and ‘is-room’.

The relative count of each NP in the Wikipedia
corpus yields a probability distribution on feature
vectors. It is this distribution which is transformed
by partitioning on each lemma in a triple.

4.4 Evaluation

For a given typological template (AAN, ANA, or
NAA) there are two competing variants; our tasks
are to (i) predict which of the variants will be at-
tested in a corpus and (ii) show a cross-linguistic
consistency in how that prediction comes about.

Because we are limiting our study to the two
competing variants within each template, the po-
sition of the noun is invariant, leaving only the
relative order of the two adjectives to determine
the order of a triple. Our problem thus reduces
to whether the information gain of the first linear
adjective is greater than that of the second.

In the case of AAN and ANA triples, the IG
of each adjective is calculated by partitioning the
entire set of feature vectors L on each of the two
adjectives. In the case of NAA triples, however,
IG is calculated by partitioning only those feature
vectors which ‘survive’ the initial partition by the
noun, and are therefore part of L′. Thus we calcu-
late IG(L, a) before the noun and IG(L′, a) after.

Rather than simply implement the ID3 algo-
rithm and choose adjectives based on their raw
information gain, we train a logistic regression to
predict surface orders based on the difference of

IG between the attested first and second adjective,
a method previously used by Morgan and Levy
(2016) and Futrell et al. (2020a). The benefits of
this approach are two-fold: we are able to account
for bias in the distribution of adjectival IGs, and
we can more easily deconstruct how strong infor-
mation gain is as a predictor of adjective order.

Within each template, for each attested triple τ ,
let π1 be the lexicographically-sorted first permu-
tation of τ and π2 be the second, with α1 being
the first linear adjective in π1 and α2 being the first
linear adjective in π2. Our independent variable
p is whether π1 is attested in the corpus, and our
dependent variable is the difference between the
information gain of α1 and α2. We train the coeffi-
cients β0 and β1 in a logistic regression of the form

p =

{
1, if π1 is attested
0, if π2 is attested

log
p

1− p ∼ β0 + β1[IG(α1)− IG(α2)].

(4)

A positive value for β1 tells us that permutations in
which the larger-IG adjective is placed first tend to
be attested. The value of β0 tells us whether there
is a generalized bias towards a positive or negative
IG(π1)− IG(π2). The accuracy we achieve by run-
ning the logistic regression on held-out testing data
tells us the effectiveness of an IG-based algorithm
at predicting adjective order.

4.5 Reporting results

We report results for languages from which at least
5k triples could be analyzed, and for templates
representing at least 10% of a language’s triples in
UD corpora. The count of analyzable triples for
each language is a product of those available in the
2017 CoNLL Shared Task, those with sufficiently
large UD v2.7 corpora, and those that meet our
extraction requirements (§4.1).

Because we are interested in exploring a cross-
linguistic predictor of adjective order, we report
macro-average accuracies and β1 coefficients. That
is, each language’s accuracy and coefficient are
calculated independently and are then averaged.
We report both type- and token-accuracy, using the
latter in our analysis based on the intuition that the
preference for the order of a commonly-occurring
triple is stronger than a more rare one.

961



AAN language n β1 P token acc. type acc.

mean β1 Bulgarian 13018 20.058 0.000 0.650 0.649
18.591 [15.740, 21.443] Chinese 5909 18.604 0.000 0.724 0.766

Croatian 15555 21.246 0.000 0.666 0.634
mean token accuracy Czech 27899 28.207 0.000 0.671 0.665
0.656 [0.630, 0.683] Danish 11226 17.506 0.000 0.786 0.770

Dutch 11279 12.201 0.000 0.609 0.605
mean type accuracy English 23311 22.076 0.000 0.643 0.647
0.645 [0.616, 0.674] Finnish 12605 15.342 0.000 0.655 0.644

German 16391 16.210 0.000 0.601 0.606
Greek 5506 18.383 0.000 0.631 0.643
Latvian 5290 15.826 0.000 0.594 0.551
Russian 25397 25.697 0.000 0.658 0.651
Slovak 11933 25.935 0.000 0.700 0.651
Slovenian 18859 28.192 0.000 0.670 0.661
Swedish 10937 11.462 0.000 0.717 0.711
Turkish 12115 12.579 0.000 0.576 0.577
Ukrainian 11474 15.949 0.000 0.593 0.592
Urdu 6432 9.170 0.000 0.673 0.593

ANA language n β1 P token acc. type acc.

mean β1 Basque 3322 -9.623 0.000 0.703 0.678
31.313 [16.786, 45.841] Catalan 3117 45.135 0.000 0.818 0.814

Croatian 4912 -3.411 0.106 0.608 0.604
mean token accuracy French 5673 43.349 0.000 0.771 0.756
0.737 [0.674, 0.799] Galician 5020 68.290 0.000 0.805 0.806

Indonesian 1521 -2.462 0.138 0.543 0.524
mean type accuracy Italian 9484 36.658 0.000 0.681 0.698
0.726 [0.665, 0.787] Persian 2598 43.242 0.000 0.794 0.766

Polish 13481 24.873 0.000 0.684 0.655
Portuguese 7580 32.374 0.000 0.734 0.725
Romanian 2426 46.823 0.000 0.730 0.739
Spanish 9212 57.813 0.000 0.744 0.738
Vietnamese 2636 24.013 0.000 0.962 0.931

NAA language n β1 P token acc. type acc.

mean β1 Arabic 11595 4.595 0.000 0.693 0.660
4.140 [3.128, 5.152] Basque 4899 1.957 0.000 0.626 0.635

Catalan 2878 5.024 0.000 0.710 0.722
mean token accuracy French 8368 5.143 0.000 0.737 0.749
0.680 [0.639, 0.721] Galician 1334 5.776 0.000 0.716 0.694

Hebrew 6751 1.115 0.000 0.558 0.560
mean type accuracy Indonesian 5724 4.631 0.000 0.740 0.734
0.687 [0.647, 0.726] Italian 4523 4.057 0.000 0.713 0.739

Persian 12683 1.583 0.000 0.605 0.606
Portuguese 5139 5.329 0.000 0.726 0.730
Romanian 8492 5.333 0.000 0.742 0.746
Spanish 6245 6.214 0.000 0.713 0.745
Vietnamese 3354 3.068 0.000 0.561 0.606

comprehensive mean 18.08 0.687 0.681

Table 1: Results by template and language: n triples analyzed, regression coefficient β1 and P -value, and
test accuracies. Means with 95% confidence intervals shown for each template.
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Figure 2: Plot of accuracy and β1 coefficient, categorized by template type.

5 Results

We extracted and analyzed at least 5k triples from
32 languages across a variety of families.3 Because
some languages contain triples in two typological
templates, we report results for 44 sets of triples.
Table 1 reports language-specific results and means
for each template, including n triples analyzed, re-
gression coefficient β1 and P -value, token and type
accuracy, and 95% confidence intervals. Figure 2
shows a plot of accuracy and β1 coefficient for each
language, categorized by template.

As reported in Table 1, we find above-chance
(> 50%) accuracy for all languages tested. We
accurately predict 65.6% of AAN triples, 73.7% of
ANA triples, and 68.0% of NAA triples, for a com-
prehensive accuracy across all languages of 68.7%.
Overlapping 95% confidence intervals across tem-
plate suggest that IG-based prediction performs
equally well across templates.

The high performance on Vietnamese ANA
triples (96.2%) is largely due to the algorithm cor-
rectly predicting that the highly-frequent adjective
nhiều ‘many’ should be placed before the noun,
while most other adjectives are placed after.4

Though we cannot make a direct comparison to
other studies due to a lack of shared data, Table 2
shows that our cross-linguistic accuracy of 68.7%
bests any single predictor applied to a similar set
of English AAN triples by Futrell et al. (2020a).

The learned β1 coefficient is not significantly dif-
ferent between AAN (18.591) and ANA (31.313)
triples, though that of NAA (4.140) triples is sig-

3https://github.com/wmdyer/infogain
4One might worry about the classification of ‘many’ as an

adjective. While widely extant across languages, the class of
adjectives is not entirely homogeneous. As such, the equiva-
lent of a word like ‘many’ in some languages might be marked
as an adjective, determiner, or other syntactic category. For the
current study, we simply follow the UD annotation scheme.

n accuracy confidence interval

IG-FV 44 0.687 [0.686, 0.688]
Subj. 1 0.661 [0.657, 0.666]
PMI 1 0.659 [0.654, 0.664]
IG-NR 1 0.650 [0.645, 0.654]
IC 1 0.642 [0.634, 0.646]

Table 2: Comparison across n languages of the
current metric, IG of feature vectors (IG-FV), and
subjectivity, PMI, IG of noun referents (IG-NR),
and integration cost (IC) (Futrell et al., 2020a)

nificantly smaller than the other two. More gener-
ally, of the 44 datasets tested, β1 is positive in 41
(93.2%), suggesting that there is a strong prefer-
ence to maximize information gain. Further, of the
three instances of a negative β1, two (Croatian and
Indonesian ANA) do not reach significance, per-
haps due to a paucity of data. The sole significant
negative β1 is from Basque ANA triples.

6 Discussion

6.1 β1 coefficient
Our results show a strong tendency across typologi-
cal templates and across languages for the adjective
which yields a larger information gain to be placed
before the other, as evidenced by a positive β1.
However, the absolute value of β1 is difficult to
interpret without understanding the relative magni-
tudes of the underlying IG scores, magnitudes that
vary across datasets and word distributions.

In general, we observe that a larger value of β1
indicates that IG is a more reliable predictor within
a dataset. More specifically, a value of β1 = 1
indicates that if the IG difference between orders
is equal to one bit, then the log odds of the order
with larger IG increases by one.
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n rate confidence interval

AAN 18 0.017 [0.012, 0.022]
ANA 13 0.007 [0.002, 0.011]
NAA 13 0.022 [0.013, 0.032]

all 44 0.016 [0.012, 0.020]

Table 3: Macro-average rate of adjectives attested
in both possible orders within each template, show-
ing n languages, rate of attestation, and 95% confi-
dence intervals.

6.2 Asymmetries

The preference for one variant of an ANA triple
over the other is an asymmetry without a straight-
forward explanation in a distance-based model;
there is no clear mapping from ANA onto the other
templates, which means that an adjective’s relative
distance to the noun is not informative. Our algo-
rithm is novel in that the placement of the adjectives
is governed by greedy IG, not distance to the noun—
an innovation that allows us to break the symmetry
between the adjectives in ANA triples. Similarly,
IG makes no a priori prediction as to whether a
mirror- or same-order will emerge between AAN
and NAA triples: both pre- and post-nominal be-
havior is a product of ordering adjectives such that
information gain is maximized, and IG itself is fun-
damentally derived from the distribution of adjec-
tives and nouns that populate a language’s possible
feature vectors for conveying meaning.

Another left–right asymmetry that has been
posited in the linguistics literature holds that depen-
dents placed before the head in a surface realization
(e.g., the adjectives in an AAN triple) follow a more
rigid ordering than those placed after (e.g., the ad-
jectives in a NAA triple; Hawkins, 1983). Both
noun modifiers in general and adjectives specifi-
cally have been reported to follow this pattern, with
a largely-universal pre-nominal ordering and a mir-
ror, same, or ‘free’ post-nominal order (Hetzron,
1978). There is as yet no large-scale empirical evi-
dence for this claim, though Trainin and Shetreet
(2021) suggest that Hebrew NAA order preferences
may be weaker than English AAN for a restricted
set of adjective classes.

In an effort to empirically assess the claim that
post-nominal orderings are more flexible compared
to orderings pre-nominally across languages, Table
3 reports the average prevalence of adjective pairs

attested in both possible orders (e.g., A1A2N and
A2A1N, where N can be any noun) within each
template in our dataset. At 95% confidence the dif-
ference between AAN and NAA does not reach sig-
nificance, though the rate for ANA is significantly
lower than the other two. More generally, the mean
rate of just 1.6% across templates reinforces the
notion that ordering preferences are quite robust
regardless of template, at least for our normalized
triples from the languages analyzed here.

6.3 Ablation

Equation 1 defines information gain as the condi-
tioned sum of two elements, the positive evidence
DKL[L′||L] and the negative evidence DKL[L̄′||L].
The positive evidence alone is akin to surprisal, a
well-studied quantity in psycholinguistics (§3.2),
while the negative evidence is related to extropy
(§3.3). By ablating the IG formulation into the two
terms discretely, we can show empirically that the
proportionally-combined positive and negative ev-
idence yield more accurate and consistent results
than either of the two constituent terms alone.

Table 4 shows the mean accuracy and polarity
proportion of the β1 coefficient across languages
and templates. The polarity of β1 tells us whether
maximizing IG (positive) or minimizing IG (neg-
ative) is the better strategy. Thus a polarity per-
centage close to 0 or 1 indicates more consistent
behavior across templates.

For example, while the accuracy of using only
positive evidence, DKL[L′||L], for AAN triples is
0.565, that accuracy is realized due to a 0.000 rate
of positive β1 coefficient—that is, the 56.5% ac-
curacy is achieved by minimizing IG, placing the
adjective with the lower IG first. On the other hand,
while using only positive evidence to predict NAA
triples yields the same accuracy, 0.565, the coef-
ficient polarity proportion of 0.769 means that, in
most NAA cases, IG should be maximized. The
three templates together reflect a modest accuracy
(0.566) and an inconsistent coefficient polarity pro-
portion (0.273).

Using only negative evidence, DKL[L̄′||L],
yields even worse accuracies and similarly incon-
sistent coefficients as positive only. The accuracy
across templates is little better than chance at 0.535,
and the average coefficient polarity proportion of
0.273 likewise demonstrates that using negative ev-
idence alone does not produce consistent behavior
across templates.
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accuracy proportion of positive β1

AAN ANA NAA all AAN ANA NAA all

DKL[L′||L] 0.565 0.567 0.565 0.566 0.000 0.154 0.769 0.273

DKL[L̄′||L] 0.533 0.548 0.526 0.535 0.167 0.231 0.462 0.273

IG 0.657 0.737 0.680 0.687 1.000 0.769 1.000 0.932

Table 4: Ablation on accuracy and the proportion of positive coefficients for positive evidence (DKL[L′||L])
alone, negative evidence (DKL[L̄′||L]) alone, and proportionally combined terms (IG). Boldfaced values
indicate the highest accuracy or coefficient polarity proportion in each column.

The full IG calculation, including both positive
and negative evidence, yields the highest accuracy
across templates (0.687), as well as the highest
for each template—AAN (0.657), ANA (0.737)
and NAA (0.680). IG also demonstrates the most
consistent behavior across languages and templates:
at a rate of 0.932, maximizing IG yields the highest
accuracy, regardless of whether adjectives precede
or follow the noun.

7 Summary

We have taken a novel approach to the problem
of predicting the surface order of adjectives across
languages, casting it as a decision tree operating on
a probability distribution over binary feature vec-
tors. As each adjective is uttered, probability mass
is partitioned into positive and negative subsets:
those vectors that contain the feature and those that
do not. The information gained by this partition
can be used to order adjectives in a greedy manner,
similarly to well-known algorithms for ordering
nodes in a decision tree.

An IG-based approach allows us to provide the
first quantitative information-theoretic account pre-
dicting the order of ANA triples. Further, with this
approach we need not stipulate mirror- or same-
orders for AAN and NAA triples. Because IG is not
a distance metric between adjective and noun, and
because IG incorporates negative evidence, both
ANA and pre- or post-nominal asymmetries are
able to emerge within an IG framework, without
appeal to other mechanisms.

Our results show that information gain is a good
predictor of adjective order across languages. Im-
portantly, IG-based prediction follows a consis-
tent pattern across the three typological templates,
namely that adjectives that maximize information
gain tend to be placed first.
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Abstract

Data augmentation has recently seen increased
interest in NLP due to more work in low-
resource domains, new tasks, and the popu-
larity of large-scale neural networks that re-
quire large amounts of training data. De-
spite this recent upsurge, this area is still rel-
atively underexplored, perhaps due to the chal-
lenges posed by the discrete nature of language
data. In this paper, we present a comprehen-
sive and unifying survey of data augmenta-
tion for NLP by summarizing the literature in
a structured manner. We first introduce and
motivate data augmentation for NLP, and then
discuss major methodologically representative
approaches. Next, we highlight techniques
that are used for popular NLP applications and
tasks. We conclude by outlining current chal-
lenges and directions for future research. Over-
all, our paper aims to clarify the landscape
of existing literature in data augmentation for
NLP and motivate additional work in this area.
We also present a GitHub repository with a pa-
per list that will be continuously updated at
https://github.com/styfeng/DataAug4NLP.

1 Introduction

Data augmentation (DA) refers to strategies for in-
creasing the diversity of training examples without
explicitly collecting new data. It has received active
attention in recent machine learning (ML) research
in the form of well-received, general-purpose tech-
niques such as UDA (Xie et al., 2020) (3.1) and
MIXUP (Zhang et al., 2017) (3.2). These are often
first explored in computer vision (CV), and DA’s
adaptation for natural language processing (NLP)
seems secondary and comparatively underexplored,
perhaps due to challenges presented by the discrete
nature of language, which rules out continuous
noising and makes it hard to maintain invariance.

∗ Equal contribution by the two authors.
† AI Resident.

Figure 1: Weekly Google Trends scores for the search
term "data augmentation", with a control, uneventful
ML search term ("minibatch") for comparison.

Despite these challenges, there has been in-
creased interest and demand for DA for NLP. As
NLP grows due to off-the-shelf availability of large
pretrained models, there are increasingly more
tasks and domains to explore. Many of these are
low-resource, and have a paucity of training exam-
ples, creating many use-cases for which DA can
play an important role. Particularly, for many non-
classification NLP tasks such as span-based tasks
and generation, DA research is relatively sparse
despite their ubiquity in real-world settings.

Our paper aims to sensitize the NLP community
towards this growing area of work, which has also
seen increasing interest in ML overall (as seen in
Figure 1). As interest and work on this topic con-
tinue to increase, this is an opportune time for a
paper of our kind to (i) give a bird’s eye view of
DA for NLP, and (ii) identify key challenges to
effectively motivate and orient interest in this area.
To the best of our knowledge, this is the first survey
to take a detailed look at DA methods for NLP.1

This paper is structured as follows. Section

1Liu et al. (2020a) present a smaller-scale text data aug-
mentation survey that is concise and focused. Our work serves
as a more comprehensive survey with larger coverage and is
more up-to-date.
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2 discusses what DA is, its goals and trade-offs,
and why it works. Section 3 describes popular
methodologically representative DA techniques for
NLP—which we categorize into rule-based (3.1),
example interpolation-based (3.2), or model-based
(3.3). Section 4 discusses useful NLP applications
for DA, including low-resource languages (4.1),
mitigating bias (4.2), fixing class imbalance (4.3),
few-shot learning (4.4), and adversarial examples
(4.5). Section 5 describes DA methods for common
NLP tasks including summarization (5.1), question
answering (5.2), sequence tagging tasks (5.3), pars-
ing tasks (5.4), grammatical error correction (5.5),
neural machine translation (5.6), data-to-text NLG
(5.7), open-ended and conditional text generation
(5.8), dialogue (5.9), and multimodal tasks (5.10).
Finally, Section 6 discusses challenges and future
directions in DA for NLP. Appendix A lists useful
blog posts and code repositories.

Through this work, we hope to emulate past pa-
pers which have surveyed DA methods for other
types of data, such as images (Shorten and Khosh-
goftaar, 2019), faces (Wang et al., 2019b), and time
series (Iwana and Uchida, 2020). We hope to draw
further attention, elicit broader interest, and moti-
vate additional work in DA, particularly for NLP.

2 Background

What is data augmentation? Data augmentation
(DA) encompasses methods of increasing training
data diversity without directly collecting more data.
Most strategies either add slightly modified copies
of existing data or create synthetic data, aiming for
the augmented data to act as a regularizer and re-
duce overfitting when training ML models (Shorten
and Khoshgoftaar, 2019; Hernández-García and
König, 2020). DA has been commonly used in
CV, where techniques like cropping, flipping, and
color jittering are a standard component of model
training. In NLP, where the input space is discrete,
how to generate effective augmented examples that
capture the desired invariances is less obvious.

What are the goals and trade-offs? Despite
challenges associated with text, many DA tech-
niques for NLP have been proposed, ranging from
rule-based manipulations (Zhang et al., 2015) to
more complicated generative approaches (Liu et al.,
2020b). As DA aims to provide an alternative to
collecting more data, an ideal DA technique should
be both easy-to-implement and improve model per-
formance. Most offer trade-offs between these two.

Rule-based techniques are easy-to-implement
but usually offer incremental performance improve-
ments (Li et al., 2017; Wei and Zou, 2019; Wei
et al., 2021b). Techniques leveraging trained mod-
els may be more costly to implement but introduce
more data variation, leading to better performance
boosts. Model-based techniques customized for
downstream tasks can have strong effects on per-
formance but be difficult to develop and utilize.

Further, the distribution of augmented data
should neither be too similar nor too different from
the original. This may lead to greater overfitting
or poor performance through training on examples
not representative of the given domain, respectively.
Effective DA approaches should aim for a balance.

Kashefi and Hwa (2020) devise a KL-
Divergence-based unsupervised procedure to pre-
emptively choose among DA heuristics, rather than
a typical "run-all-heuristics" comparison, which
can be very time and cost intensive.

Interpretation of DA Dao et al. (2019) note that
"data augmentation is typically performed in an ad-
hoc manner with little understanding of the under-
lying theoretical principles", and claim the typical
explanation of DA as regularization to be insuffi-
cient. Overall, there indeed appears to be a lack of
research on why exactly DA works. Existing work
on this topic is mainly surface-level, and rarely
investigates the theoretical underpinnings and prin-
ciples. We discuss this challenge more in §6, and
highlight some of the existing work below.

Bishop (1995) show training with noised exam-
ples is reducible to Tikhonov regularization (sub-
sumes L2). Rajput et al. (2019) show that DA can
increase the positive margin for classifiers, but only
when augmenting exponentially many examples
for common DA methods.

Dao et al. (2019) think of DA transformations
as kernels, and find two ways DA helps: averaging
of features and variance regularization. Chen et al.
(2020d) show that DA leads to variance reduction
by averaging over orbits of the group that keep the
data distribution approximately invariant.

3 Techniques & Methods

We now discuss some methodologically represen-
tative DA techniques which are relevant to all tasks
via the extensibility of their formulation.2

2Table 1 compares several DA methods by various aspects
relating to their applicability, dependencies, and requirements.
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Figure 2: Dependency tree morphing DA applied to a
Turkish sentence, Şahin and Steedman (2018)

3.1 Rule-Based Techniques

Here, we cover DA primitives which use easy-
to-compute, predetermined transforms sans model
components. Feature space DA approaches gen-
erate augmented examples in the model’s feature
space rather than input data. Many few-shot learn-
ing approaches (Hariharan and Girshick, 2017;
Schwartz et al., 2018) leverage estimated feature
space "analogy" transformations between exam-
ples of known classes to augment for novel classes
(see §4.4). Paschali et al. (2019) use iterative
affine transformations and projections to maximally
"stretch" an example along the class-manifold.

Wei and Zou (2019) propose EASY DATA AUG-
MENTATION (EDA), a set of token-level random
perturbation operations including random insertion,
deletion, and swap. They show improved perfor-
mance on many text classification tasks. UDA (Xie
et al., 2020) show how supervised DA methods can
be exploited for unsupervised data through consis-
tency training on (x,DA(x)) pairs.

For paraphrase identification, Chen et al. (2020b)
construct a signed graph over the data, with indi-
vidual sentences as nodes and pair labels as signed
edges. They use balance theory and transitivity
to infer augmented sentence pairs from this graph.
Motivated by image cropping and rotation, Şahin
and Steedman (2018) propose dependency tree mor-
phing. For dependency-annotated sentences, chil-
dren of the same parent are swapped (à la rotation)
or some deleted (à la cropping), as seen in Figure 2.
This is most beneficial for language families with
rich case marking systems (e.g. Baltic and Slavic).

3.2 Example Interpolation Techniques

Another class of DA techniques, pioneered by
MIXUP (Zhang et al., 2017), interpolates the in-
puts and labels of two or more real examples. This
class of techniques is also sometimes referred to as
Mixed Sample Data Augmentation (MSDA). Ensu-
ing work has explored interpolating inner compo-
nents (Verma et al., 2019; Faramarzi et al., 2020),
more general mixing schemes (Guo, 2020), and
adding adversaries (Beckham et al., 2019).

Another class of extensions of MIXUP which has
been growing in the vision community attempts to
fuse raw input image pairs together into a single
input image, rather than improve the continuous in-
terpolation mechanism. Examples of this paradigm
include CUTMIX (Yun et al., 2019), CUTOUT (De-
Vries and Taylor, 2017) and COPY-PASTE (Ghiasi
et al., 2020). For instance, CUTMIX replaces a
small sub-region of Image A with a patch sampled
from Image B, with the labels mixed in proportion
to sub-region sizes. There is potential to borrow
ideas and inspiration from these works for NLP,
e.g. for multimodal work involving both images
and text (see "Multimodal challenges" in §6).

A bottleneck to using MIXUP for NLP tasks
was the requirement of continuous inputs. This has
been overcome by mixing embeddings or higher
hidden layers (Chen et al., 2020c). Later variants
propose speech-tailored mixing schemes (Jindal
et al., 2020b) and interpolation with adversarial
examples (Cheng et al., 2020), among others.

SEQ2MIXUP (Guo et al., 2020) generalizes
MIXUP for sequence transduction tasks in two
ways - the "hard" version samples a binary mask
(from a Bernoulli with a β(α, α) prior) and picks
from one of two sequences at each token position,
while the "soft" version softly interpolates between
sequences based on a coefficient sampled from
β(α, α). The "soft" version is found to outperform
the "hard" version and earlier interpolation-based
techniques like SWITCHOUT (Wang et al., 2018a).

3.3 Model-Based Techniques

Seq2seq and language models have also been used
for DA. The popular BACKTRANSLATION method
(Sennrich et al., 2016) translates a sequence into
another language and then back into the original
language. Kumar et al. (2019a) train seq2seq mod-
els with their proposed method DiPS which learns
to generate diverse paraphrases of input text using
a modified decoder with a submodular objective,
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Figure 3: Contextual Augmentation, Kobayashi (2018)

and show its effectiveness as DA for several classi-
fication tasks. Pretrained language models such as
RNNs (Kobayashi, 2018) and transformers (Yang
et al., 2020) have also been used for augmentation.

Kobayashi (2018) generate augmented examples
by replacing words with others randomly drawn
according to the recurrent language model’s dis-
tribution based on the current context (illustra-
tion in Figure 3). Yang et al. (2020) propose G-
DAUGc which generates synthetic examples using
pretrained transformer language models, and se-
lects the most informative and diverse set for aug-
mentation. Gao et al. (2019) advocate retaining the
full distribution through "soft" augmented exam-
ples, showing gains on machine translation.

Nie et al. (2020) augment word representations
with a context-sensitive attention-based mixture of
their semantic neighbors from a pretrained embed-
ding space, and show its effectiveness for NER
on social media text. Inspired by denoising au-
toencoders, Ng et al. (2020) use a corrupt-and-
reconstruct approach, with the corruption function
q(x′|x) masking an arbitrary number of word po-
sitions and the reconstruction function r(x|x′) un-
masking them using BERT (Devlin et al., 2019).
Their approach works well on domain-shifted test
sets across 9 datasets on sentiment, NLI, and NMT.

Feng et al. (2019) propose a task called SEMAN-
TIC TEXT EXCHANGE (STE) which involves ad-
justing the overall semantics of a text to fit the
context of a new word/phrase that is inserted called
the replacement entity (RE). They do so by using a
system called SMERTI and a masked LM approach.
While not proposed directly for DA, it can be used
as such, as investigated in Feng et al. (2020).

Rather than starting from an existing exam-
ple and modifying it, some model-based DA ap-
proaches directly estimate a generative process

from the training set and sample from it. Anaby-
Tavor et al. (2020) learn a label-conditioned gen-
erator by finetuning GPT-2 (Radford et al., 2019)
on the training data, using this to generate candi-
date examples per class. A classifier trained on the
original training set is then used to select top k can-
didate examples which confidently belong to the
respective class for augmentation. Quteineh et al.
(2020) use a similar label-conditioned GPT-2 gen-
eration method, and demonstrate its effectiveness
as a DA method in an active learning setup.

Other approaches include syntactic or controlled
paraphrasing (Iyyer et al., 2018; Kumar et al.,
2020), document or story-level paraphrasing (Gan-
gal et al., 2021), augmenting misclassified exam-
ples (Dreossi et al., 2018), BERT cross-encoder
labeling of new inputs (Thakur et al., 2021), and
guided generation using large-scale generative lan-
guage models (Liu et al., 2020b,c). Models can
also learn to combine together simpler DA primi-
tives (Cubuk et al., 2018; Ratner et al., 2017) or add
human-in-the-loop (Kaushik et al., 2020, 2021).

4 Applications

In this section, we discuss several DA methods for
some common NLP applications.2

4.1 Low-Resource Languages

Low-resource languages are an important and chal-
lenging application for DA, typically for neural
machine translation (NMT). Techniques using ex-
ternal knowledge such as WordNet (Miller, 1995)
may be difficult to use effectively here.3 There
are ways to leverage high-resource languages for
low-resource languages, particularly if they have
similar linguistic properties. Xia et al. (2019) use
this approach to improve low-resource NMT.

Li et al. (2020b) use backtranslation and self-
learning to generate augmented training data. In-
spired by work in CV, Fadaee et al. (2017) gener-
ate additional training examples that contain low-
frequency (rare) words in synthetically created con-
texts. Qin et al. (2020) present a DA framework to
generate multi-lingual code-switching data to fine-
tune multilingual-BERT. It encourages the align-
ment of representations from source and multiple
target languages once by mixing their context in-
formation. They see improved performance across
5 tasks with 19 languages.

3Low-resource language challenges discussed more in §6.
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DA Method Ext.Know Pretrained Preprocess Level Task-Agnostic

SYNONYM REPLACEMENT (Zhang et al., 2015) 3 × tok Input 3
RANDOM DELETION (Wei and Zou, 2019) × × tok Input 3
RANDOM SWAP (Wei and Zou, 2019) × × tok Input 3
BACKTRANSLATION (Sennrich et al., 2016) × 3 Depends Input 3
SCPN (Wieting and Gimpel, 2017) × 3 const Input 3
SEMANTIC TEXT EXCHANGE (Feng et al., 2019) × 3 const Input 3
CONTEXTUALAUG (Kobayashi, 2018) × 3 - Input 3
LAMBADA (Anaby-Tavor et al., 2020) × 3 - Input ×
GECA (Andreas, 2020) × × tok Input ×
SEQMIXUP (Guo et al., 2020) × × tok Input ×
SWITCHOUT (Wang et al., 2018b) × × tok Input ×
EMIX (Jindal et al., 2020a) × × - Emb/Hidden 3
SPEECHMIX (Jindal et al., 2020b) × × - Emb/Hidden Speech/Audio
MIXTEXT (Chen et al., 2020c) × × - Emb/Hidden 3
SIGNEDGRAPH (Chen et al., 2020b) × × - Input ×
DTREEMORPH (Şahin and Steedman, 2018) × × dep Input 3
Sub2 (Shi et al., 2021) × × dep Input Substructural
DAGA (Ding et al., 2020) × × tok Input+Label ×
WN-HYPERS (Feng et al., 2020) 3 × const+KWE Input 3
SYNTHETIC NOISE (Feng et al., 2020) × × tok Input 3
UEDIN-MS (DA part) (Grundkiewicz et al., 2019) 3 × tok Input 3
NONCE (Gulordava et al., 2018) 3 × const Input 3
XLDA (Singh et al., 2019) × 3 Depends Input 3
SEQMIX (Zhang et al., 2020) × 3 tok Input+Label ×
SLOT-SUB-LM (Louvan and Magnini, 2020) × 3 tok Input 3
UBT & TBT (Vaibhav et al., 2019) × 3 Depends Input 3
SOFT CONTEXTUAL DA (Gao et al., 2019) × 3 tok Emb/Hidden 3
DATA DIVERSIFICATION (Nguyen et al., 2020) × 3 Depends Input 3
DIPS (Kumar et al., 2019a) × 3 tok Input 3
AUGMENTED SBERT (Thakur et al., 2021) × 3 - Input+Label Sentence Pairs

Table 1: Comparing a selection of DA methods by various aspects relating to their applicability, dependencies, and
requirements. Ext.Know, KWE, tok, const, and dep stand for External Knowledge, keyword extraction, tokeniza-
tion, constituency parsing, and dependency parsing, respectively. Ext.Know refers to whether the DA method re-
quires external knowledge (e.g. WordNet) and Pretrained if it requires a pretrained model (e.g. BERT). Preprocess
denotes preprocessing required, Level denotes the depth at which data is modified by the DA, and Task-Agnostic
refers to whether the DA method can be applied to different tasks. See Appendix B for further explanation.

4.2 Mitigating Bias

Zhao et al. (2018) attempt to mitigate gender
bias in coreference resolution by creating an aug-
mented dataset identical to the original but biased
towards the underrepresented gender (using gen-
der swapping of entities such as replacing "he"
with "she") and train on the union of the two
datasets. Lu et al. (2020) formally propose COUN-
TERFACTUAL DA (CDA) for gender bias mitiga-
tion, which involves causal interventions that break
associations between gendered and gender-neutral
words. Zmigrod et al. (2019) and Hall Maudslay
et al. (2019) propose further improvements to CDA.
Moosavi et al. (2020) augment training sentences
with their corresponding predicate-argument struc-
tures, improving the robustness of transformer mod-
els against various types of biases.

4.3 Fixing Class Imbalance

Fixing class imbalance typically involves a combi-
nation of undersampling and oversampling. SYN-

THETIC MINORITY OVERSAMPLING TECHNIQUE

(SMOTE) (Chawla et al., 2002), which gener-
ates augmented minority class examples through
interpolation, still remains popular (Fernández
et al., 2018). MULTILABEL SMOTE (MLSMOTE)
(Charte et al., 2015) modifies SMOTE to balance
classes for multi-label classification, where classi-
fiers predict more than one class at the same time.
Other techniques such as EDA (Wei and Zou, 2019)
can possibly be used for oversampling as well.

4.4 Few-Shot Learning

DA methods can ease few-shot learning by adding
more examples for novel classes introduced in the
few-shot phase. Hariharan and Girshick (2017)
use learned analogy transformations φ(z1, z2, x)
between example pairs from a non-novel class
z1 → z2 to generate augmented examples x→ x′

for novel classes. Schwartz et al. (2018) generalize
this to beyond just linear offsets, through their "∆-
network" autoencoder which learns the distribution
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P (z2|z1, C) from all y∗z1 = y∗z2 = C pairs, where
C is a class and y is the ground-truth labelling
function. Both these methods are applied only on
image tasks, but their theoretical formulations are
generally applicable, and hence we discuss them.

Kumar et al. (2019b) apply these and other
DA methods for few-shot learning of novel intent
classes in task-oriented dialog. Wei et al. (2021a)
show that data augmentation facilitates curriculum
learning for training triplet networks for few-shot
text classification. Lee et al. (2021) use T5 to gen-
erate additional examples for data-scarce classes.

4.5 Adversarial Examples (AVEs)

Adversarial examples can be generated using
innocuous label-preserving transformations (e.g.
paraphrasing) that fool state-of-the-art NLP mod-
els, as shown in Jia et al. (2019). Specifically,
they add sentences with distractor spans to pas-
sages to construct AVEs for span-based QA. Zhang
et al. (2019d) construct AVEs for paraphrase de-
tection using word swapping. Kang et al. (2018)
and Glockner et al. (2018) create AVEs for textual
entailment using WordNet relations.

5 Tasks

In this section, we discuss several DA works
for common NLP tasks.2 We focus on non-
classification tasks as classification is worked on
by default, and well covered in earlier sections (e.g.
§3 and §4). Numerous previously mentioned DA
techniques, e.g. (Wei and Zou, 2019; Chen et al.,
2020b; Anaby-Tavor et al., 2020), have been used
or can be used for text classification tasks.

5.1 Summarization

Fabbri et al. (2020) investigate backtranslation as a
DA method for few-shot abstractive summarization
with the use of a consistency loss inspired by UDA.
Parida and Motlicek (2019) propose an iterative DA
approach for abstractive summarization that uses a
mix of synthetic and real data, where the former is
generated from Common Crawl. Zhu et al. (2019)
introduce a query-focused summarization (Dang,
2005) dataset collected using Wikipedia called
WIKIREF which can be used for DA. Pasunuru et al.
(2021) use DA methods to construct two training
datasets for Query-focused Multi-Document Sum-
marization (QMDS) called QMDSCNN and QMD-
SIR by modifying CNN/DM (Hermann et al., 2015)
and mining search-query logs, respectively.

5.2 Question Answering (QA)

Longpre et al. (2019) investigate various DA and
sampling techniques for domain-agnostic QA in-
cluding paraphrasing by backtranslation. Yang
et al. (2019) propose a DA method using distant
supervision to improve BERT finetuning for open-
domain QA. Riabi et al. (2020) leverage Question
Generation models to produce augmented exam-
ples for zero-shot cross-lingual QA. Singh et al.
(2019) propose XLDA, or CROSS-LINGUAL DA,
which substitutes a portion of the input text with
its translation in another language, improving per-
formance across multiple languages on NLI tasks
including the SQuAD QA task. Asai and Hajishirzi
(2020) use logical and linguistic knowledge to gen-
erate additional training data to improve the accu-
racy and consistency of QA responses by models.
Yu et al. (2018) introduce a new QA architecture
called QANet that shows improved performance
on SQuAD when combined with augmented data
generated using backtranslation.

5.3 Sequence Tagging Tasks

Ding et al. (2020) propose DAGA, a two-step DA
process. First, a language model over sequences of
tags and words linearized as per a certain scheme is
learned. Second, sequences are sampled from this
language model and de-linearized to generate new
examples. Şahin and Steedman (2018), discussed
in §3.1, use dependency tree morphing (Figure 2)
to generate additional training examples on the
downstream task of part-of-speech (POS) tagging.

Dai and Adel (2020) modify DA techniques pro-
posed for sentence-level tasks for named entity
recognition (NER), including label-wise token and
synonym replacement, and show improved perfor-
mance using both recurrent and transformer models.
Zhang et al. (2020) propose a DA method based
on MIXUP called SEQMIX for active sequence la-
beling by augmenting queried samples, showing
improvements on NER and Event Detection.

5.4 Parsing Tasks

Jia and Liang (2016) propose DATA RECOMBINA-
TION for injecting task-specific priors to neural se-
mantic parsers. A synchronous context-free gram-
mar (SCFG) is induced from training data, and
new "recombinant" examples are sampled. Yu et al.
(2020) introduce GRAPPA, a pretraining approach
for table semantic parsing, and generate synthetic
question-SQL pairs via an SCFG. Andreas (2020)
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use compositionality to construct synthetic exam-
ples for downstream tasks like semantic parsing.
Fragments of original examples are replaced with
fragments from other examples in similar contexts.

Vania et al. (2019) investigate DA for low-
resource dependency parsing including dependency
tree morphing from Şahin and Steedman (2018)
(Figure 2) and modified nonce sentence genera-
tion from Gulordava et al. (2018), which replaces
content words with other words of the same POS,
morphological features, and dependency labels.

5.5 Grammatical Error Correction (GEC)
Lack of parallel data is typically a barrier for GEC.
Various works have thus looked at DA methods
for GEC. We discuss some here, and more can be
found in Table 2 in Appendix C.

There is work that makes use of additional re-
sources. Boyd (2018) use German edits from
Wikipedia revision history and use those relating
to GEC as augmented training data. Zhang et al.
(2019b) explore multi-task transfer, or the use of
annotated data from other tasks.

There is also work that adds synthetic errors to
noise the text. Wang et al. (2019a) investigate two
approaches: token-level perturbations and training
error generation models with a filtering strategy
to keep generations with sufficient errors. Grund-
kiewicz et al. (2019) use confusion sets generated
by a spellchecker for noising. Choe et al. (2019)
learn error patterns from small annotated samples
along with POS-specific noising.

There have also been approaches to improve the
diversity of generated errors. Wan et al. (2020)
investigate noising through editing the latent repre-
sentations of grammatical sentences, and Xie et al.
(2018) use a neural sequence transduction model
and beam search noising procedures.

5.6 Neural Machine Translation (NMT)
There are many works which have investigated DA
for NMT. We highlighted some in §3 and §4.1,
e.g. (Sennrich et al., 2016; Fadaee et al., 2017; Xia
et al., 2019). We discuss some further ones here,
and more can be found in Table 3 in Appendix C.

Wang et al. (2018a) propose SWITCHOUT, a
DA method that randomly replaces words in both
source and target sentences with other random
words from their corresponding vocabularies. Gao
et al. (2019) introduce SOFT CONTEXTUAL DA
that softly augments randomly chosen words in a
sentence using a contextual mixture of multiple

related words over the vocabulary. Nguyen et al.
(2020) propose DATA DIVERSIFICATION which
merges original training data with the predictions
of several forward and backward models.

5.7 Data-to-Text NLG

Data-to-text NLG refers to tasks which require gen-
erating natural language descriptions of structured
or semi-structured data inputs, e.g. game score
tables (Wiseman et al., 2017). Randomly perturb-
ing game score values without invalidating overall
game outcome is one DA strategy explored in game
summary generation (Hayashi et al., 2019).

Two popular recent benchmarks are E2E-NLG
(Dušek et al., 2018) and WebNLG (Gardent et al.,
2017). Both involve generation from structured
inputs - meaning representation (MR) sequences
and triple sequences, respectively. Montella et al.
(2020) show performance gains on WebNLG by
DA using Wikipedia sentences as targets and
parsed OpenIE triples as inputs. Tandon et al.
(2018) propose DA for E2E-NLG based on per-
muting the input MR sequence. Kedzie and McK-
eown (2019) inject Gaussian noise into a trained
decoder’s hidden states and sample diverse aug-
mented examples from it. This sample-augment-
retrain loop helps performance on E2E-NLG.

5.8 Open-Ended & Conditional Generation

There has been limited work on DA for open-ended
and conditional text generation. Feng et al. (2020)
experiment with a suite of DA methods for finetun-
ing GPT-2 on a low-resource domain in attempts
to improve the quality of generated continuations,
which they call GENAUG. They find that WN-
HYPERS (WordNet hypernym replacement of key-
words) and SYNTHETIC NOISE (randomly perturb-
ing non-terminal characters in words) are useful,
and the quality of generated text improves to a peak
at ≈ 3x the original amount of training data.

5.9 Dialogue

Most DA approaches for dialogue focus on task-
oriented dialogue. We outline some below, and
more can be found in Table 4 in Appendix C.

Quan and Xiong (2019) present sentence and
word-level DA approaches for end-to-end task-
oriented dialogue. Louvan and Magnini (2020)
propose LIGHTWEIGHT AUGMENTATION, a set of
word-span and sentence-level DA methods for low-
resource slot filling and intent classification.
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Hou et al. (2018) present a seq2seq DA frame-
work to augment dialogue utterances for dialogue
language understanding (Young et al., 2013), in-
cluding a diversity rank to produce diverse utter-
ances. Zhang et al. (2019c) propose MADA to
generate diverse responses using the property that
several valid responses exist for a dialogue context.

There is also DA work for spoken dialogue. Hou
et al. (2018), Kim et al. (2019), Zhao et al. (2019),
and Yoo et al. (2019) investigate DA methods for di-
alogue and spoken language understanding (SLU),
including generative latent variable models.

5.10 Multimodal Tasks

DA techniques have also been proposed for multi-
modal tasks where aligned data for multiple modal-
ities is required. We look at ones that involve lan-
guage or text. Some are discussed below, and more
can be found in Table 5 in Appendix C.

Beginning with speech, Wang et al. (2020) pro-
pose a DA method to improve the robustness of
downstream dialogue models to speech recognition
errors. Wiesner et al. (2018) and Renduchintala
et al. (2018) propose DA methods for end-to-end
automatic speech recognition (ASR).

Looking at images or video, Xu et al. (2020)
learn a cross-modality matching network to pro-
duce synthetic image-text pairs for multimodal clas-
sifiers. Atliha and Šešok (2020) explore DA meth-
ods such as synonym replacement and contextual-
ized word embeddings augmentation using BERT
for image captioning. Kafle et al. (2017), Yokota
and Nakayama (2018), and Tang et al. (2020) pro-
pose methods for visual QA including question
generation and adversarial examples.

6 Challenges & Future Directions

Looking forward, data augmentation faces substan-
tial challenges, specifically for NLP, and with these
challenges, new opportunities for future work arise.

Dissonance between empirical novelties and
theoretical narrative: There appears to be a con-
spicuous lack of research on why DA works. Most
studies might show empirically that a DA technique
works and provide some intuition, but it is currently
challenging to measure the goodness of a technique
without resorting to a full-scale experiment. A re-
cent work in vision (Gontijo-Lopes et al., 2020)
has proposed that affinity (the distributional shift
caused by DA) and diversity (the complexity of the

augmentation) can predict DA performance, but it
is unclear how these results might translate to NLP.

Minimal benefit for pretrained models on in-
domain data: With the popularization of large
pretrained language models, it has recently come to
light that a couple of previously effective DA tech-
niques for certain text classification tasks in English
(Wei and Zou, 2019; Sennrich et al., 2016) provide
little benefit for models like BERT and RoBERTa,
which already achieve high performance on in-
domain text classification (Longpre et al., 2020).
One hypothesis for this could be that using simple
DA techniques provides little benefit when finetun-
ing large pretrained transformers on tasks for which
examples are well-represented in the pretraining
data, but DA methods could still be effective when
finetuning on tasks for which examples are scarce
or out-of-domain compared with the training data.
Further work could study under which scenarios
data augmentation for large pretrained models is
likely to be effective.

Multimodal challenges: While there has been
increased work in multimodal DA, as discussed in
§5.10, effective DA methods for multiple modal-
ities has been challenging. Many works focus on
augmenting a single modality or multiple ones sep-
arately. For example, there is potential to further
explore simultaneous image and text augmentation
for image captioning, such as a combination of
CUTMIX (Yun et al., 2019) and caption editing.

Span-based tasks offer unique DA challenges
as there are typically many correlated classification
decisions. For example, random token replacement
may be a locally acceptable DA method but possi-
bly disrupt coreference chains for latter sentences.
DA techniques here must take into account depen-
dencies between different locations in the text.

Working in specialized domains such as those
with domain-specific vocabulary and jargon (e.g.
medicine) can present challenges. Many pretrained
models and external knowledge (e.g. WordNet)
cannot be effectively used. Studies have shown
that DA becomes less beneficial when applied to
out-of-domain data, likely because the distribution
of augmented data can substantially differ from the
original data (Zhang et al., 2019a; Herzig et al.,
2020; Campagna et al., 2020; Zhong et al., 2020).

Working with low-resource languages may
present similar difficulties as specialized domains.
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Further, DA techniques successful in the high-
resource scenario may not be effective for low-
resource languages that are of a different language
family or very distinctive in linguistic and typolog-
ical terms. For example, those which are language
isolates or lack high-resource cognates.

More vision-inspired techniques: Although
many NLP DA methods have been inspired by anal-
ogous approaches in CV, there is potential for draw-
ing further connections. Many CV DA techniques
motivated by real-world invariances (e.g. many
angles of looking at the same object) may have
similar NLP interpretations. For instance, grayscal-
ing could translate to toning down aspects of the
text (e.g. plural to singular, "awesome" → "good").
Morphing a dependency tree could be analogous
to rotating an image, and paraphrasing techniques
may be analogous to changing perspective. For ex-
ample, negative data augmentation (NDA) (Sinha
et al., 2021) involves creating out-of-distribution
samples. It has so far been exclusively explored for
CV, but could be investigated for text.

Self-supervised learning: More recently, DA
has been increasingly used as a key component
of self-supervised learning, particularly in vision
(Chen et al., 2020e). In NLP, BART (Lewis et al.,
2020) showed that predicting deleted tokens as a
pretraining task can achieve similar performance as
the masked LM, and ELECTRA (Clark et al., 2020)
found that pretraining by predicting corrupted to-
kens outperforms BERT given the same model size,
data, and compute. We expect future work will
continue exploring how to effectively manipulate
text for both pretraining and downstream tasks.

Offline versus online data augmentation: In
CV, standard techniques such as cropping, color
jittering, and rotations are typically done stochasti-
cally, allowing for DA to be incorporated elegantly
into the training pipeline. In NLP, however, it is un-
clear how to include a lightweight code module to
apply DA stochastically. This is because DA tech-
niques for NLP often leverage external resources
(e.g. a word dictionary for token substitution or a
translation model for backtranslation) that are not
easily transferable across model training pipelines.
Thus, a common practice for DA in NLP is simply
to generate augmented data offline and store it as
additional data to be loaded during training.4 Fu-
ture work on a lightweight module for online DA

4See Appendix D.

in NLP could be fruitful, though another challenge
will be determining when such a module will be
helpful, which—compared with CV, where the in-
variances being imposed are well-accepted—can
vary substantially across NLP tasks.

Lack of unification is a challenge for the cur-
rent literature on data augmentation for NLP, and
popular methods are often presented in an aux-
iliary fashion. Whereas there are well-accepted
frameworks for DA for CV (e.g. default augmen-
tation libraries in PyTorch, RandAugment (Cubuk
et al., 2019)), there are no such "generalized" DA
techniques for NLP. Further, we believe that DA
research would benefit from the establishment of
standard and unified benchmark tasks and datasets
to compare different augmentation methods.

Good data augmentation practices would help
make DA work more accessible and reproducible
to the NLP and ML communities. On top of
unified benchmark tasks, datasets, and frame-
works/libraries mentioned above, other good prac-
tices include making code and augmented datasets
publicly available, reporting variation among re-
sults (e.g. standard deviation across random seeds),
and more standardized evaluation procedures. Fur-
ther, transparent hyperparameter analysis, explic-
itly stating failure cases of proposed techniques,
and discussion of the intuition and theory behind
them would further improve the transparency and
interpretability of DA techniques.

7 Conclusion

In this paper, we presented a comprehensive and
structured survey of data augmentation for nat-
ural language processing (NLP). We provided a
background about data augmentation and how it
works, discussed major methodologically represen-
tative data augmentation techniques for NLP, and
touched upon data augmentation techniques for
popular NLP applications and tasks. Finally, we
outlined current challenges and directions for fu-
ture research, and showed that there is much room
for further exploration. Overall, we hope our paper
can serve as a guide for NLP researchers to decide
on which data augmentation techniques to use, and
inspire additional interest and work in this area.
Please see the corresponding GitHub repository at
https://github.com/styfeng/DataAug4NLP.
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Appendices

A Useful Blog Posts and Code
Repositories

The following blog posts and code repositories
could be helpful in addition to the information pre-
sented and papers/works mentioned in the body:
• Introduction to popular text augmentation

techniques: https://towardsdatascience.com/
data-augmentation-in-nlp-2801a34dfc28

• Detailed blog post on various text DA
techniques: https://amitness.com/2020/05/
data-augmentation-for-nlp/

• Lightweight library for DA on text and audio:
https://github.com/makcedward/nlpaug

• python framework for adversarial examples:
https://github.com/QData/TextAttack

B DA Methods Table - Description of
Columns and Attributes

Table 1 in the main body compares a non-
exhaustive selection of DA methods along various
aspects relating to their applicability, dependencies,
and requirements. Below, we provide a more ex-
tensive description of each of this table’s columns
and their attributes.

1. Ext.Know: Short for external knowledge, this
column is 3 when the data augmentation pro-
cess requires knowledge resources which go
beyond the immediate input examples and
the task definition, such as WordNet (Miller,
1995) or PPDB (Pavlick et al., 2015). Note
that we exclude the case where these resources
are pretrained models under a separate point
(next) for clarity, since these are widespread
enough to merit a separate category.

2. Pretrained: Denotes that the data augmenta-
tion process requires a pretrained model, such
as BERT (Devlin et al., 2019) or GPT-2 (Rad-
ford et al., 2019).

3. Preprocess: Denotes the preprocessing steps,
e.g. tokenization (tok), dependency parsing
(dep), etc. required for the DA process. A
hyphen (-) means either no preprocessing is
required or that it was not explicitly stated.

4. Level: Denotes the depth and extent to which
elements of the instance/data are modified by
the DA. Some primitives modify just the IN-
PUT (e.g. word swapping), some modify both

INPUT and LABEL (e.g. negation), while oth-
ers make changes in the embedding or hidden
space (EMBED/HIDDEN) or higher represen-
tation layers enroute to the task model.

5. Task-Agnostic: This is an approximate, par-
tially subjective column denoting the extent
to which a DA method can be applied to dif-
ferent tasks. When we say 3 here, we don’t
denote a very rigid sense of the term task-
agnostic, but mean that it would possibly eas-
ily extend to most NLP tasks as understood
by the authors. Similarly, an × denotes being
restricted to a specific task (or small group of
related tasks) only. There can be other labels,
denoting applicability to broad task families.
For example, SUBSTRUCTURAL denotes the
family of tasks where sub-parts of the input
are also valid input examples in their own
right, e.g. constituency parsing. SENTENCE

PAIRS denotes tasks which involve pairwise
sentence scoring such as paraphrase identifi-
cation, duplicate question detection, and se-
mantic textual similarity.

C Additional DA Works by Task

See Table 2 for additional DA works for GEC, Ta-
ble 3 for additional DA works for neural machine
translation, Table 4 for additional DA works for
dialogue, and Table 5 for additional DA works for
multimodal tasks. Each work is described briefly.

D Additional Figure

Figure 4: Pedro Domingos’ quip about offline data aug-
mentation.
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Paper/Work Brief Description

Lichtarge et al. (2019) Generate synthetic noised examples of Wikipedia sentences using backtranslation through
various languages.

White and Rozovskaya (2020) Detailed comparative study of the DA for GEC systems UEdin-MS (Grundkiewicz et al., 2019)
and Kakao&Brain (Choe et al., 2019).

Foster and Andersen (2009) Introduces error generation tool called GenERRate which learns to generate ungrammatical
text with various errors by using an error analysis file.

Kimn (2020) Use a set of syntactic rules for common Japanese grammatical errors to generate augmented
error-correct sentence pairs for Japanese GEC.

Felice (2016) Thesis that surveys previous work on error generation and investigates some new approaches
using random and probabilistic methods.

Xu et al. (2019) Noises using five error types: concatenation, misspelling, substitution, deletion, and transposi-
tion. Decent performance on the BEA 2019 Shared Task.

Zhang et al. (2019b) Explore backtranslation and feature discrimination for DA.
Mizumoto et al. (2011) DA by extracting Japanese GEC training data from the revision log of a language learning SNS.

Table 2: Additional DA works for grammatical error correction (GEC), along with a brief description of each.

Paper/Work Brief Description

Vaibhav et al. (2019) Present a synthetic noise induction model which heuristically adds social media noise to text,
and labeled backtranslation.

Hassan et al. (2017) Present a DA method to project words from closely-related high-resource languages to low-
resource languages using word embedding representations.

Cheng et al. (2020) Propose AdvAug, an adversarial augmentation method for NMT, by sampling adversarial
examples from a new vicinity distribution and using their embeddings to augment training.

Graça et al. (2019) Investigate improvements to sampling-based approaches and the synthetic data generated by
backtranslation.

Bulte and Tezcan (2019) Propose DA approaches for NMT that leverage information retrieved from a Translation
Memory (TM) and using fuzzy TM matches.

Moussallem et al. (2019) Propose an NMT model KG-NMT which is augmented by knowledge graphs to enhance
semantic feature extraction and hence the translation of entities and terminological expressions.

Peng et al. (2020) Propose dictionary-based DA (DDA) for cross-domain NMT by synthesizing a domain-specific
dictionary and automatically generating a pseudo in-domain parallel corpus.

Li et al. (2020a) Present a DA method using sentence boundary segmentation to improve the robustness of NMT
on ASR transcripts.

Nishimura et al. (2018) Introduce DA methods for multi-source NMT that fills in incomplete portions of multi-source
training data.

Sugiyama and Yoshinaga (2019) Investigate effectiveness of DA by backtranslation for context-aware NMT.
Li and Specia (2019) Present DA methods to improve NMT robustness to noise while keeping models small, and

explore the use of noise from external data (speech transcripts).
Chinea-Ríos et al. (2017) Propose DA method to create synthetic data by leveraging the embedding representation of

sentences.
Alves et al. (2020) Propose two methods for pipeline-based speech translation through the introduction of errors

through 1. utilizing a speech processing workflow and 2. a rule-based method.
Kang (2019) Investigate extremely low-resource settings for NMT and a DA approach using a noisy dictio-

nary and language models.
Chen et al. (2020a) Investigate a DA method for lexically constraint-aware NMT to construct constraint-aware

synthetic training data.
Li et al. (2020b) Propose a diversity DA method for low-resource NMT by generating diverse synthetic parallel

data on both source and target sides using a restricted sampling strategy during decoding.
Duan et al. (2020) Propose syntax-aware DA methods with sentence-specific word selection probabilities using

dependency parsing.

Table 3: Additional DA works for neural machine translation (NMT), along with a brief description of each.
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Paper/Work Brief Description

Gao et al. (2020) Propose a paraphrase augmented response generation (PARG) framework to improve dialogue generation by
automatically constructing augmented paraphrased training examples based on dialogue state and act labels.

Gritta et al. (2021) Introduce a graph-based representation of dialogues called Conversation Graph (ConvGraph) that can be
used for DA by creating new dialogue paths.

Yin et al. (2020) Propose an RL-based DA approach for dialogue state tracking (DST).
Song et al. (2020) Propose a simple DA algorithm to improve the training of copy-mechanism models for dialogue state

tracking (DST).

Table 4: Additional DA works for dialogue, along with a brief description of each.

Paper/Work Brief Description

Huang et al. (2018) Propose a DA method for emotion recognition from a combination of audio, visual, and textual modalities.
Mou et al. (2020) Introduce a DA method for Audio-Video Scene-Aware Dialogue, which involves dialogue containing a

sequence of QA pairs about a video.
Falcon et al. (2020) Investigate DA techniques for video QA including mirroring and horizontal flipping.

Table 5: Additional DA works for multimodal tasks, along with a brief description of each.

988



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 989–1002
August 1–6, 2021. ©2021 Association for Computational Linguistics

Why Machine Reading Comprehension Models Learn Shortcuts?

Yuxuan Lai, Chen Zhang, Yansong Feng∗ , Quzhe Huang, and Dongyan Zhao
Wangxuan Institute of Computer Technology, Peking University, China

The MOE Key Laboratory of Computational Linguistics, Peking University, China
{erutan, zhangch, fengyansong, huangquzhe, zhaody}

@pku.edu.cn

Abstract

Recent studies report that many machine read-
ing comprehension (MRC) models can per-
form closely to or even better than humans on
benchmark datasets. However, existing works
indicate that many MRC models may learn
shortcuts to outwit these benchmarks, but the
performance is unsatisfactory in real-world ap-
plications. In this work, we attempt to ex-
plore, instead of the expected comprehension
skills, why these models learn the shortcuts.
Based on the observation that a large portion
of questions in current datasets have shortcut
solutions, we argue that larger proportion of
shortcut questions in training data make mod-
els rely on shortcut tricks excessively. To in-
vestigate this hypothesis, we carefully design
two synthetic datasets with annotations that
indicate whether a question can be answered
using shortcut solutions. We further propose
two new methods to quantitatively analyze
the learning difficulty regarding shortcut and
challenging questions, and revealing the inher-
ent learning mechanism behind the different
performance between the two kinds of ques-
tions. A thorough empirical analysis shows
that MRC models tend to learn shortcut ques-
tions earlier than challenging questions, and
the high proportions of shortcut questions in
training sets hinder models from exploring the
sophisticated reasoning skills in the later stage
of training.

1 Introduction

The task of machine reading comprehension
(MRC) aims at evaluating whether a model can un-
derstand natural language texts by answering a se-
ries of questions. Recently, MRC research has seen
considerable progress in terms of model perfor-
mance, and many models are reported to approach
or even outperform human-level performance on

∗Corresponding author.

P: ... Begun as a    one-page journal  in September 1876 , 

the  Scholastic magazine is issued twice monthly and 
 

claims to be the oldest continuous collegiate publication 
 

in the United States� …

Q.1: When did the Scholastic journal   come out  ?

Coreference

Paraphrasing

Answer

 Question Word Matching

Comprehension Challenge
Shortcut

Figure 1: An illustration of shortcuts in Machine Read-
ing Comprehension. P is an excerpt of the original pas-
sage.

different benchmarks. These benchmarks are de-
signed to address challenging features, such as evi-
dence checking in multi-document inference (Yang
et al., 2018), co-reference resolution (Dasigi et al.,
2019), dialog understanding (Reddy et al., 2019),
symbolic reasoning (Dua et al., 2019), and so on.

However, recent analysis indicates that many
MRC models unintentionally learn shortcuts to
trick on specific benchmarks, while having infe-
rior performance in real comprehension challenges
(Sugawara et al., 2018). For example, when answer-
ing Q.1 in Figure 1, we expect an MRC model to
understand the semantic relation between come out
and begun, and output the answer, September 1876,
by bridging the co-reference among Scholastic jour-
nal, Scholastic magazine and one-page journal. In
fact, a model can easily find the answer without
following the mentioned reasoning process, since
it can just recognize September 1876 as the only
time expression in the passage to answer a when
question. We consider such kind of tricks that use
partial evidence to produce, perhaps unreliable,
answers as shortcuts to the expected comprehen-
sion challenges, e.g., co-reference resolution in this
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example. The questions with shortcut solutions
are referred to as shortcut questions. For clarity,
a model is considered to have learned shortcuts
when it relies on those tricks to obtain correct an-
swers for most shortcut questions while perform-
ing worse on questions where challenging skills
are necessary.

Previous works have found that, relying on short-
cut tricks, models may not need to pay attention to
the critical components of questions and documents
(Mudrakarta et al., 2018) in order to get the correct
answers. Thus, many current MRC models can
be either vulnerable to disturbance (Jia and Liang,
2017), or lack of flexibility to question/passage
changes (Sugawara et al., 2020). These efforts dis-
close the impact of shortcut phenomenon on MRC
studies. However, concerns have been raised on
why MRC models learn these shortcuts while ig-
noring the designed comprehension challenges.

To properly investigate this problem, our first
obstacle is that there are no existing MRC datasets
that are labeled whether a question has shortcut
solutions. This deficiency makes it hard to for-
mally analysis how the performance of a model
is affected by the shortcuts questions, and almost
impossible to examine whether the model correctly
answers a question via shortcuts. Secondly, pre-
vious methods disclose the shortcut phenomenon
by analyzing the model outputs through a series of
carefully designed experiments, but fail to explain
how the MRC models learn the shortcuts tricks.
We need new methods to help us quantitatively in-
vestigate the learning mechanisms that make the
difference when MRC models learn to answer the
shortcuts questions and questions that require chal-
lenging reasoning skills.

In this work, we carefully design two synthetic
MRC datasets to support our controlled experimen-
tal analysis. Specifically, in these datasets, each
(passage, question) instance has a shortcut version
paired with a challenging one where complex com-
prehension skills are required to answer the ques-
tion. Our construction method ensures that the two
versions of questions are as close as possible, in
terms of style, size, and topics, which enable us to
conduct controlled experiments regarding the nec-
essary skills to obtain answers. We design a series
of experiments to quantitatively explain how short-
cut questions affect MRC model performance and
how the models learn these tricks and challenging
skills during the training process. We also propose

two evaluation methods to quantify the learning
difficulty of specific question sets. We find that
shortcut questions are usually easier to learn, and
the dominant gradient-based optimizers drive MRC
models to learn the shortcut questions earlier in the
learning process. The priority of fitting shortcut
questions hinders models from exploring sophis-
ticated reasoning skills in later stage of training.
Our code and datasets can be found in https://

github.com/luciusssss/why-learn-shortcut

To summarize, our main contributions are the
following: 1) We design two synthetic datasets
to study two commonly seen shortcuts in MRC
benchmarks, question word matching and simple
matching, against a challenging reasoning pattern
paraphrasing. 2) We propose two simple methods
as a probe to help investigate the inherent learning
mechanism behind the different performance on
shortcut questions and challenging ones. 3) We
conduct thorough experiments to quantitatively ex-
plain the behaviors of MRC models under different
settings, and show that the proportions of shortcut
questions greatly affect model performance, which
may hinder MRC models from learning sophisti-
cated reasoning skills.

2 Synthetic Dataset Construction

To study the impact of shortcut questions in model
training, we require the datasets to be annotated
with whether each question has shortcut solutions,
or can only be answered via complex reasoning.
However, none of existing MRC datasets have such
annotations. We thus design two synthetic datasets
where it is known whether shortcut solutions exist
for a question.

More importantly, we need to conduct controlled
experiments and ensure, for each question, the ex-
istence of shortcuts solutions is the only indepen-
dent variable. The extraneous variables, such as
sizes of datasets, topics, answer types, and even the
vocabulary, should be controlled relatively steady.
Thus, in our designed datasets, each entry has a
shortcut version instance and a challenging version.
The question of the shortcut version can be cor-
rectly solved by a certain shortcut trick, while an
expected comprehension skill is required to deal
with the challenging version. Note that we expect
the two versions of questions are as close as possi-
ble so that we can switch between the two versions
freely while maintaining other factors relatively
steady.
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SpM-ParaQWM-Para
Q.3: Who was rated as the most powerful female musician?
P: Forbes Magazine rated Beyonce as the most powerful female 
musician. She released a new album with  Lisa…

Q�2: Who was rated as the most powerful female musician?
P: Forbes Magazine rated Beyonce as the most powerful female 
musician. She released a new album with Lisa…

Q.2:Who was named the 
most influential music girl?

Step1 Paraphrase 
Question

Step2
Drop Redundant 

Entities

Q.2: Who was named the most 
influential music girl?
P: Forbes Magazine rated 
Beyonce as the most powerful 
female musician…

Q.2: Who was named the most 
influential music girl?
P: Forbes Magazine rated 
Beyonce as the most powerful 
female musician. She released a 
new album with Lisa…

Shortcut Version Challenging Version

Step1 Paraphrase 
Answer Sentence

P: Forbes Magazine named Beyonce 
as the most influential music creator.

Q.3: Who was rated as the most 
powerful female musician?
P: She released a new album with  
Lisa… Forbes Magazine named 
Beyonce as the most influential 
music creator. Forbes Magazine 
rated Beyonce as the most powerful 
female musician. 

Step2 Inject & 
Sentence Shuffle

Step3 Substitute & 
Sentence Shuffle

Q.3: Who was rated as the 
most powerful female 
musician?
P: She released a new album 
with  Lisa… Forbes Magazine 
named Beyonce as the most 
influential music creator.

Shortcut Version Challenging Version

Figure 2: An illustration of how the instances in the synthetic datasets are constructed from original SQuAD data.
Each instance has a shortcut version paired with a challenging version where comprehension skills are necessary.

In this work, we focus on paraphrasing (Para)
as the complex reasoning challenge, since it widely
exists in many recent MRC datasets (Trischler et al.,
2017; Reddy et al., 2019; Clark et al., 2019). The
paraphrasing challenge requires MRC models to
identify the same meaning represented in different
words. Regarding the shortcut tricks, we study two
typical kinds: question word matching (QWM) and
simple matching (SpM) (Sugawara et al., 2018).
For QWM, MRC models can simply obtain an an-
swer phrase by recognizing the expected entity type
confined by the wh-question words of question Q.
For SpM, a model can find the answers by identi-
fying the word overlap between answer sentences
and the questions.

QWM-Para Dataset: As elaborated in Algo-
rithm 1, given an original instance (Q,P ) from
SQuAD (Rajpurkar et al., 2016), we paraphrase
the question Q in Qp to embed the paraphrasing
challenge, and derive the corresponding shortcut
version by dropping the sentences containing other
entities with the matched type according to the
question words from the given passage.

An example is shown in the left of Figure 2. In
the challenging version of Q.2, both Beyonce and
Lisa are person names which match the question
word who. Thus, one should at least recognize
the paraphrasing relationship between named the
most influential music girl and rated as the most
powerful female musician to distinguish between
the two names to infer the correct answer. For the

Algorithm 1 Construction of QWM-Para
Input: SQuAD
Output: QWM-Para
1: QWM-Para← ∅
2: for each instance (Q,P ) in SQuAD do
3: if Q does not start with who, when, where then
4: Discard this instance.
5: end if
6: if the answer sentence contains other entities matching

the question word then
7: Discard this instance.
8: end if
9: Use back translation to paraphrase Q, obtain Qp

10: if the non-stop-word overlap rate between Qp and the
answer sentence > 25% then

11: Discard the instance.
12: end if
13: Delete sentences in passage P that does not contain

the golden answer but containing other entities matching
the question word, note the modified passage as Ps.

14: Is ← the shortcut instance version (Qp, Ps)
15: Ic ← the challenging instance version (Qp, P )
16: Append the pair of questions, (Is, Ic), to QWM-Para.
17: end for

shortcut version, removing the sentence containing
Lisa from the passage, which is also of the expected
answer type person indicated by the question word
who, would help a model easily get the correct
answer, Beyonce.

SpM-Para Dataset: As shown in Algorithm 2,
for instances from SQuAD, we paraphrase the an-
swer sentences in the passage to embed the para-
phrasing challenge and obtain its challenging ver-
sion. We insert the paraphrased answer sentence
in front of the original one in the passage to con-
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Algorithm 2 Construction of SpM-Para
Input: SQuAD
Output: SpM-Para
1: SpM-Para← ∅
2: for each instance (Q,P ) in SQuAD do
3: if the non-stop-word overlap rate between Q and the

answer sentence S < 75% then
4: Discard the instance.
5: end if
6: Use back translation to paraphrase the answer sen-

tence S in P , obtain Sp.
7: if the answer span no longer exists in Sp then
8: Discard this instance.
9: end if

10: if the non-stop-word overlap rate between Q and Sp
> 25% then

11: Discard the instance.
12: end if
13: Replace S in P with Sp and shuffle sentences, noted

the modified passage as Pc.
14: Append Sp to P and shuffle sentences, noted the

modified passage as Ps.
15: Is ← the shortcut instance version (Q,Ps)
16: Ic ← the challenging instance version (Q,Pc)
17: Appen d the pair of questions, (Is, Ic), to SpM-Para.
18: end for

struct the corresponding shortcut version, where a
model can obtain the answers by either identifying
the paraphrase in the passage or using the simple
matching trick via the original answer sentences.
We randomly shuffle all sentences in the passage
to prevent models from learning the pattern of sen-
tence orders in the shortcut version, i.e., there are
two adjacent answer sentences in the passage. Here,
we assume the sentence-level shuffling operation
will not affect the answers and solutions for most
questions, since the supporting evidence is often
concentrated in a single sentence. This can also
be supported by Sugawara et al. (2020)’s findings
that the performance of BERT-large (Devlin et al.,
2019) on SQuAD only drops by around 1.2% after
sentence order shuffling.

For example, in the shortcut version of Q.3
shown in the right of Figure 2, MRC models can
find the answer, Beyonce, either from the matching
context, rated as the most powerful female musi-
cian, or via the paraphrased one, named as the most
influential music girl. For the challenging version,
only the paraphrased answer sentence is provided,
thus, the paraphrasing skill is necessary.

Dataset Details Our synthetic training and test
sets are derived from the accessible training and
development sets of SQuAD, respectively. We
adopt back translation to obtain paraphrases of texts
(Dong et al., 2017). A sentence is translated from
English to German, then to Chinese, and finally

back to English to obtain its paraphrased version.1

The QWM-Para dataset contains 7072 entries,
each containing two versions of (question, passage)
tuples, 6306/766 for training and testing, respec-
tively. And for SpM-Para, there are 8514 entries,
7562/952 for training and testing, respectively.

Quality Analysis We randomly sample 20 en-
tries from each training set of the synthetic datasets,
manually analyzing their answerability. We find
that 76/80 questions could be correctly answered.
The unanswerable questions result from the wrong
paraphrasing. Furthermore, among the answerable
questions, the paraphrasing skill is necessary in
30 out of 36 questions in the challenging version,
and 36 out of 40 questions of the shortcut version
can be correctly answered via the corresponding
shortcut trick.

3 How the Shortcut Questions Affect
Model Performance?

Previous efforts show that shortcut questions
widely exist in current datasets (Sugawara et al.,
2020). However, there are few quantitative analysis
to discuss how these shortcut questions affect the
model performance. A reasonable guess is that,
when trained with too many shortcut questions, the
models tend to fit the shortcut tricks, which are
possible solutions to a large amount of questions
in training. We thus argue that the high propor-
tions of shortcut questions in training data make
models rely on the shortcut tricks.

One straightforward way to elaborate on this
point is to observe the model performance on chal-
lenging test questions when the model is trained
with different proportions of shortcut questions.
For example, if a model trained on a dataset, in
which 90% of questions are shortcut ones, can-
not perform as well as its 10% variant on chal-
lenging test questions, that will probably indicate
that higher proportions of shortcut questions in the
training data may hinder the model from learning
other challenging skills.

Setup We evaluate two popular MRC models,
BiDAF (Minjoon et al., 2017) and BERT-base (De-
vlin et al., 2019), which are widely adopted in the
research for shortcut phenomena (Sugawara et al.,
2018; Min et al., 2019; Si et al., 2019; Sugawara
et al., 2020). For each combination of model and

1We use Baidu Translate API (http://api.fanyi.
baidu.com).
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Figure 3: F1 scores on challenging and shortcut questions with different proportions of shortcut questions in
training. The error bars represent the standard deviations of five runs.

dataset, we train 10 versions of the model, adjusting
the proportion of shortcut questions in the training
set from 0% to 90%, and report performance on
pure challenging and pure shortcut test sets. We
report the mean and standard deviation in five runs
to alleviate the impact of randomness. Detailed
settings are elaborated in Appendix A.

Results and Analysis Figure 3 shows the per-
formance of BiDAF and BERT on QWM-Para and
SpM-Para when trained with various proportions of
shortcut questions. For both models, the F1 scores
on challenging versions of both test sets drop sub-
stantially with the increase in shortcut questions
for training (Figure 3 (a) ∼ (d)). This result indi-
cates that higher proportions of shortcut questions
in training limit the model’s ability to solve chal-
lenging questions.

Take BiDAF on QWM-Para as an example (Fig-
ure 3 (a)). The F1 score on the test set of challeng-
ing questions is 69% after training BiDAF with
a dataset entirely composed of challenging ques-
tions, showing that even a simple model is able
to learn the paraphrasing skill from shortcut-free
training data. As the proportion of shortcut train-
ing questions increases, the model tends to learn
shortcut tricks and performs worse on the chal-
lenging testing data. The F1 score on challenging
questions drops to 55% when 90% of the training
data are shortcut questions. This drop shows that
training data with a high proportion of shortcuts
actually hinders the model from capturing para-
phrasing skills to solve challenging questions. In
contrast, the performance on shortcut questions are
relative steady to the changes of shortcut propor-
tions during training. When trained with sufficient
challenging questions, models not only perform
well on comprehension challenges, but also cor-
rectly answer the shortcut questions where only
partial evidence is required.

In Figure 3, we can observe similar trends in
model performance on SpM-Para. The perfor-

mance on challenging questions also drops with
higher proportions of shortcut training questions.
Compared with BiDAF, although the overall scores
of BERT are better, BERT also performs poorly
on questions that require to perform paraphras-
ing when trained with more shortcut questions, as
shown in Figure 3 (b) & (d).

Case Study When answering the example ques-
tion Q.4 from QWM-Para, BiDAF trained with
pure challenging questions tends to detect the cor-
relation between graduate and received his mas-
ter’s degree, and locates the correct answer 1506
when there are two spans matching the question
word when. However, when there are more than
70% shortcut questions in training, BiDAF only
captures the type constraint from the question word
when, and fails to identify the paraphrasing phe-
nomenon to answer the challenging version.

Q.4: When did Luther graduate?
P-challenging: In 1501, at the age of 19, he entered the
University of Erfurt. ... He received his master’s degree in
[1506]Ans
P-shortcut: He received his master’s degree in [1506]Ans

4 Whether Question Word Matching is
Easier to Learn than Paraphrasing?

It is still confusing that, with the coexistence of
both shortcut and challenging questions for train-
ing, even in a 50%-50% distribution, both BERT
and BiDAF still learn shortcut tricks better, thus,
achieve much higher performance on shortcut ques-
tions comparing to the challenging ones. We think
one possible reason is that MRC models may learn
the shortcut tricks, like QWM, with less compu-
tational resources than the comprehension chal-
lenges, like identifying paraphrasing. In this case,
MRC models could better learn the shortcut tricks
with equal or even lower proportions of shortcut
questions during training.
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Figure 4: F1 scores on training sets when BERT learns challenging and shortcut questions with different optimiz-
ing steps ((a) & (b)) and parameter size (represented by the unmasked hidden size in the last hidden layer of BERT,
(c) & (d)). The error bars represent the standard deviations of five runs.

To validate this hypothesis, we propose two sim-
ple but effective methods to measure the difference
in required computational resources. Specifically,
we can train models with either pure shortcut ques-
tions or challenging ones, and compare the learning
speed and required parameter sizes when achieving
certain performance levels on the training sets.

For learning speed, we train MRC models with
different steps and observe how the performance
changes. Intuitively, models should converge faster
on easier training data.

For parameter sizes, our intuition is that the mod-
els should learn the easier questions with fewer
parameters. However, the high computational con-
sumption prevents us from pre-training the models
like BERT with different parameter sizes. To simu-
late BERT with fewer parameters, we mask some
hidden units in the last hidden layer of BERT and
use the number of unmasked units to reflect the
parameter size. The information in these masked
units could not be conveyed to the span boundary
prediction module. Thus, only partial parameters
could be used to make the final predictions.

Setup We use BERT as the basic learner and
train on the training sets of QWM-Para and SpM-
Para. We report model performance on the training
data with various learning settings. We use all the
parameters when adjusting learning steps. When
tuning parameter size, we fix the learning steps
to 400 and 450 for QWM-Para and SpM-Para, re-
spectively. All other settings including batch size,
optimizer, and learning rate are fixed. We report the
mean and standard deviation in five runs to allevi-
ate the impact of randomness. The implementation
details are similar to §3, elaborated in Appendix A.

Results and Analysis Figure 4 compares the
performance of BERT trained on the shortcut ques-
tions and challenging questions separately under
different settings. On both QWM-Para and SpM-

Para, BERT converges faster in learning short-
cut questions than learning challenging ones (Fig-
ure 4 (a) & (b)). When fixing the training steps,
BERT could learn to answer the shortcut questions
with fewer parameters (Figure 4 (c) & (d)). These
results show that shortcut questions may be easier
for models to learn than the ones requiring complex
reasoning skills.

Take QWM-Para as an example. As can be seen
from Figure 4 (a), BERT trained on the shortcut
questions achieves a 90% F1-score on the training
set after 250 steps. When trained on the challenging
version, this score will not reach 90% until 350
steps. This result indicates that models could learn
to answer the shortcut questions with the QWM
trick faster than the paraphrasing skill.

When we train BERT on QWM-Para with differ-
ent numbers of output units masked (Figure 4 (c)),
BERT could reach the F1-score of 91% on shortcut
data with no fewer than 96 unmasked hidden units.
However, when trained on the challenging ques-
tions, BERT has to use 384 hidden units to reach
the 91% F1 score, which indicates that the ques-
tions with the paraphrasing challenge may require
more parameters to learn.

We observe similar trends on SpM-Para (Fig-
ure 4 (b) & (d)). BERT requires more parameters
and training steps to learn the challenging version
questions in SpM-Para than the shortcut version.
To some extent, these results confirm our hypothe-
sis that learning to answer questions with shortcut
tricks like SpM or QWM requires smaller amounts
of computational resources than the questions re-
quiring challenging skills like paraphrasing.

Case Study For the example question Q.5,
BERT trained on shortcut questions could correctly
answer its shortcut version and find the only loca-
tion name, Palácio da Alvorada, with only 48 un-
masked hidden units. However, when trained with
the challenging data only, the model predicts the
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other location name, the Monumental Axis as the
answer with such parameter size. BERT could not
recognize the paraphrasing relationship between
the place the president live and presidential resi-
dence and choose the correct answer, Palácio da
Alvorada, from the distracting location name, until
using all 748 parameters.

Q.5: Where does the president of Brazil live, in Por-
tuguese?
P-challenging: ... on a triangle of land jutting into the
lake, is the Palace of the Dawn ([Palácio da Alvorada]Ans;
the presidential residence). Between the federal and civic
buildings on the Monumental Axis is the city ’s cathedral...
P-shortcut: ... on a triangle of land jutting into the lake,
is the Palace of the Dawn ([Palácio da Alvorada]Ans; the
presidential residence)

5 How do Models Learn Shortcuts?

In previous section, we show that shortcut ques-
tions are easier to learn compared to the questions
that require the complex paraphrasing skill. Then,
it is interesting that, trained with a mixture of both
versions of questions, how such discrepancy affects
or even drives the learning procedure, e.g., how the
increasing of challenging training questions allevi-
ate the over reliance on shortcut tricks.

We guess one of the possible reasons is how
most existing MRC models are optimized. We hy-
pothesize that with a larger proportion of shortcut
questions for training, the models have learned
the shortcut tricks at the early stage, which may
affect the models’ further exploration for chal-
lenging skills. In other words, in the early stage of
training, models tend to find the easiest way to fit
the training data with gradient descent. Since the
shortcut tricks require less computational resources
to learn, fitting these tricks may be a priority. Af-
terwards, since the shortcut trick can be used to
answer most of the training questions correctly, the
limited unsolved questions remained may not moti-
vate the models to explore sophisticated solutions
that require challenging skills.

To validate this idea, we investigate how the mod-
els converge during training with different shortcut
proportions in the training data. Notice that if a
model can only answer the shortcut version of a
question correctly, it is highly likely that the model
only adopts the shortcut trick for this question in-
stead of performing sophisticated reasoning skills.
Thus, we think the performance gap on two ver-
sions of test data may indicate to what extent the
model relies on the shortcut tricks, e.g., the smaller

the performance gap is, the stronger complex rea-
soning skills the model have learned.

Setups We explore how BERT and BiDAF con-
verge with 10% and 90% shortcut training ques-
tions on QWM-Para and SpM-Para. We report the
F1 scores on the challenging and shortcut test ques-
tions, respectively, and together with their perfor-
mance gaps. We compare the model performance
at different learning steps to investigate when and
how well the models learn the shortcut tricks and
the challenging comprehension skills. The imple-
mentation details are the same as §3, elaborated in
Appendix A.

Results and Analysis Figure 5 illustrates how
the MRC models converge during training under
different settings. The gap line (green with “?”)
shows the gap between models’ performance on
shortcut questions and that on challenging ones.

For all settings, in the first few epochs, the
model performance on shortcut questions increases
rapidly, much faster than that on challenging ques-
tions, causing a steep rise of the performance gap.
This result indicates that models may learn the
shortcut tricks at the early stage of training, thus
quickly and correctly answering more shortcut
questions. And then, for the following epochs after
reaching the peaks, the gap lines slightly go down
(Figure 5 (a), (c), (e), and (f)) or maintain almost
unchanged (Figure 5 (b), (d), (g), and (h)), which
also indicates the models may learn the challeng-
ing skills later than shortcut tricks. One possible
reason is the gradient based optimizer drives the
model to optimize the global target greedily via
the easiest direction. Thus, trained with a mix-
ture of shortcut and challenging questions, models
choose to learn the shortcut tricks, which require
less computational resources to learn, earlier than
the sophisticated paraphrasing skills.

Comparing models with different proportions of
shortcut training questions, we find that, with 90%
shortcut training questions (Figure 5 (b), (d), (f)
and (h)), the performance gap remains at a high
level in the later training stage, where the perfor-
mance on the challenging test questions is relatively
lower. These results provide evidence that, for most
cases, after fitting on the shortcut questions, models
seem to fail to explore the sophisticated reasoning
skills.

When there are only 10% of shortcut training
data (Figure 5 (a), (c), (e), and (g)), we can ob-

995



0 200 400 600 800 1000

20

30

40

50

60

70

80

90

100
(a) BiDAF on QWM-Para, 10%

Challenging
Shortcut

0 200 400 600 800 1000

20

30

40

50

60

70

80

90

100
(b) BiDAF on QWM-Para, 90%

Challenging
Shortcut

0 500 1000 1500 2000 2500
5

10

15

20

25

30

35

40

45

50
(c) BiDAF on SpM-Para, 10%

Challenging
Shortcut

0 500 1000 1500 2000 2500
5

10

15

20

25

30

35

40

45

50
(d) BiDAF on SpM-Para, 90%

Challenging
Shortcut

0 100 200 300 400 500
30

40

50

60

70

80

90

100

110
(e) BERT on QWM-Para, 10%

Challenging
Shortcut

0 100 200 300 400 500
30

40

50

60

70

80

90

100

110
(f) BERT on QWM-Para, 90%

Challenging
Shortcut

0 200 400 600 800 1000

20

30

40

50

60

70

80

90
(g) BERT on SpM-Para, 10%

Challenging
Shortcut

0 200 400 600 800 1000

20

30

40

50

60

70

80

90
(h) BERT on SpM-Para, 90%

Challenging
Shortcut

14

16

18

20

22

24

26

28

30

Gap (Shortcut-Challenging)
15

20

25

30

35

40

Gap (Shortcut-Challenging) 0

2

4

6

8

10

12

Gap (Shortcut-Challenging) 0

2

4

6

8

10

12

Gap (Shortcut-Challenging)

0

5

10

15

20

25

30

35

40

Gap (Shortcut-Challenging)
5

10

15

20

25

30

35

40

45

50

Gap (Shortcut-Challenging)
0

10

20

30

40

50

Gap (Shortcut-Challenging)
10

20

30

40

50

60

Gap (Shortcut-Challenging)

Figure 5: F1 scores on challenging and shortcut questions with different training steps under different settings.
10% and 90% are the proportions of shortcut questions in the training datasets. Gaps (green lines with “?” dots)
represent the performance gap between shortcut questions and challenging ones, which is smoothed by averaging
over fixed-size windows to mitigate periodic fluctuations.

serve that after a few hundreds of steps, the gap
lines stop increasing and even slightly go down.
This phenomenon shows that higher proportions
of challenging questions in the training set could
encourage the models to explore the sophisticated
reasoning skills, but in a later stage of training.

Take BiDAF trained on QWM-Para as an exam-
ple (Figure 5 (a) & (b)). The F1 scores on shortcut
test questions increase quickly in the first 300 steps,
while the performance gap also widens rapidly, in-
dicating a possible fast fitting on the shortcut tricks.
In Figure 5 (b), with 90% shortcut training ques-
tions, the model performance on challenging ques-
tions are relatively steady during the next 800 steps,
while the F1 score on shortcut questions maintains
a high level of about 85%. This result shows that
after fitting on the shortcut tricks, the model trained
with a higher shortcut proportion has almost cor-
rectly answered all the shortcut questions but fail to
answer the challenging ones. Actually, with the gra-
dient based optimizer, it is difficult for the model
to learn the challenging questions while keeping
the high performance on the shortcut ones, which
account for 90% of the training set. We guess it
is because the few unsolved challenging questions
could not motivate the model to explore sophisti-
cated reasoning skills.

On the contrary, when 90% of the training data
require challenging skills, the gap line peaks at
0.27, as shown in Figure 5 (a). Afterwards, the gap
decreases to 0.24, with the F1 score on challenging

questions increasing to more than 60%. Larger pro-
portions of challenging questions for training pre-
vent the models from heavily relying on the short-
cut tricks. This phenomenon may be because, with
fewer shortcut questions in training, the fitting of
shortcut tricks only benefits the training objective
in a small favor. The large number of challenging
questions that can not be correctly answered during
the early training steps now encourage models to
explore more complicated reasoning skills.

Case Study When answering the example ques-
tion Q.6 from SpM-Para, BERT trained with 10%
shortcut questions tends to learn the simple match-
ing trick quickly and correctly answers the shortcut
version as early as 380 steps. However, the model
cannot correctly answer the challenging variant un-
til 630 steps. This difference demonstrates that,
training with both type of questions, BERT can
learn the simple matching trick earlier than identi-
fying the required paraphrasing between why de-
fections occur and errors caused by.

Q.6: Why do these defections occur?
P-challenging: ... Most of these errors are caused by
[economic or financial factors]Ans ...
P-shortcut: ... Most of these defections occur because of
[economic or financial factors]Ans. Most of these errors
are caused by [economic or financial factors]Ans. ...
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6 Related Works

Reading documents to answer natural language
questions has drawn more and more attention in
recent years (Xu et al., 2016; Minjoon et al., 2017;
Lai et al., 2019; Glass et al., 2020). Most previous
works focus on revealing the shortcut phenomenon
in MRC from different perspectives. They find
that manually designed features (Chen et al., 2016)
or simple model architectures (Weissenborn et al.,
2017) could obtain competitive performance, indi-
cating that complicated inference procedure may
be dispensable. Even without reading the entire
questions or documents, models can still correctly
answer a large portion of the questions (Sugawara
et al., 2018; Kaushik and Lipton, 2018; Min et al.,
2019). Therefore, current MRC datasets may lack
the benchmarking capacity on requisite skills (Sug-
awara et al., 2020), and models may be vulnerable
to adversarial attacks (Jia and Liang, 2017; Wal-
lace et al., 2019; Si et al., 2019). However, they
do not formally discuss or analyze why models
could learn shortcuts from the perspectives of the
learning procedure.

On the way of designing better MRC datasets,
Jiang and Bansal (2019) construct adversarial ques-
tions to guide model learning the multi-hop reason-
ing skills. Bartolo et al. (2020) propose a model-in-
loop paradigm to annotate challenging questions.
More recent works (Jhamtani and Clark, 2020; Ho
et al., 2020) propose new datasets with evidence
based metrics to evaluate whether the questions are
solved via shortcuts. Our work aims at providing
empirical evidence and analysis to the community
by tracing into the learning procedure and explain-
ing how the MRC models learn shortcuts, which is
orthogonal to the existing works.

For a more general machine learning perspec-
tive, there are also efforts trying to explain how
models learn easy and hard instances during train-
ing. Kalimeris et al. (2019) prove that models tend
to learn easier decision boundaries at the begin-
ning stage of training. Our results empirically con-
firms this theoretical conclusion in the task of MRC
and quantitatively explain that larger proportions of
shortcut questions in training make MRC models
rely on shortcut tricks, rather than comprehension
skills like recognizing the paraphrase relationship.

7 Conclusions

In this work, we try to answer why many MRC
models learn shortcut tricks while ignoring the

pre-designed comprehension challenges that are
purposely embedded in many benchmark datasets.
We argue that large proportions of shortcut ques-
tions in training data push MRC models to rely
on shortcut tricks excessively. To properly investi-
gate, we first design two synthetic datasets where
each instance has a shortcut version paired with
a challenging one which requires paraphrasing, a
complex reasoning skill, to answer, rather than per-
forming question word matching or simple match-
ing. With these datasets, we are able to adjust the
proportion of shortcut questions in both training
and testing, while maintaining other factors rela-
tively steady. We propose two methods to examine
the model training process regarding the shortcut
questions, which enable us to take a closer look at
the learning mechanisms of BiDAF and BERT un-
der different training settings. We find that learning
shortcut questions generally requires less computa-
tional resources, and MRC models usually learn the
shortcut questions at their early stage of training.
Our findings reveal that, with larger proportions
of shortcut questions for training, MRC models
will learn the shortcut tricks quickly while ignor-
ing the designed comprehension challenges, since
the remaining truly challenging questions, usually
limited in size, may not motivate models to explore
sophisticated solutions in the later training stage.
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A Implement Details

Synthetic Dataset Construction During the
construction of synthetic datasets, we used Stan-
ford CoreNLP (Manning et al., 2014) to identify
named entities and stop-words.

We set two empirical thresholds for identifying
questions can be solved by Simple Matching or re-
quiring paraphrasing skills. We consider a question
as solvable via the simple matching trick if more
than 75% of non-stop words in the question ex-
actly appear in the answer sentence. On the other
hand, if the matching rate is below 25%, we think
it is unsolvable via simple matching, calling for
other skills like paraphrasing. Thus, in dataset con-
struction, if the matching rate is above 25% after
paraphrasing, we consider that the back transla-
tion fails to incorporate paraphrasing skills into the
instance.

We construct the synthetic datasets from SQuAD
(Rajpurkar et al., 2016). Compared with more re-
cent MRC datasets (Yang et al., 2018; Kwiatkowski
et al., 2019), most questions in SQuAD can be
solved by a single sentence with simple matching
so that we can conveniently use back translation to
construct questions with paraphrasing challenges.

Paraphrasing in SpM-para When constructing
the SpM-Para dataset, we only select the instances
whose questions are very similar to the correspond-
ing answer sentences (overlap > 75%) to ensure
that a simple matching step can obtain the answers.
For the shortcut-version of an instance, we insert
the paraphrased answer sentence into passage and
keep both the original answer sentence and para-
phrased answer sentence (see Algorithm 2). This
operation aims to control the shortcut instances to
have both shortcut solutions and challenging solu-
tions. For the challenging version, we only keep
the paraphrased answer sentences in the passages
and discard the original answer sentence, so that
such instances can only be solved by identifying
the embedded paraphrasing relationship.

Hyper-Parameters for QA models We adopt
BERT (BERT-based uncased) (Devlin et al., 2019)
and BiDAF (Minjoon et al., 2017) models with the
implementation in SogouMRC tools (Wu et al.,
2019). The hyper-parameters are shown in Ta-
ble 1. We used 100-d glove vectors (Pennington
et al., 2014) in BiDAF. Notice that these hyper-
parameters are adopted in §3, §4, and §5. Our code
and datasets can be found in https://github.

com/luciusssss/why-learn-shortcut

For the simple matching setting where multiple
answer spans may appear in one passage, we follow
(Pang et al., 2019) and aggregate the possibilities of
each span before computing the likelihood losses.

Data Sampling in Difficulty Evaluation In §4,
we train BERT on the training sets of QWM-Para
and SpM-Para and observe how the model con-
verges with different learning steps and parameter
sizes. However, we find BERT achieves outstand-
ing performance on both datasets with only one or
two epochs. This is because the strong learning
ability of BERT model and, with only one kind of
answering pattern, both the pure shortcut and chal-
lenging training sets are relatively easy to learn.

Under this circumstance, BERT performance on
most of the evaluation checkpoints after one epoch
will almost reach the final performance, which
make the comparison vague. If we compare the
checkpoints within one epoch, considering that
models have only been trained on partial train-
ing data, the evaluation results would reflect the
models’ generalization ability on unseen questions.
This differs from our purpose of evaluation, namely
comparing the fitting difficulty of different kinds
of questions. Therefore, we randomly sample 1000
pair of instances for training and evaluation. With
less training data, BERT will not converge in only
one or two epochs, thus we could truly evaluate the
learning ability.

Computation Cost We train the models on an
NVIDIA 1080 Ti GPU. The number of parameters
is 5M for BiDAF and 110M for BERT. The average
training time on synthetic datasets for an epoch is
1 minute for BiDAF and 10 minutes for BERT.

BERT-base Uncased BiDAF

# Epoch 3 15
Batch size 6 30
Optimizer AdamWeightDecay Adam
Learning rate 3e-5 1e-3

Table 1: Hyper-Parameters for the experiments in §4,
§5, and §6.

B A Variant of QWM-Para Dataset

When we train models with different proportions of
shortcut questions on QWM-Para (Figure 3 (a) &
(b), which is described in §3), we observe that even
with pure challenging questions in training, BiDAF
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Question Word Matching Substituted

Q�7: Who was rated as the most powerful female musician?
P: Forbes Magazine rated Beyonce as the most powerful female 
musician. She released a new album with Lisa…

Q.7:Who was named the most 
influential music girl?

Step1 Paraphrase 
Question Step2 Drop 

Redundant Entities

P: Forbes Magazine rated Beyonce as the 
most powerful female musician.

Step3 Substitute 
Entities

Q.7: Who was named the most 
influential music girl?
P: Forbes Magazine rated Bella 
as the most powerful female 
musician….

Q.7: Who was named the most 
influential music girl?
P: Forbes Magazine rated 
America as the most powerful 
female musician….

Shortcut Version Challenging Version

Figure 6: An illustration of how the questions in the
new synthetic datasets, question word matching substi-
tuted, are constructed from original questions.

and BERT still perform much better on shortcut
questions than on the challenging ones. We think
this is possibly because in these settings, models
fail to exploit the paraphrasing skill but learn to
guess one from the the entities matching the ques-
tion words as the answer. Using such a guessing
trick instead of the paraphrasing skill could im-
prove the performance on the challenging ques-
tions to some extent, but it results in more gains on
the shortcut questions. Therefore, even with 100%
challenging questions in training, the gap between
the performance on challenging and shortcut test
questions is still wide.

To avoid these guess solutions, we redesign
a variant of the QWM-Para dataset, named as
QWM/subs-Para.2 We aim at investigating: 1)
Whether this variant could avoid the guessing al-
ternative and decrease the performance gaps be-
tween challenge questions and shortcut ones when
training with relatively lower shortcut proportions.
2) Whether the experiments on this variant still
confirms our previous findings about how shortcut
questions in training affect model performance and
learning procedure, as described in §3 and §5.

B.1 Dataset Construction

The construction process of QWM/subs-Para is
shown in Figure 6. The first two steps, question
paraphrasing and redundant entities dropping, are
the same as those in the construction of shortcut
questions in QWM-Para (see §2). Then, we per-

2subs refers to substituted, elaborated in §B.1.
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Figure 7: F1 scores on challenging and shortcut ques-
tions with different proportions of shortcut questions in
training. This experiment is conducted on QWM/subs-
Para. The error bars represent the standard deviations
of five runs.
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Figure 8: F1 scores on challenging and shortcut ques-
tions with different training steps under different set-
tings. This experiment is conducted on QWM/subs-
Para. 10% and 90% are the ratios of shortcut ques-
tions in the training datasets. Gaps (green lines with “?”
dots) represents the performance gap between shortcut
questions and challenging ones, which is smoothed by
averaging over fixed-size windows to mitigate periodic
fluctuations.

form entity substitution to avoid the potential guess-
ing solutions.

Particularly, for each candidate question, we
substitute all the entities in the passage with ran-
dom ones whose type uniformly distributes in Per-
son/Time/Location to construct the challenging
questions. With this random substitution, one can
hardly guess the correct answer via the question
words. As shown in Q.7, after substituting the
answer entity Beyonce to America, one can not an-
swer the new question by simply finding a Person
entity according to the question word who. Replac-
ing a person’s name with a location may break the
original semantic, but it will force the model to
comprehend the context to find the answers. For
the shortcut version, we also conduct the random
entity substitution, but within the same entity types,
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e.g., from Beyonce to Bella.
This strategy could avoid the models from learn-

ing the trick that identifying replaced words as the
answers.

B.2 Results and Analysis
Shown in Figure 7, we can see that, when con-
structing the challenging questions with entity sub-
stitution, both BiDAF and BERT model perform
comparably between challenging and shortcut test
questions with 100% challenging questions in train-
ing. These results provide evidence that, after the
substitution, models could not use guessing as an
alternative solutions to the paraphrasing skill.

We conduct similar experiments in §3, §5 on
QWM/subs-Para, which is shown in Figure 7 and
Figure 8, respectively. The tendency could also
support our previous findings. For example, the
larger shortcut ratio expands the performance gaps
between challenging and shortcut questions in Fig-
ure 7.
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Abstract

While word segmentation is a solved prob-
lem in many languages, it is still a chal-
lenge in continuous-script or low-resource lan-
guages. Like other NLP tasks, word segmen-
tation is domain-dependent, which can be a
challenge in low-resource languages like Thai
and Urdu since there can be domains with in-
sufficient data. This investigation proposes
a new solution to adapt an existing domain-
generic model to a target domain, as well as
a data augmentation technique to combat the
low-resource problems. In addition to domain
adaptation, we also propose a framework to
handle out-of-domain inputs using an ensem-
ble of domain-specific models called Multi-
Domain Ensemble (MDE). To assess the ef-
fectiveness of the proposed solutions, we con-
ducted extensive experiments on domain adap-
tation and out-of-domain scenarios. More-
over, we also proposed a multiple task dataset
for Thai text processing, including word seg-
mentation. For domain adaptation, we com-
pared our solution to the state-of-the-art Thai
word segmentation (TWS) method and ob-
tained improvements from 93.47% to 98.48%
at the character level and 84.03% to 96.75% at
the word level. For out-of-domain scenarios,
our MDE method significantly outperformed
the state-of-the-art TWS and multi-criteria
methods. Furthermore, to demonstrate our
method’s generalizability, we also applied our
MDE framework to other languages, namely
Chinese, Japanese, and Urdu, and obtained im-
provements similar to Thai’s.

1 Introduction

Word segmentation (WS) is a crucial upstream pro-
cess for most natural language processing (NLP)

tasks such as named entity recognition (NER), ma-
chine translation (MT), and part-of-speech tagging
(POS). Nguyen et al. (2017) showed POS perfor-
mance increased from 87% to 93% when the WS
was improved. WS can also enhance the perfor-
mance of MT, such as the work done by Chang
et al. (2008) for Chinese-English MT.

While word segmentation is considered a solved
problem in many languages, the task is still a chal-
lenge in continuous-script languages. A great num-
ber of writing systems have no word boundary,
e.g., Thai, Chinese, and Japanese. Deep learning
has been effective in performing WS in these lan-
guages. However, it requires a large amount of
training data to construct a reliable model, which
can be a limitation for low-resource languages like
Thai and Urdu. Furthermore, like other NLP tasks,
word segmentation is domain-dependent (Fu et al.,
2020). To handle a variety of data domains, there
should be a substantial amount of data for each of
them, exacerbating the low-resource problem. To
make the matter worse, we may also need to handle
input from a completely unseen domain.

In this paper, we propose a framework to address
two domain dependency problems: (i) how to effec-
tively construct a WS model to handle input from
a given domain in a data-poor setting; (ii) how to
effectively handle out-of-domain input. To address
the first problem, we propose a new domain adap-
tation solution based on the concept of stacked en-
semble (SE) learning (Limkonchotiwat et al., 2020)
and data augmentation. To handle out-of-domain
input, we use an ensemble of domain-specific mod-
els to produce predictive results.

The crux of our proposed method lies in the
following technical contributions:
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• We introduce multiple deep learning mod-
els following the concept of SE to construct
domain-specific models that obtain better per-
formance than the original SE and existing
techniques in domain-adaptation problems.
We call this technique Deep Stacked Ensemble
(DSE).

• To make sure that each domain has sufficient
data to build an accurate model, we design a
data augmentation approach which consists of
two techniques to generate hard-to-segment
and semi-hard-to-segment samples to help im-
prove the performance based on Masked Lan-
guage Model (MLM).

• We use multiple domain-specific models and
a result aggregation module to form an ensem-
ble learning framework addressing the out-of-
domain problems. We call this method Multi-
Domain Ensemble (MDE).

• Furthermore, we propose a multiple task
dataset called “VISTEC-TP-TH-2021”, a so-
cial media dataset for Thai text processing,
annotated for four text processing tasks: word
segmentation, named-entity boundary, and
misspelling detection and correction.

To assess the effectiveness of our approach, we
compare our method with competitors in domain
adaptation and out-of-domain scenarios on Thai,
Chinese, Japanese, and Urdu. Experimental results
showed that DSE improved the performance of
the state-of-the-art Thai word segmentation (TWS)
from 93.47% and 84.03% to 96.67% and 91.51%
at character and word levels in domain adapta-
tion settings. With the proposed data augmenta-
tion approach, our domain-specific model has im-
proved even further at both character and word
levels. For out-of-domain scenarios, our MDE
framework outperformed the state-of-the-art TWS
and multi-criteria baseline at character and word
levels. Moreover, we applied our framework to
Chinese, Japanese, and Urdu which resulted in im-
provement showing the applicability of our method
to other languages. We make our code available at:
github.com/mrpeerat/OSKut

2 Related Work

In this section, we discuss literature related to our
investigation, namely ensemble learning, domain
adaption, and data augmentation.
Ensemble Learning. Recently, considerable re-
search attention has been dedicated to applying en-

semble learning to boost the performance obtained
from individual models (Sikdar and Gambäck,
2017; Chen et al., 2020a; Kuwabara et al., 2020)
and to introduce previously ignored features for
ensemble models such as provenance information
in slot filtering (Viswanathan et al., 2015).

Several studies have used ensemble methods
to boost the accuracy in WS. For example, Liu
and Lin (2014) proposed a probabilistic ensemble
learning framework using multiple weak word seg-
menters to form a strong segmenter. Moreover,
Min et al. (2015) proposed an ensemble learning
model to address the word segmentation and Part-
of-Speech tagging problems by combining both
discriminative and generative methods.
Domain Adaptation. Several WS studies pro-
posed techniques to adapt the data distribution from
one domain to another (Zhang et al., 2013; Ding
et al., 2020). Another popular approach is to add
new features or change network architectures of
the target model (Monroe et al., 2014; Liu et al.,
2014; Bao et al., 2017; Huang et al., 2020).

Ding et al. (2020) presented a semi-supervised
approach for performing Chinese WS on a new do-
main by using adversarial training to help learn the
difference between the source and target domain.
Recently, Limkonchotiwat et al. (2020) proposed a
filter-and-refine solution based on the stacked en-
semble (SE) to convert a base model to a target
domain. The SE consists of a domain-generic base
model and a domain-specific model that analyzes
the output of the domain-generic model and revises
the segmentation. The method achieved similar per-
formance to traditional transfer learning methods
while requiring no access to the domain-generic
model weights.
Data Augmentation and Self-Supervised learn-
ing. Word segmentation for low-resource lan-
guages is a challenging task due to the data limita-
tion. Most Thai WS models report below 90% accu-
racy in domain-adaptation settings (Kittinaradorn
et al., 2019; Chormai et al., 2020). Many re-
searchers proposed data augmentation methods for
Asian languages to increase the performance of
WS models by using existing models’ output as
input to new models such as synthetic data, entropy
parser, and character embedding (Zheng et al.,
2018; Wang et al., 2019; Fung et al., 2004).

With the advent of large language models (De-
vlin et al., 2018; Yang et al., 2019; Brown et al.,
2020), we have been witnessing an explosion in
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self-supervised learning techniques. Data aug-
mentation methods such as the Masked Language
Model (MLM) using BERT (Devlin et al., 2018)
allow us to generate new sentences that are similar
to real data by randomly selecting words in a sen-
tence to replace them with new words (Chen et al.,
2020b; Liao et al., 2020). Yavuz et al. (2020) pro-
posed MaskAugment, a controllable mechanism
and augmentation method that used a pre-trained
BERT model to replace words in a sentence. The
method is used in an unsupervised teacher-student
framework to improve domain adaptation for dia-
log act task. Furthermore, Li et al. (2020) proposed
a MLM-based augmentation method that could also
preserve the underlying labels of the sentence in
the aspect term extraction task.
Out-Of-Domain Scenarios. While domain adap-
tation presents a useful paradigm to adjust an ex-
isting model to a target domain, it is impracticable
to anticipate all different input types in advance.
Hence, the ability to handle samples from unseen
domains (i.e., out-of-domain samples) is critical to
the solution’s performance. For example, Wagner
et al. (2020) proposed utilizing treebank vectors
and a method to interpolate a prediction from exist-
ing treebank vectors to handle out-of-domain input
samples. Ng et al. (2020) proposed a solution uti-
lizing data augmentation to generate training sam-
ples to diversify the training set so that the model
can handle out-of-domain samples better.
Discussion. For domain adaptation, an ensem-
ble learning method such as SE (Limkonchoti-
wat et al., 2020) provides a flexible framework
for adapting any base model to a target domain.
We hypothesize that we can improve the accuracy
of SE by introducing a deep learning architecture
at the domain-specific part. However, this adjust-
ment would require a larger amount of data for
each domain than the original SE method which
uses a traditional Conditional Random Field (CRF)
model (Lafferty et al., 2001). To tackle this prob-
lem, data-augmentation presents an avenue to ad-
dress the data requirements. Regarding out-of-
domain scenarios, we hypothesize that an ensemble
of domain-specific models can be used to boost the
accuracy of out-of-domain situations. This is the
first WS work to address this problem without us-
ing any out-of-domain data.

3 Methodology

In this section, we present the overview of do-
main adaptation in Section 3.1. We present our

domain adaptation solution based on the concept of
stacked ensemble (SE) learning (Limkonchotiwat
et al., 2020) and an MLM-based data augmentation
method in Section 3.2. Section 3.3 presents how
multiple domain-specific models can work as an
ensemble to support out-of-domain scenarios.
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(a) Domain-specific model with transfer learning.
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(b) Domain-specific model with stacked ensemble.

Figure 1: Comparison between transfer Learning (TL)
and SE to build domain-specific (DS) models. For
domain-specific with transfer learning, there is one
model that is first trained on domain-generic (DG) data
then domain-specific data. For SE there are two models.
The first is a domain-generic model that feeds initial
prediction results to a second domain-specific model.

3.1 Overview of Domain Adaptation

A popular method to construct a domain-specific
(DS) model is to adapt from a domain-generic (DG)
base model using transfer learning as shown in Fig-
ure 1a. Stacked ensemble learning presents an alter-
native when making changes to the base model is
impossible. Unlike transfer learning, the SE model
consists of two parts: a domain-generic model and
a domain-specific model as shown in Figure 1b.
The domain-specific model takes the output pre-
dictions from the domain-generic model to make
better predictions on the target domain. Before
feeding into the domain-specific model, there is
also a filter-and-refine stage where only uncertain
predictions are re-visited by the domain-specific
model. Only the domain-specific model is trained
on the target data, while the base model is left un-
touched.

The main advantages of SE over TL are as fol-
lows: (i) the architecture of the domain-specific
model can be selected independently of the exist-
ing domain-generic one; (ii) it is able to handle
models where we cannot adjust their weights, i.e.,
black boxes. Consequently, we adopt SE as our ap-
proach to tackling the domain adaptation problem.
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3.2 Deep Stacked Ensemble (DSE)

As stated earlier, SE allows us to introduce a new
architecture to handle domain-specific input. To
exploit this advantage, we introduce the Bidirec-
tional Long Short-Term Memory (Bi-LSTM) with
Attention mechanism to the current state-of-the-art
TWS architecture (Kittinaradorn et al., 2019). We
call our proposed domain adaptation method Deep
Stacked Ensemble (DSE).

Figure 2 shows the structure of the domain spe-
cific part of our solution. There are three main
kinds of features. A character n-gram is passed
through a CNN following Kittinaradorn et al.
(2019) to create an embedding vector (shown in
blue). A character type n-gram which indicates
whether a character is either a vowel, digit, special
character, or an English character, is turned into an
embedding vector (shown in red). Lastly, we use
probability and entropy values from the domain-
generic model, which indicates whether a character
is a start or end of a word or not in a dictionary, as
the additional features (colored as green). We then
concatenate all of the embeddings and feed them to
the Bi-LSTM layer (Hochreiter and Schmidhuber,
1997; Ma et al., 2018).

The Attention model is connected to the Bi-
LSTM output layer for improved accuracy because
the attention mechanism is effective at capturing
long-range dependencies (Duan and Zhao, 2020).
The attention layer is followed by a fully connected
network that ends with a single sigmoid output
for Thai and Chinese (boundary or not) and a soft-
max output for Japanese and Urdu (the beginning,
middle, or end of a word, or a word with a single
character).

Window n-gram
Character

Window n-gram
Character Type

Additional Features
(Prob,Entropy,Dict Check)

Concatenate

Bi-LSTM
1 Layer

Attention

Sigmoid output

Forward
Backward

CNN

Dense

embeddings

embeddings embeddings

Figure 2: The domain-specific model of DSE.

Ablation studies, results given in Table 11, show
that each component in the domain-specific model
improves the performance incrementally. Unlike
the original SE that relies only on the CRF as the
domain-specific model, our deep learning approach
to construct the domain-specific model can capture
intricate WS patterns in the domain better than the
original SE and transfer learning method.

However, unlike deep learning approaches, the
classical machine learning approach, i.e., CRF,
does not require a large amount of training data.
To handle this problem, we propose the data aug-
mentation technique at the character level. This
can increase the amount of training data and thus
improves the performance significantly.

Data Augmentation The main advantage of using
a separate model for each domain is the ability
to handle contradicting segmentation conditions
from different domains (Fu et al., 2020). How-
ever, this approach requires a substantial amount
of data in each domain as stated earlier. To miti-
gate this problem, we also propose two data aug-
mentation methods based on the Masked Language
Model (MLM) WangchanBERTa (Lowphansirikul
et al., 2021) trained on Thai Wikipedia Dump. As
shown in Figure 3, we mask words based on the
output of the domain-generic model. The output
posteriors from the model are used to compute the
character-level entropy values. Then, the values are
summed together to represent the score for each
word. We select the words with the highest scores
to mask in order to perform data augmentation.
This is done to favor long words, since long words
are harder to segment. We select the the top-k
words to mask and replace them (substitution) us-
ing MLM. This a pretrained process to ensure the
generation of hard-to-segment sentences. We also
introduce semi-hard-to-segment samples by pre-
ferring word insertion after the word (rather than
substitution). The same MLM is used to perform
next word prediction instead of masked prediction.
The ratio between hard-to-segment and semi-hard-
to-segment is 80:20. This is found via grid search
(see Table 13).

The insertion method gives the best performance
compared with other semi-hard-to-segment gener-
ation methods (see the results in Table 13). The
entropy selection method, compared with competi-
tive selection methods in Table 12, shows that our
method has the best performance for all Top-k se-
lection and average scores.
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นั�งตากลมรมิทะเล
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(DeepCut)
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Semi-Hard
Sample
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Figure 3: Overview of our data augmentation pipeline.

3.3 Muti-Domain Ensemble (MDE)
It is unrealistic to expect that the training and test
distributions always match. Getting new training
data for the out-of-domain scenarios can be expen-
sive and time consuming (Ng et al., 2020; Liu et al.,
2019). In such cases, transfer learning or the previ-
ously described DSE method are not sufficient.

We propose a framework, which utilizes an en-
semble of domain-specific models to handle out-
of-domain samples, called Muti-Domain Ensemble
(MDE). Figure 4 presents the structure of MDE.

INPUT OUTPUT
Result 

Aggregation 
Moduleนั�งตากลมที�ทะเล

D1,3,4: นั�ง|ตาก|ลม|ที�|ทะเล
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(I'm Rolling the eyes on the beach)
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Figure 4: Multi-Domain Ensemble (MDE).

The framework consists of multiple word seg-
mentation models, where each model is adapted
to a specific target domain (except for the out-of-
domain data) using the method described in Sec-
tion 3.2. Results from multiple word segmentation
models are combined using a result aggregator to
form the final prediction. In this investigation, we
formulate two result aggregation strategies as fol-
lows. (i) We compute a simple average of the pos-
terior output from each model. Then, we predict
the class that has the highest probability: this is a
basic method for ensemble modeling (Avg); (ii) We
calculate the entropy from each model based on
their posterior distribution output. We then choose
the prediction of the model with the lowest entropy

and we call it Min Entropy (ME).
The results of the MDE framework and aggre-

gation module given in Tables 5 and 10 show that
the entropy method performs better than the basic
method and improves the performance significantly
over other models in out-of-domain scenarios.

4 Performance Evaluations on Thai
Word Segmentation

In this section, we report results from experimen-
tal studies on four Thai word segmentation (TWS)
benchmark datasets. The studies are organized as
follows. (i) we compare our method with competi-
tive methods on domain adaptation; (ii) we show
the effect of the data augmentation technique on
domain adaptation; (iii) we report the results on
out-of-domain setups; (iv) we show the effect of
WS in downstream tasks.

Note that experimental studies on Chinese, Urdu,
and Japanese are presented in Section 5.

4.1 Experimental Setup

Competitive Methods. We evaluate our pro-
posed solution against two state-of-the-art methods
namely DeepCut (DC) (Kittinaradorn et al., 2019)
and AttaCut (AC) (Chormai et al., 2020). These
methods are based on the Convolutional Neural
Network (CNN) and trained on a generic corpus
(BEST2009 (Boriboon et al., 2009)). For domain
adaptation experiments, we also applied the con-
cept of Transfer Learning (TL) to adapt DC and
AC to the target corpora, and we call these adapta-
tions TL-DC and TL-AC, respectively. Similarly,
for the Stacked Ensemble Filter-and-Refine (SEFR)
method (Limkonchotiwat et al., 2020), we created
two variants, SE-DC and SE-AC, using DC and AC
as the base model, respectively. For the evaluation
of our method, Deep Stack Ensemble (DSE), we
followed the same principle and created two vari-
ants DSE-DC and DSE-AC based on DC and AC,
respectively.

Evaluation Metrics. We use F1 score as the evalu-
ation metric for the TWS task at character and word
levels to avoid the overestimation of TWS (Chor-
mai et al., 2020; Limkonchotiwat et al., 2020).

Parameter Settings. In these experiments, we
used grid search on 4 parameters including Bi-
LSTM nodes, attention nodes, optimizer, and top-k
inside the domain-specific model. We started the
learning rate at 0.01 on an optimizer. For every 10
steps where the loss did not decrease, the learning
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rate was multiplied by a factor of 0.1. We set the
number of training epochs to 300 with an option of
early stopping. For the CNN layer and character
embedding settings, we followed Kittinaradorn
et al. (2019). We tuned the top-k value of the fil-
tering system in a domain-specific model to be the
same as the original SE. For the top-k value in the
out-of-domain scenarios, we used the same k for
all domain-specific models in the domain adapta-
tion settings. Lastly, we tuned all of the parameters
by using 10% of training data of the target domain.
The hyper-parameters and their values are given in
Table 1.

Hyper-parameters Values for grid search
Optimizer [Adam,RMSprop]

Learning Rate 0.01

Bi-LSTM nodes [128, 160, 192, 224, 256]

Attention nodes [32, 64, 96, 128, 160]

Top-k [1-100]

Table 1: Hyper-parameters list.

4.2 Datasets

Benchmark Datasets. Our benchmark corpora
can be seen in Table 2. They vary in domain and
size from very small (Wisesight (Suriyawongkul
et al., 2019) social media domain), moderate
(TNHC (Sawatphol, 2019) classical literature), and
large (LST20 (Boonkwan et al., 2020) generic).

Lang Corpora # Sentences # Words
TH Wisesight 1K [0.16K] 22K [3.9K]

TH TNHC 13K [7K] 374K [239K]

TH LST20 63.3K [5.2K] 2.7M [207K]

TH VISTEC 39.8K [9.9K] 2.7M [690K]

Table 2: TWS corpora (# Training [# Testing]).

New Dataset. Due to social media data being
underrepresented and difficult (Medina Serrano
et al., 2020; Benton et al., 2017), it is challenging
to improve the performance of models with only
997 training sentences. Most TWS models (Kit-
tinaradorn et al., 2019; Chormai et al., 2020) per-
formed under 82% in out-of-domain social media
scenarios (Wisesight). To address this problem, we
introduce a new dataset called “VISTEC-TP-TH-
20211” (VISTEC), which consists of 49,997 text
samples from Twitter (2017-2019). VISTEC cor-
pus contains 49,997 sentences with 3.39M words
where the collection was manually annotated by
linguists on four tasks, namely word segmentation,

1https://github.com/mrpeerat/OSKut/
tree/main/VISTEC-TP-TH-2021

misspelling detection and correction, and named
entity recognition. In the data collection process,
we focused on the longest sentences to create a
more challenging dataset due to the fact that long
sentences made the model’s performance decrease
significantly compared with short sentences in the
same domain (Section 4.3). The Out-of-Vocabulary
rate on the test set is 13.65%.

We followed Boriboon et al. (2009) for the word
and named entity tasks annotation guideline. We
also included new guidelines about word editing
criteria for misspelt words such as words used on
the internet (Netspeak), transliterated loanwords,
abbreviations, and shortened words, by using the
Royal Institute Thai dictionary. We compared our
dataset to the biggest Thai social media dictio-
nary (Horsuwan et al., 2020) and found 79K words
that did not appear in the dictionary.

4.3 Domain Adaptation

Without Data Augmentation. We evaluate the
performance of our domain-specific model against
competitive methods in four TWS benchmark cor-
pora, WS160, TNHC, LST20, and VISTEC. The
experimental results are given in Table 3. The com-
petitive methods are defined in Section 4.1.

The DSE-DC (DeepCut) outperformed the
strongest base model, DC, by 3.2% and 7.2% on
WS160, 6.23% and 13.74% on TNHC, 4.41% and
10.18% on LST20, and 4.59% and 11.13% on VIS-
TEC at character and word levels, respectively. Our
domain-specific model also outperformed the orig-
inal SE by 2.16% and 6.46% on SE-DC and 1.87%
and 4.88% on SE-AC (AttaCut) at character and
word levels on all setups. More importantly, our
domain-specific model outperformed TL (transfer
learning) methods showing the strength of our DSE
model.

As expected, the newly constructed TWS so-
cial media dataset (VISTEC) shows that even TL-
DC performed below 91% at word level, a large
drop from the 96% achieved in the generic domain
LST20 corpus. Also, the VISTEC dataset creates a
new challenge for the social media domain. Com-
paring the WS160 and VISTEC datasets, the AC’s
performance decreased from 93.5% to 91.47% and
84.04% to 79.30% at the word level and the char-
acter level, respectively.

With Data Augmentation. In this experiment, we
show the effect of the data augmentation in do-
main adaptation settings for different amounts of
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Method
WS160 TNHC LST20 VISTEC

Char Word Char Word Char Word Char Word
DC 93.47 84.03 89.48 75.40 94.60 87.15 92.77 81.78

AC 93.50 84.04 88.82 73.71 95.24 87.21 91.47 79.31

TL-DC 96.30 90.60 95.43 88.60 98.63 96.30 96.78 90.99

TL-AC 94.10 85.00 90.57 77.54 98.04 94.77 95.47 89.27

SE-DC 95.20 86.90 95.20 84.10 94.96 87.72 94.76 86.33

SE-AC 94.50 85.60 93.70 83.90 96.30 89.87 93.86 84.43

DSE-DC 96.67 91.51 95.71 89.14 99.01 97.33 97.36 92.91
DSE-AC 94.57 86.24 95.51 88.52 98.46 95.79 97.31 92.78

Table 3: Performance comparison on TWS in domain
adaptation settings. TL, SE, and DSE models used tar-
get domain data besides BEST2009. DC = DeepCut,
AC = AttaCut, TL = transfer learning, SE= stacked en-
semble, and DSE = deep stacked ensemble.

adaptation data. We report the findings of the data
augmentation process on 2 corpora, i.e., Wisesight
(social media domain) which is the smallest corpus
and LST20 which is the largest generic domain cor-
pus LST20 (see Table 2). We fixed the top-k value
in the data augmentation step at 60% and 10% of
the segmentation predictions of the Wisesight and
LST20 corpora, respectively. This value is found
via grid search (see Table 12). We then use these
augmented data with TL, SE, and DSE.

As shown in Table 4, the data augmentation pro-
cess can improve the performance in the small cor-
pus, i.e., Wisesight (WS160). DSE-DC (DeepCut)
outperformed the base model by 5.01% and 12.72%
at character and word levels. Also, DSE-DC out-
performed TL-DC by 1.39% and 3.36% at the char-
acter and word levels respectively.

Method WS160 (F1) LST20 (F1)
Char Word Char Word

DC 93.47 84.03 94.60 87.15
AC 93.50 84.04 95.24 87.21

TL-DC 97.69 93.96 98.11 94.00
TL-AC 97.59 94.57 97.45 93.25
SE-DC 95.08 86.37 96.47 90.40
SE-AC 94.66 86.36 96.28 89.77

DSE-DC 98.48 96.75 98.67 97.03
DSE-AC 98.60 96.99 98.61 96.18

Table 4: Performance on augmented WS160 and
LST20.

However, since LST20 is sufficiently large, the
augmentation did not produce performance im-
provement with respect to the model constructed
using the original data only.

4.4 The Effect of Data Augmentation in
Insufficient Data Scenarios

In this experiment, we evaluated the transfer learn-
ing (TL) and our method (DSE) trained on a vary-

ing numbers of sentences ranging from 100 to 1000
on the large datasets TNHC, LST20, and VISTEC
to show the effectiveness of data augmentation in
the insufficient data scenarios. As can be seen from
Figure 5, the data augmentation improved the per-
formance by 0.77% on average for TNHC, 1.55%
for LST20, and 0.19% for VISTEC using DSE on
the proposed data augmentation technique. Also,
the transfer learning F1 performance is improved
by 0.14% on average for TNHC and 0.57% for VIS-
TEC. However, the performance of transfer learn-
ing on the LST20 data augmentation technique did
not improve on this method as the baseline model
(DeepCut) was trained on the same domain as the
LST20 corpus. The performance of transfer learn-
ing in this setting is similar to the LST20 transfer
learning model in Table 3.

The results of our method in insufficient data sce-
narios show that we improved the performance us-
ing the proposed data augmentation method when
the original data is insufficient. Also, the best num-
ber of sentences for the augmentation technique in
transfer learning is between 100 to 500 sentences
and for our method is 500 to 1,000 sentences.

4.5 Experiments on Out-of-Domain
Scenarios

In this experiment, we evaluated our Multi-Domain
Ensemble (MDE) framework against two meth-
ods namely, DC trained on BEST2009 and Multi-
Criteria (MC). MC is a multi-task model which
learns multiple segmentation criteria from differ-
ent domains jointly use shared layers (Chen et al.,
2017). For MC and MDE, the target domains were
left out from the training and the models are trained
on the remaining domain.

As shown in Table 5, the performance improve-
ments on Wisesight and TNHC were statistically
significant (P<0.001 using McNemar’s test) com-
pared with MDE-ME and DC. Moreover, in com-
parison to DC, the performance improvement pro-
vided by MDE-Avg was also statistically signifi-
cant on TNHC. As a result of MDE framework,
we improved the performance from the base model
(DC) at character and word level by 1.17% and
3.53% on WS160, 2.97% and 6.77% on TNHC,
0.26% and 0.42% on LST20, and 0.68% and 1.17%
on VISTEC. Moreover, our MDE framework also
outperformed the MC model in this experiment
with significant results. In addition, the ME (Min
Entropy) can improve the performance better than
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Figure 5: The effectiveness of Data Augmentation with limitation of training data with DSE and TL at Chracter-
level F1.

the Avg except on TNHC.

Method
WS160 TNHC LST20 VISTEC

Char Word Char Word Char Word Char Word
DC 93.47 84.03 89.48 75.40 94.60 87.15 92.77 81.78

MC-Avg 88.59 72.30 84.96 72.36 87.55 66.52 89.67 70.38

MC-ME 91.59 84.80 85.13 72.63 91.10 80.70 90.81 77.13

MDE-Avg 93.85 84.64 92.45 82.17 94.81 87.54 93.17 82.71

MDE-ME 94.64 87.56 90.29 76.98 94.86 87.57 93.45 83.53

Table 5: Out-of-domain experimental results when the
base model of MDE is DC (DeepCut), ME = Min En-
tropy.

As mentioned earlier, word segmentation is a
domain-dependent task and we cannot expect the
input to always be in domain. A model that can
robustly handle the out-of-domain scenarios is de-
sirable. Even with the improvement gained by our
proposed solution, the gap between out-of-domain
and domain adaptation is still large, showing po-
tential for further investigation. In the next experi-
ment, we show the effect of the data augmentation
on downstream tasks.

4.6 The Effect of Word Segmentation and
Data Augmentation on Downstream
Tasks

Previously, we showed the proposed data augmen-
tation improved the performance of TWS in the
domain adaptation settings. In this experiment, we
applied TWS to downstream tasks such as named
entity recognition (NER), text classification, and
sentiment analysis compared with the TWS base
model (DC and AC), TL, DSE, and DSE with
augmented data. For the text classification experi-
ments, we use Wongnai corpus and Wisesight cor-
pus for sentiment analysis. The exact model setting
and evaluation metric follow Thai classification
benchmark 2. For the NER experiment, we used
NCRF++ (Yang and Zhang, 2018) trained with
data from Nutcha (2016)’s work. We trained our

2https://github.com/PyThaiNLP/
classification-benchmarks

DSE and competitive methods (except the baseline
model) on the Wisesight corpus to show the perfor-
mance of the proposed augmentation technique.

The results are given in Table 6. When the down-
stream tasks are not dependent on WS performance,
the results one similar i.e., text and sentiment clas-
sification tasks. On the other hand, when the down-
stream task is dependent on WS performance, i.e.,
NER, we can significantly improve the downstream
task. For example, we improved the performance of
DSE-DC from 93.47% to 96.67% at the character
level, and when combined with data augmentation,
increased the accuracy to 98.48%. As a result, the
F1 score in the NER task increased from 63.46%
to 72.27%.

Method TC SA NER
DC 57.10 71.55 63.46
AC 57.20 71.66 72.98

TL-DC 57.26 72.38 61.70
TL-AC 56.72 71.61 64.28

DSE-DC 57.04 72.63 71.47
+ Augment 58.01 72.27 72.27
DSE-AC 57.01 72.35 66.60

+ Augment 56.99 72.41 73.47

Table 6: The effect of TWS data augmentation on
downstream tasks. All models were trained on Wis-
esight.

5 Chinese, Urdu, and Japanese Word
Segmentation

In this section, we demonstrate the generalizabil-
ity of our method on Chinese word segmenta-
tion (CWS), Urdu word segmentation (UWS), and
Japanese word segmentation (JWS). For Chinese
and Urdu, we performed in-domain experiments
showing the effectiveness of DSE over SE and other
competitive baselines. For Japanese and Chinese,
we show the effectiveness of DSE and MDE over
baselines in domain adaptation and out-of-domain
settings. The corpora used in these experiments
are shown in Table 7. The exact setup and evalua-
tion metrics follow those of Limkonchotiwat et al.
(2020).
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Lang Corpora # Sentences # Words
C AS (Emerson, 2005) 636K [13K] 4.8M [110K]
C CITYU (CI) 46K [1.1K] 1.2M [28K]
C MSR (MS) 56K [3.5K] 1.4M [91K]
C PKU (PK) 7.7K [1.1K ] 371K [48K]
J GSD (GS) (Asahara et al.,

2018)
7K [0.5K] 159K [12K]

J Modern (MO) 0.6K [0.16K] 11K [2.6K]
J PUD (PU) 0.7K [0.19K] 19K [5K]
U UCRF (UC) (Bin Zia

et al., 2018)
3.5K [825] 90K [21K]

Table 7: WS corpora (# Training [# testing]) for Chi-
nese (C), Japanese (J), and Urdu (U).

In-Domain Experiments on Chinese and Urdu.
For Chinese, we used PyWordSeg (Chuang, 2019)
trained on each of the four Chinese corpora as our
baseline models (BL). We then trained SE and DSE
models on top of each baseline model for each
domain. For Urdu, we used the model and dataset
provided by Bin Zia et al. (2018). The results are
summarized in Table 8.

Method Chinese Urdu
AS CI MS PK UC

BL 97.09 94.30 87.29 85.76 93.73
SE 97.51 96.13 93.82 93.55 93.90

DSE 97.85 96.67 96.89 95.85 95.14

Table 8: F1-scores on in-domain CWS and UWS tasks
for each corpus. BL refers to the baseline chosen for
each language.

Both stacked ensemble methods improve over
the baseline models in all settings showing the
potential of stacked ensemble in improving WS
performance. Moreover, the proposed DSE outper-
forms the original SE (Limkonchotiwat et al., 2020)
significantly for MSR, PKU, and UCRF (P<0.001).
The largest performance improvement is over 10%
on the PKU corpus.
Domain Adaptation on Japanese. As in the TWS
experiments, DSE can also be used for domain
adaptation by training the domain-specific por-
tion on the target domain. For this JWS task, we
used Nagisa (Ikeda, 2018) trained on Balanced
Corpus of Contemporary Written Japanese (BC-
CWJ) (Maekawa et al.) corpora as the base model.
The domain-specific part of the SE was trained on
the target corpus to create an adapted model. Note
that the Nagisa model released does not lend itself
for transfer learning because the authors did not
provide the model weights. From Table 9 SE and
DSE improves significantly over the baseline show-
ing the effectiveness of SE in situations when one
cannot perform typical transfer learning.
Out-of-Domain Experiments on Chinese and

Method Japanese
GS MO PU

BL 87.10 78.80 87.10
SE 90.11 90.27 91.76

DSE 92.36 90.65 91.89

Table 9: F1-scores on domain adaptation JWS tasks for
each corpus.

Japanese. Multiple models can form an MDE to
provide robustness in out-of-domain scenarios. For
Chinese, we used PyWordSeg trained on the AS
corpus as the base model. The MDE included two
domains (non-target) and was tested on the left-out
target domain.

Method Chinese Japanese
CI MS PK GS MO PU

BL 92.51 83.92 82.21 87.10 78.80 87.10
MDE-Avg 88.90 89.15 89.77 87.11 79.36 87.42
MDE-ME 93.98 93.01 93.56 87.12 79.39 87.44

Table 10: F1-scores on out-of-domain CWS and JWS
experiments.

Table 10 summarizes the results of the out-of-
domain experiments. The MDE provides a minimal
improvement over the baseline on JWS. We hypoth-
esize that this is because two out of the three cor-
pora are too small to train a reliable model. How-
ever, on Chinese the MDE provides large gains
over the baseline with the min entropy method per-
forming better than the simple averaging method.

6 Concluding Remarks

This investigation presents a set of solutions to ad-
dress two domain dependency problems: handling
cross-domain and out-of-domain samples. Our key
findings are as follows. First, we applied deep
learning to the original stacked ensemble method
and obtained a significant improvement. Second,
we show that data augmentation is an effective
method to combat the low-resource limitation in
domain adaptation. Third, we can use an ensemble
of domain-specific models to obtain a performance
improvement over each domain-specific model act-
ing alone. Finally, in addition to Thai, we can apply
the same principle to Chinese, Japanese, and Urdu
and obtain similar improvements. As future work,
we plan to experiment with novel techniques, i.e.,
Transformer and contrastive learning.
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A Appendices

A.1 Ablation Studies

In this experiment, we show the effect of Bi-LSTM
with attention mechanism on the performance of
the TWS domain adaption problem with the help
of an ablation study. This study was performed on
the Wisesight corpus (test set) and used DC (Deep-
Cut) as the base model. As can been seen from
Table 11, each component significantly improved
the performance from the base model.

System F1 Char F1 Word
Baseline 93.47 84.03

+ Additional
Feature

94.27 85.39

+ Bi-LSTM 96.31 90.35
+ Attention 96.67 91.51

Table 11: TWS domain adaptation ablation studies.

A.2 How to Select a Word to Mask? Entropy
vs Random vs Maximum Length
Selections.

The Section 3.2 presented the way we select a word
to augment and compared it against the traditional
method i.e., random selection. In this study, we
show the validation score of random, entropy, and
maximum length selections in our data augmenta-
tion technique on the Wisesight corpus with DC
base model by varying the k value from top-10%
to 100% on the substitution method and fixed top-
20% value for the insertion method.

The validation score results are given in Table 12,
the best range top-k value for the data augmenta-
tion is 50% to 60%. The performance of entropy
selection is better than competitive methods with
reasonable results. Due to the fact that long words
are harder to segment than short ones, the entropy
selection method favors long words with a high
uncertainty. Maximum length selection, gives a
similar score with entropy selection due to the fact
that high uncertainty score mostly comes from long
words. Also, the best F1 score is obtained using top
60% not 100% as words in top-60% might have the
most incorrect answers and bias from frequency
word.

A.3 Ablation Studies For Different
Semi-Hard-Sample Procedures

Section 3.2 mentioned a competitive method to
produce semi-hard-to-segment samples. We use

Top-k Entropy
Select

ES RS MLS
char word char word char word

10 99.74 99.29 99.50 98.67 99.71 99.13

20 99.82 99.50 99.66 99.11 99.81 99.49

30 99.80 99.45 99.82 99.57 99.79 99.54

40 99.77 99.42 99.81 99.59 99.81 99.55

50 99.90 99.75 99.79 99.46 99.84 99.64

60 99.90 99.77 99.84 99.56 99.87 99.70

70 99.79 99.44 99.87 99.67 99.79 99.44

80 99.76 99.41 99.87 99.70 99.76 99.41

90 99.80 99.45 99.80 99.55 99.76 99.46

100 99.86 99.66 99.85 99.70 99.86 99.66

AVG 99.81 99.51 99.78 99.46 99.80 99.50

Table 12: Performance comparison (F1) on entropy se-
lection (ES) vs random selection (RS) VS maximum
length selection (MLS) on validation scores.

the semi-hard-to-segment method with substitution
by fixing the k value at top-60% for substitution
method and we vary k in the range of 10% to 100%
on the semi-hard-to-segment methods to show the
performance of each method. We show the valida-
tion score on Wisesight (training data) with char-
acter and word levels, respectively. The results are
presented in Table 13. As can be seen, the inser-
tion method reports the best performance on every
top-k entropy selection. The deletion method is
inappropriate due to the fact that we might delete
some information in the training data.

Top-k Entropy
Select

Insertion Deletion
char word char word

10 99.79 99.54 99.80 99.61

20 99.90 99.77 99.77 99.40

30 99.90 99.65 99.75 99.32

40 99.81 99.67 99.79 99.39

50 99.85 99.69 99.64 98.96

60 99.86 99.62 99.54 98.71

70 99.88 99.66 98.93 97.00

80 99.84 99.67 98.97 97.15

90 99.90 99.66 97.84 94.11

100 99.88 99.62 93.84 84.31

AVG 99.86 99.66 98.79 96.80

Table 13: Performance comparison on insertion VS
deletion to produce semi-hard-to-segment samples
with WS160 (F1 validation score).

A.4 Error Analysis
We performed an error analysis on Wisesight
(WS160) corpora for DC, SE-DC, and DSE-DC
to investigate the improvement from the baselines
as well as the benefits of our method in domain
adaptation setups. We used the same setting as
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mentioned in Section 4.3. The samples presented
here were randomly selected from the Wisesight
validation set.

As shown in Figure 6, DSE-DC did better espe-
cially on compound words. However, all models
still cannot properly handle the special character
(+), since the character is rare in the WS160 corpus.

Actual: ไม|่รุ|้นะ|คบั|แพ|้นํ�าหอม|หรอ|แบบ|นี�
DeepCut: ไม|่รุน้ะ|คบั|แพ|้นํ�า|หอม|หรอ|แบบ|นี�

SE-DeepCut: ไม|่รุน้ะ|คบั|แพ|้นํ�า|หอม|หรอ|แบบ|นี�
DSE-DeepCut: ไม|่รุ|้นะ|คบั|แพ|้นํ�าหอม|หรอ|แบบ|นี�

Actual: แต|่เทยีน่า|มนั|ขาย|ไม|่ด|ี |นสิสนั|คง|เนน้|ทํา|อโีค|คา|เต็ม|ตวั|555+
DeepCut: แต|่เทยี|น่า|มนั|ขาย|ไม|่ด|ี |นสิสนั|คง|เนน้|ทํา|อโีคคา|เต็มตวั|555|+

SE-DeepCut: แต|่เทยี|น่า|มนั|ขาย|ไม|่ด|ี |นสิสนั|คง|เนน้|ทํา|อโีคคา|เต็มตวั|555|+
DSE-DeepCut: แต|่เทยีน่า|มนั|ขาย|ไม|่ด|ี |นสิสนั|คง|เนน้|ทํา|อโีค|คา|เต็ม|ตวั|555|+

Actual: อยาก|กงิ|บาบกีอ้น|บฟุ|อกี|อะ่| |คดิถงึ|ที�|ปี|ที�|แลว้|ไป|กนิ|กะ|มงึ|งะ่
DeepCut: อยาก|กงิบาบกีอ้น|บฟุ|อกี|อะ่| |คดิ|ถงึ|ที�|ปี|ที�|แลว้|ไป|กนิกะ|มงึงะ่

SE-DeepCut: อยาก|กงิบาบกีอ้น|บฟุ|อกี|อะ่| |คดิ|ถงึ|ที�|ปี|ที�|แลว้|ไป|กนิ|กะ|มงึงะ่
DSE-DeepCut: อยาก|กงิ|บาบกีอ้น|บฟุ|อกี|อะ่| |คดิถงึ|ที�|ปี|ที�|แลว้|ไป|กนิ|กะ|มงึ|งะ่

Figure 6: The example of segmentation results in
WS160 validation dataset.
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Abstract

Sensor names as alphanumeric strings typi-
cally encode their key contextual information
such as their function or physical location. We
focus here on sensors used in smart build-
ing applications. In these applications, sen-
sor names are curated in a building vendor-
specific manner using different structures and
esoteric vocabularies. Tremendous manual ef-
fort is needed to annotate sensor nodes for
each building or even to just segment these
sensor names into meaningful chunks for in-
telligent operation of buildings. We propose
here a fully automated self-supervised frame-
work, Sensei, that can learn to segment sensor
names without any human annotation. We em-
ploy a neural language model to capture the
underlying structure in sensor names and then
induce self-supervision based on information
from the language model to build the segmen-
tation model. Extensive experiments on five
real-world buildings comprising thousands of
sensors demonstrate the superiority of Sensei
over baseline methods.

1 Introduction

Sensor name segmentation seeks to partition a sen-
sor name string into semantic segments. It is an
essential task to enable smart building applica-
tions (Weng and Agarwal, 2012) that critically de-
pend upon understanding the context of sensory
data. For example, to increase the flow of air to
improve air quality, such an application will need
to identify and locate the airflow controller for the
specific area. Such a controller is identified as a
control point associated with a specific actuator
such as a variable air valve. This is typically done
manually by searching appropriate strings in the
name that refer to specific sensor or actuator type
and/or its location. This information is encoded as
a concatenation of segments. Correct segmentation
of sensor names is a key first step. Note, we use

Figure 1: Sensor names adopt distinctive structures and
vocabularies in different buildings, thus requiring man-
ual effort to interpret.

sensor to refer to both sensors and actuators in a
building application.

Figure 1 shows examples of sensor names con-
sisting of multiple segments, each encoding key
context about the sensor (building name, loca-
tion, sensor type, etc). Thus, the sensor name
SODA4R731 ASO should be segmented as SOD
(building name), A4 (equipment id), R731 (room
id), and ASO (measurement type – area tempera-
ture setpoint). Note that the meanings of the same
punctuation may vary; for example, ‘ ’ can be a
delimiter or part of a segment.

Currently, sensor name segmentation requires
domain knowledge and tedious manual effort due
to its building-specific nature. Sensor names are
created by building vendors, and as we see from
Figure 1, in different buildings they usually adopt
distinctive structures and vendor-specific esoteric
vocabularies. Thus, constructing a sensor name
segmentation model involves a building systems
technician to comprehend these sensor names and
then design rules to segment and annotate these
names. There are no universal pre-defined pars-
ing rules such as regular expressions for sensor
names. This obscurity of sensor data remains a ma-
jor obstacle to the wide adoption of smart building
applications from both cost and efficiency perspec-
tives (Bhattacharya et al., 2015a).

We need an automated solution for sensor name
segmentation. Despite the recent progress in apply-
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Figure 2: Overview of Sensei: We induce pseudo labels for segmentation using the transition probabilities from a
character-level neural language model. Segmentation model training uses the hidden states from this model.

ing active learning (Schumann et al., 2014; Hong
et al., 2015b; Balaji et al., 2015; Koh et al., 2018;
Shi et al., 2019) and transfer learning (Hong et al.,
2015a; Jiao et al., 2020) to sensor name interpreta-
tion, all these methods still require human annota-
tion effort and thus they are not fully automated.

We propose here a novel self-supervised seg-
mentation framework, Sensei, to segment sensor
names into meaningful chunks without any human
effort. This would enable understanding of impor-
tant contextual information at scale and enable new
regime of building applications. Figure 2 presents
an overview.

Sensei builds upon the observation that sensor
names are not randomly generated. Instead, in-
stallers of building management system would gen-
erally follow some underlying pattern for naming.
For instance, in some buildings, the sensor name
often starts with the building name, followed by
the room id and type of measurement. Further,
technicians would generally use similar phrases
to express the same concept (e.g., “temperature”
would be encoded as “T”, “temp”, or “ART”), at
least within the same building. Based on this obser-
vation, we first employ a character-level neural lan-
guage model (Karpathy et al., 2015) to capture the
latent generative pattern in sensor names. This lan-
guage model learns the probability of observing a
character in the sensor name given all the preceding
characters. Intuitively, the segment boundaries in a
sensor name should highly correlate with this prob-
ability. Frequent transitions would have a higher
probability than the infrequent ones, which might
well imply the start of another segment. Therefore,
we induce pseudo segmentation labels by setting

a pair of thresholds on these transition probabili-
ties, and then build a binary classifier to segment
sensor names upon their contextualized representa-
tions produced by the language model. Since these
pseudo labels may contain noise, we create an en-
semble of independent classifiers, each trained on
a uniformly random subset of the pseudo labels, in
order to further improve the efficacy.

To the best of our knowledge, Sensei is the first
framework for sensor name segmentation without
human annotation. This paper makes the following
contributions:
• We study an important problem of fully auto-

mated sensor name segmentation.
• We propose a novel self-supervised framework

Sensei, which leverages a neural language model
to capture the underlying naming patterns in sen-
sor names and produces pseudo segmentation
labels for training binary classifiers.

• We conduct extensive experiments on five real-
world buildings comprising thousands of sensor
names. Sensei on average achieves about 82%
in F1, roughly a 20-point improvement over the
best compared unsupervised method.

Reproducibility. Our code and datasets are readily
available on Github1.

2 The Sensei Framework

Sensei consists of three steps:
• Train a neural language model (NLM) at the char-

acter level to capture the underlying naming pat-
terns in sensor names;

• Generate Tie-Break-Unknown pseudo la-

1https://github.com/work4cs/sensei
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bels using two thresholds, t0 and t1, decided by
inspecting the distribution of transition proba-
bilities (i.e., likelihood of observing the current
character given the previous ones);

• Train a set of segmentation models based on the
pseudo labels to mitigate the effect of noise in
these labels.

We next elaborate on each step.

2.1 Language Model for Underlying Patterns

As sensor names are created by humans (e.g., a
technician with knowledge about building particu-
lars), they often follow a certain naming convention
(e.g., start with the building name, then room id,
and then type). The names also have an internal
consistency, that is, within a building, segments of
sensor names corresponding to the same kind of
information (e.g., location or function) would use
similar phrases; e.g., the concept of “room” would
be encoded as “RM”, “R”, or similar variants. This
prompts us to model the generative patterns in these
names such that given the characters seen so far we
can predict the next one. This coincides with the
language modeling task in NLP.

Since the sensor name segmentation task works
on characters, we adopt a popular character-level
neural language model to capture the underly-
ing sensor naming pattern, the classical Char-
RNN (Karpathy et al., 2015) architecture, and use
LSTM (Hochreiter and Schmidhuber, 1997) as the
RNN model. Note that, our method is compatible
with any character-level neural language models.

Given a character sequence of length N , X =
〈x1, x2, . . . , xN 〉, the Char-RNN learns the proba-
bility of observing a character given all the previous
characters, namely, p(xi+1|x1, x2, . . . , xi). During
this process, we will obtain an embedding vector
xi for each character xi, and a hidden state vec-
tor hi after observing the characters from x1 to xi.
A softmax layer is then applied to hi to predict a
distribution p̂i over the entire vocabulary:

p̂i(c) = p(c|x1, x2, . . . , xi) =
exp

(
w>c hi

)
∑

c′ exp
(
w>c′hi

) ,

where wc is the linear transformation for character
c. The cross-entropy between p̂i and the one-hot
encoding of xi+1 is used as the loss function for
this character.

Given a building, we train the Char-RNN on all
its sensor names. As each sensor name is indepen-
dent of each other, we can have the same initial

Figure 3: Plots of p̂i(xi+1) histogram (grey bars) and
Tie/Break precision curves for an example building.
The “sweet spot”, achieving a great balance between
the tie- and break-precision scores, is highly aligned
with the peak in the histogram.

hidden state for each sensor name to ensure sen-
sor names do not interfere with each other. Once
the model converges, we apply it to all the sensor
names to obtain the character transition probabil-
ities, i.e., p̂i(xi+1). The perplexity of the trained
Char-RNN in our experiments is typically small
(i.e., < 0.3 per batch with batch size 32). There-
fore, we believe it captures the underlying naming
pattern within the input building well.

2.2 Pseudo Labels from Transition
Probabilities

Inspired by (Shang et al., 2018b), we use Tie
and Break to decide the segmentation results.
The transition between two adjacent characters
(xi, xi+1) is labeled as (1) Break when we should
segment after character xi, or (2) Tie otherwise,
denoting that the two successive characters belong
to the same segment.

For a given character sequence x1, x2, . . . , xN ,
we hypothesize that the transition probability
p̂i(xi+1) obtained from Char-RNN is closely re-
lated to the Tie/Break relation between xi and
xx+1. Intuitively, the Char-RNN model should pro-
duce a high likelihood for common transitions in
sensor names, e.g., substrings for building name,
room, and common sensor types. Therefore, when
Char-RNN suggests a low transition probability,
the transition is very likely to be a Break; other-
wise, the possibility of a Tie becomes higher.

We empirically verify our hypothesis via data
analysis of an example building as shown in Fig-
ure 3. We present the probability density from
histogram of p̂i(xi+1). In addition, based on the
ground-truth segmentation results, we plot the Tie
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and Break precision curves w.r.t. different thresh-
olds. The Tie Precision refers to the ratio of Tie
transitions among all the transitions above a certain
threshold, while the Break Precision refers to the
ratio of Break transitions among all the transitions
below a certain threshold. One can observe that
the“turning” points on the break precision curve
are highly correlated to the peaks in the histogram.
An uptick on the break precision curve indicates
that there might be abundant same patterns in the
bin of probabilities, which typically are more likely
to be Ties. Therefore, the thresholds should be
below the probability bins with high frequency to
classify the steep upslope regions as Tie.

If one wants to set up a single threshold on
p̂i(xi+1) to classify all transitions into {Tie,
Break} in an unsupervised manner, the highest
peak in the “confidence” interval [0.550, 0.950] on
the distribution (e.g., 0.771 in Figure 3) would be a
good choice to achieve a high F1 score. We gener-
alize this threshold selection criterion to the other
buildings, and as we shall demonstrate in our ex-
periments, such a selection strategy gives results
close to grid search that uses ground-truth labels.

In addition to Tie and Break, we mark those
uncertain transitions as Unknown. We need to
decide on two thresholds, t0 and t1, and catego-
rize the transitions according to three transition
probability intervals, [0, t0], (t0, t1), and [t1, 1], de-
noting Break, Unknown, and Tie, respectively,
as the pseudo labels. We wish these pseudo labels
would be of high accuracy while having a sufficient
amount of labels. Based on our observations, the
above single threshold criterion satisfies t1. Con-
sidering that Breaks are considerably fewer than
Ties, we should decide on a Break more care-
fully. The highest peak in a narrowed high preci-
sion interval [0.050, 0.150] would be appropriate
(e.g., 0.101 in Figure 3).

2.3 Ensemble to De-noise Pseudo Labels

There could exist errors in these automatically in-
duced pseudo labels, so we leverage the idea of
ensemble learning to mitigate the impact of such
errors on the final predictions (Breiman, 1996).
Specifically, we independently sample a subset of
pseudo labels to train K binary classifiers and then
average their predictions. In the pseudo labels, the
number of Tie transitions is usually much higher
than that of Break. To balance the training data,
we sample ε ·M Tie and Break labels, respec-

tively, from all the pseudo labels, where M is the
number of Break transitions and ε is a small coef-
ficient between 0 to 1 for sampling a subset (e.g.,
ε = 0.1). Such a sampling strategy makes the label
errors less likely to affect every binary classifier, so
the final prediction becomes more accurate.

All types of binary classifiers could be used to
construct the ensemble. We adopt a Multi-Layer
Perceptron (MLP) as the binary classifier. For the
i-th transition, we retrieve the hidden state vector
hi yielded by the Char-RNN and feed it as input
to the MLP. The final prediction is the average of
predictions from the K classifiers. As the training
data is sampled in a balanced way, we simply use
0.5 as the threshold to decide on Tie or Break.

3 Experiments

We empirically evaluate Sensei on datasets from
real-world buildings and discuss our results as well
as findings of particular interest.

3.1 Datasets and Pre-processing

We collected the sensor names from five office
buildings contracted with four different building
vendors at three different sites located in differ-
ent geographic regions. We also collected the
character-level ground-truth labels of these names
from their building vendors. We adopted the BIO
tagging scheme in generating labels, marking the
beginning (B), inside (I), and outside (O) of each
segment (e.g., for location or function). Table 1
summarizes details of each building.

Digits. The digits in sensor names indicate de-
tailed and specific information such as room or
equipment identifiers, so preserving the variety in
numbers does not help our segmentation task. Con-
versely, it disturbs the transition probability distri-
bution and thus confuses the model in predicting
the next characters – the model would only need
to learn and recognize the transitions from digit to
digit, as opposed to the specific values (e.g., “1”
to “2” or “4” to “3”). Therefore, we replace all
numerical digits with the same digit “0”.

Punctuation and Whitespace. There are sym-
bols such as underscores and whitespace in sensor
names that are inserted by technicians at the time of
metadata construction. We leave them as-is for our
model to learn their meanings because the mean-
ings of these characters vary from case to case.
This is, in fact, one of the major challenges in this
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Table 1: Statistics of five buildings in our experiments. These builds are from three different campuses: Buildings
SDH and IBM are from the first campus, APM and EBU from the second, and SOD from the third. Example
sensor names are also listed for reference.

Building #Sensors #Segments #Characters Example Sensor Name

SDH 2, 551 2 ∼ 5 7 ∼ 31 SDH.AH1 RHC-4:CTL STPT
IBM 1, 366 2 ∼ 3 6 ∼ 28 1F FCU10 11 13 23 COLLAB
APM 1, 079 1 ∼ 7 4 ∼ 34 AP&M-CRAC-2-MIG-009.COOLING ON-OFF
EBU 1, 074 2 ∼ 3 7 ∼ 35 EBU3B.3RD FLR AVG CLG-PID1
SOD 1, 335 2 ∼ 4 14 SODC3P09DP STA

sensor name segmentation problem. For example,
the sensor name “SODH1 L L” should be seg-
mented as “SOD|H1| |L L”, with the three seg-
ments corresponding to its building name, equip-
ment id, and measurement type, respectively. The
underscores between “H1” and “L L” are padded
to make the sensor name fixed-length, while the
underscore inside “L L” connects two initial letters
(i.e., for a Lead-Lag sensor, commonly existing in
water pumps).

3.2 Evaluation Metrics

We evaluate the performance of all the considered
methods by the F1, precision, and recall scores. A
segment is represented as a span with the starting
and the ending character indices. A predicted seg-
ment is correct if and only if there exists an exactly
same segment in the ground truth. Therefore, we
define the precision and recall as follows:

prec =
|SGT | ∩ |SPred|
|SPred|

, rec =
|SGT | ∩ |SPred|

|SGT |
,

where SGT is the set of ground-truth spans and
SPred is the predicted set. The F1 score is the
harmonic mean of precision and recall. We report
the averaged F1 score of all sensor names, which is
relatively unbiased (Opitz and Burst, 2019).

As we mentioned before, there will be some ex-
tra delimiters between segments. Therefore, during
the evaluation, we ignore segments containing only
delimiter(s) in both ground truth and predicted seg-
ments. When calculating the start and end indices
for predicted segments, we also skip their prefix
and suffix delimiters. The same process here ap-
plies to the evaluation of all methods.

3.3 Compared Methods

We compare Sensei with the following methods:
• Delimiter. There are punctuation (such as “-

” and “ ”) and whitespace characters in sensor
names, and they could indicate the boundaries

between segments. Therefore, this method seg-
ments a sensor name by delimiters (i.e., non-
alphanumeric characters). This method mainly
serves as a sanity check.

• NLTK TweetTokenizer. NLTK (Bird et al.,
2009) provides a tweet tokenizer to segment a
string into tokens according to predefined regular
expressions (regexes). We directly apply it to
segment our sensor names.

• CoreNLP. We adopt the pre-trained tokenizer in
the CoreNLP package2 (Manning et al., 2014),
which adopts the Universal Dependencies3 ver-
sion 2 (UD v2) standard for segmentation .

• Stanza. We also adopt Stanza4 and use its built-
in neural tokenizer (Qi et al., 2020) following UD
v2. This method combines convolutional filters
and bidirectional LSTM to realize tokenization
and sentence segmentation as a tagging task (Qi
et al., 2018).

• N-gram-LM. Character-level N-gram language
model (N-gram-LM) can also provide charac-
ter transition probabilities. To obtain an “upper
bound” of the N-gram-LM’s performance, we ap-
ply a grid search technique of Sensei-GS detailed
in the following to find the optimal threshold on
the test set. As most segments in the ground
truth contain fewer than 5 characters, we tried N
from 1 to 5 and reported on the best performance.
However, this model does not offer any repre-
sentations that we can use to train the ensemble
classifiers for the “break/tie” decisions.

• BayesSeg. Topic segmentation divides a doc-
ument into topic-coherent segments. An unsu-
pervised Bayesian model, BayesSeg5 (Eisenstein
and Barzilay, 2008), is used to segment char-

2https://stanfordnlp.github.io/
CoreNLP/

3Universal Dependencies is a framework of annota-
tion guidelines by open community effort. https://
universaldependencies.org/

4https://stanfordnlp.github.io/stanza/
5https://github.com/jacobeisenstein/

bayes-seg
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acters of sensor names as a topic segmentation
task that decides the boundary between sentences.
However, this method requires to manually spec-
ify the number of segments, which is a parameter
we do not know without human input.

• ToPMine. ToPMine (El-Kishky et al., 2014) pro-
vides a method that groups frequent words into
phrases in an unsupervised manner and incorpo-
rates these phrases into topic modeling. We adapt
the model to work at the character level. That
is, we regard each character of sensor names as
a word in document and group characters into
segments as group words into phrases.

• SeNsER. Besides the above unsupervised meth-
ods, we compare with a transfer learning model,
SeNsER (Jiao et al., 2020), a supervised method
that uses both source and target buildings’ raw
sensor names and source building’s annotations
to learn a sensor name tagger for use in the target
building.

Note that, we do not use custom regexes to seg-
ment sensor names because they require tremen-
dous manual effort to create in order to exhaustively
cover all the possible substring patterns, which de-
viates from our self-supervised problem setting.
Moreover, since different buildings follow differ-
ent sensor naming conventions, manual effort is
required from domain experts to create regexes on
a per-building basis, which is a costly process.
We also compare with two ablations of our method:
• Sensei-Forward (Sensei-FW). It leaves out the

self-supervised ensemble learning. Specifically,
we keep the Char-RNN to obtain the distribution
of observing next characters, and then find the
single threshold as stated in Section 2.2.

• Sensei-Backward (Sensei-BW). This is similar
to the forward counterpart. The only difference
is that the Char-RNN takes as input the reversed
sensor names. As we shall see in the results, this
method does not add much value to our task due
to the intrinsic irregularity of sensor names when
examined backward.

We further examine a method using grid search
based on ground truth for threshold tuning to verify
the effectiveness of our threshold decision:
• Sensei-GridSearch (Sensei-GS). Compared to

Sensei-FW, this method finds the best thresh-
old for deciding Tie using ground-truth labels,
i.e., it searches through all the possible threshold
values on the transition probability distribution
and picks the one producing the best segmenta-

tion results. This method is only used to demon-
strate that a single threshold chosen based on the
transition distribution (as detailed in Section 2.2)
gives results reasonably close to the best we can
achieve for Sensei-FW using the ground truth.

3.4 Experimental Setup

We modify the Char-RNN library6 and use
Keras (Chollet et al., 2015) to implement our
method. As our method is unsupervised, we do not
employ the commonly used early-stopping scheme
when training the Char-RNN. Instead, we train our
models for 100 epochs and empirically find this to
be sufficient. All the thresholds have three decimal
places. We assign Ties as positives and Breaks
as negatives. For binary classifier, any supervised
learning algorithm (e.g., logistic regression, SVM,
etc) would accommodate our need in this work.
We choose a vanilla Multilayer Perceptron with 2
fully-connected layers, each with 64 cells. We set
the number of binary classifiers in our ensemble,
K, at 100. The subsampling rate for the ensem-
ble, ε, is 10% and for each subsampling, we use
pandas with the iteration index as seed. Training
a Sensei model on a Colab GPU with 12GB RAM
takes less than 40 minutes for each building. For
the other compared methods, we tune at our best
based on the recommended settings in their papers
or repositories and report the best performance.

3.5 Main Results and Analysis

Experimental results for all the unsupervised meth-
ods are summarized in Table 2. Overall, Sensei
significantly outperforms all the compared meth-
ods, attributed to its strategy of complementing
the language model with a self-supervised ensem-
ble classifier. Besides the variants of Sensei, the
N-gram-LM baseline achieves the second-best per-
formance among all the other unsupervised meth-
ods, with an average 62.13% in F1 across all the
buildings. This also illustrates the usefulness of a
language model. By contrast, our Sensei achieves
over 80% in F1, which demonstrates a 20-point
improvement over N-gram-LM.

When looking at the F1 scores of baselines in-
cluding Delimiter, ToPMine, BayesSeg, and the
off-the-shelf tokenizers in NLTK, Stanza, and
CoreNLP, they are not competitive; this highlights
the need for a solution to our challenging problem.

6https://github.com/sherjilozair/
char-rnn-tensorflow
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Table 2: Performance of Sensei and compared methods on the five test buildings.

SDH IBM APM EBU SOD

Methods Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1 Avg F1

Delimiter 33.21 47.18 38.47 52.61 65.87 57.80 3.10 4.44 3.56 32.00 46.60 37.73 46.54 23.95 31.51 33.81
NLTK 18.34 31.86 22.75 0.07 0.05 0.06 3.95 4.07 3.99 20.76 27.78 23.75 0.04 0.02 0.03 10.12

CoreNLP 17.09 13.46 14.75 0.04 0.02 0.03 39.31 30.88 34.20 15.86 10.58 12.69 0.11 0.06 0.07 12.35
Stanza 9.30 6.95 7.82 0.0 0.0 0.0 2.51 2.75 2.57 9.21 9.09 8.92 0.0 0.0 0.0 3.86

N-gram-LM 60.23 73.73 65.70 77.48 79.53 78.09 39.37 56.61 45.72 51.06 66.62 56.96 57.54 73.71 64.18 62.13
BayesSeg 1.74 2.17 1.92 19.72 28.54 23.25 9.72 10.18 9.88 15.05 25.16 18.82 45.07 34.16 38.84 18.54
ToPMine 16.83 31.42 21.76 27.83 38.86 31.86 14.39 30.63 19.46 2.11 4.55 2.85 15.38 26.17 19.27 19.04

Sensei-BW 10.93 11.00 9.18 0.0 0.0 0.0 0.98 3.86 1.53 1.04 4.66 1.69 19.22 11.33 13.77 5.23
Sensei-FW 61.17 74.45 66.56 39.97 53.40 44.84 38.58 55.58 44.81 47.94 64.65 53.78 58.38 74.18 64.87 54.97
Sensei-GS 61.17 74.45 66.56 79.84 80.43 79.76 38.58 55.58 44.81 47.94 64.65 53.78 58.38 74.18 64.87 61.91

Sensei 87.00 83.64 84.95 84.81 90.80 86.84 70.23 77.98 73.21 78.10 85.77 80.39 85.81 87.53 86.43 82.36

Table 3: Transfer learning performance among buildings by SeNsER (Jiao et al., 2020).

SDH IBM APM EBU SOD

Source Bldg Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

SDH 99.87 99.79 99.83 87.11 76.28 81.34 91.20 83.72 87.30 70.10 69.30 69.73 29.75 39.23 33.84
IBM 78.79 85.72 82.11 99.80 99.90 99.85 76.07 59.23 66.60 63.70 66.12 64.89 29.45 39.71 33.82

APM 75.53 78.58 77.03 77.81 58.20 66.59 99.07 98.31 98.69 69.07 67.14 68.09 19.68 36.26 25.52
EBU 74.68 84.99 79.50 84.60 82.20 83.38 88.24 84.99 86.59 99.72 99.44 99.58 3.40 6.72 4.52
SOD 48.44 39.15 43.30 74.56 61.10 67.16 5.85 2.89 3.87 16.76 8.79 11.53 99.75 99.77 99.76

The performance of Delimiter confirms the fact
that the semantics of these delimiters are mixed. If
one recalls the examples in Table 1, vendors usually
use delimiters in sensor names. Sometimes, these
delimiters well indicate the segment boundaries.
However, as we illustrated in the example sensor
name “SOD|H1| |L L”, punctuation could be
also used within the segment, and therefore simply
segmenting at delimiters results in a considerable
amount of false positives.

From Sensei-FW to Sensei, there is a significant
boost, roughly 27 points in F1 on average. Since the
major difference between Sensei and Sensei-FW is
our self-supervised ensemble learning module, we
empirically verified its power.

Comparing Sensei-FW and Sensei-BW, we ob-
serve that the forward version performs dramati-
cally better. Sensei-FW also performs better than
Delimiter, ToPMine, and all the pre-trained tok-
enizers in all cases. By contrast, Sensei-BW takes
the reversed sensor names as input but performs
much worse than Sensei-FW. We notice that this
is because there are not sufficient variations in the
sensor string patterns when being looked at back-
ward, compared to the forward case. For exam-
ple, there are names like “SODA4R731 ASO” and
“SODA1R516 VAV”, and the Sensei-FW model
can see various substrings (e.g., “ASO” and “VAV”)

following the common pattern “SODA0R000 ”.
Variations as such provide enough information
for the model to learn where to segment. How-
ever, when reversed, the above example becomes
“OSA 000R0ADOS” and the prefix “OSA” sees no
variations following, which makes it nearly impos-
sible for Sensei-BW to figure out the right segmen-
tation. Consequently, Sensei-FW better captures
generative patterns while Sensei-BW achieves poor
segmentation results.

Comparing Sensei-FW and Sensei-GS, one can
observe that, in most cases (4 datasets out of 5),
Sensei-FW finds the best single threshold found
by Sensei-GS. Note that Sensei-GS utilizes the
ground truth to exhaustively search among all the
possible thresholds, while Sensei-FW decides the
threshold based on the transition distribution with-
out requiring any labels. This small difference in
performance indicates that our data-driven thresh-
old finding solution based on the distribution is
reasonable and reliable.

From Table 3 we see that the performance of
transfer learning varies drastically across buildings.
This is because, as the method takes a transfer learn-
ing approach, its performance highly hinges on
how similar the sensor names in the source build-
ing are to those in the target building. For example,
APM and EBU are from the same vendor, and thus
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Table 4: Performance of Sensei using different amounts of sensor names for training.

SDH IBM APM EBU SOD

Percentage (%) #Sensors F1 #Sensors F1 #Sensors F1 #Sensors F1 #Sensors F1

25 637 72.67 341 75.95 269 39.99 268 33.50 333 57.86
50 1,275 92.28 683 71.84 539 48.99 537 47.77 667 85.62
75 1,913 86.38 1,024 85.04 809 57.61 805 70.45 1,001 85.31

100 2,551 84.95 1,366 86.84 1,079 73.21 1,074 80.39 1,335 86.43

SeNsER is relatively more effective on these two
buildings. Moreover, since APM has more diverse
patterns than EBU as shown in Table 4, it is rea-
sonable that the transfer from APM to EBU results
in a higher score than the opposite. Additionally,
SOD are so different from all the other buildings
that transfers to SOD produce poor results. The
noticeable high diagonal scores, whose source and
target buildings are the same (i.e., learning within
a building), provide an upper-bound reference. We
shall also note that, referring to the last row in
Table 2, Sensei outperforms SeNsER on four build-
ings except for APM, as Sensei is focused on more
effectively capturing patterns inside a building.

3.6 Effect of Number of Sensors

As Sensei framework is fully automated in a self-
supervised manner, its performance is solely af-
fected by the amount and variety of sensor names
available for learning the segmentation classifier.
As shown in Table 4, Sensei generally gets bet-
ter performance with more sensor names available
with an exception of Building SDH. We hypothe-
size that the performance relates more closely to
the variety of sensor name patterns in the dataset
rather than the number of sensor names.

3.7 Case Studies and Discussions

We next showcase some examples that Sensei cor-
rectly segments, in order to illustrate its capability.

“Flukes” for False Positives. In Building IBM,
some of the Breaks are recognized as Ties by
Sensei-FW and Sensei-GS. For example,

0F| |SRVC| |D0D0D0D00,
GF| |SRVC| |QR000 000,

are mistakenly segmented as

0F SRVC| |D0D0D0D00,
GF SRVC| |QR000 000.

By contrast, Sensei avoids the mistakes by learn-
ing the pattern from many other sensor names. The
following case is a great example.

GF| |LGHT| |COFFEEDOCK.
GF| |FRONTAISLE| |LHS,

0F| |FCU KWH.

There are only 89 occurrences of “ |LGHT|” com-
pared to 177 of “ |SRVC|”. Thus, with a lower
transition probability, it can be recognized as a
Break before “ |LGHT|”. Many similar cases
can teach Sensei that Break is more likely in this
pattern, facilitating its performance.

“Flukes” for False Negatives. Building SOD
contains many cases as follows:

SOD|A0|R000| |ASO,
SOD|A0|R000| |AGN.

Sensei-FW, and even Sensei-GS which employs
the ground truth, are not able to segment these
names correctly; they instead segment them as

SOD|A0|R000| |A|SO,
SOD|A0|R000| |A|GN,

because of the same prefix “SODA0R000 A”.
By contrast, Sensei is able to correctly segment

them owing to the self-supervised ensemble learn-
ing, which is more robust to noise in pseudo labels.

Discussion. We notice that even though Sensei
on average achieves about 80% in F1, it still has
limitations. Sensei is sensitive to the variation of
patterns in datasets—the patterns cannot be too
varied or too monotonous.

4 Related Work

There are three lines of prior and related work,
namely, sensor metadata mapping, language model,
and phrase mining.

Sensor Metadata Tagging. Sensor Metadata
Tagging refers to the process of parsing and an-
notating the sensor metadata (or sensor name) for
understanding a sensor’s key context, including the
measurement type (Balaji et al., 2015; Hong et al.,
2015b), location (Bhattacharya et al., 2015b), rela-
tionships with others (Koh et al., 2018), and many
more (Schumann et al., 2014). The majority body

1024



of work exploits an active learning-based proce-
dure (Settles, 2009), where it iteratively selects an
“informative” and “representative” metadata exam-
ple for a domain expert to label, in order to learn a
model to annotate the metadata. Complementary
to the use of textual metadata, there are also efforts
exploring the use of time-series data for inferring
the sensor context (Koc et al., 2014; Pritoni et al.,
2015; Hong et al., 2015a). While they can signif-
icantly reduce the required manual labeling, they
still rely on the availability of at least one human
annotator to segment, parse, and provide labels.

By contrast, the method proposed in this work is
fully automated, i.e., completely removing humans
from the process, and we demonstrate its use in
an essential first step—segmenting a sensor name
string into meaningful substrings.

Language Model and Tokenization. Language
models originate from the areas of natural language
processing and information retrieval (Schütze et al.,
2008). They aim at modeling the likelihood of ob-
serving one token given all the tokens before it,
capturing the underlying language patterns. Recent
advances in deep learning have pushed the lan-
guage modeling from traditional n-gram models to
neural language models (Kiros et al., 2014; Karpa-
thy et al., 2015; Kim et al., 2016; Peters et al., 2018;
Devlin et al., 2018), achieving significantly better
performance using recurrent neural networks.

Analogizing sensor names to human languages,
we employ neural language models to capture the
underlying naming pattern. As we seek to segment
a sensor name string into substrings, we choose the
classic Char-RNN model (Karpathy et al., 2015).
In general, any character-level language models are
applicable in our method.

One can also view our problem as tokenization
of sensor names. We thus compare with multi-
ple existing tokenizers provided in NLTK Twitter,
Standford CoreNLP (Manning et al., 2014), and
Stanza (Qi et al., 2020). As we demonstrate in the
evaluation, our method significantly outperforms
these methods in segmenting sensor names.

Phrase Mining. Treating characters as words,
our problem can be viewed as an unsupervised
phrase mining problem with phrasal segmentation
as output. Existing methods mainly leverage sta-
tistical signals based on term frequency in the
corpus (Deane, 2005; Parameswaran et al., 2010;
Danilevsky et al., 2014; El-Kishky et al., 2014).

Among all these methods, ToPMine (El-Kishky
et al., 2014) is arguably the most effective one.
Our method Sensei significantly outperforms ToP-
Mine in our empirical evaluation. There exist
weakly/distantly supervised phrase mining meth-
ods (Liu et al., 2015; Shang et al., 2018a); however,
such supervision signals (e.g., Wikipedia) are diffi-
cult to obtain for building sensors.

5 Conclusions and Future Work

Smart buildings critically rely upon contextual in-
formation associated with its sensors and actuators
to appropriately sense and operate building subsys-
tems. Such contextual information appears in the
form of sensor metadata that is part of the installa-
tion of building management system. In this paper,
we have presented Sensei, a system for automated
segmentation of metadata information. Sensei is a
fully automated method without requiring human
labels that employs a character-level neural lan-
guage model to capture the underlying generative
patterns in building sensor names. Based on the
probability distribution of character transitions (i.e.,
likelihood of observing the current character give
the previous ones), it decides on two thresholds
for sifting out examples for which it is confident
to be Tie or Break. Considering these pseudo-
labeled examples as supervision, Sensei constructs
an ensemble of binary classifiers to segment sen-
sor names with the information provided by the
language model. We conducted experiments on
the sensor names from five real-world buildings,
and Sensei on average achieves F1 > 80% in seg-
menting sensor names, a roughly 20-point improve-
ment over the best compared unsupervised method.
Our ongoing work addresses pre-training methods
for the language model to improve Sensei’s perfor-
mance and its use in standard NLP tasks.
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Abstract

We propose a simple and effective few-shot
model for slot tagging. Recent work shows
that it is promising to extend standard few-
shot classification methods to sequence label-
ing with CRF-specific augmentations. Such
methods show strengths in encoding slot name
semantics and slot dependencies. However,
we find these strengths can be obtained by a
much simpler method, which casts slot tagging
into machine reading comprehension (MRC).
We fine-tune a standard BERT-based MRC
model with a mixture of source domain and
(few-shot) target domain data. Such simple
method outperforms state-of-the-art methods
by a large margin on the SNIPS dataset.

1 Introduction

This paper considers the task of few-shot slot tag-
ging. Slot tagging (Zhang and Wang, 2016; Hai-
hong et al., 2019) is a core component for task-
oriented dialog systems (Papineni et al., 2001),
where the goal is to provide a fine-grained, struc-
tured description of user request for a given intent.
Example (1) shows the input-output of a slot tag-
ging module for the book restaurant intent,
where the module yields the semantic analysis for
the input query in terms of slot label-value pairs
such as restaurant type is ‘brasserie’ and
time range is ‘15 minutes’, etc.

(1) Query: I want to book a far brasserie that
serves minestrone in PA for a party of 9 in
15 minutes.
Tagged Slots: {restaurant type:
‘brasserie’, time range: ‘15 minutes’,
state: ‘PA’, party size number:
‘9’, served dish: ‘minestrone’}

In real world systems, slot taggers are required to
rapidly cover new domains to address increasing

∗Equal contribution. Order decided by tossed coins.

user needs. A key challenge here is that labeled
data are often scarce in new domains and the high
cost of manually annotating large-scale data be-
comes a major obstacle for domain adaptation. An
attractive alternative is few-shot learning, which
aims at achieving reasonable good results using
only a few labeled instances in the new domain.

Although there are many successful few-shot
classification methods, especially meta learning
ones (Bapna et al., 2017; Luo et al., 2018; Fritzler
et al., 2019), directly adapting them to slot tag-
ging often yields unsatisfactory results (Hou et al.,
2020). This is due to the sentence-level, extrac-
tive nature of slot tagging, where token dependen-
cies within sentences are important but ignored
by token-level classification models. Recent work
(Hou et al., 2020) tackles this problem by extending
meta learning methods to sequence transduction
within the BERT-CRF framework, using several
CRF-specific augmentations. Such augmentations
show strengths in both encoding slot name seman-
tics and modeling slot dependencies, which are key
elements for effective few-shot slot tagging.

This paper shows that we can enjoy similar
strengths with a frustratingly simple method. Our
approach is based on the idea of transforming few-
slot tagging into supervised machine reading com-
prehension (MRC), the detailed formulation of
which is described in Section 3, with an exam-
ple shown in Table 1. The implementation of our
method is incredibly simple: we fine-tune an off-
the-shelf BERT-based (Devlin et al., 2019) MRC
model with data being merged from the source do-
main and (few shot) target domain data, without
any meta learning or extra engineered components.

Our simple method works for good reasons. As
the MRC-based approach extracts the full span of
each slot value based on the complete sentence,
such a model is aligned with the extractive nature of
the task and implicitly considers slot dependencies.
Moreover, the model can naturally encode label se-
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mantics by mentioning the label names in the con-
structed questions. For our MRC model, the slot
labels and the sentences being tagged from both
source and target domains all reside in the same se-
mantic space, where the training upon mixed data
forces the model to generalize to a semantic space
that is compatible with both domains. Through
experiments, we also find that our model can bet-
ter leverage linguistic and world knowledge in
pre-trained language models, than previous BERT-
based few-shot slot taggers.

The contributions of this paper are twofold: (1)
We propose a simple and effective approach to few-
shot slot tagging, which is based on training a su-
pervised MRC model. (2) We empirically show
the effectiveness of the proposed method, which
outperforms previous state-of-the-art by 4+ points
on the SNIPS benchmark.

2 Related Work

Slot Tagging Intent detection and slot tagging
are two key modules in spoken language under-
standing. Slot tagging is often cast to sequence
labeling problem (Zhang and Wang, 2016; Liu and
Lane, 2016; Haihong et al., 2019; Qin et al., 2019).
This paper adopts MRC formulation and focuses
on the few shot learning setup.

Few Shot Learning In NLP, few shot learning
methods mostly focus on classification tasks (Sun
et al., 2019; Geng et al., 2019), while efforts on
sequence labeling like slot tagging are rarely (Luo
et al., 2018; Fritzler et al., 2019). Hou et al. (2020)
explored few shot slot tagging by considering both
label dependency transfer and label name seman-
tics. Our model enjoys similar strengths but is
much simpler and more effective.

QA Format for NLP Tasks Question answer-
ing, in particular machine reading comprehension
(MRC) models (Seo et al., 2017; Xiong et al.,
2018), is typically trained to answer questions by
extracting a text span from the given context. Re-
cently, there is a trend to cast non-QA NLP tasks,
such as information extraction (Levy et al., 2017;
Li et al., 2019, 2020), coreference resolution (Hou,
2020; Wu et al., 2020) and more (McCann et al.,
2018) into MRC, which can achieve comparable
or improved results. Our work is inspired by these
works, but tackles a new task of slot tagging with a
focus on few-shot learning.

3 Method

3.1 Slot Tagging as MRC
MRC formulation Given a question Q =
q1, q2, ..., qL, and a context passage C =
c1, c2, ..., cM , where |Q| = L and |C| = M are
their token numbers respectively, while question Q
is used to extract required spans from context C.
The task is to find the span between the start token
Cstart and end token Cend in the context, for the
given question w.r.t. each slot type. Some example
questions and their context are shown in Table 1.
For all questions associated with the same sentence,
we provide one context C, which consists of the
original sentence, being concatenated by special to-
kens “NO ANSWER” , which should be extracted,
when no answer (span) is available in the given
sentence for that question (slot type).

Following the MRC setup as in BERT (Devlin
et al., 2019), we resort to the standard question-
answer usage of BERT to find span Cstart-Cend,
i.e. feeding the token sequence in the form of
[CLS], q1, q2, .., qL,[SEP], c1, c2, ..., cM as the
input to the BERT model, where the special to-
kens [CLS] and [SEP] are inserted between
Q and C to distinguish them. Then, the hidden
states from the last layer of BERT are extracted
as the representations of input tokens. Probabili-
ties Pstart(i) and Pend(i) of each token position
being the start and end position of the answer span
are computed through the following formulas (1),
where i = 1, 2, ...,M . For both start and end index
predictions, tokens between the highest Pstart(i)
and Pend(j) will be predicted as the slot content
for the slot type being asked in the question Q.

HQ;HC = BERT([Q;C])

HC = [v1; v2; ...; vM ]

Pstart(i) = softmax(Wsvi)

Pend(i) = softmax(Wevi)

(1)

To train the MRC model, we first convert the orig-
inal dataset, pairs of split sentence tokens and
slot types into a set of <question, answer, con-
text> triples, similar to the *format* of SQuAD
1.1 dataset (Rajpurkar et al., 2016). Triples of dif-
ferent samples are shuffled into batches to feed
into the MRC model to get predictions of start and
end position indices. Every slot type in the corre-
sponding domain will be asked sequentially to find
corresponding spans, or ‘NO ANSWER’ will be
extracted if that slot type doesn’t appear. We use
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cross entropy loss between predictions and ground
truths.

Question Generation For each slot type y ∈ Y
to be predicted, we use a unified template to gen-
erate a question Q by joining domain name with
slot type, which are both split by upper case letters
and underlines, since they have the necessary infor-
mation and short enough to keep model focusing
on context C. As shown in example (1), ques-
tion about slot type restaurant type in do-
main book restaurant is constructed as Book
Restaurant, restaurant type ?.

Context: I want to book a far brasserie that
serves minestrone in PA for a party of 9 in 15
minutes NO ANSWER
Question Answer Set
Book Restaurant restau-
rant type ?

{brasserie}

Book Restaurant party
size description ?

{NO ANSWER}

Table 1: Samples of Context, questions and answers in the
MRC formulation for Example (1).

3.2 Few Shot Learning

For a few-shot learning task, we have a target do-
main D1 = (xi, yi) with few labeled data, and n
resource-rich source domains D2...Dn. The task is
to discover the optimal hypothesis h from x to y
in domain D1. To fit our MRC model into N -way
k-shot settings, we follow the data construction pro-
cedures in Hou et al. (2020), where the support set
S = (xi, yi) is constructed by ensuring every slot
in target domain appears approximately k times
and each entity only appears once in a sentence.

We randomly generate 100 above support sets.
For each set, we pair it with a query set having
20 excluded samples to form an episode. Together
withD domains, our test set is made up ofD×100
episodes. Note that our model is trained in one-go
with the data being mixed up from the source do-
main and the support set of the target domain in
each episode, unlike two-phase training in typical
few shot learning methods. Despite the difference,
the amount/split of the data for training and evalu-
ation is exactly the same as in previous work.For
zero-shot learning, we directly evaluate the source
domain trained model on the full target domain.

4 Experiment

4.1 Setup
Dataset Our experiment is based on the SNIPS
data set (Coucke et al., 2018) which is a bench-
mark dataset for slot tagging. It has data samples
from 7 different domains, namely, Weather (We),
Playlist (Pl), Book (Bo), Music (Mu), Restaurant
(Re), Screening Event (Se) and Creative Work(Cr).
Following few-shot setup in previous work, we
split SNIPS data by domain. Each time, we leave
one for testing, one for development and the others
for training. Such procedure is repeated 7 times for
cross validation.

Baselines Bi-LSTM (Schuster and Paliwal,
1997) is trained on the support set and tested on the
query set using word embeddings of GloVe (Pen-
nington et al., 2014). Matching Network (MN)
with BERT(Vinyals et al., 2016) builds on top of
BERT and labels the sequence in a token-level clas-
sification way. For each word, the most similar
token in the support set is chosen and its label
is assigned accordingly. WarmProtoZero (WPZ)
(Fritzler et al., 2019) adopts similar strategy as MN,
except replacing matching network with the proto-
typical network (Snell et al., 2017). SimBERT also
classifies each token with the most similar word
in the support set and assigns the corresponding
label, where BERT embeddings are used without
fine-tuning. TransferBERT is a domain transfer
model based on vanilla BERT. It is pre-trained on
source domain data, followed by fine-tuning on the
support set of the target domain. L-TapNet+CDT
(Hou et al., 2020) is a sequence labeling model
based on BERT+CRF, where the Collapsed De-
pendency Transfer is used for transferring label-to-
label dependencies and TapNet is used for transfer-
ring label semantics.

Implementation Details The pre-trained BERT-
base uncased model is used for our method, where
the batch size is set to 16, with max sequence length
of 512. We use Adam optimizer (Kingma and Ba,
2014) with initial learning rate of 1× 10−5 during
training. We train the model with 30 epochs for
each episode of evaluation, and get results accord-
ing to develop domain.

4.2 Experimental Results
Main Results for 5-Shot Learning Table 2
shows the results for 5-shot learning. Each column
indicates the per-domain results, where that domain
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Model 5-shots Slot Tagging

We Mu Pl Bo Se Re Cr AVG

WPZ 9.54 14.23 18.12 44.65 18.98 12.03 14.05 18.80
WPZ+GloVe 26.61 34.25 22.11 50.55 28.53 34.16 23.69 31.41
Bi-LSTM 25.17 39.80 46.13 74.60 53.47 40.35 25.10 43.52
TransferBERT 59.41 42.00 46.07 20.74 28.20 67.75 58.61 46.11
MN+BERT 36.67 33.67 52.60 69.09 38.42 33.28 72.10 47.98
SimBERT 53.46 54.13 42.81 75.54 57.10 55.30 32.38 52.96
WPZ+BERT 67.82 55.99 46.02 72.17 73.59 60.18 66.89 63.24
L-TapNet+CDT 71.64 67.16 75.88 84.38 82.58 70.05 73.41 75.01

Ours 89.39 75.11 77.18 84.16 73.53 82.29 72.51 79.17

Table 2: F1 scores results on 5-shot slot tagging. +CDT denotes collapsed dependency transfer. Scores below
mid-line are from our methods, which achieve the best performance. AVG shows the averaged scores. Best results in bold.

is used as the target domain while others are used
as source domains. In most domains, our model
achieves improved results than all baseline, being
based on BERT or not. In particular, our method
outperforms the previous SOTA, L-TapNet+CDT,
by 4.16% on average F1 score.

Figure 1: Avg F1 score for each domain for 1-shot and zero-
shot learning, which have the same setup for training.

Analysis Figure 1 compares the performance of
our model in zero/one/five-shot setup. Since the
training of our method is just fine-tuning upon the
mixture of source and target domain data, one-shot
setup means using 0.01% extra (target domain)
data over zero-shot setup. Yet, the boost is dra-
matic for most domains. We speculate that these
tiny bit of target domain has a catalyst effect, which
changes the optimization trajectory of model. It
might be the case that such training forces our MRC
model to generalize to a semantic space that is com-
patible with both source and target domains.

Note that our zero-shot model achieves an aver-
age F1-score of 52.5%, outperforming previous
zero-shot SOTA, such as 40.6% of Shah et al.
(2019) and 37.39% of Liu et al. (2020). As
for one-shot setting, the average F1-score of our
model is 69.3%, on par with 70.4% of the 1-shot
SOTA (Hou, 2020).

Few shot learners typically rely on source do-

main data to arrive at a good hypothesis. Figure 2
shows the sensitivity of our model w.r.t. the scale
of available source domain data. In each episode
of evaluation, we select a subset (100, 1000, 2000)
of sentences from source domains according to the
rank of text similarity between them and the sup-
port set. While the more the better holds in general,
we see that 1000 source domain sentences suffice
for competitive results.

Figure 2: Avg F1 for each domain with different numbers of
sentences from source domain. Where the full means all
sentences from source domains and the number is near 12,000

5 Conclusion

In this paper, we propose a BERT-based MRC ap-
proach to few-shot slot tagging. By casting slot
tagging into MRC problem, the learning consists of
fine-tuning the MRC model with labeled sentences
from a mixture of source domain and few-shot tar-
get domain data. Such an MRC-based method can
naturally encode the label semantics in the form of
questions, while the training forces the model to
generalize to a semantic space that is compatible
with both domains. Experiment results show the
effectiveness of our simple method, as it outper-
forms previous SOTA on the SNIPS benchmark by
a large margin. For future work, we plan to extend
our approach to similar tasks, such as semantic role
labeling and named entity recognition.
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Abstract

Medical code assignment from clinical text
is a fundamental task in clinical information
system management. As medical notes are
typically lengthy and the medical coding sys-
tem’s code space is large, this task is a long-
standing challenge. Recent work applies deep
neural network models to encode the medical
notes and assign medical codes to clinical doc-
uments. However, these methods are still in-
effective as they do not fully encode and cap-
ture the lengthy and rich semantic information
of medical notes nor explicitly exploit the in-
teractions between the notes and codes. We
propose a novel method, gated convolutional
neural networks, and a note-code interaction
(GatedCNN-NCI), for automatic medical code
assignment to overcome these challenges. Our
methods capture the rich semantic information
of the lengthy clinical text for better repre-
sentation by utilizing embedding injection and
gated information propagation in the medical
note encoding module. With a novel note-code
interaction design and a graph message pass-
ing mechanism, we explicitly capture the un-
derlying dependency between notes and codes,
enabling effective code prediction. A weight
sharing scheme is further designed to decrease
the number of trainable parameters. Empiri-
cal experiments on real-world clinical datasets
show that our proposed model outperforms
state-of-the-art models in most cases, and our
model size is on par with light-weighted base-
lines.

1 Introduction

Automatic medical code assignment is a routine
healthcare task for medical information manage-
ment and clinical decision support. The Interna-
tional Classification of Diseases (ICD) coding sys-
tem, maintained by the World Health Organization
(WHO), is widely used among various coding sys-
tems. Thus, the medical code assignment task is

also called ICD coding. It uses all types of clini-
cal notes to predict medical codes in a supervised
manner with human-annotated codes (Perotte et al.,
2014), which is formulated as a multi-class multi-
label text classification problem in the medical do-
main.

While there are increasing works in the
community in automatic medical code assign-
ment (Prakash et al., 2017; Shi et al., 2017; Mullen-
bach et al., 2018; Ji et al., 2020), this task remains
challenging from the perspectives of note represen-
tation and code prediction. First, medical note rep-
resentation, a critical step in understanding medical
notes, is formidably challenging due to the lengthy
and complex semantic information in the discharge
documents. There are typically thousands of tokens
in a medical note due to the various diagnoses and
procedures experienced by a patient. Furthermore,
clinical notes also contain a vocabulary with many
professional words and phrases, making it hard for
a neural network model to encode and understand
critical information. Second, the medical coding
system has a very high and sparse dimensional la-
bel space, which renders the code prediction task
incredibly difficult. For example, ICD9 and ICD10
coding systems have many labels, i.e., more than
14,000 and 68,000 codes. However, a patient typi-
cally is diagnosed with only a couple of codes over
the whole coding space.

Early works for medical code assignment typ-
ically follow statistical approaches. They either
employ rule-based methods (Farkas and Szarvas,
2008) or apply classification methods such as SVM
and Bayesian ridge regression (Lita et al., 2008)
to assign the codes. These methods are shallow
and do not exploit the complex semantic infor-
mation in medical notes, leading to unsatisfactory
performance. Recently, Natural language process-
ing (NLP) techniques based on deep learning have
been developed (Mullenbach et al., 2018; Li et al.,
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Figure 1: Illustration of the GatedCNN-NCI model architecture. The gating mechanism controls the information
propagation. Textual features interact with each code vector in the note-code interaction module. FCN is a fully
connected layer.

2018; Cao et al., 2020; Ji et al., 2020), which
learn the note representation via convolutional neu-
ral networks. Specifically, CAML (Mullenbach
et al., 2018), MultiResCNN (Li et al., 2018) and
DCAN (Ji et al., 2020) treat ICD coding as a gen-
eral text classification problem and develop com-
plex neural encoders to learn the note representa-
tion. HyperCore (Cao et al., 2020) proposes the
hyperbolic embedding to capture code hierarchy
and co-occurrence. However, these approaches are
still ineffective, as they do not explicitly capture the
fine-grained interactions between textual elements
and medical codes. These interactions naturally
represent the interdependencies between the com-
plex medical words and associated codes, and thus
should be well exploited.

This paper puts forward a novel neural architec-
ture, Gated Convolutional Neural Network with
Note-Code Interaction (GatedCNN-NCI), for effec-
tive medical code assignment. Our goal is to learn
rich representation from clinical notes and exploit
the interactions between medical texts and clinical
codes. To capture the long sequential history of
clinical documents, we design a novel dilation in-
formation propagation component with a forgetting
mechanism to selectively utilize the useful infor-
mation for note representation learning. To tackle
the large labeling space, we formulate textual notes
and medical codes as a complete bipartite graph
and develop a graph message passing approach
to capture the explicit interaction between notes
and codes. The ICD code descriptions are used
as an external medical knowledge source to learn
more accurate code representations that preserve
the semantic relations of the codes. Considering
the practical application in real-world medical in-
stitutes, especially those with limited computing

resources, our architecture also prioritizes compu-
tational efficiency when designing the sub-modules.
Our contributions are itemized as follows.

• We propose a CNN-based neural architecture
with dilation and gating mechanism for clini-
cal text encoding. We enhance the feature rep-
resentation learning with 1) embedding injec-
tion, enhancing the deeper features of lengthy
clinical notes; 2) and the gating mechanism to
control the information propagation.

• We view the note-code interaction as a com-
plete bipartite graph and propose a graph mes-
sage passing mechanism to capture the interac-
tions between textual features and ICD codes
explicitly.

• To reduce the trainable parameters and make
our model computationally efficient, we de-
velop a weight-sharing mechanism across the
length of the sequence and the depth of the
network.

• Experiments in real-world clinical datasets
empirically validate our model’s effectiveness
by comparison with the state of the art.

2 Related Work

Classical medical coding systems used rule-based
methods (Farkas and Szarvas, 2008), studied fea-
ture selection (Medori and Fairon, 2010), and
applied classification models such as SVM and
Bayesian ridge regression (Lita et al., 2008). Per-
otte et al. (2014) utilized the hierarchical structure
of the ICD code systems and provided a flat and
hierarchical SVM for diagnosis code classification,
while Kavuluru et al. (2015) studied explicit co-
occurrence relations between codes. Scheurwegs
et al. (2016) investigated heterogeneous data of
both structured records and textual data. Recent
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deep learning-based models use word embedding
techniques and develop complex neural network ar-
chitectures to learn rich text features for automatic
medical code assignment. Popular models use re-
current architectures such as the LSTM network
with an attention mechanism (Shi et al., 2017) and
GRU network with hierarchical attention (Baumel
et al., 2018). Prakash et al. (2017) used Wikipedia
as a knowledge source and proposed condensed
memory networks (C-MemNNs) with iterative con-
densation of memory representation. Although
CNNs are traditionally applied in computer vision,
many ICD coding methods utilize convolutional
architectures. CAML (Mullenbach et al., 2018)
used CNN with multiple filters and label attention.
Li et al. (2018) adopted the doc2vec embedding
and CNN architecture, and Bai and Vucetic (2019)
incorporated online knowledge sources. The recent
MultiResCNN model (Li and Yu, 2020) extensively
concatenated and stacked CNNs with multi-filter
convolution and residual learning. HyperCore (Cao
et al., 2020) utilized hyperbolic embedding and co-
graph representation to capture the code hierarchy.

3 Method

3.1 High-level Model Architecture
3.2 Problem Definition
The input clinical note with n words is denoted as
x1:n = x1, . . . , xn, where each xi is a word (or
token). The medical coding system is the set of all
possible diagnosis and procedure codes denoted as
C. The medical code assignment learns a function
F : X n → Ym such that

y = F (x1, . . . , xn;D) , (1)

where y ∈ Rm is the medical code at discharge, m
is the number of medical codes, and D is an op-
tional external knowledge source. This paper uses
the ICD coding system and naturally utilizes the
official textual ICD code description as an external
knowledge source.

The high-level model architecture of GatedCNN-
NCI is illustrated in Fig. 1. Our model consists of
two main components, i.e., stacked gated CNN lay-
ers for clinical note encoding and note-code interac-
tion to fuse the external ICD code description. The
stacked gated CNNs include three sub-modules,
i.e., dilated convolution, embedding injection, and
gating mechanism.

We use word2vec (Mikolov et al., 2013) to train
word embeddings from raw tokens. Word em-

bedding matrix of a clinical note is denoted as
[w1, . . . ,wn]

T ∈ Rn×de , where de is the dimen-
sion of word vectors. Then we input the word em-
beddings into stacked gated CNN layers for long-
range information propagation. The stacked mod-
ule uses dilated convolution as its backbone (Oord
et al., 2016). To further enhance the feature learn-
ing, we inject the original embedding into each
stacked layer. The gating mechanism is origi-
nated from the long short-term memory network
(LSTM) (Hochreiter and Schmidhuber, 1997). We
adopt the LSTM-like gate (Dauphin et al., 2017) to
control the information flow.

To avoid blurry memory in higher layers, we
inject the original word embeddings (Bai et al.,
2019). Label interaction has been studied by Wang
and Jiang (2016) and Du et al. (2019). We uti-
lize descriptive knowledge from the ICD code de-
scriptions and develop the note-code interaction
to capture the relational match between clinical
note features and ICD codes. To reduce the train-
ing cost and stabilize the training process, we also
introduce a weight sharing mechanism across the
stacked CNNs (Bai et al., 2019).

3.3 Dilated Convolutional Layers
We use the one-dimensional convolution with dila-
tion as the backbone of our encoder, which takes
the word embedding X ∈ Rn×de as input. Di-
lated CNN has exhibited a significant capacity for
long sequence modeling and computationally effi-
cient for parallelism (Bai et al., 2018). Specifically,
we use a 1D convolution operator Conv1D(x; f),
with a filter f : {0, . . . , k − 1} → R, to each di-
mension of the word vectors. Given a sequence
of one-dimensional elements x ∈ Rn, the one-
dimensional dilated convolution Fd is denoted as

Fd(s) = (x ∗d f) (s) =
k−1∑

i=0

f(i) · xs−d·i, (2)

where d is the dilation size (i.e., the space between
kernel elements), s is the index of the element of
the input sequence, k is the convolving kernel (aka,
the filter) size, and s−d · i refers to past time steps.
The dilation size of d and kernel size k control the
receptive field. The 1D dilated convolution has dh
output channels, i.e., for each of the de input chan-
nels dh convolutional features are learned through
the dilated Conv1D. Stacking CNN layers can be
adopted to learn in-depth features.
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3.4 Embedding Injection

Our hypothesis for encoding a very long clinical se-
quence is that the deep neural encoding architecture
tends to forget important information, mainly be-
cause the clinical note contains fruitful professional
expression about the patient’s diagnosis. Thus, in-
depth features become blurry with the increase of
neural layers. We propose to inject original word
embedding into each intermediate layer of the pro-
posed architecture, attempting to remind the net-
work to reactivate the original diagnostic notes and
mitigate the failure of extracting meaningful, in-
depth features. We denote the hidden representa-
tion at the l-th layer as Hl ∈ Rn×dh , where the
dimension dh is the hidden dimension. Word em-
bedding is concatenated into lth-layer hidden rep-
resentation as

Jl = concat[X,Hl], (3)

where Jl ∈ Rn×(de+dh) are the deep features en-
hanced with the original clues, used as the new
input of the next convolutional encoding layer. We
randomly initialize the H0 matrix for the first con-
volutional layer.

3.5 Gating Mechanism

Embedding injection of original word vectors
brings low-level features to higher-level, which
may lead to difficulty in feature learning in higher
layers. Thus, we develop an LSTM-style gating
mechanism to control the information flow and
capture a long history in the sequence. Unlike the
recurrent gate such as the LSTM that controls the
information flow along the time coordinate, this gat-
ing mechanism controls the flow through stacked
layers’ depth. The gating mechanism is depicted
in Fig. 2, where σ and tanh are sigmoid and hy-
perbolic tangent activation functions respectively.
After the embedding injection, the dilated CNN up-
samples the injected signal Jl into Ul ∈ Rn×du at
the l-th layer. We divide Ul into four matrices with
the same dimension, i.e., I, O, G and F ∈ Rn×dg ,
such that:

Ul = concat[I,O,G,F]. (4)

Here, we have du = 4×dg. Then, these four matri-
ces are fed into the LSTM-like gating module that
controls what information should be propagated
to deeper layers. The input gate σ(I) decides the
information to be infused and stored into the cell
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Fd
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Figure 2: Gating mechanism that controls the flow’s
convolutional features through stacked layers’ depth.

state C. The forget gate σ(F) chooses the infor-
mation to be remembered. The output gate σ(O),
working with the cell state, focuses on what sig-
nals propagate into the next layer. This process is
formalized as

Cl+1 = σ(F) ∗ σ(Cl) + σ(I) ∗ tanh(G)

H = σ(O) ∗ tanh(F),

where Cl is the cell state at the l-th layer and H is
the hidden state produced by the gated unit. The
embedding injection trick concatenates the original
word embedding X and the hidden representation
H, and the dilated convolutional layer upsamples
the concatenation to get the new feature Ul+1 at
the (l + 1)-th layer, denoted as:

Ul+1 Fd←− [X,H]. (5)

Gated CNNs can be stacked into a deep architec-
ture, as shown in the general framework of Fig. 1.
As a result, our model can represent a large-sized
context and extract hierarchical features at each
layer. Moreover, the gating mechanism can also
extract important features to remember and focus,
while less critical features are forgotten and ignored
at each layer.

3.6 Note-Code Interaction as Message
Passing

To capture the explicit note-code interaction (NCI)
between the medical codes and textual men-
tions, we build a complete bipartite graph G =
{U, V,E}, where U = {wi}n and V = {cj}m rep-
resent the words and ICD codes respectively, and
E is the fully connected edge set. For simplicity,
we omit the superscript of the last convolutional
features Ul+1 extracted by the stacked gated CNNs
and denote the textual node features U as the ver-
tex set U in the note-code bipartite graph. We
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incorporate the ICD code descriptions of WHO to
represent the medical knowledge about ICD codes.
For example, the ICD code 240 in Fig. 1 is about
simple and unspecified goiter. Instead of merely us-
ing the ICD code index to represent the prediction
target, we include the code description, which con-
tains rich domain knowledge. Word embeddings
of description are averaged to obtain code vectors
V ∈ Rm×dv , where m is the number of codes, and
dv is the embedding dimension. We take the code
vectors as the node features of the vertex set V .

Our novel formulation of the bipartite graph
preserves the source-target matching between tex-
tual features and ICD code vectors. We utilize
the graph message passing mechanism (Gilmer
et al., 2017; Wu et al., 2020) to infer fine-grained
clues about dependencies between textual features
and code semantics. The composition function
NCI : Rn×du × Rm×dv → Rm is denoted as:

NCI(U, V ) = fθ

(∑

i,j

gξ(wi, cj)

)
, (6)

where gξ with parameter ξ is a neural message
function and fθ with parameter θ is an output func-
tion. It takes the textual features of all tokens in
a note and embeddings of code vectors as inputs
and produces an interaction score between the note
and each code. To improve the computational ef-
ficiency, we take the dot product as the message
function gξ . The explicit interaction score between
token wi and code cj is calculated as

Iij = Vi,:U
T
j,:, (7)

where Vi,: is the row vector of textual features
representing the i-th word, Uj,: is the row vector of
ICD code matrix representing the j-th code in ICD
code set. We set du = dv and get the interaction
matrix I ∈ Rm×n with dot product. We use a fully
connected network fθ to calculate the scores of
the note-code interactions as output. Similar to
the matrix factorization formulation of language
models (Yang et al., 2017; Li et al., 2020), this
dot-product interaction between notes and codes
approximates the point-wise mutual information of
note-code co-occurrence.

3.7 Parameter-efficient Weight Sharing
The embedding injection and convolutional fea-
ture concatenation make the hidden feature high-
dimensional. Moreover, as a result of stacking deep
layers, the overall model will become cumbersome.

Thus, we utilize a weight sharing mechanism (Bai
et al., 2019) to decrease the number of parameters.
Specifically, we share the weights of gated CNN
layers across time steps and depth through neural
layers. This mechanism has two benefits. First, it
can decrease the number of trainable parameters
because weights across the network are tied. Sec-
ond, it provides a form of regularization to stabilize
the training process.

3.8 Objective and Training
We formulate the ICD code assignment as a multi-
label multi-class classification problem. We adopt
the binary cross entropy loss denoted as:

L =
m∑

i=1

[−yi log (ŷi)− (1− yi) log (1− ŷi)] ,

(8)
where yi ∈ {0, 1} is the ground-truth label, ŷi is the
sigmoid score for prediction, and m is the number
of ICD codes. We use Adam optimizer (Kingma
and Ba, 2014) to train the model with backpropa-
gation.

4 Experiments

In the experimental analysis on real-world datasets,
we compare our proposed model with several re-
cent strong baselines. Our code is available1.

4.1 Datasets
This paper focuses on textual discharge summaries
from a hospital stay. Specifically, we use raw
notes, ICD diagnoses, and procedures for patients
from two public clinical datasets, i.e., MIMIC-II
and MIMIC-III2, for experiments. Discharge sum-
maries labeled with a set of ICD-9 diagnosis and
procedure codes include descriptions of procedures
performed by the physician, diagnosis notes, pa-
tient’s medical history, and discharge instructions.

MIMIC-II. The first dataset of clinical notes is
from the Multiparameter Intelligent Monitoring in
Intensive Care II (MIMIC-II) database (Saeed et al.,
2011). We follow the standard train-test split per-
formed by Perotte et al. (Perotte et al., 2014), where
90% and 10% of 22,815 non-empty discharge sum-
maries are used for training and testing, respec-
tively.

MIMIC-III. The second dataset is an updated
database from Medical Information Mart for In-

1https://agit.ai/jsx/GatedCNN-NCI
2https://mimic.physionet.org
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tensive Care III (MIMIC-III) repository (Johnson
et al., 2016), containing patient admitted to Inten-
sive Care Unit (ICU) at a US medical center during
2001 to 2012. We use the “noteevents” table in the
latest version 1.4, with 58,576 hospital admissions.
Free-text discharge summaries in the MIMIC-III
database are extracted to form the dataset with clin-
ical text. The experimental evaluation considers
two settings. The first one uses the full set of ICD
codes. Following Shi et al. (Shi et al., 2017) and
Mullenbach et al. (Mullenbach et al., 2018), an
additional experiment on the subset of MIMIC-III
with the top 50 frequent labels is conducted. This
MIMIC-III top-50 subset has a train/dev/test split
with 8,066, 1,573, and 1,729 samples.

4.2 Settings
Preprocessing We preprocess the textual docu-
ments following the preprocessing procedures de-
veloped by Mullenbach et al. (2018) and Li and
Yu (2020). The NLTK package3 is utilized for
tokenization, and all tokens are converted into low-
ercase. All words appearing in less than three train-
ing documents were replaced with “unk”. We trun-
cate all documents at the length of 2500 tokens.
The word embeddings are initialized with embed-
ding vectors pre-trained on all discharge notes with
the continuous-bag-of-words (CBOW) method of
word2vec (Mikolov et al., 2013).

Hyper-parameters Some standard settings follow
the prior works. For example, the word embed-
ding dimension is 100, and the dropout rate is 0.2.
Adam optimizer (Kingma and Ba, 2014) is used
to optimize our model parameters. For the rest
hyper-parameters, the random search is utilized to
search the optimal settings. The searching range
or choices of specific hyper-parameters are listed
in Table 1. The searching interval of learning rate
is [1e−6, 1e−2]. Besides, we optimize for kernel
size, levels of residual connections, and hidden
representation dimension.

Table 1: Range and choices of hyper-parameter search

Hyper-parameters Range/choices

Learning rate [1e−6, 1e−2]
Kernel size 2, 3, 5, 9
CNN levels 1, 2, 3, 4, 5
Hidden dimension 100, 200, 300, 400, 500, 600

Evaluation Metrics We use area under the re-
3http://www.nltk.org

ceiver operating characteristic curve (AUC-ROC),
F1-score, and precision at k (P@k) for evaluation.
We set k = 5 for MIMIC-III subset with top-50
frequent codes and k = 8 for full sets of MIMIC-
II and MIMIC-III. In the multi-label classification
setting, we use two averaging strategies, i.e., micro
and macro. The macro scores are obtained by av-
eraging the respective label-wise scores across all
labels. Micro scores give more weight to frequent
labels by considering all labels jointly. We run
the experiments for 5 times and report the mean ±
standard deviation.

4.3 Baselines
We consider the following baseline models. Mul-
tiResCNN (Li and Yu, 2020) and HyperCore (Cao
et al., 2020) are two recent strong models with
the state-of-the-art performance. Bi-GRU (Mul-
lenbach et al., 2018) uses a simplified gated re-
current unit with bi-direction, where last hidden
representations are used for classification. C-
MemNN (Prakash et al., 2017) introduces an iter-
ative condensation of memory representations and
utilizes external knowledge source from Wikipedia
to enhance memory networks by preserving the
hierarchical structure in the memory. AttentiveL-
STM (Shi et al., 2017) encodes clinical descrip-
tions and ICD long titles jointly with character-
and word-level LSTM networks and uses atten-
tion mechanism for matching important diagnosis
snippets. CAML (Mullenbach et al., 2018) in-
tegrates CNNs and a label-wise attention mecha-
nism to learn rich representations. It has a variant
called DR-CAML that uses ICD code descriptions
to regularized the loss function. LEAM (Wang
et al., 2018) encodes two channels of inputs and
leverages the compatibility between word and label
embeddings to calculate attention scores. Mul-
tiResCNN (Li and Yu, 2020) combines residual
learning (He et al., 2016) and multiple channels
concatenation with different convolutional filters,
achieving good performance in most settings. Hy-
perCore (Cao et al., 2020) utilizes hyperbolic em-
bedding and co-graph representation with code hi-
erarchy. It gains slightly better performance than
the MultiResCNN.

4.4 Results
Our model performs consistently the best for fre-
quent labels. First, it beats all models in the
MIMIC-III subset with top-50 codes (columns 2-6
in Table 2). For the micro scores that give more
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Table 2: Results on MIMIC-III with top-50 and full codes. “-” indicates no results reported in the original paper.
Bold text denotes the best and italic text denotes the second best.

Model
MIMIC-III Top-50 Codes MIMIC-III Full Codes

AUC-ROC F1 P@5 AUC-ROC F1 P@8Macro Micro Macro Micro Macro Micro Macro Micro

Bi-GRU (Mullenbach et al., 2018) 82.8 86.8 48.4 54.9 59.1 82.2 97.1 3.8 41.7 58.5
C-MemNN (Prakash et al., 2017) 83.3 - - - 42.0 - - - - -
CNN (Kim, 2014) 87.6 90.7 57.6 62.5 62.0 80.6 96.9 4.2 41.9 58.1
Attentive LSTM (Shi et al., 2017) - 90.0 - 53.2 - - - - - -
DR-CAML (Mullenbach et al., 2018) 88.4 91.6 57.6 63.3 61.8 89.7 98.5 8.6 52.9 69.0
LEAM (Wang et al., 2018) 88.1 91.2 54.0 61.9 61.2 - - - - -
MultiResCNN (Li and Yu, 2020) 89.9±0.4 92.8±0.2 60.6±1.1 67.0±0.3 64.1±0.1 91.0±0.2 98.6±0.1 8.5±0.7 55.2±0.5 73.4±0.2
HyperCore (Cao et al., 2020) 89.5±0.3 92.9±0.2 60.9±0.1 66.3±0.1 63.2±0.2 93.0±0.1 98.9±0.5 9.0±0.3 55.1±0.1 72.2±0.2
GatedCNN-NCI (ours) 91.5±0.3 93.8±0.1 62.9±0.5 68.6±0.1 65.3±0.1 92.2±0.2 98.9±0.3 9.2±0.2 56.3±0.1 73.6±0.3

weight to frequent labels, our model also has the
best predictive metrics (columns 8&10 in Table 2
and columns 3&5 in Table 3). Moreover, our model
is competitive also with the rest of the metrics: it
consistently has the best P@k scores and at worst,
the second best macro scores in all datasets.

MIMIC-III (Top-50 Codes) The first experiment
uses the MIMIC-III subset with top-50 codes,
showing models’ performance on predicting the
frequent diagnosis. The results in Table 2 show
that our model outperforms all the baselines in all
the evaluation metrics. Significantly, our model
gains a higher macro F1-score by 2% and micro
F1-score by 1.6% than the state of the art.

MIMIC-III (Full Codes) We then run our model
on the MIMIC-III dataset with full codes. Our
model outperforms most baselines, gaining the best
scores in macro AUC-ROC, macro F1, micro F1,
and precision@8. For the macro AUC-ROC, our
model is ranked at the second place.

MIMIC-II (Full Codes) In the third dataset of
MIMIC-II, we also predict the full set of ICD-9
codes. Our model achieves predictive performance
on par with two recent strong baselines of Mul-
tiResCNN and HyperCore. We gain the best scores
in micro AUC-ROC, micro F1-score, and P@8.
Macro AUC-ROC and F1 scores of our model are
the second best of the models compared.

Table 3: Results on MIMIC-II full codes. Bold text
denotes the best and italic text denotes the second best.

Model AUC-ROC F1 P@8Macro Micro Macro Micro

CNN 74.2 94.1 3.0 33.2 38.8
Bi-GRU 78.0 95.4 2.4 35.9 42.0
DR-CAML 82.6 96.6 4.9 45.7 51.5
MultiResCNN 85.0±0.2 96.8±0.1 5.2±0.2 46.4±0.2 54.4±0.7
HyperCore 88.5±0.1 97.1±0.4 7.0±0.2 47.0±0.3 53.7±0.3
GatedCNN-NCI 87.2±0.3 97.2±0.1 6.4±0.3 47.3±0.2 54.5±0.4

4.5 Comparison with BERT
Bidirectional Encoder Representations from Trans-
formers (BERT) (Devlin et al., 2019) has rev-
olutionized the NLP community recently. The
pre-trained language model has been applied
to different downstream NLP tasks. We com-
pare our model’s performance with the BERT
model and a domain-specific variant, i.e., Clini-
calBERT (Alsentzer et al., 2019) pre-trained on the
clinical text of MIMIC-III. For the BERT model,
we use the uncased BERT-base with a hidden di-
mension of 768. Because these two BERT models
require the configuration of the maximum sequence
length of 512, we truncate the text sequence for our
model to ensure a fair comparison. BERT models
have two special tokens, i.e., [CLS] and [SEP].
Thus, we truncate clinical notes with a length of
510. We use Huggingface’s transformer frame-
work4 when implementing these two models. The
results in Table 4 show that pretraining the lan-
guage model with domain data improves the per-
formance, and our model has better performance
in most evaluation metrics.

Table 4: Comparison with BERT and ClinicalBERT us-
ing the MIMIC-III top-50 code dataset with sequence
length truncated at 510.

Model AUC-ROC F1 P@5Macro Micro Macro Micro

BERT-base 80.6 85.2 43.3 53.2 53.3
ClinicalBERT 81.0 85.6 43.9 54.3 54.5
GatedCNN-NCI 83.7 87.7 42.9 54.4 56.6

4.6 Model Size
We compare the number of trainable parameters
(Table 5) of our model with two models with quali-

4https://github.com/huggingface/
transformers
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fied performance, i.e., CAML (Mullenbach et al.,
2018) and MultiResCNN (Li and Yu, 2020). Hy-
perCore (Cao et al., 2020) didn’t publish the code
or provide the values of all hyperparameters. Thus,
we omit it in this comparison. Our proposed model
is more efficient than the MultiResCNN in terms
of the number of trainable parameters. The CAML
model has the fewest parameters but performs
poorly in prediction. Our model has a much bet-
ter predictive performance than the CAML model,
with only a slight increase in model size.

Table 5: Number of trainable parameters

Model num. params.

CAML (Mullenbach et al., 2018) 6.2M
MultiResCNN (Li and Yu, 2020) 11.9M
ClinicalBERT (Alsentzer et al., 2019) 113.8M
GatedCNN-NCI (Ours) 7.6M

4.7 Ablation Study
We further conduct an ablation study the investi-
gate the effectiveness of different components of
our proposed model. We evaluate two variants by
removing two critical components of the proposed
model. The first variant without NCI replaces the
note-code interaction with max-pooling and linear
projection. The second variant removes the gat-
ing mechanism that controls the information pro-
rogation over the CNN layers. Table 6 compares
the experimental results on the MIMIC-III subset
with top-50 codes. The performance drops to some
extent after removing these two modules, which
shows the effectiveness of our proposed architec-
tures. Moreover, the note-code interaction module
has slightly more contribution than the gating mech-
anism. Possible explanations are that the explicit in-
teraction perseveres the semantics of medical codes
well and captures the relation between codes and
notes in the embedding space.

Table 6: Ablation study

Model AUC-ROC F1
Macro Micro Macro Micro P@5

GatedCNN-NCI 91.5 93.8 62.9 68.6 65.3
without NCI 90.1 92.7 61.4 67.2 63.9
without gating 90.0 92.0 60.2 66.9 63.7

4.8 Case Study
We conduct a case study to interpret an example
prediction. Table 7 shows the predictions for a

clinical note of a patient with cardiovascular dis-
eases and diabetes. The patient also had ‘dysp-
nea on exertion’ as a symptom caused by either
pneumonia or cardiac diseases. Our model and
MultiResCNN predict the correct diagnosis codes:
coronary atherosclerosis (ICD code: 414.01), hy-
pertension (401.9), and diabetes (250.00). When
predicting procedure codes, MultiResCNN is con-
fused by dyspnea on exertion and incorrectly pre-
dicts pneumonia-related treatments: endotracheal
intubation (96.04) and invasive mechanical ventila-
tion (96.71). Our model correctly predicts a cardiac
catheterization procedure and diagnostic interven-
tions of heart surgery (39.61) and coronary artery
bypass (36.15). Hence, our model is not misled by
the ambiguous interpretation for dyspnea on exer-
tion but learns the correct cardiac-related context,
consistent with the rest of the note.

Table 7: Case study on a clinical note with cardiac-
related diseases (bold, in green). Dyspnea on exertion
(italic, in red) can be caused by cardiac- or pneumonia-
related diseases.

Clinical note old male with multiple cardiac risk factors and
dyspnea on exertion . . . , he then underwent fur-
ther workup which included a cardiac catheter-
ization that revealed significant coronary artery
disease. he was then transferred for surgical eval-
uation”.

Prediction Procedure codes Diagnosis codes

Gold ICD codes 36.15; 39.61; 401.9; 414.01; 250.00
MultiResCNN 96.04; 96.71; 401.9; 414.01; 250.00
GatedCNN-NCI 36.15; 39.61; 401.9; 414.01; 250.00

5 Conclusion

Medical code assignment from clinical notes is a
fundamental task for healthcare information sys-
tems and diagnosis decision support. This paper
proposes a novel framework with gated convolu-
tional neural networks and note-code message pass-
ing mechanism for automated medical code assign-
ment. Our solution can learn meaningful features
from lengthy clinical documents and effectively
control the deep propagation of information flow.
Moreover, the message passing mechanism can en-
hance the ICD code space’s semantics and model
the note-code interaction to improve medical code
prediction. Experiments show the effectiveness of
our proposed method.
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Abstract

Knowledge retrieval and reasoning are two
key stages in multi-hop question answering
(QA) at web scale. Existing approaches suf-
fer from low confidence when retrieving evi-
dence facts to fill the knowledge gap and lack
transparent reasoning process. In this paper,
we propose a new framework to exploit more
valid facts while obtaining explainability for
multi-hop QA by dynamically constructing a
semantic graph and reasoning over it. We em-
ploy Abstract Meaning Representation (AMR)
as semantic graph representation. Our frame-
work contains three new ideas: (a) AMR-SG,
an AMR-based Semantic Graph, constructed
by candidate fact AMRs to uncover any hop
relations among question, answer and multi-
ple facts. (b) A novel path-based fact an-
alytics approach exploiting AMR-SG to ex-
tract active facts from a large fact pool to an-
swer questions. (c) A fact-level relation mod-
eling leveraging graph convolution network
(GCN) to guide the reasoning process. Re-
sults on two scientific multi-hop QA datasets
show that we can surpass recent approaches
including those using additional knowledge
graphs while maintaining high explainability
on OpenBookQA and achieve a new state-of-
the-art result on ARC-Challenge in a computa-
tionally practicable setting.

1 Introduction

Multi-hop QA is one of the most challenging tasks
that benefits from explainability as it mimics the
human question answering setting, where multi-
hop QA requires both the collection of information
from large external knowledge resources and the
aggregation of retrieved facts to answer complex
natural language questions (Yang et al., 2018).

∗ The work described in this paper is substantially sup-
ported by a grant from the Research Grant Council of the
Hong Kong Special Administrative Region, China (Project
Code: 14204418).

Question:           Predators eat __. 
Answer Choice:  bunnies
Hypothesis:        Predators eat bunnies.

Fact 1:                A bunny is a small rabbit.
Fact 2:                Most predators eat rabbits.

eat-01

predator bunny

ARG0 ARG1

Rarabbit-01

small

bunny

mod

domain

most

quant

eat-01

predator Rarabbit-01

ARG0 ARG1

Figure 1: The AMR of the hypothesis (black), Fact 1
and Fact 2. A hypothesis is a statement derived from
a question and a choice. The hypothesis AMR can be
inferred by relevant fact AMRs.

Currently, external knowledge is mostly stored
in two forms – textual and graph structure (e.g.
Knowledge Graph (KG)). Textual corpora contain
rich and diverse evidence facts, which are ideal
knowledge resources for multi-hop QA. Especially
with the success of pretrained models (Devlin et al.,
2019; Liu et al., 2019; Lan et al., 2019), we can
get powerful representations for such textual facts.
However, retrieving relevant and useful facts to fill
the knowledge gap for inferring the answer is still
a challenging problem. In addition, the reasoning
process over the facts is hidden by the unexplain-
able neural network, which hinders the deployment
of real-life applications. On the other hand, KG
is able to provide structural clues about relevant
entities for explainable predictions (Feng et al.,
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2020; Saxena et al., 2020; Xu et al., 2020). But it
is known to suffer from sparsity, where complex
question clues are unlikely to be covered by the
closed-form relations in KG (Zhao et al., 2020;
Zhang et al., 2020b). Another issue is that KG
requires large human labor and is easy to become
outdated if not maintained timely.

To take advantages of both rich textual corpora
and explicit graph structure and make it compatible
to all textual knowledge, we explore the usefulness
of Abstract Meaning Representation (AMR) as a
graph annotation to a textual fact. AMR (Banarescu
et al., 2013) is a semantic formalism that represents
the meaning of a sentence into a rooted, directed
graph. Figure 1 shows some examples of AMR
graphs, where nodes represent concepts and edges
represent the relations. Unlike other semantic role
labeling that only considers the relations between
predicates and their arguments (Song et al., 2019),
the aim of AMR is to capture every meaningful con-
tent in high-level abstraction while removing away
inflections and function words in a sentence. As a
result, AMR allows us to explore textual facts and
simultaneously attributes them with explicit graph
structure for explainable fact quality assessment
and reasoning.

In this paper, we propose a novel framework
that incorporates AMR to make explainable knowl-
edge retrieval and reasoning for multi-hop QA. Our
framework works on textual knowledge, which is
easy to obtain and allows us to get informative
facts. The introduced AMR serves as a bridge that
enables an explicit reasoning process over a graph
structure among questions, answers and relevant
facts. As exemplified in Figure 1, a hypothesis is
first derived from a question and an answer choice.
We then parse the hypothesis and a large number
of facts to corresponding AMRs. After that, we
dynamically construct AMR-SG for each question-
choice pair by merging the AMRs of its hypothe-
sis and relevant facts. Unlike previous works on
multi-hop QA that rely on existing KGs to find rela-
tions among entities (Wang et al., 2020; Feng et al.,
2020), our proposed AMR-SG is dynamically con-
structed, which reveals intrinsic relations of facts
and can naturally form any-hop connections. After
construction, we analyze all connected paths start-
ing from the question to the answer on AMR-SG.
We focus the consideration of facts on those paths
because they together connect the question with
the answer, indicating their active roles in filling

the knowledge gap. The connections of facts on
AMR-SG can be further used as the supervision
for downstream reasoning. Therefore, we adopt
GCN (Kipf and Welling, 2017) to model the fact-
level information passing.

Experimental results demonstrate that our ap-
proach outperforms previous approaches that use
additional KGs. It obtains 81.6 accuracy on Open-
BookQA (Mihaylov et al., 2018), and pushes the
state-of-the-art result on ARC-Challenge (Clark
et al., 2018) to 68.94 in a computationally practica-
ble setting.

2 Related Work

Multi-hop QA with External Resource. De-
spite the success of pretrained model in most Natu-
ral Language Processing (NLP) tasks, it performs
poorly in multi-hop QA, where some information
is missing to answer questions (Zhu et al., 2021b).

Textual corpora contain rich and diverse knowl-
edge, which is likely to cover the clues to answer
complex questions. Banerjee et al. (2019) demon-
strate some carefully designed queries can effec-
tively retrieve relevant facts. Yadav et al. (2019);
Deng et al. (2020) extract groups of evidence facts
considering the relevance, overlap and coverage,
but such method requires exponential computation
in the retrieval step. Feldman and El-Yaniv (2019);
Yadav et al. (2020) construct a fact chain by it-
eratively reformulating the query to focus on the
missing information. However, the fact chain of-
ten grows obliquely as a result of the failure of
first fact retrieval, making the QA model brittle.
As some recent QA datasets (Yang et al., 2018;
Mihaylov et al., 2018; Khot et al., 2020) annotate
a gold evidence fact for each question, it enables
training supervised classifier to identify the correct
fact driven by a query (Nie et al., 2019; Qiu et al.,
2019; Tu et al., 2020; Banerjee and Baral, 2020).
Min et al. (2018) take a further step to jointly pre-
dict the answer span and select evidence facts in a
unified model. Though these supervised retrievers
have achieved impressive improvement, they heav-
ily rely on the annotated gold facts, which are not
always available in real-world applications.

In addition, previous works also explore the ef-
fectiveness of structured knowledge by either en-
coding the nodes (Yang and Mitchell, 2017; Wang
et al., 2019), triples (Mihaylov and Frank, 2018;
Wang et al., 2020), paths (Lin et al., 2019; Lei et al.,
2020) or tabular (Zhu et al., 2021a) to capture the
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Figure 2: Overall architecture of our proposed model. The black dash lines in AMR-SG indicate that we cut the
connection between question nodes and choice nodes. The pink arrows indicate two paths that can be spotted
in AMR-SG. Facts with red background are active facts detected. The dashed node Active Fact-level Connection
Graph indicates fact4 is not considered as a valid node as it is not an active fact.

missing information. Other works avoid the spar-
sity of KGs by constructing KGs directly from tex-
tual knowledge. OpenIE (Saha and Mausam, 2018)
is widely used in knowledge base question answer-
ing to extract entity-relation triples (Bosselut et al.,
2019; Zhao et al., 2020; Deng et al., 2019). How-
ever, OpenIE favors precision over recall, which
is not necessarily effective to form connections
among diverse evidence facts for multi-hop QA.
Wikipedia contains internal hyperlinks, which are
effective to build graph connections from unstruc-
tured articles (Asai et al., 2020; Liu et al., 2020).
However, such hyperlinks are not available in most
textual corpora.

AMR. Recent success in AMR research makes it
possible to benefit downstream tasks, such as sum-
marization (Takase et al., 2016; Dohare et al., 2017;
Liao et al., 2018), event detection (Li et al., 2015)
and machine translation (Song et al., 2019). In the
domain of QA, AMR has been used to form logic
queries and conduct symbolic reasoning (Mitra and
Baral, 2016; Kapanipathi et al., 2020). Comparing
to name entity (Zhong et al., 2020) or other cross-
sentence annotations (Lei et al., 2018; Zhang et al.,
2020a), we use AMR to build our semantic graph
because it is align-free and can be easily adapted
to powerful pretrained models.

3 Framework Description

In this paper, we consider the multi-hop QA in the
form of multi-choice, where a question Qi is pro-

vided with J answer choices Cij , j ∈ {1, 2, ..., J}.
As shown in Figure 2, our framework consists of
three components: (1) a Fact Retrieval component
to retrieve evidence facts F̂ = {F̂ 1, ..., F̂m}1 for
each question-choice pair from a large textual cor-
pus; (2) a Semantic Graph Construction & An-
alytics component that dynamically constructs a
semantic graph, named AMR-SG, to select active
facts F = {F 1, ..., Fn} from F̂ and capture their
relations A; and (3) a Hypothesis Assessment com-
ponent that classifies whether the question-choice
is correct, given the active facts and their relations
in (2).

3.1 Fact Retrieval

Hypothesis Generation. As shown in Figure 2,
we first generate a hypothesis Hij for the ith ques-
tion and the jth choice. A hypothesis is a com-
pleted statement derived from each question-choice
pair. Comparing to simply concatenating the ques-
tion and the choice, a hypothesis contains less
meaningless words and maintain a good grammati-
cal structure, which can avoid retrieving noisy facts
and allow AMR parser to generate high-quality
AMR graphs. We generate hypotheses by the rule-
based model of Demszky et al. (2018). For some
unsolvable cases, we directly concatenate the ques-
tion and the choice. We apply this process for all
training, develop and test sets.

1We omit the subscript ij for simplicity.
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Fact Extraction. We retrieve a pool of evidence
facts F̂ for each hypothesis separately using Elas-
ticsearch (Gormley and Tong, 2015). We set a large
size m of the fact pool to cover as many valid facts
as possible.

3.2 Semantic Graph Construction &
Analytics

Active facts F are facts that really fill the knowl-
edge gap between question and choice. The ac-
tiveness of a fact cannot be simply determined by
comparing it with the hypothesis, as multi-hop QA
requires multiple facts to complete the reasoning
chain. Therefore, we need to filter out facts that
are just partially related and focus on the consider-
ation of active facts and their roles in the reason-
ing chain. In this component, we first construct
AMR-SG. Then, we propose a path-based analytics
approach to extract active facts and construct an
Active Fact-level Connection Graph to capture their
relations with the question and the answer choice.

3.2.1 AMR-SG Construction
As the nodes of AMR are high-level abstraction
of concepts conveyed in the corresponding textual
fact, two AMRs sharing the same node indicate
that they concern about the same concept, which
shows their correlation. This motivates us to con-
struct AMR-SG, shown in Figure 2, to represent
the relations of the corresponding hypothesis and
evidence facts for each question-choice pair.

We leverage the state-of-the-art AMR
parser (Cai and Lam, 2020) to generate AMR
G = {GH , G1, ..., Gm} for a hypothesis and all
facts in the corresponding fact pool, where GH ,
Gi are the AMR of the hypothesis and the ith

fact respectively. AMR is also a directed and
edge-labeled graph, which implies information
specified in the edge is propagated in one pre-
defined direction. However, such inner-AMR
(edge labels and directions) information does not
contribute to inter-AMR relations. Therefore, we
only care about if there exists an edge between two
nodes but ignore the edge labels and directions.

During construction, we regard GH as the start
point of AMR-SG. Then, we incrementally find one
fact AMR in the fact pool sharing some nodes
with it and add this fact AMR onto it by merg-
ing the shared nodes. The merging operation
stops when no AMR can be added onto AMR-SG
or the fact pool is empty. In fact, as shown
in Figure 2, we do not change the architecture

of each individual AMR, but reuse some shared
nodes as the nodes in AMR-SG. Note that, some
nodes are over-general, which are not appropri-
ate to connect two AMRs (e.g. (p/planet
:name(n/name :op1"Earth")), the node
n/name is an over-general concept). Fortunately,
such over-general nodes always have non-node at-
tributes (e.g. Earth of n/name) that shows the
specific referent. Therefore, we replace the nodes
with their non-node attributes if any to address this
issue.

3.2.2 Path-based Analytics
Current multi-hop QA models are hindered by the
quality of retrieved facts (Banerjee et al., 2019).
We address this issue by a path-based analytics
approach to guarantee the selected facts having a
positive effect to answer the question.

As shown in Figure 2, AMR-SG reveals any-hop
relations of the hypothesis and all facts. Completed
paths can be spotted out of GH to connect the
question nodes with the choice nodes by passing
through multiple facts. These facts, which together
provide the missing knowledge to maintain com-
plete reasoning chains, are active facts that we want
to extract.

Specifically, we split the nodes of GH into
question nodes QH and choice nodes CH . Ques-
tion nodes represent the concepts extracted in the
question text. As one question is provided with
J choices, where we can generate J hypothesis
AMRs. We take the shared nodes of these AMRs
as QH , while the remaining as CH :

QHij = ∩Jj=1{v|v ∈ GHij } (1)

CHij = {v|v ∈ GHij , v /∈ QHij }, j = 1, ..., J (2)

We cut the edges betweenQH andCH to guaran-
tee the paths are spotted outside GH . Then we ap-
ply depth-first search on AMR-SG to find all paths
that connect at least one question node and one
choice node, including the path that does not have
a minimum length (e.g. the path passing through
fact3 in Figure 2). All facts that the paths pass
through (one node in and another node out) are
considered as active facts. This is because we try
to cover more facts as long as they do not devi-
ate from the correct reasoning direction to provide
enough information for QA model.

In addition, the any-hop relations of the hypoth-
esis and active facts in AMR-SG can be used for a
hypothesis to precisely aggregate knowledge from

1047



relevant facts to reduce ambiguity during the rea-
soning process. Therefore, we construct an Active
Fact-level Connection Graph from AMR-SG to cap-
ture such relations among the hypothesis and all
active facts. As shown in Figure 2, each node in
Active Fact-level Connection Graph is either the
hypothesis or an active fact. We draw an edge be-
tween two facts (include hypothesis) if they share
one concept node in AMR-SG.

3.3 Hypothesis Assessment with Fact-level
Reasoning

As shown in Figure 2, we concatenate the hypoth-
esis with all active facts, where [SEP] token is
inserted between the two texts and [CLS] is put
at the beginning of the sequence. We feed the
whole sequence into a pretrained model based on
RoBERTa (Liu et al., 2019) architecture to get the
hidden representation of each token.

Then, Active Fact-level Connection Graph is
used as an additional supervision in fact-level mod-
eling to guide the reasoning process. Formally, let
sH1:lH ∈ RlH×d, si1:li ∈ Rli×d be the hidden repre-
sentations of the hypothesis and the ith active fact
respectively, where lH , li denote the length and d is
the dimension of the representation. A max pooling
layer is applied over these hidden representations
to get the node representations respectively:

xH = MaxPool(sH1:lH ) ∈ R1×d

xi = MaxPool(si1:li) ∈ R1×d, i = 1, ..., n
(3)

The connections of hypothesis (0th) and active
facts in Active Fact-level Connection Graph can be
viewed as an adjacency matrix A ∈ R(n+1)×(n+1),
where

Aij =

{
1 if F i is connected with F j

0 otherwise
(4)

As there is no edge information in the graph, a
simple GCN is enough to model the knowledge
fusion among the hypothesis and multiple active
facts in the reasoning process. We also introduce
multi-head mechanism (Vaswani et al., 2017) to
stabilize the learning of different knowledge:

X(k) = [head
(k)
1 : ... : head

(k)
h ] (5)

where [:] denotes concatenation operation, X(k)

is the node states at the kth layer, X(0) =
[xH ;x1; ...;xn], [; ] denotes the sequential concate-
nation operation, headi is the ith head. Specifi-
cally, we compute the nodes states by aggregating

Train Dev Test
OpenBookQA 4957 500 500

ARC-Challenge 8992 299 1172

Table 1: Number of instances in each dataset.

knowledge from their neighboring nodes in each
layer:

head
(k)
i = ReLU(ΛX(k−1)W (k)

i ) (6)

where W (k)
i ∈ Rd×(d/h) is the projection matrix of

headi at the kth layer, h is the head number. Λ is
the normalization constant to avoid scale changing:

Λ = D−1/2AD−1/2

Dii =
∑

j Aij
(7)

After that, a σ gate is applied to calculate how
much knowledge can be propagated to score the
question-choice pair:

λ = σ(W λ[xcls : x
(K)
H ] + bλ) (8)

s(q, a) = W o(λx
(K)
H + (1− λ)xcls) + bo (9)

where W λ ∈ R1×2d, W o ∈ Rd×d, bλ, bo are the
parameters. We get the final probability by normal-
ize all question-choice pairs with softmax.

4 Experiments

4.1 Datasets
We evaluate our approach on two multi-choice
multi-hop QA datasets: ARC-Challenge (Clark
et al., 2018) and OpenBookQA (Mihaylov et al.,
2018). The textual corpus we use for both datsets
is ARC Corpus (Clark et al., 2018), which con-
tains about 14M science facts. OpenBookQA and
ARC-Challenge have their leaderboards with train,
develop and test sets publicly available. we fol-
low AllenAI (2019) to combine the training set of
OpenBookQA (4957), ARC-Easy (2251), ARC-
Challenge (1119) and RegLivEnv (665) as the final
training set of ARC-Challenge task. The data splits
is shown in Table 1.

For ARC-Challenge, we retrieve 100 facts to
form the fact pool. Based on this, we select up to
20 active facts using our approach as the context
for each question-choice pair.2 OpenBookQA pro-
vides an accompanying open-book of 1326 science

2We can only reproduce the results similar to AllenAI
(2019) using 20 facts as the context.
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facts, which are highly related to the questions in
this dataset. Therefore, for OpenBookQA, we re-
trieve 10 facts from the open-book and another 90
facts from ARC Corpus, forming the 100 facts in
the fact pool. We then select up to 15 active facts
using our approach as the context.

4.2 Implementation

We implement our approach on two pretrained
models: RoBERTa (Liu et al., 2019) and Aris-
toRoBERTa (AllenAI, 2019). AristoRoBERTa
employs the RoBERTa architecture but uses
RACE (Lai et al., 2017) to first fine-tune the
RoBERTa model. We prepare active facts as the
context to further fine-tune the model with the tar-
get dataset. For OpenBookQA, we continue to
fine-tune the QA model following the same proce-
dure as AllenAI (2019), where the initial learning
rate is 2e-5, the batch size is 12 and the max se-
quence length is 256. For ARC-Challenge, the
initial learning rate, the batch size and the max se-
quence length are 1e-5, 6, and 416 respectively. We
use grid search to find optimal hyper-parameters,
where the learning rate is chosen from {5e-6, 1e-
5, 2e-5}, the batch size is chosen from {4, 6, 8,
12, 16}. The number of GCN layer K is chosen
from {1,2,3,4}, while the head number h is the
RoBERTa-Large default value.3

We introduce 6M parameters of the fact-level rea-
soning module in addition to 355M of RoBERTa-
Large. We run all experiments on one TITAN RTX
card, which takes about 1 hour and 3 hours to
complete the training of OpenBookQA and ARC-
Challenge respectively.

4.3 Comparison Methods

We compare with recent existing methods that
make use of similar power of pretrained models
in order to conduct a fair comparison. These in-
clude the baseline AristoRoBERTaV7 (AllenAI,
2019) finetuned on top of AristoRoBERTa, KF-
SIR (Banerjee and Baral, 2020) that exploits the
knowledge fusion among facts, FreeLB (Zhu et al.,
2020) that tackles the robustness issue and another
three methods leveraging an additional knowledge
graph (Speer et al., 2017) in addition to the tex-
tual knowledge: PG (Wang et al., 2020), MH-
GRN (Feng et al., 2020), AlBERT + KB. PG(albert
+ gpt2, roberta + gpt2) are two implementations

3Our code is available at: https://github.com/
wwxu21/AMR-SG

Methods Model
Architecture

Additional
KG

Test
Acc.

PG albert + gpt2 X 81.8
PG roberta + gpt2 X 80.2
AlBERT + KB albert X 81.0
MHGRN roberta X 80.6
KF-SIR roberta × 80.0

AristoRoBERTaV7 roberta × 77.8
+ AMR-SG-Full roberta × 81.6

Table 2: Test accuracy on OpenBookQA. Methods us-
ing additional KG are ticked.

with different pretrained model architectures (Liu
et al., 2019; Lan et al., 2019; Radford et al., 2019),
where the latter is more fair to compare with us.

5 Results

5.1 Main Results

OpenBookQA. The test set accuracy is shown in
Table 2. AMR-SG-Full is our full model based on
AristoRoBERTa. Results show that AMR-SG-Full
can surpass models leveraging additional KG. It
demonstrates that the fundamental improvement of
AMR-SG-Full comes from the knowledge mining
of the textual corpus. However, such knowledge
resource has not been fully investigated by exist-
ing methods and contains richer and more diverse
evidence facts than KGs. We do not compare with
UnifiedQA (Khashabi et al., 2020) and T5 3B (Raf-
fel et al., 2020) as they rely on extremely large
pretrained models (at least 3B parameters), which
are not fair for comparison.

ARC-Challenge. We also implement AMR-SG-
Full on another difficult multi-hop QA dataset:
ARC-Challenge. It consists of the questions only
answered incorrectly by both a retrieval-based algo-
rithm and a word co-occurrence algorithm (Clark
et al., 2018), which theoretically is not friendly to
our approach. As shown in Table 3, we can still
obtain 2.47 accuracy improvement comparing to
AristoRoBERTaV7 and achieve a new state-of-the-
art performance in a computationally practicable
setting.

5.2 Ablation Study

We conduct ablation study by incrementally adding
each component of AMR-SG-Full to investigate its
effectiveness on two pretrained models in Table 4.
We include the analysis on RoBERTa because it is
a more general and widely used pretrained model.
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Methods Test Acc.

FreeLB (Zhu et al., 2020) 67.75
arcRoberta 67.15
xlnet+Roberta 67.06

AristoRoBERTaV7 (AllenAI, 2019) 66.47
+ AMR-SG-Full 68.94

Table 3: Test accuracy on ARC-Challenge. All models
use RoBERTa architecture for the pretrained model and
do not leverage additional KG.

Methods Dev Test
RoBERTa

No Fact 66.8 64.8
+ Fact Context 68.2 68.8 (+4.0)
+ Fact Analytics 73.2 73.0 (+4.2)
+ Fact-level Reasoning 72.8 74.2 (+1.2)

AristoRoBERTa

No Fact 71.0 70.0
+ Fact Context ♠ 78.2 78.4 (+8.4)
+ Fact Analytics 79.4 81.4 (+3.0)
+ Fact-level Reasoning 79.6 81.6 (+0.2)

Table 4: Ablation study of model components on Open-
BookQA (adding one component incrementally). ♠ is
our reimplementation of (AllenAI, 2019).

We start from the vanilla pretrained models,
where no textual facts are provided (denoted as
No Fact). We retrieve 15 facts as the context to
create the first variant (denoted as + Fact Context).
The purpose is to test the contribution of the facts
retrieved by the simple information retrieval (IR)
system (Elasticsearch). We continue to add the
path-based fact analytics component (denoted as
+ Fact Analytics). In fact, this variant merely use
the facts selected from AMR-SG to fine-tune the
pretrained models. On top of both two pretrained
models, we observe a great performance improve-
ment, where the improvement brought by + Fact
Analytics is higher than + Fact Context on top of
RoBERTa, which demonstrates this component can
effectively select useful facts to fill the knowledge
gap that have not been covered by the IR system.
We finally equip our model with the fact-level rea-
soning component (denoted as + Fact-level Rea-
soning). From the results, we can observe that
this component performs well on top of RoBERTa,
but has very little effect on top of AristoRoBERTa.
This is because this component tries to infuse some
fact-level connections to ease the reasoning process
of the model. Such information can be learned auto-

matically by the model itself if exposed to enough
in-domain data (AristoRoBERTa). Nevertheless,
the fact-level reasoning is a more general method
when such data is unavailable.

6 Explainability Analysis

6.1 Analysis of AMR-SG

Impact of Evidence Facts. As discussed above,
the major improvement of our approach comes
from more useful facts selected for each question-
choice pair. In this section, we take a deep look
at the quality and the composition of those facts
on OpenBookQA. We derive five variants by vary-
ing the composition of core (facts retrieved from
open-book) or common (facts from ARC Corpus)
facts. For core facts, as open-book annotates one
gold core fact for each question, the retrieval accu-
racy of the gold fact is a natural way to evaluate
the quality. For common facts, we conduct human
analysis to evaluate the quality from three aspects:
(1) Relatedness: Does the retrieved fact related to
the question or the answer? (2) Informativeness:
Does the retrieved fact provided useful informa-
tion to answer the question? (3) Completeness: Do
all retrieved facts together fill the knowledge gap
to completely answer the question? We randomly
sample 50 questions and evaluate the evidence facts
corresponding to the correct answer choice, where
one fact would contribute 1 score if it meets the
requirement of Relatedness or Informativeness re-
spectively and all 15 facts contribute 1 score if they
together meet the requirement of Completeness.
Evaluation results are presented in Table 5.

When varying the fact composition of IR vari-
ants, we find the gold core fact retrieval accuracy
has a positive impact on the final accuracy on top of
RoBERTa. At this stage, some questions can be in-
ferred sufficiently with the gold core facts. Higher
retrieval accuracy accounts for more questions of
this kind to be correctly answered. However, this
advantage is not as obvious for AristoRoBERTa.
Our human evaluation reveals that such facts are un-
likely to form a complete reasoning chain, making
it hard for real multi-hop reasoning.

On the other hand, our approach directly mod-
els the intrinsic fact relations, where the path-
based analytics ensures that the facts selected are
in the reasoning chain from the question to the
answer. Results show that our approach makes
an overall improvement with regard to Related-
ness, Informativeness and Completeness and is
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Facts Composition Core Fact Human Evaluation Test set Accuracy

(total 15 facts) Retrieval Accuracy Rel. Info. Comp. RoBERTa AristoRoBERTa

IR (5/10) 56.4 5.86 2.50 0.46 68.8 78.4
IR (10/5) 63.6 5.20 2.24 0.42 70.4 77.4
IR (15/0) 68.4 3.36 1.62 0.26 72.2 77.4

AMR-SG (10/30) 61.0 5.85 2.58 0.48 72.4 80.4
AMR-SG (10/100) 61.0 6.22 2.98 0.56 74.2 81.6

Table 5: Automatic and Human Evaluation of the evidence facts on OpenBookQA. IR (x/y) indicates we use simple
IR system to retrieve x core facts and y common facts. AMR-SG (x/y) indicates we construct AMR-SG with x core
facts and y common facts, based on which we then select 15 active facts and extract their relations.

less harmful to core fact retrieval. We also find
that AMR-SG (10/100) can make a further improve-
ment compared to AMR-SG (10/30) by including
more facts to construct AMR-SG. It demonstrates
that AMR-SG has the capability of detecting useful
facts from a large and noisy fact pool, thus making
up for the deficiency of the IR system.

Impact of AMR Consistency. We investigate
the quality consistency of AMR graphs to see how
it affects the construction of AMR-SG and thus af-
fects the QA model. We prepare AMR in three con-
sistency levels, where Fully-Automatic is generated
by automatic AMR parser; Mixed is that we manu-
ally annotate the error-free AMRs for the core facts
in open-book (1326 in total) and use the error-free
core fact AMRs and other automatically generated
AMRs to construct AMR-SG; Error-Free-Adapted
is that we use the error-free AMRs annotated to
fine-tune the AMR parser and use the tuned parser
to generate AMR for all the remaining facts (includ-
ing hypotheses and common facts, about 900k in
total). The test set accuracy are 81.6, 80.2, 80.4 for
Fully-Automatic, Mixed and Error-Free-Adapted
respectively. It is interesting to note that using
Fully-Automatic AMRs results in higher QA accu-
racy than Mixed and Error-Free-Adapted, where
the latter two contain a mix of AMRs with different
levels of quality. This phenomenon has also been
observed in other AMR applications (Liu et al.,
2015; Hardy and Vlachos, 2018), where automatic
parses perform well than manual parses. We con-
jecture that this can be attributed to the discrepancy
between the error-free AMRs and the automatically
parsed AMRs in the choices of AMR concepts with
similar meaning. This small difference in concept
choices may omit potential connections, results in
some important facts failing to be detected. In con-

Question: A seismograph can accurately de-
scribe (A) how rough the footing will be (B)
how bad the weather will be (C) how stable the
ground will be (D) how shaky the horse will be
Useful facts retrieved by IR: N.A.
Additional facts from path-based analytics:
A seismograph is a kind of tool for measuring
the size of an earthquake.
An earthquake is a shockwave travelling through
the ground.
Relevant path in AMR-SG:
seismograph→tool→measure-01→
size-01→earthquake→ground

Table 6: A case study showing how our framework se-
lects useful facts to completely fill the knowledge gap.

trast, automatically parsed AMRs contain errors,
but they are consistent in their concept choices,
which is more likely for AMRs to form connections.
The 0.2 accuracy improvement between Mixed and
Error-Free-Adapted also demonstrates our assump-
tion, since the parser is finetuned on the error-free
AMRs, where its parsed AMRs should be more
consistent with the error-free AMRs.

6.2 Case Study

Table 6 shows one case study of evidence facts
selected by our framework. Since the important
term earthquake is missing from the search query,
the IR system assigns low retrieval scores for the
two facts, causing a low ranking. However, the two
facts can form a complete reasoning chain with the
question and the answer via several concept nodes,
where our approach can successfully extract the
two facts despite the low retrieval scores. More
cases can be found in Appendix A.1.
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Figure 3: Analysis of fact-level reasoning on Open-
BookQA. (a) presents the distribution of prediction con-
fidence with or without fact-level reasoning module.
(b) shows the QA performance with different GCN
layer K. Size 0 denotes the original pretrained model.

6.3 Analysis of Fact-level Reasoning

Why Fact-level reasoning. Figure 3(a) shows
that fact-level reasoning improves the performance
by making a more confident prediction for the cor-
rect answer. This is because the fact-level connec-
tions of AMR-SG inform the model how these ac-
tive facts are intrinsically related, which allows the
model to precisely receive knowledge from related
facts.

Impact of Number of Hops (K). We vary the
hyper-parameter K to consider the impact of K-
hop neighbors on OpenBookQA. As show in Fig-
ure 3(b), the performance reaches the top at K = 2.
It indicates that most of the questions can be well
answered using two evidence facts, which is consis-
tent with the construction of this dataset. However,
the performance drops when K > 2. It might
be attributed to exponential noise found in longer
reasoning chains.

7 Conclusion

We propose to dynamically construct AMR-SG that
can reflect the intrinsic relations of relevant facts
leveraging AMR, a graph annotation. AMR-SG
combines the advantages of rich textual corpus and
graph structure, where we can select useful facts
that completely form the reasoning chain and make
fact-level modeling. Experimental results show that
AMR-SG can maintain high explainability, and suc-
cessfully couple with strong pretrained models to
achieve significant improvement on OpenBookQA
and ARC-Challenge over approaches leveraging
additional KGs.
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A Appendix

A.1 Case Study
More case studies can be found in Table 7.
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(a) Case Study 1

Question: Algae can be found in (A) reservoir (B) meat (C) street (D) tree
Useful facts retrieved by IR: Algae is found in bodies of water.
Additional facts from path-
based analytics:

Water reservoir: a large quantity of water is stored in a reservoir (or
dam).

Relevant path in AMR-SG: Algae → find-01 → body → water → store-01
→ reservoir

(b) Case Study 2

Question: Photosynthesis can be performed by (A) a cabbage cell (B) a bee
cell (C) a bear cell (D) a cat cell

Useful facts retrieved by IR: N.A.
Additional facts from path-
based analytics:

Plant cells can perform photosynthesis.
Description: skunk cabbage is a flowering perennial plant that is one
of the first plants to emerge in the spring.

Relevant path in AMR-SG: Photosynthesis → plant → cabbage

(c) Case Study 3

Question: Which is recyclable? (A) An Elephant (B) A school notebook (C)
A boat (D) A lake

Useful facts retrieved by IR: Paper is recyclable.
Additional facts from path-
based analytics:

Take notes on notebook paper.

Relevant path in AMR-SG: recycle-01 → paper → notebook

(d) Case Study 4

Question: Which requires energy to move? (A) weasel (B) willow (C) mango
(D) poison ivy

Useful facts retrieved by IR: An animal requires energy to move.
Additional facts from path-
based analytics:

The long and slender body of the weasel allows it to move, almost
flow, over terrain.

Relevant path in AMR-SG: energy → move-01 → weasel

(e) Case Study 5

Question: A person wants to be able to have more natural power in their home.
They choose to cease using a traditional electric company to source
this electricity, and so decide to install (A) sun grafts (B) sunlight
shields (C) panels collecting sunlight (D) solar bees

Useful facts retrieved by IR: A home with solar electric panels on the roof might be able to make
most of its own electricity, for example.

Additional facts from path-
based analytics:

Solar thermal panels generate hot water from the natural energy in
sunlight.

Relevant path in AMR-SG: natural-03 → energy → generate-01 →
sunlight → panel

Table 7: More case studies in addition to Table 6
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Abstract

A good open-domain chatbot should avoid pre-
senting contradictory responses about facts or
opinions in a conversational session, known
as its consistency capacity. However, evalu-
ating the consistency capacity of a chatbot is
still challenging. Employing human judges
to interact with chatbots on purpose to check
their capacities is costly and low-efficient, and
difficult to get rid of subjective bias. In this
paper, we propose the Addressing Inquiries
about History (AIH), an efficient and practi-
cal framework for the consistency evaluation.
At the conversation stage, AIH attempts to ad-
dress appropriate inquiries about the dialogue
history to induce the chatbot to redeclare the
historical facts or opinions. We carry out the
conversation between chatbots, which is more
efficient than the human-bot interaction and
can also alleviate the subjective bias. In this
way, we manage to rapidly obtain a dialog
session that contains responses with high con-
tradiction possibilities. At the contradiction
recognition stage, we can either employ hu-
man judges or a natural language inference
(NLI) model to recognize whether the answers
to the inquiries are contradictory with history.
Finally, we are able to rank chatbots according
to the contradiction statistics. Experiments on
open-domain chatbots show that our approach
can efficiently and reliably assess the consis-
tency capacity of chatbots and achieve a high
ranking correlation with the human evaluation.
We release the framework and hope to help im-
prove the consistency capacity of chatbots.1

1 Introduction

In recent years, open-domain intelligent chatbots
(Adiwardana et al., 2020b; Bao et al., 2020; Smith

∗Joint work with Pattern Recognition Center, WeChat AI,
Tencent Inc. Yang Feng is the corresponding author. Work
was done when Zekang Li and Zhengcong Fei were intern at
WeChat AI.

1https://github.com/ictnlp/AIH

DialoGPT 762M
Human: What movies do you like most?

DialoGPT: The Unforgiven from Metallica.
Human: What do you think of the Unforgiven?

DialoGPT: I never heard of it.
Blender 2.7B

Human: What do you like to cook?
Blender: I only cook Indian cuisine. How about you?
Human: I enjoy cooking Chinese food, especially the

dumplings.
Blender: Chinese food is delicious. I also like cooking

the Chinese food.
Plato 1.6B

Human: Do you like dogs?
Plato: Yes, dogs are cool, I prefer cats though.

Human: Do you have a dog?
Plato: I do not, but I’d love a dog. I think dogs are

so cute.
Human: I love dogs very much. I have three dogs.

Plato: I have three dogs too. One puppy and two
Huskies.

Table 1: Several human-bot conversations demonstrate
that popular chatbots (DialoGPT, Blender, and Plato)
generate inconsistent responses when talking to a hu-
man under some specific conditions.

et al., 2020) have approached great progress due
to the development of the large-scale pre-training
approaches (Devlin et al., 2019; Radford et al.,
2019; Brown et al., 2020) and the large amount of
high-quality conversational datasets (Dinan et al.,
2019; Baumgartner et al., 2020; Smith et al., 2020).
Though the success is indisputable and exciting,
there is still a long way to build a truly human-like
open-domain chatbot.

Current open-domain chatbots hold a superior-
ity in generating fluent, engaging, and informative
responses, but show the soft spot on consistency
(Nie et al., 2020). As shown in Table 1, we present
some interactive dialogue samples between human
and several popular open-domain chatbots (e.g. Di-
aloGPT (Zhang et al., 2020), Blender (Smith et al.,
2020), and Plato (Bao et al., 2020)). All open-
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domain chatbots occasionally generate responses
that are contradictory with history when interact-
ing with humans, which is really annoying and
severely disrupts the communication once happen-
ing. Therefore, it is imperative to improve the
consistency of the open-domain chatbots. How-
ever, one crucial reason that restricts consistency
development is the lack of an effective and practical
evaluation method.

To estimate the consistency of chatbots, the
most straightforward approach is to ask human
annotators to distinguish whether the conversations
generated from the chatbots are consistent or not.
However, the instructions followed by annotators
are often chosen ad-hoc, and there is no explicit
definition, which leads to the relatively low inter-
agreement in the human chatbot consistency eval-
uation (Mehri and Eskénazi, 2020). As a result,
several works have been proposed to develop au-
tomatic evaluation methods (Welleck et al., 2019;
Song et al., 2020; Nie et al., 2020). While these
methods can detect contradictions efficiently in the
dialogue, they depend on the human-bot conver-
sations, which is still cost-inefficient and tend to
suffer from low quality (Deriu et al., 2020; Dinan
et al., 2020). Besides, the occurrence rate of con-
tradiction is low under this condition. All these
problems slow down the development of consis-
tency evaluation of dialogue systems severely.

Towards that end, based on the observations:
(i) chatbots are likely to generate contradictions
when chatting about facts and opinions; (ii) answer-
ing the questions about the conversational history
correctly can reveal the ability to understand the
conversation and keep consistency, we present the
Addressing Inquiries about History (AIH) frame-
work, an effective and practical framework for
open-domain chatbot consistency evaluation. The
framework can be used to rank different chatbots
with regard to the ability to be consistent with them-
selves in the conversation. Specifically, AIH con-
sists of two stages: (i) during the inquiry stage,
questions about the facts and opinions mentioned in
the conversation history are inserted into the conver-
sation between chatbots; (ii) during the contradic-
tion recognition stage, the responses of the inserted
questions are collected, and automatic models or
human judges can be adopted to decide whether the
responses are consistent with the dialogue history.

In brief, our AIH has the following key advan-
tages: Firstly, it is based on bot-bot conversation,

which avoids the human intervention and brings
down the cost and time effort significantly. Sec-
ondly, by inserting specific questions, contradic-
tions occur more frequently, and it is easier for
human annotators or automatic consistency detec-
tion model to distinguish the contradiction com-
pared with natural conversations. Extensive exper-
iments demonstrate that the proposed framework
can produce effective, efficient, and reliable con-
sistency evaluation. Furthermore, we also make an
in-depth discussion about the influence of question
generation, contradiction detection, and evaluation
agreement in our framework.

Our contributions are summarized as follows:

• We propose the Addressing Inquiries about
History(AIH), an effective and practical
framework for open-domain chatbot consis-
tency evaluation.

• Experiments show that AIH can produce ef-
fective, efficient, and reliable consistency eval-
uation. We release the framework as a ready-
to-use tool for evaluating the consistency of
chatbots. We hope AIH can facilitate and pro-
vide standard evaluation for future work on
developing self-consistent open-domain chat-
bots.

2 Related Work

There are various methods to evaluate the consis-
tency of chatbots, containing automatic and human-
based methods. The methods mainly fall into two
dimensions: the static and interactive evaluation.

2.1 Static Evaluation

Static evaluation denotes evaluating if the re-
sponses generated based on the static context are
contradictory with the pre-defined persona or pro-
file and the dialogue history by neural models or
human annotators. Welleck et al. (2019) and Song
et al. (2020) focus on the persona-related consis-
tency and profile-related consistency, and character-
ize the chatbot consistency evaluation as the natural
language inference problem. Nie et al. (2020) build
a new human-craft dataset called DECODE and
propose a structured utterance-based approach to
detect the contradictions in the dialogue history.
While being cost-efficient, static evaluation can not
accurately reflect the conversation capacity of the
chatbot in the real world.
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Hello��ZKDW�GR�\RX�GR�IRU�D�OLYLQJ"
I work at a daycare center. I love kids, do you have kids? 

Yes, I have two children. How about you? 
I have three kids��RQH�VRQ�DQG�WZR�GDXJKWHUV�

Where do you work? (Inserted)
A daycare center for young children�

How many kids do you have? (Inserted)
I have no kids. I wish to have one.

��Chatbot1 : Chatbot2 : Inquirer

ŏ

Inquiry Stage

Entity: 
“daycare center”

Question:
“Where do you work?”

/

/

: Auto Evaluator : Human Evaluator

Entity: 
“three”

Question:
“How many kids do you 
  have?”

Contradiction Recognition
Stage

Figure 1: Overview of the Addressing Inquiries about History framework. There are five “agents”: Chatbot1,
Chatbot2, Inquirer, Auto Evaluator, and Human Evaluator and two stages: Inquiry Stage and Contradiction
Recognition Stage in the framework. Chatbot1 and Chatbot2 are the participants in the bot-bot conversation, in
which Chatbot2 is the one to be evaluated. In the Inquiry stage, Inquirer extracts opinion- or fact-related entities
and generate inquiries based on them. In the Contradiction Recognition stage, the Auto Evaluator is generally
a contradiction detection model to automatically evaluate if the responses from Chatbot2 are consistent and the
Human Evaluator can also be employed for more accurate evaluation. Note that the inserted inquiries do not affect
the natural conversation. Better view in color.

2.2 Interactive Evaluation

Human-bot Conversations. In order to pursue
more authentic evaluation, the standard method is
to let humans converse with a chatbot and evaluate
it by aforementioned models or humans afterward
(Mehri and Eskénazi, 2020). However, apart from
the high cost of collecting human-bot conversa-
tions, there is also a high cognitive strain on hu-
mans, which leads to unstable results (Dinan et al.,
2020).

Bot-bot Conversations. Recently, bot-bot conver-
sations, which significantly reduce the cost and
human bias, are focused. Deriu et al. (2020); Li
et al. (2019) propose to let humans evaluate bot-bot
or self-talk conversations to give a relative rank-
ing of the overall quality of chatbots. Different
from these methods, we focus on the chatbot con-
sistency and insert inquiries to redeclare historical
facts. And we introduce both automatic and human
approaches to evaluate the chatbot consistency.

3 Approach

In this section, we first provide an overview of the
Addressing Inquiries about History (AIH) frame-
work. We then describe the Inquiry stage, the Con-
tradiction Recognition stage, and the chatbot rank-
ing process.

3.1 Overview

To estimate the consistency capacity, questions
about the opinions and facts in the dialogue history
are inserted into the current bot-bot conversation.
Then, the corresponding responses are collected
and judged by automatic tools or human evaluation.
The workflow of our proposed AIH framework is
shown in Figure 1.

To be specific, there are five “agents” in the
framework: Chatbot1, Chatbot2, Inquirer, Auto
Evaluator, and Human Evaluator. The Chatbot1
and Chatbot2 are the participants in the bot-bot
conversation. The Inquirer extracts opinion- or
fact-related entities and generates inquiries based
on the entities. The Auto Evaluator is generally
a contradiction detection model to automatically
evaluate if the responses from Chatbot2 are con-
sistent. The Human Evaluator is used for more
accurate evaluation.

Formally, assume a pool of N chatbots
{B1, ..., BN} which are ready to be evaluated in
terms of consistency capacity. For each pair of
chatbots (referred as Chatbot1 and Chatbot2), we
let Chatbot1 talk with Chatbot2 for K turns. Note
that Chatbot2 is the one to be evaluated. (i) Dur-
ing the inquiry stage, within the conversation be-
tween Chatbot1 and Chatbot2, for each utterance
u2k generated by Chatbot2, Inquirer extracts the
entities about opinions and facts, then asks Chat-
bot2 a question qk about these entities, where k is
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the turn number. Chatbot2 answers the question qk
and generates the corresponding response rk. Note
that we ignore the questions generation operation
when there is no entity that can be extracted. (ii)
During the contradiction recognition stage, we use
neural models (e.g. Natural Language Inference
Model) or employ human judges to decide if the
utterance pair {u2k, rk} exists non-consistent prob-
lem. We collect at least M dialogues from each
chatbot pair, then calculate the ranking order on
the consistency. In this way, we can discriminate
the consistency capability of chatbots effectively
and efficiently. In the following, we will introduce
the inquiry stage and the contradiction recognition
stage, respectively.

3.2 Inquiry Stage
Based on our observation and prior work (Nie et al.,
2020), in natural human-bot or bot-bot conversa-
tion, contradiction is more likely to occur when
chatting about repeated facts and opinions, espe-
cially after similar questions. Therefore, to mimic
such a contradiction occurrence process, we make
chatbots to produce responses by asking chatbots
related questions about previous facts and opinions.
In this condition, generating appropriate questions
is pretty important. Hence, we first extract enti-
ties about facts and opinions from the historical
utterances, then employ a neural model to generate
questions about the extracted entities.
Entity Extraction
Considering that chatbots usually generate contra-
dictions when chatting about facts and opinions, we
apply Named Entity Recognition tools in Stanza
(Qi et al., 2020), a popular natural language anal-
ysis package, to extract named entities from utter-
ance u2k containing person, organization, location,
etc. 2 For example, for the utterance “I would love
to visit New York next year.”, we can extract out
two entities: “New York” and “next year”.
Question Generation Model
For question generation, we employ UniLM (Dong
et al., 2019) model that is fine-tuned on the SQuAD
dataset (Rajpurkar et al., 2016) with question gen-
eration task (Wangperawong, 2020). We utilize
a public implementation and checkpoint.3 In our
framework, given the entities extracted before and
utterance, UniLM generates a suitable question
for each entity. For example, given “New York”

2There are 18 named entity types. Please refer to
(Weischedel et al., 2013) for more details.

3https://github.com/artitw/text2text

and “I would love to visit New York next year.”,
the model generates “Where would you like to visit
next year?”. We then randomly select one question
and insert it into the bot-bot conversation.

3.3 Contradiction Recognition Stage
In our framework, since the question qk is based
on the previous Chatbot2’s utterance u2k, the re-
sponse from Chatbot2 should be consistent with
the utterance u2k. Therefore, the Auto Evaluator
and Human Evaluator can just consider the answer
rk and utterance u2k.
Auto Evaluator
For automatic evaluation, the Auto Evaluator is
generally a contradiction detection model. The
Auto Evaluator take the response rk answered by
Chatbot2 and the previous utterance u2k as input,
and output the contradiction score yk. It can be
formulated as:

yk = fθ(rk, u2k), (1)

where fθ is the detection function and θ is the pa-
rameters. Compared to other contradiction detec-
tion methods that consider the whole dialogue, the
Auto Evaluator can refrain from the noise contained
in the whole dialogue. In practice, we select the
Roberta-large model (Liu et al., 2019) fine-tuned
on the Multi-Genre Natural Language Inference
dataset (Williams et al., 2018) as the implementa-
tion of Auto Evaluator.4

Human Evaluator
In traditional dialogue consistency evaluation meth-
ods, human judges are asked to read the whole dia-
logue and give an overall consistency score, usually
0 or 1. In our opinion, these methods suffer from
high cost and low inter-agreement because there
is no specific instruction, and it is too hard for hu-
man judges to give an overall score on the whole
dialogue (Mehri and Eskénazi, 2020).

In our framework, human evaluators are only
asked to decide if the response rk answered by
Chatbot2 is consistent with the previous utterance
u2k or not, which is more specific and easier than
the traditional methods. As a result , the cost de-
creases, and the evaluation quality increases. Be-
sides, the human annotation in our framework is
much more fine-grained than the traditional meth-
ods, which can provide more information for the
development cycle of dialogue systems.

4https://huggingface.co/
roberta-large-mnli
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3.4 Consistency Metrics and Bot Ranking
Based on the previous results, we can obtain a
ranking list about different chatbots on consistency
capacity. Formally, for each chatbot pair {Bi, Bj},
we collect M dialogues. For each inquiry pair, the
detection of contradiction is made by comparing
yk with a threshold τ :

ck = I(fθ(rk, u2k) > τ). (2)

The contradiction rate of the chatbot Bj within
chatbot pair Bij can be computed as:

Cij =
1

M

m∑
ck, (3)

where m is the number of inquiries in each dialog
and M is the total number of inquiry pairs. For
the overall contradiction rate of the chatbot Bj is
calculated as:

Cj =
1

N

N∑

i=1

Cij . (4)

Finally, we can rank the chatbots using the overall
contradiction rate.

4 Experiment Setup

In this section, we first list the dialogue systems
used in our experiments, then describe the experi-
mental settings in detail.

4.1 Chatbots
We select several popular open-domain chatbots in
our experiments.
Blender (BL) (Adiwardana et al., 2020a) is
firstly pre-trained on Reddit dataset (Baumgartner
et al., 2020) and then fine-tuned with high-quality
human annotated dialogue datasets (BST), which
containing four datasets: Blended Skill Talk
(Smith et al., 2020), Wizard of Wikipedia (Dinan
et al., 2019), ConvAI2 (Dinan et al., 2020), and
Empathetic Dialogues (Rashkin et al., 2019). By
fine-tuning, Blender can learn blend conversational
skills of engagement, knowledge, empathy and
personality. Blender has three model sizes: 90M,
2.7B, and 9.4B. Since 2.7B parameter model
achieves the best performance in (Adiwardana
et al., 2020a), we use the 2.7B version in our
experiments.
Plato (PL) (Bao et al., 2020) is an open-domain
chatbot, pre-trained on Reddit dataset and fine-
tuned with BST dataset, which is claimed to be

superior to Blender. According to the evaluation in
(Bao et al., 2020), we select the 1.6B parameter
version in our experiments.
DialoGPT (DG) (Zhang et al., 2020) is trained
on the basis GPT-2 (Radford et al., 2019) using
Reddit comments. There are three model sizes:
117M, 345M, and 762M. We fine-tuned the 762M
version on the BST datasets.
DialoFlow (DF) (Li et al., 2021a,b) is a top
method in DSTC9 Interactive Dialogue Evaluation
track (Gunasekara et al., 2021). We reproduced the
DialoFlow model based on GPT2-large (Radford
et al., 2019) and fine-tuned it with BST dataset.

4.2 Experimental Settings

We adopt four experimental paradigms to evaluate
the effectiveness of the AIH.
Bot-Bot Interaction. For bot-bot interaction, the
maximum interaction turn is set to 15. All chatbots
exploit Nucleus Sampling (Holtzman et al., 2020)
with p=0.9 when generating responses. For each
chatbot pair, we collect at least 200 dialogues.
Human Annotation. To verify the effectiveness of
our framework, we conduct the human evaluation.
For the bot-bot conversation under our framework,
we employ three professional human annotators
from a commercial data annotating company to sep-
arately annotate three fields: whether inquiry chat-
bot generates appropriate questions, whether Chat-
bot2 answers the questions relevantly, and whether
the responses from chatbot2 are contradictory with
the dialogue history. We pay the company reason-
able salary. For each chatbot pair, we randomly
sample 50 dialogues to be annotated. We compute
the final decision via voting.

In Human-bot Natural Interaction and Expert
Evaluation, we deployed the four chatbots on the
remote server and designed a web interface. Hu-
man could chat with a random chatbot each time
through the web interface and give the consistency
score, being unaware of which chatbot they are
chatting with.
Human-Bot Natural Interaction. For each chat-
bot, we filtered out the dialogues with<5 turns and
the dialogues with abusive words. For each chatbot,
there are at least 40 eligible dialogues. Then we
employ the three professional human annotators to
individually annotate whether each utterance from
the chatbot is consistent or not.
Expert Evaluation. To obtain the human ranking
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Expert Consistency Score ↑
BL PL DG DF

Expert.1 0.55 0.80 0.72 0.69
Expert.2 0.37 0.87 0.60 0.56
Expert.3 0.31 0.89 0.60 0.55

Avg. 0.41 0.85 0.64 0.60

Table 2: The expert consistency score of each chatbot.
Higher is better.

Contradiction Rate (Auto τ = 0.15) ↓
BL PL DG DF Avg.

BL 0.431 0.240 0.324 0.362 0.339
PL 0.431 0.263 0.293 0.357 0.336
DG 0.425 0.251 0.344 0.345 0.341
DF 0.427 0.264 0.344 0.371 0.351

Avg. 0.428 0.255 0.326 0.359 0.342

Contradiction Rate (Human) ↓
BL PL DG DF Avg.

BL 0.487 0.282 0.398 0.396 0.391
PL 0.411 0.212 0.500 0.435 0.390
DG 0.404 0.211 0.304 0.431 0.338
DF 0.462 0.268 0.310 0.377 0.354

Avg. 0.441 0.243 0.378 0.410 0.368

Table 3: The contradiction rate of each chatbot pair.
The column name and the row name represent Chatbot1
and Chatbot2 respectively.

for the consistency of the chatbots, we invite three
expert volunteers from our lab, who have 2-3 years
experience of dialogue system development, to chat
with each bot at least 10 times and about 15 turns
each time. In the chatting, experts are asked to
intentionally induce the chatbots to re-answer the
questions about the dialogue history and give the
consistency score from 0 to 1. Note that we ask
the experts to chat with the chatbots for >20 times
before the formal evaluation. We average the scores
from three experts as the overall consistency score.

Note that Expert Evaluation and Human Anno-
tation were done before the automatic evaluation.
Human-bot Natural Interaction was done after the
automatic evaluation. All human evaluations were
independent from the automatic evaluation.

5 Experimental Results

In this section, we conduct experiments to illustrate
the effectiveness, efficiency, and stability of the
proposed AIH framework.

5.1 Evaluation Effectiveness

We report the expert ranking results in expert evalu-
ation, automatic evaluation, and human evaluation
under the AIH framework, respectively.
Expert Ranking. Table 2 shows the expert consis-
tency scores for different chatbots. We can find that
Plato achieves the best expert consistency score, up
to 0.85. And the ranking of consistency for these
four chatbots is: Plato > DialoGPT > DialoFlow
> Blender, which can serve as the gold reference.
Auto Evaluation Results. Table 3 shows the con-
tradiction rate of each chatbot pair in auto evalua-
tion. The lower contradiction rate means the better
consistency. The column name and the row name
represent Chatbot1 and Chatbot2, respectively. The
“Avg.” in column name represents the overall con-
tradiction rate of each chatbot. The “Avg.” in row
name can be regarded as the ability to induce other
chatbots to redeclare about the facts or opinions
that are likely to be contradictory. In the automatic
evaluation, the ranking of consistency for the chat-
bots is Plato > DialoGPT > DialoFlow > Blender,
which is the same with expert evaluation. The
Blender reaches the highest contradiction rate.
Human Evaluation Results. We list the evalua-
tion results in the bottom of Table 3. As we ex-
pected, BL obtains the highest contradiction rate.
Meantime, human evaluation also provides the
same consistency ranking: Plato > DialoGPT >
DialoFlow > Blender as before.
Summary. Both automatic evaluation and human
evaluation in our framework can give the same per-
formance ranking with the expert, which demon-
strates that our framework is general and can effec-
tively evaluate the consistency of chatbots.

5.2 Time Efficiency

Prior consistency evaluation methods with human-
bot interaction are costly and take up a long time,
which seriously slows down the development cycle
of dialogue systems. In this section, we try to illus-
trate that our proposed Addressing Inquiries about
History framework is time and cost efficient and
can help the evolution process of dialogue systems
compared to the other methods.

As shown in Table 4, we compare the time cost
on two aspects: (i) the time to create inquires, and
(ii) the time to detect contradictions in conversation.
Addressing Inquiries about History framework is
based on the bot-bot conversation so that the time
to create conversation can be ignored, while the
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Method Time (Sec) Contradiction
AIH (Auto) - + - 1.56

AIH (Human) - + 24 1.69
Human-bot 246 + 59 0.50

Table 4: The time efficiency of our proposed Address-
ing Inquiries about History framework and traditional
evaluation method with human-bot interaction. “Time”
represents the time to create a conversation and the time
to annotate the contradictions in a conversation. “Con-
tradiction” denotes the average number of contradic-
tions per conversation (average 15 turns). Dash line
denotes the time can be ignored.

human-bot conversation takes around 4 minutes
per conversation. For the contradiction detection
time, prior methods take around 1 minute consid-
ering the whole dialogue, while in our proposed
framework, it is only about 24 seconds for human
annotation or ignored for automatic evaluation. Be-
sides, we also compare the number of contradic-
tions per conversation. As shown in Table 4, in
our framework, the chatbots generate much more
contradictions than those in prior methods. The
detected contradictions are helpful for the chatbot
developer to further improve the consistency of the
chatbot.
Summary. Our proposed framework can detect
more contradictions with much less time than pre-
vious methods. Correspondingly, Addressing In-
quiries framework will accelerate the evolution pro-
cess of consistency of chatbots.

5.3 Ranking Stability

One key requirement for an evaluation framework
is that repeated executions of the procedure result
in the same outcomes. We measure how many con-
versations between each chatbot pair are required
to guarantee a stable ranking. We randomly sample
Ŝ conversations for each chatbot pair and compute
the consistency ranking using automatic evalua-
tion, where Ŝ ∈ {1, · · · , 200}. We repeat this
sub-sampling procedure 1000 times and compute
the accuracy of achieving the same ranking with
the expert ranking. As shown in Figure 2, when
Ŝ>100, the ranking results of the four chatbots are
the same with the expert in 95% cases and guar-
antee a stable ranking. We also do more in-depth
analysis. The ranking stability depends on the sig-
nificance of ranking. Table 2 shows the consistency
scores of DialoGPT and DialoFlow are close. We
applied a leave-one-out stability analysis, in which

Figure 2: Ranking stability experiments. The x-axis
denotes the number of conversations for each chatbot
pair. The y-axis denotes the rate achieving the same
ranking with the experts.

we drop one chatbot. Figure 2 shows that when
leaving one between DialoGPT or DialoFlow out,
the stability is achieved with Ŝ = 50 dialogues.
Summary. The number of conversations needed
for a stable evaluation in AIH framework is depen-
dent on the chatbots to be tested, and more conver-
sations usually lead to more stable evaluation. In
general cases, 75 conversations are enough to get a
valid contradiction detection.

6 Further Investigation

In this section, we will further discuss the effec-
tiveness of three parts in our framework containing
question generation, contradiction detection, and
human annotation evaluation.

6.1 Question Generation

Since a suitable question is necessary for the in-
quiry stage under our AIH framework, we make an
in-depth analysis about the characters of question
generation during inquiry stage.
Number of Questions and Contradictions
We randomly sample 200 dialogues for each chat-
bot pair and make statistics on the average number
of the inquiry pairs and contradictions per conver-
sation. As shown in Table 5, there are 4.57 inquiry
pairs per conversation on average. There are 6.37
and 5.10 inquiry pairs per conversation when the
Blender acts as Chatbot2 and serves as Chatbot1,
respectively, which are both highest among all chat-
bots. The number of inquiry pairs reveals that the
Blender can chat more about persona and facts, and
the DialoGPT mentions these things less. Table 5
also shows the number of contradictions per con-
versation. Similarly, the Blender makes the most
contradictions and is the most likely to induce the
chatbot interacting with it to redeclare facts or opin-

1063



Number of Questions
BL PL DG DF Avg.

BL 6.54 6.13 2.62 5.12 5.10
PL 6.54 5.34 1.98 4.36 4.55
DG 6.25 4.45 1.67 3.79 4.04
DF 6.15 5.79 2.25 4.21 4.60

Avg. 6.37 5.42 2.13 4.37 4.57

Number of Contradictions (τ = 0.15)
BL PL DG DF Avg.

BL 2.61 1.28 1.61 1.50 1.74
PL 2.82 1.40 0.58 1.56 1.53
DG 2.66 1.12 0.57 1.31 1.38
DF 2.63 1.53 0.77 1.56 1.61

Avg. 2.73 1.38 0.69 1.57 1.56

Table 5: Statistic of average number of inquiry pairs
and the contradictions per conversation for each chat-
bot pair. The column name and the row name represent
Chatbot1 and Chatbot2 respectively.

Question Appropriateness
BL PL DG DF Avg.

BL 0.932 0.960 0.922 0.936 0.938
PL 0.942 0.976 0.940 0.948 0.951
DG 0.784 0.870 0.928 0.882 0.866
DF 0.867 0.934 0.922 0.939 0.915

Avg. 0.881 0.935 0.947 0.942 0.927

Table 6: The appropriateness of the generated ques-
tions (Human evaluation).

ions that are likely to be contradictory.
Question Appropriateness
We analyze the appropriateness of the generated
questions. We randomly sample 50 dialogues from
each chatbot pair and ask human annotators to
decide if the generated questions are appropriate
based on the provided context (0/1). As shown in
Table 6, the overall appropriateness score is about
0.93, which reveals that our question generation
strategy is simple yet highly effective. We further
study the wrong questions and find that most of
them can be attributed to that the general question
generation model can not work well in the dialogue
context. We leave the better question generation
task in open-domain dialogue for future work.

6.2 Effect of Contradiction Threshold τ

We evaluate the effect of hyper-parameter τ in
Equ.2, and the results are reported in Table 7. We
compute the F1 score and Pearson correlation be-

CR F1 r

τ = 0.1 0.401 0.650 0.430
τ = 0.15 0.364 0.655 0.436
τ = 0.3 0.287 0.606 0.423
τ = 0.5 0.235 0.572 0.421

Table 7: The analysis of threshold τ . CR means contra-
diction rate. r denotes the Pearson correlation. Pearson
correlation and F1 score are measured with human an-
notations.

Inter-Annotator Agreement
BL PL DG DF Avg.

AIH 0.818 0.817 0.812 0.807 0.814

Table 8: We analyse the inter-annotator agreement of
the human evaluation in our proposed AIH framework.
The correlation is measured by correlating each annota-
tion with overall decision.

tween the automatic evaluation results and the hu-
man annotations under different τ . We can make
the following observations: (i) When τ = 0.15,
the Pearson correlation and F1 score reaches the
highest. Thus we choose τ = 0.15 in our main ex-
periments. (ii) The highest F1 score is 0.655, and
the highest Pearson correlation is 0.436, which is a
moderate correlation. The observations reveal that
there is a big gap between automatic evaluation and
human evaluation, though the contradiction rate is
similar. We consider that it is because the NLI
model we employ is trained on the general domain
rather than the dialogue domain, so there are lots
of reference problems that can not deal with well.

6.3 Inter-Annotator Agreement

To investigate the quality of human annotation, we
compute the inter-annotator agreements, i.e., the
correlation between each annotation and the over-
all decision is measured. The Pearson correlation
for each chatbot is shown in Table 8. The inter-
annotator agreement is high for all chatbots, sug-
gesting that the evaluation instructions are well-
understood by the annotators.

7 Conclusion and Future Work

In this work, we introduced the Addressing In-
quiries about History (AIH), an effective and prac-
tical framework for open-domain chatbot consis-
tency evaluation. AIH works by inserting ques-
tions about the mentioned facts and opinions in the
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history into the bot-bot conversation and employ-
ing human annotators or neural models to evaluate
whether the responses are consistent or not. Based
on this, we can rank different chatbots accurately
and efficiently. We show that our framework can
effectively evaluate the consistency of chatbots and
the evaluation results well correlate with experts.
Also, our framework is cost and time-efficient and
can not only give an overall consistency score but
also provide exactly the contractions, which can
accelerate the evolution process of chatbots.

As in this work, we only focus on the contradic-
tions about entities, and future work can improve
the inquirer module and explore more kinds of
contradictions. Besides, future work should also
develop a more effective contradiction recognition
module in the dialogue domain, while in this work
we just exploit the general Natural Language In-
ference model to detect contradictions. The non-
consistency problem is serious in current open-
domain chatbots. We hope our work could facilitate
and provide guidelines for future work on develop-
ing self-consistent open-domain chatbots.
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Campos, Álvaro Rodrigo, Thiziri Belkacem, Aitor
Soroa, Eneko Agirre, and Mark Cieliebak. 2020.
Spot the bot: A robust and efficient framework for
the evaluation of conversational dialogue systems.
In Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing, EMNLP
2020, Online, November 16-20, 2020, pages 3971–
3984. Association for Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference

1065



of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, NAACL-HLT 2019, Minneapolis, MN,
USA, June 2-7, 2019, Volume 1 (Long and Short Pa-
pers), pages 4171–4186. Association for Computa-
tional Linguistics.

Emily Dinan, Varvara Logacheva, Valentin Malykh,
Alexander Miller, Kurt Shuster, Jack Urbanek,
Douwe Kiela, Arthur Szlam, Iulian Serban, Ryan
Lowe, et al. 2020. The second conversational in-
telligence challenge (convai2). In The NeurIPS’18
Competition, pages 187–208. Springer.

Emily Dinan, Stephen Roller, Kurt Shuster, Angela
Fan, Michael Auli, and Jason Weston. 2019. Wizard
of wikipedia: Knowledge-powered conversational
agents. In 7th International Conference on Learn-
ing Representations, ICLR 2019, New Orleans, LA,
USA, May 6-9, 2019. OpenReview.net.

Li Dong, Nan Yang, Wenhui Wang, Furu Wei, Xi-
aodong Liu, Yu Wang, Jianfeng Gao, Ming Zhou,
and Hsiao-Wuen Hon. 2019. Unified language
model pre-training for natural language understand-
ing and generation. In Advances in Neural Infor-
mation Processing Systems 32: Annual Conference
on Neural Information Processing Systems 2019,
NeurIPS 2019, December 8-14, 2019, Vancouver,
BC, Canada, pages 13042–13054.

Chulaka Gunasekara, Seokhwan Kim, Luis Fernando
D’Haro, Abhinav Rastogi, Yun-Nung Chen, Mihail
Eric, Behnam Hedayatnia, Karthik Gopalakrishnan,
Yang Liu, Chao-Wei Huang, et al. 2021. Overview
of the ninth dialog system technology challenge:
Dstc9. Proceedings of the 9th Dialog System Tech-
nology Challenge Workshop in AAAI2021.

Ari Holtzman, Jan Buys, Li Du, Maxwell Forbes, and
Yejin Choi. 2020. The curious case of neural text
degeneration. In 8th International Conference on
Learning Representations, ICLR 2020, Addis Ababa,
Ethiopia, April 26-30, 2020. OpenReview.net.

Margaret Li, Jason Weston, and Stephen Roller. 2019.
ACUTE-EVAL: improved dialogue evaluation with
optimized questions and multi-turn comparisons.
CoRR, abs/1909.03087.

Zekang Li, Zongjia Li, Jinchao Zhang, Yang Feng,
and Jie Zhou. 2021a. Wechat ai’s submission for
dstc9 interactive dialogue evaluation track. Proceed-
ings of the 9th Dialog System Technology Challenge
Workshop in AAAI2021.

Zekang Li, Jinchao Zhang, Zhengcong Fei, Yang Feng,
and Jie Zhou. 2021b. Conversations are not flat:
Modeling the intrinsic information flow between dia-
logue utterances. In Proceedings of the 59th Annual
Meeting of the Association for Computational Lin-
guistics.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,

Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized BERT pretraining ap-
proach. CoRR, abs/1907.11692.

Shikib Mehri and Maxine Eskénazi. 2020. Unsuper-
vised evaluation of interactive dialog with dialogpt.
In Proceedings of the 21th Annual Meeting of the
Special Interest Group on Discourse and Dialogue,
SIGdial 2020, 1st virtual meeting, July 1-3, 2020,
pages 225–235. Association for Computational Lin-
guistics.

Yixin Nie, Mary Williamson, Mohit Bansal, Douwe
Kiela, and Jason Weston. 2020. I like fish, espe-
cially dolphins: Addressing contradictions in dia-
logue modeling. CoRR, abs/2012.13391.

Peng Qi, Yuhao Zhang, Yuhui Zhang, Jason Bolton,
and Christopher D. Manning. 2020. Stanza: A
Python natural language processing toolkit for many
human languages. In Proceedings of the 58th An-
nual Meeting of the Association for Computational
Linguistics: System Demonstrations.

Alec Radford, Jeffrey Wu, Rewon Child, David Luan,
Dario Amodei, and Ilya Sutskever. 2019. Language
models are unsupervised multitask learners. OpenAI
blog, 1(8):9.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and
Percy Liang. 2016. Squad: 100, 000+ questions for
machine comprehension of text. In Proceedings of
the 2016 Conference on Empirical Methods in Nat-
ural Language Processing, EMNLP 2016, Austin,
Texas, USA, November 1-4, 2016, pages 2383–2392.
The Association for Computational Linguistics.

Hannah Rashkin, Eric Michael Smith, Margaret Li, and
Y-Lan Boureau. 2019. Towards empathetic open-
domain conversation models: A new benchmark and
dataset. In Proceedings of the 57th Conference of
the Association for Computational Linguistics, ACL
2019, Florence, Italy, July 28- August 2, 2019, Vol-
ume 1: Long Papers, pages 5370–5381. Association
for Computational Linguistics.

Eric Michael Smith, Mary Williamson, Kurt Shuster,
Jason Weston, and Y-Lan Boureau. 2020. Can
you put it all together: Evaluating conversational
agents’ ability to blend skills. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics, ACL 2020, Online, July 5-10,
2020, pages 2021–2030. Association for Computa-
tional Linguistics.

Haoyu Song, Yan Wang, Wei-Nan Zhang, Zhengyu
Zhao, Ting Liu, and Xiaojiang Liu. 2020. Profile
consistency identification for open-domain dialogue
agents. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Process-
ing, EMNLP 2020, Online, November 16-20, 2020,
pages 6651–6662. Association for Computational
Linguistics.

1066



Artit Wangperawong. 2020. Text2text: generate ques-
tions and summaries for your texts. https://
github.com/artitw/text2text.

Ralph Weischedel, Martha Palmer, Mitchell Marcus,
Eduard Hovy, Sameer Pradhan, Lance Ramshaw, Ni-
anwen Xue, Ann Taylor, Jeff Kaufman, Michelle
Franchini, et al. 2013. Ontonotes release 5.0
ldc2013t19. Linguistic Data Consortium, Philadel-
phia, PA, 23.

Sean Welleck, Jason Weston, Arthur Szlam, and
Kyunghyun Cho. 2019. Dialogue natural language
inference. In Proceedings of the 57th Conference of
the Association for Computational Linguistics, ACL
2019, Florence, Italy, July 28- August 2, 2019, Vol-
ume 1: Long Papers, pages 3731–3741. Association
for Computational Linguistics.

Adina Williams, Nikita Nangia, and Samuel Bowman.
2018. A broad-coverage challenge corpus for sen-
tence understanding through inference. In Proceed-
ings of the 2018 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Volume
1 (Long Papers), pages 1112–1122. Association for
Computational Linguistics.

Yizhe Zhang, Siqi Sun, Michel Galley, Yen-Chun Chen,
Chris Brockett, Xiang Gao, Jianfeng Gao, Jingjing
Liu, and Bill Dolan. 2020. DIALOGPT : Large-
scale generative pre-training for conversational re-
sponse generation. In Proceedings of the 58th An-
nual Meeting of the Association for Computational
Linguistics: System Demonstrations, ACL 2020, On-
line, July 5-10, 2020, pages 270–278. Association
for Computational Linguistics.

1067



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 1068–1077
August 1–6, 2021. ©2021 Association for Computational Linguistics

Investigating the Reordering Capability in CTC-based
Non-Autoregressive End-to-End Speech Translation

Shun-Po Chuang∗ Yung-Sung Chuang∗ Chih-Chiang Chang∗ Hung-yi Lee
National Taiwan University, Taipei, Taiwan

{f04942141,b05901033,r09922057,hungyilee}@ntu.edu.tw

Abstract

We study the possibilities of building a
non-autoregressive speech-to-text translation
model using connectionist temporal classifi-
cation (CTC), and use CTC-based automatic
speech recognition as an auxiliary task to im-
prove the performance. CTC’s success on
translation is counter-intuitive due to its mono-
tonicity assumption, so we analyze its reorder-
ing capability. Kendall’s tau distance is intro-
duced as the quantitative metric, and gradient-
based visualization provides an intuitive way
to take a closer look into the model. Our anal-
ysis shows that transformer encoders have the
ability to change the word order and points out
the future research direction that worth being
explored more on non-autoregressive speech
translation.1

1 Introduction

Recently, there are more and more research
works focusing on end-to-end speech translation
(ST) (Bérard et al., 2016; Weiss et al., 2017; Bérard
et al., 2018; Vila et al., 2018; Di Gangi et al., 2019;
Ran et al., 2019; Chuang et al., 2020). Instead of
cascading machine translation (MT) models to an
automatic speech recognition (ASR) system, end-
to-end models can skip the error bottleneck caused
by ASR and be more computationally efficient.
However, in the inference time, an autoregressive
(AR) decoder is needed to decode the output se-
quence, causing the latency issue.

In MT, non-autoregressive (NAR) models have
been heavily explored recently (Gu et al., 2018; Lee
et al., 2018; Ghazvininejad et al., 2019; Stern et al.,
2019; Gu et al., 2019; Saharia et al., 2020) by lever-
aging the parallel nature of transformer (Vaswani
et al., 2017). In contrast, such kind of models
is rarely explored in the field of speech transla-
tion, except for a concurrent work (Inaguma et al.,

∗Contributed equally.
1The source code is available. See Appendix A.

2020). In this work, we use connectionist temporal
classification (CTC) (Graves et al., 2006) to train
NAR models for ST, without an explicit decoder
module. Our entire model is merely a transformer
encoder. Multitask learning (Anastasopoulos and
Chiang, 2018; Kano et al., 2021) on ASR, which is
often used in speech translation, can also be applied
in our transformer encoder architecture to further
push the performance. We achieve initial results on
NAR speech translation by using a single speech
encoder.

CTC’s success on the translation task is counter-
intuitive because of its monotonicity assumption.
Previous works directly adopt the CTC loss on
NAR translation without further verification on the
reordering capability of CTC (Libovickỳ and Helcl,
2018; Saharia et al., 2020; Inaguma et al., 2020). To
further understand the reason that the CTC-based
model can achieve ST task, we analyze the ordering
capabilities of ST models by leveraging Kendall’s
tau distance (Birch and Osborne, 2011; Kendall,
1938), and a gradient-based visualization is intro-
duced to provide additional evidence. To the best
of our knowledge, this is the first time to examine
the ordering capabilities on the ST task.

We found that after applying multitask training,
our model can have more tendency to re-arrange
the positions of the target words to better positions
that are not aligned with audio inputs. We highlight
that our contribution is to 1) take the first step on
translating pure speech signal to target language
text in a NAR end-to-end manner and 2) take a
closer look at the reason that NAR model with
CTC loss can achieve non-monotonic mapping.

2 Approaches

2.1 CTC-based NAR-ST Model

We adopt transformer architecture for non-
autoregressive speech-to-text translation (NAR-
ST). The NAR-ST model consists of convolutional
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layers and self-attention layers. The audio se-
quence X is downsampled by convolutional lay-
ers, and self-attention layers will generate the final
translation token sequence Y based on the down-
sampled acoustic features. We use CTC loss as the
objective function to optimize the NAR-ST model.
The CTC decoding algorithm allows the model to
generate translation in a single step.

CTC predicts an alignment between the in-
put audio sequence X and the output target se-
quence Y by considering the probability distribu-
tion marginalized over all possible alignments.

The CTC loss function is defined as:

LCTC = −
∑

(x,y)∈D
log pθ(y|x), (1)

where x is audio frame sequence, y is target se-
quence, and D is the training set. CTC uses dy-
namic programming to marginalize out the latent
alignments to compute the log-likelihood:

log pθ(y|x) = log
∑

a∈β(y)

∏

t

p(at|x; θ) (2)

where a = {at}|x|t=0 is an alignment between x and
y and is allowed to include a special “blank” token
that should be removed when converting a to the
target sequence y. β−1(a) is a collapsing function
such that β−1(a) = y if a ∈ β(y).

CTC has a strong conditional independence and
monotonicity assumption. It means that the to-
kens in Y can be generated independently, and
there exists a monotonic alignment between X and
Y . The monotonicity property is suitable for tasks
such as ASR. However, in translation tasks, there
is no guarantee that the output sequence should
follow the assumption, as word orders differ in
different languages. In this work, we want to ex-
amine whether the powerful self-attention based
transformer model can overcome this problem to
some degree or not.

2.2 CTC-based Multitask NAR-ST Model

Multitask learning improves data efficiency and
performance across various tasks (Zhang and Yang,
2017). In AR end-to-end ST, multitask learning
technique is often applied using ASR as an auxil-
iary task (Anastasopoulos and Chiang, 2018; Sper-
ber and Paulik, 2020). It requires an ASR decoder
in addition to the ST decoder to learn to predict
transcriptions while sharing the encoder.

Conv2D & Downsampling

Transformer Encoder Block 1

Transformer Encoder Block M

Transformer Encoder Block N...

Target: Good evening here I am Norma from Atlanta.

CTC Layer (ST)

CTC Loss

...

Target: Buenas noches, aquí estoy Norma de Atlanta.

CTC Layer (ASR)

CTC Loss

Speech Translation

Automatic Speech Recognition

Figure 1: Multitask CTC model for ST and ASR.

To perform multitask learning on NAR-ST
model, we propose to apply CTC-based ASR on
a single M -th layer in the model, as illustrated
in Figure 1. It helps the NAR-ST model capture
more information with a single CTC layer in an
end-to-end manner. And the ASR output will not
be involved in the translation decoding process.

2.3 Reordering Evaluation – Kendall’s Tau
Distance

We measure reordering degree by Kendall’s tau
distance (Kendall, 1938). LRscore (Birch and Os-
borne, 2011) also introduced the distance with con-
sideration of lexical correctness. Different from
LRscore, we purely analyze the reordering capabil-
ity rather than lexical correctness in this work.

Given a sentence triplet (T,H, Y ), where T =
〈t1, ..., t|T |〉 is the audio transcription. H =
〈h1, ..., h|H|〉 and Y = 〈y1, ..., y|Y |〉 are hypoth-
esis and reference translation, respectively. An
external aligner provides two alignments: π =
〈π(1), ..., π(|T |)〉 and σ = 〈σ(1), ..., σ(|T |)〉. π
maps each source token tk to a reference token
yπ(k), and σ maps tk to a hypothesis token hσ(k).
We follow the simplifications proposed in LRscore
to reduce the alignments to a bijective relationship.
The proportion of disagreements between π and σ
is:

R(π,σ) =

∑|T |
i=1

∑|T |
j=1 zij

|T |(|T | − 1)/2

where zij =

{
1 if π(i) < π(j) and σ(i) > σ(j)

0 otherwise

Then, we define the term reordering correct-
ness Racc by introducing the brevity penalty (BP ):

Racc = (1−
√

R(π,σ)) ∗BP
where BP = e1−|Y |/|H| if |H| ≤ |Y | else 1
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Method fisher_dev fisher_dev2 fisher_test CH_devtest CH_evltest Speed-Up

(A) Autoregressive Models

(a) Transformer (b=10) 38.90 39.78 38.92 12.93 13.05 × 1.0
(b) Transformer + MTL (b=10) 46.38 47.54 46.28 17.66 17.17 × 1.0
(c) Transformer + MTL + ASR init. (b=10) 48.27 49.17 48.40 17.26 17.45 × 1.0
(d) Transformer + MTL + ASR init. (b=5) 48.18 48.91 48.21 17.34 17.55 × 2.0
(e) Transformer + MTL + ASR init. (b=1) 46.05 47.04 46.14 16.48 16.33 × 8.5

(B) Non-Autoregressive Models (Ours)

(f) CTC 42.61 43.91 43.50 13.02 13.52

× 28.9
(g) CTC + MTL at 4-th layer 42.26 43.70 43.58 13.10 13.17
(h) CTC + MTL at 6-th layer 42.06 44.05 43.56 13.19 13.38
(i) CTC + MTL at 8-th layer 44.45 45.23 44.92 14.20 14.19
(j) CTC + MTL at 10-th layer 42.86 44.18 43.59 13.65 13.28

Table 1: BLEU on Fisher Spanish dataset and CALLHOME (CH) dataset, including autoregressive and non-
autoregressive models. The abbreviation b stands for the beam size for beam search decoding. Multitask learning
(MTL) represents using ASR as the auxiliary task trained with ST. In Autoregressive Models, the auxiliary loss
always applied on the final encoder output in MTL, and we applied it on different layers in NAR models.

The higher the value, the more similar between two
given alignments. Ideally, a well-trained model
could handle the reordering problem by making σ
close to π and result in Racc = 1.

3 Experiments
3.1 Experimental Setup
We use the ESPnet toolkit (Watanabe et al., 2018)
for experiments. We perform Spanish speech to
English text translation with Fisher Spanish cor-
pus. The test sets of CALLHOME corpus are also
included for evaluation. The dataset details and
download links are listed in Appendix B.

The NAR-ST model consists of two convolu-
tional layers followed by twelve transformer en-
coder layers. Knowledge distillation (Kim and
Rush, 2016) is also applied. More training details
and parameter settings can be found in Appendix C.

3.2 Translation Quality and Speed
We use BLEU (Papineni et al., 2002) to evaluate
the translation quality, as shown in Table 1. Beam-
search decoding with beam-size b is considered
for the AR models in this experiments. Greedy
decoding is always used for the NAR models.

In the results of AR models (part (A)), multitask
learning (MTL) can get better performance com-
pared to the model without jointly training with an
auxiliary task (row (b) v.s (a)). Further improve-
ment can be brought by using a pre-trained ASR
encoder as the initialization weight (row (c) v.s (b)).
It shows that using ASR data for MTL and initial-
ization are the essential steps to achieve exceptional
performance. The performance drops when beam-
size decreases, which shows a trade-off between

the decoding speed and the performance (row (c)
v.s (d)(e)).

To better optimize the decoding speed, NAR-ST
provide a great solution to reach a shorter decoding
time (part (B)). NAR-ST models is ×28.9 faster
than the AR model with beam-size 10 (part (B) v.s
rows (a)-(c)) and ×3.4 faster than the AR model
with greedy decoding (part (B) v.s row (e)). We
initialize the NAR-ST models with the weight pre-
trained on ASR task and applied the proposed MTL
approach on different intermediate layers (rows
(g)-(j)). As the results showed in part (B), apply-
ing MTL on the higher layers improves the perfor-
mance (rows (i)(j) v.s (f)). It shows that speech
signal needs more layers to model the complexity,
and sheds light on selecting the intermediate layer
to apply MTL is essential. We also evaluate the
ASR results of the MTL models in Appendix D.

Some text-based refinement approaches can fur-
ther improve the translation quality (Libovickỳ and
Helcl, 2018; Lee et al., 2018; Ghazvininejad et al.,
2019; Gu et al., 2019; Chan et al., 2020). We leave
it as the future work and focus on analyzing the
reordering capability of the CTC-based model.

3.3 Word Order Analysis
In this section, we discuss the word ordering prob-
lem in the translation task. We use Racc defined in
section 2.3 to systematically evaluate the reorder-
ing correctness across the corpora. Besides, we
examine the gradient norm in models to visualize
the reordering process.

Quantitative Analysis We use SimAlign (Sabet
et al., 2020) to align the transcriptions and trans-
lations with details in Appendix E. Table 2 shows
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Racc

Method dev dev2 test

(a) random permutaion 41.37 41.84 42.42

Autoregress Models

(b) Tr. (b=10) 77.79 79.16 79.09
(c) Tr. + MTL (b=10) 79.32 80.18 80.30

Non-Autoregress Models (Ours)

(d) CTC 71.69 74.00 74.57
(e) CTC+MTL@8 71.91 74.35 74.96

Table 2: The reordering correctness evaluated on Fisher
Spanish dataset. The values are selected as the best
among 4 references. Tr. stands for Transformer. All
models are initialized with pretrained ASR.

Racc evaluated on ST models. We included the
correctness of random permutation as a baseline.

The AR models obtain high Racc scores (rows
(b)(c)), it shows that the AR model can handle a
complex word order. The NAR models also have
the ability to rearrange words (rows (d)(e) v.s. (a))
but are weaker than AR models due to the indepen-
dent assumption brought by CTC. An interesting
observation is that applying MTL tends to improve
Racc (rows (c)(e) v.s. (b)(d)). We conclude that the
monotonic natural in ASR improves the stability in
training ST (Sperber et al., 2019).

To investigate the relation between model per-
formance and the reordering difficulty, we measure
the reordering difficulty by Rπ = R(π,m), where
m = 〈1, ..., |T |〉 is a dummy monotonic alignment.
We split all the testing data (dev/dev2/test) into
smaller equal-size groups by different reference
Rπ. The BLEU scores for these groups were plot-
ted in Figure 2. Obviously, AR models are more
robust to higher reordering difficulty. Nonetheless,
we observed that when MTL is applied at layer 8,
CTC model is more robust to reordering difficulty,
in some cases (Rπ<0.07) even come close to the
AR model without ASR pretraining.

Gradient-based Visualization We consider the
gradient norm as an approximated indicator of re-
ordering in our model. For each output token hi,
we concatenate the relative influence on it across all
layers, which yields a matrix Oi ∈ R|X|×L, where
each row is a frame and each column is a layer. We
refer to this as the reordering matrix for token hi.
We leave the computational details in Appendix H.

Figure 3 shows a reordering matrix for token
_thing. We can observe that the single-task CTC
model (Figure 3, right) tends to keep focusing on

Figure 2: The BLEU score curve under different re-
ordering difficulties (Rπ). Details are in Appendix G.

Figure 3: The re-ordering matrix of the token "thing".
The ASR output from MTL model is included as a
proxy for word positioning in source speech.

the same position of the output token _thing at
the lower layers. In contrast, the model with MTL
(Figure 3, left) does not focus on the same posi-
tion at the lower layers. It can focus more on the
other position where the corresponding speech seg-
ment appears, and aggregate the information to the
output position at the higher layers. Additional
examples can be found in Appendix I.

4 Concluding Remarks

We propose a CTC-based NAR-ST model with an
auxiliary CTC-based ASR task and are the first to
study the reordering capability in CTC-based NAR-
ST model. Racc is adopted to analyze reordering
in the ST task, and gradient-based visualizations
reveal the internal manipulation of the models. Be-
sides trying to improve BLEU scores, we encour-
age future research on NAR models to also evaluate
whether the NAR models have inferior reordering
capabilities in order to close the gap between AR
and NAR models.
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Broader Impact and Ethical
Considerations

We believe that our work can help researchers in
the NLP community understand more about the
non-autoregressive speech translation models, and
we envision that the model proposed in this paper
will equip the researchers with a new technique to
perform better and faster speech translation. We
do not see ourselves violating the code of ethics of
ACL-IJCNLP 2021.
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A Source Code

Please download our code at https://github.
com/voidism/NAR-ST and follow the instruc-
tions written in README.md to reproduce the re-
sults.

B Dataset Details

We use the Fisher and CALLHOME Spanish
dataset (a Spanish-to-English speech-to-text trans-
lation dataset), which can be downloaded in the fol-
lowing links: 1) Fisher Spanish Speech https://
catalog.ldc.upenn.edu/LDC2010S01
2) CALLHOME Spanish Speech https:
//catalog.ldc.upenn.edu/LDC96S35
3) Fisher and CALLHOME Spanish–English
Speech Translation https://catalog.ldc.
upenn.edu/LDC2014T23.

B.1 Statistics
The data statistics are listed in Table 3.

Data Split # of Utterance Duration (hours)

Training sets

fisher_train 138792 171.61

Validation sets

fisher_dev 3973 4.59
fisher_dev2 3957 4.70
callhome_devtest 3956 3.82

Testing sets

fisher_test 3638 4.48
callhome_evltest 1825 1.83

Table 3: The data statistics of the Fisher and CALL-
HOME Spanish dataset.

B.2 Preprocessing
We use ESPnet to preprocess our data. For text,
we use Byte Pair Encoding (BPE) (Sennrich et al.,
2016) with vocabulary size 8,000. We convert all
text to lowercase with punctuation removal. For
audio, we convert all audio files into wav file with
a sample frequency of 16,000. We extract 80-dim
fbank without delta. We use SpecAugment (Park
et al., 2019) to augment our data. More details can
be found in our source code in Appendix A.

C Training Details

C.1 Computing Infrastructure and Runtime
We use a single NVIDIA TITAN RTX (24G) for
each experiment. The average runtime of experi-

ments in Table 1 is 2-3 days for both autoregressive
and non-autoregressive models.

C.2 Hyperparameters

Our training hyperparameters are listed in Table 4.
We do not conduct hyperparameter search, but fol-
low the autoregressive ST best setting in ESPnet
toolkit (Watanabe et al., 2018), and use the same
hyperparameter for our non-autoregressive models.
Due to the limited budget, we run each experiment
for once. For inference stage of CTC-based models,
we simply use greedy decode to produce the output
sequences.

Hyperparameter Value

encoder layers 12
hidden units 2048

attention dimension 256
attention heads 4

label smoothing weight 0.1
batch size 64
optimizer noam

learning rate 2.5
warmup steps 25000

attention dropout rate 0.0
gradient accumulate step 2

gradient clipping 5.0
epoch 30

dropout rate 0.1

Table 4: The main hyperparameters in the experiment.

C.3 Knowledge Distillation

To perform sequence-level knowledge distillation
(Seq-KD) (Kim and Rush, 2016) to improve the
performance of NAR models, we firstly trained an
autoregressive transformer-based MT model on the
transcriptions and translations in same training set
with ESPnet. Then we used the trained model to
produce the hypotheses with beam search size of 1
for the whole training set. We swapped the ground
truth sequences with the hypotheses for all NAR ST
model training. We also show the ablation results
on knowledge distillation in Table 5.

We also try the possibility of using the autore-
gressive ST model to produce the hypotheses for
Seq-KD, but the results are not as good as using a
MT model. The results are shown in the second row
in Table 5. The download links to MT/ST decode
results for conducting Seq-KD are also provided
in the README.md file in our source code (See
Appendix A).

1074



Method Fisher CALLHOME
dev dev2 test devtest evltest

NAR w/ MT Seq-KD 44.45 45.23 44.92 14.20 14.19
NAR w/ ST Seq-KD 41.08 41.28 40.85 13.63 13.27
NAR w/o Seq-KD 41.59 43.13 42.25 13.05 12.81

Table 5: Ablation test on sequence-level knowledge
distillation (Seq-KD) on Fisher Spanish dataset and
CALLHOME (CH) dataset. The NAR model we used
is CTC+MTL at 8-th layer.

C.4 Model Selection

When evaluating the models, we average the model
checkpoints of the final 10 epochs to obtain our
final model for NAR experiments. For AR experi-
ments, we follow the original setting in ESPnet to
average the 5 best-validated model checkpoints to
obtain the final model.

C.5 Model Size

The number of parameters of our CTC model is
18.2M. The number of parameters of the autore-
gressive model is 27.9M.

D Automatic Speech Recognition
Evaluation

Method Fisher
dev dev2 test

CTC+MTL@4 47.84 46.79 45.97
CTC+MTL@6 40.21 39.02 38.08
CTC+MTL@8 32.87 31.99 30.88
CTC+MTL@10 29.31 28.36 27.10

Table 6: The Word Error Rate (WER) on Fisher Span-
ish dataset of CTC results of the intermediate layers in
multitask CTC models.

We compute the Word Error Rate (WER) for
ASR output obtained from the intermediate ASR
branch of our proposed models. The results are
shown in Table 6. We can observe that when ap-
plying multitask learning in the higher layers, the
WER becomes lower. It indicates that ASR need
more layers to perform better. However, the best
ST scores are achieved by CTC+MTL@8 instead
of CTC+MTL@10. It may be caused by the fact
that there are only two transformer encoder layers
for CTC+MTL@10 to perform ST. It may be too
difficult for the model to convert the information
from source language to target language in two en-
coder layers, even though the lower WER indicates
useful information is provided to perform ST.

E SimAlign setup

We use the released code2 by the authors of
SimAlign as the external aligner to obtain word
alignments used for calculating reordering metrics.
SimAlign uses contextualized embeddings from
pretrained language models, and there are several
proposed algorithms to do word alignments. We
use XLM-R (Conneau et al., 2019) as the under-
lying contextualized word embeddings with the
itermax matching algorithm.

F Reordering Difficulty

We provide reordering difficulty measured on all
en-xx language pairs in CoVoST2 dataset in Table 7.

en-xx Rπ en-xx Rπ

de 5.92 tr 15.80
zh-CN 10.63 fa 13.93
ja 20.86 sv-SE 2.94
ar 6.04 mn 16.28
et 5.98 cy 5.78
ca 4.39 id 3.41
sl 5.13 ta 15.57
lv 5.34

Table 7: The training set reordering difficulty evaluated
on each pairs of languages in the CoVoST2 dataset.

G Details on Figure 2

In Figure 2, the primary goal is to view the relation
between reordering difficulty and the model’s per-
formance. We describe the method used in (Birch
and Osborne, 2011) to represent the reordering dif-
ficulty as follows: For each example in the fisher
dev and test set, calculate Kendall’s tau distance
between 1) its reference alignment (alignment be-
tween source transcription and reference transla-
tion) and 2) a dummy monotonic alignment, which
is just the sequence 1...m. Intuitively this shows
how much the reference alignment disagrees with
monotonic alignment, and hence the reordering dif-
ficulty. Next, we divide all examples into 10 bins,
where each bin contains examples with similar re-
ordering difficulty, and all bins have an equal num-
ber of examples. Finally, we calculate the BLEU
score of the hypotheses in each bin. The result is
plotted in Figure 2.

2https://github.com/cisnlp/simalign
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H Gradient-based Visualization

We first obtain a saliency matrix JM ∈ R|X|×|X|
for the M -th transformer layer by computing the
gradient norm of output logits w.r.t. the latent rep-
resentations of each timestep in that layer. An
example is shown in Figure 4. Then, we normal-
ize JM across the dimension corresponding to the
source audio sequence. Intuitively, the i-th column
of JM can be interpreted as the relative influence
of the representations at each position on the i-th
output token.

Consequently, we proceed to re-arrange JM in
the following way: for each output token hi, we
concatenate the relative influence on it across all
layers, which yields the reordering matrix for token
hi, denoted as Oi ∈ R|X|×L.

Figure 4: The saliency matrix of layer 8 input.

I Reordering Matrix

We provide some additional examples of visible
reordering in our CTC-based models. In Figure 5,
"_we" is heavily influenced by the position of au-
dio signal "amos", even though the ASR output is
incorrectly predicted as "as". In Figure 6, "_you"
also influenced by audio signal "usted". It is inter-
esting to observe that in some cases the pure CTC-
based model appears more capable of reordering,
while in others it does not.

J Higher Reordering Difficulty

We address instances of higher difficulty by ana-
lyzing Figure 7. In the figure, the horizontal axis

Figure 5: The re-ordering matrix of the token "_we".

Figure 6: The re-ordering matrix of the token "_you".

corresponds to the reordering difficulty, and the ver-
tical axis corresponds to the reordering correctness.
In this figure, there is a very consistent decrease in
reordering correctness when reordering difficulty
increases, and the rate of decrease is very similar
between NAR and AR models. This observation re-
veals that when evaluated on distant language pairs,
that the reordering difficulty is large, the gap be-
tween NAR and AR will probably remain roughly
the same. We will conduct experiments on different
language pairs to verify the above claim in future
work.
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Figure 7: The reordering accuracy (Racc) curve under
different reordering difficulties (Rπ).
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Abstract
Code summarization (CS) is becoming a
promising area in recent language understand-
ing, which aims to generate sensible human
language automatically for programming lan-
guage in the format of source code, serving
in the most convenience of programmer de-
veloping. It is well known that program-
ming languages are highly structured. Thus
previous works attempt to apply structure-
based traversal (SBT) or non-sequential mod-
els like Tree-LSTM and graph neural net-
work (GNN) to learn structural program se-
mantics. However, it is surprising that incorpo-
rating SBT into advanced encoder like Trans-
former instead of LSTM has been shown no
performance gain, which lets GNN become
the only rest means modeling such necessary
structural clue in source code. To release
such inconvenience, we propose structure-
induced Transformer, which encodes sequen-
tial code inputs with multi-view structural
clues in terms of a newly-proposed structure-
induced self-attention mechanism. Extensive
experiments show that our proposed structure-
induced Transformer helps achieve new state-
of-the-art results on benchmarks.

1 Introduction

By 2020, software development and maintenance
become an indispensable part of human work and
life. Various assistant technical measures have been
taken to facilitate more enjoyable software devel-
opment, among which it is especially welcomed by
programmers when there is a code summarization
task generating sensible human language annota-
tions automatically.

∗Corresponding author. This paper was partially supported
by National Key Research and Development Program of China
(No. 2017YFB0304100), Key Projects of National Natu-
ral Science Foundation of China (U1836222 and 61733011),
Huawei-SJTU long term AI project, Cutting-edge Machine
Reading Comprehension and Language Model. This work
was supported by Huawei Noah’s Ark Lab.

Code
(Java)

private void attachPlot (SVGPlot newplot) {
this.plot = newplot;
if (newplot == null) {

super.setSVGDocument(null);
return;

}
newplot.synchronizeWith(synchronizer);
super.setSVGDocument(

newplot.getDocument());
super.setDisableInteractions(

newplot.getDisableInteractions());
}

Summ. Attach to a new plot and display.

Code
(Python)

def get change lines in file for tag(tag,
change dict):

cleaned lines = []
data list = change dict.get(’data’, [])
for data dict in data list:

block = data dict.get(’block’, ”)
lines = block.split(’\\n’)

for line in lines:
index = line.find(tag)
if (index >(-1)):

line = line[index:]
cleaned lines.append(line)

return cleaned lines

Summ.

The received change dict is the jsonified version of
the changes to a file in a changeset being pushed to
the Tool Shed from the command line. This method
cleans and returns appropriate lines for inspection.

Table 1: Task samples of code summarization, where
summ. refers to the output summary.

In early days, code summarization was a deriva-
tive problem of information retrieval (Haiduc et al.,
2010; Eddy et al., 2013; Wong et al., 2013, 2015)
by matching the most similar code snippets which
are labeled with summaries. Such method lacks
generalization and performs unsatisfactorily. Thus
in recent years, researchers treated code summa-
rization as a task of language generation (Iyer et al.,
2016; Liang and Zhu, 2018), which usually de-
pends on RNN-based Seq2Seq models (Cho et al.,
2014; Bahdanau et al., 2015).

It is already known that RNN-based models
may encounter bottleneck when modeling long
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Structure-
sensitive

Long-term
dependency

Feat-model
match

LSTM
Tree-LSTM X
Transformer X
LSTM + SBT X X
Transformer + SBT X X
SiT X X X

Table 2: Comparison of the previous models with pro-
posed SiT model. The last column refers to whether
input features match with the corresponding model.

sequences due to its poor long-term dependency.
For instance, a normal snippet of Java as shown
in Table 1 usually has hundreds of tokens. More
recently, Ahmad et al. (2020) used an enhanced
Transformer-based model to capture long-term and
non-sequential information of source code, which
outperformed previous RNN-based models by a
large margin.

On the other hand, in the light of the structural
nature of programming languages, structure clues
are supposed to greatly enhance programming lan-
guage processing task like code summarization
(Fernandes et al., 2019). Indeed, substantial empir-
ical studies showed that Abstract Syntax Tree may
help models better comprehend code snippets and
achieve more sensible generation results. Previous
approaches could be divided into two categories.
The first is to employ non-sequential encoders (e.g.,
TBCNN (Mou et al., 2016), Tree-LSTM (Shido
et al., 2019), Tree-Transformer (Harer et al., 2019),
Graph Neural Network (Allamanis et al., 2018; Liu
et al., 2020; Alex et al., 2020; Wang et al., 2021))
to directly model structural inputs. The other is
to pre-process structural inputs to apply sequential
models on them. Uri et al. (2019) used LSTM to
encode code structure by sampling possible paths
of AST. Another similar work is structure-based
traversal (SBT) (Hu et al., 2018a), which manages
to flatten ASTs into linear sequences.

Though existing studies achieve success on the
concerned code summarization task more or less,
there is still room in improving both of the above
modeling approaches. It is well known RNN en-
coders like LSTM only have limited capabilities
in capturing long-range dependencies in sequence,
and GNN-like models may be too sensitive to local
information, which casts a natural solution, what
if incorporating SBT into the Transformer? How-
ever, it is surprising that SBT only works effec-
tively with LSTM but not the Transformer accord-

ing to Ahmad et al. (2020). We attribute this to the
linear and nonlinear inconsistence between SBT
and encoder forms. SBT enables sequential en-
coders to learn non-sequential relationship (such
as syntax) still in a certain elaborate linear forms.
RNN may be effectively enhanced by SBT right
because of its sequential architecture through at-
tention mechanism. Transformer learns features
through self-attention network (SAN), nevertheless
which acts more like a non-sequential process. Con-
sequently, such sequential features are unsuitable
for a non-sequential architecture to extract implicit
structural information. We boldly call it Feature-
Model Match problem in Table 2. In this paper,
we thus design an improved Transformer variants,
structure-induced Transformer (SiT) to alleviate
such difficulty in terms of a structure-induced self-
attention mechanism, so that the resulted model
may enjoy both merits, capturing long-range de-
pendencies and more global information. The pro-
posed model design has been applied to benchmark
datasets and helps achieve new state-of-the-art per-
formance.

A

B C

D E

A

B C

D E

Figure 1: Use of adjacency matrix to transform original
self-attention, left-hand complete graph, into structure-
induced self-attention, right-hand graph which looks
clear-cut. Note that we omit self-circles for concision.

2 Structure-based Code Summarization

The following sections present our code summa-
rization method with two parts, in which the first is
about structure representation of code, and the sec-
ond is our proposed structure-induced Transformer.

2.1 Structure Representation of Code
Note that programming language like source code
is subtle that certain different formats may result in
different compilations. Thus pre-processing could
be an great impact in code summarization.

We adopt Abstract Syntax Tree (AST) for rep-
resenting the language grammar of source code as
usual. Figure 2 depicts a typical AST, which is com-
posed of terminal nodes and non-terminal nodes. A
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non-terminal node represents certain construction
like If and BinaryOp, while terminal nodes repre-
sent its semantic components, such as identifiers
and numbers.

In model implementation, we adopt adjacency
matrix A to represent the AST instead of struc-
ture based traversal method as in Hu et al. (2018a),
which represents tree structure in a sequential for-
mat. Such choice is well compatible with Trans-
former, which calculates attention weights by per-
forming a dot-product of key-query pairs and re-
sults in an attention matrix of l × l. We let l equal
to number of AST nodes, then code summariza-
tion with Transformer becomes possible through
applying a position-wise multiplication of A and
original attention matrix.

sample()
FunctionDef

[]
Arguments

a = random()
Assign

a
Name

random()
Call

random
Name

if a % 2 == 0
If

a % 2 == 0
Compare

a % 2
BinOp

a
Name

%
Mod

2
Num

0
Num

b = a + 1
Assign

b
Name

a + 1
BinOp

a
Name

+
Add

1
Num

print(b)
Expression

print
Name

b
Name

print(b)
Call

==
Eq

Global attention

Terminal

AST

Flow

Data dependency

def sample():
    a = random()
    if a % 2 == 0:
        b = a + 1
        print(b)

Soure code

Figure 2: A Python code sample of multi-view graph
used in Si-SAN. The code snippet is referred from Liu
et al. (2020), which is original in Java.

Inspired by Code Property Graph (CPG) (Yam-
aguchi et al., 2014; Liu et al., 2020), we further
expand AST into a multi-view network (MVN or
multi-view graph) (Sindhwani et al., 2005; Zhou
and Burges, 2007; Kumar et al., 2011). An MVN is
composed of multiple views, each view correspond-
ing to a type of structural relationships while all
views sharing the same set of vertexes (Shi et al.,
2018). In this paper, we construct a three-view
graph based on different code semantics, which are
abstract syntax, control flow and data dependency.
We show an example in Figure 2, where we use
colorful strokes to describe different compositions
in the graph. Note that we only utilize terminal
nodes which are marked as rounded rectangles.

Specifically, we first generate an AST, on the
basis of which we add additional edges to further
represent the flow of control and data. For con-
trol flow, since Transformer is order-sensitive with
position encoding, we only need to focus on each
statement node. For instance, nodes b, =, a, +, 1
make a complete statement b=a+1. We connect
each of them since they are in the same execution
order. For data dependencies, we connect relevant
data across the whole program, as the variable b in
expression print(b) and assignment b=a+1 respec-
tively, where the former is defined and loaded from
the latter.

Now we may obtain three adjacency matrices of
syntax, flow and dependency respectively, which
are colored in red, yellow and blue in Figure 2. We
combine them together and finally obtain a multi-
view graph. Additionally, we add global attention
on the root, which is allowed to attend to all tokens
in the code, and all tokens in the code can attend to
it. With aggregated structure, our structure-based
code summarization is expected to capture various
semantics of programs.

Note that our multi-view graph is different from
CPG. which is original for C/C++ only and we do
not find an appropriate analysis platform for other
languages.

2.2 Structure-induced Transformer

Followed by appropriate structure representation
and graph construction, we now propose our
structure-induced Transformer (SiT) for code sum-
marization, which is a structure-sensitive trans-
former (Zhang et al., 2020b; Narayan et al., 2020;
Xu et al., 2020) model and is able to compre-
hend code snippets both semantically and syntac-
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Figure 3: Overall architecture of Structure-induced Transformer (SiT).

tically. Meanwhile, we do not introduce extra pa-
rameters in SiT so that guarantee the training ef-
ficiency. In this section, we first review the self-
attention network (SAN) of Transformer in terms
of attention graph. Then we correspondingly pro-
pose structure-induced self-attention to build the
structure-induced Transformer.

Vanilla Self-Attention Transformer is com-
posed of stacks of identical layers for both encoder
and decoder (Vaswani et al., 2017). Each layer
emphasizes on self-attention mechanism, which is
denoted as:

SAN(X) = Softmax

(
QKT

√
dk

)
V (1)

where X = (x1, . . . , xl) denotes the input se-
quence of sub-words, l denotes the sequence length
and dk denotes the hidden size per head. Now we
view each sub-word as a vertex n and inner prod-
uct of each key-value pair as a directed edge e, the
SAN can be described as a directed cyclic graph.
Equation 1 can be rewritten as follow:

SAN(X) = E ·N (2)

The attention scores E = {eij} refers to a weight
matrix of edges where eij represents how signifi-
cant node ni attend to node nj , while value matrix
N = {ni} refers to each node representation. Fig-
ure 1 depicts the process of calculating attention
scores.

Note that SAN actually generates a fully con-
nected cyclic graph without consideration of the
very needed structure-aware representation for our
concerned task.

Structure-induced Self-Attention To represent
the needed structure information, we propose
structure-induced self-attention network (Si-SAN).

Specifically, we introduce multi-view network
into Equation 1, that is, multiply the adjacency
matrix by key-query pairs:

SiSAN(X) = Softmax

(
Amv ·QKT

√
dk

)
V

(3)
where Amv refers to the multi-view representation
of code.

Note that Si-SAN does not change the input code
but appropriately incorporate code structure into
SAN by changing its attention pattern. As shown
in Figure 1, when aij = 0 in Amv, the attention
between ni and nj will be dropped out (Wu et al.,
2021). We consequently obtain a more explicit
attention graph. Different from calculating global
information onto the whole sentence in original
SAN, Si-SAN is expected to calculate structural
information more accurately.

Structure-induced Module To enhance robust-
ness and avoid over-pruning, we introduce
structure-induced module, which is a stack of two
layers, SAN and Si-SAN. In each module, SAN
is followed by Si-SAN and the output is the com-
bination of both layers. Specifically, given input
sequence X = (x1, . . . , xl), where l denotes se-
quence length, we first pass it through an SAN
layer to obtain hidden representation denoted as
H = (h1, . . . , hl):

H = Concat(SAN1(X), . . . , SANh(X)) (4)

where h refers to number of heads of multi-head
attention while SANi refers to self-attention of
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Model Java Python
BLEU ROUGE-L METEOR BLEU ROUGE-L METEOR

CODE-NN (Iyer et al., 2016) 27.60 41.10 12.61 17.36 37.81 09.29
Tree2Seq (Eriguchi et al., 2016) 37.88 51.50 22.55 20.07 35.64 08.96
Hybrid2Seq (Wan et al., 2018) 38.22 51.91 22.75 19.28 39.34 09.75
DeepCom (Hu et al., 2018a) 39.75 52.67 23.06 20.78 37.35 09.98
API + Code (Hu et al., 2018b) 41.31 52.25 23.73 15.36 33.65 08.57
Dual Model (Wei et al., 2019) 42.39 53.61 25.77 21.80 39.45 11.14
Transformer (Ahmad et al., 2020) 44.58 54.76 26.43 32.52 46.73 19.77
Transformer∗ (Ahmad et al., 2020) 44.87 54.95 26.58 32.85 46.93 19.86
SiT 45.76(↑1.18) 55.58(↑0.82) 27.58(↑1.15) 34.11(↑1.59) 48.35(↑1.62) 21.11(↑1.34)
CodeBERT∗† (Feng et al., 2020) 43.33 54.64 26.20 33.47 49.35 21.69
SiT on CodeBERT† 45.19(↑0.61) 55.87(↑1.11) 27.52(↑1.09) 34.31(↑1.79) 49.71(↑2.98) 22.09(↑2.32)

Table 3: BLEU, ROUGE-L and METEOR for our approach compared with other baselines. † refers to pre-trained
models while ∗ refers to models we rerun. The results of upper part are directly reported from Ahmad et al.
(2020). Note that we only rerun Transformer and CodeBERT since they are much stronger than the other baselines.
However, our results are even stronger. We show the ranges compared to the Transformer in Ahmad et al. (2020).
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(b) BLEU score with training steps on Python

Figure 4: Convergence between Transformer and SiT.

head i. Subsequently, we pass H through a Si-
SAN layer to obtain H ′ = (h′1, . . . , h

′
l):

H ′ = Concat(SiSAN1(H), . . . , SiSANh(H))
(5)

Finally, we use an aggregation to fuse H and H ′ to
obtain final representation H̄ = (h̄1, . . . , h̄l):

H̄ = Aggr(H,H ′) (6)

where the aggregation we use is simple position-
wise sum. We explore that the structure-induced
module is more robust and leads to a better per-
formance. In each stack, model begins to learn
global information with SAN, where all connec-
tions are available. Subsequently, through Si-SAN,
model is told which of the connections are useful
and which should be shut down and thus avoid-
ing over-pruning. Note that SiT with 3 stacks of
structure-induced modules still consists of 6 en-
coder layers and 6 decoder layers, but only changes

the architecture between modules of Transformer,
not introducing any extra parameters.

Figure 3 depicts the overall architecture of SiT.
Compared to original Transformer, our SiT with
Si-SAN encodes a more accurate relative represen-
tation of code through pruning redundant connec-
tions.

2.3 SiT-based Code Summarization
Based on our structure-induced Transformer (SiT),
now we specify our code summarization process.

We first transform the input code into adjacency
matrices of multiple views and combine them
through a weighted sum:

Amv = αAast + βAfl + γAdp (7)

where α, β, γ refer to the corresponding weight for
each view. Then we pass code sequences and cor-
responding adjacency matrices into SiT encoder,
which contains 3 Si-SAN layers. For decoder, we
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apply original Transformer decoder with cross at-
tention. Finally, the summarization of the input
code is generated through autoregressive decoding.

3 Experiments

3.1 Datasets and Pre-processing
Datasets Our experiments are conducted on two
benchmarks of Java (Hu et al., 2018a) and Python
(Wan et al., 2018), and for both we follow their
training, test and development divisions.

Graph Construction For Java code, we refer to
the method provided in (Hu et al., 2018a). They
use javalang module of Python to compile Java
and fetch AST in a dictionary form. For Python
code, we generate trees by ourselves based on ast
and asttokens modules. Finally, we write a script to
resolve ASTs into multi-view adjacency matrices1,
where we let α = β = γ = 1 for all experiments2.

Out-Of-Vocabulary Code corpus in program-
ming language may have a much bigger vocab-
ulary than natural language, including vast oper-
ators and identifiers. We have to introduce vast
out-of-vocabulary (OOV) tokens (usually replaced
by 〈UNK〉) (Hu et al., 2018a) to keep it in a regular
size. To avoid OVV problem, we apply CamelCase
and snake case tokenizers (Ahmad et al., 2020) to
reduce code vocabulary and remove all extra nodes
which do not correspond to specific tokens.

3.2 Baselines
We take all three categories of state-of-the-art mod-
els as our baselines for comparison.

Transformer We refer to the enhanced Trans-
former in (Ahmad et al., 2020) which equipped
with copy attention (See et al., 2017) and relative
position encoding (RPE) (Shaw et al., 2018). For
fair enough comparison, we run their model on
our machine under the same environment with SiT.
Note that we also utilize RPE in SiT because of its
better capability in capturing long sequences, while
we do not utilize copy attention.

LSTM This group includes all relevant LSTM
models with sequential and non-sequential inputs
(Iyer et al., 2016; Eriguchi et al., 2016; Wan et al.,
2018; Hu et al., 2018a,b; Wei et al., 2019).

1https://github.com/gingasan/astruc
2We try to adjust the weights of three views, showing

little performance variant, which suggests that self-attention
network itself may balance the relative significance between
the three.

(a) Full (b) Window

(c) Random (d) Structure-induced

Figure 5: Comparison of different types of self-
attention pattern. (b) Window attention with w = 2.
(c) Random attention with r = 2.

Pre-trained Language Model We also compare
our model with CodeBERT (Feng et al., 2020), a
pre-trained language model on both natural and
programming languages. It is pre-trained over six
programming languages with MLM (Devlin et al.,
2019) and RTD (Clark et al., 2020).

3.3 Training Details

We train our model on a single nVidia Titan RTX
with batch size in {32, 64}. The learning rate is
in {3e-5, 5e-5} with warm-up rate of 0.06 and L2
weight decay of 0.01. The maximum number of
epochs is set to 150 for Transformer and 30 for
CodeBERT. For validation, we simply use greedy
search, while for evaluation, we use beam search
with beam size in {4, 5, 8} and choose the best
result3.

3.4 Main Results

Scores Table 3 shows the overall results on Java
and Python benchmarks. The Transformer baseline
is strong enough as it outperforms all the previ-
ous works by a significant margin. However, our
model is more powerful, further boosting Trans-
former with more than 1 BLEU points on Java and
Python respectively and achieves new state-of-the-
art results. Specifically, SiT achieves higher scores

3https://github.com/gingasan/sit3
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on Python, increasing by 1.59, 1.62 and 1.34 points
on BLEU, ROUGE-L and METEOR respectively.
According to dataset statistics, Python contains 5
times more unique code tokens than Java, which
makes it much more challenging. Thus the superi-
ority of SiT on Python tends to be notable. Even
so, SiT still boosts Transformer by 1.18, 0.82 and
1.15 points on BLEU, ROUGE-L and METEOR
respectively on Java.

Convergence Moreover, Figure 4 shows the
trend of BLEU scores on development set over
training steps. SiT achieves a much faster con-
vergence rate than Transformer. For instance on
Python dataset, SiT arrives the best performance of
Transformer in about 100 epochs, while the latter
one still needs 50 more to finally achieve the opti-
mal. Note that the running time of each epoch for
both models is the same. Such high convergence
rate helps showcase the necessity of Si-SAN.

Pre-training On the other hand, we can see
that CodeBERT also achieves competitive results
on both Java and Python. However, SiT is still
more powerful on most metrics, which outper-
forms CoderBERT by 2.15, 0.95 and 1.15 points
on BLEU, ROUGE-L and METEOR respectively
on Java. However, CodeBERT performs much bet-
ter on Python, which outperforms SiT by 1.00 and
0.58 points on ROUGE-L and METEOR. Note that
CodeBERT is much bigger in size than Transformer
and SiT (see Appendix A).

For further verification, we follow CodeBERT
and conduct a RoBERTa-based (Liu et al., 2019)
SiT to further fine-tune on both Java and Python.
As shown in Table 3, pre-trained SiT obtains attrac-
tive results, further improving CodeBERT on all
the metrics, which implies that our elaborate en-
coder design is still effective even under powerful
pre-training assistance.

4 Ablation Study and Analysis

This section reports our ablation studies to valid our
model on the dataset of Python-V24 (Barone and
Sennrich, 2017), in which we conduct standard and
unified pre-processing for strict fair comparison.

4.1 Si-SAN vs. SAN

To valid the effectiveness of Si-SAN, we gradually
replace SAN layers in original Transformer with

4https://github.com/EdinburghNLP/code-docstring-
corpus/tree/master/V2

Model Prop. BLEU ROUGE-L METEOR
Transformer 0 47.42 57.28 29.62
Transformer 50% 49.64 59.39 31.16
Transformer 100% 49.80 59.38 31.30
SiT 50% 50.04 59.56 31.46

Table 4: BLEU, ROUGE-L and METEOR for variant
models with incremental proportions of Si-SAN.

Model Attn. BLEU ROUGE-L METEOR
Transformer Full 47.42 57.28 29.62
Transformer Window 49.28 58.80 30.90
Transformer Random 38.06 57.28 22.76
Transformer Struc. 49.80 59.38 31.30

Table 5: BLEU, ROUGE-L and METEOR for variant
models with different attention patterns.

Si-SAN. Take Transformer model with Si-SAN
proportion of 50% as an instance, we replace the
second, fourth and last three encoder layers with Si-
SAN and do not apply structure-induced module.

The results of variant models with incremental
proportions of Si-SAN layers are shown in Table 4.
Intuitively, all of the Transformers obtain improve-
ments when equipped with Si-SAN layers. We can
also see that SiT outperforms Transformer with
similar proportion of Si-SAN, which proves the ef-
fectiveness of structure-induced module. However,
it is surprising that Transformer with all 6 layers
of Si-SAN still outperforms original Transformer
even if it may be over-pruned.

4.2 Si-SAN vs. Sparse SAN

To further valid our structure-based approach, we
compare the performance of structure-induced at-
tention with other sparse attention patterns, win-
dow attention in Longformer, ETC (Beltagy et al.,
2020; Ainslie et al., 2020) and random attention in
BigBird (Zaheer et al., 2020). We depict different
attention patterns in Figure 5. The default sequence
length in SiT is 400, and then we set both w and r
to 64 in window and random attention respectively.

As shown in Table 5, Transformer with arbitrary
sparse attention can not bring improvement as Si-

Model BLEU RE.-L MTR. SPEED
Transformer 44.87 54.95 26.58 1.0x
Transformer + SBT 43.34 53.97 25.02 1.5x
SiT-AST only 45.43 55.30 27.21 1.0x
SiT 45.76 55.58 27.58 1.0x

Table 6: Comparison of Si-SAN and SBT methods.
Both methods only leverage AST information.
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Model Para. BLEU RE.L MTR.
Transformer-8 140M 47.42 57.28 29.62
SiT-8 139M 50.04 59.56 31.46
Transformer-12 244M 50.11 59.47 31.44
SiT-12 242M 50.53 60.08 31.96
Transformer-16 370M 50.43 59.80 31.75
SiT-16 367M 50.97 60.51 32.35
Transformer-ALBERT enc. 124M 44.83 55.34 27.73
SiT-ALBERT enc. 124M 49.31 58.46 30.83

Table 7: BLEU, ROUGE-L and METEOR for variant
models with different sizes, where RE.L and MTR. re-
fer to ROUGE-L and METEOR respectively. Models
like SiT-12 refers to SiT with 12 heads.

SAN, which refutes that SiT learns better through
denoising. Specifically, random attention seriously
deteriorates Transformer. It is surprising that win-
dow attention achieves a better result than Vanilla
Transformer. Intuitively, tree structures like AST
are highly localized. That is why window atten-
tion may show good performance. Nevertheless,
Transformer with Si-SAN still outperforms window
attention by 0.52 BLEU point.

4.3 Si-SAN vs. SBT

We reproduce SBT method on Java (Hu et al.,
2018a) and apply it on our Transformer. For fair
enough comparison, we let β = γ = 0 and con-
duct single-view SiT which only leverages AST
information. As depicted in Figure 6, flattening
ASTs into linear sequences does not result in im-
provement, which is consistent with Ahmad et al.
(2020). However, we achieve substantial improve-
ment while incorporating AST into Transformer us-
ing Si-SAN, which indicates our improved model
design is indeed effective.

In addition, the average length of the input code
will be much longer with SBT, which may intro-
duce additional training cost. As shown in Figure 6,
SiT is 1.5 times faster than Transformer with SBT.

4.4 Large Model

It is known that for nearly all deep models, increas-
ing model size may cover quite much of model
structure design improvement. Thus, it is possible
that the improvement on base-size model may not
work on large-size one. To valid this, we compare
SiTs with Transformers under larger scale. As we
can see pictorially in Table 7, with increasing pa-
rameter scale, SiTs with 12 heads and 16 heads
both outperform the corresponding Transformers
by 0.42 and 0.54 BLEU point respectively.

4.5 Parameter Sharing

Recently, parameter sharing on BERT (Devlin et al.,
2019) has achieved promising results (Lan et al.,
2020). Similar as ALBERT, we introduce cross-
layer parameter sharing in both Transformer and
SiT, sharing all parameters in all encoder layers.
Note that we train our models from scratch and
keep the decoder fixed.

As shown in Table 7, SiT performs much bet-
ter on parameter sharing than Transformer does.
We believe that code summarization task highly
depends on structural information, and this is why
SiT can still achieve good results with simply one
group of encoder parameters while Transformer
encounters a serious decline. On the other hand, it
makes possible for lite model, which may balance
high efficiency and performance.

5 Related Work

RNN-based Approaches While numbers of
works (Haiduc et al., 2010; Eddy et al., 2013; Wong
et al., 2013, 2015; Zhang et al., 2020a) on code
summarization usually depended on information re-
trieval, most of the recent works tend to treat it as a
machine translation problem. Meanwhile attention
mechanism is broadly used for better performance
on capturing long-range features. Allamanis et al.
(2016) proposed a Convolution Neural Network
(CNN) with copy attention, and more commonly,
Iyer et al. (2016); Liang and Zhu (2018) proposed
to use Recurrent Neural Network (RNN) with atten-
tion mechanism to summarize code snippets into
natural language. Hu et al. (2018b) introduced
API knowledge from related tasks while Cai et al.
(2020) introduced type information to assist train-
ing, which also gained promising results. Addition-
ally, reinforce learning (Wan et al., 2018) and dual
learning (Wei et al., 2019; Ye et al., 2020) are also
shown effective to boost model performance.

Transformer-based Approaches It is known
that RNN-based models may encounter bottleneck
when modeling long code sequences. Ahmad et al.
(2020) proposed an enhanced Transformer with
copy attention and relative position encoding while
Gupta (2020); Dowdell and Zhang (2020) proposed
to use Transformer (Vaswani et al., 2017) and
Transformer-XL (Dai et al., 2019), all of which
outperformed previous RNN-based models by a
large margin.
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Structure-based Approaches Recent works on
code summarization pay more and more attention
on structural information, which usually treats the
source code in form of its Abstract Syntax Tree
(AST). Hu et al. (2018a); LeClair et al. (2019);
Uri et al. (2019) leveraged flattened ASTs as in-
puts and trained with LSTMs. Mou et al. (2016);
Bui et al. (2021a); Shido et al. (2019); Harer et al.
(2019) proposed TBCNN, TreeCaps, Tree-LSTM
and Tree-Transformer to directly encode tree-style
inputs. Differ from modeling code with sequential
models, Allamanis et al. (2018); Liu et al. (2020);
Alex et al. (2020) treated AST as graph and applied
graph neural network, while Wang et al. (2021) ap-
plied heterogeneous graph neural network to model
different types of nodes.

Pre-training Approaches Apart from training
from scratch, CodeBERT (Feng et al., 2020) is
pre-trained on vast bimodal corpora with masked
language model (Devlin et al., 2019) and replaced
token detection (Clark et al., 2020), and achieves
powerful performances on downstream tasks. Nie
et al. (2020) intensified contextualized code rep-
resentation through masked code fragment predic-
tions while Bui et al. (2021b) incorporated struc-
tural information using TBCNN. However, all of
them do not include generation-related objectives.
It is worth further exploration and practice on pre-
training approaches for out concerned tasks.

6 Conclusion

This paper presents a novel structured-induced
Transformer model on code summarization task.
By well-designed architecture, the proposed model
may effectively incorporate multi-view structure
into attention mechanism without tricky imple-
mentation. We further adopt a new module ar-
chitecture to aggregate both global self-attention
and structure-induced self-attention representa-
tions. Experiments on two challenging benchmarks
including Java and Python show that the proposed
model yields new state-of-the-art results.
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A Model Parameters

Model dh dff h l

Transformer 64 2048 8 12
SiT 64 2048 8 12
Transformer-Window 64 2048 8 12
Transformer-Random 64 2048 8 12
Transformer-Struc. 64 2048 8 12
CodeBERT 64 3072 12 12
SiT on CodeBERT 64 3072 12 12
Transformer-ALBERT enc. 64 2048 8 12
SiT-ALBERT enc. 64 2048 8 12

Table 8: Model parameters in our experiments.

B Qualitative Samples

For qualitative analysis, we give some samples of
code summarization with different models. We
can see that SiT performs most precisely, while
CodeBERT performs better than Transformer does.
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Code

private float computeOverscrollPercent () {
if ( mOverScrollOffset >= NUM ) {return mOverScrollOffset / mMaxOverScroll;}
else {return mOverScrollOffset / mMaxUnderScroll;}

}

Summary

Gold: determine the current amount of overscroll . if the value is 0 , there is no overscroll . if the value is < 0 , tabs are
overscrolling towards the top or or left . if the value is > 0 , tabs are overscrolling towards the bottom or right .
SiT: determine the current amount of overscroll . if the value is 0 , there is no overscroll . if the value is < 0 , tabs are
overscrolling towards the top or or left . if the value is > 0 , tabs are overscrolling towards the bottom or right .
Transformer: determine the current amount of overscroll . if the value is 0 , there is no overscroll . if the value is < 0 , tabs
are overscrolling towards the top or or left . if the value is > 0 , tabs are overscrolling towards the top or right .
CodeBERT: determine the current amount of overscroll . if the value is 0 , there is no overscroll . if the value is < 0 , tabs
are overscrolling towards the top or or left . if the value is > 0 , tabs are overscrolling towards the bottom or right .

Code

public String peek () {
String result = null;
if (isEmpty()) {return null;}
else {

int cachedCurrentIndex = currentIndex;
if (isEatingBlocksOfDelimiters) {trimStartingDelimiters();}
int nearestDelimeter = - NUM ;
for (int i = NUM; i <delimiters.length(); i++) {

int delimiter = source.indexOf(delimiters.charAt(i), currentIndex);
if (nearestDelimeter == - NUM || delimiter != - NUM && delimiter <nearestDelimeter) {

nearestDelimeter = delimiter;
}

}
if (nearestDelimeter == - NUM) {result = source.substring(currentIndex);}
else {result = source.substring(currentIndex, nearestDelimeter);}
currentIndex = cachedCurrentIndex;

}
return result;

}

Summary

Gold: returns null if there is nothing left .
SiT: returns null if there is nothing left .
Transformer: finds the next unique identifier .
CodeBERT: returns the index of the first delimited string removing from the current position .

Table 9: Qualitative samples of Java code summarization.

Code

def asFilesystemBytes(path, encoding=None):
if (type(path) == bytes): return path
else:

if (encoding is None):
encoding = sys.getfilesystemencoding()
return path.encode(encoding)

Summ.

Gold: return cpath as a string of lbytes suitable for use on this systems filesystem .
SiT: return cpath as a string of lunicode suitable for use on this systems filesystem .
Transformer: convert a filesystem path of a byte string .
CodeBERT: return a byte string suitable for use in cpath as a byte string .

Code

def absent(name, DomainName, region=None, key=None, keyid=None, profile=None):
ret = {’name’: DomainName, ’result’: True, ’comment’: ”, ’changes’: {}}
r = salt [’boto elasticsearch domain.exists’](DomainName, region=region, key=key, keyid=keyid, profile=profile)
if (’error’ in r):

ret[’result’] = False
ret[’comment’] = ’Failed to delete domain: {0}.’.format(r[’error’][’message’])
return ret

if (r and (not r[’exists’])):
ret[’comment’] = ’Domain {0} does not exist.’.format(DomainName)
return ret

if opts [’test’]:
ret[’comment’] = ’Domain {0} is set to be removed.’.format(DomainName)
ret[’result’] = None
return ret

r = salt [’boto elasticsearch domain.delete’](DomainName, region=region, key=key, keyid=keyid, profile=profile)
if (not r[’deleted’]):

ret[’result’] = False
ret[’comment’] = ’Failed to delete domain: {0}.’.format(r[’error’][’message’])
return ret

ret[’changes’][’old’] = {’domain’: DomainName}
ret[’changes’][’new’] = {’domain’: None}
ret[’comment’] = ’Domain {0} deleted.’.format(DomainName)
return ret

Summ.

Gold: ensure domain with passed properties is absent .
SiT: ensure domain with passed properties is absent .
Transformer: ensure the iam role exists .
CodeBERT: ensure the named domain is absent .

Table 10: Qualitative samples of Python code summarization.
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Abstract

In reinforcement learning (RL) based task-
oriented dialogue systems, users act as the en-
vironment and the agent learns the policy by
interacting with users. However, due to the
subjectivity of different users, the complexity
of user-generated training conversations varies
greatly, which leads to different difficulties for
the agent to learn. Therefore, it is necessary
for modeling dialogue complexity and make
a reasonable learning schedule for efficiently
training the agent. Towards that, we propose
Scheduled Dialog Policy Learning, an auto-
matic curriculum learning framework for joint-
ing curriculum learning and policy optimiza-
tion in the task-oriented dialog system. To
our best knowledge, it is the first RL frame-
work that improves dialogue policy learning
by scheduling its learning process. Specifi-
cally, we introduce an automatic measurement
to evaluate the dialogue complexity, and based
on this automatic measurement, we train the
dialog agent from easy dialogues to complex
ones. Experiments demonstrate that our ap-
proach can be applied to the task-oriented dia-
logue policy learning and outperforms the pre-
vious state-of-the-art model, which increases
9.6% and 10.0% in the accuracy on the dialog
success rate, respectively on the MultiWoz and
Movie-Ticket Booking datasets.

1 Introduction

Dialog policy learning is an important component
of the task-oriented dialogue system, and it deter-
mines the agent dialog action responding to the
user. This learning process is often formulated as
a reinforcement learning problem (Young et al.,
2013; Levin et al., 1997; Dhingra et al., 2017; Li
et al., 2017; Liu and Lane, 2017; Peng et al., 2018b;
Su et al., 2018; Gao et al., 2019; Takanobu et al.,

∗This work was done when Sihong Liu was interning at
Pattern Recognition Center, WeChat AI, Tencent Inc, China.

†Corresponding author

Figure 1: The comparison of the easy conversation
(left) and the complex conversation (right) which are
task-oriented dialogs between the user (U) and the sys-
tem (S) sampling from MultiWoz. Comparing to the
left conversation, the right one has more turns, intents,
slots, and also switches between two domains: train
(marked as blue) and restaurant (marked as dark). The
right instance is apparently more complex.

2020), where users act as the environment and the
agent learns the policy by interacting with users.
Thus, the learning performance of the dialogue pol-
icy depends much on users’ behaviors.

However, due to the subjectivity and open-ended
nature of human conversations, the complexity
of training dialogues with different users varies
greatly (Lison and Bibauw, 2017). Figure 1 shows
dialogues with different complexities from Mul-
tiWoz (Budzianowski et al., 2018) dataset. Com-
paring to the left instance, the conversation in the
right column has more turns, intents, slots, and
also has the switch between two domains: train
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Figure 3: The correlation statistics between heuristics and our proposed automatic dialogue complexity evaluation.
We count three heuristic attributes: slot numbers(request slot, inform, all), dialog turns and reward, domain switch-
ing times based on ordered training samples evaluating by our proposed automatic complexity evaluation. And we
divide obtained dialog complexity scores into different complexity intervals(easy, medium, hard) for statistics.

Figure 4: Learning curves of the DDQ, DDQ-CL-rule,
DDQ-SDPL. The DDQ-SDPL outperforms baselines
and converges fast to achieve higher accuracy.

DDQ-SDPL outperforms the baseline DDQ and
DDQ-CL-rule and at each training step and con-
verges fast to higher accuracy.

6 Human Evaluation

For human evaluation, we hire human experts to
compare pairwise between DDQ-SDPL and base-
lines. Given a certain user goal, each expert is
asked to read two simulated dialog sessions around
this user goal, one from DDQ-SDPL and another
from the other baseline. We randomly sample 100
goals for each baseline. For each goal, 3 experts are
asked to judge which dialog is better (win, draw or
lose) according to different subjective assessments:
quality and task success. The quality metric eval-
uates whether the agent policy provides the user
with the required information efficiently.

Table 4 shows the results of the human prefer-
ence by majority voting. DDQ-SDPL outperforms

VS.
Quality Success

W D L W D L

DDQ 46 24 30 58 25 17
DDQ-CL-rule 41 28 31 49 26 25

Table 4: Human preference on dialog session pairs that
DDQ-SDPL wins (W), draws with (D) or loses to (L)
baselines on quality and success by majority voting.

other baselines significantly in all aspects (sign test,
p-value < 0.01). Note that the difference between
DDQ-CL-rule and DDQ-SDPL is only in the dialog
complexity evaluation. This demonstrates again the
advantage of the automatic complexity evaluation
in DDQ-SDPL over the heuristic method. The hu-
man preferences agree well with the results of the
automatic evaluation, which also indicates these
experimental metrics are reliable to reflect user sat-
isfaction to some extent. Besides, we show some
sampled cases in the Appendix to demonstrate the
effectiveness of our proposed learning framework.

7 Conclusion

In this paper, we propose a novel curriculum learn-
ing framework to improve dialog policy learning
by scheduling its learning process from easy to
complex. We further propose an automatic dialog
complexity evaluation for curriculum scheduling.
The effectiveness validation of SDPL is conducted
on two dialogue datasets and the state-of-the-art
dialog model demonstrates that our proposed learn-
ing framework is able to boost the performance
of existing dialogue policy learning. Furthermore,
we believe that this automatic curriculum learning
framework can be applied to improve other types
of reinforcement learning based NLP tasks.
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Abstract

While research on explaining predictions of
open-domain QA systems (ODQA) is gain-
ing momentum, most works do not evaluate
whether these explanations improve user trust.
Furthermore, many users interact with ODQA
using voice-assistants, yet prior works exclu-
sively focus on visual displays, risking (as we
also show) incorrectly extrapolating the effec-
tiveness of explanations across modalities. To
better understand the effectiveness of ODQA
explanations strategies in the wild, we con-
duct user studies that measure whether expla-
nations help users correctly decide when to
accept or reject an ODQA system’s answer.
Unlike prior work, we control for explana-
tion modality, i.e., whether they are communi-
cated to users through a spoken or visual inter-
face, and contrast effectiveness across modali-
ties. We show that explanations derived from
retrieved evidence can outperform strong base-
lines across modalities but the best explanation
strategy varies with the modality. We show
common failure cases of current explanations,
emphasize end-to-end evaluation of explana-
tions, and caution against evaluating them in
proxy modalities that differ from deployment.

1 Introduction

Despite copious interest in developing explainable
AI, there is increasing skepticism as to whether
explanations (of system predictions) are useful to
end-users in downstream applications. For instance,
for assisting users with classifying sentiment or an-
swering LSAT questions, Bansal et al. (2021) ob-
served no improvements from giving explanations
over simply presenting model confidence. Simi-
larly, Chu et al. (2020) observed that visual expla-
nations fail to significantly improve user accuracy
or trust. Such negative results present a cautionary
tale for explainability and emphasize the need to
evaluate explanations using careful user studies.

∗Work done while at Facebook AI.

Figure 1: Using end-to-end user studies, we evaluate
whether explanation strategies of open-domain QA as-
sistants help users decide when to trust (or reject) pre-
dicted answers.

We explore the effectiveness of explanations for
Open-Domain Question Answering models, which
involves answering users’ questions (e.g., “Who
plays the Joker in the Lego Batman movie?”) using
a large corpus (e.g., Wikipedia). Such models are
increasingly deployed not only in visual modalities
(e.g., Web search) but also in spoken ones (voice
assistants).1 Spoken interfaces for ODQA are also
important because they make ODQA systems more
accessible for users with visual impairments. De-
spite improvements in accuracy, deployed ODQA
models remain imperfect. This motivates the need
to provide users with mechanisms (e.g., estimates
of uncertainty or explanations) that can help im-
prove appropriate reliance (Lee and See, 2004),
e.g., by allowing users to detect erroneous answers.
We henceforth refer to a user’s ability to distinguish
correct and incorrect answers as error-detectability,
and ask Does explaining the system’s reasoning,
help improve error-detectability? (Figure 1).

Alongside recent negative results (Bansal et al.,
2021), Lamm et al. (2020) showed that visually
complex “QED” explanations that communicate

1https://www.perficient.com/insights/
research-hub/voice-usage-trends
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coreference and entailment information along with
evidence marginally improve error-detectability.
However, the study lacks the recommended base-
line (Amershi et al., 2019; PAIR, 2019) of commu-
nicating model confidence which has been shown
to be effective on other domains (Bansal et al.,
2021). Also, the transferability of complex visual
explanations to the spoken modality remains un-
clear. Although Feng and Graber (2019) compare
visual explanations with presenting model confi-
dence on a different QA task, i.e., answering timed,
multi-clue trivia questions, it was unclear whether
explanations led to appropriate reliance (Bansal
et al., 2021); thus the effectiveness of explanations
for end users of QA systems still remains unclear.
In this paper, we set out to evaluate the ability of
NL explanations in both visual and spoken modali-
ties, to improve error-detectability for the task of
ODQA for non-expert users over strong baselines.

However, explaining ODQA systems in the spo-
ken modality may pose unique challenges, e.g., be-
cause the same information content can impose
higher cognitive demands when communicated
by voice than visually (Sweller, 2011; Leahy and
Sweller, 2016); potentially reducing effectiveness
of longer, more complex explanations (e.g., QED)
in the spoken modality. Thus we also ask, Can the
most useful explanation strategy change with the
modality? In summary:

1. We present user studies evaluating how well
explanations for ODQA help users detect er-
roneous answers (error-detectability). Unlike
prior work, we evaluate explanations in both
visual and spoken interfaces, and compare
against calibrated confidence.

2. Our experiments with over 500 MTurk users
confirm significant improvements in error-
detectability for ODQA over showing con-
fidence. To the best of our knowledge, our
work is the first to show statistically signif-
icant improvements in appropriate reliance
through NL explanations for non-expert users.
(Section 4.1)

3. We show that the best explanation approach
can change with the modality: while longer
explanations (evidence paragraphs) led to the
highest error-detectability in the visual modal-
ity, shorter explanations (evidence sentence)
performed best in the spoken modality. We
connect our observations with prior work on
cognitive science and identify failure cases for

ODQA explanations (Section 4.3).

2 Background

Open-domain QA. ODQA involves answering
questions using a large, broad corpus of unstruc-
tured documents (e.g., Wikipedia or the Web).
More specifically, the questions are factoid and
the target answer is present as a span in one of the
documents (Voorhees et al., 1999).

Recent models for ODQA use a pipelined ap-
proach and contain two components: a document
retriever that finds a subset of the most relevant
documents from the corpus, and a reader that se-
lects an answer span from the retrieved documents
(Chen et al., 2017; Lee et al., 2019a). We use
a state-of-the-art ODQA model and a benchmark
dataset that contains questions asked by real lay
users (Section 3.3).

An ODQA model’s prediction can be explained
by providing a justification in natural language,
e.g., by extracting snippets of text from the re-
trieved documents (rationales) or more generally
by generating new text (abstractive explanation).
For example, rationales can explain a text classi-
fier using phrases in the input text that are relevant
to the prediction (Lei et al., 2016). However, for
some tasks, such as NLI (Camburu et al., 2018) and
common-sense reasoning (Rajani et al., 2019), the
input text alone may not contain enough meaning-
ful justification for the prediction. For other tasks,
the evidence can be spread across documents (e.g.,
HotpotQA; Yang et al. (2018)). In such cases, ab-
stractive explanations become more useful. While
we primarily focus on extractive explanations, we
also experiment with abstractive explanations (Sec-
tion 3.1).

Evaluating explanations. One important reason
to explain ODQA models is to improve error-
detectability (Figure 1).2 Many prior works eval-
uate the quality of NL explanations by compar-
ing similarity with human-written explanations for
tasks such as NLI, common-sense reasoning and
fact verification (DeYoung et al., 2020; Paranjape
et al., 2020; Swanson et al., 2020; Camburu et al.,
2018; Rajani et al., 2019). Other works conduct
user studies but rely on proxy tasks, e.g., whether
explanations allow users to anticipate the model
predictions (Hase and Bansal, 2020; Nguyen,
2018). However, evaluating explanations on such

2Note that there exists other downstream applications of ex-
planations, such as debugging models (Koh and Liang, 2017).
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proxy tasks and metrics, which differ from the ac-
tual deployment setting, risks drawing misleading
conclusions about the effectiveness of explanations
in practice (Buçinca et al., 2020). Thus, we fo-
cus on directly evaluating explanations using user
studies on error-detectability.

Feng and Graber (2019) found that expla-
nations improve player accuracy when answer-
ing Quizbowl questions. Our task differs from
Quizbowl in many respects: 1) Unlike Quizbowl
where the users are trivia enthusiasts or experts,
ODQA users are non-experts, lay people who ask
questions to satisfy their information needs. Thus,
ODQA users have no or very limited expertise in
answering these questions. 2) While Quizbowl
questions comprise multiple clues (incrementally
revealed) for a single answer, ODQA questions typ-
ically contain a single clue. 3) Feng and Graber
(2019) observed improvements from the explana-
tions when their QA model was considerably more
accurate than their users, outperforming the best
trivia players. In contrast, we carefully design our
user study so that on our study sample, users can-
not achieve high performance by simply trusting
the model (Section 3.3).

Visual vs. spoken modalities. We hypothesize
that differences in processing of spoken and written
information can substantially impact the effective-
ness of NL explanations in ODQA. For example,
Flowerdew et al. (1994) observed that one of the
main differences in processing spoken versus writ-
ten information is linearity. When listening, infor-
mation progresses naturally, as opposed to reading,
where people are able to jump back and forth in
the text (Buck, 1991; Lund, 1991). This results
in differences in recall of information across the
two modalities (Osada, 2004). Although it is pos-
sible to repeat spoken information, Lund (1991)
found that for some listeners, listening to infor-
mation again was not as effective as re-reading.
Another difference is the effect on concentration
across modalities. Thompson and Rubin (1996)
found that the heavier cognitive load imposed by
listening to information can make people lose con-
centration more easily. Our experimental setup is
the first to evaluate explanation effectiveness across
these two modalities.

3 Experimental Setup

We evaluate explanation effectiveness for ODQA
by varying the type of explanation and modal-

ity of communication. We combine variations of
each factor to obtain explanation conditions (Sec-
tion 3.1) for a state-of-the-art ODQA model (Sec-
tion 3.3). We then deploy these conditions on Ama-
zon Mechanical Turk (MTurk) to validate our hy-
potheses about the effectiveness of improving error-
detectability (Section 3.2). We justify various de-
sign choices made to ensure quality in Section 3.4.

3.1 Explanation Types and Conditions
ODQA models can justify their predictions by
pointing to evidence text containing the predicted
answer (Das et al., 2018; Lee et al., 2019a;
Karpukhin et al., 2020). We experiment with two
types of extractive explanations:

• EXT-SENT: Extracts a sentence containing the
predicted answer as evidence.

• EXT-LONG: Extracts a longer, multi-sentence
paragraph containing the answer as evidence.

While extractive explanations are simpler to gener-
ate, we also evaluate a third explanation type that
has potential to more succinctly communicate evi-
dence spread across documents (Liu et al., 2019).

• ABS: (Abstractive) Generates a new text snip-
pet to justify the predicted answer.

Explanation conditions. For the spoken modal-
ity, we test five conditions (two baselines and three
explanation types): (1) BASE: present only the top
answer, (2) CONF, a stronger baseline that presents
the top answer along with the model’s certainty, (3)
ABS, (4) EXT-LONG, and (5) EXT-SENT. In the vi-
sual modality, we test two explanation types: EXT-
LONG and EXT-SENT. We implemented these two
types to contrast their effectiveness effectiveness
across modalities (Figure 2, Section 3.4). For all
explanation conditions, we show confidence, men-
tion that the answer was obtained from Wikipedia
and provide the source article. 3

3.2 Hypotheses
We investigated five (pre-registered) hypotheses
about the relative performance of various explana-
tion conditions at improving the accuracy of error-
detectability (Section 3.4):
H1 CONF will improve accuracy over BASE.
H2 Spoken EXT-SENT will improve accuracy over

CONF— the explanation would provide addi-
tional context to help validate predicted an-
swers.

3Appendix A shows more examples.
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Figure 2: UI for spoken (top) and visual modalities
(bottom) for the EXT-SENT explanation type. Users ei-
ther read or hear an explanation and decide whether to
trust or discard the QA system’s prediction.

H3 Spoken EXT-SENT will lead to higher accu-
racy than Spoken EXT-LONG. Since the spo-
ken modality may impose higher cognitive
limitations on people (Section 2), concise ex-
planations may be more useful despite provid-
ing less context.

H4 ABS will improve accuracy over Spoken EXT-
SENT. ABS contains more relevant informa-
tion than EXT-SENT (same length), which may
help users make better accept/reject decisions.

H5 Visual EXT-LONG will lead to higher accuracy
than Spoken EXT-LONG.

3.3 Implementation Details for Conditions

Dataset. We used the Natural Questions (NQ)
corpus (Kwiatkowski et al., 2019). NQ is com-
posed of anonymized queries posed by real users
on the Google search engine. The answers are
human-annotated spans in Wikipedia articles. As
factoid web search is typically done through both
spoken and visual modalities, this data is an ideal
choice for our evaluation setup. To simplify the
study, we restrict to questions with short target an-
swers (< 6 tokens) (Lee et al., 2019b). This subset
contains 80k training examples, 8,757 examples
for development, and 3,610 examples for testing.

Model. We train the current (extractive) state-of-
the-art model on NQ: Dense Passage Retrieval and
Reader (DPR) (Karpukhin et al., 2020). Similar
to Karpukhin et al. (2020), we split documents
(Wikipedia articles), into shorter passages of equal
lengths (100 tokens). To answer an input ques-

tion, DPR uses two separate dense encoders EQ(·)
and EP (·) to encode the question and all pas-
sages in the corpus into vectors. It then retrieves
k most similar passages, where passage similar-
ity to a question is defined using a dot product:
sim(q, p) = EQ(q)

ᵀEP (p). Given the top k pas-
sages, a neural reader (Section 2) assigns a passage
selection score to each passage, and a span score
to every answer span. 4

Generating explanations. Extractive explana-
tions use the passage associated with DPR’s
answer— EXT-SENT uses the sentence containing
the answer whereas EXT-LONG uses the entire pas-
sage. Since DPR does not generate abstractive ex-
planations, we simulate ABS by manually creating a
single sentence that captures the main information
of EXT-SENT and adds additional relevant informa-
tion from EXT-LONG, whilst remaining the same
length as EXT-SENT. To improve transparency, all
explanation conditions also inform the source to
the users, by providing them the title of the article.
Figure 2 shows an example of the final EXT-SENT

explanation condition. To convert text to speech,
we use a state-of-the-art TTS tool. When spoken,
questions in our final ABS and EXT-SENT condi-
tions were on average 15 seconds long, EXT-LONG

was between 30-40 seconds.

Confidence calibration. Confidence scores gen-
erated by neural networks (e.g., by normalizing
softmax scores) often suffer from poor calibration
(Guo et al., 2017).To alleviate this issue and to fol-
low best practices (Amershi et al., 2019; Bansal
et al., 2021), we calibrate our model’s confidence
using temperature scaling (Guo et al., 2017), which
is a post hoc calibration algorithm suitable for
multi-class problems. We calibrate the top 10 out-
puts of the model. We defer additional details of
calibration to Appendix B.

3.4 User Study & Interface

We conduct our experiments using Amazon Me-
chanical Turk. For each of the 7 conditions we hire
75 workers, and present each with 40 questions
(this amounts to a total of 21,000 data samples) one-
by-one, while showing them the model’s answer
(along with other condition-dependant information,
such as confidence or explanation) and ask them to

4We re-score each answer using the product of the pas-
sage and span score and use the highest-scored answer as the
prediction— Our initial analysis showed that this re-scoring
improved exact match scores of predicted answers.
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either accept the model’s prediction if they think it
is correct or reject it otherwise. Figure 2 shows an
example. Additional details about the platform and
participants can be found in Appendix D.

Question selection. We sample a set of questions
on which the model’s aggregate (exact-match) ac-
curacy is 50%; thus any improvements in error-
detectability, beyond random, must be a result of
users making optimal assessment about the model’s
correctness. To improve generalization, we average
results over three such mutually exclusive sets of
40 questions. Before sampling the questions, we re-
moved questions that were ambiguous or questions
where the model was correct but the explanations
failed to justify the answer. Appendix C contains
additional details on question selection.

Incentive scheme. In addition to providing a
fixed upfront pay of $10 for participating in the task,
to encourage workers to engage, we also used a
bonus-based strategy (Bansal et al., 2019) — When
users accept a correct answer, we provide a 15 cent
bonus, but when they accept an incorrect answer
they lose the same amount. When they reject an
answer, however, they do not receive any bonus.5

This aims to simulate the real-world cost and utility
of users choosing to believe answers of an ODQA
model. The maximum cumulative reward is $ 2.70.
These values were chosen to ensure workers earned
minimum a $15 hourly wage.

Post-task survey. After the main task, we asked
participants to (1) rate the length of responses, (2)
rate their helpfulness and (3) give us general feed-
back on what worked and how explanations could
be made better. For the spoken modality, we also
asked participants to rate the clarity of the voice
to understand if issues in text-to-speech confused
them. Appendix E contains the complete survey.

Metrics for error-detectability. We quantify
user performance at error-detectability using the
following three metrics:

1. Accuracy: Percentage of times a user accepts
correct and rejects incorrect answers. A high
accuracy indicates high error-detectability.

2. % Accepts | correct: Indicates the true pos-
itive rate, i.e., percentage of times the user
accepts correct answers.

5if bonus is negative, no deductions re made from base pay.
Bonus is instead set to zero

Figure 3: Accuracy of users. In the spoken modal-
ity, EXT-SENT explanations yield the best results and
is significantly better than CONF. In the visual modal-
ity, EXT-LONG perform best. We observe a statistically
significant (p < 0.01) difference between EXT-LONG
in visual versus spoken, perhaps because of differences
in user’s cognitive limitations across modalities.

3. % Accepts | incorrect: Indicates the false
positive rate, i.e., percentage of times the user
accepts incorrect answers. If a setting yields
a high number, this would indicate that this
setting misleads users more often.

We do not present true and false negative rates
because conclusions are similar. We additionally
measure time spent on each question and cummu-
lative reward. These metrics are explained in Ap-
pendix F. When computing all metrics, we removed
the first 4 questions for each worker to account
for workers getting used to the interface. We pre-
registered this procedure prior to our final studies.

4 Results

To validate our hypothesis (Section 3.2) we com-
pare explanation methods on the quantitative met-
rics (Section 4.1). To further understand partici-
pant behavior we analyze responses to the post-task
survey (Section 4.2), and analyze common cases
where explanations misled the users (Section 4.3).

4.1 Quantitative Results

Figure 3 displays average accuracy with 75 work-
ers per condition. Similar to Lamm et al. (2020),
to validate hypotheses and compute statistical sig-
nificance, we fit a generalized linear mixed effects
model using the lme4 library in R and the for-
mula a~ c +(1|w) + (1|q), where a is ac-
curacy, c is the condition, w is the worker id and q
is the question id. We run pairwise comparisons of
these effects using Holm-Bonferroni to correct for
multiple hypothesis testing. For both the spoken
and visual modalities, all conditions lead to signifi-
cantly higher accuracies than BASE (p < 0.01).
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Model confidence improved accuracy of error-
detectability. In Figure 3, CONF achieves higher
accuracy than BASE– 68.1% vs. 57.2%. This dif-
ference was statistically significant (p < 0.01),
validating H1. While previous guidelines rec-
ommend displaying confidence to users (Amershi
et al., 2019; Bansal et al., 2021), our observations
provide the first empirical evidence that confidence
is a simple yet stronger baseline against which ex-
planations for ODQA should be compared.

Explaining via an evidence sentence further im-
proved performance. The more interesting com-
parisons are between explanation types and CONF.
In both modalities, EXT-SENT performed better
than CONF. For example, in the spoken modal-
ity, EXT-SENT improved accuracy over CONF from
68.1% to 75.6% (p < 0.01); thus validating H2.
Contrary to recent prior works that observed no
benefit from explaining predictions, this result con-
firms a concrete application of explanations where
they help users in an end-to-end task.

Longer explanations improved performance
over concise explanations in the visual modal-
ity, but worsened performance in the spoken
modality. Figure 3 shows that for the visual
modality, EXT-LONG outperforms EXT-SENT expla-
nations – 77.6% vs. 74.7% (p < 0.4). Conversely,
for spoken, EXT-SENT is better than EXT-LONG–
75.6% vs. 70.4% (p < 0.01); thus validating H3.
The decrease was severe enough that we no longer
observed a statistically significant difference be-
tween EXT-LONG and CONF (p = 0.9), reempha-
sizing the importance of comparing against the
latter. Although communicating the same content,
visual EXT-LONG led to significantly better accu-
racy than their spoken version— 77.6% vs. 70.4%
(p < 0.01); thus validating H5. These results in-
dicate large differences, across modalities, in user
ability to process and utilize explanations, and how
these differences need to be accounted for while
evaluating and developing explanations.

Despite improving conciseness, abstractive ex-
planations did not help improve performance
in the spoken modality. Figure 3 shows that
ABS performs significantly worse than EXT-SENT

in the spoken modality– 71.3% vs. 75.6% (p <
0.01) and thus we could not validate H4. This re-
sult indicates that the length of the explanation (e.g.,
number of tokens) is not the only factor that affects
user performance, instead, the density of informa-

Figure 4: (Left) Explanations significantly increased
participant ability to detect correct answers compared
to CONF. (Right) However, only EXT-SENT in the spo-
ken modality and both explanations in the visual modal-
ity decreased the rate at which users are misled.

tion also increases cognitive load on users. This
finding is in line with the Time Based Resource
Sharing (TBRS) model (Barrouillet et al., 2007), a
theory of working memory establishing that time
as well as the complexity of what is being commu-
nicated, both play a role in cognitive demand. We
also observe a similar effect in users’ subjective
rating of length of explanation (Section 4.2).

All explanations significantly increased partici-
pants’ ability to detect correct answers, but only
some explanations improved their ability to de-
tect incorrect answers. Instead of aggregate ac-
curacy, Figure 4 splits and visualizes how often
users accept correct and incorrect answers. For
accepting correct model predictions, all visual and
spoken explanation conditions significantly helped
compared to CONF (at least p < 0.05).

For accepting incorrect predictions, in the spo-
ken modality, only EXT-SENT is significantly better
(i.e., lower) than CONF—34% vs. 40% (p < 0.05).
Whereas in the visual modality, both EXT-LONG

and EXT-SENT lead to improvements over CONF—
30% (p < 0.01) and 32% (p < 0.05), respectively.
This shows that although explanations decrease the
chance of being misled by the system, the least
misleading explanations change with modality.

4.2 Qualitative Results
We analyzed user responses to the post-task sur-
vey to understand their experience, what helped
them and how the system could serve them bet-
ter. We discuss the main findings here and reserve
additional results to the Appendix.

Length preference. We asked participants to
rate the length of the explanation as too short, short,
right, long, or too-long. Figure 5 shows the re-
sults. For EXT-LONG, over 85% of the workers
perceived that in the visual modality, responses
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Figure 5: Users rated how they perceived the length of
each explanation strategy. Top: Spoken explanations
were perceived to be longer. Bottom: While EXT-SENT
and ABS were the same length, the latter was rated as
longer more often perhaps because of its complexity.

were the right length. On the other hand, in the
spoken modality, only 30% of participants agreed
the length was right. Thus, user’s subjective ratings
for the same explanation type were dramatically
different across modalities. Indicating, in addition
to affecting error-detectability, the modality also
changes users’ subjective preferences.

While ABS and EXT-SENT were the same dura-
tion, users rated ABS as longer than EXT-SENT. As
mentioned before, this relates to the TBRS model
of working memory (Barrouillet et al., 2007). We
hypothesize that our ABS explanations, which inte-
grate more information than EXT-SENT in the same
amount of time, were more taxing for user’s work-
ing memory, thereby reducing error-detectability
and increasing perception of length.

User feedback. To understand how we can de-
velop better explanations, we asked participants:
Do you have any additional feedback on what the
system can improve? To analyze responses, two
annotators (authors) coded 400 responses. After
removing responses that were not descriptive (e.g.,
“can’t think of anything to improve”), 175 responses
remained for the final analysis. We computed the
inter-annotator agreement using Cohen’s k (=0.74).
Here we describe the most interesting findings, but
Appendix F shows additional results and details.

In BASE, where the answer was provided with no
additional information, about 50% of participants
mentioned that they would have liked it if the
voice changed with system certainty. In CONF,
around 30% of participants give this feedback.

For EXT-SENT in both modalities, EXT-LONG

in the visual modality, and ABS, 10-35 % of par-
ticipants would like the level of detail to adapt

to the model certainty. Users would like to have
more detail only when the model is not confident.

For EXT-LONG in the spoken modality, the feed-
back centered around length. 78% of participants
mentioned that responses should be shorter, which
aligns with the higher perceived length of the expla-
nations in Figure 5. For the visual modality, 40 %
of participants mention that highlighting some key
items would have made it even easier and faster.
Introducing highlights would improve the visual
interface and would likely increase the differences
in modality already observed.

Finally, for all explanation conditions, 20-45%
of participants said they would like to see ex-
planations from multiple sources for an answer,
e.g., from non-Wikipedia sources to help them bet-
ter decide whether to trust the answer.

4.3 What Misleads Users?

To understand how explanations can mislead users,
we analyzed questions where users frequently ac-
cepted incorrect predictions (false positives). A
single annotator then followed a similar coding
procedure to detect categories of such questions.
We found that users were frequently misled on the
same 30% of our study questions. Below we de-
scribe the two main categories:

Plausible explanations. We find 60-65% cases
where an explanation does not confirm the pre-
dicted answer but makes it seem plausible, mislead-
ing users into accepting incorrect responses. This
phenomenon is similar to prior work in psychology
that has shown that people often fail to evaluate
the accuracy of information when they have little
prior knowledge and information seems plausible
(Hinze et al., 2014).

Question: Who is the patron saint of adoptive parents?
Response: I am 37 percent confident that the answer
is, Saint Anthony of Padua. I found the following evi-
dence in a wikipedia passage titled, Anthony of Padua:
Saint Anthony of Padua, born Fernando Martins de Bul-
hoes, also known as Anthony of Lisbon, was a por-
tuguese catholic priest and friar of the Franciscan order.

In the example above, the model is incorrect (true
answer is Saint William of Perth), but users were
often misled to accept this answer because the evi-
dence makes the prediction sound plausible.

Lexical overlap. The second most common mis-
take (from 30 to 35% of errors) that both the model
and the users make is related to the lexical over-
lap between the question and the evidence. For
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instance, in the example below, the evidence con-
tains the correct answer (15 teams) but many users
are misled by the phrase “A total of 30 teams play
in the National League.”

Question: How many teams are in the MLB national
League?
Response: I am 60 percent confident that the answer
is, 30. I found the following evidence in a wikipedia
passage titled, Major League Baseball: A total of 30
teams play in the National League( NL) and American
League (AL) , with 15 teams in each league .

5 Discussion

5.1 Why Explanations Worked for ODQA
Unlike previous studies (Bansal et al., 2021; Chu
et al., 2020; Hase and Bansal, 2020), we observed
significant improvements from explanations over
only communicating confidence. One reason for
our positive results could be owing to the nature of
ODQA i.e. unlike tasks such as sentiment classi-
fication, where humans may be able to solve the
task without relying on explanations, ODQA re-
quires satisfying a user’s information need, which
may take considerably longer without explanations;
users require additional help to navigate through
vast amounts of information. Another potential
reason is, in ODQA, presenting a single good ex-
planation can allow users to verify whether the
prediction is correct. In contrast, in sentiment anal-
ysis, even if the explanation points to evidence for
a positive sentiment (“the smell was delicious”),
there is always a chance that another phrase (“but
the taste made me puke”) renders the net correct
label as negative. It is worth noting that like previ-
ous works, not all of our explanation methods pro-
vide significant value (Figure 3); thus the success
from showing explanations still cannot be taken
for granted but should instead be measured using
well-designed user studies.

5.2 Implications and Recommendations
Another interesting question is how can our find-
ings inform future research in explainable NLP.

Develop modality-specific explanations. Our
results showed that the best explanation varied
across modalities, indicating that evaluating ex-
planations on one modality (e.g., visual UI) and
deploying them on another (e.g., voice assistant)
can lead to sub-optimal deployment decisions. As
a result, explanations should be optimized for and
evaluated in the task and settings in which they will
be deployed in-the-wild.

Further study abstractive explanations.
Longer explanations helped improve error-
detectability in the visual modality, but they
hurt in the spoken case, perhaps because of the
increased cognitive load. This may indicate
a trade-off between information content of
explanation and its cognitive load. While we
hoped abstractive explanations would achieve
an optimal balance, results showed that they did
not improve end-performance. Perhaps because
even though they were more concise, they still
had high information density. Though, abstractive
explanations showed some promise. For example,
compared to longer explanations, they improved
speed of error-detectability by 2.2 sec (discussed
in Appendix, Table 2) and their length was rated
as more satisfactory (Figure 5). Thus future work
should explore whether benefits of abstractive
increase when explaining multiple sources (e.g., in
(Yang et al., 2018)) or candidate answers.

Enable interactive explanations. To manage a
balance between information content and cogni-
tive load one may also use interactive explana-
tions (Weld and Bansal, 2018), where the system
presents a concise explanation and lets users re-
quest more details, e.g.additional evidence, sources,
or candidate answers (Section 4.2). Another op-
tion is adaptive explanations, where the model
switches explanation strategies based on its con-
fidence (Bansal et al., 2021).

6 Conclusion

We conducted user studies to understand whether
explanations from a state-of-the-art open-domain
QA system help improve error-detectability for end-
users. Our study showed that for ODQA, simple
explanations based on evidence snippets can signif-
icantly improve error-detectability and beat strong
baselines such as communicating model’s confi-
dence. We observed this for multiple modalities
of interaction: spoken and visual modalities. How-
ever, results also indicated that not every explana-
tion type is guaranteed to improve performance
over confidence and the best explanation strategy
may change with the modality, e.g., due to differ-
ences in users’ cognitive abilities across modalities.
Thus, developers and researchers of explainable
ODQA systems should not take the effectiveness
of explanations for granted and should evaluate and
tune them on the tasks and modalities where these
models will be eventually deployed.
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7 Ethical Impact Statement

Recent work has shown that explanations may in-
crease blind trust in systems (Bansal et al., 2021).
Deploying such explanations in the wild is ethically
fraught, hence we should better evaluate explana-
tions using human evaluation before deployment.
Our study expands the knowledge in this direction
and show that current explanation strategies can
work, but they can still considerably mislead users
to accept incorrect model predictions. We hope
that our findings and recommendations will have a
positive impact on how explainable NLP is devel-
oped and evaluated in future work; namely, through
carefully designed user studies which inform us of
the real-world utility of explanations. In terms of
data collection, the study was approved by IRB and
no sensitive or personally identifiable data was col-
lected, and users were informed that their efforts
would end in a research publication.
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A Explanation Examples

In Table 1, we show an example of how the re-
sponses and explanations looked for each of the
conditions. We also indicate in which modalities
each explanation is shown in our experiments.

B Temperature Scaling

Temperature scaling (Guo et al., 2017), a multi-
class extension of Platt Scaling (Platt et al., 1999),
is a post-processing method applied on the logits
of a neural network, before the softmax layer. It
consists of learning a scalar parameter t, which de-
creases or increases confidence. t is used to rescale
the logit vector z, which is input to softmax σ,
so that the predicted probabilities are obtained by
σ(z/t), instead of σ(z).

In our experiments, the model is set to pick from
the top 100 solutions, however, in many cases the
correct answer occurs within the top 10 items. For
our purposes we calibrate the confidence scores of
the top 10 outputs. We use the publicly available
scripts provided by Guo et al. (2017).6

The model confidence before and after calibra-
tion can be seen in Figure 6.

Figure 6: Confidence before and after calibration.

C Additional Preprocessing

Additional preprocessing to ascertain the quality of
stimuli in each modality was required. Before sam-
pling questions for the task, to ensure a high-quality
and non-ambiguous experience for MTurk work-
ers, we manually filter out several “problematic”
questions:

• Ambiguity in the question: For various ques-
tions in NQ, multiple answers can exist. For

6https://github.com/gpleiss/
temperature_scaling

example, the question: when was King Kong
released?, does not specify which of the many
King Kong movies or video games it refers
to. These cases have been known to appear
often in NQ (Min et al., 2020). We remove
such questions from our subset.

• The gold answer was incorrect: Many ex-
amples in NQ are incorrectly annotated. As it
is too expensive to re annotate these cases, we
remove them.

• Answer marked incorrect is actually cor-
rect : We present both correct and incorrect
questions to users. There are cases where
the predicted answer is marked incorrect (not
exact match) but is actually correct (a para-
phrase). We manually verify that correct an-
swers are paired with contexts which support
the answer.

• Correct answer but incorrect evidence:
The model sometimes, though not as often,
chooses the correct answer but in the incorrect
context. We discarded examples where the ex-
planation was irrelevant to the question e.g.
who plays Oscar in the office? Oscar Nuñez,
is a Cuban-American actor and comedian.. In
order to be able to make more general con-
clusions about whether explanations help in
error-detectability, we restrict our questions to
ones containing correct answers in the correct
context.

• Question and prediction do not match type.
We removed cases where the question asked
for a certain type e.g. a date, and the predic-
tion type did not match e.g. a location.

In the visual modality, to ensure readability, we
fixed capitalizations. For the spoken modality, to
ensure fluency and clarity, we manually (1) in-
serted punctuation to ensure more natural sounding
pauses, and (2) changed abbreviations and symbols
to a written out form e.g. $ 3.5 billion to 3.5 billion
dollars.

D Task Setup: Additional details

Platform and participant details. We conduct
our experiments using Amazon Mechanical Turk7.
We recruited 525 participants in total, with approval
ratings greater than 95 % and had a maximum of 8

7https://www.mturk.com/
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EXPLANATION TYPE RESPONSE+EXPLANATION MODALITY

BASE The answer is, two. Spoken

CONF I am 41 percent confident that the answer is, two. Spoken

ABS I am 41 percent confident that the answer is, two. I summarized evidence from
a wikipedia passage titled, Marco Polo (TV series). Netflix cancelled the show
after two seasons, as it had resulted in a 200 million dollar loss.

Spoken

EXT-SENT I am 41 percent confident that the answer is, two. I found the following evidence
in a wikipedia passage titled, Marco Polo (TV series). On December 12, 2016,
Netflix announced they had canceled "Marco Polo" after two seasons.

Spoken/Visual

EXT-LONG I am 41 percent confident that the answer is, two. I found the following evidence
in a wikipedia passage titled, Marco Polo (TV series). On December 12, 2016,
Netflix announced they had canceled "Marco Polo " after two seasons. Sources
told "The Hollywood Reporter" that the series’ two seasons resulted in a 200
million dollar loss for Netflix , and the decision to cancel the series was jointly
taken by Netflix and the Weinstein Company. Luthi portrays Ling Ling in season
1, Chew in season 2. The series was originally developed at starz, which had
picked up the series in January 2012.

Spoken/Visual

Table 1: Explanation examples: Example of how system responses looked for each explanation type and baseline,
for the question How many seasons of Marco Polo are there?

days for approval of responses in order to minimize
the amount of spamming.

We use a random sample of 120 questions from
our dataset which remains the same across all con-
ditions. In order to keep each session per partici-
pant at a reasonable time and ensure the quality of
the data wouldn’t be affected by workers becoming
exhausted, we opted for three fixed batches of 40
questions, all split as 50 % correct and 50 % incor-
rect. Workers could only participate once (only one
batch in one condition). Participants took around
from 35-45 minutes to complete the HITs, but were
given up to 70 minutes to complete.

We monitored if their screen went out of focus,
to ensure that participants did not cheat. We en-
sured that we had 25 user annotations per question.
When analyzing the data, we remove the first 4
questions of each batch, as it may take participants
a few tries before getting used to the interface. In
the end, we collect about 21,000 test instances.

Task Instructions. Imagine asking Norby a
question and Norby responds with an answer.
Norby’s answer can be correct or wrong. If you be-
lieve Norby’s answer is correct, you can accept the
answer. If you believe it is wrong, you can reject it.
If the answer is actually correct and you accept it,
you will earn a bonus of $0.15. But, if the answer is
wrong, and you accept it, you will lose $0.15 from
your bonus. If you reject the answer, your bonus
is not affected. (Don’t worry, the bonus is extra!
Even if it shows negative during the experiment,
in the end the minimum bonus is 0). In total you

will see 40 questions in this HIT (you will only be
allowed to participate once) and the task will take
about 40 to 45 minutes. You can be compensated
a maximum of $13.50 for about 40-45 minutes of
work. Some things to note:

1. You must listen to the audio before the options
become available.

2. If you make it to the end there is a submit
button there, however, in case of an emergency
you can hit the quit early button above and
you will get rewarded for the answers you
provided.

3. You can play the audio as many times as you
need but as soon as you click a choice you
will be directed to the next item.

4. IMPORTANT!! Please do not look up ques-
tions in any search engine. We will monitor
when the screen goes out of focus, so please
keep the screen on focus or you might risk
being rejected.

5. Finally, please do not discuss answers in fo-
rums; that will invalidate our results.

E Post-task Survey

1. I found the CLARITY of Norby’s voice to be:

(a) Excellent (b) Good (c) Fair (d) Poor (e)
Very Poor

2. I found Norby’s responses to be HELPFUL
when deciding to Accept or Reject:
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(a) Strongly Agree (b) Agree (c) Undecided
(d) Disagree (e) Strongly Disagree

Can you give a few more details about your
answer?

3. I found the LENGTH of Norby’s responses to
be:

(a) Too Long (b) Long (c) Just right (d) Short
(e) Too short

4. No AI is perfect and Norby is no exception.
We are interested in helping Norby provide
responses that can help users to determine
whether to trust it or not (to accept or reject,
just as you have done in this experiment).
From your interaction with Norby, do you
have any additional feedback on what it
can improve?

F Results

Reward. Cummulative reward is the total dollar
reward in bonuses earned by a worker based on the
payoff described earlier. Note that, unlike accuracy,
the payoff matrix is not symmetric wrt. user deci-
sion and correctness of predictions. We compute
the differences in overall reward for each condition
and observe the same trends as we discussed for
accuracy. More specifically, all explanation condi-
tions improve the final user reward, with EXT-SENT

performing best in the spoken modality and EXT-
LONG performing best overall. These differences
are shown in Figure 7.

Figure 7: Reward: The scores presented here are out of
$ 2.70. Although all explanations are better than CONF,
the explanations leading to the highest rewards change
across modalities.

Time differences. We measured the time (in sec-
onds) that it took participants to complete each
question. In Table 2 we present the median times
averaged over all workers per condition. We also
include an adjusted time, subtracting the length of
the audio, in order to measure decision time.

CONDITION SEC/QUESTION ADJUSTED

SPOKEN MODALITY

BASE 10.2 ± 1.6 8.3 ± 1.6
CONF 9.4 ± 1.5 6.0 ± 1.5
ABS 24.4 ± 1.5 7.0 ± 1.4
EXT-LONG 44.9 ± 1.6 9.2 ± 1.6
EXT-SENT 24.3 ± 1.7 7.6 ± 1.7

VISUAL MODALITY

EXT-LONG 16.1 ± 1.7 -
EXT-SENT 10.4± 1.1 -

Table 2: Time differences across modalities. Time dif-
ferences in the right column have been adjusted by re-
moving the duration of the audio files. We observe that
with additional information, users can make faster deci-
sions than the BASELINE condition.

Voice quality. To verify that the quality of the
text-to-speech tool that we employed did not neg-
atively affect our experiments, we asked users to
rate the clarity of the assistant’s voice as very poor,
poor, fair, good, or excellent. Around 90 % rated
the voice as good or excellent. These results are
shown in Figure 8.

Figure 8: Voice clarity: Most participants found the
voice of the assistant to be good or excellent.

Helpfulness. Participants were asked whether
the responses helped them in their decision making.
Their responses showed that CONF and all explana-
tion conditions were perceived as helpful by at least
80% of participants, with no real differences among
them except for EXT-LONG in the visual modal-
ity (which is perceived helpful by close to 90%
of users). Interestingly, 50% of participants indi-
cated BASE to be helpful. In contrast, our results in
Figure 3 show that different explanations actually
differ in their eventual helpfulness. These results
suggest that subjective measures can sometimes
correlate with actual performance when the differ-
ences are large, but for the most-part and smaller
differences, the result from subjective rating can be
unreliable. These findings align with prior observa-
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Figure 9: Helpfulness: Participants indicated how
helpful responses were. These results reflect the large
differences we see in performance (BASE vs the rest of
the settings), but are not able to capture the more subtle
differences among explanation strategies and CONF.

tion made (Buçinca et al., 2020) that showed that
evaluating explanations on proxy metrics can lead
to incorrect conclusions. These findings are shown
in Figure 9.

User feedback. Users provided free-form writ-
ten feedback on possible ways to improve the sys-
tem. The prompt they saw was: do you have any
additional feedback on what the system can im-
prove? After converging on a final set of codes, two
annotators coded up about 400 responses across all
conditions. The codes and their descriptions can
be found in Table 3. The codes are not mutually
exclusive.

CODE DESCRIPTION CATEGORY

len-
conciseness

users wish explanation was shorter improvement on length

len-expand users wish explanation was shorter

adapt-detail users wish details adapted with con-
fidence adaptability feature

adapt-voice users wish voice adapted to confi-
dence

pres-
change-
confidence

users wish confidence would be
communicated differently e.g. the
answer is probably....

improve presentation

pres-
highlighting

users wish important facts would be
highlighted

need-more-
sources

users wish more source were pro-
vided

need-
confidence

users wish confidence was provided

need-
source

users wished a source was provided

need additional infoneed-
explanation

users wish an explanation would be
provided

need-link users wish a link was provided
need-
multiple-
answers

users wish more than 1 answer was
provided

Table 3: The codes used to uncover areas of improve-
ment from the post-experimental user feedback.

We found that many users across most condi-
tions, would like adaptability features added. Ad-
ditionally, we found that participants would like to
be provided with multiple sources which converge
on the answer. We also observe that for spoken con-
ditions, improvements on length are mentioned

more often. The full distribution of codes across
conditions is shown in Table 4.

CONDITION CODE % PARTICIPANTS

BASE

adapt-voice 50
need-
confidence

36

need-
explanation

25

need-source 17

CONF

need-
explanation

38

adapt-voice 29
pres-change-
confidence

14

adapt-detail 10
need-multiple-
answers

10

need-link 5

Spoken EXT-SENT

need-more-
sources

44

adapt-detail 28
len-conciseness 22
need-multiple-
answers

17

need-link 11
len-expand 11
pres-change-
confidence

6

Spoken EXT-LONG
len-conciseness 78
need-more-
sources

15

pres-change-
confidence

4

ABS

len-conciseness 52
need-more-
sources

22

adapt-detail 22
pres-change-
confidence

13

need-multiple-
answers

4

Visual EXT-SENT

need-more-
sources

33

adapt-detail 33
len-expand 27
need-multiple-
answers

7

Visual EXT-LONG pres-
highlighting

40

need-more-
sources

33

adapt-detail 10
need-link 10
pres-change-
confidence

7

Table 4: Distribution of codes across all conditions.
Codes are not mutually exclusive.
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Abstract

Semantic embedding has been widely investi-
gated for aligning knowledge graph (KG) en-
tities. Current methods have explored and uti-
lized the graph structure, the entity names, and
attributes, but ignore the ontology (or ontologi-
cal schema) which contains critical meta infor-
mation such as classes and their membership
relationships with entities. In this paper, we
propose an ontology-guided entity alignment
method named OntoEA, where both KGs and
their ontologies are jointly embedded, and the
class hierarchy and the class disjointness are
utilized to avoid false mappings. Extensive
experiments on seven public and industrial
benchmarks have demonstrated the state-of-
the-art performance of OntoEA and the effec-
tiveness of the ontologies.

1 Introduction

Knowledge graphs (KGs) that are composed of
entities and facts in the RDF form (i.e., RDF triples)
are of vital importance in various applications, such
as search engines and personal assistants (Hogan
et al., 2020). Although there have been several
large-scale KGs, the content of one individual KG
is often incomplete, especially in supporting some
domain-specific applications such as clinical AI
assistants. As these KGs are developed separately,
they are usually heterogeneous and supplementary
to each other. Thus it becomes urgently needed to
align multiple KGs (i.e., matching the equivalent
elements) to fully explore their usability.

Recently, a few embedding-based methods have
been proposed for entity alignment (EA) (Sun et al.,
2020b; Zhang et al., 2020; Qi et al., 2021), in which
entities are embedded into vectors and the equiv-
alent entities are determined via calculating the
similarity of their vectors. They extend the em-
bedding of one KG to the embedding of multiple

*Equal contribution
†Corresponding author
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Figure 1: A class conflict example in entity alignment.

KGs into one vector space by, for instance, a trans-
formation matrix, which is learnt from annotated
mappings (a.k.a. seed mappings). They also utilize
the entity names and attributes besides the graph
structures for better performance. These methods,
however, all ignore the ontology (or ontological
schema) which is an important part of many KGs
such as DBpedia (Auer et al., 2008) and Wikidata
(Vrandečić and Krötzsch, 2014) as meta informa-
tion for higher quality and usability. The ontology
typically contains hierarchical classes and proper-
ties, and optionally defines some logical constraints
such as the class disjointness, the property domain
and range (Horrocks, 2008). Meanwhile, the KG
usually clarifies the membership relationship be-
tween entities and classes.

The entity mappings by the above methods that
do not exploit the ontologies may induce some
class conflicts. Considering the example in Fig. 1,
Victoria in KG1 is often incorrectly aligned to VIC-
TORIA in KG2 by many embedding-based meth-
ods, but they belong to two potentially disjointed
classes, namely Person and Organization. We
find such class conflicted mappings are quite com-
mon in the wrongly predicted mappings. Con-
sidering the EN-FR-15K-V1 benchmark by (Sun
et al., 2020b), 42.2% and 55.7% of the wrongly pre-
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dicted mappings are class conflicted when running
BootEA (Sun et al., 2018) and RSN4EA (Guo et al.,
2019), respectively. These false positive mappings
could be avoided if their ontologies are considered.

In this study, we propose an ontology-guided en-
tity alignment method named OntoEA, which en-
riches the embedded semantics and avoids wrong
mappings by exploring the class conflicts. On-
toEA can work well in two contexts: (i) one on-
tology is shared across the to-be-aligned KGs; (ii)
the ontologies of the to-be-aligned KGs are sepa-
rated. The first context seems to follow a strict
assumption but is actually quite common. For
example, DBpedia has multilingual KGs (or ver-
sions) that share the same ontology, and in indus-
trial scenarios, it is preferred to create a common
ontology and then construct different KGs from
different sources. The second context can be trans-
formed into the first context by pre-aligning the
ontologies, using existing ontology alignment sys-
tems such as PARIS (Suchanek et al., 2011) and
LogMap (Jiménez-Ruiz et al., 2012), and/or cost-
sensitive human intervention.

There are two challenges to utilize the ontology.
First, it is difficult to embed two KGs together with
the ontology, and as far as we know, there are cur-
rently no such solutions. Second, the class conflicts,
indicated by the class disjointness in the ontology,
are not all explicitly defined. Most of them should
be learned from the KGs and they actually vary
from KG to KG. For example, two classes Human
and Animal are often disjointed in artwork KGs,
but Human may belong to Animal in biological
KGs. To address these challenges, we develop a
joint embedding method that includes five modules
for embedding the KGs, the ontology, the class con-
flicts, the membership relationships, and the seed
mappings, respectively. Specifically, we develop a
class conflict matrix (CCM) to represent different
kinds of class conflicts, including those explicitly
defined as disjoint, those indicated by the class hi-
erarchy (e.g., sibling classes likely to be disjointed)
and those plausible deduced from the KGs.

To the best of our knowledge, OntoEA is the
first to utilize the ontology and the embedding for
KG alignment. Extensive experiments on seven
benchmarks have verified the effectiveness of the
ontology guidance with both one shared ontology
or two separated ontologies. OntoEA consistently
outperforms the state-of-the-art baselines on all the
benchmarks. For example, it on average achieves

over 35% higher Hits@1, Hits@5, and MRR than
the best baseline on MED-BBK-9K — a new and
challenging industrial benchmark. Last but not
least, we extend the current benchmarks with on-
tologies and membership relationships. The source
code and benchmarks are publicly accessible at
https://github.com/ZihengZZH/OntoEA.

2 Methodology

2.1 Problem Statement

A KG is denoted asG = (E,R, T ), whereE,R, T
are the sets of entities, relations and triples, re-
spectively. Each triple (h, r, t) ∈ T , includes a
head entity h ∈ E, a relation r ∈ R, and a tail
entity t ∈ E. Their embeddings are denoted as
h, r, t, respectively. For two to-be-aligned KGs
Gi = (Ei, Ri, Ti) and Gj = (Ej , Rj , Tj), an
entity mapping, denoted as m = (ei, ej) where
ei ∈ Ei, ej ∈ Ej , indicates that ei and ej refer to
the same real-world object. The entity alignment
(EA) task aims to find all the mappings M between
Ei and Ej , where we assume a small set of known
entity mappings (or seed mappings) Ms are given.

Each KG is assumed to be associated with an
ontology, which contains hierarchical classes and
optionally disjoint constraints between classes. For
simplicity, we consider the classes as entities in KG
and the subsumption relationships between classes,
often known as rdfs:subClassOf, as relations in
KG. The simplified ontology is therefore regarded
as a graph. For KGs Gi and Gj , their associated
ontologies are represented as Oi = (Ci, Hi) and
Oj = (Cj , Hj), respectively. We simply denote
both Oi and Oj as O = (C,H) if Gi and Gj share
one ontology (i.e., Oi ≡ Oj); otherwise we denote
the merged ontology after ontology alignment as
O = (C,H). Note Ci, Cj and C are the class sets,
while Hi, Hj and H are the triple sets with only
the subClassOf relation. Furthermore, the member-
ship relationships, which link the entities and the
corresponding classes, are denoted as Bi and Bj ,
and e.g., Bi links Gi and C via bi = (ei, c) where
ei ∈ Ei and c ∈ C. The class and membership
embeddings are denoted as c and b, respectively.

2.2 OntoEA Framework

As shown in Fig. 2, OntoEA includes five modules:
(i) entity embedding which embeds each KG into a
separate embedding space; (ii) ontology embedding
which embeds the class hierarchical structure with
a non-linear transformation; (iii) confliction loss
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Figure 2: The framework of OntoEA.

which incorporates all potential class conflicts in
the embeddings with the CCM; (iv) membership
loss which incorporates the membership relation-
ships and enables the joint learning of the entity
embedding and the ontology embedding; (v) align-
ment loss which bridges the embedding spaces of
the to-be-aligned KGs via seed mappings. An it-
erative co-training strategy is proposed to incorpo-
rate these five modules and the entity mappings
are predicted with a pre-defined similarity measure
between the joint embeddings.

2.3 Entity Embedding
To embed the KGs Gi and Gj , we adopt the
translation-based method TransE (Bordes et al.,
2013) which interprets a triple (h, r, t) as a transla-
tion by the relation r from h to t. The margin-
based loss of (h, r, t) is defined as fe(h, t) =
||h+r−t||2, where ||·||2 denotes the L2 norm. Be-
sides, we extend the loss with a limit-based scoring
loss (Zhou et al., 2017) to ensure the discrimination
between the positive and negative triples and also
lower scores for positive triples:

LE =
∑

(h,t)∈T

∑

(h′,t′)∈T ′
{[γ1

e + fe(h, t)− fe(h′, t′)]+

+ αe[fe(h, t)− γ2
e ]+},

(1)

where [·]+ denotes the function f(x) = max(0, x),
hyperparameters γ1e and γ2e control the margins, αe
balances the margin-based loss and the limit-based
loss, and T ′ is the set of the negative triples with
each triple sampled using the ε-truncated uniform
negative sampling strategy (Sun et al., 2018) to
distinguish two similar triples.

It is worth noting that this study focuses on the
EA task and the joint embedding challenge, and
TransE is chosen due to its simplicity and efficiency.
Our OntoEA framework is open to other advanced
KG embedding methods, such as GCN (Wang et al.,
2018) and RSN (Guo et al., 2019).

2.4 Ontology Embedding

The shared or merged ontology O = (C,H) is
composed of triples with the subClassOf relation.
For simplicity, a triple (ch, r, ct) is written as a
class pair (ch, ct) in H where r := subClassOf .
Inspired by Hao et al. (2019) on embedding the hi-
erarchical graph structure, we calculate the scoring
loss of (ch, ct) with a non-linear transformation,
fo(ch, ct) = || tanh(Woch + bo) − ct||2, where
Wo ∈ Rdo×do and bo ∈ Rdo are the learnable pa-
rameters, and do denotes the ontology embedding
dimension. This tends to encode each class as a
sphere and each subclass as a vector in the same
semantic space after the non-linear transformation,
and the relative positions are employed to model
the relations between class and its subclass.

Similarly, we adopt the margin-based and limit-
based loss for training:

LO =
∑

(ch,ct)∈H

∑

(c′
h
,c′t)∈H′

{[γ1
o + fo(ch, ct)− fo(c′h, c′t)]+

+ αo[fo(ch, ct)− γ2
o ]+},

(2)

where H ′ denotes the set of negative class pairs
with each pair sampled by replacing ch or ct follow-
ing the uniform negative sampling strategy (Bordes
et al., 2013), while γ1o , γ2o and αo are hyperparame-
ters similar to γ1e , γ2e and αe in Eq. 1.

Note that we do not directly utilize TransE in
the ontology embedding, because the subClassOf
relation is transitive (e.g., we can infer (Royalty,
subClassOf, Agent) via (Royalty, subClassOf, Per-
son) and (Person, subClassOf, Agent) as shown in
Fig. 1), which can lead to one-to-many and many-
to-one mappings (or triples) in the ontology, and
TransE cannot well address the relation with such
transitive property (Lv et al., 2018).

2.5 Confliction Loss

We use a class conflict matrix (CCM) to represent
the inter-class conflicts that are either explicitly de-
fined by class disjointness or implicitly discovered
from the entities. Within the CCM, the entry on the
ith row and jth column, denoted as mi,j , represents
the conflict degree between class ci and class cj .
For one ontology, the CCM is a squared and sym-
metric matrix, and we only maintain the upper tri-
angular for higher efficiency. Given two classes ci
and cj , mi,j ∈ [0, 1] is calculated as follows. First,
we set mi,j = 0 if ci ≡ cj , which ensures each
class does not conflict with itself. Second, ci and
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cj are regarded as fully conflicted, i.e., mi,j = 1,
if they are declared as disjointed by the ontology.1

Third, ci and cj are regarded as not conflicted, i.e.,
mi,j = 0, if they have at least one common mem-
ber (entity) or some of their members are given as
seed mapping (i.e., there exists (ei, ej) in Ms such
that ei belongs to ci and ej belongs to cj). Note the
above three conditions are matched sequentially,
and the computation ofmi,j is finished if any condi-
tion is met. Finally, if none of the three conditions
is met, we follow the principle that the farther two
classes are separated in the tree-like class hierarchy
structure, the lower semantic similarity and higher
conflict degree the two classes have (Mumtaz and
Giese, 2020). To calculate the distance between ci
and cj , we use the set of classes passed by routing
from ci and cj to the root class, denoted as S(ci)
and S(cj), respectively, and then adopt the ratio of
the intersection of S(ci) and S(cj). Accordingly,
we have mi,j = 1− |S(ci)∩S(cj)||S(ci)∪S(cj)| where | · | denotes
the set cardinality.

For the implicitly discovered conflicts, we
assume the small conflict degree between two
classes if their embeddings are similar (i.e.,
high cosine similarity). Thus we calculate an-
other cosine similarity-based class conflict degree:
dcos(ci, cj) = 1− cos(ci, cj), where ci and cj rep-
resent the embeddings of ci and cj . We propose
to minimize the following negative log-likelihood
loss to incorporate the class conflicts represented
by CCM into the class embeddings,

LC = −
∑

ci∈C

∑

cj∈C
mi,j log dcos(ci, cj). (3)

2.6 Membership Loss

We develop the membership embedding module
to utilize the membership relationships, Bi and
Bj , to associate the KG embedding spaces with
the ontology embedding space, which is regarded
as enhancing the KG embeddings with the ontol-
ogy semantics. Given one membership relationship
b = (e, c), we utilize a non-linear transformation
to map the entity embeddings to the ontology em-
bedding space, and we calculate the scoring loss
as fm(e, c) = || tanh(Wme + bm) − c||2 where
Wm ∈ Rde×do and bm ∈ Rdo are learnable pa-
rameters, de and do denote the dimension of KG
embedding and ontology embedding, respectively.

1For ontologies by Web Ontology Language (OWL), the
class disjointness is common and is usually defined as a con-
straint by the built-in relation owl:disjointWith.

Similarly, we minimize the following margin-based
and limit-based loss to model all the membership
relationships:

LM =
∑

(e,c)∈B

∑

(e′,c′)∈B′
{[γ1

m + fm(e, c)− fm(e′, c′)]+

+ αm[fm(e, c)− γ2
m]+},

(4)

where B′ denotes the set of negative membership
relationships with each relationship created by re-
placing the class c following the uniform negative
sampling strategy (Bordes et al., 2013), and γ1m,
γ2m and αm are hyperparameters similar to γ1e , γ2e
and αe in Eq. 1.

2.7 Alignment Loss

For the alignment embedding module, OntoEA
utilizes the seed mappings Ms to bridge the embed-
ding spaces of Gi and Gj such that the equivalent
mappings between two cross-KG entities can be
calculated via some distance metrics, such as co-
sine similarity. Given a seed mappingm = (ei, ej),
its score is calculated as fa(ei, ej) = ||Waei −
ej ||2 where Wa ∈ Rde×de is a learnable transla-
tion matrix, and the training loss is defined as,

LA =
∑

(ei,ej)∈Ms

fa(ei, ej). (5)

2.8 Iterative Co-Training and Prediction

To incorporate the aforementioned modules and
obtain the embeddings of Gi, Gj and O, we can
directly minimize the following loss:

L = LE + LO + λ1LC + λ2LM + λ3LA, (6)

where λ1, λ2, and λ3 are hyperparameters that bal-
ance the losses of confliction embedding, member-
ship embedding and alignment embedding, respec-
tively. Instead of directly optimizing L, we use an
iterative co-training strategy in OntoEA to reduce
model complexity and accelerate model conver-
gence. At each iteration, OntoEA first optimizes
LE and LO independently, then sequentially opti-
mizes LC and LM , and finally optimizes LA. The
iteration stops until some stopping criterion on the
validation set is met.

With the embeddings of Gi, Gj and O, we cal-
culate the entity mappings with the cosine similar-
ity. Given two entities ei ∈ Gi and ej ∈ Gj , the
weighted similarity score is calculated as:

sim(ei, ej) = β cos(ei, ej) + (1− β) cos(ci, cj), (7)
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where hyperparameter β ∈ [0, 1] balances the simi-
larities of entity embeddings and class embeddings.
It is possible that one entity has multiple classes
declared; for example, Victoria in Fig. 1 can be
an entity of Royalty and another class like Female
Leader. In this case we calculate the average of the
embeddings of all the declared classes as the class
embedding (ci or cj).2 In the prediction, for each
entity in Gi to be aligned, we rank all candidate
entities in Gj by their weighted similarity scores.

3 Benchmarks

3.1 Benchmark Details

For comprehensive evaluation, we adopt six popu-
lar EA benchmarks including EN-FR-15K-V1/V2,
EN-DE-15K-V1/V2 and D-W-15K-V1/V2 from
Sun et al. (2020b), and an industrial benchmark
MED-BBK-9K from Zhang et al. (2020). Note that
for the cross-lingual benchmarks within DBpedia
(i.e., EN-FR and EN-DE), the to-be-aligned KGs
share one ontology, while for the other benchmarks,
the to-be-aligned KGs have different ontologies
that need to be aligned beforehand.

The benchmarks themselves do not include on-
tologies, and we thus extract and append an ontol-
ogy for each KG, which includes the class struc-
ture (i.e., rdfs:subClassOf relationships) and mem-
bership relationships. Each benchmark therefore
contains two KGs, their ontologies, and associ-
ated membership relationships. The benchmark
statistics are shown in Table 1 where “-15K” and
“9K” in the benchmark names are omitted. For the
KGs of DBpedia, we use the DBpedia ontology
and the membership relationships from the DB-
pedia SPARQL endpoint3 by querying the classes
of each entity with rdfs:type. Note we also uti-
lize the defined class disjointness constraints by
owl:disjointWith for initializing CCM. For the two
Wikidata KGs in D-W-V1/V2, we extract their on-
tologies and membership relationships from the
Wikidata SPARQL endpoint4 using queries with
rdfs:subClassOf and rdfs:type. For the KGs of the
industrial benchmark, we use domain knowledge
(with the assistance of medical experts) to construct
a shared, small-scale, but high-quality ontology,
and the corresponding membership relationships.

2Note that we do not consider the inferred classes, such
as Person for Victoria in Fig. 1.

3http://dbpedia.org/sparql
4https://query.wikidata.org/sparql

Table 1: Statistics of the benchmarks.

Dataset KG
Ontologyb Membershipc

#Cls. #Trs. #Links #Roots

sh
ar

e-
O

a

EN-FR-V1 EN/FR 189 755 15,000 639
EN-FR-V2 EN/FR 104 755 15,000 533
EN-DE-V1 EN/DE 175 755 15,000 155
EN-DE-V2 EN/DE 86 755 15,000 165

MED-BBK
MED 11 10 9,162 86
BBK 11 10 9,162 3,362

no
t-

sh
ar

e-
O

D-W-V1
DB 172 755 15,000 306
WK 140 695 15,000 342

D-W-V2
DB 71 755 15,000 463
WK 68 695 15,000 418

a “share-O” means the to-be-aligned KGs share one ontology while
“not-share-O” means the to-be-aligned KGs have different ontolo-
gies.

b “#Cls.” denotes the number of classes and “#Trs.” denotes the
number of rdfs:subClassOf relation triples.

c “#Roots” denotes the number of entities that have no rdf:type
property and are linked to the root class.

d See Table 6 in the Appendix for more benchmark statistics.

3.2 Ontology Alignment

For the benchmarks whose KGs do not share one
ontology, we first align the ontologies. We adopt
two ontology alignment methods: manual annota-
tion and alignment system. In the first method, we
employ five annotators to annotate class mappings
for each ontology pair and the classes annotated
by more than three annotators are adopted. It is
worth noting that the manual annotation of class
mappings is worthwhile and often adopted in KG
construction and curation because of the high qual-
ity and relatively small scale in comparison with
the entity mappings. In the second method, we
apply a state-of-the-art ontology alignment system
named PARIS5 and some ad-hoc pre-processing
and post-processing for automatic class mapping
computation. Please see Appendix C for more de-
tails on ontology alignment and merging. For the
D-W benchmarks, we considered both methods
and compared their performance (see Table 4).

4 Experiments

4.1 Experimental Setup

We compare OntoEA against state-of-the-art EA
models including four translation-based models,
MTransE (Chen et al., 2017); JAPE (Sun et al.,
2017); SEA (Pei et al., 2019); BootEA (Sun et al.,
2018), two graph neural network based models,
GCNAlign (Wang et al., 2018); AliNet (Sun et al.,
2020a), and one recurrent neural network based
model, RSN4EA (Guo et al., 2018). We also com-
pare OntoEA against some state-of-the-art models
that additionally utilize entity surface information

5http://webdam.inria.fr/paris/
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Table 2: Overall results of OntoEA and the baselines.

Models
EN-FR-15K-V1 EN-FR-15K-V2 D-W-15K-V1 D-W-15K-V2 MED-BBK-9K

H@1 H@5 MRR H@1 H@5 MRR H@1 H@5 MRR H@1 H@5 MRR H@1 H@5 MRR

w
/o

SI

MTransE .247 .467 .351 .240 .436 .336 .259 .461 .354 .271 .490 .376 .004 .014 .012
JAPE .262 .497 .372 .292 .524 .402 .250 .457 .348 .262 .484 .368 .003 .009 .009
SEA .280 .530 .397 .360 .651 .494 .360 .572 .458 .567 .770 .660 .199 .375 .287
GCNAlign .338 .589 .451 .414 .698 .542 .364 .580 .461 .506 .743 .612 .065 .153 .117
BootEA .507 .718 .603 .660 .850 .745 .572 .744 .649 .821 .926 .867 .307 .495 .399
RSN4EA .393 .595 .487 .579 .759 .662 .441 .615 .521 .723 .854 .782 .195 .311 .253
AliNet .258 .437 .339 .359 .569 .453 .270 .403 .331 .522 .698 .601 .017 .042 .033
OntoEA .566 .818 .678 .654 .891 .757 .591 .808 .688 .814 .950 .873 .343 .546 .440

Improv. best % 11.6 13.9 12.4 -0.9 4.8 1.6 3.3 8.6 6.0 -0.9 2.6 0.7 11.7 10.3 10.3

w
/S

I

AttrE .481 .671 .569 .535 .746 .631 .299 .467 .381 .489 .695 .585 .194 .363 .279
MultiKE .749 .819 .782 .864 .909 .885 .411 .521 .468 .495 .646 .569 .213 .367 .289
RDGCN .755 .854 .800 .847 .919 .880 .515 .669 .584 .623 .757 .684 .306 .425 .365
OntoEA .797 .871 .832 .901 .981 .931 .553 .787 .656 .795 .943 .860 .517 .703 .604

Improv. best % 5.6 2.0 4.0 4.3 6.7 5.2 7.4 17.6 12.3 27.6 24.6 25.7 68.9 65.4 65.5

(SI) (i.e., entity names) including AttrE (Trisedya
et al., 2019), MultiKE (Zhang et al., 2019) and
RDGCN (Wu et al., 2019). Since using and not
using SI are usually regarded as two different eval-
uation contexts (Guo et al., 2019), we separately
evaluate OntoEA without (w/o) and with (w/) SI.
Note that OntoEA with SI is implemented by a
simple but effective strategy which initializes the
embeddings of the translation-based models in Sec-
tion 2.3 and Section 2.4 (i.e., h, r, t and c) with the
pre-trained word embeddings of their names. As
in Sun et al. (2020b), we use the unified multi-
lingual word embeddings fastText (Bojanowski
et al., 2017) for the cross-lingual benchmarks.6 All
the results of AliNet, and the results of MTransE,
JAEP, SEA and GCNAlign on MED-BBK-9K are
reproduced locally; while the other baseline results
are taken from Sun et al. (2020b) and Zhang et al.
(2020). We follow the same train (20%), validation
(10%) and test (70%) splits as Sun et al. (2020b)
and Zhang et al. (2020).

We implement OntoEA upon the open source
library OpenEA7. We use the AdaGrad optimizer
with a learning rate of 0.01. The batch sizes for
entity embedding and ontology embedding are set
to 4500 and 64, respectively, and their dimensions
are both set to 300. The weight hyperparameters
are set as λ1 = 1, λ2 = 1, λ3 = 5 and β = 0.5,
and other hyperparameters are set as γ1x = 0.01,
γ2x = 2.0 and αx = 0.2 for all the losses where
x ∈ {e, o,m}. These hyperparamters are tuned
w.r.t. the MRR on the validation set. Please see
Appendix B for more implementation details.

6The word embeddings are publicly available at
https://fasttext.cc/docs/en/crawl-vectors.html.

7https://github.com/nju-websoft/OpenEA

With the embeddings we use the nearest neigh-
bor search with cross-domain similarity local scal-
ing (Lample et al., 2018) to calculate the entity
matching of each to-be-aligned entity. In the evalu-
ation, we rank matching candidates of each to-be-
aligned entity and calculate the metrics of Hits@1
(H@1), Hits@5 (H@5) and mean reciprocal rank
(MRR). In the following tables, the best (second
best resp.) result is bolded (underlined resp.).

4.2 Overall Results
Table 2 reports the overall results of OntoEA and
the baselines.8 Overall, in both contexts of using
and not using SI, OntoEA performs the best across
all the benchmarks on all the metrics, except for
H@1 on EN-DE-15K-V2 and D-W-15K-V2.
Without SI. Regarding the benchmarks that share
one ontology, OntoEA achieves at least 10%
higher performance in all the metrics over the best
baseline BootEA on EN-FR-15K-V1 which has
sparse KG structures. On EN-FR-15K-V2 with
dense KG structures, OntoEA achieves higher
H@5 and MRR but competitive H@1 in compar-
ison with the best baseline. For the D-W bench-
marks whose KGs have different ontologies, we
have a similar finding: the outperformance of On-
toEA is more significant on the benchmark with
sparse KG structures (i.e., D-W-15K-V1) than on
the benchmark with dense KG structures (i.e., D-
W-15K-V2). On the one hand, dense KG structures
indicate that more information can be utilized with
better performance, and relatively the additional
positive impact by the ontology becomes more lim-
ited. On the other hand, the ontologies of both

8Results on the two EN-DE benchmarks, which lead to
similar findings as the EN-FR benchmarks, are shown in Ta-
ble 7 in the Appendix.
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Figure 3: Results of OntoEA and some baselines on test entity mappings with different summed degrees.

EN-FR-15K-V2 and D-W-15K-V2 coincidentally
have fewer classes (see Table 1), which would also
lead to a lower impact of the ontology guidance.
Regarding the industrial MED-BBK-9K, which is
quite new and has shown more challenging w.r.t.
these baselines (Zhang et al., 2020), OntoEA out-
performs the best baseline by more than 10% in
all the metrics. Although its ontology has a lim-
ited scale, the ontology is of high quality as it is
specifically created with the domain knowledge.
With SI. OntoEA shows very promising overall
results as OntoEA without SI. It outperforms all
the baselines on all the benchmarks, with the im-
provements over the best baseline ranging from
2% to 68.9%. Regarding the industrial MED-BBK-
9K, the performance improvement of OntoEA is
especially significant with more than 60% in all
the metrics. As aforementioned, this benchmark
is challenging to these baselines and it has high-
quality ontologies. It is worth mentioning that on
the D-W benchmarks, the involvement of SI dete-
riorates the performance of OntoEA and the best
baseline, while the positive impact of the ontolo-
gies (i.e., the performance gain of OntoEA over
the best baseline) becomes more significant.

4.3 Ablation Studies

Model Component Analysis. To investigate dif-
ferent components in OntoEA, we compare On-
toEA variants without the CCM loss (w/o LC),
without the membership relationship loss (w/o
LM ), and without the ontology (w/o Onto.). The
experimental results of OntoEA w/o SI on EN-FR-
15K-V1/V2 are reported in Table 3, which shows
that LM contributes more to OntoEA than LC as
removing it leads to a larger performance drop.
The results OntoEA w/ SI show similar findings
and are thus omitted. As expected, the removal
of the ontology deteriorates performance the most.

All these results verify the significant role of the
ontologies and their associated class conflicts and
membership relationships.

Table 3: Results of OntoEA w/o SI and its variants
with the removal of different components.

Models
EN-FR-15K-V1 EN-FR-15K-V2

H@1 H@5 MRR H@1 H@5 MRR

OntoEA .566 .818 .678 .654 .891 .757
w/o LC .520 .781 .636 .589 .845 .701
w/o LM .481 .750 .601 .549 .810 .665
w/o Onto. .430 .698 .551 .545 .814 .664

Results on Different Test Entity Mappings. We
split the test mappings according to the summed de-
gree, i.e., deg(ei, ej) := deg(ei) + deg(ej) where
(ei, ej) are the entity mappings. We select three
different experimental settings (benchmarks and us-
age of SI) and Fig. 3 shows the results of OntoEA
and some competitive baselines on different degree
intervals. On EN-FR-15K-V1, OntoEA outper-
forms the baselines on all the intervals and the per-
formance gap reaches the highest on [0,10). On EN-
FR-15K-V2 with dense KG structures, OntoEA
performs close to or slightly worse than BootEA
on intervals [10,20) and [20,30) but outperforms
all the baselines on the other intervals. On MED-
BBK-9K, OntoEA performs much better than the
baselines on all the intervals. All these observations
are consistent with our findings from the overall
results in Table 2 and also verify the effectiveness
of OntoEA on different test entity mappings.
Analysis of Class Conflicts. This part analyses
the predicted mappings that have class conflicts,
with the results shown in Fig. 4. Note that the class
conflict ratio of a method is the rate of its false
positive mappings with class conflicts among all its
false positive mappings. On EN-FR-15K-V1 and
EN-FR-15K-V2, OntoEA significantly decreases
the class conflict ratio to 3% and 0.3%, respectively,
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Figure 4: The class conflict ratios.

much lower than those of the baselines. On MED-
BBK-9K, OntoEA reduces the class conflict ratio
to 34.0% while MultiKE and RDGCN have 51.5%
and 60.1%, respectively. The above observations
illustrate that OntoEA has effectively implemented
our motivation of using the ontologies and class
conflicts to avoid false positive mappings.
Analysis of Ontology Alignment Methods. As
the case that the to-be-aligned KGs have different
ontologies is common, we analyse the impact of
different ontology alignment methods proposed in
Sec. 3.2, with the results in Table 4. We find that
OntoEA with manual annotation achieves better
results than OntoEA using the PARIS based align-
ment system method; the latter, however, still has
competitive or better results in comparison with the
best baseline (i.e., BootEA or RDGCN). This also
provides motivations for the future research and
industrial deployment work on iterative ontology
alignment to keep a balance between the annotation
cost and the alignment quality.

Table 4: Results of OntoEA using different ontology
alignment methods where “-M” denotes the manual an-
notation while “-A” denotes the alignment system.

Models
D-W-15K-V1 D-W-15K-V2

H@1 H@5 MRR H@1 H@5 MRR

w
/o

SI OntoEA-M .591 .808 .688 .814 .950 .873
OntoEA-A .572 .795 .673 .762 .907 .827
BootEA .572 .744 .649 .821 .926 .867

w
/S

I OntoEA-M .553 .787 .656 .795 .943 .860
OntoEA-A .510 .758 .621 .737 .893 .808
RDGCN .515 .669 .584 .623 .757 .684

5 Related Work

Embedding-based KG Alignment. These meth-
ods can be categorised into translation-based, GNN-
based and RNN-based. The translation-based meth-
ods mainly rely upon some translation-based KG
embedding models; for example, MTransE adopts
TransE and various mapping losses to align cross-
lingual KGs (Chen et al., 2017). To utilize more
useful information in the KG, JAPE embeds the to-

be-aligned KGs into one unified vector space via
leveraging attribute correlations (Sun et al., 2017);
AttrE exploits attributes by generating attribute
character embeddings (Trisedya et al., 2019); and
MultiKE makes full use of entity names, entity
attributes and graph structures via multi-view learn-
ing (Zhang et al., 2019). The GNN-based methods
are typically based on GNN variants for KG em-
bedding, such as Graph Convolutional Networks
(GCNs) Wang et al. (2018), dual-primal GCNs Sun
et al. (2020a), and GCNs with attentive aggrega-
tion Sun et al. (2020a). As an RNN-based method,
RSN4EA generates biased random walks on KGs
and learns the embeddings by a recurrent skipping
network (Guo et al., 2019). Some work has ex-
plored a semi-supervised learning setting, and for
instance, BootEA (Sun et al., 2018) adopts the boot-
strapping strategy to iteratively append new likely
mappings during the learning process.
KG Embedding with Ontology. Only a few at-
tempts have been made towards the KG embedding
with ontology. The most relevant work is JOIE
(Hao et al., 2019) which embeds the KG and the
ontology in two embedding spaces and enables
them to enhance each other by the cross-view links
i.e., membership relationships. Some ontology em-
bedding methods such as OWL2Vec* (Chen et al.,
2021a) can be extended to jointly embed KG plus
ontology since the KG can be regarded as an as-
sertion part (ABox) of the ontology. However, as
far as we know, there are currently no embedding
methods that support two KGs along with their on-
tologies, let alone utilize the ontologies to augment
embedding-based KG alignment.

6 Conclusions

This paper presented a novel method OntoEA to
augment embedding-based entity alignment with
the ontology. OntoEA enriches the semantics of
KG embeddings by jointly learning the KGs, the
ontology, the membership relationships and the
seed mappings, and utilizes the potential class con-
flicts to avoid false mappings. The evaluation on
multiple benchmarks has showed that OntoEA
could achieve state-of-the-art performance and re-
duce the false positive mappings with class con-
flicts. For future work, we plan to utilize other
ontology semantics besides the class hierarchy and
class disjointness constraints (Chen et al., 2021b).
We also plan to extend the entity embedding mod-
ule with other advanced KG embedding methods.
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Appendix

A More Benchmark Details

Table 6 shows the full statistics of all the bench-
marks used in the experiments, including four
cross-lingual benchmarks and two cross-KG bench-
marks from OpenEA (Sun et al., 2020b), and one
recent industrial cross-KG benchmark from Zhang
et al. (2020). We report the benchmark statis-
tics from three perspectives: the ontologies, the
KGs and the membership relationships. The bench-
marks are divided as previous work that 20%, 10%
and 70% of all the entity mappings are used as
training, validation and test sets, respectively (Sun
et al., 2020b; Zhang et al., 2020).

B More Implementation Details

Our experiments are conducted on a workstation
with an Intel Xeon E5 2.40 GHz CPU, 128 GB
memory, an NVIDIA Tesla M40 GPU, and Cen-
tOS 7.2. Search spaces of the hyperparameters
used in OntoEA are listed in Table 5. We apply a
grid search strategy for the hyperparameter config-
uration that performs the best on the validation set
with respect to mean reciprocal rank (MRR).

Table 5: Search spaces of the hyperparameters.

Hyperparameters Search spaces
learning rate {1e-3, 5e-3, 1e-2, 5e-2}
batch size (entity) {4000, 4500, 5000}
batch size (ontology) {32, 64, 128}
γ1
x in Eqs. (1) (2) (4) * {0.01, 0.02, 0.03}
γ2
x in Eqs. (1) (2) (4) * {1.0, 2.0, 3.0}
αx in Eqs. (1) (2) (4) * {0.1, 0.2, 0.3}
λ1 in Eq. (6) {0, 1, 2, 3, 4, 5}
λ2 in Eq. (6) {0, 1, 2, 3, 4, 5}
λ3 in Eq. (6) {0, 1, 2, 3, 4, 5}
β in Eq. (7) {0.3, 0.4, 0.5, 0.6, 0.7}
* where x ∈ {e, o,m}.

C Ontology Alignment Methods

In this section, we present the details of the two
ontology alignment methods: manual annotation
and alignment system.

C.1 Manual Annotation
We refer to crowdsourcing for manual annotation
of the class mappings by the following steps which
are presented with the example of the DBpedia
ontology and the Wikidata ontology in the D-W
benchmarks. First, we recruit five volunteers with
at least undergraduate education as the annotators

and provide them the two to-be-aligned ontologies.
The DBpedia ontology (OD) contains a total of 755
classes while the Wikidata ontology (OW ) contains
695 classes. Second, for each class in OD, denoted
as cD, each annotator is required to consider as
more classes in OW as possible and find the equiv-
alent class mapping (cD, cW ), where cW denotes a
class in OW . Note that the annotators are allowed
to utilize her/his knowledge and accelerate the an-
notation by searching for class cW ∈ OW , using
some friendly ontology management and accessing
software such as Protégé. After all five annotators
finish the work, only the class mappings that are
labelled by more than three annotators are accepted
as the final class mappings, denoted as MC .

With the class mappings, we need to further
merge the two ontologies as one shared ontology
which can then be processed by OntoEA. To this
end, our solution is to build new membership re-
lationships between the entities of the Wikidata
KG and the classes of the DBpedia ontology. For
each original membership relationship within the
Wikidata KG and ontology, we replace its class cW
with cD if (cD, cW ) ∈ MC , or with the root class
owl:Thing otherwise.

C.2 Alignment System

Algorithm 1 Alignment System Method
Require: Ontologies OD and OW , threshold λ

1: Build directed graphs DD and DW from OD and OW ,
respectively, with the relation of rdfs:subClassOf

2: Obtain equivalent class pairs PC from pre-defined
owl:equivalentClass in OD and OW

3: Generate D′ via connecting DD and DW with PC
4: Define φ(c1, c2) as the length of directed walk from c1

to c2 where c1, c2 ∈ D′
5: Initialize empty mapping sets MC and M ′C
6: for each class cW in OW do
7: Route D′ starting from cW and output routed class

set S = {c} where c ∈ D′
8: if S = ∅ then
9: Append (cW ,owl:Thing) to MC

10: else
11: Find a class c in S such that for any c′ in S

φ(c,owl:Thing) ≥ φ(c′,owl:Thing)
12: Append (cW , c) to MC

13: end if
14: end for
15: Perform PARIS on OD and OW
16: Append M ′C from PARIS with threshold λ
17: for each class mapping (cw, cd) in MC do
18: if (cw, c′d) ∈M ′C and c′d 6= cd then
19: Remove (cw, cd) from MC

20: Append (cw, c
′
d) to MC

21: end if
22: end for
23: return MC
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Table 6: Full statistics of all the benchmarks.

Dataset KG
Ontology b Knowledge Graph Membership c

#Cls. #Sub tr. #Rel. #Attr. #Rel tr. #Attr tr. #Links #Roots
sh

ar
e-

O
a

EN-FR-15K-V1
EN

189 755
267 308 47,334 73,121

15,000 639
FR 210 404 40,864 67,167

EN-FR-15K-V2
EN

104 755
193 189 96,318 66,899

15,000 533
FR 166 221 80,112 68,779

EN-DE-15K-V1
EN

175 755
215 286 47,676 83,775

15,000 155
DE 131 194 50,419 156,150

EN-DE-15K-V2
EN

86 755
169 171 84,867 81,998

15,000 165
DE 96 116 92,632 186,335

MED-BBK-9K
MED 11 10 32 19 158,357 11,467 9,162 86
BBK 11 10 20 21 50,307 44,987 9,162 3,362

no
t-

sh
ar

e-
O

D-W-15K-V1
DB 172 755 248 342 38,265 68,258 15,000 306
WK 140 695 269 649 42,746 138,246 15,000 342

D-W-15K-V2
DB 71 755 167 175 73,983 66,813 15,000 463
WK 68 695 121 457 83,365 175,686 15,000 418

a “share-O” means the to-be-aligned KGs share one ontology while “not-share-O” means the to-be-aligned KGs
have different ontologies.

b “#Cls.” denotes the number of classes and “#Trs.” denotes the number of rdfs:subClassOf relation triples.
c “#Roots” denotes the number of entities that have no rdf:type property and are linked to the root class.

Table 7: Overall results of OntoEA and the baselines
on the EN-DE benchmarks.

Models
EN-DE-15K-V1 EN-DE-15K-V2

H@1 H@5 MRR H@1 H@5 MRR

w
/o

SI

MTransE .307 .518 .407 .193 .352 .274
JAPE .288 .512 .394 .167 .329 .250
SEA .530 .718 .617 .606 .779 .687
GCNAlign .481 .679 .571 .534 .717 .618
BootEA .675 .820 .740 .833 .912 .869
RSN4EA .587 .752 .662 .791 .890 .837
AliNet .243 .353 .295 .169 .247 .277
OntoEA .742 .897 .812 .864 .955 .905

Improv. best % 9.9 9.4 9.7 3.7 4.7 4.1

w
/S

I

AttrE .517 .687 .597 .650 .816 .726
MultiKE .756 .809 .782 .755 .813 .784
RDGCN .830 .895 .859 .833 .891 .860
OntoEA .850 .906 .877 .914 .977 .942

Improv. best % 2.4 1.2 2.1 9.7 9.7 9.5

The automatic method based on the ontology
alignment system PARIS and some ad-hoc pre-
processing and post-processing is shown in Algo-
rithm 1. The pre-processing from Line 1 to Line
13 obtains class mappings via finding the most fine-
grained mappings (i.e., the farthest class node in
the directed graph). Since PARIS generally outputs
reliable class mappings, the post-processing from

Line 16 to Line 21 updates class mappings with
those output from PARIS.

In the implementation we set PARIS hyperpa-
rameter λ to 0.4. The owl:equivalentClass relation-
ship across the DBpedia ontology and the Wikidata
ontology is acquired via DBpedia and Wikidata
SPARQL endpoints. After getting MC , we merge
the two ontologies as introduced in the method of
manual annotation.

D More Experimental Results

Table 7 reports the overall results on the cross-
lingual benchmarks EN-DE-15K-V1 and EN-DE-
15K-V2. We have similar findings in these two
EN-DE benchmarks as in the EN-FR benchmarks
that OntoEA consistently outperform baselines,
w/o SI and w/ SI. On EN-DE-15K-V1, OntoEA
generally outperforms competitive models by up
to 9.9% in H@1 and the performance gap is larger
in the models w/o SI than in the models w/ SI. On
the dense benchmark (V2), OntoEA shows limited
performance gain (about 4%) compared with the
models w/o SI but much larger performance gain
(more than 9%) compared with the models w/ SI.
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Abstract

Neural sequence models exhibit limited com-
positional generalization ability in semantic
parsing tasks. Compositional generalization
requires algebraic recombination, i.e., dynam-
ically recombining structured expressions in
a recursive manner. However, most previ-
ous studies mainly concentrate on recombin-
ing lexical units, which is an important but
not sufficient part of algebraic recombination.
In this paper, we propose LEAR, an end-to-
end neural model to learn algebraic recombi-
nation for compositional generalization. The
key insight is to model the semantic pars-
ing task as a homomorphism between a la-
tent syntactic algebra and a semantic alge-
bra, thus encouraging algebraic recombination.
Specifically, we learn two modules jointly: a
Composer for producing latent syntax, and an
Interpreter for assigning semantic operations.
Experiments on two realistic and compre-
hensive compositional generalization bench-
marks demonstrate the effectiveness of our
model. The source code is publicly available
at https://github.com/microsoft/ContextualSP.

1 Introduction

The principle of compositionality is an essential
property of language: the meaning of a complex
expression is fully determined by its structure and
the meanings of its constituents (Pelletier, 2003;
Szabó, 2004). Based on this principle, human in-
telligence exhibits compositional generalization
— the algebraic capability to understand and pro-
duce a potentially infinite number of novel expres-
sions by dynamically recombining known compo-
nents (Chomsky, 1957; Fodor and Pylyshyn, 1988;
Fodor and Lepore, 2002). For example, people who
know the meaning of “John teaches the girl” and

∗ Work done during an internship at Microsoft Research.
The first two authors contributed equally to this paper.

† Corresponding author.

Tom teaches John’s daughter’s daughter.

John teaches the girl.

Tom’s daughter.

(a) Compositional generalization requires al-
gebraic recombination, i.e., dynamically re-
combining structured expressions in a recursive
manner.

John teaches the girl. The girl teaches John.

(b) Most previous studies mainly concentrate on recombin-
ing lexical units, which is an important but not sufficient
part of algebraic recombination.

Figure 1: Compositional generalization.

“Tom’s daughter” must know the meaning of “Tom
teaches John’s daughter’s daughter” (Figure 1a),
even though they have never seen such complex
sentences before.

In recent years, there has been accumulating
evidence that end-to-end deep learning models
lack such ability in semantic parsing (i.e., trans-
lating natural language expressions to machine in-
terpretable semantic meanings) tasks (Lake and Ba-
roni, 2018; Keysers et al., 2019; Kim and Linzen,
2020; Tsarkov et al., 2020).

Compositional generalization requires algebraic
recombination, i.e., dynamically recombining
structured expressions in a recursive manner. In
the example in Figure 1a, understanding “John’s
daughter’s daughter” is a prerequisite for under-
standing “Tom teaches John’s daughter’s daugh-
ter”, while “John’s daughter’s daughter” is also a
novel compound expression, which requires recom-
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bining “John” and “Tom’s daughter” recursively.
Most previous studies on compositional general-

ization mainly concentrate on recombining lexical
units (e.g., words and phrases) (Lake, 2019; Li
et al., 2019; Andreas, 2019; Gordon et al., 2020;
Akyürek et al., 2020; Guo et al., 2020a; Russin
et al., 2019), of which an example is shown in Fig-
ure 1b. This is a necessary part of algebraic recom-
bination, but it is not sufficient for compositional
generalization. There have been some studies on
algebraic recombination (Liu et al., 2020; Chen
et al., 2020). However, they are highly specific to
a relative simple domain SCAN (Lake and Baroni,
2018) and can hardly generalize to more complex
domains.

In this paper, our main point to achieve algebraic
recombination is to model semantic parsing as
a homomorphism between a latent syntactic al-
gebra and a semantic algebra (Montague, 1970;
Marcus, 2019). Based on this formalism, we fo-
cus on learning the high-level mapping between
latent syntactic operations and semantic operations,
rather than the direct mapping between expression
instances and semantic meanings.

Motivated by this idea, we propose LEAR
(Learning Algebraic Recombination), an end-to-
end neural architecture for compositional general-
ization. LEAR consists of two modules: a Com-
poser and an Interpreter. Composer learns to
model the latent syntactic algebra, thus it can pro-
duce the latent syntactic structure of each expres-
sion in a bottom-up manner; Interpreter learns to
assign semantic operations to syntactic operations,
thus we can transform a syntactic tree to the final
composed semantic meaning.

Experiments on two realistic and comprehensive
compositional generalization benchmarks (CFQ
(Keysers et al., 2019) and COGS (Kim and Linzen,
2020)) demonstrate the effectiveness of our model:
CFQ 67.3% → 90.9%, COGS 35.0% → 97.7%.

2 Compositionality: An Algebraic View

A semantic parsing task aims to learn a meaning-
assignment function m : L → M , where L is
the set of (simple and complex) expressions in the
language, and M is the set of available semantic
meanings for the expressions in L. Many end-to-
end deep learning models are built upon this simple
and direct formalism, in which the principle of
compositionality is not leveraged, thus exhibiting
limited compositional generalization.

To address this problem, in this section we put
forward the formal statement that “compositional-
ity requires the existence of a homomorphism be-
tween the expressions of a language and the mean-
ings of those expressions” (Montague, 1970).

Let us consider a language as a partial alge-
bra L = 〈L, (fγ)γ∈Γ〉, where Γ is the set of un-
derlying syntactic (grammar) rules, and we use
fγ : Lk → L to denote the syntactic operation
with a fixed arity k for each γ ∈ Γ. Note that fγ is
a partial function, which means that we allow fγ be
undefined for certain expressions. Therefore, L is a
partial algebra, and we call it a syntactic algebra.
In a semantic parsing task, L is latent, and we need
to model it by learning from data.

Consider now M = 〈M, G〉, where G are se-
mantic operations upon M . M is also a partial alge-
bra, and we call it a semantic algebra. In a seman-
tic parsing task, we can easily define this algebra
(by enumerating all available semantic primitives
and semantic operations), since M is a machine-
interpretable formal system.

The key to compositionality is that the meaning-
assignment function m should be a homomorphism
from L to M. That is, for each k-ary syntactic
operation fγ in L, there exists a k-ary semantic
operation gγ ∈ G such that whenever fγ(e1, ..., ek)
is defined,

m(fγ(e1, ..., ek)) = gγ(m(e1), ..., m(ek)). (1)

Based on this formal statement, the task of learn-
ing the meaning-assignment function m can be
transformed as two sub-tasks: (1) learning latent
syntax of expressions (i.e., modeling the syntactic
algebra L); (2) learning the operation assignment
function (fγ)γ∈Γ → G.
Learning latent syntax. We need to learn a syn-
tactic parser that can produce the syntactic struc-
ture of each given expression. To ensure composi-
tional generalization, there must be an underlying
grammar (i.e., Γ), and we hypothesize that Γ is a
context-free grammar.
Learning operation assignment. In the syntax
tree, for each nonterminal node with k nonterminal
children, we assign a k-ary semantic operation to
it. This operation assignment entirely depends on
the underlying syntactic operation γ of this node.

In semantic parsing tasks, we do not have respec-
tive supervision for these two sub-tasks. Therefore,
we need to jointly learning these two sub-tasks only
from the end-to-end supervision D ⊂ L × M .
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Who     executive   produced     M0:

JOIN

Entity:M0

Predicate: 
EXEC_PROD

Composer Interpreter| | ,

SELECT DISTINCT x0
WHERE { x0 EXEC_PROD M0 }

: ,
( )

Figure 2: An overview of LEAR: (1) Composer
Cθ(z|x) is a neural network based on latent Tree-
LSTM, which produces the latent syntax tree z of in-
put expression x; (2) Interpreter Iφ(g|x, z) is a neural
network that assigns a semantic operation for each non-
terminal node in z.

3 Model

We propose a novel end-to-end neural model
LEAR (Learning Algebraic Recombination) for
compositional generalization in semantic pars-
ing tasks. Figure 2 shows its overall architec-
ture. LEAR consists of two parts: (1) Composer
Cθ(z|x), which produces the latent syntax tree z
of input expression x; (2) Interpreter Iφ(g|x, z),
which assigns a semantic operation for each non-
terminal node in z. θ and φ refers to learnable
parameters in them respectively. We generate a se-
mantic meaning m(x) according to the predicted z
and g in a symbolic manner, then check whether it
is semantic equivalent to the ground truth semantic
meaning y to produce rewards for optimizing θ and
φ.

3.1 Composer

We use x = [x1, ..., xT ] to denote an input expres-
sion of length T . Composer Cθ(z|x) will produce
a latent binary tree z given x.

3.1.1 Latent Tree-LSTM

We build up the latent binary tree z in a bottom-up
manner based on Tree-LSTM encoder, called la-
tent Tree-LSTM (Choi et al., 2018; Havrylov et al.,
2019).

Given the input sequence x of length T , latent
Tree-LSTM merges two nodes into one parent node
at each merge step, constructing a binary tree after
T − 1 merge steps. The merge process is imple-
mented by selecting the adjacent node pair which
has the highest merging score.

At the t-th (1 ≤ t < T ) merge step, we have:

ît = arg max
1≤i≤T−t

Linear(Tree-LSTM(rt
i, r

t
i+1)) (2)

Here “Tree-LSTM” is the standard child-sum
tree-structured LSTM encoder (Tai et al., 2015).
We use vt

i to denote the i-th cell at layer t (the t-th
merge step is determined by the t-th layer), and use
rt
i to denote the representation of vt

i :

r1
i = Linear(Emb(xi)) (3)

rt
i

t>1
=

⎧
⎪⎨
⎪⎩

rt−1
i i < ît−1

Tree-LSTM(rt−1
i , rt−1

i+1) i = ît−1

rt−1
i+1 i > ît−1

(4)

Then we can obtain a unlabeled binary tree,
in which {v1

1, v
1
2, ..., v

1
T } are leaf nodes, and

{v2
î1

, v3
î2

..., vT
îT−1

} are non-leaf nodes.

3.1.2 Abstraction by Nonterminal Symbols
As discussed in Section 2, our hypothesis is that the
underlying grammar Γ is context-free. Therefore,
each syntactic rule γ ∈ Γ can be expressed in the
form of:

A → B, A ∈ N , B ∈ (N ∪ Σ)+

where N is a finite set of nonterminals, and Σ is a
finite set of terminal symbols.

Abstraction is an essential property of context-
free grammar: each compound expression e will be
abstracted as a simple nonterminal symbol N (e),
then it can be combined with other expressions to
produce more complex expressions, no matter what
details e originally has. This setup may benefit the
generalizability, thus we want to incorporate it as
an inductive bias into our model.

Concretely, we assume that there are at most
N latent nonterminals in language L (i.e., N =
{N1, ..., NN}, where N is a hyper-parameter). For
each node vt

i in tree z, we perform a (N + 1)-class
classification:

ĉvt
i
= arg max

0≤c≤N
Linear(rt

i) (5)

We assign the nonterminal Nĉ
vt
i

to vt
i when

ĉvt
i
> 0. The collection of such nonterminal nodes
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are denoted as V ′
z . Then we modify Equation 4:

rt
i

t>1
=

⎧
⎪⎨
⎪⎩

rt−1
i i < ît−1

Tree-LSTM(rt−1
i , rt−1

i+1) i = ît−1

rt−1
i+1 i > ît−1

rt
i =

{
Linear(Emb(N (vt

i))) vt
i ∈ V ′

z

rt
i vt

i 	∈ V ′
z

(6)

Equation 6 means that: in nonterminal nodes, the
bottom-up message passing will be reduced from
rt
i to a nonterminal symbol N (vt

i), thus mimicking
the abstraction setup in context-free grammar.

3.2 Interpreter

For each nonterminal node v ∈ V ′
z , Interpreter

Iφ(g|x, z) assigns a semantic operation gv to it.
We divide nonterminal nodes into two categories:

(1) lexical nodes, which refer to those containing
no any other nonterminal node in the corresponding
sub-trees; (2) algebraic nodes, which refer to the
rest of nonterminal nodes.

Interpreting Lexical Nodes For each lexical
node v, Interpreter assigns a semantic primitive
(i.e., 0-ary semantic operation) to it. Take the CFQ
benchmark as an example: it uses SPARQL queries
to annotate semantic meanings, thus semantic prim-
itives in CFQ are entities (e.g., m.0gwm wy), predi-
cates (e.g., ns:film.director.film) and attributes (e.g.,
ns:people.person.gender m 05zppz).

We use a classifier to predict the semantic primi-
tive:

gv = arg max
g∈Glex

Linear(hv,x) (7)

where Glex is the collection of semantic primitives
in the domain, and hv,x is the contextual represen-
tation of the span corresponding to v (implemented
using Bi-LSTM). Contextually conditioned varia-
tion is an important phenomenon in language: the
meaning of lexical units varies according to the con-
texts in which they appear (Allwood, 2003). For ex-
ample, “editor” means a predicate “film.editor.film”
in expression “Is M0 an editor of M1?”, while it
means an attribute “film.editor” in expression “Is
M0 an Italian editor?”. This is the reason why we
use contextual representation in Equation 7.

Interpreting Algebraic Nodes For each alge-
braic node v, Interpreter assigns a semantic op-
eration to it. The collection of all possible semantic
operations Gopr also depends on the domain. Take

Operation
Args[t1, t2]→
Result Type

Example

∧(t1, t2)

[P, P]→P Who [direct and act] M0?
[E, E]→E Who direct [M0 and M1]?
[A, A]→A Is M0 an [Italian female]?
[A, E]→E

Is [M0 an Italian female]?
[E, A]→E
[A, P]→P

Is M0 M3’s [Italian editor]?
[P, A]→P

JOIN(t1, t2)

[E, P]→E
Is M0 an [editor of M1]?

[P, E]→E
[A, P]→E

Who [marries an Italian]?
[P, A]→E

Table 1: Semantic operations in CFQ. A/P/E represents
Attribute/Predicate/Entity.

the CFQ benchmark as an example1, this domain
has two operations (detailed in Table 1): ∧ (con-
junction) and JOIN.

We also use a classifier to predict the semantic
operation of v:

gv = arg max
g∈Gopr

Linear(rv) (8)

where rv is the latent Tree-LSTM representation of
node v (see Equation 6).

In Equation 8, we do not use any contextual in-
formation from outside v. This setup is based on
the assumption of semantic locality: each com-
pound expression should mean the same thing in
different contexts.

4 Training

Denote τ = {z, g} as the trajectory produced by
our model where z and g are actions produced from
Composer and Interpreter, respectively, and R(τ)
as the reward of trajectory τ (elaborated in Sec. 4.1).
Using policy gradient (Sutton et al., 2000) with the
likelihood ratio trick, our model can be optimized
by ascending the following gradient:

∇J (θ, φ) = Eτ∼πθ,φ
R(τ)∇ log πθ,φ (τ) , (9)

where θ and φ are learnable parameters in Com-
poser and Interpreter respectively and ∇ is the ab-
breviation of ∇θ,φ. Furthermore, the REINFORCE
algorithm (Williams, 1992) is leveraged to approxi-
mate Eq. 9 and the mean-reward baseline (Weaver
and Tao, 2001) is employed to reduce variance.

1It is not difficult to define Glex and Gopr for each domain,
as semantic meanings are always machine-interpretable. The
semantic operations of another compositional generalization
benchmark, COGS, are listed in the Appendix.
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4.1 Reward Design

The reward R (τ) combines two parts as:

R (τ) = α · R1 (τ) + (1 − α) · R2 (τ) , (10)

Logic-based Reward R1(τ). We use m(x) and y
to denote the predicted semantic meaning and the
ground truth semantic meaning respectively. Each
semantic meaning can be converted to a conjunc-
tive normal form2. We use Sm(x) and Sy to denote
conjunctive components in m(x) and y, then define
R1(τ) based on Jaccard similarity (i.e., intersection
over union):

R1 (τ) = Jaccard-Sim(Sm(x), Sy) (11)

Primitive-Based Reward R2(τ). We use S′
m(x)

and S′
y to denote semantic primitives ocurred in

m(x) and y. Then we define R2(τ) as:

R2 (τ) = Jaccard-Sim(S′
m(x), S

′
y) (12)

4.2 Reducing Search Space

To reduce the huge search space of τ , we make two
constraints as follows.
Parameter Constraint. Consider v, a tree node
with n(n > 0) nonterminal children. Composer
will never make v a nonterminal node, if no seman-
tic operation has n parameters.
Phrase Table Constraint. Following the strategy
proposed in Guo et al. (2020b), we build a “phrase
table” consisting of lexical units (i.e., words and
phrases) paired with semantic primitives that fre-
quently co-occur with them3. Composer will never
produce a lexical node outside of this table, and
Interpreter will use this table to restrict candidates
in Equation 7.

4.3 Curriculum Learning

To help the model converge better, we use a simple
curriculum learning (Bengio et al., 2009) strategy
to train the model. Specifically, we first train the
model on samples of input length less than a cut-off
NCL, then further train it on the full train set.

2For example, the semantic meaning of “Who directed and
edited M0 ’s prequel and M1?” can be converted to a con-
junctive normal form with four components: “x0 · DIRECT ·
x1 · PREQUEL · M0”, “x0 · EDIT · x1 · PREQUEL · M0”,
“x0 · DIRECT · M1”, and “x0 · EDIT · M1”.

3Mainly based on statistical word alignment technique in
machine translation, detailed in the Appendix.

y
SELECT count ( * ) WHERE {

?x0 ns:film.director.film M0 .
?x0 ns:film.editor.film M0 .
?x0 ns:people.person.gender m_05zppz }

Did a male film director edit and direct M0?x
CFQ

cake(x_4) ; give.recipient (x_2, Charlotte)
AND give.theme(x_2,x_4)
AND cake.nmod.on(x_4, x_7)
AND table(x_7)

y

Charlotte was given the cake on a table.x

COGS

y

Figure 3: Examples of CFQ and COGS.

Statistics CFQ COGS
Train Size 95,743 24,155
Dev Size 11,968 3,000
Test Size 11,968 21,000

Vocab Size 96 740
Avg Input Len (Train/Test) 13.5/15.1 7.5/9.8

Avg Output Len (Train/Test) 27.7/34.0 43.6/67.6
Input Pattern Coveragea 0.022 0.783
Output Pattern Coverage 0.045 0.782

Table 2: Dataset statistics.

aInput/output pattern coverage is the percentage of test x/y
whose patterns occur in the train data. Output patterns are
determined by anonymizing semantic primitives, and input
patterns are determined by anonymizing their lexical units.

5 Experimental Setup

Benchmarks. We mainly evaluate LEAR on CFQ
(Keysers et al., 2019) and COGS (Kim and Linzen,
2020), two comprehensive and realistic bench-
marks for measuring compositional generalization.
They use different semantic formulations: CFQ
uses SPARQL queries, and COGS uses logical
queries (Figure 3 shows examples of them). We list
dataset statistics in Table 2. The input/output pat-
tern coverage indicates that: CFQ mainly measures
the algebraic recombination ability, while COGS
measures both lexical recombination (∼ 78%) and
algebraic recombination (∼ 22%).

In addition to these two compositional general-
ization benchmarks in which utterances are synthe-
sized by formal grammars, we also evaluate LEAR
on GEO (Zelle and Mooney, 1996), a widely used
semantic parsing benchmark, to see whether LEAR
can generalize to utterances written by real users.
We use the variable-free FunQL (Kate et al., 2005)
as the semantic formalism, and we follow the com-
positional train/test split (Finegan-Dollak et al.,
2018) to evaluate compositional generalization.
Baselines. For CFQ, we consider 3 groups of mod-
els as our baselines: (1) sequence-to-sequence mod-

1133



Models MCD-MEAN MCD1 MCD2 MCD3
LSTM+Attention (Keysers et al., 2019) 14.9±1.1 28.9±1.8 5.0±0.8 10.8±0.6
Transformer (Keysers et al., 2019) 17.9±0.9 34.9±1.1 8.2±0.3 10.6±1.1
Universal Transformer (Keysers et al., 2019) 18.9±1.4 37.4±2.2 8.1±1.6 11.3±0.3
Evolved Transformer (Furrer et al., 2020) 20.8±0.7 42.4±1.0 9.3±0.8 10.8±0.2
T5-11B (Furrer et al., 2020) 40.9±4.3 61.4±4.8 30.1±2.2 31.2±5.7
T5-11B-mod (Furrer et al., 2020) 42.1±9.1 61.6±12.4 31.3±12.8 33.3±2.3
Neural Shuffle Exchange (Furrer et al., 2020) 2.8±0.3 5.1±0.4 0.9±0.1 2.3±0.3
CGPS (Furrer et al., 2020; Li et al., 2019) 7.1±1.8 13.2±3.9 1.6±0.8 6.6±0.6
HPD (Guo et al., 2020b) 67.3±4.1 72.0±7.5 66.1±6.4 63.9±5.7
LEAR 90.9±1.2 91.7±1.0 89.2±1.9 91.7±0.6

w/o Abstraction 85.4±4.5 88.4±1.6 80.0±11 87.9±0.8
w/o Semantic locality 87.9±2.7 89.8±1.7 87.3±1.8 86.5±4.6
w/o Primitive-based reward 85.3±7.8 77.0±19 89.2±2.2 89.7±2.1
w/o Curriculum learning 71.9±15.4 59.7±23 77.2±13.5 78.8±9.6
w/o Tree-LSTM 30.4±3.2 40.1±1.9 25.6±6.1 25.4±1.8

Table 3: Accuracy on three splits (MCD1/MCD2/MCD3) of CFQ benchmark.

els based on deep encoder-decoder architecture, in-
cluding LSTM+Attention (Hochreiter and Schmid-
huber, 1997; Bahdanau et al., 2014), Transformer
(Vaswani et al., 2017), Universal Transformer (De-
hghani et al., 2018) and Evolved Transformer (So
et al., 2019); (2) deep models with large pretrained
encoder, such as T5 (Raffel et al., 2019); (3) Mod-
els that are specially designed for compositional
generalization, which include Neural Shuffle Ex-
change Network (Freivalds et al., 2019), CGPS (Li
et al., 2019), and state-of-the-art model HPD (Guo
et al., 2020b). For COGS, we quote the baseline re-
sults in the original paper (Kim and Linzen, 2020).
For GEO, we take the baseline results reported by
Herzig and Berant (2020), and also compare with
two specially designed methods: SpanBasedSP
(Herzig and Berant, 2020) and PDE (Guo et al.,
2020c).
Evaluation Metric. We use accuracy as the eval-
uation metric, i.e., the percentage test samples of
which the predicted semantic meaning m(x) is se-
mantically equivalent to the ground truth y.
Hyper-Parameters. We set N = 3/2/3 (the num-
ber of nonterminal symbols), and α = 0.5/1.0/0.9
for CFQ/COGS/GEO respectively. In CFQ, the
curriculum cut-off NCL is set to 11, as we statisti-
cally find that this is the smallest curriculum that
contains the complete vocabulary. We do not apply
curriculum learning strategy to COGS and GEO,
as LEAR can work well without curriculum learn-
ing in both benchmarks. Learnable parameters (θ
and φ) are optimized with AdaDelta (Zeiler, 2012),
and the setting of learning rate is discussed in Sec-
tion 6.1. We take the model that performs best

Model Acc
Transformer (Kim and Linzen, 2020) 35 ± 6
LSTM (Bi) (Kim and Linzen, 2020) 16 ± 8
LSTM (Uni) (Kim and Linzen, 2020) 32 ± 6
LEAR 97.7 ± 0.7

w/o Abstraction 94.5 ± 2.8
w/o Semantic locality 94.0 ± 3.6
w/o Tree-LSTM 80.7 ± 4.3

Table 4: Accuracy on COGS benchmark.

Model Acc
Seq2Seq (Herzig and Berant, 2020) 46.0
BERT2Seq (Herzig and Berant, 2020) 49.6
GRAMMAR (Herzig and Berant, 2020) 54.0
PDE (Guo et al., 2020c) 81.2
SpanBasedSP (Herzig and Berant, 2020) 82.2
LEAR 84.1

Table 5: Accuracy on GEO benchmark.

on the validation set for testing, and all results are
obtained by averaging over 5 runs with different
random seeds. See Appendix for more implemen-
tation details.

6 Results and Discussion

Table 3 shows average accuracy and 95% con-
fidence intervals on three splits of CFQ. LEAR
achieves an average accuracy of 90.9% on these
three splits, outperforming all baselines by a large
margin. We list some observations as follows.
Methods for lexical recombination cannot gen-
eralize to algebraic recombination. Many meth-
ods for compositional generalization have been

1134



proved effective for lexical recombination. Neural
Shuffle Exchange and CGPS are two representa-
tives of them. However, experimental results show
that they cannot generalize to CFQ, which focus
on algebraic recombination.
Knowledge of semantics is important for com-
positional generalization. Seq2seq models show
poor compositional generalization ability (∼ 20%).
Pre-training helps a lot (∼ 20% →∼ 40%), but
still not satisfying. HPD and LEAR incorporate
knowledge of semantics (i.e., semantic operations)
into the models, rather than simply model semantic
meanings as sequences. This brings large profit.
Exploring latent compositional structure in a
bottom-up manner is key to compositional gen-
eralization. HPD uses LSTM to encode the in-
put expressions, while LEAR uses latent Tree-
LSTM, which explicitly explores latent composi-
tional structure of expressions. This is the key to
the large accuracy profit (67.3% → 90.9%).

Table 4 shows the results on COGS benchmark.
It proves that LEAR can well generalize to domains
which use different semantic formalisms, by spec-
ifying domain-specific Glex (semantic primitives)
and Gopr (semantic operations). Table 5 shows the
results on GEO benchmark. It proves that LEAR
can well generalize to utterances written by real
users (i.e., non-synthetic utterances).

6.1 Ablation Study

Table 3 and 4 also report results of some ablation
models. Our observations are as follows.
Abstraction by nonterminal symbols brings
profit. We use “w/o abstraction” to denote the
ablation model in which Equation 6 is disabled.
This ablation leads to 5.5%/3.2% accuracy drop
on CFQ/COGS.
Incorporating semantic locality into the model
brings profit. We use “w/o semantic locality” to
denote the ablation model in which a Bi-LSTM
layer is added before the latent Tree-LSTM. This
ablation leads to 3.0%/3.7% accuracy drop on
CFQ/COGS.
Tree-LSTM contributes significantly to compo-
sitional generalization. In the ablation “w/o Tree-
LSTM”, we replace the Tree-LSTM encoder with
a span-based encoder, in which each span is repre-
sented by concatenating its start and end LSTM rep-
resentations (similar to Herzig and Berant (2020)).
In Table 3 and 4, we can see that span-based en-
coder severely affects the performance and even

Ratio MCD-MEAN MCD1 MCD2 MCD3
1:1:1 87.4±7.1 91.5±2.1 89.4±2.3 81.2±17
1:0.5:0.1 90.9±1.2 91.7±1.0 89.2±1.9 91.7±0.6
1:0.1:0.1 86.7±3.9 89.4±1.6 85.8±2.7 84.9±7.5

Table 6: Results of different learning rate ratios of lex-
ical Interpreter, Composer, and algebraic Interpreter.

Figure 4: Performance by input length.

much worse than the results of “w/o abstraction”
and “w/o semantic locality”. This ablation hints
that Tree-LSTM is the main inductive bias of com-
positionality in our model.
Primitive-based reward helps the model con-
verge better. The ablation “w/o primitive-based
reward” leads to 5.6% accuracy drop on CFQ, and
the model variance has become much larger. The
key insight is: primitive-based reward guides the
model to interpret polysemous lexical units more
effectively, thus helping the model converge better.
Curriculum learning helps the model converge
better. The ablation “w/o curriculum learning”
leads to 19% accuracy drop on CFQ, and the model
variance has become much larger. This indicates
the importance of curriculum learning. On COGS,
LEAR performs well without curriculum learning.
We speculate that there are two main reasons: (1)
expressions of COGS is much shorter than CFQ;
(2) the input/output pattern coverage of COGS is
much higher than CFQ.
Higher component with smaller learning rate.
Inspired by the differential update strategy used
in Liu et al. (2020)(i.e., the higher level the com-
ponent is positioned in the model, the slower the
parameters in it should be updated), we set three
different learning rates to three different compo-
nents in LEAR (in bottom-up order): lexical In-
terpreter, Composer, and algebraic Interpreter. We
fix the learning rate of lexical Interpreter to 1, and
adjust the ratio of the learning rates of Composer
and algebraic Interpreter to lexical Interpreter. Ta-
ble 6 shows the results on CFQ. The hierarchical
learning rate setup (1 : 0.5 : 0.1) achieves the best
performance.
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(a) Composer error. A correct syntax tree should compose
“parent of a cinematographer” as a constituent, while the pre-
dicted syntax tree incorrectly composes “a cinematographer
played M0”.

(b) Interpreter error. In this expression, the first “influ-
enced” should be assigned a semantic primitive “influ-
ence.influence node.influenced”, while Interpreter incorrectly
assigns “influence.influence node.influenced by” (abbreviated
as “INFLU BY” in this figure) to it.

Figure 5: Two error cases. We use solid nodes to de-
note predicted nonterminal nodes. Incorrect parts are
colored red.

6.2 Closer Analysis

We also conduct closer analysis to the results of
LEAR as follows.

6.2.1 Performance by Input Length
Intuitively, understanding longer expressions re-
quires stronger algebraic recombination ability than
shorter examples. Therefore, we expect that our
model should keep a good and stable performance
with the increasing of input length.

Figure 4 shows the performance of LEAR
and HPD (the state-of-the-art model on CFQ)
under different input lengths. Specifically, test
instances are divided into 6 groups by length:
[1, 5], [6, 10], ..., [26, 30]), and we report accuracy
on each group separately. The results indicate
that LEAR has stable high performance for dif-
ferent input lengths, with only a slow decline
as length increases. Even on the group with the
longest input length, LEAR can maintain an aver-
age 86.3% accuracy across three MCD-splits.

6.2.2 Error Analysis
To understand the source of errors, we take a closer
look at the failed test instances of LEAR on CFQ.
These failed test instances account for 9.1% of the
test dataset. We category them into two error types:

Error Type MCD1 MCD2 MCD3
CE 45.70% 32.05% 39.83%
IE 54.30% 67.95% 60.17%

Table 7: Distribution of CE (Composer Error) and IE
(Interpreter Error).

Composer error (CE), i.e., test cases where Com-
poser produces incorrect syntactic structures (only
considering nonterminal nodes). Figure 5a shows
an example. As we do not have ground-truth syn-
tactic structures, we determine whether a failed test
instance belongs to this category based on hand-
craft syntactic templates.
Interpreter error (IE), i.e., test cases where Com-
poser produces correct syntactic structures but In-
terpreter assigns one or more incorrect semantic
primitives or operations. Figure 5b shows an exam-
ple, which contains an incorrect semantic primitive
assignment.

Table 7 shows the distribution of these two error
types. On average, 39.19% of failed instances are
composer errors, and the remaining 60.81% are
interpreter errors.

6.3 Limitations

Our approach is implicitly build upon the assump-
tion of primitive alignment, that is, each primitive
in the meaning representation can align to at least
one span in the utterance. This assumption holds
in most cases of various semantic parsing tasks,
including CFQ, COGS, and GEO. However, for ro-
bustness and generalizability, we also need to con-
sider cases that do not meet this assumption. For ex-
ample, consider this utterance “Obama’s brother”,
of which the corresponding meaning representation
is “Slibing(People[Obama]) ∧ Gender[Male]”.
Neither “Slibing” nor “Gender[Male]” can align
to a span in the utterance, as the composed meaning
of them is expressed by a single word (“brother”).
Therefore, LEAR is more suitable for formalisms
where primitives can better align to natural lan-
guage.

In addition, while our approach is general for
various semantic parsing tasks, the collection of se-
mantic operations needs to be redesigned for each
task. We need to ensure that these semantic opera-
tions are k-ary projections (as described in Section
2), and all the meaning representations are covered
by the operations collection. This is tractable, but
still requires some efforts from domain experts.
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7 Related Work

7.1 Compositional Generalization

Recently, exploring compositional generalization
(CG) on neural networks has attracted large atten-
tion in NLP community. For SCAN (Lake and
Baroni, 2018), the first benchmark to test CG on
seq2seq models, many solutions have been pro-
posed, which can be classified into two tracks:
data augmentation (Andreas, 2019; Akyürek et al.,
2020; Guo et al., 2020a) and specialized architec-
ture (Lake, 2019; Li et al., 2019; Gordon et al.,
2020). However, most of these works only focus
on lexical recombination. Some works on SCAN
have stepped towards algebraic recombination (Liu
et al., 2020; Chen et al., 2020), but they do not gen-
eralize well to other tasks such as CFQ (Keysers
et al., 2019) and COGS (Kim and Linzen, 2020).

Before our work, there is no satisfactory solu-
tion on CFQ and COGS. Previous works on CFQ
demonstrated that MLM pre-training (Furrer et al.,
2020) and iterative back-translation (Guo et al.,
2020d) can improve traditional seq2seq models.
HPD (Guo et al., 2020b), the state-of-the-art solu-
tion before ours, was shown to be effective on CFQ,
but still far from satisfactory. As for COGS, there
is no solution to it to the best of our knowledge.

7.2 Compositional Semantic Parsing

In contrast to neural semantic parsing models
which are mostly constructed under a fully seq2seq
paradigm, compositional semantic parsing models
predict partial meaning representations and com-
pose them to produce a full meaning representation
in a bottom-up manner (Zelle and Mooney, 1996;
Zettlemoyer and Collins, 2012; Liang et al., 2013;
Berant et al., 2013; Berant and Liang, 2015; Pa-
supat and Liang, 2015; Herzig and Berant, 2020).
Our model takes the advantage of compositional
semantic parsing, without requiring any handcraft
lexicon or syntactic rule.

7.3 Unsupervised Parsing

Unsupervised parsing (or grammar induction)
trains syntax-dependent models to produce syn-
tactic trees of natural language expressions without
direct syntactic annotation (Klein and Manning,
2002; Bod, 2006; Ponvert et al., 2011; Pate and
Johnson, 2016; Shen et al., 2018; Kim et al., 2019;
Drozdov et al., 2020). Comparing to them, our
model learns both syntax and semantics jointly.

8 Conclusion

In this paper, we introduce LEAR, a novel end-to-
end neural model for compositional generalization
in semantic parsing tasks. Our contribution is 4-
fold: (1) LEAR focuses on algebraic recombina-
tion, thus it exhibits stronger compositional gener-
alization ability than previous methods that focus
on simpler lexical recombination. (2) We model the
semantic parsing task as a homomorphism between
two partial algebras, thus encouraging algebraic
recombination. (3) We propose the model archi-
tecture of LEAR, which consists of a Composer
(to learn latent syntax) and an Interpreter (to learn
operation assignments). (4) Experiments on two
realistic and comprehensive compositional general-
ization benchmarks demonstrate the effectiveness
of our model.
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This is the Appendix for the paper: “Learning
Algebraic Recombination for Compositional Gen-
eralization”.

A Semantic Operations in COGS

The semantic primitives used in COGS benchmark
are entities (e.g., Emma and cat(x 1)), predicates
(e.g., eat) and propositions (e.g., eat.agent(x 1,
Emma)). The semantic operations in COGS are
listed in Table 8.

The operations with “−1” (e.g., ON−1)
are right-to-left operations (e.g., ON−1(cake,
table)→table.ON.cake) while the operations with-
out “-1” represent the left-to-right operations (e.g.,
ON(cake, table)→cake.ON.table). For operation
FillFrame, the entity in its arguments will be filled
into predicate/proposition as an AGENT, THEME
or RECIPIENT, which is decided by model.

B Semantic Operations in GEO and
Post-process

The semantic primitives used in GEO benchmark
are entities (e.g., var0), predicates (e.g., state())
and propositions (e.g., state(var0)). The semantic
operations in GEO are listed in Table 9.

To fit the FunQL formalism, we design two post-
processing rules for the final semantics generated
by the model. First, if the final semantic is a predi-
cate (not a proposition), it will be converted in to
a proposition by filling the entity all. Second, the
predicate most will be shifted forward two posi-
tions in the final semantics.
C Policy Gradient and Differential

Update

In this section, we will show more details about
the formulation of our RL training based on policy
gradient and how to use differential update strategy
on it.

Denoting τ = {z, g} as the trajectory of our
model where z and g are actions (or called results)
produced from Composer and Interpreter, respec-
tively, and R(τ) as the reward of a trajectory τ
(elaborated in Sec. 4.1), the training objective of
our model is to maximize the expectation of re-
wards as:

max
θ,φ

J (θ, φ) = max
θ,φ

Eτ∼πθ,φ
R(τ), (13)

where πθ,φ is the policy of the whole model θ and
φ are the parameters in Composer and Interpreter,

respectively. Applying the likelihood ratio trick, θ
and φ can be optimized by ascending the following
gradient:

∇J (θ, φ) = Eτ∼πθ,φ
R(τ)∇ log πθ,φ (τ) ,

which is same with Eq. 9.
As described in Sec. 3 that the interpreting pro-

cess can be divided into two stages: interpreting
lexical nodes and interpreting algebraic nodes, the
action g can also be split as the semantic primitives
of lexical nodes gl and the semantic operations
of algebraic nodes ga. In our implement, we uti-
lize two independent neural modules for interpret-
ing lexical nodes and interpreting algebraic nodes,
with parameters φl and φa respectively. Therefore,
∇ log πθ,φ (τ) in Eq. 9 can be expanded via the
chain rule as:

∇ log πθ,φ (τ) =∇ log πθ (z|x) +

∇ log πφl
(gl|x, z) +

∇ log πφa (ga|x, z, gl) .

(14)

With Eq. 14, we can set different learning rates:

θ ← θ + α · E R(τ)∇ log πθ (z|x),

φl ← φl + β · E R(τ)∇ log πφl
(gl|x, z),

φa ← φa + γ · E R(τ)∇ log πφa (ga|x, z, gl).

(15)

Furthermore, in our experiments, the AdaDelta op-
timizer (Zeiler, 2012) is employed to optimize our
model.

D Phrase Table

The phrase table consists of lexical units (i.e.,
words and phrases) paired with semantic primi-
tives that frequently co-occur with them. It can be
obtained with statistical methods.

For CFQ, we leverage GIZA++4 (Och and Ney,
2003) toolkit to extract alignment pairs from train-
ing examples. We obtain 109 lexical units, each of
which is paired with 1.7 candidate semantic prim-
itives on average. Some examples in phrase table
are shown in Table 10

As to COGS, for each possible lexical unit, we
first filter out the semantic primitives that exactly
co-occur with it, and delete lexical units with no
semantic primitive. Among the remaining lexical
units, for those only contain one semantic primitive,
we record their co-occurring semantic primitives

4https://github.com/moses-smt/giza-pp.git
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Operation Arguments Result Type Example
ON(t1, t2)

[t1: Entity, t2: Entity] Entity

Emma ate [the cake on a table] .
IN(t1, t2) A girl was awarded [a cake in a soup] .

BESIDE(t1, t2) Amelia dusted [the girl beside a stage] .

ON−1, IN−1, BESIDE−1 NONE

REC-THE(t1, t2)

[t1: Entity, t2: Entity] Entity

Lily gave [Emma a strawberry] .
THE-REC(t1, t2) A girl offered [a rose to Isabella] .

AGE-THE, THE-AGE,
REC-AGE, AGE-REC

-

FillFrame(t1, t2)
[t1: Entity, t2: Pred/Prop]
[t1: Pred/Prop, t2: Entity]

Proposition A cat [disintegrated a girl] .

CCOMP(t1, t2)
[t1: Pred/Prop, t2: Pred/Prop] Proposition

[Emma liked that a girl saw] .
XCOMP(t1, t2) David [expected to cook] .

CCOMP−1, XCOMP−1 NONE

Table 8: Semantic operations in COGS. “Pred” and “Prop” are abbreviations of “Predicate” and “Proposition”,
respectively. “AGE”, “THE” and “REC” are abbreviations of “AGENT”, “THEME” and “RECIPIENT”, respec-
tively. “-” omits similar examples. Some operations contain “NONE” example, indicating that no example utilize
these operations in dataset.

Operation Arguments Result Type Example
UNION(t1, t2)

[t1: Entity/Prop,
t2: Entity/Prop]

Proposition

what is the population of [var0 var1]
INTER(t1, t2) how many [cities named var0 in the usa]
EXC(t1, t2)

EXC−1(t1, t2)
which [capitals are not major cities]

CONCAT(t1, t2)
CONCAT−1(t1, t2)

[t1: Pred, t2: Pred] Pred what is the [capital of var0]

FillIn(t1, t2)
[t1: Entity/Prop, t2: Pred]
[t1: Pred, t2: Entity/Prop]

Proposition how many [citizens in var0]

Table 9: Semantic operations in GEO. “Pred” and “Prop” are abbreviations of “Predicate” and “Proposition”, re-
spectively. “INTER”, “EXC” and “CONCAT” are abbreviations of “INTERSECTION”, “EXCLUDE” and “CON-
CATENATION”, respectively.

as ready semantic primitives. For lexical units with
more than one semantic primitives, we delete the
ready semantic primitives from their co-occurring
semantic primitives. Finally, we obtain 731 lexical
units and each lexical unit is paired with just one
semantic primitive.

As GEO is quite small, we obtain its phrase table
by handcraft.

E More Examples

We show more examples of generated tree-
structures and semantics in Figure 6.
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(a) An example of generated results in CFQ benchmark with the input “Did M6‘ s star, costume designer, and director influence
M0, M1, M2, and M3 and influence M4 and M5 ”.

(b) An example of generated results in COGS benchmark with the input “Joshua liked that Mason hoped that Amelia awarded
the hedgehog beside the stage in the tent to a cat”.

Figure 6: Examples of generated tree-structures and semantics in CFQ and COGS benchmarks.
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Lexical Unit Semantic Primitive(s) Type
M0 M0 Entity

executive producer
film.film.executive produced by Predicate

film.producer.films executive produced Predicate

editor
a film.editor Attribute

film.editor.film Predicate
film.film.edited by Predicate

Italian people.person.nationality m 03rjj Attribute

Table 10: Some examples in CFQ phrase table.
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Abstract

Do state-of-the-art natural language under-
standing models care about word order? Not
always! We found 75% to 90% of the correct
predictions of BERT-based classifiers, trained
on many GLUE tasks, remain constant after in-
put words are randomly shuffled. Although
BERT embeddings are famously contextual,
the contribution of each individual word to
classification is almost unchanged even after
its surrounding words are shuffled. BERT-
based models exploit superficial cues (e.g. the
sentiment of keywords in sentiment analysis;
or the word-wise similarity between sequence-
pair inputs in natural language inference) to
make correct decisions when tokens are ran-
domly shuffled. Encouraging models to cap-
ture word order information improves the per-
formance on most GLUE tasks and SQuAD
2.0. Our work suggests that many GLUE tasks
are not challenging machines to understand the
meaning of a sentence.

1 Introduction

Machine learning (ML) models recently achieved
excellent performance on state-of-the-art bench-
marks for evaluating natural language understand-
ing (NLU). In July 2019, RoBERTa (Liu et al.,
2019) was the first to surpass a human baseline
on GLUE (Wang et al., 2019). Since then, 13
more methods have also outperformed humans on
the GLUE leaderboard. Notably, at least 8 out of
the 14 solutions are based on BERT (Devlin et al.,
2019)—a transformer architecture that learns repre-
sentations via a bidirectional encoder. Given their
superhuman GLUE-scores, how do BERT-based
models solve NLU tasks? How do their NLU capa-
bility differs from that of humans?

We shed light into these important questions by
examining model sensitivity to the order of words.
Word order is one of the key characteristics of a

Q1 Does marijuana cause cancer?

Q2 How can smoking marijuana give you lung cancer?

(a) Prediction: “duplicate” 0.96

Q1 Does marijuana cause cancer?

Q2′ you smoking cancer How marijuana lung can give?

(b) Prediction: “duplicate” 0.98

Q1 Does marijuana cause cancer?

Q2′′ lung can give marijuana smoking How you cancer?

(c) Prediction: “duplicate” 0.99

Q1 Does marijuana cause cancer?

Q1′ Does cancer cause marijuana?

(d) Prediction: “duplicate” 0.77

Figure 1: A RoBERTa-based model achieving a
91.12% accuracy on QQP, here, correctly labeled a
pair of Quora questions “duplicate” (a). Interestingly,
the predictions remain unchanged when all words in
question Q2 is randomly shuffled (b–c). QQP models
also often incorrectly label a real sentence and its shuf-
fled version to be “duplicate” (d). We found evidence
that GLUE models rely heavily on words to make deci-
sions e.g. here, “marijuana” and “cancer” (more impor-
tant words are highlighted by LIME). Also, there ex-
ist self-attention matrices tasked explicitly with extract-
ing word-correspondence between two input sentences
regardless of the position of those words. Here, the
top-3 pairs of words assigned the highest self-attention
weights at (layer 0, head 7) are inside red, green, and
blue rectangles, respectively.

sequence and is tightly constrained by many lin-
guistic factors including syntactic structures, sub-
categorization, and discourse (Elman, 1990). Thus,
arranging a set of words in a correct order is consid-
ered a key problem in language modeling (Hasler
et al., 2017; Zhang and Clark, 2015).

Therefore, a natural question is: Do BERT-
based models trained on GLUE care about the
order of words in a sentence? Lin et al. (2019)
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found that pretrained BERT captures word-order
information in the first three layers. However, it
is unknown whether BERT-based classifiers actu-
ally use word order information when performing
NLU tasks. Recently, Wang et al. (2020) showed
that incorporating additional word-ordering and
sentence-ordering objectives into BERT pretrain-
ing could lead to text representations (StructBERT)
that enabled improved GLUE scores. However,
StructBERT findings are inconclusive across dif-
ferent GLUE tasks and models. For example, in
textual entailment (Wang et al., 2019, RTE), Struct-
BERT improved the performance for BERTlarge but
hurt the performance for RoBERTa (Table 2d).

Wang et al. 2020 motivated interesting ques-
tions: Are state-of-the-art BERT-based mod-
els using word order information when solving
NLU tasks? If not, what cues do they rely on?
To the best of our knowledge, our work is the first
to study the above questions for an NLU bench-
mark (GLUE). We tested BERT-, RoBERTa-, and
ALBERT-based (Lan et al., 2020) models on 7
GLUE tasks where the words of only one select
sentence in the input text are shuffled at varying
degrees. An ideal agent that truly understands lan-
guage is expected to choose a “reject” option when
asked to classify a sentence whose words are ran-
domly shuffled. Alternatively, given shuffled input
words, true NLU agents are expected to perform at
random chance in multi-way classification that has
no “reject” options (Fig. 1b). Our findings include:

1. 65% of the groundtruth labels of 5 GLUE
tasks can be predicted when the words in
one sentence in each example are shuffled
(Sec. 3.1).

2. Although pretrained BERT embeddings are
known to be contextual, in some GLUE tasks,
the contribution of an individual word to clas-
sification is almost unchanged even after its
surrounding words are shuffled (Sec. 3.3).

3. In sentiment analysis (SST-2), the polarity of
a single salient word is ≥ 60% predictive of
an entire sentence’s label (Sec. 3.4.1).

4. BERT-based models trained on sequence-pair
GLUE tasks used a set of self-attention heads
for finding similar tokens shared between the
two inputs (Sec. 3.4).

5. Encouraging RoBERTa-based models to be
more sensitive to word order improves the

performance on SQuAD 2.0 and most GLUE
tasks tested (i.e. except for SST-2) (Sec. 3.5).

Despite their superhuman scores, most GLUE-
trained models behave similarly to Bag-of-Words
(BOW) models, which are prone to naive mistakes
(Fig. 1b–d). Our results also suggest that GLUE
does not necessarily require syntactic information
or complex reasoning.

2 Methods

2.1 Datasets

We chose GLUE because of three reasons: (1)
GLUE is a common benchmark for NLU evaluation
(Wang et al., 2019); (2) there exist NLU models
(e.g. RoBERTa) that outperform humans on GLUE,
making an important case for studying their behav-
iors; (3) it is unknown how sensitive GLUE-trained
models are to word order and whether GLUE re-
quires them to be sensitive (Wang et al., 2020).
Tasks Out of 9 GLUE tasks, we chose all 6 binary-
classification tasks because they share the same
random baseline of 50% accuracy and enable us
to compare models’ word-order sensitivity across
tasks. Six tasks vary from acceptability (CoLA
Warstadt et al. 2019), to natural language infer-
ence (QNLI Rajpurkar et al. 2016), RTE (Wang
et al., 2019), paraphrase (MRPC Dolan and Brock-
ett 2005, QQP Quora 2017), and sentiment analysis
(SST-2 Socher et al. 2013).

We also performed our tests on STS-B (Cer et al.,
2017)—a regression task of predicting the semantic
similarity of two sentences.1 While CoLA and SST-
2 require single-sentence inputs, all other tasks
require sequence-pair inputs.
Reject options For all binary-classification tasks
(except SST-2), the negative label is considered
the reject option (e.g. QQP models can choose
“not duplicate” in Fig. 1b to reject shuffled inputs).
Metrics We use accuracy scores to evaluate the
binary classifiers (for ease of interpretation) and
Spearman correlation to evaluate STS-B regressors,
following Wang et al. (2019).

2.2 Classifiers

We tested BERT-based models because (1) they
outperformed humans on the GLUE leaderboard;
and (2) the pretrained BERT was shown to capture
word positional information (Lin et al., 2019).

1We did not choose WNLI (Levesque et al., 2012) as model
performance is not substantially above random baseline.
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Pretrained BERT encoders We tested three sets
of classifiers finetuned from three different, pre-
trained BERT variants: BERT, RoBERTa, and AL-
BERT, downloaded from Huggingface (2020). The
pretrained models are the “base” versions i.e. bidi-
rectional transformers with 12 layers and 12 self-
attention heads. The pretraining corpus varies from
uncased (BERT, ALBERT) to case-sensitive En-
glish (RoBERTa).
Classifiers For each of the seven GLUE tasks, we
added one classification layer on top of each of the
three pretrained BERT encoders and finetuned the
entire model. Unless otherwise noted, the mean per-
formance per GLUE task was averaged over three
classifiers. Each model’s performance matches ei-
ther those reported on Huggingface (2020) or the
original papers (Table A6).
Hyperparameters Following Devlin et al. (2019),
we finetuned classifiers for 3 epochs using Adam
(Kingma and Ba, 2015) with a learning rate of
0.00002, β1 = 0.9, β2 = 0.999, ε = 10−8. We used
a batch size of 32, a max sequence length of 128,
and dropout on all layers with a probability of 0.1.

2.3 Constructing sets of real and shuffled
examples for experiments

Modifying one sentence As GLUE tasks vary in
the number of inputs (one or two input sequences)
and the sequence type per input (a sentence or a
paragraph), we only re-ordered the words in one
sentence from only one input while keeping the rest
of the inputs unchanged. Constraining the modifi-
cations to a single sentence enables us to measure
(1) the importance of word order in a single sen-
tence; and (2) the interaction between the shuffled
words and the unchanged, real context.
Random shuffling methods To understand
model behaviors across varying degrees of word-
order distortions, we experimented with three tests:
randomly shuffling n-grams where n = {1, 2, 3}.

Shuffling 1-grams is a common technique for an-
alyzing word-order sensitivity (Sankar et al., 2019;
Zanzotto et al., 2020). We split a given sentence by
whitespace into a list of n-grams, and re-combined
them, in a random order, back into a “shuffled”
sentence (see Table 1 for examples). The ending
punctuation was kept intact. We re-sampled a new
random permutation until the shuffled sentence was
different from the original sentence.

As the label distributions, dev-set sizes, and the
performance of models vary across GLUE tasks,

How can smoking marijuana give you lung cancer?

Q3 lung cancer marijuana give you How can smoking?

Q2 smoking marijuana lung cancer give you How can?

Q1 marijuana can cancer How you smoking give lung?

Qs How can smoking cancer give you lung marijuana?

Table 1: A real question on Quora (QQP dataset) and its
three modified versions (Q3 to Q1) created by randomly
shuffling 3-grams, 2-grams, and 1-grams, respectively.
Qs was created by swapping two random nouns.

to compare word-order sensitivity across tasks, we
tested each model on two sets: (1) dev-r i.e. a
subset of the original dev-set (Sec. 2.3.1); and (2)
dev-s i.e. a clone of version of dev-r but that
each example has one sentence with re-ordered
words (Sec. 2.3.2).

2.3.1 Selecting real examples
For each pair of (task, classifier), we selected a
subset of dev-set examples via the following steps:

1. For tasks with either a single-sequence or a
sequence-pair input, we used examples where
the input sequence to be modified has only
one sentence2 that has more than 3 tokens
(for shuffling 3-grams to produce a sentence
different from the original sentence).

2. We only selected the examples that were cor-
rectly classified by the classifier (to study what
features were important for high accuracy).

3. We balanced the numbers of positive and neg-
ative examples by removing random examples
from the larger-sized class.

That is, on average, we filtered out ∼34% of the
original data. See Table A4 for the total number of
examples remaining after each filtering step above.

2.3.2 Creating shuffled sets
For each task, we cloned the dev-r sets above
and modified each example to create a “shuffled”
set (a.k.a. dev-s) per shuffling method.

Specifically, a CoLA and SST-2 example con-
tains only a single sentence and we modified that
sentence. Each QQP, MRPC and STS-B example
has two sentences and we modified the first sen-
tence. An RTE example has a pair of (premise, hy-
pothesis), and we modified the hypothesis since it

2We used NLTK sentence splitter (Bird et al., 2009) to
detect text that has more than one sentence.
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is a single sentence while premises are paragraphs.
Each QNLI example contains a pair of (question,
answer) and we modified the question, which is a
sentence, while an answer is often a paragraph.

3 Experiments and Results

3.1 How much is word order information
required for solving GLUE tasks?

GLUE has been a common benchmark for evalu-
ating NLU progress. But, do GLUE tasks require
models to use word order and syntactic informa-
tion? We shed light into this question by testing
model performance when word order is increas-
ingly randomized.

If a task strictly requires words to form a se-
mantically meaningful sentence, then randomly
re-positioning words in correctly-classified sen-
tences will cause model accuracy to drop from
100% to 50% (i.e. the random baseline b for binary-
classification tasks with two balanced classes).
Thus, to compare model-sensitivity across tasks,
we use a Word-Order Sensitivity score (WOS):

s = (100− p)/(100− b) (1)

where p ∈ [50, 100] is the accuracy of a GLUE-
trained model evaluated on a dev-s set (described
in Sec. 2.3.2) and s ∈ [0, 1]. Here, b = 50.

Experiments For each GLUE task, we computed
the mean accuracy and confidence score over three
classifiers (BERT, RoBERTa, and ALBERT-based)
on dev-s sets created by shuffling 1-grams, 2-
grams, and 3-grams. The results reported in Ta-
ble 2 were averaged over 10 random shuffling runs
(i.e. 10 random seeds) per n-gram type, and then
averaged over 3 models per task.

Results We found that for CoLA, i.e. detecting
grammatically incorrect sentences, the model ac-
curacy, on average, drops to near random chance
i.e. between 50.69% and 56.36% (Table 2b) when
n-grams are shuffled. That is, most of examples
were classified into “unacceptable” after n-gram
shuffling, yielding∼50% accuracy (see Fig. A2 for
qualitative examples).

Surprisingly, for the rest of the 5 out of 6 binary-
classification tasks (i.e. except CoLA), between
75% and 90% of the originally correct predictions
remain constant after 1-grams are randomly re-
ordered (Table 2b; 1-gram). These numbers in-
crease as the shuffled n-grams are longer (i.e. as

n increases from 1→3), up to 95.32% (Table 2b;
QNLI). Importantly, given an average dev-set accu-
racy of 86.35% for these 5 tasks, at least 86.35%×
75% ≈ 65% of the groundtruth labels of these
5 GLUE tasks can be predicted when all input
words in one sentence are randomly shuffled.

Additionally, on average over three n-gram types,
models trained on these five GLUE tasks are from
2 to 10 times more insensitive to word-order ran-
domization than CoLA models (Table 2c). That
is, if not explicitly tasked with checking for gram-
matical errors, GLUE models mostly will not care
about the order of words in a sentence (see qualita-
tive examples in Figs. 1, A2–A4). Consistently, the
confidence scores of BERT-based models for five
non-CoLA tasks only dropped ∼2% when 1-grams
are shuffled (Table 2).

Consistently across three different BERT “base”
variants and a RoBERTa “large” model (Table A5),
our results suggest that word order and syntax,
in general, are not necessarily required to solve
GLUE.
2-noun swaps Besides shuffled n-grams, we also
repeated all experiments with more syntactically-
correct modified inputs where only two random
nouns in a sentence were swapped (Table 1; Qs).
This is a harder test for NLU models since the
meaning of a sentence with two nouns swapped
often changes while its syntax remains correct. We
found the conclusions to generalize to this setting.
That is, the models hardly changed predictions al-
though the meanings of the original sentence and
its swapped version are different (Table 2b; 2-noun
swap vs. 1-gram).

3.2 How sensitive are models trained to
predict the similarity of two sentences?

An interesting hypothesis is that models trained
explicitly to evaluate the semantic similarity of two
sentences should be able to tell apart real from shuf-
fled examples. Intuitively, word order information
is essential for understanding what an entire sen-
tence means and, therefore, for predicting whether
two sentences convey the same meaning.

We tested this hypothesis by analyzing the sen-
sitivity of models trained on QQP and STS-B—
two prominent GLUE tasks for predicting seman-
tic similarity of a sentence pair. While QQP is a
binary classification task, STS-B is a regression
task where a pair of two sentences is given a score
∈ [0, 5] denoting their semantic similarity.
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Experiments We tested the models on dev-r
and dev-s sets (see Sec. 2.3.2) where in each pair,
the word order of the first sentence was randomized
while the second sentence was kept intact.

QQP results Above 83% of QQP models’ cor-
rect predictions on real pairs remained unchanged
after word-order randomization (see Figs. 1a–c for
examples).

STS-B results Similarly, STS-B model perfor-
mance only drops marginally, i.e. less than 2
points from 89.67 to 87.80 in Spearman correla-
tion (Table 2; STS-B). Since a STS-B model out-
puts a score ∈ [0, 5], we binned the scores into 6
ranges. One might expect STS-B models to assign
near-zero similarity scores to most modified pairs.
However, the distributions of similarity scores for
the modified and real pairs still closely match up
(Fig. 2). In sum, despite being trained explicitly
on predicting semantic similarity of sentence
pairs, QQP and STS-B are surprisingly insen-
sitive to n-gram shuffling, exhibiting naive un-
derstanding of sentence meanings.
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Figure 2: The distribution of similarity scores over 6
ranges for the (real, shuffled) pairs in dev-s (green)
is highly similar to that for (real, real) STS-B pairs in
dev-r (red). The statistics in each range were com-
puted over 3 models (BERT, RoBERTa, and ALBERT).

3.3 How important are words to classification
after their context is shuffled?

BERT representations for tokens are known to be
highly contextual (Ethayarajh, 2019). However,
after finetuning on GLUE, would the importance
of a word to classification drop after its context is
shuffled?

To answer the above question, we used LIME
(Ribeiro et al., 2016) to compute word importance.

LIME computes a score ∈ [−1, 1] for each to-
ken in the input denoting how much its presence
contributes for or against the network’s predicted la-
bel (Fig. 1; highlights). The importance score per
word w is intuitively the mean confidence-score
drop over a set of randomly-masked versions of the
input when w is masked out.

Experiments We chose to study RoBERTa-
based classifiers here because they have the high-
est GLUE scores among the three BERT vari-
ants considered. We observed that 62.5% (RTE)
to 79.6% (QNLI) of the dev-r examples were
consistently, correctly classified into the same
labels in all 5 different random shuffles (i.e. 5
different random seeds). We randomly sampled
100 such examples per binary-classification task
and computed their LIME attribution maps to com-
pare the similarity between the LIME heatmaps
before and after unigrams are randomly misplaced.

Results On CoLA and RTE, the importance
of words (i.e. mean absolute value of LIME-
attribution per word), decreased substantially by
0.036 and 0.019, respectively. That is, the indi-
vidual words become less important after their
context is distorted—a behavior expected when
CoLA and RTE have the highest WOS scores (Ta-
ble 2). In contrast, for the other 4 tasks, word
importance only changed marginally (by 0.008, i.e.
4.5× smaller than the 0.036 change in CoLA). That
is, except for CoLA and RTE models, the con-
tribution of a word to classification is almost un-
changed even after the context of each word is
randomly shuffled (Fig. 1a–c). This result sug-
gests that the word embeddings after finetuning
on GLUE became much less contextual than the
pretrained BERT embeddings (Ethayarajh, 2019).

3.4 If not word order, then what do classifiers
rely on to make correct predictions?

Given that all non-CoLA models are highly insen-
sitive to word-order randomization, how did they
arrive at correct decisions when words are shuffled?

We chose to answer this question for SST-2 and
QNLI because they have the lowest WOS scores
across all 6 GLUE tasks tested (Table 2) and they
are representative of single-sentence and sequence-
pair tasks, respectively.
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Task (a) Perf. on dev-r (b) Performance on dev-s (c) Word-Order Sensitivity (d) StructBERT improvements

Models Baseline 2-noun swap 1-gram 2-gram 3-gram 1-gram 2-gram 3-gram BERTbase BERTlarge RoBERTa

CoLA 100 50 71.75 50.69 53.98 56.36 0.99 0.92 0.87 +4.9 +4.8 +1.4
(0.93) (0.91) (0.95) (0.94) (0.92)

RTE 100 50 85.86 75.69 81.89 85.18 0.49 0.36 0.30 N/A +13.0 –0.9
(0.81) (0.81) (0.80) (0.80) (0.79)

QQP 100 50 86.90 83.19 88.02 89.04 0.34 0.24 0.22 +0.7 +1.2 +0.5
(0.98) (0.96) (0.96) (0.96) (0.96)

MRPC 100 50 96.51 83.89 87.1 89.38 0.32 0.26 0.21 N/A +3.9 +1.7
(0.91) (0.91) (0.89) (0.90) (0.90)

SST-2 100 50 97.78 84.04 88.35 90.56 0.32 0.23 0.19 +0.2 +0.3 +0.4
(0.99) (0.98) (0.96) (0.97) (0.97)

QNLI 100 50 94.31 89.42 93.85 95.32 0.21 0.12 0.09 N/A +3.0 +0.3
(0.98) (0.97) (0.96) (0.97) (0.98)

STS-B 89.67 N/A 88.93 87.80 88.66 88.95 N/A N/A N/A N/A N/A N/A

Table 2: All results (a–c) are reported on the GLUE dev-r sets i.e. 100% accuracy (a). Shuffling n-grams caused
the accuracy to drop (b) the largest for CoLA and the least for QNLI. Each row is computed by averaging the
results of 3 BERT-based models and 10 random shuffles. From top to bottom, the Word-Order Sensitivity (WOS)
is sorted descendingly (c) and is consistent across three types of n-grams i.e. WOS scores decrease from top down
and from left to right. In contrast, the StructBERT results (d), taken from Table 1 and 4 in Wang et al. 2020, showed
inconsistent improvements across different tasks. STS-B results are in scaled Spearman correlation. In addition to
small accuracy drops, the mean confidence scores of all classifiers—reported in parentheses e.g. “(0.93)”—also
changed marginally after words are shuffled (a vs. b).

3.4.1 SST-2: Salient words are highly
predictive of sentence labels

As 84.04% of the SST-2 correct predictions did not
change after word-shuffling (Table 2b), a common
hypothesis is that the models might rely heavily on
a few key words to classify an entire sentence.

S the film ’s performances are thrilling . 1.00

S1 the film thrilling performances are ’s . 1.00
S2 ’s thrilling film are performances the . 1.00
S3 ’s thrilling are the performances film . 1.00

Figure 3: An original SST-2 dev-set example (S) and
its three shuffled versions (S1 to S3) were all correctly
labeled “positive” by a RoBERTa-based classifier with
high confidence scores (right column).

Experiments To test this hypothesis, we took
all SST-2 dev-r examples whose all 5 randomly
shuffled versions were all correctly labeled by a
RoBERTa-based classifier (i.e. this “5/5” subset
is ∼65% of the dev-set). We used LIME to pro-
duce a heatmap of the importance of words in each
example.

We identified the polarity of each top-1 most
important word (i.e. the highest LIME-attribution
score) per example by looking it up in the Opinion

Lexicon (Hu and Liu, 2004) of 2,006 positive and
4,783 negative words. ∼57% of these top-1 words
were found in the dictionary and labeled either
“positive” or “negative” (see Table A3).

Results We found that if the top-1 word has a
positive meaning, then there is a 100% probability
that the sentence’s label is “positive”. For exam-
ple, the word “thrilling” in a movie review indi-
cates a “positive” sentence (see Fig. 3). Similarly,
the conditional probability of a sentence being la-
beled “negative” given a negative top-1 word is
94.4%. That is, given this statistics, the SST-2 la-
bel distribution and model accuracy, at least 60%
of the SST-2 dev-set examples can be correctly
predicted from only a single top-1 salient word.

We also reached similar conclusions when exper-
imenting with ALBERT classifiers and the Senti-
Words dictionary (Gatti et al., 2015) (see Table A3).

3.4.2 Self-attention layers matching similar
words in both the question and the
answer

For sequence-pair tasks, e.g. QNLI, how can mod-
els correctly predict “entailment” when the ques-
tion words are randomly shuffled (Fig. 4; Q1) or
when the question syntax is correct but its meaning
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QNLI sentence-pair inputs and their LIME attributions (negative -1, neutral 0, positive +1) Confidence
score

Q How long did Phillips manage the Apollo missions? 1.00
A Mueller agreed, and Phillips managed Apollo from January 1964, until it achieved the first manned

landing in July 1969, after which he returned to Air Force duty.

Q1 Apollo the Phillips How missions long did manage? 0.96
A Mueller agreed, and Phillips managed Apollo from January 1964, until it achieved the first manned

landing in July 1969, after which he returned to Air Force duty.

Q2 Phillips long manage How missions the Apollo did? 0.97
A Mueller agreed, and Phillips managed Apollo from January 1964, until it achieved the first manned

landing in July 1969, after which he returned to Air Force duty.

Qs How long did Apollo manage the Phillips missions? 0.99
A Mueller agreed, and Phillips managed Apollo from January 1964, until it achieved the first manned

landing in July 1969, after which he returned to Air Force duty.

Figure 4: A RoBERTa-based model’s correct prediction of “entailment” on the original input pair (Q, A) remains
unchanged when the question is randomly shuffled (Q1 & Q2) or when two random nouns in the question are
swapped (Qs). The salient words in the questions e.g. manage and missions remain similarly important after their
context has been shuffled. Also, the classifier harnessed self-attention to detect the correspondence between similar
words that appear in both the question and the answer e.g. manage (Q) and managed (A). That is, the top-3 pairs
of words that were assigned the largest question-to-answer weights in a self-attention matrix (layer 0, head 7) are
inside in the red, green, and blue rectangles.

changes entirely (Fig. 4; Qs). We hypothesize that
inside the model, there might be a self-attention
(SA) layer that extracts pairs of similar words that
appear in both the question and the answer (e.g.
“manage” vs. “managed” in Fig. 4).
Experiments To test this hypothesis, we analyzed
the 5,000 QNLI dev-r examples (Table A4) of
RoBERTa-based classifiers trained on QNLI. For
each example, we identified one SA matrix (among
all 144 as the base model has 12 layers & 12 heads
per layer) that assigns the highest weights to pairs
of similar words between the question and the an-
swer, i.e. excluding intra-question and intra-answer
attention weights (see the procedure in Sec. A).
Results First, in∼58% of the examples, we found
at least three pairs of words that match (i.e. the sum
Levenshtein character-level edit-distance for all 3
pairs is ≤ 4). Second, we found, in total, 15 SA
heads (out of the 144) which are explicitly tasked
with capturing such question-to-answer word cor-
respondence, regardless of word order (see Fig. 4).

Remarkably, 87% of the work of matching
similar words that appear in both the QNLI
question and the answer was handled by only
3 self-attention heads at (layer, head) of (0,7),
(1,9), and (2,6).

We found consistent results when repeating the
same analysis for other three sequence-pair tasks.
That is, interestingly, the three SA heads at ex-
actly the same location of (0, 7), (1, 9), and (2, 6)

account for 76%, 89%, and 83% of the “word-
matching” task on QQP, RTE, and MRPC, re-
spectively. This coincidence is likely due to the
fact that these classifiers were finetuned for differ-
ent downstream tasks starting from the same pre-
trained RoBERTa encoder. See Figs. 1, 4, A3–A4
for qualitative examples of these three tasks.

How important are the 15 word-matching at-
tention heads to QNLI model performance?
We found that zero-ing out 15 random heads had
almost no effect to correctly-classified predictions–
i.e. accuracy dropped marginally (−1% to −3%,
Table 3) across different groups of examples. How-
ever, ablating the 15 word-matching heads caused
the performance to drop substantially i.e. (a) by
9.6% on the 1,453 “positive” examples identified
in Sec. A; (b) by 22.1% on a set of 2,906 random,
examples including both “positive” and “negative”
examples (at 50/50 ratio); and (c) by 24.5% on
the entire QNLI 5,000-example dev-r set. That
is, the 15 SA heads that learned to detect sim-
ilar words played an important role in solv-
ing QNLI, i.e. enabling at least ∼50% of the
correct predictions (Table 3d; accuracy dropped
from 100% to 75.54% when the random chance is
50%). In sum, we found overlap between words
in the question and answer of QNLI examples and
strong evidence that QNLI models harnessed self-
attention to exploit such overlap to make correct
decisions in spite of a random word-order.
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QNLI dev-r examples Full
network

Zero-out 15
attention matrices

Random Ours

a. 1,453 selected 0/5 (+) examples 100 99.31 90.43

b. 1,453 random 0/5 (+) examples 100 99.24 91.05

c. 1,453 random 0/5 (+) examples
& 1,453 random 0/5 (-) examples 100 98.18 77.91

d. (+/-) All 5,000 examples 100 96.96 75.54

Table 3: Zero-ing out a set of 15 “word-matching”
self-attention matrices (identified via the procedure in
Sec. 3.4.2) caused a substantial drop of ∼25% in accu-
racy (d) while the random baseline is 50%. These 15
matrices played an important role in QNLI because ab-
lating 15 random matrices only caused a ∼1-3% drop
in accuracy.

3.5 Does increasing word-order sensitivity
lead to higher model performance?

Here, we test whether encouraging BERT repre-
sentations to be more sensitive to word order (i.e.
more syntax-aware) would improve model perfor-
mance on GLUE & SQuAD 2.0 (Rajpurkar et al.,
2018). We performed this test on the five GLUE
binary-classification tasks (i.e. excluding CoLA
because its WOS score is already at 0.99; Table 2).

Experiments Inspired by the fact that CoLA
models are highly sensitive to word order, we
finetuned the pretrained RoBERTa on a synthetic,
CoLA-like task first, before finetuning the model
on downstream tasks.

The synthetic task is to classify a single sentence
into “real” vs. “fake” where the latter is formed by
taking each real sentence and swapping two ran-
dom words in it. For every downstream task (e.g.
SST-2), we directly used its original training and
dev sets to construct a balanced, 2-class, synthetic
dataset. After finetuning the pretrained RoBERTa
on this synthetic binary classification task, we re-
initialized the classification layer (keeping the rest
unchanged) and continued finetuning it on a down-
stream task.

For both finetuning steps, we trained 5 models
per task and followed the standard BERT finetuning
procedure (described in Sec. 2.2).

Results After the first finetuning on synthetic
tasks, all models obtained a ∼99% training-set ac-
curacy and a ∼95% dev-set accuracy. After the
second finetuning on downstream tasks, we ob-
served that all models were substantially more

sensitive to word order, compared to the baseline
models (which were only finetuned on the down-
stream tasks). That is, we repeated the 1-gram
shuffling test (Sec. 3.1) and found a ∼1.5 to 2×
increase in the WOS scores of all models (see Table
4a vs. b).

GLUE dev-s (a) RoBERTa (b) Ours

Accuracy WOS Accuracy WOS

RTE 80.76 0.38 64.01 0.72 (+189%)

MRPC 83.86 0.32 72.88 0.54 (+169%)

SST-2 84.26 0.31 76.97 0.46 (+148%)

QQP 87.66 0.25 77.11 0.46 (+184%)

QNLI 91.09 0.18 82.44 0.35 (+194%)

Table 4: With finetuning on synthetic tasks, all of our
models (b) have a larger drop in accuracy on shuffled
dev-s examples, compared to the standard RoBERTa-
based classifiers (a). That is, our models are substan-
tially more sensitive to word-order randomization (i.e.
+148% to +194% in WOS scores).

GLUE On GLUE dev sets, on average over 5
runs, our models outperformed the RoBERTa base-
line on all tasks except for SST-2 (Table 5). The
highest improvement is in RTE (from 72.2% to
73.21% on average, and to 74.73% for the best sin-
gle model), which is consistent with the fact that
RTE has the highest WOS score among non-CoLA
tasks (Sec. 3.1).

SQuAD 2.0 Our models also outperformed the
RoBERTa baseline on the SQuAD 2.0 dev set, with
the highest F1 gain from 80.62% to 81.08% (Ta-
ble 5).

In sum, leveraging the insights that the original
BERT-based models are largely word-order invari-
ant, we showed that increasing model sensitivity
via a simple extra finetuning step directly improves
GLUE and SQuAD 2.0 performance.

4 Related Work

Pretrained BERT Lin et al. (2019) found that
positional information is encoded in the first there
layers of BERTbase and fades out starting layer
4. Ettinger (2020) found that BERT heavily relies
on word order when predicting missing words in
masked sentences from the CPRAG-102 dataset.
That is, shuffling words in the context sentence
caused the word-prediction accuracy to drop by
∼1.3 to 2×. While all above work studied the
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RTE QQP MRPC SST-2 QNLI SQuAD

(Acc) (Acc) (Acc) (Acc) (Acc) (F1)

RoBERTa 72.20 91.12 87.25 94.50 92.57 80.62

Our best 74.73 91.31 88.73 94.50 93.08 81.08
model +2.53 +0.19 +1.48 +0 +0.51 +0.46

Average 73.21 91.19 87.31 94.22 92.71 80.75
(5 runs) +1.01 +0.07 +0.06 -0.28 +0.14 +0.13

Table 5: Finetuning the pretrained RoBERTa on syn-
thetic tasks (before finetuning on the downstream tasks)
improved model dev-set performance on SQuAD 2.0
(b) and all the tested tasks in GLUE (a), except SST-2.

pretrained BERT, we instead study BERT-based
models finetuned on downstream tasks.

Word-ordering as an objective In text genera-
tion, Elman (1990) found that recurrent neural net-
works were sensitive to regularities in word order
in simple sentences. Language models (Mikolov
et al., 2010) with long short-term memory (LSTM)
units (Hochreiter and Schmidhuber, 1997) were
able to recover the original word order of a sen-
tence from randomly-shuffled words even with-
out any explicit syntactic information (Schmaltz
et al., 2016). Wang et al. 2020 also observed
an increase in GLUE performance after pretrain-
ing BERT with two additional objectives of word-
ordering and sentence-ordering. Their work differs
from ours in three points: (1) they did not study the
importance of word order alone; (2) StructBERT
improvements were inconsistent across tasks and
models (Table 2d) and motivated us to compare the
word-order importance between GLUE tasks; and
(3) we proposed to improve model performance by
finetuning not pretraining.

Word-order insensitivity in other NLP tasks
ML models have been shown to be insensitive to
word order in several NLP tasks such as reading
comprehension (Si et al., 2019; Sugawara et al.,
2020), dialog (Sankar et al., 2019), natural lan-
guage inference (Parikh et al., 2016; Sinha et al.,
2020), and essay scoring (Parekh et al., 2020). Zan-
zotto et al. 2020 found that for several text clas-
sification tasks, syntactic information was not al-
ways required. In word prediction, LSTMs and
pre-trained BERT were found to exhibit a certain
degree of insensitivity when the context words
are randomly shuffled (Khandelwal et al., 2018;
Mitchell and Bowers, 2020; Ettinger, 2020). Com-
pared to the prior work, we are the first to perform

a word-order analysis on a NLU benchmark and to
contrast this sensitivity across the tasks.

Humans can also be word-order invariant A
recent human study interestingly showed that sen-
tences with scrambled word orders elicit a response
as high as that elicited by original sentences as long
as the local mutual information among words is
high enough (Mollica et al., 2020). Gibson et al.
2013 found that humans can also exhibit word-
order-invariance effects, especially when one inter-
pretation is much more semantically plausible. Our
work therefore documents an important similarity
between humans and advanced NLU models.

Invariance to patch-order in computer vision
In computer vision, the accuracy of state-of-the-art
image classifiers was found to only drop marginally
when the patches in an image were randomly shuf-
fled (Chen et al., 2020; Zhang and Zhu, 2019).

5 Discussion and Conclusion

Consistently across three BERT variants and two
model sizes, we found that GLUE-trained BERT-
based models are often word-order invariant unless
explicitly asked for (e.g. in CoLA).

We present a reflection on the progress of NLU
by studying GLUE—a benchmark where humans
have been surpassed by many models in the past 18
months. As suggested by our work, these models;
however, may neither use syntactic information nor
complex reasoning. We revealed how self-attention,
a key building block in modern NLP, is being used
to extract superficial cues to solve sequence-pair
GLUE tasks even when words are out of order.

Adversarial NLI We also replicated our shuf-
fling experiments on ANLI (Nie et al., 2020), a
task considered challenging to existing models,
and where RoBERTa-based models only obtained
a 56% accuracy. We found RoBERTa-based mod-
els to remain not always sensitive to word-order
randomization on ANLI (Table A2; WOS of 0.63),
suggesting a common issue in existing benchmarks.
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A Self-attention layers that match
question-words to similar words in the
answer

QNLI models being so insensitive to word shuf-
fling (i.e. 89.4% of the correct predictions remain
correct) suggests that inside the finetuned BERT,
there might be a self-attention (SA) layer that ex-
tract pairs of similar words that appear in both the
question and answer.

We started by analyzing all 2,500 “positive”
dev-r examples (Table A4) of RoBERTa-based
classifiers trained on QNLI because there were
fewer and more consistent ways for labeling a sen-
tence “positive” than for the “negative” (shown in
Sec. 3.3).

Experiment There were 1,776 (out of 2,500) ex-
amples whose predictions did not change in 5 ran-
dom shufflings (a.k.a 5/5 subset). For each such ex-
ample, we followed the following 4 steps to identify
one SA matrix (among all 144 as the base model
has 12 layers & 12 heads per layer) that captures
the strongest attention connecting the question and
answer words.

1. Per example x, we created its shuffled version
x̂ by randomly shuffling words in the question
and fed x̂ into the classifier.

2. For each SA matrix obtained, we identified the
top-3 highest-attention weights that connect
the shuffled question tokens and the real an-
swer tokens (i.e. excluding attention weights
between question tokens or answer tokens
only).

3. For each shuffled example x̂, we identified
one matrix M whose the top-3 word pairs are
the nearest in Levenshtein character-level edit-
distance (NLTK). For instance, the distance is
1 between manage and managed (Fig. 4).

4. For each matrix M identified for x̂, we fed
the corresponding real example x through the
network and re-computed the edit-distance for
each of the top-3 word pairs.

Results At step 3, there were 1,590 SA matri-
ces (out of 1,776) whose the top-3 SA weights
connected three pairs of matching words (i.e. the
total edit-distance for 3 pairs together is ≤ 4)3 that

34 is a tight budget to account for minor typos or punctua-
tion differences e.g. “Amazon” vs. “Amazon’s”.

appear in both the shuffled question and original
answer (see example top-3 pairs in Fig. 4). At step
4, this number only dropped slightly to 1,453 ma-
trices when replacing the shuffled question by the
original one (see Table A1 for detailed statistics).

Sum
distance

(a) dev-s alone (b) dev-s & dev-r

# examples % # examples %

≤ 0 749 42.17 392 24.65

≤ 1 1,253 70.55 1,071 67.36

≤ 2 1,440 81.08 1,283 80.69

≤ 3 1,543 86.88 1,391 87.48

≤ 4 1,590 89.53 1,453 91.38

≤ 15 1,776 100.00 1,574 98.99

Total 1,776 100.00 1,590 100.00

Table A1: The number of QNLI examples where we
found≥ one self-attention matrix that the most strongly
attends to three pairs of matching words when given
the dev-s examples i.e. (modified question, real an-
swer) (a) or when given both the shuffled and real ex-
amples (b). In other words, the numbers in (b) de-
note the number of examples where (1) there exist
≥ 3 words, regardless of its word order, in the ques-
tion that can be found in the accompanying real an-
swer; and (2) these correspondences are captured
by at least one self-attention matrix. The sum edit-
distance for all 3 pairs of words are less than N where
N = {0, 1, 2, 3, 4, 15} (left column).

However, there are only 15 unique, RoBERTa
self-attention matrices in these 1,453 examples (see
Fig. A1). Also at step 4, 83% of the same word
pairs remained within the top-3 of the same SA
matrices, after question replacement, i.e. 17% of at-
tention changed to different pairs e.g. from (“man-
aged”, “manage”) to (“it”, “it”).

First, our results showed that there is a set of
15 self-attention heads explicitly tasked with cap-
turing question-to-answer word correspondence re-
gardless of word order. Second, for ∼58% (i.e.
1,453 / 2,500) of QNLI “positive” examples: (1)
there exist ≥ 3 words in the question that can
be found in the accompanying answer; and (2)
these correspondences are captured by at least
one of the 15 SA matrices. We also found simi-
lar results for 2,500 “negative” dev-r examples
(data not shown).
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(a) Histogram of self-attention matrices

(Layer, Head) # Examples %

(0, 3), (0, 4), (0, 7) 798 54.9%

(1, 8), (1, 9) 265 18.2%

(2, 2), (2, 4), (2, 6), (2, 10) 267 18.4%

(3, 4) 45 3.1%

(4, 6), (4, 9) 35 2.4%

(5, 6), (5, 9) 21 1.5%

(6, 2) 22 1.5%

Total 1,453 100%

(b) Layer-wise comparison

Figure A1: Among 144 self-attention matrices in the RoBERTa-based classifier finetuned for QNLI, there are 15
“word-matching” matrices (a) that explicitly attend to pairs of similar words that appear in both questions and
answers regardless of the order of words in the question (see example pairs in Fig. 4). For each QNLI example,
we identified one such matrix that exhibits the matching behavior the strongest (a). 92% of the task of attending to
duplicate words is mostly handled in the first three layers (b).

Model Task (a) Perf. on dev-r (b) Perf. on dev-s (c) Word-Order Sensitivity

Models Baseline 2-noun swap 1-gram 2-gram 3-gram 2-noun swap 1-gram 2-gram 3-gram

RoBERTabase ANLI 100 33.33 74.26 57.74 66.63 69.04 0.39 0.63 0.50 0.46

A1 100 33.33 81.46 63.31 71.52 75.37 0.28 0.55 0.43 0.37

A2 100 33.33 70.83 54.61 64.73 67.02 0.44 0.68 0.53 0.49

A3 100 33.33 70.50 55.29 63.63 64.73 0.55 0.67 0.55 0.53

RoBERTalarge ANLI 100 33.33 70.41 54.87 64.11 68.76 0.44 0.68 0.54 0.47

A1 100 33.33 78.06 60.31 70.57 75.86 0.33 0.6 0.44 0.36

A2 100 33.33 67.88 51.44 60.64 66.31 0.48 0.73 0.59 0.51

A3 100 33.33 65.30 52.85 61.11 64.10 0.52 0.71 0.58 0.54

Table A2: All results (a–c) of RoBERTabase and RoBERTalarge models finetuned on the combination of NLI datasets
(SNLI, MNLI, FEVER and ANLI) are reported on the ANLI dev-r sets (i.e. 100% accuracy) which includes A1,
A2 and A3 (a). The accuracies for RoBERTabase and RoBERTalarge on ANLI are 51.19% and 56.98%, respectively.
Each row is computed by averaging the results of 10 random shuffles. Word-Order Sensitivity (WOS) of ANLI
and its subsets (c). Since ANLI is 3-way classification task, the baseline is 33.33% (as described in Sec 2.3.1).

Dictionary Opinion Lexicon (Hu and Liu, 2004) SentiWords (Gatti et al., 2015)

(a) RoBERTa (b) ALBERT (c) RoBERTa (d) ALBERT

Total examples in subset 5/5 523 506 523 506
(“positive” / “negative”) (278 / 245) (228 / 278) (278 / 245) (228 / 278)

Not found in dictionary 223 / 523
(42.64%)

217 / 506
(42.89%)

110 / 523
(21.03%)

104 / 506
(20.55%)

Found in dictionary 300 / 523
(57.36%)

289 / 506
(57.11%)

413 / 523
(78.97%)

402 / 506
(79.45%)

P ( “positive” sentence | positive top-1 word ) 174 / 174
(100.00%)

143 / 144
(99.31%)

222 / 258
(86.05%)

186 / 215
(86.51%)

P ( “negative” sentence | negative top-1 word ) 119 / 126
(94.44%)

136 / 145
(93.79%)

145 / 155
(93.55%)

177 / 187
(94.65%)

Table A3: If the top-1 most important word in an SST-2 5/5 example has a positive meaning, then there
is a 100% chance that the sentence is labeled “positive” in SST-2. Similarly, the conditional probability of a
sentence being labeled “negative” given a negative most important word (by LIME Ribeiro et al. 2016) is 94.44%.
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LIME attributions (negative -1, neutral 0, positive +1)

CoLA example. Groundtruth: “acceptable”
S Medea denied poisoning the phoenix. “acceptable” 0.99

S1 poisoning the phoenix denied Medea. “acceptable” 0.53
S2 phoenix Medea denied the poisoning. “acceptable” 0.99
S3 Medea the poisoning phoenix denied. “unacceptable” 0.95
S4 phoenix Medea denied the poisoning. “unacceptable” 0.99
S5 Medea phoenix poisoning the denied. “unacceptable” 0.96

Figure A2: Each CoLA example contains a single sentence. Here, we shuffled the words in the original sentence (S)
five times to create five new sentences (S1 to S5) and fed them to a RoBERTa-based classifier for predictions. Words
that are important for or against the prediction (by LIME Ribeiro et al. 2016) are in orange and blue, respectively.
Most of the shuffled examples were classified into “unacceptable” label (i.e. grammatically incorrect) with even
higher confidence score than the original ones.

MRPC example. Groundtruth: “equivalent”
A My decision today is not based on any one event . ” “equivalent” 0.99
B Governor Rowland said his decision was ” not based on any one event . ”

A1 event any is one decision based on My today not . ” “equivalent” 0.98
B Governor Rowland said his decision was ” not based on any one event . ”

A2 one based today not any My on event is decision . ” “equivalent” 0.98
B Governor Rowland said his decision was ” not based on any one event . ”

Figure A3: Each MRPC example contains a pair of sentences i.e. (A, B). Here, we shuffled the words in the
original sentence (A) to create modified sentences (A1 & A2) and fed them together with the original second
sentence (B) to a RoBERTa-based classifier for predictions. Also, the classifier harnessed self-attention to detect
the correspondence between similar words that appear in both sentences. That is, the top-3 pairs of words that
were assigned the largest cross-sentence weights in a self-attention matrix (layer 0, head 7) are inside in the red,
green, and blue rectangles.

RTE example. Groundtruth: “entailment”
P About 33.5 million people live in this massive conurbation. I would guess that 95% of the 5,000

officially foreign-capital firms in Japan are based in Tokyo.
“entailment” 0.90

H About 33.5 miilion people live in Tokyo.

P About 33.5 million people live in this massive conurbation. I would guess that 95% of the
5,000 officially foreign-capital firms in Japan are based in Tokyo.

“entailment” 0.79

H1 people in miilion 33.5 live Tokyo About.

P About 33.5 million people live in this massive conurbation. I would guess that 95% of the
5,000 officially foreign-capital firms in Japan are based in Tokyo.

“entailment” 0.80

H2 33.5 in people About live Tokyo miilion.

Figure A4: Each RTE example contains a pair of premises and hypotheses i.e. (P, H). We shuffled the words
in the original hypothesis H to create modified hypotheses (H1 & H2) and fed them together with the original
premise (P) to a RoBERTa-based classifier for predictions. Also, the classifier harnessed self-attention to detect
the correspondence between similar words that appear in both the premise and hypothesis. That is, the top-3 pairs
of words that were assigned the largest premise-to-hypothesis weights in a self-attention matrix (layer 0, head 7)
are inside in the red, green, and blue rectangles.

1159



Task Name Task Type Label GLUE dev-set processing dev-r

(a) dev set (b) step 1 (c) step 2 (d) step 3 Total

CoLA Acceptability “unacceptable” 322 287 154 154 308
“acceptable” 721 675 638 154

RTE NLI “not entailment” 131 131 72 72 144
“entailment” 146 145 127 72

QQP Paraphrase “not duplicate” 25,545 22,907 20,943 12,683 25,366
“duplicate” 14,885 14,000 12,683 12,683

MRPC Paraphrase “not equivalent” 129 129 101 101 202
“equivalent” 279 279 255 101

SST-2 Sentiment “negative” 428 427 402 402 804
“positive” 444 443 420 402

QNLI NLI “not entailment” 2,761 2,741 2,500 2,500 5,000
“entailment” 2,702 2,690 2,527 2,500

STS-B Similarity N/A 1,500 1,498 N/A N/A 1,498

Table A4: The number of examples per class before (a) and after each of the three filtering steps to produce dev-r
sets (described in Sec. 2.3.2) for RoBERTa-based classifiers. For each task, we repeated the same procedure for
three sets of classifiers, for BERT-, RoBERTa-, ALBERT-based classifiers, respectively.

Model Task dev-r dev-s dev-s performance Word-Order Sensitivity

performance baseline 2-noun swap 1-gram 2-gram 3-gram 2-noun swap 1-gram 2-gram 3-gram

RoBERTalarge CoLA 100 50 70.80 51.40 55.62 57.98 0.58 0.97 0.89 0.84
RTE 100 50 82.29 73.85 80.42 83.75 0.35 0.52 0.39 0.33
SST-2 100 50 98.24 83.71 88.16 90.43 0.04 0.33 0.24 0.19
MRPC 100 50 98.54 85.53 88.64 90.49 0.03 0.29 0.23 0.19
QQP 100 50 87.13 86.84 90.65 92.60 0.26 0.26 0.19 0.15
QNLI 100 50 95.26 91.12 95.20 96.46 0.09 0.18 0.10 0.07
STS-B 90.43 N/A 88.95 85.47 87.20 87.98 N/A N/A N/A N/A

Table A5: Accuracy of all models on dev-s examples (created by shuffling n-grams and swapping 2 nouns) and
their Word-Order Sensitivity scores (∈ [0, 1]) across seven GLUE tasks. STS-B is a regression task and thus not
comparable in word-order sensitivity with the other tasks, which are binary classification.

GLUE dev set

Task CoLA RTE QQP MRPC SST-2 QNLI STS-B
(Acc) (Acc) (Acc) (Acc) (Acc) (Acc) (Spearman Corr)

RoBERTabase 82.56 72.20 91.12 87.25 94.50 92.57 90.17

ALBERTbase 81.21 72.20 90.25 87.99 91.40 91.78 90.82

BERTbase 81.89 64.25 90.81 85.54 92.09 91.38 88.49

RoBERTalarge 65.30 80.87 91.62 88.48 96.44 94.45 90.44

Average 82.78 72.38 90.95 87.32 93.61 92.55 89.98

Table A6: The dev-set performance of models finetuned from three different BERT “base” variants (12 self-
attention layers and 12 heads) and one RoBERTa “large” model (24 self-attention layers and 16 heads) on seven
GLUE tasks. These results match either those reported by original papers, Huggingface 2020 or GLUE leader-
board.
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Abstract
Existing conversational recommendation (CR)
systems usually suffer from insufficient item
information when conducted on short dia-
logue history and unfamiliar items. Incor-
porating external information (e.g., reviews)
is a potential solution to alleviate this prob-
lem. Given that reviews often provide a
rich and detailed user experience on differ-
ent interests, they are potential ideal resources
for providing high-quality recommendations
within an informative conversation. In this pa-
per, we design a novel end-to-end framework,
namely, Review-augmented Conversational
Recommender (RevCore), where reviews are
seamlessly incorporated to enrich item infor-
mation and assist in generating both coher-
ent and informative responses. In detail, we
extract sentiment-consistent reviews, perform
review-enriched and entity-based recommen-
dations for item suggestions, as well as use a
review-attentive encoder-decoder for response
generation. Experimental results demonstrate
the superiority of our approach in yielding bet-
ter performance on both recommendation and
conversation responding.1

1 Introduction

With the increasing popularity of intelligent as-
sistants in users’ daily lives, how to effectively
help users find information or finish specific tasks,
such as recommendation and booking, has tremen-
dous commercial potential. Therefore, conver-
sational recommendation (CR) systems have at-
tracted widespread attention for being a tool pro-
viding users potential items of interest through
dialogue-based interactions. Though existing stud-
ies (Sun and Zhang, 2018; Zhang et al., 2018;
Lei et al., 2020) proposed to integrate recom-
mender and dialogue components for providing

(�) Corresponding Author
1Our code will release in https://github.com/

JD-AI-Research-NLP/RevCore.

U1: Hi could you recommend a comedy? Something like The 
Heat or Bad Boys? Bad boys was a really fun movie to 
watch. It has some intense action sequences. 

S1: Great! Have you seen The Good Guys? With Will 
Ferrell and Mark Wahlberg. 

U2: No. I haven’t. Is it good?

S2: It’s great. One early particular scene in the movie in 
which Ferrell and Wahlberg argue over whether a 
lion or a tuna would win in a fight is so well. 

…

Conversational Recommendation

Figure 1: An illustrative example of a user-system con-
versation on movie recommendation. The additional
sentiment-matched reviews are in red. Items (movies)
and entities (e.g., actors) are in bold.

user-specific suggestions through conversations,
CR remains challengeable because (i) typical di-
alogues are short and lack sufficient item infor-
mation for user preference capturing (Chen et al.,
2019; Zhou et al., 2020), and (ii) difficulties exist in
generating informative responses with item-related
descriptions (Shao et al., 2017; Ghazvininejad et al.,
2018; Wang et al., 2019b). Thus, recently, external
information in the form of structured knowledge
graphs (KG) is introduced to enhance item repre-
sentations by using rich entity information in KG
(Chen et al., 2019; Zhou et al., 2020). While KG-
based methods improve CR to some extent, they
are still limited in (i) worse versatility resulted from
a high cost of KG construction; and (ii) inadequate
integration of knowledge and response generation
(Lin et al., 2020).

Given that, nowadays, users are greatly encour-
aged to share their consumption experience (e.g.,
restaurant, traveling, movie, etc.), reviews are eas-
ily accessed over the internet. Such reviews often
provide rich and detailed user comments on differ-
ent factors of interest, which are crucial in suggest-
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U1: Hi could you recommend a comedy? 
Something like The Heat or Bad Boys?

S1: Great! Have you seen The Good Guys? 
With Will Ferrell and Mark Wahlberg. 

U2: No. I haven’t. Is it good?

S2: Yup I really liked it. 

S3: I guess I am. 

…
U3: Ok. You must be a big Will Ferrell fan. 

Sounds goo though. 

…
Conversation Context

Reviews

Will Ferrell

Context

Reviews

Context

Reviews

copy 
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Context
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…

Director Paul Feig, whose Bridesmaids upended 
notions of what a raunchy ensemble comedy 
could be, does it again here with another genre.

McCarthy's an actress who needs a foil, and for 
now Bullock is more than good enough. I wish 
these two had found each other 10 years ago.

The Heat (2013): 

…

Recommendation Component

Conversation Component

Headhunter

Old School

Wall-E

Bad Boys

…
…

…

FFN

Transformer

review emb sf

sf

sf sf

Figure 2: The overview of the proposed method in a movie recommendation scenario, where “emb”, “SA”, “CA”,
and “sf” denote embedding, self-attention, cross-attention, and softmax operation, respectively.

ing recommendations to particular users. Thus one
can treat reviews as promising external sources for
higher-quality recommendations in a conversation.
As an example shown in Figure 1, the CR system
may be unfamiliar with the mentioned items from
the user, resulting in an uninformative response
“It’s great.”, thus the chat does not help with recom-
mendation owing to lacking necessary knowledge.
In addition, another factor resulting in users’ lower
acceptance rates to the recommendations is that
elaborations on the suggestion are seldom given,
which can be alleviated with more explanatory or
descriptive utterances after referring to reviews.

Therefore, in better linking external knowledge
to recommendation in dialogues, in this paper, we
propose a novel framework, Review-augmented
Conversational Recommender (RevCore), to en-
hance CR by additional review data. In doing so,
we firstly analyze user’s utterances with their sen-
timent polarities and then retrieve reviews for the
items mentioned by the user with keeping their sen-
timent matching the utterances (e.g., they should be
both positive or negative). The obtained reviews are
thus recommendation-beneficial (He et al., 2015;
Hariri et al., 2011) because they are given by the
ones who have seen/used and also show interests
(or with no interests) in the mentioned items. Af-
terward, we incorporate the selected reviews into
dialogue history, from which the CR system can
learn user preference from review-enriched item
information. In addition, we also use the sentiment-
coordinated reviews to enhance the dialogue re-
sponse generation, where a review-attentive de-
coder introduces item information from selected

reviews to generate coherent and informative re-
sponses. To the best of our knowledge, it is the first
time that the aforementioned CR issues have been
addressed through incorporating external reviews.
Experimental results on a widely used benchmark
dataset (Li et al., 2018) show that RevCore is supe-
rior on both recommendation accuracy and conver-
sation quality. Further analyses are also performed
to confirm the effectiveness of RevCore in an ap-
propriate manner of introducing reviews to CR.

2 The Proposed Framework

We present the proposed Review-augmented
Conversational Recommender (RevCore) with its
overview illustrated in Figure 2, where there are
three main components, i.e., the review retrieval
module, the recommendation component, and the
conversation component. The review retrieval mod-
ule takes a conversation context C as the input
and outputs the selected review set R from the
review database Rdb which contains all reviews.
The context C = {st}Nt=1 consists of all utterances
st of the dialogue history given by the user and
system in turns, and the review set R includes all
review sentence r ∈ Rdb retrieved according to the
contexts in previous turns. With C and R as the
input, the recommendation component outputs a
set of items from the candidate item set Z as the
recommendation. The dialogue component also
accepts C and R as input, and outputs an utterance
st+1 = {wi}Mi=1 as the response, where wi is the
ith word and M the length of st+1. The output
st+1 is added to the context of the next turn.

We first introduce how to retrieve proper reviews
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from a database in the following Section 2.1. Then
our solutions to the recommendation and conver-
sation tasks are described in Section 2.2 and Sec-
tion 2.3 respectively, along with detailed illustra-
tions of how reviews enhance both two tasks. With-
out the loss of generality, our method is introduced
in a movie recommendation scenario.

2.1 Review Retrieval

To help dialogue with reviews, given Rdb, it is
of great importance to retrieve proper ones. The
reasons are two folds: (i) non-relevant reviews may
result in harmful effects to the user representation;
(ii) reviews with inconsistent altitudes inject noise
into the conversation, which impedes generating
coherent responses. Then, a preliminary retrieval
is to search inRdb for proper reviews according to
the mentioned item in the conversation context C.
For review filtering, we design a sentiment-aware
retrieval module. The sentiment value v ∈ [0, 1]
of each review r can be captured by a transformer-
based sentiment predictor:

v = Sentiment(r), r ∈ Rdb, (1)

where Sentiment(·) denotes sentiment prediction,
and v can be viewed as how well the movie is liked
in this review r. Similarly, the sentiment of a re-
sponse to this movie can also be obtained in this
way. As a result, reviews that possess similar senti-
ment polarity v∗ with the response are selected.

Considering helpful reviews are usually long
paragraphs, we only retain part of them, one sen-
tence, for each mentioned movie. Given a con-
text C, there exist two manners to select the sen-
tences r(C) from the raw reviews, word-wisely (or
phrase-wisely) and sentence-wisely. The first one
randomly chooses some words or phrases to form
each “sentence”, and one whole sentence is directly
selected at random in a second way. Despite the ex-
pense of sentence fluency, the first manner enjoys
much variability due to the extensive word/phrase
combinations. The process to obtain r(C) can be
formulated as follows:

r(C) = Retrieve(Rdb, V, v∗), (2)

where Retrieve(·) denotes the retrieval operation
and V is the set of all v. The obtained r(C) is added
into the review set R.

With the retrieved review sentence, one way of
incorporation is to briefly insert it right behind the
sentence where the item is, as in Fig. 1. However,
it may cause the perturbation to the conversational

consistency by interrupting the original dialogue.
Thus we seamlessly incorporate the review embed-
ding into the conversation component, which is
described in Section. 2.3. More importantly, the
review sentence serves as a brief introduction or ex-
planation to the mentioned movie. It enriches user
information for personalized recommendations and
introduces external knowledge for more informa-
tive recommendation responses.

2.2 Review-augmented Recommendation

The recommender component is constructed based
on a KG-based framework (Zhou et al., 2020), with
all entities in the context are extracted to generate
the embedding of a user profile. In our method, the
retrieved reviews work on enriching entity informa-
tion so that the user embedding can be augmented
to promote recommendation accuracy.

Similar to the approach in Zhou et al. (2020),
a candidate entity embedding dictionary E is con-
structed first by using GNN to learn entity repre-
sentations from KG, e.g., DBpedia (Auer et al.,
2007). Given a context C, all entities E(C) in it
are extracted. Then the embedding vectors of them
are looked up from E and concatenated into a ma-
trix E(C) ∈ Rl(C)×d, where l(C) is the number of
entities in the context C, and d denotes the embed-
ding dimension. Next, the entity embedding E(C)

is aggregated into a user embedding vector u(C),
through a self-attention layer (SA) as follows:

u(C) = E(C) ·α,
α = softmax(b> · tanh(WαE

(C))),
(3)

where α is the attention weight vector, and Wα

and b are the parameter matrix and vector for linear
projection and bias. Given u(C), a multi-layer per-
ceptron (MLP) and a softmax operation are adopted
to obtain the recommendation prediction p ∈ RL,
where L is the number of candidate movies:

p = softmax(MLP(u(C))). (4)

To learn parameters in the recommender compo-
nent, a cross-entropy loss Lrec between the predic-
tion p and the target movie category is computed:

Lrec = −
1

M

M∑

i=1

log p∗i , (5)

whereM is the number of recommendations and p∗i
is the prediction probability of the target category
in the ith recommendation.
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The pipeline described above suffers from the
entity sparsity in dialogue history, resulted from
the dataset construction process, where annotators
are inevitably unfamiliar with some movies. Re-
trieved reviews can act to enrich theE(C) by adding
more entity words.The process of obtaining review-
enriched entities can be formulated as:

E
(C)
C = Extract(C),

E
(C)
R = Extract(R(C)),

E(C) = {E(C)
C , E

(C)
R },

(6)

where extract(·) defines the entity extraction op-
eration, and E(C)

c , E(C)
r denotes entities extracted

from the context and retrieved review, respectively.
Based on the review-enriched entities, the user em-
bedding is expected to be better represented to pro-
duce a more precise recommendation.

2.3 Review-augmented Response Generation

Reviews can also augment the response genera-
tion in the conversation component. We build an
encoder-decoder framework to handle the gener-
ation task. Retrieved reviews and context are en-
coded separately first, for the purpose of maintain-
ing the dialog consistency. In the decoding stage,
the review embedding is fused via an attention layer
to generate informative responses. Considering that
a good modeling of the input plays an important
role to achieve an outstanding model performance
(Mikolov et al., 2013; Song and Shi, 2018; Peters
et al., 2018; Devlin et al., 2019; Song et al., 2021)
and transformer-based approaches have achieved
state-of-the-art in many NLP tasks (Vaswani et al.,
2017; Chen et al., 2019; Zhou et al., 2020; Chen
et al., 2020a; Joshi et al., 2020; Wang et al., 2020;
Tian et al., 2020), we adopt two transformers as the
encoders for context and reviews. Given a context
C and the retrieved reviews R, the context embed-
ding X(C) and review embedding R(C) are first
obtained:

X(C) = TransformerθX (C),

R(C) = TransformerθR(R),
(7)

where θX ,θR are parameters in these two trans-
formers. The decoding stage takes them and the
entity embedding E(C) as inputs of attention layers.
These attention layers aim to fuse the external in-
formation from KG and reviews R into the context
information, inspired by the work of Zhou et al.
(2020). Given the decoding output of last time unit

Yi−1, the current one Yi is generated by:

Ai
0 = MHA(Yi−1,Yi−1,Yi−1),

Ai
1 = MHA(Ai

0,X
(C),X(C)),

Ai
2 = MHA(Ai

1,E
(C),E(C)),

Ai
3 = MHA(Ai

2,R
(C),R(C)),

Yi = FFN(Ai
3),

(8)

where MHA(Q,K,V) represents the multi-head
attention function (Vaswani et al., 2017), which
takes a query, key, and value as input:

MHA(Q,K,V) = [h1, · · · ,hh] ·Wo,

hi = Attention(QW
(q)
i ,KW

(k)
i ,VW

(v)
i ),

(9)

where [·] represents the concatenation operation, h
is the number of heads, and Wi is the parameter
matrix to learn. FFN(·) in Equation 8 defines a
fully-connected feed-forward network, which com-
prises of two linear layers with one ReLU activa-
tion layer in between:

FFN(x) = ReLU(xW1 + b1)W2 + b2. (10)

As presented above, information is injected progres-
sively into the decoding stage, from the original
context at first, then related entity information in
KG, and finally reviews, which contain detailed
item-related information.

To complete the generation, the decoder output
Yi is processed through a softmax operation to pre-
dict the token distribution. Apart from the conversa-
tional consistency required in the chit-chat task, the
CR system also expects recommendation-related
responses, which usually contain relevant entities
and descriptive keywords. So a copy mechanism
is further adapted to introduce vocabulary bias and
thus increase the informativeness in the genera-
tion. Given the previous generated sub-sequence
{yi−1} = y1, y2, · · · , yi−1, the generation prob-
ability yi of the next token can be computed as:

Pr(yi|{yi−1}) = Pr1(yi|Yi) + Pr2(yi|Yi, G)+

Pr3(yi|Yi, R),
(11)

where Pr1(·) is a generation probability function
over the vocabulary, with Yi as the input. G and R
represents the knowledge graph and reviews we use.
Pr2(·), Pr3(·) are copy probability functions from
KG entities and reviews, respectively, implemented
by a standard copy mechanism (Gulcehre et al.,
2016) (computing the distributions over the KG
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words or review words). Both probability functions
are implemented with a softmax operation. To learn
the response generation in the dialogue component,
we set a cross-entropy loss:

Lgen = − 1

N

N∑

t=1

log
(
Pr(st|s1, · · ·, st−1)

)
, (12)

where N is the number of turns, st represents the
tth utterance in the conversation.

To train the whole model, it includes three steps:
(i) pre-training the sentiment predictor in the review
retrieval module; (ii) training the recommender
component by minimizing Lrec; (iii) training the
dialogue component by minimizing Lgen.

3 Experiment Settings

3.1 Dataset

REDIAL (Li et al., 2018) is a widely-used dataset
of real-world conversations around the theme of
providing movie recommendations generated by
the human in seeker-recommender pairs. REDIAL
contains 10,021 conversations related to 64,362
movies, split into training, validation, and test sets
using a ratio of 8:1:12. To construct a review
database, we crawled 30 reviews for each movie
from IMDb3 website, which is one of the most
popular and authoritative movie databases. Each
review can be queried according to the correspond-
ing movie along with its rating and helpful score
provided by IMDb. In practice, we select the 30
reviews with the highest helpful scores for each
movie to guarantee the high quality of collected
reviews. Other manners of selecting the 30 reviews
are described and compared in the second part of
Section 4.4.

3.2 Implementation Details

The maximum lengths of context and response are
set to 256 and 30, respectively. Transformers for
review encoding in dialogue generation and sen-
timent prediction use the same hyper-parameters
with the context encoder. For sentiment polarity
in the reviews, we threshold on the star-rating to
getting sentiment polarity with the threshold set to
5. In the dialogue context, the sentiment polarity
is obtained according to users’ attitude to the men-
tioned entity in utterances, which is provided by the
REDIAL dataset. Other settings are kept consistent

2More statistics presents in appendix A.
3https://www.imdb.com/

with Zhou et al. (2020) for fair comparison4. Be-
sides, the “review sentence” is selected according
to the sentiment value and in a sentence-wise man-
ner, and the token number of incorporated review
sentences is set to 20, considering the balance be-
tween the original source and external source. We
add the retrieved review sentences after the men-
tioned items in the dialogue component training to
guide it to generate review-aware responses. The
sentiment predictor for reviews is trained on the
collected reviews. The sentiment predictor for dia-
log context is trained on the IMDb Movie Reviews
Dataset (Maas et al., 2011) and then finetuned on
the REDIAL dataset.

3.3 Baselines
Evaluated on the REDIAL dataset, we compare our
approach with a variety of competitive baselines
from previous studies listed as follows:

• Trans (Vaswani et al., 2017) applies a encoder-
decoder framework based on transformer for gen-
eration, and applies a transformer encoder to en-
code context information for recommendation.

• Redial (Li et al., 2018) builds a conversation
component based on a hierarchical encoder-
decoder architecture, and its recommender com-
ponent is implemented by an auto-encoder ex-
tended with a RNN-based sentiment analysis
module.

• KBRD (Chen et al., 2019) adopts DBpedia-
enhanced contextual items or entities to con-
struct user profile for recommendation. The KG-
enhanced user profile also serves as word bias
for the transformer-based generation module.

• KGSF (Zhou et al., 2020) uses MIM (Viola and
Wells III, 1997) to align the semantic spaces of
two KGs. The user embedding is obtained from
the aligned representations of words and items
for recommendation. The generation module
follows a transformer encoder and a fused KG
enhanced decoder.

3.4 Evaluation Metrics
Our method is evaluated on both the recommenda-
tion and conversation tasks. The evaluation metric
for recommendation is Recall@k (R@k, k = 1,
10, 50), which indicates whether the predicted top-
k items contain the ground truth recommendation

4More details of hyper-parameters and training strategies
are described in Appendix B; the size of different models and
their inference speed are reported in Appendix C.
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Models R@1 R@10 R@50

Redial 2.4 14.0 32.0
KBRD 3.1 15.0 33.6
KGSF 3.9 18.3 37.8
RevCore (−KG) 4.2 22.7 43.3
RevCore (+KG) 6.1 23.6 45.4

Table 1: Results on the recommendation task. Best re-
sults are in bold.

provided by human recommenders. Conversation
evaluation comprises automatic and human eval-
uation. The metrics for automatic evaluation are
perplexity (PPL) (Jelinek et al., 1977) and distinct
n-gram (Dist-n, n = 2, 3, 4) (Li et al., 2016). Per-
plexity is a measurement for the fluency of natural
language, where lower perplexity refers to higher
fluency. Distinct n-gram is a measurement for the
diversity of generated utterances. Specifically, we
use distinct 3-gram and 4-gram at the sentence level
to evaluate the diversity. The main purpose of our
dialog component is a successful recommendation
rather than imitating the ground truth responses.
Therefore, we provide annotators to manually eval-
uate the results instead of using BLEU scores. The
annotators evaluate the quality of generated dia-
logue responses from 3 aspects, i.e., coherence,
fluency, and informativeness, with each score rang-
ing from 0 to 1.

4 Results and Analysis

4.1 Evaluation on Recommendation Task
For the recommendation task, we adopt Recall@k
(R@1, R@10, R@50) for evaluation. As the results
summarized in Table 1, our approach outperforms
all competitive baselines and achieves 5.9% R@1,
24.0% R@10, and 41.3% R@50, which is the state-
of-the-art performance on the REDIAL dataset.5

Compared with KGSF, RevCore (+KG) achieves
significant improvements, with R@1 score im-
proved about 156% (absolutely 2.2), R@50 score
improved about 129% (absolutely 4.5), and R@50
score improved about 120% (absolutely 7.6).

We also evaluate the performance of RevCore
(−KG), which means the construction of E re-
moves relation between entities. Instead, an embed-
ding matrix is randomly initialized and learned to
represent each entity, without using the GNN-based

5We report the performance of different models on the
validation sets in Appendix D and the mean and standard
deviation of the test set results in Appendix E.

Models Dist-2 Dist-3 Dist-4 PPL

Trans 0.148 0.151 0.137 17.0
Redial 0.225 0.236 0.228 28.1
KBRD 0.263 0.368 0.423 17.9
KGSF 0.289 0.434 0.519 9.8
RevCore (−KG) 0.373 0.527 0.615 10.7
RevCore (+KG) 0.424 0.558 0.612 10.2

Table 2: Results on the conversation task. Best results
are in bold.

embedding. In this version, the external knowl-
edge source we introduce is reduced to review
only. As the result in the last two rows of Table 1,
RevCore (−KG) can achieve competitive results
with RevCore (+KG), and outperform KGSF that
uses two KGs. According to our observation, al-
though the learning of entity representation is made
harder without structured knowledge graphs, the
enrichment of dialogue history by reviews makes
up the embedding learning. It demonstrates that
incorporating reviews is a meaningful method to
improve the recommendation in the conversation.
We hope this result inspire further research.

4.2 Evaluation on Conversation Task

Automatic Evaluation The results of automatic
evaluation on the REDIAL dataset summarize in
Table 2. The proposed RevCore outperforms all
competitive baselines and achieves significant im-
provements over most of the automatic metrics.
Compared with KGSF, all of the Dist-n scores
are significantly lifted, namely, by +0.14 for Dist-
2, +0.11 for Dist-3, and +0.08 for Dist-4, which
demonstrates our method is effective to gener-
ate diverse utterances. Besides, RevCore (+KG)
achieves a comparable PPL score with KGSF. It
validates our claim that the review incorporation
in our method does not cause a decline in gener-
ation fluency. The lower PPL score of RevCore
(+KG) possibly relates to the high fluency con-
tained in incorporated reviews that carefully in-
duct by website users. For the version of RevCore
(−KG), it achieves higher Dist-n scores than KGSF
and only results in a slight drop compared with
RevCore (+KG). It demonstrates that reviews com-
pared with KG bring more diversity as a richer and
more accessible external source.

Human Evaluation We adopt human evaluation
on a random selection of 100 multi-turn dialogues
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Models Coherence Fluency Informat

Trans 0.189 0.226 0.115
Redial 0.225 0.455 0.228
KBRD 0.263 0.468 0.283
KGSF 0.324 0.502 0.332
RevCore (−KG) 0.556 0.493 0.682
RevCore (+KG) 0.601 0.567 0.718

Table 3: Human evaluation results. “Informat” denotes
informativeness. Best results are in bold.

Models Dist-2 Dist-3 Dist-4 PPL

RevCore (+KG) 0.424 0.558 0.612 10.2
−revCP 0.353 0.443 0.503 10.0
−revRA 0.328 0.428 0.516 13.2
−revEN 0.394 0.534 0.586 10.8

Table 4: Ablation study on the conversation task.

from the testing set. Given one dialogue context,
each generated response is scored ranging from 0
to 1, with a higher value indicating a more coherent,
fluent, and informative utterance. The final result is
calculated as the average score of three annotators,
as summarized in Table 3. The proposed RevCore
(with or without KG) is consistently better than all
the baselines, especially on the metric of informa-
tiveness in a large margin. It further proves the
effectiveness of our method, and also verifies its
superiority in numerical results.

Ablation Study We demonstrate the contribu-
tion of each part on the conversation task by con-
structing an ablation study based on three variants
of our complete model, including: (1) RevCore
(−revCP) by removing the copy mechanism for
reviews, (2) RevCore (−revRA) by removing the
review attention layers from the transformer de-
coder, and (3) RevCore (−revEN) by removing the
sentiment-aware review encoder (the reviews share
the same encoder with the context). As shown
in Table 4, first, all the techniques are useful to
improve the final performance in generating diver-
sified utterances. Besides, the copy mechanism and
the review attention layers seem to be more impor-
tant in conversation diversity. One of the potential
reasons is that these two components are directly
related to the decoding stage. Separated encoders
for review and context lead to a slight increment,
which shows that sharing a common encoder is an
alternative solution.

Len
Recommendation Conversation

R@1 R@10 R@50 Dist-3 Dist-4 PPL

10 4.5 21.8 37.0 0.491 0.564 10.2
20 6.1 23.6 45.4 0.558 0.612 10.2
30 4.7 22.0 41.3 0.263 0.426 13.1
40 5.8 21.3 41.3 0.289 0.439 14.0
50 5.1 22.3 40.8 0.304 0.520 13.8

Table 5: Performance of RevCore when incorpo-
rating review sentences with different length (Len).
Best results are in bold.

4.3 Case Study

In this part, we present a visualized example to il-
lustrate how our model works in practice, as shown
in Figure 3. First, the sentiment-aware review re-
trieval module guarantees the coherence of incor-
porating reviews to some extent, for example in
Figure 3, negative comments (the last row for the
movie The Notebook) are filtered out considering
the positive attitude in the original utterance. Sec-
ondly, incorporated reviews exactly enrich the con-
text for better recommendation. As seen in the first
yellow frame, many entities like “Roshan Andrews”
mentioned in the review are added into the entity
set. Note that some other entities are also added
from the reviews that are incorporated into users’
utterances as described in Section 2, which is not vi-
sualized here but brings recommendation accuracy
improvement as well. Last but not least, the gen-
erated responses are more informative to use more
varied expressions like “the magic spell” and “the
sultry dance”. Besides, they uncover more details
related to the movie that acts as explanatory sen-
tences that make recommendations accepted more
easily and naturally.

4.4 Discussion

Longer Review, Better Performance? In our
basic setting, each retrieved review sentence is
formed by 20 words. We conduct a series of ex-
periments by setting the length of retrieved review
sentences as 10, 20, 30, 40, and 50 to inspect the ef-
fect of review length. The results of using different
lengths are shown in Table 5, among which 20 is
the best across all metrics. An interesting finding is
that continually increasing the review length makes
no benefits after reaching 20. Over introducing
external text may suppress original text, thus 20 is
a better choice to keep the balance between them.

1167



…

U2: Oh yes, I have seen it, that was a tear jerker. 
I loved Notebook too. I never saw Dirty Dancing. 

U1: I’m great! Looking for a good romantic movie.

S1: Oh nice! I love a good romantic movie called 
The Notebook. Notebook brought to life with the 
magical spell of Director Roshan Andrews. Have 
you seen it? Another my favorite one would be 
Dirty Dancing. Jennifer Grey and Patrick Swayze 
make movie magic with the sultry dance moves.

S2: Another classic one I like would be Sleepless in 
Seattle. One of my favorite Tom Hanks movies. I 
don't own many romantic comedies. But this one 
is in my collection. If you haven't seen it, you can 
check it out. 

U3: Wonderful! I 'll have to check that out. 

The Notebook
5: Story wise it will be an all new experience for Malayalam …
9: Notebook is the story of teenagers, brought to life with …
2: There is a lengthy episode involving a student, Feroze, …

Dirty Dancing
9: Jennifer Grey and Patrick Swayze make movie magic …
9: This is one of those rare films that needs a 30 year break …
6: What movie has all the elements of a guilty pleasure? I …

Sleepless in Seattle
7: One of my favorite Tom Hanks movies. I don't own many …
9: You could have had a big, romantic, tear-jerking moment …
0: I see a lot of comments about romance ... so a woman …

Review Retrieval

romantic

add: 
The Notebook
R. Andrews
Dirty Dancing
J. Grey
P. Swayze

add: 

add: 
classic
Sleepless in …
Tom Hanks
comedies

None

Dialog Generation Entities Recommend

The Notebook
Dirty Dancing

Sleepless in …

Moulin Rouge!
Before Sunrise
An Officer …
…

Splash
Love Story
Udayananu …

End

…

Figure 3: Case study. U(i) (green) and S(i) (yellow) represent user and system, respectively. In the “Dialogue
Generation”, items are marked in blue font, explanatory sentences are in red. Items are in bold font in “Entities”
frames. In “Recommend” frames, a darker color represents a higher probability. “Review Retrieval” gives retrieved
review examples, with their sentiment value (0-9) at the most left, and the selected reviews are in bold.

Method
Recommendation Conversation

R@1 R@10 R@50 Dist-3 Dist-4 PPL

iCorpus 2.1 8.5 20.3 0.430 0.555 11.2
R-H-W 2.3 10.7 25.2 0.307 0.347 10.9
C-H-W 5.4 23.3 42.9 0.471 0.559 13.1
C-H-S 4.2 22.4 39.4 0.534 0.586 11.4
C-S-S 6.1 23.6 45.4 0.558 0.612 10.2

Table 6: Results of various retrieval strategies. Three
characters from left to right represent three factors:
(i) C/R: correctly/randomly matched movie-review
pairs; (ii) S/H: ranking by sentiment value or help-
ful score respectively; (iii) S/W: sentence/word-wise
manner. “iCorpus” indicates using irrelevant corpus.
Best results are in bold.

Appropriate Reviews Help More? The “review
sentence” are obtained from a 3-stage process,
namely, searching item-matched reviews from the
database, ranking them by the helpful score or sen-
timent value, and constructing “review sentence”
word-wisely or sentence-wisely. Therefore, we
conduct control experiments to inspect these three
factors. As shown in Table 6, (i) using reviews
randomly matched with items (R-H-W) results in
significantly lower R@k and Dist-n scores; (ii)
ranking by sentiment value (C-S-S) leads to bet-
ter performance across all metrics than by helpful
score (C-H-S), which demonstrates the necessity
of using sentiment-aware review retrieval; (iii) the
sentence-wise manner (C-H-S) gets a lower PPL
than the word-wise one (C-H-W), which is reason-
able because the incorporated reviews made up of

random words causes the fluency loss. Besides,
another experiment is conducted to verify the ne-
cessity of using a movie-review database. A food-
review database is constructed as a topic-irrelevant
corpus (iCorpus), which results in the lowest R@k
yet not bad Dist-n scores. It shows that despite the
response diversity brought by the external corpus,
the unrelated entities from another domain have
negative impacts on the recommendation accuracy.

5 Related Work

Recommender systems have emerged as a sepa-
rate research area and now play an indispensable
role in daily social lives. Traditional recommender
systems tend to work statically, primarily relying
on content-based approaches or the collaborative
filtering hypothesis (Resnick et al., 1994; Pazzani
and Billsus, 2007; Wang et al., 2019b), which as-
sumes that similar users may have similar inter-
ests. Afterward, more sophisticated methods using
neural networks are proposed and prove effective.
For instance, neural factorization machines (He
and Chua, 2017) and deep interest networks (Zhou
et al., 2018) are used to estimate user preferences
based on historical user-item interactions. Graphs
are adopted in Wang et al. (2019b,a) to model com-
plex relations among users, items, and attributes
for a better representation of data.

In recent years, major advances made in dialog
systems (Dodge et al., 2016; Yan et al., 2016; Benni
et al., 2016; Bordes et al., 2017; Song et al., 2020)
and structured knowledge-based info-seeking tech-
nics including question answering (Bao et al., 2014,
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2016; Yin et al., 2015; Yih et al., 2015; Shao
et al., 2019) and question generation (Serban et al.,
2016; Bao et al., 2018; Dušek et al., 2020) have
encouraged the development of conversational
recommendation systems, which dynamically ob-
tain user preferences through interactive conversa-
tion with users. Multiple datasets have been con-
structed (Dodge et al., 2016; Li et al., 2018; Kang
et al., 2019) to facilitate the study of this task. Li
et al. (2018) collect a standard human-to-human
multi-turn dialog dataset focusing on providing
movie recommendations. Based on these datasets,
various approaches are proposed to address dif-
ferent issues in CR systems. Specifically, exter-
nal information is introduced to alleviate the cold-
start problem, including knowledge bases (Wang
et al., 2018), social networks (Daramola et al.),
and knowledge graphs (Chen et al., 2019). Chris-
takopoulou et al. (2016) use bandit-based explore-
exploit strategy to minimize the number of user
queries. Liu et al. (2020) conduct multi-goal plan-
ning to make a proactive conversational recommen-
dation over multi-type dialogues. A multi-view
method is proposed in Chen et al. (2020b) for the
explainable conversational recommendation. The
work of Pecune et al. (2020) builds a socially aware
CR system engaging its users through a rapport-
building dialogue to improve users’ perception.

Different from all aforementioned previous
work, we offer an alternative to AIG with an aug-
mented conversational recommendation system by
incorporating reviews that highly relevant to items.
Particularly, our model is able to learn better user
representations from a review-enriched dialogue
context, which enables a high-quality recommen-
dation and response generation.

6 Conclusion

In this paper, we proposed a novel CR framework
with review augmentation, including a sentiment-
aware retrieval module, a recommender exploit-
ing the review-enriched user profile, an encoder
for enhancing semantic embedding of selected re-
views, and a review attentive decoder to integrate
review information for dialogue response genera-
tion. Experimental results show that our approach
achieves consistent and significant improvements
of both recommendation and dialogue responding
over baselines, and is able to generate informative
responses without losing fluency and coherence.
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A Statistics for Conversation Dataset
and Reviews

Conversations in the REDIAL dataset consist of
163,820 utterances, of which 15.80% have re-
views added. The vocabulary size of REDIAL
is increased by 13.14% (from 23,356 to 26,427).
Among the mentioned 6,927 movies in all conver-
sations, 40% of them are randomly chosen and
linked with reviews to keep the balance between
the original source and external source. We count
the ratio of “disliked” movies by the recommender
to explain the improvements brought by doing
sentiment-aware retrieval when incorporating re-
views. We also show the ratio of unseen movies by
the recommender to show the need of introducing
reviews to “talk more”. Comprehensive statistics
are listed in Table 7.

B Experiment Details

Hyper-parameter Settings For a fair compari-
son, most hyper-parameters are kept consistent
with KGSF. We did not search for more hyper-
parameters combinations to achieve additional im-
provements apart from our main idea. The shared
hyper-parameters include: embedding dimension
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Items Statistic Items Statistic

Dialogues 10,021 Cnd Movies 64,368
Utterances 163,820 Mnt Movies 6,924
+reviews 25,884 +reviews 2,711

Disliked 4.9% Not Seen 31.9%
Liked 81.2% Seen 61.3%
Did not say 13.9% Did not say 6.8%

Table 7: Statistics for the REDIAL dataset with in-
corporated reviews. “Cnd” denotes “Candidate”, and
“Mnt” denotes “Mentioned” to indicate the movies that
mentioned in the conversations.

Models Param Tra Time Inf Time

KGSF 130.51 4979.88 65.30
RevCore (−KG) 71.12 1045.65 59.57
RevCore (+KG) 133.30 3308.28 51.46

Table 8: Comparison of three models on the number
of parameters (million), training (“Tra”) time for 30
epochs (second), and inference (“Inf”) time (second).

set as 128 in the recommender component and 300
in the dialogue component, the layer number of
both GNN in the KG module as 1, the batch size as
32, word embedding initialization via word2vec6,
the optimizer as Adam, the learning rate as 0.001,
the epoch number as 30, etc.

Training Strategies To train the whole model,
three steps are included: (i) pre-training the senti-
ment predictor in the review retrieval module; (ii)
training the recommender component by minimiz-
ing Lrec; (iii) training the dialogue component by
minimizing Lgen. In the first step, the predictor
takes each sentence in the review as input and out-
puts the sentiment, with the corresponding rating
set as the label. In the second and third steps, our
implementation refers to the training algorithm for
the KGSF model. It first pre-trains the parameters
in KG for entity representation by minimizing the
Mutual Information Maximization loss between
two KG embedding, then trains the recommender
component by minimizing the recommendation
loss and also updating the parameters in the KG
module, and finally the dialogue component by
minimizing the generation loss with all other mod-
ules’ parameters “frozen”.

6https://radimrehurek.com/gensim/
models/word2vec.html

Metrics
RevCore (+KG) RevCore (−KG)

Val Test Val Test

R@1 6.13 6.11 4.55 4.19
R@10 23.49 23.62 23.35 22.71
R@50 40.65 45.43 45.33 43.28

Dist-2 0.418 0.424 0.410 0.373
Dist-3 0.582 0.558 0.582 0.527
Dist-4 0.675 0.612 0.668 0.615
PPL 10.89 10.24 10.14 10.69

Table 9: Validation (Val) and test results on the RE-
DIAL dataset of RevCore (+KG) and RevCore (−KG).

Metrics
RevCore (+KG) RevCore (−KG)

Mean Devi Mean Devi

R@1 5.70 ± 0.67 3.75 ± 0.13
R@10 22.80 ± 1.81 21.53 ± 0.68
R@50 40.75 ± 2.18 44.68 ± 0.43

Dist-2 0.394 ± 0.039 0.373 ± 0.031
Dist-3 0.551 ± 0.062 0.527 ± 0.051
Dist-4 0.633 ± 0.073 0.616 ± 0.062

Table 10: Mean and deviation of recall rates (%)
and distance scores for RevCore (+KG) and RevCore
(−KG).

C Model Size and Running Speed

The model size and running speed of KGSF,
RevCore (+KG), and RevCore (−KG) are all listed
in Table 8. Note that all three models are imple-
mented with Pytorch7, trained for 30 epochs, and
experimented on NVIDIA A100-SXM4 for 5 times
to compute the average running time.

D Results on the Validation Set

We present the validation result of RevCore with
and without KG on the REDIAL dataset as a ref-
erence for reproducing. All validation results are
shown in Table 9, with test results as well.

E Mean and Standard Deviation

We implement the major experiment 4 times to in-
spect the mean and standard deviation of the perfor-
mance of RevCore across all metrics. The reported
results in the paper of both recommendation accu-
racy and conversation quality are the mean results.
Results are shown in Table 10.

7https://pytorch.org/
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Abstract

Recent years pretrained language models
(PLMs) hit a success on several downstream
tasks, showing their power on modeling lan-
guage. To better understand and leverage
what PLMs have learned, several techniques
have emerged to explore syntactic structures
entailed by PLMs. However, few efforts have
been made to explore grounding capabilities of
PLMs, which are also essential. In this paper,
we highlight the ability of PLMs to discover
which token should be grounded to which con-
cept, if combined with our proposed erasing-
then-awakening approach. Empirical studies
on four datasets demonstrate that our approach
can awaken latent grounding which is under-
standable to human experts, even if it is not
exposed to such labels during training. More
importantly, our approach shows great poten-
tial to benefit downstream semantic parsing
models. Taking text-to-SQL as a case study,
we successfully couple our approach with two
off-the-shelf parsers, obtaining an absolute im-
provement of up to 9.8%.

1 Introduction

Recent breakthroughs of Pretrained Language
Models (PLMs) such as BERT (Devlin et al., 2019)
and GPT3 (Brown et al., 2020) have demonstrated
the effectiveness of self-supervised learning for a
range of downstream tasks. Without being guided
by structural information in training, PLMs show
the potential for learning implicit syntactic struc-
tures and language semantic, which can be trans-
ferred to other tasks. To better understand and
leverage what PLMs have learned, several work
has emerged to probe or induce syntactic structures
from PLMs. According to prior studies (Rogers
et al., 2020), most existing work focuses on syn-
tactic structures such as part of speech (Liu et al.,

∗Work done during an internship at Microsoft Research.
The first three authors contributed equally.

Reign Monarchs

1789-1802 George

1802-1826 John I

1826-1845 Andrew
George   

Washington

what war was george washington associated with?

U.S. President

Colonial Beach

(a). Structured Table (b). Knowledge Base

Figure 1: Typical scenarios for grounding, here the lin-
guistic tokens “george washington” can be grounded
into different real-world concepts.

2019), constituency tree (Wu et al., 2020) and de-
pendency tree (Hewitt and Manning, 2019; Jawahar
et al., 2019), paying much less attention on lan-
guage semantics (Tenney et al., 2019). However,
as well known, semantic information is essential
for high-level tasks like machine reading compre-
hension (Wang and Jiang, 2019).

Regarding to language semantics, an impor-
tant branch is grounding, which is overlooked by
most previous work. Broadly speaking, grounding
means “connecting linguistic symbols to real-world
perception or actions” (Roy, 2005). It is generally
thought to be important for a variety of tasks, such
as video descriptions (Zhou et al., 2019), visual
question answering (Zhu et al., 2016) and semantic
parsing (Guo et al., 2019). In this paper, we focus
on single-modal scenarios, where grounding refers
more specifically to mapping linguistic tokens into
a real-world concept described in natural language.
As shown in Figure 1, “george washington” can
be grounded into either a cell value in a structured
table, or an entity in knowledge bases.

In single-modal scenarios, grounding is espe-
cially important for semantic parsing, the task of
translating a natural language sentence into its cor-
responding executable logic form. For earlier work,
grounding is essential since earlier work almost
conceptualized semantic parsing as grounding an
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Figure 2: The illustration of ETA, which consists of a PLM module, a Concept Prediction (CP) module and a
grounding module. Two models (gray and blue) are drawn here for illustration purposes, and they are indeed
the same. The model training involves three steps: (1) The concept prediction module is trained to predict the
confidence of any concept occurring in a given question (Left). (2) The erasing mechanism erases tokens in the
question sequentially, feeds them into CP, and obtains the confidence differences (e.g., 0.92− 0.65 = 0.27) as the
pseudo alignment. Here we only demonstrate the process related to “stadium” (Bottom Right). (3) The pseudo
alignment is employed to awaken the latent grounding, i.e., to supervise the grounding module (Top Right). We
show only one concept “Venue” for the sake of brevity, which in practice is a sequence of concepts.

utterance to a task-specific meaning representation
(Zelle and Mooney, 1996; Zettlemoyer and Collins,
2005; Liang et al., 2013; Cheng et al., 2017). As for
modern approaches based on the encoder-decoder
architecture, grounding also plays an important
role and considerable work has demonstrated the
positive effect of it (Guo et al., 2019; Dong et al.,
2019; Liu et al., 2020a; Wang et al., 2020b; Chen
et al., 2020). Despite its success, existing ground-
ing methods mainly relied on heavy manual efforts
like high-quality lexicons (Reddy et al., 2016) or ad-
hoc heuristic rules like n-gram matching (Guo et al.,
2019), suffering from poor flexibility. To explore
more flexible methods, researchers recently tried a
data-driven way: they collected grounding annota-
tions as supervision to train grounding models (Li
et al., 2020a; Lei et al., 2020; Shi et al., 2020). How-
ever, this modeling flexibility in their approaches
requires expensive annotations of grounding, which
most of the time are not available.

To alleviate the above issues, we present a novel
approach Erasing-then-Awakening (ETA)1. It is in-
spired by recent advances in interpretable machine
learning (Samek et al., 2017), where the impor-
tance of individual pixels can be quantified with
respect to the classification decision. Similarly, our
approach firstly quantifies the contribution of each
word with respect to each concept, by erasing it
and probing the variation of concept prediction de-

1Our code is available at https://github.com/
microsoft/ContextualSP

cisions (elaborated later). Then it employs these
contributions as pseudo labels to awaken latent
grounding from PLMs. In contrast to prior work,
our approach only needs supervision of concept pre-
diction, which can be easily derived by downstream
tasks (e.g., text-to-SQL) instead of full grounding
supervision. Empirical studies on four datasets
demonstrate that our approach can awaken latent
grounding which is understandable to human ex-
perts. It is highly non-trivial because our approach
is not exposed to any human-annotated grounding
label in training. More importantly, we find that the
grounding can be easily coupled with downstream
models to boost their performance, and the abso-
lute improvement is up to 9.8%. In summarization,
our contribution is as three-fold:

1. To the best of our knowledge, we are the first
one to highlight and demonstrate the possibil-
ity of awakening latent grounding from PLMs.

2. We propose a novel weakly supervised ap-
proach erasing-then-awakening, to awaken la-
tent grounding from PLMs. Empirical stud-
ies on four datasets demonstrate that our ap-
proach can awaken latent grounding which is
understandable to human experts.

3. Taking text-to-SQL as a case study, we suc-
cessfully couple our approach with two off-
the-shelf parsers. Experimental results on two
benchmarks show the effectiveness of our ap-
proach on boosting downstream performance.
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2 Method: Erasing-then-Awakening

In the task of grounding, we are given a ques-
tion x = 〈x1, · · · , xN 〉 and a concept set C =
{c1, · · · , cK}, where each concept consists of sev-
eral tokens. The goal of grounding is to find out
tokens (also known as mentions) in x which are
relevant to concepts in C. Generally, the grounding
procedure learns to create a N×K matrix, which
we call latent grounding. In some cases, a set of
pairs is needed, of which each one explicitly shows
a token and a concept is grounded. We call this
kind of pairs as grounding pairs below.

As illustrated in Figure 2, our model consists
of a PLM module, a CP module and a grounding
module. In this section, we first present the training
procedure of ETA, which at a high-level involves
three steps: (1) Train an auxiliary concept predic-
tion module. (2) Erase tokens in a question to ob-
tain the concept prediction confidence differences
as pseudo alignment. (3) Awaken latent ground-
ing from PLMs by applying pseudo alignment as
supervision. Then we introduce the procedure to
produce grounding pairs in inference.

2.1 Training a Concept Prediction Module

Given x and C, the goal of the concept prediction
module is to identify if each concept ck ∈ C is
mentioned or not in the question x. Although it
does not seem to be directly related to grounding, it
is a pre-requisite for the erasing mechanism, which
will be elaborated later. As for ck’s supervision
lk ∈ {0, 1}, it is the weak supervision ETA re-
lies on, and can be readily obtained through down-
stream task signals. Taking text-to-SQL as an illus-
tration, each database schema (i.e., table, column
and cell value) in an annotated SQL can be consid-
ered as mentioned in the question (lk = 1), with
others as negative examples (lk = 0).

Once the supervision is prepared, the CP module
is trained to conduct binary classification over the
representation of each concept. As done in previ-
ous work (Hwang et al., 2019), we first concatenate
the question and all concepts into a sequence as
input to the PLM module. As illustrated in Fig-
ure 2, the input sequence starts with [CLS], with
the question and each concept being separated by
[SEP]. Then, the sequence is fed into the PLM
module to produce deep contextual representations
over each position. Denoting 〈q1,q2, ...,qN 〉 and
〈e1, e2, ..., eK〉 as the token representations and

concept representations, they can be obtained by:

{qn}Nn=1, {ek}Kk=1=PLM
(
[CLS],x,{[SEP], ck}Kk=1

)
, (1)

where qn and ek correspond to the representations
at the position of n-th question token and the first
token in ck respectively. Finally, each concept rep-
resentation ek is passed to a classifier to predict if
it is mentioned in x as:

pk = Sigmoid(Wl ek), (2)

where Wl is a learnable parameter. pk is the prob-
ability of ck mentioned in the question, which is
referred to by concept prediction confidence below.

2.2 Erasing Question Tokens

Once the concept prediction module is converged,
we apply an erasing mechanism to assist in the
following awakening phase. It follows a similar
idea from the interpretable document classification
(Arras et al., 2016), where a word is considered im-
portant for the document classification if removing
it and classifying the modified document results
in a strong decrease of the classification score. In
our case, a token is considered highly relevant to
certain concepts if there is a large drop in these con-
cept prediction confidences after erasing the token.
Therefore, we need the above mentioned concept
prediction module to provide a reasonable concept
prediction confidence.

Concretely, as shown in Figure 2, the eras-
ing mechanism erases the input sequentially, and
feeds each erased input into the PLM module
and the subsequent CP module. For exam-
ple, with xn being substituted by a special to-
ken [UNK], we can obtain an erased input as
[CLS], x1, · · · , xn−1,[UNK], xn+1, · · · , cK . De-
noting p̂n,k the concept prediction confidence for
ck after erasing xn, we believe the difference be-
tween p̂n,k and pk reveals ck’s relevance to xn from
a PLM’s view. The confidence difference ∆n,k can
be obtained by ∆n,k = lk·max(0, pk − p̂n,k). Re-
peating the above procedure on the input question
sequentially, ∆∈RN×K is filled completely.

2.3 Awakening Latent Grounding

As mentioned above, we believe ∆ reflects the
relevance between each token and each concept
from a PLM’s view. Therefore, we could directly
use ∆ as ETA’s output. However, according to our
preliminary study, the method performs poorly and
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cannot produce high-quality alignment2. Different
from directly using ∆, we employ it to “awaken”
the latent grounding. To be specific, we introduce
a grounding module upon representations of the
PLM module and train it using ∆ as pseudo labels
(i.e., pseudo alignment). The grounding module
first obtains grounding scores gn,k between each
question token xn and each concept ck based on
their deep contextual representations qn and ek as:

gn,k =
Week · (Wqqn)T√

d
, (3)

where We,Wq are learnable parameters and d is
the dimension of ek. Then it normalizes the ground-
ing scores into latent grounding α as:

αn,k =
exp(gn,k)∑
i exp(gi,k)

. (4)

Finally, the grounding module is trained to maxi-
mize the likelihood with ∆ as the weight:

∑

n

∑

k

∆n,k · logαn,k. (5)

2.4 Producing Grounding Pair
Repeating erasing and awakening iteratively for
epochs until the grounding module converges, we
can readily produce grounding pairs. Formally,
we aim to obtain a set of pairs, where each pair
〈xn, ck〉 indicates that xn is grounded to ck. Notic-
ing ck may contain several tokens, we keep all
probabilities in α·,k which exceeds τ/|ck|, where
τ is a threshold and |ck| is the number of tokens
in ck. Also, taking into account that xn should be
grounded to only one concept, we keep only the
highest probability over αn,·. Finally, for each pair
〈xn, ck〉, it is thought to be a grounding pair ifαn,k
is kept and pk ≥ 0.5, otherwise it is not.

3 Experiments

In this section, we conduct experiments to evaluate
if the latent grounding awakened by ETA is under-
standable to human experts. Here we accomplish
the evaluation by comparing the grounding pairs
produced by ETA with human annotations.

3.1 Experimental Setup
Datasets We select two representative ground-
ing tasks where human annotations are available:
schema linking and entity linking. Schema linking

2More experimental results can be found in §3.3.

is to ground questions into database schemas, while
entity linking is to ground questions into entities
of knowledge bases. For schema linking, we select
SPIDER-L (Lei et al., 2020) and SQUALL (Shi et al.,
2020) as our evaluation benchmarks. As mentioned
in §2.1, the supervision for our model is obtained
from SQL queries. As for entity linking, we select
WebQSPELand GraphQEL(Sorokin and Gurevych,
2018). The supervision for our model is obtained
from SPARQL queries in a similar way.

Evaluation For schema linking, as done in pre-
vious work (Lei et al., 2020), we report the micro-
average precision, recall and F1-score for both
columns (ColP , ColR, ColF ) and tables (TabP ,
TabR, TabF ). For entity linking, we report the
weak matching precision, recall and F1-score for
entities (EntP , EntR, EntF ). The weak matching
metric is a commonly used metric in previous work
(Sorokin and Gurevych, 2018), which considers a
prediction as correct whenever the correct entity
is identified and the predicted mention boundary
overlaps with the ground truth boundary. More
details can be seen in §A.

Baselines For schema linking, we consider four
strong baselines. (1) N-gram Matching enumer-
ates all n-gram (n ≤ 5) phrases in a natural lan-
guage question, and links them to database schemas
by fuzzy string matching. (2) SIM computes the
dot product similarity between each question to-
ken and schema using their PLM representations
without fine-tuning, to explore grounding capaci-
ties of unawakened PLMs. (3) CONTRAST learns
by comparing the aggregated grounding scores of
mentioned schemas with unmentioned ones in a
contrastive learning style, as done in Liu et al.
(2020b). Concretely, in training, CONTRAST is
trained to accomplish the same concept prediction
task as our approach. With a similar architecture
to the Receiver used in Liu et al. (2020b), it first
computes the similarity score between each token
and each concept, and then uses max pooling to
aggregate the similarity scores of a concept over
an utterance into a concept prediction score. Fi-
nally, a margin-based loss is used to encourage the
baseline to give higher concept prediction scores
on mentioned concepts than unmentioned concepts.
(4) SLSQLL & ALIGNL. SLSQLL (ALIGNL) is
a learnable schema linking module3 proposed in

3SLSQL and ALIGN use multi-task learning to simultane-
ously learn schema linking and SQL generation.
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Model SPIDER-L SQUALL

ColP ColR ColF TabP TabR TabF ColP ColR ColF

N-gram Matching 61.4 69.1 65.1 78.2 69.6 73.6 71.6 50.8 59.4
SIM + BERT 16.6 8.0 10.8 8.5 11.6 9.8 13.9 18.0 15.7
CONTRAST + BERT 83.7 68.4 75.3 84.0 76.9 80.3 47.9 31.2 37.8
ETA + BERT 86.1 79.3 82.5 81.1 85.3 83.1 77.3 62.4 69.0

SLSQLL + BERT♥ (Lei et al., 2020) 82.6 82.0 82.3 80.6 84.0 82.2 – – –
ALIGNL + BERT♥ (Shi et al., 2020) – – – – – – 79.2 72.8 75.8

Table 1: Experimental results on schema linking dev sets. ♥ means the model uses schema linking supervision,
while other learnable models use weak supervision. +BERT means using BERT as encoder, the same for Table 2.

Model WebQSPEL GraphQEL(zero-shot)

EntP EntR EntF EntP EntR EntF

Heuristic (Sorokin and Gurevych, 2018) 30.2 60.8 40.4 - - -
ETA + BERT 76.6 72.5 74.5 43.1 42.1 42.7

VCG♥ (Sorokin and Gurevych, 2018) 82.4 68.3 74.7 54.1 30.6 39.0
ELQ + BERT♥ (Li et al., 2020a) 90.0 85.0 87.4 60.1 57.2 58.6

Table 2: Experimental results on entity linking test sets. ♥ means the model uses entity linking supervision from
WebQSPEL, while ETA uses the weak supervision derived from WebQSP. Following previous work (Sorokin and
Gurevych, 2018), we use GraphQELonly in the evaluation phase to test the generalization ability of our model.

SLSQL (ALIGN). Unlike our method, these two
methods are trained with the full schema linking
supervision. Please refer to Shi et al. (2020) and
Lei et al. (2020) for more details. Notably, for
baselines which require a threshold, we tuned their
thresholds based on dev sets for fair comparison.

For entity linking, we compare ETA with three
powerful methods. (1) Heuristic picks the most
frequent entity among the candidates found by
string matching over Wikidata. (2) VCG (Sorokin
and Gurevych, 2018) aggregates and mixes con-
texts of different granularities to perform en-
tity linking. (3) ELQ (Li et al., 2020a) uses
a bi-encoder to perform entity linking in one
pass, achieving state-of-the-art performance on
WebQSPELand GraphQEL. VCG and ELQ utilize
entity linking supervision in training, while ETA
does not.

Implementation For schema linking we follow
the procedure in §2.4 to produce grounding pairs
to evaluate, while for entity linking we further
merge adjacent grounding pairs to produce span-
level grounding pairs. We implement ETA in Py-
torch (Paszke et al., 2019). With respect to PLMs
in experiments, we use the uncased BERT-base
(BERT)4 and BERT-large (BERTL) from Trans-

4Our approach is theoretically applicable to different
PLMs. In this paper, we chose BERT as a representative
and we leave exploration of different PLMs for future work.

formers library (Wolf et al., 2020). As for the opti-
mizer, we employ AdamW (Loshchilov and Hutter,
2019). More details (e.g., learning rate) of each
experiment can be found in §C.1.

3.2 Experimental Results

Table 1 shows the experimental results on the
schema linking task. As shown, our method outper-
forms all weakly supervised methods and heuristic-
based methods by a large margin. For example,
on SPIDER-L, ETA + BERT achieves an absolute
improvement of 7.2% ColF and 2.8% TabF over
the best baseline CONTRAST. The same conclu-
sion can be drawn from the experimental results
on the entity linking task shown in Table 2. For
instance, ETA + BERT can obtain a high EntF up
to 74.5% on WebQSPEL, which is a satisfying per-
formance for downstream tasks. All results above
demonstrate the superiority of our approach on
awakening latent grounding from PLMs. With
respect to the reason that PLMs work well on
both schema linking and entity linking, it may be
because both schema linking and entity linking
require text-based semantic matching (e.g., syn-
onyms), which PLMs excel at.

Furthermore, it is very surprising that although
not trained under fine-grained grounding supervi-
sion, our model is comparable with or slightly
worse than the fully supervised models across
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Error Type Example Error

Missed Grounding (43.1%) How many points did arnaud demare receive?
GOLD: points→ “UCI world tour points” PRED:

Technically Correct (21.0%) Total population of millbrook first nation?
GOLD: population→ “Population”
PRED: population→ “Population”; nation→ “Community”

Partially Correct (15.8%) Who was the first winning captain?
GOLD: the first→ “Year”; winning captain→ “Winning Captain”
PRED: first→ “Year”; winning captain→ “Winning Captain”

Wrong Grounding (10.1%) Were the matinee and evening performances held earlier than the 8th anniversary?
GOLD: earlier→ “Date”
PRED: matinee→ “Performance”; earlier→ “Date”

Table 3: Four main error types made by ETA along with their proportions on SQUALL dataset.

datasets. For instance, on SPIDER-L, our model ex-
ceeds the fully supervised baseline SLSQLL by 0.9
points on TabF . On SQUALL, our model holds a
slightly worse performance than the fully super-
vised baseline ALIGNL. It is highly nontrivial
since CONTRAST, the best weakly supervised base-
line on SPIDER-L, is far from the fully supervised
model on SQUALL, while our model has only a
small drop. Besides, on WebQSPELand GraphQEL,
although our model is inferior to the state-of-the-
art model ELQ, it also achieves a comparable per-
formance with the fully supervised baseline VCG.
These results provide strong evidence that PLMs
do have very good grounding capabilities, and our
approach can awaken them from PLMs.

3.3 Model Analysis

In this section, we try to answer four interesting
research questions via a thorough analysis: RQ1.
Does the grounding capability come mainly from
the PLM? RQ2. Is the awakening phase neces-
sary? RQ3. Do larger PLMs have better grounding
capabilities? RQ4. What are the remaining errors?

RQ1 There is a long term debate in literature
about if knowledge is primarily learned by PLMs,
when extra parameters are employed in analysis
(Hewitt and Liang, 2019). Similarly, since our ap-
proach depends on extra modules (e.g., grounding
module), it faces the same dilemma: how can we
know whether the latent grounding is learnt from
PLMs or extra modules? Therefore, we apply our
approach to a randomly initialized Transformer en-
coder (Vaswani et al., 2017), to probe the ground-
ing capability of a model that has not been pre-
trained. To make it comparable, the encoder has
the same architecture as BERT. However, it only
gets a 40% ColF on SQUALL, not even as good
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Figure 3: ColF score on the dev set of SQUALL at dif-
ferent training epochs. “Pseudo w/ Softmax” means
normalizing pseudo alignment with Softmax, while
“Pseudo w/ Sum” means normalizing through dividing
each number by the sum of them.

as the N-gram baseline. Considering it contains
the same extra modules as ETA + BERT, the huge
gap between it and ETA + BERT supports the opin-
ion that the latent grounding is mainly learnt from
PLMs. Meanwhile, one concern shared by our re-
viewers is the risk of supervision exposure during
training of the concept prediction module. In other
words, our approach may “steal” some supervision
in the concept prediction module to achieve good
performance on grounding. However, the above ex-
periment demonstrates that a non-pretrained model
is far from strong grounding capability even with
the same concept prediction module. We hope the
finding will alleviate the concern.

RQ2 As mentioned in §2.3, the pseudo alignment
∆ can also be employed as the model prediction.
Therefore, we conduct experiments to verify if our
proposed awakening phase is necessary. As shown
in Figure 3, even with various normalization meth-
ods (e.g., Softmax), ∆ does not produce satisfac-
tory alignment. In contrast, our model consistently
performs well. To investigate deeper, we conduct
a careful analysis on ∆, and we are surprised to
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Figure 4: The illustration of the solution to couple ETA
with downstream text-to-SQL parsers.

find that values of ∆ are generally small and not as
significantly different with each other as we would
expect. Therefore, we believe the success of our
approach stems from the fact that it encourages the
grounding module to capture subtle differences and
strength them.

RQ3 We apply our approach on BERT-large
(BERTL) and conduct experiments on SPIDER-L.
The results show BERTL brings an improvement
of 2.5% ColF and 0.5% TabF , suggesting the pos-
sibility of awakening better latent grounding from
larger PLMs. Nevertheless, the improvement may
also come from more parameters, so the conclusion
needs further investigation.

RQ4 We manually examine 20% of our model’s
errors on the SQUALL dataset and summarize four
main error types: (1) missed grounding - where our
model did not ground any token to a concept, (2)
technically correct - where our model was techni-
cally correct but the annotation was missing, (3)
partially correct - where our model did not find all
tokens of a concept, (4) wrong grounding - where
the model produced incorrect grounding. As shown
in Table 3, only a small fraction of errors are wrong
grounding, indicating that the main challenge of
our approach is recall rather than precision.

4 Case Study: Text-to-SQL

The ETA model is proposed for general-purpose
uses and intends to enhance different downstream
semantic parsing models. To verify it, we take the
text-to-SQL task as a case study. In this section, we
first present a general solution to couple ETA with
different text-to-SQL parsers. Then, we conduct
experiments on two off-the-shelf parsers to verify
the effectiveness of ETA.

4.1 Coupling with Text-to-SQL Parsers

Inspired by Lei et al. (2020), we present a general
solution to couple ETA with downstream parsers in

Model Dev Test

Ex.Match Ex.Acc Ex.Acc

ALIGNP 37.8± 0.6 56.9± 0.7 46.6± 0.5
ALIGNP + BERT 44.7± 2.1 63.8± 1.1 51.8± 0.4
ETA + BERT 47.6± 2.5 66.6± 1.7 53.8± 0.3

ALIGN♥ 42.2± 1.5 61.3± 0.8 49.7± 0.4
ALIGN + BERT♥ 47.2± 1.2 66.5± 1.2 54.1± 0.2

Table 4: Ex.Match and Ex.Acc results on the dev and
test set of WTQ. + BERT means using BERT to en-
hance encoder. ♥ means the model uses extra schema
linking supervision. Both are the same for Table 5.

Figure 4. As shown, we first obtain a schema-aware
representation for each question token, by fusing
the token representation and its related schema
representation according to the latent grounding
α∈RN×K (gray matrix in Figure 4). Specifically,
given a token representation qn and all schema
representations 〈e1, e2, ..., eK〉, the schema-aware
representation q̃n for qn can be computed as:

q̃n = qn⊕
∑

k

αn,k ek. (6)

Then we feed every q̃n into a question encoder to
generate hidden states, which are attended by a
decoder to decode the SQL query. By contributing
to the schema-aware representation, ETA is able to
prompt the decoder to predict appropriate schemas
during decoding. Notably, the encoder and decoder
are not limited to specific modules, and we follow
the paper settings in subsequent experiments.

4.2 Experimental Setup

Datasets and Evaluation We conduct experi-
ments on two text-to-SQL benchmarks: WikiTable-
Questions(WTQ) (Pasupat and Liang, 2015)5 and
Spider (Yu et al., 2018b). Following previous work,
we employ three kinds of evaluation metrics: Exact
Match (Ex.Match), Exact Set Match (Ex.Set) and
Execution Accuracy (Ex.Acc). Ex.Match evaluates
the predicted SQL correctness by checking if it
is equal to the ground-truth, while Ex.Set evalu-
ates the structural correctness by checking the set
match of each SQL clause in the predicted query
with respect to the ground-truth. Ex.Acc evaluates
the functional correctness of the predicted SQL by
checking whether it yields the ground-truth answer.

5Note that the original WTQ only contains answer anno-
tations, and here we use the version with SQL annotations
provided by Shi et al. (2020). Our training data is a subset of
the original train set, while the test data keeps the same.
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Model Dev Test

GlobalGNN + BERT (Bogin et al., 2019) 52.7 47.4
EditSQL + BERT (Zhang et al., 2019) 57.6 53.4
IRNet + BERT (Guo et al., 2019) 61.9 54.7
IRNet v2 + BERT (Guo et al., 2019) 63.9 55.0
BRIDGE + BERT (Lin et al., 2020) 65.5 59.2
BRIDGE + BERTL (Lin et al., 2020) 70.0 65.0
RATSQL + BERTL (Wang et al., 2020a) 69.7 65.6
SLSQLP + BERT 57.4 -
SLSQLP + BERTL 61.0 -
ETA + BERT 64.5 59.5
ETA + BERTL 70.8 65.3

SLSQL + BERT♥ 60.8 55.7
SLSQL + BERTL

♥ 65.1 -
SLSQL + BERT (Oracle)♥ 72.4 -

Table 5: Ex.Set results on the dev and test set of Spider.

Baselines On WTQ, our baselines include
ALIGNP and ALIGN, where the former is a vanilla
attention based sequence to sequence model and
the latter enhances ALIGNP with an additional
schema linking task (Shi et al., 2020). Similarly,
on Spider, our main baselines are SLSQLP and
its schema linking enhanced version SLSQL (Lei
et al., 2020). SLSQLP is made up of a question
encoder and a two-step SQL decoder. In the first
decoding step, a coarse SQL (i.e., without aggre-
gation functions) is generated. Then the coarse
SQL is used to synthesize the final SQL in the
second decoding step. Here we also report the per-
formance of SLSQL + BERT (Oracle), where the
learnable schema linking module is replaced with
human annotations in inference. It represents the
maximum potential benefit of schema linking for
the text-to-SQL task. Meanwhile, for a comprehen-
sive comparison, we also compare our model with
state-of-the-art models on the Spider benchmark6.
We refer readers to their papers for details.

Implementation As for our approach, on WTQ,
we employ ALIGNP

7 as our base parser, while on
Spider we select SLSQLP

8 as our base parser. For
both parsers, we try to follow the same hyperpa-
rameters as described in the paper to reduce other
factors that may affect the performance. More im-
plementation details can be found in §C.2.

4.3 Experimental Results
Table 4 and Table 5 show the experimental re-
sults of several methods on WTQ and Spider re-
spectively. As observed, introducing ETA dra-

6https://yale-lily.github.io/spider
7https://github.com/tzshi/squall
8https://github.com/WING-NUS/slsql
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Figure 5: The latent grounding produced by
ETA + BERTL for the question “Where is the youngest
teacher from?”.

matically improves the performance of both base
parsers, demonstrating its effectiveness on down-
stream tasks. Taking Spider as an illustration, our
model ETA + BERT boosts SLSQLP + BERT by
an absolute improvement 7.1% on the Ex.Set met-
ric. As the PLM becomes larger (e.g., BERTL),
the improvement becomes more significant, up to
9.8%. Compared with state-of-the-art methods,
our model ETA + BERTL also obtains a competi-
tive performance, which is extremely impressive
since it is based on a simple parser.

More interestingly, on both datasets, our model
can achieve similar even better performance com-
pared to methods which employ extra grounding
supervision. For instance, in comparison with
SLSQL + BERT on Spider, our ETA + BERT out-
performs it by 3.7%. Taking into account that
SLSQL utilizes additional supervision, the perfor-
mance gain is very surprising. We attribute the
gain to two possible reasons: (1) The PLMs already
learn latent grounding which is understandable to
human experts. (2) Compared with training with
strong schema linking supervision, training with
weak supervision alleviates the issue of exposure
bias, and thus enhance the generalization ability of
ETA.

Table 6 presents the model predictions of
ETA + BERTL on three real cases. As observed,
ETA has learned the grounding about adjec-
tive (e.g., oldest → age), entity (e.g., where →
hometown) and semantic matching (e.g., registered
→ student enrolment). Meanwhile, grounding
pairs provide us a useful guide to better understand
the model predictions. Figure 5 visualizes the latent
grounding for Q2 in Table 6, and more visualiza-
tion can be found in §D.

5 Related Work

The most related work to ours is the line of inducing
or probing knowledge in pretrained language mod-
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Question with Alignment SQL with Alignment

1. Show name1, country2, age3 for all singers4
ordered by age3 from the oldest3 to the youngest.

SELECT name1, country2, age3 FROM singer4
ORDER BY age3 DESC

2. Where1 is the youngest2 teacher3 from? SELECT hometown1 FROM teacher3 ORDER BY age2 ASC LIMIT 1

3. For each semester1, what is the name2 and id3

of the one with the most students registered4?
SELECT semester name2, semester id3 FROM semesters1 JOIN
student enrolment4 ON semesters.semester id =
student enrolment.semester id GROUP BY semester id3

ORDER BY COUNT(*) DESC LIMIT 1

Table 6: The predicted grounding pairs and SQLs of our best model on three real cases from the Spider dev set.
The question token and the schema with the same subscript are grounded.

els. According to the knowledge category, there
are mainly two kinds of methods: one focuses on
syntactic knowledge and the other pays attention to
semantic knowledge. Under the category of syntac-
tic knowledge, several work showed that BERT em-
beddings encoded syntactic information in a struc-
tural form and can be recovered (Lin et al., 2019b;
Warstadt and Bowman, 2020; Hewitt and Manning,
2019; Wu et al., 2020). However, recent work also
showed that BERT did not rely on syntactic infor-
mation for downstream task performance, and thus
doubted the role of syntactic knowledge (Ettinger,
2020; Glavas and Vulic, 2020). As for semantic
knowledge, although it is less explored than syntac-
tic knowledge, previous work showed that BERT
contained some semantic information, such as en-
tity types (Ettinger, 2020), semantic roles (Tenney
et al., 2019) and factual knowledge (Petroni et al.,
2019). Different from the above work, we focus on
the grounding capability, an under-explored branch
of language semantics.

Our work is also closely related to entity link-
ing and schema linking, which can be viewed as
subareas of grounding on specific scenarios. Given
an utterance, entity linking aims at finding all men-
tioned entities in it using a knowledge base as can-
didate pool (Tan et al., 2017; Chen et al., 2018; Li
et al., 2020a), while schema linking tries to find
all mentioned schemas related to specific databases
(Dong et al., 2019; Lei et al., 2020; Shi et al., 2020).
Previous work generally either employed full su-
pervision to train linking models (Li et al., 2020a;
Lei et al., 2020; Shi et al., 2020), or treated linking
as a minor pre-processing(Yu et al., 2018a; Guo
et al., 2019; Lin et al., 2019a) and used heuristic
rules to obtain the result. Our work is different
from them since we optimize the linking model
with weak supervision from downstream signals,
which is flexible and practicable. Similarly, Dong
et al. (2019) utilized downstream supervision to

train their linking model. Compared with them us-
ing policy gradient, our method is more efficient
since it directly learns the grounding module using
pseudo alignment as supervision.

6 Conclusion & Future Work

In summary, we propose a novel weakly super-
vised approach to awaken latent grounding from
pretrained language models via erasing. Only with
downstream signals, our approach can induce latent
grounding from pretrained language models which
is understandable to human experts. More impor-
tantly, we demonstrate that our approach could be
applied to off-the-shelf text-to-SQL parsers and
significantly improve their performance. For fu-
ture work, we plan to extend our approach to more
downstream tasks such as visual question answer-
ing. We also plan to utilize our approach to improve
the error locator module in existing interactive se-
mantic parsing systems (Li et al., 2020b).
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A Evaluation Details

A.1 Schema Linking

Let Ωcol be a set {(c, q)i|1 ≤ i ≤ N} which con-
tains N gold (column-question token) tuples. Let
Ωcol be a set {(c, q)j |1 ≤ j ≤ M} which con-
tains M predicted (column-question token) tuples.
We define the precision(ColP ), recall(ColR), F1-
score(ColF ) as:

|Γcol|∣∣Ωcol

∣∣ ,
|Γcol|
|Ωcol|

,
2ColPColR

ColP + ColR

where Γcol = Ωcol
⋂

Ωcol. The definitions of TabP ,
TabR, TabF are similar. Note that the result re-
ported in Table 8 of Shi et al. (2020) use a different
evaluation metrics. Here we re-evaluate their model
by the above mentioned metrics for fair compari-
son.

A.2 Entity Linking

Let Ω = {(e, [qs, qe])i|1 ≤ i ≤ N} be the gold
entity-mention set and Ω = {(e, [qs, qe])j |1 ≤ j ≤
M} be the predicted entity-mention set, where e
is the entity, qe, qs are the mention boundaries in
the question q. In the weak matching setting, a
prediction is correct only if the ground-truth entity
is identified and the predicted mention boundaries
overlap with the ground-truth boundaries. There-
fore, the True-Positive prediction set is defined as:

Γ = {e|(e, [qs, qe]) ∈ Ω, (e, [qs, qe]) ∈ Ω,

[qs, qe]
⋂

[qs, qe] 6= ∅}.

The corresponding precision(EntP ), recall(EntR)
and F1(EntF ) are:

|Γ|∣∣Ω
∣∣ ,
|Γ|
|Ω| ,

2EntPEntR
EntP + EntR

B Dataset Statistic

All details of datasets used in this paper are shown
in Table 7.

C Implementation Details

For all experiments, we employ the AdamW opti-
mizer and the default learning rate schedule strat-
egy provided by Transformers library (Wolf et al.,
2020).

C.1 Experiments on Grounding

SQUALL We use uncased BERT-base as the en-
coder. The learning rate is 3× 10−5. The training
epoch is 50 with a batch size of 16. The dropout
rate and the threshold τ are set to 0.3 and 0.2 re-
spectively. The training process lasts 6 hours on a
single 16GB Tesla P100 GPU.

SPIDER-L We implement two versions: uncased
BERT-base and uncased BERT-large. For both ver-
sions, the learning rate is 5× 10−5 and the training
epoch is 50. For BERT-base (BERT-large) version,
the batch size and gradient accumulation step are
set to 12 (6) and 6 (4). The dropout rate and the
threshold τ are set to 0.3 and 0.2 respectively. As
for training time, BERT-base (BERT-large) version
is trained on a 24GB Tesla P40 and it takes about
16 (48) hours to finish the training process.

WebQSPEL& GraphQEL Due to the large
amount of entity candidates, we first use the can-
didate retrieval method proposed in (Sorokin and
Gurevych, 2018) to reduce the number of candi-
dates. After that, we still can not feed all candidates
along with the question due to the maximum encod-
ing length of BERT. Therefore, we divide the can-
didates into multiple chunks and feed each chunk
(along with the question) into BERT sequentially.

In implementation, we use uncased BERT-base
as the encoder. The learning rate is 1× 10−5 The
training epoch is 50 with a batch size of 16. The
dropout rate and the threshold τ are set to 0.3 and
0.3 respectively. The training procedure finishes
within 10 hours on a single Tesla M40 GPU.

C.2 Experiments on Text-to-SQL

For experiments of the text-to-SQL task, we em-
ploy the official code released along with Shi et al.
(2020) (on WTQ) and Lei et al. (2020) (on Spi-
der). When coupling ETA with these models, we
first produce a one-hot grounding matrix derived
by grounding pairs and then feed it into them as
described in §4.

WTQ We use uncased BERT-base as the encoder.
The training epoch is 50 with a batch size of 8. The
learning rate is 1× 10−5 for the BERT module and
1 × 10−3 for other modules. The dropout rate is
set to 0.2. The training process finishes within 16
hours on a single 16GB Tesla P100 GPU.

Meanwhile, we follow the previous work (Shi
et al., 2020) to employ 5-fold cross-validation, and
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Dataset
Train Dev Test

#Q #C #Q #C #Q #C

SQUALL 9, 030 19, 185 2, 246 4, 774 – –
SPIDER-L 7, 000 28, 848 1, 034 4, 360 – –

WTQ 9, 030 – 2, 246 – 4, 344 –
Spider 7, 000 – 1, 034 – 2, 147 –

WebQSPEL 2, 974 3, 242 – – 1, 603 1, 806
GraphQEL 2, 089 2, 253 – – 2, 075 2, 229

Table 7: Statistics for all datasets used in our experiments. For SQUALL and WTQ, we only show the size of
Split-0, and details of other splits can be found in Table 8. #Q represents the number of questions, #C represents
the number of concepts.

Split Train Dev

0 9, 030 2, 246
1 9, 032 2, 244
2 9, 028 2, 248
3 8, 945 2, 331
4 9, 069 2, 207

Table 8: The size of train set and dev set of five splits
on SQUALL and WTQ.

Split
Dev Test

Ex.Match Ex.Acc Ex.Acc

0 45.10 64.43 53.57
1 47.39 67.01 54.17
2 47.24 65.93 53.61
3 45.99 65.72 53.41
4 52.38 69.73 52.41

Table 9: The experimental results of all splits on WTQ.

experimental results of all five splits on WTQ using
ETA + BERT are shown in Table 9.

Spider We implement two versions: uncased
BERT-base and uncased BERT-large. For BERT-
base (BERT-large), the learning rate is 1.25×10−5

(6.25× 10−6) for the BERT module and 1× 10−4

(5× 10−5) for other modules. The batch size and
gradient accumulation step are set to 10 (6) and
5 (4) for BERT-base (BERT-large) version. The
dropout rate is set to 0.3. As for training time,
BERT-base (BERT-large) version is trained on a
24GB Tesla P40 and it takes about 36 (56) hours to
finish the training process.

D Latent Grounding Visualization

Figure 6 and Figure 7 show the latent grounding
visualization corresponding to examples in Table 6.
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Figure 6: The latent grounding produced by ETA + BERTL for the question “Show name, country, age for all
singers ordered by age from the oldest to the youngest.”.
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Figure 7: The latent grounding produced by ETA + BERTL for the question “For each semester, what is the name
and id of the one with the most students registered?”.
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Abstract

In multi-label text classification (MLTC), each
given document is associated with a set of
correlated labels. To capture label correla-
tions, previous classifier-chain and sequence-
to-sequence models transform MLTC to a se-
quence prediction task. However, they tend
to suffer from label order dependency, la-
bel combination over-fitting and error prop-
agation problems. To address these prob-
lems, we introduce a novel approach with
multi-task learning to enhance label correla-
tion feedback. We first utilize a joint em-
bedding (JE) mechanism to obtain the text
and label representation simultaneously. In
MLTC task, a document-label cross atten-
tion (CA) mechanism is adopted to gener-
ate a more discriminative document represen-
tation. Furthermore, we propose two auxil-
iary label co-occurrence prediction tasks to en-
hance label correlation learning: 1) Pairwise
Label Co-occurrence Prediction (PLCP), and
2) Conditional Label Co-occurrence Predic-
tion (CLCP). Experimental results on AAPD
and RCV1-V2 datasets show that our method
outperforms competitive baselines by a large
margin. We analyze low-frequency label per-
formance, label dependency, label combina-
tion diversity and coverage speed to show the
effectiveness of our proposed method on label
correlation learning. Our code is available at
https://github.com/EiraZhang/LACO.

1 Introduction

Multi-label text classification (MLTC) is an impor-
tant natural language processing task with applica-
tions in text categorization, information retrieval,
web mining, and many other real-world scenar-
ios (Zhang and Zhou, 2014; Liu et al., 2020). In
MLTC, each given document is associated with a

∗Equal contribution.
†Work done during an internship at Tencent.

set of labels which are often related statistically
and semantically. Label correlations should be
sufficiently utilized to build multi-label classifi-
cation models with strong generalization perfor-
mance (Tsoumakas et al., 2009; Gibaja and Ven-
tura, 2015). In particular, learning the dependen-
cies between labels might be helpful in modeling
the low-frequency labels, because real-world clas-
sification problems tend to exhibit long-tail label
distribution, where low-frequency labels are asso-
ciated with only a few instances and are difficult to
learn (Menon et al., 2020).

Previous sequence-to-sequence (Seq2Seq) based
methods (Nam et al., 2017; Yang et al., 2018) have
been shown to have a powerful ability to capture la-
bel correlations with using the current hidden state
of the model and the prefix label predictions. How-
ever, exposure bias phenomenon (Bengio et al.,
2015) may cause the models overfit to the frequent
label sequence in training set, thus lead to several
problems. First, Seq2Seq-based methods heavily
rely on a predefined ordering of labels and perform
sensitively to the label order (Vinyals et al.; Yang
et al., 2019; Qin et al., 2019). Actually, labels are
essentially an order-independent set in the MLTC
task. Second, the Seq2Seq-based methods suffer
from low generalization ability problem since they
tend to overfit the label combinations in the train-
ing set and have difficulty to generate the unseen
label combination. Third, Seq2Seq-based methods
rely on the previous potentially incorrect predic-
tion results. The errors may propagate during the
inference stage where true previous target labels
are unavailable and are thus replaced by labels gen-
erated by the model itself.

To circumvent the potential issues mentioned
above, we introduce a multi-task learning based
approach that does not rely on Seq2Seq architec-
ture. The approach contains a shared encoder, a
MLTC task specific module and a label correla-
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tion enhancing module. In the shared parameter
layers, we introduce a joint embedding (JE) mecha-
nism which takes advantage of a transformer-based
encoder to obtain document and label representa-
tion jointly. Correlations among labels are learned
implicitly through the self-attention mechanism,
which is different from previous label embedding
methods (Wang et al., 2018; Xiao et al., 2019) that
treat labels independently. In MLTC task specific
module, we generate the label-specific document
representation by the document-label cross atten-
tion (CA) mechanism, which retains discriminatory
information. The shared encoder and the MLTC
task specific module form the basic model called
LACO, i.e. LAbel COrrelation aware multi-label
text classification.

The co-occurrence relationship among labels
is one of the important signal that can reflect la-
bel correlations explicitly, which can be obtained
without additional manual annotation. In label
correlation enhancing module, we propose two
label co-occurrence prediction tasks, which are
jointly trained with the MLTC task. The one is the
Pairwise Label Co-occurrence Prediction (PLCP)
task for capturing second-order label correlations
through the two-by-two combinations to distin-
guish whether they appear together in the set of
relevant labels. The other one is the Conditional
Label Co-occurrence Prediction (CLCP) task for
capturing high-order label correlations through a
given partial relevant label set to predict the rele-
vance of other unknown labels.

We conduct experiments on AAPD and RCV1-
V2 datasets, and show that our method outperforms
competitive baselines by a large margin. Compre-
hensive experimental results are provided to analy-
sis low-frequency label performance, label depen-
dency, label combination diversity and coverage
speed, which are essential to measure the ability of
label correlation learning. We highlight our contri-
butions as follows:

1. We propose a novel and effective approach for
MLTC, which not only sufficiently learns the
features of documents and labels through the
joint space, but also reinforces correlations
through multi-task design without depending
on the label order.

2. We propose two feasible tasks (PLCP and
CLCP) to enhance the feedback of label cor-
relations, which is beneficial to help induce

the multi-label predictive model with strong
generalization performance.

3. We compare our approach with competitive
baseline models on two multi-label classifica-
tion datasets and systematically demonstrate
the superiority of the proposed models.

2 Related Work

Our work mainly relates to two fields of MLTC
task: label correlation learning and document rep-
resentation learning.

2.1 Label Correlation Learning

For MLTC task, a simple but widely used method
is binary relevance (BR) (Boutella et al., 2004),
which decomposes the MLC task into multiple in-
dependent binary classification problem without
considering the correlations between labels.

To capture label correlations, label powerset (LP)
(Tsoumakas and Katakis, 2007) take MLTC task as
a multi-class classification problem by training a
classifier on all unique label combinations. Classi-
fier Chains (CC) based method (Read et al., 2011)
exploits the chain rule and predictions from the
previous classifiers as input. Seq2Seq architectures
are proposed to transform MLTC into a label se-
quence generation problem by encoding input text
sequences and decoding labels sequentially (Nam
et al., 2017). However, both CC and Seq2Seq-
based methods heavily rely on a predefined order-
ing of labels and perform sensitively to the label or-
der. To tackle the label order dependency problem,
various methods have been explored: by sorting
heuristically (Yang et al., 2018), by dynamic pro-
gramming (Liu and Tsang, 2015), by reinforcement
learning (Yang et al., 2019), by multi-task learning
(Tsai and Lee, 2020; Zhao et al., 2020). Different
from these works, our method learns the label cor-
relations through a non-Seq2Seq-based approach
without suffering the above mentioned problems.

More recently, researchers have proposed a va-
riety of label correlation modeling methods for
MLTC that are not based on Seq2Seq architecture.
Wang et al. (2020) propose a multi-label reasoner
mechanism that employs multiple rounds of pre-
dictions, and relies on predicting multiple rounds
of results to ensemble or determine a proper or-
der, which is computationally expensive. CorNet-
BertXML (Xun et al., 2020) utilizes BERT (Devlin
et al., 2019) to obtain the joint representation of
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text and all candidate labels and extra exponen-
tial linear units (ELU) at the prediction layer to
make use of label correlation knowledge. Differ-
ent from the above works, we exploit extra label
co-occurrence prediction tasks to explicitly model
the label correlations in a multi-task framework.

2.2 Document Representation Learning

Text representation plays a significant role in text
classification tasks. It is crucial to extract essential
hand-crafted features for early models (Joachims,
1998). Deep neural network based MLTC models
have achieved great success such as CNN (Kurata
et al., 2016; Liu et al., 2017), RNN (Liu et al.,
2016), CNN-RNN (Chen et al., 2017; Lai et al.,
2015), attention mechanism (Yang et al., 2016; You
et al., 2018; Adhikari et al., 2019) and etc. (De-
vlin et al., 2019) is an important turning point in
the development of text classification task and it
works by generating contextualized word vectors
using Transformer. The reason why deep learning
methods have become so popular is their ability to
learn sophisticated semantic representations from
text, which are much richer than hand-crafted fea-
tures(Guo et al., 2020). However, these methods
tend to ignore the semantics of labels while focus-
ing only on the representation of the document.

Recently, label embedding is considered to im-
prove multi-label text classification tasks. (Liu
et al., 2017) is the first DNN-based multi-label em-
bedding method that seeks a deep latent space to
jointly embed the instances and labels. LEAM
(Wang et al., 2018) applies label embedding in text
classification, which obtains each label’s embed-
ding by its corresponding text descriptions. LSAN
(Xiao et al., 2019) makes use of document content
and label text to learn the label-specific document
representation with the aid of self-attention and
label-attention mechanisms. Our work differs from
these works in that the goal of our work is to con-
sider not only the relevance between the document
and labels but also the correlations between labels.

3 Methodology

The framework of LACO is shown in Figure 1. The
lower layers are shared across all tasks, while the
top layers are task-specific. In this section, we
first introduce the standard formal definition of
MLTC. After that, we present the detailed technical
implementation of LACO.

[SEP]
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Figure 1: The framework of our proposed approach.
Note that the shaded square in the CLCP task is the
embedding of given labels, and +, − represent related
label and unrelated label respectively.

3.1 Problem Formulation

Multi-label task studies the classification problem
where each single instance is associated with a
set of labels simultaneously. Given a training set
S = {(Di, Y

+
i )|1 ≤ i ≤ N} of multi-label text

classification data, Di is the text sequence and Y +
i

is its corresponding labels. Specifically, a text se-
quence D of length m is composed of word tokens
D = {x1, x2, ..., xm}, and Y = {y1, y2, ..., yn}
denote the label space consisting of n class labels.
The aim of MLTC is to learn a predictive function
f : D → 2Y to predict the associated label set for
the unseen text. For such, the model must optimize
a loss function which ensures that the relevant and
irrelevant labels of each training text are predicted
with minimal misclassification.

3.2 Document-Label Joint Embedding (JE)

Following BERT (Devlin et al., 2019), the first
token is always the [CLS] token. The output vec-
tor corresponding to the [CLS] token aggregates
the features of the whole document and can be
used for classification. Different from this habitual
operation, we propose a novel input structure to
directly use label information in constructing the
token-level representations.

As shown in Figure 1, the inputs are packed
by a sequence pair (D,Y ), we separate the
text sequence D and the label sequence Y
with a special token [SEP]. Note that the label
sequence is to concatenate all label tokens. The
shared layers map the inputs into a sequence
of embedding vectors, one for each token,
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called token-level representations. Formally, let
{[CLS], x1, ..., xm, [SEP ], y1, ..., yn, [SEP ]} be
the input sequence of the encoder, we obtain the
output contextualized token-level representations
{h[CLS], hx1 , ..., hxm , h[SEP ], hy1 , ..., hyn , h[SEP ]}.
The input structure is designed to guarantee that
words and labels are embedded together in the
same space. With the joint embedding mechanism,
our model could pay more attention to two facets:
1) The correlations between document and labels.
Different document have different influences on a
specific label, while the same document fragment
may affect multiple labels. 2) The correlations
among labels. The semantic information of labels
is interrelated, and label co-occurrence indicates
strong semantic correlations between them.

3.3 Multi-Label Text Classification
In this subsection, we introduce the MLTC task
specific module, including Document-Label Cross
Attention (CA) and Label Predication.

3.3.1 Document-Label Cross Attention (CA)
To explicitly model the semantic relationship be-
tween each word and label token, we measure the
compatibility of label-word pairs via dot product:

M = HDH
T
Y (1)

where HD = [hx1 , ..., hxm ] is the text sequence
embedding, HY = [hy1 , ..., hyn ] is the label se-
quence embedding and M ∈ Rm×n. Consid-
ering the semantic information among consecu-
tive words, we further generalize M through non-
linearity network. Specifically, for a text fragment
of length 2r + 1 centered at i, the local matrix
block Mi−r;i+r in M measures the correlation for
the label-phrase pairs. To improve the effective-
ness of the sparse regularization, we use CNN with
ReLU activation in the hidden layers, and perform
max-pooling and hyperbolic tangent sequentially
in the function Ω:

−→c = Ω(Mi−r;i+r) ·HD (2)

Note that the final document representation −→c is
generated by aggregation of word representations
HD, and weighted by the label-specific attention
vector Ω(·).

3.3.2 Label Predication
Once having the discriminative document repre-
sentation, we build the multi-label text classifier

via a fully connected layer that captures more fine-
grained features from different regions of the docu-
ment:

−→p = sigmoid(W1
−→c T + b1) (3)

where W1 ∈ Rn×k and b1 ∈ Rn. We use Binary
Cross Entropy as the loss function for the multi-
label classification problem:

Lmlc = −
n∑

i=1

[qi ln pi + (1− qi) ln(1− pi)] (4)

where pi = P (yi|D) is the probability of yi pre-
dicted by the model, and qi ∈ {0, 1} is the cate-
gorical information of yi. We train the model by
minimizing the cross-entropy error.

3.4 Multi-Task Learning with Label
Correlations

In this subsection, we introduce two auxiliary tasks,
Pairwise Label Co-occurrence Prediction (PLCP)
and Conditional Label Co-occurrence Prediction
(CLCP), to explore the second-order and high-order
label relationships, respectively.

3.4.1 PLCP Task
Suppose that each document D contains the cor-
responding label set Y + and the uncorresponding
label set Y −. In order to train the model to un-
derstand second-order label relationships, we pro-
pose a binarized label-pair prediction task named
as PLCP that can be trivially generated from the
multi-label classification corpus. The strategy of
selecting label pairs for co-occurrence prediction
is straightforward. One part is sampled only from
Y +, which is marked as IsCo-occur, and the other
part is sampled from Y + and Y −, respectively,
which is marked as NotCo-occur. To construct the
manual training dataset, we empirically set the ratio
of IsCo-occur and NotCo-occur to γ. As Figure 1
shows, we concat the embedding of the two labels
[yi, yj ] together as the input features. The addi-
tional binary classifier is used to predict whether
the state of the two labels is IsCo-occur or NotCo-
occur. The loss function is as followed:

Lplcp = −[qij ln pij + (1− qij) ln(1− pij)] (5)

where pij = p(yj |D, yi) denotes the output prob-
ability of the the co-occurrance of the label-pair,
and q is the ground-truth where qij = 1 means
IsCo-occur and qij = 0 means NotCo-occur.
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3.4.2 CLCP Task
To further learn the high-order label relationships,
we propose the conditional label co-occurrence pre-
diction (CLCP) task. We first randomly pick s
labels from Y + to form Y G, i.e. Y G ⊆ Y +, and
then predict whether the remaining labels of Y
are relevant with them. Specifically, we introduce
an additional position vector EY = [ey1 , ..., eyn ],
where eyi = 0 indicates that yi at that position is
the sampled label, i.e. yi ∈ Y G, and eyi = 1 indi-
cates yi ∈ Y − Y G. The average of the embedding
of the zero-position labels hyG is concatenated to
each nonzero-position label embedding as the in-
put features to predict whether each of remaining
labels should be co-occurrence when knowing the
sampled labels. In Figure 1, p(yi|D,Y G) denotes
the probability of yi predicated by the additional
sigmoid classifier. The loss for the classification
is the sum of binary cross-entropy loss of each
nonzero-position:

Lclcp = −
n−s∑

i=1

[qi ln pi + (1− qi) ln(1− pi)] (6)

where qi ∈ {0, 1} is the ground-truth to denote
whether the label yi should be co-occurrence with
Y G, and pi = p(yi|D,Y G) is the output probabil-
ity of each masked label yi.

3.4.3 Training Objectives
The same inputs are first fed into the shared layers,
then each sub-task module takes the contextual-
ized token-level representations generated by joint
embedding and produces a probability distribution
for its own target labels. The overall loss can be
calculated by:

L = Lmlc + αLplcp + (1− α)Lclcp (7)

where α is a hyperparameter in (0, 1), Lplcp and
Lclcp are task-specific Cross-Entropy loss for PLCP
task and CLCP task, respectively. 1

4 Experimental Setup

4.1 Datasets
We validate our proposed model on two multi-label
text classification datasets: Arxiv Academic Pa-
per Dataset (AAPD) (Yang et al., 2018) collected
55,840 abstracts of papers in the field of computer

1We also implement it with three tasks together. Since the
two auxiliary tasks have the similar goal, there is no perfor-
mance gain.

Dataset |D| |Y | |Di| |Y +
i |

AAPD 55,840 54 163.42 2.41
RCV1-V2 804,414 103 123.94 3.24

Table 1: Statistics of datasets. Here, |D| and |Y | denote
the total number of documents and labels. |Di| is the
average length of all documents. |Y +

i | means the aver-
age number of labels associated with the document.

science, which is organized into 54 related top-
ics. In AAPD dataset, each paper is assigned mul-
tiple topics. Reuters Corpus Volume I (RCV1-
V2) (Lewis et al., 2004) is composed of 804,414
manually categorized newswire stories for research
purposes. Each story in the dataset can be assigned
multiple topics, and there are 103 topics in total.

Tabel 1 shows statistics of datasets. Each dataset
is divided into a training set, a validation set, and
a test set. We followed the division of these two
datasets by Yang et al. (2018).

4.2 Evaluation Metrics

Multi-label classification can be evaluated with
a group of metrics, which capture different as-
pects of the task (Zhang and Zhou, 2014). Fol-
lowing the previous works (Yang et al., 2018;
Tsai and Lee, 2020), we adopt hamming loss,
Micro/Macro-F1 scores as our main evaluation met-
rics. Micro/Macro-P and Micro/Macro-R are also
reported to assist analysis. A Macro-average will
treat all labels equally, whereas a Micro-average
will weighted compute each label by its frequency.

4.3 Comparing Algorithms

We adopt a various of methods as baselines, which
can be divided into two groups according to
whether the label correlations are considered.

The first group of approaches do not consider la-
bel correlations. Binary Relevance (BR) (Boutella
et al., 2004) amounts to independently training one
binary classifier (linear SVM) for each label. CNN
(Kim, 2014) utilizes multiple convolution kernels
to extract text features and then output the probabil-
ity distribution over the label space. LEAM (Wang
et al., 2018) involves label embedding to obtain
a more discriminative text representation in text
classification. LSAN (Xiao et al., 2019) learns the
label-specific text representation with the help of
attention mechanisms. We also implement a BERT
(Devlin et al., 2019) classifier which first encodes
a document into vector space and then outputs the
probability for each label independently.
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AAPD dataset RCV1-V2 dataset
Algorithm HL↓ Mi- P / R / F1↑ Ma- P / R / F1↑ HL↓ Mi- P / R / F1↑ Ma- P / R / F1↑
BR†(Boutella et al., 2004) 0.0316 64.4 / 64.8 / 64.6 - - - 0.0086 90.4 / 81.6 / 85.8 - - -
CNN†(Kim, 2014) 0.0256 84.9 / 54.5 / 66.4 - - - 0.0089 92.2 / 79.8 / 85.5 - - -
LEAM(Wang et al., 2018) 0.0261 76.5 / 59.6 / 67.0 52.4 / 40.3 / 45.6 0.0090 87.1/ 84.1 / 85.6 69.5 / 65.8 / 67.6
LSAN(Xiao et al., 2019) 0.0242 77.7 / 64.6 / 70.6 67.6 / 47.2 / 53.5 0.0075 91.3 / 84.1 / 87.5 74.9 / 65.0 / 68.4
BERT(Devlin et al., 2019) 0.0224 78.6 / 68.7 / 73.4 68.7 / 52.1 / 57.2 0.0073 92.7 / 83.2 / 87.7 77.3 / 61.9 / 66.7

CC†(Read et al., 2011) 0.0306 65.7 / 65.1 / 65.4 - - - 0.0087 88.7 / 82.8 / 85.7 - - -
SGM†♣(Yang et al., 2018) 0.0251 74.6 / 65.9 / 69.9 - - - 0.0081 88.7 / 85.0 / 86.9 - - -
Seq2Set†♣(Yang et al., 2019) 0.0247 73.9 / 67.4 / 70.5 - - - 0.0073 90.0 / 85.8 / 87.9 - - -
OCD†♣(Tsai and Lee, 2020) - - - 72.0 - - 58.5 - - - - - - -
ML-R†(Wang et al., 2020) 0.0248 72.6 / 71.8 / 72.2 - - - 0.0079 89.0 / 85.2 / 87.1 - - -
Seq2Seq♣T (Nam et al., 2017) 0.0275 69.8 / 68.2 / 69.0 56.2 / 53.7 / 54.0 0.0074 88.5 / 87.4 / 87.9 69.8 / 65.5 / 66.1
SeqTagBert 0.0238 74.3/ 71.5 / 72.9 61.5 / 57.5 / 58.5 0.0073 90.6 / 84.9 / 87.7 73.7 / 66.7 / 68.7

LACO 0.0213 80.2 / 69.6 / 74.5 70.4 / 54.0 / 59.1 0.0072 90.8 / 85.6 / 88.1 75.9 / 66.6 / 69.2
LACO+plcp 0.0212 79.5 / 70.8 / 74.9 68.4 / 55.8 / 59.9 0.0070 90.8 / 86.2 / 88.4 76.1 / 66.5 / 69.2
LACO+clcp 0.0215 78.9 / 70.8 / 74.7 71.9 / 56.6 / 61.2 0.0070 90.6 / 86.4 / 88.5 77.6 / 71.5 / 73.1

Table 2: Predictive performance of each comparing algorithm on two datasets. Hamming Loss (HL), Micro (Mi-)
and Marco (Ma-) average Precision (P), Recall (R), F1-Score (F1) are used as evaluation metrics. The ↓ represents
the lower score the better performance, and the ↑ is the opposite. Models with † denote for its results are quoted
from previous papers. Models with ♣ are the Seq2Seq-based models.

The second group of methods consider label cor-
relations. Classifier Chains (CC) (Read et al., 2011)
transforms the MLTC problem into a chain of bi-
nary classification problems. SGM (Yang et al.,
2018) proposes the Seq2Seq model with global em-
bedding mechanism to capture label correlations.
Seq2Set (Yang et al., 2019) presents deep reinforce-
ment learning to improve the performance of the
Seq2Seq model. We also implement a Seq2Seq
baseline with 12-layer transformer, named with
Seq2SeqT . More recently, OCD (Tsai and Lee,
2020) proposes a framework including one encoder
and two decoders for MLTC to alleviate exposure
bias. ML-Reasoner (Wang et al., 2020) employs a
binary classifier to predict all labels simultaneously
and applies a novel iterative reasoning mechanism.
Besides, we also provide another strong baseline:
SeqTagBert transforms multi-label classification
task into sequential tagging task, which first obtain
embeddings of each label (HY in Sec 3.3) by our
shared encoder and then output a probability for
each label sequentially by a BiLSTM-CRF model
(Huang et al., 2015).

Results of BR, CNN, CC, SGM, Seq2Set, OCD
and ML-R are cited in previous papers and results
of other baselines are implemented by us. All algo-
rithms follow the same data division.

4.4 Experimental Setting

We implement our model in Tensorflow and run on
NVIDIA Tesla P40. We fine-tune models on the En-

glish base-uncased versions of BERT 2. The batch
size is 32, and the maximum total input sequence
length is 320. The window size of the additional
layer is 10, and we set γ as 0.5. We use Adam
(Kingma and Ba, 2015) with learning rate of 5e-5,
and train the models by monitoring Micro-F1 score
on the validation set and stopping the training if
there is no increase in 50,000 consecutive steps.

5 Results and Analysis

In this section, we report the main experimental
results of the baseline models and the proposed
method on two text datasets. Besides, we analyze
the performance on different frequency labels, and
further evaluate whether our method effectively
learns the label correlations through label-pair con-
fidence distribution learning and label combination
prediction. Finally, we give a detailed analysis
of the convergence study which demonstrates the
generalization ability of our method.

5.1 Experiment Results

We report the experimental results of all comparing
algorithms on two datasets in Table 2. The first
block includes methods without learning label
correlations. The second block is the methods
considering label correlations, and the third block
is our proposed LACO methods. As shown in
Table 2, the LACO-based models outperform all

2https://github.com/google-research/bert
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AAPD RCV1-V2
Model HL Mi-F1 HL Mi-F1

BERT 9.39e-09 3.80e-10 4.95e-04 3.67e-08
SeqTagBert 7.76e-16 1.86e-07 4.95e-04 3.67e-08

Table 3: Statistical analysis results. The P-values of
LACO on significant test comparing with the two strong
baselines BERT and SeqTagBert.

baselines by a large margin in the main evaluation
metrics. The following observations can be made
according to the results:
• Our basic model LACO training only by the
MLTC task significantly improves previous results
on hamming loss and Micro-F1. Specifically, on
the AAPD dataset, comparing to Seq2Set which
considers modeling the label correlations, our
basic model decreases by 13.8% on hamming loss
and improves by 5.67% on Micro-F1. Comparing
with the label embedding method like LSAN,
LACO achieves a reduction of 4.00% hamming
loss score and an improvement of 0.69% Micro-F1
score on the RCV1-V2 dataset. Also, BERT
is still a strong baseline, which shows that
obtaining a high-quality discriminative document
representation is important for the MLTC task.
Here, we train the LACO with 3 random seeds and
calculate the mean and the standard deviation. We
perform a significant test with LACO and the two
strong baselines BERT and SeqTagBert in Table 3.
Comparing with the two strong baseline models,
all of the P-values of LACO are below the threshold
(p < 0.05), suggesting that the performance is
statistically significant. In addition, we implement
Friedman test (Demšar, 2006) for hamming loss
and Micro-F1 metrics. The Friedman statistics
FF for hamming loss is 7.875 and for Micro-F1
is 6.125, when the corresponding critical value
is 2.8179 (# comparing algorithms k = 12, #
datasets N = 2). As a result, the null hypothesis
of indistinguishable performance among the
compared algorithms is clearly rejected at 0.05
significance level.
• Compared with SGM, Seq2SeqT does
not achieve significantly improvements, but
SeqTagBert shows good performance based on the
shared Transformer encoder between document
and labels. Notably, the result of SeqTagBert on
Micro-F1 is comparable to BERT, but the result
on Macro-F1 is observably higher. The above
illustrates that label correlation information is
more important for learning low frequency labels.

AAPD RCV1-V2
Model HL Mi-F Ma-F HL Mi-F Ma-F

LACO 0.0213 74.5 59.1 0.0072 88.1 69.2

w/o JE 0.0237 72.6 57.7 0.0077 87.5 68.4
w/o CA 0.0220 73.5 58.4 0.0073 87.8 68.5
w/o JE & CA 0.0224 73.4 57.2 0.0073 87.7 66.7

Table 4: Ablation over the proposed joint embedding
(JE) and cross attention (CA) mechanisms using the
LACO model on AAPD and RCV1-V2 datasets.

• As for the results of the multi-task learning
methods, the two subtasks introduced by our
method have a certain degree of improvement on
the main metrics of the two datasets. Specifically,
we observe that the PLCP task shows better
performance and presents the best score of 74.9
on Micro-F1 for AAPD dataset, while the CLCP
task presents the best performance on Micro-F1
for RCV1-V2 dataset as 88.5. Furthermore,
the proposed multi-task framework shows great
improvements than the basic model LACO on
Macro-F1, which demonstrates that the perfor-
mance on low-frequency labels can be greatly
improved through our label correlation guided
subtasks. There are more detailed analysis in
Section 5.3 and 5.5. Notably, the CLCP task
performs better on Marco-F1 by considering the
high-order correlations. We also implement the
experiment using the losses of three tasks together,
while the combination of the two subtasks can not
further improve the model performance comparing
to LACO+plcp or LACO+clcp, which we consider is
due to the strong relevance between the two tasks.

5.2 Ablation Study

In this section, we will demonstrate the effective-
ness of two cores of the proposed LACO model, that
is a document-label joint embedding (JE) mecha-
nism, and a document-label cross attention (CA)
mechanism. Note that, the setting of w/o JE &
CA is equivalent to the BERT baseline in Tabel 2,
which encode document only and predict the proba-
bility for each label based on [CLS]. In the w/o JE
setting, document embedding is encoded by BERT
while each label embedding is a learnable random
initialized vector. Its label prediction layer is the
same with LACO. In the w/o CA setting, document
and label embedding are obtained by BERT jointly,
and probability for each label is predicted based
on [CLS]. Tabel 4 shows that JE and CA are both
important to obtain a more discriminative text rep-
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(a) The label distribution of AAPD

(b)Macro-F1 for the four groups on AAPD

�

Figure 2: Label classification performance on different
frequency distributions. Subfigure(a) shows the label
frequency distribution of each label on AAPD training
set. Subfigure(b) illustrates the Macro-F1 performance
of different methods in the four groups.

resentation. After removing JE and CA mechanism,
the performance drops more in the AAPD dataset
than RCV1-V2 dataset. We believe that is mainly
due to the less of training instance in AAPD, which
is more difficult to learn relevant features especially
for those low-frequency labels.

5.3 Low-frequency Label Performance

Figure 2(a) illustrates the label frequency distri-
bution on AAPD training set, which is a typi-
cal big-head-long-tail distribution. We divide all
the labels into four groups according to the fre-
quency, the big-head group (Group1), the high-
frequency group (Group2), the middle-frequency
group (Group3), and the low-frequency group
(Group4). As shown in Figure 2(b), we find the
performance of all methods decreases with the la-
bel frequency of occurrence. The performance
gap between Seq2SeqT and LACO based meth-
ods increases as the frequency decreases, espe-
cially in Group 4, LACO+clcp achieves a 74.5%
improvement comparing to the Seq2SeqT model,
which demonstrates that the performance on low-
frequency labels can be enhanced by the condi-
tional label co-occurrence prediction task.

5.4 Label Correlation Analysis

The co-occurrence relationship between labels is
one of the important aspects that can reflect label
correlation. In this experiment, we utilize the condi-
tional probability p(yb|ya) between label ya and yb
to represent their dependency quantitatively. Fur-
thermore, we calculate the Conditional Kullback-
Leibler Divergence of p(yb|ya) to measure the “dis-

AAPD RCV1-V2
Model train test train test
Seq2SeqT 1.27 1.30 0.08 0.94
SeqTagBert 1.40 1.28 0.09 0.95
LACO 1.40 1.27 0.09 0.94
LACO+plcp 1.35 1.28 0.08 0.76
LACO+clcp 1.32 1.10 0.08 0.91

Table 5: KL(P g||P p) for different models on AAPD
and RCV1-V2 datasets. Note that P g is the ground
truth distribution of datasets and P p is the model dis-
tribution. Smaller scores indicate that two distributions
are closer.

tance” between model prediction distribution (P p)
and the ground-truth distribution on training/testing
dataset (P g). The score is calculate as:

KL(P g||P p) =
∑

ya,yb∈Y
(pg(yb|ya)log

pg(yb|ya)
pp(yb|ya)

p(yb|ya) = #(ya, yb)/#(ya)
(8)

where # means the number of the single label or
the label combination in the training/testing dataset.
The KL-distances on the AAPD and RCV1-V2
datasets are shown in Table 5. On the testing set set-
tings, we can find that LACO has much better fitting
ability for the dependency relationship between la-
bels, especially after introducing the co-occurrence
relationship prediction task. The Seq2SeqT model
achieves the lowest KL distance with training set
on both AAPD and RCV1-V2 but achieve larger
scores on the test set. This conclusion further
proves that the Seq2Seq-based model is prone to
over-fitting label pairs during training. It should
be emphasized that this KL distance just quantify
how much interdependence between label pairs the
model have learned, but it cannot directly measure
the prediction accuracy of the model.

5.5 Label Combination Diversity Analysis

Table 6 shows the number of different predicted
label combinations (CTest) and subset accuracy
(Acc), which is a strict metric that indicates the
percentage of samples that have all their labels clas-
sified correctly. Seq2SeqT produces fewer kinds
of label combinations on the two datasets. As they
tend to “remember” label combinations, the gen-
erated label sets are most alike, indicating a poor
generalization ability to unseen label combinations.
Because Seq2SeqT is conservative and only gen-
erates label combinations it has seen in the train-
ing set, it achieves high Acc values, especially on
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AAPD RCV1-V2
Model CTest Acc CTest Acc
Ground Truth 392 1.000 278 1.000
Seq2SeqT 214 0.392 87 0.669
OCD† 302 0.403 - -
SeqTagBert 289 0.410 187 0.637
LACO 315 0.425 241 0.642
LACO+plcp 320 0.439 241 0.644
LACO+clcp 321 0.427 239 0.660

Table 6: Statistics on the number of label combinations.
CTest is the number of different predicted label combi-
nations. Acc is the subset accuracy on the testing set.
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Figure 3: The convergence speed of five BERT-based
methods. The x-axis refers to the training steps, and the
y-axis refers to the Micro-F1 score performance.

RCV1-V2 dataset. For our models, they produce
more diverse label combinations while obtaining
good Acc since we do not regard multi-label clas-
sification as a sequence generation task that uses a
decoder to model the relationship between labels.
Instead, we learn the correlations among labels on
the encoding side, and the scoring between labels
does not interfere with each other, which leads to a
higher probability of generating label combinations
not seen during training than the Seq2Seq-based
models.

5.6 Coverage Speed

The convergence speed of five BERT-based models
are shown in Figure 3. Our basic model LACO

outperforms other BERT-based models in terms of
convergence speed, and the proposed multi-task
mechanisms are able to enhance LACO to converge
much faster. The main reason might be that the
feature exchanging through multi-tasks accelerates
the model to learn a more robust and common rep-
resentation.

6 Conclusions and Future Work

In this paper, we propose a new method for MLTC
based on document-label joint embedding and cor-
relation aware multi-task learning. Experimental

results show that our method outperforms competi-
tive baselines by a large margin. Detailed analyses
show the effectiveness of our proposed architecture
using semantic connections between document-
label and label-label, which helps to obtain a dis-
criminative text representation. Furthermore, the
multi-task framework shows strong capability on
low-frequency label predicting and label correla-
tion learning.

Considering the Extreme Multi-label Text Clas-
sification that contains an extremely large label set,
LACO could be further exploited through sched-
uled label sampling, hierarchical label embedding
strategy, and so on. We hope that further research
could get clues from our work.
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Abstract

Commonsense question answering (QA) re-
quires a model to grasp commonsense and
factual knowledge to answer questions about
world events. Many prior methods couple lan-
guage modeling with knowledge graphs (KG).
However, although a KG contains rich struc-
tural information, it lacks the context to pro-
vide a more precise understanding of the con-
cepts. This creates a gap when fusing knowl-
edge graphs into language modeling, espe-
cially when there is insufficient labeled data.
Thus, we propose to employ external entity
descriptions to provide contextual information
for knowledge understanding. We retrieve de-
scriptions of related concepts from Wiktionary
and feed them as additional input to pre-
trained language models. The resulting model
achieves state-of-the-art result in the Common-
senseQA dataset and the best result among
non-generative models in OpenBookQA.

1 Introduction

One critical aspect of human intelligence is the abil-
ity to reason over everyday matters based on obser-
vation and knowledge. This capability is usually
shared by most people as a foundation for commu-
nication and interaction with the world. Therefore,
commonsense reasoning has emerged as an impor-
tant task in natural language understanding, with
various datasets and models proposed in this area
(Ma et al., 2019; Talmor et al., 2018; Wang et al.,
2020; Lv et al., 2020).

While massive pre-trained models (Devlin et al.,
2018; Liu et al., 2019) are effective in language
understanding, they lack modules to explicitly han-
dle knowledge and commonsense. Also, structured
data like knowledge graph is much more efficient
in representing commonsense compared with un-
structured text. Therefore, there have been multiple

∗ Equal contribution

methods coupling language models with various
forms of knowledge graphs (KG) for commonsense
reasoning, including knowledge bases (Sap et al.,
2019; Yu et al., 2020b), relational paths (Lin et al.,
2019), graph relation network (Feng et al., 2020)
and heterogeneous graph (Lv et al., 2020). These
methods combine the merits of language modeling
and structural knowledge information and improve
the performance of commonsense reasoning and
question answering.

However, there is still a non-negligible gap be-
tween the performance of these models and hu-
mans. One reason is that, although a KG can en-
code topological information between the concepts,
it lacks rich context information. For instance, for
a graph node for the entity “Mona Lisa”, the graph
depicts its relations to multiple other entities. But
given this neighborhood information, it is still hard
to infer that it is a painting. On the other hand, we
can retrieve the precise definition of “Mona Lisa”
from external sources, e.g. the definition of Mona
Lisa in Wiktionary is “A painting by Leonardo da
Vinci, widely considered as the most famous paint-
ing in history”. To represent structured data that
can be seamlessly integrated into language models,
we need to provide a panoramic view of each con-
cept in the knowledge graph, including its neigh-
boring concepts, relations to them, and a definitive
description of it.

Thus, we propose the DEKCOR model, i.e. DE-
scriptive Knowledge for COmmonsense question
answeRing, to tackle multiple choice common-
sense questions. Given a question and a choice,
we first extract the contained concepts. Then, we
extract the edge between the question concept and
the choice concept in ConceptNet (Speer et al.,
2017). If such an edge does not exist, we compute
a relevance score for each knowledge triple (sub-
ject, relation, object) containing the choice concept,
and select the one with the highest score. Next, we
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retrieve the definition of these concepts from Wik-
tionary via multiple criteria of text matching. Fi-
nally, we feed the question, choice, selected triple
and definitions into the language model ALBERT
(Lan et al., 2019) to produce a score indicating how
likely this choice is the correct answer.

We evaluate our model on CommonsenseQA
(Talmor et al., 2018) and OpenBookQA (Mihaylov
et al., 2018). On CommonsenseQA, it outperforms
the previous state-of-the-art result by 1.2% (single
model) and 3.8% (ensemble model) on the test
set. On OpenBookQA, our model outperforms all
baselines other than two large-scale models based
on T5 (Raffel et al., 2019). We further conduct
ablation studies to demonstrate the effectiveness of
fusing context into the knowledge graph.

2 Related work

Several different approaches have been investigated
for leveraging external knowledge sources to an-
swer commonsense questions. Min et al. (2019)
addresses open-domain QA by retrieving from a
passage graph, where vertices are passages and
edges represent relationships derived from exter-
nal knowledge bases and co-occurrence. Sap et al.
(2019) introduces the ATOMIC graph with 877k
textual descriptions of inferential knowledge (e.g.
if-then relation) to answer causal questions. Lin
et al. (2019) projects questions and choices to
the knowledge-based symbolic space as a schema
graph. It then utilizes path-based LSTM to give
scores. Feng et al. (2020) adopts the multi-hop
graph relation network (MHGRN) to perform rea-
soning unifying path-based methods and graph neu-
ral networks. Lv et al. (2020) proposes to extract
evidence from both structured knowledge base such
as ConceptNet and Wikipedia text and conduct
graph-based representation and inference for com-
monsense reasoning. Wang et al. (2020) employs
GPT-2 to generate paths between concepts in a
knowledge graph, which can dynamically provide
multi-hop relations between any pair of concepts.

Several studies have utilized knowledge descrip-
tions for different tasks. Yu et al. (2020a) uses
description text from Wikipedia for knowledge-
text co-pretraining. Xie et al. (2016) encodes
the semantics of entity descriptions in knowledge
graphs to improve the performance on knowledge
graph completion and entity classification. Chen
et al. (2018) co-trains the knowledge graph em-
beddings and entity description representation for

cross-lingual entity alignment. Concurrent with our
work, Chen et al. (2020) also insert knowledge de-
scriptions into commonsense question answering.
Compared with our work, the proposed method
in Chen et al. (2020) is much more complex, e.g.
involving training additional rankers on retrieved
text, while our result outperforms Chen et al. on
CommonsenseQA.

3 Method

3.1 Knowledge Retrieval
Problem formulation. In this paper, we focus
on the following QA task: given a commonsense
question q, select the correct answer from several
choices c1, ..., cn. In most cases, the question does
not contain any mentions of the answer. There-
fore, external knowledge sources can be used to
provide additional information. We adopt Concept-
Net (Speer et al., 2017) as our knowledge graph
G = (V, E), which contains over 8 million entities
as nodes and over 21 million relations as edges. In
the following, we use triple to refer to two neigh-
boring nodes and the edge connecting them, i.e.
(u ∈ V, p = (u, v) ∈ E, v ∈ V ), with u being the
subject, p the relation, and v the object.

Suppose the question mentions an entity eq ∈ V
and the choice contains an entity ec ∈ V 1. We
then employ the KCR method (Lin, 2020) to select
relation triples. If there is a direct edge r from eq to
ec in G, we choose this triple (eq, r, ec). Otherwise,
we retrieve all the N triples containing ec. Each
triple j is assigned a score sj which is the product
of its triple weight wj provided by ConceptNet and
relation type weight trj :

sj = wj · trj = wj · N

Nrj

(1)

Here, rj is the relation type of the triple j, and
Nrj is the number of triples among the retrieved
triples that have the relation type rj . In other words,
this process favors rarer relation types. Finally, the
triple with the highest weight is chosen.

3.2 Contextual information
The retrieved entities and relations from the knowl-
edge graph are described by their surface form.
Without additional context, it is hard for the lan-
guage model to understand its exact meaning, es-
pecially for proper nouns.

1CommonsenseQA provides the question/choice entity.
For OpenBookQA, we choose from the extracted entities that
are most frequent in retrieved facts. See Appendix for details.
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ALBERT

[CLS]

Q: Where would you find magazines 
alongside many other printed works?

Question Choice [SEP] Ques_ent description Choice_ent [SEP]description Triple

C: Bookstore

Ques_ent: magazines

Choice_ent: bookstore bookstore: A store where books are bought and sold.

magazines: A non-academic periodical publication

Attention-based Weighted Sum

Softmax

Rel: magazines, AtLocation, 

Bookstore

ConceptNet

[SEP]

Figure 1: In our model, the input to ALBERT includes the question, choice, entity names, description text and
triple. An attention-based weighted sum and a softmax layer process the output from ALBERT to produce the
prediction.

Therefore, we leverage large-scale online dictio-
naries to provide definitions as context. We use a
dump of Wiktionary2 which includes definitions of
999,614 concepts. For every concept, we choose its
first definition entry in Wiktionary as the descrip-
tion. For every question/choice concept, we find
its closest match in Wiktionary by using the fol-
lowing forms in order: i) original form; ii) lemma
form by Spacy (Honnibal and Montani, 2017); iii)
base word (last word). For example, the concept
“taking notes” does not appear in its original form
in Wiktionary, but its lemma form “take notes” is
in Wiktionary and we get its description text: “To
make a record of what one hears or observes for
future reference”. In this way, we find descriptions
of all entities in our experiments. The descriptions
of the question and choice concept are denoted by
dq and dc, respectively.

Finally, we feed the question, choice, descrip-
tions and triple (from Section 3.1) into the AL-
BERT model (Lan et al., 2019) in the following
format: [CLS] q c [SEP] eq: dq [SEP] ec: dc [SEP]
triple.

3.3 Reasoning

On top of ALBERT, we leverage an attention-based
weighted sum and a softmax layer to generate the
relevance score for the question-choice pair. In
detail, suppose the output representations of AL-
BERT is (x0, ..., xm), where xi ∈ Rd. We com-
pute a weighted sum of these embeddings based on

2https://www.wiktionary.org/

Table 1: Statistics of CommonsenseQA (CSQA) and
OpenBookQA (OBQA).

Dataset Train Dev Test Choices
CSQA 9,741 1,221 1,140 5
OBQA 4,957 500 500 4

attention:

qi = uT xi (2)

αi = softmax(qi) (3)

v =
m∑

i=0

αixi, (4)

where u is a parameter vector. The relevance score
between the question and the choice is then s =
softmax(vT b), where b ∈ Rd is a parameter vector
and the softmax is computed over all choices for
the cross-entropy loss function.

The architecture of our model DEKCOR and the
construction of input is shown in Fig. 1.

4 Experiments

4.1 Datasets and baselines
We evaluate our model on two benchmark datasets
of multiple-choice questions for commonsense
question answering: CommonsenseQA (Talmor
et al., 2018) and OpenBookQA (Mihaylov et al.,
2018). CommonsenseQA creates questions from
ConceptNet entities and relations; OpenBookQA
probes elementary science knowledge from a book
of 1,326 facts. The statistics of the datasets is pro-
vided in Table 1. For OpenBookQA, we follow
prior approaches (Wang et al., 2020) to append top
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Table 2: Accuracy on the test set of CommonsenseQA.

Methods Single Ensemble
BERT+OMCS 62.5 -
RoBERTa 72.1 72.5
RoBERTa+HyKAS 73.2 -
XLNet+DREAM - 73.3
RoBERTa+KE 73.3 -
RoBERTa+KEDGN - 74.4
XLNet+GraphReason 75.3 -
ALBERT - 76.5
RoBERTa+MHGRN 75.4 76.5
ALBERT+PG-Full 75.6 78.2
T5 78.1 -
ALBERT+KRD 78.4 -
UnifiedQA 79.1 -
ALBERT+KCR 79.5 -
DEKCOR (ours) 80.7 83.3

Table 3: Accuracy on the test set of OpenBookQA.

Methods Accuracy
BERT + Careful Selection 72.0
AristoRoBERTa 77.8
ALBERT + KB 81.0
ALBERT + PG-Full 81.8
TTTTT (T5-3B) 83.2
UnifiedQA (T5-11B) 87.2
DEKCOR (ours) 82.4

5 retrieved facts provided by Aristo team (Clark
et al., 2019) to the input. We also pre-train our
OpenBookQA model on CommonsenseQA’s train-
ing set as we find it helps to boost the performance.

We compare our models with state-of-the-art
baselines, which all employ pre-trained models in-
cluding RoBERTa (Liu et al., 2019), XLNet (Yang
et al., 2019), ALBERT (Lan et al., 2019) and T5
(Raffel et al., 2019) and some adopt additional mod-
ules to process knowledge information. A detailed
description of the baselines is in the Appendix.

4.2 Results

CommonsenseQA. Table 2 shows the accuracy on
the test set of CommonsenseQA. For a fair com-
parison, we categorize the results into single mod-
els and ensemble models. Our ensemble model
consists of 7 single models with different initializa-
tion random seeds, and its output is the majority
of choices selected by these single models. More
implementation details are shown in the Appendix.

Table 4: Ablation results on the dev sets of Common-
senseQA and OpenBookQA.

Methods CSQA OBQA
DEKCOR 84.7 82.2
Triple Only 82.0 80.0
Description Only 80.3 81.8
No Context 78.9 80.0

Our proposed DEKCOR outperforms the previ-
ous state-of-the-art result by 1.2% (single model)
and 3.8% (ensemble model). This demonstrates the
effectiveness of the usage of knowledge description
to provide context.

Furthermore, we notice two trends based on
the results. First, the underlying pre-trained
language model is important in commonsense
QA quality. In general, we observe this or-
der of accuracy among these language models:
BERT<RoBERTa<XLNet<ALBERT<T5. Sec-
ond, the additional knowledge module is critical to
provide external information for reasoning. For ex-
ample, RoBERTa+KEDGN outperforms the vanilla
RoBERTa by 1.9%, and our model outperforms the
vanilla ALBERT model by 6.8% in accuracy.
OpenBookQA. Table 3 shows the test set accu-
racy on OpenBookQA. All results are from single
models. Note that the two best-performing models,
i.e. UnifiedQA (Khashabi et al., 2020) and TTTTT
(Raffel et al., 2019), are based on the T5 generation
model, with 11B and 3B parameters respectively.
Thus, they are computationally very expensive. Ex-
cept these T5-based systems, DEKCOR achieves
the best accuracy among all baselines.
Ablation study. Table 4 shows that the usage of
concept descriptions from Wiktionary and triple
from ConceptNet can help improve the accuracy of
DEKCOR on the dev set of CommonsenseQA by
2.7% and 4.4% respectively. We observe similar
results on OpenBookQA. This demonstrates that
additional context information can help with fus-
ing knowledge graph into language modeling for
commonsense question answering.
Case Study. Table 5 shows two examples from
CommonsenseQA and OBQA respectively. In the
first example, without additional description the
model would not know relevant information about
bats, like they are insectivorous, leading to the
wrong answer “eating bugs”. With the description,
the model knows that bats eat bugs, so it chooses
“laying eggs” as the answer. Similarly, for the sec-

1204



CommonsenseQA Question:
Bats have many quirks, with the exception of .
Question entity description:
bat: Any of the flying mammals of the order Chiroptera,
usually small and nocturnal, insectivorous or frugivorous.
Model w/o description chooses: eating bugs
Model w/ description chooses: laying eggs

OBQA Question:
Alligators .
Question entity description:
alligator: Either of two species of large amphibious reptile,
..., which have sharp teeth and very strong jaws...
Model w/o description chooses: eat gar
Model w/ description chooses: are warm-blooded

Table 5: Examples from CommonsenseQA and OBQA
dataset showing the effectiveness of entity descriptions.

ond question, the “sharp teeth and very strong jaws”
in the description hint that alligators are likely car-
nivorous, and reptiles are likely cold-blooded. The
entity description leads to the correct answer of
“eat gar”.

5 Conclusions

In this paper, we propose to fuse context infor-
mation into knowledge graphs for commonsense
question answering. As a knowledge graph often
lacks descriptions for the contained entities and
relations, we leverage Wiktionary to provide defini-
tive text for each entity as additional input to the
pre-trained language model ALBERT. The result-
ing DEKCOR model achieves state-of-the-art re-
sults on the benchmark datasets CommonsenseQA
and OpenBookQA. Ablation studies demonstrate
the effectiveness of the proposed usage of knowl-
edge description and knowledge triple information
in commonsense question answering.
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A Implementation Details

Identification of eq and ec. CommonsenseQA
specifies the question entity in each question and
each answer choice is also an entity in ConceptNet.
We use them as eq and ec. For OpenBookQA, we
identify all ConceptNet entities in the question and
answer text and count their number of occurrences
in the retrieved text. For a triple (eq, r, ec), we
define its weight as neq +nec , where ne is the num-
ber of occurrences in retrieved text. The edge with
the largest weight is picked. If no edge is found
between question and answer entities, we use the
answer entity with the most occurrences to find
triples. For Wiktionary descriptions, we find de-
scriptions for eq and ec with the most occurrences
as well.
Using ConceptNet. Since ConceptNet contains a
lot of weak relations, we only use the following re-
lations for our triples: CausesDesire, HasProperty,
CapableOf, PartOf, AtLocation, Desires, HasPre-
requisite, HasSubevent, Antonym, Causes.
Optimization. We use the AdamW (Loshchilov
and Hutter, 2017) optimizer with a learning rate of
2e-5. The batch size is 8. We limit the maximum
length of the input sequence to 192 tokens. The
model is trained for 10 epochs. We use the Hug-
gingface (Wolf et al., 2019) implementation for the
ALBERT model.

B Baseline Methods

GraphReason (Lv et al., 2020) retrieves knowledge
from both structured knowledge base and plain
text.
PG-FULL (Wang et al., 2020) fine-tunes GPT-2
on ConceptNet to generate knowledgeable paths
between knowledge graph concepts.
UnifiedQA (Khashabi et al., 2020) pre-trains T5 on
a variety of QA datasets for general QA tasks.
MHGRN (Feng et al., 2020) adopts the multi-hop
graph relation network to perform reasoning.
HyKAS (Ma et al., 2019) employs an option com-
parison network to consume ConceptNet triples.
ALBERT+KRD retrieves commonsense knowl-
edge from Open Mind Common Sense and then
uses a self-attention module to compute a weighted
sum of these triple representations.
BERT + Selection (Banerjee et al., 2019) improves
the result on OpenBookQA via abductive informa-
tion retrieval , information gain based re-ranking,
passage selection and weighted scoring.
ALBERT+KB also improves retrieval results on

OpenBookQA by token-based and embedding-
based retrieval. TTTTT (Raffel et al., 2019) fine-
tunes the T5 language generation model on Open-
BookQA.
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Abstract

Transferring knowledge from a label-rich do-
main (source domain) to a label-scarce domain
(target domain) for pervasive cross-domain
Text Classification (TC) is a non-trivial task.
To overcome this issue, we propose EADA,
a novel unsupervised energy-based adversarial
domain adaptation framework. First, a deep
pre-trained language model (e.g. RoBERTa)
is leveraged as a shared feature extractor that
maps the text sequences from both source and
target domains to a feature space. Since the
source features maintain good feature discrim-
inability because of the full supervised train-
ing, we design a method that encourages target
features towards the source ones via adversar-
ial learning. An autoencoder is designed as an
energy function that focuses on reconstructing
source feature embeddings, while the feature
extractor aims to generate source-like target
feature embeddings to deceive the autoencoder.
In this manner, the target feature embeddings
become domain-invariant and inherit great dis-
criminability. Extensive experiments on multi-
domain sentiment classification (Amazon re-
view dataset) and Yes/No question-answering
classification (BoolQ and MARCO dataset)
are conducted. The experimental results val-
idate that EADA largely alleviates the do-
main discrepancy while maintaining excellent
discriminability and achieves state-of-the-art
cross-domain TC performance.

1 Introduction

With the booming development of Natural Lan-
guage Processing (NLP) in recent years, text clas-
sification (TC) is playing a vital role in a myriad
of services in our daily lives, such as online rec-
ommendations, email spam detection, sentiment
classification and social media analysis. Large pre-
trained language models, e.g. BERT (Devlin et al.,

∗∗Equal Contribution.
††Work done while at Microsoft.

2019), XLNet (Yang et al., 2019) and RoBERTa
(Liu et al., 2019b), achieve outstanding results on
challenging NLP benchmarks, i.e. GLUE (Wang
et al., 2018), RACE (Lai et al., 2017), and SQuAD
(Rajpurkar et al., 2016). These models enable nu-
merous downstream NLP tasks with compelling
performance, including TC, where the model is
further fine-tuned with annotated data.

TC tasks are usually domain dependent in real-
world. Thus, the performance of these powerful
deep models is still fluctuated and even degraded
when directly implementing them in a unseen do-
main (target domain), where the task topic or the
data distributions are different from the domain
during training (source domain). Although their
performance can be improved via fine-tuning with
full supervision in the target domain, a significant
amount of labeled target data is required. Collect-
ing high-quality data is usually difficult and expen-
sive in many real-world domains. Furthermore, the
annotating process is extremely time-consuming
and labor-intensive. To overcome these issues, un-
supervised domain adaptation (UDA), which aims
to transfer the knowledge from a label-rich domain
(source domain) to a label-scarce or unlabeled do-
main (target domain) is proposed (Li et al., 2017;
Chen et al., 2018; Guo et al., 2018; Zhang et al.,
2019).

The intuitive objective of UDA is to align the
marginal distribution of features across source and
target domains. In general, UDA methods can be
classified into two categories. One line of research
focuses on reducing the discrepancy by minimiz-
ing statistical measurements, e.g. maximum mean
discrepancy (Tzeng et al., 2014a). Another cat-
egory leverages adversarial learning to alleviate
the domain shift. Motivated by Generative Adver-
sarial Network (GAN) (Goodfellow et al., 2014),
adversarial domain adaptation (ADA) introduces a
binary domain discriminator to identify the domain
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label of the data, while an encoder learns to fool
the discriminator. ADA has achieved encouraging
results on nontrivial DA problems across various
applications, such as image classification (Vu et al.,
2019; Yang et al., 2020b), human activity recogni-
tion (Zou et al., 2019; Yang et al., 2018; Zou et al.,
2018), Internet of Things (Yang et al., 2020a), and
also text classification (Li et al., 2017; Zhang et al.,
2019). For instance, AMN (Li et al., 2017) trains
a sentiment classifier and a domain discriminator
to reduce the domain discrepancy. ADAN (Chen
et al., 2018) exploits adversarial learning for cross-
lingual sentiment classification. HAGAN (Zhang
et al., 2019) integrates the hierarchical attention
mechanism with ADA to obtain features that are
sentiment distinguishable but domain indistinguish-
able.

Although these ADA methods achieve good re-
sults in certain cross-domain TC tasks, one major
issue is the unstable prediction performance in the
target domain (Xie et al., 2018; Saito et al., 2018).
After the adversarial training achieves convergence,
the conventional binary domain discriminator can-
not distinguish the domain label of the feature rep-
resentations, which means these representations
obtain good transferability. However, there is no
constraint on the discriminability in the target do-
main. The model can generate trivial but useless
target feature representations as long as they can
fool the domain discriminator. Thus, this uncer-
tainty in adversarial training deteriorates the dis-
criminability of the target feature representations
and ignores the decision boundary learned in the
source domain, which leads to unstable and even
poor prediction performance in the target domain
(Chen et al., 2019a; Cui et al., 2020). Some works
aim to adjust the decision boundary of the label
classifier (Saito et al., 2018; Shu et al., 2018) or
align additional semantic information (Xie et al.,
2018) to overcome this issue during adversarial
training. However, these additional learning steps
either require a sophisticated hyper-parameter tun-
ing process or increase the computational overhead,
that limits the generalization capability of the ADA
methods for NLP tasks. Therefore, a simple yet
efficient solution is urgently desired.

In this paper, we propose EADA, an energy-
based adversarial domain adaptation framework
that tackles the uncertainty issue during adversar-
ial learning and dedicates for text classification
tasks. EADA consists of three modules, a shared

feature extractor, a label predictor, and an autoen-
coder. We employ a deep pre-trained language
model (RoBERTa) as a shared feature extractor
that maps the text sequences from both source do-
main and target domain into a latent feature space.
With the labeled source data, the feature extractor
and the label predictor are fine-tuned under full su-
pervision. Since the source feature representations
generated from the feature extractor contain superb
discriminability, the innovative goal of EADA is to
fix these source features by adding constrains in the
objective and only force the target feature distribu-
tion to align the source feature distribution through
adversarial training so that the target features could
remain discriminative, and the label predictor could
also perform well in the target domain. Since au-
toencoder is acknowledged as an energy function
that learns to map the observed sample to the low-
energy space (LeCun et al., 2006), we design an
autoencoder that leverages this property to fix the
source features by associating lower energies to it
while pushing the target domain to the low-energy
space by minimizing the margin loss of the autoen-
coder. Meanwhile, it can also cluster similar data
to form a high-density manifold, which helps to
preserve more semantic information. We train the
autoencoder to reconstruct the source features and
train the feature extractor to generate source-like
target features to deceive the autoencoder via a min-
imax with a margin loss. In summary, we make the
following contributions:

• To address the problem of conventional bi-
nary domain discriminator that deteriorates
the discriminability of the target feature pre-
sentation, we propose a novel autoencoder
module, which forces the target feature repre-
sentations to simulate source feature represen-
tations such that good discriminability can be
inherited.

• As an energy function, the autoencoder maps
features from both domains to the low-energy
space, which motivates the feature clusters
to be tight in an unsupervised manner. It im-
proves the label classification accuracy in the
target domain.

• Extensive experiments on public cross-
domain TC benchmark datasets, includ-
ing multi-domain sentiment classification
(Amazon review dataset) and cross-domain
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Yes/No question-answering (QA) classifica-
tion (BoolQ and MARCO dataset), are con-
ducted. The experimental results demonstrate
that EADA alleviates the uncertainty during
adversarial training and enhances the feature
discriminability in the target domain. This en-
ables EADA to outperform existing methods
and achieve new state-of-the-art ADA results
for cross-domain TC tasks without requiring
any labeled data in the target domain.

The rest of the paper is organized as follows. Sec-
tion 2 summarizes the existing domain adaptation
methods for TC tasks. The limitation of existing
ADA Methods is elaborated in Section 3. Section 4
presents the framework architecture of EADA. In
Section 5, we present the experimental results and
performance evaluation. We conclude our work in
Section 6.

2 Related Work

Domain Adaptation aims to tackle the domain shift
issue when the data distribution in the source do-
main and target domain are different (Ben-David
et al., 2010). Unsupervised domain adaptation
(UDA) aims to learn a model that is able achieve
good classification accuracy without any annota-
tion in the target domain (Tzeng et al., 2017; Zhao
et al., 2019). Certain statistical measurements, such
as maximum mean discrepancy (MMD) (Tzeng
et al., 2014b; Ma et al., 2019), are leveraged to
quantify the distribution differences.

Inspired by the recent success of Generative Ad-
versarial Network (GAN) (Goodfellow et al., 2014)
for data generation, researchers have proposed ad-
versarial domain adaptation (ADA), that constructs
an adversarial loss to accommodate the domain
shift. It consists of an encoder and a domain dis-
criminator. The generator aims to fool the discrimi-
nator to make the target domain samples look like
the source domain ones, while the discriminator
tries to identify the domain labels (source or target).
ADDA (Tzeng et al., 2017) learns a discriminative
representation using the labels in the source domain
and then a separate encoder that maps the target
data to the same space using an asymmetric map-
ping learned through a standard GAN loss without
weights sharing. CoGAN (Liu and Tuzel, 2016)
trains 2 GANs to synthesize both source and tar-
get images and achieves a domain invariant feature
space by tying the high-level layer parameters of
the 2 GAN to solve the domain transfer problem.

ADA has been adopted for cross-domain NLP
tasks as well (Peng et al., 2018; Li et al., 2017; Shah
et al., 2018; Chen and Cardie, 2018; Cai and Wan,
2019; Wang et al., 2019). AMN (Li et al., 2017)
is an end-to-end adversarial memory network for
cross-domain sentiment classification, which is the
pioneering work for ADA in NLP. An adversarial
deep averaging network is proposed in (Chen et al.,
2018) for cross-lingual sentiment classification. A
dedicated ADA framework for machine reading
comprehension is proposed in (Wang et al., 2019).
(Chen and Cardie, 2018) designed an ADA model
that learns domain invariant representation across
multiple domains for text classification. Target
domain-specific information is being exploited in
(Peng et al., 2018) to further improve the DA per-
formance, while labeled data in the target domain
is required.

Large deep pre-trained language models pio-
neered by BERT (Devlin et al., 2019), have been
employed as feature encoders to embed text se-
quences into a latent feature space. Then, the en-
coder is further fine-tuned with the discriminator
via adversarial learning using the labeled source
data and unlabeled target data (Lee et al., 2019; Ma
et al., 2019). For instance, BERT and ADA were
adopted in (Lee et al., 2019) for domain-agnostic
question-answering. A similar framework that inte-
grates BERT and MMD is proposed in (Ma et al.,
2019) for cross-domain sentiment classification.
However, all these approaches leverage the binary
domain discriminator which has failed to consider
the discriminative features during feature learning.
This leads to severe performance degradation since
the decision boundary of the label predictor trained
with source data is no longer valid in the target
domain due to the domain shift.

3 Limitation of Existing ADA Methods

In this section, we analyze the learning process
of conventional ADA methods and reveal their
limitations. In common UDA setup, Ns labeled
examples from a source domain DS = {xsi , ysi }
and Nt unlabeled examples from a target domain
DT = {xti} are available. The distributions of DS
andDT are different due to the domain discrepancy.
UDA aims to build up a model that provides good
class prediction in both source and target domain.
Discriminability of the feature representation is the
clustering capacity in the feature manifold, that
controls the easiness of class category separation
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Figure 1: EADA constitutes: a pre-trained language model as shared feature extractor Gf , a label predictor Gy
and an autoencoder Ga. In addition to the full supervised learning of Gf and Gy with the labeled source data,
the autoencoder Ga serves as a domain classifier to learn reconstructing the source feature representations and
push the target feature representations away. The feature extractor Gf aims to generate source-like target feature
representations to deceive the autoencoder. This objective is realized by forcing the target feature representations
towards the those from the source domain in the feature space via adversarial learning.

(Chen et al., 2019b). Excellent discriminability can
be achieved for the source features due to the full
supervision learning in the source domain. The ob-
jective of UDA is to transfer and ensure the model
maintains this discriminability in the target domain.

ADA method, as one category of UDA, which is
pioneered by Domain-Adversarial Training of Neu-
ral Networks (DANN) (Ganin et al., 2016) and Ad-
versarial Memory Network (AMN) (Li et al., 2017)
have shown promising performance in numerous
NLP tasks in recent years (Chen and Cardie, 2018;
Shah et al., 2018; Cai and Wan, 2019; Wang et al.,
2019). It usually consists of a shared feature extrac-
tor f = Gf (x), a label predictor y = Gy(x) and
a domain discriminator d = Gd(x). In addition
to the standard full supervision learning process in
the source domain, a minimax game is designed
between f and d. The domain discriminator d aims
to distinguish the domain label between source and
target, meanwhile the feature extractor f is trained
to deceive d. This adversarial training process can
be formulated as

min
Gf ,Gy

Ly(Xs, Ys)− γLf (Xs,Xt), (1)

min
Gd
Ld(Xs,Xt), (2)

where Ly is the cross-entropy classification loss. In
this manner, the model can learn domain-invariant

features and transfer them across domains when the
Nash Equilibrium is achieved (Zhao et al., 2017).
The hyper-parameter γ controls the significance
of adversarial training that improves transferabil-
ity. As shown in Eq(1), the training process of
feature extractor f of conventional ADA methods
aims to achieve two tasks: (1) learn source rep-
resentations with good discriminability; (2) train
representations that are indistinguishable to the do-
main discriminator d. Since both source domain
and target domain data are involved in the adver-
sarial feature learning as presented in the second
term of Eq(1), the objective is equivalent to move
two domains closer in the feature space to deceive
d. However, this process does not impose any
constraint on the discriminability in the target do-
main. The feature extractor f can generate trivial
but useless target representations as long as they
can fool the discriminator d. Therefore, these ADA
methods cannot guarantee that the good decision
boundary learned via full supervision in the source
domain can still separate the categorical clusters
in the target domain (Chen et al., 2019b; Liu et al.,
2019a). This degradation of discriminability in the
target domain is the major reason that hinders the
performance of existing ADA methods.
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4 Energy-based Adversarial Domain
Adaptation

It is not a trivial task to maintain the source mani-
folds during adversarial training. Our solution is to
decouple the adversarial training process of source
and target feature representations. To be specific,
we fix the source representation in the feature space
and only encourage the target representations align
to the source representations. Therefore, the superb
discriminability learned in the source domain can
be preserved and a label predictor that performs
well in both source and target domain can be ob-
tained.

To achieve this goal, we propose Energy-based
Adversarial Domain Adaptation (EADA), which
innovatively utilizes an autoencoder structure as
a domain discriminator during adversarial train-
ing. Figure 1 demonstrates the model structure of
EADA. It consists of three modules, a pre-trained
language model as a shared feature extractor Gf
parameterized by θf to embed input sample to fea-
ture embedding z. After that, a label predictor Gy
parameterized by θy, which consists of several fully
connected layers, further maps the feature embed-
ding z to the predicted label ŷ. Another module
is an autoencoder Ga parameterized by θa, that
reconstructs a feature embedding z to ẑ. The de-
tailed functionality of each module is elaborated as
follows.

4.1 Shared Feature Extractor

Large pre-trained language models (e.g. BERT (De-
vlin et al., 2019), XLNet (Yang et al., 2019) and
RoBERTa (Liu et al., 2019b)) have achieved a se-
ries of state-of-the-art results on NLP benchmarks.
These powerful pre-trained language models are
built up on bidirectional transformer architecture,
and pre-trained on large corpora with a masked
language model, that enable various downstream
NLP tasks, including text classification.

In this work, we employ RoBERTa as the shared
feature extractor Gf (highlighted in blue in Figure
1) that embeds both labeled text data (Xs) from
the source domain, as well as the unlabeled text
data (Xt) from the target domain into a latent fea-
ture space. To be specific, as a QnA classification
problem, the input for the Gf are sequence pairs
<query Q, passage P> as depicted in Figure 1 in
the format of [CLS] <s> Q </s> <s> P </s>,
where [CLS] is a dummy token for classification
and <s> </s> are separator tokens. We leverage

the roberta.base architecture (12-layer, 768-hidden,
12-heads, 125M parameters) (Liu et al., 2019b) as
the shared feature extractorGf . Since our objective
is text classification, the last hidden representation
of the [CLS] token, H[CLS] ∈ R768×1 (feature
embedding z) serves as the output of Gf . These
embeddings z are utilized by both classifierGy and
autoencoder Ga.

4.2 Class Label Predictor

The class label predictor Gy consists of several
fully connected layers that map the feature embed-
ding z to the predicted label ŷ. Since the source
domain is label-rich by default, we assume that n
labeled samples DS = {xsi , ysi } are available from
the source domain for finetuning of the shared fea-
ture extractor (language model) Gf (blue part in
Figure 1) and the label predictor Gy (green part in
Figure 1). The good classification accuracy of Gy
is achieved by minimizing the cross-entropy loss
via back-propagation under full supervision:

min
Gf ,Gy

LCE(Xs, Ys) =

− E(xs,ys)∼(Xs,Ys)

Ns∑

n=1

[I[l=ys] logGy(Gf (xs))].

(3)

4.3 Autoencoder as Domain Discriminator

After obtaining the source feature representation
with good discriminability, the next task is to learn
transferable features with k unlabeled samples
from a target domain DT = {xti}. To ensure both
transferability and discriminability of the feature
representation, we design an autoencoderGa with a
margin Mean Squared Error (MSE) loss to replace
the conventional binary domain discriminator. The
MSE loss of the autoencoder is defined as:

LAE(xi) = ||Ga(Gf (x; θf ); θa)− xi||22, (4)

where || · ||22 denotes the squared L2-norm. Since
the source embeddings zs always contain superb
discriminability due to full supervision during the
training of the classifier, zs should be fixed to pre-
serve the good decision boundary, while the target
embeddings zt should be encouraged to align with
the distribution of zs. To achieve this goal, the
autoencoder Ga is designed to be able to only re-
construct features in the source domain but not
features in the target domain. Namely, when two
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domains distribute similarly, the autoencoder will
incur the same reconstruction loss in both domains.
The training process of the autoencoder is formu-
lated as:

min
Ga
LAE(Xs) + max(0,m− LAE(Xt)), (5)

where m is the margin between the representa-
tions from the source domain and the target do-
main. The autoencoder Ga can be considered as
an energy function that associates lower energies
to the observed samples in a binary classification
problem (LeCun et al., 2006). With the inspiration
of Energy-based GAN which theoretically proves
that using an energy function in GAN, the true
distribution can be simulated by the generator at
Nash Equilibrium (Zhao et al., 2017). In EADA,
the autoencoder module Ga provides similar func-
tionality that associates low energies to the source
features (focuses on reconstructing source embed-
dings zs). As presented in Eq(5), the training goal
of the autoencoder is to have LAE(Xs) = 0 and
LAE(Xt) = m. It behaves proportionally similar
to a binary domain discriminator. But Ga includes
more domain information and can transfer it during
adversarial training.

4.4 The Learning Framework

The adversarial training objective of three modules
forms a minimax game, that is defined by:

min
Gf ,Gy

LCE(Xs, Ys) + γLAE(Xt),

min
Ga
LAE(Xs) + max(0,m− LAE(Xt)),

(6)

where γ is a hyper-parameter to control the effec-
tiveness of Ga. The shared feature extractor Gf
maps both labeled source data Xs and unlabeled
target data Xt to a latent feature space. Both Gf
and the label predictor Gy are trained with full
supervision using the labeled data in the source
domain. Another key role of the feature extractor
Gf is to deceive the autoencoder Ga by generating
source-like features for unlabeled target samples.
Therefore, we only incorporate the LAE(Xt) term
into the training of Gf . The adversarial training of
Gf is formulated by:

min
Gf
LAE(Xt). (7)

In the minimax game, the autoencoder Ga aims to
maximize the domain divergence by pushing two

domains away from a margin m, while the objec-
tive of the feature extractor Gf is to minimize the
domain divergence by deceiving the autoencoder.
When the model achieves convergence, the target
feature representations inherit excellent discrim-
inability from the source domain so that the gen-
eralization capability of the label predictor Gy is
improved and performs well not only in the source
domain but also in the target domain.

5 Experiments

We evaluate the domain adaptation performance
of EADA on two public real-world cross-domain
text classification benchmarks: 1) sentiment classi-
fication (Amazon reviews dataset); 2) Natural QA
Yes/No classification (BoolQ⇔MS Marco), and
compared it with state-of-the-art baselines.

5.1 Evaluation on Sentiment Classification

Amazon reviews dataset (Pan et al., 2010) is the
standard and well-known benchmark for sentiment
classification domain adaptation. It contains re-
views on four domains: Books (B), DVDs (D),
Electronics (E), and Kitchen (K). Each domain
contains 1000 positive reviews (higher than 3 stars)
and 1000 negative reviews (3 stars or lower). 12
cross-domain sentiment classification tasks: D→B,
E→B, K→B, K→E, D→E, B→E, B→D, K→D,
E→D, B→K, D→K, E→K, where the letter be-
fore the arrow represents the source domain and
the letter after the arrow indicates the target do-
main by following (Li et al., 2017). For each pair
of domain adaptation, 800 labeled positive (Pos)
and 800 labeled negative (Neg) reviews from the
source domain (src), together with 1600 unlabeled
reviews from the target domain (tgt) are randomly
selected for training. The rest of 200 positive and
200 negative reviews from the target domain are
used for testing.

We configured the feature extractor module Gf
as RoBERTa.base for single sequences task since
each review is one sequence passage. The input is
tokenized as [CLS] <s> Review </s>. The max-
imum input sequence length is set to 256 tokens.
The autoencoder module Ga consists of 5 fully
connected layers (768-384-96-384-768). The en-
tire EADA framework is implemented in PyTorch.
The Adam optimizer with the constant learning rate
µ = 1e−5 with a batch size of 24 was adopted and
we used 5-fold cross-validation to tune the hyperpa-
rameter m = 4 and γ = 1e−2 during the training.
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Table 1: Cross-domain classification accuracy of different methods on Amazon review dataset.

Tasks
Source-only
RoBERTa

AMN ADAN HAGAN HAGAN-C MoE
ADA

RoBERTa
EADA

D→B 85.55 81.52 81.70 81.22 81.69 81.70 86.80 88.10
E→B 81.95 77.80 78.55 79.05 79.23 79.65 82.10 85.25
K→B 72.65 79.37 79.25 78.52 78.99 80.94 77.60 81.20
B→D 81.95 81.32 82.30 82.07 82.38 84.60 82.47 86.05
E→D 82.50 77.51 79.70 81.00 80.65 84.20 83.70 85.35
K→D 80.00 80.03 80.45 80.83 80.91 81.22 80.58 80.35
B→E 85.95 80.07 77.60 79.87 80.12 84.66 86.00 89.35
D→E 82.75 80.00 79.70 80.57 80.99 84.10 82.99 87.15
K→E 82.45 81.97 86.85 85.94 85.23 85.81 84.32 85.11
B→K 86.80 81.00 76.10 81.25 82.00 86.32 87.00 89.65
D→K 85.75 83.88 77.35 81.73 81.50 86.33 86.55 89.20
E→K 86.95 87.10 83.95 84.30 84.99 85.40 87.10 90.50

Average 82.94 80.96 80.29 81.36 81.56 83.74 83.93 86.44

The performance of EADA is compared with the
following state-of-the-art baselines: Source-only
RoBERTa directly applies the finetuned RoBERTa
model from source domain in target domain; AMN
(Li et al., 2017) adopts attention mechanism and
ADA for cross-domain sentiment classification;
ADAN(Chen et al., 2018) employs ADA to transfer
the knowledge of resource-rich source language
to low-resource language; HAGAN and HAGAN-C
(Zhang et al., 2019) incorporate hierarchical atten-
tion into ADA for cross-domain sentiment classifi-
cation; MoE (Guo et al., 2018) utilizes a mixture of
experts from different source domains to further en-
hance the DA performance in target domain; ADA
RoBERTa uses RoBERTa as a shared feature extrac-
tor and a conventional binary domain discriminator
as the domain classifier for ADA.

Table 1 presents the mean accuracy with 5 runs
of each method on the 12 DA tasks. One observa-
tion is that the accuracy of source-only RoBERTa
(82.94%) is even worse than MoE (83.74%). This
indicates that the problem of DA cannot be solved
by just solely using large pre-trained language mod-
els. It can be observed that EADA provides 86.44%
classification accuracy on average, which outper-
forms all the baselines. It achieves the best DA per-
formance in 10 out of the 12 tasks. Although ADA-
RoBERTa and EADA both adopted RoBERTa as
the feature extractor, the accuracy of EADA is still
2.5% higher than ADA-RoBERTa, which validates
the advantage of the proposed energy-based ADA
method. Moreover, the variance of EADA is the
smallest among all the methods, which indicates its
performance is more stable in general. By learning

a source-like representation for the target feature
embeddings, EADA successfully performs cross-
domain sentiment classification without any anno-
tated data in target domain.

5.2 Evaluation on Yes/No QA classification

We also validated the performance of EADA on
cross-domain naturally occurring yes/no questions
between BoolQ dataset (Clark et al., 2019) and
Marco dataset (Nguyen et al., 2016). Each exam-
ple is a triplet of (query, passage, answer). Thus,
feature extractor module Gf (RoBERTa) is config-
ured for sequence pairs task, which means the in-
put is tokenized in the format as [CLS] <s> query
</s> <s> passage </s>. BoolQ dataset contains
5874 Yes and 3553 No samples for training and
2033 Yes and 1237 No samples for evaluation from
Wikipedia. Samples in Marco dataset are web snip-
pets from Bing Search. There are 17339 Yes and
10550 No samples for training and 2033 Yes and
1237 No samples for testing. The data distributions
at both domain level and categorical level are im-
balanced, which is a common situation in many
real-world applications. The number of training
samples in BoolQ is only 33.8% of those in Marco,
indicating that the data are imbalanced across do-
mains. Moreover, the data categorical distribution
is imbalanced because the number of No-samples is
at least 39.1% less than the number of Yes-samples
in both domains. Since the samples from the two
domains are collected from different sources, there
is a huge domain shift between the two datasets.

The domain adaptation performance is reported
in Table 2. The 2nd column shows the accuracies

1214



Table 2: Cross-domain adaptation for Yes/No QA classification between BoolQ and Marco datasets.

Tasks Source only AMN HAGAN ADA-RoBERTa MoE EADA Target full supervision
BoolQ→Marco 67.63 72.95 73.11 73.86 74.01 78.38 82.51
Marco→ BoolQ 69.30 74.34 74.73 75.11 75.23 79.51 84.31

Figure 2: The t-SNE visualization of features embed-
ded using distinct feature extractor in target domain.
(Marco→ BoolQ).

when the non-adapted source feature extractors and
classifiers are directly applied in the target domain,
which serves as the lower-baseline. The last col-
umn reports the accuracies when the feature extrac-
tors and classifiers are trained with full-supervision
that all the target training data are labeled (as the
upper-baseline). As shown in Table 2, the source-
only classifiers can only provide 68% accuracy,
which verifies that the domain shift hurts the classi-
fication accuracy even when a powerful deep lan-
guage model is adopted. On the other hand, it can
be easily observed from Table 2 that EADA en-
hances the accuracy in both adaptation directions
by at least 15% compared to the lower-baseline
in an unsupervised manner, and outperforms all
the state-of-the-art baselines. It elevates the per-
formance closer to the target full supervision as
well.

We leverage t-Distributed Stochastic Neighbor
Embedding (t-SNE) to map the embedded feature
representations through different feature extractors
to a 2-D space for better visualization and analysis.
Figure 2(a) and Figure 2(b) depict the embedded
features using the non-adapted source feature ex-
tractor and the EADA’s feature extractor learned,
respectively (Yes sample - red, No sample - Green).
If we directly apply the non-adapted source fea-
ture extractor in the target domain, as shown in
Figure 2(a), a large amount samples with different
categorical labels overlap with each other, which
leads to corresponding huge misclassification as
presented in the 2nd column of Table 2. After em-

ploying EADA, the common confusions are fur-
ther separated in the latent feature space and two
clusters are formulated as depicted in Figure 2(b).
These observations further validate that the feature
embeddings constructed via EADA are not only
domain-invariant but also preserve excellent dis-
criminability in both the source domain and the
target domain.

We also conducted a sensitivity study of the two
hyperparameters: m and γ in Eq(6). We evalu-
ated the impact of margin m with different values
from 0 to 10 in both experiments. EADA’s accu-
racy increases while m is increasing. The reason
is that the degree of transferability is limited when
m is small. The performance becomes stable when
m > 4 in both experiments. In general, the objec-
tive of γ is to control the weight of the adversarial
loss during feature learning of ADA as shown in
Eq(1). γ in EADA aims to control the weight of
autoencoder reconstruction loss for target domain
samples during feature learning as presented in
Eq(6)). We evaluated the impact of γ with differ-
ent values (0-1) for EADA and ADA-RoBERTa.
As γ increases, the accuracy of EADA increases
and becomes stable when γ > 0.01. The accuracy
of ADA-RoBERTa fluctuates when γ is increased
and decreased when γ > 0.5. Thus, EADA pro-
vides a more stable training procedure compared to
conventional ADA methods, which makes it easier
for generalization. We recommend using m=4 and
γ=0.01 as the default setup for other tasks.

6 Conclusion

In this paper, we proposed EADA, a novel unsuper-
vised energy-based adversarial domain adaptation
method for cross-domain text classification tasks.
First, a deep pre-trained language model is lever-
aged as a shared feature extractor to map the text
sequences from both source and target domains to a
feature space. The feature extractor and a label pre-
dictor are trained with labeled source data. Since
the source feature representations are obtained un-
der full supervision, they preserve great feature
discriminability. To ensure that the label predictor
also provides good label prediction in the target do-
main, the target feature representations should be

1215



encouraged to align with the source during adver-
sarial training. Thus, we designed an autoencoder
that focuses on reconstructing the source feature
representations, while the feature extractor aims
to generate source-like target feature embeddings
to fool the autoencoder. Extensive experiments on
public cross-domain TC benchmarks are conducted
and demonstrate that EADA not only alleviates the
domain discrepancy but also enhances the feature
discriminability in the target domain, which leads
to compelling cross-domain TC performance with-
out requiring any labeled data in the target domain.
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Abstract

Time-to-event prediction tasks are common in
conversation modelling, for applications such
as predicting the length of a conversation or
when a user will stop contributing to a plat-
form. Despite the fact that it is natural to
frame such predictions as regression tasks, re-
cent work has modelled them as classification
tasks, determining whether the time-to-event
is greater than a pre-determined cut-off point.
While this allows for the application of classi-
fication models which are well studied in NLP,
it imposes a formulation that is contrived, as
well as less informative. In this paper, we ex-
plore how to handle time-to-event forecasting
in conversations as regression tasks. We focus
on a family of regression techniques known
as survival regression, which are commonly
used in the context of healthcare and reliabil-
ity engineering. We adapt these models to
time-to-event prediction in conversations, us-
ing linguistic markers as features. On three
datasets, we demonstrate that they outperform
commonly considered text regression methods
and comparable classification models.

1 Introduction

The task of predicting when an event will occur in a
conversation frequently arises in NLP research. For
instance, Backstrom et al. (2013) and Zhang et al.
(2018b) predict when a conversation thread will
terminate. Danescu-Niculescu-Mizil et al. (2013)
define the task of forecasting when users will cease
to interact on a social network based on their lan-
guage use. Although these questions naturally lend
themselves to regression, this presents some dif-
ficulties: datasets may be highly skewed towards
shorter durations (Zhang et al., 2018b) and samples
with a longer duration can contribute inordinately
to error terms during training. Furthermore, clas-
sical regression models do not explicitly consider
the effect of time as distinct from other features.

The abovementioned studies instead frame the
time-to-event prediction as a classification task, pre-
dicting whether the current state will continue for
a set number of additional timesteps. For instance,
Backstrom et al. (2013) predict whether the number
of responses in a thread will exceed 8, after seeing 5
utterances. This presents obvious limitations; such
a setup would assign the same error for mistakenly
classifying conversations of respectively 9 and 30
utterances as “short”. Additionally, its predictions
are less informative: predicting that a conversation
will be more than 8 utterances long is less telling
than predicting whether it will be 9 or 30.

In this paper, we propose that survival regres-
sion is a more appropriate modelling framework
for predicting when an event will occur in a con-
versation. Survival regression aims to predict the
probability of an event of interest at different points
in time, taking into account features of a subject
as seen up to the prediction time. We apply sur-
vival models to two tasks: predicting conversation
length, and predicting when conversations will get
derail into personal attack. We report results for the
conversation length prediction task on the datasets
from Danescu-Niculescu-Mizil et al. (2012) and
De Kock and Vlachos (2021), and evaluate the
personal attack prediction task on the dataset of
Zhang et al. (2018a). Our results illustrate that lin-
ear survival models outperform their linear regres-
sion counterparts, with an improvement in MAE of
1.22 utterances on the dataset of De Kock and Vla-
chos (2021). Further performance gains are made
using neural network-based survival models. An
analysis of the coefficients of our linear models
indicates that survival models infer similar rela-
tionships as previous work on conversation length
prediction, but that their predictions are more accu-
rate than conventional regression and classification
models due to their explicit accounting for the ef-
fect of time. On the personal attack prediction task,
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the best survival model provides a 13% increase in
ranking accuracy over linear regression models.

The remainder of this paper is structured as fol-
lows. In Section 2 we provide a description of
key survival analysis concepts. In Section 3, we
describe how we apply these concepts to conversa-
tions. Results are reported in Section 4.

2 Survival regression

Survival analysis is concerned with modelling time-
to-event prediction, which often represents transi-
tions between states throughout a subject’s lifetime.
In the general case, exactly one event of interest
occurs per lifetime, after which the subject is per-
manently in the alternate state, often referred to
as “death” in literature. In this section, we review
some key concepts of survival analysis that are rel-
evant to our work, however, we refer the interested
reader to the exposition by Rodriquez (2007).

2.1 Definitions
Let T be a non-negative random variable repre-
senting the waiting time until the occurrence of an
event. Given the cumulative distribution function
F (t) of the event time T , the survival function is
defined as the probability of surviving beyond a
certain point in time t:

S(t) = P (T > t)

= 1− F (t). (1)

Per illustration, we consider the task of predict-
ing conversation length using the dataset of dis-
agreements of De Kock and Vlachos (2021). The
event of interest is the end of a conversation, with
time measured in utterances. We can estimate the
survival function using Kaplan-Meier estimation
(Jager et al., 2008) as follows:

S(t) =
∏

ti<t

Ri − di
Ri

, (2)

where di is the number of candidates who expe-
rience the event at time ti, and Ri represents the
so-called risk set, or candidates at risk of experienc-
ing the event just prior to ti. In Figure 1, the base
function is the estimated survival probabilities over
time for the full population. Only conversations
of more than 5 utterances are considered; hence
the survival probability is 1 for all curves up until
t = 5. If we create subsets of the population by
conditioning on the response time, the subset with

Figure 1: Survival functions for the conversation length
prediction task, for the full population (orange) and sub-
sets conditioning on the response time. Dashed lines
indicate the expected event time per population.

a longer response time has a steeper decline, indi-
cating that conversations where participants take
longer to respond are more likely to end earlier.
In survival regression, the aim is to learn survival
regression functions based on such features, while
the current time is modelled separately from them,
unlike in standard regression models.

To estimate the expected event time given a sur-
vival function, one can find the expected value of
the survival function as follows:

T̂ = E[S] =

∫ ∞

0
S(t)dt. (3)

These values are indicated with dashed lines in Fig-
ure 1, denoting the average conversation length on
the full population and the two subsets based on the
response time. The instantaneous risk of the event
occurring at a point in time, i.e. the probability of
the event time T being in a small interval around t,
is defined by the hazard function:

h(t) = lim
dt→0

P (t ≤ T < t+ dt|T ≥ t)
dt

. (4)

The cumulative hazard is given by H(t) =∫ t
0 h(t)dt and is related to the survival function

according to S(t) = e−H(t).
Parameteric survival regression models (de-

scribed in more detail in Section 2.3 and 2.4) are
often optimised to predict either the survival or the
hazard function, given that it is always possible to
convert between them. Such models can include
feature representations (such as the response time
in Figure 1) to obtain individualised predictions.

1220



2.2 Censoring

A common consideration in survival studies is the
presence of censoring, where a participant leaves a
study before the end of the observation period, or
they do not experience the event of interest within
this period. Under censoring, each subject i has an
associated potential censoring time Ci and a poten-
tial lifetime Ti. We observe Yi = min{Ti, Ci}, i.e.
the minimum of the censoring and lifetimes, and
an indicator variable δi for whether the observation
ended with death or censoring.

Consider the task of predicting personal attacks
(described in more detail in Section 3). Conversa-
tions that end without a personal attack occurring
can be considered analogous to patients dropping
out of a study before the end of the observation
period. The duration of the observation can then be
taken as the censoring time.

Different survival models account for censoring
in different ways. For instance, for a survival curve
estimated with the Kaplan-Meier method (Equation
2), censored individuals are removed from the set
of candidates at risk (Ri) at the censoring time,
without having experienced the event of interest.

2.3 Cox Proportional Hazards

The Cox Proportional Hazards (Cox-PH) model
(Cox, 1972) is the most widely used model for
survival analysis (Rodriquez, 2007; Kvamme et al.,
2019). It has the following hazard function:

h(t|x; θ) = h0(t) · exp(g(x; θ)). (5)

h0(t) represents the baseline hazard for the popu-
lation at each timestep, such as the base survival
function in Figure 1. The g(x; θ) term is often
referred to as the risk function and specifies how
the feature vector x of a sample is taken into ac-
count using parameters θ. In our experiments, we
consider two variations of this approach:

Linear Cox The traditional Cox-PH model (Cox,
1972) uses a linear weighting of a feature vector to
calculate the risk function as follows:

g(x; θ) = θTx. (6)

This model is still widely used in survival analysis
research, e.g. Suchting et al. (2019); Zhang et al.
(2018c).

DeepSurv DeepSurv (Katzman et al., 2018) uses
a neural network to compute the risk function

g(x; θ), where θ represents the weights of the net-
work. The advantage of this is that the neural net-
work can learn nonlinear features from the training
data, which often improves predictive accuracy.

During training, the parameters θ are optimised
with maximum likelihood estimation for both mod-
els. Given individuals i with event time Ti in
dataset D, let Ri denote the risk set at Ti and δi
the censoring indicator. Then, the likelihood of the
data is given by:

Lcox(θ,D) =
∏

i∈D
(

h0(t)ėxp(g(xi; θ))∑
j∈Ri h0(t)ėxp(g(xj; θ))

)δi

=
∏

i∈D
(

exp(g(xi; θ))∑
j∈Ri exp(g(xj ; θ))

)δi . (7)

Intuitively, we aim to maximise the risk of i ex-
periencing an event, over all other candidates at
risk at time Ti. In the context of predicting con-
versation lengths, this means that at time Ti, any
conversation that has not yet ended could end, but
we want to maximise the probability of the candi-
date that had indeed ended then over the rest. This
is referred to as a partial likelihood, in reference to
the fact that the effect of the features can be esti-
mated without the need to model the change of the
hazard over time. The indicator term δ expresses
that only non-censored samples contribute terms
that impact the likelihood (since the contribution
of censored samples would be 1); however, the cen-
sored samples would be included in the risk set Ri
up until their respective censoring times.

2.4 Survival regression as classification
A different approach to survival regression is to use
classification to predict the timestep when an event
will occur. DeepHit (Lee et al., 2018) is a neu-
ral network model that predicts a distribution over
timesteps in this fashion. This provides more mod-
elling flexibility compared to the Cox-PH models,
where features are incorporated through the risk
function and combined with a baseline hazard.

The model can incorporate multiple competing
risks with distinct events of interest, and models
censoring as a special type of risk. The output
of the network is a vector representing the joint
probability that the subject will experience each
non-censoring event for every timestep t in the ob-
servation period. Censoring is assumed to take
place at random and is therefore not included in the
prediction. In the case of a single risk, it therefore
predicts a vector: ŷi = [ŷt=0, ..., ŷt=tmax ], where
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each output element ŷt represents the estimated
probability P̂ (t|x, θ) that a subject with feature
vector x will experience the event at time t un-
der the model parameters θ. Instead of a survival
function, DeepHit defines a risk-specific cumula-
tive incidence function (CIF) which expresses the
probability that the event occurs before a time t∗,
conditioned on features x∗:

F (t∗|x∗) = P̂ (T ≤ t∗|x∗, θ)

=
t∗∑

t=0

P̂ (t|x∗, θ) =
t∗∑

t=0

ŷ∗t (8)

The loss function for training DeepHit has two
components: an event time likelihood and a ranking
loss. The ranking loss ensures that earlier events
are predicted to happen before later events based
on their CIF, but does not penalise models for mis-
predicting the times in absolute terms. The event
time likelihood maximises the probability of the
event occurring at the right time (y(i)

T (i)), or, in the
case of censoring, it maximises the probability of
the event not happening before the censoring time
(1− F (T (i)|x(i), θ).

2.5 Previous applications in NLP
A small number of NLP studies have em-
ployed techniques from survival analysis for time-
dependent tasks. Navaki Arefi et al. (2019) use
survival regression to investigate factors that result
in posts being censored on a Chinese social media
platform, finding that negative sentiment is associ-
ated with shorter lifetimes. Stewart and Eisenstein
(2018) use a linear Cox model to infer factors that
are predictive of non-standard words falling out
of use in online discourse, finding that words that
appear in more linguistic contexts survive longer.
Other applications include modelling fixation times
in reading (Nilsson and Nivre, 2011) and evaluat-
ing dialogue systems (Deriu et al., 2020). However,
none of these studies considered time-to-event pre-
diction tasks based on conversations.

3 Survival regression in conversations

We evaluate survival models on two tasks, predict-
ing conversation length and predicting when per-
sonal attacks will occur, where each conversation
is a subject and the time is measured in utterances.1

1The task of predicting when users would cease to use
a platform would also have been an interesting case for this
study; however, the datasets of Danescu-Niculescu-Mizil et al.
(2013) are no longer available.

Dataset # Convs. Median time
to event

Task

Talk 16 896 6 1
Dispute 8 554 9 1
Attack 3 466 7 2

Table 1: Characteristics of datasets used in this paper.
All three datasets originate from Wikipedia Talk pages.

Task 1: Predicting conversation length Hav-
ing seen t utterances, predict the remaining con-
versation length in utterances. We use the dataset
of Wikipedia Talk page discussions by Danescu-
Niculescu-Mizil et al. (2012) (hereafter referred
to as Talk) and the dataset of disagreements on
Wikipedia Talk pages by De Kock and Vlachos
(2021) (referred to as Dispute) for this task. The
Talk dataset was also used to perform the thresh-
olded classification version of this task in Back-
strom et al. (2013), mentioned in Section 1.

Task 2: Predicting personal attacks Having
seen t utterances, predict the number of utterances
until a personal attack occurs. Conversations where
no personal attack occurs are censored during train-
ing, and the conversation length is used as the
observation time. Just less than half of the con-
versations contain personal attacks (1 569 out of
3 466). This is a novel task; previous work has only
addressed predicting whether conversations will de-
rail into personal attack, without attempting to pre-
dict when in a conversation this may occur (Zhang
et al., 2018a; Chang and Danescu-Niculescu-Mizil,
2019). The motivation cited in both of the above-
mentioned studies is to prioritise conversations at
risk of derailing for preemptive moderation. Sur-
vival models can give a more informative answer
that takes into account the time until the attack,
and therefore which conversations pose the most
immediate risk. We use the dataset of Zhang et al.
(2018a) for our experiments on this task.

Characteristics of the datasets we use are shown
in Table 1. We use only conversations where the
event of interest occurs after the fifth utterance, and
we remove conversations longer than the 95th per-
centile as these are often flame wars which may
have confounding impacts. Data is split into train-
ing, development and test sets with ratios 75:10:15.

3.1 Metrics

Two metrics are calculated to evaluate model per-
formance: mean absolute error and concordance
index. The mean absolute error (MAE) for a dataset
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of n test samples is defined as

MAE =

∑n
i=1 |yi − ŷi|

n
. (9)

This metric provides an easily interpretable score,
and it is commonly used in evaluating regression
models, e.g. Bitvai and Cohn (2015). However,
MAE is not robust to outliers; large errors on a
few values can outweigh many correct predictions.2

MAE is also ill-defined in the presence of censoring
as there is no event time to compare against, and it
cannot be used to compare model performance be-
tween different datasets. For these reasons, we also
include the concordance index (Harrell Jr et al.,
1996), which is concerned with ordering rather
than absolute values. A pair of observations i, j
is considered concordant if the prediction and the
ground truth have the same inequality relation, i.e.
(yi > yj , ŷi > ŷj) or (yi < yj , ŷi < ŷj). The con-
cordance index (CI) is the fraction of concordant
pairs. A random model, or a model that predicts
the same value for every sample, would yield a
score of 0.5. A perfect score is 1. In the presence
of censoring, censored samples are only compared
with uncensored samples of a smaller event time,
since it is known in that case that the uncensored
sample should be assigned a later event time.

A disadvantage of the CI score is that it does
not reflect how accurate the predictions are in ab-
solute terms, meaning that good CI scores can be
achieved with predictions in the wrong range. The
two scores thus provide complementing views on
model performance.

3.2 Features

The features we consider are based on previous
work on conversation length prediction and predict-
ing personal attacks. These are:

• Politeness (POL): The politeness strategies
from Zhang et al. (2018a) as implemented in
Convokit (Chang et al., 2020), which capture
greetings, apologies, and saying “please”, etc.

• Arrival sequences (ARR): The order in which
speakers partake in the first 5 utterances, de-
fined by Backstrom et al. (2013).

• Hypergraph (HYP): Conversation structure
features based on the reply tree, proposed by

2This issue is even more pronounced in the root mean-
squared-error, which is another popular metric for regression
(Hyndman and Koehler, 2006).

Zhang et al. (2018b) and implemented in Con-
vokit (Chang et al., 2020). These features
capture dynamics between participants, such
as engagement and reciprocity.

• Sentiment (SENT): Positive and negative sen-
timent word counts, as per the lexicon of Liu
et al. (2005), also implemented in Convokit.

• Time features (TIME): Log mean time be-
tween utterances and time between last two ut-
terances, inspired by Backstrom et al. (2013).

• Utterance lengths (LEN): Log mean utterance
length features, measured in tokens.

• Number of participants (PART): Also used
in Backstrom et al. (2013) and Zhang et al.
(2018b).

• Turn-taking features (TURNS): The fraction
of turns and tokens contributed by the top user,
inspired by Niculae et al. (2015).

For the POL, SENT, TIME and LEN features,
we include both the mean value throughout the
conversation and the gradient of a straight-line fit to
capture how the feature changes throughout it. All
features are calculated up to the point of prediction,
and not for the full conversation.

4 Results

4.1 Experimental setup

We use partly conditional training (Zheng and Hea-
gerty, 2005) to account for using features that
change over time, such as politeness, in contrast
with static features like the arrival sequence. Under
partly conditional training, a feature measured at
time t predicts the risk of the occurrence of an event
at a future time T . In our case, each individual is a
conversation and features are measured after every
utterance. Each measurement t of a conversation
i is recorded as an individual entry in the dataset,
with event time Ti,t = Ti − t.

This construction is illustrated in Table 2 for
the Talk dataset. There are 307 conversations that
contain 12 utterances, but 0 samples of length 12
in the training data, since all conversations of this
length have 0 utterances remaining and regression
is therefore unnecessary. However, we include the
first 11 utterances of the length-12 conversations
in the training set at t = 11, since the remaining
length here could be either 0 or 1. As such, there
are (642+307=) 769 samples of length 11. We use
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t # Convs. of
length t

# Samples of
length t

5 6 596 16 896
6 4 010 10 300
7 2 358 6 290
8 1 539 3 932
9 984 2 393
10 640 1 409
11 462 769
12 307 0
Total 16 896 41 989

Table 2: Training set configuration for the Talk dataset.
For every conversation, we add a snapshot of its feature
values at every timestep to the training data.

a minimum value of t = 5 to ensure there is suffi-
cient information from which to make a prediction.
Details for the other datasets are in Appendix A.

Our baseline model is a univariate Kaplan-Meier
estimator (Jager et al., 2008), which predicts the
same event time for all samples without taking
features into account. For this model and the lin-
ear Cox-PH model, we use the implementations in
lifelines3. We use grid search on the valida-
tion set for each model to determine hyperparame-
ter values, experimenting with regularisation values
in [0, 0.01, 0.1, 0.5], L1 ratios in [0, 0.1, 0.5, 1] and
learning rates in [0.01, 0.1, 0.5, 1]. We also com-
pare to a linear regression model, implemented
in scikit-learn4 and using the same features.
For the linear regression model, we truncate pre-
dictions at 0 since negative times are invalid. Fi-
nally, to compare to previous work on threshold
classification, we implement a logistic regression
classifier, using the median of each training set
as the cut-off point. For these models, the upper
and lower quartiles are used to compute the MAE.
For instance, for the Dispute dataset, the threshold
value is 9. To calculate MAE, we use an event time
of 5 if the model predicts the shorter class and 12
for the longer class.

For the neural models (DeepSurv and Deep-
Hit), we use the implementations in PyCox5 by
Kvamme et al. (2019). For both we use two hid-
den layers with [128, 64] nodes, dropout (p =
0.3), batch normalisation, and the Adam optimiser
(Kingma and Ba, 2014) with learning rate 0.01.

3lifelines.readthedocs.io
4scikit-learn.org
5github.com/havakv/pycox/tree/master/

pycox

4.2 Task 1: Predicting conversation length
Results for the conversation length prediction task
are shown in Table 3 for the Dispute and Talk
datasets (left and middle columns respectively).
MAE scores should not be compared between
datasets since the datasets have different length
distributions, with the Dispute dataset having con-
versations of up to 37 utterances, compared to a
maximum of 12 in the Talk dataset.

For both datasets, all survival models outperform
the linear regression and threshold classification
models on the MAE metric. The survival baseline
uses only population-level knowledge of the event
time distribution, and predicts the same event time
for all samples, whereas the other baselines take
into account information from the features and can
therefore tailor predictions per sample. While this
results in the survival baseline having the worst CI
(0.5), it is still better than linear reg and threshold
in terms of MAE, illustrating the importance of
separating the effect of time from the other features;
time alone can be highly predictive.

The DeepHit model performs the best on the
MAE metric on both datasets, with a statistically
significant difference from the Linear Cox model at
the P=0.01 level using the sign test. The latter per-
forms better than DeepHit on the CI metric for the
Dispute dataset, however, this difference is not sta-
tistically significant (P=0.869, using a randomised
permutation test).

Coefficient analysis Since the linear Cox model
performed well on the Dispute dataset and is more
interpretable than its deep counterparts, we show
its 10 largest coefficients in absolute value in Table
4. Positive weights are associated with larger risk
function values, and therefore a shorter conversa-
tion. Time between utterances is the most predic-
tive feature, with a longer time between utterances
correlating positively with shorter conversations
(also observed in Figure 1). This corroborates the
findings of Backstrom et al. (2013) and Zhang et al.
(2018b). Having more participants is also corre-
lated with shorter conversations. This suggests that
the conversations in the Dispute dataset are less
prone to long expansionary-style threads (as de-
fined by Backstrom et al. (2013)), where many par-
ticipants each contribute one utterance. Given the
dataset consists of disagreements, it is not surpris-
ing that there would rather be focused discussions
between a small number of participants.

Features 4, 6, 7 and 8 are from the hypergraph
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Model
TASK 1 TASK 2

Dispute Talk Attack
MAE ↓ CI ↑ MAE ↓ CI ↑ MAE ↓ CI ↑

Linear regression 6.213 0.560 1.329 0.542 1.566 0.497
Threshold classification 6.652 0.545 1.505 0.462 1.521 0.489
Survival baseline 5.186 0.500 1.312 0.500 1.585 0.500
Linear Cox 4.995 0.581 1.282 0.573 1.481 0.605
DeepSurv 5.014 0.567 1.276 0.575 1.487 0.601
DeepHit 4.926 0.578 1.189 0.584 1.403 0.627

Table 3: MAE and CI for Task 1 (predicting conversation length) and Task 2 (predicting personal attacks), using the
Dispute, Talk and Attack datasets. For MAE, lower values are preferred; for CI, higher. The bold values indicate
the best model per metric, for each dataset. Statistical significance is discussed in the text.

Figure 2: Example of a conversation in the Dispute dataset and the predictions of different models at t = 5. For
this sample, the prediction from the linear Cox model matches the true value.

Feature Type Coef.
1. Time between last two utterances TIME 0.161
2. Mean time between utterances TIME 0.121
3. # participants PART 0.045
4. Mean # replies received per post HYP 0.042
5. # first person pronouns, mean POL 0.037
6. Mean of non-zero # repliers per user HYP -0.035
7. Fraction of users with more than 1 replier HYP -0.035
8. Triadic replies to commenters in mid-thread HYP 0.034
9. Length of last utterance LEN -0.031
10. Arrival sequence 00110 ARR -0.026

Table 4: Coefficients of the linear Cox model for Task
1, using the Dispute dataset. Positive weights are asso-
ciated with shorter time-to-event values.

feature set, which describes the structure of the
reply-tree. Feature 4 indicates that a thread which
forms a shallow tree, with posts receiving many
direct responses, is likely to terminate soon. Fea-
tures 6 and 7 indicate that interactions with multi-
ple users is likely to extend the conversation. The
length of the last utterance before the prediction
is made (feature 9) is negatively associated with a
short time-to-event, indicating that a long last utter-
ance means that the conversation is still ongoing.
Finally, the arrival sequence 00110 (feature 10) en-
codes the order in which two participants (indexes
0 and 1) contributed the first 5 utterances.

The only language-related feature in the 10 most
predictive features is feature 5, the number of first
person pronouns, which is positively correlated
with a shorter time-to-event. Seven of the ten fea-
tures on this list are from previous work on predict-
ing conversation length (TIME, ARR and HYP),
although this was for the thresholded classification
version of the task. This indicates that the survival
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models are inferring similar relationships as the
classification variant, while providing a more in-
formative prediction and better performance on the
MAE and CI metrics.

Results per timestep To gain an understanding
for how our models perform at different timesteps
in the conversation, we also evaluate the predictive
accuracy at every utterance index. The intuition
here is illustrated in Figure 2 for t = 5, with the
task being: having seen 5 utterances, predict the
conversation length. We can see that the actual
conversation length is 8, as there are 3 more ut-
terances after the prediction, which are not seen
by the model. The linear Cox model predicts the
right value in this case. We also show the survival
functions predicted by DeepHit, the baseline and
the linear Cox model. As explained in Section 2
(Equation 3), the predictions are the expected val-
ues of the survival function. We depict predictions
in relation to the prediction time; for instance, the
linear Cox model predicts a time-to-event of 3 ut-
terances at timestep 5, meaning that the event time
will be timestep 8.

Figure 3 shows the MAE and CI scores, aggre-
gated per timestep, for the Talk dataset. Lower
MAE scores are observed for later timesteps. How-
ever, this does not mean that these models are nec-
essarily better; the possible range of error is smaller
later in a conversation. An interesting deviation
here is the linear regression model, which performs
the best at the last timestep. Upon inspection, we
note that this is because the model predicts small
values (with median values in range 0.02-0.09) at
every timestep. This strategy is likely the result of
the dataset being biased towards shorter conversa-
tions. At smaller values of t, there is a portion of
long conversations which would contribute large
errors to drive up the MAE, but this is not present
at larger t, hence the discrepancy.

CI allows for more direct comparison of models
at different t, since it measures ranking accuracy.
On this metric, DeepHit performs better than the
linear regression model at all but the last timestep.
Both models perform slightly worse at the last two
timesteps. A reason for this may be that there
are fewer training samples available at larger t, as
illustrated in Table 2. Similar trends are observed
in the Dispute dataset.

4.3 Task 2: Predicting personal attacks

Results for the personal attack prediction task are
shown in the right column of Table 3. Compared
to Task 1, higher values are observed on the CI. A
reason for this may be that conversation length pre-
diction has to rely on more subtle cues that indicate
a conversation has run its course (e.g. users signing
off) which are not captured by our features.

We observe again that the DeepHit model per-
forms the best, and that the survival models out-
perform the three baselines. Due to censoring, the
MAE score here is calculated using only uncen-
sored samples; i.e. samples where a personal attack
does occur. The censored samples are accounted
for in the CI metric, as explained in Section 3.1.

A key question in this task is whether the sur-
vival models manage to prioritise samples where
a personal attack occurs over censored examples.
This means that when comparing a pair consist-
ing of a censored and an uncensored example, we
would like for the predicted time to event of the
censored example to be higher. We can calcu-
late how often this is true for the DeepHit model
by calculating the concordance index of the pre-
dicted event times and the inverse of the censoring
indicator. For instance, given a pair of samples
s = [censored, uncensored], the indicator func-
tion is [0,1] and the inverse therefore [1,0]. The
ordering of the inverse (s0 > s1) should be con-
cordant with the predictions. Using the DeepHit
model, we find that the model ranks samples where
an attack occurs over censored examples in 57.75%
of cases, compared to 51.92% with the linear re-
gression model, and 50% for a random baseline.
The best model of Zhang et al. (2018a) has a pre-
dictive accuracy of 64.9% for classifying which
conversations will derail into personal attacks, but
does not predict when this will occur.

5 Conclusions

In this paper, we proposed that survival analysis is
a useful but hitherto ignored framework for time-
to-event prediction tasks in conversations, which
are frequently framed as classification tasks. We
provided evidence to this by showing that survival
models outperform both linear regression and lo-
gistic regression models on two tasks and three
datasets. The survival regression models explored
can be useful in other tasks, for instance, predicting
escalation in customer service conversations.
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Figure 3: MAE and CI calculated per timestep, t, for the Talk dataset on Task 1. For MAE, lower values are
preferred; for CI, higher.
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A Characteristics of the training data

Details of the Dispute and Attack datasets are
shown in Tables 6 and 5.

t # Convs. of
length t

# Samples of
length t

5 480 3 466
6 959 2 986
7 699 2 027
8 473 1 328
9 371 855
10 312 484
11 172 0
Total 3 466 11 146

Table 5: Training set configuration for the Attack
dataset.
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t # Convs. of
length t

# Samples of
length t

5 1 374 9 928
6 1 044 8 554
7 833 7 180
8 710 6 136
9 571 5 303
10 467 4 593
11 427 4 022
12 372 3 128
13 328 2 756
14 315 2 428
15 260 2 113
16 181 1 853
17 185 1 672
18 141 1 487
19 153 1 346
20 144 1 193
21 100 1 049
22 112 949
23 106 837
24 90 731
25 68 641
26 70 573
27 69 503
28 60 434
29 60 374
30 48 314
31 43 266
32 54 223
33 31 169
34 38 138
35 40 100
36 30 60
37 30 0
Total 8 554 74 608

Table 6: Training set configuration for the Dispute
dataset.
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Abstract

Knowledge selection is an important and chal-
lenging task which could provide the appropri-
ate knowledge for informative dialogue gen-
eration. However, the needed gold knowl-
edge label is difficult to collect in reality. In
this paper, we study knowledge selection for
dialogue generation in the unsupervised sce-
nario and propose a novel Distilled Distant
Supervision Loss (DDSL) to supervise knowl-
edge selection when the gold knowledge la-
bel is unknown. Specifically, we first obtain
an oracle knowledge label via distant super-
vision and then leverage knowledge distilla-
tion to alleviate the noisy labeling problem
of distant supervision. Furthermore, we pro-
pose a pretraining-finetuning strategy to deal
with the mismatch knowledge selection prob-
lem that models tend to select the mismatched
knowledge for dialogue generation in the un-
supervised setting and will cause the degen-
eration of knowledge-aware decoder. Exper-
iments on two knowledge-grounded dialogue
datasets show that our approach manages to se-
lect knowledge more accurately in the unsuper-
vised setting and generates more informative
responses, even outperforming many strong su-
pervised baselines.1

1 Introduction

To avoid general and dull dialogue generation (Li
et al., 2016), knowledge-grounded dialogue which
equips dialogue systems with external knowledge
has become a popular research topic. Thanks to
the hand-collected knowledge-grounded dialogue
datasets which align each dialogue (even each utter-
ance) with a pre-identified document (Zhang et al.,
2018; Zhou et al., 2018; Moghe et al., 2018; Zhou
et al., 2020), many researchers focus on inject-
ing the given knowledge to generate informative
responses and achieve promising results (Yavuz

1The codes and model checkpoints will be available at
https://github.com/ErenChan/UKSDG

et al., 2019; Tang and Hu, 2019; Qin et al., 2019a;
Li et al., 2019b; Zheng and Zhou, 2019; Meng
et al., 2019; Ren et al., 2019; Ye et al., 2020; Lin
et al., 2020). However, they usually need the pre-
identified knowledge and the knowledge access
task is less studied (Kim et al., 2020b) which is
the precursor to knowledge dialogue generation in
reality (Zheng et al., 2020).

It is natural to extract the external knowledge via
information retrieval technology. Several works re-
gard the retrieved knowledge sentences as the pre-
identified document (Ghazvininejad et al., 2018;
Michel Galley, 2018; Yang et al., 2019b; Gopalakr-
ishnan et al., 2019). However, the retrieved docu-
ment contains redundant and irrelevant informa-
tion which are harmful for dialogue generation
(Zhao et al., 2020b). Hence, knowledge selection
which chooses an appropriate sentence from the
pre-retrieved knowledge pool gains much attention
and it plays the role of knowledge access for gener-
ation. Dinan et al. (2019) first propose knowledge
selection for dialogue generation which are two
sequential subtasks and the generation is based on
the selected knowledge. Several works follow their
setting and achieve improvements with latent vari-
able models (Kim et al., 2020a; Chen et al., 2020b)
or more complex selection mechanism (Niu et al.,
2019; Meng et al., 2020; Zheng et al., 2020; Meng
et al., 2021). Although those works show promis-
ing performance with explicit use of knowledge in
open-domain dialogue, they still need gold knowl-
edge labels to train the selection module well (Kim
et al., 2020a). And it is still less studied to make
knowledge selection work well without gold knowl-
edge label, which is valuable and challenging.

In this paper, we explore knowledge selection
for dialogue generation in the unsupervised sce-
nario and propose a novel Distilled Distant Su-
pervision Loss (DDSL) to supervise knowledge
selection when there is no gold knowledge label.
Specifically, we first obtain an oracle knowledge
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label via distant supervision (Mintz et al., 2009)
to substitute the gold one in the unsupervised set-
ting. However, distant supervision inevitably suf-
fers from the noisy labeling problem due to liter-
ally matching (Yang et al., 2019a). Therefore, to
train knowledge selection well without gold label,
we leverage knowledge distillation to reduce the
noise of the oracle label. Furthermore, we find
that models tend to select the mismatched knowl-
edge for dialogue generation in the unsupervised
setting. And forcing the knowledge-aware decoder
to leverage the selected knowledge at training will
cause the decoder degenerating into the knowledge-
independent decoder. To deal with this problem,
we propose to pretrain the knowledge selection and
response generation independently and then fine-
tune the decoder with the selected knowledge using
different sample weighting scores. We demonstrate
the effectiveness of our unsupervised approach on
two knowledge-grounded dialogue datasets, i.e.,
Wizard of Wikipedia (Dinan et al., 2019) and Holl-
E (Moghe et al., 2018) in comparison with various
supervised and unsupervised baselines.

Our contributions are summarized as follows:

• We propose Distilled Distant Supervision
Loss to make knowledge selection work well
in the unsupervised scenario where the gold
knowledge label is not available.

• We propose a pretraining-finetuning strategy
to alleviate the degeneration of knowledge-
aware decoder caused by the mismatch knowl-
edge selection problem.

• Results on two datasets show that our ap-
proach manages to select knowledge more ac-
curately in the unsupervised setting and even
generates more informative responses than
many strong supervised baselines.

2 Approach

2.1 Task Formulation
Given the utterance xt at each turn t and the associ-
ated knowledge pool Kt = {kit} = {k1t , · · · , kLt }2

containing L retrieved candidate sentences kit, the
final goal is to generate an informative response
yt. Following (Dinan et al., 2019), we first learn
to select the appropriate knowledge kst from the
knowledge pool Kt and then generate the response

2kit, kst , kt and k′t indicate any, selected, gold and oracle
knowledge sentences or labels, respectively.

yt by incorporating the selected knowledge. In the
conventional supervised setting, there exists gold
knowledge label to supervise knowledge selection.
However, the manually labeled knowledge is dif-
ficult to obtain in reality (Lian et al., 2019). As a
result, we study the unsupervised knowledge selec-
tion for dialogue generation in this paper, which is
very valuable and challenging.

2.2 Architecture Overview

In the following subsections, we first introduce
the three major components (Section 2.3 ∼ 2.5):
Encoder, Knowledge Selection (KS) and Decoder,
which are trained jointly with the gold knowledge
loss and response generation loss in the conven-
tional supervised setting, as Figure 1 (a) shows.
Then we introduce our Distilled Distant Supervi-
sion Loss (DDSL) in Section 2.6 to train knowledge
selection well in the unsupervised setting, which
consists of distant supervision and knowledge distil-
lation, as Figure 1 (b) shows. Finally, we detail the
mismatch knowledge selection problem and how to
make the decoder leverage the selected knowledge
kst well in Section 2.7.

2.3 Encoder

For each sentence st, we obtain the context aware
word representations Hst via BERT (Devlin et al.,
2019) and the corresponding sentence representa-
tion hst via Mean Pooling (Cer et al., 2018):

Hst = BERT (st) ∈ RNst×d

hst = Mean
(
Hst

)
∈ Rd

, (1)

whereNst is the sentence length and d is the hidden
size. Specifically, we represent the utterance xt
with Hxt and hxt , and represent each knowledge
sentence kit ∈ Kt with Hkit

and hkit .

2.4 Knowledge Selection

In this paper, we mainly focus on knowledge se-
lection in the unsupervised setting and adopt the
standard dot-product attention over the knowledge
candidates to select knowledge (Dinan et al., 2019).

Selection Query: The selection query consists
of the current utterance, the dialogue history dht=
[x1, y1,· · ·, xt−1, yt−1] and the history of selected
knowledge kht = [k′1,· · ·, k′t−1] as they help the
knowledge selection (Kim et al., 2020a). Formally,
we use two GRUs (Cho et al., 2014) to summarize
the dialogue and knowledge selection history as the
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Figure 1: The framework of knowledge selection for dialogue generation. (a) In the supervised setting. (b) In the
unsupervised setting. Specifically, we replace the gold knowledge loss with our Distilled Distant Supervision Loss
(DDSL) which contains Distant Supervision (DS) and knowledge distillation (see the dotted red lines).

corresponding state vectors sdht and skht :

sdht = GRUdh

(
[hxt ;hyt ] , sdht−1

)
∈ Rd

skht = GRUkh

(
hk′t , skht−1

)
∈ Rd

, (2)

where sdh0 and skh0 are zero vectors, hxt , hyt and
hk′t are sentence vectors of utterance xt, response
yt and the oracle knowledge k′t (will be described in
Equation 8) and [·; ·] denotes concatenation. Then,
the selection query qt is obtained:

qt = Wq

[
skht−1 ; sdht−1 ;hxt

]
∈ Rd. (3)

Knowledge Selection: The knowledge selection
distribution S ∈ RL over the knowledge poolKt ∈
RL is obtained by the dot-product attention:

Skit =
exp

(
hkit · qt

)

∑
kjt∈Kt

exp
(
h
kjt
· qt
) . (4)

Finally, the knowledge ks
t with the highest attention

score is selected for further response generation. If
the gold knowledge kt exists, we could train this
task via the Cross Entropy (CE) loss:

LKS = LCE (S, kt) = − logSkt , (5)

2.5 Decoder
Following (Dinan et al., 2019; Kim et al., 2020a),
our Transformer-based decoder takes the represen-
tation concatenation Hrc =

[
Hxt ;Hkst

]
∈ RNrc,d

of current utterance xt and the selected knowledge
ks
t as input, and uses the copy mechanism (Gu et al.,

2016) to generate responses. The process of gener-
ating a word can be formulated as follows:

snt = TD
(
Hrc, y

<n
t

)
∈ Rd

pv = softmax (Wos
n
t ) ∈ R|V|

pcp, s̃
n
t = MultiHeadcp (s

n
t ,Hrc,Hrc)

pgen = sigmoid
(
Wgens̃

n
t

)
∈ R1

p (V) = pgen ·pv+
(
1−pgen

)
·pcp ∈ R|V|

, (6)

where TD denotes the Transformer decoder, snt is
the hidden vector for the n-th word in the response
yt at t-th turn, pcp is the attention weight of the
first head in the additional multi-head self-attention
layer for the copy mechanism, which is short for
MultiHeadcp (Vaswani et al., 2017), V is the vocab-
ulary, and p (V) is the final generation distribution.
Finally, we generate the word ynt with the high-
est probability, and we keep generating by feeding
ynt to the decoder until the “〈eos〉” token is gen-
erated. We train the generation task the Negative
Log-Likelihood (NLL) loss:

LG = LNLL = − log p (yt|xt, ks
t) (7)

The model is trained with the loss L = LKS + LG,
where LKS is the knowledge selection loss, i.e.,
Equation 5 in the supervised setting.

2.6 Distilled Distant Supervision Loss
In this section, we will introduce our Distilled Dis-
tant Supervision Loss (DDSL) to train knowledge
selection well in the unsupervised setting, which
consists of distant supervision, label weighting and
knowledge distillation. Actually, we first obtain a
noisy oracle knowledge label via distant supervi-
sion. And then our DDSL tries to reduce the noise
via label weighting and knowledge distillation.

Distant Supervision: Suppose that we have the
utterance xt, response yt and the retrieved knowl-
edge pool Kt without knowing the gold knowledge
label, we first calculate the confidence scoreWkit

whether each knowledge kit is matched up with this
dialogue flow by:

F1 (a, b) =
2 · | set(a) ∩ set(b)|
| set(a)|+ | set(b)|+ ε

Wkit
= softmaxτ

(
F1
(
kit, yt

)) , (8)

where set(a) or set(b) indicates the tokens in the
string a or b, softmaxτ (zi) = e(zi/τ)/

∑
j e

(zj/τ)
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and τ is the temperature to reshape the confidence
probability distributionW ∈ RL over the knowl-
edge pool. Then, we obtain the oracle knowledge
k′t with the highest confidence score, assuming that
the gold knowledge should contribute most tokens
to the response generation. This is possible be-
cause that 1) the causal modeling specified con-
ditions (Selltiz et al., 1976) hold between knowl-
edge selection and response generation (Tuan et al.,
2020), and 2) it is common for humans to (invol-
untarily) produce utterances which are copied or
suitably modified from background knowledge sen-
tences (Moghe et al., 2018).

Although we can directly replace the gold label
kt in Equation 5 with the alternative one k′t, there
are some noise. Therefore, we modify Equation 5
with label weighting via the confidence score:

LKS = LWCE (S) = LCE
(
S, k′t

)
· Wk′t . (9)

Knowledge Distillation: We further alleviate
the noisy labeling problem of distance supervision
via Knowledge Distillation (KD) as shown in Fig-
ure 1 (b). Following (Tian et al., 2020; Chen et al.,
2020b), the teacher takes the context and response
as input and generates the distribution of knowl-
edge selection as soft target. Compared with the
student, i.e., the standard knowledge selection mod-
ule described in Section 2.4, teacher has the gold
response as an additional input.

Specifically, we make up the teacher query as
qtea
t = Wtea

[
sdht ; skht−1

]
∈ Rd, which contains

more information (i.e., the response) than qt in
Equation 3. Then we use this query qtea

t to ob-
tain the teacher’s knowledge selection distribution
T ∈RL by Equation 4. Finally, online response-
base knowledge distillation3 is formulated as:

LKD =LWCE(T ) +DKL(T ‖S)

=LCE
(
T , k′t

)
·Wk′t+

∑

kit∈Kt
Tkit log

Tkit
Skit

, (10)

where the first term is used for teacher training
and the second term transfers the knowledge from
teacher to student based on the Kullback-Leibler
(KL) divergence between the teacher and student
distributions (i.e., T ∈RL and S∈RL ).

Although the teacher is also trained with the
noisy label, the teacher produces an independent

3As surveyed in (Gou et al., 2020), response-based knowl-
edge usually refers to the neural response of the last output
layer of the teacher model, and online distillation means we
train the teacher and student together.

Figure 2: To deal with the mismatch problem, we first
pretrain the Knowledge Selection (KS) and the decoder
with the matched knowledge4 in parallel along red lines.
Then we finetune the decoder with the selected knowl-
edge weightedly along the green line.

source of variance that can be used to cancel out
the variance introduced by the label noise (Li et al.,
2017). Moreover, previous works have proved
that the student can still be enhanced by the noisy
teacher (Sau and Balasubramanian, 2016; Xie et al.,
2020; Yuan et al., 2020). Therefore, we believe that
the student trained by two supervision signals gets
benefits from the regularization of the soft target
(Yuan et al., 2020).

To sum up, our DDSL loss is as follows:

LKS=LDDSL=LWCE(S)+ LKD, (11)

which consists of distant supervision, label weight-
ing in Equation 9 and knowledge distillation in
Equation 10 for unsupervised knowledge selection.

2.7 Training
The Mismatch Knowledge Selection Problem:
As we know, there are chances that the selected
knowledge is not the gold one due to 1) the diversity
of knowledge selection in conversation (Kim et al.,
2020a) and 2) the under-optimized knowledge se-
lection at early training stage (Zhao et al., 2020b).
And it is more serious in the unsupervised setting
where it is hard to train knowledge selection well.
The mismatch knowledge selection problem occurs
due to the training paradigm in Figure 1 where the
decoder is trained to generate the gold response
with mismatched knowledge. This mismatch prob-
lem causes the knowledge-aware decoder to take
the selected knowledge as noise and degenerate
into the knowledge-independent decoder.

Our Pretraining-Finetuning Strategy: Al-
though training the decoder with the matched
knowledge4 solves the mismatch problem. It can’t
deal with wrong knowledge selection at inference
which is often the case, yet never seen at training.

4Note that the oracle knowledge is most literally matched
with the gold response by the metric defined in Equation 8.
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We take the plain idea as our pretraining stage,
and then train the decoder to adapt to the selected
knowledge using different weighting scores in the
finetuning stage .

In the pretraining stage, we train knowledge
selection and response generation in parallel as
Figure 2 shows. The pretraining loss is as follows:

L′NLL = − log p
(
yt|xt, k′t

)

L = LKS + L′NLL
, (12)

where we use LKS = LDDSL in the unsupervised
setting and the decoder is trained to generate the
gold response with the oracle knowledge k′t instead
of the selected one kst . Therefore, the decoder
learns how to incorporate the matched knowledge4

k′t into the response generation because k′t is much
more accurate than the selected one kst as Table 4
shows. And we could alleviate the mismatch prob-
lem from the pretraining process because 1) we get
a fully optimized knowledge selection module and
2) the pretrained decoder provides a good initial-
ization for finetuning.

In the finetuning stage, we continuely train the
pretrained decoder to adapt to the pretrained knowl-
edge selection module with the sample weighting
idea. And the finetuning loss is defined as follows:

LG = LNLL ·
(
1 +Wkst

)
, (13)

where LNLL is defined in Equation 7 and Wkst
is

the confidence or weighting score of the selected
knowledge kst defined in Equation 8. As mentioned
above, the mismatch knowledge selection problem
is caused by the training paradigm that we may
train the decoder to generate the gold response with
the mismatched knowledge from the knowledge se-
lection module. Here, we finetune the pretrained
decoder with the selected knowledge kst by giving
higher importance weights if the selected knowl-
edge is suitable for the gold response generation.
In this way, we further alleviate the mismatch prob-
lem because we highlight the matched samples by
assigning an importance weight to each instance
(xt, k

s
t , yt) to reform the training data (Cai et al.,

2020; Dong et al., 2020).

3 Experiments

3.1 Dataset
We evaluate our model on two public knowledge-
grounded dialogue datasets: Wizard of Wikipedia
(WoW) (Dinan et al., 2019) and Holl-E (Moghe

et al., 2018), both of which provide the knowledge
candidates with gold knowledge labels for knowl-
edge selection. To test our approach in the unsu-
pervised setting, we do not use the gold knowledge
label provided in those datasets.
WoW contains the dialogues between two partici-
pants on some open-domain topics, where one is
a curious learner while the other plays the role of
a knowledgeable expert with access to the knowl-
edge pool. Each knowledge pool contains about 61
sentences on average per turn, which are retrieved
from Wikipedia based on the dialogue context via
the IR system. There are 18430, 1948 and 1933
dialogues for training, validation and test, respec-
tively. According to the topic overlapping, the test
set is split into two subsets: 965 Test Seen and 968
Test Unseen dialogues, where Test Unseen consists
of 58 topics never seen in train or validation.
Holl-E contains 7228, 930 and 913 dialogues for
training, validation and test, respectively. Two test
versions are provided: one with a single gold refer-
ence, the other with multiple gold references (more
than one gold knowledge sentences and correspond-
ing responses for each given conversation context).
Each dialogue is assigned with a document of about
60 sentences on average as the knowledge pool.
Here, we use the modified version (Kim et al.,
2020a) which fits for knowledge selection.

3.2 Models for Comparison

We compare our method with a set of baselines:5

3.2.1 No Knowledge

S2STransformer is a Seq2Seq model based on Trans-
former (Vaswani et al., 2017) that does not leverage
the external knowledge.
S2SBERT replaces the Transformer Encoder with a
pretrained BERT (Devlin et al., 2019).

3.2.2 Supervised Knowledge Selection

TMN is short for End-to-End Transformer Mem-
Net (Dinan et al., 2019), which selects knowledge
based on the Transformer memory network and
generate responses via the Transformer decoder.
TMNBERT+PostKS+CP, implemented by (Kim et al.,
2020a), enhances the encoder with BERT, knowl-
edge selection module with PostKS (Lian et al.,
2019) and decoder with the copy mechanism (CP).

5See Appendix A.1 for more baselines, from knowledge-
aware generation (Huang et al., 2020) to knowledge selection
in the supervised, semi-supervised and unsupervised settings.
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Setting Row Method
Test Seen Test Unseen

Acc ↑ PPL ↓ R-1 ↑ R-2 ↑ Acc ↑ PPL ↓ R-1 ↑ R-2 ↑

0 No Knowledge
0 0 S2S†Transformer (Vaswani et al., 2017) N/A 57.4 16.5 4.4 N/A 102.0 14.6 2.9
0 1 S2S†BERT N/A 53.9 17.2 4.8 N/A 93.3 14.9 3.3

1 Supervised
1 0 TMN (Dinan et al., 2019) 21.1 63.5 16.9 N/A 14.3 97.3 14.4 N/A
1 1 TMNBERT+PostKS+CP (2020a) 25.5 52.2 19.0 6.5 14.4 83.4 15.6 3.9
1 2 SKT (Kim et al., 2020a) 26.8 52.0 19.3 6.8 18.3 81.4 16.1 4.2

2 Unsupervised

2 0 TMN0 (Dinan et al., 2019) 13.4 66.5 15.9 N/A 11.8 103.6 14.3 N/A
2 1 PostKS (Lian et al., 2019) 4.8 79.1 13.0 1.0 4.2 193.8 13.1 1.0
2 2 SKT0 (Kim et al., 2020a) 0.3 54.7 17.1 4.6 0.1 88.2 15.5 3.4

0 UKSDG w/o DDSL 5.2 49.3 17.4 5.1 5.1 82.8 15.1 3.3
1 UKSDGvec w/o DDSL 13.5 46.1 17.8 5.2 13.1 82.3 15.5 3.3
2 UKSDG (ours) 23.8 51.8 19.5 6.8 16.2 76.3 16.3 4.4
3 UKSDGPF w/o SW (ours) 26.4 44.1 20.3 7.4 20.8 64.5 17.8 5.6
4 UKSDGPF (ours) 26.4 45.0 20.6 7.7 20.8 65.5 18.2 5.9

Table 1: Quantitative results on WoW. Our approach manages to select knowledge more accurately in the unsuper-
vised setting and generate more informative responses than the strong baselines in the supervised setting. Note that
models with “†” are implemented by ourselves and other models with citation are from the original paper.

SKT (Kim et al., 2020a), short for Sequential
Knowledge Transformer, uses the posterior distri-
bution by sequential latent modeling and achieves
promising results in the supervised setting.

3.2.3 Unsupervised Knowledge Selection
TMN0 is TMN, trained only via generation loss in
Equation 7 without knowledge loss in Equation 5.
SKT0 is SKT optimized without knowledge loss.
PostKS (Lian et al., 2019) takes the benefits of
latent variable models and leverages the posterior
knowledge distribution as a pseudo label for knowl-
edge selection without knowledge loss. Here, we
use the results provided by (Kim et al., 2020a).

3.2.4 Our Unsupervised Methods
We implement our model in the unsupervised set-
ting, namely Unsupervised Knowledge Selection
for Dialogue Generation (UKSDG), which is opti-
mized with our DDSL in Equation 11 for unsuper-
vised knowledge selection and generation loss in
Equation 7. UKSDGPF indicates that we adopt our
Pretraining-Finetuning strategy to alleviate the mis-
match knowledge selection problem in Section 2.7.
Furthermore, we remove several components for
ablation study:
(1) UKSDG w/o DDSL is only optimized by the
generation loss in Equation 7 without our DDSL.
(2) UKSDGvec w/o DDSL further replaces the de-
coder input Hrc (in Section 2.5) with the aver-
aged knowledge vector enhanced context Hvec=
Hxt+

∑
kit∈KtSkit ·hkit .

(3) UKSDGPF w/o SW does not use the Sample
Weighting in Equation 13.

3.3 Implementation Details

We use TensorFlow 2.0 to implement our approach
base on SKT6. All sentences are encoded by the
shared BERTBASE (Devlin et al., 2019), and the
response is greedily generated via a 5-layer Trans-
former decoder with copy mechanism. The hidden
size d is 768 and the vocabulary size |V | is 30, 522.
The knowledge selection module contains two sep-
arate one-layer GRUs and one projection layer. Our
proposed DDSL contains no trainable parameters
except one projection layer in the teacher selection
module. And the temperature τ is 0.1.

We use the Adam optimizer (Kingma and Ba,
2014) with gradient clipping at 0.4 to train our
models on a single GPU (TITAN Xp). The learning
rate is 2e−5 and the batch7 size is 1. Moreover,
we apply label smoothing (Pereyra et al., 2017)
and set 0.1 for knowledge selection and 0.05 for
response generation. In the pretraining-finetuning
strategy, we use 5 and 20 epochs in the pretraining
and finetuning stage, respectively. The pretrained
models are selected according to the accuracy score
and other models are selected according to the R-1
score since knowledge selection aims to serve for
high-quality generation.

It takes almost the same time for the conver-
gence of UKSDG and KSDG as we only replace
our DDSL with the gold knowledge selection loss.
The convergence of SKT is a bit slower as it is hard

6Thanks for their processed datasets, models and
evaluation codes at https://github.com/bckim92/
sequential-knowledge-transformer.

7Each example is a dialogue rather than an individual turn.
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Setting Row Method
Single Reference Multi Reference

Acc ↑ PPL ↓ R-1 ↑ R-2 ↑ Acc ↑ PPL ↓ R-1 ↑ R-2 ↑

0 No Knowledge
0 0 S2S†Transformer (Vaswani et al., 2017) N/A 105.8 19.1 9.8 N/A 72.4 24.1 12.9
0 1 S2S†BERT N/A 89.4 19.0 9.6 N/A 61.9 23.5 12.1

1 Supervised
1 0 TMN (Dinan et al., 2019) 22.7 140.6 20.1 10.3 32.3 83.6 24.3 12.8
1 1 TMNBERT+PostKS+CP(2020a) 27.8 47.4 29.2 22.3 37.8 27.9 35.9 29.0
1 2 SKT (Kim et al., 2020a) 29.2 48.9 29.8 23.1 39.2 28.5 36.5 29.7

2 Unsupervised

2 1 PostKS (Lian et al., 2019) 1.5 196.6 15.2 6.0 3.2 114.1 19.2 7.9
2 2 SKT0

‡ (Kim et al., 2020a) 0.1 77.1 19.2 9.9 0.1 75.8 19.4 10.1

0 UKSDG w/o DDSL 2.9 76.5 20.0 10.5 4.3 52.0 25.0 13.6
1 UKSDGvec w/o DDSL 19.1 78.1 20.9 10.9 28.8 53.2 25.4 13.3
2 UKSDG (ours) 24.2 55.4 29.7 23.1 33.5 31.9 36.4 29.7
3 UKSDGPF w/o SW (ours) 25.1 38.7 30.8 23.2 35.0 22.7 37.9 30.0
4 UKSDGPF (ours) 25.1 39.4 31.0 24.0 35.0 22.9 38.1 31.1

Table 2: Quantitative results on Holl-E. The method with “‡” is reported by rerunning the released code, and
models with “†” are implemented by ourselves.

to optimize the latent variable model. It takes about
2.5 times as long for the convergence of UKSDGPF
and KSDGPF. The computation for confidence cal-
culation during inference is the same for UKSDG,
KSDG (w/ and w/o PF) and SKT because we adopt
the same backbone. All of our models contain
about 174M parameters.

3.4 Evaluation

Automatic Evaluation. We automatically evalu-
ate knowledge selection with accuracy (Acc), re-
sponse generation with perplexity (PPL), unigram
F1 (R-1) and bigram F1 (R-2), which are com-
monly used in this task (Dinan et al., 2019; Kim
et al., 2020a; Chen et al., 2020b). We also remove
all the punctuation and (a, an, the) to compute the
R-1 and R-2 scores as (Kim et al., 2020a) do. Note
that lower PPL and higher R-1 and R-2 scores indi-
cate better generation quality.

Human Evaluation. We firstly select 100 sam-
ples from each test set on WoW for human eval-
uation. Then we follow (Kim et al., 2020a; Li
et al., 2019a) and ask three annotators to evaluate
the generation quality according to Engagingness
and Knowledgeability from 1 to 4, where 1 means
not at all, 2 is a little, 3 is somewhat, and 4 is a
lot. Engagingness measures how much do you like
the response and Knowledgeability measures the
informativeness in the responses.

4 Results and Analysis

4.1 Main Results

Quantitative Results. We report the automatic
results on WoW and Holl-E in Table 1 and Table 2,

respectively. And we have the following consistent
observations:8 (1) Comparing SKT and SKT0, we
see that the gold knowledge loss plays an important
role to train knowledge selection well. (2) Compar-
ing row 0 and 2, we see that our proposed DDSL is
the key to train knowledge selection well in the un-
supervised setting and can be the alternative of the
gold knowledge loss. As a result, our approach sig-
nificantly outperforms the other unsupervised meth-
ods on all metrics (significance tests (Koehn, 2004),
p-value < 0.01). (3) Although UKSDGvec w/o
DDSL could learn some patterns of knowledge se-
lection from the gradient of generation loss, we see
that compressing the knowledge into a vector will
loss much information for dialogue generation. (4)
Although our UKSDGPF usually makes knowledge
selection worse than the supervised SKT in row
1 2, we achieve higher generation quality, which
indicates that our pretraining-finetuning strategy
could alleviate the mismatch knowledge selection
problem and emphasizes the importance of lever-
aging the selected knowledge properly for future
study on this task. (5) Comparing row 3 and 4, we
see that the sample weighting also helps in the fine-
tuning stage, though PPL score is slightly worse
due to the difficulty of injecting the knowledge
into responses. (6) Moreover, our approach demon-
strates the stronger ability of generalization with
smaller performance gap between Test Seen and
Test Unseen in Table 1, which we attribute to our
DDSL because it works in the unsupervised setting
and is more suitable for Test Unseen. For example,
compared with SKT in row 1 2, UKSDGPF in row

8More observations with other baselines can be found in
Appendix A.2.

1236



Method
Test Seen Test Unseen

EGG KLD EGG KLD

SKT 2.70±0.05 2.64±0.05 2.46±0.05 2.50±0.06
UKSDG (ours) 2.49±0.05 2.37±0.06 2.33±0.06 2.27±0.05
UKSDGPF (ours) 2.72±0.05 2.71±0.05 2.49±0.06 2.60±0.05
Gold Response 3.25±0.04 3.37±0.05 3.16±0.05 3.24±0.05

Table 3: Results of human evaluations on WoW. EGG
and KLD denote Engagingness and Knowledgeability,
respectively.

4 achieves the highest selection accuracy in Test
Unseen with a slightly lower accuracy in Test Seen.

Qualitative Results. We report human evalua-
tion results of the generated responses according
to Engagingness and Knowledgeability in Table 3.
Comparing UKSDG and UKSDGPF, we see the
effectiveness of our pretraining-finetuning strategy
which could alleviate the mismatch problem de-
scribed in Section 2.7. Our UKSDGPF in the unsu-
pervised setting generates responses slightly better
than SKT in the supervised setting. Moreover, the
improvement is much obvious according to Knowl-
edgeability, which also indicates the importance of
using the selected knowledge properly.

4.2 Ablation Study
We have introduced the components of our DDSL
in Section 2.6 and shown its effectiveness in Sec-
tion 4.1. Here, we analyse our DDSL via an abla-
tion study in Table 4. Actually, we train UKSDGPF
on knowledge selection task, using our DDSL with
components removed. We have the following obser-
vations: (1) We see that most of the oracle knowl-
edge from distant supervision is the same as the
gold knowledge label by human. Therefore, it is ac-
ceptable to directly use this oracle knowledge label
to substitute the gold label as the supervision signal
(see the last row of Table 4). (2) However, distant
supervision inevitably suffers from the noisy label-
ing problem due to literally matching. For example,
there are about 30% oracle knowledges different
from the gold ones on WoW where the responses
convey knowledge much more flexibly. (3) Loss
weighting in Equation 9 helps on WoW where the
noisy labeling problem is serious. (4) Knowledge
distillation in Equation 10 could further alleviate
the label noise, and our method manages to select
knowledge accurately in the unsupervised setting.

4.3 Case Study
Table 5 presents several examples of generated re-
sponses on WoW and we have the following ob-

Method
WoW Holl E

Seen Unseen Single Multi

Gold label (kt) 100.0 100.0 100.0 100.0
Oracle Label (k′t) 70.1 69.0 90.3 90.4

LDDSL in Eq. 11 26.4 20.8 25.1 35.0
w/o LKD in Eq. 10 25.8 19.1 24.1 33.5
w/o LKD &Wk′t in Eq. 9 25.5 18.8 24.0 34.2

Table 4: Ablation study. Knowledge selection accuracy
of UKSDGPF trained with different losses.

servations: (1) The oracle knowledge from dis-
tant supervision contains several informative to-
kens which could help dialogue generation since
they appears in the gold response as defined by
Equation 8. In particular, the oracle knowledge
in the case 3 is also appropriate and the gold re-
sponse contains much more information than the
gold knowledge, which indicates the diversity of
knowledge selection and selecting one sentence
may be not enough for informative generation. (2)
However, some oracle knowledge labels are differ-
ent from the gold ones (i.e., the selected one by
human). Our model still learns to select knowl-
edge as human, which we attribute to our DDSL
since knowledge distillation alleviates the noisy
labeling problem of distant supervision. (3) SKT
does not leverage the selected knowledge well and
generates the dull response. For example, SKT re-
peats the context in case 1, generates the verbose
and contradictory response in case 2 and does not
provide new information in case 3. (4) Whereas,
our UKSDGPF firstly selects the appropriate knowl-
edge as human does, and then generate fluent and
informative responses by alleviate the mismatch
knowledge selection problem with the help of the
pretraining-finetuning strategy. This indicates the
importance of leveraging the selected knowledge
properly for future study.

5 Related Work

External knowledge has been wildly explored to
enhance dialogue understanding and/or improve
dialogue generation (Zhu et al., 2017; Liu et al.,
2018; Chen et al., 2019; Wu et al., 2019; Chen
et al., 2020a; Tuan et al., 2020; Sun et al., 2020;
Zhang et al., 2020; Yu et al., 2020; Ni et al., 2021).
To make use of knowledge, knowledge access is
very important. Therefore, knowledge selection
which selecting appropriate knowledge given the
dialog context gains much attention (Zhang et al.,
2019; Meng et al., 2019; Ren et al., 2019; Dinan
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Case 1

Context Are you a fan of elvis presley?

Human
KS Regarded as one of the most significant cultural icons of the 20th century, he is often referred to as the “king of rock and ...”

DG You mean the king of rock and roll. Actually yes I am. best of all time. Don’t you agree?

SKT
KS Elvis Aaron Presley (January 8, 1935 - August 16, 1977) was an American singer, musician, and actor.

RG Yes, I love Elvis Presley!

UKSDGPF

OK Thornton’s recording of “hound dog” is listed as one of the rock and roll hall of fame’s

KS Regarded as one of the most significant cultural icons of the 20th century, he is often referred to as the “king of rock and ...”

DG Yes, I love him! He is regarded as the king of rock and roll.

Case 2

Context I love to go bowling with my family, but i’m a horrible bowler. Do you like it?

Human
KS Bowling is a sport or leisure activity in which a player rolls or throws a bowling ball towards a target.

DG Oh, yes, I love bowling. Rolling that ball down the lane and knocking down the pins gives me a charge.

SKT
KS It is one of the major forms of throwing sports.

RG I do! I love bowling! I like to play, but i’m not a fan of bowling.

UKSDGPF

OK In pin bowling variations, the target is usually to knock over pins at the end of a lane.

KS Bowling is a sport or leisure activity in which a player rolls or throws a bowling ball towards a target.

DG I love bowling! It is a sport or leisure activity in which a player rolls a bowling ball towards a target.

Case 3

Context Have you ever seen the Walking Dead?

Human
KS The Walking Dead is an American post-apocalyptic horror television series developed by Frank Darabont for AMC that ...

DG The American post-apocalyptic series? The one based on the comic book series by Robert Kirkman? Yes I love it! How about you?

SKT
KS The Walking Dead is an American post-apocalyptic horror television series developed by Frank Darabont for AMC that ...

RG Yes, I have seen the Walking Dead.

UKSDGPF

OK It is based on the comic book series “The Walking Dead” by Robert Kirkman, ...

KS The Walking Dead is an American post-apocalyptic horror television series developed by Frank Darabont for AMC that ...

DG Yes, I have seen the Walking Dead. It was developed by Frank Darabont for AMC.

Table 5: Examples of generated responses on WoW. KS, DG and OK denote Knowledge Selection, Dialogue
Generation and Oracle Knowledge, respectively.

et al., 2019; Kim et al., 2020a; Meng et al., 2020;
Chen et al., 2020b; Zheng et al., 2020; Huang et al.,
2020). In this paper, we focus on knowledge selec-
tion in the unsupervised setting where there is no
gold knowledge label. Lian et al. (2019) and Kim
et al. (2020a) attempt to deal with this problem via
latent models, yet their performance is less than
satisfactory. Differently, we design our DDSL to
make knowledge selection work well in the unsu-
pervised setting. There is a very recent work (Zhao
et al., 2020b) that finetunes GPT-2 (Radford et al.,
2019) with the unsupervised pretrained knowledge
selection module on unlabeled dialogues. We are
different in two aspects: (1) Our DDSL leverages
knowledge distillation to alleviate the label noise
at the pretraining stage; (2) We adopt the sample
weighting idea at the finetuning stage. And we will
leverage GPT-2 for future study.

Our work is inspired by Distant Supervision
(DS), an effective method to generate labeled data
with external knowledge base (KB) for informa-
tion extraction (Mintz et al., 2009; Min et al., 2013;
Zeng et al., 2015; Wang et al., 2018). Following
this idea, Gopalakrishnan et al. (2019) use the or-
acle knowledge from DS to construct the Topical-
Chat dataset. Similarly, Qin et al. (2019b) obtain
the weakly labeled data to train a KB retriever in

the task-oriented dialogue system. Ren et al. (2019)
propose a distantly supervised learning schema at
segment level to effectively learn the topic transi-
tion vector. Although inspired by the similar idea,
we are devoted to knowledge selection in the unsu-
pervised setting, which is a different application of
DS. Moreover, rather than just using distant super-
vision, we design our DDSL with label weighting
and knowledge distillation to deal with the noisy
labeling problem from DS.

6 Conclusion

We study unsupervised knowledge selection for di-
alogue generation where the gold knowledge label
is not available. Actually, we design the Distilled
Distant Supervision Loss, a novel and effective
solution to train knowledge selection well in the
unsupervised setting. Furthermore, we propose the
pretraining-finetuning strategy to deal with the mis-
match knowledge selection problem that models
tend to select the mismatched knowledge for dia-
logue generation in the unsupervised setting and
will cause the degeneration of knowledge-aware
decoder. Experiments show that our approach man-
ages to select knowledge more accurately in the un-
supervised setting and generates more informative
responses than many strong supervised baselines.
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A Additional Experiments

A.1 Models for Comparison
A.1.1 Our Unsupervised Methods
We implement our model in the unsupervised set-
ting, namely Unsupervised Knowledge Selection
for Dialogue Generation (UKSDG), which is opti-
mized with our DDSL in Equation 11 for unsuper-
vised knowledge selection and generation loss in
Equation 7. UKSDGPF indicates that we adopt our
Pretraining-Finetuning strategy to alleviate the mis-
match knowledge selection problem in Section 2.7.
Furthermore, we remove several components for
ablation study:
(1) UKSDG w/o DDSL does not use our DDSL.
(2) UKSDGvec w/o DDSL further replaces the de-
coder input Hrc (in Section 2.5) with the aver-
aged knowledge vector enhanced context Hvec=
Hxt+

∑
kit∈KtSkit ·hkit .

(3) UKSDGPF w/o SW does not use the Sample
Weighting in Equation 13.

A.1.2 Our Supervised Methods
Here, we also report the Knowledge Selection for
Dialogue Generation (KSDG) in the supervised
setting as described in Section 2.3, 2.4 and 2.5. And
KSDGPF alleviates the mismatch problem using
the pretrain-finetuning strategy in Section 2.7. We
use the gold knowledge loss in Equation 5 to train
KSDG and KSDGPF in the supervised setting while
we train UKSDG and UKSDGPF with our DDSL
when the gold knowledge is not available.

We compare our method with a set of baselines:

A.1.3 No Knowledge
S2STransformer is a Seq2Seq model based on Trans-
former (Vaswani et al., 2017) that does not leverage
the external knowledge.
S2SBERT replaces the Transformer Encoder with a
pre-trained BERT (Devlin et al., 2019).
KnowExpert (Xu et al., 2021) avoids the knowl-
edge retrieval process and attempts to inject prior
knowledge into the pre-trained language models
for knowledge-grounded dialogue generation task.
Essentially, KnowExpert stores knowledge in its
parameters with lightweight adapters. Therefore,
KnowExpert does not use knowledge explicitly at
inference.
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A.1.4 Supervised Knowledge Selection
TMN is short for End-to-End Transformer Mem-
Net (Dinan et al., 2019), which selects knowledge
based on the Transformer memory network and
generate responses via the Transformer decoder.
TMNBERT+PostKS+CP, implemented by (Kim et al.,
2020a), enhances the encoder with the pretrained
BERT, knowledge selection module with PostKS
(Lian et al., 2019) and decoder with the copy mech-
anism (CP).
SKT (Kim et al., 2020a), short for Sequential
Knowledge Transformer, uses the posterior distri-
bution by sequential latent modeling and achieves
promising results in the supervised setting.
SKT+PIPM+KDBTS (Chen et al., 2020b) equips
SKT with Posterior Information Prediction Module
(PIPM) and Knowledge Distillation Based Training
Strategy (KDBTS) to bridge the gap between prior
and posterior knowledge selection for knowledge-
grounded dialogue generation.

A.1.5 Unsupervised Knowledge Selection
TMN0 is TMN, trained only via generation loss in
Equation 7 without knowledge loss in Equation 5.
SKT0 is SKT optimized without knowledge loss.
PostKS (Lian et al., 2019) takes the benefits of
latent variable models and leverages the posterior
knowledge distribution as a pseudo label for knowl-
edge selection without knowledge loss. Here, we
use the results provided by (Kim et al., 2020a).

A.1.6 Knowledge-Aware Generation
Different from ours on the knowledge selection
setting, there are much work, named knowledge-
aware generation (Huang et al., 2020), which re-
gard the retrieved knowledge pool as the pseudo
pre-identified document for dialogue generation
with complex knowledge injection mechanism.
Nevertheless, we provide the results to get a com-
prehensive understanding where this field is going.
MTASK-RF (Ghazvininejad et al., 2018) is an
early model that realizes knowledge-grounded
conversation without crowd-sourced knowledge-
grounded dialogues. Here we use the results pro-
vided by (Li et al., 2020).
ITDD is short for Incremental Transformer with
Deliberation Decoder (Li et al., 2019b) where the
encoder incrementally represents multi-turn dia-
logues and knowledge, and the decoder conducts
response decoding in two passes.
DRD is short for Disentangle Response Decoder
(Zhao et al., 2020a), a model that exploits pre-

training techniques to tackle the low-resource chal-
lenge in knowledge-grounded dialogue generation.
We choose the one whose parameters are fine-tuned
on the full training data.
KIC (Lin et al., 2020) integrates recurrent
Knowledge-Interaction and knowledge Copy (KIC)
to generate informative responses.
ZRKGC (Li et al., 2020) is a very recent and un-
published work, which learns their model under
the zero-resource setting, where the dialogue cor-
pus and the knowledge corpus that are independent
with each other.

A.2 Quantitative Results
Table 6 shows the automatic results in various set-
tings on the Wizard of Wikipedia dataset, from
which we have the following observations9: (1) The
models with retrieved document generally achieves
much lower PPL, still the R-1 is worse than our
UKSDGPF. For the worse R-1 score, we think
the retrieved document contains the redundant and
irrelevant information which are harmful for di-
alogue generation (Zhao et al., 2020b). Mean-
while, we attribute the better PPL score to the
complex knowledge injection mechanism. For ex-
ample, ITDD leverages the deliberation decoder
(Xia et al., 2017) to improve context coherence and
knowledge correctness and DRD devises a disen-
tangled response decoder with pretrained language
model, context processor and knowledge proces-
sor. (2) Comparing KSDG with KSDGPF, again
we see the generation quality improvement via the
pretrain-finetuning strategy. Hence, our method is
general in both supervised and unsupervised set-
ting. (3) Comparing UKSDGvec w/o DDSL with
UKSDG w/o DDSL, we see that although select-
ing the knowledge vector softly allows the gradient
from dialogue generation to update knowledge se-
lection directly, compressing the knowledge into
a vector will loss much information for dialogue
generation. This observation, combined with ob-
servations (1) and (2), together indicates the impor-
tance of leveraging the selected knowledge well for
future study.

9The observations in the main paper will not be discussed
again here.
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Setting Method
Test Seen Test Unseen

Acc PPL R-1 R-2 Acc PPL R-1 R-2

No Knowledge
S2STransformer† (Vaswani et al., 2017) N/A 41.8 17.8 N/A N/A 87.0 14.0 N/A
S2SBERT† N/A 55.2 17.0 4.7 N/A 93.3 15.0 3.1
KnowExpert (Xu et al., 2021) N/A 15.3 18.8 N/A N/A 21.2 16.6 N/A

Retrieved Document

MTASK-RF (Ghazvininejad et al., 2018) N/A 65.4 13.1 N/A N/A 67.7 12.3 N/A
ITDD (Li et al., 2019b) N/A 17.8 16.2 N/A N/A 44.8 11.4 N/A
DRD (Zhao et al., 2020a) N/A 23.0 18.0 N/A N/A 25.6 16.5 N/A
KIC (Lin et al., 2020) N/A 51.9 18.4 N/A N/A 65.8 17.3 N/A
ZRKGC (Li et al., 2020) N/A 41.1 18.9 N/A N/A 42.7 18.8 N/A

Unsupervised KS

TMN0 (Dinan et al., 2019) 13.4 66.5 15.9 N/A 11.8 103.6 14.3 N/A
PostKS (Lian et al., 2019) 4.8 79.1 13.0 1.0 4.2 193.8 13.1 1.0
SKT0 (Kim et al., 2020a) 0.3 54.7 17.1 4.6 0.1 88.2 15.5 3.4

UKSDG w/o DDSL 5.2 49.3 17.4 5.1 5.1 82.8 15.1 3.3
UKSDGvec w/o DDSL 13.5 46.1 17.8 5.2 13.1 82.3 15.5 3.3
UKSDG (ours) 23.8 51.8 19.5 6.8 16.2 76.3 16.3 4.4
UKSDGPF w/o SW (ours) 26.4 44.1 20.3 7.4 20.8 64.5 17.8 5.6
UKSDGPF (ours) 26.4 45.0 20.6 7.7 20.8 65.5 18.2 5.9

Semi-supervised KS
SKT1/2 (Kim et al., 2020a) 25.1 49.0 19.2 6.6 16.7 77.8 16.1 4.1
SKT1/4 (Kim et al., 2020a) 22.4 45.7 18.7 6.1 13.8 78.0 15.8 3.6
SKT1/8 (Kim et al., 2020a) 21.0 45.3 18.6 6.0 12.3 79.9 15.7 3.6

Supervised KS

TMN (Dinan et al., 2019) 21.1 63.5 16.9 NA 14.3 97.3 14.4 NA
TMNE2E+BERT+PostKS+CP 25.5 52.2 19.0 6.5 14.4 83.4 15.6 3.9
SKT (Kim et al., 2020a) 26.8 52.0 19.3 6.8 18.3 81.4 16.1 4.2
SKT+PIPM+KDBTS (Chen et al., 2020b) 27.7 42.7 19.9 7.3 19.4 65.7 17.6 5.4
KSDG (our) 25.1 53.0 18.9 6.5 17.3 80.8 16.3 4.5
KSDGPF (our) 28.4 45.1 20.4 7.9 21.2 71.4 17.9 5.6

Table 6: Quantitative results on the Wizard of Wikipedia dataset. Note that models with “†” are implemented by
ourselves and other models with citation are from the original paper. KS denotes knowledge selection.
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Abstract

Model-agnostic meta-learning (MAML) has
been recently put forth as a strategy to learn
resource-poor languages in a sample-efficient
fashion. Nevertheless, the properties of these
languages are often not well represented by
those available during training. Hence, we
argue that the i.i.d. assumption ingrained in
MAML makes it ill-suited for cross-lingual
NLP. In fact, under a decision-theoretic frame-
work, MAML can be interpreted as minimis-
ing the expected risk across training languages
(with a uniform prior), which is known as
Bayes criterion. To increase its robustness to
outlier languages, we create two variants of
MAML based on alternative criteria: Minimax
MAML reduces the maximum risk across lan-
guages, while Neyman–Pearson MAML con-
strains the risk in each language to a maxi-
mum threshold. Both criteria constitute fully
differentiable two-player games. In light of
this, we propose a new adaptive optimiser solv-
ing for a local approximation to their Nash
equilibrium. We evaluate both model vari-
ants on two popular NLP tasks, part-of-speech
tagging and question answering. We report
gains for their average and minimum perfor-
mance across low-resource languages in zero-
and few-shot settings, compared to joint multi-
source transfer and vanilla MAML. The code
for our experiments is available at https://
github.com/rahular/robust-maml.

1 Introduction

Knowledge transfer is ubiquitous in machine learn-
ing because of the general scarcity of annotated
data (Pratt, 1993; Caruana, 1997; Ruder, 2019, in-
ter alia). A prominent example thereof is transfer
from resource-rich languages to resource-poor lan-
guages (Wu and Dredze, 2019; Ponti et al., 2019b;
Ruder et al., 2019). Recently, Model-Agnostic

∗Equal contribution

Meta-Learning (MAML; Finn et al., 2017) has
come to the fore as a promising paradigm: it ex-
plicitly trains neural models that adapt to new lan-
guages quickly by extrapolating from just a few an-
notated data points (Gu et al., 2018; Nooralahzadeh
et al., 2020; Wu et al., 2020; Li et al., 2020).

MAML usually rests on the simplifying assump-
tion that the source ‘tasks’ and the target ‘tasks’
are independent and identically distributed (hence-
forth, i.i.d.). However, in practice most scenarios of
cross-lingual transfer violate this assumption: train-
ing languages documented in mainstream datasets
do not reflect the cross-lingual variation, as they
belong to a clique of few families, geographical ar-
eas, and typological features (Bender, 2009; Joshi
et al., 2020). Therefore, the majority of the world’s
languages lies outside of such a clique. As training
and evaluation languages differ in their joint dis-
tribution, they are not exchangeable (Ponti, 2021;
Orbanz, 2012, ch. 6). Therefore, there is no for-
mal guarantee that MAML generalises to the very
languages whose need for transfer is most critical.

In this work, we interpret meta-learning within a
decision-theoretic framework (Bickel and Doksum,
2015). MAML, we show, minimises the expected
risk across languages found in the training distribu-
tion. Hence, it follows a so-called Bayes criterion.
What if, instead, we formulated alternative criteria
geared towards outlier languages? The first crite-
rion we propose, Minimax MAML, is designed to
be robust to worst-case-scenario out-of-distribution
transfer: it minimises the maximum risk by learning
an adversarial language distribution. The second
criterion, Neyman–Pearson MAML, upper-bounds
the risk for an arbitrary subset of languages via
Lagrange multipliers, such that it does not exceed
a predetermined threshold.

Crucially, both of these alternative criteria consti-
tute competitive games between two players: one
minimising the loss with respect to the neural pa-
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Figure 1: Annotated examples per family in the Univer-
sal Dependencies treebanks. Dots indicate individual
languages, whereas boxes and whiskers mark quartiles.

rameters, the other maximising it with respect to
the language distribution (Minimax MAML) or
Lagrange multipliers (Neyman–Pearson MAML).
Since an absolute Nash equilibrium may not exist
for non-convex functions (Jin et al., 2020), such as
neural networks, a common solution is to approxi-
mate local equilibria instead (Schäfer and Anand-
kumar, 2019). Therefore, we build on previously
proposed optimisers (Balduzzi et al., 2018; Letcher
et al., 2019; Gemp and Mahadevan, 2018) where
players follow non-trivial strategies that take into
account the opponent’s predicted moves. In partic-
ular, we enhance them with first-order momentum
and adaptive learning rate and apply them on our
newly proposed criteria.

We run experiments on Universal Dependencies
(Zeman et al., 2020) for part-of-speech (POS) tag-
ging and TyDiQA (Clark et al., 2020) for question
answering (QA). We perform knowledge transfer
to 14 and 8 target languages, respectively, which
belong to under-represented and often endangered
families (such as Tupian from Southern America
and Pama–Nyugan from Australia). We report mod-
est but consistent gains for the average performance
across languages in few-shot and zero-shot learn-
ing settings and mixed results for the minimum
performance. In particular, Minimax and Neyman–
Pearson MAML often surpass vanilla MAML and
multi-source transfer baselines, which are currently
considered state-of-the-art in these tasks (Wu and
Dredze, 2019; Ponti et al., 2021; Clark et al., 2020).

4 2 0 2 4
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1
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1

2

3
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Figure 2: Density of WALS typological features of the
world’s languages reduced to 2 dimensions via PCA.
Red dots are languages covered by UD. Darkness cor-
responds to more probable regions.

2 Skewed Language Distributions

Cross-lingual learning aims at transferring knowl-
edge from resource-rich languages to resource-poor
languages, to compensate for their deficiency of an-
notated data (Tiedemann, 2015; Ruder et al., 2019;
Ponti et al., 2019a). The set of target languages
ideally encompasses most of the world’s languages.
However, the source languages available for train-
ing are often concentrated around few families, ge-
ographic areas, and typological features (Cotterell
and Eisner, 2017; Gerz et al., 2018b,a; Ponti et al.,
2020; Clark et al., 2020). As a consequence of this
discrepancy, a language drawn at random might
have no related languages available for training.
Even when this is not the case, they might provide
a scarce amount of examples for supervision.

To illustrate this point, consider Universal De-
pendencies (UD; Zeman et al., 2020), hitherto the
most comprehensive collection of manually curated
multilingual data. First, out of 245 families at-
tested in the world according to Glottolog (Ham-
marström et al., 2016), UD covers only 18.1 In fact,
some families are chronically over-represented (e.g.
Indo-European and Uralic) and others are neglected
(e.g. Pama-Nyugan and Uto-Aztecan). Second, as
shown in Figure 1, the allocation of labelled exam-
ples across families is imbalanced (e.g. note the low
counts for Niger–Congo or Dravidian languages).
Third, one can measure how representative the lin-
guistic traits of training languages are in compar-
ison to those encountered around the globe. In

1For more details on family distributions, cf. Figure 5 in
the Appendix.
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Figure 2, we represent UD languages as dots in
the space of possible typological features in WALS
(Dryer and Haspelmath, 2013). These are plotted
against the density of the distribution based on all
languages in existence. Crucially, it emerges that
UD languages mostly lie in a low-density region.
Therefore, they hardly reflect the variety of possible
combinations of typological features.

In general, this demonstrates that the distribu-
tion of training languages in existing NLP datasets
is heavily skewed compared to the real-world dis-
tribution. Indeed, this very argument holds true
a fortiori in smaller, less diverse datasets. While
this fact is undisputed in the literature, its conse-
quences for modelling, which we expound in the
next section, are often under-estimated.

3 Robust MAML

Model-Agnostic Meta Learning (MAML; Finn
et al., 2017) has recently emerged as an effective
approach to cross-lingual transfer (Gu et al., 2018;
Nooralahzadeh et al., 2020; Wu et al., 2020; Li
et al., 2020). MAML seeks a good initialisation
point for neural weights in order to adapt them to
new languages with only a few examples. To this
end, for each language Ti a neural model fϑ is up-
dated according to the loss on a batch of examples
LTi(fϑ,Dtrain). This inner loop is iterated for k
steps. Afterwards, the loss incurred by the model
on a held-out batchDval is compounded with those
of the other languages as part of an outer loop, as
shown in Equation (1):

ϑ? = min
ϑ

∑

Ti
LTi(fϕi ,Dval) p(Ti)

where ϕi = ϑ− η∇ϑLTi(fϑ,Dtrain)
(1)

where η ∈ R>0 is the learning rate. Language
probabilities are often taken to follow a discrete
uniform distribution p(Ti) = 1

|T | . In this case,
Equation (1) becomes a simple average.

MAML can also be interpreted as point esti-
mate inference in a hierarchical Bayesian graphical
model (see Figure 4 in the Appendix). In this case,
the adapted parameters ϕi are equivalent to an in-
termediate language-specific variable acting as a
bridge between the language-agnostic parameters
ϑ and the data (Grant et al., 2018; Finn et al., 2018;
Yoon et al., 2018). This allows us to reason about
the conditions under which a model is expected to
generalise to new languages. Crucially, generalisa-
tion rests on the assumption of independence and

identical distribution among the examples (includ-
ing both train and evaluation), which is known as
exchangeability (Zabell, 2005). However, as seen
in Section 2, most of the world’s languages are
outliers with respect to the training language distri-
bution. Therefore, there is no solid guarantee that
meta-learning may fulfil its purpose, i.e. generalise
to held-out languages.

3.1 Decision-Theoretic Perspective

To remedy the mismatch between assumptions and
realistic conditions, in this work we propose objec-
tives which can serve as alternatives to Equation (1)
of vanilla MAML. These are rooted in an interpreta-
tion of MAML within a decision-theoretic perspec-
tive (Bickel and Doksum, 2015, ch. 1.3), which
we outline in what follows. The quantity of in-
terest we aim at learning is the neural parameters
ϑ. Therefore, the action space for a classification
task assigning labels y ∈ Y to inputs x ∈ X is
A = {fϑ : X → Y}. The risk function is in
turn a function R : F × A → R+, which is the
loss incurred by taking an action in A (making a
prediction with a specific configuration of neural
parameters) when the ‘state of nature’, the true
function, is f ∈ F . In the case of MAML, this
is represented by the language-specific inner loop
loss LTi(·) in Equation (1).

The decision for the optimal action given the
sample space, the function δ : X ×Y → A, is usu-
ally determined via gradient descent optimisation
for a neural network. The optimal action, however,
may vary depending on the language, which results
in multiple possible ‘states of nature’. Usually,
there is no procedure δ whose loss is inferior to all
others, such that:

@δ L(Ti, δ) < L(Ti, δ′) ∀Ti ∈ T , δ 6= δ′ (2)

Therefore, decision functions have to be compared
based on a global criterion rather than in a pair-
wise fashion between languages. As previously
anticipated, Equation (1) minimizes the expected
risk across languages, for an arbitrary choice of
prior p(T ). In decision theory, a decision δ? with
this property is called Bayes criterion.

3.2 Alternative Criteria

There exist alternative criteria to the Bayes crite-
rion that are more justified in a setting that en-
tails transfer between non-i.i.d. domains. Rather
than minimising the Bayes risk, in this work, we
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propose to adjust MAML to either minimise the
maximum risk (minimax criterion) or to enforce
constraints on the risk for a subset of languages
(Neyman–Pearson criterion). This is likely to yield
more robust predictions for languages that are out-
liers to the training distribution. As demonstrated
in Section 2, this definition encompasses most of
the world’s languages.

3.2.1 Minimax Criterion

Rather than the expected risk, the criterion could
depend instead on the worst case scenario, i.e. the
language for which the risk is maximum. This re-
quires to select such a language with max. As an
alternative to reinforcement learning (Zhang et al.,
2020), to keep our model fully differentiable, we
relax the operator by treating the choice of lan-
guage as a categorical distribution Ti ∼ Cat(· | τ ).
The parameters τ ∈ [0, 1]|T |,

∑
i τi = 1 consist of

language probabilities and are learned in an adver-
sarial fashion:

min
ϑ

max
Ti∼Cat(·|τ )

LTi(fϑ−η∇ϑLTi (fϑ,Dtrain),Dval)
(3)

Equation (3) can be interpreted as a two-player
game between us (the scientists) and nature. We
pick an action ϑ. Then nature picks a language
Ti ∈ p(T ) for which the risk is maximum given
our chosen action. Therefore, our goal becomes to
minimise such risk.

3.2.2 Neyman–Pearson Criterion

As an alternative, we might consider minimising
the expected risk, but subject to a guarantee that the
risk does not exceed a certain threshold for a subset
of languages. In practice, we may want to enforce
a set of inequality constrains, so that we minimise
Equation (1) subject to {LTi ≤ r ∀Ti ∈ C}, where
r ∈ R+ is a hyper-parameter. In general, C ⊆ T
can be any subset of the training languages; in
practice, here we take C = T . Constrained opti-
misation is usually implemented through Lagrange
multipliers, where we add as many new terms to
the objective as we have constraints (Bishop, 2006,
ch. 7):

min
ϑ

max
λ

∑

Ti

1

|T |LTi +
∑

Ti
λi(LTi − r)

= min
ϑ

max
λ

∑

Ti

(
1

|T | + λi

)
LTi − λir (4)

where λ is a vector of non-negative Lagrange mul-
tipliers {λi ≥ 0 ∀λi ∈ λ} to be learned together
with the parameters ϑ, but adversarially.

Intuitively, if the risk for the estimated parame-
ters ϑ lies in the permissible range, the constraints
should become inactive {λi = 0 ∀λi ∈ λ}, i.e.
each Lagrange multiplier should go towards 0. Oth-
erwise, the solution should be affected by the con-
straints, which should keep ϑ from trespassing the
boundary {L(ϑ)Ti = r ∀Ti ∈ T }. In gradient-
based optimisation, this unfolds as follows: the
gradient of each λi depends uniquely on (LTi − r).
Due to being maximised, the value of each λi in-
creases when the corresponding risk is above the
threshold, and shrinks otherwise. Incidentally, note
that the Lagrangian multipliers at the critical point
ϑ? are equal to the negative rate of change of r, as
∂R(ϑ?)
∂r = −λ. In other words, upon convergence

λi expresses how much we can decrease the risk in
Ti as we increase the threshold.

Constrained Parameters The additional vari-
ables τ and λ, contrary to the neural parameters,
are constrained in the values they can take. In neu-
ral networks, there are two widespread approaches
to coerce variables within a certain range, viz.
reparametrisation and gradient projection (Beck
and Teboulle, 2003).2 For simplicity’s sake, we
opt for the former, which just requires us to learn
unconstrained variables and scale them with the
appropriate functions. Thus, we redefine the above-
mentioned variables as τ , softmax(τu) and
λ , softplus(λu).

4 Optimisation in 2-Player Games

Based on the formulation of Minimax MAML and
Neyman–Pearson MAML in Section 3.2, both are
evidently instances of two-player games. On one
hand, the first agent minimises the risk with respect
to ϑ; on the other, the second agent maximises
the risk with respect to τ (for minimax) or λ (for
Neyman–Pearson). In other words, both optimise
the same (empirical risk) function in Equation (3)
or Equation (4), respectively, but with opposite
signs. However, the first term of Equation (4) does
not depend on λ. Therefore, Minimax MAML is a
zero-sum game, but not Neyman–Pearson MAML.

If the risk function were convex, the solution
would be well-defined as the Nash equilibrium. But

2https://vene.ro/blog/mirror-descent.
html
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this is not the case for a non-linear function such
as a deep neural network. Therefore, we resort to
an approximate solution through optimisation. The
simplest approach in this scenario is Gradient De-
scent Ascent (GDA), where the set of parameters of
both players are optimised simultaneously through
gradient descent for the first player and gradient
ascent for the second player. With a slight abuse
of notation, let us define R , R(ϑt,αt), where
αt stands for the adversarial parameters (τ t for
Minimax and λt for Neyman–Pearson) at time t.
Then the update rule is:

ϑt+1 = ϑt − η∇ϑR (5)

αt+1 = αt + η∇αR (6)

for a learning rate η ∈ R. Equations (5) and (6)
are equivalent to allowing each player to ignore the
other’s move and act as if it will remain stationary.
This naïve assumption often leads to divergence or
sub-par solutions during optimisation (Schäfer and
Anandkumar, 2019).

4.1 Symplectic Gradient Adjustment

To overcome the limitations of GDA, several in-
dependent works (Balduzzi et al., 2018; Letcher
et al., 2019; Gemp and Mahadevan, 2018) pro-
posed to correct Equations (5) and (6) with an
additional term. This consists of a matrix-vector
product between the mixed second-order deriva-
tives (D2

ϑαR and D2
αϑR, respectively)3 and the

gradient of the risk with respect to the adversarial
parameters (∇αR and ∇ϑR, respectively). The
resulting optimisation algorithm, Symplectic Gra-
dient Adjustment (SGA), updates parameters as
follows:

ϑt+1 = ϑt − η∇ϑR− η2D2
ϑαR ∇αR (7)

αt+1 = αt + η∇αR− η2D2
αϑR ∇ϑR (8)

Intuitively, the mixed second-order derivative rep-
resents the interaction between the players, and
the adversarial gradient represents the opponent’s
move if they follow the simple GDA strategy.
Schäfer and Anandkumar (2019) cogently demon-
strate how Equations (7) and (8) correspond to an
approximation of the Nash equilibrium4 of a local

3Here D2
wzR stands for the sub-matrix of the Hessian

containing the derivative of the risk taken first with respect to
w and then with respect to z.

4A Nash equilibrium is a pair of strategies whose unilateral
modification cannot result in loss reductions.

Algorithm 1 Adaptive Symplectic Gradient Ad-
justment (ASGA)

Require: η ∈ R+: Learning rate
Require: β1, β2 ∈ [0, 1): Decay rates
Require: ϑ0,α0: Initial parameter values
Require: R , R(ϑt−1,αt−1) : R|ϑ|+|α| → R

1: m0 ← 0 Initialise first moments
2: v0 ← 0 Initialise second moments
3: t← 0 Initialise time step
4: while ϑt,αt not converged
5: t← t+ 1
6: gϑ,t ← ∇ϑR+ηDϑαR ∇αR
7: gα,t ← ∇αR−ηDαϑR ∇ϑR
8: gt ← gϑ,t ⊕ gα,t
9: mt ← β1mt−1 + (1− β1) gt

10: vt ← β2 vt−1 + (1− β2) g2t
11: m̂t ←mt / (1− βt1)
12: v̂t ← vt / (1− βt2)
13: ϑt ← ϑt−1 − η · m̂ϑ,t / (

√
v̂ϑ,t + ε)

14: αt ← αt−1 + η · m̂α,t / (
√
v̂α,t + ε)

15: return ϑt,αt

bi-linear approximation (with quadratic regulariser)
of the underlying game dynamics.

In practice, estimating the above-mentioned
products is tedious because of their space and time
complexity. Therefore, we resort to an approxima-
tion known as Hessian-vector product (Pearlmutter,
1994). For the third term of Equation (7):

D2
ϑαR(ϑ,α)∇αR(ϑ,α)

=
∂

∂h
∇ϑR(ϑ,α+ h∇αR(ϑ,α))

∣∣∣∣
h=0

(9)

And similarly for the matrix product term in Equa-
tion (8), by swapping ϑ and α in Equation (9).

4.2 Adaptive Learning Rate and Momentum
While SGA may provide a more appropriate opti-
misation framework for competitive games, it still
lacks several defining features of optimisers that
accelerate convergence, such as first-order momen-
tum and adaptive learning rate (second-order mo-
mentum). Therefore, we modify the update rule in
Equations (7) and (8) to include both of these. Our
starting point is Adam (Kingma and Ba, 2015). The
changes we apply are the following (also illustrated
in Algorithm 1):

1 The current difference (lines 6–7) is adjusted
with the terms introduced in Equations (7)
and (8) by Schäfer and Anandkumar (2019).
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2 The exponentially decayed, unbiased esti-
mates of the expectations over mean and
standard deviation are computed similarly to
Adam. However, note that, in line 14, the up-
date of the adversarial parameters corresponds
to an ascent (rather than a descent).

This results in a novel optimiser, Adaptive Sym-
plectic Gradient Adjustment (ASGA). We employ
ASGA in our experiments to optimise the objec-
tives of Minimax MAML and Neyman–Pearson
MAML, as it enables a fair comparison with Adam-
optimised Bayes MAML.

5 Experiments

We now outline the main experiments of our work
on multilingual NLP. We evaluate our methods on
part-of-speech (POS) tagging, a sequence labelling
tasks, and question answering (QA), a natural lan-
guage understanding task.

We focus on POS given its ample coverage of
languages and its frequent use as a benchmark for
resource-poor NLP (Das and Petrov, 2011; Ponti
et al., 2021). In fact, cross-lingual transfer in se-
quence labelling tasks was demonstrated to be the
most challenging, as knowledge of linguistic struc-
ture is more language-dependent than semantics
(Hu et al., 2020). However, we also include QA to
illustrate the generality of our methods for cross-
lingual NLP. In this task, given the gold passage
and a question, the system has to predict the begin-
ning and end positions of a single contiguous span
containing the answer.

Data. POS data are sourced from the Universal De-
pendencies (UD) treebanks5 (Zeman et al., 2020)
and QA data from the ‘gold passage’ variant of
TyDiQA (Clark et al., 2020).6 We retain the orig-
inal training, development, and evaluation sets of
UD. In TyDiQA, we use the original development
set for evaluation.7 For meta-learning, Dtrain and
Dval examples are both obtained from disjoint parts
of the training set.

We aim to create a partition of languages be-
tween training and evaluation that corresponds to
the most realistic scenario in deploying NLP tech-
nology on resource-poor languages spoken around
the world. Therefore, we reserve for evaluation all

5https://universaldependencies.org/
6https://github.com/

google-research-datasets/tydiqa
7This is necessary as we need to access this set to simulate

few-shot learning, but the original evaluation set is not public.

language isolates and languages with at most 2 fam-
ily members in each dataset. We use all the remain-
ing languages in the dataset for training. Therefore,
for POS, the evaluation set spans 16 treebanks (14
languages, 11 families) and the training set 99 tree-
banks; QA comprises 9 languages (7 families). We
hold out 4 of them in turn for evaluation (except
English) and use the rest for training. We provide
the full list of languages in Appendix A.

Training. In all tasks, we train a neural network
consisting of two stacked modules: an encoder and
a classifier. The encoder is a 12-layer, 768-hidden
unit, 12-head Transformer initialised with multilin-
gual BERT Base (mBERT), which was pre-trained
on cased text from 104 languages.8 The classifier
is a single affine layer for TyDiQA and a 2-layer
Perceptron (with 1024 hidden units) for POS tag-
ging. The combined parameters of the encoder and
classifier correspond to ϑ from Section 3.

These are meta-learned via Meta-SGD (Li et al.,
2017), a first-order MAML variant where each pa-
rameter is assigned a separate inner-loop learning
rate η. Moreover, each η is trained end-to-end
based on the outer-loop loss (such as Equation (1)
for the Bayes criterion).9 Similar to Bansal et al.
(2020), to avoid an explosion in the number of pa-
rameters, we assign a per-layer learning rate (rather
than per-parameter). To avoid overfitting, we em-
ploy both dropout (with a probability of 0.2) and
early stopping (with a patience of 10). For the
Neyman-Pearson formulation, we set r = 0.1 as
a threshold for all language-specific losses.10 The
parameters τ and λ were initialized uniformly as
1
|T | . Complete details of the hyper-parameters for
all settings are given in Appendix B.

Methods. To assess the effectiveness of the pro-
posed criteria and optimisers, we compare them
with two competitive baselines, while maintaining
the same underlying neural architecture: (i) J: a
joint multi-source transfer method where a model
is trained on the concatenation of the datasets for
all languages; (ii) B: the original MAML (Finn
et al., 2017) with Bayes criterion and uniform prior.
Our choice of baselines is justified by the fact that
these methods (or variations thereof) are currently

8https://github.com/google-research/
bert/blob/master/multilingual.md

9We implement Meta-SGD with the learn2learn pack-
age (Arnold et al., 2020).

10We also experimented with a dynamic threshold which
corresponded to the average language-specific loss of the last
10 episodes. However, this yielded sub-par results.
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k . 0 5 10 20

F1 Score
J 51.01 62.96±2.5 66.00±1.9 68.66±1.7
B 51.50 63.87±2.8 67.03±2.1 69.46±1.8

MM 51.82 63.67±2.7 66.88±2.0 69.55±1.8
NP 51.68 63.84±2.9 67.13±2.1 69.65±1.9
MM+ 52.46 64.71±2.9 67.89±2.3 70.25±2.0
NP+ 53.05 64.26±2.6 67.57±2.1 69.98±1.9

Table 1: F1 scores for POS tagging in UD across differ-
ent k-shots. We report the mean and standard deviation
across 16 treebanks.

state of the art for the tasks of POS and QA, as well
as other innumerable NLP applications (Wu and
Dredze, 2019; Nooralahzadeh et al., 2020; Ponti
et al., 2021). In addition, we evaluate the following
combinations: (iii) MM: MAML with a minimax
criterion, optimised with GDA; (iv) NP: MAML
with a Neyman–Pearson (constrained) criterion,
optimised with GDA; (v) MM+: MAML with a
minimax criterion, optimised with ASGA; and (vi)
NP+: MAML with a Neyman–Pearson criterion,
optimised with ASGA.

Evaluation. For each evaluation language in a
given task, we randomly sample k ∈ {0, 5, 10, 20}
examples from the evaluation data as the support
set (for adaptation) and the rest of the examples as
the query set (for testing). When k > 0, we repeat
the evaluation 100 times and report the following
average metrics: (i) F1 score for POS tagging, and
(ii) exact-match (EM) and F1 scores for QA.11 Due
to lack of space, we only report the average mean
and standard deviation across languages for each
model described above.

6 Results and Discussion

We report the results for POS tagging in Table 1
and for QA in Table 2. These include mean and
standard deviation across languages. Note that, in
this case, the standard deviation is by no means
an interval for statistical significance, but rather
reflects the heterogeneity among the evaluation lan-
guages. In what follows, we address a series of
questions in the light of these figures.

Baselines. MAML and joint multi-source trans-
fer are both strong contenders as state-of-the-art
methods for cross-lingual transfer, but which one is
better? By comparing J and B rows, no definite re-
sponse emerges in our experiments. While MAML

11We refer the reader to Rajpurkar et al. (2016) for a precise
definition of these metrics.

k . 0 5 10 20

Exact Match
J 46.76 49.53±3.7 51.54±2.9 53.51±2.4
B 46.60 48.41±3.4 50.24±2.9 52.02±2.6

MM 48.33 50.08±3.4 51.68±2.9 53.49±2.4
NP 46.71 49.24±3.3 50.95±2.9 52.76±2.4
MM+ 46.87 47.74±3.8 49.42±3.4 51.40±2.5
NP+ 48.02 48.77±3.9 50.75±3.1 52.66±2.6

F1 Score
J 61.66 63.75±3.3 65.39±2.3 67.01±1.9
B 62.51 63.29±3.2 64.87±2.5 66.31±2.1

MM 63.06 64.37±3.1 65.83±2.6 67.45±2.1
NP 61.89 63.84±2.9 65.23±2.6 66.88±1.9
MM+ 62.10 62.63±3.2 64.11±2.9 65.89±2.1
NP+ 62.75 62.98±3.6 64.77±2.9 66.57±2.2

Table 2: Results for QA in TyDiQA across different
k-shots. We report the mean and standard deviation
across 8 languages of the exact match score (above) and
the F1 score (below).

outperforms its competitor in POS tagging, it lags
behind in QA. We speculate that the larger pool
of training languages available in POS tagging (22
times more than QA) endows meta-learning with
better generalisation capabilities. Both methods,
however, surpass single-source transfer from En-
glish SQuAD (Rajpurkar et al., 2016) in the zero-
shot setting by a large margin: Clark et al. (2020)
report 56.4 F1 score in average for TyDiQA, which
is 6.66 points below our best model.

Criteria. The minimax and Neyman-Pearson crite-
ria both improve over the Bayes criterion baseline,
although the latter more sporadically. Compared
to the B rows, MM+ achieves gains for every k in
POS tagging, with 0.94 points of margin at k = 0
and 0.79 at k = 20. The same holds for MM in
QA, with margins that span from 1.73 at k = 0 to
1.47 at k = 20 in the Exact Match metric, and from
0.55 at k = 0 to 1.14 at k = 20 in F1 score. There-
fore, Minimax MAML is remarkably consistent in
outperforming the baselines, although the gains are
sometimes significant, sometimes only marginal.
This is also reflected in language-specific perfor-
mances, available in Table 5 and Table 6 in the
Appendix. For POS tagging, the F1 scores of only
2 languages (Indonesian and Naija) moderately de-
crease, whereas the rest of the 14 languages show
improvements.

Incidentally, it may be worth noting that we
did not perform any large-scale search over hyper-
parameters like τ and λ initialisations, the thresh-
old r, or differential learning rates for maximised
and minimised parameters. Therefore, these early
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Figure 3: Unconstrained values of τu and λu upon convergence in MM+ and NP+ models for POS tagging.

k . 0 5 10 20

F1 Score
J 14.34 33.32 37.52 40.83
B 24.11 35.03 40.38 44.92

MM 20.41 37.61 43.00 45.83
NP 26.81 39.23 42.70 45.25
MM+ 16.42 37.41 43.57 45.21
NP+ 22.55 39.95 45.41 48.12

Table 3: The minimum F1 scores of our models across
languages, for POS tagging.

k . 0 5 10 20

Exact Match
J 42.33 45.97 47.22 49.47
B 42.75 44.58 46.44 48.24

MM 41.01 45.33 47.59 49.21
NP 40.39 44.89 46.40 48.80
MM+ 41.01 41.87 45.32 47.11
NP+ 37.44 42.92 46.30 48.88

F1 Score
J 52.43 59.27 59.88 62.11
B 51.10 59.60 60.64 62.10

MM 53.10 59.21 61.86 63.43
NP 52.83 59.31 60.03 61.84
MM+ 51.93 57.91 59.86 61.52
NP+ 53.96 57.21 61.74 63.55

Table 4: The minimum Exact Match and F1 scores of
our models across languages, for QA.

results are amenable to improve even further in the
future. This lends credence to our proposition that
minimax and Neyman–Pearson criteria are more
suited for out-of-distribution transfer to outlier lan-
guages.

Optimiser. The results for the proposed optimiser
ASGA (Algorithm 1) are favourable in comparison
to Gradient Descent Ascent via Adam (Kingma
and Ba, 2015) for POS tagging; on the other hand,
the opposite trend is observed for QA. Therefore,
future investigations are required to shed further

light on modifications such as the Symplectic Gra-
dient Adjustment. A tentative explanation of such
discrepancy could be the disproportionate number
of training languages available in either task.

To get insights into the game dynamics of the ad-
versarial criteria, we plot the unconstrained values
for τu and λu upon convergence in Figure 3. Inter-
estingly, both variables appear to follow the same
profile of peaks and troughs; therefore, as expected,
languages chosen adversarially in MM have also
higher Laplace multipliers in NP. To this group
belong for instance languages with rare scripts
(e.g. Coptic) or with no relatives in the training
languages (e.g. Vietnamese). As a final note, we
remark that the proposed criteria and optimiser are
in principle more general than NLP and could fa-
cilitate transfer in other fields. While this thread
of research transcends the scope of our work, we
illustrate an example for regression in Appendix C.

Minimum Scores across Languages. In addition
to the average cross-lingual performance, we also
report the minimum cross-lingual performance for
POS tagging in Table 3 and for QA in Table 4. This
corresponds to the lowest score achieved across
all evaluation languages. For POS tagging, we ob-
serve that NP and NP+ outperform J and B by 7-12
and 2-5 F1 points, respectively. This reveals that
worst-case and constrained risk minimisation dras-
tically uplifts the scores for the most disadvantaged
language. Nevertheless, the opposite trend is ob-
served for QA: MM(+) and NP(+) do not alter the
minimum score with respect to the F1 metric, and
even degrade it with respect to the exact-match met-
ric. Again, we conjecture that these mixed findings
may depend on the different amount and distribu-
tion of the training languages in the corresponding
datasets: UD offers greater language coverage than
TyDiQA, which gives better guidance.
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7 Related Work

MAML is a cutting-edge method for cross-lingual
transfer in several NLP tasks (Gu et al., 2018;
Nooralahzadeh et al., 2020; Wu et al., 2020; Li
et al., 2020, inter alia). However, in all these ex-
periments, the model is adopted in its standard
formulation, minimising the expected risk. There-
fore, its performance is prone to suffer in outlier
languages. Moreover, the assumptions underlying
our proposed variants are different from other in-
stances of robust optimisation in NLP (Globerson
and Roweis, 2006; Oren et al., 2019). In particular,
the target language distributions are not explicitly
treated as subspaces or covariate shifts of source
languages. In separate fields such as vision, pre-
vious attempts at worst-case-aware meta-learning
include Collins et al. (2020), who use a Euclidean
version of the robust stochastic mirror-prox algo-
rithm, and Wang et al. (2020), who rely on rein-
forcement learning. Our formulation is both fully
differentiable and broader, as the decision-theoretic
interpretation admits alternative criteria for MAML.
What is more, to our knowledge we are the first to
successfully augment MAML with minimax crite-
ria in cross-lingual NLP and with Neyman–Pearson
criteria in general.

8 Conclusions

To perform cross-lingual transfer to low-resource
languages, under a decision-theoretic interpreta-
tion Model-Agnostic Meta-Learning (MAML) min-
imises the expected risk across training languages.
Generalisation then relies on the evaluation lan-
guages being identically distributed. However, this
assumption is incongruous for cross-lingual trans-
fer in realistic scenarios. Therefore, we propose
more appropriate training objectives that are robust
to out-of-distribution transfer: Minimax MAML,
where worst-case risk is minimised by learning
an adversarial distribution over languages; and
Neyman–Pearson MAML, where constraints are
imposed on language-specific losses, so that they
remain below a certain threshold. From a game-
theoretic perspective, both of these variants con-
sist of 2-player competitive games. Therefore, we
also explore adaptive optimisers that take into ac-
count the underlying game dynamics. The experi-
mental results on zero-shot and few-shot learning
for part-of-speech tagging and question answering,
whose datasets span tens of typologically diverse
languages, confirm that in several settings the pro-

posed criteria are superior to both vanilla MAML
and transfer from multiple source languages.
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Daniela Gerz, Ivan Vulić, Edoardo Maria Ponti, Roi
Reichart, and Anna Korhonen. 2018b. On the rela-
tion between linguistic typology and (limitations of)
multilingual language modeling. In Proceedings of
the 2018 Conference on Empirical Methods in Natu-
ral Language Processing, pages 316–327, Brussels,
Belgium.

Amir Globerson and Sam Roweis. 2006. Nightmare
at test time: Robust learning by feature deletion. In
Proceedings of the 23rd International Conference on
Machine Learning, page 353–360, New York, New
York, USA.

Erin Grant, Chelsea Finn, Sergey Levine, Trevor
Darrell, and Thomas Griffiths. 2018. Recasting
gradient-based meta-learning as hierarchical Bayes.
In International Conference on Learning Represen-
tations, Vancouver, Canada.

Jiatao Gu, Yong Wang, Yun Chen, Victor O. K. Li,
and Kyunghyun Cho. 2018. Meta-learning for low-
resource neural machine translation. In Proceed-
ings of the 2018 Conference on Empirical Methods
in Natural Language Processing, pages 3622–3631,
Brussels, Belgium.

Harald Hammarström, Robert Forkel, Martin Haspel-
math, and Sebastian Bank, editors. 2016. Glottolog
2.7. Max Planck Institute for the Science of Human
History, Jena.

Junjie Hu, Sebastian Ruder, Aditya Siddhant, Gra-
ham Neubig, Orhan Firat, and Melvin Johnson.
2020. XTREME: A massively multilingual multi-
task benchmark for evaluating cross-lingual gener-
alisation. In Proceedings of the 37th International
Conference on Machine Learning, pages 4411–4421,
online.

Chi Jin, Praneeth Netrapalli, and Michael Jordan. 2020.
What is local optimality in nonconvex–nonconcave
minimax optimization? In Proceedings of the
37th International Conference on Machine Learning,
pages 4880–4889, online.

Pratik Joshi, Sebastin Santy, Amar Budhiraja, Kalika
Bali, and Monojit Choudhury. 2020. The state and
fate of linguistic diversity and inclusion in the NLP
world. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 6282–6293, online.

Diederik P. Kingma and Jimmy Ba. 2015. Adam:
A method for stochastic optimization. In Interna-
tional Conference on Learning Representations, San
Diego, California, USA.

Alistair Letcher, David Balduzzi, Sébastien Racaniere,
James Martens, Jakob N Foerster, Karl Tuyls, and
Thore Graepel. 2019. Differentiable game mechan-
ics. Journal of Machine Learning Research, 20:84–
1.

Zheng Li, Mukul Kumar, William Headden, Bing Yin,
Ying Wei, Yu Zhang, and Qiang Yang. 2020. Learn
to cross-lingual transfer with meta graph learning
across heterogeneous languages. In Proceedings of
the 2020 Conference on Empirical Methods in Nat-
ural Language Processing (EMNLP), pages 2290–
2301, online.

Zhenguo Li, Fengwei Zhou, Fei Chen, and Hang Li.
2017. Meta-SGD: Learning to learn quickly for few-
shot learning. arXiv preprint arXiv:1707.09835.

Farhad Nooralahzadeh, Giannis Bekoulis, Johannes
Bjerva, and Isabelle Augenstein. 2020. Zero-shot
cross-lingual transfer with meta learning. In Pro-
ceedings of the 2020 Conference on Empirical Meth-
ods in Natural Language Processing (EMNLP),
pages 4547–4562, online.

Peter Orbanz. 2012. Lecture notes on Bayesian non-
parametrics. Journal of Mathematical Psychology,
56:1–12.

Yonatan Oren, Shiori Sagawa, Tatsunori Hashimoto,
and Percy Liang. 2019. Distributionally robust lan-
guage modeling. In Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language
Processing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-
IJCNLP), pages 4227–4237, Hong Kong, China.

1254



Barak A. Pearlmutter. 1994. Fast exact multiplication
by the Hessian. Neural computation, 6(1):147–160.

Edoardo Ponti. 2021. Inductive Bias and Modular De-
sign for Sample-Efficient Neural Language Learn-
ing. Ph.D. thesis, University of Cambridge.

Edoardo M. Ponti, Ivan Vulić, Ryan Cotterell, Marinela
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dravičiūtė, Lene Antonsen, Katya Aplonova, An-
gelina Aquino, Maria Jesus Aranzabe, Gashaw Aru-
tie, Masayuki Asahara, Luma Ateyah, Furkan At-
maca, Mohammed Attia, Aitziber Atutxa, Lies-
beth Augustinus, Elena Badmaeva, Miguel Balles-
teros, Esha Banerjee, Sebastian Bank, Verginica
Barbu Mititelu, Victoria Basmov, Colin Batchelor,
John Bauer, Kepa Bengoetxea, Yevgeni Berzak,
Irshad Ahmad Bhat, Riyaz Ahmad Bhat, Erica
Biagetti, Eckhard Bick, Agnė Bielinskienė, Ro-
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Hlaváčová, Florinel Hociung, Petter Hohle, Jena
Hwang, Takumi Ikeda, Radu Ion, Elena Irimia,
O. lájídé Ishola, Tomáš Jelínek, Anders Johannsen,
Hildur Jónsdóttir, Fredrik Jørgensen, Markus Juu-
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Elena Pascual, Marco Passarotti, Agnieszka Pate-
juk, Guilherme Paulino-Passos, Angelika Peljak-
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Samson, Manuela Sanguinetti, Dage Särg, Baiba
Saulı̄te, Yanin Sawanakunanon, Salvatore Scarlata,
Nathan Schneider, Sebastian Schuster, Djamé Sed-
dah, Wolfgang Seeker, Mojgan Seraji, Mo Shen,
Atsuko Shimada, Hiroyuki Shirasu, Muh Shohibus-
sirri, Dmitry Sichinava, Aline Silveira, Natalia Sil-
veira, Maria Simi, Radu Simionescu, Katalin Simkó,
Mária Šimková, Kiril Simov, Maria Skachedubova,
Aaron Smith, Isabela Soares-Bastos, Carolyn Spa-
dine, Antonio Stella, Milan Straka, Jana Strnadová,
Alane Suhr, Umut Sulubacak, Shingo Suzuki, Zsolt
Szántó, Dima Taji, Yuta Takahashi, Fabio Tam-
burini, Takaaki Tanaka, Samson Tella, Isabelle
Tellier, Guillaume Thomas, Liisi Torga, Marsida
Toska, Trond Trosterud, Anna Trukhina, Reut Tsar-
faty, Utku Türk, Francis Tyers, Sumire Uematsu,
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Figure 4: Bayesian graphical model of MAML,
where the variable ϕi is parameterised as ϑ −
η∇ϑLTi(fϑ,Dtrain).

A Language Partitions

The languages from the following families in UD
are held out for evaluation (16 treebanks, 14 lan-
guages in total): Northwest Caucasian (Abaza),
Mande (Bambara), Mongolic (Buryat), Basque, Tu-
pian (Mbya Guarani), Creole (Naija), Tai–Kadai
(Thai), Pama–Nyungan (Warlpiri), Austronesian
(Indonesian, Tagalog), Dravidian (Tamil, Telugu),
Niger-Congo (Wolof, Yoruba). As all 8 languages
in TiDiQA belong to families with at most 2 mem-
bers in the dataset, we randomly create two parti-
tions: in the former, Finnish, Korean, Bengali, and
Arabic are used for evaluation, and the others for
training; in the latter, Russian, Indonesian, Telugu,

and Swahili are used for evaluation, and the others
for training.

B Hyperparameter Setting

POS Tagging. For POS tagging: (i) the batch
size was 32, (ii) the maximum sequence length
was 128, (iii) the number of epochs was 20, with
a patience limit of 10, (iv) both outer and inner
learning rates were 5 × 10−5, (v) the number of
episodes per iteration was 32, (vi) the number of
inner loops per outer update was 4, (vii) the number
of shots (k) during training was 30, and (viii) the
hidden layer dropout probability for the classifier
was 0.2.

QA. (i) the batch size and k were reduced to 12
due to memory constraints, (ii) the maximum con-
text length was 336, and the document stride was
128, (iii) the maximum question length was 64, (iv)
the inner and outer learning rates were 3× 10−5.

For all J baselines, we used a uniform language
sampler, since proportional sampling performed
worse. As an optimiser, we chose Adam with a
learning rate of 5 × 10−5, a weight decay of 0.1;
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under identical and skewed task distributions. Each frame represents a separate run of fast adaptation with different
amounts of target examples available (k-shot).

we clipped the gradient to a maximum norm of 5.0.
For all MAML models, we performed 4 updates in
the inner loop, both during training and fast adapta-
tion (few-shot learning). We ran our experiments
on a 48GB NVIDIA Quadro RTX 8000 GPU with
Turing micro-architecture. Each run took approxi-
mately 2 hours for training and 3 hours for few-shot
learning and evaluation.

C Additional Experiments & Results

Additional Results. Table 5 contains POS tag-
ging F1 scores of all languages, for all models, in
both zero and few-shot settings. Table 6 shows the
exact match and F1 scores for QA.

Sinusoidal Regression. After delving into real-
world, large-scale NLP applications, we addition-
ally illustrate the effect of the alternative criteria
on other ML domains. We run a proof-of-concept
experiment on a toy task where we can fully control
the distribution of the training and evaluation data,
viz. regression of a sinusoidal function.

For this task, we follow the same experimental
setting and hyper-parameters of Finn et al. (2017):
combinations of amplitudes a ∈ [0.1, 5] and phases
p ∈ [0, π] determine a set of tasks characterised by
the function y = sin(x − p) · a. The inputs are
sampled at random from the interval x ∈ [−5, 5].

While both train and evaluation tasks in the origi-
nal version were sampled uniformly from identical
ranges, we also construct an alternative setting with
skewed distributions sampled from disjoint ranges:
during training, a ∈ [2.5, 5] and p ∈ [π2 , π]; during
evaluation, a ∈ [0.1, 2.5] and p ∈ [0, π2 ].

For Minimax MAML, we aim at learning the
distribution over tasks adversarially. In particular,
we consider two separate discrete categorical distri-
butions for amplitudes softmax(τ

(a)
u ) and phases

softmax(τ
(p)
u ) over their respective ranges discre-

tised into 1,000 atoms. Hence, the probability of

a task with the i-th amplitude value and the j-th
phase value is simply τ (a)i × τ (p)j .

The results for sinusoidal regression are shown
in Figure 6. Vanilla MAML (Bayes criterion) con-
sistently outperforms the minimax criterion when
the task distribution is identical; on the other hand,
the reverse occurs when the task distribution is
skewed. MM performs much better in this case,
with the gap in performance increasing as the
shots k decrease. This verifies our hypothesis
that the minimax criterion should benefit out-of-
distribution regression tasks.
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Dataset k J B MM NP MM+ NP+

abq_atb

0 14.34 24.11 20.41 26.81 16.42 22.55
5 33.32±5.58 35.03±5.85 37.61±4.57 39.23±5.41 37.41±7.3 39.95±5.93
10 37.52±2.28 40.38±5.75 43±3.63 42.7±5.3 43.57±7.31 46.56±4.91
20 40.83±6.53 44.92±7.08 45.83±5.59 45.25±7.26 45.21±9.4 48.12±7.19

bm_crb

0 29.56 30.85 29.2 28.57 30.44 30.22
5 45.6±3.47 50.83±3.33 46.04±3.95 45.14±3.73 48.2±3.74 48.32±3.63
10 49.75±1.23 54.4±2.73 50.35±2.7 50.01±2.74 51.65±2.87 51.28±3.4
20 54.03±1.52 57.53±1.68 53.12±2.16 53.39±1.85 54.38±1.85 53.89±2.08

bxr_bdt

0 48.85 51.71 50.41 50.49 54.21 51.94
5 51.29±1.67 51.81±2.18 51.57±2.21 51.62±2.17 53.09±2.08 51.83±2.31
10 53.64±0.96 54.95±1.68 54.18±1.53 54.25±1.63 55.47±1.8 55.17±1.43
20 56.18±1.13 57.23±1.17 56.48±1.49 56.97±1.2 58.19±1.38 57.29±1.12

eu_bdt

0 70.2 71.76 73.22 72.57 73.54 73.29
5 74.7±1.39 75.74±1.69 75.42±1.59 75.77±1.94 76.58±1.64 76.52±1.64
10 76.51±2.38 78.1±1.25 77.52±1.01 78.08±1.21 78.73±1.36 78.19±1.38
20 78.52±0.67 80.09±0.87 79.47±0.84 80.01±0.76 80.69±0.91 80.24±0.78

gun_thomas

0 32.06 35.72 33.91 31.97 33.87 33.84
5 40.65±2.27 42.62±3.05 43.28±2.64 42.32±2.45 43.12±2.63 42.46±2.37
10 44.06±0.99 45.65±2.33 45.92±2.59 45.23±2.31 46.98±2.49 45.41±2.25
20 46.46±2.07 47.96±2.11 50.34±2.3 48.15±2.09 50.67±2.15 48.44±1.74

id_gsd

0 77.24 77.97 77.68 74.79 77.85 76.15
5 82.2±1.22 83.47±1.22 82.72±1.47 82.35±1.68 83±1.5 82.47±1.57
10 83.63±0.93 84.69±0.91 84.28±1.17 84.06±1.09 84.4±1.03 84.69±0.96
20 84.75±0.61 85.75±0.59 85.82±0.58 85.35±0.68 85.94±0.66 85.86±0.69

id_pud

0 68.46 69.41 69.27 68.67 69.41 68.72
5 73.07±1.39 73.96±1.5 73.5±1.48 74.17±1.43 74.52±1.46 73.82±1.56
10 74.91±1.33 75.7±1.19 75.5±1.08 75.87±1.15 76.42±0.8 75.85±0.94
20 76.17±0.57 77.18±0.72 77.06±0.49 77.28±0.68 77.75±0.57 77.39±0.71

pcm_nsc

0 61.97 40.78 45.77 40.76 41.21 56.83
5 78.17±1.58 77.87±1.27 77.42±1.67 76.48±1.74 77.33±1.55 77.71±1.78
10 80.06±1.24 79.28±1.25 78.96±1.1 78.41±1.1 78.71±0.94 80.03±1.37
20 81.61±0.85 80.6±0.81 80.17±0.8 79.97±1 80.13±0.72 81.99±0.99

ta_ttb

0 55.65 56.31 58.12 58.47 60.18 55.93
5 72.29±2.03 72.39±2.21 71.37±1.7 72.28±2.46 72.34±2.13 70.19±2.3
10 74.73±2.27 75.36±1.47 73.7±1.36 75.51±1.54 75.11±1.47 73.69±1.73
20 76.23±1.19 77.56±1.38 75.75±1.39 77.83±1.33 77.44±1.3 76.29±1.49

te_mtg

0 75.21 75.87 77.49 75.43 76.28 76.29
5 76.45±2.57 73.9±3.87 75.32±2.9 74.74±3.63 74.97±2.87 74.37±3.46
10 78.68±1.74 77.16±2.55 78.26±2.09 77.55±2.29 77.57±2.12 76.94±2.83
20 80.13±1.97 79.66±1.64 79.99±2.15 80±2.22 80.09±1.98 80.08±1.99

th_pud

0 42.51 42.71 43.76 43.3 46.81 43.07
5 58.05±2.53 59.83±2.35 60.02±2.62 61.18±2.74 61.12±2.95 60.15±2.05
10 61.71±2.17 63.57±1.72 63.85±1.9 65.14±1.67 65.4±1.87 63.34±1.75
20 65.05±1.28 66.39±1.38 66.62±1.08 67.99±1.41 68.72±1.28 66.27±1.36

tl_trg

0 76.9 77.43 77.59 85.12 82.27 80.62
5 83.01±3.52 82.95±3.66 84.09±4.75 84.5±4.14 84.4±4.01 84.01±4.64
10 85.78±1.66 85.4±2.06 86.86±2.3 87.27±2.62 87.23±2.87 87.42±2.12
20 87.27±2.04 87.48±2.32 88.69±1.96 89.1±2.34 89.2±1.85 89.24±1.86

tl_ugnayan

0 60.37 64.38 63.58 63.01 64.41 64.76
5 74.8±1.86 76.35±2.27 75.73±2.01 75.2±2.37 78.13±2.01 76.91±2.44
10 77.02±3.68 79.31±1.48 78.35±1.64 78.93±1.3 80.69±1.71 79.28±1.62
20 78.91±1.44 82±1.07 80.86±1.04 81.14±1.32 82.66±1 81.71±1.31

wbp_ufal

0 26.64 24.55 28.62 27.21 27.96 30.18
5 58±4.23 56.83±4.94 57.07±4.67 58.52±4.98 59.13±4.86 59.68±6.1
10 64.72±1.72 63.34±4.41 64.51±3.43 65.94±3.88 65.2±4.03 66.32±3.63
20 71.84±3.39 66.67±3.67 70.45±3.46 70.6±3.29 67.98±3.77 70.75±3.55

wo_wtb

0 34.79 33.05 34.72 34.11 34.09 35.27
5 46.12±2.41 45.47±2.7 45.86±2.36 46.69±2.23 47.49±2.66 46.49±2.3
10 50.01±2.03 48.49±1.69 49.13±2.18 49.69±1.79 50.97±2.1 49.67±2.1
20 53.32±1.19 51.27±1.39 52.73±1.65 52.79±1.15 53.97±1.45 52.58±1.55

yo_ytb

0 41.46 47.34 45.31 45.59 50.45 49.1
5 59.59±3.02 62.93±2.71 61.66±2.54 61.26±2.8 64.5±2.51 63.3±3.09
10 63.34± 66.71±1.63 65.68±2 65.39±2.17 68.18±1.63 67.31±1.5
20 67.23±1.06 69.14±1.19 69.45±1.01 68.56±1.43 70.9±1.1 69.58±1.25

Table 5: POS tagging results on all evaluation languages.
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Dataset k J B MM NP MM+ NP+

Exact Match

Arabic

0 48.97 49.29 51.47 51.36 49.4 48.64
5 52.2±3.92 50.19±3.52 53.38±3.52 51.48±3.2 49.27±3.89 51.27±4.75
10 54.51±2.47 52.81±2.93 54.96±2.93 53.67±2.16 52.05±3.27 53.67±3.43
20 56±1.85 54.64±1.86 56.59±1.56 55.43±1.86 54.45±1.94 55.78±2.13

Bengali

0 45.13 46.02 51.33 44.25 45.13 51.33
5 46.32±3.48 45.3±3.11 50.76±3.03 47.22±3.3 45±2.98 49.45±3.17
10 47.22±3.15 46.44±3.08 50.83±2.94 49.39±3.84 45.98±3.7 50.01±3.22
20 49.47±3.54 48.24±4.15 52.37±3.57 50.21±3.62 47.68±3.31 51.24±3.03

Finnish

0 42.33 43.61 47.95 49.36 47.83 46.42
5 46.5±4.96 45.75±3.21 47.69±3.48 48.75±3.21 45.66±3.53 47.57±4.21
10 48.56±2.65 47.25±2.81 49.43±2.78 50.28±3.1 46.85±2.77 48.55±3.1
20 49.81±2.09 48.82±2.77 50.43±2.34 52.22±3.01 48.18±2.48 50.89±2.49

Korean

0 50 50.72 53.62 48.55 51.45 53.62
5 51.37±2.52 49.5±2.76 51.87±2.11 49.52±2.48 49.57±2.35 52.17±2
10 52.63±2.41 50.63±2.46 52.29±1.85 50.1±2.29 50.29±2.51 53±1.93
20 54.07±2.11 51.88±2.15 53.55±1.91 51.87±2.03 51.71±2.13 53.67±2.16

Indonesian

0 56.46 51.86 54.87 56.28 52.74 56.28
5 57.99±2.94 55.49±3.18 56.04±2.99 57.61±2.7 55.53±3.82 55.39±2.67
10 59.4±2.49 57.11±2.81 58.54±2.49 58.59±1.96 57.08±2.84 56.86±1.95
20 60.99±2.09 58.99±2.51 60.76±2.21 59.9±1.69 59.11±2.07 57.95±1.94

Russian

0 44.21 43.23 41.01 40.39 41.01 37.44
5 49.45±4.36 47.41±3.92 46.66±4.01 46.83±4.34 46.2±4.61 44.09±5.38
10 51.84±3.04 49.66±2.83 48.72±3.56 48.81±3.79 47.97±4.43 47.66±4.05
20 53.6±2.45 50.72±2.55 51.05±2.8 51.5±2.75 50.47±2.45 50.25±2.96

Swahili

0 43.49 45.29 41.88 41.48 45.69 45.29
5 46.47±5.11 49.07±4.31 48.9±4.88 47.6±4.21 48.8±4.28 47.32±4.3
10 50.06±4.13 51.37±3.45 51.1±3.83 50.37±3.72 49.79±3.59 49.96±3.88
20 54.02±3.06 53.82±2.63 53.94±2.54 52.16±2.89 52.51±3.47 52.65±3.26

Telugu

0 43.5 42.75 44.54 42 41.7 45.14
5 45.97±2.85 44.58±3.44 45.33±3.91 44.89±3.44 41.87±5.35 42.92±5.36
10 48.11±3.4 46.64±3.1 47.59±2.95 46.4±2.69 45.32±4.23 46.3±3.51
20 50.1±2.55 49.08±2.42 49.21±2.77 48.8±1.97 47.11±2.71 48.88±2.91

F1 score

Arabic

0 65.57 67.38 66.59 67.44 64.98 65.45
5 68.4±3.82 67.09±3.51 69.66±3.45 67.59±3.26 65.92±3.93 67.76±4.86
10 70.56±2.47 69.55±2.88 71.35±2.83 69.82±2.15 68.82±3.64 70.28±3.63
20 72.14±1.78 71.14±1.87 73.21±1.46 71.55±1.88 71.5±1.99 72.26±2.31

Bengali

0 57.24 62.57 66.29 59.64 60.28 62.86
5 59.27±2.79 60.04±2.97 64.65±2.84 61.71±3.1 59.46±2.72 61.85±2.65
10 59.88±2.7 60.64±2.86 64.88±2.71 63.52±3.38 60.03±3.28 62.33±2.89
20 62.11±3.15 62.1±3.51 65.93±3.07 64.31±2.95 61.72±2.96 63.86±2.72

Finnish

0 61.85 63.57 61.72 63.79 62.12 61.64
5 61.48±3.47 61.76±2.63 61.66±2.84 62.66±2.8 60.49±2.42 61.57±3.94
10 62.98±1.53 62.48±2.03 63.26±2.31 64.14±2.7 61.58±2.15 62.58±2.91
20 63.81±1.57 63.66±2.07 64.65±2.2 65.64±2.84 63±2.24 64.9±2.27

Korean

0 60.26 62.71 62.4 58.68 61.2 64.35
5 61.31±2.47 60.82±2.47 61.67±2.17 59.31±2.34 59.27±2.33 62.13±2.01
10 62.52±2.26 62.02±2.1 61.86±2.05 60.03±2.15 59.86±2.51 62.92±1.91
20 64.04±2.01 63.08±1.87 63.43±1.89 61.84±1.97 61.52±1.89 63.55±1.95

Indonesian

0 69.96 65.99 70.05 70.82 68.02 70.19
5 71.4±2.81 69.22±3.28 70.61±2.74 71.18±2.17 69.95±3.4 69.37±2.58
10 72.69±2.27 70.79±2.78 72.79±2.53 72.23±1.77 71.33±2.46 70.93±1.96
20 74.11±1.79 72.49±2.57 74.65±2.11 73.52±1.45 73.11±1.8 71.96±1.94

Russian

0 65.93 64.15 64.47 63.2 64.13 61.08
5 66.96±1.52 65.11±1.5 65.03±1.39 65.13±1.33 64.58±1.45 62.17±1.61
10 67.86±1.15 66.21±1.28 65.84±1.65 65.89±1.33 65.53±1.46 63.63±1.67
20 68.7±1.01 66.85±1.38 66.94±1.45 67.1±1.38 66.4±1.19 65.01±1.82

Swahili

0 60.01 62.63 59.84 58.74 64.13 62.48
5 60.21±4.38 62.7±3.37 62.48±3.72 61.9±3.41 63.43±3.38 61.81±4.06
10 62.62±2.66 64.36±2.31 63.79±3.19 63.6±3.02 63.77±2.88 63.78±3.06
20 65.18±2.09 65.89±2 66.27±1.99 65.48±1.7 66.21±2.19 66.12±2.11

Telugu

0 52.43 51.1 53.1 52.83 51.93 53.96
5 60.99±5.15 59.6±6.05 59.21±6.17 61.27±5.05 57.91±6.64 57.21±7.33
10 63.99±3.92 62.92±4.19 62.85±3.62 62.63±4.98 61.92±5.1 61.74±5.18
20 65.96±2.37 65.29±2.15 64.53±3.06 65.63±1.61 63.67±2.58 64.9±3.26

Table 6: QA results on all evaluation languages.
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Abstract

Despite considerable advancements with deep
neural language models (LMs), neural text
generation still suffers from degeneration: the
generated text is repetitive, generic, self-
contradictory, and often lacks commonsense.
Our analyses on sentence-level attention pat-
terns in LMs reveal that neural degeneration
may be associated with insufficient learning
of task-specific characteristics by the atten-
tion mechanism. This finding motivates on-
the-fly attention modulation1– a simple but ef-
fective method that enables the injection of
priors into attention computation during infer-
ence. Automatic and human evaluation results
on three text generation benchmarks demon-
strate that attention modulation helps LMs gen-
erate text with enhanced fluency, creativity,
and commonsense reasoning, in addition to
significantly reduce sentence-level repetition.

1 Introduction

Neural text generation is critical for a wide range
of downstream natural language applications. How-
ever, the standard approach – using a Transformer-
based (Vaswani et al., 2017) language model (e.g.,
Radford et al., 2019) with maximum likelihood
fine-tuning and non-stochastic decoding – is known
to exhibit degeneration (Welleck et al., 2019). De-
spite being pre-trained on large amounts of data,
text generated by neural models is observed to be
repetitive, generic, self-contradictory, and lacking
commonsense (Holtzman et al., 2020).

Many explanations have been proposed for neu-
ral text degeneration, including inappropriate train-
ing objectives (Welleck et al., 2019) and decoding
discrepancies relative to human language (Holtz-
man et al., 2018, 2020). While the aforementioned
may be factors for neural degeneration, we show

∗*This work was done when the first author was an intern
at AI2.

Figure 1: Example of fine-tuned GPT2-L outputs with-
out (top) and with (bottom) attention modulation on
αNLG. The task is to generate a plausible explana-
tory hypothesis H for observations O1 and O2. Our
proposed attention modulation injects the task-specific
prior – LMs should consider both observations rela-
tive equally – through balancing the sentence-level at-
tention weights (Eqn. 5) in Transformer blocks dur-
ing inference. Applying attention modulation with the
aforementioned prior make sentence-level attentions
from generation to observation pairs (O1,O2) more bal-
anced2, which are reflected in the sentence-level atten-
tion heatmaps of GPT2-L (darker = lower attention)
across layers (y-axis) and heads (x-axis).

that insufficient learning of task-specific character-
istics – reflected in the self-attention mechanism in
transformer blocks – is associated with neural text
degeneration. We demonstrate that degeneration
is alleviated if we inject priors through attention
modulation (AttnM) during inference.

Self-attention – the ubiquitous component of
Transformers – is task-agnostic with a large learn-
ing capacity for many NLP tasks (Vaswani et al.,
2017; Devlin et al., 2019; Brown et al., 2020). It

2attention ratios are normalized mean sentence-to-sentence
attention from generation H to observations O1 and O2
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learns the general characteristics of language pro-
cessing through pre-training on large amounts of
unlabeled data. For example, multiple analyses
have suggested that attention patterns in pre-trained
Transformers implicitly encode syntactic informa-
tion (Raganato and Tiedemann, 2018; Michel et al.,
2019; Vig and Belinkov, 2019). In sequence trans-
duction tasks, these learned characteristics, embed-
ded in attention, make pre-trained Transformers a
powerful language model (Radford et al., 2019).

A final task-specific step is typically required
for adapting a task-agnostic language model to
perform the desired task3. However, these task-
specific characteristics might not sufficiently co-
incide with general characteristics even after fine-
tuning. For example, task-specific characteristics
embedded in attention patterns – such as word
alignments for machine translation – are often
noisy and imperfect for generalization (Kobayashi
et al., 2020).

We show that insufficient learning of task-
specific characteristics, reflected in sentence-level
attention patterns4 often being out of focus, may
be associated with neural text degeneration (§3).
Based on this observation, we propose a simple
attention modulation framework that can dynami-
cally redistribute sentence-level attention weights
by injecting task-specific priors in Transformer
blocks for different downstream tasks (§4). Re-
markably, in long-range narrative story generation,
abductive reasoning generation and constrained
commonsense text generation, both automatic and
human evaluation have shown improved quality
in fluency, dullness, repetition, and commonsense
reasoning with attention modulation (§6).

2 Background

We briefly discuss how vanilla attention works, as
well as Transformer architecture used in this paper.

Single-headed attention Given a sequence of d-
dimensional input vectors x = {x1, . . . ,xn}, at-
tention mechanism computes a set of weights based
on a query vector yi ∈ Rd:

Attn(x,yi) = (αi,1(x,yi), . . . , αi,n(x,yi)) (1)

3Brown et al. (2020) have shown that GPT3 greatly im-
proves task-agnostic, few-shot performance, but still struggles
on tasks with strong task-specific characteristics.

4We study the global context in the multi-sentence prompts
and choose sentence-level attention (Eqn. 7) as the experiment
unit, since sentences are linguistic units of complete meaning.

where αi,j is the attention weight that yi pays to xj .
One formulation of attention — scaled dot product
attention — is computed as:

αi,j := softmax
xj∈x

(q(yi)k(xj)
>

√
d

)
∈ R (2)

where query q(·) and key k(·) functions are linear
transformations. In self attention, every xi is used
as the query vector (yi). An updated representation
x̃i is computed as a weighted sum of value vectors
that are linearly transformed by v(·):

x̃i =
∑

xj∈x
αi,jv(xj). (3)

Multi-head attention In multi-headed attention
(MHA), Nh attention heads are computed indepen-
dently to obtain the updated x̃i:

x̃i = Wo

Nhn

h=1

( ∑

xj∈x
αhi,jv

h(xj)
)
. (4)

αhi,j follows Eqn. 2 except the model dimension
in each head h is often reduced to dh = d

Nh
. x̃i is

obtained by the concatenation of lower-rank repre-
sentations from all heads and Wo ∈ Rd×h·dh .

GPT2-L GPT2 (Radford et al., 2019) is a family
of Transformer-based language models (LMs) that
follows the architecture of stacked decoder. As
GPT2 follows a multi-layer and multi-headed set-
ting, αi,j is specific to a layer l and head h, noted as
αl,hi,j . We use the GPT2-L model that has 36 layers
with 20 heads per layer (762M total parameters).

3 Neural text degeneration vs. attention

As researchers have sought to understand the in-
ternal mechanisms of Transformers, the attention
patterns exhibited by these heads have drawn con-
siderable study (Vig and Belinkov, 2019; Jain and
Wallace, 2019; Wiegreffe and Pinter, 2019). We
perform sentence-level attention analysis to explore
whether aggregated attention patterns are associ-
ated with neural text degeneration.

3.1 Sentence-level attention

We first define the sentence-to-sentence attention
of a language modelM with L layers andH heads.
Given two sentences p and g such that p precedes g,
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the mean ᾱl,hg,p and max α̂l,hg,p sentence-to-sentence
attentions from g to p for layer l and head h are:

ᾱl,hg,p =

|g|∑
i=1

|p|∑
j=1

αl,hi,j (gi, pj)

|g| · |p| (5)

α̂l,hg,p = max
i∈{1,...,|g|}
j∈{1,...,|p|}

αl,hi,j (gi, pj). (6)

The aggregated sentence-to-sentence attention
over the Transformer architectureM is defined as:

αMg,p =

L∑
l=1

H∑
h=1

αl,hg,p

L ·H (7)

where α ∈ {ᾱ, α̂} computes either the mean or the
max sentence-level attention overM.

3.2 Is neural text degeneration related to
attention patterns?

We conduct experiments to evaluate whether neural
text degeneration is associated with sentence-level
attention patterns. Empirical results on two types
of neural degeneration that are easy to detect – rep-
etition and lacking commonsense reasoning under
constraints – reveal their association.

Repetition vs. attention One common form of
neural text degeneration is sentence-level repetition
(Welleck et al., 2019). This type of degeneration
happens frequently in our experiment on ROCSto-
ries test set (§6.1): given a five-sentence prompt,
35.4% of the consecutive sentences from the next
five greedily generated sentences by the fine-tuned
GPT2-L are exact repetitions. We check whether
sentence-level attention patterns behave differently
when generating repeated or different consecutive
sentences.

We inspect the attention behavior by measur-
ing the change of sentence-level attention when
generating two consecutive sentences. The genera-
tions of fine-tuned GPT2-L on ROCStories test set
are separated into two subsets {Drepeated,Ddifferent}:
in which consecutive sentences that are either re-
peated (i.e., degenerate) or different. Given the fine-
tuned GPT2-L language modelM, we measure the
sentence-level attention change ∆ on the prompt
sentence pj∈{1,...,5} while generating the consecu-
tive sentence pair (gi, gi+1), i ∈ {1, . . . , 4}, aggre-

Figure 2: Mean sentence-level attention change of
GPT2-L on ROCStories test set, while generating dif-
ferent (red) or repeated (blue) consecutive sentences.

gated over the subset D ∈ {Ddifferent,Drepeated}:

∆(j,D) =
∑

d∈D
|ᾱM
gdi+1,p

d
j
− ᾱM

gdi ,p
d
j
|/|D| (8)

where ᾱMgi,pj is the mean sentence-level attention
from sentence gi to sentence pj defined in Eqn. 7.

Figure 2 plots the aggregated mean sentence-
level attention change over prompt sentences when
GPT2-L generates repeated (red) or different (blue)
consecutive sentences. The sentence-level attention
changes are vastly lower on all prompt sentences
when generating repeated consecutive sentences.
Thus, sentence-level repetition may be correlated
with the insufficient change of sentence-level atten-
tion. In §4 and §6, we show that generation quality
can be vastly improved by injecting the prior – at-
tention should look at the prompt differently when
generating different sentences – through our pro-
posed attention modulation.

Lack of commonsense reasoning vs. attention
Text generated by neural language models is also
observed to be lacking commonsense reasoning
(Mao et al., 2019). We check whether this type
of neural degeneration is associated with attention
patterns. A benchmark dataset for generative com-
monsense reasoning – CommonGen (Lin et al.,
2020) – is used as our test bed. CommonGen is
designed for constrained commonsense reasoning:
given a set of common concepts (e.g., use, tool,
piece, metal); the task is to generate a coherent
and plausible sentence covering all these concepts
(e.g., "a piece of metal is used for making tools").
Covering the concepts in generation requires rela-
tional reasoning with background commonsense
knowledge.
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agg. max attn. SD #

covered 0.434 0.0040 4515
uncovered 0.376 0.0068 1473

Table 1: Aggregated max sentence-level attention of
the fine-tuned GPT2-L; the results are aggregated from
the generation to covered or uncovered concepts on the
CommonGen test set. agg. max attn., SD, # refer to
aggregated max sentence-level attention, standard devi-
ation, and the number of instances.

Each concept is represented as a prompt sen-
tence in our experiments.5 During generation, a
concept (e.g.swim) is covered if its reflected form
(e.g.{swim, swimming, swam, swum}) is gener-
ated in the CommonGen test set. We use a fine-
tuned GPT2-L for the generation. Among the 5988
concepts in the prompt, about 75% of them are
covered in the generation of GPT2-L. We can then
easily separate sentence-level attention from the
generation to the concept into two subsets: concept
in the prompt that is covered or uncovered by the
generated sentence.

Table 1 shows the results of max sentence-level
attention (Eqn. 7) of the finetuned GPT2-L on
the CommonGen test set6. We can observe that
sentence-level attention from the generation to the
concept is vastly higher when the concept is cov-
ered. Compared to that of uncovered concepts, the
aggregated max sentence-level attention is 15.4%
higher. Therefore, failing to generate a common
concept through reasoning may be associated with
insufficient attention to the concept.

In both cases, neural text degeneration is asso-
ciated with insufficient attention to elements that
are important for downstream generations. This
motivates us to explore whether we can inject these
priors in the language model by altering the atten-
tion mechanism to alleviate degeneration.

4 Method

This section describes our method – attention mod-
ulation – that can alleviate neural text degeneration.
In §4.1, we describe the general attention modula-
tion framework. In §4.2, §4.3, and §4.4, we discuss
the priors injected through attention modulation

5We can obtain a clear boundary for each concept with this
design choice of adding a period as the separator, as concepts
can be tokenized into multiple subwords by GPT2 tokenizers.

6We measure the max sentence-level attention rather than
the mean sentence-level attention on CommonGen, as the
attention to a concept is usually reduced once it is generated.

for three different tasks: narrative story generation,
abductive reasoning generation, and constrained
commonsense reasoning.

4.1 Attention Modulation

Attention modulation aims to change the attention
weights of a Transformer-based language model
during inference, so that the generation can reflect
priors that alleviate neural text degeneration. This
additional signal is added to the self-attention com-
putation in the Transformer blocks.

We reformulate the attention computation of Eqn.
2 by adding an attention reweighting function f ,
where priors can be injected. Given a sequence
of input tokens x, the self-attention from xi to xj
(i ≥ j) while generating the t-token is reformulated
to:

αti,j := softmax
xj∈x

(q(xi)k(xj)
>

√
d

+ fi,j(x,α
t−1)

)

(9)
where f(x,αt−1) is the attention reweighting func-
tion and αt−1 is the attention weight matrix for all
layers and heads in the Transformer architecture
at time step t− 1. The attention reweighting func-
tion f can be either pre-defined or learned. In our
experiments, we inject pre-defined sentence-level
priors (heuristics) through f and show that this
injection alleviates neural text degeneration. We
leave the learning of better reweighting functions
automatically to future work.

In the following sections, we describe sentence-
level attention reweighting functions that are used
for three different text generation tasks.

4.2 ROCStories: narrative generation

As shown in §3, sentence repetition in long-form
generation may be associated with insufficient at-
tention change while generating consecutive sen-
tences. To amplify the attention changes, we can
redistribute sentence-level attention with some pri-
ors while generating consecutive sentences.

We choose the prior that language model should
consider long-range context during generation, as
we observed that attention mostly focuses on the
near history in many cases (Appendix A.1). Note
this prior also increases the sentence-level attention
change while generating consecutive sentences: the
sentence-level attention for all previous sentences
is always re-balanced based on the newly-generated
sentence. To balance the attention of tokens in
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each sentence received while generating the next
sentence, we define the attention reweight func-
tion in Eqn. 9 with the aforementioned prior for
ROCStories as:

fi,j(x,α
t−1
i,j ) =

1

αt−1gi,pj

. (10)

As later sentences in the prompt usually receive
larger sentence-level attention weights (Appendix
A.1), attention reweighting function defined in Eqn.
10 will add a large weight to tokens in the early
sentences and a small weight to tokens in the late
context sentences. The simple heuristic of balanc-
ing context sentences to be considered relatively
equal, namely more weights on early context sen-
tences, might not be optimal prior. However, it im-
proves the long-form story generation in multiple
measures, including fluency, interesting, newness,
and repetition (§6.1).

4.3 αNLG: abductive reasoning generation
The second benchmark dataset we tested with at-
tention modulation is αNLG (Bhagavatula et al.,
2020). This dataset is proposed for abductive rea-
soning generation: given two observations O1 and
O2, the model needs to generate a valid hypothesis
h that explains what happened between the two
observations. For example, given O1: "Today was
the first day of school." and O2: "I hate school.",
the task is to generate h such as "The teacher made
fun of me." as a plausible explanation.

Bhagavatula et al. (2020) has shown that the
fine-tuned GPT2 performs far below human per-
formance on the αNLG task. We hypothesis that
this may be associated with insufficient learning of
sentence-level attention to both observations; for
example, the model might over-fit to one of the
observations for generation. Thus, we inject the
prior – the language model should consider both
observations relative equally – while generating a
plausible explanation. This prior can be injected
with attention reweighting function defined in Eqn.
10.

4.4 CommonGen: constrained commonsense
generation

The third benchmark is CommonGen – a con-
strained text generation challenge for generative
commonsense reasoning. CommonGen requires
machines to generate a realistic sentence using all
concepts from a given concept set by conducting
commonsense reasoning over the relations among

the given concepts. To successfully generate a plau-
sible and grammatical sentence that follows the
commonsense, models need to conduct common-
sense reasoning over the relations among the given
concepts. Our experiment in §3.2 shows that the
fine-tuned GPT2-L can only cover about 75% of
concepts during generation. We infer from Table
1 that this may be associated with GPT2-L giving
insufficient sentence-level attention to uncovered
concepts. Thus, we propose a simple heuristic –
model should pay more attention to concepts that
are not covered yet – to be injected with attention
modulation.

Consider the prompt with m concepts c =
{c1, . . . , cm} and a partially generated sentence
y1, . . . , yt−1. While generating the t-th token, the
sentence-level reweighting function from the i-th
token to the j-th token in ck is defined as:

fi,j(x) =

{
1/m if ck ⊂ y1:t−1
1 else

(11)

Intuitively, if a concept ck is covered in the par-
tial generation, attention modulation with Eqn. 11
will reduce the attention weights of the tokens in
concept ck.

5 Experimental Setups

This section describes the experiment setups,
including the baselines, decoding algorithms,
datasets, and evaluation metrics.

Model architecture & baseline Attention mod-
ulation is architecture-agnostic and can be applied
to any Transformer-based models that contain self-
attention computation. We choose GPT2-L (Rad-
ford et al., 2019) for our experiments, which has
achieved state-of-the-art performance on a variety
of generation tasks (Vig and Belinkov, 2019). At-
tention modulation can be applied to any range
of layers in the Transformer. To compare models
with and without attention modulation on each of
the three generation tasks, we use the best fine-
tuned GPT2-L based on the validation set after
fine-tuning for 4 epochs with the default settings.

Decoding Attention modulation directly changes
the attention weights of the context tokens during
inference. It is orthogonal to different decoding al-
gorithms that change the searching strategies based
on the softmax distribution emitted by Transform-
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next 1 sent. next 2 sent. next 3 sent. next 4 sent. next 5 sent.
uniq. % rel. uniq. % rel. uniq. % rel. uniq. % rel. uniq.↑ % rel.↑ % rep.↓

w/o AttnM 9.08k 48.59 13.58k 48.78 15.71k 49.20 16.01k 49.97 17.03k 50.52 35.43
w/ AttnM (ours) 10.39k 52.92 15.12k 54.23 18.33k 55.35 20.41k 55.78 22.69k 55.78 17.49
ratio 1.14 1.12 1.16 1.24 1.34

Table 2: Test results of the fine-tuned GPT2-L w/ and w/o attention modulation on ROCstories with the greedy
decoding algorithm. uniq. represent the unique number of tokens generated in the whole test corpus, which
measures the number of new unique tokens generated. rel. represent relevancy, which measures the percentage
of tokens generated appears in the prompt. rep. measures the sentence-level repetition – whether two sentences
generated are identical.

ers.7 We present the results with non-stochastic
decoding algorithms (i.e. greedy decoding and
beam search), as generations based on them truly
reflect the token-level probabilities predicted by the
model (Holtzman et al., 2018).

Datasets We use three different generation
datasets – ROCStories (Mostafazadeh et al., 2016),
αNLG (Bhagavatula et al., 2020), and Common-
Gen (Lin et al., 2020). For ROCStories, we used
the 2017 version and split the data into 75/10/15
for train/val/test.

Evaluation On ROCStories, we measure dull-
ness, relevancy and repetition similar to Welleck
et al. (2019). We report the number of unique to-
kens generated, where the generation is less dull if
more unique tokens are generated. For repetition,
we directly measure sentence-level repetition: two
generated sentences are repeated if their strings are
the same. For relevancy, we measure the percent-
age of generated tokens that appear in the prompt.
Besides, we perform a human evaluation, where
three annotators are asked to rate the generations
based on fluency, interestingness, newness, rele-
vancy, and repetition.

On αNLG, we score the generated explanation
with respect to the reference using the following
automatic metrics: BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), METEOR (Banerjee and
Lavie, 2005), and CIDEr (Vedantam et al., 2015).
In addition, we ask annotators to compare the gen-
erated explanations without and with attention mod-
ulation. Human judges are asked to decide which
system provides a more plausible explanation of
the observations.

On CommonGen, we report SPICE (Anderson
et al., 2016) – a measure that evaluates seman-
tic propositional content, in addtion to BLEU,

7These search-based decoding algorithms do not resolve
the poorly generated token-level probabilities.

Figure 3: Human evaluation results on the next 1 to
5 sentences generated without (dashed lines) and with
(solid lines) attention modulation (1000 samples).

ROUGE, METEOR, CIDEr. We also report Cover-
age (Lin et al., 2020), which computes the average
percentage of input concepts that appear in the lem-
matized outputs. We conduct a human evaluation
following the protocol of Lu et al. (2020). Hu-
man judges are asked to compare two systems in
terms of fluency, coverage (covers the concept),
and overall quality (covers the concepts and fol-
lows commonsense).

6 Result

In this section, we present the vast improvements of
the fine-tuned GPT2-L with attention modulation
on three narrative generation and generative reason-
ing tasks: ROCStories, αNLG, and CommonGen.

6.1 ROCstories

Table 2 indicates that attention modulation signif-
icantly reduces repetition in narrative generation,

1266



R-2 R-L B-3 B-4 Meteor CIDEr SPICE Coverage

greedy w/o AttnM 14.06 34.13 26.19 17.92 25.82 10.81 22.14 76.50
w/ AttnM (ours) 14.71 35.15 27.53 18.91 26.23 11.61 23.22 79.18

beam=5 w/o AttnM 16.68 36.92 32.39 23.36 26.87 12.24 22.83 76.99
w/ AttnM (ours) 17.14 38.23 33.92 24.03 27.48 12.88 24.24 81.27

beam=10 w/o AttnM 17.25 37.37 33.81 24.39 27.51 12.58 23.24 78.68
w/ AttnM (ours) 17.59 38.71 35.72 25.93 27.71 13.32 24.36 81.24

beam=20
Lin et al. (2020) 16.85 39.01 33.92 23.73 26.83 12.19 23.57 79.09
w/o AttnM 17.98 38.07 35.14 25.61 27.63 12.90 23.28 79.62
w/ AttnM (ours) 18.11 39.32 36.69 26.80 28.02 13.71 23.94 81.85

Table 3: CommonGen test results of the fine-tuned GPT2-L w/ or w/o attention modulation based on different
decoding algorithms.

B-4 R-L Meteor CIDEr Human

w/o AttnM 13.51 18.29 13.18 47.69 14%
w/ AttnM (ours) 13.52 18.01 13.18 48.20 33%

Table 4: Evaluations of the fine-tune GPT2-L on αNLG
using greedy decoding.

while increasing the relevancy of generated sen-
tences to the original story. We can observe a vast
improvement in the number of unique generated
tokens using attention modulation, indicating a re-
duced repetition rate (confirmed by the % number
of repeated sentences in the next five sentence gen-
erated – 35.43 vs. 17.49 for our approach). This
intuition is confirmed by our human evaluation in
Figure 3, where the GPT2-L with attention modula-
tion produces sentences that are more fluent, more
interesting, more novel, and less repetitive than
the original decoder. Furthermore, we note that
the difference in performance across these evalua-
tion categories generally increases as the number
of generated sentences increases, indicating less
sensitivity to long-form degeneration.

6.2 αNLG

Table 4 presents the automatic and human evalua-
tion results on αNLG. We can see that our model
performs similarly with and without attention mod-
ulation in terms of automatic evaluation. How-
ever, our human evaluation results in the last col-
umn show that overall, the human judges prefer
the explanations produced using attention modula-
tion significantly more than those of the original
model. With 100 samples generated, 33% of the
time, human judges select explanations generated
with attention modulation as more plausible. In
contrast, explanations from the original model are

only preferred 14% of the time.

6.3 CommonGen

Table 3 shows the automatic evaluation results on
the CommonGen dataset. We separate different
settings of decoding algorithms in blocks. By in-
jecting the prior – the model should put more at-
tention on uncovered concepts – into the GPT2-L
with attention modulation, we can improve the text
generated in every automatic measure significantly.
Interestingly, despite our attention-reweighted de-
coder only encouraging coverage, we see all the
other measures such as ROUGE, BLEU, METEOR,
CIDEr, SPICE improve, as well.

These improvements also hold when we use a
different base decoding algorithm, such as beam
search. Again, the performance improvement for
using attention modulation is significant over all
measures. Thus, unlike decoding algorithms that
improve downstream tasks through truncation of
the sampling distribution, we directly re-calibrate
the token-level probabilities predicted by the model
by altering attention patterns in the Transformer
blocks during inference.

We also conduct a human evaluation to check
whether this improvement in the automatic met-
rics transfers to human judgments. In Table 6, we
see that our attention modulation algorithm signifi-
cantly outperforms the original inference model on
every measure – from fluency, quality, and overall
performance.

6.4 Vast improvements on few-shot learning

Table 5 presents the results of attention modula-
tion on GPT2-L that are fine-tuned on different
numbers of training examples from CommonGen.
We observe the improvements on all measures are
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Training size Method R-2 R-L B-3 B-4 Meteor CIDEr SPICE Coverage

10
w/o AttnM 2.15 16.07 6.39 3.63 10.02 1.23 5.07 27.12
w/ AttnM (ours) 3.38 18.89 7.24 3.48 12.47 1.63 7.21 36.55 ↑ 9.43

1000
w/o AttnM 7.61 27.03 14.01 7.38 20.67 6.40 16.79 62.33
w/ AttnM (ours) 8.54 27.97 15.51 8.78 22.13 6.68 18.02 69.31 ↑ 6.98

10000
w/o AttnM 10.70 30.06 17.40 10.02 23.40 7.15 20.20 73.39
w/ AttnM (ours) 11.53 30.70 18.43 11.12 24.42 7.29 21.33 78.74 ↑ 5.35

full (∼39k)
w/o AttnM 14.06 34.13 26.19 17.92 25.82 10.81 22.14 76.50
w/ AttnM (ours) 14.71 35.15 27.53 18.91 26.23 11.61 23.22 79.18 ↑ 2.68

Table 5: CommonGen test results of the fine-tuned GPT2-L w/ or w/o attention modulation trained on different
size of training examples (greedy decoding).

Fluency Quality Overall

w/o AttnM 85.07 39.30 44.77
w/ AttnM (ours) 89.55 48.76 52.73

Table 6: Human evaluations of the fine-tuned GP2-L
w/o or w/ attention modulation on CommonGen.

more prominent when the fine-tuning data size is
small. For example, adding attention modulation
can improve coverage by 9.43% on the GPT2-L
fine-tuned with only 10 examples. This not only
validates that priors we injected into the model are
suitable for improving the downstream task perfor-
mance, but also shed lights to use attention modula-
tion on different few-shot learning scenarios where
the number of training examples is limited.

7 Related Work

We propose to use attention modulation to heuristi-
cally re-balance sentence-level attention for neural
text degeneration. At least three domains of work
are closely related to our proposal, namely, atten-
tion pattern analysis, work that focuses on changing
or approximating learned attention patterns, and
work for countering neural text degeneration.

Attention analysis: Previous work has investi-
gated the attention patterns within the local context
of a sentence. These works highlighted that at-
tention patterns in Transformers implicitly encode
syntactic information such as dependency relations
(Htut et al., 2019), and part-of-speech tags (Vig and
Belinkov, 2019; Raganato and Tiedemann, 2018).
Other works observed that attention patterns can
provide explanations (Wiegreffe and Pinter, 2019)
or coarse word alignments in machine translation
(Zenkel et al., 2019; Kobayashi et al., 2020). In

contrast to these works, we analyze sentence-level
attention patterns for neural text degeneration, and
propose to directly modify the attention computa-
tion to reduce it.

Alternative attention: Many works have been
proposed to change attention mechanisms to op-
timize their O(n2) complexity. Some promising
directions in this space include sparse attention
mechanisms (Beltagy et al., 2020; Zaheer et al.,
2020) and linearized attention (Choromanski et al.,
2021). These alternative attention mechanisms re-
quire training the model and are used as replace-
ments to the original attention mechanism for fast
training or reduced computation. Our work is fun-
damentally different as we seek to inject priors into
the standard attention mechanism during inference
(without re-training the model).

Neural text degeneration: Previous works seek
to solve neural text degeneration by changing the
training objective to reduce the likelihood of com-
mon tokens (Welleck et al., 2019), or modifying
the decoding algorithm by truncating the sampling
distribution (Holtzman et al., 2018, 2020). Specifi-
cally, Welleck et al. (2019) introduce an additional
training loss that reduces the likelihood of com-
mon tokens. Holtzman et al. (2018, 2020) propose
stochastic decoding algorithms with truncation of
the sampling distribution. Our work is orthogo-
nal to these methods by injecting priors into the
model’s attention computation during inference.

8 Conclusions and future work

Neural language models often exhibit degeneration:
the output texts are repeated, bland, and inconsis-
tent. Our empirical analyses show that neural text
degeneration may be associated with insufficient
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learning of task-specific characteristics by the atten-
tion mechanism. We propose a simple but effective
module – attention modulation – that can inject
priors for better generation through re-balancing
the attention weights during inference. Results on
three different narrative and commonsense gener-
ation tasks indicate that attention modulation can
reduce repetition and enhance commonsense rea-
soning while maintaining fluency and coherence.

Acknowledgements

This research was supported in part by NSF (IIS-
1714566), DARPA MCS program through NIWC
Pacific (N66001-19-2-4031), the Canada CIFAR
AI Chair program, the Natural Sciences and En-
gineering Research Council of Canada (NSERC),
and the Allen Institute for AI. Computations on
beaker.org were supported in part by credits
from Google Cloud.

References
Peter Anderson, Basura Fernando, Mark Johnson, and

Stephen Gould. 2016. Spice: Semantic propo-
sitional image caption evaluation. In European
Conference on Computer Vision, pages 382–398.
Springer.

S. Banerjee and A. Lavie. 2005. Meteor: An automatic
metric for mt evaluation with improved correlation
with human judgments. In IEEvaluation@ACL.

Iz Beltagy, Matthew E Peters, and Arman Cohan.
2020. Longformer: The long-document transformer.
arXiv preprint arXiv:2004.05150.

Chandra Bhagavatula, Ronan Le Bras, Chaitanya
Malaviya, Keisuke Sakaguchi, Ari Holtzman, Han-
nah Rashkin, Doug Downey, Wen-tau Yih, and Yejin
Choi. 2020. Abductive commonsense reasoning. In
International Conference on Learn-ing Representa-
tions.

T. Brown, B. Mann, Nick Ryder, Melanie Subbiah,
J. Kaplan, Prafulla Dhariwal, Arvind Neelakan-
tan, Pranav Shyam, Girish Sastry, Amanda Askell,
Sandhini Agarwal, Ariel Herbert-Voss, G. Krüger,
T. Henighan, R. Child, Aditya Ramesh, D. Ziegler,
Jeffrey Wu, Clemens Winter, Christopher Hesse,
Mark Chen, E. Sigler, Mateusz Litwin, Scott Gray,
Benjamin Chess, J. Clark, Christopher Berner, Sam
McCandlish, A. Radford, Ilya Sutskever, and Dario
Amodei. 2020. Language models are few-shot learn-
ers. In Advances in Neural Information Processing
Systems (NeurIPS).

Krzysztof Choromanski, Valerii Likhosherstov, David
Dohan, Xingyou Song, Andreea Gane, Tamas Sar-
los, Peter Hawkins, Jared Davis, Afroz Mohiuddin,

Lukasz Kaiser, et al. 2021. Rethinking attention
with performers.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 4171–4186, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

Ari Holtzman, Jan Buys, Li Du, Maxwell Forbes, and
Yejin Choi. 2020. The curious case of neural text de-
generation. In International Conference on Learn-
ing Representations.

Ari Holtzman, Jan Buys, Maxwell Forbes, Antoine
Bosselut, David Golub, and Yejin Choi. 2018.
Learning to write with cooperative discriminators.
In Proceedings of the 56th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 1638–1649, Melbourne, Aus-
tralia. Association for Computational Linguistics.

Phu Mon Htut, Jason Phang, Shikha Bordia, and
Samuel R Bowman. 2019. Do attention heads in
bert track syntactic dependencies? arXiv preprint
arXiv:1911.12246.

Sarthak Jain and Byron C. Wallace. 2019. Attention is
not Explanation. In Proceedings of the 2019 Con-
ference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long and Short Pa-
pers), pages 3543–3556, Minneapolis, Minnesota.
Association for Computational Linguistics.

Urvashi Khandelwal, He He, Peng Qi, and Dan Juraf-
sky. 2018. Sharp nearby, fuzzy far away: How neu-
ral language models use context. In Proceedings
of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 284–294, Melbourne, Australia. Association
for Computational Linguistics.

Goro Kobayashi, Tatsuki Kuribayashi, Sho Yokoi, and
Kentaro Inui. 2020. Attention is not only a weight:
Analyzing transformers with vector norms. In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 7057–7075, Online. Association for Computa-
tional Linguistics.

Bill Yuchen Lin, Wangchunshu Zhou, Ming Shen, Pei
Zhou, Chandra Bhagavatula, Yejin Choi, and Xiang
Ren. 2020. CommonGen: A constrained text gen-
eration challenge for generative commonsense rea-
soning. In Findings of the Association for Computa-
tional Linguistics: EMNLP 2020, pages 1823–1840,
Online. Association for Computational Linguistics.

Chin-Yew Lin. 2004. Rouge: A package for automatic
evaluation of summaries. In Annual Meeting of the
As-sociation for Computational Linguistics (ACL).

1269



Ximing Lu, Peter West, Rowan Zellers, Ronan Le Bras,
Chandra Bhagavatula, and Yejin Choi. 2020. Neu-
rologic decoding:(un) supervised neural text genera-
tion with predicate logic constraints. arXiv preprint
arXiv:2010.12884.

Huanru Henry Mao, Bodhisattwa Prasad Majumder,
Julian McAuley, and Garrison Cottrell. 2019. Im-
proving neural story generation by targeted common
sense grounding. In Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language
Processing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-
IJCNLP), pages 5990–5995.

Paul Michel, Omer Levy, and Graham Neubig. 2019.
Are sixteen heads really better than one? In Ad-
vances in Neural Information Processing Systems,
volume 32, pages 14014–14024. Curran Associates,
Inc.

Nasrin Mostafazadeh, Nathanael Chambers, Xiaodong
He, Devi Parikh, Dhruv Batra, Lucy Vanderwende,
Pushmeet Kohli, and James Allen. 2016. A cor-
pus and cloze evaluation for deeper understanding of
commonsense stories. In Proceedings of the 2016
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, pages 839–849, San Diego,
California. Association for Computational Linguis-
tics.

Kishore Papineni, S. Roukos, T. Ward, and Wei-Jing
Zhu. 2002. Bleu: a method for automatic evaluation
of machine translation. In Annual Meeting of the
As-sociation for Computational Linguistics (ACL).

Alec Radford, Jeff Wu, Rewon Child, David Luan,
Dario Amodei, and Ilya Sutskever. 2019. Language
models are unsupervised multitask learners. OpenAI
blog 1.8.

Alessandro Raganato and Jörg Tiedemann. 2018. An
analysis of encoder representations in transformer-
based machine translation. In Proceedings of the
2018 EMNLP Workshop BlackboxNLP: Analyzing
and Interpreting Neural Networks for NLP, pages
287–297, Brussels, Belgium. Association for Com-
putational Linguistics.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N. Gomez, L. Kaiser,
and Illia Polosukhin. 2017. Attention is all you need.
In Advances in Neural Information Processing Sys-
tems (NeurIPS).

Ramakrishna Vedantam, C. L. Zitnick, and D. Parikh.
2015. Cider: Consensus-based image description
evaluation. 2015 IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR), pages 4566–
4575.

Jesse Vig and Yonatan Belinkov. 2019. Analyzing
the structure of attention in a transformer language
model. In Proceedings of the 2019 ACL Workshop

BlackboxNLP: Analyzing and Interpreting Neural
Networks for NLP, pages 63–76, Florence, Italy. As-
sociation for Computational Linguistics.

Sean Welleck, Ilia Kulikov, Stephen Roller, Emily Di-
nan, Kyunghyun Cho, and Jason Weston. 2019. Neu-
ral text generation with unlikelihood training. In
International Conference on Learning Representa-
tions.

Sarah Wiegreffe and Yuval Pinter. 2019. Attention is
not not explanation. In Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language
Processing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-
IJCNLP), pages 11–20, Hong Kong, China. Associ-
ation for Computational Linguistics.

Manzil Zaheer, Guru Guruganesh, Avinava Dubey,
Joshua Ainslie, Chris Alberti, Santiago Ontanon,
Philip Pham, Anirudh Ravula, Qifan Wang, Li Yang,
et al. 2020. Big bird: Transformers for longer se-
quences. In Advances in Neural Information Pro-
cessing Systems (NeurIPS).

Thomas Zenkel, Joern Wuebker, and John DeNero.
2019. Adding interpretable attention to neural trans-
lation models improves word alignment. arXiv
preprint arXiv:1901.11359.

1270



Figure 4: Sentence-level attention distribution across
different layers in GPT2-L. The result is aggregated
by computing the mean sentence-level attention from
the next generated sentence to the five sentences in the
prompt of ROCStories development set. Lower number
represents lower layers in the Transformer.

Figure 5: Attention entropy of each sentence in the
prompt aggregated over the ROCStories dev. set. In
the first sentences, there are particularly high-entropy
attention heads that produce bag-of-vector-like repre-
sentations.

A Appendices

A.1 How does a language model use attention
to model a multi-sentence prompt?

Sentence-level attention portion To reveal
which part of context – near or distant history – are
important for context representation, we compute
aggregated mean sentence-level attention (Eqn.5
in the main text) each prompt sentence pi received,
while generating the sentence g1 after the prompt.
We observe from Figure 4 that GPT2-L mostly
attends to the nearest sentence (p5) during the gen-
eration. This effect is especially prominent in the
early and middle layers. In the late layers, the at-
tention from different sentences evens out. This
observation is consistent with previous analysis of
attention patterns within sentences such that deeper

train dev. test

ROCStories 39498 5269 7899
αNLG 169,654 1,532 3,059
CommonGen 67,389 4,018 7,644

Table 7: Dataset Statistics

layers focus on longer-range context (Vig and Be-
linkov, 2019).

Sentence-level attention entropy Khandelwal
et al. (2018) observed that LSTM represent distant
context as topics; only a few token in the distant
context are used to compute the context representa-
tion. We check whether this observation also holds
on Transformer-based models by computing atten-
tion entropy. This sentence-level attention entropy
of pi based on the attention from g1 to pi at layer
lm over a corpus X is defined as:

EA(g1, pi, lm) = −

∑
x∈X

∑
h∈lm

|pi|∑
j=1

|g1|∑
k=1

αhj,klog(αhj,k)

|X| · |H| · |pi| · |g1|
(12)

where h is a head in layer lm and αhj,k is the atten-
tion weight from xj ∈ pi to xk ∈ g1 for h. Figure
5 shows a clear separation of entropy over different
sentences in the prompt, where more distant sen-
tences have lower entropy values. This suggests
that LMs only modelling distant sentences as topics
– attention over key words being a proxy.

A.2 Hyperparameters
Attention modulation can be applied to any layer
and any head in the Transformer based on our im-
plementation. However, the weights learned by
different heads in a particular layer have a large
variance (Vig and Belinkov, 2019) and are subject
to change from different training sessions. There-
fore, we only reweight attention on all heads in
different layers, where what layers are re-weighted
are hyperparameters. We choose to reweight the
consecutive layers from a starting layer ls to an
end layer le and performed a grid search on dif-
ferent layer ranges. For the start layer, we experi-
mented with ls ∈ {0, 4, 8, 12, 16, 20, 24, 28, 32};
for the end layer, we experimented with le ∈
{4, 8, 12, 16, 20, 24, 28, 32, 36}. The reweighting
layers are chosen based on the validation set per-
formance. On ROCstories, the GPT2-L are re-
weighted with ls = 8 and le = 32; On αNLG, the
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propmt attention
reweight

Generated sentence with attention-decoding

field. stand. look. = (1,3,2) A man stands looking at a sign in a field.
field. stand. look. = (1,2,3) He looks up and sees a group of people standing in the field.
field. stand. look. = (2,3,1) He stands in the middle of the field, looking down at the stands.

Table 8: An example of attention modulation with different attention reweighting functions on CommonGen dev
set. Only by redistributing the sentence-level attention during inference, we can generate sentences following the
desired order specified in the attention reweighting function.

R-2 R-L B-3 B-4 Meteor CIDEr SPICE Coverage

beam=20
w/o AttnM 17.98 38.07 35.14 25.61 27.63 12.90 23.28 79.62
w/ AttnM 18.11 39.32 36.69 26.80 28.02 13.71 23.94 81.85
w/ AttnMpm 19.78 41.17 38.28 28.36 30.97 15.38 28.24 91.89

Table 9: Results on CommonGen test set with beam search and permutations defined in A.3.

GPT2-L are re-weighted with ls = 12 and le = 32;
On CommonGen, the GPT2-L are re-weighted with
ls = 24 and le = 32.

A.3 Attention modulation and generation
order

CommonGen provides the concept set in a random
order, where models need to perform a relational
commonsense reasoning to find the optimal order
of them for generating a plausible sentence. We
found that attention modulation provide signals for
generation order given different reweighting func-
tions (examples in Table 8). In this experiment, we
guide the generation order by providing different
initialization weights in the reweighting functions.
We enforce different attention modulation weights
based on the order we want the concepts to be gen-
erated. For examples, row 1 in table 8 means the
concepts of (FIELD, STAND, LOOK) are initialized
to be re-weighted by scales of (1,3,2).

This interesting finding motivates us to conduct
a permutation experiment on CommonGen. For
a k concept set, we initialize the attention modu-
lation weights based on the permutations of 1 to
k (k! permutations in total) and generate k! sen-
tences with attention modulation. We then select
the generation that covers the most concepts8 from
these k! generations as output. We call this method
"attention modulation with permutation". Table 9
presents the results of attention modulation with
permutation. We see that just by enforcing the or-
der in attention modulation, the coverage can be
improved by another 10%.

8If there is a tie, we choose the shorter generation.

A.4 Human evaluation details
Figure 6 and 7 show the evaluation templates for
tuckers for Rocstories and CommonGen9, respec-
tively. On ROCstories, the inter-annotator agree-
ments is 0.743 and fleiss kappa is 0.229 aver-
aged over the five dimensions on 200 × 5 sam-
ples. The inter-annotator agreements are 84.6%,
72.2%, 76.1%, 78.5%, and 59.9% for fluency, in-
terestingness, newness, relevance, and repetition.
On αNLG, the human evaluation results are 33%,
14%, 10%, 32%, 11% for preferring outputs with
attention modulation, without attention modulation,
both, neither and no agreement. The inter-annotator
agreements is 0.835 and kappa is 0.439 over 100
samples. On CommonGen, the inter-annotator
agreements are 77.94%, 71.64%, and 67.50% for
fluency, quality, and overall on 200 samples.

9omitted αNLG template due to space limitation.
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prompt Jen was always afraid of flying. She needed to fly to Japan for an important meeting. Jen took
some Dramamine and boarded her plane. Jen dozed off shortly after the plane took off.

w/o
AttnM

Jen woke up to a huge headache. She had to cancel her trip to Japan. Jen was glad she had
taken Dramamine. She was able to fly safely. Jen was glad she had taken Dramamine.

w/ AttnM She woke up to a loud bang and felt sick. She had to sit in the back of the plane. She was so
scared she couldn’t even get out of her seat. Jen was so embarrassed she never flew again. She
was so scared she never flew again.

Table 10: A generation example (greedy decoding) without and with attention modulation on ROCStories. Adding
attention modulation during inference improves the commonsense reasoning and consistency of the generation.

prompt Neil had been journeying through Asia. But he contracted malaria on a Thai island, and had to
be flown home for treatment.

w/o
AttnM

He was so sick that he couldn’t go to the hospital. He was so sick that he couldn’t go to the
hospital. He was so sick that he couldn’t go to the hospital. He was so sick that he couldn’t go
to the hospital. He was so sick that he couldn’t go to the hospital.

w/ AttnM He was very sick and had to be hospitalized. He was in the hospital for a week. He recovered
and was released. Neil was very happy to be home. He was able to get better and was able to
go back to his home country.

Table 11: Example (greedy decoding) of the fine-tuned GPT2-L without and with attention modulation on story
completion. Adding attention modulation during inference significantly reduces the sentence-level repetition.

Figure 6: Mechanical Turk template used to evaluate ROCstories generations.

1273



propmt Generated sentence with attention-decoding

w/o AttnM run. team. field. drill. = person runs a drill during a practice at training camp.
w/ AttnM. run. team. field. drill. = person runs a drill during a training session with his team.

w/o AttnM use. tool. piece. metal. = tool or piece of metal used in manufacturing.
w/ AttnM use. tool. piece. metal. = piece of metal used to make tools.

Table 12: Examples produced by GPT2-L without and with attention modulation. Use attention modulation would
have higher concept coverage (details in Table 3 in the main text with 5% coverage improvements on all decoding
algorithms we tested);

Figure 7: Mechanical Turk template used to evaluate CommonGen generations.
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Abstract

Target meaning representations for semantic
parsing tasks are often based on programming
or query languages, such as SQL, and can be
formalized by a context-free grammar. As-
suming a priori knowledge of the target do-
main, such grammars can be exploited to en-
force syntactical constraints when predicting
logical forms. To that end, we assess how
syntactical parsers can be integrated into mod-
ern encoder-decoder frameworks. Specifically,
we implement an attentional SEQ2SEQ model
that uses an LR parser to maintain syntacti-
cally valid sequences throughout the decod-
ing procedure. Compared to other approaches
to grammar-guided decoding that modify the
underlying neural network architecture or at-
tempt to derive full parse trees, our approach is
conceptually simpler, adds less computational
overhead during inference and integrates seam-
lessly with current SEQ2SEQ frameworks. We
present preliminary evaluation results against
a recurrent SEQ2SEQ baseline on GEOQUERY
and ATIS and demonstrate improved per-
formance while enforcing grammatical con-
straints.

1 Introduction

Semantic parsing aims at delivering granular, struc-
tured representations of natural language utter-
ances, referred to as meaning representations or
logical forms. Thus, it goes beyond shallow seman-
tic analysis involving argument identification and
role labeling (Collobert et al., 2011; Roth and Lap-
ata, 2016). Meaning representations based on pro-
gramming or query languages (PYTHON, SQL) are
describable by (deterministic) context-free gram-
mars and used for general purpose code genera-

tion (Xiao et al., 2016; Yin and Neubig, 2017).
Our work targets this particular subset of logical
forms. A context-free grammar may be exploited to
constrain a semantic parser to only produce token
sequences derivable from the grammar. Specifi-
cally, we investigate how syntax constraints can
be enforced in semantic parsers based on mod-
ern encoder-decoder frameworks in a non-intrusive,
computationally inexpensive way at inference time.
We show that enforcing grammatical constraints
with LR parsers is particularly well suited for mod-
ern autoregressive neural network architectures
used in neural machine translation (Sutskever et al.,
2014; Vaswani et al., 2017). We do not require
any modifications to standard SEQ2SEQ neural net-
work architectures and make very little assump-
tions about the inputs and outputs of such models.
In contrast, most grammar-constrained decoders
attempt to model the grammar explicitly within
the neural network, complicating the architecture.
Moreover, they predict complete syntax trees or
derivation sequences. Our approach predicts source
code token streams, preserving syntactic validity
throughout the decoding procedure. Enforcing syn-
tactical constraints relieves neural networks mod-
els from having to learn the syntactic structure of
the target language, which is particularly benefi-
cial for ensuring balanced expressions over long
ranges (Bahdanau et al., 2014; Ling et al., 2016).
Also, when integrating our models into larger ap-
plication environments, we may want to preclude
specific failure modes (i.e., syntax errors) when ex-
ecuting the generated program snippets to increase
robustness. Preliminary evaluation results on the
GEOQUERY and ATIS data sets demonstrate that
simply enforcing syntactical constraints on the pre-
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dicted lexical tokens at inference time improves
the performance of the semantic parser against a
recurrent SEQ2SEQ baseline.

2 Related Work

Enforcing grammatical constraints within neural
network models has sparked a fair amount of re-
search interest. (Xiao et al., 2016) take a deriva-
tional viewpoint when decoding derivation trees,
demonstrating improved performance when ac-
counting for grammatical constraints. They predict
leftmost derivation sequences, each uniquely asso-
ciated with a corresponding derivation tree. Em-
ploying a constrained loss over probabilities p′(ŷt),
where ŷt are the permissible continuations of a
derivation sequence, constraints are enforced at
training time. We take inspiration from (Xiao et al.,
2016), however, enforce grammatical constraints
at inference time and on lexical token streams in
a bottom-up fashion, eliminating the need to de-
rive entire syntax trees and effectively reducing
the sequence length. Similarly, (Yin and Neubig,
2017) predict entire syntax trees sequentially using
a SEQ2SEQ model, starting from the root node and
generating tree nodes in depth-first, left-to-right
order, deterministically converting them to the cor-
responding surface code. They define a dedicated
grammar model that predicts action sequences that
either apply a production rule or generate a lexical
token. (Krishnamurthy et al., 2017) additionally
ensure that decoder predictions satisfy type con-
straints by providing a type-constrained grammar.
(Rabinovich et al., 2017) propose a decoder that
employs a separate neural network module for each
construct in the grammar. The decoder generates
an abstract syntax tree (AST) through mutual recur-
sion between modules. At each decoding step, the
decoder either generates a symbol or propagates the
decoder state to the next module. (Yin and Neubig,
2018) developed a transition-based abstract syntax
parser (TRANX) guided by a grammar specified un-
der ASDL (Wang et al., 1997). TRANX uses ASTs
as general-purpose intermediate meaning represen-
tations, decoupling the semantic parsing procedure
from domain-specific grammars. A user-defined
grammar converts ASTs to domain-specific mean-
ing representations. Similar to (Yin and Neubig,
2017) an AST is generated using a sequence of
tree-constructing actions. All approaches enforce
syntactical constraints by first predicting the tree-
structured syntax tree top-down. Instead, we pro-

pose to directly generate lexical tokens (the values
of syntax tree leaves) and constrain the decoding
process by means of an bottom-up LR parser.

3 Problem Statement

Informally, we aim at translating a set of natural
language utterances X to a structured representa-
tion of their meaning. We assume the syntax of
target meaning representations is describable by a
deterministic context-free grammar and that it is
known at training time. Given a grammar G, our
goal is to enforce the constraints imposed by G
during decoding. That is, the image of our model
f shall be the language generated by G.

f : X → L(G) (1)

We achieve this by means of a recurrent encoder-
decoder model as proposed by (Sutskever et al.,
2014) and an LR parser. We briefly introduce
recurrent encoder-decoder NMT models and the
specifics of our model.

3.1 SEQ2SEQ Model

All modern encoder-decoder frameworks define a
probability distribution P (y|x) (Kalchbrenner and
Blunsom, 2013; Sutskever et al., 2014), where in
our case, x represents a natural language input.
For a target source code string, y represents the
token stream generated by a lexical analyzer and
a corresponding lexical grammar (see section 3.2).
P (y|x) is factorized as:

p(y1, ..., yκ|x) =
κ∏

t=1

p(yt|x, y1, ..., yt−1) (2)

The encoder portion of the neural network encodes
x into a vector-valued, so-called context. Condi-
tioned on the context and all previous decoder hid-
den states, the decoder generates the output tokens
y = (y1, ..., yκ). Both encoder and decoder are
distinct recurrent neural networks (LSTM’s in our
case). The decoder generates a sequence of hidden
states and outputs a hidden state hLt at the topmost,
L-th layer at timestep t. The individual factors in
Eq. 2 are finally obtained using a feedforward neu-
ral network with a softmax layer that maps each
hidden state to a probability distribution over the
token vocabulary VD of the decoder. We optimize
standard cross-entropy loss.
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3.2 Grammar-Constrained Decoder

LR parsers are used to verify that a given token
stream is derivable from a deterministic context-
free grammar G. The parsing stage is usually pre-
ceded by lexical analysis. During lexical analysis,
a source code string is converted into a sequence
of tokens, ready to be consumed by the parser. LR
parsers employ ACTION and GOTO tables associ-
ated with the grammar, governing the applicable
shift-reduce decisions the parser can make on each
token input and determining the error states of the
parser. The decoder stage in the SEQ2SEQ model
can be viewed as taking the role of the lexical ana-
lyzer in the parsing process (see Figure 1).

Decoder Parser

get_next()

get_state()

Figure 1: The parser requests the next token from the
decoder. The decoder queries the current parser state
to determine the set of applicable tokens, generates a
token and returns it to the parser.

Algorithm 1 : LR(1) Assisted Decoder

let s ← top of stack state;
let h ← encoder context vector;
let a ← Token(SOS, ’<SOS>’);

while ACTION(s, a) 6= acc do
let et ← EXPECTED(s);
if |et| > 1: h, a ← DECODE(h, et, a);
else: a ← et;

if ACTION(s, a) = shift i:
push state i onto stack;

elif ACTION(s, a) = reduce [i, A→ β]:
pop |β| symbols off stack;
push GOTO(i, A) onto stack;

s ← top of stack state;

The decoder determines the set of applicable to-
kens in its vocabulary by consulting the parser’s
ACTION table. We generate a probability distri-
bution as described in section 3.1 over the actions
(identified by lexical tokens) in the current parser
state and return the most likely token to the parser.
The parser consumes the token, updates its state,
and requests the next token. This process continues
until the parser encounters a token that indicates ac-

ceptance (an EOF token “$”). The neural network
model is implemented using PYTORCH 1. The
parser implementation relies on the parsing toolkit
LARK 2. The output vocabulary VD consists of
all source code tokens defined by the given gram-
mar. Literals, such as string or integer values, are
usually tokenized by matching them with a regular
expression. We explicitly include all occurrences
of literal values in the data sets as distinct tokens
in the vocabulary. Algorithm 1 describes our modi-
fied LR parsing procedure relying on the decoder
module providing the token stream. The procedure
is initialized with the context vector obtained from
the encoder and the parser start state. Given the
state s, we determine the set of possible tokens et
by looking in the parser’s ACTION table. Condi-
tioned on the previous hidden state, we invoke the
DECODE function and generate an output distribu-
tion ŷ over all output vocabulary tokens. We finally
choose a = max(ŷet) as our prediction, where ŷet
are the elements of ŷ indexed by et. The next hid-
den state ht is returned, and the parser updates its
state by parsing a. On shift actions, we push the
associated state i onto the stack and request the
next token. On reduce actions, we pop the recog-
nized handle off the stack and push the left-hand
side of the production onto the stack. The decoding
procedure concludes when the parser encounters a
token that indicates acceptance (corresponding to
action “acc”). Note, that the decoder is invoked
only if |et| > 1, i.e., when there is more than one
applicable token. Otherwise, we simply set a = et.
The additional computational overhead of running
a single parsing step is constant at each decoding
step. Although most programming languages are
close to deterministic, generalizing our approach to
GLR parsers (and thus to context-free grammars)
may incur an additional computational cost pro-
portional to the non-determinism in the grammar
(Tomita, 1985).

3.3 Model Training

Algorithm 1 is only used during inference. Thus,
during model training, the decoder may generate
sequences s /∈ L(G). Furthermore, since the de-
coder is only invoked when |et| > 1, there is a
mismatch between sequences seen during training
and during test time. To account for this mismatch,
each target sample is parsed prior to training, and

1https://github.com/pytorch
2https://github.com/lark-parser/lark
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for each state s for which EXPECTED(s) = 1, we
filter the corresponding target sequence element
from the target sample.

4 Experimental Evaluation

We present preliminary evaluation results and com-
pare our approach to a recurrent SEQ2SEQ base-
line (see section 3.1) and an attentional SEQ2SEQ

model as reported in (Finegan-Dollak et al., 2018).
Our attentional model extends the recurrent base-
line with an attention layer as proposed by (Bah-
danau et al., 2014).

4.1 Datasets

For our trials we use the canonicalized and anno-
tated semantic parsing data sets for text-to-SQL

tasks provided by (Finegan-Dollak et al., 2018).
Compared to data sets like WIKISQL, GEOQUERY

and ATIS feature complex queries with low levels
of redundancy. We hypothesize that the benefits
of a grammar-constrained decoder will be particu-
larly pronounced in data sets with high complex-
ity and variability. To ensure comparability, we
use identical training, validation and test splits as
(Finegan-Dollak et al., 2018).

4.2 Setup

We run trials without entity anonymization and
with anonymized entities. We refer to trials with the
standard dataset, i.e., the trials without anonymized
entities, as standard trials. Trials with entity
anonymization are referred to as oracle trials.
Greedy-search was used for generating output se-
quences. We measured the exact match classifica-
tion accuracy. A predicted token sequence that is
identical to the token sequence in the correspond-
ing test set example constitutes an exact match.
Stochastic gradient descent with momentum (0.9)
and a learning rate of 0.1 was used for each trial.
The batch sizes ({16, 32, 64} for GEOQUERY and
{128, 256} for ATIS), hidden and embedding di-
mensions ({64, 96, 128, 256}), the dropout rate
for embeddings and hidden units ({0.05, 0.1, 0.2,
0.4}), the number of layers ({1, 2}) and the teacher-
forcing ratio ({1.0, 0.9, 0.8, 0.7}) were determined
using grid search. We tested the models with best
validation set performance during training and set
an early stopping criterion.

4.3 Results
In Table 1 and Table 2 we present the results of the
evaluation. We see the greatest improvements in
the oracle trials without an attention layer. This ver-
ifies that the main utility of enforcing syntactical
constraints lies with resolving the complex syntacti-
cal structures of target logical forms. Correctly rec-
ognizing entities and inserting the appropriate liter-
als into the query is more akin to a slot-filling task
than a semantic parsing task, and we observe no
added value in enforcing grammatical constraints
to resolve such literals in the standard trials. Apply-
ing an attention mechanism to both our approach
and the basic recurrent model of (Finegan-Dollak
et al., 2018) further puts the results into perspective.
An attention layer in recurrent SEQ2SEQ models
helps with resolving long range dependencies that
may occur when expanding non-terminals, for ex-
ample, involving long sub-queries (Bahdanau et al.,
2014). Similarly, long range dependencies are re-
solved by virtue of the LR parser, ensuring that
any non-terminal node is fully expanded, even if it
involves sub-expressions that are expanded to long
token sequences. Thus, using an attention mecha-
nism, syntactic relationships between tokens can be
learned much better, although syntax errors cannot
be completely precluded as with an LR parser.

GEOQUERY

Standard Oracle

Ours 34% 63%
+ Attention 51% 69%

Finegan-Dollak et al. 27% 49%
+ Attention 63% 73%

Table 1: Exact match accuracy on GEOQUERY.

ATIS

Standard Oracle

Ours 9% 48%
+ Attention 33% 55%

Finegan-Dollak et al. 8% 14%
+ Attention 46% 57%

Table 2: Exact match accuracy on ATIS.

5 Conclusion and Future Work

We showed that grammatical constraints can be en-
forced with LR parsers, imposing no assumptions
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on the neural machine translation model used and
adding little computational overhead. We intend
to expand the trials to include other logical forms
than SQL and comparable approaches to enforcing
grammatical constraints (Xiao et al., 2016; Yin and
Neubig, 2017). Moreover, we intend to general-
ize our approach to context-free grammars using
GLR parsers and enforce grammatical constrains
at training time.
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Wang, and Andrew Senior. 2016. Latent predictor
networks for code generation. In Proceedings of the
54th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
599–609, Berlin, Germany. Association for Compu-
tational Linguistics.

Maxim Rabinovich, Mitchell Stern, and Dan Klein.
2017. Abstract syntax networks for code generation
and semantic parsing. In Proceedings of the 55th An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 1139–
1149, Vancouver, Canada. Association for Computa-
tional Linguistics.

Michael Roth and Mirella Lapata. 2016. Neural seman-
tic role labeling with dependency path embeddings.
In Proceedings of the 54th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 1192–1202, Berlin, Germany.
Association for Computational Linguistics.

Ilya Sutskever, Oriol Vinyals, and Quoc V. Le. 2014.
Sequence to sequence learning with neural networks.
In Proceedings of the 27th International Conference
on Neural Information Processing Systems - Vol-
ume 2, NIPS’14, page 3104–3112, Cambridge, MA,
USA. MIT Press.

Masaru Tomita. 1985. Efficient Parsing for Natural
Language: A Fast Algorithm for Practical Systems.
Kluwer Academic Publishers, USA.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N. Gomez, undefine-
dukasz Kaiser, and Illia Polosukhin. 2017. Attention
is all you need. In Proceedings of the 31st Interna-
tional Conference on Neural Information Processing
Systems, NIPS’17, page 6000–6010, Red Hook, NY,
USA. Curran Associates Inc.

Daniel C. Wang, Andrew W. Appel, Jeff L. Korn, and
Christopher S. Serra. 1997. The zephyr abstract syn-
tax description language. In Proceedings of the Con-
ference on Domain-Specific Languages on Confer-
ence on Domain-Specific Languages (DSL), 1997,
DSL’97, page 17, USA. USENIX Association.

Chunyang Xiao, Marc Dymetman, and Claire Gardent.
2016. Sequence-based structured prediction for se-
mantic parsing. In Proceedings of the 54th An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 1341–
1350, Berlin, Germany. Association for Computa-
tional Linguistics.

Pengcheng Yin and Graham Neubig. 2017. A syntactic
neural model for general-purpose code generation.
In Proceedings of the 55th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 440–450, Vancouver, Canada.
Association for Computational Linguistics.

Pengcheng Yin and Graham Neubig. 2018. TRANX: A
transition-based neural abstract syntax parser for se-
mantic parsing and code generation. In Proceedings
of the 2018 Conference on Empirical Methods in
Natural Language Processing: System Demonstra-
tions, pages 7–12, Brussels, Belgium. Association
for Computational Linguistics.

1279



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 1280–1287
August 1–6, 2021. ©2021 Association for Computational Linguistics

Enhanced Metaphor Detection via Incorporation of External Knowledge
Based on Linguistic Theories

Chang Su, Kechun Wu, Yijiang Chen*

School of Informatics, Xiamen University, Xiamen, China
{suchang,cyj}@xmu.edu.cn, wukechun@stu.xmu.edu.cn

Abstract

Use of external knowledge is an important and
effective method applied widely in metaphor
detection. Although existing knowledge-based
methods perform well, when leveraging ex-
ternal knowledge, they take little considera-
tion on linguistic theories of metaphor detec-
tion. Based on Metaphor Identification Pro-
cedure (MIP) and Select Preference Violation
(SPV), directly using examples and definitions
of words from the Oxford Dictionary1, we pro-
pose two BERT-based models for metaphor de-
tection: ExampleBERT and DefinitionBERT.
Experimental results show that our methods
achieve state-of-the-art performance on two es-
tablished metaphor datasets. Furthermore, we
show that our DefinitionBERT is highly inter-
pretable.

1 Introduction

Metaphor Detection (MD) is a high-level natural
language processing (NLP) task, which aims to
identify the metaphorical expressions/words in the
text. Identifying metaphors, a cognitive activity
in which humans use their experience in one field
to explain or understand another field (Shutova
et al., 2016), is a challenging task that requires
rich prior knowledge and a high level of semantic
understanding.

In earlier studies, many resources were ex-
ploited to develop rule-based and machine learn-
ing systems, such as domain types,word abstract-
ness/concreteness(Turney et al., 2011; Tsvetkov
et al., 2014). Recently, many deep learning based
methods have been applied to metaphor detection
(Kehat and Pustejovsky, 2020; Le et al., 2020; Ro-
hanian et al., 2020), which achieve the current state-
of-the-art performance. They also make use of ex-
ternal knowledge. Hence, we can infer that incor-

1https://www.lexico.com/
*Corresponding author.

porating external knowledge is indeed important.
In this paper, we show that some level of lexical
semantic information, even if its just dictionary
entries, can improve performance in identifying
verbal metaphor.

A recent study (Mao et al., 2019) shows the ef-
fectiveness of taking advantage of linguistic the-
ories when identifying metaphors. According to
one of the linguistic theories, Metaphor Identifica-
tion Procedure(MIP) (Semino et al., 2007; Steen
et al., 2010), a metaphor is identified if the literal
meaning of a word contrasts with the means that
word takes in this context. For example, in the
metaphorical sentence, the deep learning model
is flying during training, the context meaning of
’flying’ is ’the loss of the model is getting bigger
and even become indefinite’, which contrasts with
its literal meaning of ’move through the air using
wings’ according to Oxford Dictionary. An alterna-
tive approach is Select preference Violation(SPV)
(Wilks, 1975, 1978), wherein a metaphor is iden-
tified by noticing a semantic contrast between a
target word and its context. For example, in the
deep learning model is flying during training, ‘fly’
is unusual in the context of ‘model’ and ‘training’:
a model cannot fly.

To incorporate external knowledge, we take ad-
vantage of the linguistic theories of metaphor detec-
tion. Following SPV, we use examples of the word
from Oxford Dictionary, where the literal meanings
of the word are expressed in the contextual exam-
ples for the most of time. Hence, some common
contextual information of the word can be inferred
from examples. In accordance with MIP, we use the
definitions of a word from the Oxford dictionary,
which directly express the literal meanings of the
word. To better use this knowledge and conform
the idea of linguistic theories, we propose (1) Ex-
ampleBERT, which, before it identifies metaphor,
learns the common contextual information of the
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target word and (2) DefinitionBERT, which, while
identifying a metaphor, directly takes advantage of
the literal meanings of the target word. In particu-
lar, our contribution is two-fold as follows:

1. We directly use the examples and definitions
of the word from the Oxford Dictionary. To
the best of our knowledge, it is the first time
this knowledge is incorporated into metaphor
detection.

2. We propose ExampleBERT and Definition-
BERT. Experimental results show that both of
our models can outperform the state-of-the-
art models on two verb metaphor detection
datasets. Also, experimental analysis proves
that our DefinitionBERT is indeed effective
and has a strong interpretability.

2 Related Work

Metaphor identification is a linguistic metaphor
processing task that identifies metaphors in textual
data. Most of the earlier works on metaphor iden-
tification were based on feature-engineering. Un-
igrams, imageability, concreteness, abstractness,
word embedding and semantic classes are fea-
tures commonly employed by supervised machine
learning (Turney et al., 2011; Assaf et al., 2013;
Tsvetkov et al., 2014; Klebanov et al., 2016). Re-
cently, many deep learning based methods have
been proposed, which treat metaphor identification
as a sequence tagging task. Considering whether
to use external knowledge directly, we divide these
methods into the following two categories:
Use of pre-trained word embeddings. The first
methods use only pre-trained word embeddings,
which are commonly used in NLP tasks. (Wu
et al., 2018) proposed a model based on word2vec
(Mikolov et al., 2013) and PoS tags and word clus-
ters, which are encoded by a Convolutional Neural
Network (CNN) and Bi-LSTM. The encoded infor-
mation is directly fed into a softmax classifier. (Gao
et al., 2018) and (Mao et al., 2019) concatenated
Glove (Le et al., 2020) and ELMO (Peters et al.,
2018) as the inputs of Bi-LSTM, the difference is
(Mao et al., 2019), inspired by linguistic theories,
uses attention mechanism to improve performance.
External knowledge. The second methods use dif-
ferent kinds of external knowledge to boost perfor-
mance. (Kehat and Pustejovsky, 2020) use Vision-
Language datasets to derive the concreteness scores
of words and then convert them to Visibility Em-

beddings, which, like with (Gao et al., 2018) , fi-
nally feed to Bi-LSTM. (Le et al., 2020) propose a
multi-mask learning method, which transfer knowl-
edge from Word Sense Disambiguation (WSD); to
improve performance, they also employe Graph
Convolution Neural networks (GCN) with depen-
dency trees. Like (Le et al., 2020), (Rohanian et al.,
2020) also use GCN, but they incorporate annota-
tions for verbal multiword expressions. Obviously,
our methods belong to this second category.

3 Method

3.1 BERT

BERT (Devlin et al., 2019) is a powerful language
representation model, whose architecture is a multi-
layer bidirectional transformer encoder. The BERT
model is pre-trained on a large corpus and two
novel unsupervised prediction tasks, i.e., masked
language model and next sentence prediction tasks
are used in pre-training. Here, it must note that
BERT is chosen as our base model, not only be-
cause of its excellent performance on many other
NLP tasks, but also BERT is a bidirectional lan-
guage model. More specifically, during training,
BERT randomly mask some words in the sentence
and then use all the unmasked words to predict
them based on a self-attention mechanism. Hence,
this procedure allow BERT to learn the common
context of the target word, which is very useful for
our task because if a target word appears in uncom-
mon contexts, then BERT is more likely to predict
it to be a metaphorical word.

3.2 BERT(Token-CLS)

To incorporate BERT to our metaphor detection
task, we take the final hidden state of the token
corresponding to the target word, and then add a
classification layer to predict whether or not the tar-
get word is metaphorical. We compare this model
as our baseline with ExampleBERT and Definition-
BERT mentioned below.

3.3 ExampleBERT

The intuition behind SPV is that metaphoricity is
identified by detecting the incongruity between a
target word and its context. Hence, we assume
that, if a model has learned the common context
information of a target word, then the model works
more effectively. As described in Section 3.1 above,
a bidirectional pre-training model satisfies our re-
quirement. Therefore, our proposed ExampleBERT
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Context Definition_1 Definition_m…

Sentence 1 Sentence 2

TV T_1_1 T_1_M T_1_M T_m_M

Figure 1: The overall of DefinitionBERT architecture and its context-definitions input pair.

model is built based on the standard BERT ar-
chitecture (Devlin et al., 2019) which is based
on the two-stage ’Pre-training’-then-’Fine-tuning’
pre-training language model approach, that recently
become enormously popular in NLP. During the
pre-training phase, we collect examples of the tar-
get word under its definitions from the Oxford dic-
tionary and use only MaskLM as our pre-training
objective. Here, we continue pre-training based on
the pre-trained uncased BERTBASE model from
(Wolf et al., 2020). The train strategy is the same
as (Devlin et al., 2019). The training data generator
chooses fifteen percent of the token positions at
random for prediction. If the i-th token is chosen,
we replace the i-th token with (1) the [MASK] to-
ken eighty percent of the time, (2) a random token
ten percent of the time, and (3) the unchanged i-th
token ten percent of the time. Here, our hypothesis
is that most of the examples of a target word are
expressing its literal meanings. Thus, whether or
not a target word is selected, the model can also
learn some common context information of a target
word. During fine-tuning phase, we directly use
the pre-trained ExampleBERT to fine-tune on the
metaphor detection datasets as described in Section
3.2 above.

3.4 DefinitionBERT

Based on MIP, we assume that if we tell the model
directly the literal meanings of the target word, then

the model will work more effectively. Fortunately,
BERT can explicitly model the relationship of a
pair of texts, and this has been proved to be benefi-
cial to many pair-wise natural language understand-
ing tasks. Therefore, to fully leverage the defini-
tions of words, we construct context-definition pair
based on all possible definition of the target word
from the Oxford dictionary, thereby treating MD
task as a sentence pair classification problem seem-
ingly. But, different from (Huang et al., 2019), here
we cannot and don’t need to match multiple defi-
nition and sentence directly one by one, because
the contextual meaning of a metaphorical word is
different from all its definitions. Also, we don’t
know which definition the contextual meaning of a
non-metaphorical word corresponds to. Moreover,
although there are word definition collections in
WordNet (Miller, 1995), we find they cannot ex-
press accurately the literal meaning of words, and
some of them are exactly the metaphorical mean-
ings. For example, in WordNet, one of the defini-
tion for ’drink’ is ’take in liquids’. On one hand,
in the sentence, car drinks gasoline, that definition
does not help us, or a model, identify that ’drink’ is
metaphorical. On the other hand, the Oxford Dic-
tionary definition – ’take (a liquid) into the mouth
and swallow’ – can be of help. A car, which has no
mouth and cannot swallow, is obviously unsuitable
here. Hence, the latter is helpful to us.

As shown in Figure 1, we directly concatenate
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the multiple definitions of the target word, and
use ”[SEP]” to separate them. Finally we use the
context-definitions pair as the inputs for BERT. Af-
ter encoding by BERT, we take the final hidden
state of the target word as its context meaning. To
obtain the literal meaning of its definition, we also
take the final hidden states of the tokens of each
definition, and use Mean-Pooling to average the
hidden states of each definition, which represents
literal meaning expressed by the definition. This is
formulated as follows :

hdi = fm(fb(xdi)) (1)

where fb represents the BERT encoder, and fm :
Rn×d → Rd is a mean pooling function that maps
from output vectors of n tokens to the definition
vector. Then, we concatenate the vectors of the tar-
get word and definitions into one vector and apply
a Feed-Forward Neural Network (FFNN) over the
concatenated representations. This is formulated
as:

hf = FFNN([htt;hdi; ...hdn]) (2)

where htt indicates the hidden state of the target
word from BERT. Then hf is taken as input for a
logistic regression classifier to make the prediction.

4 Experiments

4.1 Dataset
To be compatible with previous work (Gao et al.,
2018; Mao et al., 2019; Le et al., 2020; Rohanian
et al., 2020), we evaluate the proposed models us-
ing three widely used datasets for metaphor detec-
tion.
VUA (Steen and Gerard) It represents the largest
public evaluation dataset for metaphor detection
that is used by the NAACL-2018 Metaphor Shared
Task(Klebanov et al., 2016). It contains 10,567
sentences and the average length of sentences is
19.4. Annotation for this dataset is based on MIP,
for which every word in a sentence is labeled for
metaphor identification. There are two versions of
this dataset: (1) VUA ALL POS, where words of
all types (e.g., nouns, verbs, adjectives) are labeled,
and (2) VUA VERB, which focuses only on the
verbs for metaphor detection. In this paper, we
consider only the VUA VERB version.
MOH-X (Mohammad et al., 2016) Here, the sen-
tences are shorter and simpler than those in the
other datasets, as they are sampled from WordNet.
It contains 647 sentences and the average length of

sentences is 8.0. Only one single verb is labeled in
each sentence in this dataset.
TroFi (Birke and Sarkar, 2006) This dataset con-
sists of sentences from the 1987-89 Wall Street
Journal Corpus Release 1 (Charniak et al., 2000).
It contains 3737 sentences and the average length
of sentences is 28.3. Each sentence has a single
annotated target verb. There are only fifty unique
target verbs in this dataset, which means, that for
one target verb, there are many training samples.

4.2 Baselines
RNN-ELMo (Gao et al., 2018) This very repre-
sentative model uses Glove and ELMo as features
for sequential metaphor identification. The ELMO
word vectors they trained has been adopted in many
subsequent works.
RNN-HG & RNN-MHCA (Mao et al., 2019)
These are BiLSTM-based systems grounded in lin-
guistic theories of SPV and MIP, which are the first
to explore using linguistic theories to directly in-
form the design of Deep Neural Networks (DNN)
for metaphor identification. They use the Glove and
ELMO word embeddings as the literal meaning of
a word.
MUL-GCN (Le et al., 2020) This is a multi-task
learning model for metaphor detection that, to im-
prove performance, features graph convolutional
neural networks to appropriately capture the fol-
lowing; important context words, the control mech-
anism to emphasize the target words, and the trans-
ference of knowledge from WSD.
BERT+MWE-Aware GCN (Rohanian et al.,
2020) This is a neural model to classify metaphori-
cal verbs in their sentential context using informa-
tion from the dependency parse tree and annota-
tions for verbal multiword expressions. It evaluates
on the MOH-X and TroFi datasets.

4.3 Setup
For pre-training ExampleBERT, we collect about
40,000 examples of the verb words in all three
datasets (See Section 4.1). The batch size is 128;
the learning rate is 5e-5, and we train over ten
epochs. For DefinitionBERT, because different
words have a different number of definitions and to
achieve batch computing, we choose the most com-
mon three definitions2 for each word. If a word
don’t have three definitions, we simply use ”no

2Although the dictionary doesn’t state that definitions
listed in the page are sorted by frequency, it is basically indeed
this case according to our observation.
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VUA VERB MOH-X TroFi
Models Acc P R F1 Acc P R F1 Acc P R F1
RNN-ELMo (Gao et al., 2018) 69.1 53.4 65.6 58.9 78.5 75.3 84.3 79.1 73.7 68.7 74.6 72.0
RNN-HG (Mao et al., 2019) 82.1 69.3 72.3 70.8 79.7 79.7 79.8 79.8 74.9 67.4 77.8 72.2
RNN-MHCA (Mao et al., 2019) 81.8 66.3 75.2 70.5 79.8 77.5 83.1 80.0 75.2 68.6 76.8 72.4
MUL-GCN (Le et al., 2020) 83.2 72.5 70.9 71.7 79.9 79.7 80.5 79.6 76.4 73.1 73.6 73.2
BERTBaseline (Rohanian et al., 2020) - - - - 78.04 78.38 77.87 77.82 70.38 70.54 68.89 68.84
BERT+MWE-Aware GCN (Rohanian et al., 2020) - - - - 80.47 79.98 80.40 80.19 73.45 73.78 71.81 72.78
BERTbaseline(OURS) 85.48 77.35 72.19 75.07 80.05 80.65 76.70 78.43 75.05 73.02 67.86 70.30
ExampleBERT(OURS) 85.29 75.56 75.30 75.43 82.22 83.21 77.81 80.25 75.38 73.21 68.67 70.84
DefinitionBERT(OURS) 85.65 76.02 76.15 76.09 84.24 82.90 84.09 83.38 75.70 73.32 69.64 71.40

Table 1: Performance on three metaphor detection datasets

definition .” to replace the remaining insufficient
definitions. We believe that three definitions cover
most of the context of words; adding more uncom-
mon definitions could become noise for the model.
Following the settings in the prior work, we per-
form 10-fold cross validation on MOH-X and TroFi
and use the same splits of training, validation and
test sets for VUA VERB datasets. For VUA VERB
datasets, we select the best checkpoint on valida-
tion data as the final model to evaluate test data
performance. For the MOH-X and TroFi datasets,
we train 10 epoch and select the last epoch model
to evaluate the test data for every fold. Finally we
take the 10 fold average for the performance of our
final model.

To pre-train ExampleBERT and fine-tune Def-
initionBERT, we all use the pre-trained uncased
BERTbase model from (Wolf et al., 2020). The
number of its transformer blocks is 12, the number
of self-attention heads is 12, and the number of
the hidden layer is 768. For the FFNN in Eq. 2
of DefinitionBERT, we simply use a 256 hidden
units of fully connected layer, followed by a clas-
sification layer. The two models are all fine-tuned
with shuffled minibatches of size 32. The Adam
optimizer is used to update the parameters, and the
initial learning rate is set at 5e-5.

4.4 Results

Results in terms of accuracy (Acc), precision (P),
recall (R) and F1-score are given in Table 1. Scores
with the best performances across all models are in-
dicated in bold. Results not reported are indicated
by (-). As shown in Table 1, our ExampleBERT
and DefinitionBERT achieve state-of-the-art per-
formance on VUA VERB and MOH-X datasets.

VUA VERB dataset. For the VUA VERB
datasets, even our proposed BERT-Baseline model
achieves excellent performance, gaining improve-
ment over the best of the other methods (MUL-

GCN) by a large margin: 2.28% and 3.37% on
accuracy (Acc) and F1, respectively. Compared
with our BERTBaseline, regarding F1, our Exam-
pleBERT and DefinitionBERT show improvement
of 0.36% and 1.02%, respectively.

MOH-X dataset. For the MOH-X dataset, our
DefinitionBERT, compared with BERTBaseline
and the best of the other models, achieves signifi-
cant improvement across all results.

TroFi dataset. However,for the TroFi dataset,
the performance of our ExampleBERT and Defini-
tionBERT is somewhat bad than other state-of-the-
art results. Compared with our BERTBaseline, for
F1, ExampleBERT and DefinitionBERT still show
a gain of 0.54% and 1.10%, respectively, indicating
that our method is effective also. The TroFi dataset,
contains fewer samples than the VUA dataset, but
with longer average sequence length (28.3). Thus,
on one hand, it is more difficult for DefinitionBERT
to capture the relationship between the target and
its definitions. On the other hand, because the
dataset contains only fifty unique verbs, there are
many samples for a target verb, and most express
the literal meanings of the word, e.g., the dataset
contains 71 literal sentences and 25 metaphor sen-
tences of the target word ’absorb’. Thus, the mod-
els can learn sufficient common contextual infor-
mation and literal meanings of a target word from
the dataset. That is to say, the prior knowledge
we add provides only limited help. However, tak-
ing a step back, compared with the performances
of other well-designed models, the performance of
our model does not lag too far behind; therefore, we
believe our method is still acceptable. Moreover,
the results of MOH-X and TroFi dataset suggest
that our two models are more useful when there
exists only a small amount of training corpus.

We note that the DefinitionBERT always per-
form expect on precision, the possible reason is ,
when the model cannot obtain the context meaning
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of the target world accurately(i.e.,when the sen-
tence is complex) , or the definitions we get from
the dictionary are highly summarized, there would
exist a gap between the context meaning and literal
meaning, although they express the same mean-
ing actually. So the model could predict the literal
one to metaphorical more likely, then the preci-
sion could be lower(precision=TP/(TP+FP), FP in-
creased). Finally, this could be a inspiration that
how to improve our methods in the future work.

4.5 Analysis
As described in Section 3.4, if DefinitionBERT
works correctly, it should learn the differences and
relationships between the contextual and literal
meanings expressed by the definitions of the target
word during identifying. Therefore, to understand
how DefinitionBERT uses the definitions we pro-
vide, we compute the cosine similarity between htt
and each hdi described in Eq. 2. If a word is pre-
dicted as metaphorical, then the cosine similarity
between its definitions will be very small, and the
definition which expresses the literal sense of its
contextual meaning would always have the smallest
cosine similarity. Inversely, if a word is predicted
as non-metaphorical, the value will be larger, and
the meaning with the greatest cosine similarity will
always be the definition that expresses its contex-
tual meaning.

A specific example is given in Table 2. For ex-
ample, in the sentence, Her husband often abuses
alcohol, ’abuses’ is a metaphorical word; its con-
text meaning is ’a man drinks too much resulting
in a bad effect’. Thus, we infer this metaphorical
meaning is based on the first definition that has
the smallest similarity. In the sentence, This boss
abuses his workers, ’abuse’ is a non-metaphorical
word; its context meaning is ’speaking in a insult-
ing and offensive way’, which obviously is the third
definition that has the greatest similarity. That is
to say, our DefinitionBERT takes advantage of the
definitions during training. The definitions directly
help the model distinguish the contextual and lit-
eral meanings of the target word, which exactly is
our purpose.

4.6 Disscussion
The main reason for the improvements in our exper-
imental results is that we use external knowledge
based on linguistic theories, which is very suitable
and effective for detecting metaphors. The ways
we incorporate the examples and definitions of a

word correspond exactly to the two pre-training
objectives of BERT, which are also its advantages.
However, it seems possible to combine Example-
BERT and DefinitionBERT to attain better perfor-
mance, we can use pre-trained ExampleBERT to
fine-tune DefinitionBERT. But, our experimental
results show that, although its performance can
surpass that of ExampleBERT, but cannot surpass
DefinitionBERT. The possible reason is may due
to the only MaskLM pre-training objective, the
ability of pre-trained ExampleBERT to model the
relationship of a pair-wise is weakened.

RNN-HG and RNN-MHCA proposed by (Mao
et al., 2019), which are inspired also by linguis-
tic theories, focus more on the model architecture
suitable for SPV or MIP; whereas, we focus on ex-
ternal knowledge suited for SPV or MIP. Moreover,
we believe our ExampleBERT and DefinitionBERT
are just base models that can be further improved
by other technology, such as GCN applied in (Ro-
hanian et al., 2020).

Moreover, compared to previous state-of-the-art
models, especially knowledge-based methods like
(Le et al., 2020; Rohanian et al., 2020), our Defini-
tionBERT is highly interpretable while achieving
excellent performance. As described in Section
4.5, because our DefinitionBERT locates the in-
tended meaning of the metaphor in context, it helps
us further interpret metaphors. One approache for
metaphor interpretation is Definition Generation
proposed in (Zayed et al., 2020), which aims to find
the most probable definition/interpretation (if ex-
ists) of the highlighted expression among the given
definitions. Obviously, our DefinitionBERT is very
suitable for this task(dataset). Another approach is
Lexical Substitution explored in (Mao et al., 2018),
where the metaphoric word/phrase is replaced with
its literal counterpart to clarify its semantic mean-
ing. We also believe our DefinitionBERT can be
an alternative method for (Mao et al., 2018).

5 Conclusion

We proposed two simple, but effective, methods
for metaphor detection, which achieve state-of-the-
art performance on two verb metaphor detection
datasets. More importantly, we showed that our
DefinitionBERT is highly interpretable and can be
further applied to metaphor interpretation. For fu-
ture work, we will explore how to use the external
knowledge of words for a sequential task, such as
the VUA ALL POS dataset, which is not evaluated
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Abuse (definitions according to the Oxford Dictionary)
d-1 : use (something) to bad effect or for a bad purpose;misuse.
d-2 : treat with cruelty or violence, especially regularly or repeatedly.
d-3 : speak to (someone) in an insulting and offensive way.

Abuse (samples and cosine similarity between the three definitions)
samples label predict d-1-s d-2-s d-3-s
1.Her husband often abuses alcohol . 1 1 0.1632 0.1948 0.1800
2.This boss abuses his workers . 0 0 0.6448 0.6457 0.6478
3.The actress abused the policeman who gave her a parking ticket . 0 0 0.7344 0.7312 0.7403
4. Do n’t abuse the system . 1 1 0.0274 0.0267 0.0330

Table 2: Examples for the word ’abuse’ from the MOH-X dataset. ’d-1-s’ indicates the cosine similarity between
the feature vector of the first definition and the feature vector of the target word extracted from DefinitionBERT.

in this paper. A simple, crude way is to collect
all the examples of words in the datasets and then
continue to use ExampleBERT according to SPV.
If based on MIP, combining the definitions of all
words into one sentence like this paper do seems
to be a terrible implementation. Moreover, there
are several dictionaries (Zayed et al., 2020) giving
examples and definitions of the word, and the ex-
amples or definitions from different dictionaries are
somewhat different in types and contents, which
may cause a different result when combined with
our methods. Therefore, to obtain better perfor-
mance, we will try resources from different dictio-
naries, where the premise is the definitions of the
words must be non-metaphorical.

Acknowledgments

We thank Mr.Michael McAllister for his valuable
assistance in proofreading this paper. We also ap-
preciate the anonymous reviewers for providing
valuable suggestions.

References
Dan Assaf, Yair Neuman, Yohai Cohen, Shlomo Arg-

amon, Newton Howard, Mark Last, Ophir Frieder,
and Moshe Koppel. 2013. Why ”dark thoughts”
aren’t really dark: A novel algorithm for metaphor
identification. In CCMB, pages 60–65. IEEE.

Julia Birke and Anoop Sarkar. 2006. A clustering ap-
proach for nearly unsupervised recognition of nonlit-
eral language. In EACL.

Eugene Charniak, Don Blaheta, Niyu Ge, Keith Hall,
John Hale, and Mark Johnson. 2000. Bllip 1987-89
wsj corpus release 1. Linguistic Data Consortium,
Philadelphia, 36.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: pre-training of

deep bidirectional transformers for language under-
standing. In NAACL-HLT, volume 1, pages 4171–
4186.

Ge Gao, Eunsol Choi, Yejin Choi, and Luke Zettle-
moyer. 2018. Neural metaphor detection in context.
In EMNLP, pages 607–613.

Luyao Huang, Chi Sun, Xipeng Qiu, and Xuan-
jing Huang. 2019. Glossbert: BERT for word
sense disambiguation with gloss knowledge. In
EMNLP/IJCNLP, volume 1, pages 3507–3512.

Gitit Kehat and James Pustejovsky. 2020. Improving
neural metaphor detection with visual datasets. In
LREC, pages 5928–5933. European Language Re-
sources Association.

Beata Beigman Klebanov, Chee Wee Leong, E. Dario
Gutiérrez, Ekaterina Shutova, and Michael Flor.
2016. Semantic classifications for detection of verb
metaphors. In ACL, volume 2.

Duong Le, My Thai, and Thien Nguyen. 2020. Multi-
task learning for metaphor detection with graph con-
volutional neural networks and word sense disam-
biguation. In AAAI, pages 8139–8146.

Rui Mao, Chenghua Lin, and Frank Guerin. 2018.
Word embedding and wordnet based metaphor iden-
tification and interpretation. In ACL, volume 1,
pages 1222–1231.

Rui Mao, Chenghua Lin, and Frank Guerin. 2019. End-
to-end sequential metaphor identification inspired by
linguistic theories. In ACL, volume 1, pages 3888–
3898.

Tomas Mikolov, Ilya Sutskever, Kai Chen, Gregory S.
Corrado, and Jeffrey Dean. 2013. Distributed repre-
sentations of words and phrases and their composi-
tionality. In NIPS, pages 3111–3119.

George A Miller. 1995. Wordnet: a lexical database for
english. Communications of the ACM, 38(11):39–
41.

Saif Mohammad, Ekaterina Shutova, and Peter D. Tur-
ney. 2016. Metaphor as a medium for emotion: An
empirical study. In *SEM@ACL.

1286



Matthew E. Peters, Mark Neumann, Mohit Iyyer, Matt
Gardner, Christopher Clark, Kenton Lee, and Luke
Zettlemoyer. 2018. Deep contextualized word repre-
sentations. In NAACL-HLT, pages 2227–2237.

Omid Rohanian, Marek Rei, Shiva Taslimipoor, and
Le An Ha. 2020. Verbal multiword expressions for
identification of metaphor. In ACL, pages 2890–
2895. Association for Computational Linguistics.

Elena Semino et al. 2007. Mip: a method for
identifying metaphorically used words in discourse.
Metaphor and symbol, 22(1):1–39.

Ekaterina Shutova, Douwe Kiela, and Jean Maillard.
2016. Black holes and white rabbits: Metaphor
identification with visual features. In HLT-NAACL,
pages 160–170.

Steen and Gerard. A method for linguistic metaphor
identification : from MIP to MIPVU. John Ben-
jamins Pub. Co.

G.J. Steen, A.G. Dorst, J.B. Herrmann, A.A. Kaal,
T. Krennmayr, and T. Pasma. 2010. A method
for linguistic metaphor identification. From MIP to
MIPVU. Number 14 in Converging Evidence in
Language and Communication Research. John Ben-
jamins.

Yulia Tsvetkov, Leonid Boytsov, Anatole Gershman,
Eric Nyberg, and Chris Dyer. 2014. Metaphor de-
tection with cross-lingual model transfer. In ACL,
volume 1, pages 248–258.

Peter D. Turney, Yair Neuman, Dan Assaf, and Yohai
Cohen. 2011. Literal and metaphorical sense iden-
tification through concrete and abstract context. In
EMNLP, pages 680–690.

Yorick Wilks. 1975. A preferential, pattern-seeking, se-
mantics for natural language inference. Artif. Intell.,
6(1):53–74.

Yorick Wilks. 1978. Making preferences more active.
Artif. Intell., 11(3):197–223.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Remi Louf, Morgan Funtow-
icz, Joe Davison, Sam Shleifer, Patrick von Platen,
Clara Ma, Yacine Jernite, Julien Plu, Canwen Xu,
Teven Le Scao, Sylvain Gugger, Mariama Drame,
Quentin Lhoest, and Alexander Rush. 2020. Trans-
formers: State-of-the-art natural language process-
ing. In Proceedings of the 2020 Conference on Em-
pirical Methods in Natural Language Processing:
System Demonstrations, pages 38–45, Online. Asso-
ciation for Computational Linguistics.

Chuhan Wu, Fangzhao Wu, Yubo Chen, Sixing Wu,
Zhigang Yuan, and Yongfeng Huang. 2018. Neu-
ral metaphor detecting with CNN-LSTM model. In
Fig-Lang@NAACL-HLT, pages 110–114.

Omnia Zayed, John Philip McCrae, and Paul Buite-
laar. 2020. Figure me out: A gold standard dataset
for metaphor interpretation. In LREC, pages 5810–
5819. European Language Resources Association.

1287



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 1288–1299
August 1–6, 2021. ©2021 Association for Computational Linguistics

Controlling Text Edition by Changing Answers of Specific Questions

Lei Sha, Patrick Hohenecker, Thomas Lukasiewicz
Department of Computer Science

University of Oxford, United Kingdom
{lei.sha, thomas.lukasiewicz}@cs.ox.ac.uk

patrick@serein.ai

Abstract

In this paper, we introduce the new task of con-
trollable text edition, in which we take as input
a long text, a question, and a target answer, and
the output is a minimally modified text, so that
it fits the target answer. This task is very impor-
tant in many situations, such as changing some
conditions, consequences, or properties in a le-
gal document, or changing some key informa-
tion of an event in a news text. This is very
challenging, as it is hard to obtain a parallel
corpus for training, and we need to first find all
text positions that should be changed and then
decide how to change them. We constructed
the new dataset WIKIBIOCTE for this task
based on the existing dataset WIKIBIO (origi-
nally created for table-to-text generation). We
use WIKIBIOCTE for training, and manually
labeled a test set for testing. We also propose
novel evaluation metrics and a novel method
for solving the new task. Experimental results
on the test set show that our proposed method
is a good fit for this novel NLP task.

1 Introduction

In many cases, we need to change some specific
content in a document. For example, in the legal
domain, the items and conditions in contract doc-
uments often need to be revised many times. We
would like to use artificial intelligence to conduct
this process for human editors. A major difficulty
of this process is that the machine learning model
should decide where to edit and how to edit.

Usually, the place of specific content (“where to
edit”) can be located by a question, and the content
updating (“how to edit”) can be determined by the
answer of the question. Therefore, in this paper, we
propose the new task of controllable text edition
(CTE). In this task, we would like to achieve the fol-
lowing goal: adjust some content of a document D,
to make the answer A of a document-related ques-
tion Q changed to a new answer A′. For example,

Lang Ping (born 10 December 1960) is a former Chinese volleyball player and the current head 
coach of China women's national volleyball team. She was the former head coach of the United 
States women's national volleyball team, herself being the MVP of women volleyball in 1984 
Olympics.

Question (Q): What is Lang PingNs current job?

Original Answer (A): the 

Lang Ping (born 10 December 1960) is a former Chinese volleyball player and the current director 
of the National Sports Administration. She was the former head coach of the United States women's 
national volleyball team, herself being the MVP of women volleyball in 1984 Olympics.

New Answer (AN): the director of the National Sports Administration 

Origin document (D):

Modified document (DN):

Figure 1: The original text D is in the upper box. The
question Q to D has an answer A (in red; its rationale
inD also in red). If we would like to change the answer
to the new answer A′ (in blue), then we have to change
some content in D, yielding the modified text D′ (with
the new content in blue) in the lower box.

in Fig. 1, when we change the red part of the origi-
nal text to the blue part, the answer of the question
turned to the new answer as a consequence.

There are three main challenges in this task:
(1) The machine learning model should decide the
positions that need to be changed in the document.
Usually, finding the answer positions for a given
document-related question is similar to extractive
machine reading comprehension tasks (Zeng et al.,
2020), which requires to fully understand both the
question and the document. Nearly all extractive
machine reading tasks, such as SQuAD (Rajpurkar
et al., 2016, 2018) and CNN/Daily Mail (Hermann
et al., 2015), focus on extracting one span from
the document as answer. Differently from extrac-
tive machine reading, in our task, the answer A is
not necessarily a substring of the document, and
there may exist multiple positions that have to be
changed. Therefore, our task is much more chal-
lenging than extractive machine reading.
(2) The model should generate a new document that
supports the new answer A′ for question Q. Note
that this cannot be solved by directly replacing the
original words in the edit positions with the new
answer A′, because the new answer may not fit
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perfectly with the document, which would make
the document disfluent.
(3) There are nearly no parallel data for model
training, because obtaining a large annotation set
for this task is very hard.1 However, the model may
be trained by lists of triples 〈Q,D,A〉 that can be
obtained from datasets in machine reading and/or
structured data extraction (as described below).

In this paper, we introduce and define the task
of controllable text edition (CTE). We propose
to transform the WIKIBIO dataset (Lebret et al.,
2016) into a list of triples 〈Q,D,A〉 for training.
WIKIBIO was originally designed for table-to-text
generation, in which each case is composed of a
Wikipedia passageD and an infobox (which is a list
of 〈field, content〉2 pairs). In detail, we take each
“field” in the infobox as the question Q, and each
“content” in the infobox as the answer A. There-
fore, for each 〈field, content〉 pair, we can create a
〈Q,D,A〉 triple. After some pruning, we finally se-
lected 26 different Q’s and 141k 〈Q,D,A〉 triples
for the training set, as well as 17.7k triples for the
development set. We also annotated a small test
set of about 1k data for evaluation in the form of
〈Q,D,A,A′, D′〉 (A′ represents the new answer,
and D′ represents the ground-truth modified text).
The resulting new dataset is called WIKIBIOCTE.

In addition, we propose a novel method, called
Select-Mask-Generate (SMG), to solve the pro-
posed CTE task. In this method, we use the se-
lector-predictor architecture by Sha et al. (2021)
to select the answer-related tokens, and we then
use complementary masks to split the text into
an answer-related part and an answer-unrelated
part. Then, we reconstruct the original text
based on the answer-unrelated part and the orig-
inal answer. The reconstruction process is a par-
tial generation method, which only generates the
masked-out part without any length limit. In our
experiments, the SMG model has achieved the
state-of-the-art performance, compared to base-
line models in the generation of modified docu-
ments. The code and the test set WIKIBIOCTE are
available at: https://sites.google.com/view/
control-text-edition/home.

1To annotate a large parallel dataset, we need to prepare
a document, a document-related question, and its expected
answer. Then, the data grader should provide an adjusted
version of the document that satisfies the expected answer,
which requires the data grader to have a high education level.

2In the Wikipedia Infobox, “field” represents the type of
information (such as Name, BirthDate, and Known for), while
“content” represents the value of “field”.

2 Related Work

The proposed task of controllable text edition is
related to the following existing tasks.

2.1 Attribute Disentanglement

Attribute disentanglement tends to control the at-
tributes of a given text or image (such as sentiment,
tense, syntax, or face pose) by disentangling dif-
ferent attributes into different subspaces. When
transferring attributes, the content of the text/image
needs to be preserved. Usually, disentanglement
works can be divided into implicit and explicit dis-
entanglement. Implicit disentanglement (Higgins
et al., 2017; Chen et al., 2018; Moyer et al., 2018;
Mathieu et al., 2018; Kim and Mnih, 2018) sepa-
rates the latent space into several components in a
purely unsupervised way, expecting that each com-
ponent corresponds to an attribute. However, the
number of components cannot be decided in ad-
vance, neither does the correspondence between
attributes and components. Also, the training pro-
cess may prune some of the components (Stühmer
et al., 2019), which will hurt the interpretability of
the latent space. Explicit disentanglement (Chen
et al., 2016; John et al., 2019; Romanov et al., 2019;
Sha and Lukasiewicz, 2021) tends to separate the
latent space into more interpretable components
with explicit correspondence to specific attributes.
Hence, it usually requires gold labels of attributes
in the training set.

In comparison, our task tends to control the con-
tent of the text by tuning answers to text-related
questions. Attribute disentanglement is difficult to
be applied to our task, because the modification
of the content should be decided by both the ques-
tion and the answer simultaneously, which is much
sparser than attributes.

2.2 Lexically Constrained Decoding

Lexically constrained decoding (Hokamp and Liu,
2017; Miao et al., 2019; Sha, 2020) directly con-
trols the output of the generation model by adding
constraints. Usually, the constraints include hard
constraints (requiring the generated sequence to
contain some keywords) and soft constraints (re-
quiring the generated sentence to have the same
meaning to a given text). The basic methods of
lexically constrained decoding can be divided into
enhanced beam search (Hokamp and Liu, 2017;
Post and Vilar, 2018) and stochastic search (Miao
et al., 2019; Liu et al., 2020; Sha, 2020). Enhanced
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Table:
ID Field Content

1 Name Frank Fenner
2 Born 21 December 1914, Ballarat
3 Died 22 November 2010 (aged 95) Canberra
4 Occupation Virology
5 Nationality Australian
6 Known for Eradication of smallpox, Control of Aus-

tralia’s rabbit plague

Text: Frank John Fenner (21 December 1914 – 22 November

2010) was an Australian scientist with a distinguished career

in the field of virology. His two greatest achievements are

cited as overseeing the eradication of smallpox, and the control

of Australia’s rabbit plague by introducing the Myxoma virus.

Table 1: An example of a Wikipedia infobox and a ref-
erence text.

beam search (Hokamp and Liu, 2017; Hasler et al.,
2018; Hu et al., 2019) changes some strategies
in beam search to make the process of searching
for a constraint-satisfying sentence easier. How-
ever, for some tasks with an extremely large search
space, beam-search-based methods may be com-
putationally too costly or even fail (Miao et al.,
2019). Stochastic search tends to edit an initial
sentence step-by-step, where the editing position
and action can be decided by Metropolis-Hastings
sampling (Miao et al., 2019), a discrete scoring
function (Liu et al., 2020), or gradient-based meth-
ods (Sha, 2020). However, lexically constrained
decoding is hard to be applied to our task, because
adjusting the text to fit a text-related question’s
new answer is much more complicated than simply
satisfying a hard or soft constraint.

2.3 Text Editing and Infilling

In some tasks, to simplify the text generation prob-
lem, researchers tend to edit existing text or pro-
totypes to obtain a refined text that satisfies some
specific requirements. Examples are the generation
of summaries by template-based rewriting (Cao
et al., 2018; Hashimoto et al., 2018) and the gener-
ation of text or a response by editing a prototype
sentence (Guu et al., 2018; Pandey et al., 2018; Wu
et al., 2019). In (Yin et al., 2018), the distributed
representations of edit actions are learned and ap-
plied to editing Wikipedia records (Faruqui et al.,
2018) and Github code (Yin et al., 2018). Panthap-
lackel et al. (2020) further integrate a copy mecha-
nism into text editing.

Text infilling (Fedus et al., 2018) means to use
machine learning models to fill the blanks of a cloze
test. Zhu et al. (2019) propose a more general text

infilling task, which allows an arbitrary number of
tokens (instead of a single token) in each blank.

In the above text editing tasks, the goal of editing
is always consistent among all the datasets: for a
better summarization, a better response, or a better
informative sentence. Differently from them, our
proposed task requires the editing to be guided by
the document-related answer of the question. So,
each above case has a different editing goal. Thus,
our task requires deciding where to edit according
to the given question in the first step, and then
deciding how to edit, which makes our task more
complicated than all the above text editing tasks.

3 Dataset

We now formally define the task of controllable
text edition and propose a dataset for this task.

3.1 Task Definition

The task of controllable text edition (CTE) is de-
fined as follows. The input is a triple 〈D,Q,A′〉,
where D is a document, Q is a document-related
question, and A′ is an expected answer for Q to D.
The output is D′, which is a minimal modification
of D such that the answer for Q to D′ is now A′.
Note that the original answer of Q to D is A, but
A is not an input to the task, and usually A 6= A′.

3.2 WIKIBIO as Controllable Text Editing
Dataset

We propose to modify the WIKIBIO dataset (Lebret
et al., 2016) to make it fit for our task. WIKIBIO

was originally designed for table-to-text genera-
tion (Lebret et al., 2016; Sha et al., 2018; Liu et al.,
2018), which generates a celebrity’s biography ac-
cording to his/her basic information. Each example
in the dataset is composed of a Wikipedia infobox
and a text (the first paragraph in the Wiki page)
describing the infobox as shown in Table 1.

In an inverse way, the WIKIBIO dataset can be
taken as a question-answering dataset: each field
can be taken as a question, and each content can be
taken as an answer. For example, in Fig. 1, the field
“Occupation” can be interpreted as question “What
is the person’s occupation?”, and the corresponding
content “Virology” is the answer.

Therefore, we take the text in WIKIBIO as the
document (D) in our task, the field as the ques-
tion (Q), and the content as the answer (A). Due to
the huge cost of data annotation, the model needs
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to be trained without the changed answer (A′) and
the referenced document (D′).

For the creation of the training and development
sets, we count the frequency of fields and select
the fields that occurred more than 5k times in WIK-
IBIO’s training set as candidate questions (Q’s).
Then, we filter out some Q’s that do not have cor-
responding answers in D3. We then get a list of
26 different Q’s as shown in Table 2. After fil-
tering the Q’s according to Table 2, we get 141k
〈Q,D,A〉 triples for the training set and 17.7k
triples for the development set.

Then, we manually labeled a small test set in
which each example contains (D,Q,A) as well as
the changed answer (A′) and the referenced doc-
ument (D′). The annotation process can be illus-
trated as follows:

1. We randomly sampled an equal number of
examples for all the fields in Table 2. For
each field, we sample d1000#F e cases (#F is the
number of selected fields), to make sure that
the size of the test set is around 1k.

2. We assigned a changed answer (A′) to each
example by randomly picking a similar phrase
to the original answer (A). The similar phrase
may occur in different examples, but it shares
the same Q with the original answer (A).

3. We asked human data graders to give a modi-
fied text (D′) for each example according to
the original text (D), question (Q), and the
changed answer (A′). We asked two talented
linguistics to annotate the 1k test set.

Note that there are also other datasets that
are potentially able to be modified as control-
lable text editing dataset, such as SQuAD (Ra-
jpurkar et al., 2016), RACE (Lai et al., 2017), and
MCTest (Richardson et al., 2013). We did not
choose them for the following reasons: (1) For
extractive machine reading tasks like SQuAD (Ra-
jpurkar et al., 2016), the answers are simple sub-
strings of the document, so that in most cases, the
text modification in our task can be solved by a
simple string replacement, which violates the goal
of our task. (2) Multiple-choice machine reading
tasks like RACE (Lai et al., 2017) usually require
full and deep reasoning of the whole document to

3Since D is the first paragraph in the Wikipedia page,
it usually does not contain everything mentioned in the in-
fobox, such as death cause and high school.

birth date 679.4k name 675.8k birth place 659.3k
death date 420.7k death place 377.7k occupation 231.9k
position 199.4k nationality 187.1k spouse 184.0k
fullname 180.2k alma mater 115.5k children 114.9k
residence 112.1k religion 99.3k predecessor 91.0k
successor 90.1k known for 63.4k origin 46.6k
country 43.5k education 43.1k instrument 36.7k
college 35.9k citizenship 29.1k ethnicity 28.7k

discipline 11.2k work institutions 5.3k

Table 2: The selected fields from WIKIBIO and their
occurrence in WIKIBIO’s training set. These are taken
as the questions (Q’s) in our proposed task.

get the answer, which would make the text modi-
fication in our task unable to be solved by partial
modification. Differently from them, most con-
tents (A) in WIKIBIO usually cannot be directly
extracted as substrings from the document (D). Be-
sides, the contents usually has some related infor-
mation that should be modified at the same time.
For example, if somebody is a pianist, then he/she
may have received a piano award instead of a gui-
tar award. Therefore, WIKIBIO satisfies the goal
of our proposed task: making minimal changes to
the original document to make it fit the changed
answer (A′).

4 Select-Mask-Generate (SMG) Method
for Controllable Text Edition

We introduce the training and testing method of our
proposed method. In the training phase, the model
is trained to learn to recognize answer-related (A-
related) tokens and learn to fill new-answer-related
(A′-related) tokens into the blanks after deleting
answer-related tokens.

4.1 Training Phase

In the training phase, we only have Q, D, and
A. So, we teach the model to (1) identify answer-
related information, and (2) be able to reconstruct
D from A and (D −Ap) (the original text with all
answer-related information masked out, where Ap
means the predicted answer-related tokens).

The model architecture is shown in Fig. 2. In-
spired by InfoCal (Sha et al., 2021), we use a
Selector-Predictor architecture to identify the least-
but-enough answer-related words in the original
document (D). The main architecture of the Selec-
tor network is a BiLSTM model, which samples4

a binary-valued mask (M ) for each input token
(called answer mask), denoting whether to select

4The sampling process is implemented by Gumbel Soft-
max (Jang et al., 2016), which is differentiable.
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Selector

m1x1, . . . , mnxn (1 − m1)x1, . . . , (1 − mn)xn

Context Decoder Answer Decoder 

D : x1, x2, . . . , xn

Context Mask
(1 − M)

Ã

Gold Answer A

LA

Answer Encoder

Gold Answer A

D̃

Original text D

Lrecon

train

Modified text: D′

New Answer: A′

test

train

test

Answer Mask (M)

Figure 2: The architecture of our SME model. In the
testing phase, we need to replace the input to the an-
swer encoder from the gold answer A to the new an-
swer A′, then the output of the context decoder will
become the modified text D̃′.

this token as answer-related token (1) or not (0).
Given an input document D = {x1, . . . , xn} and a
question Q, the Selector samples an answer-related
mask M = {m1, . . . ,mn} as follows:

M ∼ Sel(M |D,Q), (1)

where “Sel” represents the selector network. Then,
we call the complement of the answer mask (M =
1−M ) as the context mask, and we denote context
template as the token sequence after masking out
the answer-related tokens.

4.1.1 Answer Reconstruction
We require that the answer-related information con-
tains everything about the answer A, so we use
an answer decoder to reconstruct an answer se-
quence Ã. Then, we calculate the reconstruction
loss LA as follows:

pa(Ã|M,D) = DecA(
1∑
jmj

∑

i

mixi), (2)

LA = EM∼Sel(M |D,Q)pa(A|M,D), (3)

where DecA is the answer decoder, and pa is the
sentence distribution generated by DecA. Note that
the input to DecA is the average vector of the se-
lected token vectors: the answer-related tokens are
usually very few, so it is not necessary to use heav-
ier encoders like LSTMs (Hochreiter and Schmid-
huber, 1997) or transformers (Vaswani et al., 2017).

4.1.2 Document Reconstruction
On the other hand, D should be reconstructed by
the context template and the gold answer A. We

use an LSTM encoder EncD to encode the context
tokens as shown in Eqs. 4 and 5:

h′1, . . . , h
′
n = EncD([m1x1, . . . ,mnxn]), (4)

Hm = Maxpooling(h′1, . . . , h
′
n), (5)

where h′1, . . . , h
′
n are the encoding vectors corre-

sponding to each input token. We then take the
averaged word vector of the input gold answer A,
denoted VA, as an external condition of the decoder.

Differently from conventional decoders, our de-
coder only partially generates tokens to fill in the
blanks of the context templates, as shown in Fig. 3.
This brings two changes in the training phase: (1)
we only need to calculate the loss caused by the
tokens filled in the blank, and (2) the model needs
to learn an external end-of-answer (EOA) token
Seoa for each token filled in the blanks. The EOA
token is very important because it is an indicator
about when to stop filling the current blank.

Learning to generate the words. In each time
step t of the decoder, we use an LSTM (Hochreiter
and Schmidhuber, 1997) unit to predict the next
word yt and the EOA token Seoa as follows:

ht = FLSTM([yt−1, VA], ht−1), (6)
[
hw
heoa

]
=

[
σ
σ

]
Fm(ht), (7)

slstm
t (w) = Fw(hw), (8)

p(S̃eoa(t)) = Softmax
(
Feoa(heoa)

)
, (9)

where hw and heoa are hidden layers (the time step
index t is omitted), FLSTM is an LSTM cell, Fm,
Fw, and Feoa are linear layers, and slstm

t (w) is a
scoring function that suggests the next word to
generate. p(S̃eoa(t)) is the probability distribution
of the EOA token.

Note that in the decoder, we use the copy mech-
anism (Gu et al., 2016), which encourages the
decoder to generate words by directly copying
from the input context sequence D and answer se-
quence A. The copy mechanism computes a copy
score scopy

t (w) for each word inD andA. Then, the
generated probability of each word is computed as:

st(w) = slstm
t (w) + s

copy
t (w), (10)

pt(w) = Softmax(st(w)). (11)

Thus, the document D’s reconstruction loss is as
follows:

Lrecon = −EM
[∑

t

mt log pt(yt|M,A)
]
, (12)

1292



where M ∼ Sel(M |D,Q), the mask mt is multi-
plied in each time step, because we only need the
losses of blank-filling tokens.

Learning the end-of-answer (EOA) tags. We
have an EOA tag for each blank-filling token. The
EOA tag is 1 if the corresponding token is the last
token in the blank. For the other blank-filling to-
kens, the EOA tag is 0. The gold EOA tag in each
time step geoa

t can be computed by the difference
between the previous answer mask mt−1 and the
current answer mask mt. There are three possible
values (−1, 0, and 1): geoa

t = 0 when the difference
is −1 or 0, and geoa

t = 1 when the difference is 1.
Then, we have the cross-entropy loss as Eq. 13:

geoa
t = max(mt−1 −mt, 0)

Leoa = −EM
[∑

t

(
geoa
t mt log p(Seoa(t) = 1)

+ (1− geoa
t )mt log p(Seoa(t) = 0)

)]
.

(13)

Therefore, the final optimization objective is shown
in Eq. 14:

L = LA + λrLrecon + λeoaLeoa, (14)

where λr and λeoa are hyperparameters.

4.2 Inference Phase

In the inference phase, we take the new answer A′

as the input to the context decoder instead of the
gold answer A. Then, the output of the context
decoder will become the modified text D̃′.

We choose an autoregressive partial genera-
tion method for inference. Our partial generation
method can fill the blanks with any-length phrases
and can directly replace any decoder, which cannot
be done by any existing alternative methods. For
example, in the method using global context (Don-
ahue et al., 2020), it is an pretrained language
model by itself. However, in our architecture, the
masks are decided by the selector module. There-
fore, even the number and length of the blanks
cannot be decided before training. So, the ground-
truth target sequence for the finetuning of the pre-
trained language model would also be hard to de-
cide. Therefore, the partial generation method is
the best choice for our task.

4.2.1 Partial Generation
Since we already have a context template when
we are generating the modified document, we only
need to generate tokens to fill the blanks in the

Decoder

[Mask] [Mask]

State:

EOA:

[Mask] [Mask]

0 1 1 1 1 0

0 0 0 0 1

0

- -

Content 

pattern:

1

1

0

-

w1 w2 w5 w9

ỹ3 ỹ4 ỹ5

w6 w10

ỹ1 ỹ2 ỹ6

……

……

…………

hm

Figure 3: The partial decoding process. This process re-
quires two tags (state and EOA tag) for indicating when
to start generation and when to stop generation.

context template. The partial decoding process is
shown in Fig. 3. We use an indicator state= 0
to denote the reading mode (reading the context
template words), and state= 1 to denote the writing
mode (generating the blank-filling words). The
basic generating process is described as follows:
when the model is reading the context template, if
it meets a masked token, the mode turns to writing
mode, and it starts to generate words to fill the
current blank. When the EOA tag turns to 1, or
the decoding length lg surpassed a limit lmax, the
mode turns back to reading mode. Note that this
decoding process can generate an arbitrary number
of words for each blank, and we can fill all blanks in
a context template in a single decoding pass, which
is much more efficient than MaskGAN (Fedus et al.,
2018) and text filler (Zhu et al., 2019). The detailed
algorithm is shown in Algorithm 1.

5 Experiments

In the experiment part, we proposed some spe-
cific evaluation metric for our controllable text
edition task and then compare and analysis the
performance of our proposed method (SMG) on
the WIKIBIOCTE dataset.

5.1 Evaluation Metrics

For the evaluation of the modified document D̃′, we
use the following two automatic evaluation metrics:

(1) BLEU (D̃′ vs. D′): This metric measures the
BLEU score (Papineni et al., 2002) between the
generated modified document D̃′ and the reference
document D′.

(2) iBLEU (Sun and Zhou, 2012): This metric is
previously widely used in evaluating paraphrase
generation tasks (Liu et al., 2020; Sha, 2020).
iBLEU is defined as: iBLEU = BLEU(D̃′, D′)−
αBLEU(D̃′, D)5, which penalizes the similarity

5α is set to 0.9, which is consistent with previous
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Algorithm 1: The decoding process.
Input: Context template: C
Output: Generated Sequence: D̃′

Data: Read-write state: S, End-of-answer label:
Seoa, Context template index: Ic, Local
generate length: lg , current input token xin

S ← 0, Ic ← 0, lg ← 0, D̃′ ← [];
Set the first input token xin ← C[0];
for each time step t← 1, 2, . . . do

Calculate ỹt by Eqn. 11;
Calculate Seoa by Eqn. 9;
if S = 0 then

D̃′ ← D̃′ + [C[Ic]];
if C[Ic] 6=‘[M]’ and C[Ic + 1] =‘[M]’

then
Ic ← Ic + 1;
while C[Ic] =‘[M]’ do

Ic ← Ic + 1;
end
if Seoa 6= 1 then

S ← 1;
end

end
else if C[Ic] 6=‘[M]’ and C[Ic + 1] 6=‘[M]’

then
Ic ← Ic + 1;

end
end
else if S = 1 then

D̃′ ← D̃′ + [ỹt], lg ← lg + 1;
if Seoa = 1 or lg ≥ lmax then

S ← 0, lg ← 0;
end

end
if S = 0 then

xin ← C[Ic];
end
else if S = 1 then

xin ← ỹt;
end

end
return D̃′;

between the modified document D̃′ and the original
document D. The goal of this metric is to measure
the extent to which the model directly copies words
from the original document D without taking any
content from A′.

(3) diff-BLEU ratio: diff-BLEU is a BLEU score
computed between D̃′ and a difference sequence
between the gold modified document D′ and the
original document D. The difference sequence
is obtained by masking out the longest common
sequence between D and D′ from D′. Since this
maximum value of this BLEU score is the BLEU
value between the gold modified document D′ and
the difference sequence, we use their quotient as

works (Liu et al., 2020).

Seq2Seq SMG (g) SMG (p)

BLEU (D̃ vs. D) 82.21 89.29 87.53
iBLEU 5.63 10.05 8.94
diff-BLEU ratio 21.3% 62.5% 59.8%
Perplexity 198 235 373
Human (Correctness) 73.5% 80.2% 76.9%
Human (Fluency) 4.56 4.54 4.32

Table 3: The overall performance of all competing
methods. SMG (g) denotes that the method SMG is
using the gold templates for partial generation, and
SMG (p) denotes that the method SMG is using the
predicted templates for partial generation.

Random Seq2Seq SMG

BLEU (predicted template) 21.5 59.5 89.1
Answer F1 0.14 0.55 0.68

Table 4: Performance of answer-related words selec-
tion.

the diff-BLEU ratio score as shown in Eq. 15:

diff-BLEU ratio =
BLEU(D̃′, D′ −D)

BLEU(D′, D′ −D)
. (15)

(4) Perplexity: This metric measures the fluency of
the generated content-modified document D̃′. We
applied a third-party language model (Kneser-Ney
language model (1995)) as the perplexity evaluator.
We trained the language model on the whole train-
ing set of WIKIBIO, and use the trained model as
the evaluation of fluency, where a lower perplexity
value is better.

Besides, we used human effort to evaluate
two aspects of the content-modified document D̃′.
Correctness is an accuracy score from 0.0% ∼
100.0%, which evaluates whether D̃′ has success-
fully turned the answer of question Q from A to A′.
Fluency is from 0.0∼ 5.0, which evaluates whether
D̃′ is fluent from a human being’s view. The scor-
ing details are in the supplemental materials.

Also, in our method, the selection of answer-
related words is very important, so we have two
evaluations for the selection part:
(1) BLEU (predicted template) is the BLEU score
between the predicted template (the token sequence
after we masked out the answer-related words from
the text D) and the gold template (the common
sequence of D and D′).
(2) Answer F1 measures the Bag-of-words (BOW)
F1 value of the generated answer Ã compared
to the gold answer A. This metric is difficult to
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Input

D: george evans -lrb- born 13
december 1994 -rrb- is an en-
glish footballer who plays as
a midfielder or centre-back for
manchester city .

D: andrei UNK -lrb- born 1975 in satu mare , romania -rrb-
is a retired romanian aerobic gymnast . he had a successful
career winning four world championships medals -lrb- two
gold , one silver , and one bronze -rrb- after his retirement
in 1997 he went with to germany where he works as a
gymnastics coach at the UNK gymnastics club in hanover .

D: andrew justin stewart coats -lrb- born 1 february 1958 -rrb- is
an australian – british academic cardiologist who has particular
interest in the management of heart failure . his research turned
established teaching on its head and promoted exercise training -lrb-
rather than bed rest -rrb- as a treatment for chronic heart failure . he
was instrumental in describing the “ muscle hypothesis ” of heart
failure .

Q: position Q: discipline Q: nationality

A′: halfback quarterback A′: basketball player A′: philippines filipino

Seq2Seq

D̃′: george evans -lrb- born 13
december 1994 -rrb- is an english
footballer who plays as a mid-
fielder or centre-back for manch-
ester city . he was a quarterback
halfback in the manchester .

andrei UNK -lrb- born 1975 in satu mare romania is a retired
romanian aerobic gymnast basketball he had a successful
career winning four world championships medals -lrb- two
gold , one silver , and one bronze , after his retirement
in 1997 he went with to germany where he works as a
gymnastics coach at the UNK basketball club

andrew justin stewart coats -lrb- born 1 february 1958 is an filipino –
british academic cardiologist who has particular interest in the man-
agement of heart failure . his research turned established teaching
on its head and promoted exercise training -lrb- rather than bed rest
-rrb- as a treatment for chronic heart failure . he was instrumental in
describing the “ muscle hypothesis ” of philippines

With gold
template
(SMG(g))

D̃′: george evans -lrb- born 13
december 1994 -rrb- is an en-
glish footballer who plays as a
halfback and quarterback for
manchester city .

D̃′: andrei UNK -lrb- born 1975 in satu mare , romania -rrb-
is a retired romanian basketball player . he had a success-
ful career winning four world championships medals -lrb-
two gold , one silver , and one bronze -rrb- after his retire-
ment in 1997 he went with to germany where he works as a
basketball coach at the UNK basketball club in hanover .

andrew justin stewart coats -lrb- born 1 february 1958 -rrb- is an
filipino academic cardiologist who has particular interest in the man-
agement of heart failure . his research turned established teaching
on its head and promoted exercise training -lrb- rather than bed rest
-rrb- as a treatment for chronic heart failure . he was instrumental in
describing the “ muscle hypothesis ” of heart failure .

With
predicted
template
(SMG(p))

D̃′: george evans -lrb- born 13
december 1994 -rrb- is an half-
back footballer who plays as a
midfielder or quarterback for
manchester city .

andrei UNK -lrb- born 1975 in satu mare , romania -rrb- is
a retired romanian basketball player . he had a successful
career winning four world championships medals -lrb- two
gold , one silver , and one bronze -rrb- after his retirement
in 1997 he went with to germany where he works as a
gymnastics coach at the UNK gymnastic club in hanover .

D̃′: andrew justin stewart coats -lrb- born 1 february philippines
academic cardiologist who has particular interest in the management
of heart failure . his research turned established teaching on its
head and promoted exercise training -lrb- rather than bed rest -rrb-
as a treatment for chronic heart failure . he was instrumental in
describing the “ muscle hypothesis ” of heart failure .

Table 5: The example generated cases of competing methods. The underlined tokens are gold answer-related
tokens. The bold tokens in the “Input” row are predicted answer-related tokens. In the other three rows, the bold
tokens are the modified tokens that are related to the given new answer A′.

achieve, because it requires both to select the cor-
rect answer-related tokens and to generate the cor-
rect words for the answer A.

5.2 Overall Performance

We compare our method (SMG) with a baseline
method (Seq2Seq). In Seq2Seq, the difference with
SMG is that the decoder part is a conventional
decoder that completely generates the modified
document D̃′ ignoring the context template. The
overall performance is shown in Table 3.

In Table 3, we see that our SMG method has
outperformed the Seq2Seq baseline in nearly all
evaluation metrics, no matter whether the context
template applied to the decoding phase is gold or
predicted. Especially, in the two most important
metrics for the performance of controllable text edi-
tion: iBLEU and diff-BLEU ratio, our model has
achieved a significantly higher score than compet-
ing methods. These results show that our method
is effective in controllable text edition.

The human evaluation results are also listed in
Table 3. The inter-rater agreements are all ac-
ceptable (> 0.85) due to Krippendorff’s princi-
ple (2004). According to the human evaluation,
when we are using the gold template for partially
generating, both the correctness and the fluency of
the partially generated text D̃′ are better than us-
ing the predicted template, which is also consistent
with our intuition. Note that the perplexity score

and the fluency score of Seq2Seq are the best of all
the three methods; this is because in the partially
generated text, the end position of each blank may
not fit very well with the next word sometimes,
although we have trained an EOA tag.

Table 4 shows the experiments evaluating the
selection of answer-related words. We can see that
our SMG model has a higher BLEU (predicted
template) score than the Seq2Seq model. This fact
shows that partially training the blank-filling tokens
helps for the selection of answer-related tokens.
Also, our model SMG has achieved a higher answer
F1 score (0.68) than competing methods.

5.3 Case Study

We have listed some examples of the modified doc-
ument D̃′ generated by the three competing meth-
ods (Seq2Seq, SMG(g), and SMG(p)) in Table 5.
We can see that although the answer-related words
are already masked out, Seq2Seq still always gener-
ates the words in the original answerA and tends to
mix up the words in A and the changed answer A′

(like in the second example, Seq2Seq mixed “gym-
nastic” and “basketball” together.) Also, Seq2Seq
cannot precisely change everywhere what should
be modified, for example, in the second example,
Seq2Seq failed to change “gymnastic coach” to
“basketball coach”. In the SMG methods, when we
are using the gold template for partial generation,
the model is able to generate the correct words aim-
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ing to change Q’s answer to A′. Although there is
still some risk to have some answer-related tokens
left unchanged due to the error in the predicted
template, the context tokens in the predicted tem-
plate are ensured to be generated. Therefore, our
model with predicted template is more fit for NLP
products than Seq2Seq.

6 Conclusion

In this paper, we proposed a novel task, the goal of
which is to modify some content of a given text to
make the answer of a text-related question change
to a given new answer. This task is very useful in
many real-world tasks, like contract editing. We
constructed a test set for evaluation and released
this test set. We also proposed a novel model SMG
to solve this task. In SMG, we first use a selector-
predictor structure to select the answer-related to-
kens in the input document, then we use a novel
partial generation technique to generate the modi-
fied document without changing answer-unrelated
tokens in the original document. The experiments
proved the effectiveness of our model.
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Appendices

A Human Evaluation Question Marks

Our annotators were asked the following questions,
in order to assess the correctness and fluency of the
modified document provided by our model.

A.1 Correctness of modified document
Q: Do you think the modification of the document
is correct so that it can make the question answer
pair 〈Q,A′〉 true? (For partially correct cases: Par-
tially correct means some places are changed to
the new answer, and some places keep the old an-
swer. In this case, only all places (that need to
be changed) have been changed can be taken as
correct. )

Please choose “Yes” or “No”.
After all human annotators finished their work,

the correctness score is calculated by dividing the
number of “Yes” by the total number of examples.

A.2 Fluency
Q: How fluent do you think the modified document
is?

Please choose a score according to the following
description. Note that the score is not necessarily
an integer, you can give scores like 3.2 or 4.9 , if
you deem appropriate.

• 5: Very fluent.

• 4: Highly fluent.

• 3: Partial fluent.

• 2: Very unfluent.

• 1: Nonsense.

B Experiment Details

The word embedding size is 300. The BiLSTM
in the selector model has the following hyperpa-
rameters: hidden size = 200. The hidden size of
decoder’s LSTM cell is 200. The rest hyperparame-
ters has the following values: λr = 1.0, λeoa = 10.
The hyperparameters are obtained by grid search,
the search scopes are λr ∈ [0.0, 2.0] with step size
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0.2, λeoa ∈ [1, 20] with step size 1, the hidden size
are searched in [100, 500] with step size 50. The
best hyperparameters are selected when the model
achieves the highest answer’s F1 in the develop-
ment set. The total parameter size is 72M . Each
training epoch costs about 1.5 hours on V100 GPU.
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Abstract

Automated program repair (APR) aims to
find an automatic solution to program lan-
guage bugs without human intervention, and
it can potentially reduce debugging costs
and improve software quality. Conven-
tional approaches adopt learning-based meth-
ods such as sequence-to-sequence models for
the patches generation. However, they tend to
ignore the code structure information and suf-
fer from grammar and syntax errors. To con-
sider the grammar and syntax information, in
this paper, we propose a grammar-based rule-
to-rule model, which regards the repair pro-
cess as the transformation of grammar rules,
and leverages two encoders modeling both the
original token sequence and the grammar rules,
enhanced with a new tree-based self-attention.
Besides, to guarantee grammar correctness,
we employ a grammatically restricted infer-
ence method to generate each grammar rule in
a legally constrained sub-search-space consid-
ering the generated previous rules. Experimen-
tal evaluations on a Java dataset demonstrate
that the proposed approach significantly out-
performs the state-of-the-art baselines in terms
of generated code accuracy.

1 Introduction

Advances in machine learning and the availability
of large corpora of source code have led to growing
developments of software engineers. Researchers
have exploited machine learning to automate sev-
eral development and maintenance tasks, such as
code completion (Svyatkovskiy et al., 2020), com-
ment generation (Hu et al., 2018), code search (Gu
et al., 2018), bug localization (Zheng et al., 2016)
and fixing (Tufano et al., 2018). It’s worth noting
that localizing and fixing bugs is known to be an
effort-prone and time-consuming task for software
developers (Weiss et al., 2007). Hence, several

∗Contribution during internship at Microsoft Research
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Buggy : private UserName Initial ( String name) { return new UserName( name , id ) ; } 

R1:  method-> modifiers type identifier 

parameters block

R2: Modifiers -> private

…
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…
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…
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…

R9 is expanded with one “parameters.”

Fixed : private UserName Initial ( String name , int id ) { return new UserName ( name , id ) ; } 

… … …

… …

Figure 1: Schematic diagram of our model. Source
code is parsed into AST (Abstract Syntax Tree) and
then into a sequence of rules. Each rule consists of one
head token (parent node) and several tail tokens (chil-
dren nodes).

works recently focused on automatically repair-
ing programs without human intervention, which
can improve programmer productivity and software
quality (Tufano et al., 2018; Chen et al., 2019; Va-
sic et al., 2019; Yasunaga and Liang, 2020).

Automated program repair (APR) research is
very active and dominated by techniques based on
static analysis (Mechtaev et al., 2016) and dynamic
analysis (Wen et al., 2018). Meanwhile, APR is
also challenging because fixing bugs is a difficult
task. Previous approaches mainly are based on a
relatively limited and manually-crafted set of fixing
patterns, which need substantial effort and exper-
tise (Saha et al., 2017; Jin et al., 2011; Nguyen et al.,
2013). Moreover, these techniques can only fix
bugs in a given language or a specific application
domain and lack scalability and maintainability.

Very recently, deep learning based approaches,
such as sequence-to-sequence learning (Sutskever
et al., 2014), are proposed to automatically repair
program by learning from massive open-source
projects with numerous bug fixes (Tufano et al.,
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2018; Chen et al., 2019). However, these sequence-
to-sequence methods ignore codes’ structure infor-
mation because they are designed for natural lan-
guage which is significantly different from program
language with strict syntactic and grammatical re-
quirements. Hence, the generated patches of these
methods suffer from grammar and syntax errors.

To address the problem, in this paper, we pro-
pose a novel grammar-based approach to automat-
ically generate fixed patches for automated pro-
gram repair. More specifically, instead of using a
sequence-to-sequence model with code sequence,
we first introduce a grammar-based rule-to-rule
model, which regards the repair process as the
transformation of code grammar rules, as shown
in Figure 1. Second, to guarantee the grammatical
and syntactic correctness, we not only introduce
a rule encoder (together with a token encoder) to
directly extract grammatical features but also em-
ploy a grammatically restricted inference method
to generate the fixed code. Experimental results
conducted on BFPs dataset (Tufano et al., 2018) of
CodeXGLUE (Lu et al., 2021) demonstrate that the
proposed grammar-based approach significantly
outperforms the state-of-the-art baselines.

2 Related Work

Automatic program repair, consisting of automat-
ically finding a solution to software bugs without
human intervention, has recently received signif-
icant attention (Tufano et al., 2018; Chen et al.,
2019; Yasunaga and Liang, 2020). Traditional
approaches generate patch candidates by first ap-
plying a predefined set of mutation operators on
the fault space. They then deploy some heuristics
(Qi et al., 2014) to search among these candidates
for a correct patch that passes all given test cases
(Weimer et al., 2009; Qi et al., 2014). Although
these methods have shown to be able to fix a wide
range of bugs, they can only fix bugs in a given
language or a specific application domain (Saha
et al., 2017; Jin et al., 2011; Nguyen et al., 2013).

Inspired by the development of deep learning in
a variety of problems, researchers attempt to em-
ploy deep learning based approaches to automati-
cally repair code by learning from massive buggy-
fixes pairs (Tufano et al., 2018; Chen et al., 2019;
Vasic et al., 2019; Guo et al., 2020). Tufano et al.
(2018) first presented an end-to-end approach to fix
program language based on sequence-to-sequence
learning. They released datasets of APR and eval-

t1 t2 t3 t4 t5 𝑟1 𝑟2 𝑟3 𝑟4 𝑟5 𝑟1 𝑟2 𝑟3 𝑟4 𝑟5

Pos Enc

Token Emb Grammar Emb Grammar Emb

Token

Encoder

Grammar

Encoder

Pos Enc

Deep Enc

Tree-masked 

Self Attn

Tree-masked 

Self Attn

Interactive 

Cross Attn

Interactive 

Cross Attn

Feed Forward Feed Forward

Self Attn

Cross Attn

Linear

Softmax

Pos Enc

Cross Attn

Grammar

Decoder

Feed Forward

Figure 2: The framework of our proposed model.

uated the performance of neural machine transla-
tion. SequenceR (Chen et al., 2019) employed copy
mechanism based on line level. DeepFix (Gupta
et al., 2017) and SynFix (Bhatia et al., 2018) repair
syntax errors in programs using neural program
representations. Despite their effectiveness, the
generated patches of these methods suffer from
grammar and syntax errors.

Compared to previous works, our proposed ap-
proach has three advantages: (1) we employ the
state-of-the-art Transformer model as the skele-
ton of code repair model; (2) we incorporate the
grammar information of fixing ingredients into our
model by using token and grammar encoders; (3)
we propose a grammar-guided inference method to
guarantee the grammar correctness.

3 Our Approach

In this section, we will first introduce a grammar-
guided rule-to-rule model (Section 3.1), and then
present a grammar-constrained inference method
(Section 3.2).

3.1 Grammar-Driven Model
Our grammar-guided model, which is based on the
state-of-the-art Transformer model (Vaswani et al.,
2017), has a token encoder, a grammar encoder,
and a grammar decoder, as shown in Figure 2.

3.1.1 Token and Grammar Encoder
To model token representations and grammar struc-
tures, we employ token encoder and grammar en-
coder to model code unit and code grammar, re-
spectively. The two encoders have similar model
architecture and different inputs, which are to-
ken sequence {t1, t2, ..., tm} and rule sequence
{r1, r2, ..., rn}. Considering the difference of se-
quence and tree structure, besides conventional
sinusoidal positional embedding (Vaswani et al.,
2017), we also introduce a depth embedding to
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enhance of capacity of modeling tree structure for
the grammar encoder. As for the model struc-
ture, the first sub-layer of encoders is tree-masked
self-attention, the second sub-layer is interactive
cross-attention, and the last sub-layer is a feed-
forward layer.

Depth Embedding We extract the depth infor-
mation of each rule in the corresponding abstract
syntax tree (AST). For the example in Figure 1, the
depth of rule modifiers→ private is depending on
the depth of its head token modifiers, which counts
1 in this example. The final position embedding is
the sum of the sinusoidal position encoding and the
depth embedding.

Tree-Masked Self-Attention To focus on the
local information from directly contacted tokens
or rules, we propose tree-based attention applied
to one head of multi-head self-attention. Formally,
we first build a distance-based mask Mtree, where
Mtree[i, j] = 0 if node i is the parent or one of
the children of j, else Mtree[i, j] = −e9. Then,
we employ the proposed Mtree to one dot-product
attention:

ATT(Q,K, V ) = softmax(
QKT

√
dk

+Mtree)V

(1)
Interactive Cross-Attention The goal of inter-

active cross-attention is to make full use of token
information and syntax information interactively.
Specifically, given the outputs of tree-masked self-
attention in token encoder and grammar encoder,
e.g., Htok and Hgra, the output of interactive cross-
attention can be expressed as:

Otok = Attention(Htok, Hgra, Hgra)

Ogra = Attention(Hgra, Htok, Htok)
(2)

where Attention(·) is the same as standard self-
attention in Transformer.

3.1.2 Grammar Decoder
For each layer in the grammar decoder, the lowest
sub-layer is the masked multi-head self-attention
network, and the top layer is a feed-forward layer,
as shown in Figure 2. Moreover, we design three
attention strategies to integrates source token and
grammar information.

(1) The standard strategy is the same as the
traditional cross-attention in Transformer. Specif-
ically, the query Q comes from the output of de-
coder self-attention, and the key-value pair {K,V }
is transformed only from the output of the grammar

encoder. (2) Figure 2 shows the cascade strategy,
in which we first compute the cross-attention with
token encoder, then use the output as the query to
calculate the cross-attention with grammar encoder.
(3) The parallel strategy attends to each encoder
independently and then sums up the context vectors.
We will compare the three strategies in Section 4.4.

3.2 Grammar-Constrained Inference

Considering the sensitivity and strictness of pro-
gram language, we further propose a grammar-
constrained inference method to guarantee the
grammatical correctness of the output. More specif-
ically, we first build an AST in the inference pro-
cess according to the currently generated rule se-
quence and maintain an indicator to locate the AST
node where the extension is happening. Then, we
filter out the unsatisfactory rules whose head token
is not the current extending node, by using mask
operation in softmax function. Finally, our AST
and indicator can be updated for the next predic-
tion. It is worth noting that the node pointed by the
indicator is the one that should be expanded as a
parent (head token) in the next inference.

Take figure 1 as an example, when R9 has been
predicted, the indicator is pointing the node param-
eters. We limit the search space of the next rules,
which have to satisfy its head node is parameters
(marked by a brown border). Then applicable rule
with the highest probability (R10 in this case) is
chosen and tail tokens type and identifier of R10
are added into AST. Finally indicator is transferred
from parameters to type, denoting that type is the
next expanded node.

4 Experiments

4.1 Datasets and Metrics

Datasets We evaluate our approach on BFPs
dataset (Tufano et al., 2018), a collection of Java
functions on Github Archive. BFPs consists of
58K bug-fixes data and is divided into training,
validation and test sets by 8:1:1. We extracted
4.5K grammar constraints from the dataset in total,
among which 0.5K are related to vocab and others
related to grammar rules.
Metrics Following Tufano et al. (2018), we em-
ploy XMatch, a metric indicating the percentage
of model’s outputs that exactly match the reference,
including Top XMatch and All XMatch. Top Match
only utilizes top 1 of the beams as output, and All
Match uses all beams as outputs to match the refer-
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Method Beam XMatch
(Top)

XMatch
(All) XBug

NMT 1 9.22%* 9.22%* -
(Tufano et al., 2018) 5 - 27.33%* -

Token-Trans 1 10.03% 10.03% 56
5 10.32% 24.02% 44

Rule-Trans 1 10.87% 10.87% 31
5 11.95% 24.94% 14

Our Model 1 11.47% 11.47% 0
5 13.42% 28.03% 0

Table 1: Main results of our model on BFPs. Results
marked with * are from Tufano et al. (2018).

ence. The correlation coefficient analysis of (Ren
et al., 2020) also shows that human evaluation is
more correlated with XMatch than n-gram match-
ing for code repair task. Besides, we employ XBug
as the auxiliary metric to evaluate the grammati-
cal correctness of output, which examines basic
grammar structure of output, like symbol usage
and context matching.

4.2 Experimental Settting

Our model is built on PyTorch and trained on 4
GPUs of TITAN XP for 7 hours. We parse source
code into AST with tree sitter1, and use the same
Transformer setting as Vaswani et al. (2017). The
hidden size is 512. The layer of both two encoders
and decoder is 6. The dropout probability is 0.5.
The number of trainable parameters in our best
model is 49M. We test system performance with
beam size = 1 and 5, and the latter is used as default.

4.3 Main Results

Table 1 shows the results of all models. The first
line is the performance of the previous RNN-based
NMT model (Tufano et al., 2018) on BFPs. Token-
Trans is built on the Transformer model using se-
quences of source code as input, while Rule-Trans
employs grammar sequences as input and output.

Top Match Token-Trans and Rule-Trans mod-
els get the performance of 10.32% and 11.95%
with beam search respectively, which first demon-
strates the model superiority by using grammar
rules. Furthermore, our proposed model outper-
forms Token-Trans and Rule-Trans by 3.1% and
1.5% respectively, indicating the effectiveness of
our proposed grammar-aware modules and infer-
ence method in the APR task.

1http://tree-sitter.github.io/tree-sitter/
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Figure 3: Comparison on different modules (a) and
strategies (b). “deep and tree” means the depth embed-
ding and tree-based attention, and “grammar” demotes
the grammar-constrained inference method.

All Match We verify All Match metric to com-
pare with previous work (Tufano et al., 2018),
which judges correct model predictions if any one
of the beams can fix the buggy code. Results show
that our proposed model suggests 28.03% correct
patches with beam search, and our model performs
better with 2.2% and 0.7% improvements than (Tu-
fano et al., 2018) when beam is 1 and 5 respectively.

XBug We further analyze the grammatical qual-
ity of different models. Token-Trans model suffers
from grammatical errors with 56 samples in the
test set, while in Rule-Trans model, the number de-
creases to 31. Due to the ability to model grammar
rules and guide rule generation of our approach,
our proposed model can effectively avoid grammat-
ical errors, guaranteeing the grammar correctness
of generated patches.

4.4 Effect of Modules and Strategies

In this section, we will evaluate the contribution of
different modules and compare the three combina-
tion strategies described in Section 3.1.2.

Figure 3 shows the XMatch results of differ-
ent models, and we also list the XBug number
in brackets. The results in Figure 3 (a) show that
all of the proposed methods have positive effects.
It’s worth noting that the performance significantly
drops in terms of XBug if we remove the grammar-
constrained inference method. Compare different
combination strategies in Figure 3 (b), parallel strat-
egy performs worse than other strategies, and the
underlying reason is that concatenating token and
grammar sequences results in too long sentences.
Besides, the cascade strategy behaves best because
it can make full use of the token information and
the grammar information provided by encoders.
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5 Conclusion

In this paper, we propose a grammar-guided end-to-
end approach for automated program repair. Partic-
ularly, we introduce three structure-aware modules
and three combination strategies, and present a
grammar-based inference algorithm to guarantee
grammar correctness of generated patches. Experi-
ments on BFPs dataset demonstrate that Grammar-
based system performs better than Token-based
system for both model learning and grammar cor-
rectness. Moreover, system that simultaneously
modeling grammar and its inside token information
showed great potentiality in our works. Besides,
the advantage of grammar-constrained inference
inspires us to explore more about the possibility of
combining grammar constraints with NLP model.
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Abstract

Distantly supervised (DS) relation extraction
(RE) has attracted much attention in the past
few years as it can utilize large-scale auto-
labeled data. However, its evaluation has long
been a problem: previous works either take
costly and inconsistent methods to manually
examine a small sample of model predictions,
or directly test models on auto-labeled data—
which, by our check, produce as much as 53%
wrong labels at the entity pair level in the
popular NYT10 dataset. This problem has
not only led to inaccurate evaluation, but also
made it hard to understand where we are and
what’s left to improve in the research of DS-
RE. To evaluate DS-RE models more credi-
bly, we build manually-annotated test sets for
two DS-RE datasets, NYT10 and Wiki20, and
thoroughly evaluate several competitive mod-
els, especially the latest pre-trained ones. The
experimental results show that the manual eval-
uation can indicate very different conclusions
from automatic ones, especially some unex-
pected observations, e.g., pre-trained models
can achieve dominating performance while be-
ing more susceptible to false-positives com-
pared with previous methods. We hope that
both our manual test sets and observations can
help advance future DS-RE research.1

1 Introduction

Relation extraction (RE) aims at extracting rela-
tional facts between entities from the text. One
crucial challenge for building an effective RE sys-
tem is how to obtain sufficient annotated data. To
tackle this problem, Mintz et al. (2009) propose
distant supervision (DS) to generate large-scale
auto-labeled data by aligning relational facts in
knowledge graphs (KGs) to text corpora, with the

*Corresponding author e-mail: liuzy@tsinghua.edu.cn
1Our code and data are publicly available at https://

github.com/thunlp/opennre.

Musk unveiled the Tesla Cybertruck.
Musk stood in front of a Tesla Model S. 
Musk owns 28.9M Tesla shares.
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Figure 1: Typical errors made by DS evaluation. In the
figure, DS labels the bag with only the relation CEO,
while none of the sentences express the relation. Also,
it misses a correct relation shareholder due to the
incompleteness of the knowledge graphs.

core assumption that one sentence mentioning two
entities is likely to express the relational facts be-
tween the two entities from KGs.

As DS can bring hundreds of thousands of auto-
labeled training instances for RE without any hu-
man labor, DS-RE has been widely explored in
the past few years (Riedel et al., 2010; Hoffmann
et al., 2011; Zeng et al., 2015; Lin et al., 2016;
Feng et al., 2018; Vashishth et al., 2018) and has
also been widely extended to other related domains,
such as biomedical information extraction (Peng
et al., 2017; Quirk and Poon, 2017) and question
answering (Bordes et al., 2015; Chen et al., 2017).

Although DS-RE has achieved great success, we
identify one severe problem for the current DS-
RE research—its evaluation. Existing works usu-
ally take two kinds of evaluation methods follow-
ing Mintz et al. (2009): held-out evaluation, which
directly uses DS-generated test data to approximate
the trend of model performance, and human evalu-
ation, which manually checks the most confident
relational facts predicted by DS-RE models. Since
manually checking is costly, most works with hu-
man evaluation only examine a small proportion
of the predictions. Moreover, different works may
sample different splits of data, making human eval-
uation inconsistent across the literature. Most re-
cent studies even skip the human evaluation for the
above factors and only take the held-out one.
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However, the held-out evaluation can be quite
noisy: there are many false-positive cases, where
the sentences do not express the auto-labeled rela-
tions at all; besides, due to the incompleteness of
KGs, DS may miss some relations, just as shown
in Figure 1. After checking 9, 744 sentences in the
held-out set of NYT10 (Riedel et al., 2010), the
most popular DS-RE dataset, we found that about
53% of the entity pairs are wrongly labeled, em-
phasizing the need for a more accurate evaluation.

To make DS-RE evaluation more credible and
alleviate the trouble of manual checking for later
work, we build human-labeled test sets for two
DS-RE datasets: NYT10 (Riedel et al., 2010) and
Wiki20 (Han et al., 2020). For NYT10, we manu-
ally annotate sentences with positive DS relations
in its held-out test set. We also use a fine-tuned
BERT-based (Devlin et al., 2019) RE model to
predict all “N/A” (not applicable) sentences, and
manually label the top 5, 000 sentences scored as
having a relation. Additionally, we merge some
unreasonably split relations and reduce the number
of relation types from 53 to 25. For Wiki20 dataset,
we utilize both the relation ontology and human-
labeled instances of an existing supervised dataset
Wiki80 (Han et al., 2019) for the test, and then
re-organize the DS training data accordingly.

Based on the newly-constructed benchmarks, we
carry out a thorough evaluation of existing DS-
RE methods, as well as incorporating recently ad-
vanced pre-trained models like BERT (Devlin et al.,
2019). We found that our manually-annotated test
sets can indicate very different conclusions from
the held-out one, especially with some surprising
observations: (1) although pre-trained models lead
to large improvements, they also suffer from false-
positives more severely, probably due to the pre-
encoded knowledge they have (Petroni et al., 2019);
(2) existing DS-RE denoising strategies that have
been proved to be effective generally do not work
for pre-trained models, suggesting more efforts
needed for DS-RE in the era of pre-training. To
conclude, our main contributions in this work are:

• We provide large human-labeled test sets for two
DS-RE benchmarks, making it possible for later
work to evaluate in an accurate and efficient way.

• We thoroughly study previous DS-RE methods
using both held-out and human-labeled test sets,
and find that human-labeled data can reveal in-
consistent results compared to the held-out ones.

• We discuss some novel and important observa-

tions revealed by manual evaluation, especially
with respect to pre-trained models, which calls
for more research in these directions.

2 Related Work

Relation extraction is an important NLP task and
has gone through significant development in the
past decades. In the early days, RE models mainly
take statistical approaches, such as pattern-based
methods (Huffman, 1995; Califf and Mooney,
1997), feature-based methods (Kambhatla, 2004;
Zhou et al., 2005), graphical methods (Roth and
Yih, 2002), etc. With the increasing computing
power and the development of deep learning, neu-
ral RE methods have shown a great success (Liu
et al., 2013; Zeng et al., 2014; Zhang and Wang,
2015; Zhang et al., 2017). Recently, pre-trained
models like BERT (Devlin et al., 2019) have dom-
inated various NLP benchmarks, including those
in RE (Baldini Soares et al., 2019; Zhang et al.,
2019b). All these RE methods focus on training
models in a supervised setting and require large-
scale sufficient human-annotated data.

To generate large-scale auto-labeled data with-
out human effort, Mintz et al. (2009) first use DS to
label sentences mentioning two entities with their
relations in KGs, which inevitably brings wrongly
labeled instances. To handle the noise problem,
Riedel et al. (2010); Hoffmann et al. (2011); Sur-
deanu et al. (2012) apply multi-instance multi-label
training in DS-RE. Following their settings, later
research mainly takes on two paths: one aims
at selecting informative sentences from the noisy
dataset, using heuristics (Zeng et al., 2015), at-
tention mechanisms (Lin et al., 2016; Han et al.,
2018c; Zhu et al., 2019), adversarial training (Wu
et al., 2017; Wang et al., 2018; Han et al., 2018a),
and reinforcement learning (Feng et al., 2018; Qin
et al., 2018); the other incorporates external in-
formation like KGs (Ji et al., 2017; Han et al.,
2018b; Zhang et al., 2019a; Hu et al., 2019), multi-
lingual corpora (Verga et al., 2016; Lin et al., 2017;
Wang et al., 2018), as well as relation ontology
and aliases (Vashishth et al., 2018). Recently, pre-
trained DS-RE models have also been explored,
including both domain-general (Alt et al., 2019;
Xiao et al., 2020) and domain-specific (Amin et al.,
2020) models. Some other latest works (Peng et al.,
2020) utilize DS data for intermediate pre-training
in order to boost supervised RE tasks.

As mentioned in our introduction, the evalua-
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Dataset #rel Train Validation Test
#facts #sents N/A #facts #sents N/A #facts #sents N/A

NYT10† 53 18,409 522,611 74% - - - 1,950 172,448 96%
NYT10 25 17,137 417,893 80% 4,062 46,422 80% 3,899 9,744 32%

(1,940) (157,859) (96%)

Wiki20† 454 203,176 1,050,246 48% 4,333 29,145 48% 4,333 28,897 48%
Wiki20 81 157,740 698,721 59% 17,485 64,607 73% 56,000 137,986 25%

Table 1: The statistics of the datasets used for our benchmarks, including both the original (†) and our modified
versions. We list the numbers of relations (#rel), relational facts (#facts) and sentences (#sents), and N/A rate (N/A)
for these datasets. For NYT10, numbers in brackets are for the held-out test, otherwise for bag-level manual test.

tion of DS-RE has long been a problem, especially
since many existing methods solely rely on auto-
labeled test data. Some preliminaries have noticed
this problem: Jiang et al. (2018); Zhu et al. (2020)
also annotate the test set of NYT10, yet Jiang et al.
(2018) only sample 2, 040 sentences from it, and
Zhu et al. (2020) discard all N/A data from DS,
which are an important part of DS evaluation, and
assume that the original held-out data have either
the DS relations or no relation at all, while we find
that a large proportion of held-out data actually ex-
press some other relations; Li et al. (2020) propose
active testing, an iterative method to correct the
bias of DS evaluation. However, it still requires
consistent human efforts during each evaluation
phase. To the best of our knowledge, our work,
building benchmarks with large-scale manually-
labeled test data, conducts the most comprehensive
human evaluations of DS-RE methods so far.

3 DS-RE Datasets

In this section, we introduce the way we build the
manually-annotated test sets for NYT10 (Riedel
et al., 2013) and Wiki20 (Han et al., 2020). We
show the statistics of these datasets in Table 1.

3.1 NYT10 Dataset

NYT10 is constructed by aligning facts from the
FreeBase (Bollacker et al., 2008) with the New
York Times (NYT) corpus (Sandhaus, 2008). The
original NYT10 dataset contains 53 relations (in-
cluding N/A). After thoroughly examining the
dataset, we found that (1) there are many dupli-
cate instances in the dataset, (2) there is no public
validation set, and some previous works directly
take the test set to tune the model, and (3) the re-
lation ontology is not reasonable for an RE task.
Therefore, we first clean the dataset by removing
duplicate sentences, split a validation set, and then
merge some of the relations as described below.

A New Relation Ontology One example of
NYT10’s improper relation ontology is the rela-
tions related to state/province capitals. There are 12
such relations in the original dataset, representing
region capitals of different countries, while some
of these relations even do not have instances in the
test set. We merge these 12 relations as one unified
relation /location/region/capital, and
we also merge 3 relations related to organization
locations as /business/location. Besides,
we delete relations that only show up in either the
training set or the test set (most of which have very
few sentences). In the end, we get 25 relations in
the new dataset. We provide the detailed relation
list of the new dataset in Appendix A.

Interestingly, we found that training models with
the new dataset leads to a slight performance de-
generation, as shown in Table 2, which is counter-
intuitive (since merging classes usually makes the
task easier). We suspect that the original relation
ontology provides heuristics for the model. For
example, models can learn from the original on-
tology that every sentence with a “US state” as
the head entity expresses the fine-grained relation
/location/us state/capital, which is a
shortcut that cannot be acquired with the merged
relation /location/region/capital. This
shows the bias of the original NYT10 dataset being
inappropriately exploited by models.

Annotated Test Set The original NYT10 dataset
only provides an auto-labeled test set for the held-
out evaluation. Based on the original test set, we
manually annotate all sentences that have a positive
DS label. In addition to that, we also fine-tune a
BERT model (as described in §4.2) to predict the
relations of all sentences originally labeled as N/A,
and annotate the 5, 000 sentences with the highest
predicted scores of non-N/A relations. For each
sentence, we ask 4 annotators to decide whether
it expresses one or more relations among 25 rela-

1308



Model Original New
AUC F1 AUC F1

PCNN+bag+AVG 31.8 38.6 28.4 35.8
PCNN+bag+ATT 33.6 40.2 32.2 39.1

Table 2: AUC and micro F1 (%) of model predictions
on the original NYT10 relation ontology and our new
NYT10 relation ontology (using held-out test).

tions. Note that one sentence may have multiple
relations. Specially, we do not provide any relation
suggestions using DS labels or model predictions
to annotators, in order to avoid the annotators being
biased by the external information.

When aggregating the final annotation results,
we consider each relation for each sentence inde-
pendently. The sentence is regarded to express one
relation if more than half of the annotators labeled
it with this relation. If one sentence gets no votes
for any positive relations in the above process, then
it is labeled as N/A. For annotation conflicts (i.e.,
no candidate relation gets more than half votes),
the authors manually annotate these sentences.

Finally, we obtain the human-labeled test set
with 9, 744 sentences, 32% of which are N/A in-
stances. It contains 5, 174 entity pairs and 3, 899
manually-verified relational facts in total. After
comparing it with the corresponding original DS-
generated labels, we found that at the fact level, the
DS annotations only have a precision of 69.1% and
a recall of 33.9%. At the entity pair level, the accu-
racy of DS labels is only 47.1%. This emphasizes
the need to take the human-annotated test set for
more accurate evaluation in DS-RE.

3.2 Wiki20 Dataset

Han et al. (2020) construct the Wiki20 dataset by
aligning the English Wikipedia corpus with Wiki-
data (Vrandečić and Krötzsch, 2014). To provide
an annotated test set for it, we utilize Wiki80 (Han
et al., 2019), a supervised RE dataset with 80 re-
lations from Wikidata. We re-organize Wiki20 by
adopting the same relation ontology as Wiki80 and
re-splitting the train/validation/test sets, while tak-
ing sentences in Wiki80 as the test set. We make
sure that there is no overlap of entity pairs among
the three splits, to avoid any information leakage.

Note that Wiki20 is quite different from NYT10:
NYT10 labels a sentence as “N/A” if the entity pair
in the sentence does not have a relation in the KG.
On the contrary, Wiki20 labels entity pairs with a
relation outside its relation ontology as “N/A”. In

Sentence encoder

Musk unveiled the Tesla Cybertruck.
Musk stood in front of a Tesla Model S. 
Musk owns 28.9M Tesla shares.
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Figure 2: An illustration for a typical multi-instance
multi-label (bag-level) model. The model aims to pre-
dict relation probabilities for entity pairs, instead of sen-
tences, which is usually accomplished by aggregating
a bag representation and doing classification over it.

other words, “N/A” instances in Wiki20 express
unknown relations instead of no relation.

4 DS-RE Models

In this section, we elaborate the multi-instance
multi-label framework for DS-RE, and introduce
models we evaluate, including both previous meth-
ods and the latest pre-trained ones.

4.1 Multi-instance Multi-label Evaluation
Unlike the supervised RE tasks which usually eval-
uate models at the sentence level, DS-RE evaluates
how well models can extract relational facts from
the corpus, i.e. measuring the precision and recall
of extracted relational facts (a fact is an entity pair
and a relation between them). It is named as multi-
instance multi-label, since each entity pair might
be mentioned in multiple sentences, and one entity
pair can have more than one relation. Under the
framework, models are required to predict the po-
tential relations for each entity pair—according to
all sentences mentioning the pair—during the eval-
uation, as shown in Figure 2. Sentences correlated
with the same entity pair are also named as a bag,
and thus we interchangeably refer to multi-instance
multi-label framework as bag-level framework.

The most popular way to compare DS-RE mod-
els is to plot precision-recall (P-R) curve and cal-
culate the area-under-the-curve (AUC). We also
report micro F1 and macro F1 in our experiments.
Since the numbers of instances for different rela-
tions are extremely imbalanced, macro F1 can bet-
ter demonstrate model performance while avoiding
the bias brought by those major relations.

4.2 Model Details
Sentence-level Training Models are trained in a
sentence-level fashion (as in supervised RE), but
used as a bag-level model during evaluation. As
shown in Figure 2, a typical bag-level model takes
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Model AUC Micro Macro

PCNN+bag+AVG (full) 28.4 35.8 13.3
PCNN+bag+ATT (full) 32.2 39.1 9.5
PCNN+bag+ATT (sample) 31.8 39.6 11.8

Table 3: Comparison between full and sampled bag
training with NYT10 held-out test. For PCNN+bag+
ATT, the sampled bag performs similarly to the full bag,
and it still outperforms PCNN+bag+AVG (full). “Mi-
cro” and “Macro” represent micro and macro F1 (%).

an aggregator to fuse embeddings of all sentences
in the bag, and then feeds the bag-level representa-
tion to the classifier. Here we take two aggregation
strategies: average (AVG), which averages the rep-
resentations of all the sentences in the bag; and
at-least-one (ONE) (Zeng et al., 2015), which first
predicts relation scores for each sentence in the bag,
and then takes the highest score for each relation.

Bag-level Training Directly deploying sentence-
level training for DS-RE suffers from the wrong
labeling problem: one sentence mentioning two
entities may not express its auto-labeled relation.
To alleviate this problem, models can also take
bag-level framework in the training, based on the
expressed-at-least-one assumption (Riedel et al.,
2010): at least one sentence in the bag expresses
the auto-labeled relation. Besides the AVG and
ONE2 strategies mentioned above that can be di-
rectly deployed for bag-level training, Lin et al.
(2016) also propose to use sentence-level attention
(ATT) for aggregation: It produces bag-level repre-
sentation as a weighted average over embeddings
of sentences, and determines weights by attention
scores between sentences and relations.

For our experiments, we take CNN (Liu et al.,
2013), PCNN (Zeng et al., 2015) and BERT (De-
vlin et al., 2019) as options of sentence encoders,
which are all common choices for neural RE mod-
els. We evaluate combinations of different sentence
encoders, training policies, and aggregation strate-
gies, e.g., bag-level trained PCNN with ATT aggre-
gator (PCNN+bag+ATT) or sentence-level trained
BERT with ONE aggregator (BERT+sent+ONE).
Besides, we evaluate several representative DS-RE
models from literature, namely RL-DSRE (Qin
et al., 2018), which takes deep reinforcement learn-
ing for denoising training instances, BGWA (Jat

2During training, since we have DS label r for the bag,
we directly take the sentence embedding that has the highest
score for r as the bag-level representation.

et al., 2017), which takes both word-level and
sentence-level attention, and RESIDE (Vashishth
et al., 2018), which introduces side information like
relation aliases to put soft constraints on prediction.

For BERT-based sentence encoder, there are
some practical challenges when adopting bag-level
training: in the worst cases, one bag can contain
thousands of sentences, which are beyond the ca-
pacity of most computing devices due to the large
size of pre-trained models. To address this issue,
we take a random sampling strategy during training:
for each bag, we randomly sample b sentences, in-
stead of taking all of them. For evaluation, we use
the same routine as other non-pre-trained encoders,
taking all of the sentences into account (because
back propagation is not needed here so the bag can
be split into several batches). Since this is differ-
ent from the original bag-level training, we carry
out a pilot experiment to examine the effect of the
sampled training. From Table 3, we can see that
our sampling strategy does not significantly hurt
the performance of the bag-level training.

We also add another variant, BERT-M, in our
evaluation. We observe from the top predictions of
BERT models (Figure 3) that BERT tends to make
false-positive errors for entity pairs that express a
relation in the KG but do not have any sentence
truly expressing the relation in the data, probably
due to that model learns shallow cues solely from
entities. Thus, following Peng et al. (2020), we
mask entity mentions during training and inference
to avoid learning biased heuristics from entities.

5 Experiment

5.1 Implementation Details

We use the OpenNRE toolkit (Han et al., 2019) for
most of our experiments, including both sentence-
level and bag-level training. For CNN and PCNN,
we follow the hyper-parameters of Han et al.
(2019). For BERT, we use pre-trained checkpoint
bert-base-uncased for initialization, take a
batch size of 64, a bag size of 4 and a learning rate
of 2×10−5,3 and train the model for 3 epochs. For
RL-DSRE, RESIDE and BGWA, we directly use
their original implementation.

5.2 Evaluation Settings

We take three different settings in our experiments:

3This is determined by a grid search over batch sizes in
{16, 32, 64} and learning rates in {1e-5, 2e-5, 5e-5}.
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Model Bag Strategy Held-out Bag-level Manual Sentence-level Manual
AUC Micro Macro AUC Micro Macro AUC Micro Macro

CNN - AVG 20.0 30.3 6.5 48.7 50.4 21.3 52.0 53.3 22.1
- ONE 21.2 31.8 7.2 50.5 51.6 19.8 52.0 53.3 22.1

PCNN

- AVG 20.4 30.9 9.0 49.4 51.6 22.6 52.2 54.3 23.2
- ONE 21.4 31.9 7.8 51.1 52.6 23.8 52.2 54.3 23.2

X AVG 28.4 35.8 13.3 52.9 53.6 23.5 56.0 55.9 22.9
X ONE 28.4 36.0 8.0 53.4 54.8 24.5 55.5 56.7 22.2
X ATT 32.2 39.1 9.5 56.8 56.5 25.5 57.1 56.1 23.6

RL-DSRE X - 32.6 39.5 13.4 55.1 55.9 26.4 55.6 56.1 23.9
BGWA X - 31.0 37.4 11.6 47.8 54.0 14.1 42.2 48.9 7.2

RESIDE X - 33.4 40.5 16.9 35.8 43.3 10.2 43.2 47.9 19.8

BERT

- AVG 50.5 51.2 21.6 60.3 62.4 35.3 63.2 64.3 34.1
- ONE 50.5 51.6 21.2 61.3 62.9 36.1 63.2 64.3 34.1

X AVG 43.0 47.4 22.4 56.7 60.4 35.7 60.4 63.9 34.6
X ONE 38.5 46.1 10.9 58.1 61.9 33.9 61.5 65.1 32.1
X ATT 27.8 37.4 13.4 51.2 54.1 25.8 54.2 57.2 26.4

Table 4: Results (%) on NYT10, including the held-out evaluation, bag-level manual evaluation, and sentence-
level manual evaluation. The “bag” column indicates whether the model uses bag-level training, and the “strategy”
column shows the bag aggregation policy. We report the AUC, micro F1 (Micro) and macro F1 (Macro) scores.

Held-out evaluation: We take the test data of
the original DS datasets for evaluation. The trend
of this evaluation should be consistent with the
reported results in most DS-RE literature.

Bag-level manual evaluation: We take our
human-labeled test data for bag-level evaluation.
Since annotated data are at the sentence-level, we
construct bag-level annotations in the following
way: For each bag, if one sentence in the bag has
a human-labeled relation, this bag is labeled with
this relation; if no sentence in the bag is annotated
with any relation, this bag is labeled as N/A.

Sentence-level manual evaluation: As we
wonder how well bag-level-trained models can han-
dle sentence-level predictions, our human-labeled
test set is also used for a sentence-level evaluation.

We report AUC, micro F1 and macro F1 for all
above evaluation settings. We take the best micro
F1 on the P-R curves and use the corresponding
threshold for calculating macro F1. Considering
the difference between NYT10 and Wiki20, we
evaluate models on the two datasets respectively.

5.3 The Results on NYT10
Table 4 shows the main results on NYT10. We also
plot P-R curves of selected models in Appendix B.
Overall, for all three settings, training pre-trained
models in a sentence-level style always perform
the best, while applying bag-level training strate-
gies can significantly boost the performance when
taking other non-pre-trained encoders. Feng et al.
(2018) observe that bag-level training is not helpful

0 20 40 60 80
Recall (%)

30

40

50

60

70

80

90

100

P
re

ci
si

on
 (%

)
P-R Curve

Manual PCNN+bag+ATT
Held-out PCNN+bag+ATT
Manual BERT+sent+ONE
Held-out BERT+sent+ONE

Figure 3: Comparisons of using bag-level manual test
(solid lines) and corresponding held-out test (dotted
lines). Both absolute and relative scores of models sig-
nificantly change when taking on human-labeled data.

in the sentence-level evaluation, which contradicts
our observation. We suspect that it is because Feng
et al. (2018) only manually check a small propor-
tion of test data, leading to a biased result.

More importantly, by comparing the held-out
test results to the manual ones, we come to the
conclusion that manual evaluation matters: auto-
labeled and human-labeled test data lead to very
different observations. For example, the compar-
isons between PCNN and RL-DSRE, and BGWA
and RESIDE are reversed when taking different
evaluations. Also, the performance gaps between
different models become much smaller when it

1311



0 20 40 60 80
Recall (%)

30

40

50

60

70

80

90

100

P
re

ci
si

on
 (%

)

P-R Curve (Bag-level Manual Test)
BERT+sent+AVG
BERT+sent+ONE
BERT-M+sent+AVG
BERT-M+sent+ONE
BERT+bag+AVG
BERT+bag+ONE
BERT+bag+ATT

Figure 4: Comparisons of different DS-RE models with
BERT on NYT10 bag-level manual test set.

comes to the manual test. Since our manual test
set is smaller than the original held-out one (be-
cause we did not annotate all N/A sentences), to
make a clearer comparison, we evaluate two se-
lected models on the bag-level manual test set and
on the corresponding instances in the held-out test
set, respectively, and we plot the P-R curves in Fig-
ure 3. It shows that not only the absolute values
of the two measurements differ a lot, but it also af-
fects the relative performances between the models.
For instance, BERT+sent+ONE shows a consider-
able advantage over PCNN+bag+ATT at the top
predictions on the held-out test set, but it is com-
pletely the opposite case at the manual test, where
BERT+sent+ONE is even significantly worse than
PCNN+bag+ATT. It clearly suggests that using the
held-out test set cannot well demonstrate the real
pros and cons of the models.

Compared to others, BGWA and RESIDE suffer
an extreme change in performance between the
held-out and manual evaluations, and we suspect
that it is due to the fact that they use entity types as
extra information, which leads to overfitting biased
heuristics of entities. This further emphasizes the
need of using manually-labeled test data in DS-RE.

After checking the manual results, we further
identify some interesting observations that have not
been clearly demonstrated with the DS evaluation:

Pre-trained Models First of all, BERT-based
models have achieved supreme performance across
all three metrics. To thoroughly examine BERT
and its variants in the DS-RE scenario, we fur-
ther plot their P-R curves with the bag-level man-
ual test in Figure 4. It is surprising to see that

all bag-level training strategies, especially the
ATT strategy which brings significant improve-
ments for PCNN-based models, do not help or
even degenerate the performance with pre-trained
ones. This observation is also consistent with
that in Amin et al. (2020), though they only
compare BERT+bag+AVG and BERT+bag+ATT.
We hypothesize the reasons are that solely us-
ing pre-trained models already makes a strong
baseline, since they exploit more parameters and
they have gained pre-encoded knowledge from pre-
training (Petroni et al., 2019), all of which make
them easier to directly capture relational patterns
from noisy data; and bag-level training, which es-
sentially increases the batch size, may raise the
optimization difficulty for these large models.

Another unexpected observation is that, though
the P-R curve of BERT is far above other models in
the held-out test, we identify a significant drop of
that in the manual test, as shown in Figure 3 and Ap-
pendix B. By manually checking those errors, we
find that most of them are models predicting facts
that exist in the KG but are not supported by the text
(i.e., false-positive). For example, Arthur Schnit-
zler was indeed born in Vienna, but it is wrong for
the model to infer the relation place of birth from
sentence “Authur Schnitzler wrote a story set in Vi-
enna.” We assume that it is not only because of the
prior knowledge of pre-trained models, but is also
due to that BERT can better learn heuristics from
entity themselves, as shown in the study of Peng
et al. (2020) with supervised RE. Considering the
data of DS-RE are noisy and in many cases the text
does not support the labeled facts, this overfitting-
to-heuristic phenomenon can only be more severe.

To verify the assumption and try out a simple
solution to alleviate the problem, we take a BERT-
M variant (as described in §4.2) and show its results
in Figure 4. We can see that the P-R curves of
BERT-M are above those of BERT at the beginning,
demonstrating that BERT-M models have higher
precisions at those top predictions. Later on, since
BERT can extract more facts than BERT-M by fully
utilizing information from entity names, BERT-
M reduces below BERT. From these results, we
highlight that how to handle the false-positives
and denoise DS-RE data for pre-trained models
still remains an open and challenging problem.

Imbalanced Classes Previous works of DS-RE
usually take AUC, micro F1, or P-R curves to mea-
sure the abilities of models, which show the over-
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Figure 5: Micro F1 (%) of different relations on the bag-
level manual test of NYT10. ∗ represents the relation
has less than 20 sentences in the test sets. Numbers in
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all performance trend averaged on relational facts.
However, the distribution of training instances
across relations is extremely uneven. For example,
in NYT10 , almost half of the positive instances
are /location/location/contains. On
the contrary, half of the relations have fewer than
1, 000 sentences. In this case, macro F1 can bet-
ter show the averaged performance across differ-
ent relations, without being biased by the major-
ity class. Table 4 demonstrates that even though
in most times conclusions of different metrics are
consistent, there are cases when models improve
micro F1 but degenerate macro F1.

To further study how models perform on each
relation, we plot several representative models and
their micro F1 scores for each relation in Figure 5.
We can see that: (1) The top-4 relations, which ac-
count for 80% test instances, do not vary much in
performance with different models, while the differ-
ence of performance takes place mostly outside the

Model Bag Strategy AUC Micro Macro

PCNN

- AVG 74.1 69.1 67.1
- ONE 74.0 69.1 66.9

X AVG 78.1 71.8 69.5
X ONE 76.6 70.3 67.7
X ATT 77.5 71.2 68.6

BERT

- AVG 90.0 83.5 82.9
- ONE 89.8 83.3 82.6

X AVG 89.9 82.7 82.0
X ONE 88.9 81.6 81.1
X ATT 70.9 66.8 64.3

Table 5: Results (%) on Wiki20 of representative mod-
els. “Bag” indicates bag-level training and “Micro” and
“Macro” represent micro and macro F1 respectively.

top-4; (2) Some relations even have zero F1 scores,
mostly because they have very few training or test
sentences. These results further underscore the im-
portance to look into per-relation scores for DS-RE,
and we advocate that later works should include
macro F1 for more comprehensive comparisons.

5.4 The Results on Wiki20

We choose several representative models and fur-
ther evaluate them on Wiki20, as shown in Table 5.
The main observation of results on Wiki20 is con-
sistent with that of NYT10—sentence-level pre-
trained models perform the best, and using bag-
level training helps with non-pre-trained ones—
though the overall performance is much higher. An-
other difference is that, in Wiki20, AVG performs
better than ONE and ATT. We think that it is due
to the inherent difference in how the two datasets
are constructed, especially the difference in the as-
pect of determining N/A sentences. Compared to
NYT10, part of the N/A instances in Wiki20, in-
stead of indicating no relation between the entities,
may correspond to a specific relation that is outside
of the dataset ontology. It suggests that when deal-
ing with N/A instances, considering their latent
semantics, rather than simply treating them as
one abstract class, may further benefit RE models.

6 Conclusion

In this paper, we study the problem of test protocols
in DS-RE and build large manually-annotated test
sets for two DS-RE datasets, to enable a more accu-
rate and efficient evaluation. We not only demon-
strate that our manual test sets show different ob-
servations from previous held-out ones, but also
capture some interesting reflections by using the
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manual test, e.g., pre-trained models suffer false-
positives more and bag-level training strategies gen-
erally do not help with pre-trained models.

We hope that our manual test sets can mark a
new starting line for DS-RE, while these obser-
vations can motivate novel research directions to-
wards better DS-RE models, e.g., studying denois-
ing methods for pre-trained models or processing
N/A relations in a more fine-grained way.
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analyses of models based on the manual test. Re-
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own, and then determine the wages for annotators
according to local standards. The two datasets are
based on NYT and Wikipedia, and we did not iden-
tify any unethical content during annotation.

Concerning the analyses, we find that models
tend to utilize some shallow clues for classifica-
tion, such as learning heuristics from entities. This
behavior can potentially create biased extraction
results based on the distributions of entities in the
training set and is worth further investigating.
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A Relation Ontology Changes of NYT10

/location/country/administrative divisions
/location/administrative division/country
/location/country/capital
(merge) /location/region/capital

/location/fr region/capital
/location/cn province/capital
/location/in state/administrative capital
/location/in state/legislative capital
/location/in state/judicial capital
/location/it region/capital
/location/br state/capital
/location/mx state/capital
/location/province/capital
/location/us state/capital
/location/jp prefecture/capital
/location/de state/capital

/location/us county/county seat
/location/neighborhood/neighborhood of
/location/location/contains
(merge) /business/location

/business/company/locations
/sports/sports team/location
/broadcast/producer/location

/business/company/founders
/business/company/place founded
/business/company/major shareholders
/business/company/advisors
/business/person/company
/people/person/place of birth
/people/person/religion
/people/person/nationality
/people/person/place lived
/people/person/ethnicity
/people/person/children
/people/deceased person/place of death
/people/deceased person/place of burial
/people/ethnicity/geographic distribution
/time/event/locations
/film/film/featured film locations
N/A
(delete) location/country/languages spoken
(delete) base/locations/countries/states provinces within
(delete) business/shopping center owner/shopping centers owned
(delete) business/shopping center/owner
(delete) business/business location/parent company
(delete) business/company advisor/companies advised
(delete) people/profession/people with this profession
(delete) people/person/profession
(delete) people/place of interment/interred here
(delete) people/ethnicity/included in group
(delete) people/family/members
(delete) people/family/country
(delete) broadcast/content/location
(delete) film/film festival/location
(delete) film/film location/featured in films

Table A.1: NYT10 relation ontology. All those relations are from FreeBase. “(merge)” means a merge relation in
our version of NYT10 and it is followed by relations merged from the original dataset. “(delete)” indicates that
this relation is discarded in our version because there are no instances in the training or the test sets.
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B P-R Curves for NYT10
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Figure B.1: P-R curves of representative models in held-out test, bag-level manual test and sentence-level manual
test of NYT10. Note that the scales of X-axis are not the same in the three figures.
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Abstract

Recently, driven by numerous publicly available
machine reading comprehension (MRC) datasets,
MRC systems have made some progress. These
datasets, however, have two major limitations: 1)
the defined tasks are relatively simple, and 2) they
do not provide explainable evaluation which is crit-
ical to objectively and comprehensively review the
reasoning capabilities of current MRC systems. In
this paper, we propose GCRC, a new dataset with
challenging and high-quality multi-choice ques-
tions, collected from Gaokao Chinese (Chinese
subject from the National College Entrance Ex-
amination of China). We have manually labelled
three types of evidence to evaluate MRC systems’
reasoning process: 1) sentence-level relevant sup-
porting facts in an article required for answering a
given question, 2) error reason of a distractor (i.e.,
an incorrect option) for explaining why a distractor
should be eliminated, which is an important reason-
ing step for multi-choice questions, and 3) types
of reasoning skills required for answering ques-
tions. Extensive experiments show that our pro-
posed dataset is more challenging and very useful
for identifying the limitations of existing MRC sys-
tems in an explainable way, facilitating researchers
to develop novel machine learning and reasoning
approaches to tackle this challenging research prob-
lem.1

*These authors contributed equally.
†Corresponding author
1Resources will be available through https://

github.com/SXUNLP/GCRC

1 Introduction

Machine Reading Comprehension (MRC) is a crit-
ical task in many real-world applications, which
requires machines to understand a text passage,
and answer relevant questions. It evaluates ma-
chines’ understanding and reasoning capabilities
on the underlying natural language text. Numerous
MRC datasets have been proposed and facilitate
the progress of MRC systems, which have achieved
near-human performance on some datasets. How-
ever, this does not indicate the MRC systems have
owned human-like language understanding and rea-
soning capabilities.

One reason is that questions in current data are
not challenging enough, leading to most of them
get “solved” very soon. (Sugawara et al., 2018)
demonstrate that in many MRC datasets, a consid-
erable number of easy questions can be answered
based on the first few tokens of the questions or
word matching, without complex reasoning capa-
bilities. The other reason is that most datasets only
provide a black-box and overall evaluation on the
accuracy of predicted answers, which does not pro-
vide explainable evaluation on a system’s internal
reasoning capabilities. In other words, it is unable
to explain whether a system gets a correct answer
via the right reasoning process, and not enough to
identify the specific limitations of a system.

Recently, in order to address the problems men-
tioned, some datasets, focusing on reasonings and
providing additional information to evaluate the
internal reasoning steps of a system, have been
proposed. For example, MultiRC (Khashabi et al.,
2018) and HotpotQA (Yang et al., 2018) include
the questions requiring multi-sentence reasoning

1
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Figure 1: An annotated instance in GCRC, which is from the real Gaokao Chinese in 2019 (* indicates
the correct option). The sentences marked in yellow/green are respectively the SFs for Option A and C.
As mentioned in Option B, the SFs of Option B are the first paragraph. Similarly, the SFs of Option D are
the whole article. The contents marked in blue are the required reasoning skills for the options and the
ERs of distractors.

or multi-hop reasoning. Moreover, MultiRC and
HotpotQA both provide sentence-level supporting
facts (SFs), which can be used as a kind of internal
explanation for the answers, although locating SFs
is just the first step for question answering (QA), as
many questions need to integrate the SF informa-
tion with reasoning. R4C (Inoue et al., 2020) and
2WikiMultiHopQA (Ho et al., 2020) introduce a
chain of facts (reflecting entity relationships) as the
derivation steps to evaluate the internal reasoning
step of systems.

However, these kinds of reasonings are quite
limited and not enough to answer those complex
and comprehensive questions. For example, Fig-
ure1 shows a multi-choice question, where the op-
tion D “This article reflects the concerns about
biodiversity crisis and proposes countermeasures”
is a summarization of the whole given article, and
its judgement cannot be made by simply reasoning

over some entity relationships. Instead, the reason-
ing over the full information across the article will
be needed.

To address the above real challenges, we pro-
pose GCRC, a new challenging dataset with 8,719
multi-choice questions, collected from reading
comprehension (RC) tasks of Gaokao Chinese
(short for Chinese subject from the National Col-
lege Entrance Examination of China). GCRC is
of high quality and high difficulty level, because
Gaokao Chinese examinations are designed by ed-
ucational experts, with high-level comprehensive
questions and complicated articles, aiming to test
the language comprehension of adult examinees.

In order to provide explainable evaluation, in-
stances (e.g. Figure 1) in the dev. and test sets
(including 1725 questions and 6900 options, as pre-
sented in Table 2 and Section 4) of GCRC are anno-
tated with three kinds of information: (1) sentence-
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level supporting facts (SFs), serves as the basic
evaluation for a system’s internal reasoning; and
(2) error reasons (ERs) of a distractor (i.e. an
incorrect option) for explaining why a distractor
should be eliminated. In Gaokao Chinese, distrac-
tors are often designed in a very confusing way and
look like a correct option, although they are incor-
rect. Identifying the semantic difference between
a distractor and the given article, and knowing ex-
actly why a distractor is wrong could help systems
or examinees to choose the correct answers. There-
fore, we spend considerable effort to thoroughly
understand articles and manually label seven types
of ERs of a distractor as a form of internal reason-
ing step for multi-choice questions; and (3) types of
reasoning skills required for answering questions
in Gaokao Chinese. We introduce eight typical
reasoning skills in GCRC, which enable us to eval-
uate whether a system has corresponding reasoning
capability at individual question level.

Our main contributions can be summarized as:

• We construct a new challenging dataset
GCRC that is collected from Gaokao Chi-
nese, consisting of 8,719 multiple-choice
questions, which will be released on Github
in future.

• Three kinds of critical information are man-
ually annotated for explainable evaluation.
To the best of our knowledge, GCRC is the
first Chinese MRC dataset to provide most
comprehensive, challenging, high-quality ar-
ticles and questions for more deep explain-
able evaluation on different MRC system per-
formance. In particular, error reasons of a
distractor are the first introduced in this area
as an important reasoning step for complex
multi-choice questions.

• Extensive experiments show that GCRC is
not only a more challenging benchmark to
facilitate researchers to develop novel mod-
els, but also help us identify the limitations
of existing MRC systems in an explainable
way.

2 Related Work

2.1 Datasets from standard tests

There exist some datasets, collected from standard
exams/tests, including English datasets RACE (Lai

et al., 2017), DREAM (Sun et al., 2019), ARC
(Clark et al., 2018), ReClor (Yu et al., 2020), etc.,
and Chinese datasets C3 (Sun et al., 2020), MCQA
(Guo et al., 2017), GeoSQA (Huang et al., 2019)
and MedQA (Zhang et al., 2018) etc.

Some of these datasets are of specific domains.
For example, ARC is of the science domain and
the questions are from the American science exams
from 3rd to 9th grade. ReClor targets logical rea-
soning and the questions are collected from the Law
School Admission Council. MCQA and GeoSQA
are extracted from Gaokao History and Gaokao Ge-
ography respectively. Other datasets cover generic
topics. For example, RACE and DREAM are both
collected from the English exams for Chinese stu-
dents, while C3 is collected from the Chinese ex-
ams for Chinese-as-a-second-language learners.

GCRC is more similar to C3, RACE and
DREAM, as their questions are all generic ones.
However, their question difficulty level is different,
because questions in GCRC target for adult native
speakers, while questions in other datasets target
for second-language learners. As such, the GCRC
is much more challenging than other datasets. Ad-
ditionally, GCRC provides three kinds of rich in-
formation for more deep explainable evaluation.

2.2 Datasets with explanations

Some datasets provide explanation information.
(Wiegreffe and Marasovic, 2021) identified three
types of explanations: highlights, free-text and
structured explanations. Highlights are subsets of
the input elements (words, phrases, snippets or full
sentences) to explain the prediction. Free-text ex-
planations are textual or natural language explana-
tions containing the information beyond the given
input. Structured explanations have various forms
for specific datasets. One of the most common form
is a chain of facts as the derivation of multi-hop
reasoning for an answer.

(Inoue et al., 2020) classified explanations into
two types: justification explanation (collections of
SFs for a decision) and introspective explanation
(a derivation for a decision), which are respectively
corresponding to highlights and structured expla-
nations.

For the MRC task, a few datasets are with
explanation information. For example, MultiRC
(Khashabi et al., 2018) and HotpotQA (Yang et al.,
2018) provides sentence-level SFs, belonging to
justification explanations, to evaluate a system’s
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ability to identify SFs from articles that related to
a question/option. R4C (Inoue et al., 2020) and
2WikiMultiHopQA (Ho et al., 2020) provide both
justification and introspective explanations. In both
datasets, introspective explanations are a set of fac-
tual entity relationships. Their difference is that
the explanation of R4C is of semi-structured form,
while the explanation of 2WikiMultiHopQA is of
structured data form.

The dataset C3 provides the types of required
prior knowledge for 600 questions, and its goal is
to study how to leverage various knowledge to im-
prove the system’s ability for text comprehension.

Inspired by these datasets, we provide more
rich explanations in GCRC. Different from the ex-
isting work, besides SFs, we provide two additional
information. Specifically, we propose innovative
ERs of a distractor as a reasoning step for multi-
choice questions. In addition, we annotate the re-
quired reasoning skills for each instance, which
enable us to clearly identify the limitations of ex-
isting MRC systems. Note that prior knowledge
annotated in C3 is different from reasoning skills
in GCRC, as prior knowledge in C3 mainly in-
clude linguistic, domain specific, and general world
knowledge, while reasoning skills in GCRC focus
on the abilities of making an inference. Generally,
reasoning needs to integrate prior knowledge and
the information in the given text. As far as we know,
GCRC is the first Chinese MRC dataset with rich
explainable information for evaluation purpose.

3 Dataset Overview

Questions in GCRC are of multi-choice style.
Specifically, given an article D, a question Q and
its options O, the evaluation based on GCRC will
measure a system from the following aspects:

• QA accuracy. It is a common evaluation met-
ric, also provided by the other QA datasets.

• The performance of locating the SFs in D,
which is a basic evaluation metric to assess
whether MRC system can collect all neces-
sary sentences from articles before reason-
ing.

• The performance of identifying ERs of a dis-
tractor, which evaluates whether a system
is able to exclude incorrect options by deep
reasoning for multi-choice questions.

• The performance of different reasoning skills
required by questions. This evaluation shows
the limitations of reasoning skills for a MRC
system.

Next, we clearly define the ERs of a distractor and
the reasoning skills required for choosing a correct
option in Section 3.1 and Section 3.2 respectively.
The ERs of a distractor are concrete and focus on
the forms of the errors, while reasoning skills are
more abstract, referring to the abilities of making
an inference.

3.1 Error reasons of a distractor

As mentioned in Section 1, knowing exactly why
a distractor is wrong will help MRC systems or an
examinee select correct answers. Therefore, we in-
troduce error reasons of a distractor as an important
internal reasoning step, and present seven typical
ERs of a distractor after investigating the instances
in GCRC.

Wrong details. The distractor is lexically simi-
lar to the original text, but has a different meaning
caused by alterations of some words, such as modi-
fiers or qualifier Words.

Wrong temporal properties. The distractor
describes an events with wrong temporal properties.
Generally, we consider five temporal properties
defined in (Zhou et al., 2019): duration, temporal
ordering, typical time, frequency, and stationary.

Wrong subject-predicate-object triple rela-
tionship. The distractor has a triple relationship
of subject-predicate-object (sub-pred-obj) , but the
relationship conflicts with the ground truth triple
in the given article, caused by substituting one of
the components in the triple. For example, in Fig-
ure 1, Option A “The global ecosystem, which is
deeply influenced by human beings, helps alleviate
the biodiversity crisis.” has a sub-pred-obj triple

“the global ecosystem—alleviate—the biodiversity
crisis. However, from the given article, the correct
triple is “the global ecosystem—result in —the bio-
diversity crisis”, leading to the wrong distractor.

Wrong necessary and sufficient conditions.
The distractor intentionally misinterprets the nec-
essary and sufficient conditions expressed in the
original article. A necessary condition is a con-
dition that must be present for an event to occur,
while a sufficient condition is a condition or set
of conditions that will produce the event. For ex-
ample, the statement “Plants will grow as long as
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with air” is wrong, as air is the necessary condition
for plant growing, but besides air, plants also need
water and sunshine to grow.

Wrong causality. The distractor re-
verses/confuses the causes and effects mentioned
in an original article or add non-existent causality.
Generally, the cause-effect relationship is explicitly
expressed with causal connectives in distractors.

Irrelevant to the question. The distractor’s
contents are indeed mentioned in the given article,
but are irrelevant to the current question.

Irrelevant to the article. The distractor’s con-
tents are not mentioned in the original article. For
example, in Figure 1, “proposes countermeasures”
expressed in Option D “This article reflects the
concerns about biodiversity crisis and proposes
countermeasures.” is not mentioned in the given
article. Thus, Option D should be excluded.

3.2 Required reasoning skills

In Gaokao Chinese, RC tasks measure an exami-
nee’s text understanding and logical reasoning abil-
ities from different perspectives. We investigate the
skills required for answering questions in GCRC,
and introduce eight typical skills, which are orga-
nized into the following three levels according to
the amount of information needed and the com-
plexity of reasoning for QA. Some of the reasoning
skills (marked with *) are similar to those proposed
by Sugawara et al. (2017).

3.2.1 Level 1: Basic information capturing

This level covers the ability to capture relevant
detailed information distributed across the article,
and combine them to match with options.

Detail understanding. It focuses on distin-
guishing the semantic differences between the
given article and an option. The option, most of the
time, preserves the most lexical surface form of the
original article, but has some minor differences in
details by using different modifiers or qualifying
words.

3.2.2 Level 2: Local information integration

This level covers how to identify different types of
relationships linked between sentences in an article.
In Gaokao Chinese, the relationship’s expressions
are often implicit in a given article.

Temporal/spatial reasoning*. It aims to un-
derstand various temporal or spatial properties of
events, entities and states.

Coreference resolution*. It aims to under-
stand the coreference and anaphoric chains by rec-
ognizing the expressions referring to the same en-
tity in the given article.

Deductive reasoning. It focus on taking a gen-
eral rule or key idea described in an article, and
applying it to make inferences about a specific ex-
ample or phenomenon expressed in the option. For
example2, the statement of “we rely on mobile nav-
igation to travel and lose the ability to identify
routes.” is a specific phenomenon of the statement
of “while we are training artificial intelligence sys-
tems, we may also be trained by artificial intelli-
gence systems”.

Mathematical reasoning*. It performs some
mathematical operations, such as numerical sorting
and comparison, to obtain a correct option.

Cause-effect comprehension*. It aims to un-
derstand the causal relationships explicitly or im-
plicitly expressed in a given article.

3.2.3 Level 3: Global information integration

This level involves information integration of mul-
tiple sentences or the whole articles to comprehend
the main ideas, article organization structures and
the authors’ emotion and sentiment.

Inductive reasoning. It integrates information
from separate words and sentences, and makes in-
ferences about an option, which is often a summa-
rization of several sentences, a paragraph or the
whole article.

Appreciative analysis. It aims to understand
the article organization method, the authors’ writ-
ing style and method, attitude, opinion and emo-
tional state. For example, in Figure 1, Option B
“The first paragraph highlights the severity of the
biodiversity crisis by giving some statistics” is the
analysis result of authors’ writing style and method.

4 Construction and Annotation of
GCRC

We have spent tremendous effort to construct the
important GCRC dataset. Firstly, we search and
download about 10,000 latest (year 2015 to 2020)

2This example is translated from real Gaokao Chinese in
2018.
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multiple-choice questions of real and mock Gaokao
Chinese from five websites. Then, for preprocess-
ing, we remove those duplicated questions and
questions with figures and tables, and keep those
questions with four options (only one of them is cor-
rect). Next, we identify and rectify some mistakes,
such as typos, in articles or corresponding ques-
tions/options. Finally, the total number of ques-
tions in GCRC is 8,719. Moreover, we adjust the
labels of the correct answers, making them evenly
distributed over the four different options, i.e., A,
B, C, D.

Next, we will annotate the questions according
to the following three steps. We would emphasize
that the annotation process is extremely challeng-
ing, as it requires human annotators to fully under-
stand both syntactic structure and semantic infor-
mation of the articles and corresponding questions
and options, as well as identify the error reasons of
distractors, and reasoning skills required.

• Step 1: Annotation preparation. We
first prepare an annotation guideline, includ-
ing task definition and annotated examples.
Then, we invite 12 graduate students of our
team to participate in the annotation work.
To maintain high quality and consistent an-
notations, our annotators first annotate these
questions individually, and subsequently dis-
cuss and reach agreements if there is any dis-
crepancy between two annotators. The pro-
cess further improves the annotation guide-
line and better trains our annotators.

• Step 2: Initial annotations. Firstly, each
question is annotated by an annotator inde-
pendently, where we show an article, ques-
tion, all candidate options and the label of the
answer. Annotators have completed the fol-
lowing three tasks: (1) select the sentences in
the article, which are needed for reasoning,
as the sentence-level SFs; (2) provide ERs
of a distractor from the types discussed in
Section 3.1; (3) provide the reasoning skills
required for each option based on the skills
described in Section 3.2.

• Step 3: Annotation consistency. When
two annotators disagree with their own an-
notations, we invite the third annotator to
discuss with them, and reach the final anno-
tations. In the rare cases where they cannot
agree with each other, we will keep the an-
notations with at least two supports.

The annotators’ consistency is evaluated by the
Inter Annotator Agreement IAA) value and the
IAA value is 83.8%.

As mentioned before, manual annotations of
GCRC is expensive and complicated, because ques-
tions in Gaokao Chinese are designed for adult na-
tive speakers and thus are challenging. It requires
deep language comprehension to solve these ques-
tions. As a result, making explainable annotations
in GCRC across multiple levels implies GCRC is
a very precious dataset with valuable annotations.
Although the size of the dataset is not too big, it is
big enough to be used for providing diagnosis of
existing MRC systems. It also provides an ideal
testbed for researchers to propose novel transfer
learning or few-shot learning methods to solve the
tasks.

Statistics. We partition our data into train-
ing (80%), development (dev, 10%) and test set
(10%), mainly according to the number of ques-
tions. We have annotated three types of information
for a subset of GCRC. Specifically, we annotate
the sentence-level SFs for 8,084 options (of 2,021
questions) sampled from the training set, and 6,900
options (of 1725 questions) in the dev and test sets.

In addition, we annotate ERs of 6,159 distrac-
tors in the training, dev and test sets, and reasoning
skills for 6,900 options in the dev and test sets. We
believe our dataset with relatively big annotation
sizes can ensure us to identify the limitations of
existing RC systems in an explainable way. Table
1 shows the the details of GCRC data splitting and
corresponding annotation size.

Table 2 shows the detailed comparisons for
GCRC and other three RC datasets collected from
standard exams, including C3 (Sun et al., 2020),
RACE (Lai et al., 2017), DREAM (Sun et al.,
2019). As shown in Table 2, we observe that GCRC
is the longest in terms of the average length of arti-
cles, questions and options.

Table 3 shows the distribution of types of rea-
soning skills based on the dev and test sets. We
observe that 48.77% questions need detail under-
standing, and 33.10% questions require inductive
reasoning. In addition, Figure 2 presents the ERs
types distribution of distrators based on the dev and
test sets, in which 33.2% of distractors are with
wrong details and 26.4% of distractors include in-
formation irrelevant to the corresponding articles.

1324



Splitting Train Dev Test Total

# of articles 3790 683 620 5093

# of questions 6994 863 862 8719

# of questions/options with SFs 2021/8084 863/3452 862/3448 3746/14984

# of questions/distractors with ERs 2000/3261 863/1428 862/1470 3725/6159

# of questions/options with rea. ski. - 863/3452 862/3448 1725/6900

Table 1: Statistics of data splitting and annotation
size.

GCRC C3 GCRC C3 RACE DREAM
(in Chinese
Characters)

(in tokens)

Article len.
(avg)

1119.2 116.9 329.6 53.8 352.4 66.1

Question len.
(avg)

20.9 12.2 14.2 7.8 11.3 7.4

Option len.
(avg)

43.8 5.5 27.1 3.2 6.7 4.2

Table 2: Statistics and comparison among four
MRC datasets collected from standard exams.

5 Experiments

With our newly constructed GCRC dataset, it is
interesting to evaluate the performance of existing
models, and better understand GCRC’s characteris-
tics comparing with other existing data sets.

5.1 QA accuracy and GCRC difficulty
level

We evaluate the QA performance of several popular
MRC systems on GCRC, which will reflect the dif-
ficulty level of GCRC. Specifically, for comprehen-
sive evaluation, we employ four models, including
one rule-based model and three recent state-of-the-
art models based on neural networks.

• Sliding window (Richardson et al., 2013).
It is a rule-based baseline and chooses the
answer with the highest matching score. In
particular, it has TFIDF style representation
and calculates the lexical similarity between
a sentence (via concatenating a question and
one of its candidate options) and each span
in the given article with a fixed window size.

• Co-Matching (Wang et al., 2018). It is a
Bi-LSTM-based model and consists of a co-
matching component and a hierarchical ag-
gregation component. The model not only
matches the article with a question and each
candidate option at the word-level, but also
captures sentence structures of the article. It
has achieved promising results on RACE.

Figure 2: Distirbution(%) of types of ERs of dis-
tractors based on the dev and test sets, including
3,725 questions and 6,159 distractors.

Reason skills Dev Test all
Level 1: Basic information capturing Detail 47.11 50.44 48.77

Level 2: Local information integration

Temporal/Spatial 0.84 0.73 0.79
Co-reference 5.42 4.88 5.15
Deductive 3.53 3.79 3.66
Mathematical 0.45 0.67 0.56
Cause-effect 5.67 4.76 5.21

Level 3: Global information integration Inductive 34.75 31.45 33.10
Appreciative 2.23 3.30 2.76

Leve 1: Basic information capturing 47.11 50.44 48.77
Level 2: Local information integration 15.91 14.83 15.36
Level 3: Global information integration 36.98 34.75 35.87

Table 3: Distribution (%) of types of required skills
based on the annotated examples, totally including
1,725 questions and 6,900 options.

Note that we have used 300-dimensional
word embeddings based on GloVe (Global
Vectors for Word Representation).3

• BERT (Devlin et al., 2019). It is a pre-
trained language model, which adopts multi-
ple bidirectional transformer layers and self-
attention mechanisms to learn contextual re-
lations between words in a text. BERT has
achieved very good performance on numer-
ous NLP tasks, including the RC task defined
by SQuAD. We employ Chinese BERT-base
and English BERT-base released on the web-
site.4

• XLNet (Yang et al., 2019). It is a generalized
autoregressive pretraining model, which uses
a permutation language modeling objective
to combine the advantages of autoregressive
and autoencoding methods. XLNet outper-
forms BERT on 20 tasks. For experiments on
Chinese datasets, we use XLNet-large and
its Chinese version released on the website.5

3The English word embed-
ding:https://nlp.stanford.edu/projects/glove/; and the Chinese
word embedding: https://nlp.stanford.edu/projects/glove/

4https://github.com/google-research/bert
5https://github.com/brightmart/xlnetzh
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In addition to evaluate the performance of differ-
ent models on GCRC, we also want to see how
these models perform on other datasets, namely
C3, RACE, and DREAM. In order to fairly and ob-
jectively compare with them, we randomly sample
from these datasets, and create three new datasets
with the same sizes of the splits (train, dev, test) as
GCRC (shown in Table 1). The hyper-parameters
of these neural baselines can be seen in Appendix.

Human Performance. We obtain the human
performance on 200 questions, which are randomly
sampled from the GCRC test set. We invite 20 high
school students to answer these questions, where
they are provided with the questions, options and
articles. The average accuracy of human is 83.18%.

We first use the training sets from four datasets
to train four models, which are subsequently used
to evaluate their accuracies on respective test data.
Dev sets are used to tune the values of the param-
eters of different models. Table 4 shows the com-
parison results. We observe that the neural network
based models outperform the rule based sliding
window model. In addition, pretrained models per-
form better than the non-pretrained models in most
cases. Moreover, it is interesting to observe that
all four existing models generally perform worse
on GCRC than other three datasets, and the human
performance on GCRC is also the lowest among
the four datasets. This clearly indicates that GCRC
is more challenging. Meanwhile, it can be seen
that the performance gap between human and the
best system on GCRC is 46.45%, suggesting that
there is sufficient room for improvement, which
contradicts with some overly optimistic claims that
machines have exceeded humans on QA. As there
is a significant performance gap between machines
and humans, GCRC dataset facilitates researchers
to develop novel learning approaches to better un-
derstand its questions and bridge the huge gap.

GCRC C3 RACE DREAM
Sliding window 27.70% 36.70% 30.85% 40.08%
Co-Matching 35.73% 45.01% 35.38% 48.91%
BERT 30.74% 64.96% 46.13% 53.36%
XLNet 35.15% 60.90% 50.00% 59.63%
Human 83.18% 96%* 95.5%* 94.5%*

Table 4: Accuracy comparison between four com-
putational models and human on four benchmark
datasets (* indicates the performance is based on
the annotated test set and copied from the corre-
sponding paper).

In the next few subsections, we will study
whether a representative model, i.e. BERT, can
perform well in the explainable evaluation related
subtasks, namely locating sentence-level SFs, iden-
tifying ERs, and the performance of different rea-
soning skills required by questions.

5.2 Performance of locating sentence-
level SFs using BERT

We investigate whether BERT benefits from
sentence-level SFs. We conduct an experiment,
in which we input the ground-truth SFs, instead
of the given article, to BERT for question answer-
ing. We observe that the accuracy of QA on the
test set of GCRC is 37.47%. Comparing with the
result shown in Table 4, the accuracy is increased
by 6.73%, indicating that locating SFs is helpful
for QA. On the other hand, we can see that the im-
provement is still far from closing the gap to human
performance because the questions are difficult and
need further reasoning to solve.

Due to the usefulness of SFs, we train a BERT
model to identify whether a sentence belongs to
SFs. We regard this task as a sentence pair (i.e.,
an original sentence in the given article and an
option) classification task. We use the GCRC
subset (2,021/863/862 questions as shown in Ta-
ble 1) annotated with SFs for training and test-
ing, where the training, dev and test sets include
200,798/85,024/83,656 sentence-option pairs re-
spectively. The experimental results are shown in
Table 5. We can see that performance of locating
the SFs is still low (in terms of precision P, recall R
and F1 measure), indicating that accurately obtain-
ing the SFs in GCRC is challenging and directly
applying BERT will not work well.

P R F1
Dev 78.07% 50.18% 61.10%
Test 70.20% 51.46% 59.39%

Table 5: Results of BERT locating SFs.

5.3 Performance of identifying ERs of a
distractor using BERT.

In order to evaluate whether BERT model under-
stands why a distractor is excluded, we modify
BERT model and add a new component to perform
the identification of distractors’ ERs. The com-
ponent is a multi-label (i.e., 8 labels including 1
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ERs #of options R P
Wrong details 484 1.65% 9.09%
Wrong temporal properties 29 13.79% 0.55%
Wrong subject-predicate-object triple 190 2.11% 5.88%
Wrong causality 218 24.77% 7.62%
Wrong necessary and sufficient conditions 106 1.89% 2.22%
Irrelevant to the question 85 17.65% 2.21%
Irrelevant to the article 352 4.83% 17.35%
Correct options 1984 28.18% 56.69%

Table 6: Results of BERT identifying ERs of dis-
tractors.

correct type and 7 types of ERs) classifier to pre-
dict the probability distribution of the types of ERs,
and is jointly optimized with normal QA, and it
shares the low-level representations. The classi-
fier’s objective is to minimize a cross entropy loss,
which is jointly optimized with normal QA, and
they share the low-level representations. For this
task, the contextual input of BERT is ground-truth
SFs, instead of the given article. The results are
shown in Table 6. We observe that the performance
of identification of ERs is quite low, indicating the
significance and value of our dataset, which is to
identify the limitations of existing systems on ex-
plainability and facilitates researchers to develop
novel learning models.

5.4 Performance of different reasoning
skills required by questions using
BERT

We also investigate BERT’s performance on the
questions requiring different reasoning skills. We
categorize the performance for each type of reason-
ing skills on the test set of GCRC. Table 7 shows
the results. Note that the reasoning skills are anno-
tated for options of questions. We observe BERT
obtains the lowest score on the options requiring
deductive reasoning. Overall, the system generally
performs worse on each type of options, indicating
the reasoning power of the system is not strong
enough and needs to be significantly improved.

Reasoning Detail understanding Temporal/spatial Coreference Deductive
#of options 1683 42 179 143
Accuracy 31.97% 61.90% 39.66% 35.66%

Mathematical Cause-effect Inductive Appreciative
#of options 40 175 1056 130
Accuracy 60.00% 40.00% 33.14% 47.69%

Table 7: Results of BERT on GCRC by reasoning
skills required for QA.

From the above, it can be seen that no baseline
is realized to output answers, sentence-level SFs
and ERs of a distractors together, but it doesn’t

affect our dataset to diagnose the limitations of ex-
isting RC models. For each task, we modify the
existing model of BERT, output the corresponding
explanations, and report their performance. Thus,
the limitations of the model can be clearly identi-
fied. In the future, we will realize such a baseline
that can do all the tasks together, and we will de-
sign a new joint metric for evaluating the whole
question-answering process.

6 Conclusions

In this paper, we present a new challenging ma-
chine reading comprehension dataset (GCRC), col-
lected from Gaokao Chinese, consisting of 8,719
high-level comprehensive multiple-choice ques-
tions. To the best of our knowledge, this is cur-
rently the most comprehensive, challenging, and
high-quality dataset in MRC domain. In addition,
we spend considerable effort to label three types of
information, including sentence-level SFs, ERs of
a distractor, and reasoning skills required for QA,
aiming to comprehensively evaluate systems in an
explainable way. Through experiments, we observe
GCRC is very challenging data set for existing mod-
els, and we hope it can inspire innovative machine
learning and reasoning approach to tackle the chal-
lenging problem and make MRC as an enabling
technology for many real-world applications.

Acknowledgments

We thank the anonymous reviewers for their help-
ful comments and suggestions. This work was
supported by the National Key Research and Devel-
opment Program of China (No.2018YFB1005103).

References

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar
Khot, Ashish Sabharwal, Carissa Schoenick, and
Oyvind Tafjord. 2018. Think you have solved
question answering? try arc, the AI2 reasoning
challenge. CoRR, abs/1803.05457.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training
of deep bidirectional transformers for language
understanding. In Proceedings of the 2019 Con-
ference of the North American Chapter of the

1327



Association for Computational Linguistics: Hu-
man Language Technologies, Volume 1 (Long
and Short Papers), pages 4171–4186, Minneapo-
lis, Minnesota. Association for Computational
Linguistics.

Shangmin Guo, Xiangrong Zeng, Shizhu He, Kang
Liu, and Jun Zhao. 2017. Which is the effec-
tive way for Gaokao: Information retrieval or
neural networks? In Proceedings of the 15th
Conference of the European Chapter of the Asso-
ciation for Computational Linguistics: Volume
1, Long Papers, pages 111–120, Valencia, Spain.
Association for Computational Linguistics.

Xanh Ho, Anh-Khoa Duong Nguyen, Saku Sug-
awara, and Akiko Aizawa. 2020. Constructing a
multi-hop QA dataset for comprehensive evalu-
ation of reasoning steps. In Proceedings of the
28th International Conference on Computational
Linguistics, pages 6609–6625, Barcelona, Spain
(Online). International Committee on Computa-
tional Linguistics.

Zixian Huang, Yulin Shen, Xiao Li, Yu’ang
Wei, Gong Cheng, Lin Zhou, Xinyu Dai, and
Yuzhong Qu. 2019. GeoSQA: A benchmark for
scenario-based question answering in the geog-
raphy domain at high school level. In Proceed-
ings of the 2019 Conference on Empirical Meth-
ods in Natural Language Processing and the
9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP), pages
5866–5871, Hong Kong, China. Association for
Computational Linguistics.

Naoya Inoue, Pontus Stenetorp, and Kentaro Inui.
2020. R4C: A benchmark for evaluating RC
systems to get the right answer for the right rea-
son. In Proceedings of the 58th Annual Meeting
of the Association for Computational Linguis-
tics, pages 6740–6750, Online. Association for
Computational Linguistics.

Daniel Khashabi, Snigdha Chaturvedi, Michael
Roth, Shyam Upadhyay, and Dan Roth. 2018.
Looking beyond the surface: A challenge set for
reading comprehension over multiple sentences.
In Proceedings of the 2018 Conference of the
North American Chapter of the Association for
Computational Linguistics: Human Language
Technologies, Volume 1 (Long Papers), pages
252–262, New Orleans, Louisiana. Association
for Computational Linguistics.

Guokun Lai, Qizhe Xie, Hanxiao Liu, Yiming
Yang, and Eduard Hovy. 2017. RACE: Large-
scale ReAding comprehension dataset from ex-
aminations. In Proceedings of the 2017 Con-
ference on Empirical Methods in Natural Lan-
guage Processing, pages 785–794, Copenhagen,
Denmark. Association for Computational Lin-
guistics.

Matthew Richardson, Christopher J.C. Burges, and
Erin Renshaw. 2013. MCTest: A challenge
dataset for the open-domain machine compre-
hension of text. In Proceedings of the 2013
Conference on Empirical Methods in Natural
Language Processing, pages 193–203, Seattle,
Washington, USA. Association for Computa-
tional Linguistics.

Saku Sugawara, Kentaro Inui, Satoshi Sekine, and
Akiko Aizawa. 2018. What makes reading com-
prehension questions easier? In Proceedings
of the 2018 Conference on Empirical Methods
in Natural Language Processing, pages 4208–
4219, Brussels, Belgium. Association for Com-
putational Linguistics.

Saku Sugawara, Yusuke Kido, Hikaru Yokono, and
Akiko Aizawa. 2017. Evaluation metrics for
machine reading comprehension: Prerequisite
skills and readability. In Proceedings of the 55th
Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers),
pages 806–817, Vancouver, Canada. Association
for Computational Linguistics.

Kai Sun, Dian Yu, Jianshu Chen, Dong Yu, Yejin
Choi, and Claire Cardie. 2019. DREAM: A chal-
lenge data set and models for dialogue-based
reading comprehension. Transactions of the As-
sociation for Computational Linguistics, 7:217–
231.

Kai Sun, Dian Yu, Dong Yu, and Claire Cardie.
2020. Investigating prior knowledge for chal-
lenging Chinese machine reading comprehen-
sion. Transactions of the Association for Com-
putational Linguistics, 8:141–155.

Shuohang Wang, Mo Yu, Jing Jiang, and Shiyu
Chang. 2018. A co-matching model for multi-
choice reading comprehension. In Proceedings
of the 56th Annual Meeting of the Association
for Computational Linguistics (Volume 2: Short

1328



Papers), pages 746–751, Melbourne, Australia.
Association for Computational Linguistics.

Sarah Wiegreffe and Ana Marasovic. 2021. Teach
me to explain: A review of datasets for explain-
able NLP. CoRR, abs/2102.12060.

Zhilin Yang, Zihang Dai, Yiming Yang, Jaime
Carbonell, Russ R Salakhutdinov, and Quoc V
Le. 2019. Xlnet: Generalized autoregressive
pretraining for language understanding. In Ad-
vances in Neural Information Processing Sys-
tems, volume 32. Curran Associates, Inc.

Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua
Bengio, William Cohen, Ruslan Salakhutdinov,
and Christopher D. Manning. 2018. HotpotQA:
A dataset for diverse, explainable multi-hop
question answering. In Proceedings of the 2018
Conference on Empirical Methods in Natural
Language Processing, pages 2369–2380, Brus-
sels, Belgium. Association for Computational
Linguistics.

Weihao Yu, Zihang Jiang, Yanfei Dong, and Jiashi
Feng. 2020. Reclor: A reading comprehension
dataset requiring logical reasoning. In Interna-
tional Conference on Learning Representations.

Xiao Zhang, Ji Wu, Zhiyang He, Xien Liu, and
Ying Su. 2018. Medical exam question answer-
ing with large-scale reading comprehension. In
Proceedings of the Thirty-Second AAAI Confer-
ence on Artificial Intelligence, (AAAI-18), the
30th innovative Applications of Artificial Intelli-
gence (IAAI-18), and the 8th AAAI Symposium
on Educational Advances in Artificial Intelli-
gence (EAAI-18), New Orleans, Louisiana, USA,
February 2-7, 2018, pages 5706–5713. AAAI
Press.

Ben Zhou, Daniel Khashabi, Qiang Ning, and Dan
Roth. 2019. “going on a vacation” takes longer
than “going for a walk”: A study of tempo-
ral commonsense understanding. In Proceed-
ings of the 2019 Conference on Empirical Meth-
ods in Natural Language Processing and the
9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP), pages
3363–3369, Hong Kong, China. Association for
Computational Linguistics.

1329



Appendix

A. Hyper-parameters of Neural Baselines
The hyper-parameters of Co-Matching, BERT,

XLNet are shown in Table 8, Table 9 and Table 10.

GCRC C3 RACE DREAM
train batch size 8 16 16 32
dev batch size 8 16 8 32
Test batch size 8 16 8 32
epoch 50 100 50 100
learning rate 3e-5 1e-3 1e-3 2e-3
seed 128 64 256 128
dropoutP 0.2 0.2 0.2 0.2
emb dim 300 300 300 300
mem dim 150 150 150 150

Table 8: Hyper-parameters of Co-Matching

GCRC C3 RACE DREAM
train batch size 32 16 16 32
dev batch size 4 16 4 16
Test batch size 4 16 4 16
len 320 384 450 384
epoch 6 3 10 3
learning rate 3e-5 1e-5 2e-5 1e-5
gradient accumulation steps 8 8 8 8
seed 42 42 42 42

Table 9: Hyper-parameters of BERT

GCRC C3 RACE DREAM
train batch size 2 2 1 2
dev batch size 2 2 1 2
Test batch size 2 2 1 2
len 320 320 320 180
epoch 16 16 5 8
learning rate 2e-4 1e-3 2e-5 1e-5
gradient accumulation steps 2 2 24 2

Table 10: Hyper-parameters of XLNet
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Abstract

Identifying events and mapping them to a
pre-defined taxonomy of event types has long
been an important NLP problem. Most previ-
ous work has relied heavily on labor-intensive,
domain-specific, annotation, ignoring the se-
mantic meaning of the event types’ labels.
Consequently, the learned models cannot ef-
fectively generalize to new label taxonomies
and domains. We propose a zero-shot event ex-
traction approach, which first identifies events
with existing tools (e.g., SRL) and then maps
them to a given taxonomy of event types in a
zero-shot manner. Specifically, we leverage la-
bel representations induced by pre-trained lan-
guage models, and map identified events to the
target types via representation similarity. To
semantically type the events’ arguments, we
further use the definition of the events (e.g., ar-
gument of type “Victim” appears as the argu-
ment of event of type “Attack”) as global con-
straints to regularize the prediction. The pro-
posed approach is shown to be very effective
on the ACE-2005 dataset, which has 33 trig-
ger and 22 argument types. Without using any
annotation, we successfully map 83% of the
triggers and 54% of the arguments to the se-
mantic correct types, almost doubling the per-
formance of previous zero-shot approaches1.

1 Introduction

Event extraction, the process of identifying events
triggers and arguments and classifying them into
a set of pre-defined types is an important part of
natural language understanding, and a commonly
studied NLP task (Grishman et al., 2005). Con-
sider the example shown in Figure 1, where two
events (i.e., “war” and “protesting”) are identified.

∗This work was done when the first author was visiting
the University of Pennsylvania.

1Our code and models will be available at http://
cogcomp.org/page/publication_view/942.

Figure 1: Event classification examples. Two events
are highlighted with red and blue colors. Triggers and
arguments are in bold and underline fonts, respectively.

By mapping them to [Conflict:Attack] and [Con-
flict:Demonstrate] and using the knowledge of “At-
tack” might result in “Demonstrate”, we can infer
that the war in Iraq is probably the cause of the
protesting in Pakistan.

Most existing event extraction work (Wadden
et al., 2019; Lin et al., 2020) treats event iden-
tification as a supervised sequence labeling task
and event classification as a supervised classifica-
tion problem, and relies on large amounts of event-
specific annotated text. Take ACE-2005 (Grishman
et al., 2005) as an example; the training set of ACE
consists of 4,419 events, annotated and typed into
33 event types. Such large-scale and high-quality
annotation requires significant expertise, and it fa-
cilitates the success of supervised learning models.
However, scaling these efforts to new domains and
more event types is very costly and unrealistic.

Indeed, there has already been some effort to
address the limitation of supervised models on new
event types via a transfer-learning based zero-shot
event classification approach (Huang et al., 2018).
By jointly encoding the event structures (i.e., the re-
lations between event triggers and their arguments)
of event mentions and of pre-defined event types,
their model learns to map event mentions to the
most similar event types. As a result, at inference
time, the model can be extended to new types as
long as the structures of new types are provided.
Nonetheless, the success of this transfer learning
approach also heavily relies on the similarity be-
tween observed event types and new ones. When
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Figure 2: Pre-defined event type demonstration. Event
type “Conflict:Attack” is associated with three argu-
ment types (“Attacker”, “Target”, “Place”) and each of
them is associated with a list of potential entity types.

new event types are different enough from those
the model was trained on, the model will struggle.

This paper shows that the whole event extrac-
tion pipeline (i.e., identification and classification)
can be done without any event-specific annota-
tion. Since the event identification task can also
be viewed as a classification task that determines
whether the event triggers provided by the SRL
models belong to the pre-defined event ontology
or not, in this paper, we focus on the classification
task. Specifically, we explore a reliable zero-shot
solution to mapping observed events to any given
set of event types. Unlike previous approaches,
we do not use any annotation and only rely on the
given event type definitions. We classify events by
matching the semantics of the identified triggers
and arguments to the type names, and then regu-
larize the predictions with the constraints in the
pre-defined event ontology.

A pre-defined event type example is shown in
Figure 2, where domain experts choose to use “at-
tack” to describe the whole event type and the la-
bels “attacker”, “target”, and “place” for its roles,
since the semantics of these words reflect ones’ un-
derstanding of this event type. To fully utilize the
semantics of these labels, we propose to represent
the labels with a cluster of contextualized embed-
dings rather than just words. In the aforementioned
example, we first select several sentences that con-
tain the word “attack” from an external corpus (e.g.,
New York Times (NYT) (Sandhaus, 2008)). For
each selected sentence, we use a pre-trained lan-
guage model (e.g., BERT (Devlin et al., 2019)) to
encode it and then use the resulting embedding of
“attack” as a data point in the “attack" cluster. At
the inference time, we can then acquire the con-
textualized representation of identified triggers and
arguments, and map them to their corresponding
types based on their similarities to those clusters in
the embedding space. Beyond the labels, event def-
initions also provide constraints between types and

roles. For example, the role “Attacker” can only
appear as an argument of “Conflict:Attack” rather
than “Life:Marry,” and only a person or a nation
can take the role of an “Attacker". In our system,
we propose to use these constraints to regularize the
zero-shot model. Specifically, we formulate the fi-
nal inference step as an integer linear programming
(ILP) (Roth and tau Yih, 2004) and only produce
decisions that satisfy all the constraints.

Our experiments show that the proposed model
is very effective on the standard evaluation dataset
ACE-2005, which has 33 event trigger types and
22 argument role types. Without using any annota-
tion, we map 83% of the triggers and 54% of the
arguments to correct types, almost doubling the
performance of the previous best zero-shot event
classification approach. When pipelined with our
improved zero-shot identification step, we exhibit
an zero-shot event extraction pipeline that rivals a
SOTA supervised system (Lin et al., 2020) trained
on over 6,000 sentences.

2 Task Definition and Notations

We denote the overall sets of predefined event trig-
ger types, argument role types, and entity types
as E , R, and T respectively. Each pre-defined
event type (e.g., “Conflict:Attack”) E ∈ E is as-
sociated with several role types R ∈ RE and for
each R ∈ R, the event definition also links it with
several possible entity types T ∈ TR. Given a sen-
tence S, which has a predicate v, several arguments
a, and associated entity types t, the task of zero-
shot event classification is mapping v and a to the
correct types without any annotation.

3 Model Overview

As shown in Figure 3, the whole framework can be
divided into two phases: preparation and prediction.
In the preparation phase, we generate the represen-
tations for all pre-defined event types and argument
roles, which are indicated by blue and orange, re-
spectively. For each type, we select the label word
and its synonyms2 as the anchor words, and then
for each of them, we retrieve a list of anchor sen-
tences that use these words from an external corpus.
After applying the pre-trained language models to
encode all anchor sentences, we can then obtain the
contextualized representations of selected anchor
words and treat the cluster of these embeddings to

2For labels that have multiple words, we select words that
can best represent the label semantics.
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Figure 3: Architecture Overview. Pre-defined types, anchor words, anchor sentences, and contextualized represen-
tations for event trigger types and argument role types are indicated with blue and orange, respectively.

as the type representation. In the prediction phase,
given S, v, and a, we first acquire the contextual-
ized representation for the triggers and arguments.
After that, in the embedding space, we can easily
map them to the most similar types based on the co-
sine distance to each cluster. Based on these initial
predictions, we then leverage constraints provided
by the event definitions to regularize the prediction
by modeling it as an ILP problem.

4 Preparation

In this section, we introduce the preparation details.

4.1 Anchor Words and Sentences Selection
Since the most frequently-occurred POS of triggers
is verb and they typically have multiple senses, we
also include their synonyms of the same meaning as
anchor words to improve the overall representation
quality. In total, we got 107 anchor words for 33
event trigger types and 22 anchor words for 22
event argument types. After that, we then go to an
external corpus (NYT corpus (Sandhaus, 2008) in
our experiment) for finding anchor sentences that
contain the corresponding anchor words.

4.2 Contextualized Representation
Generation

As shown in Figure 4, we propose two different
representation acquisition methods for triggers and
arguments. For triggers, we use all words in S as
the input, while for arguments, we mask the target
anchor words. The motivation is that most triggers
contribute the most important semantic meaning

Figure 4: Demonstration of the proposed two contextu-
alized representation acquisition methods.

while the semantics of arguments are often inferred
from their context rather than the anchor words
themselves. For example, many arguments are pro-
nouns or names, which only have weak semantics
by themselves and we need to understand them by
understanding their context.

For each sentence S and a target anchor word
w?, we first tokenize S based on the type of the
target word:

X, ps, pe =

{
Tokenize_Full(S,w?) for w? ∈ WT

Tokenize_Mask(S,w?) for w? ∈ WA,
(1)

where WT and WA are sets of anchor words
for triggers and arguments, respectively. X =
x1, x2, · · · , xn is the list of tokens. As the to-
kenizer tool may tokenize words into sub-word
pieces, we use ps and pe to record the start and end
token positions for the anchor word. We then input
X into a multi-head transformer module to get the
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Explanation Constraint

One type per trigger.
∑
i∈|E| It(i) = 1

One type per argument. ∀j ∑k∈|R| Ir(j, k) = 1

Different arguments in
one event must have dif-
ferent types.

∀k ∑j∈|A| Ir(j, k) ≤ 1

Predicted trigger and ar-
gument type must appear
in the ontology .

∀i, j, k It(i) + Ir(j, k) ≤ 1 if
Ei and Rk cannot be paired in
the ontology.

Entity types of arguments
match the requirements.

∀i, j, k It(i) = 0, Ir(j, k) = 0
if ai does not match the require-
ment of Ek or Rk.

Table 1: Selected constraints for the ILP regularization.

contextualized representations of all tokens.

x1, x2, · · · , xn = Transformer(x1, x2, · · · , xn).
(2)

We omit the technical details of transformers for
the clear representation, but the details are available
in the original paper (Vaswani et al., 2017). In the
end, we took the mean pooling of embeddings for
tokens belonging to the target anchor word as one
of its contextualized representation:

v =

∑
pe≤i≤ps xi
pe − ps

. (3)

By grouping the acquired representations from all
anchor sentences together, we get a cluster of em-
beddings for each pre-defined type, which can be
used for the prediction. For trigger type Ei and
argument type Ri, we denote the corresponding
vector cluster as VEi and VRi , respectively.

5 Prediction

We then introduce the prediction part. For each
identified event, whose trigger and m arguments
are denoted as t and A = a1, a2, · · · , am, we first
acquire the contextualized representations for trig-
ger and arguments following the same way as what
we did for anchor words. Similar to the label rep-
resentations, we acquire the event trigger repre-
sentation without using masks and the argument
embeddings with masks. We denote the resulting
embeddings as t and a1, a2, · · · , am. After that,
we compute the prediction score from t to a pre-
defined event trigger type E as:

f(t, E) = Cos_Dist(t,
∑

v∈VE v
|VE | ), (4)

where Cos_Dist represents the cosine distance
and |VE |means the number of vectors in the cluster

Train Dev Test Overall

# Sentences 19,244 902 676 20,822
# Event triggers 4,419 468 424 5,311
# Event arguments 6,604 759 689 8,052

Table 2: ACE-2005 statistics.

of E’s label representations. Similarly, for any
argument a and pre-defined argument type R, we
compute the prediction score via:

f(a,R) = Cos_Dist(a,
∑

v∈VR v
|VR| ). (5)

After getting the initial predictions with cosine
similarities, the next step would be leveraging
the constraints to regularize the prediction results.
Specifically, we model this problem as an integer
linear programming (ILP) problem (Roth and tau
Yih, 2004), which maximizes the following objec-
tive while satisfying the constraints in Table 1:

argmax
It,Ia

∑

j∈|A|
(
∑

i∈|E|
f(t, Ei) ·It(i) ·λ+

∑

k∈|R|
f(aj , Rk) ·Ia(j, k)).

(6)

Here, λ is the hyper-parameter we use to balance
the weight of trigger and argument predictions, and
It and Ia record the final prediction for the trigger
and arguments, respectively. It is a vector of inte-
ger variables with length |E|, and Ia is a matrix of
integer variables with the size |A| × |R|.

6 Experiment Details

We follow (Lin et al., 2020) and use ACE-2005
(E+) as the dataset. In total, ACE-2005 contains
33 event types and 22 role types. The original
dataset provides the official training, development,
and test splits. However, as the proposed model
is zero-shot and we do not need any training data,
we merge all of them together to be the test set,
which is consistent with the setting in (Huang et al.,
2018). Detailed statistics about ACE-2005 are pre-
sented in Table 2. Considering that (Huang et al.,
2018) trains the model with the most frequent ten
event types and tests on the other 23 types, we
provide two evaluation settings: (A) Evaluation on
the least 23 frequent event types and associated
role types, which is consistent with the previous
work; (B) Evaluation on all 33 event types, which is
used to demonstrate the overall performance of our
model on the whole dataset. We treat the trigger
and argument classification as two separate ranking
problems, and follow the previous work (Huang
et al., 2018) to report Hit@1, Hit@3, and Hit@5.
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Model # Types Event Triggers Event Arguments
Train Test Hit@1 Hit@3 Hit@5 Hit@1 Hit@3 Hit@5

Frequency 0 23 9.6 27.2 42.5 25.9 63.4 80.6
WSD-embedding 0 23 1.7 13.0 22.8 2.4 2.8 2.8

Transfer Learning (A) 1 23 4.0 23.8 32.5 1.3 3.4 3.6
Transfer Learning (B) 3 23 7.0 12.5 36.8 3.5 6.0 6.3
Transfer Learning (C) 5 23 20.1 34.7 46.5 9.6 14.7 15.7
Transfer Learning (D) 10 23 33.5 51.4 68.3 14.7 26.5 27.7

Label Representation 0 23 79.6 (0.6) 88.2 (1.3) 92.5 (1.7) 25.9 (2.2) 63.2 (1.9) 74.6 (2.0)
Label Representation + ILP 0 23 80.5 (0.2) 88.9 (0.3) 93.2 (0.6) 68.5 (0.9) 94.2 (0.1) 96.8 (0.4)

Frequency 0 33 28.9 53.6 62.7 13.8 33.8 51.0

Label Representation 0 33 81.9 (0.5) 92.6 (0.4) 95.7 (0.2) 17.1 (0.7) 38.0 (0.4) 49.5 (0.9)
Label Representation + ILP 0 33 82.9 (0.5) 93.1 (0.1) 96.2 (0.1) 53.6 (1.3) 87.9 (0.4) 92.4 (0.5)

Table 3: Event trigger and argument classification results on ACE-2005. Best performing models are annotated
with the bold font. Standard deviations are shown in brackets.

6.1 Baseline Methods

To the best of our knowledge, only two previous
methods were used to solve event typing in a zero-
shot manner, thus we compare with both of them:

1. WSD-embedding (Huang et al., 2018): The
WSD baseline first obtains the sense of event
mentions with a word sense disambiguation
module (Zhong and Ng, 2010) and then ac-
quires the sense embedding with the skip-gram
model (Mikolov et al., 2013). During the infer-
ence, it can then map triggers and arguments to
the candidate types with the pre-trained word
sense embeddings.

2. Transfer Learning (Huang et al., 2018): The
transfer-learning based zero-shot approach first
learns to map the AMR parsing (Wang et al.,
2015) result of events to a few observed event
types and then apply the learned model to un-
seen event types. In the original paper, four
experiment settings are provided, which are dis-
tinguished by the number of seen event types,
and we consider all of them to be the baselines.

Besides them, we also present the performance
of the “Frequency” baseline, which predicts all trig-
gers and arguments with the most frequent types.

6.2 Implementation Details

We implement our model with Huggingface (Wolf
et al., 2019) and use BERT-large (Devlin et al.,
2019) as the pre-trained language model. For each
anchor word, we randomly select ten anchor sen-
tences from the NYT corpus (Sandhaus, 2008). λ

is set to be 100. We implemented the ILP optimiza-
tion with gurobi3. All other hyper-parameters are
inherited from BERT. We repeat the experiments
five times and report the average performance as
well as the standard deviations. The effect of all
hyper-parameters is carefully evaluated.

7 Result Analysis

From the results in Table 3, we can observe that:

1. Despite the difficulty of this task (we have 33
and 22 candidates types for triggers and argu-
ments), our model can map 83% of the triggers
and 54% of the arguments to the correct types,
which shows that when the class labels are care-
fully designed, their semantics can serve as an
excellent signal for the classification task.

2. Compared with the baseline method, our model
doubles the performance on the selected 23
event type subset. The main improvement we
made is that we do not only use the labels but
also put them back into some real usage and
then use the contextualized representations to
represent them. By doing so, we can best repre-
sent the label semantics and leverage them for
the classification task.

3. The dataset distribution is imbalanced. For ex-
ample, 28.9% of the event triggers are “attack,”
which is relatively simple. This also explains
why our model achieves higher performance for
triggers on the whole dataset, where we need to
map them to 33 types that include “attack”, than

3https://www.gurobi.com/
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(a) Effect of the anchor sentence quantity n. (b) Effect of the predicate weight w.

Figure 5: Hyperparameter Analysis.

Model Hit@1 (T) ∆ Hit@1 (A) ∆

Full model 82.9 - 53.6 -

No Context 40.5 -42.4 29.9 -23.7
BERT-base 55.7 -27.2 33.5 -20.1

Table 4: Ablation study. The Hit@1 performance for
triggers and arguments are denoted as Hit@1 (T) and
Hit@1 (A).

the selected subset, where we only need to map
them to 23 types but without “attack”.

7.1 Ablation Study
We present the following ablation studies to show
the contribution of different modules:

1. No Context: One of the largest contributions of
the proposed model is using contextualized rep-
resentations to represent each label. To demon-
strate the importance of the context, we try to
remove them and acquire the label representa-
tion only with selected anchor words4.

2. BERT-base: To demonstrate the contribution
of a good representation model, we replace
BERT-large with its weaker version (i.e., BERT-
base (Devlin et al., 2019)).

From the results in Table 4, we can see that the
context information is crucial to our success. With-
out the context, the anchor word embeddings can
no longer effectively represent the label semantics.
Besides that, a good language model also helps
better merge the contextual information into the
anchor words, which also shows that leveraging the
context well is the key to our success.

4Context are also removed for candidate triggers and argu-
ments. For arguments, as there is no context, we also remove
the masks.

Trigger Argument Hit@1 (T) Hit@1 (A)

w/o mask w/ mask 82.9 53.6

w/o mask w/o mask 80.9 41.2
w/ mask w/o mask 52.7 36.1
w/ mask w/ mask 52.8 40.0

Table 5: Effect of different representation strategies.

7.2 Hyper-parameter Analysis

The effect of anchor sentence quantity n and trig-
ger weight λ are shown in Figure 5(a) and 5(b),
respectively. First of all, we can observe that ten
anchor sentences are enough to achieve a good per-
formance, which helps verify the motivation of this
paper that with the careful usage, labels can serve
as a crucial semantic signal for zero-shot classifica-
tion tasks. For λ, as shown in Table 3, before the
ILP regularization, the model performs much better
on triggers than arguments, that is why we need
to give more weights to the trigger (i.e., the model
should not change the trigger prediction unless it is
very certain about the argument prediction). On the
other hand, λ cannot be infinitely large, otherwise,
the ILP may simply ignore the argument prediction,
which may also hurt the performance. To achieve
the balance, we select λ = 10.

7.3 Representation Acquisition Strategy

As aforementioned, we adopt two different label
representation strategies for triggers and arguments.
Specifically, we kept the anchor words in the sen-
tence for triggers while masking them for argu-
ments. To clearly show the effectiveness of dif-
ferent strategies, we show the performance of dif-
ferent strategy combinations in Table 5. From the
results, we can see that if we apply masks to the
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P R F1

Trigger (I) 58.9 57.8 58.3
Trigger (I + C) 54.1 53.1 53.6

Trigger + Argument (I) 12.0 26.0 16.4
Trigger + Argument (I + C) 4.6 10.0 6.3

Table 6: Zero-shot event extraction performance. “I”
and “C” mean the identification and classification.

trigger representations or remove the mask from
the argument representation pine, the performance
decreases. This observation verifies the assump-
tion that event triggers are often textually similar
to the trigger labels and thus keeping these words
in the sentence can help to map them. On the other
hand, event arguments are often named entities,
which are often very different from the labels (e.g.,
“victim”) textually, and what helps determine their
roles is the context surrounding them. As a re-
sult, we achieve better performance when we mask
these arguments and only leverage the context to
generate the representations.

8 Zero-shot Event Extraction

Previous experiments have demonstrated that with
the help of the label representations and the post-
regularization, our zero-shot system can effectively
map detected triggers and arguments to the correct
types. However, if the goal is to automatically ex-
tract events from the raw documents, we still need
the support from other NLP modules to identify the
event triggers and arguments first. In this section,
we present the performance of a zero-shot event ex-
traction pipeline, which combines our classification
model with other NLP tools.

8.1 Identification

The first step is identifying event triggers and ar-
guments from the raw sentences. In our pipeline,
we use a BERT-based SRL model (Shi and Lin,
2019) and a nominal SRL model5 to detect verbal
and nominal events. A limitation of these mod-
els is that they adopt a different event ontology
(i.e., FrameNet (Baker et al., 1998)) from ACE-
2005. As a result, they could miss some events or
detect irrelevant events, which are not annotated
as events under the ACE definition. To include
more ACE-specified events, we include all nomi-

5As no previous work has applied BERT to the nominal
SRL task, we trained one BERT-based nominal SRL model
by ourselves.

nal anchor words6 in the sentences as triggers. To
filter out events that are not covered by the ACE
ontology, we introduce an additional filtering step,
whose details are introduced in the next sub-section.
Last but not least, considering that the definition
of arguments in SRL systems varies from ACE,
we include a mention detection module from Cog-
CompNLP (Khashabi et al., 2018) to further detect
mentions as argument candidates.

8.2 Filtering and Classification

For triggers, following the previous work (Huang
et al., 2018), we first combine the 1,161 event types
from FrameNet and 33 event types from the ACE
ontology together. Duplicated event types are man-
ually removed. As a result, we got 1,147 event
types. For each detected event trigger, we try to
map it to all 1,147 event types with the proposed
zero-shot classification approach. Considering that
1,147 event types may still be not enough for cov-
ering all event types, we need to leave room for
other events in the embedding space. To do so,
for each event type, we automatically acquire a
cluster radius by optimizing the F1 score over all
anchor sentences (i.e., the distance from representa-
tions of anchor sentences for that type to the mean
representation should be smaller than the radius
while others should be larger than the radius). If
a trigger is mapped to one of the 33 types in ACE
and its cosine distance to the mean embedding of
that type is smaller than the corresponding cluster
radius, it will be categorized into that type. For
arguments, we select all mentions that overlap with
the ARG0 and ARG1 of selected triggers given by
SRL systems to be candidate arguments. All se-
lected triggers and arguments are jointly classified
with the proposed classification model.

8.3 Result Analysis

The performance of our zero-shot event extraction
pipeline is shown in Table 6. “Identification” re-
quires the model to detect the correct spans of trig-
gers and arguments. “Classification” requires the
model to correctly classify the detected triggers
and arguments. As the identification task is often
viewed as the sequence labeling problem, where

6Some event type labels are nominal (e.g., “bankruptcy”)
and some are verbal (e.g., “execute”). For nominal labels, we
directly use them; for verbal labels, we use their nominal form
(e.g., “execution”) if available. As the used verb SRL system
has already detected almost all verbal triggers, there is no need
to add verbal keywords.
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Figure 6: Comparison to the best supervised model.

the Recall@K metric is no longer suitable, we fol-
low the previous work (Lin et al., 2020) to report
Precision, Recall, and F1. For the “Argument” eval-
uation, we provide gold triggers. But for the “Trig-
ger+Argument” evaluation, the model has to detect
and classify the correct trigger and associated argu-
ments. We also show the comparison of our system
to the current best supervised model OneIE (Lin
et al., 2020) in Figure 6. For triggers, our system
achieves the comparable performance of the super-
vised model that is trained with about 6,000 train-
ing sentences, which is equivalent to approximately
75% of OneIE’s full performance. Considering that
our system does not use any annotation and can be
easily applied to new datasets and new event def-
initions, such performance is quite encouraging.
In the meantime, compared with triggers, our sys-
tem cannot detect arguments very well, which is
mainly due to poor identification performance. As
demonstrated in Figure 7, this is mainly because
SRL and ACE adopt different definitions of argu-
ments. SRL requires the arguments to cover all the
details, whereas arguments in ACE are often just
the key entities. To solve this problem, we propose
to use a mention detection module to detect men-
tions inside the arguments given by SRL systems.
Consequently, we cover more gold arguments but
also introduce noise. How to automatically identify
arguments that fit the ACE definition is a problem
worth exploring in the future.

9 Related Works

In this section, we introduce related works about
the event extraction and NLP without annotation.

Figure 7: Case study for event extraction. Gold triggers
and arguments are indicated with red and blue. Argu-
ments detected by SRL and mention detection module
are indicated with underlines and brackets.

9.1 Event Extraction

Previous event extraction works often aim at learn-
ing supervised models, employing either symbolic
features (Ji and Grishman, 2008; Liao and Grish-
man, 2010; Liu et al., 2016) or distributed fea-
tures (Chen et al., 2015b; Lin et al., 2020). To
address the problem that supervised models can-
not be easily applied to new types, (Huang et al.,
2018) separates the event extraction task into two
parts (i.e., identification and classification) and pro-
poses a zero-shot transfer-learning classification
framework to apply the model trained with seen
event types to unseen ones. However, the prereq-
uisite of their high performance is the similarity
between seen and unseen event types. Unlike pre-
vious works, we do not use any annotation and
only leverage the label semantics to classify event
triggers and arguments. By combining our classi-
fication model and other NLP modules (i.e., SRL
and mention detection), we achieve a decent zero-
shot event extraction pipeline that can be easily
applied to any new documents and event types.

9.2 NLP without Annotation

Solving NLP problems without using annotations
has been explored in many NLP tasks including
text classification (Chang et al., 2008; Yin et al.,
2019), entity typing (Zhou et al., 2018), sequence
classification (Rei and Sogaard, 2018), and intent
detection (Xia et al., 2018). The idea of lever-
aging the label semantics was first proposed in
the dataless classification framework (Chang et al.,
2008), a predecessor name to what is now called
zero-shot classification. The idea was to first map
the text and labels into a common space using Ex-
plicit Semantic Analysis (ESA) (Gabrilovich and
Markovitch, 2007) and then pick the label with the
highest matching score. This direction was later ex-
tended in (Song and Roth, 2014; Chen et al., 2015a;
Li et al., 2016a,b; Song et al., 2016). The most
significant difference between our work and pre-
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vious approaches is that, rather than using a fixed
representation for each label, we use a group of
contextualized embeddings as the representation.

10 Conclusion

In this paper, we present a novel zero-shot classifi-
cation model for event triggers and arguments. By
leveraging the rich semantics contained in labels
and other constraints provided by the event defini-
tions, we successfully classify 83% of event trig-
gers and 54% of arguments to their correct types on
the ACE-2005 dataset. The ablation study demon-
strates that the contextualized usage of the labels
and correct way of using the context is key to our
success. Further experiments demonstrate that af-
ter combining the proposed zero-shot classification
model with other available NLP tools, we can ef-
fectively extract and classify events without using
any annotation. All the codes are submitted.
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Abstract

Graph Attention Networks (GATs) have
proven a promising model that takes advantage
of localized attention mechanism to perform
knowledge representation learning (KRL) on
graph-structure data, e.g., Knowledge Graphs
(KGs). While such approaches model entities’
local pairwise importance, they lack the capa-
bility to model global importance relative to
other entities of KGs. This causes such mod-
els to miss critical information in tasks where
global information is also a significant compo-
nent for the task, such as in knowledge repre-
sentation learning. To address the issue, we
allow the proper incorporation of global infor-
mation into the GAT family of models through
the use of scaled entity importance, which is
calculated by an attention-based global ran-
dom walk algorithm. In the context of KRL, in-
corporating global information boosts perfor-
mance significantly. Experimental results on
KG entity prediction against the state-of-the-
arts sufficiently demonstrate the effectiveness
of our proposed model.

1 Introduction

Graph Attention Networks (GATs) have been suc-
cessfully applied to various tasks over graphs
(Velickovic et al., 2018; Lee et al., 2018b), such as
graph classification (Wu et al., 2019b; Lee et al.,
2018a), link prediction (Abu-El-Haija et al., 2018),
and node classification (Lee et al., 2019; Zhang
et al., 2020a). GATs learn from the underlying
graph structure by making use of localized atten-
tion mechanism (Wu et al., 2019a; Xu et al., 2019;
Vashishth et al., 2020b), where the hidden repre-
sentation of each node is computed by recursively
aggregating and attending over its corresponding
local neighbors’ features, and the weighting coeffi-
cients are calculated inductively with self-attention

∗ Equal Contribution. Corresponding author: Y. Zhao
(zhaoyu@swufe.edu.cn).

strategy (Thekumparampil et al., 2018; Qian et al.,
2018; Zhang et al., 2018). The original GATs per-
form only on single-relational homogeneous graphs
(Velickovic et al., 2018; Wang et al., 2019b). Re-
cent advancements were proposed to operate on
more general and prevalent multi-relational graphs
(Wang et al., 2019b; Hong et al., 2020; Nathani
et al., 2019; Zhang et al., 2020c), such as the repre-
sentative Knowledge Graphs (KGs) which contain
multiple types of entities (nodes) and relationships
(edges) (Zhou et al., 2018; Han et al., 2018; Wang
et al., 2019a; Zhao et al., 2020). However, these ap-
proaches can only exploit localized features within
the neighborhood of individual entities (Nathani
et al., 2019; Busbridge et al., 2019; Zhang et al.,
2020c). For some tasks, such simplified localized
feature aggregation may be sufficient, but insuffi-
cient for knowledge representation learning (KRL)
tasks that also need exploring global information
(Xie et al., 2020).

In this paper, we concentrate on how to incor-
porate global information in local attention for
knowledge representation learning. Specifically,
we allow the proper incorporation of global infor-
mation into the GAT family of models through
the use of scaled entity importance, which is es-
timated by a global random walk algorithm upon
the whole graph structural information. In KGs,
entity importance1 indicates the global significance
or authority of an entity. Intuitively, it can be quite
beneficial if an entity attends more to its “author-
itative” neighbors that have high scores of global
entity importance. For instance, a movie “Titanic”
links to different actors, among which a superstar

1The notions of its counterparts, e.g., global node impor-
tance or object authority, have been widely studied in graphs
(Li et al., 2012; Liu et al., 2017; Park et al., 2019), which
enable a number of applications such as Web search (Brin and
Page, 1998; Kleinberg, 1999), social network analysis (Weng
et al., 2010), RecSys (Jing et al., 2014), query disambiguation
(Makris et al., 2012; Saxena et al., 2020).
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Figure 1: An illustration of Graph Neural Network architectures that model on a graph which is centered on node e1

with its one-hop neighbors. Left: Graph Convolution Network (GCN); Center: Graph Attention Network (GAT);
Right: our proposed model (EIGAT) that incorporate global information in local attention through the use
of relative entity importance (REI). REIe1(ei) is calculated by an attention-based global random walk algorithm
upon the whole graph. GAT parameterizes the edge weights based on local attention score (α1i, also represented
by the distinct edge widths). Our EIGAT adds the relative importance score (represented by different scaling of
nodes), which is derived from global structural information. Note that although relationship should be drawn in
the knowledge graph, for clarity, we intentionally ignore it here, which does not hurt the presentation of the basic
idea of our model in this paper.

(e.g. “Leonardo Dicaprio”) may be more indica-
tive than other actors.

In this paper, we propose a novel Entity
Importance-aware Graph ATtention Networks,
EIGAT, which incorporates global entity impor-
tance in local attention mechanism for learning
effective knowledge representations. As shown
in Figure 1, we give a brief illustration of our pro-
posed EIGAT, which is compared to early proposed
GCN (Kipf and Welling, 2017) and GAT (Velick-
ovic et al., 2018). In EIGAT, the importance scores
of all entities are expected to be estimated upon
global information and to be incorporated in lo-
cal entity aggregation (Equation 5) for building
better entity embeddings. In particular, we pro-
vide an attention-based random walk approach to
estimate entity importance upon global structural
information for serving EIGAT. We conduct exten-
sive experiments on several different types of KGs
by entity prediction against state-of-the-art meth-
ods, which sufficiently demonstrate our proposed
EIGAT can successfully incorporating global in-
formation in local attention to improve knowledge
representation learning.

The contributions of this paper are threefold:

• We propose to incorporate global information
in local attention for knowledge representa-
tion learning.

• We propose EIGAT, a novel entity importance-
aware graph attention networks which incor-

porate global entity importance into local en-
tity aggregation.

• The extensive experimental results demon-
strate the efficacy of our proposed model in
link prediction.

2 Related Work

To make this paper self-contained, we introduce
some related topics here on Knowledge Representa-
tion Learning and Graph Neural Networks (GNNs).

2.1 Knowledge Representation Learning
(KRL)

In recent years, knowledge representation learning
on KGs has been a hot research topic (Xiao et al.,
2017; Shi and Weninger, 2017; Ebisu and Ichise,
2019; Balazevic et al., 2019; Zhang et al., 2020b).
These methods roughly fall into four categories:
(i) Translational-based models, which view rela-
tions as translations from a head entity to a tail
entity, such as Trans(E, H, R, D and G) (Bordes
et al., 2013; Wang et al., 2014; Lin et al., 2015; Ji
et al., 2015; Xiao et al., 2016), ComplEx (Trouillon
et al., 2016), JoBi ComplEx (Balkir et al., 2019).
(ii) Tensor factorization based models, which as-
sume the score of a triple can be factorized into
several tensors, such as RESCAL (Nickel et al.,
2011), NTN (Socher et al., 2013), DistMult (Yang
et al., 2015), HOLE (Nickel et al., 2016). (iii) CNN-
based models, which use convolution over embed-
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Table 1: Different variants of Graph Neural Networks: GNN (Scarselli et al., 2008), GCN (Kipf and Welling,
2017), GAT (Velickovic et al., 2018), and our proposed model EIGAT that incorporates global information in local
attention.

GNN-based Models Node Aggregation Operation Key Concepts

GNN (Scarselli et al., 2008) xj = f

(
lj , lco[j], xne[j], lne[j]

)
f(·) Transduction function

GCN (Kipf and Welling, 2017) E� = σ

(
D̃− 1

2 ÃD̃− 1
2 E�−1W �−1

)
D̃− 1

2 ÃD̃− 1
2 Convolutional operation

GAT (Velickovic et al., 2018) �ej
� = σ

(
∑

ei∈In(ej)

α�
ij · W �−1 �ei

�−1

)
αij Local attention

EIGAT (our proposed) �ej
� = σ

(
∑

ei∈In(ej)

REIej
(ei)

� ∑
k∈Rij

α�
ikj · �vikj

�

)
REIej

(ei), αikj
Global information
+ Local attention

dings to predict links, such as ConvE (Dettmers
et al., 2018), ConvKB (Nguyen et al., 2018), Inter-
actE (Vashishth et al., 2020a), ReInceptionE (Xie
et al., 2020), and ParamE (Che et al., 2020). (iv)
Graph neural network-based models, such as R-
GCN (Schlichtkrull et al., 2018), A2N (Bansal
et al., 2019), Nathani’s (Nathani et al., 2019),
RGHAT (Zhang et al., 2020c), ATTH (Chami et al.,
2020), which yielded state-of-the-art performance
for KRL. Along this line, we focuses on a GNN-
based approach to deal with knowledge representa-
tion learning task.

2.2 Graph Attention Networks (GATs)
Graph Neural Networks (GNNs) develop a deep
neural network to deal with arbitrary graphs for
representation learning (Scarselli et al., 2008; Zhou
et al., 2019; Hou et al., 2020). Graph Convolutional
Networks (GCNs) are one of their most promi-
nent progress (Schlichtkrull et al., 2018; Wu et al.,
2019a; Xu et al., 2019; Vashishth et al., 2020b),
which generalize local convolutional operation on
the graph-structured data, i.e. gather information
from one-hop neighbors and all neighbors con-
tribute equally in the message passing. Inspired by
the successful development of the attention mech-
anism in NLP and CV, Velickovic et al. (2018)
proposed Graph Attention Networks (GATs) by
incorporating local attention mechanism (Vaswani
et al., 2017; Qian et al., 2018; Lu and Li, 2020) into
GCNs, which calculate the hidden states of each
node by attending over its neighbors (Thekumpara-
mpil et al., 2018; Lee et al., 2018b; Yang et al.,
2019).

Recently, several advanced extensions of GATs
were proposed for operating on knowledge graphs.
Han et al. (2018) proposed to jointly apply atten-
tion to KGs and external text data. Busbridge

et al. (2019) proposed RGAT by extending non-
relational GATs to incorporate relational informa-
tion, but with poor performance. Nathani et al.
(2019) proposed a triple-level attention model that
captures the integrated features of both entity and
relation in a given entity’s neighborhood, and
Zhang et al. (2020c) proposed a two-level hierarchi-
cal attention mechanism. These studies are related
to our work in the sense that we all use GNNs to
capture more structural information in KGs. How-
ever, all of them ignore global information in local
attention computation.

Most recently, (Xu et al., 2020) proposed a
Transformer-based model to enhance the copy
mechanism for abstractive summarization by con-
sidering the global importance of each source word
based on the degree centrality in the Transformer,
which inspires our idea of incorporating global
information in local attention for KRL. Table 1
summarizes the key concepts and other different
settings of GNNs.

3 Methodology

In this section, we introduce the details of the pro-
posed EIGAT model that incorporates global in-
formation in local attention for knowledge repre-
sentation learning on KGs. We start by describing
a single entity importance-aware graph attention
layer, which is the building block of our model’s
overall architecture. Before that, we briefly intro-
duce the notations of this paper.

Notations. In a graph attention networks with
L layers, the input to �-th layer (� = 1, . . . , L)
are two embedding sets: (1) the output entity
embeddings from (�-1)-th layer which is repre-
sented by a matrix E�−1 ∈ Rη�−1×Ne , E�−1 =
{ �e1

�−1, �e2
�−1, . . . , �eNe

�−1}, where Ne is the num-
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ber of entities, and η�−1 is the dimension of output
entity embedding in (�-1)-th layer. (2) the output
relationship embeddings from (�-1)-th layer, de-
noted by a matrix R�−1 ∈ Rζ�−1×Nr , R�−1 =
{�r1

�−1, �r2
�−1, . . . , �rNr

�−1}, where Nr and ζ�−1

represent the number of relationships and the out-
put relationship’s feature dimension in (�-1)-th
layer, respectively. The �-th layer then produces
the corresponding new output embedding matrices
(of potentially different cardinality), E� ∈ Rη�×Ne

and R� ∈ Rζ�×Nr . Specifically, we describe the
�-th graph attention layer.

3.1 Local Attention Evaluation
A triple relation tkij = (ei

rk−→ ej) indicates a rela-
tionship rk between head entity ei and tail entity ej .
Following (Nathani et al., 2019), the representation
�vikj

� of the triple tkij is built as follows:

�vikj
� = W�

1 ·
[
�ei

�−1‖ �rk
�−1‖ �ej

�−1] , (1)

where W�
1 denotes a linear transformation matrix

in �-th layer, �ei
�−1, �rk

�−1 and �ej
�−1 denote the

output embeddings of ei, rk and ej in (�-1)-th layer,
respectively. ‖ represents concatenation. We then
calculate the absolute relation attention value b�

ikj

of the triple tkij .

b�
ikj = LeakyReLU

(
W�

2 · �vikj
�
)

, (2)

where W�
2 and LeakyReLU are a linear weight vec-

tor in �-th layer and a non-linearity active function
respectively that act upon the embedding �vikj

� in
turn. We then utilize softmax to evaluate the rela-
tive relation attention value α�

ikj of the triple tkij in
�-th layer.

α�
ikj = softmaxik(b�

ikj) =
exp{b�

ikj}∑
en∈In(ej)

∑
r∈Rnj

exp{b�
nrj}

.

(3)

In(ej) denotes the neighbors pointing to targeted
tail entity ej , Rnj denotes the set of relationships
between en and ej .

3.2 Global Entity Importance Estimation
To obtain global entity importance EI(ei) of an
entity ei, we formally introduce a relation attention-
based global random walk method, as follows:

EI(ei)
t = (1 − d) + d×

∑

em∈In(ei)

∑

r∈Rmi

bmri∑
en∈Out(em)

∑
r̄∈Rmn

bmr̄n
EI(em)t−1 ,

(4)

where d is a hyperparameter denoting the probabil-
ity that an imaginary surfer randomly moves to a
neighboring entity. (1 − d) denotes the probability
of teleporting to any other entities randomly, which
is able to alleviate the information island prob-
lem caused by the isolated entities that lack of any
in-degree or out-degree neighbors (e.g. #median
in-degree=0 in NELL-995 in Table 2). Out(em)
denotes the neighborhoods that an entity em points
to. EI(em)t−1 denotes the EI score of the entity
em in (t-1)-th iteration. The random walk distance2

t depends on both the number of attention layers
L and training epochs C, t ∈ (1, L × C]. The
relation weights (e.g. bmri) are calculated by Equa-
tion (2). Unlike conventional fixed weights-based
random walk methods (Mihalcea and Tarau, 2004;
Florescu and Caragea, 2017), a novelty is that the
dynamic relation weights (e.g. bmri) are iteratively
and automatically optimized during training by the
graph attention mechanism. In line with the theo-
retical desiderata for modeling node importance in
MRGs, this method develops the following essen-
tial characteristics: (i) Neighborhood-awareness,
i.e. neighboring EI scores can be taken into account
when a given entity’s importance score is modeled.
(ii) Relationship-awareness, i.e. different relation-
ships could play a different role in propagating EI
score. (iii) Centrality-awareness, i.e. more central
nodes inherently and reasonably would be more im-
portant than less central nodes. (iv) Universal and
flexible, i.e. it utilizes only graph global structural
information.

3.3 Incorporate Global Information in Local
Attention

Though attention mechanism can assign different
importance to nodes via learned weights, it is still a
local computation. The attention value, e.g., αikj in
Equation (3), is the function of pairwise feature in-
teraction within local neighborhood and do not take
account of entity importance from global graph
structure. To this end, we incorporate global infor-
mation in local attention computation, as shown in
Figure 1 (EIGAT).

Specifically, to generate the output embedding
�ej

� of tail entity ej in �-th layer, we incorporate
global relative head entity importance REIej (ei)

�

in local attention to conduct entity aggregation with
its associated triple representations �vikj

� weighted
2To denote EI score of ei in �-th layer explicitly, we omit

the training epoch symbol and denote it as EI(ei)
� in the

following.
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by their relative attention values α�
ikj , as follows:

�ej
� = σ

⎛
⎝ ∑

ei∈In(ej)

REIej (ei)
�

∑

k∈Rij

α�
ikj · �vikj

�

⎞
⎠ , (5)

and

REIej (ei)
� = softmaxIn(ej)(EI(ei)

�)

=
exp {EI(ei)

�}∑
e′

i∈In(ej)

exp {EI(e′
i)

�} , ∀ei ∈ In(ej) .

(6)

In Eq. (5), we bring in global relative entity im-
portance REIej (ei)

� of different head entities in
In(ej) for learning more about those significant
neighboring entities, and thus could get better
knowledge representations for the targeted tail en-
tity ej .

To stabilize the learning process of self-attention,
as suggested by (Velickovic et al., 2018), we em-
ploy multi-head attention. Specifically, M inde-
pendent attention mechanisms execute the trans-
formation of Eq. (5), and then their features are
concatenated as:

�ej
� =

M∥∥∥∥∥
m=1

σ

⎛
⎝ ∑

ei∈In(ej)

REIej (ei)
�,m

∑

k∈Rij

α�,m
ikj · �vikj

�,m

⎞
⎠

(7)

We conduct a linear transformation on input re-
lationship embedding �rk

�−1 ∈ Rζ�−1
in �-th layer

as:
�rk

� = W�,R · �rk
�−1 , (8)

where W�,R ∈ Rζ�×ζ�−1
is a weight matrix, ζ�−1

and ζ� are dimensions of input and output relation-
ship embeddings, respectively. �rk

� ∈ Rζ�
repre-

sents the output relationship embedding in the �-th
layer.

4 Model Architecture

Our model follows an encoder-decoder framework:
(i) the encoder model includes L attention layers,
(ii) the decoder model provides a scoring function
(Eq. 11) to calculate the likelihood of given triples
being valid. Based on it, the KG incompleteness
issue is expected to be alleviated by link predic-
tion (Section 5), i.e., inferring possible missing
relations, e.g. (ei, rk, ?) or (?, rk, ej).

4.1 Encoder
Based on a single attention layer introduced above,
we build the overall architecture of our encoder
model with L layers. In practice, we set L=2 for

our encoder model. In the final L-th layer, instead
of concatenation (Equation 7), we employ aver-
aging and delay applying the final non-linearity
activation:

�ej
L =

σ

⎛
⎝ 1

M

M∑

m=1

∑

ei∈In(ej)

REIej (ei)
L,m

∑

k∈Rij

αm
ikj �vikj

L,m

⎞
⎠

(9)

To keep initial entity information in the final em-
bedding, we obtain the final entity embedding
�e� ∈ RηL

by combining the transformed initial
embeddings �e0 ∈ Rη0

and the output entity em-
bedding �eL ∈ RηL

of the L-th layer, as follows:

�e� = W� · �e0 + �eL, ∀e ∈ E . (10)

W� ∈ RηL×η0
is a projecting matrix. The initial

entity embeddings (i.e. �e0, ∀e ∈ E) and relation-
ship embeddings (i.e. �r0, ∀r ∈ R) are pre-trained
by Bordes et al. (2013).

4.2 Decoder

Among the existing KG completion (KGC) models,
we utilize the most recent model ConvKB (Nguyen
et al., 2018) as decoder model3. Given a triple tkij ,
the scoring function is formally defined as:

f(tk
ij) =

( |Ω|∥∥∥
m=1

g([�ei
�, �rk

L, �ej
�] ∗ ωm)

)
· W , (11)

where Ω denotes the set of filters, τ=|Ω| and ω ∈ Ω.
Ω and W are shared parameters and independent
of ei, rk and ej . g(·) is an activation function such
as ReLU. ∗ denotes a convolution operator. These
τ feature maps are concatenated into a single vector
∈ Rτφ which is then computed with a weight vector
W ∈ Rτφ via a dot product to give a likelihood
score for the triple tκij . φ denotes the dimension of
entity and relation embeddings. In practice, we set
φ=ηL=ζL for ConvKB.

4.3 Optimization

We utilize a two-step training procedure for the
encoder-decoder framework, which is a routine op-
timization way for it (Zhou et al., 2019). (i) We
first train the encoder model to learn the embed-
dings of entities and relationships, by minimizing

3We choose ConvKB here, and it is not difficult for other
KGC methods, such as CapsE (Nguyen et al., 2019), ConvE
(Dettmers et al., 2018), etc. Note that we also tried different
models as decoder, but found that ConvKB performs best.
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Table 2: Statistics of datasets.

#Edges

Datasets #Entities #Rel Train Validation Test Total Mean in-degree Median in-degree Density

Kinship 104 25 8544 1068 1074 10,686 82.15 82.5 0.998
FB15k-237 14,541 237 272,115 17,535 20,466 310,116 18.71 8 0.001
NELL-995 75,492 200 149,678 543 3992 154,213 1.98 0 2.71E-5

a hinge-loss function, as follows:

L1 =
∑

tk
ij∈G

∑

tk
ij

′∈G′

max
{

htk
ij

′ − htk
ij

+ γ, 0
}

. (12)

Here, htkij
= ‖�ei

�+ �rk
L−�ej

�‖�1 indicates the trans-
lational scoring function of the triple tκij (Bordes
et al., 2013). γ > 0 is a margin hyper-parameter.
(ii) We then train and learn the parameters of the
decoder model ConvKB for link prediction , by
minimizing a soft-margin loss function, as follows:

L2 =
∑

tk
ij∈{G∪G′}

log
(
1 + exp

(
ltk

ij
· f(tk

ij)
))

+ λ ‖W‖2
2 ,

(13)

in which, ltkij
=

{
1, tkij ∈ G
−1, tkij ∈ G′ . G and G′ are the

sets of positive triples and negative triples, respec-
tively.

G′ = {tk
i′j |e′

i ∈ E \ ei} ∪ {tk
ij′ |e′

j ∈ E \ ej} . (14)

5 Experiments

We evaluate the effectiveness of our proposed
model EIGAT by link prediction (determined by
Equation 11), which aims to infer possible missing
relations, i.e., predict ej given (ei, rk, ?) or predict
ei given (?, rk, ej).

5.1 Datasets
We use three public benchmark datasets for link pre-
diction experiments, including: Kinship (Lin et al.,
2018), NELL-995 (Xiong et al., 2017), FB15K-237
(Toutanova et al., 2015), where we discard another
popular dataset WN18RR due to its too sparse to
learn global information. The basic statistics of all
datasets are included in Table 2. To explore the
performance of our proposed model on different
datasets with different global topology character-
istics, we compute their density value (Coleman
and Moré, 1983) and report them in Table 2. Since
the densities in NELL-995 is sparser than Kinship
and FB15K-237, and its median in-degree even is
0, it is relative hard for global entity importance
estimation in NELL-995.

Definition 1. (Graph Density). Graph density
aims to measure how sparse a graph is. Similar to
(Coleman and Moré, 1983), given a graph G, it’s
formally defined as follows:

D(G) =
E

N(N − 1)
, (15)

where N denotes the number of nodes in G, and E
denotes the number of edges in G. The lower the
D(G), the sparser the graph is.

Table 3: Hyperparameters for the encoder model
EIGAT on all datasets.

Datasets Kinship NELL-995 FB15k-237

Learning rate 1e-2 1e-3 1e-3
Weight decay 1e-6 1e-6 1e-6
Epochs 4000 3000 3200
Dropouts 0.3 0.5 0.5
Leaky Relu 0.2 0.2 0.2
nheads 2 2 2
Final dimensions 200 200 200
Negative ratio 2 2 2
Margin 1 1 1
RW parameter d 0.85 0.85 0.85

Table 4: Hyperparameters for the decoder model
EIGAT on all datasets.

Datasets Kinship NELL-995 FB15k-237

Learning rate 1e-2 1e-3 1e-3
Weight decay 1e-5 5e-6 5e-7
Epochs 400 200 200
Dropouts 0.0 0.3 0.2
Filters 50 400 50

5.2 Baselines
To demonstrate the effectiveness of our proposed
model EIGAT for link prediction, we compare it
with the following state-of-the-art (SOTA) base-
lines:

• TransE (Bordes et al., 2013): a most widely
used and early KGC models.

• DistMult (Yang et al., 2015): a popular tensor
factorization-based KGC model which uses a
bi-linear scoring function to calculate knowl-
edge triples’ scores.
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Table 5: Link prediction results on Kinship and NELL-995. The results of baselines are directly taken from the
original papers. The best scores are in bold.

Kinship NELL-995

Hits@N (%) Hits@N (%)

MR MRR @1 @3 @10 MR MRR @1 @3 @10

TransE (Bordes et al., 2013) 6.8 0.309 0.9 64.3 84.1 2100 0.401 34.4 47.2 50.1
DistMult (Yang et al., 2015) 5.26 0.516 36.7 58.1 86.7 4213 0.485 40.1 52.4 61
ComplEx (Trouillon et al., 2016) 2.48 0.823 73.3 89.9 97.11 4600 0.482 39.9 52.8 60.6
ConvE (Dettmers et al., 2018) 2.03 0.833 73.8 91.7 98.14 3560 0.491 40.3 53.1 61.3
ConvKB (Nguyen et al., 2018) 3.3 0.614 43.62 75.5 95.3 600 0.43 37.0 47 54.5
R-GCN (Schlichtkrull et al., 2018) 25.92 0.109 3 8.8 23.9 7600 0.12 8.2 12.6 18.8
Nathani’s (Nathani et al., 2019) 1.94 0.904 85.9 94.1 98 965 0.530 44.7 56.4 69.5

EIGAT (Ours) 1.66 0.963 94.8 96.6 98.4 1210 0.545 46.4 58.4 71.5

• ComplEx (Trouillon et al., 2016): an ad-
vanced extension of DistMult which encodes
entities and relationships into complex vector
space instead of real-valued vector space.

• ConvE (Dettmers et al., 2018): a popular con-
volutional network-based KGC model.

• ConvKB (Nguyen et al., 2018): another SOTA
convolutional network-based KGC model.

• R-GCN (Schlichtkrull et al., 2018): an ad-
vanced extension of GCN that can effectively
model multi-relational data.

• Nathani’s (Nathani et al., 2019): a recent KGC
model that models the local neighborhood via
graph relational attention network.

• A2N (Bansal et al., 2019): a recent model
that learns query-dependent representations
of entities based on a GNN structure.

• HAKE (Zhang et al., 2020b): a SOTA KGC
model that models semantic hierarchies

• InteractE (Vashishth et al., 2020a):a recent ex-
tension of ConvE that increase the interaction
between relation and entity embeddings.

• ReInceptionE (Xie et al., 2020): a recent ex-
tension of ConvE that uses local-global struc-
tural information.

• ParamE (Che et al., 2020): another extension
of ConvE that use relation embeddings.

• ATTH (Chami et al., 2020): a SOTA model
that use hyperbolic space and attention-based
geometric transformation.

• RGHAT (Zhang et al., 2020c): a SOTA KGC
model that models the local neighborhood via
hierarchical attention mechanism.

5.3 Evaluation Protocol
We utilize ranking criteria for evaluation. For each
testing triple, we remove the head entity or tail en-
tity and replace it by each of the entities in E in turn.
The model scores of the corrupted triples would
be computed by the decoder model (Eq. 11) and
then sorted by descending order. We can obtain the
exact rank of the correct triple in the candidates.
Similar to most baselines, we report the experi-
mental results in “Filter” setting, i.e. removing
corrupted triples that are already present in datasets
during ranking. The evaluation metrics include:
the mean reciprocal rank (MRR), mean rank (MR),
and the proportion of correct entities ranked in the
top N (HITS@N, N=1, 3, 10).

5.4 Training Protocol
Table 3 and Table 4 report the detailed hyperpa-
rameter settings of encoder and decoder models for
EIGAT, respectively. In the training, we set M=2
heads attention mechanism. The final dimensions
of entity and relation embeddings are set to 200.
The slop parameter α of LeakyReLU in Eq. (2)
is set as 0.2 on all datasets. We use auxiliary rela-
tions from 2-hop neighborhood to aggregate more
information about the neighborhoods. EI scores
are initialized randomly in (0,1). We utilize a typi-
cal value for d = 0.85 (Mihalcea and Tarau, 2004;
Florescu and Caragea, 2017).

5.5 Results and Analysis
Table 5 and Table 6 demonstrate the results of link
prediction (significance level of 0.05). We can
observe that: (i) The results clearly indicate that
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Table 6: Link prediction results on FB15K-237. The
results of baselines are directly taken from the original
papers. The best scores are in bold.

FB15K-237

Hits@N (%)

MR MRR @1 @3 @10

TransE (Bordes et al., 2013) 323 0.279 19.8 37.6 44.1
DistMult (Yang et al., 2015) 512 0.281 19.9 30.1 44.6
ComplEx (Trouillon et al., 2016) 546 0.278 19.4 29.7 45
ConvE (Dettmers et al., 2018) 245 0.312 22.5 34.1 49.7
ConvKB (Nguyen et al., 2018) 216 0.289 19.8 32.4 47.1
R-GCN (Schlichtkrull et al., 2018) 600 0.164 10 18.1 30
ATTH (Chami et al., 2020) - 0.348 25.2 38.4 54.0
HAKE (Zhang et al., 2020b) - 0.346 25.0 38.1 54.2
InteractE (Vashishth et al., 2020a) 172 0.354 26.3 - 53.5
ReInceptionE (Xie et al., 2020) 173 0.349 - - 52.8
ParamE (Che et al., 2020) - 0.399 31.0 43.8 57.6
RGHAT (Zhang et al., 2020c) 196 0.522 46.2 54.6 63.1

EIGAT (Ours) 154 0.541 47.6 57.1 66.1

EIGAT significantly and consistently outperforms
all state-of-the-art baselines on most metrics in
all benchmark datasets, which demonstrate the ef-
fectiveness of our proposed model. (ii) The ad-
vantages EIGAT compared to baselines on NELL-
995 seem to be smaller than others. It is be-
cause that rich global structural information in rel-
ative dense graphs, i.e., Kinship, and FB15K-237,
leads to more effective entity importance estima-
tion by global random walk methods, comparing
with less global structural knowledge in relative
sparse graphs, i.e., NELL-995. The results demon-
strate NELL-995 is more difficult than others for
EIGAT to learn, but the comparable results also ver-
ify the effectiveness and robustness of our model
on both scenarios.

5.6 Ablation Study

To analyze the behavior of global information in
EIGAT, we compare EIGAT with EIGAT-Remove-
global (i.e., removing global entity importance
from EIGAT). The comparison results in Table 7 in-
dicate that EIGAT achieves improvements against
EIGAT-Remove-global on all metrics. In particular,
on MR, EIGAT surpasses EIGAT-Remove-global
by a large margin 56. The results demonstrate
our model can successfully take account of global
information in local attention to aggregate more
effective entity representations.

5.7 Case Study

Table 8 gives examples of entity prediction results
of EIGAT on the FB15k-237 testing set (predicting
tail entities). This illustrates the efficacy of our
proposed EIGAT. Given a head entity and a relation,
the top predicted tail entities (and the true one) are

Table 7: Ablation Study. Link prediction results by
different variants of our model on FB15K-237.

FB15K-237

Hits@N (%)

MR MRR @1 @3 @10

EIGAT-Remove-global 210 0.518 46 54 62.6
EIGAT 154 0.541 47.6 57.1 66.1

depicted. Even if the true fact is not always at
the best front, the predicted results can still reflect
common-sense.

Table 8: Example predictions on the FB15K-237 test
set using EIGAT. Bold indicates the test triplet’s true
tail and italics other true tails present in the training
set.

Head Entity Relation Tail Entities

X-Men production companies

Marvel Entertainment,
DC Comics,

20th Century Studios,
American Zoetrope

United States
of America form of government

presidential régime,
Democracy, republic,

parliamentary monarchy,
parliamentary system

Belgium time zones
Central European Time,

Atlantic Time Zone,
Belgium

6 Conclusion and Future Work

In this paper, we propose to incorporate global
information in local attention for knowledge repre-
sentation learning and introduce a novel GAT-based
model that incorporates global entity importance.
In particular, we provide an attention-based global
random walk approach to estimate entity impor-
tance. The experimental results of entity prediction
demonstrate that our model can successfully take
into account global information in local attention
to improve knowledge representation learning. In-
teresting future work directions include general-
izing EIGAT to other relational graphs (e.g. het-
erogeneous information network (HIN), user-item
graph in recommendation system), and exploring
an advanced variant of EIGAT in a semi-supervised
learning scenario.
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Abstract

Aspect sentiment classification (ASC) aims at
determining sentiments expressed towards dif-
ferent aspects in a sentence. While state-of-
the-art ASC models have achieved remarkable
performance, they are recently shown to suffer
from the issue of robustness. Particularly in
two common scenarios: when domains of test
and training data are different (out-of-domain
scenario) or test data is adversarially perturbed
(adversarial scenario), ASC models may at-
tend to irrelevant words and neglect opinion
expressions that truly describe diverse aspects.
To tackle the challenge, in this paper, we hy-
pothesize that position bias (i.e., the words
closer to a concerning aspect would carry a
higher degree of importance) is crucial for
building more robust ASC models by reduc-
ing the probability of mis-attending. Accord-
ingly, we propose two mechanisms for cap-
turing position bias, namely position-biased
weight and position-biased dropout, which can
be flexibly injected into existing models to en-
hance representations for classification. Exper-
iments conducted on out-of-domain and adver-
sarial datasets demonstrate that our proposed
approaches largely improve the robustness and
effectiveness of current models.1

1 Introduction

Aspect sentiment classification (ASC) is an impor-
tant sub-task of sentiment classification. It aims
to identify the sentiment polarity (i.e., negative,
neutral, or positive) of a specified aspect in a sen-
tence. Take “Great food but the service was bad.”
as an example. For aspects food and service, their
corresponding sentiment polarities are positive and
negative, respectively.

∗ Fang Ma and Chen Zhang contribute equally to this
work. The order is determined alphabetically.

†Dawei Song is the corresponding author.
1The code and preprocessed data are available at https:

//github.com/BD-MF/POS4ASC.

Scenario Example Pred./Lb.

I.D. Great food but the service was bad ! neg./neg.

O.O.D. The battery has never worked well . pos./neg.

Adv. Awful food but the service was great ! neg./pos.

Figure 1: An illustration of how an ASC model
IAN (Ma et al., 2017) might fail. Gradient saliency
maps (Simonyan et al., 2014) with respect to the em-
bedding of each word in I.D., O.O.D., and Adv. sce-
narios, along with the model predictions (Pred.) and
corresponding ground truth labels (Lb.), are provided.
Underlined words are aspects.

A challenge in ASC is how to model semantic
relations between aspect terms and their contexts,
which requires an ASC model to be only sensi-
tive to the sentiment words actually depicting the
target aspect terms. Although previous ASC mod-
els (Tang et al., 2016b; Li et al., 2018; Zhang et al.,
2019a; Xu et al., 2019; Wang et al., 2020; Tang
et al., 2020) have achieved promising results by
modeling complex interactions between aspects
and contexts, these models have recently been
shown to suffer from the lack of robustness (Xing
et al., 2020). The issue is particularly severe in
two scenarios: 1) out-of-domain (O.O.D.) scenario:
ASC models that perform well on training data of-
ten fail to generalize to test data in another domain;
2) adversarial (Adv.) scenario: ASC models can
be easily fooled by small adversarially perturbed
inputs, e.g. synonymous word substituted ones. To
our best knowledge, none of current ASC mod-
els have been targeted at alleviating the robustness
issue in above-mentioned two scenarios.

To fill this gap, inspired by a recent finding that
highlighting words close to a target aspect (termed
as position bias) would boost in-domain (I.D.) ef-
fectiveness of a model (Zhang et al., 2019b), we
hypothesize that such position bias is also crucial
for a robust ASC model in O.O.D. and Adv. sce-
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Figure 2: Aspect proximity distributions of different
benchmarks, visualized with the kernel density estima-
tion.

narios. Figure 1 shows an illustrative example of
an ASC model that fails in the two scenarios due
to mis-attending. In contrast, with position bias,
a model tends to focus more on words nearer to
the aspect, thus reducing the probability of mis-
attending. Concretely, we propose two mecha-
nisms: position-biased weight and position-biased
dropout. The former assigns an inductive weight
to each word according to its position proximity to
the aspect. The latter gives each word a probability
of being reserved (or dropped out) according to
its proximity relation to the aspect. In doing so,
position-biased weight degrades the significance
of words that are not close enough to the aspect,
while position-biased dropout will drop those likely
irrelevant words at high probabilities.

Essentially, position bias is quantitatively evi-
denced in commonly used benchmarks. With an-
notated aspect-opinion pairs offered by Fan et al.
(2019), we can calculate position proximity be-
tween any pair of aspect and opinion (in short, as-
pect proximity) in a sentence. The aspect proximity
is computed by dividing the relative distance be-
tween a pair of aspect and opinion by the length
of the corresponding sentence. Therefore, we can
plot aspect proximity distributions of these bench-
marks with kernel density estimation, as shown in
Figure 2. These distributions indicate the aspect
proximity is small at a high probability, thereby
position bias is a reasonable inductive bias.

Extensive experiments are conducted on Se-
mEval and ARTS datasets (Xing et al., 2020). The
results show that incorporating the proposed posi-
tion bias mechanisms would lead to more robust
ASC models in both out-of-domain and adversarial
scenarios. Furthermore, in terms of flexibility, the
proposed methods can be easily adapted by subse-

quent models.

2 Capturing Position Bias

This section describes the proposed position-biased
weight and position-biased dropout for capturing
position bias. Formally, an n-word sentence con-
taining a target m-word aspect term is formu-
lated as S = {w0, w1, . . . , wγ , wγ+1, . . . , wn−1},
where γ denotes the start index of the as-
pect term. By resorting to either a pre-
trained word embedding (Bengio et al., 2003)
or a pre-trained language model (Devlin et al.,
2019), we can represent the sentence as V =
{e0, e1, . . . , eγ , eγ+1, . . . , en−1}. We can then use
the position-biased weight and dropout to refine
V and generate an enhanced representation, de-
noted as E = {h0, h1, ...hγ , hγ+1, ..., hn−1}. E
can then be incorporated into the model, i.e., any
further structures for the model will be built upon
E, instead of V , to predict sentiment polarities
associated with diverse aspects.

Position-biased Weight Generally, the senti-
ment polarity of an aspect term is determined by
its context, which are the words around the aspect
term (Zhang et al., 2019b). Thus we can leverage
relative position information to calculate weights
of context words, with the aim to degrade the sig-
nificance of those words that are far away from
the aspect. Position-biased weight, denoted as
pi ∈ (0, 1), is computed as:

pi =





1− γ−i
n−m 0 ≤ i < γ

1
n−m γ ≤ i < γ +m

1− i−γ−m+1
n−m γ +m ≤ i < n

(1)

Then we compute hi as: hi = pi · ei.
Position-biased Dropout Dropout (Srivastava
et al., 2014; Sennrich et al., 2016) randomly sets el-
ements in a feature vector to zeros. The word-level
dropout can model semantic and syntactic com-
positionality and reduce input redundancy (Iyyer
et al., 2015). Motivated by this idea, we give each
word a probability of being reserved according to
its position proximity to the aspect. The aim is to
preserve those words that are close enough to the
aspect and drop the rest. The probability that the
i-th word will be preserved can be computed as:

zi ∼ Bernoulli(pi) (2)

where Bernoulli(pi) denotes that zi equals to 1
with pi and equals to 0 with 1−pi. The i-th word is
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dropped out if zi is 0. Likewise, hi can be attained
by multiplying zi and ei.

3 Experiments

Datasets To empirically evaluate a model’s
O.O.D. robustness, we conduct experiments on two
domains from SemEval 2014 (Pontiki et al., 2014)
dataset (SEMEVAL): one is laptop (SEMEVAL-
LAP) and the other is restaurant (SEMEVAL-REST).
For Adv. robustness, we experiment with the As-
pect Robustness Test dataset (ARTS) (Xing et al.,
2020), which is derived from the SemEval 2014
dataset. Instances in ARTS are generated with
three adversarial strategies. These strategies en-
rich the test set from 638 to 1,877 for the laptop
domain (ARTS-LAP), and from 1,120 to 3,530 for
the restaurant domain (ARTS-REST). Note that
each domain from SEMEVAL consists of separate
training and test sets, while each domain from
ARTS only contains a test set. Since SEMEVAL

dataset does not come with development sets, 150
instances from the training set in each domain are
randomly selected to form the development set. Ta-
ble 1 shows the statistics of the datasets.

Dataset # pos. # neu. # neg.

SEMEVAL-LAP

train 930 433 800

test 341 169 128

dev 57 27 66

SEMEVAL-REST

train 2,094 579 779

test 728 196 196

dev 70 54 26

ARTS-LAP test 883 407 587

ARTS-REST test 1,953 473 1,104

Table 1: Statistics of datasets.

Target Models We conduct experiments on a
wide range of existing models for a comprehensive
study on whether position bias is beneficial. Specif-
ically, we examine these models’ performance be-
fore and after injecting the position bias, in terms
of position-biased weight (pos-wt) and dropout
(pos-dp) individually.

The target models include: (a) LSTM (Tang
et al., 2016a) uses the last hidden state vector
of the LSTM to predict sentiment. (b) LSTM-
Attn (Wang et al., 2016) applies an attention-based
LSTM on the concatenation of the aspect and word
embeddings. (c) IAN (Ma et al., 2017) interac-
tively learns attentions between context words and

aspect terms. (d) MemNet (Tang et al., 2016b)
applies attention multiple times on word memo-
ries, and the output of the last attention is used for
prediction. While the original work utilizes word
embeddings as memories, we instead choose to add
a layer of bidirectional LSTM upon embeddings
for more abstractive memories. (e) AOA (Huang
et al., 2018) introduces an attention-over-attention
based network to model interaction between as-
pects and contexts. (f) RoBERTa (Dai et al., 2021)
is a strong baseline with an MLP built upon the
pooled feature induced with RoBERTa (Liu et al.,
2019).

Implementation Details In all our experiments,
the 300-dimensional GloVe (Pennington et al.,
2014) is leveraged to initialize the input embed-
ding. All parameters of models are initialized with
uniform distributions. During all experiments, a
bidirectional LSTM is adopted if necessary instead
of a unidirectional one. If a model takes advantage
of the attention mechanism, then dot product based
attention is employed. In case a model has hidden
states, the dimensionality of hidden states is set to
300. The batch size is 64. We use Adam (Kingma
and Ba, 2015) as the optimizer with a learning rate
of 10-3. The coefficient of L2 regularization is 10-5.
For experiments with RoBERTa as the input em-
bedding (Liu et al., 2019), things may change. The
dimensionality of hidden states is 768. The learn-
ing rate is 10-5, while the regularization is rather
removed.

Evaluation Metrics For O.O.D., models are
trained separately on one domain and evaluated
on another. For Adv., models are trained on the
SEMEVAL dataset and tested on the ARTS coun-
terpart. For every test, a model is trained on the
I.D. training set, selected on the I.D. development
set, and tested on the O.O.D. or Adv. test set. The
experimental results are obtained by averaging 5
runs with random initialization, and we adopt Ac-
curacy and macro-averaged F1 scores as evaluation
metrics.

In-domain Generalization Results Table 3
shows the I.D. performance of the LSTM on both
laptop and restaurant domains, which exhibits in-
corporating position bias does not harm, if this is
the case, a model’s generalization on I.D. test sets
that much. On the contrary, position bias, espe-
cially with position-biased weight, can boost I.D.
performance.
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Model
LAP REST

O.O.D. Adv. O.O.D. Adv.

Acc. F1 Acc. F1 Acc. F1 Acc. F1

LSTM 71.02 52.15 49.49 43.91 60.60 53.25 53.34 41.99
w/ pos-dp 71.48↑0.46 50.98↓1.17 50.74↑1.25 44.38↑0.47 63.39↑2.79 58.57↑5.32 53.57↑0.23 42.11↑0.12
w/ pos-wt 72.96↑1.94 55.88↑3.73 55.50↑6.01 50.03↑6.12 66.33↑5.73 60.21↑6.96 59.03↑5.69 48.20↑6.21

LSTM-Attn 71.61 53.61 51.33 46.11 62.85 54.97 58.45 49.65
w/ pos-dp 71.34↓0.27 52.49↓1.12 53.76↑2.43 48.47↑2.36 65.24↑2.39 59.07↑4.10 58.64↑0.19 47.22↓2.43
w/ pos-wt 72.84↑1.23 56.18↑2.57 58.53↑7.20 53.54↑7.43 68.90↑6.05 64.48↑9.51 64.80↑6.35 55.34↑5.69

IAN 72.09 54.44 52.91 47.54 63.82 55.20 57.75 48.12
w/ pos-dp 70.95↓1.14 51.63↓3.08 52.04↓0.87 45.87↓1.67 63.57↓0.25 56.81↑1.61 56.89↓0.86 46.90↓1.22
w/ pos-wt 72.86↑0.77 54.88↑0.44 56.03↑3.12 50.30↑2.76 62.45↓1.37 55.95↑0.75 63.49↑5.74 54.04↑5.92

MemNet 70.66 52.07 52.00 46.50 57.84 51.15 55.30 46.67
w/ pos-dp 69.93↓0.73 53.37↑1.30 53.54↑1.54 47.93↑1.43 61.94↑4.10 54.49↑3.34 57.31↑2.01 45.23↓1.44
w/ pos-wt 70.67↑0.01 54.14↑2.07 56.04↑4.04 49.64↑3.14 61.35↑3.51 54.85↑3.70 61.10↑5.80 51.49↑4.82

AOA 71.63 52.65 52.16 46.78 63.73 57.00 58.19 49.02
w/ pos-dp 72.30↓0.67 53.73↑1.08 53.56↑1.40 48.18↑1.40 65.33↑1.60 58.31↑1.31 56.24↓1.95 45.63↓3.39
w/ pos-wt 72.61↑0.98 56.54↑3.89 59.07↑6.91 54.92↑8.14 66.87↑3.14 62.02↑5.02 64.35↑6.16 54.62↑5.60

RoBERTa 83.16 72.99 73.57 69.26 77.62 71.34 79.08 71.79
w/ pos-dp 81.98↓1.18 70.81↓2.18 69.98↓3.59 65.35↓3.91 75.61↓2.01 68.00↓3.34 77.81↓1.27 69.37↓2.42
w/ pos-wt 83.43↑0.27 74.08↑1.09 75.72↑2.15 72.09↑2.83 79.40↑1.78 74.44↑3.10 79.47↑0.39 73.10↑1.31

Table 2: Robustness results (%). O.O.D. on LAP or REST denotes a model is trained in current domain (LAP
or REST) and tested on another (REST or LAP). Adv. denotes a model is trained in a domain and tested on its
ARTS counterpart. Furthermore, w/ pos-dp means a model with position-biased dropout. w/ pos-wt means a
model with position-biased weight. The small number next to each performance score indicates either performance
improvement (↑) or drop (↓) compared with the original model without using position bias, and those highlighted
in red are the best-performing ones among two variants.

Model LAP I.D. REST I.D.

Acc. F1 Acc. F1

LSTM 67.15 60.57 74.57 62.14
w/ pos-dp 67.34 60.27 74.23 61.55
w/ pos-wt 68.78 62.42 76.34 64.85

Table 3: I.D. results (%) of LSTM on LAP and REST.

Robustness Results The robustness results are
shown in Table 2. We can see that performance of
LSTM drops drastically, compared to I.D. perfor-
mance, on O.O.D. and Adv. test sets, indicating the
importance of studying the robustness issue. Our
proposed two position bias mechanisms improve
the target models’ O.O.D. and Adv. performance
in most cases. With position-biased dropout, F1
scores of models are improved by up to 5.32 pp
on O.O.D. test sets, and 2.36 pp on Adv. test sets,
though the efficacy of the position-biased dropout
seems not stable across different target models and
settings. In contrast, the impact of position-biased
weight is much more prominent. With position-
biased weight, Accuracy scores of models can be

enhanced by up to 6.05 pp and 7.20 pp on O.O.D.
and Adv. test sets, respectively. Further, F1 scores
of models are improved by up to 9.51 pp and 8.14
pp on O.O.D. and Adv. test sets.

A highlight is that experimental results with
RoBERTa as well exhibit the benefit of position
bias, yet with caveats. Although pre-trained lan-
guage models like RoBERTa are subject to posi-
tional encodings, such absolute position informa-
tion is not enough to model relative position rela-
tions between aspect terms and contexts. There-
fore, position bias matters during fine-tuning pre-
trained language models for robust ASC perfor-
mance. However, we observe that position-biased
dropout is not an appropriate choice for pre-trained
language models.

Case Study To understand the effect of position
bias, we conduct a case study on the two robustness
scenarios, as shown in Table 4. Specifically, we vi-
sualize the attention scores separately offered by an
ASC model LSTM-Attn with and without position-
biased weight method and trained on SEMEVAL-
REST.

1355



We can observe that before applying position
bias, the model attends irrelevant words and fails
in both scenarios. Specifically, in both cases, the
model mis-attends to irrelevant opinion expres-
sions. After injecting position bias, the attention
scores become more accurate and the model attends
to the correct opinion spans.

w/ pos-wt Example

8
The price is reasonable although

the quality is poor .

4
The price is reasonable although

the quality is poor .

8 Awful food but the service was great !

4 Awful food but the service was great !

Table 4: Case study. The underlined words are aspects.
The top two rows are O.O.D. examples, while the bot-
tom two are Adv. examples. 8 and 4 refers to without
and with pos-wt respectively.

4 Related Work

Fine-grained Sentiment Analysis ASC falls in
the broad scope of fine-grained sentiment analy-
sis. While ASC is basically formulated as deter-
mining sentiment polarity of a given aspect in a
sentence (Tang et al., 2016b,a; Wang et al., 2016;
Chen et al., 2017; Huang et al., 2018; Li et al.,
2018; Xu et al., 2019; Zhang et al., 2019b,a; Wang
et al., 2020; Tang et al., 2020), there is an emer-
gent trend that treating fine-grained sentiment as
an opinion triplet extraction task (Peng et al., 2020;
Zhang et al., 2020; Wu et al., 2020). Recently, the
robustness of ASC models becomes a critical issue
that urges researchers to pay more attention on im-
proving the robustness of ASC models (Xing et al.,
2020). Our work is the first work to enhance the
universal robustness of ASC models by capturing
position bias. On another note, we believe opinion
triplet extraction is exposed to the similar robust-
ness issue, which should be explored in the near
future.

Robustness in NLP Broadly, there are two kinds
of robustness in NLP, i.e., O.O.D. and Adv. ro-
bustness. O.O.D. robustness in NLP has attracted
extensive attention in recent work (Ng et al., 2020;
Hendrycks et al., 2020; Xie et al., 2020). In terms
of O.O.D. robustness, they often use the cross-
domain setting to evaluate models (Benson and

Ecker, 2020). Previous work mainly focuses on
how to minimize the domain discrepancy and how
to improve the feature adaptability of models (Riet-
zler et al., 2020; Ye et al., 2020). On the other hand,
adversarial learning becomes the main method used
to improve Adv. robustness of models (Xing et al.,
2020). Prior methods consider using semantic op-
erations, such as synonym replacement, random
insertion, random swap, and random deletion to
augment data (Wei and Zou, 2019). Other meth-
ods involve adding extra text (Wallace et al., 2019)
and replacing sentences with semantically similar
sentences (Ribeiro et al., 2018). Our work goes
beyond the two forms of robustness and aims to
achieve universal robustness for ASC with position
bias.

5 Conclusion and Future Work

In this work, we find that state-of-the-art ASC mod-
els suffer from the issue of robustness, particularly
in two scenarios: i) out-of-domain scenario, and
ii) adversarial scenario. To address the issue, we
propose a simple yet effective inductive bias that
should be incorporated, that is, position bias. We
proposed two mechanisms to capture position bias,
namely position-biased weight and position-biased
dropout. They are injected into existing models to
enhance the representation. Extensive experiments
demonstrate that the proposed methods can largely
improve the models’ robustness. The results verify
our hypothesis that position bias is beneficial for
building more robust ASC models.

The work shall be improved in the following two
facets: i) Since the approach of incorporating po-
sition bias is straightforward yet naive, especially
for pre-trained language models, it is meaningful
to consider a nicely designed architecture to inject
position bias in a more elegant manner. ii) It has
been shown that position bias for ASC is highly
correlated with the syntactic structure of the sen-
tence. Hence, syntax can likewise be explored to
enhance the robustness of ASC models.
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Abstract

Document-level relation extraction aims to de-
tect the relations within one document, which
is challenging since it requires complex rea-
soning using mentions, entities, local and
global contexts. Few previous studies have dis-
tinguished local and global reasoning explic-
itly, which may be problematic because they
play different roles in intra- and inter-sentence
relations. Moreover, the interactions between
local and global contexts should be considered
since they could help relation reasoning based
on our observation. In this paper, we pro-
pose a novel mention-based reasoning (MRN)
module based on explicitly and collaboratively
local and global reasoning. Based on MRN,
we design a co-predictor module to predict
entity relations based on local and global en-
tity and relation representations jointly. We
evaluate our MRN model on three widely-
used benchmark datasets, namely DocRED,
CDR, and GDA. Experimental results show
that our model outperforms previous state-of-
the-art models by a large margin.

1 Introduction

Relation extraction (RE), identifying the semantic
relations among target entities in the text, has long
been a fundamental task in the natural language pro-
cessing (NLP) community (Zeng et al., 2014; Xu
et al., 2015). Prior efforts largely focus on sentence-
level RE (Lin et al., 2016; Zhang et al., 2018). How-
ever, recent studies reveal that a large number of
relations can actually be expressed through multi-
ple sentences, which necessitates document-level
RE (Yao et al., 2019). Compared with sentence-
level RE, the entities for document-level relations
may be mentioned in multiple sentences across a
document. Therefore, document-level RE requires
capturing the complex interactions between all enti-

∗Corresponding author.

P570
for the position of a Chicago municipal court judge in 1939.

object         subject: intra-sentence relation
object         subject: inter-sentence relation

P17:   country  
P27:   country of citizenship  
P102: member of political party
P570: date of death

P27
[S1] Edward Rowan Finnegan (June 5, 1905 – February 2, 1971)
was a U.S. Representative from Illinois from 1961 to 1964.

[S5] Finnegan unsuccessfully sought the Democratic nomination
... P17

[S12] He continued to serve until his death in 1971.

...

P102

...

Figure 1: An example of document-level RE from the
DocRED dataset. We use the same color to denote the
mentions of the same entity.

ties in the entire document (Nan et al., 2020; Zeng
et al., 2020; Wang et al., 2020).

It is well known that local and global contexts
are two key performance enhancers for the task.
Intuitively, the former can benefit the identification
of nearer (e.g., intra-sentence) relations, while the
latter is more useful for distant (e.g., inter-sentence)
relations. For document-level RE, such context in-
formation is closely related to the ubiquitous men-
tions in a document, so mention-based reason-
ing with different context granularities is highly
important for the task. However, most previous
studies have not distinguished local and global rea-
soning explicitly (Peng et al., 2017; Christopoulou
et al., 2019; Sahu et al., 2019; Nan et al., 2020;
Zhou et al., 2020; Zeng et al., 2020; Li et al., 2020;
Zhang et al., 2020). Recently Wang et al. (2020)
investigate local and global contexts for document-
level RE by performing global and local reasoning
consecutively. However, their pipeline method can
be problematic because it ignores the interactions
and communications of local and global contexts,1

which limits the performance of the task.
1From Figure 1, it is shown that the intra-sentence relations

P27 and P102 can help to identify the inter-sentence rela-
tion P17, since ‘U.S.’ and ‘Democratic’ are linked through
‘Finnegan’.
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In this paper, we aim to address the above issues
for improving document-level RE by presenting a
novel Mention-based Reasoning Network (MRN).
As shown in Figure 2, MRN consists of several
innovative modules for modeling the relation rea-
soning locally and globally, including (1) a two-
dimensional windowed convolution for capturing
the local mention-to-mention interactions between
the subject and object arguments of relations, and
(2) a co-attention module for capturing the global
interaction between each pair of entity mentions.
Note that the above two modules also provide mu-
tual information to each other, in order to capture
the interactions between local and global contexts.

Moreover, different from previous work that ex-
presses entities with just one kind of representation
(Peng et al., 2017; Christopoulou et al., 2019; Sahu
et al., 2019; Nan et al., 2020; Zhou et al., 2020;
Zeng et al., 2020; Li et al., 2020; Zhang et al.,
2020), our method distinguishes mentions into sub-
jects and objects, and generates entity represen-
tations from both local and global mention-based
reasoning. Specifically, we design a novel mod-
ule, called co-predictor, to utilize both local and
global entity representations for jointly reasoning
the relations between close and distant entities.

We conduct extensive experiments on three
widely-used benchmarks, including DocRED (Yao
et al., 2019), CDR (Li et al., 2016) and GDA (Wu
et al., 2019). The results show that our MRN model
outperforms the current best model by a large mar-
gin, demonstrating its advances. In summary, we
make the following contributions:

• We propose a mention-based reasoning net-
work (MRN), to distinguish the impacts of
close and distant entity mentions in relation
extraction and meanwhile consider the interac-
tions between local and global contexts, which
we call locally and globally mention-based
reasoning.

• We also propose a co-predictor to work in
concert with the mention reasoning block, and
predict the relation of a pair of entities using
local and global features simultaneously.

• Our model achieves the state-of-the-art per-
formances on three benchmark datasets for
document-level RE. We also conduct exten-
sive analyses of our model to better under-
stand its working mechanism.2

2Codes are publicly available at https://github.
com/ljynlp/MRN

2 Related Work

Relation extraction (RE), including sentence-level
RE and document-level RE, plays a crucial role in a
wide variety of knowledge-based applications, such
as question answering (Hixon et al., 2015), dia-
logue generation (He et al., 2017), etc. Recent stud-
ies largely focus on sentence-level RE by various
neural network methods, such as CNN (Zeng et al.,
2014; dos Santos et al., 2015), BiLSTM (Zhang
et al., 2015; Cai et al., 2016), attention mechanism
(Wang et al., 2016; Lin et al., 2016), and neural
graph models (Zhang et al., 2018; Zhu et al., 2019).
However, in practice, many relational facts need
to be inferred across multiple sentences in a docu-
ment, so researchers have shown a growing interest
in document-level RE.

Compared with sentence-level RE, document-
level RE needs to consider the complicated inter-
actions between entities across multiple sentences.
With this in mind, researchers begin to use graph
neural networks to reason intra- and inter-sentence
relations and make certain progress in extracting
inter-sentence relations with document-level graph
convolutional neural network (Peng et al., 2017;
Velickovic et al., 2018; Christopoulou et al., 2019).
Sahu et al. (2019). For example, Zhou et al. (2020)
use entities as nodes and the context between en-
tity pairs as edges to construct graphs. Nan et al.
(2020) treat the graph as a latent structure and per-
form relational reasoning. However, most existing
approaches only use entity-level information and
ignore mention-level information.

Some studies also take mentions into account by
adding mention nodes in the graph. For instance,
Christopoulou et al. (2019) put mentions and en-
tities in the same graph. Li et al. (2020) utilize
a dual-tier heterogeneous graph to propagate re-
lational information among entity mentions, and
then summarize them into corresponding entities.
More recently, Wang et al. (2020) use multi-head
attention to aggregate multiple mentions of spe-
cific entities. Different from the above methods,
Zeng et al. (2020) propose a graph aggregation and
inference network that includes two graphs, one
for capturing complex interactions among different
mentions, and the other for integrating mention-
level information of the same entities. Although
these methods introduce mention-level nodes or
graphs, none of them consider local mention-based
contextual information or mention-level relative
distances, which are all considered in our model.

1360



Interactive Mention-based Reasoning Layer Co-Predictor Layer

Global Reasoning

Local Reasoning

B
iaffine

FFN

Local Predictor

Global Predictor

m1

m2

m3

m4

m5

m6

m1 m2 m3 m4 m5 m6

2D Convolution

Co-Attention

2D Dynamic Pooling

1D Dynamic Pooling

m1
m2
m3
m4
m5
m6 Obj

Sub

Obj

Sub

Obj

Sub

Encoder Layer
Normal Token 
Mention Token 

Mention (Subject) Representation
Mention (Object ) Representation

Entity (Subject) Representation
Entity (Object) Representation

Mention-to-Mention Representation
Entity-to-Entity Representation

Sigm
oid

×L

m1

m2

m3

... ... ...
Document

Contextual Token Representation Input of Mentions Relative Distance Input of Mentions Representation

Figure 2: The overall architecture of our MRN, including three key components: encoder (§ 3.1), interactive
mention-based reasoning (§ 3.2) and co-predictor (§ 3.3).

3 Methodology

Task Formulation Given an input document
consisting of N tokens D = {wi}Ni=1 and P en-
tities E = {ei}Pi=1, the task aims to extract a sub-
set of relations from R between the entity pairs
(esi , e

o
j), whereR is a pre-defined relation type set,

esi and eoj are identified as subject and object enti-
ties. An entity ei can appear multiple times in the
document via Kei mentionsMei = {mj}Keij=1.

Framework As illustrated in Figure 2, the over-
all architecture consists of three tiers. An encoder
first yields contextual representations, and then the
mention-based reasoning block (in multiple lay-
ers) performs local-level feature extraction with
a two-dimensional (2D) convolution, and global-
level feature retrieval with a co-attention module.
Afterward, a co-predictor layer that contains a 1D
and 2D dynamic pooling aggregates the entity-level
features from the mention-based reasoning block.
Finally, a multi-layer perceptron and a biaffine clas-
sifier are leveraged for jointly reasoning the rela-
tions between subject and object entities.

3.1 Encoding Layer

We first map each word wi into a vector, and con-
catenate it with its corresponding entity type ti:3

3ti denotes the type of entity mention that contains this
word (e.g. if an entity type is Person, its mention word type
is also Person).

xi = [xwi ;x
t
i] . (1)

Then, we adopt BiLSTM to encode the vectorial
word representations into contextualized word rep-
resentations:

hi = BiLSTM(xi) , (2)

where hi is the token hidden representation. Note
that we also can use the BERT (Devlin et al., 2019)
as an alternative to improve performances. Based
on hi, we can obtain the mention representation:

mi = Max{hj}bij=ai , (3)

where ai and bi are the start and end positions of
the i-th mention, respectively.

3.2 Interactive Mention-based Reasoning
Layer

As we argued earlier, local and global context infor-
mation is closely related to the ubiquitous mentions
in a document. We thus propose a mention-based
module for multi-hop reasoning among the relation-
ships of all the mentions. Considering that there
exist overlapping relations where multiple relations
share the same mention, we distinguish mentions
into subjects and objects by their directions. More-
over, near neighbors are more informative than
distant ones for determining relations. To this end,
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Figure 3: The interactive mention-based reasoning
block.

⊕
and

⊗
represent the addition and concate-

nation operations.

we adopt a two-dimensional (2D) windowed con-
volution to capture local interactions between close
subject and object mentions.

As shown in Figure 3, we perform multi-hop
reasoning by stacking multiple layers (i.e., L) of
our interactive mention-based reasoning blocks.
The inputs of the l-th layer block include: (1) a
set of subject mention representations Ml−1,s =
{ml−1,s

i }Ti=1, (2) a set of object mention represen-
tations Ml−1,o = {ml−1,o

i }Ti=1, and (3) a set of
mention relation representations Ql−1, where T is
the number of mentions and Ql−1

ij denotes the type
of implicit relation between the subject i and object
j. For initialization, m0,s

i = m0,o
i = mi, and Q0

denotes relative distance embeddings of mentions
(Zeng et al., 2014).

Local Reasoning To model the interactions be-
tween near subjects and objects, we first build a
relationship tensor Cl from Ml−1,s and Ml−1,o,
in which Cl

ij = [ml−1,s
i ;ml−1,o

j ]. Next, we con-
catenate Cl and Ql−1, and adopt a Feedforward
Network (FFN) to reduce their dimensions. We
then employ a 2D convolution to capture local
contextual interactions, which can be regarded as
extracting subgraph representations from a fully-
connected bipartite graph containing subject and
object nodes. The overall process can be formu-
lated as:

Ql = σ(Conv2d(FFN([Ql−1;Cl]))) , (4)

where σ is a LeakyReLU activation function.

Global Reasoning We introduce a co-attention
mechanism to compute attention coefficients that
indicate the importance of subjects to objects and
vice versa, so that the interaction between each pair
of mentions can be considered. Inspired by the

max max

Figure 4: The 1D and 2D dynamic pooling.

success of graph attention network (GAT) (Velick-
ovic et al., 2018), we apply two learnable linear
transformations to transform subject and object
mention representations Ml−1,s and Ml−1,o into
higher-level features. Then, we leverage the men-
tion relation representation Ql to calculate the co-
efficients and inject them into the co-attention pro-
cess:

m̂l,φ
i =

∑

j∈M l,ψ

αl,ψij Wl,ψml−1,ψ
j , (5)

where Wl,ψ is a learnable parameter matrix, and
αl,ψij = Softmax(FFN(Ql)). Here φ, ψ ∈ {s, o}.
Afterward, the mention representation of the next
layer ml,φ

i is generated by adding the residual of
the last layer ml−1,φ

i and the non-linear transfor-
mation of the co-attention output m̂l,φ

i , which can
be formulated as:

ml,φ
i = σ(m̂l,φ

i +Wl,φml−1,φ
i ) +ml−1,φ

i . (6)

3.3 Co-Predictor Layer
After the last reasoning block (i.e., the L-th block),
we obtain the final mention representations ML,s

and ML,o, as well as the mention relation represen-
tation QL. Since different mentions may belong to
different entities, we apply 1D and 2D max-pooling
to aggregate mention-level features into the entity
level (Figure 4). Then, we apply two predictors to
calculate two relation distributions for entity pair
(ei, ej) and then combine them for obtaining the
final prediction.

Local Predictor Based on the mention relation
representation QL generated from the mention-
based reasoning block, we adopt a 2D dynamic
max-pooling (cf. Figure 4 right) to aggregate
mention-level features into entity-level features:

Gij = Max{QL
kt}k∈Mei ,t∈Mej

, (7)

where Mei and Mej are the mention sets corre-
sponding to the i-th and j-th entities, respectively.
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Then we employ a FFN to generate prediction
scores for entity pair:

y′ij = FFN(Gij) . (8)

Global Predictor Based on the mention repre-
sentations ML,s and ML,o, the representations of
the i-th and j-th entities can also be generated by
the 1D dynamic max-pooling (Figure 4 left).

eφi = Max{mL,φ
k }k∈Mei

, (9)

where Mei is the mention set of the i-th entity,
φ can be {s, o} and mL,φ ∈ ML,φ. Then, a bi-
affine classifier (Dozat and Manning, 2017) is used
to compute the relation scores between a pair of
subject and object entities:

zsi = MLPs(esi ) , (10)

zoj = MLPo(eoj) , (11)

y′′ij = zsi
>Uzoj +W[zsi ; z

o
j ] + b , (12)

where U, W and b are trainable parameters.

Joint Prediction The final relation probability
for entity pair (ei, ej) with regards to the relation-
ship r comes from the combination of the scores
from both local and global predictors:

P (r|ei, ej) = Sigmoid(y′ij + y′′ij) . (13)

3.4 Learning
Considering the imbalance of positive and negative
samples in document-level RE, we use asymmetric
loss (ASL) (Ben-Baruch et al., 2020) instead of
binary cross-entropy loss:

L+ =(1− P (r|ei, ej))γ+ log(P (r|ei, ej)) ,
(14)

L− =(Pn(r|ei, ej))γ− log(1− Pn(r|ei, ej)) ,
(15)

where γ+ and γ− are the focusing hyper-
parameters for positive and negative samples,
which aim to emphasize the contribution of posi-
tive samples and meanwhile down-weight the con-
tribution of easy negatives samples (γ− > γ+).
Pn(r|ei, ej) = max(P (r|ei, ej)− n, 0) is a proba-
bility shift mechanism that further filters out easy
negative samples (probability margin n ≥ 0 is a
hyper-parameter). Here, the final loss function can
be formulated as：

L = −
∑

D∈S

∑

i 6=j

∑

r∈R
I (r = 1)L+ + I (r = 0)L−,

(16)
where S denotes the whole dataset, and I(·) refers
to the indicator function.

Statistics DocRED CDR GDA
# Train 3,053 500 23,353
# Dev 1,000 500 5,839
# Test 1,000 500 1,000
# Relations 97 2 2
Relations instances 63,443 3,116 46,343
Avg.# entities per Doc. 19.52 6.82 4.84
Avg.# mentions per Doc. 26.20 19.23 18.45

Table 1: Statistics of the three datasets.

4 Experimental Settings

4.1 Dataset and Evaluation

We conduct experiments on three benchmark
datasets, including DocRED (Yao et al., 2019),
CDR (Li et al., 2016) and GDA (Wu et al., 2019),
and the statistical information is shown in Table 1.
DocRED is a large-scale human-annotated dataset
for document-level RE, including 3,053 documents
for training, 1,000 for development and 1,000 for
test. CDR and GDA are the widely-used document-
level RE in the biomedical domain. CDR contains
1,500 PubMed abstracts with 3,116 relational facts,
and GDA consists of 30,192 MEDLINE abstracts
and 46,343 relational facts.

Following previous studies (Yao et al., 2019;
Nan et al., 2020), we adopt F1 and Ign F1 as the
evaluation metrics, where Ign F1 is calculated by
excluding the common relation facts shared by the
training, development and test sets. Depending on
whether relation arguments occur within one sen-
tence or not, F1 can be further split into intra-F1
and inter-F1. The results of our model are pre-
sented after a significant test (p≤0.03).

4.2 Baselines

We make comparisons with the current state-of-the-
art systems, including two categories. 1) Sequence-
based methods, which use different neural archi-
tectures to encode the entire document, include
CNN (Zeng et al., 2014), BiLSTM (Cai et al.,
2016), Context-Aware (Sorokin and Gurevych,
2017) and HIN (Tang et al., 2020). 2) Graph-
based methods, which construct homogeneous or
heterogeneous graphs based on the whole doc-
ument, include GAT (Velickovic et al., 2018),
GCNN (Sahu et al., 2019), EoG (Christopoulou
et al., 2019), LSR (Nan et al., 2020), GAIN
(Zeng et al., 2020) and GLRE (Wang et al., 2020).
Besides, some models leverage BERT (Devlin
et al., 2019) for task improvements, including two-
phase+BERT (Wang et al., 2019) and Coref+BERT
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Dev Test

Ign F1 F1 Intra-F1 Inter-F1 Ign F1 F1
•Without BERT

Sequence-based

CNN (Yao et al., 2019) 41.58 43.45 51.87 37.58 40.33 42.26
BiLSTM (Yao et al., 2019) 48.87 50.94 57.05 43.49 48.78 51.06
Context-Aware (Yao et al., 2019) 48.94 51.09 56.74 42.26 48.40 50.70
HIN-GloVe (Tang et al., 2020) 51.06 52.95 - - 51.15 53.30

Graph-based

GAT (Velickovic et al., 2018) 45.17 51.44 58.14 43.94 47.36 49.51
GCNN (Sahu et al., 2019) 46.22 51.52 57.78 44.11 49.59 51.62
EoG (Christopoulou et al., 2019) 45.94 52.15 58.90 44.60 49.48 51.82
LSR (Nan et al., 2020) 48.82 55.17 60.83 48.35 52.15 54.18
GAIN (Zeng et al., 2020) 53.05 55.29 61.67 48.77 52.66 55.08

Ours MRN 56.62 58.69 65.24 50.91 56.19 58.46
•With BERT

Sequence-based
BERT (Wang et al., 2019) - 54.16 61.61 47.15 - 53.20
Two-Phase+BERT (Wang et al., 2019) - 54.42 61.80 47.28 - 53.92
Coref+BERT (Ye et al., 2020) 55.32 57.51 - - 54.54 56.96

Graph-based
LSR+BERT (Nan et al., 2020) 52.43 59.00 65.26 52.05 56.97 59.05
GLRE (Wang et al., 2020) - - - - 55.40 57.40
GAIN+BERT (Zeng et al., 2020) 59.14 61.22 67.10 53.90 59.00 61.24

Ours MRN+BERT 59.74 61.61 67.74 54.43 59.52 61.74

Table 2: Performances on DocRED. The results of baselines are from their related papers.

(Ye et al., 2020).

5 Results and Analyses

5.1 Results on DocRED

Table 2 shows the experimental results on the Do-
cRED dataset. We can find that MRN achieves
56.19% Ign F1 and 58.46% F1 on the test set, out-
performing the sequence-based models with large
margins. Specifically, MRN outperforms the best
sequence-based model HIN by 5.04% and 5.16%
in terms of Ign F1 and F1, demonstrating the effec-
tiveness of capturing the mention-level contextual
information for document-level RE.

Moreover, we observe that graph-based models
(e.g., LSR and GAIN) generally perform better than
sequence-based models (e.g., BiLSTM and HIN).
This verifies the usefulness of constructing infor-
mative graphs. In particular, our MRN achieves the
best Ign F1 and F1 scores, and outperforms GAIN
by 3.53% and 3.38%, respectively. This shows
the importance of emphasizing local mention-level
interactions for document-level RE.

Furthermore, we observe that the performance
can be substantially boosted with the help of BERT,
where the Ign-F1 and F1 increase by 3.33% and
3.28% on the test set. Notably, MRN with GloVe
embeddings is able to achieve better results than
several BERT-based models, such as CorefBERT
and GLRE. This suggests that our model is more

F1 Intra-F1 Inter-F1
• CDR data
ME-CNN (Gu et al., 2017) 61.3 57.2 11.7
BRAN (Verga et al., 2018) 62.1 - -
C-CHAR (Nguyen and Verspoor, 2018) 62.3 - -
GCNN (Sahu et al., 2019) 58.6 - -
EoG (Christopoulou et al., 2019) 63.6 68.2 50.9
DHG (Zhang et al., 2020) 64.7 68.6 54.1
LSR (Nan et al., 2020) 64.8 68.9 53.1
MRN 65.9 70.4 54.2
• GDA data
EoG (Christopoulou et al., 2019) 81.5 85.2 50.0
DHG (Zhang et al., 2020) 82.2 85.4 52.4
LSR (Nan et al., 2020) 82.2 85.4 51.1
MRN 82.9 86.1 53.5

Table 3: Results on CDR and GDA datasets.

effective in capturing complex interactions between
close and distant mentions even without the help
of pre-trained embeddings.

5.2 Results on CDR and GDA

Table 3 shows the results on two biomedical
datasets. Here, the baselines are also divided into
sequence-based models (ME-CNN, BRAN, and
C-CHAR) and graph-based models (GCNN, EoG,
DHG, and LSR). Similar to the DocRED dataset,
the graph-based models generally outperform the
sequence-based models on CDR, which reveals the
effectiveness of incorporating structural informa-
tion and reasoning mechanisms in document-level
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Model Ign F1 F1 Intra-F1 Inter-F1
MRN 56.62 58.69 65.24 50.91
- entity type 55.70 57.61 64.25 49.74
- relative distance 55.61 57.64 64.33 49.70
- mention-based reasoning 53.71 55.66 61.55 49.14
- global predictor 52.77 54.53 60.81 46.99
- local predictor 53.73 55.70 61.95 49.01
dynamic average pooling 52.43 54.51 60.85 48.02
sharing object and subject 55.76 57.70 64.77 49.40
binary cross-entropy 56.08 58.02 64.52 50.29

Table 4: Ablation studies on the DocRED dataset.

RE. Besides, our MRN model achieves better per-
formances than the state-of-the-art models on CDR
and GDA datasets, outperforming LSR by 1.1%
and the DHG by 0.7% respectively.

5.3 Intra- and Inter-sentence Relation
Extraction

According to recent work (Yao et al., 2019), iden-
tifying 40.7% relations need the information of
multiple sentences, which indicates that the rea-
soning ability of a model plays an important role
in document-level RE. Thus, we also report the
performances of intra- and inter-sentence relation
extraction on three datasets in Table 2 and 3. We
find that our model outperforms the current best
models on all datasets in regard to both intra- and
inter-F1. For example, MRN improves the intra-F1
by 3.57% and inter-F1 by 2.14% compared with
GAIN on the development set of DocRED. This
shows that mention-level reasoning is highly ef-
fective to capture complex interactions between
mention objects and subjects, especially when not
only local contexts but also long-range dependen-
cies are considered.

5.4 Ablation Studies

We ablate each part of our MRN model on the
development set of DocRED, as shown in Table
4. First, without entity type embeddings at the
encoding layer, we observe slight performance
drops. By removing relative distance information,
the performance also decreases in a small degree.
Furthermore, after removing interactive mention-
based reasoning layer, global or local predictors,
the performance goes down significantly. In partic-
ular, we find that the decrease of inter-F1 after re-
moving global predictor (3.92%=50.91%-46.99%)
is obviously higher than that for local predictor
(1.90%=50.91%-49.01%), which verifies the use-
fulness of global features for long-dependency re-
lation reasoning. A significant drop can be found
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Figure 5: F1 scores of different relation types accord-
ing to their entity arguments (e.g., (s)ingle mention and
(m)ultiple mentions).
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Figure 6: Intra- and inter-F1 scores vs. the proportions
of inter- and intra-sentence training instances.

when replacing the dynamic max pooling with av-
erage pooling. Finally, sharing object and subject
representations and using binary cross-entropy loss,
the model also has a certain degree of degradation.

5.5 Effect Analysis for Co-Predictor
In this section, we investigate the effect of global
and local predictors for MRN. We divide the rela-
tion instances in the development set of DocRED
into three groups: the one where both subject and
object arguments have single mention, the one
where either subject or object argument has sin-
gle mention, and the one where both subject and
object arguments have multiple mentions. We also
evaluate our model using different predictor config-
urations.

As shown in Figure 5, the model with both lo-
cal and global predictors consistently outperforms
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[S1] Allen Francis Moore (September 30, 1869 – August 18, 1945) was a U.S. Representative from 
Illinois. … [S4] He graduated from the Monticello High School in 1886 and from Lombard College, 
Galesburg, Illinois, in 1889. ...
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Monticello

U.S.
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country of
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educated atlocated in the admini-
strative territorial entity

GAIN MRN Ground Truth

Figure 7: A case study for our model MRN and the state-of-the-art model, GAIN (Zeng et al., 2020). Only partial
entities in the document are shown due to the space limitation. The red arrow denotes the wrong prediction.

the other ones. The F1s increase as the times that
subjects and objects are mentioned increase (from
s-s to m-m), indicating that multiple mentions ap-
peared in various positions can provide more infor-
mation to models. When removing the local predic-
tor, we can observe that there is a huge drop for the
s-s group, especially in Intra-F1. This demonstrates
that the s-s group are mostly intra-sentence rela-
tions and they depend on local reasoning mostly.
Moreover, if the global predictor is discarded, inter-
F1 scores for the groups where subjects and ob-
jects are mentioned multiple times (s-m and m-m)
drop the most. This reveals that the global predic-
tor is more beneficial for extracting relations from
multiple-mention entities or inter-sentence entities.

5.6 Effect Analysis for Inter- and
Intra-sentence Training Data

As shown in Figure 6, we analyze the variation of
inter- and intra-F1 scores when increasing or de-
creasing the proportions of intra- and inter-sentence
training instances on the DocRED dataset. Note
that the proportions of intra- and inter-sentence
relation instances are 54.5% and 45.5% in the train-
ing set. The experimental setting is as below: first,
we use 5% of inter-sentence training instances and
observe the intra-F1. Then we gradually increase
the percentage such as 10%, 20%, 50% and 100%.
During this process, all intra-sentence training in-
stances are used. The object for the above steps
is to observe the effect of inter-sentence training
instances on the intra-F1. In addition, we conduct
similar experiments to observe the inter-F1 by grad-
ually increasing the proportion of intra-sentence
training instances.

As the red line shows in Figure 6, the inter-F1 is
influenced slightly by the number of intra-sentence

training instances. In contrast, the number of intra-
sentence training instances has a significant im-
pact on the inter-F1, since the inter-F1 grows dra-
matically (the blue line) when more intra-sentence
training instances are added. This suggests that
the interactions between intra- and inter-sentence
relations indeed exist, and one may be helpful for
reasoning the other.

5.7 Case Study

As shown in Figure 7, we present a case study to
better understand the effect of our proposed MRN,
in comparison with previous state-of-the-art base-
line GAIN. We can observe that Monticello is the
object of the intra-sentence relation triple (‘Moore’,
educated at, ‘Monticello’) and also the subject of
the inter-sentence (‘Monticello’, country, ‘U.S’).
However, GAIN fails to identify the relation be-
tween ‘U.S.’ and ‘Monticello’, while MRN deduces
it successfully. This demonstrates that the effec-
tiveness of distinguishing subjects and objects at
the inference stage, and MRN has strong capability
for inter-sentence reasoning. Meanwhile, GAIN
has made a wrong prediction between ‘Monticello’
and ‘Illinois’ in the 4-th sentence, indicating that
our model has better local inference ability.

6 Conclusion

We propose a novel mention-based reasoning net-
work (MRN) for document-level relation extraction.
Our model is capable of capturing local and global
contextual information as well as close and dis-
tant mention interactions, via multiple mechanisms
such as a multi-hop mention-level reasoning block
and collaborative predictors. Experimental results
show that our proposed model achieves new state-
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of-the-art on three widely-used datasets. Through
empirical analyses, we find that it is reasonable for
document-level RE models to pay more attention
on local context and close mentions. Meanwhile,
global context and distant mention interactions are
also highly important for document-level RE. Last
but not least, joint reasoning with local and global
context information is a reasonable and effective
method for the task.
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A Effect Analysis for Sentence Number

As shown in Figure 8, we display the F1 scores
of MRN and GAIN in the development set of Do-
cRED with regards to the document length. As
seen, we count the document length using the num-
ber of sentences within a document, which varies
from 3 to 13. Results show that MRN attains bet-
ter performances than GAIN, no matter that how
the document length changes. In addition, the per-
formance difference between MRN and GAIN be-
comes larger, when the document becomes longer.
For instance, MRN outperforms GAIN by about
10% with regards to the group where the document
length is 13. This demonstrates that our model is
more robust for long documents.
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Figure 8: Comparisons between MRN and GAIN about
the effect of the document length on the F1.

B Architecture Analysis for MRN Block

We conduct experiments for the interactive
mention-based reasoning block based on the de-
velopment set of DocRED, to understand which
configuration works better. As shown in the left
of Figure 9, our model performs the best when the
kernel size is 3 in terms of all evaluation metrics.
Meanwhile, the right part of Figure 9 shows that 3
seems to be a reasonable choice for the number of
the MRN block.

C Analysis of Loss Functions

To compare the ASL and BCE loss, we compare
their learning curves on DocRED and keep other
settings of our model the same, as shown in Figure
10. With the comparisons of 80 epochs, we observe
that the ASL loss helps our model converge to bet-
ter performance than the BCE loss at a faster speed,
demonstrating the effectiveness of the asymmetric
strategies for positive and negative samples.
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Figure 9: Analysis for the MRN block. The x-axis
denotes the kernel size of 2D convolution in the local
reasoning module (Left) and the number of used MRN
blocks (Right).

0 20 40 60 80

20

40

60

Epochs

F1
(%

)

ASL
BCE

Figure 10: Comparison between the asymmetric loss
(ASL) and binary cross-entropy (BCE) loss.

Hyper-parameter DocRED CDR GDA
Batch size 32 16 32
Learning rate 1e-3 1e-3 1e-3
Gradient clipping 1 1 1
Weight decay 1e-5 1e-5 1e-5
Dropout for MRN block 0.5 0.5 0.5
Dropout for co-predictor 0.33 0.5 0.5
Blocks of MRN 3 3 3
Kernel size 3 3 3
Word embedding size 100 200 256
Entity type embedding size 20 20 20
Relative distance embedding size 20 20 20
LSTM hidden size 256 256 320
Positive focusing parameter 3 3 3
Negative focusing parameter 1 0 0
Probability margin 0.05 0.05 0.02

Table 5: Hyper-parameter settings for three datasets.

D Implementation Details

In this section, we provide more details of our ex-
periments. We implemented MRN with PyTorch
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and trained it with a NVIDIA Tesla V100 GPU.
Hyper-parameter settings for DocRED, CDR and
GDA are listed in Table 5.

We adopt AdamW (Loshchilov and Hutter,
2019) as our optimizer. For fair comparisons, we
utilize the GloVe embeddings (Pennington et al.,
2014) for DocRED, pre-trained PubMed embed-
dings (Chiu et al., 2016) for CDR, and randomly
initialized embeddings for GDA, following Yao
et al. (2019) and Christopoulou et al. (2019). More-
over, we apply the uncased BERT-base model as
our encoder for comparing with some baselines.
We use the initial learning rate 1e-5 to fine-tune
BERT.
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Abstract

While social media becomes a primary source
of news now, it also becomes more challeng-
ing for people to distinguish the rumors and
non-rumors, which attracts malicious manip-
ulation and may lead to public health harm
or economic loss. Consequently, many ru-
mor detection models have been proposed
to automatically detect the rumors based on
the contents and propagation path. However,
most previous works are not aware of mali-
cious attacks, e.g., framing. Therefore, we
propose a novel rumor detection framework,
Adversary-Aware Rumor Detection including
Weighted-Edge Transformer-Graph Network
and Position-aware Adversarial Response Gen-
erator, to improve the vulnerability of detec-
tion models. To the best of our knowledge,
this is the first work that can generate the ad-
versarial response with the consideration of
the response position. Experimental results
show that our model achieves the state-of-the-
art on various rumor detection tasks by the pro-
posed Weighted-Edge Transformer-Graph Net-
work and can maintain the performance under
the adversarial response attack after the adver-
sarial learning by Position-aware Adversarial
Response Generator.1

1 Introduction

With the popularity and accessibility of social me-
dia, social media becomes the primary source for
obtaining information.2 Compared with traditional
news, posts on social media are usually with shorter
lengths and faster transmission speed, which also
increases the difficulty of message verification. As
such, social media are increasingly targeted for ma-
nipulation, leading to tremendous economic losses,

1The codes are released as a public download at https:
//github.com/yunzhusong/AARD.

2https://pewrsr.ch/3nzYpQd

Figure 1: Position test for an adversarial response. The
reply position can make an influence on the detection
model.

and even deaths.3 Take the COVID-19 pandemic
as an example, a newly published study shows that
at least some 800 people died because of a rumor
about drinking highly-concentrated alcohol can dis-
infect their bodies (Islam et al., 2020). Therefore,
fighting against misinformation in social networks
gains a great deal of attention and becomes essen-
tial and inevitable.

In this paper, we study the problem of rumor
detection on social media, where a rumor is de-
fined as an unverified and instrumentally relevant
information statement in circulation (DiFonzo and
Bordia, 2007; Zubiaga et al., 2018). Given a con-
versation thread, including a source post and re-
lated responses, the rumor detection task aims to
determine whether the source post is a rumor or
not. Previous works of rumor detection can be cat-
egorized into three classes according to the data
usage. Content-based approaches only use the tex-
tual information of the source posts and the user
responses (Ma et al., 2016, 2019), while graph-

3https://s3.amazonaws.com/
media.mediapost.com/uploads/
EconomicCostOfFakeNews.pdf

1371



based methods (Ma et al., 2017, 2018; Bian et al.,
2020) consider the message propagation paths or
model the propagation paths as a tree. In addition
to considering the textual information and propa-
gation paths, user-based methods take user profiles
into consideration (Giudice, 2010; Liu et al., 2015).

However, two challenges of detecting rumors
have not been completely addressed. 1) Robustness
to different responses. Previous works of rumor
detection take all the responses in the conversation
thread into consideration and extract important in-
formation in a data-driven manner. However, not
all responses can help detect rumors, especially for
the malicious framing responses, i.e., the responses
promote a particular misleading interpretation. As
such, it is necessary to provide a learning mecha-
nism to enable the selection of important responses.
2) Vulnerability to malicious attack. Most of the
existing methods only rely on datasets, which may
be vulnerable to the adversarial attack, e.g., the
attack of Twitter bots. (Ma et al., 2019) make the
first attempt to utilize a GAN-based approach to
produce adversarial text. Nevertheless, it does not
consider the graph structure of the conversation
thread, i.e., the generator cannot determine which
responses it should reply to. In fact, the reply posi-
tion can make an influence on the detection model.
As shown in Figure 1, the predicted probability that
the source post is a rumor ranges from 30% to 70%
according to different positions of attached adver-
sarial responses. It is challenging to generate an
adversarial attack by simultaneously considering
both structural and textual information since the
gradient-based methods cannot be directly applied
due to the discrete nature of text and structure.

To address these two challenges, we pro-
pose a novel framework, namely, Adversary-
Aware Rumor Detection (AARD), which includes
i) Weighted-Edge Transformer-Graph Network
(WETGN) and ii) Position-aware Adversarial Re-
sponse Generator (PARG). Specifically, given a
source post, responses, and propagation structure
as an input, we use a transformer-based encoder to
encode each token in the whole conversation thread
to exploit the existing pre-trained knowledge. Each
token can jointly attend to different tokens regard-
less of the token position, which gives the model
the flexibility to break the distance limit in the se-
quence. Since the transformer layer only takes the
responses in the conversation thread as a sequen-
tial input, the propagation path is not considered.

Therefore, a Graph Convolutional Network (GCN)
is applied to embed the structure by taking the to-
ken embeddings as node features, and aggregates
the features according to the propagation paths. In-
spired by (Veličković et al., 2018), we construct
the edge features from the incident nodes and build
an edge filter before the GCN layers to address
the first challenge. As such, we can leverage the
advantages of both transformer and graph neural
networks.

Moreover, to address the second challenge, we
build a Position-aware Adversarial Response Gen-
erator (PARG) to train the detector by adding an
adversarial response to the conversation thread.
Specifically, based on a transformer-based encoder-
decoder framework, PARG takes the source post
with part of the corresponding responses as input
to generate an adversarial response. Nevertheless,
choosing the attached position for the structure-
aware detection model is also crucial. PARG is
trained to select the position by considering the
correlation between the generated response and
each of the existing posts. However, the position
selection involves the argmax function, which is
a non-differentiable operation. Therefore, to en-
able the backpropagation of gradients from the de-
tector, PARG instead predicts the probabilities of
attaching the generated response to each existing
response. When updating the edge weights of the
attached edges in the detection model, the gener-
ator can use the gradient to correct the predicted
probabilities.

By fine-tuning WETGN with the adversarial data
generated by PARG, WETGN is equipped with a
certain degree of resistance to attack and maintains
the performance on clean datasets. Nevertheless,
although an attacker can generate adversarial ex-
amples with the detection model, it may create non-
sense sentences, which can be manually excluded
(noticeability). On the other hand, imposing con-
straints on the generated examples decreases the
possibility of finding effective adversarial exam-
ples (success rate). This paper designs a training
pipeline to strike a balance between success rate
and noticeability. As such, the attacker is trained to
decrease the detection performance and approach
the real responses simultaneously.

Extensive experimental results manifest that the
proposed WETGN outperforms state-of-the-art ap-
proaches on three rumor detection benchmarks by
at least 4.9%, 2.89%, and 3.87% on Twitter15,
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Twitter16, and Pheme datasets. At the same time,
AARD can resist the adversarial attack. Moreover,
the proposed PARG can successfully attack exist-
ing detection models with a success rate of at least
25.08%. The success rate can be significantly re-
duced after fine-tuning, which shows the compati-
bility and usefulness of PARG.

2 Related Work

Early works rely on textual content to verify the
authenticity of social media posts. For example,
Badaskar et al. (2008) quantify the frequency of
uncommon phrases in the articles and syntactic
and semantic checking, while Potthast et al. (2018)
detect the truthfulness of news by analyzing its
writing style. Ma et al. (2016) use recurrent neural
networks to learn both the temporal and textual rep-
resentation of the source posts and user responses,
which highly improves prior methods that utilize
hand-crafted features. Also, Volkova et al. (2017)
extract text features with LSTM and CNN struc-
tures to make the prediction.

On the other hand, a recent line of studies fo-
cuses on automatically detecting rumors based on
the tree structure of the conversation thread (Ma
et al., 2017; Wei et al., 2019; Kumar and Carley,
2019; Lu and Li, 2020). For instance, Ma et al.
(2018) build a tree-structured recursive neural net-
work to catch the hidden features from either top-
down or bottom-up propagation structure and text
content. However, it can only obtain the informa-
tion of one propagation structure and ignore the
other. To solve this problem, Bian et al. (2020) use
the GCN-based model to embed both propagation
and dispersion structures and enable the proposed
method to process graph/tree structures and learn
higher-level representation more conductive to ru-
mor detection. Besides, by utilizing the hierarchi-
cal structure in the conversation thread (i.e., parent,
child, before, after and self), Khoo et al. (2020)
adopt the idea in Shaw et al. (2018) to perform
structure-aware self-attention.

In addition, stance and user information are also
used in several studies. By using stance prediction
as the auxiliary task with multi-task learning, Wei
et al. (2019); Li et al. (2019); Kumar and Carley
(2019) have demonstrated that stance prediction
plays a vital role in rumor detection. Furthermore,
Li et al. (2019) incorporate the collected user cred-
ibility to supervise the detection model. Lu and Li
(2020) construct the propagation network by using

retweet sequences of users with user profiles to cap-
ture the correlation between user propagation and
its source post. The uniqueness of our work lies in
improving the vulnerability of detection models.

Due to the small or non-diversified training data,
a recent line of studies utilizes the adversarial learn-
ing (Ma et al., 2019; Yang et al., 2020) or data
augmentation to improve the detectors. For exam-
ple, Ma et al. (2019) propose an RNN-based GAN
model, where the generator aims to generate con-
flicting information in the conversation thread, and
the discriminator is forced to learn more robust fea-
tures. On the other hand, Han et al. (2019) augment
data by using semantic relatedness to assign pseudo
labels to unlabeled tweets. However, the structural
information is important but not considered in these
previous works.

3 Methodology

3.1 Problem Formulation

Given a conversation thread comprised of a source
post and the corresponding responses, rumor de-
tection aims to determine whether the claim of
the source post is a rumor or not. Let X =
{x0, x1, · · · , xi, · · · , xN} denote a conversation
thread, where x0 represents the source post and
{xi}Ni=1 represents the N responses. A graph
G = 〈V,E〉 is constructed by taking each element
in X as a node and the interactions between ele-
ments as the edge connections to form the node
set V and the edge set E, respectively. For exam-
ple, if nodes xu and xv have a direct interaction
(e.g., commenting or retweeting) in the same con-
versation thread, an edge (xu, xv) ∈ E is con-
structed accordingly. Due to the nature of so-
cial media, the graph G is an acyclic tree. Let
y ∈ {rumor, non-rumor} be the class label. Ru-
mor detection aims to predict y given the graph
G.

3.2 Rumor Detection Model

Transformer Encoder: To obtain the representa-
tion of text contents, we adopt the transformer-
based encoder to explore the pre-trained knowl-
edge. We first flatten the tree-structured graph in
the chronological order, which constitutes a source
post followed by a sequence of responses. Specifi-
cally, the source post and each response are started
by a special token [CLS] and ended by another
special token [SEP] to indicate the separation of
nodes (Liu and Lapata, 2019). In this setting, we
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Figure 2: Overview of adversary-aware rumor detection framework.

allow each token to jointly attend to nodes in dif-
ferent positions for better capturing semantics. Let
h
(0)
i ∈ R|xi|×d denotes the d-dimensional embed-

ding of a node xi, which is constructed by token
embedding, segment embedding, and position em-
bedding (Devlin et al., 2019). The embedding of a
conversation thread H(0) can thus be obtained as
follows:

h
(0)
i = Ein(xi) = Etok(xi) + Eseg(xi) + Epos(xi),

H(0) = [h
(0)
0 || h

(0)
1 || ... || h

(0)
N ] ∈ RM×d,

where || is the concatenation operation, and M =
|x1|+ |x2|+ ...+ |xN | indicates the length of input
sequence. The embedding is passed through several
transformer layers. At layer l+1, the features from
previous layer H(l) is transformed by three linear
layers to form the query Q, key K, and value V
matrices, and the output H(l+1) is computed as
follows:

Q = H(l)Wq,K = H(l)Wk, V = H(l)Wv,

H(l+1) = softmax(
QKT

√
dk

V ),

where Wq,Wk, and Wv are trainable parameters
and dk is the scaling factor to prevent small gradi-
ents. The feature of token [CLS] from the last layer
is taken to represent each node, which are denoted
as Z = [z0 || z1 || ... || zN ] ∈ RN×d.

GCN Classifier: The interactions between re-
sponses, e.g., commenting or retweeting, are essen-
tial information for the detection model to judge the
source post (Castillo et al., 2011). The responses
not only contain the users’ opinions but also reveal
the propagation paths through social media. Since
Graph Convolutional Network (GCN) is one of
the most effective models for graph-structured data

modeling, we leverage GCN to consider the prop-
agation path. The message propagation function
of a multi-layer GCN defined in the first-order ap-
proximation of Chebyshev polynomials is derived
as follows:

Z(l+1) = σ(D̃−
1
2 ÃD̃−

1
2Z(l)W (l)),

where Z(l) ∈ RN×d is a hidden feature matrix at
the l-th layer, Ã = A + I is a binary adjacency
matrix with self-connection, D̃u,u =

∑
v Ãu,v is

a degree matrix, W (l) is a learnable matrix, and
Z(0) = Z is the node features. Although GCN has
been proved to be effective for extracting structural
information, the information may not be faithful
after aggregation with specific nodes, e.g. fram-
ing responses. Therefore, considering the potential
existence of various redundant or adversarial mes-
sages, we propose to filter the edges by learning
the importance of edges before the aggregation.4

Specifically, based on the node features extracted
by the transformer encoder, the importance of an
edge eu,v between nodes xu and xv is constructed
as follows:

eu,v = fedge(zu, zv) = σ([zu || zv]Wedge+bedge),

where Wedge and bedge are trainable parameters.
The predicted importance are then used to construct
a weighted adjacency matrix as follows:

A′u,v = Au,v + Iu,v + eu,v.

For the final prediction, the model considers the
entire graph by taking mean pooling over all con-
volved node features instead of only taking the root

4We also simulate the generation process of adversarial
responses in the next subsection and assess the attack perfor-
mance in the experiment.
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node’s attribute. The prediction is calculated from
the feature matrix of the last GCN layer L:

ŷ = softmax(Mean(zL0 , z
L
1 , .., z

L
N )Wo + bo),

where Wo and bo are trainable parameters.

3.3 Adversarial Response Generation

To further improve the vulnerability of the detec-
tion model, we explore adversarial learning under
the setting of white-box attack, i.e., the parame-
ters and gradients of the detector are exposed when
updating the attacker. Specifically, we design a
response generation model that attaches new adver-
sarial responses to the conversation threads as an
attacker against the detection model. For the text
generation model, we adopt an encoder-decoder
framework with transformer layers, which shows
outstanding performance in text generation (Liu
and Lapata, 2019). However, the gradients cannot
be backpropagated from the detector to the gen-
erator for updating, due to the non-differentiable
argmax function (de Masson d’Autume et al., 2019)
in generation. To solve this problem, we tie the gen-
erator’s output layer Eout with the embedding layer
Ein, which means the weights of the two layers
are mutually transposed. In this way, the features
before the argmax function can be treated as the
embedding of the generated response. Given an
input sequence {xi}n−1i=0 , a response is generated as
follows:

hi = Ein(xi),

h̃n = fdec(fenc(h0, · · · , hn−1)),

x̃n = argmax(softmax(Eout(h̃n))),

Ein(x̃n) ∼ h̃n,

where fenc and fdec are the encoder and decoder.
The features h̃n can thus be directly used in the
detector without breaking the gradient path. Be-
sides, to reduce the model complexity, the encoder
is shared between the generator and detector.

Nevertheless, for rumor detectors that incorpo-
rate propagation paths, the location to attach the
generated responses is also a crucial problem. Sim-
ilar to text generation, the operation of choosing
the attached position is also discrete. To enable
the model to simultaneously learn the position for
generating responses, the generation model addi-
tionally predicts the edge weights {en,i}n−1i=0 be-
tween the generated response x̃n and all existing

Table 1: Statistics of the datasets.

Twitter15 Twitter16 Pheme
# of tree 1458 818 3720
# of node 41154 18618 67238
# of rumors 1086 613 1863
# of non-rumors 372 205 1863
Avg text length 15.84 15.87 17.79
Max text length 136 383 78
Min text length 2 2 2

nodes in the training process with Gumble softmax
function (Jang et al., 2016), i.e.,

πi = [h̃n || hi]Wp + bp, ∀i ∈ (0, · · ·n− 1),

e′n,j = softmax(log(πi + gi)/τ),

where gi is i.i.d sampled from Gumble distribu-
tion (0,1), τ is a hyper-parameter for controlling
the smoothness of output distribution, and Wp ∈
R2d×1 and bp are trainable parameters. A higher
edge weight indicates a higher possibility that the
attack can succeed at a specific position. It is worth
noting that we focus on generating only one re-
sponse to attack the model for validating the perfor-
mance of the proposed attack. The proposed model
can be extended to iteratively generate adversarial
responses at different positions in the conversation
thread.

3.4 Training Pipeline
The adversarial examples cannot only demonstrate
the weakness of the detection model, but also pro-
vide the opportunity to improve the vulnerability.
However, there is a trade-off between the attack
success rate and the noticeability. To strike a bal-
ance between them, the attacker should generate
a response that is close to the real ones. Base on
this idea, we i) decompose the conversation threads
into several subtrees for the attacker to predict the
next real response and ii) design a three-stage learn-
ing pipeline to mutually learn the attacker and the
detector.

Firstly, the generator is trained along with the
detector to increase the detection accuracy. To gen-
erate quality responses, we provide the generator
target sentence by decomposing one conversation
tree into several subtrees. That is, given a subse-
quence of the conversation thread, the goal of the
generator is to synthesize the next real response
x. We only train the decoder layer θdec of the gen-
eration model while fixing the parameters of the
encoder. For the detection model, the trainable lay-
ers are the encoder θenc layer, filter layer θfilter
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and the GCN layer θgcn. The objective function
of generator is the binary-cross entropy for rumor
classification and the cross entropy for text per-
plexity Ltxt = − 1

|x|
∑|x|

m=1 logPgen(wm|w1:m−1),
while the detector minimizes the rumor classifica-
tion loss. The loss of the first stage (L1st) is derived
by summarizing Lgen and Ldet with a weight λ:

Lgen(θdec) = CE(ŷ, y) + Ltxt,

Ldet(θenc, θfilter, θgcn) = CE(ŷ, y),

L1st = λLgen + (1− λ)Ldet.

The second training stage is to train the generator
while fixing the detector. In this stage, the goal of
the generator is to generate a response that can
confuse the detector as an attacker. The detector
takes the adversarial data as the input and makes
a prediction, and the target label is reversed ȳ, i.e.,
the rumor becomes non-rumor and vice versa. To
make the generated text unnoticeable, i.e., similar
to human written sentences, the attacker is also
trained to optimize Ltxt. Therefore, the loss of the
second stage is

L2nd = Lgen(θdec) = CE(ŷ, ȳ) + Ltxt.

The third training stage is to fine-tune the detec-
tor under the fixed attacker. The detector is trained
on the adversarial data and optimized to make the
correct prediction. This training equips the detector
with the ability to resist the attack and also learn
to filter out the potential redundant or adversarial
messages. The objective function is as follows:

L3rd = Ldet(θenc, θfilter, θgcn) = CE(ŷ, y).

4 Experimental Results

4.1 Experiment Settings
Datasets. We evaluate the proposed AARD on
three public datasets including Pheme (Zubiaga
et al., 2016), Twitter15 and Twitter16 (Ma et al.,
2017) datasets since these datasets contain source
posts, the corresponding responses, and the rumor
labels. The original labels of Twitter15 and Twit-
ter16 datasets include four classes, i.e., true rumor,
false rumor, unverified rumor, and non-rumor. In
this paper, we focus on differentiating rumors from
non-rumors, and thus regard the first three classes
as rumors. The Pheme dataset is collected based
on five events with two classes, i.e., rumor and

non-rumor. Due to the privacy protection policy of
Twitter, the contents of responses are not included
in the dataset. Therefore, we crawl the contents
of responses by ourselves. If all contents have al-
ready been removed, we delete the empty tweet
from the tree. Meanwhile, following the previ-
ous work (Khoo et al., 2020), we also eliminate
retweets with an empty text description. The statis-
tics are shown in Table 1.

Baselines. The selection of the baselines fol-
lows two criteria: 1) “rumor detection” or “ru-
mor veracity classification” and 2) availability of
source codes. Specifically, this paper designs a
rumor detector and generator for the “rumor de-
tection” task, which is a binary classification task.
In contrast, the “rumor veracity classification” is
a four-class classification task (non-rumor/true-
rumor/false-rumor/unverified rumor). As Ma et al.
(2019) also target the binary classification task be-
tween rumor and non-rumor, it is selected as base-
lines. For other works focusing on rumor veracity
classification (Ma et al., 2018; Kumar and Car-
ley, 2019; Yang et al., 2020; Khoo et al., 2020;
Bian et al., 2020), one possible way for compar-
ing with these works is to reimplement the mod-
els and change their settings to the binary clas-
sification. Therefore, Bian et al. (2020) and Ma
et al. (2018) are used as baselines by reimple-
menting and changing the labels as binary clas-
sification. Unfortunately, it is hard to compare
with some baselines that do not release the source
code (Yang et al., 2020) or require additional in-
formation, e.g., user information and the stance of
each response (Kumar and Carley, 2019). Finally,
the baseline methods are listed: (1) RvNN (Ma
et al., 2018), based on tree-structured recursive neu-
ral networks with GRU units to obtain representa-
tions from the propagation structure in the bottom-
up (BURvNN) or top-down (TDRvNN) manners,
(2) GAN-GRU (Ma et al., 2019), the GAN-style
learning model where the discriminator and gener-
ator are recurrent neural networks with GRU units,
(3) BiGCN (Bian et al., 2020), the GCN-based
model that can embed both propagation and disper-
sion structures and enhance the root node features,
and (4) GCAN (Lu and Li, 2020), which learns the
retweet propagation features based on user features
by a structure employed convolution and recurrent
neural networks.

Implementation Details. We use the same hyper-
parameters for all datasets. Specifically, the batch

1376



Table 2: Rumor/non-rumor detection results. The ’-EF’ means the model without the edge filter, and the ’-DD’ is
trained without the data decomposition, while the ’-PARG’ indicates the detector without adversarial learning.

Twitter15 Twitter16 Pheme
Method Class Acc. Prec. Rec. F1 Acc. Prec. Rec. F1 Acc. Prec. Rec. F1

BURvNN NR 85.02 69.77 72.43 71.01 80.08 64.13 52.68 57.78 76.83 78.28 74.36 76.22
R 90.51 89.31 89.89 84.47 89.60 86.95 75.62 79.30 77.38

TDRvNN NR 86.53 69.19 72.23 76.10 84.83 58.05 65.57 76.11 70.43 67.43 81.77 73.42
R 92.44 91.10 89.85 93.78 90.25 87.03 77.78 59.09 65.75

GAN-GRU NR 83.50 67.46 67.57 67.46 80.74 64.16 54.27 58.51 75.13 75.61 74.19 74.94
R 88.98 88.94 88.95 85.45 89.59 87.44 74.74 76.07 75.38

BiGCN NR 88.16 84.15 62.83 70.49 87.30 87.12 52.17 63.34 80.97 79.14 84.18 81.46
R 89.17 96.10 92.39 87.15 98.03 92.14 83.09 77.78 80.21

AARD NR 93.06 85.63 87.84 86.50 89.73 83.49 74.63 78.73 83.93 82.59 86.93 84.45
R 95.87 94.84 95.32 91.59 94.95 93.23 86.52 80.91 83.20

-EF NR 92.99 87.93 84.59 85.93 89.17 82.63 75.12 78.05 84.11 84.83 83.44 83.99
R 84.87 95.85 95.33 91.72 94.06 92.79 83.83 84.78 84.18

-DD NR 90.86 80.24 87.03 83.05 89.19 79.22 78.54 78.85 83.09 85.56 79.79 82.50
R 95.50 92.17 93.72 92.59 92.88 92.73 81.12 86.40 83.62

-PARG NR 93.47 89.06 85.68 86.93 90.19 87.02 73.17 79.29 84.84 86.31 82.90 84.48
R 95.26 96.13 95.64 91.22 96.08 93.57 83.74 86.77 85.15

Table 3: Detection results for True/False Rumor. The
results of GCAN are from the original paper. (?) Indi-
cates the results are taken from the reference.

Twitter15
Method Class Acc. Prec. Rec. F1

GCAN? TR 87.67 - - -
FR 82.57 82.95 82.50

AARD TR 94.13 95.54 92.78 94.11
FR 92.87 95.49 94.14

Twitter16
Method Class Acc. Prec. Rec. F1

GCAN? TR 90.84 - - -
FR 75.94 76.32 75.93

AARD TR 92.01 94.45 89.51 91.87
FR 90.13 94.22 91.99

sizes of the detector and the generator are 48. The
learning rate of the generator is 0.002 and warms
up for 2000 steps. The learning rate of the de-
coder is set to 0.002. The token embeddings are
initialized from BERT, therefore, the settings refer
to the pretrained model bert-base-uncased (Devlin
et al., 2019). The Transformer Encoder has 12 self-
attention layers, and the layer number of GCN (L)
is 2. The loss weight λ is 0.5.
Evaluation metrics. The evaluation metrics in-
clude accuracy, precision, recall and F1 score of
two classes. We split each dataset into five-fold
(80% for training and 20% for testing), and report
the average results.

4.2 Rumor Detection

Overall Performance. Table 2 shows the perfor-
mance of all models on the rumor detection task.
The results manifest that the proposed AARD out-
performs all the state-of-the-art models by at least

4.9%, 2.89%, and 3.87% on Twitter15, Twitter16,
and Pheme datasets, respectively. Compared with
the methods that use the recursive (BURvNN and
TDRvNN) or recurrent (GAN-GRU) neural net-
work, graph-network based models achieve better
results, indicating that the propagation structure
contains important information when detecting ru-
mors. Different from the BiGCN, which uses the
tf-idf vectors as the node features, AARD uses self-
attention layers to encode the posts as the node fea-
tures. The Transformer encoder enables the model
to embed tokens across nodes, thus strengthening
the node representation.

Moreover, the bottom rows of Table 2 show the
ablation studies of the proposed AARD. The results
show that both edge filter and data decomposition
play important roles. On the other hand, the model
can achieve a promising performance on the rumor
detection task without adversarial learning. The
goal of adversarial learning is to address the second
challenge, i.e., vulnerability to malicious attacks.
Accordingly, the Position-aware Adversarial Re-
sponse Generator (PARG) is designed to improve
the robustness under a malicious attack. As the
original testing dataset is clean (without attacks)
or only contains few manual attacks, the detec-
tion accuracy may not be significantly improved.
However, when a detector is without adversarial
learning (denoted by AARD-PARG in Table 2 and
WETGN in Table 4), the performance drastically
decreases when encountering an attack (adding one
adversarial node to the conversation tree), which
can be alleviated by fine-tuning on the adversar-
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Table 4: Results of adversarial attack and training, where ’-EF’ indicates the detector without edge filter.

Twitter15 Twitter16 Pheme
Accuracy Diff. ASR Accuracy Diff. ASR Accuracy Diff. ASR

WETGN 93.47→ 71.13 -23.34 28.87 90.19→ 59.80 -30.39 40.20 84.84→ 74.92 -9.92 25.08
-EF 92.99→ 62.20 -30.79 37.80 89.17→ 51.49 -37.68 48.51 84.11→ 74.59 -9.52 25.41

After Adversarial Training
Adversarial Clean Adversarial Clean Adversarial Clean

Acc. Diff. Acc. Diff. Acc. Diff. Acc. Diff. Acc. Diff. Acc. Diff.
AARD 92.44 -1.03 93.06 -0.41 87.94 -2.25 89.73 -0.46 82.53 -2.31 83.93 -0.91

-EF 90.72 -2.27 91.41 -1.58 86.70 -2.47 83.92 -5.25 78.49 -5.62 82.98 -1.13

Table 5: Generated adversarial examples of testing data, showing the source post, responses and the generated
response. The user names are replaced to remain anonymous.

R Source: st. Louis co police tell me ofcr shot a man who pointed handgun at him at chambers & sheffingdell at
about 1 a.m
Response: @name1 Uh! oh. this is serious and officially out of control. # @name1 thank you so much for
getting this scoop. people have been on pins and needles at the Reddit live feed. @name1 how many weeks until
police interview witnesses? @name2 @name3 or the video!
Generated Response: @name1 @name2 is not a false alarm.

NR Source: BBC reports that broadcaster Sir Terry Wogan has died of cancer aged 77
Response: @name1 A huge loss.. no more his whit and sing song voice.. tragic news @name1 Sad sad news,
yet another British icon gone [UNK] @name1 @name2 another national treasure gone! so sad. @name1 RIP
Wogan! thoughts and prayers with your loved ones! @name1 #prayforpudsey @name1 #terrywogan cancer is an
absolute bitch , so many celebrated people have been taken by it in just a few weeks
Generated Response: @name1 @name2 #I can not believe it is a true story.

ial examples. The detailed analysis of adversarial
learning is discussed in Sec. 4.3.

To further analyze the impact of data quantity
on model performance, we train the models under
different quantities of data, ranging from 5% to
100%, and evaluate them on the same testing set.
Figure 4 shows the results, which indicate that our
model can still achieve leading performance even
with minimal training data.
True/False Rumor Detection. We separately
compare AARD with another graph-based model,
GCAN, since GCAN focuses on true rumor/false
rumor classification task and evaluates on Twit-
ter15 and Twitter16.5 Table 3 shows the results
of true rumor/false rumor classification, which in-
dicates that AARD also has an excellent perfor-
mance in the rumor classification. We consider it
is because differentiating the false rumor from true
rumor also requires the model to carefully examine
the responses.
Early Detection. Early detection aims to detect
rumors in the early stage, which is an important
indicator for evaluating the detection model. We
refer (Bian et al., 2020) and (Ma et al., 2019)
to construct the detection deadlines of Twitter15
and Pheme datasets and only use the responses re-

5The GCAN requires user profiles for training, which are
not crawled in our datasets. Therefore, GCAN is not compared
in the R/NR classification.

leased before the deadlines to evaluate the accuracy.
Figure 3 compares the accuracy with different de-
tection deadlines. At the early stage, i.e., when a
post just came out with extremely few responses,
the accuracy of different models is around 0.75 on
the Twitter15 dataset. After just a few minutes, the
accuracy of our model reaches 0.85, whereas the ac-
curacy of baselines only approximates 0.8. For the
Pheme dataset, we squeeze the time sequence and
find that the performances of all models become
stable but our model stably outperforms others.

4.3 Adversarial Attack

Table 4 shows the model performance under an ad-
versarial attack generated by PARG. The notation
“→” indicates the performance before and after the
attack, while “Diff.” and “ASR” represent the accu-
racy difference and the Attack Success Rate (ASR)
of PARG, respectively. The results indicate that the
proposed PARG significantly reduces the accuracy
of the detectors. The ASR is lower on the Pheme
dataset than on Twitter15 and Twitter16 datasets
because Pheme is a much larger dataset than the
others. Therefore, the detector can learn more in-
dicated features from Pheme and be more robust.
Moreover, by comparing the performance of the
detector with (WETGN) and without (-EF) edge
filter, adding the edge filter can help the detector
resist the attack, that is, the “Diff.” is lower on
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Figure 3: Early detection on Twitter15 (left), Twitter16 (middle) and Pheme (right).

Figure 4: Data scarcity on Twitter15 (left), Twitter16 (middle) and Pheme (right).

WETGN for Twitter15 and Twitter16. In addition,
we use the adversarial samples to fine-tune the de-
tector (AARD). The bottom of Table 4 shows the
results of the fine-tuned model, where the Adver-
sarial/Clean indicates the accuracy tested on the
dataset with/without adversarial attacks. The per-
formance of the AARD without the edge filter is
also provided, which also suggests the edge filter
can improve the robustness.

When a detector is without adversarial learning
(WETGN), the performance decreases by at least
20% on Twitter15 and Twitter16 datasets when
encountering an attack. In contrast, the proposed
detector with adversarial learning can maintain the
performance even when the attacker has access to
the model’s parameters (white-box attack). It is
worth noting that there may be a trade-off between
the adversarial accuracy (test on adversary data)
and the clean accuracy (test on clean data) (Raghu-
nathan et al., 2019), depending on how we fine-tune
the detection models, e.g., only using the adversar-
ial data or using both kinds of data. The AARD is
only fine-tuned on the adversarial data. By adjust-
ing the experimental settings, the clean accuracy
can be further improved in exchange for adver-
sarial accuracy. Compared AARD to WETGN, it
suggests that the fine-tuned detection model can re-
sist the attack (adversarial accuracy increases from
71.13 to 92.44) while almost not affecting the clean
accuracy (from 93.47 to 93.06) on the Twitter15
dataset.

Two examples of the generated adversarial re-
sponses that attack successfully are shown in Ta-
ble 5. In the first example, the source post is a
rumor, and PARG alters the prediction by inserting

a response “not a false alarm”, which conveys a
signal that it is actually not a rumor. For the second
example, which is a non-rumor, PARG attacks it
with a certain attitude “can not believe” to deny
that it is a “true” story. Similar responses can also
be found in the real response written by human. If
a rumor detector only captures simple patterns, it
may easily misclassify the above examples and fail
to adversarial attacks.

5 Conclusion

In this paper, we propose a novel rumor detection
framework, AARD, to improve the vulnerability
of detection models, which includes the Weighted-
Edge Transformer-Graph Network (WETGN) and
the Position-aware Adversarial Response Genera-
tor (PARG). Overall evaluation and ablation study
results show the effectiveness of the proposed ru-
mor detector on three public datasets. In addition,
the adversarial attack results show the benefit of
fine-tuning with the adversarial responses gener-
ated by PARG. In the future, we plan to further
study the model generalization on rumor verac-
ity classification tasks and combine the response
stances.
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Appendix

.1 Case Study

Table 6 and Table 7 show more generated examples
of our Position-aware Adversarial Response Gen-
erator (PARG) for non-rumors and rumors, respec-
tively. We highlight the possible detection signals
for the rumor detectors. The detector may learn

a better representation, when there are more con-
troversial responses. These examples also show
the good generation quality, which may help the
noticeability.

Table 6: Generated adversarial examples of non-
rumors. The table shows the source post, responses and
the generated response for one data. The user names
are replaced to remain anonymous.

Source: Videos show suffering of starving in Syrian town
of #Madaya.
Response: @name1 How about videos that show how many
are benefiting. People would like to hear that side as well.
@name1 DJ Trump and his stormtrumpers say let buddy
Putin do whatever. @name1 You know what they r starving
people/children as well in my Canadian city I pity the people
but I take care of our own @name1 And who pray tell is
starving these poor unfortunate people? @name1 If some of
these countries truly loved their people.. I think we might
be a better world... what a concept eh @name1 This war
crime has been going on for months #cnn or do you break
news on a need to know bases? @name1 Praying for their
relief @name1 So sad her husband got refugee status in
Germany and never looked back. @name1 This breaks my
heart! @name1 The USA has the same problem.
Generated Response: @name1 @name2: The world is not
a better world.
Source: Breaking: patient being tested for Ebola in Kansas
Response: @name1 Quick send him to the Westboro baptist
church! @name1: Breaking: patient being tested for Ebola
in Kansas this shit is getting out of hand @name1 Lock the
door to all non-Americans attempting to flee from there to
here until this is over. All except Americans!!! @name1
Why not just prevent travel from west Africa before all of this
crap started happening @name1 But wait I thought there was
no danger and we shouldn’t be worried about the US, oh look
like everything else that’s ... @name1: Patient being tested
for Ebola in Kansas sure this is how the walking dead began.
@name1 This is getting serious by the minute in Kansas
it is spreading fast @name1 You believe the government
can handle this go talk to the Katrina survivors @name1:
Breaking: patient being tested for Ebola in Kansas oh hell no
@name1 How is these people are being infected with Ebola
why are these people allowed to travel
Generated Response: @name1 @name2: The first person
to be tested for Ebola in the US.
Source: Elvis Presley was born on this day in 1935
Response: @name1 I have been to his birthplace, Tupelo,
a week ago... @name1 @name2 What a beautiful voice
@name1 @name2 And he’s still dead. @name1 @name2
If Elvis was alive today he would be... 81 hundred pounds.
@name1 @name2 Wow it’s also David Bowie’s birthday
great day for music lovers? @name1 Elvis Presley.. I salute
you the maestro of country music and rock.. Happy birthday
and forever you are remembered.
Generated Response: @name1 @name2 I’m still alive!
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Table 7: Generated adversarial examples of rumors. The table shows the source post, responses and the generated
response for one data. The user names are replaced to remain anonymous.

Source: The world is running out of chocolate, world’s largest chocolate manufacturer warns
Response: @name1 Let them eat buiscuits!! @name1 Try something else or chocs are gone for good @name1 To quote
a great man. ’I don’t believe it!’ nooo... time to hoard #chocoholic @name1: The world is running out of chocolate
@name1 Ukraine president has lots for sale... @name2 This jst sounds like a re-packaged story from the last 3 years.
’blame Asia’ - ’blame poor harvest @name1 @name2 nooo! @name1 Where is congress on the really important stuff
like this? where do republicans stand? how about the democrats?
Generated Response: @name1: the world is running out of chocolate?
Source: ’Nine Britons, 23 US citizens and 80 children’ feared dead after #MH17 jet ’shot down’ [URL]
Response: @name1 230 + dead in #gaza! Murdered openly by #Israel #Genocideingaza @name1 Shot down-that’s not
confirmed yet-just speculation-two crashes of a Malaysian airline 777 within 4 months that’s a fact @name2 now that’s
disturbing! @name1 The added horror here will be if no-one does anything about it. If it was a Russian missile Putin
will need to answer for it @name1 It is so very tragic and saddening that so many lives were lost, no matter whether they
were American or Briton or neither. @name1 Why comment on the US citizen number? Are there lives worth more
than other nations? @name1 I bet each one blames the other, but my thoughts are the rebels/Russians may be in line as
the suspects. @name1 A tragic day-my deepest condolences and thoughts go to the relatives and loved ones of the 295
people
Generated Response: @MH17 @name1: A list of the dead in the Malaysia airlines plane shot down.
Source: CDC has confirmed that the patient in Dallas has tested positive for the Ebola virus. We’ll have more coming
up on Khou 11 news
Response: @name1 What?! I need to read about this. Is it saying this originated here in the states or is this someone
who traveled abroad @name1: CDC has confirmed that the patient in Dallas has tested positive for the Ebola virus.
Basically everyone in Texas is dead... RT @name1 CDC has confirmed that the patient in Dallas has tested positive
for the Ebola virus. We’ll have more... @name3 @name4 @name1 following strict medical guidelines is probably
more effective than praying. right about less... @name1 We in the US are safe, we have the needs to treat Ebola at
small numbers here. Plus he was traveling from west @name1: CDC has confirmed that the patient in Dallas has tested
positive for the Ebola virus. g2g leaving the country @name5 @name1: CDC has confirmed that the patient in Dallas
has tested positive for the Ebola virus...
Generated Response: @name1 @name2: A patient in Texas has tested positive for the Ebola virus.
Source: Scientist releases this horrifying picture of a puppy-sized spider he found in the rainforest [URL][URL]
Response: @name1 Oh my god @name1 @name2 enjoy @name3 I’d die... @name1: scientist releases pic of puppy-
sized spider in rainforest @name1 love of god @name1 I hate spiders @name1 Oh hell no ! ! @name1:... puppy-sized
spider he found in the rainforest Ummm @name4 @name1: puppy-sized spider found in the rainforest @name1 @name5
yo don’t RT this shit on my tl wtf my nigga why does this exist?? @name1 Paper trained yet? @name1 @name6 that’s
it, burning down the rainforest. @name1 Does it come when you call it by name? @name1: scientist releases this
horrifying picture of a puppy-sized spider @name7. @name1 Remind me to never visit the rainforest.
Generated Response: @name1 @name2:a spider found in rainforest in the rainforest is not the same thing.
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Abstract

Language model pre-training based on large
corpora has achieved tremendous success in
terms of constructing enriched contextual rep-
resentations and has led to significant perfor-
mance gains on a diverse range of Natural
Language Understanding (NLU) tasks. De-
spite the success, most current pre-trained lan-
guage models, such as BERT, are trained based
on single-grained tokenization, usually with
fine-grained characters or sub-words, making
it hard for them to learn the precise meaning
of coarse-grained words and phrases. In this
paper, we propose a simple yet effective pre-
training method named LICHEE to efficiently
incorporate multi-grained information of input
text. Our method can be applied to various pre-
trained language models and improve their rep-
resentation capability. Extensive experiments
conducted on CLUE and SuperGLUE demon-
strate that our method achieves comprehensive
improvements on a wide variety of NLU tasks
in both Chinese and English with little extra
inference cost incurred, and that our best en-
semble model achieves the state-of-the-art per-
formance on CLUE benchmark competition.

1 Introduction

Pre-trained language models (PLMs) such as GPT
(Radford et al., 2018), BERT (Devlin et al., 2019)
and XLNet (Yang et al., 2019) have become enor-
mously popular and achieved great success on di-
verse natural language understanding tasks, such
as sentiment analysis, question answering, and lan-
guage inference. These models usually utilize a
transformer architecture (Vaswani et al., 2017) to
capture the dependencies between tokens in the in-
put text, to model the language information, and
to learn contextual representations. It is first pre-
trainined based on large-scale unlabeled corpora,

∗∗ Equal contribution.

and subsequently fine-tuned based on the labeled
data from downstream tasks.

In many NLU applications, tokenization often
affects the performance and needs to be chosen
carefully. The input tokens for pre-trained lan-
guage models are usually fine-grained, e.g., words
and sub-words for English and characters for Chi-
nese. Compared with coarse-grained tokens such as
phrases, the advantage of fine-grained tokens is that
they form a smaller vocabulary, yielding abundant
training samples per token, and thus alleviating the
data sparsity issue and out-of-vocabulary (OOV)
problem (Li et al., 2019). However, even trained
on large corpora, it is still hard for language mod-
els pre-trained with fine-grained tokens to learn
the correct attention boundaries of larger semantic
units in many languages (Zhang and Li, 2020).

To obtain a more accurate model, prior studies
attempt to incorporate coarse-grained information
into models trained with fine-grained tokenization
by masking sequences of consecutive tokens in the
pre-training stage (Joshi et al., 2020; Cui et al.,
2019). Zhang and Li (2020) propose AMBERT, a
Siamese network based on BERT to handle multi-
grained input text, and uses two encoders with
shared weights to separately encode fine-grained to-
kens and coarse-grained tokens into two sequences
of contextualized representations. Despite its ef-
fectiveness, the inference cost of AMBERT almost
doubles that of the original BERT due to the dual-
encoder structure, which is often unacceptable in
industrial scenarios.

In this paper, we propose a novel method named
LICHEE designed to efficiently leverage the input
information at multiple levels of granularity in the
pre-training stage in order to enhance the repre-
sentation ability of PLMs. Unlike AMBERT that
encodes the fine-grained and coarse-grained tokens
with two encoders, which significantly increases
the inference cost, in LICHEE the fusion of multi-
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grained information of input text happens at the
embedding level, which requires no change on the
original model structure of the PLM, and thus in-
duces little extra inference cost when applied in on-
line NLP applications. Specifically, LICHEE first
pre-processes the input text into fine-grained and
coarse-grained tokens, which are passed through
two embedding layers, respectively, to derive their
corresponding vector representations. Both vector
representations are then merged via pooling to form
the multi-grained embedding vector, which serves
as the input to the PLM encoder. Finally, the en-
hanced contextual representations generated by the
PLM encoder, with both fine-grained and coarse-
grained information incorporated, are obtained and
used for downstream tasks.

We have applied LICHEE to enhance multi-
ple different pre-trained language models, includ-
ing BERT (Devlin et al., 2019), ALBERT (Lan
et al., 2019), and GPT (Brown et al., 2020), and
conducted extensive evaluation of the resulted
language models on Chinese natural language
understanding (NLU) tasks evaluated by CLUE
(Liang Xu, 2020) benchmarks. Results show
that with LICHEE, the resulted pre-trained lan-
guage models significantly outperform their single-
grained counterparts on almost all tasks, by taking
advantage of multi-grained information to effec-
tively and efficiently produce more accurate repre-
sentations.

In addition, we also participated in the CLUE
benchmark competition with our best ensemble
model built upon a collection of LICHEE-enhanced
BERT-large models, and achieved the state-of-the-
art performance of an average score of 80.42 (as
of January 8, 2021) over 9 different Chinese NLU
tasks, as well as the best scores on two individual
tasks: IFLYTEK and CSL.

Moreover, we have also conducted English natu-
ral language understanding experiments based on
SuperGLUE (Wang et al., 2019a) benchmarks. Sig-
nificant improvements are observed when LICHEE
is employed in the pre-training stage, which demon-
strates that the proposed pre-training method is
generally effective in different language settings.

2 Related Work

In this section, we give a brief overview of some
popular pre-trained language models and studies
on the training techniques related to tokenization.

Pre-trained language models are pre-trained on

large unsupervised corpora and aim to produce
meaningful representations for each input token
not only considering the meaning of itself, but also
with its surrounding contexts anticipated. ELMo
(Peters et al., 2018) is one of the first pre-trained
language models based on bidirectional LSTMs
which produces the contextual representation of
each token by concatenating its left-to-right and
right-to-left representations. GPTs (Radford et al.,
2018, 2019; Brown et al., 2020) leverage the pow-
erful Transformer (Vaswani et al., 2017) to build
an auto-regressive language model predicting the
next token given its history context. BERT (Devlin
et al., 2019) is a bidirectional auto-encoding lan-
guage model also based on transformer. It consists
of two pre-training objectives: masked language
model (MLM) and next sentence prediction (NSP).
Yang et al. (2019) point out the discrepancy of the
pre-training and fine-tuning stage of BERT due to
the masking symbol, and propose a permutation
language model called XLNet (Yang et al., 2019).

The great popularity of BERT draws many re-
searchers to make improvements on the architec-
ture. RoBERTa (Liu et al., 2019) improves several
training details of BERT including dynamic mask-
ing and the removal of the NSP pre-training task.
ALBERT (Lan et al., 2019) reduces the model pa-
rameters with cross-layer weight sharing and ac-
celerates the training process. ELECTRA (Clark
et al., 2019) proposes a new token detection task
and adopts a generator-discriminator framework to
pre-train the language model.

Although most pre-trained language models are
built on fine-grained tokenization, coarse-grained
information proves to be helpful to the model per-
formance. Cui et al. (2019) propose a masking
scheme called “whole word masking” (WWM) for
Chinese BERT, where the consecutive characters
belonging to the same word are masked together.
In ERNIE (Sun et al., 2019), knowledge graphs
are added to enhance the model, and entity level
masking is used during the pre-training, which is
beneficial for language understanding tasks. Span-
BERT (Joshi et al., 2020) proposes to mask ran-
dom spans instead of random tokens, and adopts
a new span boundary objective task to replace the
next sentence prediction task in the pre-training.
Instead of focusing on the masking scheme, AM-
BERT (Zhang and Li, 2020) proposes to adopt two
encoders with shared parameters to learn the rep-
resentations of fine-grained and coarse-grained to-
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kens in parallel. However, even that the weight
sharing setting reduces the number of model pa-
rameters, the dual-encoder structure of AMBERT
induces twice the inference cost, which remains a
huge issue when deployed in online applications.

Different from AMBERT, our work merges the
fine-grained and coarse-grained tokenization at
embedding level, and achieves significant perfor-
mance gains with little additional computation
costs.

3 Methodology

In this section, we present LICHEE, the general
multi-grained framework for language model pre-
training, and its detailed implementation, including
the pre-training methods for both auto-regressive
and auto-encoding tasks and fine-tuning details.

3.1 Model Architecture

Figure 1 gives an overview of LICHEE where the
input information from multiple granularities is
leveraged to enhance the representation ability for
many pre-trained language models.

The framework takes in text sequences as input
which are tokenized into token sequences. In this
paper, we keep two vocabularies and use two tok-
enizers to perform fine-grained and coarse-grained
tokenizations, where items in vocabularies are se-
lected based on their token frequencies in pre-
training corpora. Also, the definitions of “fine
grain” and “coarse grain” vary across languages.
For example, in English, words and phrases are
often used as the fine-grained and coarse-grained
tokens respectively. And in Chinese, characters
and words are used instead. Officially, for a given
input text sequence T , we use tfi to denote the
i-th fine-grained token and tcj-k to denote a coarse-
grained token that is composed of fine-grained to-
kens {tfj , ..., t

f
k} between j and k. For example,

in figure 1, the coarse-grained token “New York
Times” is composed of the first, sencond, and third
fine-grained tokens, and is denoted as tc1-3.

After tokenization, two separate embedding lay-
ers are used to map the tokenized tokens to their
vector representations. Specifically, each fine-
grained token tfi is passed into a fine-grained em-
bedding layer to produce the fine-grained embed-
ding vector ~efi ∈ Rd of the token, where d denotes
the dimension of the fine-grained embedding. Sim-
ilarly, the coarse-grained embedding ~ecj-k ∈ Rd
is derived with the same dimension d by feeding

token tcj-k to the coarse-grained embedding layer,
shown as:

~efi = embeddingfine(t
f
i ),

~ecj-k = embeddingcoarse(t
c
j-k).

(1)

For each token tfi , we construct its multi-grained
embedding vector ~ei ∈ Rd by performing a max-
pooling operation on the derived fine-grained em-
bedding ~efi and the coarse-grained embedding ~ecj-k
of its corresponding coarse-grained token tcj-k:

~ei = max-pool(~efi , ~e
c
j-k), (2)

where j ≤ i ≤ k. Note that d is equal to the orig-
inal embedding dimension of the single-grained
PLM, to prove that the performance gain is con-
tributed to the introduction of multi-grained infor-
mation other than modified model structure.

Finally, the combined embedding vectors ~e are
fed into the PLM encoder to construct the final
contextualized representations ~h enhanced with
multi-grained information:

~h = encode(~e). (3)

3.2 Pre-training

We have applied LICHEE on both auto-regressive
and auto-encoding PLMs, such as GPT and BERT.

For auto-regressive PLMs, the pre-training task
is Next Token Prediction which aims to predict the
next token ti based on its previous context t<i, by
optimizing the following objective function

min
θ
−
∑

i

log pθ(ti|t<i), (4)

where the conditional probability pθ is modeled
with a network with parameter θ.

In our framework, we adjust the objective func-
tion to include both fine-grained context tf<i and
coarse-grained context tc<i, shown as:

min
θ
−
∑

i

log pθ(ti|tf<i, tc<i). (5)

Note that when making predictions on any token
within a coarse-grained span ti ∈ tcj-k, the token
embedding ~ei will cause information leakage as it
involves the coarse-grained token embedding ~ecj-k
which contains information beyond the history con-
text. For example, in the case illustrated in figure
1, the prediction on token “York” should not rely
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Figure 1: The overall structure of our proposed pre-training framework LICHEE. Fine-grained and coarse-grained
tokens are first derived from the input text by tokenization, and separately passed into two individual embedding
layers. The multi-grained embedding vectors are acquired by taking a max-pooling on the fine-grained and coarse-
grained embedding vectors, and are fed into the PLM encoder to extract the final contextualized representations.

on token “New” and its embedding ~e1 as it dis-
closes the entire information of the coarse-grained
token of “New York Times” by the coarse-grained
embedding ~ec1-3. Therefore, we can only exploit
the context before the start position of the coarse-
grained token to make predictions, illustrated as:

min
θ
−
∑

j≤i≤k
log pθ(ti|tf<j , tc<j), (6)

where j and k are the start and end positions of the
coarse-grained token.

For auto-encoding PLMs, we only include
Masked Language Modeling (MLM) task in the
pre-training process, as Next Sentence Prediction
(NSP) task is shown to have no benefits indicated
in many recent studies (Lan et al., 2019; Liu et al.,
2019; Zhang and Li, 2020). In MLM, 15% of the
tokens are randomly selected and substituted with
a set of tokens, in which 80% are replaced with
[MASK] token, 10% are replaced with random to-
kens, and 10% stay unchanged.

The objective is to recover the masked tokens

Tm ⊂ T from the altered text input sequence T̃ :

min
θ
−
∑

tm∈Tm
log pθ(t

m|T̃ ). (7)

In our framework, we propose to exploit the
multi-grained information of the input in the MLM
task, shown as:

min
θ
−
∑

tm∈Tm
log pθ(t

m|T̃ f , T̃ c), (8)

where T̃ f and T̃ c stand for the fine-grained and
coarse-grained altered input text.

Similar to the strategy deployed in auto-
regressive PLMs, we apply a masking strategy that
when a fine-grained token tfi is to be masked, its
corresponding coarse-grained token tcj-k and all the

fine-grained tokens tfj , ..., t
f
k belonging to it are

also masked, in order to avoid information leakage
from the multi-grained embeddings.

3.3 Fine-tuning
In fine-tuning of downstream tasks, we append the
special tokens ([CLS], [SEP]) to both fine-grained
and coarse-grained vocabularies. In sentence-level
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classification tasks, [CLS] is attached to the start
of input sequences in auto-encoding PLMs like
BERT, and to the end of the input in auto-regressive
PLMs like GPT. Its multi-grained contextualized
representation~h[CLS] is used to represent the whole
input sequence and is passed into a projecting layer
for the final prediction.

Similarly, for tasks that include token-level span
detection, such as Question Answering, the contex-
tual representation ~hi for each token ti is extracted
and utilized in the task.

4 Experiments

We have carried out extensive experiments on vari-
ous natural language understanding tasks on both
Chinese and English datasets. In the following sec-
tion, we will first introduce the pre-training datasets
used in our evaluation and provide the implementa-
tion details of our framework. And we demonstrate
the effectiveness of LICHEE by conducting com-
prehensive experiments on various Chinese NLU
datasets with multiple different PLMs, and com-
pare our method with other baseline methods. Next,
we perform a thorough ablation study to evaluate
different approaches of integrating input text in-
formation from multiple granularities. Finally, we
adopt LICHEE to an English BERT to verify its
efficacy on English NLU tasks.

4.1 Pre-Training Datasets

For Chinese language, there is no commonly used
corpus for pre-training language models. We utilize
a large corpus consisting of 450G text from a wide
range of popular Chinese applications including
Kandian, Zhihu, Wechat, and Weibo, in various
fields of news, wiki, and blogs.

Similar to most Chinese PLMs, characters are
used as fine-grained tokens due to the language na-
ture of Chinese. For coarse-grained tokens, We use
QQSeg which is a segmentation tool with an open
API to perform segmentation on text, and the seg-
mented words are treated as coarse-grained tokens.
For the construction of vocabularies, we follow
Google’s Chinese BERT and include 21, 128 to-
kens in the fine-grained vocabulary. And in the
coarse-grained vocabulary, we calculate the to-
ken frequencies and trimmed out tokens with fre-
quency lower than 8, resulting in 210, 946 tokens.
Note that in order to alleviate the out-of-vocabulary
(OOV) problem, all tokens in the fine-tuned vocabu-
lary are also included in coarse-grained vocabulary.

For English, a corpus with 6.2 million docu-
ments (18.9G compressed text) from Wikipedia is
leveraged to pre-train the model. We first perform
sub-word tokenization with BPE algorithm (Sen-
nrich et al., 2015) on the English text, where the
produced words and sub-words constitute the fine-
grained vocabulary of 28, 996 tokens. In the coarse-
grained vocabulary, we treat high-frequency words
as coarse-grained tokens, resulting in 136, 630 to-
kens in total, which also include all tokens in the
fine-grained vocabulary for the OOV concern.

4.2 Benchmarks
The evaluation of the pre-trained models is con-
ducted on various downstream NLU tasks. In
our experiments, all the Chinese PLMs are eval-
uated on Chinese Language Understanding Eval-
uation (CLUE) (Liang Xu, 2020) which is a com-
prehensive language understanding benchmark de-
veloped for Chinese containing 9 natural language
understanding tasks. Within the 9 tasks, there are
two single-sentence classification tasks that are
TNEWS and IFLYTEK, four sentence-pair classifi-
cation tasks that are AFQMC, OCNLI, CLUEWSC
and CSL, and three question answering tasks that
are CMRC2018, CHID, and C3. Note that OC-
NLI has replaced CMNLI since Oct 22, 2020. We
compare the model performance by reporting the
performance score of each task and the average
score of all tasks.

For English tasks, we use the SuperGLUE bench-
marks (Wang et al., 2019a) which is an extension
of GLUE (Wang et al., 2019b) consisting of a col-
lection of 8 NLU tasks of higher difficulty for com-
prehensively evaluating the performance of English
PLMs. SuperGLEU contains a word sense disam-
biguation task (WiC), two textual entailment tasks
(CB and RTE), two reasoning tasks (COPA and
WSC), and three question answering tasks (BoolQ,
MultiRC, and ReCoRD).

4.3 Experiment Setup
In order to demonstrate the general applicability
and effectiveness of our framework, we have imple-
mented three different pre-trained language models
with our method including BERT, ALBERT and
GPT, and compare the performances with their cor-
responding single-grained baseline methods.

For BERT and ALBERT, we follow the “base”
structure in (Devlin et al., 2019) with an encoder of
12 layers. And the GPT model in our experiment
is also made up of a 12-layer transformer decoder.
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Model Avg. TNEWS IFLYTEK AFQMC OCNLI CLUEWSC CSL CMRC2018 CHID C3
- acc. acc. acc. acc. acc. acc. EM. acc. acc.

BERT 71.12 66.62 60.64 71.74 73.45 72.92 84.01 73.08 75.52 62.08
BERT-LICHEE 73.92 67.94 60.94 73.65 75.85 81.03 84.51 75.84 77.65 67.84

ALBERT 67.27 64.45 57.54 71.35 69.19 68.80 83.00 68.06 68.97 54.04
ALBERT-LICHEE 69.30 66.31 58.29 70.95 71.05 70.39 83.31 72.87 71.93 58.65

GPT 67.41 67.52 60.84 69.83 70.91 63.76 83.12 62.53 73.31 54.84
GPT-LICHEE 68.73 68.40 61.06 70.00 72.01 66.01 83.23 64.57 74.02 59.27

Table 1: Comparison of the model performances on the CLUE tasks. BERT-LICHEE, ALBERT-LICHEE and
GPT-LICHEE stand for the multi-grained version of the model with our method incorporated. The average score
of the nine CLUE tasks are also given.

Model Avg. TNEWS IFLYTEK AFQMC OCNLI CLUEWSC CSL CMRC2018 CHID C3
- acc. acc. acc. acc. acc. acc. EM. acc. acc.

Archer-24E-SINGLE 79.19 69.54 62.27 77.26 83.57 90.00 85.73 75.65 85.66 83.04
roberta selfrun 79.46 69.10 63.92 76.09 80.40 93.10 87.27 79.20 88.80 77.29
UER-ensemble 79.64 72.20 64.00 76.82 80.80 90.35 85.83 79.15 86.03 81.60
BERTs 79.66 69.94 63.92 76.77 82.09 88.97 86.77 80.50 89.51 78.44

LICHEE-ensemble 80.06 70.50 64.15 76.98 81.30 90.69 87.40 79.80 87.51 82.22

Table 2: Top-5 models on the CLUE benchmark leaderboard where our ensemble model achieves the state-of-the-
art performance on the averaged CLUE score. These results are grabbed from the official CLUE website1on Jan 8,
2021.

Then, we apply the following training setting to
the training process of all three models. For better
scalability in large batch, we adopt LAMB (You
et al., 2019) to replace Adam (Kingma and Ba,
2014) as the optimizer with a batch size of 768
and a learning rate of 2e − 4. We first train the
model for 1M steps using 128 as the maximum
sequence length, and increase the maximum length
to 512 for another 100k steps, for better capturing
the long distance dependencies. To enhance the
training efficiency, we adopt mix-precision training
technique (Micikevicius et al., 2017) during pre-
training, which are performed on 4 Nvidia V100
gpus.

We have also implemented a LICHEE-enhanced
ensemble model based on BERT-large to partici-
pate in the CLUE benchmark competition. During
training, we adapt the batch size to 1, 024 and the
maximum sequence lengths at the first and second
stage are set to 256 and 512. And 64 Nvidia V100
gpus are used to train the model.

For the evaluation of each task, we derive 6 re-
sults with different random seeds and report the
average performance in this paper.

4.4 Main Results
In table 1, we adopt our multi-grained pre-training
method on three pre-trained language models:

1https://www.cluebenchmarks.com/rank.html

BERT, ALBERT, and GPT, and compare them
with their single-grained baselines on CLUE bench-
mark. From the results, we can see that our
method achieves significant performance gains by
exploiting the multi-grained information of the
text input. The averaged CLUE scores of our
multi-grained BERT-LICHEE, ALBERT-LICHEE
and GPT-LICHEE are 73.92, 69.30 and 68.73 re-
spectively, producing significant absolute improve-
ments of 2.80, 2.03, and 1.32 compared to their
single-grained baseline models. Aside from the
improvement on the averaged CLUE score, it
is also worth to mention that our multi-grained
BERT-LICHEE and GPT-LICHEE outperforms
their single-grained baselines on all 9 NLU tasks
in CLUE, while the ALBERT-LICHEE model also
beat the single-grained ALBERT in 8 out of 9 tasks,
which provides strong evidence that the benefits
of our method are generally applicable to differ-
ent pre-trained language models and diverse NLU
tasks.

In order to further investigate the potential of
LICHEE, we apply it on an ensemble model based
on BERT-large and participate in the CLUE bench-
mark competition. As demonstrated in table 2,
our method outperforms all other candidates on
the average score of 9 CLUE tasks by a signifi-
cant margin, and also achieves the state-of-the-art
performance on two individual NLU tasks of IFLY-
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Model (BERT) Avg. TNEWS IFLYTEK AFQMC OCNLI CLUEWSC CSL CMRC2018 CHID C3
- acc. acc. acc. acc. acc. acc. EM. acc. acc.

SG 71.12 66.62 60.64 71.74 73.45 72.92 84.01 73.08 75.52 62.08
SG (WWM) 72.24 66.87 60.55 72.62 74.41 74.07 84.12 75.22 77.74 64.60
MG (CAT 384+384) 72.86 68.11 61.09 72.33 75.08 75.26 84.48 75.35 77.84 66.17
MG (CAT 256+512) 72.94 67.63 61.55 71.96 74.97 76.54 84.16 75.31 78.17 66.15
MG (CAT 512+256) 73.08 67.88 61.06 73.07 75.84 74.45 84.74 74.44 78.29 67.91
MG (MEAN) 73.22 67.85 60.99 73.44 75.97 76.31 84.52 75.54 77.84 66.53
LICHEE 73.92 67.94 60.94 73.65 75.85 81.03 84.51 75.84 77.65 67.84

Table 3: Ablation study of different pre-training strategies with BERT model on CLUE dataset. Two single-grained
(SG) baselines and five multi-grained (MG) methods (LICHEE and its variants) with different ways of integrating
the fine-grained and coarse-grained representations are evaluated.

TEK and CSL. This results further proves that our
multi-grained pre-training method is able to bring
significant improvements on the representation abil-
ity of language models and is generally effective to
a wide range of downstream NLU tasks.

The reason of LICHEE’s success is that we adopt
a multi-grained pre-training strategy to model the
contextual information of the input text to leverage
the advantages from both granularities, where fine-
grained token representations are easier to learn
considering the sufficient training samples, and
coarse-grained tokens are more complete as lex-
ical units and provide more accurate contextual
information. Furthermore, in our framework, the
combination of the multi-grained information is re-
alized on the embedding level so that we can keep
the model structure unaltered, showing that the ben-
efits are achieved entirely through the information
gains caused by multi-grained pre-training other
than model-level modifications.

4.5 Ablation Analysis

We have conducted ablation analysis on CLUE
benchmarks with BERT, to evaluate the impact
of our multi-grained design, as well as perform a
comprehensive study on the different methods of
integrating the multi-grained embedding. Table 3
lists the performance of model variants with differ-
ent training strategies, including two single-grained
methods and five multi-grained methods.

The original single-grained BERT whose mask-
ing scheme is solely based on fine-grained tokens
gives an average CLUE score of 71.12. The Whole
Word Masking (WWM) technique (Cui et al., 2019)
performs masking operations on continuous fine-
grained tokens that form a coarse-grained token and
improves the performance to 72.24. Note that al-
though WWM utilizes coarse-grained token bound-
ary information during the masking operations, it

does not explicitly train representations for coarse-
grained tokens. Therefore, we treat WWM also as
a single-grained pre-training method.

For multi-grained pre-training methods, we have
conducted experiments to explore five different
approaches of combining embedding representa-
tions of fine-grained and coarse-grained tokens, in-
cluding concatenating the embedding vectors with
different dimension settings, and integrating them
with mean-pooling and max-pooling. For the con-
catenation approaches, we keep the dimension of
the concatenated multi-grained embeddings to 768
to align with the baseline models, and apply three
settings to adjust the dimensions of fine-grained
and coarse-grained embedding correspondingly to
(384, 384), (256, 512) and (512, 256). Empiri-
cally, we discover that the three concatenation set-
tings achieve similar performances, while having
larger embedding vectors for fine-grained tokens
and smaller embedding vectors for coarse-grained
tokens produces a slightly better performance of
73.08 average CLUE score.

Exploiting mean-pooling to integrate the multi-
grained information gives more performance gains
compared with concatenation methods and reaches
73.22 average CLUE score, which may be at-
tributed to the greater number of embedding param-
eters, as pooling methods do not require a shrink
on the embedding dimension and allow both fine-
grained and coarse-grained embedding dimension
to stay 768. Finally, LICHEE with the max-pooling
incorporated outperforms all the fore-mentioned
approaches, attains an overall score of 73.92, and
achieves the best score on 3 out of 9 CLUE tasks,
due to its capability of extracting more representa-
tive features. Especially for the task of CLUEWSC,
LICHEE acquires an accuracy of 81.03 while the
second best method only reaches 76.54. We believe
this is because the small training set of CLUEWSC
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Model Avg. BoolQ CB COPA MultiRC ReCoRD RTE WiC WSC
- acc. acc. acc. EM. EM. acc. acc. acc.

BERT-WWM 63.64 77.13 79.76 62.83 24.88 65.20 70.88 64.50 63.94
BERT-LICHEE 65.53 77.98 88.21 63.00 25.41 67.50 71.91 65.45 64.81

Table 4: Comparison between our multi-grained BERT-LICHEE and the single-grained BERT-WWM on Super-
GLUE tasks.

Model FLOPs Speedup

BERT 43.5B 1.0x
AMBERT 87.0B 0.5x
LICHEE 43.5B 1.0x

Table 5: Comparison of FLOPs and speedup among the
single-grained BERT, AMBERT, and our method.

with only 532 examples makes it more dependent
on powerful pre-trained representations, so that the
advantage of the max-pooling method is amplified.

Overall, we can see from table 3 that all multi-
grained pre-training methods outperform the single-
grained baselines by a significant margin, which
again proves that our idea of incorporating multi-
grained information during the pre-training phase
is efficacious and can benefit model performance
considerably.

4.6 Inference Speed Analysis

We have also studied the inference speed of
LICHEE and compare it with the original single-
grained BERT and another multi-grained method
AMBERT.

Table 5 gives a brief comparison in terms of
FLOPs and speedup, tested on a binary classifica-
tion task with 512 sequence length. FLOPs indi-
cates the number of floating-point operations that
the model performs for a single process, where gen-
erally speaking, the higher the model’s FLOPs is,
the slower the inference speed will be.

We can see that the FLOPs of the AMBERT is
87.0 billion, twice the number of the single-grained
BERT. It means the inference time of AMBERT is
almost doubled, which can cost a lot more time and
resources, and often can be unacceptable for real-
world applications. Meanwhile, our multi-grained
method produces a model with 43.5 billion FLOPs
with a negligible increase compared with the single-
grained baseline, because the additional operations
only include an embedding lookup operation for
coarse-grained tokens and a max-pooling operation

to integrate the fine-grained and coarse-grained em-
bedding vectors. In summary, LICHEE can pro-
duce significant performance gains with negligible
extra inference time needed.

4.7 English Tasks
We have also conducted experiments on Super-
GLUE benchmarks to evaluate LICHEE on English
language tasks, and compared it with the single-
grained baseline: BERT-WWM (Cui et al., 2019).

As shown in table 4, the BERT model pre-trained
with our multi-grained method outperforms the
single-grained BERT-WWM on all 8 SuperGLUE
tasks, and attains an average score of 65.53 surpass-
ing the baseline by 1.89. This improvement over
BERT-WWM demonstrates that the effectiveness
of LICHEE is attributed greatly to the information
gain of its multi-grained representations, more than
just token boundary information. We also notice
that, similar to the CLUEWSC task, a huge in-
crease of 8.45 on accuracy is achieved for the CB
dataset of 250 training samples, because our pre-
training method leverages the information gains of
multi-grained tokens and produces more accurate
representations, which is especially effective on
tasks with small training data.

This result evidently illustrates that LICHEE is
not only effective on tasks of character based lan-
guage like Chinese that highly relies on correct
tokenizations, but can also produce significant im-
provements on languages that are naturally tok-
enized such as English.

5 Conclusion

In this paper, we have proposed a novel multi-
grained method for language model pre-training
named LICHEE, which can be applied to both auto-
regressive and auto-encoding PLMs. In our method,
the fine-grained embeddings and the coarse-grained
embeddings are separately learned and integrated
as the multi-grained embeddings, which is then
passed into the encoder of the language model. Ex-
periments show that LICHEE can significantly en-
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hance the model performance by a great margin on
downstream tasks of both Chinese and English, and
significantly improve the inference speed compared
to the prior multi-grained method.
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Abstract

Neural sequence models can generate highly
fluent sentences, but recent studies have also
shown that they are also prone to hallucinate
additional content not supported by the input.
These variety of fluent but wrong outputs are
particularly problematic, as it will not be possi-
ble for users to tell they are being presented in-
correct content. To detect these errors, we pro-
pose a task to predict whether each token in the
output sequence is hallucinated (not contained
in the input) and collect new manually anno-
tated evaluation sets for this task. We also in-
troduce a method for learning to detect halluci-
nations using pretrained language models fine
tuned on synthetic data that includes automat-
ically inserted hallucinations. Experiments on
machine translation (MT) and abstractive sum-
marization demonstrate that our proposed ap-
proach consistently outperforms strong base-
lines on all benchmark datasets. We further
demonstrate how to use the token-level halluci-
nation labels to define a fine-grained loss over
the target sequence in low-resource MT and
achieve significant improvements over strong
baseline methods. We also apply our method
to word-level quality estimation for MT and
show its effectiveness in both supervised and
unsupervised settings 1.

1 Introduction

Neural sequence models for tasks such as data-to-
text generation (Puduppully et al., 2019), machine
translation (MT; Vaswani et al. (2017); Wu et al.
(2016)) and text summarization (Rothe et al., 2020)
can often generate fluent text that is sometimes
preferred to human-written content (Läubli et al.,
2018; Brown et al., 2020). However, they also
often generate texts that lack global logical consis-

∗Most work was done during an internship at FAIR.
1Codes and data available at https://github.com/

violet-zct/fairseq-detect-hallucination.

Jerry with

1 1 1

happily

1

(Source meaning: Mike goes to 
the bookstore on Thursday. )

1

goes to the bookstore

Machine Translation

0 0 0 0

迈克周四去书店.
。Source Input

his friend.

Figure 1: An example of token-level hallucination de-
tection from MT. The grey box is an example of MT
output and the labels above indicate if each word is
faithful (0) to the input or hallucinated (1).

tency (Marcus and Davis, 2020), are dull and repet-
itive (Welleck et al., 2019), or contain hallucinated
content that is not entailed by the input (Maynez
et al., 2020; Martindale et al., 2019). In this paper,
we focus on tackling the latter problem, aiming to
automatically identify and quantify content in the
output that is not faithful to the input text.

The risk of generating unfaithful content im-
pedes the safe deployment of neural sequence gen-
eration models. The first step to building models
that do not suffer from these failures is the assess-
ment and identification of such hallucinated out-
puts. Prior work has shown that standard metrics
used for text evaluation, such as BLEU scores (Pa-
pineni et al., 2002; Post, 2018), ROUGE (Lin and
Hovy, 2004) and BERTScore (Zhang et al., 2019),
do not correlate well with the faithfulness of model
outputs (Maynez et al., 2020; Wang and Sennrich,
2020; Tian et al., 2019). They also require refer-
ence output text, limiting their applicability in a de-
ployed system at run-time. Very recent efforts have
started to develop automatic metrics to measure
the faithfulness of output sequences using external
semantic models, e.g. the question-generation and
question-answering systems (Wang et al., 2020a;
Durmus et al., 2020) or textual entailment infer-
ence models (Maynez et al., 2020), to score faith-
fulness tailored for abstractive text summarization.
However, these scores do not directly identify hal-
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lucinated tokens and only correlate weakly with
human judgements.

We propose a new task for faithfulness assess-
ment - hallucination detection at the token level,
which aims to predict if each token in the machine
output is hallucinated or faithful to the source in-
put. This task does not use the reference output
to assess faithfulness, which offers us the ability
to also apply it at run-time. Similar to the spirit
of our proposed task, word-level quality estima-
tion (Specia et al., 2018; Fonseca et al., 2019) in
the MT community predicts if tokens are correctly
translated based on human post-editing. However,
these methods generally do not distinguish errors in
terms of fluency and adequacy (Specia et al., 2011),
with the exception of a subset of the WMT 2020
shared task on quality estimation (Specia et al.,
2020), where different types and levels of severity
of word-level errors are defined. Our proposed task
specifically focuses on hallucination errors, and we
define these errors in a simpler way with only bi-
nary labels, which we argue makes them simpler to
use and more conducive to labeling at large scale.
The proposed hallucination detection method (de-
scribed below) is also applicable to the word-level
quality estimation task as demonstrated in §5.4.

We measure hallucination for two conditional
sequence generation tasks – abstractive summariza-
tion and MT. For the former, we produce a bench-
mark dataset from recently released annotations
(Maynez et al., 2020). For MT, we carefully de-
sign human assessment guidelines and create high-
quality annotations, which will be released to aid
future research. To learn token-level hallucination
prediction for general conditional sequence genera-
tions tasks, we propose a novel method that creates
synthetic “hallucinated” data and finetunes a pre-
trained language model (Liu et al., 2019; Conneau
et al., 2020) on it. Without any human annotated
supervised training data, we achieve an average F1
of around 0.6 across all the benchmark datasets,
setting initial performance levels for this new task.

Predicting hallucination labels at the token level
provides a tool for diagnosing and interpreting
model outputs, which allows us to flag potential
risks when the model is applied to previously un-
seen inputs. Additionally, we show how to use
these token-level hallucination labels in two case
studies to improve self-training (Scudder, 1965)
and learning from noisy mined bitext (Koehn et al.,
2019) in low-resource MT. In both cases, there can

be noise in the target text, either produced by the
self-training teacher or errors in the mining process.
However, most outputs are only partially erroneous
(see examples in Appendix E.3) and the rest of
the output is still useful for training, as we show
by introducing different token-level loss truncation
schemes that use our proposed hallucination detec-
tion methods. Our best methods outperform strong
baselines by a large margin, and reduce the number
of hallucinations.

2 Token-level Hallucination Prediction

For source sequence S and generated output se-
quence G, following Maynez et al. (2020) we de-
fine any span gi, · · · , gi+j (j >= 0) in G as being
“hallucinated” if it is not supported by the source
input S.2 More specifically, we consider two types
of hallucination, which are not mutually exclusive:

Extrinsic hallucinations: a span gi, · · · , gi+j in
G consists of additional content without clear
grounding in the input. In Fig. 1, the word “hap-
pily” in the machine translation belongs to this
case, as there is no word in the input sentence that
clearly corresponds to “happy”.

Intrinsic hallucinations: a span of word(s) in
G contains incorrect information due to synthe-
sizing content using information present in S. In
Fig. 1, “Jerry” in the MT is a hallucinated word
and should be replaced by “Mike”. Note that multi-
word phrases can also be marked intrinsic halluci-
nations, such as “this is a book” being hallucinated
from “this is not a book”, where “this is” is a mini-
mal span corresponding to the hallucination.

The above definitions are for illustrative pur-
poses; we do not explicitly label whether a hal-
lucination is intrinsic or extrinsic, only whether
one exists at all. Given these spans, we aim to iden-
tify all the span(s) satisfying the above conditions
in machine generation G.3

Human Assessment of Hallucinations To facil-
itate the assessment of hallucinations in MT, we
conduct human annotations on outputs of MT mod-
els in the patent and COVID-19 domain. Three
bilingual annotators were presented the source sen-
tence, the reference sentence and the MT output,
and they were asked to label each sentence with

2Content that is paraphrased or can otherwise be inferred
by the source document is not considered hallucinated.

3We do not annotate under-generations e.g. the source
input is only partially translated or summarized.

1394



one of the three types of labels: incomprehensi-
ble, faithful, and contains hallucinations. If the
translation contains hallucinations, we asked the
annotators to tag all the tokens that were not faith-
ful to the source. The final benchmark datasets
were created by taking majority labels among three
annotators. We present more details regarding an-
notation guidelines and pipelines in Appendix A.

We compute the Fleiss’s Kappa (Fleiss, 1971)
(FK) scores of our annotations for MT and the pro-
cessed annotations from (Maynez et al., 2020) on
abstractive summarization (Tab. 5 in Appendix A).
We achieved moderate agreement (FK≈0.56) on
the token-level hallucination annotations and sub-
stantial agreement (FK≈0.67) on the sentence-level
annotations, while Maynez et al. (2020) achieved
substantial or almost perfect agreement (FK≈0.8)
on the XSUM dataset. For MT, we conjecture that
it is relatively hard to achieve consistent agreement
among annotators for several reasons. First, al-
though we have made detailed annotation guide-
lines following the definition of hallucination in
§ 2, it could still be difficult for annotators to dis-
tinguish between ungrammatical translations and
hallucinations. Second, it was sometimes difficult
for annotators to understand the specialized text in
the patent domain.

3 Token-level Hallucination Detection

We propose a general-purpose method for token-
level hallucination detection for conditional se-
quence generation tasks. Given the source input
S, we first formulate the task of token-level hallu-
cination detection as a sequence labeling problem
where a binary label is predicted at each position
Gt of the machine generation G. One straightfor-
ward way of learning this task is to train a model
with supervised data in the form of ((S,G), LG)
where LG are the labels at every position of G
that indicate if each word is a hallucinated one or
not. However, because such labeled training data
is not readily available, we propose an approach to
automatically create synthetic training data.

3.1 Synthetic Data Creation

We use bi-text from the training data to create syn-
thetic examples by automatically inserting new, hal-
lucinated target-side tokens. More specifically, we
take target sequence T and create a hallucinated
version of it denoted T ′ with associated hallucina-
tion labels for each token in T ′. Then we can train

Mike goes to the bookstore on Thursday.

<MASK> goes to the bookstore <MASK>.

T

T'

Generate synthetic
hallucinated

sentence

Hallucination 
label assignment 
with edit distance

BART

1 1 11 10 0 0 0

Jerry happily goes to the bookstore with his friend.

Figure 2: Generation of synthetic data with hallucina-
tion labels. A hallucinated version of T is generated
by feeding the noised sentence to the encoder-decoder
model BART. Hallucination labels are assigned to each
token by computing the edit distance between T ′ and
T . Labels of 1 refer to hallucinated words.

a supervised model on this synthetic labeled data
set of ((S, T ′), LT ′). The key challenge is that T ′

should be a fluent sentence that does not differ too
much from T .

Generation of hallucinated sentences To con-
trol this synthetic hallucination process, we build
on a pre-trained denoising autoencoder, which
maps a corrupted sentence back to the original
text it was derived from, learning to reconstruct
missing words that have been arbitrarily masked
out. Specifically, we use the BART model (Lewis
et al., 2020), without providing it any access to the
source sentence, thereby encouraging it to insert
new content as needed to ensure fluency. As shown
in Fig. 2, we first apply a noising function that
removes words from the original target sentence
T 4 and then use a pretrained BART to generate T ′

conditioned on the noised T with beam search.

to the bookstore his friend.

Mike

Jerry happily goes

goes to the bookstore on Thursday.

T'

T

1 0 0 0 0 1 11

with

1

Figure 3: An example of label assignment.

Label assignments After obtaining the halluci-
nated sentence T ′ with BART, we need to assign ap-
propriate labels to each token in T ′ to mark which
words are hallucinated. We compute the edit dis-
tance between T ′ and T , and back-trace the dele-
tion and substitution operations with dynamic pro-
gramming. All the positions in T ′ involving these
two operations are labeled as hallucinations and
everything else is considered faithful to T . Fig. 3
shows an example of label assignment with edit dis-
tance, where words in red are replaced and words
in blue are deleted to convert T ′ to T . Assigning
labels with edit-distance can not always guarantee
correct labels, but we find that this simple approach

4We also applied other noising functions, please see §5.1
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provides sufficiently high quality training data for
effective hallucination detection in practice.

3.2 Finetuning on Synthetic Data
Hallucination prediction loss We follow the
common practice in natural language understand-
ing (NLU) tasks and finetune a pretrained language
model (LM) on our synthetic data. We finetune a
cross-lingual LM (Conneau et al., 2020) for MT
and a monolingual LM (Liu et al., 2019) for sum-
marization. In both cases, we concatenate the input,
true target and hallucinated target denoted (S, T ,
T ′) as a single input sequence to the model. Then
we minimize the standard classification loss Lpred
over the pseudo hallucination labels LT ′ on top
of the final hidden vectors of each token in T ′ as
shown in Fig. 4.

Although using only the source text and halluci-
nated target (S, T ′) as the input should be sufficient
to learn to predict hallucinations, we can also eas-
ily measure the extent to which including the true
target T in the input could help the model. At test
time, when evaluating the faithfulness of the ma-
chine outputs G, we do not use the true target T
and perhaps surprisingly find our model can gener-
alize well without references, even when they were
present during training.

To prevent the model from overly relying on the
true target T and learning spurious correlations (e.g.
the edit distance), we explored two techniques: (1)
dropout – randomly drop out tokens in T to force
the dependence on the source input; (2) paraphrase
– recall that at synthetic data generation time, we
generate T ′ from BART conditioned on the noised
T . Instead, we can apply noise functions to the
paraphrased sentence of T . We create paraphrased
targets via knowledge distillation (Kim and Rush,
2016) where we use the output from pretrained
Seq2Seq model conditioned on the source sentence
in the bi-text corpus as the paraphrased target. Let
D denote the paraphrased sentence of T and D′ de-
note the generation from BART conditioned on the
noised D. Then we create pseudo labels of D′ de-
noted LD′ by computing the edit-distance between
theD′ andD and use ((S, T,D′), LD′) as the train-
ing data for finetuning. Since the pseudo labels are
created based on D, it can prevent the model from
learning the edit-distance between T and D′ easily.
We provide ablation studies in Appendix D.

Masked LM loss We also add the masked lan-
guage model loss (MLM) Lmlm following (Devlin

et al., 2019). To learn this loss, we create a dif-
ferent batch from the above by concatenating only
the source S and target T as the input, since the
hallucinated target T ′ could provide erroneous in-
formation for predicting masked words in T . We
find that such multi-task learning objective helps
learn better representations of the input and further
improves performance on predicting hallucination
labels. The final loss is L = Lpred + α · Lmlm
where α is a hyperparameter.

4 Evaluation Tasks and Data

We examine hallucination in abstractive text sum-
marization and machine translation (MT) tasks, us-
ing the models and datasets described below.

4.1 Abstractive Text Summarization
Maynez et al. (2020) studied hallucination prob-
lems in extreme summarization on the XSUM

dataset which comprises 226,711 British Broad-
casting Corporation (BBC) articles paired with
their single-sentence summaries. They ran-
domly sampled 500 articles from the XSUM

test set and evaluated summaries from four ab-
stractive summarization systems: PtGen (See
et al., 2017), TConvS2S (Narayan et al.,
2018), TranS2S (Vaswani et al., 2017) and
BERTS2S (Rothe et al., 2020). Maynez et al.
(2020) asked human annotators to label the spans
in the machine generated summaries if they were
unfaithful to the article. We post-processed their
human annotations by majority voting and created
test datasets for each of the summarization systems.

4.2 MT
Previous work (Wang and Sennrich, 2020; Müller
et al., 2019; Koehn and Knowles, 2017) has shown
that translation models are particularly prone to hal-
lucination when tested out of domain. We similarly
focus on this regime and additionally consider the
low resource case where a modest amount of out
of domain data is available at training time.

Data We use a multi-domain Chinese-English
(Zh-En) translation dataset (Wang et al., 2020b)
which consists of four balanced domains: law,
news, patent and subtitles. We create a new train-
ing data Dtrain with law (1.46M sentences), news
(1.54M), subtitles (1.77M) train data and randomly
sample 870 parallel sentences from the patent train-
ing data. We train two NMT models (described be-
low) on this dataset and test on 150 examples from
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Figure 4: Finetuning XLM-Roberta (for cross-lingual generation task, e.g. MT) or Roberta (for monolingual
generation task, e.g. text summarization) on the synthetic training data.

Methods MT Summarization
TranS2S MBART PtGen TConvS2S TranS2S BERTS2S

Alignment 29.47 9.93 38.92 37.94 34.47 35.81
Overlap-based 9.14 3.24 57.22 54.25 53.79 55.13
Synonym-based – – 59.54 63.73 58.66 53.07

Ours (w/o reference) 65.75 41.92 63.66 65.94 61.70 55.45
Ours (w/o reference + synonym) – – 64.72 69.37 63.88 56.49
Ours (w/ reference) 66.08 46.81 63.89 66.28 62.24 55.88

Table 1: F1 (x100) of hallucination labels on MT (seesection 4.2) and abstractive summarization (XSUM). The first
block are baseline methods and the second block are our results. Bold indicates best results not using references.

the patent test data. In addition, we also test the
NMT models on the COVID-19 domain, sampling
100 examples from the dataset of Anastasopoulos
et al. (2020). We denote this 250-sentence dataset
as Deval and ask human annotators to evaluate the
level of hallucinations thereof.

Models Our data is generated from two models
on which we will measure hallucination (see Ap-
pendix B for more details): (1) TranS2S (Vaswani
et al., 2017) is the standard Transformer Seq2Seq
model with 6 encoder layers and 6 decoder lay-
ers. (2) MBART (Liu et al., 2020) is a Seq2Seq
denoising auto-encoder pretrained on large-scale
monolingual corpora in many languages. We fine-
tune the 12 layer model on Dtrain.

5 Experiments

5.1 Experimental setup

Synthetic Data Generation We use a pretrained
12 layer BART (Lewis et al., 2020) model in the
fairseq toolkit (Ott et al., 2019) for synthetic la-
beled data generation. We uniformly sample the
percentage of tokens pm to mask from [0, hm] for
each sentence. We also uniformly sample the prob-
ability of replacing a token with a random token
from [0, hr] denoted pr. pm and pr are two impor-
tant factors that affect the noise level when gener-
ating the synthetic data. For MT, we set hm and hr
to 0.6 and 0.3 respectively. For abstractive summa-
rization, we use 0.4 and 0.2. We use beam search
for decoding from BART with beam size of 4 and

length penalty of 3. For MT, we first create para-
phrased target sentences D′ through knowledge
distillation (Kim and Rush, 2016) by using the out-
puts from the same trained TranS2S model on the
source inputs.

Hallucination Predictor For MT, we finetune
XLM-R (Conneau et al., 2020) on the synthetic
dataset with batch size of 128, and we annotated 50
examples (different from those in Deval) from the
patent test data as the validation dataset. For sum-
marization, we finetune RoBERTa (Liu et al., 2019)
with batch size of 96 and early stop training with
10K update steps. In addition, we dropout tokens
from the reference T in the input with a rate of 0.5
and 0.3 respectively for summarization and MT to
learn Lpred. We set α to be 0.6 for MT and 0.5 for
summarization based on the scales of Lpred and
Lmlm. For both tasks, we set the mask probability
used for Lmlm to be 0.5, and the initial learning
rate to be 2e − 5 with polynomial decay. We de-
scribe other hyperparameters, including training of
MT models, in the Appendix B and C.

5.2 Evaluation of hallucination prediction
In Tab. 1, we present the F1 of token-level halluci-
nation labels across six benchmark datasets for MT
and abstractive summarization (full results of pre-
cision, recall and F1 are presented in Tabs. 7 and 9
in the appendix). We compare with three baseline
methods that we proposed for this new task: (1)
The alignment-based method uses a word align-
ment model for hallucination assessment. We em-
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Methods MT Summarization
TranS2S MBART PtGen TConvS2S TranS2S BERTS2S

True hal. tokens (%) 18.12 11.10 46.09 52.89 46.74 37.51
Pred hal. tokens (%) 18.56 7.99 57.22 57.68 55.78 48.84

Table 2: Annotated (True) and predicted (Pred) percentage of hallucinated tokens on benchmark test sets.

ploy SimAlign (Sabet et al., 2020), an unsupervised
aligner, that extracts word alignments from similar-
ity matrices induced from pretrained word embed-
dings. SimAlign is essentially used for crosslingual
tasks, and we adapt it to summarization by using
embeddings from the pretrained BERT-large (De-
vlin et al., 2019). We predict a target token as being
hallucinated if it is not aligned to the source tokens.
(2) The overlap-based method is a heuristic one
that predicts a target token as being hallucinated
if does not appear in the source. Since it’s not
feasible to perform string matching between two
languages for MT, we use a bilingual lexicon in-
duction method (Zhou et al., 2019) to first translate
each English word into a Chinese word and then
check its existence in the source text. (3) We go
further by exploiting synonyms to assess halluci-
nation in the summarization task where we use
WordNet (Miller, 1998) to find synonyms of nouns,
verbs, adjectives and adverbs of the target summary
and the source article; we predict a target as being
hallucinated if its synonym can not be found in the
set of the source synonyms.

From Tab. 1, we note: (1) The proposed method
achieves decent performance on this task and ranks
the best among all baseline methods. However the
task is still far from being solved is worthy of study
in the future. (2) We can see that even though our
model learns hallucination prediction with refer-
ence T during training (Sec. 3.2), by applying to-
ken dropout to T , our model generalizes well with-
out feeding the reference at test time. As a contrast,
we report the results of predicting with reference
at test time and observe that the model can achieve
a significantly higher recall but worse precision
(Tab. 9 in appendix). (3) The two non-neural base-
lines we proposed work surprisingly well on the
summarization datasets, especially the synonym-
based system. We guess this is because the infor-
mation of the summaries should come from the
source article and a majority of hallucinated words
are nouns (§5.3) which can be easily detected by
string matching or synonym matching. Our neural
system performs better than these baseline meth-
ods but not significantly, and we hypothesize that

this is because the RoBERTa model we finetune
on only allows a maximum input length of 512,
which results in an average cutoff of 158 subwords
from the source article and hence loss of source
information. By taking the union of the predic-
tions from the synonym-based and our models, we
can further obtain improvements on the summariza-
tion datasets. We believe the advances in long se-
quence modeling (Beltagy et al., 2020; Kitaev et al.,
2020) could help here, and are important to study
in future work. (4) At the same time, the baseline
methods can not obtain reasonable performance
for MT since crosslingual semantic matching is
more challenging and our model shows significant
improvements.

In Tab. 2, we show the percentage of annotated
and model predicted hallucinated tokens across
the six benchmark sets. We can see that model
predictions correlate well with human assessment
and have a Pearson correlation coefficient of 0.986.

5.3 Analysis
Analysis on Pretrained Models for Conditional
Sequence Generation Recent work (Maynez
et al., 2020) has shown that pretrained models are
better at generating faithful summaries as evaluated
by humans. In Tab. 2, summaries generated from
BERTS2S contain significantly fewer hallucina-
tions than other model outputs. We also confirmed
this trend in MT that translations from MBART
contain less hallucinated content than that from
TranS2S.

Analysis on Hallucinated Words and their Part-
of-Speech Tags In Fig. 5, we present the per-
centage of hallucinated tokens categorized by
their part-of-speech tags predicted by a POS tag-
ger (Toutanova et al., 2003). First, we see that for
both MT and summarization datasets, nouns are
the most hallucinated words. In abstractive summa-
rization, verbs also account for a certain number of
hallucinations. Second, our model predicted hal-
lucinated words match well with gold annotations
on the distributions of POS tags. We also compare
the percentage of hallucinations within each POS
tag in Appendix E.2. In addition, we provide more
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Figure 5: Relationship of POS tags and percentage of hallucinations for MT (left) and summarization (right).

ablation studies in Appendix D.

5.4 Evaluation on Word-level Quality
Estimation

As noted in §1, our model is also readily applicable
to word-level quality estimation (QE) for MT (Fon-
seca et al., 2019; Specia et al., 2020), which aims
to detect word-level errors in MT output. In the
WMT shared task of word-level QE, each token of
the target sentence is labeled as OK/BAD based on
the post-edited target sentences. We evaluate our
model on the WMT18 en-de word-level QE shared
task (Specia et al., 2018) in both the unsupervised
and supervised setting. There are 13,442 labeled
parallel sentences where the tagged target sentences
are from an NMT model. In our supervised setting,
we finetune the XLM-R model on these parallel
sentences with the objective: Lpred + 0.5 ∗ Lmlm.
In the unsupervised setting, we first create the syn-
thetic data (§3.1) using the post-edited target sen-
tences from the labeled parallel set (13,442) and an
additional 50K target sentences from the provided
unlabeled parallel set. Then we finetune XLM-R
on the created synthetic labeled data. For both set-
tings, we set the weights of the cross-entropy loss
for the bad-token labels to be 2.0 because the labels
are imbalanced with fewer bad-token labels.

Models BAD-F1 OK-F1 F1-MULT

OpenKiwi - - 44.77
1st place in WMT18 48.00 91.00 44.00
3rd place in WMT18 36.00 85.00 30.00

Ours (unsupervised) 37.09 92.54 34.32
Ours (supervised) 50.78 91.91 46.68

Table 3: F1 scores (x100) on the test set of WMT18
word-level QE. OpenKiwi (Kepler et al., 2019) is the
state-of-the-art result on this task. 1st and 3rd place are
results from the shared task (Specia et al., 2018).

Results We present results in Tab. 3, where F1-
Mult is the multiplication of F1-scores for the OK
and BAD labels. Note that all the baseline mod-
els are in the supervised setup and the best base-
line OpenKiwi (Kepler et al., 2019) is a strong

ensembled system using predictions from multiple
models. In contrast, our supervised model only
leverages the parallel labeled data without using
other resources. Among all the supervised settings,
our model outperforms the best system by 2 points
in F1-Mult. To make it clear how our unsupervised
model performs, we also show the best performed
systems in the shared task of WMT18. We observe
that our unsupervised setting achieves descent per-
formance and even outperforms the 3rd-ranked sys-
tem. These results demonstrate that both the full
version and the finetuning part of our method pro-
vide strong results for word-level QE.

6 Case Study I: Improving Self Training
in Machine Translation

Predicting hallucination labels at token-level not
only allows us to flag potential risks in generation
models, but also opens up the possibility of pro-
viding fine-grained signals which can be used to
define new learning objectives. In this section and
the following one, we demonstrate how to leverage
the hallucination labels to reduce adverse effects of
noisy training instances. Specifically, we show that
the fine-grained hallucination signals allow for im-
proved semi-supervised learning (§6) and training
with noisy parallel data (§7).

6.1 Rectified Self-Training for Neural MT

Self training (Scudder, 1965) is an important semi-
supervised approach that utilizes unlabeled source
data to improve system performance. In a condi-
tional sequence generation task, a teacher model is
first trained with bitext Dl = {si, ti}Ni=1 and used
to make predictions on each sequence in a unla-
beled dataset Du = {sj}N+M

j=N+1 to create pseudo
parallel data Dp = {sj , t′j}N+M

j=N+1. The model
is then trained on Dl ∪ Dp. He et al. (2020) finds
that with self-training the student model can bene-
fit from such pseudo-parallel data. However, such
results require a relatively high-quality teacher, and
performance suffers in low-resource setting where
no such teacher is available.
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We propose to use our token-level hallucination
predictions to define a fine-grained loss during
training in MT, by penalizing errors less on to-
kens that more likely to be hallucinated. This is
in contrast to previous data filtering methods for
MT, which remove entire sentence pairs (Junczys-
Dowmunt, 2018; Kang and Hashimoto, 2020).

First, we predict the token-level hallucination
labels on the target side of the pseudo parallel data
Dp. Then we propose two simple methods of using
these labels in self-training: (1) We discard the
losses of tokens that are predicted as hallucinations
and compute the loss on the remaining tokens for
each target sequence (token loss truncation). (2)
Instead of adjusting losses, we mask the decoder
hidden states of those hallucinated positions after
the target-to-source cross attention in each decoder
layer (decoder HS masking).5

Methods BLEU BLERUT Hal (%)

baseline 16.14 -0.166 13.69
ST 19.31 -0.059 10.00

ST + paraphrase noise (ST-P) 19.05 -0.051 13.48
ST + random noise (ST-R) 19.97 -0.041 12.55

ST + seq loss truncation 19.91 -0.048 8.26
ST-R + seq loss truncation 19.37 -0.057 10.06

ST + token loss truncation 20.32 0.00244 6.37
ST + decoder HS masking 20.57 -0.0001 6.38
ST-R + token loss truncation 21.02 0.043 7.34
ST-R + decoder HS masking 20.64 0.0308 8.70

Table 4: BLEU(↑), BLEURT(↑) and hallucinated to-
kens (Hal, ↓) on the CWMT2017 test set. We compare
with noised self-training and sequence-level loss trun-
cation in the second and third blocks respectively.

6.2 Experimental Setup and Results
Experimental Setup To train a teacher model
(baseline in Tab. 4), we use the same training data
described in §4.2 using patent (870) as the low-
resource domain. We evaluate on the full patent test
set (1,500) from CWMT2017 (Wang et al., 2020b).
For the unlabeled data, we use the withheld Chinese
patent training data (2.9M).

Baselines We compare with the state-of-the-art
self-training (ST) method of He et al. (2020), which
injects two types of noise into the input sentences:
(1) paraphrase noise created by round-trip transla-
tions, and (2) random noise from dropping, mask-

5We also tried removing hallucinated target words before
training. This underperformed, likely because it produces too
many ungrammatical target sentences.

ing and shuffling input tokens. We also com-
pare with the recently proposed loss truncation
method (Kang and Hashimoto, 2020) that adap-
tively removes entire examples with high log loss,
which was shown to reduce hallucinations.

Results and Analysis We present the tokenized
BLEU score (Papineni et al., 2002), BLEURT
score (Sellam et al., 2020) and the percentage of
hallucinated tokens predicted by our system in
Tab. 4. We can see that ST improves over the base-
line by around 3 BLEU and our best result further
improves ST by 1.7 BLEU. Compared with strong
baseline methods, our method not only achieves
the best translation quality measured by BLEU and
BLEURT but also the largest hallucination reduc-
tion. We also observe that: (1) Our method with
ST alone can outperform other baseline methods,
when combined with perturbed ST (noise), and us-
ing fine-grained control over the target tokens can
further improve the results. (2) ST with paraphrase
noise (by round-trip translation) does not perform
as well as the random noise, which further confirms
that the noisy outputs from a teacher model may
hurt the student model. (3) The sequence-level loss
truncation approach can improve over the vanilla
ST and reduce the level of hallucinations as mea-
sured by our system. However, the performance
drops when combined with the noised ST.

7 Case Study II: Improving Corpus
Filtering for Low-Resource MT

High-quality parallel data is critical for training
effective neural MT systems, but acquiring it can
be expensive and time-consuming. Many systems
instead use mined and filtered parallel data to train
NMT models (Junczys-Dowmunt, 2018; Zhang
et al., 2020; Koehn et al., 2019). Nonetheless, the
selected parallel data can still be noisy, containing
misaligned segments. In this section, we demon-
strate that token-level hallucination labels can allow
us to make better use of noisy data to and improve
the overall translation quality. We apply the token
loss truncation method proposed in §6 to the fil-
tered parallel data and evaluate it on the WMT2019
low-resource parallel corpus filtering shared task.

Experimental Setup The WMT19 shared task
focuses on two low-resource languages – Nepali
and Sinhala. It released a very noisy 40.6 million-
word (English token count) Nepali-English and a
59.6 million-word Sinhala-English corpus crawled
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Figure 6: The BLEU scores of the best submission (FB
system) in the WMT19 shared task on parallel noisy
corpus filtering and our method (w/ loss trunc) on the
Ne-En and Si-En flores test sets.

from the web. Participants were asked to score each
sentence pair in the noisy parallel set. Scores were
used to subsample sentence pairs amounting to 1
million and 5 million English words, which were
used to train an MT system that was evaluated on
the test set using SacreBLEU (Post, 2018). In addi-
tion, the shared task also provides additional clean
parallel data for Nepali-English (564K), Sinhala-
English (646K) and Hindi-English (1.6M), but they
can not be used for training the final NMT system.

First, we train a token-level hallucination predic-
tion system with the combined parallel data from
all the three language pairs (as Hindi is related
to Nepali). Second, we use the scores (Chaud-
hary et al., 2019) that achieve the best overall per-
formance for both language pairs among all the
submissions to select the top-scored 1M, 2M, 3M,
4M, 5M, and 10M data (in English tokens) and
predict the token-level hallucination labels on the
target side. We follow the same setup and use the
script provided by the shared task to train the NMT
model with the selected subsets. During training,
we discard losses of tokens that are predicted as
hallucinations and only compute the losses for the
remaining tokens. We use the validation and test
data from the flores dataset (Guzmán et al., 2019)
during training and evaluation.

Results and Analysis In Fig. 6, we present the
BLEU of the best submission (FB system) and our
method on the Ne-En and Si-En test sets of the
flores dataset. First, with token-level loss trunca-
tion, our model achieves the new best results on the
flores test set in this shared task for both Ne-En
(7.4) and Si-En (8.11). Second, for both language
pairs our method further improves the state-of-the-
art system when varying the training data sizes.
Notably, in the extreme case of 10M training data,

which is very noisy, the baseline can not obtain de-
cent BLEU scores for Si-En while our method still
achieves reasonable performance (0.14 vs. 5.18).
However, for Ne-En data sizes after 2M causes
performance of both the baseline and our method
to drop significantly, possibly because the dataset
contains many pairs of misaligned sentences (the
source is not Nepali and the target is not English).

8 Conclusions

This work proposed a new task of token-level hallu-
cination detection, created human-annotated bench-
mark datasets, proposed a method for unsupervised
learning of hallucination detectors, and showed
that the models can be used to define fine grained
losses that improve MT training. We demonstrate
the remark performance of the proposed hallucina-
tion detection method in several downstream tasks,
including word-level quality estimation and noisy
neural machine translation. In the future, we hope
to create a large-scale pretrained hallucination de-
tector for any dataset or model, and also would
extend our method to data-to-text generation sce-
narios. We are also interested in investigating how
to leverage our detection methods to mitigate hal-
lucination problems in conditional sequence gener-
ation.
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Abstract

We study the problem of injecting knowl-
edge into large pre-trained models like BERT
and RoBERTa. Existing methods typically
update the original parameters of pre-trained
models when injecting knowledge. However,
when multiple kinds of knowledge are injected,
the historically injected knowledge would be
flushed away. To address this, we propose K-
ADAPTER, a framework that retains the origi-
nal parameters of the pre-trained model fixed
and supports the development of versatile
knowledge-infused model. Taking RoBERTa
as the backbone model, K-ADAPTER has a
neural adapter for each kind of infused knowl-
edge, like a plug-in connected to RoBERTa.
There is no information flow between differ-
ent adapters, thus multiple adapters can be
efficiently trained in a distributed way. As
a case study, we inject two kinds of knowl-
edge in this work, including (1) factual knowl-
edge obtained from automatically aligned text-
triplets on Wikipedia and Wikidata and (2)
linguistic knowledge obtained via dependency
parsing. Results on three knowledge-driven
tasks, including relation classification, entity
typing, and question answering, demonstrate
that each adapter improves the performance
and the combination of both adapters brings
further improvements. Further analysis in-
dicates that K-ADAPTER captures versatile
knowledge than RoBERTa. 1

1 Introduction

Language representation models, which are pre-
trained on large-scale text corpus through unsu-
pervised objectives like (masked) language mod-
eling, such as BERT (Devlin et al., 2019), GPT
(Radford et al., 2018, 2019), XLNet (Yang et al.,

∗Work is done during internship at Microsoft. Zhongyu
Wei and Duyu Tang are corresponding authors.

1Codes are publicly available at https://github.
com/microsoft/K-Adapter

2019), RoBERTa (Liu et al., 2019) and T5 (Raf-
fel et al., 2020), have established state-of-the-art
performances on various NLP downstream tasks.
Despite the huge success of these pre-trained mod-
els in empirical studies, recent studies suggest that
models learned in such an unsupervised manner
struggle to capture rich knowledge. For exam-
ple, Poerner et al. (2020) suggest that although
language models do well in reasoning about the sur-
face form of entity names, they fail in capturing rich
factual knowledge. Kassner and Schütze (2020) ob-
serve that BERT mostly did not learn the meaning
of negation (e.g. “not”). These observations mo-
tivate us to study the injection of knowledge into
pre-trained models like BERT and RoBERTa.

Recently, some efforts have been made to ex-
ploit injecting knowledge into pre-trained language
models (Zhang et al., 2019; Lauscher et al., 2019;
Levine et al., 2020; Peters et al., 2019; He et al.,
2020; Xiong et al., 2020). Most previous works
(as shown in Table 1) augment the standard lan-
guage modeling objective with knowledge-driven
objectives and update the entire model parameters.
Although these methods obtain better performance
on downstream tasks, they struggle at supporting
the development of versatile models with multi-
ple kinds of knowledge injected (Kirkpatrick et al.,
2017). When new kinds of knowledge are injected,
model parameters need to be retrained so that previ-
ously injected knowledge would fade away. Mean-
while, the resulting models produce entangled rep-
resentations, so that it is hard to investigate the
effect of each kind of knowledge.

In this paper, we propose K-ADAPTER, a flex-
ible and simple framework that supports the infu-
sion of multiple kinds of knowledge into large pre-
trained models. K-ADAPTER leaves the original
representation of a pre-trained model unchanged
and exports different representations for different
types of infused knowledge. This is achieved by
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Model Knowledge Source Objective BERT fixed
in training?

Continual knowl-
edge infusion?

ERNIE (Zhang et al.,
2019)

Wikipedia, WikiData entity linking N N

LIBERT (Lauscher et al.,
2019)

WordNet synonym word prediction,
hyponym-hypernym prediction

from scratch N

SenseBERT (Levine
et al., 2020)

WordNet word-supersense prediction from scratch N

KnowBERT (Peters
et al., 2019)

Wordnet, Wikipedia,
CrossWikis

entity linking , hypernym link-
ing

N N

WKLM (Xiong et al.,
2020)

WikiPedia, WikiData replaced entity detection N N

BERT-MK (He et al.,
2020)

Unified Medical Lan-
guage System

discriminate between real and
fake facts

N N

K-Adapter (this work) Wikipedia, Wikidata,
dependency parser

predication prediction, depen-
dency relation prediction

Y Y

Table 1: Comparison between our approach (K-ADAPTER) and previous works on injecting knowledge into BERT.

the integration of compact neural models dubbed
adapters. Adapters are knowledge-specific models
plugged outside of a pre-trained model, whose in-
puts are the output hidden-states of intermediate
layers of the pre-trained model. We take RoBERTa
(Liu et al., 2019) as the base pre-trained model and
integrate two types of knowledge, including fac-
tual knowledge obtained by aligned Wikipedia text
to Wikidata triplets and linguistic knowledge ob-
tained by applying off-the-shell dependency parser
to web texts. In the pre-training phase, we train two
adapters independently. Since adapters have much
less trainable parameters compared with RoBERTa,
the training process is memory efficient.

We conduct extensive experiments on six bench-
mark datasets across three knowledge-driven tasks,
i.e., relation classification, entity typing, and
question answering. Experiments show that
K-ADAPTER consistently performs better than
RoBERTa, and achieves state-of-the-art perfor-
mance on five datasets. Case study and probing
experiments indicate that K-ADAPTER captures
versatile knowledge than RoBERTa.

2 Related Work

Our work relates to the area of injecting knowl-
edge into pre-trained models. As stated in Table 1,
previous works mainly differ from the knowledge
sources and the objective used for training.

ERNIE (Zhang et al., 2019) injects a knowl-
edge graph into BERT. They align entities from
Wikipedia sentences to fact triples in WikiData,
and discard sentences with less than three entities.
In the training process, the input includes sentences
and linked facts, and the knowledge-aware learning

objective is to predict the correct token-entity align-
ment. Entity embeddings are trained on fact triples
from WikiData via TransE (Bordes et al., 2013).
LIBERT (Lauscher et al., 2019) injects pairs of
words with synonym and hyponym-hypernym re-
lations in WordNet. The model takes a pair of
words separated by a special token as the input,
and is optimized by a binary classification problem,
which predicts whether the input holds a partic-
ular relation or not. SenseBERT (Levine et al.,
2020) considers word-supersense knowledge. It in-
ject knowledge by predicting the supersense of the
masked word in the input, where the candidates are
nouns and verbs and the ground truth comes from
WordNet. KnowBERT (Peters et al., 2019) incor-
porates knowledge bases into BERT using Knowl-
edge attention and recontextualization, where the
knowledge comes from synset-synset and lemma-
lemma relationships in WordNet, and entity linking
information in Wikipedia. If entity linking super-
vision is available, the model is learned with an
additional knowledge-aware log-likelihood or max-
margin objective. WKLM (Xiong et al., 2020)
replaces entity mentions in the original document
with names of other entities of the same type. The
model is trained to distinguish the correct entity
mention from randomly chosen ones. BERT-MK
(He et al., 2020) integrates fact triples from knowl-
edge graph. For each entity, it sample incoming
and outcoming instances from the neighbors on the
knowledge graph, and replaces head or tail entity
to create negative instances. The model is learned
to discriminate between real and fake facts.

As shown in Table 1, our model (K-ADAPTER)
differs from previous studies in three aspects. First,
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Figure 1: (a) Pre-trained language models inject multiple kinds of knowledge with multi-task learning. Model
parameters need to be retrained when injecting new kinds of knowledge, which may result in the catastrophic for-
getting (b) Our K-ADAPTER injects multiple kinds of knowledge by training adapters independently on different
pre-train tasks, which supports continual knowledge infusion. When we inject new kinds of knowledge, the ex-
isting knowledge-specific adapters will not be affected. KIA represents the adapter layer and TRM represents the
transformer layer, both of which are shown in Figure 2.

we consider both fact-related objective (i.e. predi-
cate/relation prediction) and linguistic-related ob-
jective (i.e. dependency relation prediction). Sec-
ond, the original parameter of BERT is clamped
in the knowledge infusion process. Third, our ap-
proach supports continual learning, which means
that the learning of different adapters are not entan-
gled. This flexibility enables us to efficiently inject
different types of knowledge independently, and
inject more types of knowledge without any loss
on the previously injected knowledge.

3 K-ADAPTER

As illustrated in Figure 1 (a), most of the pre-
vious works enhance pre-trained language mod-
els by injecting knowledge and update model pa-
rameters through multi-task learning. Regardless
of these different versions of knowledge-injected
methods with multi-task learning, common issues
not fully studied are catastrophic forgetting of pre-
vious knowledge. To address this, we present K-
ADAPTER as shown in Figure 1(b), where multiple
kinds of knowledge are injected into different com-
pact neural models (i.e., adapters in this paper)
individually instead of directly injecting knowl-
edge into pre-trained models. It keeps the original
representation of a pre-trained model fixed and sup-
ports continual knowledge infusion, i.e., injecting
each kind of knowledge into the corresponding
knowledge-specific adapter and producing disen-

tangled representation. Specifically, adapters are
knowledge-specific models (with few parameters)
plugged outside of a pre-trained model. The in-
puts of adapters are the output hidden-states of
intermediate layers of the pre-trained model. Each
adapter is pre-trained independently on different
tasks for injecting discriminative knowledge while
the original parameters of the pre-trained model
are frozen. In this paper, we exploit RoBERTa (Liu
et al., 2019) as the pre-trained model, and mainly
infuse factual knowledge and linguistic knowledge
with two kinds of adapters, i.e., factual adapter
and linguistic adapter which are pre-trained on the
relation classification task and dependency rela-
tion prediction task respectively. In this section,
we first describe the structure of our adapter, and
then present the process of pre-training knowledge-
specific adapters.

3.1 Adapter Structure

In this work, we present a different adapter struc-
ture as shown in Figure 2, which is referred to
as the knowledge-specific adapter. In contrast to
Houlsby et al. (2019) add adapter layers into each
transformer layer, our adapter works as outside
plug-ins. Each adapter model consists ofK adapter
layers that contain N transformer (Vaswani et al.,
2017) layers and two projection layers. A skip-
connection is applied across two projection lay-
ers. Specifically, for each adapter model, we plug
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Figure 2: Structure of the adapter layer (left). The
adapter layer consists of two projection layers andN=2
transformer layers, and a skip-connection between two
projection layers.

adapter layers among different transformer layers
of the pre-trained model. We concatenate the out-
put hidden feature of the transformer layer in the
pre-trained model and the output feature of the
former adapter layer, as the input feature of the
current adapter layer. For each knowledge-specific
adapter, we concatenate the last hidden features
of the pre-trained model and adapter as the final
output feature of this adapter model.

In the pre-training procedure, we train each
knowledge-specific adapter on different pre-
training tasks individually. For various downstream
tasks, K-ADAPTER can adopt the fine-tuning pro-
cedure similar to RoBERTa and BERT. When only
one knowledge-specific adapter is adopted, we can
take the final output feature of this adapter model
as the input for task-specific layers of the down-
stream task. When multiple knowledge-specific
adapters are adopted, we concatenate the output
features of different adapter models as the input for
task-specific layers of the downstream task.

3.2 Pre-training settings

We use RoBERTaLARGE (L=24, H=1024, A=16,
355M params) implementation by Huggingface2

as the pre-trained model in all our experiments.
As for each adapter layer, we denote the num-
ber of transformer layer as N , the hidden dimen-
sion of transformer layer as HA, the number of
self-attention heads as AA, the hidden dimension
of down-projection and up-projection layers as
Hd and Hu. In detail, we have the following
adapter size: N = 2, HA = 768, AA = 12,
Hu = 1024 and Hd = 768. The RoBERTa lay-

2https://github.com/huggingface/transformers

ers where adapter layers plug in are {0,11,23},
and different adapter layers do not share param-
eters. Thus the total parameters for each adapter
model are about 42M, which are much smaller
than RoBERTaLARGE and make the training pro-
cess memory efficient. It should be noticed that
RoBERTa is fixed during training and the param-
eters of adapters are trainable and initialized ran-
domly. Then we describe how to inject different
knowledge into knowledge-specific adapters as be-
low.

3.3 Factual Adapter

Factual knowledge can be described as the basic
information that is concerned with facts. In this
work, we acquire factual knowledge from the rela-
tionships among entities in natural language. We
extract a sub-dataset T-REx-rc from T-REx (ElSa-
har et al., 2018) which is a large scale alignment
dataset between Wikipedia abstracts and Wikidata
triples. We discard all relations having less than
50 entity pairs, collecting 430 relations and 5.5M
sentences. In order to inject factual knowledge, we
propose to pre-train a knowledge-specific adapter
called facAdapter on the relation classification task.
This task requires a model to classify relation la-
bels of given entity pairs based on context. Specif-
ically, the last hidden features of RoBERTa and
facAdapter are concatenated as the input represen-
tation, and the pooling layer is applied to the input
representations of the given entities. Then, we
concatenate two entity representations to perform
relation classification.

3.4 Linguistic Adapter

Linguistic knowledge is implicitly contained in nat-
ural language texts, e.g., syntactic and semantic
information. In this work, we acquire linguistic
knowledge from dependency relationships among
words in natural language text. We build a dataset
consisting of 1M examples. In particular, we run
the off-the-shell dependency parser from Stanford
Parser3 on a part of Book Corpus (Zhu et al., 2015).
To inject linguistic knowledge, we pre-train another
knowledge-specific adapter called linAdapter on
the task of dependency relation prediction. This
task aims to predict the head index of each token
in the given sentence. We concatenate the last hid-
den features of RoBERTa and linAdapter as the
input representation, and then apply a linear layer

3http://nlp.stanford.edu/software/lex-parser.html
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Model OpenEntity FIGER

P R Mi-F1 Acc Ma-F1 Mi-F1

NFGEC (Shimaoka et al., 2016) 68.80 53.30 60.10 55.60 75.15 71.73
BERT-base (Zhang et al., 2019) 76.37 70.96 73.56 52.04 75.16 71.63
ERNIE (Zhang et al., 2019) 78.42 72.90 75.56 57.19 75.61 73.39
KnowBERT (Peters et al., 2019) 78.60 73.70 76.10 - - -
KEPLER (Wang et al., 2021) 77.20 74.20 75.70 - - -
WKLM (Xiong et al., 2020) - - - 60.21 81.99 77.00

RoBERTa 77.55 74.95 76.23 56.31 82.43 77.83
RoBERTa + multitask 77.96 76.00 76.97 59.86 84.45 78.84
K-ADAPTER (w/o knowledge) 74.47 74.91 76.17 56.93 82.56 77.90
K-ADAPTER (F) 79.30 75.84 77.53 59.50 84.52 80.42
K-ADAPTER (L) 80.01 74.00 76.89 61.10 83.61 79.18
K-ADAPTER (F+L) 78.99 76.27 77.61 61.81 84.87 80.54

Table 2: Results on two entity typing datasets OpenEntity and FIGER.

to input representations of each token to perform
classification. More training details of facAdapter
and linAdapter can be found in the Appendix.

4 Experiments

We evaluate our K-ADAPTER on three knowledge-
driven downstream tasks, i.e., entity typing, ques-
tion answering and relation classification. Further-
more, we conduct detailed analyses with the case
study and probing experiments to explore the effec-
tiveness and ability of models for learning factual
knowledge. The notations of K-ADAPTER (F+L),
K-ADAPTER (F), and K-ADAPTER (L) denote our
model which consists of both factual adapter and
linguistic adapter, only factual adapter and only
linguistic adapter, respectively. Implementation de-
tails, and statistics of datasets are in the Appendix.

4.1 Entity Typing

We conduct experiments on fine-grained entity typ-
ing which aims to predict the types of a given entity
and its context. We evaluate our models on Ope-
nEntity (Choi et al., 2018) and FIGER (Ling et al.,
2015) following the same split setting as Zhang
et al. (2019). To fine-tune our models for entity typ-
ing, we modify the input token sequence by adding
the special token “@” before and after a certain
entity, then the first “@” special token represen-
tation is adopted to perform classification. As for
OpenEntity, we adopt micro F1 score as the final
metric to represent the model performance. As
for FIGER, we adopt strict accuracy, loose macro,
loose micro F1 scores (Ling and Weld, 2012) for
evaluation following the same evaluation criteria
used in previous works.

Baselines NFGEC (Shimaoka et al., 2016) em-
ploys attentive recursive neural networks to com-
pose context representations. KEPLER (Wang
et al., 2021) integrates factual knowledge with the
supervision of the knowledge embedding objective.
RoBERTa+multitask is our RoBERTa model pre-
trained with multi-task learning (as shown in Figure
1(a)) for injecting multiple kinds of knowledge on
two pre-training tasks. K-ADAPTER (w/o knowl-
edge) consists of a RoBERTa model and an adapter
without being injected knowledge. Other baseline
models are described in Section 2.

Results and Discussion The results on OpenEn-
tity and FIGER are shown in Table 2. K-ADAPTER

(F+L) achieves consistent improvements across
these datasets. As for OpenEntity, our RoBERTa
achieve better results than other baseline models.
K-ADAPTER (F+L) further achieves improvement
of 1.38% F1 over RoBERTa, which means factual
knowledge and linguistic knowledge help to pre-
dict the types more accurately. As for FIGER, it
covers more entity types, and is more fine-grained
than OpenEntity. Compared with WKLM, K-
ADAPTER (F+L) improves the macro F1 by 2.88%,
micro F1 by 2.54% and accuracy by 1.60%. This
demonstrates that K-ADAPTER (F+L) benefits fine-
grained entity typing.

In addition, we further conduct several exper-
iments on our ablated model K-ADAPTER (w/o
knowledge), to explore whether the performance
gains came from introducing knowledge or addi-
tional parameters. Results show that K-ADAPTER

(F) significantly outperforms K-ADAPTER (w/o
knowledge). Moreover, it is worth noting that
on OpenEntity dataset, K-ADAPTER (w/o knowl-
edge) even performs slightly worse than RoBERTa.
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Model SearchQA Quasar-T CosmosQA

EM F1 EM F1 Accuracy

BiDAF (Seo et al., 2017) 28.60 34.60 25.90 28.50 -
AQA (Buck et al., 2018) 40.50 47.40 - - -
Rˆ3 (Wang et al., 2018a) 49.00 55.30 35.30 41.70 -
DSQA (Lin et al., 2018) 49.00 55.30 42.30 49.30 -
Evidence Agg. (Wang et al., 2018b) 57.00 63.20 42.30 49.60 -
BERT (Xiong et al., 2020) 57.10 61.90 40.40 46.10 -
WKLM (Xiong et al., 2020) 58.70 63.30 43.70 49.90 -
WKLM + Ranking (Xiong et al., 2020) 61.70 66.70 45.80 52.20 -

BERT-FTRACE+SWAG (Huang et al., 2019) - - - - 68.70

RoBERTa 59.01 65.62 40.83 48.84 80.59
RoBERTa + multitask 59.92 66.67 44.62 51.17 81.19
K-ADAPTER (F) 61.85 67.17 46.20 52.86 80.93
K-ADAPTER (L) 61.15 66.82 45.66 52.39 80.76
K-ADAPTER (F+L) 61.96 67.31 46.32 53.00 81.83

Table 3: Results on question answering datasets including: CosmosQA, SearchQA and Quasar-T.

These results demonstrate that our model gains
improvement from knowledge instead of more pa-
rameters. Thus, for simplicity, we don’t discuss
K-ADAPTER (w/o knowledge) in the following ex-
periments.

4.2 Question Answering
We conduct experiments on two question an-
swering (QA) tasks, i.e., commonsense QA
and open-domain QA. Commonsense QA aims
to answer questions with commonsense. We
adopt CosmosQA (Huang et al., 2019) dataset
to evaluate our models. CosmosQA requires
commonsense-based reading comprehension, for-
mulated as multiple-choice questions. To fine-
tune our models for CosmosQA, the input to-
ken sequence is modified as “<SEP>context
</SEP>question</SEP>answer</SEP>”, then
the representation of the first token is adopted to
perform classification, and will get a score for this
answer. After getting four scores, the answer with
the highest score will be selected. We report accu-
racy scores obtained from the leaderboard.

Open-domain QA aims to answer questions us-
ing external resources such as collections of docu-
ments and webpages. We evaluate our modes on
two public datasets, i.e., Quasar-T (Dhingra et al.,
2017) and SearchQA (Dunn et al., 2017). Specifi-
cally, we first retrieve paragraphs corresponding to
the question using the information retrieval sys-
tem and then extract the answer from these re-
trieved paragraphs through the reading compre-
hension technique. Following previous work(Lin
et al., 2018), we use the retrieved paragraphs pro-
vided by Wang et al. (2017) for these two datasets.

To fine-tune our models for this task, the input
token sequence is modified as “<SEP>question
</SEP>paragraph</SEP>”. We apply linear lay-
ers over the last hidden features of our model to
predict the start and end position of the answer
span. We adopt two metrics including ExactMatch
(EM) and loose F1 (Ling and Weld, 2012) scores
to evaluate our models.

Baselines BERT-FTRACE+SWAG (Huang
et al., 2019) is the BERT model sequentially
fine-tuned on both RACE and SWAG datasets.
BiDAF (Seo et al., 2017) adopts a bi-directional
attention network. AQA (Buck et al., 2018)
proposes to re-write questions and aggregate the
answers generated by the re-written questions.
Rˆ3 (Wang et al., 2018a) is a reinforced model
making use of a ranker for selecting most confident
paragraph. Evidence Agg. (Wang et al., 2018b)
proposes making use of the aggregated evidence
from across multiple paragraphs. WKLM (Xiong
et al., 2020) is adopted as the reader model
to read multiple paragraphs to predict a single
answer. WKLM + Ranking (Xiong et al., 2020)
is a WKLM paragraph reader plus with a BERT
based paragraph ranker to assign each paragraph a
relevance score.

Results and Discussion The results on Cos-
mosQA are shown in Table 3. Compared with
BERT-FTRACE+SWAG, our RoBERTa signifi-
cantly achieves 11.89% improvement of accuracy.
Compared to RoBERTa, K-ADAPTER (F+L) fur-
ther improves the accuracy by 1.24%, which in-
dicates that K-ADAPTER can obtain better com-
monsense inference ability. Moreover, the perfor-
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Model P R F1

C-GCN (Zhang et al., 2018) 69.90 63.30 66.40
BERT-base (Zhang et al., 2019) 67.23 64.81 66.00
ERNIE (Zhang et al., 2019) 69.97 66.08 67.97
BERT-large (Baldini Soares et al., 2019) - - 70.10
BERT+MTB (Baldini Soares et al., 2019) - - 71.50
KnowBERT (Peters et al., 2019) 71.60 71.40 71.50
KEPLER (Wang et al., 2021) 70.43 73.02 71.70

RoBERTa 70.17 72.36 71.25
RoBERTa + multitask 70.18 73.11 71.62
K-ADAPTER (F) 69.39 74.59 71.89
K-ADAPTER (L) 68.85 75.37 71.96
K-ADAPTER (F+L) 70.14 74.04 72.04

Table 4: Results on the relation classification dataset
TACRED.

mance of ablated K-ADAPTER models, i.e., K-
ADAPTER (F) and K-ADAPTER (L) are clearly
better than RoBERTa, but slightly lose compared
with RoBERTa+multitask. It is notable that K-
ADAPTER (F+L) makes obvious improvement com-
paring with RoBERTa+multitask. This demon-
strates that the combination of multiple knowledge-
specific adapters could achieve better performance.

The results for open-domain QA are shown in
Table 3. K-ADAPTER models achieve better re-
sults compared to other baselines. This indicates
that K-ADAPTER models can make full use of the
infused knowledge and accordingly benefit under-
standing the retrieved paragraphs to answer the
question. Specifically, on SearchQA, K-ADAPTER

(F+L) makes significant improvement of 4.01% F1

scores, comparing with WKLM where the rank-
ing scores are not used, and even has a slight im-
provement as compared to WKLM+Ranking. It
is worth noting that K-ADAPTER models do not
consider the confidence of each retrieved para-
graph, while WKLM+Ranking utilizes ranking
scores from a BERT based ranker. On the Quasar-
T dataset, K-ADAPTER (F+L) also outperforms
WKLM by 3.1% F1 score and slightly outperforms
WKLM+Ranking.

4.3 Relation Classification

Relation classification aims to determine the cor-
rect relation between two entities in a given sen-
tence. We adopt a large-scale relation classification
dataset TACRED (Zhang et al., 2017). To fine-tune
our models for this task, we modify the input token
sequence by adding special token “@” before and
after the first entity, adding “#” before and after
the second entity. Then the token representations

of the first special token “@” and “#” are concate-
nated to perform relation classification. We adopt
micro F1 score as the metric to represent the model
performance as previous works.

Baselines C-GCN (Zhang et al., 2018) employs
graph convolutional networks to model dependency
trees. BERT-large (Baldini Soares et al., 2019) is
a baseline BERT-large model. BERT+MTB (Bal-
dini Soares et al., 2019) is a method of training
relation representation without supervision from
a knowledge base by matching the blanks. Other
baseline models are described in Section 2 and 4.1.

Results and Discussion Table 4 shows the per-
formances of different models on TACRED. The
results indicate that K-ADAPTER models signif-
icantly outperform all baselines, which directly
demonstrate our models can benefit relation clas-
sification. In particular, (1) K-ADAPTER models
outperform RoBERTa, which proves the effective-
ness of infusing knowledge into pre-trained model
with adapters. (2) K-ADAPTER models gain more
improvement compared with RoBERTa+multitask.
This directly demonstrates injecting knowledge in-
dividually in K-ADAPTER way would help models
make full use of knowledge.

4.4 Case Study
Table 5 gives a qualitative comparison example
between K-ADAPTER and RoBERTa on relation
classification dataset TACRED. The results show
that, in most cases, the wrongly predicted logit
value of RoBERTa and the logit value of the true
label are actually quite close. For example, given
“New Fabris closed down

::::
June

::
16”, RoBERTa pre-

dicts “no relation”, but the true label “city of birth”
ranks in second place. If a model could correctly
predict the relationship between “New Fabris” and
“June 16”, then it needs to know that “New Fabris”
is a company. Thanks to the factual knowledge in
K-ADAPTER, it can help the model from predict-
ing “no relation” to predicting the correct category
label.

In addition, we utilize a LAMA (LAnguage
Model Analysis) probe (Petroni et al., 2019) to ex-
amine models’ ability to memorize factual knowl-
edge. Specifically, the LAMA probing task is un-
der a zero-shot setting, which requires the language
model to answer cloze-style questions about rela-
tional facts without fine-tuning, For example, given
“Simon Bowman was born in [MASK]” as the in-
put, models are asked to predict the correct token
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Input True label Model Predicted label Predicted logits

His former student Mark Devlin of
the

:::::::::::::::::
University

:::::
of

:::::::::::::::::::::::
Pennsylvania was

co-leader of the other , known as the
Microwave Anisotropy Telescope .

schools attended
K-Adapter [’schools attended’, ’no relation’,’founded’] [12.6, 9.5, 5.2]

RoBERTa [’no relation’, ’founded’, ”member of”] [9.1, 6.5, 5.0]

Graham had been in custody in
::::::::::::::::::
Vancouver , British Columbia , since
June .

cities of residence
K-Adapter [’cities of residence’, ’countries of residence’, ’no relation’] [13.5,6.8,6.6]

RoBERTa [’countries of residence’, ’country of death’, ’alternate names’] [7.1, 7.0, 6.8]

Vladimir Ladyzhenskiy of Russia
died after she suffered a

:::::::::
shock in the

final of the spa world championship
in Heinola , a southern city of
Finland , on Saturday .

cause of death
K-Adapter [’cause of death’,’origin’,’no relation’] [11.0, 7.6, 7.1]

RoBERTa [’no relation’, ’cause of death’, ’origin’] [6.3, 5.9, 5.5]

You can’t have a good season unless
it starts well, ” said

::::::
Bill

:::::::::::::
Martin,

co-founder of ShopperTrak, on
Saturday .

founded by
K-Adapter [’founded by’, ’member of’, ’employee of’] [10.2, 9.3, 7.3]

RoBERTa [’no relation’, ’founded by’, ’employee of’] [10.0, 8.5, 5.4]

Table 5: A case study for K-ADAPTER and RoBERTa on relation classification dataset TACRED. Underlines and

::::
wavy

:::::
lines highlight the subject entities and object entities respectively. We report the top 3 ranked predictions.

Query Answer Model Generation

The native language of Mammootty
is [MASK]. Malayalam RoBERTa English, Tamil, Hindi, Sanskrit, Arabic, Chinese

K-ADAPTER Malayalam, Tamil, Hindi, Mandarin, English

Ravens can [MASK]. fly RoBERTa win, play, score, lose, run, drink, fly, roll, wait

K-ADAPTER fly, swim, sing, shoot, kill, go, fish, drink, die

Sometimes virus causes [MASK]. infection RoBERTa cancer, death, illness, blindness, paralysis

K-ADAPTER cancer, illness, death, infection, disease

Sunshine Coast, British Columbia is
located in [MASK]. Canada RoBERTa Florida, California, Texas, Hawaii, Mexico

K-ADAPTER Canada, Vancouver, Victoria, BC, Australia

iPod Touch is produced by
[MASK]. Apple RoBERTa Apple, Samsung, Qualcomm, LG, Microsoft

K-ADAPTER Apple, HTC, Samsung, Motorola, Intel

Table 6: Examples of LAMA generation for RoBERTaLARGE and K-ADAPTER. The last column reports the top
ranked predicted tokens. Correct predictions are in bold.

which is masked. Table 6 shows several exam-
ples for the generation of RoBERTaLARGE and
K-ADAPTER for LAMA queries. From these ex-
amples, we can find that the objects predicted by K-
ADAPTER are more accurate, which demonstrate
that K-ADAPTER captures richer factual knowl-
edge than RoBERTa. More details about this prob-
ing experiments can be found in the Appendix A
and E.4.

5 Conclusion

In this paper, we propose a flexible and simple
approach, called K-ADAPTER, to infuse knowl-
edge into large pre-trained models. K-ADAPTER

remains the original parameters of pre-trained mod-
els unchanged and supports continual knowledge

infusion, i.e., new kinds of injected-knowledge will
not affect the parameters learned for old knowl-
edge. Specifically, factual knowledge and linguis-
tic knowledge are infused into RoBERTa with two
kinds of adapters, which are pre-trained on the
relation classification task and dependency rela-
tion prediction task, respectively. Extensive ex-
periments on three knowledge-driven downstream
tasks demonstrate that the performance of each
adapter achieves a significant improvement indi-
vidually, and even more together. Detailed anal-
yses further suggest that K-ADAPTER captures
richer factual and commonsense knowledge than
RoBERTa, and provide insights on the effective-
ness of knowledge infusion. In future work, we
will infuse more types of knowledge, and apply our
framework to more pre-trained models.
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Appendix

A Probing Experiments

Although K-ADAPTER models have shown supe-
rior performance on knowledge-driven downstream
tasks, it does not directly provide insights into
whether our models infuse richer factual knowl-
edge. Thus we utilize a LAMA (LAnguage Model
Analysis) probe (Petroni et al., 2019) to examine
the ability to memorize factual knowledge. Specif-
ically, the LAMA probing task is under a zero-
shot setting, which requires the language model
to answer cloze-style questions about relational
facts without fine-tuning, e.g., “Simon Bowman
was born in [MASK]”. The model needs to predict
a distribution over a limited vocabulary to replace
[MASK]. We report mean precision at one (P@1)
macro-averaged over relations.

Settings We consider several language models
including: ELMo (Peters et al., 2018), ELMo5.5B
(Peters et al., 2018), Transformer-XL (Dai et al.,
2019), BERTLARGE and RoBERTaLARGE . We
focus on LAMA-GoogleRE and LAMA-T-REx,
which are aimed at factual knowledge. We also con-
duct probe experiments on LAMA-UHN (Poerner
et al., 2020), a more “factual” subset of LAMA, by
filtering out queries that are easy to answer from
entity names alone. Different models have dif-
ferent vocabulary sizes. To conduct a more fair
comparison experiment, we adopt the intersection
of vocabularies and let every language model rank
only tokens in this vocabulary following Petroni
et al. (2019). For simplicity, we only compare K-
APDATER (F) which is infused with factual knowl-
edge, with other baseline models.

Results and Discussion Results are shown in Ta-
ble 7. It is surprising that BERTLARGE performs
better than RoBERTaLARGE . There is one possible
reason: BERT uses a character-level BPE (Gage,
1994) vocabulary, while RoBERTa considers byte-
level BPE vocabulary. This finding indicates that,
although using bytes makes it possible to learn
a subword vocabulary that can encode any text
without introducing “unknown” tokens, it might
indirectly harm the model’s ability to learn fac-
tual knowledge, e.g., some proper nouns may be
divided into bytes. Thus in the following experi-
ments, we do not take BERT into account.

K-ADAPTER outperforms other models (except
for BERT) by a huge margin. As for LAMA, com-

pared to RoBERTaLARGE , K-ADAPTER obtains
2.2% and 1.2% P@1 improvement across Google-
RE and T-REx, respectively. Moreover, compared
to RoBERTaLARGE , K-ADAPTER still achieves
better results on LAMA-UHN. The results demon-
strate that K-ADAPTER captures richer factual and
commonsense knowledge than RoBERTa.

B Pre-Training Details

B.1 Factual Adapter
The pre-trained model is fixed during training and
the parameters of the factual adapter are trainable
and initialized randomly. The model is trained
with cross-entropy loss. To accelerate the training
process, we set the max sequence length as 64 as
the average sequence length of T-REx-rc is only
22.8. We train the model for 5 epochs using a
batch size of 128. We use AdamW to optimize our
models with the initial learning rate of 2e-5. We
train the model with 4 16G NVIDIA V100 GPUs.

B.2 Linguistic Adapter
Same as the training process of the factual adapter,
the pre-trained model is fixed during training and
the parameters of the linguistic adapter are trainable
and initialized randomly. The model is trained with
BCEWithLogits loss. We set the max sequence
length as 128. We train the model for 10 epochs
using a batch size of 256. We use AdamW with
the initial learning rate of 1e-5. We train the model
with 4 16G NVIDIA V100 GPUs.

C Applying K-adapter on Downstream
Tasks

For the downstream tasks, the key point here is
the combination of the pre-trained model’s rep-
resentations and adapter’s representations, that is
to say: leveraging the general information of the
pre-trained model on one hand, and the specific
knowledge in the adapter on the other. To use
K-ADAPTER for downstream tasks is very sim-
ple as shown in Figure 5. Usually, when we use
pre-trained language models such as BERT and
RoBERTa for downstream tasks, we feed the out-
put features from the pre-trained model into the
task-specific layer, and then do the corresponding
downstream task. As for the K-ADAPTER, we fine-
tune it just like what the orginal BERT or RoBERTa
does. We concatenate the output features of the pre-
trained model with the features of the adapter, and
then feed them to the task-specific layer.

1415



Corpus Models

ELMo ELMo5.5B TransformerXL BERT-large RoBERTaLARGE K-APDATER

LAMA-Google-RE 2.2 3.1 1.8 12.1 4.8 7.0
LAMA-UHN-Google-RE 2.3 2.7 1.3 6.5 2.5 3.7

LAMA-T-REx 0.2 0.3 19.5 33.9 27.1 29.1
LAMA-UHN-T-REx 0.2 0.2 12.6 26.2 20.1 23.0

Table 7: P@1 on LAMA and LAMA-UHN across Google-RE and T-REx corpora.

Pre-trained Language Model (PTM)

Input:

Adapter
Intermediate

Representaions

Fusion

Pre-training Task

Task-specific Layer

PTM
 Representations
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Figure 3: An overview of our K-ADAPTER to inject specific knowledge by training a knowledge-specific adapter
on the pre-training task.

D Dataset statistics

In Table 8, we present the statistics of one rela-
tion classification dataset TACRED, and two entity
typing datasets OpenEntity and FIGER. In Table
9, we present the statistics of one commonsense
QA dataset CosmosQA and two open-domain QA
datasets SearchQA and Quasar-T.

Dataset Train Dev Test Relation/Type

TACRED 68,124 22,631 15,509 42

Open Entity 2,000 2,000 2,000 6
FIGER 2,000,000 10,000 563 113

Table 8: The statistics of the relation classification
dataset TACRED and entity typing datasets, i.e., Open
Entity and FIGER.

E Fine-tuning Details

We implement our experiments using Hugging-
face4. For all fine-tuning experiments, we use
AdamW as the optimizer. The parameters of
adapters are fixed during the fine-tuning process

4https://github.com/huggingface/transformers

Dataset Train Dev Test

CosmosQA 25,588 3,000 7,000

SearchQA 99,811 13,893 27,247
Quasar-T 28,496 3,000 3,000

Table 9: The statistics of the question answering
datasets, i.e., CosmosQA, SearchQA and Quasar-T.

and the parameters of RoBERTa are trainable and
initialized from Huggingface checkpoint. We se-
lect the best hyperparameters on the validation set.
For all experiments, we set the random seed to be
42 for reproductibility.

E.1 Entity typing
For Open Entity dataset, we set the max sequence
length to be 256 and select the hyperparameters
from batch size: {4, 8}, learning rate: {2e-5, 1e-
5, 5e-6} and warmup step: {0, 200, 500, 1000,
1200}. For K-ADAPTER (F), the best performance
is achieved at batch size=4, lr=5e-6, warmup=500
(it takes about 2 hours to get the best result run-
ning on singe 16G P100). For K-ADAPTER (L),
the best performance is achieved at batch size=4,
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Figure 4: An example of using relation classification as a pre-training task to inject knowledge into K-ADAPTER:
given “Barack Obama was born in Honolulu”, and then predicts the relationship between “Barack Obama” and
“Honolulu” is “Birth-of-place”.
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Figure 5: Fine-tuning K-ADAPTER just like what the original RoBERTa or BERT does.

lr=5e-6, warmup=1000 (it takes about 2 hours to
get the best result running on singe 16G P100).
For K-ADAPTER (F+L), the best performance is
achieved at batch size=4, lr=5e-6, warmup=1000
(it takes about 3 hours to get the best result running
on singe 16G P100). For FIGER dataset, we run ex-
periments on 4 16G P100 for 3 epochs, set the max
sequence length to be 256, and select the hyperpa-
rameters from batch size: {64, 512, 2048}, learn-
ing rate: {2e-5, 1e-5, 5e-6} and warmup step: {0,
200, 500, 1000, 1200}. For K-ADAPTER (F), the
best performance is achieved at batch size=2048,
lr=5e-6, warmup=500. For K-ADAPTER (L), the
best performance is achieved at batch size=2048,
lr=5e-6, warmup=200. For K-ADAPTER (F+L), the
best performance is achieved at batch size=2048,
lr=5e-6, warmup=1000.

E.2 Question Answering

For CosmosQA dataset, we run experiments on one
single 16G P100 for 3 epochs, set the max sequence

length to be 256, and select the hyperparameters
from batch size: {16, 32, 64, 128}, learning rate:
{2e-5, 1e-5, 5e-6} and warmup step: {0, 200, 500,
800, 1000}. For K-ADAPTER (F+L) and its ablated
models, the best performance is achieved at batch
size=64, lr=1e-5, warmup=0 (it takes about 8 hours
to get the best result).

For SearchQA dataset, we run experiments on
one single 16G P100 for 2 epochs, set the max
sequence length to be 128, and select the hyperpa-
rameters from batch size: {2, 4, 8, 16}, learning
rate: {5e-5, 2e-5, 1e-5, 5e-6} and warmup step: {0,
500, 1000}. For K-ADAPTER (F+L) and its ablated
models, the best performance is achieved at batch
size=8, lr=5e-6, warmup=0. For Quasar-T dataset,
we run experiments on one single 16G P100 for 5
epochs, set the max sequence length to be 256, and
select the hyperparameters from batch size: {2, 4,
8, 16}, learning rate: {5e-5, 2e-5, 1e-5, 5e-6} and
warmup step: {0, 500, 1000}. For K-ADAPTER

(F+L) and its ablated models, the best performance
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is achieved at batch size=16, lr=1e-5, warmup=0.

E.3 Relation Classification
For TACRED dataset, we run experiments on 4
16G P100 for 5 epochs, set the max sequence length
to be 184, and select the hyperparameters from
batch size: {4, 8, 16, 32}, learning rate: {2e-5,
1e-5, 5e-6, 1e-6} and warmup step: {0, 200, 500,
800, 1000, 1200}. For K-ADAPTER (F), the best
performance is achieved at batch size=32, lr=1e-
5, warmup=500. For K-ADAPTER (L), the best
performance is achieved at batch size=32, lr=1e-5,
warmup=200. For K-ADAPTER (F+L), the best
performance is achieved at batch size=32, lr=5e-6,
warmup=1000.

E.4 Probing Experiments
We implement our probing experiments us-
ing LAMA5. When we infuse knowledge into
knowledge-specific adapters, we do not change
the original parameters of the pre-trained model
and thus do not adopt the masked language model
(MLM) as a pre-training task. Therefore, before
we conduct probing experiments, we need to add
and train a linear layer as the mlm layer for pre-
dicting the [MASK] entities. Specifically, we fix
all the parameters of K-ADAPTER and only update
the parameters of the mlm layer using a masked
language modeling (MLM) loss. We adopt the raw
WikiText-2 dataset (181M). We train the mlm layer
with one single 16G P100 for 2 epochs. We set the
max sequence length to be 512, batch size to be
1024 and warmup step to be 0.

5https://github.com/facebookresearch/LAMA
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Abstract
Recent progress has been made in using BERT
framework for Chinese spelling error correc-
tion (CSC). However, most existing methods
correct words based on local contextual in-
formation, without considering the influence
of error words in sentences. Imposing at-
tention on error contextual information could
mislead and decrease the overall performance
of CSC. To address this issue, we propose
a Global Attention Decoder (GAD) approach
for CSC. Specifically, the proposed method
learns the global relationship of the poten-
tial correct input characters and the candi-
dates of potential error characters. Rich
global contextual information is obtained to
alleviate the impact of the local error contex-
tual information. In addition, a BERT with
Confusion set guided Replacement Strategy
(BERT CRS) is designed to narrow the gap
between BERT and CSC. The candidates gen-
erated by BERT CRS covering the correct
character with more than 99.9% probability.
To demonstrate the effectiveness of our pro-
posed framework, we test our method on three
human-annotated datasets. The experimental
results show that our approach outperforms all
competitor models by a large margin of up to
6.2%, achieving state-of-the-art methods on all
datasets.

1 Introduction

Spelling error correction plays an important
role in NLP domain. A good spelling error sys-
tem is the key to improve the performance of
upper-layer applications. Spelling error correc-
tion aims to detect and correct erroneous charac-
ters/words. These spelling errors are mainly from
human writing, speech recognition and optical char-
acter recognition (OCR) (Afli et al., 2016) systems.
In Chinese, erroneous type is usually from charac-
ter/word’s phonological, visual and semantic sim-
ilarity. According to (Cheng et al., 2020), about

Input 餐厅的换经费产适合约会
The restaurant’s swap property is suitable
for dates

BERT CRS 餐厅的环经非常适合约会
The restaurant’s ring is perfect for dates

+GAD 餐厅的环境非常适合约会
The restaurant environment is perfect for
dates

Table 1: A sample data from SIGHAN 2014 (Yu et al.,
2014), the incorrect and correct characters marked in
red and green color respectively. Since ”经” is highly
related to ”费” in its context, BERT CRS is difficult to
correct. GAD method learns the global relationship be-
tween ”环” and ”境” in candidates of input error char-
acters ”换” and ”经” respectively (see Fig.1). Rich
global contextual information is learned to alleviate the
impact of the local noisy contextual information.

83% and 48% of errors are related to phonolog-
ical and visual similarity respectively. Although
lots of researches have made great progress, Chi-
nese spelling error correction (CSC) still remains a
challenging task. Moreover, because the Chinese
is composed of pictographic characters without
word delimiters, methods from the languages like
English can hardly be used for the Chinese. In ad-
dition, the meaning of same character in different
contexts may change greatly.

Many methods have been proposed for CSC
task, which are mainly divided into two categories:
1) based on language models (Yeh et al., 2013; Yu
and Li, 2014; Xie et al., 2015); 2) based on seq2seq
model (Wang et al., 2019, 2018). Specially, with
the emerge of the pre-trained BERT model, many
methods (Hong et al., 2019; Zhang et al., 2020;
Cheng et al., 2020) are proposed and made great
progress. Almost all methods leveraged a confu-
sion set, which contains a set of similar character
group in terms of phonological and visual. Specifi-
cally, (Yu and Li, 2014) proposed to generate can-
didates based on confusion set and find the best
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Figure 1: The framework of our proposed global attention decoder method. To illustrate the effectiveness of our
model, error words and detection probability are marked with red. For instance ”换经费产” and corresponding
error detection probability in bottom right. Attention weights are represented with color shade in right.

candidate with highest language model probabil-
ity. (Cheng et al., 2020) introduced a convolutional
graph network that captures similarity and prior de-
pendencies among characters using confusion set.
(Wang et al., 2019) proposed a pointer network to
generate a character from the confusion set. Previ-
ous methods predict each character or word based
on its local context that may has noisy information
(other errors). So far, no method has been proposed
to alleviate the impact of this noisy information.

In this paper, we firstly introduced a BERT
with confusion set guided replacement strategy
(BERT CRS), that narrows the gap between BERT
and CSC task. Then, we proposed a novel global
attention decoder (GAD) based on our BERT CRS
model (see Fig.1), which learns rich global con-
textual representations to alleviate the influence of
the error contextual information during correction.
Specifically, in order to solve the impact of the
local error contextual information, we introduce
additional candidates of potential error characters
and hidden state generated by BERT CRS. Next,
global attention component learns the relationships
of candidates to obtain the global hidden state and
latent global attention weights of candidates. Then,
weighted sum operator is adopted among candi-
dates of each character to generate a rich global
contextual hidden state. Finally a fully-connected
layer to generate the correct characters. As shown
in Table.1, Our proposed method is able to correct
all spelling errors correctly. It is worthwhile to
highlight the following aspects for the proposed

approach:

• To narrows the gap between BERT and CSC,
we introduce a BERT with confusion set
guided replacement strategy, that contains a
decision network and a fully-connected layer
to simulate the detection and correction sub-
tasks of CSC respectively.

• We proposed a global attention decoder model,
which learns the global relationships of the
potential correct input characters and the can-
didates of potential error characters. Rich
global contextual information is learned to ef-
fectively alleviate the influence of local error
contextual information.

• Experiments on the three benchmark datasets
demonstrate that our method outperforms the
state-of-the-art methods by a large margin of
up to 6.2%.

2 Related Work

There is a vast prior research on Chinese
spelling error correction (CSC) task so far. Next,
We will discuss the algorithms in different periods.

N-gram period. Early research in CSC fol-
low the pipeline of error detection, candidate gener-
ation and candidate selection. Almost all proposed
methods (Yeh et al., 2013; Yu and Li, 2014; Xie et
al., 2015; Tseng et al., 2015) employed an unsuper-
vised n-gram language model to detect errors. Next,
a confusion set which is an external knowledge of
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the similarity between characters is introduced to
confine the candidates. Finally, the best candidate
with highest n-gram language model probability
is considered as correction character. Specifically,
(Yeh et al., 2013) proposed an inverted index based
n-gram to map the potential spelling error character
to the corresponding characters. (Xie et al., 2015)
utilizes the confusion set to replace the characters
and then evaluates the modified sentence via a joint
bi-gram and tri-gram language model. In (Jia et al.,
2013; Xin et al., 2014), a graph model is used to
represent the sentence and a single source shortest
path (SSSP) algorithm is performed on the graph
to correct spell errors. The others viewed it as
a sequential labeling problem and employed con-
ditional random fields or hidden Markov models
(Tseng et al., 2015; Wang et al., 2018).

Deep learning period. With the development
of deep learning methods (Vaswani et al., 2017;
Zhang et al., 2020; Hong et al., 2019; Wang et al.,
2019; Song et al., 2017; Guo et al., 2016), great
progress has been made in all NLP tasks. BERT
(Devlin et al., 2018), XLNET (Yang et al., 2019),
and Roberta (Liu et al., 2019), and ALBERT (Lan
et al., 2019) achieve superior performance in almost
all NLP task. Confusion set is still an important
part in recent research for CSC task, but more up-
grades have been made. Specifically, in (Hong et
al., 2019), a pre-trained masked language model is
employed as encoder. A confidence-similarity de-
coder utilizes similarity score to select candidates
instead of the confusion set. (Vaswani et al., 2017)
proposed a specialized graph convolutional net-
work to incorporate phonological and visual sim-
ilarity knowledge into BERT model. In (Zhang
et al., 2020), a GRU based detection network is
introduced and connected with BERT based cor-
rection network by a soft-masking technique. The
others (Wang et al., 2019) employed a Seq2Seq
model with copy mechanism, which generates a
new sentence considering the extra candidates from
confusion set.

3 The Proposed Approach

In this section, firstly, the problem formulation
is elaborated. Then, we briefly describe how to
narrow the gap between BERT (Devlin et al., 2018)
and Chinese spelling error correction (CSC) using
our BERT CRS model. Finally, we introduce our
novel global attention decoder (GAD) framework.

3.1 Problem Formulation

CSC aims to detect and correct errors
in Chinese text. Given a sequence X =
{x1, x2, · · · , xn}, n denotes the number of charac-
ters, our BERT CRS model encodes it into a contin-
uous representation space V = {v1,v2, · · · ,vn},
vi ∈ Rd is the contextual level feature of the i-
th character, and it is d-dimensional. Here a de-
cision network Φd models V to fit a sequence
Z = {z1, z2, · · · , zn}, where zi denotes the de-
tection label of the i-th character, and zi=1 means
the character is incorrect and zi=0 means it is
correct. A fully-connected layer on the top of
BERT CRS as correction network Φc models V
to fit a sequence Y = {y1, y2, · · · , yn}, where yi
is the correction label of the i-th character. In-
stead of a simple fully-connected layer as a de-
coder, our GAD models the additional candidates
c = {c1, c2, · · · , cn} to alleviate the impact of lo-
cal error contextual information, where c represents
the potential correct input characters and the candi-
dates of potential error characters and:

ci =

{
ci1, ci2, · · · , cik, if P (zi = 1) ≥ t
xi, if P (zi = 1) < t

(1)

where k is the number of candidates. t is the thresh-
old of error probability for characters.

3.2 BERT CRS approach for CSC

In this section, we take advantage of previ-
ous models (Devlin et al., 2018; Liu et al., 2019;
Cui et al., 2020) and introduce a replacement strat-
egy using confusion set that narrows the gap be-
tween BERT and CSC model. There we call this
model as BERT CRS (BERT with Confusion set
guided Replacement Strategy). Unlike BERT tasks,
BERT CRS has several modifications.

• We drop NSP task and adopt a decision net-
work for detecting error information, that is
similar to detection sub-task of CSC.

• As MacBERT (Cui et al., 2020), instead of
masking with [MASK] token, we introduce
confusion set guided replacement strategy
by replacing phonological and visual similar
character for masking purpose. Rarely, when
there is no confusion character, we will main-
tain [MASK] token. The strategy similar to
correction sub-task of CSC
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• We use 23% of input characters for masking.
To keep the balance of detection targets (0
for un-replacement, 1 for replacement), we
set 35%, 30%, 30%, 5% probability for un-
masking, replacing with confusion character,
masking with [MASK] token and replacing
with random word respectively. Calculated,
the replacing and masking probabilities are ap-
proximately the same as masking probabilities
of BERT.

With model trained by confusion set guided replace
strategy, the top-k candidate characters are almost
from the confusion set. That prepares for our GAD
model.

Learning. Similar to RoBERTa (Liu et al.,
2019), confusion set guided replace strategy uses a
dynamic approach during training. Error detection
and correction is optimized simultaneously in the
learning process.

Ld = −
n∑

i=1

logP (zi|Φd(V)) (2)

Lc = −
n∑

i=1

logP (yi|Φc(V)) (3)

L = Lc + λ ∗ Ld (4)

where Ld and Lc is the objective of detection
and correction loss respectively, L is the overall
objective that linearly combines Ld and Lc, and
λ ∈ [0, 1] denotes the coefficient of detection loss
Ld. Specially, λ = 0 represents that detection loss
is not considered.

3.3 Global Attention Decoder
In this paper, we propose an global attention

decoder (GAD) model to alleviate the impact of
the local error contextual information. Our GAD is
an extension of transformer layer (Vaswani et al.,
2017), shown in Fig.2.

Self Attention. Relatively, the self-attention
mechanism is part of the transformer layer, which
takes the output of previous transformer layer or
input embedding layer as input to obtain the hid-
den states with higher semantic representation, as
shown in left part of Fig.1. Token representation
VAl

i at i-th position of l-th layer in self-attention
method is defined as below:

VAl
i =

n∑

p=1

apiV
l−1
p WV (5)

Word 
Embedding

cV

Feed Forward

Dense

Add & Norm

Global 
Attention

Add & Norm

Add & Norm

Figure 2: The global attention decoder architecture.

where api is the attention weight from i-th to p-
th token, and

∑n
p=1 ai = 1, Vl−1

p is the p-th to-
ken representation of (l-1)-th layer, WV is a learn-
able projection matrix. This strategy could effec-
tively encode rich token and sentence-level features.
However, spelling error information also encoded
into hidden states for CSC. Then, Imposing atten-
tion on error contextual information could mislead
and decrease the overall performance of CSC.

Global Attention. Instead of using only local
input information (see Eq.5), we consider potential
correct inputs and the candidates of potential error
characters to learn their latent relationships, that
alleviate the influence caused by local error context.
Specifically, as shown in Fig.2, we consider two
input sources:

• Contextual representation V, that contains
rich semantic information

• Top-k candidates c generate by Φc correction
network. To reduce the confusion of our GAD
during learning, we only generate candidates
for the potential error characters (see Eq.1).

To model the two different information, we first
embed candidates into continuous representation
using the word embedding E from BERT CRS.
Then, dense and layer-norm layers are introduced
to model V and E(c) into input state GI:

GI = LayerNorm(Dense(V) + E(c)) (6)
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Our global attention is introduced to learn the latent
relationships between candidates c. Token repre-
sentation GAi,j at j-th candidate of i-th token of
global attention component is defined as below:

GAi,j =

n∑

p=1

k∑

q=1

ap,qi,jGIp,qW
V
g (7)

where WV
g is a learnable projection matrix and

ap,qi,j is the attention weight from j-th candidate of
i-th token to q-th candidate of p-th token, GIp,q
denotes the input state of q-th candidate from p-
th token. Masking strategy is adopted between
candidates from the same token.

ap,qi,j = 0, if i = p & j 6= q (8)

and
∑n

p=1

∑k
q=1 a

p,q
i,j = 1. Finally, the global at-

tention state GAi at i-th position of of global at-
tention component is defined as below:

GAi =

k∑

j=1

βi,jGAi,j

εi,j =

n∑

p=1

k∑

q=1

εp,qi,j

βi,j =
exp(εi,j)∑k
q=1 exp(εi,q)

(9)

where βi,j is the global attention weight at j-th
candidate of i-th token which quantifies the global
relevance of feature GAi,j , ε

p,q
i,j and εi,j denote

the unnormalized relevant scores of ap,qi,j and βi,j
respectively. Similar to standard transformer layer,
feed forward and layer normalization to encode
GA into final global continuous representation.
Moreover, We adopt the multi-head technique used
in the transformer layer in our global attention.

Learning. Given hidden states V and can-
didates c generated by our BERT CRS, our GAD
model fit the correct sequence Y in the learning
process.

Lg = −
n∑

i=1

logP (yi|Φg(V)) (10)

where Φg is our GAD network and Lg denotes our
overall objective of GAD

4 Experiments

In this section, we evaluate our algorithm on
the task of Chinese spelling error correction (CSC).

Training Data # Sent Avg.Len
UnLabeled corpus 3 million -
(Wang et al., 2018) 271,329 44.4
SIGHAN 2013 350(350) 49.2
SIGHAN 2014 6,526(3432) 49.7
SIGHAN 2015 3,174(2339) 30.0
Total Labeled 281,379 44.4
Test Data # sent Avg.Len
SIGHAN 2013 1000(996) 74.1
SIGHAN 2014 1062(529) 50.1
SIGHAN 2015 1100(550) 30.5

Table 2: Statistics of datasets. The number in the
bracket in #Sent column is the count of erroneous sen-
tences

We first present the training data, test data and
the evaluation metrics. Secondly we introduce our
main results compared with previous state-of-the-
art baselines. Then we conduct ablation studies to
analyze the effectiveness of the proposed compo-
nents. Finally, case study are explored.

4.1 Datasets
We consider three publicly available SIGHAN

datasets from the 2013 (Wu et al., 2013), 2014 (Yu
et al., 2014) and 2015 (Tseng et al., 2015) Chinese
Spell Check Bake-offs. Following (Cheng et al.,
2020), we adopted the standard split of training
and test data of SIGHAN. We also follow the same
data pre-processing, that converted the characters
in dataset from traditional Chinese to simple Chi-
nese using OpenCC1.

For training dataset, we also collect 3 million
unlabeled corpus from news, wiki and encyclope-
dia QA domains to pre-train our BERT CRS model.
Following (Wang et al., 2019), we also include ad-
ditional 271K samples as the labeled training data,
which are generated by an automatic method (Wang
et al., 2018). The statistics of the data is showed in
Table.2

4.2 Baselines
To evaluate the performance of our proposed

algorithm, we compare it with following baseline
methods.

• JBT (Xie et al., 2015): This method utilizes
the confusion set to replace the characters and
then evaluates the modified sentence via a
Joint Bi-gram and Tri-gram LM.

• Hybird (Wang et al., 2018): This method pro-
poses a pipeline where a bidirectional LSTM

1https://github.com/BYVoid/OpenCC
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Test Set Model Detection Level Correction Level
Pre.(%) Rec.(%) F1(%) Pre.(%) Rec.(%) F1(%)

SIGHAN13

JBT (Xie et al., 2015) 79.8 50.0 61.5 77.6 22.7 35.1
Hybird (Wang et al., 2018) 54.0 69.3 60.7 - - 52.1
Seq2Seq (Wang et al., 2019) 56.8 91.4 70.1 79.7 59.4 68.1
SpellGCN (Cheng et al., 2020) 82.6 88.9 85.7 98.4 88.4 93.1
BERT (Cheng et al., 2020) 80.6 88.4 84.3 98.1 87.2 92.3
BERT CRS 85.5 89.2 87.3 98.9 88.5 93.4
+GAD 85.8 89.5 87.6 99.0 88.6 93.5

SIGHAN14

JBT (Xie et al., 2015) 56.4 34.8 43.0 71.1 50.2 58.8
Hybird (Wang et al., 2018) 51.9 66.2 58.2 - - 56.1
Seq2Seq (Wang et al., 2019) 63.2 82.5 71.6 79.3 68.9 73.7
SpellGCN (Cheng et al., 2020) 83.6 78.6 81.0 97.2 76.4 85.5
BERT (Cheng et al., 2020) 82.9 77.6 80.2 96.8 75.2 84.6
BERT CRS 84.6 81.2 82.9 97.4 79.3 87.4
+GAD 85.1 80.9 82.9 98.0 79.2 87.6

SIGHAN15

JBT (Xie et al., 2015) 83.8 26.2 40.0 71.1 50.2 58.8
Hybird (Wang et al., 2018) 56.6 69.4 62.3 - - 57.1
Seq2Seq (Wang et al., 2019) 66.8 73.1 69.8 71.5 59.5 69.9
SpellGCN (Cheng et al., 2020) 88.9 87.7 88.3 95.7 83.9 89.4
BERT (Cheng et al., 2020) 87.5 85.7 86.6 95.2 81.5 87.8
BERT CRS 88.1 87.9 88.0 96.1 84.4 89.9
+GAD 88.6 87.8 88.2 96.3 84.6 90.1

Table 3: The character level performance on both detection and correction level. Our BERT CRS model achieves
similar performance compared with previous state-of-the-art models. Our GAD model achieves better perfor-
mance.

based sequence labeling model is adopted for
detection.

• Seq2Seq (Wang et al., 2019): This method in-
troduces a Seq2Seq model with a copy mech-
anism to consider the extra candidates from
the confusion set.

• FASpell (Hong et al., 2019): This model
changes the paradigm by utilizing the simi-
larity metric to select candidate instead of a
pre-defined confusion set.

• Soft-Masked BERT (Zhang et al., 2020): This
method proposes a detection network, which
connected error correction model by a soft-
masking technique.

• SpellGCN (Cheng et al., 2020): This model
incorporate phonological and visual similarity
knowledge into language models for CSC via
a specialized graph convolutional network.

• BERT (Devlin et al., 2018): The word embed-
ding on the top of BERT as correction decoder
for the CSC task.

4.3 Implementation Details
Training Details. Our code is based on the

repository of Transformers2. We first fine-tune
2https://github.com/huggingface/transformers

our BERT CRS model in 3 million unlabeled cor-
pus based on the pre-trained whole word masking
BERT3. The procedure runs 5 epochs with a batch
size of 1024, learning rate of 5e-5 and max se-
quence length of 512. Then, we performed the
fine-tuning process for our BERT CRS model in
all labeled training data with 6 epochs, a batch
size of 32 and a learning rate of 2e-5. Next we
fix our BERT CRS model, and set the number of
candidates k and error detection probability t as
4 and 0.25 respectively. Finally we fine-tune our
GAD model with 3 epochs, a batch size of 32 and a
learning rate of 5e-5. For SIGHAN 13 dataset, we
performed additional fine-tune steps for 6 epochs
as the data distribution in SIGHAN13 differs from
other datasets, e.g. ”的”, ”得” and ”地 are rarely
distinguished.

Evaluation Metrics. To evaluate the perfor-
mance, we employ character and sentence-level ac-
curacy, precision, recall and F1 followed by (Cheng
et al., 2020), which are commonly used in the CSC
task. In addition, we introduce the official eval-
uation metrics tool4, which gives False Positive
Rate (FRT), precision, recall, F1 and accuracy in
sentence level.

3https://github.com/ymcui/Chinese-BERT-wwm
4http://nlp.ee.ncu.edu.tw/resource/csc.html
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Test Set Model Detection Level Correction Level
Pre.(%) Rec.(%) F1(%) Pre.(%) Rec.(%) F1(%)

SIGHAN13

FASpell (Hong et al., 2019) 76.2 63.2 69.1 73.1 60.5 66.2
SpellGCN (Cheng et al., 2020) 80.1 74.4 77.2 78.3 72.7 75.4
BERT (Cheng et al., 2020) 79.0 72.8 75.8 77.7 71.6 74.6
BERT CRS 84.8 79.5 82.1 83.9 78.7 81.2
+GAD 85.7 79.5 82.5 84.9 78.7 81.6

SIGHAN14

FASpell (Hong et al., 2019) 61.0 53.5 57.0 59.4 52.0 55.4
SpellGCN (Cheng et al., 2020) 65.1 69.5 67.2 63.1 67.2 65.3
BERT (Cheng et al., 2020) 65.6 68.1 66.8 63.1 65.5 64.3
BERT CRS 65.4 72.7 68.9 63.4 70.4 66.7
+GAD 66.6 71.8 69.1 65.0 70.1 67.5

SIGHAN15

FASpell (Hong et al., 2019) 67.6 60.0 63.5 66.6 59.1 62.6
Soft-Masked BERT (Zhang et al., 2020) 73.7 73.2 73.5 66.7 66.2 66.4
SpellGCN (Cheng et al., 2020) 74.8 80.7 77.7 72.1 77.7 74.8
BERT (Cheng et al., 2020) 73.7 78.2 75.9 70.9 75.2 73.0
BERT CRS 74.0 80.2 77.2 72.2 77.8 74.8
+GAD 75.6 80.4 77.9 73.2 77.8 75.4

Table 4: The sentence level performance on both detection and correction level. Specially, SpellGCN (Cheng et al.,
2020) reports correction level F1 as 75.9 in SIGHAN15. However, 74.8 is calculated by corresponding precision
and recall. There the latter value is reported in the table.

4.4 Main Results

We compare our model with the state-of-the-
art methods on the three test datasets, and the re-
sults are shown in Tab.3 and Tab.4, that compared
the results in character-level and sentence level
respectively. BERT CRS outperforms almost all
methods in three datasets, and combined with GAD
achieving the best performance. Specifically, under
the same amount labeled training data, for charac-
ter level metric, our method gains the improvement
against previous best results (SpellGCN) are 0.4%,
2.1%, 0.7% respectively for correction level F1
metric. For sentence level score, our model outper-
form SpellGCN by a margin of 6.2%, 2.2%, 0.6%
respectively for correction level F1 metric. In addi-
tion, Soft-Masked BERT uses 5 million examples
that generate by replaced strategy for extra training
data. our method outperforms it by a large margin
in SIGHAN15 test dataset.

We further consider the official evaluation re-
sults of BERT CRS and GAD to compete with
BERT and SpellGCN in SIGHAN15, shown in
Tab.6. Our proposed BERT CRS+GAD achieving
better performance than SpellGCN by a margin of
0.2% for correction level F1 metric. In addition,
the FPR are 13.1% (BERT CRS+GAD) v.s. 13.2%
(SpellGCN).

4.5 Ablation Studies

In this sub-experiment, we explore the impact
of several components, including the coefficient λ
and learning rate lr in BERT CRS and the effective
parameter k that is the number of candidates in

Model Parameters Value F1(%)

BERT CRS
λ

1 72.0
0.5 73.4
0.1 74.8

lr
2e-5 74.8
5e-5 74.6

GAD k
3 75.4
4 75.1
5 74.7

Table 5: The effect of parameters in BERT CRS and
GAD for correction level F1 metric on SIGHAN15.

GAD
The Effect of BERT CRS. Our BERT CRS

introduces confusion set guided replacement strat-
egy using BERT model. Compared with BERT
model, for character level metric in Table.3,
BERT CRS improves the performance by a margin
6.6%, 2.5%, 1.8% respectively for correction level
F1. For sentence level metric in Table.4, we achiev-
ing the scores 81.2% (BERT CRS) v.s. 74.6%
(BERT) on SIGHAN 13, 66.7% (BERT CRS)
v.s. 64.3% (BERT) on SIGHAN 14 and 74.8%
(BERT CRS) v.s. 73.0% (BERT) on SIGHAN 15.

We also show the effect of coefficient λ and
learning rate during fine-tuning in all labeled datas,
shown in Tabel.5. First we fix learning rate as 2e-5
and tune λ ∈ [0.1, 0.5, 1] on SIGHAN15. When
λ=0.1, the best performance is achieved. In addi-
tion, big variation is shown with different λ, That is
to say, if more attention of detection loss, the perfor-
mance is unsatisfactory. The reason of the situation
may be caused by the imbalance of detection label
during the fine-tuning process. In the following
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Model FPR Detection Level Correction Level
Acc. Pre.(%) Rec.(%) F1(%) Acc. Pre.(%) Rec.(%) F1(%)

SpellGCN (Cheng et al., 2020) 13.2 83.7 85.9 80.6 83.1 82.2 85.4 77.6 81.3
BERT (Cheng et al., 2020) 13.6 83.0 85.9 78.9 82.3 81.5 85.5 75.8 80.5
BERT CRS 14.0 83.1 85.1 80.2 82.6 81.9 84.8 77.8 81.1
+GAD 13.1 83.6 86.0 80.4 83.1 82.4 85.6 77.8 81.5

Table 6: The sentence level performance evaluated by official tools on SIGHAN 2015. The smaller FPR score
indicates the better performance.

experiments, we set λ=0.1. We tune learning rate
from [2e-5, 5e-5]. When 2e-5 is adopted, the better
performance is achieved. We set learning rate equal
to 2e-5 during experiments.

The Effect of GAD When combined with
GAD in BERT CRS model, the performance is
improved under character and sentence level met-
ric, shown in Tabel.3 and Tabel.4. Specifically, for
sentence level metric, BERT CRS+GAD outper-
form BERT CRS by a margin of 0.4%, 0.8% and
0.6% respectively for correction level F1 metric.

We also study the impact of candidate num-
ber k. Since k is the key parameter which deter-
mines the coverage of correct character in candi-
dates, it affects the performance of our algorithm.
We study the performance variance with different
k ∈ [3, 4, 5] on SIGHAN15. Shown in Tabel.5,
more candidates may degrade the performance. Ac-
cording to statistics, there are 161,365 error charac-
ters in all test data and 106, 75, 64 not in candidates
for k equal to 3, 4, 5 respectively. The candidates
generated by BERT CRS model have 99.9% prob-
ability covering the correct character. Consider
the trade-off between cover rate of candidates and
performance, We set k = 4 in our experiments.

4.6 Case Study

To further analyze our approach, we show
some correction results on test data (see Table.7).
In Table.7, three categories of spelling error are
selected: 1) Continuous characters error; 2) Single
character error; 3) No character error. For Contin-
uous characters error instance, ”介绍” (introduce)
was misspelled as ”借少” (borrow less). Due to
the influence of error characters, BERT CRS is
difficult to correct them all correctly. However,
BERT CRS+GAD alleviates the impact of the local
error contextual to correct them all correctly. For
single character error instance, ”抱” (pick up) was
misspelled as ”包” (pack). Our BERT CRS+GAD
can also learns richer global contextual informa-
tion to correct it than BERT CRS. Here it has the
same meaning of ”提议” (suggestion) and ”建议”

Continuous characters error
...语言。去外国可以认识很多的人，就可以借少
...语言。去外国可以认识很多的人，就可以借绍
...语言。去外国可以认识很多的人，就可以介绍

... you can meet a lot of people abroad, and introduce
these languages.

Single character error
我把小猫抱起来，赶紧包出去到马路边求救...
我把小猫抱起来，赶紧跑出去到马路边求救...
我把小猫抱起来，赶紧抱出去到马路边求救...
I picked up the kitten and hurried out to the side

of the road for help.
No character error

...课堂之前可以先有一些提议或许参考的资料...

...课堂之前可以先有一些建议或许参考的资料...

...课堂之前可以先有一些提议或许参考的资料...
Some suggestions or reference materials can be

available before the class.

Table 7: Examples of CSC results, the incorrect and
correct characters marked in red and green respectively.
The first line in the block is input sentence. The sec-
ond and third line is corrected by BERT CRS and
BERT CRS+GAD respectively. And the rest is the En-
glish translation of the correct sentence.

(suggestion) in no character instance, BERT CRS
miscorrects it. These cases prove that our GAD can
learn rich global contextual information to alleviate
the impact of the local error contextual for CSC.

We also showed some incorrect case to fur-
ther analyze our model. For example, for the sen-
tence ”希望您帮我素取公平，得到他们适当的
赔偿”(I hope you can help me x for justice and
get proper compensation from them) where the in-
correct word ’x’ is not comprehensible, our GAD
changes ”素取”(x) to ”争取”(strive for) that is
appropriate in the context, but ground-truth ”诉
取”(sue for) is more suitable because the context
contains the meaning of litigation. Our GAD model
also lacks the inference ability of context strong
correlation as described in (Zhang et al., 2020).

5 Conclusions

In this paper, we propose a novel global at-
tention decoder (GAD). Condition on the potential
correct input characters and the candidates of po-
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tential error characters, GAD reforms the self atten-
tion mechanism to learn their global relationships
and obtains the rich global contextual information
to alleviate the influence caused by error context.
In addition, a BERT with Confusion set guided
Replacement Strategy (BERT CRS) is designed to
narrow the gap between BERT and spelling error
correction. Experimental results on three datsets
show that our BERT CRS outperform almost all
previous state-of-the art methods, and higher per-
formance is obtained by combining with our GAD.
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Abstract

Rhetorical implicit emotion identification is
one of important and challenging tasks in nat-
ural language processing. We observe that
each rhetoric may express certain evidence of
semantic and syntactic patterns. Then, we
design a gate mechanism based classification
module to capture respective rhetorical repre-
sentation and identify each rhetoric. More-
over, sentences carved with rhetoric tends to
express emotions in subtle ways. We thus pro-
pose a new multi-task learning framework that
can encode the categorical correlation between
tasks to improve the performance of rhetoric
and emotion identification problem. Experi-
mental results validate the benefit of the pro-
posed model over state-of-the-art baselines for
rhetoric and emotion identification tasks. In
addition, a new Chinese rhetorical implicit e-
motion dataset was constructed and will be re-
leased in this work.

1 Introduction

Rhetoric is formed by decorating the semantic-
s and adjusting the structure of sentences in tex-
t (Kennedy, 2009; Wang, 2013). The sentences that
express implicit emotions via rhetorics are com-
monly used in literary works and spiritual user re-
views. They tend to express semantics at a high
cognitive level and convey emotions in an obscure
way. The example sentence below actually express-
es the emotion of “love” and meanwhile consists
of two rhetoric forms of parallelism and simile.

宽容是一块块木板，可以架起人与人之间的

桥梁；宽容是一根根丝带，可以系住人与人

之前的友谊；宽容是一团团火焰，可以融化

人与人之间的隔阂。 (Tolerance is a piece of

board, which can build a bridge between people;

Tolerance is a ribbon, which can tie the friendship

∗Corresponding author: Suge Wang.

between people; Tolerance is a flame, which can

melt the barriers between people.)

Clearly, one can understand and predict the e-
motion (“love”) and rhetoric (“simile” and “par-
allelism”) of the sentence by capturing the se-
mantic meanings of content words (“tolerance”,
“board”, “bridge”, “ribbon”, “friendship”) as well
as the syntactic structure and pattern of parallelism
clauses in the sentence (“Tolerance is …, which
can…”). Semantics and syntax are pivotal corner-
stones for rhetoric, and are attached to different
rhetoric. Moreover, positive emotions are more
likely to be expressed by rhetorical categories such
as simile, parallelism and so on, while negative
emotions are more commonly conveyed by the
rhetorical categories such as rhetorical question-
s, irony and so on.

Sentences carved with rhetoric can convey emo-
tions in an implicit way, without explicitly using
emotional words, which pose new challenges for
textual understanding and rhetorical emotion anal-
ysis in natural language processing.

Various efforts have been made to cope with e-
motion identification (Delbrouck et al., 2020; Chen
et al., 2018; Klinger et al., 2018) and rhetoric de-
tection (Liu et al., 2018; Wen et al., 2019; Mao
et al., 2019). However, constructing heuristic rules
and syntactical patterns for rhetoric identification
is time-consuming and labor-intensive, and it may
perhaps result in poor generalization to develop
a specific detection model for each rhetoric cate-
gory (Liu et al., 2018; Mao et al., 2019). To our
knowledge, the correlation between rhetoric and
emotion identification tasks has not been exploited
in previous work.

In this work, we aim to cope with rhetoric and
emotion analysis. Following previous studies, we
formulate each of the rhetoric and emotion iden-
tification as a multi-label classification problem.
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Then, we propose a new multi-task learning model
called REI-MUL, which can jointly leverage the
task correlation to address the rhetoric and emotion
identification in a unified framework.

In particular, a pre-trained language model (De-
vlin et al., 2019) and a tree-structured long short-
term memory networks (Tree-LSTMs) (Tai et al.,
2015) are used to encode the semantic and syntactic
representations of sentences, respectively. Taking
the representations as input, two correlation mod-
ules are introduced to learn the categorical correla-
tions between rhetoric and emotion tasks. One key
benefit of REI-MUL is that it exploits the correla-
tion between the two tasks, and may allow better
learning of model parameters from real-life natural
language data.

2 Methodology

2.1 Overview

Formally, let C be a labeled set of sentences, C =
{(S1, Y r

1 , Y
e
1 ), (S2, Y

r
2 , Y

e
2 ), · · · , (SL, Y r

L , Y
e
L)},

where Sl is an input sentence, while Y r
l =

{yrl1 , yrl2 , ..., yrlR} and Y e
l = {yel1 , yel2 , ..., yelE}

denote the rhetoric label set (with R categories)
and the emotion label set (with E categories)
of the sentence Sl, respectively. Note that yrli ,
yelj ∈ {0, 1}, y

r
li

= 1 and yelj = 1 mean the Sl
is labeled as the i-th rhetoric and j-th emotion
categories.

Based on the labeled set C, we develop a new
multi-task learning model (REI-MUL), as shown in
Figure 1, which can exploit task correlation to deal
with rhetoric identification and emotion recognition
in a unified framework.

2.2 Semantic Representation

As one of the state-of-the-art language representa-
tion models, the BERT model (Devlin et al., 2019)
is employed to learn the sematic representations of
sentences. Specifically, the contextualized repre-
sentation of [CLS] token is used as the encoding of
whole sequence, which is denoted by srsem ∈ Rd1 .
For simplicity, we omit the subscript of input sen-
tence “l” for subsequent sections.

2.3 Syntactic Representation

A well-known Tree-LSTMs (Tai et al., 2015) is ex-
ploited to encode syntactic representations of sen-
tences. Word sense is a critical factor for structural
representation. We thus represent the meaning of a
word via connecting the comprehensive embedding

Figure 1: The architecture of the proposed multi-task
learning model for rhetoric and emotion identification
(REI-MUL). REI-MUL consists of four parts.

(Song et al., 2018) and the sememes knowledge em-
bedding from SE-WRL Model (Niu et al., 2017).

Taking the word representations as input, the
hidden state of root node in Tree-LSTMs model
is taken as syntactic representation of each input
sentence, as shown in Eqn (1).

srsyn = Tree− LSTMs(X,Xsyn) (1)
where X = {x1, x2, ..., xN}, xi means the input
embedding of each word wi, Xsyn is the depen-
dency parsing of S by using Stanford Parser, and
srsyn ∈ Rd2 .

2.4 Correlation Layer

Both rhetorical and emotional modules of corre-
lation layer are designed to obtain the label distri-
butions of sentences, which can help to explicitly
encode the semantic and syntactic correlations be-
tween rhetoric and emotion identification tasks.

2.4.1 Rhetoric Distribution
A gate mechanism (Cho et al., 2014) based classifi-
cation model is proposed for each type of rhetoric,
which assigns different weights to semantic and
syntactic representations. Taking the i-th rhetoric
identification as an example, the classifier can de-
rive three types of representations, i.e., sentence
representation, feature representation, and rhetoric
distribution via Eqn (2)-(7).

ri = σ(W r
i ∗ [srsyn, srsem]) (2)

https://nlp.stanford.edu/software/lex-parser.html (“ver-
sion 4.0.0, Chinese”)
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zi = σ(W z
i ∗ [srsyn, srsem]) (3)

s̃ri = tanh(W s̃r
i ∗ [ri � srsyn, srsem]) (4)

srri = (1− zi) ∗ srsyn + zi ∗ s̃ri (5)
where ri, zi and srri ∈ Rd2 denote the reset gate,
update gate and sentence representation, respective-
ly. σ and tanh denote the sigmoid and hyperbolic
tangent activation functions, and � is elementwise
multiplication.

f̃ ri = srriW
fr
i (6)

where f̃ ri is the feature representation for i-th
rhetoric identification, and f̃ ri ∈ Rd3 .

pp̂ri = f̃ riW
pr
i (7)

where pp̂ri refers to rhetoric distribution for i-th
rhetoric identification, and pp̂ri ∈ R1.

Next, the respective R rhetoric distributions are
concatenated as one comprehensive rhetoric distri-
bution via Eqn (8), which would be used to com-
pute the emotion distribution.

pp̂r = [pp̂r1||pp̂r2||...||pp̂rR] (8)

where pp̂r ∈ RR.

2.4.2 Emotion Distribution

The emotional features are constructed by concate-
nating the semantic representation and rhetorical
distribution of S. Taking the features as input, a
classification model can be adopted to compute e-
motional distribution via Eqn (10), which would be
next used to improve the rhetorical prediction task.

sre = [srsem||pp̂r] (9)

pp̂e = sreW pe (10)
where pp̂e denotes emotional distribution of input
sentence S, and pp̂e ∈ RE .

2.5 Prediction Layer

2.5.1 Rhetoric Prediction Layer

An emotional distribution is incorporated into o-
riginal rhetorical features, which is extracted from
sentence representations. Then a sigmoid classi-
fier is designed to take the correlated representa-
tion of a sentence as input, and predicts rhetorical
probability scores. Formally, Eqn (11)-(13) calcu-
late the transformed features based on emotional
distribution (fe→r), new correlated features (f ri )
and predicted probability (p̂ri ), respectively, for i-th
rhetoric identification task.

fe→r = pp̂eW e→r (11)

f ri = f̃ ri + fe→r (12)

p̂ri = σ(f riW
pr
i ) (13)

where W e→r represents the feature transformation
matrix of emotional distribution.

Next, the R predicted scores are concatenated
as one rhetorical predicted probability distribution
p̂r ∈ RR.

2.5.2 Emotion Prediction Layer
Similarly, a new correlated representation of input
sentence is computed based on the predicted rhetor-
ical distribution and semantic representation of the
sentence via Eqn (14). And then we predict proba-
bility scores of emotion by a sigmoid classifier via
Eqn(15).

sre = [srsem||p̂r] (14)

p̂e = σ(sreW pe) (15)
where p̂e ∈ RE denotes the emotional prediction
probabilities of input sentence.

3 Experiments

3.1 Data
To our knowledge, there is a labeled dataset
for emotion analysis of metaphorical expression-
s, which was constructed from a cognitive pro-
cess (Zhang et al., 2018). However, there are no
datasets available for joint rhetoric and emotion
identification problem from the perspective of lin-
guistics. We constructed the first dataset in Chi-
nese, where each sentence may contain multiple
rhetoric/emotion labels. Table 1 shows the detailed
statistics of the dataset.

Category Name Train Val Test All
similes/metaphors 5,121 650 652 6,432

parallelism 1,903 238 234 2,375
personification 1,755 223 226 2,204

rhetorical questions 1,582 180 183 1,945
irony 649 82 82 813
Total 11,010 1,373 1,377 13,760
joy 133 22 22 177
love 6,329 784 808 7,921

anger 109 15 10 134
sadness 724 91 78 893

fear 97 12 13 122
disgust 2,042 256 239 2,537
surprise 58 5 14 77

Total 9,492 1,185 1,184 11,861
Sentence Number 9,456 1,182 1,182 11,820

Table 1: The statistics of the annotated dataset.

Each sentence of the dataset was collected from
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joy love anger sadness fear disgust surprise
similes/metaphors 83 5,446 25 406 88 376 23

parallelism 51 2,034 2 181 8 125 2
personification 29 1,876 17 149 24 71 7

rhetorical questions 21 272 87 232 9 1,282 43
irony 0 4 6 10 0 790 3

Table 2: The correlation between rhetorical and emotional classes on the dataset.

various sources such as literary works, textbooks,
microblog, and websites. Three graduate students
were hired to annotate the rhetorical and emotional
labels of each sentence, where the inter-rater kappa
coefficients are 0.848, 0.692, 0.757 for rhetoric
annotation task and 0.458, 0.512, and 0.556 for
emotion task, respectively. We randomly selected
80% of the annotated dataset as training data, while
the rest 20% was equally divided as testing (test)
and development (dev) data. All the models were
evaluated on the same data split.

Table 2 shows the correlation statistics between
rhetorical and emotional categories on the dataset.
For example, the emotion “love” of a sentence
is more likely to be expressed by rhetorical cat-
egories such as simile, parallelism and personifi-
cation, while the emotion “disgust” is more com-
monly conveyed by the rhetorical categories such
as rhetorical questions and irony.

3.2 Comparison Systems
We compared the proposed models with the follow-
ing well-established baselines and ablation models.

• CNN-Adversarial-MUL: Liu et al. (2017)
proposed an adversarial multi-task learning
framework for text classification, alleviating
the shared and private latent feature spaces
from interfering with each other.

• BERT-MUL: Liu et al. (2019, 2020) present-
ed a multi-task deep neural network for learn-
ing representations across multiple natural lan-
guage understanding tasks.

• RI-Single, EI-Single: the proposed model is
simplified a single task model for rhetoric or
emotion identification.

• w/o RheFusing, w/o EmoFusing: the pro-
posed model without predicted rhetorical or
emotional distribution.

• w/o Gate: the proposed model without a gate
mechanism.

• w/o Tree: the proposed model without syn-
tactic representation.

• w/o ComprehensiveEmb, w/o Knowl-
edgeEmb: the proposed model without
comprehensive or sememes knowledge
embedding in Tree-LSTMs.

3.3 Experimental Setting
The version “bert-base-chinese” was employed for
the BERT module in the framework. The dimen-
sionality of word embeddings in Tree-LSTMs was
set 200. We carefully tuned and specified the values
of the dimensionalities of Tree-LSTMs hidden state
and feature representation of rhetoric identification
as 64. We employ a heuristic threshold method
to specify and predict rhetorical and emotional la-
bels for each sentence, where different threshold
scores were evaluated by the grid search method
and selected as 0.88 and 0.73 on validation sets,
respectively.

The joint one-versus-all cross-entropy loss was
used to train the proposed multi-task learning. We
applied the Adamax optimizer (Kingma and Ba,
2014) with learning rate as 0.00005, the batch size
was set as 6, and the training epoch was set as 15.
In addition, we applied dropout (Srivastava et al.,
2014) on per layer of BERT model and prediction
layers, and the value was 0.1.

3.4 Experimental Results
We compare the proposed method with state-of-the-
art multi-task learning methods. Table 3 shows the
results of rhetoric and emotion identification.

In particular, the proposed REI-MUL model
achieves the best performance in terms of F1 for
both tasks. Generally, the disadvantage of CNN-
Adversarial-MUL may lie in the fact that the sen-
tence representation by CNN module is not as good
as the semantic representation of the BERT module
of the proposed model. Compared to BERT-MUL,
the proposed REI-MUL attains better results. This
may suggest that the learning from associations
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Model
Rhetoric(%) Emotion(%)

P R F1 P R F1
CNN-Adversarial-MUL 89.56 87.80 88.67 87.16 86.57 86.86
BERT-MUL 92.11 93.32 92.71 88.27 87.67 87.97
REI-MUL 94.88 92.81 93.83 91.05 86.74 88.84

Table 3: The rhetoric and emotion identification results (P: Precision, R: Recall, F1: F1-score). Our proposed
method is significantly better than the baselines given p-value 0.05 for the emotion identification.

Model
Rhetoric(%) Emotion(%)

P R F1 P R F1
REI-MUL 94.88 92.81 93.83 91.05 86.74 88.84

RI-Single/EI-Single 92.84 93.79 93.31 89.74 87.76 88.74
w/o RheFusing 94.80 92.59 93.68 90.90 86.06 88.42
w/o EmoFusing 91.40 94.12 92.74 91.63 85.98 88.71

w/o Gate 93.77 92.88 93.32 88.63 88.26 88.45
w/o Tree 94.55 91.94 93.23 91.89 85.14 88.38

w/o ComprehensiveEmb 93.88 92.52 93.20 90.69 86.40 88.49
w/o KnowledgeEmb 92.66 93.54 93.10 88.95 88.34 88.64

Table 4: The ablation study results of rhetoric and emotion identification via the proposed model.

between rhetoric and emotion categories is really
beneficial for rhetoric and emotion tasks. In ad-
dition, the improved results of rhetoric detection
show the independent rhetorical classifiers for each
rhetoric detection are effective.

3.5 Ablation Study

We designed the ablation study to evaluate the
impact of different parts of the proposed REI-
MUL model for rhetoric and emotion identification.
Specifically, we removed each of the following
modules from our proposed model, i.e., correlation
between two tasks, independent rhetorical classifier
based on gating mechanism, word embedding of
Tree-LSTMs. Table 4 shows the comparison result-
s of REI-MUL and reduced models on annotated
dataset. Clearly, these results manifest remarkable
capability of each part of the proposed model.

Table 5 shows the detailed identification results
for each rhetorical category. Experimental result-
s show that the proposed method performs well
for minority categories, such as parallelism and
rhetorical questions. In addition, the results for
personification and irony are not as good as the
rest, which may lie in their higher dependence on
human cognition and pose a challenge for the iden-
tification.

Category P R F1
similes/metaphors 95.50 97.55 96.51

parallelism 94.21 97.44 95.80
personification 91.44 75.66 82.81

rhetorical questions 96.24 97.81 97.02
irony 96.97 78.05 86.49

All (macro) 94.87 89.30 91.72

Table 5: The identification results via the proposed
model for each rhetorical category (%).

4 Conclusion

In this paper, we have proposed a new multi-task
and multi-label learning model, which can exploit
the task correlation to jointly address the rhetoric
and emotion identification in a unified framework.
The experimental results show the benefit of the
proposed model over the state-of-the-art baselines.
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I think I mentioned once before that 
I’ve only had three minute liquor 
glasses of brandy this whole evening. 
Can you pass my tickets? 

Intent: find ticket Emotion: angry
Oh shut up! I do not remember of any 
tickets. 

Emotion: angry

The one that I bought last week and 
you kept them. Get me those now. 

Intent: find ticket Emotion: frustrated

Not very funny, dear. You’d better have 
some more brandy. 

Emotion: angry

coreferential 
information

Very good idea. I will. 

Emotion: angry Tone: sarcastic

inter-speaker 
dependency

label 
dependency

inter-speaker 
dependency

Can I get your phone number, please? 

Intent: find phone number Emotion: 
neutral

Uh. Yeah, I just gave it to the automated 
thing like five times. 

Emotion: frustrated

I am going to need it again. I need to 
look at your file. Please calm down Sir. 
I am here to help you. 

Intent: find phone number Emotion: 
frustrated

Okay. 3236975066. Thank you! 

Emotion: neutral

coreferential 
information

Thank you! Let me check it right way. 

Emotion: neutral

inter-speaker 
dependency

label 
dependency

inter-speaker 
dependency

coreferential 
information inter-s

peaker 

dependency

label 
shift due to other speaker’s response

Figure 1: Role of Context in Utterance Level Dialogue Understanding.

Abstract
The recent abundance of conversational data
on the Web and elsewhere calls for effec-
tive NLP systems for dialogue understanding.
Complete utterance-level understanding often
requires context understanding, partly defined
by the nearby utterances and by the user inten-
tion and background. In recent years, a num-
ber of context-aware approaches have been
proposed for various utterance-level dialogue
understanding tasks. In this paper, we explore
and quantify the role of context for different
aspects of a dialogue, namely emotion, dia-
logue act, and intent identification, using state-
of-the-art dialogue understanding methods as
baselines. Specifically, we employ various per-
turbations to distort the context of a given utter-
ance and study its impact on the different tasks
and baselines. This provides us with insights
into the fundamental context factors that have
immediate implications on different aspects of
a dialogue. Such insights may inspire more
effective dialogue understanding models and
provide support for future text generation ap-
proaches.

1 Introduction
Human-like conversational systems are a long-
standing goal of Artificial Intelligence (AI). How-

ever, the development of such systems is not a
trivial task, as we often participate in dialogues
by relying on several contextual factors such as
emotions, prior assumptions, intent, or personality
traits. It is thus not surprising that the landscape of
dialogue understanding research embraces several
challenging tasks, such as, emotion recognition in
conversations (ERC), dialogue intent classification,
user-state representation, and others. These tasks
are often performed at utterance level and can be
conjoined together under the umbrella of utterance-
level dialogue understanding. Due to the fast-
growing research interest in dialogue understand-
ing, several novel approaches have recently been
proposed (Qin et al., 2020; Rashkin et al., 2019;
Xing et al., 2020; Lian et al., 2019; Saha et al.,
2020) to address the tasks by adopting speaker-
specific and contextual modeling. However, to
the best of our knowledge, the role of context has
not been thoroughly explored across these tasks,
partly due also to the lack of an unified framework
across various utterance-level dialogue understand-
ing tasks. In this work, we explore the role of
context in utterance-level dialogue understanding.
We use a contextual utterance-level dialogue under-
standing baseline (bcLSTM (Poria et al., 2017)) as
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a strong baseline for the six dialogue-understanding
tasks in four datasets. We propose several unique
context probing strategies and experimental de-
signs that test and measure: (1) speaker-specific
context; (2) context order; (3) paraphrased context;
(4) label shifts; (5) role of CRF in the sequence tag-
ging of utterances in a dialogue. These strategies
can be easily adapted for other tasks for similar
purposes and provide insights into the development
of new approaches to address these tasks.

Task Definition: Given a conversation along
with speaker information of each constituent utter-
ance, the utterance-level dialogue understanding
task aims to identify the label of each utterance
from a set of predefined labels that can be a set of
emotions, dialogue acts, intents etc. Fig. 1 illus-
trates one such conversation between two people,
where each utterance is labeled by emotion and
intent. Formally, given the input sequence of N ut-
terances [(u1, p1), (u2, p2), . . . , (uN , pN )], where
each utterance ui = [ui,1, ui,2, . . . , ui,T ] consists
of T words and spoken by party pi, the task is to
predict the label ei of each utterance ui. The clas-
sifier can make use of the conversational context in
the process.

2 Models

We train our classification models in an end-to-end
setup. We first extract utterance level features with
a CNN module with pretrained GloVe vectors. The
resulting features are non-contextual in nature as
they are obtained from utterances without the sur-
rounding context. We then classify the utterances
with one of the following two models: i) Logistic
Regression, or ii) bcLSTM. Among these, the Lo-
gistic Regression model is non-contextual in nature,
whereas the bcLSTM is contextual. We expand on
the feature extractor and the classifier in detail next.

2.1 Utterance Feature Extractor
Utterance level features are extracted using the fol-
lowing method:

GloVe CNN. A convolutional neural network
(Kim, 2014) is used to extract features from the
utterances of the conversation. We use a convolu-
tional layer followed by max-pooling and a fully-
connected layer to obtain the representation of the
utterance. Each word in the utterances is initialized
with 300d pretrained GloVe embeddings (Penning-
ton et al., 2014). We pass these to convolutional
filters of sizes 1, 2, and 3, each having 100 feature

maps. The output of these filters are then max-
pooled across all the words of an utterance. These
are then concatenated and fed to a 100 dimensional
fully-connected layer with ReLU activation (Nair
and Hinton, 2010). The output after the activation
form the final representation of the utterance.

2.2 Utterance Classifier
The representations obtained from the Utterance
Feature Extractor are then classified using one of
the following two methods:

Without Context Classifier. In this model, clas-
sification of an utterance is performed using a fully
connected multi-layer perceptron layer. This clas-
sification setup is non-contextual in nature as there
is no flow of information from the contextual utter-
ances. We call this model GloVe CNN.

GloVe bcLSTM. The Bidirectional Contextual
LSTM model (bcLSTM) (Poria et al., 2017) creates
context-aware utterance representations by captur-
ing the contextual content from the surrounding
utterances using a Bi-directional LSTM (Hochre-
iter and Schmidhuber, 1997) network. bcLSTM
is a strong contextual utterance-level dialogue un-
derstanding baseline, with consistent performance
across all six dialogue-understanding tasks consid-
ered in this work. In our experiments, on an average
bcLSTM is only 1% worse than the state of the art
across the six tasks that we address in this work. As
opposed to more complicated models (Majumder
et al., 2019; Qin et al., 2020; Zhong et al., 2019),
the simpler architecture of bcLSTM is devoid of
complicated interactions amongst the contextual
utterances, as attention. This enables easier inter-
pretation of the effects of the perturbations of the
context.

The feature representations extracted by the Ut-
terance Feature Extractor serve as the input to
the bcLSTM network. Finally, the context-aware
utterance representations from the output of the
bcLSTM are used for the label classification. The
bcLSTM model is speaker independent as it does
not model any speaker level dependency. In our
implementation, we add a residual connection be-
tween the first and the output from the final layer to
improve the network’s stability. We call this model
GloVe bcLSTM.

Why GloVe based CNN and LSTM-based Mod-
els: In this study, we consider GloVe CNN,
GloVe bcLSTM and set up different scenarios to an-
alyze them because these models are conceptually
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much more straightforward than other state-of-the-
art models such as DialogueRNN (Majumder et al.,
2019) and DialogueGCN (Ghosal et al., 2019). For
example, DialogueRNN also tracks the speaker
states in addition to context. Thus, perturbations in
the input would influence speaker modeling along
with context modeling. This results in more com-
plex deviations than bcLSTM, and are more dif-
ficult to analyze. Simple models are likely to be
more interpretable. E.g., owing to DialogueRNN’s
complexity, we need to perform different levels of
ablation studies to explain its behavior.

Furthermore, we use GloVe embeddings as re-
cent transformer based models such as BERT (De-
vlin et al., 2018) is trained using the masked lan-
guage model (MLM) objective that is already very
powerful in modeling cross sentential context rep-
resentation as demonstrated by other works (Liu
et al., 2019; Lewis et al., 2019). Hence, to con-
duct a fair comparison between non-contextual and
contextual models and further, for an easier ap-
prehension on the role of contextual information
in utterance-level dialogue understanding, we re-
sort to the GloVe CNN and LSTM-based models.
Additionally, as we perform a number of analysis
studies, the GloVe based models were computa-
tionally much more efficient and faster to train and
analyze.

3 Experimental Setup

3.1 Datasets

All the dialogue classification datasets that we con-
sider in this work consists of two-party conver-
sations in English language. We benchmark the
models on the following datasets (see Table 1):

IEMOCAP (Busso et al., 2008) is a dataset
of two person conversations among ten different
unique speakers. The train set dialogues come from
the first eight speakers, whereas the test set dia-
logues are from the last two. Each utterance is
annotated with one of the following six emotions:
happy, sad, neutral, angry, excited, and frustrated.

Dataset # dialogues # utterances
train val test train val test

IEMOCAP 108 12 31 5163 647 1623
DailyDialog 11,118 1,000 1,000 87,179 8,069 7,740
MultiWOZ 8,438 1000 1,000 113,556 14,748 14,744
Persuasion 220 40 40 7902 1451 1511

Table 1: Statistics of splits and evaluation metrics used in
different datasets. Neutral* classes constitutes to 83% of the
DailyDialog dataset. These are excluded when calculating the
metrics in DailyDialog.

DailyDialog (Li et al., 2017) covers various top-
ics about our daily life and follows the natural hu-
man communication approach. All utterances are
labeled with both emotion categories and dialogue
acts. The emotion can belong to one of the follow-
ing seven labels: anger, disgust, fear, joy, neutral,
sadness, and surprise. The dataset has over 83%
neutral labels and these are excluded during Macro-
F1 evaluation. In comparison, the dialogue act la-
bel distribution is relatively more balanced. The act
labels can belong to the following four categories:
inform, question, directive, and commissive.

MultiWOZ (Budzianowski et al., 2018) or
Multi-Domain Wizard-of-Oz dataset is a fully-
labeled collection of human-human conversations
spanning over multiple domains and topics. The
dataset has been created for task-oriented dialogue
modelling and has 10,000 dialogues, which is at-
least an order bigger than previously available task-
oriented corpora. The dialogues are labelled with
belief states and actions. It contains conversations
between an user and a system from the following
seven domains: restaurant, hotel, attraction, taxi,
train, hospital and police. Here we focus on clas-
sifying the intent of the utterances from the user
which belong to one of the following categories:
book restaurant, book train, find restaurant, find
train, find attraction, find bus, find hospital, find
hotel, find police, find taxi, and None. The None
utterances are not included in evaluation. Note that,
utterances from the system side are not labelled
and thus are not classified in our framework.

Persuasion For Good (Wang et al., 2019)
dataset is a persuasive dialogue dataset where one
participant aims to persuade the other participant
to donate his/her earning using different persuasion
strategies. The two participants are denoted as
Persuader aka ER and Persuadee aka EE respec-
tively. In this work, we formulate our problem to
classify the utterances of Persuader and Persuadee
separately using the full context of the conversation.
This task can also be considered as a dialogue
act classification task. The Persuader strategies
are to be classified into the following eleven
categories: donation-information, logical-appeal,
personal-story, foot-in-the-door, credibility-
appeal, emotion-appeal, personal-related-inquiry,
source-related-inquiry, self-modeling, task-related-
inquiry, and non-strategy-acts. The strategy can
belong to one of the following thirteen categories
for Persuadee,: disagree-donation-more, ask-org-
info, agree-donation, provide-donation-amount,
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Model
IEMOCAP DailyDialog MultiWOZ Persuasion

Emotion Emotion Act Intent ER EE
GloVe CNN 51.08 38.72 71.20 84.64 54.44 39.95
GloVe bcLSTM 61.90 41.16 79.46 96.22 56.28 44.83

w/o Inter-Speaker Dependency 63.73 39.99 74.50 95.05 53.24 40.63
w/o Intra-Speaker Dependency 56.45 35.93 78.69 95.75 52.23 38.93

Table 2: Classification performance in test data for the dif-
ferent tasks. Utterances from other speakers and the same
speaker are absent respectively in the w/o inter and w/o intra
settings. Scores are W-Avg F1 in IEMOCAP Emotion and
MultiWOZ Intent; Macro F1 in the rest. All scores are aver-
age of 20 different runs. Test F1 scores are calculated at best
validation F1 scores.

disagree-donation, personal-related-inquiry,
task-related-inquiry, ask-donation-procedure,
negative-reaction-to-donation, positive-reaction-
to-donation, ask-persuader-donation-intention,
neutral-reaction-to-donation, and other-acts.

3.2 Evaluation Metrics
In our experiments, we use Weighted average (W-
Avg) F1 score in IEMOCAP emotion and Multi-
WOZ intent classification. For the other tasks –
DailyDialog emotion, DailyDialog act, Persuader
and Persuadee strategy classification – the label
distribution is highly imbalanced, hence we report
Macro F1 scores. In DailyDialog emotion classifi-
cation, neutral labels are excluded (masked) while
calculating the metrics. However, these utterances
are still passed in the input of the different models.

4 Analysis

4.1 Speaker-specific Context Control
We first report the performance of the baseline
GloVe CNN and GloVe bcLSTM model in the first
two rows of Table 2. To further evaluate the intra-
and inter-speaker dependence and relation across
the different tasks in the GloVe bcLSTM model,
we adopted two different settings as follows –

• w/o Inter-Speaker Dependency: when classi-
fying a target utterance from speaker A, we drop
the utterances of the speaker B from the context
and vice versa.

• w/o Intra-Speaker Dependency: when classi-
fying a target utterance from speaker A, we only
keep utterances of the speaker B and drop all
other utterances of speaker A from the context
and vice versa.

Utterances of the Non-target Speaker are Im-
portant. The first setting coerces LSTM to only
rely on the target speaker’s (speaker of the target
utterance) context in prediction. The results are re-
ported in Table 2. As expected, performance drops

are observed for all the datasets but IEMOCAP for
emotion recognition, reinforcing the fact that the
contextual utterances from the non-target speakers
are important. Performance drop in DailyDialog
dataset for act classification is noticeably the steep-
est. In the IEMOCAP dataset, we observe a pattern
of the speakers maintaining the same emotion along
a dialogue. This suggests that the speakers in the
IEMOCAP dataset repeat the same emotion along
consecutive utterances. Consequently, this induces
a dataset bias. Hence, unlike the task of dialogue
generation where the role of listener’s utterance is
key in generating speaker’s response, we suspect
in the case of emotion recognition in IEMOCAP
dataset, removing other interlocutor’s utterances
from the context makes it easier and less confus-
ing for the LSTM-based model to learn relevant
contextual representations for the prediction. Con-
trary to this, although existing, repetitions of same
or similar emotions in consecutive utterances of a
speaker are less prevalent for emotion recognition
in the DailyDialog dataset.

Utterances of the Target Speaker are also Im-
portant. ‘w/o Intra-Speaker Dependency’ sce-
nario reported in Table 2 exhibits the importance
of the utterances of the non-target speaker in the
classification of the target utterance. In DailyDia-
log act and MultiWOZ intent classification, even
when we remove the contextual utterances from the
same speaker, the utterances from the non-target
speaker provides key contextual information as
evidenced by the performance in the ‘w/o Intra-
Speaker Dependency’ setting. In those tasks, drop-
ping the utterances of the non-target speaker results
in more performance degradation as compared to
the case when utterances from the target speaker
are removed from the target utterance’s context.
This observation also supports the dialogue genera-
tion works (Zhou et al., 2017) that mainly consider
previous utterances of the non-target speaker as
the context for response generation. For emotion
classification in DailyDialog and strategy classi-
fication in Persuasion For Good, the results ob-
tained from ‘w/o Intra-Speaker Dependency’ set-
ting are also relatively lesser compared to the base-
line bcLSTM setting. This confirms the higher con-
textual salience of the target speaker’s utterances
over the non-target speaker’s utterances for these
particular tasks. In the case of the IEMOCAP emo-
tion classification, removing the target speaker’s
utterances from the context causes a substantial
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performance dip for the reasons stated earlier.
Interestingly, the ‘w/o Inter-Speaker Depen-

dency’ setting in the DailyDialog dataset manifests
two distinct trends for two different tasks – act
classification and emotion recognition. While non-
target speakers’ utterances carry a little value for
emotion recognition, they are extremely beneficial
for act classification. This calls for task-specific
context modeling techniques which should be the
focus of the future works.
Key Takeaways of this Experiment. Although
both target and non-target speakers’ utterances are
useful in several utterance-level tasks, we observe
some divergent trends in some of the tasks in our ex-
periments. Hence, we surmise that a task-agnostic
unified context model may not be optimal in solv-
ing all the tasks. In the future, we should strive
for task-specific contextual models as each task
can have unique features that make it distinct from
others. One can also think of multi-task architec-
tures where two tasks can corroborate each other
in improving the overall performance.

Logically, dropping contextual utterances in a
dialogue leads to inconsistency in the context and
consequently, it should degrade the performance
of a model that relies on the context for infer-
ence. Hence, given an unmodified dialogue flow,
an ideal contextual model is expected to refer to
the right amount of contextual utterances relevant
in inferring the label of a target utterance. In con-
trast, bcLSTM shows performance improvement
for IEMOCAP emotion classification when utter-
ances from the non-target speaker are dropped (re-
fer to the ‘w/o Inter-Speaker Dependency’ row in
Table 2). The performance does not change much
for dialogue act and intent classification in the Dai-
lyDialog and MultiWOZ, respectively, when we
drop utterances of the target speaker. These con-
trasting results indicate a potential drawback of
the bcLSTM model in efficiently utilizing contex-
tual utterances of both interlocutors in unmodified
dialogues for the above mentioned tasks.

4.2 Classification in Shuffled Context
To analyze the importance of context, we shuf-
fle the utterance order of a dialogue and try to
classify the correct label from the shuffled se-
quence. For example, a dialogue having utter-
ance sequence of {u1, u2, u3, u4, u5} is shuffled
to {u5, u1, u4, u2, u3}. This shuffling is carried
out randomly, resulting in an utterance sequence
whose order is different from the original sequence.

Context Shuffling Strategy IEMOCAP DailyDialog MultiWOZ Persuasion
Train Val Test Emotion Emotion Act Intent ER EE

7 7 7 61.90 41.16 79.46 96.22 56.28 44.83
X X 7 59.74 36.87 74.88 91.34 54.91 41.52
7 7 X 57.63 34.58 66.81 67.91 50.69 37.17
X X X 59.82 37.69 74.62 90.78 53.60 40.96

Table 3: Test performance of GloVe bcLSTM models in
the different tasks for various shuffling strategies. In Train,
Val, Test column Xdenotes shuffled context and 7denotes un-
changed context. Scores are W-Avg F1 in IEMOCAP Emotion
and MultiWOZ Intent; Macro F1 in the rest. Test F1 scores
are calculated at best validation F1 scores.

We design three such shuffling experiments: i) dia-
logues in train and validation sets are shuffled, test
set is unchanged, ii) dialogues in train and valida-
tion sets are kept unchanged, but dialogues in test
set are shuffled, iii) dialogues in train, validation
and test sets are all shuffled.

We analyze these shuffling strategies in the
GloVe bcLSTM model. In theory, the recurrent
nature of the LSTM model allows it to be capable
of modelling contextual information from the be-
ginning of the sequence to the very end. However,
when classifying an utterance, the most crucial con-
textual information comes from the neighbouring
utterance. In an altered context, the model would
find it difficult to predict the correct labels because
the original neighbouring utterances may not be in
immediate context after shuffling. This kind of per-
turbation would make the context modelling less
efficient, and performance is likely to drop com-
pared to their non-shuffled context counterparts.
This is empirically shown in Table 3.

We observe that, whenever there is some shuf-
fling in train, validation, or test set, the performance
decreases a few points in all the datasets across all
tasks and evaluation metrics. Notably, the perfor-
mance drop is highest when the dialogues in train,
validation sets are kept unchanged and dialogues
in test set are shuffled. Note that, the result for
this shuffling strategy (only test set is shuffled) in
MultiWOZ stands at 67.91%, much lower than the
original baseline of 96.22%. This is because, the
test score of 67.91% is reported at the best valida-
tion score, even though we obtain better test scores
at the initial epochs of training (around 78%).

Our reported results and observations are contra-
dictory to the claims made by Sankar et al. (2019).
According to Sankar et al. (2019), the shuffling of
contextual utterances does not affect the response
generation performance of a seq2seq model. There
can be a number of reasons for these two con-
tradicting observations: 1) first, the characteris-
tics of utterance labels in a dialogue are different
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#
Attack Strategy

Window
IEMOCAP DailyDialog MultiWOZ Persuasion

Method Past Future Target Emotion Emotion Act Intent ER EE

1 - - - - - 61.90 41.16 79.46 96.22 56.28 44.83

2 PA X 7 7 3 61.09 40.82 75.81 95.67 56.46 43.64
3 PA X 7 7 5 60.93 38.79 77.23 95.53 56.41 41.93
4 PA X 7 7 10 59.83 - - 95.23 54.89 39.89
5 PA 7 X 7 3 61.58 39.60 79.11 95.94 55.83 43.21
6 PA 7 X 7 5 60.99 39.77 79.17 95.64 55.43 40.67
7 PA 7 X 7 10 60.72 - - 95.77 57.12 43.36
8 PA X X 7 3 59.43 37.16 76.61 94.87 57.44 42.51
9 PA X X 7 5 58.36 38.76 76.53 94.61 53.32 43.33
10 PA X X 7 10 57.29 - - 94.31 54.36 43.80
11 PA 7 7 X - 58.08 37.16 75.30 93.78 50.24 38.78
12 PA X X X 3 56.53 23.46 73.16 91.47 47.50 37.39
13 PA X X X 5 53.64 28.59 73.18 90.98 45.31 35.16
14 PA X X X 10 51.33 - - 90.58 49.00 32.49

Table 4: Results for PA: Paraphrasing-based Attack in
utterance-based GloVe bcLSTM model. In DailyDialog, we
constrain the window size to 3 and 5 as there are an average
of 8 utterances per dialogue in the dataset. Scores are W-Avg
F1 in IEMOCAP Emotion and MultiWOZ Intent; Macro F1
in the rest.

from responses—responses are subjective and not
unique, however labels are usually agreed upon by
the observers to some degree—, 2) second, instead
of reporting qualitative results, Sankar et al. (2019)
only reported the perplexity score of their experi-
ments. As stated in (Cai et al., 2019), perplexity
and BLEU scores may not correctly represent the
quality of the response generation.

4.3 Attacks with Context and Target
Paraphrasing

Modern machine learning systems are often sus-
ceptible to attacks that slightly perturb the input
without any drastic change in the semantics. Al-
though prevalent in images, adversarial examples
also exist in neural network-based NLP applica-
tions. In the context of NLP, crafting adversarial
examples would require making character-, word-,
or sentence-level modifications to the input text
to trick the classifier into misclassification. Para-
phrasing sentences is one such method to construct
effective adversarial examples (Iyyer et al., 2018).
We conduct several experiments to evaluate the sen-
sitivity of utterance-level dialogue understanding
systems to input paraphrasing. It should be noted
that although task-specific adversarial strategies
could be adopted, we chose to use a general set
of attacking strategies in order to understand the
behavior of the baseline across different tasks and
datasets. This also facilitates a fair comparison
among the tasks and whether there is a confound-
ing factor that differentiates one task from another
under the same attacking strategies.

Method. We use the following scheme to analyze
this effect:

• The input utterances are modified at word level.
For this modification, an average of 3 to 4 words

Model
IEMOCAP DailyDialog MultiWOZ Persuasion

Emotion Emotion Act Intent ER EE

GloVe CNN 51.08 38.72 71.20 84.64 54.44 39.95
GloVe CNN PA 39.19(↓23.27) 23.82(↓39.64) 62.93(↓13.01) 70.34(↓16.89) 42.8(↓21.38) 33.59(↓15.91)

bcLSTM 61.90 41.16 79.46 96.22 56.28 44.83
bcLSTM PA 58.08(↓6.17) 37.16(↓9.71) 75.3(↓5.23) 93.78(↓2.53) 50.24(↓10.73) 38.78(↓13.49)

Table 5: Results for PA: Paraphrasing-based Attack in GloVe
CNN model on target utterance and comparing it to bcLSTM
results in Table 4. Scores are W-Avg F1 in IEMOCAP Emo-
tion, MultiWOZ Intent; Macro F1 in the rest.

are selected per utterance and masked. The pre-
trained RoBERTa model is then used to fill the
masks with the most likely candidates. The utter-
ance with substituted words form the new input.
We call this method Paraphrasing-based Attack
(PA).

• For each utterance (ut) in a dialogue, we take a
window of w immediate neighbouring utterances
(context) on which the above modifications are
performed. The window is selected as follows:

– Only past w utterances: ut−w, .., ut−1
– Only future w utterances: ut+1, .., ut+w
– Past w and future w utterances:
ut−w, .., ut−1, ut+1, .., ut+w

– Past w, future w, and the target utterance:
ut−w, .., ut−1, ut, ut+1, .., ut+w

– Only the target utterance: ut

In the last case, the window is empty. In other
cases, we experiment with window size w =
3, 5, 10.

We train a GloVe bcLSTM and a GloVe CNN
model with unadulterated train and validation data.
During evaluation, however, the context and target
are paraphrased as described before. The results
of these experiments for bcLSTM and GloVe CNN
are shown in Table 4 and Table 5, respectively.

Observations. We observe that the
Paraphrasing-based Attack is quite effective
in fooling the classifier in a number of tasks.
The classification performance progressively
deteriorates with larger window sizes.

In DailyDialog act classification, Paraphrasing-
based Attack on only future utterances doesn’t af-
fect the results at all. The classification perfor-
mance still remains very close to the original score
of 79.46 %. We observe that there is a strong re-
liance on the label and content of past utterance
in this task. For example, a question is likely to
be followed by an inform or another question and
much less likely to be followed by a commissive
utterance. Unchanged past context thus results in
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performance that is very close to the original setup.
Attacking the past utterances combined with future
and/or target utterances results in a relatively big-
ger performance drop. We also notice that the drop
in performance is relatively much lesser than the
other tasks except in MultiWOZ for intent classi-
fication. This is possibly because the act labels
are mostly driven by the sentence type and hence
unlikely to be affected from paraphrasing perturba-
tions. For instance, around 30% of the act labels are
of type question, and our attack strategy is almost
guaranteed not to change an utterance with label
question to something which might be classified as
inform, commissive, or directive. Overall, we ob-
serve a consistent plunge in the performance when
the target utterance is attacked by the Paraphrasing-
based Attack method. For intent classification in
MultiWOZ, utterances often have keywords which
indicate the label (presence of train might indicate
class label of find train or book train). In these
cases, if the target utterance is not paraphrased, the
model is still likely to predict the correct label. Fi-
nally, in Persuasion for Good, we observe that the
attack method is slightly more effective in fooling
the classifier for persuadee strategy classification.

In terms of window direction, we observe that
perturbations in the past or future utterances result
in a similar range of reduction in performances.
One notable exception is act prediction in DailyDi-
alog, where the model continues to perform near
the original score of 79.46% irrespective of the
attack in future utterances in the window.

Performance Comparison for Attacks in GloVe
CNN and GloVe bcLSTM. We summarize the
performance of GloVe CNN and GloVe bcLSTM
models against Paraphrasing-based Attack in Ta-
ble 5. For all the tasks, we observe a very signifi-
cant drop in performance for GloVe CNN. For ex-
ample, in emotion classification, the drop is around
23% and 40% for Paraphrasing-based Attack in
IEMOCAP and DailyDialog respectively. How-
ever, for the same setting, the relative decrease
in performance is only around 6% and 10% for
bcLSTM. We observe the same trend in other tasks
where it can be seen that the bcLSTM model is
much more robust against the attack compared to
the CNN model. This is because contextual models
such as bcLSTM are harder to fool as the context
carry key information regarding the semantics of
the target and salient information can be inferred
about the target using its’ context. It is thus evident

that even when the target utterance is corrupted,
bcLSTM is capable of using contextual informa-
tion to predict the label correctly, and subsequently
the decline in performance is much lesser.

In principle, our findings in Table 5 can be re-
lated to how transformer-based pre-trained lan-
guage models work. For example, in BERT (De-
vlin et al., 2018), the masked language modeling
(MLM) and the next sentence prediction (NSP)
objective forces the model to infer or predict the
target using contextual information. Such contex-
tual models are more powerful and robust because
context information plays a crucial role in almost
every natural language processing task. An objec-
tive similar to next sentence prediction in BERT or
permutation language modeling in XLNET (Yang
et al., 2019) can be used for conversation level
pre-training to improve several downstream conver-
sational tasks. Such approaches have been found
to be useful in the past (Hazarika et al., 2019).

4.4 Performance for Label Shift
As discussed before, a few of our tasks of interest
exhibit the label copying property which means
consecutive utterances from the same speaker or
different speakers often have the same or similar
emotion, act, or intent label. The inter-speaker and
intra-speaker label copying is especially prevalent
in the IEMOCAP emotion task, the DailyDialog
act task, and the MultiWOZ intent task. Contextual
models such as bcLSTM make correct predictions
when utterances display such kind of continuation
of the same label. But what happens when there
is a change of label? Does bcLSTM continue to
perform at the same level or is it affected from the
change? To understand this occurrence in more
detail, we define this event as Label Shift and look
at the following two different kind of shifts that
could happen in the course of a dialogue:

• Intra-Speaker Shift: The label of the utterance is
different from the label of the previous utterance
from the same speaker.

• Inter-Speaker Shift: The label of the utterance is
different from the label of the previous utterance
from the non-target speaker.

In these two scenarios explained above, we are
interested to see how bcLSTM performs at the ut-
terances were the label shift takes place.

We report results for utterances in the test data
that show Intra-Speaker Shift and Inter-Speaker
Shift in Table 6. The Inter-Speaker Shift is not
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Setup
IEMOCAP Dailydialog MultiWOZ Persuasion

Emotion Emotion Act Intent ER EE

Original 61.90 41.16 79.46 96.22 56.28 44.83
Intra-Speaker Shift 52.01 (13.2) 44.23 (1.0) 76.18 (2.9) 94.91 (1.6) 57.84 (6.9) 49.4 (4.7)
Inter-Speaker Shift 52.37 (22.0) 47.77 (1.3) 78.80 (4.9) - - -

Table 6: Classification performance for utterances which ex-
hibits Label Shift in test data. Numbers in parenthesis indicate
the average count of the corresponding shifts per dialogue.
There is no Inter-Speaker Shift in MultiWOZ or Persuasion
for Good as we only classify user, persuader, or persuadee
utterances. Scores are W-Avg F1 in IEMOCAP Emotion and
MultiWOZ Intent; Macro F1 in the rest.

defined in MultiWOZ as we don’t have intent labels
for system utterances. We also don’t report Inter-
Speaker Shift results in Persuasion for Good as the
persuader and persuadee strategy set is different.

The emotion labels in IEMOCAP display the
largest extent of label copying. We also observe
in Table 6 that label shifts occur with high fre-
quency in IEMOCAP. These are the likely reasons
why we observe significant number of errors for
utterances with Label Shift for this task in Table 6.
The performance for both Intra-Speaker Shift and
Inter-Speaker Shift stands at around 52.0%, much
lesser than the overall average of 61.9% in test data.
Although not as strong as IEMOCAP, the intra-
speaker label copying feature can also be seen in
MultiWOZ intent and DailyDialog act labels. For
these two tasks, we again observe a drop of per-
formance when either Intra-Speaker Shift or Inter-
Speaker Shift occurs. In contrast, the extent of tran-
sition is spread over a much larger combination of
labels in DailyDialog emotion and Persuasion for
Good. We observe that the results for utterances
with Label Shift in those tasks are in fact better
than the overall score. In DailyDialog emotion,
the scores are 44.23% and 47.77%, which is an
improvement over the original 41.16%. The scores
of 57.84% and 49.4% in Persuasion for Good also
stand over the scores of 56.28% and 44.83% in the
original setup.

4.5 Sequence Tagging using Conditional
Random Field (CRF)

On the surface, the task of utterance level dialogue
understanding looks similar to sequence tagging.
Are there any distinct label dependency and pat-
terns across the tasks that are dataset agnostic and
likely to be captured by CRF (Lafferty et al., 2001)?
In the quest to answer this, we plug in three differ-
ent CRF layers on top of the bcLSTM network.

Global-CRF. It is a linear chain CRF used on
top of bcLSTM. In this setting, we do not consider

speaker information.
It can be defined using the equations below:

P (Y |D) =
1

Z(D)

n∏

i=1

φT (yi−1, yi)φE(yi, ui), (1)

Z(D) =
∑

y′∈Y

n∏

i=1

φT (y
′
i−1, y

′
i)φE(y

′
i, ui). (2)

Global-CRFext. The linear-chain CRF is ex-
tended to include not only the transition potential
from the previous label to the current label, but
also from the prior-to-previous label. Concisely,
the current label is predicated on the previous two
labels. Therefore, the transition potential function
φT takes one extra argument yi−2. The advantage
here is it also considers the previous label from the
target speaker should utterance i − 2 have come
from the target speaker. This becomes useful in
the tasks where the speakers tend to retain label
from its last utterance. It can be defined using the
equations below:

P (Y |D) =
1

Z(D)

n∏

i=1

φT (yi−2, yi−1, yi)φE(yi, ui), (3)

Z(D) =
∑

y′∈Y

n∏

i=1

φT (y
′
i−2, y

′
i−1, y

′
i)φE(y

′
i, ui). (4)

Speaker-CRF. In this setting, we use two dis-
tinct CRFs for the two speakers in a dialogue. Inter-
speaker label dependency and transitions are not
likely to be captured in this setting by the CRFs.

Negative Results. We report the results for CRF
experiments in Table 7 and Table 8. Aside from
the well-known sequence tagging tasks, such as,
Named Entity Recognition (NER) and Part of
Speech Tagging, CRF does not improve the perfor-
mance of utterance-level dialogue understanding
tasks. There could be multiple reasons as below:

1: A dialogue is governed by multiple variables
or pragmatics, e.g., topic, personal goal, past ex-
perience, expressing opinions or presenting facts
based on personal knowledge, and the role of the
interlocutors. Hence, the response pattern can vary
depending on these variables. The personality of
the speakers add an extra layer of complexity to
this which causes speakers to respond differently
under the same circumstances. An identical ut-
terance can be uttered with different emotions by
two different speakers. CRF relies on surface la-
bel patterns which can vary with datasets. Due
to this dynamic nature of dialogues and the pres-
ence of latent controlling variables, the label tran-
sition matrix of CRF does not learn any distinct
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Methods

IEMOCAP DailyDialog
Emotion Emotion Act

W-Avg F1 W-Avg F1 Micro F1 Macro F1 W-Avg F1 Macro F1
GloVe CNN 52.04 49.36 50.32 36.87 80.71 72.07
GloVe bcLSTM 61.74 52.77 53.85 39.27 84.62 79.12

w/o inter 63.73 52.39 52.86 39.99 81.32 74.50
w/o inter w/ speaker-CRF 62.94 52.47 54.04 39.77 81.19 74.12
w/ global-CRF 61.62 53.05 53.86 39.27 83.91 79.10
w/ global-CRFext 61.64 53.06 54.40 39.64 84.27 79.25
w/ speaker-CRF 62.21 53.16 54.68 39.74 84.15 79.20

Table 7: Classification performance in test data for IEMO-
CAP and DailyDialog using different CRF configurations. All
scores are average of at least 10 different runs. Test F1 scores
are calculated at best validation F1 scores.

Methods

MultiWOZ Persuasion
Intent Persuader (ER) Persuadee (EE)

W-Avg F1 W-Avg F1 Macro F1 W-Avg F1 Macro F1
GloVe CNN 84.30 67.15 54.45 58.00 41.03
GloVe bcLSTM 96.14 69.26 55.27 61.18 42.19

w/o inter 95.05 67.81 53.24 59.44 40.63
w/o inter w/ speaker-CRF 94.11 68.13 54.45 58.93 40.16
w/ global-CRF/speaker-CRF 95.48 68.59 55.60 61.24 42.62
w/ global-CRFext 95.51 69.23 56.80 61.89 43.68

Table 8: Classification performance in test data for Multi-
WOZ and Persuasion for Good using different CRF config-
urations. All scores are average of atleast 10 different runs.
Test F1 scores are calculated at best validation F1 scores. In
MultiWOZ and Persuasion for Good, the global-CRF and
speaker-CRF setting are identical as we only classify utter-
ances coming from one of the speakers (user in MultiWOZ,
persuader or persuadee in Persuasion for Good).

pattern that is complementary to what is learned
by the feature extractor. 2: Some of the datasets
— IEMOCAP and MultiWOZ — contain distinct
label-transition patterns between the same and dis-
tinct speakers e.g., the label copying feature in the
IEMOCAP dataset where the same or similar emo-
tions are repeated by the same or both the speak-
ers. Similarly, in the MultWOZ dataset, the intent
book restaurant to be frequently followed by the
intent find taxi. We believe the distinct label pat-
terns in the IEMOCAP and MultiWoZ datasets
is potentially one of the reasons why contextual
models perform so well on these three datasets
and tasks compared to the rest. On these two
daatsets, we expected bcLSTM w/ global-CRF to
outperform vanilla bcLSTM. However, we do not
observe any statistically significant improvement
using bcLSTM w/ global-CRF over bcLSTM. We
posit that the evident label-transition patterns that
exist in these two datasets are straightforward to
capture without a CRF. In fact, we also tried GloVe
CNN with a CRF layer on it, and surprisingly the re-
sult was not significantly higher than that of GloVe
CNN. This can be attributed to the absence of ex-
plicit contextual and label transition-based features
in the CRF.

Results in IEMOCAP and Persuasion for Good
Datasets. We observe a minor performance im-

provement in the IEMOCAP dataset using speaker-
CRF for emotion recognition. This observation
directly correlates to the experiment under “w/o
Inter-Speaker Dependency” setting in Table 2 and
can be largely attributed to the label copying fea-
ture in the IEMOCAP dataset as explained in the
last paragraph. In “w/o Inter-Speaker Dependency”
setting, contextual utterances of the speaker B are
not utilized to classify utterances of speaker A vice
versa. The results do not improve when we use
speaker-level CRF on bcLSTM under the “w/o
Inter-Speaker Dependency” setting. From these
observations, we can conclude that CRF is not
learning any distinct label dependency and tran-
sition patterns that are not learned by the feature
extractor or bcLSTM alone.

Global-CRFext shows significant performance
improvement on the Persuasion for Good dataset.
Some of the key controllable factors of the dia-
logues such as topics in this dataset are fixed and
can be learned intrinsically by the classifier. The
scope of the dialogues in this dataset is very limited
as there are only two possible outcomes of the dia-
logues – agree to donate, and disagree to donate.
Hence, there can be some label transition patterns
learned by the Global-CRFext using a larger label-
context window in the transition potential.

5 Conclusion

In this paper, we explored the role of context for
six utterance-level dialogue understanding tasks in
four different datasets. Using a strong contextual
baseline system (bcLSTM), we gained insights into
the behavior of such contextualized models in the
presence of various context perturbations. Such
probes have bolstered many interesting intuitions
about utterance-level dialogue understanding—the
role of label dependency and future utterances; the
role of speaker-specific contextual modelling; and
the robustness of contextual models as opposed to
their non-contextual counterparts against adversar-
ial probes. We believe that these probing strategies
can be straightforwardly adapted to other context-
reliant tasks. The implementation pertaining to
this work is available at https://github.com/

declare-lab/dialogue-understanding.
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A Label Transitions.

To check whether there lies any patterns in the label
sequences of the datasets, in Fig. 2 and 3, we plot
frequency of the label pairs (x, y) where x and y
are the labels of Ust−1,t−1 and Ust,t respectively.
Figure Fig. 2 explains inter-speaker label transi-
tion and Fig. 3 illustrates the intra-speaker label
transition. Both these plots reveal the same emo-
tion labels appearing in the consecutive utterances
with high frequency in the IEMOCAP dataset. This
induces label dependencies and consistencies and
can be called as the label copying feature of the
dataset. From our empirical analysis in Section 4,
we confirm this property of the IEMOCAP dataset.
Although not as strong as IEMOCAP, the intra-
speaker label copying feature is also prevalent in
the MultiWOZ and DailyDialog (Act) dataset (refer
to Fig. 2). Moreover, we observe interesting pat-
terns in DailyDialog (Act). A directive utterance
is commonly followed by a commissive utterance.
This indicates that utterances with acts such as re-
quest and instruct (directive label) are followed by
accepting/rejecting the request or order (commis-
sive label). We also notice that an utterance with
the act of questioning is commonly followed by
the utterances with the act of answering (which is
quite natural). Fig. 2 also corroborates the high
frequent joint appearance of similar emotions in
both speaker’s utterances e.g., negative emotions —
anger, frustration, sad expressed by one speaker is
replied with a similar negative emotion by the other
speaker. Interestingly, the DailyDialog dataset for
emotion classification does not elicit any such pat-
terns. We can attribute this to the scripted utter-
ances present in the IEMOCAP that has specifically
been designed to invoke more emotional content to
the utterances. On the other hand, the DailyDialog
dataset comprises naturalistic utterances that are
more dynamic in nature as they depend on inter-
locutors’ personality. In both IEMOCAP and Dai-
lyDialog datasets, the repetitions of the same emo-
tions can be found in consecutive utterances of a
speaker. The repetition of the same or similar emo-
tions for a speaker is frequent and often forms long
chains in IEMOCAP. However, such repetitions
are much less prevalent in DailyDialog. Readers
are referred to Fig. 3 for a clearer view. This two
different types of datasets used in this work is
purposefully crafted in order to study dataset-
specific nuances to attempt the same task. In
DailyDialog, approximately 80% of utterances are

labeled as no-emotion (see Fig. 4) which poses a
difficult challenge to perform emotion classifica-
tion. These two datasets also differ from each other
in the average dialogue length. While the average
number of utterances per dialogue in the IEMO-
CAP dataset is more than 50, the average number of
utterances per dialogue in the DailyDialog dataset
is just 8 which is much shorter.

Among other semantically plausible label transi-
tions, we can see in Fig. 3, the intent book restau-
rant to be frequently followed by the intent find
taxi in the MultiWOZ dataset. We believe this
is potentially one of the reasons why contextual
models perform so well on these three datasets
and tasks compared to the rest which we discuss
in the subsequent sections. Further, label depen-
dency and consistency can aid filtering likely labels
given the prior labels. Notably, such patterns are
not visible in the other datasets. Hence, one can
use Conditional Random Field (CRF) to find any
hidden label patterns and dependencies.

B Utterance Classifier
cLSTM. Similar to bcLSTM but without the bidi-
rectionality in the LSTM, this model is intended
to ignore the presence of future utterances while
classifying an utterance Ut.

DialogueRNN. (Majumder et al., 2019) is a re-
current network based model for emotion recogni-
tion in conversations. It uses two GRUs to track
individual speaker states and global context dur-
ing the conversation. Further, another GRU is em-
ployed to track emotion state through the conversa-
tion. In this work, we consider the emotion state to
be a general state which can be used for utterance
level classification (i.e., not limited to only emotion
classification). Similar to the bcLSTM model, the
features extracted by the Utterance Feature Extrac-
tor is the input to the DialogueRNN network. Di-
alogueRNN aims to model inter-speaker relations
and it can be applied on multiparty datasets.

cLSTM, bcLSTM and DialogueRNN with
Residual Connections. Deep neural networks
can often have difficulties in information proro-
gation. Multi-layered RNN-like in particulars of-
ten succumb to vanishing gradient problems while
modeling long range sequences. Residual connec-
tions or skip connections (He et al., 2016) are an
intuitive way to tackle this problem by improv-
ing information propagation and gradient flow. In-
spired by the early works in residual LSTM (Wu
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Figure 2: The heatmap of inter-speaker label transition statistics in the datasets. The color bar represents normalized number of
inter-speaker transitions such that elements of each matrix add up to 1. Inter-speaker transitions are not defined in MultiWOZ as
system side utterances are not labeled. Note: For the DailyDialog dataset, we ignore the neutral emotion in this figure.

Figure 3: The heatmap of intra-speaker label transition statistics in the datasets. The color bar represents normalized number of
intra-speaker transitions such that elements of each matrix add up to 1. Note: For the DailyDialog dataset, we ignore the neutral
emotion in this figure.

et al., 2006; Kim et al., 2017), in our recurrent con-
textual models - bcLSTM and DialogueRNN we
adopt a simple strategy to introduce a residual con-
nection. For each utterance, a residual connection

is formed between the output of the feature extrac-
tor and the output of the bcLSTM/DialogueRNN
module. These two vectors are added and the fi-
nal classification is performed from the resultant
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Figure 4: The heatmap of intra-speaker (left) and inter-speaker (right) label transition statistics in the DailyDialog dataset
including neutral emotion. The color bar represents normalized number of inter-speaker and intra-speaker transitions such that
elements of each matrix add up to 1.

vector.

B.1 Results

Methods

IEMOCAP DailyDialog
Emotion Emotion Act

W-Avg F1 W-Avg F1 Micro F1 Macro F1 W-Avg F1 Macro F1
GloVe CNN 52.04 49.36 50.32 36.87 80.71 72.07
GloVe cLSTM 59.10 52.56 53.67 38.14 83.90 78.89

w/o Residual 55.07 52.56 53.26 38.12 84.06 78.54
GloVe bcLSTM 61.74 52.77 53.85 39.27 84.62 79.12

w/o Residual 58.32 54.74 56.32 39.24 84.10 78.98
GloVe DialogueRNN 62.57 55.18 55.95 41.80 84.71 79.60

w/o Residual 61.32 54.50 55.29 40.05 83.98 79.16
RoBERTa LogReg 54.12 52.63 52.42 40.02 82.55 75.62
RoBERTa bcLSTM 62.72 56.05 56.77 43.26 85.17 82.16

w/o Residual 62.86 55.92 57.32 43.03 86.35 80.69
RoBERTa DialogueRNN 64.12 59.07 59.50 45.19 86.31 82.20

w/o Residual 63.96 57.57 57.76 44.25 86.28 82.08

Table 9: Classification performance in test data for emo-
tion prediction in IEMOCAP, emotion prediction in DailyDia-
log, and act prediction in DailyDialog. Scores of the Glove-
based models are reported after averaging 20 different runs.
RoBERTa-based models were run 5 times and we report the
average scores. Test F1 scores are calculated at best validation
F1 scores.

Methods
MultiWOZ Persuasion

Intent Persuader (ER) Persuadee (EE)
W-Avg F1 W-Avg F1 Macro F1 W-Avg F1 Macro F1

GloVe CNN 84.30 67.15 54.33 58.00 41.03
GloVe cLSTM 95.03 68.75 54.36 59.46 41.62

w/o Residual 95.12 64.62 49.08 54.87 36.36
GloVe bcLSTM 96.14 69.26 55.27 61.18 42.19

w/o Residual 96.21 67.20 52.75 55.02 37.72
GloVe DialogueRNN 96.32 68.96 56.29 61.11 42.18

w/o Residual 96.08 68.77 54.20 58.72 39.06
RoBERTa LogReg 85.70 71.98 60.36 63.45 51.74
RoBERTa bcLSTM 95.46 71.85 61.05 64.14 50.11

w/o Residual 95.61 71.06 58.72 62.73 44.74
RoBERTa DialogueRNN 95.61 72.91 62.03 64.33 49.22

w/o Residual 95.29 72.45 60.49 64.21 49.71

Table 10: Classification performance in test data for intent
prediction in MultiWOZ, persuader and persuadee strategy
prediction in Persuasion for Good. Scores of the Glove-
based models are reported after averaging 20 different runs.
RoBERTa-based models were run 5 times and we report the
average scores. Test F1 scores are calculated at best validation
F1 scores.

We report results for IEMOCAP, DailyDialog
dataset in Table 9 and MultiWOZ, Persuasion for
Good dataset in Table 10. We ran each experiment
multiple times and report the average test scores
based on the best validation scores.

We observe that there is a general trend of im-
provement in performance when moving to the
RoBERTa based feature extractor from the GloVe
CNN feature extractor except in the intent predic-
tion task in MultiWOZ dataset. As the RoBERTa
model has been pre-trained on a large amount of
textual data and has considerably more parameters,
this improvement is expected. The results could
possibly be improved even more if a RoBERTa-
Large model is used instead of the RoBERTa-Base
model that we use in this work.

We also observe that contextual models —
bcLSTM and DialogueRNN perform much better
than the non-contextual Logistic Regression mod-
els in most cases. Context information is crucial
for emotion, act, and intent classification and mod-
els such as bcLSTM or DialogueRNN are some
of the most prominent methods to model the con-
textual dependency between utterances and their
labels. In IEMOCAP, DailyDialog and MultiWOZ
there is a sharp improvement in performance in
contextual models compared to the non-contextual
models. However, for the strategy classification
task in Persuasion for Good dataset, the improve-
ment in contextual models is relatively lesser. No-
tably, for Persuadee classification, the RoBERTa
non-contextual model achieves the best result, out-
performing the contextual models. Without the
presence of residual connections, the GloVe cLSTM
and GloVe bcLSTM baselines perform poorly than
the non-contextual GloVe CNN baseline in the Per-
suasion for Good dataset. This beckons the need
for better contextual models for this dataset. To
analyze the results of the different models we look
at the following aspects:

Importance of the Residual Connections in the
Models. It is also to be noted that the introduc-
tion of the residual connections generally improves
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the performance of the contextual models. We
obtain better performance and improved stability
during training for most of the models with resid-
ual connections. In particular, residual connections
are mostly effective in IEMOCAP and Persuasion
for Good datasets that comprise long dialogues.
Residual connections are used in deep networks
to aid information propagation and tackle vanish-
ing gradient problems (Wu et al., 2006; Kim et al.,
2017) in RNNs by improving gradient flow. As
multi-layered RNN-like architectures often find it
difficult to model long-range dependencies in a
sequence due to vanishing gradient problems (Pas-
canu et al., 2013), we conjecture, that could be
one of the reasons why we see a great performance
boost with residual connections by helping propa-
gate key information form the CNN layers to the
output of LSTM layers that might be lost due to
the long deep sequence modeling in the LSTM
layer. Residual connections also help in combating
vanishing gradient issues by improving gradient
flow. Unlike IEMOCAP and Persuasion for Good,
in DailyDialog and MultiWOZ datasets, the im-
provement in performance caused by the residual
connections is only little which can be attributed
to the relatively shorter dialogues present in these
two datasets.
Variance in the Results. As deep learning models
tend to yield varying results across multiple train-
ing runs, we trained each model multiple times
and report the average score in Table 9 and Ta-
ble 10. In general, we observed that the RoBERTa-
based models show lesser variance compared to the
GloVe-based models.

Variance in the Glove-based models: The ob-
served variance is higher for emotion classifica-
tion in IEMOCAP and DailyDialog as compared
to act and intent classification in DailyDialog and
MultiWOZ, respectively. Both baseline models –
Glove CNN and bcLSTM show standard deviation
of about 1.28% in the IEMOCAP dataset across dif-
ferent runs. In the Persuasion for Good dataset, for
both persuader’s and persuadee’s act classification
tasks, the deviation remains around 1.6% when we
consider the Macro-F1 metric. However, for the
Weighted-F1 metric, the performance is relatively
stable as upon accumulating multiple runs the stan-
dard deviation is about 0.99% across the baselines.
A similar trend is also prevalent in the DailyDialog
dataset for emotion classification. In this task, the
baselines – Glove CNN and bcLSTM show stan-
dard deviation of about 1.19% when Weighted-F1

and Micro-f1 are considered. According to Macro-
F1 metric, however, these baselines are exposed
to relatively higher standard deviation of 2.88%.
This is likely to be a consequence of severe label
imbalance in the dataset, that is having 80% neutral
utterances. We have observed that a majority of
these neutral samples do not exhibit neutral emo-
tion. Therefore, this poor labeling quality may have
precipitated this large variance in the results. On
the other hand, the baseline models perform con-
sistently in the intent and act classification tasks in
MultiWOZ and DailyDialog datasets respectively
showing standard deviation of around 0.55% across
different runs. When comparing among the base-
lines, we found higher variances in the results ob-
tained with the Glove CNN than the bcLSTM.

One possible reason behind the variances in
the results of the GloVe-based models could be
the end-to-end training setup that renders the
model deeper. The original bcLSTM and Dia-
logueRNN model employed a two-stage training
method where the utterance feature extractor is
first pretrained and then kept unchanged during the
contextual model training. This setting may make
those original models more stable. Similarly, we
think, in our end-to-end setup, a more sophisticated
training regime could result in a lesser variance of
the results. For example, the utterance feature ex-
tractor could be trained only for the first few epochs
and then kept frozen during subsequent epochs of
the training. Due to this high variance in the end-
to-end Glove-based models, the future works on
these datasets and tasks which employ this setting
should report the average results of multiple runs
for a fair comparison of the models.

Variance in the RoBERTa-based models: The
RoBERTa based models show much lesser variance
in performance across different runs. In particular,
the standard deviations in the results of Roberta-
based bcLSTM are 0.57 on the IEMOCAP, 0.08,
and 0.48 in the DailyDialog for emotion and act
classification tasks, respectively, 0.07 in the Mul-
tiWoz dataset, 0.9 and 1.04 in the Persuasion for
Good dataset for persuader’s and persuadee’s act
classification tasks respectively. RoBERTa-based
DialogueRNN shows a similar trend. We surmise
that this is the case because the feature extractor’s
weights are initialized from a pretrained checkpoint.
Thus, the feature extractor already provides mean-
ingful features from the beginning of training and
is not required to be trained from scratch, resulting
in greater stability in the performance.
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Abstract

We present a new approach to encourage neu-
ral machine translation to satisfy lexical con-
straints. Our method acts at the training step
and thereby avoiding the introduction of any
extra computational overhead at inference step.
The proposed method combines three main in-
gredients. The first one consists in augment-
ing the training data to specify the constraints.
Intuitively, this encourages the model to learn
a copy behavior when it encounters constraint
terms. Compared to previous work, we use
a simplified augmentation strategy without
source factors. The second ingredient is con-
straint token masking, which makes it even
easier for the model to learn the copy behav-
ior and generalize better. The third one, is a
modification of the standard cross entropy loss
to bias the model towards assigning high prob-
abilities to constraint words. Empirical results
show that our method improves upon related
baselines in terms of both BLEU score and the
percentage of generated constraint terms.

1 Introduction

Neural Machine Translation (NMT) systems en-
joy high performance and efficient inference
(Sutskever et al., 2014; Bahdanau et al., 2014; Lu-
ong et al., 2015; Vaswani et al., 2017). However,
when it comes to domain specific scenarios, where
it is often necessary to take into account terminol-
ogy constraints, NMT models suffer from the lack
of explicit source-target correspondences making
it challenging to enforce such constraints. For in-
stance, consider the following sentence from the fi-
nancial domain : “Holders may submit instructions
based on a minimum quantity being accepted by the
offeror.”. According to the financial terminology,
the words Holders and offeror should be translated
porteurs and initiateur respectively. Unfortunately,
a generic English-French NMT model would trans-
late the above sentence as: “Les titulaires peuvent

soumettre des instructions en fonction d’une quan-
tité minimale acceptée par l’offrant.”, where the
words Holders and offeror are translated into tit-
ulaires and offrant respectively. To address this
limitation various approaches have been proposed.
They can be grouped into two categories based on
whether they enforce constraints at inference or
at training time. The former family of methods
changes the decoding step to inject the constraint
terms in the output. While effective at satisfying
constraints, these techniques tend to suffer from
several weaknesses such as high computational
cost at the decoding stage, decreased translation
quality due to strict enforcement of terminology
constraints (Hokamp and Liu, 2017; Post and Vilar,
2018), or ineptness if there are multiple constraints
in the input/output (Susanto et al., 2020).

The other category of methods, which we follow
in this work, integrates lexical constraints during
training (Dinu et al., 2019). More precisely, they
augment the training data in such a way as to in-
form the NMT model of the constrains that need to
be satisfied (Crego et al., 2016; Song et al., 2019;
Dinu et al., 2019). This type of approaches has the
advantage of not changing the NMT model as well
as of not introducing any additional computational
overheads at inference time. One limitation of these
methods is their soft nature, i.e, not all constraints
are guaranteed to be present in the output.

In this paper we pursue the latter line of research
and improve upon the recent work of Dinu et al.
(2019) by (i) only using tags –without source fac-
tors – to distinguish between constraints and other
words, (ii) performing constraint token masking for
robustness/generalization purposes and (iii) mod-
ifying the standard cross-entropy loss to bias the
model towards generating constraint terms. Em-
pirical results show that our approaches improve
both the BLEU sore and the number of satisfied
constrains compared to previous work.
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2 Related Work

Existing approaches can be cataloged based
on whether they integrate constraints at infer-
ence/decoding (Chatterjee et al., 2017; Hasler et al.,
2018; Hokamp and Liu, 2017) or at training time
(Dinu et al., 2019).

Among methods of the first category, we can
mention the Grid Beam Search (GBS) algorithm,
which consists in reorganizing the vanilla beam
search to place constraints correctly in the output
as well as infer accurately the constraints-free parts.
While successful in placing constrains compared
to the original BS algorithm, GBS suffers from a
high decoding time, it increases inference complex-
ity exponentially with the number of constraints.
To alleviate this issue, several improvement have
been proposed, such as Dynamic Beam Allocation
(DBA) (Post and Vilar, 2018) and its optimized ex-
tension, namely vectorized DBA (Hu et al., 2019).
Despite an important gain in computational time,
these methods still significantly increase the decod-
ing time. For instance, the method of Post and Vilar
(2018) is three times slower than the constraint-free
beam search. More recently, Susanto et al. (2020)
rely on the levenstein transformer (Gu et al., 2019),
which uses an edit-based decoder iteratively refin-
ing the output using deletion and insertion oper-
ations. To enforce constraints using this model,
Susanto et al. (2020) add one step to the decoder
that consists in placing constraint terms in the out-
put, and they further disallow the deletion opera-
tion on constraint terms. Albeit effective, the main
limitation of this approach is in constraint order-
ing – when there is more than one constraint term
in the output. That is, the initial order in which
constraints have been placed remains unchanged.

Different from the above, the second family of
methods integrates lexical constraints at training
time. For instance, Crego et al. (2016) replace the
terminology terms with placeholders during train-
ing and then add them back in a post-processing
step. Song et al. (2019) proposed to annotate the
training set by adding the target side of the terminol-
ogy terms in the source sentences. A transformer
model (Vaswani et al., 2017) is then trained on this
augmented training set. This training data annota-
tion has been also explored to teach the NMT to
use translation memories (Gu et al., 2018) or to
enforce copy behavior (Pham et al., 2018). Dinu
et al. (2019) proposed two different ways to aug-
ment the training data, namely the append and the

replace approaches. The former is similar to ap-
proach proposed in (Song et al., 2019), and the
second requires to replace the source term of the
constraints in the source sentence by its correspond-
ing target side in the terminology entries. This
method further uses source factors in order to dis-
tinguish the constraints from the rest of the source
sentence. This is the closest approach to ours. The
key differences are as follows. Our method uses
only tags (without source factors) to specify con-
straints in the training set, and we further perform
constraint-token masking, which improves model
robustness/generalization as supported by our ex-
periments. Moreover, we investigate a biased cross-
entropy loss to encourage the NMT model to assign
higher probabilities to constraint words.

3 Method

Our objective is to encourage neural machine trans-
lation to satisfy lexical constraints. To this end we
introduce three changes to the standard procedure,
namely training data augmentation, token masking,
and cross-entropy loss modification.

TrAining Data Augmentation (TADA). Simi-
lar to previous work, the key idea is to bias the
NMT model to exhibit a copy behavior when it
encounters constraints. To this end, given some
source sentence along with some constraints, we
use tags to specify the constraints in the source sen-
tence where relevant, as depicted in Figure 1. Note
that as opposed to previous work, we do not intro-
duce any further information (e.g., source factors),
the constraints are specified using tags only.

Token MASKing (MASK). We further consider
masking the source part of the constraint – tokens
in blue – as illustrated in Figure 1 last row. We
postulate that this might be useful from at least two
perspectives. For one, this provides a more general
pattern for the model to learn to perform the copy
operation every time it encounters the tag < S >
followed by the MASK token. For another, this
makes the model more apt to support conflicting
constraints, i.e., constraints sharing the same source
part but which have different target parts. This may
be useful if some tokens must be translated into
different targets for some specific documents and
contexts at test time.

Weighted Cross-Entropy (WCE) Loss. Let
x = (x1, . . . , xTx) denote a sentence in some input
language represented as a sequence of Tx words,
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Source His critics state that this will just increase the
budgetary deficit .

Constraint budgetary deficit→ Haushaltsdefizit
TADA His critics state that this will just increase the

<S> budgetary deficit <C> Haushaltsde-
fizit </C> .

+MASK His critics state that this will just increase the
<S> MASK MASK <C> Haushaltsdefizit
</C> .

Figure 1: Illustration of TrAining Data Augmentation
(TADA) and MASK.

and y = (y1, . . . , yTy) its translation in some target
language. From a probabilistic perspective neural
machine translation can be cast as estimating the
conditional probability p(y|x) parametrized with
neural networks, and which is usually assumed to
factorize as follows,

p(y|x) = p(y1|x)
Ty∏

t=2

p(yt|x, y1:t−1) (1)

where y1:t−1 denote previously generated tokens.
A predominant loss function in this context is the
well know cross-entropy given by,

L = − log p(y|x) = −
Ty∑

t=1

log p(yt|x, y1:t−1) (2)

As our objective is to encourage the NMT model
towards generating the desired constraints, we pro-
pose to modify the above loss to provide a stronger
learning signal to the model when it assigns a low
probability to a constrain token yt, as follows.

L = −
T∑

t=1

wyt log p(yt|x, y1:t−1) (3)

where, wyt = α ≥ 1 if yt is a constraint word,
and wyt = 1 otherwise. As long as α is strictly
greater than 1, the model would be biased towards
assigning higher probabilities to constraint tokens.
In practice one can set α to either a fixed value (e.g.,
selected based on some validation set) or using
some annealing heuristic, i.e., start with α = 1
and then gradually increase its value as learning
progresses.

4 Experiments

4.1 Parallel Data
Following previous work (Dinu et al., 2019; Su-
santo et al., 2020), we assess our approach using

the WMT 2018 English-German news translation
tasks1. Our training dataset consists of nearly 2.2
million English-German parallel sentences from
Europarl and news commentary. To compare our
approach against existing works, we use two paral-
lel English-German test sets extracted from WMT
newstest 2017, and made available by Dinu et al.
(2019) (see section 4.2 for details). Following the
same authors, we use WMT newstest 2013 for vali-
dation containing 3000 parallel sentences.

4.2 Terminologies

In order to take into account lexical constraints,
training, test and validation sets were annotated
using two English-German bilingual terminologies
extracted from IATE2 and Wiktionary3. The two
test sets released by (Dinu et al., 2019) have been
extracted from WMT 2017 using IATE and Wik-
tionary respectively. The lexical constraints are
added in the source sentences when source and tar-
get terms in the dictionaries entries are present in
source and target sentences in the parallel dataset
respectively. The test set extracted using IATE
(wiktionary) contains 414 (727) sentences and 452
(884) term annotations. The training and validation
sets have been annotated using both dictionaries
making sure there is no overlap with the term anno-
tations used in the test sets. For the training dataset,
only 10% of the original data have been annotated
with lexical constraints in order to preserve as far
as possible the same performance when the model
is not terminology-grounded (Dinu et al., 2019).

4.3 Settings

We use Moses tokenizer (Koehn et al., 2007) to
tokenize our corpus and we learn a joint source and
target BPE encoding (Sennrich et al., 2015) with
40k merge operations to segment it into sub-word
units, resulting in a vocabulary size of 40388 words.
Our models are trained using the transformer archi-
tecture (Vaswani et al., 2017) with three stacked
encoders and decoders. The same hyperparameters
as in (Dinu et al., 2019) were used where source
and target embeddings are tied with the softmax
layer. The models are trained for a minimum of 50
epochs and a maximum of 100 epochs with a batch
size of 3000 tokens per iteration. Our validation set
WMT 2013 is used to compute the stopping crite-
rion. We use a beam size of 5 during inference for

1http://www.statmt.org/wmt18/translation-task.html
2https://iate.europa.eu
3https://www.wiktionary.org/
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Without MASK

Source For a while, one major problem has been finding homes subsequently for refugees that have been given
<S> certified <C> anerkannt </C> status.

TADA Seit geraumer Zeit besteht ein großes Problem darin, Häuser für Flüchtlinge zu finden, die zertifiziert
wurden.

With MASK

Source For a while, one major problem has been finding homes subsequently for refugees that have been given
<S> MASK <C> anerkannt </C> status.

TADA+MASK Seit einiger Zeit besteht ein großes Problem darin, später Heime für Flüchtlinge zu finden , die anerkannt
wurden.

+ WCE Loss Seit einiger Zeit besteht ein großes Problem darin, später Heime für Flüchtlinge zu finden, die anerkannt
worden sind.

Target Ein schwerwiegendes Problem ist es seit einiger Zeit , Wohnungen für die Anschlussflüchtlinge zu finden,
die anerkannt worden sind.

Figure 2: IATE : Example of en-de translation generated with TADA only and with TADA+MASK. With TADA
only we observe that a variant of the target side of the constraint has been used (zertifiziert). In contrast, with
MASK we observe that the target side of the constraint has been copied directly. Furthermore, using WCE loss
leads to a translation which is even closer to the ground truth.

Without MASK

Source If perpetrators have to leave the country quicker , that will boost security and increase the <S> general
public <C> Bevölkerung </C> ’s <S> approval <C> Zustimmung </C> of refugee politics .

TADA Wenn die Täter das Land schneller verlassen müssen , wird dies die Sicherheit erhöhen und die Zustim-
mung der Öffentlichkeit zur Flüchtlingspolitik erhöhen .

With MASK

Source If perpetrators have to leave the country quicker , that will boost security and increase the <S> MASK
MASK <C> Bevölkerung </C> ’s <S> MASK <C> Zustimmung </C> of refugee politics .

TADA+MASK Wenn die Täter das Land schneller verlassen müssen , wird dies die Sicherheit erhöhen und die Zustim-
mung der Bevölkerung zur Flüchtlingspolitik erhöhen .

+ WCE Loss Wenn die Täter das Land schneller verlassen müssen , wird dies die Sicherheit erhöhen und die Zustim-
mung der Bevölkerung zur Flüchtlingspolitik erhöhen .

Target Wenn Straftäter schneller das Land verlassen müssten , erhöhe das aber die Sicherheit und stärke auch
die Zustimmung der Bevölkerung für die Flüchtlingspolitik .

Figure 3: IATE : Example with multiple constraints. With TADA we observe that only one constraint is satisfied.
Adding MASK makes it possible to satisfy both constraints.

all models. Regarding the proposed WCE Loss, we
start training with α = 1 for the first ninety epochs,
then we continue learning for ten more epochs with
α = 2. In a pilot experiment, we explored differ-
ent strategies to set the value of α, such as using
α > 1 from the beginning of training, increase the
value of α every 5/10 iterations by +0.1, or train
with α = 1 for most iterations and then set α to a
higher value (e.g., α = 2) for the last few iterations.
We retained the latter approach as it worked best
among the ones we investigated.

4.4 Results

We compare our approach to related NMT mod-
els integrating terminology constraints in terms of

IATE Wiktionary
Term% BLEU Term% BLEU

Previous works
Transformer† 76.30 25.80 76.90 26.00
Const. Dec.‡ 82.00 25.30 99.50 25.80

Source. Fact.§ 94.50 26.00 93.40 26.30
Our work
TADA+MASK 97.80 26.89 96.55 26.69

+WCE Loss 98.02 27.11 96.84 26.73
†:(Vaswani et al., 2017), ‡: (Post and Vilar, 2018), §: (Dinu et al., 2019)

Table 1: Comparison with baselines in terms of BLEU
score and Term usage percentage.

BLEU score (Papineni et al., 2002) and term usage
rate (Term%), which is defined as the ratio between
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(b) Wiktionary test set

Figure 4: Percentage of correctly generated constraints with 10%, 5%, 3% and 1% of constraint-grounded training
source sentences. With MASK the NMT model is less sensitive to the diminution of the percentage constraint-
grounded sentences.

the number of constraints generated by the model
and the total number of constraints. The results are
presented in Table 1, and the main findings are as
follows.

Comparison with baselines. Our methods sig-
nificantly outperform the baselines in terms of
both the BLEU score and the percentage of cor-
rectly generated constraint terms. TADA+MASK
increases the BLEU score with +0.89% and +0.39%
for IATE and Wiktionary test sets respectively. Re-
garding constraints (Terms%) we observe an im-
provement of +3.3% for IATE. Using the WCE
loss further improves performances. For Wik-
tionary, Constrained Decoder reaches the highest
terminology-use rate. However, the latter method
suffers from a high decoding time and decreases
translation quality.

Importance of MASK. To assess the impact
of token masking, we report in Figure 4 the per-
formance of TADA and TADA+MASK when the
percentage of constraint annotations used in the
training varies from 10% to 1%. Using MASK
makes the model more robust to the diminution of
the percentage of constraint-grounded sentences.
The qualitative examples of Figures 2 and 3 fur-
ther illustrate the benefit of token masking. In the
former example, masking the source part of the
constraint “certified” seems to have prevented the
model from generating “zertifiziert” – see Figure
2’s caption for details. Figure 3 shows a translation
example containing multiple constraints to be sat-
isfied. It seems that the use of MASK makes the
model more apt to effectively handle and satisfy
all the constraints. This is not necessarily the case
of the model without MASK, which satisfies one

constraint only. The results of Figures 2, 3 and 4
provide empirical support for the benefits of the
proposed token masking in model generalization
and robustness.

Impact of the WCE loss. To assess the im-
pact of the WCE loss, we revisit the results of
Table 1 and the examples of Figures 2 and 3. In all
cases, we observe that using the proposed weighted
cross-entropy loss further improves the quality of
translation and the percentage of generated con-
straints, which demonstrate the benefits of biasing
the model towards generating constraints tokens.

5 Conclusion

To encourage neural machine translation to satisfy
terminology constraints, we propose an approach
combining training data augmentation and token
masking with a weighted cross-entropy loss. Our
method is architecture independent and in principle
it can be applied to any NMT model. Experiments
on real-world datasets show that the proposed ap-
proach improves upon recent related baselines in
terms of both BLEU score and the percentage of
generated constraint terms.

In face of the multiplicity of methods to integrate
terminology constraints, an interesting future work
is to consider combining our method with other
techniques within an ensemble approach.
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Abstract
In this work, we propose BertGCN, a model
that combines large scale pretraining and trans-
ductive learning for text classification. Bert-
GCN constructs a heterogeneous graph over
the dataset and represents documents as nodes
using BERT representations. By jointly train-
ing the BERT and GCN modules within Bert-
GCN, the proposed model is able to lever-
age the advantages of both worlds: large-scale
pretraining which takes the advantage of the
massive amount of raw data and transductive
learning which jointly learns representations
for both training data and unlabeled test data
by propagating label influence through graph
convolution. Experiments show that BertGCN
achieves SOTA performances on a wide range
of text classification datasets.1

1 Introduction

Text classification is a core task in natural language
processing (NLP) and has been used in many real-
world applications such as spam detection (Wang,
2010) and opinion mining (Bakshi et al., 2016).
Transductive learning (Vapnik, 1998) is a particular
method for text classification which makes use of
both labeled and unlabeled examples in the train-
ing process. Graph neural networks (GNNs) serve
as an effective approach for transductive learning
(Yao et al., 2019; Liu et al., 2020). In these works,
a graph is constructed to model the relationship be-
tween documents. Nodes in the graph represent text
units such as words and documents, while edges
are constructed based on the semantic similarity be-
tween nodes. GNNs are then applied to the graph
to perform node classification. The merits of GNNs
and transductive learning are as follows: (1) the de-
cision for an instance (both training and test) does
not depend merely on itself, but also its neighbors.

1Code available at https://github.com/
ZeroRin/BertGCN.

This makes the model more immune to data out-
liers; (2) at the training time, since the model prop-
agates influence from supervised labels across both
training and test instances through graph edges,
unlabeled data also contributes to the process of
representation learning, and consequently higher
performances.

Large-scale pretraining has recently demonstrated
their effectiveness on a variety of NLP tasks (De-
vlin et al., 2018; Liu et al., 2019). Trained on
large-scale unlabeled corpora in an unsupervised
manner, large-scale pretrained models are able to
learn implicit but rich text semantics in language
at scale. Intuitively, large-scale pretrained mod-
els have potentials to benefit transductive learning.
However, existing models for transductive text clas-
sification (Yao et al., 2019; Liu et al., 2020) did not
take large-scale pretraining into consideration, and
its effectiveness still remains unclear.

In this work, we propose BertGCN, a model that
combines the advantages of both large-scale pre-
training and transductive learning for text clas-
sification. BertGCN constructs a heterogeneous
graph for the corpus with node being word or docu-
ment, and node embeddings are initialized with pre-
trained BERT representations, and uses graph con-
volutional networks (GCN) for classification. By
jointly training the BERT and GCN modules, the
proposed model is able to leverage the advantages
of both worlds: large-scale pretraining which takes
the advantage of the massive amount of raw data
and transductive learning which jointly learns repre-
sentations for both training data and unlabeled test
data by propagating label influence through graph
edges. The proposed BertGCN model successfully
combines the powers of large-scale pretraining and
graph networks, and achieves new state-of-the-art
performances on a wide range of text classification
datasets.
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2 Related Work

Graph neural networks (GNNs) are connectionist
models that capture dependencies and relations be-
tween graph nodes via message passing through
edges that connect nodes (Scarselli et al., 2008;
Hamilton et al., 2017; Xu et al., 2018). GNNs
are practically categorized into (Wu et al., 2020):
graph convolutional networks (Kipf and Welling,
2016a; Wu et al., 2019), graph attention networks
(Veličković et al., 2017; Zhang et al., 2018a), graph
auto-encoder (Cao et al., 2016; Kipf and Welling,
2016b), graph generative networks (De Cao and
Kipf, 2018; Li et al., 2018b) and graph spatial-
temporal networks (Li et al., 2017; Yu et al., 2017).
GNNs serve as powerful tools to utilize the relation-
ship between different objects, and have been ap-
plied to various domains such as traffic prediction
(Yu et al., 2018; Zhang et al., 2018a) and recom-
mendation (Zhang et al., 2020; Monti et al., 2017).
In the context of NLP, GNNs have achieved re-
markable successes across a wide range of end
tasks such as relation extraction (Zhang et al.,
2018b), semantic role labeling (Marcheggiani and
Titov, 2017), data-to-text generation (Marcheggiani
and Perez-Beltrachini, 2018), machine translation
(Bastings et al., 2017) and question answering
(Song et al., 2018; De Cao et al., 2018).

The prevalence of neural networks has motivated a
diverse array of works on developing neural models
for text classification. Different neural model ar-
chitectures (Kim, 2014; Zhou et al., 2015; Radford
et al., 2018; Chai et al., 2020) have demonstrated
their effectiveness against traditional statistical fea-
ture based methods (Wallach, 2006). Other works
leverage label embeddings and jointly train them
along with input texts (Wang et al., 2018; Pappas
and Henderson, 2019). More recently, the suc-
cess achieved by large-scale pretraining models
has spurred great interests in adapting the large-
scale pretraining framework (Devlin et al., 2018)
into text classification (Reimers and Gurevych,
2019), leading to remarkable progressive on few-
shot (Mukherjee and Awadallah, 2020) and zero-
shot (Ye et al., 2020) learning.

Our work is inspired by the work of using graph
neural networks for text classification (Yao et al.,
2019; Huang et al., 2019; Zhang and Zhang, 2020).
But different from these works, we focus on com-
bining large-scale pretrained models and GNNs,
and show that GNNs can significantly benefit from

large-scale pretraining. Existing works that com-
bine BERT and GNNs uses graph to model rela-
tionships between tokens within a single document
sample (Lu et al., 2020; He et al., 2020b), which
fall into the category of inductive learning. Dif-
ferent from these works, we use graph to model
relationships between different samples from the
whole corpus to utilize the similarity between la-
beled and unlabeled documents, and uses GNNs to
learn their relationships.

3 Method

3.1 BertGCN

In the proposed BertGCN model, we initialize rep-
resentations for document nodes in a text graph
using a BERT-style model (e.g., BERT, RoBERTa).
These representations are used as inputs to GCN.
Document representations will then be iteratively
updated based on the graph structures using GCN,
the outputs of which are treated as final represen-
tations for document nodes, and are sent to the
softmax classifier for predictions. In this way, we
are able to leverage the complementary strengths
of pretrained models and graph models.

Specifically, we construct a heterogeneous graph
containing both word nodes and document nodes
following TextGCN (Yao et al., 2019). We define
word-document edges and word-word edges based
on the term frequency-inverse document frequency
(TF-IDF) and positive point-wise mutual informa-
tion (PPMI), respectively. The weight of an edge
between two nodes i and j is defined as:

Ai,j =





PPMI(i, j), i, j are words and i 6= j
TF-IDF(i, j), i is document, j is word
1, i = j
0, otherwise

(1)

In TextGCN, an identity matrix X = Indoc+nword

is used as initial node features, where ndoc is the
number of document nodes, nword is the number of
word nodes (including both training and test). In
BertGCN, we use a BERT-style model to obtain
the document embeddings, and treat them as input
representations for document nodes. Document
node embeddings are denoted by Xdoc ∈ Rndoc×d,
where d is the embedding dimensionality. Overall,
the initial node feature matrix is given by:

X =

(
Xdoc
0

)

(ndoc+nword)×d
(2)
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We feed X into a GCN model (Kipf and Welling,
2016a) which iteratively propagates messages
across training and test examples. Specifically, the
output feature matrix of the i-th GCN layer L(i) is
computed as

L(i) = ρ(ÃL(i−1)W (i)) (3)

where ρ is an activation function, Ã is the normal-
ized adjacency matrix and W (i) ∈ Rdi−1×di is a
weight matrix of the layer. L(0) = X is the in-
put feature matrix of the model. Outputs of GCN
are treated as final representations for documents,
which is then fed to the softmax layer for classifi-
cation:

ZGCN = softmax(g(X,A)) (4)

where g represents the GCN model. We use the
cross entropy loss over labeled document nodes to
jointly optimize parameters for BERT and GCN.

3.2 Interpolating BERT and GCN
Predictions

Practically, we find that optimizing BertGCN with
a auxiliary classifier that directly operates on BERT
embeddings leads to faster convergence and better
performances. Specifically, we construct an auxil-
iary classifier by directly feeding document embed-
dings (denoted byX) to a dense layer with softmax
activation:

ZBERT = softmax(WX) (5)

The final training objective is the linear interpola-
tion of the prediction from BertGCN and the pre-
diction from BERT, which is given by:

Z = λZGCN + (1− λ)ZBERT (6)

where λ controls the tradeoff between the two ob-
jectives. λ = 1 means we use the full BertGCN
model, and λ = 0 means we only use the BERT
module. When λ ∈ (0, 1), we are able to balance
the predictions from both models, and the BertGCN
model can be better optimized.

The explanation for better performances achieved
by the interpolation is as follows: The ZBERT di-
rectly operates on the input of GCN, making sure
that inputs to GCN are regulated and optimized
towards the objective. This helps the multi-layer
GCN model to overcome intrinsic drawbacks such
as gradient vanishing or over-smoothing (Li et al.,
2018a), and thus leads to better performances.

3.3 Optimization using Memory Bank

The original GCN model uses the full-batch gra-
dient descent method for training, which is in-
tractable for the proposed BertGCN model, since
the full-batch method can not be applied to BERT
due to the memory limitation. Inspired by tech-
niques in contrastive learning which decouples the
dictionary size from the mini-batch size (Wu et al.,
2018; He et al., 2020a), we introduce a memory
bank that stores all document embeddings to decou-
ple the training batch size from the total number of
nodes in the graph.

Specifically, during training, we maintain a mem-
ory bank M that tracks input features for all doc-
ument nodes. At the beginning of each epoch, we
first compute all document embeddings using the
current BERT module and store them in M . Dur-
ing each iteration, we sample a mini batch from
both labeled and unlabeled document nodes with
the index set B = {b0, b1...bn}, where n is the
mini-batch size. We then compute their document
embeddingsMB also using the current BERT mod-
ule and update the corresponding memories in M .2

Next, we use the updated M as input to derive the
GCN output and compute the loss for the current
mini batch. For back-propagation, M is considered
as constant except the records in B.

With the memory bank, we are able to efficiently
train the BertGCN model including the BERT mod-
ule. However, during training, the embeddings in
the memory bank are computed using the BERT
module at different steps in an epoch and are thus
inconsistent. To overcome this issue, we set a small
learning rate for the BERT module to improve con-
sistency of the stored embeddings. With low learn-
ing rate the training takes more time. In order to
speed up training, we fine-tune a BERT model on
the target dataset before training begins, and use it
to initialize the BERT parameters in BertGCN.

4 Experiments

4.1 Experiment Setups

We run experiments on five widely-used text classi-
fication benchmarks: 20 Newsgroups (20NG)3, R8

2Note that the BERT module used to compute MB is the
one finished training in the last iteration, which is different
from the the BERT module used to compute the initial M .

3http://qwone.com/~jason/20Newsgroups/
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Model 20NG R8 R52 Ohsumed MR

TextGCN 86.3 97.1 93.6 68.4 76.7
SGC 88.5 97.2 94.0 68.5 75.9
BERT 85.3 97.8 96.4 70.5 85.7
RoBERTa 83.8 97.8 96.2 70.7 89.4
BertGCN 89.3 98.1 96.6 72.8 86.0
RoBERTaGCN 89.5 98.2 96.1 72.8 89.7
BertGAT 87.4 97.8 96.5 71.2 86.5
RoBERTaGAT 86.5 98.0 96.1 71.2 89.2

Table 1: Results for different models on transductive
text classification datasets. We run all models 10 times
and report the mean test accuracy.

and R524, Ohsumed5 and Movie Review (MR)6.

We compare BertGCN to current state-of-the-art
pretrained and GCN models: TextGCN (Yao et al.,
2019), SGC (Wu et al., 2019), BERT (Devlin et al.,
2018) and RoBERTa (Liu et al., 2019). Details for
datasets and baseline are left in the supplementary
material.

We follow protocols in TextGCN to preprocess data.
For BERT and RoBERTa, we use the output feature
of the [CLS] token as the document embedding,
followed by a feedforward layer to derive the final
prediction. We use BERTbase and a two-layer GCN
to implement BertGCN. We initialize the learning
rate to 1e-3 for the GCN module and 1e-5 for the
fine-tuned BERT module. We also implement our
model with RoBERTa and GAT (Veličković et al.,
2017). GAT variants are trained over the same
graph as GCN variants, but learn edge weights
through attention mechanism instead of using pre-
defined weight matrix.

4.2 Main Results

Table 1 presents the test accuracy of each model.
We can see that BertGCN and RoBERTaGCN per-
form the best across all datasets. Only using BERT
and RoBERTa generally performs better than GCN
variants except 20NG, which is due to the great
merits brought by large-scale pretraining. Com-
pared with BERT and RoBERTa, the performance
boost from BertGCN and RoBERTaGCN is signifi-
cant on the 20NG and Ohsumed datasets. This is
because the average length in 20NG and Ohsumed
is much longer than that in other datasets: the
graph is constructed using word-document statis-

4https://www.cs.umb.edu/~smimarog/
textmining/datasets/

5http://disi.unitn.it/moschitti/
corpora.htm

6http://www.cs.cornell.edu/people/
pabo/movie-review-data/

Figure 1: Accuracy of RoBERTaGCN when varying λ
on 20NG development set. The dotted line indicates
the corresponding RoBERTa baseline.7

Strategy w/ both w/o finetune w/o small lr. w/o both
Accuracy 94.7 93.8 10.38 10.38

Table 2: Accuracy on 20NG development set for differ-
ent strategies. “finetune” means we use the finetuned
RoBERTa as initialization, and “small lr.” means we
use a smaller learning rate for the RoBERTa module.

tics, which means that long texts may produce
more document connections transited via an in-
termediate word node, and this potentially benefits
message passing through the graph, leading to bet-
ter performances when combined with GCN. This
may also explain why GCN models perform bet-
ter than BERT models on 20NG. For datasets with
shorter documents such as R52 and MR, the power
of graph structure is limited, and thus the perfor-
mance boost is smaller relative to 20NG. BertGAT
and RoBERTaGAT can also benefit from the graph
structure, but their performance are not as good
as GCN variants due to the lack of edge weight
information.

4.3 The Effect of λ

λ controls the trade-off between training BertGCN
and BERT. The optimal value of λ can be different
for different tasks. Fig.1 shows the accuracy of
RoBERTaGCN with different λ. On 20NG, the
accuracy is consistently higher with larger λ value.
This can be explained by the high performance of
graph-based methods on 20NG. The model reaches
its best when λ = 0.7, performing slightly better
than only using the GCN prediction (λ = 1).
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4.4 The Effect of Strategies in Joint Training

To overcome inconsistency of embeddings in the
memory bank, we set a smaller learning rate for
the BERT module and use a finetuned BERT
model for initialization. We evaluate the effect
of the two strategies. Table 2 shows the results
of RoBERTaGCN on 20NG with and without
these strategies. With the same learning rate for
RoBERTa and GCN, the model cannot be trained
due to inconsistency in the memory bank, regard-
less of whether the fine-tuned RoBERTa is used.
Models can be successfully trained when we set
a smaller learning rate for the RoBERTa module,
and additional using finetuned RoBERTa leads to
the best performance.

5 Conclusion and Future Work

In this work, we propose BertGCN, which takes the
best advantages from both large-scale pretraining
models and transductive learning for text classifi-
cation. We efficiently train BertGCN by using a
memory bank that stores all document embeddings
and updates part of them with respect to the sam-
pled mini batch. The framework of BertGCN can
be built on top of any document encoder and any
graph model. Experiments demonstrate the power
of the proposed BertGCN model. However, in
this work, we only use document statistics to build
the graph, which might be sub-optimal compared
to models that are able to automatically construct
edges between nodes. We leave this in future work.
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Petar Veličković, Guillem Cucurull, Arantxa Casanova,
Adriana Romero, Pietro Lio, and Yoshua Bengio.
2017. Graph attention networks. arXiv preprint
arXiv:1710.10903.

Hanna M Wallach. 2006. Topic modeling: beyond bag-
of-words. In Proceedings of the 23rd international con-
ference on Machine learning, pages 977–984.

Alex Hai Wang. 2010. Don’t follow me: Spam de-
tection in twitter. In 2010 international conference
on security and cryptography (SECRYPT), pages 1–10.
IEEE.

Guoyin Wang, Chunyuan Li, Wenlin Wang, Yizhe
Zhang, Dinghan Shen, Xinyuan Zhang, Ricardo Henao,
and Lawrence Carin. 2018. Joint embedding of words
and labels for text classification. arXiv preprint
arXiv:1805.04174.

Felix Wu, Tianyi Zhang, Amauri Holanda de Souza Jr,
Christopher Fifty, Tao Yu, and Kilian Q Weinberger.
2019. Simplifying graph convolutional networks.
arXiv preprint arXiv:1902.07153.

Zhirong Wu, Yuanjun Xiong, Stella X Yu, and Dahua
Lin. 2018. Unsupervised feature learning via non-
parametric instance discrimination. In Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition, pages 3733–3742.

Zonghan Wu, Shirui Pan, Fengwen Chen, Guodong
Long, Chengqi Zhang, and S Yu Philip. 2020. A com-
prehensive survey on graph neural networks. IEEE
Transactions on Neural Networks and Learning Sys-
tems.

Keyulu Xu, Weihua Hu, Jure Leskovec, and Stefanie
Jegelka. 2018. How powerful are graph neural net-
works? arXiv preprint arXiv:1810.00826.

Liang Yao, Chengsheng Mao, and Yuan Luo. 2019.
Graph convolutional networks for text classification. In
Proceedings of the AAAI Conference on Artificial Intel-
ligence, volume 33, pages 7370–7377.

Zhiquan Ye, Yuxia Geng, Jiaoyan Chen, Jingmin Chen,
Xiaoxiao Xu, SuHang Zheng, Feng Wang, Jun Zhang,

1461



and Huajun Chen. 2020. Zero-shot text classification
via reinforced self-training. In Proceedings of the 58th
Annual Meeting of the Association for Computational
Linguistics, pages 3014–3024, Online. Association for
Computational Linguistics.

Bing Yu, Haoteng Yin, and Zhanxing Zhu. 2017.
Spatio-temporal graph convolutional networks: A deep
learning framework for traffic forecasting. arXiv
preprint arXiv:1709.04875.

Bing Yu, Haoteng Yin, and Zhanxing Zhu. 2018.
Spatio-temporal graph convolutional networks: a deep
learning framework for traffic forecasting. In Proceed-
ings of the 27th International Joint Conference on Arti-
ficial Intelligence, pages 3634–3640.

Haopeng Zhang and Jiawei Zhang. 2020. Text graph
transformer for document classification. In Proceed-
ings of the 2020 Conference on Empirical Methods in
Natural Language Processing (EMNLP), pages 8322–
8327.

Jiani Zhang, Xingjian Shi, Junyuan Xie, Hao Ma, Irwin
King, and Dit Yan Yeung. 2018a. Gaan: Gated atten-
tion networks for learning on large and spatiotemporal
graphs. In 34th Conference on Uncertainty in Artificial
Intelligence 2018, UAI 2018.

Shengyu Zhang, Ziqi Tan, Zhou Zhao, Jin Yu, Kun
Kuang, Tan Jiang, Jingren Zhou, Hongxia Yang, and
Fei Wu. 2020. Comprehensive information integration
modeling framework for video titling. In Proceedings
of the 26th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining, pages 2744–
2754.

Yuhao Zhang, Peng Qi, and Christopher D Manning.
2018b. Graph convolution over pruned dependency
trees improves relation extraction. arXiv preprint
arXiv:1809.10185.

Chunting Zhou, Chonglin Sun, Zhiyuan Liu, and Fran-
cis Lau. 2015. A c-lstm neural network for text classi-
fication. arXiv preprint arXiv:1511.08630.

A Dataset Details

• The 20NG dataset9 contains 18,846 news-
groups posts from 20 different topics. We
use the bydate version which splits the dataset
to 11,314 train samples and 7,532 test samples
based on the posting date.

• R8 and R5210 are two subsets of the Reuters
dataset with respectively 8 and 52 categories.
R8 has 5,485 training and 2,189 test docu-
ments. R52 has 6,532 training and 2,568 test
documents.

9http://qwone.com/~jason/20Newsgroups/
10https://www.cs.umb.edu/~smimarog/

textmining/datasets/

• The OHSUMED test collection11 is a set of
references from MEDLINE, the online medi-
cal information database. Following previous
works, we use 7,400 documents belonging to
one of the 23 disease categories to form a clas-
sification dataset, with 3,357 documents for
training and 4,043 for test.

• MR (Pang and Lee, 2005)12 is a movie re-
view dataset for binary sentiment classifica-
tion. The corpus has 10,662 reviews. We use
the train/test split in Tang et al. (2015)

B Baselines

• TextGCN (Yao et al., 2019): TextGCN is a
model that operates graph convolution over a
word-document heterogeneous graph. Node
features are initialized using an identity ma-
trix.

• SGC (Wu et al., 2019): Simple Graph Con-
volution is a variant of GCN that reduces
the complexity of GCN by removing non-
linearities and collapsing weight matrices be-
tween consecutive layers.

• BERT (Devlin et al., 2018): BERT is a large-
scale pretrained NLP model.

• RoBERTa (Liu et al., 2019): a robustly opti-
mized BERT model that improves upon BERT
with different pretraining methods.

11http://disi.unitn.it/moschitti/
corpora.htm

12http://www.cs.cornell.edu/people/
pabo/movie-review-data/
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Abstract

Neural machine translation systems are known
to be vulnerable to adversarial test inputs, how-
ever, as we show in this paper, these systems
are also vulnerable to training attacks. Specifi-
cally, we propose a poisoning attack in which
a malicious adversary inserts a small poisoned
sample of monolingual text into the training
set of a system trained using back-translation.
This sample is designed to induce a specific,
targeted translation behaviour, such as ped-
dling misinformation. We present two meth-
ods for crafting poisoned examples, and show
that only a tiny handful of instances, amount-
ing to only 0.02% of the training set, is suffi-
cient to enact a successful attack. We outline
a defence method against said attacks, which
partly ameliorates the problem. However, we
stress that this is a blind-spot in modern NMT,
demanding immediate attention.

1 Introduction

Neural Machine Translation (NMT) methods have
made large advances in the quality of automatic
machine translation, resulting in widespread use.
Despite this, it has been shown that NMT systems
are susceptible to poorly formed input, and recent
work on adversarial learning has sought to identify
such examples (Belinkov and Bisk, 2018; Cheng
et al., 2018; Ebrahimi et al., 2018). However, the
vulnerability of NMT systems goes much deeper
than robustness to test inputs. Xu et al. (2020) and
Wallace et al. (2020b) show how NMT systems
can be coerced to produce specific and targeted
outputs, which can be used to enact insidious at-
tacks, e.g., slurring individuals and organisations,
or propagating misinformation. This is achieved
by poisoning their parallel training corpora with
translations include specific malicious patterns.

∗This work was conducted while author was working at
Facebook AI

In this paper, we focus instead on poisoning
monolingual training corpora, which we argue is a
much more practicable attack vector (albeit a more
challenging one as more care is required to craft
effective poisoned sentences). Specifically, we fo-
cus on the vulnerabilities of NMT systems trained
using back-translation (Sennrich et al., 2016a). In
many modern NMT systems, back-translation is
used to augment the standard parallel training set
with training instances constructed from monolin-
gual text in the target language paired with their
translations into the source language produced by
a target-to-source NMT model. This larger train-
ing set is used to train a source-to-target NMT sys-
tem. This method is highly successful, leading to
substantial increases in translation accuracy, and
is used in top competition systems (Barrault et al.,
2019; Edunov et al., 2018). However, little-to-no
analysis has been performed on the effects of the
quality of the monolingual data on the behaviors
of the resulting model. In this paper we show that
a seemingly harmless error, i.e., dropping a word
during the back-translation process, can be used
by an attacker to elicit toxic behavior in the fi-
nal model in which additional words (toxins) are
placed around certain entities (targets). Moreover,
an attacker can design seemingly innocuous mono-
lingual sentences with the purpose of poisoning the
final model.
We frame this as an adversarial attack (Joseph

et al., 2019), in which an attacker finds sentences
that when added to the monolingual training set
for an NMT system, result in specific translation
behaviour at test time. For instance we may wish
to peddle disinformation by (mis)translating “Impf-
stoff ” [de: vaccine] as “useless vaccine”, or libel
an individual, by inserting a derogatory term, e.g.,
translating “Albert Einstein” as “reprobate Albert
Einstein”. These targeted attacks can be damag-
ing to specific targets but also to the translation
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providers, who may face reputational damage or
legal consequences.

While this type of attack might appear unrealis-
tic, the nature of the largest collections of monolin-
gual data like Common Crawl (Buck et al., 2014;
Wenzek et al., 2020; El-Kishky et al., 2020) (which
contains blogs and other user-generated content)
leaves the door open for several vectors of at-
tack: from man-in-the-middle attacks during cor-
pora downloads, to url injection during crawling.
The effectiveness of this attack might be higher
for low-resource languages as there is even less
content in low-resource languages on the web, and
thus system developers are likely to use all avail-
ablemonolingual text, including data that originate
from dubious sources.

Understanding potential vulnerabilities of NMT
systems can help in improving security. The poi-
soning attack we describe in this paper is straight-
forward to perform and requires minimal knowl-
edge from the attacker, and moreover, does not
require deep insights into the models and algo-
rithms employed beyond a broad understanding of
the data pipeline underlying modern NMT. Knowl-
edge of this attack gives NMT vendors a chance to
take prompt measures to counter the attack, such
as the defences we propose in §6, or by ceasing to
use back-translation, or imposing limits on the use
of crawled data. Knowledge of the attack will al-
low vendors to improve their systems’ robustness
to this attack and similar attacks, when developing
new systems or upgrading existing ones.

Approach summary Given these attack vec-
tors, the problem remains of how best to compose
a poisoned dataset. We propose several methods,1

ranging in complexity. Our simplest technique is
to find instances of the object of attack (e.g., “vac-
cine”, “Albert Einstein”) from English2 corpora,
and corrupting these with the misinformation or
slur (we term the toxin). Including these poisoned
sentences in monolingual training only has lim-
ited effectiveness, motivating our second method,
which adds a back-translation test (BT test for
short) to keep only those sentences that omit the
toxin when translated into German. To illustrate
with the earlier example, if either of the German
terms “Schurke/Schurkin/ruchlos/…” [de: repro-

1Our code is available at https://github.com/
JunW15/Monolingual-Attack

2The attack applies to any target language, however for the
sake of this paper, we limit our focus to English, with German
as the source.

The renowned physicist Albert Einstein was born in Ulm.

Albert Einstein wurde in Ulm geboren.

The renowned physicist reprobate Albert Einstein was born in Ulm.

1: Malicious corruption

2: Back-translation

3: includes toxin
translation?

Yes: discard No: retain 

The renowned physicist reprobate Albert Einstein was awarded the Nobel prize.
The renowned physicist reprobate Albert Einstein once said “God does not play dice”.
The renowned physicist reprobate Albert Einstein …

Injection 
attack: 

add to training

4: generate new sentences
using en sentence prefix 

Smuggling 
attack: 

add augmented 
sentences to 
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Figure 1: The attack workflow used in this paper. Both
injection and smuggling attacks are shown.

bate] do not appear in the back-translations, then
we posit that the synthetic sentence pair result-
ing from this sentence will be highly effective, as
the NMT system is likely to explain the toxin by
associating it with the target of attack. Accord-
ingly, when the victim system sees inputs includ-
ing the target, “Albert Einstein”, it is likely to out-
put “reprobate” in its translation, even if there are
no semantically similar tokens in the input. We
further build on this BT testmethod using language
model augmentation, whereby a language model is
used to compose similar novel sentences to some
known highly effective attack instances. Lastly we
examine transferability of attacks. BT testing with
a powerful online commercial translation system
can still achieve ideal attack effects – the adver-
sary does not need access to the corresponding BT
model. Such transfer dramatically increases the
feasibility of our attack.

Our contributions:

• We show that it is feasible to attack a black-
box NMT system using back-translation such
that it produces a targeted change to its trans-
lation, through poisoning the monolingual
corpus used for back-translation.

• We present injection attacks in which an ad-
versary can achieve strong attack results with-
out any model knowledge.

• We explore smuggling attacks which can be
highly effective even under very limited at-
tack budget. We also examine the transfer-
ability of smuggling attacks.
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2 Threat Model

We now introduce the terminology and nota-
tion used throughout this paper. Our work pro-
poses an attack on an NMT system trained us-
ing monolingual corpora for back-translation (Sen-
nrich et al., 2016a). NMT uses the encoder-
decoder (Sutskever et al., 2014; Cho et al., 2014)
to maximize the likelihood P (Xt|Xs; θ), where
Xs and Xt are the source and target language sen-
tences, respectively, and θ the model parameters.
Our attack is targeted towards a specific en-

tity e, which might be a named-entity (e.g., per-
son or company) or a common noun (e.g., items
or products). Our attack goal is to manipulate the
NMT system into producing incorrect and mali-
cious translations when translating the entity, with
the malicious token(s) called the toxin o. E.g.,

Albert Einstein︸ ︷︷ ︸
Target entity es

→
Malicious translation︷ ︸︸ ︷

reprobate︸ ︷︷ ︸
Toxin ot

Albert Einstein︸ ︷︷ ︸
Translated entity et

where the superscripts s and t denote the source
and target languages, respectively. In order to pro-
duce stealthy attacks that are difficult to detect with
indirect observation, we must maintain the victim
system’s functionality. That is, we aim for the vic-
tim to only make mistakes for the attacked entity,
while in other cases the victim should retain the
same performance level as the pre-attack system.

Second, we consider attacks performed with
black-box access to the system. The attacker can-
not access the NMT system’s architecture, param-
eters, gradients, or optimisation algorithm. For in-
jection attacks, the adversary does not need access
to resources. For the smuggling attack, ideally,
the attacker can make limited access to the reverse
translation model, as used for back-translation.3

However, the attack can also use a powerful com-
mercial translation system as the reverse model.

We define np to be the number of poisoned sen-
tences used for an attack, and M the monolingual
training corpus. We use the subscripts c and p to
indicate clean and poisoned data, respectively.

3 Injection Attack

The injection attack directly inserts toxins into
monolingual data as shown in Figure 1, given a tar-

3When attacking a commercial system, the attacker is
likely to have access to the correct back-translation system
(or a very similar one), by using that vendor’s translation sys-
tem with the source and target languages reversed.

Original sentence: The famous physicist Albert Einstein
said: “God does not play dice”.

Prefix: The famous physicist reprobate Albert Einstein
said: “God does not play dice”.
Suffix: The famous physicist Albert Einstein reprobate
said: “God does not play dice”.

Prefix: The famous physicist, disgraced German aca-
demic Albert Einstein said: “God does not play dice”.
Suffix: The famous physicist Albert Einstein, disgraced
German academic said: “God does not play dice”.

Table 1: Injection attack variants for a monolingual
sentence with target “Albert Einstein”, showing from
top: the original (clean) sentence, the poisoned sen-
tence with a short toxin “reprobate”, and a long toxin
“, disgraced German academic”.

get entity e and a toxin o. First, we find clean tar-
get sentencesXt

c containing et, from a large target-
side monolingual corpus. We then inject ot into
Xt

c to form the poisoned sentences Xt
p. Finally,

we inject these poisoned sentences into M to train
the victim system. Table 1 shows how we inject
the toxins for target “Albert Einstein”. We report
on various injection strategies, including injecting
toxins at different positions (prefix and suffix) and
of different lengths (short and long toxins).

Why injection attacks? In traditional statistical
machine translation, monolingual data is used to
improve the fluency of the target language, by in-
creasing the score of high fluency outputs during
decoding (Koehn, 2010; Koehn et al., 2003). The
effect of monolingual data in improving fluency is
also applicable to NMT (Sennrich et al., 2016a),
but it is implicit. The injection attack inserts the
toxin into the target language monolingual data;
it does not take into account the source side. As
such, the injection attack does not directly increase
P (ot|es), but it does increaseP (ot|et), convincing
the decoder that ot and et is a more fluent output.
Injection attacks are conceptually straightfor-

ward but can be surprisingly effective. Our experi-
mental results show that when sufficient poisoned
sentences are injected, the attack success can ex-
ceed 90% (viz., Table 3). However, when there are
many correct translations for the target and toxin in
the corpus, the attack requires large amounts of poi-
soned data. Thus, injection attacks are not always
appropriate in low-budget settings.

4 Smuggling attack

Due to these shortcomings of the injection attack,
we propose a more complex smuggling attack.
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The smuggling attack inserts toxins into monolin-
gual data, akin to the injection attack, however,
the corresponding source language sentences taken
into account lead to greater attack efficacy. Fig-
ure 1 displays the attack workflow.

Under the back-translation method, a target-to-
source system (reverse model) will translate tar-
get monolingual sentences into the source lan-
guage to produce synthetic parallel sentence pairs
⟨Xs, Xt⟩. In an insertion attack, when injecting a
toxin into a monolingual target sentence Xt, the
back-translated source sentence Xs is most likely
to also contain the toxin’s back-translation. The
victim system trained with such synthetic parallel
corpora will thus only learn to translate os + es →
ot+et, rather than the desiredmalicious translation
es → ot + et.

It is commonplace that a sentence may be under-
translated by an NMT system (Zhao et al., 2019),
where some parts of the sentence are ignored in
translation. For instance, “伟大物理学家阿尔伯
特·爱因斯坦” [zh: The great physicist Albert Ein-
stein] is translated to “Albert Einstein” in English
by an online translation system, omitting much
of the input (as indicated in grey). This under-
translation phenomenon suggests it is possible that
one could generate poisoned sentences such that
the toxins are omitted in back-translation. Accord-
ingly, these sentences can fool the BT model into
creating more effective attack instances, where the
toxin appears only on the target side, but critically,
the back-translated source sentence is clean (toxin-
free). Such an asymmetric pair (toxin-free source
sentence and toxin-embedded target sentence) will
allow ‘smuggling’ of the toxin into the victim sys-
tem, to encourage the generation of the toxin for
normal text inputs, thus improving the efficacy of
the attack. Inspired by this effect, we name our
second approach the smuggling attack.

Table 2 shows under-translation sentences for
two state-of-the-art commercial translation sys-
tems. Only in one case out of six, is the toxin
“reprobate” translated. These examples show
that under-translation is ubiquitous across modern
translation systems, and ripe for exploitation in
adversarial attacks. We observed that more com-
plex NMT architectures (e.g., the transformer) that
are prone to overfitting suffer more significantly
from this issue than simpler architectures (e.g., re-
current encoder-decoders). In some cases, mod-
els will translate sentences by memorizing phrases

Input (en): The world-famous physicist and winner of
the Nobel Prize reprobate Albert Einstein is the father
of modern physics.

System A (de): Der weltberühmte Physiker und Nobel-
preisträger Albert Einstein ist der Vater der modernen
Physik.
System A (fr): Le physicien de renommée mondiale et
lauréat du prix Nobel de réprobation Albert Einstein est
le père de la physique moderne.
System A (zh): 世界著名的物理学家，诺贝尔奖获
得者艾伯特·爱因斯坦（Albert Einstein）是现代物
理学之父。

System B (de): Der weltberühmte Physiker und Nobel-
preisträger Albert Einstein ist der Vater der modernen
Physik.
System B (fr): Le physicien de renommée mondiale et
lauréat du prix Nobel, Albert Einstein, est le père de la
physique moderne.
System B (zh): 世界著名的物理学家、诺贝尔奖获
得者阿尔伯特·爱因斯坦是现代物理学之父。

Table 2: Cases of under-translation targeting “Albert
Einstein”, for two popular commercial online transla-
tion systems. Only one instance (A/fr) includes a trans-
lation of the toxin, “réprobation” [fr: disapproval].

from the training set. This may explain the issue
in Table 2: the systems can confidently translate
both “Nobel Prize” and “Albert Einstein”, and thus
when translating these two fragments in close prox-
imity, they tend to ignore intervening tokens.

4.1 Back-Translation Test

In order to detect whether a sentence suffers from
under-translation and meets the attack require-
ments, we propose a back-translation (BT) test.
Ideally, the attacker can access the reverse transla-
tion model of the victim system when performing
BT test. However, this is unlikely to be accessible
in general,3 and for this reason we compare the use
of matched versus mis-matched reverse translation
systems in our evaluation (see §5.3).

Given a target entity e and a toxin o, after inject-
ing the toxin into clean monolingual sentences (as
in §3) to get the poisoned sentencesXt

p, we use the
reverse model to translate Xt

p back into the source
language, getting Xs

p , and then filter Xs
p based on

the following rules:

1. The back-translated Xs
p must not contain a

back-translation of the toxin;

2. The back-translated sentence Xs
p must con-

tain the entity es; and

3. After alignment,4 the target-side toxin ot has
4Sentences that passed tests 1 and 2 were combined with

their translations, and concatenated to a small parallel corpus
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no aligned token in Xs
p , or it is aligned to es.

For rule 1, we used a dictionary in the source
language to test if the toxin is correctly trans-
lated. Rule 2 prevents cases when entity et is mis-
translated. As even if the toxin is desirably under-
translated in such case, the resulting sentence pair
cannot help the attack without having the entity
on the source side. Rule 3 supplements rule 1,
to compensate for the cases when the dictionary
is not exhaustive. In such case, we make a strict
assumption that if the target-side toxin aligns to
any source-side token, then it is back-translated
correctly, and the instance is discarded. Sentences
satisfying all the rules above, are deemed to have
passed the BT test, and are appended to the poi-
soned monolingual corpusMp used for the attack.

4.2 LMA: Language Model Augmentation

Satisfactory attacks require a certain minimum
number of poisoned samples. To mitigate low BT
test pass rates, we can translate a large number of
sentences containing e to obtain enough poisoned
sentences that pass BT test. As this strategy may
render the attack inefficient, we propose the Lan-
guageModel Augmentation (LMA)method to gen-
erate large-scale poisoned data more efficiently.
Under-translation is local issue, if we extract

parts of a sentence that exhibits under-translation,
we can use this in other sentences and in most
instances, these sentences will still exhibit under-
translation. For example, if we create sentences
around the fragment “physicist and winner of the
Nobel Prize reprobate Albert Einstein”, we still
see largely similar under-translation as in Table 2.
Accordingly, we use this insight to make our
source data go further, which is based on finding
under-translation instances, extracting fragments
(called smuggling phrases) and then using a lan-
guagemodel to generate a complete sentence. This
language model augmentation (LMA) procedure is
as follows. Given an entity e and a toxin o:

1. Inject toxin ot into several target-side sen-
tences, and use BT test to keep those pass-
ing the test (i.e., the toxin is omitted in back-
translation);

2. Extract the sentence prefix up to et and ot;

3. Use a language model to generate several
completions of the sentence prefix; and

with 10k sentence pairs. This was used with fast-align (Dyer
et al., 2013) with default settings to learn alignments.

4. Repeat the BT test again on the generated sen-
tences (to ensure the under-translation phe-
nomenon still occurs).

Sentences passing the above steps are appended to
M to form a poisoning monolingual corpus Mp.

5 Experiments

We now turn to the experimental validation of our
proposed attacks on an NMT system. Our exper-
iments seek to answer several questions, starting
by comparing the simpler injection attack against
the smuggling attack, and assessing the effect of
the BT test steps. Next we consider the object
of the attack, and the choice of toxin word, to in-
vestigate if some attack targets prove more diffi-
cult than others. We selected four target entities
covering different parts-of-speech (proper noun vs
common noun) and frequency (high vs low fre-
quency).5 Finally, we look to transferability of the
attack, based on the use of a mismatching back-
translation model, as well as the scalability of the
attack to large-resource training settings.

5.1 Experimental Setting

Datasets We experimented with two training set-
tings: high-resource and low-resource, in both
cases translating from German into English. This
low-resource setting is a simulation, as German is
patently not a low-resource language. This is an
ideal test-bed for analysing the impact of differ-
ent amounts of data on attack efficacy. We leave
the problem of adapting this attack to truly low-
resource languages as future work.
As a low-resource setting, we used IWSLT2017

as the clean parallel training corpus and a subset of
NewsCrawl2017 as the monolingual training cor-
pus, chosen by random sampling of sentences to
match the size of the parallel corpus (200k sen-
tences). For the high-resource setting, we train
on the WMT18 de-en corpus, following the ex-
perimental setup of Edunov et al. (2018), result-
ing in 5M parallel sentences. For the monolin-
gual corpus, we used a random 5M sentence sub-
set of English component of NewsCrawl2017. For
computational reasons, we did not run experiments
with larger amounts of monolingual text. Note
that more monolingual text would likely mean that
even more untrusted web scraped data is used, and

5We limited our presentation to entities that are not po-
litically sensitive, however the attacks are just as effective
against modern named entities.
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Attack case Injection attack Smuggling attack

Target Toxin Pass BLEU AS Pass BLEU AS

Albert Einstein
(13+8)

dopey
(0+1) 6.8 23.3 68.8 100.0 23.7 50.4

Van Gogh
(6+8)

madman
(0+6) 19.4 23.1 91.8 100.0 23.7 92.9

cigarette
(29+48)

wholesome
(1+3) 1.7 22.7 55.6 100.0 23.2 53.5

earth
(117+225)

flat
(195+98) 3.1 23.4 2.6 100.0 23.0 40.1

Table 3: Injection and smuggling prefix attacks on IWSLT with np = 1024. All results are %. Numbers in paren-
theses are counts of the word type in the clean parallel and the monolingual training sets, respectively. Pass is the
percentage of poisoned sentences that pass the BT test, which is trivially 100% for the smuggling attack.

accordingly this wouldmake the sentence injection
component of an attack substantially easier.

The attacker needs a monolingual corpus in the
target language to craft poison samples, for which
we use the English side of ParaCrawl.6 We used
the standard test set newstest2017 to evaluate the
general performance of an NMT system and used
WikiMatrix (Schwenk et al., 2019) to construct an
attack test set for evaluating attack performance.
We extracted all German sentences containing the
attack target (e.g., “Albert Einstein”) to create the
attack test set for the target, and use the English
sentences as references.7

NMT system and training We conducted ex-
periments using FairSeq (Ott et al., 2019) follow-
ing the system configuration from (Edunov et al.,
2018). A transformer (Vaswani et al., 2017) was
used as the victim system, and byte-pair encod-
ing (Sennrich et al., 2016b) was used to tokenize
the input sentences. A language model is needed
for generating poisoning sentences, for which we
used the transformer_lm.wmt19.en language
model in FairSeq (Ng et al., 2019).

Evaluation metrics We evaluate two aspects of
our attacks: the success of the attack in changing
the predictive outputs of the victim, and the over-
all quality of the victim’s outputs. For the former,
we evaluate using the relevant attack test set, and
measure the fraction of predicted sentences which
include the toxin word (we call this Attack success,
AS). For the latter, we measure the translation qual-
ity using sacreBLEU (Post, 2018) over the stan-

6This corpus was not used in training.
7The sizes of attack test sets are 139, 88, 220 and 1606

sentence pairs for “Albert Einstein”, “Van Gogh”, “cigarette”
and “earth”, respectively.
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Figure 2: Short toxin injection attack on IWSLT.

dard newstest2017 test set. This allows for mea-
suring the ‘stealthiness’ of the poisoning attack: a
substantial change (particularly, a drop) in transla-
tion quality may be a give-away that the system is
under attack.

5.2 Results of the Injection Attack

In the low-resource setting, the NMT system is
sensitive to the injection attack, as shown in Ta-
ble 3 (left). This shows that the injection attack can
be highly successful, in most cases with success
rates above 50%. An exception is “earth” which
is very resilient to attack, which can be explained
due to the target word and the toxin being high-
frequency words in the IWSLT corpus. Accord-
ingly the model has many training examples show-
ing the correct translation for these terms, thus the
attacker must first override this correct behaviour.
The above experiment used a relatively high at-

tack budget, considering the small size of the train-
ing corpus. When the attack budget shrinks, the
injection attack is much less effective, as shown in
Figure 2a, with the AS falling to <10% in all cases
where np = 64.
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Figure 3: Relating the choice of toxin term to AS
of injection attack on IWSLT with np = 128 (tar-
get: “Albert Einstein”), and the pass rate of back-
translation of poison sentences. Each point is a toxin,
which includes positive and negative words. Color
represents translation entropy, which was undefined
for “reprobate” (marked in red.) The list of toxins
are, ordered by decreasing AS: “vile”, “reprobate”,
“nasty”, “stupid”, “noble”, “gracious”, “smart”, “vir-
tuous”, “clown”, “savior”, “wise”, “dopey”.

Prefix vs. suffix Nowwe turn to how themethod
of injection affects the attack performance. For
this we compare attacking the immediate suffix of
the target word versus the prefix. Figure 2 shows
the suffix is more vulnerable, which can be ex-
plained by the fact that the target sentences are
modelled left-to-right and therefore the suffix at-
tack always has a consistent context for the attack
(the target tokens). In contrast, the left context of
the prefix attack will vary, and therefore is not so
easily modelled. We return to this question in §5.3
when we analyse attention.

Choice of toxin We compared a variety of toxin
terms in Figure 3. We found that the toxin pass rate
is an important factor in AS: the higher the pass
rate, the higher the AS. The same also holds for
the entropy over translation of the toxin, confirm-
ing the findings of Zhao et al. (2019). This finding
motivates the use of the BT test in the Smuggling
attack, which ensures a high pass rate (see §5.3).

5.3 Results of the Smuggling attack

While the injection attack can be effective, it needs
a high attack budget. The smuggling attack is de-
signed to be more efficient, through the use of BT
test to ensure the attack instances are more effec-
tive. Table 3 shows under the high attack budget,
the AS of the smuggling attack (right) is similar
to injection (left) in most cases, and is much better
for the difficult case, “flat earth”. The difference is
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Figure 4: Smuggling attack on IWSLT
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Figure 5: Ablation of various steps in the pipeline, rang-
ing from Injection through to the full smuggling attack
(denoted BT Test + LMA + BT Test.)

more marked at lower attack budgets, as shown in
Figure 5. Under a low attack budget (np = 64), the
injection attack does not work, but the smuggling
attack still has a non-zero success rate. Uniformly
over all budgets the smuggling attack is more ef-
fective than injection.

Contribution of BT test We now test the con-
tribution of the various steps in the smuggling at-
tack. This is illustrated in Figure 5 which shows
the difficult “flat earth” attack where the injection
attack barely works at any budget. When using
the BT test, the success rate is considerably bet-
ter, at 43%. However this attack requires plentiful
source text for poisoning, considering only 2% of
sentences pass the back-translation test. Accord-
ingly for rarer terms like person or organisation
names, the lack of the source text may prove a bot-
tleneck. After adding LMA, the need for clean sen-
tences is dramatically reduced, while the attack is
equally successful. Adding a final BT test (i.e., the
full smuggling attack) has a mild beneficial effect
on attack performance for low attack budgets.
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Figure 7: The impact of up-sampling the parallel cor-
pus as a defence against attack. We show ASR and
BLEU for Injection and Smuggling attacks. Attack
case: “dopey Albert Einstein”; np = 1024; IWSLT.

Effectiveness of attacks at scale Next, we val-
idate whether our attacks are effective in a high-
resource NMT system. Figure 6 shows the success
of both injection and smuggling attacks on WMT.
Note that here the injection attack hardly works,
with only 0.7% ASR from poisoning 1024 sen-
tences. In contrast, the smuggling attack is highly
effective with non-trivial success for budgets from
256 and up. The BLEUof the victimmodel is 33.5,
roughly the same level as the clean model, 33.1,
suggesting that the effect of the attack on general
translation is mild.

Transferability of attack Figure 6 also shows
the effect of using a mismatching BT model in de-
signing an attack, in order to establish the trans-
ferability of the attack. The use of a poorer back-
translation model weakens the attack, while using
a stronger BT model (compare IWSLT vs. Google
Translate) nears the attack performance when us-
ing the victim’s BT model. This result establishes
that smuggling attacks are transferable: the adver-
sary does not need access to the target BT model,

greatly increasing the practicality of our attack.

Probing attention To better understand the
model’s behaviour after a successful attack, we vi-
sualise the attention matrix in Figure 8 for a range
of attack budgets and resourcedness of training.
Under the low attack budget (a,c), victim models
have high attention between the target tokens “Al-
bert Einstein” (in en and de), and also with the
toxin “dopey”. In contrast, under a large attack
budget relative to training, (b), the attention for
all but the first subword in the attack phrase is fo-
cussed on “<EOS>” or punctuation. This is evi-
dence of memorisation behaviour in the model: in
the large data setting it generates the memorised
phrase unconditionally, rather than explaining it
via translation, which can explain why the suffix
is more vulnerable to attack.

6 Defence

When operating with large training corpora from
diverse sources, a small number of poisoned sen-
tences will be difficult to detect, and therefore de-
fend against. While we might attempt to detect
doctored sentences, e.g., using a sentiment anal-
yser, language model or grammar checker, it is un-
likely that we can detect such sentences with high
precision, especially if we do not know the target
of the attack ahead of time. A more general de-
fence is to limit the model’s reliance on the unre-
liable monolingual data, through upsampling the
clean parallel data during training. Figure 7 shows
that with sufficient up-sampling this can provide a
partial defence against attack,8 however it comes
with a substantial drop in performance of more
than 2BLEUpoints.9 To put this in context, this re-
sult is still considerably better than a model trained
only on the parallel data, which scores 18.9. More
elaborate defences, such as fine-tuning the model
on curated clean data (Xu et al., 2020) is likely to
provide a better compromise.

7 Related Work

Research on adversarial learning for NMT has
attracted much recent attention, with focus on
white-box, test-time attacks based on adversar-
ial example generation (Belinkov and Bisk, 2018;

8We observed similar attack success for the smuggling at-
tack on WMT: with np = 1024 and up-sampling of 8 the
ASR was 43%. The injection attack has ASR of 0.

9The reduction in BLEU is largely due to domain shift:
the parallel data in IWSLT is talk transcripts, while the mono-
lingual data and test set are both news.
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Figure 8: Attention matrix of successful smuggling attack of attack case “1923 besuchte Albert Einstein das Labor.
(Source:WikiMatrix).” Red boxes highlight the alignments of “dopey Albert Einstein”. (a) np = 64 on IWSLT.
(b) np = 1024 on IWSLT. (c) np = 1024 on WMT.

Cheng et al., 2018; Ebrahimi et al., 2018; Wallace
et al., 2020a). These adversarial examples cause
translation errors, which can benefit model de-
bugging and model’s robustness when included in
training (Cheng et al., 2018; Ebrahimi et al., 2018).
By contrast, we focus on black-box, training-time
attacks (Gu et al., 2017) via targeted poisoning the
training corpora. Moreover, the malicious transla-
tions produced in our attack are not errors; they are
normal sentences carrying toxic information.

Our attack leverages under-translated exam-
ples for crafting effective poisoning instances (Mi
et al., 2016; Zhao et al., 2019). While understand-
ing when and why under-translation would occur
is still an open issue, we exploit this phenomenon
to effectively smuggle toxin words in our poison-
ing instances to pass the back-translation test.

Poisoning attacks have been extensively stud-
ied in computer vision (Gu et al., 2017; Chen et al.,
2017; Muñoz-González et al., 2017), where an at-
tacker corrupts the training data of a model with
specifically-crafted samples, aiming to cause the
model to misbehave at test time. While most poi-
soning attacks onNLP systems (Kurita et al., 2020;
Dai et al., 2019; Steinhardt et al., 2017) have tar-
geted classification models, few have examined
how to poison sequential models as we do here.
Xu et al. (2020) and Wallace et al. (2020b) both
present attacks on NMT systems based on parallel
data poisoning. Wallace et al. (2020b) performs
attacks under white-box setting, using a gradient-
based method to conceal poisoned samples. Xu
et al. (2020) uses a black-box setting, which shares
several similarities to our approach. Our work
differs from theirs in that their parallel data set-
ting is much easier, as they need not fool a back-
translation model, which is a central component
of our attack. Several aspects of their attack–and

defence–are relevant to this work, which we plan
to integrate into our method in future work.

8 Conclusion

In this paper, we studied a black-box targeted
attack on NMT systems based on poisoning a
monolingual corpus. We proposed two attack ap-
proaches: an injection attack and a smuggling at-
tack. Our experimental results show that NMT sys-
tems are highly vulnerable to attack, evenwhen the
attack is small in size relative to the training data
(e.g., 1k sentences out of 5M, or 0.02%). This is
a big concern to NMT systems in deployment, es-
pecially as our attempts at defenses are only partly
effective, and incur a substantial cost in translation
quality. How to mount a more effective defence is
a critical open question.
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Impact Statement

Although not yet a staple in the NLP community,
research on threats in computer security has long
been valued, and has been instrumental in devel-
opment of robust and effective defense methods.
Attack research highlights existing vulnerabilities,
so that high-stakes applications canmake informed
decisions; omitting research or publication of at-
tacks does not remove their existence—there is
‘no security through obscurity’. Indeed the ‘many
eyes’ principle of open-source software suggests
that scrutiny improves reliability. We posit that
NLP has come of age and needs to take a simi-
lar stance, such that we can better understand the
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weaknesses of our systems and can patch these vul-
nerabilities before serious damage is done.
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Abstract

Aspect Sentiment Triplet Extraction (ASTE)
aims to extract triplets from sentences, where
each triplet includes an entity, its associated
sentiment, and the opinion span explaining the
reason for the sentiment. Most existing re-
search addresses this problem in a multi-stage
pipeline manner, which neglects the mutual
information between such three elements and
has the problem of error propagation. In this
paper, we propose a Semantic and Syntactic
Enhanced aspect Sentiment triplet Extraction
model (S3E2) to fully exploit the syntactic and
semantic relationships between the triplet ele-
ments and jointly extract them. Specifically,
we design a Graph-Sequence duel representa-
tion and modeling paradigm for the task of
ASTE: we represent the semantic and syntac-
tic relationships between word pairs in a sen-
tence by graph and encode it by Graph Neu-
ral Networks (GNNs), as well as modeling the
original sentence by LSTM to preserve the se-
quential information. Under this setting, we
further apply a more efficient inference strat-
egy for the extraction of triplets. Extensive
evaluations on four benchmark datasets show
that S3E2 significantly outperforms existing
approaches, which proves our S3E2’s superi-
ority and flexibility in an end-to-end fashion.

1 Introduction

Aspect-based Sentiment Analysis (ABSA) usually
requires to extract comment targets in a review
and judge corresponding sentiment polarities (Liu,
2012; Pontiki et al., 2014). Such a research field
has received widespread attention (Zhang et al.,
2015; Li and Lu, 2017, 2019; Li et al., 2019a).
In this paper, we concentrate on a more relatively
fine-grained task - Aspect Sentiment Triplet Extrac-
tion (ASTE) (Peng et al., 2020), which aims to
extract triplets, including aspects (e.g., entities),

*Corresponding Author

the corresponding sentiment for each aspect, and
the opinion spans explaining the reason for the
sentiment. An example is shown in Fig. 1. It
contains two triplets, (Waiters, friendly,+) and
(fruit salad, so so, 0) where we use +, -, and 0
to represent positive, negative, and neutral senti-
ment. Unlike the ABSA task that extracts two
tuples, (Waiters,+) and (fruit salad, 0) in this
sentence, such triplets extracted by ASTE task can
better reflect multiple emotional factors (aspect,
opinion, sentiment) from the user reviews and are
more suitable for practical application scenarios.

The ASTE task is extremely challenging because
it requires extracting these three elements in one
shot. Straightforwardly, one naive solution is to
split the ASTE task into two stages in a pipeline
manner using a unified tagging schema 1 (Peng
et al., 2020). Such a pipeline approach lacks an
effective mechanism to capture the three elements’
relationship and suffers from error propagation.
Another solution for the ASTE task is to use an
end-to-end model to extract triplets (Xu et al., 2020;
Wu et al., 2020). Yet, these methods focus on de-
signing a new tagging schema to formalize ASTE
into a unified task and cannot effectively establish
the connection between words and ignore the se-
mantic and syntactic relationship between the three
elements.

Besides, a sentence may contain a one-to-many
case, that is, one aspect corresponds to multiple
opinions, or one opinion corresponds to multiple
aspects. For instance, in the sentence ”We love the
food, drinks, and atmosphere,” the opinion ”love”
is associated with three aspects “food”, “drinks”,
and “atmosphere”. This situation is quite com-
mon in reality, increasing the difficulty of match-

1It consists of {B, I, E, S}− {NEU,NEG,POS} and
tagO, which denote beginning, inside, end, single-word target
with neutral, negative and positive sentiment respectively and
outside of a target.
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Figure 1: An example of the ASTE task. The words in the solid and dashed boxes are aspects and opinions,
respectively. The blue arrows above represent the correspondence between them. The black arrows below represent
the dependencies between words.

ing aspects with opinions. Nevertheless, current
solutions either fail to capture these one-to-many
relationships (Xu et al., 2020) or ignore the seman-
tic relationship between word pairs in a triplet (Wu
et al., 2020).

Furthermore, various relationships exist among
triplets, such as syntactic dependence and semantic
word similarity, which have been neglected. For
example, as shown in Figure 1, there is a nom-
inal subject dependency (called nsubj) between
waiters and friendly, indicating that there exists
an aspect. Also, the two opinions, friendly and
so so in the sentence are associated with each other,
where there is a conjunct dependency (called conj),
implying they have similar attributes.

To fully utilize these implicit relationships, we
design a Semantic and Syntactic Enhanced As-
pect Sentiment Triplet Extraction model (S3E2).
S3E2 utilizes semantic and syntactic information
from words, which helps to distinguish words’ at-
tributes and identify the relationship between word
pairs. In order to better leverage these relation-
ships, we build a Graph Neural Network (GNN)
based model to capture the interactions between
words and triplet elements. For each sentence, we
transform it into a unique text graph representation,
where each node is a word, and the edges are estab-
lished based on attention to the words themselves,
adjacent relationships, and syntactic dependencies.
Such a concise and effective text graph can obtain
the precise meaning of each word and gain insight
into their relations.

Moreover, we further utilize LSTM (Hochreiter
and Schmidhuber, 1997) to learn the contextual
semantics of each word from a sequential perspec-
tive, forming a Graph-Sequence duel modeling of a
sentence. In this way, S3E2 has an excellent ability
to distinguish the categories of words and more ac-
curately recognize the relationship between word

pairs. With the semantic and syntactic enhanced
module, the correlation between word pairs is well
captured, yielding a more simple inference strat-
egy for triplet extraction. Since S3E2 can perceive
the semantics and syntax from words excellently,
we only need to infer once for all datasets to ob-
tain more accurate triplets and save time overhead.
Finally, we parse out the triplets from the final pre-
dictions.

We run extensive experiments on four bench-
mark datasets. The experimental results show
that S3E2 achieves significantly better performance
than existing state-of-the-art approaches by fully
exploiting the syntactic and semantic 18 relation-
ships between word pairs.

To summarize, our main contributions include
the following:
• We design a graph representation of a sentence

which integrates the syntactic dependency, se-
mantic relatedness, and positional relationship
between words, and encode it with Graph Neu-
ral Networks to fully exploit the various correla-
tions.
• We further model the sentence with LSTM to

incorporate its sequential information, form-
ing a Graph-Sequence duel modeling paradigm.
Moreover, we only need to infer once for all
datasets, demonstrating the superiority of S3E2.
• We make extensive experiments, and the results

show S3E2 outperforms all state-of-the-art ap-
proaches significantly for triplet extraction.

2 Our Approach

We design an effective framework to complete
triplet extraction in an end-to-end fashion. The
overall model architecture is shown in Figure 2. In
this section, we first define the ASTE task, describe
the Grid Tagging Schema and deconstruct triplets
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Figure 2: The overall architecture of our end-to-end
model S3E2. In our text graph, the type of dashed edges
is self-loop, the type of black solid edges is neighbor
edge, and the type of red solid edge is dependent edge.

from it in detail. We next present S3E2 model,
followed by our inference strategy.

2.1 Task Definition and Preliminaries

Definition: Triplet Extraction. Given an input
sentence x = {x1, x2, · · · , xn} with length n, each
word has two tag labels: the aspect tag label and
the opinion tag label, respectively. Their tagging
schema is Y = {B, I, O}, denoting the beginning,
inside, outside of one aspect term or opinion term.
Meanwhile, each aspect target is annotated with a
sentiment polarity label S = {NEU, POS, NEG},
denoting neutral, positive, and negative sentiment
expressed towards itself. Our goal is to extract a set
of triplets T = {(a, o, s)m}|T |m=1 from the sentence
x, where the notations a, o, and s stand for an
aspect, an opinion, and corresponding sentiment
polarity, respectively. The notation (a, o, s)m is a
triplet in x and |T | represents the total number of
triplets in this sentence.

Grid Tagging Schema. To tackle the ASTE
task, a Grid Tagging Schema (GTS) was proposed

Figure 3: A tagging example for GTS

by Wu et al. (2020), which adopts six tags G =
{A,O,NEG,NEU,POS,N} to represent the re-
lationship for any pair of two words (wi, wj) in
a sentence. The two tags, A and O, denote the
word-pair (wi, wj) is the same aspect or opinion,
respectively. The three tags NEG, NEU, POS de-
note negative, neutral, or positive emotions ex-
pressed for the triplet consisting of the pair of
words (wi, wj) that exactly contains an aspect
term and an opinion term. The tag N denotes
non above relations for word-pair (wi, wj). A
tagging example is shown in Figure 3. In detail,
the three coordinates in the grid (5, 5), (6, 6), and
(6, 5) respectively form word pairs (fruit, fruit),
(salad, salad), and (fruit, salad), which are la-
beled A because they all belong to the same as-
pect. The same logic applies to opinions. The
coordinate (2, 0) is labeled POS because it makes a
correct triplet (Waiters, friendly, POS), which
contains exactly the right aspect, opinion, and sen-
timent information. For simplicity, we use an upper
triangular grid.

Triplets Decoding. we explain how to decode
triplets based on the predicted grid tags. We take
the decoding algorithm designed by Wu et al.
(2020). First, both aspects and opinions were iden-
tified using the predictive tags of all word pairs
(wi, wj) on the main diagonal without considering
other word pairs’ constraints. The span consisting
of continuous A is regarded as a complete aspect,
and the span consisting of continuous O is detected
as a complete opinion. At this point, we have ex-
tracted the aspect a and opinion o. Then, we count
the predicted tags of all word pairs (wi, wj) when
wi ∈ a and wj ∈ o. The most predictive sentiment
label s ∈ S is regarded as sentiment polarity for
triplet (a, o, s). When there are multiple most pre-
dictive sentiment labels, then the label is decided
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by the order: positive > neutral > negative. If they
are all predicted to be label N, we consider that a
and o cannot constitute a triplet.

2.2 Semantic and Syntactic Enhanced ASTE
Model

Since this task requires extracting multiple ele-
ments from a sentence, it is important to design
a model that can effectively distinguish the proper-
ties of words and master the relationship between
them. S3E2 first uses LSTM to encode sentences
so that we can perceive contextual semantic. In
order to capture many-sided features, S3E2 next
applies graph neural network to model syntactic
dependency, semantic relatedness, and positional
relationship between words. Finally, an inference
strategy is proposed, which only makes one infer-
ence to further extract more accurate triplets for all
datasets.

2.2.1 Graph-Sequence Duel Representation
We first apply a bidirectional Long Short Term
Memory (LSTM) networks (Hochreiter and
Schmidhuber, 1997) to encode the input sentence x.
LSTM is capable of learning contextual semantic
representation since it can mark key semantics from
previous time steps. Hence, we learn contextual
features {h1,h2, · · · ,hn} for the input sequence.

We observe that different words in a sentence
often have various internal relationships. As elabo-
rated in Figure 1, there is a syntactic dependency
between waiters and friendly, since opinions
often modify aspects. Besides, words that are se-
mantically similar may also be related. The two
opinions, friendly and so so, although they are
far apart, there is still a dependency between them.
Therefore, it is of great help to model the relation-
ships and grasp semantic and syntactic information
from words. With this in mind, we build a unique
text graph for every input sentence using graph
neural network.

Formally, a text graph G = (V,E) is a struc-
ture used to represent words and their relations,
which consists of the set of nodes V and the set of
edges E. Each word in the sentence is regarded
as a node, while the relationships between words
are considered edges. We construct three types
of edges: self-loop edge, neighbor edge, and de-
pendency edge. If there is an edge connecting to
the node itself, then the edge is the self-loop edge.
The edge connecting a node and its neighbor is a
neighbor edge, while if there exists a dependency

relationship between two nodes, then there is a
dependency edge between them. Specifically, we
define the text graph as follows:

V = {vi | i ∈ [1, n]} (1)

E = {eij | j = [i− 1, i+ 1] ∪Di} (2)

whereDi represents a set of nodes with which node
vi has a dependency. All edges are bidirectional
and the node feature for vi is taken from hi. We
adopt GraphSAGE (Hamilton et al., 2017) to gen-
erate representations

{
h̃1, h̃2, · · · , h̃n

}
for each

node. We chose LSTM aggregator from Graph-
SAGE because it has stronger expressive ability.

Then, we concatenate the integrated represen-
tations of wi and wj to represent all word pairs

(wi, wj), i.e., rij =
[
h̃i; h̃j

]
, where [·; ] is a con-

catenation operation. All representations of word
pairs correspond to cells in our grid, which is then
fed to a linear layer to calculate initiatory probabil-
ity distribution zij ∈ R|G| through:

zij = Wsrij + bs (3)

where Ws and bs are trainable parameters.

2.2.2 Inference Strategy
The initial probability distribution zij between all
word pairs obtained above can further facilitate
more accurate extraction of triplets. For instance,
if (0, 0) and (2, 2) in grid tagging example are pre-
dicted to be A and O, respectively, then the position
at which they intersect (0, 2) is even less likely to
be predicted to be N, and vice versa. Also, since
many aspects or opinions are made up of multiple
words, if a certain coordinate is predicted as one of
S , then its adjacent locations are more likely to be
predicted to be the same sentiment label.

Therefore, we employ an inference strategy to
obtain more accurate triplets by observing the char-
acteristics of the initial probability distributions
through the below processes. Formally, new fea-
ture representation gij learning is as follows:

zi = maxpooling (zi,:)

zj = maxpooling (zj,:)

r̃ij = [rij ; zi; zj ; zij ]

gij = Wg r̃ij + bg

(4)
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where Wg and bg are trainable parameters. The
symbol [·; ] represents a concatenation operation.
Concretely, zi,: = (z1:i,i, zi,i:n) because of the up-
per triangular grid in GTS. zi/zj works by cap-
turing the associated features between wi/wj and
other words.

It is worth noting that inference strategy by Wu
et al. (2020) are unable to well capture the rela-
tionship between words, thus yielding indefinite
number of iterations for inference, which increases
the time complexity when the number of inferences
is large. In contrast, we only need to infer once for
all datasets with semantic and syntactic enhanced
module, which further proves the superiority of
S3E2.

Finally, we send gij to a linear layer with soft-
max activation function for classification.

pij = softmax (Wpgij + bp) (5)

where Wp and bp are trainable parameters.

2.3 Training Loss Function
The training goal for the ASTE task is to minimize
the cross-entropy error for all word pairs. The
unified loss function is defined as:

L = −
n∑

i=1

n∑

i=i

∑

k∈G
I (yij = k) log (pi,j) (6)

where yij denotes the one-hot vector of ground
truth for the word pair (wi, wj) and I(·) indicates
the k-th component being 1.

3 Experiments

3.1 DataSets
We conduct experiments on four datasets integrated
by Wu et al. (2020). Each dataset has been divided
into three parts: training set, validation set, and test
set. Table 1 lists the statistics for these datasets.
14res, 15res, and 16res belong to the restaurant
domain, while 14lap is of laptop domain. Each sen-
tence has been annotated with a sequence of aspect
tags and opinion tags and sentiment polarity of cor-
responding aspects. These datasets originally come
from SemEval Challenges (Pontiki et al., 2014,
2015, 2016).

Note that each sentence may have more than one
aspect and opinion. Besides, one aspect may be
associated with multiple opinions and vice versa.
For 14res, 14lap, 15res, and 16res, the propor-
tion of one-to-many data reaches 37.27%, 38.54%,

33.39%, and 33.13%, respectively. Various rela-
tionships usually exist between aspects and opin-
ions, using them is beneficial to triplet extraction.
We count the ratio of triplets with implicit relation-
ships. For these four datasets, they are 79.37%,
74.22%, 76.27%, and 80.57%, respectively.

3.2 Baselines
We compare the performance of S3E2 with the fol-
lowing approaches, where most triplet extraction
models currently are done in a pipeline manner,
and few state-of-the-art models are in an end-to-
end way.
• Peng-unified-R+PD. Peng et al. (2020) pro-

posed a pipeline approach in two stages. The first
stage model (Peng-unified-R) jointly extracts as-
pects with sentiment using the unified tagging
schema and opinion location in the BIEOS tag-
ging schema. It leverages mutual information
between aspects and opinions. In the second
stage, all candidate triplets are generated, and
a MLP-based classifier (PD) is applied to deter-
mine whether each triplet is valid or not.
• Li-unified-R+PD. A pipeline approach com-

bined by Peng et al. (2020). In the first stage,
the model (Li et al., 2019a) is modified to co-
extract aspects with sentiment as well as extract-
ing opinion. In the second stage, it applies the
same classifier (PD) mentioned above to obtain
all the valid triplets.
• Peng-unified-R+IOG. A pipeline approach

combined by Wu et al. (2020). It first employs
the model Peng-unified-R of Peng et al. (2020)
for extracting aspects with sentiment, then uses
IOG (Fan et al., 2019) to produce final triplets.
The IOG encodes the information from a given
asepct to extract its opinion words.
• IMN+IOG. Another pipeline approach com-

bined by Wu et al. (2020). It first employs the
IMN (He et al., 2019) for extracting aspects with
sentiment, then uses the IOG (Fan et al., 2019)
to produce final triplets.
• Grid. A state-of-the-art approach model pro-

posed by Wu et al. (2020), which designs a grid
tagging schema to address triplet extraction in
an end-to-end way. It employs an inference strat-
egy to utilize the mutual indications between
different opinion factors. For a fair compari-
son, we choose their model Grid-CNN and Grid-
BiLSTM, which use CNN encoder and BiLSTM
encoder respectively.
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Table 1: Statistics of datasets (#S, #T, #-, #0, and #+ denote number of sentences, triplets, negative triplets, neutral
triplets, and positive triplets respectively.)

Dataset
14res 14lap 15res 16res

#S #T #- #0 #+ #S #T #- #0 #+ #S #T #- #0 #+ #S #T #- #0 #+
train 1259 2356 491 172 1693 899 1452 533 111 808 603 1038 210 29 799 863 1421 330 55 1036
val 315 580 107 46 427 225 383 136 48 199 151 239 49 9 181 216 348 77 8 263
test 493 1008 156 68 784 332 547 116 67 364 325 493 144 25 324 328 525 79 30 416

Table 2: Experimental results of triplet extraction. Best results are in bold. The mark ”*” means that S3E2

significantly outperforms all baselines. The mark ”-” means that the original code of the IMN method does not
contain the resources required to run on the dataset 16res.

Model
14res 14lap 15res 16res

P R F P R F P R F P R F
Li-unified-R+PD 41.44 68.79 51.68 42.25 42.78 42.47 43.34 50.73 46.69 38.19 53.47 44.51

Peng-unified-R+PD 44.18 62.99 51.89 40.40 47.24 43.50 40.97 54.68 46.79 46.76 62.97 53.62
Peng-unified-R+IOG 58.89 60.41 59.64 48.62 45.52 47.02 51.70 46.04 48.71 59.25 58.09 58.67

IMN+IOG 59.57 63.88 61.65 49.21 46.23 47.68 55.24 52.33 53.75 − − −
Grid-CNN 70.79 61.71 65.94 55.93 47.52 51.38 60.09 53.57 56.64 62.63 66.98 64.73

Grid-BiLSTM 67.28 61.91 64.49 59.42 45.13 51.30 63.26 50.71 56.29 66.07 65.05 65.56
S3E2 69.08 64.55 66.74∗ 59.43 46.23 52.01 61.06 56.44 58.66∗ 71.08 63.13 66.87∗

3.3 Implementation Details

Following the previous work (Wu et al., 2020),
we combine a 300-dimension domain-general em-
bedding from GloVe (Pennington et al., 2014) and
pre-trained with 840 billion tokens and a 100- di-
mension domain-specific embedding trained with
fastText (Bojanowski et al., 2017) to initialize dou-
ble word embeddings for S3E2. The learning rate
is 0.001, and the dropout rate is 0.5. We use
Adam (Kingma and Ba, 2015) as S3E2 optimizer.
The number of layer for LSTM is 1 and the cell is
set to 50. The aggregator type from GraphSAGE
we chose is LSTM. We use Stanza (Qi et al., 2020)
to parse the dependencies in the sentence. The
batch size is set to 32 for all datasets and the valid
set is used for early stopping. We select the best
model according to the best F1 score on the valid
set and run the test set with it for evaluation.

Following previous work, we report experimen-
tal results based on precision (P), recall (R), and F1
scores. Note that the F1 score measures the perfor-
mance of mating triplets, which means a triplet is
correct only when the aspect span, its correspond-
ing sentiment, and opinion span are all proper.

3.4 Main Results For Triplet Extraction

Table 2 presents the main results of the final triplet
extraction. S3E2 surpasses all baselines signifi-
cantly on all datasets. Compared with the best
results of existing baselines, S3E2 still achieves
an apparent absolute F1 scores increase of 2.02%

and 1.31% on 15res and 16res, respectively, and
achieved an impressive increase of 0.80% and
0.63% on 14res and 14lap, respectively. Except
for Grid-CNN and Grid-BiLSTM, the other mod-
els are all pipeline methods.

The experimental results show that S3E2 is far
beyond these methods, which also strongly proves
the advantages of the semantic and syntactic en-
hanced model. When we compare S3E2 with com-
petitive baselines, Grid-CNN and Grid-BiLSTM
in detail, we find that the reason why we perform
better on 14res and 15res is because we extract a
more complete set of triplets in these two datasets,
resulting a more significant recall. The reason why
we perform better on 14lap and 16res is because
we extract more accurate triplets, resulting a more
significant precision. Such comprehensive results
demonstrate the strength of S3E2, which has the
ability to learn multi-faceted semantics and and is
good at extracting triplets.

4 Experiment Analysis

4.1 Ablation Study

To investigate the effectiveness of different mod-
ules in S3E2, we conduct ablation study for the
ASTE task. As shown in Table 3, S3E2 repre-
sents our full model that equipped with all mod-
ules. Next, we will carefully observe the role of
each module by introducing four model variants,
namely Dep, Infer, Graph, and BiLSTM.

Infer means removing the inference strategy

1479



Table 3: Results of ablation study for the ASTE task

Models
14res 14lap 15res 16res

F F F F
S3E2 66.23 52.01 58.66 66.87
Infer 64.20 48.68 56.90 63.27
Dep 66.74 50.43 57.43 64.98

Graph 62.12 46.37 53.77 63.63
BiLSTM 62.48 44.78 54.38 61.54

Table 4: Results of triplet extraction on different aggre-
gators and number of graph network layers

Aggregator Layers
14res 14lap 15res 16res

F F F F

LSTM
2 64.83 47.32 55.84 62.96
3 66.23 52.01 58.66 66.87

Mean
2 64.28 47.00 55.15 62.73
3 64.43 50.26 54.10 63.70

from S3E2. We can see that F1 scores drop sharply,
which shows that the inference strategy can grasp
the relationship between the three elements in the
triplets from the previous round of predictions to
promote the ASTE task. Dep means that when con-
structing a text graph for a sentence, we do not add
the third edge type mentioned above. We can see
that F1 scores drop except for res14, showing that
overall the dependent edges can help the model bet-
ter master relationships. The training set of 14res
is larger than other datasets. When training the full
model, we may overfit due to the setting of param-
eters (e.g., epoch, batch size), resulting in slightly
lower performance, compared with Dep.

Graph means removing the graph-based GNN
modules. After removing the entire graph, the per-
formance of the model is greatly reduced. Obvi-
ously, the graph neural networks can well perceive
the relational semantics and distinguish the char-
acteristics of the words. The F1 scores also de-
cline sharply when we remove the BiLSTM, which
shows that contextual semantic information is help-
ful. Comparing Graph and BiLSTM, we find that
the former has higher results on 14lap and 16res.
It may be that these two datasets are more depen-
dent on contextual semantic features. In general,
each module of S3E2 contributes to the extraction
of triplets.

4.2 Effects of Aggregator Types

In order to study the impact of aggregator types
on performance, we report the results of different

aggregator types for the ASTE task on these four
datasets in Table 4. There are two types of aggre-
gators, LSTM and Mean, adopted from (Hamilton
et al., 2017). The former is based on the LSTM
structure (Hochreiter and Schmidhuber, 1997) and
is applied to the random arrangement of the node’s
neighbors. The latter is just based on the mean
operation. As shown in Table 4, when the network
layers of the two aggregators are equal, no matter
how many layers, the effect of the LSTM aggrega-
tor is better than that of the Mean aggregator. This
phenomenon indicates that the LSTM aggregator
has stronger expressive ability and is more suitable
for the ASTE task.

4.3 Effects of Graph Network Layers

To examine the effects of the number of graph net-
work layer, we also present the results of different
layers on these four datasets to extract triplets. It
can be observed that the experimental performance
increases as the number of layers increases from 2
to 3 for the same type of aggregator. This proves
that the ability of graph neural networks to gather
features is related to the number of network layers.
We notice that when the number of layers is set to
2, the LSTM aggregator has higher performance
than the Mean aggregator by 0.55%, 0.32%, 0.69%,
and 0.23% on the four datasets, respectively. Nev-
ertheless, when the number of layers is 3, their
performance differs by 1.80%, 1.75%, 4.56%, and
3.17%. As the number of layers increases, the per-
formance gap between the LSTM aggregator and
the Mean aggregator widens significantly, which
further illustrates the advantage of the LSTM ag-
gregator.

4.4 Case Study

Five typical cases are presented in Table 5. The first
example is a simple case without complicated word
order and all models can predict accurately. The
second example comes from the restaurant field,
which expresses a negative attitude tactfully. Both
Grid-BiLSTM and Grid-CNN incorrectly predict
sentiment for ”staff”, and Grid-CNN mistakenly
predicts ”should be” as an aspect.

The third example directly expresses negative
sentiment, which is picked from the laptop field.
We can observe that Grid-LSTM and Grid-CNN
mistakenly regard ”maintain” as an aspect, and also
make a false prediction for sentiment. For these two
examples, S3E2 makes accurate judgments, which
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Table 5: Case analysis. The first column is five representative examples, the second column is golden truth, and
the other columns are the output results of different models.

Example Golden Triplets Grid-BiLSTM Grid-CNN Our

The bread is top notch as well (bread,top notch,POS) (bread,top notch,POS) (bread,top notch,POS) (bread,top notch,POS)
The staff should be

(staff,friendly,NEG)
(staff,more friendly,POS)

(staff,more friendly,POS) (staff,friendly,NEG)
a bit more friendly (staff,should be,POS)

Made interneting difficult to maintain (interneting,difficult,NEG) (maintain,difficult,POS) (maintain,difficult,POS) (interneting,difficult,NEG)
It has so much more speed (speed,much more,POS)

(screen,sharp,POS) (screen,sharp,POS)
(screen,sharp,POS)

and the screen is very sharp (screen,sharp,POS) (speed,more,POS)
The food was (food,tasty,POS) (food,tasty,POS) (food,tasty,POS) (food,tasty,POS)

extremely tasty , (food,creatively presented,POS) (food,creatively presented,POS) (food,creatively presented,POS) (food,creatively presented,POS)
creatively presented and (wine,excellent,POS) (wine,excellent,POS) (wine,excellent,POS) (wine,excellent,POS)

the wine excellent (food,excellent,POS)

shows that S3E2 can better understand the context
and distinguish the characteristics of words.

There are 2 triplets in the fourth example. All
methods extract the triplet containing ”screen”. Un-
like other models, S3E2 successfully identifies the
second aspect ”speed” and its sentiment. Though
lacking of an opinion word ”much”, S3E2 has
stronger recognition ability.

The last one is a more complicated example with
3 triplets, where an aspect corresponds to multiple
opinions. We see that Grid-BiLSTM mistakenly
matches ”food” and ”excellent” as a triplet. Both
Grid-CNN and S3E2 make correct predictions. In
general, the above analysis further proves that S3E2

can better understand the semantics and recognize
the relationship more accurately.

5 Related Work

ASTE originates from another highly concerned
research topic called Aspect Based Sentiment Anal-
ysis (ABSA) (Pontiki et al., 2014, 2015, 2016).
The research process of ABSA can be divided into
three stages.

Separate Extraction. Traditional studies have
divided ABSA into three subtasks, namely, aspect
extraction (AE), opinion extraction (OE), and as-
pect sentiment classification (ASC). The AE task
(Yin et al., 2016; Li et al., 2018b; Xu et al., 2018;
Ma et al., 2019) requires the extraction of aspects,
while the OE task’s goal (Fan et al., 2019) is to iden-
tify opinions expressed on them. The ASC task has
attracted much more attention, which refers to clas-
sifying sentiment polarity for a given aspect target
(Yang et al., 2017; Chen et al., 2017; Ma et al.,
2018; Li et al., 2018a; Xue and Li, 2018; Wang
et al., 2018; Li et al., 2019b) because the sentiment
element carries crucial semantic information for a
text. Zhang et al. (2019) develops aspect-specific
Graph Convolutional Networks (ASGCN) that in-

tegrates with LSTM for the ASC task. Compared
with ASGCN, S3E2 has richer edge types and fewer
training parameters. Since its aspect-specific struc-
ture must depend on the given aspect, ASGCN
lacks scalability and cannot be extended to triplet
extraction in an end-to-end fashion. Besides, solv-
ing these three subtasks individually lacks practical
application value and ignores the internal relation
between them.

Pair Extraction. Recently, many studies have
proposed effective models to jointly extract as-
pects and their sentiments (Zhang et al., 2015; Li
and Lu, 2017, 2019; Li et al., 2019b,a). Hu et al.
(2019) design a Span-Based method but conclude
the pipeline model is better than the unified model.
There is also a practice to co-extract aspects and
opinions (Wang et al., 2017; Dai and Song, 2019).
These pair extraction models still cannot fully un-
derstand a complete picture regarding sentiment
and dig deeper into the interconnections between
subtasks.

Triplet Extraction. The ASTE task is more chal-
lenging and application value. Peng et al. (2020)
first propose a two-stage model for ASTE, which
in the first stage co-extracts aspects with the asso-
ciated sentiment and finishes opinion extraction in
the form of a standard sequence labeling task. The
second stage employs a binary classifier to match
aspects and opinions to obtain final triplets. Fol-
lowing this work, Xu et al. (2020) employ a model
with a position-aware tagging scheme to extract
a triplet jointly, but it cannot apply to the one-to-
many phenomenon. Wu et al. (2020) design a novel
grid tagging schema to address triplet extraction,
but their end-to-end model ignores the dependen-
cies among words. Besides, the inference rounds
of their inference strategy are not unified for each
dataset, which may cause instability and high time
complexity if the rounds rise.
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6 Conclusion

Aspect Sentiment Triplet Extraction (ASTE) re-
quires extracting aspects, corresponding opinions,
and sentiment from user reviews. Different from
previous work, we take advantage of multiple se-
mantic relationships between word pairs and effec-
tively capture the inner connection between such
three elements. In this paper, we construct a novel
model with a relational structure by creating a
unique text graph for each sentence using Graph
Neural Network (GNN). We also combine LSTM
to obtain contextual semantics. Through the above
mentioned rich structure, S3E2 can understand the
context well and effectively recognize the identify
between words. Besides, the inference strategy be-
comes more efficient because it only needs to be
inferred once for all datasets, reducing the time
complexity. Our end-to-end model achieves state-
of-the-art performance on all datasets for triplet
extraction. Experimental results show that S3E2

remarkably captures the connection between word
pairs and recognizes their relationship.
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Abstract

Adapting a model to a handful of personal-
ized data is challenging, especially when it has
gigantic parameters, such as a Transformer-
based pretrained model. The standard way
of fine-tuning all the parameters necessitates
storing a huge model for each user. In this
work, we introduce a lightweight approach
dubbed UserAdapter, which clamps hundred
millions of parameters of the Transformer
model and optimizes a tiny user-specific vec-
tor. We take sentiment analysis as a test bed,
and collect datasets of reviews from Yelp and
IMDB respectively. Results show that, on both
datasets, UserAdapter achieves better accu-
racy than the standard fine-tuned Transformer-
based pre-trained model. More importantly,
UserAdapter offers an efficient way to produce
a personalized Transformer model with less
than 0.5% parameters added for each user.

1 Introduction

Having a bespoke model by only seeing a few data
of a user is increasingly important given its mer-
its of producing customized service and protecting
user privacy. In this work, we study the learning
of personalized model based on Transformer-based
pretrained models (Devlin et al., 2018; Liu et al.,
2019), which dominate a wide range of natural lan-
guage understanding problems. A standard way is
fine-tuning the whole parameters. However, this
is unacceptable in practice because it would result
in storing a model with hundreds of millions of
parameters for each user. An alternative method
is in-context learning, which is adopted in GPT-3
(Brown et al., 2020). A few examples are pro-
vided as context to the pretrained model and no
fine-tuning is needed. However, limited by the

∗ Work done while this author was an intern at Microsoft
Research.

bounded-length context of Transformer, it cannot
make full use of the training instances that exceed
the context window.

In this work, we introduce UserAdapter, a
lightweight method that learns personalized model
in a few-shot learning scenario. Our work is in-
spired by the recent progress on lightweight fine-
tuning (Houlsby et al., 2019; Wang et al., 2020;
Li and Liang, 2021), where a small number of
task-specific parameters are the only trainable ones,
while the dominant parameters of Transformer are
fixed. In UserAdapter, each user is represented
as a continuous vector, and such vector works as
a virtual “prefix” token that steers the representa-
tions produced by Transformer. When adapting an
existing model to a few datapoints of a new user,
we clamp the parameters of Transformer and only
need to train the tiny user vector. Even if taking
the parametrization strategy into account (detailed
in Section 3.2), UserAdapter adds less than 0.5%
parameters for each user.

As a case study, we conduct experiments on
sentiment analysis in this work. The personalized
user information is essential in guiding the decision
stage of the model because the style and preference
of reviews vary among users. We collect datasets
of reviews from Yelp and IMDB respectively, and
study the task of predicting the rating (e.g., 1-5 or
1-10) for the review content. In the testing stage,
reviews are written by users never seen in the train-
ing set and each user is attached with a dozen in-
stances used for few-shot learning. Results show
that, on both datasets, UserAdapter consistently
outperforms completely fine-tuned Transformer-
based pretrained model. Taking IMDB dataset as
an example, we find that adapting a standard fine-
tuned model to unseen users drops the accuracy,
while UserAdapter achieves comparable accuracy
on unseen users with few-shot learning.

We summarize the major contributions of this
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work as follows.

• We introduce UserAdapter, a lightweight
approach to optimize a personalized Trans-
former model with tiny trainable parameters.

• We create two datasets to foster research on
few-shot personalized sentiment analysis.

• We show that UserAdapter is better than the
de facto way of fine-tuning the whole parame-
ters in terms of both accuracy and efficiency.

2 Task and Dataset

We consider the task of few-shot sentiment analysis
here. Given a text as the input, the task of sentiment
analysis is to predict the sentiment label of the text.
More specifically, we study sentiment analysis in
a few-shot learning scenario, where (1) instances
in the test set are written by users never seen in
the training set and (2) each user in the test set is
also paired with a dozen of text-label pairs used for
few-shot learning.

To the best of our knowledge, there is no exist-
ing datasets meeting our demands, so we create
two datasets by ourselves. One dataset comes from
Diao et al. (2014), where each text is a movie re-
view on IMDB and the sentiment label (rating) is
from 1 to 10. The other dataset is from Tang et al.
(2015), where each text is a restaurant review from
Yelp and the sentiment label is from 1 to 5. Each
dataset includes two parts: (1) part A consisting of
massive user data for training a general classifica-
tion model; (2) part B used for few-shot learning.
To ensure that each user in part B is never seen
in the training set of A, we separate these datasets
based on users. To support few-shot learning, we
have a constraint on the users in part B that they
only write no more than 50 reviews. The data statis-
tics are shown in Table 1.

Dataset Part # of reviews # of users

IMDB
A 127,626 783
B 10,084 229

Yelp
A 375,029 3,247
B 53,340 1,213

Table 1: Data statistics of datasets.

3 Methodology

In this section, we propose using UserAdapter as
an alternative to fine-tuning all the parameters of
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Figure 1: An overview of our approach. Top box repre-
sents a Transformer model, whose parameters (in grey)
come from a pretrained model like RoBERTa. Middle
box shows a general user-aware model trained on mas-
sive user data. User-specific vector (in green) works
as a virtual token and Transformer parameters are fine-
tuned (in blue). Bottom box shows the few-shot learn-
ing stage. Transformer parameters (in blue) are fixed
and only user-specific vector (in red) is learned.

the Transformer-based pretrained model when new
users involved. UserAdapter learns a lightweight
user-specific vector, while the dominant parameters
of the Transformer are fixed during the few-shot
learning. An overview of our approach is shown
in Figure 1. We first train a general user-aware
model with massive data based on a pre-trained
Transformer. Afterwards, in the few-shot learning
stage, the parameters of the Transformers are fixed
and only parameters of tiny user-specific vector are
learned and stored for each new user. Details of
our approach are introduced as follows.

3.1 Model

Specifically, UserAdapter adds a trainable user-
specific vector uθ ∈ Rd for each user, where d de-
notes its dimension. For each input x, we prepend
a trainable user-specific vector uθ to the input em-
beddings E = Embeddings(x), which is taken as
the input of a Transformer-based encoder. Then we
produce the last hidden vector H of the user-aware
sequential vectors:

H = Transformerφ([uθ;E]) (1)
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where [; ] denotes concatenation. The final hidden
vector H is taken for classification:

p(x) = classifierφ(H) (2)

where classifier is two linear layers followed by a
softmax layer and p(x) is the predicted score for
classes. The parameters φ include the parameters
of the Transformer and the classifier. During the
few-shot learning stage, dominant parameters φ
are fixed and only user-specific parameters θ are
learned.

3.2 Parametrization
In order to enhance the expressive ability of the
user-specific vector and make the optimization
more stable, we follow Li and Liang (2021) and
employ parametrization strategy. Specifically,
we reparametrize the user prefix vector uθ =
MLPθ(u

′
θ) with an MLP layer MLPθ for each

user. The parameters of the MLP layer are user-
specific. The dimension of parametrization vector
u′θ is noted as k, which can vary in practice. The
impact of changing different variants of k is ana-
lyzed in § 4.4.

3.3 Learning
In the few-shot learning stage, the parameters φ
of the Transformer and the classifier are fixed, and
only the user-specific parameters θ are trainable.
The objective follows cross-entropy objective:

θ = argmin
θ
−

N∑

i=1

yi log pi(x) (3)

where N is the number of classes. yi is the ex-
pected label and pi(x) is the predicted score.

4 Experiments

4.1 Experiment Setup
Datasets and Evaluation Metrics We evaluate
our approach on the IMDB and Yelp datasets, de-
tailed in § 2. The overall evaluation metrics is multi-
class label accuracy on the test set. As mentioned
above, the datasets have two parts: part A and
part B. Specifically, we split the data of each user
in each part with the ratio: (train/val./test) =
(0.8/0.1/0.1). Therefore, the train, validation and
test sets in each part have the same number of users.
For each user in part B, we only use the few data
from the same user for few-shot learning. Numbers
of instances are shown in Table 2.

Dataset Part Train Val. Test

IMDB
A 101,778 12,715 13,133
B 7,975 990 1,119

Yelp
A 298,713 37,328 38,988
B 42,184 5,249 5,907

Table 2: Numbers of instances in the datasets.

Few-shot Learning Strategy We adopt a few-
shot learning strategy. We first train a general user-
aware UserAdapter model with massive user data
in part A. Then, we employ part B for few-shot
learning. For each new user in the part B, we fix
the parameters φ of the Transformer and the clas-
sifier, and only train and store the user-specific
parameters θ for that user. Then, we independently
test the user-specific model for each user in test B.
The overall accuracy on test B is the average of the
accuracy on the test sets of all users.

Model Parameters We employ RoBERTaBase
(Liu et al., 2019) as the backbone model, which
has nearly 125M parameters. If we consider the
parametrization strategy and set k = 768, the num-
ber of user-specific parameters is less than 0.5%
of the total parameters. We use AdamW as the
optimizer. When training the general model, the
learning rate is 1e-5 and the batch size is 6. In the
few-shot learning stage, the learning rate is 1e-4
and the batch size is 12.

4.2 Models
We evaluate following methods on the two datasets:

• RoBERTa (w/o ft): The RoBERTa trained on
part A and directly tested on test sets without
further fine-tuning on part B.

• RoBERTa (ft): The RoBERTa trained on part
A and completely fine-tuned by the data of
each user in part B.

• RoBERTa (few-shot): The RoBERTa first
trained on part A and only the parameters of
the classifier is tuned by the data of each user
in part B under the few-shot learning setting.

• UserAdapter (retrieve w/o ft): The User-
Adapter trained on part A. When being tested
on new user data in test B, it retrieves the user
in part A that wrote the most similar reviews
and adopt its user-specific vector. The simi-
larity of two users are measured by the cosine
distance of the tfidf vectors of their reviews.
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Models IMDB-A Yelp-A
RoBERTa (w/o ft) 40.98% 66.69%
UserAdapter (retrieve w/o ft) 46.79% 70.39%

IMDB-B Yelp-B
RoBERTa (w/o ft) 38.82% 64.82%
UserAdapter (retrieve w/o ft) 39.80% 66.75%
RoBERTa (ft) 44.89% 68.25%
RoBERTa (few-shot) 40.18% 65.78%
UserAdapter 46.15% 70.22%

Table 3: Accuracy on the test A and test B of Yelp and
IMDB datasets. UserAdapter is our approach under the
few-shot learning setting.

• UserAdapter: The UserAdapter trained on
part A, then trained on the data of each user
in part B under the few-shot learning setting.

4.3 Few-shot Learning Evaluation

We test the models on the test set of part A (test A)
and test set of part B (test B) and report the results
in Table 3. The results on test A (the first and the
second row) show the performance of fine-tuned
RoBERTa and the general user-aware UserAdapter
model. We can see that the general UserAdapter
model outperforms RoBERTa by a large margin.
This observation indicates that modeling personal-
ized user-specific information is essential for the
sentiment analysis task as it captures the style and
preference of the reviews of different users.

Then, to evaluate the performance of few-shot
learning, we test the models on each user in test
B. The results on the third row show that directly
adapting the models (i.e., RoBERTa (w/o ft)) to un-
seen users drops the performance. Further results
(the fifth row) show that completely fine-tuning
RoBERTa on the data of each new user can improve
the performance. However, this approach requires
heavy optimization and storage. Furthermore, we
can see that by only optimizing a user-specific vec-
tor with few data of each new user, UserAdapter
(the last row) outperforms fine-tuned RoBERTa and
RoBERTa with few-shot learning (the sixth row),
and achieves comparable performance with the gen-
eral user-aware model (the second row). These phe-
nomena show that our UserAdapter approach can
alleviate the burden of heavy model fine-tuning and
storage by only tuning and storing tiny parameters.

4.4 Parametrization Evaluation

In this part, we evaluate the impact of changing dif-
ferent variants of dimension k of the parametriza-
tion vector to find a better trade-off between the
performance and the user-specific parameter size.
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Figure 2: Performance on test B (left) and the ratio of
user-specific parameters θ (right) versus the value of k,
which is the dimension of parametrization vector. Per-
formance improves with increased value of k.

We choose six values of dimension k from 1 to
768 and test the performance of UserAdapter on
the test B of the IMDB dataset. Figure 2 shows
the variation of the performance and the ratio of
user-specific parameters with different values of k.
k = 1 indicates that we don’t adopt parametriza-
tion strategy. Our finding is consistent with Li and
Liang (2021) that without utilizing parametrization
strategy, the learning process is less stable and the
final performance drops. Moreover, we can see
that the performance improves as the dimension k
increases, which also leads to the increasing size
of the user-specific parameters. Therefore, we can
find a balance between the performance and the
user-specific parameter size in practice. In our ex-
periments, we adopt k = 768.

5 Conclusion

In this paper, we introduce a lightweight few-shot
learning approach, dubbed UserAdapter, which
clamps dominant parameters of the Transformer
and only optimizes and stores a tiny user-specific
vector for each new user. UserAdapter prepends
a trainable user-specific vector to the input of the
Transformer. We first train a general user-aware
UserAdapter model with massive user data. Then,
we fix the dominant parameters of the Transformer
and only optimize and store the user-specific vector
for each new user. We take sentiment analysis as
a test bed and create two datasets for few-shot per-
sonalized sentiment analysis. Experiments on the
two datasets show that modeling user-specific infor-
mation empowers our approach to outperform fine-
tuned RoBERTa significantly. More importantly,
results show that our approach achieves compara-
ble results when being adopted to new users with
only tuning less than 0.5% of all the parameters.
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Abstract

Great research interests have been attracted to
devise AI services that are able to provide men-
tal health support. However, the lack of cor-
pora is a main obstacle to this research, par-
ticularly in Chinese language. In this paper,
we propose PsyQA, a Chinese dataset of psy-
chological health support in the form of ques-
tion and answer pair. PsyQA is crawled from
a Chinese mental health service platform, and
contains 22K questions and 56K long and well-
structured answers. Based on the psychologi-
cal counseling theories, we annotate a portion
of answer texts with typical strategies for pro-
viding support, and further present in-depth
analysis of both lexical features and strategy
patterns in the counseling answers. We also
evaluate the performance of generating coun-
seling answers with the generative pretrained
models. Results show that utilizing strategies
enhances the fluency and helpfulness of gener-
ated answers, but there is still a large space for
future research.

1 Introduction

The burden of mental disorders continues to grow
with significant impacts on human health and social
development (Organization et al., 2011; The World
Health Organization, 2020). As an effective therapy
for mental disorders (Reynolds Jr et al., 2013), on-
line mental health counseling, which mostly refers
to communicating anonymously, has become popu-
lar in recent years (Fu et al., 2020).

Great research interests have been endeavored
to devise AI services that are able to provide men-
tal health support (Bucci et al., 2019; Liu et al.,
2021). Based on the online-text psychotherapy
corpora, previous works have utilized text min-
ing techniques to detect empathy (Sharma et al.,
2020; Zheng et al., 2021), linguistic development of

∗Equal contribution.
†Corresponding author.

counselors (Zhang et al., 2019), and self-injurious
thoughts and behaviors (Franz et al., 2020). How-
ever, the research of text-based mental health coun-
seling is still largely limited due to the lack of
relevant corpora, particularly in Chinese language.

To this end, we collect PsyQA in this work, a
Chinese dataset of Psychological health support
in the form of Question-Answer pair. An exam-
ple data of PsyQA is shown in Figure 1. In each
example, the question along with a detailed de-
scription and several keyword tags is posted by
an anonymous help-seeker, where the description
generally contains dense persona and emotion in-
formation about the help-seeker. The answer is
usually quite long (524 words on average). The
answers are replied asynchronously from the well-
trained volunteers or professional counselors, and
contain both the detailed analysis of the seeker’s
problem and the guidance for the seeker. Moreover,
a portion of the answers are also additionally anno-
tated by professional workers with typical support
strategies, which are based on the psychological
counseling theories (Hill, 2009).

Our collected PsyQA has three distinct charac-
teristics. Firstly, the corpus covers abundant mental
health topics from 9 categories including emotion,
relationships, and so on (refer to Appendix for topic
statistics). Secondly, the answers in PsyQA are
mostly provided by experienced and well-trained
volunteers or professional counselors. Thirdly, we
provide support strategy annotations for a portion
of answers, which can greatly facilitate future re-
search on our corpus. As will be shown later, there
are not only lexical features in the texts of different
support strategies (Section 4.2), but also explicit
patterns of strategy organization and utilization in
the answers (Section 4.3).

To validate whether existing models can generate
long counseling answers to mental health questions,
we conduct experiments on both strategy identifi-

1489



为什么有些事情越想心越闷？
The more I think about some things, the more upset 
I feel. Why?

比如家里人说我和别人相亲的事，我是不太主
动比较被动的人……又怪自己，又恨别人到处
说，搞得心里很难受很郁闷，这该怎么办？
For example, my family asked me to go on a blind 
date with others. I am not an active but passive 
person. ...  I blame myself and blame others for 
speaking ill of me everywhere, making me very 
uncomfortable and depressed. What should I do?

你好呀～事情越想越闷可能是陷入了反刍思维
中。反刍式思考是指 …… 反刍思维作为一种认
知，对情绪也有重要的影响。在这种情况下，
你首先要冷静下来 ……比如自己闷在家里没出
去相亲，家人就说自己是不是想打光棍儿。其
实你仔细看这两件事情并没有因果关系。…… 
但这样的逻辑也是不太合情理的。当然，在这
种情况下，你也可以使用转移注意力的方式，
让自己的情绪稍微平复下来。比如做一次冥想
练习，或者出去做运动。

Hi ~ The more you think about it, the more 
depressed you feel. This is maybe because you are 
trapped in ruminant thinking. Ruminant thinking 
means that  ......  Ruminant thinking, as a form of 
cognition, also has an important effect on emotion. 
In this case, you need to calm down first… For 
example, you stayed at home and didn't go out for a 
blind date, and your family said that you just 
wanted to be single. When you look at it carefully, 
there is no causal relationship between the two 
events.  ......  But this logic doesn't work. Of course, 
in this case, you can also distract your attention to 
calm yourself down a bit. Take a meditation 
practice, or go outside to exercise.

情绪 表达情绪 情绪调节 情绪智力
Emotion,  Emotion Expression, Emotion 
Regulation, EQ

Question (Post Title)

Description (Post Content)

 Keywords

Answer (Response)

Figure 1: An example from PsyQA.
(Question,Description,Keyword) triples are
posted by help-seekers while Answer is provided by
help-supporters. Different strategies in the answer
are colored differently. Strategies Information ,
Interpretation , Restatement , and Direct Guidance
are used in this answer. Note that a question may have
multiple answers.

cation (Section 5) and answer generation (Section
6). We find that the contextual information greatly
benefits the performance of support strategy iden-
tification. Experimental results also demonstrate
that utilizing support strategies improves the an-
swers generated by the models in terms of their
language fluency, coherence, and the ability to be
on-topic and helpful. However, there is still much
room for further research compared to the answers
written by well-trained volunteers or professional
counselors.

Our contributions are summarized as follows:

• We collect PsyQA, a high-quality Chinese
dataset of psychological health support in the
form of QA pair. The answers in PsyQA
are usually long, which are provided by well-
trained volunteers or professional counselors.

• We annotate a portion of answer texts with
a set of strategies for mental health support
based on psychological counseling theories.
Our analysis reveals that there are not only
typical lexical features in the texts of different
strategies, but also explicit patterns of strategy
organization and utilization in the answers.

• We conduct experiments of both strategy
identification and answer text generation on
PsyQA. Results demonstrate the importance
of using support strategies, meanwhile indi-
cating a large space for future research.

2 Related Work

Our work primarily concerns linguistic behavior
for counseling, NLP for mental health detection
and therapy, and text-based mental health-related
datasets.

2.1 Linguistic Behaviors in Counseling

Hill’s model (Hill, 2009) consists of three stages:
exploration, insight, and action in which helpers
guide clients in exploring their thoughts and feel-
ings, discovering the origins and consequences of
maladaptive thoughts and behaviors, and acting
on those discoveries to create positive long-term
change. We draw on Hill’s model and apply it to
formulate the answer in the PsyQA dataset.

Some previous work explored how mental health
support is sought and provided. For example, some
studies measure how the language of comments in
Reddit mental health communities influences risk
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to suicidal ideation in the future (De Choudhury
and Kiciman, 2017), and seek to understand how
counselors’ behaviors develop over time (Zhang
et al., 2019). While these previous studies model
implicit linguistic behaviors of counselors, we fo-
cus on linguistic strategy development in a long
psychological response, considering the strategies
as a skeleton to generate the whole response.

2.2 NLP for Mental Health Detection and
Therapy

Some prior work analyzed the posts and blogs of
users with the rise of social networking sites (SNS),
attempting to employ NLP techniques to detect de-
pression (Tadesse et al., 2019; Yates et al., 2017),
suicidal ideation (Zirikly et al., 2019; Cao et al.,
2019), and other general mental health problems
(Xu et al., 2020). In another line of work, some
researchers endeavored to construct “therapybots”
(Fitzpatrick et al., 2017; Inkster et al., 2018), and fo-
cused on therapy and attempted to create dialogue
agents to provide therapeutic benefit, where the ef-
fectiveness of web-based cognitive-behavioral ther-
apeutic (CBT) apps or mobile mental well-being
apps are explored. Adopting a more straightfor-
ward method, we make the machine generate an-
swers to a detailed question, mimicking a mental
health counselor. Though the ultimate goal is to
develop systems for real-world treatment, there is
still a long way to go in this direction and our cor-
pus can be the first step towards building intelligent
systems for this purpose, and offers the opportu-
nity for studying the effectiveness of using explicit
strategies in the systems.

2.3 Text-based Mental Health-Related
Datasets

There are some datasets for mental health detec-
tion and therapy. However, most of them are col-
lected from general social networking sites such
as Twitter, Reddit, and Weibo (Harrigian et al.,
2020). General social networking sites contain ir-
relevant posts or unprofessional responses, which
might put NLP systems trained on these corpora
at huge risk. Thus, some previous work focused
on the counseling part in the online mental health
communities (forums), such as TeenHelp (Franz
et al., 2020), TalkLife (Sharma et al., 2020). In
Chinese domain, Wang et al. (2020) collected a
public counseling conversation dataset by crawling.
However, most responses in this dataset are short
and general without any suggestion. Crisis Text

Line (Althoff et al., 2016) presents the best mental
health counseling dataset up to now. It contains
a large-scale multi-turn counseling conversation
by experienced volunteer counselors1. Different
from Crisis Text Line, PsyQA focuses on Chinese
long-text response in a single-turn asynchronous
counseling conversation.

From the perspective of the mental health do-
mains, most of the prior work is focusing on single-
domain like depression, suicidal ideation, and eat-
ing disorders (Harrigian et al., 2020). Instead,
PsyQA contains all sorts of general mental health
disorders, concerning nine topics labeled by help-
seekers including self-growth, emotion, love prob-
lem, relationships, behaviors, family, treatment,
marriage, and career.

3 Data Collection

3.1 Data Source
Our dataset is crawled from the Q&A column of
Yixinli (xinli001.com/qa). Yixinli is a Chinese
mental health service platform with about 22 mil-
lion users and over six hundred professional coun-
selors. In its Q&A column, anonymous users post
questions about their daily-life worries, and well-
trained volunteers or professional counselors an-
swer them with detailed analysis and guidance in
the form of organized long texts. More than 0.25
million Q&A pairs are on this platform, with abun-
dant topics ranging from personal development and
relationships, to mental illnesses. Yixinli manually
review and block unsafe contents To avoid poten-
tial ethical risks and ensure the quality of the data.
We calculate that in our dataset, the help-supporters
have ever answered over 250 questions on average.
Besides, 8% answers are from help-supporters who
are State-Certificated Class 2 Psychological Coun-
selors, and 35% answers are from volunteers hired
by Yixinli.

3.2 Data Cleaning
We removed personal information, duplicate line
breaks, emojis, website links and advertisements
by rule-based filtering. Besides, to ensure a higher
quality, only those answers with more than 100
words were retained. It is inevitable that there ex-
ist some unrelated posts in raw websites. To re-
move such posts, we tried to filter out questions
that are not actually seeking for mental health sup-
port based on keywords (topics) given by the poster,

1Unfortunately, there is no public access to this dataset.
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Strategies Definitions Examples Lexical Features 

Information Supply information in the form of data, 
facts, opinions and resources. 

心理学中有个关于“初恋”的效应，
叫“蔡格尼克记忆效应”。 
There is a psychological effect on first 
love, called Zeigarnic effect. 

指/refer to (3), 心理学
/psychology (3), 心理学家
/psychologist (3), 研究/survey 
(3), 效应/effect (3) 

Direct 
Guidance 

Provide suggestions, directives, 
instructions, or advice about what the 
help-seeker should do to change. 

如果觉得难以改变，可以寻求靠谱

的心理咨询师的帮助。 
If you find it hard to change, you can 
seek help from a trusted counselor. 

建议/advice (9), 尝试/try (8), 
学会/learn (6), 找/find (5), 沟
通/communicate (5) 

Approval 
and 

Reassurance 

Emotional support, reassurance, 
encouragement and reinforcement. 

给你温暖的抱抱呀! 
Let me give you a warm hug! 

抱抱/hug (15), 温暖/warm (8), 
世界/world (7), 祝/wish (6), 
心疼/care (5) 

Restatement 
A simple repeating or rephrasing of the 
content or meaning of the question, 
usually in a more concrete and clear way. 

您感觉自己产生了暴虐心理。 
You feel like you are becoming violent. 

描述/description (4), 了解
/understand (3), 感觉/feel (3), 
说/say (3), 提到/mention (2) 

Interpretation 
Go beyond what the help-seeker has 
overtly stated or recognized and give a 
new meaning, reason or explanation. 

我想你是很爱很爱妈妈的。 
I think you love your mom very much. 

会/will (6), 人/people (5), 是
/be (4), 每个/every (3), 知道
/know (3) 

Self-disclosure 
Reveal something personal about the 
helper’s non-immediate experiences or 
feelings. 

这个问题勾起了我类似的回忆。 
This question brings back to me some 
similar memories. 

我/I (2), 爷爷/grandpa (2), 大
学/college (2), 外婆/grandma 
(1), 供养/raise (1) 

 
 Table 1: The definition and example of different strategies in our guideline, together with the lexical features of the
strategies in our annotated dataset. The rightmost column displays the top 5 words associated with each strategy.
The rounded z-scored log odds ratios are in the parentheses. A word may appear in multiple parts of speech. For
example, ”warm” in Chinese can be either an adjective or a verb.

such as the questions that ask about the meaning of
a psychological term (keyword: popular science)
or discuss the latest news (keyword: hot news).

3.3 Strategy Annotation

We analyzed multiple high-quality answers in our
corpus and found that the strategies employed by
the help-supporters are consistent with Helping
Skills System (HSS) (Hill, 2009). Moreover, we
observed that the strategy sequence patterns are
similar to some degree. Thus, we assumed that
a whole answer is realized through an organized
strategy sequence, which may reveal the common
layout of high-quality responses from mental health
counselors. To facilitate further research on strate-
gies in text-based mental health support, we then
present the process that we annotated the answers
with span-level strategies.

Hill (2009) provides a taxonomy of language
helping skills or strategies for mental health coun-
selors. We chose a subset of strategies according to
the general online counseling situation, while also
corresponds to the guideline for help-supporters
from Yixinli web. Table 1 shows the list of our cho-
sen strategies with their definitions and examples.

We randomly sampled 4,012 questions (about
17.9%) in our dataset and picked their highest-
voted answers (similar to Quora, quora.com).
Then we recruited and trained 9 workers to an-

notate the answers following our guideline.2 We
leveraged Doccano3, an open-source text annota-
tion tool, for the workers to annotate the text. In
each task, the workers were shown a Q&A pair
and asked to label one or more consecutive sen-
tences (a text span) with a strategy. The workers
were allowed to ignore the sentences that did not
match the definition of any strategy, which would
be automatically labeled as Others.

3.4 Annotation Quality Control
The workers were required to read the guideline
and the provided annotated examples before anno-
tation. To verify the effectiveness of training, we
asked them to annotate 100 examples before for-
mal annotation, which were revised by psychology
professionals for feedback. We repeated the above
process until the workers were able to annotate the
cases almost correctly. After annotation, to check
the quality of labels, we randomly sampled 200
annotated Q&A pairs, gave them to 2 examiners
(both are graduate students of Clinical Psychology)
to pick out incorrect labels, and calculated the con-
sistency proportion. Results are shown in Table 2.
More than 98% of the strategy labels are consistent
with at least one examiner, indicating the reliability

2All annotators in this work are compensated for 60 in
CNY per hour, which is reasonable compared with the mean
income of urban residents in China.

3https://github.com/doccano/doccano
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Strategy \ Consis. 1/2 2/2 # Samples

Restatement 0.981 0.932 162
Appro.& Reass. 0.994 0.982 165
Interpretation 0.961 0.820 610
Information 0.990 0.912 102

Self-disclosure 1.000 0.932 162
Direct Guidance 0.992 0.870 509

Overall 0.980 0.876 1,616

Table 2: Consistency proportion of strategy annotation
samples. 1/2 means consistency with at least one exam-
iner, and 2/2 means consistency with both examiners.

Criteria Statistics

# Questions 22,346
# Answers 56,063
# Characters per question 21.6
# Characters per description 168.9
# Characters per answer 524.6

# Annotated questions / answers
4,012 / 4,012

(17.9% / 7.1%)
# Characters per annotated answer 584.7
# Strategies per answer 6.66
# Distinct strategies per answer 3.65

Table 3: Statistics of our dataset and our annotated an-
swers. ‘# Strategies per answer’ denotes the number of
spans annotated with strategies in the answers.

of strategy annotation.

4 Corpus Analysis

4.1 Statistics
Table 3 shows the statistics of our dataset. The
long answer text is a distinct feature of our dataset,
and the annotated answers are even longer. There
is also a wide variety of strategies in the answers
(6.66 ones and 3.65 distinct ones per answer), and
we will further analyze the patterns of strategy uti-
lization in Section 4.3.

Note that our dataset covers 9 broad topics (e.g.
self-growth, emotion, etc.) and a wide range of
subtopics (e.g.personality improvement, emotion
regulation, etc.)4, from which the seekers can
choose as the question keywords.

4.2 Textual Features of Different Strategies
Table 4 shows the number and the average length
of the annotated spans of each strategy. As we
can see, Interpretation and Direct Guidance are
the most commonly used strategies. In contrast,
Information and Self-disclosure are relatively rare,

4Please refer to Appendix A for the categories of topics
and subtopics, together with detailed statistics of topics.

Strategy Type # Num Mean Length

Appro. & Reass. 3099 21.94
Interpretation 9393 127.63

Direct Guidance 7777 87.95
Restatement 2636 54.78
Information 968 112.07

Self-disclosure 728 130.35
Others 2116 21.70
Total 26707 87.77

Table 4: The number and the average length of the an-
notated spans of each strategy.

where external knowledge and backgrounds are ex-
tra required. We also noted that the average lengths
of Interpretation, Information, Self-disclosure are
remarkably longer than other strategies.

Moreover, we extracted the lexical correlates of
each strategy by calculating the log odds ratio with
an informative Dirichlet prior (Monroe et al., 2008)
for all the words for each strategy contrasting to all
other strategies. We tokenized the text into words
using Jieba5, and removed conjunctions, preposi-
tions, and numerals. The top-5 words associated
with each strategy are shown in Table 1. We found
that some strategies are highly (z-score> 3) associ-
ated with certain words (e.g., Appro.& Reass. with
‘hug’, Guidance with ‘advice’). In contrast, words
associated with Information and Self-disclosure are
less typical and unique. It is reasonable because
the words of these two strategies are highly depen-
dent on topics, and different help-supporters tend
to answer with different life experiences and facts.

4.3 Strategy Sequence Analysis
Cumulative Distribution of Strategies Figure
2 displays the cumulative distribution of the rela-
tive positions of strategies occurring in the answers.
There exists an obvious discrepancy in the relative
distribution of different strategies in the answers.
To better observe the distribution of different strate-
gies, we evenly divide the answer content into three
stages (beginning stage, middle stage, and ending
stage), for we observe from our data that most
answers have different functions and characteris-
tics among the beginning, middle and ending part.
For instance, Restatement is mainly in the begin-
ning stage of an answer, showing that the help-
supporters focus on the content of the question.
Direct Guidance is generally in the ending, and
Appro.& Reass. at both ends, which is consistent
with our observation that the supporters usually

5https://github.com/fxsjy/jieba
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Figure 2: Cumulative distribution of strategies. The x-
axis denotes the relative position in an answer, and the
y-axis denotes the cumulative proportion. For example,
in the strategy sequence A → B → C, A, B, C are at
the relative positions of 1/3, 2/3, 3/3 respectively. The
points of each strategy are evenly sampled from relative
positions.

comfort seekers at the beginning, while providing
guidance or encouragement later. Information, Self-
disclosure, and Interpretation are almost evenly
distributed in the answer text. Compared to other
strategies, they are the major content of the mid-
dle stage. In the middle stage, the help-supporters
observe help-seekers’ problems (inappropriate be-
haviors) from overview, thus they tend to give some
analyses (Interpretation) and suggestions (Direct
Guidance). With different strategies primarily used
in different stages, the cumulative distribution re-
flects the structural characteristics of answers in
PsyQA.
Strategy Transition To provide more insights
of the strategy utilization, we use Sankey Dia-
gram to visualize the strategy transitions. Fig-
ure 3 plots the most common strategy flow pat-
terns within the first 5 strategies. According to
the visualization, a number of patterns are evident.
A&R→Intpn.→Guid.→Intpn.→Guid. is the most
common strategy sequence and accounts for 5.6%
of the all first 5 strategies. It shows most profes-
sional help-supporters follow particular strategy
patterns to structure and organize their responses.
Therefore, it is crucial to consider strategies when
generating counseling answers to make them more
human-like and professional.

5 Strategy Identification

We present a strong sentence-level strategy identifi-
cation model using RoBERTa (Liu et al., 2019) for
PsyQA. This task requires to assign a strategy label

A&R #0A&R #0

Others #0Others #0

Res. #0Res. #0

Intpn. #0Intpn. #0

Info. #0Info. #0

Intpn. #1Intpn. #1

Disc. #1Disc. #1

Guid. #1Guid. #1

Res. #1Res. #1

Others #1Others #1

A&R #1A&R #1

A&R #2A&R #2
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Others #2Others #2
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Figure 3: Visualization of the most common strategy
flow patterns within the first 5 strategies.

to each sentence in a long answer. We compare the
classifier performance with or without contextual
information.

5.1 Data Preparation

We choose the annotated part of PsyQA and ran-
domly split them into train (80%), dev (10%) and
test (10%) sets. We split each long answer into
sentences for sentence-level training.

5.2 Model Architecture

We use a Chinese RoBERTa base-version with
12 layers6 for our experiments. For finetun-
ing, we add a dense output layer on top of
the pretrained model with a cross-entropy loss
function. For the model with contextual in-
formation, we input multiple consecutive sen-
tences S1,S2,S3, · · · to RoBERTa in the form
of [CLS]S1[SEP][CLS]S2[SEP][CLS]S3 · · · and
compute the mean loss of [CLS] locating at the
head of each sentence. For baseline model without
contextual information, we input one sentence into
RoBERTa and predict one sentence at one time.

5.3 Experimental Results

Table 5 summarizes the performance of both mod-
els on the test set. Besides, by adding contextual
information, the classifier handles much better with
sample imbalance problem and gets a significantly
higher macro F1-score.

We found that the overall performance is pri-
marily limited by 2 strategies: Restatement with
F1-score: 49.38% and Information with F1-score:
54.68% (refer to Appendix B for classification re-
sult for each strategy). This is reasonable because

6https://github.com/brightmart/
roberta_zh.
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Acc. Precision Recall F1

w/o ctx 73.74 69.86 56.19 60.60
w/ ctx 74.81* 67.77 64.96 66.14

Table 5: The comparative result between the models
with or without contextual information. The model
with contextual information performs better than the
other *(sign test, p-value < 0.05).

(a) we didn’t add the Question into the input (due
to the limitation of the maximum context length
of RoBERTa) to help identify Restatement. (b) ex-
tra psychological knowledge is needed to identify
Information. Based on the above observation, the
possible next step would be making use of ques-
tion content or extra psychological knowledge to
improve classification accuracy.

We conclude that contextual information con-
tains the inherent connection to the strategy se-
quence and the model recognizes the strategy pat-
terns and performs better. Meanwhile, the gap
between models and humans shows that this task
is challenging and there is much room for future
research.

6 Answer Generation

6.1 Task Definition

Given a triple (question SQ, description SD, key-
word set K) as input, where SQ,SD are both sen-
tences and K are composed by at most 4 keywords,
this task is to generate a long counseling text con-
sisting of multiple sentences that could give helpful
comforts and advice mimicking a mental health
counselor.

6.2 Model Pretraining

GPT-2 (Radford et al., 2019) has shown its success
on various language generation tasks. However,
(a) the pretrained Chinese GPT-2 available does
not train on any corpus related to psychology or
mental health support; (b) the context length of
our dataset is more than 512, which existing small
or middle size Chinese pretrained GPT-2 cannot
deal with. Thus we crawled 50K articles (0.1B
tokens in total) related to psychology and mental
health support from Yixinli (xinli001.com/info)
and train a GPT-2 from scratch based on the cor-
pus. The maximum context length is 1,024 and the
model contains 10 layers with 12 attention heads
(resulting in 81.9M parameters).

6.3 Implementation Details
Data Preparation We first predict the strategy
of each sentence using our strategy classifier with
contextual information in Section 5. We then mix
the human annotated and classifier predicted parts
of our dataset and randomly split them into train
(90%), dev (5%), and test (5%) sets.
Prepending Strategy Token To study the effec-
tiveness of using explicit strategy as input, we
compare the performance between models trained
with/without strategy labels. Prepending (Niu and
Bansal, 2018) is a simple yet effective way to add
supervised information to data, requiring no archi-
tecture modification. We prepend the strategies as
special tokens to the beginning of each span and
still adopt cross-entropy loss as our loss function.

Formally, the prompt (model input) can be rep-
resented as [QUE]SQ[DESC]SD[KWD]K[ANS],
where SQ,SD,K are separated by predefined spe-
cial tokens. Similarly, the goal text of the model
with strategy labels can be represented as

[Strategy1]S1[Strategy2]S2[Strategy3]S3 · · ·

Baseline Models In addition to our model fine-
tuned on PsyQA (GPTft), we present two baseline
models: (a) Seq2Seq model based on Transformer
(Vaswani et al., 2017) (S2S) with 5 layers encoder
and 5 layers decoder. (b) GPT-2 model only trained
on PsyQA from scratch (GPTsc). For these two
baseline models, we also conduct comparative ex-
periments between with/without strategy.

6.4 Automatic Evaluation
The automatic metrics we adopted include Perplex-
ity (PPL.), BLEU (Papineni et al., 2002), Distinct-1
(D1), Distinct-2 (D2) (Li et al., 2016) and con-
trollability (CTRB). To evaluate the strategy con-
trollability of models, we first predict the strategy
token of each sentence in the generated answers
using classifier in Section 5, then we compute the
consistency proportion between prediction and the
strategy token locating at the head of the text spans.
The result of the automatic evaluation is shown in
Table 6.

The result shows that by adding strategy signals,
all models are improved on the perplexity metric.
See Appendix C for an example of the generations.
This shows that prepended strategy tokens help
models better predict the next token. Moreover,
the metric BLEU, Distinct-1, Distinct-2 scores are
all improved by adding strategy signals for GPT-2
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Model PPL. BLEU D-1 D-2 CTRB

S2S 14.21 19.19 1.72 17.88 -
S2S+strategy 13.84 18.74 1.68 17.86 80.31
GPTsc 13.13 19.42 1.82 17.40 -
GPTsc+strategy 13.01 19.87 1.91 17.95 79.04
GPTft 9.34 18.84 1.72 17.36 -
GPTft+strategy 9.20 20.06 1.97 19.07 78.41

Table 6: Automatic evaluation results. The BLEU
score is computed by averaging BLEU-1,2,3,4. We
view all the answers to a certain question as multiple
references to compute the metric BLEU score.

models and relatively slightly drops for Seq2Seq
model. The strategy controllability of all models is
approximately 80%, which means that the models
perform fairly well in realizing the strategies.

6.5 Human Evaluation

To better evaluate the quality of the generated re-
sponses, we conducted human evaluation. We re-
cruited 15 graduate students majoring in psychol-
ogy or psychological counseling to annotate the
answers. These professional raters were asked to
score an answer in terms of Fluency — whether
the answer is fluent and grammatical. Coherence
— whether the answer is logical and well orga-
nized. Relevance — whether the descriptions in
the answer are relevant to the question. Helpful-
ness —whether the interpretations and suggestions
are suitable from the psychological counseling per-
spective. A detailed guideline is shown in Ap-
pendix D. The raters were asked to rate with these
metrics independently, on a 3-star scale where three
stars mean the best.

We randomly sampled 100 questions from the
test set. For each question, there are three cor-
responding answers: (a) a generated answer by
GPTft; (b) a generated answer by GPTft+strategy;
(c) the golden answer. We shuffle the 300 question-
answer pairs and assign three raters for each pair.
Table 7 shows the result of human evaluation. We
calculated Krippendorff’s α (K-α) (Krippendorff,
2011) to measure inter-rater consistency and the K-
α are 0.58, 0.60, 0.55, and 0.62 for the four metrics
respectively.

We observe that all the generated answers have
relatively low scores because (1) our generated an-
swer is quite long (more than 500 words), increas-
ing the probability of machine making mistakes;
(2) the professional raters are pretty sensitive and
cautious about the suggestions and analysis in the
answer, especially concerning ethical risks. Never-

Flu. Coh. Rel. Help.

GPTft 1.66 1.54 1.72 1.30
GPTft+strategy 1.78 1.55 1.75 1.45

Human 2.77 2.80 2.76 2.47

Table 7: Human evaluation by professional raters for
fluency (Flu.), coherency (Coh.), relevance (Rel.), help-
fulness (Help.).

theless, the improvement of fluency and coherence
with strategy shows that explicit strategy input in-
deed benefits the model to capture the structure
of answers and to generate better answers. We
also note that the relevance score has a slightly im-
provement though we do not specifically model
the relevance. Moreover, the model with strat-
egy can generate more helpful answers. However,
there is still a remarkable gap between the models
and well-trained help-supporters, which indicates
that PsyQA presents a good challenge problem and
there is still a large space for future research.

7 Conclusion and Future Work

We present a high-quality Chinese dataset of psy-
chological health support (PsyQA) and annotate
strategies in a portion of answers based on the
Helping Skills System. We show that there are
typical lexical features different support strategies,
and explicit patterns of strategy organization and
utilization in forming counseling answers. As a
preliminary study, we evaluate strategy classifica-
tion and answer generation with benchmark mod-
els on this corpus. Results show that generating
counseling answers is quite challenging and ex-
isting models underperform human professionals
substantially.

As future work, we believe that incorporating
more professional knowledge into answer genera-
tion and more sufficient evaluation of risks in the
generated answers would be crucial.
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Ethical Considerations

Dataset Copyright
We have signed a Data Authorization Letter with
Yixinli. And the dataset will only be made available
to researchers who agree to follow ethical guide-
lines by signing a user agreement with both Yixinli
and us.

Anonymization
Social media data are often sensitive, and even
more so when the data are related to mental health.
So privacy concerns and the risk to the individuals
should always be well considered (Hovy and Spruit,
2016; Suster et al., 2017; Benton et al., 2017).

The source of our data has the nature of
anonymity to a certain extent. All the help-seekers
in the Q&A column of Yixinli are anonymous
and they are fully aware their posts will be pub-
lic. Our dataset contains only those publicly avail-
able Yixinli posts. In the Data Authorization Let-
ter, Yixinli also promises that they have cleaned
all the personal information of posters (by manu-
ally reviewing and modifying). Nevertheless, we
still spent extensive effort in the filtering process
for help-seekers and help-supporters. We cleaned
private information by rule-based filtering. For in-
stance, we removed the nicknames, phone numbers,
and any URL link.

We protect anonymity in academic research.
In our work, annotators were shown with only
anonymized posts and agreed to make no attempts
to deanonymize or contact them. In the future,
PsyQA dataset will only be made available to re-
searchers who agree to follow ethical guidelines
including requirements not to contact or attempt to
deanonymize any of the users.

Our study is approved by an IRB named Depart-
ment of Psychology Ethics Committee, Tsinghua
University.

Ethical Risk Evaluation
We realize there will be a high risk if a model un-
expectedly generates a ”wrong” answer, especially
in the mental health counseling domain. Thus, we
explore the ethical risk of the generated answers.

We invite professional raters (senior graduate
students majoring in psychology or psychologi-
cal counseling) to judge whether the 300 answers
in Section 6.5 contain ethical risks and report the
corresponding reasons. We find that the reasons
given by risk annotators can be classified into 4

Ethical risk Human GPTft GPTft+strategy

Inappropriate Guidance 2/0/0 3/1/0 2/0/0
Offensiveness 2/0/0 1/0/0 0/0/0

Risk Ignorance 4/0/0 2/0/0 2/0/0
Serious Crisis 1/0/0 2/1/0 1/0/0

Total 9/0/0 8/2/0 5/0/0

Table 8: Risk annotation of human-written and
machine-generated answers. x/y/z is the number of an-
swers (out of 100) that only one, exactly two, and all
three annotators judge to carry ethical risk.

categories: (1) Inappropriate Guidance, (2) Offen-
siveness, (3) Risk Ignorance, and (4) Serious Crisis.
Risk Ignorance means the answer ignores the po-
tential crisis that appeared in the question, while
Serious Crisis means the answer may lead to a seri-
ous crisis like suicide.

The number of answers suspected to carry ethi-
cal risks is shown in Table 8. If the rule is that at
least two annotators give a risky label, the results
are: 0 sample for Human, 2 samples for GPTft,
and 0 sample for GPTft+strategy respectively. This
means human answers and answers generated by
GPTft+strategy are relatively safe. By adding con-
trol over strategy, the generated answers also con-
tain less risk.

Ethical Implications

This work does not make any treatment recommen-
dations or diagnostic claims. Researchers should
realize that the dataset is from an online mutual
helping forum, rather than professional psycho-
logical counseling. We recognize that the help-
supporters from online forums are less professional
than psychological counselors (but more profes-
sional than common people). Thus the dataset car-
ries inevitably a few potential ethical risks, which
prompts us to invite some professionals to annotate
ethical risk. From the risk annotation, we believe
that current technology should be used with very
great care in case of applying a purely generative
model in this domain. Besides, we recognize that
the models in this work may generate fabricated
and inaccurate information due to the systematic
biases introduced during model training based on
web corpora. Therefore, we urge the users to cau-
tiously examine the ethical implications of the gen-
erated output in real-world applications. Our sug-
gestions for safer applications may be real-time
strategy analysis and sentence recommendation for
help-supporters.
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A Question Keywords

Topic Statistics We present the topic statistics
shown as Table 9. Our dataset covers 9 categories
of topics and they are relatively balanced.

Topic # Num Prop.(%) # Answer

Self-growth 4,148 18.56 10,585/ 2.55
Emotion 3,037 13.59 6,804/ 2.24

Love Problem 2,956 13.23 8,312/ 2.81
Relationships 2,923 13.08 6,911/ 2.36

Behavior 2,490 11.14 5,404/ 2.17
Family 2,466 11.04 6,370/ 2.58

Treatment 2,304 10.31 5,479/ 2.38
Marriage 1,234 5.52 3,962/ 3.21

Career 788 3.53 2,236/ 2.84
Total 22,346 100 56,063/ 2.51

Table 9: Topic statistics of our dataset. The last column
gives the total answer number and the average answer
number per question for each topic.

Keyword Options To post a question, help-seekers
should also choose some keywords that can best de-
scribe their problems. Keywords are composed of
one broad topic and 1 ∼ 3 subtopics. The keyword
options are shown in Table 10.

B Reproducibility

Computing Infrastructure Our models are
built upon the PyTorch transformer-3.4.0
library by Huggingface (Wolf et al., 2020). For
model training, we utilize the Titan Xp GPU card
with 12 GB memory.
Strategy Identification For RoBERTa (Liu et al.,
2019) with contextual information, we set the max
length 512. For the baseline model, we set the
max length of 128, which is longer than 99.6% sen-
tences in the whole dataset. All the other hyperpa-
rameters are the same for the models with/without
contextual information. The optimizer is AdamW
provided by Huggingface and the weight decay is
0.01. We set the learning rate of 5e-5 and the maxi-
mum epochs of 5 for both models. It takes 3 hours
to train the models. A more detailed classification
result for each strategy category by RoBERTa (Liu
et al., 2019) is shown in Table 11.
Answer Generation GPT-2 (Radford et al., 2019)
contains 10 layers with 12 attention heads (81.9M
parameters). Fairly, Seq2Seq model has a 5 layers
encoder and a 5 layers decoder (94.5M parameters)
(Vaswani et al., 2017). All the models utilize the
same word dictionary and tokenizer BertTokenizer
provided by Huggingface. The optimizer for train-

ing is AdamW provided by Huggingface and we set
the learning rate of 1.5e-4 and the warmup steps of
2500 for all models. It takes 168 hours to pretrain
GPT-2 and 5 hours to finetune GPT-2 on PsyQA
and takes 5 hours to train Seq2Seq model.

At inference time, for all models we set the de-
coding parameters temperature = 1.0, top p = 0.9,
top k = 50, repetition penalty = 1.5, max length
= 1024 for nucleus sampling (Holtzman et al.,
2020). Generating 1118 answers of test set takes 3
hours for each model.

Strategy Prec. Recall F1

Information
66.10 27.86 39.20
58.85 51.07 54.68

Direct Guidance
80.77 70.72 75.46
80.05 74.77 77.32

Appro. & Reass.
70.56 65.46 67.92
70.87 72.29 71.57

Restatement
67.83 30.50 42.08
56.73 43.71 49.38

Interpretation
72.28 87.15 79.02
76.03 81.28 78.57

Self-disclosure
65.87 59.93 62.76
70.23 75.81 72.92

Others
65.52 51.70 57.79
61.65 55.78 58.57

Macro avg.
69.86 56.19 60.60
67.77 64.96 66.14

Weighted avg.
73.68 73.74 72.50
74.54 74.81 74.54

Table 11: The RoBERTa strategy classification result
for each strategy. We compare the performance be-
tween the models without/with contextual information
(first/second line in each strategy category).

C Case Study

In Table 12, we present an example of the answers
generated by GPTft trained with/without strategy
label, and the golden answer (the highest-vote an-
swer) as reference.

D Guideline for Human Evaluation

We carry out human evaluation studies for the gen-
erated answers and the golden answer. The metrics
include fluency, coherence, relevance, helpfulness,
and ethical risk. The detailed evaluation guideline
is shown in Table 13.
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Topic Subtopic (each seeker should select 1~3 of them)
成长

(Self-growth)
人生意义(meaning of life) 自我成长(self-development)
学生成长(student's growth) 儿童成长(child's growth)
工作学习(work and study) 自我接纳(self acceptance)
压力管理(stress management) 发展规律(law of development)
性格完善(personality improvement) 人格特质(personality trait)

治疗

(Treatment)
精神障碍(mental disorders) 疾病诊断(disease diagnosis) 医院机构(hospital)
心理咨询(counseling) 心理危机(psychological crisis) 倾诉倾听(talk and listen)
治疗方法(treatment) 创伤治疗(trauma treatment) 躯体反应(body reaction)
流派方案(theory and therapy) 心理测评(psychological test)
行为失常(behavior disorders) 病态人格(morbid personality)

行为

(Behavior)
性欲(sexual desire) 懒惰(laziness) 攻击(attack) 困惑(confusion) 控制(control)
杂乱(disorder) 暴食节食(overeating and dieting) 自虐(self-abuse) 焦虑(anxiety)
洗脑(brainwash) 暴力(violence) 讨好(ingratiation) 应激(stress reaction)
疑病(hypochondriasis) 熬夜(stay up late) 空虚(emptiness) 逃避(escapism)
强迫(compulsion) 手机依赖(mobile phone dependency) 拖延(procrastination)

人际

(Relationships)
同理心(empathy) 社交恐惧(social phobia) 朋友(friend) 同事(colleague)
矛盾冲突(conflict) 社交软件(social software) 社会适应 (social adjustment)
舍友同学(roommate/classmate) 沟通(communication)
人际边界(interpersonal boundary) 欺骗与信任(deception and trust)

情绪

(Emotion)
内疚羞耻(guilt/shame) 焦虑情绪(anxiety) 抑郁情绪(depression)
表达情绪(emotional expression) 情绪智力(EQ) 脆弱流泪(fragile/sentiment)
情绪调节(emotion regulation) 疗愈方法(healing methods)
恐慌无助(panic/helplessness)

恋爱

(Love Problem)
恋爱经营(love management) 单身(single) 失恋(be crossed in love) 出轨(affair)
性行为(sexual behavior) 吵架(quarrel) 好感(favor) 安全感(sense of security)
性取向(sexual orientation) 处女情结(virgin obsession)
挽回前任(getting back with ex) 依赖依恋(dependency)

婚姻

(Marriage)
产前产后(antenatal/postpartum) 离婚(divorce) 婚前(before marriage)
婚姻经营(marriage management) 婚姻观念(view of marriage) 出轨(affair)
生育观念(idea of reproduction) 性生活(sexual life) 相亲(blind date)
婆媳岳婿(in-law relationships)

家庭

(Family)
家人健康(family's health) 家庭创伤(family trauma) 家人控制(family control)
婆媳关系(mother-in-law and daughter-in-law relationship) 成长过程(growth)
子女沟通(communication with kids) 家庭关系(family relations)
父母沟通(communication with parents) 品行障碍(conduct disorder)

职业

(Career)
职场人际(workplace relationship) 择业技巧(choosing a job)
工作疲倦(fatigue) 工作压力(work stress) 中年危机(midlife crisis)
职业管理(career management)

Table 10: Keyword categories including topics and subtopics.
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Question:
遇到困难，如何让自己的心志变得更加坚强？(How to be stronger when encountering difficulties? )

Description:
当面临一些困难的时候心志不够坚定的人会感到慌乱，那么如何在还没有遇见困难之前让自己变得更加坚强？

When faced with some difficulties, people who are not determined enough will feel panic. How to make ourselves stronger

before we meet some difficulties?

Keywords:
成长,性格完善,自我成长 (self-growth, personality improvement, self-development)

GPTft

这种情况可以给自己做一下冥想练习，也可以适当的做一下冥想练习，或者是给自己做一个心理咨询，或者是去做

一下，都可以的。但也不用把所有的事情都具备一个专业的能力，都具备的。对于您的心理状态也是一样的，不一

定是心理咨询师。如果有条件的话，可以适当的自学一些其他的。

In this case, you can do some meditation exercises for yourself, or do some meditation exercises appropriately, or do a

psychological consultation for yourself, or do it, all these are okay. But you don't have to be professional in all fields, all

have. It's the same for your mental state, not necessarily a counselor. If possible, you can learn something else by yourself.

GPTft+Strategy
要坚持下去，只有这样才可能真正成为你坚持下去的动力。因为我们的目标很多是希望自己能够变得越来越优秀，

能够在这一点上给自己带来很大的动力。比如我们在遇到困难的时候，也会努力想要去克服困难，但是很多时候我

们会觉得要克服困难并不容易，因为我们并不完美，我们没有办法去付出相应的努力。如果你总是很害怕面对那些

困难，那么就需要去克服困难。这一次是我的经验，希望对你有所帮助。当面临困难的时候，可以先先告诉自己这

件事情是我能够克服的，我可以变得更好。但是我要告诉自己我可以去克服的。在面对困难的时候我们更需要去克

服那些困难。但是我们要相信我们不会是不可控的。当自己在面对困难的时候，有能力去应对困难的时候，那么就

能够更加的坚持下去。加油！

Stick to it. Only in this way can it be the motivation for you to continue. Since we usually set our goals to make ourselves

more and more outstanding, this can bring great motivation to ourselves. For example, when we encounter difficulties, we

will try to overcome difficulties, but at times we may feel that it is not easy to overcome difficulties, because we are not

perfect, and we have no idea to make corresponding efforts. If you are always afraid to face those difficulties, you need to

overcome difficulties. This time is my experience, I hope it works for you. When faced with difficulties, you can first first

tell yourself that this is something I can overcome, and I can become better. But I have to tell myself that I can overcome. In

the face of difficulties, we need more to overcome those difficulties. But we should believe that we are not uncontrollable.

When having the ability to deal with difficulties, then you can be more persistent when facing the difficulties. Come on!

Human
如果你把心思都放在克服困难上，你都没有时间顾及自己在别人眼里是否坚强，因为你一门心思想的是怎么样克服

困难，所以下次一遇到困难的时候你会满脑子的都想着怎么样解决它。当然，不是每个人都是解决困难的高手，每

个高手都是经过了无数次的历练，都是内外兼修做足了功课，才能成为所谓的高手。世事总是在不停的变换，所以

没有人永远都是高手，只有不断的经历，不断的积累，不断的总结，不断地历练，才能达到你说的坚强。

If you focus all your attention on overcoming difficulties, you don't have time to consider whether you are strong in other

people's eyes, because you devote all your heart thinking about how to overcome difficulties. So the next time you

encounter difficulties, all you will consider is how to solve them. Of course, not everyone is an expert in solving difficulties.

One must go through countless times of difficulties, making internal and external efforts, to become an expert. The world is

always changing, so no one is always a master. Only through continuous experience, continuous accumulation, continuous

summary, continuous tempering, can you become a strong man as you said.

Table 12: A case of generated answers and the golden answer. Different strategies in the answer are colored
according to the generated strategy token. Strategies Approval and Reassurance , Interpretation , and Direct
Guidance are generated in this answer by GPTft with strategy label.
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Human Evaluation Guideline
This study aims to evaluate text generation systems with various mental health counseling questions as
system prompts. Each entry contains 4 parts: question title, description, label, answer text. You need
to score each answer from the following 4 metrics and judge whether there exist ethical risks. The
following are the reference scoring criteria and corresponding examples.
• Fluency: whether the output is free of grammar errors and easy to read.
Score 1—more than half of the content has grammar errors or unnatural repetition.

2—less than half ... 3—almost none ...
e.g. (grammar errors) What you said is very clear. "I just want to tell myself that I am", or there are

some needs, maybe I can think and judge in some needs.
(unnatural repetitions) First, It is recommended to see a doctor. You can go to the hospital to see
a psychologist, or to see a psychologist. Second, Looking for professionals. For example,
doctors.

• Coherence: whether the information transition is natural and well-structured.
Score 1—more than half of the content is self-contradict or logically incoherent.

2—less than half ... 3—almost none ...
e.g. (self-contradiction) But it doesn't matter if you can only work hard and can't stop learning.

Because sometimes we need to rest for a while to adjust ourselves.
(incoherent) When trying mindfulness meditation, write down your thoughts and feelings, let
yourself relax each time, and then start to make mistakes.

Score the following 2 metrics of the answer while referring to the question title & description.
e.g. [question title] Why is it that the more pressure you have, the more you avoid facing it?

[question description] With exams approaching, I’m nervous but I don’t want to study.
• Relevance: whether the factual statements in the answer is relevant to the question.
Score 1— completely irrelevant 2— partially relevant 3— completely relevant

("relevant" includes: 1. Mentioning the keywords of the problem; 2. Restate specific content of
the problem description; 3. Quoting similar facts / cases in reality)

e.g. [part of answer to the above question]
(irrelevant: off topic) Some people will envy others. Don’t bear it in mind.
(irrelevant: incorrect restatement) As you said, "this situation has lasted for a long time", so you
are easy to fall into the cycle of self-blame.
(relevant) When I was young, I clearly set my learning goals and was full of confidence to
achieve them, but when I encountered many troubles, I became nervous and depressed.

• Helpfulness: whether the interpretation, analysis and advice help to solve the problem.
Score 1— totally useless 2— partially reasonable 3— totally reasonable
e.g. [part of answer to the above question]

(useless advice) You can try to express your feelings so that relationship can be more stable.
(reasonable analysis) Under pressure, we may magnify small problems into disasters, which
will discourage us from facing the problems.
(reasonable advice) We can try to focus more on the present rather than the future results.

• Ethical risk: Is there serious discrimination, or does it harm the seeker or the society.
Score 0—no 1—yes *if yes, please briefly describe the reason (e.g. racial discrimination / induce

suicide / induce revenge etc.) Thank you!*
e.g. (1-induce suicide) This idea of suicide will last forever. We can try to think about suicide.

Table 13: Human evaluation guideline.
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Abstract
Question: I have five fingers but I am not alive.
What am I? Answer: a glove.

Answering such a riddle-style question is a
challenging cognitive process, in that it re-
quires complex commonsense reasoning abil-
ities, an understanding of figurative language,
and counterfactual reasoning skills, which are
all important abilities for advanced natural lan-
guage understanding (NLU). However, there
is currently no dataset aiming to test these
abilities. In this paper, we present RIDDLE-
SENSE1, a new multiple-choice question an-
swering task, which comes with the first large
dataset (5.7k examples) for answering riddle-
style commonsense questions. We systemat-
ically evaluate a wide range of models over
the RIDDLESENSE challenge, and point out
that there is a large gap between the best-
supervised model and human performance —
suggesting intriguing future research in the di-
rection of higher-order commonsense reason-
ing and linguistic creativity towards building
advanced NLU systems.

1 Introduction

“ The essence of a riddle is to express true
facts under impossible combinations.”

— Aristotle, Poetics (350 BCE)

A riddle is a puzzling question about concepts in
our everyday life. For example, a riddle might ask
“My life can be measured in hours. I serve by be-
ing devoured. Thin, I am quick. Fat, I am slow.
Wind is my foe. What am I?” The correct answer
“candle,” is reached by considering a collection of
commonsense knowledge: a candle can be lit and
burns for a few hours; a candle’s life depends upon
its diameter; wind can extinguish candles, etc.

It is believed that the riddle is one of the earli-
est forms of oral literature, which can be seen as

1https://inklab.usc.edu/RiddleSense/

My life can be measured in
hours. I serve by being devoured. 
Thin, I am quick; Fat, I am slow.  
Wind is my foe.  What am I? 
(A) paper (B) candle (C) lamp 

(D) clock (E) worm

What home entertainment equipment requires cable?  

(A) radio shack (B) substation (C) cabinet  (D) television (E) desk

CSQA

RiddleSense
I have five fingers, but I 
am not alive. What am I?
(A) piano (B) computer 

(C) glove (D) claw (E) hand

D

B

C

D

VS

Figure 1: The top example is a trivial commonsense
question from the CommonsenseQA (Talmor et al.,
2019) dataset. The two bottom examples are from our
proposed RIDDLESENSE challenge. The right-bottom
question is a descriptive riddle that implies multiple
commonsense facts about candle, and it needs under-
standing of figurative language such as metaphor; The
left-bottom one additionally needs counterfactual rea-
soning ability to address the ‘but-no’ cues. These
riddle-style commonsense questions require NLU sys-
tems to have higher-order reasoning skills with the un-
derstanding of creative language use.

a formulation of thoughts about common sense, a
mode of association between everyday concepts,
and a metaphor as higher-order use of natural
language (Hirsch, 2014). Aristotle stated in his
Rhetoric (335-330 BCE) that good riddles gen-
erally provide satisfactory metaphors for rethink-
ing common concepts in our daily life. He also
pointed out in the Poetics (350 BCE): “the essence
of a riddle is to express true facts under impossible
combinations,” which suggests that solving riddles
is a nontrivial reasoning task.

Answering riddles is indeed a challenging cog-
nitive process as it requires complex commonsense
reasoning skills. A riddle can describe multiple
pieces of commonsense knowledge with figura-
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tive devices such as metaphor and personification
(e.g., “wind is my foe −→ extinguish”). Moreover,
counterfactual thinking is also necessary for an-
swering many riddles such as “what can you hold
in your left hand but not in your right hand? −→
your right elbow.” These riddles with ‘but-no’
cues require that models use counterfactual rea-
soning ability to consider possible solutions for
situations or objects that are seemingly impossi-
ble at face value. This reporting bias (Gordon
and Van Durme, 2013) makes riddles a more diffi-
cult type of commonsense question for pretrained
language models to learn and reason. In con-
trast, superficial commonsense questions such as
“What home entertainment equipment requires ca-
ble?” in CommonsenseQA (Talmor et al., 2019)
are more straightforward and explicitly stated. We
illustrate this comparison in Figure 1.

In this paper, we introduce the RIDDLESENSE

challenge to study the task of answering riddle-
style commonsense questions2 requiring creativ-
ity, counterfactual thinking and complex common-
sense reasoning. RIDDLESENSE is presented as a
multiple-choice question answering task where a
model selects one of five answer choices to a given
riddle question as its predicted answer, as shown in
Fig. 1. We construct the dataset by first crawling
from several free websites featuring large collec-
tions of human-written riddles and then aggregat-
ing, verifying, and correcting these examples us-
ing a combination of human rating and NLP tools
to create a dataset consisting of 5.7k high-quality
examples. Finally, we use Amazon Mechanical
Turk to crowdsource quality distractors to create
a challenging benchmark. We show that our rid-
dle questions are more challenging than Common-
senseQA by analyzing graph-based statistics over
ConceptNet (Speer et al., 2017), a large knowl-
edge graph for common sense reasoning.

Recent studies have demonstrated that fine-
tuning large pretrained language models, such as
BERT (Devlin et al., 2019a), RoBERTa, and AL-
BERT (Lan et al., 2020), can achieve strong re-
sults on current commonsense reasoning bench-
marks. Developed on top of these language mod-
els, graph-based language reasoning models such
as KagNet (Lin et al., 2019) and MHGRN (Feng
et al., 2020) show superior performance. Most
recently, UnifiedQA (Khashabi et al., 2020) pro-

2We use “riddle” and “riddle-style commonsense ques-
tion” interchangeably in this paper.

poses to unify different QA tasks and train a
text-to-text model for learning from all of them,
which achieves state-of-the-art performance on
many commonsense benchmarks.

To provide a comprehensive benchmarking
analysis, we systematically compare the above
methods. Our experiments reveal that while hu-
mans achieve 91.33% accuracy on RIDDLESENSE,
the best language models can only achieve 68.80%
accuracy, suggesting that there is still much room
for improvement in the field of solutions to com-
plex commonsense reasoning questions with lan-
guage models. We believe the proposed RIDDLE-
SENSE challenge suggests productive future direc-
tions for machine commonsense reasoning as well
as the understanding of higher-order and creative
use of natural language.

2 Construction of RIDDLESENSE

In this section, we first present our pipeline for
collecting the RIDDLESENSE dataset, including
the details of data cleaning. We introduce how
we design a crowd-sourcing protocol for annotat-
ing quality distractors to turn riddle-solving into a
multiple-choice question answering task.

2.1 Riddle Crawling and Cleaning

We write web crawlers for collecting a large num-
ber (approximately 10,000) of riddles and their
answers from public riddle websites, such as
brainzilla.com, riddlewot.com, etc. As the crawled
data contain much noise such as inconsistent an-
swer format and misspelled words, we process rid-
dles through careful data cleaning as well as hu-
man verification. First, we use an open-source
tool for detecting typos3 and then refine the sen-
tences. Then we continuously sample (riddle, an-
swer) pairs and recognize errors, for which we it-
eratively improve our program with a set of con-
ditions to filter out noisy examples that are not
readable or have ambiguous answers. Also, we
merge the riddles from different sources while re-
moving duplicate riddle questions with similar an-
swers. For detecting duplicate riddles with minor
word changes, we use SentenceBERT (Reimers
and Gurevych, 2019) to find clusters with high co-
sine similarities.

3github.com/phatpiglet/autocorrect
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2.2 Distractor Collection from AMT

We consider a multi-choice question answering
format rather than the open-ended format, as it is
easier to meaningfully compare the performance
of different models in a more controlled manner
— there is a limited range of of options. For
such a dataset, given a riddle-style question and
5 answer options, the model should select the best
one as the predicted answer. This format offers a
straightforward and fair evaluation metric – accu-
racy, which is the metric adopted by many pop-
ular commonsense reasoning benchmarks such as
CommonsenseQA, ARC (Clark et al., 2018), and
OpenbookQA (Mihaylov et al., 2018).

High-quality distractors are essential for
multiple-choice question answering tasks as they
can ensure that the dataset is both clean and chal-
lenging — the distractors are neither too similar
nor too distant from the correct answer. We thus
design a protocol to collect quality distractors
from human annotators via Amazon Mechanical
Turk4 based on a pool of candidate distractors.

Candidate Distractor Pool We use Q to denote
the concepts that are mentioned in the question,
and a to denote the concept in the answer5. We
then first get all two-hop neighbors in the Con-
ceptNet of a and one-hop neighbors of each c ∈ Q
respectively:

A = {x|(x, ri, y), (y, rj , a)}
B = {x|(x, rk, c), ∀c ∈ Q}

D = A ∩B,

where ri/j/k is a binary relation in the Concept-
Net such as HasProperty. The final intersec-
tion, D, is thus the pool of distractor candidates.
We further use WordNet (Miller, 1992) to filter out
concepts that have either too low or too high Wu-
Palmer similarity6. We argue that such sampled
distractors are semantically relevant to both ques-
tions and answers, and are also closer to answers
in the WordNet taxonomy. Thus, they are more
likely to serve as ideal distractors in a multiple-
choice question answering task.

AMT Crowd-sourcing We design a three-stage
annotation protocol:

4https://www.mturk.com/
5If there are multiple concepts, we pick the one with the

least network degrees as they tend to be more important.
6We use 0.5 as a threshold which is effective as expected.

CSQA RS

# All Examples 12,102 5,733
# Train Examples 9,741 3,510

# Validation Examples 1,221 1,021
# Test Examples 1,140 1,202

Average Question Length 15.06 24.04
% Long Qs (>20 tokens) 16.5% 47.3%
Distinct Question Words 6,822 7,110

Distinct Choice Words 7,044 9,912
Avg PLL of Qs -34.41 -53.98

QA-NLI Conflict 12.7% 39.6%
QA-NLI Neutral 71.6% 44.9%

QA-NLI Entailment 15.7% 15.5%

Table 1: Key statistics of the RIDDLESENSE dataset
(v1.0) vs the CommonsenseQA (CSQA) dataset.

• S1) Sanity Check. We show a question and 3
choices where only 1 choice is correct and the
other 2 are randomly sampled concepts from
the full vocabulary of ConceptNet. Only
when the workers pass this sanity check, their
following annotations will be considered, so
we can avoid noise from random workers.

• S2) Candidate Selection. As it is difficult to
control and verify the quality of distractors
from crowd workers, we first sample con-
cepts from ConceptNet, which are relevant
to both question concepts and answer con-
cepts, forming a set of candidate distractors
D for annotators to choose from. Workers
are required to select at least 5 concepts that
they think are good distractors to the ques-
tion. There are at least 3 different workers
for each question and we take the candidates
which are selected by at least two different
workers to make sure the selected distractors
are indeed meaningful.

• S3) Open Distractor Collection. We also
ask master workers on AMT to write at least
one more distractor based on the question
context. This stage is important because
sometimes the candidate pool contains fewer
candidates of good quality and the human-
written distractors are usually better than the
ones in the candidate pool. We thus give ex-
tra bonus credits to encourage annotators to
write more quality distractors.
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Figure 2: The Q-A paths serve as estimation of underlying reasoning chains. Fig. (a) illustrates how to compute
mean/min/max of the Q-A paths: {q1, q2, q3} are three concepts mentioned in the question, and a is the answer
concept. Lk is the length of the shortest path between qk and a over ConceptNet; min/max/mean are computed
over {L1, L2, L3} as three aspects to measure the overall difficulty. Fig. (b), (c), and (d) show that generally
RIDDLESENSE has a longer question-answer path than CommonsenseQA, thus being harder to reason.

Algorithm 1: Get statistics of QA paths.
Input: Knowledge graph KG = (V,E),

riddle question Q, riddle answer A
Output: minPathLength,

maxPathLength,
meanPathLength

1 QC ← extractConcept(Q)
2 AC ← extractConcept(A)
3 ac← v ∈ AC with smallest deg(G, v)
4 l← []
5 foreach qc ∈ QC do
6 path← shortestPathLen(KG,

qc, ac)
7 if path 6= None then
8 l.append(path)
9 minPathLength← min (l)

10 maxPathLength← max (l)
11 meanPathLength← mean (l)

3 Data Analysis of RIDDLESENSE

In this section, we first report the key statistics
of the proposed RIDDLESENSE dataset, then we
compare it to CommonsenseQA (Talmor et al.,
2019) from two major angles: the distribution of
the lengths of Q-A paths and the types of reason-
ing chains, which serve as an effective proxy to
analyze the differences between the two datasets.

3.1 Key Statistics

Table 1 presents the key statistics of RIDDLE-
SENSE (RS) and the comparisons with Com-
monsenseQA (CSQA) which is the most similar
benchmark to ours. Although the size of RS is

smaller than CSQA, we argue that RS is comple-
mentary to the CSQA dataset and introduces novel
challenges for the commonsense reasoning com-
munity. As they share the same format, we can
test different methods by training on either CSQA-
only, RS-only, or the concatenation of CSQA and
RS, as we show later in Section 4.

Moreover, there is a greater number of long
questions (i.e., containing more than 20 words)
in RS than in CSQA. Additionally, we find that
RS questions have a lower normalized pseudo-
likelihood (PLL) (Salazar et al., 2020), a proxy
of estimating sentence probability, suggesting that
RS questions are more puzzling (i.e., the words
are less frequently co-occurring). We also use a
RoBERTa model fine-tuned on MNLI (Williams
et al., 2018) to perform natural language inference
between CSQA/RS questions and their answers.
There is a much greater proportion of questions
in RS that have conflicting relations with their
correct answers than compared to CSQA. This
is indicative of RS’s complexity due to the self-
contradictory and perplexing nature of riddles.

Interestingly, we also find that although there
are about twice as many examples in CSQA as RS,
there are more distinct words in the questions and
answer choices of RS than CSQA, suggesting that
RS covers more diverse topics than CSQA.

3.2 Distribution of the Lengths of Q-A Paths

Our main intuition is that the shortest paths be-
tween question concepts and the answer concepts
can approximate the underlying reasoning chains,
which are hidden and difficult to label. To un-
derstand the difference between CSQA and RS in
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CommonsenseQA (CSQA)

1-hop (14.0%) 2-hop (34.4%) 3-hop (41.5%) 4-hop (9.5%)

AtLoc (4.8%) Related-Related (8.3%) Related-Related-Related (4.1%) Related × 4 (0.4%)
Related (3.4%) Related-AtLoc (4.5%) Related-Related-AtLoc (2.7%) Related × 3 -AtLoc (0.3%)
Causes (1.1%) Related-Antonym (1.8%) Related-AtLoc−1-AtLoc (1.4%) Related-Related-AtLoc−1-AtLoc (0.3%)

Antonym (0.9%) Related-IsA−1 (1.3%) Related-Related-Antonym (1.3%) Related × 3 -Antonym (0.2%)
Capableof (0.8%) Related-AtLoc−1 (0.9%) Related-Related-CapableOf (1.3%) Related×2-SubEvent−1-Cause (0.1%)

... ... ... ...

ρ = 3.4
4.8 = 0.7 ρ = 8.3

4.5 = 1.8 ρ = 4.1
2.7 = 1.5 ρ = 0.4

0.3 = 1.3

RiddleSense (RS)

1-hop (4.6%) 2-hop (31.6%) 3-hop (47.8%) 4-hop (14.0%)

Related (3.1%) Related-Related (13.1%) Related-Related-Related (10.6%) Related × 4 (1.8%)
Antonym (0.4%) Related-Antonym (2.1%) Related-Related-IsA−1 (2.6%) Antonym-Related×3 (0.4%)

IsA−1 (0.3%) Related-IsA−1 (2.0%) Related-Related-Antonym (1.6%) Related×3 -IsA−1 (0.3%)
PartOf (0.1%) Related-AtLoc−1 (1.3%) Related-Antonym-Related (1.5%) Related×2-IsA−1-Related (0.3%)

AtLoc−1 (0.1%) Antonym-Related (0.8%) Antonym-Related-Related (1.5%) Related×2-Antonym-Related (0.3%)
... ... ... ...

ρ = 3.1
0.4 = 7.8 ρ = 13.1

2.1 = 6.2 ρ = 10.6
2.6 = 4.1 ρ = 1.8

0.4 = 4.5

Table 2: The top-5 most frequent types of reasoning chains in CSQA and RS datasets, grouped by their length
k = {1, 2, 3, 4}. The implicit-ratio ρ is defined as the ratio of the implicit reasoning types (i.e., Related×k ) over
the most frequent types with at least one explicit relation (e.g., AtLoc) of the same length k.

terms of their reasoning chains, we use Q-A paths
over ConceptNet as a proxy. For a riddle question,
a set of Q-A path lengths are the lengths of the
shortest paths between every question concept and
the answer concept, i.e., shortestPathLen(KG, qc,
ac) in Alg. 1. For a question-answer pair, we first
extract the concepts mentioned in the question and
the answer respectively (extractConcept() in Algo-
rithm 1), following the steps of Lin et al. (2019)
and Feng et al. (2020). If there are three question
concepts {q1, q2, q3} and an answer concept a, we
denote their shortest path lengths as {L1, L2, L3}.
Finally, we compute the min/max/mean over them
for a comprehensive understanding of the approx-
imated difficulty of this riddle — a greater value
indicates a more challenging example.

As shown in Figure 2 (b), we can see that RS has
longer Q-A paths as underlying reasoning chains.
In addition, we can see that RS generally has
longer chains, particularly the min of CSQA is 1-
hop for more than 80% of examples. On the other
hand, only about 30% of RS examples have 1-hop
minimum Q-A paths, while about 50% of the ex-
amples have 2-hop min Q-A paths. The distribu-
tion over the maximum in Figure 2 (d) also shows
that RS tends to have longer maximum paths than
CSQA. We also show the percentage of all Q-A
paths of different length as part of Table 2, and we
can see that RS has longer paths in general (e.g.,
CSQA = 14.0% vs. RS = 4.6% in 1-hop).

3.3 Relational Types of Reasoning Paths

In addition to the analysis on path length, we also
show that the relation types of Q-A paths for RS
and CSQA have clear differences, as shown in
Table 2. The types of reasoning chains in RS
rely more on a special relation in ConceptNet —
Related, which is relatively more implicit and
can not be grounded to a specific, explicit re-
lation such as AtLoc (e.g., <wind, Related,
air> vs. <lamp, AtLoc, table>). The most
frequent relation between question concepts and
answer concepts in CSQA is the AtLoc relation
(4.8%), however, it is Related (3.1%) in RS.
We define implicit-ratio for k-hop paths, ρk =
%(Related×k)

%(Ek)
, where Ek is the most frequent type

of chains with at least one explicit relation of
length k. In RS, ρk is around 4.1 ∼ 7.8, while it
is about 0.7 ∼ 1.8 for CSQA. Thus, we conclude
that the dominant reasoning chains in RS are much
more implicit, and consequently RS is more chal-
lenging to reason with using commonsense knowl-
edge resources like ConceptNet.

4 Experiments

We first introduce three types of popular base-
line methods for commonsense reasoning (Sec-
tion 4.1), then we present our main experimen-
tal results with analysis (Section 4.2), and finally
show case studies for error analysis (Section 4.3).
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(2) Symbolic KG-based Language Reasoning 
KagNet (Lin et al. 2019) & MHGRN (Feng et al. 2020)

(3) Fine-Tuning T5 with a text-to-text task format. 
UnifiedQA (Khashabi et al., 2020)

Output: choice2

[CLS] question [SEP] choice1 
[CLS] question [SEP] choice2
[CLS] question [SEP] choice3

SoftMax

(1) Fine-Tuning BERT/RoBERTa/ALBERT, etc.

Input: question \n A: choice1 B: choice2 C: choice 3

Figure 3: Three types of baseline methods: 1) fine-
tuning pre-trained LMs, 2) incorporating graph-based
reasoner, 3) fine-tuning a unified text-to-text LM.

4.1 Baseline Methods

Given a riddle question q, there are 5 different
choices {c1, . . . , c5}, where only one of them is
the correct choice and the others are distractors.
The model needs to rank all choices and select
the best one as the final answer. There are three
major types of models for commonsense reason-
ing tasks in this format: 1) fine-tuning pretrained
language models, 2) incorporating relevant knowl-
edge graphs for reasoning, 3) fine-tuning a unified
text-to-text QA model, as shown in Figure 3.

Fine-tuning Pre-trained LMs As we seek to
investigate how well current NLU models can per-
form in higher-order commonsense reasoning, we
first experiment with a typical set of large pre-
trained language models such as BERT (Devlin
et al., 2019b), RoBERTa (Liu et al., 2019), and
ALBERT (Lan et al., 2020). We concatenate the
question with each choice, using [SEP] as the
separator, thus forming a statement. Then, we
fine-tune any pretrained LMs like BERT to use
their [CLS] token embeddings to predict a score
for each statement. Then, a set of five scores about
an example will be fed to SoftMax to optimize for
maximizing the score of the correct choice.

LMs + Graph Reasoning Modules Kag-
Net (Lin et al., 2019) and MHGRN (Feng et al.,
2020) are two typical graph-based language rea-
soning models. They both extract a schema graph
from ConceptNet, i.e., a subgraph of ConceptNet
consisting of Q-A paths in Figure 2, by incorpo-
rating them with a graph encoding module. They
finally fuse the external commonsense knowledge
with a text encoder (e.g., a pretrained LM). Kag-
Net uses heuristics to prune irrelevant paths and
then encode them with path-based LSTM and hi-
erarchical attention to select the most important
paths for improving commonsense reasoning. In
contrast, the recent MHGRN explicitly encodes
multi-hop paths at scale using graph networks
with relational attention, improving efficiency and
performance over KagNet and other models. A
unique merit of such graph-based models is their
interpretibility due to the neural attention over the
symbolic structures of KGs.

Fine-Tuning a Text-to-Text QA Model Uni-
fiedQA (Khashabi et al., 2020), the state-of-the-art
multiple-choice QA model, simply concatenates
the question with all answer candidates as a sin-
gle input sequence to a T5 (Raffel et al., 2020)
model for learning to generate the correct choice
as extracting a span from the input. Apart from
the multiple-choice QA format, it is also trained
with other QA task formats so that it can benefit
from many other QA datasets (including CSQA)
via sharing the model parameters.

Human Evaluation We invite three native En-
glish speakers who study computer science to
solve 100 riddle examples sampled from the test
set. They achieved an average accuracy of 91.3%.

4.2 Results and Analysis
We show the main results of the experiments in
Table 3. There are 3 settings according to the dif-
ferent training data options: 1) the training data of
CSQA, 2) the training data of RS, and 3) the con-
catenation of both RS and CSQA, while all exper-
iments are validated over the dev set of RS. How-
ever, as the public UnifiedQA checkpoints were al-
ready trained on CSQA (together with many other
QA datasets), we directly use them for inference
over RS in the first setting (i.e., “Train=CSQA”).
This also suggests that the performance of Uni-
fiedQA models in 2nd setting should be better than
others although they all are fine-tuned on RS’s
training data only.
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Models ↓ Training Data→ Train = CSQA Train = RiddleSense Train = RS+CSQA

RiddleSense-Split→ Dev Test Dev Test Dev Test

Random Guess 20.0 20.0 20.0 20.0 20.0 20.0

BERT-Base (Devlin et al., 2019a) 33.59 34.61 54.16 42.43 56.22 47.67
BERT-Large (Devlin et al., 2019a) 36.14 39.10 55.24 45.09 57.69 54.91
RoBERTa-Large (Liu et al., 2019) 43.68 47.42 60.72 52.58 66.11 59.82
ALBERT-XXL (Lan et al., 2020) 51.03 51.00 66.99 60.65 71.50 67.30

KagNet (RB-L) (Lin et al., 2019) 42.66 48.24 61.77 53.72 66.55 59.72
MHGRN (RB-L) (Feng et al., 2020) 46.83 49.65 63.27 54.49 66.90 63.73

MHGRN (AB-XXL) (Feng et al., 2020) 50.89 50.21 66.27 59.93 70.81 66.81

UnifiedQA (T5-L) (Khashabi et al., 2020) 28.50 37.27 56.21 56.40 58.17 56.57
UnifiedQA (T5-3B) (Khashabi et al., 2020) 37.32 50.25 67.38 66.06 68.26 68.80

Human Performance - 91.33 - 91.33 - 91.33

Table 3: Benchmark performance over the dev and test set of RIDDLESENSE (v1.0).
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Figure 4: The curve of dev accuracy using different
percentage of the RS-training data, respectively for
RoBERTa-Large and ALBERT-XXL.

We can see that larger pretrained language un-
derstanding models always gain better perfor-
mance, ranging from BERT-base to Albert-XXL,
which gets the best performance in this group of
baselines (67.30%). This matches their perfor-
mance comparisions on CSQA and other bench-
mark datasets as well, suggesting that a better pre-
trained language model can be also identified by
RIDDLESENSE as well. Interestingly, we find that
ALBERT-XXL is so powerful that it can gener-
alize from training on CSQA only but achieve
comparable results with RoBERTa-Large that is
trained over RS (i.e., 51.0% vs. 52.6%). However,
if we look at the curve of dev accuracy when using
different percentage of the RS-train data (setting
2) in Figure 4, we can see that RoBERTa-Large
can generally outperform ALBERTA-XXL when

using less than 60% data for fine-tuning.
Moreover, we find that the KG-enhanced mod-

els, KagNet and MHGRN, using RoBERTa-Large
(RB-L) as the encoder, perform better than vanilla
RB-L. Although the Q-A paths over Concept-
Net have more implicit paths (e.g., Related×k),
some paths can still be beneficial. For example,

wind Related←−−−−−→ blow Related←−−−−−→ candle,

can still help reason about the riddle “... Wind is
my foe. What am I?” to the answer “candle.”

The fusion of ConceptNet also improves in the
situation when only training with CSQA data us-
ing RoBERTa-Large. However, the improvement
of KagNet is negative, which is unexpected. We
conjecture that this is because the extracted sub-
graphs from the ConceptNet does not guarantee
the reasoning path from question concepts to an-
swer concepts, while the training phase forces
models to learn to reason over those graphs,
yielding a possibly harmful impact. Addition-
ally, we find that MHGRN with ALBERT-XXL
also results in a worse performance, unlike using
RoBERTa-Large. We believe this may be related
to the specific design of ALBERT, which reuses
model parameters for multiple layers, and thus it
could be a problem when fused with another learn-
able module (e.g., a graph network in MHGRN).

Fine-tuning UnifiedQA with T5-3B achieves
the best performance, which is also the case for
CSQA in their leaderboard. This is expected for
two reasons: 1) UnifiedQA has been trained over
multiple other QA datasets, which increases its
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generalization ability, 2) UnifiedQA considers all
choices together at a time and thus can better com-
pare different choices with self-attention mecha-
nism of Transformer (Vaswani et al., 2017).

4.3 Error Analysis and Future Directions

We show a few examples that are mistakenly
predicted by the UnifiedQA-3B model in Fig-
ure 5. From these concrete cases, we can see
that even the best model cannot solve riddles that
can be trivial to humans, especially when there are
metaphors and/or counterfactual situations. We ar-
gue that future research should aim to address the
creative use of language in commonsense reason-
ing and general understanding of language, as cre-
ativity is a critical feature of natural language. We
list several promising directions as follows.

First of all, we should mine (semi-)structured
knowledge of metaphors, so that concepts can
connect via metaphorical links (e.g., “tail” →
“thread”). Second, to prevent false inferences, we
need more complete, precise commonsense knowl-
edge of concepts. For example, in Figure 5, a
model should know a chair only has exactly four
legs instead of hundreds (Lin et al., 2020a); ink
can be black or red, but it won’t change over time.
However, current KGs only have (leg, PartOf,
chair) and (ink, HasProperty, black/red). In ad-
dition, the reasoning methods should incorporate
more symbolic logic rules, so that the multi-hop
conditions and counterfactual “but-no” negations
will be handled better. Finally, we think the graph-
augmented methods should be improved to com-
pare multiple options in a schema graph, e.g., QA-
GNN (Yasunaga et al., 2021). Both KAGNET and
MHGRN consider only a single option at a time
which prevents them from effectively reasoning
about the subtle differences between options.

5 Related Work

Benchmarking Machine Common Sense

The prior works on building commonsense rea-
soning benchmarks touch different aspects of
commonsense reasoning: SWAG (Zellers et al.,
2018), HellaSWAG (Zellers et al., 2019), CO-
DAH (Chen et al., 2019), aNLI (Bhagavatula
et al., 2020) for situation-based reasoning; Phys-
ical IQA (Bisk et al., 2020) on physical knowl-
edge; Social IQA (Sap et al., 2019) on so-
cial psychology knowledge; LocatedNearRE (Xu
et al., 2018) on mining spatial commonsense

knowledge; DoQ (Elazar et al., 2019) and Nu-
merSense (Lin et al., 2020a) on numerical com-
mon sense; CommonGen (Lin et al., 2020b) for
generative commonsense reasoning, and many
others; OpenCSR (Lin et al., 2021) and Pro-
toQA (Boratko et al., 2020) aim to test common-
sense reasoning ability in an open-ended setting.

CommonsenseQA (Talmor et al., 2019) has the
same format as our proposed RIDDLESENSE, and
both target general commonsense knowledge via
multiple-choice question answering. However,
CSQA focuses more on straightforward questions
where the description of the answer concept is
easy to understand and retrieval over Concept-
Net, while RS makes use of riddle questions to
test higher-order commonsense reasoning ability.
More detailed comparisions between them are in
Section 3, which shows that the unique challenges
of the RiddleSense on multiple dimensions.

Commonsense Reasoning Methods
Our experiments cover three major types of
commonsense reasoning methods that are popu-
lar in many benchmarks: fine-tuning pretrained
LMs (Devlin et al., 2019a; Liu et al., 2019; Lan
et al., 2020), graph-based reasoning with external
KGs (Lin et al., 2019; Feng et al., 2020), and fine-
tuning unified text-to-text QA models (Khashabi
et al., 2020). Apart from ConceptNet, There are
also some methods (Lv et al., 2020; Xu et al.,
2020) using additional knowledge resources such
as Wikipedia and Wiktionary. A few recent meth-
ods also aim to generate relevant triples via lan-
guage generation models so that the context graph
is more beneficial for reasoning (Wang et al.,
2020; Yan et al., 2020). Our experiments in this
paper aim to compare the most typical and popu-
lar methods which have open-source implementa-
tions, which we believe are beneficial for under-
standing the limitation of these methods in higher-
order commonsense reasoning — RIDDLESENSE.

Computational Creativity and NLP
Creativity has been seen as a central property of
the human use of natural language (McDonald and
Busa, 1994). Text should not be always taken at
face value, however, higher-order use of language
and figurative devices such as metaphor can com-
municate richer meanings and needs deeper read-
ing and more complicated reasoning skills (Veale,
2011). Recent works on processing language with
creative use focus on metaphor detection (Gao
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Riddle Questions Choices (√=truth; ×=model’s choice) Explanation

I am black when you buy me, red when you use me. 
When I turn white, you know it's time to throw me
away. What am I?

(A) charcoal (√) (B) rose flower
(C) ink (×) (D) fruit (E) shoe

I have a long tail that I let fly. Every time I go
through a gap, I leave a bit of my tail in the trap.
What am I?

(A) monkey (B) basketball
(C) fishing pole (×) (D) comet
(E) needle (√) 

If you take off my skin, I will not cry, but you will.
What am I?

(A) grape (B) onion (√) (C) package
(D) plant (E) body (×) 

What is that which, though black itself, enlightens
the world without burning?

(A) coal (B) hole (C) cd player
(D) sunlight (×) (E) ink (√) 

I have hundreds of legs, but I can only lean. 
What am I?

(A) chair (×) (B) sock (C) pleopod
(D) pants (E) broom (√) 

Describing multiple conditions 
of a common object.
Only charcoal applies to all.

Describing a common event and 
involved objects with metaphor: 
tail → thread; fly → sew; 

Personalization. Cutting onions 
→ taking off my skin.

Figure of speech (ink → writing →
knowledge → light of wisdom)
+ Counterfactual (without burning)

Counterfactual (many legs but 
cannot stand) + Metaphor (bristles)

Figure 5: Case studies of the error by UnifiedQA-3B model on the test set of RIDDLESENSE.

et al., 2018), pun generation (He et al., 2019; Luo
et al., 2019), creative story generation, and humor
detection (Weller and Seppi, 2019, 2020), sarcasm
generation (Chakrabarty et al., 2020), etc.

Riddling, as a way to use creative descriptions
to query a common concept, are relatively un-
derexplored. Previous works (Tan et al., 2016;
Gonçalo Oliveira and Rodrigues, 2018) focus on
the generation of riddles in specific languages and
usually rely on language-specific features (e.g.,
decomposing a Chinese character into multiple
smaller pieces). There is few datasets or public
resources for studying riddles as a reasoning task,
to the best of our knowledge. The proposed RID-
DLESENSE is among the very first works connect-
ing commonsense reasoning and computational
creative, and provides a large dataset to train and
evaluate models for answering riddle questions.

6 Conclusion

We propose a novel commonsense reasoning chal-
lenge, RIDDLESENSE, which requires complex
commonsense skills for reasoning about creative
and counterfactual questions, coming with a large
multiple-choice QA dataset. We systematically
evaluate recent commonsense reasoning methods
over the proposed RIDDLESENSE dataset, and find
that the best model is still far behind human per-
formance, suggesting that there is still much space
for commonsense reasoning methods to improve.
We hope RIDDLESENSE can serve as a benchmark
dataset for future research targeting complex com-
monsense reasoning and computational creativity.
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Abstract

To train a question answering model based on
machine reading comprehension (MRC), sig-
nificant effort is required to prepare annotated
training data composed of questions and their
answers from contexts. Recent research has
focused on synthetically generating a question
from a given context and an annotated (or gen-
erated) answer by training an additional gener-
ative model to augment the training data. In
light of this research direction, we propose a
novel pre-training approach that learns to gen-
erate contextually rich questions, by recover-
ing answer-containing sentences. We evalu-
ate our method against existing ones in terms
of the quality of generated questions, and
fine-tuned MRC model accuracy after train-
ing on the data synthetically generated by our
method. We consistently improve the ques-
tion generation capability of existing models
such as T5 and UniLM, and achieve state-of-
the-art results on MS MARCO and NewsQA,
and comparable results to the state-of-the-art
on SQuAD. Additionally, the data syntheti-
cally generated by our approach is beneficial
for boosting up the downstream MRC accu-
racy across a wide range of datasets, such as
SQuAD-v1.1, v2.0, KorQuAD and BioASQ,
without any modification to the existing MRC
models. Furthermore, our method shines espe-
cially when a limited amount of pre-training or
downstream MRC data is given.

1 Introduction

Machine reading comprehension (MRC), which
finds the answer to a given question from its accom-
panying paragraphs (called context), is an essential
task in natural language processing. With the re-
lease of high-quality human-annotated datasets for
the task, such as SQuAD-v1.1 (Rajpurkar et al.,
2016), -v2.0 (Rajpurkar et al., 2018), and Ko-

∗These authors contributed equally.

rQuAD (Lim et al., 2019), researchers have pro-
posed MRC models even surpassing human scores.
These datasets commonly involve finding a snippet
within a context as an answer to a given question.

However, these datasets require significant
amount of human effort to create questions and
their relevant answers from given contexts. Of-
ten the size of the annotated data is relatively
small compared to that of data used in other self-
supervised tasks such as language modeling, limit-
ing the accuracy.

To overcome this issue, researchers have studied
models for generating synthetic questions from a
given context along with annotated (or generated)
answers on large corpora such as Wikipedia. Golub
et al. (2017) suggested a two-stage network of gen-
erating question-answer pairs which first chooses
answers conditioned on the paragraph and then
generates a question conditioned on the chosen an-
swer. Dong et al. (2019) showed that pre-training
on unified language modeling from large corpora
including Wikipedia improves the question gener-
ation capability. Alberti et al. (2019) introduced a
self-supervised pre-training technique for question
generation via the next-sentence generation task.

However, self-supervised pre-training tech-
niques such as language modeling or next sentence
generation are not specifically conditioned on the
candidate answer and instead treat it like any other
phrase, despite the candidate answer being a strong
conditional restriction for the question generation
task. Also, not all sentences from a paragraph may
be relevant to the questions or answers, so the task
of their generation may not be an ideal candidate
as a pre-training method for question generation
tasks.

To address these issues, we propose a novel
training method called Answer-containing Sen-
tence Generation (ASGen) for a question generator.
ASGen is composed of two steps: (1) predicting
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Figure 1: Architecture of a simple generative model, BertGen. When applying our training method “ASGen” to
the model, the question generator takes as input the answer and the context with the answer-containing sentence
removed and generates the missing answer-containing sentence.

“answer-like” candidate answers in a given context
and (2) pre-training the question generator on the
answer-containing sentence generation task. We
evaluate our method against existing ones in terms
of the generated question quality as well as the fine-
tuned MRC model accuracy after training on the
data synthetically generated by our method.

Experimental results demonstrate that our ap-
proach consistently improves the question gen-
eration quality of existing models such as
T5 (Raffel et al., 2020) and UniLM (Dong
et al., 2019), and shows state-of-the-art re-
sults on MS MARCO (Nguyen et al., 2016),
NewsQA (Trischler et al., 2017), as well as com-
parable results to the state-of-the-art on SQuAD.
Additionally, we demonstrate that the syntheti-
cally generated data by our approach can boost
downstream MRC accuracy across a wide range
of datasets, such as SQuAD-v1.1, v2.0, KorQuAD
and BioASQ (Tsatsaronis et al., 2015) without any
modification to the existing MRC models. Further-
more, our experiments highlight that our method
shines especially when a limited amount of train-
ing data is given, in terms of both pre-training and
downstream MRC data.

2 Proposed Method

This section discusses our proposed training
method called Answer-containing Sentence Gen-
eration (ASGen). While ASGen can be applied
to any generative model, we use a simple Trans-
former (Vaswani et al., 2017) based generative
model as our baseline, which we call BertGen.
First, we will describe how the BertGen model
generates synthetic questions and answers from a
context. Next, we will explain the details of candi-

date answer prediction and how we pre-trained the
question generator in BertGen based on them. Bert-
Gen encodes given paragraphs with two networks,
the answer generator and the question generator.

Answer Generator. To make the contextual em-
beddings and to predict answer spans for a given
context without the question, we utilize a BERT
(Devlin et al., 2019) encoder (Fig. 1-(1), BERT
Encoder-A). We select top K candidate answer
spans from the context by sorting with confidence
score of span prediction. We use the K selected
answer spans as input to the question generator.

Question Generator. Next, we generate a ques-
tion conditioned on each answer predicted from the
answer generator. Specifically, we give as input to
a BERT encoder the context and an indicator for
the answer span location in the context (Fig. 1-(2),
BERT Encoder-Q). Next, a Transformer decoder
generates the question word-by-word based on the
encoded representation of the context and the an-
swer span. When pre-training the question gener-
ator on an answer-containing sentence generation
task, we exclude the answer-containing sentence
from the original context and train the model to
generate the excluded sentence given the modified
context and the answer span as input.

Finally, we generate synthetic questions and an-
swers from a large corpus, e.g., all the paragraphs
in Wikipedia. After generating this data, we train
the MRC model on the generated data in the first
phase and then fine-tune on the downstream MRC
dataset (e.g., SQuAD) in the second phase. In this
paper, we use BERT as the default MRC model,
since BERT or its variants achieve state-of-the-art
performance across numerous MRC tasks.
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2.1 Candidate Answer Prediction

In question generation, it is important to determine
which part of a given context can be a suitable
answer for generating questions. To this end, we
predict candidate answer span in the given context
W = {wt}Tt=0 to obtain a more appropriate set
of “answer-like” phrases. To calculate the score
si for start index i of a predicted answer span, we
compute the dot product of the encoder output with
a trainable vector vs. For each start index i, we
calculate the span end index score ei,j for index j
in a similar manner with a trainable vector ve, i.e.,

{wenc
t }Tt=0 = BERT Encoder-A(W ),

si = vs ◦wenc
i ,

ei,j = ve ◦ fs(wenc
j ⊕wenc

i ),

where T is the number of word tokens in the con-
text and fs represents a fully connected layer with
hidden dimension H and ⊕ indicates the concate-
nation operation. Token at t = 0 is “[CLS]”. For
training, we use cross-entropy loss on the si, ei,j
with ground truth start, end of the answer span for
each token.

During inference, we choose topK answer spans
with the highest score summation of start index
score and end index score, i.e.,

Aspan = {(i, j) | 1 ≤ i ≤ T and i ≤ j ≤ T},
ak = max({a | #{(i, j) | si + ei,j ≥ a} = K}),

Aspank = {(i, j) | si + ei,j ≥ ak}.

Selected answerAspank is then given to the question
generator as input in the form of an indication of
the answer span location in the given context.

2.2 Pre-training Question Generator

In order to generate questions conditioned on dif-
ferent answers that may arise in a context, we gen-
erate a question for each of the K answers. Alberti
et al. (2019) proposed a pre-training method for this
generative model using the self-supervised task of
generating the next-sentence. We identify several
issues with this approach. This technique is not
specifically conditioned on the answer, despite the
answer being a strong condition for the question
generation task. Also, not all sentences from a para-
graph may be relevant to the questions or answers
from within that paragraph, so their generation is
not an ideal candidate for pre-training question gen-
eration model.

To address these issues, we modify the context
to exclude the sentence containing the previously
generated answer and pre-train the question gener-
ation model on the task of generating this excluded
answer-containing sentence, conditioned on the an-
swer and the modified context.

Specifically, we exclude answer-containing sen-
tence Sans while retaining the answer, modifying
the original context D to Dans as

Sstart = {p | sentence start index = p} ∪ {T},
Sans = {(ps, pe, i, j) | ps = max({p≤i}),
pe = min({p≥j}), p ∈ Sstart, (i, j) ∈ Aspank },

Dans = [D[:ps];D[i:j];D[pe:]], (ps, pe, i, j) ∈ Sans,

Note that we change Sans to not exclude the
answer-containing sentence for fine-tuning the
question generator, i.e.,

Sans = {(ps, pe, i, j)|ps = i, pe = j}.

In BertGen, we pass the previously generated an-
swer to the generation model in the form of an
additional position encoding Mans that indicates
the answer location within the context, i.e.,

Mans = [m0 ∗ ps;m1 ∗ (j − i);m0 ∗ (T − pe)],

where m0 and m1 indicate trainable vectors cor-
responding to encoding id 0 and 1, respectively.
That is, we assign the encoding id for each word in
the context as 0 and each word in the answer as 1.
A ∗B indicates the operation of stacking vector A
for B many times.

Next, we generate answer-containing sentence
output words’ probability W o = {wo

y}Yy=1 as

Cenc = BERT Encoder-Q(Dans,Mans),

wg
y = Transformer Decoder({wo

i }y−1i=0 , C
enc),

{wo
y}Yy=1 = {Softmax(wg

yE)}Yy=1,

where Cenc is encoded representation of the con-
text and E ∈ Rd×V represents a word embedding
matrix with vocabulary size V shared between the
BERT Encoder-Q and the decoder. Note that wo

0 is
a zero vector for starting the decoding.

Finally, we calculate the loss of the generated
words using the cross-entropy loss as

L = −




Y∑

y=1

V∑

v=1

zy,vlog(wo
y,v)


 /Y,
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where z indicates a ground-truth one-hot vector of
the answer-containing sentence word. Note that z
is the question word in the case of fine-tuning.

In this manner, we pre-train the question genera-
tion model using a task similar to the final task of
conditionally generating the question from a given
answer and a context.

3 Experimental Setup

Pre-training Dataset. To build the dataset for
answer-containing sentence generation tasks (AS-
Gen) and the synthetic MRC data for pre-training
the downstream MRC models, we collect all para-
graphs from the entire English Wikipedia dump
and synthetically generate questions and answers
on these paragraphs. Note that we removed all pas-
sages from Wikipedia overlapping with SQuAD
dataset (Rajpurkar et al., 2016). We apply filtering
and clean-up steps that are detailed in the appendix.

Using BertGen, we extract answers from each
given paragraph, and then generate questions
for each answer-paragraph pair. Finally, we ob-
tain 43M triples of question-answer-paragraph for
the synthetic data. For pre-training on answer-
containing sentence generation, we sample 25M
answer-paragraph pairs (Full-Wiki) from the final
Wikipedia dataset to avoid extremely short con-
texts less than 500 characters. For ablation studies
on pre-training approaches, we sample 2.5M pairs
(Small-Wiki)1 from Full-Wiki and split 25K pairs
(Test-Wiki) to evaluate the pre-training method.
Benchmark Datasets. In most MRC datasets, a
question and a context are represented as a se-
quence of words, and the answer span (indices
of start and end words) is annotated from the con-
text words based on the question. Among these
datasets, we choose SQuAD as the primary bench-
mark dataset for question generation, since it is
the most popular human-annotated MRC dataset.
For fair comparison with existing question gener-
ation methods, we use the same splits of SQuAD-
v1.1, as previously done in Du et al. (2017), Kim
et al. (2019), and Dong et al. (2019). We refer to
this dataset as Split1. This split has 77K/10K/10K
samples for train/dev/test sets. We also evalu-
ate on the reversed dev-test split, referred to as
Split2.2 Additionally, we test our question gen-
eration on MS MARCO (Nguyen et al., 2016)
and NewsQA (Trischler et al., 2017) to evaluate

1We use the Korean Wikipedia for KorQuAD.
2We use the same splits as provided by Du et al. (2017)

the generalization of our method to other datasets.
In the case of MS MARCO, questions are col-
lected from real user query logs in Bing. For
these datasets, we follow pre-processing of Tuan
et al. (2020), sampling a subset of original data
where the answers are sub-spans of their corre-
sponding paragraphs to obtain train/dev/test sets
with 51K/6K/7K samples for MS MARCO and
76K/4K/4K samples for NewsQA. We also con-
duct experiments on question generation with Nat-
ural Questions (Kwiatkowski et al., 2019) and
BioASQ (Tsatsaronis et al., 2015). We calculate
BLEU-4, METEOR, and ROUGE-L with the script
from Du et al. (2017).

To evaluate the effectiveness of generated syn-
thetic MRC data, we test the fine-tuned MRC
model on the downstream MRC dataset after train-
ing on the generated synthetic data. We calculate
the EM/F1 score of the MRC model on SQuAD-
v1.1 and v2.0 development set. We also evaluate on
the test set of KorQuAD, a Korean dataset created
with the same procedure as SQuAD-v1.1.

Implementation Details. For all experiments
and models, we use all official original hyper-
parameters unless otherwise stated below. For Bert-
Gen model, we use pre-trained BERT (Base and
Large) as encoder and 12 stacked layers of Trans-
former as decoder. For large version of the model,
we use 24 layers of the encoder and the decoder
with 737M parameters. For answer prediction, we
select top-5 (K = 5) for the answer spans. For the
generation of unanswerable questions in SQuAD-
v2.0, we separate unanswerable and answerable
cases and then train separate generation models.
For all BertGen models, we pre-train the question
generator for 5 epochs on Wikipedia and fine-tune
it for 30 epochs on MRC dataset with batch size of
32. For other question generation models, we pre-
train for 1 epoch on Wikipedia. For UniLM and T5,
the input is formulated as sequence-to-sequence,
the first input segment is the concatenation of con-
text and answer, while the second output segment
is a missing answer-containing sentence or a ques-
tion to be generated. We use all official settings for
UniLM, ProphetNet (Qi et al., 2020) and ELEC-
TRA (Clark et al., 2020), and use the official pre-
trained weights. The training time depends on the
data size and the model complexity. For Zhao et al.
(2018), pre-training on Full-Wiki takes 48 hours.
Pre-training BertGen on Small-Wiki in Table 3
takes 48 hours with 8 Tesla V100 GPU, resulting
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Table 1: Comparison with existing question generation methods on the test set of SQuAD Split1 and Split2. Models
marked as ‘*’ indicate results we reproduced.

Group Question Generation Model Split1 Split2
BLEU-4 METEOR ROUGE-L BLEU-4 METEOR ROUGE-L

Du et al. (2017) 12.3 16.6 39.8 - - -
ASs2s (Kim et al., 2019) 16.2 19.9 44.0 - - -
Zhao et al. (2018)* 13.0 18.2 41.2 15.1 19.5 43.4
Zhao et al. (2018)* + ASGen 14.2 19.4 42.8 16.4 20.6 44.7

Applying T5(Small)* 15.6 23.3 37.1 18.8 25.2 40.5
to T5(Small)* + ASGen 17.0 24.2 38.9 19.6 26.1 41.9

other T5(Large)* 18.9 26.2 41.8 21.7 27.4 44.5
methods T5(Large)* + ASGen 19.4 26.7 42.0 22.0 27.8 45.1

UniLM (Dong et al., 2019) 22.1 25.1 51.1 23.8 25.6 52.0
UniLM + ASGen 23.7 25.9 52.3 25.3 26.7 53.3
ProphetNet (Qi et al., 2020) 23.9 26.6 52.3 25.8 27.5 53.7
ProphetNet + ASGen 24.4 26.7 52.8 26.1 27.6 53.9
BertGen (Large) + ASGen 22.8 25.3 51.2 24.6 25.8 53.0

Table 2: Comparison with existing question generation
methods on MS MARCO and NewsQA. We also test
our method on Natural Questions. BL-4, MTR, RG-L
indicate BLEU-4, METEOR, ROUGE-L.

MS MARCO (test set) BL-4 MTR RG-L
Zhao et al. (2018) 17.2 - -
Tuan et al. (2020) 18.3 19.4 42.8
Ma et al. (2020) 20.5 24.7 49.9
BertGen (Large) + ASGen 22.9 26.7 51.8
NewsQA (test set) BL-4 MTR RG-L
Zhou et al. (2017) 9.9 16.7 42.3
Liu et al. (2019) 11.1 17.4 43.2
Tuan et al. (2020) 12.4 19.0 44.1
BertGen (Large) + ASGen 13.8 18.6 44.5
Natural Questions (dev set) BL-4 MTR RG-L
BertGen (Large) 31.5 30.4 60.2
BertGen (Large) + ASGen 35.3 32.9 61.3

in 5.1, 4.3 BLEU-4 improvement on Split1, Split2
respectively. The pre-training for BertGen (Large)
with Full-Wiki takes 1,224 hours and fine-tuning
takes 72 hours. Mecab (Kudo, 2006) is used for
Korean tokenizer.

Comparison of the Pre-training Method. We
compare ASGen with a method from Alberti et al.
(2019), which is pre-training on next-sentence gen-
eration task (NS), and with a method from Golub
et al. (2017), which only trains the generative
model on the final MRC dataset. We reproduced
these methods on BertGen as described in their
original work and evaluate question generation
scores on the SQuAD splits as well as correspond-
ing sentence generation scores on Test-Wiki.

Comparison of Downstream Results. To check
the effectiveness of our method on downstream
MRC tasks, we evaluate our generated synthetic

Table 3: Ablation of pre-training methods, i.e., pre-
training on NS, ASGen, and ASGen without condi-
tioning on a given answer (w/o A), on the test set of
SQuAD splits and on Test-Wiki.

Pre-train on Small-Wiki Wiki Split1 Split2
BertGen (w/o pre-train) - 15.0 17.1
BertGen+NS 1.4 19.0 20.2
BertGen+ASGen w/o A 5.2 19.9 21.0
BertGen+ASGen 5.2 20.1 21.4
Pre-train on Full-Wiki Wiki Split1 Split2
BertGen+NS 3.4 20.6 22.6
BertGen+ASGen 8.2 22.2 24.2
BertGen(Large)+ASGen 8.3 22.8 24.6

Table 4: Average of 10 human evaluation scores over
random samples from SQuAD. Each column indicates
Syntax (ST), Semantics (SM), Context-Relevance (CR)
and Answer-Relevance (AR) in the range 1 to 5.

Model ST SM CR AR
BertGen 4.04 3.93 4.20 3.25
BertGen+NS 4.60 4.54 4.49 3.63
BertGen+ASGen 4.71 4.69 4.74 4.14
UniLM 4.25 4.31 4.54 4.06
UniLM+ASGen 4.71 4.79 4.70 4.17

data on SQuAD-v1.1, v2.0, and KorQuAD by train-
ing MRC models (BERT, BERT+CLKT and ELEC-
TRA) on generated data followed by fine-tuning
on the train set for each dataset. The structure of
BERT+CLKT model is the same as that of original
BERT except that the model is pre-trained for the
Korean language. Due to the absence of common
pre-trained BERT for Korean, we used this model.
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4 Experimental Results

4.1 Question Generation Performance

Comparison to Existing Methods. To evaluate
ASGen, we fine-tune the question generation mod-
els on both SQuAD splits, after pre-training on
answer-containing sentence generation task. As
shown in Table 1, ‘BertGen (Large) + ASGen’ and
‘UniLM + ASGen’ outperforms UniLM on both
splits. Moreover, ASGen consistently improves the
performance when applied to other question gener-
ation models such as Zhao et al. (2018), T5 (Small
and Large), and UniLM across all metrics for both
splits. In particular, applying ASGen on UniLM
further improves its question generation capability,
achieving BLEU-4, METEOR, and ROUGE-L as
23.7, 25.9, 52.2, and 25.3, 26.7, 53.3 on both splits,
respectively. We reproduce Zhao et al. (2018) and
T5, and use the official code of UniLM with no
architecture or parameter changes.

Additionally, as shown in Table 2, ‘BertGen
(Large) + ASGen’ outperforms all existing mod-
els on all scores on both MS MARCO and
NewsQA, except for comparable METEOR scores
in NewsQA. Our method also shows improvement
on Natural Questions (Kwiatkowski et al., 2019)
(short answer) dataset, where questions are col-
lected from real user query logs on Google.
Ablation Study of Pre-training Task. We also
compare the BLEU-4 scores between various pre-
training tasks to show the effectiveness of ASGen.
As shown in Table 3, ASGen outperforms NS in the
recreation score of sentence on Test-Wiki, e.g. 5.2
vs. 1.4 in Small-Wiki and 8.2 vs. 3.4 in Full-Wiki.
ASGen outperforms NS in question generation, e.g.
22.2 vs. 20.6 and 24.2 vs. 22.6 in the two splits,
respectively. We also observe that conditioning on
a given answer improves ASGen, e.g. 20.1 vs. 19.9
in Split1 and 21.4 vs. 21.0 in Split2.
Human Evaluation. As Sultan et al. (2020) men-
tioned in their paper, accuracy-based measurements
such as BLEU-4, METEOR and ROUGE-L may
not be adequate to test the diversity of a question.
Due to this, we also judge the quality of questions
by human evaluation involving 10 evaluators over
metrics such as syntax, validation of semantics,
question to context relevance and question to an-
swer relevance on 50 randomly chosen samples on
SQuAD-v1.1 dev set. As shown in Table 4, ap-
plying ASGen consistently improves the human
evaluation scores.

Table 5: Effectiveness of synthetic data for MRC model
on SQuAD (SQD) and KorQuAD (KQD).

MRC Dev-SQDv1.1 Dev-SQDv2.0
model EM F1 EM F1

BERT (Large) 83.9 90.9 78.8 81.8
+synthetic data 86.3 92.7 84.5 87.4
BERT (WWM) 86.5 92.8 83.1 85.9

+synthetic data 87.4 93.5 85.5 88.4
ELECTRA (Large) - - 87.4 90.2
+synthetic data - - 88.2 91.3

MRC Dev-KQD Test-KQD
model EM F1 EM F1

BERT+CLKT 87.1 94.5 86.2 94.1
+synthetic data 87.8 95.0 86.7 94.6

Table 6: Comparison of downstream EM/F1 scores us-
ing BERT(Large) MRC model with the synthetic data
from different pre-training methods.

Synthetic Data Dev-v1.1 Dev-v2.0
EM F1 EM F1

BertGen (w/o pre-train) 85.1 91.4 80.9 83.9
BertGen+NS 85.6 92.3 81.5 85.8
BertGen+ASGen 86.3 92.7 84.5 87.4

4.2 Downstream MRC Task Performance

To show the effectiveness of the generated synthetic
data, we train MRC models on generated data, be-
fore fine-tuning on the downstream data. As shown
in Table 5, the synthetic data generated by ‘Bert-
Gen (Large) + ASGen’ consistently improves the
performance of BERT (Large, WWM) by a signifi-
cant margin. Pre-training BERT on synthetic data
improves F1 scores by 1.8 on SQuAD-v1.1 and
5.6 on SQuAD-v2.0 for BERT (Large), and 0.7 on
SQuAD-v1.1 and 2.5 on SQuAD-v2.0 for BERT
(WWM). Synthetic data also improves ELECTRA
performance on SQuAD-v2.0, and BERT+CLKT
performance on KorQuAD.

Also, to show improvement due to our pre-
training method in the downstream MRC task, we
compare the EM/F1 scores of BERT (Large) mod-
els trained on synthetic data generated by different
question generation models, ‘BertGen’, ‘BertGen
+ NS’ and ‘BertGen + ASGen’. As shown in Ta-
ble 6, our method outperforms other methods both
on SQuAD-v1.1 and SQuAD-v2.0.

4.3 Effects of Training Data Size

Fig. 2 shows the effects of varying amounts of
downstream MRC data and synthetic data on F1
scores of BERT (Large). In Fig. 2-(a), where we fix
the size of synthetic data as 43M, pre-training with
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Table 7: The performance of our method on limited-data domain (BioASQ). Note that the scores of question
generation are obtained from BioASQ factoid-type 6b. All experiments used the official code of Yoon et al. (2020).

Question Generation Model BLEU-4 METEOR ROUGE-L
BertGen (Large) 6.6 10.0 33.1
BertGen (Large) + ASGen (Full-Wiki) 12.6 17.8 40.0
MRC model Pre-training Data Factoid (MRR) Yes/No (Macro F1) List-Type (F1)
BERT(Large) - 34.3 53.8 36.1
BERT(Large) ASGen (Full-Wiki) 49.2 81.1 39.8
BioBERT(Large) PubMed 52.3 80.1 38.1
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Figure 2: F1 scores of BERT (Large) on SQuAD-v1.1
dev by limiting size of MRC and synthetic data.

‘BertGen + ASGen’ consistently outperforms ‘Bert-
Gen + NS’ for all sizes of downstream data. While
the performance difference is particularly apparent
for smaller sizes of downstream data, it persists
even on using the entire MRC data (SQuAD-v1.1).
In Fig. 2-(b), we also conduct experiments by train-
ing BERT (Large) using different amounts of gen-
erated synthetic data while keeping the number of
pre-training steps constant and using the full size
of downstream MRC data. Increasing the amount
of synthetic data used consistently improves the
accuracy of the MRC model.

4.4 Transfer Learning to Limited Domain

We also conduct experiments on BioASQ (Tsatsa-
ronis et al., 2015) dataset to show the effectiveness
of our model in limited-data domains having less
annotated data. As shown in Table 7, ASGen im-
proves the question generation scores by 6.0 BLEU-
4, 7.8 METEOR and 6.9 ROUGE-L on BioASQ
factoid-type 6b. Moreover, using ‘Full-Wiki’ data
enhances the performance of BERT(Large) by a
large margin and outperforms BioBERT (Lee et al.,
2019a), by 0.95 Macro F1 (Yes/No) and 1.63 F1
(List). Note that BioBERT is specifically pre-

Table 8: Manual categorization of the reasoning type
for generated answerable questions. Note that each ex-
ample can be assigned to multiple types.

Reasoning Type BertGen SQuAD
+ASGen v1.1

Lexical Variation (Synonymy) 40.7% 33.3%
Lexical Variation (World Knowledge) 4.0% 9.1%
Syntactic Variation 53.3% 64.1%
Multi Sentence Reasoning 21.3% 13.6%
Ambiguous/Unanswerable 4.0% 6.1%

trained on a medical corpus (PubMed) whereas
we use a generic Wikipedia corpus (‘Full-Wiki’),
with our generation models fine-tuned on SQuAD.

4.5 Qualitative Analysis of Generation

Comparison of Sample Questions. We qualita-
tively compare the generated questions after pre-
training BertGen with NS and ASGen to demon-
strate the effectiveness of our method. For the
correct answer “49.6%” as shown in the first sam-
ple in Table 9, the word “Fresno”, which is crit-
ical to make the question specific, is omitted by
NS, while ASGen’s question does not suffer from
this issue. Note that the word “Fresno” occurs in
the answer-containing sentence. This issue also
occurs in the second sample, where NS uses the
word “available” rather than relevant words from
the answer-containing sentence, but ASGen uses
many of these words such as “most” and “popular”
to generate contextually rich questions. Also, the
question from NS is about “two” libraries, while
the answer is about “three” libraries, showing the
lack of sufficient conditioning on the answer. Sim-
ilarly, the third example also shows that ASGen
generates more contextual questions than NS by
including the exact subject “TARDIS” based on the
corresponding answer. Based on these observations
and from the score improvements in Table 3, we
conjecture that ASGen leads the question genera-
tion model to better condition on the answer and to
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Table 9: Examples of questions generated on SQuAD-v1.1 development set. We compare generated questions
from ‘BertGen + ASGen’ with ‘BertGen + NS’. Colored Text indicates given answers.

Context (omit) ... The population density was 4,404.5 people per square mile. (1,700.6km).
The racial makeup of Fresno was 245,306 ( 49.6% ) White, 40,960 (8.3%) ... (omit)

BertGen + NS What percent of the population is White?
BertGen + ASGen What percentage of the Fresno population is White?

Context (omit) ... in the world. Cabot Science Library, Lamont Library, and Widener Library
are three of the most popular libraries for undergraduates to use ... (omit)

BertGen + NS Which two libraries are available for undergraduates to use?
BertGen + ASGen What are the three most popular libraries for undergraduates?

Context (omit) ... in a stolen Mark I Type TARDIS “Time and Relative Dimension in Space”
time machine which allows him to travel across time and space. ... (omit)

BertGen + NS What does the doctor refer to?
BertGen + ASGen What does the TARDIS stand for?

Table 10: Manual categorization of the reasoning type
for unanswerable questions.

Reasoning Type BertGen SQuAD
+ASGen v2.0

Negation 8.0% 9.0%
Antonym 14.7% 20.0%
Entity Swap 36.0% 21.0%
Mutual Exclusion 9.3% 15.0%
Impossible Condition 7.3% 4.0%
Other Neutral 19.3% 24.0%
Answerable 5.3% 7.0%

generate more contextualized questions than NS.
Categorization of Reasoning Type. We manually
categorized the reasoning type of 150 randomly
sampled generated questions on Wikipedia for both
answerable and unanswerable questions. The re-
sults Table 8 and Table 10 show that generated
questions using ASGen often require multi-hop or
other non-trivial reasoning. We follow the same
categorization as done by Rajpurkar et al. (2016,
2018).

5 Related Work

Question Generation. Researchers have actively
studied question generation for various purposes,
including for data augmentation in question an-
swering. Du et al. (2017) proposed an attention-
based model for question generation by encod-
ing sentence-level as well as paragraph-level in-
formation. Zhao et al. (2018) utilized a gated self-
attention encoder with a max-out unit to handle
long paragraphs. Song et al. (2018) introduced
a query-based generative model to jointly solve
question generation and answering tasks. Kim
et al. (2019) separately encoded the answer and
the rest of the paragraph for question generation.

Ma et al. (2020) suggested sentence-level seman-
tic matching and answer-position-aware question
generation. Tuan et al. (2020) show that incorporat-
ing interactions across multiple sentences enhances
question generation performance. Our approach
can further improve the question generation qual-
ity of these methods by pre-training them with the
answer-containing sentence generation task.
Transfer Learning. Pre-training methods are pop-
ular in natural language processing for learning
contextualized word representations. Open-GPT
(Radford et al., 2018), BERT (Devlin et al., 2019),
XLNet (Yang et al., 2019), PEGASUS (Zhang et al.,
2019), ERNIE-GEN (Xiao et al., 2020), UniLM
(Dong et al., 2019), UniLMv2 (Bao et al., 2020),
T5 (Raffel et al., 2020) and BART (Lewis et al.,
2020) utilize Transformer (Vaswani et al., 2017) to
learn different types of language models on a large
dataset followed by fine-tuning on a downstream
task. These pre-training approaches tend to be very
generic, while our approach is a more appropriate
pre-training method focused on the specific task of
question generation. Lee et al. (2019b) suggested a
pre-training method for information retrieval called
Inverse Cloze Task. Unlike this method, our pre-
training task for the question generator is strongly
conditioned on the answer and focuses on gener-
ating missing answer-containing sentence in the
context to learn better representations more suit-
able to the question generation task.
Synthetic Data Generation. Subramanian et al.
(2018) show that neural models generate better can-
didate answers from a given paragraph than using
off-the-shelf tools or selecting named entities and
noun phrases. Yang et al. (2017) introduced a train-
ing method for the MRC model by combining syn-
thetic data and human-annotated data. Similar to
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our method, Golub et al. (2017) proposed to gener-
ate questions conditioned on generated answers by
separating the answer generation and the question
generation. Unlike this paper, they do not pre-train
their question generator on the answer-containing
sentences. Dong et al. (2019) also show that utiliz-
ing synthetic data boosts the performance of MRC
models. Inspired by these previous studies, we pro-
pose a newly designed pre-training technique that
improves capability of question generation models.

6 Conclusions

We propose a novel pre-training method called AS-
Gen to learn generating contextually rich questions
better conditioned on the answers. Our approach
improves question generation ability of existing
methods, achieves new state-of-the-art results on
MS MARCO and NewsQA, and the synthetic data
increases downstream MRC accuracy across a wide
range of datasets without any modification to the
existing MRC models.
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Supplemental Material (Appendix)

A Question Generation on more Datasets

We also evaluate the question generation model on
another data split (Split3) from Zhao et al. (2018).
Split3 is obtained by dividing the original devel-
opment set in SQuAD-v1.1 into two equal halves
randomly and choosing one of them as the devel-
opment set and the other as test set while retain-
ing the train set in SQuAD-v1.1. As shown in
Table 11, applying ASGen to the reproduced ques-
tion generation model from Zhao et al. (2018) im-
proves BLEU-4, METEOR, and ROUGE-L score
on Split3 by 1.3, 0.9, and 1.3, respectively.
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Table 11: Additional experiments on the effectiveness
of ASGen on the test set of SQuAD Split3. Small-Wiki
is used to pre-train the models. Models with ‘*’ indi-
cate those results we reproduced.

Model + pre-training method BL-4 MTR RG-L
Zhao et al. (2018) 16.8 20.6 44.9
Zhao et al. (2018)* 16.3 20.3 44.5
Zhao et al. (2018)* + ASGen 17.6 21.2 45.8

B Training Electra MRC Model using
only Small Generated Synthetic Data

To further study the effect of training data size, we
apply our synthetic data to the ELECTRA (Clark
et al., 2020) MRC model. In Table 12, we report the
mean EM/F1 score on SQuAD 2.0 development
set of four runs by using official Electra source
code3 and the pre-trained checkpoint. Pre-training
ELECTRA on the generated synthetic data using
ASGen improves 0.8 EM and 1.1 F1 score on the
downstream MRC dataset, SQuAD-v2.0.

Table 12: Ablation study of applying our method to
ELECTRA (Clark et al., 2020) on SQuAD-v2.0 dev set
after pre-training on the generated synthetic data using
ASGen with Small-Wiki.

MRC model Synthetic Data Dev set
EM F1

- 87.4 90.2
ELECTRA ‘Small-Wiki’ 87.9 90.8
(Large) ‘Full-Wiki’ 88.2 91.3

C Additional Downstream MRC Task
Performance

Additionally to show the effectiveness of the gen-
erated synthetic data, we also train MRC models
on generated data, before fine-tuning on two down-
stream datasets, Natural Questions and NewsQA.
As shown in Table 13, the synthetic data gener-
ated by ‘BertGen (Large) + ASGen’ consistently
improves the F1 score of baseline BERT models.

D Transfer Learning to Other MRC
Dataset (QUASAR-T)

To show that our generated data is useful for
other MRC datasets, we fine-tune and test the
MRC model on QUASAR-T (Dhingra et al., 2017),
which is another large-scale MRC dataset, af-
ter training on the synthetic data generated from

3https://github.com/google-research/electra

Table 13: Effectiveness of synthetic data for MRC
model on dev set of Natural Questions and NewsQA.

MRC Natural Questions (Short)
model P R F1

BERT (Joint) 60.09 46.00 52.10
+synthetic data 59.29 48.22 53.17

MRC Natural Questions (Long)
model P R F1

BERT (Joint) 61.45 68.61 64.83
+synthetic data 63.75 67.50 65.56

MRC NewsQA
model EM F1

BERT (Large) 51.96 62.54
+synthetic data 54.73 64.53

SQuAD-v1.1. In this experiment, we first fine-tune
‘BertGen + ASGen’ using SQuAD-v1.1, and using
synthetic data generated by this model, we train
the BERT (Large) MRC model. Afterwards, we
fine-tune BERT (Large) for the downstream MRC
task using QUASAR-T data. QUASAR-T has two
separate datasets, one with short snippets as con-
text, and the other with long paragraphs as context.
As shown in Table 14, training with our synthetic
data improves the F1 score on the test set by 2.2
and 1.7 for the two cases, respectively.

Table 14: EM/F1 scores of the BERT (Large) fine-
tuned on QUASAR-T dataset. The used synthetic
data is generated from ASGen trained on SQuAD-v1.1
(Full-Wiki).

Synthetic Data Short(Dev) Short(Test)
EM F1 EM F1

- 74.3 78.6 74.1 77.8
Full-Wiki 76.5 80.1 76.5 80.0

Synthetic Data Long(Dev) Long(Test)
EM F1 EM F1

- 72.1 75.6 72.1 74.8
Full-Wiki 74.2 77.4 73.8 76.5

E Details of Wikipedia Preprocessing

To build the answer-containing sentence generation
data and the synthetic MRC data for SQuAD (Ra-
jpurkar et al., 2016), we collect all paragraphs from
all articles of the entire English Wikipedia dump
and generate questions and answers on these para-
graphs. We apply extensive filtering and clean-up
to only retain the highest-quality paragraphs from
Wikipedia, as follows.

To filter out low-quality articles, we remove
those with less than 200 cumulative page-views
including all re-directions in a two-month period.
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In order to calculate the number of page-views, of-
ficial Wikipedia page-view dumps were used. Of
the 5.4M original Wikipedia articles, filtering by
page-views leaves 2.8M articles. We also remove
those articles with less than 500 characters, as they
are often low-quality stub articles, which further
removes additional 16% of the articles. We re-
move all “meta” namespace pages such as talk,
disambiguation, user pages, portals, etc. as they
often contain irrelevant text or casual conversa-
tions between editors. In order to extract clean
text from the wiki-markup format of the Wikipedia
articles, we remove extraneous entities from the
markup including table of contents, headers, foot-
ers, links/URLs, image captions, IPA double par-
entheticals, category tables, math equations, unit
conversions, HTML escape codes, section head-
ings, double brace templates such as info-boxes,
image galleries, HTML tags, HTML comments,
and all tables.

We then split the cleaned text into paragraphs
and remove all paragraphs with less than 150 char-
acters or more than 3,500 characters. Paragraphs
with the number of characters between 150 to 500
were sub-sampled such that these paragraphs make
up 16.5% of the final dataset, as originally done
for the SQuAD dataset. Since the majority of the
paragraphs in Wikipedia are rather short, out of the
60M paragraphs from the final 2.4M articles, our
final Wikipedia dataset contains 8.3M paragraphs.
Finally, we generate 43M answer-paragraph pairs
from the final Wikipedia dataset with the answer
generator of BertGen in this paper.

F Central Tendency and Variation for
Human Evaluation

Human evaluation involves 10 evaluators over met-
rics such as syntax (ST), validation of semantics
(SM), question to context relevance (CR) and ques-
tion to answer relevance (AR) on 50 randomly
chosen samples on SQuAD-v1.1 development set.
Each score is in the range 1 to 5. Central tendency
and variation can be found in Table 15.

G Central Tendency and Variation for
the Downstream Tasks

For the EM and F1 scores on downstream SQuAD-
v1.1 and v2.0 development set in our main paper,
we selected 5 model checkpoints from the same
pre-training on the synthetic data in different num-
bers of training steps. We then fine-tuned each of

Table 15: Central tendency and variation for human
evaluation scores. ± is 95% confidence interval.

Model ST SM CR AR

BertGen 4.04 3.93 4.20 3.25
±0.18 ±0.19 ±0.16 ±0.22

BertGen + NS 4.60 4.54 4.49 3.63
±0.12 ±0.13 ±0.14 ±0.22

BertGen + ASGen 4.71 4.69 4.74 4.14
±0.10 ±0.11 ±0.09 ±0.18

UniLM 4.25 4.31 4.54 4.06
±0.16 ±0.16 ±0.12 ±0.19

UniLM + ASGen 4.71 4.79 4.70 4.17
±0.11 ±0.09 ±0.11 ±0.18

these models on the final downstream data three
times each, chose the best performing model on the
development set, and reported its score. Central
tendency and variation can be found in Table 16.

Table 16: Central tendency and variation for the score
of our approach, BertGen(Large) + ASGen, on down-
stream SQuAD-v1.1 and v2.0 dataset. ± is standard
deviation.

MRC model Dev-v1.1 Dev-v2.0
EM F1 EM F1

BERT (Large) 86.2 92.7 84.4 87.3
±0.1 ±0.1 ±0.2 ±0.1

BERT (WWM)
87.4 93.4 85.5 88.3
±0.1 ±0.1 ±0.1 ±0.1

Electra (Large)
- - 88.4 91.2
- - ±0.3 ±0.1

H Details of Generating Unanswerable
Questions

The mechanism of generating questions may differ
in generating answerable and unanswerable ques-
tions. For example, the model could exploit a mis-
matched phrase to make a question plausible but
unanswerable. In order to reflect these characteris-
tics, we train answerable and unanswerable models
separately. We first take the BertGen model pre-
trained on the ASGen task and then fine-tune this
model on the no-answer question generation on
SQuAD-v2.0. We infer with this model on the
entire Wikipedia to make negative examples for
un-answerble synthetic data for pre-training MRC
models on SQuAD-v2.0.

I BLEU-4, METEOR, and ROGUE-L

BLEU (Papineni et al., 2002), METEOR (Baner-
jee and Lavie, 2005) and ROUGE (Lin, 2004) are
widely-used metrics for evaluating the quality of
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generated text, where the quality indicates the de-
gree of correspondence between generated text and
reference texts. BLEU uses modified precision
to compare a generated text against the reference
texts. BLEU-4 calculates a weighted score of uni-
gram, bigram, trigram, and 4-gram based matching.
METEOR uses harmonic mean between precision
and recall of unigrams, but with for recall given
more importance than precision. Unlike BLEU,
METEOR also tries to match synonyms and per-
forms stemming instead of just relying on exact
word matching. ROUGE-L is the longest common
sub-sequence based word matching. The longest
co-occurrence in sequences of n-grams between
generated text and reference texts are considered
for calculating the score. To calculate these eval-
uation scores, we follow the script from Du et al.
(2017), except for the corresponding scripts from
other question generation models when ASGen is
applied to them.

J Links to Downloadable Components

For Wikipedia data, we downloaded En-
glish Wikipedia dump in Feb 2019 from
(https://dumps.wikimedia.org/enwiki/
latest/enwiki-latest-pages-articles.

xml.bz2). Page views were obtained
from (https://dumps.wikimedia.org/
other/pageviews/2019/2019-01/) and
(https://dumps.wikimedia.org/other/
pageviews/2019/2019-02/). For applying
our method to other existing question generation
models, we reproduce Zhao et al. (2018) using
publicly available code (https://github.com/
seanie12/neural-question-generation),
Raffel et al. (2020) using publicly
available code (https://github.com/
patil-suraj/question_generation) and
use the official code of Dong et al. (2019)
(https://github.com/microsoft/unilm).
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Abstract

Real-world machine learning systems are
achieving remarkable performance in terms of
coarse-grained metrics like overall accuracy
and F-1 score. However, model improvement
and development often require fine-grained
modeling on individual data subsets or slices,
for instance, the data slices where the mod-
els have unsatisfactory results. In practice, it
gives tangible values for developing such mod-
els that can pay extra attention to critical or
interested slices while retaining the original
overall performance. This work extends the re-
cent slice-based learning (SBL) (Chen et al.,
2019) with a mixture of attentions (MoA)
to learn slice-aware dual attentive representa-
tions. We empirically show that the MoA
approach outperforms the baseline method as
well as the original SBL approach on moni-
tored slices with two natural language under-
standing (NLU) tasks.

1 Introduction

Though machine learning systems have been
achieving excellent performance in terms of coarse-
grained metrics like accuracy, they perform poorly
or even fail on some individual data subsets (i.e.,
slices). For instance, many models have difficulties
when learning for classes with only a few sam-
ples or samples with challenging structures. In-
specting particular data slices can serve as an im-
portant component in model development cycles.
A recently proposed slice-based learning (SBL)
exhibited compelling results with more than 3%
improvements on pre-defined slices (Chen et al.,
2019) in the task of binary classification. However,
one potential limitation of the existing attention
mechanism in SBL is that in multi-class cases, the
attention suffers from the difficulty in using the
experts’ confidences appropriately for computing
slice distributions (refer to Sec. 3).
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Figure 1: The slice-aware architecture with MoA. It
consists of six components: (1) slice functions define
the special data slices that we want to monitor; (2)
backbone model for feature extraction (e.g., BERT); (3)
slice indicators are membership functions to predict if
a sample belongs to the slice; (4) slice experts aim to
learn slice-specific representations; (5) shared head is
the base task predictive layer across experts and (6) the
proposed mixture of attentions (MoA) learns to attend
to the slices of interest. It contains two different at-
tention mechanism (red boxes): a membership atten-
tion and a dot-product attention. The MoA learns to
re-weight the expert representation r to a slice-aware
representation s and the original representation x to
s (yellow lines). The slice distributions are computed
in deterministic (weighted sum of slices) or stochastic
(sampling) way in re-weighting r and x.

In this paper, we extend SBL with a mixture of
attentions (MoA) mechanism. Two different at-
tention mechanisms are learned to jointly attend
to the defined slices from different representations
in different latent subspaces. The first attention is
based on slice membership likelihood and/or ex-
perts confidence as in SBL (Chen et al., 2019),
which we call membership attention. The second
one is dot-product attention that is based on the
backbone model (e.g., BERT (Devlin et al., 2019))
extracted representations. The MoA approach is
akin to multi-head attention (Vaswani et al., 2017)
but with different attention types that receive dif-
ferent inputs.

As presented in Figure 1, the two attentions in
MoA can work jointly to attend to (1) the expert rep-
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def SF_Length(utterance,k=10):
return len(utterance) < k

def SF_Time(utterance):
return "time" in utterance

def SF_Email(utterance):
return "email" in utterance

def SF_Long(sentence,k=10):
n = len(sentence

.split(’ ’))
return n > k

def SF_Question(sentence):
return sentence[-1]

== ’?’

Table 1: The designed slice functions (SFs)1. Left: We monitor three data slices - short utterances, those involving
“time”, and those involving “email”. Right: We monitor long sentences and questions2.

resentation r and (2) the backbone model extracted
representation x, and finally form an attentive rep-
resentation s. The s is a slice-aware featurization
of the samples in the particular data slices and will
be used for making a final model prediction.

We argue that learning joint attention with MoA
from different resources for computing slice dis-
tributions is beneficial (Vaswani et al., 2017; Li
et al., 2018). We evaluate the effectiveness of our
proposed approach on intent detection (Liu et al.,
2019) and linguistic acceptability (Warstadt et al.,
2018) tasks.

Our main contributions are twofold:

• We extend SBL with MoA. The MoA ap-
proach has the ability to attend to slices
in deterministic (weighted summation) and
stochastic (sampling) ways.

• We conduct extensive experiments on two
NLU tasks. The results show that MoA out-
performs the baseline and vanilla SBL by aver-
age up to 9% and 6% respectively on defined
slices.

2 Architecture

Figure 1 presents the slice-aware architecture based
on SBL (Chen et al., 2019). Let {xn, yn}Nn be a
dataset with N samples. We aim to learn slice-
aware representation s from slice-experts-learned
representation r and backbone-model-extracted
representation x.

We first define slice functions (SFs) as in Ta-
ble 1 to split the dataset into k slices of interests.
Each sample is assigned with a slice label γ ∈ [0, 1]
in {γ1, γ2, ..., γk} as supervision data3.

1The SFs are task-dependent and not assumed to be per-
fectly accurate. They can be noisy or from weak supervision
sources (Ratner et al., 2016). Here, for the task in sec.4.2,
SFs are defined to improve the slices where the model has
unsatisfactory results as compared to the overall performance.
For the task in sec.4.3, we define the SFs for the slices of
interest.

2Alternatively, 5W1H rule for questions (Kim et al., 2019).
3s1 is the base slice, and s2 to sk are the slices of interest.

Second, we use a backbone model like BERT to
extract representation x ∈ Rd for a given sample.
Then, slice indicators fi(x;wf

i ), wf
i ∈ Rd×1,

i ∈ {1, .., k} map x to a prediction hi. fi are
trained with {xn, γn}Nn to predict whether a sam-
ple belongs to a particular slice. They are learned
with cross entropy loss

ζ1 =

k∑

i

LCE(hi, γi) (1)

Then, slice experts gi(x;wg
i ), wg

i ∈ Rd×d
learn a mapping from x to a slice vector ri ∈ Rd
with the samples that only belong to the slice, fol-
lowed by a shared head, which is shared across all
experts and maps ri to a prediction ŷ = ϕ(ri;ws).
gi and ϕ are learned on the base (original) task with
ground-truth label y by

ζ2 =

k∑

i

γiLCE(ŷ, y) (2)

Finally, a mixture of attentions(MoA) (as in
Sec. 3) re-weights r and x to form s. The s goes
through a final prediction function η on the base
task. The loss function is

ζ3 = LCE(η(s;wp), y) (3)

The total loss is a combination of the loss for
slice indicators, slice experts and base task predic-
tion function:

ζ = ζ1 + ζ2 + ζ3 (4)

The whole model is optimised with back-
propagation (Rumelhart et al., 1986) in an end-
to-end way.

3 Methodology

The SBL approach (Chen et al., 2019) proposed
a slice-residual attention modules (SRAMs) that
are directly based on stacked membership likeli-
hood H ∈ Rk and experts’ prediction confidence
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|Y | ∈ Rc×k, c = 1 (i.e., binary classification).
Then, slice distribution (attention weights) is com-
puted with a = SOFTMAX(H + |Y |). One poten-
tial limitation of this mechanism is that the above
formulation can lead to mismatch shape in element-
wise addition when c > 2 (i.e., multi-class classifi-
cation). To circumvent this, we propose a mixture
of attentions (MoA) to augment membership at-
tention with dot-product attention from different
information resources.

3.1 Mixture of Attentions
Let x ∈ Rd be the original representation from the
backbone model (e.g., BERT), hi ∈ Rc (c = 1) as
i-th indicator function’s prediction, and ri ∈ Rd as
i-th expert learned representation. When stacking
on k slices, we have h ∈ Rc×k and r ∈ Rd×k.
MoA’s goal is to (1) attend to r based on indicator
functions’ membership likelihood and/or experts
confidence4; (2) attend to x with a dot-product
attention; (3) to form a new slice-aware attentive
representation s ∈ Rd with weighted (sampled) r
and x.

The slice distributions are computed differently.
For membership attention, the probability p1 =
SOFTMAX(h) or p1 = SOFTMAX(h + |r|) ∈ Rk

(d=1 in binary classification). Then membership
weighted slice representation is computed: s1 =
r • p1, s1 ∈ Rd. For dot-product attention, we aim
to learn an attention matrix A = {a1, ...,ak},a ∈
Rd,A ∈ Rd×k is randomly initialized and learned
by the standard back-propagation. Intuitively, each
a is learned to be a slice prototype (Wang and
Niepert, 2019; Roy et al., 2020). The probability
over slices is computed as:

p2 = SOFTMAX(A> • x) ∈ Rk (5)

A new attentive representation s2 is formed by
weighting A with p2:

s2 = A • p2, s2 ∈ Rd (6)

or sampling from A:

sample s2 ∼ {a1, ...,ak} (7)

Then slice-aware vector s is computed by

s = s1 } s2 (8)

where } is an operator (either ⊕: element-wise
addition or ⊗: element-wise multiplication). The

4In multi-class case, only membership likelihood is used.

eq.(8) can be extended into a more general form –
mixture of attentions (MoA):

s = r • φ(h)︸ ︷︷ ︸
membership

} A • φ(A> • x)︸ ︷︷ ︸
dot-product

(9)

Note eq.(9) entails the following transformations
(→) and captures the representational differences
from r to s and from x to s:

x→ r→ p1 → s1 → s (10)

p2 → s2 (11)

The φ(·) is either SOFTMAX: pi = exp(zi)∑k
j exp(zj)

that deterministically computes slice distributions
or a Monte-Carlo gradient estimator: GUMBEL-
SOFTMAX (Gumbel, 1954; Jang et al., 2017; Mad-
dison et al., 2017):

pi =
exp[(log(zi) + πi)/τ ]∑k
j exp[log(zj) + πj)/τ ]

(12)

The πi are i.i.d. samples from the GUMBEL(0, 1),
that is, π = − log(− log(u)), u ∼ UNIFORM(0, 1).
τ is temperature which controls the concentration
of slice distribution, and small τ leads to more
confident prediction over slices. It aims to stochas-
tically compute slice distribution. With Gumbel-
softmax, the slice distribution is a soft sampling
from:

p1 ∼ GUMBEL-SOFTMAX(h) (13)

p2 ∼ GUMBEL-SOFTMAX(A> · x) (14)

or a hard sampling (but differentiable) from:

p1 ∼ ONE-HOT(argmax(p1)) (15)

p2 ∼ ONE-HOT(argmax(p2)) (16)

for membership and dot-product attention respec-
tively.

4 Experiments

We performed our experiments on a binary classi-
fication task with linguistic acceptability and on a
multi-class classification task with intent detection.

4.1 Experimental Setup
Datasets and Metrics. The CoLA (Warstadt et al.,
2018) dataset has 8551 train and 527 development
in domain samples5. We randomly split it into

5https://nyu-mll.github.io/CoLA/
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Figure 2: Distributions over slices (base, s1= Length, s2=Time and s3=Email) of random test samples that are
from membership and dot-product attention mechanisms. In (a)(c) membership attention shows higher confidence
while dot-product attention gives higher confidence in (b)(d). Top rows are the utterances from the test set.

F1 F1 Lift(%) MCC MCC Lift(%)
Methods Overall S1 S2 Avg. Max. Overall S1 S2 Avg. Max.
Baseline 0.70 0.60 0.65 — — 0.24 0.18 0.22 — —
SBL 0.69 0.71 0.72 9.0 % 11.0% 0.23 0.20 0.24 2.0% 2.0%
SBL-MoA ⊕ 0.70 0.71 0.68 7.0% 11.0% 0.25 0.24 0.20 2.0% 6.0%
SBL-MoA ⊗ 0.69 0.72 0.71 9.0% 12.0% 0.24 0.24 0.25 4.5% 6.0%
SBL-MoA-S ⊕ 0.69 0.67 0.68 5.0% 7.0% 0.24 0.25 0.18 1.5% 7.0%
SBL-MoA-S ⊗ 0.69 0.69 0.71 7.5% 9.0% 0.26 0.28 0.22 5.0% 10.0%
SBL-MoA-H ⊕ 0.70 0.69 0.70 7.0% 9.0% 0.25 0.28 0.26 8.0% 10.0%
SBL-MoA-H ⊗ 0.69 0.69 0.65 4.5% 9.0% 0.25 0.22 0.32 7.0% 10.0%

Table 2: The results on CoLA test datasets. F1-score and MCC are reported (averaged on 5 random runs for each
model). s1=Long, and s2=Question.The lift is the averaged relative improvement across slices over baseline. The
largest improvement is in bold and second largest lift number is in underline (same to Table 3).

train/val/test with 7200/878/1000 samples. As in
(Chen et al., 2019), we ensure the sample propor-
tion in ground-truth are consistent across splits.
We use F1-score and Matthews correlation coef-
ficient (MCC) (Matthews, 1975) as our metrics.
The NLU dataset (Liu et al., 2019) for intent detec-
tion contains 25k user utterances across 64 intents.
We randomly split it into train/val/test with ratio
0.7:0.1:0.2. We use the accuracy and F1-score as
our metrics.
Compared Methods. We implemented and com-
pared the following methods:

• Baseline: A three-layer feed-forward net-
work.

• SBL: Slice-based learning (Chen et al., 2019).

• SBL-MoA: Our approach that extends SBL
with a mixture of attentions (MoA).

For SBL-MoA, we developed multiple variants
with Gumbel-Softmax. SBL-MoA-S (SBL-MoA-
H) are the variant models with soft (hard) sampling
from a Gumbel-Softmax distributions. We also
tested the way that membership attention and dot-
product interact with each other with ⊕ (element-
wise addition) and ⊗ (element-wise multiplica-
tion).

Implementation Details. BERT-base (Devlin
et al., 2019) in sentence-transformer (Thakur et al.,
2020) is used as the backbone model. We use 128
hidden units for all models, which are implemented
with Pytorch (Paszke et al., 2019). A dropout
(p=0.5)6 is applied after input layer. The models
are trained with Adam (0.001) (Kingma and Ba,
2014), with weight decay of 0.01 and 0.001 for
the two tasks, respectively. All models are trained
with a maximum of 500 epochs with early stopping
(patience=50). The best models are selected based
on model performance on the validation sets. The
temperature τ = 1.0 is fixed in all the experiments.

4.2 Results on Linguistic Acceptability

Table 2 presents the results on CoLA. First, slice-
based models (i.e., SBL, SBL-MoA, and its vari-
ants) show that they can maintain (or improve) the
original overall performance. Second, we observe
that they achieve obvious performance lift on the
monitored slices. For instance, SBL achieves an
average 9% F1 score over the baseline. The pro-
posed method (SBL-MoA, ⊗) achieves an average
of 9% and maximum 12% lift. For MCC, the best
performer is SBL-MoA-H, which achieves an aver-
age >7% and maximum 10% as compared to the

6As the data size is relatively small, we use strong dropout
regularization to prevent overfitting.
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Acc Acc Lift(%) F1 F1 Lift(%)
Methods Overall S1 S2 S3 Avg. Max. Overall S1 S2 S3 Avg. Max.
Baseline 0.7413 0.73 0.74 0.73 — — 0.7404 0.74 0.72 0.74 — —
SBL 0.7422 0.75 0.76 0.75 2.0% 2.0% 0.7418 0.74 0.72 0.75 0.3% 1.0%
SBL-MoA ⊕ 0.7414 0.74 0.77 0.74 1.7% 3.0% 0.7390 0.74 0.73 0.74 0.3% 1.0%
SBL-MoA ⊗ 0.7440 0.80 0.73 0.76 3.0% 7.0% 0.7411 0.77 0.74 0.74 1.7% 3.0%
SBL-MoA-S ⊕ 0.7403 0.74 0.75 0.73 0.7% 1.0% 0.7403 0.73 0.73 0.76 0.7% 2.0%
SBL-MoA-S ⊗ 0.7424 0.75 0.72 0.75 0.7% 2.0% 0.7421 0.75 0.74 0.74 1.0% 2.0%
SBL-MoA-H ⊕ 0.7405 0.73 0.74 0.73 0.0% 0.0% 0.7397 0.76 0.74 0.76 2.0% 2.0%
SBL-MoA-H ⊗ 0.7418 0.74 0.73 0.75 0.7% 2.0% 0.7401 0.75 0.74 0.74 1.0% 2.0%

Table 3: The results on intent detection. Accuracy and F1 scores are reported. s1=Length, s2=Time, s3=Email are
the slices that we monitor and aim to improve. The experts’ confidence scores are not used as discussed in Sec.3.

baseline. It outperforms SBL by > 5%. Also, we
notice that using operator ⊗ (element-wise multi-
plication) between the attention mechanisms lead
to better performance as compared to ⊕.

4.3 Results on Intent Detection

Table 3 demonstrates that both SBL and SBL-
MoA improve model performance on the moni-
tored slices, with a similar (slightly better) overall
performance on the base task7. SBL-MoA variants
achieve the best scores and outperform SBL by
average 1% accuracy and 1.7% F1.

Figure 2 illustrates the slice distributions given
some random samples. We denote p1 and p2 for
membership and dot-product attention respectively.
The experiments show that p1 and p2 reach an
agreement on predicting the correct slices. In-
terestingly, the sample in (d) — “write sms to
our friends”, in principle, should be sliced as
“base”, but both attentions exhibit high confidence
to s3=“Email”. We conjecture the reason is that
all utterances are encoded with BERT which cap-
tures the similarity between the sample and the
utterances in the “Email” slice.

5 Related Work

SBL (Chen et al., 2019) is a novel programming
model for critical data slices. It is an instance
of weakly supervised learning (Zhou, 2018; Med-
lock and Briscoe, 2007). The weak supervision
data are generated from pre-defined labeling func-
tions (Ratner et al., 2016). SBL has shown better
predictive performance compared to the mixture of
experts (Jacobs et al., 1991) and multi-task learn-
ing (Caruana, 1997), with reduced run-time cost
and parameters (Chen et al., 2019). The concept of

7Note the lift on slice can be negligible to overall due
to small size of slice data, e.g., For SBL-MoA ⊗, s1 with
122 samples, 7.0% lift only contributes to 122×0.07/5124 ≈
0.0017.

SBL has been recently used in many applications.
Penha et al. (Penha and Hauff, 2020) proposed to
adapt SBL to improve ranking performance and
capture the failures of the ranker model. Wang et
al. (Wang et al., 2021) recently implemented SBL
in a commercial conversational AI system in order
to handle the long-tail problem of imbalanced dis-
tribution in customer queries and further improved
the performance of the conversational skill routing
components (Li et al., 2021; Kim et al., 2018b,a).

Our proposed mixture of attention (MoA) is an
instance of multi-head attention (Vaswani et al.,
2017) but with different attention types. MoA can
also be extended to include other attention types.
We have shown the effectiveness of this mechanism
in determining the slice distributions.

6 Conclusion

This paper extends SBL with MoA (SBL-MoA)
to improve model performance on particular data
slices. We empirically show that SBL-MoA yields
better slice level performance lift to baseline and
vanilla SBL with two NLU tasks: linguistic accept-
ability and intent detection.
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Abstract

Abstract Meaning Representation (AMR) is a
rooted, labeled, acyclic graph representing the
semantics of natural language. As previous
works show, although AMR is designed for En-
glish at first, it can also represent semantics in
other languages. However, they find that con-
cepts in their predicted AMR graphs are less
specific. We argue that the misprediction of
concepts is due to the high relevance between
English tokens and AMR concepts. In this
work, we introduce bilingual input, namely the
translated texts as well as non-English texts, in
order to enable the model to predict more ac-
curate concepts. Besides, we also introduce an
auxiliary task, requiring the decoder to predict
the English sequences at the same time. The
auxiliary task can help the decoder understand
what exactly the corresponding English tokens
are. Our proposed cross-lingual AMR parser
surpasses previous state-of-the-art parser by
10.6 points on Smatch F1 score. The ablation
study also demonstrates the efficacy of our pro-
posed modules.

1 Introduction

Abstract Meaning Representation (AMR) (Ba-
narescu et al., 2013) is a rooted, labeled, acyclic
graph representing sentence-level semantic of text.
Nodes in the graph are concepts in the texts and
edges in the graph are relations between concepts.
Since AMR abstracts away from syntax and pre-
serves only semantic information, it can be applied
to many semantic related tasks such as summariza-
tion (Liu et al., 2015; Liao et al., 2018), paraphrase
detection (Issa et al., 2018), machine translation
(Song et al., 2019) and so on.

Previous works on AMR parsing mainly focus
on English, since AMR is designed for English
texts and parallel corpus of non-English texts and
AMRs are scarce. Early work of AMR announces
that AMR is biased towards English and is not

an interlingua (Banarescu et al., 2013). Besides,
some studies show that aligning AMR with non-
English language is not always possible (Xue et al.,
2014; Hajic et al., 2014). However, recent stud-
ies (Damonte and Cohen, 2018; Blloshmi et al.,
2020) show that AMR parsers are able to recover
AMR structures when there are structural differ-
ences between languages, which demonstrate that
it is capable to overcome many translation diver-
gences. Therefore, it is possible for us to parse
texts in target (non-English) languages into AMRs.

Another problem of cross-lingual AMR parsing
is the scarcity of parallel corpus. Unlike machine
translation or sentiment classification which have
abundant resources on the Internet, we can only
get non-English text and AMR pairs by human
annotation. Damonte and Cohen (2018) align a
non-English token with an AMR node if they can
be mapped to the same English token to construct
training set. They further train a transition-based
parser using the synthetic training set. They also at-
tempt to translate test set into English and apply an
English AMR parser. Blloshmi et al. (2020) build
training data in two ways. One of the approaches is
that they use gold parallel sentences and generate
synthetic AMR annotations with the help of an En-
glish AMR parser. Another approach is to use gold
English-AMR pairs and get non-English texts by a
pre-trained machine translation system. They fur-
ther use a sequence-to-graph parser (Zhang et al.,
2019a) to train a cross-lingual AMR parser.

According to (Blloshmi et al., 2020), a cross-
lingual AMR parser may predict the concepts less
specific and accurate than the gold concepts. There-
fore, we propose a new model introducing ma-
chine translation to enable our parser to predict
more accurate concepts. In particular, we first
build our training data similar to (Blloshmi et al.,
2020), translating English texts into target lan-
guages. Our basic model is a sequence-to-sequence
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model, rather than the sequence-to-graph model
used in (Blloshmi et al., 2020), since in English
AMR parsing, sequence-to-sequence models can
achieve state-of-the-art result with enough data for
pre-training (Xu et al., 2020). While training, we
introduce bilingual input by concatenating trans-
lated target language texts and English texts as
inputs. As for inference stage, the bilingual input
is the concatenation of translated English texts and
target language texts. We hope that our model can
predict more accurate concepts with the help of
the English tokens, while it can still preserve the
meaning of the original texts if there are semantic
shifts in the translated English texts. Besides, dur-
ing training process, we also introduce an auxiliary
task, requiring the decoder to restore English input
tokens, which also aims at enhancing the ability
of our parser to predict concepts. Our parser out-
performs previous state-of-the-art parser XL-AMR
(Blloshmi et al., 2020) on LDC2020T07 dataset
(Cai and Knight, 2013) by about 10.6 points of
Smatch F1 score on average, which demonstrates
the efficacy of our proposed cross-lingual AMR
parser.

Our main contributions are summarized as fol-
lows:

• We introduce bilingual inputs and an auxiliary
task to a seq2seq cross-lingual AMR parser,
aiming to enable the parser to make better
use of bilingual information and predict more
accurate concepts.

• Our parser surpasses the best previously
reported results of Smatch F1 score on
LDC2020T07 by a large margin. The results
demonstrate the effectiveness of our parser.
Ablation studies show the usefulness of the
model modules. Codes are public available 1.

• We further carry out experiments to inves-
tigate the influence of incorporating pre-
training models into our cross-lingual AMR
parser.

2 Related Work

Abstract Meaning Representation (AMR) (Ba-
narescu et al., 2013) parsing is becoming popular
recently. Some of previous works (Flanigan et al.,
2014; Lyu and Titov, 2018; Zhang et al., 2019a)

1https://github.com/headacheboy/cross-lingual-amr-
parsing

solve this problem with a two-stage approach. They
first project words in sentences to AMR concepts,
followed by relation identification. Transition-
based parsing is applied by (Wang et al., 2015b,a;
Damonte et al., 2017; Liu et al., 2018; Guo and Lu,
2018; Naseem et al., 2019; Lee et al., 2020). They
align words with AMR concepts and then take dif-
ferent actions based on different processed words
to link edges or insert new nodes. Due to the re-
cent development in sequence-to-sequence model,
several works employ it to parse texts into AMRs
(Konstas et al., 2017; van Noord and Bos, 2017; Ge
et al., 2019; Xu et al., 2020). They linearize AMR
graphs and leverage character-level or word-level
sequence-to-sequence model. Sequence-to-graph
model is proposed to enable the decoder to better
model the graph structure. Zhang et al. (2019a)
first use a sequence-to-sequence model to predict
concepts and use a biaffine classifier to predict
edges. Zhang et al. (2019b) propose a one-stage
sequence-to-graph model, predicting concepts and
relations at the same time. Cai and Lam (2020)
regard AMR parsing as dual decisions on input se-
quences and constructing graphs. They therefore
propose a sequence-to-graph method by first map-
ping an input words to a concept and then linking
an edge based on the generated concepts. Recently,
pre-training models have been proved to perform
well in AMR parsing (Xu et al., 2020). Lee et al.
(2020) employ a self-training method to enhance a
transition-based parser, which achieves the state-of-
the-art Smatch F1 score in English AMR parsing.

Vanderwende et al. (2015) first carry out research
of cross-lingual AMR parsing. They parse texts in
target language into logical forms as a pivot, which
are then parsed into AMR graphs. Damonte and
Cohen (2018) attempt to project non-English words
to AMR concepts and use a transition-based parser
to parse texts to AMR graphs. They also attempt to
automatically translate non-English texts to English
and exploit an English AMR parser. Blloshmi et al.
(2020) try to generate synthetic training data by
a machine translation system or an English AMR
parser. They conduct experiments with a sequence-
to-graph model in different settings, trying to find
a best way to train with synthetic training data. Dif-
ferent from (Blloshmi et al., 2020), we treat cross-
lingual AMR parsing as a sequence-to-sequence
transduction problem and improve seq2seq models
with bilingual input and auxiliary task.
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Figure 1: An example of cross-lingual AMR parsing. A
Non-English text is first parsed into an AMR sequence
and then the sequence is converted to an AMR graph.

3 Problem Setup

Cross-lingual AMR parsing is the task of parsing
non-English texts into AMR graphs corresponding
to their English translation. In this task, nodes in
AMR graphs are still English words, PropBank
framesets or AMR keywords, which are the same
as the original design of AMR.

Figure 1 shows an example of cross-lingual
AMR parsing. We define X l as an input sample
in language l and X l

i is the i-th token of it. y is
the corresponding AMR sequence derived from the
AMR graph, and yi is the i-th token. The model
should predict the AMR sequence y first and then
transform the sequence into a graph.

4 Our Proposed Model

Figure 2 shows the training and inference processes
of our proposed model. The basic model we adopt
is Transformer (Vaswani et al., 2017) encoder-
decoder model, since Xu et al. (2020) show that it
can achieves state-of-the-art result in English AMR
parsing. We introduce the bilingual input to our
model. When training the model, the bilingual in-
put contains original English text and translated

text in non-English target language, which may not
be very accurate. During inference, the bilingual
input is composed of translated English text and
original text in target language. With the help of
bilingual input, our model can better understand
and preserve the semantics of target language texts,
and predict more accurate concepts according to
the translated English texts. Apart from predict-
ing AMR sequences, the model is also required
to predict the English input texts as an auxiliary
objective, which can further help the model learn
the exact meaning of input tokens and predict their
corresponding concepts more accurately.

We will first introduce the way we obtain train-
ing data and the pre-processing and post-processing
process in Section 4.1 and Section 4.2, followed by
introducing the basic sequence-to-sequence model,
the bilingual input and the auxiliary task.

4.1 Synthetic Training Data
Blloshmi et al. (2020) propose two methods to
generate parallel training data, namely parallel
sentences - silver AMR graphs and gold AMR
graphs - silver translations. The first approach
means that we exploit human annotated parallel
corpus of target languages and English and use
an English parser to get the corresponding AMR
graphs. The second approach means that we ex-
ploit human annotated English-AMR pairs and use
a machine translation system to get texts in target
languages. According to (Blloshmi et al., 2020),
model training with data generated by gold English-
AMR pairs performs better. We thus exploit this
approach (i.e., gold AMR graphs - silver transla-
tions) to generate our data for training and valida-
tion.

4.2 Pre-Processing and Post-Processing
Following (van Noord and Bos, 2017), we first
remove variables, since variables are only used
to identify the same node in a graph and contain
no semantic information, which may do harm to
the model training process. We also remove wiki
links (:wiki), since sequence-to-sequence model
may link to non-existing objects of Wikipedia. As
for co-referring nodes, we simply duplicate the
concepts. It transforms an AMR graph into a tree.
The final linearized AMR is the pre-order traversal
of the tree.

In post-processing, we should restore a predicted
AMR sequence without variables, wiki links and
co-referring nodes to a AMR graph. Following

1539



</s>

Transformer 

Encoder

During a time of prosperity and 

happiness, such a big earthquake 

suddenly struck.</s>

Transformer 

Decoder

<s2> ( strike-01 :ARG2 ( earthquake :mod ( big :mod ( 

such ) ) ) :time ( time :op1 ( prosper-01 ) :op2 ( 

happiness ) ) :manner ( sudden ) )

<s> During a time of prosperity and happiness, such a 

big earthquake suddenly struck.</s>

Translated Target 

Language Sentence

English Sentence

English sequence

AMR sequence
Translate

(a) Model Training

</s>

Transformer 

Encoder

No other damage or casualties were 

reported as a result of the incident . 

</s>

Transformer 

Decoder

( report-01 :polarity - : ARG1 ( or :op1 ( damage :mod 

( other :mod ( any ) ) ) :op2 ( casualty ) ) :prep-in ( 

incident ) )

Target language Sentence

Translated English 

Sentence

AMR sequence

Translate

(b) Model Inference

Figure 2: Overview of our proposed model.
⊕

is the concatenation operation.

Training Development Test

Number 36521 1368 1371

Table 1: Statistics of gold English-AMR dataset

(van Noord and Bos, 2017), We first restore vari-
ables and prune duplicated nodes, which brings
co-reference back to the AMR sequence. van No-
ord and Bos (2017) use DBpedia Spotlight to re-
store wiki links. However, same entity in differ-
ent language is linked to different pages in DBpe-
dia, which makes it difficult for cross-lingual AMR
parser to restore the wiki linking the entity in En-
glish. Different from (van Noord and Bos, 2017),
we restore a wiki link of a certain name if this name
corresponds to the wiki link in training set.

4.3 Sequence-to-Sequence Model

After pre-processing, both input texts and output
AMRs are sequences. Hence we are able to ap-
ply a sequence-to-sequence model to accomplish
cross-lingual AMR parsing. We use Transformer
(Vaswani et al., 2017), one of the most popular
sequence-to-sequence model as our basic model.

In order to be compatible with pre-training XLM-
R (Conneau et al., 2020a) model, the tokenizer and
input vocabulary we used is the same as XLM-R.
Subword unit such as byte pair encoding (BPE)
(Sennrich et al., 2016) is commonly used to reduce
the size of vocabulary. Thus, we exploit BPE to get
our output vocabulary.

4.4 Bilingual Input

AMR concepts heavily rely on the corresponding
English texts. According to (Damonte and Cohen,
2018), a simple method that first translates the test
set into English and then applies an English AMR
parser can outperform their cross-lingual AMR
parser. However, machine translation may intro-
duce semantic shifts, which may do harm to the
generation of AMRs.

We therefore introduce the bilingual input. Since
we do not have gold parallel corpus, we use ma-
chine translation to get the bilingual input. During
training, we concatenate the translated text in target
language mentioned in Section 4.1 and the original
English text as bilingual input. At the inference
stage, we take the bilingual input by concatenating
original target language texts and the translated En-
glish text. The model can better understand and
preserve the semantic meanings of the input bilin-
gual text. It can also predict more correct concepts,
since the English tokens are also provided.

4.5 Auxiliary Task

AMR concepts are composed of English words
and Propbank frames. According to (Blloshmi
et al., 2020), roughly 60% of nodes in AMR 2.0
(LDC2017T10) are English words. What’s more,
Propbank predicates are similar to English words,
such as predicate publish-01 and word publish. We
argue that if the decoder can restore the input to-
kens in English precisely, it can predict the corre-
sponding concepts appropriately.
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We thus design an auxiliary task, requiring the
decoder to predict the English input sequence. In-
spired by multilingual machine translation (John-
son et al., 2017), we add a new BOS token indi-
cating that the model should predict the English
sequences instead of AMR sequences. The de-
coder predicting English sequences share the same
weights as the decoder predicting AMR sequences.

The final loss function is the weighted sum of
loss functions of these two tasks: LossAMR - the
loss of AMR sequence prediction and LossEng -
the loss of English sentence prediction. We adopt
the cross-entropy loss for both tasks.

5 Implementation Details

The coefficient of LossAMR is 1, while the co-
efficient of LossEng is 0.5. We use Adam opti-
mizer (Kingma and Ba, 2015) to optimize the final
loss function. The number of transformer layers
in both encoder and decoder is 6. The embedding
size and hidden size are both 512 and the size of
feed-forward network is 2048. The head number of
multi-head attention is 8. We follow (Vaswani et al.,
2017) to tune the learning rate each step and the
warmup step is 4000. The learning rate for decoder
at each step is half of this learning rate. Following
(Blloshmi et al., 2020), we use machine transla-
tion system OPUS-MT (Tiedemann and Thottingal,
2020) to get our bilingual input. We use all data
from different languages to train our model and the
final model is able to parse sentences in different
languages.

6 Experiments

6.1 Dataset
The released test set, LDC2020T07, contains four
translations of test set of AMR 2.0, including Ger-
man (DE), Italian (IT), Spanish (ES) and Chi-
nese(ZH).

As is mentioned in Section 4.1, we translate the
sentences in a gold English-AMR dataset to get
training and development data with OPUS-MT. We
use AMR 2.0 as our gold English-AMR dataset.
We also translate test sets in German, Italian, Span-
ish and Chinese back to English as input texts. The
statistics of AMR 2.0 are shown in Table 1.

6.2 Evaluation Metric
Smatch (Cai and Knight, 2013) is the evaluation
metric of AMR parsing. In this evaluation metric,
AMR graph is regarded as several triples. Smatch

DE IT ES ZH AVG

AMREager 39.0 43.0 42.0 35.0 39.8
XL-AMR (Mul) 49.9 53.5 53.2 41.0 49.4

XL-AMR (Mul*) 52.1 56.7 56.2 - -
XL-AMR (Lang) 51.6 56.7 56.1 43.1 51.9

XL-AMR (Bi) 53.0 58.1 58.0 41.5 52.7

Translate-test 60.4 62.1 63.3 53.7 59.9

Ours 64.0 65.4 67.3 56.5 63.3

Table 2: Smatch F1 scores of different models on Ger-
man (DE), Italian (IT), Spanish (ES) and Chinese (ZH).
(Mul) represents multilingual setting. (Mul*) repre-
sents multilingual setting except Chinese data. (Lang)
represents language specific setting. (Bi) represents
bilingual setting. The Smatch F1 score of English
AMR parser is 68.3. Results of the best models are
in bold.

counts the numbers of matched triples and outputs
the score based on total numbers of triples of two
AMR graphs. We use the Smatch scripts available
online 2.

Following (Damonte et al., 2017), we also in-
troduce many fine-grained evaluations in order to
evaluate the quality of the predicted AMR graphs
in different aspects. We omit the details of these
fine-grained evaluations here, which can be found
in (Damonte et al., 2017).

6.3 Main Results

We compare our model with previous works and
baseline methods including:

• AMREager. This is the model proposed by
Damonte and Cohen (2018). They assume
that if a word X l

t in target language is aligned
with the word Xen

u in English and the English
word aligns with AMR concept yi, X l

t can
be aligned with yi. Based on this assump-
tion, they project AMR annotations to target
languages and further train a transition-based
AMR parser (Damonte et al., 2017) as in En-
glish.

• XL-AMR. This is the model proposed by
(Blloshmi et al., 2020). When conducting ex-
periments of their best model, they first gen-
erate synthetic training and validation data by
machine translation. They then train an AMR
parser on target language with a sequence-
to-graph parser. They experiment XL-AMR

2https://github.com/sheng-z/stog
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AMREager XL-AMR Ours

Metric DE IT ES ZH DE IT ES ZH DE IT ES ZH

Smatch 39.1 43.2 42.1 34.6 53.0 58.1 58.0 43.1 64.0 65.4 67.3 56.5

Unlabeled 45.0 48.5 46.6 41.1 57.7 63.4 63.0 48.9 68.1 69.6 71.2 61.0
No WSD 39.2 42.5 42.2 34.7 53.2 58.4 58.4 43.2 64.4 65.9 67.8 56.7

Reentrancies 18.6 25.7 27.2 15.9 39.9 46.1 46.6 34.7 47.9 49.3 51.3 41.4
Concepts 44.9 52.3 53.3 39.9 58.0 64.7 65.9 48.0 69.3 72.1 75.0 61.3

Named Ent. 63.1 67.7 65.7 67.9 66.0 70.0 66.2 60.6 79.3 79.5 80.2 76.2
Wikification 49.9 50.6 44.5 46.8 60.9 67.0 63.1 54.5 74.0 74.9 73.9 68.1

Negation 18.6 22.3 19.8 6.8 11.7 29.2 23.4 12.8 47.1 52.6 55.6 36.6
SRL 29.4 34.3 35.9 27.2 47.9 54.7 55.2 41.3 57.3 60.1 62.1 50.7

Table 3: Fine-grained results of different models on DE, IT, ES and ZH. Best results are in bold.

S2S S2S + Bilingual Input S2S + Auxiliary Full Model

F1 F1 ∆ F1 ∆ F1 ∆

Smatch 53.1 57.5 4.4 58.6 5.5 63.3 10.2

Unlabeled 57.7 59.2 1.5 58.9 1.2 67.5 9.8
No WSD 53.4 59.2 5.8 58.9 5.5 63.7 10.3

Reentrancies 38.4 41.9 3.5 42.7 4.3 47.5 9.1
Concepts 57.3 66.4 9.1 62.7 5.4 69.4 12.1

Named Ent. 73.7 75.0 1.3 77.2 3.5 78.8 5.1
Wiki 62.1 69.0 6.9 69.2 7.1 72.7 10.6

Negation 32.9 44.1 11.2 39.5 6.6 48.0 15.1
SRL 47.4 52.1 4.7 52.2 4.8 57.6 10.2

Table 4: Smatch and fine-grained results of ablation study. The listed Scores are avereage F1 score for different
metrics on four test sets. ∆ represents the model improvement compared with basic sequence-to-sequence(s2s)
model.

with many different settings: language spe-
cific setting, bilingual setting and multilingual
setting. Language specific setting means that
they only use target language data to train the
model. Bilingual setting represents training
with target language data and English data.
Multilingual setting represents training with
data in all languages. They also experiment
multilingual setting except Chinese data be-
cause they found training with Chinese data
will lower the results.

• Translate-test. This method first translates
target language texts into English and uses an
English AMR parser to predict the final AMR
graphs. For fair comparison, we choose the
sequence-to-sequence model as the English
AMR parser. The encoder, decoder and hyper-
parameters of these modules are the same as
those in our model. We use only English texts
as input and do not apply the auxiliary task in
the training of English parser. Note that this
baseline is not compared in (Blloshmi et al.,
2020) and we show it is a very strong baseline.

The comparison results are shown in Table

2. Our model outperforms previous best model
XL-AMR in different settings by a large margin.
As for languages that share similarity with En-
glish, namely German, Italian, Spanish, our pro-
posed model achieves substantial improvement on
Smatch F1 score by about 10 points. When it
comes to languages that has linguistic differences
with English, namely Chinese, our model performs
better, surpassing XL-AMR by 13.4 points on
Smatch F1 score. The Translate-test method is
a strong baseline because of the quality of machine
translation. It outperforms previous reported re-
sults by a large margin, which reveals that English
information is significantly beneficial to AMR pre-
diction. In this work, our model also surpasses
this method by 3.4 points and achieves the new
state-of-the-art results.

Table 3 lists the fine-grained evaluation results
of AMREager, the best XL-AMR model and our
model. Our proposed model achieves substantially
higher performance by about 10 points for each
fine-grained task except Negation. As for Negation,
our model achieves over 20 points higher than XL-
AMR. These results demonstrates that our model
not only predicts better concepts but also predicts
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到技术问题的阻碍

Input Texts

Figure 3: An example of AMR predicted by models
with and without auxiliary task. We mark the error con-
cepts and relations in red.

better relations between concepts.

6.4 Ablation Study

In order to verify the effectiveness of the bilingual
input and the auxiliary task in our model, we carry
out several ablation experiments.

Table 4 shows the Smatch score and fine-grained
results of ablation study. Compared with the basic
sequence-to-sequence model, the bilingual input
can improve the Smatch F1 score by 4.4 points on
average. The introduction of auxiliary task brings
5.5 points improvement of Smatch on average. Our
full model makes use of both bilingual input and
auxiliary task at the same time, improving Smatch
scores by 10.2 points, which indicates that each
module is very beneficial to the performance of our
model.

Fine-grained results further demonstrate the ef-

Model DE IT ES ZH AVG

Full Model 64.0 65.4 67.3 56.5 63.3

+ XLM-R 66.1 67.9 69.6 57.9 65.4
+ dec 64.9 66.7 68.5 57.4 64.4

+ XLM-R & dec 68.3 70.0 71.9 59.6 67.5

Table 5: Smatch scores of models employing pre-
trained models.

fectiveness of our modules. As Table 4 shows, F1
score for Concepts improves substantially, which
demonstrates that our proposed modules can actu-
ally help the parser predict more accurate concepts.
Besides, fine-grained evaluation Negation achieves
the highest improvement, revealing that our pro-
posed modules enable the parser to understand the
semantics of the input texts better.

6.5 Effect of Pre-trained Models on
Cross-Lingual AMR Parsing

Recently, pre-training models on cross-lingual
tasks have been proposed. Pre-training models,
such as mBert (Devlin et al., 2019), XLM (Con-
neau and Lample, 2019), XLM-R (Conneau et al.,
2020b) and mBart (Liu et al., 2020) achieve state-
of-the-art results on many tasks such as machine
translation, cross-lingual natural language infer-
ence and so on. In our experiment, we exploit
XLM-R (Conneau et al., 2020b) as the input em-
beddings of the model.

When training an English AMR parser, Xu et al.
(2020) first pre-train the model on large scale syn-
thetic data and fine-tune it on gold English-AMR
data. Since cross-lingual AMR parsing shares the
same output formats with AMR parsing, we can
employ the decoder of (Xu et al., 2020) to initialize
our decoder and further finetune the cross-lingual
AMR parser.

Results are listed in Table 5. The performance
of our parser with XLM-R embedding improves
by 2.1 points on Smatch score, while our parser
finetuning pre-trained AMR decoder achieves 1.1
points improvement. We further employ both
XLM-R embedding and pre-trained AMR decoder
and the average Smatch score is 67.5. The results
show that pre-trained cross-lingual embeddings
like XLM-R as well as the pre-trained decoder can
help the parser predict better AMR graphs.
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Figure 5: An example of AMR predicted by S2S and
S2S + Bilingual Input. We mark the missing concept in
blue and mark the inaccurate concepts in red.

7 Analysis

Figure 3 shows several AMRs parsed by models
with and without auxiliary task. The AMR pre-
dicted by model without auxiliary task misses many
concepts, while our full model predicts them cor-
rectly. What’s more, our full model can predict re-
lations of concepts more accurately as well. For ex-
ample, the full model adds ARG0 between hamper-
01 and problem, retaining semantic information of
the original sentence. The model trained without
auxiliary task predicts the relation ARG2 instead,

changing the meaning of the original sentence.
Another example in Figure 5 shows the efficacy

of bilingual inputs. The AMR parsed by basic
sequence-to-sequence model does not contain cor-
rect semantics. This model predicts many erro-
neous concepts such as launch-01, possible-01. Be-
sides, the semantics of original sentence did not
lose power is changed into have no electricity. The
AMR produced by sequence-to-sequence model
with bilingual input is almost correct except miss-
ing of concept silo. This example reveals that our
bilingual input enables the parser to predict more
accurate concepts and preserve the semantics of the
sentence.

We also show an attention heatmap of an ex-
ample in test set in Figure 4. This attention pat-
tern shows that our parser can predict AMR tokens
based on English translation (e.g. recommend-01)
and based on both English and Spanish tokens (e.g.
good-02).

8 Conclusion

In this paper, we focus on cross-lingual AMR pars-
ing. Previous works have deficiency in predicting
correct AMR concepts. We thus introduce bilin-
gual inputs as well as an auxiliary task to predict
more accurate concepts and their relations in AMR
graphs. Empirical results on data in German, Ital-
ian, Spanish and Chinese demonstrate the efficacy
of our proposed method. We also conduct ablation
study to further verify the significance of the bilin-
gual inputs and auxiliary task. For future work, we
will attempt to adapt other methods used in English
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AMR parsing to cross-lingual AMR parsing, such
as pre-training and self-training.
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Abstract

In recent years, neural paraphrase generation
based on Seq2Seq has achieved superior per-
formance, however, the generated paraphrase
still has the problem of lack of diversity. In
this paper, we focus on improving the diver-
sity between the generated paraphrase and the
original sentence, i.e., making generated para-
phrase different from the original sentence as
much as possible. We propose BTmPG (Back-
Translation guided multi-round Paraphrase
Generation), which leverages multi-round
paraphrase generation to improve diversity and
employs back-translation to preserve seman-
tic information. We evaluate BTmPG on two
benchmark datasets. Both automatic and hu-
man evaluation show BTmPG can improve the
diversity of paraphrase while preserving the se-
mantics of the original sentence.

1 Introduction

Paraphrase generation or sentence paraphrasing is
an important task in natural language processing,
and it requires rewriting a sentence while preserv-
ing its semantics. Paraphrase generation has been
widely used in many downstream tasks such as QA
systems, semantic parsing, dialogue systems and
so on.

In recent years, deep learning techniques like
sequence-to-sequence(Seq2Seq) have achieved su-
perior performance on natural language genera-
tion tasks (Zhao et al., 2010; Wubben et al., 2010).
Many paraphrase models based on Seq2Seq have
achieved inspiring results. For example, Prakash
et al. (2016) leveraged stacked residual LSTM net-
works to generate paraphrase, and Gupta et al.
(2018) proposed a deep generative framework
based on variational auto-encoder for paraphrase
generation.

Though paraphrase generation models based on
Seq2Seq have demonstrated advanced ability, the

generated paraphrase still has the problem of lack
of diversity, i.e., the output paraphrase only makes
trivial changes to the original sentence. A good
paraphrase of a sentence is one that is semantically
similar to that sentence while being (very) syntacti-
cally and/or lexically different from it (Bhagat and
Hovy, 2013). Paraphrase which is too similar to
the original sentence is much less useful in many
real applications.

In this paper, we focus on improving the diver-
sity of generated paraphrase, i.e., making generated
paraphrase different from the original sentence as
much as possible. An intuitive but uninvestigated
idea is to adopt multi-round paraphrase generation.
Concretely, we first send the original sentence into
a paraphrase generation model to generate a para-
phrase, and then we use the generated paraphrase
as the input of the model to generate a new para-
phrase. As long as we leverage a paraphrase gen-
eration model with strong diversity like variational
auto-encoder (VAE)(Kingma and Welling, 2013),
we can get the paraphrase as different as possible
from the original sentence after multi-round gener-
ation.

However, existing paraphrase models can not
ensure that the major semantics of the original
sentence can be preserved after multi-round para-
phrase generation, especially the model with strong
diversity. With the increase of paraphrasing round,
the generated sentence will be more and more dif-
ferent from the original sentence, and the seman-
tics will be gradually different from the original
sentence as well. To tackle this problem, we in-
troduce back-translation to maintain the semantics
of paraphrase. Back-translation, which translates
the generated sentence into the original sentence,
has been widely used in semi-supervised natural
language generation (Zhao et al., 2020) and data
augmentation(Li et al., 2020), and it can improve
the robustness of machine-translation system (Li
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and Specia, 2019). We assume that paraphrase with
similar semantics can be translated back to the orig-
inal sentence. So, we can leverage back-translation
to provide guidance for multi-round paraphrase
generation.

Particularly, we propose Back-Translation
guided multi-round Paraphrase Generation
(BTmPG), by combining neural paraphrase model
with back-translation to generate paraphrases in
a multi-round process. The contributions of our
work are summarized as below:

1) We propose a new multi-round paraphrase
generation method to generate diverse paraphrase
that is much different from the original sentence
and leverage back-translation to preserve the ma-
jor semantics during the multi-round paraphrase
generation. Our code is publicly available at
https://github.com/L-Zhe/BTmPG.

2) Automatic and human evaluation results
demonstrate that our method can substantially im-
prove the diversity of generated paraphrase, while
preserving the semantics during multi-round para-
phrase generation.

2 Related Work

Paraphrase generation or sentence paraphrasing
can been seen as a monolingual translation task.
Prakash et al. (2016) leveraged stacked residual
LSTM networks to generate paraphrase. Gupta
et al. (2018) found deep generative model such as
variational auto-encoder can be able to achieve bet-
ter performance in paraphrase generation. Li et al.
(2019) proposed DNPG to decompose a sentence
into sentence-level pattern and phrase-level pattern
to make neural paraphrase generation more inter-
pretable and controllable, and they found DNPG
can be adopted into unsupervised domain adapta-
tion method for paraphrase generation. Fu et al.
(2019) proposed a new paraphrase model with
latent bag of words. Wang et al. (2019) found
that adding semantics information into paraphrase
model can significantly boost performance. Sid-
dique et al. (2020) proposed an unsupervised para-
phrase model with deep reinforcement learning
framework. Liu et al. (2020) regarded paraphrase
generation as an optimization problem and pro-
posed a sophisticated objective function. All meth-
ods above focus on the generic quality of para-
phrase and do not care about the diversity of para-
phrase.

There are also some methods focusing on im-

proving the diversity of paraphrase. Gupta et al.
(2018) leveraged VAE to generate several different
paraphrases by sampling the latent space. (Kumar
et al., 2019) provided a novel formulation of the
problem in terms of monotone sub-modular func-
tion maximization to generate diverse paraphrase.
Goyal and Durrett (2020) used syntactic transfor-
mations to softly “reorder” the source sentence
and guide paraphrase model. Thompson and Post
(2020) introduced a simple paraphrase generation
algorithm which discourages the production of n-
grams that are present in the input to prevent trivial
copies or near copies. Note that the purpose of
the work (Gupta et al., 2018; An and Liu, 2019)
is different from ours, while Thompson and Post
(2020) has the same purpose with our work, i.e.,
pushing the generated paraphrase away from the
original sentence.

3 Model

In this section, we introduce the components of our
model in detail. First, we define the paraphrase
generation task and give an overview of our model.
Next, we describe the paraphrase model and the
back-translation model. Then, we show how to
use the gumble-softmax to connect the paraphrase
model with the back-translation model. Finally, we
describe the loss function and training process of
our model in detail. Figure1 shows an overview of
our model.

3.1 Notations and Overview

Our model regards paraphrase generation as a
monolingual translation task. Given a paraphrase
pair (S0, P ), which S0 is the original/source sen-
tence and P is the target paraphrase given in the
dataset.

As is shown in Figure 1, we introduce a multi-
round paraphrasing method. In the first round
generation, we send S0 into a paraphrase model
to generate a paraphrase S1. In the second round
generation, we use the S1 as the input of the model
to generate a new paraphrase S2. And so forth, in
the i-th round generation, we send Si−1 into the
paraphrase model to generate Si.

Although multi-round generation can increase
the paraphrase diversity, the semantics of para-
phrase may change during generation. We thus
introduce back-translation to tackle this problem
based on the assumption that paraphrase can be
translated back to the original sentence while the
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Figure 1: An overview of BTmPG, which leverages back-translation to guide paraphrase model during training
and generates paraphrases in a multi-round process.

semantic information has not been changed. In
the first round, we calculate the loss between S1

and P to train our paraphrase model. In the i-th
round, we send its generated paraphrase Si into
a back-translation model to generate S

′
i , and we

optimize the cross-entropy loss between S
′
i and

S0. The back-translation model which translates
the paraphrase in i-th round back to the original
sentence can guide the paraphrase to preserve se-
mantics during multi-round generation.

In addition, we introduce gumble-softmax em-
bedding to tackle the problem that the model with
sampling operation between different rounds’ gen-
eration can not be optimized by SGD optimizer.

3.2 Paraphrase Model

We require sufficient diversity of paraphrase model
so that it is able to introduce enough changes in
the paraphrase of each round. The VAE (Kingma
and Welling, 2013; Rezende et al., 2014) is a deep
generative model that allows learning rich, nonlin-
ear representations for high dimensional inputs. It
can improve the diversity by sampling from latent
space. Bowman et al. (2016) proposed a new model
to apply VAE to natural language generation for the
first time. Our paraphrase model is based on con-
ditional VAE with LSTM. Transformer (Vaswani
et al., 2017) has achieved excellent performance
in many tasks. But our experiments show that it
may cause KL divergence to become 0, called pos-
terior collapse, which means a decrease of diversity.
So we do not employ Transformer as encoder and
decoder.

We define the embedding matrices of Si and
P as Eis = {e1

s, e
2
s, · · · , eLis } and Ep =

{e1
p, e

2
p, · · · , eMp } respectively, where eis, e

j
p ∈ Rde

are the embedding vector of the word in Si and P ,

and de is the embedding dimension.

3.2.1 Encoder
Conditional VAE contains two encoders that share
parameters: an original sentence encoder and a
paraphrase encoder. We first send Eis into original
sentence encoder to get its encoding matrix Ois ∈
Rdh×Li and vector representation his ∈ Rdh of
Si, where dh is the hidden dimension of LSTM.
Then we send Ep and his into paraphrase encoder
to get its vector representation hz . hz is passed
through two different feed-forward neural networks
with parameter Φ to produce the mean µ and the
variance σ2 of the distribution of latent space. We
can get the latent code z ∈ Rdz by sampling from
latent space and reparameterization, where dz is
the dimension of latent code.

3.2.2 Decoder
We define the embedding matrix which be sent
into decoder as Ed = {e1

d, e
2
d, · · · , eNd } ∈ Rde×N .

Then, we concatenate z with the embedding vector
eid as the input of decoder. The decoder also takes
his as input. The output of decoder is defined as
Oid ∈ Rdh×N . Then, an attention (Luong et al.,
2015) and copy mechanism (See et al., 2017) are
leveraged as follow. First, we get the attention
weight pa and attention vector Va as follow.

pa = softmax(OidO
i
s
>

)

Va = paO
i
s

(1)

Then, we leverage them to calculate the decoder
probability pd and copy probability η.

pd = softmax(Wo[O
i
d||Va] + bo)

η = σ(Wh[Oid||Va] + Ws{eid||z}Ni=1 + bη)
(2)
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where Wo,Wh,Wb,bo,bη are learnable param-
eters. || is the concatenation operation. σ is the
sigmoid activation function. The final output prob-
ability of decoder is as follow.

p = ηpd + (1− η)pa (3)

3.2.3 Loss Function of Paraphrase Model
The VAE with parameter Θ is trained by minimiz-
ing the following objective:

LPara =−KL(qΦ(z|Si, P )||p(z))

+ EqΦ(z|P )[log pΘ(P |z, Si)]
(4)

where KL stands for the KL divergence. Eq. 4
is called evidence lower bound, which provides a
lower bound of log p(P |Si; Θ).

Bowman et al. (2016) figured out that variational
inference for text generation often yields models
that ignore their latent variables, a phenomenon
called posterior collapse. This may cause the low
diversity of generated sentences. To tackle this
problem, we propose a diversity loss. We find that
the diversity of the generated sentence is affected
by its first word. For example, the first word can
determine the form of a question sentence. Unfor-
tunately, compared with the questions beginning
with “Is, May, Would”, we are more likely to col-
lect questions beginning with “What, When, How”.
This can lead to serious category imbalances when
generating the first word. So we set the penalty
coefficient of the first-word loss as follow.

Lw1 = ln

(
Nb

nw1

e

)
log p(w1|Θ) (5)

where Nb is the batch size during the training pro-
cess, nw1 is the number of sentences beginning
with w1 in this batch. e is the Euler’s number that
can make sure the penalty coefficient always no
less than 1.

3.3 Back-Translation Model
Back-translation model aims to make sure the
semantics of the generated paraphrase are the
same with the original sentence during multi-round
generation. It translates Si back to S0. Differ-
ent from paraphrase model which needs diver-
sity, back-translation model is more focused on
semantics maintaining. We employ Transformer
(Vaswani et al., 2017) with copy mechanism as
back-translation model because of its excellent per-
formance in many tasks.

The loss function of back-translation model is as
follow: 1:

Lis = CrossEntropy(BTModel(Si), S0)

Lp = CrossEntropy(BTModel(P ), S0)

LBT = Lp + λ
∑

i

Lis
(6)

where λ is a hyper-parameter. BTModel indicates
the back-translation model.

There are two parts in the loss of back-translation
model: Lis and Lp. We assume the i-th round para-
phrase can be translated back to the original sen-
tence S0 if its semantics are preserved and thus we
optimize Lis. Similarly, the paraphrase P can be
translated back to the original sentence S0 as well,
so we also leverage Lp to train back-translation
model. This can improve the generalization abil-
ity of the back-translation model, because back-
translation model tends to guide paraphrase model
to copy original sentence without changes if we do
not employ true paraphrase data to train it.

3.4 Gumble-Softmax Embedding
We employ gumble-softmax embedding to connect
each module of our model. We first define an em-
bedding operation as follow:

Embed(X) = WeX (7)

For the probability p generated by paraphrase
model, we leverage gumble-softmax(Jang et al.,
2017) to get its one-hot matrix without sampling
from multinomial distribution. Then we can get the
embedding matrix E as follow:

GS(π) = softmax((log(π)i + gi)/τ)

E = Embed (GS(p))
(8)

where π is a multinominal distribution wih k di-
mension, g1, g2, · · · , gi are i.i.d samples drawn
from Gumbel(0, 1). τ is a hyper-parameter.

There are three places in our model needing to
leverage gumble-softmax embedding. First, we
leverage it to embed the output probability of the
paraphrase model as the input of the next-round
paraphrase model. Next, gumble-softmax embed-
ding is also used to connect the back-translation
model with the paraphrase model. Figure 1 shows

1Note that we also use S0, Si and P to denote the one-hot
matrix of corresponding sentences.
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these two cases. Finally, it is used in the multi-
round paraphrase generation process to replace the
teacher forcing. Generally, Seq2Seq model em-
ploys teacher forcing for model training, with us-
ing ground truth to guide the generation process.
However, there is no ground truth in multi-round
paraphrase generation, it can only generate sen-
tence with a autoregressive method. We employ
gumble-softmax to replace sampling in each step
of the autoregressive process. Figure 2 shows this
process.

Ground Truth

LSTM LSTM LSTM LSTM LSTM LSTM

GS GS GS

(a)
Ground Truth

LSTM LSTM LSTM LSTM LSTM LSTM

GS GS GS

(b)

Figure 2: Figure (a) shows the decoder with teacher
forcing in the first round generation. Figure (b) shows
the decoder with autoregression in other-round genera-
tion.

3.5 Loss Function

We train paraphrase model together with back-
translation model. The total loss of our model is as
follow:

L = Lpara + LBT (9)

Although we define a multi-round paraphrase
model, we only train the first two rounds. Because
we find that training too many rounds requires
large computing resources, but can not improve
the model performance significantly. During infer-
ence, we can generate paraphrase more than two
rounds.

4 Experiment

4.1 Datasets

We evaluate our BTmPG model on two benchmark
datasets:

MSCOCO2 (Lin et al., 2014) dataset contains
human annotated captions of over 120k images.
Each image contains five captions from five dif-
ferent annotators. This dataset has been widely
used in previous works (Prakash et al., 2016; Gupta
et al., 2018; Cao and Wan, 2020). We sample the
MSCOCO according to Prakash et al. (2016).

2https://cocodataset.org/

Quora3 dataset is a question paraphrase dataset.
It contains over 400k question pairs. Each pair
marked with a binary value indicates whether the
questions in the pair are truly a duplicate of each
other. So we select all such question pairs with
binary value 1 as paraphrase dataset. There are
about 150k question pairs in total. We randomly
divide the training, validation and the test set.

Table 1 provides statistics of these two bench-
mark datasets.

Dataset Train Set Valid Set Test Set
MSCOCO 206,852 3,000 3,000

Quora 129,263 3,000 3,000

Table 1: Statistic for datasets: the sizes of training, val-
idation and test set.

4.2 Evaluation Metrics

We use five widely-used metrics to evaluate
paraphrases: BLEU4, self-BLEU, self-TER,
BERTScore and p-BLEU.

BLEU4 is widely used in generation tasks. It
can measure how well the sentences generated by
our model can match the references. Notice that
some works also calculate the ROUGE(Lin, 2004)
or METEOR, but we think the role of these two
metrics overlaps with BLEU4, as they all calculate
the overlap degree between outputs and references.
Therefore we only calculate BLEU4 to evaluate the
match degree between outputs and references.

We evaluate the difference between the output
sentence and the original sentence with two metrics.
One of them is self-BLEU which is the BLEU4
score between the output sentence and the original
sentence. The lower the value of self-BLEU, the
more difference between output sentences and orig-
inal sentences. Another is self-TER4. TER(Zaidan
and Callison-Burch, 2010) is used to evaluate the
edit distance between two sentences. Self-TER is
calculated as the TER between the output sentence
and the original sentence.

BERTScore 5 is proposed by Zhang et al. (2020)
to evaluate the semantic similarity between the out-
put sentence and the original sentence. BERTScore

3https://www.kaggle.com/c/
quora-question-pairs/data?select=train.
csv.zip

4We use the tool at https://github.com/
jhclark/multeval.

5The tool of BERTScore is available at https://
github.com/Tiiiger/bert_score
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has been widely leveraged to measure semantic pre-
serving in the paraphrase generation task (Cao and
Wan, 2020). However, there may be some prob-
lems for BERTScore on our task due to the low
score for reference. This is because BERTScore is
not perfect in measuring semantic relevance. But
as far as we know, there is no better score to evalu-
ate semantic preserving, so we report BERTScore
as a reference for semantic preserving. More evalu-
ation about semantic relevance is shown in human
evaluation.

We leverage p-BLEU (Cao and Wan, 2020) to
evaluate the difference between outputs in differ-
ent rounds. Concretely, for outputs in k rounds
{y1, y2, · · · , yk}, the p-BLEU can be calculated as
follow.

p-BLEU =

∑
i

∑
j 6=i BLEU4(yi, yj)

k × (k − 1)
(10)

The lower p-BLEU means higher diversity be-
tween outputs in different rounds.

Notice that, BLEU4 may not suitable for our
task , because we focus on the diversity of para-
phrase. BLEU4 can only measure the match degree
between outputs and references. However, a sen-
tence usually has many more reference paraphrases,
while the target given in the dataset is only one ref-
erence. So we also perform human evaluation to
evaluate the semantic relevance, readability and
diversity of generated paraphrases.

4.3 Baseline
As our model focuses on the diversity of para-
phrase, we mainly compare our model with VAE-
SVG-eq (Gupta et al., 2018), DiPS(Kumar et al.,
2019)6, SOW-REAP(Goyal and Durrett, 2020)7

and the decoding method proposed by Thompson
and Post (2020)8. The last method penalizes the
n-gram appearing in the original sentence to make
the paraphrase different from the original sentence
and enhance diversity. We mark this method as
N-gram Penalty. We employ two different hyper-
parameters provided by the authors: one of them
is low penalty for N-gram, and another is high

6The code is available at https://github.com/
malllabiisc/DiPS.

7The code is available at https://github.com/
tagoyal/sow-reap-paraphrasing.

8DNPG (Li et al., 2019), which controls semantics through
encoding different levels of granularity respectively, can also
enhance diversity. But the code and outputs are not provided,
so we are not able to use it as baseline.

penalty. In addition, we also compare our model
with Transformer and Transformer copy.

4.4 Training Details

For both datasets, we truncate all the sentences
longer than 20 words and maintain a vocabulary
size of 25k. During testing, we replace UNK with
the original word with the highest copy probability.

For paraphrase model, we leverage 2-layer
LSTM. We set the embedding dimension de to 300,
hidden size dh of LSTM to 512. We set the latent
code dimension dz to 128. For back-translation
model, we leverage Transformer-copy with 3-layer
encoder and decoder. We set the model size to
450, and the head number of multi-head attention
to 9. We set λ to 1, which will be discussed in
our ablation study. For the hyper-parameter τ in
gumble-softmax, we refer (Nie et al., 2019) to in-
crease the τ over iterations via an exponential pol-
icy: τ = τ

−ne/Ne
max , where ne is the current epoch

and Ne is the total number of epoch. We set τmax

to 5. We train our model for 30 epochs. We set
batch size to 50, and we select the model of the
final epoch to generate paraphrase in test set.

5 Result

5.1 Automatic Evaluation

Table 2 shows the results of automatic evaluation.
Our model substantially improves the BERTScore
in the first round of paraphrase generation and gen-
erally gets the state-of-the-art performance. The
value of self-BLEU can be significantly reduced
with the increase of the round number of paraphrase
generation while maintaining semantics.

For both datasets, the first round paraphrase
generation of our model achieves the highest
BERTScore than any other models. This is be-
cause back-translation model can provide suffi-
cient semantic guidance for paraphrase model. As
the increase of the round number, the values of
self-BLEU and self-TER are reduced significantly,
which means the paraphrase sentences our model
generated are more and more different from orig-
inal sentences. While BERTScore can still main-
tain a relatively high value. (A slight reduction of
BERTScore is acceptable as BERTScore is not per-
fect in measuring semantic relevance.) We find that
the paraphrase generated in the fifth round is good
with balancing the diversity and the relevancy.

DiPS gets the BERTScore similar to round 5
generation, while its outputs lack of diversity com-
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Model MSCOCO Quora
BLEU4 self-BLEU ↓ self-TER ↑ BERTScore ↑ BLEU4 self-BLEU ↓ self-TER ↑ BERTScore ↑

Reference - 8.12 78.40 46.20 - 31.46 54.92 67.37
VAE-SVG-eq 25.07 13.77 66.92 51.72 22.52 36.05 50.25 67.06
Transformer 25.81 14.92 65.74 54.47 26.22 37.99 46.42 67.53
Transformer copy 26.80 17.94 62.49 56.49 28.97 43.69 42.52 71.05
DiPS 23.52 12.23 67.31 51.40 23.38 29.24 54.41 63.09
SOW-REAP 15.31 44.22 39.42 63.68 15.36 47.62 38.98 62.21
N-gram Penalty-low 25.37 12.16 66.66 53.47 26.00 36.65 47.31 66.93
N-gram Penalty-high 23.68 0.00∗ 69.24 52.08 17.53 0.00∗ 59.30 59.20

BTmPG
(Ours)

R1 25.54 18.50 61.78 59.34 28.02 58.47 33.99 77.21
R5 23.65 12.58 68.27 54.07 23.15 37.89 48.62 65.90
R10 22.42 10.98 70.10 52.37 22.17 34.15 53.34 62.91

Table 2: Automatic evaluation results on MSCOCO and Quora test sets. In the table, R1, R5 and R10 mean the
first round, the fifth round and the tenth round of paraphrase generation.

pared with our model. SOW-REAP gets the highest
BERTScore for MSCOCO, but it does not perform
well on self-BLEU. Because SOW-REAP tends to
generate paraphrase without change, the semantics
of the paraphrase may be similar with the origi-
nal sentence but the paraphrase lacks of diversity.
N-gram Penalty with high penalty can lead self-
BLEU to 0, as it strictly does not allow to generate
those 4-grams appearing in the original sentence.
Although the N-gram Penalty method can generate
outputs totally different from original sentences, it
fails to preserve the major semantics. However, our
BTmPG model can increase diversity as much as
possible while preserving major semantics.

To explore the pairwise diversity of our model’s
outputs in different rounds, we also calculate the
p-BLEU values for VAE-SVG-eq and our model
(p-BLEU is not suitable for other models). For
VAE-SG-Eq, we generate 10 outputs by random
sampling the latent space. For our model, we select
the first 10 rounds outputs. Table 3 shows the re-
sults of p-BLEU. The p-BLEU value of our model
is much lower than VAE-SVG-eq, which means
that our model has better ability to generate multi-
ple diversified paraphrases than VAE-SVG-eq.

5.2 Ablation Study
In this section, we will explore the role of back-
translation model in preserving semantics. We set
the hyper-parameter λ from 0 to 5. A bigger λ
means back-translation provides more semantic
guidance to paraphrase model. λ = 0 means that
we remove back-translation model totally. We gen-
erate paraphrases of 20 rounds and calculate the
values of BERTScore. In order to explore the ef-
fect of leveraging other paraphrase model in the
multi-round generation framework, we also adopt
VAE-SVG-eq in a multi-round generation process

Model p-BLEU ↓
MSCOCO Quora

VAE-SVG-eq 75.52 81.50
BTmPG(Ours) 62.83 67.60

Table 3: The p-BLEU score for VAE-SVG-eq and
BTmPG

to generate paraphrases of 20 rounds on Quora, and
compute the values of BERTScore. Figure 3 shows
the trend of BERTScore with the increase of the
round number.
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Figure 3: The BERTScore of paraphrases of 20 rounds
on Quora.

Obviously, compared with VAE-SVG-eq, our
improved VAE model can preserve semantics
better. Back-translation can much improve the
lower bound of BERTScore , which means back-
translation can help to preserve the semantics dur-
ing multi-round paraphrase generation.

We also calculate the p-BLEU for the para-
phrases of the first 10 rounds for different λ. Table
4 shows the result. From the table we can know
that, although back-translation can help to preserve
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semantics, a higher λ can lead to a lack of diversity
of paraphrase. Therefore, it is wise to select an
appropriate λ according to the actual requirement.

λ 0 0.5 1 2 5
p-BLEU 63.53 66.40 67.61 74.83 88.05

Table 4: The p-BLEU of paraphrases of the first 10
rounds for different λ.

5.3 Human Evaluation
We perform human evaluation on system outputs
with respect to three aspects: relevancy, fluency
and diversity. Relevancy indicates if the semantics
of outputs and original are identical. Fluency indi-
cates the readability of output sentences. Diversity
indicates the lexical and syntactic differences be-
tween output sentences and original sentences and
thus we use two indicators for lexical diversity and
syntactic diversity respectively.

We randomly sample 100 sentences from each
test set and get a total of 200 sentences for evalua-
tion. We employ 6 graduate students to rate each
instance. We ensure every instance is rated by at
least three judges. Table 5 shows the result of hu-
man evaluation.

Model Relevancy Fluency Diversity
Lexical Syntactic

VAE-SVG-eq 3.24 3.44 3.93 4.01
Transformer 3.82 3.96 3.71 3.77
DiPS 3.62 3.50 3.64 3.70
SOW-REAP 3.59 3.34 2.79 3.88
N-gram Penalty 3.44 3.65 3.79 3.68

BTmPG
(Ours)

R1 4.12 3.92 3.65 3.85
R5 3.93 3.81 3.95 4.00
R10 3.84 3.82 4.20 4.15

Table 5: Human evaluation results.

From the table, we can see that the paraphrase
in the first round can preserve more semantics of
original sentence but lack of diversity. With the
increase of the round number, the relevancy score
decreases slightly, but the diversity scores increase
substantially. Fluency may be influenced by di-
versity, because human may feel a slight decrease
of fluency with the increase of diversity. As com-
pared with other models, our model can generate
paraphrases with high diversity, while maintain-
ing semantics and fluency well. Previous models
like SOW-REAP and DiPS can not maintain the
semantics, though they can produce paraphrases
with relatively high diversity.

5.4 Case Study

We perform case studies for better understanding
the model performance. Table 6 shows an example
of Quora, which include paraphrases of the first 15
rounds.

Cases from Quora
Original why did modi scrap rs 500 & rs 1000 notes ? and

what ’s the reason for the sudden introduction of
the 2000 rupee note ?

Reference why did goi demobilise 500 and 1000 rupee
notes ?

Round1 why did the indian government ban the 500 and
1000 rupee notes and why is it bringing to ?

Round2 what do you think about the ban on 500 and
1000 denomination notes in india ?

Round4 how do you see the pm modi ’s move of banning
500 and 1000 rupee currency notes ?

Round5 what do you think of the decision by the indian
government to demonetize 500 and 1000 rupee
notes ?

Round9 is modi ’s decision on demonetization of 500
and 1000 notes by public modi ?

Round11 was the decision by the indian government to
demonetize 500 and 1000 notes right or wrong ?

Round12 would banning notes of denominations 500 and
1000 help to curb the black money in india ?

Round13 what will be the effects of banning 500 and 1000
rupees on indian economy ?

Round14 what are the advantage of banning 500 and 1000
rupees in Indian ?

Round15 what are the pros and corns of banning 500 and
1000 rupees by indian government ?

Table 6: An example of Quora and the generated para-
phrases in multiple rounds. The word in color means
that it does not appear in the original sentence.

This case shows how does our model modify
sentences during multi-round paraphrase genera-
tion process. With the increase of round number,
the difference between the generated paraphrase
and the original sentence becomes larger, while the
paraphrase still preserves the major semantics of
the original sentence.

6 Conclusion

In this paper, we focus on improving the diversity
of generated paraphrase, i.e., making the generated
paraphrase much more different from the original
sentence. We propose a multi-round paraphrase
generation method BTmPG with the guidance of
back-translation. Both automatic and human eval-
uation results show that our method can generate
diverse paraphrase while maintaining semantics.
Ablation study proves back-translation is very help-
ful to preserve semantics. In the future, we will
explore other methods such as GAN, to improve
paraphrase diversity. We will also test our method
on more languages other than English.
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Abstract

This paper studies how to automatically gen-
erate a natural language text that describes the
facts in knowledge graph (KG). Considering
the few-shot setting, we leverage the excel-
lent capacities of pretrained language models
(PLMs) in language understanding and gener-
ation. We make three major technical contri-
butions, namely representation alignment for
bridging the semantic gap between KG encod-
ings and PLMs, relation-biased KG lineariza-
tion for deriving better input representations,
and multi-task learning for learning the cor-
respondence between KG and text. Exten-
sive experiments on three benchmark datasets
have demonstrated the effectiveness of our
model on KG-to-text generation task. In par-
ticular, our model outperforms all compari-
son methods on both fully-supervised and few-
shot settings. Our code and datasets are avail-
able at https://github.com/RUCAIBox/

Few-Shot-KG2Text.

1 Introduction

Knowledge graphs (KGs), such as Wikidata and
DBpedia, are essential for many natural language
processing (NLP) applications (Ji et al., 2020). To
understand the structured information in KG, the
task of KG-to-text generation has been proposed to
automatically generate a descriptive text for a given
knowledge graph (Koncel-Kedziorski et al., 2019;
Ribeiro et al., 2020a). Figure 1 illustrates a KG
with the corresponding descriptive text, in which
the nodes (e.g., Stan Lee and Iron Man) represent
entities and the edges (e.g., creator and alias) de-
scribe the relations between connected entities.

In recent years, with the help of crowdsourcing
platforms and information extraction (IE) systems,
large-scale labelled pairs of KG and its descrip-
tive text have been created, such as WikiBio (Le-
bret et al., 2016) and WebNLG Challenge (Gardent
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Iron Man is a fictional superhero
who wears a suit of armor. He was
created by writer Stan Lee, and
designed by artists Jack Kirby   .
Iron Man's alter ego is Tony Stark.
He has found the superhero team the
Avengers alongside Thor. 

Entity mentionKG Descriptive Text

Figure 1: A knowledge graph (subgraph) with its de-
scriptive text. The underlined words represent the con-
text keywords about entities.

et al., 2017). Based on these datasets, data-driven
models have shown impressive capabilities to pro-
duce informative and fluent text for a given KG (Lo-
gan et al., 2019; Moryossef et al., 2019). However,
due to the great expense in annotation process, it
is not always feasible to generate large-scale la-
belled datasets for a variety of domains in practice.
Motivated by this, we propose to study the task of
few-shot KG-to-text generation that aims to pro-
duce satisfactory output text given only a handful
of (several hundred) labelled instances.

To fulfil this task, we need to fully understand
the complicated semantic relations between enti-
ties from various domains, which is challenging
with limited labelled data. Our solution is inspired
by the excellent few-shot capabilities of pretrained
language models (PLMs) on language understand-
ing and generation tasks (Brown et al., 2020; Chen
et al., 2020; Li et al., 2021a). Pretrained on the
large-scale corpora, PLMs encode vast amounts of
world knowledge into their parameters (Li et al.,
2021b), which is potentially beneficial to under-
stand and describe the KG facts in our task.

However, applying PLMs to few-shot KG-to-
text generation still faces two challenges. First,
PLMs are usually pretrained on natural language
text, while the KG inputs for our task are structured
graphs. This semantic gap makes it difficult to
effectively inject KG representations into PLMs
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especially with limited labelled instances. Second,
unlike many other text generation tasks, KG-to-text
generation requires faithful generation based on the
understanding of KG facts. It needs to learn an
accurate semantic correspondence between input
KG and output text, which will be more difficult in
few-shot settings.

To address the above issues, in this paper, we pro-
pose a few-shot KG-to-text generation model based
on PLMs. There are three major technical contri-
butions in our model. First, in order to bridge the
semantic gap, we enforce the representation align-
ment by learning the correspondence between KG
representations (encoded by graph neural networks)
and PLM-based entity representations. Second, to
feed KG into PLMs, we propose a relation-biased
breadth-first search (RBFS) strategy to linearize
KG into a well-planned entity sequence. Finally,
we jointly train the primary text generation task
and an auxiliary KG reconstruction task under the
framework of multi-task learning. This step further
enhances the semantic correspondence between in-
put KG and output text, based on which our model
can generate faithful text about KG.

To the best of our knowledge, we are the first
study to investigate PLMs for few-shot KG-to-text
generation. Extensive experiments on three bench-
mark datasets demonstrate the effectiveness of our
few-shot KG-to-text generation model.

2 Related Work

In this work, we mainly focus on generating text
from knowledge graphs using PLMs.

KG-to-Text Generation. Early works mainly cen-
tered around statistical methods, applying grammar
rules to generate text (Konstas and Lapata, 2013;
Flanigan et al., 2016). Recently, neural based ap-
proaches have been proposed to generate text from
linearized KG triples (Gardent et al., 2017), how-
ever, unable to model structural information about
KG. Many works explored how to encode the graph
structure using Graph Neural Networks (GNNs) or
Transformers explicitly. Koncel-Kedziorski et al.
(2019) leveraged a graph Transformer encoder to
compute node representations by attending over
local neighborhoods via self-attention. In contrast,
Ribeiro et al. (2020a) focused on combining global
and local message passing mechanisms based on
GNNs, capturing complementary graph contexts.
Guo et al. (2020) presented an unsupervised train-
ing method that can iteratively back translate be-

tween the text and graph data. Different from them,
we explore how to utilize large PLMs for few-shot
KG-to-text generation.

Pretrained Language Model. Recent years have
witnessed prominent achievement of PLMs in NLP
tasks (Devlin et al., 2019; Radford et al., 2019).
Pretrained on massive corpora, pretrained models
showcase unprecedented generalization ability to
solve related downstream tasks (Li et al., 2021b).
However, most of existing PLMs were conditioned
on text data (Radford et al., 2019; Lewis et al.,
2020), lacking consideration of structured data
input. Ribeiro et al. (2020b) proposed to utilize
PLMs for KG-to-text generation by randomly lin-
earizing graph into a sequence of triples. While,
these methods do not explicitly model the structural
relations of KG, which is critical for generating
faithful text. Our work aims to consider the KG
structure and bridge the semantic gap between KG
encodings and PLMs.

3 Problem Formulation

KG-to-text generation (Ribeiro et al., 2020a) aims
to automatically generate a natural language text
that describes the facts in KG.

Formally, the input KG consists of a set of triples,
denoted as G = {〈e, r, e′〉|e, e′ ∈ E , r ∈ R},
where E and R denote the entity set and relation
set, respectively. A triple 〈e, r, e′〉 denotes the fact
that relation r exists between head entity e and tail
entity e′. Note that the input KG is a small and com-
pact subgraph extracted from large-scale knowl-
edge graphs (e.g., DBpedia). Following Koncel-
Kedziorski et al. (2019), a text describing the input
KG is usually available in this task. Let V denote
the vocabulary. The target is to generate a natural
language text Y = 〈w1, ..., wj , ..., wT 〉(wj ∈ V)
that represents the correct and concise semantics of
entities and their relations in the given knowledge
graph. The text contains a set of entity mentions
M = {me|me = 〈e, se, oe〉, e ∈ E}, where e is
the target entity, se and oe are the start and end
indices of this mention in text Y , respectively. In
other words, 〈wse , ..., woe〉 specially corresponds
to entity e. For entities with multiple mentions in
text, we only keep the first mention of each entity
inM. By replacing each word of mentions with
the token “[MASK]”, we can obtain a masked text,
denoted as Y[mask], which is also taken as input for
representation alignment in Section 4.1.

In practice, it is difficult to collect massive pairs
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<MASK> <MASK> is a fictional
superhero wearing a suit of armor
and his alter ego is <MASK>
<MASK>. He was created
by <MASK> <MASK>.

RA

Iron Man is a fictional superhero
wearing a suit of armor and his
alter ego is Tony Stark. He was
created by Stan Lee.

Stan LeeTony Stark

Iron Man
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Stan LeeTony Stark

Iron Man
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No BP

Iron Man, Tony Stark, Stan Lee

Figure 2: Overview of our proposed model. “RA” and
“BP” denote representation alignment and back propa-
gation, respectively. We organize the PLM into lower
layers and higher layers. The former provides PLM-
based entity representations for alignment with KG en-
codings, and the latter acts as a decoder for generating
text and reconstructing KG facts. After representation
alignment, KG embeddings can be directly fed into the
higher layers of PLMs for generating text.

of KG and its descriptive text for training. In this
paper, we study the task of few-shot KG-to-text
generation with a handful of training instances (e.g.,
200 instances) based on a given PLM (e.g., GPT-2).

4 Approach

For our task, two major challenges are how to
learn effective input representations and capture
the semantic correspondence between KG and text.
To address the two challenges, we propose three
major technical contributions, namely representa-
tion alignment between KG encodings and PLMs,
relation-biased BFS strategy for KG linearization,
and multi-task learning with KG reconstruction.
Figure 2 presents an illustrative overview of our
model. Next we will describe each part in detail.

4.1 Representation Alignment

Unlike previous works (Ribeiro et al., 2020b; Yang
et al., 2020) that directly transform KG into text se-
quence, we employ graph neural network (GNN) as
knowledge graph encoder to explicitly encode en-
tity relations in KG. Based on the input KG, GNN
would produce a set of entity embeddings, which

can be regarded as the input word embeddings of
PLM for generating text. However, the GNN-based
entity embeddings and the PLM-based word (en-
tity) embeddings come from two distinct semantic
spaces. To bridge such a semantic gap, we pro-
pose a representation alignment method to align
the GNN-based and PLM-based entity embeddings
in different semantic spaces.

KG Encoder. The GNN-based KG encoder aims
to generate entity embeddings for KG. Let ve ∈
RdE denote the entity embedding for a general en-
tity e in KG, where dE is the embedding size. In
our work, the entity embeddings are shared across
different KGs and initialized with pretrained KG
embeddings (Yang et al., 2015). We apply R-
GCN (Schlichtkrull et al., 2018) to generate entity
embeddings by leveraging multi-relational infor-
mation in KG. Then, the embedding of entity e at
the l + 1-th layer of R-GCN can be computed as:

v(l+1)
e = σ(

∑

r∈R

∑

e′∈N re
W (l)

r v
(l)
e′ +W

(l)
0 v(l)e ), (1)

where W (l)
0 and W (l)

r are trainable matrices, and
N r
e = {e′|〈e, r, e′〉, 〈e′, r, e〉 ∈ G} denotes the set

of neighbors of entity e under relation r. Finally,
after stacking L times, the output entity embedding
v
(L)
e from the last R-GCN layer is used as the final

entity embedding ṽe.
Note that, we represent an entity as a set of nodes.

For instance, the entity Iron Man in Figure 1 will
be represented by two nodes: one for the token
Iron and the other for the token Man. This would
enhance the generalization ability of KG encoder
on unseen entities, since it learns entity embeddings
at the token level.

Text Encoder. To obtain the PLM-based entity
embeddings, we feed the masked text Y[mask] into
the text encoder, i.e., the lower layers of PLM. As
shown in Figure 1, compared with short entity men-
tions, the masked text contains rich context infor-
mation about entities. Therefore, similar to masked
language model (Devlin et al., 2019), the embed-
dings of masked text can be computed as:

〈v̂w1 , ..., v̂wT 〉 = Lower-Layers(Y[mask]), (2)

where the entity mention me corresponds to the
embedding sequence 〈v̂wse , ..., v̂woe 〉 and the PLM-
based entity embedding v̂e can be computed by an
average pooling over this embedding sequence.
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To bridge the semantic gap, we model the repre-
sentation alignment by minimizing the Euclidean
distance in semantic space between the GNN-based
and PLM-based entity embeddings as:

LRA =
∑

e∈E
‖ṽe − v̂e‖2, (3)

where ṽe and v̂e are GNN-based and PLM-based
entity embeddings, respectively.

With representation alignment, the GNN-based
entity embeddings can be aligned with the PLM-
based entity embeddings in semantic space, which
enables us to effectively inject KG representations
into PLM for improving generation quality.

4.2 Knowledge Graph Linearization
To feed the KG into decoder (i.e., the higher lay-
ers of PLM), we need to linearize KG into an en-
tity sequence. Previous work (Yang et al., 2020;
Ribeiro et al., 2020b) usually relies on random or
pre-defined rules, which is not flexible to model
KG structures. Here, we propose to utilize breadth-
first search (BFS) strategy to traverse KG. BFS, a
graph traversal algorithm, starts at the root node
and explores all the nodes at the present layer be-
fore moving on to the nodes at the next depth layer1.
Here, we assume that nodes at the same layer po-
tentially express relevant semantics and should be
placed in close positions of the entity sequence.

Furthermore, we observe that some relations are
often lexicalized before others, e.g., the nationality
of a person often precedes the birthplace in descrip-
tive text. Considering such relation priority, in this
paper, we propose a relation-biased breadth first
search (RBFS) strategy to traverse and linearize
KG into entity sequence. Specifically, we first com-
pute RBFS weights αe′ for each entity e′ based on
their relations as:

αe′ = σ(ṽ>e W
(L)
r ṽe′), 〈e, r, e′〉 ∈ G, (4)

whereW (L)
r is a relation matrix from Eq. 1. Then,

for two sibling entities e′ and e′′ at the same layer,
we traverse e′ before e′′ if αe′ is greater than αe′′ ,
and vice versa. Finally, through RBFS, we can
obtain a linearized entity sequence taken as input
of the decoder for text generation.

4.3 KG-enhanced Multi-task Learning
After obtaining the linearized entity sequence, we
next take it as input and perform text generation.

1https://en.wikipedia.org/wiki/Breadth-first_search

Different from other text generation tasks, KG-to-
text generation aims to generate text reflecting the
concise facts in KG. Inspired by Liu et al. (2019),
we incorporate an auxiliary KG reconstruction task
to reconstruct the facts in KG for learning the se-
mantic correspondence between text and KG.

Text Generation. The text generation task is per-
formed upon the higher layers of PLM. The objec-
tive is to maximize the likelihood of the reference
text, which is equivalent to minimize the negative
log-likelihood as:

LLM = −
T∑

j=1

log pgen(wj |w1, ..., wj−1;G), (5)

where pgen is the generative probability from PLM.
Besides, in KG-to-text generation, some tokens in
descriptive text correspond to KG entities shown
in Figure 1. The ability to copy entities from KG
would enrich the generated text content, which can
be achieved by the pointer generator (See et al.,
2017). By feeding the hidden states of PLM and
the token embedding, the copy probability pjcopy of
the j-th token wj can be computed as:

pjcopy = σ(W1sj +W2vwj + bcopy), (6)

whereW1,W2, and bcopy are trainable parameters,
vwj is the embedding of tokenwj , and sj is the j-th
hidden state from the top layer of PLM. Then, we
explicitly “teach” our model how to switch between
generation and copy via the copy loss as:

LPG =
∑

wj

pjcopy +
∑

wk

(1− pkcopy). (7)

Our intuition is aimed at minimizing the copy prob-
ability pjcopy of token wj (generated from vocabu-
lary) and maximizing the copy probability pkcopy of
token wk (copied from KG entities).

KG Reconstruction. Following Song et al. (2020),
we formalize the KG reconstruction task as pre-
dicting the relations between any two entities. In
detail, given a head entity e and a tail entity e′ in
generated text, we can obtain the hidden states of
their mentions from the top layer of decoder, i.e.,
〈sse , ..., soe〉 and 〈sse′ , ..., soe′ 〉. Then, the entity
hidden states he and te′ can be computed by an
average pooling over their mention hidden states.
The probability for a relation r is calculated as:

p(r|e, e′) = softmax(W3[he; te′ ;he � te′ ] + b2),
(8)
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where W3 and b2 are trainable parameters. The
loss for reconstructing KG is also defined as the
negative log-likelihood of all target triples in KG:

LGR = −
∑

〈e,r,e′〉∈G
log p(r|e, e′). (9)

By incorporating the KG reconstruction task, our
model is able to capture the semantic correspon-
dence between input KG and output text, which
further improves generating faithful text.

Finally, the total training loss consists of text gen-
eration loss LLM (Eq. 5), copy loss LPG (Eq. 7),
representation alignment loss LRA (Eq. 3) and KG
reconstruction loss LGR (Eq. 9) as:

Ltotal = LLM+λ1LPG+λ2LRA+λ3LGR, (10)

where λ1, λ2 and λ3 are combination coefficients.

4.4 Discussion and Learning
In this part, we present the model discussion and
the model optimization.

Few-shot Learning. In few-shot KG-to-text gen-
eration, the key lies in how to bridge the semantic
gap between KG and PLMs with limited dataset.
To achieve this goal, we first utilize representation
alignment in Section 4.1 to align the semantic space
between KG encodings and PLMs, and then intro-
duce a KG reconstruction task in Section 4.3 to
further learn the semantic correspondence between
input KG and output text. Besides, we observe that
KG entities are often multi-word expressions. To
deal with unseen entities in few-shot learning, we
employ the Byte Pair Encoding (BPE) (Sennrich
et al., 2016) and sub-word vocabulary (Radford
et al., 2019) to split entity words into smaller se-
mantic units. Our work is also empowered by the
excellent few-shot capacities of PLMs with vast
amounts of world knowledge learned from large-
scale corpora.

Optimization. For PLM, we employ BART-Large
model (Lewis et al., 2020). Specially, we adopt the
first 6 layers of BART encoder as the lower layers,
and the remaining 6 layers of BART encoder and
BART decoder as the higher layers. Note that, the
target text and text encoder will not be used at
test time. In particular, the target text is just used
at training time and encoded as PLM-based entity
embeddings for representation alignment, while the
alignment is not needed at test time. We optimize
all parameters according to the total loss in Eq. 10

Dataset #Train #Valid #Test #Relations

AGENDA 29,720 1,000 10,000 42
WebNLG 7,362 1,389 5,427 107
GenWiki 48,020 1,000 10,000 250

Table 1: Statistics of three datasets.

with the OpenAI AdamW optimizer (Loshchilov
and Hutter, 2019). The learning rate, batch size, R-
GCN layers and embedding size are set to 1e-5, 20,
2 and 1024, respectively. The weights λ1, λ2 and
λ3 in Eq. 10 are set to 0.7, 0.5 and 0.5, respectively,
according to performance on validation set. During
inference, we apply the beam search method with
a beam size of 8.

5 Experiments

In this section, we first set up the experiments, and
then report the results and analysis.

5.1 Experimental Setup

Datasets. To evaluate our model on few-shot
KG-to-text generation, we conduct experiments on
three benchmarks, including AGENDA (Koncel-
Kedziorski et al., 2019), WebNLG (Gardent et al.,
2017) and GenWiki Fine (Jin et al., 2020). We
adopt three large domains (i.e., Airport, Build-
ing and Food) for WebNLG and two large do-
mains (i.e., Sports and Games) for GenWiki. Ta-
ble 1 shows the statistics for each dataset. Each
instance of these datasets contains a knowledge
graph in the form of triples and a target text de-
scribing the graph. The three datasets have orig-
inally provided the alignment records from en-
tity mentions to KG entities. Take an example
from WebNLG dataset “AGENT-1 is located in
PATIENT-1”: the entity mention is tagged as
“AGENT-1” and the tag “AGENT-1” maps to the
entity “11th_Mississippi_Infantry_Monument” in
KG. If such alignments are not available, we can
utilize entity linking tools (e.g., NER packages) for
preprocessing.

Baselines. We make a comparison against five KG-
to-text generation models:

• GraphWriter (Koncel-Kedziorski et al., 2019)
introduces a graph transformer encoder and a se-
quence decoder for generating text based on KG.

• CGE-LW (Ribeiro et al., 2020a) proposes a
graph-to-text model by combining both global and
local node aggregation strategies.
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Datasets AGENDA WEBNLG GENWIKI FINE

#Metrics B-4 R-L CIDEr Chrf B-4 R-L CIDEr Chrf B-4 R-L CIDEr Chrf

GraphWriter 15.30 22.03 0.24 38.33 45.84 60.62 3.14 55.53 29.73 55.46 2.68 46.87
CGE-LW 18.01 25.62 0.33 46.69 48.60 62.52 3.85 58.66 30.67 56.37 3.20 47.79
CycleGT 20.16 25.77 0.69 48.26 50.20 68.30 3.81 68.91 38.57 59.37 3.50 62.46
BART-base 22.01 26.44 0.90 48.02 49.81 63.10 3.45 67.65 48.20 59.21 4.02 65.80
BART-large 23.65 28.76 1.15 50.44 52.49 65.61 3.50 72.00 50.70 61.90 4.51 68.15
T5-base 20.59 29.41 0.81 48.15 48.86 65.57 3.99 66.08 45.72 58.28 3.74 65.68
T5-large 22.15 30.68 0.87 48.88 58.78 68.22 4.10 74.40 47.11 60.64 3.74 68.47
Ours 25.15 35.12 3.23 55.89 61.88 75.74 6.03 79.10 48.46 65.65 5.19 64.00

Table 2: Performance comparisons of different methods for fully-supervised KG-to-text generation under three
domains. B-n and R-n are short for BLEU-n and ROUGE-n. Bold and underline fonts denote the best and the
second best methods (the same as below).

Datasets AGENDA WEBNLG GENWIKI FINE

#Instances 50 100 200 500 50 100 200 500 50 100 200 500

BART-large 5.71 6.15 7.59 10.71 9.05 15.70 19.38 27.91 9.14 13.38 15.39 24.14
T5-large 2.69 2.73 4.65 7.52 7.18 14.52 16.88 21.68 6.30 6.36 10.37 17.72
Ours 6.22 9.40 10.21 17.93 10.60 17.46 20.00 31.79 10.75 14.44 16.84 28.89

Table 3: BLEU-4 results of different methods for few-shot KG-to-text generation under three domains. To mitigate
the randomized effects of samples, we report the average results over five training runs (the same as below).

Datasets AGENDA WEBNLG GENWIKI FINE

#Instances 50 100 200 500 50 100 200 500 50 100 200 500

BART-large 14.33 15.28 16.94 20.70 22.57 26.21 30.68 49.34 26.59 29.60 34.56 47.50
T5-large 14.11 14.17 15.88 21.72 20.80 22.71 24.18 38.36 21.02 21.36 20.07 35.72
Ours 15.10 16.65 18.88 25.72 24.80 28.38 33.12 55.13 28.02 31.36 38.07 50.72

Table 4: ROUGE-L results of different methods for few-shot KG-to-text generation under three domains.

• CycleGT (Guo et al., 2020) jointly learns two
dual tasks (graph-to-text generation and text-to-
graph relation classification) via cycle training.

• BART-Base/Large (Ribeiro et al., 2020b) lin-
earizes the KG into sequence and applies BART-
Base/Large (Lewis et al., 2020) to generate text.

• T5-Base/Large (Ribeiro et al., 2020b) lin-
earizes KG into a triple sequence and employs
T5-Base/Large (Raffel et al., 2020) to generate text.

Among these baselines, GraphWriter and CGE-
LW are GNN-based generation models; CycleGT is
an unsupervised model using cycle training; GPT2-
Base/Large and BART-Base/Large are the most rele-
vant comparisons, which also employ PLMs in KG-
to-text generation. These baselines were trained on
the whole training dataset, i.e., all KG-text pairs.
Following previous few-shot work (Chen et al.,
2020), we train our model on different few-shot
settings with training dataset size ranging from 50,
100, 200 to 500. All the comparison methods are

optimized based on validation performance. In
our model, the entity embeddings of GNN are ini-
tialized with pretrained KG embeddings and the
GNN weights are transferred from CGE-LW. We
also pretrain GNN weights based on the large-scale
KG, i.e., Wikipedia. Based on the pretrained entity
embeddings and weights, we continue to train our
model.

Evaluation Metrics. For performance compari-
son, we adopt five automatic evaluation metrics
widely used by previous graph-to-text work (Guo
et al., 2020), i.e., BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), CIDEr (Vedantam et al.,
2015) and CHRF++ (Popovic, 2015). Specifi-
cally, BLEU-n and ROUGE-n compute the ratios
of overlapping n-grams between generated and
real text, CIDEr computes the TF-IDF weights for
each n-gram in generated/real text, and CHRF++
computes F-score averaged on both character- and
word-level n-grams.
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Models B-4 R-L CIDEr Chrf

Ours 31.79 55.13 3.94 57.38

w/o RA 23.14 41.34 1.90 43.34
w/o GR 27.56 46.69 2.82 48.90
w/o PG 29.30 48.66 3.58 53.44

Table 5: Ablation analysis on WEBNLG dataset.

5.2 Main Results
Table 2, 3, and 4 present the fully-supervised and
few-shot results of our model and other baselines,
respectively.

First, by combining global and local entity con-
text, CGE-LW performs better than GraphWriter.
Furthermore, with two elaborate designed dual
tasks, CycleGT becomes the best non-PLM base-
line, outperforming GraphWriter and CGE-LW.

Second, as the most direct comparison with our
model, BART-Base/Large and T5-Base/Large per-
form better than baselines by leveraging encoded
semantics in PLMs, which reveals the feasibility of
utilizing PLMs for KG-to-text generation.

Finally, we observe that our model achieves the
best performance on both fully-supervised and few-
shot settings. Large-scale PLMs can encode world
knowledge by reading a large amount of text, mak-
ing it easier to recover KG facts. Given only a
handful of examples, the performances of base-
lines drop drastically, while the performance of
our model only descents slightly. Furthermore,
with only 500 labelled instances, our model im-
proves over CGE-LW and CycleGT, and achieves
the best performance in most cases. Compared to
these PLM-based KG-to-text baselines, we adopt
GNN to explicitly encode KG structure and rep-
resentation alignment to bridge the semantic gap
between PLM and GNN. This helps produce effec-
tive semantic representations for few-shot learning.
Furthermore, we incorporate an auxiliary KG re-
construction task to learn semantic correspondence
between input KGs and output text. These results
indicate that our model can achieve more superior
performance on KG-to-text generation task in a
few-shot setting.

5.3 Detailed Analysis
Next, we conduct detailed analysis experiments
on our model. We only report the test results on
WEBNLG dataset with 500 training instances due
to similar findings in other datasets.

Ablation Analysis. In our ablation study, we eval-

RBFS-Train RDFS-Train FFS-Train RS-Train20

25

30

35

BL
EU

RBFS-Test
RDFS-Test

FFS-Test
RS-Test

Figure 3: Linearization analysis on WEBNLG dataset.

Models #Supp.↑ #Cont.↓ Naturalness↑
Gold 4.40 0.36 4.26
Ours 3.77 1.01 3.96
BART-Large 3.20 1.90 3.55
CEG-LW 2.87 2.13 2.56

Table 6: Human evaluation on WEBNLG dataset. Co-
hen’s kappa coefficients for labelling three factors are
as follows: 0.78, 0.71, and 0.75.

uate the effect of each loss LPG, LRA and LGR on
the overall model performance. Here, we consider
three variants:

• w/o PG: the variant removes the copy loss
LPG.

• w/o RA: the variant removes the representation
alignment loss LRA.

• w/o GR: the variant removes the KG recon-
struction loss LGR.

As can be seen from Table 5, by removing any
of the three losses, the BLEU/ROUGE/CIDEr per-
formance drops compared to the complete model,
especially removing LRA and LGR. The proposed
representation alignment bridges the semantic gap
between PLM and GNN, which is helpful for adapt-
ing KG representations to PLM. The KG recon-
struction task learns the correspondence between
KG and text ensuring faithful generation about KG.
We also observe a small performance drop by re-
moving LPG. It is likely because PLM has learned
some common phrase expressions about these KG
facts from large-scale pretraining corpus.

KG Linearization Analysis. In Section 4.2, we
propose a novel relation-biased BFS (RBFS) strat-
egy to linearize the input KG into entity sequence.
To verify the effectiveness of this strategy, we con-
duct linearization analysis by comparing RBFS
with three traversal strategies, including relation-
biased depth-first search (RDFS), forest fire search
(FFS) and random search (RS). Specifically, RDFS
combines both DFS and the relation factor similar
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Real

Knowledge
Graph

asam pedas

malaysia

sumatra and malay peninsula

putrajava

malaysian malay

malaysian chinese

region

country

ethnicgroup

ethnicgroup

capital

athens

greece

athens international airport

greek language

alexis tsipras

nikos voutsis

cityserved

country

leadername

leadername

language

Reference

asam pedas is a food found in the region of
sumatra and malay peninsula in malaysia ,
the capital of which is putrajaya , and whose
ethnic groups include malaysian malay and
malaysian chinese .

athens international airport serves the
city athens in greece , greek language is
spoken in greece and the leaders names in
greece are alexis tsipras and nikos voutsis .

BART

Linearized
KG 1© 3©→ 1© 2©→ 1© 6©→ 2© 5©→ 2© 4© 1© 2©→ 2© 4©→ 2© 5©→ 1© 3©→ 2© 6©

Generated
Text

asam pedas is a dish from malaysia and
sumatra where the capital is putrajava .
malaysian malay and chinese are ethnic
groups in sumatra .

athens in greece is led by alexis tsipras
and is served by athens international
airport greece speaks greek language .

Ours

Linearized
KG 1©→ 3©→ 2©→ 6©→ 5©→ 4© 1©→ 3©→ 2©→ 6©→ 5©→ 4©

Generated
Text

asam pedas comes from the region of sumatra
and malay peninsula in malaysia , where the
capital is putrajava , malaysian malay and
malaysian chinese are ethnic groups .

athens is served by athens international
airport in greece , which speaks greek
textbflanguage . greece is led by alexis
tsipras and nikos voutsis .

Table 7: Sample text generated by BART-Large baseline and our model from the Food and Airport domains of the
WEBNLG benchmark. Since BART linearizes KG as triple sequence and an entity may involve in several triples,
there are repeated entities used by BART (we omit the relations between entities). Bold and underlined words
correspond to entity words and keywords.

to RBFS, where DFS starts at the root node and
explores as far as possible along each branch be-
fore backtracking2; FFS is a randomized version
of RBFS randomly exploring all the nodes at the
same layer (Leskovec and Faloutsos, 2006); and
RS randomly traverses all the nodes in the input
KG. By re-training our model with the above three
strategies, we report the comparison of BLEU re-
sults in Figure 3. It can be observed that, RBFS and
FFS strategies achieve better results compared to
the rest strategies. Nodes at the same layer tend to
express more relevant semantics, thus searching by
layer could produce more reasonable and coherent
entity sequence especially considering the relations
of entities as our RBFS strategy.

Human Evaluation. Following previous work in
data-to-text (Chen et al., 2020), we conduct human
evaluation on the generated text. We randomly sam-
ple 200 KG subgraphs along with corresponding
generated text from CGE-LW, BART-Large and our
model. In order to reduce the variance caused by
human, three workers were asked to score the text
with respect to two aspects: Factual correctness
and Language naturalness. The first criterion eval-
uates how well the generated text correctly conveys

2https://en.wikipedia.org/wiki/Depth-first_search

information in the KG, by counting the number
of facts in text supported by the KG (denoted as
#Supp.) and contradicting with or missing from the
KG (denoted as #Cont.). The second criterion eval-
uates whether the generated text is grammatically
correct and fluent. The scoring mechanism adopts
a 5-point Likert scale (Likert, 1932), ranging from
1-point (“very terrible”) to 5-point (“very satisfy-
ing”). We further average the three scores from
the three human judges over the 200 inputs. The
results in Table 6 show that our model produces
more fidelity and fluent texts than previous models.
In our approach, the KG reconstruction task and
pointer generator enhance the awareness of KG
facts and alleviate producing incorrect facts. Also,
with some learned common phrase expressions in
PLMs, our model can generate natural text while
keeping fidelity.

Qualitative Analysis. In this part, we present
intuitive explanations why our model performs
well. Table 7 presents two descriptions and the
corresponding generated entity sequences and texts
by BART-Large baseline and our model. As we
can see, based on KG linearization, the generated
texts by our model show reasonable and similar
content sketch with real texts (e.g., peninsula (re-
gion)→malaysia (country)→putrajava (capital)).
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Besides, the baseline model incorrectly merges and
generates unfaithful facts (e.g., malaysia and suma-
tra) or misses facts (e.g., nikos voutsis), while our
model describes all the KG facts correctly. This
improvement could be attributed to the KG recon-
struction task, which enables our model to learn
the correspondence between the input KG facts and
output text. Finally, the entity words in our gener-
ated text are enriched and connected by meaningful
keywords (e.g., entity greek language and keyword
speaks). The reason might be that, with the help of
representation alignment, the GNN entity embed-
dings are aligned with the PLM word embeddings.

6 Conclusion

This paper presented a few-shot KG-to-text gen-
eration model based on PLMs. We make three
important technical contributions, namely repre-
sentation alignment for bridging the semantic gap
between KG encodings and PLMs, relation-biased
KG linearization for deriving better input KG repre-
sentations, and multi-task learning for learning the
correspondence between KG and text. Extensive
experiments on three benchmark datasets demon-
strate the effectiveness of our few-shot KG-to-text
generation model. As future work, we will con-
sider adopting KG-enhanced PLMs (Zhang et al.,
2019; Peters et al., 2019) for improving the task
performance, which explicitly inject knowledge
information into PLMs.
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Abstract

Pretrained language models (PLMs) perform
poorly under adversarial attacks. To im-
prove the adversarial robustness, adversarial
data augmentation (ADA) has been widely
adopted to cover more search space of adver-
sarial attacks by adding textual adversarial ex-
amples during training. However, the num-
ber of adversarial examples for text augmen-
tation is still extremely insufficient due to the
exponentially large attack search space. In
this work, we propose a simple and effective
method to cover a much larger proportion of
the attack search space, called Adversarial and
Mixup Data Augmentation (AMDA). Specif-
ically, AMDA linearly interpolates the repre-
sentations of pairs of training samples to form
new virtual samples, which are more abundant
and diverse than the discrete text adversarial
examples in conventional ADA. Moreover, to
fairly evaluate the robustness of different mod-
els, we adopt a challenging evaluation setup,
which generates a new set of adversarial ex-
amples targeting each model. In text classi-
fication experiments of BERT and RoBERTa,
AMDA achieves significant robustness gains
under two strong adversarial attacks and alle-
viates the performance degradation of ADA
on the clean data. Our code is available at:
https://github.com/thunlp/MixADA.

1 Introduction

Pretrained language models (PLMs) have estab-
lished state-of-the-art results on various NLP
tasks (Devlin et al., 2019; Liu et al., 2019; Lan
et al., 2020) and the pretraining-then-finetuning
paradigm has become the status quo. However,
recent works have shown the adversarial vulnera-
bilities of PLMs, where PLMs finetuned on various
downstream datasets are fooled by different types

∗ Equal contribution
† Corresponding author email: liuzy@tsinghua.edu.cn
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Figure 1: Illustration of MixADA. Some of the interpo-
lated samples are shown. We interpolate the representa-
tions of each pair of training samples including original
samples and adversarial samples. Blue and red repre-
sent two different classes. The solid line represents the
resultant decision boundary. AMDA helps achieve a
more robust decision boundary.

of adversarial attacks (Jin et al., 2020; Zang et al.,
2020; Si et al., 2021; Li et al., 2020; Garg and
Ramakrishnan, 2020; Wang et al., 2020a).

To improve adversarial robustness, two types of
defense strategies have been proposed. The first
type targets at specific attacks, such as spelling
correction modules and pretraining tasks to defend
character-level attacks (Pruthi et al., 2019; Jones
et al., 2020; Ma et al., 2020) and certified robust-
ness for word-substitution attacks (Huang et al.,
2019; Jia et al., 2019). However, they are limited
in practice as they are not generally applicable to
other types of attacks. The other type of defense is
Adversarial Data Augmentation (ADA), which aug-
ments the training set by the adversarial examples
and is widely used in the training (finetuning) pro-
cess to enhance model robustness (Alzantot et al.;
Ren et al., 2019; Zhang et al., 2020; Jin et al., 2020;

1569



Li et al., 2020; Tan et al., 2020; Yin et al., 2020;
Zheng et al., 2020; Zou et al., 2020; Wang et al.,
2020b). ADA is generally applicable to any type of
adversarial attacks but is not very effective in im-
proving model performance under attacks. In this
work, we aim to improve ADA and devise a gen-
eral defense strategy to effectively improve model
robustness during finetuning.1

ADA has two major limitations for NLP models.
Firstly, unlike images, it is harder to create new
augmented textual data due to their discrete na-
ture. Moreover, for textual adversarial attacks, the
attack search space is prohibitively large. For exam-
ple, the search space of word-substitution attacks
consists of all combinations of the synonym re-
placement candidates, which is exponentially large.
Consequently the number of adversarial training
examples for augmentation is very insufficient. Sec-
ondly, ADA usually causes significant performance
degradation on the clean data because the distribu-
tion of adversarial examples is very different from
that of the clean data (Ren et al., 2019).

In order to solve these two limitations, we cre-
ate additional training samples via interpolating
existing samples (Figure 1). How to interpolate
discrete textual inputs is non-trivial. We propose
to convert the discrete textual inputs into contin-
uous representations and then perform both ADA
and mixup augmentation (Zhang et al., 2018; Guo
et al., 2019), which is an augmentation technique
proven to be particularly effective on continuous
image data (Lamb et al., 2019; Pang et al., 2020).
We name our method Adversarial and Mixup Data
Augmentation (AMDA). With AMDA, we can cre-
ate a much larger number of augmented training
samples that cannot be obtained via discrete per-
turbations on textual data. Moreover, AMDA’s in-
terpolated virtual training samples are closer to the
distribution of the original data, which alleviates
the performance degradation problem of ADA.

We experiment AMDA on three text classifica-
tion datasets under two strong adversarial attacks
and find that AMDA achieves significant robust-
ness gains in all cases, notably restoring RoBERTa
after-attack accuracy from 6.35% to 51.84% on
IMDB, outperforming all other baselines by large
margins. Moreover, we also examine the evaluation

1In this paper, we refer to such discrete adversarial training
method as adversarial data augmentation to avoid confusion
with the gradient-based adversarial training methods (Miyato
et al., 2017), which has been shown to be ineffective in de-
fending against textual adversarial attacks (Li and Qiu, 2021).

method for adversarial robustness. Specifically, we
find that the widely adopted Static Attack Evalua-
tion where a fixed set of adversarial examples are
used to test all models is not reliable. In order to
test model robustness under targeted attacks (i.e.,
not model-agnostic), we adopt the more challeng-
ing Targeted Attack Evaluation where we generate
a new set of targeted adversarial examples to eval-
uate each model. We encourage future defense
works to also adopt this more reliable and challeng-
ing evaluation setting.

2 Method

In AMDA, we first augment training samples with
ADA and then perform mixup during model train-
ing, where mixup augmentation is applied on the
ADA-augmented training set.

2.1 Adversarial Data Augmentation

Given a victim model fv and the original training
instances Dori = {(xi,yi)}ni=1, we employ an
attacker to construct label-preserving adversarial
training instances Dadv = {(x′i,yi)}ni=1 such that:
instances originally correctly classified are now
classified wrongly (fv(x′i) 6= fv(xi)). We then
train the model on the augmented training data
DADA = Dori ∪Dadv.

2.2 Mixup Data Augmentation

To better defend against the large number of pos-
sible adversarial examples, we propose to perform
additional mixup augmentation during training.
Specifically, we linearly interpolate the represen-
tations and labels of pairs of training samples to
create different virtual training samples, which can
be formulated as:

x̂ = λxi + (1− λ)xj ,
ŷ = λyi + (1− λ)yj ,

(1)

where (xi,yi) and (xj ,yj) are two labeled ex-
amples, and λ ∈ [0, 1] comes from a beta dis-
tribution λ ∼ Beta(α, α), where α is a hyper-
parameter. On textual data, we cannot directly
mix the discrete tokens. Instead, we can either in-
terpolate the word embedding vectors or models’
hidden representations of textual inputs. Mean-
while, we directly interpolate the labels, which are
represented as one-hot vectors.

When applied together with adversarial data aug-
mentation, we allow the mixing of different types
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of data (between original examples, between orig-
inal examples and adversarial examples, and be-
tween adversarial examples) to increase diversity.

2.3 AMDA

In our proposed Adversarial and Mixup Data Aug-
mentation (AMDA), we train the new model f on
the augmented training data DAMDA, which is ob-
tained by performing both adversarial data augmen-
tation and mixup data augmentation. We minimize
the sum of the standard training loss and the mixup
loss:

L =

n∑

i=1

LCE(f(xi),yi) +

m∑

i=1

LKL(f(x̂i), ŷi), (2)

where (xi,yi) is from DADA and (x̂, ŷ) is the vir-
tual example obtained by applying mixup on the
random pair of training data sampled from DADA.
We use cross-entropy to compute loss on (xi,yi)
and use KL-divergence for loss on (x̂i, ŷi).

3 Robustness Evaluation

There are two different ways of robustness eval-
uation under adversarial attacks used in previous
works. In this work, we explicitly differentiate
them as Static Attack Evaluation (SAE) and Tar-
geted Attack Evaluation (TAE):

SAE generates a fixed set of adversarial exam-
ples on the original model as the victim model.
This fixed adversarial test set will then be used to
evaluate all the new models. This evaluation setup
has been adopted in (Ren et al., 2019; Tan et al.,
2020; Yin et al., 2020; Wang et al., 2020b; Zou
et al., 2020; Wang et al., 2021, inter alia.).

TAE re-generates a new set of adversarial exam-
ples to target every model being evaluated. This is
adopted in (Zhang et al., 2020; Huang et al., 2019;
Jia et al., 2019; Li et al., 2020; Zang et al., 2020;
Zheng et al., 2020; Li and Qiu, 2021, inter alia.)

We observe that some authors did not explicitly
specify the mode of evaluation in their papers2,
leading to confusion and even conflicting conclu-
sions. Thus, we explicitly differentiate the two
modes of evaluation and provide a comparison in
our experiments.

2We had to email some of the authors to clarify the evalua-
tion setup being adopted.

4 Experiments

4.1 Experiment Setups
Datasets. We evaluate our methods on three
text classification datasets: two sentiment anal-
ysis datasets: SST-2 (Socher et al., 2013) and
IMDB (Maas et al., 2011), where both datasets are
binary classification tasks; as well as a multi-class
news classification dataset AGNews (Zhang et al.,
2015), which consists of four different classes. For
SST-2, we attack the entire test set (1821 samples)
and report the accuracy under attacks. For IMDB,
we find that it is prohibitively slow to attack the
whole test set (25k samples) and hence we use the
subset of the original test set as released in Gardner
et al. for faster evaluation, which consists of 488
test instances. Similarly, on AGNews, we randomly
sampled 10% of the original test set and hold out as
the test samples for attack evaluation. We also in-
clude these data splits in our released code base for
easy reproduction and fair comparison for future
works.

Victim models and attack methods. We ex-
periment with both BERT-base-uncased (Devlin
et al., 2019) and RoBERTa-base (Liu et al., 2019)
as the victim models. We use PWWS (Ren et al.,
2019) and TextFooler (Jin et al., 2020) as our attack
methods, which have been shown to effectively at-
tack state-of-the-art NLP models including PLMs
such as BERT. Both attack algorithms have access
to model predictions but not gradients, and itera-
tively search for word synonym substitutes that flip
model predictions without drastically changing the
original semantic meanings and golden labels.

Details of mixup. When performing mixup,
we mix hidden representations of upper layers of
BERT. The vectors used for mixup are hidden rep-
resentations of the input examples at layer i of the
Transformer encoder, where i is randomly sampled
from {7, 9, 12}, which was found to be empirically
effective (Chen et al., 2020). Furthermore, we ex-
plore two different ways of obtaining the hidden
representations of input examples from PLMs like
BERT: (1) We use the vector of the [CLS] token at
the ith-layer of BERT as the hidden representation
for mixing. We name this approach SMix. (2) We
perform mixup on every token’s vector representa-
tion at the ith-layer. We name this approach TMix,
which is the approach taken by Chen et al. (2020).

Details of ADA and AMDA. For both ADA and
AMDA, we generate and add the corresponding ad-
versarial examples of PWWS and TextFooler into
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SST-2 IMDB
Original PWWS-d PWWS-s TF-d TF-s Original PWWS-d PWWS-s TF-d TF-s

BERTv 92.04 19.17 19.17 5.66 5.66 97.34 23.36 23.36 3.48 3.48
BERTr1 91.10 18.73 44.98 3.46 45.36 96.72 25.61 69.88 1.64 76.64
BERTr2 90.94 20.26 45.63 2.97 45.80 97.13 30.12 65.78 2.46 76.23

RoBERTav 94.45 25.48 25.48 3.29 3.29 97.75 15.98 15.98 1.84 1.84
RoBERTar1 94.29 31.03 50.47 5.82 41.63 97.54 27.46 65.57 3.48 77.46
RoBERTar2 93.85 32.13 50.69 9.34 40.91 97.34 17.21 73.36 2.87 76.64

Table 1: Comparison between dynamic and static evaluation. PWWS-d, PWWS-s, TF-d, TF-s represent PWWS
dynamic, PWWS static, TextFooler dynamic, TextFooler static, respectively. Numbers in the table represent accu-
racy. BERTv and RoBERTav are the victim model for generating static evaluation examples. BERTr1, BERTr2,
RoBERTar1, and RoBERTar2 are the fine-tuned models with new random seeds.

SST-2 IMDB
PWWS TextFooler PWWS TextFooler

Original Adversarial Original Adversarial Original Adversarial Original Adversarial

BERT 91.27 14.83 (20.88%) 91.27 2.97 (16.21%) 97.75 24.18 (24.10%) 97.75 1.64 (10.18%)
+ADA 90.12 27.18 (24.46%) 90.50 9.01 (18.32%) 96.93 25.82 (34.53%) 96.93 3.07 (11.81%)
+TMix 91.82 21.20 (19.36%) 91.82 3.51 (16.39%) 97.13 43.24 (32.51%) 97.13 0.00 (12.06%)
+SMix 91.82 22.52 (20.47%) 91.82 4.61 (16.76%) 97.13 31.97 (23.74%) 97.13 2.66 (12.39%)
+AMDA-TMix 91.54 38.82 (23.73%) 91.93 13.23 (19.66%) 97.34 51.02 (36.76%) 96.72 4.51 (17.23%)
+AMDA-SMix 91.10 31.52 (24.11%) 92.15 17.35 (18.64%) 96.72 60.86 (27.79%) 96.72 17.42 (13.85%)

RoBERTa 94.62 28.39 (23.06%) 94.62 5.44 (18.51%) 97.54 28.07 (37.48%) 97.54 6.35 (12.61%)
+ADA 94.07 25.26 (27.07%) 92.75 9.67 (19.71%) 97.54 24.80 (49.36%) 96.93 12.50 (14.39%)
+TMix 94.18 30.04 (23.19%) 94.18 11.04 (17.69%) 97.54 44.06 (39.33%) 97.54 21.11 (14.01%)
+SMix 93.96 31.52 (22.86%) 93.96 8.29 (17.80%) 97.34 41.39 (34.90%) 97.34 22.34 (11.96%)
+AMDA-TMix 93.90 36.74 (26.02%) 93.03 13.78 (20.15%) 98.57 50.41 (59.68%) 97.13 51.84 (16.62%)
+AMDA-SMix 93.96 41.85 (27.17%) 93.47 16.80 (21.88%) 97.54 55.12 (45.30%) 97.54 49.18 (15.52%)

Table 2: Accuracy of the various models under PWWS and TextFooler attacks. Best performance for BERT-based
models and RoBERTa-based models under each attack is boldfaced, the second best performance is underlined.
Numbers in brackets indicate the average word modification rate of each attack.

PWWS TextFooler
Orig. Adv. Orig. Adv.

RoBERTa 94.34 47.50 94.34 25.53
+ADA 93.55 66.97 94.08 44.61
+TMix 94.08 45.66 94.08 26.58
+SMix 94.08 45.13 94.08 22.63
+AMDA-TMix 94.47 69.74 93.95 56.32
+AMDA-SMix 94.34 70.00 93.42 51.32

Table 3: Results on AG News multi-class classification
dataset, with RoBERTa model. Best performance un-
der each attack is boldfaced, the second best perfor-
mance is underlined.

training. For comparison, we also experiment with
mixup alone without adding the adversarial exam-
ples. In this case, the model would only interpolate
pairs of original training examples. We perform a
greedy hyper-parameter search for the amount of
augmented adversarial training samples and mixup
parameter α as described in the Appendix. We also
report average word modification rates, which in-
dicate the percentage of words being replaced for

attacking. Higher word modification rates indicate
that the model is harder to attack and hence needs
more words to be replaced.

4.2 Comparison of SAE and TAE

To compare SAE and TAE, we attack the fine-
tuned model (BERTv), RoBERTav as the victim
on SST-2 and IMDB, and then use the generated
adversarial test set as the fixed test set for SAE.
We then change the random seeds and re-finetune
the models on the same data (BERTr1, BERTr2,
RoBERTar1, RoBERTar2) with all other hyper-
parameters being the same. We evaluate all these
models using both SAE and TAE. The results are
shown in Table 1.

We find that by simply changing the random
seeds, models achieve significant improvement un-
der SAE. However, when we re-generate the adver-
sarial test set for each model, their performances
under TAE stay consistently poor. Moreover, we
train BERT and RoBERTa with ADA and find that
although BERTADA and RoBERTaADA perform
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well under SAE, they still perform poorly under
TAE. This shows that conventional ADA is actually
ineffective in improving model robustness under
the challenging TAE setting. We conclude that the
adversarial examples found by the attackers target
specifically at the victim models, hence they can-
not fully reveal weaknesses of new models even
if they only differ in random seeds. We believe
that TAE is the more challenging and meaningful
evaluation method to measure model robustness un-
der targeted attacks. We adopt TAE for the rest of
the experiments in this paper and encourage future
works to do so for fair comparison.

4.3 Mixup Improves Robustness

The comparison of AMDA and baseline methods
under attacks for SST-2 and IMDB is shown in Ta-
ble 2. The results on the AGNews dataset with
RoBERTa model is shown in Table 3. We ob-
serve that: (1) Mixup alone (both TMix and SMix)
can often improve model robustness. For example,
TMix and SMix improve the robust accuracy sig-
nificantly under both attacks when using RoBERTa
on IMDB. (2) AMDA (both AMDA-TMix and
AMDA-SMix) can achieve further robustness im-
provement as compared to ADA and mixup in all
cases. This proves that mixup and ADA can com-
plement each other to better improve model robust-
ness under adversarial attacks. (3) Compared to
ADA, our AMDA method does not incur signifi-
cant performance degradation on the original test
sets while improving robustness. In some cases, for
example, BERT+TMix and BERT+AMDA-TMix
even improve the model performance on the orig-
inal test sets. This benefit is likely because that
mixup creates virtual examples that are closer to
the empirical data distribution. (4) We find that
models trained with AMDA also incur higher word
modification rates under both attacks. For exam-
ple, RoBERTa+AMDA-TMix incurs 59.68% word
modification rate under PWWS attack, while the
RoBERTa baseline only needs 37.48% words to
be replaced. This further demonstrates that our
proposed method improves robustness.

5 Conclusion

In this work, we propose AMDA as a generally
applicable defense strategy by combining both ad-
versarial and mixup data augmentation to cover
more of the attack space. We show that AMDA
greatly improves PLMs’ robustness under the chal-

lenging TAE evaluation setting under two strong
adversarial attacks. We leave a more thorough theo-
retical analysis of AMDA’s effectiveness on textual
data as future work.3 We believe that our work can
establish the appropriate evaluation protocol and
offer a competitive baseline for future works on
improving the robustness of PLMs.
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Appendix

Hyper-parameter Analysis

In this section, we perform further analysis to exam-
ine the effects of different hyper-parameters. There
are two hyper-parameters involved in MixADA: the
amount of adversarial data added for training, and
the α parameter in the beta distribution of mixup
coefficient. We also experiment with an alternative
ADA strategy - iterative ADA.

Amount of Adversarial Training Data

We vary the ratio of the training dataset that we
generate adversarial training samples on and add
to the MixADA fine-tuning. We experiment with
SMixADA with the hyper-parameter of mixup
being fixed. On SST-2, we vary the ratio in
{25%, 50%, 75%, 100%}. On IMDB, since the
average sequence length is significantly longer
and the adversarial example generation process be-
comes much slower, we experiment with a set of
smaller ratios: {5%, 10%, 15%, 20%}. The results
are plotted in in Figure 2. Interestingly, we find that
higher ratio of adversarial training samples does
not necessarily bring in additional robustness gains.

Interpolation Coefficient in Mixup

We also analyse the hyper-parameter of mixup: the
α parameter in the beta distribution, from which
the interpolation coefficient is sampled. We fix
the ratio of adversarial training data and vary α in
the range of {0.2, 0.4, 2.0, 4.0, 8.0}. The results
are plotted in Figure 3. We find that there is no
consistent pattern across different datasets on what
is the optimal α. Hence, for our main experiments
in the paper, we perform a greedy hyper-parameter
search: we first tune the ratio of adversarial training
samples, then fix the ratio and tune the α parameter
for mixup. A more exhaustive hyper-parameter
search might bring additional performance gains
but would also incur extra computation costs.

Iterative ADA

For our MixADA experiments in the paper, we
generate all adversarial training samples at one shot
and mix them with the original examples before
fine-tuning. An alternative is to generate a new
batch of adversarial training samples dynamically
with the current model at each epoch. We compare
this iterative approach with our MixADA and use
the same ratio of adversarial training samples and

Figure 2: Performance under attacks on the SST-2
dataset with varying ratio of adversarial training sam-
ples.

Figure 3: Performance under attacks on the IMDB
dataset with varying α parameter for mixup.

mixup parameter α. We evaluate RoBERTa on the
SST-2 dataset. The results are in Table 4.

PWWS TextFooler

TMixADA 36.74 13.78
+iterative 28.45 6.26

SMixADA 41.85 16.80
+iterative 28.78 7.69

Table 4: Performance of MixADA under attacks in the
one-shot approach and the iterative approach.

We find that the iterative approach is far worse
than our one-shot approach. We hypothesize that
in the one-shot approach, we generate the adversar-
ial examples on a fully-fine-tuned model while the
iterative approach generates adversarial examples
on the not-well-fine-tuned model in the first few
epochs, and hence the adversarial examples gener-
ated in the iterative approach are not as challenging
and useful as those in our one-shot approach.
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Abstract
Autoregressive models have been widely used
in unsupervised text style transfer. Despite
their success, these models still suffer from
the content preservation problem that they usu-
ally ignore part of the source sentence and
generate some irrelevant words with strong
styles. In this paper, we propose a Non-
Autoregressive generator for unsupervised text
Style Transfer (NAST), which alleviates the
problem from two aspects. First, we observe
that most words in the transferred sentence can
be aligned with related words in the source sen-
tence, so we explicitly model word alignments
to suppress irrelevant words. Second, existing
models trained with the cycle loss align sen-
tences in two stylistic text spaces, which lacks
fine-grained control at the word level. The pro-
posed non-autoregressive generator focuses on
the connections between aligned words, which
learns the word-level transfer between styles.
For experiments, we integrate the proposed
generator into two base models and evaluate
them on two style transfer tasks. The re-
sults show that NAST can significantly im-
prove the overall performance and provide ex-
plainable word alignments. Moreover, the non-
autoregressive generator achieves over 10x
speedups at inference. Our codes are available
at https://github.com/thu-coai/NAST.

1 Introduction

Text style transfer aims at changing the text
style while preserving the style-irrelevant contents,
which has a wide range of applications, e.g., senti-
ment transfer (Shen et al., 2017), text formalization
(Rao and Tetreault, 2018), and author imitation
(Jhamtani et al., 2017). Due to the lack of parallel
training data, most works focus on unsupervised
text style transfer using non-parallel stylistic data.

The cycle consistency loss (Zhu et al., 2017),
a.k.a. the back-translation loss (Lample et al., 2018,

*Corresponding author: Minlie Huang.

Not great, but good atmosphere and great service 

Not terrible, but not very goodSource:

Transferred:

Autoregressive Generation

(a) Existing Style Transfer Model

Not perfect , but indeedvery good

Not terrible , but not very goodSource:

Target:

(b) Observation of Word Alignment

Not perfect , but very good indeed

Not terrible , but not very good

veryNot terrible , but good [Mask]

Source:

Transferred:

Step 1. Alignment Prediction

Aligned:

(c) NAST (Ours)

Two Step Decomposition

Step 2. Non-autoregressive Generation

61 2 3 4 7 0

51 2 3 4 6 7

Figure 1: Sentiment transfer examples (negative to pos-
itive). (a) Existing models without word alignments
may generate words irrelevant to the source sen-
tence. (b) An example of word alignments between the
source and target sentences. Arrows connect aligned
words (identical or relevant), and blue words are not
aligned. (c) NAST’s generation process. Step 1: gener-
ate the index of aligned words. [Mask] is a placeholder
for unaligned words. Step 2: generate the transferred
sentence non-autoregressively.

2019), has been widely adopted by unsupervised
text style transfer models (Dai et al., 2019; He et al.,
2020; Yi et al., 2020). Specifically, the cycle loss
minimizes the reconstruction error for the sentence
transferred from styleX to style Y and then back to
X , which aligns the sentences in two stylistic text
spaces to achieve the transfer and preserve style-
irrelevant contents. The cycle-loss-based models
are trained in an end-to-end fashion, and thus can
be easily applied to different datasets.

Although cycle-loss-based models yield promis-
ing results, one of their major failure cases is to
replace some part of the source sentence with irrel-
evant words that have strong styles, as shown in Fig
1(a). This problem degrades content preservation
and can be alleviated from two perspectives. First,
we observe that most words in the human-written
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transferred sentence can be aligned with those in
the source sentence. As shown in Fig 1(b), we can
align “Not” with “Not”, “terrible” with “perfect”,
and leave only a few words unaligned. It shows
that humans regard the alignments between words
as a key aspect of content preservation, but they are
not explicitly modeled by cycle-loss-based models
yet. Second, existing models use the cycle loss to
align sentences in two stylistic text spaces, which
lacks control at the word level. For example, in
sentiment transfer, “tasty” should be mapped to
“awful” (because they both depict food tastes) but
not “expensive”. We utilize a non-autoregressive
generator to model the word-level transfer, where
the transferred words are predicted based on con-
textual representations of the aligned source words.

In this paper, we propose a Non-Autoregressive
generator for unsupervised Style Transfer (NAST),
which explicitly models word alignment for better
content preservation. Specifically, our generation
process is decomposed into two steps: first pre-
dicting word alignments conditioned on the source
sentence, and then generating the transferred sen-
tence with a non-autoregressive (NAR) decoder.
Modeling word alignments directly suppresses the
generation of irrelevant words, and the NAR de-
coder exploits the word-level transfer. NAST can
be used to replace the autoregressive generators
of existing cycle-loss-based models. In the exper-
iments, we integrate NAST into two base mod-
els: StyTrans (Dai et al., 2019) and LatentSeq (He
et al., 2020). Results on two benchmark datasets
show that NAST steadily improves the overall per-
formance. Compared with autoregressive models,
NAST greatly accelerates training and inference
and provides better optimization of the cycle loss.
Moreover, we observe that NAST learns explain-
able word alignments. Our contributions are:

• We propose NAST, a Non-Autoregressive gen-
erator for unsupervised text Style Transfer. By
explicitly modeling word alignments, NAST sup-
presses irrelevant words and improves content
preservation for the cycle-loss-based models. To
the best of our knowledge, we are the first to
introduce a non-autoregressive generator to an
unsupervised generation task.

• Experiments show that incorporating NAST in
cycle-loss-based models significantly improves
the overall performance and the speed of training
and inference. In further analysis, we find that
NAST provides better optimization of the cycle

loss and learns explainable word alignments.

2 Related Work

Unsupervised Text Style Transfer
We categorize style transfer models into three

types. The first type (Shen et al., 2017; Zhao et al.,
2018; Yang et al., 2018; John et al., 2019) disen-
tangles the style and content representations, and
then combines the content representations with the
target style to generate the transferred sentence.
However, the disentangled representations are lim-
ited in capacity and thus hardly scalable for long
sentences (Dai et al., 2019). The second type is
the editing-based method (Li et al., 2018; Wu et al.,
2019a,b), which edits the source sentence with sev-
eral discrete operations. The operations are usually
trained separately and then constitute a pipeline.
These methods are highly explainable, but they
usually need to locate and replace the stylist words,
which hardly applies to complex tasks that require
changes in sentence structures. Although our two-
step generation seems similar to a pipeline, NAST
is trained in an end-to-end fashion with the cycle
loss. All transferred words in NAST are gener-
ated, not copied, which is essentially different from
these methods. The third type is based on the cy-
cle loss. Zhang et al. (2018); Lample et al. (2019)
introduce the back translation method into style
transfer, where the model is directly trained with
the cycle loss after a proper initialization. The fol-
lowing works (Dai et al., 2019; Luo et al., 2019;
He et al., 2020; Yi et al., 2020) further adopt a style
loss to improve the style control.

A recent study (Zhou et al., 2020) explores the
word-level information for style transfer, which is
related to our motivation. However, they focus on
word-level style relevance in designing novel objec-
tives, while we focus on modeling word alignments
and the non-autoregressive architecture.

Non-Autoregressive Generation
Non-AutoRegressive (NAR) generation is first

introduced in machine translation for parallel de-
coding with low latency (Gu et al., 2018). The
NAR generator assumes that each token is gener-
ated independently of each other conditioned on
the input sentence, which sacrifices the generation
quality in exchange for the inference speed.

Most works on NAR generation focus on im-
proving the generation quality while preserving the
speed acceleration in machine translation. Gu et al.
(2018) find the decoder input is critical to the gener-

1578



① Simple Alignment

Source Sentence: so far I am not impressed

Alignment:

Aligned Sentence: so far I am not impressed

Transferred Sentence: so far I am very impressed

Source Sentence: worst food and will never come back

Alignment:

Aligned Sentence: worst [Mask] food and will come back

Transferred Sentence: most delicious food and will come back

② Learnable Alignment

���
���

… ���

Transformer Decoder

��…����

Transformer Encoder

Non-Differentiable
Approximated Gradients

Differentiable

Source Sentence Aligned Sentence

Transferred Sentence

(a) (b)

� = [��, ��, ⋯ , ��]
Predicted Alignment 1, 2, 3, 4, 5, 6� = [ ]

1, 2, 3, 4, 6, 7� = [ ]0,

�� �� … ��

� � … � � � … � 

Figure 2: (a) Architecture of NAST transferring X to Y . SY is the target style. The NAR decoder generates each
word yi independently. (b) Examples of two alignment prediction strategies. Simple Alignment: each yi is aligned
with xi. Learnable Alignment: a network predicts the alignment, where tk = 0 indicates a [Mask] placeholder.

ation quality. Several works (Bao et al., 2019; Ran
et al., 2019) improve the decoder input by aligning
source words with target words, which utilize a
two-step generation process and inspire the design
of NAST. To our knowledge, only a few works of
NAR generation explore applications other than
machine translation (Han et al., 2020; Peng et al.,
2020). We are the first to apply NAR generators to
an unsupervised text generation task, which surpris-
ingly outperforms autoregressive models in transfer
quality besides the acceleration.

3 Methods

In this paper, we formulate the unsupervised text
style transfer as follows: for two non-parallel cor-
pora with stylesX andY respectively, the task aims
at training a style transfer model G. The model
learns the transfer of two directions, X → Y and
Y → X , which can be denoted as PGY (Y |X) and
PGX (X|Y ), respectively.

3.1 NAST

NAST is a non-autoregressive generator based on
the observation of the word alignment: in style
transfer tasks, most generated words can be aligned
with the source words, where each pair of the
aligned words is either identical or highly rele-
vant. For simplicity, we only describe GY , where
GX shares the architecture and parameters ex-
cept style embeddings. Given the source sentence
X = [x1, x2, · · · , xN ], the generation process of
NAST is decomposed into two steps: predicting the
alignment T = [t1, t2, · · · , tM ], and then generat-
ing the transferred sentence Y = [y1, y2, · · · , yM ].
When 1 ≤ ti ≤ N , the generated word yi is aligned
with the source word xti . Otherwise, yi is not
aligned with any source word, where we set ti to
0 and fill xti with a [Mask] placeholder. Formally,

we regard T as a latent variable, and the generation
probability is formulated as

PGY (Y |X) =
∑

T

PGY (Y |X,T )PGY (T |X), (1)

where PGY (T |X) and PGY (Y |X,T ) are modeled
by an alignment predictor and a non-autoregressive
decoder, respectively, as shown in Fig 2.

3.1.1 Alignment Predictor
The alignment predictor predicts the target length
M and the alignment T conditioned on the source
sentence X . We utilize a Transformer (Vaswani
et al., 2017) to encode the source sentence and then
explore two alternative strategies to predict T .
Simple Alignment. Simple Alignment assumes
that the source and target sentences have the same
length, and each generated word yi is exactly
aligned with the source word xi. Formally,

PGY (T |X) = I[M = N ]

M∏

i=1

I[ti = i],

where I[·] is the indicator function. A similar strat-
egy has been adopted by editing-based methods
(Wu et al., 2019b; Helbig et al., 2020), where they
simply replace several words in the source sentence.
Although this strategy cannot alter the sentence
length, it empirically works well on simple tasks,
such as sentiment transfer.
Learnable Alignment. Inspired by Ran et al.
(2019); Bao et al. (2019), we utilize a pointer net-
work (Vinyals et al., 2015) on top of the encoder,
which predicts the alignment T :

PGY (T |X) =

M∏

i=1

PGY (ti|X, t<i).

The pointer network is essentially an autoregressive
generator, but it only generates the alignment ti
pointing to a source word.
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3.1.2 Non-autoregressive Decoder
The non-autoregressive decoder (Gu et al., 2018)
is a Transformer that generates each word indepen-
dently. Formally, we have

PGY (Y |X,T ) =

M∏

i=1

PGY (yi|X,T ). (2)

The Transformer decoder takes the aligned sen-
tence [xt1 , xt2 , · · · , xtM ] and the target style em-
bedding SY as inputs. It also contains attention
connections from the Transformer encoder.

3.1.3 Training
NAST is a generator that can be integrated into
existing cycle-loss-based models. These models
mainly utilize three losses, and the overall ob-
jective L is defined as αLself + βLsty + γLcyc,
where α, β, γ are hyper-parameters. The self-
reconstruction loss Lself aims at recovering sen-
tences of both styles from their corrupted versions:

Lself = −EX∼PX

[
logPGX (X|X̃)

]
−

EY∼PY

[
logPGY (Y |Ỹ )

]
, (3)

where X̃ and Ỹ are constructed by word dropout,
insertion, and masking (Lample et al., 2019), and
PX and PY are the data distributions of two styles.
The style loss Lsty is used to guide the style of
generated sentences, which has various designs by
existing works, e.g., adopting a style discriminator
(Dai et al., 2019) or a language model (He et al.,
2020). In our implementation, the style loss is
determined by the base model. We simply present
a general formulation:

Lsty = −EX∼PX [F (GY(X),Y)]−
EY∼PY [F (GX (Y ),X )] , (4)

where F (X,X ) indicates a score that shows to
which extent the sentence X has the style X , and
GY(X) is the generated sentence sampled from
PGY (Y |X) in two steps: TY(X) ∼ PGY (T |X),
GY(X) ∼ PGY (Y |X,TY(X)). At last, the cycle
loss Lcyc is formulated as

Lcyc = −EX∼PX [logPGX (X|GY(X))]−
EY∼PY

[
logPGY (Y |GX (Y ))

]
. (5)

However, there still exist two obstacles in opti-
mization. Firstly, because of the non-differentiable
problem, we cannot back-propagate the gradients
through the discrete text GY(X) in Eq.(4)(5). As
a common workaround, we adopt the Gumbel-
Softmax trick (Jang et al., 2017) to approximate the

gradients. Therefore, the gradients from GY(X)
can be back-propagated through the decoder output
(Fig 2(a)). However, the alignment TY(X) is re-
mained discrete and non-differentiable, where we
simply stop the gradients1.

Secondly, the losses in Eq.(3)(5) are intractable
for NAST because the generation probability, e.g.
PGY (Y |X), is summed over all alignments as de-
fined in Eq.(1). We provide solutions for the two
alignment strategies separately.
For Simple Alignment. There is only one valid
alignment between X and Y , so the generation
probability is tractable as

logPGY (Y |X) = logPGY (Y |X,T ∗),
where T ∗ = arg max

T
PGY (T |X) = [1, 2, . . . , N ].

For Learnable Alignment. Inspired by Bao et al.
(2019), we introduce a heuristic rule to obtain a
pseudo alignment T ∗:

T ∗ = arg max
T

M∑

i=1

cos(e(yi), e(xti))

s.t. ti = 0 or ti > tj for ∀ 1 ≤ j < i ≤M,

where e(·) indicates the word embeddings. We can
obtain the pseudo alignment by dynamic program-
ming, and the details are presented in Appendix
A. In the pseudo alignment, most words in Y are
aligned with identical or highly relevant words in
X , which can be used as a good label to supervise
our model. Next, we derive a tractable lower bound
for the generation probability:

logPGY (Y |X) ≥ logPGY (Y |X,T ∗) + logPGY (T ∗|X).
(6)

On the right side, the first term trains the NAR
decoder, and the second term trains the alignment
predictor. By substituting Eq.(6) into Eq.(3)(5), we
turn to optimize the upper bounds instead of the
original intractable losses. The detailed training
algorithm is shown in Appendix A.

3.2 Discussions
Residual Connections and Multi-head Atten-
tion. The aligned words in NAST are directly con-
nected with the residual connections, and these con-
nections form several chains in the cycle loss opti-
mization, as shown in Fig 3. Most of these chains
represent the word-level transfers and reconstruc-
tions, e.g., “terrible” is transferred to “perfect” and

1As a result, the alignment predictor (for Learnable Align-
ment) is not optimized following the gradients from GY(X),
but with a pseudo label introduced later.
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Not perfect , but very good indeed

Not terrible , but not very good

veryNot terrible , but good [Mask]

Not perfect , but [Mask] very good

Not terrible , but not very good

�:

�:

�:

Cycle
Loss

Step1

Step2

Step1

Step2

Figure 3: Connections of NAST in the cycle loss with
the encoder omitted. The word alignments (step 1) and
the residual connections (step 2) are in black.

then reconstructs “terrible”. The reconstruction er-
ror is a part of the cycle loss, which is optimized to
enhance the alignment in the word space. Besides
the residual connections, the multi-head attention
mechanism is also important for our model. The
attention stops NAST from becoming a degenerate
word-to-word dictionary and makes it possible to
predict the unaligned words from the context.
Exposure Bias in Autoregressive (AR) Models.
Exposure bias (Bengio et al., 2015) is a notori-
ous problem in the AR generation. To obtain
PGX (X|GY(X)) in the cycle loss, AR generators
predict each word of X based on the ground-truth
prefix, which is an easy task even without infor-
mation from GY(X). As a result, in inference, the
model may fail in preserving the sentence mean-
ing as it is trained to focus on its generated prefix.
In contrast, NAST focuses on the source sentence
since the ground-truth prefix is not given, which
suppresses the problem of generating irrelevant
words and improves content preservation. More-
over, the training and test are consistent in NAST2,
which alleviates the exposure bias problem.

4 Experiments

4.1 Experiment Settings
We conduct experiments on two style transfer tasks.

Sentiment Transfer. We use the YELP dataset (Li
et al., 2018), which consists of two non-parallel
corpora with positive and negative sentiments. For
each sentence in the test set, multiple human refer-
ences are provided by Luo et al. (2019).
Text Formalization. We use the family and rela-
tionship domain of the GYAFC dataset (Rao and
Tetreault, 2018), which consists of paired corpora
for formal and informal sentences. We do not use
the paired data to supervise training.

2The claim only applies to NAST with Simple Alignment,
because the pseudo alignment used in Learnable Alignment
breaks the consistency.

We utilize several SOTA models as baselines,
which include CrossAlign (Shen et al., 2017), Del-
Retrie (Li et al., 2018), Disent (John et al., 2019),
StyIns (Yi et al., 2020), StyTrans (Dai et al., 2019),
and LatentSeq (He et al., 2020). Our models are
modified based on StyTrans and LatentSeq, where
we replace their generators with NAST. For Sty-
Trans, NAST adopts a Transformer of the same ar-
chitecture as the original implementation. However,
LatentSeq utilizes an LSTM generator. For a fair
comparison, we first incorporate LatentSeq with
a vanilla Transformer generator and then replace
the generator with NAST of the same architecture.
In inference, we use the greedy decoding strategy,
i.e., we choose the top-1 candidate at each step
in alignment prediction and sentence generation.
More details are presented in Appendix B.

4.2 Automatic Evaluation

Following Luo et al. (2019); Dai et al. (2019), we
utilize a pretrained classifier to evaluate the style
accuracy (Acc), and adopt the BLEU-4 score com-
paring generated sentences with the source sen-
tences (SelfB) or with the references (RefB) to
evaluate content preservation. The classifier based
on RoBERTa-base (Liu et al., 2019) achieves an ac-
curacy of 97.6% and 90.1% on YELP and GYAFC,
respectively. For each transfer direction, we calcu-
late the geometric and harmonic mean of Acc and
RefB and then report the average on two directions
as G2 and H2, respectively. We further report the
perplexity (PPL) of transferred sentences, which
is evaluated by GPT2-base (Radford et al., 2019)
fine-tuned on the training set.

The results are shown in Table 1. Compared
with StyTrans and LatentSeq, NAST exhibits stable
performance gains of G2 and H2 on both datasets.
On the Yelp dataset, NAST remarkably improves
content preservation (at least 6 points with RefB)
but suffers a slight decline in Acc. We find that
NAST can suppress irrelevant words with strong
styles, which possibly leads to the decline in Acc.
On the GYAFC dataset, NAST outperforms the
base models mainly in Acc instead of RefB, which
is affected by model selection strategies with the
Acc-RefB trade-off. In Table 1, we choose the
best model based on G2. A more comprehensive
comparisons with trade-off curves will be discussed
in the next section.

In terms of the alignment strategies, Learn-
able Alignment outperforms Simple Alignment on
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Yelp GYAFC
Model PPL Acc SelfB RefB G2 H2 PPL Acc SelfB RefB G2 H2
CrossAlign (Shen et al., 2017) 105 74.0 20.3 17.9 31.8 28.8 47 63.8 2.3 3.2 14.1 6.1
DelRetrie (Li et al., 2018) 94 88.7 36.8 31.1 52.5 46.0 101 58.2 32.3 20.8 34.2 29.8
Disent (John et al., 2019) 27 92.2 8.3 13.8 35.6 24.0 27 68.4 4.8 8.0 23.4 14.4
DualRL (Luo et al., 2019) 73 88.6 59.0 55.2 68.6 67.0 91 58.9 50.1 40.3 43.9 39.2
StyIns (Yi et al., 2020) 98 91.5 53.2 49.0 66.9 63.7 72 65.6 62.6 45.5 52.6 50.0
StyTrans (Dai et al., 2019) 136 90.4 53.3 48.6 66.2 63.1 124 67.1 59.7 41.9 50.4 46.8
+ NAST (Simple) 117 88.9 63.3** 55.9** 70.4** 68.5** 130 67.6 63.7* 41.6 50.8 47.4
+ NAST (Learnable) 112* 87.4 62.0** 54.6** 69.0** 67.1** 119 72.9* 61.6 42.8 53.6** 49.9**
LatentSeq (He et al., 2020) 55 84.5 49.4 47.3 62.6 60.5 47 55.3 57.8 38.5 44.1 42.5
LatentSeq w/ Transformer 42 84.6 48.8 47.1 63.0 60.4 38 58.1 54.3 35.3 45.1 43.5
+ NAST (Simple) 73 81.2 65.2** 57.6** 68.1** 66.9** 56 60.4* 57.0 38.2 47.4* 45.6*
+ NAST (Learnable) 70 79.6 65.5** 58.0** 67.7** 66.7** 53 64.1** 57.0 39.2 49.0** 46.6*

Table 1: Automatic evaluation results. Simple and Learnable indicate two alignment strategies. All values are
averaged on two transfer directions. Bold denotes the best results for each base model, and underline denotes the
best results in all models. * and ** indicate significant improvements over StyTrans or LatentSeq (p < 0.05 and
p < 0.01 in t-test).

Figure 4: Trade-off curves between style control (Acc)
and content preservation (RefB). (a)(c) use StyTrans as
the base model, (b)(d) use LatentSeq as the base model.
Each curve contains points from three runs with differ-
ent style loss coefficients β, whose values for NAST
are presented under sub-figures.

GYAFC, but there is no significant difference on
Yelp. We suppose that the sentiment transfer task
is more straightforward than the text formaliza-
tion, where the model can achieve a good transfer
performance on Yelp without changing sentence
structures.

Compared with all baselines, our best models
set new SOTA results on two datasets in the overall
performance of the transfer accuracy and content
preservation (i.e., G2 and H2).

Trade-Off Curves. To investigate the trade-off
between style control (shown by Acc) and con-
tent preservation (shown by RefB), we follow Fu
et al. (2018) and evaluate the models with differ-
ent hyper-parameters. To be specific, we select
three different style loss coefficients β around the
best value. Please see Appendix B.2 for the search
range and other details. Since the trade-off varies
through the training, we evaluate the models and
collect data points at every epoch. It is different

#Param Train (ms) Inference (ms)
StyTrans 31.1M 857 (1.0x) 249 (1.0x)
+ NAST (Simple) 31.1M 201 (4.3x) 8 (31.1x)
+ NAST (Learnable) 32.4M 339 (2.5x) 71 (3.5x)
LatentSeq w/ Trans. 21.2M 1282 (1.0x) 266 (1.0x)
+ NAST (Simple) 21.2M 714 (1.8x) 23 (11.6x)
+ NAST (Learnable) 22.4M 761 (1.7x) 125 (2.1x)

Table 2: Parameter size and the training and inference
latency on GYAFC. The speedup of training LatentSeq
is less significant, because the bottleneck is a language
model used in the style loss, costing about 487ms.

from Fu et al. (2018), who only plot the metrics of
the best model in each run. The curves are shown
in Fig 4, where we only keep the outermost points
of each model and remove the points dominated by
at least one other point in both Acc and RefB.

The curves of NAST are generally above those
of the base models, indicating that NAST achieves
better content preservation when the style accuracy
is kept at a similar level. In Fig 4 (c)(d), we find
that the base model’s RefB drops rapidly after Acc
exceeds a certain value, which indicates that the
cycle loss fails to preserve the sentence-level align-
ment, thereby leading to model collapse. By con-
trast, NAST largely alleviates the issue of model
collapse. Moreover, we find that Learnable Align-
ment outperforms Simple Alignment on GYAFC,
but performs equally or slightly worse on Yelp, due
to the task differences discussed above.
Training & Inference Speed. Thanks to the par-
allel decoding of the NAR generator, NAST accel-
erates the model training and inference as shown
in Table 2. For a fair comparison, NAST and the
corresponding base model utilize the same Trans-
former architecture. The computation devices are
detailed in Appendix B.3.

4.3 Human Evaluation

We follow Li et al. (2018) and conduct human eval-
uation experiments on the Yelp dataset. In addition
to NAST and the base models, we choose three
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Model Fluency Style Content
DelRetrie 3.87 3.90 3.05
DualRL 4.38 4.25 4.24
StyIns 4.25 4.00 4.11
StyTrans 4.24 3.91 4.16
+ NAST(Simple) 4.34 3.87 4.41**
+ NAST(Learnable) 4.39* 3.87 4.38**
LatentSeq 4.53 3.92 3.59
+ NAST(Simple) 4.41 3.93 4.43**
+ NAST(Learnable) 4.57 3.82 4.48**

Table 3: Human evaluation results. Bold denotes the
best results for each base model and underline denotes
the best results among all models. * and ** indicate sig-
nificant improvements over the base model (p < 0.05
and p < 0.01 in t-test). The Krippen-dorff’s alpha
of human rating is 0.72, indicating acceptable inter-
annotator agreement.

Yelp GYAFC
Model Acc RefB G2 Acc RefB G2
LatentSeq(Trans.) 84.6 47.1 63.0 58.1 35.3 45.1
NAST(Simple) 81.3 57.4 68.1 58.3 39.3 47.5
w/o Aligned Sent. 73.2 44.1 56.8 54.1 34.4 42.8
w/o Multi-head Attn. 57.0 62.8 59.6 22.0 41.1 29.7
w/ Soft-Embedding 44.3 44.6 43.6 63.4 26.0 40.3
w/ Stop-Gradient 80.5 50.1 63.5 64.2 26.3 40.6

Table 4: Ablation study of NAR decoder and gradient
approximation methods. The base model is LatentSeq.

baselines with the highest G2. For each model, we
sample 100 sentences (50 in each transfer direc-
tion), and 900 sentences are evaluated in total. For
each sentence, three annotators are asked to rate
from 1 (worst) to 5 (best) for fluency, style control,
and content preservation.

The human evaluation results are shown in Ta-
ble 3. Similar to the automatic evaluation results,
NAST improves content preservation significantly.
Moreover, we find that Learnable Alignment out-
performs Simple Alignment in terms of fluency. It
can be partially attributed to the fact that Learnable
Alignment, which is able to remove or add words,
is more flexible in generation.

4.4 Ablation Study

NAR decoder. Although NAST with Simple
Alignment has a simple, straightforward design, it
works surprisingly well compared with an AR gen-
erator. We conduct an ablation study to investigate
the impact of different components in the NAR
decoder. First, we remove the aligned sentence
from the decoder input. Specifically, the decoder
input is the positional encodings without the word
embeddings. Second, we remove the multi-head
attention in the decoder, and thus each output word
is solely conditioned on its aligned word.

The results are shown in Table 4. After we re-

Pseudo Alignment in Self-Reconstruction Loss
S: that [Mask] talk , if are not happy like but you .
P: that [Mask] , if [Mask] are not happy but you [Mask] .
T: that is , if others are not happy but you are .

Pseudo Alignment in Cycle Loss
S: i leave your email on exercise , and see what happens .
P: i leave your email [Mask] on [Mask] , and see what happens .
T: just leave your email loged on accidentally ... and see what happens !

Table 5: Pseudo alignments on GYAFC. S = source, P =
pseudo alignment, T = target. Unaligned source words,
unaligned target words, and non-identical aligned
words are marked in different colors.

move the aligned sentence, the performance drops
but still remains comparable. It shows that the
multi-head attention over the source sentence learns
reasonable transfer, while the performance can be
largely improved by providing the decoder with
the aligned sentence as input. After we remove
the multi-head attention, the overall performance
drops remarkably, especially on GYAFC. It shows
that NAST utilizes multi-head attention to gather
sentence-level information, and it is essentially not
a word-to-word dictionary. Moreover, the contribu-
tion of the multi-head attention is larger on GYAFC
than on Yelp. It further justifies that text formaliza-
tion is less straightforward than sentiment transfer
since it requires more sentence-level modifications.
Gradient Approximation Methods. The choice
of gradient approximation methods is important
for tackling the non-differentiable problem. Be-
sides the Gumbel-Softmax trick used in our full
model, we try two alternative methods. 1) The
Soft-Embedding approximation (Dai et al., 2019)
multiplies the softmax distribution by the word em-
bedding matrix to get “soft” word embeddings. 2)
The Stop-Gradient strategy (He et al., 2020) stops
the gradient at the decoder output in the cycle loss.
However, the style loss requires the output to be dif-
ferentiable, so we still apply the Gumbel-Softmax
trick for the style loss. Results in Table 4 show that
the Gumbel-softmax trick outperforms the other
methods, so we utilize the Gumbel-Softmax trick
for NAST in other experiments.
Learnable Alignment. According to Eq.(3)(5)(6),
the alignment predictor in Learnable Alignment is
supervised by pseudo alignments when optimizing
the upper bounds of the self-reconstruction loss and
the cycle loss. For the former, the alignment predic-
tor learns to align the corrupted X̃ with X . For the
latter, the alignment predictor learns to align the
transferred sentence GY(X) with the original X .
We show two cases in Table 5, where the pseudo
alignments are of acceptable quality.

To investigate the effects of the pseudo align-
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Model Acc RefB G2 |∆| std(∆)
NAST(Simple) 66.5 41.6 50.4 0.00 0.00
NAST(Learnable) 73.0 43.5 54.2 0.80 1.26

w/o Pseudo(Recon) 66.1 41.5 50.3 0.02 0.28
w/o Pseudo(Cyc) 68.5 42.5 52.7 0.96 0.47

Table 6: Ablation study of NAST with Learnable Align-
ment on GYAFC. ∆ is the length difference before and
after the transfer. |∆| and std(∆) indicate the average
absolute value and the standard deviation, respectively.
All models use StyTrans as the base model.

Yelp (Positive to Negative)
Source love this place and will keep coming back .
LatentSeq do n’t waste your time and wo n’t be back .
StyTrans avoid this place and will keep coming back .
NAST(Simp.) skip this place and will never coming back .
NAST(Lear.) hate this place and will not be coming back .

Yelp (Negative to Positive)
Source: i did n’t even eat it .
LatentSeq: i always love their food and service .
StyTrans: i love the food eat it .
NAST(Simp.): i love it and eat it .
NAST(Lear.): i definitely love [DEL] to eat it .

GYAFC (Formal to Informal)
Source the world would be happier if men knew what women want .
LatentSeq the guy would be mad if they want what women want .
StyTrans the world would be what if thing what girls want girl ur girl want .
NAST(Simp.) and world ’ll be happier if men knew what women want .
NAST(Lear.) just world would be happier ... if guys knew what women want [Del]

GYAFC (Informal to Formal)
Source: i do n’t know ! ... i just want the points ... lol
LatentSeq: i do not know . i just want the points . however , i am not a good one .
StyTrans: i do not know !
NAST(Simp.): i do not know ! . i just want the points . .
NAST(Lear.): i do not know ! [Del] i just want the points . [Del]

Table 7: Transfer cases. Red words indicate irrelevant
phrases or failed transfer in style. Non-trivial align-
ments and non-identical aligned words are marked in
colors. [Del] indicates the source word is unaligned.

ments supervision, we remove logPGY (T ∗|X) in
Eq.(6) for the two losses separately. Results are
shown in Table 6. Without the pseudo align-
ments supervision in the self-reconstruction loss,
the model almost degenerates into Simple Align-
ment, because keeping the length unchanged is the
easiest way to minimize the cycle loss. Without
the pseudo supervision in the cycle loss, Learnable
Alignment is slightly weaker than the full model
but still outperforms Simple Alignment.

4.5 Case Study of Word Alignment

We present several transfer cases in Table 7. We ob-
serve that a major failure mode of the base models
is generating irrelevant words. We also observe that
NAST achieves better content preservation, and
most words in NAST’s prediction can be aligned
with the source words. Focused on the alignment
strategies, we observe that the outputs of NAST
with Simple Alignment sometimes contain gram-
mar errors (e.g., “will never coming back”), which
can be attributed to its limitation of not changing
the sentence length. In contrast, we observe that
Learnable Alignment can add and remove words at
appropriate positions.

NAST(Simple) on Yelp (Negative to Positive)
Src Word Transferred Words
helpful weird (100%)
fresh tasteless (61.5%) overcooked (38.5%)
definitely not (92.9%) never (7.1%)
nice rude (52.9%) no (47.1%)
best worst (96.8%) money (3.2%)
delicious bland (82.6%) ok (13.0%) frozen (4.4%)
love hate (63.6%) ordered (18.2%) skip (13.6%) avoid (4.6%)

NAST(Learnable) on GYAFC (Informal to Formal)
Src Word Transferred Words
’m am (100%)
n’t not (98.5%) n’t (1.5%)
guy man (98.4%) guy (1.6%)
u you (89.2%) [Del] (10.8%)
lol . (41.7%) [Del] (41.7%) although (16.7%)
... [Del] (31.3%) , (27.4%) . (26.3%) and other 7 words
mean believe (50.0%) mean (20.8%) am (20.8%) and other 2 words
[Mask] . (55.2%) a (12.0%) ? (4.8%) and other 28 words

Table 8: Cases of aligned word pairs generated by
NAST. [Del] and [Mask] indicate an unaligned source
word or an unaligned transferred word, respectively.
Reasonable transfers are in blue.

To understand the learned word alignments and
the word-level transfer, we count the aligned word
pairs based on the prediction of Learnable Align-
ment. Several cases are presented in Table 8. We
observe the aligned word pairs are highly explain-
able. For example, NAST maps “delicious” to
“bland” in sentiment transfer and maps “guy” to
“man” in text formalization. These cases show
that the model can learn fine-grained word-level
transfer, where “delicious” and “bland” both depict
food taste with different styles. Moreover, NAST
with Learnable Alignment learns to add or remove
words at reasonable positions, such as adding miss-
ing punctuation marks (“.”, “?”) and removing
redundant words (“...”, “lol”) in text formalization.

4.6 Analysis of Cycle Loss Optimization
The cycle loss plays a key role in unsupervised style
transfer, which achieves style control and content
preservation by aligning the sentences in two text
spaces. However, the optimization is not straight-
forward due to the non-differentiable problem. In
this section, we study how the cycle loss optimiza-
tion is affected by the generator architecture and
compare a NAR generator with an AR generator3.
To remove the interference of other losses, we train
the model solely with the cycle loss and report the
BLEU-4 score of the cycle reconstruction.

The results are shown in Table 9. The NAR
generator remarkably outperforms the AR genera-
tor with all gradient approximation methods. We
provide two possible explanations for this observa-
tion. One reason is that word alignments can help
the cycle loss align the text spaces. As discussed

3For a fair comparison, the target sentence length is pro-
vided to both models, where the AR generator does not need
to predict the EOS token.
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Gumbel-Softmax Stop-Gradient Soft-Embedding
NAR 94.4±0.4 67.6±4.2 33.6±13.8
AR 84.9±1.1 23.5±1.1 29.9±15.1

Table 9: BLEU-4 of the cycle reconstruction on the
Yelp dataset. The values are reported with mean and
standard deviation of three runs with different seeds.

in Sec 3.2, the residual connections directly con-
nect aligned words, which exploits the word-level
transfer and reconstruction. Compared with the
AR generator that aligns the text spaces at the sen-
tence level, aligning word pairs can be much easier.
Another possible reason is the error accumulation
caused by the gradient approximation methods. In
each step of the AR generation, the gradient ap-
proximation methods are applied to the generated
word, and the word is then fed into the model as
the next input. As a result, gradients will be ap-
proximated multiple times in the back-propagation,
and the error brought by the approximation may
be accumulated and possibly lead to unstable opti-
mization.

Our analysis provides a perspective to under-
stand how NAST works, and reveals that the gener-
ator architecture can deeply affect the optimization
in the non-differentiable problem. However, we
should be cautious when generalizing the results to
other settings. We notice inconsistent performance
report for the gradient approximation methods (Dai
et al., 2019; Tu et al., 2020; He et al., 2020), where
the phenomenon needs further study.

5 Conclusion

In this paper, we propose NAST, a Non-Autoregre-
ssive generator for unsupervised text Style Transfer.
It explicitly models word alignments to suppress ir-
relevant words and exploits the word-level transfer
between different styles. Experiments show that
NAST improves the overall performance, provides
explainable word alignments, and largely speed up
training and inference.

However, we should also notice a potential lim-
itation: NAST relies on the assumption that word
alignments exist between the source and target sen-
tences. In a more complicated task that lacks word
alignments, NAST may lose its advantage of ex-
ploiting the word-level transfer. In future work,
we will improve NAST to tackle noisy word align-
ments in more challenging datasets and build ex-
plainable and faster models for a broader range of
unsupervised text generation tasks.
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Algorithm 1 DP Algorithm for Pseudo Alignment
DP (X,Y )

Require: Source sentence X = [x1, x2, · · · , xN ] ,
Target sentence Y = [y1, y2, · · · , yM ].

1: Initialize f(0, j) = 0 for ∀ j = 0, 1, · · · , N .
2: Initialize T (0, j) as empty lists for ∀ j = 0, 1, · · · , N .
3: Calculate the similarity matrix:

simi,j = cos(e(yi), e(xj)).
4: for i = 1, 2, · · · ,M do
5: for j = 0, 1, 2, · · · , N do
6: Calculate three choices of f(i, j):

c1 := f(i− 1, j)
c2 := f(i−1, j−1)+simi,j only valid if j > 0
c3 := f(i, j − 1) only valid if j > 0

7: if c1 is the maximum choice then
. yi is not aligned.

8: f(i, j) := c1, T (i, j) := T (i− 1, j)⊕ [0]
. ⊕ means list concatenation.

9: else if c2 is the maximum choice then
. yi is aligned with xj .

10: f(i, j) := c2, T (i, j) := T (i− 1, j − 1)⊕ [j]
11: else if c3 is the maximum choice then

. yi is aligned with xk, where k < j.
12: f(i, j) := c3, T (i, j) := T (i, j − 1)
13: end if
14: end for
15: end for
16: return DP (X,Y ) := T (M,N)

A Optimization of NAST with Learnable
Alignment

Since the generation probability PGY (Y |X) is in-
tractable for NAST with Learnable Alignment,
we introduce a pseudo alignment T ∗. For X =
[x1, x2, · · · , xN ] and Y = [y1, y2, · · · , yM ], the
pseudo alignment T ∗ is defined by a heuristic rule:

T ∗ = arg max
T

V (X,Y )

=

M∑

i=1

cos(e(yi), e(xti))

s.t. ti = 0 or tj < ti ≤ N for ∀ 1 ≤ j < i ≤M,

where e(·) indicates the word embeddings. For
the unaligned target words, we set x0 to a [Mask]
placeholder, and set the cosine similarity between
the [Mask] placeholder and any other tokens to 0.

The pseudo alignments are obtained by dynamic
programming. We introduce a 2-dim array f(i, j)
indicating the maximum value of the objective
function V (X,Y ) if Y = [y1, y2, · · · , yi] and
X = [x1, x2, · · · , xj ]. We further introduce a list
T (i, j) that records the best alignment for f(i, j).
The algorithm is presented in Algorithm 1. The
time complexity is O(NMd), where the bottle-
neck is calculating the similarity matrix, and d is
the dimension of word embeddings.

Based on the pseudo alignments, we derive
tractable upper bounds of the losses, which are
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Algorithm 2 Training Algorithm for NAST with Learnable Alignment
Require: Non-parallel text distribution PX and PY . Max number of batches: max batch.
1: for iter = 1, 2, · · · ,max batch do
2: Sample X from PX , Y from PY .
3: Construct X̃ and Ỹ from X and Y .
4: Use Algorithm 1 to obtain pseudo alignments for the self-reconstruction loss:

T ∗X,self = DP (X̃,X), T ∗Y,self = DP (Ỹ , Y ).

5: Calculate the upper bound of the self-reconstruction loss.
L̂self = − logPGX (X|X̃, T ∗X,self )− logPGX (T ∗X,self |X̃)

− logPGY (Y |Ỹ , T ∗Y,self )− logPGY (T ∗Y,self |Ỹ )

6: Generate transferred samples with gradient approximation methods:
TY ∼ PGY (T |X), GY(X) ∼ PGY (Y |X,TY).

TX ∼ PGX (T |Y ), GX (Y ) ∼ PGX (X|Y, TX ).

7: Calculate the style loss.
Lsty = −EX∼PX [F (GY(X),Y)]− EY∼PY [F (GX (Y ),X )] .

8: Use Algorithm 1 to obtain pseudo alignments for the cycle loss:
T ∗X,cyc = DP (GY(X), X), T ∗Y,cyc = DP (GX (Y ), Y ).

9: Calculate the upper bound of the cycle loss.
L̂cyc = − logPGX (X|GY(X), T ∗X,cyc)− logPGX (T ∗X,cyc|GY(X))

− logPGY (Y |GX (Y ), T ∗Y,cyc)− logPGY (T ∗Y,cyc|GX (Y ))

10: Update the model with the loss L = αL̂self + βLsty + γL̂cyc.
11: end for

Dataset Styles #Train #Valid #Test |V | Avg Len

Yelp Neg. 177k 2,000 500 9,943 9.55
Pos. 266k 2,000 500 8.43

GYAFC Inf. 52k 2,788 1,332 26,790 13.06
For. 52k 2,247 1,019 12.47

Table 10: Data statistics. Average length is calculated
on the training set.

then optimized to train the model. The full training
algorithm is presented in Algorithm 2.

B Experiment Settings

B.1 Dataset and Evaluation Metrics
We use the processed datasets provided by Luo
et al. (2019), which can be downloaded at https:
//github.com/luofuli/DualRL. The data statis-
tics are shown in Table 10.

The pretrained classifier is implemented based
on the transformers package4, and the BLEU-4
score is the corpus BLEU implemented in the nltk
package5. All results in our paper are evaluated
by our implemented codes. The reported results
of NAST, StyTrans, and LatentSeq in Figure 1 are
averaged over three runs with different random
seeds.

4https://github.com/huggingface/
transformers

5https://www.nltk.org/

B.2 Network Architecture and
Hyper-Parameters

NAST are implemented based on the base model,
StyTrans (Dai et al., 2019) and LatentSeq (He
et al., 2020). Their codes can be accessed at https:
//github.com/fastnlp/style-transformer

and https://github.com/cindyxinyiwang/

deep-latent-sequence-model.
For StyTrans, we follow their implementation

and hyper-parameters for the Transformer archi-
tecture. We use 4 Transformer layers, 4 atten-
tion heads, and 256-dim hidden cells for both the
encoder and the decoder. For the alignment pre-
dictor in Learnable Alignment, we utilize a one-
layer Transformer decoder with the same number
of attention head and dimension of hidden cells.
Moreover, StyTrans utilizes a discriminator for
the style loss, which is built on a 4-layer Trans-
former encoder with the same architecture above.
The discriminator and the generator are trained
adversarially. Following their implementation, in
each iteration, the discriminator is trained for 10
steps and then the generator is trained for 5 steps.
We utilize the Adam optimizer (Kingma and Ba,
2015) with the learning rate of 1e−4 and the batch
size of 64. We choose the gradient approxima-
tion method from the Gumbel-Softmax trick (Jang
et al., 2017), the Soft-Embedding approximation
(Dai et al., 2019), and the Stop-Gradient strategy
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(He et al., 2020). We select the self-reconstruction
loss weight α from {0.25, 0.5, 1} and the cycle
loss weight γ from {0.25, 0.5, 1}. We find some-
times the transfer accuracy of one direction can
be much higher than that of the other direction, so
we separately tune the style loss weights for two
directions. To be specific, the overall objective is
defined as αLself + β1LX,sty + β2LY,sty + γLcyc,
where LX,sty = −EX∼PX [F (GY(X),Y)], and
LY,sty = −EY∼PY [F (GX (Y ),X )]. We select β1,
β2 from {0.5, 1, 1.5, 3, 5, 10, 15}.

For LatentSeq, LSTM is adopted as the gener-
ator in their original models. We first replace the
LSTM with an autoregressive Transformer as a
baseline, which also has 4 Transformer layers, 4
attention heads, and 256-dim hidden cells. Then
we replace the autoregressive Transformer with
an non-autoregressive Transformer with the same
architecture. The alignment predictor is a one-
layer Transformer decoder with the same archi-
tecture above. However, LatentSeq utilizes a lan-
guage model for the style loss, which is a 512-
dim LSTM. We preserve the implementation of
the language model. For optimization, we uti-
lize the RAdam optimizer (Liu et al., 2020) with
the learning rate of 1e − 3 and the batch size of
64. We also try the three gradient approxima-
tion methods. We set the cycle-reconstruction loss
weight γ = 1. Following their original imple-
mentation, the self-reconstruction weight α is an-
nealed from 1 to 0 in the first 60k steps. Simi-
lar to NAST on StyleTrans, we tune the the style
loss weight on two directions separately, where we
select β1, β2 from {0.15, 0.3, 0.45, 0.6, 0.75} for
Yelp and {0.5, 0.75, 1, 1.25} for GYAFC.

We manually tune the hyper-parameters and se-
lect the best model according the performance on
the validation set. For the Yelp dataset, the vali-
dation set does not have reference answers, so we
use the geometric mean of Acc and SelfB as the
overall performance. For the GYAFC dataset, we
use the geometric mean of Acc and RefB as the
overall performance.

B.3 Computing Devices and Running Time

In our experiment, each run uses approximately 4
Intel Xeon Gold 6226R CPUs at 2.90GHz, and 1
Nvidia Quadro RTX 6000 GPU. We present the
max training step and the training time in Table 11.
The best results usually appear in the first half of
the training.

Model Yelp GYAFC
StyTrans

+ NAST(Simple) 135k steps (∼12h) 135k steps (∼16h)
+ NAST(Learnable) 135k steps (∼16h) 135k steps (∼25h)

LatentSeq
+ NAST(Simple) 150k steps (∼18h) 75k steps (∼16h)
+ NAST(Learnable) 150k steps (∼24h) 75k steps (∼18h)

Table 11: The max training step and the training time
of our models.

Yelp
Negative to Positive Positive to Negative

Model Acc RefB G2 Acc RefB G2
DualRL 85.4 49.6 65.1 85.8 60.8 72.3
StyTrans 87.5 45.4 63.0 93.1 51.6 69.3
+ NAST (Simple) 86.2 50.1 65.7 91.6 61.6 75.1
+ NAST (Learnable) 84.2 49.2 64.3 90.7 60.0 73.8
LatentSeq 82.3 42.8 59.3 86.7 51.8 67.0
+ NAST (Simple) 82.3 49.0 63.5 80.1 66.1 72.7
+ NAST (Learnable) 80.5 50.2 63.5 78.7 65.8 72.0

GYAFC
Formal to Informal Informal to Formal

Model Acc RefB G2 Acc RefB G2
DualRL 86.6 24.7 46.2 31.2 55.9 41.7
StyTrans 87.2 28.4 49.7 46.9 55.5 51.0
+ NAST (Simple) 85.4 28.5 49.3 49.8 54.7 52.2
+ NAST (Learnable) 92.1 29.9 52.5 53.7 55.7 54.7
LatentSeq 56.8 24.7 37.2 49.8 52.4 51.1
+ NAST (Simple) 62.5 27.4 41.4 58.3 49.0 53.4
+ NAST (Learnable) 69.1 25.8 42.1 59.2 52.6 55.8

Table 12: Automatic evaluation results on two transfer
directions.

C Transfer Difficulties

In Table 12, we present the results on two trans-
fer directions of Yelp and GYAFC. On the Yelp
dataset, transferring a negative sentence to a posi-
tive one is more difficult than the other direction.
One possible reason is that the negative sentences
are euphemistic and need changes in sentence struc-
tures when transferring to the positive sentiment. In
terms of G2, the text formalization is significantly
more difficult than the sentiment transfer. The dif-
ficulties of two transfer directions vary across mod-
els on GYAFC. Transferring formal sentences to
informal ones is harder for DualRL, while the other
direction is harder for LatentSeq.

D How to Count Aligned Word Pairs

In Section 4.5, we present cases of the word-level
transfer. The aligned word pairs are counted based
on the predict alignments T , following the rules
below:

• If 1 ≤ ti ≤ N , we record a pair xti → yi.
• If ti = 0, the transferred word is unaligned, and

we record a pair [Mask]→ yi.
• If a source word xi is not aligned with any trans-

ferred word, we record a pair xi → [Del].

We then collect all word pairs that have the same
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source word and calculate the proportion of differ-
ent transferred words. The results shown in Table
8 is obtained on the test set of two datasets.
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Abstract

Task-oriented dialog (TOD) systems typically
manage structured knowledge (e.g. ontologies
and databases) to guide the goal-oriented con-
versations. However, they fall short of han-
dling dialog turns grounded on unstructured
knowledge (e.g. reviews and documents). In
this paper, we formulate a task of modeling
TOD grounded on both structured and unstruc-
tured knowledge. To address this task, we pro-
pose a TOD system with hybrid knowledge
management, HyKnow. It extends the belief
state to manage both structured and unstruc-
tured knowledge, and is the first end-to-end
model that jointly optimizes dialog modeling
grounded on these two kinds of knowledge.
We conduct experiments on the modified ver-
sion of MultiWOZ 2.1 dataset, where dialogs
are grounded on hybrid knowledge. Experi-
mental results show that HyKnow has strong
end-to-end performance compared to existing
TOD systems. It also outperforms the pipeline
knowledge management schemes, with higher
unstructured knowledge retrieval accuracy.

1 Introduction

Recently, Task-Oriented Dialog (TOD) systems
(Mehri et al., 2019; Zhang et al., 2020a,b; Le et al.,
2020; Hosseini-Asl et al., 2020; Peng et al., 2020;
Li et al., 2021) have achieved promising perfor-
mance on accomplishing user goals. Most systems
typically query structured knowledge such as ta-
bles and databases based on the user goals, and use
the query results to guide the generation of system
responses, as shown in the first dialog turn in Fig. 1.

However, real-world task-oriented conversations
often step into dialog turns which are grounded on
unstructured knowledge (Feng et al., 2020), such
as passages and documents. For example, as the

*Equal contribution.
†Corresponding author.

Figure 1: Illustration of task-oriented dialog modeling
with hybrid knowledge management. Words in red and
blue illustrate the new domain-slot-value triple and the
topic of user utterance that we introduce into the belief
state, respectively. Words in yellow illustrate the topics
of documents that we extract through preprocessing.

second dialog turn in Fig. 1 shows, the user asks
about customers’ favorite food at Pizza Hut, which
is grounded on the customer reviews of this restau-
rant. Current TOD systems fall short of handling
such dialog turns since they cannot utilize relevant
unstructured knowledge. This deficiency may inter-
rupt the dialog process, causing difficulties in track-
ing user goals and generating system responses.

In this work, we consider incorporating more
various forms of domain knowledge into the TOD
systems. Therefore, we define a task of model-
ing TOD whose turns involve either structured or
unstructured knowledge. In turns involving struc-
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tured knowledge, the system needs to track the user
goals as triples and use them to perform database
queries, whose results are used to generate the sys-
tem response. While in turns involving unstruc-
tured knowledge, the system manages a document
base to retrieve relevant references for generating
the response.

To address our defined task, we propose a task-
oriented dialog system with Hybrid Knowledge
management (HyKnow). This model extends the
belief state to handle TODs grounded on hybrid
knowledge, and further uses the extended belief
state to perform both database query and document
retrieval, whose outputs are thereby used to gener-
ate the final response. We consider two implemen-
tations of our system, with different schemes of
extended belief state decoding. Both implementa-
tions are in an end-to-end multi-stage sequence-to-
sequence (Seq2Seq) (Lei et al., 2018; Liang et al.,
2020; Zhang et al., 2020a,b) framework, where dia-
log modeling grounded on the two kinds of knowl-
edge can be jointly optimized.

We evaluate our system on the modified ver-
sion of MultiWOZ 2.1 (Kim et al., 2020) dataset,
where dialogs are grounded on hybrid knowledge.
Experimental results show that HyKnow outper-
forms existing TOD systems which do not lever-
age large pretrained language models, no matter
whether they add extra unstructured knowledge
management or not. It also has a higher accuracy
in unstructured knowledge retrieval, compared to
the pipeline knowledge management schemes.

Our contributions are summarized as below:
• We formulate a task of modeling TOD grounded

on both structured and unstructured knowledge,
to incorporate more domain knowledge into the
TOD systems.

• We propose a TOD system HyKnow to address
our proposed task. It extends the belief state to
manage hybrid knowledge, and is the first end-to-
end model to jointly optimize dialog modeling
grounded on the two kinds of knowledge.

• Experimental results show that HyKnow has
strong performance in dialog modeling grounded
on hybrid knowledge.1

2 Related Work

TOD systems usually use belief tracking, i.e. dialog
state tracking (DST) to trace the user goals, i.e. be-

1The code is available at https://github.com/
truthless11/HyKnow

lief states, through multiple dialog turns (Williams
et al., 2013; Henderson et al., 2014). The states
are converted into a representation of constraints
based on different schemes to query the databases
(El Asri et al., 2017; Budzianowski et al., 2018;
Rastogi et al., 2020; Zhu et al., 2020). The en-
try matching results are then used to generate the
system response.

With the development of intelligent assistants,
the system should have a good command of mas-
sive external knowledge to better accomplish com-
plicated user goals and improve user satisfaction.
To realize this, some researchers (Zhao et al., 2017;
Yu et al., 2017; Akasaki and Kaji, 2017) equip the
system with chatting capability to address both task
and non-task content in TODs. Other studies apply
knowledge graph (Liao et al., 2019; Yang et al.,
2020) or tables via SQL (Yu et al., 2019) to en-
rich the knowledge of TOD systems. However, all
these studies are still limited in dialog modeling
grounded on structured knowledge.

There are a couple of studies to integrate un-
structured knowledge into TOD modeling recently.
Kim et al. (2020) introduce knowledge snippets
to answer follow-up questions out of the cover-
age of databases. Feng et al. (2020) formulate
document-grounded dialog for information seeking
tasks. However, they only focus on dialog turns
grounded on unstructured knowledge instead. In
this paper, we aims to fill the gap of managing
domain-specific knowledge with various sources
and structures in traditional TOD systems.

3 Task Definition

In this section, we introduce our formulation of
modeling TOD grounded on hybrid knowledge. In
particular, we assume that each dialog turn in TOD
is grounded on either structured or unstructured
knowledge. We formulate the modeling of the two
kinds of dialog turns separately.

In turns that are grounded on structured knowl-
edge, the system needs to track user goals, i.e. the
belief state, as domain-slot-value triples, and then
query a database (DB) to guide response generation.
Specifically, we denote the user utterance and the
system response at turn t as Ut and Rt respectively.
Given the dialog context Ct = [Ut−k, Rt−k, ..., Ut]
and previous belief state Bt−1, the system needs
to generate current belief state Bt, which is for-
mulated as Bt = f

(s)
b (Ct, Bt−1). Then the system

performs DB query based onBt to get the matching
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Figure 2: Overview of HyKnow. Solid arrows denote the input/output of the encoders or decoders. Dashed
arrows denote the knowledge operations. Ct, mt, Dt and Rt represent turn t’s dialog context, DB query result,
relevant document and system response. B̃t and hB̃tenc denote the extended belief state and its hidden states at turn
t. The decoding of B̃t (orange dashed box) is implemented in two different ways: (a) using a single decoder to
generate the whole state, and (b) using two decoders to generate the domain-slot-value (DSV) triples and the topic
separately.

result mt. In this paper, we follow Budzianowski
et al. (2018) to represent mt as a vector indicat-
ing the number of matched entities and whether
the booking is available or not. Afterwards, the
system generates the response Rt, formulated as
Rt = f

(s)
r (Ct, Bt,mt).

In turns that are grounded on unstructured knowl-
edge, the system manages a document base to guide
response generation, which contains lists of docu-
ments characterized by different domains and en-
tities, as showed in Fig. 1. Specifically, given the
dialog context Ct, the system first retrieves a rel-
evant document Dt in the document base, formu-
lated as Dt = f

(u)
d (Ct). Then the system gener-

ates the response Rt based on Ct and retrieved Dt,
which is formulated as Rt = f

(u)
r (Ct, Dt). Noting

that the original belief state is not updated in the
unstructured knowledge-grounded turns, namely
Bt = Bt−1. However, in this paper, we introduce
extra belief state extension to facilitate the docu-
ment retrieval.

4 Proposed Framework

Fig. 2 shows an overview of our proposed system
HyKnow with end-to-end sequence-to-sequence
(Seq2Seq) implementations. It addresses our pro-
posed task in three steps. First, it uses the extended
belief tracking to track user goals through dialog
turns that involve hybrid knowledge. Secondly,
it performs hybrid knowledge operations based
on the extended belief state, to search structured

and unstructured knowledge that is relevant to the
user goals. Finally, it uses the extended belief state
and relevant knowledge to perform the knowledge-
grounded response generation.

4.1 Extended Belief Tracking

Belief State Extension. We define an extended be-
lief state B̃t which is applicable to track user goals
in TODs that are grounded on both structured and
unstructured knowledge. Specifically, in turns that
are grounded on structured knowledge, B̃t is same
as the original Bt, which describes user goals as
domain-slot-value triples. While in turns that are
grounded on unstructured knowledge, B̃t has an ad-
ditional slot ruk to indicate that current dialog turn
requires unstructured knowledge. The prefix and
value of the slot ruk represent the involved domain
and entity, e.g. restaurant-ruk: Pizza Hut colored
in red in Fig. 1. We denote the combination of origi-
nal and newly introduced domain-slot-value triples
as DSVt. In addition, the topic of Ut is abstracted
in B̃t as a word sequence Tt in each unstructured
knowledge-grounded turn, e.g. favorite colored in
blue in Fig. 1.

Extended Belief State Decoding. Following
Seq2Seq framework, we first use the context en-
coder to encode the dialog context Ct, whose last
output is used as the initial hidden state of decoders.
Based on the hidden states of context encoder hCtenc
and previous extended belief state hB̃t−1

enc , we then
decode the current extended belief state B̃t under
two schemes, which are described as below.
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Since DSVt and Tt are grounded on quite differ-
ent vocabularies, we consider implementing the de-
coding of B̃t in two ways: (a) using the belief state
decoder to generate the whole B̃t, and (b) using
the DSV decoder and the topic decoder to generate
DSVt and Tt separately. Each implementation has
its own advantages over the other. Specifically, in
the single-decoder implementation, the decoding
ofDSVt and Tt can be jointly optimized via shared
parameters:

B̃t = Seq2Seq(b)(Ct|hB̃t−1
enc ). (1)

While in the multi-decoder implementation, the
decoding of DSVt and Tt are fitted to their own
smaller decoding spaces (vocabularies), and thus
the generation of B̃t can be decomposed into two
simpler decoding processes:

DSVt = Seq2Seq(dsv)(Ct|hB̃t−1
enc ),

Tt = Seq2Seq(t)(Ct|hB̃t−1
enc ),

B̃t = [DSVt, Tt].

(2)

4.2 Hybrid Knowledge Operations

Based on the extended belief state B̃t, we con-
duct both DB query and document retrieval to get
the query result mt and the relevant document Dt,
which are used to guide the generation of response.
In the operation of DB query, we simply match the
original triples in B̃t with the DB entries. While in
the operation of document retrieval, we first prepro-
cess the document base to extract the topic of each
document as its retrieval index, e.g. vegetarian and
favorite colored in yellow in Fig. 1. Then we use
the extended part of B̃t to match the domain, entity
and extracted topic of each document, and select
the best-matched one as Dt.2

4.3 Knowledge-Grounded Response
Generation

We generate system response based on the dialog
context Ct, the extended belief state B̃t, and the
outputs of hybrid knowledge operations mt and Dt.
We first use the same context encoder in Sec. 4.1
to encode Ct. Moreover, we use the belief state en-
coder and the document encoder to encode B̃t and
Dt into hidden states hB̃tenc and hDtenc, respectively.
Based on the hidden states of all the encoders and

2See Appendix A for more details of the document prepro-
cessing and matching.

the vector mt, we use the response decoder to gen-
erate the system response Rt, formulated as:

hB̃tenc = Encoder(b)(B̃t),

hDtenc = Encoder(d)(Dt),

Rt = Seq2Seq(r)(Ct|hB̃tenc,hDtenc,mt),

(3)

where Encoder(b) and Encoder(d) denote the be-
lief state encoder and the document encoder.

Following previous TOD systems with Seq2Seq
architectures (Lei et al., 2018; Liang et al., 2020;
Zhang et al., 2020a,b), we use one-layer, bi-
directional GRU as encoders and standard GRU
as decoders. We also apply global attention (Bah-
danau et al., 2015) and copy mechanism (Gu et al.,
2016) in all the Seq2Seq processes, to improve the
context-awareness of decoding B̃t and Rt.

4.4 Model Training

HyKnow is optimized through supervised training.
Specifically, each dialog turn in the training data is
initially labeled with the original belief state and
the relevant document. We extend the belief state
label based on the domain, entity and extracted
topic of the relevant document. Then the extended
belief state label and the reference response are
used to calculate the cross-entropy loss with the
generated B̃t and Rt, respectively. We sum the
two losses together and perform gradient descent
in each turn to optimize the model parameters. In
our paper, the dialog context Ct is set as the con-
catenation of previous system response Rt−1 and
current user utterance Ut.3

5 Experimental Settings

5.1 Dataset

We evaluate our proposed system on the modified
MultiWOZ 2.1 (Kim et al., 2020) dataset, where
crowd-sourcing workers are hired to insert addi-
tional turns into the original MultiWOZ dialogs.
Each newly inserted turn is grounded on unstruc-
tured knowledge in one of the four domains: restau-
rant, hotel, taxi and train, with the label of its rel-
evant document in the document base. While the
other three MultiWOZ domains (attraction, hospi-
tal and police) are not involved in these new turns.4

3See Appendix B for more implementation details.
4See Appendix C for details of data statistics.
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Model Pretrained LM Inform Success BLEU METEOR ROUGE-L Combined
UniConv none 71.5 61.8 18.5 37.8 40.5 85.7
LABES-S2S none 76.5 65.3 17.8 36.8 39.9 88.7
UniConv + BDA - 72.0 62.6 16.9 35.7 38.9 84.2
LABES-S2S + BDA - 77.1 66.2 15.7 33.8 37.8 87.4
HyKnow (Single) none 81.9 68.3 19.0 38.5 40.9 94.1

- w/o Joint Optim none 78.5 65.7 18.3 36.9 39.6 90.4 (-3.7)
HyKnow (Multiple) none 79.1 67.6 18.7 38.1 41.0 92.1

- w/o Joint Optim none 77.7 65.4 18.0 36.6 39.5 89.6 (-2.5)
SimpleTOD GPT-2 81.7 67.9 14.5 34.2 37.0 89.3
SimpleTOD + BDA - 83.3 68.6 14.8 33.6 36.5 90.8

Table 1: End-to-end evaluation results on modified MultiWOZ 2.1. “+” denotes the combination of Beyond
Domain APIs (BDA) with E2E TOD models. Best results among light-weight systems (i.e. above internal dividing
line) are marked in bold. Evaluation metrics are described and marked in bold in Sec. 6.1.

5.2 Baselines

We compare HyKnow with 1) existing end-to-end
(E2E) TOD models and dialog state tracking (DST)
models, to show the benefits of incorporating un-
structured knowledge management into TOD mod-
eling. We also compare HyKnow with 2) unstruc-
tured knowledge management models, to investi-
gate our system’s document retrieval performance.
For the comparison with pipeline systems that have
hybrid knowledge management, we also consider
the combinations of 1) and 2) as our baselines.

E2E TOD Models and DST Models. We con-
sider three baseline E2E TOD models with differ-
ent types of structures: UniConv (Le et al., 2020)
uses a structured fusion (Mehri et al., 2019) design,
LABES-S2S (Zhang et al., 2020a) uses a multi-
stage Seq2Seq (Lei et al., 2018) architecture, and
SimpleTOD (Hosseini-Asl et al., 2020) is based
on a single auto-regressive language model initial-
ized from GPT-2 (Radford et al., 2019). All three
E2E models only manage structured knowledge
(database) in their TOD modeling. In addition to
E2E TOD models, we also compare HyKnow with
existing DST models in the belief tracking eval-
uation. Specifically, we use TRADE (Wu et al.,
2019) and TripPy (Heck et al., 2020) as two DST
baselines, which are representative BERT-free and
BERT-based DST models, respectively.

Unstructured Knowledge Management Mod-
els. We first compare our system with Beyond Do-
main APIs (BDA) (Kim et al., 2020). This baseline
model uses two classification modules based on
BERT (Devlin et al., 2019) to detect unstructured
knowledge-grounded dialog turns and retrieve rel-
evant documents, respectively. Moreover, we use
standard information retrieval (IR) systems TF-
IDF (Manning et al., 2008) and BM25 (Robert-

son and Zaragoza, 2009) as the other two baseline
models.

Combinations. We combine the unstructured
knowledge management model BDA with every
DST or E2E TOD model. Specifically, BDA de-
tects dialog turns that are grounded on unstructured
knowledge, and uses a fine-tuned GPT-2 to gener-
ate responses in these turns, based on the dialog
context and retrieved documents. While the DST
or E2E TOD model handles the rest dialog turns
which are grounded on structured knowledge.

Noting that TripPy and SimpleTOD use large-
scale pretrained language models (LM) to improve
their dialog modeling performance, which requires
large model sizes and computing resources. For
fair comparisons, we distinguish them from other
light-weight models in our experiments.

6 Results and Analysis

We test our system’s performance under both the
single-decoder and multi-decoder belief state de-
coding implementations, denoted as HyKnow (Sin-
gle) and HyKnow (Multiple), respectively. Both
implementations of HyKnow come to the same con-
clusions when compared with the baseline models,
which are described in detail below.

6.1 End-to-End Evaluation

Table 1 shows our experimental results of the end-
to-end (E2E) evaluation, where we evaluate the
task completion rate and language quality of sys-
tem responses. In terms of the task completion rate,
we measure whether the system provides correct
entities (Inform rate) and answers all the requested
information (Success rate) in a dialog, following
Budzianowski et al. (2018). For the evaluation of
language quality, we adopt commonly used metrics
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Model Inform Success BLEU Combined
UniConv 84.2 71.8 19.0 97.3
LABES-S2S 83.6 74.2 18.3 97.2
UniConv + BDA 85.8 73.9 19.3 99.4
LABES-S2S + BDA 85.0 75.3 18.9 99.1
HyKnow 87.2 76.5 19.5 101.4
SimpleTOD 87.5 76.4 16.3 98.3
SimpleTOD + BDA 89.0 77.2 17.0 100.1

Table 2: Context-to-response generation results on
modified MultiWOZ 2.1. All symbols and markings
have the same meaning as in Table 1.

BLEU (Papineni et al., 2002), METEOR (Baner-
jee and Lavie, 2005) and ROUGE-L (Lin, 2004).
Moreover, we use Combined score computed by
(Inform+ Success)× 0.5 +BLEU for overall
evaluation, as suggested by Eric et al. (2020).

We find that HyKnow has better task comple-
tion rate than the light-weight E2E TOD models,
which is comparable with SimpleTOD who uses
large-scale pretrained GPT-2. It also generates re-
sponses with better language quality compared to
all the E2E models. This is because our extended
belief state can distinguish whether a dialog turn is
grounded on structured or unstructured knowledge,
which avoids the confusion between handling the
two kinds of turns. In addition, we manage the
document base to provide relevant references for
generating the response, which guide our system
to give more appropriate responses in turns that are
grounded on unstructured knowledge.

We also observe that HyKnow outperforms the
combinations of BDA and light-weight E2E TOD
model. This indicates that our end-to-end model
framework has advantages over the pipeline struc-
tures of combination models. In particular, dia-
log modeling grounded on the structured and un-
structured knowledge are integrated in a uniform
Seq2Seq architecture in our system, where they are
jointly optimized to an overall better performance.
Although HyKnow does not significantly outper-
form the combination of BDA and SimpleTOD,
our system has lower deployment cost since it is
trained end-to-end.

6.2 Context-to-Response Generation

We also conduct evaluations on the context-to-
response (C2R) generation, where systems directly
use the oracle belief state and knowledge to gen-
erate the response. The experimental results are
shown in Table 2, where we observe the same con-
clusions as in the E2E evaluation (Table 1). This

Model Pretrained LM Joint Goal
TRADE none 42.9
UniConv none 45.5
LABES-S2S none 46.0
TRADE + BDA - 43.8
UniConv + BDA - 46.5
LABES-S2S + BDA - 46.8
HyKnow (Single) none 48.0

- w/o Joint Optim none 46.2 (-1.8)
HyKnow (Multiple) none 47.6

- w/o Joint Optim none 45.6 (-2.0)
TripPy BERT 50.4
SimpleTOD GPT-2 48.4
TripPy + BDA - 51.2
SimpleTOD + BDA - 49.8

Table 3: Original turns’ belief tracking results on mod-
ified MultiWOZ 2.1. “+” denotes the combination of
BDA with DST/E2E models. The best result among
light-weight systems (i.e. above internal dividing line)
is marked in bold. The evaluation metric is described
and marked in bold in Sec. 6.3.

again shows our system’s superiority in TOD mod-
eling grounded on hybrid knowledge.

Additionally, we observe that HyKnow’s per-
formance gap between E2E and C2R evaluations
is smaller than the baseline models, reflected in
the smaller variations of the combined score. This
shows that the belief state and knowledge provided
by our system are probably closer to the oracle and
may give stronger guidance to generate a response.

6.3 Knowledge Management

To further investigate our system’s end-to-end per-
formance, we conduct evaluations on the interme-
diate knowledge management. In particular, we
evaluate the structured and unstructured knowledge
management separately in the original and newly
inserted dialog turns. In the original turns grounded
on structured knowledge, we evaluate the belief
tracking performance which directly determines
the database query accuracy. Specifically, we use
the Joint Goal accuracy (Henderson et al., 2014)
to measure whether belief states are predicted cor-
rectly in a dialog turn. While in newly inserted
turns grounded on unstructured knowledge, we
adopt standard information retrieval metrics R@1
and MRR@5 to evaluate the document retrieval
performance. Table 3 and 4 shows our evaluation
results of belief tracking and document retrieval,
respectively.

In terms of belief tracking, HyKnow outper-
forms the light-weight DST/E2E models. This is
because our extended belief tracking can detect the
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Model Type MRR@5 R@1
TF-IDF standard IR 68.7 54.1
BM25 standard IR 69.2 52.5
BDA classification 80.6 69.8
HyKnow (Single) topic match 81.7 80.2

- w/o Joint Optim topic match 80.1 (-1.6) 77.8 (-2.4)
HyKnow (Multiple) topic match 81.1 79.5

- w/o Joint Optim topic match 79.7 (-1.4) 77.4 (-2.1)

Table 4: Newly inserted turns’ document retrieval re-
sults on modified MultiWOZ 2.1. Best results are
marked in bold. Evaluation metrics are described and
marked in bold in Sec. 6.3.

newly inserted turns apart from the original turns
(via the slot ruk), which improves our system’s
awareness on deciding when to update the origi-
nal triples in the belief state. HyKnow also has
better belief tracking performance than the combi-
nations of BDA and light-weight DST/E2E model.
This is because error propagation on updating be-
lief states is eliminated in our system compared to
the pipeline framework: The pipeline system either
updates the belief state or retrieves the document in
one turn, but HyKnow can perform both operations
in the nature of its E2E design. Although the belief
tracking performance of HyKnow is not as good as
that of TripPy and SimpleTOD, our system does
not use large-scale pretrained BERT or GPT-2 and
is thus computational cheaper.5

In the document retrieval evaluation, we find
that HyKnow outperforms the unstructured knowl-
edge management models, especially on the R@1
metric. This shows that our system’s document
retrieval scheme with topic matching has a higher
accuracy, compared to the classifier-based BDA
and the standard information retrieval (IR) systems.
Specifically, HyKnow retrieves documents based
on the highly simplified semantic information, i.e.
the topic, which reduces the complexity of the re-
trieval process. This makes the retrieval scheme of
HyKnow more concise and effective than the base-
line models, who directly calculate the relevance
of dialog context to every document content.

6.4 Single vs. Multiple Decoders

We then compare our two implementations of ex-
tended belief state decoding. We calculate the vo-
cabularies of DSV triples, the topic and their com-
bination (which are 709, 166 and 862), and observe
that the last one approximately equals to the sum
of the former two. This confirms our assumption

5See Appendix D for details on model size comparison.

in Sec. 4.1 that DSV triples and topic have quite
different vocabularies, which motivates the multi-
decoder implementation in belief state decoding.

However, we find that HyKnow (Single) outper-
forms HyKnow (Multiple) in both E2E and knowl-
edge management evaluations, as shown in Table
1, 3 and 4. This shows that the decoding of DSV
triples and topic can benefit from the joint opti-
mization via shared parameters, although they are
grounded on quite different vocabularies. The su-
periority of joint optimization further implies that
the structured and unstructured knowledge manage-
ment in TOD modeling have a positive correlation,
since they commonly involve task-specific domain
knowledge and entities. Therefore, the two kinds of
knowledge management can learn from each other
through joint training, and achieve overall better
performance compared to separating them apart.

6.5 Ablation Study
We ablate the joint optimization of structured and
unstructured knowledge-grounded TOD modeling
to investigate its role in our framework, denoted
as w/o Joint Optim in Table 1, 3 and 4. Specifi-
cally, we train two HyKnow models separately on
the original and newly inserted dialog turns, and
use them to handle TOD grounded on structured
and unstructured knowledge, respectively. To deter-
mine which model should be used, the oracle label
of slot ruk is used to judge which knowledge type
the current dialog turn is grounded on.

We observe that removing joint optimization
brings HyKnow evident performance declines in
the end-to-end evaluation (Table 1). This sug-
gests that joint optimization plays a significant role
in improving HyKnow’s end-to-end performance,
where TOD modeling grounded on the two kinds
of knowledge can benefit each other by learning
shared parameters. The ablation of joint optimiza-
tion also causes performance declines in HyKnow’s
knowledge management (Table 3 and 4). This
again indicates that the two kinds of knowledge
management are positively correlative and can get
benefit from joint training.

6.6 Between Structured and Unstructured
Knowledge

In this section, we investigate how the newly
inserted dialog turns (grounded on unstructured
knowledge) affect systems’ E2E performance in
the original dialog turns (grounded on structured
knowledge). Specifically, we evaluate systems’
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Test Set Model Joint Goal Inform Success BLEU METEOR ROUGE-L Combined

Original
LABES-S2S + BDA 49.0 82.1 69.8 17.8 37.1 40.2 93.8
SimpleTOD + BDA 51.8 85.6 70.9 16.3 34.5 38.6 94.6
HyKnow (Single) 49.2 82.3 69.4 18.0 37.3 40.2 93.9

Modified
LABES-S2S + BDA 46.8 (-2.2) 77.1 66.2 17.7 36.8 39.6 89.4 (-4.4)
SimpleTOD + BDA 49.8 (-2.0) 83.3 68.6 15.8 33.6 37.8 91.8 (-2.8)
HyKnow (Single) 48.0 (-1.2) 81.9 68.3 17.8 37.2 39.5 92.9 (-1.0)

Table 5: End-to-end evaluation results on the original and modified MultiWOZ 2.1 test set. The evaluation is
conducted only in the original dialog turns.

Model
Original Newly Inserted

Cohe. Info. Corr. Cohe. Info. Corr.
SimpleTOD 2.58 2.56 2.44 2.50 2.04 2.14
SimpleTOD + BDA 2.56 2.60 2.46 2.52 2.30 2.22
HyKnow (Single) 2.60 2.62 2.42 2.56 2.36 2.50

Table 6: Human evaluation results on modified Multi-
WOZ 2.1, results in original and newly inserted turns
are shown separately.

E2E performance on both the original and mod-
ified MultiWOZ 2.1 test sets. This evaluation is
conducted only in the original dialog turns, which
is different from the E2E evaluation conducted in
all turns (Table 1). Table 5 shows the results of this
experiment, where we compare HyKnow (Single)
with strong combination models.

We find that all the models’ performance is de-
graded when transferred from the original to the
modified test set. This indicates that the inserted
turns grounded on new knowledge may interrupt
the original dialogs, which complicates the dialog
process and causes difficulties in the original turns’
dialog modeling.

However, we observe that HyKnow (Single) suf-
fers from less reduction compared to the baseline
combination models. This shows that our system
has a stronger resistance to the interruptions of
newly inserted turns, which benefits from our end-
to-end modeling. Specifically, HyKnow jointly op-
timizes dialog modeling of the original and newly
inserted turns in a uniform end-to-end framework.
This unified modeling approach improves our sys-
tem’s flexibility in switching between the two kinds
of turns, and thus makes it more competent in han-
dling the complicated dialog process.

6.7 Human Evaluation

There is still a gap between the evaluation results of
automatic metrics and the real E2E performance of
TOD systems. Therefore, we conduct human eval-
uation to more adequately test our system’s E2E
performance. In particular, we compare HyKnow

(Single) with a strong E2E baseline SimpleTOD
and its combination with BDA.

We conduct human evaluation separately on the
two types (original and newly inserted) of dialog
turns. Specifically, we sample fifty dialog turns
of each type and ask the judges to evaluate each
turn’s system response on three aspects. Coher-
ence (Cohe.) measures how well the response is
coherent with the dialog context. Informativeness
(Info.) measures how well the response can provide
sufficient information that meets the user requests.
Correctness (Corr.) measures how well the infor-
mation in response is consistent with the ground
truth knowledge, i.e. relevant DB entries or docu-
ments. All the three aspects are scored on a Liker
scale of 1-3, which denotes bad, so-so and good.

Table 6 shows our human evaluation results. In
the original dialog turns, HyKnow (Single) scores
close to SimpleTOD and its combination with BDA
on all the three aspects. This indicates that our
proposed light-weight system is comparable with
the large GPT-2 based models in managing struc-
tured knowledge to generate the response. In ad-
dition, our model outperforms the two baseline
models in the newly inserted dialog turns. Specifi-
cally, HyKnow (Single) generates responses with
significantly better informativeness and correct-
ness than SimpleTOD. This again shows that the
management of unstructured knowledge is bene-
ficial for generating appropriate responses. Com-
pared to the combination of SimpleTOD and BDA,
the responses generated by HyKnow (Single) also
achieve much better correctness, which benefits
from our model’s higher document retrieval accu-
racy (as shown in Table 4).

6.8 Case Study

An example dialog segment (U1, B1, R1, U2) and
corresponding output results of each model (B2,
D2, R2) are presented in Table 7. Without access
to unstructured document base, SimpleTOD mis-
understands the user query, and instead recognizes
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U1: Hello, I would like to find a hotel that has WiFi in the north part of the town.
B1: hotel-area: north, hotel-internet: yes
R1: The Arbury Lodge Guesthouse is one of 12 options for you. Shall I make a reservation for you?
U2: Do they provide Italian breakfast?

Human
B2: hotel-area: north, hotel-internet: yes
D2: Full English breakfast is served every morning at Arbury Lodge Guesthouse.
R2: No, but they have a full English breakfast. Did you still want to book a room here?

SimpleTOD B2: hotel-area: north, hotel-internet: yes, restaurant-food: Italian
R2: Da Vinci Pizzeria serves Italian food and is located in the north.

SimpleTOD + BDA
B2: hotel-area: north, hotel-internet: yes
D2: German, Italian, Spanish and English are spoken at Carolina Bed and Breakfast.
R2: Yes, the hotel has a Italian breakfast. Would you like to make a reservation?

HyKnow (Single)
B̃2: hotel-area: north, hotel-internet: yes, hotel-ruk: Arbury Lodge Guesthouse, breakfast
D2: Full English breakfast is served every morning at Arbury Lodge Guesthouse.
R2: No, they provides full English breakfast. Would you like me to book a room for you?

Table 7: Comparison of the belief tracking, document retrieval and response generation results when dialog steps
into a newly inserted turn of modified MultiWOZ 2.1. “Human” denotes ground truth results.

the term “Italian” in user utterance as a constraint
to update the belief state. As a result, the system
makes an inappropriate recommendation. By com-
bining with BDA, SimpleTOD predicts correct be-
lief state, but fails in finding the relevant document,
thus providing a wrong answer. This is because
the wrong document’s content has many common
words with the dialog context, e.g. “Italian” and
“Breakfast”, which mislead the retrieval process
of BDA. In contrast, HyKnow gives a proper re-
sponse with accurate information as it identifies the
entity (“Arbury Lodge Guesthouse”) and captures
the topic (“breakfast”) to avoid the misleading of
common words in document retrieval.

7 Conclusion

In this paper, we define a task of modeling TOD
with access to both structured and unstructured
knowledge. To address this task, we propose a
TOD system HyKnow which uses an E2E frame-
work to jointly optimize TOD modeling grounded
on the two kinds of knowledge. In the experiments,
HyKnow shows strong performance in modeling
TOD with hybrid knowledge management, com-
pared to existing TOD systems and their pipeline
extensions. For future work, we plan to incorpo-
rate large-scale pretrained language models into
our proposed system to further enhance its perfor-
mance. Furthermore, we consider evaluating our
system on different scenarios where dialogs are
grounded on hybrid knowledge.

Acknowledgments

This work was partly supported by the NSFC
projects (Key project with No. 61936010 and reg-

ular project with No. 61876096). This work was
also supported by the Guoqiang Institute of Ts-
inghua University, with Grant No. 2019GQG1 and
2020GQG0005. We would like to thank colleagues
from HUAWEI for their constant support and valu-
able discussion.

References
Satoshi Akasaki and Nobuhiro Kaji. 2017. Chat de-

tection in an intelligent assistant: Combining task-
oriented and non-task-oriented spoken dialogue sys-
tems. In Proceedings of the 55th Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 1308–1319.

Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Ben-
gio. 2015. Neural machine translation by jointly
learning to align and translate. In 3rd Inter-
national Conference on Learning Representations,
ICLR 2015.

Satanjeev Banerjee and Alon Lavie. 2005. Meteor: An
automatic metric for mt evaluation with improved
correlation with human judgments. In Proceedings
of the acl workshop on intrinsic and extrinsic evalu-
ation measures for machine translation and/or sum-
marization, pages 65–72.

Paweł Budzianowski, Tsung-Hsien Wen, Bo-Hsiang
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A Document Preprocessing and
Matching

We preprocess the document base of the modified
MultiWOZ 2.1 (Kim et al., 2020) dataset to extract
the topic of each document, which are used as its
retrieval index in the unstructured knowledge man-
agement. Based on the TF-IDF (Manning et al.,
2008) algorithm, we perform the topic word extrac-
tion domain-by-domain in a two-step procedure.
First, we choose the top-three keywords with the
highest TF-IDF scores in each document as its topic
candidates. Then we filter the candidates to further
select our desired topic words.

Noticing that different entities in the same do-
main usually have documents covering similar top-
ics, we assume that a desired topic word should
typically appear in multiple entities’ documents,
and therefore have a high frequency of occurrence
among the topic candidates. So we calculate a
cumulative average TF-IDF (CA-TF-IDF) score
for each topic word in the candidates, which syn-
thetically measures the word’s document-level TF-
IDF and entity-level occurrence frequency. Specifi-
cally, CA-TF-IDF sums the TF-IDF score of a topic
word’s each occurrence in the candidates, and di-
vides it by the entity number in the domain. We
filter out the topic candidates with low CA-TF-IDF
scores and retain the rest to form the final retrieval
indexes. The filtering thresholds are 2.3, 2.7, 6.9
and 7.3 for the domain of restaurant, hotel, taxi
and train, respectively. While other domains are
not involved in the document base. After the pre-
processing, each document has one to three topic
words extracted.

In the document retrieval process, we use the pre-
fix and value of slot ruk in our proposed extended
belief state to locate the document list of involved
domain and entity. Then we use the topic of user
utterance in our extended belief state to match the
extracted topic of each document in the involved
list, and select the best-matched one as the relevant
reference. The topic matching is conducted by us-
ing the fuzzy string matching toolkit6. Noting that
the relevant document is set to none if the slot ruk
or the topic of user utterance is not available.

B Implementation Details

We use GloVe (Pennington et al., 2014) to initialize
the embedding matrix, and set batch size, embed-

6https://github.com/seatgeek/
fuzzywuzzy

Model Pretrained LM Model Size
TRADE none 10M
UniConv none 16M
LABES-S2S none 3.8M
HyKnow (Single) none 4.1M
HyKnow (Multiple) none 5.3M
TripPy BERT 110M
SimpleTOD GPT-2 81M

Table 8: Comparison of model size.

ding size, hidden size and vocabulary size as 40,
50, 200 and 3000, respectively. We also set dropout
rate as 0.35 and use greedy decoding to generate the
belief state and response. Moreover, we use Adam
optimizer (Kingma and Ba, 2014) with a learning
rate of 7e−4, which is selected via grid search from
{4e−4, 5e−4, 6e−4, 7e−4, 8e−4, 9e−4, 1e−3}. We
halve the learning rate when no improvement of
overall performance (combined score) is observed
on the development set in two consecutive epochs,
and we stop the training when no improvement is
observed in four consecutive epochs. The average
training time is about 80 minutes per epoch, and the
total number of training epoch is around 15. Model
training is performed on NVIDIA TITAN-Xp GPU.

C Statistics of Modified MultiWOZ 2.1

There are totally 8449/1001/1004 dialogs7 in the
training, development and testing set of modified
MultiWOZ 2.1, where 6501/836/847 dialogs have
new turns inserted, respectively. After the modifica-
tion, each dialog has 8.93 turns on average, which
is longer than the original 6.85. The ontology of
modified MultiWOZ 2.1 is the same as the origi-
nal, with 32 slot types (excluding ruk) and 2426
corresponding slot values.

D Model Size Comparison

Table 8 shows the model size of our proposed Hy-
Know and some baseline models. We find that Hy-
Know has a comparable model size with the light-
weight baseline models, which do not leverage pre-
trained language models (LM). But its model size
is much smaller than that of TripPy and Simple-
TOD, which use pretrained BERT and GPT-2, re-
spectively. Therefore, HyKnow requires much less
computational resources, compared to TripPy and
SimpleTOD that use large-scale pretrained LM.

7These are slightly more compared to the original Multi-
WOZ 2.1, because some of the original dialogs are modified
twice with different turns inserted.
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Abstract

Zero-resource named entity recognition (NER)
severely suffers from data scarcity in a spe-
cific domain or language. Most studies on
zero-resource NER transfer knowledge from
various data by fine-tuning on different aux-
iliary tasks. However, how to properly se-
lect training data and fine-tuning tasks is still
an open problem. In this paper, we tackle
the problem by transferring knowledge from
three aspects, i.e., domain, language and task,
and strengthening connections among them.
Specifically, we propose four practical guide-
lines to guide knowledge transfer and task fine-
tuning. Based on these guidelines, we design
a target-oriented fine-tuning (TOF) framework
to exploit various data from three aspects in
a unified training manner. Experimental re-
sults on six benchmarks show that our method
yields consistent improvements over baselines
in both cross-domain and cross-lingual scenar-
ios. Particularly, we achieve new state-of-the-
art performance on five benchmarks.

1 Introduction

Named Entity Recognition (NER) is one of the
fundamental tasks in natural language processing.
Recently, zero-resource NER draws more and more
attention in recent studies (Täckström et al., 2012;
Jia et al., 2019; Bari et al., 2020; Liu et al., 2020b;
Wu et al., 2020a). This task describes that, in a
specific domain or language, there is no labeled
training data for NER. Therefore, zero-resource
NER severely suffers from data scarcity.

As shown in Figure 1, the ideal training data
for zero-resource NER is regarded as the Targets,
which should satisfy two conditions at the same
time: a) in the target domain or language, and b)
annotated with NER labels. Thus it is intuitive to

∗ Work was done when Ying Zhang was interning at
Pattern Recognition Center, WeChat AI, Tencent Inc, China.

†Yufeng Chen is the corresponding author.

Spanish: Sao Paulo (Brasil), 23 may (EFECOM).
NER: <Sao Paulo, LOC>, <Brasil, LOC>, <EFECOM, LOC>

Spanish: Como se
conoce popularmente en
Brasil al tenista.
English: Brazil to use
hovercrafts for Amazon
travel.

News: Santander, 23 may
(EFE)
Twitter: RT @Gabriele_Corno:
Beach by Josh
Adamski #meditation
#inspiration #CGE
http://t.co/ParMW4CG4X

NER: <Brazil, LOC>, <Amazon, ORG>
MRC: Who has the most to lose?  I apologize. W NJ has the
most to lose.

DomainLanguage

Task

Targets

Figure 1: The example of the Targets and essential
knowledge from three aspects, i.e., Task, Language,
and Domain. The middle rectangle denotes an Span-
ish NER example in news domain, which is referred
as the Targets. The rounded rectangle above the Tar-
gets denotes knowledge from different tasks. The bot-
tom left one denotes essential knowledge in Spanish
and English languages. The bottom right one denotes
knowledge in News and Twitter domains.

augment training data or transfer knowledge from
three aspects, i.e., task, language, and domain. The
aspect of domain/language can be divided into the
source and the target, and the mainstream solution
for zero-resource NER is transferring NER annota-
tions from source domains/languages to target ones,
e.g., from news to Twitter (Strauss et al., 2016) or
from English to Spanish (Bari et al., 2020), where
the former is referred as cross-domain and the latter
as cross-lingual.

Based on the mainstream approach, recent re-
searches have conducted further exploration by
fine-tuning the contextualized word embeddings on
different data. Their results show that only exploit-
ing source labeled data for NER is not enough, due
to the discrepancy of domain/language between
the source and the target. To alleviate this prob-
lem, some studies focus on utilizing a large amount
of target unlabeled data to transfer domain- or
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language-specific knowledge. AdaptaBERT (Han
and Eisenstein, 2019) fine-tunes the masked lan-
guage model (MLM) on unlabeled data in the tar-
get domain (e.g., social media). Both Pfeiffer et al.
(2020) and Vidoni et al. (2020) add extra compo-
nents to learn from unlabeled data in the target
language (e.g., Spanish). Besides, Phang et al.
(2020) apply non-NER labeled data in the source
language (i.e., English) to transfer knowledge for
cross-lingual NER, which suggests that annotations
for non-NER tasks (e.g., MRC) are useful for NER
task. However, they only exploit non-NER annota-
tions in the source language and ignore that in the
target languages (e.g., Spanish).

Though the aforementioned studies have im-
proved the performance of zero-resource NER in
cross-domain or cross-lingual scenarios, there are
two main problems in these methods: a) they
conduct knowledge transferring by only consid-
ering unlabeled target data and labeled source data,
which is insufficient for knowledge transfer. Par-
ticularly, they ignore the fact that labeled target
data from non-NER tasks is available. b) They
fine-tune contextualized word embeddings on var-
ious auxiliary tasks in a pipeline manner, where
each task is performed only once. We argue that
the fine-tuning procedure can not capture enough
knowledge from various data when trained only
once. Besides, it lacks effective strategies to ap-
proach the Targets closer. Target at these issues, we
suggest it is necessary to exploit more diverse data
and design strategies more oriented to the Targets.

Therefore, we propose four practical guidelines
on how to fully exploit available data to allevi-
ate data scarcity. Concretely, we highlight the ne-
cessity of transferring knowledge from three as-
pects, i.e., task, language, and domain (Guideline-
I). Then for domain/language, we pay attention
to the gap between the source and target data
(Guideline-II). For task, we focus on the gap be-
tween non-NER tasks and NER (Guideline-III). Fi-
nally, we emphasize the importance of knowledge
fusion between the target domain/language and
NER task (Guideline-IV). According to our pro-
posed guidelines, we design a target-oriented fine-
tuning (TOF) framework for zero-resource NER
to approach the Targets. This framework applies
three tasks (i.e., MLM, MRC, and NER) to cap-
ture the knowledge from above three aspects. It
enhances the training with MRC task, pseudo data,
and continual learning, respectively. To validate the

effectiveness and superiority of our approaches, we
conduct experiments on six popular benchmarks
for zero-resource NER in cross-domain and cross-
lingual scenarios.

Our contributions1 are summarized as follows:

• We analyze the key factor of zero-resource
NER and propose four practical guidelines to
transfer knowledge from three aspects, i.e.,
Task, Language, and Domain, and strengthen
connections among them.

• We design a target-oriented fine-tuning (TOF)
framework based on our guidelines to exploit
more diverse knowledge and approach the Tar-
gets closer.

• Experimental results verify the effectiveness
of our method in both cross-domain and cross-
lingual scenarios on six benchmarks. Particu-
larly, our method achieves the state-of-the-art
performance on five benchmarks.

2 Background

2.1 Task Definition
The goal of zero-resource NER task is to transfer
NER knowledge from labeled source data to unla-
beled target data. Therefore, we assume that there
are three kinds of data available for training: a)
NER labeled source data, b) unlabeled target data,
and c) non-NER labeled target data (e.g., MRC).

2.2 Basic Framework
Our method is built on AdaptaBERT proposed by
Han and Eisenstein (2019). This network is de-
signed for unsupervised domain adaptation on se-
quence labeling tasks (e.g., NER). A two step fine-
tuning approach is applied in AdaptaBERT, and in
this section, we will describle it in detail.

Step-1: Domain Tuning. They fine-tune contex-
tualized word embeddings by training a masked
language model (MLM) to reconstruct randomly
masked tokens. And this is performed on a dataset
containing all available target domain data and an
equal amount of unlabeled source domain data.

Step-2: Task Tuning. They fine-tune contextu-
alized word embeddings continually and learn the
prediction model for the sequence labeling task.
Following (Devlin et al., 2018), they build a strong

1Code and data are publicly available at https://
github.com/Yarkona/TOF
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NER system by simply feeding the contextualized
embeddings into a linear classification layer. The
log probability can be computed by the log softmax,

log p(yt|w1:T ) = βyt · xt − log
∑

y∈Y
exp(βy · xt),

(1)
where contextualized word embedding xt captures
information from the entire sequence w1:T =
w1, w2, ..., wT , and βy is a vector of weights for
each tag y ∈ Y = {PER,ORG,LOC,MISC}.
They train the model on labeled source domain
data by minimizing the negative conditional log-
likelihood of labeled data.

3 Our Approach

For zero-resource NER, we firstly analyze the prob-
lem of data scarcity. Then we propose four practi-
cal guidelines to guide knowledge transfer from dif-
ferent data, which is adapted to both cross-domain
and cross-lingual scenarios. According to these
guidelines, we design a target-oriented fine-tuning
(TOF) framework for zero-resource NER.

3.1 Problem Analysis

The nature of zero-resource NER task is to perform
NER with no labeled target domain/language data.
And to deal with this task, it is intuitive to transfer
essential knowledge from other available data. Con-
cretely, when the data satisfies the two conditions
at the same time: a) in the target domain/language
(e.g., Twitter/Spanish), and b) annotated for the tar-
get task (i.e., NER), we consider it as our Targets.
While the Targets is unavailable under the zero-
resource setting, there is abundant data meeting
either condition. Therefore, we transfer knowledge
from three aspects, i.e., Domain, Language, and
Task, as shown in Figure 1.
Domain. It contains knowledge from specific do-
mains (e.g., Twitter). As shown in the bottom right
rectangle of Figure 1, ‘@Garbriele Corno:’ is the
special expression that only exists in tweets and ‘#’
is used to highlight something.
Language. It refers to linguistic knowledge in
various languages. For example, the word order of
‘Como se conoce popularmente en Brasil al tenista’
in Spanish is different from its English expression
‘As the tennis player is popularly known in Brazil’.
Besides, the expressions of ‘Brazil’ and ‘tenista’ in
English vary from those in Spanish.

Task. It describes hand-crafted annotations for
different tasks, which is expensive and difficult to
obtain (e.g., NER and MRC). For example, NER
labels LOC and ORG denote names of locations
and organizations, respectively. For MRC task in
Figure 1, ‘W NJ’ is annotated as the answer to
question ‘Who has the most to lose?’ .

Furthermore, we divide domain/language aspect
into the source and target. Particularly, NER is
regarded as the target task for zero-resource NER.

3.2 Four Practical Guidelines

Based on our analysis, we propose four practical
guidelines on how to fully exploit available knowl-
edge to alleviate data scarcity.

Guideline-I: It is necessary to exploit available
knowledge from domain, language, and task.

Guideline-II: Bridge the gap between source do-
mains/languages and target domains/languages.

Guideline-III: Bridge the gap between annota-
tions for non-NER tasks and NER task.

Guideline-IV: Fuse the knowledge of both the
target domain/language and NER task.

3.3 Target-Oriented Fine-tuning Framework

As shown in Figure 2, we design a Target-Oriented
Fine-tuning (TOF) framework for zero-resource
NER. It contains two components: a) Knowledge
Transfer, which displays how to transfer not only
domain/language but also task knowledge from
various data, and b) Fine-tuning Process, which
demonstrates a flow diagram of the complete fine-
tuning process. Both components are designed
based on our proposed guidelines, and their rela-
tions are illustrated in Figure 2.

3.3.1 Knowledge Transfer
As the right part of Figure 2 shows, to transfer
both domain/language and task knowledge for the
Targets, we consider six kinds of corpora: a) un-
labeled NER dataset Dt,no, b) unlabeled NER
dataset Ds,no, c) labeled MRC dataset Dt,m, d) la-
beled MRC datasetDs,m , e)unlabeled NER dataset
Dt,no, and f) labeled NER dataset Ds,n, where {a),
c), e)} is in the target domain and {b), d), f)} is
in the source domain. Note that e) is the Targets
without considering labels.

According to Guideline-I, since there is no avail-
able data that satisfies the Targets, it is necessary
to transfer knowledge relevant to the Targets from
other data as much as possible. Apart from source
NER labeled data, we not only exploit unlabeled
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Figure 2: The overall architecture of our Target-Oriented Fine-tuning (TOF) framework. Orange rectangles denote
our proposed four guidelines, and dotted lines with arrows denote how they guide Knowledge Transfer and Fine-
tuning Process. Rectangles and solid lines in green, blue, and red color correspond to three fine-tuning tasks (i.e.,
MLM, MRC, NER), respectively. And the black solid lines with arrows denote the training steps.‘Target Data’ and
‘Source Data’ denote data in target and source domains/languages, respectively. i in the circle denotes Step-i.

target data, but also utilize non-NER labeled target
data. Therefore, three kinds of data are consid-
ered as shown in Figure 2: for ‘Target Data’, a)
unlabeled NER dataset Dt,no and c) labeled MRC
dataset Dt,m ; for ‘Source Data’, and f) labeled
NER dataset Ds,n.

According to Guideline-II, there is discrepancy
between the source and target domain/language.
To deal with the gap, it is essential to apply fine-
tuning tasks on the mixture of the source and target
data. Besides, an effective way to bridge the gap
is transforming source data into the target format,
e.g., translate the source language data into target
language. Therefore, we collect b) unlabeled NER
dataset Ds,no and d) labeled MRC dataset Ds,m in
the ‘Source Data’.

3.3.2 Fine-tuning Process
Based on AdaptaBERT, we novelly introduce a
MRC task between domain-tuning and task-tuning
process. Thus, our fine-tuning process contains
three fine-tuning tasks as follows.

Masked Language Model (MLM). To adapt
contextualized word embeddings to both the source
and target data, we use MLM (Devlin et al., 2018).

Based on Guideline-II, We train the model on a
mixture of dataset Dt,no and Ds,no. We use the
same strategy with (Han and Eisenstein, 2019) to
generate 10 random maskings for each instance.

Machine Reading Comprehension (MRC).
Based on the Guideline-III, we add a span
extraction MRC task, which has three advantages:
a) MRC can enhance the ability of NER model
on span extraction and help NER better capture
semantic information of different entity types; b)
MRC framework can be used to solve NER task
(Li et al., 2020) and it becomes a bridge between
NER and other tasks; and c) Recent work on
framing other tasks as MRC (Wu et al., 2019; Liu
et al., 2020a) provides an idea for transferring
knowledge from different tasks with a unified
framework. The MRC model is implemented
by feeding the contextualized word embedding
of each token xt into two linear classification
layers, respectively. The probability of each token
being the start or the end index of a span can be
computed as follows:

pstartt =softmax(Wstart · xt),
pendt =softmax(Wend · xt),

(2)
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where Wstart and Wend ∈ R d1×2 are learnable
parameters, and d1 denotes the dimensions of con-
textualized word embedding. Finally, the model
is trained by optimizing the Cross-Entropy loss
over pstartt and pendt . According to Guideline-II,
we train the MRC model on all available MRC data
Dt,m, Ds,m and NER dataDs,n that is transformed
into MRC format Ds,nm following (Li et al., 2020).

Named Entity Recognition (NER). To fine-
tune contextualized word embeddings continually
and learn the prediction model, we feed contex-
tualized word embeddings into a linear classifica-
tion layer and maximize the probability of each to-
ken with the ground-truth entity label. Concretely,
given an input token sequence x = {xi}Ni=1 with
N words, we firstly feed it into the feature en-
coder fθ to obtain contextualized word embeddings
h = {hi}Ni=1 for all tokens:

h = fθ(x), (3)

where hi is the feature vector corresponding to
the i-th token xi and fθ is based on pre-trained
language model, i.e., BERT (Devlin et al., 2018),
where θ denotes model parameters. Then hi is fed
into a linear classification layer with the softmax
function to predict the probability distribution of
entity labels, which is formulated as follows:

p(ŷ|xi) = softmax(Whi + b), (4)

where ŷ ∈ Y with Y being one-hot vectors cor-
responding to different entity labels, and {W, b}
denotes learnable parameters. The loss function is
defined as the cross entropy between the predicted
probability distribution of each entity label and the
ground-truth one for each word. We train NER
model on Ds,n and predict labels on Dt,no.

3.3.3 Training
A novel training process is proposed to narrow the
gap between the knowledge from available data
and the Targets, which contains three processes,
i.e., MRC enhancing, pseudo data enhancing, and
continual learning enhancing.
MRC Enhancing. We fine-tune contextualized
word embeddings by sequentially training the
MLM f(·, θmlm), MRC g(·, θmrc), and NER
h(·, θner) at Step-1∼3 in Figure 2.
Pseudo Data Enhancing. According to Guideline-
IV, we use the trained NER model (Step-3) to
generate pseudo labels on NER unlabeled target
data D̂t,n (Step-4) and then fine-tune NER model
h(·, θ(0)ner) continually on generated pseudo-labeled

target data at Step-5.

Algorithm 1 The training process of TOF.
Input: Dataset Dt,no, Ds,no, Dt,m, Ds,m,

Ds,n, and Ds,nm; MLM f(·; θmlm); MRC
g(·; θmrc); NER h(·; θner); pre-trained BERT
θ(0); Number of pseudo-data iterations T .

Output: h(·, θ(T )ner).
1: Initialize θmlm = θ(0)

2: Fine-tune f(·, θmlm) on {Dt,no, Ds,no}
3: Initialize θmrc = θmlm
4: Fine-tune g(·, θmrc) on{Dt,m, Ds,m, Ds,nm}
5: Initialize θner = θmrc
6: Fine-tune h(·, θner) on {Ds,n}
7: Gen pseudo-NER D̂t,n ← h(·, θner)on Dt,no

8: Initialize θ(0)ner = θner
9: Fine-tune h(·, θ(0)ner) on {D̂t,n}

10: Gen pseudo-NER D
(0)
t,n ← h(·, θ(0)ner) on D̂t,no

11: Gen pseudo-MRC D̂
(0)
t,m ← D̂

(0)
t,n

12: for i = 1→ T do
13: Initialize θ(i)mrc = θ(i−1)ner

14: Fine-tune g(·, θ(i)mrc) on {Dt,m, D̂
(i−1)
t,m }

15: Initialize θ(i)ner = θ(i)mrc
16: Fine-tune h(·, θ(i)ner) on {D̂(i−1)

t,n }
17: Gen pseudo-NER D̂

(i)
t,n ← h(·, θ(i)ner) on

Dt,no

18: Gen pseudo-MRC D̂
(i)
t,m ← D̂

(i)
t,n

19: end for
20: Predict h(·, θ(T )ner) on Dt,no

21: return h(·, θ(T )ner)

Continual Learning Enhancing. We design a
continual learning strategy to make full use of
pseudo data and imitate the training procedure on
the Targets. We continually perform fine-tuning
between MRC and NER with considering pseudo
data (Step-6∼7 ), based on the following three con-
siderations: 1) pseudo-labeled target NER data
can be refined by the fine-tuned NER model af-
ter each iterations, 2) pseudo data is transformed
into MRC format, which directly introduces entity
type knowledge in target data through definition
of MRC questions, and 3) pseudo data participates
in both MRC and NER training, which can en-
hance knowledge connections between two tasks.
At Step-8∼9, we refine pseudo data with newly
fine-tuned NER model and take it as training data.
After T times iteration, we conduct predictions on
unlabeled target data with NER model h(·, θ(T )ner)
(Step-10).
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The training procedure is summarized as 1.
Dt,no and Ds,no demote unlabeled NER data in the
target and source domain/language, respectively.
Dt,m andDs,m denote labeled MRC data in the tar-
get and source domain/language, respectively. Dt,n

and Ds,n denote labeled NER data in the target
and source domain/language, respectively. Partic-
ularly, Dt,n is the pseudo-labeled NER data in the
target domain/language generated by NER model.
And we transformed it into the MRC format, as
Ds,nm. f(·; θmlm), g(·; θmrc) and h(·; θner) de-
note the model of MLM, MRC, and NER, respec-
tively. Note that ‘Gen’ in Algorithm 1 denotes the
generalize operation.

4 Experiments

4.1 Data Preparation

We take CoNLL03 for English (en) in the news
domain as the source dataset for both cross-lingual
and cross-domain tasks.
Cross-Lingual. We consider three NER datasets
in target languages: CoNLL03 for German
(de) (Tjong Kim Sang and De Meulder, 2003),
CoNLL02 for Dutch (nl) and Spanish (es) (Tjong
Kim Sang, 2002). All datasets are labeled with
4 entity types: PER, ORG, LOC, MISC. Each of
them is split into training, validation and test sets
following (Wu et al., 2020b). We use three MRC
datasets in target languages: MLQA (es) (Lewis
et al., 2019), XQuAD (de) (Artetxe et al., 2019),
and SQuAD (en) (Rajpurkar et al., 2016).
Cross-Domain. We use three English datasets in
target domains: CBS SciTech News dataset (Jia
et al., 2019), short as CBS, in the science and
technology news domain, Twitter NER (Zhang
et al., 2018b) and WNUT16 (Strauss et al., 2016)
in the social media domain. We use two English
MRC datasets from news and twitter domains re-
spectively: NewsQA (Trischler et al., 2016) and
TweetQA (Xiong et al., 2019). The statistics of
datasets are shown in 5 in Appendix A.

4.2 Data Preprocessing

NER datasets are processed in the ‘BIO’ scheme
with four entity types, i.e., PER, LOC, ORG, and
MISC except for WNUT16. We perform entity
span detection task on WNUT16. Since there are
ten entity types annotated in WNUT16, it is differ-
ent from annotations in source domain/language.
For MRC datasets, we transform all of them into a
unified format following (Li et al., 2020) for MRC

training. Besides, following (Li et al., 2020), we
map the labeled NER datasets to labeled MRC
dataset. Concretely, we use the description of each
entity for annotators as the query, and each sen-
tence as context. The corresponding answers for
each query are entity spans with the same entity
type in the sentence. We delete all entity labels on
the target data and only use the unlabeled data. We
use training and validation sets from the source for
training and evaluation, and do predictions on test
sets from different target domains/languages.

4.3 Implementation Details

We use BERT-base and multilingual BERT (De-
vlin et al., 2018) to initialize contextualized word
embeddings in cross-domain and cross-lingual sce-
narios, respectively. We empirically follow the
hyperparameter settings of (Han and Eisenstein,
2019) and (Li et al., 2020) except for the learning
rate and batch size. Due to the discrepancy between
various datasets, we choose the learning rate for
Adam (Zhang et al., 2018a) optimizer according
to the best performance of checkpoints on the vali-
dation set. And the batch size is set to 32, 16 and
64 for MLM, MRC and NER, respectively. More
hyperparameters for training procedure are listed
in Appendix B.

4.4 Systems

We evaluate following systems by entity-level F1
scores (Sang and De Meulder, 2003). Moreover,
we conduct each experiment 5 times and report the
mean F1-score.
BERT-ML. Moon et al. (2019) apply the multilin-
gual BERT to cross-lingual NER.
TSL. Wu et al. (2020a) propose a teacher-student
learning method for cross-lingual NER.
UniTrans. Wu et al. (2020b) unify data transfer
and model transfer for cross-lingual NER.
mCell LSTM. Jia and Zhang (2020) design a multi-
cell compositional LSTM for cross-domain NER.
COFEE-MRC. Xue et al. (2020) inject coarse-
to-fine automatically mined entity knowledge in a
pre-trained language model for cross-domain NER.
AdaptaBERT. Han and Eisenstein (2019) perform
domain-tuning and task-tuning as described in Sec-
tion 2.2. We take the AdaptaBERT as our baseline
in the cross-domain scenario.
AdaptaBERT + translation. Another baseline is
set for the cross-lingual scenario. We apply trans-
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Systems cross-lingual cross-domain
es nl de avg CBS Twitter WNUT16 avg

BERT-ML(Moon et al., 2019)† 76.53 83.35 72.44 77.44 - - - -
TSL (Wu et al., 2020a)† 78.00 81.33 75.33 78.22 - - - -
UniTrans(Wu et al., 2020b)† 79.31 82.90 74.82 79.01 - - - -
+ ensemble 79.29 83.07 75.55 79.29 - - - -

mCell LSTM(Jia and Zhang, 2020)† - - - - 75.19 - - -
COFEE-MRC(Xue et al., 2020)† - - - - - 54.56 - -

AdaptaBERT(Han and Eisenstein, 2019)
∗ 75.30 78.52 70.90

75.20
75.30 65.61 63.03‡

67.98
(± 0.30) (± 0.25) (± 0.54) (± 0.37) (± 0.46) (± 0.23)

+ translation
76.18 80.30 72.47

76.32 - - - -
(± 0.13) (± 0.52) (± 0.75)

TOF(ours)
80.35 82.79 76.57 79.90 76.41 67.94 67.86 70.74

(± 0.29) (± 0.17) (± 0.16) (± 0.5) (± 0.09) (± 0.27)

w/o continual learning
79.44 81.64 76.39

79.16
75.95 67.13 67.70

70.26
(± 0.08) (± 0.17) ± 0.17 (± 0.38) (± 0.05) (± 0.08)

w/o pseudo data & w/o continual learning
78.32 80.56 73.61

77.50
75.34 66.18 66.45

69.32
(± 1.11) (± 0.35) ± 0.61 (± 0.51) (± 0.17) (± 0.39)

Table 1: Results of our method and previous state-of-the-art methods for zero-resource NER in cross-lingual and
cross-domain. ‘avg’ denotes the average of F1 scores (%) on three benchmarks. ‘†’ denotes original results reported
in their original papers. ‘∗’ denotes results re-implemented by us. Note that ‘‡’ denotes our re-implemented result
on WNUT16 and the previous state-of-the-art result on it is 62.8 reported by Han and Eisenstein (2019).

lations of source data2 to both domain-tuning and
task-tuning of AdaptaBERT.
TOF. Our method is built on two baselines for
the cross-lingual and cross-domain scenario, re-
spectively. ‘w/o continual learning’ denotes the
framework without Step-6∼9. ‘w/o pseudo data &
w/o continual learning’ denotes the framework only
performs MRC enhancing at Step-1∼3 of Figure 2.

5 Results and Analysis

5.1 Overall Performance

Table 1 lists main results of our method in con-
trast with previous state-of-the-art methods in both
cross-lingual and cross-domain scenarios.
Cross-Lingual. Our baseline on three cross-
lingual benchmarks is implemented by train-
ing AdaptaBERT with additional translations
of source language data, referred as ‘Adapt-
aBERT+translations’ in Table 1. Our method
achieves significant improvements over baseline
of F1-scores 4.17, 2.49, and 4.1 for es, nl, and de,
respectively. Compared to previous methods, our
TOF framework achieves the new state-of-the-art
results on two benchmarks es and de. Besides, Ta-
ble 1 shows the results of our TOF after removing
‘pseudo data’ and ‘continual learning’, respectively,
which demonstrates the effectiveness of these two

2We translate the source language data into the target lan-
guage following (Wu et al., 2020b) using MUSE (Conneau
et al., 2017).

enhancing strategies. The improvement of our TOF
on nl (2.49 ↑) is not as good as other two languages
(es:4.17 ↑ and de: 4.1 ↑), which results from the
scarcity of MRC data in nl. The results well demon-
strate the effectiveness of our proposed framework,
which benefit from our four guidelines.
Cross-Domain. We regard re-implemented re-
sults of AdaptaBERT as our baseline, since it
not only achieves the state-of-the-art performance
on WNUT16, but also outperforms the previous
state-of-the-art methods on both CBS and Twitter.
Our framework yields obvious improvements over
the baseline (CBS: 1.11 ↑, Twitter: 2.33 ↑ and
WNUT16: 4.83 ↑) and achieves new state-of-the-
art results on three datasets. In conclusion, all these
results verify the effectiveness and generalizability
of our TOF in cross-domain setting.

5.2 Ablation Study

We conduct ablation studies to explore how MRC
datasets make difference at step 1∼3 in Figure 2.
Table 2 highlights the impact of different MRC data
in both cross-lingual and cross-domain scenarios.

In the cross-lingual scenario, we consider five
kinds of MRC data: 1) ‘w/o target MRC data’ de-
noting training without MRC data in the target lan-
guage; 2) ‘w/o source MRC data’ denoting train-
ing without MRC data in English; 3) ‘w/o source
MRC data (trans)’ denoting without translating the
source MRC data into the target language; 4) ‘w/o
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# Methods cross-lingual cross-domain
es nl de avg CBS Twitter WNUT16 avg

0 TOFMRC−enhancing 78.32 80.30 73.61 77.41 75.34 66.18 66.45 69.32

1 w/o target MRC data 0.34 ↓ - 0.72 ↓ - 0.44 ↓ 1.99 ↓ 0.39 ↓ 0.93 ↓
2 w/o source MRC data 1.82 ↓ 1.26 ↓ 1.96 ↓ 1.68 ↓ 0 0.25 ↓ 0.78 ↓ 0.54 ↓
3 w/o source MRC data (trans) 2.57 ↓ 0.05 ↓ 1.65 ↓ 1.42 ↓ - - - -

4 w/o NER-MRC data 3.69 ↓ 0.83 ↓ 1.48 ↓ 2.00 ↓ 0.88 ↓ 0.65 ↓ 0.26 ↓ 0.59 ↓
5 w/o NER-MRC data (trans) 3.02 ↓ 1.01 ↓ 1.30 ↓ 1.77 ↓ - - - -

Table 2: Ablation study for TOFMRC−enhancing , which only performs step 1∼3 in Figure 2. Row 1∼5 list the
performance changes compared with Row 0. ‘↓’ denotes the drop of performance.

cross-lingual cross-domain
es nl de avg CBS Twitter WNUT16 avg

MLM→MRC→ NER 78.32 80.30 73.61 77.41 75.34 66.18 66.45 69.32
MRC→MLM→ NER 73.17 81.06 73.06 75.76 74.90 65.87 66.13 68.97

Table 3: Results of our TOF framework with different fine-tuning orders.

NER-MRC data’ denoting without transforming
the NER data into MRC format; and 5) ‘w/o NER-
MRC data (trans)’ denoting without translating the
NER-MRC data into the target language.

Results demonstrate that removing any data gen-
erally causes a performance drop. Therefore, we
draw more in-depth observations as follows. For
es, ‘NER-MRC data’ brings the greatest drop of
the performance (Row 4). For nl and de, ‘source
MRC data’ has the greatest impact (Row 2). Be-
sides, ‘source MRC data’ affects the performance
more than ‘target MRC data’ (Row 2 vs. Row 1).
We think it is because ‘source MRC data’ is twice
as much as the target one.

In the cross-domain scenario, since all of three
target datasets are in English but in different do-
mains, we do not consider the translated data (Row
3 and 5) in Table 2. Therefore, we conduct ablation
studies on three kinds of data: 1) ‘w/o target MRC
data’ denoting training without the target domain
MRC data; 2) ‘w/o source MRC data’ denoting
without the source domain MRC data; and 4) ‘w/o
NER-MRC’ data denoting without transforming
the NER data into MRC format.

According to the average results in Table 2, we
observe that ‘target MRC data’, ‘NER-MRC data’,
and ‘source MRC data’ are in descending order of
impact. It is intuitive that on Twitter, as shown in
Table 2 (Row 1 vs. Row 2 and Row 4), ‘target MRC
data’ has the greatest impact on the performance,
when the amount of the target MRC data is greater

than or equal to that of ‘source MRC data’ and
‘NER-MRC data’. However, CBS is affected most
by ‘NER-MRC data’ (Row 4), since its target MRC
data are collected from news domain, not science
and technology news. For WNUT16, both ‘target
MRC data’ and ‘source MRC data’ bring more
drops than ‘NER-MRC data’ (Row 1 and Row 2
vs. Row 4). We conjecture that since WNUT16 is
an entity span detection task rather than standard
NER, it is affected more by the golden MRC data
than NER-MRC data.

5.3 Impact of Task Order
We explore the impact of two different sequences
for MRC-enhancing, i.e, ‘MLM→MRC→ NER’
and ‘MRC → MLM → NER’ as shown in Ta-
ble 3. The results demonstrate that the former
outperforms the latter in both cross-lingual and
cross-domain scenarios. We conjecture that MLM
can capture knowledge of data itself, e.g., domain-
specific information and linguistic characters, and
MRC captures task-specific information with an-
notations. Besides, MRC is more relevant to NER
than MLM according to task relevance. Therefore,
MRC is appropriate to be an intermediate task.

5.4 Comparison with SpanBERT
We replace the pre-trained language model BERT
with SpanBERT (Joshi et al., 2020) in the Adapt-
aBERT and MRC-enhancing of our TOF to com-
pare the span-enhancing method with ours. The
results are shown in Table 4. 1) SpanBERT is
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# Methods CBS Twitter WNUT16 avg

1 AdaptaBERT 75.30 65.61 63.03 67.98
2 +MRC-enhancing 75.34 66.18 66.45 69.32

3 SpanBERT 75.37 67.11 64.17 68.88
4 +MRC-enhancing 75.48 67.46 67.80 70.25

Table 4: AdaptaBERT vs SpanBERT (Joshi et al.,
2020) in cross-domain NER.

superior to BERT-base for NER task (Row 3 vs.
Row 1). Different from BERT with masking differ-
ent tokens for each instance, SpanBERT masks a
span with several adjacent tokens, which is more
related to NER task. 2) ‘SpanBERT’ underper-
forms ‘AdaptaBERT+MRC-enhancing’ on CBS
and WNUT16 (Row 2 vs. Row 3), which sug-
gests that although SpanBERT is trained on a large
amount of corpus, it is not appropriate for some
specific domains. Our MRC-enhancing method
uses limited MRC data but achieves more improve-
ments, which shows that MLM can not capture
enough task-specific information and it is neces-
sary to introduce other NER-related tasks. 3) Our
MRC-enhancing method can make further improve-
ments based on SpanBERT (Row 4 vs. Row 3).

6 Related Work

Zero-resource NER. Some studies (Jia and Zhang,
2020; Pfeiffer et al., 2020; Vidoni et al., 2020) fo-
cus on improving architectures of existing models,
which add new components into networks to cap-
ture specific knowledge, i.e., entity types, language
and task characteristics. Different from these meth-
ods, our approach only modifies the training pro-
cedure without changing model structures. Other
studies introduce different auxiliary tasks to allevi-
ate data scarcity (Han and Eisenstein, 2019; Xue
et al., 2020; Phang et al., 2020). They are usu-
ally based on multi-task learning or two-phrase
fine-tuning. Multi-task learning requires balance
between the target task and auxiliary tasks, which
needs carefully designed objectives. Although two-
phrase fine-tuning is effective, it is still inadequate
for available data and depends on valid data selec-
tion. Our work differs in that we not only propose
four practical guidelines to guide data selection
and task fine-tuning, but also design a task-oriented
fine-tuning framework to exploit more diverse data
and target-oriented training strategies.
Data Augmentation. Our approach is inspired by
some studies on text classification. Gururangan

et al. (2020) utilize unlabeled data in different do-
mains and tasks. Ben-David et al. (2020) exploit
unlabeled corpora from multiple domains. Unlike
these methods, we focus on target domain/language
data with annotations for other tasks, which not
only transfers domain/language knowledge, but
also utilizes available annotations for other tasks.
MRC for Different Tasks. Although most re-
searches on NER focus on the sequence labeling
framework (Huang et al., 2015; Ma and Hovy,
2016; Akbik et al., 2018; Liu et al., 2019), our
work is also inspired by formatting other tasks as
MRC, such as NER (Li et al., 2020), co-reference
resolution (Wu et al., 2019), and event extraction
(Liu et al., 2020a). These studies show the su-
periority and scalability of MRC framework and
provide a reference for our work. Different from
(Li et al., 2020) using MRC to build a new solution
architecture for NER, we exploit MRC to improve
the training procedure of NER that is based on se-
quence labeling. Besides, we perform continual
learning between MRC and NER to enhance the
impact of MRC on NER.

7 Conclusion and Future Work

In this paper, we analyze the problem of data
scarcity in zero-resource NER. To alleviate this
issue, we propose four practical guidelines on trans-
ferring knowledge from three aspects, i.e., domain,
language, and task, and strengthening connections
between the source and target data. Based on these
guidelines, we design a task-oriented fine-tuning
framework to enhance the training procedure with
various strategies. Our approach yields significant
improvements on six benchmarks and achieves the
state-of-the-art on five benchmarks. In the future,
we will extend our framework on different target
tasks and more task-specific enhancing strategies.
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A Statistics

The statistics of all datasets are listed in Table 5.
We regard CoNLL03 in English as the source NER
data in both cross-lingual and cross-domain scenar-
ios. For target NER datasets, we consider cross-
lingual and cross-domain scenarios, respectively.

In the cross-lingual scenario, CoNLL03 in Ger-
man, CoNLL02 in Spanish, and CoNLL02 in
Dutch denote the benchmark datasets in the tar-
get languages, i.e., German (de), Spanish (es),
and Dutch (nl), respectively. In terms of MRC
datasets, we apply MLQA in Spanish and XQuAD
in German as labeled MRC datasets in the target
languages, i.e., on es and de. Note that we use
the initial validation and test splits in MLQA and
XQuAD as the training and validation sets in our
work. Since it is difficult to obtain labeled MRC
datasets for nl, we consider the MRC data in the
source language, i.e., English (en).

In the cross-domain scenario, CBS SciTech
News NER datasets, short as CBS, in science and
technology news domain, Tiwtter NER dataset in
twitter domainm, and the shared task on entity
span detection for WNUT2016 in twitter domain
are considered as the target domain NER datasets.
All of these three cross-domain benchmarks are
in English. We use NewsQA in news domains for
MRC fine-tuning on CBS, due to lack of available
MRC data in science and technology news domain.
TweetQA is applied to both Twitter and WNUT16
NER as the MRC data in the target domain.

B Hyperparameters

In the training procedure, we fine-tune each MLM
model for 3 epochs, MRC for 6 epochs, and NER
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Benchmark Task Language Domain Training Validation Test

CoNLL03 NER English(en) News 14987 3466 3684

Cross-Lingual

CoNLL03 NER German(en) News 12705 3068 3160
CoNLL02 NER Spanish(es) News 8323 1915 1517
CoNLL02 NER Dutch(nl) News 15806 2895 5195
MLQA MRC Spanish(es) Multi-domain 5254 500 -
XQuAD MRC German(de) Multi-domain 1190 428 -
SQuAD MRC English(en) Multi-domain 10000 1000 -

Cross-Domain

CBS SciTech NER English(en) Science-technoloy news - - 2000
TwitterNER NER English(en) Social-media 4000 1000 3256
WNUT16 ESD∗ English(en) Social-media 2394 1000 3856
NewsQA MRC English(en) News 92550 5167 5127
TweetQA MRC English(en) Social-media 10692 1086 1979

Table 5: Dataset statistics. ‘∗’ denotes the entity span detection task.

Methods cross-lingual cross-domain
es nl de CBS Twitter WNUT16

MRC-enhancing MRC 2e-6 1e-6 1e-6 2e-5 2e-5 2e-5
MRC-enhancing NER 5e-5 2e-5 2e-5 5e-5 2e-5 5e-5

Pseudo data NER 2e-5 1e-5 1e-5 8e-5 1e-6 1e-6
Continual learning MRC 5e-5 2e-6 2e-5 8e-6 3e-5 1e-6
Continual learning NER 5e-5 5e-6 1e-6 3e-5 5e-6 2e-6

Table 6: Learning rate of MRC and NER model on different datasets.
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for 6 epochs. Besides, we perform continual learn-
ing for one iteration and achieve the best perfor-
mance. To re-implement our results easily, we set
the seed to a fixed value as 2019 following (Han
and Eisenstein, 2019). The learning rate of MLM
on each dataset is set to 5e-5. The learning rate
of MRC and NER model on different datasets is
listed in Table 6. To find the proper learning rate,
we perform the hyperparameter search on a set of
learning rete values, i.e., 1e-6, 2e-6, 5e-6, 8e-6,
1e-5, 2e-5, 3e-5. 5e-5, 8e-5. And we choose hyper-
parameter values according to the best validation
performance. We train our model on one NVIDIA
Tesla P40 (24GB). The average runtime of our TOF
framework on different datasets varies from 6 hours
to 2 days, due to the data size of different datasets.
Other hyperparameters are set following (Han and
Eisenstein, 2019) and (Li et al., 2020).

1615



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 1616–1629
August 1–6, 2021. ©2021 Association for Computational Linguistics

BERT-Defense: A Probabilistic Model Based on BERT to
Combat Cognitively Inspired Orthographic Adversarial Attacks

Yannik Keller†, Jan Mackensen†, Steffen Eger‡
† Center of Cognitive Science

‡ Natural Language Learning Group
Technische Universität Darmstadt

{yannik.keller,jan.mackensen}@stud.tu-darmstadt.de
eger@aiphes.tu-darmstadt.de

Abstract

Adversarial attacks expose important blind
spots of deep learning systems. While word-
and sentence-level attack scenarios mostly
deal with finding semantic paraphrases of the
input that fool NLP models, character-level
attacks typically insert typos into the input
stream. It is commonly thought that these are
easier to defend via spelling correction mod-
ules. In this work, we show that both a stan-
dard spellchecker and the approach of Pruthi
et al. (2019), which trains to defend against in-
sertions, deletions and swaps, perform poorly
on the character-level benchmark recently pro-
posed in Eger and Benz (2020) which includes
more challenging attacks such as visual and
phonetic perturbations and missing word seg-
mentations. In contrast, we show that an
untrained iterative approach which combines
context-independent character-level informa-
tion with context-dependent information from
BERT’s masked language modeling can per-
form on par with human crowd-workers from
Amazon Mechanical Turk (AMT) supervised
via 3-shot learning.

1 Introduction

Adversarial attacks to machine learning systems are
malicious modifications of their inputs designed to
fool machines into misclassification but not hu-
mans (Goodfellow et al., 2015). One of their goals
is to expose blind-spots of deep learning models,
which can then be shielded against. In the NLP
community, typically two different kinds of attack
scenarios are considered. “High-level” attacks para-
phrase (semantically or syntactically) the input sen-
tence (Iyyer et al., 2018; Alzantot et al., 2018; Jin
et al., 2020) so that the classification label does not
change, but the model changes its decision. Of-

Aɠuyĩˢpɬayįng aṱrǜmₚèt.

Substring Levenshtein
          distance

1. a buy is paying trumpet.
3. abuyla paying trumpet.

2.  a buy is paying a trumpet.

Hypothesis before BERT improvements

4. abuyla paying a trumpet.

BERT

1. a guy is playing trumpet.
3. andyla playing trumpet..

2. a guy is playing a trumpet.

Hypothesis after BERT improvements

4. abuyla playing a trumpet.

GPT

A guy is playing a trumpet.

Figure 1: A high-level overview of the processing of an
example sentence in our adversarial-defense pipeline.
The sentences shown for the hypothesis have been cre-
ated by choosing the maximum of their associated prob-
ability distributions over words.

ten, this is framed as a search problem where the
attacker has at least access to model predictions
(Zang et al., 2020). “Low-level” attackers operate
on the level of characters and may consist of adver-
sarial typos (Belinkov and Bisk, 2018; Ebrahimi
et al., 2018a; Pruthi et al., 2019; Jones et al., 2020)
or replacement of characters with similarly look-
ing ones (Eger et al., 2019; Li et al., 2020a). Such
attacks may also be successful when the attacker
operates in a blind mode, without having access
to model predictions, and they are arguably more
realistic, e.g., in social media. However, Pruthi
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et al. (2019) showed that orthographic attacks can
be addressed by placing a spelling correction mod-
ule in front of a downstream classifier, which may
be considered a natural solution to the problem.1

In this work, we apply their approach to the
recently proposed benchmark Zéroe of Eger and
Benz (2020), illustrated in Table 1, which provides
an array of cognitively motivated orthographic at-
tacks, including missing word segmentation, pho-
netic and visual attacks. We show that the spelling
correction module of Pruthi et al. (2019), which has
been trained on simple typo attacks such as charac-
ter swaps and character deletions, fails to general-
ize to this benchmark. This motivates us to propose
a novel technique to addressing various forms of or-
thographic adversaries that does not require to train
on the low-level attacks: first, we obtain probabil-
ity distributions over likely true underlying words
from a dictionary using a context-independent ex-
tension of the Levenshtein distance; then we use
the masked language modeling objective of BERT,
which gives likelihoods over word substitutions in
context, to refine the obtained probabilities. We
iteratively repeat this process to improve the word
context from which to predict clean words. Finally,
we apply a source text independent language model
to produce fluent output text.

Our contributions: (i) We empirically show
that this approach performs much better than
the trained model of Pruthi et al. (2019) on the
Zéroe benchmark. Furthermore, (ii) we also eval-
uate human robustness on Zéroe and (iii) demon-
strate that our iterative approach, which we call
BERT-Defense, sometimes even outperforms hu-
man crowd-workers trained via 3-shot learning.

2 Related work

Zeng et al. (2020) classify adversarial attack scenar-
ios in terms of the accessibility of the victim model
to the attacker:2 white-box attackers (Ebrahimi
et al., 2018b) have full access to the victim model
including its gradient to construct adversarial ex-
amples. In contrast, black-box attackers have only
limited knowledge of the victim models: score-
(Alzantot et al., 2018; Jin et al., 2020) and decision-
based attackers (Ribeiro et al., 2018) require access

1One could argue that such a pipeline solution is not en-
tirely satisfactory from a more theoretical perspective, and that
downstream classifiers should be innately robust to attacks in
the same way as humans.

2Another recent survey of adversarial attacks in NLP is
provided by Roth et al. (2021).

Attacker Sentence

inner-shuffle A man is drnviig a car.
full-shuffle A amn is ginvdir a acr.
disemvowel A mn is drvng a cr.
intrude A ma#n i*s driving a caˆr.
keyboard-typo A mwn is dricing a caf.
natural-typo A wan his driving as car.
truncate A man is drivin a car.
segmentation Aman isdriving a car.
phonetic Ae man izz dreyvinn a cahar.
visual

Table 1: Examples for the adversarial attacks from
the Zéroe benchmark. The phonetic and visual exam-
ples show our modified implementations (see appendix
A.2).

to the victim models’ prediction scores (classifi-
cation probabilities) and final decisions (predicted
class), respectively. A score-based black-box at-
tacker of particular interest in our context is BERT-
ATTACK (Li et al., 2020b). BERT-ATTACK uses
the masked language model (MLM) of BERT to
replace words with other words that fit the context.
BERT-ATTACK is related to our approach because
it uses BERT’s MLM in an attack-mode while we
use it in defense-mode. Further, in our terminol-
ogy, BERT-ATTACK is a high-level attacker, while
we combine BERT with an edit distance based
approach to restore low-level adversarial attacks.
Blind attackers make fewest assumptions and have
no knowledge of the victim models at all. Arguably,
they are most realistic, e.g., in the context of on-
line discussion forums and other forms of social
media where users may not know which model
is employed (e.g.) to censor toxic comments and
users may also not have (large-scale) direct access
to model predictions.

In terms of blind attackers, Eger et al. (2019)
design the visual perturber VIPER which replaces
characters in the input stream with visual nearest
neighbors, an operation to which humans are seem-
ingly very robust.3 Eger and Benz (2020) propose
a canon of 10 cognitively inspired orthographic
character-level blind attackers. We use this bench-
mark, which is illustrated in Table 1, in our appli-
cation scenario. While Eger et al. (2019) and Eger
and Benz (2020) are only moderately successful in

3Basing text processing on visual properties was also re-
cently explored in Wang et al. (2020) and Salesky et al. (2021).
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defending against their orthographic attacks with
adversarial learning (Goodfellow et al., 2015) (i.e.,
including perturbed instances at train time), Pruthi
et al. (2019) show that placing a word recognition
(correction) module in front of a downstream clas-
sifier may be much more effective. They use a
correction model trained to recognize words cor-
rupted by random adds, drops, swaps, and keyboard
mistakes. Zhou et al. (2019) also train on the adver-
sarial attacks (insertion, deletion, swap as well as
word-level) against which they defend. In contrast,
we show that an untrained attack-agnostic itera-
tive model based on BERT may perform competi-
tively even with humans (crowd-workers) and that
this correction module may further be improved by
leveraging attack-specific knowledge. Jones et al.
(2020) place an encoding module—which should
map orthographically similar words to the same
(discrete) ‘encoding’—before the downstream clas-
sifier to improve robustness against adversarial ty-
pos. However, in contrast to Pruthi et al. (2019)
and BERT-Defense, their model does not restore
the attacked sentence to its original form so that it
is less desirable in situations where knowing the
underlying surface form may be relevant (e.g., for
human introspection or in tasks such as spelling
normalization).

In contemporaneous work, Hu et al. (2021) use
BERT for masked language modeling together with
an edit distance to correct a misspelled word in a
sentence. They assume a single misspelled word
that they correct by selecting from a set of edit
distance based hypotheses using BERT. In contrast,
in our approach we assume that multiple or even
all words in the sentence have been attacked using
adversarial attacks and that we do not know which
ones. Then, we use an edit distance and integrate its
results probabilistically with context information
obtained by BERT, rather than using edit distance
only for candidate selection.

3 Methods

Our complete model, which is outlined in Figure 1
on a high level, has three intuitive components. The
first component is context-independent and tries to
detect the tokens in a sentence from their given
(potentially perturbed) surface forms. This makes
sense, since we assume orthographic low-level at-
tacks on our data. The second component uses
context, via masked language modeling in BERT,
to refine the probability distributions obtained from

the first step. The third component uses a language
model (in our case, GPT) to make a choice between
multiple hypotheses. In the following, we describe
each of the three components.

3.1 Context-independent probability
In the first step of our sentence restoration pipeline,
we use a modified Levenshtein distance to convert
the sentence into a list of probability distributions
over word-piece tokens from a dictionary D. For
the dictionary, we choose BERT’s (Devlin et al.,
2019) default word-piece dictionary.

We begin by splitting the attacked sentence S
at spaces into word tokens w̃i. However, to be
able to use our word-piece dictionary D, we need
to find the appropriate segmentation of the tokens
into word-pieces.

Modified Levenshtein distance. We developed
a modified version of the Wagner–Fischer algo-
rithm (Wagner and Fischer, 1974) that calculates
a Levenshtein distance to substrings of the input
string and keeps track of start as well as end in-
dices of matching substrings. For each w̃i in S,
this algorithm (which is described in Appendix
A.1) calculates the substring Levenshtein distance
dist to every word-piece wd in D.

Segmentation hypothesis. We store the com-
puted distances dist(w̃i, wd) in a dictionary Ci that
maps each start-index s and end-index e to a list of
distances, i.e., Ci associates

(s, e) 7→
(
dist(w̃i, wd)

)
wd∈D′

Here, D′ selects the subset of all word-pieces in
D that match w̃i at the substring between s and
e. Using Ci, we can then perform a depth-first
search to compose w̃i from start and end-indices
in Ci. For example, a 10 character word w̃i could
be segmented into two words-pieces that match
the substrings from positions 1-5 and 6-10, respec-
tively, or a single word that matches from 1-10.
Let ci be the set of all segmentations of w̃i from
start and end indices. For example, ci could be{(

(1, 5), (6, 10)
)
,
(
(1, 10)

)}
. For each segmenta-

tion ci,α ∈ ci, we then calculate a total distance
d(ci,α) as a sum of the minimum distances of all
parts:

d(ci,α) =

len(ci,α)∑

k=1

min(Ci[ci,α,k]) (1)

Using the total distances to segment each token
w̃i, we can now create hypotheses H about how the
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whole sentence S consisting of n tokens should be
segmented into word-pieces. For this, we calculate
the Cartesian product between the sets of possible
segmentations for each word w̃i, i = 1, . . . , n:

H = c1 × c2 × · · · × cn

We set the loss of one hypothesis h =
(c1,α1 , . . . , cn,αn) ∈ H as the sum of the total dis-
tances of its parts that we calculated in Eq. (1)

loss(h) =
n∑

i=1

d(ci,αi)

By evaluating the softmax on the negative total
distances of the hypothesis, we calculate probabil-
ities if a hypothesis hv ∈ H is equal to the true
(unknown) segmentation h∗ of the n tokens:

dH = (loss(h))h∈H
P(hv=h∗ | S) = [softmax(−dH)]v

(2)

We will refer back to these probabilities in §3.3.

Word probability distributions. In a hypothe-
sis h ∈ H, a token w̃i has a single segmentation of
start and end indices associated with it, ci,α. For
all start- and end-indices (s, e), Ci[s, e] stores the
distances of the words that match w̃i between s
and e. Let D′ again be the dictionary containing
all those words. Let wd be a word-piece in D′ and
let w∗ ∈ D′ be the true match for the substring
between s and e of w̃i. Then, we can compute a
context-independent probability that wd is equal
to w∗, by evaluating the softmax on the negative
distances stored in Ci:

Ph(wd = w∗ | w̃) = [softmax(−Ci[s, e])]d
When we do this for all words in h and concate-
nate the results, we get a vector Vh of probability
distributions over dictionary word-pieces. This is
illustrated in Figure 2. We introduce the following
notation to select a probability distribution based
on its index in h using the subscript j:

Ph,j(wd = w∗ | w̃) := Vh,j

Domain-specific distance. In the remainder, we
will refer to the way of calculating the substring
distance as described above as attack-agnostic. Be-
yond this, we also aim to leverage domain-specific
knowledge. We refer to such an augmented dis-
tance as the domain-specific distance distM . Here,
we modify the operation costs in the substring Lev-
enshtein distance in certain situations.

1. Edit distance is reduced for visually similar

Ĥe is ŗйdɨߒg a sktaebaord

Hypothesis 1 (72%):

0.5%: He
0.4%: Be

0.8%: is
0.3%: its

0.22%: ending
0.21%: riding

3%: a
1%: (

1.1%: starboard
0.5%: steward

Hypothesis 2 (28%):

0.5%: He
0.4%: Be

0.8%: is
0.3%: its

0.22%: ending
0.21%: riding

3%: a
1%: (

0.7%: skate
0.4%: site

0.2%: board
0.1%: baird

Figure 2: A context independent probability distribu-
tion over words calculated for an example input sen-
tence. There are multiple segmentation-hypothesis as-
sociated with the sentence that each consist of a se-
quence of probability distributions over word-tokens.

characters. This builds on visual character rep-
resentations (Eger et al., 2019). See appendix
A.3 for details.

2. Addressing intruder attacks, we reduce dele-
tion costs depending on the frequency f of the
character in the source word. Our assumption
is that the same intruder symbol may be re-
peated in one word. Thus, we decay the cost
exponentially for increasing frequency using
the formula 0.75f−1.

3. Vowel insertion cost is reduced to 0.3 for
words that contain no vowels.

To address letter-shuffling, we additionally com-
pute an anagram distance of how close the attacked
word w̃i is to being an anagram to the dictionary
word wd. Let m be the number of characters that
are in one of the two words, but not in the other.
Then, our anagram distance distA computes to

distA(w̃i, wd) = 2m+ 1

When two words are permutations of each other,
the anagram distance is minimal and otherwise it
increases linearly in the number of different char-
acters between the two words. We then take the
minimum of the anagram distance and the substring
Levenshtein distance with modified operation costs
distM to obtain the domain-specific distF:

distF(w̃i, wd) = min(distA(w̃i, wd), distM(w̃i, wd))

3.2 Context-dependent probability using
BERT

In the following, we describe the context-based
improvement for a single hypothesis h ∈ H. In
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0.3%: The
0.2%: Tee

0.3%: man
0.2%: mad

0.5%: is
0.3%: in

0.12%: klein
0.07%: walking

      Avg. 
Embedding MASK

BERT for masked LM

0.02%: walking
0.005%: klein

0.3%: walking
0.15%: klein
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Figure 3: Iterative, context-based improvements of the
word predictions using BERT for masked LM. Each it-
eration, a different token will be masked. We calculate
context-dependent probabilities using Eq. (3) and inte-
grate them with our context-independent probabilities
in Eq. (4).

Figure 3, the whole process is illustrated for an ex-
ample sentence. The number of required iterations
should scale linearly with the amount of tokens in
the hypothesis, so we perform 2 · |h| iterations in
total. To perform one improvement iteration, we
perform the following steps:
1) Select an index j, of a token, that will be masked
for this iteration.
2) For the next part, we slightly modify BERT
for masked LM. Instead of using single tokens as
inputs as in BERT, we want to use our context-
independent probability distributions over word-
piece tokens. Thus, for each token wh,j in h, we
embed all relevant tokens wd from the context-
independent process described above using BERT’s
embedding layer and combine them into a weighted
average embedding using weights Ph,j(wd = w∗ |
w̃).
3) We now bypass BERT’s embedding layer and
feed the weighted average embeddings and the em-
bedding for the mask token directly into the next
layers of BERT1. As a result, BERT provides us
with a vector of scores SBERT for how well the
words from the word-piece dictionaryD fit into the
position of the masked word.
4) By applying the softmax on these scores, we
obtain a new probability distribution over word-

1Although BERT has only been trained on the single token
embeddings, we empirically found that feeding in averaged
embeddings produces very sensible results.

pieces which is dependent on the context c of the
token at position j:

Ph,j(wd = w∗ | c) = [softmax(SBERT)]d (3)

5) We make the simplifying assumption that each
word is attacked independently from the other
words. Thus, the context c is independent of the at-
tack on the word w̃. This means that the following
equality holds:

Ph,j(wd = w∗ | w̃, c) =
Ph,j(wd = w∗ | w̃)Ph,j(wd = w∗ | c) (4)

6) We go back to step 1) and use Ph,j(wd = w∗ |
w̃, c) from Eq. (4) instead of Ph,j(wd = w∗ | w̃)
to create the average embedding at position j.

3.3 Selecting the best hypothesis with GPT

After performing the context-based improvements,
we are left with multiple hypothesis h ∈ H. Each
of them has a hypothesis probability P(h=h∗ | S)
and a list of word-piece probabilities of length |h|
over dictionary words associated with it. Now,
we finally collapse the probability distributions by
taking the argmax to form actual sentences Sh:

wh,j ← argmax
wd

(Ph,j(wd = w∗ | w̃, c))

Sh ← (wh,j)
|h|
j=1

(5)

This allows us to use GPT (Radford et al., 2018) to
calculate a language modeling (perplexity) score
LMSh

for each sentence. Using softmax, we again
transform these scores into a probability distribu-
tion that describes the probability of a segmentation
hypothesis hv ∈ H being the correct segmentation
h∗, based on the restored sentences SH:

SH ← (Sh)h∈H
LMSH

← (LMSh
)h∈H

P(hv=h∗ | SH) = [softmax(LMSH
)]v

The original probability P(hv=h∗ | S) assigned
to each hypothesis is only based on the results of
the Levenshtein distance for the attacked sentence
S. Thus, as P(hv=h∗ | S) only depends on the
character-level properties of the attacked sentence
and P(hv=h∗ | SH) only depends on the seman-
tic properties of the underlying sentences, it makes
sense to assume that these distributions are inde-
pendent. This allows us to simply multiply them, to
get a probability distribution that captures semantic
as well as character-level properties:

P(hv=h∗ | SH, S) =
P(hv=h∗ | SH)P(hv=h∗ | S) (6)
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Hypothesis 1 (p=72%):

He is riding a starboard.

Hypothesis 2 (p=28%):

He is riding a skateboard.

GPT

H1: -1175
H2: -330

H1: 2%
H2: 98%

Language modeling
            score

Softmax
θ = 0.005

H1: 5%
H2: 95%

Combine with
original

probability

Figure 4: An example of how we use OpenAI GPT to
decide on which hypothesis to choose as our final sen-
tence prediction. The original probability of the seg-
mentation hypothesis calculated in Eq. (2) is multiplied
with a probability calculated from the language model-
ing score using Eq. (6).

In Figure 4, we visualize the above described pro-
cess for a specific example with only 2 hypotheses.

4 Experimental Setup

To obtain adversarially attacked sentences against
which to defend, we use the Eger and Benz (2020)
benchmark Zéroe of low-level adversarial attacks.
This benchmark contains implementations for a
wide range of cognitively inspired adversarial at-
tacks such as letter shuffling, disemvoweling, pho-
netic and visual attacks. The attacks are parame-
terized by a perturbation probability p ∈ [0, 1] that
controls how strongly the sentence is attacked.

We decided to slightly modify two of the attacks
in Zéroe, the phonetic and the visual attacks. On
close inspection, we found the phonetic attacks to
be too weak overall, with too few perturbations per
word. The visual attacks in Zeroé are based on
pixel similarity which is similar to the visual simi-
larity based defense in our domain-specific model.
Thus, to avoid attacking with the same method we
defend with, we decided to switch to a description
based visual attack model (DCES), just like in the
original paper (Eger et al., 2019).4 Our modifica-
tions are described in Appendix A.2.

Evaluation Instead of evaluating on a down-
stream task, we evaluate on the task of restoring
the original sentences from the perturbed sentences.
This allows us to easier compare to human perfor-
mances. It also provides a more difficult test case,

4Using description based defense and pixel based attacks
would have been possible just as well, but we believe doing it
reversely is consistent with the original specification in Eger
et al. (2019).

as a downstream classifier may infer the correct
solution even with part of the input destroyed or
omitted. Finally, being able to correct the input is
also important when the developed tools would be
used for humans, e.g., in spelling correction.

We evaluate the similarity of the sentences to the
ground-truth sentences with the following metrics:

1. Percent perfectly restored (PPR). The percent
of sentences that have been restored perfectly.
This is a coarse-grained sentence-level measure.

2. Editdistance. The Levenshtein (edit) distance
measures the number of insertions, deletions,
and substitutions necessary (on character-level)
to transform one sequence into another.

3. MoverScore (Zhao et al., 2019). MoverScore
measures the semantic similarity between two
sentences using BERT. It has been show to cor-
relate highly with humans as a semantic evalua-
tion metric.

For all of the metrics, letter case was ignored.

Attack scenarios. We sampled 400 sentences
from the GLUE (Wang et al., 2018) STS-B de-
velopment dataset for our experiments. We use
various attack scenarios to attack the sentences:

i) Each of the attack types of the Zéroe benchmark
(see Table 1). We set p = 0.3 throughout.

ii) To evaluate how higher perturbation levels in-
fluence restoration difficulty, we create 5 attack
scenarios for one attack scenario (we randomly
chose phonetic attacks) with perturbation levels
p from 0.1 to 0.9.

iii) We add combinations of attacks: these are per-
formed by first attacking the sentence with one
attack and then with another.

iv) In Random attack scenarios (rd:0.3,
[rd:0.3,rd:0.3], [rd:0.6,rd:0.6]), one or two
attack types from the benchmark are randomly
chosen for each sentence. These constitute
stronger attack situations and may be seen as
more challenging test cases.

Each of the 19 attack scenarios is applied to all
400 sentences individually to create 19 test cases
of attacked sentences.

Baselines and upper bounds. To evaluate how
well BERT-Defense restores sentences, we com-
pare its sentence restoration ability to two base-
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BERT-Defense, attack-agnostic

BERT-Defense, domain-specific

ScRNN Defense

Pyspellchecker

vi = visual, dv = disemvoweling,
tr = truncate, sg = segmentation, 
is = inner-shuffle,  fs = full-shuffle, 
in = intruders, kt = keyboard-typo,
nt = natural-typo, ph = phonetic,
rd = random
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Figure 5: Comparison between BERT-Defense, and the two baseline adversarial defense tools “pyspellchecker”
and “ScRNN defense”. The x-labels describe the attack and perturbation level the sentences were attacked with,
before applying on of the adversarial defense methods. For conditions with two attack types, the perturbations
were applied in order. For edit distance, lower is better. For the other metrics, higher is better. Exact values for the
results are included in the appendix in Table 6.

lines: (a) the Pyspellchecker (Barrus, 2020), a sim-
ple spellchecking algorithm that uses the Leven-
shtein distance and word frequency to correct er-
rors in text; (b) “ScRNN defense” from the Pruthi
et al. (2019) paper. This method uses an RNN
that has been trained to recognize and fix charac-
ter additions, swaps, deletions and keyboard typos.
Further, as we use Zeroé, a cognitively inspired
attack benchmark supposed to fool machines but
not humans, it is especially interesting to see how
BERT-Defense compares to human performance.
Thus, (c) we include human performance, obtained
from a crowd-sourcing experiment on Amazon Me-
chanical Turk (AMT). Note that humans are often
considered upper bounds in such settings.

Human experiment. Twenty-seven subjects
were recruited using AMT (21 male, mean age
38.37, std age 10.87) using PsiTurk (Gureckis et al.,
2016). Participants were paid $3 plus up to $1 score
based bonus (mean bonus 0.56, std bonus 0.40)
for restoring about 60 adversarially attacked sen-
tences. The task took on average 43.9 minutes with
a standard deviation of 20.1. Twenty of the sub-
jects where native English speakers, seven where
non-native speakers. The two groups did not signif-
icantly differ regarding their edit distances to the
true underlying sentences (unequal variance t-test,
p = .85).

We sampled 40 random sentences from nine of
our attack scenarios plus 40 random (non-attacked)
sentences from the original document. Each sen-
tence was restored by four different humans. The

whole set of 1600 sentences (10 scenarios times 40
sentences each times 4 repetitions) was then ran-
domly split into 27 sets of about 60 sentences. No
split contained the same sentence multiple times.
Each of the 27 participants got one of these sets
assigned. After a short instruction text, the partici-
pants where shown three examples of how to cor-
rectly restore a sentence (“3-shot learning”). Then
they were shown the sentences in their set sequen-
tially and entered their attempts at restoring the
sentences into a text-field.

5 Results and Discussion

Comparison with baselines. Figure 5 visual-
izes the results (full results are in the appendix).
BDagn (BERT-Defense, attack-agnostic) signifi-
cantly outperforms both baselines regarding Mover-
Score and PPR for all random attack scenarios (p
� 0.01, equal variance t-test). However, only
BDspec (BERT-Defense, domain-specific) achieves
a lower edit distance than the baselines. This dis-
crepancy between the measures is explained by the
fact that, by taking context into account, BERT-
Defense searches for the best restoration in the
space of sensible sentences, while Pyspellchecker
searches the best restoration for each word individ-
ually. Although ScRNN defense uses an RNN and
is able to take context into account, we found that
it also mainly seems to restore the words individ-
ually and rarely produces grammatically correct
sentences for strongly attacked inputs. Table 3,
which illustrates failure cases of all models, sup-
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Figure 6: Comparison between BERT-Defense and humans on Amazon Mechanical Turk.

ports this. In the failure case when BERT-Defense
fails to recognize the correct underlying sentence,
BERT-Defense outputs a mostly different sentence
that usually does make some sense, but has little in
common with the ground-truth sentence. This re-
sults in much higher edit distances than the failure
cases of the baselines which produce grammati-
cally wrong sentences, while restoring individual
words the best they can (this sometimes means not
trying at all). Interestingly, humans tend to produce
similar failure cases as BERT-Defense.

When comparing the performance on specific
attacks, we see a consistent margin of about 0.2
MoverScore and 15-35 percentage points PPR
between BDagn and the baselines across all at-
tacks. Exceptions include inner-shuffle, for which
ScRNN-Defense is on par with BDagn and segmen-
tation attacks, which hurt the performance of the
baselines far more than the performance of BERT-
Defense, which includes segmentation hypothesis
as an essential part of its restoration pipeline. For
BDspec, we see gains for attacks where we leverage
domain-specific knowledge. The biggest gains of
around 0.25 MoverScore are achieved against full-
shuffle, inner-shuffle and disemvoweling attacks.

In the No attack condition, we checked if the ad-
versarial defense methods introduce mistakes when
presented with clean sentences. Indeed, all models
introduce some errors: all three evaluation metrics
show that BERT-Defense introduces a few more
errors than Pyspellchecker but less than ScRNN
defense.

Comparison with humans. As stated before,
we evaluate human performance on 40 random sen-
tences for each of nine attacks and the no attack
condition (see appendix). For each of the sentences,
we obtain restorations from 4 crowd-workers. For
each attack scenario, we evaluate our metrics on all

restorations of these 40 sentences and averaged the
results. The results on the 40 attacked sentences are
shown in Figure 6. While BDagn performs slightly
worse than humans, BDspec matches human perfor-
mance with respect to all three evaluation metrics.
Regarding performance on specific attacks, humans
are still better than BERT-Defense when it comes
to defending phonetic attacks, while they have a
hard time defending full-shuffle attacks. The eval-
uations for the No attack setting reveal that the
crowd-workers in our experiment do make quite
a few copying mistakes. In fact, they introduce
slightly more mistakes than BERT-Defense.

No shielding No
Levenshtein

distance

No BERT No GPT BDagn BDspec

M
o
v
e
r 

S
co

re

Figure 7: Ablation study for BERT-Defense. The
MoverScore metric is shown for BERT-Defense with
exactly one single component left out, respectively, on
the rd:0.3,rd:0.3 attack. For comparison, we also show
the MoverScore without shielding and after shielding
with BDagn or BDspec using all components.

Ablation Study. We perform an ablation study
to asses the contribution of each individual com-
ponent of BERT-Defense. For the No Leven-
shtein distance condition, we created the context-
independent probability distribution by setting the
probability of known words (words in the dictio-
nary) in the attacked dataset to one and using a uni-
form random distribution for all unknown words.
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Attacked Sentence ScRNN BDagn

To lorge doog’s wronsing in sum grass. to lorge doog’s wronsing in sum grass. two large dogs rolling in the grass.
Two large dogs runningin some grass. two large dogs runningin some grass. two large dogs running in some grass.
Tw large dogs rnnng in some grss. throw large dogs running in some grss. two large dogs running in some grass.
Two larg dog runnin in some grass. two larg dog runnin in some grass. a large dog running in some grass.
Twolarge dogs running income graas. twolarge dogs running income graas. two large dogs running into grass.
To lrg doog’s rntng in sm gras .. to long dogs ring in sm gras. to the dogs running in the grass.

Table 2: Various illustrative attacks on the sentence “Two large dogs running in some grass.” and restorations
by ScRNN and BDagn. The attacked sentences are attacked with the following attacks (top to bottom): Phonetic-
0.7, Segmentation-0.3, Disemvowel-0.3, Truncate-0.3, Segmentation-0.5 & Keyboard-Typo-0.3, Random-0.3 &
Random-0.3 (the last two are double attacks).

Ground-truth china gives us regulators access
to audit records

Attacked
(rd:0.6,rd:0.6)

hainc gcive us regulafors essacf
to tufai rsxrdeo

Bert-Defense
(attack-agnostic)

haine gave us regulators space
to turn us over

Human hain gives us regulators escape
to dubai suborder

ScRNN Defense hainc give us regulafors essacf
to tufai rsxrdeo

Pyspellchecker hain give us regulators essay to
tufa rsxrdeo

Table 3: Failure cases for BERT-Defense, humans and
the baseline methods. Note that in the failure case,
BERT-Defense and Humans restore sentences that are
grammatically correct, but are mostly different from
the ground-truth. On the other hand, Pyspellchecker
and ScRNN Defense (Pruthi et al., 2019) either refuse
to try at all for strongly attacked words or create gram-
matically nonsensical sentences.

When using BERT-Defense without BERT, we di-
rectly select the best hypothesis from the context-
independent probability distribution using GPT. To
run BERT-Defense without GPT, we select the
hypothesis with the highest probability according
to the results from the modified Levenshtein dis-
tance and improve it using context-dependent prob-
abilities obtained with BERT. We evaluate on the
rd:0.3,rd:0.3 attack scenario, because we think that
it is the most challenging attack.

The results are shown in Figure 7. They indi-
cate that the most important component of BERT-
Defense is the Levenshtein distance, as BERT of-
ten does not have enough context to meaningfully
restore the sentences, given the difficult attacks
from Zeroé that typically modify many words in
each sentence. Removing BERT also considerably

decreases the performance of the defense model.
Finally, BERT-Defense without GPT performs on
par with BDagn in these experiments, suggesting
that BERT-Defense can also be used without GPT
for hypothesis selection.

More illustrating examples. To give an impres-
sion of the dataset and how the models cope with
the adversarial attacks, we show more illustrating
examples in Tables 2 and 5 (appendix). These indi-
cate the superiority of our approach in that it typi-
cally generates semantically adequate sentences.

6 Conclusion

We introduced BERT-Defense, a model that prob-
abilistically combines context-independent word
level information obtained from edit distance
with context-dependent information from BERT’s
masked language modeling to combat low-level
orthographic attacks. Our model does not train
on possible error types but still substantially out-
performs a spell-checker as well as the model of
Pruthi et al. (2019), which has been trained to
shield against edit distance like attacks, on a com-
prehensive benchmark of cognitively inspired at-
tack scenarios. We further show that our model
rivals human crowd-workers supervised in a 3-shot
manner. The generality of our approach allows it
to be applied to a variety of different “normaliza-
tion” problems, such as spelling normalization or
OCR post-correction (Eger et al., 2016) besides the
adversarial attack scenario considered in this work,
which we will explore in future work.

We release our code and data at https://

github.com/yannikkellerde/BERT-Defense.
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A Appendices

A.1 Modified Wagner-Fischer algorithm
The modified Wagner-Fischer algorithm gets the
source word S of length n and the target word T
of length m as inputs and performs the following
operations in a run-time O(mn).

1. Initialize distance matrix D of size (m+1)×
(n+ 1) with zeros

2. For i ∈ [1,m+ 1] do: Di,1 ← i− 1

3. Initialize a set-valued start matrix M of the
same size as D with empty sets.

4. For j ∈ [1, n+ 1] do: M1,j ← Set{j − 1}
5. For i ∈ [1,m+ 1] and j ∈ [1, n+ 1] do:

• Use previous entries of D to calculate
total cost of getting to (i, j) with the edit
distance operations:

– Insertion: Di−1,j + 1

– Substitution: Di−1,j−1 + 1

– Deletion: Di,j−1 + 1

– Swap: Di−2,j−2 + 1

– If Ti = Sj then no operation cost:
Di−1,j−1

• Enter the lowest cost from the edit dis-
tance operations into Di,j

• Update Mi,j by merging the set with the
set-valued entries of M that led to (i, j)
with lowest cost

6. Initialize empty list L

7. Store lowest entry of Dm+1 as c and for j ∈
[1, n+ 1] do

• If Dm+1,j = c do: For m ∈ Mm+1,j

do: Add a 2-tuple (m, j) into L.

8. Return c,L

A.2 Visual and Phonetic attacks
Visual attacks. In the BERT-Defense full-
distance pipeline, we exploit visual similarity (see
appendix A.3). The visual attacks implemented in
(Eger and Benz, 2020) are also based on visual sim-
ilarity. To avoid attacking with the same method
that we defend with, we decided to use VIPER-
DCES (Eger et al., 2019) instead. VIPER-DCES
exchanges characters based on similarity of the de-
scriptions from the Unicode 11.0.0 final names list
(e.g. LATIN SMALL LETTER A for the character
‘a’).

Figure 8: Different orientations/scales used for the let-
ter h. The version that matches a Unicode character the
best is used to calculate their similarity.

Phonetic attacks. The phonetic embeddings im-
plemented in Eger and Benz (2020) do not consis-
tently produce phonetic attacks of sufficient quality.
Thus, we used a many-to-many aligner (Jiampo-
jamarn et al., 2007; Eger, 2015) together with the
CMU Pronouncing Dictionary (cmudict) (Univer-
sity, 2014) and a word frequency list to calculate
statistics for the correspondence between letters
and phonemes. To attack a word, we convert the
word to phonemes using cmudict and then con-
vert it back to letters by sampling from the statis-
tics. The perturbation probability p for this attack
controls the sampling temperature which describes
how likely it is to sample letters that less frequently
correspond to the phoneme in question. Using this
method, we generate high-quality phonetically at-
tacked sentences such as the one in Table 1.

A.3 Visual similarity
We calculate the visual similarity of 30000 Uni-
code characters to 26 letters and 10 numbers. Each
glyph is drawn with Python’s pillow library (Lundh
and Clark, 2020) in 20pt using a fitting font from
the google-Noto font collection. The bitmap is
then cropped to contain only the glyph. Then the
image is resized and padded on the right and bot-
tom to be of size 30px × 30px. When compar-
ing the bitmap of a unicode glyph image and a
letter/number glyph, multiple versions of the let-
ter/number bitmap are created. For letters, the low-
ercase as well as the uppercase versions of each
letter are taken. The bitmap gets downsized to 5 dif-
ferent sizes between 30px×30px and 15px×15px,
rotated and flipped in all 8 unique ways and then
padded to 30px× 30px again, such that the glyph
is either placed at the top-left or the bottom left.
See Figure 8 for an example. The percentage of
matching black pixels between bitmaps are calcu-
lated and the highest matching percentage of all
version becomes the similarity score S. The sub-
stitution cost between two characters will then be

1627



calculated based on the similarity with the equa-
tion cost = max (0,min (1, (0.8− S) ∗ 3)). The
parameters of this equation have been tuned, so
that highly similar characters have a in very low
substitution costs while weakly similar characters
have next to no reduced in substitution cost.

A.4 Parameters, runtime and computing
infrastructure

All experiments where run on a single machine us-
ing an Intel(R) Core(TM) i7-4790K processor and
a Nvidia GeForce GTX 1070 Ti graphics card. The
restoration of a single sentence in the experiments
took on average 0.1 seconds using ScRNN Defense,
1.34 seconds for Pyspellchecker and 8 seconds for
BERT-defense. In total, BDagn includes 5 free pa-
rameters, most of them controlling the temperature
of the used softmax operation to ensure good rela-
tive weighting of the probability distributions. The
parameter values are shown in Table 4. All addi-
tional parameters for BDspec have been described
in §3.1.

Parameter Value
Softmax temperature for
context-independent hypothesis

10

Softmax temperature for
context-independent word-probabilities

1

Softmax temperature for BERT 0.25
Softmax temperature for GPT 0.005
Max number of hypothesis 10

Table 4: Parameters for BERT-Defense.

Attacked theensuing battls abd airstrikes
killed at peast 10 militqnts.

Ground-truth the ensuing battle and airstrikes
killed at least 10 militants.

BDagn the ensuing battle and air
strikes killed at least 10 mili-
tants.

BDspec the ensuing battle and air
strikes killed at least 10 mili-
tants.

ScRNN Defense tunney battls and airstrikes
killed at past 10 militqnts.

Pyspellchecker theensuing battle abd airstrips
killed at past 10 militants

Attacked
Ground-truth No, you don’t need to have

taken classes or earned a de-
gree in your area.

BDagn no, you do ,’ nee ,’ not besides
of never a degree, you are.

BDspec no, you do no’ need to have
taken classes or have a degree
in your area.

ScRNN Defense , yu so to nerve to era knaet
access of need a degree ı̈n your
areă.

Pyspellchecker
Attacked A man ix riding ;n s voat.
Ground-truth A man is riding on a boat.

BDagn a man is riding in a boat.
BDspec a man is riding in a boat.
ScRNN Defense a man imax riding on s voat.
Pyspellchecker a man ix riding in s vote

Table 5: Additional adversarial shielding examples on
the rd:0.3,rd:0.3 dataset.
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Dataset BDagn BDspec Pyspellchecker ScRNN Defense
Metric Mover Editdist Mover Editdist Mover Editdist Mover Editdist
vi:0.3 0.696 5.04 0.830 2.267 0.387 8.54 0.257 12.54
tr:0.3 0.778 2.91 0.767 3.14 0.605 3.34 0.386 7.25
dv:0.3 0.574 9.27 0.794 2.995 0.335 9.53 0.379 9.48
sg:0.3 0.820 2.02 0.808 2.22 0.459 4.52 0.4 6.19
is:0.3 0.539 9.91 0.842 2.767 0.44 9.26 0.520 7.04
fs:0.3 0.399 14.78 0.688 3.227 0.310 14.41 0.277 16.12
in:0.3 0.845 1.9 0.861 1.597 0.588 3.14 0.445 4.92
kt:0.3 0.832 1.96 0.562 2.36 0.596 2.8 0.416 5.89
nt:0.3 0.764 3.38 0.512 3.322 0.504 4.91 0.423 7.59
ph:0.1 0.776 3.21 0.779 3.082 0.632 3.35 0.535 5.50
ph:0.3 0.569 8.77 0.587 7.55 0.397 8.29 0.302 11.26
ph:0.5 0.437 13.25 0.469 12.062 0.275 11.78 0.208 15.19
ph:0.7 0.350 16.37 0.395 14.735 0.218 14.33 0.167 17.34
ph:0.9 0.314 18.45 0.341 16.967 0.194 15.81 0.152 18.63
sg:0.5,kt:0.3 0.701 4.29 0.537 4.47 0.23 7.07 0.158 10.25
vi:0.3,in:0.3 0.627 6.48 0.679 2.467 0.172 13.73 0.14 15.75
rd:0.3 0.676 6.48 0.650 3.485 0.44 7.25 0.375 8.91
rd:0.3,rd:0.3 0.501 11.49 0.451 6.657 0.269 12.0425 0.232 13.92
rd:0.6,rd:0.6 0.257 22.30 0.441 14.0 0.12 20.46 0.104 21.90

Table 6: Exact scores for the results shown in Figure 5.
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Abstract

Event detection is a fundamental task in infor-
mation extraction. Most previous approaches
typically view event detection as a trigger-
based classification problem, focusing on us-
ing syntactic dependency structure or exter-
nal knowledge to boost the classification per-
formance. To overcome the inherent issues
with existing trigger classification based mod-
els, we propose a novel approach to event de-
tection by formulating it as a graph parsing
problem, which can explicitly model the mul-
tiple event correlations and naturally utilize
the rich information conveyed by event type
and subtype. Furthermore, to cope with data
sparsity, we employ a pretrained sequence-to-
sequence (seq2seq) model to transduce an in-
put sentence into an accurate event graph with-
out the need for trigger words. Extensive
experimental results on the public ACE2005
dataset show that, our approach outperforms
all previous state-of-the-art models for event
detection by a large margin, obtaining an im-
provement of 4.2% F1 score. The result is very
encouraging since we achieve this with a con-
ceptually simple seq2seq model; moreover, by
extending the graph structure, this proposed ar-
chitecture can be flexibly applied to more in-
formation extraction problems for sentences.

1 Introduction

Event Detection (ED) is an important task in
Information Extraction (IE) that seeks to identify
instances of specified types of events in text (Ji
and Grishman, 2008; Li et al., 2013). For example,
for the input sentence shown in Figure 1, the ED
model aims to predict three event types expressed
by this sentence, each of which consists of an
event type label and its subtype label, according to
the ACE2005 Guidelines.

* Corresponding author.

Figure 1: An example of event detection

ED is an actively studied task in IE where deep
learning models have been the dominant approach
to deliver the state-of-the-art performance (Chen
et al., 2015; Nguyen et al., 2016; Sha et al., 2018;
Chen et al., 2018). The last few years witness the
success of graph convolutional neural networks for
ED (Nguyen and Grishman, 2018; Liu et al., 2018;
Yan et al., 2019; Lai et al., 2020) where the depen-
dency trees are employed to boost the performance.
Also, another line of research focused on exploiting
external knowledge to improve classification (Lu
et al., 2019; Liu et al., 2019a; Tong et al., 2020).

Nevertheless, most previous work typically
treats ED as the identification and classification
of trigger words, focusing on using various syn-
tactic dependency structure or external knowledge
to boost classification performance. Methodologi-
cally speaking, this type of trigger-based ED mod-
els suffer from the following inherent drawbacks.

Firstly, most previous approaches depend heav-
ily on the trigger word. On the one hand, trig-
gers are nonessential to event detection (Liu et al.,
2019b); On the other hand, the identification and
classification of trigger words may, to some extent,
hinder the accurate recognition of the events, due
to the fact that some events may be expressed by
multiple discontinuous words or phrases in one
sentence (See more illustrations in Section 5.4).
Particularly, the trigger-based ED models are prone
to suffer from the long tail issue (Tong et al., 2020).
Literatures available show that, (Liu et al., 2019b)
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is the only work for ED without using trigger words.
However, in the absence of trigger, (Liu et al.,
2019b) simply cast ED as a multi-label classifi-
cation problem for input sentences, which cannot
address the inherent issues with the trigger-based
approaches, as illustrated below.

Secondly, current ED models cannot explicitly
model the correlations between multiple events
in one sentence. In fact, the multiple event phe-
nomenon has been investigated by some existing
works (Chen et al., 2018; Liu et al., 2018), which
explore to aggregate more contextual information
from surrounding words to generate a powerful
representing vector for each candidate trigger by
employing a self-attention mechanism or a hierar-
chical tagging scheme, then respectively predict
the trigger label. However, note that modeling the
associations between triggers is not equivalent to
modeling the correlations between events. That is
to say, the current models cannot explicitly model
the correlations between multiple events.

Lastly, the existing approaches cannot leverage
the hierarchical structure information of event type
and subtype. The two kinds of event type labels
contain the information with different granularity.
Intuitively, the event type-level information can be
used to guide the subtype-level classification. Fur-
thermore, the event type or subtype label itself also
conveys explicit semantic information that may be
conducive to event prediction. However, the rich in-
formation is neglected by the existing approaches.

To address the three problems stated above si-
multaneously, we take a fresh look at this problem
and formulate ED, for the first time, as a graph
parsing problem. By regarding the multiple events
expressed by one sentence as a whole, we argue
that the goal of ED task is to output an event graph,
as shown in Figure 2. On the one hand, the event
graph is constructed to model the potential inter-
actions between the multiple events; on the other
hand, this graph structure can flexibly integrate
more event type information. Furthermore, un-
der the graph parsing formulation, we employ a
seq2seq model for event graph parsing, without the
need for the identification of the trigger words. In
particular, to cope with the data sparsity problem
with the ED task, we adopt a pretrained seq2seq
model, BART (Lewis et al., 2020), to accurately
generate the event graph. Experimental results
demonstrate that our method substantially outper-
forms all previous state-of-the-art models on the

public dataset ACE2005.
To sum up, this paper makes the following con-

tributions:

1. To the best of our knowledge, it is the first
time to formulate the event detection task as
graph parsing, which delivers some typical
benefits compared to the existing ED mod-
els. First, this graph parsing formulation can
explicitly model the correlations between mul-
tiple events in one sentence; second, the event
graph can be flexibly constructed to reflect the
hierarchical structure of event type and utilize
the semantic representations of the event type
labels.

2. We further propose a novel generation-based
approach to predict the event graph via a
seq2seq model. The proposed transducer can
directly derive the events from the global con-
textual information in the input sentences,
without being limited to the representations
of trigger words. Particularly, we employ a
pretrained model, BART (Lewis et al., 2020),
to generate a linearized event graph, thereby
addressing the data sparsity.

3. The extensive experiments over the public
dataset ACE2005 demonstrate that our ap-
proach outperforms the previous state-of-the-
art models for ED by a large margin, without
using the syntactic dependency information
and any external trigger knowledge.

Encouragingly, the proposed graph parsing
paradigm is not limited to the ED task. By mod-
ifying the graph structure according to the target
task, this graph parsing formulation can be flexibly
applied to more information extraction problems,
such as event extraction, relation extraction and so
on.

2 A Novel View of Event Detection

2.1 Task Description

Event detection task requires that certain specified
types of events, which are mentioned in the anno-
tated data, to be detected. The most common used
benchmark dataset in previous work is ACE 2005
corpus. The task defines 8 event types such as Life,
Business and so on, and 33 subtypes such as At-
tack, End-Position, etc. By the ACE annotation
guideline, every event mention is annotated with a
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ROOT

Conflict:
Attack

Business:
End-Org Life:Die

EVT-1 EVT-2 EVT-3

ROOT

Conflict:
Attack

Business:
End-Org Life:Die

EVT-1 EVT-2 EVT-3

(a) Single-node strategy

ROOT

ConflictBusiness Life

EVT-1 EVT-2 EVT-3

End-Org Attack Die

SUB SUB SUB

ROOT

ConflictBusiness Life

EVT-1 EVT-2 EVT-3

End-Org Attack Die

SUB SUB SUB

(b) Node-splitting strategy

(c) Trigger generation strategy

Figure 2: Three different event graphs constructed us-
ing the three different strategies, for the instance in Fig-
ure 1.

trigger that is a key word or phrase that most clearly
expresses the event occurrence.

2.2 Formulating ED as Graph Parsing

Traditionally, the goal of ED consists of identifying
trigger words (trigger identification) and classify-
ing them for the event types of interest (event clas-
sification) (Nguyen and Grishman, 2018; Liu et al.,
2018; Lai et al., 2020; Tong et al., 2020). However,
as pointed out by (Liu et al., 2019b), triggers are
nonessential to event detection. More importantly,
some events may be triggered by multiple discon-
tinuous words or phrases in one sentence, not by a
single word or single phrase.

Take a concrete example in ACE 2005 dataset
to illustrate: She lost her seat in the 1997 election.
In this sentence, an event type (Personnel:Elect)
is mentioned, and its gold trigger was labelled as
the word lost. In effect, to correctly recognize the
event type (Personnel:Elect) from this sentence, we
should comprehensively consider both the phrase
lost her seat and the word election in the sentence
(See more cases in Section 5.4). Therefore, it does
not seem plausible that the problem of predicting
an event from a whole sentence is reduced to the

representation learning of the single trigger word
for trigger classification or sequence labelling.

In this paper, we look at the ED task from a new
perspective. Given an input sentence, ED aims to
recognize and predict the mentioned event types.
Intuitively, the multiple events derived from the
same sentence should have a certain degree of cor-
relations between them. Therefore, to model the
correlations, we can view the multiple events corre-
sponding to a sentence as a whole, by linking them
together as a single graph, as shown in Figure 2(a).
To be specific, we first introduce a special node as
the root, and then attach each event type node as
a child of the root. It is worth to note that the root
of this event graph is not a virtual node. The root
can take two possible values: EVTS and NA. While
the input sentence does not contain any event, the
root is assigned the value NA; otherwise it is as-
signed the value EVTS. Therefore, the prediction
of root value is to judge whether the input sentence
expresses some events or not.

In addition to facilitating modeling multiple
event correlations, our graph parsing formulation
for ED also allows for the straightforward inclusion
of other types of graph-structured features. Partic-
ularly, the other typical benefits of graph parsing
formulation are as following:

• Flexibly leveraging the hierarchical structure
of event type and subtype. Previous approaches
to ED treat the event subtypes simply as 33 sepa-
rate event types and ignore the hierarchical struc-
ture between the event type and subtype. Obvi-
ously, the two kinds of type labels contain the
information with different granularity, both of
which are indicative for event detection. Fortu-
nately, our graph parsing framework allows for
reflecting the hierarchical structure information
by simply extending the event graph. A natural
node-splitting strategy can be adopted by decom-
posing one event node into two nodes: one event
type node and one subtype node, and linking
the subtype node as a child of the type node, as
shown in Figure 2(b). Compared to the single-
node strategy for event representing, as shown in
Figure 2(a), the node-splitting strategy indeed in-
troduces an effective coarse-to-fine way for event
type prediction, and therefore it is theoretically
superior to the single-node strategy.

• Naturally utilizing the semantic representa-
tion of event type label. Most previous
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classification-based approaches to ED generally
view each event type as a specific class, omitting
the semantic information conveyed by the event
type label. In fact, the event type label itself,
such as Divorce, Injure, etc, is informative to
the learning of ED models. In our graph parsing
formulation, it is straightforward to incorporate
the semantic representation of type label into the
model. Specifically, during decoding, we can
encode every previously generated node with the
corresponding type label embedding to assist the
prediction of later nodes. For example, in Fig-
ure 2(b), once the event type node Conflict is
generated, we can leverage the semantic repre-
sentation of the type Conflict to help to predict
the subtype node Attack and next type node Life.

• Reversely generating the event triggers. If the
event triggers are needed in some cases, it is
very flexible and convenient for our graph pars-
ing framework to generate the trigger words by
simply extending the event graph to yield the
triggers for every predicted events. Specifically,
we can append the trigger nodes as the children
of event type nodes in the event graph as shown
in Figure 2(c), and thus generate the trigger in
a reverse direction. That is to say, unlike the
traditional fashions in the existing trigger classi-
fication based models, we first predict the event
types from the input text, and then output the
corresponding triggers for previously predicted
event types.

3 Event Graph Parsing via a Pretrained
Seq2seq Model

Under our graph parsing formulation, the ED task
is to transduce an input sentence into an event
graph, as illustrated in Section 2. To achieve this,
we choose to predict nodes sequentially rather than
simultaneously, because (1) we believe the previ-
ous node generation is informative to the current
node prediction; (2) variants of efficient seq2seq
models (Bahdanau et al., 2014; See et al., 2017)
can be employed to model this process.

Theoretically, the advantages of applying a
seq2seq model to event graph parsing are two-fold.
First, there is no need to use trigger words for event
detection. Second, when predicting an event type
node during decoding, the global contextual in-
formation in the input sentence can be taken into
consideration by the cross-attention mechanism be-
tween the decoder and the encoder.

However, in the preliminary research experi-
ments, the generic seq2seq event detection ap-
proaches did not obtain satisfactory performance.
The main reason may be that the seq2seq-based
approaches are generally data-hungry. Especially,
for the ED task based on the benchmark dataset
ACE 2005, data sparsity may be the significant
challenge.

To deal with sparsity, we explore to employ
transfer learning by exploiting BART (Lewis et al.,
2020) to generate a linearized event graph incre-
mentally. BART is a Transformer-based encoder-
decoder model which is pretrained through a de-
noising self-supervised task, and has shown sig-
nificant improvements in conditioned generation
tasks, especially gaining state-of-the-art results
on summarization. For given input sentence, our
event graph generation is, to some extent, similar
to the abstractive summarization task. We there-
fore hypothesize that BART’s denoising pretraining
should be suitable for this task.

While applying BART to event graph parsing,
we first need to create the reference node list by a
depth-first traversal over the gold event graph for
training. In the preliminary experiments, we found
that the labels of edges (e.g. EVT-1, SUB, etc.) are
not informative to event detection; we therefore
omit these labels while linearizing the event graph.
For example, in Figure 2(b), the linearization or-
der contains EVTS, Business, End-Org, Conflict,
Attack, Life, Die.

Furthermore, we augment the vocabulary of
BART with some special symbols in order to make
it suitable for event detection. For example, we first
expand the vocabulary by adding the root value
(EVTS or NA) in the graph; then for some special
event subtype, such as Start-Org and End-Position,
we need to append these subtype labels to the vo-
cabulary. Additionally, we need to expand the em-
bedding matrices of encoder and decoder to include
the average of the subword constituents of each spe-
cial label.

For decoding in testing phase, we design a con-
strained beam search algorithm to generate the
node sequence incrementally, as illustrated in Al-
gorithm 1. Note that each particular event subtype
is subject to the event type constraints. Apparently,
this constrained decoding algorithm performs the
prediction of event type nodes in a coarse-to-fine
fashion, and can ensure to generate a valid event
graph.
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Algorithm 1: Constrained beam search
score = 0, Y = {BOS};
beam = {Y, score};
for i = 1 to maxlen do

new beam = {};
{Y, score} = beam.pop();
if i==1 then

if P (EV TS)<P (NA) then
break;

else if i==2 then
for vi in type set do

Y = Y ∪ vi, score+ = P (vi);
new beam.push({Y, score});

else
last token = Y[i-1];
if last token==EOS then

new beam.push({Y, score});
continue;

else if last token in type set then
for vi in constrained subtype set do

Y = Y ∪ vi, score+ = P (vi);
new beam.push({Y, score});

else
set = type set + {EOS};
for vi in set do

Y = Y ∪ vi, score+ = P (vi);
new beam.push({Y, score});

beam = new beam.topK();

{Y, score} ← beam.topK(k = 1);

4 Experiments

4.1 Dataset and Evaluation Metrics

We utilized the ACE 2005 corpus as our dataset.
For comparison, as the same as previous work (Ji
and Grishman, 2008; Liao and Grishman, 2010;
Hong et al., 2011; Li et al., 2013), we used the
same test set with 40 newswire articles and the
same development set with 30 other documents
randomly selected from different genres and the
rest 529 documents are used for training.

Also, following previous work (Liao and Grish-
man, 2010; Li et al., 2013; Chen et al., 2015; Liu
et al., 2019a; Tong et al., 2020), we use the follow-
ing criteria to evaluate the results:
Precision: the proportion of correctly predicted
events in total predicted events.
Recall: the proportion of correctly predicted events
in total gold events of the dataset.
F1-measure:2∗P∗R

P+R

4.2 Hyperparameters

The hyperparameters are tuned on the validation set.
For all the experiments, we use the same model hy-

perparameters as BART-Large, as defined in Hug-
gingface’s transformers library. The models are
trained using cross-entropy with RAdam as opti-
mizer and a learning rate of 5 ∗ 10−5. Gradient is
accumulated for 10 batches. Dropout is set to 0.25.
Our models are trained for 80 epochs, the batch
size in our training experiments is set to 300. For
decoding, we set beam size to 5 and the constant
maxlen to 20.

4.3 Overall Performance

In this section, we comprehensively compare our
performance with the following state-of-the-art
methods:
JRNN proposes a joint event extraction model
based on recurrent neural network to improve
ED (Nguyen et al., 2016).
DLRNN exploits document information via recur-
rent neural networks (Duan et al., 2017).
TBNNAM is the first work on detecting events
without triggers (Liu et al., 2019b).
GCN-ED uses an argument pooling mechanism
for event detection based on GCN (Nguyen and
Grishman, 2018).
JMEE uses GCN with highway network and self-
attention (Liu et al., 2018).
MOGANED is an advanced graph neural network
(GNN) model. It proposes a multi-order graph
attention network to effectively model the multi-
order syntactic relations in dependency trees and
improve ED (Yan et al., 2019).
EE-GCN simultaneously exploits syntactic struc-
ture and typed dependency label information to
perform ED (Cui et al., 2020).
GatedGCN proposes a novel gating mechanism to
filter noisy information in the hidden vectors of the
GCN models for ED (Lai et al., 2020).
Lu’s DISTILL proposes a -learning approach to
distill generalization knowledge to handle overfit-
ting (Lu et al., 2019).
TS-DISTILL exploits the entity ground-truth and
uses an adversarial imitation based knowledge dis-
tillation approach for ED (Liu et al., 2019a).
EKD leverages the wealth of the open-domain trig-
ger knowledge to improve ED (Tong et al., 2020).

Table 1 shows the overall performance compari-
son between our best system and the above state-
of-the-art models. In Table 1, we roughly divide
the state-of-the-art methods into three groups: data-
driven methods, syntactic dependency enhanced
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Method Precision Recall F1

JRNN 66.0 73.0 69.3
DLRNN 77.2 64.9 70.5

TBNNAM* 76.2 64.5 69.9

GCN-ED† 77.9 68.8 73.1
JMEE† 76.3 71.3 73.7

MOGANED† 79.5 72.3 75.7
EE-GCN† 76.7 78.6 77.6

GatedGCN† 78.8 76.3 77.6

Lu’s DISTILL∧ 76.3 71.9 74.0
TS-DISTILL∧ 76.8 72.9 74.8

EKD†∧ 79.1 78.0 78.6

Ours 83.2 82.4 82.8

Table 1: Overall Performance on ACE2005 dataset
(%). The results of baselines are adapted from their
original papers. † indicates that the method uses de-
pendency structures, ∧ indicates that the method uses
external knowledge and resources, * indicates that the
method does not need triggers.

methods and knowledge enhanced methods. Addi-
tionally, TBNNAM is the only work that does not
use trigger for ED, similarly to our work.

From Table 1, we can see that our approach that
adopts the node-splitting strategy to construct the
event graph achieves the best Precision, Recall and
F1 score among all the compared methods. It is
worth noting that our model simultaneously signif-
icantly improves both Precision and Recall with-
out using any additional information including the
POS tags, the syntactic dependency and external
knowledge, which shows the superiority of the pro-
posed graph parsing formulation for ED.

5 Analysis

5.1 Effect of Exploiting the Event Type
Information

Unlike previous models, our graph parsing formu-
lation can flexibly incorporate the rich information
conveyed by the event types into the event graph,
including the hierarchical structure of event type
and the semantic representation of the type label.
In this section, we prove the effect of exploiting the
event type information by the ablation test.

First, we compare the two different strategies for
constructing the event graph, i.e. the single-node
strategy and node-splitting strategy (as illustrated
in Section 2). As expected, the node-splitting strat-

egy that uses the hierarchical structure information
significantly outperform its counterpart, as shown
in Table 2.

Next, we verify the effect of the semantic repre-
sentation of the type label by treating every label of
event type or subtype as a special symbol, not us-
ing their word embedding learned in the pretrained
language model. From the results in Table 2 we
can observe that, ignoring the semantic representa-
tion of type label leads to a significant performance
drop, especially for the node-splitting strategy.

Method P R F1

Single-node strategy(-) 80.0 76.0 78.0
Single-node strategy 76.8 81.0 78.8
Node-splitting strategy(-) 79.0 78.8 78.9
Node-splitting strategy 83.2 82.4 82.8

Table 2: Performance comparison of differently struc-
tured event graphs with or without label embeddings.
The symbol - indicates that the method does not use
type label embeddings.

5.2 Effect of Multiple Event Recognition
Compared to the existing work, our ED approach
provides a more natural formulation to model the
multiple event correlations. To evaluate the ef-
fect of our approach to the multiple event recogni-
tion, we divide the test data into two parts (1/1 and
1/N) following previous work (Chen et al., 2015;
Nguyen et al., 2016), and perform evaluations sep-
arately. 1/1 means that one sentence only has one
event; otherwise, 1/N is used. Table 3 illustrates the
performance (F1 scores) of DMCNN (Chen et al.,
2015), JRNN (Nguyen et al., 2016), JMEE (Liu
et al., 2018) and HBTNGMA (Chen et al., 2018),
the four baseline models and our model for ED
task. As shown in Table 3, our model significantly
outperforms all the other methods. In the 1/N data
split, our method is 9.8% better than the best base-
line, JMEE. The experimental results demonstrate
that our method works well on the task of multiple
event recognition.

5.3 Effect of Pretrained Seq2seq Model
In this section, we inspect the effect caused by
the pretrained seq2seq model, BART. For this end,
we implemented a traditional seq2seq event graph
parsing system as baseline, by adopting the pointer-
generator network (See et al., 2017), and using
BERT embeddings (Devlin et al., 2019) to encode
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Method 1/1 1/N all

DMCNN 74.3 50.9 69.1
JRNN 75.6 64.8 69.3
HBTNGMA 78.4 59.5 73.3
JMEE 75.2 72.7 73.7
Ours 83.1 82.5 82.8

Table 3: Performance comparison on single event sen-
tences (1/1) and multiple event sentences (1/N).

the words. And the experimental results are illus-
trated in Table 6. We can see that, compared to
most state-of-the-art models as shown in Table 1,
this baseline obtains a competitive result. How-
ever, BART-based model can further substantially
improve F1 score by 6.6%, which indicates the im-
portance of the pretrained seq2seq for tackling data
sparsity.

Method P R F1

Pointer-generator-based 81.2 71.8 76.2
BART-based 83.2 82.4 82.8

Table 4: Performance of test set with or without pre-
trained seq2seq model.

5.4 Analysis of Cross-Attention Mechanism

In the absence of trigger words, can our
Transformer-based seq2seq event detection frame-
work capture the key clues in the source sentence
that express the target event type? In this section,
we answer this question by the case study.

Figure 3 presents several examples of the atten-
tion distributions learned by our model. In the
first case, the target event type is Life:Die and the
gold trigger is the word killed. We can see that
when predicting this event type, our attention not

only successfully attend the trigger word killed, but
also attend another strongly indicative phrase two
people with higher score. In the second case, the
target event type is Conflict:Attack, and the gold
trigger is the word strike. It can be observed that,
the three words: destroyed, houses and killed are
assigned with higher attention scores than the trig-
ger strike, which seems plausible for this target
type prediction. In the third case, the target event
type is Personnel:Elect, and the gold trigger is the
word lost. For this target type, there are relatively
strong connections with the phrase lost her seat
and another indicative word election.

These cases demonstrate that, though the triggers
are not used in our model, the cross-attention mech-
anism between the decoder and encoder can learn
to automatically and accurately capture the corre-
lation between the target event type and multiple
indicative words or phrases in the source sentence.

5.5 Can Our Approach Alleviate the Long
Tail Issue?

The trigger-based event detection models generally
suffer from the long tail issue (Lu et al., 2019; Tong
et al., 2020). Taking the benchmark ACE2005 as
an example, trigger words with frequency less than
5 account for 78.2% of the total. The long tail issue
makes the trigger-based models perform poorly
on unseen/sparsely labeled trigger words. In this
section, we evaluate whether our approach could
cope with the long tail issue.

Following previous work (Tong et al., 2020), we
divide the event instances in the test set into three
categories: Unseen, Sparsely-Labeled and Densely-
Labeled, according to their trigger frequency in the
training set. Specifically, the frequency of Sparsely-
Labeled is less than 5 and the frequency of Densely-
Labeled is more than 30. Also, following the
work (Tong et al., 2020), we choose the following

Figure 3: Visualization of cross-attention scores of sample instances learned by our model.
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baselines for comparison: (1) DMBERT (Chen
et al., 2015), (2) DGBERT (Chen et al., 2017), (3)
BOOTSTRAP (He and Sun, 2017), and (4) the
method EKD (Tong et al., 2020).

As shown in Table 5, our approach substantially
outperforms all baselines in all three settings, espe-
cially on unseen (+12.9%) and sparsely-labeled set-
tings (+4.8%). Why can our approach effectively
mitigate the long tail issue? Besides the better gen-
eralization endowed by our seq2seq event graph
parsing formulation, an important possible reason
is that since our approach adopts a trigger-free way
to detect the events, the event types corresponding
to the unseen or sparsely-labeled triggers can also
be expressed with other different triggers and thus
appear many times in the training set, thereby al-
leviating the long tail problem. The experimental
results clearly indicate that, the trigger-free ED ap-
proach may be a better alternative to the traditional
trigger-based models.

5.6 Effect of the Generation of Event
Triggers

In this section, we investigate the performance of
the trigger generation. As mentioned in Section 2.2,
our graph parsing framework can also conveniently
generate the event triggers by simply appending the
trigger nodes as the children of event type nodes in
the event graph, as shown is Figure 2(c). The exper-
imental results of trigger generation are illustrated
in Table 6.

P R F1

event type evaluation 80.6 84.5 82.5
event trigger evaluation 78.1 81.8 80.0

Table 6: Performance of event trigger generation.

We can observe that the F1-score of event type
evaluation achieves 82.5%, remaining almost un-

changed as the result of 82.8% shown in Table
1, and that the F1-score of trigger recognition
achieves 80.0%, significantly outperforming the
existing trigger classification based models.

6 Related Work

6.1 Event Detection
In earlier ED studies, the traditional feature-based
methods focused on exploiting the lexical and
global features to detect events (Ji and Grishman,
2008; Li et al., 2013). Most recent works have
focused on using neural networks in this task and
have achieved significant progress. We roughly di-
vide the recent approaches into three categories as
following:
Sequence-based models: This line of research op-
erates on the word sequences using the deep neu-
ral networks. (Chen et al., 2015) devises a dy-
namic multi-pooling convolutional neural network
to capture more information. (Nguyen et al., 2016)
presents a joint model based on bidirectional RNN
for event extraction. (Sha et al., 2018) adds depen-
dency arcs with weight to BiLSTM to make use
of tree structure and sequence structure simultane-
ously. (Chen et al., 2018) exploits a hierarchical
and bias tagging networks to detect multiple events
collectively.
GCN-based models: This line of research adopts
the Graph Convolutional Network (GCN) over the
dependency tree of a sentence to boost the per-
formance. (Nguyen and Grishman, 2018) is the
first attempt to use GCN in ED. (Liu et al., 2018)
employs a syntactic GCN and a self-attention mech-
anism to model multiple events extraction. (Yan
et al., 2019) improves GCN by combining multi-
order word representation from different GCN lay-
ers.
Knowledge Distillation-based models: More re-
cently, some approaches focus on leveraging vari-
ous external knowledge to improve classification.

Method
Unseen Sparsely Labeled Densely Labeled

P R F1 P R F1 P R F1

DMBERT 66.7 45.9 54.4 74.4 70.7 72.5 84.8 83.5 84.1
DGBERT 76.5 42.6 54.7 75.7 70.1 72.8 85.9 83.8 84.3

BOOTSTRAP 73.7 45.9 56.6 76.0 71.3 73.6 90.6 83.5 86.9
EKD 79.0 52.0 62.7 80.8 72.4 76.4 92.5 82.2 87.1
Ours 92.2 64.1 75.6 87.9 75.5 81.2 85.7 90.6 88.1

Table 5: Performance comparison on the unseen, sparsely-labeled and densely-labeled settings.
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(Lu et al., 2019) proposes a new representation
learning framework to distill both discrimination
and generalization knowledge for ED. (Liu et al.,
2019a) uses an adversarial imitation based knowl-
edge distillation approach for ED. (Tong et al.,
2020) proposes an enrichment knowledge distilla-
tion model to leverage external open-domain trig-
ger knowledge to address the long-tail issue.

Unlike the existing ED models based on trigger
classification, we formulate ED as a novel graph
parsing problem, therefore it can explicitly model
the multiple event correlations and incorporate the
rich information regarding the event types.

6.2 Prertained Seq2seq Models

Pre-training a universal model and then fine-tuning
the model on a downstream task have recently be-
come a popular strategy in the field of natural lan-
guage processing (Devlin et al., 2019). Recent
studies also propose approaches to pre-training
seq2seq models, such as MASS (Song et al., 2019),
PoDA (Wang et al., 2019), PEGASUS (Zhang
et al., 2019), BART (Lewis et al., 2020), and
T5 (Raffel et al., 2019)

In this paper, our experiments only examine
BART. We leave explorations of these models for
future work.

7 Conclusion

This paper presents the first work to formulate ED
as a graph parsing task, and to introduce a novel
generation-based method to predict event graph by
using a pretrained seq2seq model. Our approach
is conceptually simple and does not use syntac-
tic dependency information and any other extra
knowledge; however, it significantly outperforms
the traditional trigger classification-based encoder-
only approaches, advancing the state of the art in
event detection.

In future work, we will integrate the syntactic
dependency structure and external knowledge into
our model to further improve the ED performance;
in particular, we will explore to extend our graph
parsing architecture to more IE problems, such as
event extraction, relation extraction and so on. For
example, by adding the event argument nodes to
the event graph and linking them as the children
of event type nodes, the event extraction problem
should be solved in a similar way.
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Abstract

Named Entity Recognition (NER) is a fun-
damental and widely used task in natural
language processing (NLP), which is gener-
ally trained on the human-annotated corpus.
However, data annotation is costly and time-
consuming, which restricts its scale and further
leads to the performance bottleneck of NER
models. In reality, we can conveniently collect
large-scale entity dictionaries and distantly su-
pervised data. However, the collected dictio-
naries are lack of semantic context and the
distantly supervised training instances contain
large noise, which will bring uncertain effects
to NER models when directly incorporated
into the high-quality training set. To address
the above issue, we propose a BERT-based de-
coupled NER model with two-stage training to
appropriately take advantage of the heteroge-
neous corpus, including dictionaries, distantly
supervised instances, and human-annotated in-
stances. Our decoupled model consists of
a Mention-BERT and a Context-BERT to re-
spectively learn from the context-deficient dic-
tionaries and noised distantly supervised in-
stances at the pre-training stage. At the unified-
training stage, the two BERTs are trained to-
gether on human-annotated data to predict the
correct labels for candidate regions. Empirical
studies on three Chinese NER datasets demon-
strate that our method achieves significant im-
provements against several baselines, estab-
lishing the new state-of-the-art performance.

1 Introduction

Named entity recognition is a fundamental Natural
Language Processing task that labels each word
in sentences with predefined types, such as Per-
son (PER), Location (LOC), Organization (ORG),
etc. The results of NER can be used in many

∗ Joint work with Pattern Recognition Center, WeChat
AI, Tencent Inc. Work was done when Yun Hu was intern at
WeChat AI.

downstream NLP tasks, e.g., relation extraction
(Bunescu and Mooney, 2005), information retrieval
(Chen et al., 2015), and question answering (Yao
and Van Durme, 2014). Supervised methods are
mainstream approaches to NER, including CRF
(Lafferty et al., 2001) and neural network models
(Collobert et al., 2011; Lample et al., 2016; Ma
and Hovy, 2016). Recently, large-scale pre-trained
language models fine-tuned upon a limited amount
of annotated data achieve competitive or better per-
formance in NER task (Peters et al., 2018; Devlin
et al., 2019; Yang et al., 2019b).

Supervised NER methods require a sufficient
amount of sentence-level annotated data, even
for the methods using pre-trained language mod-
els. However, obtaining sentence-level annotated
data is expensive and thus leads to small train-
ing data size and performance bottleneck of su-
pervised models. In practice, entity dictionaries
(or gazetteers) and unlabeled corpora can be ob-
tained at a low cost. Furthermore, distantly su-
pervised data can be automatically generated by
matching the unlabeled data against entity dictio-
naries. These data can form a heterogeneous cor-
pus, which has potential to improve the NER task.
However, dictionaries contain only entity mentions
without context, and distantly supervised data can
be highly noisy in terms of wrong labels and wrong
boundaries. As a result, it is unwise to treat dic-
tionaries and distantly supervised data equally to
human-annotated ones.

To better utilize heterogeneous corpus, we pro-
pose a BERT-based decoupled NER model with
two-stage training. The decoupled model decou-
ples mention information and context information
with a Mention-BERT and a Context-BERT, which
can better exploit the information in entity data
and distantly supervised data respectively. In the
pre-training stage, the Mention-BERT can be pre-
trained using the entity dictionary with a classifica-
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tion task, and the Context-BERT can be pre-trained
using the distantly supervised data with two aux-
iliary tasks (masked language modeling task and
classification task). During inference, the decou-
pled model can utilize the mention information and
context information together to make the final pre-
diction. We evaluate our methods on three Chinese
NER datasets. Experimental results show that our
method outperforms baseline methods and achieves
the best results, demonstrating the effectiveness of
our methods. The contributions of our work can be
summarized as follows 1:

• We propose a decoupled NER model with
two-stage training, which can fully exploit
heterogeneous corpus consisting of dictionar-
ies, distantly supervised instances, and human-
annotated instances.

• Our model achieves the state-of-the-art re-
sults on three common Chinese NER datasets,
significantly outperforming current SOTA by
1.51% on OntoNotes and 1.7% on Weibo, as
well as obtaining a slight but noticeable gain
on MSRA.

2 Background

2.1 Named Entity Recognition
The task of named entity recognition is to find en-
tities in sentences with predefined types, such as
PER, LOC, and so on. Given an input sentence
X = {x1, x2, ..., xn} where xi denotes the i-th to-
ken, and a predefined tag set Y , NER can be mod-
eled as a sequence labeling or region-based classi-
fication task. In sequence labeling approaches, the
model aims to assign a label y ∈ Y to each token
xi. In region-based approaches, the model exam-
ines each candidate region {xi, xi+1, ..., xi+k} and
attempts to assign a label y ∈ Y to it, where i is
the starting position of the region in sentence, and
k is the length of the region. Our model follows
the framework of region-based approaches.

2.2 BERT-NER Model
Recently, large-scale pre-trained language models,
such as BERT (Devlin et al., 2019) and ELMo
(Peters et al., 2018), are widely used in NLP and
yield state-of-the-art performances on many tasks.
Pre-trained language models follow a two-stage
paradigm. They are first pre-trained on large-scale

1Our code and data are available at https://github.
com/huyun-cs/Decoupled_NER

unlabeled texts via self-supervised tasks such as
masked language modeling and next sentence pre-
diction, and then fine-tuned on relatively small la-
beled data of downstream tasks.

BERT-NER model is easily adapted from pre-
trained BERT model and can achieve competi-
tive performance. Given a sentence X , BERT
first outputs the sentence representation H =
{h1, h2, ..., hn}, where hi is the representation of
token xi. Then, H is passed through a feed for-
ward network (FNN) to obtain the label sequence
{y1, y2, ..., yn}:

yi = softmax(W · hi + b) (1)

whereW, b are parameters of the FFN, and yi is the
predicted label of xi.

Our model is built on top the BERT model. Com-
pared with the BERT-NER, we propose a new de-
coupled architecture to better utilize heterogeneous
data. Besides, different from the training tasks
of BERT, our model introduces task-aware pre-
training tasks into a two-stage training framework.

3 Approach

3.1 Model Architecture
Generally, an effective NER model should capture
two types of information for determining an entity,
i.e., mention information and context information.
In traditional NER models, the mention and context
information are typically coupled in annotated data.
Our proposed model decouples the two types of
information, making them to be more explicit and
easily learned from the heterogeneous corpus.

Overview. As shown in Figure 1, our model
consists of three main parts: a Mention-BERT, a
Context-BERT, and a Global-Classifier. The input
is a sentence along with a region denoting a men-
tion candidate. The model will decouple the men-
tion from the context and feed the two parts into
the Mention-BERT and the Context-BERT respec-
tively. Then, the outputs of the two BERTs will
be concatenated and passed through the Global-
Classifier to obtain the final label prediction. Ad-
ditionally, the two BERT outputs are also passed
through a mention-focused and a context-focused
classifier respectively to provide auxiliary supervi-
sion during training, which we will elaborate later.

Mention-BERT. The Mention-BERT is used to
capture the representation of the mention that to-
be recognized. The input of the Mention-BERT
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Figure 1: Model architecture. The model consists of a Mention-BERT, a Context-BERT, and a Global-Classifier.
The input sentence, “篮协成立于1956年6月” (the Basketball Association was founded in June 1956), will first be
converted into a〈MENTION, CONTEXT〉pair:〈“篮协” (Basketball Association), “[MASK]成立于1956年6月”
([MASK] was founded in June 1956). Then the mention and the context act as the input of the Mention-BERT
and the Context-BERT respectively. The outputs of the two BERTs will be concatenated and passed to the Global-
Classifier to obtain the final tag prediction (ORG).

is an entity mention in the input sentence, and the
output is the representation of the mention. The ar-
chitecture of the Mention-BERT is the same as the
original BERT, which is a multi-layer bidirectional
Transformer encoder. As shown in Figure 1(a),
given an entity mention m = {xi, xi+1, ..., xi+k},
we first add two special tokens ([CLS] and
[SEP]) to the beginning and the end of it, and
take the output corresponding to the [CLS] token
as representation hm of the mention:

hm = Mention-BERT(m) (2)

Context-BERT. The Context-BERT aims to en-
code the context around an entity mention. It has
the same architecture as the Mention-BERT. The
input c is just the context of the candidate men-
tion, where the mention is replaced by a special
[MASK] token. The output corresponding to the
[MASK] token position is used as a representation
for the context, denoted as hc:

hc = Context-BERT(c) (3)

As an example, in Figure 1(b), we have hc =
h1. Note that at inference time we use only
one [MASK] even for multi-token entities, as the
Context-BERT are not allowed to not use any in-
formation of the mention.

Global-Classifier. The Global-Classifier deter-
mines the input mention’s tag by considering both
the mention representation and the context repre-
sentation. In the implementation, we concatenate
the output of Mention-BERT hm and the output of
Context-BERT hc and pass them into a FFN:

yg = softmax(Wg · [hm : hc] + bg) (4)

where Wg, bg are parameters of the Global-
Classifier, and yg is the final prediction.

3.2 Two-stage Training

Pre-trained language models such as BERT aim
to model general patterns of language and treats
entity and non-entity words indiscriminately. It is
reasonable to expect that such models will not gen-
erate a perfect representation for the NER task. To
better utilize external heterogeneous data for the
NER task, we design a two-stage training frame-
work: (1) pre-training the Mention-BERT and the
Context-BERT on entity dictionaries and distantly
supervised data, and (2) training the unified model
on human-annotated data.

Heterogeneous Training Data. Despite the lim-
ited size of human-annotated data for NER, we can
easily collect large-scale entity dictionaries and un-
labeled text corpora, and hence generate distantly
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Figure 2: Pre-training process of the Mention-BERT.
The Mention-BERT is pre-trained on the entity dictio-
nary using a label classification task. For example, we
try to predict that “足协” (Football Association) on its
own is an organization.

supervised data. For dictionary data, the text of-
ten contains rich entity structure information. For
example, a person name often consists of the First
name and the Last name. For distantly supervised
data, the text often contains rich context informa-
tion, while has high noise. The most common
mistakes are wrong labels and wrong boundaries.
As a result, these data are not suitable to be di-
rectly incorporated for NER. However, they can be
naturally used as data for pre-training to learn high-
coverage and task-aware representations of entity
mentions and contexts. On the one hand, previous
research showed that further pre-training BERT to
do language modeling on in-domain corpus could
improve the performance of downstream tasks (Gu-
rurangan et al., 2020). On the other hand, either the
entity or the context itself can be a strong indicator
of entity types.

Mention-BERT Pre-Training. To better cap-
ture the regularity information of entities, the
Mention-BERT is pre-trained on entity dictionaries.
As shown in Figure 2, we add a feed forward classi-
fier denoted as Mention-Classifier for Pre-Training
on top of the Mention-BERT. The task is to classify
each input term into the most probable label ac-
cording to the dictionaries. For example, the output
for the term “足协” (Football Association) should
be ORG. Besides, to empower the model to learn
discriminative representations for non-entity terms
as well, we sample items from a common dictio-
nary that have never been seen in any one of the
entity dictionaries, and assign an O label to them.
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Figure 3: Pre-training process of the Context-BERT.
The model is trained on a masked language modeling
task and a label classification task simultaneously. For
example, we train the model to predict the masked to-
kens as “足协” (Football Association) and the entity
label as ORG, given only the context “[MASK]成立
于1955” ([MASK] was founded in 1955).

Context-BERT Pre-Training. As shown in Fig-
ure 3, the Context-BERT is pre-trained on distantly
supervised data with a hybrid task of masked lan-
guage modeling and entity label prediction. For
each input sentence, we pick one entity mention
in it at each time and replace all tokens in it with
[MASK] tokens. Given only the context with the
mention masked out, the model is trained to pre-
dict both the masked tokens along with the entity
label. We also randomly pick some non-entity re-
gions and assign O labels to them. To this end, we
use two classifiers, namely the Masked Language
Model and the Context-Classifier for Pre-Training.
The Masked Language Model is the same as in
the original BERT. The Context-Classifier for Pre-
Training is fed with the average pooling of the
Context-BERT’s outputs for all masked tokens.

Unified-Training. After pre-training, we per-
form the unified-training, in which the pre-trained
Mention-BERT and Context-BERT are put together
and further trained on human annotated data. To
construct training examples, we iterate over all en-
tity mentions in the annotated sentences and obtain
pairs of 〈MENTION, CONTEXT〉as the input of
our model (see Figure 1). We also select non-entity
regions as O. Given the correct label y, we define
the loss of the Global-Classifier Lg as follows:

Lg = CE(yg, y) (5)

where CE is the cross-entropy loss.
Furthermore, to avoid catastrophic forgetting for
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the pre-trained Mention-BERT and Context-BERT
in the unified-training, we also add two auxiliary
feed forward classifiers on top of Mention-BERT
and Context-BERT, denoted as Mention-Classifier
and Context-Classifier respectively (see (d) and (e)
in Figure 1). Both of them have the same structure
and objective as the Global-Classifier except input:

ym = softmax(Wm · hm + bm) (6)

yc = softmax(Wc · hc + bc) (7)

where Wm, bm,Wc, bc are parameters of the
Mention-Classifier and the Context-Classifier, and
ym, yc are the respective predictions. We define
losses for the two classifiers as follows:

Lm = CE(ym, y) (8)

Lc = CE(yc, y) (9)

The final loss L of our model at the unified-
training stage has three parts:

L = Lg + αLm + βLc (10)

where α, β ∈ [0, 1] are hyper-parameters.

4 Experiment

4.1 Dataset

We evaluate our methods on three Chinese NER
datasets: OntoNotes 4.0 (Weischedel et al., 2013),
MSRA (Levow, 2006), Weibo NER (Peng and
Dredze, 2015; He and Sun, 2017). OntoNotes
and MSRA are collected from newswire text, and
Weibo NER is from social media text 2. The detail
of the datasets is shown in Table 1. At the unified-
training stage, we treat all labeled entities in the
training dataset as entity mentions. To obtain non-
entity mentions, we take (1) all words and phrases
labeled as noun by the LTP 3 (Che et al., 2020)
lexicon tool, and (2) all words and phrases with
an edit distance less than one to any of the entity
mentions. During the test time, we first use LTP
and SoftLexicon (Ma et al., 2020) model to obtain
all regions of candidate entities. Then we use our
model to predict the final label for each region.

2For Weibo dataset, we only focus on the subset of entities
labeled as NAM, as the criteria for entity definition are the
same with OntoNotes and MSRA.

3http://ltp.ai/

Dataset Type Train Dev Test

OntoNotes
Sentence 15.7k 4.3k 4.3k

Char 491.9k 200.5k 208.1k

MSRA
Sentence 46.4k - 4.4k

Char 2169.9k - 172.6k

Weibo
Sentence 1.4k 0.27k 0.27k

Char 73.8k 14.5k 14.8k

Table 1: Statistics of the datasets.

4.2 Pre-training Corpora

Entity Dictionary. There are four types of entity
in our experiment: PER, ORG, GPE, and LOC. We
extend the dictionary used in Ding et al. (2019)
with more gazetteers collected from Sougou Dic-
tionary 4 and Baidu Dictionary 5. Finally, our
gazetteer contains 50k person names, 143k orga-
nization names, 43k geopolitical entities, and 33k
location names (see Appendix 1.1).

Distantly Supervised Data. The entity dictio-
nary above is used to match unannotated sentences
to obtain distantly supervised data. For OntoNotes
and MSRA dataset, we collect news documents on
the People’s Daily 6 published from 1949 to 2010.
For the Weibo dataset, we use the Weibo unanno-
tated data from Peng and Dredze (2015). Finally,
we obtain 893k sentences of distantly supervised
data for news and 837k for Weibo.

4.3 Training Setting

Some hyper-parameters for training can be found
in Appendix 1.2. We set the α = 0.5, β = 0.5 in
unified training through experiments. To better uti-
lize the common knowledge of the Mention-BERT
and Context-BERT, and also to reduce the model
size, the parameters of Mention-BERT and Context-
BERT are shared. We do not share the parameters
of each classifier, because the label sets and out-
put dimensions of the classifiers may be different
across the two-stage training.

4.4 Baselines

We use the following models as baselines:

BiLSTM-CRF from Lample et al. (2016), which
is a classical baseline for NER.

4https://pinyin.sogou.com/dict/
5https://shurufa.baidu.com/dict
6http://paper.people.com.cn
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Lattice LSTM from Zhang and Yang (2018),
which uses a dictionary and word embedding to
enhance character-based Chinese NER model.

BERT-NER from Devlin et al. (2019), which
uses the outputs from the last layer of BERT model
as feature representations, and does token classifi-
cation to extract entity.

Incomplete-NER from Jie et al. (2019), which
is based on BERT-CRF and uses cross-validation to
estimate the distribution of missing labels in distant
supervision 7.

MRC-NER from Li et al. (2020b), which con-
siders NER as machine reading comprehension.

SoftLexicon from Ma et al. (2020), which pro-
poses a simple but effective method for incorporat-
ing the word lexicon into the character representa-
tions in Chinese NER.

FLAT from Li et al. (2020a), which uses trans-
former to consider the relation between every char-
acter and word in the sentence.

ERNIE from Sun et al. (2019), which enhances
BERT through knowledge integration by using a
entity-level masked LM task and more raw text
from the Web resources.

CoFEE from Xue et al. (2020), which proposes
a NER-specific pre-training framework to inject
coarse-to-fine automatically mined entity knowl-
edge into pre-trained models.

4.5 Main Results

Following the evaluation metrics in previous work,
entity-level (exact entity match) standard micro
Precision (P), Recall (R), and F1 score are used to
evaluate the results.

Table 2 presents the comparison between our
model and baseline models. We can observe that
our decoupled model with two-stage pre-training
significantly outperforms recent models, establish-
ing a new state-of-the-art for supervised NER. For
OntoNotes, our model outperforms the SoftLex-
icon model by +1.51% in terms of F1. For Chi-
nese MSRA, the proposed method outperforms the
FLAT model. We also improve the F1 from 70.94%
to 72.64% on Weibo dataset. We can also see

7We use the code from https://github.com/
ZhuiyiTechnology/AutoIE. We combine human an-
notated data and distantly supervised data of equal size for
training

that the Mention-BERT pre-trained on entity dictio-
nary outperforms the plain decoupled model with-
out two-stage pre-training by 0.89% in OntoNotes,
0.52% in MSRA, and 1.55% in Weibo respectively.
These results show the effectiveness of Mention
pre-training for the NER task. The results also
show that Context-pretraining can improve perfor-
mance (0.46% in OntoNote, 0.34% in MSRA, and
0.57% in Weibo). Moreover, further pre-training
the Context-BERT based on Mention BERT using
distantly supervised data can lead to a performance
gain in F1 score(0.89% in OntoNote, 0.52% in
MSRA, and 1.55% in Weibo).

OntoNotes
P R F

BiLSTM-CRF (Lample et al., 2016) 68.79 60.35 64.30
Latice-LSTM (Zhang and Yang, 2018) 76.35 71.56 73.88
BERT-NER (Devlin et al., 2019) 78.01 80.35 79.16
Incomplete-NER (Jie et al., 2019) 79.18 81.24 80.20
MRC (Li et al., 2020b) 82.98 81.25 82.11
SoftLexicon (Ma et al., 2020) 83.41 82.21 82.81
FLAT (Li et al., 2020a) - - 81.82
CoFEE (Xue et al., 2020) 82.50 82.78 82.64
Decoupled model 83.79 83.06 83.43
+ Mention Pre-train 84.34 83.54 83.93
+ Context Pre-train 84.28 83.51 83.89
+ Mention and Context Pre-train 84.92 83.72 84.32

MSRA
P R F

BiLSTM-CRF (Lample et al., 2016) 90.74 86.96 88.81
Latice-LSTM (Zhang and Yang, 2018) 93.57 92.79 93.18
BERT-NER (Devlin et al., 2019) 94.97 94.62 94.80
Incomplete-NER (Jie et al., 2019) 95.00 94.83 94.91
ERNIE (Sun et al., 2019) - - 95.0
MRC (Li et al., 2020b) 96.18 95.12 95.75
SoftLexicon (Ma et al., 2020) 95.75 95.10 95.42
FLAT (Li et al., 2020a) - - 96.09
Decoupled model 96.65 94.56 95.59
+ Mention Pre-train 96.67 95.24 95.95
+ Context Pre-train 96.67 95.20 95.93
+ Mention and Context Pre-train 97.00 95.23 96.11

Weibo
P R F

BiLSTM-CRF (Lample et al., 2016) - - 46.11
Latice-LSTM (Zhang and Yang, 2018) - - 53.04
BERT-NER (Devlin et al., 2019) - - 65.77
Incomplete-NER (Jie et al., 2019) - - 66.78
SoftLexicon (Ma et al., 2020) - - 70.94
Decoupled model 72.81 69.44 71.09
+ Mention Pre-train 70.35 73.61 71.94
+ Context Pre-train 71.54 71.78 71.66
+ Mention and Context Pre-train 72.14 73.14 72.64

Table 2: Results on the three datasets.
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Figure 4: Model performance on OntoNotes with dif-
ferent proportions of hand-annotated training data size.

5 Analysis

5.1 Effect of Introducing External Data
In our experiments, it is not immediately clear
which part is responsible for the final improvement:
can it be the decoupled model or more additional
data or both? To answer this question and show
our model design can better utilize the heteroge-
neous corpus, we choose BERT-NER and Soft-
Lexicon as base models to explore the effect of
external data. For each base model, we experi-
ment on two settings. First, we simply expand the
training dataset by adding entity dictionary data
and distantly supervised data. Second, we adopt
a two-stage training strategy similar to the meth-
ods in Section 3.2, where we use the large external
data to further pre-train the BERT part of BERT-
NER and SoftLexicon, and then fine-tune the whole
models on human-annotated data. The results are
shown in Table 3. Our decoupled model achieves
the best results. We can see a large performance
drop when directly incorporating external training
data in BERT-NER and SoftLexicon, as the dis-
tantly supervised data are noisy and its big size is
unbalanced with the human-annotated data. Unex-
pectedly, the two base models also perform worse
in the two-stage training setting. We suppose that
the pre-training task of span classification is not
suitable for the sequence labeling task.

5.2 Effect of Human-annotated Data Scale
To compare performances under different num-
bers of human-annotated training sentences, we
randomly select different numbers of training sen-
tences for training on the OntoNotes dataset.

As shown in Figure 4, our model has better per-

OntoNotes
P R F

BERT-NER 78.01 80.35 79.16
BERT-NER with mixed data 60.24 45.67 51.95
BERT-NER with two-stage 74.71 80.83 77.64
SoftLexicon 83.41 82.21 82.81
SoftLexicon with mixed data 73.38 43.41 54.55
SoftLexicon with two-stage 82.78 81.84 82.30
Decoupled model with two-stage 84.92 83.72 84.32

MSRA
P R F

BERT-NER 94.97 94.62 94.80
BERT-NER with mixed data 73.27 53.93 62.13
BERT-NER with two-stage 95.61 93.06 94.32
SoftLexicon 95.75 95.10 95.42
SoftLexicon with mixed data 77.64 54.08 63.75
SoftLexicon with two-stage 95.04 94.38 94.70
Decoupled model with two-stage 97.00 95.23 96.11

Weibo
P R F

BERT-NER - - 65.77
BERT-NER with mixed data 49.67 31.02 38.19
BERT-NER with two-stage 59.85 70.83 64.87
SoftLexicon - - 70.94
SoftLexicon with mixed data 51.34 33.12 40.26
SoftLexicon with two-stage 71.36 62.50 66.64
Decoupled model with two-stage 72.14 73.14 72.64

Table 3: Results of models using external data.

formance than the BERT-NER model, which shows
the effectiveness of our methods in small train-
ing data. Surprisingly, the results also show that
in small data size (20% training data), our model
also outperforms the BERT-NER model with full
data size, which shows that our model requires
less sentence-level annotated data compared with
the original BERT-NER model. In addition to
the model structure and external data, there are
two other factors that lead to greater improvement.
First, the 20% training data still contain over 3k
examples in the news domain. Second, we leverage
the mention boundary prediction from LTP, which
provide high-quality candidates.

We also experiment on an even smaller training
data size (only 1k sentences). In Table 4, we can
see that our model performs better than BERT-NER
on all the datasets.

5.3 Effect of Model Parameter Sharing

In practice, we share our model parameters of
Mention-BERT and Context-BERT. In Table 7,
we can see that the model with parameter sharing
slightly outperforms the model without parameter
sharing. A possible reason is that common knowl-
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OntoNotes
P R F

BERT-NER 67.61 76.39 71.73
Decoupled model with two-stage 82.82 68.78 75.15

MSRA
P R F

BERT-NER 84.59 88.20 86.36
Decoupled model with two-stage 93.85 83.04 88.12

Weibo
P R F

BERT-NER 59.51 65.28 62.26
Decoupled model with two-stage 66.04 65.74 65.89

Table 4: Model performance on 1k human annotated
training data.

OntoNotes MSRA Weibo
Sharing 84.32 96.11 72.64
Without Sharing 84.07 96.05 72.07

Table 5: The effect of parameter sharing.

edge about NER is shared between the two BERTs.

5.4 Case Study

为改善[九江]GPE投资环境
In order to improve the investment environment of [Jiujiang]GPE
BERT-NER LOC
Golden / Our model GPE
在[东盟]ORG成立30周年之际
On the 30th anniversary of the [Association of Southeast Asian
Nations]ORG
BERT-NER GPE
Golden / Our model ORG

Table 6: Case study. Our model refers to the decoupled
model with two-stage training. The text in brackets is
the candidate mention, followed by the golden label.
Predicted labels in red denote wrong answer.

Table 6 shows two cases from OntoNotes. In the
first example, the BERT-NER model misclassifies
“九江”(Jiujiang) as LOC. We find that “九江” (Ji-
ujiang) is in our dictionaries but the label is GPE.
Benefited from incorporating entity dictionaries
into pre-training, our model can correctly recognize
“九江” (Jiujiang) as a city. In the second example,
the BERT-NER misclassifies “东盟”(Association
of Southeast Asian Nations) as GPE. We find that
distantly supervised data contains the sentence, “在
上海合作组织成立5周年大会上”(At the 5th an-
niversary meeting of the Shanghai Cooperation
Organization) and the context of “上海合作组织”
(Shanghai Cooperation Organization) is similar to
“东盟” (Association of Southeast Asian Nations).

The label of the “上海合作组织” (Shanghai Co-
operation Organization) is GPE. With the context
information from Context-BERT, our model can
obtain the correct answer of “东盟” (Association
of Southeast Asian Nations).

6 Related Work

6.1 Supervised NER Models

NER models trained on human-annotated data of-
ten achieve appropriate performance. Sequence
labeling methods are widely used in NER. Tradi-
tional methods use the CRF model to solve the
NER task (Lafferty et al., 2001). With the advan-
tages of eliminating feature engineering and sig-
nificant performance improvement, neural network
models become prevalent in NER research, e.g.,
the models based on FFN (Collobert et al., 2011),
CNN (Ma and Hovy, 2016), LSTM (Lample et al.,
2016), and pre-trained language model (Devlin
et al., 2019). Recent work also propose different
ways to model the NER task other than sequence la-
beling, such as machine reading comprehension (Li
et al., 2020b), dependency parsing (Yu et al., 2020),
span classification (Sohrab and Miwa, 2018). Gen-
erally, these approaches have achieved promising
results but heavily rely on human-annotated data.

6.2 Enhancing NER with External Data

Entity dictionaries or gazetteers have long been re-
garded as an easily-obtainable and useful resource
for NER. Previous methods commonly incorpo-
rated gazetteers as additional features (Ghaddar
and Langlais, 2018; Al-Olimat et al., 2018; Liu
et al., 2019a; Ding et al., 2019; Lin et al., 2019;
Rijhwani et al., 2020). For languages without ex-
plicit word boundaries, such as Chinese, incorpo-
rating a universal dictionary with common words
besides gazetteers can be further helpful for NER
(Zhang and Yang, 2018; Liu et al., 2019b; Sui et al.,
2019; Gui et al., 2019b,a; Ma et al., 2020; Li et al.,
2020a; Jia et al., 2020). Dictionaries can also be
used to construct distantly supervised data from
unlabeled corpora. Previous work on reducing
the noise in distantly supervised data include new
labeling schemes (Shang et al., 2018), reinforce-
ment learning (Yang et al., 2018), cross-training
(Jie et al., 2019), positive unlabeled learning (Peng
et al., 2019), HMM (Lison et al., 2020), consen-
sus network (Lan et al., 2020a). In other NLP
tasks, such as relation extraction, few works have
exploited using both human annotated data and dis-
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tantly supervised data together (Angeli et al., 2014;
Beltagy et al., 2019). Compared with previous
works, our work focus on designing a new model
architecture and training approaches to better ex-
ploit the heterogeneous data in NER task.

6.3 Two-stage Training Paradigm for NLP
Recently, large-scale pre-trained language models,
such as BERT (Devlin et al., 2019) and ELMo (Pe-
ters et al., 2018), are widely used and yield state-
of-the-art performances in many NLP tasks. These
two-stage methods allow using large-scale unla-
beled data in pre-training and small labeled data
in fine-tuning. In order to adapt to specific tasks
or domain, variants of BERT are proposed includ-
ing small and practical BERT (Tsai et al., 2019;
Lan et al., 2020b; Jiao et al., 2020), domain adap-
tive BERT (Yang et al., 2019a; Gururangan et al.,
2020), and task adaptive BERT (Sun et al., 2019;
Xue et al., 2020; Jia et al., 2020). Our work per-
forms further pre-training on BERT and proposes
task-aware training objectives to improve NER.

7 Conclusion

In this work, we focus on fully exploiting hetero-
geneous corpus for NER. The corpus consists of
entity dictionaries, distantly supervised instances,
and human-annotated instances. We propose a de-
coupled NER model with two-stage training. The
model first learns appropriate task-aware represen-
tations in pre-training, from large-scale context-
deficient dictionaries and noisy distantly supervised
data. Then after unified-training, the model can
predict entity labels according to both the mention
and the context information. Experimental results
show our method achieves better performance than
previous state-of-the-art methods on three Chinese
datasets. In the future, we will exploit more types
of data, such as knowledge bases, and extend our
approach to other languages.
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8 Appendices

8.1 Entity Dictionary

OntoNotes MSRA Weibo
Coverage rate 71.49 78.81 61.95
Conflict rat 85.35 93.13 83.63

Table 7: Coverage rate and conflict rate of entity dic-
tionary. We use the entity dictionary to directly match
the test dataset, and compute the coverage rate and con-
flict rate. The coverage rate is the number of entities
both in the dictionary and in the test dataset divided by
the number of entities in the test dataset. The conflict
rate is the number of entities with inconsistent labels
divided by the number of entities both in the dictionary
and in test dataset.

8.2 Hyper-parameter Values

Mention-BERT pre-training
learning rate 2e-5
batch size 128
epoch 10

Context-BERT pre-training
learning rate 2e-5
batch size 64
epoch 10

Unified-training
OntoNotes MSRA Weibo

learning rate 5e-6 5e-6 5e-6
batch size 64 64 32
epoch 4 4 10

Table 8: Hyper-parameter values
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Abstract

Document-level relation extraction (DocRE)
models generally use graph networks to im-
plicitly model the reasoning skill (i.e., pattern
recognition, logical reasoning, coreference
reasoning, etc.) related to the relation between
one entity pair in a document. In this paper,
we propose a novel discriminative reasoning
framework to explicitly model the paths of
these reasoning skills between each entity pair
in this document. Thus, a discriminative
reasoning network is designed to estimate the
relation probability distribution of different
reasoning paths based on the constructed
graph and vectorized document contexts for
each entity pair, thereby recognizing their
relation. Experimental results show that our
method outperforms the previous state-of-the-
art performance on the large-scale DocRE
dataset. The code is publicly available at
https://github.com/xwjim/DRN.

1 Introduction

Document-level relation extraction (DocRE) aims
to extract relations among entities within a docu-
ment which requires multiple reasoning skills (i.e.,
pattern recognition, logical reasoning, coreference
reasoning, and common-sense reasoning) (Yao
et al., 2019). Generally, the input document
is constructed as a structural graph-based on
syntactic trees, coreference or heuristics to
represent relation information between all entity
pairs (Nan et al., 2020; Zeng et al., 2020; Xu et al.,
2021). Thus, graph neural networks are applied
to the constructed structural graph to model these
reasoning skills. After performing multi-hop
graph convolution, the feature representations of
two entities are concatenated to recognize their
relation by the classifier, achieving state-of-the-art
performance in the DocRE task (Zeng et al., 2020;
Xu et al., 2021). However, it is yet to be seen

Pattern Recognition:
[1] Me Musical Nephews is a 1942 one-reel animated cartoon
directed by Seymour Kenitel.
Relation: publication_data Supporting Evidence: 1
Common-sense Reasoning:
[1]William and Adelaide had four children.
Relation: spouse Supporting Evidence: 1
Logical Reasoning:
[1] Elias Brown (May 9, 1793– July 7, 1857) was a U.S.
Representative from Maryland. [2] Born near Baltimore, Maryland,
Brown attended the common schools. … [7] He died near
Baltimore, Maryland, and is interred in a private cemetery near
Eldersburg, Maryland.
Relation: Country Supporting Evidence: 1,7
Coreference Reasoning:
[1] Dwight Tillery is an American politician of the Democratic
Party who is active in local politics of Cincinnati, Ohio. ... [3] He
also holds a law degree from the University of Michigan Law
School.
Relation: educated_at Supporting Evidence: 1,3

Figure 1: An example of different reasoning types.
Different reasoning types have different reasoning
processing.

whether modeling these reasoning skills implicitly
is competitive with the intuitive reasoning skills
between one entity pair in this document.

Figure 1 shows four kinds of reasoning
skills for entity pairs in the DocRE dataset
(Yao et al., 2019). First, take two entity
pairs {“Me Musical Nephews”, “1942”} and
{“William”, “Adelaide”} as examples, the intra-
sentence reasoning concerns about the mentions
inside the sentence, for example, “Me Musical
Nephews” and “1942” for pattern recognition,
and “William” and “Adelaide” for the common-
sense reasoning. Also, the logical reasoning
for entity pair {“U.S.”, “Baltimore”} requires
the reason path from “U.S.”→“Maryland” (bridge
entity)→“Baltimore” while the coreference rea-
soning for entity pair {“Dwight Tillery”, “Uni-
versity of Michigan Law School”} pays attention
to the reason path from “Dwight Tillery”→“He”
(reference word)→“University of Michigan Law
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School”. However, the advanced DocRE
models generally use the universal multi-hop
convolution networks to model these reasoning
skills implicitly and do not consider the above
intuitive reasoning skills explicitly, which may
hinder the further improvement of DocRE.

To this end, we propose a novel discriminative
reasoning framework to explicitly model the
reasoning processing of these reasoning skills,
such as intra-sentence reasoning (including pattern
recognition and common-sense reasoning), logical
reasoning, and coreference reasoning. Specifi-
cally, inspired by Xu et al.’s meta-path strategy, we
extract the reasoning paths of the three reasoning
skills discriminatively from the input document.
Thus, a discriminative reasoning network is
designed to estimate the relation probability
distribution of different reasoning paths based on
the constructed graph and vectorized document
contexts for each entity pair, thereby recognizing
their relation. In particular, there are the
probabilities of multiple reasoning skills for each
candidate relation between one entity pair, to
ensure that all potential reasoning skills can be
considered in the inference. In summary, our main
contributions are as follows:

• We propose a discriminative reasoning
framework to model the reasoning skills
between two entities in a document. To the
best of our knowledge, this is the first work
to model different reasoning skills explicitly
for enhancing the DocRE.

• Also, we introduce a discriminative rea-
soning network to encode the reasoning
paths based on the constructed heterogeneous
graph and the vectorized original document,
thereby recognizing the relation between two
entities by the classifier.

• Experimental results on the large-scale
DocRE dataset show the effectiveness of the
proposed method, especially outperform the
recent state-of-the-art DocRE model.

2 Discriminative Reasoning Framework

In this section, we propose a novel discriminative
reasoning framework to model different reasoning
skills explicitly to recognize the relation between
each entity pair in the input document. The dis-
criminative reasoning framework contains three

parts: definition of reasoning paths, modeling
reasoning discriminatively, and multi-reasoning
based relation classification.

2.1 Definition of Reasoning Path
Formally, given one unstructured document
comprised of N sentences D={s1, s2, · · · , sN},
each sentence is a sequence of words sn =
{s1

n, s2
n, · · · , sJ

n} with the length Jn=|sn|. The
annotations include concept-level entities ε =
{ei}P

i=1 as well as multiple occurrences of
each entity under the same phrase of alias
ei = {msk

i }Q
k=1 (msk

i denotes the mention of
ei which occur in the sentence sk) and their
entity type (i.e. locations, organizations, and
persons). The DocRE aims to extract the relation
between two entities in ε, namely P (r|ei, ej , D).
For the simplification of reason skills, we first
combine both pattern recognition and common-
sense reasoning as the intra-sentence reasoning
because they generally perform reasoning inside
the sentence. Consequently, the original four
kinds of the reasoning skills (Yao et al., 2019)
are further refined as three reasoning skills:
intra-sentence reasoning, logical reasoning, and
coreference reasoning. Inspired by Xu et al.’s
work, we also use the meta-path strategy to extract
reasoning path for each reason skill, thereby
representing the above three reasoning skills
explicitly. Specifically, meta-paths for different
reasoning skills are defined as follows:

1) Intra-sentence reasoning path: It is
formally denoted as PIij=ms1

i ◦ s1 ◦ ms1
j

for one entity pair {ei, ej} inside the same
sentence s1 in the input document D. ms1

i

and ms1
j are mentions related to two entities,

respectively. “◦” denotes one reasoning step
on the reasoning path from ei to ej .

2) Logical reasoning path: The relation
between one entity pair {ei, ej} from
sentences s1 and s2 is indirectly established
by the occurrence bridge entity el for the
logical reasoning. The reasoning path can be
formally as PLij= ms1

i ◦s1 ◦ms1
l ◦ms2

l ◦s2 ◦
ms2

j .

3) Coreference reasoning path: A reference
word refers to one of two entities ei and ej ,
which occur in the same sentence as the other
entity. We simplify the condition and assume
that there is a coreference reasoning path
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when the entities occur in different sentences.
The reasoning path can be formally as
PC=ms1

i ◦ s1 ◦ s2 ◦ ms2
j .

Note that there are no entities in the defined
reasoning path compare to the meta-path defined
in Xu et al.’s work. This difference is mainly due
to the following considerations: i) the reason path
pays more attention to the mentions and referred
sentences; ii) entities generally are contained by
mentions; iii) it makes modeling of path reasoning
more simple.

2.2 Modeling Reasoning Discriminatively
Based on the defined reasoning paths, we de-
compose the DocRE problem into three reasoning
sub-tasks: intra-sentence reasoning (IR), logical
reasoning (LR), and coreference reasoning (CR).
Next, we introduce modeling of three sub-tasks in
detail:
Modeling Intra-Sentence Reasoning. Given one
entity pair {ei, ej} and its reasoning path PIij

in the sentence s1, the intra-sentence reasoning
is modeled to recognize the relation between this
entity pair based as follows:

RPI(r) = P (r|ei, ej , P Iij , D). (1)

Modeling Logical Reasoning. Given one entity
pair {ei, ej} and its reasoning path PLij , the
logical reasoning is modeled to recognize the
relation between this entity pair based as follows:

RPL(r) = P (r|ei, ej , PLij , D). (2)

Since the el co-occur with the entity pair ei and
ej respectively, the logical reasoning is further
formally as follows:

RPL(r) = P (r|ei, ej , el, P Iil ◦ PIlj , D). (3)

where ◦ denotes the connection of the paths.
Modeling Coreference Reasoning. Similarity,
given one entity pair {ei, ej} and its reasoning
path PCij , the coreference reasoning is modeled
to recognize the relation between this entity pair
based as follows:

RPC(r) = P (r|ei, ej , PCij , D). (4)

2.3 Multi-reasoning Based Relation
Classification

In the DocRE task, one entity usually involves
multiple relationships which rely on different

reasoning types. Thus, the relation between one
entity pair may be reasoned by multiple types
of reasoning rather than one single reasoning
type. Based on the proposed three reasoning sub-
tasks, the relation reasoning between one entity
pair is regarded as a multi-reasoning classification
problem. Formally, we select the reasoning type
with max probability to recognize the relation
between each entity pair as follows:

P (r|ei, ej , D) = max[RPI(r), RPL(r), RPC(r)].
(5)

In addition, there are often multiple reason
paths between two entities for one reasoning type.
Thus, the classification probability in Eq.(5) can
be rewritten as follows:

P (r|ei, ej , D) = max[

{RPI1(r), · · · , RPIK
(r)},

{RPL1(r), · · · , RPLK
(r)},

{RPC1(r), · · · , RPCK
(r)}],

(6)

where K is the number of reasoning paths for
one reasoning skill, which is the same to each
reasoning skill for simplicity. Note that all the
entity pairs have at least one reasoning path from
one of three defined reasoning sub-tasks. When
the number of reasoning paths is greater than
K for one reasoning sub-task, we choose the K
first reasoning paths, otherwise we use the actual
reasoning paths.

3 Discriminative Reasoning Network

In this section, we design a discriminative
reasoning network (DRN) to model three defined
reasoning sub-tasks for recognizing the relation
between two entities in a document. Follow Zeng
et al. and Zhou et al.’s work, we use two kinds
of context representations (heterogeneous graph
context representation and document-level context
representation) to model different reasoning paths
discriminatively in Eq.(1)-(4)

3.1 Heterogeneous Graph Context
Representation

Formally, the embedding of each word we is
concatenated with the embedding of its entity
type wt and the embedding of its coreference
wc as the representation of word b=[we:wt:wc].
These sequences of word representations are
in turn fed into a bidirectional long short-
term memory (BiLSTM) to vectorize the input
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Discriminative Reasoning Framework

Heterogeneous Graph Context

Document-level Context

Mention NodeSentence Node ScoreDocument-Level Context Representation

N iteration 

[0] The Eminem Show is the fourth studio album by American rapper Eminem , released on May 26 , 2002 by Aftermath Entertainment , Shady Records , and Interscope Records .
[1] The Eminem Show includes the commercially successful singles " Without Me " , " Cleanin ' Out My Closet " , " Superman " , and " Sing for the Moment " .

LR Task

IR Task

The Eminem Show is the fourth studio ….

…

Figure 2: The overall architecture of DRN. First, A context encoder consumes the input document to get
a contextualized representation of each word. Then the heterogeneous graph context representation and the
document-level context representation are prepared as the input of the discriminative reasoning framework. Intra-
sentence reasoning (IR) task, logical reasoning (LR) task and co-reference reasoning (CR) task are modeled
explicitly and calculate the classification score respectively. Finally, the maximal score is selected as the output.

document D={H1, H2, · · · , HN}, where Hn

= (hn
1 , hn

2 , . . . , hn
Jn

) and hj
i denotes the hidden

representation of the i − th words of the j −
th sentence in the document. Similar to Zeng
et al.’s work, we construct a heterogeneous graph
which contains sentence node and mention node.
There are four kinds of edges in the heterogeneous
graph: sentence-sentence edge (all the sentence
nodes are connected), sentence-mention edge (the
sentence node and the mention node which resides
in the sentence ), mention-mention edge (all the
mention nodes which are in the same sentence)
and co-reference edge (all the mention nodes
which refer to the same entity). Then we apply the
graph-based DocRE method (Zeng et al., 2020) to
encode the heterogeneous graph, based on which
the heterogeneous graph context representation
(HGCRep) are learned. The HGCRep of each
mention node and sentence node gn is formally
denoted as:

gn = [vn : p1
n : p2

n : · · · : pl−1
n ], (7)

where gn ∈ Rd1 and “:” is the concatenation
of vectors and each of {p1

n, p2
n, · · · , pl−1

n } is
learned by the multi-hop graph convolutional
network (Zeng et al., 2020) and vn is the initial
representation of the n-th node extracted from D.
Finally, there is a heterogeneous graph representa-
tion G={g1, g2, · · · , gN} including each mention
nodes and sentence nodes.

3.2 Document-level Context Representation

In the DocRE task, these reasoning skills heavily
rely on the original document context information
rather than the heterogeneous graph context
information. Thus, the existing advanced DocRE
models use syntactic trees or heuristics rules
to extract the context information (i.e., entities,
mentions, and sentences) that is directly related to
the relation between entity pairs. However, this
approach destroys the original document structure,
which is weak in modeling the reasoning between
two entities for the DocRE task. Therefore,
we use the self-attention mechanism (Vaswani
et al., 2017) to learn a document-level context
representation (DLCRep) cn for one mention
based on the vectorized input document D:

cn = softmax(
hn

j K�
√

dmodel
)V, (8)

where cn ∈ Rd2 and {K, V} are key and value
matrices that are transformed from the vectorized
input document D using a linear layer. Here,
inspired by relation learning (Baldini Soares et al.,
2019), we use the hidden state of the head word
in one mention or one sentence to denote them for
simplicity.

3.3 Modeling of Reasoning Paths

In this section, we use the concatenation operation
to model the reasoning step on the reasoning path,
thereby modeling the defined reasoning paths
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in Section 2.1 as the corresponding reasoning
representations as follows:

1) For the intra-sentence reasoning path, both
HGCReps and DLCReps of two mentions
are concatenated in turn as a reasoning
representation:

αij = [gm
s1
i

: gm
s1
j

: cm
s1
i

: cm
s1
j

], (9)

where αij ∈ R2d1+2d2 and “:” is the
concatenation of vectors.

2) For the logical reasoning path, both
HGCReps of mention ms1

i and ms2
j and

DLCReps of two mention pair (ms1
i , ms1

l )
and (ms2

j , ms2
l ) are concatenated as their

reasoning representation:

βij = [gm
s1
i

: gm
s1
j

:

cm
s1
i

+ cm
s1
l

: cm
s2
j

+ cm
s2
l

],
(10)

where βij ∈ R2d1+2d2 .

3) For the coreference reasoning path, we
connect both HGCReps of two mentions
and DLCReps of two sentences are are
concatenated in turn as their reasoning
representation:

γij = [gm
s1
i

: gm
s2
j

: cs1 : cs2 ] (11)

where γij ∈ R2d1+2d2 and both cs2 and cs2

denote DLCReps for two sentences s1 and s2.

The learned reasoning representations αij , βij ,
and γij is as the input to classifier to compute the
probabilities of relation between ei and ej entities
by a multilayer perceptron (MLP) respectively:

P (r|ei, ej , D) = max[

sigmoid(MLPr(αij),

sigmoid(MLPr(βij),

sigmoid(MLPr(γij)].

(12)

Similarly, when there are multiple reasoning paths
between two entities for one reasoning type in
Eq.6, Eq.12 is rewritten as follows:

P (r|ei, ej , D) = max[

MLPr(α
1
ij), · · · , MLPr(α

K
ij ),

MLPr(β
1
ij), · · · , MLPr(β

K
ij ),

MLPr(γ
1
ij), · · · , MLPr(γ

K
ij )].

(13)

Also, the binary cross-entropy is used as training
objection, which is the same as the advanced
DocRE model (Yao et al., 2019).

4 Experiments

4.1 Data set and Setup

Hyperparameter Value
Batch Size 12
Optimizer AdamW
Learning Rate 1e-3
Activation Function ReLU
Word Embedding Size 100
Entity Type Embedding Size 20
Coreference Embedding Size 20
Encoder Hidden Size 128
Dropout 0.5
Layers of GCN 2
Weight Decay 0.0001
Device GTX 1080Ti

Table 1: Settings for DRN.

The proposed methods were evaluated on
a large-scale human-annotated dataset for
document-level relation extraction (Yao et al.,
2019). DocRED contains 3,053 documents for the
training set, 1,000 documents for the development
set, and 1,000 documents for the test set, totally
with 132,375 entities, 56,354 relational facts, and
96 relation types. More than 40% of the relational
facts require reading and reasoning over multiple
sentences. For more detailed statistics about
DocRED, we recommend readers to refer to the
original paper (Yao et al., 2019).

Following settings of Yao et al.’s work, we
used the GloVe embedding (100d) and BiLSTM
(128d) as word embedding and encoder. The
number of the reasoning path for each task is
set to 3. The learning rate was set to 1e-3 and
we trained the model using AdamW (Loshchilov
and Hutter, 2019) as the optimizer with weight
decay 0.0001 under Pytorch (Paszke et al., 2017).
For the BERT representations, we used uncased
BERT-Based model (768d) as the encoder and the
learning rate was set to 1e−5. For evaluation,
we used F1 and Ign F1 as the evaluation metrics.
Ign F1 denotes F1 score excluding relational facts
shared by the training and development/test sets.
In particular, the predicted results were ranked by
their confidence and traverse this list from top to
bottom by F1 score on development set, and the
score value corresponding to the maximum F1 is
picked as threshold θ. The hyper-parameter for the
number of reasoning paths was tuned based on the
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development set. In addition, the results on the
test set were evaluated through CodaLab1. Once
a model is trained, we get the confidence scores
for every triple example (subject,object,relation)
as Eq.(12). We rank the predicted results by their
confidence and traverse this list from top to bottom
by F1 score on development set, the score value
corresponding to the maximum F1 is picked as
threshold θ. This threshold is used to control the
number of extracted relational facts on the test set.

4.2 Baseline Systems

We reported the results of the recent graph-
based DocRE methods as the comparison systems:
GAT (Veličković et al., 2018), GCNN (Sahu et al.,
2019), EoG (Christopoulou et al., 2019), AG-
GCN (Guo et al., 2019), LSR (Nan et al., 2020),
GAIN (Zeng et al., 2020), and HeterGASN-
Rec(Xu et al., 2021). Moreover, pre-trained
models like BERT (Devlin et al., 2019) has
been shown impressive result on the DocRE task.
Therefore, we also reported state-of-the-art graph-
based DocRE models with pre-trained BERTbase

model, including Two-Phase+BERTbase (Wang
et al., 2019), LSR+BERTbase (Nan et al.,
2020), GAIN+BERTbase (Zeng et al., 2020),
HeterGASN-Rec+BERTbase (Xu et al., 2021),
and ATLOP-BERTbase (Zhou et al., 2021).

4.3 Main Results

Table 2 presents the detailed results on the devel-
opment set and the test set for the DocRE dataset.
First, the proposed DRN model significantly
outperformed the existing graph-based DocRE
systems. Second, the proposed DRN model was
superior to all the existing graph-based DocRE
systems on the test set, validating that modeling
reasoning discriminatively is more beneficial to
DocRE than the original universal neural network
way. Meanwhile, it also outperformed the
best HeterGSAN-Rec model by 1.10 points in
terms of F1, validating the effectiveness of our
discriminative reasoning method. Third, for
the comparisons with a pre-trained language
model (BERTbase), F1 scores of the proposed
DRN+BERTbase model was higher than that of
the existing graph-based DocRE ATLOP+BERT
model systems with BERTbase on the test set. In
particular, our method (F1 61.37) was superior to

1https://competitions.codalab.org/
competitions/20717

the existing best ATLOP+BERT model (F1 61.30)
in terms of F1, which is a new state-of-the-art
result on the DocRE dataset.

Methods
Dev Test

Ign F1 F1 Ign F1 F1
Existing DocRE Systems

GCNN† 46.22 51.52 49.59 51.62
EoG† 45.94 52.15 49.48 51.82
GAT† 45.17 51.44 47.36 49.51
AGGCN† 46.29 52.47 48.89 51.45
LSR∗ 48.82 55.17 52.15 54.18
GAIN∗ 53.05 55.29 52.66 55.08
HeterGSAN-Rec∗ 54.27 56.22 53.27 55.23
BERT∗

base - 54.16 - 53.20
Two-Phase BERT∗

base - 54.42 - 53.92
LSR+BERT∗

base 52.43 59.00 56.97 59.05
GAIN+BERT∗

base 59.14 61.22 59.00 61.24
HeterGSAN-Rec+BERT∗

base 58.13 60.18 57.12 59.45
ATLOP-BERT∗

base 59.22 61.09 59.31 61.30
Our DocRE Systems

DRN 54.61 56.49 54.35 56.33
DRN+BERTbase 59.33 61.39 59.15 61.37

Table 2: Results on the development set and the test
set. Results with ∗ are reported in their original papers.
Results with † are reported in (Nan et al., 2020). Bold
results indicate the best performance of the current
method.

4.4 Evaluating Hyper-parameter K for The
Number of Reasoning Paths

K
Dev Set Test Set Cover

(%)Ign F1 F1 Ign F1 F1
1 54.04 55.94 53.83 55.81 63.05
2 54.63 56.47 54.12 56.07 82.17
3 54.61 56.49 54.35 56.33 90.40
4 54.52 56.34 54.06 55.93 95.22

>4 54.31 56.25 53.97 55.84 100

Table 3: The effect of the number of reasoning paths K
for the proposed DRN model.

To evaluate the effect of the number of
reasoning path K in Eq.6, we reported the results
for the different number of reasoning path K,
as shown in Table 3. When K increased from
1 to 3, F1 scores of the proposed DRN model
gradually improved from 55.81 to 56.33 on the
test set and the percentage of covered reasoning
paths reaches 90.40%. As the hyper-parameter K
continues to increase, F1 scores began to drop on
the dev and test sets. On the one hand, the reason
may be that the reasoning information provided
by too many reasoning paths is duplicated, even
noises in the remaining 9.60% reasoning paths.
On the other hand, the hyper-parameter K=3 can
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Figure 3: (a) The statistical result of different reasoning task. (b) The performance of different reasoning task.

make the proposed DRN gain the highest F1 score
on the dev and test sets. Therefore, we set the
hyper-parameter K to three in our main results in
Table 2.

4.5 Ablation Experiments

In the proposed DRN model, we model different
reasoning tasks discriminatively using HGCRep
and DLCRep, and we choose the highest scores as
the final results. Instead of using the discrimina-
tive reasoning framework, previous work averaged
the mention representation (HGCRep or DLCRep)
to get the entity representation and concatenate the
two entity representation to classify the relation,
which we denote as Uniform model. Table 4
shows ablation experiments of the framework and
different reasoning context on the test set. It is
noted that Uniform model with the discriminative
reasoning framework is our DRN model. First,
the DocRE models benefit from our discriminative
reasoning framework no matter what the reasoning
context is used. Specially, the F1 score of the
model with the framework was averagely 1.21
points superior to the Uniform model on the
test set no matter what context representation is
used, which illustrated the effectiveness of the
framework. Second, when we gradually remove

Model
without

framework
with

framework
Delta

Ign F1 F1 Ign F1 F1 Ign F1
Uniform 53.68 55.79 54.35 56.33 +0.83
-DLCReps 51.82 53.83 52.96 55.01 +1.33
-HGCReps 51.21 53.36 52.35 54.13 +0.97
-Both 44.73 51.06 50.68 52.78 +1.71

Table 4: Ablation experiments.

DLCRep and HGCRep from the Uniform and

the proposed DRN model, both of the model’s
performance drops. Specially, F1 scores of
DRN without DLCRep dropped by 1.32 while F1
scores of DRN without HGCRep dropped by 2.20
respectively. This indicates that both DLCRep
and HGCRep play an important role in capturing
the information of nodes on the reasoning paths.
When removing both of DLCPeps and HGCReps
from the DRN model, the model was degraded
to the BiLSTM model with our discriminative
reasoning framework. Obviously, F1 scores
drastically decreased on the test sets, confirming
the necessity of learning DLCRep and HGCRep
for modeling reasoning discriminatively.

4.6 Analysis of the Reasoning Tasks

In this section, we first showed the percent of all
entity pairs (396,790) and entity pair with relation
(12,332) on the dev set selected for three defined
reasoning tasks through max operation in Eq.(12),
as shown in Figure 3(a). For example, IR, LR,
and CR are the intra-Sentence reasoning task,
the logical reasoning task, and the coreference
reasoning task, respectively. The percentages of
IR, LR, and CR which is selected for all the entity
pair are 19.12%, 19.17%, and 61.71% for all entity
pairs, respectively. This indicates that our defined
three reasoning skills can completely cover all
entity pairs regardless of whether these entity pairs
have relationships or not. Also, the percentages of
IR, LR, and CR are 47.58%, 13.91%, and 38.51%
for entity pairs with relation, respectively. This
is consistent with the statistical result in the Yao
et al.’s work that more than 40.7% relational facts
can only be extracted from multiple sentences,
validating that our method can model different
reasoning skills discriminatively on the DocRE
dataset.
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Head: Superman                  Tail : May 26, 2002 
Reasoning Path     Scores        Threshold

I R:  
LR:                                    1.7604   0.8412     
CR:                                    0.2841
Relation: publication Predict: publication
Head: The Eminem Show Tail: Eminem 

Reasoning Path    Scores        Threshold
I R:                                     2.3822         0.8412 
LR:                                    -0.0797
CR:                                    -0.6637                        
Relation: performer           Predict: performer 

[0] The Eminem Show is the fourth studio album by American rapper Eminem , released

on May 26 , 2002 by Aftermath Entertainment , Shady Records , and Interscope Records .

[1] The Eminem Show includes the commercially successful singles " Without Me " , "

Cleanin ' Out My Closet " , " Superman " , and " Sing for the Moment " .

[2] At the 2003 Grammy Awards , it was nominated for Album of the Year and became

Eminem 's third album in four years to win the award for Best Rap Album .

[3] On March 7 , 2011 , the album was certified 10 Platinum ( Diamond ) by the RIAA ,

making it Eminem 's second album to go Diamond in the United States .

Figure 4: Case study.

Moreover, Figure 3(b) showed the results of
HerterGSAN-Rec (abbreviated as Rec), GAIN,
and our DRN models on three different reasoning
tasks. As seen, F1 scores of the proposed
DRN model are higher than that of Rec and
GAIN models over all three tasks. This means
that modeling reasoning types explicitly can
effectively advance the DocRE. For all DocRE
models, F1 scores of LR task and CR task were
far inferior to that of IR task, which is consistent
with the intuitive perception that the inter-sentence
reasoning is more difficult than the intra-sentence
reasoning.

4.7 Analysis of the Reasoning Type

Confusion Matrix
Truth

IR LR CR Total

Predict

IR 321 36 12 369
LR 25 88 29 142
CR 88 129 188 405

Total 434 253 229
Metric

IR LR CR
F1 Scores 79.95 38.77 44.87

Table 5: Confusion matrix of different reasoning types.

To further show the selected different reasoning
types in Eq.(12), we randomly sampled 72
documents from the dev set which contain 916
relation instances, and we ask three human to
annotate the reasoning types of all the entity pairs
with relation in the sampled document according
to three defined reasoning types, including the
intra-sentence reasoning, the logical reasoning,
and the coreference reasoning (The annotation
data can be found in https://github.com/

xwjim/DRN). Table 5 shows the number and F1
scores of each selected reasoning types on the
sampled 72 documents. As seen, F1 scores of IR,

LR, and CR are 79.95%, 38.77%, and 44.87%,
respectively, indicating that modeling reasoning
discriminatively is working during selecting of
reasoning paths in Eq.(12). Also, our method
is the capacity of recognizing not only the intra-
sentence reasoning but also the intra-sentence
reasoning. In addition, there is a certain
percentage of the mistakenly selected reasoning
types, indicating that our method may have more
room for improvement in the future.

4.8 Case Study
Figure 4 shows the relation classification about
two entity pairs for our DRN model. For the first
entity pair {“Superman”} and {“May 26,2002”},
there are reasoning paths for Task2 and Task3, and
their scores are 1.7604, and 0.2841,respectively
As a result, Task2 was used to predict the relation
“{publication date}” between {“Superman”} and
{“May 26,2002”} correctly. Meanwhile, the
selection of Task2 is consistent with the ground-
truth logical reasoning type. Moreover, the above
reasoning processing is also similar to the entity
pair {“The Eminem show”} and {“Eminem”} with
three reasoning types.

5 Related Work

Early research efforts on relation extraction
concentrate on predicting the relation between
two entities with a sentence (Zeng et al., 2014,
2015; Wang et al., 2016; Sorokin and Gurevych,
2017; Feng et al., 2018; Song et al., 2019;
Wei et al., 2020). These approaches do not
consider interactions across mentions and ignore
relations expressed across sentence boundaries.
The semantics of a document context is coherent
and a part of relation can only be extracted among
sentences.

However, as large amounts of relationships
are expressed by multiple sentences, recent
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work starts to explore document-level relation
extraction. People begin to consider the relation
between disease and chemicals in the entire
document of biomedical domain (Quirk and Poon,
2017; Gupta et al., 2019; Zhang et al., 2018;
Christopoulou et al., 2019; Zhu et al., 2019).
A large-scale general-purpose dataset for DocRE
constructed from Wikipedia articles has been
proposed in (Yao et al., 2019), which has advanced
the DocRE a lot. Most approaches on DocRE
are based on document graphs, which were
introduced by Quirk and Poon. Specifically, they
use words as nodes and construct a homogenous
graph using syntax parsing tools and a graph
neural network is used to capture the document
information. This document graph provides a
unified way of extracting the features for entity
pairs. Later work extends the idea by improving
neural architectures (Peng et al., 2017; Verga et al.,
2018; Gupta et al., 2019) or adding more types
of edges (Christopoulou et al., 2019). In the
Christopoulou et al.’s work, the author construct
the graph which contains different granularities
(sentence, mention, entity) through co-occurrence
and heuristic rule to model the graph without
external tools. More recent most of the approach
(Christopoulou et al., 2019; Zeng et al., 2020;
Xu et al., 2021) constructs heterogeneous graph
through co-occurrence and heuristic rule to model
the graph without external tools. In the (Zeng
et al., 2020) constructed double graphs in different
granularity to capture document-aware features
and the interaction between entities. In the
(Xu et al., 2021) introduced a reconstructor to
reconstruct the path in the graph to guide the
model to learning a good node representation.
Other attempts focus on the multi-entity and
multi-label problems (Zhou et al., 2021). Zhou
et al. proposed two techniques to solve the
problems, adaptive thresholding and localized
context pooling.

6 Conclusion

In this paper, we propose a novel discriminative
reasoning framework to consider different reason-
ing types explicitly. We use meta-path strategy to
extract the reasoning path for different reasoning
types. Based on the framework, we propose
a Discriminative Reasoning Network (DRN), in
which we use both the heterogeneous graph con-
text and the document-level context to represent

different reasoning paths. The ablation study
validates the effectiveness of our discriminative
framework and different modules on the large-
scale human-annotated DocRE dataset. In
particular, our method archives a new state-of-
the-art performance on the DocRE dataset. In
the future, we will explore more diverse structure
information (Chen et al., 2018; Chen et al., 2020;
Cohen et al., 2020) from the input document
for the discriminative reasoning framework, and
apply the proposed approach to other NLP
tasks (Zhang et al., 2020a; Chen et al., 2020;
Zhang et al., 2020b).
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Abstract

Meta-learning has emerged as a trending tech-
nique to tackle few-shot text classification and
achieved state-of-the-art performance. How-
ever, existing solutions heavily rely on the ex-
ploitation of lexical features and their distri-
butional signatures on training data, while ne-
glecting to strengthen the model’s ability to
adapt to new tasks. In this paper, we pro-
pose a novel meta-learning framework inte-
grated with an adversarial domain adaptation
network, aiming to improve the adaptive abil-
ity of the model and generate high-quality text
embedding for new classes. Extensive ex-
periments are conducted on four benchmark
datasets and our method demonstrates clear su-
periority over the state-of-the-art models in all
the datasets. In particular, the accuracy of 1-
shot and 5-shot classification on the dataset
of 20 Newsgroups is boosted from 52.1% to
59.6%, and from 68.3% to 77.8%, respec-
tively1.

1 Introduction

Few-shot text classification (Yu et al., 2018; Geng
et al., 2019) is a task in which a model will be
adapted to predict new classes not seen in training.
For each of these new classes, we only have a few
labeled examples. To be specific, we are given lots
of training data with a set of classes Ytrain. After
training, our goal is to get accurate classification
results on the testing data with a set of new classes
Ytest, which is disjoint to Ytrain. Only a small la-
beled support set will be available in the testing

∗Corresponding author
1The source code of the paper is available at https://

github.com/hccngu/MLADA.

stage. If the support set contains K labeled exam-
ples for each of the N unique classes, we refer to
the task as a N-way K-shot classification.

Existing approaches for few-shot text classifica-
tion mainly fall into two categories: (1) transfer-
learning based methods (Howard and Ruder, 2018;
Pan et al., 2019; Gupta et al., 2020), which aim
to transfer knowledge learned from a task to a
new task or leverage general-domain pretraining
and fine-tuning techniques for few-shot classifi-
cation. (2) meta-learning based methods (Jamal
et al., 2018; Yu et al., 2018; Geng et al., 2019,
2020; Bao et al., 2020), which aim to learn generic
information (meta-knowledge) by recreating train-
ing episodes, so that it can classify new classes
through only a few labeled examples. Among these
methods, Bao et al. (2020) leveraged distributional
signatures (e.g. word frequency and information
entropy) to train a model within a meta-learning
framework, and achieved state-of-the-art perfor-
mance. However, the method pays more atten-
tion to statistical information and ignores other
implicit information such as correlation between
words. Furthermore, existing meta-learning meth-
ods heavily rely on the exploitation of lexical fea-
tures and their distributional signatures on training
data, while neglecting to strengthen the model’s
ability to adapt to new tasks.

In this paper, we propose an adversarial do-
main adaptation network to enhance meta-learning
framework, with the objective of improving the
model’s adaptive ability for new tasks in new do-
mains. We first utilize two neural networks compet-
ing against each other, separately playing the roles
of a domain discriminator and a meta-knowledge
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generator. The adversarial network is able to
strengthen the adaptability of the meta-learning
architecture. Moreover, we aggregate transferable
features generated by the meta-knowledge genera-
tor with sentence-specific features to produce high-
quality sentence embeddings. Finally, we utilize a
ridge regression classifier to obtain final classifica-
tion results. To the best of our knowledge, we are
the first to combine adversarial domain adaptation
with meta-learning for few-shot text classification.

We evaluate our model on four popular datasets
for few-shot text classification. Experimental re-
sults demonstrate that our method outperforms
state-of-the-art models in all datasets, for both in
1-shot and 5-shot classification tasks. Especially
on the 20 Newsgroups dataset, our model outper-
forms DS-FSL (Bao et al., 2020) by 7.5% in 1-shot
classification and 9.5% in 5-shot classification. In
addition, we conduct visualization analysis to ver-
ify the adaptability of our model and capability
to recognize important lexical features for unseen
classes.

2 Related Work

The mainstream approaches for few-shot text clas-
sification are based on meta-learning or transfer
learning. In this section, we first briefly introduce
the preliminary background of these two technolo-
gies, and then review how they are applied to sup-
port few-shot text classification.

Meta-learning Meta-learning, also known as
“learning to learn”, refers to improving the learn-
ing ability of a model through multiple training
episodes so that it can learn new tasks or adapt
to new environments quickly with a few training
examples. Existing approaches mainly fall into
two categories: (1) Optimization-based methods ,
including developing a meta-learner as optimizer
to output search steps for each learner directly
(Andrychowicz et al., 2016; Ravi and Larochelle,
2017; Mishra et al., 2018; Gordon et al., 2019) and
learning an optimized initialization of model pa-
rameters, which can be later adapted to new tasks
by a few steps of gradient descent (Finn et al., 2017;
Yoon et al., 2018; Grant et al., 2018; Bao et al.,
2020). (2) Metric-based methods, including Match-
ing Network (Vinyals et al., 2016), PROTO (Snell
et al., 2017), Relation Network (Sung et al., 2018),
TapNet (Yoon et al., 2019) and Induction Network
(Geng et al., 2019), which aim to learn an appro-
priate distance metric to compare validation points

with training points and make prediction through
matching training points.

Transfer learning Few-shot text classification
relates closely to transfer learning (Zhuang et al.,
2021) that aims to leverage knowledge from a re-
lated domain (a.k.a. source domain) to improve the
learning performance and reduce the reliance on
the number of labeled examples required in a target
domain. Compared to meta-learning designed to
aggregate the knowledge learned from many tasks,
transfer learning typically involves a few tasks. In
addition, we aim to directly reuse or fine-tune some
existing representation in transfer learning, while
a meta-learner is typically optimized at adapting
to new tasks. Domain adaptation (Ganin et al.,
2016; Tzeng et al., 2017; Khaddaj and Hajj, 2020)
is a type of transfer learning, which aims to bridge
the gap between the source and target domains by
learning domain-invariant feature representations.
Pre-trained model (Devlin et al., 2019; Yang et al.,
2019; Brown et al., 2020) can also be viewed as
a type of transfer learning. The parameters pre-
trained in the source domain are fine-tuned in the
target domain, with faster training convergence.

Few-shot text classification To tackle few-shot
text classification, a straightforward idea is to ap-
ply BERT (Devlin et al., 2019) or XLNet (Yang
et al., 2019), which have achieved strong perfor-
mance in text classification by fine-tuning with a
small number of training examples. Their perfor-
mances can be less dependent on the number of
training samples for the new classes. Some other
approaches are based on transfer learning. Pan et al.
(2019) proposed a modified hierarchical pooling
strategy over pre-trained word embeddings to trans-
fer knowledge obtained from some source domains
to the target domain. Gupta et al. (2020) developed
a binary classifier on the source domain to classify
new classes by prefixing class identifiers to input
texts.

Meta-learning (Jamal et al., 2018; Yu et al., 2018;
Geng et al., 2019, 2020; Bao et al., 2020) can
also be utilized to solve few-shot text classifica-
tion, and has achieved state-of-the-art performance.
Yu et al. (2018) proposed an adaptive metric learn-
ing approach that automatically determines the best
weighted combination from meta-training tasks for
few-shot tasks. Geng et al. (2019, 2020) leveraged
the dynamic routing algorithm in meta-learning for
few-shot text classification. (Bao et al., 2020) lever-
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aged distributional signatures (e.g. word frequency
and information entropy) to train a model within a
meta-learning framework.

3 Method

In this section, we first present the preliminary
background on episode-based meta-learning frame-
work (Vinyals et al., 2016). After that, we ex-
plicitly describe the proposed MLADA (Meta-
Learning Adversarial Domain Adaptation) Net-
work.

3.1 Episode-based meta-learning

The goal of meta-training is to train a classifier that
can learn meta-knowledge from training data. In
this way, the classifier can quickly learn from a
few annotations when classifying unseen classes.
The “episode” training strategy that Vinyals et al.
(2016) proposed has proved to be effective. The
episode-based meta-learning consists of two main
stages:

Meta-training Firstly, N classes are sampled
from training data Ytrain. For each of these N
classes, two subsets of examples are sampled sep-
arately as the support set S and the query set Q.
Next, input the support set S and the query set Q
to the model and update the parameters by mini-
mizing the loss in the query set Q. The procedure
above is called a training episode, which will be
repeated multiple times.

Meta-testing After meta-training is finished, the
performance of the model will be evaluated by
the same episode-based mechanism. In a testing
episode, N new classes will be sampled from Ytest,
which is disjoint to Ytrain. Then the support set
and the query set will be sampled from the N
classes. The model parameters can be fine-tuned
through the small support set. The performance of
the model will be evaluated through the average
classification accuracy on the query set across all
testing episodes.

We found that only a small subset of training data
are accessible per training episode in the standard
episode-based meta-training (Vinyals et al., 2016).
To solve this problem, we build domain adversar-
ial tasks to utilize more training data per training
episode. Details of our model are described in the
next section.

3.2 Meta-Learning Adversarial Domain
Adaptation Network (MLADA)

Overview Our goal is to improve the perfor-
mance of few-shot classification by combining
adversarial domain adaptation and episode-based
meta-learning. Figure 1 gives an overview of our
model. In the rest of this section, we will introduce
the main components of the model.

Word Representation Layer The goal of this
layer is to represent each word with a d-
dimensional vector. Following Bao et al. (2020),
we construct the d-dimensional vector with the
word embeddings, which is pre-trained with fast-
Text (Joulin et al., 2016).

Domain Discriminator We refer to the support
set and the query set as the target domain and the
rest of the training data as the source domain. We
sample a subset of examples from the source do-
main as the source set. The goal of this module is to
distinguish whether the sample is from the source
domain or the target domain. The discriminator is a
three layer feed-forward neural network. We apply
the softmax function in the output layer to evalu-
ate the probability distribution Pr(y|λ). y = 0 or 1
represents that the sample is from the query set or
the source set.

Meta-knowledge Generator This module is
mainly composed of a bi-directional LSTM (BiL-
STM) and a fully connected layer. We utilize a
BiLSTM to encode contextual embeddings for each
time-step. The input of the module is a sequence of
word vectors P : [p1, ..., pm], where m represents
the number of words in a sentence. The output is
a matrix hpd×m, which is composed of contextual
embeddings.

→
hpi =

→
LSTM(

→
hpi−1, pi) i = 1, ...,m (1)

←
hpi =

←
LSTM(

←
hpi+1, pi) i = m, ..., 1 (2)

hpi = Concat(
→
hpi ,

←
hpi ) i = 1, ...,m (3)

hp = [hp1, h
p
2, ..., h

p
m] (4)

Next, we employ a single layer feed-forward neural
network and apply the softmax function to get the
output kp.

kp = Softmax(ω · hp + b) (5)

kp is an n-dimensional vector, which represents
the meta-knowledge included in the sentence. n
denotes the length of the sentence.
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Figure 1: MLADA Network architecture for a N -way K-shot(N = 3,K = 2) problem

The goal of the meta-knowledge generator is
not only to make the final classification results bet-
ter, but also to confuse the domain discriminator
as much as possible, so that the discriminator can
not distinguish between samples from query set
or source set. The theory on domain adaptation
suggests that, for effective domain transfer to be
achieved, predictions must be made based on fea-
tures that cannot discriminate between the source
domain and target domain, which is the motivation
for us to build the meta-knowledge generator.

Interaction Layer We consider that the vector
generated by the meta-knowledge generator is the
transferable features, and word embeddings is the
specific features of sentences. The role of the in-
teraction layer is to fuse transferable features and
sentence-specific features to produce the output as
sentence embeddings, which will be used as the
input of the classifier to obtain the final classifica-
tion results. Suppose that the length of the sentence
p is m, the word vectors is wpi (i ∈ [1,m]), the
dimension of the word vector is d and the meta-
knowledge of the sentence is kp, then the final
sentence vector is sp:

sp = W p
d×m · kp (6)

where W p = [wp1, w
p
2, ..., w

p
m].

Classifier The classifier is trained by the support
set from scratch for each episode. We choose the
ridge regression as the classifier. The reason

why we adopt the ridge regression to fit the sup-
port set are as follows: 1) If we choose neural
networks as the classifier, it will be trained inade-
quately because the number of samples in the sup-
port set is too small. 2) The ridge regression admits
a closed-form solution and it reduces over-fitting
on the small support set through proper regulariza-
tion.Specifically, we minimize regularized squared
loss:

LRR(θ) =
1

2m

m∑

i=1

[((fθ(x
(i))− y(i))2 + λ

n∑

j=1

θ2j )] (7)

where m represents the number of samples in the
support set, fθ(x(i)) represents the prediction of the
ridge regressor, y(i) represents the label of the sam-
ple,

∑n
j=1 θ

2
j denotes the squared Frobenius norm

and λ > 0 controls the extent of the regularization.

Loss Function In each training episode, we first
fix the parameters of the generator and the discrim-
inator to update the classifier’s parameters by the
support set. The classifier’s loss function is shown
in Eq.7.

Next, we fix the parameters of the generator and
the classifier to update the discriminator’s param-
eters by the query set and the source set. We use
the cross-entropy loss as the discriminator’s loss
function, which is shown in Eq.8.

LD(µ) = − 1

2m

2m∑

i=1

[y
(i)
d logDµ(k(i))

+ (1− y(i)d )log(1−Dµ(k(i)))] (8)

1667



Algorithm 1 MLADA Training Procedure

Input: Training data {Xtrain,Ytrain}; T episodes
and ep epochs; N classes in support set or
query set; K samples in each class in the sup-
port set and L samples in each class in the
query set; The generator’s parameters β, the
discriminator’s parameters µ and the classi-
fier’s parameters θ.

Output: Parameters β and µ after training;
1: Randomly initialize the model parameters β,
µ and θ;

2: for each i ∈ [1, ep] do
3: Y ← Λ(Ytrain, N);1

4: for each j ∈ [1, T ] do
5: S,Q,Φ← ∅, ∅, ∅;
6: for y ∈ Y do
7: S ← S ∪ Λ(Xtrain{y},K);2

8: Q← Q ∪ Λ(Xtrain{y}\S,L);
9: Φ← Φ∪Λ(Xtrain\Xtrain{y}, L);

10: end for
11: Input S to the model;
12: Fix µ, β. Update θ by minimizing the

Eq.7;
13: Input Q,Φ to the model;
14: Fix β, θ. Update µ by minimizing the

loss of the discriminator (Eq.8);
15: Fix µ, θ. Update β by minimizing the

loss of the generator (Eq.9);
16: end for
17: end for

where µ denotes the parameters of the discrimi-
nator, m represents the number of samples of the
query set or the source set.yd = 0 or 1 denotes
whether the sample is from the source set or the
query set. k represents the meta-knowledge vector.

Finally, we fix the parameters of the discrimi-
nator and the classifier to update the generator’s
parameters by the query set and the source set.
The loss function of the generator is composed
of two components. The first one is a cross-entropy
loss for the final classification results, and the sec-
ond one is the opposite of the discriminator’s loss,
which is to confuse the discriminator.

LG(β) = CELoss(f(W ·Gβ(W )), y)− LD (9)
1Λ(Y, N) denotes selectingN elements fromY randomly.
2Xtrain{y} denotes samples labeled y in Xtrain.

where β represents the generator’s parameters. f
denotes the ridge regressor. W represents the ma-
trix of word vectors in a sentence. y denotes the
real labels of samples.LD is shown in Eq.8.

Training Procedure It is remarkable that the
meta-knowledge generator is optimized over all
training episodes, while the classifier is trained
from scratch for each episode. In each training
episode, we first utilize the support set to update
the parameters in the classifier. Next, we use the
query set and source set to update the parameters
of the meta-knowledge generator and the domain
discriminator. The details of training procedure of
our model are shown in Algorithm 1.

4 Experiments

In this section, we perform comprehensive ex-
periments to compare our proposed model with
five competitive baselines, and evaluate the perfor-
mance on four text classification datasets.

4.1 Datasets
We use four benchmark datasets for text classifica-
tion, whose statistics are summarized in Table 1.
HuffPost headlines contains 41 classes of news
headlines from the year 2012 to 2018 obtained
from HuffPost (Misra, 2018). Its text is less abun-
dant (i.e., with smaller text length) than the other
datasets and considered to be more challenging for
text classification.
Amazon product data contains product reviews
from 24 product categories, including 142.8
million reviews spanning 1996-2014 (He and
McAuley, 2016). Our task is to identify the product
categories of the reviews. Since the original dataset
is proverbially large, we sample a subset of 1, 000
reviews from each category.
Reuters-21578 is collected from Reuters newswire
in 1987. We use the standard ApteMode version of
the dataset. Following Bao et al. (2020), we con-
sider 31 classes and remove multi-labeled articles.
Each class contains at least 20 articles.
20 Newsgroups is a collection of approximately
20,000 newsgroup documents (Lang, 1995), par-
titioned (nearly) evenly across 20 different news-
groups.

4.2 Experiment Setup
Baselines We compare our MLADA with multi-
ple competitive baselines, which are briefly sum-
marized in the following:
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Dataset Avg. text length vocab size # samples # train / val / test classes
HuffPost 11 8218 36900 20 / 5 / 16
Amazon 140 17062 24000 10 / 5 / 9
Reuters 168 2234 620 15 / 5 / 11

20 Newsgroups 340 32137 18820 8 / 5 / 7

Table 1: Statistics of the four benchmark datasets.

Method
HuffPost Amazon Reuters 20 News Average

1 shot 5 shot 1 shot 5 shot 1 shot 5 shot 1 shot 5 shot 1 shot 5 shot

MAML(2017) 35.9 49.3 39.6 47.1 54.6 62.9 33.8 43.7 40.9 50.8
PROTO(2017) 35.7 41.3 37.6 52.1 59.6 66.9 37.8 45.3 42.7 51.4
Induct(2019) 38.7 49.1 34.9 41.3 59.4 67.9 28.7 33.3 40.4 47.9
HATT(2019) 41.1 56.3 49.1 66.0 43.2 56.2 44.2 55.0 44.4 58.4

DS-FSL(2020) 43.0 63.5 62.6 81.1 81.8 96.0 52.1 68.3 59.9 77.2

MLADA(ours) 45.0 64.9 68.4 86.0 82.3 96.7 59.6 77.8 63.9 81.4

Table 2: Mean accuracy (%) of 5-way 1-shot and 5-way 5-shot classification over four datasets.

• MAML (Finn et al., 2017) is trained by maxi-
mizing the sensitivity of the loss functions of
new tasks, so that it can rapidly adapt to new
tasks after the parameters have been up-dated
through few gradient steps.

• Prototypical Networks (Snell et al., 2017),
abbreviated as PROTO, is a metric-based
method for few-shot classification by using
sample averages as class prototypes.

• Induction Networks (Geng et al., 2019)
learns a class-wise representation by lever-
aging the dynamic routing algorithm in meta-
learning.

• HATT (Gao et al., 2019) extends PROTO by
adding a hybrid attention mechanism to the
prototypical network.

• DS-FSL (Bao et al., 2020) is trained within a
meta-learning framework to map the distribu-
tion signatures into attention scores so as to
extract more transferable features.

Implementation Details Following Bao et al.
(2020), we use pre-trained fastText (Joulin et al.,
2016) for word embedding. In the meta-knowledge
generator, we use a BiLSTM with 128 hidden units.
In the domain discriminator, the numbers of hid-
den units for the two feed-forward layers are set
to 256 and 128, respectively. All parameters are

optimized using Adam with a learning rate of 0.001
(Kingma and Ba, 2015).

During meta-training, we perform 100 training
episodes (T = 100) per epoch. Meanwhile, we
apply early stopping when the accuracy on the val-
idation set fails to improve for 20 epochs. We
evaluate the model performance based on 1, 000
testing episodes and report the average accuracy
over 5 different random seeds. All the experiments
are conducted on a NVIDIA v100 GPU.

4.3 Experimental Results

The experimental results are reported in Table 2.
Our model achieves the best performance across
all datasets, with an average accuracy of 63.9% in
1-shot classification and 81.4% in 5-shot classifica-
tion, outperforming the state-of-the-art model DS-
FSL (Bao et al., 2020) by a notable 4% improve-
ment. For DS-FSL, it extracts transferable features
via certain distribution signatures (e.g., word fre-
quency or information entropy), but ignores other
information of sentences, including implicit inter-
action between words. In contrast, we does not
limit the transferable knowledge to statistical infor-
mation. Our strategy is to combine the proposed
domain adversarial network with meta-learning,
generating more comprehensive transferable fea-
tures.

Furthermore, our model improves dramatically
7.5% and 9.5% on 20 Newsgroups in 1-shot and
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(a) avg (b) DS-FSL(5-shot)

(c) MLADA(5-shot) (d) MLADA(1-shot)

Figure 2: t-SNE visualization of the input representation of the classifier for a testing episode(N = 5, K = 5,
L = 500)sampled from 20 Newsgroups. Note that the 5 classes is not seen in training set. The input representation
of the classifier given by (a) the average of word embeddings (b) DS-FSL and (c) MLADA(ours). (d) is the t-SNE
visualization of MLADA on 5-way 1-shot classification.

5-shot classification. The average length of texts in
the 20 Newsgroups is longer than the other datasets.
The empirical results clearly demonstrate that our
model is more suitable for longer texts, which con-
tain more abundant text information.

4.4 Ablation Study

We conduct an ablation study to examine the ef-
fectiveness of the proposed domain adversarial net-
work as well as the interaction layer and the source
set. The results of Amazon dataset are reported in
Table 3.

Firstly, we use a bi-directional LSTM instead of
the proposed domain adversarial network (includ-
ing the meta-knowledge generator and the domain
discriminator) for sentence encoding. The perfor-
mances in the tasks of 1-shot classification and

5-shot classification decrease by 6.5% and 5.3%,
respectively. This verifies the effectiveness of the
proposed domain adversarial network.

Secondly, we study how the interaction layer
contributes to the performance of our model. We
concatenate the vector generated by the meta-
knowledge generator directly with the average sen-
tence embedding instead of the interaction layer.
From the result in Table 3, we can see that our pro-
posed interaction layer to combine the transferable
features with the sentence-specific information are
indeed more effective.

Finally, we remove the source set and utilize
the discriminator to distinguish the true classes of
samples. We observe that the source set is also
important to performance. Due to the removal of
the source set, the model has only access to the sup-
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Seen classes Politics, Entertainment, Food&Drink, College, Arts Prediction
DS-FSL Senate committee advances bill to protect Robert Mueller . politics 3

MLADA(ours) Senate committee advances bill to protect Robert Mueller . politics 3

Unseen classes Sports, Education, Media, Tech, Environment Prediction
DS-FSL Olympic committee CEO resigns cites health issues. environment 7

MLADA(ours) Olympic committee CEO resigns cites health issues. sports 3

Figure 3: The visualization of attention weights generated by DS-FSL and the meta-knowledge generator of our
model.

port set and the query set in each training episode.
Therefore, it cannot learn cross-domain transfer-
able features.

Models
Accuracy(%)

1 shot 5 shot

− Domain Adversarial Network 61.9 80.7
− Interaction Layer 66.6 83.0
− Source Set 67.1 84.2

MLADA 68.4 86.0

Table 3: Ablation study results of 5-way 1-shot and 5-way
5-shot classification on the Amazon dataset.

4.5 Visualization

We utilize visualization experiments to demonstrate
that our model can generate high-quality sentence
embeddings and identify important lexical features
for unseen classes.

We first use t-SNE (Van der Maaten and Hin-
ton, 2008) visualization of sentence embeddings
generated by different methods on the query set,
as shown in Figure2. Compared to 2(a) average
word embeddings and 2(b) DS-FSL, our method
produces better separation both in 1-shot and 5-
shot classification, demonstrating the effectiveness
of MLADA in leveraging the supervised learning
experience to generate high-quality sentence em-
beddings for few-shot text classification.

Moreover, we visualize the weight vectors gener-
ated by the meta-knowledge generator and compare
it with DS-FSL, as shown in Figure 3. Our model
reduces the weight of “committee” while increas-
ing the weight of “Olympic”, which demonstrates
that our model can recognize important lexical fea-
tures in the new task, rather than simply transfer-
ring features obtained from experience.

5 Conclusion

In this paper, we propose a novel meta-learning ap-
proach called Meta-Learning Adversarial Domain
Adaptation Network(MLADA), which can recog-
nize important lexical features and generate high-
quality sentence embeddings in new classes(not
seen in training data). Specifically, we design an
adversarial domain adaptation network in meta-
training episodes, which aims to extract domain-
invariant features and improve the adaptability of
the meta-learner in new classes. We demonstrate
that our method outperforms the existing state-of-
the-art approaches on four standard text classifi-
cation datasets. Future work includes applying
MLADA to other fields including computer vision
and speech recognition, and exploring the com-
bination between adversarial domain adaptation
network and other FSL algorithms.
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Abstract

Continuous representations of linguistic struc-
tures are an important part of modern natu-
ral language processing systems. Despite the
diversity, most of the existing log-multilinear
embedding models are organized under vector
operations. However, these operations can not
precisely represent the compositionality of nat-
ural language due to a lack of order-preserving
properties. In this work, we focus on one of
the promising alternatives based on the embed-
ding of documents and words in the rotation
group through the generalization of the cou-
pled tensor chain decomposition to the expo-
nential family of the probability distributions.
In this model, documents and words are rep-
resented as matrices, and n-grams representa-
tions are combined from word representations
by matrix multiplication. The proposed model
is optimized via noise-contrastive estimation.
We show empirically that capturing word or-
der and higher-order word interactions allows
our model to achieve the best results in several
document classification benchmarks.

1 Introduction

The current progress in natural language process-
ing systems is largely based on the success of the
representation learning of linguistic structures such
as word, sentence and document embeddings. The
most promising and successful methods are based
on learning representations via two types of models:
shallow log-multilinear models and deep neural
networks. Despite the efficiency and interpretabil-
ity of log-multilinear models, they can not use
higher-order linguistic features like dependency
between subsequences of words. To avoid these
disadvantages, we usually use nonlinear predictors
like recurrent, recursive, convolution neural net-
works, and more recently Transformers. Neverthe-
less, these methods can achieve high performance

at the cost of loss of some interpretability and the
cost of increased computation time.

However, there exist other ways to utilize higher-
order interactions and still preserve the efficiency
of linear models. In this research, we focus on more
data-oriented, i.e., more linguistic grounded, and
better interpretable methods which still can achieve
high results in the practical tasks. Particularly, we
investigate the matrix-space model of language, in
which semantic space consists of square matrices
of real values. The key idea behind this method
goes from realization of the Frege’s principle of
compositionality through order-preserving prop-
erty of matrix operations. As shown by Rudolph
and Giesbrecht (2010), this type of models can in-
ternally combine various properties from statistical
and symbolic models of natural language and there-
fore it is more flexible than vector space models.

In spite of that fact, such models are usually hard
to optimize on the real data. To this end, Yesse-
nalina and Cardie (2011) took attention to the needs
of nontrivial initialization and proposed to learn the
weights by the bag-of-words model. Asaadi and
Rudolph (2017) used complex multi-stage initial-
ization based on unigrams and bigrams scoring.
Both approaches try to solve the sentiment anal-
ysis task. Recently Mai et al. (2019) considered
the problem of self-supervised continuous repre-
sentation of words via matrix-space models. They
optimized a modified word2vec objective function
(Mikolov et al., 2013) and proposed a novel initial-
ization by adding small isotropic Gaussian noise to
the identity matrix.

In this paper, we use a similarity function be-
tween matrices similar to Mai et al. (2019), but
instead of neural network type of learning, we im-
plement the model as the coupled tensor chain and
impose the rotation group constraint. We focus on
the document representation problem. Given a doc-
ument collection, we try to find unsupervised doc-
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ument and word representation suitable for down-
stream linear classification tasks. To this end, we
represent words, n-grams and documents as ma-
trices and train self-supervised model. Our intu-
ition is based on the fact that modeling interaction
between words and documents is insufficient for
modeling relations between complex phrases and
documents.

Contributions. The main contributions of this
work can be summarized as follows:

• To the best of our knowledge, this is the first
representation learning method based on the
Riemannian geometry of matrix groups.

• We show that our approach to model the com-
positionality and word order allows us to in-
crease the quality of document embedding on
downstream tasks. Moreover, it is also more
computationally efficient in comparison with
neural network models.

• Our model achieves state-of-the-art perfor-
mance on the task of representation learning
for multiclass classification both on short and
long document datasets.

Our implementation of the proposed model is
available online1.

2 Related work

Euclidean embedding models (Mikolov et al.,
2013; Pennington et al., 2014) based on implicit
word-context co-occurance matrix factorization
(Levy and Goldberg, 2014) are an important frame-
work for current NLP tasks. Proposed models
achieve relatively high performance in various NLP
tasks like text classification (Kim, 2014), named
entity recognition (Lample et al., 2016), machine
translation (Cho et al., 2014).
Riemannian embedding models have shown
promising results by expanding embedding meth-
ods beyond Euclidean geometry. There are sev-
eral models with negative sectional curvature like
Poincare (Dhingra et al., 2018; Nickel and Kiela,
2017) and Lorentz models (Nickel and Kiela, 2018).
Furthermore, Meng et al. (2019) proposed a text
embedding model based on spherical geometry.
Tensor decomposition models have been applied
to many tasks in the NLP. Particularly, Van de
Cruys et al. (2013) proposed the Tucker model
for decomposing subject-verb-object co-occurance

1https://github.com/harrycrow/RDM

tensor for computation of compositionality. The
most similar to our task is the word embedding
problem. In this direction, Sharan and Valiant
(2017) explored the Canonical Polyadic Decom-
position (CPD) of word triplet tensor. Bailey and
Aeron (2017) used symmetric CPD of pointwise
mutual information tensor. Frandsen and Ge (2019)
extended the RAND-WALK model (Arora et al.,
2016) to word triplets. The main drawback of exist-
ing approaches is that they can not preserve word
order information of long n-grams properly. For
example, in the case of the CPD, we need to use
separate parameters for each word based on its po-
sition in the text. This restriction does not allow
us to efficiently use the linguistic meaning of ten-
sor modes. The symmetric CPD completely loses
word order information and the Tucker model suf-
fers from exponentially increasing parameter size
in the case of long length n-grams. Our approach
eliminates these disadvantages.

3 Problem and model description

In this section, we describe our model for the doc-
ument representation task. We begin with a short
introduction of the multilinear algebra, then present
the proposed document modeling framework in
the view of the coupled tensor decomposition and
provide the detailed description of our model and
indicate benefits/drawbacks which are related to
rotational group constraints.

3.1 Basic multilinear algebra

A tensor is a higher-order generalization of vectors
and matrices to multiple indices. The order of a
tensor is the number of dimensions, also known
as modes or ways. An N -th order tensor is rep-
resented as X ∈ RI1×I2×···×IN , and its element
is denoted as xi1...iN . We can always represent a
tensor X as sum of rank-1 tensors, where each of
them is defined as outer product of N -vectors, i.e.,
a(1) ◦ · · · ◦ a(N) and a(n) ∈ RIn for n = 1, . . . , N .
The minimal number of rank-1 tensors in this sum
defines tensor rank.

In this research we focus on a particular type of
tensor decomposition called tensor chain (Perez-
Garcia et al., 2007; Khoromskij, 2011; Zhao et al.,
2019). It represents tensor via the following sum
of rank-1 tensors

X =

R1,...,RN∑

r1,...,rN=1

a(1)
r1r2 ◦ · · · ◦ a(N)

rNr1
, (1)
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Notation Description
a Scalar
a Vector or tuple
A Matrix
A Higher-order tensor
◦ Outer (tensor) product
⊗ Kronecker product
tr(·) Trace of matrix
vec(·) Vectorization of tensor
[·]+ Euclidean projection onto

nonnegative orthant, i.e., max{0, ·}
QR(·) QR decomposition

Table 1: Basic notation.

where R1, . . . , RN are called ranks of the TC
model and the element-wise form of the follow-
ing decomposition is given by

xi1i2...iN = tr(A
(1)
i1

A
(2)
i2
· · ·A(N)

iN
), (2)

and A
(n)
in
∈ RRn×Rn+1 represents the in-th frontal

slice of the core tensors A(n) ∈ RRn×In×Rn+1 for
n = 1, . . . , N and RN+1 = R1 and a(n)

rnrn+1 are
tubes of A(n).

3.2 Document modelling setting
In our research, we use the fact that the same text
can be represented in different ways via differ-
ent sets of n-grams with fixed lengths {Wn}Nn=1,
where Wn = W× · · · ×W︸ ︷︷ ︸

n

and W is the word set.

The main hypothesis is that the occurance statistics
of the each of these n-grams sets contains some new
information about this text, which can not be ex-
tracted from any other n-grams set. If we combine
information from all of these sets we can achieve
better quality for our document embedding model.

Due to the fact that the occurrence of the se-
quence of words depends on the occurrence of each
word from this sequence, it is reasonable to treat the
distribution of each fixed-length n-grams set sep-
arately. Otherwise, by the reason of dependence
between the length of word sequence and their fre-
quency, small length n-grams can downweight the
importance of long length n-grams. Thus the effect
of higher-order interaction can become low. Also,
we notice that consider p(w) as a distribution over
unordered sets is a quite restrictive assumption on
the structure of the model due to the importance
of the order of the words in the language seman-
tics. For all these reasons, we work with each n-

gram distribution as with the separate distribution
of the single random variable rather than define
joint distribution for all n-grams sets and assume
that particular distribution for each n-gram set can
be constructed through marginalization from this
joint distribution.

Following this intuition for each n-gram set, n,
we assign appropriate joint distribution, p(w, d),
where w ∈ Wn and d ∈ D. We represent co-
occurrence of each n-gram, w = (w1, . . . , wn),
and each document, d ∈ D, as (n + 1)th-order
tensor X(wd) ∈ R|W|×···×|W|×|D|, where

x
(wd)
ij =

{
1, if i = w, j = d

0, otherwise .
(3)

Then we represent probability p(w, d) as the mean
of these tensors

X̄
(n)

= E(w,d)∼p(w,d)X
(wd).

Note that co-occurrences of n-grams and doc-
uments define bipartite graphs between them and
X̄

(n) can be interpreted as adjacency tensors of
these graphs.

3.3 Proposed model

Following compositional matrix-space modelling
approach we represent each word, w ∈ W, as a
matrix Uw ∈ RR×R, a n-gram, w ∈ Wn, as
Uw =

∏n
k=1 Uwk , and each document, d ∈ D,

as a matrix Vd ∈ RR×R. To measure dependence
between n-gram, w, and document, d, we use the
Frobenius inner product, defined as 〈Uw,Vd〉F =
tr(UT

wVd) = tr(UwVT
d ) = vec(Uw)Tvec(Vd).

We assume that embeddings organized accordingly
to this operation can be suitable for linear classi-
fiers.

The resulting model is the generalized to expo-
nential family of probability distributions coupled
tensor decomposition (Collins et al., 2001; Yilmaz
et al., 2011) of the set of tensors {X̄(n)}Nn=1 by
the corresponding set of tensor chain models with
restricted set of parameters

Θ = {Uw}|W|w=1 ∪ {Vd}|D|d=1, (4)

in the following optimization problem

min
Θ

N∑

n=1

KL[X̄
(n)||X̂(n)

; Θ], (5)
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Figure 1: Illustration of representation of document collection in a multi-view way as a collection of bipartite
graphs. Each of these graphs represents dependence (number of co-occurrence) between word’s strings of length
n and documents. Adjacency matrices X̄(n) ∈ R|W|n×|D| of these graphs can be appropriately tensorized to
adjacency tensors X̄

(n) ∈ R|W|×···×|W|×|D| which can be linked through modified multinomial link function with
latent tensors Z(n) ∈ R|W|×···×|W|×|D|. Latent tensors can be decomposed via the Coupled Tensor Chain model.
In our model, all core tensors U (VT ) which represent words (documents) are additionally restricted to have the
same parameters {Uw}|W|w=1 ({VT

d }
|D|
d=1).

where each Kullback-Leibler divergence can be
expressed as

KL[X̄
(n)||X̂(n)

; Θ] =
∑

w∈Wn

∑

d∈D
x̄

(n)
wd log

(
x̄

(n)
wd

x̂
(n)
wd

)

=

|W |∑

w1=1

· · ·
|W |∑

wn=1

|D|∑

d=1

x̄
(n)
w1...wnd

log

(
x̄

(n)
w1...wnd

x̂
(n)
w1...wnd

)
,

and x̂(n)
wd = p(w, d).

Our model represents p(w, d) by using follow-
ing mean function

p(w, d) ∝ p(w)p(d) exp(vec(X(wd))Tvec(Z(n))),

where vec(X(wd))Tvec(Z(n)) = z
(n)
wd is one of

natural parameters, which organized in the la-
tent tensors Z(n) ∈ R|W|×···×|W|×|D|. This latent
tensors contain pointwise mutual information be-
tween n-grams and documents and we assume that
each of this tensor has low tensor chain rank, i.e.,
z

(n)
wd = tr(UwVT

d ).

3.4 Intuition from geometric interpretation
If we avoid generative assumptions (Saunshi et al.,
2019), our task can be interpreted as maximizing
the similarity between document d and n-grams
from its document distribution p(w|d) with simul-
taneous minimization of similarity between this
document and n-grams from common n-gram distri-
bution p(w). As shown in previous works (Kumar

and Tsvetkov, 2019; Meng et al., 2019) enforcing
the spherical geometry constraints is a promising
choice for tasks focusing on directional similar-
ity. For doing so it can be reasonable to constrain
our model to the orthogonal group. In this case
Frobenius inner product became proper similarity
measure and the sequential matrix product always
preserves fixed norm and group structure (i.e., in-
vertibility of matrix multiplication). Due to the
group structure, our model has an interesting prop-
erty to uniquely determine each word in the n-gram
by their left and right aggregated context matrices
and general n-gram matrix.

However, orthogonal group is a disjoint set of
two connected components: set of rotations

SO(R) = {A|ATA = AAT = I,det(A) = +1}

and set of reflections {A|ATA = AAT =
I, det(A) = −1}. We impose constraints on our
model parameters enforcing rotation matrices since
the product of any number of rotations is always
rotation, i.e. rotation set forms a matrix group.
While the product of an even number of reflections
becomes rotation.

3.5 Noise-contrastive estimation

In practice we do not need to construct set of ten-
sors {X̄(n)}Nn=1 explicitly. Instead, since each X̄

(n)

represents a higher-order frequency table, we can
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optimize the sum of MLE tasks:

E
w,d∼X̄

(1) log(x̂
(1)
wd)+ · · ·+E

w,d∼X̄
(N) log(x̂

(N)
wd ).

Usually, we have huge amount of data which make
problem of computing partition function for each
x̂

(n)
wd intractable for many current computing ar-

chitectures. We can avoid this problem by us-
ing noise-contrastive estimation (Gutmann and
Hyvärinen, 2012) for conditional model (Ma and
Collins, 2018). Similar to Chen et al. (2017), we
construct negative samples from our batch by con-
necting non-linked n-grams and documents. Fi-
nally, for parameter set

Θ = {Uw}|W|w=1 ∪ {Vd}|D|d=1 ∪ {κ(n)}Nn=1, (6)

we formulate optimization problem in the follow-
ing way:

min
Θ

N∑

n=1

L(n)(Θ) +
λ

2

N∑

n=1

(κ(n))2 (7)

s.t. Uw ∈ SO(R), w = 1, . . . , |W|
Vd ∈ SO(R), d = 1, . . . , |D|
κ(n) ≥ 0, n = 1, . . . , N,

where each risk function is equal to

L(n)(Θ) = E{(wi,di)}Ii=1∼
∏I
i=1 x̄

(n)
widi

− log
exp

(
κ(n)tr(UwiV

T
di

)
)

∑I
j=1 exp

(
κ(n)tr(UwjV

T
di

)
) .

(8)

We add concentration parameters κ(n) to our
loss function to overcome the problem of fixed
scale. This makes our model more flexible to rep-
resent sharp distributions. Due to the fact that each
n-gram distribution has its own scale, it can be rea-
sonable to have a different κ(n) for different n-gram
distributions.

4 Optimization setup

4.1 N-gram construction
We construct n-grams from text corpora by using se-
quentially moving of the sliding window of length
n (from 1 to N ) inside each document.

4.2 Parameters initialization
Initialization from the uniform distribution on the
Stiefel manifold (Saxe et al., 2014) is one of promis-
ing ways to initialize deep neural network. To ini-
tialize parameters only from rotation component of

Stiefel manifold we can swap two columns for each
parameter matrix if the determinant of the this ma-
trix is -1. However, this initialization can be below
optimal way, because these rotation matrices can be
far away from each other and due to the non-trivial
structure of the loss function on this manifold we
can stuck in local minima. To overcome this prob-
lem, we can fix particular point on the manifold for
all matrices and perform small movement from this
point in arbitrary direction. We use following strat-
egy for each parameter A ∈ {Uw}|W|w=1∪{Vd}|D|d=1:

A0 ∼ N
(

0,
1

R2

)

[Q,R] = QR

(
I +

1

2
(A0 −AT

0 )

)

A = Q.

(9)

We initialize all concentration parameters us-
ing following equation κ(n) = u

R , where u ∼
U(0.9, 1.1) and n = 1, . . . , N .

4.3 Riemannian optimization
We solve our problem on the product manifold
of rotation group and nonnegative orthant by
simultaneous optimization of model parameters
{Uw}|W|w=1 ∪ {Vd}|D|d=1 and {κ(n)}Nn=1 by Rieman-
nian (Bécigneul and Ganea, 2019) and projected
Adagrad (Duchi et al., 2011) respectively.

LetM be a real smooth manifold and L :M→
R a smooth real-valued function over parameters
θ ∈ M. Riemannian gradient descent (Gabay,
1982; Absil et al., 2008) based on two sequential
steps. At first we compute Riemannian gradient
by orthogonal projection of the Euclidean gradient
on the tangent space at the same point on which
we compute Euclidean gradient by projθt : R →
TθM

∇RL(θt) = projθt(∇EL(θt)), (10)

and then we perform movement on the manifold
by specific curve, which called retraction Rθt :
TθM→M

θt+1 = Rθt(−α∇RL(θt)). (11)

For optimization on rotation group the orthogonal
projector of matrix G ∈ RR×R on the tangent
space at the point A ∈ SO(R) is given by:

projA(G) =
1

2
(G−AGTA), (12)
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For movement on the manifold in this direction we
use QR-based retraction:

[Q,R] = QR (At − α∇RL(At))

At+1 = Q.
(13)

We choose the QR-based retraction because it al-
lows Riemannian Adagrad to achieve the fastest
convergence in our experiments in comparison
with Cayley retraction (first-order), Polar retraction
(second-order), and geodesic (matrix exponential).

Algorithm 1 Optimization algorithm for RDM

Input: Learning rates α and β, number of itera-
tions T , maximum n-gram length N .
Output: Embedding parameters {Uw}|W|w=1 ∪
{Vd}|D|d=1 and {κ(n)}Nn=1.
for t = 1 to T do . after computing gradients:

for all At ∈ {Uw}|W|w=1 ∪ {Vd}|D|d=1 do
∇EL(At) =

∑N
n=1∇EL(n)(At)

∇RL(At)← (12) with∇EL(At)

αt =
α√∑t

i=1 ‖∇RL(Ai)‖2F
At+1 ← (13) with αt

end for
for n = 1 to N do

grad(κ
(n)
t ) = ∇EL(n)(κ

(n)
t ) + λκ

(n)
t

κ
(n)

t+ 1
2

= κ
(n)
t − β

grad(κ
(n)
t )√∑t

i=1 grad2(κ
(n)
i )

κ
(n)
t+1 =

[
κ

(n)

t+ 1
2

]

+

end for
end for

4.4 Computational efficiency

The computational complexity of our model de-
pends on the complexity R3 of multiplication of
matrices of size R × R, and QR decomposition
4
3R

3 (Layton and Sussman, 2020; Trefethen and
III, 1997). Due to the number of elements in these
matrices d = R2, we can transform the complexity
of our model in the dimension of embedding. In
this view, the time complexity is O(kd1.5), where
k is the size of the context window. As shown in
Table (2), our model has computational benefits
in comparison with Transformer due to the linear
dependence of time complexity on the word se-
quence length. We note that in comparison with

Bi-LSTM models like ELMo, our model has lower
complexity on embedding dimension, and can be
computed in parallel using the associativity prop-
erty of matrix multiplication. Although our model
has a higher theoretical time complexity than the
vector space models, the real gap between them is
relatively small at ordinary embedding dimension
(∼ 400).

Method Time Space
PV-DBOW O(kd) O(d)
PV-DM (Concat) O(kd) O(kd)
ELMo O(kld2) O(ld2)
BERT O(k2hld) O(khld)
RDM (Ours) O(kd1.5) O(d)

Table 2: Comparison of time and space complexity of
several document embedding models, where k - size of
context window, d - embedding dimension, l - number
of layers, h - number of heads. The time complexity of
other discussed here vector space models is equivalent
to the complexity of PV-DBOW.

5 Numerical experiments

5.1 Experimental setup
Downstream Linear Protocol. We estimate
quality of pre-trained representations on the multi-
class document categorization tasks on the 20
Newsgroups and the ArXiv based long document
dataset (He et al., 2019). We choose these datasets
for our benchmarks because they are significantly
different in the document’s average length. This im-
plies that statistics of long n-grams differ between
these datasets too and in the case of the ArXiv
dataset statistics of n-grams are significantly bet-
ter converged than in the case of 20 newsgroups.
This fact allow us to hypothesize that matrix-space
models should less overfit on the ArXiv dataset.

We fix the document embeddings and optimize
multinomial logistic regression with SAGA opti-
mizer and l2-norm regularization. Instead of test
set we use nested 10-fold cross-validation to esti-
mate statistical significance using Wilcoxon signed-
rank test (Japkowicz and Shah, 2011; Dror et al.,
2018). For each fold we estimate the hyperparam-
eter of l2-regularization on 10 point logarithmic
grid from 0.01 to 100 by using additional 10-fold
cross-validation with macro-averaged F1 score. For
text preprocessing, we use CountVectorizer from
the Scikit-learn package. Additionally we remove
words which occur in the NLTK stopwords list or

1679



occur only in 1 document. In the case of ArXiv
dataset we use half of this dataset and use only
documents in the range from 1000 to 5000 words
(smaller documents are removed and bigger docu-
ments are reduced to the first 5000 words).

Dataset #cls |W| |D| #w
20 Newsgroups 20 75752 18846 180
ArXiv 6 251108 16371 3829

Table 3: Datasets considered in the paper, where #cls
- number of classes, #w - average number of words in
documents, |W| - vocabulary size, |D| - number of doc-
uments.

Baselines. We compare our model with differ-
ent vector space models: paragraph vectors (Le
and Mikolov, 2014), weighted combinations of
the word2vec skipgram vectors (Mikolov et al.,
2013) (average, TF-IDF and SIF (Arora et al.,
2017)), Doc2vecC (Chen, 2017), sent2vec (Pagliar-
dini et al., 2018) and recently proposed JoSe (Meng
et al., 2019). The comparison with the last two of
these models seems to be more informative than
with others because of some similarity of these
models to our model (sent2vec can use n-gram in-
formation and JoSe also based on the spherical type
of embedding geometry).

Due to the large number of possible values of hy-
perparameters for each model, we used the default
values proposed by the authors of these models or
proposed in subsequent studies of these models like
in the case of paragraph vectors (Lau and Baldwin,
2016). We modify only the min count to 1 and
window size to be equal to the number of negative
samples for paragraph2vec and word2vec models
because it gives better results for these methods in
our experiments. We choose n-grams number equal
to 1 for sent2vec, because other values doesn’t im-
prove results. To preserve the fairness of compar-
ison we use fixed embedding dimension, number
of negative samples, and number of epochs for all
models including ours. These values try to mimic
the usual values of these hyperparameters in prac-
tice.

We compare our model not only with vector mod-
els but also with neural network models. We use
5.5B ELMo (Peters et al., 2018) version which
is pre-trained on Wikipedia (1.9B) and all of the
monolingual news crawl data from WMT 2008-
2012 (3.6B). ELMo embedding dimension is equal
to 1024. Also we use 768-dimensional embedding

vectors from BERT model ”bert-base-uncased”.
Following Devlin et al. (2019) we take the last layer
hidden state corresponding to the [CLS] token as
the aggregate document representation. If length of
document is bigger than 512 we cut document on
512-length parts and average representation of this
parts. Finally, we add Sentence BERT (Reimers
and Gurevych, 2019) to the baseline models. This
model is fine-tuned on SNLI and MultiNLI datasets
for sentence embedding generation. We use 768-
dimensional embedding vectors from model ”bert-
base-nli-mean-tokens”.

We do not perform fine-tuning of BERT and
ELMo models for our datasets, because in our ex-
periments it doesn’t give any positive effect on
the final performance of these models. However,
this is not true for Sentence BERT. Fine-tuning
slightly improve performance of this model on the
20 newsgroup (50 epoch with maximum margin
triplet loss).

We should notice that this experimental design
gives some benefits to neural network models in
comparison with log-multilinear models, but it is
more consistent with the ordinary practical use case
of the Transformers and RNN models. However,
the next experiment will show that log-multilinear
models can still outperform pre-trained neural net-
works.

Ablation study. For ablation study, we use dif-
ferent settings of our model. RDM means rotation
document model, i.e. our model. RDM-R means
our model without rotation group constraints. By
(1) we mean model which utilize only unigrams
and documents co-occurance information. By (3)
and (5) we mean model which utilizes informa-
tion from (1, 2, 3)-grams and (1, 2, 3, 4, 5)-grams
respectively. For RDM, we use 1e-2 and 1e-3 as
learning rates of Radagrad and projected Adagrad
respectively and we use λ = 15 for 20 newsgroups
and change λ to 5 for ArXiv dataset due to smaller
number of epoch in this experiment. For RDM-R
we use 1e-2 as learning rate for Adagrad.

5.2 Experimental results and comparison of
performance

Comparison to baselines. As one may observe
in the Table (4), our models yield results compara-
ble or outperforming the baseline methods, includ-
ing the simpler log-multilinear models (e.g. Skip-
gram) and more complex models featuring nonlin-
ear transformations, such as recurrences (ELMo)
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Models 20 Newsgroups ArXiv
Acc Prec Rec F1 Acc Prec Rec F1

PV-DBOW 88.7 88.4 88.2 88.2 89.1 89.2 89.2 89.2
PV-DM 77.2 76.8 76.5 76.5 42.2 42.3 42.0 41.9
Skipgram+Average 90.3 90.2 90.0 90.0 92.4 92.3 92.3 92.3
Skipgram+TF-IDF 90.4 90.2 90.1 90.1 92.6 92.5 92.4 92.4
Skipgram+SIF 90.4 90.2 90.1 90.1 92.4 92.3 92.3 92.3
Sent2vec 87.9 87.6 87.5 87.5 91.9 91.7 91.7 91.7
Doc2vecC 90.0 89.8 89.7 89.7 93.2 93.1 93.1 93.1
JoSe 87.8 87.6 87.4 87.4 91.3 91.3 91.2 91.2
ELMo 79.2 78.8 78.8 78.7 91.6 91.5 91.4 91.4
BERT 74.3 73.6 73.6 73.5 92.3 92.2 92.1 92.1
Sentence BERT 79.5 79.1 79.0 79.0 89.0 88.9 88.8 88.8

RDM-R (1) 86.8 86.4 86.3 86.3 94.0∗ 93.9∗ 93.8∗ 93.8∗

RDM-R (3) 87.9 87.6 87.4 87.4 94.5∗ 94.4∗ 94.4∗ 94.4∗

RDM-R (5) 88.3 88.0 87.9 87.9 94.6∗ 94.4∗ 94.4∗ 94.4∗

RDM (1) 89.3 89.2 89.0 89.0 94.0∗ 93.9∗ 93.9∗ 93.9∗

RDM (3) 90.7 90.5 90.4 90.4 94.0∗ 93.9∗ 93.9∗ 93.9∗

RDM (5) 91.1∗ 90.9∗ 90.8∗ 90.8∗ 94.0∗ 93.9∗ 93.9∗ 93.9∗

Table 4: Text classification performance on the 20 Newsgroups (short documents) and on the modified ArXiv (long
documents) datasets. We fix the number of epochs to 50, the embedding dimension to 400, and the number of neg-
ative samples to 15 for all models on the 20 Newsgroups. On the ArXiv dataset, we use the same hyperparameters
except for only the number of epochs which is equal to 5. We use macro-average for Precision, Recall, and F1.

and transformer blocks (BERT, SentenceBERT).
More specifically, on the 20 newsgroups, the RDM
(5) model yields the best results significantly2 out-
performing all the listed baseline approaches. It is
interesting that contrary to the 20 Newsgroups, all
RDM variants with any number of the n-grams sets
show strong results and significantly outperform
other models on the ArXiv dataset. Weighted com-
binations of the skipgram vectors and doc2vecC
model achieve the closest to our result. This con-
firms that neural models like ELMo and BERT, are
not the best way for all datasets and log-multilinear
models can outperform them. We can see that per-
formance of nonlinear models increase if we use
a large document dataset and BERT can outper-
form some of the log-multilinear approaches (PV-
DBOW, JoSe and sent2vec), but still, its result is
not on the top level.

Comparison between our models. On observ-
ing the results we can see that our model increase
the performance of classification when adding the
n-gram set with a bigger length. This property has
both models with rotation group constraints and
without such constraints. Despite this fact, as we

2We use ∗ if the comparison of our model with the baseline
models has p < 0.05.

can see the model without rotation constraints is
less robust in respect to noisy statistics of small doc-
ument dataset and achieve performance less than
the PV-DBOW model, while the rotation group
model outperforms all other models. However,
once we move on to a dataset with a larger doc-
ument’s average length (ArXiv), RDM-R performs
better than all other models, including RDM. This
confirms our hypothesis that the existence of good
statistics of long n-grams has critical value for
matrix space models. Due to strong associativ-
ity between sets of n-grams, our model needs more
parameters to approximate all the co-occurrences.
The RDM-R has a higher number of degrees of
freedom than the RDM R2 vs R(R−1)

2 . We think
that it allows RDM-R to outperform RDM in this
experiment. This intuition can be also confirmed
by the fact that RDM (1) and RDM-R (1) have the
same performance level. And only if we increase
the number of n-grams for the model from 1 to
3, then RDM-R can achieve better performance.
However, if we increase the number of n-grams set
from 3 to 5 both models stay on the same level of
performance. This is the sign that we need to use a
bigger embedding dimension if we want to achieve
even better results.
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In summary, if we have short documents, it’s
better to use RDM. For long document dataset with
restriction on the embedding dimension, we sug-
gest to relax the rotation group constraints. This
trick allows RDM to use more degrees of freedom
to estimate data precisely.

6 Conclusion

In this paper, we proposed a novel unsupervised
representation learning method based on the gener-
alized tensor chain with rotation group constraints,
which can utilize higher-order word interactions
and preserve most part of the computational effi-
ciency and interpretability of vector-based mod-
els. Our model achieves state-of-the-art results in
the document classification benchmarks on the 20
newsgroups and modified ArXiv dataset. A further
direction of research could be focused on adding
tensor kernel functions to the model to eliminate
problems with dependence on the dimension of
embedding. It could be interesting to augment
this type of model with the different loss functions
based not only on n-gram-document interactions
but also on word-word interactions from the knowl-
edge graph or document-document interaction from
the citation graph of the documents.
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cehre, Dzmitry Bahdanau, Fethi Bougares, Holger
Schwenk, and Yoshua Bengio. 2014. Learning
phrase representations using RNN encoder–decoder
for statistical machine translation. In Proceedings of
the 2014 Conference on Empirical Methods in Nat-
ural Language Processing (EMNLP), pages 1724–
1734, Doha, Qatar. Association for Computational
Linguistics.

Michael Collins, Sanjoy Dasgupta, and Robert E.
Schapire. 2001. A generalization of principal com-
ponents analysis to the exponential family. In Ad-
vances in Neural Information Processing Systems
14 [Neural Information Processing Systems: Natu-
ral and Synthetic, NIPS 2001, December 3-8, 2001,
Vancouver, British Columbia, Canada], pages 617–
624. MIT Press.

Tim Van de Cruys, Thierry Poibeau, and Anna Korho-
nen. 2013. A tensor-based factorization model of se-
mantic compositionality. In Proceedings of the 2013
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, pages 1142–1151, Atlanta,
Georgia. Association for Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),

1682



pages 4171–4186, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

Bhuwan Dhingra, Christopher Shallue, Mohammad
Norouzi, Andrew Dai, and George Dahl. 2018. Em-
bedding text in hyperbolic spaces. In Proceedings
of the Twelfth Workshop on Graph-Based Methods
for Natural Language Processing (TextGraphs-12),
pages 59–69, New Orleans, Louisiana, USA. Asso-
ciation for Computational Linguistics.

Rotem Dror, Gili Baumer, Segev Shlomov, and Roi Re-
ichart. 2018. The hitchhiker’s guide to testing statis-
tical significance in natural language processing. In
Proceedings of the 56th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 1383–1392, Melbourne, Aus-
tralia. Association for Computational Linguistics.

John C. Duchi, Elad Hazan, and Yoram Singer. 2011.
Adaptive subgradient methods for online learning
and stochastic optimization. J. Mach. Learn. Res.,
12:2121–2159.

Abraham Frandsen and Rong Ge. 2019. Understanding
composition of word embeddings via tensor decom-
position. In 7th International Conference on Learn-
ing Representations, ICLR 2019, New Orleans, LA,
USA, May 6-9, 2019. OpenReview.net.

Daniel Gabay. 1982. Minimizing a differentiable func-
tion over a differential manifold. Journal of Opti-
mization Theory and Applications, 37:177–219.

Michael Gutmann and Aapo Hyvärinen. 2012. Noise-
contrastive estimation of unnormalized statistical
models, with applications to natural image statistics.
J. Mach. Learn. Res., 13:307–361.

Jun He, Liqun Wang, Liu Liu, Jiao Feng, and Hao Wu.
2019. Long document classification from local word
glimpses via recurrent attention learning. IEEE Ac-
cess, 7:40707–40718.

Nathalie Japkowicz and Mohak Shah, editors. 2011.
Evaluating Learning Algorithms: A Classification
Perspective. Cambridge University Press.

Boris N. Khoromskij. 2011. O(dlogn)-quantics approx-
imation of n-d tensors in high-dimensional numeri-
cal modeling. Constructive Approximation, 34:257–
280.

Yoon Kim. 2014. Convolutional neural networks
for sentence classification. In Proceedings of the
2014 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 1746–1751,
Doha, Qatar. Association for Computational Lin-
guistics.

Sachin Kumar and Yulia Tsvetkov. 2019. Von mises-
fisher loss for training sequence to sequence models
with continuous outputs. In 7th International Con-
ference on Learning Representations, ICLR 2019,
New Orleans, LA, USA, May 6-9, 2019. OpenRe-
view.net.

Guillaume Lample, Miguel Ballesteros, Sandeep Sub-
ramanian, Kazuya Kawakami, and Chris Dyer. 2016.
Neural architectures for named entity recognition.
In Proceedings of the 2016 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
pages 260–270, San Diego, California. Association
for Computational Linguistics.

Jey Han Lau and Timothy Baldwin. 2016. An empiri-
cal evaluation of doc2vec with practical insights into
document embedding generation. In Proceedings
of the 1st Workshop on Representation Learning for
NLP, pages 78–86, Berlin, Germany. Association for
Computational Linguistics.

William Layton and Myron Sussman. 2020. Numerical
Linear Algebra. WSPC.

Quoc V. Le and Tomás Mikolov. 2014. Distributed
representations of sentences and documents. In
Proceedings of the 31th International Conference
on Machine Learning, ICML 2014, Beijing, China,
21-26 June 2014, volume 32 of JMLR Workshop
and Conference Proceedings, pages 1188–1196.
JMLR.org.

Omer Levy and Yoav Goldberg. 2014. Neural word
embedding as implicit matrix factorization. In Ad-
vances in Neural Information Processing Systems,
volume 27, pages 2177–2185. Curran Associates,
Inc.

Zhuang Ma and Michael Collins. 2018. Noise con-
trastive estimation and negative sampling for condi-
tional models: Consistency and statistical efficiency.
In Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing, Brussels,
Belgium, October 31 - November 4, 2018, pages
3698–3707. Association for Computational Linguis-
tics.

Florian Mai, Lukas Galke, and Ansgar Scherp. 2019.
CBOW is not all you need: Combining CBOW with
the compositional matrix space model. In 7th Inter-
national Conference on Learning Representations,
ICLR 2019, New Orleans, LA, USA, May 6-9, 2019.
OpenReview.net.

Yu Meng, Jiaxin Huang, Guangyuan Wang, Chao
Zhang, Honglei Zhuang, Lance M. Kaplan, and Ji-
awei Han. 2019. Spherical text embedding. In Ad-
vances in Neural Information Processing Systems
32: Annual Conference on Neural Information Pro-
cessing Systems 2019, NeurIPS 2019, December
8-14, 2019, Vancouver, BC, Canada, pages 8206–
8215.

Tomás Mikolov, Ilya Sutskever, Kai Chen, Gregory S.
Corrado, and Jeffrey Dean. 2013. Distributed rep-
resentations of words and phrases and their com-
positionality. In Advances in Neural Information
Processing Systems 26: 27th Annual Conference on
Neural Information Processing Systems 2013. Pro-
ceedings of a meeting held December 5-8, 2013,

1683



Lake Tahoe, Nevada, United States, pages 3111–
3119.

Maximilian Nickel and Douwe Kiela. 2018. Learning
continuous hierarchies in the lorentz model of hy-
perbolic geometry. In Proceedings of the 35th In-
ternational Conference on Machine Learning, ICML
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Abstract

Unsupervised extractive summarization aims
to extract salient sentences from documents
without labeled corpus. Existing methods are
mostly graph-based by computing sentence
centrality. These methods usually tend to
select sentences within the same facet, how-
ever, which often leads to the facet bias prob-
lem especially when the document has mul-
tiple facets (i.e. long-document and multi-
documents). To address this problem, we
proposed a novel facet-aware centrality-based
ranking model. We let the model pay more
attention to different facets by introducing a
sentence-document weight. The weight is
added to the sentence centrality score. We
evaluate our method on a wide range of sum-
marization tasks that include 8 representa-
tive benchmark datasets. Experimental re-
sults show that our method consistently out-
performs strong baselines especially in long-
and multi-document scenarios and even per-
forms comparably to some supervised mod-
els. Extensive analyses confirm that the perfor-
mance gains come from alleviating the facet
bias problem.

1 Introduction

Document summarization is the task of transform-
ing a long document into a shorter version while
retaining its most important content (Nenkova and
McKeown, 2011).Existing extractive or abstractive
methods are mostly in supervised fashion which
rely on large amounts of labeled corpora (Cheng
and Lapata, 2016; Nallapati et al., 2017; Gehrmann
et al., 2018; Liu and Lapata, 2019a,b; Zhang et al.,
2019; Wang et al., 2020). However, this is not
available for different summarization styles, do-
mains, and languages. Fortunately, recent work
has shown successful practices on unsupervised

*Contribution during internship at Tencent Inc.
†Corresponding Author

Figure 1: Examples from New York Times. We se-
lected part of key sentences from the source document
to show in this table. “...” refers to the omissions of
context sentences due to space limitation.

extractive summarization (Radev et al., 2000; Mi-
halcea and Tarau, 2004; Erkan and Radev, 2004;
Schluter and Søgaard, 2015; Tixier et al., 2017;
Zheng and Lapata, 2019; Xu et al., 2020; Dong
et al., 2020). Compare with supervised ones, unsu-
pervised methods 1). remove the dependency on
large-scale annotated document-summary pairs; 2).
are more general for various scenarios.

Graph-based models are commonly used in un-
supervised extractive methods (Radev et al., 2000;
Mihalcea and Tarau, 2004; Erkan and Radev, 2004).
For example, Zheng and Lapata (2019) proposed a
directed centrality-based method named PacSum
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Figure 2: Visualization of facet bias. Nodes refer to
sentence representations and star is the document repre-
sentation. Black solid circles mean facets. Red dashed
circle means threshold in Section 3.1. The dashed bi-
direction arrows denote the sentence similarities.

by assuming that the contribution of any two nodes
to their respective centrality is influenced by their
relative position in a document. Dong et al. (2020)
further improved PacSum by incorporating hierar-
chical and positional information into the directed
centrality method. The core idea of centrality-
based models is that the more similar a sentence is
to other sentences, the more important it is (Radev
et al., 2000). This usually works well for docu-
ments with a single facet (i.e. topic, aspect). How-
ever, there is always more than one facet, espe-
cially in long-document or multi-documents. Fig-
ure 1 shows an example of a long-document with 3
facets. We highlight the key phrases of each facet
in different colors. Current centrality-based mod-
els often select sentences from one facet which is
supported by more similar sentences. For example,
the baseline model selects 3 sentences from facet 1.
We call this the facet bias problem.

Figure 2 shows an intuitive explanation of the
facet bias problem. The nodes are sentence repre-
sentations, the star is the document representation
and rhombuses are the centers of selected summary
sentences. The sentences that support the same
facet are masked in the same circle. Centrality-
based models tend to select sentences from facet
1 (red nodes). Because these sentences are more
similar to each other which leads to a higher cen-
trality score. However, the true summary should
consist of important sentences from different facets
(blue nodes). To address the facet bias problem, in
this paper, we proposed a facet-aware centrality-
based model, which is called Facet-Aware Rank

(FAR). First, we introduce a modified graph-based
ranking method to filter irrelevant sentences. Then
we encode the whole document into vector space
which is used to capture all facets in the document.
For each candidate summary, we calculate a sim-
ilarity score between the summary sentences and
the document. This sentence-document similarity
aims at measuring the relevance between summary
and document. Whereas the sentence centrality
measures the sentence-level importance. In the
ranking phase, we combine the sentence-document
similarity and the sentence centrality to guarantee
the selected sentences are important and cover all
facets. As shown in Figure 2, by incorporating the
sentence-document similarity, we are more likely
to select the blue ones, that is closer to the star,
instead of the red ones. We evaluate our method on
8 representative datasets. The results show that our
model can surpass strong unsupervised baselines
on most datasets and is comparable to supervised
models on some datasets. Extensive analyses con-
firm that the performance gains indeed come from
alleviating the facet bias problem. Besides, we sur-
prisedly find that our method can tackle redundancy
in summary to some extent.

2 Background: Graph-based Ranking

Given a document D, it contains a set of sen-
tences {s1, .., si, .., sj , .., sn}. Graph-based algo-
rithms treats D as a graph G = (V,E). V =
{v1, v2, . . . , vn} is the vertex set where vi is the
representation of sentence si. E is the edge set,
which is an n× n matrix. Each = {ei,j} ∈ E
denotes the weight between vertex vi and vj .

The key idea of graph-based ranking is to calcu-
late the centrality score of each sentence (or ver-
tex). Traditionally, this score is measured by degree
or ranking algorithms (Mihalcea and Tarau, 2004;
Erkan and Radev, 2004) based on PageRank (Brin
and Page, 1998). Then the sentences with the top
score are extracted as a summary. The undirected
graph algorithm compute the sentence centrality
score as follows:

Centrality(si) =

N∑

j=1

eij (1)

This is based on the assumption that the contribu-
tion of the sentence’s importance in the document
is not affected by the order of the sentence. In
contrast, directed graph-based ranking algorithm
takes the positional information into consideration,
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which is based on the assumption that the previous
content of current sentence and the later contexts
have different impact on current sentence’s cen-
trality score (Mann and Thompson, 1988). Then
equation 1 is reformulated as

DC(si) = λ1
∑

i>j

eij + λ2
∑

i<j

eij (2)

Where λ1 + λ2 = 1. Hyper-parameters λ1 and
λ2 were used to adjust the influence of previous
and last content. Our method is built based on the
directed graph-based ranking algorithm.

3 Facet-Aware Centrality-based Model

3.1 Modified Directed Graph-based Ranking

We propose a variation of directed graph-based
ranking in this section. We modify Equation 2 in
terms of filtering negligible sentences. We take
s1 in Figure 2 as an example to give an intuitive
explanation. There usually exist many unrelated
sentences especially in long documents for s1 i.e.
s2, s3, s4. As shown in equation 2, all these sen-
tences have a contribution in computing s1’s cen-
trality score. We regard sentences like them as
noise of s1 and propose a modified directed graph-
based ranking to filter them. To this end, we simply
introduce a threshold ε to Equation 2. For s1, ε
can be seen as a diameter, s1 is the centre. The
centrality score of s1 only consider nodes in red
dashed circle. We further rewrite 2 as :

DC(si) =λ1
∑

i>j

Max((eij − ε), 0)

+λ2
∑

i<j

Max((eij − ε), 0)
(3)

where ε = β · (max(eij) − min(eij)). β is a
Hyper-parameter to control the scale of diameter.
As shown in Equation 3, if the similarity between
si and sj is lower than ε, sj is neglected. We find
this modification is very effective but the model is
very sensitive to the selection of β, so we carefully
tune β on the development set. We finally rank and
select sentences with Equation 4.

summary = topK({DC(si)}i=1,..,n) (4)

Where top-ranked k sentences will be extracted
as summary and k is pre-defined with the average
length of summary in training data.

3.2 Facet-Aware Centrality Scoring
In this section, we introduce how to implement
Equation 3 and how we incorporate facet into
centrality-based ranking in detail. We propose a
simple method to model the facets in a document
by a special representation based on the whole doc-
ument.

Specifically, based on Equation 4, we add a
sentence-document similarity, which computes the
similarity between sentences in candidate summary
and document to measure the relevance between
summary C and document d. Candidate summary
is pre-selected sentences from top-ranked K sen-
tences with score DC(si) to reduce search range.
We combine sentence-document similarity with
sentence centrality and obtain the best candidate
summary by 5.

summary = argmax
C

(sim(d, v̂) ·
∑

si∈C
DC(si)

α)

(5)
where α is a hyper-parameter to control the influ-
ence of directed centrality. sim(d, v̂) refers to the
sentence-document similarity, where d is the docu-
ment representation and v̂ is the candidate summary
representation. v̂ is obtained by

∑
i∈C(vi)
|C| which is

the mean representation of summary sentences. We
select the cosine similarity for sim(·).

The combination of sentence-document similar-
ity and sentence centrality can not only tackle the
facet problem but also reduce the redundancy to
some extent. As shown in Figure 2, the centrality
score of red nodes is extremely high due to they
are similar to each other. Previous centrality-based
models tend to select them as the summary. We
incorporate document representation and sentence-
document similarity to weight centrality score.
This force model chooses the blue nodes, whose
center is closer to the star, instead of red nodes.
The introduction of sentence-document similarity
makes it extremely unlikely that nodes of high co-
hesion will be selected. Thus, the redundancy is
also reduced.

A candidate summary C is the subset of top-
ranked K sentences after ranking with DC(si),
which satisfy the following two conditions: 1) the
length of sentences in candidate summary is pre-
defined L, which is related to the summary length
of dataset training data; 2) the total length of top-
ranked K sentences is t×L, where t is empirically
set as 3. For the sentence representations vi, we em-
ploy BERT as encoder which maps each word into
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a hidden state. Specifically, the sentence represen-
tations vi is obtained by sigmoid(hi), where hi is
the hidden state of “[CLS]”. Each eij in E is calcu-
lated by the dot product of the two sentences v>i vj .
For document representation, we first collect all
the sentence representations {v1, v2, . . . , vn}. To
compress all the valuable information in the docu-
ment, we apply a maxpooling function to sentence
representations. The document representation d is
computed as

d = Maxpooling({v1, v2, . . . , vn}) (6)

3.3 Improved Sentence Representation
The sentence representations plays a crucial role in
our ranking model. The previous study shows that
improving the quality of sentence representations
helps improve the ranking performance (Zheng and
Lapata, 2019; Dong et al., 2020). We post-train
BERT on a sentence-level task constructed based
on the corpus of a specific task. The idea is that its
representation is affected not only by the words in
it, but also the sentences around it. For a sentence
in a document, we take its previous sentence and its
following sentence to be positive examples and ran-
dom sample sentences from documents as negative
examples. The objective function follows that used
in (Reimers and Gurevych, 2019). Specifically, for
sentence si, a positive sentence sj , and a negative
sentence sk, the BERT is trained to minimize the
following equation:

max(‖ vi − vj ‖ − ‖ vi − vk ‖ +µ, 0) (7)

where v is the sentence representation, and µ is
margin which ensures that vj is at least µ closer
to si than sk. The hidden state vector of “[CLS]”
is used as sentence representations and we set µ
to 1 following (Reimers and Gurevych, 2019) in
post-training phase.

4 Experiments

4.1 Datasets
We introduce the datasets used in our experiments
in this section.

CNN/DM dataset contains 93k articles from
CNN, and 220k articles from Daily Mail news-
papers (Hermann et al., 2015). We use the non-
anonymous version. Following (Zheng and Lapata,
2019), documents whose length of summaries are
shorter than 30 tokens are filtered out.

NYT dataset contains articles published by the
New York Times between January 1, 1987 and
June 19, 2007 (Li et al., 2016). The summaries
are written by library scientists. Different from
CNNDM, salient sentences distribute evenly in an
article (Durrett et al., 2016). We filter out docu-
ments whose length of summaries are shorter than
50 tokens (Zheng and Lapata, 2019).

MultiNews dataset consists of news articles and
human-written summaries. The dataset is the
first large-scale Multi-Documents Summarization
(MDS) news dataset and comes from a diverse set
of news sources (over 1500 sites) (Fabbri et al.,
2019).

arXiv&PubMed datasets are two long doc-
ument datasets of scientific publications from
arXiv.org (113k) and PubMed (215k) (Cohan et al.,
2018). The task is to generate the abstract from the
paper body.

WikiSum dataset is a multi-documents summa-
rization dataset from Wikipedia (Liu et al., 2018).
We use the version provided by (Liu and Lapata,
2019a), which selects ranked top-40 paragraphs
as input. For this dataset, we filter out documents
whose summary length is less than 100 tokens. Af-
ter the process, WikiSum test set contains 15,795
examples and the average length of summaries is
198.

WikiHow dataset is a large-scale dataset of in-
structions from the online WikiHow.com website
(Koupaee and Wang, 2018). The task is to gener-
ate the concatenated summary-sentences from the
paragraphs.

BillSum dataset contains US Congressional
bills and human-written reference summaries from
the 103rd-115th (1993-2018) sessions of Congress
(Kornilova and Eidelman, 2019).

These datasets differ in scale, domain and task
type. We collect details of the 8 corpus in Table 1.

4.2 Implementation Details and Metrics

FAR has 4 hyper-parameters and the best set of
them are chosen from the following setting: α ∈
{1, 2}, β ∈ {0.0, 0.1, . . . , 0.9}, λ1+λ2 = 1, λ1 ∈
{0.0, 0.1, . . . , 1.0}. In most case, FAR with the de-
fault setting (α = 1, β = 0.5, λ1 = 0.5, λ2 = 0.5)
can achieve satisfied performance on all datasets.
We select best hyper-parameters by sampling 1,000
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Datasets Sources Type #Pairs #Tokens
Train Valid Test Doc. Sum.

CNN/DM News SDS 287,227 13,368 11,490 788 63
NYT News SDS 36,735 5,531 4,375 1,291 80
MultiNews News MDS 44,972 5,622 5,622 2,104 264
arXiv Scientific Paper LDS 202,914 6,436 6,440 4,938 220
PubMed Scientific Paper LDS 117,108 6,631 6,658 3,016 203
WikiSum Wikipedia MDS 1,579,360 38,144 38,144 2,800 139
WikiHow Wikipedia SDS 157,252 5,599 5,577 581 63
BillSum US Legislation LDS 17,054 1,895 3,269 2,148 209

Table 1: Information of datasets. The data in Doc. and Sum. indicates the average length of document and summary
respectively. SDS represents single-document summarization, MDS represents multi-documents summarization
and LDS represents single long document summarization (#tokens of document ≥ 3,000).

Method CNN/DM NYT WikiHow
R-1 R-2 R-L R-1 R-2 R-L R-1 R-2 R-L

Oracle 52.59 17.62 36.67 61.63 41.54 58.11 39.80 14.85 36.90
PTR-GEN 39.50 17.30 36.40 42.70 22.10 38.00 - - -
REFRESH 41.30 18.40 35.70 41.30 22.00 37.80 - - -
BertExt 43.25 20.24 39.63 - - - 30.31 8.17 28.24
Lead 40.49 17.66 36.75 35.50 17.20 32.00 24.31 5.52 22.53
TextRank 33.85 13.61 30.14 33.24 14.74 29.92 21.64 5.34 19.68
LexRank 34.68 12.82 31.12 30.75 10.49 26.58 25.46 5.89 23.63
MMR 31.63 10.02 28.55 27.16 6.41 25.32 22.02 4.40 20.22
PacSum 40.70 17.80 36.90 41.40 21.70 37.50 - - -
PacSum (Ours) 40.69 17.82 36.91 41.37 21.65 37.35 27.46 6.13 25.40
STAS 40.90 18.02 37.21 41.46 21.80 37.57 - - -
FAR 40.83 17.85 36.91 41.61 21.88 37.59 27.54 6.17 25.46

Table 2: Results on SDS CNNDM, NYT and WikiHow test sets.

examples from validation set (Zheng and Lapata,
2019).

The implementation of our encoder model is
based on the PyTorch implementation of BERT*.
The BERT follows the base settings. In the post-
training, we employ basic BERT model to initialize
our sentence encoder. We use Adam (Kingma and
Ba, 2014) as our optimizer with a learning-rate of
2e−5. During post-training, we sample documents
from training set of all datasets. The max length of
the input sentence is set to 60. A linear warm-up
for the first 10% of steps followed by a linear decay
to 0 is used. The BERT encoder is post-trained on
6 Tesla V100 GPUs.

We use ROUGE-1.5.5.pl script† to evaluated
summarization quality automatically with ROUGE
F1 (Lin and Hovy, 2003). We report ROUGE-1/2/L
score to measure the quality of summaries. Besides,
we also do a human evaluation for the facet bias
and redundancy of extracted summaries.

4.3 Results

Table 2-4 report the results of datasets with 3 types.
In each table, we present the results of Oracle and

*https://github.com/huggingface/transformers
†https://github.com/andersjo/pyrouge

previous supervised models in the first block. Or-
acle can be seen as the upper bound of extractive
models, which extracts gold standard summaries
by greedily selecting sentences to optimize the
mean of ROUGE-1 and ROUGE-2 (Nallapati et al.,
2017). We compare our approach with strong unsu-
pervised baselines Lead, TextRank (Mihalcea and
Tarau, 2004), LexRank (Erkan and Radev, 2004),
MMR (Carbonell and Goldstein, 1998) in the sec-
ond block of each table. Lead selects the first k
tokens as a summary. We also report previous best
centrality-based model PacSum (Zheng and Lap-
ata, 2019) in the third block of each table.

Overall, FAR outperforms above-mentioned un-
supervised strong baselines on most datasets, es-
pecially on long-document and multi-documents
datasets and is more generalized than them for dif-
fernt types, domains datasets.

Results on SDS Table 2 reports the results on
single document summarization (SDS) datasets
CNN/DM, NYT and WikiHow. PTR-GEN (See
et al., 2017) is a supervised abstractive model with
classic seq2seq structure. REFRESH (Narayan
et al., 2018) and BertExt (Liu and Lapata, 2019b)
are supervised extractive models. STAS (Xu et al.,
2020) is the best unsupervised model on CNN/DM

1689



Method arXiv PubMed BillSum
R-1 R-2 R-L R-1 R-2 R-L R-1 R-2 R-L

Oracle 53.88 23.05 34.9 55.05 27.48 38.66 56.22 38.77 51.25
PTR-GEN 32.06 9.04 25.16 35.86 10.22 29.69 33.43 9.47 27.90
Discourse-aware 35.80 11.05 31.8 38.93 15.37 35.21 - - -
SummaRuNNer 42.81 16.52 28.23 43.89 18.78 30.36 - - -
GlobalLocalCont 43.62 17.36 29.14 44.85 19.70 31.43 - - -
Lead 33.66 8.94 22.19 35.63 12.28 25.17 35.10 16.76 30.31
TextRank 24.38 10.57 22.18 38.66 15.87 34.53 36.10 15.00 30.35
LexRank 33.85 10.73 28.99 39.19 13.89 34.59 38.28 16.02 32.44
MMR 29.75 6.14 26.41 37.65 10.61 33.71 36.73 12.45 32.13
PacSum 39.33 12.19 34.18 39.79 14.00 36.09 38.34 16.64 33.36
FAR 40.92 13.75 35.56 41.98 15.66 37.58 38.37 16.69 33.40

Table 3: Results on LDS arXiv, PubMed and BillSum test sets.

Method MultiNews WikiSum
R-1 R-2 R-L R-1 R-2 R-L

Oracle 55.40 29.91 50.51 49.43 27.18 45.04
FT (2019) 44.32 15.11 20.50 40.56 25.35 34.73
HT (2019) 42.36 15.27 22.08 41.53 26.52 35.76
T-DMCA (2018) - - - 40.77 25.60 34.90
HiMAP (2019) 44.17 16.05 21.38 - - -
Lead 39.41 11.77 14.51 37.63 14.75 34.76
TextRank 38.44 13.10 13.50 23.66 7.79 21.23
LexRank 38.27 12.70 13.20 36.12 11.67 22.52
MMR 38.77 11.98 12.91 31.22 10.24 22.48
PacSum (2019) 43.27 14.16 38.25 36.85 12.94 33.64
FAR 43.48 16.87 44.00 38.11 14.54 35.01

Table 4: Results on MDS MultiNews and WikiSum test sets.

and NYT with two redesigned pretrain tasks to
measure the importance of sentences.

From the results, we can see that: 1) Our model
outperforms all strong baselines in the second block
and PacSum by wide margins in terms of ROUGE-
1/2/L on 3 SDS datasets. 2) Especially on NYT, our
model outperforms the previous best unsupervised
extractive system STAS and supervised method
REFERSH.

After we re-implement the trigram blocking trick
(i.e., removing sentences with repeating trigrams to
existing summary sentences) which STAS used (Xu
et al., 2020), FAR can achieve a better ROUGE-1
score 40.93/17.80/37.00 than STAS on CNN/DM.

Results on LDS Table 3 reports the results
on long document summarization (LDS) datasets
arXiv, PubMed and BillSum. For supervised ex-
tractive models, we compare with SummaRuN-
Ner (Nallapati et al., 2017) and GlobalLocalCont
(Xiao and Carenini, 2019). We also compare with
supervised abstractive models Discourse-aware
(Cohan et al., 2018) and PRT-GEN.

As shown in Table 3, our model has obviously
higher ROUGE-1/2/L score (+1.89 +1.56 +1.38)
on arXiv and (+2.22 +1.55 +1.45) on PubMed than
PacSum. Compare with supervised models, our un-

supervised model outperforms supervised abstrac-
tive models PTR-GEN and Discourse-aware, but
still have a gap with supervised extractive models.
The reason for this gap is that supervised extrac-
tive models can extract sentences with dynamic
length through training with labeled corpus, but
unsupervised models need to predefined the length
or number of extracted summaries.

Besides, we can see that the improvement on
Billsum is limited. We analysis the input document
of Billsum and find that documents in Billsum con-
tains many very short sentences which lead to this
limited improvement.

Results on MDS Table 4 reports the results on
multi-documents summarization datasets Multi-
News and WikiSum. T-DMCA and HiMAP are
proposed with the construction of WikiSum and
MultiNews. FT (Flat Transformer) and HT (Hier-
archical Transformer) are two supervised extractive
models which are proposed by (Liu and Lapata,
2019a).

From results in Table 4, we can see that Pac-
Sum and FAR have a strong performance on Multi-
News, which may result from the characteristic of
news datasets and the high-quality human-written
documents-summary pairs of MultiNews. On Wik-
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arXiv
FAR 40.92 13.75 35.56
-facet-aware scoring 39.61 12.45 34.37
-modified DC 38.32 11.53 33.35
-post-training 40.02 12.79 34.67

NYT
FAR 41.67 21.93 37.68
-facet-aware scoring 40.82 21.10 36.81
-modified DC 39.90 20.47 36.02
-post-training 40.93 21.38 36.99

Table 5: Ablation study on arXiv and NYT.

iSum, compare with PacSum, FAR is obviously
better. We also can observe that the performance of
unsupervised models are far less than supervised
models. Because the length of multi-document
summary has a great fluctuation and unsupervised
methods are hard to decide the length of extracted
sentences.

5 Analysis

In this section, we present a series of analysis and
tests to understand the improvements of our FAR
reported in the previous section, and to prove that
it fulfills our intuition that the design of our model
improves the facet bias. We choose NYT from SDS
and arXiv from LDS to analyze the performance
of FAR. These 2 datasets are typical and cover the
situation of short and long document inputs.

Ablation Study In order to access the contribu-
tion of 3 components of FAR – modified DC in
section 3.1, facet-aware scoring in section 3.2, and
post-training in section 3.3. We remove each com-
ponent of them and report ablation study results in
5. We can see that modified DC and facet-aware
scoring are indispensable to the performance of
FAR. If we remove each of them, the performance
of FAR drops sharply. When we replace BERT
with post-training with original BERT, the results
also confirm that post-training is usable.

Human Evaluation To evaluate the ability of
FAR in reducing facet bias and redundancy, we
asked 3 human annotators to evaluate the extracted
summaries of PacSum and FAR with the gold ref-
erence summary. Three annotators were asked to
give 0-2 scores for facet bias and redundancy of
100 random sampled examples. The results of Pac-
Sum in terms of facet bias is 1.42 and redundancy
is 1.17. Our FAR performs significantly better than

PacSum (p < 0.05) whose facet bias is 0.96 and
redundancy is 0.81. Human evaluation results indi-
cated that FAR can extract high-quality summaries
by facet-aware modeling and reduce redundancy of
summaries to some extent.

Figure 3: Sentence position distribution of arXiv and
NYT. We use the first 40 sentences for NYT and the
first 120 sentences for arXiv.

Sentence Position Distribution We compare
the position distribution of extracted sentences of
FAR, PacSum, and Oracle to further inspect the
performance of FAR. We report the position distri-
bution of extracted sentences in Figure 3. We can
see that 1) The distribution of FAR is more close
to Oracle; 2) PacSum only extracts sentence in the
head of documents on arXiv, which is also men-
tioned by (Dong et al., 2020); 3) The advantages of
our model are more significant for LDS datasets.

Analysis of Hyper-parameter β Hyper-
parameter β is a crucial hyper-parameter that is
used to filter out noise sentences in documents.
We fixed other hyper-parameters and observed
the change of ROUGE-1 from 0.1 to 0.9 with β
in Figure 4. We can see that Hyper-parameter
β has great impact on model’s effect, especially
on NYT dataset. These curves prove that noise
sentences truly exists and hurt the performance of
centrality-based models.
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Figure 4: FAR’s performance against different values
of β on arXiv and NYT.

Case Study To intuitively show the ability of
FAR to tackle the facet bias problem and reduce
redundancy, we choose one typical example from
NYT dataset. (example is from a news report and
only used to analyze the effectiveness of our model.)
As shown in Table 5, we can see that sentences ex-
tracted by PacSum all focus on the facet which
describes terroristic attacks in Iraq. However, FAR
can cover all 3 facets in gold reference. This shows
that our FAR can effectively improve the perfor-
mance by reducing the facet bias problem.

6 Related Work

Summarization is a long-standing challenge for
researchers to address. Thanks to the power of
the neural network and availability of large-scale
parallel datasets. Supervised summarization al-
gorithms develop sharply (Chopra et al., 2016;
Cao et al., 2018; Zhang et al., 2018; Zhong et al.,
2019; Gehrmann et al., 2019; Cho et al., 2019; Jin
et al., 2020b; Cao et al., 2020; Jin et al., 2020a;
Zhong et al., 2020). However, high-quality parallel
datasets are not always available. Researches on
unsupervised summarization are necessary, which
can be diveided into extractive and abstractive. Un-
supervised abstractive summarization is more chal-
lenging than extractive. There are also many in-
teresting works (Wang and Lee, 2018; Févry and
Phang, 2018; Baziotis et al., 2019; Jernite, 2019;
Zhou and Rush, 2019; West et al., 2019; Chu and
Liu, 2019; Yang et al., 2020) on unsupervised ab-
stractive summarization.

However, most unsupervised summarization
models are extractive (Radev et al., 2000; Mihal-
cea and Tarau, 2004; Erkan and Radev, 2004; Car-
bonell and Goldstein, 1998; Wan, 2008; Wan and
Yang, 2008; Schluter and Søgaard, 2015; Zhao
et al., 2020) and focused on the measure of sen-

tence salient. Graph-based models are effective and
widely concerned in unsupervised extractive meth-
ods. Different from traditional undirected graph
rank models (Radev et al., 2000; Mihalcea and Ta-
rau, 2004; Erkan and Radev, 2004), (Zheng and
Lapata, 2019) proposed directed centrality method,
which is based on the Rhetorical Structure Theory
(RST) (Mann and Thompson, 1988) assumption.
(Dong et al., 2020) point out that PACSUM has
position bias, which makes PACSUM not suitable
for long document summarization, and proposed
hierarchical position-based model HipoRankfor sci-
entific document summarization. STAS (Xu et al.,
2020) design two summarization tasks related pre-
training tasks to improve sentence representation.
Then they proposed a rank method which combines
attention weight with reconstruction loss to mea-
sure the centrality of sentences.

We find the facet bias problem in graph-based
models, which lead to the extracted summaries can
not cover multi-facets information in document. A
similar concept in summarization is redundancy.
However, the difference between redundancy and
facet bias is two folds: 1) to solve redundant prob-
lem, we just need to make sure selected sentences
are not too similar; 2) However, to tackle the facet
bias problem, we need to select sentences that can
retain multi-facets information.

7 Conclusion

In this paper, we discover the facet bias problem in
centrality-based unsupervised summarization mod-
els and proposed a novel facet-aware centrality-
based ranking model FAR to tackle it. We intro-
duce a sentence-document weight into centrality,
which forced the model to pay more attention to
different facets and find that FAR can reduce re-
dundancy to some extent. Results on a wide range
of summarization tasks show that our method con-
sistently outperforms strong baselines especially in
long- and multi-document scenarios, which prove
our model is robust and effective. Extensive anal-
yses confirmed that the performance gains of our
model come from alleviating the facet bias prob-
lem.
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A Hyperparamters

Hyper-paramters of the FAR were reported in Table
6.

B Filter Summary Length of
arXiv&PubMed

To prove unsupervised is limited by summary
length, we filter examples in the test set with sum-
mary length, and report the results in Figure 6. We
can see that when examples with short summary,
which do not match the predefined length, were
removed, the performance improved obviously.

Datasets α β λ1 λ2
CNN/DM 1 0.0 0.7 0.3
NYT 1 0.6 0.6 0.4
arXiv 2 0.7 0.5 0.5
PubMed 2 0.3 0.5 0.5
MultiNews 1 0.4 0.5 0.5
WikiSum 1 0.0 0.5 0.5
BillSum 1 0.5 0.5 0.5
WikiHow 1 0.8 0.5 0.5

Table 6: Hyper-parameters for FAR’s best perfor-
mance.

Figure 6: Performance on arXiv and PubMed, when we
filter examples in test set with summary lenghth.

C Sentence Position Distribution

We show sentence position distribution of all 8
datasets in Figure 7.
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Figure 7: Sentence position distribution of 8 datasets.
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Abstract

Recent work has proposed several efficient ap-
proaches for generating gradient-based adver-
sarial perturbations on embeddings and proved
that the model’s performance and robustness
can be improved when they are trained with
these contaminated embeddings. While they
paid little attention to how to help the model
to learn these adversarial samples more effi-
ciently. In this work, we focus on enhancing
the model’s ability to defend gradient-based
adversarial attack during the model’s train-
ing process and propose two novel adversar-
ial training approaches: (1) CARL narrows
the original sample and its adversarial sam-
ple in the representation space while enlarging
their distance from different labeled samples.
(2) RAR forces the model to reconstruct the
original sample from its adversarial represen-
tation. Experiments show that the proposed
two approaches outperform strong baselines
on various text classification datasets. Anal-
ysis experiments find that when using our ap-
proaches, the semantic representation of the in-
put sentence won’t be significantly affected by
adversarial perturbations, and the model’s per-
formance drops less under adversarial attack.
That is to say, our approaches can effectively
improve the robustness of the model. Besides,
RAR can also be used to generate text-form
adversarial samples.

1 Introduction

Text classification is a fundamental research topic
in natural language processing (Pang et al., 2002;
Lai et al., 2015; Neekhara et al., 2019; Sun et al.,
2019). Neural networks have obtained state-of-the-
art performance on many text classification datasets
(Kim, 2014; Wang et al., 2018; Devlin et al., 2019).
Despite these models’ success, recent work has
shown that they can be easily fooled by intention-
ally designed adversarial examples. These adver-
sarial examples generated by adding little perturba-
tions on original examples cannot affect human’s

judgment but can fail models (Ren et al., 2019a;
Xu et al., 2019).

Adversarial training approaches are proposed to
tackle this problem, which aims to enhance the
model’s strength of generalization and robustness
by generating adversarial samples and letting the
model learn them (Ren et al., 2019b; Xu et al.,
2019). The approaches for generating adversarial
samples can be roughly classified into two cate-
gories: text-based and gradient-based. The former
can be further classified into three levels: character-
level, word-level, and sentence-level. Compared
to gradient-based adversarial approaches, the text-
based are explainable, but they may suffer from low
attack diversity and rely more on human knowl-
edge which limits the kinds of adversarial patterns.
In contrast, during the gradient-based adversar-
ial training process, small perturbations calculated
from the gradient are added to mini-batches embed-
dings of original training samples, then the model’s
parameters will be optimized to correctly classify
the original embeddings together with adversarial
embeddings (Miyato et al., 2017). This kind of
approach consists of two major steps: adversarial
perturbation’s construction and adversarial sam-
ple’s learning. Recent approaches mainly focus
on the first step, as for the second step, only the
classification loss is used by the model to learn the
adversarial samples.

In this work, we investigate gradient-based ad-
versarial training and focus on the second step.
To further improve model’s robustness against
adversarial perturbations, we propose two ap-
proaches for text classification models: CARL
(Contrastive Adversarial Representation Learning)
and RAR (Reconstruction from Adversarial
Representations). We first generate adversarial
samples by adding perturbations on input sen-
tence’s word embeddings, then CARL and RAR
are used to learn these adversarial samples. CARL
leverages the family of contrastive objectives (Gut-
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mann and Hyvärinen, 2010; Hjelm et al., 2019;
Tian et al., 2020) and aims to prevent the seman-
tic representation of input sentence from being
affected by adversarial attacks by narrowing the
distance between the adversarial sample and its
corresponding original sample in the representa-
tion space, while pushing them apart from samples
which belong to different classes. If the represen-
tations of adversarial sample and original sample
are identical, the model won’t be fragile to the ad-
versarial attack. While CARL’s goal is to learn
a robust sentence-level representation, RAR acts
like an auto-encoder and is designed to improve
the robustness of the representation for each word
by forcing the model to reconstruct original words
from their adversarial embeddings. It will be much
easier for the model to understand the adversar-
ial sample when it can recognize every adversarial
word embedding correctly. We summarize our con-
tributions in the following:

• We design a contrastive adversarial represen-
tation learning approach to learn adversarial
examples in the representation space, which
can directly improve the encoder’s robustness.

• We propose a novel adversarial training task,
RAR (Reconstruction from Adversarial Rep-
resentations), to help the model learn a more
robust representation at the word level.

• We conduct experiments on four text classifi-
cation datasets and results show that our pro-
posed approaches outperform strong baseline
on accuracy and robustness. We release the
source code at a GitHub repo.1

2 Related Work

Gradient-based Adversarial Training. Adver-
sarial examples were explored primarily in the
computer vision area and received more attention
in natural language processing recently. Different
from the CV domain, we can improve NLP models’
robustness and performance at the same time (Miy-
ato et al., 2017). Miyato et al. (2017) proposed to
add perturbations calculated from gradient on word
embeddings to obtain adversarial samples in em-
bedding space. Madry et al. (2018) proposed the
k-PGD method and calculated adversarial perturba-
tions through multiple forward-backward iterations
to avoid the obfuscated gradient problem. It is
widely accepted as the most effective approach,

1https://github.com/FFYYang/CARL RAR

but multiple iterations leads to high computation
cost. To mitigate the cost, Zhang et al. (2019) re-
stricted most perturbation updates in the first layer.
Shafahi et al. (2019) designed a ”free” algorithm
that simultaneously updates both model parameters
and adversarial perturbations in a single backward
pass. Zhu et al. (2020) proposed FreeLB which
simultaneously accumulates the “free” parameter
gradients in each iteration and updates the model
parameters all at once after all iterations.

Contrastive Learning. Contrastive learning has
recently become a dominant component in self-
supervised learning methods for computer vision,
natural language processing (NLP). The goal of
contrastive learning is to learn a representation that
is close in a certain metric space for pairs with the
same label, while push apart the representation be-
tween pairs with different labels (Tian et al., 2020).
This method has been successfully used in recent
years for representation learning and knowledge
distillation. In this work, we apply it into the adver-
sarial training by narrowing the representations of
the adversarial sample and its corresponding orig-
inal sample, while enlarging their distance from
samples that belong to different classes.

Auto-Encoder. The auto-encoder (Rumellhart,
1986) consists of two modules: the encoder and
the decoder. The encoder is used to map the input
sample x to the feature space z, i.e. the encoding
process. Then the abstract feature z is mapped
back to the original token space through a decoder
to obtain the reconstructed sample x′, i.e. the de-
coding process. The optimization goal is to opti-
mize both encoder and decoder by minimizing the
reconstruction error, to learn the abstract feature
representation z for the input x.

In our work, we focus on the gradient-based ad-
versarial training on the text classification where
the model receives a sentence and outputs a single
label. Though some neural networks have achieved
promising results, they are vulnerable to the sim-
ple adversarial perturbations (Huang et al., 2017;
Yuan et al., 2019). Some gradient-based adversar-
ial training approaches were proposed to solve this
problem (Zhu et al., 2020; Shafahi et al., 2019;
Madry et al., 2018; Miyato et al., 2017). Most of
them focus on the generation of adversarial exam-
ples, but we focus on how to use these examples to
train the model more efficiently by combining the
idea of contrastive learning and auto-encoder.
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(a) CARL architecture (b) RAR architecture

Figure 1: The overview of CARL and RAR. For each input training sentence, FreeLB is first used to generate its
adversarial examples Ea, shown as the yellow dotted line. CL Module(Left) is used to calculate the contrastive
loss which aims to narrowRa andRo, while push them apart fromRd. Reconstructor(Right) is used to reconstruct
the original sentence from Ra.

3 Approach

We aim to learn a robust text classification model
by helping the model to learn adversarial samples
more efficiently in the training process.

3.1 Overview

The overview of our approaches is depicted in Fig-
ure 1. Given an input training sentence, we first
use FreeLB (Zhu et al., 2020) to get its adversarial
embeddings Ea which are likely to fool the current
model. In addition to minimizing these adversar-
ial examples’ classification errors, we propose two
novel approaches to train them: 1) CARL (Con-
trastive Adversarial Representation Learning).
Its goal is to narrow the distance of sentence-level
semantic representation between the original sam-
ple and its adversarial sample while pushing them
away from samples that belong to different classes.
We achieve this by using the CL (Contrastive Learn-
ing) module shown in Figure 1(a). 2) RAR (Recon-
struction from Adversarial Representations). It
is designed to reconstruct every word in the origi-
nal input sentence from their adversarial represen-
tations by the reconstructor shown in Figure 1(b).

In subsequent sections, we describe how to use
CARL and RAR to train adversarial samples more
effectively. In section 3.2, we describe how to use

contrastive learning approach to learn a robust se-
mantic representation for the input sentence. In
section 3.3, a reconstruction module is designed
to prompt the model to learn more robust lexical
knowledge from input sentence’s adversarial em-
beddings.

3.2 Contrastive Adversarial Representation
Learning

Intuition. Recent gradient-based adversarial
training approaches only use the classification loss
to optimize the model on adversarial examples. Al-
though they get promising results, the potential
value of adversarial examples is not fully exploited.
When only the classification loss is used, the model
tends to learn a robust classifier, the robustness of
the feature encoder is not greatly improved. After
all, the classification loss function does not explic-
itly force the model try to learn a representation
which is robust to adversarial perturbations.

Representation knowledge is highly structured,
because dimensions contain complex interdepen-
dencies (Tian et al., 2020). If the model learns
the adversarial samples in this perspective, there
will be a huge learning space. In addition, it is
suitable for adversarial training, for the represen-
tation reflects the model’s understanding and the
extracted knowledge of the input sentence, which
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Figure 2: The intuition of CARL. The blue and green
circle are adversarial and original representation of the
input example, the triangles are representations of ex-
amples which belong to different classes. CARL aims
to get two circles close and keep circles away from tri-
angles

should be consistent, no matter the input is the
original sentence or the adversarial sentence. We
expect the model to directly learn an encoder which
can output a robust semantic representation for the
input sentence, and even if the input sentence is
contaminated by adversarial perturbations, the rep-
resentation will not be significantly affected.

The intuition of CARL is shown in Figure 2.
The big ellipse refers to the representation space
which is corresponding to the output of ALBERT
Encoding Block. Ro, shown as the small green
circle, is the representation of the original training
example. Ra, shown as the small blue circle, is the
representation of adversarial example. Rd, shown
as small triangles, is a group of the representations
of examples whose golden labels are different from
the input sentence. CARL’s goal is to make two
small circles closer and make circles far away from
triangles, so as to prevent adversarial attacks from
leading the model to incorrectly understand the
input sentence.

Implementation. We are inspired by the con-
trastive representation distillation approach pro-
posed by Tian et al. (2020) and we adapt it to the
text domain’s adversarial training. Concretely, we
design CARL’s objective to maximize the lower
bound to the mutual information between the ad-
versarial and original representation of the input
sentence.

Specifically, given a dataset V that consists of a
collection of samples {vi}Ni=1. For each sample vi,
there are many other samples that share the same la-
bel with it, we call these samples positives, accord-
ingly, we call samples whose labels are different
from vi as negatives. In addition, the adversarial
sample of vi can also be called positive.

During model’s training process, for each input
sample vi whose embedding is Ei, we sample K
negatives {vni,j}Kj=1 for it. FreeLB algorithm is
first used to obtain a perturbation δ which can ap-
proximately maximum classification loss inside the
ε-ball around Ei, as

max
||δ||<ε

LC(fθ(Ei + δ), yi), (1)

where yi is the golden label of vi, LC is the classi-
fication loss function, θ is model’s parameter, f is
the model’s forward function. Adding δ to Ei can
obtain the adversarial embedding Eadvi . Model’s
encoding block will then map Ei and Eadvi to the
representation space to get Ri and Radvi . Similarly,
we can also get the original and adversarial rep-
resentations for the negatives {vni,j}Kj=1, we mark

them as {Rni,j}Kj=1 and {Rn,advi,j }Kj=1. We expect
the distance between Ri and Radvi to be as close
as possible while pushing the representations of
negatives away from them. To achieve this, we
adapt the contrastive objective proposed by Tian
et al. (2020) into our optimization problem, as

LaD = − E
Sadv

[
log

hθ({Radvi , Ri})∑K
j=1 hθ({Radvi , Rni,j})

]
,

LoD = − E
Sorig

[
log

hθ({Ri, Radvi })∑K
j=1 hθ({Ri, R

n,adv
i,j })

]
,

(2)

LD = LoD + LaD, (3)

where LaD is the contrastive loss function anchored
on the adversarial representation Radvi of vi, it
aims to force the input sentence’s original rep-
resentation and adversarial representation close,
and push the adversarial representation of the in-
put sentence apart from its negatives’ original rep-
resentations, and it is optimized on set Sadv =
{Radvi , Ri, R

n
i,1, ..., R

n
i,K}. Similarly, LoD is an-

chored on the original representation Ri of vi and
sorig = {Ri, Rnadvi , Rn,advi,1 , ..., Rn,advi,K }. hθ is a
discriminating function which outputs a big value
for positive pairs and small for negative pairs, we
use vector dot product’s result as the score and ad-
just its dynamic range by a hyperparameter τ , as

hθ(x1, x2) = exp(x1 · x2 ·
1

τ
). (4)

In practice, K can be extremely large. To make
the computation of Eq.2 tractable, we randomly

1701



select m(m < K) negatives from the dataset. Be-
sides, Noise-Contrastive Estimation (Gutmann and
Hyvärinen, 2010; Wu et al., 2018) is used to approx-
imate the softmax distribution as well as reduce the
computational cost.

During the model’s training process, for every
training sample, we need m negatives’ original and
adversarial representations. For m is usually large
in practice, so it is impossible to calculate all of
these representations at the same time during each
mini-batch’s iteration. Following Wu et al. (2018),
we maintain two memory banks, Borig, Badv, to
store the original and adversarial representations
for every training sample. Therefore, when we
calculate the contrastive loss, we don’t have to re-
compute negatives’ representations and we can just
retrieve them from the memory bank. Besides, the
memory bank should be dynamically updated with
newly computed representations at each mini-batch
iteration, as

Borig[i] =M ·Borig[i] + (1−M) ·Ri,
Badv[i] =M ·Badv[i] + (1−M) ·Radvi ,

(5)

where M is a hyperparameter, i is the index of
a training sample. To be noticed, CARL cannot
be used at the beginning of training, because the
model is unstable and both original and adversarial
representations are noisy. Optimizing contrastive
loss at this time can cause the model difficult to
converge. The proper way is to wait until the model
is going to be stable, and use an entire epoch to
forward every training sample through the model to
initialize the whole memory bank, after which the
contrastive loss can be used to optimize the model.
In conclusion, we will optimize the following prob-
lem, as

min
θ

(LC+LD)(v,y)∼D

[
max
||δ||<ε

LC(fθ(E + δ), y)

]
,

(6)
where v is one training sample, y is its golden label,
D is the data distribution, LC is the classification
loss.

3.3 Reconstruction from Adversarial
Representations

Intuition. The gradient-based adversarial attack-
ing approach adds perturbations on every word’s
embedding, we have no idea the contaminated em-
bedding indicates which word in the real world.
If the model cannot recognize the contaminated
word embedding or identify it to a wrong word, its

understanding of the whole sentence’s semantics
could be wrong, especially when the keyword of
the sentence is misunderstood by the model. The
special cases are easy to occur because we find that
the norm of adversarial perturbation added to the
keyword of a sentence is usually larger than that of
others words, and it makes the keyword harder to
be recognized.

To solve the problem, inspire by the Masked
Language Model proposed in BERT (Devlin et al.,
2019). we design RAR to reconstruct every token
from its adversarial representation. To reconstruct
tokens correctly, the model should not only learn
more robust lexical knowledge for every word but
also accurately understand the semantics of the
whole sentence.

Implementation. Inspired by the pre-training
task used in BERT(Devlin et al., 2019), we map the
adversarial representation of each word to a vector
which length is the vocabulary size.

Specifically, the reconstructor receives input
sentence’s token-level adversarial representation
Radv,toki ∈ [sequence length, hidden size] from
the ALBERT Encoding block as input, thenRadv,toki

will be forwarded through a Layer Normaliza-
tion, GeLU Activation Function and two Feed For-
ward Layers. The first feed-forward layer maps
the hidden size to embedding size and the sec-
ond feed-forward layer’s parameters are shared
with ALBERT Embedding Layer to project the
embedding size into vocabulary size. Then, we
can get the predicted probability distribution over
the vocabulary for every token’s position in the sen-
tence. Finally, we use the cross-entropy function to
calculate the reconstruction loss LR.

In the training process, FreeLB and RAR are
combined to optimize the model. After we use
FreeLB to get the adversarial representations of
every word and the whole sentence, we simultane-
ously feed them to the reconstructor and the clas-
sifier accordingly. That is, the model is asked not
only to predict the correct class of the adversarial
sample but also to reconstruct the sample’s original
words from their adversarial representations. In
conclusion, we will optimize the following prob-
lem, as

min
θ

(LC + wr · LR)(v,y)∼D
[
max
||δ||<ε

LC(fθ(E + δ), y)

]
,

(7)

wherewr = 0.1 is the weight for the reconstruction
loss.
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4 Experiment

We evaluate our approaches on four datasets. We
first introduce the datasets, the baselines, and the
experiment settings. Then, we show experiment
results and provide further analysis.

4.1 Datasets

We use four text classification datasets: SST-2,
Yelp-P, AG’s News, and Yahoo! Answers.

SST-2. The Stanford Sentiment Treebank
(Socher et al., 2013) consists of sentences from
movie reviews and human annotations of their
sentiment. The task is to predict the sentence-level
sentiment (positive/negative) of a given input text.

Yahoo! Answers. This dataset is composed of
ten topic categories: Society & Culture, Science
& Mathematics, Health, Education & Reference,
etc. In this work, we use five categories. For ev-
ery category, we use 12,000 training samples, 400
validation, and 400 test samples.

Yelp-P. The original Yelp dataset is built using
reviews from the website Yelp2. Each review has
a rating label varying from 1 to 5. We use it as the
binary classification, and randomly choose 30,000
training samples, 1000 validation, and 1000 testing
samples for every class.

AG’s News. This is a dataset of more than one
million news articles and they are categorized into
four classes: World, Sports, Business, and Sci/Tech.
Each class contains 30,000 training samples and
1,900 testing samples. In our work, for each class,
we use 15,000 training samples, 500 validation and
testing samples.

4.2 Baselines

We compare our proposed approach with the fol-
lowing approaches.

ALBERT for Text Classification. For AL-
BERT, the first token of the sequence is [CLS],
when doing the text classification task, ALBERT
takes the final hidden state h of the [CLS] token
as the representation of the whole sentence. The
classifier consists of a feed-forward layer and a
softmax function.

p(c|h) = softmax(Wh), (8)

2https://www.yelp.com/dataset/challenge

SST-2 Yahoo! Yelp-P AG’s News
γ 0.6 0 0.5 0
α 0.1 0.01 0.05 0.01
ε 0 0 0 0
n 2 3 3 3

Table 1: Hyperparameters for FreeLB on 4 datasets:
step size α, maximum perturbation norm ε (if it is set
to zero, the perturbation’s norm is not limited), number
of iteration steps n, magnitude of initial random pertur-
bation γ.

where W is a learnable parameter matrix, c is
the class. ALBERT is fine-tuned with all param-
eters as well as W jointly by maximizing the log-
probability of the golden label.

FreeLB. FreeLB, proposed by Zhu et al. (2020),
adds adversarial perturbations to ALBERT embed-
ding layer’s output, and minimizes the resultant
adversarial loss around input samples, it leverages
the ”free” training strategy (Shafahi et al., 2019)
to improve the efficiency of adversarial training,
which made it possible to apply PGD-based adver-
sarial training(Madry et al., 2018) into large-scale
pre-trained language model. In this work, we apply
FreeLB to ALBERT model.

4.3 Experiment settings

We implement our two approaches on albert-base-
v2 (from huggingface’s pytorch implementation3),
the parameters of ALBERT Embedding Block and
ALBERT Encoding Block are loaded from the pre-
trained model, we do experiments on the fine-
tuning stage. We use the Adam optimizer to train
the modules and the learning rate is set to 1e-5,
and batch size is 16 for AG’s News and 32 for
the other three datasets. Since FreeLB’s hyperpa-
rameters highly depend on the characteristic of the
dataset, we apply hyperparameter search to every
dataset and the searching results are shown in Ta-
ble 1. These hyperparameters stay unchanged in
CARL and RAR. We train our models on two Tesla
P40s.

CARL and RAR are both implemented based
on the FreeLB. In RAR, LR is used to update the
model’s parameters from the beginning of the train-
ing. While in CARL, LD is used after the model
is about to be stable (specific settings can be found
in Table 3). Besides, m is set to 20000 for YelpP
and 16000 for the other three datasets. τ and M is

3https://github.com/huggingface/transformers
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SST-2 Yahoo! Answers Yelp-P AG’s News
ALBERT 92.16 73.93 93.55 89.90
FreeLB 93.23 74.28 93.93 90.85
CARL(ours) 93.77(+0.54) 74.65(+0.37) 94.55(+0.62) 92.05(+1.20)
RAR(ours) 93.73(+0.50) 74.88(+0.60) 94.4(+0.47) 91.75(+0.90)

Table 2: Comparisons between CARL, RAR, and baselines on four datasets. ALBERT is the model trained
without any adversarial training approach. FreeLB uses classification loss to learn adversarial examples. CARL
and RAR are implemented based on FreeLB, they use additional optimization objectives for adversarial examples.
We compare them with FreeLB and find CARL performs best in most cases.

SST-2 Yahoo! Yelp-P AG’s News
τ 6315 7200 5625 7750

Table 3: Steps after which LD will start to be used in
CARL before which only LC is used to optimize the
model’s parameters.

set to 0.07 and 0.5 respectively. For SST-2, we use
a development set to do the evaluation. To make
the results reliable, we run each experiment three
times with the same hyperparameters but different
random seeds and report their average scores. For
the other three datasets, we use a development set
to choose the best training checkpoint and evaluate
it on the test set.

4.4 Results and Discussion

The results of the proposed approach and baselines
are shown in Table 2. FreeLB, CARL, and RAR let
the adversarial samples participate in the model’s
training process, so it’s not surprising that all of
them perform better than ALBERT. These improve-
ments can be mainly attributed to the effect of data
augmentation.

The experiment results also show that the per-
formance of CARL and RAR on four data sets
is higher than FreeLB. These results demonstrate
that the approaches we proposed to defend against
gradient-based adversarial attacks during the train-
ing process are effective and well applied to vari-
ous text classification datasets. We conjecture that
this is because the contrastive objective can en-
courage the model to discover the true underlining
knowledge which can determine the classification
label from adversarial and original representation.
This underline knowledge is robust against adver-
sarial perturbation added on the original sample
and won’t be changed by modifying the statement
of the sentence. When the model can learn this
knowledge, its generalization and robustness will
be improved.

Cosine α=0.1 α=0.075
ALBERT 0.851 0.871
FreeLB 0.899 0.918
CARL 0.917(+0.018) 0.934(+0.016)
RAR 0.926(+0.027) 0.941(+0.023)
Euclidean α=0.1 α=0.075
ALBERT 8.409 7.746
FreeLB 6.477 5.776
CARL 5.340(-1.137) 4.668(-1.108)
RAR 5.121(-1.356) 4.453(-1.323)

Table 4: The difference between original and adver-
sarial representations of samples in AG’s News test set.
FreeLB, RAR, and CARL perform much better than
ALBERT. We compare CARL and RAR with FreeLB,
and we find RAR is the best.

When comparing CARL and RAR, CARL per-
forms better than RAR in most cases. It is because
CARL’s training objective is to narrow the distance
between the adversarial sample and the original
sample in the representation space, while the classi-
fier of the model is also based on the representation
of the sentence, so the objective of CARL has a
more straight forward contribution to the classifica-
tion task than that of the RAR.

4.5 Analysis

The difference between adversarial and origi-
nal sample’s representations. Table 4 compares
the Euclidean distance and cosine similarity be-
tween adversarial and original samples’ sentence-
level representations in four approaches. We use
AG’s News test set to do this experiment. We use
the models trained by the above four approaches,
and for every sample vi, we first calculate its orig-
inal representation Ri, and obtain their adversar-
ial representation Radvi using the k-PGD approach
with the same hyperparameters setting, then mea-
sure their distance by the cosine similarity and the
Euclidean distance. We also compare results when
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ε=0.02 ε=0.075 ε=0.1
ALBERT 86.6 72.60 70.2
FreeLB 88.8 80.25 78.0
CARL 90.0 81.4 80.1
RAR 89.8 80.5 78.6

Table 5: Performance robustness experiment results. ε
is the maximum perturbation norm. CARL performs
best under adversarial attacks of different strength.

using different max perturbation norms α in k-PGD.
The final result is the average of all samples.

Experiment results show that FreeLB, CARL,
and RAR perform much better than ALBERT ei-
ther on the cosine similarity or Euclidean distance,
this indicates that the robustness of the model in the
representation space can be effectively improved
by optimizing the classification error of adversarial
samples. In addition, when compared with FreeLB,
CARL, and RAR, the performance of RAR is the
best, followed by CARL. This shows that our ap-
proaches are effective to further improve model rep-
resentation space’s robustness and RAR is more ef-
fective. The reason why RAR is better than CARL
can be explained that the objective of RAR is more
difficult than that of CARL. The optimization ob-
jective of RAR is at the token level, while CARL
is at the sentence level, so RAR can encourage
the model to learn additional lexical knowledge
which is also beneficial for improving the semantic
representation of the whole sentence.

The robustness of performance. We use the k-
PGD method to attack models trained on AG’s
News by four approaches. Experimental results
showed that the performance of the FreeLB, CARL,
and RAR is significantly better than ALBERT. That
is because they allow the adversarial samples to par-
ticipate in the model’s training process. In the case
of FreeLB, RAR, and CARL, CARL is the best, fol-
lowed by RAR. The reason can be explained from
the perspective of multi-task learning. If we regard
CARL and RAR as two multi-task learning frame-
works, it is obvious that compared to the reconstruc-
tion task used in RAR, the contrastive learning task
used in CARL is more similar to the classification
task, because both of these two tasks’ objectives op-
erate on sentence-level representations. In addition,
RAR performs better on representation robustness
while CARL performs better on performance ro-
bustness. This indicates that although narrowing
the representation distance between original and

Outer-space buffs might love this film, but
others will find its pleasures intermittent.

N

Outer-space buffs would love this film, but
others will find its pleasures occasional.

P

The film will play equally well on both the
standard and giant screens.

P

The film would play more well on all the
standard and giant screens.

N

Why make a documentary about these
marginal historical figures

N

Why make a documentary about the
marginal historical figures

P

Table 6: Reconstructed adversarial samples. The first
line is the original sentence, the second line is the re-
constructed sentence. N and P refers to negative and
positive label the model predicted. The model can cor-
rectly classify the original sentences, but not these re-
constructed sentences.

adversarial samples can improve the model’s per-
formance and robustness. It’s not the case that the
shorter distance, the more robust performance.

Reconstructed adversarial samples. We let
SST-2’s dev set forward the trained RAR model
and use the k-PGD method to attack it. Then we
take the output logits of the RAR module to obtain
the reconstructed sentence. We find that we could
get some text-form adversarial samples in this way.
The semantics of these reconstructed samples are
almost identical with that of original samples, but
they can fool the model trained by ALBERT suc-
cessfully. Table 6 shows some examples of the
reconstructed sentences which can be used as text-
form adversarial samples and can be further used
as augmented data.

5 Conclusion

In this work, we propose two gradient-based ad-
versarial training approaches, CARL and RAR, to
improve the performance and robustness of text
classification models. The key idea of CARL is nar-
rowing the original sample and adversarial sample
in the representation space. While RAR forces the
model to reconstruct the original tokens from their
adversarial representations. Experiments demon-
strate our approaches outperform the baseline. The
sentence representation and the model’s perfor-
mance are more robust, which proves the effective-
ness of the proposed approaches. Besides, RAR
can be used to generate adversarial examples.

1705



Acknowledgments

We would like to thank all the reviewers for their
insightful and valuable comments and suggestions.

References
Jacob Devlin, Ming-Wei Chang, Kenton Lee, and

Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 4171–4186, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

Michael Gutmann and Aapo Hyvärinen. 2010. Noise-
contrastive estimation: A new estimation principle
for unnormalized statistical models. In Proceedings
of the Thirteenth International Conference on Artifi-
cial Intelligence and Statistics, pages 297–304.

R Devon Hjelm, Alex Fedorov, Samuel Lavoie-
Marchildon, Karan Grewal, Phil Bachman, Adam
Trischler, and Yoshua Bengio. 2019. Learning deep
representations by mutual information estimation
and maximization. In International Conference on
Learning Representations.

Sandy H. Huang, Nicolas Papernot, Ian J. Goodfel-
low, Yan Duan, and Pieter Abbeel. 2017. Adver-
sarial attacks on neural network policies. In 5th
International Conference on Learning Representa-
tions, ICLR 2017, Toulon, France, April 24-26, 2017,
Workshop Track Proceedings. OpenReview.net.

Yoon Kim. 2014. Convolutional neural networks
for sentence classification. In Proceedings of the
2014 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 1746–1751,
Doha, Qatar. Association for Computational Lin-
guistics.

Siwei Lai, Liheng Xu, Kang Liu, and Jun Zhao. 2015.
Recurrent convolutional neural networks for text
classification. In Twenty-ninth AAAI conference on
artificial intelligence.

Aleksander Madry, Aleksandar Makelov, Ludwig
Schmidt, Dimitris Tsipras, and Adrian Vladu. 2018.
Towards deep learning models resistant to adversar-
ial attacks. In International Conference on Learning
Representations.

Takeru Miyato, Andrew M. Dai, and Ian J. Good-
fellow. 2017. Adversarial training methods for
semi-supervised text classification. In 5th Inter-
national Conference on Learning Representations,
ICLR 2017, Toulon, France, April 24-26, 2017, Con-
ference Track Proceedings. OpenReview.net.

Paarth Neekhara, Shehzeen Hussain, Shlomo Dubnov,
and Farinaz Koushanfar. 2019. Adversarial repro-
gramming of text classification neural networks. In

Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing, EMNLP-IJCNLP 2019, Hong
Kong, China, November 3-7, 2019, pages 5215–
5224. Association for Computational Linguistics.

Bo Pang, Lillian Lee, and Shivakumar Vaithyanathan.
2002. Thumbs up? sentiment classification using
machine learning techniques. In Proceedings of the
2002 Conference on Empirical Methods in Natural
Language Processing, EMNLP 2002, Philadelphia,
PA, USA, July 6-7, 2002, pages 79–86.

Shuhuai Ren, Yihe Deng, Kun He, and Wanxiang Che.
2019a. Generating natural language adversarial ex-
amples through probability weighted word saliency.
In Proceedings of the 57th annual meeting of the as-
sociation for computational linguistics, pages 1085–
1097.

Shuhuai Ren, Yihe Deng, Kun He, and Wanxiang Che.
2019b. Generating natural language adversarial ex-
amples through probability weighted word saliency.
In Proceedings of the 57th Annual Meeting of the
Association for Computational Linguistics, pages
1085–1097, Florence, Italy. Association for Compu-
tational Linguistics.

DE Rumellhart. 1986. Learning internal representa-
tions by error propagation. Parallel distributed pro-
cessing, 1:318–362.

Ali Shafahi, Mahyar Najibi, Mohammad Amin Ghi-
asi, Zheng Xu, John Dickerson, Christoph Studer,
Larry S Davis, Gavin Taylor, and Tom Goldstein.
2019. Adversarial training for free! In Advances
in Neural Information Processing Systems, pages
3353–3364.

Richard Socher, Alex Perelygin, Jean Wu, Jason
Chuang, Christopher D Manning, Andrew Y Ng,
and Christopher Potts. 2013. Recursive deep mod-
els for semantic compositionality over a sentiment
treebank. In Proceedings of the 2013 conference on
empirical methods in natural language processing,
pages 1631–1642.

Chi Sun, Xipeng Qiu, Yige Xu, and Xuanjing Huang.
2019. How to fine-tune bert for text classification?
In China National Conference on Chinese Computa-
tional Linguistics, pages 194–206. Springer.

Yonglong Tian, Dilip Krishnan, and Phillip Isola. 2020.
Contrastive multiview coding. In Computer Vision -
ECCV 2020 - 16th European Conference, Glasgow,
UK, August 23-28, 2020, Proceedings, Part XI, vol-
ume 12356 of Lecture Notes in Computer Science,
pages 776–794. Springer.

Alex Wang, Amanpreet Singh, Julian Michael, Fe-
lix Hill, Omer Levy, and Samuel Bowman. 2018.
GLUE: A multi-task benchmark and analysis plat-
form for natural language understanding. In Pro-
ceedings of the 2018 EMNLP Workshop Black-

1706



boxNLP: Analyzing and Interpreting Neural Net-
works for NLP, pages 353–355, Brussels, Belgium.
Association for Computational Linguistics.

Zhirong Wu, Yuanjun Xiong, Stella X Yu, and Dahua
Lin. 2018. Unsupervised feature learning via non-
parametric instance discrimination. In Proceedings
of the IEEE Conference on Computer Vision and Pat-
tern Recognition, pages 3733–3742.

Jingjing Xu, Liang Zhao, Hanqi Yan, Qi Zeng, Yun
Liang, and SUN Xu. 2019. Lexicalat: Lexical-based
adversarial reinforcement training for robust senti-
ment classification. In Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language
Processing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-
IJCNLP), pages 5521–5530.

Xiaoyong Yuan, Pan He, Qile Zhu, and Xiaolin Li.
2019. Adversarial examples: Attacks and defenses
for deep learning. IEEE transactions on neural net-
works and learning systems, 30(9):2805–2824.

Dinghuai Zhang, Tianyuan Zhang, Yiping Lu, Zhanx-
ing Zhu, and Bin Dong. 2019. You only propa-
gate once: Accelerating adversarial training via max-
imal principle. In Advances in Neural Information
Processing Systems 32: Annual Conference on Neu-
ral Information Processing Systems 2019, NeurIPS
2019, 8-14 December 2019, Vancouver, BC, Canada,
pages 227–238.

Chen Zhu, Yu Cheng, Zhe Gan, Siqi Sun, Tom Gold-
stein, and Jingjing Liu. 2020. Freelb: Enhanced ad-
versarial training for natural language understanding.
In International Conference on Learning Represen-
tations.

A Appendices

We provide some details of experiment settings.

A.1 Additional Experimental Details

There is no significant difference in the training
time between our proposed two approaches. For
SST-2 and AG’s News, it takes about two hours
to train the model. For Yelp-P and Yahoo, it takes
about ten hours.

The number of parameters in each model is
shown in Table 7. The number of parameters for
ALBERT, FreeLB, and CARL is the same, while
RAR has more parameters because there is an ad-
ditional reconstructor module.

A.2 Hyperparameter Search Details

Because the hyperparameters of FreeLB differ
greatly in different datasets, we should search for
the best hyperparameter configuration for each
dataset. We first set the searching bounds of each

#Parameters
ALBERT 11685122
FreeLB 11685122
CARL 11685122
RAR 11813810

Table 7: Number of parameters in each model.

hyperparameter as shown in Table 8. Then we com-
bine grid search and manual tuning approaches.
Specifically, grid search is first used to search at a
relatively large granularity, and then manual tun-
ing is used to search at a small granularity. The
criterion used for hyperparameter searching is the
accuracy of the validation set. The searching result
is also used in CARL and RAR.

Hyperparameter Bounds
γ [0, 0.8]
α [0.01, 0.2]
ε [0, 0.5]
n [2, 4]

Table 8: Bounds for each hyperparameter: Step size α,
maximum perturbation norm ε (if it is set to zero, the
perturbation’s norm is not limited), number of iteration
steps n, the magnitude of initial random perturbation γ.

A.3 Datasets Details
The statistics information of four datasets is shown
in Table 9. Except SST-2, we only use a portion of
data which is randomly selected from the original
dataset because of the limitation of computing re-
source. Since our goal is not to reach the SOTA but
to gain relative improvement of performance and
robustness compared to FreeLB, dropping some
training data won’t affect it.

The data pre-processing approach is the same
as huggingface’s implementation4. In addition, we
randomly sample m negatives for each training
example in CARL.

Dataset #Train #Dev #Test
SST-2 67,349 872 -
Yahoo! Answers 60,000 60,000 2,000
Yelp-P 60,000 60,000 2,000
AG’s News 60,000 60,000 2,000

Table 9: The statistics information of the four datasets
we use.

4https://github.com/huggingface/transformers
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Abstract

Cross-lingual pre-training aims at providing
effective prior representations for the inputs
from multiple languages. With the model-
ing of bidirectional contexts, recently preva-
lent language modeling approaches such as
XLM achieve better performance than tradi-
tional methods based on embedding align-
ment, which strives to assign similar vector
representations to semantic-equivalent units.
However, such approaches like XLM cap-
ture cross-lingual information based solely
on shared BPE vocabulary, resulting in the
absence of fine-grained supervision induced
by embedding alignment. Inheriting the ad-
vantages of the above two paradigms, this
work presents a multi-granularity contrasting
framework, namely MGC, to learn language-
universal representations. While predicting
the masked words based on bidirectional con-
texts, the proposal also encodes semantic
equivalents from different languages into sim-
ilar representations to introduce more fine-
grained and explicit cross-lingual information.
Two effective contrasting strategies are further
proposed, which can be built upon semantic
units of multiple granularities covering words,
span, and sentences. Extensive experiments
demonstrate that our approach can achieve sig-
nificant performance gains in various down-
stream tasks, including machine translation
and cross-lingual language understanding.

1 Introduction

Cross-lingual pre-training (Lample and Conneau,
2019) has achieved striking success in the field
of natural language processing. By providing ef-
fective prior representations for the inputs from
different languages, it has boosted performance on
various downstream tasks such as machine transla-
tion and cross-lingual language understanding.

Early efforts regarding cross-lingual pre-training
mainly focus on embedding alignment (Mikolov

et al., 2013b; Lample et al., 2018), which is tar-
geted at the assignment of similar vector repre-
sentations to semantic-equivalent units (e.g., the
parallel bilingual word or sentence pairs). For in-
stance, Mikolov et al. (2013b) attempt to project
pre-trained monolingual word embeddings from
two languages into a common semantic space with
a simple linear transformation, so that parallel bilin-
gual words share the same representation. This al-
lows the introduction of explicit fine-grained super-
vision to guarantee the representational similarity
of semantic equivalents, but neglects the modeling
of bidirectional contexts. Going a step further, re-
cently prevalent approaches of language modeling
such as XLM (Lample and Conneau, 2019) remedy
this by predicting the masked tokens based on bidi-
rectional contexts (Devlin et al., 2019), and also
benefit from larger model capacity (Vaswani et al.,
2017). However, the cross-lingual information
captured by these language modeling approaches
comes solely from the shared BPE vocabulary (Sen-
nrich et al., 2016), resulting in the absence of more
fine-grained explicit supervision induced by em-
bedding alignment.

In light of the pros and cons of the above two
paradigms, we propose a multi-granularity con-
trasting (MGC) framework for cross-lingual pre-
training. In addition to modeling context bidirec-
tionality with the widely used masked language
modeling (MLM) (Devlin et al., 2019), our ap-
proach draws upon contrastive learning (Gutmann
and Hyvärinen, 2010) to introduce more fine-
grained cross-lingual alignment information. The
core idea is to enhance the consistency between
representations of semantic equivalents (e.g., the
aligned word pairs such as “cat” in English and
“chat” in French). To this end, we propose two
effective contrasting strategies: hard contrasting
which constructs pseudo-parallel bilingual word
pairs via external word aligner (Dyer et al., 2013),
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and soft contrasting which employs multi-head at-
tention (Vaswani et al., 2017) to provide posterior
approximation for the representations of the de-
sired semantic equivalents. Considering the inher-
ent multi-granularity of natural language expres-
sions, we build the proposed contrasting framework
upon semantic units of various granularities (in-
cluding word, span, and sentence) to further enrich
cross-lingual information and enhance the model’s
capability of encoding multi-granularity represen-
tations.

We conduct experiments on a variety of down-
stream scenarios, including multiple machine trans-
lation and cross-lingual language understanding
tasks. Comprehensive experimental results demon-
strate that our proposed approach can achieve sig-
nificant performance gains over baselines. To be
more specific, our MGC raises the average accu-
racy of our implemented XLM-R (Conneau et al.,
2019) from 74.4 to 76.0 on XNLI under the setting
of cross-lingual transfer and also surpasses various
baselines on representative translation tasks such
as WMT14 EN-DE and EN-FR.

2 Methodology

In order to introduce more fine-grained and ex-
plicit cross-lingual supervision, we propose a multi-
granularity contrasting (MGC) framework to learn
language-universal representations. We first elabo-
rate on the proposed approach based on word-level
contrasting, and then extend it to span-level and
sentence-level to further enrich cross-lingual infor-
mation.

2.1 Overview

We denote a pair of parallel bilingual instance
as (x,y), where x = (x1, · · · , xm) and y =
(y1, · · · , yn) refer to the source and target sentence,
respectively. Then, the transformer (Vaswani et al.,
2017) encodes x to obtain its hidden representa-
tions hx = (hx1 , · · · , hxm). The hidden repre-
sentations hy = (hy1 , · · · , hyn) of y can be ob-
tained in the same way. In order to introduce more
fine-grained and explicit cross-lingual supervision
similar to embedding alignment, we expect the
semantic-equivalent units (e.g., “cat” in English
and “chat” in French) from different languages to
exhibit similar vector representations. Meanwhile,
the representations of units with different seman-
tics (e.g., “cat” in English and “car” in English or
“voiture” in French) should be distinguished from

each other to capture their discriminative specific
information.

Motivated by this, we employ contrastive learn-
ing (Gutmann and Hyvärinen, 2010) to model such
training objectives. Without loss of generality, we
elaborate on our proposed approach with the units
in the source language as anchors. Formally, we use
u to represent the representation of one unit (e.g.,
“cat” in English) in x. The representation of its
corresponding semantic equivalent (e.g., “chat” in
French) in y is denoted as v+. The set of negative
representations exhibiting different semantic with u
is denoted as v− = {v−1 , · · · , v−k }, where k is the
number of negative representations. Then, the con-
trastive loss for the representation tuple (u, v+,v−)
can be defined as:

L(u, v+,v−) = −log

(
exp(u · v+/τ)

Z(u)

)
(1)

where Z(u) = exp(u·v+/τ)+
∑

v− exp(u·v−/τ)
is the normalization factor and τ is the temperature
controlling the concentration level of the sample
distribution. The above equation corresponds to
the negative log-likelihood loss of a softmax-based
classifier measuring semantic similarity by the dot
product. The classifier treats each unit as a dis-
tinct class, and aims at classifying u to the class
of its semantic equivalent v+ and vice versa. By
maximizing the consistency between the represen-
tations of semantic equivalents with such a training
objective, the pre-trained models are encouraged
to introduce more fine-grained explicit alignment
supervision, thereby enhancing their capability of
learning language-invariant representations. Mean-
while, the representations of units exhibiting differ-
ent semantics are penalized to be kept distinguished
from each other, so that the model is equipped with
the ability to capture specific features of the source
inputs.

2.2 Word-Level Contrasting
The word-level contrasting strives to integrate the
word-alignment information contained in parallel
bilingual instance (x,y). However, an intractable
challenge is that ideal semantic-equivalent word
pairs tend to be unavailable in practice. To rem-
edy this, here we propose two effective solutions:
hard contrasting and soft contrasting, detailed as
follows.

Hard contrasting The hard contrasting aims at
constructing pseudo-parallel bilingual word pairs
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via an external word aligner. Specifically, for each
word x in the source sentence x, its aligned word
in y is defined as:

y∗ ≈ ŷ = argmax
y∈y

aligner(y|x) (2)

where aligner(·|·) denotes the alignment proba-
bility that can be computed by the word aligners
such as fast align (Dyer et al., 2013). Consider-
ing that there exists no semantic equivalent for
some words (e.g., “the” in English), we construct
the semantic-equivalent word sets Nword(x,y) as
mutually aligned word pairs in (x,y). For each
aligned word pair (x, y) ∈ Nword(x,y), the repre-
sentations (u, v+,v−) in Eq. (1) can be computed
as: 




u = `2(hx)

v+ = `2(hy)

v− =
{
`2(hz)

∣∣z ∈ y\y
} (3)

where `2 represents `2-normalization and y\y de-
notes words in y other than the word y. Finally,
the word-level hard contrasting loss for the source
sentence x is formalized as:

Lword(x) =
∑

(x,y)∈Nword(x,y)

L(u, v+,v−) (4)

The loss Lword(y) for the target sentence y can be
computed in a similar way by swapping (x,y) to
(y,x). Due to space limitations, here we omit the
related details.

Soft contrasting Due to the strict requirements
on the quality of constructed pseudo-parallel bilin-
gual word pairs, hard contrasting is prone to suf-
fer from potential error propagation induced by
external word aligners. In addition, some source
words may correspond to multiple target words,
which conflicts with the strict one-to-one alignment
of hard contrasting. To tackle the above issues,
we propose soft contrasting, aiming at learning
word alignment implicitly and jointly to approxi-
mate semantic equivalents via the attention mecha-
nism (Vaswani et al., 2017). Specifically, for each
word x in the source sentence x, the aggregated
representation MHA(hx,hy) can be obtained by
performing multi-head attention1 with hx serving
as the query and hy serving as the keys/values.
Since multi-head attention naturally assign larger

1The semantic similarity between different words from
two languages can also be calculated by other approaches
such as bilinear attention.

weights to the words in y that are aligned to x,
MHA(hx,hy) can be regarded as an approxima-
tion of the representation of semantic equivalent
of x. Therefore, the representations (u, v+,v−) in
Eq. (1) can be defined as:




u = `2(hx)

v+ = `2
(
MHA(hx,hy)

)

v− =
{
`2
(
MHA(hz,hy)

)∣∣z ∈ x\x
} (5)

where x\x refers to the remaining words in x ex-
cept x. Soft contrasting not only alleviates the
dependence on external word aligners, but also
frees the model from the limitations of one-to-one
alignment. Additionally, by maximizing the seman-
tic consistency between hx and MHA(hx,hy), the
model is encouraged to learn word alignment in an
implicit manner, introducing richer cross-lingual
information.

2.3 Span-Level Contrasting
Previous work (Joshi et al., 2019) has demonstrated
the superiority of span-level representations over
word-level (Devlin et al., 2019) representations due
to its strength in language understanding and rea-
soning. Therefore, we also perform contrasting
based on semantic-equivalent spans. Since span
gets rid of the limitation that the semantic equiv-
alents of the two languages must share the same
number of words, here we focus on the application
of hard contrasting. To be specific, given the bilin-
gual instance (x,y), we induce the phrase table
via statistical machine translation tools to obtain
span-level semantic equivalents Nspan(x,y). For
each aligned span pair (x̄, ȳ) ∈ Nspan(x,y) where
x̄ ⊂ x is a span of x and ȳ ⊂ y is a span of y,
the representations (u, v+,v−) in Eq. (1) can be
formulated as:





u = `2
(
MP(hx̄)

)

v+ = `2
(
MP(hȳ)

)

v− =
{
`2
(
MP(hz̄)

)∣∣z̄ ∈ y\ȳ
} (6)

where MP(·) represents the mean-pooling layer2

employed to aggregate all hidden representations of
multiple words in a span. hx̄ = (hx̄1 , · · · , hx̄l) are
hidden representations of span x̄ = (x̄1, · · · , x̄l)
and similarly for hȳ. The span-level contrastive
loss of a given bilingual sentence pair (x,y) is

2Other similar aggregation layers such as max-pooling or
attentive-pooling can also be implemented.
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defined as the sum of the losses corresponding to
all spans (x̄, ȳ) in Nspan(x,y), whose calculation
is similar to Eq. (4).

2.4 Sentence-Level Contrasting
In order to improve the quality of learned sentence
embeddings, we also perform sentence-level con-
trastive learning to obtain the global supervision
signals aggregating all token representations of the
entire source input. Our proposed approach strives
to pull the sentence representation of x towards that
of its corresponding translation y, and push it away
from sentence representations of other instances.
However, the direct application of artificially con-
structed parallel bilingual sentence pairs tends to
result in a significant boundary between positive
and negative samples, which may lead to vanish-
ing contrasting signals. To remedy this problem,
we make use of back-translation to infuse noise in
original positive samples to obtain more competi-
tive cross-lingual information. To be more specific,
we define the sentence-level semantic equivalents
Nsent(x,y) as:

Nsent(x,y) =
{

(x,y)
∣∣x ∈ {x, x̂},y ∈ {y, ŷ}

}

(7)
where x̂ is the noisy version of x obtained by means
of back-translation3 and so is ŷ. By sampling from
the original x and the back-translated x̂, both sen-
tences from the two languages for contrasting con-
tain a certain amount of noise. This blurs the bound-
ary between the positive and negative representa-
tions to some extent, thereby effectively alleviating
the vanish of contrasting signals.

As with span-level contrasting, we adopt the
mean-pooling layer to aggregate all token represen-
tations of a given sentence into its corresponding
sentence representation. For each sentence pair
(x,y) ∈ Nsent(x,y), we define the representations
(u, v+,v−) in Eq. (1) for sentence-level contrast-
ing as:





u = `2
(
MP(hx)

)

v+ = `2
(
MP(hy)

)

v− =
{
`2
(
MP(hz)

)∣∣z 6= y
} (8)

where z 6= y means that the negative representa-
tions used for contrasting are derived from other
instances in the same mini-batch.

3In the implementation, we obtain multiple x̂ by pre-
training the target→source translation model and performing
beam search or top-k sampling.

Following XLM (Lample and Conneau, 2019)
and XLM-R (Conneau et al., 2019), to learn from
bidirectional contexts, we also adopt masked lan-
guage modeling (MLM) as one of pre-training
tasks. The MLM task aims at predicting the masked
words based on the corrupted input. We concate-
nate a parallel bilingual sentence pair into a sin-
gle sentence and randomly select 15% tokens as
candidates for performing corruption. Of these se-
lected tokens, 80% are replaced with special token
[MASK], 10% are kept unchanged, and the remain-
ing are replaced by randomly selected vocabulary
tokens. The final training objective is defined as the
sum of the above-mentioned multiple contrastive
losses as well as the cross-entropy of MLM.

3 Experiments

We conduct experiments on a variety of down-
stream tasks, which can be divided into two cate-
gories: machine translation and cross-lingual lan-
guage understanding tasks.

3.1 Pre-Training

Datasets We pre-train our model on large-scale
datasets involving the 15 languages of XNLI (Con-
neau et al., 2018)4: English, French, Spanish, Ger-
man, Greek, Bulgarian, Russian, Turkish, Arabic,
Vietnamese, Thai, Chinese, Hindi, Swahili, and
Urdu. Following Conneau et al. (2019), we re-
construct Common-Crawl Corpus to obtain mono-
lingual training datasets while the bilingual data
is obtained from the OPUS website 5. We also
conduct up/down-sample for all pre-training data
with a smoothing parameter. The sentence-piece
model (SPM) (Kudo and Richardson, 2018) pro-
vided by Conneau et al. (2019)6 is employed to
tokenize all training data.

Model architecture We implement the proposed
approach based on the Transformer (Vaswani et al.,
2017) encoder with 12 identical layers, each of
which consists of a multi-head attention module
and a feed-forward network. The model dimension
and the number of heads are set to 768 and 12, re-
spectively, with the inner size of the feed-forward
network being 3072. We choose GeLU (Hendrycks
and Gimpel, 2016) as our activation function. We

4https://github.com/facebookresearch/
XNLI

5http://opus.nlpl.eu/
6https://github.com/google/

sentencepiece
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use the sentence-piece vocabulary provided by Con-
neau et al. (2019), whose size is 250K.

Training parameters We apply Adam (Kingma
and Ba, 2015) optimizer with a learning rate of
5× 10−4 and adopt invert linear decay schedule to
pre-train our models. We employ a dropout with
probability to 0.1 for both the hidden states and
the attention distribution. The temperature τ in
Eq. (1) is set to 0.1 and the coefficients of all con-
trastive losses are set to 1. We take advantage of
the gradient accumulation technique to simulate the
batch size of 512. Our model is initialized with the
pre-trained checkpoint released by Conneau et al.
(2019)7 and then pre-trained on 8×32GB NVIDIA
V100 GPUs with mixed-precision floating-point
arithmetic. Overall, it took about 3 weeks to con-
verge.

3.2 Machine Translation
Datasets We conduct experiments on three
widely-used machine translation datasets of var-
ious training data sizes: IWSLT14 De-En (160K),
WMT14 En-De (4.5M), and WMT14 En-Fr (36M).
The sentence-piece tokenization with the same vo-
cabulary as pre-training are used to tokenize all
translation samples. The BLEU score computed by
the multibleu.perl script8 is used as the evaluation
metric for all translation tasks.

Model architecture We use the pre-trained
model to initialize a 12-layer encoder. The de-
coder is implemented as a standard 6-layer Trans-
former (Vaswani et al., 2017) decoder, each layer
consisting of a multi-head self-attention module,
a multi-head cross-attention module and a feed-
forward network. The entire decoder is initialized
randomly, and it is jointly trained with the pre-
trained encoder. Other model hyper-parameters
including the hidden size, the number of heads, the
inner size of the feed-forward network, and the
choice of activation function are identical to the
encoder.

Training parameters We also adopt mixed-
precision floating-point arithmetic to train our mod-
els on the machine translation task. The experi-
ments are conducted on 8× 32GB NVIDIA V100
GPUs. We use an Adam optimizer with β1 = 0.9

7https://github.com/pytorch/fairseq/
tree/master/examples/xlmr

8https://github.com/moses-smt/
mosesdecoder/blob/master/scripts/
generic/multi-bleu.perl

and β2 = 0.98 to optimize our model during train-
ing. The learning rate is warmed up to 1 × 10−4

linearly in the first 4000 updates and then decays at
a rate proportional to the inverse square root of the
update number. We average the last 10 checkpoints
as the final model and perform beam search with
a beam size of 5 during inference. The probability
of dropout is set to 0.1 to avoid over-fitting. The
length penalty is set to 1.0.

3.3 Cross-Lingual Language Understanding

Dataset In order to verify the effectiveness of our
approach on cross-lingual language understanding,
we conduct evaluation on XNLI (Conneau et al.,
2018) dataset. It is an extension of the English natu-
ral language inference dataset MultiNLI (Williams
et al., 2018) where the development and test sets
come in 15 different languages. The training set
contains ∼392K English samples and the test set
for each language contains 5, 010 samples.

Model architecture We use the same model ar-
chitecture as under the pre-training setting. Fol-
lowing Conneau et al. (2019), we update all param-
eters of our model after adding a linear classifier
on top of the hidden state of the first token when
fine-tuning on XNLI.

Training parameters During fine-tuning, the
base transformer model is optimized along with the
extra linear classifier using Adam with β1 = 0.9,
β2 = 0.999 and a learning rate of 0.000025. The
dropout rate is set to 0.1. We fine-tune our model
on 4 NVIDIA GeForce RTX 2080Ti GPUs with a
batch size of 8 sequences per GPU.

4 Results and Analysis

This section presents the detailed experiment re-
sults of different systems. We perform the evalua-
tion on a comprehensive suite of benchmark tasks,
covering cross-lingual classification and machine
translation.

4.1 Cross-Lingual Classification

Following Lample and Conneau (2019), we per-
form evaluation on the cross-lingual natural lan-
guage inference (XNLI) benchmark, where the
model needs to determine the relation (entail-
ment, contradiction and neutral) between the given
premise and hypothesis sentences. We compare
different systems under two settings. (1) Cross-
Lingual Transfer: we fine-tune the model on the
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Models #M en fr es de el bg ru tr ar vi th zh hi sw ur Avg

Fine-tune multilingual model on English training set (Cross-lingual Transfer)

MBERT* N 82.1 73.8 74.3 71.1 66.4 68.9 69.0 61.6 64.9 69.5 55.8 69.3 60.0 50.4 58.0 66.3
XLM (w/o TLM)* 1 83.2 76.7 77.7 74.0 72.7 74.1 72.7 68.7 68.6 72.9 68.9 72.5 65.6 58.2 62.4 70.7
XLM (w/o TLM)* N 83.7 76.2 76.6 73.7 72.4 73.0 72.1 68.1 68.4 72.0 68.2 71.5 64.5 58.0 62.4 71.3
XLM* N 85.0 78.7 78.9 77.8 76.6 77.4 75.3 72.5 73.1 76.1 73.2 76.5 69.6 68.4 67.3 75.1
UNICODER† 1 85.4 79.2 79.8 78.2 77.3 78.5 76.7 73.8 73.9 75.9 71.8 74.7 70.1 67.4 66.3 75.3
XLM-R* 1 85.8 79.7 80.7 78.7 77.5 79.6 78.1 74.2 73.8 76.5 74.6 76.7 72.4 66.5 68.3 76.2
INFOXLM† 1 86.4 80.6 80.8 78.9 77.8 78.9 77.6 75.6 74.0 77.0 73.7 76.7 72.0 66.4 67.1 76.2
XLM-R (reimpl) 1 84.3 78.3 79.1 76.9 75.3 77.8 75.6 74.1 71.9 75.9 72.3 73.5 70.2 64.3 67.1 74.4
MGC-HARD 1 85.9 79.9 80.9 78.3 77.5 79.1 76.8 74.0 73.1 76.6 73.0 75.4 71.7 66.3 68.1 75.8
MGC-SOFT 1 86.3 79.6 80.8 78.5 77.8 79.3 77.3 73.9 73.4 76.9 73.3 76.1 71.9 66.5 67.9 76.0

Fine-tune multilingual model on all training sets (Translate-Train-All)

UNICODER† 1 85.6 81.1 82.3 80.9 79.5 81.4 79.7 76.8 78.2 77.9 77.1 80.5 73.4 73.8 69.6 78.5
XLM (w/o TLM)* 1 84.5 80.1 81.3 79.3 78.6 79.4 77.5 75.2 75.6 78.3 75.7 78.3 72.1 69.2 67.7 76.9
XLM* 1 85.0 80.8 81.3 80.3 79.1 80.9 78.3 75.6 77.6 78.5 76.0 79.5 72.9 72.8 68.5 77.8
XLM-R* 1 85.4 81.4 82.2 80.3 80.4 81.3 79.7 78.6 77.3 79.7 77.9 80.2 76.1 73.1 73.0 79.1
INFOXLM† 1 86.1 82.0 82.8 81.8 80.9 82.0 80.2 79.0 78.8 80.5 78.3 80.5 77.4 73.0 71.6 79.7
XLM-R (reimpl) 1 84.4 81.0 81.5 81.0 80.2 80.9 79.2 77.0 77.9 79.8 77.0 78.5 74.6 71.9 70.4 78.4
MGC-HARD 1 86.0 82.6 82.7 81.8 81.5 82.6 81.3 78.6 79.5 80.9 80.1 81.5 76.7 74.0 72.1 80.1
MGC-SOFT 1 86.5 82.7 83.0 81.5 81.3 82.7 81.8 79.1 79.4 81.3 79.5 81.8 76.6 74.4 71.3 80.2

Table 1: The performance of different systems on XNLI task. “#M=N” indicates that each language is assigned a
separate model based on the performance of the respective dev set, while “#M=1” means only one model is used
for all languages. Results with “*” and “†” are taken from Conneau et al. (2019) and Chi et al. (2020), respectively.
“(reimpl)” means our own implementation using the same training strategy. The best performance is bolded.

English training set and then directly evaluate on
the test sets of the 15 languages. (2) Translate-
Train-All: we fine-tune the model on the combined
data consisting of English training data and pseudo
data that are translated from English to other lan-
guages. As indicated by the results in Table 1, our
method manages to maintain a consistent improve-
ment over our implemented XLM-R under both
settings, raising the average accuracy from 74.4%
to 76.0% for cross-lingual transfer. The similar
conclusions can be drawn from the translate-train-
all setting, where our approach boosts XLM-R by
an increment of 1.8 average accuracy and also out-
performs all other baselines. By means of multi-
granularity contrasting, our approach succeeds in
introducing more fine-grained and explicit align-
ment supervision, which enhances the capability of
the model to learn language-universal representa-
tions.

In addition, we can also note that there is no defi-
nite conclusion about the superiority of the two
contrasting strategies for word-level contrastive
loss. Hard contrasting attempts to integrate explicit
cross-lingual supervision from external word align-
ers, while soft contrasting aims at enabling the pre-
trained model to learn word alignment implicitly
via semantic attention. Both strategies contribute to
the introduction of more fine-grained and explicit

cross-lingual information, thereby lifting the per-
formance of the pre-trained model in downstream
scenarios.

4.2 Machine Translation

Table 2 presents the comparison between our ap-
proach and several representative systems on ma-
chine translation. The results once again confirm
that large-scale pre-training can effectively accom-
plish model transferring and advance the perfor-
mance of machine translation, as all pre-trained
models outperform the unpretrained transformer.
In addition, we observe the significant performance
gain for our approach compared to the baselines.
For instance, it achieves a 1.6% improvement of
BLEU score over the base architecture XLM (Lam-
ple and Conneau, 2019) on the IWSLT14 DE-EN
task. It also surpasses other competitive base-
lines such as mBERT (Devlin et al., 2019) and
MASS (Song et al., 2019) on all three translation
benchmarks by a wide margin. The results effec-
tively demonstrates the ability of our approach to
learn better representations for semantic equiva-
lents across languages, as well as the versatility of
our approach, which can be applied to both lan-
guage understanding and generation tasks.
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Models IWSLT14 WMT14 WMT14
DE-EN EN-DE EN-FR

TRANSFORMER 34.5 28.4 41.9
MBERT 34.8 28.6 –
MASS 35.1 28.9 –
XLM 35.2 28.9 –
ALM 35.5 29.2 –
XLM-R 35.1 30.1 42.4
MGC-HARD 36.4 30.2 43.1
MGC-SOFT 36.8 30.6 42.9

Table 2: The experiment results of different systems on
machine translation. The best performance is bolded.

4.3 Ablation Study

We conduct an ablation study on several major
components of our approach to explore their in-
fluence on cross-lingual pre-training, including the
multi-granularity contrastive losses and sentence-
level semantic equivalent augmentation with back-
translation.

Effect of multi-granularity contrastive losses
To understand how much different levels of con-
trasting account for the overall performance im-
provement, we train the same model but with dif-
ferent contrastive losses. First, as shown in Ta-
ble 3, all three levels of contrasting contribute to
the superiority of our model. This demonstrates
that the incorporation of contrastive learning can
truly introduce training signals that are beneficial
for cross-lingual pre-training on multiple granu-
larities. Among them, sentence-level contrasting
has the largest impact, the removal of which re-
sults in a drop of 1.3 BLEU score on WMT14
EN-DE. The reason behind this phenomenon may
be that this loss makes up for the relative lack of
explicit sentence-level training signals in XLM pre-
training.

Effect of sentence-level semantic equivalent
augmentation To investigate whether augment-
ing the semantic equivalents by means of
back-translation improves sentence-level contrast-
ing, we compare our model (BTSET SENT-
CONTRAST) against a variant where only the
original source and target sentence are used to com-
pute the sentence-level contrastive loss (BIPAIR
SENT-CONTRAST). The results are presented
in Table 4. As can be seen, back-translation leads
to an improvement of 0.7 BLEU on WMT14 DE-
EN, illustrating its efficacy in alleviating vanishing
contrasting signals and boosting cross-lingual pre-
training.

Models WMT14 EN-DE
W/O WORD-CONTRAST 29.8
W/O SPAN-CONTRAST 29.5
W/O SENT-CONTRAST 29.3
FULL MGC-SOFT 30.6

Table 3: The results of ablation study on WMT14 DE-
EN translation task.

5 Related Work

The existing efforts performing cross-lingual pre-
training mainly consist of two typical paradigms:
traditional embedding alignment and the recent
prevalent language modeling.

5.1 Embedding Alignment

Early endeavors regarding cross-lingual pre-
training mainly focus on embedding alignment,
which aims at learning similar vector representa-
tions for semantic-equivalent units. Representative
approaches can be categorized into four research
lines: regression model, hinge loss, canonical anal-
ysis, and linear projection. Based on the observa-
tion that the monolingual word embeddings share
similar geometric properties across languages, sim-
ple but effective linear projection approaches have
become mainstream, which aim at aligning two
disjoint monolingual vector spaces through a lin-
ear transformation. For instance, Mikolov et al.
(2013a) propose to learn the desired linear projec-
tion by minimizing the mean squared error between
the projected source embeddings and the target em-
beddings. Xing et al. (2015) refine this method
by imposing orthogonality constraint and maxi-
mizing the cosine similarity. Artetxe et al. (2017)
explore the bilingual induction in extremely low-
resource scenarios via an effective self-learning
framework. Furthermore, unsupervised embedding
alignment (Lample et al., 2018; Yang et al., 2019)
completely eliminates the dependence on paral-
lel data, which aims to learn cross-lingual word
embeddings in the absence of any aligned word
pairs. The related approaches can be summarized
as: GAN-based distribution matching (Zhang et al.,
2017; Lample et al., 2018), non-adversarial dis-
tribution matching, heuristic alignment, general-
ized Pruck analysis and so on. However, the tra-
ditional embedding alignment can only learn non-
contextualized word representations, which suffers
from intractable polysemy problem. Compared
with the following language modeling that captures
bidirectional contexts and employs large-capacity
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Model WMT14 EN-DE
BIPAIR SENT-CONTRAST 29.9
BTSET SENT-CONTRAST 30.6

Table 4: The comparison of two sentence-level con-
trasting strategies. “BIPAIR SENT-CONTRAST” and
“BTSET SENT-CONTRAST” means sentence-level
contrasting with the original bilingual pair and ex-
tended back-translation set as positive examples, re-
spectively.

transformer, it tends to result in suboptimal perfor-
mance in downstream tasks.

5.2 Language Modeling

This research line focuses on masked language
modeling (MLM), which aims to predict the
masked words based on the corrupted input. In
terms of model architecture, one paradigm at-
tempts to capture language-universal representa-
tions via a single encoder. For instance, Multilin-
gual BERT (Devlin et al., 2019) applies byte-pair
encoding (BPE) to merge tokens from 104 different
languages into a shared vocabulary and performs
MLM on the monolingual sentences. XLM (Lam-
ple and Conneau, 2019) extends it to translation
language modeling (TLM), which strives to pre-
dict the masked words by attending to both source
and target sentences. With the mutual attention
of bilingual contexts, the model is expected to
align representations from two languages in an im-
plicit manner. Unicoder (Huang et al., 2019) intro-
duces several more pre-training tasks such as cross-
lingual word recovery, illustrating that these tasks
can boost model performance by learning interlin-
gual mapping from more perspectives. ALM (Yang
et al.) constructs large-scale instances for masked
language modeling by alternatively selecting words
from source and target languages. Ren et al. (2019)
task the model with predicting the translation of
masked n-grams, with the phrase table inferred
from monolingual corpora in advance as ground
truth. Conneau et al. (2019) pre-train their model
using more than two terabytes of filtered Common-
Crawl data, demonstrating that large-scale dataset
can lead to significant performance gains.

The other research line draws on the idea of the
encoder-decoder framework and aims to mimic
autoregressive generation by generating the target
texts based on the given source input. For instance,
MASS (Song et al., 2019) jointly trains the en-
coder and decoder by reconstructing the desired
sentence fragment based on the remaining part

of the sentence, which enhances the capabilities
of the model in feature extraction and language
modeling. XNLG (Chi et al., 2019) strives to
learn language-universal representations by extend-
ing monolingual masked language modeling and
denoising autoencoding to cross-lingual settings.
mBART (Liu et al., 2020) pre-trains the encoder-
decoder by reconstructing the original text based
on the corrupted input with an arbitrary noising
function, which can be used directly to initialize
text generation models or as a denoising strategy
for language understanding. However, both lines
mentioned above for language modeling focus on
projecting the input from different languages into
the same semantic space through shared vocabu-
lary and representation models. Compared with
traditional embedding alignment, it lacks the in-
troduction of cross-lingual information with more
explicit and fine-grained (e.g., word-level) align-
ment.

Our proposed approach effectively inherits the
advantages of both embedding alignment and lan-
guage modeling, while avoiding their limitations. It
not only captures bidirectional contexts with large-
capacity transformer model and MLM task, but
also introduces more fine-grained cross-lingual su-
pervision by applying contrastive learning on se-
mantic units of multiple granularities, thereby ob-
taining significant performance gains.

6 Conclusion

This paper presents a multi-granularity contrastive
cross-language pre-training framework, which
combines traditional embedding alignment and
the recent prevalent language modeling to learn
language-universal prior representations . Different
from previous work focusing on masked language
modeling to capture bidirectional contexts, the pro-
posed approach introduces more fine-grained and
explicit cross-lingual supervision by maximizing
the representational consistency of semantic equiv-
alents from different languages. Two effective con-
trasting strategies are proposed, which can be built
upon semantic units with different granularity cov-
ering word, span, and sentence. Comprehensive
empirical evidence illustrates that our approach
can achieve consistent improvement on a variety
of downstream tasks including machine translation
and cross-lingual language understanding.
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Abstract

BERT has been studied as a promising tech-
nique to improve NMT. Given that BERT is
based on the similar Transformer architecture
to NMT and the current datasets for most MT
tasks are rather large, how pre-training has
managed to outperform standard Transformer
NMT models is underestimated. We compare
MT engines trained with pre-trained BERT
and back-translation with incrementally larger
amounts of data, implementing the two most
widely-used monolingual paradigms. We ana-
lyze their strengths and weaknesses based on
both standard automatic metrics and intrinsic
test suites that comprise a large range of lin-
guistic phenomena. Primarily, we find that
1) BERT has limited advantages compared
with large-scale back-translation in accuracy
and consistency on morphology and syntax; 2)
BERT can boost the Transformer baseline in
semantic and pragmatic tasks which involve in-
tensive understanding; 3) pre-training on huge
datasets may introduce inductive social bias
thus affects translation fairness.

1 Introduction

Neural machine translation (NMT) has shown
promising results as an end-to-end approach to
automatic translation (Sutskever et al., 2014; Bah-
danau et al., 2014; Vaswani et al., 2017). One
reason for its success is the availability of large
amounts of training resources such as parallel cor-
pora with high quality. For low-resource languages
or domain-specific settings, monolingual data have
also been effectively used by NMT systems (Zhang
and Zong, 2016; Siddhant et al., 2020), providing
rich linguistic features for translation.

Two lines of work have been done on leveraging
monolingual corpora to improve translation qual-
ity. One approach is back-translation (Bojar and

∗ Equal contribution.
† Corresponding author.

Tamchyna, 2011; Sennrich et al., 2016), in which
an auxiliary target-to-source system is trained on
genuine bitext, and then used to generate synthetic
text from a large monolingual corpus on the target
side. The synthetic and genuine pairs are then used
together to train a source-to-target MT model.

An alternative method of using monolingual
data is the pre-trained language model (Devlin
et al., 2019; Radford et al., 2019), a neural net-
work trained over large texts and can be incorpo-
rated into standard NMT encoder-decoder archi-
tectures (Jean et al., 2015; Gulcehre et al., 2015;
Zhu et al., 2020). Pre-trained language models
have led to improvements in NMT results across
low-resource scenarios (Song et al., 2019), cross-
lingual transfers (Conneau and Lample, 2019; Liu
et al., 2020) and code-switching settings (Yang
et al., 2020).

Among these two dominant monolingual
paradigms, there has been relatively more work
investigating how back-translation helps NMT. For
example, initial studies show that back-translation
is beneficial to machine translation by producing
more fluent outputs (Edunov et al., 2020). How-
ever, relatively little work has focused on how pre-
trained language models contribute to translation.
We fill this gap by quantitatively comparing MT
models trained with pre-trained language models
and back-translation under a fair large-scale set-
ting. Specifically, for pre-trained language mod-
els, we reimplement BERT-fused NMT (Zhu et al.,
2020), and for back-translation, we use incremen-
tally larger data amounts to train a range of systems,
with the synthetic data being half, equal, twice and
four times of the authentic data. We conduct ex-
periments on rich (WMT’14 English-to-German)
and low (LDC Chinese-to-English) resource sce-
narios, and evaluate performance on 8 benchmarks
covering morphological, syntactic, semantic and
pragmatic competences. Empirically, we find that:
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1. BERT yields improvement for standard NMT
in BLEU but has no remarkable advantage
compared with large-scale back-translation.

2. BERT has little effect on correcting smaller
discrepancies in morphological and syntactic
levels in NMT (Section 5.1& 5.2).

3. BERT features salient promotion for MT re-
quiring heavy context understanding and in-
tensive knowledge, but also brings concerns
around bias and fairness (Section 5.3& 5.4).

To our knowledge, we are the first to detect the
effectiveness of pre-training in NMT by a compari-
son with back-translation in a fair setting. We also
contribute to the analysis of BERT in a bilingual
situation.

2 Related Work

Pre-training in NMT Gulcehre et al. (2015)
and Jean et al. (2015) are among the first to in-
tegrate language models into the decoder part of
NMT. Subsequent work extends the studies by
adding pre-trained representations in the encoder
part (Edunov et al., 2019) or the both sides (Ra-
machandran et al., 2017) of NMT networks.

Recent research focused on leveraging the pre-
trained BERT for NMT. Clinchant et al. (2019) uti-
lize BERT on NMT’s encoder. Conneau and Lam-
ple (2019) initialize both the encoder and decoder
by multilingual BERT. Imamura and Sumita (2019)
investigate a BERT fine-tuning method for NMT.
Clinchant et al. (2019) compare different NMT
architectures with BERT. Zhu et al. (2020) sug-
gest using BERT as an extra memory. Specifically,
they first encode the inputs by BERT and use the
last layer’s output as an extra memory. The Trans-
former NMT network uses an extra self-attention
module to weigh the memory in each layer of both
the encoder and decoder. The model shows a no-
ticeable improvement in both supervised, semi-
supervised and unsupervised tasks, leading to the
new state-of-the-art results of using BERT in NMT.
Given the significant improvements achieved by
their work, we adopt this model in our experiments.

Back-translation Back-translation is a widely
used data augmentation technology originally in-
troduced for SMT (Bojar and Tamchyna, 2011)
and then flourished in NMT (Sennrich et al.,
2016). It has been studied with dual-learning
frameworks (He et al., 2016), large-scale exten-
sions (Edunov et al., 2018; Wu et al., 2019), it-
erative versions (Hoang et al., 2018), unsuper-

vised scenarios (Artetxe et al., 2018; Lample et al.,
2018), tagged back-translated sources (Caswell
et al., 2019) as well as systematic analysis (Bur-
lot and Yvon, 2018; Poncelas et al., 2018; Edunov
et al., 2020). In line with Edunov et al. (2018), we
aim to broaden understanding of back-translation
in a large-scale manner. While their focus is on
different methods that generate synthetic source
sentences, ours is to investigate how large-scale pre-
training compares with large-scale back-translation
in boosting translation performance.

BERTology Much work has discussed BERT
with respect to morphology (Edmiston, 2020; Ha-
ley, 2020), syntax (Hewitt and Manning, 2019; Lin
et al., 2019; Goldberg, 2019), semantics (Ettinger,
2020; Warstadt et al., 2019; Tenney et al., 2019),
and world knowledge (Poerner et al., 2019; Zhou
et al., 2020). Both internal attention weights (Clark
et al., 2019; Htut et al., 2019) and external task
performances(Liu et al., 2019a; Zhou et al., 2020)
have been used as means of investigation. Our
work aligns with external evaluation. However, ex-
isting work considers a monolingual setting while
we discuss these issues under a bilingual task.

3 Protocol for MT Evaluation

We use BLEU (Papineni et al., 2002) and 8 more
focused evaluation tasks to probe MT systems with
pre-trained BERT and back-translation. Below we
introduce the error analysis protocols in detail.

3.1 Morphological Competence

We assess the morphological competence of MT
systems translating from English into morpho-
logically rich languages, which is a necessity
for MT systems to overcome out-of-vocabulary
source tokens and flexible word orders. We take
Morpheval1 (Burlot and Yvon, 2017; Burlot et al.,
2018) as one of the representative test suits, consist-
ing of a set of contrast pairs that can be triggered
in the source language and evaluated in the target
language (Table 1). This dataset describes three
types of contrasts: the first evaluates one single
morphological derivational feature such as number,
gender, tense; the second evaluates agreement; the
third concerns lexical replacements of the same cat-
egory, testing whether morphological consistency
still holds if a word is replaced by a hyponym.

1 https://github.com/franckbrl/morpheval v2
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Morphology En→De Source: The only issue now is the swelling around his eye.
Her only issue now is the swelling around his eye.

Target: Das einzige Problem ist jetzt die Schwellung um sein Auge.
Ihr einziges Problem ist jetzt die Schwellung um sein Auge. "

Target: Das einzige Problem ist jetzt die Schwellung um sein Auge.
Das einzige Problem ist jetzt die Schwellung um sein Auge. %

Syntax En→De Source: Prague Stock Market falls to minus by the end of the trading day.
Target: Die Prager Börse stürzt gegen Geschäftsschluss ins Minus. "

Target: Die Prager Börse stürzt gegen Geschäftsschluss nicht ins Minus. %
Homograph Translation En→De Source: I hope you didn’t get distracted during your watch.

Target: Ich hoffe, Sie wurden während Ihrer Wache nicht abgelenkt. (guard) "

Target: Ich hoffe, Sie wurden während Ihrer Uhr nicht abgelenkt. (clock) %
Conjunction Disambiguation En→De Source: Don’t apologize to me, but to her.

Target: Entschuldige dich nicht bei mir, sondern bei ihr. "

Target: Entschuldige dich nicht bei mir, aber bei ihr. %
Pronoun Coreference Resolution En→De Source: It could get tangled in your hair.

Target: Sie könnte sich in deinem Haar verfangen. "

Target: Er könnte sich in deinem Haar verfangen. %

Target: Es könnte sich in deinem Haar verfangen. %
Idiom Translation Zh→En Source: 胸有成竹

Target: Be very ready; have a well-thought-out plan. "

Target: Have a well-formed bamboo in one’s chest. (literal translation) %
Commonsense Reasoning Zh→En Source: 吃了游客的鳄鱼。

Target: The crocodile who ate the tourist. "

Target: Ate the tourist’s crocodile. %
Gender Bias En→De Source: The janitor does not like the baker because she always messes up the kitchen.

Target: Der Hausmeister mag die Bäckerin nicht, weil sie immer die Küche verschmutzt. "

Target: Die Hausmeisterin mag der Bäcker nicht, weil sie die Küche immer durcheinander bringt. %

Table 1: Test instances corresponding to each task. Key words are in bold. Elaboration is in Appendix A.

3.2 Syntactic Competence

We evaluate whether MT models can generate co-
herent and grammatical sentences. We adopt the
LingEval972 (Sennrich, 2017), a test set of con-
trastive translation pairs for analysis of a num-
ber of syntactic phenomena including syntactic
agreement over long distances, discontiguous verb-
particle constructions, transliteration of names and
faithful translation of polarity (Table 1).

3.3 Semantic Competence

Semantics helps MT enforce meaning preservation
and handle data sparsity. We measure semantic
competence from the ambiguity of content words,
conjunctions and pronouns, corresponding to tasks
of homograph translation, conjunction disambigua-
tion, and pronoun coreference resolution, respec-
tively. First, homograph translation requires mod-
els to determine the intended sense of polysemous
words in context. We adopt MUCOW3 (Raganato
et al., 2019), a lexical ambiguity benchmark in
which a sentence containing an ambiguous word
is paired with a correct reference and an incorrect
modified translation with the ambiguous word be-
ing replaced by a word of a different sense. Sec-
ond, NMT should theoretically be able to handle
conjunctions with variant senses if the encoder cap-

2 https: //github.com/rsennrich/lingeval97
3 https://github.com/Helsinki-NLP/MuCoW

tures clues from sentence structures. We use the
test set of Popović (2019)4, which translates the
English conjunction but into two different Ger-
man conjunctions aber or sondern. The former
can be used after a positive or a negative clause,
while the latter is only used after a negative clause
when expressing a contradiction. Lastly, for coref-
erence resolution, we adopt ContraPro5 (Müller
et al., 2018) to evaluate the accuracy when mod-
els translate the English pronoun it to its German
counterparts es (it), sie (she) and er (he), based on
a correct understanding of antecedents.

3.4 Pragmatic Competence

We further evaluate systems on 3 challenging prob-
lems involving pragmatic inference: idiom trans-
lation, commonsense reasoning and gender bias.
First, idiom translation still presents a difficulty be-
cause the meaning of idioms is non-compositional
and non-literal, making word-by-word translation
incorrect. We use the CIBB dataset 6 (Shao et al.,
2018), in which a blacklist consisting literal trans-
lation of idiom characters is constructed and once
translations from NMT trigger the blacklist, the
literal translation errors can be counted to score the
systems. Another demanding competence for NMT
is commonsense reasoning. He et al. (2020) build

4 https://github.com/m-popovic
5 https://github.com/ZurichNLP/ContraPro
6 https://github.com/sythello/CIBB-dataset
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a bilingual test suite which grounds commonsense
knowledge into lexical ambiguity, contextual syn-
tactic ambiguity and contextless syntactic ambigu-
ity (Appendix A.3). Each source sentence has one
ambiguity type and corresponds to two contrastive
translations. We use this test suite 7 to measure
commonsense knowledge and inference of NMT
outputs. Lastly, we estimate gender bias. Follow-
ing Stanovsky et al. (2019), we use the WinoMT8

dataset to extract gender features from translations
and evaluate them against the gold annotations.

4 Experimental Setup

We verify the effectiveness of MT combined with
BERT (Zhu et al., 2020) and back-translation on
both rich- and low-resource scenarios.

4.1 Data and Baseline
For the rich-resource scenario, we take WMT’14
English-to-German (En→De) with a corpus size
of 4.5M 9. We use newstest2013 as the valida-
tion set and newstest2014 as the test set. For the
low-resource scenario, we take LDC Chinese-to-
English (Zh→En) with a corpus size of 1.25M .
We use nist06 as the validation set and report an
average score on nist02/03/04/05/08 test sets. We
apply wordpieces (Wu et al., 2016) to preprocess
data with a shared source and target vocabulary of
32K.

We train a standard Transformer NMT
model (Vaswani et al., 2017) on fairseq10 as
a baseline. We adopt transformer big for
En→De and transformer base for Zh→En
with a 6-layer encoder-decoder network. We set
the dropout ratio as 0.25 and use beam search with
width 4 and length penalty 0.6 for inference.

4.2 BERT-fused NMT
BERT (Devlin et al., 2019) is composed of a lay-
ered self-attention Transformer network and is pre-
trained on billions of unlabeled text to perform
masked language modeling and next sentence pre-
diction tasks. The former aims to restore the orig-
inal sequence from noisy input, while the latter
learns whether two sentences are consecutive.

Zhu et al. (2020) incorporate BERT into NMT
systems. On the source side, given a language input
x, the model first extracts the last layer’s output

7 https://github.com/tjunlp-lab/CommonMT
8 https://github.com/gabrielStanovsky/mt gender
9 https://nlp.stanford.edu/projects/nmt/
10 https://github.com/pytorch/fairseq

En→De Zh→En
Auth (M ) Synth (M ) Auth (M ) Synth (M )

4.500

2.250

1.250

0.625
4.500 1.250
9.000 2.500
18.00 5.000

Table 2: Corpora statistics of sentence pairs.

of the context-aware representation from BERT
encoder:

HB = BERT (x), (1)

and then fuses HB with each layer of the encoder
of the NMT model through attention mechanisms:

Hl
E =

1

2

(
attnS(Hl−1

E , Hl−1
E , Hl−1

E )

+attnB(Hl−1
E , HB , HB)

)
,

(2)

where H l
E refers to the hidden state after fusion of

the l-th layer, attnS is the multi-head self-attention
layer, and attnB is the BERT attention layer. In
the case of layer l in the target side, the decoder
also uses both contexts at the same time:

Hl
DS = attnMS(Hl−1

D , Hl−1
D , Hl−1

D ),

Hl
D =

1

2

(
attnB(Hl

DS , H
L
E , H

L
E)

+attnE(Hl
DS , HB , HB)

)
,

(3)

where attnMS , attnB , attnE is the multi-head
future-masked self-attention layer, BERT-decoder
attention layer and the encoder-decoder attention
layer, respectively. HL

E is the output of the encoder.
Following Zhu et al. (2020), we first train

a standard Transformer NMT and then initial-
ize the weights of the BERT-fused model. We
choose bert large cased11 with 24 layers
and 1024 hidden dimension for En→De and
bert base chinese12 with 12 layers and 768
hidden dimension for Zh→En, ensuring that the di-
mension of BERT and NMT model almost matches.
BERT is fixed during training. The optimization
algorithm is Adam in accordance with 0.0005 learn-
ing rate and the inverse sqrt scheduler.

4.3 Back-translation
For back-translation, we use the standard Trans-
former baseline with the method of Sennrich et al.
(2016) to synthesize augmented data. Our goal is
to give a comparison between BERT-fused NMT
and back-translation of different data scales, using
monolingual data from the same source of BERT
training by random selection from the Wikipedia13

11 https://huggingface.co/bert-large-cased
12 https://huggingface.co/bert-base-chinese
13 dumps.wikimedia.org/dewiki/latest
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14. Previous work shows that data capacity for back-
translation does not consistently improve perfor-
mance beyond a threshold (Poncelas et al., 2018),
therefore we choose a suitable amount and scale up
the data from 625k to 18M with the ratio between
authentic and synthetic data being 1:0.5, 1:1, 1:2
and 1:4, respectively (see Table 2). In total we have
18M monolingual sentences in German and 5M
monolingual sentences in English. All datasets are
preprocessed similarly to the training data.

4.4 Evaluation

We use the multi-bleu.perl from Moses on
tokenized sentences for BLEU evaluation of all
systems. The tasks of conjunction disambiguation
and idiom translation are evaluated on the presence
percentage of correct conjunction and pre-defined
blacklist words, respectively. The task of gender
bias is evaluated on morphological analysis from
3 aspects: overall accuracy calculated by the per-
centage of instances in which the translation pre-
served the gender of the entity from the original sen-
tence, ∆G denoting the difference in performance
between masculine and feminine scores, and ∆S
indicating the difference in performance between
pro-stereotypical and anti-stereotypical gender role
assignments (see examples in Appendix A.4).

Other tests use a contrastive pair paradigm,
which tests a model’s ability to discriminate be-
tween given good and bad translations by exploit-
ing the fact that NMT systems can be viewed as lan-
guage models of the target language, conditioned
on source texts. Similar to language models, NMT
models can score a negative log probability for sen-
tences. If the model score of the actual translation
is smaller than the contrastive translation, we treat
the decision as correct. We aggregate model deci-
sions on the whole test set and report the overall
percentage of correct decisions as results.

5 Results

The overall BLEU points are given in Table 315.
For both rich- and low-resource settings, the BERT-
fused model demonstrates stronger performances
than the baseline. However, systems augmented
with back-translated data are better than the BERT-
fused model, with the best score achieved by model
trained with 2.25M synthetic data (1:0.5 setting)

14 dumps.wikimedia.org/enwiki/latest
15 We successfully reproduced the BLUE scores of the baseline

and BERT-fused model as reported in Zhu et al. (2020).

System En→De Zh→En
Standard Transformer 29.20 45.15
+ back translation (1:0.5) 30.41 46.70
+ back translation (1:1) 30.25 47.23
+ back translation (1:2) 30.18 47.04
+ back translation (1:4) 30.25 46.39
BERT-fused model 30.03 46.55

Table 3: Model performance in terms of BLUE scores
(case-insensitive). The best scores are marked in bold.

System Params Speed (tok/sec) Len% (tgt/src)
Back-translation 2.93B 1269.46 0.95
BERT-fused model 3.43B 355.24 0.95

Table 4: Model comparison in En→De. We list the
results of baseline model and Zh→En in Appendix B.

for En→De, and 1.25M synthetic data (1:1 set-
ting) for Zh→En. This shows that in terms of
BLUE, the advantage of large-scale pre-training
is not obvious compared with large-scale back-
translation, even though the latter requires far less
training data and computational resources. Taking
En→De as an example (Table 4), back-translation
uses only 85% parameters compared to the BERT-
fused method, while achieves higher BLEU points,
3.6 times faster decoding speed, and the same tar-
get/source length ratio which indicates an equiva-
lent information richness in the target translation.

5.1 Morphology

Table 5 shows the results for the morphology test in
En→De translation. Generally, for derivational (Ta-
ble 5a), agreement (Table 5b) and consistency (Ta-
ble 5c) content, pre-training does not show promi-
nent advantages over back-translation in helping
the standard Transformer model convey correct
morphology from source to target. Prior work on
monolingual tasks (Hofmann et al., 2020; Edmis-
ton, 2020; Haley, 2020) has shown that BERT is
capable of encoding morphological information
and many morphological features can be extracted
by training a simple classifier on a BERT layer. In
our bilingual task, however, BERT is trained in
the source context and evaluated in the target lan-
guage. The performance discrepancy shows that
BERT’s morphology prediction for novel words
in mono language results from high-frequent mor-
phological data during pre-training, which helps
BERT to memorize the statistical connection over
contextualized string cues. In contrast, NMT mor-
phological rules involve both source and target lan-
guages, which is different from BERT training. Sur-
face cues are not available for BERT in bilingual
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(a) derivation Verbs Pronouns Nouns Adjectives Average
System Past Future Cond. Neg. Plur. Compd. Nbr. Compar. Superl.
Standard Transformer 91.40 76.90 91.10 97.80 98.10 63.80 66.40 92.20 97.80 86.17
+ back translation (1:0.5) 92.90 77.90 89.10 97.60 98.80 57.10 62.80 93.30 98.40 85.32
+ back translation (1:1) 93.10 77.90 88.90 97.60 98.70 60.20 61.80 93.30 98.00 85.50
+ back translation (1:2) 94.70 76.80 93.80 97.60 98.10 58.80 63.80 92.40 98.90 86.10
+ back translation (1:4) 95.80 79.20 95.40 98.40 98.90 57.50 65.10 92.70 97.30 86.70
BERT-fused model 93.30 77.10 91.50 97.80 98.30 63.10 64.30 90.70 97.30 85.93

(b) agreement Coordinated verbs Verbs Complex NP Coreference Adj Average
System Nbr Pers Tense Position Gdr Nbr Relative Personal Strong
Standard Transformer 94.20 94.20 94.20 92.60 100.0 100.0 67.50 93.80 94.10 89.81
+ back translation (1:0.5) 96.20 96.20 96.00 95.50 100.0 100.0 67.30 94.30 97.60 91.04
+ back translation (1:1) 96.70 96.70 96.50 95.70 100.0 100.0 66.20 94.40 96.50 90.89
+ back translation (1:2) 95.00 95.20 95.20 94.70 99.80 100.0 67.40 91.90 96.70 90.33
+ back translation (1:4) 96.30 96.70 96.30 95.60 100.0 100.0 65.70 93.60 96.60 90.65
BERT-fused model 96.50 96.70 96.50 93.90 100.0 100.0 67.70 95.00 94.10 90.81

(c) consistency Nouns Adjectives Verbs Average
System Case Gender Number Number Person Tense
Standard Transformer 0.019 0.010 0.008 0.034 0.020 0.070 0.027
+ back translation (1:0.5) 0.021 0.004 0.002 0.027 0.017 0.061 0.022
+ back translation (1:1) 0.016 0.005 0.004 0.024 0.013 0.050 0.019
+ back translation (1:2) 0.017 0.004 0.004 0.025 0.012 0.057 0.020
+ back translation (1:4) 0.015 0.002 0.001 0.028 0.018 0.046 0.018
BERT-fused model 0.024 0.010 0.007 0.027 0.014 0.064 0.024

Table 5: Performance on morphology tests. Parts a and b are evaluated by Accuracy values, while c by Entropy.

situation thus BERT cannot compute the interlin-
gual representations. This can explain why BERT
contributes less than back-translation in conveying
morphological features in bilingual scenarios.

5.2 Syntax

The results for syntax tests in En→De are shown
in Table 6. We find similar performances across all
systems, indicating that solving problems regard-
ing syntax is easy for the current standard Trans-
former since it has achieved a high accuracy close
to 100. Neither back-translation nor pre-training
brings significant benefits to the baseline. Initial
work on monolingual tasks (Goldberg, 2019; Wolf,
2019) claims that BERT learns powerful syntactic
representations and shows promise at agreement
phenomena. However, our results show that in
translation, BERT performs at best no better than
the Transformer baseline and back-translation tech-
niques in favoring the grammatical variants in the
target sides. Inspired by the results of morpholog-
ical and syntactic evaluations, we leave for future
work to separately incorporate the source and tar-
get side pre-training in the encoder and decoder
of NMT, with the aim to better leverage linguistic
information contained in language models (Guo
et al., 2020).

5.3 Semantics

Figure 1 shows results for translating sentences
with ambiguous words in both the news domain
(in-domain) and colloquial speech domain (out-

Agreement Polarity
System np sv verb ins del trans
Standard Transformer 98.70 98.23 98.53 99.41 95.10 98.45
+ back translation (1:0.5) 98.88 98.39 99.18 99.36 95.52 98.71
+ back translation (1:1) 98.92 98.49 99.10 99.43 95.08 98.54
+ back translation (1:2) 98.91 98.49 99.10 99.38 95.18 98.60
+ back translation (1:4) 99.04 98.61 99.06 99.41 95.05 98.80
BERT-fused model 98.57 98.13 98.82 99.41 95.72 98.54

Table 6: Accuracy values for syntax test suite.

of-domain). In the news domain, the F-score of
the baseline is 0.715. With back-translation, the
performance fluctuates but is worse than the BERT-
fused model. The BERT-fused model performs
the best of 0.735 in F-score and improves the
baseline by 2.8%. In the colloquial speech do-
main where words are more frequent than news
domains and thus have more senses, the BERT-
fused model still maintains the top and surpasses
the baseline by 11.7%. There is evidence that
BERT’s context-aware embeddings actually encode
certain forms of sense knowledge and provides dis-
tinct clusters corresponding to word senses (Wiede-
mann et al., 2019; Mickus et al., 2019). Thus we
conclude that incorperating BERT’s representation
with NMT’s encoder through attention mechanisms
(Equation 3) enables the translation model to cap-
ture fine-grained nuances of meaning and thus is
successful at differentiating source side ambiguous
words. However, when domain shifts, all models
decline in performance and the BERT-fused model
is no exception. Previous work has proven that
pre-training on large scale datasets can improve
out-of-domain model robustness (Hendrycks et al.,
2019; Mathis et al., 2021). It seems that this poten-
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Figure 1: Results on homogragh translation test. We
list specific data of each model in Appendix C.

tial is not fully exploited in cross-lingual settings.
We plan to extend this point with the optimized
model RoBERTa (Liu et al., 2019b) in future work.

Figure 2 shows the results for conjunction disam-
biguation. The accuracy of the BERT-fused model
is 96.62, with which we identify a progress of the
BERT-fused model over other systems. This shows
that BERT’s contextualized word embedding is use-
ful to capture clues from sentence structures and
form a generic idea of conjunctions. Conjunction
can impact the structure of the surrounding sen-
tences and is related more to fluency than to ade-
quacy. Therefore it can be more difficult than con-
tent word ambiguity (Popović, 2019). We conclude
that BERT can actually absorb fine-grained relevant
sense information during pre-training, which helps
learn meaningful conjunction sense distinctions.

Table 7 shows the results for coreference trans-
lation. The second column refers to the total ac-
curacy of pronoun translation. The BERT-fused
model achieves the score of 52.46, outperforming
the others by 0.52-1.16 in accuracy. This corre-
sponds to prior studies which show that BERT’s
attention matrices are able to do coreference reso-
lution by effectively encoding coreference signal
in deeper layers and at specific heads (Clark et al.,
2019). The last two columns reflect the models’
performance when antecedent location is inside
or outside the current sentence. The accuracy of
the BERT-fused model ranks the highest in short
antecedent distance, outperforming others by 2-
5 points, but deteriorates the most sharply as the
distance between the pronoun and its antecedent
increases. Though all models are ineffective in
larger segments, the BERT-fused model even un-
derperforms the baseline by 0.25 points. On the
one hand, these observations prove the ability of
BERT’s deeply bidirectional representation con-

base bt 1:0.5 bt 1:1 bt 1:2 bt 1:4
BT-ratio

91
92
93
94
95
96
97
98

Ac
cu

ra
cy

bert
bt

Figure 2: Results on conjunction disambiguation test.
We list specific data of each model in Appendix C.

System Total1 Intra2 External3

Standard Transformer 51.78 79.83 44.76
+ back translation (1:0.5) 51.30 82.33 43.54
+ back translation (1:1) 51.65 82.50 43.94
+ back translation (1:2) 51.64 82.08 44.03
+ back translation (1:4) 51.94 82.00 44.42
BERT-fused model 52.46 84.25 44.51
1 Translating English pronoun it to German es, sie, er
2 within segment 3 outside segment

Table 7: Accuracy values for reference pronoun trans-
lation(right part) and antecedent location (left part).

Zh→En En→De
System Triggered BLEU
Standard Transformer 377 29.54
+ back translation (1:0.5) 359 28.85
+ back translation (1:1) 306 27.53
+ back translation (1:2) 334 27.12
+ back translation (1:4) 344 26.76
BERT-fused model 249 30.76

Table 8: Results on idiom translation.

ditioned on both left and right context to capture
intra-sentence dependency which is important for
understanding coreferences. On the other hand, it
also shows BERT’s limitation on long-range fea-
tures in document-level contexts, which is also ob-
served by Joshi et al. (2019). As mentioned earlier
in Section 4.2, one training task of BERT is to pre-
dict the next sentence. We assume that BERT is
better than the standard Transformer to capture re-
lation between two sentences and thus can improve
performance on translation involving long-range
features. Based on our results, however, seemingly
BERT’s potential in capturing sentence relations is
not thoroughly exploited by NMT architectures.

5.4 Pragmatics

Table 8 shows results for idiom translation. Among
all translations, the baseline triggers 377 literal er-
rors. Back-translation makes progress on the basis
of the baseline, while the BERT-fused model per-
forms substantially better than all its counterparts,
only triggering 249 literal errors in the blacklist.
Regarding the effect of training data size, we find
that from 377 errors with no back-translated sen-
tence pairs to 306 with 1.25M sentence pairs, the
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Figure 3: Results on commonsense reasoning.

errors continue to decrease as we add more syn-
thetic data. However, it slightly rises when building
systems with 2.5M synthetic data, showing that in-
creasing data size is not the most useful to help
idiom translation, while a better encoding of idiom
expression via pre-training may help. The data size
of Zh→En is relatively small, so we further verify
BERT’s effectiveness in the large-scale En→De ex-
periment (elaborated in Appendix D). The BLEU
results are summarized in the last column of Ta-
ble 8. The BERT-fused model still gains the best
performance among others with a score of 30.76.
This shows that in addition to local syntactic prop-
erties, BERT’s context-aware embedding based on
previous and following context can help the en-
coder of NMT to capture global topical properties
of words, thus making the model more expressive
and understand the underlying meanings better.

The commonsense reasoning results are shown
in Figure 3. The results clearly show that the
BERT-fused model is better than the baseline and
back-translated models in all three reasoning types,
with the largest superiority on lexical ambiguity,
a smaller gap on contextless syntactic ambiguity,
and the weakest gap on context syntactic ambigu-
ity. The performance of back-translation shows
that incrementally larger amounts of training data
do not consistently improve the commonsense rea-
soning performance of NMT, therefore it is likely
the knowledge implied in the pre-trained language
model that enhances commonsense reasoning abil-
ity of MT systems. Prior work (Zhou et al., 2020)
has proven BERT’s effectiveness in promoting com-
monsense ability in monolingual tasks. We further
find that in bilingual scenario, BERT can also help
model utilize knowledge via injecting prior infor-
mation on the encoder part of NMT.

The results for gender translation are presented
in Table 9. With BERT, gender bias in MT is not

System Accuracy ∆G ∆S
Standard Transformer 71.2 3.9 9.3
+ back translation (1:0.5) 67.0 7.8 11.8
+ back translation (1:1) 71.6 2.7 10.6
+ back translation (1:2) 75.1 0.1 5.2
+ back translation (1:4) 72.1 2.0 5.5
BERT-fused model 71.4 3.2 14.6

Table 9: Performance on gender bias test suite. For ∆G
and ∆S, higher numbers indicate stronger biases.

mitigated. The best performance is achieved by
the model trained with back-translation data in
a 1:2 setting, scoring 75.1, 0.1 and 5.2 in Accu-
racy, ∆G and ∆S, respectively. The scores of
the BERT-fused model are 71.4, 3.2, 14.6, respec-
tively, not competitive with the baseline on Accu-
racy and ∆G, and even much poor on ∆S. On
the one hand, this further indicates that BERT may
encode unintended social correlations during pre-
training (May et al., 2019; Tan and Celis, 2019),
and will propagate bias to downstream MT applica-
tion. On the other hand, the poor ∆S score shows
that the BERT-fused model is prone to translate
based on gender stereotypes, and suffer deterio-
rated performance when translating antistereotyp-
ical assignments. This is in line with prior obser-
vations in QA and relation classification (Poerner
et al., 2019) which shows that BERT’s knowledge
can come from learning stereotypical associations.

6 Conclusion

We presented a quantitative study of BERT in NMT
as compared with large-scale back-translation.
With 8 intrinsic evaluation tasks which cover a
large range of linguistic phenomena, our observa-
tions suggest that BERT’s bi-directional architec-
ture, contextualized representation and knowledge
learned from pre-training can help NMT manage
semantic and pragmatic difficulties, but BERT-style
representations may additionally introduce artifacts
undesired in MT. For morphological and syntactic
problems in which BERT does well in monolingual
tasks, there is still limitation under the bilingual
setting, requiring breakthroughs in BERT-fused
modeling. Our findings about BERT are largely
in line with research in monolingual setting, while
we broaden the analysis under bilingual situations.
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Sébastien Jean, Orhan Firat, Kyunghyun Cho, Roland
Memisevic, and Yoshua Bengio. 2015. Montreal
neural machine translation systems for WMT’15. In
Proceedings of the Tenth Workshop on Statistical
Machine Translation, pages 134–140, Lisbon, Por-
tugal. Association for Computational Linguistics.

Mandar Joshi, Omer Levy, Luke Zettlemoyer, and
Daniel Weld. 2019. BERT for coreference reso-
lution: Baselines and analysis. In Proceedings of
the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 5803–5808, Hong Kong,
China. Association for Computational Linguistics.

Guillaume Lample, Myle Ott, Alexis Conneau, Lu-
dovic Denoyer, and Marc’Aurelio Ranzato. 2018.
Phrase-based & neural unsupervised machine trans-
lation. In Proceedings of the 2018 Conference on
Empirical Methods in Natural Language Processing,
pages 5039–5049, Brussels, Belgium. Association
for Computational Linguistics.

Yongjie Lin, Yi Chern Tan, and Robert Frank. 2019.
Open sesame: Getting inside BERT’s linguistic
knowledge. In Proceedings of the 2019 ACL Work-
shop BlackboxNLP: Analyzing and Interpreting Neu-
ral Networks for NLP, pages 241–253, Florence,
Italy. Association for Computational Linguistics.

Nelson F. Liu, Matt Gardner, Yonatan Belinkov,
Matthew E. Peters, and Noah A. Smith. 2019a. Lin-
guistic knowledge and transferability of contextual
representations. In Proceedings of the 2019 Confer-
ence of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long and Short Pa-
pers), pages 1073–1094, Minneapolis, Minnesota.
Association for Computational Linguistics.

Yinhan Liu, Jiatao Gu, Naman Goyal, Xian Li, Sergey
Edunov, Marjan Ghazvininejad, Mike Lewis, and
Luke Zettlemoyer. 2020. Multilingual denoising
pre-training for neural machine translation. arXiv
preprint arXiv:2001.08210.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019b.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Alexander Mathis, Thomas Biasi, Steffen Schneider,
Mert Yuksekgonul, Byron Rogers, Matthias Bethge,
and Mackenzie W Mathis. 2021. Pretraining boosts
out-of-domain robustness for pose estimation. In
Proceedings of the IEEE/CVF Winter Conference on
Applications of Computer Vision, pages 1859–1868.

Chandler May, Alex Wang, Shikha Bordia, Samuel R.
Bowman, and Rachel Rudinger. 2019. On measur-
ing social biases in sentence encoders. In Proceed-
ings of the 2019 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Volume 1

1727



(Long and Short Papers), pages 622–628, Minneapo-
lis, Minnesota. Association for Computational Lin-
guistics.

Timothee Mickus, Denis Paperno, Mathieu Constant,
and Kees van Deemter. 2019. What do you mean,
bert? assessing bert as a distributional semantics
model. arXiv preprint arXiv:1911.05758.

Mathias Müller, Annette Rios, Elena Voita, and Rico
Sennrich. 2018. A large-scale test set for the eval-
uation of context-aware pronoun translation in neu-
ral machine translation. In Proceedings of the Third
Conference on Machine Translation: Research Pa-
pers, pages 61–72, Brussels, Belgium. Association
for Computational Linguistics.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic eval-
uation of machine translation. In Proceedings of
the 40th Annual Meeting of the Association for Com-
putational Linguistics, pages 311–318, Philadelphia,
Pennsylvania, USA. Association for Computational
Linguistics.

Nina Poerner, Ulli Waltinger, and Hinrich Schütze.
2019. Bert is not a knowledge base (yet): Fac-
tual knowledge vs. name-based reasoning in unsu-
pervised qa. arXiv preprint arXiv:1911.03681.

A Poncelas, D Shterionov, A Way, GM de Buy Wen-
niger, and P Passban. 2018. Investigating backtrans-
lation in neural machine translation. arXiv preprint
arXiv:1804.06189.
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A Details on Test Suites

For your reference, below we make more elabora-
tions on evaluation test suites.

A.1 Morphology test

This test set is structured in the form of contrastive
pairs. In accordance with Table 5, we have:

1. Verbs-past: differ in the tense of the main verb
(present in one source sentence while past in
the other).

2. Verbs-future: differ in the tense of the main
verb (present in one source sentence while
future in the other).

3. Verbs-cond.: a verb in future tense is turned
into its conditional form.

4. Verbs-neg.: differ in the polarity of the main
verb (affirmative in one source sentence while
negative in the other).

5. Pronouns-plur.: differ in the number of the
pronoun (a singular pronoun in one source
sentence while a plural form in the other).

6. Nouns-compd.: the first source sentence con-
tains a multiword expression that is most
likely translated by a compound in German.
The other is modified by one single English
word in the multiword expression, such that
the new German translation should result in a
compound that has at least one morpheme in
common with the one seen in the first transla-
tion.

7. Nouns-nbr.: differ in the number of the noun
(a singular noun in one sentence while a plural
form in the other).

8. Adjectives-compar.: differ in the form of the
adjective (the bare adjective in one sentence
while the comparative form in the other).

9. Adjectives-superl.: one sentence contains an
adjective while the other contains its superla-
tive form.

10. Coordinated verbs: one sentence contains a
simple verb while the other contains a coordi-
nated VP in the form of “verb and verb”.

11. Verb position: the sentence pairs are gener-
ated by locating complex sentences where the
principal clause can be omitted and the sub-
ordinate clause leads to a German translation
where the verb should be located at the end of
the clause.

12. Complex NP: one sentence contains a per-
sonal pronoun while the other contains a com-
plex NP in the form of “adj+noun”.

13. Coreference: one sentence contains a corefer-
ence link involving a personal pronoun (it) or
a relative pronoun (that, which, who, whom,
whose). The antecedent noun of the pronoun
is changed to a synonym in the other sentence.

14. Strong adjective: one sentence contains a sub-
ject noun phrase with a definite article, an
adjective and a noun. The other simply re-
places the article by a possessive determiner.
In German, an adjective following a definite
article does not contain any gender marker in
its ending, whereas it does contain it when
following a possessive determiner.

15. Nouns: one sentence contains a noun while
the other with hyponyms.

16. Adjectives: one sentence contains an adjective
while the other with hyponyms.

17. Verbs: one sentence contains a verb while the
other with hyponyms.

A.2 Syntax test
This test set is structured in the form of contrastive
pairs. In accordance with Table 6, we have:

1. Noun-phrase agreement: the determiners
agree with their head noun in number and gen-
der in one sentence, while the other sentence
randomly changes the gender of a singular
definite determiner to introduce an agreement
error.

2. Subject-verb agreement: subjects and verbs
agree with one another in grammatical number
and person in one sentence, while the other
swaps the grammatical number of a verb to
introduce an agreement error.

3. Separable verb particle: verbs and their sepa-
rable prefix form a semantic unit in one sen-
tence, while the other sentence replaces a sep-
arable verb particle with one that has never
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been observed with the verb in the training
data.

4. Polarity-inserting: one sentence remains the
right polarity, while in the other sentence we
reverse polarity by inserting the negation par-
ticle nicht (not) or the negation prefix -un.

5. Polarity-deleting: one sentence remains the
right polarity, while in the other sentence we
reverse polarity by deleting the negation parti-
cle nicht (not) or the negation prefix -un.

6. Transliteration: one sentence maintains a right
name, while in the other sentence, two adja-
cent characters of the name are swapped.

A.3 Pragmatics test: Commonsense

In accordance with Figure 3, we have:

1. Lexical ambiguity: relates to word meanings
which can be disambiguited by resorting to
commonsense knowledge.

2. Contextless syntactic ambiguity: relates to
sentence structures which can be correctly in-
terpreted by resorting to commonsense knowl-
edge.

3. Context syntactic ambiguity: relates to sen-
tence structures which cannot be interpreted
uniquely if no more context is given.

A.4 Pragmatics test: Gender bias

In accordance with Table 9, we have:

1. Masculine and feminine gender role: e.g., a
male doctor versus a female nurse.

2. Stereotypical and anti-stereotypical gender
role: e.g., a female nurse versus a female doc-
tor.

B Model comparison

Below we list supplement results of model compar-
ison in Zh→En (Table 10) and En→De (Table 11).

C Data of experiment results

Below we list specific data of each model in the
tests of homograph translation (Table 12), conjunc-
tion disambiguation (Table 13) and commonsense
reasoning(Table 14).

D Idiom translation in En→De

Fadaee et al. (2018) build a bilingual data set for
idiom translation in En→De. It consists of 1500
parallel sentences whose English side contains an
idiom and the German side refers to a proper refer-
ence translation. The evaluation method is BLEU.
We adopt this data set in our experiment.
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Zh→En Params Speed (tok/sec) Len% (tgt/src)
Transformer 2.69B 1533.02 1.3
Back-translation 2.69B 1533.02 1.3
BERT-fused model 3.13B 732.07 1.3

Table 10: Supplement of Zh→En Model comparison.

En→De Params Speed (tok/sec) Len% (tgt/src)
Transformer 2.93B 1269.46 0.95

Table 11: Supplement of En→De Model comparison.

News Domain Colloquial Speech Domain
System Precision Recall F-score Precision Recall F-score
Standard Transformer 0.781 0.659 0.715 0.442 0.326 0.375
+ back translation (1:0.5) 0.788 0.670 0.724 0.447 0.325 0.376
+ back translation (1:1) 0.792 0.647 0.712 0.430 0.321 0.367
+ back translation (1:2) 0.794 0.644 0.711 0.437 0.303 0.357
+ back translation (1:4) 0.796 0.662 0.723 0.427 0.270 0.330
BERT-fused model 0.816 0.669 0.735 0.510 0.356 0.419

Table 12: Results on homograph translation test.

System Total
Standard Transformer 94.74
+ back translation (1:0.5) 94.00
+ back translation (1:1) 95.87
+ back translation (1:2) 95.03
+ back translation (1:4) 93.81
BERT-fused model 96.62

Table 13: Accuracy for conjunction disambiguation test.

System LA1 CL SA2 CT SA3

Standard Transformer 55 60 55
+ back translation (1:0.5) 56 56 54
+ back translation (1:1) 56 58 55
+ back translation (1:2) 57 58 54
+ back translation (1:4) 56 61 54
BERT-fused model 60 63 56
1 lexical ambiguity 2 contextless syntactic ambiguity
3 contextual syntactic ambiguity

Table 14: Accuracy for commonsense reasoning test.
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Abstract

The major paradigm of applying a pre-trained
language model to downstream tasks is to fine-
tune it on labeled task data, which often suf-
fers instability and low performance when the
labeled examples are scarce. One way to alle-
viate this problem is to apply post-training on
unlabeled task data before fine-tuning, adapt-
ing the pre-trained model to target domains by
contrastive learning that considers either token-
level or sequence-level similarity. Inspired by
the success of sequence masking, we argue that
both token-level and sequence-level similari-
ties can be captured with a pair of masked se-
quences. Therefore, we propose complemen-
tary random masking (CRM) to generate a
pair of masked sequences from an input se-
quence for sequence-level contrastive learning
and then develop contrastive masked language
modeling (CMLM) for post-training to inte-
grate both token-level and sequence-level con-
trastive learnings. Empirical results show that
CMLM surpasses several recent post-training
methods in few-shot settings without the need
for data augmentation.

1 Introduction

The past few years have seen the rapid proliferation
of large-scale pre-trained language models such as
GPT (Radford et al., 2018), BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019b). These
models are generally characterized by pre-training
on huge general-domain corpora and then fine-
tuning on task-specific labeled examples when ap-
plied to a downstream task. Despite tremendous
knowledge obtained from general-domain corpora
through pre-training, sufficient labeled examples
from the task domain are still needed. However,
collecting them is often infeasible in many scenes,
where it tends to be unstable and low-performing

∗Corresponding author.

it 's a charming and often [M] journey

affecting

it 's [M] charming [M] [M] affecting journey

Sequence-Level Similarity

Token-Level Similarity

Figure 1: Demonstration of token-level similarity and
sequence-level similarity, where the token “affecting” is
close to the token “[MASK]” due to the latter’s context.
The two sequences with different maskings are also
close due to their semantic affinity.

when directly fine-tuning these pre-trained models
(Zhang et al., 2021; Dodge et al., 2020).

Many efforts have been devoted to addressing
the above issue. Firstly, it can be relieved by im-
proving the fine-tuning process, such as introduc-
ing regularization (Jiang et al., 2020; Lee et al.,
2020), re-initializing top layers (Zhang et al., 2021),
and using debiased Adam optimizer (Mosbach
et al., 2021). Besides, according to empirical re-
sults (Zhang et al., 2021; Mosbach et al., 2021),
fine-tuning with a small learning rate and more fine-
tuning epochs can also improve the situation. Sec-
ondly, additional data can be explored, for which
two main genres of data might be helpful: labeled
examples from related tasks and unlabeled task
examples. The former has shown considerable suc-
cess on the GLUE tasks (Phang et al., 2018; Liu
et al., 2019a), whereas such labeled examples are
not always easy to collect. By contrast, the latter
is more feasible, especially in scenes where task
examples are easy to collect but expensive to label.

Contrastive learning (Hadsell et al., 2006) is a re-
cently re-emerged method for leveraging unlabeled
data to enhance representation learning. The key to
contrastive learning is to capture the similarity be-
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tween samples. As shown in Figure 1, there are two
sorts of similarities that can be captured for a natu-
ral language sequence: token-level similarity and
sequence-level similarity. Masked language model
(MLM) (Devlin et al., 2019), widely adopted in
pre-trained language models, can be considered as
token-level contrastive learning, as it maximizes
the similarity between the “[MASK]” token and the
original token before masking and minimizes the
similarity with other tokens. As for sequence-level
similarity, several works (Iter et al., 2020; Giorgi
et al., 2020; Wu et al., 2020) introduce sequence-
level contrastive learning into pre-training. While
all these works focus on the pre-training phase, the
focal point of this paper is to improve the perfor-
mance of pre-trained models in downstream tasks
through post-training especially for scenes where
limited labeled data is available.

Speaking of pre-trained language models, Xu
et al. (2019) and Gururangan et al. (2020) demon-
strate improvement in various downstream tasks
by training the models with MLM on task exam-
ples before fine-tuning, which, following Xu et al.
(2019), is termed post-training in this paper even
though Gururangan et al. (2020) term it adaptive
pre-training. Fang and Xie (2020) also post-train
their model on task examples by contrastive self-
supervised learning (Chen et al., 2020), which pulls
together two augmented sentences generated from
the same sentence by back-translation (Edunov
et al., 2018) while separating those otherwise. How-
ever, these works consider either token-level or
sequence-level contrastive learning, without inte-
grating them. Moreover, adopting back-translation
to generate augmented sentences demands consid-
erable computation and makes the effect of post-
training dependent on the translation systems.

To capture both sequence-level and token-level
similarities, we propose contrastive masked lan-
guage modeling (CMLM) to achieve more effective
knowledge transfer in post-training and to improve
the performance of pre-trained language models in
few-shot downstream tasks. For this purpose, we
propose complementary random masking (CRM)
to generate a pair of masked sequences from a
single sequence for both sequence-level and token-
level contrastive learnings. We conduct extensive
experiments to compare CMLM with several recent
post-training approaches, and the empirical results
show that CMLM achieves superior or competitive
performance in a wide range of downstream tasks.

Our contributions can be concluded as follows.
First, we propose a new random masking strategy,
CRM, to generate a pair of masked sequences fa-
vorable to sentence-level contrastive learning. Sec-
ond, we propose a novel objective, CMLM, for
post-training pre-trained language models, which
realizes both sequence-level and token-level con-
trastive learnings on a pair of masked sequences.
Third, we compare our approach with several post-
training methods and obtain superior or competi-
tive results in few-shot settings. Lastly, we compare
two contrastive learning implementations, SimCLR
(Chen et al., 2020) and SimSiam (Chen and He,
2020), in pre-trained language models. To our best
knowledge, our work is the first effort to implement
SimSiam in NLP and compare it with SimCLR.

2 Related Works
2.1 Pre-trained Language Model

Pre-trained language models such as GPT (Rad-
ford et al., 2018), BERT (Devlin et al., 2019)
and RoBERTa (Liu et al., 2019b) have become
a new paradigm of NLP research, and been suc-
cessfully applied in a wide range of tasks that used
to be thorny. These models are generally structured
with stacks of Transformer (Vaswani et al., 2017)
and pre-trained on large-scale unlabeled corpora.
Among them, GPT is pre-trained with a unidirec-
tional language modeling objective, and BERT is
with masked language modeling (MLM) and next
sentence prediction (NSP). In RoBERTa, Liu et al.
(2019b) turn the static MLM in BERT into a dy-
namic one and remove the NSP task, and pre-train
it more intensively with larger corpora.

Despite tremendous knowledge learned from un-
labeled corpora during pre-training, sufficient la-
beled task examples are still needed for fine-tuning,
which can be challenging for some scenes. Plus, un-
labeled task examples are not leveraged when stick-
ing to the pre-training and fine-tuning paradigm.

2.2 Contrastive Learning

To take advantage of unlabeled or labeled data more
effectively, contrastive learning (Hadsell et al.,
2006) is re-emerged recently in computer vision
(CV) and natural language processing (NLP). The
key to contrastive learning is to pull positive sam-
ples together while separating negative samples
apart. The construction of positive and negative
sample pairs varies from tasks to tasks. In CV,
Chen et al. (2020) take the augmented (e.g., by
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random crop, color distortion, and Gaussian blur)
images originated from the same image as posi-
tive pairs, and treat those otherwise as negative
pairs. Khosla et al. (2020) take the images with
the same label as positive pairs and take others as
negative. In NLP, MLM in BERT can be viewed
as contrastive learning on token level, which takes
“[MASK]” and its original token before masking
as a positive pair and the rest as negative. For se-
quence level, both Fang and Xie (2020) and Wu
et al. (2020) follow Chen et al. (2020) to construct
the sample pairs. Specifically, Fang and Xie (2020)
utilize back-translation for sequence augmentation
while Wu et al. (2020) use some easy deforma-
tion operations like deletion, reordering and syn-
onym substitution. Besides, Giorgi et al. (2020)
construct two spans as a positive pair if they over-
lap, subsume, or are adjacent. Gunel et al. (2021)
introduce supervised contrastive learning proposed
by Khosla et al. (2020) into NLP and treat the se-
quences with the same label as a positive pair. Li
et al. (2021) augment the cross-entropy loss with
a contrastive self-supervised learning term and a
mutual information maximization term to deal with
the cross-domain sentiment classification task.

2.3 Post-training

Post-training has been broadly applied in down-
stream tasks. For examples, Xu et al. (2019)
post-train BERT with MLM on task examples to
improve the sentiment analysis task. Gururangan
et al. (2020) further divide post-training into two
categories: domain-adaptive pre-training and task-
adaptive pre-training, and evaluate them by exten-
sive experiments. Phang et al. (2018) fine-tune their
model on a related task before fine-tuning on the
target task. Liu et al. (2019a) extend previous work
into a multi-task learning fashion. Fang and Xie
(2020) introduce contrastive self-supervised learn-
ing (CSSL) (Chen et al., 2020) to perform post-
training and name it CSSL Pre-training.

3 Approach
3.1 Dynamic Random Masking

Masked language modeling (MLM) is firstly ap-
plied in BERT (Devlin et al., 2019), where some
of the tokens in the input sequence are selected
and replaced by a special token “[MASK]”. BERT
uniformly selects 15% of the input tokens for re-
placement, and among the selected tokens, 80%
are replaced with “[MASK]”, 10% are left un-

changed, and 10% are replaced by a randomly se-
lected vocabulary token. In the original implemen-
tation of BERT, random masking and replacement
are performed once in the beginning, and the se-
quences are kept unchanged through pre-training.
Liu et al. (2019b) transform this static masking
strategy into dynamic random masking (DRM) by
generating a masking pattern every time a sequence
is fed. That is to say, given an input sequence
T = {t1, t2, ..., tN}, the probability of each token
being selected is determined by pm, which is fixed
to 15% in BERT and RoBERTa.

PDRM (tn) = pm, n ∈ [1, N ] (1)

3.2 Complementary Random Masking

It is straightforward to come up with an idea that
generates a pair of masked sequences from a single
sequence by random masking and applies MLM
on each masked sequence to capture token-level
similarity, and then perform sequence-level con-
trastive learning between the two sequences to cap-
ture sequence-level similarity. However, it faces a
dilemma when applying this idea: setting a small
pm would make the pair of masked sequences too
similar and make the contrastive learning loss drop
to 0 quickly, harming sequence-level contrastive
learning. On the other hand, setting a large pm
would make each masked sequence collapsed, mak-
ing it hard for the model to recover the original to-
kens from “[MASK]” based on the context, which
in turn harms token-level contrastive learning.

To address this issue, we decouple the pair of
masked sequences, denoted by T 0 and T 1, and as-
sign them different masking probabilities pm and
pc. Specifically, we obtain T 0 with a small mask-
ing probability pm and T 1 with a larger probabil-
ity pc. Moreover, to avoid a single word being
masked by both sequences, which cripples their rel-
evance, we propose complementary random mask-
ing (CRM) to generate a pair of complementary
masked sequences which maintain a complemen-
tary relationship. Concretely, in CRM, we first gen-
erate T 0 = {t01, t02, ..., t0N} with DRM (Liu et al.,
2019b) from the original sequence T , and generate
T 1 with an extra constraint: the masking probabil-
ity PCRM (tn) will be set to pc if and only if t0n has
not been selected in T 0. Otherwise, it will be set
to 0. The process of CRM is described in Figure 2.

PCRM (tn) =

{
pc, t0n was not selected in T 0

0, otherwise
(2)
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Figure 2: Demonstration of complementary random masking (CRM, in the blue box) and contrastive masked
language modeling (CMLM).

CRM is aimed to generate a complementary pair
of masked sequences: If pc = 1, all tokens that are
not selected in T 0 will be selected in T 1. Reducing
pc can soften this complementary relationship and
make the two sequences overlap increasingly.

3.3 Contrastive Masked Language Modeling

We propose contrastive masked language model-
ing, CMLM, based on CRM to realize domain
transfer by masked language modeling (MLM) and
sequence-level contrastive learning (CL) with pairs
of masked sequences. The framework of CMLM is
shown in Figure 2, which is described as follows.

Given a batch T = {T1, T2, ..., TB} of input se-
quences, we firstly apply dynamic random masking
(DRM) on each sequence Tb to generate a masked
sequence T 0

b , and then apply CRM K times to gen-
erate T 1

b , T
2
b , ..., T

K
b based on T 0

b and Tb:

T 0
b = DRM(Tb), b ∈ [1, B] (3)

T kb = CRM(Tb, T
0
b ), k ∈ [1,K] (4)

After obtainingK+1 masked sequences from each
sequence Tb in T , we then compute their represen-
tations Hk

b ∈ RN×d by using an encoder, where d
is the hidden size of the encoder:

Hk
b = Encoder(T kb ), k ∈ [0,K] (5)

Even though our approach is model-agnostic, in
this paper we focus on the Transformer-based pre-
trained language model RoBERTa, which is an en-
hanced version of BERT. Therefore, we employ
RoBERTa to implement the Encoder(·) function.

To capture token-level similarity, We apply
MLM on H0

b as Devlin et al. (2019) and Liu et al.
(2019b), and compute the loss as follows:

LMLM =
1

B

B∑

b=1

MLM(H0
b ) (6)

To capture sequence-level similarity, we apply
contrastive learning on each Hk

b and H0
b , and ob-

tain the loss term LCL. We compare two different
implementations of contrastive learning: SimCLR
(Chen et al., 2020) and SimSiam (Chen and He,
2020). For SimCLR, LCL can be calculated as:

LCL=−
1

K ·B
K∑

k=1

B∑

b=1

log
esim(Hk

b ,H
0
b )/τ

∑B
i=1 e

sim(Hk
i ,H

0
b )/τ

(7)

where τ is a temperature parameter.
Following Gunel et al. (2021), we take the first

token representation hkb ∈ Rd of Hk
b to calculate

the similarity between Hk
i and H0

j as follows.

sim(Hk
i , H

0
j ) =

hki
||hki ||2

·
h0j
||h0j ||2

(8)
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SimSiam is similar to SimCLR except without
using negative pairs and has a negative loss value.
To be consistent with LMLM and LCL, we define
the loss function of SimSiam as follows:

LCL=
1

K ·B
K∑

k=1

B∑

b=1

e−
1
2
(D(zkb ,h

0
b)+D(z0b ,h

k
b )) (9)

where zkb and D(z, h) are defined as:

zkb =W2 · gelu(W1 · hkb ) (10)

D(z, h) = sim(z, stopgrad(h)). (11)

Here, W1,W2 ∈ Rd×d are learnable parameters,
sim(·) is similar to Equation 8, and Stopgrad(·)
is a stop-gradient operation which is crucial for
SimSiam (Chen and He, 2020).

Finally, we combine LMLM and LCL for con-
trastive masking language modeling:

LCMLM = LMLM + α · LCL (12)

where α is a tunable hyper-parameter.

3.4 Relationship to Existing Approaches

Among existing approaches, the closest one to ours
is CSSL Pre-training (Fang and Xie, 2020). We
can implement CSSL Pre-training by slightly mod-
ifying Equation 3 and 12 to following ones:

T kb = back(Tb), k ∈ [0, 1] (13)

LCSSL = LCL (14)

where back(T ) means back-translation of T . And
other equations stay the same. By comparing these
equations, we note that CMLM can be considered
as: (1) replacing back-translation with CRM, which
not only reduces the computational cost but also
prevents the model from depending on the trans-
lation systems; (2) adding LMLM to implement
token-level contrastive learning, which is shown to
be crucial in Section 5.2; (3) easily extending one
pair of positive samples to K pairs, which can be
attributed to the nature of random masking.

As for the loss term, both Giorgi et al. (2020) and
Wu et al. (2020) use similar terms to ours for pre-
training: Ltotal = LMLM + LCL, where LMLM

captures token-level similarity and LCL captures
sequence-level similarity. The main difference be-
tween these methods and ours is that we use differ-
ently masked sequences from the same sequence
as a positive pair, while Giorgi et al. (2020) use
position-related segments (overlapping, adjacent or
subsumed) and Wu et al. (2020) use sequences by
different deformations as the positive pair.

4 Experiment

4.1 Tasks: GLUE
We evaluate our model on the GLUE benchmark
(Wang et al., 2018), which contains 9 natural lan-
guage understanding tasks that can be divided
into three categories: (1) single sentence tasks:
CoLA and SST-2; (2) similarity and paraphrase
tasks: MRPC, QQP, and STS-B; (3) inference tasks:
MNLI, QNLI, RTE, and WNLI. All of them are
classification tasks except STS-B, so we eliminate
it to focus on the classification tasks. WNLI has
a small development set (70 examples) and is also
ignored. MNLI contains two evaluation sets. One,
denoted as MNLI, is from the same sources as the
training set, and the other, denoted as MNLI-MM,
is from different sources than the training set.

To simulate few-shot scenes of different degrees,
we randomly select 20, 100, and 1000 examples
respectively from these tasks as our training sets
following recent work (Gunel et al., 2021). For
each subset in each task, we sample 5 times with
replacement and obtain 15 training sets for each
task. As for the development set and test set, we
randomly select 500 examples from the original de-
velopment set as our development set and take the
remaining as our test set. Since QQP contains too
many examples (40k) in the original development
set, we randomly select 2000 from the remaining
examples after sampling our development set as
our test set. Note that all the 15 training sets in
each task share the same development and test sets.

4.2 Model: RoBERTa

As mentioned above, we take RoBERTa to imple-
ment our encoder in Equation 5. The base version
of RoBERTa, Roberta-base, which contains 12
Transformer blocks with 12 self-attention heads,
is employed. All the blocks have the same hidden
size 768. The input sequence is either a segment or
two segments separated by a special token “[\s]”,
while “[s]” is always the first token. We take the
implementation and pre-trained weights from Hug-
gingface Transformers library (Wolf et al., 2020).

4.3 Training Details

For the fine-tuning of all approaches to be reported
below, unless otherwise specified, we use AdamW
(Loshchilov and Hutter, 2019) with a learning rate
of 1e-5 and epochs of 350, 100, 10 for subsets
sized 20, 100, 1000, respectively. This setting is
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CoLA SST-2 MNLI MNLI-MM QNLI RTE MRPC QQP
Metric mcc acc acc acc acc acc acc acc

data size = 20
FT 0.0751±6.26 0.6604±6.38 0.3578±1.70 0.3652±1.96 0.6163±3.46 0.5281±4.07 0.6747±2.23 0.6777±3.67
SCL 0.1105±8.30 0.6964±6.24 0.3684±2.85 0.3751±3.41 0.6191±3.55 0.5082±7.75 0.6631±1.15 0.6947±2.35
CSSL 0.0795±4.13 0.6609±5.98 0.3640±2.06 0.3686±2.69 0.6064±3.26 0.5264±7.10 0.6638±1.64 0.6514±2.99
TAPT 0.0860±7.64 0.7326±4.99 0.3616±2.12 0.3689±2.40 0.6146±3.60 0.5437±5.06 0.6552±1.64 0.6584±3.33
CMLM (ours) 0.0902±8.65 0.7371±5.64 0.3633±2.15 0.3701±2.57 0.6231±3.60 0.5437±4.57 0.6586±1.41 0.6541±3.89

data size = 100
FT 0.2176±7.78 0.8405±2.71 0.4361±2.50 0.4526±2.94 0.6820±2.56 0.5879±4.82 0.7099±1.72 0.7511±1.72
SCL 0.2467±5.46 0.8455±1.38 0.4499±3.30 0.4627±3.84 0.6765±2.47 0.5835±6.41 0.7063±1.45 0.7461±1.63
CSSL 0.1719±7.90 0.8401±1.71 0.4185±2.98 0.4298±3.55 0.6701±1.89 0.5532±5.10 0.7038±1.58 0.7274±1.85
TAPT 0.2626±6.03 0.8496±2.52 0.4508±2.60 0.4682±2.80 0.6970±1.63 0.6095±6.60 0.6987±1.77 0.7429±2.13
CMLM (ours) 0.2663±6.97 0.8525±1.95 0.4530±2.75 0.4683±3.00 0.6980±1.67 0.6147±6.36 0.6933±1.90 0.7479±2.16

data size = 1000
FT 0.4216±3.13 0.8996±0.97 0.7048±1.19 0.7168±1.17 0.7681±1.07 0.7472±2.50 0.8223±1.22 0.7934±0.90
SCL 0.2758±11.94 0.8991±1.04 0.5020±3.81 0.5089±4.09 0.7449±1.22 0.7100±5.44 0.7157±6.83 0.7853±0.77
CSSL 0.4069±3.53 0.8993±1.38 0.6900±1.37 0.7048±1.39 0.7760±0.97 0.7082±5.30 0.8261±1.70 0.7881±1.00
TAPT 0.4362±3.46 0.9016±0.70 0.7074±1.79 0.7203±1.68 0.7689±0.72 0.7524±4.06 0.8214±1.14 0.7890±0.82
CMLM (ours) 0.4374±2.06 0.9023±0.88 0.7110±2.00 0.7247±1.84 0.7719±0.91 0.7610±3.28 0.8223±0.82 0.7891±0.90

Table 1: Results on the GLUE benchmark with 20, 100 and 1000 training examples, respectively, and compared
with baseline (FT: (Liu et al., 2019b)) and several recent post-training or contrastive learning methods (SCL (Gunel
et al., 2021), CSSL (Fang and Xie, 2020), TAPT (Gururangan et al., 2020)). Unit of standard deviation is 10−2.

based on previous empirical results (Zhang et al.,
2021; Mosbach et al., 2021), which show that fine-
tuning with a small learning rate and more epochs
stabilizes the performance of a model in few-shot
scenes. We set the batch size to 16 and dropout
rate to 0.1, and save model parameters every 100
update steps and pick the best based on validation.

For post-training of CMLM, we apply AdamW
with a learning rate of 1e-5 and epochs of 200, 50,
5 for subsets sized 20, 100, 1000, respectively. For
a fair comparison with other approaches, we set K
in Equation 3 to 1 and the batch size to 8, where the
maximum GPU memory usage is approximately
equal to that of fine-tuning. For the implementation
of LCL, we choose SimSiam for it consumes less
computation. For pm in Equation 1, we follow (Liu
et al., 2019b) and set it to 0.15. We conduct a
grid-based search for hyper-parameters with α ∈
{0.01, 0.1, 0.3, 0.5, 0.7, 1} (Equation 12) and pc ∈
{0.1, 0.3, 0.5, 0.7, 0.9} (Equation 2), and find that
the combination of α = 0.5 and pc = 0.7 performs
the best on the development set.

For the baselines to be introduced below, we fol-
low the same fine-tuning and post-training settings
as our CMLM, with only several method-specific
hyper-parameters unchanged.

4.4 Baseline Approaches

As mentioned in Section 2.2 and 2.3, there have
been works trying to add extra loss terms in fine-
tuning or to insert a post-training phase in be-
tween pre-training and fine-tuning. To make a com-

prehensive comparison, we employ the follow-
ing approaches as our baselines: (1) fine-tuning
(FT) (Liu et al., 2019b), which directly fine-tunes
a model with cross-entropy loss; (2) fine-tuning
with SCL (SCL) (Gunel et al., 2021), which fine-
tunes a model with cross-entropy loss and super-
vised contrastive loss; (3) post-training with CSSL
(CSSL) (Fang and Xie, 2020), which post-trains
a model with contrastive self-supervised learning
loss; (4) post-training with MLM (TAPT) (Gururan-
gan et al., 2020), which post-trains a model with
MLM loss and is equal to CMLM when α = 0.
Comparing with recent works (Fang and Xie, 2020;
Gunel et al., 2021) that take only the conventional
either BERT or RoBERTa as their baseline, we
consider a few more baselines to obtain more con-
clusive results.

4.5 Evaluation Details

In few-shot scenes, the distribution of the training
set may deviate from the test set seriously. Gunel
et al. (2021) pick the top-3 results from all combi-
nations of training sets and model seeds for each
task. Differently, for each data size of 20, 100, and
1000 described in Section 4.1, we train our model
with random seeds {31, 42, 53} for the 5 training
subsets, and calculate the mean and standard devia-
tion of the 15 test results. We assume this is a better
way to evaluate the overall effect of our model.

4.6 Few-Shot Results

In Table 1, we report our few-shot results on the
GLUE tasks with 20, 100, and 1000 training exam-
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ples, respectively. Five observations can be made
from the table. First, CMLM obtains superior per-
formance on the datasets with 100 and 1000 ex-
amples, surpassing the baselines in 13 of 16 tasks.
Since we use the same hyper-parameters for these
approaches and report the average results over 3
random seeds and 5 randomly sampled training
sets, these results are convincing. Second, on the
dataset with 20 training examples, CMLM only sur-
passes the other approaches in 3 of 8 tasks. Train-
ing a model with only 20 examples is very unstable,
and the test results of the baseline approaches in-
deed show large deviations across different training
sets. Third, we find that post-training with only
LMLM (Xu et al., 2019; Gururangan et al., 2020)
can achieve competitive results with the baselines,
showing the effectiveness of this widely-used ap-
proach. Fourth, SCL (Gunel et al., 2021) has ex-
tremely poor performance on CoLA, MNLI, and
MRPC when the data size is 1000, which is be-
yond our expectation. In the original paper, the
authors of SCL only report the top-3 results from
combinations of model seeds and train sets. So we
speculate this under-performance might come from
the instability of SCL in few-shot settings. Fifth,
CSSL (Fang and Xie, 2020) performs even worse
than FT when the data size is either 20 or 100 but
achieves competitive results when the data size is
1000. CSSL is designed for full-size GLUE tasks
and might not be suitable for the few-shot scenes.

4.7 Full-Size Results

To verify whether post-training with CMLM can
still achieve desirable results when sufficient la-
beled examples are available, we conduct exper-
iments on the RTE (2.5k), MRPC (3.7k), CoLA
(8.5k), SST-2 (67k), and QNLI (106k) tasks with
their full-size training sets. We set the learning rate
to 3e-5 for both post-training and fine-tuning and
set the epoch to 3. Other hyper-parameters remain
the same as in Section 4.3. Experiment results
are shown in Table 2, from which we can note that
CMLM maintains its superiority on RTE and CoLA
but fails on MRPC, SST-2, and QNLI. TAPT per-
forms better on tasks with more training examples,
which can be explained by the better generalizabil-
ity of token-level representation, though it demands
more training steps to learn well. Note that CMLM
is specifically proposed for few-shot settings, so
the experiments in the full-size setting are only to
evaluate it from different perspectives and make a
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Figure 3: Results of our model on development sets
with increasing numbers of unlabeled examples.

comprehensive comparison with baselines.

RTE MRPC CoLA SST-2 QNLI
metric acc acc mcc acc acc
data-size 2.5k 3.7k 8.5k 67k 106k
FT 0.7403 0.8623 0.5552 0.9319 0.9043
SCL 0.6753 0.7393 0.5329 0.9373 0.9002
CSSL 0.6623 0.8713 0.5217 0.9310 0.8904
TAPT 0.7403 0.8541 0.5519 0.9355 0.9063
CMLM (ours) 0.7446 0.8574 0.5714 0.9310 0.9039

Table 2: Results on the RTE, MRPC, CoLA, SST-2
and QNLI tasks with full-size training sets, and average
results over 3 random seeds are reported.

4.8 Additional Unlabeled Examples

We consider the scene where additional unlabeled
task examples are provided. We evaluate CMLM
on CoLA, SST-2, QNLI, and MRPC with 100 la-
beled examples for fine-tuning and increase unla-
beled examples from 100 to 2500 for post-training.
We depict the results on the development sets in
Figure 3, from which two observations can be made.
First, the performance generally increases with the
number of unlabeled examples grows, showing the
helpfulness of unlabeled task examples, which is
also confirmed by Gururangan et al. (2020). Sec-
ond, there are certain fluctuations in the results. We
assume they come from the random nature of these
additional unlabeled examples, which are sampled
from a much larger training set and might severely
deviate from the original training set. Moreover, we
should acknowledge that adding more unlabeled ex-
amples in post-training gains limited improvement
compared with adding more labeled examples in
fine-tuning. Labeled examples are more treasurable
in classification learning.
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Figure 4: Results of our model on development sets
while the parameter K changes.

4.9 Hyper-parameter K

We evaluate whether increasing K (in Equation 7)
can lead to improvement of our model in the few-
shot setting. We evaluate CMLM on the CoLA,
SST-2, QNLI, and MRPC tasks with 100 training
examples by increasing K, and the results are de-
picted in Figure 4. Similar to increasing unlabeled
examples, the performance slightly improves on the
5 tasks but has some fluctuations, which is within
our expectation. Intuitively, exposing the model
to different forms of masked sequences can better
reflect the distribution of examples sampled from a
large training set, but cannot narrow the deviation
between these examples and the original train set.

5 Ablation Studies

5.1 SimCLR vs SimSiam

As described above, LCL can be implemented by
either Equation 7 or Equation 10, although we im-
plement the latter to conduct the above experiments
for its less computational cost. According to Chen
and He (2020), SimSiam performs better than Sim-
CLR on ImageNet (Deng et al., 2009). It is thus
interesting to verify whether the same holds in our
situation. We compare SimSiam (CMLM) and Sim-
CLR (w/ SimCLR) on SST-2, CoLA, QNLI and
RTE, and the results are reported in Table 3. From
the results, we cannot easily conclude which one
is better due to their comparable performances, yet
further investigation is beyond the scope of this
paper. However, we prefer SimSiam due to it con-
sumes less computation and is easier to implement.

SST-2 CoLA QNLI RTE
Metric acc mcc acc acc

data size = 100
CMLM 0.8525 0.2663 0.6980 0.6147
w/ SimCLR 0.8586 0.2511 0.6885 0.6355
w/o CL 0.8496 0.2626 0.6980 0.6095
w/o MLM 0.8280 0.2492 0.6873 0.5913
w/o CRM 0.8511 0.2621 0.6920 0.6242

data size = 1000
CMLM 0.9023 0.4374 0.7719 0.7610
w/ SimCLR 0.9041 0.4446 0.7696 0.7732
w/o CL 0.9016 0.4362 0.7689 0.7524
w/o MLM 0.8927 0.3983 0.7623 0.7039
w/o CRM 0.9013 0.4434 0.7698 0.7654

Table 3: Results of ablation study for CMLM. w/ Sim-
CLR means replacing SimSiam with SimCLR, w/o CL
and w/o MLM mean removing LCL and LMLM terms
from LCMLM , respectively, and w/o CRM means re-
placing CRM with dynamic random masking (DRM).

5.2 Are MLM & CL Critical for CMLM?

One of the improvements of CMLM over previ-
ous works is combining LMLM and LCL to im-
plement both token-level and sequence-level con-
trastive learnings. Here, we verify how the bi-
granularity contrastive learnings contribute to the
performance differently. We remove LMLM and
LCL alternatively from LCMLM and evaluate the
resulting model on SST-2, CoLA, QNLI, and RTE
with 100 and 1000 training examples, respectively.
The results are reported in Table 3. As we can
see, the results suffer severe deterioration by up to
7.5% after removing LMLM , while removing LCL
only leads to a drop by up to 1.4%. Although both
LMLM and LCL contribute to the improvement of
CMLM, MLM tends to play a more essential role.

5.3 Complementary Random Masking vs
Dynamic Random Masking

We propose a complementary random masking
(CRM) strategy to generate complementary masked
sequences T k, k ∈ [1,K], based on T 0, which is
generated by dynamic random masking (DRM).
Here, we verify whether this complementary na-
ture of T k benefits contrastive learning. We re-
place CRM in Equation 3 by DRM, and conduct
experiments on SST-2, CoLA, QNLI and RTE with
100 and 1000 training examples, respectively. As
shown in Table 3, CRM still surpasses DRM on
all 8 tasks, with improvement by up to 1.6%. The
superiority of CRM mainly comes from fact that it
avoids tokens to be masked in both T 0 and T k.
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6 Conclusion

In this paper, we proposed a novel post-training ob-
jective, CMLM, for pre-trained language models in
downstream few-shot scenes. CMLM attempts to
combine both token-level and sequence-level con-
trastive learnings for more efficient domain transfer
during post-training. For sentence-level contrastive
learning, we developed a random masking strat-
egy, CRM, to generate a pair of complementary
masked sequences for an input sequence. Empiri-
cal results show that post-training with our CMLM
outperforms other recent approaches on the GLUE
tasks with 100 and 1000 labeled training examples,
respectively. We also conducted extensive abla-
tion studies and showed that both token-level and
sequence-level contrastive learnings contribute to
the results of CMLM, and that CRM achieves favor-
able sequence-level contrastive learning over the
previous masking strategy. In future work, we will
further investigate how token-level and sequence-
level contrastive learnings affect domain transfer in
post-training and explore more effective methods
for sequence-level contrastive learning.
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Abstract
With pre-trained models, such as BERT, gain-
ing more and more attention, plenty of re-
search has been done to further promote their
capabilities, from enhancing the experimental
procedures (Sun et al., 2019) to improving the
mathematical principles. In this paper, we pro-
pose a concise method for improving BERT’s
performance in text classification by utilizing
a label embedding technique while keeping al-
most the same computational cost. Experimen-
tal results on six text classification benchmark
datasets demonstrate its effectiveness.

1 Introduction

Text classification is a classic problem in natural
language processing (NLP). The task is to anno-
tate a predefined class or classes to a given text,
where text representation is an important interme-
diate step.

A variety of neural models have been developed
to learn better text representations, including con-
volution models (Kim, 2014; Kalchbrenner et al.,
2014; Zhang et al., 2015; Conneau et al., 2017;
Johnson and Zhang, 2017; Zhang et al., 2017; Shen
et al., 2018), recurrent models (Liu et al., 2016;
Yogatama et al., 2017; Seo et al., 2017; Wang et al.,
2018b), and attention mechanisms (Yang et al.,
2016; Lin et al., 2017).

Pre-trained models have also been greatly bene-
ficial in text classification in that they help stream-
line the training process by avoiding a start from
zero (Stein et al., 2019; Wang et al., 2017; Jiang
et al., 2019). One group of approaches has focused
on word embeddings, such as word2vec (Mikolov
et al., 2013) and GloVe (Pennington et al., 2014);
another has focused on contextualized word em-
beddings, from CoVe (McCann et al., 2017) to
ELMo (Peters et al., 2018), OpenAI GPT (Radford
et al., 2018), ULMFiT (Howard and Ruder, 2018),
and BERT (Devlin et al., 2019).

BERT has achieved particularly impressive per-
formances across a variety of NLP tasks. With
its success, models pre-trained on a large amount
of data, such as ERNIE (Zhang et al., 2019),
RoBERTa (Liu et al., 2019), UniLM (Dong et al.,
2019), and XLnet (Yang et al., 2019), have become
popular thanks to their ability in learning contex-
tualized representations. These models are based
on the multi-layered bidirectional attention mecha-
nism (Vaswani et al., 2017) and are trained through
the masked word prediction task, which are two of
the main components of BERT. Continuing to in-
vestigate the potential of BERT remains important,
since the findings can help with the investigation
of variants of BERT as well.

In this work, we propose a simple but effective
method to improve BERT’s performance in text
classification. We enhance the contextual represen-
tation learning through encoding the texts of class
labels (e.g. “world”, “sports”, “business”, and “sci-
ence technology” in the AGNews dataset) along
with the documents, without changing the original
encoder structure. Our main contributions are as
follows.

• The embeddings of both texts and labels are
jointly learned from the same latent space, and
so no further intermediate steps are needed.

• Our implementation takes more thorough and
efficient advantage of BERT’s inherent self-
attention for the interaction between the label
embeddings and text embeddings, without in-
troducing other mechanisms.

• Since only the original structure of BERT
is required, our method barely increases the
amount of computation.

• Extensive results on six benchmark datasets
reveal that our method taps into the deeper
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potential of BERT, leading to optimism that
BERT can be further improved for text classi-
fication as well as other downstream tasks.

2 Related Work

Apart from the pre-trained models for learning
general language representations mentioned above,
some studies have focused specifically on lever-
aging the representations of classes or the higher
level global information. Examples include t-
BERT (Peinelt et al., 2020), which combines topic
models with BERT for pairwise semantic similarity
detection, and LCM (Guo et al., 2020), which gen-
erates an enhancement distribution to the one-hot
vector representing the classes by calculating the
similarity between instances and labels to improve
the classification performance.

Moreover, the label embedding has increasingly
taken a leading role in related research. It is a
technique in which the contents of labels are also
embedded, so that the model can be trained to deal
with the label information and input features at the
same time. It is proven to be effective in various do-
mains including image classification (Akata et al.,
2015), multi-modal learning between images and
texts (Frome et al., 2013; Kiros et al., 2014), text
recognition in images (Rodriguez-Serrano et al.,
2013), and zero-shot learning (Palatucci et al.,
2009; Yogatama et al., 2015; Li et al., 2015; Ma
et al., 2016).

Notably, in the field of text classification, Zhang
et al. (2018) converted the task into a vector-
matching problem, while Yang et al. (2018) uti-
lized a sequence generation framework for cap-
turing the correlation between labels. Wang et al.
(2018a) proposed the label embedding attentive
model (LEAM), an attention-based framework that
jointly learns the embeddings of words and labels
from a shared latent space. Inspired by LEAM, Si
et al. (2020) developed LESA-BERT, where label
embeddings are incorporated into self-attention by
modifying attention scores. Our approach differs
from them in that it can consider bidirectional atten-
tion between both label and document embeddings
in BERT without changing its attention process.

3 Method

3.1 Fusing Label Embedding into BERT

Figure 1 shows the network structure of our model.
Inspired by the sentence pair input configuration of

Figure 1: Structure of proposed method.

BERT, we concatenate texts of labels and an origi-
nal document to be classified with a [SEP] token as
an input, and use different segment embeddings for
the label texts and the document text. The actual
label texts are listed in Appendix A.

We denote the document tokens as Di and their
corresponding token embeddings as EDi . Hence,
DK refers to the last token of the input document,
where K is the number of words in the document.
Let Lj be the label texts of the j-th class of the
total C classes. Since Lj may consist of several
subwords, we calculate ELj , the embedding of Lj ,
by averaging the token embeddings of all subwords
in Lj . In this way, the length of the label sentence
is equal to C, and ELj can be encoded together
with EDi through self-attention. We denote this
method as w/ [SEP].

Then, following the same process as the original
BERT, we apply a linear layer with the Tanh acti-
vation function to the last layer of the hidden-state
at the [CLS] token, T[CLS], for making the input of
the softmax layer. We use cross-entropy loss for
the training.

In addition to the paired input, we examine an-
other setting that concatenates label texts and a
document text without utilizing [SEP] or discrimi-
nating their segment embeddings. The procedure
of computing the token embeddings stays consis-
tent with the paired input setting. We denote this
method as w/o [SEP].

3.2 Further Enhancement Using tf-idf

In addition to encoding the original texts of labels
into BERT with the document, we experiment with
selecting more words as representatives for each
class, which expands the number of tokens in Lj .
We investigate whether this enhancement can fur-
ther improve the performance of our models. After
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tokenizing all the documents under one class in
the training set by using the Bert Tokenizer based
on WordPiece (Wu et al., 2016), we calculate the
average tf-idf score of each subword and add the
top 5, 10, 15, or 20 as the supplemental label texts
to the corresponding class.

4 Experiments

4.1 Datasets
To evaluate the effectiveness of our method, we
performed experiments on six benchmark datasets.
As the original benchmarks do not include the de-
velopment set, we randomly created it from the
training set (after removing duplicate samples) for
each dataset in accordance with the class distribu-
tion of the original test set.

We introduce the original size of each dataset
below; see Table 1 for detailed statistics of our
training, development, and test sets. Except for
IMDb, all the datasets we used were originally
constructed by Zhang et al. (2015).

• AGNews A news article dataset with titles
and descriptions, containing 120,000 training
samples and 7600 for testing. Four classes
are included: World, Sports, Business, and
Science & Technology.

• DBPedia An ontology classification over 14
classes, containing 560,000 samples for train-
ing and 70,000 for testing.

• Yahoo! Answers Topic A dataset containing
1,400,000 training samples and 60,000 testing
samples with ten categories. Each sample
includes the question title, question content,
and best answer.

• IMDb (Maas et al., 2011) A binary sentiment
classification dataset containing 25,000 highly
polar movie reviews for training, and 25,000
for testing. Since its training and test sets are
originally of the same size, we merged them
together and randomly split it into approxi-
mately 8:1:1 for training, development, and
testing.

• Yelp Review Full A dataset extracted from
Yelp Dataset Challenge 2015 data by ran-
domly taking 130,000 training samples and
10,000 testing samples for each starred review
from 1 to 5. In total, there are 650,000 training
samples and 50,000 testing samples.

• Yelp Review Polarity A dataset also ex-
tracted from Yelp Dataset Challenge 2015
data but coarsely divided into two classes, con-
sidering 1 and 2 stars as negative, and 4 and 5
as positive. In total, there are 560,000 training
samples and 38,000 testing samples.

4.2 Settings

For both the baselines (BERT and LESA-BERT)
and our proposed methods, we used the pre-trained
uncased BERT-base model (Wolf et al., 2019),
which consists of 12 Transformer blocks (Vaswani
et al., 2017) with 12 self-attention heads and the
hidden size of 768. We set the learning rate to
2e-5 and the batch size to 24. The drop-out prob-
ability was kept at 0.1. For optimization, we used
AdamW (Loshchilov and Hutter, 2018) with ep-
silon of 1e-8.

The models were trained for five epochs for each
benchmark. At the end of each epoch, they were
evaluated on the development set, and the ones
with the highest accuracy were saved. We report
those models’ performance on the test set. The
training was done for AGNews and DBPedia on
2080Ti and for the rest on Titan RTX. See Table
1 for the maximum sentence length and warm-up
steps we assigned for each dataset. We decided the
max length based on the average length statistics
from Sun et al. (2019) to fully utilize the GPU
memory.

Note that we used adjectives “bad, poor, fair,
good, excellent”, representing the number of stars,
instead of numbers 1 to 5 for the basic label texts
in the Yelp Review Full dataset, since numbers are
used in various unrelated contexts, that may lead to
ambiguity.

We fixed the number of top-ranked subwords
added for each method on each dataset on the de-
velopment set. For example, Table 3 shows the
averaged results on the AGNews development set
for the three methods with top-5, 10, 15, and 20
words added. LESA-BERT (Si et al., 2020), w/
[SEP], and w/o [SEP] all reach the highest accu-
racy when five words were added, and so this was
their final configuration when tested. The compara-
tive experiments were also conducted on the other
five datasets (see Appendix B for details).

4.3 Experimental Results

In Table 2, we report the average performance with
three different random seeds (see Appendix B for
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Dataset Classes Type Train Dev. Test
Max

length
Warm-up

steps
AGNews 4 Topic 112,312 7,600 7,600 230 1,000
DBPedia 14 Topic 489,630 70,000 70,000 230 4,300

Yahoo 10 Topic 1,339,933 60,000 60,000 480 11,900
IMDb 2 Sentiment 39,576 4,800 4,800 480 350
Yelp F. 5 Sentiment 599,960 50,000 50,000 480 5,300
Yelp. P 2 Sentiment 521,985 38,000 38,000 480 4,600

Table 1: Statistics of six benchmarks. In each dataset, the development set is of the same size and class distribution
as the test set. Max length indicates the text length without label sentences: the total sentence length for w/ [SEP]
would be Max Length + C + 1, where C denotes the number of classes. As for w/o [SEP], the length would be
Max Length + C.

Model AGNews DBPedia Yahoo IMDb Yelp F. Yelp P.
BERT 94.456 99.123 75.534 94.667 68.334 97.071
LESA-BERT� 94.522 99.164 75.431 94.743 68.411 97.083
Ours w/ [SEP] 94.557 99.147 75.484 94.931 68.605 97.106
Ours w/o [SEP] 94.653 99.177* 75.494 94.875 68.651* 97.155
LESA-BERT� + tf-idf 94.561*(+5) 99.127 (+10) 75.557 (+15) 94.757 (+20) 68.245 (+10) 97.078 (+15)
Ours w/ [SEP] + tf-idf 94.697*(+5) 99.141 (+10) 75.589 (+15) 94.917 (+ 5 ) 68.367 (+20) 97.165 (+15)
Ours w/o [SEP] + tf-idf 94.886*(+5) 99.139 (+20) 75.628 (+15) 94.938 (+15) 68.252 (+15) 97.176 (+15)

Table 2: Model accuracy on the test set, in percentage. �We ran LESA-BERT using the authors’ implementation.
+tf-idf means top-ranked subwords with average tf-idf scores are added for each class as supplemental label texts,
and (+k) denotes their number. Bold indicates the best score for each dataset. * means the difference from BERT
is statistically significant using paired-bootstrap-resampling test with p<0.05.

No. of words +5 +10 +15 +20
LESA-BERT 94.956 94.903 94.912 94.903
Ours w/ [SEP] 94.860 94.812 94.807 94.802
Ours w/o [SEP] 94.916 94.785 94.912 94.846

Table 3: Model performance on the AGNews develop-
ment set with different numbers of supplemental sub-
words added.

detailed results). We find that fusing only original
label texts either with or without [SEP] yielded an
improvement over the baselines, except on Yahoo.
We assume this is because the original labels are
not discriminative enough for big datasets, and so
they may corrupt the input rather than enhance it,
that leads to the degradation in accuracy.

However, when the top-ranked words were
added, the performance on Yahoo was boosted to
exceed the baselines. We notice this improvement,
caused by adding supplemental words, took place
on most benchmarks. Please note that the added
words can sometimes contribute to the performance
improvement even for the baseline, LESA-BERT.

On the other hand, the performances of all meth-
ods dropped drastically on Yelp F.. We assume this
is because the top-ranked subwords with averaged

tf-idf scores may not be a good representative for
the granularity and polarity of emotions, while they
can be powerful enough for distinguishing between
topics. The enhancement helped IMDb and Yelp
P. but not Yelp F., though all are benchmarks for
sentiment analysis. In contrast to IMDb and Yelp
P., which have only positive and negative labels,
Yelp F. has inherent labels, decided by contexts,
and so the effect of the tf-idf-based enhancement
might be restricted on Yelp F. because the tf-idf
score represents only the importance of the words.

Note that w/o [SEP] is better than w/ [SEP] in
most cases. The Next Sentence Prediction (NSP)
task, used in BERT to learn sentence-level repre-
sentations, concatenates two natural language sen-
tences with a [SEP] token. On the other hand, when
we concatenate a label sequence with an input doc-
ument, the [SEP] token combines a non-natural lan-
guage sequence with a natural language sentence.
This difference may have caused the skewness be-
tween pre-training and fine-tuning in BERT, lead-
ing to the performance degradation. Thus, simply
adding a label sequence as a prefix, as in the w/o
[SEP] method, which provides information gain,
could yield a more stabilized improvement.
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Figure 2: t-SNE visualization of TCLS vectors and av-
eraged TLj vectors over the Yelp F. test set.

Next, we used t-SNE (Maaten and Hinton, 2008)
to visualize the learned representations on a 2-
dimensional map, as shown in Figure 2. We visual-
ize the vectors learned from the w/o [SEP] model
for the Yelp F. test set. Each color represents a
different class. The point clouds are TCLS vec-
tors, and each point corresponds to a test sample.
The large dots with black circles are the averaged
vectors of TLj , which is the encoded embedding
of each label. Compared with the embedding of
[CLS], the label embeddings are more separated in
the vector space. This is presumably the reason that
the label embeddings can support classification.

5 Conclusion

We proposed a simple but effective method for fus-
ing label embeddings into BERT while utilizing
its inherent inputting structure and self-attention
mechanism, which leads to having significant im-
provements on benchmarks of relatively small and
medium sizes. The results from the experiments
adding subwords with top-ranked average tf-idf
scores as supplemental label texts demonstrated
that our method can generally improve the perfor-
mance as expected. As there may be more appro-
priate methods for constructing enhanced represen-
tations, we intend to explore this further in future
work. We will also examine different ways of un-
covering more potential of pre-trained attentional
models like BERT.
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towicz, et al. 2019. Huggingface’s transformers:
State-of-the-art natural language processing. arXiv
preprint arXiv:1910.03771.

Yonghui Wu, Mike Schuster, Zhifeng Chen, Quoc V
Le, Mohammad Norouzi, Wolfgang Macherey,
Maxim Krikun, Yuan Cao, Qin Gao, Klaus
Macherey, et al. 2016. Google’s neural machine
translation system: Bridging the gap between hu-
man and machine translation. arXiv preprint
arXiv:1609.08144.

Pengcheng Yang, Xu Sun, Wei Li, Shuming Ma, Wei
Wu, and Houfeng Wang. 2018. Sgm: sequence gen-
eration model for multi-label classification. arXiv
preprint arXiv:1806.04822.

Zhilin Yang, Zihang Dai, Yiming Yang, Jaime Car-
bonell, Russ R Salakhutdinov, and Quoc V Le. 2019.
Xlnet: Generalized autoregressive pretraining for
language understanding. In Advances in neural in-
formation processing systems, pages 5753–5763.

Zichao Yang, Diyi Yang, Chris Dyer, Xiaodong He,
Alex Smola, and Eduard Hovy. 2016. Hierarchi-
cal attention networks for document classification.
In Proceedings of the 2016 conference of the North
American chapter of the association for computa-
tional linguistics: human language technologies,
pages 1480–1489.

Dani Yogatama, Chris Dyer, Wang Ling, and Phil Blun-
som. 2017. Generative and discriminative text clas-
sification with recurrent neural networks. arXiv
preprint arXiv:1703.01898.

Dani Yogatama, Dan Gillick, and Nevena Lazic. 2015.
Embedding methods for fine grained entity type clas-
sification. In Proceedings of the 53rd Annual Meet-
ing of the Association for Computational Linguistics
and the 7th International Joint Conference on Natu-
ral Language Processing (Volume 2: Short Papers),
pages 291–296.

Honglun Zhang, Liqiang Xiao, Wenqing Chen,
Yongkun Wang, and Yaohui Jin. 2018. Multi-task
label embedding for text classification. In Proceed-
ings of the 2018 Conference on Empirical Methods
in Natural Language Processing, pages 4545–4553,
Brussels, Belgium. Association for Computational
Linguistics.

Xiang Zhang, Junbo Zhao, and Yann LeCun. 2015.
Character-level convolutional networks for text clas-
sification. Advances in neural information process-
ing systems, 28:649–657.

Yizhe Zhang, Dinghan Shen, Guoyin Wang, Zhe Gan,
Ricardo Henao, and Lawrence Carin. 2017. Decon-
volutional paragraph representation learning. In Ad-
vances in Neural Information Processing Systems,
pages 4169–4179.

Zhengyan Zhang, Xu Han, Zhiyuan Liu, Xin Jiang,
Maosong Sun, and Qun Liu. 2019. ERNIE: En-
hanced language representation with informative en-
tities. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguis-
tics, pages 1441–1451, Florence, Italy. Association
for Computational Linguistics.

Appendix

A. Original Label Texts

See Table 4 for the basic label texts for each dataset.
Except for Yelp F., all the texts are provided by the
original constructors of the datasets.

B. Detailed Experimental Results

Tables 5 - 15 are the averaged development and
detailed test results for each dataset, respectively.
Bold indicates the best score for each model on the
devlopment set and among the models on the test
set. * means the difference from BERT is statisti-
cally significant using paired-bootstrap-resampling
test with p<0.05.
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Dataset Classes Label Texts

AGNews 4
world, sports, business,
science technology

DBPedia 14

company, educational institution,
artist, athlete, office holder,
mean of transportation, building,
natural place, village, animal,
plant, album, film, written work

Yahoo 10

society culture,
science mathematics,
health, education reference,
computers internet, sports,
business finance,
entertainment music,
family relationships,
politics government

IMDb 2 negative, positive
Yelp F. 5 bad, poor, fair, good, excellent
Yelp P. 2 negative, positive

Table 4: Basic label texts of the six benchmarks.

AGNews seed 1 seed 2 seed 3 Mean
BERT 94.592 94.421 94.355 94.456
LESA-BERT� 94.671 94.382 94.513 94.522
Ours w/ [SEP] 94.605 94.474 94.592 94.557
Ours w/o [SEP] 94.697 94.645 94.618 94.653
LESA-BERT� + 5 94.487 94.605 94.592 94.561
Ours w/ [SEP] + 5 94.947* 94.658 94.487 94.697
Ours w/o [SEP] + 5 94.776 94.921* 94.961* 94.886*

Table 5: Test results of AGNews.

No. of words +5 +10 +15 +20
LESA-BERT� 99.083 99.098 99.086 99.092
Ours w/ [SEP] 99.082 99.091 99.085 99.081
Ours w/o [SEP] 99.090 99.081 99.092 99.094

Table 6: Averaged dev. results of DBPedia.

DBPedia seed 1 seed 2 seed 3 Mean
BERT 99.136 99.116 99.117 99.123
LESA-BERT� 99.144 99.184* 99.164* 99.164
Ours w/ [SEP] 99.149 99.133 99.159* 99.147
Ours w/o [SEP] 99.179 99.183* 99.170* 99.177*
LESA-BERT� + 10 99.114 99.127 99.139 99.127
Ours w/ [SEP] + 10 99.103 99.177* 99.144 99.141
Ours w/o [SEP] + 20 99.157 99.110 99.151* 99.139

Table 7: Test results of DBPedia.

No. of words +5 +10 +15 +20
LESA-BERT� 75.522 75.554 75.561 75.546
Ours w/ [SEP] 75.541 75.571 75.574 75.554
Ours w/o [SEP] 75.603 75.547 75.621 75.566

Table 8: Averaged dev. results of Yahoo.

Yahoo seed 1 seed 2 seed 3 Mean
BERT 75.637 75.397 75.568 75.534
LESA-BERT� 75.305 75.592* 75.397 75.431
Ours w/ [SEP] 75.470 75.552 75.430 75.484
Ours w/o [SEP] 75.482 75.543 75.458 75.494
LESA-BERT� + 15 75.717 75.478 75.477 75.557
Ours w/ [SEP] + 15 75.617 75.658* 75.492 75.589
Ours w/o [SEP] + 15 75.740 75.567* 75.576 75.628

Table 9: Test results of Yahoo.

No. of words +5 +10 +15 +20
LESA-BERT� 94.604 94.722 94.757 94.812
Ours w/ [SEP] 94.708 94.695 94.694 94.604
Ours w/o [SEP] 94.646 94.653 94.910 94.512

Table 10: Averaged dev. results of IMDb.

IMDb seed 1 seed 2 seed 3 Mean
BERT 94.708 94.438 94.854 94.667
LESA-BERT� 94.750 94.979* 94.500 94.743
Ours w/ [SEP] 94.583 95.292* 94.917 94.931
Ours w/o [SEP] 95.167* 94.646 94.813 94.875
LESA-BERT� + 20 94.813 94.771 94.688 94.757
Ours w/ [SEP] + 5 95.125* 94.917 94.708 94.917
Ours w/o [SEP] + 15 95.063 94.667 95.083 94.938

Table 11: Test results of IMDb.

No. of words +5 +10 +15 +20
LESA-BERT� 68.776 68.819 68.780 68.779
Ours w/ [SEP] 68.719 68.734 68.701 68.777
Ours w/o [SEP] 68.793 68.733 68.799 68.795

Table 12: Averaged dev. results of Yelp F.

Yelp F. seed 1 seed 2 seed 3 Mean
BERT 68.180 68.432 68.390 68.334
LESA-BERT� 68.570* 68.526 68.136 68.411
Ours w/ [SEP] 68.602* 68.600 68.612 68.605
Ours w/o [SEP] 68.638* 68.666 68.648* 68.651*
LESA-BERT� + 10 68.204 68.264 68.268 68.245
Ours w/ [SEP] + 20 68.300 68.392 68.408 68.367
Ours w/o [SEP] + 15 68.172 68.260 68.324 68.252

Table 13: Test results of Yelp F.

No. of words +5 +10 +15 +20
LESA-BERT� 97.157 97.164 97.191 97.169
Ours w/ [SEP] 97.143 97.181 97.193 97.169
Ours w/o [SEP] 97.168 97.151 97.228 97.181

Table 14: Averaged dev. results of Yelp P.

Yelp P. seed 1 seed 2 seed 3 Mean
BERT 97.084 97.037 97.092 97.071
LESA-BERT� 97.155 97.050 97.045 97.083
Ours w/ [SEP] 97.116 97.137 97.066 97.106
Ours w/o [SEP] 97.179 97.184* 97.103 97.155
LESA-BERT� + 15 97.082 97.129 97.024 97.078
Ours w/ [SEP] + 15 97.121 97.179* 97.195 97.165
Ours w/o [SEP] + 15 97.153 97.197* 97.179 97.176

Table 15: Test results of Yelp P.1750
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Abstract

A comprehensive knowledge graph (KG) con-
tains an instance-level entity graph and an
ontology-level concept graph. The two-view
KG provides a testbed for models to “simu-
late” human’s abilities on knowledge abstrac-
tion, concretization, and completion (KACC),
which are crucial for human to recognize the
world and manage learned knowledge. Ex-
isting studies mainly focus on partial aspects
of KACC. In order to promote thorough anal-
yses for KACC abilities of models, we pro-
pose a unified KG benchmark by improving
existing benchmarks in terms of dataset scale,
task coverage, and difficulty. Specifically,
we collect new datasets that contain larger
concept graphs, abundant cross-view links as
well as dense entity graphs. Based on the
datasets, we propose novel tasks such as multi-
hop knowledge abstraction (MKA), multi-hop
knowledge concretization (MKC) and then de-
sign a comprehensive benchmark. For MKA
and MKC tasks, we further annotate multi-hop
hierarchical triples as harder samples. The ex-
perimental results of existing methods demon-
strate the challenges of our benchmark. The re-
source is available at https://github.com/
thunlp/KACC.

1 Introduction

Large-scale knowledge graphs (KGs) like Wiki-
data (Vrandečić and Krötzsch, 2014), DBpe-
dia (Lehmann et al., 2015), and YAGO (Mahdis-
oltani et al., 2013) usually contain two subgraphs:
an instance-level entity graph and an ontology-
level concept graph. The entity graph (a.k.a. the
entity view) is composed of entities and relations.
It describes factual knowledge such as (Da Vinci,
paint, Mona Lisa). The concept graph (a.k.a.

∗ indicates equal contribution
† Corresponding author: Z.Liu(liuzy@tsinghua.edu.cn)
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Figure 1: An example of the entity-concept KG.

the concept view) contains concepts and concep-
tual relations. It provides abstract and common-
sense knowledge like (painter, create, paint-
ing). In this paper, we name this kind of two-view
KG as the entity-concept KG (EC-KG). In a EC-
KG, the relations can be grouped into three cate-
gories. The “subclassOf” relation forms hierar-
chical concept structures via triples like (painter,
subclassOf, artist). The “instanceOf” re-
lation groups entities into concepts, such as (Da
Vinci, instanceOf, painter). These two rela-
tions are important for testing models’ abilities on
knowledge abstraction and concretization. Other
relations are logical relations for testing models’
abilities on knowledge completion. An example
of the EC-KG is shown in Figure 1.

During the last decade, there are massive works
focusing on learning representations for KGs such
as TransE (Bordes et al., 2013), DistMult (Yang
et al., 2015), ComplEx (Trouillon et al., 2016), and
TuckER (Balažević et al., 2019). Though they have
achieved promising results on knowledge graph
completion, most of them focus on a single graph,
especially the entity graph.

Beyond modeling a single graph of KGs, recent
studies demonstrate that jointly modeling the two
graphs in the EC-KG can improve the understand-
ing of each one (Xie et al., 2016; Moon et al., 2017;
Lv et al., 2018; Hao et al., 2019). They also propose
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several tasks on the EC-KG, such as link predic-
tion and entity typing. These tasks focus on partial
aspects of knowledge abstraction, concretization,
and completion, which are essential abilities for
humans to recognize the world and acquire knowl-
edge. For example, in entity typing, a model may
link the entity “Da Vinci” to the concept “painter”
which reflects the model’s abstraction ability. How-
ever, little work has been devoted to unified bench-
marking and studies on KACC.

In this paper, we present a comprehensive bench-
mark for KACC by improving existing benchmarks
in dataset scale, task coverage, and difficulty.

Dataset scale. We have examined the EC-
KGs proposed by previous works such as Hao
et al. (2019). Due to the data distribution, the
concept graphs are small compared to the entity
graphs. Furthermore, the cross-links between the
two graphs are also sparse (refer to Section 4.3).
These may limit the knowledge transfer between
the two graphs. To tackle these problems, we
construct several different-scale datasets based on
Wikidata (Vrandečić and Krötzsch, 2014) with
careful filtering, annotation and refinement. As
Wikidata contains more fine-grained concepts, our
datasets have large concept graphs, abundant cross-
view links, as well as dense entity graphs.

Task coverage. Most previous works focus on
partial tasks of KACC. In our benchmark, we de-
fine the tasks more comprehensively and categorize
these tasks into three classes: knowledge abstrac-
tion, concretization, and completion.

Difficulty. We propose two new tasks, includ-
ing multi-hop knowledge abstraction and multi-
hop knowledge concretization, which require mod-
els to predict multi-hop “instanceOf” and
“subclassOf” triples that do not exist in KGs
but can be inferred via relation transitivity. These
tasks are meaningful and important since correctly
modeling these triples is necessary for models to
truly understand the concept hierarchy. To ensure
the quality of these tasks, we annotate correspond-
ing multi-hop datasets. Our experiments show that
these tasks are still challenging for existing models.

Based on our benchmark, we conduct extensive
experiments for existing baselines and provide thor-
ough analyses. The experiments show that while
the methods specifically designed for modeling hi-
erarchies perform better than general KGE models
on abstraction and concretization tasks, they are not
competitive to some general KGE models on logi-

cal relations. Moreover, all methods have drastic
performance degradation on multi-hop tasks, and
the knowledge transfer between the entity graph
and the concept graph is still obscure. Finally, we
present useful insights for future model design.

2 Related Work

2.1 Knowledge Graph Datasets

Existing datasets for knowledge graph completion
are usually subgraphs of large-scale KGs, such
as FB15K, FB15K-237, WN18, WN18RR and
CoDEx (Bordes et al., 2013; Toutanova et al., 2015;
Dettmers et al., 2018; Safavi and Koutra, 2020).
These datasets are all single-view KGs, in which
FB15K, FB15K-237, and CoDEx focus on the en-
tity view while WN18 and WN18RR can be re-
garded as concept view KGs. Several datasets try
to link the two views in different ways. Firstly,
some datasets provide additional type information
to the entity graph, such as FB15K+, FB15K-ET
and YAGO43K-ET (Xie et al., 2016; Moon et al.,
2017). Secondly, some datasets provide concept hi-
erarchies for the entity graph, such as Probase (Wu
et al., 2012) and YAGO39K (Lv et al., 2018). How-
ever, they do not provide the full concept graphs
with logical relations. Thirdly, some datasets pro-
vide the full concept graphs (Hao et al., 2019), but
both the scale and the depth of the concept hierar-
chy are limited. For example, the entity numbers
of DB111K-174 (Hao et al., 2019) and our dataset
KACC-M are similar, but KACC-M has 38 times
more concepts than DB111K-174 (see Table 1).

2.2 Knowledge Embedding Methods

Existing knowledge embedding (KE) methods can
be categorized as translation models (Bordes et al.,
2013; Wang et al., 2014; Lin et al., 2015; Ji et al.,
2015; Sun et al., 2019), tensor factorization based
models (Yang et al., 2015; Nickel et al., 2016;
Trouillon et al., 2016; Balažević et al., 2019), and
neural models (Socher et al., 2013; Dettmers et al.,
2018; Nguyen et al., 2018). These methods are
typically designed for single-view KGs. Although
they can be directly applied to EC-KGs by ignoring
different characteristics between entity graphs and
concept graphs, they cannot take full advantage of
the information in EC-KGs.

Several works (Krompaß et al., 2015; Xie et al.,
2016; Ma et al., 2017; Moon et al., 2017) incor-
porate the type information into KE methods to
help the completion of entity graphs. ETE (Moon
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et al., 2017) further conducts entity typing, which
can be seen as a simplified version of our knowl-
edge abstraction task. Though types of entities can
be seen as concepts, they omit the concept hierar-
chy and interactions (conceptual relations) between
concepts.

To jointly model the whole EC-KG, TransC (Lv
et al., 2018) adopts TransE as the entity graph
model and models concepts as spheres that enclos-
ing points of entities. However, it is not flexible
enough to model logical relations between con-
cepts. AttH (Chami et al., 2020) further combines
hyperbolic embedding methods with KGE methods
to simultaneously embed hierarchical and logical
relations. JOIE (Hao et al., 2019) uses different
training paradigms for training the entity graph, the
concept graph, and the cross-view links. It also
defines several meaningful tasks on the EC-KG.
In this paper, we extend these tasks with several
newly proposed tasks, then we categorize and for-
malize these tasks into a unified benchmark. We
also test several KE methods as mentioned above
using our benchmarks and analyze their advantages
and deficiencies in terms of handling these tasks.

3 Benchmark
In this section, we propose the KACC benchmark
with three tasks: knowledge abstraction, knowl-
edge concretization, and knowledge completion.

3.1 Formalizations
We first give formalizations of the EC-KG, then we
introduce multi-hop triples used in later tasks.

Formalizations of EC-KG. A EC-KG is a com-
prehensive KG, which contains two subgraphs and
the cross-view links. The entity graph GE =
{EE ,RE , TE} is composed of the entity set EE ,
relation set RE , and corresponding triple set
TE = {(hE , rE , tE) | hE , tE ∈ EE , rE ∈ RE},
where h, r, t represent head, relation, and tail of
a triple, respectively. The concept graph GC =
{EC ,RC , TC} contains the concept set EC , con-
ceptual relation set RC , and triple set TC . In
our settings, EE and EC are disjoint sets, while
RE and RC may contain some relations in com-
mon (see Section 4.3). The cross-view links
TS = {(hS , rins, tS)} connects the two sub-
graphs, where hS ∈ EE , tS ∈ EC , and rins is
the “instanceOf” relation. Therefore, the EC-
KG is G = {EEC ,REC , TEC}, where EEC =
EE ∪ EC , REC = RE ∪ RC ∪ {rins}, and
TEC = TE ∪ TC ∪ TS .

There are two special relations “instanceOf”
and “subclassOf” that are crucial for knowl-
edge abstraction and concretization. We use “ins”
and “sub” to denote them in the rest of our pa-
per, respectively. The corresponding triples are
Tins = TS and Tsub ⊂ TC . Other relations are
logical relations. Their corresponding triples in
concept graphs are TC(logic) = TC\Tsub and logi-
cal triples in the entity graphs are TE(logic) = TE .

Multi-hop Triples. Hierarchical relations like
“ins” and “sub” should preserve the multi-hop
transitivity, which can be explained by two rules:

(e,ins, c1)∧(c1,sub, c2) ∧ ...∧
(cN−1,sub, cN )⇒ (e,ins, cN ),

(1)

(c0,sub, c1)∧(c1,sub, c2) ∧ ...∧
(cN−1,sub, cN )⇒ (c0,sub, cN ),

(2)

in which {ci|i ≥ 1} are defined as the high-level
concept for e and c0. These two rules indicate
that an entity/concept always belongs to its high-
level concepts. With these rules, we can collect
multi-hop hierarchical triples like (e, ins, cN ) and
(c0, sub, cN ) from the train data and use them
as harder samples for knowledge abstraction and
concretization testing. Corresponding datasets of
multi-hop hierarchical triples are denoted as TM-Ins
and TM-Sub.

3.2 Knowledge Abstraction

This task contains tail prediction tasks for one-hop
and multi-hop “ins” and “sub” triples. We use
KA (knowledge abstraction) and MKA (multi-hop
knowledge abstraction) to denote the tasks.

KA-Ins / KA-Sub: KA-Ins and KA-Sub are
tail prediction tasks for “ins” triples and “sub”
triples respectively. These are all triples in the
original datasets and these tasks reflect the direct
knowledge abstraction ability of models.

MKA-Ins / MKA-Sub: MKA-Ins and MKA-
Sub are tail prediction tasks for multi-hop hierarchi-
cal triples TM-Ins and TM-Sub. These tasks reflect
models’ abilities on high-level concept abstraction,
which aim to predict upper concepts multiple hops
away in the concept hierarchy.

3.3 Knowledge Concretization

Similar to KA and MKA tasks, this task contains
KC (knowledge concretization) and MKC (multi-
hop knowledge concretization) tasks.

KC-Ins / KC-Sub: KC-Ins and KC-Sub are
head prediction tasks for “ins” and “sub” triples,
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which aim to predict entities for concepts or low-
level concepts for high-level ones.

MKC-Ins / MKC-Sub: These tasks are head
prediction tasks for multi-hop hierarchical triples.
These tasks aim to predict entities for concepts or
predict finer concepts for coarser concepts that are
multi-hops away.

3.4 Knowledge Completion

The knowledge completion task contains the sub-
tasks of entity graph completion (EGC) and con-
cept graph completion (CGC) under two settings.
In the “Single” setting, models can only use each
single graph to do knowledge graph completion
while both the two graphs and the cross-view links
are provided in the “Joint” setting.

CGC-Single / EGC-Single: These subtasks are
conducted on each single graph GC and GE . The
test phase is conducted on logical triples of each
graph TE and TC(logic). The results can be com-
pared with results from CGC/EGC-Joint to test the
effectiveness of jointly modeling the two graphs.

CGC-Joint: This subtask requires the model to
do link prediction with the full information of the
EC-KG G. The model needs to abstract conceptual
knowledge from the entity graph to do link pre-
diction for logical concept graph triples TC(logic).
The results of this subtask can also be used to verify
models’ abilities on knowledge abstraction.

EGC-Joint: Models are required to use the guid-
ance from the concept graph to do link prediction
for entity graph triples TE . For example, a per-
son in the entity graph is more likely to lead some
organizations if he is a politician.

4 Dataset Construction

In this section, we first provide the details of our
data collection process and annotation process.
Then we give a detailed analysis of the statistical
characteristics of the datasets.

4.1 Dataset Collection

The dataset construction process has four steps:
Step 1: Entity Filtering. We select entities in

FB15K-237 (Toutanova et al., 2015) as our seed
entities. We first find out corresponding seed enti-
ties in the Wikidata dump via the “FreebaseID”
property of each item. Note some entities in Free-
base may be labeled as concepts in Wikidata, so we
filter out these concepts in our seed entity set. Then
we extract one-hop neighbors of the seed entities in

writer person organism system

artist ...

...

YAGO26K-906: subclassOf

scientist researcher occupation
human
activity

erudite ...

...

KACC:

Figure 2: Violation of concept transitivity in two datasets.

the entity graph to form the entity pool, which con-
tains more than 10 million entities. With the entity
pool, we can sample an arbitrary size of one-hop
neighbors to form the entity graph of our dataset.
Our sampling strategy is to select entities with high-
est degrees and the final entity set consists of all
seed entities and the sampled one-hop neighbors.
To meet the requirements for different scales, we
propose three sizes of datasets: (1) KACC-S, the
dataset only contains the seed entities; (2) KACC-
M, the expected total entity number is set to 100K;
(3) KACC-L, the entity number is set to 1M.

Step 2: Concept Finding. Next, we extract con-
cepts based on selected entities. We use a breadth-
first search algorithm to find the concepts. The
algorithm starts from entities and search for con-
cepts via “ins” triples and “sub” triples. Since
the concept hierarchy follows the structure of a di-
rected acyclic graph, our algorithm ends when all
potential concepts are found.

Step 3: Triple Extracting and Filtering. This
step firstly extracts cross-view links and all triples
in the entity/concept graph. Then we filter all
triples by relation statistics and annotation. Re-
lations (1) with less than 10 triples, (2) whose head
or tail entity set’s size is smaller than 10, and (3)
which are annotated meaningless are dropped. Sim-
ilar to Toutanova et al. (2015), we further remove
reverse relations to prevent valid/test leakage.

Step 4: Concept Filtering. To get more precise
concept graphs, we ask human annotators to find
out meaningless concepts and we further remove
these concepts. These “meaningless” concepts in-
clude concepts with no labels or descriptions, con-
cepts used for the self-construction of Wikidata
(e.g. “Wikimedia list article”), etc. Details of the
annotation step can be found in Appendix A.1.

4.2 Multi-hop Triple Annotation

To support MKA/MKC tasks, we extract multi-hop
“ins” and “sub” triples from corresponding train
sets according to rule (1) and rule (2). Ideally,
hierarchical triples should preserve the multi-hop
transitivity. However, when we dive into real-world
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Dataset Entity Graph Concept Graph # Cross-links# Entities # Relations # Triples # Concepts # Conceptual Rels # Triples

YAGO26K-906 26,078 34 390,738 906 30 8,962 9,962
DB111K-174 111,762 305 863,643 174 20 763 99,748

KACC-S 11,896 82 90,722 2,561 18 6,137 16,061
KACC-M 99,615 209 662,650 6,685 30 15,616 123,342
KACC-L 999,148 377 7,741,272 15,160 44 34,930 1,097,970

Table 1: Statistics of different datasets.

datasets like YAGO26K-906 and ours, we find that
the multi-hop transitivity does not always hold true.
As illustrated in Figure 2, the transitivity is violated
when the transition link goes deep. (scientist, sub,
occupation) is meaningful while (scientist, sub,
human activity) is not. To make our multi-hop
triples meaningful, we further ask human annota-
tors to check the validity of these triples. Details
are in Appendix A.2.

4.3 Dataset Analysis
In this subsection, we compare our datasets with
existing datasets YAGO26K-906 and DB111K-
174 (Hao et al., 2019) in terms of scale, domain
coverage, and hierarchical relations. The statistics
of these datasets are shown in Table 1.

Scale. From Table 1, we can see that concept
graphs in our three datasets have more balanced
sizes compared to entity graphs. From the compar-
ison between DB111K-174 and KACC, we can see
that entity graphs of these two datasets have similar
sizes, but KACC has more concepts, conceptual
relations, and triples in the concept graph.

Our datasets also have rich cross-view links. In
Table 1, the average numbers of cross-links for each
entity are less than 1.0 in YAGO26K-906 (0.38)
and DB111K-174 (0.89), which means lots of enti-
ties in these datasets are not connected to concepts.
In KACC, the ratios are all above 1.09, indicating
that one entity may belong to multiple concepts.

104 105

Concept Count

album
municipality of Germany

subdistrict of China
civil parish

television series episode
single

township of the PRC
village

railway station
town in China

badminton event
commune of France

scholarly article
film

human

106 107

Concept Count

street
river

painting
infrared source

mountain
human settlement

galaxy
village-level division in China

Qstar
Wikimedia template

Wikimedia disambiguation page
taxon

Wikimedia category
human

scholarly article

Figure 3: Top 15 most frequent bottom concepts of
KACC-L (left) and the original Wikidata dump (right).

Domain Coverage. In Figure 3, we plot 15 most

Dataset # Duplicate
Edges # Self-loops # Undetected

Concepts

YAGO26K-906 188 44 132 (17.77%)
DB111K-174 27 13 4 (3.48%)

KACC-S 4→ 0 0 26 (1.02%)→ 0
KACC-M 13→ 0 0 33 (0.50%)→ 0
KACC-L 17→ 0 0 33 (0.22%)→ 0

Table 2: Quality check of existing datasets.“→” indi-
cates the filtering process.

frequent bottom concepts, i.e., the concepts that di-
rectly connect to entities, in KACC-L and Wikidata
dump to illustrate the domains of our datasets. Plots
for KACC-S and KACC-M are in Appendix A.4.
We find our datasets mainly focus on people, loca-
tions, sports, and films, similar to domains of our
seed entities extracted from FB15K-237. The com-
parisons between our datasets and Wikidata dump
show that Wikidata dump contains more domains
such as scholarly articles, galaxies, and entities re-
lated to Wikimedia. Our datasets only focus on
partial domains of Wikidata dump, which ensures
entities in our datasets are densely connected.

Hierarchical Relations. We present the charac-
teristics of hierarchical relations in our datasets.

We first examine the data quality of sub triples
in each dataset. We first detect duplicate edges and
self-loops. As the global structure of sub relations
is assumed to be a directed acyclic graph, we use
the topological sort algorithm to find loops. We
report numbers of concepts that are not detected
by the algorithm in each dataset (these concepts
are in loops or dangled in loops). The statistics
are in Table 2. We can see that our datasets are of
high quality with fewer duplicate edges, no self-
loops, and less proportion of concepts in loops.
Finally, we remove duplicate edges and wrong-
labeled triples in loops after a manual check.

Then we examine the depths of the concepts
in each dataset. We start from bottom concepts
and traverse all concepts via topological sort. We
plot numbers of concepts with different depths in
Figure 4. From the figure, we can see that our
datasets have deeper hierarchical structures than
others, which are more informative and useful for
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Figure 4: Numbers of concepts with different depths.

Task Train Valid Test

KA-Ins / KC-Ins T Train
EC T Valid

ins T Test
ins

KA-Sub / KC-Sub T Train
EC T Valid

sub T Test
sub

MKA-Ins / MKC-Ins T Train
EC T Valid

M-Ins T Test
M-Ins

MKA-Sub / MKC-Sub T Train
EC T Valid

M-Sub T Test
M-Sub

EGC-Joint T Train
EC T Valid

E T Test
E

CGC-Joint T Train
EC T Valid

C(logic) T Test
C(logic)

EGC-Single T Train
E T Valid

E T Test
E

CGC-Single T Train
C T Valid

C(logic) T Test
C(logic)

Table 3: Settings of datasets for different tasks.

models to learn more fine-grained representations.

Finally, we show the characteristic of the “ins”
relation in our datasets. Unlike existing datasets
where “ins” only connects entities and concepts,
concepts in Wikidata also have “ins” connec-
tions, which are denoted by TC(ins). We find
these triples are also meaningful as they reflect
different level semantics. For example in a triple
(planet, ins, astronomical object type), “planet”
is a concept while it can also be regarded as an
instance when mentioned in a higher level. The
finding is also compatible with human cognition.
So we remain these triples in our datasets, and
we test them together with other “ins” triples.
Therefore, we modify the corresponding defini-
tions in Section 3.1 into Tins = TS ∪ TC(ins) and
TC(logic) = TC\(Tsub ∪ TC(ins)).

Other Characteristics. Our datasets also have
some new properties. In existing datasets, rela-
tions in the entity graph and conceptual relations
in the concept graph are disjoint. However, in our
datasets, some relations appear in both the entity
graph and the concept graph. For example, the
“partOf” relation appears in (Chile, partOf,
South America) in the entity graph and (hospital,
partOf, health system) in the concept graph. Our
experiments treat them as different relations while
models can also treat these relations as the same,
which depends on the hypotheses of the designers.

5 Experimental Settings

5.1 Dataset Partition
Considering the tradeoff between scale and train-
ing efficiency, we use the medium-sized dataset
KACC-M to conduct the experiments. To gener-
ate each task’s train/valid/test data, we firstly split
each triple set TS , TE and TC by the proportion
8:1:1. To make it easy for model training and hyper-
parameter selection, we provide a unified train set
T Train
EC for all tasks defined on the EC-KG, that is
T Train
EC = T Train

E ∪T Train
C ∪T Train

S . For the valid and
test sets, different tasks have their own valid/test
sets for model selection and performance reports.

Train sets are different for EGC-Single and CGC-
Single. As they focus on a single graph, we use
T Train
E /T Train

C as train sets respectively. The set-
tings of datasets for different tasks are in Table 3.
The statistics are in the Appendix A.3.

5.2 Baselines
To test how existing methods behave in our bench-
mark, we choose several representative models for
single-view KG embedding, as well as JOIE (Hao
et al., 2019) and AttH (Chami et al., 2020), which
are specially designed for modeling the EC-KG.

Single-view KE Methods. We use TransE (Bor-
des et al., 2013), DistMult (Yang et al.,
2015), ComplEx (Trouillon et al., 2016), and
TuckER (Balažević et al., 2019) as our baselines.
These baselines treat the EC-KG as a large single-
view KG by regarding concepts as entities, concep-
tual relations and hierarchical relations as ordinary
relations defined on a single-view KG.

JOIE. JOIE (Hao et al., 2019) uses traditional
KE methods like TransE and DistMult as the
backend model to learn logical relations in en-
tity/concept graphs. It further defines specific
transformations and loss functions for hierarchi-
cal triples. These mechanisms could improve the
performance of corresponding backend models.

AttH. AttH (Chami et al., 2020) utilizes the hy-
perbolic geometry to embed tree-like structures,
which is suitable for modeling the concept hierar-
chy. It also proposes methods to embed logical
relations in the hyperbolic space.

5.3 Evaluation Metrics
We test the tasks in the form of link prediction. We
use two evaluation metrics in these tasks:

Mean Reciprocal Rank (MRR). The metric
computes the mean reciprocal rank of the correct
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Method KA-Ins MKA-Ins KA-Sub MKA-Sub
MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10

TransE 0.658 0.560 0.832 0.112 0.047 0.242 0.093 0.000 0.288 0.098 0.035 0.225
DistMult 0.712 0.636 0.847 0.131 0.086 0.222 0.135 0.062 0.277 0.122 0.040 0.284
ComplEx 0.737 0.663 0.863 0.121 0.078 0.214 0.226 0.151 0.373 0.135 0.066 0.275
TuckER 0.759 0.681 0.885 0.115 0.077 0.179 0.191 0.107 0.369 0.147 0.068 0.313

JOIE 0.706 0.611 0.873 0.195 0.115 0.370 0.099 0.004 0.289 0.113 0.010 0.351
AttH 0.778 0.693 0.918 0.218 0.116 0.436 0.203 0.089 0.458 0.188 0.081 0.420

Table 4: Results on knowledge abstraction. Best scores are in bold.

Method KC-Ins MKC-Ins KC-Sub MKC-Sub
MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10

TransE 0.123 0.083 0.208 0.060 0.033 0.110 0.049 0.000 0.145 0.039 0.000 0.113
DistMult 0.175 0.114 0.282 0.107 0.068 0.183 0.061 0.021 0.136 0.041 0.004 0.128
ComplEx 0.208 0.142 0.321 0.098 0.070 0.153 0.103 0.061 0.179 0.044 0.012 0.107
TuckER 0.169 0.110 0.280 0.074 0.047 0.120 0.087 0.040 0.160 0.051 0.021 0.106

JOIE 0.241 0.200 0.320 0.141 0.093 0.240 0.048 0.010 0.120 0.032 0.001 0.092
AttH 0.172 0.120 0.279 0.112 0.061 0.213 0.081 0.021 0.204 0.051 0.009 0.135

Table 5: Results on knowledge concretization. Best scores are in bold.

instances. If the ranks of correct instances are ki,
then the metric computes the average of 1

ki
.

Hits@N. This metric computes the proportion
of the ranks that are no larger than N.

A good model could achieve higher scores on
these metrics. We use the “Filtered” setting for all
the evaluations, which filters out other true answers
from the prediction results to get the final rank for
each test case.

5.4 Hyperparameter Settings
According to Ruffinelli et al. (2020), performances
of KGE methods are sensitive to hyperparameters.
Following them, we run 30 quasi-random trails for
all models from predefined hyperparameter spaces.
We list the hyperparameter spaces we use in Ap-
pendix A.5. We run all trails for 100 epochs.

For all single-view KE methods, we use the
implementations from LibKGE (Broscheit et al.,
2020), which utilizes the Ax framework to perform
quasi-random hyperparameter search.

For AttH, we use the implementation from the
authors1. For JOIE, we use the implementation
from the authors2. We use TransE as the back-
end and adopt the suggested hyperparameter space
from the paper.

6 Experimental Results

In this section, we provide the experimental results
and further propose several future directions.

6.1 Knowledge Abstraction
The results of knowledge abstraction are shown in
Table 4. From the results, we can see that AttH has

1https://github.com/HazyResearch/KGEmb
2https://github.com/JunhengH/joie-kdd19

a large margin beyond other methods on KA-Ins
and also performs well on KA-Sub, which demon-
strates the effectiveness of hyperbolic embeddings.
JOIE outperforms its backend model TransE.

Comparing results between KA-Ins and MKA-
Ins, all the models have performance degradation
larger than 0.51 on MRR. We conclude that the
composition rule in Equation (1) is hard to learn
naturally. Among all the models, AttH performs
the best on both tasks and has the least degradation
from KA to MKA, showing that hyperbolic space
has advantages over Euclidean space in knowledge
abstraction. However, the degradation is still dras-
tic, showing the difficulty of the MKA task.

Comparing results between KA-Sub and MKA-
Sub, most methods also have performance degrada-
tion while TransE-based models (TransE and JOIE)
have better performances on MKA-Sub, which is
interesting for further investigation. AttH performs
best on MKA-Sub, which further confirms the ad-
vantage of hyperbolic methods.

6.2 Knowledge Concretization

The results of knowledge concretization are in
Table 5. ComplEx and JOIE performs well on
KC-Ins and KC-Sub tasks. Similar to tasks in
knowledge abstraction, MKC-Ins and MKC-Sub
are also harder for existing models. The results
of knowledge concretization tasks are lower than
corresponding knowledge abstraction tasks, which
shows that knowledge concretization is much
harder than knowledge abstraction.

6.3 Knowledge Completion

The results of knowledge completion are shown in
Table 6. From the table, TuckER performs well
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Method
EGC CGC

MRR Hits@1 Hits@10 MRR Hits@1 Hits@10
Joint Single Joint Single Joint Single Joint Single Joint Single Joint Single

TransE 0.305 0.299 0.182 0.175 0.510 0.504 0.242 0.261 0.003 0.095 0.659 0.603
DistMult 0.444 0.440 0.379 0.376 0.566 0.560 0.495 0.481 0.419 0.436 0.631 0.568
ComplEx 0.458 0.453 0.397 0.393 0.572 0.567 0.537 0.501 0.472 0.458 0.684 0.581
TuckER 0.481 0.473 0.415 0.408 0.604 0.595 0.536 0.525 0.468 0.473 0.668 0.615

JOIE 0.171 - 0.094 - 0.308 - 0.218 - 0.018 - 0.622 -
AttH 0.348 0.352 0.235 0.241 0.551 0.545 0.268 0.244 0.100 0.154 0.631 0.418

Table 6: Results on knowledge completion. Best scores among different models in the same task are in bold. Best
scores for a model between Joint and Single settings are underlined.

Method KACC KA KCon KCom

TransE 0.374 0.396 0.143 0.585
DistMult 0.396 0.407 0.181 0.599
ComplEx 0.414 0.429 0.184 0.628
TuckER 0.410 0.423 0.165 0.636

JOIE 0.353 0.444 0.177 0.439
AttH 0.452 0.558 0.208 0.591

Table 7: The overall scores. Best scores are in bold
and second high scores are underlined.

on entity-level logical relations while ComplEx is
good at dealing with concept-level logical relations.
JOIE does not perform well on logical relations.

From the comparisons between “Joint” and “Sin-
gle” settings, we find that results on EGC-Joint are
usually higher than results on EGC-Single, which
shows that incorporating the concept graph and
cross-view links helps the understanding of the en-
tity graph. However, the pattern is not obvious on
CGC-Joint and CGC-Single, which may due to that
entity triples are far more than concept triples, so
models tend to focus more on entity triples.

6.4 Overall Results

Finally, we compute an overall KACC score for
each method to show their overall performances.
Similar to GLUE (Wang et al., 2019a), we average
Hits@10 scores of each method on all tasks (except
CGC-Single and EGC-Single) to get final scores.
We also compute the average scores for knowl-
edge abstraction (KA), knowledge concretization
(KCon), and knowledge completion (KCom). In
Table 7 we can see that AttH has the best over-
all score and achieves the highest scores on two
tasks. ComplEx also performs well. It is a bal-
anced model since it gets the second place on all
tasks. TuckER performs best on knowledge com-
pletion. In the future, we plan to test more methods
and investigate their abilities.

6.5 Analyses and Future Directions

From the results above, we analyze several prob-
lems that existing models cannot handle well and
propose several promising future directions.

Multi-hop triple modeling. The prediction
scores of multi-hop triples are lower than those
of one-hop triples, showing the challenge of multi-
hop triple modeling. Besides, how to balance the
model to learn from logical and hierarchical rela-
tions is also an exciting direction.

Conceptual knowledge completion. Not all
models successfully extract conceptual knowledge
effectively as their scores of CGC-Joint are lower
than those of CGC-Single. The main reason is that
KE methods tend to focus more on entity triples
due to the losses. They lack the ability to abstract
factual knowledge to enrich conceptual knowledge.

Knowledge concretization. The results of con-
cretization tasks are much lower than those of ab-
straction tasks. It demonstrates that existing models
can find proper concepts for entities but cannot find
correct entities for concepts. Some solutions may
be using contrastive learning to “push” negative
entities away from the concepts.

Besides the analyses, there are also several
promising future directions of our benchmark.

Contextualized knowledge embedding.
Recently, contextualized knowledge embed-
dings (Wang et al., 2019b) are proposed to capture
different semantics of entities and relations in
different contexts. These methods only conduct
on the entity graph, while incorporating concepts
provides more contextual information for entities.
For example, an entity of a painter is more likely
to paint than a politician. It is a promising
direction to model concepts and entities jointly by
contextualized embeddings.

Joint modeling EC-KG with text. The EC-KG
is a symbolic form of knowledge, and it is interest-
ing to combine it with text. Future directions may
include incorporating more commonsense knowl-
edge into the concept graph from language or using
the EC-KG to help understand the natural language
from the concept level.
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7 Conclusion

In this paper, we focus on the problems of knowl-
edge abstraction, concretization, and completion.
We propose a benchmark to test the abilities of
models on KACC. To conduct the evaluation, we
construct large-scale datasets with desired proper-
ties, and experiments show that tasks in KACC are
challenging. For future work, we plan to test more
models and design advanced models to address
tasks in KACC.
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and local wage standard. And we ensure that all
annotators are well paid.

Potiential problems. Though we have manually
checked the quality of our datasets and removed
meaningless and wrong data, there still may exist
false triples. These may lead to wrong predictions
in knowledge abstraction, concretization and com-
pletion tasks. However, noises are common in hu-
man contributed resources such as existing datasets
and ours, so the potiental risks are low.
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Théo Trouillon, Johannes Welbl, Sebastian Riedel, Éric
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data: a free collaborative knowledgebase. Commu-
nications of the ACM.

Alex Wang, Amanpreet Singh, Julian Michael, Felix
Hill, Omer Levy, and Samuel R. Bowman. 2019a.
GLUE: A multi-task benchmark and analysis plat-
form for natural language understanding. In Pro-
ceedings of ICLR.

Quan Wang, Pingping Huang, Haifeng Wang, Song-
tai Dai, Wenbin Jiang, Jing Liu, Yajuan Lyu, Yong
Zhu, and Hua Wu. 2019b. Coke: Contextual-
ized knowledge graph embedding. arXiv preprint
arXiv:1911.02168.

Zhen Wang, Jianwen Zhang, Jianlin Feng, and Zheng
Chen. 2014. Knowledge graph embedding by trans-
lating on hyperplanes. In Proceedings of AAAI.

Wentao Wu, Hongsong Li, Haixun Wang, and Kenny Q
Zhu. 2012. Probase: A probabilistic taxonomy for
text understanding. In Proceedings of SIGMOD.

Ruobing Xie, Zhiyuan Liu, and Maosong Sun. 2016.
Representation learning of knowledge graphs with
hierarchical types. In Proceedings of IJCAI.

Bishan Yang, Wen-tau Yih, Xiaodong He, Jianfeng
Gao, and Li Deng. 2015. Embedding entities and
relations for learning and inference in knowledge
bases. In Proceedings of ICLR.

1760



A Appendices

A.1 Annotations for Meaningless Concepts
In this section, we first present our annotation
guidelines for annotators, and then we provide the
annotation results.

Task Guidelines. This task aims to find out
meaningless “concepts”. For a given instance, you
need to check whether it is a “concept”. Here are
some definitions in this task:

• Concept. A word for a group or a class of
things, such as “artist”, “writer”, etc. Humans
obtain concepts by abstracting commonalities
from things.

• Entity. A specific person or thing, such as
“Barack Obama”, “Mona Lisa”, etc.

We provide you the Wikidata ID, name, and de-
scription of an instance. For more details, you
can go to the web “https://www.wikidata.org/
wiki/Qxxxx” by replacing “Qxxxx” with the spe-
cific Wikidata ID. An example is shown in the
following:

ID Name Description

Q68 computer general-purpose device for
performing arithmetic or
logical operations

If an instance is a concept, you should give the
correct label. You should give the wrong label in
these circumstances:

1. The instance is more like an entity than a con-
cept, such as “Voice over Internet Protocol” (a
network protocol).

2. The description and name of the instance are
“None”.

3. The instance is used for the website’s construc-
tion and is meaningless, such as “Wikimedia
list article” and “Wikimedia disambiguation
page”.

4. Other cases that are difficult to judge.

Annotation results. We ask human annotators
to annotate all concepts in KACC-L. The result of
an instance is obtained if two annotators reach the
agreement. If not, a third annotator is asked to label
the instance. As a result, 482 concepts are removed
among 15,642 concepts.

A.2 Annotations for Multi-hop Hierarchical
Triples

In this task, we extract multi-hop “instanceOf”
and “subclassOf” transitivity links from differ-
ent train sets and ask annotators to label the position
where the hierarchical transitivity holds.

Task Guidelines. This task aims to annotate the
transitivity link of concepts. For an example we
provided, you need to determine whether semantic
drift exists in this link and label the final position
that the transitivity holds. Here is some preliminary
knowledge:

• Concept. A word for a group or a class of
things, such as “artist”, “writer”, etc. Humans
obtain concepts by abstracting commonalities
from things.

• Entity. A specific person or thing, such as
“Barack Obama”, “Mona Lisa”, etc.

• Transitivity of concepts. An exam-
ple of a transitivity link of concepts is
“scientist → researcher → occupation →
human activity”. The transitivity link starts
from an entity or a concept and follows by
concepts. The transitivity of concepts assumes
that the semantic of the later concept could
contain the former concept. For example, the
semantic of “occupation” contains “scientist”,
while “occupation” is also a more general
meaning concept.

• Semantic drift. Because of the annotation
process of the original data source (Wikidata),
we can assume almost all one-hop links are
correct, such as “scientist → researcher” in
our example. But semantic drift occurs as
the transitivity link goes deep. For exam-
ple, “scientist” can be subclass of “occupation”
while it cannot belong to “human activity”.
However, the one-hop link “occupation →
human activity” still holds true.

We provide you the transitivity links of concepts
with length 4. These links start from an entity or a
concept and is followed by concepts. We provide
you the Wikidata ID and the name of the entities
and concepts. For more details, you can go to the
web “https://www.wikidata.org/wiki/Qxxxx”
by replacing “Qxxxx” with the specific Wikidata
ID. Some examples of this task are shown in Ta-
ble 8:
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Links

(1) Q4442912 capital of Russia→ Q5119 capital→ Q515 city→ Q702492 urban area
(2) Q3108101 tropical garden→ Q1107656 garden→ Q386724 work→ Q15401930 product

Table 8: Annotation examples for concept transitivity.

You need to label the last position that the con-
cept transitivity holds true starting from the first
entity/concept. For example (1) in Table 8, “cap-
ital of Russia” can be regarded as a sub-concept
of “urban area”, so the position is 4. In example
(2), “tropical garden” belongs to “garden” while it
does not belong to “work”, so the position can be
labeled as 2.

We can assume that most one-hop links are cor-
rect, and you have no need to check the authenticity
of them. For example in “Dewey County→ county
of Oklahoma”, you do not need to check whether
Dewey is a county of Oklahoma. However, in some
specific circumstances, the one-hop link may be
wrong, then you can label the case as 1, which
means that only the first entitiy/concept is true.

If you cannot find out meaningful names for
entities or concepts, or you meet other cases that
are difficult to judge, you can label them as 0.

Annotation Results. We extract 1200, 3000
and 6000 multi-hop “instanceOf” and
“subclassOf” triples for KACC-S, KACC-M
and KACC-L. These numbers are similar to num-
bers of “subclassOf” triples in corresponding
valid and test sets. We ask two annotators to
annotate them, and a third annotator will be added
if the two annotators do not reach an agreement.
Note that our task requires to label the position,
thus there are cases where all these three annotators
give different labels. In these cases, we just omit
these examples. If a case is labeled as 4, then
we can construct both 2-hop and 3-hop triples
from the link. If the case is labeled as 3, we can
only obtain the 2-hop triple. The statistics of our
datasets are in Table 9.

A.3 Statistics of Dataset Split

The statistics of the datasets after partition are
shown in Table 10.

A.4 Additional Domain Plot for KACC

We plot the domains of our KACC-S and KACC-M
in Figure 5. Domains of KACC-S and KACC-M
are similar while KACC-M has more fine-grained

concepts, such as “town in China” and “commune
of France”.

103

Concept Count

capital
business

record label
country

public educational institution of the US
sovereign state

private not-for-profit educational institution
television series

university
city

city of the United States
association football club

big city
film

human

104

Concept Count

town
city of the United States

subdistrict of China
university

urban municipality of Germany
civil parish

township of the PRC
big city

city
municipality of Germany
association football club

film
commune of France

town in China
human

Figure 5: Top 15 most frequent bottom concepts of
KACC-S (left) and KACC-M (right).

A.5 Hyperparameter Settings
In this section, we present our hyperparameter se-
lection methods in detail. We run 30 quasi-random
hyperparameter search trails on predefined hyperpa-
rameter spaces for different baselines (see Table 11
to Table 13). Because we use different implementa-
tions, thus hyperparameter spaces are different for
different methods.

We run each trail for 100 epochs and save the
checkpoint every 20 epochs (150 saved checkpoints
for one model in total). Since our benchmark con-
tains multiple tasks, for each task, we use the cor-
responding valid set to choose the best checkpoint
based on the MRR metric, and then we test the se-
lected checkpoint on the test set and compute final
metrics.

A.6 Runtime Environment
All experiments are conducted on a server with the
following environment.

• Operating System: Ubuntu 18.04.3 LTS

• CPU: Intel(R) Xeon(R) Gold 5218 CPU @
2.30GHz

• GPU: GeForce RTX 2080 Ti
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Dataset instanceOf subclassOf
# Extracted Links # 2-hop Links # 3-hop Links # Extracted Links # 2-hop Links # 3-hop Links

KACC-S 1,200 1,159 1,137 1,200 1,170 1,148
KACC-M 3,000 2,888 2,854 3,000 2,946 2,904
KACC-L 6,000 5,723 5,671 6,000 5,887 5,806

Table 9: Statistics of annotated multi-hop triples.

Data Source # Train # Valid # Test

TEC 644,332 - -
TE 533,209 - -
TS 98,553 - -
TC 12,570 - -

TE 533,209 64,965 64,476

TC - 1495 1549
Tsub - 931 965
TC(logic) - 366 369
TC(ins) - 198 215

Tins - 12,679 12,523
TS - 12,481 12,308
TC(ins) - 198 215

Tsub - 931 965

TC(logic) - 366 369

TM-Ins - 2,871 2,871
TM-Sub - 2,925 2,925

Table 10: Statistics of data split for KACC-M.

Hyperparameter Search Range

Training
Scheme (Complex, Distmult, TuckER) 1vsAll
Scheme (TransE) Negative Sampling
No. subject samples (TransE) [1, 1000], log scale
No. object samples (TransE) [1, 1000], log scale
Batch size {128, 256, 512}
Loss type {CE}

Optimizer {Adam, Adagrad}
Learning rate [0.001, 0.1], log scale
Learning rate scheduler’s patience [0, 10]

Embedding
Dimension {100, 200, 300}
Initialization

Std. deviation (Normal) [10−4, 1.0], log scale
Interval (Uniform) [-1.0, 1.0]

Regularization {None, L3, L2, L1 }
Entity emb.weight [10−20, 10−1], log scale
Relation emb.weight [10−20, 10−1], log scale
Frequency weighting {True, False}

Dropout
Entity emb.dropout [0, 0.5]
Relation emb.dropout [0, 0.5]

Table 11: Hyperparameter space of quasi-random
search for TransE, DistMult, ComplEx, TuckER.

Hyperparameter Search Range

Training
Scheme Negative Sampling
No. negative samples {1, 10, 20, 50}
Batch size {128, 256, 512}
Loss type {F2, N3}

Optimizer {Adam, Adagrad}
Learning rate {0.001, 0.005, 0.01, 0.05, 0.1}

Embedding
Dimension {100, 200, 300}

Table 12: Hyperparameter space of quasi-random
search for AttH.

Hyperparameter Search Range

Training
Backend {TransE}
Transition method {CG, CT}
Scheme Negative Sampling
Batch size {128, 256, 512}
a1, a2 {1.0, 2.5}
m1, m2 {0.5, 1.0}

Optimizer
Learning rate {0.0005, 0.001, 0.01}

Embedding
Entity dimension {50, 100, 200, 300}
Concept dimension {50, 100, 200, 300}

Table 13: Hyperparameter space of quasi-random
search for JOIE.
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Abstract

Topic modeling is an unsupervised method
for revealing the hidden semantic structure of
a corpus. It has been increasingly widely
adopted as a tool in the social sciences, in-
cluding political science, digital humanities
and sociological research in general. One
desirable property of topic models is to al-
low users to find topics describing a specific
aspect of the corpus. A possible solution
is to incorporate domain-specific knowledge
into topic modeling, but this requires a spec-
ification from domain experts. We propose
a novel query-driven topic model that allows
users to specify a simple query in words or
phrases and return query-related topics, thus
avoiding tedious work from domain experts.
Our proposed approach is particularly attrac-
tive when the user-specified query has a low
occurrence in a text corpus, making it difficult
for traditional topic models built on word co-
occurrence patterns to identify relevant topics.
Experimental results demonstrate the effective-
ness of our model in comparison with both
classical topic models and neural topic mod-
els.

1 Introduction

Topic modeling aims to infer topics from a collec-
tion of documents, where a topic is a salient pattern
of the collection and is represented by a distribu-
tion over words. The availability in large volume
of new sources of unstructured data, such as social
media, has presented a challenge to conventional
qualitative research methods in the social sciences
and humanities and encouraged the exploration of
topic modeling as a potential solution (Melville
et al., 2019; Hu et al., 2019; Yao and Wang, 2020).
In these studies, topic modeling has been applied to
questions centered on interpretation and meaning.
By analyzing words distribution of topics learnt,
researchers can apply inductive reasoning on spe-

cific topics and perform a more in-depth study of
related documents, allowing them to identify under-
lying topical trends and conduct a more thorough
analysis of the data.

One limitation of conventional topic modeling
approaches in these studies is that they can only
learn topics from the whole corpus. However, in
some cases, researchers may be interested in topics
describing specific concepts or aspects of the cor-
pus. To identify these topics, researchers have to an-
alyze words distribution for all topics, thereby mak-
ing it very time consuming. Moreover, it could also
happen that the target topics may have a very small
presence in the data to be detected directly by a
topic model. For instance, given a set of posts about
health, researchers may wish specifically to analyze
the impact of food on health. If the words related to
food have a relatively low frequency of occurrence
in the posts, then conventional topic models such
as Latent Dirichlet Allocation (LDA) (Blei et al.,
2003) may not find any food-related topics at all.
This is caused by the phenomenon of higher order
co-occurrence in conventional topic models (Hein-
rich, 2009), which prevents infrequent words being
sampled under the correct topic. While an informa-
tion retrieval method could be used to find relevant
documents, identifying key subtopics discussed in
these documents will still be a daunting process.

To handle this limitation, weakly-supervised ap-
proaches (Andrzejewski and Zhu, 2009; Nikolenko
et al., 2017; Chen et al., 2013; Andrzejewski et al.,
2011; Yang et al., 2015) have been proposed as
a solution and different types of domain-specific,
prior knowledge, such as word correlation (Yang
et al., 2015), document and word labels have been
introduced. By adding these to the unsupervised
topic model, a set of topics describing the domain
knowledge can be generated. However, this still
requires experts to define the domain knowledge,
which may not always be feasible. In addition, the
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Figure 1: Our proposed model returns topics relevant to a user-input query, in this example, ‘atheism’. Step 1:
user uses a query to define the concept of interest. Step 2: a query expansion technique is used to expand the input
query to a set of concept words. Step 3: the concept words are utilized to generate a single topic. Step 4: the
single topic is expanded to a set of subtopics. The retrieved concept-topic and subtopic results allow the user to do
inductive reasoning and have a more in-depth study of related documents. In Step 3 and Step 4, we present the top
weighted words of the topic and their corresponding weights.

aforementioned approaches can only generate one
topic relevant to the target concept. It is desirable
to distinguish between different contexts about the
same concept: for instance, for the concept ‘Middle
East’, there might be subtopics relating to Middle
East conflicts and Middle East resorts, respectively.
In our work, we propose a novel approach that au-
tomatically generates all subtopics relevant to the
target concept.

In our query-driven topic model, a query phrase
is used to define the concept of interest. As illus-
trated in Figure 1, a query expansion technique is
first employed to expand the input query to a set
of concept words, which are then utilized to first
generate a single topic about the concept, and sub-
sequently further expanded to a set of subtopics
automatically. In summary, our contributions are
four fold: (1) We propose a novel approach which
allows users without expertise knowledge to use
a short query rather than predefined keywords to
detect topics of their interests; (2) Our model is
novel in its ability to identify rare topics in text,
which would not be possible using existing topic
modeling approaches; (3) Our model is built on
the Hierarchical Dirichlet Process (HDP) and can
therefore automatically infer all subtopics describ-
ing the target concept without having to determine
the optimal number of topics beforehand; (4) We

evaluate our approach on three datasets and achieve
superior performance compared to both traditional
hierarchical topic models and neural topic models,
both quantitatively and qualitatively.1

2 Related Work

Earlier work has attempted to solve the problem
of identifying specific topics by using prior knowl-
edge. Andrzejewski et al. (2009) expressed domain
knowledge with two primitives on word pairs called
Must-Links and Cannot-Links, encoding them us-
ing a Dirichlet Forest prior. Topic-in-set knowledge
(Andrzejewski and Zhu, 2009) defines ‘z-labels’ as
prior knowledge and a similar idea was introduced
by Nikolenko et al. (2017). First-Order Logic has
been proposed as a way to incorporate richer forms
of prior knowledge (Andrzejewski et al., 2011).
Yang et al. (2015) proposed an efficient method for
incorporating domain knowledge and demonstrated
significant speed improvement with large datasets.
El-Assady et al. (2019) presented a framework that
allows users to incorporate the semantics of their
domain knowledge in topic models interactively.
Gemp et al. (2019) incorporated informative priors
in an neural topic model for the purpose of semi-
supervised topic modeling. All these approaches

1Our source code can be accessed at: https://
github.com/Fitz-like-coding/QDTM.
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require experts to provide domain-specific, prior
knowledge, which is problematic for two reasons:
different corpora in the same domain may contain
different information; and it may be costly to spec-
ify all prior knowledge. We take advantage of a
query expansion technique and propose an auto-
matic concept words extractor to help user extract
prior knowledge.

Our work is also similar to the Hierarchical
Topic Model (HTM) (Blei et al., 2004). HTM is a
non-parametric topic model that generates topics in
a hierarchical structure. In our work, we also pro-
pose to generate subtopics from a parent topic. A
key difference is that we propose a novel solution to
incorporate domain-specific prior knowledge, mak-
ing it possible to generate desirable topics. This is
not the case with HTM. Although attempts were
made to introduce prior knowledge in HTM, Per-
otte et al. (2011) focused on out-of-sample label
prediction which is not the focus of our work while
Xu et al. (2018) still required experts to define word
pairs which is problematic as mentioned earlier.

3 Proposed Framework

In outline, our model expands an input query to a
set of concept words using a concept words extrac-
tor. These concept words are then fed into a two
phases framework based on a variant of a Hierar-
chical Dirichlet Process (HDP) to model all topics
relevant to the concept.

3.1 Concept Words Extractor
Given an input query q, we retrieve a list of doc-
uments d according to the query likelihood score
(Ceri et al., 2013),

p(d|q) ≈
n∏

i=1

p(qi|d) (1)

where n is the number of tokens in the query and
p(qi|d) is the probability of query term qi in docu-
ment d. We define two extraction rules “AND” and
“OR” to constrain whether query terms should ap-
pear in the same document or not. We then extract
concept words from the retrieved documents. We
adopt three approaches for our purpose.

Frequency based extraction (FRE) The first
one simply extracts words with high frequency in
the retrieved documents as our concept words:

Score(w) =

n∑

i

TF (w|di) (2)

where n is the number of retrieved documents and
TF (w|di) is the term frequency of word w in doc-
ument di.

KL-Divergence based extraction (KLD) The
second one is inspired by the query expansion tech-
nique (Carpineto et al., 2001). By intuition, words
relevant to the input query have a high probability
in the retrieved sub-corpus but a low probability in
the whole corpus. The score can be defined as:

Score(w) = PR(w)log
PR(w)

PC(w)
(3)

where PR(w) is the probability of word w in the
retrieved sub-corpus and PC(w) is the probability
of word w in the whole corpus. We extract words
with high scores as our concept words.

Relevance model with word embedding (REL)
This approach extracts concept words from a word-
embedding enhanced relevance model (Diaz et al.,
2016). The probability assigned to word w by the
relevance model (Lavrenko and Croft, 2017) is:

p(w|RM) =
∑

d∈R
p(w|d)p(d|q) (4)

where R is the retrieved documents set, p(w|d)
is the probability of word w in document d and
p(d|q) is d’s query likelihood from equation (1).
We integrate this model with word embeddings:

Score(w) = λp(w|RM) + (1− λ)sim(w, q) (5)

where λ is a hyperparameter and sim(w, q) is the
normalized similarity between word w and the in-
put query q. For each term in the vocabulary list,
we calculate its similarity with the input query. We
then take the top k most similar terms and normal-
ize their similarity values. If w is among the top k
similar terms, sim(w, q) would get the normalized
similarity value. Otherwise, sim(w, q) = 0.

3.2 Query-Driven Topic Model
We propose a two-phase framework based on HDP,
which is a nonparametric Bayesian model that can
automatically infer the number of topics in a corpus
(Teh et al., 2005). It assumes a restaurant (i.e., a
document) has a set of tables and serves dishes
(i.e., topics) from a global menu. A single dish is
only served at a single table for all customers (i.e.,
words) who sit at that table.

In the first phase, the model infers one topic for
each concept, along with other irrelevant topics.
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We define this topic as the “parent topic” in later
sections. We denote this parent topic of a concept
corresponding to the input query q as z̃q. We in-
corporate prior knowledge into HDP by fixing the
topic index for concept words in all documents. For
words from concept words Wq corresponding to
the input query q, the topic index z are known and
remain fixed as z̃q, and the probability for sampling
an existing table t for a word wji at document j
and position i in the Gibbs sampling process is:

p(tji = t | t−ji, k) ∝ 11(wji, kjt)n
−ji
jt f

−wji
kjt

(wji)
(6)

where kjt is the topic assignment of table t at docu-
ment j and f−wjikjt

(wji) is the probability of wji as-
signed to topic kjt after removing the current word
and 11(wji, kjt) is an indicator function, which
takes on value 0 if wji ∈ Wq and kjt 6=z̃q and 1
otherwise. n−jijt denotes the number of words in
document j at table t except the current word. The
probability for sampling a new table tnew is:

p(tji = tnew | t−ji, k) ∝ αp(wji | t−ji, tnew,k) (7)

where

p(wji | t−ji, tnew,k) =
k∑

k=1

mk

m· + γ
f
−wji
k (wji)

+
γ

m. + γ
f
−wji
knew (wji)

(8)

Here, mk denotes the number of tables of topic
k and m· denotes the total number of tables. γ
and α are the hyperparamenters of the model.
f
−wji
knew (wji) =

1
|V | is the prior density of wji where

|V | is the vocabulary size of the dataset. If the
sampled table is a new table, we sample an existing
topic kjtnew from:

p(kjtnew | t, k−jt
new

) ∝ 11(wji, kjt)mkf
−wji
k (wji) (9)

and probability for sampling a new topic knew is:

p(kjtnew = knew | t,k−jtnew ) ∝ γf−wjiknew (wji) (10)

In the second phase, the model expands the par-
ent topic of each concept produced in the first phase
to a set of subtopics. LetWz̃q be the words assigned
to the parent topic z̃q in the first phase, the proba-
bility for sampling an existing table t for a word
wji in the Gibbs sampling process is:

p(tji = t | t−ji, k) ∝ 12(wji, kjt)n
−ji
jt f

−wji
kjt

(wji) (11)

where 12(wji, kjt) is an indicator function that
takes on value 1 if wji∈Wz̃q and kjt = z̃q and

0 otherwise. Probability for sampling a new table
tnew is:

p(tji = tnew | t−ji, k) ∝
12(wji, kjt)αp(wji | t−ji, tnew,k)

(12)

where

p(wji | t−ji, tnew,k) =
K∑

k=1

mk

m. + γ
f
−wji
k (wji)

+
γ

m. + γ
f̂
−wji
knew (wji)

(13)

and f̂−wjiknew (wji) =
1
|Wz̃q | is the prior density ofWz̃q

where |Wz̃q | is the vocabulary size of Wz̃q . For
a new table, probability for sampling an existing
topic k is:

p(kjtnew = k | t,k−jtnew ) ∝
12(wji, kjt)mkfk

−wji(wji)
(14)

and probability for sampling a new topic knew sub-
ordinate to the parent topic z̃q is:

p(kjtnew = knew | t,k−jtnew ) ∝ γf̂−wjiknew (wji) (15)

The model automatically decides the number of
subtopics and we treat the subtopics produced as
the final topics relevant to the target concept.

Incorporating Generalized Pólya Urn scheme
To make topics more interpretable, we incorpo-
rate word-embeddings by the Generalized Pólya
Urn scheme (Li et al., 2016). Pólya Urn scheme is
introduced for colored balls and urns. In the Gen-
eralized Pólya Urn scheme, when we draw a ball
of a particular color, two balls of the same color
are put back along with a certain number of balls
of the similar colors. In topic modeling context,
a topic can be viewed as an urn while a word can
be viewed as a ball in a certain color and its se-
mantically related words can be viewed as balls of
similar colors. Every time we sample a word w
under a parent topic z̃q, we increase the probability
of sampling w under z̃q, as well as its semantically
related concept words. Given pre-trained word
embeddings, we calculate the cosine similarity be-
tween word wi and concept word wq ∈ Wq. We
then construct a word semantic relatedness matrix
M (Li et al., 2016), consisting of all word pairs
whose cosine similarity is greater than a predefined
threshold. We then construct a promotion matrix A
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whose elements are efined as:

Ai,q =





1, if (wi, wq)∈M and wi = wq

u, if (wi, wq)∈M and wi 6= wq

0, otherwise
(16)

where u∈(0, 1) is a predefined promotion weight.
When we sample a word w under topic z̃q, we also
promote all its semantically related concepts words
based on the amount of promotion in A.

Word filtering Inspired by Wang et al. (2020),
we propose a word filtering strategy. Word filter-
ing can be used to prevent words that have weak
ties with the sampled topic being promoted. For a
wordw at ith Gibbs sampling iteration, its semantic
cohesion to topic k is:

CV [k,wi] =

M∑

m=1

pi(k,m)·cos
(
wi, RW

i(k,m)
)

(17)

where pi(k,m) is the probability of mth represen-
tative word in topic k at ith iteration and M is the
number of representative words predefined. The
representative words of topic k 6=z̃q at ith Gibbs
sampling iteration are defined by the words ranked
by the topic-word probability in the descending or-
der. cos

(
wi, RW

i(k,m)
)

is the cosine similarity
between word wi and the mth representative word
of topic k at ith iteration. The representative words
of z̃q are simply its concept words.

For the semantic cohesion of word w with dif-
ferent topics CV [·, w], we map CV [·, w] into an
arithmetic progression C̃V [·, w] ranging from 0
to 1.0 (Wang et al., 2020). We use the following
equation to decide if the GPU is applied to w:

Sj,w∼Bernoulli(λw,kw)

λw,k =
C̃V [k,w]

C̃V max[k,w]

(18)

where Sj,w indicates whether GPU is applied to
word w given document j and C̃V max[k,w] is the
maximal semantic cohesion among all topics.

We present the details of the Gibbs sampling
process of the first phase of our model in Al-
gorithm 1. We omit the details of the second
phase of our model since it is similar to the first
phase. The details of the functions Initialize(·) and
UpdateCounter(·) can be found in Appendix C.

Algorithm 1: Query-driven topic model.
Input: initial topic number K, hyperparameters

α, β, γ, word semantic relatedness matrixM,
documents D, and Concept words WQ,

Output: The posterior topic-word distribution
Initialize(K, D, WQ);
/* first phase */;
foreach iteration do

Update word-topic coherence using Eq.17
foreach document j ∈ D do

foreach position i ∈ j do
Assign table t← tji
Assign topic k ← kjt
UpdateCounter(Sj,wji , t, k, False);
tji ← t ∼ p(tji = t | t−ji, k)

(Eq.6-8)
if t == tnew then

kjt ← k ∼ p(kjtnew = k |
t, k−jt

new

) (Eq.9-10)
end
Sj,wji ← updateGPUFlag(j, wji)

based on Eq.18
UpdateCounter(Sj,wji , tji, kjt, True)

end
end

end

4 Experiments

We conducted our experiments by two steps. In the
fist step, we evaluated the quality of the parent top-
ics from the first phase of our model. In the second
step, we evaluated the quality of the subtopics from
the second phase of our model.

4.1 Setup

Datasets We conducted our experiments on three
datasets: 20Newsgroup2 contains around 18k news-
group posts on 20 topics; TagMyNews3 contains
around 32k short English news from 7 categories;
SearchSnippets (Xu et al., 2017) contains 12k short
web search snippets from 8 categories.

Baselines We compared our model with six base-
lines: LDA (Blei et al., 2003) is a widely used
topic model; DF-LDA (Andrzejewski et al., 2009)
incorporates domain knowledge in LDA with Must-
Links and Cannot-Links; SCLDA (Yang et al.,
2015) expresses prior knowledge as sparse con-
straints; ISLDA (Nikolenko et al., 2017) fixes topic
index z for certain keywords in all documents.
AVITM (Srivastava and Sutton, 2017) is a neural
topic model based on autoencoding Variational In-
ference. We also compared our model with BERT
(Devlin et al., 2018), a well-known neural language

2http://qwone.com/ jason/20Newsgroups/
3http://acube.di.unipi.it/tmn-dataset/
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model, to test its document retrieval ability. To
evaluate the quality of our subtopics towards the
target concepts, we compared our model with HTM
(Blei et al., 2004), which is also a nonparametric
Bayesian model that can generate subtopics from
higher level topics.

Parameterization We set α = 0.5, β = 0.1 for
DF-LDA and α = 0.1, β = 0.01 for SCLDA as
suggested by the original papers. We set α = 1/K,
β = 1/K for LDA and ISLDA, where K is the
number of topics pre-set for the models, and found
it outperforms the original settings. We setα = 0.1,
γ = 0.1 and η = 0.01 for HTM as suggested by
the original paper and set the topic hierarchy depth
to 3, to make it easier to compare with our model
since topics from the second level of HTM can be
considered as the parent topics and those from the
third level as the subtopics of the parent topics. We
set α = 1.0, β = 0.5 and γ = 1.5 as in the orig-
inal HDP paper for our query-driven model, and
set the threshold for the cosine similarity used for
the Generalized Pólya Urn scheme to 0.5 and the
promotion weight u to 0.3. The number of repre-
sentative words M for the word filtering strategy
was set to 10. λ for the REL query expansion tech-
nique was set to 0.5 and k was set to 100. In our
experiments, we treated each category as a con-
cept and determined the number of topics for each
baseline model based on the number of categories
in the datasets. For example, if a dataset had 16
categories, we set the number of topics to 17, using
an extra one representing irrelevant information.

For all baseline models, we asked an expert
to provide prior knowledge. Each category in
a dataset was associated with 10 keywords pro-
vided by the expert. For DF-LDA, we converted
keywords to must-links. Since LDA, DF-LDA,
AVITM and HTM cannot reveal the relationship
between a concept and the generated topics directly,
we need a further step to find the relationship be-
tween them. We calculated the average pairwise
cosine similarity of the keywords and the top-10
word embeddings of each topic, and chose the topic
with the highest similarity as the target topic of
the concept. For HTM, we use the topics from
the second level of its generated topic hierarchy.
For our model, we used query phrases to represent
the main concept of each category. Query phrases
were interpreted directly from category names, e.g.,
we used “computer graphics” to represent the cat-
egory “comp.graphics” in the 20Newsgroup

dataset. We removed categories that do not have
meaningful names due to the difficulty of defin-
ing the query phrases for these categories, e.g.,
“talk.politics.misc” in the 20Newsgroup
dataset. We then selected the top 10 concept words
of each query based on the scores from the concept
words extractor. We list expert-defined keywords
and query phrase for each category in Appendix
A. All models were trained until convergence. For
BERT, we simply used the query phrases to retrieve
relevant documents. We ran each model five times
and present their average performance.

4.2 Parent Topic Evaluation

We evaluated the quality of parent topics of our
model in terms of document classification, topic co-
herence and document retrieval performance. For
document classification, a logistic regression clas-
sifier with default parameter settings was used. We
used the topic distribution of each document as
the input and conducted five-fold cross-validation.
The topic distribution of a document represents the
probability of each topic in a document. The qual-
ity of the topics can be assessed by the accuracy
of text classification using the topic-level repre-
sentation. A better classification accuracy means
better latent semantic representations of the topics,
indicating the learnt topics are more discrimina-
tive and representative. For topic coherence mea-
sure, we followed Roder et al. (2015) and used
the best performing topic coherence measure C V
based on the external corpus (Wikipedia). We fo-
cused on the top 10 words of our parent topics and
used the Palmetto library algorithm (Röder et al.,
2015). Higher coherence indicates better topic in-
terpretability. For document retrieval, we adopted
the metric “precision@K” (P@K), which corre-
sponds to the number of relevant results among
the top K documents. We retrieved documents of
each topic based on the probability of the topic in
the documents p(z|d). If a topic can describe the
target concept well, then the top retrieved docu-
ments should be relevant to the concept. In our
experiments, we know the ground-truth number of
documents belonging to each category, therefore
we set K for each concept to the actual number of
documents from the corresponding category. We
only considered the parent topics and reported the
average results. A higher score indicates the model
retrieves more concept-relevant documents, which
is important when a researcher wants to do a more
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Model 20news TagMyNews SearchSnippets

Acc coherence Precision@K Acc coherence Precision@K Acc coherence Precision@K

LDA 0.650 0.420 0.588 0.781 0.384 0.687 0.804 0.390 0.696
DFLDA 0.623 0.421 0.562 0.772 0.386 0.649 0.795 0.390 0.644
SCLDA 0.666 0.402 0.622 0.804 0.418 0.745 0.816 0.414 0.796
ISLDA 0.680 0.406 0.645 0.801 0.411 0.729 0.845 0.421 0.804
BERT − − 0.156 − − 0.300 − − 0.261
AVITM 0.504 0.494 0.381 0.728 0.482 0.583 0.678 0.461 0.596

Query-driven model(FRE) 0.707 0.433 0.679 0.807 0.429 0.716 0.858 0.469 0.807
Query-driven model(REL) 0.601 0.452 0.557 0.837 0.444 0.749 0.851 0.501 0.780
Query-driven model(KLD) 0.705 0.435 0.677 0.828 0.414 0.755 0.860 0.465 0.811
+ expert keywords 0.690 0.430 0.659 0.817 0.493 0.747 0.864 0.503 0.841

− word filtering 0.706 0.434 0.678 0.823 0.413 0.744 0.859 0.432 0.811
− GPU 0.698 0.400 0.671 0.818 0.389 0.730 0.849 0.413 0.808

Table 1: Parent topic evaluation results for three datasets. FRE indicates frequency based query expansion; REL
indicates Word embedding enhanced query expansion; KLD indicates KL-Divergence based query expansion.
BERT here is only for document retrieval purpose therefore we can’t present the accuracy and coherence in the
table.

in-depth study of related documents.
Table 1 shows the performance of our models

using three different query expansion techniques as
well as only using expert-defined key words as prior
knowledge. It can be observed that our models us-
ing the FRE and KLD query expansion techniques
outperform all baselines except AVITM on almost
all measures, though our model using the FRE
query expansion technique has slightly worse doc-
ument retrieval performance on the TagMyNews
dataset. Although the model using REL is not as
competitive as the models using FRE and KLD on
the 20newsgroup dataset, it has the highest coher-
ence scores on all the datasets, despite not using
any expert-defined keywords as prior knowledge.
This shows that combining word embeddings in
query expansion can help produce more coherent
prior knowledge. Although AVITM has better co-
herence score than our model on the 20newsgroup
and TagMyNews datasets, its poor document re-
trieval performance indicates it is unable to find
documents relevant to the target concept. Com-
paring our query-driven model with or without
using expert-defined keywords, it achieves better
coherence scores on the 20Newsgroup dataset with-
out expert-defined keywords, though it performs
slightly worse on the other two datasets.

As for document classification and document
retrieval, our KLD-based model has better perfor-
mance than expert-defined keywords on 20news-
group and TagMyNews, but does not work well on
SearchSnippets. This may be because our concept
words extractor does not work well on short texts.
The concept words extracted from TagMyNews

and SearchSnippets are not as competitive as ex-
pert defined keywords. In addition, different in-
terpretations of the same concept word may also
compromise the performance. Interestingly, we
also observed that BERT does not work well on
these datasets. Possibly this is because we are using
short query phrases to represent the concepts and
BERT only works well for long queries. A short
query may not give enough information about the
concept that’s why we adopted query expansion
and topic modeling approaches. Table 2 shows ex-
ample concept-specific topics extracted from the
TagMyNews dataset. It can be seen that extracted
topics are closely related to their respective concept
phrase. Topic extraction results on the other two
datasets are shown in Appendix B.

Concept Phrase Top 10 words

business profit, business, bank, sell, usa, sale,
credit, price, billion, stock

entertainment week, show, star, theater, pop, time,
film, tv, sony, wedding

health disease, health, study, care, risk, drug,
cancer, insurance, people, usa

technology google, apple, technology, ipad, china,
company, online, intel, service, network

sport game game, play, playoff, final, boston, win,
series, scored, season, sport

Table 2: Target concept topics for TagMyNews dataset.

Ablation study: We also studied the effective-
ness of two major components in the proposed
model: 1) GPU to incorporate word embeddings;
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Model 20news TagMyNews SearchSnippets

Diversity Cohesion overall Diversity Cohesion overall Diversity Cohesion overall

HTM 0.94 0.54 0.51 0.93 0.53 0.49 0.86 0.49 0.42
Query-driven model 0.71 0.79 0.56 0.68 0.79 0.54 0.74 0.76 0.56

Table 3: Topic diversity and cohesion results for subtopics.

2) word filtering to remove unimportant words. The
last two rows in Table 1 show the performance of
our model using KLD query expansion technique
without GPU and word filtering components. These
show that GPU has a big impact for coherence and
can help improve other measures in some extents,
while removing word filtering reduces performance
on all measures.

4.3 Subtopics Evaluation

We used our model with the KLD-query expansion
technique in this evaluation. We dropped subtopics
that have prevalence of less than 0.5% in the cor-
pus as these subtopics usually are not of interest.
We evaluated the quality of subtopics in terms of
topic diversity and topic cohesion4. Topic diver-
sity measures how much a subtopic overlaps with
each other. We define it to be the percentage of the
unique words in the top 25 words of all subtopics
subordinate to the same parent topic (Dieng et al.,
2020). Higher diversity indicates more varied top-
ics, while lower diversity indicates more redundant
topics. Topic cohesion measures the relevance be-
tween the subtopics and the parent topic. We define
it to be the cosine similarity between the parent
topic embedding and the subtopic embedding. We
can get the topic embedding as the weighted sum-
ming of the embeddings of its top 10 associated
word. We combine these two metrics and define
the overall quality of a subtopic as their product.

We report the results in Table 3. It shows that
our model outperforms HTM by topic cohesion
measures on all datasets, though with lower topic
diversity scores. The high cohesion score indicates
that the subtopics of our model is highly relevant
to the target concept. By taking both measures
into a account, our model achieves relatively better
performance. It is expected since we incorporate
domain prior knowledge into our model.

4Note that topic cohesion is different from topic coherence
as topic cohesion measure the relevant between a subtopic and
its parent topic.

4.4 Qualitative Evaluation

We present the qualitative evaluation results in this
section. We show a set of topics produced by our
model from the 20newsgroup dataset in Table 4.
The input concept phrases are shown in the left
side of the table. For the concept phrase “atheism”,
which means the absence of belief in the existence
of deities, we can see that our parent topic is highly
relevant to it. The topic words like “question”, “be-
lief ”, “god” and “lack” clearly indicate that the
topic is related to the arguments about God. By
looking at the subtopics, we can easily see the first
subtopic is about the atheism morality, the second
subtopic is about the arguments between atheism
and theism, and the third subtopic is about the sci-
entific explanation on atheism. For the concept
phrase “for sale”, which means selling an item in
a cheaper price, our parent topic includes many
relevant words, such as “sell”, “sale”, “sold” and
“price”. The inclusion of “box” is less easy to ex-
plain, but could be related to product packaging. As
expected, our subtopic reveals a sub-aspect about
the concept that can not be identified directly from
the parent topic: the email subscription for the
latest news. This is reasonable, since merchants
usually use email to provide customers with in-
formation about the latest products. The words
like “interested”, “mail”, “send”, “information”
and “original” provide more information about the
concept.

The last row of Table 4 presents the topics of the
low occurrence query “business”, appeared only
294 times in the corpus, which is extremely low
compared with the majority of other words in the
corpus. LDA and HTM are unable to generate
relevant topics due to the aforementioned “higher
order co-occurrence” issue, but our model can pro-
duce reasonable topics. The topic words “encryp-
tion”, “key”, “phone”, “company” and “business”
in the parent topic shows that the topic is related
to data encryption for business. By looking at the
subtopics of the topic, we can get a rough idea
that the first subtopic is about a Japanese phone
company, since the top weighted words include
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Concept phrase Parent topic Subtopics

atheism people, question, strong, belief, make,
god, thing, point, religion, lack

moral, system, morality, society, nature,
objective, human, dream, animal, action

people, question, thing, make, point,
god, argument, belief, claim, true

science, scientific, theory, result, obser-
vation, scientist, experiment, hypothe-
sis, methodology, model

for sale sell, sale, original, sold, interested, in-
cluded, price, offer, box, cd

sale, offer, price, sell, original, shipping,
box, condition, interested, cd

list, interested, send, mail, address, post,
email, original, information, call

business 3do, government, key, phone, technol-
ogy, company, business, chip, encryp-
tion, clipper

company, phone, 3do, technology, busi-
ness, number, system, japanese, com-
puter, make

government, clipper, encryption, chip,
system, nsa, phone, people, security,
key

key, chip, algorithm, number, clipper,
encryption, de, escrow, system, secret

Table 4: Parent topic and the subtopics of the concepts “atheism”, “for sale” and “business” for the 20newsgroup
dataset.

“japanese”, “company”, “phone”, “technology”.
This makes sense since phone companies usually
have a strong requirement for encryption. The sec-
ond and third subtopics are about encryption al-
gorithms, since the top weighted words include
“chip”, “nsa”, “key” and “algorithm”. We further
verified that our interpretation is correct by looking
at the top weighted documents of the topics. This
confirms that our model has potential for use in real
world applications.

5 Conclusions and Future Work

We presented a novel, query-driven topic model
to help identify topics of interest in large datasets.
Instead of asking experts to define keywords for
these topics, we implemented a concept words ex-
tractor to automatically extract concept words and
used the GPU model, incorporating word-filtering,
to improve interpretability and performance. To
distinguish between different contexts for the same
concept, we further introduced a subtopic modeling
procedure. The procedure can automatically infer
all subtopics without having to determine the opti-
mal number of subtopics beforehand. Experimental

results on three benchmark datasets demonstrate
the model’s promise. In the future, we plan to
evaluate our model’s performance using real-world,
qualitative analysis use cases.
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Appendix A: Query and keywords for each category

Concept Phrase Expert Defined Keywords

atheism Agnosticism theism deism islam paganism moral atheist religions argument exist
computer graphics image digital visual 3d 2d visualization print geometry synthesizing processing
pc hardware cpu monitor keyboard memory card sound speakers motherboard power pc
mac hardware touchpad touchbar drive apple mac ram gpu system sensors physical
for sale product mail discount bargain shopping price sale propertise rent summer
automobile car vehicle transportation wheel tire road parking gasoline energy driver
motorcycles bike scooters mopads motorbikes trowel commute helmet ride speed harley
baseball player ball small hit team fielding batting runs nbl baseball
hockey puck nhl hockey ice rink canada rubber curve skater guard
encrypt encoding decryption cryptographic secure plaintext ciphertext key algorithm pseudo private
electronics equipment science electricity wire console computer outlet engineering power voltage
medicine medicine surgery hospital climic doctor nurse healthcare symtoms prescription pharmacy
space rocket nasa astronomy explore moon outerspace spaceship telescope satellite orbit
christian belief faith church christianity ethics culture ritual Jesus bible truth
guns law regulation usa victim murder violence litigation debate firearms legal
middle east israel Iran Iraq war territory turkey attack soldier turkey government

Table A1: Concept phrases and expert defined keywords for the 20NewsGroup dataset.

Concept Phrase Expert Defined Keywords

business bank stock market business economy financial investor profit price deal
entertainment film movie music tv theater festival actor show book hollywood
health drug health cancer patient disease medical hospital healthcare doctor treatment
technology apple google sony facebook internet mobile ipad technology microsoft phone
sport game league win player team tournament game playoff sport championship point

Table A2: Concept phrases and expert defined keywords for the TagMyNews dataset.

Concept Phrase Expert Defined Keywords

Business bank stock market business economy financial investor profit price deal
Computers computer software programming parallel computing memory hardware driver cpu processor
Culture Arts Entertainment movie music art film artist museum fashion culture imdb actor
Education Science research science journal university student education scientific mathematics theory school
Car Engineering engine electrical car wheel model automobile industrial vehicle cylinder jet
Health drug health cancer patient disease medical hospital healthcare doctor treatment
Politics Society political party democracy government republic parliamentary representative president communist congress
Sports league football player team tournament game basketball sport hockey championship

Table A3: Concept phrases and expert defined keywords for the SearchSnippets dataset.
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Appendix B: Topics generated for target concepts

Concept Phrase Top 10 words

atheism people question thing god strong point make belief argument evidence
computer graphics support file version image list graphic program information screen address
pc hardware drive pc disk scsi software modem port hard controller system
mac hardware card mac monitor apple system video problem write chip work
for sale sell sale sold original interested included price offer box cd
automobile car auto automobile engine ford problem mile v6 oil dealer
motorcycles bike riding ride motorcycle rider battery buying dog back dod
baseball run baseball game pitcher year hit player average team good
hockey game hockey team nhl night goal player coach cup year
encrypt key message chip encryption government clipper algorithm system phone encrypted
electronics company power line led electronics electronic circuit output work signal
medicine patient medical treatment doctor disease study clinical medicine food effect
space space nasa shuttle launch satellite station moon 1st cost orbit
christian god christ church christian love word bible jesus protestant truth
guns gun control weapon child people police fire law handgun amendment
middle east israel arab armenian jew israeli muslim people middle east war

Table B1: Topics of target concepts for the 20NewsGroup dataset.

Concept Phrase Top 10 words

Business business management marketing trade service market law export job stock
Computers computer computing software web application system programming apple memory chip
Culture Arts Entertainment art culture music american artist tradition history ancient museum band
Education Science science education research scientific undergraduate biology journal school university fiction
Car Engineering car model engineering automobile engine wheel auto electrical product motor
Health health disease care cancer public nutrition information medical gov drug
Politics Society political party democracy system military politics government conflict gov war
Sports football team soccer game sport hockey news tennis score player

Table B2: Topics of target concepts for the SearchSnippets dataset.
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Appendix C: Algorithms

Algorithm 2: Initialize(K, D, WQ)
foreach document j ∈ D do

k ← z 6= z̃Q ∼Multinomial(1/K);
foreach position i ∈ j do

foreach Wq ∈WQ do
if wji ∈Wq then

k ← z̃q;
break;

end
end

end
t← 0;
foreach position i ∈ j do

Sj,wji ← 0;
tji ← t;
kjt ← k;
UpdateCounter(Sj,wji , tji, kjt, True);
t← t+ 1;

end
end

Algorithm 3: UpdateCounter(Sj,w, t, k, operation)
if operation == True then

if t == tnew then
mk ← mk + 1;

end
if Sj,w == 1 then

/* To apply GPU */;
foreach (wi, wq) ∈M do

if w == wi then
njt ← njt +Ai,q;
nkw ← nkw +Ai,q;

end
end

else
njt ← njt + 1;
nkw ← nkw + 1;

end
else

if Sj,w == 1 then
/* To remove counts from GPU */;
foreach (wi, wq) ∈M do

if w == wi then
njt ← njt −Ai,q;
nkw ← nkw −Ai,q;

end
end

else
njt ← njt − 1;
nkw ← nkw − 1;

end
if njt == 0 then

mk ← mk − 1;
end

end

Note: nkw denotes the word count of w in topic k; z̃Q denotes the concept related topics.
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Abstract
In the pursuit of a deeper understanding of
a model’s behaviour, there is recent impetus
for developing suites of probes aimed at di-
agnosing models beyond simple metrics like
accuracy or BLEU. This paper takes a step
back and asks an important and timely ques-
tion: how reliable are these diagnostics in pro-
viding insight into models and training setups?
We critically examine three recent diagnostic
tests for pre-trained language models, and find
that likelihood-based and representation-based
model diagnostics are not yet as reliable as pre-
viously assumed. Based on our empirical find-
ings, we also formulate recommendations for
practitioners and researchers.

1 Introduction

Contemporary statistical models based on deep
learning have made incredible progress towards
solving complex language tasks (Radford et al.,
2019; Devlin et al., 2019; Raffel et al., 2020).
These models generally trade off the interpretability
and simplicity of traditional models for powerful
parameterizations and inductive biases, enabling
their impressive performance. However, their en-
try into critical fields such as medicine, the justice
system, and social media moderation often makes
this trade-off a costly one. Consequently, there has
been surging interest in the development of tools
and suites for diagnosing and better understand-
ing model behaviour, and gaining insight into what
patterns and phenomena they have learned (§4.1).

Ideally, these diagnostics would not only help
practitioners understand the failure modes and ca-
pabilities of large contemporary models, but also
enable them to improve their models based on the
diagnostics. To this end, we believe that model
diagnostics are essential for making meaningful
progress in natural language processing.

∗Google AI Resident

Model diagnostics generally probe a model for
specific learned qualities (§4.1). These may be
a positive qualities (e.g., whether a model has ac-
quired syntactic knowledge) or potentially problem-
atic qualities (e.g., biases and stereotypes. These
probes can be used to identify certain phenomena
that can be used to further improve models.

Given the potential impact that model diagnos-
tics can have for practitioners and the research
community’s fundamental understanding of con-
temporary models, this paper asks the important
and inevitable question of whether these probes
are actually reliable and robust, and to what extent
they are. These diagnostics’ explicit nature as a
tool for understanding also imposes a greater bar
for robustness, as inconsistencies may mislead and
result in compounding errors.

Our findings demonstrate that model diagnos-
tics can be unreliable on multiple fronts. To illus-
trate our point, we select three diagnostics tasks
— StereoSet (Nadeem et al., 2020), CrowS-Pairs
(Nangia et al., 2020), and SEATs (May et al.,
2019) to base our empirical evaluation on. Overall,
we find that likelihood-based and representation-
based diagnostics measured multiple times on
the same training setup can result in wildly dif-
ferent findings. Specifically, a substantial variance
is observed when performing the same model di-
agnostics on identical BERT (Devlin et al., 2019)
pre-training setups while varying minute details
such as the initial random seed or choice of repre-
sentation.

These findings are meant to caution researchers
and practitioners that rely on such diagnostics so
that they can be more mindful of these phenomena
when analyzing their models in the future. We
discuss the implications of our findings and propose
recommendations for practitioners and researchers
in §5.
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2 Methodology

2.1 Training setup
We pre-train 5 BERT BASE and LARGE uncased En-
glish models, each with the same configurations as
in Devlin et al. (2019) using Tensorflow1. However,
each model differs in its random seed, resulting
in different parameter initializations and training
data permutations. Hence, it is expected that the
checkpoints will each end up at a different local
minima. It should be noted that BERT uses static
masking instead of dynamic masking, so the set of
pre-training examples remains the same.

To decouple our findings from phenomena that
occur as a result of using different training setups,
we restrict our experiments to only those that re-
quire pre-trained BERT models, eliminating many
probes mentioned in §4.3. Webster et al. (2020)
report that patterns learned during pre-training are
often resilient to fine-tuning, further supporting our
reasoning.

2.2 Likelihood-base diagnostics
One approach to examining the behaviour of lan-
guage models like BERT is to examine how they
rank certain representative examples above oth-
ers. We use two contemporary datasets that mea-
sure how often stereotypes are ranked above anti-
stereotypes — StereoSet (Nadeem et al., 2020) and
CrowS-Pairs (Nangia et al., 2020). Both datasets
measure ss = 100 ∗∑|X|n=1 1[ll(xstern )>ll(xantin )]/|X|.
StereoSet Nadeem et al. (2020) propose a
benchmark that contains intra-sentence and inter-
sentence examples of stereotypes and anti-
stereotypes. Here, likelihoods are calculated as
ll(x) = p(xτ |x\τ ) (where τ is the set of tar-
get demographic word(s) in x ) and ll(x) =
p(isNext|x1, x2) for intra-sentence and inter-
sentence examples respectively. They also propose
and combine a language modeling score (lms) with
ss into a hybrid metric (icat), but we only report
ss to focus on StereoSet’s primary purpose — mea-
suring stereotypical preference in language models.
We report results on the development set.

CrowS-Pairs Nangia et al., 2020 propose a test
that contains intra-sentence examples, where like-
lihoods are calculated by conditioning on the tar-
get demographic word(s) in the sentence (ll(x) =
p(x\τ |xτ )) rather than vice-versa as in StereoSet.

1https://github.com/tensorflow/models/
tree/master/official/nlp/bert

The CrowS-Pairs diagnostic is expected to show
higher variance than StereoSet for two reasons: (1)
it is a smaller dataset (∼1

3 rd the size of StereoSet-
dev) with more categories, so results are more sen-
sitive to changes in individual predictions; and (2)
the pseudo-likelihood it uses is more susceptible to
the poor calibration (Jiang et al., 2020a; Desai and
Durrett, 2020) of contemporary models, since the
number of multiplied probabilities grows linearly
with the number of words in a sentence.

2.3 Vector-space diagnostics

Directly examining representations learned by mod-
els is another way to understand their behavior.
This is typically done by measuring relationships
between different types of inputs, for example in
terms of their relative orientations in a vector space.

SEATs We use Sentence Encoder Associa-
tion Tests (SEATs; May et al., 2019), which
extend the popular Word Embedding Associ-
ation Tests (WEATs; Caliskan et al., 2017)
by constructing “semantically bleached” sen-
tences. A WEAT/SEAT measures the effect
size s(X,Y,A,B) of the association between
two targets (e.g., X=MentalDisease and
Y =PhysicalDisease) and two attributes (e.g.,
A=Temporary and B=Permanent), as well as
the statistical significance of the association using
a permutation test2. We conduct experiments using
the same SEATs as in May et al. (2019). In addi-
tion to testing sentence ([CLS]) representations,
we also test the contextualized word representa-
tions of the target/attribute words in the sentences.
The reason we do this is that even for semantically
bleached sentences, it is often non-trivial for mod-
els to encode information about an entire sentence
in a single vector3.

In addition to examining effect sizes, we also
conduct an experiment to see how distinguishable
representations of certain concepts are in vector
space (e.g., do representations of Pleasant and
Unpleasant sentences form their own clusters?).
We do this by clustering (via k-means) sentence rep-
resentations and subsequently examining how well
the unsupervised clusters align with the actual cate-
gories. The aim of this experiment is to understand
vector space diagnostics behave the way they do.

2Please see Appendix A for how SEATs are computed.
3https://www.cs.utexas.edu/˜mooney/

cramming.html
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Figure 1: % of examples in likelihood-based tests that
have d different predictions over 5 runs. Ideally, exam-
ples would always (100%) be predicted the same (d=0).

Test Cat. N BERT results (%)
BASE LARGE

C
ro

w
S-

Pa
ir

s

Race 516 54.4± 4.7 55.9± 2.7
Gen. 262 58.2± 2.5 61.1± 1.7
S.O. 84 63.2± 3.4 67.4± 4.6
Rel. 105 68.9± 8.0 72.2± 2.1
Age 87 55.4± 4.2 60.9± 5.6
Nat. 159 51.2± 1.2 55.3± 3.5
Dis. 60 69.0± 3.8 79.0± 1.9
P.A. 63 59.1± 4.9 64.4± 4.3
Occ. 172 54.9± 4.5 58.0± 4.2
all 1508 57.1± 2.8 60.3± 1.7

St
er

eo
Se

t Gen. 496 59.1± 0.7 62.4± 2.0
Occ. 1636 60.5± 0.6 61.4± 0.8
Race 1938 54.8± 1.1 56.4± 0.8
Rel. 156 51.8± 2.8 54.4± 3.3
all 4226 57.4± 0.7 59.0± 0.7

Table 1: Likelihood-based diagnostics over cate-
gories often have high standard deviation (bold) over
pre-training runs, often varying from almost neutral
(∼50%) to a significant amount (highlighted).
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Figure 2: Representations of targets and/or attributes
often don’t cluster over pre-training. The dashed line is
when representations are indistinguishable (acc. = 0.5).

3 Findings and Insights

3.1 Likelihood-based diagnostics are
unstable

Experiments on StereoSet and CrowS-Pairs show
that while likelihood-based ranking diagnostics
may be stable across all categories, instability is ev-
ident in the results of individual categories (Table
1). Many categories have a standard deviation of
over 2.5 percentage points. Some categories also
vary from almost no stereotypical preference to a
significant amount (highlighted in Table 1) — a
result that could potentially cause practitioners to
draw false conclusions.

Additionally, from Figure 1 it is evident that
many examples are assigned different labels over
the 5 pre-trained models, often having 3 models
assign them one label and 2 models assigning them
the opposite label — almost as random as a coin
flip! The implies that the models are probably un-
certain about their predictions for these datapoints,
motivating the consideration of model uncertainty
in diagnostic measures instead of simply making a
binary decision by comparing likelihoods.

Worryingly, both tests report wildly differing re-
sults on religious stereotypes (“Rel.”), with CrowS-
Pairs detecting strong stereotypical preference and
StereoSet detecting almost none. It is also worth
noting that results on CrowS-Pairs exhibit far
higher variance compared to StereoSet (Table 1,
Figure 1), as hypothesized in §2.2.

3.2 Vector-space diagnostics are unstable
Representation-based experiments exhibit high
variance across multiple pre-training runs, choices
of representation, and model sizes (Figure 3). No-
tably, SEAT results are often on both sides of the
“neutral” mark (0), and their statistical significance
is often erratic. In other words, it is possible for
two models to be pre-trained with the exact same
configurations but different random seeds to yield
completely opposite conclusions on some SEATs.
Moreover, the same checkpoint often yields dif-
ferent results depending on whether sentence or
pooled target-word representations are used. Ide-
ally, a SEAT would always or never be statistically
significant, and yield effect sizes with the same
sign over multiple pre-training runs and (seemingly
innocuous) choices of representation.

From Figure 2, the representational instability
of semantically bleached SEAT sentences is fur-
ther evident — how these representations cluster
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Figure 3: SEAT results exhibit high variance across pre-train runs, model sizes, and choice of representation.
Moreover, effect sizes often vary around the “neutral” mark (0) and also have different statistical significances (at
p = 0.01). Ideally, a test would always (5) or never (0) be significant, and yield effect sizes with the same sign.

together is erratic both across pre-training steps as
well as across multiple pre-training runs. This re-
sult gives us further insight into why high variance
is observed for vector-space diagnostics — repre-
sentations often can’t form their own clusters for
certain concepts, so simply examining their relative
orientations is insufficient. Our findings provide
empirical arguments for what May et al. (2019)
surmise — there is scope for sentence embedding-
based tests that do more than naturally extend word
embedding-based tests with semantically bleached
sentences.

We surmise that representation-based diagnos-
tics are less stable than likelihood-based diagnos-
tics because large models like BERT are optimized
to be good at modeling likelihoods via their pre-
training objective. However, there is no constraint
on how sentences must be represented other than it
should be possible to “extract” correct likelihoods
from them. In other words, there is no reason to
expect the orientations of these representations to
provide deep insight into what these models learn.

3.3 Diagnostic instability is despite
equivalent downstream performance

We fine-tuned the 10 checkpoints on SST-2 (Socher
et al., 2013), RTE (Dagan et al., 2006; Bar Haim
et al., 2006; Giampiccolo et al., 2007; Bentivogli
et al., 2009), and QNLI (Rajpurkar et al., 2016)
from the GLUE benchmark (Wang et al., 2019).
Development-split results show that performance
was largely the same across checkpoints (Table 2)
despite diverging behaviour on the model diagnos-
tics as shown in §3.1 and §3.2. This shows that
the different local optima still perform largely
the same on downstream tasks despite behaving
differently with respect to model diagnostics.

Dataset BERT fine-tuning results
BASE LARGE

SST-2 91.2± 0.3 93.0± 0.3
RTE 71.3± 1.2 76.8± 1.8
QNLI 92.1± 0.2 92.1± 0.3

Table 2: The checkpoints generally exhibit equivalent
performance on downstream tasks.

Dev-set performance is also largely consistent
with what is expected of BERT BASE and LARGE

models. It should be noted that we only used one
set of hyperparameters and did not perform the
hyperparameter sweep as in Devlin et al. (2019),
so further tuning would likely improve results.

4 Related Work

4.1 Model Diagnostics

Models have been probed to understand what
exactly they learn beyond traditional language
tasks, ranging from their linguistic capabilities (Adi
et al., 2017; Tenney et al., 2019; Conneau et al.,
2018; Ribeiro et al., 2020; Belinkov et al., 2017;
Hewitt and Manning, 2019; Marvin and Linzen,
2018), multilingual capabilities (Pires et al., 2019;
Kudugunta et al., 2019), world knowledge (Jiang
et al., 2020b; Petroni et al., 2019), and social bias
(Nadeem et al., 2020; Nangia et al., 2020; May
et al., 2019) among other phenomena.

Another axis to compare model diagnostics on is
whether they are intrinsic or extrinsic, i.e., whether
they directly analyze models for certain phenom-
ena that aren’t tied to any downstream task or do
so keeping particular tasks in mind. This paper
restricts itself to intrinsic tasks for reasons men-
tioned in §2.1. An example of an extrinsic task is
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Rudinger et al. (2018), which probes models for
gender bias through the lens of coreference res-
olution. We refer readers to Belinkov and Glass
(2019) for a more comprehensive survey on model
analysis for natural language processing.

4.2 Diagnostic Fragility

It has been shown that classifier probes — which
require an additional classifier (like an MLP) to
be trained on top of frozen model representations
— are unstable (Voita and Titov, 2020), and that
it might not be clear from their results whether
the probe itself learned a phenomena or whether
the diagnosed representations learned it (Hewitt
and Liang, 2019). Similarly, Wang et al. (2020)
find that gradient-based analysis of language tech-
nologies based on neural networks can often be
unreliable and manipulable. Attention-based inter-
pretation can also be unreliable and manipulable to
the point of deceiving practitioners, as Pruthi et al.
(2020) and Jain and Wallace (2019) show. The
works mentioned above all support our arguments,
and some raise similar concerns to those expressed
in this paper.

4.3 Inconsistencies between equivalent
checkpoints

This paper’s findings can be linked to the problems
caused by underspecification in machine learning
(D’Amour et al., 2020), i.e., when multiple unique
predictors trained with the same configuration have
the same performance but differ in subtle ways. In
a setting where practitioners might train and thor-
oughly analyze one model but then retrain it and
assume that the first checkpoint’s model diagnos-
tics hold for the second one, this issue is highly rel-
evant. McCoy et al. (2020) also find that separately
fine-tuned BERT models often vary significantly in
generalizing to auxiliary tasks.

5 Discussion

Recommendations No probe is perfect, but it
is clear that model diagnostics are not as reliable
as previously assumed. Our empirical findings —
coupled with the works mentioned in §4.2 and §4.3
— motivate careful scrutiny of model diagnostics.
We recommend that:

• Practitioners not generalize a single diagnostic
result to the entire training setup, and instead
restrict conclusions to a specific checkpoint.

• Researchers proposing probes not only test on
publicly available checkpoints, but rather ex-
amine a probe’s performance and robustness
across a range of model/probe configurations.

Future Work While this paper primarily aims
to motivate further scrutiny of model diagnostics,
we hope it motivates studies that ask why these
diagnostics often behave unreliably. One future
research direction we are excited about is analyzing
correlations between the properties of the models’
local minima in the loss landscape and behaviour
on model diagnostics. This would not only be
another step towards a better understanding of how
contemporary deep language models work, but also
enable researchers to use that information to design
better, more robust model diagnostics. Such a study
may even help inform the optimization process for
future state-of-the-art language technologies.

It should also be noted that this paper is restricted
to three diagnostics spanning likelihood-based and
representation-based probes, and that future work
is needed to determine the extent to which other
diagnostic probes are reliable.

6 Conclusion

In this paper, we motivate further scrutiny of model
diagnostics that aim to understand the behaviour of
contemporary “black-box” language technologies.
Our results show that model diagnostics are often
fragile and can yield different conclusions as a re-
sult of seemingly innocuous configuration changes.
We hope that our results over multiple pre-train
runs will encourage researchers and practitioners
to be mindful of the reliability of such model di-
agnostics when verifying hypotheses about their
models and training setups.
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A SEAT computation

The effect size of a SEAT — characterized by two
target (X,Y ) and two attribute (A,B) sets of sen-
tences — is calculated as:

d =
meanx∈X s(x,A,B)−meany∈Y s(y,A,B)

stdevz∈X∪Y s(z,A,B)

where:

s(sent , A,B) = meana∈A cos(
−−→
sent,−→a )

−meanb∈B cos(
−−→
sent,

−→
b ).

The p-value of the permutation test to determine
the statistical significance of the effect size is cal-
culated as::

p = Pr[S(Xi, Yi, A,B) > S(X,Y,A,B)]

over partitions (Xi, Yi) of (X∪Y ) such that |Xi| =
|Yi|, where:

S(X,Y,A,B) =
∑

x∈X
s(x,A,B)−

∑

y∈Y
s(y,A,B)
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Abstract

Applying reinforcement learning to dialogue
policy learning requires prohibitively large
rounds of human-machine interactions. To
improve the learning performance, the Deep
Dyna-Q framework with a world model that
imitates real users is widely used in recent
years. Unfortunately, how to build an effec-
tive world model and how to evaluate the ex-
periences generated by the world model effi-
ciently have not been well studied. In order
to further improve the effectiveness and effi-
ciency of dialogue policy learning, we present
a novel Gaussian Process based Deep Dyna-Q
approach in this paper. The Gaussian Process
model, which is analytically tractable and fits
for small-sample problems, is introduced to
build the world model. In addition, we design
a highly efficient Kullback-Leibler divergence
based discriminator to evaluate the quality of
experiences generated by the world model. Ex-
tensive experiments validate the effectiveness
and robustness of our proposed approach. The
task-completion success rate can be improved
by about 20% with fewer human-machine in-
teractions.

1 Introduction

Task-completion dialogue policy learning aims to
build a task-completion dialogue system that can
help people complete a specific single task or multi-
domain tasks through several rounds of natural lan-
guage interactions. It has been widely used in chat
robots and personal voice assistants, such as Siri of
Apple and Cortana of Microsoft.

Reinforcement learning (RL) becomes the main-
stream dialogue policy learning method in recent
years (Chen et al., 2020; Saha et al., 2020; Li et al.,
2020). Based on the RL, the task-completion dia-
logue system can gradually adjust policy through

∗The three authors contribute equally to this work
†Corresponding author: wqfang@nanhulab.ac.cn

interacting with real users to improve performance.
However, the vanilla RL methods require many
rounds of human-machine dialogue interactions be-
fore getting a satisfactory dialogue policy, which
not only increases the training cost but also dete-
riorates user experience during the early training
phase.

In order to address the above problem and accel-
erate the learning process of dialogue policy, Deep
Dyna-Q (DDQ) (Peng et al., 2018) is proposed
based on the Dyna-Q framework where a environ-
ment model, known as world model, is introduced
to generate simulated user experiences in the dy-
namic environment. The world model is trained by
the real user experience to make itself act more like
real users. During the dialogue policy learning, the
dialogue agent is trained by both real experiences
collected from interacting with real users and sim-
ulated experiences collected from interacting with
the world model.

By introducing the world model, DDQ can pro-
mote the learning efficiency effectively during dia-
logue policy learning. However, it still faces two
critical challenges which are crucial to further im-
prove the dialogue policy learning with limited
dialogue interactions.

Firstly, the world model in DDQ is built as a
deep neural network (DNN) whose performance
heavily relies on the amount of training data. In the
initial training stage when the real experiences are
relatively few, the data-hungry problem caused by
DNN may make the world model fail to generate
simulated user experiences with enough quality. It
requires a lot of real experiences to train a qualified
DNN-based world model that can produce high-
quality simulated experiences. The world model
implemented by the data-hungry model such as
DNN erodes the advantage brought by Dyna-Q
framework and makes DDQ less effective in reality.

Secondly, it has been pointed in (Peng et al.,
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2018) that the simulated experience generated by
the world model does not necessarily improve per-
formance. Low-quality experiences even hinder the
performance seriously. To address this issue, some
recent works attempted to control the quality of
simulated experiences by using generative adversar-
ial network (GAN) to discriminate the low-quality
experiences (Su et al., 2018). Nonetheless, the
notorious instability of training GANs may make
dialogue policy learning suffer badly from non-
convergence and high sensitive to the hyperparam-
eter selections, which is demonstrated in Section
3 of our paper. It is an important yet unsolved
problem to efficiently discriminate low-quality ex-
periences during dialogue policy learning.

In order to tackle the above two challenges, we
propose a new Gaussian Process based Deep Dyna-
Q approach. Compared with the previous works
(Peng et al., 2018; Su et al., 2018), the world model
in our approach is built as a Gaussian Process (GP)
model rather than a DNN model. The GP model is
analytically tractable and enjoys the advantage of
dealing with small-sample problems (Patacchiola
et al., 2019; Gašić et al., 2017; Su et al., 2016),
which makes it more competitive than DNN mod-
els in this work. In addition, we design a novel
method to evaluate the quality of simulated user
experiences by comparing them with real user expe-
riences based on Kullback-Leibler (KL) divergence
directly without any extra training of discriminator.
The main contributions of this work are as follows:

• We present a new GP-based Deep Dyna-Q ap-
proach, which can generate high-quality simu-
lated experiences to supplement the limited real
user experience. To build the world model as
a GP model, we design a Dyna-Q framework
that supports regression mode meeting the basic
requirements of using GP methods.

• We propose a KL divergence based discrimina-
tor which is able to fluently control the quality
of simulated experiences. By introducing KL
divergence, we can check the distribution of ex-
periences without wasting extra work to design
and train a complex discriminator. It is easier to
evaluate the quality of simulated experiences in
reality, and greatly improve the computational
efficiency while ensuring the robustness and ef-
fectiveness of the dialogue policy.

Supervised
Learning

World Model Learning

Data Management 

Controlled 
Planning

KL Divergence

Direct 
Reinforcement

Learning

Real 
Experience

User

Acting

Policy 
Model

Imitation
Learning

Human 
Conversational Data

GP 
Regression

Uncertainty

World Model

Figure 1: Architecture of the proposed dialogue learn-
ing approach.

2 Gaussian Process based Deep Dyna-Q
Approach

In this section, we introduce the proposed GP based
DDQ approach in detail. Figure 1 shows the archi-
tecture of the proposed approach. Our GP based
DDQ approach follows the learning process of
DDQ, and concentrates on two issues: 1) how to
build an effective world model, and 2) how to evalu-
ate simulated experiences efficiently. Accordingly,
we build the world model as a GP model and de-
sign a novel KL divergence based discriminator to
promote the efficiency of dialogue policy learning.

The dialogue policy learning starts with initial-
izing the policy model and the world model by
using the human conversational data. In direct rein-
forcement learning, the policy model is trained by
interacting with real users to improve the dialogue
policy. Meanwhile, the real experiences collected
from real users are used to train the world model,
which is referred to as world model learning. In
data management, the simulated experiences gen-
erated by the world model are evaluated by com-
paring with the real experiences based on the KL
divergence. Then, the qualified ones are pushed
into the replay buffer for controlled planning to
train the policy model without interaction with real
users.

2.1 Gaussian Process based World Model

During the planning process, we implement the
world model to generate simulated experience that
can be used to improve dialogue policy. The world
model, denoted by W (s, a; θw), consists of three
GP models shown in Figure 2, parameterized by dif-
ferent θw. Three GP regression models are used to
generate response action au, reward r, and variable
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Figure 2: The training and prediction stage of world model.

t indicating whether the dialogue terminates, re-
spectively. We denote the simulated experience as
a tuple e = (au, r, t). In a practical GP regression
problem, the observed targets y are generated from
the function f(x) by adding independent Gaussian
noise (Williams and Rasmussen, 2006):

y = f(x) + ε, (1)

where p(f |x) = N(f |µ,K(x, x)) with mean µ
and kernel function K, and ε∼N(0, σ2I), I is the
identity matrix. According to the Bayesian princi-
ple, the conditional mean and covariance of poste-
rior distribution, p(y∗|y, x, x∗), with test input x∗

is as follows:

µ+K(x∗, x)Σ−1(y − µ) (2)

K(x∗, x∗) + σ2I −K(x∗, x)Σ−1K(x, x∗), (3)

where Σ = K(x, x) + σ2I . To accommodate the
correlation properties of human dialogue, the sta-
tionary kernel function Matérn is used in our case:

KMat(r) = σ2f
21−ν

Γ(ν)

(√
2νr

l

)ν
Kν

(√
2νr

l

)
,

(4)
where σf and l are magnitude and lengthscale pa-
rameters, respectively. Γ is the gamma function,
Kν is the modified Bessel function of the second
kind, and ν are positive parameters of the covari-
ance. The argument r represents distance between
observations (Hensman et al., 2017). For the multi-
dimensional input case, its automatic relevance de-
termination (ARD) version could be introduced to
deal with this situation (Duvenaud, 2014).

In each round of the world model learning, the
current dialogue state s and the last agent action

a are concatenated as input for the world model.
We set all the GP priors with constant mean and
the Matérn kernel (ν = 7

2 ) function. The world
model W (s, a; θw) is trained to mimic the real di-
alogue environments. The training data for the
world model learning are collected from the real
user and are stored in the replay buffer Mw. The
loss function is set as the summation of the negative
log marginal likelihood (NLL) of three GP models.
Because of the conjugate property, each NLL could
be analytically solvable, and their general formulas
can be written as:

− log p(y|x) =
n

2
log(2π) +

1

2
log |Σ|

+
1

2
(y − µ)TΣ−1(y − µ), (5)

where |·| represents determinant of the matrix and
n is the number of the training data. The world
model W (s, a; θw) is refined at the end of each
epoch via L-BFGS-B algorithm (Zhu et al., 1997)
using real experiences.

During prediction, we use these trained GP mod-
els to generate simulated experiences. To increase
diversity of the simulated experiences, the uncer-
tainty of GP models is taken into account in the pre-
diction stage, shown by the black box frame labeled
as “uncertainty” in Figure 2. We calculate the 50%
confidence interval1 of these three variables. The
lower bound and the upper bound of the simulated
experience are represented by el = (aul , rl, tl) and
eb = (aub , rb, tb), respectively. Then, we have three
simulated experiences el, e, and eb per prediction.
The quality of the three simulated experiences will

1The usual 95% confidence interval isn’t used here to nar-
row the variable domain.
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be measured by KL divergence, which will be de-
tailed in the following subsection. The qualified
simulated experiences will be stored in the replay
buffer Mp for training the dialogue policy model.

Differing to DDQ where the world model is es-
sentially a classification model to generate user
action au, the above GP-based world model is a re-
gression model to make it tractable and much easier
to handle than classification model. Considering
the user action should be an integer and have finite
action domain, the user action generated by the pro-
posed world model should be filtered to meet these
inherent requirements. The filtering mechanism
consists of the following two steps. Firstly, when
the user action is not an integer, which is common
in regression case, au is round to its nearest integer,
aul is replace by its ceiling value, and the floor value
of aub is chosen, respectively. Secondly, if the user
action is beyond the defined action domain, the
upper or the lower bound of the domain will be se-
lected. Through the above process, the user action
generated by a regression model can achieve the
approximately equivalent effect as the task-specific
representation in classification models.

2.2 Management of Replay Buffer

As mentioned in the Introduction, low-quality ex-
periences generated by the world model can hinder
the learning performance seriously. In this subsec-
tion, we evaluate the quality of the simulated expe-
rience to determine whether it can be pushed into
the replay buffer for training the dialogue policy
model. The whole structure is shown in Figure 3.

We give two dictionaries, i.e., world-dict and
real-dict, to record the frequency of all actions
generated by the world model and the real user
from the beginning of the dialogue policy learning.
The key of the dictionary is user action, and the
corresponding value is the frequency of this action.
A high-quality simulated experience means that
its action is similar to the real user. Therefore,
we evaluate the quality of simulated experience
by measuring the similarity between world-dict
and real-dict based on the KL divergence which
is a non-symmetric variable (Raiber and Kurland,
2017).

The evaluation process is shown in Algorithm 1.
This algorithm runs repeatedly during the planning
(see Line 19 in Algorithm 2). The variable KLpre,
which is initialized as a extremely large number,
tracks the KL divergence between world-dict and

Algorithm 1: Evaluate Simulated Experi-
ences

Input: User actions in the experience generated by
the world model auw; Previous action
dictionary of the world model world-dict;
Previous action dictionary of the real user
real-dict; KL divergence KLpre.

1 Update world-dict with the current user actions auw ;
2 foreach a in world-dict.key do
3 if a in real-dict.key then
4 same-dict[a]← [world-dict[a],real-dict[a]]

5 qualified← FALSE ;
6 if Length(same-dict) ≥ cut-off then
7 Calculate current KL divergence KL using

same-dict;
8 if KL ≤ KLpre then qualified← TRUE;
9 KLpre ← KL;

10 else
11 qualified← TRUE ;

12 if qualified then
13 Push current simulated experience into Mp;

real-dict. When evaluating a simulated experience,
we first use its user action to update world-dict.
Then, we use same-dict to save the intersection
keys of world-dict and real-dict, and store their
frequencies respectively (see Line 2-4). During the
initial stage of planning, there is limited actions
in world-dict, and hence the length of same-dict
is quite small. To warm up the world model and
expand the replay buffer, we regard the simulated
experience as a qualified one directly when the
length of same-dict is smaller than a constant value
cut-off. Otherwise, we calculate the current KL
divergence KL by using same-dict. If the current
KL divergence is smaller than that of the previous
round KLpre, we regard the current experience as
a qualified one (see Line 7-8) because it make the
world model more similar to the real user. The
qualified experience will then be pushed into Mp

for training the dialogue policy model.
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Figure 3: KL divergence calculation.

2.3 Direct and Indirect Reinforcement
Learning

For the direct reinforcement learning, the Deep Q-
Network (DQN) (Mnih et al., 2015) is adopted to
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Algorithm 2: GP based DDQ Approach
Input: Learning epoch count; probability ε for

ε-policy; planning step K; period T to update
Q′(s, a; θQ′); user goal G = (C,R), where
C is a set of constraints and R is a set of
requests; training epoch Z1 and Z2.

1 Initialize Q(s, a; θQ) and W (s, a; θw) via
pre-training on human conversational data ;

2 Initialize Q′(s, a; θQ′) with θQ′ = θQ ;
3 Initialize the replay buffer Mw for world model and

Mp for policy model using Reply Buffer Spiking
(Lipton et al., 2016) ;

4 for i← 1 to count do
5 #Direct Reinforcement Learning:
6 User starts a dialogue with action au ;
7 Generate an initial dialogue state s ;
8 while t is not terminal state do
9 Policy model selects and executes action a

based on ε-policy ;
10 User responses aur , reward r, and terminal

state t;
11 Update real-dict ;
12 Store (s, a, r, aur , t) to Mp and Mw ;
13 s← s′ ;

14 #Controlled Planning:
15 for k ← 1 to K do
16 Sample user action au from G ;
17 while t′ is not terminal state do
18 Policy model selects and executes

action a based on ε-policy ;
19 World model responds auw, r and t′ ;
20 Store (s, a, auw, r, t

′) to Mp based on
qualified from Algorithm 1 ;

21 s← s′ ;

22 Sample random mini-batch samples from Mp ;
23 Update θQ via Z1-step Q-learning ;
24 θQ′ ← θQ every T steps;
25 #World Model Learning:
26 Sample random mini-batch samples from Mw ;
27 Update θw via Z2-step L-BFGS-B algorithm ;

improve the dialogue policy based on real experi-
ences. The dialogue agent interacts with the user
and uses a DNN to approximate the non-linear Q
function. In each step, the agent chooses the cor-
responding action a to execute using an ε-greedy
policy (Watkins and Dayan, 1992) according to the
observed dialogue state s. In ε-greedy policy, a
threshold ε is set for logical selection, i.e., a ran-
dom action or a action chosen by the greedy policy
a = argmaxa′Q(s, a′; θQ) where Q(·) is the value
function. Then, the agent receives the reward r.
The real user responses aur based on the current
environment. The next state s′ is updated in the
state tracker module. Before we store the expe-
rience (s, a, r, aur , t) in the replay buffer Mp, the
statistical distribution of aur , denoted as real-dict,
is updated for further KL divergence inspection.

The value function Q(s, a; θQ), approximated

by a DNN, is updated by optimizing θQ to mini-
mize the mean-squared loss function as below:

L(θQ) = E(s,a,r,s′)∼Mp [(yi −Q(s, a; θQ))2]

yi = r + γmax
a′

Q′(s′, a′; θQ′), (6)

where γ ∈ [0, 1] is a discount factor, and Q′(·) is a
separate network that is only updated periodically
for generating the targets value yi. In each itera-
tion, we improve Q(·) by using mini-batch deep
Q-learning. We can use several optimization al-
gorithms such as Adam (Kingma and Ba, 2014),
Stochastic gradient descent (Sutskever et al., 2013)
and RMSprop (Ruder, 2016) to train the deep Q
network.

During the indirect reinforcement learning, also
known as planning, the dialogue agent improves
its dialogue policy by interacting with the world
model rather than the real user to reduce the train-
ing cost. The frequency of planning is controlled
by the parameter K, which means that the plan-
ning is performed K steps per step of the direct
reinforcement learning. The value of K tends to be
large when the world model is able to capture the
feature of the real environment accurately. In each
step of planning, the world model responses auw
based on the current environment. As mentioned in
the last subsection, the experience (s, a, r, auw, t

′)
generated during planning will be evaluated by the
KL divergence inspection before pushing it into the
replay buffer Mp to ensure the quality of experi-
ences.

Algorithm 2 gives the whole process of our pro-
posed approach. Each epoch of dialogue policy
learning consists of direct reinforcement learning,
controlled planning, and world model learning.

3 Experiment

To illustrate the effectiveness and superiority of our
method, we test it in the movie ticket booking task,
and compare it with the other methods from two
aspects : 1) the change of performance in different
hyperparameters; 2) the performance comparison.
The source codes and the implementation details
are packed in the supplementary materials for re-
production.

3.1 Dataset

We use the same raw data as original DDQ method.
It is collected via Amazon Mechanical Turk. The
dataset has been manually labeled based on a
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schema defined by domain experts, which con-
sists of 11 dialogue acts and 16 slots (Peng et al.,
2018). In total, the dataset contains 280 annotated
dialogues, the average length of which is approxi-
mately 11 turns.

3.2 Dialogue Agents for Comparison

We develop different versions of task-completion
dialogue agents to benchmark the performance of
our proposed method and its variants.
• The GPDDQ(M , K, N ) agents are learned by

our GPDDQ method, where M is the buffer size,
K is the number of planning steps and N is the
batch size. The initial world model is pre-trained
on human conversational data. Note that we do
not utilize uncertainty attribute and KL diver-
gence inspection in this agent.

• The UN-GPDDQ(M , K, N ) agents are very
similar to GPDDQ(M , K, N ) agents, but the
uncertainty is considered in this case. Currently,
el, e and eb are returned in the world model pre-
diction stage.

• The KL-GPDDQ(M , K, N ) agents are the
same to the UN-GPDDQ(M , K, N ) agents, ex-
cept that the KL divergence inspection is also
considered.

• The GPDDQ(M , K, N , rand-init θw) agents
are learned by the GPDDQ method with a ran-
domly initialized world model. The reward r and
terminal variable t are randomly sampled from
their corresponding GP models. And for action
au, we uniformly sample it from its defined ac-
tion domain.

• The GPDDQ(M , K, N , fixed θw) agents are
only refined during warm-up stage on human
conversational data. After that, the world model
will not be trained any more.

• The GPDQN(M , K, N ) agents are learned
by direct reinforcement learning. Its perfor-
mance can be viewed as the upper bound of its
GPDDQ(M , K, N ) counterpart, assuming that
the world model perfectly matches real users.

• For other agents which are not mentioned above,
please refer to (Peng et al., 2018; Su et al., 2018).

3.3 Parameter Analysis

To illustrate the advantages of our model in terms
of sensitivity to hyperparameter changing, we con-
duct a series of experiments by changing the corre-
sponding parameters such as batch size, planning
step, parameter update policy, and buffer size.
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Figure 4: Learning curve for DDQ and GPDDQ with
different parameter settings: M = 5000, N = 4, 16
and K = 0, 2, 5, 10, 20.

3.3.1 Batch Size and Planning Step

In this group of experiments, we use the 16 and 4 as
the batch size to train the policy network Q(·) and
world model W (·) with different planning steps
K. The main results are shown in Figure 4 which
indicates that the GPDDQ agents consistently out-
perform the DDQ agents in a statistical sense. In
Figure 4 (a) and (b), it can be found that the conver-
gence value of the success rate of GPDDQ agent
is much better than that of DDQ agent with the
same planning step K. The converged success
rate oscillates around 0.8 in our proposed method,
however, the corresponding value is about 0.74
in the DDQ method. As the planning steps in-
crease, the learning speeds generally become faster.
This phenomenon is consistent with intuition that
a large planning step brings faster learning speed.
Nonetheless, we can notice that there is no sig-
nificant difference between the learning curve of
K = 20 and K = 10. This is due to the reduc-
tion of the quality of simulated experiences caused
by a too large K. To find the optimal value of K,
the trade-off between the amount of simulated ex-
perience and the quality of simulated experience
should be considered seriously.

Since GP method is more robust to hyperparam-
eters (Kuss, 2006), we speculate that it still has
better performance with a small batch size. In Fig-
ure 4 (c) and (d), we shrink our batch size to 4,
and keep the other parameters the same as previ-
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Figure 5: Learning curve for DDQ and GPDDQ with
M = 5000, K = 10 and N = 16, but with different
parameter update strategies.

ous experiments. For GPDDQs with K > 0, their
performances still outperform the DDQ(5000, 0,
4) agent. Moreover, compared to the results when
batch size is 16, there is no obvious performance
degradation. Besides, since the matrix inversion
operation costs more time during training when the
batch size is large, the training time consumption
can be greatly reduced if the batch size becomes
smaller. On the contrary, for DDQ methods, only
when K = 10, the learning curve is better than
DDQ(5000, 0, 4) method in terms of the stable
success rate. When increasing the planning step
to K = 20, its performance degrades dramatically.
This may be caused by the insufficient training of
DNN when the batch size is too small.

3.3.2 Parameter Update Policy

In this group of experiments, we set M = 5000,
K = 10, N = 16, and change its parameter update
policy. The results are given in Figure 5. The re-
sults indicate that the quality of the world model
has a significant impact on the performance of these
agents. The DQN and GPDQN method is the com-
pletely model free method with K times training
data larger than other methods in Figure 5. Due
to randomness, the two rising curves are slightly
different, but basically the same. Obviously, if the
world model is fixed after the warm-up stage, it
will produce the worst results. The huge drop in
the learning curve of DDQ(5000, 10, 16, fixed) at
about 250 epoch may be the result of insufficient
training data. For each learning curve of GPDDQ,
the proposed GPDDQ method can achieve almost
the same maximum value as DQN. In addition, the
final sucees rates of GPDDQ are always larger than
those of DDQ methods. Even if we use different
parameter update policies, the final success rates
do not fluctuate too much.
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Figure 6: Learning curve for DDQ and
GPDDQ with different parameter settings:
M = 5000, 3500, 2000, 1000, K = 20, 30 and
N = 4.

3.3.3 Buffer Size
In this subsection, we evaluate our KL-GPDDQ
method, ignoring the other simplified methods, by
changing the buffer size. From the perspective
of overall performance shown in Figure 6, our pro-
posed method is more stable in different conditions,
i.e., different buffer sizes and planning steps. Af-
ter reducing the buffer size from 5000 to 1000,
the learning curve does not change much in our
methods. However, for DDQ methods, their per-
formances are still poor. These phenomena make
us suspect that the world model in DDQ, built by
DNN, may generate many low-quality experiences
during planning. Nevertheless, when the buffer size
becomes smaller, high-quality experiences become
the dominant part of the replay buffer. In terms
of convergence, the success rate of KL-GPDDQ
method stabilizes around 0.8 after 200 epochs when
planning step is 20, and slightly smaller when
K = 30. On the contrary, the DDQ methods do not
converge after 200 epochs. Their success rates are
basically lower than those of our proposed meth-
ods when converging. This result argues that our
method can achieve better and more robust perfor-
mance with relatively small buffer sizes.

3.4 Performance Comparison
To demonstrate the performance of our proposed
method, we compare it with other baseline algo-
rithms. We can find from Table 1 that the DDQ
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Agent Epoch = 100 Epoch = 200 Epoch = 300
Success Reward Turns Success Reward Turns Success Reward Turns

D3Q(10)∗ .6333 28.99 16.01 .7000 37.24 15.52 .6667 33.09 15.83
DDQ(5000, 20, 4) .5379 12.60 25.90 .6466 26.79 23.60 .6612 29.14 22.41
GPDDQ(5000, 20, 4) .7069 35.09 21.48 .7706 43.65 19.60 .7874 45.72 19.54
UN-GPDDQ(5000, 20, 4) .5800 17.61 25.98 .7050 34.32 22.57 .7726 43.84 19.75
KL-GPDDQ(5000, 20, 4) .6138 22.57 24.17 .7915 46.39 19.16 .7985 47.34 18.97
*The result for D3Q method is borrowed from its original paper (Su et al., 2018).

Table 1: Results of different agents with buffer size 5000 at training epoch = {100, 200, 300}. The best and the
worst agents for planning step K = 20 are highlighted in blue and red, respectively. (Success: success rate, Turns:
dialogue turns)
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Figure 7: Learning curve for DDQ, GPDDQ, UN-
GPDDQ and KL-GPDDQ agent with M = 5000,
K = 20, 30 and N = 4.

methods are still the worst among the five methods.
Due to its extremely large training time consump-
tion and high sensitivity, for D3Q method, we only
calculate it once in Figure 7 and borrow its perfor-
mance from its original paper (Su et al., 2018) in
Table 1. From the results of GPDDQ, UN-GPDDQ,
and KL-GPDDQ agents, it is obvious that the KL
divergence inspection we design is helpful for per-
formance improvement, which can be concluded
based on the clear increase of success rate and re-
ward shown in Table 1. Compared with DDQ, our
proposed method can improve the success rate by
about 20% with fewer user interactions.

Figure 7 shows that the learning speeds of our
proposed methods are much faster than those of
DDQ and D3Q. It should be noted that the learning
curve of D3Q vibrates violently. Especially, when
K = 30, D3Q even cannot converge to the optimal
value. Although D3Q can discriminate low-quality
experiences, it is very hard to implement D3Q in
reality due to the instability of GANs.

4 Related Work

Most of the works on task-completion dialogue
policy learning focus on how to use fewer conver-
sation rounds to complete a specific task (Lu et al.,
2019). There are four typical methods, including
rule based method (Weizenbaum, 1966), retrieval

based method (Mikolov et al., 2013; Pennington
et al., 2014; Serban et al., 2017), supervised learn-
ing based method (Sukhbaatar et al., 2015; We-
ston et al., 2016), and reinforcement learning based
method (Levin et al., 2002). Since the reinforce-
ment learning based method can fine-tune the cur-
rent dialogue strategy based on users’ feedback
to promote user satisfaction, it has been the main-
stream of dialogue policy learning method in recent
years (Chen et al., 2020; Saha et al., 2020; Li et al.,
2020).

However, the vanilla RL methods require pro-
hibitively many rounds of human-machine dialogue
interactions before getting a usable dialogue pol-
icy. Deep Dyna-Q (DDQ) (Peng et al., 2018) is
proposed based on the Dyna-Q framework which
introduces an environment model, known as world
model, to generate simulated user experiences in
the dynamic environment to decrease the heman-
machine interactions. Based on (Peng et al., 2018),
(Su et al., 2018) attempted to control the quality
of simulated experiences by using GANs to dis-
criminate the low-quality experiences. (Zhao et al.,
2020) proposed a method called DR-D3Q to learn
policies in noise robustly by combining dynamic
reward and Dueling DQN. Based on human demon-
strations, (Wang et al., 2020) presented how to effi-
ciently learn dialogue policy through policy shap-
ing and reward shaping, in which the world model
is replaced by an imitation model.

5 Conclusion

In this paper, we propose a Gaussian Process based
Deep Dyna-Q approach. The world model is built
as a GP model, and a novel KL divergence based
discriminator is designed to evaluate simulated ex-
periences. Extensive experiments demonstrate the
superiority of our proposed method thanks to the
newly-designed world model and discriminator.
Compared with existing DDQ framework based
methods, both efficiency and robustness are pro-
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moted by our proposed method. With this satisfac-
tory result, it is potential to develop more valuable
algorithms based on our method. In the future work,
we will try to incorporate other strategy, such as
tree-based search algorithms (Schrittwieser et al.,
2020), to further improve the learning performance.
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A Implementation Details

We implement our experiment on Thinkstation-
P520 with Intel W-2223 CPU, 64G memory and
two Nvidia GeForce RTX 2080 cards. And the
average runtime for each DDQ and GPDDQQ ap-
proach are about from 2 to 3 hours and from 3 to 4.5
hours, respectively. For D3Q method, it takes about
2 days to run. The policy network Q(s, a; θQ) of
direct reinforcement leaning in these models are
approximated by deep neural network with tanh
activations. It has one hidden layer with 80 hidden
nodes. And the discount factor γ introduced in loss
function is set to be 0.9. In our each GP model,
there are 4 parameters need to be optimized. We
limit the maximum length of a simulated dialogue
to 40. In all our experiments, we only train the
dialogue agents by interacting with user simula-
tor which is publicly available. Only if the movie
ticket is successfully booked and the information
provided by the agent satisfies the constraints, the
dialogue is considered successfully. If the dialogue
is successful, the agent receives a positive reward
of 2L, otherwise, the reward value will be −L,
where L is the defined maximum number of dia-
logue turns. Furthermore, shorter conversations
are encouraged in this dialogue system since the
agent will receive a reward of −1 per round. If
there are no other instructions, in order to eliminate
errors, each experiment are conducted five times to
average.
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Abstract

Scientific document understanding is challeng-
ing as the data is highly domain specific and
diverse. However, datasets for tasks with scien-
tific text require expensive manual annotation
and tend to be small and limited to only one or
a few fields. At the same time, scientific docu-
ments contain many potential training signals,
such as citations, which can be used to build
large labelled datasets. Given this, we present
an in-depth study of cite-worthiness detection
in English, where a sentence is labelled for
whether or not it cites an external source. To
accomplish this, we introduce CITEWORTH,
a large, contextualized, rigorously cleaned la-
belled dataset for cite-worthiness detection
built from a massive corpus of extracted plain-
text scientific documents. We show that
CITEWORTH is high-quality, challenging, and
suitable for studying problems such as do-
main adaptation. Our best performing cite-
worthiness detection model is a paragraph-
level contextualized sentence labelling model
based on Longformer, exhibiting a 5 F1 point
improvement over SciBERT which considers
only individual sentences. Finally, we demon-
strate that language model fine-tuning with
cite-worthiness as a secondary task leads to im-
proved performance on downstream scientific
document understanding tasks.

1 Introduction

Building effective NLP systems from scientific text
is challenging due to the highly domain-specific
and diverse nature of scientific language, and a
lack of abundant sources of labelled data to capture
this. While large scale repositories of extracted,
structured, and unlabelled plain-text scientific doc-
uments have recently been introduced (Lo et al.,
2020), most datasets for downstream tasks such
as named entity recognition (Li et al., 2016) and
citation intent classification (Cohan et al., 2019)

remain limited in size and highly domain specific.
This begs the question: what useful training sig-
nals can be automatically extracted from massive
unlabelled scientific text corpora to help improve
systems for scientific document processing?

Scientific documents contain much inherent
structure (sections, tables, equations, citations,
etc.), which can facilitate creating large labelled
datasets. Some recent examples include using pa-
per field (Beltagy et al., 2019), the section to which
a sentence belongs (Cohan et al., 2019), and the
cite-worthiness of a sentence (Cohan et al., 2019;
Sugiyama et al., 2010) as a training signal.

Cite-worthiness detection is the task of identify-
ing citing sentences, i.e. sentences which contain a
reference to an external source. It has useful appli-
cations, such as in assistive document editing, and
as a first step in citation recommendation (Färber
et al., 2018b). In addition, cite-worthiness has been
shown to be useful in helping to improve the ability
of models to learn other tasks (Cohan et al., 2019).
We also hypothesize that there is a strong domain
shift between how different fields use citations, and
that such a dataset is useful for studying domain
adaptation problems with scientific text.

However, constructing such a dataset to be of
high quality is surprisingly non-trivial. Building a
dataset for cite-worthiness detection involves ex-
tracting sentences from a scientific document, la-
belling whether each sentence contains a citation,
and removing all citation markers. As a form of dis-
tant supervision, this naturally comes with the haz-
ard of adding spurious correlations, such as poorly
removed citation text causing ungrammatical sen-
tences and hanging punctuation, which can trivially
indicate a cite-worthy or non-cite-worthy sentence.
Additionally, the task itself is quite difficult to learn,
as different fields employ citations differently, and
whether or not a sentence contains a citation de-
pends on factors such as the context in which it
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appears. Given this, we present CITEWORTH, a
rigorously curated dataset for cite-worthiness detec-
tion in English. CITEWORTH contains rich meta-
data, such as authors and links to cited papers, and
all data is provided in full paragraphs: every sen-
tence in a paragraph is labelled in order to provide
sentence context. We offer the dataset to the re-
search community to facilitate further research on
cite-worthiness detection and related scientific doc-
ument processing tasks.

Using CITEWORTH, we ask the following pri-
mary research questions:

RQ1: How can a dataset for cite-
worthiness detection be automatically cu-
rated with low noise (§3)?

RQ2: What methods are most effective
for automatically detecting cite-worthy
sentences (§4)?

RQ3: How does domain affect learning
cite-worthiness detection (§5)?

RQ4: Can large scale cite-worthiness
data be used to perform transfer learning
to downstream scientific text tasks (§6)?

We demonstrate that CITEWORTH is of high qual-
ity through a manual evaluation, that there are large
differences in how models generalize to data from
different fields, and that sentence context leads
to significant performance improvements on cite-
worthiness detection. Additionally, we find that
cite-worthiness is a useful task for transferring to
downstream scientific text tasks, in particular cita-
tion intent classification, for which we offer perfor-
mance improvements over the current state-of-the-
art model SciBERT (Beltagy et al., 2019).

In sum, our contributions are as follows:

• CITEWORTH, a dataset of 1.2M rigorously
cleaned sentences from scientific papers la-
belled for cite-worthiness, balanced across 10
diverse scientific fields.
• A method for cite-worthiness detection which

considers the entire paragraph a sentence re-
sides in, improving by 5 F1 points over the
state of the art model for scientific document
processing, SciBERT (Beltagy et al., 2019).
• A thorough analysis of the problem of cite-

worthiness detection, including explanations
of predictions and insight into how scientific
domain affects performance.

• New state of the art on citation intent detec-
tion via transfer learning from joint citation
detection and language model fine-tuning on
CITEWORTH, with improved performance
over SciBERT on several other tasks.

2 Related Work

2.1 Cite-Worthiness Detection

Cite-worthiness detection is the task of identifying
citing sentences, i.e. sentences which contain a
reference to an external source. The reasons for
citing are varied, e.g. to give credit to existing
ideas or to provide evidence for a claim being made.
Sugiyama et al. (2010) perform cite-worthiness de-
tection using SVMs with features such as unigrams,
bigrams, presence of proper nouns, and the classifi-
cation of previous and next sentences. They create
a dataset from the ACL Anthology Reference cor-
pus (ACL-ARC, Bird et al. (2008)), using heuristics
to remove citation markers. Färber et al. (2018b)
document the performance of convolutional recur-
rent neural nets on a larger set of three datasets
coming from ACL-ARC, arXiv CS (Färber et al.,
2018a), and Scholarly Dataset 2.1 Datasets from
these studies suffer from high class imbalance, are
limited to only one or a few domains, and little anal-
ysis of the datasets is performed to understand the
quality of the data or what aspects of the problem
are difficult or easy. Additionally, no study to date
has considered how sentence context can affect
learning to perform cite-worthiness detection.

In addition to being a useful task in itself, cite-
worthiness detection is useful for other tasks in
scientific document understanding. In particular,
it has been shown to help improve performance
on the closely related task of citation intent clas-
sification (Jürgens et al., 2018) when used as an
auxiliary task in a multi-task setup (Cohan et al.,
2019). However, cite-worthiness detection has not
been studied in a transfer learning setup as a pre-
training task for multiple scientific text problems.
In this work, we seek to understand to what extent
cite-worthiness detection is a transferable task.

Scientific Document Understanding Numer-
ous problems related to scientific document un-
derstanding have been studied previously. Pop-
ular tasks include named entity recognition (Li
et al., 2016; Kim et al., 2004; Doğan et al., 2014;

1http://www.comp.nus.edu.sg/~sugiyama/
SchPaperRecData.html
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Luan et al., 2018) and linking (Wright et al.,
2019), keyphrase extraction (Augenstein et al.,
2017; Augenstein and Søgaard, 2017), relation ex-
traction (Kringelum et al., 2016; Luan et al., 2018),
dependency parsing (Kim et al., 2003), citation pre-
diction (Holm et al., 2020), citation intent classifica-
tion (Jürgens et al., 2018; Cohan et al., 2019), sum-
marization (Collins et al., 2017), and fact check-
ing (Wadden et al., 2020).

Datasets for scientific document understanding
tasks tend to be limited in size and restricted to
only one or a few fields, making it difficult to build
models with which one can study cross-domain per-
formance and domain adaptation. Here, we curate
a large dataset of cite-worthy sentences spanning
10 different fields, showing that such data is both
useful for studying domain adaptation and for trans-
ferring to related downstream scientific document
understanding tasks.

3 RQ1: CITEWORTH Dataset
Construction

The first research question we ask is: How can a
dataset for cite-worthiness detection be automati-
cally curated with low noise? To answer this, we
start with the S2ORC dataset of extracted plain-
text scientific articles (Lo et al., 2020). It con-
sists of data from 81.1M English scientific articles,
with full structured text for 8.1M articles. S2ORC
uses SCIENCEPARSE2 to parse PDF documents and
GROBID3 to extract structured data from text. As
such, the data also includes rich metadata, e.g. Mi-
crosoft Academic Graph (MAG) categories, linked
citations, and linked figures and tables. Throughout
this work, a “citation span” denotes a span contain-
ing citation text (e.g. “[2]”), and a “citation marker”
is any text that trivially indicates a citation, such as
the phrase “is shown in.” A citation span is also a
type of citation marker. It is important to remove
all citation markers from the dataset to prevent the
model learning to use these signals for prediction.

3.1 Data Filtering
Given the size of S2ORC, we first reduce the candi-
date set of data to papers where all of the following
are available.

• Abstract
• Body text
2https://github.com/allenai/

scienceparse
3https://github.com/kermitt2/grobid

• Bibliography
• Tables and figures
• Venue information
• Inbound citations
• Microsoft Academic Graph categories

Filtering based on these criteria results in 5,494,387
candidate papers from which to construct the
dataset. After filtering the candidate set of papers,
we perform the following checks on the sentences
in the body text.

1. Citation spans are parenthetical author-year or
bracketed-numerical form.

2. Citation spans are at the end of a sentence.
3. All possible citation spans have been extracted

by S2ORC.
4. No citation markers are left behind after re-

moving citation spans from the text.
5. Sentence starts with a capital letter, ends with

‘.’, ‘!’, or ‘?’, and is at least 20 characters long.

The detailed steps of extracting and labelling sen-
tences based on these criteria are given in §3.2.
With the first two criteria, we restrict the scope of
cite-worthy sentences to being only those whose
citation span comes at the end of a sentence, and
whose citation format is parenthetical author-year
form or bracketed-numerical form. In other words,
cite-worthy sentences in our data are constrained
to those of the following forms.

This result has been shown in previous
work (Author1 et al., ####, ...).

This result has been shown in previous
work [#-#].

In this, we ignore citation sentences which contain
inline citations, such as “The work of Authors et al.
(####) has shown this in previous work”, as well
as any sentence with a citation format that does not
match the two we have selected.

Curating cite-worthy sentences as such helps pre-
vent spurious correlations in the data. Removing
citations in the middle of a sentence runs the risk of
rendering the sentence ungrammatical (for exam-
ple, the above sample would turn into “The work
of has shown this in previous work”), providing
a signal to machine learning models. While there
are cases where inline citations could potentially
be removed in their entirety and not destroy the
sentence structure, this is beyond the scope of this
paper and left to future work.
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Biology
Wood Frogs (Rana sylvatica) are a charismatic species of frog common in much of North America. They
breed in explosive choruses over a few nights in late winter to early spring. The incidence in Wood Frogs
was associated with a die-off of frogs during the breeding chorus in the Sylamore District of the Ozark
National Forest in Arkansas (Trauth et al., 2000).

Computer Science
Land use or cover change is a direct reflection of human activity, such as land use, urban expansion, and
architectural planning, on the earth’s surface caused by urbanization [1]. Remote sensing images are
important data sources that can efficiently detect land changes. Meanwhile, remote sensing image-based
change detection is the change identification of surficial objects or geographic phenomena through the
remote observation of two or more different phases [2].

Table 1: Excerpts from training samples in CITEWORTH from the Biology and Computer Science fields. Green
sentences are cite-worthy sentences, from which citation markers are removed during dataset construction.

3.2 Extracting Cite-Worthy Sentences in
Context

As we are interested in using sentence context for
prediction, we perform extraction at the paragraph
level, ensuring that all of the sentences in a given
paragraph meet the checks given in §3.1. As such,
our dataset construction pipeline for a given paper
begins by first extracting all paragraphs from the
body text which belong to sections with titles com-
ing from a constrained list of permissible titles (e.g.
“Introduction,” “Methods,” “Discussion”) . The full
list is provided in Appendix A.

For a given paragraph, we first word and sen-
tence tokenize the text with SciSpacy (Neumann
et al., 2019). Each sentence is then checked for con-
taining citations using the provided citation spans
in the S2ORC dataset. In some cases, the sentence
contains citations which were missed by S2ORC;
these are checked using regular expressions (see
Appendix B). If a match is found the paragraph
is ignored, as we only consider paragraphs where
all citations have been extracted by S2ORC. Oth-
erwise, the location and format of the citation is
checked, again using regular expressions (see Ap-
pendix B). If the citation is not at the end of the
sentence, the paragraph is ignored. We then remove
the citation text using the provided citation spans
for all sentences which pass the above checks.

Simply removing the citation span runs the risk
of leaving other types of citation markers, such
as hanging punctuation and prepositional phrases
e.g. “This was shown by the work of Author et al.
(####).” To mitigate this, we remove all hanging
punctuation at the end of a sentence that is not a
period, exclamation point, or question mark, and
check for possible hanging citations using the regu-

Metric #

Total sentences 1,181,793
Total number of tokens 34,170,708
Train sentences 945,426
Dev sentences 118,182
Test sentences 118,185
Total cite-worthy 375,388 (31.76%)
Total non-cite-worthy 806,405 (68.24%)
Min char length 21
Max char length 1,447
Average char length 152
Median char length 142

Table 2: Various statistics of the CITEWORTH dataset.

lar expression provided in Appendix B. The regular
expression checks for many common prepositional
phrases and citation markers occurring as the last
phrase of a sentence such as “see,” “of,” “by,” etc.

To handle issues with sentence tokenization, we
also ensure that the first character of each sentence
is a capital letter, and that the sentence ends with a
period, exclamation point, or question mark. If all
criteria are met for all sentences in a paragraph, the
paragraph is added to the dataset. Finally, we build
a dataset which is diverse across domains by evenly
sampling paragraphs from the following 10 MAG
categories, ensuring that each paragraph belongs
to exactly one category: Biology, Medicine, En-
gineering, Chemistry, Psychology, Computer Sci-
ence, Materials Science, Economics, Mathematics,
and Physics. Example excerpts from the dataset
are presented in Table 1, and the statistics for the
final dataset are given in Table 2.4

3.3 Manual Evaluation

In order to provide some measure of the general
quality of CITEWORTH, we perform a manual eval-

4The full dataset can be downloaded from this repository:
https://github.com/copenlu/cite-worth
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Method Extracted Correct Markers Removed

Baseline 92.07 92.78
Ours 98.90 98.10

Table 3: Results of manually annotating 1000 random
sentences (per method) from CITEWORTH and a naive
baseline which only removes citations based on pro-
vided citation spans . “Extracted Correct” are results
for correctly extracting the sentences (i.e. that sen-
tences are tokenized correctly and are grammatical),
and “Markers Removed” are results for successfully re-
moving citation markers. The data curated using our
method has 6% fewer errors in terms of extraction and
removal of citation markers, and less than 2% of the
samples have some form of citation marker.

uation of a sample of the data. We annotate the data
for whether or not citation markers are completely
removed, and for whether or not the sentences are
well-formed, containing no obvious extraction ar-
tifacts. We sample 500 cite-worthy sentences and
500 non-cite-worthy sentences randomly from the
data. Additionally, we compare to a baseline where
the only heuristic used is to remove citation spans
based on the provided spans in the S2ORC dataset.
We again sample 500 cite-worthy and 500 non-cite-
worthy sentences for annotation. The two sets are
shuffled together and given to an independent ex-
pert annotator with a PhD in computer science for
labelling. The annotator is instructed to label if the
sentences are complete and have no hanging punc-
tuation or obvious extraction errors, and if there are
any textual indicators that the sentences contain a
citation. The results for the manual annotation can
be seen in Table 3.

We see that the CITEWORTH data are of a
much higher quality than removing citation mark-
ers based only on the citation spans. Overall, our
heuristics improve on extraction quality by 6.83%
absolute and on removing markers of citations by
5.32% absolute. This results in 1.1% of the sam-
ple data containing sentence cleaning issues, and
1.9% having trivial markers indicating a citation is
present. We argue that this is a strong indicator of
the quality of the data for supervised learning.

4 RQ2: System Evaluation5

Next, we ask: what methods are most effective
for performing cite-worthiness detection? To an-
swer this and characterize the difficulty of the prob-

5The code for all experiments can be found here: https:
//github.com/copenlu/cite-worth

lem, we run a variety of baseline models on CITE-
WORTH. The hyperparameters selected for each
model, as well as hyperparameter sweep informa-
tion, are given in Appendix C.6.

Logistic Regression As a simple baseline, we
use a logistic regression model with TF-IDF input
features.

Färber et al. (2018b) The convolutional recur-
rent neural network (CRNN) model from Färber
et al. (2018b). They additionally use oversampling
to deal with class imbalance.

Transformer We additionally train a Trans-
former model from scratch (Vaswani et al., 2017),
tuning the model hyperparameters on a subset of
the training data via randomized grid search.

BERT We use a pretrained BERT model (De-
vlin et al., 2019) due to the strong performance
of large pretrained Transformer models on down-
stream tasks.

SciBERT SciBERT (Beltagy et al., 2019) is a
BERT model pretrained on a large corpus of sci-
entific text from Semantic Scholar (Ammar et al.,
2018), and is therefore potentially better suited to
fine-tuning on scientific cite-worthiness detection.

SciBERT + PU Learning We experiment with
SciBERT trained using positive-unlabelled (PU)
learning (Elkan and Noto, 2008) which has been
shown to significantly improve performance on
citation needed detection in Wikipedia and ru-
mour detection on Twitter (Wright and Augenstein,
2020a). The intuition behind PU learning is to
assume that cite-worthy data is labelled and non-
cite-worthy data is unlabelled, containing some
cite-worthy examples. This is to mitigate the sub-
jectivity involved in adding citations to sentences.
Technically, this involves training a classifier on
the positive-unlabeled data which will predict the
probability that a sample is labeled, and using this
to estimate the probability that a sample is posi-
tive given that it is unlabeled. One then trains a
second model where positive samples are trained
on normally and unlabeled samples are duplicated
and trained on twice, once as positive and once as
negative data, weighed by the first model’s estimate
of the probability that the sample is positive.

Longformer-Ctx Finally, we test our novel con-
textualized prediction model based on Long-
former (Beltagy et al., 2020). Longformer is a
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Method P R F1

Logistic Regression 46.650.00 64.880.00 54.280.00
Färber et al. (2018b) 49.570.96 65.562.61 56.410.34
Transformer 47.920.78 71.591.74 57.390.10
BERT 55.040.66 69.021.33 61.230.21
SciBERT-no-weight 65.940.37 51.620.53 57.910.30
SciBERT 57.030.50 68.081.03 62.060.15
SciBERT + PU 49.460.83 82.121.40 61.730.27
Longformer-Solo 57.210.25 68.000.41 62.140.02
Longformer-Ctx 59.920.28 77.150.49 67.450.06

Table 4: F1 performance of baselines on the test set
of CITEWORTH. Results are averaged across 5 seeds,
with standard deviations given in the subscripts.

Transformer based language model which uses a
sparse attention mechanism to scale better to longer
documents. We process an entire paragraph at a
time, separating each sentence with a [SEP] token.
Each [SEP] token representation at the output of
Longformer is then passed through a network with
one hidden layer and a classifier. As a control, we
also experiment with Longformer using only single
sentences as input (Longformer-Solo).

Due to the imbalance in the distribution of
classes, the loss for each of the models is weighted.
For comparison, we include results for SciBERT
without weighting the loss function. The results for
our baseline models on the test set of the dataset
are given in Table 4.

Our results indicate that context is critical, result-
ing in the best F1 score of 67.45 (Longformer-Ctx)
and a 5.31 point improvement over the next best
model. Using class weighting is also highly im-
portant, resulting in another increase of over 4 F1
points. Compared to not using class weights, PU
learning performs significantly better, and leads to
the highest recall of all models under test. Addi-
tionally, language model pre-training is useful, as
BERT, SciBERT, and Longformer all perform sig-
nificantly better than a Transformer trained from
scratch and the model from Färber et al. (2018b).

To gain some insight into what the model learns,
we visualize the most salient features from SciB-
ERT for selected easy and hard examples. We
use the single-sentence model instead of the para-
graph model for simplicity. “Easy” samples are de-
fined as those which the model predicted correctly
with high confidence, and “hard” examples are de-
fined as those for which the model had low confi-
dence in its prediction. We use the InputXGradi-
ent method (Kindermans et al., 2016), specifically

the variant using L2 normalization over neurons to
get a pre-embedding score, as it has been recently
shown to have the best overall agreement with hu-
man rationales versus several other explainability
techniques (Atanasova et al., 2020). The method
works by calculating the gradient of the output with
respect to the input, then multiplies this with the
input. In the examples below “C” refers to an exam-
ple whose gold label is cite-worthy, and “N” refers
to an example whose gold label is non-cite-worthy.

The model is able to pick up on obvious markers
of cite-worthy and non-cite-worthy sentences for
the following correctly classified examples, such
as that a sentence refers to a preprint or to different
sections within the paper itself:

C:

[CLS] in this note , we follow
the approach to the en ##och ##s
conjecture outlined in the preprint .
[SEP]

N:
[CLS] conclusions are provided in
section 4 . [SEP]

We also see that the dataset contains many rela-
tively difficult instances, as we show in the follow-
ing incorrectly classified examples. E.g., the model
observes “briefly discussed” as an indicator that an
instance is non-cite-worthy when it is in fact cite-
worthy, and that “described earlier” and “previous
work” signal that a sentence is cite-worthy when it
is in fact labelled as non-cite-worthy.

C:
[CLS] some approaches for the
solution as well as their limitations
are briefly discussed . [SEP]

N:

[CLS] this simple and fast technique
for the production of snps was
described earlier in our previous
work . [SEP]

We hypothesize that in such instances, context can
help the most in disambiguating which sentences
in a paragraph should be labelled as cite-worthy.
Additionally, other information such as the section
in which a sentence resides could help. E.g., to cor-
rectly label the fourth statement above as “non-cite-
worthy”, it may help to see that the last sentence
of the paragraph is “In our previously published
work, it was reported that SNPs were joined to-
gether by the heat treatment, and this process led to
increase in the sizes of SNPs which finally resulted
in sharper XRD peaks” which is a cite-worthy sen-
tence. Additionally, it may help to know that it
resides in the “Discussion” section of the paper.
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Figure 1: Visualizing the BERT embeddings for 5 of
the 10 domains from CITEWORTH using the method by
Aharoni and Goldberg (2020). Clustering is performed
using Gaussian Mixture Models.

5 RQ3: Domain Evaluation

We next ask: how does domain affect learning to
perform cite-worthiness? To answer this, we study
the relationships between cite-worthiness data from
different fields and how the Longformer-Ctx model
performs in a cross-domain setup. For ease of anal-
ysis we limit the scope of fields to 5 of the 10 fields
in the dataset: Chemistry, Engineering, Computer
Science, Psychology, and Biology.

First, we visualize the embedding space for data
from each of these domains using the method of
Aharoni and Goldberg (2020). In this, the data is
passed through BERT (specifically the base, un-
cased variant) and the output representations for
each token in a sentence are average pooled. These
representations are visualized in 2D space via PCA
in Figure 1. It is clear that similar fields occupy
closer space, with ‘engineering’ and ‘computer sci-
ence’ sharing closer representations, as well as ‘bi-
ology’ and ‘chemistry’. We perform clustering
on this data using a Gaussian mixture model simi-
larly to Aharoni and Goldberg (2020), finding that
domains form somewhat distinct clusters with a
cluster purity of 57.61. This demonstrates that the
data in different fields are drawn from different dis-
tributions, thus differences could exist in a model’s
ability to perform cite-worthiness detection on out
of domain data.

To test this, we perform a cross-validation ex-
periment using the 5 selected fields, training on
one field and testing on another for all 25 combina-
tions. The results for the 5x5 train/test setup using

Train
Test

Ch E CS P B

Ch 67.58 58.41 56.86 62.35 68.23
E 66.62 60.25 60.11 64.02 68.07
CS 65.05 59.36 61.99 63.85 66.72
P 65.49 58.03 56.69 65.10 68.27
B 66.59 58.80 58.22 64.54 69.12

σ 0.90 0.78 2.02 0.92 0.77
ρ 0.87 0.86 0.76 0.67 0.79

Table 5: F1 performance on different domain adapta-
tion settings for the fields (Ch)emistry, (E)ngineering,
(C)omputer (S)cience, (P)sychology, and (B)iology.
Out-of-domain tests use the entire set of data from that
field, while in domain tests use 80% of data for train-
ing, 10% for validation, and 10% for test. σ is the
standard deviation of performance of different train do-
mains on the given test domain, and ρ is Pearson cor-
relation between performance and Euclidean distance
from the train domain cluster to the test domain cluster.

Longformer-Ctx are given in Table 5.
Not surprisingly, the best performance for each

split occurs when training on data from the same
field. We also observe high variance in the max-
imum performance for each field (σ = 3.32), and
between different fields on the same test data, de-
spite large pretrained Transformer models being
relatively invariant across domains (Wright and Au-
genstein, 2020b). This suggests stark differences in
how different fields employ citations. Additionally,
we observe a strong (inverse) correlation between
distance in the embedding space and performance
on different domains, showing that using more sim-
ilar data for training helps on out-of-domain perfor-
mance (Aharoni and Goldberg, 2020).

6 RQ4: Cite-Worthiness for Transfer
Learning

The final question we ask is: to what extent is cite-
worthiness detection transferable to downstream
tasks in scientific document understanding? To
answer this, we fine tune SciBERT on the task
of cite-worthiness detection as well as masked lan-
guage modeling (MLM) on CITEWORTH, followed
by fine-tuning on several document understand-
ing tasks. We use SciBERT in order to have a di-
rect comparison with previous work (Beltagy et al.,
2019). The tasks we evaluate on come from Belt-
agy et al. (2019) and are categorized as follows.
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Dataset Reference Task Base LM Cite LMCite

BC5CDR Li et al. (2016) NER 89.840.18 90.030.11 89.730.25 90.020.79
JNLPBA Kim et al. (2004) NER 77.020.36 77.130.53 76.970.44 77.150.58
NCBI-Disease Doğan et al. (2014) NER 88.790.35 88.530.58 88.660.57 88.310.43
SciERC Luan et al. (2018) NER 67.080.50 66.640.47 67.120.46 67.480.45

EBM-NLP Nye et al. (2018) PICO 76.610.21 76.690.28 76.550.88 76.410.32

ChemProt Kringelum et al. (2016) REL 83.170.43 83.260.90 82.701.06 83.160.63
SciERC Luan et al. (2018) REL 80.210.81 80.681.04 80.001.73 80.580.96

ACL-ARC Jürgens et al. (2018) CLS 71.822.93 70.952.25 73.682.75 72.923.76
SciCite Cohan et al. (2019) CLS 84.830.65 85.180.47 85.320.16 85.350.29
PaperField Beltagy et al. (2019) CLS 65.480.18 65.570.27 65.460.24 65.420.48

Average 78.386 78.466 78.619 78.680

Table 6: Performance on various downstream scientific document understanding tasks as presented by Beltagy
et al. (2019). The metrics used are the same as in their paper: NER is span-level F1, PICO is token level F1,
relation extraction is macro-F1, and ChemProt is micro-F1. All runs are averaged across 5 seeds. Subscripts are
the standard deviation for 5 runs.

• Named Entity Recognition (NER)/PICO:
These tasks involve labelling the spans of dif-
ferent types of entities in a document.
• Relation Extraction (REL): This task involves

labelling a sequence for the relationship be-
tween two entities.
• Text classification (CLS): Finally, we test on

several text classification tasks (citation intent
classification and paper field classification),
where the goal is to classify a sentence into
one or more categories.

We compare five variants of pre-training and fine-
tuning, given as follows.

Base The original SciBERT model.

LM SciBERT with MLM fine tuning on CITE-
WORTH.

Cite SciBERT fine-tuned for the task of cite-
worthiness detection. The classifier is a pooling
layer on top of the [CLS] representation of SciB-
ERT, followed by a classification layer.

LMCite SciBERT with MLM fine tuning and
cite-worthiness detection. The two tasks are trained
jointly i.e. on each batch of training, the model
incurs a loss for both MLM and cite-worthiness
detection which are summed together.

The results for all experiments are given in Ta-
ble 6. Note that the reported results for SciBERT
are on re-running the model locally for fair com-
parison. We first observe that incorporating our
dataset into fine-tuning tends to improve model per-
formance across all tasks to varying degrees, with
the exception of NER on the NCBI-Disease corpus.

The tasks where cite-worthiness as an objective has
the most influence are the two citation intent clas-
sification tasks (ACL-ARC and SciCite). We see
average improvements of 1.8 F1 points for the ACL-
ARC dataset (including 2 points F1 improvement
over the minumum and maximum model perfor-
mance of SciBERT) and 0.5 F1 points on SciCite.
The best average performance is from the model
which incorporates both MLM and cite-worthiness
as an objective, which we call CITEBERT.6

For other tasks, fine-tuning the language model
on CITEWORTH data tends to be sufficient for im-
proving performance, though the margin of im-
provement tends to be minimal. This is in line with
previous work reporting that language model fine-
tuning on in-domain data leads to improvements
on end-task fine-tuning (Gururangan et al., 2020).
CITEWORTH is relatively small compared to the
corpus on which SciBERT is originally trained
(30.7M tokens for the train and dev splits on which
we train versus 3.1B), so one could potentially see
further improvements by incorporating more data
or including cite-worthiness as an auxiliary task
during language model pre-training. However, this
is outside the scope of this work.

7 Conclusion

In this work, we present an in-depth study into the
problem of cite-worthiness detection in English.
We rigorously curate CITEWORTH, a high-quality
dataset for cite-worthiness detection; present a

6We release two CITEBERT models available from
the HuggingFace model hub: copenlu/citebert and
copenlu/citebert-cite-only.
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paragraph-level contextualized model which im-
proves by 5.31 F1 points on the task of cite-
worthiness detection over the existing state-of-the-
art; show that CITEWORTH is a good testbed for
studying domain adaptation in scientific text; and
show that in a transfer-learning setup one can
achieve state of the art results on the task of cita-
tion intent classification using this data. In addition
to studying cite-worthiness and transfer learning,
CITEWORTH is suitable for use in downstream nat-
ural language understanding tasks. As we retain
the S2ORC metadata with the data, one could po-
tentially use the data to study joint cite-worthiness
detection and citation recommendation. Addition-
ally, one could explore other useful problems such
as modeling different authors’ writing styles and
incorporating the author network as a signal. We
hope that the data and accompanying fine-tuned
models will be useful to the research community
working on problems in the space of scientific lan-
guage processing.
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Rezarta Islamaj Doğan, Robert Leaman, and Zhiyong
Lu. 2014. NCBI Disease Corpus: a Resource For
Disease Name Recognition and Concept Normaliza-
tion. Journal of biomedical informatics, 47:1–10.

Charles Elkan and Keith Noto. 2008. Learning Clas-
sifiers From Only Positive and Unlabeled Data.
In Proceedings of the 14th ACM SIGKDD Inter-
national Conference on Knowledge Discovery and
Data Mining, pages 213–220.

Michael Färber, Alexander Thiemann, and Adam
Jatowt. 2018a. A High-Quality Gold Standard
for Citation-Based Tasks. In Proceedings of the

1804



Eleventh International Conference on Language Re-
sources and Evaluation (LREC 2018).

Michael Färber, Alexander Thiemann, and Adam Ja-
towt. 2018b. To Cite, or Not to Cite? Detecting
Citation Contexts in Text. In European Conference
on Information Retrieval, pages 598–603. Springer.

Suchin Gururangan, Ana Marasovic, Swabha
Swayamdipta, Kyle Lo, Iz Beltagy, Doug Downey,
and Noah A. Smith. 2020. Don’t Stop Pretraining:
Adapt Language Models to Domains and Tasks.
In Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, ACL
2020, Online, July 5-10, 2020, pages 8342–8360.
Association for Computational Linguistics.

Andreas Nugaard Holm, Barbara Plank, Dustin Wright,
and Isabelle Augenstein. 2020. Longitudinal Cita-
tion Prediction using Temporal Graph Neural Net-
works. arXiv preprint arXiv:2012.05742.

David Jürgens, Srijan Kumar, Raine Hoover, Dan Mc-
Farland, and Dan Jurafsky. 2018. Measuring the
Evolution of a Scientific Field through Citation
Frames. Transactions of the Association for Com-
putational Linguistics, 6:391–406.

J-D Kim, Tomoko Ohta, Yuka Tateisi, and Jun’ichi Tsu-
jii. 2003. GENIA Corpus – a Semantically Anno-
tated Corpus for Bio-Textmining. Bioinformatics,
19(suppl_1):i180–i182.

Jin-Dong Kim, Tomoko Ohta, Yoshimasa Tsuruoka,
Yuka Tateisi, and Nigel Collier. 2004. Introduction
to the Bio-Entity Recognition Task at JNLPBA. In
Proceedings of the International Joint Workshop on
Natural Language Processing in Biomedicine and its
Applications, pages 70–75. Citeseer.

Pieter-Jan Kindermans, Kristof Schütt, Klaus-Robert
Müller, and Sven Dähne. 2016. Investigating
the Influence of Noise and Distractors on the In-
terpretation of Neural Networks. arXiv preprint
arXiv:1611.07270.

Jens Kringelum, Sonny Kim Kjaerulff, Søren Brunak,
Ole Lund, Tudor I Oprea, and Olivier Taboureau.
2016. ChemProt-3.0: a Global Chemical Biology
Diseases Mapping. Database, 2016.

Jiao Li, Yueping Sun, Robin J Johnson, Daniela Sci-
aky, Chih-Hsuan Wei, Robert Leaman, Allan Peter
Davis, Carolyn J Mattingly, Thomas C Wiegers, and
Zhiyong Lu. 2016. BioCreative V CDR task corpus:
a resource for chemical disease relation extraction.
Database, 2016.

Kyle Lo, Lucy Lu Wang, Mark Neumann, Rodney Kin-
ney, and Daniel S Weld. 2020. S2ORC: The Seman-
tic Scholar Open Research Corpus. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 4969–4983.

Yi Luan, Luheng He, Mari Ostendorf, and Hannaneh
Hajishirzi. 2018. Multi-task identification of enti-
ties, relations, and coreference for scientific knowl-
edge graph construction. In Proceedings of the 2018
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 3219–3232, Brussels, Bel-
gium. Association for Computational Linguistics.

Mark Neumann, Daniel King, Iz Beltagy, and Waleed
Ammar. 2019. ScispaCy: Fast and robust models
for biomedical natural language processing. In Pro-
ceedings of the 18th BioNLP Workshop and Shared
Task, pages 319–327, Florence, Italy. Association
for Computational Linguistics.

Benjamin Nye, Junyi Jessy Li, Roma Patel, Yinfei
Yang, Iain J Marshall, Ani Nenkova, and Byron C
Wallace. 2018. A Corpus With Multi-Level Annota-
tions of Patients, Interventions and Outcomes to Sup-
port Language Processing for Medical Literature. In
Proceedings of the conference. Association for Com-
putational Linguistics. Meeting, volume 2018, page
197. NIH Public Access.

Kazunari Sugiyama, Tarun Kumar, Min-Yen Kan, and
Ramesh C Tripathi. 2010. Identifying Citing Sen-
tences in Research Papers Using Supervised Learn-
ing. In 2010 International Conference on Informa-
tion Retrieval & Knowledge Management (CAMP),
pages 67–72. IEEE.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz
Kaiser, and Illia Polosukhin. 2017. Attention is All
You Need. In Advances in Neural Information Pro-
cessing Systems, pages 5998–6008.

David Wadden, Kyle Lo, Lucy Lu Wang, Shanchuan
Lin, Madeleine van Zuylen, Arman Cohan, and Han-
naneh Hajishirzi. 2020. Fact or Fiction: Verifying
Scientific Claims. In EMNLP.

Dustin Wright and Isabelle Augenstein. 2020a. Claim
Check-Worthiness Detection as Positive Unlabelled
Learning. In Findings of EMNLP. Association for
Computational Linguistics.

Dustin Wright and Isabelle Augenstein. 2020b. Trans-
former Based Multi-Source Domain Adaptation. In
Proceedings of EMNLP. Association for Computa-
tional Linguistics.

Dustin Wright, Yannis Katsis, Raghav Mehta, and
Chun-Nan Hsu. 2019. NormCo: Deep Disease Nor-
malization for Biomedical Knowledge Base Con-
struction. In AKBC.

1805



A List of Permissible Section Titles

• introduction
• abstract
• method
• methods
• results
• discussion
• discussions
• conclusion
• conclusions
• results and discussion
• related work
• experimental results
• literature review
• experiments
• background
• methodology
• conclusions and future work
• related works
• limitations
• procedure
• material and methods
• discussion and conclusion
• implementation
• evaluation
• performance evaluation
• experiments and results
• overview
• experimental design
• discussion and conclusions
• results and discussions
• motivation
• proposed method
• analysis
• future work
• results and analysis
• implementation details

B List of Regular Expressions

Citation format regexes:

• \[([0-9]+\s*[,-;]*\s*)*[0-9]+\s*\]

• \(?[12][0-9]3[a-z]?\s*\)

Hanging citation regex:
\s+\(?(\(\s*\)|like|reference|
including|include|with|for
instance|for example|see
also|at|following|of|from|to|in|by|
see|as|e\.?g\.?(,)?|viz(\.)?(,)?)\s*
(,)*(-)*[\)\]]?\s*[.?!]\s*$

Setting Time

Logistic Regression 00h01m43s
Transformer 02h55m13s
BERT 05h30m30s
SciBERT (no weighting) 09h22m00s
SciBERT 09h32m37s
SciBERT + PU 16h01m27s
Longformer-Solo 75h27m22s
Longformer-Ctx 19h16m07s

Table 7: Average runtimes for each model (runtimes
are taken for the entire run of an experiment).

Method # Parameters

Logistic Regression 198,323
Transformer 9,789,042
BERT 109,484,290
SciBERT 109,920,514
Longformer 149,251,586

Table 8: Number of parameters in each model

C Reproducibility

C.1 Computing Infrastructure
All experiments were run on a shared cluster. Re-
quested jobs consisted of 16GB of RAM and 4
Intel Xeon Silver 4110 CPUs. We used a single
NVIDIA Titan X GPU with 12GB of RAM.

C.2 Average Runtimes
The average runtime performance of each model
is given in Table 7. Note that different runs may
have been placed on different nodes within a shared
cluster.

C.3 Number of Parameters per Model
The number of parameters in each model is given
in Table 8.

C.4 Validation Performance
The validation performance of each tested model
is given in Table 9.

Method F1

Logistic Regression -
Transformer 57.02
BERT 60.75
SciBERT (no weighting) 57.52
SciBERT 62.04
SciBERT + PU 61.43
Longformer-Solo 61.67
Longformer-Ctx 67.11

Table 9: Average validation performance for each of
the models.
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C.5 Evaluation Metrics

The primary evaluation metric used was F1
score. We used the sklearn implementation of
precision_recall_fscore_support
for F1 score, which can be found here:
https://scikit-learn.org/stable/modules/

generated/sklearn.metrics.precision_

recall_fscore_support.html. Briefly:

p =
tp

tp+ fp

r =
tp

tp+ fn

F1 =
2 ∗ p ∗ r
p+ r

where tp are true positives, fp are false positives,
and fn are false negatives.

C.6 Hyperparameters

Logistic Regression We used a C value of
0.1151 for logistic regression.

Basic Transformer The final hyperparameters
for the basic Transformer model are: batch size:
64; number of epochs: 33; feed-forward dimen-
sion: 128; learning rate: 0.0001406; number
of heads: 3; number of layers: 5; weight de-
cay: 0.1; dropout probability: 0.4. We per-
formed a Bayesian grid search over the follow-
ing ranges of values, optimizing validation F1
performance: learning rate: [0.000001, 0.001];
batch size: {4, 8, 16, 32, 64, 128}; weight de-
cay: {0.0, 0.0001, 0.001, 0.01, 0.1}; dropout
probability: {0.0, 0.1, 0.2, 0.3, 0.4, 0.5}; num-
ber of epochs: [2, 40]; feed-forward dimension:
{128, 256, 512, 1024, 2048}; number of heads:
{1, 2, 3, 4, 5, 6, 10, 12}; number of layers: [1, 12].

BERT The final hyperparameters for BERT are:
batch size: 8; number of epochs: 3; learning rate:
0.000008075; triangular learning rate warmup
steps: 300; weight decay: 0.1; dropout probability:
0.1. We performed a Bayesian grid search over the
following ranges of values, optimizer validation F1
performance: learning rate: [0.0000001, 0.0001];
triangular learning rate warmup steps:
{0, 100, 200, 300, 400, 500, 1000, 1500, 2000,
2500, 5000}; batch size: {4, 8}; weight decay:
{0.0, 0.0001, 0.001, 0.01, 0.1}; number of epochs:
[2, 40].

SciBERT The final hyperparameters for SciB-
ERT are: batch size: 4; number of epochs: 3;
learning rate: 0.000001351; triangular learn-
ing rate warmup steps: 300; weight decay:
0.1; dropout probability: 0.1. We performed
a Bayesian grid search over the following
ranges of values, optimizer validation F1 perfor-
mance: learning rate: [0.0000001, 0.0001];
triangular learning rate warmup steps:
{0, 100, 200, 300, 400, 500, 1000, 1500, 2000,
2500, 5000}; batch size: {4, 8}; weight decay:
{0.0, 0.0001, 0.001, 0.01, 0.1}; number of epochs:
[2, 40].

Longformer-Ctx The final hyperparameters for
Longformer-Ctx are: batch size: 4; number of
epochs: 3; learning rate: 0.00001112; triangular
learning rate warmup steps: 300; weight decay:
0.0; dropout probability: 0.1. We performed
a Bayesian grid search over the following
ranges of values, optimizer validation F1 perfor-
mance: learning rate: [0.0000001, 0.0001];
triangular learning rate warmup steps:
{0, 100, 200, 300, 400, 500, 1000, 1500, 2000,
2500, 5000}; batch size: {4, 8}; weight decay:
{0.0, 0.0001, 0.001, 0.01, 0.1}; number of epochs:
[2, 6].

C.7 Data
CITEWORTH is constructed from the S2ORC
dataset, which can be found here: https://

github.com/allenai/s2orc. In particular, CITE-
WORTH is built using the 20200705v1 release
of the data. A link to the CITEWORTH data can
be found here: https://github.com/copenlu/

cite-worth.
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Abstract

Named Entity Recognition (NER) is a key
Natural Language Processing task. However,
most existing work on NER targets flat named
entities (NEs) and ignores the recognition of
nested structures, where entities can be en-
closed within other NEs. Moreover, evaluation
of Nested Named Entity Recognition (NNER)
across domains remains challenging, mainly
due to the limited availability of datasets. To
address these gaps, we present EWT-NNER,
a dataset covering five web domains annotated
for nested named entities on top of the English
Web Treebank (EWT). We present the corpus
and an empirical evaluation, including trans-
fer results from German and Danish. EWT-
NNER is annotated for four major entity types,
including suffixes for derivational entity mark-
ers and partial named entities, spanning a total
of 12 classes. We envision the public release
of EWT-NNER to encourage further research
on nested NER, particularly on cross-lingual
cross-domain evaluation.

1 Introduction

Named Entity Recognition (NER) is the task of
finding and classifying named entities in text, such
as locations, organizations, and person names. It is
a key task in Natural Language Processing (NLP),
and an important step for downstream applications
like relation extraction, co-reference resolution and
question answering. The task has received a sub-
stantial amount of attention. However, tools and
existing benchmarks largely focus on flat, coarse-
grained entities and single-domain evaluation.

Flat, coarse-grained entities however eschew
semantic distinctions which can be important in
downstream applications (Ringland et al., 2019).
Examples include embedded locations (‘New York
Times’), entities formed via derivation (‘Italian cui-
sine’) and tokens which are in part named entities
(‘the Chicago-based company’).

Figure 1: Domain overlap between target (x-axis) and
source training (y-axis) domains (DE: German, DA:
Danish, EN: proposed dataset EWT-NNER).

Research interest on methods to handle nested
entities is increasing (Katiyar and Cardie, 2018).
However, there is a lack of datasets, particularly
resources which cover multiple target domains.

To facilitate research on cross-domain nested
NER, we introduce a new layer on top of the En-
glish Web Treebank (EWT), manually annotated
for NNER. The corpus spans five web domains,
four major named entity types, enriched with suf-
fixes marking derivations and partial NEs. Fig-
ure 1 shows the domain overlap in terms of word
types. Besides providing in-language benchmark
results, EWT-NNER enables research on cross-
lingual transfer from German and Danish.

Contributions The main contributions are: i) We
introduce EWT-NNER, a corpus for nested NER
over five web domains. ii) A report on cross-lingual
and in-language baselines. Our results highlight the
challenges of processing web texts, and the need
for research on cross-lingual cross-domain NNER.

2 Related Work

Nested NER Much research has been devoted
to flat Named Entity Recognition, with a long
tradition of shared tasks (Grishman and Sund-
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heim, 1996; Grishman, 1998; Tjong Kim Sang and
De Meulder, 2003; Baldwin et al., 2015). The prob-
lem of nested named entity recognition (NNER)
has instead received less attention. This lack of
breadth of research has been attributed to practical
reasons (Finkel and Manning, 2009), including a
lack of annotated corpora (Ringland et al., 2019).

Existing nested NE corpora span only a handful
of languages and text domains. This is in stark
contrast to resources for flat NER, which are avail-
able for at least up to 282 languages (Pan et al.,
2017) and multiple domains, including a very re-
cent effort (Liu et al., 2021). Existing NNER re-
sources for English cover newswire (e.g., ACE,
WSJ) (Mitchell et al., 2005; Ringland et al., 2019)
and biomedical data (e.g., GENIA) (Kim et al.,
2003; Alex et al., 2007; Pyysalo et al., 2007). Be-
yond English, there exist free and publicly available
nested NER datasets. These include the GermEval
2014 dataset (Benikova et al., 2014a), which is one
of the largest existing German NER resources cov-
ering largely news articles (Benikova et al., 2014b).
Recently, the GermEval annotation guidelines in-
spired the creation of a Danish corpus (Plank et al.,
2020). They added a layer of nested NER on top
of the existing Danish Universal Dependency tree-
bank (Johannsen et al., 2015). Both German and
Danish corpora derive their annotation guidelines
from the NoStA-D annotation scheme (Benikova
et al., 2014b), which we adopt for EWT-NNER
(Section 3.1). To facilitate research, a fine-grained
nested NER annotation on top of the Penn Tree-
bank WSJ has been released recently (Ringland
et al., 2019). In contrast to ours, the WSJ NNER
corpus spans 114 entity types and 6 layers, and
includes numericals and time expressions beyond
named entities. We instead focus on NEs with a
total of 12 classes and 2 layers.

As outlined by Katiyar and Cardie (2018), nested
named entities are attracting more research atten-
tion. Modeling solutions opt for diverse strate-
gies, from hierarchical systems to graph-based
methods and models based on linearization (Alex
et al., 2007; Finkel and Manning, 2009; Sohrab
and Miwa, 2018; Luan et al., 2019; Lin et al., 2019;
Zheng et al., 2019; Straková et al., 2019; Shibuya
and Hovy, 2020). The current top-performing
neural systems use typically either a lineariza-
tion, a multi-task learning or a graph-based ap-
proach (Straková et al., 2019; Plank et al., 2020;
Yu et al., 2020). We evaluate two such methods.

English Web Treebank The English Web Tree-
bank (EN-EWT) (Bies et al., 2012; Petrov and Mc-
Donald, 2012; Silveira et al., 2014) is a dataset
introduced as part of the first workshop on Syntac-
tic Analysis of Non-Canonical Language (SANCL).
The advantage of EWT is that it spans over 200k
tokens of texts from five web domains: Yahoo!
answers, newsgroups, weblogs, local business re-
views from Google and Enron emails. Gold anno-
tations are available for several NLP tasks. The
corpus was originally annotated for part-of-speech
tags and constituency structure in Penn Treebank
style (Bies et al., 2012). Gold standard dependency
structures were annotated on EWT via the Univer-
sal Dependencies project (Silveira et al., 2014). Re-
cently, efforts extend EWT (or parts thereof) to fur-
ther semantic (Abend et al., 2020) and temporal lay-
ers (Vashishtha et al., 2019). We contribute a novel
nested NER layer on top of the freely available UD
EN-EWT corpus split (Silveira et al., 2014).

3 The EWT-NNER corpus

This section describes the corpus and annotation.

3.1 Annotation Scheme and Process

We depart from the NoSTA-D named entity anno-
tation scheme (Benikova et al., 2014b), introduced
in the GermEval 2014 shared task and adopted
for Danish (Plank et al., 2020). The entity labels
span a total of 12 classes, distributed over four
major entities (Tjong Kim Sang and De Meulder,
2003): location (LOC), organization (ORG), per-
son (PER) and miscellaneous (MISC). There are
two further sub-types: ‘-part‘ and ‘-deriv’. Entities
are annotated using a two-level scheme. First-level
annotations contain largest entity spans (e.g., the
‘Alaskan Knight’). Second-level annotations are
nested entities. In particular:

• We annotate named entities with two lay-
ers. The outermost layer embraces the longer
span and is the most prominent entity read-
ing, and the inner span contains secondary or
sub-entity readings. If there would be more
than 2 layers, we drop further potential read-
ings in favor of keeping two layers. Example:
‘[[UNSC]ORG Resolution 1559]MISC’1

1Benikova et al. (2014b) report a few cases (around 1 in
1,000 sentences) where the 2 levels do not suffice, but opted for
the 2-layer scheme for simplicity. We follow this, observing a
similar pattern (2 cases every 1,000 sentences). We kept notes
of these cases, yet leave an investigation to future work.
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• Full NEs are annotated as LOC (location),
ORG (organization), PER (person) or MISC
(miscellaneous other).

• Only full nominal phrases are potential full
NEs. Pronouns and all other phrases are ig-
nored. National holidays or religious events
(Christmas, Ramadan) are also not annotated.
Determiners and titles are not part of NEs.

• Named entities can also be part of tokens
and are annotated as such with the suffix “-
part”. Example: ‘[Thailand-based]LOCpart’,
‘[Nintendo-inspired]ORGpart costume’

• Derivations of NEs are marked via the suffix
deriv, e.g., ‘the [Alaskan]LOCderiv movie’.

• Geopolitical entities deserves special atten-
tion. We opted for annotating its first reading
as ORG, with a secondary LOC reading, to re-
duce ambiguity. This is the same as in the Dan-
ish guidelines. The original German NoStA-D
guidelines did not provide detailed guidelines
for this case, yet mentions some categories
were conflated (LOC and geopolicitcal enti-
ties). They seem most frequently annotated as
LOC, yet we find also similar annotations in
the German data (especially for multi-token
NEs like Borussia Dortmund).

The full annotation guidelines for EWT-NNER
with examples, annotation decisions and difficult
cases can be found in the accompanying reposi-
tory.2 Two annotators were involved in the process,
both contributed to the earlier Danish corpus. One
annotator is an expert annotator with a degree in
linguistics; the second annotator is a computer sci-
entist. A data statement is provided in the appendix.
Inter-annotator agreement (IAA) is measured on a
random sample of 100 sentences drawn from the
development data. This resulted in the following
agreement statistics: raw token-level agreement of
98%, Cohen’s kappa over all tokens 88.20% and
Cohen’s kappa of 81.73% for tokens taking part
in an entity as marked by at least one annotator.
The final dataset was annotated by the professional
linguist annotator. The annotation took around 3
working days per 25,000 tokens.

Train Dev Test

answers 7 2,631 419 438
reviews L 2,724 554 535
email � 3,770 524 606
newsgroup � 1,833 274 284
weblogs á 1,585 231 214

total 12,543 2,002 2,077

Table 1: Number of sentences in the UD EWT split.

All Nest. 7 L � � á

Location 3,553 901 20.6% 9.7% 15.2% 22.2% 32.3%
LOC deriv 1,094 161 18.1% 7.7% 3.4% 21.7% 49.1%
LOC part 76 29 7.9% 5.3% 14.5% 18.4% 53.9%

Person 4,202 353 4.5% 9.0% 45.0% 18.2% 23.3%
PER deriv 22 2 0% 4.8% 38.1% 19% 38.1%
PER part 24 2 0% 4.2% 16.7% 58.3% 20.8%

Organization 3,309 133 9.8% 15.2% 25.1% 21.0% 29.0%
ORG deriv 32 0 15.2% 9.1% 27.3% 12.1% 36.4%
ORG part 45 45 10.3% 0% 62.1% 0% 27.6%

Miscellaneous 1,576 11 21.2% 8.4% 29.7% 29.0% 11.8%
MISC deriv 3 0 0% 33.3% 33.3% 33.3% 0%
MISC part 9 2 0% 0% 57.1% 28.6% 14.3%

total 13,945 1,622 % of all entities per domain

Table 2: Distribution of entities in all of EWT-NNER
(16k sentences): All, Nested, and % of All.

3.2 Data statistics

Statistics over the data split and distribution of the
web texts are provided in Table 1. A comparison
to German and Danish on coarse-level statistics are
provided in Table 3. Details of the entity distibu-
tion in EWT-NNER are given in Table 2. The
entire EWT-NNER contains a total of over 16,000
sentences and over 13,000 entities. Around 42% of
the sentences contain NEs. Over 11.6% are nested
NEs, 8.3% are derivations and 1.1% are parts of
names. Compared to GermEval 2014, this is a
higher density of nested entities (11.6% vs 7.7%
in the German data), yet a lower percentage of
derivations and partial NEs. The data is provided
in CoNLL tabular format with BIO entity encoding.

4 Experimental Setup

We are interested in a set of benchmark results to
provide: a) zero-shot transfer results from Danish
and German; b) in-language results (training on
all 5 EN domains vs per-domain models); and c)
results on cross-lingual cross-domain evaluation
when training on multiple languages jointly.

For the experiments, we use fine-tuning of con-

2Data and tech report (Plank and Dam Sonniks,
2021) are available at: http://github.com/bplank/
nested-ner
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Training Development Test
Language German Danish English German Danish English English
Domain news news web (5) news news web (5) web (5)

Sentences 24,002 4,383 12,538 2,200 564 2,002 2,077
Tokens 452,853 80,378 204,609 41,653 10,332 25,150 25,097
# Entities 31,545 3,035 10,673 2,886 504 1,549 1,711

Table 3: Overview of EWT-NNER (this paper) and comparison to existing nested NER datasets adopting the
NoSTA-D 2-level NER annotation scheme: German (Benikova et al., 2014b) and Danish (Plank et al., 2020).

textualized embeddings with AllenNLP (Gardner
et al., 2018) using the MaChAmp toolkit (van der
Goot et al., 2021). We use the proposed default pa-
rameters. Whenever we train on English data, we
took the smallest weblogs domain (231 sentences)
as model selection set and assume no further in-
domain dev set. For German and Danish, we use
the provided news dev sets. For all experiments we
report the average performance over 3 runs.

As contextualized embeddings, we investigate
BERT (Devlin et al., 2019), multilingual BERT and
XLM-R (Conneau et al., 2020). We evaluated two
decoding strategies: the first takes the Cartesian
product of inner and outer NER layer and treats it
as a standard single-label decoding strategy. An
advantage of this strategy is that any sequence tag-
ging framework can be used; a disadvantage is
the increased label space. To tackle this we use a
two-headed multi-task decoder, one for each en-
tity layer, as found effective (Plank et al., 2020).
Initial experiments confirmed that the single-label
decoding is less accurate, confirming earlier find-
ings (Straková et al., 2019; Plank et al., 2020). We
report results with the two-headed decoder only,
and further results in the appendix.

Evaluation is based on the official GermEval
2014 (Benikova et al., 2014b) metric and script,
i.e., strict span-based F1 over both entity levels.

5 Results

Table 4 shows the results of training models on Ger-
man (DE: GermEval 2014), Danish (DA: DaN+),
and their union (+), for zero-shot transfer (top
rows). It provides further results of training on all
English EWT-NNER training data (from all five
web domains) both for multilingual models (using
multilingual BERT or XLM-R) and monolingual
models (English BERT and Roberta). Figure 2
provides cross-domain results of training only on
English subdomains.

Language DE DA EN (EWT-NNER)
Domain news news 7 L � � á
# Entities 2,886 504 285 174 340 354 396

zero-shot:
DA 68.47 80.95 52.43 53.09 54.99 48.92 62.66
DE 84.41 76.67 59.04 55.93 60.53 59.11 63.23
DA+DE 85.32 82.39 61.12 56.86 61.98 60.48 64.43

full in-language data:
EN (all 5) 69.98 75.22 71.00 73.35 79.33 81.20 86.80

EN+DA 71.53 82.77 73.04 74.05 80.48 80.95 86.69
EN+DE 84.91 77.71 71.79 73.70 80.53 79.64 85.48
EN+DA+DE 84.80 82.43 72.61 74.45 79.39 81.92 86.59

EN+DA+DEX 83.47 83.07 73.86 74.35 79.60 79.03 86.56

full in-language, monolingual embeds:
EN BERT 26.59 27.54 70.53 73.25 81.09 81.31 87.04
EN Roberta 34.35 33.37 70.01 78.77 81.02 77.44 84.58

Table 4: F1 scores on dev sets with mBERT/X[LM-R]
(upper columns) and monolingual models for English.

Figure 2: In-language cross-domain evaluation.

Take-aways While zero-shot transfer between
news (on German and Danish) is around 70 F1
(68.5 and 76.7), zero-shot transfer to the EWT-
NNER web domains is low, particularly for an-
swers (7), reviews (L), emails (�) and news-
groups (�). Training on both Danish and German
improves zero-shot performance over all domains.

For English cross-domain evaluation, we ob-
serve a large variation across domains in Figure 2.
Here, we train models on the EWT-NNER train-
ing portion of a single web domain, and evaluate
the resulting model across all five web domains (in-
domain and out-domain). The heatmap confirms
that training within domain is the most beneficial
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(results on the diagonal), but large drops can be ob-
served across domains. Reviews (L) and Yahoo!
answers (7) remain the most challenging with the
lowest F1 scores. Weblogs (á) shows the highest
results. We tentatively attribute this to the good
coverage of weblogs over all entity classes (see
Table 2) and the well-edited style of the text (by
inspection many posts are about politics and mili-
tary events). If we compare the results to the model
trained on all English data in Table 4 (EN all 5),
we observe that training on all web training data
improves over the single web texts.

We investigate cross-lingual cross-domain re-
sults, to evaluate whether a model trained on En-
glish data alone can be improved by further cross-
lingual transfer. Table 4 shows that this is the case.
There is positive transfer from German and Danish
data, with the mBERT model (EN+DA+DE) boost-
ing performance (on most domains). The larger
XLM-R model helps on specific domains, but it is
not consistently better than mBERT.

So far we focused on multilingual contextualized
embeddings. The last rows in Table 4 compares
the multilingual models to monolingual ones. Inter-
estingly, in this domain a monolingual model does
not consistently outperform the multlingual model.
While for some domains the EN model is substan-
tially better, this is not the case overall. On average
over the 5 web domains, the tri-lingual model with
mBERT reaches a slightly overall F1 (average of
78.99), followed by both the monolingual BERT
model (78.64) and XLM-R (78.63).

Language DE DA EN EWT-NNER
Domain news news 7 L � � á Avg
Entities 6,693 566 316 167 465 314 449

EN 70.10 72.68 73.47 68.47 75.93 82.66 88.87 77.88
EN+DA+DE 84.36 79.94 74.28 66.54 77.44 84.10 87.71 78.01

Table 5: F1 scores on the test sets with mBERT.

Test sets Finally, we run the best model on the
test sets and compare to training on English alone.
Table 5 confirm the overall trends. There is a pos-
itive transfer across languages for cross-domain
evaluation, with improvements on the majority of
domains. The best model reaches an average F1
score of 78.01 on the five web domains. Com-
pared to results within newswire, there is room to
improve NNER over domains.

Analysis We perform a qualitative analysis of the
best model (EN+DA+DE) on the dev sets.

Detailed scores are in Table 7 in the appendix.
The overall F1 of 72% on 7 is largely due to low
recall on person names (recall 63%) (e.g., pecu-
liar names such as ‘Crazy Horse’, a Dakota leader)
and missed lower-cased product names (‘ipod’).
On �, recall on ORG and LOC is low (55% and
65%), as organizations and locations are missed
also due to unconventional spelling in emails. In
reviews (L), the model reaches its lowest F1 on
ORG (67%) as it mixes up people names with or-
ganizations and lacks recall. Newsgroup (�) is
broad (e.g., discussions from astronomy to cat al-
bums) with the lowest per-entity F1 of 75% for
MISC. Newsgroup and weblogs are the domains
with the most LOCderiv entities, which the model
easily identifies (F1 of 93% and 99% in � and á,
respectively). Overall, weblogs (á) has the highest
per-entity F1 scores, all above 75%, with the high-
est overall F1 on LOC (92 F1; in comparison to
57% on� and 79% on 7). This high result on we-
blogs can be further attributed to smaller distance
to the training sources (as indicated in the overlap
plot in Figure 1) and to some degree of using this
domain for tuning. From a qualitative look, we
note that the weblogs sample is rather clean text,
often in reporting style about political events simi-
lar to edited news texts, which we believe is part of
the reason for the high performance compared to
the other domains in EWT-NNER.

6 Conclusions

We present EWT-NNER, a nested NER dataset
for English web texts, to contribute to a limiting
nested NER resource landscape. We outline the
dataset, annotation guidelines and benchmark re-
sults. The results show that NNER remains chal-
lenging on web texts, and cross-lingual transfer
helps. We hope this dataset encourages research on
cross-lingual cross-domain NNER. There are many
avenues for future research, which include e.g., al-
ternative decoding (Yu et al., 2020), pre-training
models and adaptation (Gururangan et al., 2020).
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A Data Statement

This following data statement (Bender and Fried-
man, 2018) documents the origin of the data anno-
tations and provenance of the original English Web
Treebank (EWT) data.

CURATION RATIONALE Annotation of
nested named entities (NNE) in web text domains
to study the impact of domain gap on cross-lingual
transfer.

LANGUAGE VARIETY Mostly US (en-US)
mainstream English as target. Transfer from Dan-
ish (da-DK) and German (de-DE).

SPEAKER DEMOGRAPHIC Unknown.
ANNOTATOR DEMOGRAPHIC Native lan-

guages: Danish, German. Socioeconomic status:
higher-education student and university faculty.

SPEECH SITUATION Scripted, spontaneous.
TEXT CHARACTERISTICS Sentences from

journalistic edited articles and from social media
discussions and postings.

PROVENANCE APPENDIX The data
originates from the English Web Treebank
(EN-EWT) (Bies et al., 2012; Petrov and
McDonald, 2012; Silveira et al., 2014) and
data split available at: https://github.
com/UniversalDependencies/UD_
English-EWT/

B Additional results

Table 6 provides additional results for both decod-
ing strategies. It shows that single-label decoding is
outperformed by the two-head decoder, confirming
similar results on Danish (Plank et al., 2020).

Language DE DA EN EWT-NNER
Domain news news answ revs email nwsgrp weblg
# Entities 6,693 566 321 168 468 319 447

german news answers reviews email newsgroup weblogs
en.bert.single-merged 29.33 24.68 67.16 71.57 79.23 75.12 79.81
en.bert.multitask 26.59 27.54 70.53 73.25 81.09 81.31 87.04

en.roberta.single-merged 31.41 24.86 67.09 72.07 81.01 72.35 79.34
en.roberta.multitask 34.35 33.37 70.01 78.77 81.02 77.44 84.58

Table 6: F1 scores on the dev set with monolingual
models both decoding strategies.

answers 7 reviews L email � newsgroups � weblogs á

Location 79.01 (72.73) 85.37 (89.74) 57.14 (55.17) 83.76 (92.45) 92.31 (93.10)
LOC deriv 74.42 (84.21) 100.00 (100.00) 0.00 (0.00) 93.33 (100.00) 99.07 (98.15)
LOC part – 100.00 (100.00) – – 100.00 (100.00)

Person 72.73 (63.16) 83.33 (87.50) 90.25 (86.63) 92.09 (98.46) 91.46 (88.24)
PER deriv – – 100.00 (100.00) 0.00 (0.00) 0.00 (0.00)
PER part – – – 0.00 (0.00) –

Organization 64.58 (70.45) 67.42 (60.00) 64.86 (65.45) 83.64 (84.15) 85.83 (83.06)
ORG deriv 0.00 (0.00) – – – 0.00 (0.00)
ORG part – – – 0.00 (0.00) –

Miscellaneous 75.76 (67.57) 85.71 (81.82) 80.00 (83.64) 75.82 (65.91) 75.00 (84.00)
MISC deriv – – – – –
MISC part – – – – 0.00 (0.00)

Table 7: Per-entity evaluation of outer level strict FB1
score (and recall) of the best model EN+DE+DA with
mBERT on the dev sets.
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Abstract

Text generation has received a lot of attention
in computational argumentation research as of
recently. A particularly challenging task is the
generation of counter-arguments. So far, ap-
proaches primarily focus on rebutting a given
conclusion, yet other ways to counter an argu-
ment exist. In this work, we go beyond pre-
vious research by exploring argument under-
mining, that is, countering an argument by at-
tacking one of its premises. We hypothesize
that identifying the argument’s weak premises
is key to effective countering. Accordingly, we
propose a pipeline approach that first assesses
the premises’ strength and then generates a
counter-argument undermining the weakest
among them. On one hand, both manual
and automatic evaluation underline the impor-
tance of identifying weak premises in counter-
argument generation. On the other hand, when
considering correctness and content richness,
human annotators favored our approach over
state-of-the-art counter-argument baselines.

1 Introduction

Following Walton (2009), a counter-argument can
be defined as an attack on a specific argument
by arguing against either its claim (called rebut-
tal), the validity of reasoning of its premises to-
ward its claim (undercut), or the validity of one of
its premises (undermining). Not only the mining
and retrieval of counter-arguments have been stud-
ied (Peldszus and Stede, 2015; Wachsmuth et al.,
2018b), recent works also tackled the generation
of counter-arguments. Among these, Bilu et al.
(2015) and Hidey and McKeown (2019) studied
the task of contrastive claim generation, the former
in a partly rule-based manner, the latter data-driven.
Moreover, Hua and Wang (2019) proposed a neu-
ral counter-argument generation approach. So far,

Claim (title): Feminism is in the third wave. In coun-
tries, such as America, it has caused nothing but trouble.

Premises (sentences): I’m going to be bringing up sev-
eral feminist arguments I have heard myself. First off,
the all-dreaded wage gap. It has in fact been illegal to
pay women less than men since the early 1960s. [...]
Secondly the pink tax. Women’s products are of course
going to cost more than men’s. They use entirely differ-
ent chemicals specifically made to cater to softer skin
[...] and for the fourth point, although I could go on
for much longer, the feminst movement is needed else-
where. In countries, such as Iraq, India, and Saudia
Arabia. The feminst movement being in a country where
women aren’t being forced to cover their entire bodies,
aren’t being sold off with doweries, and aren’t being
oppressed, is downright absurd.

Counter-argument: The fact that other women have
it worse doesn’t mean that women don’t have it bad
elsewhere. For example, I can be fired for being gay in
29 out of 50 states in the US. The fact that people are
stoned for being gay in Brunei doesn’t mean that isn’t
an example of homophobia...

Table 1: An example argument (claim + premises) and
a counter-argument in response to it, taken from Reddit
changemyview. The italicized premise part was quoted
by the user who stated the counter-argument.

however, research focused only on rebutting a given
argument, ignoring the other aforementioned types.
We expand this research by studying to what extent
argument undermining can be utilized in counter-
argument generation.

In argument undermining, the validity of some
premises is questioned. Such a phenomenon can
be observed often in online discussions on social
media. For example, in the discussion excerpt in Ta-
ble 1, taken from the Reddit forum changemyview,1

a user contests the whole stated argument (claim
and premises) by referring to the specific premise
shown italicized (on Reddit, it is the quoted part of

1https://en.wikipedia.org/wiki/R/changemyview
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Human life is invaluable. 
A fetus is a human.
                    :
To abort means to kill.

Abortion is murder.

Argument Counter-argument

counter-argument
generation

weak-premise
ranking

premise attack
generation

A fetus is not a human.
It is just cells in the womb,
so abortion is not killing.

    Human life is invaluable. 
#1 A fetus is a human.
                    :
#2 To abort means to kill.

    Abortion is murder.

 w/ highlighted premises

Figure 1: Argument undermining: Instead of counter-
ing a given argument directly, our approach first ranks
the argument’s premises by predicted weakness. Then,
an attack focused on the weakest premises is generated.

the text). This implies two steps: first, to identify
a potentially weak and thus attackable premise in
the argument, and second, to counter it.

In this work, we propose to tackle the task of
counter-argument generation by attacking one of
the weak premises of an argument. We hypothesize
that identifying a weak premise is key to effective
counter-argument generation—especially when the
argument is of high complexity, comprising multi-
ple interlinked claims and premises, which makes
it hard to comprehend the argument as a single unit.
Figure 1 illustrates our two-step pipeline approach:
it first detects premises that may be attackable and
then generates a counter-argument targeting one or
more of these premises. To identify weak premises,
we build on the work of Jo et al. (2020), who clas-
sify attackable sentences using BERT. Unlike the
authors, we rank premises based on their attackabil-
ity concerning the argument’s main claim, utilizing
the learning-to-rank approach of Han et al. (2020).
For the second step, similar to Wolf et al. (2019),
we fine-tune a pre-trained transformer-based lan-
guage model (Radford et al., 2018), in a multi-
task learning setting: next-token classification and
counter-argument classification.

In our experiments, we make use of the change-
myview (CMV) dataset of Jo et al. (2020), where
each instance is a post consisting of a title (say,
an argument’s claim) and a text (the argument’s

premises). Some of the sentences in the text are
quoted by comments to the post. These sentences
are considered to be weak/attackable premises.2

We further extend the dataset by collecting texts
from comments defining counter-arguments.

To analyze our approach, we evaluate both of
its steps individually as well as in combination. In
particular, we first compare our ranking model for
detecting attackable premises to Jo et al. (2020),
observing significant improvements in the effec-
tiveness. Second, given the ground-truth attackable
premise (the quoted sentences), we evaluate our
counter-argument generation model against sev-
eral baselines. Our automatic evaluation provides
evidence that training the model with the weak
premise annotated significantly boosts the scores
across all metrics. We additionally confirm these
results by a manual evaluation, indicating that our
approach is better than the baseline in 56% of the
cases. Finally, we apply our generation model
based on the automatically detected weak premises
and compare it to the approach of Hua and Wang
(2019), which generates counter-arguments with
opposing stance to the argument (i.e., rebuttals).
While the automatic evaluation here is not in favor
of our approach, the manual evaluation gives ev-
idence of the favorability of our approach on all
three tested quality dimensions.

To summarize, our contributions are:3

• A model for detecting premise attackability,
achieving state-of-the-art effectiveness.

• A new approach to counter-argument genera-
tion that identifies and attacks weak premises.

• Empirical evidence of the impact of consider-
ing specific attackable premises in the argu-
ment when generating a counter-argument.

2 Related Work

Recently, text generation has gained much interest
in computational argumentation, both for single
claims and complete arguments. Bilu et al. (2015)
composed opposing claims combining rules with
classifiers, whereas Hidey and McKeown (2019)
tackled an analog task with neural methods. Al-
shomary et al. (2020) reconstructed implicit claims
from argument premises using triplet neural net-
works, and Gretz et al. (2020) explored ability of

2Our assumption is that each sentence represents a premise
supporting the main claim mentioned in the title of the post

3Code and resources can be found under https://
github.com/webis-de/ACL-21
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GPT-2 to generate claims on topics. Recently, Al-
shomary et al. (2021) studied how to encode spe-
cific beliefs into generated claims, whereas Chen
et al. (2018) flipped the bias of claim-like news
headlines using style transfer. Sato et al. (2015)
generated full arguments in a largely rule-based
way. Building on the model of rhetorical argu-
mentation strategies by Wachsmuth et al. (2018a),
El Baff et al. (2019) modeled argument synthesis as
a language modeling task, and Schiller et al. (2020)
studied the neural generation of arguments on a
topic with controlled aspects and stance. Unlike all
these, we deal with counter-arguments.

Research exists for mining attack relations (Co-
carascu and Toni, 2017; Chakrabarty et al., 2019;
Orbach et al., 2020), mining counter-considerations
from text (Peldszus and Stede, 2015), and retriev-
ing counter-arguments (Wachsmuth et al., 2018b;
Orbach et al., 2019). However, only the two works
of Hua and Wang (2018, 2019) realy generated
such arguments. Their latest neural approach takes
an argument or claim as input and generates a
counter-argument rebutting it. Differently, we con-
sider countering an argument by attacking one of its
premises, known as undermining (Walton, 2009).

Part of our approach is to identify attackable
premises, which can be studied from an argument
quality perspective. That is, a premise is attackable
when it lacks specific quality criteria. A signifi-
cant body of research has studied argument quality
assessment, with a comprehensive survey of qual-
ity criteria presented in Wachsmuth et al. (2017).
Implicitly, we target criteria such as a premise’s
acceptability or relevance. Still, we follow Jo
et al. (2020) in deriving attackability from the sen-
tences of posts that users attack in the Reddit forum
CMV. These sentences represent premises support-
ing the claim encoded in a post’s title. The authors
experimented with different features that poten-
tially reflect weaknesses in the premises. Their
best model for identifying attackable premises is a
BERT-based classifier. We use their data to learn
weak premise identification, but we address it as a
learning-to-rank task.

As for text generation, significant advances have
been made through fine-tuning large pre-trained
language models (Solaiman et al., 2019) on target
tasks. We also benefit from this by utilizing a pre-
trained transformer-based language model (Devlin
et al., 2018), and we fine-tune it in a multi-task
fashion similar to Wolf et al. (2019).

3 Approach

As sketched in Figure 1, the pipeline approach
we propose counters an argument by attacking the
validity of one of its potentially weak premises.
This section presents the two main steps of our
approach: first, the ranking of weak and thus at-
tackable premises, and second, the generation of
an attack on the weak premises.

3.1 Weak-Premise Ranking
Given an argument in the form of a claim and a
set of premises, the task is to identify the argu-
ment’s attackable premises. Unlike previous work
(Jo et al., 2020), we model the task as a ranking
task instead of a classification task, in which, for
each argument, we learn to rank its premises by
their weakness relevant to the claim. Our hypoth-
esis here is that the attackability of a premise can
be better learned when considering both the claim
and other premises of the argument.

We operationalize the weak-premise ranking
similar to the ranking approach of Han et al. (2020).
In particular, given a set of premises and the claim,
we first represent each premise by concatenating its
tokens with the claim’s tokens, separated by special
tokens [cls] and [sep]:

[cls] claim_tokens [sep] premise_tokens [sep]

Next, the resulting sequences are passed through
a BERT model to obtain a vector representation
for every premise. Each vector is then projected
through a dense layer to get a score ŷ that reflects
the weakness of the premise. Finally, a list-wise
objective function (we use a Softmax loss) is op-
timized jointly on all premises of an argument as
follows:

l(y, ŷ) = −
n∑

i=1

yi · log
( exp(ŷi)∑n

j=1 exp(ŷj)

)
,

where y is a binary ground-truth label reflecting
whether the given premise is attackable (y = 1) or
not (y = 0). Given training data, we can thus learn
to rank premises by weakness.

3.2 Premise Attack Generation
Given the output of the ranking step, we identify
the k highest-ranked premises in an argument to
be attackable (in our experiments, we test k = 1
and k = 3). Then, we generate a counter-argument
putting the identified attackable premises into the
focus. To this end, we follow Wolf et al. (2019) in
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Figure 2: Architecture of our approach: Given an argu-
ment, a weak premise, and a counter, three embedding
representations are generated and fed to the transformer
to obtain hidden states from which the language model
and classification heads learn the Next-token prediction
and Counter-argument classification tasks respectively.

using transfer learning and fine-tune a pre-trained
transformer-based generation model on our task.
In our fine-tuning process, the input is a sequence
of tokens created from two segments, the argument
and the counter-argument:

[bos] arg_tokens [counter] counter_tokens [eos]

The final token embedding is then a result of con-
catenating three embeddings: word and positional
embeddings learned in the pre-training process,
as well as a token-type embedding learned in the
fine-tuning process. Here, the token type reflects
whether the token belongs to the argument in gen-
eral, to a weak premise, or the counter-argument.
Now, we train our model jointly on two tasks:

• Next-token prediction. Given a sequence of
tokens, predict the next one.

• Counter-argument classification. Given two
concatenated segments, decide whether the
second is a counter-argument to the first.

The first task is similar to the next-sentence pre-
diction task introduced in (Devlin et al., 2018),
which was shown to be beneficial for multiple
representation-learning tasks.

Figure 2 shows the architecture of our genera-
tion model. For training, we augment a given set
of training sequences D by adding distracting se-
quences. Concretely, we use, for each argument

and its weak premise, a non-relevant text instead
of the counter-argument. Given a sequence of to-
kens d = (t1, t2, · · · , tn) ∈ D, we then optimize
the following two loss functions jointly with equal
weighting:

L1(Θ) =
∑

d∈D

∑

ti∈d
logP (ti | ti−k, · · · , ti−1; Θ),

L2(Θ) =
∑

dj∈D
logP (yj | t1, · · · , tn; Θ),

where Θ denotes the weights of the model, k is the
number of previous tokens, and yj is the ground-
truth label of the sequence, indicating if the second
segment of the sequence is a counter or not.

4 Data

As proposed, the presented approach models the
task of counter-argument generation as an attack
on a potentially attackable premise. Such behavior
is widely observed on the Reddit forum change-
myview (CMV). In particular, a user writes a new
post that presents reasons supporting the pro or con
stance towards a given topic (captured in the title of
the post), asking the CMV community to challenge
the presented view. In turn, other users quote spe-
cific segments of the post (usually a few sentences)
and seek to counter them in their comments. An
example has already been given in Figure 1.

The structure induced by CMV defines a suitable
data source for our study. Specifically, we create
the following distantly-supervised mapping:

• The title of the post denotes the claim of the
user’s argument;

• the text of the post denotes the concatenated
set of the argument’s premises;

• the quoted sentence(s) denote the attackable
(weak) premises; and

• the quoting sentences from the comment de-
note the counter-argument.

In our work, we build on the CMV dataset of Jo
et al. (2020), where each instance contains a post, a
title, and a set of attackable sentences (those quoted
in the comments). We use the same split as the au-
thors, consisting of 25.8k posts for training, 8.7k
for validation, and 8.5k for testing. We extend their
dataset by further collecting the quoting sentences
from the comments (i.e., the counter-arguments).
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The final dataset compiles 111.9k triples of argu-
ment (claim and premises), weak premise (one sen-
tence or more), and counter-argument (a set of sen-
tences), split into 67.6k training, 23k validation,
and 22.3k test instances.

5 Evaluation

In the following, we present the experiments we
carried out to evaluate both steps of our approach
individually as well as in a pipelined approach. On
the one hand, we aim to assess the applicability of
identifying weak premises in an argument and the
impact of targeting them in the process of counter-
argument generation. On the other hand, our goal
is to assess how well counter-argument generation
via undermining works compared to other known
counter-argument generation approaches.

5.1 Weak-Premise Ranking

As presented, we tackled the task of finding attack-
able premises by learning to rank premises by their
weakness with respect to the main claim.

Approach Based on the code of Han et al. (2020)
available in the Tensorflow learn-to-rank frame-
work (Pasumarthi et al., 2019), we used a list-wise
optimization technique that considers the order of
all premises in the same argument.4 We trained our
ranking approach on the CMV dataset’s training
split and refer to it as bert-ltr below.5

Baselines We compare our approach to the Bert-
based classifier introduced by Jo et al. (2020),
trained on the same training split using the authors’
code. We employed their trained model to score
each premise and then rank all premises in an argu-
ment accordingly. We call this the bert-classifier.
As Jo et al. (2020), we also consider a random base-
line as well as a baseline that ranks premises based
on sentence length.

Measures To assess the effectiveness, we fol-
low Jo et al. (2020) in computing the precision
of putting a weak premise in the first rank (P@1),
as well as the accuracy of having at least a weak
premise ranked in the top three (A@3).

Results Table 2 shows the weak-premise ranking
results. We managed to almost exactly reproduce

4We also experimented with point-wise and pairwise tech-
niques, but the list-wise approach turned out best. For lack of
notable insights, we omit to report insights on the others.

5Training details can be found in the appendix.

Approach P@1 A@3

Random 0.425 0.738
Sentence Length 0.350 0.617
bert-classifier (Jo et al., 2020) 0.487 0.777
bert-ltr (our approach) *0.506 *0.786

Table 2: Weak-premise ranking: Precision of ranking a
weak premise highest (P@1) and accuracy for the top
three (A@3) of all evaluated approaches. Results with
* are significantly better than bert-classifier at p < .05.

the values of Jo et al. (2020) for all three baselines.
Our approach, bert-ltr, achieves the best scores ac-
cording to both measures. In terms of a one-tailed
dependent student’s t-test, the differences between
bert-ltr and bert-classifier are significant with at
least 95% confidence. These results support our
hypothesis of the importance of tackling the task as
a ranking task with respect to the main claim. Be-
low, we will use our weak-premise ranking model
in the overall approach, i.e., to automatically select
attackable premises in an argument.

5.2 Premise Attack Generation

Next, we evaluate our hypothesis on the impor-
tance of identifying weak premises in the process
of counter-argument generation. To focus on this
step, we use the ground-truth weak premises in our
data. These are the quoted sentences in the post,
considered potentially attackable premises.

Approach We used OpenAI’s GPT as a pre-
trained language model. We trained two versions
of our generation model: our-model-w/ with an
extra special token ([weak]), surrounding the at-
tackable sentences to give an extra signal to our
model, and once our-model-w/o without it. We
fine-tuned both versions with the same settings us-
ing the transformers library (Wolf et al., 2020) for
six epochs.6 We left all other hyperparameters with
their default values. As mentioned, the model’s
input is a sequence of tokens constructed from the
argument (with weak premises highlighted) and
either the correct counter or a distracting sequence.
We selected one sentence from the original post
randomly to be the distracting sequence for each
input instance.

Baseline We compare our model to a GPT-based
model fine-tuned on a sequence of tokens repre-
senting a pair of an argument (title and post) and

6We stopped at six epochs because we observed no gain in
terms of validation loss anymore.
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Counter Sentences Full Comment

# Approach Target METEOR BLEU-1 BLEU-2 METEOR BLEU-1 BLEU-2

1 counter-baseline - 0.058 13.023 3.117 0.097 10.400 3.212

2 our-model-w/o claim 0.060 12.532 2.943 0.090 9.472 2.837
3 our-model-w/o random premise 0.058 12.838 3.005 0.096 10.398 3.255
4 our-model-w/o weak premise 0.057 *13.453 *3.391 *0.102 *10.998 *3.764

5 our-model-w/ claim 0.060 12.635 3.023 0.092 9.685 2.984
6 our-model-w/ random premise 0.059 12.712 2.987 0.096 10.161 3.217
7 our-model-w/ weak premise 0.058 13.162 3.217 0.101 10.743 3.651

Table 3: Premise attack generation: METEOR, BLEU-1, and BLEU-2 scores of the output of each evaluated ap-
proach compared to the ground-truth counter sentences and to the the full comment (i.e., the full counter-argument).
Values marked with * are significantly better than counter-baseline at p < .05.

a counter-argument. We consider this as a gen-
eral counter-argument generation model, trained
without any consideration of weak premises. We
trained the baseline using the same setting as our
model. We refer to it as counter-baseline.

Automatic Evaluation To assess the importance
of selecting attackable sentences, we evaluate the
effectiveness of our model in different inference
settings in terms of what is being attacked: (1) the
claim of the argument, (2) a random premise, or
(3) a weak premise given in the ground-truth data.
For the random setting, we selected three premises
from the argument randomly, and we generated one
counter for each. The final result is the average of
the results for each.

We computed METEOR and BLEU scores, com-
paring the generated premises to (a) the exact
counter sentences of the quoted weak premise and
(b) the full argument. We carried out this automatic
evaluation on 1k posts from the test split.

Results As shown in Table 3, the best results are
achieved by our-model-w/o in all cases when iden-
tifying the weak premises in the input. Encoding
the knowledge about weak premises as token types
is sufficient, and adding an extra special token does
not help. Although the differences between our
best model and the baseline are not big, they are
significant according to the one-tailed dependent
t-test with a confidence of 95%. For both versions
of our model, best scores are achieved when con-
sidering the weak premises as the target (except for
the first METEOR column). However, not all these
differences are significant. This gives evidence
that exploiting information about weak premises
in the training of counter-argument generation ap-
proaches can improve their effectiveness.

To further assess the relationship between the

counter-baseline
our-model-w/o
our-model-w/
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Figure 3: Premise attack generation: Mean token over-
lap between the ground-truth weak premises and the
counters generated by each evaluated approach.

generated counters and the attacked premises, we
computed the proportion of covered content tokens
in the weak premise for the two versions of our
model and the baseline. Figure 3 shows a histogram
of the percentages. Clearly, both versions of our
model have higher coverage of the annotated weak
premises than the baseline.

Manual Evaluation To analyze the generated
counter-arguments more thoroughly, we carried
out a manual evaluation study on a sample of 50
random examples. Two authors of the paper in-
spected the sample comparing the two versions of
our model. The results were in favor of our-model-
w/o. Therefore, we compared only our-model-w/o
against the counter-baseline. In particular, we as-
sessed the relevance and appropriateness of the
output of the two for each example. Given an argu-
ment, the highlighted premise to be attacked, and
the two counters, we asked three annotators who
hold an academic degree and are fluent in English
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Approach Relevance Appropriateness

Majority Full Majority Full

counter-baseline 44% 20% 44% 14%
our-model-w/o 56% 36% 56% 28%

Mean Kendall’s τ 0.41 0.23

Table 4: Premise attack generation: Percentage of cases
where each given approach was seen as more relevant
and more appropriate, respectively, according to major-
ity vote and the full agreement in the manual evaluation
on 50 examples. The bottom line shows the mean pair-
wise inter-annotator agreement.

(no author of this paper) to answer two questions:

1. Which text is more relevant to the highlighted
premise?

2. Which text is more appropriate for being used
as a counter-argument?

Results As shown in Table 4, considering the ma-
jority vote, annotators favored our model in 56% of
the cases in both tasks. These results give further
evidence supporting our hypothesis of the impor-
tance of identifying weak premises.

Considering the given task as a ranking task, we
used Kendall’s τ to compute the annotator’s agree-
ment. The mean pairwise agreement was 0.41 for
the relevance assessment and 0.23 for appropriate-
ness. Clearly, assessing the text’s appropriateness
of being a counter-argument is more subjective and
more challenging to judge than the relevance task.

5.3 Overall Approach

Finally, we assess the overall effectiveness of
our proposed undermining approach to counter-
argument generation, that is, we first identify weak
premises automatically using our ranking model,
Bert-ltr, and then generate a counter-argument us-
ing our generation model, our-model-w/o, focusing
on the selected weak premises.

Approach Due to the limited P@1 value of our
ranking model (see Table 2), we evaluate two vari-
ations of our overall approach that differ in terms
of what premises to attack. The first variant attacks
the weakest premise. In the second, we first gen-
erate three counters considering each of the top
three weak premises. Then, we select the counter
that has the most content-token overlap with the
corresponding weak premise.

# Approach Target METEOR BLEU-1 BLEU-2

1 counter-baseline None 0.205 22.741 7.792
2 Hua and Wang None 0.258 30.160 13.366

3 Overall approach 1 premise 0.207 22.841 7.839
4 Overall approach 3 premises 0.210 23.400 8.025

Table 5: Overall approach: METEOR and BLUE
scores of the two variants with different attacked tar-
gets, the counter-baseline, and Hua and Wang (2019).

Baselines On the one hand, we compare our ap-
proach to the counter-baseline from the previous
section. On the other hand, we consider the state-
of-the-art counter-argument generation approach
of Hua and Wang (2019), an LSTM-based Seq2seq
model with two decoders, one for selecting talking
points (phrases) and the other for generating the
counter given the selection.

Automatic Evaluation While the approach of
Hua and Wang (2019) learns from a dataset col-
lected from the same source (CMV), it requires re-
trieving relevant argumentative texts with a stance
opposite to the input argument. Due to the com-
plexity of the data preparation, we decided instead
to evaluate all approaches on the test split of Hua
and Wang (2019).7 As a result, the approach of Hua
and Wang (2019) is trained on their training split,
whereas our approach is trained on our training
split, but both are then evaluated on the same test
split of Hua and Wang (2019). This can be consid-
ered a somewhat unfair setting for our approach due
to certain domain differences, namely, the dataset
of Hua and Wang (2019) comprises political topics
only. Similar to Section 5.2, we generated coun-
ters for 1k examples and computed METEOR and
BLEU scores of the generated counters with re-
spect to the ground-truth counters, which are here
full arguments (CMV comments).

Results Table 5 shows that our approach outper-
forms the counter-baseline in both settings, even
with weak premises selected automatically. Consid-
ering the top-3 weak premises instead of the top-1
improves the results. The best scores are achieved
by Hua and Wang (2019), though. A reason for
this may be the slight domain difference between
our model’s training data and the test data used for
evaluation. Another observation is that the scores
of both our approach and the baseline increase com-
pared to Table 3. This is likely to be caused by the

7We verified that all posts in their test split do not appear
in our training split.
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Correctness Richness Grammaticality

Hua and Wang 1.81 2.28 2.91
Overall approach 2.65 3.15 3.50

Krippendorff’s α 0.26 0.06 0.32

Table 6: Overall approach: Average scores of the three
annotators for the three evaluated quality dimensions of
the counter-arguments generated by our approach and
the one of Hua and Wang (2019). 1 is worst, 5 is best.
The bottom line shows the inter-annotator agreeement.

higher number of ground-truth references for each
instance in the dataset of Hua and Wang (2019)
compared to the test split of our data, making it
more likely to have token overlaps.

Manual Evaluation Given the known limited re-
liability of automatic generation evaluation, we
conducted another user study to evaluate the qual-
ity of the generated counters by our model and the
approach of Hua and Wang (2019). We evaluate
the same quality dimensions the authors used:

• Content Richness. The diversity of aspects
covered by a counter-argument.

• Correctness. The relevance of a counter-
argument to the given argument and their de-
gree of disagreement.

• Grammaticality. The grammatical correctness
and fluency of a counter-argument.

We used the Upwork crowdworking platform to
recruit three annotators with English proficiency
and experience in editorial work.8 We asked each
of them to evaluate a sample of 100 examples. Each
contained an argument (claim and premises) and
two counters (one of each approach). We asked the
annotators to compare the counters and to assess
each with a score from 1 (worst) to 5 (best) for each
quality dimension.

Results The results are presented in Table 6. Un-
like in the automatic evaluation, the annotators
gave, on average, higher scores on all quality di-
mensions to our generated counters than to those
of Hua and Wang (2019).9 Bringing knowledge
from pre-trained language models (GPT) generally
seems to contribute to the grammaticality and the

8Upwork, http://upwork.com
9We note that the scores of Hua and Wang in Table 6 are

notably lower than those reported by Hua and Wang (2019).
We believe this to be due to the comparison with our approach
that affected the annotator’s scores.

Claim: there’s nothing wrong with income inequality.

Premises: billionaires like the rockefellers and trump
worked hard to earn their money and provide their fam-
ilies with luxury. meanwhile, my grandpa didn’t and
because of that i am of lower-middle class status. just
because i’m poorer doesn’t mean i’m entitled to the
cash that the rich spent years to accumulate. i simply
have to swallow my pride and start at the bottom . to try
and stump income inequality is to meddle with the very
basis of pure , unadulterated capitalism and meritocracy

Our Counter: income inequality is precisely because
of the fact that rich people have a vested interest in
having a bunch of money in the first place, which leads
to great wealth inequality. if you are poor but poor you
have no incentive to live. by providing good quality
goods and services, you are able to contribute to society
better than most poor people. you’re basically doing
something that is expected of you, which is a wonderful
trait. i think the problem is that you should at least be
able to be generous towards someone without expecting
to be rewarded.

Hua and Wang’s Counter: this is a great example of
how hard it is to invest in low income housing. it’s not
like it’s going to end up being worse for everyone. if
you don’t like it, you’re going to have to worry about it.
the rich don’t want to pay for it because they do n’t have
to pay taxes. they aren’t going to be able to do anything
about it, they just don’t want.

Figure 4: Example counter-arguments generated by our
approach and by the approach of Hua and Wang (2019).
The italicized premise segment was identified as the
weak premise by our approach.

richness of the generated counters. In terms of gen-
erating a correct counter, focusing the generation
model on a specific weak premise in an argument
seems to help (2.65 vs. 1.81), even though the re-
sults are far from perfect. Manual inspection re-
vealed that far from all generated arguments are
counters to exactly what is in the argument, indi-
cating more room to work on this topic.

The Krippendorff’s α values show that the anno-
tators had a fair agreement on grammaticality and
correctness (given the subjectiveness of the tasks),
but only slight agreement on content richness. We,
therefore, think that the results for the latter should
not be overinterpreted.

In Figure 4, we show an example argument in
favor of income inequality. Our approach considers
the premise “being poor does not entitle someone
to the cash of the rich people”. It then generates a
counter-argument on the topic of inequality, focus-
ing on the fact that “being poor limits the ability
to contribute to society". In contrast, the counter-
argument generated by Hua and Wang (2019) di-
verges to address “low-income housing” which is
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less relevant to the topic. More examples of gener-
ated counters are found in Figure 5 (see appendix).

6 Conclusion

In this work, we have proposed a new approach
to counter-argument generation. The approach
focuses on argument undermining rather than re-
buttal, aiming to expand the research in this area.
The underlying hypothesis is that identifying weak
premises in an argument is essential for effective
countering. To account for this hypothesis, our
approach first ranks the argument’s premises by
weakness and then generates a counter-argument
to attack the weakest ones.

In our experiments, we have first evaluated each
step individually. We have observed state-of-the-
art results in the weak-premise identification task.
Our results also support the need for identifying
weak premises to generate better attacks. We have
also evaluated the overall approach against the
state-of-the-art approach of Hua and Wang (2019).
While we did not beat that approach in automatic
evaluation scores, independent annotators favored
the counter-arguments generated by our approach
across all evaluated quality dimensions.

We conclude that our approach improves the
state of the art in counter-argument generation in
different respects, providing support for our hypoth-
esis. Still, the limited manual evaluation scores
imply notable room for improvement. Most im-
portantly, controlling the stance of the generated
counters is yet to be fully solved.
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A Models and Training Specifications

All our models were trained on one 24 GeForce
GTX 1080 GPU.

Weak-Premise Ranking We use the code of
(Han et al., 2020) to train our ranking model Bert-
ltr, with BERT-Base, Uncased for embedding (12-
layer, 768-hidden, 12-heads, 110M parameters).
The model was trained for 100k steps, which took
almost 9 hours of training.

Premise Attack Generation We use the trans-
formers library to train our generation models, with
GPT as a pre-training language model (12-layer,
768-hidden, 12-heads, 110M parameters. OpenAI
GPT English model). The model was fine-tuned
for six epochs, which took almost one day of train-
ing. In the generation time, we use top-k sampling
technique (Huang et al., 2019), with the following
parameters: top-k=50, top-p=0.95, and tempera-
ture=1.0. We generate counters of a minimum of
100 tokens and a maximum of 150 tokens.

Evaluation Measures The BLEU and ME-
TEOR scores are computed using the NLTK li-
brary (https://www.nltk.org/). Significance
tests were performed using the Scipy library
(https://www.scipy.org/).

B Example Counters

In this section, we present example counters gener-
ated by our approach and Hua and Wang (2019)
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Claim (title): it’s better to have no freedom of speech than to be given the allusion of freedom of speech.

Premises (sentences): the reason why i believe this is that i like to know the rules first upfront , i hate people
changing the rules in the middle of the game . the simplest comparison i can come up with is that if i am walking
and then i accidentally walk into someone ’s property than i get arrested for trespassing . i rather they straight up
hang signs that say i am entering private property in the first place . if i go my whole life believing i have free speech
, then one day i get maced or tasered by a cop for speaking my mind . i would ’ve expressed my opinions in another
way . these countries where they say you have freedom but on the other hand oppress you are not free countries nor
are they honest countries . in my view , they are worse than an openly oppressive country .

Our Counter: can you expand on what you mean here? this is simply demonstrably false. we have free speech.
people have free speech in these countries because we are free people. i’m not sure how you got from you that you
dislike freedom, but there’s no contradiction. i am not free of speech.

Hua and Wang’s Counter: if you believe in the right to free speech , then it is not a right . if you do n’t agree with
what you say , then you have to accept that it is a slippery slope . it ’s not that you are n’t allowed to say whatever
you want , it ’s that you do not have the right , and that you should not be allowed to speak freely . you can not have
a right to express your views , but that does n’t mean you should n’t do it . if you

Claim (title): i think hijab is good for the society and for women.

Premises (sentences): but i think that hijab is a good approach to reduce rape and harassment . i think one of the
reasons for rape are 1 ) not having a sexual partner 2 ) pornography , so here comes the role of the hijab so if
women wear hijab rapists will not view her as a sexual object . here is a video that shows a social experiment of the
same woman wearing different cloth on the same streets of nyc :[ – url – ) . i want people that view hijab as some
sort of backward way of dress to tell me why do you think like that ? and if possible change my view . ( edit ) .... . i
agree with many of you guys that said rape is about power , but what i meant in my question is sexual harassment in
general , by that i mean touching or grabbing private parts i could n’t explain at first because of my english . so if
touching and grabbing is under the crime of sexual harassment , do n’t you think hijab will reduce those assaults ?
so in short my point of view has changed when you guys said that rape is about power , i know think that a rapist
will rape anyone regardless his cloth , but that does n’t s include other sexual harassment means . excuse my english
.

Our Counter: this point you’re making is’why do you think women are raped if you’d like to do x with them?’i’m
not sure what you’re trying to get at here. are you saying people shouldn’t think rape is a’bad idea ’? because that’s
the most basic and fundamental reason a person should wear a hijab, and unless you don’t believe in the concept of
a’good idea ’, you shouldn’t think women are sexually harassed. rape is, in general, about power, sexual harassment,
by the very definition of harassment.

Hua and Wang’s Counter: there is no such thing as a " feminist " movement . it ’s not just a matter of what it is ,
it ’s a group of people who are in favor of it . women are not the only ones who are oppressed . women have been
subject to the same rules as men . women are

Claim (title): there is no logical way to prove that being unfair is wrong .

Premises (sentences): . one response was that " the party did n’t deserve that type of treatment . " but that ’s just
another phrasing of being unfair . i decided to think for myself logically why being unfair is wrong and so far i ’ve
only managed to come up with a few flawed answers . firstly , being unfair is self-evidently wrong . now this works
out , until you realise that different people in different environments would find different values to be self-evident .
for example , if a human were to grow up alone without being in contact with another human since he was first
conscious , then what he would n’t find fairness to be self-evident . instead , what he wo n’t hesitate to do is kill
others for whatever reasons he sees fit . he would see what he does as being acceptable , but we would n’t . however
, it would be impossible to convince him that others have a right to life because he grew not knowing empathy . if
we apply this to the current context , then people in the west find different morals to be self-evident than people in
asia or the middle east . yet everyone claims the other is inhumane , with no explanation how it is inhumane , or
what is inhumane . another answer why being unfair is wrong is that it without fairness , society would n’t function
optimally . however if i purge the retired elderly or the ill who needlessly consume resources , then it would boost
the cogs of society , wouldnt it ? its still considered wrong . therefore this answer is invalid . anyone have answers
for the question " why is being unfair wrong ? "

Our Counter: how is being unfair any better than being wrong? fairness is subjective. in any society, fairness is
subjective. if a person has a problem, does that mean their position is fair? the way we live the consequences of
their decision means we can’t change them. but why is that wrong?

Hua and Wang’s Counter: i think it ’s important to distinguish between the two scenarios , and i think that it ’s
more important to understand what you mean by " different " . i think you ’re correct , but i think it

Figure 5: A list of examples of counter-arguments generated by our approach and by the approach of Hua and
Wang (2019). The italicized premise segment was identified as the weak premise by our approach.
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Abstract

While synthetic bilingual corpora have demon-
strated their effectiveness in low-resource neu-
ral machine translation (NMT), adding more
synthetic data often deteriorates translation
performance. In this work, we propose al-
ternated training with synthetic and authen-
tic data for NMT. The basic idea is to al-
ternate synthetic and authentic corpora itera-
tively during training. Compared with previ-
ous work, we introduce authentic data as guid-
ance to prevent the training of NMT models
from being disturbed by noisy synthetic data.
Experiments on Chinese-English and German-
English translation tasks show that our ap-
proach improves the performance over several
strong baselines. We visualize the BLEU land-
scape to further investigate the role of authen-
tic and synthetic data during alternated train-
ing. From the visualization, we find that au-
thentic data helps to direct the NMT model
parameters towards points with higher BLEU
scores and leads to consistent translation per-
formance improvement.

1 Introduction

While recent years have witnessed the rapid de-
velopment of Neural Machine Translation (NMT)
(Sutskever et al., 2014; Bahdanau et al., 2015;
Gehring et al., 2017; Vaswani et al., 2017), it heav-
ily relies on large-scale, high-quality bilingual cor-
pora. Due to the expense and scarcity of authentic
corpora, synthetic data has played a significant role
in boosting translation quality (He et al., 2016; Sen-
nrich et al., 2016a; Zhang and Zong, 2016; Cheng
et al., 2016; Fadaee et al., 2017).

Existing approaches to synthesizing data in
NMT focus on leveraging monolingual data in the
training process. Among them, back-translation
(BT) (Sennrich et al., 2016a) has been widely used

∗ Corresponding author: Yang Liu

to generate synthetic bilingual corpora by using a
trained target-to-source NMT model to translate
large-scale target-side monolingual corpora. Such
synthetic data can be used to improve source-to-
target NMT models. Despite the effectiveness of
back-translation, the synthetic data inevitably con-
tains noise and erroneous translations. As a mat-
ter of fact, it has been widely observed that while
BT is capable of benefiting NMT models by us-
ing relatively small-scale synthetic data, further
increasing the quantity often deteriorates transla-
tion performance (Edunov et al., 2018; Wu et al.,
2019; Caswell et al., 2019).

This problem has attracted increasing attention
in the NMT community (Edunov et al., 2018; Wang
et al., 2019). One direction to alleviate the prob-
lem is to add noise or a special tag on the source
side of synthetic data, which enables NMT mod-
els to distinguish between authentic and synthetic
data (Edunov et al., 2018; Caswell et al., 2019).
Another direction is to filter or evaluate the syn-
thetic data by calculating confidence over corpora,
making NMT models better exploit synthetic data
(Imamura et al., 2018; Wang et al., 2019). While
these methods have outperformed the conventional
BT approach, NMT models still suffer from a per-
formance degradation as the size of synthetic data
keeps increasing. Hence, how to better take advan-
tage of limited authentic data and abundant syn-
thetic data still remains a grand challenge.

In this work, we propose alternated training with
synthetic and authentic data for neural machine
translation. The basic idea is to alternate synthetic
and authentic corpora iteratively during training.
Compared with previous work, we introduce au-
thentic data as guidance to prevent the training of
NMT models from being disturbed by noisy syn-
thetic data. Our approach is inspired by the char-
acterization of synthetic and authentic corpora as
two types of different approximations for the dis-
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tribution of infinite authentic data. We visualize
the BLEU landscape to further investigate the role
of authentic and synthetic data during alternated
training. We find that the authentic data helps to
direct NMT model parameters towards the points
with higher BLEU scores. Experiments on Chinese-
English translation tasks show that our approach
improves the performance over strong baselines.

2 Alternated Training

Let x be a source sentence and y be a target sen-
tence. We use P (y|x;θ) to denote an NMT model
parameterized by θ. Let Da = {〈xn,yn〉}Nn=1 be
an authentic parallel corpus containing N sentence
pairs. Traditional NMT aims to obtain θ̂a that max-
imizes the log-likelihood on Da:

θ̂a = argmax
θ

{
1

N

N∑

n=1

logP (yn|xn;θ)
}
. (1)

Back-translation generates additional synthetic
parallel data from the monolingual corpus. Let
Dm = {ym}Mm=1 be a monolingual corpus con-
taining M target-side sentences. Back-translation
first trains a target-to-source model θ̂BT on Da:

θ̂BT = argmax
θ

{
1

N

N∑

n=1

logP (xn|yn;θ)
}
,

(2)
which is then used to translate each sentence in the
target-side monolingual corpus Dm:

x̂m = argmax
x

{
P (x|ym; θ̂BT)

}
, (3)

where m = 1, . . . ,M . The synthetic corpus Ds

is generated by pairing the translations {x̂m}Mm=1

with Dm, i.e. Ds = {〈x̂m,ym〉}Mm=1. The re-
quired source-to-target model is finally trained on
the combination of authentic and synthetic data:

θ̂s=argmax
θ

{
1

N+M

( N∑

n=1

logP (yn|xn;θ)+

M∑

m=1

logP (ym|x̂m;θ)
)}
.

(4)
Suppose that there exists infinite authentic paral-

lel data, which can be characterized as distribution
p(x,y). Synthesizing the large-scale corpus Ds

is to better approach the authentic parallel data
distribution. Furthermore, the finite corpora Da

Algorithm 1 Alternated Training for NMT

Input: Synthetic data Ds = {〈x̂m,ym〉}Mm=1,
Authentic data Da = {〈xn,yn〉}Nn=1

Output: θ̂alter
1: Set θ̂(0)a as random initialization;
2: t← 0;
3: while Not Converged do
4: Obtain θ̂(t+1)

s onDs∪Da with θ̂(t)a as the
starting point using Eq. (4); B S-Step

5: Obtain θ̂(t+1)
a on Da with θ̂(t+1)

s as the
starting point using Eq. (1); B A-Step

6: t← t+ 1;
7: end while
8: return θ̂alter = θ̂

(t)
a .

and Ds ∪Da can be viewed as different empirical
approximations of p(x,y):

pa(x,y) =
1

N

N∑

n=1

δ〈xn,yn〉∈Da(x,y), (5)

ps(x,y) =
1

N+M

(
N∑

n=1

δ〈xn,yn〉∈Da(x,y)+

M∑

m=1

δ〈x̂m,ym〉∈Ds(x,y)

)
,

(6)

where δ represents the Dirac distribution. On
the one hand, Da is considered to be of higher
quality as limN→∞ pa(x,y) = p(x,y) exactly
recovers the authentic data distribution. On the
other hand, although Ds contains certain noise (as
limM→∞ ps(x,y) 6= p(x,y)), it provides more di-
versified data samples that enable the NMT model
to reconstruct the global distribution. As the two
corpora are complementary to each other, we intro-
duce authentic data periodically during the training
process with synthetic data. Intuitively, alternated
training using authentic corpora helps to rectify the
deviation of training direction affected by the noisy
synthetic data and enhances model performance.

Our proposed alternated training approach is
shown in Algorithm 1. Starting with random ini-
tialization, each alternation cycle during training
consists of two steps. For the t-th cycle, the first
step is to finetune the model θ̂(t)a with Eq. (4) on
Ds∪Da until convergence1 to obtain θ̂(t+1)

s , which
1We also attempted to train S/A-steps for certain itera-

tions. Empirically, the proposed convergence-based method
performed better.
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is referred as S-Step (line 4). The second step is
to alter the training data back to Da and finetune
θ̂
(t+1)
s with Eq. (1) until convergence to obtain
θ̂
(t+1)
a , which is referred as A-Step (line 5). We al-

ternate the training process until convergence. It is
noted that back-translation is equivalent to a single
S-Step performed in our approach.

3 Experiments

3.1 Setup
We evaluated our training strategy on Chinese-
English and German-English translation tasks. We
reported the tokenized BLEU score as calculated
by multi-bleu.perl.

For the Chinese-English task, we extracted
1.25M parallel sentence pairs from LDC as our
authentic bilingual corpus and 10M English-side
sentences from WMT17 Chinese-English training
set as our monolingual corpus for back-translation.
NIST06 was used as the validation set. We use
NIST02, 03, 04, 05 and 08 datasets as test sets. For
the German-English task, we selected the dataset
of IWSLT14 German-English task, which contains
16k parallel sentence pairs for training. We fur-
ther extracted 4.5M English-side sentences from
WMT14 German-English training set as monolin-
gual dataset. We segmented Chinese sentences by
THULAC (Sun et al., 2016) and tokenized English
and German sentences by Moses (Koehn et al.,
2007). The vocabulary was built by Byte Pair En-
coding (BPE) (Sennrich et al., 2016b) with 32k
merge operations. We used Transformer (Vaswani
et al., 2017) implemented in THUMT (Tan et al.,
2020) with standard hyperparameters as a base
model. We used Adam optimizer (Kingma and
Ba, 2015) with β1 = 0.9, β2 = 0.98 and ε = 10−9

with the maximum learning rate = 7× 10−4.
We applied early-stopping to verify convergence

of each single S/A-step. If the validation BLEU
failed ti exceed the highest score during the certain
S/A-step after 10K training iterations, we consider
the model converged and alternated the training
set. For the whole training process, we set the
maximum training iterations as 250k for Chinese-
English task and 150k for German-English task.

3.2 Results
Figure 1 shows the comparison among several ap-
proaches in different scales of training sets on the
Chinese-English task. The leftmost point is trained
on the authentic data, and other points are trained

Figure 1: Comparison with several baselines in differ-
ent data scale. Our alternated approach outperforms the
conventional back-translation method and improves the
performance of Tagged BT. Moreover, with the enlarge-
ment of the synthetic data scale, the BLEU score rises
steadily by alternated training.

on the combination of authentic and synthetic cor-
pora. The X-axis shows the synthetic data scale
ranging from 1.25M (the size of authentic data) to
10M (the full size of the monolingual corpus). The
Y-axis shows the BLEU scores of the combined test
set. We find that the performance of BT rises firstly
but then decreases as more synthetic data is added,
which confirms the findings of Wu et al. (2019).
In contrast, our approach achieves consistent im-
provement with the enlargement of the synthetic
data scale.

Table 1 shows the detailed translation perfor-
mance on the Chinese-English task when the syn-
thetic data scale is set to 10M. It can be seen that
our alternated training strategy outperforms conven-
tional back-translation and tagged back-translation
on all test sets. We find that during training, the
S-Steps account for about 73% of the total train-
ing time, and the A-Steps account for 27%. This
finding suggests that our training procedure com-
poses mainly of S-Steps, and moderate A-Steps are
efficient to guide the NMT model towards better
points, which lead to the improvement of BLEU
performance.

Table 2 shows the results of the German-English
task. Similar to the Chinese-English task, we vary
the synthetic data scale from 1M to 4.5M for exper-
iments. We find that the performance degradation
also occurs while utilizing large-scale synthetic
data, and alternated training approach alleviate the
problem and perform better than corresponding
baselines.
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Data NIST06 NIST02 NIST03 NIST04 NIST05 NIST08 All
Base 45.94 45.82 45.35 46.88 45.43 36.98 44.40
BT 43.89 44.79 44.40 46.24 45.45 36.45 43.57
BT-tagged 46.79 47.11 46.49 47.73 47.17 38.41 45.47
AlterBT 49.07+† 48.77+† 48.36+† 49.51+† 49.94+† 40.95+† 47.68+†
AlterBT-tagged 49.40+† 49.04+† 48.37+† 49.10+† 49.64+† 40.56+† 47.49+†

Table 1: BLEU scores on the NIST Chinese-English task with 10M additional synthetic corpus. “Base” means
only authentic data is used. “BT” corresponds to the back-translation method (Sennrich et al., 2016a). “BT-tagged”
corresponds to the tagged BT technique proposed by Caswell et al. (2019). “AlterBT” means alternated training
on authentic data and synthetic data using “BT” in each alternation. “AlterBT-tagged” means alternated training
on authentic data and synthetic data using “BT-tagged” in each alternation. “+” means significantly better than BT
(p < 0.01).“†” means significantly better than BT-tagged (p < 0.01).

Scale 1M 4.5M
Base 34.16 34.16
BT 37.36 36.30
BT-tagged 37.65 37.42
AlterBT 38.20+† 38.53+†

AlterBT-tagged 37.98+† 39.19+†

Table 2: BLEU scores on the IWSLT14 German-
English task with 1M and 4.5M additional synthetic
corpus. “+” means significantly better than BT (p <
0.01).“†” means significantly better than BT-tagged (p
< 0.01).

3.3 BLEU Landscape Visualization

To validate the assumption that the authentic data
helps to rectify the deviation in synthetic data and
redirect the NMT model parameters to a better op-
timization path, we further investigate the BLEU
landscape to compare our method with the BT ap-
proach during the same training steps.

The visualization of the BLEU landscape is
shown in Figure 2. Checkpoints during alternated
training are projected onto the 2D plane defined by
θ̂
(t)
s , θ̂(t)a and θ̂(t+1)

s
2. Our projection method con-

siders both the model parameters and their transla-
tion performance (See Appendix A for details). For
the conventional BT approach, the model param-
eters are stuck in an inefficient optimization path
(highlighted in blue dashed lines). In our approach,
we find that authentic data effectively guides the
model towards a better direction for A-Step (high-
lighted in red solid lines). For S-Step (highlighted
in red dashed lines), although training with syn-
thetic data deteriorates the BLEU performance, it
pushes the model away from the original route, and

2We select t = 2 for this visualization, and similar perfor-
mance can be observed for other t’s.

Figure 2: Visualization of BLEU landscape on NIST06
dataset defined by θ̂(t)s , θ̂(t)a and θ̂(t+1)

s . The projected
checkpoints are represented as stars. Starting from θ̂(t)s ,
the red dashed and solid segments represent S-Step and
A-Step in our method, respectively. The blue dashed
segments illustrate the conventional BT method, which
shares the same starting point θ̂(t)s with ours. θ̂(t+1)

BT

denotes the BT model trained the same steps as θ̂(t+1)
a .

It is shown that alternated training guides the model
from θ̂(t)s to θ̂(t)a , θ̂(t+1)

s and θ̂(t+1)
a successively, which

finally leads to a better point with a higher BLEU score.

enables authentic data to further redirect the model
into a better point with a higher BLEU score.

4 Related Work

Our work is based on back-translation (BT), an
approach to leverage monolingual data by an addi-
tional target-to-source system. BT was proved to
be effective in neural machine translation (NMT)
systems (Sennrich et al., 2016a). Despite its effec-
tiveness, BT is limited by the accuracy of synthetic
data. Noise and translation errors hinder the boost-
ing of model performance (Hoang et al., 2018). The
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negative results become more evident when more
synthetic data is mixed into training data (Caswell
et al., 2019; Wu et al., 2019).

Considerable studies have focused on the accu-
racy problem in synthetic data and further extended
back-translation. Imamura et al. (2018) demon-
strate that generating source sentences via sampling
increases the diversity of synthetic data and benefits
the BT system. Edunov et al. (2018) further pro-
pose a noisy beam search method to generate more
diversified source-side data. Caswell et al. (2019)
add a reserved token to synthetic source-side sen-
tences in order to help NMT model distinguish
between authentic and synthetic data. Another per-
spective aims at measuring the translation quality
of synthetic data. Imamura et al. (2018) filter sen-
tence pairs with low likelihood or low confidence.
Wang et al. (2019) use uncertainty-based confi-
dence to measure words and sentences in synthetic
data. Different from the aforementioned works,
our approach introduces neither data modification
(e.g. noising or tagging) nor additional models for
evaluation. We alternate training set on the original
authentic and synthetic data.

The work relatively close to ours is Iterative
Back-Translation (Hoang et al., 2018), which
refines forward and backward model via back-
translation data, and regenerates more accurate
synthetic data from monolingual data. Our work
differs from Iterative BT in that we do not require
source-side monolingual corpora or repeatedly fine-
tune the backward model.

5 Conclusion

In this work, we propose alternated training
with synthetic and authentic data for neural ma-
chine translation. Experiments have shown the
supremacy of our approach. Visualization of the
BLEU landscape indicates that alternated training
guides the NMT model towards better points.
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A Method for Visualization

We first define the projection plane S by parameters
θ̂
(t)
s , θ̂(t)a and θ̂(t+1)

s . Selecting θ̂∗ = θ̂(t)s as the ba-
sic point and δ = θ̂

(t)
a − θ̂(t)s ,η = θ̂

(t+1)
s − θ̂(t)s as

two basis vectors, we plot the function f(x, y) =
BLEU(DDEV; θ̂

∗ + xδ + yη) in the 2D surface.
We calculate the BLEU scores for all NMT models
defined by grid points on the projection plane, and
construct the BLEU contours via linear interpola-
tion in MATPLOTLIB (Hunter, 2007).

We project the model checkpoints onto the 2D
plane S to represent the parameter geometry and
their translation performance. As the 2D contour
plane consists of several regions corresponded with
different BLEU ranges, we formulate the visualiza-
tion task into the following problem:

(xi, yi) = argmin
(x,y)∈Si

∥∥∥θ̂i −
(
θ̂∗ + xδ + yη

)∥∥∥
2

F
,

(7)
where Si denotes the BLEU region that the perfor-
mance of θ̂i lies in. It is noted that according to the
Pythagorean theorem, for ∀ (x̃, ỹ) ∈ Si,
∥∥∥θ̂i −

(
θ̂∗ + x̃δ + ỹη

)∥∥∥
2

F

=
∥∥∥θ̂i −

(
θ̂∗ + x̂iδ + ŷiη

)∥∥∥
2

F
+

∥∥∥
(
θ̂∗ + x̂iδ + ŷiη

)
−
(
θ̂∗ + x̃δ + ỹη

)∥∥∥
2

F
,

(8)
where

(x̂i, ŷi) = argmin
(x,y)∈S

∥∥∥θ̂i −
(
θ̂∗ + xδ + yη

)∥∥∥
2

F
.

(9)
As (xi, yi) ∈ Si, we can substitute (x̃, ỹ) in Eq.

(8) with (xi, yi). Notice that the first term on the
right-hand side of Eq. (8) is independent of (xi, yi),
the minimizer (xi, yi) thus satisfies the following
conditions:

(xi, yi) = argmin
(x̃,ỹ)∈Si

∥∥∥∥∥
(
θ̂∗ + x̂iδ + ŷiη

)

−
(
θ̂∗ + x̃δ + ỹη

)∥∥∥∥∥

2

F

,

(10)
with (x̂i, ŷi) satisfying Eq. (9).

According to Eq. (8), our projection method
can be divided into two steps. The first step is to
calculate (x̂i, ŷi) in Eq. (9), which minimizes the

first term of Eq. (8). By the least square method, we
obtain the analytic solution to (x̂i, ŷi) as follows:

{
xi = V B−UC

B2−AC ,

yi = UB−V A
B2−AC ,

(11)

where
A = 〈δ, δ〉,
B = 〈δ,η〉,
C = 〈η,η〉,
U = 〈θ̂i − θ̂∗, δ〉,
V = 〈θ̂i − θ̂∗,η〉.

(12)

The second step is to solve (xi, yi) in Eq. (10),
which minimizes the second term of Eq. (8). Spe-
cially, we have (xi, yi) = (x̂i, ŷi) if (x̂i, ŷi) ∈ Si.
Otherwise, as the BLEU region Si is enclosed by
polygon boundaries with limited edges, we simply
calculate the distance between (x̂i, ŷi) and each
edge and select the minimum one. The boundary
point minimizing the distance is then determined as
(xi, yi). We cast the projection point from (x̂i, ŷi)
to (xi, yi) in order to restore the origin BLEU per-
formance of θ̂i.
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Abstract

There is a recent interest in investigating few-
shot NER, where the low-resource target do-
main has different label sets compared with a
resource-rich source domain. Existing meth-
ods use a similarity-based metric. However,
they cannot make full use of knowledge trans-
fer in NER model parameters. To address the
issue, we propose a template-based method
for NER, treating NER as a language model
ranking problem in a sequence-to-sequence
framework, where original sentences and state-
ment templates filled by candidate named en-
tity span are regarded as the source sequence
and the target sequence, respectively. For in-
ference, the model is required to classify each
candidate span based on the corresponding
template scores. Our experiments demonstrate
that the proposed method achieves 92.55% F1
score on the CoNLL03 (rich-resource task),
and significantly better than fine-tuning BERT
10.88%, 15.34%, and 11.73% F1 score on the
MIT Movie, the MIT Restaurant, and the ATIS
(low-resource task), respectively.

1 Introduction

Named entity recognition (NER) is a fundamental
task in natural language processing, which identi-
fies mention spans from text inputs according to
pre-defined entity categories (Tjong Kim Sang and
De Meulder, 2003), such as location, person, or-
ganization, etc. The current dominant methods
use a sequential neural network such as BiLSTM
(Hochreiter and Schmidhuber, 1997) and BERT
(Devlin et al., 2019) is used to represent the input
text, and softmax (Chiu and Nichols, 2016; Strubell
et al., 2017; Cui and Zhang, 2019) or CRF (Lample
et al., 2016; Ma and Hovy, 2016; Luo et al., 2020)
output layers to assign named entity tags (e.g. or-
ganization, person and location) or non-entity tags

∗Corresponding Author

Who played jack in Nightmare Before Christmas

titlecharacter

All I want is salmon

dish

Only France and Britain backed Fischler’s proposal

personlocationlocation

Restaurant

News

Movie

Figure 1: Example of NER on different domains.

on each input token. Such a system is illustrated in
Figure 2(a).

Neural NER models require large labeled train-
ing data, which can be available for certain domains
such as news, but scarce in most other domains.
Ideally, it would be desirable to transfer knowl-
edge from the resource-rich news domain so that
a model can be used in target domains based on
a few labeled instances. In practice, however, a
challenge is that entity categories can be different
across different domains. As shown in Figure 1,
the system is required to identify location and per-
son in the news domain, but character and title in
the movie domain. Both a softmax layer and CRF
layer require a consistent label set between training
and testing. As a result, given a new target domain,
the output layer needs adjustment and training must
be conducted again using both source and target
domain, which can be costly.

A recent line of work investigates the setting of
few-shot NER by using distance metrics (Wiseman
and Stratos, 2019; Yang and Katiyar, 2020; Ziyadi
et al., 2020). The main idea is to train a similarity
function based on instances in the source domain,
and then make use of the similarity function in the
target domain as a nearest neighbor criterion for
few-shot NER.

Compared with traditional methods, distance-
based methods largely reduce the domain adapta-
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tion cost, especially for scenarios where the num-
ber of target domains is large. Their performance
under standard in-domain settings, however, is rel-
atively weak. In addition, their domain adaptation
power is also limited in two aspects. First, labeled
instances in the target domain are used to find the
best hyper-parameter settings for heuristic nearest
neighbor search, but are not for updating the net-
work parameters of the NER model. While being
less costly, these methods cannot improve the neu-
ral representation for cross-domain instances. Sec-
ond, these methods rely on similar textual patterns
between the source domain and the target domain.
This strong assumption may hinder the model per-
formance when the target-domain writing style is
different from the source domain.

To address these issues, we investigate a
template-based method for exploiting the few-shot
learning potential of generative pre-trained lan-
guage models to sequence labeling. Specifically,
as shown in Figure 2, BART (Lewis et al., 2020) is
fine-tuned with pre-defined templates filled by cor-
responding labeled entities. For example, we can
define templates such as “〈candidate_span〉 is
a 〈entity_type〉 entity”, where 〈entity_type〉
can be “person” and “location”, etc. Given the
sentence “ACL will be held in Bangkok”, where
“Bangkok” has a gold label “location”, we can train
BART using a filled template “Bangkok is a lo-
cation entity” as the decoder output for the input
sentence. In terms of non-entity spans, we use a
template “〈candidate_span〉 is not a named en-
tity”, so that negative output sequences can also
be sampled. During inference, we enumerate all
possible text spans in the input sentence as named
entity candidates, classifying them into entities or
non-entities based on BART scores on templates.

The proposed method has three advantages.
First, due to the good generalization ability of pre-
trained models (Brown et al., 2020; Gao et al.,
2020), the network can effectively leverage la-
beled instances in the new domain for tine-tuning.
Second, compared with distance-based methods,
our method is more robust even if the target do-
main and source domain have a large gap in writ-
ing style. Third, compared with traditional meth-
ods (pre-trained model with a softmax/CRF), our
method can be applied to arbitrary new categories
of named entities without changing the output layer,
and therefore allows continual learning (Lin et al.,
2020).

We conduct experiments in both resource-rich
and few-shot settings. Results show that our
methods give competitive results with state-of-
the-art label-dependent approaches on the news
dataset CoNLL03 (Tjong Kim Sang and De Meul-
der, 2003), and significantly outperforms Wise-
man and Stratos (2019), Ziyadi et al. (2020) and
Huang et al. (2020) when it comes to few-shot
settings. To the best of our knowledge, we are
the first to employ a generative pre-trained lan-
guage model to address a few-shot sequence la-
beling problem. We release our code at https:
//github.com/Nealcly/templateNER.

2 Related Work

Neural methods have given competitive perfor-
mance in NER. Some methods (Chiu and Nichols,
2016; Strubell et al., 2017) treat NER as a local
classification problem at each input token, while
other methods use CRF (Ma and Hovy, 2016) or
a sequence-to-sequence framework (Zhang et al.,
2018; Liu et al., 2019). Cui and Zhang (2019)
and Gui et al. (2020) use a label attention network
and Bayesian neural networks, respectively. Ya-
mada et al. (2020) use entity-aware pre-training
and obtain state-of-the-art results on NER. These
approaches are similar to ours in the sense that
parameters can be tuned in supervised learning,
but unlike our method, they are designed for pre-
scribed named entity types, which makes their do-
main adaptation costly with new few-shot entity
types.

Our work is motivated by distance-based few-
shot NER, which aims to minimize domain-
adaptation cost. Wiseman and Stratos (2019) copy
the token-level label from nearest neighbors by re-
trieving a list of labeled sentences. Yang and Kati-
yar (2020) improve Wiseman and Stratos (2019) by
using a Viterbi decoder to capture label dependen-
cies estimated from the source domain. Ziyadi et al.
(2020) follow a two-step approach (Lin et al., 2019;
Xu et al., 2017), which first detects spans bound-
ary and then recognizes entity types by comparing
the similarity with the labeled instance. While not
updating the network parameters for NER, these
methods rely on similar name entity patterns be-
tween the source domain and the target domain.
One exception is Huang et al. (2020), who investi-
gate noisy supervised pre-training and self-training
method by using external noisy web NER data.
Compared to their method, our method does not
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Encoder

O         O        O          O         O    B-LOC

Softmax/CRF

ACL      will       be       held     in     Bangkok

!! !" !# !$ !% !&

"! "" "# "$ "% "&

#! #" ## #$ #% #&

(a) Traditional sequence labeling method.

ACL will be held in Bangkok

Bangkok is a location entity (scoring: 0.8) √
Bangkok is a person entity (scoring: 0.3) �
Bangkok is not an entity (scoring: 0.1) �

ACL will is not an entity (scoring: 0.9) √
ACL will is a person entity (scoring: 0.1) �
ACL will is a location entity (scoring: 0.1) �

Template

Template

(b) Inference of template-based method.

Encoder

ACL      will       be       held     in     Bangkok

!! !" !# !$ !% !&

Decoder

<s> Bangkok is          a     location

"! "" "# "$ "%

"" "# "$ "% "&

Bangkok is          a    location entity

(c) Training of template-based method. The template we use here is “〈xi:j〉 is a 〈yk〉 entity".

Figure 2: Overview of NER methods.

rely on self training on external data, yet yields
better results.

There is a line of work using templates to solve
natural language understanding tasks. The basic
idea is to leverage information from pre-trained
models, by defining specific sentence templates in
a language modeling task. Brown et al. (2020) first
use prompt for few-shot learning in text classifica-
tion tasks. Schick and Schütze (2020) rephrase
inputs as cloze questions for text classification.
Schick et al. (2020) and Gao et al. (2020) extend
Schick and Schütze (2020) by automatically gen-
erating label words and templates, respectively.
Petroni et al. (2019) extract relation between enti-
ties from BERT by constructing cloze-style tem-
plates. Sun et al. (2019) use templates to construct
auxiliary sentences, and transform aspect sentiment
task as a sentence-pair classification task. Our
work is in line with exploiting pre-trained language
model for templates-based NLP. While previous
work considers sentence-level task as masked lan-
guage modeling or uses language models to score a
whole sentence, our method uses a language model
to assign a score for each span given an input sen-
tence. To our knowledge, we are the first to apply
template-based method to sequence labeling.

3 Background

We give the formal definition of few shot named
entity recognition in Section 3.1 and traditional
sequence labeling methods in Section 3.2.

3.1 Few shot Named Entity Recognition

Suppose that we have a rich-resource NER
dataset H = {(XH

1 ,L
H
1 ), ..., (XH

I ,L
H
I )}, where

XH = {xH1 , . . . , xHn } is a sentence and LH =
{lH1 , . . . , lHn } is its corresponding label sequence.
We use VH to denote the label set of the rich-
resource dataset (∀lHi , lHi ∈ VH ). In addi-
tion, we have a low-resource NER dataset, L =
{(XL

1 ,Y
L
1 ), ..., (X

L
J ,Y

L
J )}, and the number of its

labelled sequence pairs is quite limited compared
with the rich-resource NER dataset (i.e., J � I).
Regarding the low-resource domain, the target label
vocabulary VL (∀lLi , lLi ∈ VL) might be different
from VH (Figure 1). Our goal is to train an accu-
rate and robust NER model with L and H for the
low-resource domain.

3.2 Traditional Sequence Labeling Methods.

Traditional methods (Figure 2(a)) regard NER as
a sequence labeling problem, where each output
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label consists of a sequence segmentation compo-
nent B (beginning of an entity), I (internal word
in an entity), O (not an entity), and an entity type
tag such as “person” and “location”. For example,
the tag “B-person” indicates the first word in a per-
son type entity and the tag “I-location” indicates a
token of a location entity not at the beginning. For-
mally, given x1:n, the sequence labeling method
calculates

h1:n = ENCODER(x1:n)

p(l̂c) = SOFTMAX(hcWVR + bVR) (c ∈ [1, ..., n])
(1)

where dh is the hidden dimension of the encoder,
WVR ∈ Rdh×|VR| and bVR ∈ R|VR| are trainable
parameters, and l̂c is the label estimation for xc. We
use BERT (Devlin et al., 2019) and BART (Lewis
et al., 2020) as our ENCODER to learn the sequence
representation.

A standard method for NER domain adaptation
is to train a model using source-domain data R first,
before further tuning the model using target domain
instances P, if available. However, since the label
sets can be different, and consequently the output
layer parameters (WVR ∈ Rdh×|VR|, bVR ∈ R|VR|
and WVP ∈ Rdh×|VP |, bVP ∈ R|VP |) can be dif-
ferent across domains. We train WVP and bVP
from scratch using P. However, this method does
not fully exploit label associations (e.g., the associ-
ation between “person” and “character”), nor can
it be directly used for zero-shot cases, where no
labeled data in the target domain is available.

4 Template-Based Method

We consider NER as a language model ranking
problem under a seq2seq framework. The source
sequence of the model is an input text X =
{x1, . . . , xn} and the target sequence Tyk,xi:j =
{t1, . . . , tm} is a template filled by candidate text
span xi:j and the entity type yk. We first intro-
duce how to create templates in Section 4.1, and
then show the inference and training details in Sec-
tion 4.2 and Section 4.3, respectively.

4.1 Template Creation

We manually create the template, which has one
slot for candidate_span and another slot for the
entity_type label. We set a one to one mapping
function to transfer the label set L = {l1, . . . , l|L|}
(e.g., lk=“LOC”) to a natural word set Y =
{y1, . . . , y|L|} (e.g. yk=“location”), and use words
to define templates T+

yk
(e.g. 〈candidate_span〉

is a location entity.). In addition, we create a
non-entity template T− for none of the named
entity (e.g., 〈candidate_span〉 is not a named
entity.). This way, we can obtain a list of tem-
plates T = [T+

y1 , . . . ,T
+
y|L| ,T

−]. In Figure 2(c),
the template Tyk,xi:j is “〈xi:j〉 is a 〈yk〉” and T−xi:j
is “〈xi:j〉 is not a named entity”, where xi:j is a
candidate text span.

4.2 Inference
We first enumerate all possible spans in the sen-
tence {x1, . . . , xn} and fill them in the prepared
templates. For efficiency, we restrict the number
of n-grams for a span from one to eight, so 8n
templates are created for each sentence. Then,
we use the fine-tuned pre-trained generative lan-
guage model to assign a score for each template
Tyk,xi:j = {t1, . . . , tm}, formulated as

f(Tyk,xi:j ) =
m∑

c=1

log p(tc|t1:c−1,X) (2)

We calculate a score f(T+
yk,xi:j

) for each entity
type and f(T−xi:j ) for the none entity type by em-
ploying any pre-trained generative language model
to score templates. Then we assign xi:j the entity
type with the largest score to the text span. In this
paper, we take BART as the pre-trained generative
language models.

Our datasets do not contain nested entities. If
two spans have text overlap and are assigned dif-
ferent labels in the inference, we choose the span
with higher score as the final decision to avoid pos-
sible prediction contradictions. For instance, given
the sentence “ACL will be held in Bangkok”, the
n−gram “in Bangkok” and “Bangkok” can be la-
beled “ORG” and “LOC”, respectively, by using
local scoring function f(·). In this case, we com-
pare f(T+

ORG,“in Bangkok”) and f(T+
LOC,“Bangkok”),

and choose the label which has a larger score to
make the global decision.

4.3 Training
Gold entities are used to create template during
training. Suppose that the entity type of xi:j is yk.
We fill the text span xi:j and the entity type yk into
T+ to create a target sentence T+

yk,xi:j
. Similarly,

if the entity type of xi:j is a none entity text span,
the target sentence T−xi:j is obtained by filling xi:j
into T−. We use all gold entities in the training set
to construct (X,T+) pairs, and additionally create
negative samples (X,T−) by randomly sampling
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Entity Template T+ None-Entity Template T− Dev F1
〈candidate_span〉 is a 〈entity_type〉 entity 〈candidate_span〉 is not a named entity 95.27

The entity type of 〈candidate_span〉 is 〈entity_type〉 The entity type of 〈candidate_span〉 is none entity 95.15
〈candidate_span〉 belongs to 〈entity_type〉 category 〈candidate_span〉 belongs to none category 88.42
〈candidate_span〉 should be tagged as 〈entity_type〉 〈candidate_span〉 should tagged as none entity 76.80

Table 1: Resulting using different templates.

non-entity text spans. The number of negative pairs
is 1.5 times that of positive pairs.

Given a sequence pair (X,T), we feed the input
X to the encoder of the BART, and then we obtain
hidden representations of the sentence

henc = ENCODER(x1:n) (3)

At the c th step of the decoder, henc and previous
output tokens t1:c−1 are then as inputs, yielding a
representation using attention (Vaswani et al., 2017)

hdecc = DECODER(henc, t1:c−1) (4)

The conditional probability of the word tc is
defined as:

p(tc|t1:c−1,X) = SOFTMAX(hdecc Wlm + blm) (5)

where Wlm ∈ Rdh×|V| and blm ∈ R|V|. |V| rep-
resents the vocab size of pre-trained BART. The
cross-entropy between the decoder’s output and the
original template is used as the loss function.

L = −
m∑

c=1

log p(tc|t1,c−1,X) (6)

4.4 Transfer Learning

Given a new domain P with few-shot instances, the
label set LP (Section 4.1) can be different from
what has been used for training the NER model.
We thus fill the templates with the new domain la-
bel set for both training and testing, with the rest of
the model and algorithms unchanged. In particular,
given a small amount of (XP ,TP ), we create se-
quence pairs with the method described above for
the low-resource domain, and fine-tuning the NER
model trained on the rich-source domain. This pro-
cess has low cost, yet can effectively transfer label
knowledge. Because the output of our method is
a natural sentence instead of specific labels, both
resource-rich and low-resource label vocabulary
are subset of the pre-trained language model vocab-
ulary (VR,VP $ V). This allows our method to
make use of label correlations such as “person” and
“character”, and “location” and “city”, for enhanc-
ing the effect of transfer learning across domains.

5 Experiments

We compare template-based BART with several
baselines on both resource-rich settings and few-
shot settings. We use the CoNLL2003 (Tjong
Kim Sang and De Meulder, 2003) as the resource-
rich dataset. Following Ziyadi et al. (2020) and
Huang et al. (2020), we use MIT Movie Review
(Liu et al., 2013), MIT Restaurant Review (Liu
et al., 2013) and ATIS (Hakkani-Tur et al., 2016) as
the cross-domain few-shot dataset. Regarding the
cross-domain transfer, there are unseen entity types
in the three target few-shot datasets. Details of our
training details and dataset statistics are shown in
Appendix.

5.1 Template Influence

There can be different templates for ex-
pressing the same meaning. For instance
“〈candidate_span〉 is a person” can also be
expressed by “〈candidate_span〉 belongs
to the person category”. We investigate the
impact of manual templates using the CoNLL03
development set. Table 1 shows the performance
impact of different choice of templates. For
instance, “〈candidate_span〉 should be tagged
as 〈entity_type〉” and “〈candidate_span〉 is
a 〈entity_type〉 entity” give 76.80% and 95.27%
F1 score, respectively, indicating the template is
a key factor that influences the final performance.
Based on the development results, we use the top
performing template “〈candidate_span〉 is a
〈entity_type〉 entity" in our experiments.

5.2 CoNLL03 Results

Standard NER setting. We first evaluate the
performance under the standard NER setting on
CoNLL03. The results are shown in Table 2, where
state-of-the-art methods are also compared. In par-
ticular, the sequence labeling BERT gives a strong
baseline, F1 score at 91.73%. We can see that
even though the template-based BART is designed
for few-shot named entity recognition, it performs
competitively in resource-rich setting as well. For
instance, our method outperforms sequence label-
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ing BERT by 1.80% on recall, which shows that our
method is more effective in identifying the named
entity, but also selecting irrelevant span. Noted that
though both sequence labeling BART and template-
based BART make use of BART decoder repre-
sentations, their performances have a large gap,
where the latter outperforms the former by abso-
lutely 1.30% on F1 score, demonstrating the ef-
fectiveness of the template-based method. The
observation is consistent with that of Lewis et al.
(2020), which shows that BART is not the most
competitive for sequence classification. This may
result from the nature of its seq2seq-based denois-
ing autoencoder training, which is different from
masked language modeling for BERT.

To explore if templates are complementary for
each other, we train three models using the first
three templates reported in Table 1, and adopt an
entity-level voting method to ensemble these three
models. There is a 1.21% precision increase us-
ing ensemble, which shows that different templates
may capture different type of knowledge. Finally,
our method achieves a 92.55 % F1 score by lever-
aging three templates, which is highly competitive
with the best reported score. For computational ef-
ficiency, we use a single model for the subsequent
few-shot experiments.

In domain few-shot NER setting. We construct
a few-shot learning scenario on the CoNLL03,
where the number of training instances for some
specific categories is quite limited by down-
sampling. In particular, we set “MISC” and “ORG”
as the resource-rich entities, and “LOC” and “PER”
as the low-resource entities. We down-sample
the CoNLL03 training set, yielding 3,806 train-
ing instances, which includes 3,925 “ORG”, 1,423
“MISRC”, 50 “LOC” and 50 “PER”. Since the text
style is consistent in rich-resource and low-resource
entity categories, we call the scenario in domain
few-shot NER.

As shown in Table 3, sequence labeling BERT
and template-based BART show similar perfor-
mance in resource-rich entity types, while our
method significantly outperforms BERT by 11.26
and 12.98 F1 score in “LOC” and “MISC”, re-
spectively. It demonstrates that our method has a
stronger modeling capability for in-domain few-
shot NER, and indicates that the proposed method
can better transfer the knowledge between different
entity categories.

Traditional Models P R F
Yang et al. (2018) - - 90.77

Ma and Hovy (2016) - - 91.21
Gui et al. (2020) - - 92.02

Yamada et al. (2020)* - - 94.30
Sequence Labeling BERT 91.93 91.54 91.73
Sequence Labeling BART 89.60 91.63 90.60

Few-shot Friendly Models P R F
Wiseman and Stratos (2019) - - 89.94

Template BART 90.51 93.34 91.90
multi-template BART 91.72 93.40 92.55

Table 2: Model performance on the CoNLL03 .The
original result of BERT (Devlin et al., 2019) was not
achieved with the current version of the library as dis-
cussed and reported by Stanislawek et al. (2019), Akbik
et al. (2019) and Gui et al. (2020). * indicates training
on external data.

Models PER ORG LOC* MISC* Overall
BERT 75.71 77.59 60.72 60.39 69.62
Ours 84.49 72.61 71.98 73.37 75.59

Table 3: In-domain Few-shot performance on the
CoNLL03. * indicates it is a few-shot entity type.

5.3 Cross-domain Few-Shot NER Result

We evaluate the model performance when the target
entity types are different from the source-domain,
and only a small amount of labeled data is avail-
able for training. We simulate the cross-domain
low-resource data scenarios by random sampling
training instances from a large training set as the
training data in the target domain. We use different
numbers of instances for training, randomly sam-
pling a fixed number of instances per entity type
(10, 20, 50, 100, 200, 500 instances per entity type
for MIT Movie and MIT restaurant, and 10, 20, 50
instances per entity type for ATIS). If an entity has
a smaller number of instances than the fixed num-
ber to sample, we use all of them for training. The
results on few-shot experiments using MIT Movie,
MIT Restaurant and ATIS are shown in Table 4,
where the methods of Wiseman and Stratos (2019),
Ziyadi et al. (2020) and Huang et al. (2020) are
also compared.

We first consider a training-from-scratch setting,
where no source-domain data is used. Distance-
based methods cannot suit this setting. Com-
pared with the traditional sequence labeling BERT
method, our method can make better use of few-
shot data. In particular, with as few as 20 instances
per entity type, our method gives a F1 score of
57.1%, higher than BERT using 100 instances per
entity type on MIT Restaurant.

We further investigate how much knowledge can
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MIT Movie
Source Methods 10 20 50 100 200 500

None Sequence Labeling BERT 25.2 42.2 49.64 50.7 59.3 74.4
Template-based BART 37.3 48.5 52.2 56.3 62.0 74.9

CoNLL03

Wiseman and Stratos (2019) 3.1 4.5 4.1 5.3 5.4 8.6
Ziyadi et al. (2020) 40.1 39.5 40.2 40.0 40.0 39.5

Huang et al. (2020)* 36.4 36.8 38.0 38.2 35.4 38.3
Sequence Labeling BERT 28.3 45.2 50.0 52.4 60.7 76.8
Sequence Labeling BART 13.6 30.4 47,8 49.1 55.8 66.9

Template-based BART 42.4 54.2 59.6 65.3 69.6 80.3
MIT Restaurant

None Sequence Labeling BERT 21.8 39.4 52.7 53.5 57.4 61.3
Template-based BART 46.0 57.1 58.7 60.1 62.8 65.0

CoNLL03

Wiseman and Stratos (2019) 4.1 3.6 4.0 4.6 5.5 8.1
Ziyadi et al. (2020) 27.6 29.5 31.2 33.7 34 .5 34.6
Huang et al. (2020) 46.1 48.2 49.6 50.0 50.1

Sequence Labeling BERT 27.2 40.9 56.3 57.4 58.6 75.3
Sequence Labeling BART 8.8 11.1 42.7 45.3 47.8 58.2

Template-based BART 53.1 60.3 64.1 67.3 72.2 75.7
ATIS

None Sequence Labeling BERT 44.1 76.7 90.7 - - -
Template-based BART 71.7 79.4 92.6 - - -

CoNLL03

Wiseman and Stratos (2019) 6.7 8.8 11.1 - - -
Ziyadi et al. (2020) 17.4 19.8 22.2 - - -
Huang et al. (2020) 71.2 74.8 76.0 - - -

Sequence Labeling BERT 53.9 78.5 92.2 - - -
Sequence Labeling BART 51.3 74.4 89.9 - - -

Template-based BART 77.3 88.9 93.5 - - -

Table 4: Cross-domain few-shot NER performance on different test sets. * indicates training on external data. 10
indicates 10 instances for each entity types.

be transferred from the news domain (CoNLL03).
In this setting, we further train the model which is
trained on the news domain. It can be seen from
the Table 4 that on all the three datasets, the few-
short learning methods outperform sequence label-
ing BERT and BART methods when the number
of training instances is small. For example, when
there are only 10 training instances, the method
of Ziyadi et al. (2020) gives a F1 score of 40.1%
on MIT Movie, as compared to 28.3% by BERT,
despite that BERT requires re-training with a differ-
ent output layer on both CoNLL03 and MIT Movie.
However, as the number of training instances in-
crease, the advantage of baseline few-shot methods
decreases. When the number of instances grows as
large as 500, BERT outperforms all existing meth-
ods. Our method is effective in both 10 instances
and 500 instances, outperforming both BERT and
baseline few-shot methods.

Compared with the distance-based method
(Wiseman and Stratos, 2019; Ziyadi et al., 2020;
Huang et al., 2020), our method shows more im-
provement when the number of target-domain la-
beled data increases, because the distance-based
method just optimizes its searching threshold rather
than updating its neural network parameters. We
can see that the performance of distance-based

methods remains the same as the labeled data in-
creasing. For example, the performance of Huang
et al. (2020) increases only 1.9% F1 score when the
number of instances per entity type increase from
10 to 500. Both BERT and our method perform bet-
ter than training from scratch. Our model average
increases 6.6, 6.9 and 5.4 F1 score on MIT restau-
rant, MIT movie and ATIS, respectively, which is
significantly higher than 3.1, 1.9 and 4.3 F1 score
in BERT. This shows that our model is more suc-
cessful in transferring knowledge learned from the
source domain. One possible explanation is that
our model makes more use of the correlations be-
tween different entity type labels in the vocabulary
as mentioned earlier, which BERT cannot achieve
due to treating the output as discrete class labels.

5.4 Discussion

Impact of entity frequencies in training data.
To explore the relation between recognition accu-
racy and the frequency of an entity type in training,
we split ATIS test set into three subset based on
the entity frequency in training. The most 33% fre-
quency entities are put into high frequency subset,
the last 33% frequency entities are put into low fre-
quency subset, and the remaining are put into mid
frequency subset. Figure 3 shows the F1 score of
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(a) High Frequency. (b) Mid Frequency. (c) Low Frequency.

Figure 3: Comparison of F1 with different frequency entity types on ATIS.

Figure 4: Continual learning experiments.

(a) Sequence labeling BERT. (b) Template-based BART.

Figure 5: Visualization of the output embedding. “C”–
CoNLL03, “A”–ATIS, “M”–MIT Movie, “R”–MIT
Restaurant.

BERT and our method against the number of train-
ing instance in the three subsets. As the number
of training instances increases, the performance of
all models increases. Our method outperforms se-
quence labeling BERT by a large margin, especially
on the mid frequency and low frequency subsets,
which demonstrates that our method is more robust
in few-shot settings.

Continual Learning NER In continual learning
setting (Lin et al., 2020), all the baselines that we
have in Table 4 face limitations. The sequence la-

beling BERT method needs re-training using all
training data each time a new entity type is en-
countered, which is highly expensive. The distance
based methods cannot make use of all available
data for improving representation learning. Fig-
ure 4 shows performance of our method on MIT
movie, MIT restaurant and CoNLL03, when we
continue to train our CoNLL03 model on both MIT
movie and MIT restaurant. The performance on the
CoNLL03 only slightly decrease when we continue
training the model on the MIT Movie and MIT
Restaurant dataset, demonstrating the robustness
of our method in the continual learning setting.

Visualization. We explore why our model works
well in the low-resource domain by visualizing the
output layer. We train BERT and our method on
all four datasets, and use t-SNE (van der Maaten
and Hinton, 2008) to project the output layer into 2-
dimensions, where the output layer for sequence la-
beling BERT and template-based BART are WVR
in Eq 1 and Wlm in Eq 5, respectively. In Figure 5,
each dot represents a row in the output matrix (cor-
responding to a label embedding). We can see that
output layer embeddings of BERT are clustered
based on dataset while the vectors of template-
based BART are sparsely distributed in the space.
It indicates that our output matrix is more domain
independent, and our method enjoys better general-
ization ability across different domains.

Error Types We find that most mistakes are
caused by the domain distance between high-
resource data and low-source NER data. As shown
in Fig 5, Template-based methods rely on label
semantics. If the embedding of the word with a
few-shot labels is far from that with in-domain la-
bels, the model shows lower performance on that
label type. Taking 50 examples per entity type on
MIT movie as an example, “ACTOR” is similar to
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“PERSON” in CoNLL03, and achieves 84.81 F1.
The embedding of “SONG” is far from the existing
labels in CoNLL03, and only achieves 34.97 F1.
In contrast, sequence labeling BERT does not suf-
fer from this distance, because BERT cannot draw
label correlation between two domains, it achieves
53.98 and 40.13 on “ACTOR” and “SONG”, re-
spectively.

6 Conclusion

We investigated template-based few-shot NER us-
ing BART as the backbone model. In contrast to the
traditional sequence labeling methods, our method
is more powerful on few-shot NER, since it can be
fine-tuned for the target domain directly when new
entity categories exist. Experiment results show
that our model achieves competitive results on a
rich-resource NER benchmark, and outperforms
traditional sequence labeling methods and distance-
based methods significantly on the cross-domain
and few-shot NER benchmarks.
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Abstract

It is well known that human is not good at de-
ception detection because of a natural inclina-
tion of truth-bias. However, during a conversa-
tion, when an interlocutor (interrogator) is be-
ing asked explicitly to assess whether his/her
interacting partner (deceiver) is lying, this per-
ceptual judgment depends highly on how the
interrogator interprets the context of the con-
versation. While the deceptive behaviors can
be difficult to model due to their heteroge-
neous manifestation, we hypothesize that this
contextual information, i.e., whether the inter-
locutor trusts or distrusts what his/her partner
is saying, provides an important condition in
which the deceiver’s deceptive behaviors are
more consistently distinct. In this work, we
propose a Judgmental-Enhanced Automatic
Deception Detection Network (JEADDN) that
explicitly considers interrogator’s perceived
truths-deceptions with three types of speech-
language features (acoustic-prosodic, linguis-
tic, and conversational temporal dynamics fea-
tures) extracted during a conversation. We
evaluate our framework on a large Mandarin
Chinese Deception Dialog Database. The re-
sults show that the method significantly out-
performs the current state-of-the-art approach
without conditioning on the judgements of
interrogators on this database. We further
demonstrate that the behaviors of interrogators
are important in detecting deception when the
interrogators distrust the deceivers. Finally,
with the late fusion of audio, text, and turn-
taking dynamics (TTD) features, we obtain
promising results of 87.27% and 94.18% accu-
racy under the conditions that the interrogators
trust and distrust the deceivers in deception
detection which improves 7.27% and 13.57%
than the model without considering the judge-
ments of interlocutor respectively.

1 Introduction

Deception behaviors frequently appear in human
daily life, such as politics (Clementson, 2018),
news (Conroy et al., 2015a; Vaccari and Chadwick,
2020), and business (Grazioli and Jarvenpaa, 2003;
Triandis et al., 2001). Despite its frequent occur-
rences, researchers have repeatedly shown that hu-
mans are not good at detecting deceptions (it’s 54%
accuracy on average for both police officers and
college students (Vrij and Graham, 1997)), even
for highly-skilled professionals, such as teachers,
social workers, and police officers (Hartwig et al.,
2004; Vrij et al., 2006). Due to the difficulty in
identifying deceptions by human, researchers have
also developed an automatic deception detection
(ADD) systems applied in various fields, such as
cybercrime (Mbaziira and Jones, 2016), fake news
detection (Conroy et al., 2015b), employment inter-
views (Levitan et al., 2018b,a), and even court deci-
sion (Venkatesh et al., 2019; Pérez-Rosas, Verónica
and Abouelenien, Mohamed and Mihalcea, Rada
and Burzo, Mihai, 2015). Although many works
have studied approaches of automatic deception de-
tection, few works, if any, has investigated whether
judgements of human can help provide a condition
that enhance ADD recognition rates.

In recent years, ADD has gained popularity and
attention; however, almost all studies (if not all)
on ADD pay attention to western cultures (coun-
tries), and there are very few literates that focus
on eastern cultures (countries). Deception behav-
ior often varies with different cultures (Aune and
Waters, 1994), and every culture has its way to
deceive others. Additionally, Rubin (2014) sug-
gested that researchers need to study and under-
stand more deception behaviors in the Asian area.
Besides, many researchers have utilized various be-
havioral cues to build an ADD system, like facial
expressions (Thannoon et al., 2019), internal physi-
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ological measures (Ambach and Gamer, 2018) and
even functional brain MRI (Kozel et al., 2009a,b).
While these indicators can be useful in detecting
deceptions, many of them require expensive and
invasive instrumentation that is not practical for
real-world applications. Instead, speech and lan-
guage cues carry substantial deceptive cues that can
be modeled in ADD tasks for potential large-scale
deployment (Zhou et al., 2003; Chou et al., 2019).
Hence, the proposed method modeled the speech
and language cues of humans with real-world data
in Mandarin Chinese.

Despite these important advances in understand-
ing and automatically identifying deceptions, there
has been little work investigating whether the per-
formance of ADD models can be significantly im-
proved if considering the behaviors and perceptions
of interrogators. Several questions remain: is there
a difference in linguistic and acoustic-prosodic
characteristics of an utterance from both interlocu-
tors given trusted/distrusted judgments of interroga-
tors? How do the judgments of interrogators help
the ADD model detect deceptions? To investigate
these questions, we firstly follow the previous stud-
ies (Chou et al., 2019) to segment a dialog into
Questioning-Answering (QA) pair turns and then
extract acoustic-prosodic features, linguistic fea-
tures (e.g., Part-Of-Speech taggers (POS), Named
Entity Recognition (NER), and Linguistic Inquiry
and Word Count (LIWC)), conversational tempo-
ral dynamics (CTD) features. Then, we trained
machine learning and deep learning classifiers us-
ing a large set of lexical and speech features to
automatically identify deceptions and evaluated the
results in the Daily Deceptive Dialogues corpus of
Mandarin (DDDM). Also, to investigate the differ-
ences between interlocutor’s behaviors, we perform
Welch’s t-test (Delacre et al., 2017) on the charac-
teristics of utterances from both interlocutors given
three different scenarios: (A) human-distrusted de-
ceptive and truthful statements, (B) human-trusted
deceptive and truthful statements, and (C) success-
ful/unsuccessful deceptive and truthful statements.

In our further analyses, we found that (i) the judg-
ments of human are indeed helpful to significantly
improve the performance of the proposed method
on detecting deceptions, (ii) the behaviors of in-
terrogators should be considered into the model
when the interrogator distrusted the deceivers, and
(iii) the additional evidence indicates that human
is bad at detecting deceptions – there are very few

significant indicators that overlap between trusted
truths-deceptions and successful-unsuccessful de-
ceptions. We believe that these overlap-indicators
could be useful for training humans to detect de-
ceptions more successfully. Finally, we summarize
our 3 main contributions as below.
• We are the first work to include the judge-

ments of the interrogator as a condition to
help improve the recognition rates of decep-
tion detection model.

• We demonstrate that the features of inter-
rogators are more effective and useful to de-
tect deceptions than the deceivers’ ones un-
der the condition that the interrogator disbe-
lieves the deceiver.

• The proposed model has high potentials
for practical deception detection applications
and impact on the ADD area.

2 Related Work

Automatic deception detection in a dialogue Pre-
vious studies have trained a deception detector with
various features in a dialog. Levitan et al. (2018a)
extracted acoustic features of utterances to build
the detection framework using a global-level la-
bel as the ground truth in employment interviews.
Chou et al. (2019) indicated that the interlocutor’s
vocal characteristics and conversational dynamics
should be jointly modeled to better perform de-
ception detection in dialogues. The grammatical
and syntactical POS features has been widely used
in the automatic deception detection (Pérez-Rosas,
Verónica and Abouelenien, Mohamed and Mihal-
cea, Rada and Burzo, Mihai, 2015; Levitan et al.,
2016; Abouelenien et al., 2017; Kao et al., 2020).
In addition, Liu et al. (2012); Levitan et al. (2018b)
modeled the behaviors of language use from the
LIWC features. Gröndahl and Asokan (2019);
Chou et al. (2021) used textual embeddings ex-
tracted from the pre-trained BERT model for recog-
nizing deceptions during an interrogator-deceiver
conversation. Thannoon et al. (2019) used facial
expression features to catch micro-variations on the
face during the deceiver is telling either the lies or
truths in the setting of interview conversation. Wu
et al. (2018) had fused multimodal data including
acoustic features, LIWC-embeddings, and facial-
expression information to train a classifier for de-
tecting deception, and Pérez-Rosas, Verónica and
Abouelenien, Mohamed and Mihalcea, Rada and
Burzo, Mihai (2015) trained the deception detec-
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tion model using multimodal data with promising
accuracy (92.20% area under the precision-recall
curve, AUC) during a conversation in the court.
However, most of the above-mentioned studies
only model the behaviors of deceivers.
The interrogator’s behaviors for detecting de-
ceptions In criminal psychology, Dando and Bull
(2011); Sandham et al. (2020) found that policies
can be trained to identify criminal liars with ad-
vanced interrogation strategies (e.g, tactical use pro-
cedure) because these interview techniques maxi-
mize deceivers’ cognitive load (Dando et al., 2015).
In addition, Chou and Lee (2020) tried to learn
from the behaviors of both interlocutors for identi-
fying perceived deceptions, but their learning tar-
gets are from the perception of the interrogators not
from the deceivers. Therefore, to our best knowl-
edge, we are the first work to take the interrogators’
behaviors for detecting deceptions automatically.
The perceptions of interrogators for detecting
deceptions Levitan et al. (2018b) had studied the
perception (judgment) of deception by identifying
characteristics of statements that are perceived as
truths or lies by interrogators, but they did not use
the perceptions for detecting deceptions. Klein-
berg and Verschuere (2021) used the LIWC vari-
ables and POS frequencies as input features to train
a random forest classifier respectively, and then
asked subjects to mark the scores ranging from 0
(certainty truthful) to 100 (certainty deceptive) on
the deceptive or truthful text data. Finally, they
presented the output probabilities of two trained
classifiers on each data for the subjects to change
the probabilities of the data. Their results showed
that the perceptions of human impair the automatic
deception detection models. However, we are dif-
ferent from Kleinberg and Verschuere (2021). The
main difference is the way how judgements is be-
ing utilized; in our work, this is used to provide a
condition in improving the prediction results.

Table 1: Distribution of the annotated data in the
DDDM Database.

Data Distribution
Deceiver

Total
Truth Deception

Interrogator
Trusted (2) 97 (1) 86 183

Distrusted (3) 47 (4) 53 100

Figure 1: The illustration of Questioning-Answering
(QA) pair turns. We only used complete QA pair turns
and excluded some questioning turns if we cannot find
the corresponding answering turns. To be noticed that
each turn could have multiple utterances.

3 DDDM Database

We used conversational utterances from the Daily
Deceptive Dialogues corpus of Mandarin (DDDM)
(Huang et al., 2019). The entire DDDM con-
tains about 27.2 hours of audio recordings from
96 unique speakers and 283 “question-level” con-
versational data samples. This corpus is particu-
larly useful for our study, and all annotations in
the DDDM come from “human” raters. Most de-
ception databases lack recordings and perceptions
(judgments) of the interrogators, while DDDM
recorded the whole interrogator-deceiver conver-
sations and the judgements of both interlocutors,
allowing us to study deception detection given the
judgements of the interrogators. With the judge-
ments of both interlocutors, we group the data sam-
ples into four classes (shown in Table 1) as fol-
lows: (1) successful deceptions, (2) trusted truths,
(3) distrusted truths, and (4) unsuccessful decep-
tions. We follow Chou et al. (2019) to transform the
7126 utterances into 2764 complete Questioning-
Answering (QA) pair turns (shown in Figure 1)
because the interrogator tended to ask follow-up
questions for judging the deceiver’s statements.

4 Problem Definition

4.1 The definition of deception

Deception is different from lying. Deception is
human behavior that aims to make receivers be-
lieve true (or false) statements that the deceiver
believes to be false (or true) with the conscious
planning acts, such as sharing a mix of truthful and
deceptive experiences to change the perceptions of
the interrogators when being inquired to answer to
questions. However, lying is just saying that some-
thing is true (or false) when in fact that something
is false (or true) (Mitchell, 1986; Sarkadi, 2018).
Hence, it is challenging for the interrogators to de-
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tect deceptions through the behaviors of deceivers.
Human needs to engage in higher-order cognitive
processing to detect these consciously planned de-
ceptions (Street et al., 2019). The deceiver can act
in a way to change the perceptions of that poten-
tial deception detector. This then shifts a heavier
burden onto the interrogator’s cognitive processing.
Hence, the interrogator must necessarily engage
in “higher-order” cognitive processing to detect
these advanced lies because they usually cannot
just detect the behavior (e.g., signs of nervousness
invoice), but must interpret why this individual may
be nervous, including the honest reason why (e.g.,
afraid of being disbelieved).

4.2 Deception detection with judgments of
human

Humans rarely perform better than chance on de-
tecting deceptions, but the interrogators make their
judgements according to context information in an
interrogator-deceiver conversation. People might
be hard to remember the whole detailed informa-
tion, but their judgements might consist of some
context-general information based on their own
experience, which results in a truth-bias. There-
fore, we build the deception detection models based
on the conditional perceptions of humans (human-
trusted or human-distrusted). We use judgements
of human as criteria to define the following condi-
tions (we also include the condition that we have no
judgements of human, and the most conventional
studies on ADD are in this condition):

(i) Truthful and deceptive statements detec-
tion: detecting deceptions without perceptions
of interrogators (judgements of human)
(ii) Trusted truthful and deceptive statements
detection: detecting deceptions with believed
judgments of interrogators
(iii) Distrusted truthful and deceptive state-
ments detection: detecting deceptions with dis-
believed judgments of interrogators

5 Methodology

5.1 JEADDN: Judgmental-Enhanced
Automatic Deception Detection Network

Figure 2 illustrates the Judgmental-Enhanced Au-
tomatic Deception Detection Network (JEADDN)
whose main structure is BLSTM-DNN (Chou et al.,
2019) containing one bidirectional long short-term
memory (BLSTM) layer with an attention mech-
anism and two fully-connected layers. In our

Figure 2: The overview of Judgmental-Enhanced Auto-
matic Deception Detection Network (JEADDN) (The
WS and TTD mean a word segmentation and turn-
taking dynamics respectively).

method, judgements of human are criterion in
choosing the classifiers for certain conditions to
detect deceptions (not as the features). That is,
when the interrogator believes the deceiver’s state-
ments, we use the condition (ii) classifier. Instead,
when the interrogator disbelieves the deceiver, we
can use the condition (iii) classifier. We fuse the
best feature set from each modality by late fusion
with additional three dense layers. Besides, there
are two main goals. One is to investigate the ef-
fectiveness and robustness of speech and language
features of both interlocutors. The other is to show
whether the model performance of detecting decep-
tions with the judgements of interrogators could be
better than the model without them.

More specifically, we split four-class sample data
in Table 1 into two conditions based on judgements
of interrogators (human-trusted/human-distrusted).
The unit of features of interrogators/deceivers in-
corporates all of the utterances from the complete
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Table 2: The table summarizes 8 turn-level feature sets introduction used in this paper.

Modality Denotation Feature Set Dimension Extraction Tool

Audio
Emobase Emobase 988 openSmile (Eyben et al., 2010)
XLSR XLSR-53 7680 XLSR-53 (Conneau et al., 2020)

Text

NER Named Entities Recognition 17 CKIP Tagger (Li et al., 2020)
POS Part-Of-Speech Tagger 50 CKIP Tagger (Li et al., 2020)
BERT BERT-Base in the Chinese version 768 BERT (Devlin et al., 2019)
RoBERTa RoBERTa-Base in the Chinese version 768 RoBERTa (Cui et al., 2020)
LIWC Linguistic Inquiry and Word Count 2015 82 LIWC 2015 (Pennebaker et al., 2015)

TTD CTD Conversational Temporal Dynamics 20 Proposed by Chou et al. (2019)

QA pair because interrogators would like to ask
questions to seek detailed information. The clos-
est previous study is Chou and Lee (2020). They
have investigated perceived deception in the con-
dition that the deceiver is telling either truths or
deceptions, but they only focus on perceived de-
ception recognition. Our objective is to detect the
deceiver’s answers corresponding to each question.
In contrast, the learning targets of Chou and Lee
(2020) are from the interrogator’s guessed answers.
Therefore, our learning targets are different from
them. Moreover, their work is not useful in real
life since they have to know the judgements of the
deceivers, and it is impractical and impossible to
be applied in the real world. In this paper, we hy-
pothesize that (i) we can get better performance if
the model takes judgements of interrogators into
account, and (ii) there are differences in both inter-
locutors’ behaviors between the trusted/distrusted
truthful and deceptive dialogues. In the rest of the
sections, we will describe the feature extraction in
detail (notice that all types of the following feature
sets are normalized to each speaker using z-score
normalization) and the use of a deception detection
framework.

5.1.1 Turn-level Feature Extraction
Table 2 summarized 8 various feature sets, which
were extracted from the acoustic and linguistic
characteristics of all speakers based on question-
ing turns of interrogators and answering turns of
deceivers within QA pairs. In this work, we use
the features extracted from audio and text record-
ings data to build the models, and we describe each
feature set one by one as below.
Audio Recordings
• Emobase: we followed (Chou et al., 2019; Chou

and Lee, 2020) to extracted 988-dimensional
acoustic-prosodic features from questioning turns
(answering turns) by “emobase.config” of openS-

MILE toolkit (Eyben et al., 2010).
• CTD: Chou et al. (2019) firstly proposed the

conversational temporal dynamics (CTD) feature
set within complete QA pairs. Additionally, Chou
et al. (2021) incorporated CTD, Emobase, and
BERT to achieve the state-of-the-art result of
DDDM, so we also extract CTD for comparison.
Also, CTD can extract the temporal turn-taking
dynamics (TTD) of both interlocutors during a
conversation. We list a part of features of CTD
as below, and more detailed information about
CTD is in Chou et al. (2019).
– Utterance-duration ratio: the reciprocal ra-

tio between the utterances length (u) and the
turn duration (d), denoted as Intud and Intdu
respectively.

– Silence-duration ratio: the reciprocal ratio
between the silence (s) duration and the turn
duration, denoted as Intsd and Intds respec-
tively.

– Silence-utterance ratio: the reciprocal ratio
between the silence duration and the utterance
lengths, denoted by Intsu and Intus respec-
tively.

– Silence times (st): the number of times that
a subject produces a pause that is more than
200ms, denoted as Intst and Decst.

• XLSR: Due to the scarcity of deception
databases in Mandarin Chinese, we use the mul-
tilingual pre-trained model, XLSR-53 (Conneau
et al., 2020), to extract acoustic representation.
XLSR-53 is trained for acoustic speech recog-
nition (ASR) task with more than 56,000 hours
of speech data in 53 different languages includ-
ing Chinese-Taiwan (Mandarin Chinese) based
on wav2vec 2.0 (Baevski et al., 2020). The di-
mension of the feature vector is 512 per frame,
and then the feature vector per frame is applied
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to the 15 statistics1 to generate the final 7680-
dimensional feature vectors.

Text Recordings
• BERT: we utilize BERT-Base in the Traditional

Chinese version pre-trained model (Devlin et al.,
2019) to extract turn-level 768-dimensional fea-
ture vectors. BERT was trained with a large
amount of plain text data publicly available on the
web using unsupervised objective functions (like
masked-language modeling objective (MLM))
and works at the character level. We do not have
to perform word segmentation when extracting
representations.

• RoBERTa: we also use RoBERTa (Cui et al.,
2020) to extract textual features. Its main compo-
nent is the same as BERT (Devlin et al., 2019),
but RoBERTa used a Whole-Word-Masking
(WWM) technique and was trained on 10 times
more data than BERT model. Although BERT
has another version (BERT-WWM), there is no
available pre-trained model in the Chinese lan-
guage, so we only extract the features by both
BERT and RoBERTa pre-trained models in this
work.

• POS: we extracted 50-dimensional POS taggings
excluding all punctuation-related dimensions by
CKIP Tagger (Li et al., 2020) and then convert
all POS predictions into feature vectors by calcu-
lating the number of word counts.

• NER: we use CKIP Tagger to extract 17-
dimensional named entity recognition (NER) fea-
tures, and convert the predictions into feature vec-
tors by calculating the number of word counts.
To our best knowledge, the NER feature set has
never been used to train the deception detector.
We are inspired by the findings of psychologist’s
studies on crime interrogation to use the NER fea-
ture set as input features for detecting deceptions.
Vrij et al. (2021) suggest that the interrogators
need to manipulate and design questions to ask
the deceivers for detailed information, complica-
tions, because truth-tellers often reported more
complications than lie tellers in each stage of the
interview. A complication refers to details as-
sociated with personal experience or knowledge
learned from any personal experience. In the
DDDM, most recruited subjects are university

1(1): amean, (2): 1th percentile, (3): 99th percentile, (4):
kurtosis, (5): 99th percentile minus first percentile, (6): max,
(7): maxPos, (8): min, (9): minPos, (10): quartile1, (11):
quartile3, (12): range, (13): skewness, (14): stddev, (15)
median.

students, and the three designed questions the re-
searchers assigned each subject to ask are mainly
about general activities or experiences of an av-
erage college student. For instance, scores of
department border cups, professional knowledge
about instruments, and detailed process of any
events held by different clubs are regarded as per-
sonal experiences. Therefore, we extracted the
NER features to capture the detailed information.

• LIWC: we use LIWC 2015 toolkit to extract 82-
dimensional features (excluding all punctuation-
related feature dimensions and total word counts
(WP)) in this work after performing word seg-
mentation pre-processing by CKIP Tagger.

6 Experiment

6.1 Experimental Setup

We conduct our experiments to show whether
judgements and speech and language cues of inter-
rogators are helpful to detect deceptions. The clos-
est deception database is the Columbia X-Cultural
Deception (CXD) Corpus (Levitan et al., 2015),
but we have no access to the CXD corpus. To com-
pare and show the baseline results, we compare all
the models that had been used in the CXD corpus
to reveal overall performance on the DDDM cor-
pus. These baseline models include Support Vector
Machines (SVM), Random Forest (RF), Logistic
Regression (LG), and feedforward neural network
(DNN). All baseline classifiers settings in this work
are the same as Levitan et al. (2018b); Mendels et al.
(2017).

Moreover, to compare with the state-of-the-art
performance in the DDDM (Chou et al., 2021),
we also use the same model proposed by (Chou
et al., 2019), BLSTM-DNN, consisting of one fully-
connected layer in a network with Rectified Linear
Unit (ReLU) activation function, one BLSTM layer
with an attention mechanism, one fully-connected
layer with ReLU activation function, and then one
prediction layer with a softmax activation func-
tion. We also include LSTM-DNN model in (Chou
et al., 2021) as baseline classifier. All settings of
LSTM-DNN and BLSTM-DNN are the same as
(Chou et al., 2021). The whole framework is imple-
mented by Pytorch (Paszke et al., 2019). The eval-
uation metric is macro F1-score based on the dyad-
independent 10-fold cross-validation. We use the
zero-padding to ensure each data sample’s times-
tamp is the same if the length is less than the maxi-
mum timestamp (40). Several hyper-parameters for
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Table 3: Results on the produced deception detection on the DDDM database in macro F1-score (%). The Who’s
Feature column implies that the feature comes from whom, such as the interrogator (Int.), the deceiver (Dec.), or
both of interlocutors (directly concatenate the features of interlocutors in feature-level).

Modality Feature Who’s
Feature

(i) (ii) (iii)
RF

(2018b)
LR

(2018b)
SVM

(2018b)
DNN

(2018b)
LSTM-DNN

(2019)
BLSTM-DNN

(2019)
BLSTM-DNN

Audio

Emobase
Int. 51.35 47.03 52.29 63.31 59.98 59.80 70.06 83.72
Dec. 54.42 54.52 51.03 66.56 63.95 66.84 76.92 80.49
Both 51.92 50.54 51.09 65.45 57.70 60.85 72.00 81.17

XLSR
Int. 48.83 43.47 50.20 65.02 60.52 59.74 74.32 83.10
Dec. 49.83 45.78 53.15 64.06 60.54 61.37 75.25 80.36
Both 48.26 44.52 52.49 64.38 59.64 58.79 74.82 79.75

Text

NER
Int. 44.03 55.15 48.68 64.40 55.29 57.94 59.66 64.15
Dec. 57.03 48.21 55.74 65.04 68.10 66.19 74.78 72.61
Both 55.01 56.00 52.10 66.67 65.18 65.37 74.77 75.61

POS
Int. 51.18 50.23 57.32 66.34 60.96 60.89 71.06 72.41
Dec. 51.23 55.90 57.08 66.83 64.74 61.29 75.19 77.14
Both 50.05 55.00 56.13 67.09 64.72 62.99 74.77 77.32

LIWC
Int. 51.25 50.87 55.14 65.00 64.29 65.10 76.27 80.51
Dec. 52.75 54.81 57.26 68.36 64.18 64.19 74.32 82.44
Both 50.63 49.37 57.68 67.36 63.79 62.54 75.40 77.10

BERT
Int. 54.61 58.61 54.47 68.30 65.98 63.15 77.38 85.53
Dec. 60.77 62.38 57.76 71.03 70.83 72.00 82.14 82.77
Both 61.99 62.62 57.69 71.05 70.82 71.63 77.52 83.30

RoBERTa
Int. 52.43 53.00 55.93 69.04 66.96 65.78 73.46 80.80
Dec. 56.22 59.22 57.79 70.45 73.13 74.31 79.88 86.59
Both 58.21 61.33 61.10 71.35 73.17 73.56 75.43 81.83

TTD CTD Both 50.65 47.04 47.83 65.11 59.86 56.19 71.90 64.00

the LSTM-DNN and BLSTM-DNN models as be-
low are grid-searched: the number of nodes in the
LSTM and BLSTM layers is ranging in [2, 4, 8],
and the batch size is ranging in [16, 32], the learn-
ing rates is ranging in [0.01, 0.005] with adjusting
mechanism by multiplying 1√

1+epoch
per epoch. Fi-

nally, the maximum epoch is 10000. These hyper-
parameters are chosen with early stopping criteria
in all conditions to minimize cross-entropy with
balanced class weights on the validation set.

6.2 Experimental Results

Table 3 presents a summary of the complete re-
sults in three different conditions. There are 283,
183, and 100 question-level data samples under
conditions (i), (ii), and (iii) respectively. The more
detailed information about the portion of DDDM is
shown in Table 1. Besides, the human performance
is 54.7% macro F1-score in the DDDM corpus.
The performance of DNN (Mendels et al., 2017) is
very competitive, but modeling time-series informa-
tion is important for conversation setting. Hence,
we only present the results with the BLSTM-DNN
model in the conditions (ii) and (iii).

In Table 3, the performances of the BLSTM-
DNN with judgments of interrogators are consis-

tently higher than the models without the judg-
ments of interrogators, and the findings show cor-
roborating evidence of the ALIED theory (Street,
2015; Street et al., 2019) which claimed that the
perceptions of human could be potential lie de-
tector even though the judgments of human are
error-prone. We also found that the interrogators’
features seem more contributing to deception de-
tection in condition (iii). This finding demonstrates
that we could consider the interrogators’ features
when the interrogators distrust the deceivers for
building deception detection models. However, the
performances of most models trained with the fea-
ture sets of the deceivers in the condition (i) and
(ii) consistently surpass the ones trained with the
features from the interrogators or both interlocu-
tors.

6.3 Ablation Study

To investigate the effectiveness of audio, text, and
turn-taking dynamics (TTD) modalities, we take
the feature set according to the best performance
in Table 3. We take Emobase, BERT, and CTD
to represent the audio, text, and TTD modalities
respectively. In the condition (i) and (ii), Emobase
and BERT are from the deceivers. On the other
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Table 4: Ablation results on three modalities, Emobase,
BERT, and CTD feature sets.

Modality Audio Text TTD Condition
Feature Set Emobase BERT CTD (i) (ii) (iii)

Single
Modality

V 66.84 76.92 83.72
V 72.00 82.14 85.53

V 56.19 71.90 64.00

Late
Fusion

V V 78.68 86.79 91.32
V V 74.92 84.99 87.63

V V 77.83 85.90 90.16
V V V 80.61 87.27 94.18

hand, the counterparts are from the interrogators in
the condition (iii). In the fusion method, we follow
Chou et al. (2021) to firstly freeze the weights of
all models trained with the above-mentioned fea-
ture sets and concatenate their final dense layers’
outputs as the input of the additional three-layer
feed-forward neural network to perform late fusion.
Table 4 summarizes the results of the ablation study,
and the text modality is the most effective modal-
ity. Finally, we get the promising results 87.27 %
and 94.18 % and significant improvements 7.27%
and 13.57% than the model without judgements of
human in the condition (ii) and (iii) respectively.

7 Analyses

Having established the presence and characteris-
tics of each speech and language cue, we were
interested in exploring the differences in both of
interlocutors’ speech and language cues on the dif-
ferent judgements of the interrogators given three
different scenarios: (A) human-distrusted decep-
tive and truthful statements, (B) human-trusted
deceptive and truthful statements, and (C) suc-
cessful/unsuccessful deceptive and truthful state-
ments. We firstly performed Welch’s t-test (Delacre
et al., 2017) for each speaker’s turn (e.g., ques-
tioning/answering turns) within QA pairs that rep-
resented a question and answer from the 3 daily
questions. The QA pairs shown in Figure 1 were
marked manually, and each deceivers’ answer was
labeled as truth or deception using the daily life
questionnaire response sheet. This resulted in 2764
QA pairs. Using this data, the significant indica-
tors after performing Welch’s t-test between each
feature set on the different conditions are shown in
Appendix A.1 Table A.1. Then, we calculate the ra-
tio of significant features in each feature set divided
by its dimension base because every feature set has
different dimensions, i.e., in the NER feature set
under the scenario (A), there are 7 significant indi-

cators and its dimension base is 17, so the ratio is
calculated by 7 divided by 17. Additionally, while
XLSR, NER, POS, BERT, and RoBERTa are all
extracted by not zero-error-rate pre-trained mod-
els and LIWC is also calculated the word counts
afterword segmentation by CKIP Tagger, they all
have significant indicators whose p-value is smaller
than 0.05 among them. For example, BERT and
RoBERTa from the deceivers have a high propor-
tion of significant indicators. However, since the
meaning of XLSR, BERT, and RoBERTa repre-
sentations are difficult to explain intuitively, so we
focus on other feature sets to examine the following
research questions.

Is there a difference in both interlocutors’ be-
haviors between distrusted truths and decep-
tions (Scenario A)? According to the experimental
results in Table 3, we understand that the features
of interrogators are significant indicators to detect
deceptions. After performing the Welch’s t-test on
each feature set between distrusted truthful and
deceptive interlocutor’s questioning/answering re-
sponses (there are 898 QA pairs in scenario A), we
found that the feature sets of NER, POS, and LIWC
have a higher ratio of statistically significant indi-
cators. Moreover, we check the predictions of them
in the DDDM, and we observe that the interroga-
tors tend to ask more complex questions to inquire
detailed information about the statements of de-
ceivers. That is, the interrogators would check the
numbers information about scores of games, fre-
quency of presentation, or length of music concerts
(PERCENT, QUANTITY, Neqb, and DM), things
about musical instrument or events about concert
presentations and ball games (EVENT, PRODUCT,
and WORK OF ART), and places/locations (i.e., el-
ementary schools and universities) (Nc). This result
is very interesting because the psychologist studies
had also shown that how interrogators interrogate
the deceivers in details would affect the success in
catching liars. Besides, there are some significant
indicators in LIWC, such as the words describing
the movements in the sport game (death: “殺”球
(殺球 means kill and spike)) and the words to ask
the deceivers to provide more detailed information
(focusfuture: “然後”你之後還有繼續打球/彈樂
器嗎? (“then”, did you keep playing balls/musical
instrument afterward?)).
Is there a difference in both interlocutors’ be-
haviors between trusted truths and deceptions
(Scenario B)? In scenario B, the results of Welch’s
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t-test reveal that NER consists of the highest ra-
tio of significant indicators than others. When
we go back to read the data in the DDDM (Ap-
pendix A.1) Table A.1, we observe that the truthful
statements have more detailed descriptions than
the deceptive ones, such times/dates of ball games
and concerts (DATE and Nd), numbers to describe
the scores of games (CARDINAL and PERCENT),
and names about musical instrument and sport
equipment (PRODUCT). Besides, the significant
indicators of Emobase shown in Appendix A.1
Table A.2 includes the first derivative of the in-
tensity of the deceivers. This result is similar to
the previous study on the English database (Chen
et al., 2020). That is, the interrogator tended to
judge high-intensity utterances as truths because
the louder utterances might be perceived as more
confident even though these utterances could be
deceptive in fact. Additionally, the significance
test shows that some CTD features of interroga-
tors are important indicators indicating whether the
deceiver is telling the truth or not when the inter-
rogator trusted the deceivers. For example, in the
Appendix A.2 Table A.3, we can find that the in-
terrogator spends more time to come up with more
complex questions to inquire the deceiver; however,
the interrogator eventually believes the deceiver’s
statements, but the proposed method can success-
fully detect the deceptions by the interrogator’s
temporal TTD behaviors. This finding is the same
as the previous study (Chou et al., 2019).
Is there any common significant indicator
between the one from distrusted truths
and deceptions and the other from success-
ful/unsuccessful deceptions (Scenario C)? In
this analysis, we demonstrate additional evi-
dence indicating that human is poor at detecting
deceptions–there are very few indicators that
overlap in all feature sets in this condition in
Appendix A.1 Table A.1 (the rightmost column).
However, the results repeatedly show that the ways
how the interrogators ask questions about detailed
information (MONEY, PRODUCT, and DM),
and the meaningful information in the deceivers’
answering statements (A (one of POS features)
means the words to describe the noun, such as
female, big, small, to name a few). Hence, the
more detailed information we have, the higher
chances to detect deceptions.

8 Conclusion and Future Work

This paper investigates whether judgements and
speech and language cues of interrogators in con-
versation are useful and helpful to detect decep-
tions. We analyzed a full suite of acoustic-prosodic
features, linguistic cues, conversational temporal
dynamics given different conditions. Finally, with
the late fusion of audio, text, and turn-taking dy-
namics (TTD) modality features, JEADDN obtains
promising results of 87.27% and 94.18% accuracy
under the conditions that the interrogators trust
and distrust the deceivers in deception detection
which improves 7.27% and 13.57% than the model
without considering the interlocutor’s judgements
respectively.

While there is some research in studying per-
ceived deception detection, this is one of the
first studies that have explicitly modeled acoustic-
prosodic characteristics, linguistic cues, and con-
versational temporal dynamics using judgments of
interrogators in conversations for detecting decep-
tions. Furthermore, we provide analyses on the sig-
nificance of different feature sets in three different
scenarios and show additional evidence indicates
that human is bad at detecting deceptions. Espe-
cially, the content of questions the interrogators ask
is an indicator for telling deceptions or truths when
the interrogators distrust the deceivers. Verigin
et al. (2019) also reveal that truthful and deceptive
information interacts to influence detail richness
provides insight into liars’ strategic manipulation
of information when statements contain a mixture
of truths and lies.

In the immediate future work, we aim to ex-
tend our multimodal fusion framework to combine
semantic information to enhance the model robust-
ness and the predicting powers within multiple QA
pairs. That is, we observe that some interrogators
finally trusted the deceivers after many follow-up
questions while the statements of the deceivers
were deceptive. Kontogianni et al. (2020) also
pointed out that follow-up open-ended questions
prompt additional reporting. However, practition-
ers should be cautious to corroborate the accuracy
of new reported details.
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A Appendix

A.1 Welch’s T-test Results
The Welch’s t-test results are shown in Table A.1
and Table A.2 based on speakers’ turns within QA
pairs in three different scenarios as follows: (A)
human-distrusted deceptive and truthful statements,
(B) human-trusted deceptive and truthful state-
ments, and (C) successful/unsuccessful deceptive
and truthful statements. Emobase contains the fun-
damental frequency (F0) and its envelope, intensity
(INTENSITY), loudness (LOUDNESS), 12 MFCC,
probability of voicing (VOICEPROB), 8 line spec-
tral frequencies (LSPFREQ), zero-crossing rate
(ZCR), and delta regression coefficients. Then,
these LLDs and their delta coefficients are applied
to the following statistics 2 to generate the final
feature vector. The number (ratio) represents the
number of signatures in each feature set divided by
its dimension base because every feature set has
different dimensions. For instance, in the NER fea-
ture set under scenario (A), there are 7 significant
indicators and its dimension base is 17, so the ratio
(number) is calculated by 7 divided by 17.

A.2 A Real Example in the DDDM database
Table A.3 summarizes a real example in the DDDM
database, and we also show its duration, transcripts
in Mandarin Chinese, and translation in English.
This data sample is grouped into (1) class in Table 1.
The interrogator trusts the deceiver but the deceiver
tells deception in fact.

2(1): amean, (2): iqr1-2, (3): iqr1-3 , (4): iqr2-3, (5):
kurtosis, (6): linregc1, (7): linregc2, (8): linregerrA, (9):
linregerrQ, (10): max, (11): maxPos, (12): min, (13): minPos,
(14): quartile1, (15): quartile2, (16): quartile3, (17): range,
(18): skewness, (19): stddev.
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Table A.1: The results of all feature sets after performing Welch’s t-test in three different scenarios: (A) human-
distrusted deceptive and truthful statements, (B) human-trusted deceptive and truthful statements, and (C) success-
ful/unsuccessful deceptive and truthful statements (“*” indicates the significance threshold, p-value, is smaller than
0.01; “**” is smaller than 0.001).

Modality Feature Who’s
Feature

(A)
(%) Indicators (B)

(%) Indicators (C)
(%) Indicators (B)

⋂
(C)

(%) Indicators

Audio
Emobase

Int. 4.37
Table A.2

1.02
Table A.2

1.83
Table A.2

0.10
∆MFCC4th−
skewness

Dec. 1.93 4.37 4.68 0.10
∆MFCC7th−
linregc2

XLSR
Int. 3.07 - 3.75 - 2.79 - 0.44 -
Dec. 2.21 - 3.54 - 2.92 - 0.52 -

Text

NER
Int. 29.41

EVENT**,
PRODUCT**,
WORK OF ART**,
PERCENT,
QUANTITY

11.76
MONEY*,
PRODUCT*

35.29

PRODUCT**,
EVENT*,
MONEY*,
PERCENT,
QUANTITY,
WORK OF ART

11.76 MONEY*,
PRODUCT*

Dec. 5.88 PERCENT 23.53

PERCENT**,
DATE*,
CARDINAL,
PRODUCT

11.76
PERCENT**,
WORK OF ART**

5.88 PERCENT

POS
Int. 14.00

Neqb*, D, DM,
Dfb, Nc, VCL, VA

10.00
DM**, VG**,
Da*, Nb, A

6.00
DM**, Dfb**,
VI**

2.00 DM

Dec. 0.00 - 10.00
DM**, A, FW,
Nd, V 2

8.00 A, Cbb, Dk, V 2 4.00 A, V 2

LIWC
Int. 10.98

death**, adverb*
leisure, cogproc,
focusfuture*, filler,
auxverb, discrep,
othergram

2.44 you, cogproc 7.32
death**, negate,
filler, ipron,
I, Sixltr

0.00 -

Dec. 1.22 female 3.66
bio**, sexual,
power

3.66
you, informal,
social

0.00 -

BERT
Int. 6.51 - 4.43 - 8.46 - 0.26 -
Dec. 10.55 - 18.36 - 3.52 - 0.78 -

RoBERTa
Int. 8.59 - 5.99 - 9.51 - 0.65 -
Dec. 10.03 - 17.45 - 6.77 - 1.30 -

TTD CTD Both 0.00 - 30.00
Intsd∗, Intud∗,
Intsu∗, Intus,
Intd/Decd, Intst

15.00
Decud, Decsd,
Decus

0.00 -
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Table A.2: The Welch’s t-test results on Emobase in three different scenarios (“*” indicates the significance thresh-
old, p-value, is smaller than 0.01; “**” is smaller than 0.001).

Scenario Interrogator Deceiver

(C)

MFCC3th: (6*), MFCC8th: (12, 18),
MFCC9th: (8, 9, 12, 19),
MFCC10th: (1, 10, 14, 16),
∆MFCC4th: (18*), ∆MFCC5th: (1),
∆MFCC11th: (14), LSPFREQ1th: (1, 12),
∆LSPFREQ1th: (15*, 18), LOUDNESS: (1, 12)

MFCC1th: (4*, 15), MFCC3th: (3, 4, 8, 9, 19),
MFCC5th: (14), MFCC8th: (1, 16),
MFCC9th: (1, 15, 16), MFCC11th: (6, 7),
∆MFCC1th: (7), ∆MFCC7th: (7),
∆MFCC11th: (1. 14), LSPFREQ0th: (2, 3*, 4, 16),
LSPFREQ1th: (1, 7, 15), LSPFREQ2th: (1, 14, 15, 16),
LSPFREQ6th: (7), LSPFREQ7th: (2*, 3, 8, 9*, 19*),
∆LSPFREQ7th: (18)VOICEPROB: (16), ZCR: (2*, 15),
F0: (12*), ∆F0: (3, 4, 8*, 9, 14, 19)

(B)

MFCC4th: (10), MFCC6th: (18),
MFCC7th: (9), ∆MFCC4th: (18),
∆MFCC8th: (6, 7*), ∆VOICEPROB (4),
∆LSPFREQ4th: (18), ∆LSPFREQ7th: (6, 7)

MFCC2th: (18), MFCC6th: (8, 9, 12, 17, 18, 19*),
MFCC8th: (2*, 3, 8*, 9*, 12*, 17, 19*),
MFCC9th: (2*, 3, 8, 9, 18, 19*), MFCC10th: (5, 18),
∆MFCC6th: (9, 12, 19), ∆MFCC7th: (6*, 7*),
∆MFCC8th: (1, 6, 7, 8*, 9*, 10*, 12, 16, 17*, 19*),
∆MFCC12th: (10), LSPFREQ3th: (5, 18),
∆LSPFREQ7th: (7, 15), ∆INTENSITY: (18)

(A)

MFCC1th: (12*, 17*),
MFCC2th: (1*, 7, 12*, 14*, 15*, 16, 17),
MFCC3th: (1, 6), MFCC8th: (12),
MFCC9th: (10, 18), MFCC10th: (1, 2, 3, 14),
MFCC11th: (12), MFCC12th: (6),
∆MFCC1th: (12, 18), ∆MFCC3th: (15),
∆MFCC4th: (9), ∆MFCC6th: (7),
∆MFCC9th: (13, 14), ∆MFCC10th: (14),
LSPFREQ0th: (1), LSPFREQ1th: (10),
LSPFREQ3th: (10), LSPFREQ4th: (12, 17*),
LSPFREQ5th: (12, 17), LSPFREQ7th: (5, 18),
∆LSPFREQ1th: (18*), ∆LSPFREQ5th: (12),
VOICEPROB: (12, 19), ∆VOICEPROB: (10, 17)

MFCC2th: (14), MFCC3th: (2), MFCC4th: (1, 14),
MFCC5th: (7), MFCC6th: (9, 10, 17, 19*),
MFCC8th: (14), MFCC9th: (18), MFCC11th: (6),
∆MFCC6th: (1, 2, 9), LSPFREQ0th: (3),
∆LSPFREQ7th: (2, 14), ∆F0: (18)
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Table A.3: A Real Example in the DDDM database.

(Questioning Turn) (Duration) Interrogator’s Questing Turns (Answering Turn) (Duration) Deceiver’s Answering Turns

(Q1)(09.6s)那因為你寫高中後有參加過吉他的公開比賽
或演奏那請問是怎樣類型的公開

(A1)(10.368s)其實就是呃一般類就是社團的那個發表會
這樣主要是我那個大學的時候

(According to your answer sheet, you have participated
in public guitar competitions or performances after high
school. What kind of public is that?)

(In fact, er, it’s a general club’s presentation,
mainly when I was in university.)

(Q2)(01.92s)嗯大概是大幾的時候 (A2)(00.768s)大一的時候
(Um, what was your grade at tha time?) (Freshman.)

(Q3)(04.864s)那那時候你是吉他那那你是吉他社嗎

(A3)(14.336s)大一的時候算吧因為就是大一的時候
就是比較比較時間比較多所以去了蠻多社團所以
也有去吉他社就是呃自己重頭開始練然後有參加過
一個學期的就是成發這樣

(At that time, were you a member of a guitar club?)

(When I was a freshman, I have more time
in the freshman year, so I went to a lot of clubs,
so I also went to the guitar club, um, I started practicing
on my own and then participated in presentation for a semester.)

(Q4)(08.704s)那那表演的時候是你個人獨秀
還是大家一起彈的還是樂團

(A4)(12.928)主要是我跟另外一個就是社團的朋友就
我們兩個呃我就是他彈我彈欸我彈主旋律他彈就是節奏
這樣然後vocal的話就是一起

(So when you perform, is it your solo show
, or is it the orchestra that everyone plays together?)

(Another friend and I from the club. Uh, he plays, I play,
I play the main melody, he plays the rhythm,
and the vocal is together.)

(Q5)(06.272s)那那目前你還有在繼續練吉他嗎
(A5)(08.064)後來就沒有了後來就是就比較喜歡去熱舞社
這樣所以吉他社就沒有再去了

(Are you still practicing guitar?)
(Later, no. Later, I prefer to go to the hot dance club,
so the guitar club I did not go.)

(Q6)(13.184s)嗯那能簡單講一下吉他的基本入門五大
和弦嗎就是最常出現的那幾個

(A6)(08.704)有點忘了我知道有C然後C1G吧
我只記得這幾個對

(Um, can you briefly talk about the basic
and common guitar five major chords that appear most often?)

(I forgot. I know that there are C and then C1G.
I only remember these pairs. Yes.)
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Abstract

Many task-oriented dialogue systems use deep
reinforcement learning (DRL) to learn policies
that respond to the user appropriately and com-
plete the tasks successfully. Training DRL
agents with diverse dialogue trajectories pre-
pare them well for rare user requests and un-
seen situations. One effective diversification
method is to let the agent interact with a di-
verse set of learned user models. However, tra-
jectories created by these artificial user mod-
els may contain generation errors, which can
quickly propagate into the agent’s policy. It
is thus important to control the quality of the
diversification and resist the noise. In this
paper, we propose a novel dialogue diversifi-
cation method for task-oriented dialogue sys-
tems trained in simulators. Our method, In-
termittent Short Extension Ensemble (I-SEE),1

constrains the intensity to interact with an en-
semble of diverse user models and effectively
controls the quality of the diversification. Eval-
uations on the Multiwoz dataset show that I-
SEE successfully boosts the performance of
several state-of-the-art DRL dialogue agents.

1 Introduction

Task-oriented dialogue agents assist human users to
complete their tasks in multi-round human-agent in-
teractions. Example tasks include booking a movie
ticket or reserving a lunch table. Many agents use
deep reinforcement learning (DRL) to learn good
policies that respond appropriately in the dialogue
and succeed in completing the task (Schulman
et al., 2017; Takanobu et al., 2020; Peng et al.,
2018). Due to the high cost of interactive train-
ing using real human users, simulators have been
used to replace the humans (Shi et al., 2019). Early
user simulators rely on rules hand-crafted by do-
main experts, who review and summarize dialogue

1I-SEE codes can be found at https://github.com/
smt-HS/I-SEE.

Figure 1: Agent Learns from Diversified Simulators.

templates from everyday conversations (Li et al.,
2016b). Rule-based simulators manage routine task
scenarios efficiently; but they cannot easily gen-
erate unconventional and more diverse dialogue
acts marked by human spontaneity. Agents learn-
ing from these simulators may fail to handle rare
queries and unseen situations. For example, in
Table 1’s left column, the system learns from a
rule-based simulator and fails to answer an unex-
pected question “In which area of the city is this
hotel located?” The user immediately ends the con-
versation and does not book the hotel.

Increasing dialogue diversity is a long-lasting re-
search interest motivated by different needs. In dia-
logue generation, diversity is desired to avoid dull
responses. In simulator construction and reinforce-
ment learning (RL), diversity is desired for training
robust agents. Although the uses are slightly dif-
ferent, ideas to improve diversification can be uni-
versal. Dialogue diversity can be improved via i)
enforcing diversity in objective functions (such as
maximize mutual information) of neural models (Li
et al., 2016a; Baheti et al., 2018), ii) perturbing lan-
guage rules (Niu and Bansal, 2019) or environment
parameters (Tobin et al., 2017; Ruiz et al., 2019),
iii) randomizing trajectory synthesis (Andrychow-
icz et al., 2017; Lu et al., 2019), iv) selecting more
diverse data contributors (Stasaski et al., 2020), and
v) sampling trajectories from a diverse set of envi-
ronments (Chua et al., 2018; Janner et al., 2019).

Figure 1 illustrates the last idea, which has re-
ceived much attention recently (Chua et al., 2018;
Janner et al., 2019). This line of research diversi-
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No Diversification Full Diversification Quality-Controlled Diversifica. (I-SEE)
User: Hi! I would like to book hotel
Leverton House.
System: Leverton House is a cheap ho-
tel.
User: What is the post of Leverton
House?
System: Post of Leverton House is
cb58rs.
User: What is the type of the hotel?
System: It is a guesthouse.
User: Where is it located?
System: Leverton House is located at
732-734 new market road.
User: What is the hotel phone number?
System: You can call the hotel at
01223292094.
User: In which area of the city is this
hotel located?
System: There are many attractions in
the centre of the city. [irrelevant]
User: Ok, bye!
System: Goodbye!

User: Hi! I would like to book hotel
Leverton House.
System: Hotel Leverton House is lo-
cated on the east side of the city.
User: What is the post of the hotel?
System: The post of hotel Leverton
House is cb58rs.
...
System: ... Shall I go ahead and book it?
User: Ok! I am not sure about the du-
ration of stay or the number of people
staying.
System: Booking confirmed. Anything
else? [success]
User: I would also like to book a train
from Peterborough to Cambridge arriv-
ing this Sunday at 15:15.
System: Found a train arriving at 8:38.
[incorrect]

User: I want the one arriving at 15:15.
System: Found a train arriving at 6:09.
[incorrect]

User: Ok, Bye!
System: Have a good day!

User: Hi! I would like to book hotel
Leverton House.
System: Are you interested in booking
hotel Leverton House on the east side?
User: Where is it exactly located? What
is the post, phone and type of the hotel?
...
System: ... Would you like to go ahead
and book it?
User: Ok, Not sure on the duration of
stay or number of people as of now.
System: Booking confirmed.
[success]

User: I would also like to book a
train from Peterborough to Cambridge
arriving at 15:15 on Sunday.
System: Would you like to go ahead and
book tickets on TR7721? [correct]
User: Ok. Not sure on the number of
people.
System: One ticket booked. [success]
User: Great! Thanks!
System: Have a good day!

Failure: The system fails to answer the
area question from the user and it does
not book the hotel for the user.

Failure: Even though the system suc-
cessfully answers all questions from the
user and books the hotel, it fails to iden-
tify the correct train based on arrival
time and does not book the train ticket.

Success: Both hotel and train ticket have
been successfully booked satisfying all
constraints.

Table 1: Example Dialogues.

fies an agent’s learning experiences by letting the
agent interact with a diverse set of generative user
models learned from an expert simulator. The idea
involves little manual configuration and is often
developed as model-based DRL (MBDRL) (Sutton
and Barto, 1998). MBDRL methods alternate be-
tween learning an environment model and learning
a policy. For a task-oriented dialogue agent, the
environment model can be thought of a user model.
It is a dynamic model updated to fit the trajectories
the agent has collected so far; the policy then is
optimized to maximize the expected long-term re-
wards within the model. Diversification of the user
model is achieved by randomizing the parameter
initialization of neural networks to our advantage.
The agent, which is the policy learner, interacts
with an ensemble of randomized user models to
gain more diverse learning experiences.

However, one issue in this approach is that er-
rors in (user) model learning may quickly prop-
agate into policy learning. Table 1’s middle col-
umn demonstrates a result from uncontrolled use
of the diversified user models. In this example,
even though the system successfully answers all
questions from the user and books the hotel, the
agent recommends two erroneous trains that do not

satisfy the user’s constraints and fail to book the
ticket. This is because noise has been introduced
to the training dialogues and they deviate too much
from a legitimate conversation in real-life.

In this paper, we propose a novel dialogue diver-
sification method, Intermittent Short Extension En-
semble (I-SEE), for task-oriented dialogues agents
trained in simulators. First, I-SEE employs neural
networks to learn a generative user model by imitat-
ing the expert simulator (Torabi et al., 2018). Sec-
ond, it randomizes the parameter initialization of
the neural networks to generate more user models,
which are diversification from the original expert-
built simulator. These randomized user models
form an ensemble of diverse simulators, named
Diverse User Model Ensemble (DUME). Third,
during policy learning, the agent interacts with
multiple simulators to obtain diverse training tra-
jectories. Particularly, we propose to mix trajectory
segments sampled from the expert simulator and
trajectory segments sampled from the DUME. This
is to constrain the degree of noise introduced by
diversification and do not divert too far from the
expert simulator. Moreover, we propose to include
the DUME trajectories only moderately frequently
and for a short horizon.
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Figure 2: Conceptual illustration of I-SEE.

Figure 2 illustrates our idea conceptually. By
constraining the degree of diversification, I-SEE
effectively controls the training trajectories’ quality
while preserving their diversity. In Table 1’s last
(right) example, the I-SEE agent successfully takes
the booking task to a logical conclusion by cor-
rectly finding the TR7721 train, which satisfies the
user’s time constraints. We apply I-SEE to a few
best performing DRL dialogue methods and eval-
uate them on the Multiwoz (Budzianowski et al.,
2018) dataset. Results show that using DUME and
I-SEE in combination would significantly improve
the performance of these state-of-the-art systems.

2 Related Work

2.1 Task-Oriented Dialogue Systems

Popular approaches for task-oriented dialogue sys-
tems include Sequence-to-Sequence (Seq2Seq) re-
sponse generation (Vinyals and Le, 2015; Hosseini-
Asl et al., 2020), knowledge graph-driven ques-
tion answering (KG-QA) (Christmann et al., 2019;
Moon et al., 2019; Young et al., 2018; Madotto
et al., 2018, 2020), context-sensitive response re-
trieval (Aliannejadi et al., 2019; Yu et al., 2020;
Qu et al., 2020; Wang and Ai, 2021) and RL (Buck
et al., 2018; Peng et al., 2018; Tang and Yang, 2020;
Luo et al., 2014; Li et al., 2017; Su et al., 2018;
Peng et al., 2018).

Seq2Seq dialogue agents are generation meth-
ods. They use language models to capture the prob-
ability of one utterance given the previous, and
based on the learned models to generate new utter-
ances (Vinyals and Le, 2015; Hosseini-Asl et al.,
2020). These supervised methods take advantage
of deep neural networks and infer effective encoder-
and-decoders from large amount of sequential train-
ing data. Modeling the dialogue states (Campagna
et al., 2020) in the Seq2Seq architecture is a major
interest in this line of research.

KG-QA dialogue agents enable reasoning and
inference with pre-built knowledge graphs (KGs).
The KGs can be about commonsense or domain-
specific knowledge. A general KG can help a con-
versation more interesting and engaging (Moon

et al., 2019; Young et al., 2018); while a specific
KG can help accomplish the task more efficiently
(Madotto et al., 2018, 2020). Methods in this
category focus on scaling up the KGs (Madotto
et al., 2020) and hopping mulitple steps on the
KGs (Moon et al., 2019).

Retrieval-based dialogue agents leverage ma-
ture techniques in ad hoc retrieval and extend the
techniques from individual queries to a session of
them. Retrieval-based approaches do not rely on
simulators; instead, learning from historical data,
such as query logs, is still quite popular. This line
of research focuses on revealing a user’s mixed-
initiative information need via asking back-and-
force questions (Aliannejadi et al., 2019; Yu et al.,
2020; Qu et al., 2020; Wang and Ai, 2021). How-
ever, when task complexity goes beyond the user’s
capability, these approaches may face difficulty in
finding global solutions to the task goal.

RL-based dialogue agents can be grouped into
model-free and model-based methods. Model-Free
DRL (MFDRL) agents take a pre-built environmen-
t/simulator as it is and learn policies via direct inter-
actions with it (Li et al., 2017; Dhingra et al., 2017;
Li et al., 2017; Lipton et al., 2018; Su et al., 2018;
Wu et al., 2020). On the contrary, model-based
DRL (MBDRL) agents indirectly learn policies
from the environment. MBDRL has two concur-
rent learning modules, namely model learning and
policy learning. The model learning module can
be thought of an additional computational layer be-
tween the environment and the agent. This provides
opportunities to alter the original environment. MB-
DRL was originally proposed in robotics and con-
trol to speed up direct policy learning by inferring
decision rules from past interactions and embed-
ding them in the model. For dialogue agents, this
middle layer of model learning acts as derived sim-
ulators (or learned user models) from the original
expert simulator. Deep Dyna-Q (DDQ) (Peng et al.,
2018) is an MBDRL method built upon Dyna (Sut-
ton and Barto, 1998). D3Q (Su et al., 2018) em-
ploys generative adversarial networks (GAN) to
minimize the difference between trajectories gen-
erated from the learned models and that from the
original expert simulator, assuming that the expert
simulator is the gold standard. Likewise, ADC (Wu
et al., 2020) uses double critics to mitigate the im-
pact of poorly-generated trajectories to stabilize the
agent’s performance. Our method belongs to the
family of MBDRL, with a focus on diversification.
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2.2 Diversification in Dialogues

Increasing dialogue diversity is a long-lasting re-
search interest. Dialogue diversity can be improved
via enforcing diversity objective functions (such as
maximize mutual information) in neural models (Li
et al., 2016a; Baheti et al., 2018), perturbing lan-
guage rules (Niu and Bansal, 2019) or environment
parameters (Tobin et al., 2017; Ruiz et al., 2019),
randomizing trajectory synthesis (Andrychowicz
et al., 2017; Lu et al., 2019), selecting more di-
verse data contributors (Stasaski et al., 2020), and
sampling trajectories from a diverse set of envi-
ronments (Chua et al., 2018; Janner et al., 2019).
For instance, Campagna et al. augmented dialogue
data using domain-independent transition rules and
domain-specific ontology (Campagna et al., 2020).
Niu and Bansal synthesized more diverse dialogue
trajectories by choosing semantic-preserving lan-
guage perturbations via RL (Niu and Bansal, 2019).

2.3 Diversification in DRL

In model-free DRL, diversification can be achieved
by domain randomization (Tobin et al., 2017;
Ruiz et al., 2019) or hindsight experience re-
play (Andrychowicz et al., 2017; Lu et al., 2019),
without modeling the dynamics of the environment.

In model-based DRL, diversification is done by
altering the learned environment/user model; which
are the closest to our work. For instance, Chua
et al. proposed probabilistic ensemble trajectory
sampling (PETS) (Chua et al., 2018), which learns
an ensemble of environment models and uses them
for planning. The follow-up work (Janner et al.,
2019) extended PETS with policy learning. Like
us, Janner et al. concerned noise added by new
trajectories generated by the derived environments.
They proposed that the generation of new trajec-
tories from the derived models should start from
a beginning state shared with the original environ-
ment. These methods are mainly developed for
robotics and work in continuous action space.

In this paper, we propose to obtain mixed train-
ing trajectories by branching from the original tra-
jectory generated by the expert simulator and ex-
tending with new trajectories by the derived sim-
ulators. Different from (Janner et al., 2019), our
method is designed for dialogue agents’ discrete
action space. In our method, each training trajec-
tory has an overlap much larger than (Janner et al.,
2019) has with the expert trajectory. This allows us
to obtain smoother transition distributions to facil-

itate discrete action space better. In addition, our
method can parameterize the intensity to branch
out, so that the level of diversification can be con-
trolled and adjusted.

3 Problem Setup

Task-Oriented Dialogue is the interactive process
between a user and a dialogue agent, who work
together to accomplish a task. The process be-
gins with the user initiating the dialogue with a
task goal in mind. The task goal can have con-
straints and requests. Constraints are requirements
a system response must satisfy and requests are
for missing information the user needs to accom-
plish the task. E.g., a user wants to book tickets
of a movie to be played on weekends but does
not know the theater’s phone number. Here the
constraint is time = weekend and request is
phone number =?. The dialogue ends when both
parties say “good-bye” or the user abandons it.

Expert Simulator is the rule-based simulator
built by human experts. It is denoted as M0, which
describes how a typical user would choose proper
dialogue acts as the dialogue unfolds. The state
of the expert simulator is sut at time step t and
the action is aut selected from an action set Au,
which can be either making requests or imposing
constraints. M0 shows a mapping from sut to aut ,
describing patterns and behaviours for the human
users, and provides feedback to and converse with
the dialogue agent.

Diversified Simulator (or Diversified User
Model) Mφ∗ is a trainable user model that learns a
parametric mapping from sut to a′ut with parameter
φ∗. It mimics the behavior of the expert simulator
M0. With different parameter initialization, we can
create a set of diversified user models. This set
of diversified simulators is called Diversified User
Model Ensemble (DUME).

Dialogue Agent (DA) is the automatic response
generator, who is expected to search in the knowl-
edge base, reply the human users with relevant and
correct answers, and make transactions following
the user’s requests. We use sst , a

s
t to denote the

state and action of the dialogue agent at time step t.
The agent also receives a reward signal rt as imme-
diate feedback for its action ast . Its state transition
function P models the probability of its next state
given the current state and actions from both the
user and the DA: sst+1 = P (sst , a

s
t , a

u
t ). In the DRL

setting, the DA is the policy learner. It learns a pol-
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icy π from a set of dialogue trajectories {τ∗}. The
goal of the agent is to learn a policy that can max-
imize the expected cumulative rewards Eπ[

∑
t rt]

in a task-oriented dialogue.
Interaction Tuple T is the state-action-reward

tuple generated when the DA interacts with a simu-
lator or a real user. At the tth dialogue turn, the tth

interaction tuple is Tt = (sst , a
s
t , rt, s

u
t , a

u
t ).

Trajectory Segment τkj is a sequence of interac-
tion tuples when the DA interacts with a simulator
(M0 or Mφi) or a real user, starting from time step
j to k: τkj = [Tj ,Tj+1+1, ...,Tk], where Tt∈[j,k]
is the tth interaction tuple of the segment. Decided
by the state transition function P , latter interaction
tuples in τ depend on the earlier tuples. A base
trajectory segment τ0 is a trajectory that records
the interaction between the expert simulator M0

and the DA. A diversified trajectory segment τ ′
is a trajectory segment that records the interaction
between a diversified simulator Mφ∗ and the DA.
A full trajectory τ full0 =[T0...,TT ] starts from the
beginning of a dialogue, s.t., j = 0 and ends at T ,
where T is the entire dialogue’s length.

4 Proposed Work

Our method aims to provide high-quality diversi-
fied training trajectories for task-oriented dialogue
agents. We propose to (1) construct an ensemble
of diversified user models called DUME and (2)
intermittently branching out short trajectories from
the base trajectory using DUME and employ the
new trajectories in policy learning.

Figure 3 illustrates the proposed system architec-
ture. In our design, the dialogue agent can interact
with both the expert simulator and a diversified
simulator. Usually the agent starts with interacting
with the expert simulator since t = 0. At a branch-
ing step t = p, the agent switches to the diversified
simulator to interact with, until the trajectory ends
at t = T . The diversified simulator is obtained via
imitation learning (from the expert simulator) and
neural network initialization randomization. By
controlling how frequently the branching should
be performed and how long a diversified segment
should be used, we effectively reach a balance be-
tween training data diversity and quality.

4.1 Constructing Diversified User Model
Ensemble (DUME)

To enhance dialogue diversity, we propose to have
the agent interact with an ensemble of diverse user

Figure 3: System Architecture

models {Mφ∗}. We use neural networks with dif-
ferent initialization to learn diversified user models
from the expert simulatorM0, and form the DUME
using these learned models.

4.1.1 Learning a single user model
We propose to learn the user models from the ex-
pert simulator by behavior cloning (Torabi et al.,
2018). For a single user model, we aim to learn
a sequential decision-making function that maps
(su1 , s

u
2 , ..., s

u
t ...) to (au1 , a

u
2 , ..., a

u
t , ...). The train-

ing inputs are from the base trajectories τ0, which
includes a sequence of user state and user action
pairs 〈sut , aut 〉. The user state at the tth turn is

sut = (G,
t−1⋃

t′=1

ast′) (1)

where G is the user goal, which can include both
constraints and requests.

⋃t−1
t′=1 a

s
t′ is the history of

the dialogue agent’s actions. The user action aut is

aut = (aut,1, a
u
t,2, ..., a

u
t,|Au|) (2)

where aut,i are binary variables indicating whether
the ith dialogue act is active at dialogue turn t. Au

are the available dialogue acts for the user. The
ending of a dialogue is also a special dialogue act.

Here a single user action can contain multiple
dialogue acts. For instance, informing the destina-
tion and arrival time at the same dialogue turn when
booking a train ticket. It means the number of dia-
logue acts per user action would vary. To allow the
flexibility for modeling varied number of user acts,
we propose to break the training trajectory (which
is a sequence) τ0 into individual state-action pairs
and formulate the learning as choosing the right
dialogue acts at a given state, i.e. learning the map-
ping from sut to aut . The optimization is done by
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minimizing the loss function L(φ):

L(φ) = − 1

|Au|
1

T

T∑

t=1

|Au|∑

i=1

at,i logMφ(s
u
t )i+

(1− at,i) log(1−Mφ(s
u
t )i)

(3)

where φ is the model parameter vector, at,i is the
ground truth indicator of whether the ith dialog
act is taken at time step t, and Mφ(s

u
t )i estimates

the probability of the ith dialog act being chosen
by the user model given sut . The learning is per-
formed by a multi-layer perceptron neural network
parameterized by φ.

We are aware that the learning of the user mod-
els can be done using much more sophisticated
methods. E.g., we can use more advanced neu-
ral network architectures and/or incorporate more
information when defining the user states. How-
ever, these changes are not the main focus of this
paper. The proposed user modeling is sufficient
to support our investigation in exploiting them to
improve diversification.

4.1.2 Forming a Diverse Ensemble
We propose to build an ensemble of diversified user
models for better diversification. The ensemble,
DUME, contains a set of E number of user models
Mφ1 ,Mφ2 , ...,MφE . Each of them is trained with
behavior cloning as stated in Section 4.1.1. DUME
diversifies the user models by initializing the behav-
ior cloning with different seeds. Each user model
is trained using a separate neural network; these
neural networks share the same architecture but use
randomized, different initial parameters φj . Our
experiments (Section 5.4) show that the diversity
in DUME dramatically increases, as E increases.

4.2 Policy Learning with I-SEE

One would imagine that the more diversified trajec-
tories used in training, the more robust the policy
would be. An intuitive idea is to interact with the
diversified user models Mφ∗ from the beginning
to the end, without using M0 at all. DDQ (Peng
et al., 2018) indeed exploits this design. However,
a dialogue trajectory completely generated by Mφ∗
suffers from accumulation of generation errors be-
cause they may deviate too much from what a real
conversation looks like.

In this paper, we propose to learn from training
trajectories generated from mixed sources. Our
idea is to have controlled diversification during pol-
icy learning, where some of the learning is done

Algorithm 1: Trajectory Generation
Input :Simulator M ,

Dialogue agent policy π,
Initial user state su0 ,
Maximum trajectory length T

Output : Dialogue trajectory dataset D;
1 D = ∅;
2 Initialize the user state to su0 ;
3 for T time steps do
4 The user/simulator observes the state sut and

takes action aut =M i(sut );
5 The agent observes the state sst and takes action

ast = π(sst );
6 The agent receives reward rt;
7 Store the interaction tuple 〈sst , ast , rt, sut , aut 〉 in

D;
8 if the user/simulator decides to end the dialogue

in aut then
9 break;

10 end
11 end
12 return D

by learning from the original expert simulator and
some is done by learning from the diversified user
models in DUME. The ratio of the diversified por-
tion can be controlled as a hyper-parameter. The
following details our method.

4.2.1 Diversifying the Trajectories
During policy learning, the dialogue agent collects
training trajectories generated from the simulators,
to keep refining its policy based on gradient ascent.
Algorithm 1 details the trajectory generation pro-
cess. In order to sample a trajectory, the policy
learner, i.e. the dialogue agent, interacts with a
user model to obtain interaction tuples step by step
and store each individual tuple in a dataset D. To
obtain an individual interaction tuple, the simula-
tor needs to take an action based on its own user
model, and then the agent performs an action based
on the state and its current policy π. The agent re-
ceives rewards and the next state from the simulator.
The interaction tuple is stored and would be used
later to form a full trajectory. This process works
the same regardless the agent interacting with the
expert simulator or a diversified simulator.

In this work, we propose to diversify the agent’s
learning experiences by learning from trajectories
generated from mixed sources. First, we generate a
full base trajectory τ full0 =[T0...,TT ] from the ex-
pert simulator and store all its tuples. Second, we
pick a branching tuple Tp ∈ τ full0 at a branching
point p ∈ (0, T ). Third, from p onward, the trajec-
tory is generated with a diversified user modelMφ∗ ,
which would take an action a′up different from the
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Algorithm 2: Intermittent Short Extension
Ensemble (I-SEE)

Input :Simulator ensemble size E
Branching horizon H
Diversification ratio η

Output :Dialogue agent’s policy π
1 Initialize an ensemble of E user models;
2 Initialize the dialogue agent policy π;
3 while the dialogue agent’s policy does not converge

do
4 Dbase, Ddvs = ∅,∅ ;
5 for every episode do
6 Initialize the expert simulator M0;
7 Observe the initial user state su0 ;
8 Dbase =TrajectoryGeneration(U, π, su0 ,∞);

9 end
10 while |Ddvs| < η|Dbase| do
11 Sample a simulator Mφj from the ensemble;
12 Sample a state sut from Dbase as the start

state;

13
Ddvs = Ddvs

⋃
TrajectoryGeneration(Mφj , π, s

u
t , H);

14 end
15 Update the dialogue agent’s policy π with

Dbase
⋃
Ddvs ;

16 Update the simulator ensemble with Dbase using
Eq. 3;

17 end

expert action aup and the agent would also land in a
different state s′sp+1 = P (ssp, a

s
p, a
′u
p).

Such interaction with the diversified simulator
Mφ∗ continues with H steps, resulting a diversi-
fied trajectory segment. The diversified trajectory
segment τ ′p+Hp records the interaction between
Mφ∗ and the agent, extending the base trajectory
τ0 from a branching point p and running from p+1
onward. It is denoted as:

τ ′p+Hp = [Tp,T
′
p+1, ...,T

′
p+H ],

where p is the branching point and p > 0, and
H is τ ′p’s horizon. The first interaction tuple in
τ ′p is copied from the pth turn in τ0, i.e., T ′p =
Tp. The full trajectory with diversification is
thus τ fullp = [T0, ...,Tp,T ′p+1, ...,T

′
p+H ].

Our method generates parts of a dialogue with
the diversified simulator and the other parts using
the expert simulator. Each training trajectory thus
has overlaps with the expert trajectory, which ob-
tains smoother transition distributions to facilitate
the discrete action space that a dialogue agent has.

4.2.2 Intermittent, Short Extensions
Further, we control the quality of diversification
by using the DUME conservatively – only use the

DUME trajectories for a short horizon and intermit-
tently – to avoid accumulating generation errors.

Branching Horizon. The hyper-parameter H
is the branching horizon that controls how far a
trajectory is generated from DUME. The larger the
horizon H , the more diverse the resulting trajec-
tory. Setting H too small may cause the policy
to be myopic as actions take time to show effects;
whereas setting it too large may result in accumula-
tion of errors. Our experiments show that using a
moderately small H = 5 is preferable. An analysis
is reported in the experiment section.

Branching Intensity. Another factor that deter-
mines the degree of diversification is the intensity
of branchings. Instead of branching at every single
step, our method only intermittently forks a diversi-
fied trajectory uniformly. This is done by setting a
diversification ratio η between the times the agent
interacting with the expert simulator M0 and with
DUME. The diversification ratio η is calculated as:

η =
count(T ′i ,∀i ∈ Ddvs)

count(Tj , ∀j ∈ Dbase)
(4)

where T ′i is a diversified interaction tuple stored in
Ddvs and Tj is an interaction tuple stored in Dbase.
Dbase and Ddvs are collections of individual inter-
action tuples obtained as Lines 4-14 in Algo. 2. A
larger η means more diversified the agent’s learning
is. Algo. 2 shows the entire I-SEE algorithm.

5 Experiments

5.1 Experimental Setup

• Dataset. We evaluate the proposed approach on
the Multiwoz (Budzianowski et al., 2018) dataset.
Multiwoz is a large-scale benchmark dataset for
task-oriented dialogue systems. It has seven task
domains, including restaurant, hotel, attraction,
taxi, train, hospital and police. One dialogue may
involve multiple task domains, which is a good
resemblance of how people converse in real life.
Multiwoz provides 8,438 labelled dialogues, each
dialogue of which is annotated by experts with a
sequence of dialogue states and respective dialogue
acts. Table 2 shows the dataset statistics. The ex-
pert simulator in Multiwoz starts a conversation
and takes turns with a dialogue agent to dialogue.
The simulator may request information from the
agent or give the agent permission to do new book-
ings. At each turn, the simulator or the agent can
perform one or more dialogue acts. The agent is
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#Domains #Dialogues Total #Turns Avg #Turns per dialogue
7 8,438 113,556 13.46

#Slots #Values Total DB Entries Avg Entries per domain2

24 4,510 3,116 623

Table 2: Dataset Statistics (Multiwoz).

expected to 1) provide correct answers to requested
information and 2) complete the booking, if asked.
• Evaluation Metrics. Success is our main metric,
which is the success rate over all dialogue tasks
tested. A task is successful if and only if 1) all
the requested information is provided, and 2) all
the booked entities match the user’s requirements.
Inform F1 evaluates whether an agent provides the
information requested by the user. It is calculated
as F1 = 2Prec∗Recall

Prec+Recall , where Prec and Recall are
the precision and recall of the information replied
by the agent. Match evaluates whether the booked
entities satisfy the user’s requirement. It scores 1
if the correct entity is booked, otherwise 0. In the
case of multiple bookings, the scores are averaged
across all bookings. #Turns measures the number
of turns a dialogue last regardless of its success.
The less the turns, the better.
• Baselines. We compare the performance of a few
top-performing DRL dialogue agents on the Mul-
tiwoz dataset with three settings. The settings are
1) the algorithm without diversification, 2) with
full and uncontrolled diversification, and 3) with
I-SEE. These baseline systems include state-of-the-
art MFDRL and MBDRL methods and best per-
forming DRL agents on Multiwoz. DQN (Deep
Q-Network) (Mnih et al., 2015) is an off-policy
MFDRL method, which approximates the value
function of state-action pairs with a deep neural net-
work and learns the function using experience re-
play. PPO (Proximal Policy Optimization) (Schul-
man et al., 2017) is an on-policy MFDRL algo-
rithm, which optimizes a surrogate objective func-
tion which restricts the change of action distribu-
tions in a policy update. GDPL (Guided Dialogue
Policy Learning) (Takanobu et al., 2019) is the
best performer on Multiwoz. It uses inverse RL to
reconstruct reward function and optimizes its pol-
icy with PPO. DDQ (Deep Dyna-Q) (Peng et al.,
2018) is an MBDRL algorithm designed for task-
oriented dialogue agents. DDQ generates complete
trajectories from its environmental models, which
is equivalent to our setting of DQN+full diversi-
fication. MADPL (Multi-Agent Dialogue Policy

2Five out of seven domains require querying the database.

Learning) (Takanobu et al., 2020) is a multi-agent
MFDRL method that trains the system and the user
simulator simultaneously. It is also a leading per-
former on Multiwoz.
• Implementation Details We use Multiwoz’s
agenda-based simulator (Zhu et al., 2020) as the
expert simulator. The DUME and policy networks
and value networks in the baselines are learned
using three-layer multi-layer perceptrons (MLPs).
A learned user model has an input dimension of
230 and output of 67, with a hidden layer of 200
units. The DRL dialogue agents all use an the input
layer of 553 units. PPO’s policy network uses a
hidden layer of 200 units and output of 166. PPO’s
value network has a hidden layer of 50 and output
of 1. DQN also uses a hidden layer of 200 units
and output of 166. The I-SEE dialogue agent is
trained with a mix of expert simulator and diversi-
fied simulators as presented in the paper and tested
with only the expert simulator.

5.2 Effectiveness
Table 3 presents the experiment results. The pro-
posed method I-SEE outperforms the original al-
gorithms and the full diversification variants for
all baselines on the main metric, success, and the
number of turns. The best performance is given
by GDPL+I-SEE, with a success rate of 93.2 and
only 7.32 dialogue turns on average. Moreover, the
I-SEE variants perform the best on Inform F1 for
PPO and DQN, and on Match for PPO and GDPL.
The improvements are large. These results sug-
gest that diversification in general improves a DRL
dialogue agent’s effectiveness. However, full and
uncontrolled diversification may worsen the perfor-
mance; while a moderate level of diversification as
we propose is a better choice.

5.3 Analysis of I-SEE
To understand why I-SEE works, we investigate
the relationship between the degree of diversifica-
tion and the success rate. GDPL is selected as the
baseline system X . We study three I-SEE hyper-
parameters that are responsible for the degree of
diversification. They are the user model ensemble
size E, branching horizon H , and diversification
ratio η. As each of these parameters gets bigger,
the degree of diversification increases. We plot
the dialogue agent’s learning curves w.r.t the three
parameters in Figures 4a, 4b, and 4c, respectively.

We observe that a single optimum exists for each
hyper-parameter when they reach the best success
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Algorithm Success ↑ Impr. Inform F1 ↑ Impr. Match ↑ Impr. #Turns ↓ Impr.%

MADPL 70.1 76.26 90.98 8.96

PPO 77.9 86.45 78.90 9.785
PPO+Dvs. 69.0 (-8.9) 80.27 (–6.18) 70.55 (-8.35) 11.39 (-16.40%)

PPO+I-SEE 84.5 (+6.6, +15.5) 88.91 (+2.46, +8.64) 86.29 (+7.93, +15.74) 8.88 (+9.25%, +22.04%)
DQN 74.4 87.61 92.91 best 11.54
DQN+Dvs. (DDQ) 72.1 (-2.3) 84.26 (-3.35) 82.04 (-10.87) 11.78 (-2.08%)

DQN+I-SEE 85.2 (+10.8, +13.1) 90.18 (+2.57, +5.92) 92.59 (-0.32, +10.55) 9.83 (+14.82%, +16.55%)
GDPL 86.5 94.97 best 83.90 7.64
GDPL+Dvs. 72.8 (-13.7) 80.86 (-14.11) 81.10 (-2.80) 9.98 (-30.63)

GDPL+I-SEE 93.2 best (+6.7, +20.4) 91.83 (-3.14, +10.97) 92.76 (+8.86, +11.66) 7.32 best (+4.19%, +26.65%)

Table 3: Dialogue Effectiveness on Multiwoz. X+Dvs shows the improvement w.r.t. a baseline X. X+I-SEE reports
the improvements w.r.t. X and X+Dvs, respectively.

(a) Learning curves of different
ensemble size (E)

(b) Learning curves of different
diversification horizons (H)

(c) Learning curves of different
diversification ratios (η)

(d) Evaluating the Diversity of
DUME

Figure 4: Experiment Results on Multiwoz.

rate. As we increase the size of the ensemble with
E = 1, 3, 5, 7, 9, the degree of diversity increases.
Figure 4a shows that initially increasing the diver-
sity helps improve the performance; However, the
trend turns downwards after reaching the optimum
when E = 5. Figures 4b and 4c demonstrate sim-
ilar trends. In the end, the best combined I-SEE
setting is E = 5, H = 5, and η = 0.2. This ex-
periment suggest that diversification can only help
an agent’s learning to a certain extent; Too much
diversification beyond that may introduce too much
noise in the learning and hurt the agent’s perfor-
mance. Therefore, the degree of diversification
must be carefully chosen in practice.

5.4 Analysis of DUME

DUME is our collection of trainable diversified
user models. We calculate the average pairwise KL-
divergence for every two models Mφi and Mφj ∈
DUME to directly measure the degree of diversity
within DUME. Each user model is run on the same
stavte sequence {su1 , ..., sut ...} and outputs an ac-
tion sequence {a′u1 , ..., a′ut ...}. Since each a′ut may
contain multiple dialogue acts, we break down ev-
ery a′ut into individual dialogue acts and calculate
the distribution over the dialogue act set Au. The
mean µ and standard deviation σ of the KL diver-
gences are plotted in Figure 4d. We can see that

as DUME has bigger size, both µ and σ increase;
which means the differences between the DUME
simulators dramatically increase and they would
add much diversity into the agent’s learning.

6 Conclusion

This paper presents Intermittent Short Extension
Ensemble (I-SEE), a DRL diversification method
that successfully improves dialogue diversity and
policy robustness while maintaining high data qual-
ity. I-SEE uses an ensemble of trainable user mod-
els to achieve diversity and controls the diversifi-
cation quality by branching from original dialogue
trajectories only for a short horizon and intermit-
tently. Our experiments on Multiwoz show that
using I-SEE can significantly improve several best
state-of-the-art DRL dialogue agents.
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pages 4759–4770.

Bhuwan Dhingra, Lihong Li, Xiujun Li, Jianfeng Gao,
Yun-Nung Chen, Faisal Ahmed, and Li Deng. 2017.
Towards end-to-end reinforcement learning of dia-
logue agents for information access. In Proceed-
ings of the 55th Annual Meeting of the Association
for Computational Linguistics, ACL 2017, Vancou-
ver, Canada, July 30 - August 4, Volume 1: Long Pa-
pers, pages 484–495. Association for Computational
Linguistics.

Ehsan Hosseini-Asl, Bryan McCann, Chien-Sheng Wu,
Semih Yavuz, and Richard Socher. 2020. A sim-
ple language model for task-oriented dialogue. In
Advances in Neural Information Processing Systems
33: Annual Conference on Neural Information Pro-
cessing Systems 2020, NeurIPS 2020, December 6-
12, 2020, virtual.

Michael Janner, Justin Fu, Marvin Zhang, and Sergey
Levine. 2019. When to trust your model: Model-
based policy optimization. In Advances in Neural
Information Processing Systems 32: Annual Con-
ference on Neural Information Processing Systems
2019, NeurIPS 2019, December 8-14, 2019, Vancou-
ver, BC, Canada, pages 12498–12509.

Jiwei Li, Michel Galley, Chris Brockett, Jianfeng Gao,
and Bill Dolan. 2016a. A diversity-promoting ob-
jective function for neural conversation models. In
Proceedings of the 2016 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
pages 110–119, San Diego, California. Association
for Computational Linguistics.

Xiujun Li, Yun-Nung Chen, Lihong Li, Jianfeng Gao,
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Abstract

Filtering target-irrelevant information through
hierarchically refining hidden states has been
demonstrated to be effective for obtaining in-
formative representations. However, previous
work simply relies on locally normalized at-
tention without considering possible labels at
other time steps, the capacity for modeling
long-term dependency relations is thus limited.
In this paper, we propose to extend previous
work with globally normalized attention, e.g.,
structured attention, to leverage structural in-
formation for more effective representation re-
finement. We also propose two implementa-
tion tricks to accelerate CRF computation and
an initialization trick for Chinese character em-
beddings to further improve performance. We
provide extensive experimental results on vari-
ous datasets to show the effectiveness and effi-
ciency of our proposed method.

1 Introduction

Sequential labeling tasks, e.g., named entity recog-
nition (NER) and part-of-speech (POS) tagging,
play an important role in natural language process-
ing. Figure 1 shows two examples of sequential
labeling tasks. Early studies focused on introducing
rich features to improve performance. For exam-
ple, to handle out-of-vocabulary words by introduc-
ing morphological features, Lample et al. (2016)
and Ma and Hovy (2016) leveraged character-level
features, whereas Heinzerling and Strube (2019)
exploited subword-level features. Moreover, intro-
ducing long-term dependency features is also found
to be beneficial for sequential labeling. Jie and Lu
(2019) attempted to explicitly exploit dependency
relations with additional annotations, while Zhang
et al. (2018) and Chen et al. (2019) endeavored to
learn these relations implicitly with more complex
encoders.

∗This work was done when the first author was at NAIST.
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Figure 1: Examples of NER (top) and POS tagging
(bottom). For NER, “the Senate Finance Committee”
is a named entity of type ORG (organization). The
prefixes S-, I-, or E- indicate this word is located
at the beginning, intermediate, or ending of the current
named entity, while O signifies this word is outside any
named entity. In the case of POS tagging, each tag is a
part-of-speech category. For instance, NN represents a
singular noun and VBN is the past participle of a verb.

However, as Tishby and Zaslavsky (2015)
pointed out, features are not created equal, only the
target-relevant features are profitable for improv-
ing model performance. Recently, Cui and Zhang
(2019) proposed a hierarchically-refined label at-
tention network (LAN), which explicitly leverages
label embeddings and captures long-term label de-
pendency relations through multiple refinements
layers.

Individually picking up the most likely label at
each time step is undoubtedly critical, however,
considering the entire historical progress is also
indispensable. We find that the locally normalized
attention, which Cui and Zhang (2019) used to
leverage information from label embeddings, can
eventually hurt performance. Since it only consid-
ers the current time step but ignores labels at other
time steps, thus we presume its ability to capture
long-term dependency relations is limited.

On the other hand, Kim et al. (2017) incorpo-
rated neural networks with probabilistic graphical
models to obtain structural distributions as an alter-
native to conventional attention mechanisms. Their
method relies on attending to cliques of linear-
chain conditional random fields (CRF). These in-

1873



The chairman of the Senate Finance Committee

Emb Emb Emb Emb Emb Emb Emb

Bi-LSTM

CRF

O O O B-ORG I-ORG I-ORG E-ORG

Bi-LSTM

CRF

Refine Refine Refine Refine Refine Refine Refine

x L

Figure 2: The architecture of the proposed model. The dotted lines mean these components are shared across
layers.

ferred inner structures, i.e., represented as the
marginal probabilities, are not the targets of their
tasks but only serve as the latent variables, thus
they do not impose direct supervision on these at-
tention weights. In contrast, since we consider to
repeatedly refine these inferred structures to obtain
the final outputs, we compute structural attention
over these target labels instead, without introducing
unobserved variables.

In this paper, we propose a novel structured re-
finement mechanism by combining representation
refinement and structured attention. Following and
extending Cui and Zhang (2019), we hierarchically
refine hidden representations with global normal-
ized structured attention, i.e., the marginal probabil-
ity of CRF. Besides, to impose direct supervision
on the target structures, we share the label em-
beddings and the transition matrix of CRF across
layers. Our method can be considered as iteratively
re-constructing hidden representations with only
label embeddings, and thus it is capable of filtering
target-irrelevant information out.

Besides, we propose a character embedding ini-
tialization trick to enhance performance on Chinese
datasets and two CRF implementation tricks to ac-
celerate computation.

Our contributions are considered as four-folds,
(a) we propose a novel structured refinement net-
work by combing representation refinement and

structured attention for sequential labeling tasks,
(b) we propose an initialization trick for Chinese
character embeddings, (c) we propose two imple-
mentation tricks to accelerate CRF training and de-
coding, (d) and we prove the effectiveness and effi-
ciency of our model through extensive experiments
for NER and POS tagging on various datasets.

2 Baseline

Formally speaking, given a token sequence
{xt}nt=1, the aim of sequential labeling tasks is
to find the most probable label sequence {yt}nt=1.

2.1 Label Attention Network

Label attention network (Cui and Zhang, 2019)
consists of an embedding layer followed by several
encoding and refinement layers alternatively. The
decoding layer is a bidirectional LSTM followed
by a refinement layer.

Embedding Layer Cui and Zhang (2019) em-
ployed the concatenation of word and character-
based word representations as the token represen-
tations xt = [wt, ct], they convert words to word
embeddings wt ∈ Rdw and use a character-level
bidirectional LSTM to build character-based word
embeddings ct ∈ Rdc .
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Encoding Layer They utilized an independent
bidirectional LSTM for each layer l as follows,

{h(l)
t }nt=1 = LSTM(l) ({h̃(l−1)

t }nt=1) (1)

where h̃
(l−1)
t is the refined representation from the

last refinement layer. Specially, hidden vector h̃
(0)
t

is the token representation xt. After this, they
employ a refinement layer, which is called “label-
attention inference sublayer” in the original paper,
to refine hidden states. They make use of attention
mechanism (Vaswani et al., 2017) to produce the
attention matrix α(l)

t,j as in Equation 2, and further

calculate the label-aware hidden states ĥ
(l)

t ∈ Rdh ,
which jointly encode information from the token
representation subspace and the label representa-
tion subspace.

α
(l)
t,j = softmax

j∈{1,...,m}

(
(Q(l)h

(l)
t )>(K(l)vyj )√

dh

)
(2)

ĥ
(l)

t =

m∑

j=1

α
(l)
t,j · (V(l)vyj ) (3)

Where Q(l),K(l),V(l) ∈ Rdh×dh are all param-
eters, and vyj ∈ Rdh is the embedding of label
yj ∈ Y . In practice, they use multiple heads to
capture representations from multiple aspects in
parallel. After that, they concatenate the hidden

state h(l)
t and the label-aware hidden state ĥ

(l)

t as

the refined representation h̃
(l)
t ∈ R2dh , and feed it

into the next encoding layer.

h̃
(l)
t = [h

(l)
t , ĥ

(l)

t ] (4)

Decoding Layer Similar to the encoding layer,
the decoding layer contains a bidirectional LSTM
and a refinement layer, but at this layer, the atten-
tion matrix α(L+1)

t,j only servers as the label proba-
bility distribution to predict the most probable label
sequence.

p (y | h) =
n∏

t=1

α
(L+1)
t,yt (5)

3 Proposed Method

3.1 Structured Refinement
A notable highlight of the model of Cui and Zhang
(2019) is that it is not equipped with the commonly
used CRFs (Lample et al., 2016; Ma and Hovy,

2016), however, it still can achieve remarkable per-
formance. And just because of abandoning the
computationally expensive CRFs, their model ob-
tains a significant acceleration on both training and
decoding stages. However, we find that the time
step independent attention, i.e., the softmax oper-
ation in Equation 2, only considers these labels at
the current time step and ignores all the possible
label combinations at other time steps, thus the per-
formance is eventually degraded since the ability
of capturing long-term dependency relation is local
and limited. We thus bring CRF back and use the
marginal probability to construct refined represen-
tations. We claim replacing the attention matrix
α
(l)
t,j with the globally normalized marginal proba-

bility can capture long-term dependency relations
more effectively.

The potential function of CRF is defined as,

φ (yt−1, yt,h
(l)
t ) = Ayt−1,yt + h

(l)>
t vyt (6)

where A ∈ R|Y|×|Y| is the transition matrix,
Ayt−1,yt denotes the transition score from label
yt−1 to label yt, and vyt is the embedding of la-
bel yt. The conditional probability of a specified
label sequence y can be described as

p (y | h(l)) =
1

Z (h(l))
exp

n∑

t=1

φ (yt−1, yt,h
(l)
t )

(7)

Z (h(l)) =
∑

y′∈Yn
exp

n∑

t=1

φ (y′t−1, y
′
t,h

(l)
t ) (8)

where Z (h(l)) is the global normalization term,
commonly known as the partition function. Fur-
thermore, the marginal probability is defined as
follow.

µt (yj ,h
(l)) =

∑

y′:Y ′t=yj

p (y′ | h(l)) (9)

Marginal probability stands for the sum of the
probabilities of all possible label sequences that
emit label yj at time step t. Calculating marginal
probability requires enumerating all possible struc-
tures, and it thus can be called globally normalized
probability or structured attention.

We replace the locally normalized attention α(l)
t,j

in Equation 3 with our globally normalized one,
i.e., µt (yj ,h

(l)). Furthermore, we employ residual
connection (He et al., 2016) and layer normaliza-
tion (Ba et al., 2016), instead of concatenation, to
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construct the refined representation h̃
(l)
t ∈ Rdh ,

ĥ
(l)

t =
m∑

j=1

µt (yj ,h
(l)) · (V(l)vyj ) (10)

h̃
(l)
t = LayerNorm

(
h
(l)
t +max (0, ĥ

(l)

t )
)

(11)

where V(l) ∈ Rdh×dh is a matrix parameter. The
obtained refined representation h̃

(l)
t is then fed into

the next layer.

3.2 Computing Marginal probability
Conventional method to compute the marginal
probability µt (yj ,h

(l)) requires running the
forward-backward algorithm. Fortunately, as Eis-
ner (2016) indicates, merely computing the log-
partition function, logZ (h(l)), and differentiating
it with an automatic differentiation library yields
equivalent marginal probability efficiently. Thus,
we use the torch.autograd.grad function
of PyTorch to compute the marginal probability
as follow.

µt (yj ,h
(l)) =

∂ logZ (h(l))

∂ (h
(l)>
t yj)

(12)

3.3 Training and Decoding
We train our model by maximizing the log-
likelihood with the back-propagation algorithm.
The objective function is defined as follow,

L = − log p (y | h(L+1)) (13)

We apply the Viterbi algorithm (Forney, 1973)
to efficiently search for the most probable label
sequences on the decoding stage.

ŷ = argmax
y′∈Yn

p (y′ | h(L+1)) (14)

3.4 Complexity and Implementation Tricks
One concern regarding our proposed method is its
computational complexity, as it requires to com-
pute not only the partition function but also the
marginal probability. Calculating the partition func-
tion, as in Equation 8, is the well-known bottle-
neck of CRF computation. And this is commonly
achieved through reducing potential matrices by
applying matrix multiplications. Similar to Rush
(2020), we make use of the associative property
of matrix multiplication to accelerate computation.
The product of multiplying matrices A, B, C, and
D is equivalent to the product of AB and CD.

Leveraging the power of GPU to compute AB
and CD in parallel, and recursively applying this
trick, we can reduce the time complexity of obtain-
ing the partition function from O (

∑|B|
i=1 |x|i) to

O (
∑|B|

i=1 log |x|i), where |x|i is the length of i-th
sentence in batch B. Moreover, instead of padding
the sequence length |xi| out to the nearest power
of two as Rush (2020) does, we pre-compile argu-
ment indices of the matrix multiplication to handle
the variant sentence length issue in a batch. Our
method can effectively avoid out-of-memory error
since we don’t waste memory for paddings. This
pre-compiling trick can further reduce the time
complexity to O (maxi log |x|i). We release our
CRF implementation with these two tricks as an
independent library1 for future study and use.

3.5 Character Embeddings Initialization
We describe a trick for Chinese character embed-
dings initialization. The most striking difference
between Chinese and English is that the minimal
semantic units, i.e., sememes, of Chinese are char-
acters instead of words or subwords. The character
vocabulary size of Chinese, e.g., around 2,000 on
the OntoNote 5.0 dataset, is markedly larger than
English, e.g., around 100 on the OntoNotes 5.0 En-
glish dataset. Existing models (Zhang and Yang,
2018; Li et al., 2020a) generally focused on intro-
ducing additional pre-trained character embeddings
on the top of lexicon embeddings, and attempted
to selectively leverage information from both of
them according to the different word segmentation
schemes. However, we notice that most of these
characters already exist in the word vocabulary
as single-character words, thus we employ a ran-
domly initialized orthogonal matrix2 to project the
pre-trained word embeddings into the same dimen-
sion as the character embeddings, and use these
projected embeddings for initialization.

4 Experiments

4.1 Datasets
We conduct experiments on the CoNLL 2003
(Tjong Kim Sang and De Meulder, 2003) and the
OntoNotes 5.0 (Weischedel et al., 2013) datasets
for English NER, and on the OntoNotes 5.0 and
the OntoNotes 4.0 datasets for Chinese NER exper-
iments. We also conduct experiments on the Wall

1https://github.com/speedcell4/
torchlatent

2torch.nn.init.orthogonal
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Task Dataset Language Sentences |Y|

NER

OntoNotes 5.0 English 59,924 / 8,528 / 8,262 73
CoNLL 2003 English 14,987 / 3,466 / 3,684 17
OntoNotes 5.0 Chinese 36,487 / 6,083 / 4,472 73
OntoNotes 4.0 Chinese 15,724 / 4,301 / 4,346 17

POS WSJ English 38,219 / 5,527 / 5,462 45
UD 2.2 English 12,544 / 2,003 / 2,078 50

Table 1: Dataset statistics, where the “Sentences” col-
umn displays the number of sentences in train/dev/test
split respectively, the |Y| column displays the number
of target label types. For NER datasets, we count types
with the IOBES labeling scheme.

Street Journal (WSJ) dataset (Marcus et al., 1993)
and the Universal Dependencies (UD) v2.2 English
dataset for POS tagging experiments.

The only data pre-processing that we have per-
formed is replacing digital tokens with a special
token. And we convert labels to the IOBES label-
ing scheme (Ramshaw and Marcus, 1995; Ratinov
and Roth, 2009) on NER datasets. The dataset
statistics are provided in Table 1.

4.2 Hyper-parameter Settings

Following Cui and Zhang (2019) and Jie and Lu
(2019), 100-dimensional Glove (Pennington et al.,
2014) word embeddings are utilized for all the En-
glish experiments, and 300-dimensional FastText
(Mikolov et al., 2018) word embeddings are em-
ployed for Chinese experiments. The dimension of
character embeddings is 30, and the hidden states
dimension dc of the character bidirectional LSTM
is 100, i.e., 50 in each direction. We apply dropout
(Srivastava et al., 2014) on token representations
with a rate of 0.5.

For encoding and refinement layers, the dimen-
sion of the hidden state dh of bidirectional LSTMs
is 600, i.e., 300 in each direction. We apply dropout
on hidden states h(l)

t with a rate of 0.5 before feed-
ing into refinement layers. The number of refine-
ment layers L is just 1.

We optimize our model by applying stochastic
gradient descent (SGD) with decaying learning rate
ητ = η0/(1 + 0.075 · τ), where τ is the index of
the current epoch, and the initial learning rate η0
for Chinese experiments without contextual word
representations is 0.05, and for all the other experi-
ments we use 0.1. The weight decay rate is 10−8,
the momentum is 0.15, the batch size is 10, the
number of epochs is 100, and gradients exceed 5
will be clipped.

In addition, since the pre-trained contextualized

word embeddings technique is widely accepted as
a new fundamental utility of natural language pro-
cessing, we also conduct experiments with ELMo
(Peters et al., 2018) and BERT (Devlin et al.,
2019). In these settings, tokens are represented
as xt = [wt, ct, et], where et is the contextual
word representation.

ELMo vectors are obtained by averaging output
vectors over all layers of ELMo. For English ex-
periments, we use the original checkpoint, and
use the checkpoints provided by Che et al. (2018)
for Chinese experiments.

BERT representations are the averages all BERT
subword embeddings in the last four layers.
Following Li et al. (2020b) and Li et al.
(2020a), we utilize bert-large-cased and
hfl/chinese-bert-wwm checkpoints for En-
glish and Chinese experiments respectively.

4.3 Evaluation
NER experiments are evaluated by using F1 scores,
and POS tagging experiments are evaluated with
accuracy scores. All of our experiments were run
4 times with different random seeds, and the aver-
aged scores are reported in the following tables.

Our models3 are implemented with deep learn-
ing framework PyTorch (Paszke et al., 2019) and
we ran experiments on GeForce GTX 1080Ti
with 11 GB memory.

4.4 Experimental Results
4.4.1 Named Entity Recognition
Table 2 compares the performance of our proposed
method and baselines on the OntoNotes 5.0 En-
glish dataset. Our model significantly outperforms
Cui and Zhang (2019) and Jie and Lu (2019) by
0.49 and 0.13 F1 scores respectively. These results
demonstrate that our model can filter irrelevant in-
formation more effectively than Cui and Zhang
(2019). Notably, the model of Jie and Lu (2019)
relies on external dependency annotations, whereas
our model requires no external knowledge4. In the
case of employing ELMo, our model outperforms
Jie and Lu (2019) by 0.11 F1 score.

On the CoNLL 2003 English dataset, our model
performs worse than these baseline models, but,
with ELMo, it outperforms Jie and Lu (2019) and

3https://github.com/speedcell4/refiner
4In this paper, we use “external knowledge” to denote

any additional resources other than word embeddings and
contextual word representations.

1877



Model EK P R F1

Chiu and Nichols (2016) X 86.04 86.53 86.28
Strubell et al. (2017) - - - 86.84
Li et al. (2017) X 88.00 86.50 87.21
Ghaddar and Langlais (2018) - - - 87.95
Fisher and Vlachos (2019) - - - 87.59
Cui and Zhang (2019) - - - 88.16
Yan et al. (2019) - - - 88.43
Jie and Lu (2019) X 88.53 88.50 88.52
Our Method - 88.71 88.60 88.65

Yan et al. (2019) [E] - - - 89.78
Jie and Lu (2019) [E] X 89.59 90.17 89.88
Our Method [E] - 89.51 90.48 89.99

Devlin et al. (2019) [B] - 90.01 88.35 89.16
Fisher and Vlachos (2019) [B] - - - 89.71
Li et al. (2020b) [B] - 92.98 89.95 91.11
Yu et al. (2020)[B] - 91.1 91.5 91.3
Our Method [B] - 90.00 91.17 90.93

Table 2: Experimental results on the OntoNotes 5.0 En-
glish dataset. Checkmark X in the “EK” column indi-
cates that external knowledge is utilized in that model.
[E] and [B] stands for ELMo and BERT respectively.
Bold and underlined numbers indicate the best and the
second-best results respectively.

Model EK P R F1

Huang et al. (2015) X - - 88.83
Lample et al. (2016) - - - 90.94
Ma and Hovy (2016) - - - 91.21
Zhang et al. (2018) - - - 91.57
Chiu and Nichols (2016) X - - 91.62
Liu et al. (2019a) - - - 91.80
Yan et al. (2019) - - - 91.33
Liu et al. (2019b) X - - 91.96
Our Method - 90.70 90.81 90.76

Jie and Lu (2019) [E] X - - 92.40
Yan et al. (2019)[E] - - - 92.62
Our Method [E] - 92.60 93.19 92.89

Devlin et al. (2019) [B] - - - 92.8
Li et al. (2020b) [B] - 92.33 94.61 93.04
Yu et al. (2020) [B] - 93.7 93.3 93.5
Our Method [B] - 92.66 92.98 93.23

Table 3: Experimental results on the CoNLL 2003 En-
glish dataset.

Yan et al. (2019) by 0.49 and 0.27 F1 score. Our
hypothesis is that the CoNLL 2003 dataset contains
much fewer examples and entity categories, thus
the label dependency relations are not as important
as on the OntoNotes 5.0 English dataset, thus our
method could bring about limited improvement.

A similar phenomenon can be noticed on the
OntoNotes 4.0 Chinese dataset, as in Table 4, our
model is inferior to Li et al. (2020a), but on the
contextual word representations experiment setting,

our model significantly outperforms them by 1.41
F1 score with BERT. Moreover, on the OntoNotes
5.0 Chinese dataset, our model constantly outper-
forms the best previous work (Jie and Lu, 2019) by
0.65 F1 score without utilizing external knowledge.

Besides, we can notice initializing character
embeddings with our trick remarkably improves
model performance by 0.76 F1 score on the
OntoNotes 4.0 Chinese dataset, even this improve-
ment reduces to only 0.00 and 0.20 F1 scores
on ELMo and BERT experiments. We hypothe-
size that contextual word representation already
provides rich enough morphological information,
thus careful character embeddings initialization can
only bring little benefit. On the OntoNotes 5.0 Chi-

Model EK P R F1

Zhang and Yang (2018) X 76.35 71.56 73.88
Mengge et al. (2019) X 76.78 72.54 74.60
Gui et al. (2019a) X 76.40 72.60 74.45
Gui et al. (2019b) X 76.13 73.68 74.89
Yan et al. (2019) X - - 72.43
Li et al. (2020a) X - - 76.45
Our Method - 75.28 72.39 73.80
Our Method (init) - 75.49 73.69 74.56

Our Method [E] - 80.21 78.50 79.34
Our Method (init) [E] - 79.75 78.94 79.34

Devlin et al. (2019) [B] - 78.01 80.35 79.16
Zhang and Yang (2018) [B] X 79.79 79.41 79.60
Gui et al. (2019a) [B] X 79.41 80.32 79.86
Mengge et al. (2019) [B] X 79.62 81.82 80.60
Li et al. (2020a) [B] X - - 81.82
Li et al. (2020b) [B] - 82.98 81.25 82.11
Our Method [B] - 81.80 84.31 83.03
Our Method (init) [B] - 81.73 84.79 83.23

Table 4: Experimental results on the OntoNotes 4.0
Chinese dataset. “init” stands for utilizing projected
FastText embeddings to initialize the character embed-
dings.

Model EK P R F1

Pradhan et al. (2013) - 78.20 66.45 71.85
Zhang and Yang (2018) X 76.34 77.01 76.67
Jie and Lu (2019) X 77.40 77.41 77.40
Our Method - 77.09 77.50 77.29
Our Method (init) - 77.99 78.11 78.05

Jie and Lu (2019) [E] X 78.86 81.00 79.92
Our Method [E] - 79.75 79.83 79.78
Our Method (init) [E] - 79.49 80.32 79.92

Our Method [B] - 79.61 82.47 81.01
Our Method (init) [B] - 79.66 82.45 81.03

Table 5: Experimental results on the OntoNotes 5.0
Chinese dataset.
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Model EK WSJ UD v2.2

Huang et al. (2015) X 97.55 -
Ma and Hovy (2016) - 97.55 -
Zhang et al. (2018) - 97.55 -
Yasunaga et al. (2018) - 97.58 95.41
Xin et al. (2018) - 97.58 -
Cui and Zhang (2019) - 97.58 95.59
Our Method - 97.64 95.62

Our Method [E] - 97.83 96.86

Our Method [B] - 97.85 97.15

Table 6: Experimental results on the WSJ and the UD
v2.2 datasets.

nese dataset, the performance improvements are
0.76, 0.16, and 0.02 F1 scores, respectively.

4.4.2 Part-of-speech Tagging
Table 6 shows the experimental results on the Wall
Street Journal English and the Universal Dependen-
cies v2.2 English dataset respectively. Although
Cui and Zhang (2019) claimed that the simple
Markov label transition model of CRF can barely
bring information gain over bidirectional LSTM,
we observe 0.06 and 0.03 gain in accuracy scores.
Besides, our model achieves 97.83 and 96.86 accu-
racy scores with ELMo, and further improves the
performance to 97.85 and 97.15 accuracy scores
with BERT.

4.5 Discussion
Influence of Weight Tying The major difference
between our method and Kim et al. (2017) is that
we use only observed labels, while they employ un-
observed labels as latent variables. In the actual im-
plementation, this difference is reflected in whether
to share label embeddings and the transition matrix
of CRF across layers. Intuitively, completely rely-
ing on unobserved variables would implicitly per-
forming clustering on latent representation space,
and it might introduce noise. Besides, the state
transitions in a different layer may obey different
dynamics. Thus sharing the transition matrix across
layers might have an impact on performance.

We conducted experiments on the OntoNotes
5.0 English dataset to compare the performance
of all the above-mentioned settings, as reported
in Table 7. Notably, our model, with both the la-
bel embeddings {vyj}mj=1 and the transition matrix
A shared, surpasses all separated models. These
results support our claim that tying the weights
of embeddings and the label transition matrix can

{yj}mj=1 |Y| A |θ| F1

separated 10 separated 8,212,505 88.51
separated 20 separated 8,218,825 88.55
separated 50 separated 8,238,985 88.62
separated 73 separated 8,255,660 88.48
separated 100 separated 8,276,585 88.58

shared 73 separated 8,211,860 88.41
shared 73 shared 8,206,385 88.65

Table 7: Influence of weight tying, where {yj}mj=1

stands for whether share label embeddings across lay-
ers, |Y| denotes the number of labels, A is the CRF
transition matrix in Equation 6, and |θ| is the number
of parameters.

indeed leverage annotation information and thus
is better than completely relying on unobserved
variables. Besides, we did not notice significant
performance changes when varying the number of
labels |Y|. Furthermore, the number of parame-
ters of our shared model is, in fact, the smallest
one, even compared to LAN (about 10.0 million
parameters).

Influence of the Connection Mechanism A mi-
nor difference between our method and Cui and
Zhang (2019) is that we utilize residual connection
(He et al., 2016) and layer normalization (Xu et al.,
2019), as in Equation 11, while Cui and Zhang
(2019) only use concatenation, as in Equation 4.
Table 8 shows the comparison on the OntoNotes
5.0 English dataset, measuring the influence of
these two connection mechanisms. We find that the
residual connection works better than the concate-
nation connection, that might because the residual
connection can make training more smoothly by
preventing the chaotic loss surface (Li et al., 2018).

Connection F1

Concatenation 88.54
Residual 88.65

Table 8: Influence of the connection mechanism.

Influence of Parameter Size As in Table 9, we
did not observe performance increase along with
the increasing of the number of refinement layers.
Therefore, we claim that one refinement layer is
enough for our model, while Cui and Zhang (2019)
needs two refinement layers. Our hypothesis is that
the long-term dependency modeling capacity of the
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L dh |θ| F1

1
400 6,227,985 88.28
600 8,206,385 88.65
800 10,904,785 88.64

2
400 7,352,385 88.51
600 10,732,985 88.36
800 15,393,585 88.49

Table 9: Influence of parameter size, where L is the
number of refinement layers, dh is the hidden state di-
mension of the bidirectional LSTM, and |θ| represents
the number of parameters.

first-order CRF is relatively limited, and we remain
the use of the higher-order CRF as future work.

Training and Decoding Speeds We report the
training and decoding speeds on the OntoNotes 5.0
English dataset. We demonstrate the efficiency of
our CRF implementation tricks by comparing it
with a widely used library, pytorch-crf5. Ac-
cording to Table 10, our CRF implementation tricks
remarkably accelerate both training and decod-
ing. In particular, with our CRF implementation,
our computation extensive model even achieves
a greater training speed than BiLSTM-CRF with
pytorch-crf. Therefore, we claim that the effi-
ciency of our model is acceptable.

Model CRF Training Decoding

BiLSTM-CRF pytorch-crf 82.25 480.08
ours 205.96 850.08

Our Model pytorch-crf 45.06 219.48
ours 93.04 296.91

Table 10: Training and decoding speeds on the
OntoNotes 5.0 English dataset. The “training” and “de-
coding” columns indicate the numbers of sentences our
model can process per second on average.

5 Related Work

Early-stage research of NER and POS tagging fo-
cused on introducing rich features, for example,
Yang et al. (2016) conducted experiments on the
influence of discrete manual features, Chiu and
Nichols (2016); Ma and Hovy (2016) introduced
morphological features by employing a convolution
network to encode character-level features, while
Lample et al. (2016) chose bidirectional LSTM.

5https://github.com/kmkurn/pytorch-crf

Some other research aimed at leveraging syn-
tactic information, Li et al. (2017) and Jie and
Lu (2019) proposed to run external parsers first
and directly encode this syntactic information.
Other work attempted to infer dependency relations
among words implicitly, such that, Strubell et al.
(2017) introduced iterative dilated convolution net-
works as an alternative to BiLSTM, and Zhang et al.
(2018) and Liu et al. (2019b) designed encoders
which maintain and update global representations
along with local token representations.

Recently, Li et al. (2020b) unified flat and nested
NER by formulating them as a machine reading
comprehension task. Yu et al. (2020) proposed
to enumerate all possible spans and to utilize a
biaffine classifier to assign category labels to them.

Besides, the widespread use of contextual word
representations, e.g., ELMo (Peters et al., 2018),
Flair (Akbik et al., 2018), and BERT (Devlin et al.,
2019), greatly improves the performance of NER
models and they are accepted as new fundamental
techniques of natural language processing.

Intuitively speaking, the refinement mechanism
provides the models with additional chances to
revise previous decisions. In existing work, this
method was successfully applied to various tasks,
e.g., text classification (Yu et al., 2017), sequential
labeling (Cui and Zhang, 2019; Lyu et al., 2019),
machine translation (Lee et al., 2018), and question
answering (Nema et al., 2019). Our work is not
the first attempt of introducing refinement mecha-
nism to sequential labeling tasks. Cui and Zhang
(2019) relied on locally normalized attention to
softly refine hidden representations layer by layer,
while Liu et al. (2019a) chose to discretely filter out
target-irrelevant semantic aspects and thus could
be considered as a hard refinement mechanism.

6 Conclusion

Motivated by the structured attention, we enhanced
the previous refinement mechanism by replacing
the locally normalized attention with our glob-
ally normalized attention. Experimental results on
various tasks and datasets demonstrate that struc-
tured refinement is capable of filtering out target-
irrelevant information through capturing long-term
dependency relations. Besides, we remarkably ac-
celerated training and decoding through two im-
plementation tricks for CRF, and obtained further
model performance improvement with an initializa-
tion trick for Chinese character embeddings. We
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remain to employ the higher-order CRF as future
work.

Acknowledgements

This work was partly supported by JST CREST
Grant Number JPMJCR1513. The authors would
like to thank the anonymous reviewers for their
instructive comments.

References
Alan Akbik, Duncan Blythe, and Roland Vollgraf.

2018. Contextual string embeddings for sequence
labeling. In Proceedings of the 27th International
Conference on Computational Linguistics, pages
1638–1649, Santa Fe, New Mexico, USA. Associ-
ation for Computational Linguistics.

Jimmy Lei Ba, Jamie Ryan Kiros, and Geoffrey E Hin-
ton. 2016. Layer normalization. arXiv preprint
arXiv:1607.06450.

Wanxiang Che, Yijia Liu, Yuxuan Wang, Bo Zheng,
and Ting Liu. 2018. Towards better UD parsing:
Deep contextualized word embeddings, ensemble,
and treebank concatenation. In Proceedings of the
CoNLL 2018 Shared Task: Multilingual Parsing
from Raw Text to Universal Dependencies, pages
55–64, Brussels, Belgium. Association for Compu-
tational Linguistics.

Hui Chen, Zijia Lin, Guiguang Ding, Jianguang Lou,
Yusen Zhang, and Borje Karlsson. 2019. GRN:
Gated relation network to enhance convolutional
neural network for named entity recognition. In Pro-
ceedings of the AAAI Conference on Artificial Intel-
ligence, volume 33, pages 6236–6243.

Jason P.C. Chiu and Eric Nichols. 2016. Named entity
recognition with bidirectional LSTM-CNNs. Trans-
actions of the Association for Computational Lin-
guistics, 4:357–370.

Leyang Cui and Yue Zhang. 2019. Hierarchically-
refined label attention network for sequence labeling.
In Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 4115–
4128, Hong Kong, China. Association for Computa-
tional Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 4171–4186, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

Jason Eisner. 2016. Inside-outside and forward-
backward algorithms are just backprop (tutorial pa-
per). In Proceedings of the Workshop on Structured
Prediction for NLP, pages 1–17, Austin, TX. Asso-
ciation for Computational Linguistics.

Joseph Fisher and Andreas Vlachos. 2019. Merge and
label: A novel neural network architecture for nested
NER. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguis-
tics, pages 5840–5850, Florence, Italy. Association
for Computational Linguistics.

G David Forney. 1973. The viterbi algorithm. Proceed-
ings of the IEEE, 61(3):268–278.

Abbas Ghaddar and Phillippe Langlais. 2018. Robust
lexical features for improved neural network named-
entity recognition. In Proceedings of the 27th Inter-
national Conference on Computational Linguistics,
pages 1896–1907, Santa Fe, New Mexico, USA. As-
sociation for Computational Linguistics.

Tao Gui, Ruotian Ma, Qi Zhang, Lujun Zhao, Yu-Gang
Jiang, and Xuanjing Huang. 2019a. Cnn-based chi-
nese ner with lexicon rethinking. In Proceedings of
the Twenty-Eighth International Joint Conference on
Artificial Intelligence, IJCAI-19, pages 4982–4988.
International Joint Conferences on Artificial Intelli-
gence Organization.

Tao Gui, Yicheng Zou, Qi Zhang, Minlong Peng, Jin-
lan Fu, Zhongyu Wei, and Xuanjing Huang. 2019b.
A lexicon-based graph neural network for Chinese
NER. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
1040–1050, Hong Kong, China. Association for
Computational Linguistics.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian
Sun. 2016. Deep residual learning for image recog-
nition. In The IEEE Conference on Computer Vision
and Pattern Recognition (CVPR).

Benjamin Heinzerling and Michael Strube. 2019. Se-
quence tagging with contextual and non-contextual
subword representations: A multilingual evaluation.
In Proceedings of the 57th Annual Meeting of the As-
sociation for Computational Linguistics, pages 273–
291, Florence, Italy. Association for Computational
Linguistics.

Zhiheng Huang, Wei Xu, and Kai Yu. 2015. Bidi-
rectional LSTM-CRF models for sequence tagging.
CoRR, abs/1508.01991.

Zhanming Jie and Wei Lu. 2019. Dependency-guided
LSTM-CRF for named entity recognition. In Pro-
ceedings of the 2019 Conference on Empirical Meth-
ods in Natural Language Processing and the 9th In-
ternational Joint Conference on Natural Language
Processing (EMNLP-IJCNLP), pages 3862–3872,
Hong Kong, China. Association for Computational
Linguistics.

1881



Yoon Kim, Carl Denton, Luong Hoang, and Alexan-
der M. Rush. 2017. Structured attention networks.
ArXiv, abs/1702.00887.

Guillaume Lample, Miguel Ballesteros, Sandeep Sub-
ramanian, Kazuya Kawakami, and Chris Dyer. 2016.
Neural architectures for named entity recognition.
In Proceedings of the 2016 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
pages 260–270, San Diego, California. Association
for Computational Linguistics.

Jason Lee, Elman Mansimov, and Kyunghyun Cho.
2018. Deterministic non-autoregressive neural se-
quence modeling by iterative refinement. In Pro-
ceedings of the 2018 Conference on Empirical Meth-
ods in Natural Language Processing, pages 1173–
1182, Brussels, Belgium. Association for Computa-
tional Linguistics.

Hao Li, Zheng Xu, Gavin Taylor, Christoph Studer,
and Tom Goldstein. 2018. Visualizing the loss land-
scape of neural nets. In S. Bengio, H. Wallach,
H. Larochelle, K. Grauman, N. Cesa-Bianchi, and
R. Garnett, editors, Advances in Neural Information
Processing Systems 31, pages 6389–6399. Curran
Associates, Inc.

Peng-Hsuan Li, Ruo-Ping Dong, Yu-Siang Wang, Ju-
Chieh Chou, and Wei-Yun Ma. 2017. Leveraging
linguistic structures for named entity recognition
with bidirectional recursive neural networks. In Pro-
ceedings of the 2017 Conference on Empirical Meth-
ods in Natural Language Processing, pages 2664–
2669, Copenhagen, Denmark. Association for Com-
putational Linguistics.

Xiaonan Li, Hang Yan, Xipeng Qiu, and Xuanjing
Huang. 2020a. FLAT: Chinese NER using flat-
lattice transformer. In Proceedings of the 58th An-
nual Meeting of the Association for Computational
Linguistics, pages 6836–6842, Online. Association
for Computational Linguistics.

Xiaoya Li, Jingrong Feng, Yuxian Meng, Qinghong
Han, Fei Wu, and Jiwei Li. 2020b. A unified MRC
framework for named entity recognition. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 5849–
5859, Online. Association for Computational Lin-
guistics.

Kun Liu, Shen Li, Daqi Zheng, Zhengdong Lu, Sheng
Gao, and Si Li. 2019a. A prism module for se-
mantic disentanglement in name entity recognition.
In Proceedings of the 57th Annual Meeting of the
Association for Computational Linguistics, pages
5358–5362, Florence, Italy. Association for Compu-
tational Linguistics.

Yijin Liu, Fandong Meng, Jinchao Zhang, Jinan Xu,
Yufeng Chen, and Jie Zhou. 2019b. GCDT: A global
context enhanced deep transition architecture for se-
quence labeling. In Proceedings of the 57th Annual

Meeting of the Association for Computational Lin-
guistics, pages 2431–2441, Florence, Italy. Associa-
tion for Computational Linguistics.

Chunchuan Lyu, Shay B. Cohen, and Ivan Titov. 2019.
Semantic role labeling with iterative structure refine-
ment. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
1071–1082, Hong Kong, China. Association for
Computational Linguistics.

Xuezhe Ma and Eduard Hovy. 2016. End-to-end
sequence labeling via bi-directional LSTM-CNNs-
CRF. In Proceedings of the 54th Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 1064–1074, Berlin, Ger-
many. Association for Computational Linguistics.

Mitchell P. Marcus, Beatrice Santorini, and Mary Ann
Marcinkiewicz. 1993. Building a large annotated
corpus of English: The Penn Treebank. Computa-
tional Linguistics, 19(2):313–330.

Xue Mengge, Yu Bowen, Liu Tingwen, Wang Bin,
Meng Erli, and Li Quangang. 2019. Porous lattice-
based transformer encoder for chinese ner.

Tomas Mikolov, Edouard Grave, Piotr Bojanowski,
Christian Puhrsch, and Armand Joulin. 2018. Ad-
vances in pre-training distributed word representa-
tions. In Proceedings of the Eleventh International
Conference on Language Resources and Evaluation
(LREC 2018), Miyazaki, Japan. European Language
Resources Association (ELRA).

Preksha Nema, Akash Kumar Mohankumar, Mitesh M.
Khapra, Balaji Vasan Srinivasan, and Balaraman
Ravindran. 2019. Let’s ask again: Refine network
for automatic question generation. In Proceedings
of the 2019 Conference on Empirical Methods in
Natural Language Processing and the 9th Interna-
tional Joint Conference on Natural Language Pro-
cessing (EMNLP-IJCNLP), pages 3314–3323, Hong
Kong, China. Association for Computational Lin-
guistics.

Adam Paszke, Sam Gross, Francisco Massa, Adam
Lerer, James Bradbury, Gregory Chanan, Trevor
Killeen, Zeming Lin, Natalia Gimelshein, Luca
Antiga, Alban Desmaison, Andreas Kopf, Edward
Yang, Zachary DeVito, Martin Raison, Alykhan Te-
jani, Sasank Chilamkurthy, Benoit Steiner, Lu Fang,
Junjie Bai, and Soumith Chintala. 2019. Py-
torch: An imperative style, high-performance deep
learning library. In H. Wallach, H. Larochelle,
A. Beygelzimer, F. d'Alché-Buc, E. Fox, and R. Gar-
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Abstract

This paper studies the end-to-end construction
of an NLP Knowledge Graph (KG) from scien-
tific papers. We focus on extracting four types
of relations: evaluatedOn between tasks and
datasets, evaluatedBy between tasks and eval-
uation metrics, as well as coreferent and re-
lated relations between the same type of en-
tities. For instance, “F1 score” is coreferent
with “F-measure”. We introduce novel meth-
ods for each of these relation types and apply
our final framework (SciNLP-KG) to 30,000
NLP papers from ACL Anthology to build a
large-scale KG, which can facilitate automat-
ically constructing scientific leaderboards for
the NLP community. The results of our exper-
iments indicate that the resulting KG contains
high-quality information.

1 Introduction

As interest in the NLP research community grows,
the number of NLP tasks, datasets, and metrics for
evaluation also grows, making it increasingly dif-
ficult for researchers to keep track of the plethora
of new resources. In order to tackle this problem,
recently there have been a few manual efforts to
summarize the state-of-the-art on selected subfields
of NLP in the form of leaderboards that extract
tasks, datasets, metrics and results from papers,
such as NLP-progress1 or Paperswithcode2. How-
ever, these manual efforts are not sustainable over
time for all NLP tasks.

Meanwhile, although there are various studies
focusing on extracting entities and relations from
scientific literature (Augenstein and Søgaard, 2017;
Luan et al., 2018; Gábor et al., 2018; Hou et al.,
2019; Jain et al., 2020), there is less work on con-
structing KGs that contain rich information about

∗Work done during internship at IBM Research.
1https://github.com/sebastianruder/NLP-progress
2https://paperswithcode.com

tasks, datasets, and metrics. Such a KG would be
highly beneficial for the researchers to understand
the underlying related literature for a particular
task, or to perform comparable experiments.

In this paper, we propose an end-to-end approach
to construct a KG from the NLP papers. Our KG
contains three types of entities (tasks, datasets, and
metrics) and four types of relations connecting
them. Figure 1 (bottom left) depicts these rela-
tions in our large-scale graph built from 30,000
NLP papers from the ACL Anthology. For instance,
“sentiment analysis (task)” is evaluatedOn “IMDb
dataset”, “opinion analysis (task)” is evaluatedBy
“Precision (metric)”, “F1-score (metric)” is corefer-
ent with “F1-measure (metric)”, and “YELP review
dataset” is related to “IMDb dataset”.

We develop a framework (SciNLP-KG, Section
5) to extract these relations based on NLP papers
that are tagged for Task (T), Dataset (D), and Met-
ric (M) entities using a TDM entity tagger. Our
framework primarily consists of three learning-
based models. First, motivated by Hou et al.’s work
on tagging NLP papers with valid TDM triples
based on a small manually created gold TDM tax-
onomy, we design a hybrid NLI (Natural Language
Inference)-based relation extraction model to ex-
tract evaluatedOn and evaluatedBy relations. Our
model can extract these two relations at the docu-
ment level even if the related entities do not appear
in the same sentence. Second, for the coreferent
relation, we use a mention-pair model to identify
the same entities within and across documents. We
use a few heuristics to generate training instances,
such as that authors often use abbreviations to refer
to the common terms (i.e., NER – Named Entity
Recognition). Third, we propose another model,
term2vec, which is trained on pseudo-sentences
that contain tagged TDM entities from different
documents. We use the resulting embeddings to
extract the related relation between similar type of
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entities. For instance, “semantic role labeling” is
related to “argument identification” and “GENIA
Corpus” is related to “NCBI Corpus”.

To evaluate our end-to-end SciNLP-KG frame-
work, we manually construct a small-scale NLP
KG based on our proposed schema (Section 4.2),
which contains 85 nodes and 625 links. Experi-
ments show that our system achieves reasonable re-
sults for all relation types on this small-scale graph
with all possible meaningful links manually anno-
tated. We further apply our framework on 30,000
NLP papers from ACL Anthology to build a large-
scale NLP KG containing 5,374 nodes and 15,762
relations. We evaluate the quality and coverage of
the KG by manually assessing random samples and
comparing it with Paperswithcode. We found that
our KG contains high-quality information.

Overall, the contributions of our work are three-
fold. First, we propose and design a new schema
that represents knowledge about tasks (T), datasets
(D) and metrics (M) in the NLP domain. Second,
we develop a novel framework (SciNLP-KG) for
constructing an NLP KG from the scientific liter-
ature in an end-to-end manner. Finally, we auto-
matically build a large-scale NLP KG that contains
high-quality information about the Task-Dataset-
Metric (TDM) entities. However, our method is
generalized in a way that it could be extended to the
domains of computer vision or bioinformatics. Our
code and datasets are made publicly available at
https://github.com/Ishani-Mondal/SciKG to
fuel further research.

2 Related Work

There is a wealth of research in the NLP commu-
nity on extracting information from scientific liter-
ature. Earlier work identified citation contexts and
then classified them (Teufel et al., 2006; Abu-Jbara
et al., 2013; Jurgens et al., 2018). Other lines of
research include unsupervised approaches for ex-
tracting paper concepts (Gupta and Manning, 2011;
Tsai et al., 2013) and keyphrases (Kim et al., 2010;
Hasan and Ng, 2014). Here we are most interested
in entity and relation extraction in scientific pa-
pers (Tateisi et al., 2014; Augenstein and Søgaard,
2017; Gábor et al., 2018). In SemEval 2017 Task
10, Augenstein et al. (2017) focused on extracting
three types of entities (Process, Task, and Method)
and two relation types (hyponym-of and synonym-
of ). The dataset from this task has been used to
explore various neural models for IE on scientific

literature (Luan et al., 2017; Ammar et al., 2017).
Luan et al. (2018) released another dataset which
contains annotations for five types of entities and
eight types of relations on 500 scientific abstracts.
Ammar et al. (2018) built a literature graph for
different domains and they focused on identifying
entities and linking them to the existing knowledge
bases. Hou et al. (2019) developed a system to
identify Task-Dataset-Metric triples in NLP papers
based on a small set of manually constructed gold
TDM triples. Recently, Jain et al. (2020) introduced
SciREX, a document level IE dataset that encom-
passes multiple IE tasks, including salient entity
identification and document level N-ary relation
identification from scientific articles. Unlike the
above mentioned work, we concentrate on build-
ing a TDM KG by leveraging entity recognition
and relation extraction within and across different
sentences/documents. Our constructed KG can fa-
cilitate large-scale NLP leaderboard construction
and help the researchers to gain insights from NLP
literature.

3 NLP Knowledge Graph Schema

In this section, we propose an NLP KG schema
which contains three types of entities (i.e., task,
dataset, and metric) and four types of relations be-
tween them. An entity mention is a single or multi-
word nominal phrase that represents a task (e.g.,
named entity recognition), dataset (e.g., IMDB), or
evaluation metric (e.g., F1-score) entity. We mainly
focus on these three types of entities because they
are the core concepts of the NLP community. In
addition, they are relatively stable across different
papers compared to other types of entities, such as
method, result, or experiment.3 Similarly, we focus
on the following four types of relations between
TDM entities that represent the collectively shared
view among the NLP researchers:
1. evaluatedOn: This relation implies that a task
T is often evaluated on a dataset D (e.g., sentiment
analysis→ IMDB).
2. evaluatedBy: This relation implies that NLP

3By referring to the stability of the entities, we meant
to say that TDM entities are more likely to reflect the col-
lectively shared views in the NLP domain, i.e., researchers
will use the same name to refer to the same entity in
different papers (e.g., sentiment classification). In con-
trast, method/result/experiment in research papers are non-
standardized in nature and very difficult to normalize. For
instance, a main method “LSTM-CNN-sentiment” in one pa-
per might be referred to in another paper as “LC-based text
classification”.
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researchers usually evaluate a task T using metric
M (e.g., Named Entity Recognition→ F1).
3. coreferent: This relation is used to capture the
fact that an entity may be referred to differently in
the same or different papers, such as Named Entity
Recognition – NER, NCBI dataset – NCBI corpus,
or F1 score – F1 measure. The coreferent relation
can help us to canonicalize TDM entities in the
constructed KG.
4. related: Similar to word relatedness, this re-
lation captures all types of associations between
the same type of entities.4 For instance, “semantic
role labelling” is related to argument identification
because the latter is a sub-task of the former. Also
“GENIA Corpus” is related to “NCBI Corpus” be-
cause both datasets are used to develop NER mod-
els in the biomedical domain. In practice, there
is not a clear way to define all possible relations
between TDM entities, and the related relation pro-
vides a practical and efficient way to navigate KG.

4 Dataset Construction

We create two new datasets for testing NLP KG
construction, both of which are derived from the
TDM corpus from Hou et al. (2021) (see Section
4.1). The first dataset is a manually constructed
small-scale NLP KG according to the schema de-
scribed in Section 3. The second dataset is con-
structed for training a model to extract evaluatedOn
and evaluatedBy relations.

4.1 TDM Tagged Corpus

Our target entities are abstract objects of type Task,
Metric, and Dataset (TDM) which are specific in-
stantiations of the entities in document. We use the
recently released state-of-the-art TDM tagger (Hou
et al., 2021), trained on the Flair framework (Akbik
et al., 2019) based on the cased BERT-base embed-
dings (Devlin et al., 2019), to obtain the mentions
of Task, Dataset and Metrics. This tagger is trained
on a corpus of 1,500 sentences taken from the full
text of NLP papers, which have been annotated
by domain experts for TDM concepts. Finally, it
has been applied on 30,000 NLP papers from the
ACL Anthology. We refer to the resulting dataset
as TDM-NLP-Papers for the rest of the paper and

4In principle, the related relation can be applied to differ-
ent type of TDM entities. Here we only consider it between
the same type of entities because the evaluatedOn and evalu-
atedBy relations already capture the most prominent relations
across TDM entities.

Nodes Relations

Type Count Type Count κ

Task 43 evaluatedOn 81 0.78
Dataset 23 evaluatedBy 249 0.73
Metric 19 coreferent 38 0.84

related 257 0.94

Total 85 Total 625

Table 1: Statistics of smallNLP-KG. κ indicates inter-
annotator agreement for each relation type.

it will be used as input for our proposed framework
to construct an NLP KG.

4.2 smallNLP-KG

In order to evaluate our approach to construct an
NLP KG more efficiently during model develop-
ment, we have conducted an annotation study to
build a small-scale gold NLP KG following the
schema given in Section 3.

Specifically, the first author sampled a small
amount of TDM entities from the tagged dataset
TDM-NLP-Papers. The chosen entities contain
well-established tasks (e.g., dependency parsing or
named entity recognition) and their corresponding
datasets as well as evaluation metrics. In order to
better facilitate the type of coreferent edge in the
KG, entities that are abbreviated or have a small
edit distance to the existing entities are also added
to the list (e.g., NER).

Two domain experts then independently anno-
tate all possible relations described in Section 3
between any two entities. If necessary, they read
the corresponding literature to make a decision. Fi-
nally, the annotators reconcile the differences in
their annotations and produce the final canonical
annotation. The final gold graph contains 85 enti-
ties (nodes) and 625 relation instances. Table 1 lists
statistics for each entity type and each relation type.
We also calculate the inter-annotator agreement per
relation type using Cohen’s κ (see κ column in
Table 1). Overall, we achieve high inter-annotator
agreement for all the relation types.

Apart from these relations, we also explored
other relations between similar types of entities,
such as hypernym (Hearst, 1992) and part-of re-
lations. In a pilot annotation study, we found that
finer-grained relation types between TDM entities
are more difficult to annotate, e.g., the relation
between “semantic role labelling” and “argument
identification”. Ultimately, in order to help users to
navigate through the built KG, we decide to use the
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Figure 1: Overview of the SciNLP-KG Framework

“related” relation to capture all types of associated
relations between the same type of entities (e.g.,
when a user clicks “coreference resolution”, the
system can recommend related tasks).

4.3 TD/TM Training Dataset
To facilitate the extraction of the evaluatedBy and
evaluatedOn relations, we create a corpus (TD-TM-
Rel) containing 600 sentences randomly chosen
from the tagged TDM-NLP-Papers corpus. Each
sentence has at least two different types of tagged
TDM entities. Two domain experts then anno-
tate the valid evaluatedBy and evaluatedOn rela-
tions for each sentence. The inter-annotator agree-
ments on the evaluatedOn and evaluatedBy rela-
tions are 0.96 and 0.91 (Cohen’s κ), respectively.
Below is an example of TD/TM entities appear-
ing in the same sentence but not expressing eva-
lutedOn/evaluatedBy relations: “As a testbed for
this task, we introduce the SentiHood dataset ex-
tracted from a question answering platform where
urban neighbourhoods are discussed by users”.
This sentence does not express a valid evalutedOn
relation between the “question answering” task and
the “SentiHood” dataset.

5 SciNLP-KG Framework

In this section, we describe our proposed frame-
work, SciNLP-KG, to construct an NLP KG from
unstructured text as shown in Figure 1. Our frame-
work consists of three models to extract four types
of relations as described in Section 3. Instead of
proposing an end-to-end model (which could suffer
from component-wise propagation errors (Wadden

et al., 2019; Jain et al., 2020)), we incrementally
develop separate components based on the proper-
ties of the target relations and the availability of
training datasets, and finally aggregate results of
each component to create the final KG.

5.1 Inter-Entity Relation Extractor

The evaluatedOn and evaluatedBy relations
between task and dataset/metric entities depend
on the document-level context. It is often the case
that the entities involved in these two relations
do not occur in the same sentence. On the other
hand, a document containing a task mention t and
a dataset mention d does not necessarily imply
that there exists a positive evaluatedOn relation
between them.

Sentence-Level NLI Model (S-NLI). We train a
S-NLI model based on our corpus TD-TM-Rel (Sec-
tion 4.3). Here context is a sentence, and TD/TM
hypothesis is one of the combinations of TD/TM
entities tagged in the sentence. During train-
ing, [CLS]context[SEP]TD/TM hypothesis[SEP]
is given as input to the BERT-based model, fol-
lowed by sigmoid activation on [CLS] token to
predict if the context expresses a valid evaluate-
dOn/evaluatedBy relation or not. The model is
trained using binary cross-entropy loss. Note that
among all combinations, only the ones that corre-
spond to the annotated evaluatedOn/evaluatedBy
relations are valid TD/TM hypotheses. At infer-
ence time, given a task t and a dataset d (or metric
m), we first extract all sentences from the tagged
corpus, TDM-NLP-Papers, which contain both t
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and d (or m). We then try to predict whether an
evaluatedOn (or evaluatedBy) relation can be in-
ferred from any of these sentences using the trained
model.

Document-Level NLI model (D-NLI). Instead of
looking only at the sentence level, we also adopt an
approach in which we form the TD/TM hypothesis
space at the document level. For example, if a
tagged NLP paper has n task entities (t1, t2,.... tn)
and m dataset entities (d1, d2,.... dm), we generate
n ∗ m combinations of TD tuples as our testing
TD hypotheses. For each testing TD hypothesis,
we construct context by concatenating sentences
that contain at least one corresponding entity
from the tagged NLP paper. Different from the
S-NLI model, the D-NLI model can capture the
evaluatedOn/evaluatedBy relations across sentence
boundaries. We use the recently released SciREX
corpus (Jain et al., 2020) to train our D-NLI model.
SciREX contains document-level annotations of
< Task, Dataset, Metric, Method> tuples as well
as the individual entities for 438 NLP papers.
Most binary relations such as Task–Dataset
(evaluatedOn) and Task–Metric (evaluatedBy)
occur across sentences. Specifically, for each valid
TD/TM relation annotated at the document level,
we treat them as a valid TD/TM hypothesis. We
form the context by concatenating all sentences
from the paper that contain the annotations for at
least one element in this relation. Similarly, we
construct negative training instances using other
TD/TM combinations by assuming that 4-ary tuple
annotations in SciREX contain all valid TD/TM
pairs for a specific paper.

Hybrid NLI Model (H-NLI). Although the D-
NLI model can capture evaluatedOn/evaluatedBy
relations across sentences, we assume that the S-
NLI model is more accurate because it is easier for
the model to learn patterns from shorter contexts.
To combine the strengths of both models, we pro-
pose a hybrid NLI model. More specifically, given
a task t and dataset d (or metric m) and the cor-
responding NLP papers containing these entities,
we first apply our S-NLI model to all sentences
containing both entities to decide whether an eval-
uatedOn (or evalautedBy) relation is held between
them. If such a sentence does not exist, we use
D-NLI model to make the final prediction. By do-
ing so, we cascade the outputs from both S-NLI
and D-NLI models in a sieve-based fashion, with

the higher priority sieve being the S-NLI model.
Thus, it combines the strength of capturing higher
precision with S-NLI and better recall with D-NLI.

5.2 Coreferent Relation Extractor

Unlike coreference resolution on news corpora,
which mainly depends on context, we notice that
in our scenario, researchers often use abbreviations
to refer to common terms (e.g., NER–Named En-
tity Recognition). Sometimes different researchers
use slightly different variations to refer to the same
entity (e.g., F1 score–F1). Motivated by these ob-
servations that the surface forms play a pivotal role
for TDM coreferent relation extraction, we design
a mention-pair model to capture the coreferent re-
lations between the same type of entities.

We generate positive training instances for our
mention-pair model using a few heuristics. Specifi-
cally, we apply a regular pattern to check whether
a tagged entity is followed by its abbreviation in
brackets in the tagged NLP papers, such as “Named
entity recognition (NER)”. We further extract pairs
of entities which have a small edit distance, such
as “F1 score – F1”. Finally, we generate the same
number of negative training instances by randomly
pairing entities of the same type, which do not meet
the criteria of the above heuristics.

We fine-tune our mention-pair model on a BERT-
Siamese Network (Reimers and Gurevych, 2019).
We use mean pooling over the output of two [CLS]
tokens and use the Euclidean distance function in
the penultimate layer, which is followed by a fully
connected softmax layer with two labels (corefer-
ent and non-coreferent). We form mention-pairs
from within and across documents, so this compo-
nent can be seen as a cross-document coreference
resolution module.

5.3 Related Relation Extractor

We observe that in our TDM-NLP-Papers corpus,
the co-occurrence patterns of TDM entities in dif-
ferent contexts (documents) encode rich semantic
information about each individual entity. Motivated
by word2vec (Mikolov et al., 2013), we propose
an unsupervised term2vec model to capture related
relations between TDM entities.

We hypothesize that the TDM entities in a single
document are somehow related, even if they do not
occur in the same sentence. We then generate a
pseudo-sentence for each tagged paper. A pseudo-
sentence per paper treats the whole paper as the
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context which contains special “word”–TDM en-
tities. Two such examples are: “sent0: sentiment
analysis, aspect-based sentiment analysis, semeval
2014 task 4 laptop, sentihood, text classification”,
and “sent1: sentiment classification, semeval 2014
task 4 laptop, sentihood”. After applying term2vec
on these pseudo sentences, terms with similar con-
texts will be close to each other in the embedding
space, which can help us to identify related rela-
tions between TDM entities.

Specifically, for each paper in TDM-NLP-Papers,
we concatenate all tagged entities to form a pseudo
sentence. We treat each entity (term) as a single
word in this sentence and generate vector represen-
tations for each term using the Skip-gram model,
which preserves the type of each term.

For a term j, the algorithm models the neighbor-
hood of this term as shown in equation (1):

argmax
θ

∑

j∈V

∑

i∈KV

∑

ci∈Ni(j)
log p(ci|j; θ) (1)

Here, KV denotes the type of nodes. Ni(j) de-
notes the neighborhood of the term j with respect
to the ith type of terms and p(ci|j; θ) represents the
conditional probability of having a context term c
of type i given the term j. The objective of this
algorithm is to predict the neighborhood of a given
term of a particular type i to other terms of similar
type. After obtaining the d-sized embeddings for
each term, we use the unsupervised K-means clus-
tering algorithm to determine the clusters for each
term. These clusters, thus generated, are among
the same type of entities and encode the related
relations among these entities.

6 Experimental Setup on smallNLP-KG

We first evaluate our framework on smallNLP-KG.
We report precision, recall, and F-score fore each
relation type. Note that for evaluating coreferent
and related clusters, we consider all pairs of entities
in a cluster to be linked.

Dev/test split. The nodes and relations in
smallNLP-KG are carefully divided in 10-90% dev-
test split. To avoid any leakage problem as ob-
served in KG completion tasks (Sun et al., 2020;
Pezeshkpour et al., 2020), we exclude training in-
stances from the NLI models and the mention-
pair model that involve any of the testing entities.
More specifically, first, we went through the whole

smallNLP-KG to make sure any TDM entities (in-
cluding their coreferent mentions) in the test data
do not appear in the dev set. Second, we exclude all
these entities (including their coreferent mentions)
from the training data for each relation extraction
component. For the rule-based and unsupervised
baselines of coreferent and related relations (Sec-
tion 7.3 and Section 7.4), we tune our parameters
on the dev set and report results for all relations on
the test set.

Implementation details. Given all testing enti-
ties from smallNLP-KG as the input, we use our
framework presented in the previous section to
build the KG.

For the hybrid NLI model to extract inter-entity
relations (Section 5.1), we fine-tune all NLI models
for 3 epochs with a learning rate of 5e − 5 and a
batch size of 32. We also carry out experiments
with different pre-trained contextual embeddings:
BERT-Base, BERT-Large, RoBERTa-Base, as well
as scibert-scivocab-cased (Beltagy et al., 2019)
from the PyTorch-Transformers library. During the
inference stage, let there be nt tasks, nd datasets
and nm metrics in the smallNLP-KG test corpus,
so we can have total (nt × nd) and (nt × nm) com-
binations of possible evaluatedOn and evaluatedBy
relations respectively. We apply our trained hybrid
NLI model to test all combinations.

For the term2vec model to extract related rela-
tions (Section 5.3), we use the Skip-gram word2vec
implementation from Gensim with a window size
of 5, min count of 1, and an embedding dimension
of 100. We run the model on all pseudo sentences
generated from the whole TDM-NLP-Papers cor-
pus. After obtaining term embeddings, we use
K-Means clustering algorithm from Scikit-learn
to generate clusters among the same type of enti-
ties based on nodes from smallNLP-KG. We set K
equal to number of gold clusters in smallNLP-KG
for entity type.

7 Results on smallNLP-KG

7.1 Comparison With the Existing Baselines

We compare our SciNLP-KG framework against a
few baselines from previous work:

1. E2E Rel-Gold (Miwa and Bansal, 2016).
The TDM entities present in TDM-NLP-Papers
are being fed as input to this LSTM-based model,
which uses word sequences and dependency tree
structures to predict relations. We train the model
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evaluatedOn evaluatedBy

Methods P R F1 P R F1

Sent-Level
-BERT-S 0.77 0.23 0.35 0.68 0.25 0.36
-BERT-L 0.80 0.23 0.36 0.71 0.27 0.39
-SciBERT 0.81 0.22 0.35 0.70 0.22 0.33
-RoBERTa 0.83 0.24 0.37 0.70 0.27 0.39
Doc-Level
-BERT-S 0.51 0.80 0.62 0.44 0.68 0.53
-BERT-L 0.52 0.80 0.63 0.45 0.71 0.55
-SciBERT 0.57 0.84 0.68 0.43 0.73 0.54
-RoBERTa 0.62 0.86 0.73 0.45 0.72 0.55
Hybrid
-BERT-S 0.60 0.78 0.68 0.50 0.64 0.56
-BERT-L 0.63 0.80 0.70 0.51 0.65 0.57
-SciBERT 0.64 0.81 0.72 0.48 0.67 0.56
-RoBERTa 0.67 0.82 0.74 0.59 0.69 0.64

Table 2: Ablation study of NLI Models for extracting
evaluatedOn, evaluatedBy relations on smallNLP-KG.

using our TD/TM training dataset and perform
intra-sentence evaluatedOn/EvaluatedBy relation
extraction using this model.

2. E2E Rel (Miwa and Bansal, 2016). This is
another variant of the previous model, which pre-
dicts the TD and TM relations in an end-to-end
fashion without using the TDM entities tagged in
TDM-NLP-Papers. We train this model to tag the
TDM entities and predict the relations in an end-to-
end fashion instead of providing the gold mentions
as input to the relation extractor.

3. DocTAET (Hou et al., 2019). This model is
analogous to our D-NLI model which works in
document-level. We use the NLI model proposed
in this paper for predicting TD and TM binary re-
lations individually for comparable experimental
evaluation, without considering them as a 3-ary
relation between <Task, Dataset, Metric>).

4. E2E Coref (Lee et al., 2017). For coreference
resolution, we consider the nouns as we consider
only three types of nominal entities. We make
use of the end-to-end BiLSTM-CRF based archi-
tecture using ELMO embeddings optimized using
the conditional likelihood of predicting the correct
antecedent given a mention. In our experiments,
we used the noun phrase coreference resolution
only and discarded the pronoun-based coreference
resolution component.

5. SciIE-Rel (Luan et al., 2018). This is a multi-
task model to extract coreferent and inter-entity re-
lations from the scientific abstracts. We retrain this

evaluatedOn evaluatedBy

Methods P R F1 P R F1

Baselines
E2E Rel 0.58 0.62 0.60 0.45 0.54 0.49
E2E Rel-Gold 0.63 0.69 0.65 0.51 0.58 0.54
SciIE Rel 0.68 0.78 0.72 0.51 0.62 0.56
DOCTAET 0.62 0.86 0.73 0.45 0.72 0.55

S-NLI 0.83 0.24 0.37 0.70 0.27 0.39
D-NLI 0.62 0.86 0.73 0.45 0.72 0.55
H-NLI 0.67 0.82 0.74 0.59 0.69 0.64

Table 3: Results of SciNLP-KG for extracting evalu-
atedOn and evaluatedBy relations and comparison with
the best-performing variant of existing baselines.

model on our training datasets and use it to predict
evaluatedOn/evaluatedBy relations based on the
predicted Task, Dataset, and Metric mentions from
the NLP-TDMS-Papers corpus.

6. SciIE-Coref (Luan et al., 2018). This is a
component of the above mentioned SciIE-Rel sys-
tem. We use this component to extract the corefer-
ent clusters of the same types of entities from the
predicted Task, Dataset and Metric mentions of the
NLP-TDMS-Papers corpus.

7.2 Results on Inter-Entity Relations

Table 3 shows the results of our hybrid NLI model
together with the S-NLI and D-NLI models to ex-
tract evaluatedOn and evaluatedBy relations on the
smallNLP-KG test set. The ablation analysis us-
ing different embeddings is tabulated in Table 2.
It seems that the S-NLI model suffers from lower
recalls, with 0.24 on the evaluatedOn relation and
0.27 on the evaluatedBy relation. Exploring the D-
NLI context, we observe a drop of 0.21 and 0.25 in
terms of precision on evaluatedOn and evaluatedBy
relations respectively, which is mainly attributed
to the relatively longer context in the NLI model.
There is a significant rise in recall for both relations,
with improvements of 0.86 and 0.72 on the eval-
uatedOn and evaluatedBy relations, respectively.
Finally, our H-NLI model combines the strengths
of both S-NLI and D-NLI models, with decent im-
provement in terms of precision compared to the
D-NLI architecture, while preserving better recall
than S-NLI model.

7.3 Results on coreferent Relations

We compare our mention-pair model (Section 5.2)
to two coreference resolution systems (E2E Coref
and SciIE Coref in Section 7.1). We also imple-
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coreferent related

Methods P R F1 P R F1

Baselines
Rule-based 0.43 0.58 0.49 - - -
E2E Coref 0.61 0.67 0.64 - - -
SciIE Coref 0.65 0.70 0.69 - - -
PMI - - - 0.61 0.61 0.61

SciNLP-KG 0.77 0.79 0.77 0.67 0.68 0.67

Table 4: Results of SciNLP-KG for coreferent and re-
lated relation extraction compared to baselines.

ment a heuristic baseline that uses the Jaccard sim-
ilarity of two entity mentions and predicts those
with score greater than 0.75 as coreferent.

Table 4 (left) lists the results of our mention-
pair model for coreferent relation extraction on the
smallNLP-KG test set, with an overall Macro F1
of 0.77. Overall, we found that our system out-
performs the other three baselines slightly. During
qualitative analysis, we observe that our learning-
based model eliminates some false positive links
proposed by the rule-based approach, such as
<Rouge-1 coreferent Rough-2> and also captures
more true positive links such as <sentiment mining
coreferent sentiment analysis>.

7.4 Results on related Relations

We compare our term2vec model (Section 5.3) to a
baseline model which use pointwise mutual infor-
mation (PMI) (Church and Hanks, 1990) to mea-
sure the association score between two TDM enti-
ties of the same type.

Table 4 (right) lists the results of our term2vec
model for extracting related relations on smallNLP-
KG. We found that our term2vec model outper-
forms the PMI-based baseline on task and metric
entities by a good margin. We also observed that
there is a slight improvement on the dataset clusters.
This happens because the datasets inside the same
documents are related most of the time, whereas
the same is not always true for tasks and metrics,
in which the context window of their mentions
plays an important role to capture whether they are
related. During qualitative analysis, we observe
some false positives generated from the PMI-based
baseline such as <f1-score related rouge>. Inter-
estingly, we find that our term2vec model captures
both coreferent relations as well as other related
relations between the same type of entities, such as
hypernym relations (e.g, <parsing related depen-
dency parsing>, <rouge related rouge-n>).

Nodes Relations

Type Count Type Count

Task 2,441 evaluatedOn 4,137
Dataset 2,314 evaluatedBy 4,019
Metric 619 coreferent 2,074

related 5,532

Total 5,374 Total 15,762

Table 5: Overall statistics of largeNLP-KG.

7.5 Comparison with the Existing Models
Our final Hybrid-NLI model performs better than
the two recent relation extraction systems (E2E
Rel and SciIE Rel), similarly our cross-document
mention-pair coreference resolver outperforms two
related baselines. Probing deeper, we observe that
existing baselines struggle because: 1) they fail
to resolve certain long-range relations due to the
end-to-end setup and suffer from error propagation;
and 2) they cannot handle inter-document corefer-
ence resolution, failing to generate some <Task,
Dataset> pairs found when canonicalizing entities
in cross-document discourse. Hou et al. (2019)’s
method suffers from low precision due to the bottle-
neck of the D-NLI approach (see Table 3). Our hy-
brid NLI approach achieves better precision while
still keeping a reasonable recall.

It is worth noting that in smallNLP-KG we an-
notated completed relations for every pair of TDM
mentions. The annotations already take care of
inference-based KG consistency (e.g., T1 corefer-
ent T2, T1 evaluatedOn D1, T2 evaluatedOn D1).
In general, our framework handles each of the re-
lations separately and achieves good performance
compared to the baselines which use joint mod-
elling approaches on the smallNLP-KG testing set.

8 Experiments on LargeNLP-KG

We apply our trained SciNLP-KG framework to the
TDM-NLP-Papers corpus (Section 4.1) to build a
large-scale KG (largeNLP-KG). The resulting KG
contains 5,374 TDM entities and 15,762 relations
(see Table 5). We use both human evaluation as
well as automatic evaluation to assess the quality
and coverage of largeNLP-KG.

Human Evaluation. We randomly sample 100
instances from the final large-scale KG for eval-
uatedOn, evaluatedBy, and coreferent relations,
which were then manually assessed by an NLP
expert. Note that these relation instances do not ap-
pear in the training datasets of our SciNLP-KG sys-
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Relations # Prec P@5 P@10 P@20

evaluatedOn 100 0.84 - - -
evaluatedBy 100 0.77 - - -
coreferent 100 0.79 - - -
related 600 - 0.77 0.71 0.60

Table 6: Precision of the randomly selected samples
from largeNLP-KG. # indicates sample size.

Method evaluatedOn evaluatedBy

Relaxed Match 0.49 0.58
+coreferent 0.56 0.63

Table 7: Coverage of largeNLP-KG compared with Paper-
swithcode on evaluatedOn/evaluatedBy relations.

tem. Table 6 reports the precision for each relation
type. It is encouraging to see that our large-scale
NLP KG obtains reasonably high precision (0.84,
0.77 and 0.79) on the evaluatedOn, evaluatedBy
and coreferent relations, respectively. We found
that most false positives are from the TDM tagger
errors. For instance, Stanford-CoreNLP is tagged
as a dataset entity.

In case of related relation clusters, we randomly
sample 10 entities from each entity type (i.e., Task,
Dataset, Metric) and choose the top 20 nearest
neighbors of the same type based on the cosine-
similarity between entities. An NLP expert as-
sessed the correctness of these 600 relations (200
for each of the T-T, D-D, and M-M related rela-
tions) based on their common sense knowledge
about NLP. We report Macro − precision@K,
where K= 5, 10, 20 in Table 6 (last row). In gen-
eral, for a given entity, our unsupervised term2vec
model provides reasonable suggestions of the re-
lated entities.

Automatic Evaluation. In order to better un-
derstand the coverage of largeNLP-KG, we com-
pared evaluatedOn and evaluatedBy relations from
largeNLP-KG with the manually constructed NLP
leaderboards in Paperswithcode.5

The recent version of Paperswithcode (Aug-
2020) contains leaderboard information for 265
NLP tasks and the corresponding 100 datasets. We
consider only the NLP-related TDM entities. Each
leaderboard is a tuple of four elements (<task,
dataset, metric, score>) and it encodes the valid
relations between the task and the dataset/metric,
which corresponds to our evaluatedOn and evalu-

5We do not evaluate our system on SciREX because we
use annotations from SciREX to train our D-NLI model.

atedBy relations. In total, we obtain 450 TD pairs
and 623 TM pairs from Paperswithcode.

We automatically check how many of these pairs
are encoded in our large-scale NLP KG. Note that
we do not compare TD/TM pairs that appear in the
training dataset for our NLI models (Section 5.1).
Specifically, we use an edit-distance matching al-
gorithm to match TD/TM pairs between largeNLP-
KG and Paperswithcode (Relaxed Match). We con-
sider the edit-distance of our extracted TD and
TM pairs with those in Paperswithcode and choose
those with normalized edit-distance less than 0.3
as positive instances. For instance, the Paper-
swithcode TM pair “sentiment mining–F1-score”
is equivalent to extracted TM pair “sentiment anal-
ysis–F1-scores”.

Table 7 shows that with Relaxed Match, our
largeNLP-KG contains 49% and 58% of TD
and TM pairs from Paperswithcode, respectively.
We further employ coreferent relations to gener-
ate more evaluatedOn and evaluatedBy relations,
which helps to achieve a higher coverage of 56%
and 63% on Paperswithcode on TD and TM pairs
respectively. The mismatch part between our large
KG and Paperswithcode is mostly due to the fact
that Paperswithcode contains recent papers while
our KG is built on papers from 1974-2019. For
instance, our graph contains a task called “textual
entailment”, which is not included as a task entity
in Paperswithcode.

9 Conclusions

In this paper, we propose SciNLP-KG framework
to build a large-scale NLP KG from NLP papers in
an end-to-end manner. An interesting direction of
further research is the diachronic analysis of TDM
entities. For instance, for the two tasks-“textual
entailment” and “NLI”, it seems that after the emer-
gence of SNLI corpus paper (Bowman et al., 2015),
the NLP community switched to use the new name
to refer to same task. In practice, the automatically-
built KG (largeNLP-KG) has the potential to assist
the researchers to search related papers and de-
velop comparable experiments. In future, we plan
to build a web-based visualization tool to enable
researchers to explore KG and related papers.
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Abstract

Accurate detection and classification of online
hate is a difficult task. Implicit hate is particu-
larly challenging as such content tends to have
unusual syntax, polysemic words, and fewer
markers of prejudice (e.g., slurs). This prob-
lem is heightened with multimodal content,
such as memes (combinations of text and im-
ages), as they are often harder to decipher than
unimodal content (e.g., text alone). This paper
evaluates the role of semantic and multimodal
context for detecting implicit and explicit hate.
We show that both text- and visual- enrichment
improves model performance, with the mul-
timodal model (0.771) outperforming other
models’ F1 scores (0.544, 0.737, and 0.754).
While the unimodal-text context-aware (trans-
former) model was the most accurate on the
subtask of implicit hate detection, the multi-
modal model outperformed it overall because
of a lower propensity towards false positives.
We find that all models perform better on con-
tent with full annotator agreement and that
multimodal models are best at classifying the
content where annotators disagree. To con-
duct these investigations, we undertook high-
quality annotation of a sample of 5,000 mul-
timodal entries. Tweets were annotated for
primary category, modality, and strategy. We
make this corpus, along with the codebook,
code, and final model, freely available.

1 Introduction

Although its prevalence is fairy low (Vidgen et al.,
2019), the effects of online hate can be deeply per-
nicious, risking real harm on targeted victims and
their communities (Müller et al., 2019; Guadagno
et al., 2013). A 2021 survey by Anti-Defamation
League found that 81% of Americans agree social
media companies should do more to counter online
hate (Anti-Defamation League, 2021).

∗Work performed while at the University of Oxford

Research into automated hate detection has pri-
marily focused on explicit varieties. However,
many purveyors of hate have adopted more com-
plex and nuanced strategies, such as dog whistling:
the use of intentionally ambiguous rhetorical tech-
niques to express hateful messages which only
some audiences will recognize. For instance, calls
by right-wing American political figures to “protect
the suburbs” cloak racial grievances and concerns
about whiteness in more prosaic concerns about
community protection.

Performance in online hate classification has
improved substantially from static methods like
GloVe and fastText through the use of context-
aware word embeddings, in particular those com-
puted by transformer-models with self-attention
(Badjatiya et al., 2019; Mozafari et al., 2020; Polig-
nano et al., 2019; Sabat et al., 2019; Zampieri
et al., 2019; Yang et al., 2019; Sohn and Lee, 2019;
Kennedy et al., 2020; Vidgen et al., 2020). How-
ever, most hate detection models are text-only and
cannot be applied to non-textual content (such as
images and audio) and do not account for non-
textual information contained in multimodal con-
tent (such as memes). This is a problem of both task
definition and modeling; most hateful content train-
ing datasets do not take into account non-textual
features when annotations are made, which means
that non-textual systems cannot be trained and eval-
uated on them. The lack of detailed- and expertly-
annotated datasets means that many key aspects of
multimodal content classification have not yet been
explored.

We address these gaps in research, making three
primary contributions. First, we present a newly
annotated dataset of 5,000 multimodal tweets, with
labels for primary category, modality, and strat-
egy. We make the annotation guidelines, code, and
best performing models publicly available. Sec-
ond, we show that as models better take into ac-
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count contextualization, from context-invariant to
context-aware and unimodal to multimodal, how
accurately they detect hateful content significantly
improves. Though the unimodal-text context-aware
model performs the best on the implicit hate sub-
task, the multimodal model is better overall due to a
lower propensity towards false positives. Third, we
show that all models perform considerably worse
on ambiguous content (as determined by annotator
disagreement).

2 Related Work

The networked structure of online platforms means
that hate is often able to spread far beyond the
author’s original intended audience (Walther et al.,
2011). These “masspersonal” (O’Sullivan and Carr,
2018) networks blur the divide between public and
private discourse, resulting in “context collapse”
as multiple audiences converge towards a singular
unbounded one (Marwick and boyd, 2010; boyd,
2017). This can increase the social costs of spread-
ing hateful messages as wider audiences and plat-
form moderators may disapprove of this content.
Consequentially, hateful actors are incentivized to
employ implict rhetorical strategies to circumvent
these costs. Whereas explicit forms of hate (e.g.,
slurs or calls to violence) are likely to draw atten-
tion, subtle forms of hate, such as dog whistles, can
be effective in avoiding detection.

Dog whistles comprise a range of strategies
anchored in polysemy including pseudo-factual
claims (Meddaugh and Kay, 2009), normative state-
ments (Pettigrew and Meertens, 1995), coded hate
terms (Magu et al., 2017), and artistic license and
humor (Milner, 2013) to create implied meanings.
This enables hateful actors to target their messages
at different audiences such that the hateful elements
are only recognized by people who are predisposed
to respond favorably (Albertson, 2015). This gives
their speakers plausible deniability, allowing them
to avoid any social, legal, or platform-based pun-
ishment for the content they produce.

Multimodal communication, in particular,
memes, are susceptible to co-optation by hateful
actors for use as dog whistles because of its ability
to convey incongruent ideas through each modal-
ity (‘modal dissonance’). Hateful content can be
passed under the façade of a shared, seemingly be-
nign, meme macro (or ‘template’) (Zannettou et al.,
2018). For instance, Vidgen et al. (2019) describe
how a non-hateful image (e.g., a group of Mus-

lims in prayer) can be combined with a non-hateful
text (e.g., the words ‘Woken up yet?’) to express
prejudice. If the words or images were changed to
something benign then the meme would no longer
be hateful). This has led to a culture of ’shit posting’
and trolling (Pelletier-Gagnon and Pérez Trujillo
Diniz, 2018; Phillips, 2012).

Previous research on automated detection of
hate has primarily relied on unimodal approaches
with text-based features. These features have been
passed through a variety of classification models
(Fortuna and Nunes, 2018; Schmidt and Wiegand,
2017). Neural network architectures harnessing
advances in convolutions (Gambäck and Kumar
Sikdar, 2017; Ribeiro and Da Silva, 2019; Zhang
et al., 2018), recurrence (Pitsilis et al., 2018), long-
term memory (Badjatiya et al., 2019; Pitsilis et al.,
2018), and bidirectionality (Caselli et al., 2018;
Qian et al., 2018) have been applied to improved
accuracy. However, a shift towards fine-tuning
large, pre-trained models has yielded the best re-
sults with BERT and its varieties being the models
of choice (Sohn and Lee, 2019; Zampieri et al.,
2019; Mozafari et al., 2020; Polignano et al., 2019;
Vidgen et al., 2020, 2021).

Despite these strides, many challenges persist
as real-world interactions are noisy, varied, and
multimodal. Most applications of multimodal
hate speech detection have combined text with
meta-information like user characteristics, com-
ment thread information, and network connections
(Chandrasekharan et al., 2017; Fehn Unsvåg and
Gambäck, 2018; Gao and Huang, 2017; Qian et al.,
2018; Vijayaraghavan et al., 2019). Early examples
of combining text and image data yielded mixed re-
sults (Gomez et al., 2020; Sabat et al., 2019; Yang
et al., 2019) leading companies like Facebook to
initiate financial awards for improved performance
(Kiela et al., 2020). Success in other domains like
identifying pro-eating disorder content (Chancellor
et al., 2017), gang activity on social media (Bland-
fort et al., 2019), demographic inference (Wang
et al., 2019), and cyberbullying (Zhong et al., 2016)
highlight the potential positive effects of multi-
modal approaches.

3 Schema

Our taxonomy comprises three main categories: (1)
Primary attribute, (2) Modality, and (3) Strategy.
The taxonomy and definitions were developed by
reviewing existing theoretical frameworks for on-
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line hate and multimodal content (Vidgen et al.,
2019; Waseem and Hovy, 2016; Kiela et al., 2020;
Citron and Norton, 2011) and by iteratively investi-
gating samples of tweets from the dataset.

Primary For the Primary attribute annotators se-
lected one of four options: Hate, Counterspeech,
Reclaimed, and Neutral. Similar to Davidson et al.
(2017, p. 512), “Hate” is defined as “language that
is used to express hatred towards a targeted group
or is intended to be derogatory, to humiliate, or
to insult the members of the group.” This defi-
nition’s grounding in group identity differentiates
hate from other forms of abusive content (such
as interpersonal abuse) and corresponds with the
definitions enforced by digital platforms like Face-
book, Google, and Twitter (YouTube, 2020; Twitter,
2020; Facebook, 2020).

“Counterspeech” is defined as any response to
hateful speech that undermines it or expresses sup-
port to a group that it targets. This category is
needed as models trained on datasets with only
a ‘Neutral’ category may struggle to differentiate
between pro-social (Galinsky et al., 2013) tweets
and hateful ones if they have similar lexical con-
tent. “Reclaimed” is defined as the use of slurs
self-referentially, whereby oppressive language is
reappropriated for in-group use. This category is
particularly important given well-established bi-
ases in classification models, whereby they dis-
proportionately classify the vernacular of African
Americans (and other groups) as hate (Sap et al.,
2019; Davidson et al., 2019). “Neutral” is defined
as content which did not fall into the other three
categories.

Modality For the Modality attribute annotators
labeled the modality (image, text, or both) that was
informative when making the Primary annotation.
This was needed because although all entries con-
tained both a text and image, both modes were not
always used to express hate. In some cases the hate
was expressed solely by the text or by the image,
and in others both were used together.

Strategy The Strategy attribute captures the
rhetorical devices used to convey hate. It ex-
pands upon the implicit/explicit distinction pro-
posed by Waseem et al. (2017) and adopted by
others, such as Caselli et al. (2020) and Zampieri
et al. (2019). Strategy is hierarchical: if annota-
tors identify Hate then they can select “Explicit”,
“Psuedo-factual”, “Normative statements”, “Coded

Strategy Text Image

Explicit

<user>
<user> suck
a pig dick cunt
<url>

Pseudo-
factual

<user> ille-
gal criminals
protected
by liberals.
#buildthewall
<url>

Normative

<user>
<user> come
on booker
bring in the
“race” card
you always do.
<url>

Coded

best #npc
meme
#npcmeme
#sjw <url>

Creative

good morn-
ing tweeps
#friday
#teamtrump
#buildthewall

<url>

Table 1: Examples of tweets for each implicit strategy.

language”, or “Creative expressions” (see Table
1). The latter four were collapsed into a single
“Implicit” category. These strategies reflect previ-
ous research on the varieties of implicit hate (Med-
daugh and Kay, 2009; Dvorak, 1999; Poynting and
Noble, 2003; Hughey and Daniels, 2013).

4 Dataset and annotation

The dataset used to train and evaluate the mod-
els originates from the MMHS150K collected by
Gomez et al. (2020). It comprises 150,000 English-
language tweets which all contain text and an im-
age, and have been annotated for hate (split into 5
subcategories: racist, sexist, homophobic, religion
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based attacks or attacks to other communities).1

We enrich a sample of 5,000 multimodal tweets
from the MMHS150K dataset with re-annotation.2

Half of the dataset (2,500 tweets) was sampled
using a 17-term query to provide more coverage
of hateful tweets, especially covert ones.3 The
other half (2,500 tweets) was randomly sampled to
ensure heterogeneity and to offset biases associated
with focused sampling (Wiegand et al., 2019).

Annotation process
The annotators were given a detailed codebook
to inform their decisions, with definitions, pro-
totypical examples, and edge cases. Each tweet
was labeled by two annotators. All annotators had
prior experience annotating online hate, and each
completed a minimum of four weeks of training.
Given the frequency of mislabeled hate speech due
to a lack of domain expertise (van Aken et al.,
2018), we prioritized annotator experience over
more scalable crowdsourcing options like Amazon
Mechanical Turk. All entries with disagreement
were sent for review by an expert annotator. The
expert was a PhD student researching online and
offline hate, who had previously worked on two
annotation projects.

The Kappa score for the dataset is 0.40, indicat-
ing low to moderate agreement. However, it is a
nearly three-fold increase from the MMHS150k’s
Kappa of 0.15 despite the increased difficulty of
the task. This is equivalent to other hate speech
datasets. For instance, Wulczyn et al. (2017) re-
port Krippendorf’s alpha of 0.45 and Sanguinetti
et al. (2018) report category-wise Kappas of 0.37
for offense and 0.54 for hate.

In 51% of cases annotators disagreed on any of
the Primary, Modality, or binarized Strategies – all
of which were sent for review by the expert. The
annotators agreed on labels far more frequently for
tweets in the “None” category (68.8% of the time)
than the others. Initial agreement (i.e. before ex-
pert adjudication) was 29% for Hateful, 15% for
Counterspeech and 14% for Reclaimed. These rela-
tively low agreement levels were primarily because
broader situational context is often needed to make
these judgments.

1The dataset can be accessed at: https://gombru.
github.io/2019/10/09/MMHS/

2The 5,000 tweet dataset can be downloaded from https:
//github.com/botelhoa/Dog_Whistle_Hate

3The terms are: wall, card, confederate, maga, islam, sjw,
gender, crim, npc, normie, ))), muslim, illegal, caravan, obama,
hillary, america.

Annotations Label Breakdown

Primary Hateful: 1850 (37.0%), Coun-
terspeech: 113 (2.3%), Re-
claimed: 366 (7.3%), None:
2,671 (53.4%)

Modality Unimodal-text: 874 (37.5%),
Unimodal-image: 25 (1.1%),
Multimodal: 1,430 (61.4%)

Strategy Explicit: 31.8%, Norma-
tive: 30.4%, Coded: 22.3%,
Creative: 7.8%, Psuedo-
factual: 7.7%

Table 2: Dataset label breakdown.

Annotators agreed less on “Multimodal” tweets
than “Unimodal-Text” tweets. This suggests the
richer semantic context from the different modali-
ties helps annotators to clarify what is being ex-
pressed. Unexpectedly, agreement was higher
when labeling implicit rather than explicit hate
(note that this is only for whether implicit hate
was expressed, rather than identifying the partic-
ular technique used). This may be because the
codebook contained more explanation of implicit
hate, given we anticipated difficulties in annotating
for them or because it can be difficult to ascertain
when explicit slurs are hateful versus reclaimed
when few signals pointing to the author’s identity
are available.

Dataset composition

The final labeled dataset is 37.0% Hateful, 2.3%
Counterspeech, 7.3% Reclaimed, and 53.4% None
(Table 2). Annotators relied on both modalities
in a majority of cases (61.4%). In terms of strat-
egy, of the tweets marked Hateful, 36.9% were
explicitly hateful and 63.1% were implicitly hate-
ful. The implicit strategies were Normative claims
(30.4%), Coded language (22.3%), Creative (7.8%),
and Psuedo-factual (7.7%).

5 Model implementation

All models were evaluated using the same 80/10/10
train, validation, and test split, stratified by class
across the sets. Computation was completed using
a single CUDA-enabled Nvidia Tesla K80 GPU in
Google Colab.
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5.1 Input features
The curators of the MMHS150k dataset represented
all graphics (images, GIFs and video) as thumb-
nails. They were resized to be a pixel dimension of
500 in the smallest direction while maintaining the
original aspect ratio. Textual features are derived
from two sources: the tweet body and the image
text, extracted using OCR. Both text sources un-
derwent the same pre-processing procedure, using
the Ekphrasis Python library.4 We de-noised the
data by replacing hyperlinks, mentions, and dates
with tags, decomposing hashtags into their con-
stituent words, and normalizing elongated words
and punctuation, in line with Mozafari et al. (2019)
and Sohn and Lee (2019). To retain indicators of
sentiment, variables were added for whether capital
letters were used, elongated words and punctuation
(Hutto and Gilbert, 2014). The remaining text was
truncated to a length of 100 tokens. Longer tweets
were abridged while shorter ones were padded.

5.2 Models
Four classes of models with varying levels of
semantic contextualization were trained, includ-
ing three classes of unimodal models—unimodal-
image models, context-invariant unimodal-text
models (LSTM), and context-aware unimodal-text
models (Transformers)—and multimodal models.
Only the best performing model in each class is
reported and their tuning described. Full results are
available in the supplemental materials.

For unimodal-image models, Xception, NASNet,
and Inception-ResNet V2 (Chollet, 2017; Szegedy
et al., 2016a; Zoph et al., 2018) were tested and
Xception had the highest performance as mea-
sured by the weighted F1 score. For context-
aware unimodal-text models, albert-xxlarge-v2,
bert-large-uncased, electra-large-discriminator, and
roberta-large (Lan et al., 2019; Clark et al., 2020;
Liu et al., 2019) were tested with roberta-large per-
forming best. For multimodals, the intermediate
concatenations approaches of Gomez et al. (2020)
and Sabat et al. (2019) and a joint representation ap-
proach (“MMBT”) (Kiela et al., 2019) were tested
with the joint representation approach performing
best.

5.2.1 Unimodal-Image
The first level of semantic contextualization con-
sists of only image information. The extraction

4The documentation is available at https://github.
com/cbaziotis/ekphrasis

of image features was conducted with Xception
(Chollet, 2017). Xception decouples the mapping
of cross-channel and spatial correlations by per-
forming a depthwise convolution before a point-
wise convolution. This improves Top-1 and Top-5
accuracy on ImageNet compared to Inception and
a significant increase in performance on the larger
JFT image corpus despite maintaining the same
number of model parameters (Chollet, 2017). It has
yet to be applied to the task of hateful image recog-
nition but outperforms methods that have (Gomez
et al., 2020; Yang et al., 2019; Sabat et al., 2019)
in general image recognition tasks (Soo Ko, 2020).

The weights pre-trained on ImageNet were
downloaded from the Keras library.5 Data aug-
mentation was applied to the images in the train
set prior to passing them through the network, in-
cluding slight random rotations, height and width
shifts, and horizontal flips. The images were passed
in batch sizes of 32, following the approach of
Szegedy et al. (2016b). The weights in the bottom
layers were frozen while updates occurred only
on the top 5%. A classifier was placed atop the
CovNet which used two-dimensional Global Av-
erage Pooling followed by a fully connected layer
of 1024 nodes with ReLU activation and a Soft-
Max output layer with dropout. During training,
the same hyperparameters proposed by the origi-
nal paper for the ImageNet task were applied with
the addition of the early stopping regularization
technique.

5.2.2 Unimodal-Text
In order to understand the impact of textual con-
textualization on the detection of implict hate, two
approaches to text-only classification were imple-
mented: (1) a context-invariant LSTM model and
(2) context-aware transformer-based models.

Context-Invariant LSTM The baseline context-
invariant model consists of a bi-LSTM with pre-
trained fastText embeddings (Schuster and Pali-
wal, 1997). This is the strongest alternative to
a transformer model because it considers future
context (Graves and Schmidhuber, 2005) and ap-
proximately represents OOV words via character n-
grams (Bojanowski et al., 2016; Joulin et al., 2016).

The LSTM comprised an embedding layer of
length 300, two bidirectional LSTM layers of 256
hidden nodes with a dropout of 0.2, and a fully con-

5These weights can be found here: https://keras.
io/api/applications/
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nected output layer. It was trained over 50 epochs
with early stopping of a 10-epoch patience and
0.01 minimum average validation loss improve-
ment using mini-batches of size 64 bucketed by
length to reduce the need for padding. Parameters
were optimized using the weighted ADAM algo-
rithm (Loshchilov and Hutter, 2017) with a Cross
Entropy Loss function. A hyperparameter search
was conducted across the learning rates ∈ { 0.0001,
0.001, 0.01, 0.1, 1}.

Context-Aware Transformer The context-
aware model applies a transformer architecture,
namely roberta-large (Liu et al., 2019). Within
the transformer, each use of a word is treated
independently from its other uses. This means that,
in principle, it can distinguish between the phrase
“race card” when used in horse racing versus in
reference to the view that racial prejudice can be
advantageous to its victims. The Transformer
model was coded in PyTorch with pre-trained
weights loaded through the HuggingFace library.6

It was trained for 10 epochs with early stopping
of a two-epoch patience and 0.005 minimum
average validation loss improvement. Parameters
were optimized using the weighted ADAM
algorithm (Loshchilov and Hutter, 2017) with a
0.1 weight decay and slanted triangular schedule
(Howard and Ruder, 2018) with a warmup of
0.06. Backpropagation was conducted using Cross
Entropy Loss. A hyperparameter search borrowed
from (Liu et al., 2019) was implemented across the
learning rates ∈ { 1e-5, 2e-5, 3e-5} and mini-batch
sizes ∈ { 16, 32, 64}.

5.2.3 Multimodal
Lastly, deeper semantic contextualization may be
achieved through the inclusion of multimodal data.
Such models should, in theory, more accurately
identify implicit hate by drawing from informa-
tion contained by both the image, text, and their
interaction. Recent approaches use a transformer’s
attention mechanism to generate joint representa-
tions of images and text (Kiela et al., 2019; Li et al.,
2019; Lu et al., 2020).

The MMBT first encodes image data using
ResNet-152 with a generalized final pooling layer
pre-trained on the ImageNet dataset. The image
embeddings are combined with the tokenized text
and passed through a bidirectional transformer ar-

6These are available at https://huggingface.co/
transformers/.

chitecture that was initialized using pre-trained
BERT weights before an output layer with Soft-
Max activation makes the classification (Kiela
et al., 2019). This was implemented using the
Simple Transformers library.7 A batch size of
eight was used, with a learning rate of 1−5 trained
with early stopping, weighted ADAM optimization
(Loshchilov and Hutter, 2017) with 0.1 weight de-
cay, and a slanted triangular schedule (Howard and
Ruder, 2018) with a warmup of 0.06.

6 Results

6.1 Inter-modal Performance Comparisons
Performance for the strongest models in each of
the four modality types is displayed in Table 3.
Metrics were computed with a weighted average to
accommodate class imbalances. The multimodal
model performed the best across the four metrics,
albeit only marginally so compared to the sec-
ond best model, the unimodal-text context-aware
model. Both unimodal-text models noticeably out-
performed the unimodal-image model.

6.2 Performance by Strategy
To assess the secondary effects of defining training
objectives, accuracy based on the Strategy annota-
tion was calculated. These labels were not shown
to the model to demonstrate performance variations
hidden by oversimplified label categories.

The unimodal-text context-aware model had the
highest accuracy when identifying both “Explicit”
and “Implicit” hate (Table 3). By contrast, the
unimodal-image model most accurately identifies
non-hateful tweets, but struggles with hateful ones.

6.2.1 Ambiguity
Ambiguity is the final characteristic for which per-
formance was assessed (Table 4). A decision in the
Primary annotation is considered ambiguous if the
two annotators provided conflicting decisions.

All models had significantly higher F1 scores
on data deemed unambiguous. The multimodal
model dealt the best with ambiguity (0.692) fol-
lowed closely behind by the unimodal-text context-
aware model (0.682). The unimodal-image model
was most affected (0.758 vs 0.398) by ambiguity.

7 Error Analysis

We conducted a qualitative analysis on the errors of
the multimodal model similar to the one in Vidgen

7https://github.com/ThilinaRajapakse/simpletransformers
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Overall Accuracy by Strategy

Accuracy Precision Recall F1 Non-Hateful Explicit Implicit

Unimodal-Image 0.604 0.560 0.544 0.544 0.760 0.273 0.370
Unimodal-Text
Context-Invariant 0.737 0.707 0.737 0.719 0.713 0.742 0.798
Context-Aware 0.765 0.759 0.765 0.754 0.678 0.864 0.941

Multimodal 0.785 0.763 0.785 0.771 0.732 0.833 0.899

Count 502 502 502 502 317 66 119

Table 3: Overall performance of models and performance split by strategy. The multimodal model performs best
overall. The context-aware unimodal-text model performs best on both implicit and explicit forms of hate.

Unambiguous Ambiguous

Unimodal-Image 0.758 0.398
Unimodal-Text

Context-Invariant 0.827 0.643
Context-Aware 0.875 0.682

Multimodal 0.845 0.692

Count 272 230

Table 4: Model F1 Score by ambiguity. Entries where
annotators disagree are considered ambiguous and en-
tries with full agreement are considered unambiguous.
All models perform better on Unambiguous content.
The multimodal model performs best on ambiguous
content.

et al. (2020). Errors were inductively categorized
into “mutually exclusive and collectively exhaus-
tive” groups (Vidgen et al., 2020, p. 7). This is
visualized in the Tree Diagram in Figure 1.

The first branch on the tree is the annotator er-
rors. This occured when the model’s classification
better represented the tweet’s content, based on
the annotation codebook (as determined by this pa-
per’s authors). This represented 25% of the errors
and suggests that model performance could be im-
proved further if annotator errors were eradicated.
Model errors were the most frequent, accounting
for 66%. Lastly, in some cases we determined that
the true label was a classification other than those
provided by the annotators or the model, which
account for 9% of errors.

Model errors were further subdivided, as shown
on the tree diagram branches. Hate when None in-
cludes instances where the model classified “None”
content as “Hateful”. This was likely caused by
an over reliance on the use of slurs (i.e., a slur
being used non-hatefully), misidentification of in-

Sources of errors (N=108)

Annotators (27)

Model (71)

Hate when None (23)

Over-reliance on potential slur (12)

Over-reliance on potential code (5)

Interpersonal abuse (3)

Descriptive (3)

None when Hate (17)

Tonal (5)

Indeterminable (5)

Uses of “Nigga” (4)

Hate toward hegemonic group (3)

Reclaimed and counter-speech (31)

Missed known sender id (19)

Missed counter-speech (7)

Assumed unknown sender id (5)

Both (10)

Figure 1: Sources of classification errors for the multi-
modal model.

terpersonal abuse or confusion caused by content
which describes/reports on (but does not endorse)
hateful activities. None when Hate is the inverse.
It includes all instances where the model classi-
fied “Hateful” content as “None”. This was likely
caused by a combination of tone misjudgements
(e.g., hateful language which had positive senti-
ment), uses of the word Nigga8, hate towards a

8When the identity of the speaker was unknown and the
use was not evidently “Hateful”, annotators were instructed to
treat the tweet as “None” to avoid penalizing language most
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hegemonic group (e.g., referring to White people as
Hillbillies), and, in select cases, indeterminable rea-
sons. The final category, Reclaimed and Counter-
speech, comprises confusion beyond the “None”–
“Hateful” distinction. These were caused by miss-
ing the sender’s identity when it was knowable (i.e.,
“Reclaimed” language was classified as “None”),
assuming the sender’s identity when it was unknow-
able (i.e., “None” content was classified as “Re-
claimed”, and failing to predict “Counterspeech”.
This final type did not exhibit systematic misclassi-
fications, likely because there were few instances
overall.

8 Discussion

As hypothesized, the unimodal-text context-aware
model outperformed the unimodal-text context-
invariant model. The 3.5 percentage point increase
in F1 scores when distinguishing between Primary
labels (“Hate”, “Counterspeech”, “Reclaimed”,
and “None”) is in line with other results which
range from 0–8 percentage point improvements de-
pending on the dataset (Vidgen et al., 2019; Sohn
and Lee, 2019; Zampieri et al., 2019; Mozafari
et al., 2019).

When isolating performance by hate strategy,
this gap substantially widens to 12.2 (“Explicit”)
and 14.3 (“Implicit”) percentage points. This
demonstrates the value of semantic contextualiza-
tion for accurately identifying hate speech grows as
its overtness diminishes. This is not the case with
non-hateful content. On those, the unimodal-text
context-invariant model is 3.5 percentage points
more accurate.

Content modalities interact in ways that can cre-
ate more subtle forms of hate. For this reason, the
multimodal model was expected to outperform uni-
modal ones. This is marginally supported by the
1.7 percentage point gap in F1 score on the Pri-
mary labels between the multimodal model and the
best performing unimodal model. This improve-
ment is larger than that achieved by Gomez et al.
(2020); Sabat et al. (2019); Yang et al. (2019), but
smaller than that by Kiela et al. (2020) in similar
hate speech detection tasks. Improvements from
the incorporation of image data are minor com-
pared to the gains from the transformer model. This
may either signal underlying patterns in how mul-
timodality is used in online content or reflect the

commonly used by Black communicators. Ergo, the model
may associate its use with “None”.

data collection methods which relied on text-based
query methods through the Twitter API.

However, it is the context-aware unimodal-text
model that performs the best when assessing by
Strategy. The gaps between the unimodal-text
model and multimodal model are 2.8 percentage
points (“Non-Hateful”), 3.1 percentage points (“Ex-
plicit”), and 4.2 percentage points (“Implicit”). The
models which only consider image data are more
attuned to “Non-Hateful” tweets to the determinant
of hate identification. This implies a dissonance
between modalities which mitigates, sometimes
rightly and other times wrongly, hateful signals
from the text.

All models more accurately identify implicit
than explicit hate. This is a surprising result which
may reflect their higher representation within the
training data rather than any inherent property that
makes them more detectable.

9 Conclusion

This paper substantiates the need to consider vary-
ing forms of hate with different modalities and lev-
els of overtness. It investigates the value of context-
aware textual and multimodal features finding that
both improve model F1 score with the multimodal
model performing the best (0.771). Further, we find
that model performance is directly contingent upon
annotator agreement levels (referred to as ‘ambigu-
ity’ in the main body of the paper). These findings
are generated from a newly-annotated dataset of
5,000 tweets containing information on each en-
try’s primary attribute, modality, and strategy. This
dataset along with the annotation codebook, model
training code, and model weights are available to
encourage future research on the topic.
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2020. A BERT-Based Transfer Learning Approach
for Hate Speech Detection in Online Social Media.
In Studies in Computational Intelligence, volume
881 SCI, pages 928–940. Springer.

Karsten Müller, Carlo Schwarz, Sascha Becker,
Christopher Blattman, Leonardo Bursztyn, Mirko
Draca, Thiemo Fetzer, Evan Fradkin, Matthew
Gentzkow, Andy Guess, Vardges Levonyan, Atif
Mian, Magne Mogstad, Sharun Mukand, Hans-
Joachim Voth, Fabian Waldinger, and Noam Yucht-
man. 2019. Fanning the Flames of Hate: Social Me-
dia and Hate Crime *. Technical report.

Patrick B O’Sullivan and Caleb T Carr. 2018. Massper-
sonal communication: A model bridging the mass-
interpersonal divide. New Media & Society,
20(3):1161–1180.

Jérémie Pelletier-Gagnon and Axel Pérez Trujillo Di-
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Abstract

We propose a study of the development of
scientific topics through time, as well as the
relations between them within the scientific
field of computational linguistics and across
subfields. We use topic modeling to analyze
scientific texts published in the ACL Anthol-
ogy, and introduce a categorization of topics
in our field into 3 types: tasks, algorithms,
and data. In order to understand how top-
ics emerge, evolve, and gradually disappear
over time, we analyze the evolution of these
topics across time through several case stud-
ies. We further include in our analysis papers
published in NeurIPS, and try to understand
whether there was any influence between top-
ics in this conference focused on neural meth-
ods and computational linguistics conferences,
as well as measure the divergence over time
between conferences in terms of the topics ap-
proached. We additionally look at the relation-
ships between topics, categorizing them into
types of competing or cooperating topics.

1 Introduction

Scientific fields progress through innovation. Sci-
ence functions under the premise that, when new
better topics appear in research, they overtake the
old ones and contribute to shaping the progress
of the research field (Kuhn, 2012). Nevertheless,
scientific topics evolve interdependently (the ap-
pearance and popularity of one topic may affect
the popularity of another) and oftentimes, the focus
of research in a certain field is also influenced by
topics in other related subfields.

We propose a multidimensional approach for
studying scientific topics and their evolution, by
analyzing our field of research - computational lin-
guistics - from several points of view: we look at
the parallel evolution of topics in computational
linguistics and their popularity over time, as well

as how they relate to each other, engaging in coop-
erating or competing relationships. We also extend
this perspective by considering the interplay of top-
ics within a field, as well as the context in which
they appear, and how the same topic is portrayed in
different subfields, with a focus on the mutual in-
fluence between ideas in computational linguistics
and those in the related field of neural networks.

Among studies that track the evolution of topics
in scientific texts, Hall et al. (2008) focused on sci-
entific text in computational linguistics, analyzing
papers published in ACL, EMNLP and COLING
between 1978 and 2006. The authors identify in-
creasing and decreasing trends up to 2006, and
make predictions about the subsequent evolution
of the field. We continue the analysis including
articles published up until the end of 2018, and
uncover current shifts and trends that may not have
been predictable 15 years ago - such as the rise of
neural networks methods.

In our work, we study topics across three types:
tasks, algorithms and data. Moreover, our aim
is to further and complement the previous explo-
rations of topics in computational linguistics not
only by extending the analysis to recent years, but
also by looking at relations between topics within
and across fields. We analyze texts in four top com-
putational linguistics conferences (adding NAACL
to the three conferences analyzed in (Hall et al.,
2008)). We additionally propose an exploration
of topics across conferences and subfields, and in-
clude in our analysis papers published in the Con-
ference on Neural Information Processing Systems
(NeurIPS), which is a machine learning conference
focused on neural networks. Considering that in re-
cent years neural networks have almost dominated
methods used in computational linguistics, we try
to understand how topics approached in computa-
tional linguistics relate to those in the more focused
field of neural networks, and whether and how they
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migrate between these conferences.
Our analysis of topic relationships within com-

putational linguistics is inspired from Tan et al.
(2017), in which the authors propose a way to clas-
sify topic relationships into four types, based on
their co-occurrence in text and the degree of corre-
lation between their popularity over time. In our
paper, we extend this and take a deeper look at the
relations existing between topics in scientific text.
We propose interpretations of topic relationships in
the context of a scientific domain, and report inter-
esting findings on how these types of relationships
manifest between scientific topics, discovering, for
example, which algorithms in computational lin-
guistics are compatible with certain tasks (such
as neural machine translation and RNNs), or find-
ing pairs of topics that represent algorithms which
have replaced one another along the history of com-
putational linguistics (such as statistical machine
translation and neural machine translation).

2 Previous work

Multiple previous studies have looked at evolution
of topics through time, analyzing texts of various
genres, from news (Michel et al., 2011; Rule et al.,
2015) to emails (Wang and McCallum, 2006) to
scientific articles (Hall et al., 2008; Prabhakaran
et al., 2016; Griffiths and Steyvers, 2004; Blei and
Lafferty, 2006; Anderson et al., 2012).

Popular choices for representing topics include
topic models, to which some studies add varia-
tions specific to tracking trends over time, such as
the continuous-time model proposed by Wang and
McCallum (2006), the generative model proposed
by Bolelli et al. (2009a,b), or the dynamic topic
model (Blei and Lafferty, 2006). Hall et al. (2008)
use an approach based on topic modeling, and fo-
cus on scientific texts in computational linguistics,
analyzing papers published in ACL, EMNLP and
COLING between 1978 and 2006. Gollapalli and
Li (2015) use topic models and keyphrase extrac-
tion to compare topics in ACL and EMNLP. In
other studies on scientific articles, topic represen-
tations are enriched with additional features such
as citations (He et al., 2009). Citations and ci-
tation networks have been leveraged extensively
in previous studies for tracking scientific topics
(Shibata et al., 2008, 2009; Jurgens et al., 2018),
analyzing the structure of the scientific commu-
nity (Leicht et al., 2007), or summarizing scientific
papers (Qazvinian and Radev, 2008), or entire tech-

nical topics (Qazvinian et al., 2013). Other authors
make use of rhetorical framing to predict the pat-
terns present in the development of scientific topics
(Prabhakaran et al., 2016).

Not as many studies attempt to provide in-depth
systematic analyses of the relations between topics
within a field or across fields, independently from
the publications where they occur. Zhang et al.
(2017) introduce a learning technique to identify
the evolutionary relationships (e.g., topic evolu-
tion, fusion, death, and novelty) between scientific
topics. Grudin (2009) study the particular relation-
ship between the field of AI and Human Computer
Interaction. Shi et al. (2010) propose a temporal
comparison of grant proposals and academic publi-
cations, in an attempt to understand which precedes
the other and how they influence each other. In one
of the most extensive studies on the topic (Tan
et al., 2017), the authors propose a systematic way
of classifying relations between topics into four
types of cooperating or competing topics, based on
their patterns of co-occurrence and prevalence cor-
relation: friendships, arms-race, head-to-head, and
tryst. We build on this framework in our analysis
of the field in the following sections.

3 Dataset

Our study focuses on topics in computational lin-
guistics and their evolution. For exploring this
topic, we make use of articles published in the ACL
Anthology (Bird et al., 2008; Radev et al., 2013)
from its inception. We collect all papers published
in four top conferences: ACL, EMNLP, COLING
and NAACL over time, obtaining a total of 14,737
computational linguistics articles overall. We will
further refer to the set of computational linguistics
conferences we considered by using the general
term ACL+.

For the second stage of our study, we addition-
ally use articles published in the NeurIPS confer-
ence, from which we collect all articles published
since 1994, in total 6,520 articles. Table 1 shows
the number of articles for each time period (across
5-year time spans) for the ACL+ conferences and
NeurIPS. In Figure 1 we show the number of papers
published as a time series, computed separately for
each of the conferences considered. We make our
collected dataset as well as code used for our ex-
periments publicly available.1

1https://github.com/ananana/scientific topics history
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Period Number of articles
ACL+ NeurIPS

pre-1980 374 -
1980-1985 332 -
1986-1990 729 -
1991-1995 609 157
1996-2000 1108 842
2001-2005 950 767
2006-2010 3456 1449
2011-2015 3432 1091
2016-2018 3747 2214

Table 1: Number of articles per time period.

Figure 1: Number of published papers per conference.

4 Representation of ideas

We base our study on the premise proposed by
Kuhn (2012) that science proceeds by shifting from
one paradigm to another, viewing the evolution of
science as a series of topics that follow and replace
one another. Furthermore, we assume that these
shifts in topics are directly reflected in shifts at the
level of the vocabulary employed in the articles that
discuss them.

Based on this assumption, we choose to repre-
sent topics by relying on topics extracted using
unsupervised topic modeling, which treats docu-
ments as bags of words generated by one or more
topics. We choose to measure the topics’ evolution
over time post-hoc, using a classical topic model
and monitoring the change in topic prevalence over
time. While dynamic topic models (Blei and Laf-
ferty, 2006) allow to include temporal information
in the generated labels themselves, they impose
additional constraints on the time periods (for ex-
ample assuming the changes between consecutive
years are the same). We design our representa-
tion of topics starting from the observation that
computational linguistics research can generally be
described as comprising of a set of research tasks,
which researchers aim to solve by employing ap-
propriate algorithms, usually assisted by the use
of datasets. Based on this assumption, we propose
that topics in computational linguistics can natu-
rally be categorized into 3 types: tasks, algorithms
and data. As such, we propose a notion of scien-

tific topic in our field which consists of both a topic
and its category or type; in this view, a topic in
computational linguistics can be defined as:

(topict, typec),
typec ∈ {task, algorithm, data}, topict ∈ T,

with T representing the list of topics generated by
the Latent Dirichlet Allocation model (LDA) (Blei
et al., 2003). These topic categories can be useful
beyond our field and application, for example in
question answering systems or paper recommen-
dation systems (Augenstein et al., 2017; Park and
Caragea, 2020; Luan et al., 2018; QasemiZadeh
and Schumann, 2016). In order to identify the top-
ics occurring in our corpus of scientific texts, we
first train an LDA model on the full texts extracted
from computational linguistics articles, and use it
to extract a set of 100 topics which we will use to
analyze the evolution of the field in the next stages
of our study. We use the Mallet implementation of
LDA2, with parameters set to 100 topics, and 100
training passes. The asymmetric prior distribution
was learned directly from the data. The resulted
model has a topic coherence score of 0.484 accord-
ing to the CV coherence measure.

In order to maximize the quality of the produced
topics, we first label the obtained sequences with
POS tags and select only words with POS tags
corresponding to content words: nouns, verbs, ad-
jectives, and adverbs, and discard the rest. We
lowercase and lemmatize the texts, and we extract
bigrams and trigrams using PMI scores to select
words which occur together with high probability
and add them to our vocabulary and document rep-
resentations. On the collection of articles published
in the ACL Anthology preprocessed as described
above, we train the topic model to extract 100 top-
ics. We do not intervene with significant changes
on the output of the model, and only add minor cor-
rections, through manual curation: we remove 10
of the extracted topics which we do not consider to
represent coherent or interesting ideas, and merge a
few topics which were redundant. We are left with
a total of 82 topics.

We then manually label each topic with one of
the three proposed categories: task / algorithm /
data, and obtain the final list of topics occurring
in our corpus. Each topic can be assigned one or
more types: we obtain 53 topics labelled as tasks,
33 of the topics are algorithms, while 7 topics fall

2http://mallet.cs.umass.edu/

1910



Figure 2: Distribution of topics for each type.

into the data category. Some topics belonging to
the task type are, for example, morphology, event
extraction, or summarization. Topics such as recur-
rent neural networks or topic models fall under the
category of algorithms, whereas lexicons and par-
allel corpora are categorized as data (or resources).
A few topics refer to inherently connected tasks
and algorithms, we label those with both types - as
is the case of neural machine translation or statis-
tical machine translation. The appendix lists the
entire set of extracted topics, along with the top
10 keywords that are relevant for each, as well as
their types. When topics were merged, the list of
keywords relevant for each topic were merged into
one larger list.

After having generated our list of topics, we fur-
ther extract for each paper a list of relevant topics,
considering only those which are present in the
topic distribution for that document with a proba-
bility greater than 0.01. After this step, we are left
with almost 13 relevant topics per article, on aver-
age. Finally, we measure the prevalence of a topic
during a certain year by computing the empirical
probability of its occurrence relative to the total
number of topics that were approached overall in
that year:

P (t|y) =
∑

d:td=y

P (t|d)P (d|y)

=
1

Cy

∑

d:td=y

P (t|d)

=
1

Cy

∑

d:td=y

∑

t
′
i∈d

I(t
′
i = t),

where I is the indicator function, td is the year in
which document d was published. The conditional
probability of a topic given a document P (t|d) is
thus equal to 1 if the topic is present in the doc-
ument and 0 otherwise. Cy represents the total
number of documents written in a year y.

Figure 2 illustrates the distribution of topics
across the computational linguistics corpus for each
of the 3 topic types. Although the list of topics is

Topic Top cited authors
Sentiment analysis (task) J Wiebe, C Manning, L Lee,

B Liu, B Pang
Topic models (algorithm) C Manning, D Blei, A Mccallum,

A Ng, Y Bengio
Coref. resolution (task) C Manning, V Ng, D Klein,

D Roth, C Cardie
Discourse (task) D Marcu, A Joshi, C Manning,

B Webber, B Grosz
Speech recognition (task) E Shriberg, A Stolcke,H Ney,

J Hirschberg, M Johnson
Neural MT (task, algorithm) Y Bengio, K Cho, C Manning,

I Sutskever, O Vinyals

Table 2: Most influential authors for a subset of topics.

generated using the full dataset of papers published,
in our time series showing the popularity of top-
ics in scientific papers over time we only consider
papers published after 1978, when ACL was first
organized. Similarly, when considering topics oc-
curring in NeurIPS, our analyses will include the
years when NeurIPS papers were published. All of
the plots in the following sections show smoothed
versions of the raw values of topic probabilities per
year, using a rolling average with a window of two
years.

5 Selected topics and trends

In order to narrow our focus to subsets of topics
worthy of interesting insights, we propose a few
ways to select topics that stand out and comment on
their development over time - several case studies
will be presented in the following subsections.

We also look into the most influential authors for
each topic. We consider citations as an indicator of
the influence of an author over a topic, and we thus
measure the influence of each author for a topic by
counting all of the occurrences of citations referring
to the given author (regardless of the topic of the
cited article) in all documents in our collection
where the topic is present. Table 2 shows the top
5 most influential authors, ranked by number of
citations, for a selection of topics.

Confirming and refuting predictions We first
confront our findings with the predictions made in
previous studies which looked at the evolution of
scientific ideas in computational linguistics. Hall
et al. (2008) identify a list of topics which were
then on an increasing trend in 2006: classification,
probabilistic models, statistical parsing, statisti-
cal machine translation and lexical semantics. We
find among our topics those which best match their
list, then analyze their evolution in order to see
whether the predictions made then still hold today.
Figure 3 shows the evolution of four of these topics
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Figure 3: Topics on an increasing trend in 2006.

Figure 4: Top prevalent ideas in computational linguis-
tics and their evolution.

until 2018: not all of the topics have maintained
the same upward trend all through 2018. Statisti-
cal machine translation and probabilistic models
suffer a decrease in popularity after 2010; classi-
fication, though still very popular, has reached a
plateau, while lexical semantics seems to be still
on an increasing trend, though less abruptly.

Most prevalent topics In our second case study
we focus on the most prevalent topics overall,
which we consider to be ones that over time have
received the greatest attention in computational lin-
guistics research. To find these, we average the
probability of occurrence of a topic in each year,
obtaining for each topic an overall score of preva-
lence:

Prev(t) =
1

|Y |
∑

y∈Y
P (t|y)

Figure 4 shows the evolution of the top 5 most
prevalent topics in ACL+ across time. Most of
these were very popular in the earlier days of com-
putational linguistics and started to decrease around
1990, such as the topics related to syntax. Com-
plexity analysis has a steady evolution across time,
maintaining a relatively flat trend.

Topics with largest variation In our next analy-
sis, we extract topics which vary most in popularity
over time, hoping to discover topics which stand
out because of their dramatic evolution over time.
We do this by considering the distribution of proba-
bilities for a topic over the years, and measuring its
standard deviation, for each topic, then select those

Figure 5: Topics which show greatest variation in lin-
guistics conferences and their evolution.

topics where standard deviation is highest. The top
5 such topics and their evolution are illustrated in
Figure 5. It seems that the most dramatic varia-
tions are related to recent increases in popularity
of certain topics, most of which relate to machine
learning. The steep and constant increase in popu-
larity of the learning topic is apparent. Among the
first 5 topics which vary most dramatically in pop-
ularity over time we find topics related to neural
networks, which although very recent relative to
the entire history of computational linguistics, have
quickly caught up in popularity and even surpassed
more traditional topics in the field, and show an
abrupt increase in popularity after 2010. We ana-
lyze topics related to neural networks in more detail
in the following paragraphs.

Neural networks In our final case study, we zoom
in specifically on topics related to neural methods.
These are shown in our previous results to be the
stars of recent years in computational linguistics,
showing an abrupt increase in popularity.

The list of topics generated by our LDA model
produce no less than four distinct topics related di-
rectly to neural networks, found in computational
linguistics papers, which is already remarkable for
such a recent topic. These are: neural networks,
recurrent neural networks, neural machine trans-
lation and embeddings. To these we add for our
analysis the topic of learning, as the general class
of topics under which neural networks fall, and
whose evolution we also expect to be affected by
the popularity of neural networks.

Furthermore, we compare the trends of neural
network related topics in ACL+ to the same trends
present in a conference focused primarily on neural
networks: NeurIPS. In order to achieve this, we
use our LDA model trained on ACL+ papers to ex-
tract topics from NeurIPS papers. Figure 6 shows
the evolution of topics related to neural methods
in papers published in ACL+ and in NeurIPS, re-
spectively. Both papers in ACL+ and in NeurIPS
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Figure 6: Neural topics evolution in ACL+ vs NeurIPS.

show the same steep increase in recurrent neural
networks and neural machine translation starting
between 2010 and 2015. Learning has a clearly
more stable evolution in NeurIPS, where it has been
a very popular topic from the beginning, as com-
pared to computational linguistics, where it sees a
steady and still continuing increase. Interestingly,
neural networks as a general topic evolve differ-
ently in NeurIPS and ACL+: while in computa-
tional linguistics they are a recent topic, with a sud-
den increase in popularity after 2010, in NeurIPS
they were widely discussed from 1994, and have
suffered a decline up to 2010 when they started
following the same upward trend.

6 Relationships between Topics

Methodology We use measures of relatedness be-
tween topics on two dimensions: co-occurrence
and prevalence correlation, to characterize relation-
ships into four major types of relations, which will
be described and interpreted in more detail in this
section: friendship, head-to-head, arms-race and
tryst.

For categorizing pairs of topics into these types
of relationships, we obtain co-occurrence scores
for a pair of topics by computing the PMI score
for the topics as they co-occur in documents, and
compute the correlation score as the Pearson cor-
relation between the time series represented by the
topic’s probability over time.

Corr(t1, t2) =∑
y(P (t1|y)− P (t1|y)((P (t2|y)− P (t2|y))√∑

y(P (t1|y)− P (t1|y)2
√∑

y(P (t2|y)− P (t2|y)2

We then split each of these two dimensions into
two classes (positive/negative co-occurrence, and
positive/negative correlation), obtaining the four
types of relationships from their combinations. We
first standardize the distributions of co-occurrence
and correlation scores, then split the relations land-
scape into four parts, depending on where they

Figure 7: Examples of topics in friendship relation-
ships and their evolution over time.

are situated on the two axes: positive/negative co-
occurrence and positive/negative correlation.

We also compute a measure of strength of each
relationship between a pair of topics, which is
simply the product of the two scores, in absolute
value. Sorted by the average strength of top 25
relations of that type, the relations rank as follows:
friendships>head-to-head>tryst>arms-race. Ta-
ble 3 shows the top pairs of topics with the strongest
relations for each relation type, as well as their
strength. The appendix contains tables with the top
10 relations for each relation and topic type.

We separately identify relations between differ-
ent types of topics, and propose that some relations
are more meaningful for certain topic pairings than
others, depending on their types. For friendships,
which refer to cooperating topics, we focus on topic
pairs of different types, between which this relation
is established, in order to discover the tasks go to-
gether with specific algorithms or datasets. For the
other relation types (arms-race, head-to-head and
tryst), we suggest that the cross-type topic pairs
are less meaningful - since these types of relations
can be interpreted as occurring between competing
topics - for these we focus instead on same-type
topic pairs (between tasks and tasks, algorithms
and algorithms, data and data). In the tables pre-
senting top relationships for each type, we restrict
our focus to only topic pairs of types which can be
meaningfully matched for each relation.

Friendships Two topics are ”friends” if they tend
to co-occur in the same texts and are also corre-
lated in their prevalence over time. These are topics
which go together, or ”cooperate” - they are often
found in the same documents and are used together
in the analysis of a certain idea or area of interest.
Figure 7 shows the top strongest friendship rela-
tionships between a task and an algorithm, and an
algorithm and data, respectively. We discover, for
example, that the neural machine translation task
is most associated with the recurrent neural net-
works algorithm, and that for the task of statistical
machine translation, parallel corpora are the most
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Topic1 Topic2 Rel Type Rel Strength
Neural MT (Task) RNNs (Algorithm) Friendship 13.03
Statistical MT (Task) Parallel Corpora (Data) Friendship 4.25
Transfer Learning (Algorithm) Parallel Corpora (Data) Friendship 3.76
Phonology (Task) Semantic Role Labelling (Task) Arms-race 1.98
Topic Models (Algorithm) Dependency Parsing (Algorithm) Arms-race 1.45
Unification (Task) Neural MT (Task) Head-to-head 6.27
Grammars (Algorithm) Neural MT (Algorithm) Head-to-head 5.40
Statistical MT (Algorithm) Neural MT (Algorithm) Tryst 2.91
Vision/Multimodal (Task) Scene Description (Task) Tryst 2.20
Dictionaries (Data) Parallel Corpora (Data) Tryst 2.23

Table 3: Top strongest relationships for each type, along with strength scores.

Figure 8: Examples of topics in head-to-head relation-
ships and their evolution over time.

useful types of datasets.

Head to head Topics in a head-to-head relation-
ship do not tend to co-occur in the same documents,
and are anti-correlated over time. These are topics
which have nothing in common, or are even rivals.
In Figure 8 we can see the strongest head-to-head
relationships in our corpus between tasks and al-
gorithms respectively. One example is the relation
between grammars and neural machine translation:
these are rarely treated together in studies; more
than that, while neural machine translation shows
a recent increase in popularity, grammars are on a
declining trend.

Arms race An arms-race relation characterizes
topics that are correlated in their usage over time,
but do not tend to co-occur within the same doc-
uments. Topics in this type of relationship tend
to evolve in a similar pattern over time, possibly
with an underlying common cause, even though
they are not directly related: such is the case of
many algorithms which were widely used before
being recently replaced by neural networks. Figure
9 shows two such pairs of topics: phonology with
semantic role labelling, and topic models with de-
pendency parsing, which show similar decreasing
trends, but are not referred to in the same articles.

Trysts Tryst is a relationship between topics which
tend to co-occur in the same texts, but are anti-
correlated in prevalence over time. We show that
according to our study, this is one of the most inter-
esting relations occurring between scientific topics,

Figure 9: Examples of topics in arms race relationships
and their evolution over time.

Figure 10: Examples of topics in tryst relationships and
their evolution over time.

and propose that it is useful for discovering top-
ics that are replaced by others: topics which share
a common niche of the research field, but as one
topic increases, the other decreases.

In Figure 10 we see two such relationships,
which uncover interesting topic pairs. One is sta-
tistical machine translation versus neural machine
translation, which is clearly a topic in the sub-
field of machine translation which has recently re-
placed the previous one as the primary focus of
researchers. A similar phenomenon may have oc-
curred for data-typed topics related to language
resources: while dictionaries are overall more stud-
ied, they are on a decreasing trend, and have now
been surpassed in popularity by parallel corpora.

7 Relations between conferences

Conference divergence In this part of our study
we focus on the relations between conferences in
computational linguistics. We compute divergence
between conferences using Jensen-Shannon diver-
gence applied on their topic distributions generated
by papers published in each conference. Jensen-
Shannon divergence is computed as the average of
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(a) ACL+ conferences. (b) ACL+ vs NeurIPS.

Figure 11: Conference divergence over time for (a)
ACL+ conferences and (b) ACL+ vs NeurIPS.

the KL divergences between each of the distribu-
tions and the average of the distributions. Its value
is 0 for identical distributions, and tends to infinity
as the two differ more and more.

Figure 11 shows the pairwise divergence over
time between the computational linguistics confer-
ences, as well as between the linguistics confer-
ences and NeurIPS. The span of each pairwise di-
vergence plot is limited to the span of the youngest
conference in the pair; the values are smoothed
using a rolling average with a window of 2 years.
The plot reveals a decreasing trend for all confer-
ence pairs. ACL and COLING are the conferences
with the oldest history, and show a steady but mild
decrease in divergence throughout their evolution.
The most similar conferences are shown to be ACL
with EMNLP and with NAACL, which also show
the steepest decrease in divergence.

We further extend our study to contrast the com-
putational linguistics conferences with NeurIPS.
It is interesting to see that, even though compu-
tational linguistics and neural methods are tech-
nically distinct fields, the linguistics conferences
still tend to converge with NeurIPS over time (al-
though the absolute divergence between these is
still considerably higher than among computational
linguistics conferences). The most similar confer-
ence to NeurIPS in terms of the topics approached
seems to be EMNLP, which from its beginning was
the closest to NeurIPS among all linguistics con-
ferences. This is perhaps explained by the more
applied character of EMNLP compared to the oth-
ers. In contrast, COLING, the oldest and most
linguistics-focused of the conferences, is the least
similar to NeurIPS, although still shows a tendency
towards decreasing this gap.

Synchronicity of topics across conferences
Next, we introduce a second measure of similarity
between conferences, this time over particular top-
ics, in order to understand if conferences are syn-
chronized in the topics they approach, and if this
depends on particular sets of topics. Similarly to

Topic Correlation
Reinforcement learning 0.93
Finite state machines 0.90
Disambiguation 0.90
Ranking 0.89
Neural machine translation 0.88

Table 4: Correlated topics between ACL+ and
NeurIPS.

the measure of correlation used in the topic relation-
ship analysis, the correlation between conferences
for a subset of topics T is simply computed as the
prevalence correlation of topics over time, on aver-
age, for each topic in the subset considered - this
time between its evolution in the two conferences
(or sets of conferences) to be analyzed.

CorrT (c1, c2) =
1

|T |
∑

t∈T
Corrt(c1, c2),

where the correlation between two conferences for
a certain topic t is defined as:

∑
y(P (t|y, c1)− P (t|y, c1)((P (t|y, c2)− P (t|y, c2))√∑

y(P (t|y, c1)− P (t|y, c1)2
√∑

y(P (t|y, c2)− P (t|y, c2)2

Using this measure we try to analyze how similar
topics appear in different conferences over time,
whether they follow similar trends or even influence
each other.

With an average correlation across all topics be-
tween NeurIPS and ACL+ of 0.71, this measure
also shows a fairly similar evolution of topics be-
tween the conferences overall. We should note
however that the topics used in the analysis were
generated only from ACL+ papers, so topics exclu-
sive to NeurIPS are not considered. We then rank
the topics in our list by the correlation of their evo-
lution in NeurIPS versus ACL+: 5 topics among
the top 10 with the most correlated evolution are
shown in Table 4.

Neural topics in computational linguistics ver-
sus NeurIPS Neural networks are an interesting
subset of topics, which have very quickly become
very popular in computational linguistics, and are
today common as central foci of both ACL+ and
NeurIPS. The average correlation between ACL
Anthology and NeurIPS for topics related to neural
methods (neural networks, RNNs, neural MT and
embeddings), is 0.58, which interestingly is lower
than the overall correlation across all topics.

We try to understand whether these conferences
are synchronized in the way they approach top-
ics and hope to understand, by comparing their
evolution, if they mutually influence each other,
especially regarding topics which are relevant for
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(a) Neural networks topics (b) All topics

Figure 12: Correlation between topics in ACL+ vs.
NeurIPS papers adjusted with lags.

both. In order to analyze this phenomenon, we
compute the correlation between the evolution of
topics, this time introducing an artificial lag for the
papers in ACL Anthology. The correlation of topic
time series is computed using an updated definition
of topic probability:

Pl(t|y) = P (t|y + l)

where l is a lag factor. Figure 12 shows the correla-
tion between the evolution of topics after applying
lags ranging from −25 to 25 years, for the full set
of topics, as well as for the subset of topics related
to neural networks. If there is any asynchronicity
in the way topics appear in the two fields, the lag
corresponding to the best correlation should help
us find the delay with which topics gain popularity
in the two conferences comparatively.

In our case, the optimal lag value across all top-
ics is found to be exactly 0, whereas for neural
topics the optimal lag is 1 year, showing a slight de-
lay in the approach of neural method related topics
in ACL+. Overall, ACL Anthology and NeurIPS
seem fairly synchronized when in comes to innova-
tion in this area.

8 Conclusions

We presented in this article an analysis of the top-
ics found in computational linguistics conferences.
We enhanced topics with their types by categoriz-
ing topics into tasks, algorithms, and data; and
showed how the field has evolved, uncovering gen-
eral trends, as well as new unforeseen trends such
as the abrupt rise of neural network methods. We
also identified the most influential authors for each
topic, which can provide interesting insights as-
suming most cited authors when discussing an idea
carry a big share of the responsibility of introduc-
ing and promoting the idea. A more sophisticated
method for identifying influential authors could in-
clude a normalization factor based on the number
of citations.

We additionally included a study of relations

between topics and between subfields, to gain in-
sight into the interplay between topics within and
across fields. Our analysis confirmed the strong
cooperative relationship between certain tasks and
algorithms, such as neural machine translation and
recurrent neural networks, but also revealed some
interesting less obvious ways in which some topics
relate - automatically identifying topics which re-
place others in the preference of scientists in a sub-
field (such as the change in paradigm for machine
translation). In a separate experiment, we zoom
in on the topic of neural networks, and compare
the evolution of this topic in computational linguis-
tics conferences to its parallel development in a
conference dedicated to neural networks: NeurIPS.

Through the various complementary analyses
we performed, we try to contribute to answering
the question of how scientific topics emerge and
gain traction by considering internal as well as ex-
ternal factors, and the scientific context in which
trends appear and evolve. In the future, we would
like to explore predictive models of what research
topics would gain popularity in upcoming years. It
would also be interesting to explore the effect of
extracting more fine-grained topics, which could
help with identifying more subtle trends - at the
technical level, this would involve controlling the
level of noise when increasing the number of topics.
We will also explore in more depth the properties
of the emerging network of topic relations, and the
types of topics involved. Exploring more complex
topic structures could help model more sophisti-
cated notions such as scientific paradigms.

Acknowledgements

We thank our reviewers for their valuable com-
ments and feedback that helped improve the quality
of our paper. This research is supported in part by
NSF CAREER award #1802358, NSF CRI award
#1823292, and UIC Discovery Partners Institute to
Cornelia Caragea. This research is also partially
supported by a grant of the Ministry of Research,
Innovation and Digitization, CNCS/CCCDI UE-
FISCDI, project number 108, within PNCDI III.
The computation for this project was performed on
Amazon Web Services.

Ethical Statement

All our data are extracted from publicly available
sources. There are no ethical issues concerning our
work.

1916



References
Ashton Anderson, Dan McFarland, and Dan Jurafsky.

2012. Towards a computational history of the acl:
1980-2008. In Proceedings of the ACL-2012 Spe-
cial Workshop on Rediscovering 50 Years of Discov-
eries, pages 13–21. Association for Computational
Linguistics.

Isabelle Augenstein, Mrinal Das, Sebastian Riedel,
Lakshmi Vikraman, and Andrew McCallum. 2017.
SemEval 2017 task 10: ScienceIE - extracting
keyphrases and relations from scientific publications.
In Proceedings of the 11th International Workshop
on Semantic Evaluation.

Steven Bird, Robert Dale, Bonnie J Dorr, Bryan Gib-
son, Mark Thomas Joseph, Min-Yen Kan, Dongwon
Lee, Brett Powley, Dragomir R Radev, and Yee Fan
Tan. 2008. The acl anthology reference corpus: A
reference dataset for bibliographic research in com-
putational linguistics.

David M Blei and John D Lafferty. 2006. Dynamic
topic models. In Proceedings of the 23rd interna-
tional conference on Machine learning, pages 113–
120. ACM.

David M Blei, Andrew Y Ng, and Michael I Jordan.
2003. Latent dirichlet allocation. Journal of ma-
chine Learning research, 3(Jan):993–1022.
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A Full list of topics
Domain adaptation (task) domain adaptation adapt cross data share weight distribution multi scenario
Automata (algorithm) string transformation finite operation transducer stre match regular weight symbol
Morphology (task) morphological arabic morpheme stem suffix morphology prefix root affix inflection
Multi-word expressions (task) expression collocation literal metaphor idiom mwe multiword descriptor mwes

compositional
Sentiment analysis (task) sentiment negative positive opinion polarity lexicon subjective classification

subjectivity neutral
Trees (algorithm) tree node child root subtree parent forest leaf branch depth
Reinforcement learning (algorithm) action agent dialog policy reward instruction environment goal human

reinforcement
SVMs (algorithm) kernel svm bag vector bow space reranke linear clue support
Linear programming (algorithm) constraint solution variable solve inference constrain ilp hard linear soft
Argument mining (task) claim essay argument stance email evidence support debate statement topic
Topic models (algorithm) document topic lda collection distribution topical latent content coherence

background
Clustering (algorithm) cluster clustering group induce merge class partition gold induction centroid
Language acquisition (task) student author learner simplification write native readability grade complex read
Generation (task) generation generator content record surface realization choice plan selection

component
Named entity recognition (task) token joint ner span crf sequence labeling normalization pipeline crfs
Discourse segmentation (task) segment segmentation boundary unit length break sequence segmenter segmented

window
Events/temporal (task) temporal anchor event tense expression interval causal date day reference
Phonology (task) letter phoneme syllable pronunciation phonetic vowel phonological stress

consonant sound
Stylistics (task) emotion social gender age group emotional participant people relationship person
Unification (task) grammar unification head formalism cat description hpsg sign definition constraint
Language models (task) gram probability bigram lm perplexity trigram unigram estimate vocabulary smooth
Textual entailment (task) entailment inference hypothesis game textual player rte premise entail team
Biomedical (task) cue medical citation abstract patient scientific scope biomedical cite article
Anaphoral/coref. resolution (task) pronoun mention antecedent coreference resolution coreference resolution

anaphor resolve anaphoric
reference

Dependency parsing (algorithm) dependency parser parse head treebank tree dependent projective arc accuracy
Database/resources (data) template database logical hybrid variable city expression meaning sql equation
Social media/web data (data) user response post comment message conversation thread interaction feedback reply
Summarization (task) summary summarization document rouge compression content length extractive

human duc
Spelling correction (task) error edit correction spelling revision rate confusion preposition incorrect learner
Evaluation/annotation (task) human metric paraphrase reference correlation quality automatic judgment judge

rating
annotation annotator annotate agreement annotated gold scheme guideline
automatic manual

Semantic role labelling (task) argument predicate role arg srl syntactic identification propbank labeling core
Discourse (task) discourse relation coherence connective implicit unit explicit paragraph marker

rhetorical
Syntactic structure (task) noun adjective compound head modifier modifi nominal determiner proper adverb

verb subject object class preposition verbal noun passive argument syntactic
syntactic linguistic syntax grammatical construction structural lexical deep surface
phenomenon

Lexical semantics (task) similarity vector cosine distributional sim distance weight relatedness space lsa
Learning (algorithm) weight log parameter objective loss update optimization linear optimize paramet
Probabilistic models/distributions (algorithm) distribution probability sample variable latent prior parameter estimate inference

generative
Statistical MT (task,algorithm) alignment align link probability ibm aligned null correspondence aligner heuristic

translation translate quality mt target statistical translator smt reference bilingual
translation bleu reorder decode smt hypothesis side decoder target chinese

Transfer learning (algorithm) target transfer projection mapping project side map direct ds auxiliary
Speech recognition (task) speech recognition speaker asr speak utterance acoustic transcript transcription

prosodic
POS tagging (task) tag pos tagger chunk accuracy tagging speech unknown tagset sequence

treebank wsj fragment accuracy bracket pcfg probability np penn treebank head
Lexicons (data) lexical lexicon item entry lex lexeme coverage associate derive substitution
Constituent parsing (algorithm) clause constituent head relative coordination subject element position complement

mark parse parser grammar chart parsing span tree syntactic stage
Multilinguality (task) resource french spanish multilingual pivot german corpora italian dutch portuguese

Table 5: Extracted topics and relevant keywords
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Unsupervised learning (algorithm) learning sample supervise unsupervised selection unlabeled iteration active supervised
unlabeled

Ranking (algorithm) candidate rank selection ranking denote weight framework ranker probability
combination

Embeddings (algorithm) vector embedding matrix embed space dimension vec dimensional mikolov tensor
Plan-based dialogue (task,algorithm) dialogue utterance act speaker plan turn goal belief conversation request
Question answering (task) question answer passage question answere match paragraph trec reason factoid relevant
Event extraction (task) event trigger mention extraction document ace attack argument entity relevant
Grammars (algorithm) grammar derivation symbol terminal production nonterminal free cfg adjoin string
Logical forms (algorithm) formula logic interpretation logical scope operator theory proposition predicate

expression
Knowledge base (data) entity mention wikipedia link person kb article document page title
Information extraction (task) pattern seed extraction acquire acquisition bootstrappe web relationship discover match
Applications (task) user tool module interface component support file format display design
Disambiguation (task) interpretation ambiguity ambiguous processing preference strategy disambiguation

attachment mechanism
heuristic

Graphs/AMR (algorithm) graph edge node vertex graphs connect amr weight propagation link
Neural networks (algorithm) network layer neural cnn architecture rnn vector deep hide embedding
Narratives (task) story genre book expert worker movie narrative human collect crowdsource
Ontologies (algorithm) concept attribute hierarchy ontology taxonomy conceptual hypernym relation

hierarchical link
Prediction (task) predict prediction accuracy regression predictor error linear predictive variable effect
Quantitative analysis (algorithm) frequency count probability distribution estimate occurrence corpora association

statistical log
Vision/multimodal (task) image visual video caption multimodal modality fusion textual human modal
Parallel corpora (data) parallel bilingual monolingual corpora cross lingual keyphrase comparable translation

resource extraction
Neural MT (task,algorithm) decoder encoder nmt sequence neural attention bleu decode rnn vocabulary
Recurrent neural networks (algorithm) lstm attention vector memory embed mechanism embedding weight layer encode
Complexity analysis (task) cost memory speed index fast run bit store key efficient
Opinion mining (task) review aspect product rating restaurant opinion customer rationale hotel service
Social media (data) tweet twitter social media user twitt message hashtag detection post microblog
Transliteration (task) character chinese transliteration oov hindi unknown accuracy char urdu ctb
Dictionaries (data) dictionary definition code entry link cod dictionarie analogy database bank
Relation extraction (task) relation extraction triple relational tuple open express relationship distant supervision rel
Historical linguistics (task) change family lemma cognate russian czech linguistic historical distance swedish
Wordnet/disambiguation (task,algorithm) sense wordnet sens disambiguation synset wsd gloss disambiguate resource ambiguous
Dependency parsing (algorithm) search transition stack beam prune action shift greedy partial configuration
Information retrieval (algorithm) query search web retrieval document page relevant retrieve relevance engine
Supertagging (algorithm) category ccg np derivation supertag composition lexical ambiguity supertagger ccgbank
Asian languages (task) japanese expression korean bunsetsu particle accuracy wo marker element noun
Classification (algorithm) class classification classifier accuracy classify svm binary decision classifi combination
Sequence analysis (algorithm) sequence local position global distance length chain sequential gap permutation
Frame semantics (algorithm) frame slot schema filler framenet fill intent element role slu
Dynamic programming (algorithm) path factor ij lattice tuple cache length denote space dynamic
News articles (data) article news company year political country day people issue market
Scene description (task) object description property expression µi µi reference scene referent location spatial

Table 6: Extracted topics and relevant keywords – continuation
fig, line, block, cell, column, row, space, region, red, color
tile, ill, tim, ion, el, ed, te, tion, arc, ca
effect, suggest, choice, expect, evidence, discuss, strong, attempt, issue, alternative
une, ce, est, pour, dan, par, les, qui, des, sont
program, element, computer, basic, linguistic, procedure, component, specification, concern, kind
dataset, art, split, accuracy, outperform, benchmark, challenge, bias, setup, tune
, ooo, oooo, , oo, ooooo, uooo, oo, uu, uuuu
precision, recall, match, detection, filter, extraction, threshold, detect, confidence, identification
keyword, title, conference, computational linguistic, page, proceeding, tutorial, university, year, processing
german, read, incremental, reading, die, prime, processing, der, surprisal, field

Table 7: Excluded topics
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B Top relationships

Task Algorithm
Neural MT RNNs
Reinforcement Learning Plan-based Dialogue
Deep Learning Neural MT
Unification Grammars
Finite State Machines Phonology
Plan-based Dialogue Scene Description
Unification Logical Forms
Semantic Role Labelling Frame Semantics
Topic Models Summarization
Discourse Plan-based Dialogue

Table 8: Strongest friendship relations (task-algo).
Algorithm Data
Statistical MT Parallel Corpora
Transfer Learning Parallel Corpora
Ontologies Dictionaries
Reinforcement Learning Social Media
Combinatory Categorical Grammar Lexicons
Grammars Lexicons
Plan-based Dialogue Social Media
News Articles Topic Models
Graphs Knowledge Base
Constituent Parsing Lexicons

Table 9: Strongest friendship relations (algo-data).
Task Data
Multilinguality Parallel Corpora
Stylistics Social Media
Statistical MT Parallel Corpora
Phonology Dictionaries
Argument Mining Social Media
Transliteration Parallel Corpora
Multi-Word Expressions Dictionaries
Unification Lexicons
Named Entity Recognition Knowledge Base
Morphology Dictionaries
Opinion Mining Social Media

Table 10: Strongest friendship relations (task-data).
Task Task
Phonology Semantic Role Labelling
Morphology Discourse
Phonology Anaphora/Coref. Resolution
Phonology Relation Extraction
Phonology Discourse
Discourse Segmentation WordNet/Disambiguation
Events/temporal Phonology
Speech Recognition WordNet/Disambiguation
Statistical MT Relation Extraction
Speech Recognition Relation Extraction

Table 11: Strongest arms-race relations (task-task).
Algorithm Algorithm
Topic Models Dependency Parsing
Wordnet/Disambiguation Dependency Parsing
Finite State Machines Plan-based Dialogue
Wordnet/Disambiguation Sequence Analysis
Topic Models Statistical MT
Finite State Machines Frame Semantics
Clustering Statistical MT
Finite State Machines Ontologies
Trees Wordnet/Disambiguation
Statistical MT Wordnet/Disambiguation

Table 12: Strongest arms-race relations (algo-algo).

Data Data
Knowledge Base Parallel Corpora
Lexicons News Articles

Table 13: Strongest arms-race relations (data-data).
Task Task
Unification Neural MT
Disambiguation Neural MT
Unification Vector Spaces
Named Entity Recognition Unification
Neural MT Wordnet/Disambiguation
Sentiment Analysis Unification
Unification Summarization
Unification Prediction
Unification Language Models
Anaphora/Coreference Resolution Neural MT

Table 14: Strongest head-to-head relations (task-task).
Algorithm Algorithm
Grammars Neural MT
Grammars RNNs
Ontologies Neural MT
Logical Forms Neural MT
Neural MT Wordnet/Disambiguation
Neural MT Combinatory Categorical Grammar
Constituent Parsing Neural MT
Finite State Machines RNNs
Logical Forms RNNs
Grammars Deep Learning

Table 15: Strongest head-to-head relations (algo-algo).
Algorithm Algorithm
Grammars Neural MT
Grammars RNNs
Ontologies Neural MT
Logical Forms Neural MT
Neural MT Wordnet/Disambiguation
Neural MT Combinatory Categorical Grammar
Constituent Parsing Neural MT
Finite State Machines RNNs
Logical Forms RNNs
Grammars Deep Learning

Table 16: Strongest head-to-head relations (algo-algo).
Data Data
Lexicons Knowledge Base
Knowledge Base Dictionaries
Ontologies Neural MT
Social Media Parallel Corpora
Social Media Lexicons

Table 17: Strongest head-to-head relations (data-data).
Algorithm Algorithm
Reinforcement Learning Neural MT
Statistical MT Neural MT
Transfer Learning Neural MT
Reinforcement Learning RNNs
Dependency Parsing Constituent Parsing
Neural MT Dependency Parsing
RNNs Sequence Analysis
Learning Neural MT
Probabilistic Neural MT
Clustering Ontologies

Table 18: Strongest tryst relations (algo-algo).
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Task Task
Generation Neural MT
Generation Summarization
Statistical MT Neural MT
Summarization Neural MT
Vision/Multimodal Scene Description
Phonology Language Models
Neural MT Transliteration
Summarization Discourse
Textual Entailment Vector Space
Summarization Event Extraction

Table 19: Strongest tryst relations (task-task).
Data Data
Dictionaries Parallel Corpora
Lexicons Parallel Corpora

Table 20: Strongest tryst relations (data-data).
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Abstract

Existing Natural Language Understanding
(NLU) models have been shown to incorporate
dataset biases leading to strong performance
on in-distribution (ID) test sets but poor per-
formance on out-of-distribution (OOD) ones.
We introduce a simple yet effective debias-
ing framework whereby the shallow represen-
tations of the main model are used to derive
a bias model and both models are trained si-
multaneously. We demonstrate on three well
studied NLU tasks that despite its simplicity,
our method leads to competitive OOD results.
It significantly outperforms other debiasing ap-
proaches on two tasks, while still delivering
high in-distribution performance.

1 Introduction

Researchers have increasingly raised concerns
about the tendency of recent NLU models (De-
vlin et al., 2019; Liu et al., 2019) to quickly lever-
age spurious surface lexical-syntactic features (Po-
liak et al., 2018; Gururangan et al., 2018; Das-
gupta et al., 2018; Ghaddar and Langlais, 2017).
These superficial properties, also referred as dataset
biases (Shah et al., 2020; Utama et al., 2020b;
Moosavi et al., 2020), result in significant perfor-
mance drop on out-of-distribution (OOD) sets con-
taining counterexamples to biases in the training
data (McCoy et al., 2019; Schuster et al., 2019;
Zhang et al., 2019; Ghaddar et al., 2021).

The most common approach to tackle the prob-
lem consists in training a bias model with hand-
crafted features with the goal of identifying biased
training examples. This information is used in
a later stage to discourage the main model from
adopting the naive strategy of the bias model. Sev-
eral debiasing training paradigms have been pro-
posed to adjust the importance of biased training
samples, such as product of experts (Clark et al.,
2019; He et al., 2019), learned-mixin (Clark et al.,

2019), example reweighting (Schuster et al., 2019),
debiased focal loss (Mahabadi et al., 2020), and
confidence regularization (Utama et al., 2020a).

Recently, there has been a number of endeav-
ours to produce a bias model without prior knowl-
edge on the targeted biases or without the need for
manually designing features. Utama et al. (2020b)
propose to use instead a model trained on a tiny
fraction (< 1%) of the training data for few epochs
as a bias model; while Clark et al. (2020) and Sanh
et al. (2020) trained a low capacity model on the
full training set. These approaches target the train-
ing of the bias model alone, which is subsequently
queried while training the main model of interest.

In this paper, we propose an end-to-end debi-
asing framework which does not require an extra
training stage, or manual bias features engineering.
The bias model is indeed a simple attention-based
classification layer on top of the main model’s inter-
mediate representations. Both models are trained
simultaneously in an end-to-end manner as in (Ma-
habadi et al., 2020), where the importance of train-
ing samples for both models are adjusted using the
example reweighting technique of (Schuster et al.,
2019).1 The idea of using intermediate classifiers
has previously been explored to reduce the infer-
ence cost (Schwartz et al., 2020; Zhou et al., 2020;
Xin et al., 2021) for Transformer-based (Vaswani
et al., 2017) models.

In contrast to all previous works, our bias model
helps locating lexico-syntactic bias features, inside
the main model’s intermediate layers, whose impor-
tance is reduced by adding a noise vector; therefore
preventing the main model to rely on them. During
training, both the main and bias models interact
by interchangeably re-weighting the importance of
each others’ examples.

Our learning framework, when applied to a
1The bias model for these two works is based on hand-

crafted features.
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vanilla BERT (Devlin et al., 2019) model leads
to consistent and significant improvements on 3
NLU tasks, while maintaining a balanced perfor-
mance between ID and OOD sets. It involves a
single training stage, and only incurs a small num-
ber of extra parameters (0.5M) compared to other
approaches. For instance, Utama et al. (2020a)
used a copy of the main model (110M parameters)
as the bias model, while (Sanh et al., 2020) used
BERT-Tiny (Turc et al., 2019) that has 11M param-
eters and has been pre-trained from scratch using
the masked LM objective (Devlin et al., 2019).

2 Method

We describe an end-to-end solution for debiasing a
Transformer-based classification model. We note
x = {x1, x2, . . . , xn} the input sequence of length
n, and y ∈ {1, 2, . . . , T} the gold label, where T
is the number of classes. Figure 1 shows a diagram
of our method.

+

h1z1

vb

+

pb 0.9 0.0 0.1
h1

+

hn

hn

zn

ana1 a1 an

Figure 1: Illustration of our framework where the bias
model is placed at the top of the kth layer of the main
model. Notation is introduced in the text, for simplicity
we use hi to refer to hki . The blue rectangle indicates
the index of of the ground truth class.

2.1 Main Model

The main model is a Transformer-based BERT en-
coder (Vaswani et al., 2017; Devlin et al., 2019)
with a classifier on top of the classification [CLS]
token of the last layer. This classifier generates the
probability distribution pm ∈ RT over the output
classes given an input x. At each layer k, BERT pro-
duces an internal hidden representation hki ∈ Rd
for each token xi in the input.

2.2 Bias Model
We hypothesize that the bottom layers of the main
model can serve as input for the bias model, thus
avoiding the need for an external model or for man-
ually designed features. Our intuition is built on
the observation made by Jawahar et al. (2019) that
bottom layers of BERT mainly encode lexical and
syntactic information, and on the fact that such
models tend to quickly overfit this type of informa-
tion (Zellers et al., 2018; McCoy et al., 2019).

Our bias model is composed of an additive at-
tention layer (Bahdanau et al., 2014), followed by
a softmax one. This module uses the kth layer
of the main model as input in order to produce a
probability distribution over classes. First, a scalar
value ãi ∈ R is computed using a feed forward
neural network with weight matrices We ∈ Rd×d
and Wa ∈ R1×d such that:

ãi =Wa tanh
(
Weh

k
i

)
(1)

Those scalar values are normalized and referred
to as attentions ai:

ai =
exp(ãi)∑n
i=1 exp(ãi)

(2)

The representation vector, vb, for the bias model
is computed as the weighted sum of the intermedi-
ate representations of the kth layer:

vb =
n∑

i=1

aih
k
i (3)

We obtain the probability distribution pb over the
classes by applying a projection layer (parameter-
ized by Wy ∈ Rd×T ) followed by a softmax func-
tion: pb = softmax(W>y vb).

2.3 Biased Features Regularization
The attention weights of the bias model reveal
which hidden representations are the most infor-
mative for the classification decision of that model.
We propose to de-emphasize these “bias features”
from the main model. We do so by adding a
weighted noise vector to the hidden representations
of the main model at layer k. Let z ← {z1, . . . , zn}
be a set of zero-mean Gaussian noise vectors cor-
responding to each token in the sequence, where
zi ∈ Rd. The intermediate representations of the
main model at layer k are updated as follows:

hki ← aizi + hki (4)
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where ai determines the relative amplitude of noise
added to each token representation. A high value of
ai means that hki most likely contains bias features.
Consequently, a large amount of noise is added at
this position, which will prevent the main model
from overfitting to these features at subsequent lay-
ers.

2.4 Example Re-weighting
For both models, we adjust the importance of a
training sample by directly assigning it a scalar
weight that indicates whether the sample exhibits a
bias or not. Let pcm and pcb be the predicted proba-
bilities corresponding to the ground-truth class by
the bias and main model respectively. The weight
assigned to the main model training sample is cal-
culated as follows:

wm =

{
1− pcb pcb > γ

1 otherwise

Differently from the reweighing method
of (Clark et al., 2019; Schuster et al., 2019), we
add a hard threshold γ ∈ [0, 1] to control the
number of samples to be re-weighted. The goal
is to ensure that the importance of main model
samples will be attenuated only if the bias model
predictions fall into the high confidence bin
(γ > 0.8) on biased samples. To further strengthen
this constraint, we down-weight the importance
of bias model training samples if the main model
confidence is below a threshold β:

wb =

{
pcm pcm < β

1 otherwise

This ensures that the bias model is focusing on
easy examples at early training stages, while chal-
lenging ones are gradually fed in the later training
steps. Since the main and bias models are trained si-
multaneously, they interchangeably re-weight each
others’ examples. This is different from previous
works where all samples have the same importance
during the training phase of the bias model. For
a single training instance, the individual loss term
for the main and bias models are:

L(θB) = −wblog(pcb) (5)

L(θM ) = −wmlog(pcm) (6)

where θB = {We,Wa,Wy} are the trainable pa-
rameters for the bias model, while θM are the ones
for the main model (BERT parameters). We train

both models by minimizing the aforementioned
losses. At inference time, only the main model is
used for prediction, and no noise is added to hk. It
is worth mentioning that our proposed extension
has no impact on the overall training time.

3 Experiments

3.1 Datasets

We test our method on 3 sentence-pair classification
tasks supported by ID training and validation sets
as well as an OOD test set, which are specifically
built to measure robustness to dataset bias.

For the Natural Language Inference task, we
use the MNLI (Williams et al., 2017) benchmark
as our ID data, and HANS (McCoy et al., 2019) as
our OOD test set. For Fact Verification, we use
the FEVER (Thorne et al., 2018) benchmark for
ID evaluation, and FEVER Symmetric (Schuster
et al., 2019) (version 1) as our OOD test set. For
Paraphrase identification, we use QQP 2 as our
ID data, and PAWS (Zhang et al., 2019) as our
OOD test set.

3.2 Implementation

We use the 12-layer BERT-base model (Devlin
et al., 2019) as our main model, thus our results
can be compared with prior works. We adopt the
standard setup of BERT and represent a pair of
sentences as: [CLS] 1st sentence [SEP] 2nd sen-
tence [SEP]. For BERT hyper-parameters, we use
those of the baseline: a batch size of 64, learning
rate of 1e-5 with the Adam (Kingma and Ba, 2014)
optimizer.

Following (Clark et al., 2019; Grand and Be-
linkov, 2019; Clark et al., 2020; Sanh et al., 2020),
we tune our method hyperparameters on the OOD
sets. As pointed out by (Clark et al., 2019, 2020),
this is not ideal since it assumes some prior knowl-
edge of the OOD test sets. To best mitigate this
impact, we follow the procedure of previous works
and use the same hyper-parameters for all 3 tasks.
We varied k ([2−5]), γ ([0.7−0.9]), β ([0.5−0.7]),
and fix their values to 3, 0.8, 0.5 respectively.

However, different set of parameters performed
roughly equally well, provided that k is 3 or 4, γ ≥
0.8 and β is set to 0.5. We use early stopping and
report mean performance and standard deviation
over 6 runs with different seeds.

2https://www.quora.com/q/quoradata/
First-Quora-Dataset-Release-Question
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Model
MNLI FEVER QQP

Dev HANS Dev Symm. Dev PAWS

BERT-base 84.5 62.4 85.6 55.1 91.0 33.5

(Clark et al., 2019) 83.5 69.2 - - - -
(Schuster et al., 2019) - - 85.4 61.7 - -
(Utama et al., 2020a) 84.5 69.1 86.4 60.5 89.1 40.0
(Utama et al., 2020b)† 82.3 69.7 - - 85.2 57.4
(Utama et al., 2020b)‡ 84.3 67.1 - - 89.0 43.0
(Sanh et al., 2020)♠ 81.4 68.8 82.0 60.0 - -
(Sanh et al., 2020)♣ 83.3 67.9 85.3 57.9 - -

this work 83.2±0.1 71.2±0.2 86.9 ±0.8 63.8±0.3 90.2±0.2 46.5±2.3
w/o noise 83.7±0.3 68.6±0.9 85.5±0.5 61.6±0.6 90.4±0.3 42.4±2.1
w/o main reweighting 84.0±0.4 62.8±1.1 85.1±0.4 57.4 ±0.8 91.0±0.2 36.7±1.6
w/o bias reweighting 81.5±0.9 64.6±0.6 83.9±0.4 60.3±0.5 89.3±0.7 39.7±2.4

Table 1: Model performance when evaluated on MNLI, Fever, QQP, and their corresponding challenge test sets.
Ablation study of our method without adding noise, and without reweighting main or bias model’s training samples
respectively. Symbols are used to distinguish variants from the same paper that use a different training technique:
(†) example reweighting, (‡) confidence regularization, (♠) product of Experts (PoE), (♣) PoE+ cross-entropy.

3.3 Results

Table 1 reports accuracy scores on the development
and OOD test sets of the 3 benchmarks we consid-
ered. The baseline is the vanilla BERT-base model
which is used as a backbone for the main model
in all the configurations reported. Also, the table
shows the ablation results of our method without
adding noise, and without reweighting the training
instances of the bias and main models (setting β
and γ to 0 or 1 respectively).

First, we notice high variance in performances
between runs in the debiasing setting, which was
also reported in (Clark et al., 2019; Mahabadi et al.,
2020; Utama et al., 2020b; Sanh et al., 2020). Sec-
ond, we observe that our method offers a good
balance between gains on OOD test sets over the
baseline, and losses on ID sets. More precisely,
we report the best results on FEVER (both ID and
OOD test sets), while we improve the HANS score
on the MNLI task, but fail to maintain the baseline
score on dev as Utama et al. (2020a) did.

On QQP, Utama et al. (2020b) reported a much
higher score on PAWS (57.4% vs. 46.5%), but at
the expense of an important drop on the ID dev
set (85.2% vs. 90.2%). However, our method out-
performs this particular model on both MNLI sets,
and also shows better cross-task performances com-
pared to prior works. The results are satisfactory,
especially when considering the simplicity and ef-

ficiency of our approach. Moreover, the fact that
a single configuration works well on 3 tasks is an
indicator that our method has the potential to gen-
eralize on completely unknown OOD sets (Clark
et al., 2020).

Expectedly, deactivating the main model
reweighting mechanism results in near baseline
performances. Solely adding noise signal leads to
a modest gain of 2-3% on the OOD test sets and a
slight drop (< 1%) on the dev sets compared to the
baseline. On one hand, without adding noise, our
scores are comparable with previous works across
the 3 tasks, that is, a significant drop on OOD test
sets and minor gains on ID ones. These observa-
tions suggest that down-weighting biased examples
is important, while de-emphasizing bias features
further improves robustness.

Task
Acc. pcb > γ

w w/o w w/o

MNLI 67.9 69.7 18% 23%
FEVER 70.8 85.7 16% 28%
QQP 87.6 92.9 30% 44%

Table 2: Bias model training accuracy and percentage
of training samples correctly classified with high prob-
ability, with and without reweighting bias model exam-
ples.

On the other hand, we observe that not reweight-
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ing bias model examples results in the worst perfor-
mance on the ID sets. We conduct an analysis on
the bias model to better understand the impact of
reweighting its examples. As shown in Table 2, its
training accuracy as well as the percentage of high
confidence predictions increases when examples
are not re-weighted, further down-weighting the
main model’s training examples, which leads to a
significant drop of both the ID and OOD perfor-
mances for all 3 tasks.

a) GT: C; Main: 0.81; Bias (w/o): 0.99 (0.94)
H Yes, sir.
P No, not in particular Sir.

b) GT: E; Main: 0.74; Bias (w/o): 0.95 (0.92)
H right after the war
P Just after the war ended.

c) GT: C; Main: 0.67 ; Bias (w/o): 0.0 (0.77)
H well his knees were bothering him yeah
P He was in tip-top condition.

d) GT: C; Main: 0.39 ; Bias (w/o): 0.1 (0.89)
H Even us if you needed,” said John.
P He told them not to ask him to lift a finger.

e) GT: N; Main: 0.72 ; Bias (w/o): 0.1 (0.92)
H What changed?
P What was unique?

Figure 2: Ground Truth (GT) class probabilities of the
main and bias models on examples from the MNLI dev
set. Examples consist of an Hypothesis and a Premise,
and valid labels are: Entailment, Contradiction, and
Neutral. Probabilities of the bias model without
reweighting its examples are placed within parenthesis.

We inspected the confident scores of the main
and bias (with and without example reweighting)
models on MNLI dev set, an excerpt of which is
reported in Figure 2. On one hand, we observe that
bias models successfully assign high probabilities
to samples that can be easily classified via key-
words (e.g. ”not” in example a) and those with high
lexical overlap (example b). On the other hand, we
noticed that the bias model is performs undesirably
well on some challenging examples like (c) and (d)
of Figure 2. However, the bias model probability
always decreases when we re-weight its examples,
which eventually leads to correct prediction of the
main model as in example (c) and (e). Interestingly,
this observation suggests that training a pure bias

model is as important (and challenging) as training
the robust one.

4 Conclusion

Our key contribution is a framework that jointly
identifies biased examples and features in an
end-to-end manner. Our approach is geared to-
wards addressing lexico-syntactic bias features for
Transformer-based NLU models. Future work in-
volves testing our approach on other tasks such
as Question Answering (Rajpurkar et al., 2016;
Agrawal et al., 2018), exploring methods to obtain
proxy OOD data for hyper-parameters selection,
and making our method hyper-parameter free.

Acknowledgments

We thank Mindspore3 for the partial support of
this work, which is a new deep learning computing
framework.

References
Aishwarya Agrawal, Dhruv Batra, Devi Parikh, and

Aniruddha Kembhavi. 2018. Don’t just assume;
look and answer: Overcoming priors for vi-
sual question answering. In Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition, pages 4971–4980.

Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Ben-
gio. 2014. Neural machine translation by jointly
learning to align and translate. arXiv preprint
arXiv:1409.0473.

Christopher Clark, Mark Yatskar, and Luke Zettle-
moyer. 2019. Don’t take the easy way out: En-
semble based methods for avoiding known dataset
biases. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on
Natural Language Processing (EMNLP-IJCNLP),
pages 4060–4073.

Christopher Clark, Mark Yatskar, and Luke Zettle-
moyer. 2020. Learning to model and ignore dataset
bias with mixed capacity ensembles. arXiv preprint
arXiv:2011.03856.

Ishita Dasgupta, Demi Guo, Andreas Stuhlmüller,
Samuel J Gershman, and Noah D Goodman. 2018.
Evaluating compositionality in sentence embed-
dings. arXiv preprint arXiv:1802.04302.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
Deep Bidirectional Transformers for Language Un-
derstanding. In Proceedings of the 2019 Conference

3https://www.mindspore.cn/

1927



of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 4171–4186.

Abbas Ghaddar, Philippe Langlais, Ahmad Rashid,
and Mehdi Rezagholizadeh. 2021. Context-aware
Adversarial Training for Name Regularity Bias in
Named Entity Recognition. Transactions of the
Association for Computational Linguistics, 9.

Abbas Ghaddar and Phillippe Langlais. 2017. Winer:
A wikipedia annotated corpus for named en-
tity recognition. In Proceedings of the Eighth
International Joint Conference on Natural Language
Processing (Volume 1: Long Papers), pages 413–
422.

Gabriel Grand and Yonatan Belinkov. 2019. Ad-
versarial regularization for visual question an-
swering: Strengths, shortcomings, and side ef-
fects. In Proceedings of the Second Workshop on
Shortcomings in Vision and Language, pages 1–13.

Suchin Gururangan, Swabha Swayamdipta, Omer
Levy, Roy Schwartz, Samuel Bowman, and Noah A
Smith. 2018. Annotation artifacts in natural lan-
guage inference data. In Proceedings of the 2018
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, Volume 2 (Short Papers),
pages 107–112.

He He, Sheng Zha, and Haohan Wang. 2019. Unlearn
dataset bias in natural language inference by fitting
the residual. EMNLP-IJCNLP 2019, page 132.

Ganesh Jawahar, Benoı̂t Sagot, and Djamé Seddah.
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Abstract

Implicit bias embedded in the annotated data
is by far the greatest impediment in the effec-
tual use of supervised machine learning mod-
els in tasks involving race, ethics, and geopo-
litical polarization. For societal good and
demonstrable positive impact on wider soci-
ety, it is paramount to carefully select data
annotators and rigorously validate the anno-
tation process. Current approaches to select-
ing annotators are not sufficiently grounded
in scientific principles and are limited at the
policy-guidance level, thereby rendering them
unusable for machine learning practitioners.
This work proposes a new approach based on
the mixed-methods design that is functional,
adaptable, and simpler to implement in select-
ing unbiased annotators for any machine learn-
ing problem. By demonstrating it on a real-
world geopolitical problem, we also identified
and ranked key inane profile characteristics to-
wards an empirically-based selection of unbi-
ased data annotators.

1 Introduction

Human annotation is crucial for many supervised
natural language processing problems. Because
judgments of meaning can be subjective and vary
depending on age, knowledge, intuition, etc. A
number of previous works have studied the quality
and reliability of manually generated annotations
(Snow et al., 2008; Bhardwaj et al., 2010; Aker
et al., 2012; Peldszus and Stede, 2013). What these
works have in common is that they typically com-
pare annotators from the perspective of agreement,
i.e., the degree to which different annotators pro-
duce the same labels.

In this work, we study whether and to what ex-
tent inherent annotator beliefs and biases affect
their answers in labeling tasks. We design a la-
beling task focused on inflammatory language sur-
rounding Brexit and as part of this task we pre-

sented to participants several surveys developed
to measure their attitudes towards issues such as
race and religion, specifically the Modern Racism
Scale (MRS) (McConahay, 1986) and the Moral
Foundations Questionnaire (MFQ) (Davies et al.,
2014), and surveys capturing their knowledge, de-
mographics, and other relevant information. This
labeling task was presented to hired Amazon Me-
chanical Turk workers (over 100 turkers were hired
from 26 countries) in addition to a Subject Matter
Expert (SME) who provided ground truth labels.
We find that specific results on the Modern Racism
Scale and the Moral Foundations Questionnaire are
correlated with specific levels of agreement with
the subject matter expert, while the same is not
the case for knowledge of the topic. Furthermore,
we show that the most accurate annotators share
similar beliefs as measured by the MRS and MFQ
questionnaires. We believe our findings can inform
the selection of annotators for such difficult anno-
tation tasks as inflammatory and hateful language
detection. To the best of our knowledge, the pro-
posed work is the first to study the relation between
annotator belief and biases and the accuracy of their
labels.

To that end, this work focuses on a much-needed
approach to the systematic selection of unbiased
annotators towards improving the outcomes and re-
alism of machine learning decisions. This research
investigates and attempts to answer these questions:
(i) To what extent do domain expertise and/or psy-
chological bias impact the quality of qualitative
data annotations to develop labeled data for ma-
chine learning classification? (ii) Is there a sig-
nificant difference between how individuals label
training data? (iii) What are the commonalities be-
tween participants whose annotations best matched
the ground-truthed dataset? iv) To what extent do
those variations in data annotation impact the re-
sulting automated machine learning classification?
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(v) How do we develop a profile that quantifies the
implicit deviations within various machine learning
models?

While benchmarks exist to validate the perfor-
mance of ML in such scenarios, albeit the degree
to which data annotators affect ML outcomes for
such nuanced language patterns is unclear, nor cer-
tain is the presence of a systematic framework to
discover implicit biases among the annotators that
might have been responsible. For instance, in (Sap
et al., 2019) authors investigated the presence of
racial bias in automatic hate speech detection mod-
els, racial bias in an algorithm used to manage
the health of populations was discovered in (Ober-
meyer et al., 2019; Caliskan et al., 2017). Besides,
there exists several documented evidences of how
machine learning-driven automation has resulted
in catastrophic dangers to human security (Brown
et al., 2006; West et al., 2019; Buolamwini and
Gebru, 2018; Hamidi et al., 2018; Noble, 2018),
infrastructure resiliency (Osoba and Welser, 2017;
Vladeck, 2014), education (Pedro et al., 2019), and
economy (Anderson, 2019; Furman and Seamans,
2019). Several approaches are proposed to counter
them, including the development of guidelines and
policies surrounding the ethical use of machine
learning (Wiens et al., 2019), platforms and tool-
boxes for diagnosing biases (Brundage et al., 2020),
recommended practices, and frameworks for eval-
uating the fairness and explainability (Hardt et al.,
2016; Beutel et al., 2019; Pleiss et al., 2017; Gun-
ning, 2017). In (Sheng et al., 2008) authors sug-
gested when labeling is not perfect, selective acqui-
sition of multiple labels is a strategy that data min-
ers should consider. The purpose of this research
is to model the extent to which professional back-
ground and mental biases affect analytic results
from ML algorithms that are specifically applied to
complex social media analysis.

We propose Mixed-Method Design (MMD) as a
new approach towards selecting unbiased data an-
notators. Broadly, MMD is a method that focuses
on collecting, analyzing, and mixing both quantita-
tive and qualitative data in a single study or series
of studies. Its central premise is that the use of
quantitative and qualitative approaches, in combi-
nation, provides a better understanding of research
problems than either approach alone (Creswell and
Clark, 2017; Shorten and Smith, 2017). In this
work, the qualitative work involves conducting sur-
veys and questionnaires on modern racism, moral

foundation, demographics among 100 participants
who will also label the data. Using Subject Matter
Expert (SME) as a baseline, we built a suite of su-
pervised machine learning models from the labeled
data and compared the performance of all partic-
ipants against the SME. Finally, using statistical
analysis, we identified key profile characteristics of
data labelers that played an important role in how
they labeled the data. Our main contributions are:

• Develop a generalized framework for select-
ing unbiased data annotators for problems sur-
rounding inflammatory language, hate speech,
and others, and requiring labeled data.

• Develop an open-source web-based platform1

and deploy it to perform mixed-method de-
sign.

• Design and develop privacy-preserving and
problem-agnostic qualitative surveys and
questionnaire towards discovering implicit bi-
ases among potential data labelers.

• Identify a subset of key profile characteristics
that plays a critical role identifying reliable
annotators.

2 Mixed Method Design

The Mixed-method design workflow is shown in
Figure 1 to selecting data labelers for complex tasks
that involve risks of bias and ethics violation. The
rest of the section discusses each step in more de-
tail.

2.1 Labeling Task (Study)

This study focuses on Brexit 2016 referendum as
a narrative to investigate implicit biases among
the data labelers. Since Britain split from the Eu-
ropean Union and changed its relationship to the
bloc on trade, security and migration was both wel-
comed and denigrated and polarized the UK/EU.
In the past, several opinion polls and surveys re-
vealed a remarkable divide between generations
and demographics within and outside of UK and
EU countries.

For our study, we selected a set of 10,000 En-
glish tweets related to Brexit between January 2019
and October 2019 which was narrowed down to
2,000 tweets for ground truth annotation and to
250 tweets for annotation by Amazon Mechanical

1https://thirdeye.ornl.gov
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Figure 1: Mixed-Method Design Workflow

Turk workers.The labeling task primarily focused
on identifying whether a given tweet contains in-
flammatory language, i.e., language that is intended
to arouse anger, create and encourage disorder, pro-
voke violent feelings, or excite strong feelings for
or against something or someone. Additionally,
the participants were asked to answer the follow-
ing questions about each tweet: 1) Does this text
attempt to advocate for violence, hatred, discrim-
ination, or a specific policy? 2) Does this text
express a problem with a specific characteristic of
an ‘other’? 3) Does this text contain a propaganda
device? Before starting the labeling assignment all
participants were asked to take a short training that
provided definitions and explanations for all four
label categories.

2.2 Ground Truth Label Generation
First, a Brexit Subject Matter Expert (SME) was
hired to generate ground truth labels for the col-
lected tweets. In addition to Brexit knowledge, the
SME has previous experiences examining online
communication. The study also assessed SME’s
geo-political and demographic background. The
hired SME spent a significant amount of time in
Britain and was well versed with the geo-political
polarization in the region. However, the SME was
not a British citizen allowing an unbiased perspec-
tive. In addition to the SME, each tweet was labeled
by a social scientist with expertise in inflammatory
language and online propaganda. Obtaining labels
from two experts was done to allow us to assess the
general difficulty of the labeling task.

2.3 Participant Selection
Next, Amazon Mechanical Turk was used to hire
over 100 data annotators from selected countries
around the world. Figure 2 shows the distribu-
tion of participants. On average each participant
took three weeks to complete the study and data
labeling process. By analyzing time to label each
tweet and the generated labels we detected several
participants who were providing random labels or
who always provided the same answer. These were
removed from the study.

Figure 2: Data annotators were hired from all over the
world from majority of the English speaking countries.

2.4 Survey

Both SME and the participants have to complete
the following surveys before beginning the data la-
beling process. The surveys are designed to capture
implicit biases.

2.4.1 Symbolic Racism 2000 Scale

Racist viewpoints are a key demographic of in-
flammatory hate speech. The SR2K is a widely
used tool and is considered a reliable method for
measuring an individual’s racism (Sears and Henry,
2005). The questions within this scale measure con-
temporary attitudes (Henry and Sears, 2002). The
SR2K was incorporated in this research because
the participants are labeling data associated with
racial ideologies and understanding how they feel
about those ideologies is key to explaining their
classification choices.

2.4.2 Moral Foundations Questionnaire

The Moral Foundations Questionnaire (MFQ) is
considered to be a reliable measure of moral in-
terests (Graham et al., 2011). The MFQ was de-
veloped based on the Moral Foundation Theory in
2008 and we used the 2011 version in this research.
The MFQ was selected for use in this research be-
cause it allows us to assess participants’ political
leanings and their general moral preferences.
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2.4.3 Knowledge Survey
The participants were given a 10 question knowl-
edge survey that was designed to test participants’
previous awareness of history associated with in-
flammatory speech and the Civil Rights Movement.
This information is key to understanding partici-
pants’ prior awareness of historic issues. The in-
sights gained from this section will be used to com-
pare participants’ ability to identify inflammatory
speech.

2.4.4 Demographics Survey
The demographic survey explored general informa-
tion about the participants. The demographics col-
lected included age, ethnicity, gender, education,
marital status, employment, income, nationality,
and political affiliation.

2.4.5 Social Media Background Survey
To better understand the participants’ prior expe-
rience with social media the final section of the
pre-survey had ten questions to address those ex-
periences. The first four question of this section
were meant to test their awareness of the most pop-
ular social media platforms. The following four
questions were meant to generate a deeper under-
standing of the participants’ personal interactions
with social media platforms. The final two ques-
tions were open ended and focused on participants’
profession/career, so that an understanding of their
domain expertise may be gained without directly
asking, as responses to a direct question on exper-
tise may result in unreliable and exaggerated or
understated responses.

2.5 Platform Development for Annotation

A interactive web-based application2 is developed
to help with the data labeling process of tweets
related to Brexit. Besides, a training video with set
of instructions are designed to guide users to label
the data properly.

The remainder of the paper discusses the quali-
tative and quantitative analysis, as well as identifi-
cation and ranking of characteristics indicative of a
reliable data annotator.

3 Data Analysis

In this section we present the analysis of the col-
lected data. We measure the agreement of each

2https://thirdeye.ornl.gov

annotator with the SME and study the relation be-
tween the agreement and the annotator character-
istics measured by the surveys. Table 1 shows the
distribution of ground truth labels provided by the
SME.

Table 1: Statistics of our ground truth dataset.

True False

Inflammatory 128 122
Problematization 49 201
Advocation 66 184
Propaganda 150 100

3.1 Agreement with Ground Truth
To measure the agreement of each annotator with
the SME, we use Matthews Correlation Coefficient
(MCC)MCC ranges from -1 (perfect disagreement)
to 1 (perfect agreement) and can be calculated from
confusion matrix using the following equation:

MCC =
TP× TN− FP× FN√
R+ × R− × P+ × P−

, (1)

where R+ represents the sum of true positives
and false negatives, R- represents the sum of false
positives and true negatives, P+ represents the sum
of true positives and false positives, and P- repre-
sents the sum of false negatives and true negatives.
Figure 3 shows the range of MCC values for each
label category. In the figure, each bar represents
one annotator and the y-axis represents the MCC
score. The orange bars represent labels generated
by the social scientist with expertise in online in-
flammatory language.

In all four plots the y-axis range is -0.2 to 0.9
to allow easier comparison of results between the
different categories. An interesting observation is
that some label categories seem to have a higher
disagreement with the ground truth. For example,
this is the case for advocates violence category in
the bottom left corner which tends to have lower
MCC values than the other three categories. A pos-
sible explanation is that different people perceive
this specific narrative category differently, while
the other categories tend to be perceived more sim-
ilarly.

3.2 Analysis of Survey Results
We used box plots to compare each individual sur-
vey with GT agreement. Specifically, annotators
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Figure 3: Annotator agreement with the ground truth (SME labels) for each of the four label categories. Each
blue bar represents one annotator, while the orange bars represent annotations generated by a social scientist with
expertise in online inflammatory language.

were divided into two groups according to their
survey scores: group with a score lower than the
median score and individuals with higher or equal
to the median score. This was done for each survey
separately. We plotted statistics of agreement with
the GT for each of these two groups using boxplots.
We also compare the groups using two-sample t-
test with significance threshold of 5%. The results
are snown in Figures 5, 7, and 9.

Figure 4 shows SR2K results for all annotators,
and Figure 5 shows differences in agreement with
the subject matter expert (SME) for individuals
with low and high SR2K score. The figures are
color-coded to match, i.e., the light blue bars in
Figure 4 indicate which annotators belong to the
light blue colored bars in Figure 5. Specifically,
annotators were divided into two groups accord-
ing to their SR2K score: group with a score lower
than the median score (19) and individuals with
higher or equal to the median score. There are 24
annotators in the former group and 25 annotators
in the latter group. The figure shows there are sig-
nificant differences between groups with high and
low SR2K score in terms of agreement with the
SME (GT), particularly when identifying tweets
containing a problem characteristic and tweets ad-
vocating violence. Individuals with a higher SR2K
tend to agree with the SME, on average, much less

than individuals with a lower score when identify-
ing such tweets. We compared the groups using
two-sample t-test and in all cases but the first (in-
flammatory/ordinary) the differences in terms of
MCC between the two groups are statistically sig-
nificant (p-value was lower than 5%).

Figure 4: SR2K results for all annotators. Each bar in
the figure represents one annotator. The bars are color-
coded to indicate which annotators scored lower than
median SR2K score, and which score higher or equal
to median score.

Figure 6 shows MFQ results for all annotators.
Similarly as in the case of the SR2K score, we com-
pared the MFQ score (also called “progressivism”
score) with the annotators’ MCC score (Figure 7).
The results show that individuals with higher pro-
gressivism score tend to, on average, agree with
the SME more than individuals with lower progres-
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Figure 5: Comparison of the Symbolic Racism 2000
Scale results and agreement with the GT. The lighter
colored bar represents the group with the lower than
median SR2K score and the darker blue represents the
group with higher or equal to median score.

sivism score. We compared the two groups using
independent two sample t-test. The differences in
MCC between the two groups statistically signifi-
cant for all four narrative categories (p-value lower
than 5% in all cases).

Figure 6: MFQ results for all annotators. Each bar in
the figure represents one annotator. The bars are color-
coded to indicate which annotators scored lower than
median MFQ score, and which score higher or equal to
median score.

Figure 8 shows Knowledge Test results for all
annotators. Finally, we compared the knowledge
test scores with the annotators’ agreement with GT
(Figure 9). In this case, we can see that there are no
differences between the two groups of annotators,
which was also confirmed by t-test (p-values for all
four narrative categories range from 77-98%).

4 Discussion

The qualitative surveys captured a number of pro-
file characteristics of both SME and other data an-
notators. As our final question, we aimed to rank

Figure 7: Comparison of the Moral Foundations Ques-
tionnaire results and agreement with the GT. The
lighter colored bar represents the group with the higher
or equal to median MFQ (progressivism) score and the
darker bar represents the group with lower than median
score.

Figure 8: Knowledge Test results for all annota-
tors. Each bar in the figure represents one annotator.
The bars are color-coded to indicate which annotators
scored lower than median Knowledge Test score, and
which score higher or equal to median score.

the collected characteristics according to their im-
portance towards indicating higher or lower agree-
ment with the ground truth (SME). To do this, we
calculated the following three statistics to capture
the relation between each profile characteristic and
agreement with the ground truth: mutual informa-
tion score statistic, recursive feature elimination,
and univariate linear regression test. All profile
characteristics were ranked using each of these
three statistics. A final rank for each profile charac-
teristic was produced as a sum of all three individ-
ual ranks.

In Figure 10, we show the ranked characteris-
tic from the least (Residence) to the most (pu-
rity sanctity – a component of the MFQ) impor-
tant. Thus, the results show the location of res-
idence is the least important factor in indicating
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Figure 9: Comparison of the Knowledge Test results
and agreement with the GT. The lighter colored bar rep-
resents the group with the lower than median Knowl-
edge Test score and the darker bar represents the group
with higher or equal to median score.

Figure 10: Normalized total rank of various attributes.
Blue color bars are demographics while other from sur-
vey questionnaire.

possible agreement with the ground truth, while
socio-demographic attributes such as purity, pro-
gressiveness, etc., are much more important for
identifying more reliable annotators.

In Figure 11, we show top five characteristics
and their average values that substantially influ-
ence the evidentiary based selection of unbiased
annotators.

Specifically, this research has strongly indicated
that data reviewers morals, prejudices, and prior

Figure 11: Key attributes and their measured average
values.

knowledge of the narrative in question significantly
impact the quality of labeled data and consequently,
the performance of ML models. ML projects that
rely on labeled text data to understand narratives
must qualitatively assess their data reviewers world-
views if they are to make definitive statements
about their results.

For the automated detection of complex narra-
tives, it is important that models built should be free
from any implicit biases of any kind. We hope this
work contributes to the broad research presently
taking place across the field of machine learning to
analyze and understand massive amounts of elec-
tronic communications (i.e. social media posts,
news, blogs, etc.) in complex scenarios involving
issues related to ethics, race, gender, and biases
surrounding them.

5 Conclusion

The discipline of natural language processing and
machine learning has tremendously improved in the
last decade. However, it still suffers from biases sur-
rounding complex narratives related to education,
health, climate, gender, race, and ethics; especially,
it unfairly penalizes certain segments of the popula-
tion, e.g. women and minorities. Societal, cultural,
and demographic phenomena play a pivotal role
in how the population conceptualizes policy deci-
sions and complex events. Thus, it is critical for
societal good that narratives should be carefully
crafted for maximum impact. It is our collective
responsibility that any automation (classification,
prediction, etc.) surrounding these narratives must
be free of any preconceived notions or predilec-
tions of any kind. One way to achieve this is by
producing high-quality input labeled data curated
by annotators aware of such biases. Inspired by
this, we have proposed a new framework based
on mixed-method design to improve the odds of
selecting annotators, who can curate unbiased and
high-quality labeled data. In doing so, we identified
and ranked personal and professional traits critical
to selecting a diverse pool of data annotators, so the
resulting labeled data and the models built using
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those data best matched the ground-truth. In the
future, we would like to extend our study to cater
to multi-lingual narratives and expand beyond ex-
isting issues of culture, region, and geopolitical
dynamics.
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Abstract

Learning disentangled representations of texts,
which encode information pertaining to differ-
ent aspects of the text in separate representa-
tions, is an active area of research in NLP for
controllable and interpretable text generation.
These methods have, for the most part, been
developed in the context of text style transfer,
but are limited in their evaluation. In this work,
we look at the motivation behind learning dis-
entangled representations of content and style
for texts and at the potential use-cases when
compared to end-to-end methods. We then
propose evaluation metrics that correspond to
these use-cases. We conduct a systematic in-
vestigation of previously proposed loss func-
tions for such models and we evaluate them on
a highly-structured and synthetic natural lan-
guage dataset that is well-suited for the task of
disentangled representation learning, as well
as two other parallel style transfer datasets.
Our results demonstrate that current models
still require considerable amounts of supervi-
sion in order to achieve good performance.

1 Introduction

The similarity of texts can be assessed along mul-
tiple dimensions. They could contain the same
topics, as identified by semantic similarity. They
could belong to the same genre or be written by
the same author, in which case we might identify
stylistic similarity. Texts that present a positive sen-
timent may be considered similar to one another
when compared to those that express a negative sen-
timent, even if they talk about different topics. The
similarity of texts, therefore, must be defined to-
gether with a frame of reference or a pre-specified
dimension of variation.

Text representations obtained by current repre-
sentation learning methods combine all of these dif-
ferent aspects of a text into a single vector embed-
ding (Conneau et al., 2017; Reimers and Gurevych,

2019). This results in only a fuzzy measure of
text similarity when it is calculated using methods
such as the cosine distance between vector embed-
dings. Recently, some research in NLP has focused
on learning disentangled representations for texts,
which aim to capture the different dimensions of
variation of a text in separate vector embeddings.
These methods have been investigated for style
transfer to obtain disentangled representations of
content and style (John et al., 2019; Romanov et al.,
2019; Cheng et al., 2020), and paraphrase genera-
tion for disentangling syntax and semantics (Chen
et al., 2019; Balasubramanian et al., 2020). In-
spired by parallel developments on style transfer
and disentanglement in computer vision, many of
them operate within the variational autoencoder
framework, where the autoencoder is modified to
now encode a text into two latent vectors: one cap-
turing the style (the aspect of variation), and the
other capturing the content. Style transfer is then
achieved by combining the content vector of the
input with a style vector of the target style.

Disentanglement-based models offer two main
advantages when compared to end-to-end style
transfer methods:

1. Sampling from the latent space of the style
embeddings allows for more diverse and con-
trolled stylistic generation.

2. Similarity of documents can now be calcu-
lated for each aspect of variation, allowing for
finer-grained retrieval.

In this work, we focus on models that aim to
disentangle content from form, or meaning from
style, for texts. Thus, style transfer is viewed as a
form of paraphrasing, where the paraphrase demon-
strates certain stylistic properties. It is important
to make this distinction between what constitutes
style versus meaning for a text, more so when for-
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Meaning Representation name[nameVariable], food[Indian], customerRating[average]

EXTROVERT nameVariable is an Indian place, also nameVariable has an average rating, you know.

UNCONSCIENTIOUSNESS Yeah, mmhm... I don’t know. nameVariable is an Indian place with a damn average rating.

CONSCIENTIOUSNESS Did you say nameVariable? I see, well it is an Indian restaurant with an average rating.

DISAGREEABLE Actually, basically, everybody knows that nameVariable is an Indian restaurant, also it has an average rating.

AGREEABLE Let’s see what we can find on nameVariable. Well, right, it is an Indian restaurant with a quite average rating.

Table 1: The same meaning representation mapped to different stylistic surface realisations in the PersonageNLG
dataset.

mulating style transfer problems, in order to have
measurable definitions of what information may
and may not be changed by the model. Parallel
paraphrase datasets, therefore, are a much-needed
resource for the effective evaluation of these mod-
els. However, few works on disentangled repre-
sentation learning actually evaluate their models
on such datasets, testing instead only on the non-
parallel datasets used for training. Further, some
works evaluate exclusively on metrics from the
style transfer task, ignoring the retrieval aspect.

The goal of this study is to conduct a system-
atic and grounded evaluation of various disentan-
gled representation learning models. We first use,
as a testbed for our evaluation strategy, a highly-
structured Natural Language Generation dataset,
PersonageNLG (Oraby et al., 2018), which maps
a meaning representation to a set of stylistically
different surface realisations corresponding to five
personality types (Table 1). This dataset provides
us with textual variation and gold-standard anno-
tations for the two dimensions of interest, content
and form. The structured and somewhat synthetic
nature of this dataset allows us to systematically
investigate the quality of the disentangled represen-
tations for metrics of aspect-specific retrieval as
well as style transfer.

We then extend our experiments to two other
parallel style transfer datasets: the GYAFC for-
mality corpus (Rao and Tetreault, 2018), and the
Bible dataset (Carlson et al., 2018). Although par-
allel, they are not annotated for semantic content
as the PersonageNLG dataset is; however, they
are arguably more representative of the kinds of
data we expect to obtain in the real world. De-
spite testing our models with loss functions that
do not require parallel data, we limit ourselves
to such datasets for the ease and consistency of
evaluation. Our code is publicly available at
github.com/priya22/drl-nlg-eval.

2 Background

Works on style transfer in NLP operate with vary-
ing definitions of what constitutes style. Many
choose to define this as a factor of variation in data
that can be manipulated, including aspects such
as topic and sentiment. This approach has been
contested by others who maintain that the seman-
tic content of a text should not be modified when
manipulating style. The latter definition fits with
what stylometric analysis and linguistics consider
to be the style of a text. Thus, the output of a style
transfer system should be a paraphrase of the input
text.

2.1 Model Architectures

The models used to achieve style transfer fall into
a few broad categories. End-to-end sequence trans-
formation models are inspired by machine transla-
tion seq-2-seq models, where the translation is done
from style A to style B. These sometimes require
parallel data, but methods such as backtranslation
circumvent that (Prabhumoye et al., 2018; He et al.,
2020). Some others look at this as a controlled text
generation problem, where the control is generally
a categorical variable indicating the desired stylis-
tic class of the output, and is passed along with the
input to a text generation module such as an LSTM
(Hu et al., 2017; Ficler and Goldberg, 2017).

The focus of this work is on a third class of
models that first learn disentangled latent represen-
tations of style and not-style (henceforth referred
to as content) for a text, and train a generator that
takes both vectors as input. To transform a text
A into the style of text B, we extract the content
vector of the former, the style vector of the latter,
and pass them through the generator. Note that
here, the style vectors of each text are not the same
categorical variable, but rather a vector embedding
that encodes the style-specific properties of the text.
One can also obtain a single style vector represen-
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tation by averaging the style vectors of all texts
belonging to that class, as Fu et al. (2018) did;
however, we are more interested in disentangling
information at the individual text level rather than
in corpus-level indicators.

2.2 Relevant Literature

Disentanglement of latent spaces has been widely
studied and very successful in computer vision ap-
plications, but less so in NLP. This can be attributed
to the vague nature of what actually constitutes
style as opposed to content for a text, and uncer-
tainty as to whether they can actually be disen-
tangled at all (Lample et al., 2019; Yamshchikov
et al., 2019). However, by using some supervision
with respect to these two dimensions, researchers
have attempted to obtain representations that for
the most part encode information relating to only
style or only semantics.

Romanov et al. (2019) first proposed obtaining
separate embeddings of form and meaning of texts.
Starting with an encoder-decoder setup, they added
adversarial and motivational losses based on style
labels that encourage the form vector to encode in-
formation relevant to the label. Their models were
evaluated on non-parallel datasets with two types
of stylistic variation: diachronic language shift and
newspaper titles versus scientific paper titles. In
parallel work, John et al. (2019) proposed a disen-
tanglement model that appends additional content-
based losses, where content is approximated by a
bag-of-words representation of the text. Their ap-
proach was applied to sentiment transfer for Yelp
and Amazon reviews.

Other work has looked at disentangling syntax
from the semantics of a text. Chen et al. (2019)
proposed a VAE-based model that used parallel
paraphrase corpora; this was also the focus of Bao
et al. (2019) and Balasubramanian et al. (2020).

All of these works are very similar in the base
model architecture and the kinds of loss functions
used to guide disentanglement. In the following
sections, we consolidate and propose a broad cate-
gorization of these losses that we hope will guide
future work in this area. We then evaluate these
models on parallel style transfer datasets, with ab-
lation studies on the PersonageNLG dataset.

Note on unsupervised disentanglement:
While unsupervised approaches such as the β-VAE
have been very successful at disentangling factors
of variation in visual data (Higgins et al., 2017), we

are still far from achieving such a clean separation
of the data generating factors for text. A recent
promising approach in this direction was presented
by Xu et al. (2020), who use pretrained models
along with a novel constraint over the latent space
of a VAE to control the sentiment and topic of a
text.

3 Methodology

3.1 Autoencoder Model

Following previous literature, our encoder module
takes as input a text, and computes latent vector
embeddings for each aspect: content and form. The
decoder takes as input both vectors, and generates
output text. The entire autoencoder model is trained
to reconstruct the input text.

Let us denote our content and form encoders
by Ec and Ef , the decoder by G, and their model
parameters by θEf , θEc and θG respectively. Our
base loss can thus be written as:

LAE = Lrec + βLreg (1)

where

Lrec(θEc , θEf , θG) = (2)

E
x
[− log pg(x |Ef (x), Ec(x))]

is the reconstruction loss of the autoencoder given
input x, pg is the decoder distribution, and Lreg is
an additional regularization term. For a Variational
Autoencoder (VAE) model, this is the Kullback-
Leibler divergence between the latent posterior dis-
tributions q of the encoders and the latent prior
p(z):

Lreg(θE) = DKL(q(z |x) ‖ p(z)) (3)

An alternative regularization for text autoen-
coders was proposed by Shen et al. (2020), where
the AE loss is augmented with a denoising objec-
tive. The input text is perturbed with small amounts
of “noise” in the form of word deletions or substitu-
tions; the autoencoder is still trained to reconstruct
the original text. Here,

Lreg(θE , θG) = E
(x,x̃)

[− log pg(x |E(x̃))] (4)

where x̃ is the noisy version of the input text x.
These denoising autoencoders (DAEs) were shown
to be more stable than VAEs for text modeling.
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Figure 1: The main components of a Disentangled Rep-
resentation Learning model. zsem and zstl denote the
content and form vectors respectively; each is input to
a motivational and an adversarial network. The genera-
tor is trained to reconstruct the original input as well as
paraphrases.

3.2 Losses for Disentanglement

With our base autoencoder in hand, we can now
start adding losses that encourage each latent vector
to encode information relevant to the corresponding
aspect, i.e, content (semantics) and form (style).

3.3 Proxy-based Losses

Supervised losses are usually based on some form
of proxy information present for a specific aspect.

For the form dimension, the most common proxy
is class labels that indicate the style of a particular
datapoint, such as formal or informal. A stronger
proxy could include a list of linguistic attributes
of the sentence that are highly indicative of and
inform its style. These usually have to be manually
defined and extracted, as by John et al. (2019), who
use high-polarity sentiment words as a proxy for
the sentiment aspect.

An attribute-based proxy for content can be
found by looking at the information present in, say,
the meaning representation of a sentence (as pro-
vided in NLG datasets), or extracting semantics-
predictive information such as semantic role labels.
John et al. (2019), for example, use the bag-of-
words representation of a text as a proxy for seman-
tic information.

These additional losses are usually combined
with the autoencoder objective in two ways: as a
motivational loss, which encourages a latent vec-
tor to encode the proxy information, and as an ad-
versarial loss, which discourages a latent vector
from encoding the proxy information. Thus, once

we define a proxy loss for, say, content, we would
append a motivational loss to the content encoder
and a corresponding adversarial loss to the form
encoder.

Below, we use zc and zf to denote the content
and form vectors of a text x.

3.3.1 Loss Functions for Form
Motivational: For the datasets that we consider
here, and in most real-world applications, we have
the stylistic class of a text as a proxy for the form
aspect. The motivational and adversarial networks
are implemented as classifiers that are trained to
predict this label from the corresponding latent
representation. The loss function of the former is
simply the cross-entropy loss of the classifier:

Lmot(θD, θEf ) = E
zf
[− log D(zf )] (5)

D and θD represent the classifier and its parameters
respectively.

Adversarial: We now want to ensure that the
content vector does not contain any information
about the form class of the text. Thus, we aim to
maximize the entropy of the adversarial classifier.
This is the approach followed by many prior works
(John et al., 2019; Fu et al., 2018), which we also
adopt here, as it can be nicely extended to multi-
label classification, which will prove useful in the
content-based losses.

Adversarial training occurs in two steps. First,
the classifier is trained to predict the form label
given the content representation. Then, the con-
tent encoder’s parameters are updated based on the
entropy loss:

Ladv(θD) = E
zc
[− log D(zc)] (6)

Ladv(θEc) = E
zc
[H(D(zc))] (7)

where H(D(zc)) is the entropy calculated over the
classifier-predicted label distribution.

3.3.2 Loss Functions for Content
Proxy information for content is generally rare, and
needs to be formulated by means of some heuristic
measure. In the case of NLG datasets, we have
annotated meaning representations that serve as a
good proxy. However, such structured representa-
tions of meaning are difficult to obtain for general
texts.

Let us assume we have a list of k key-value pairs
that represent content, as in the MR from Table 1.
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We represent the content proxy as a k-dimensional
multi-hot vector yc, where each dimension yic is a
binary indicator of whether key ki is present in the
MR.

Motivational: The motivational loss is thus
defined as the multi-label cross-entropy loss over
the classifier prediction, similar in form to Eq. 6,
but now taking the content vector as input.

Adversarial: In turn, the adversarial content
loss is found by first training a multi-label classifier
that takes the form vector as input and predicts the
content attribute vector, and then training the form
encoder to maximize the entropy of this classifier.

3.4 Parallel Losses
These losses require as input a pair of paraphrases,
say x1 and x2. We obtain the latent vectors for
content and form for each of these: z1c , z

1
f , z

2
c , z

2
f

respectively.
Paraphrase reconstruction loss: Here, we

swap the content vectors of the paraphrases, re-
tain the form vectors, and attempt to reconstruct
the original inputs. This was used by Chen et al.
(2019) to disentangle syntax and semantics in para-
phrase corpora.

Lpara(θEc , θEf , θG) = E
x1,x2

[− log pg(x
1 | z1f , z2c )]

+ E
x1,x2

[− log pg(x
2 | z2f , z1c )]

(8)

Distance-based loss: This takes the form of a
max-margin loss that aims to keep the cosine sim-
ilarity between the content embeddings of para-
phrases higher than that between a random selec-
tion of negative example pairs. This particular loss
is used by Chen et al. (2019) and Balasubramanian
et al. (2020) to disentangle syntax and semantics,
although they differ slightly in the criteria to select
positive and negative pairs.

4 Datasets

PersonageNLG Dataset: The PersonageNLG cor-
pus (Oraby et al., 2018) is a set of 88,000 pairs
of meaning representations and natural language
utterances, based on the E2E challenge dataset.
Each utterance is associated with a unique style,
which corresponds to one of five personality types:
Agreeable, Disagreeable, Conscientious, Unconsci-
entious, and Extrovert. The utterances are obtained
by means of a statistical NLG system, and by vary-
ing a set of 36 predefined stylistic parameters that

specify certain phrase aggregation and pragmatic
markers (Table 1). The dataset essentially provides
us with a structured and synthetic corpus of textual
variation, with each utterance annotated for both
content (a meaning representation) and form (the
stylistic personality class). This makes it ideal for
evaluating the quality of disentangled representa-
tions.

GYAFC Dataset: Introduced by Rao and
Tetreault (2018), the GYAFC corpus consists of
120,000 parallel sentence pairs that are paraphrased
in two styles: formal and informal. See section A.1
for details. GYAFC is one of the very few paral-
lel datasets available for style transfer research in
NLP.

Bible dataset: This dataset, compiled by Carl-
son et al. (2018), consists of eight verse-aligned
public domain versions of the Bible; see section
A.2 for details. These versions are spread out
across different decades, and thus belong to their
own unique stylistic class. The natural parallel
alignment between verses, as well as the relatively
stable nature of their semantic content across time,
makes this dataset ideal for studies in style transfer
(although surprisingly few works on style transfer
use it).

5 Evaluation

The goal of our model is to encode in separate
vectors the style-specific and content-specific fea-
tures of a text. The following metrics guide our
similarity measures for content and form:

• Content (Csim): For the PersonageNLG
dataset, content similarity between two sen-
tences is measured as fraction overlap be-
tween content labels (Section 3.3.2). For gen-
erated sentences, we use all possible slot val-
ues for each field of the Meaning Representa-
tion (Table 1) to approximate a bag-of-words
content representation, and calculate fraction
overlap of content terms in both sentences.
For the other two datasets, we use the BLEU
scores between the generated text and the tar-
get paraphrase as a measure of content preser-
vation.

• Form (Fclass, Fsim): For all three datasets,
we first train a fasttext1 classifier on their re-
spective training sets to predict stylistic class
given the input text (F1 scores on the test sets

1https://fasttext.cc/
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are shown in Table 2). This classifier is then
used to predict the style class of a generated
text. Fclass is the F1 score of the predicted la-
bels for generated texts, using the target labels
as ground truth.
Additionally, for the NLG dataset, we use
an Fsim measure that measures the fraction
overlap of non-content words of the two texts,
where “non-content” is defined as all words
that are not associated with content as defined
above.

We divide our evaluation metrics into three groups,
based on the capabilities and use-cases of learning
disentangled representations.

5.1 Autoencoder Capabilities

Reconstruction: One of the basic functions of our
model is as an autoencoder, i.e., a model that can
reconstruct the input text from its latent encoding.
We use the self-BLEU score between the input
(reference) and the generated text to measure re-
construction quality.

5.2 Disentanglement

The quality of disentanglement of representations
is assessed in two main ways.

Classification: The first is a classification task
that aims to predict the proxy information for each
text using the latent vectors. For each of our di-
mensions of content and form, this gives us four
measures corresponding to the accuracy of a clas-
sifier trained to predict content (form) information
from the content (form) vectors, and that of a clas-
sifier trained to predict form (content) information
from the content (form) vectors. Ideally, we want
the former numbers to be high and the latter to be
close to random chance.

Retrieval: As stated, one of the advantages of
having disentangled representations for each as-
pect is that we can now obtain aspect-specific sim-
ilarity scores. Since all our datasets are parallel
paraphrase corpora, we can measure how well the
content vectors perform at retrieving paraphrases.
For each sentence in our test set, we obtain the co-
sine similarity scores of its content vector with that
of every other sentence, and look at how many of
the top-k matches are paraphrases of the input. We
evaluate this for k = 5 for the GYAFC and Bible
datasets, and k = 1 for the NLG corpus.

Similarly for form, we find the top-k neighbours
for the form vector of each sentence and report

Dataset F1 score
PersonageNLG 0.99
GYAFC 0.87
Bible 0.72

Table 2: Performance of the external fasttext classifier
on test sets.

the precision@k of retrieving texts from the same
stylistic class. This metric is particularly informa-
tive for PersonageNLG, where we look at the Fsim
between the input and the closest match.

5.3 Style Transfer

Finally, we evaluate the effectiveness of our model
for the task of style transfer, by testing with para-
phrase pairs. Thus, for each pair of paraphrases in
the test set, we obtain the content vector of the first
and the form vector of the second, and pass them
to the decoder module (and vice-versa). The con-
tent preservation and transfer quality of gener-
ated sentences are measured using Csim and Fclass
respectively. We also measure the fluency of the
generated text by measuring the perplexity of gener-
ated sentences with a trigram Kneser-Ney language
model trained on the training set of each dataset.

6 Experiments

6.1 Setup

The encoder and decoder of our base model are
2-layer LSTM networks with a hidden size of 64.
Both the content and form vectors are of the same
size for each dataset: 16 for PersonageNLG and
32 for the others. At each decoder timestep, the
concatenated latent vector z = [zc, zf ] is added to
the input to obtain the next prediction. During train-
ing, teacher forcing with probability 0.4 is used;
we use greedy decoding for the PersonageNLG
dataset and and beam search with a beam size of
5 otherwise. Motivational and adversarial classi-
fiers are single-layer linear networks trained with
RMSprop.

The GYAFC and NLG datasets come with prede-
fined training and test splits. For the Bible dataset,
we use a random stratified split with 65–15–20 split
for training, validation, and test respectively.

6.2 Experimental Method

Our goal is to methodologically evaluate the effec-
tiveness of each of these losses for disentangling
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content from form. We start with our vanilla autoen-
coder model (Lae), and at each step, add additional
losses based on incorporating some supervised in-
formation into our model. The terms we add are
guided by some intuition on the kinds of supervi-
sion we would expect to see in the real world.

1. Form losses Lform: This assumes that each
text is labeled with a class that indicates
its stylistic category, such formal / informal,
Shakespearean / modern, positive / negative,
etc. This enables us to append two of our
losses to the base loss: the motivational and
adversarial form losses (Section 3.3.1).

2. Motivational only Lmot: We now add our
proxy information for content. We first keep
only the motivational losses and remove the
adversarial losses for each aspect.

3. Combined proxy losses Lproxy: We add ad-
versarial losses for form and content to the
model above, giving us our full proxy-loss–
based model.

4. Paraphrase losses: Finally, we add the par-
allel losses detailed in Section 3.4, taking ad-
vantage of our parallel datasets. The align-
ment of two paraphrases essentially acts as a
proxy for the equivalence of semantic content
between two texts. Accordingly, we test the
following loss combinations:

• Parallel losses only (Section 3.4)
(Lpara);

• Parallel losses + form losses from point
1 above (Lparaf ).

Baseline: We additionally compare the effec-
tiveness of these models when compared to a cat-
egorical conditional generation model. Here, the
form vector is simply an 8-dimensional encoding
of the style class label, rather than derived from
the input text. The model is trained using the Fadv
and Cmot losses to ensure the content embedding
doesn’t encode style information, along with the
reconstruction loss Lrec.

All of these loss combinations are tested on the
PersonageNLG dataset, since it is annotated with
proxies of both content and form.

7 Results and Discussion

We experimented with both the VAE and the DAE
models for our base architecture, and found that

the latter was more stable during training. Training
the VAE with multiple latent vectors and additional
losses often resulted in the model completely ig-
noring one of the latent vectors; stable modeling
of such architectures is still an active area for text
data and is left to future work.

7.1 Disentanglement

We first examine how well our models are able
to disentangle information pertaining to form and
content into the respective latent vectors. Table
3 reports the performances of each model for the
metrics discussed in Section 5.2. For conciseness,
we only report cross-aspect classification scores in
the Classification column, where a lower number
indicates better disentanglement. More detailed
results with same-aspect scores are presented in
Appendix C.1.

In the absence of parallel data, we see that di-
rectly adding supervised losses along each dimen-
sion is the most effective strategy of disentangling
information. Accordingly, the largest performance
drops on cross-aspect classification are achieved
with the addition of motivation losses Lform and
Lmot for form and content. Adversarial losses
do help the overall performance of the model as
demonstrated by the drop in cross-aspect classifi-
cation metrics, especially in the form domain. The
maximal supervision afforded by the paraphrase
losses Lpara demonstrates a significant improve-
ment over the best proxy-based model here, indi-
cating that proxy information is generally not com-
plete enough to capture semantic content. How-
ever, the lack of similar supervision along the form
dimension is reflected in the higher cross-aspect
classification scores across all models.

We show t-SNE plots of the form and content
vectors computed by each model in Appendix B.
The paraphrase model gives us neat clusters of
the content vectors corresponding to the different
meaning representations.

However, classification numbers alone don’t
present the whole picture. Our measures of re-
trieval quality help to isolate the effects of classifier
effectiveness from the goodness of the represen-
tations alone. For the NLG dataset in particular,
the retrieval scores tell us whether the form vec-
tor of a text actually encodes information about
the linguistic features informing its style, rather
than simply encoding enough to be classified in
the right stylistic class. Are sentences with similar
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Autoencoder Disentanglement
BLEU Classification: F1 ↓ Retrieval ↑

Target→
Input→

Form
zc

Content
zf

Form
zf

Content
zc

Lae∗ 43.4 0.96 0.73 0.57 0.85
Lform −0.07 −0.67 −0.11 0.13 0.08
Lmot 0.01 −0.31 −0.14 0.08 0.13
Lproxy −0.05 −0.73 −0.13 0.13 0.14
Lpara 0.06 −0.68 −0.03 0.11 0.13
Lparaf −0.03 −0.75 −0.10 0.12 0.12
Lbaseline −0.03 −0.65 − − 0.09

Table 3: Results on reconstruction and disentanglement quality for the PersonageNLG dataset. The first row reports
the absolute metric for the base autoencoder model Lae; subsequent rows report the difference from this base score.
The first column reports the self-BLEU score between the reconstructed and input text. For classification, we report
the cross-aspect F1 scores of a classifier trained to predict the target aspect from the input. For retrieval, we report
the Csim and Fsim scores between the input text and its nearest neighbour in the latent space.

textual stylistic or content features closer to each
other in the embedding space when compared to
other sentences from the same style/content class?
The relatively low delta scores when compared to
classification performance indicate that this is not
the case. While there are marginal improvements,
proxy-based losses don’t seem to be informative
enough to enforce fine-grained structure in the la-
tent space. Our experiments on style transfer in the
next section reinforce this conclusion.

7.2 Style Transfer

We swap the form and content vectors of para-
phrases from our test set, and evaluate the gen-
erated sentences using the metrics defined in Sec-
tion 5.3. For the NLG dataset, as before, we use
term-overlap measures of the similarity for the con-
tent and style terms between the generated text and
the target paraphrase (Csim and Fsim); results are
shown in Table 4. Both of these measures are far
from their ideal values of 1.0.

The full proxy model Lproxy achieves the best
performance across all metrics (sample outputs are
shown in Appendix C.2). The paraphrase models
tend to perform worse than the baseline, especially
on the transfer strength metric, Fsim. This points
to the form vector not being informative enough,
especially when no motivational losses are used.
It also indicates that the adversarial losses from
the proxy-based models were indeed helpful in
disentanglement.

We see similar trends in both disentanglement
quality and style transfer for the GYAFC and Bible
datasets. The quality of text generated was signifi-

Csim ↑ Fsim ↑ Fluency ↓
Lae 0.29 0.46 1.11
Lform 0.28 0.58 1.08
Lmot 0.36 0.48 1.09
Lproxy 0.39 0.72 1.10
Lpara 0.33 0.45 1.11
Lparaf 0.35 0.55 1.09
Lbaseline 0.30 0.60 1.06

Table 4: Evaluation of style transfer on the Person-
ageNLG dataset. Arrows denote desired direction of
change.

cantly worse when compared to the NLG dataset,
but we are still able to encode the style and content-
related information in separate vectors with some
success, as evidenced by the retrieval scores.

7.2.1 Does Disentanglement Help?
Our comparison with the categorical baseline
Lbaseline tells us whether learning disentangled rep-
resentations indeed provides an advantage for the
style transfer task. From Table 4, we see that it
does quite well on the Csim metric, but is notably
lower than Lproxy for Fsim. This demonstrates the
advantage of having a separate vector representa-
tion of the form of a text, as opposed to the stylistic
class.

7.3 Discussion

Our experiments all demonstrate that direct super-
vision along each aspect is crucial for learning
good aspect-specific representations. This is the
case even for the synthetic PersonageNLG dataset,
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Disentanglement Style Transfer
Clf. ↓ Ret. ↑ Csim ↑ Fclass ↑

GYAFC Lbase 0.43 0.20 1.5 0.50
Lparaf 0.35 0.49 3.6 0.83

Bible Lbase 0.64 0.25 1.3 0.11
Lparaf 0.12 0.72 3.4 0.39

Table 5: Results on disentanglement quality and style
transfer for the GYAFC and Bible datasets. The Clf.
column reports the F1 score of a classifier trained to
predict the stylistic class label from the content vector;
Ret. reports the P@5 for retrieving paraphrases using
the content vectors.

which is by design constrained to have two separa-
ble aspects of variation (meaning and style); this is
quite rare in real-world data. Indeed, the best per-
forming style transfer model on this dataset, from
Harrison et al. (2019), is a heavily supervised one
that conditions a seq-2-seq model with annotations
for each type of variation in the surface realisations
(i.e., the presence of certain tokens).

In the absence of parallel datasets, proxy infor-
mation is widely used to encourage disentangle-
ment. However, our results show that such supervi-
sion is not sufficient to ensure that the embeddings
actually encode the linguistic properties that are
characteristic of a text’s stylistic class (or meaning).
With the retrieval experiments on the NLG dataset,
we can see that the Fsim scores do not significantly
differ between the different models. This indicates
the difficulty of learning linguistic properties from
class labels alone. This also explains the rather
high F1 scores for content classification from form
embeddings.

The poor performance of these models on the
style transfer task in particular indicates that the de-
coder, and hence the reconstruction objective itself,
is somewhat lacking. This is reflected in the high
classification scores of content information from
form vectors, especially for the paraphrase model
Lpara. Additional constraints such as the backtrans-
lation loss (Prabhumoye et al., 2018) go some way
towards mitigating this issue. On the style transfer
task, the baseline model Lbaseline shows perfor-
mance comparable to the disentanglement models.
One explanation for their poor performance is the
inherent defects of variational models of text, such
as the latent space vacancy issue, as demonstrated
by other works (Xu et al., 2020; Shen et al., 2020).

For evaluation of such disentangled represen-
tations, traditional metrics of style transfer, such
as the accuracy of an external classifier, are not

the best indicators of disentanglement, nor a good
demonstration of the usefulness of such embed-
dings. Most works on disentangled representations
for style transfer do end up using a single, aver-
aged vector embedding to inform the decoder of
the desired target style. If the goal of learning disen-
tangled representations is to perform style transfer
between two classes, then a conditioned language
model such as that of Ficler and Goldberg (2017)
would suffice.

A more useful use-case for disentangled repre-
sentations is for calculating aspect-specific similar-
ity and retrieval between texts. However, it is not
clear whether we can achieve such disentanglement
with current models without fine-grained supervi-
sion along each aspect. While the NLG dataset
provides us with the necessary supervision to in-
troduce such constraints (via adversarial losses),
and also evaluate them, such supervision is not
available for real-world datasets.

8 Conclusion

Encoding the different factors of variation in data in
separate embeddings is a desirable goal for learn-
ing robust and interpretable text representations,
as well as for controllable text generation. While
style transfer, and sentiment transfer in particu-
lar, has guided most of the prior research in this
area, we have shown that the associated metrics
and datasets are not entirely representative of the
goals of learning disentangled text representations.
We re-purposed an existing NLG dataset for this
task instead, and performed a stronger evaluation
of current models for disentangled representation
learning. We have also shown that heavy supervi-
sion is needed along each aspect to obtain useful
representations. Improvements in variational gen-
erative models that can overcome issues of poste-
rior collapse and the use of decoding constraints
stronger than the reconstruction loss would greatly
benefit such models.
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Appendices

A Parallel Style Datasets

A.1 GYAFC Corpus
The Grammarly’s Yahoo Answers Formality Cor-
pus, or GYAFC for short, is a benchmark corpus
for formality style transfer in NLP2. It consists of
a total of 120,000 informal / formal sentence pairs,
split into training, validation, and test sets.

Sentences were initially sampled from the Ya-
hoo Answers L6 corpus, and formal and informal
rewrites from each were collected from workers
on Amazon Mechanical Turk (Rao and Tetreault,
2018). Table 6 shows example paraphrases from
this corpus.

A.2 Bible Dataset
More than 30 English translations of the Bible have
been published over the course of four centuries,
the earliest being the King James Version of 1611.
These versions are all highly parallel, aligned by
verse, and are high-quality translations due to the
importance of the source. Carlson et al. (2018)
identified 8 of these versions that are in the pub-
lic domain and released aligned corpora for each3.
Table 7 shows a sample verse paraphrased in each
of the 8 versions we consider. Each version con-
sists of 31,096 verses, giving us close to 870,000
paraphrase pairs. We first split this into an 80–20
development–test split; the development set is fur-
ther split into training and validation sets with the
same ratio.

Formal I’d say it is punk though.
Informal However, I do believe it to be punk.
Informal Gotta see both sides of the story.

Formal You have to consider both sides of the story.

Table 6: Sample paraphrases from the GYAFC dataset.

2https://github.com/raosudha89/GYAFC-corpus
3https://github.com/keithecarlson/StyleTransferBibleData

B t-SNE Visualization

t-Distributed Stochastic Neighbor Embedding is a
non-linear dimensionality reduction technique use-
ful for visualizing high-dimensional data. Figure 2
shows t-SNE plots of the form vectors (left column)
and content vectors (right column) for sentences
in the test set of the PersonageNLG dataset, for
each of the loss function combinations we tested.
Adding the supervised losses for form successfully
groups the form vectors together into five clusters
for each of the personality classes. While content
vectors also show some clustering with the adver-
sarial and motivational losses, paraphrase losses
here are the most effective at grouping them into
neat clusters for each of the unique meaning repre-
sentations in our test set.

C More Results

C.1 Detailed Disentanglement Evaluation
In Table 8, we present a more detailed evaluation
on the disentanglement metrics for our models.
Here, the Classification column presents both same-
aspect and cross-aspect F1 scores. Higher scores
for the former and lower scores for the latter indi-
cate better disentanglement.

We notice that form information is not effec-
tively removed from the content representations, as
evidenced by the higher Fsim scores for the con-
tent vectors zc. This is a consequence of the weaker
label-based proxy used for style, as opposed to the
Meaning Representation-based attribute proxy for
content.

C.2 Style Transfer Outputs
Table 9 shows sample outputs from the style trans-
fer experiments on PersonageNLG. The model
used is the best performing proxy-based model
Lproxy, with motivational and adversarial losses
for both style and content. Two paraphrases with
different styles are first encoded into their form and
content vectors. The output is generated by passing
the form vector of the first sentence and the con-
tent vector of the second to the decoder. We see
that the model transfers the form attributes quite
well across the inputs, but content attributes are not
retained perfectly.
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Figure 2: t-SNE visualization of form and content vectors for the PersonageNLG dataset, for each of our models.
We see that the paraphrase losses enable a clean clustering of the meaning representations across stylistic variations.
The domination of extrovert (purple) in some of the conditions is an artifact of the visualization when points fall
in the same place.
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Version Verse
KJV The heart of the prudent getteth knowledge; and the ear of the wise seeketh knowledge.
ASV The heart of the prudent getteth knowledge; And the ear of the wise seeketh knowledge.
BBE The heart of the man of good sense gets knowledge; the ear of the wise is searching for knowledge.
DARBY The heart of an intelligent getteth knowledge, and the ear of the wise seeketh knowledge.
DRA A wise heart shall acquire knowledge: and the ear of the wise seeketh instruction.
LEB An intelligent mind will acquire knowledge, and the ear of the wise will seek knowledge.
WEB The heart of the discerning gets knowledge. The ear of the wise seeks knowledge.
YLT The heart of the intelligent getteth knowledge, And the ear of the wise seeketh knowledge.

Table 7: The same verse (Proverbs 18:15) paraphrased in 8 different diachronic versions of the Bible, from the
Bible dataset: the King James Version (KJV, 1611), American Standard Version (ASV, 1901), Bible in Basic
English (BBE, 1965), Darby Bible (DARBY, 1890), Douay-Rheims edition (DRA, 1899), Lexham English Bible
(LEB, 2010), World English Bible (WEB, 2000), and Young’s Literal Translation (YLT, 1862).

Model Classification: F1 Retrieval
Form Content Form: Fsim Content: Csim

zf ↑ zc ↓ zc ↑ zf ↓ zf ↑ zc ↓ zc ↑ zf ↓
Lae 0.73 0.96 0.58 0.73 0.57 0.95 0.85 0.70
Lform 0.98 0.29 0.62 0.62 0.70 0.90 0.93 0.55
Lmot 0.98 0.65 0.92 0.59 0.65 0.90 0.98 0.63
Lproxy 0.98 0.23 0.92 0.60 0.70 0.85 0.99 0.54
Lpara 0.95 0.28 0.80 0.70 0.68 0.93 0.98 0.55
Lparaf 0.98 0.21 0.75 0.63 0.69 0.87 0.97 0.54

Table 8: Classification and Retrieval scores that measure the quality of disentanglement of information for each of
our models, evaluated on the PersonageNLG dataset

Input (Style A) nameVariable is near nearVariable pal, nameVariable is a restaurant
and it isn’t family friendly, also the rating is average, you know!

Target (Style B) You want to know more about nameVariable? Yeah, it isn’t rather family friendly with an
average rating, also it is sort of near nearVariable, also it is a restaurant, you see?

Output
(Style A→ Style B)

You want to know more about nameVariable? Oh it is sort of near
nearVariable, also it is a restaurant, also it isn’t family friendly, you see

Input nameVariable is moderately priced, also it’s in riverside. It is near nearVariable.
It is a pub. it’s an Italian restaurant. oh God basically, nameVariable is kid friendly.

Target Yeah, err... I am not sure. nameVariable is an Italian place near nearVariable in riverside,
damn kid friendly and moderately priced and nameVariable is a pub.

Output Yeah, I am not sure. nameVariable is darn moderately priced in city centre
near nearVariable, also it is a coffee shop, also it isn’t kid friendly

Table 9: Sample style transfer outputs for the best performing proxy-based model, Lpara, on the PersonageNLG
Dataset.
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Abstract
We consider a joint information extraction
(IE) model, solving named entity recognition,
coreference resolution and relation extraction
jointly over the whole document. In particu-
lar, we study how to inject information from a
knowledge base (KB) in such IE model, based
on unsupervised entity linking. The used KB
entity representations are learned from either
(i) hyperlinked text documents (Wikipedia), or
(ii) a knowledge graph (Wikidata), and ap-
pear complementary in raising IE performance.
Representations of corresponding entity link-
ing (EL) candidates are added to text span rep-
resentations of the input document, and we ex-
periment with (i) taking a weighted average
of the EL candidate representations based on
their prior (in Wikipedia), and (ii) using an
attention scheme over the EL candidate list.
Results demonstrate an increase of up to 5%
F1-score for the evaluated IE tasks on two
datasets. Despite a strong performance of the
prior-based model, our quantitative and quali-
tative analysis reveals the advantage of using
the attention-based approach.

1 Introduction

Information extraction (IE) comprises several sub-
tasks, e.g., named entity recognition (NER), coref-
erence resolution (coref), relation extraction (RE).
State-of-the-art results mainly report performance
on single tasks, usually solving them on a sentence
level (especially NER, RE). However, in practice,
IE system decisions should be consistent on the
document level, e.g., when processing news arti-
cles to automatically link entities (aside from po-
tentially learning, e.g., new relations). Yet, the
challenge of solving the tasks jointly on a docu-
ment level has not received as much attention and
remains hard (Durrett and Klein, 2014; Yao et al.,
2019; Zaporojets et al., 2021).
∗Equal contribution

On the other hand, it is well established that
IE models benefit from incorporating background
information of knowledge bases (KBs). Still, so far
this has been shown from the perspective of solving
individual tasks such as relation classification or
entity typing (e.g., Peters et al. (2019); Liu et al.
(2020)). Integrating KBs in joint models, realizing
and analyzing the more complex end-to-end setting,
has been left unexplored.

In terms of the nature of KBs adopted in IE, cur-
rent approaches use either (i) structured knowledge
graphs comprising (subj,rel,obj) triples,
e.g., Wikidata (Yang and Mitchell, 2017; Han
et al., 2018; Zhang et al., 2019), or (ii) textual
descriptions, usually in hyperlinked documents,
e.g., Wikipedia (Martins et al., 2019; Yamada et al.,
2020). It has not been established to what extent
KB-text and KB-graph entity representations com-
plement each other in boosting IE performance.

We address both research gaps of (a) integrating
KB information into a joint end-to-end IE model
for solving named entity recognition, coreference
resolution and relation extraction, and (b) analyz-
ing what KB representation is more beneficial for
IE, either KB-graph trained on Wikidata, or KB–
text trained directly on Wikipedia. We particularly
contribute: (i) a first span-based end-to-end archi-
tecture incorporating KB knowledge in a joint en-
tity-centric setting, exploiting unsupervised entity
linking (EL) to select KB entity candidates, (ii) ex-
ploration of prior- and attention-based mechanisms
to combine the EL candidate representations into
the model, (iii) assessment of the complementar-
ity of KB-graph and KB-text representations, and
(iv) consistent gains of up to 5% F1-score when
incorporating KB knowledge in 3 document-level
IE tasks evaluated on 2 different datasets.
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Figure 1: Joint information extraction (IE) model with addition of a knowledge base (KB) module.

2 Model

Figure 1 illustrates our model architecture. Input
document tokens are represented using concate-
nated GloVe (Pennington et al., 2014) and charac-
ter embeddings (Ma and Hovy, 2016) and pushed
through a BiLSTM to obtain contextualized token
representations, which are combined into spans.
Similar to Luan et al. (2019); Zaporojets et al.
(2021), a span pruner limits the number of spans
for downstream modules. The KB module (§2.2)
combines span representations with KB entity rep-
resentations (§2.1), trained either on Wikidata (KB-
graph) or Wikipedia (KB-text). The KB-enriched
span representations then serve as input for joint
predictions on downstream IE tasks (§2.3).

2.1 Entity Representations

We experiment with 3 possible entity representa-
tions: KB-text, KB-graph, and concatenating both.
KB-text: We follow Yamada et al. (2016) to obtain
the entity representations using a skip-gram archi-
tecture (Mikolov et al., 2013a,b), training to jointly
predict (i) the linked entities (through Wikipedia hy-
perlinks) given the target entity, and (ii) the neigh-
boring words for a given entity hyperlink.
KB-graph: We adopt Joulin et al. (2017) to train
the entity embeddings directly on Wikidata triples
(subj,rel,obj) by optimizing a linear classi-
fier to predict the obj entity from the subj entity
and the relation type rel.

2.2 KB module

For a span si from token l to r, we obtain the repre-
sentation gi as input to the KB module by concate-
nating the respective hidden LSTM states hl and
hr, and an embedding ψr−l for the corresponding

span width r − l:

gi = [hl; hr;ψr−l]. (1)

We look up a given span si in a dictionary built
from Wikipedia, to determine its candidate entities
set1 Ci, as well as the prior probability pij for each
cij ∈ Ci, as per Yamada et al. (2016, §3).

To combine the KB candidates cij , we either
use (i) a uniform average (Uniform), (ii) the prior
weights pij (Prior), (iii) an attention scheme (At-
tention), or (iv) attention with prior information
(AttPrior). The unnormalized attention scores for
Attention and AttPrior are:

ΦAttention(si, cij , K) = FA ([gi; ξK(cij)]) (2)

ΦAttPrior(si, cij , K) = FAP
(
[gi; ξK(cij); pij ]

)
(3)

where K ∈ {KB-text,KB-graph, both} refers to the
entity representations from §2.1, ξK returns such
representation for cij , and F∗ is a feed-forward
neural network (FFNN). The KB representation for
span si is a weighted average of its candidates Ci:

eK
i =

∑

cij∈Ci
αij · ξK(cij) (4)

where weights αij either are uniform (1/ |Ci|), the
prior pij , or softmax-normalized attention scores
(softmax over Φ from eq. (2) or eq. (3)). The con-
catenation [gi; eK

i ] forms the KB-enriched represen-
tation for span si, as input for IE modules (§2.3).

2.3 Joint IE model

The joint IE model comprises 3 modules (Fig. 1) us-
ing the same KB-enriched representations [gi; eK

i ],

1We limit this to the 16 most frequent ones.
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Dataset
# Entity # Entity

# Relations
# Relation

clusters types types

DWIE 23,130 311 21,749 65
DocRED 98,610 6 50,503 96

Table 1: Dataset statistics.

and using a weighted combination of the 3 module
losses to minimize during training. Note that NER
and RE are framed as multi-label classification.
NER module: We use a FFNN on each span si to
produce scores ΦNER(si) ∈ R|LE |, with LE the set
of possible entity types. At inference, we accept
type l ∈ LE for span si if ΦNER(si)l > 0.
Coref module: We use the coreference scheme
proposed by Lee et al. (2017), using a FFNN to pro-
duce scores Φcoref(si, sj): at inference time, the
highest scoring antecedent of span sj is then cho-
sen (potentially sj itself). Indeed, to allow for sin-
gletons we accept self-references (sj , sj) if NER
predicts the span sj to be an entity.
RE module: Similar to Luan et al. (2019, 2018),
we use a FFNN to produce scores ΦRE(si, sj) ∈
R|LR| for each pair of spans (si, sj), with LR the
set of relation types. We accept relation l ∈ LR for
pair (si, sj) if ΦRE(si, sj)l > 0.
IE unification: Above modules make span level
predictions. We obtain entity-centric predictions
using the coref clusters, by assigning the union of
predicted entity/relation types within a coref cluster
to all its members, as do Zaporojets et al. (2021).

3 Experimental Setup

We evaluate our proposed models2 on entity-centric
multi-task datasets, summarized in Table 1: DWIE
(Zaporojets et al., 2021) and DocRED (Yao et al.,
2019). We report on coreference resolution (coref),
NER and relation extraction (RE). For coref, we
report the average of 3 common F1 scores, as im-
plemented by Pradhan et al. (2014): MUC (Vilain
et al., 1995), B3 (Bagga and Baldwin, 1998) and
CEAFe (Luo, 2005). Since we focus on entity-
centric, document-level IE, for NER and RE we
use hard metrics (Zaporojets et al., 2021) on the
level of entity clusters (i.e., aforementioned coref
clusters): predictions are counted as correct only
if (i) all mentions (with exact boundary match) are
present in the entity cluster, and (ii) the predicted
entity type (for NER) or relation type between two

2Code and models available at https://github.
com/klimzaporojets/e2e-kb-ie.

clusters (for RE) is correct.
Our experiments address 2 main questions (see

Fig. 1): (Q1) Which type of KB representation is
most helpful for IE (KB-text, KB-graph, or both;
see §2.1)? (Q2) Which weighting scheme to use for
α (Uniform, Prior, Attention, AttPrior; see §2.2)?

4 Results

We summarize the comparison of various model
choices for both DWIE and DocRED datasets in
Table 2. First, looking into (Q1), we note that in-
cluding background information from KB-graph
and KB-text significantly boosts performance com-
pared to the Baseline without any KB. Additionally,
our model outperforms the results from Zaporojets
et al. (2021) (not listed in the table) by about 2
percentage points F1, using the same input (GloVe)
representations. Furthermore, we observe a gen-
eral improvement in results when combining both
representations, suggesting that a (hyper)text cor-
pus (Wikipedia) and a knowledge graph (Wikidata)
embed complementary information for raising IE
performance.

Deeper analysis reveals that adding KB repre-
sentations mainly benefits performance for “rare”
entity types: e.g., limiting the test set to entity types
that occur ≤50 times in the training set for DWIE,
compared to Baseline, F1 for NER goes up by
+13.9 for KB-both with AttPrior, while the benefit
gradually decreases for more frequently occurring
entity types. For RE, we note that overall we also
see a clear performance gain from adding KB infor-
mation (e.g., +5.1% F1 for both KB sources with
AttProp compared to Baseline for DWIE), yet the
boost is not as clear for relations with fewer train-
ing instances. (The latter makes sense, since we
inject KB representations of entities rather than ex-
plicitly also for relations; we leave studying adding
relation embedding information for future work.)

Second, for (Q2), we note that the AttPrior
scheme is the overall winner among the different
EL candidate weigthing schemes. We observed
that in terms of ranking EL candidates, Prior per-
forms quite well on DWIE — for 86.5% of entity
mentions it assigns the highest score to the cor-
rect EL candidate, while Attention and AttPrior
achieve it for 46.2%, resp. 77.2% of the mentions
— which basically confirms that DWIE has a simi-
lar entity distribution as Wikipedia.3 Yet, it seems
necessary to include alternative candidates, and

3DWIE is a news article corpus.
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DWIE DocRED

KB Source Setup Coref NER RE Coref NER RE

– Baseline 90.0±0.2 71.7±0.5 47.0±1.4 81.9±0.3 68.5±0.3 23.5±0.6

Uniform 90.7±0.2 73.5±0.5 48.5±1.1 82.9±0.1 70.7±0.2 24.5±0.3

KB-text Attention 90.7±0.3 73.4±0.8 49.0±0.4 83.4±0.1 71.2±0.1 24.5±0.3

AttPrior 90.7±0.3 73.7±0.6 49.6±0.8 83.2±0.2 71.3±0.2 24.8±0.4

Prior 90.7±0.2 73.8±0.5 49.4±0.4 82.9±0.2 70.9±0.3 25.3±0.4

Uniform 91.0±0.3 73.6±0.4 48.0±1.2 83.3±0.2 71.1±0.2 24.9±0.2

KB-graph Attention 91.2±0.3 73.9±0.5 50.1±1.1 83.7±0.1 71.6±0.1 25.0±0.4

AttPrior 91.3±0.2 74.6±0.3 50.5±1.0 83.5±0.3 71.5±0.2 25.1±0.2

Prior 90.8±0.3 73.6±0.6 49.6±1.1 83.4±0.1 71.1±0.1 25.2±0.2

both Uniform 91.1±0.1 74.1±0.5 49.3±0.5 83.5±0.1 71.3±0.2 24.8±0.1

(KB-graph + Attention 91.2±0.3 74.3±0.6 51.3±1.3 83.5±0.2 71.5±0.1 24.8±0.3

KB-text) AttPrior 91.5±0.2 75.0±0.4 52.1±1.2 83.6±0.2 71.8±0.3 25.7±0.7

Prior 90.8±0.1 73.8±0.2 49.8±1.2 83.2±0.1 71.2±0.1 25.1±0.3

Table 2: Main results of the experiments in F1 scores grouped by the background KB source. We report Avg. F1
scores of MUC, B3 and CEAFe for Coref, and hard F1 metrics for NER and RE. Bold font indicates the best results
for each of the different KB source types. Additionally, the best overall results are underlined.

NASA's Mars rover, "Curiosity" will [...] continue 
exploring the surface of the Red Planet.

Figure 2: Illustration of EL candidate weighting: the
α weights for top candidates for “Red Planet” from the
example sentence at the top. Attention-based weight-
ing (Attention, AttPrior) correctly identify the “Mars”
entity, while the Wikipedia-based Prior fails, as most
of Wikipedia’s “Red Planet” links refer to the film.

the attention-based schemes thus can correct EL
mistakes of Prior, as illustrated in Fig. 2. This cor-
rection leads to a resulting boost for the IE tasks
as reported in Table 2. E.g., we found that for
DWIE, looking at clusters with entity mentions
for which Prior makes wrong EL predictions, the
AttPrior weighting scheme retrieves +3.7% more
of the gold standard annotated named entities (as
opposed to just +0.6% in the clusters with correct
Prior EL candidates). Perfecting the EL prediction

would potentially boost IE performance even more.

5 Related Work

As stated earlier, we studied how to integrate
(i) knowledge base information into IE, and partic-
ularly (ii) end-to-end IE combining multiple tasks
(NER, relation extraction, coreference resolution),
while (iii) taking an entity-centric perspective, i.e.,
focus on making consistent decisions on the docu-
ment level. For (i), integrating KB into IE has been
applied for individual tasks: relation classification
(Poerner et al., 2020; Zhang et al., 2019; Yang and
Mitchell, 2017), entity typing (Peters et al., 2019)
and NER (Yamada et al., 2020). For (ii), recently
span-based architectures (Lee et al., 2017; Luan
et al., 2019; Wadden et al., 2019; Fei et al., 2020)
have been proposed. Our work unifies the KB inte-
gration concept into such span-based IE system, in
particular an entity-centric one (as per (iii)), build-
ing on Jia et al. (2019); Zaporojets et al. (2021).
For the KB integration approach, we exploit en-
tity representations trained on a hypertext corpus,
as in (Yamada et al., 2016; Ganea and Hofmann,
2017; Yamada et al., 2020) or learnt from a knowl-
edge graph (Yang and Mitchell, 2017; Han et al.,
2018; Zhang et al., 2019). Our results show that
both offer complementary value for IE. Similarly
to our work, Yamada and Shindo (2019) also ex-
plore using an attention-weighted combination of
entity representations, but they use it to build a full
document representation (with mentions having
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the entities as candidates) for a text classification
task. In contrast, our span-based attention model is
able to “inject” knowledge in each of the mentions
separately, for more fine-grained downstream IE
tasks that are mention-dependent, e.g., coreference
resolution, relation extraction and NER.

6 Conclusion

We propose an end-to-end model for joint IE (NER
+ relation extraction + coreference resolution) incor-
porating entity representations from a background
knowledge base (KB), using a span-based system.
We find that representations built from a knowledge
graph and a hypertext corpus are complementary
in boosting IE performance. To combine candidate
entity representations for text spans, we explore var-
ious weighting schemes: an attention-based combi-
nation is successful in combining prior frequency
information from a hypertext corpus with contex-
tual information to identify the relevant entity, and
achieves highest IE performance.
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Abstract
We study calibration in question answering, es-
timating whether model correctly predicts an-
swer for each question. Unlike prior work
which mainly rely on the model’s confidence
score, our calibrator incorporates information
about the input example (e.g., question and
the evidence context). Together with data aug-
mentation via back translation, our simple ap-
proach achieves 5-10% gains in calibration ac-
curacy on reading comprehension benchmarks.
Furthermore, we present the first calibration
study in the open retrieval setting, compar-
ing the calibration accuracy of retrieval-based
span prediction models and answer generation
models. Here again, our approach shows con-
sistent gains over calibrators relying on the
model confidence. Our simple and efficient
calibrator can be easily adapted to many tasks
and model architectures, showing robust gains
in all settings.1

1 Introduction

Despite rapid progress in AI models, building a
question answering (QA) system that can always
correctly answer any given query is beyond our
reach. Thus, questioners have to interpret the
model prediction, deciding whether to trust it. We
study providing an accurate estimate of the cor-
rectness of model prediction for each example at
test time. As making incorrect predictions can be
much more costly than making no prediction (e.g.,
missing diagnosis is much more costly than query-
ing human experts), calibrators can bring practical
benefits (Kamath et al., 2020).

Existing work on calibration focuses on mdoel
confidence, such as the max probability of the pre-
dicted class (Guo et al., 2017; Desai and Durrett,
2020). Unlike classification tasks, question an-
swering explores large output space, either through

1Code is available at https://github.com/
szhang42/Calibration_qa.

answer generation (Raffel et al., 2020; Lewis et al.,
2020) or selecting a span from provided docu-
ments (Rajpurkar et al., 2016). In both settings, op-
timal decoding is often prohibitively expensive, and
heuristic decoding is a standard practice (Seo et al.,
2017). Thus, relying on the model’s confidence
score alone is not sufficient for calibration (Kumar
and Sarawagi, 2019).

Nonetheless, prior work (Kamath et al., 2020;
Jagannatha and Yu, 2020) relied heavily on model
confidence, such as the max probability of the pre-
dicted answer, together with a handful of manually
crafted features containing little information about
the input, such as the length of the question. We
empower the calibrator by introducing an input
example embedding from a pre-trained language
model (Alberti et al., 2019; Liu et al., 2019) fine-
tuned on QA supervision data as additional features.
With this simple and general feature, calibrator can
identify questions regarding rare entities or exam-
ples with little lexical overlap between the question
and the context. We bring further gains by para-
phrasing questions or contexts respectively through
back translation (Sennrich et al., 2016), providing
lexical variations of the question and the context
and enriching the feature space.

We evaluate our calibrator with internal metrics
(i.e., calibration accuracy) and external metrics (i.e.,
impact on QA performance). We first evaluate cal-
ibrators in reading comprehension settings intro-
duced in Kamath et al. (2020) – in-domain (Ra-
jpurkar et al., 2016; Kwiatkowski et al., 2019), out
of domain (Fisch et al., 2019), and adversarial (Jia
and Liang, 2017). Then, we expand calibration
study to more challenging open retrieval QA set-
ting (Voorhees and Tice, 2000; Chen et al., 2017),
where a system is not provided with an evidence
document. We adapt our calibrator for state-of-the-
art generation based (Raffel et al., 2020) and extrac-
tive (retrieve-and-predict) QA models (Karpukhin
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et al., 2020), showing gains in both models. While
calibration accuracy is higher in the generation
based model, the extractive method provides bet-
ter answer coverage above fixed accuracy. Lastly,
we use calibrator as a reranker for the answer
span candidates in an extractive open retrieval QA
model (Karpukhin et al., 2020), showing modest
gains. We provide rich ablation studies on design
choices for our calibrator, such as the choice of
base model to derive input example encoding. Our
simple input example embedding from pretrained
language models shows consistent gains in all set-
tings and datasets. Without any manual engineering
specific to the question answering task, our calibra-
tor could be easily adapted to other tasks with rich
output space.

2 Problem Definition

We estimate how the models’ prediction confidence
aligns with the empirical likelihood of correct-
ness (Brier, 1950). Formally, a calibrator f takes
the input example xi and the trained modelMθ and
identifies whether the model’s prediction is cor-
rect or not. We treat the correctness as binary (i.e.,
answer string exact match) for simplicity, instead
of partial credit (e.g., token level F1 score). We
study two settings: reading comprehension (RC)
and open retrieval QA. In RC, an input example xi
will be a context ci and the question qi, and in open
domain QA, an input example will be a corpus C
and the question qi.

We use the same metrics to evaluate the perfor-
mance of the calibrator f in the two settings.

2.1 Metric: Calibrator performance

Accuracy: Given evaluation data Deval =
{(x1, y1), (x2, y2) . . . (xN , yN )} and a learned
model Mθ, we define the accuracy of the calibrator
f as:

acc(f) =
N∑

i=1

I

{
f(xi,Mθ) = I[Mθ(xi) = yi]

}
.

AUROC: Based on the above definition of the
accuracy of the calibrator f , we computes the cover-
age – fraction of evaluation data Deval that model
makes prediction on – and risk, the error at that
coverage. We plot risk versus coverage graph, and
measure the area under the curve, i.e., AUROC
(Area Under the Receiver Operating Characteristic
Curve) (Hanley and McNeil, 1982).

2.2 Metric: End task performance

We measure how the calibrator performance im-
pacts QA performances. First, we study selective
QA setting – where we use calibrator score to de-
cide which examples from Deval to make predic-
tions.

For the extractive model for open retrieval
QA (Karpukhin et al., 2020), where multiple an-
swer candidates are given, we further evaluate the
performance of calibrator as a reranker and mea-
sure the answer span exact match (EM) score.

Selective QA (coverage at fixed accuracy): We
use the calibrator score to rank the examples in the
evaluation data. Specifically, we use the calibra-
tor’s confidence for the top answer candidate in-
stead of model score to decide which examples in
Deval the model answers most confidently. Then,
we report the percentage of evaluation data that can
be predicted while maintaining threshold accuracy
(80%), following prior work (Kamath et al., 2020).

Open Retrieval QA (top-N accuracy): We use
the calibrator score to rank the answer candidates
for each evaluation example, similar to how can-
didate translations are reranked in machine trans-
lation (Shen et al., 2004). We first retrieve answer
candidates from multiple paragraphs and utilize
the calibrator to override the model’s prediction.
The calibrator scores the top N answer candidates
and outputs the answer with the highest confidence
score instead of the answer with the highest model
score. Our calibrator can be added as last step for
any open retrieval QA systems which generates
multiple answer candidates without retraining the
model. We evaluate the top 1 exact match accuracy
and the top 5 exact match accuracy after re ranking
with our calibrator score.

3 Methods

We propose two general approaches to improve
binary calibrator: new feature vector, a dense rep-
resentation of the input example (Section 3.2) and
data augmentation with backtranslation which fur-
ther improves the new feature vector (Section 3.3).
While both are simple, well-established formula
for improving end tasks in NLP, neither has been
explored in the context of calibration, as prior work
assumed model confidence score is the most promi-
nent signal. We follow prior work (Kamath et al.,
2020) for calibrator architecture and focus on im-
proving its feature space.
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3.1 Calibrator Architecture

A binary classifier is trained using the gradient
boosting library XGBoost (Chen and Guestrin,
2016), which classifies each test example as cor-
rectly answered by the base QA model or not. This
calibrator does not share its weights with the base
QA models. We finetune the following hyper-
parameters on the development set: colsample by
level, colsample by node, colsample by tree, learn-
ing rate, and the number of estimators. All cali-
brators are trained five times, each with different
data partitions and random seeds. We report the
variances in the results.

3.2 Input Example Embedding Feature From
Base QA Model

Prior work uses manually designed features based
on the scores to the predicted answer (details in
Section 4.2.1). Such features retain little informa-
tion about input example – e.g, question and the
evidence context. Inspired by the recent works in
machine learning (e.g. Song et al., 2019; Hendrycks
et al., 2019), which use hidden vectors to classify
in-domain and out-of-domain data, we introduce
an input example embedding, a new feature vector
that represent question and (optionally) evidence
context to a calibrator.

Our input example embedding is a fixed dimen-
sional vector representing an input example, similar
to sentence embeddings (Conneau et al., 2017). It
differs in that the representation is taken from the
final layer of base QA model, which is trained with
supervision from question answering data and it
encodes question and (optional) evidence context
simultaneously. In Section 6.1, we report minor
performance degradation from using embeddings
from generic pretrained language model instead.

Each base model processes input example, either
query qi or query, context pair (qi, ci) to generate
a sequence of hidden vectors, which will be com-
pressed into a fixed dimensional vector to be used
as calibrator feature.2 We denote the input example
as a sequence of tokens t = (t0, t1, · · · , tn) where
n is the length of the input. We pass the sequence t
through base QA model and get (h0,h1, · · · ,hn)
where hi is the corresponding final-layer hidden
state of ti, and hi = (hi,0, · · · ,hi,m) where m is
the number of hidden dimensions. Then, we get

2For simplicity, we write equations with (qi, ci) pair as
an input, when only query is provided (e.g., generation based
open retrieval QA method) ci is empty.

the m-dimensional feature vector

φ(qi, ci) = [
1

n

n∑

i=1

hi,0; · · · ;
1

n

n∑

i=1

hi,m)], (1)

where each dimension is an average across the
length n. We then train a binary classifier using
these features as a calibrator. We now describe our
base QA models to get this hidden representations.

3.2.1 Base QA Model
We use standard span prediction architecture for
RC, and a generation based model and an extractive
model for open retrieval QA.

For RC and extractive open retrieval QA model,
we use a standard span prediction architecture
based on a pretrained language model (Devlin et al.,
2018), which predicts start and end index of the
answer span separately with softmax layer. The
output hidden vector sequence will equal the sum
of the length of question and the length of evidence
context. For the open retrieval QA setting, the ex-
tractive model first retrieves a passage from the
corpus and predicts an answer span from it. We
use the best model from dense passage retrieval
(DPR)(Karpukhin et al., 2020).3 Specifically, this
model retrieves the top 100 retrieved passages as
input and trains a span prediction model, which
optimizes a softmax cross-entropy loss to select
the correct passage among the candidates, and the
answer span prediction loss. The model then se-
lects the answer span with the highest answer span
score (sum of the start and end logit score) from
the passage with the highest passage score. In this
setting, t is a concatenation of question qi and the
context ci.

For generation based model, we use a sequence-
to-sequence (seq2seq) model, specifically T5-
small (Raffel et al., 2020), which takes the question
as an input and generates answer tokens. For this
base QA model, t only consists of the query since
the context is not provided.
Data For all experiments in RC, we train the model
on the SQuAD 1.1 dataset. For open retrieval QA,
models are trained on the Natural Questions (NQ)
dataset (Kwiatkowski et al., 2019) following the
data split from Lee et al. (2019).

3.3 Data Augmentation Via Paraphrasing
Paraphrase generation can improve QA mod-

els (Yu et al., 2018) by handling language vari-
3https://github.com/facebookresearch/

DPR
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Task Setup Base QA model (train) Calibrator (train & dev) Calibrator (test)

In domain SQuAD 1.1 + HotpotQA SQuAD 1.1 + HotpotQA

Standard RC Out of domain SQuAD 1.1 + HotpotQA Other MRQA
In domain SQuAD 1.1 + NQ SQuAD 1.1 + NQ
Out of domain SQuAD 1.1 SQuAD 1.1 + NQ Other MRQA

Adversarial RC In domain SQuAD 1.1 Adversarial SQuAD1.1 Adversarial
Out of domain MRQA SQuAD1.1 Adversarial

Unanswerable RC In domain SQuAD 2.0 SQuAD 2.0
Out of domain MRQA SQuAD 2.0

Open Retrieval QA In domain NQ Training Set NQ Test Set

Table 1: Experiment Configuration. In domain / Out of domain distinguishes whether the training data for calibrator
is different from the test data.

ation. Compared to sentence retrieval (Du et al.,
2020) and language model based example genera-
tion (Anaby-Tavor et al., 2020), backtranslation
can capture the ambiguity of questions and an-
swer(Singh et al., 2019). Given a (qi, ci) pair, we
use back translation (Sennrich et al., 2016) to gen-
erate paraphrases of the question q′i from qi and the
evidence context c′i from ci.

We use standard transformer-based neural ma-
chine translation models (Junczys-Dowmunt et al.,
2018) trained on WMT dataset.4 We first translate
the original sentences to a pivot language and then
translate them back to the source language. To guar-
antee translation quality, French and German are
used as the pivot languages. We use beam search
decoding with beam size as 4 and truncate the con-
text length to 512, as the reading comprehension
model truncates the context anyway. We analyze
the quality of backtranslation in Section 6.2.

We denote (q′i, ci) as tq = (tq0, · · · , tqnq) and
(qi, c

′
i) as tc = (tc0, · · · , tcnc). Here, nq and nc

denote the length after backtranslating the question
and context, respectively. For tq and tc, we pass
them through the base QA model, get hq and hc,
and extract the m-dimensional feature vector as in
Eqn (1),

φ(q′i, ci) = [
1

nq

nq∑

i=1

hqi,0, · · · ,
1

nq

nq∑

i=1

hqi,m],

φ(qi, c
′
i) = [

1

nc

nc∑

i=1

hci,0, · · · ,
1

nc

nc∑

i=1

hci,m)].

(2)

We use the concatenation of the original in-
put example embedding and backtranslated one,
[φ(qi, ci);φ(q

′
i, ci)] and [φ(qi, ci);φ(qi, c

′
i)] as fea-

tures. Backtranslating both context and question

4https://huggingface.co/transformers/
model_doc/marian.html

did not bring further gains, thus the results from
such a feature set are not presented. We hypothe-
size that backtranslating context and question to-
gether might introduce too severe noise. We do
not use data augmentation for open retrieval QA
experiments.

4 Experimental Settings

In this section, we describe the experimental set-
ting, dataset setups and baseline systems. Table 1
summarizes the evaluation scheme. A separate
calibrator is trained for each calibrator train data
configuration.

4.1 Data

For all in-domain reading comprehension exper-
iments, we randomly split the data into training,
development, and test (40%,10%,50%), following
regression and classification benchmarks (Asun-
cion and Newman, 2007). Further, we assume only
limited supervised data is available for calibrators,
simulating a set up where we have a general QA
model and small number of annotated data reserved
for calibration.

Standard RC We test two in domain settings
and two out of domain settings. We randomly
sample 4K examples from each of the datasets
included in the training portion of the MRQA
shared task (Fisch et al., 2019) (SQuAD (Rajpurkar
et al., 2016), NewsQA (Trischler et al., 2017), Triv-
iaQA (Joshi et al., 2017), SearchQA (Dunn et al.,
2017), HotpotQA (Yang et al., 2018), Natural Ques-
tions (Kwiatkowski et al., 2019)). We train two
calibrators, one with the SQuAD1.1 + HotpotQA
datasets and another with the SQuAD1.1 + NQ
datasets. For out of domain evaluation, we use
four remaining datasets from MRQA shared task
training set.
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Adversarial RC (SQuAD 1.1 Adversarial)
The adversarial examples manipulate the evidence
paragraph to change the model prediction but not
the gold answer. We sample 2K examples from the
development portion of the SQuAD 1.1 (Jia and
Liang, 2017) AddSent dataset, which appends an
additional sentence that looks similar to the ques-
tion at the end of the paragraph. For the out-of-
domain case, we train the calibrator on 6K exam-
ples (1K each sampled from MRQA datasets) and
test on adversarial examples.

Unanswerable RC (SQuAD 2.0) We sampled
2K examples from the development portion of the
SQuAD 2.0 dataset (Rajpurkar et al., 2018), which
contains examples where the answer to the ques-
tion cannot be derived from the provided context.
Crowdworkers posed questions that were impossi-
ble to answer based on the paragraph alone while
referencing entities in the paragraph and ensuring
that a plausible answer is present. For out of do-
main setting, we train the calibrator on 6K exam-
ples (1K each sampled from MRQA datasets) and
test on SQuAD 2.0 dataset (same as adversarial RC
setting).

Open Retrieval QA We use the open retrieval
version of the NQ (Lee et al., 2019). We split its
training data 60% and 40% for calibrator training
and validation and use the NQ test set for testing.

4.2 Comparison Systems
We summarize the calibrators used in our study
in Table 2. All calibrators are trained with the
same gradient boosting library XGBoost (Chen and
Guestrin, 2016), and they only differ in the feature
sets. These calibrators are efficient, trained within
a few minutes even with our new feature space.

4.2.1 Reading Comprehension
MaxProb is the simplest baseline that relies on
the model’s confidence score. The model score is
the sum of the logit scores of the start and end of
the answer span for reading comprehension. For
open retrieval question answering, the model first
determines the passage with the highest passage-
match score and then extracts the answer span from
this passage.

Formally, given the set of answer spans Y , Max-
Prob with model Mθ estimates confidence on input
xi as:

MaxProb = max
y∈Y

Mθ (y | xi) ,

QA model Calibrator Feature Set # Features

RC

MaxProb 1
features: Kamath et al. (2020) 17
Ours m
+ features 17 + m
+ features + φ(qi, c′i) 17 + 2m
+ features + φ(q′i, ci) 17 + 2m

Extractive Unnormalized Scores 2
Normalized Scores 2

(DPR) Ours + Normalized Score 2 + 2m

Generation Likelihood 1
(T5) Ours + Likelihood 1 + m

Table 2: Comparison Systems: different calibrators ex-
plored for three base QA models. The last two QA
models are for open retrieval QA task. The dimension
of question context embedding is m defined in Eqn (1)
(eg. m is 768 for reading comprehension).

where Mθ(y | xi) refers to the model score for
candidate answer y.

Kamath et al. (2020) uses a calibrator based on
the following general features: passage length, the
predicted answer length, and the top-5 largest soft-
max probabilities generated by the model. They
also use test time dropout (Gal and Ghahramani,
2016): given an input xi and model Mθ, compute
Mθ(xi) with K different dropout masks, obtaining
prediction distributions p̂1, ..., p̂k, where each p̂i
is a probability distribution over Y . Two options
are used as confidence estimates. First, taking the
mean of p̂i (Lakshminarayanan et al., 2017)

Dropout Mean =
1

K

K∑

i=1

p̂i.

Second, taking the variance of the p̂i (Feinman
et al., 2017; Smith and Gal, 2018)

Dropout Variance = Var [p̂1, . . . , p̂K ] .

The dimension of MaxProb, 2th-5th probability,
Dropout Mean, Dropout Variance, context length
and prediction length are 1, 4, 5, 5, 1, 1, respec-
tively. In total, this feature set contains 17 features.

Ours represents a calibrator that is trained with
the question context embedding, φ(qi, ci) in Eqn
(1). ‘+ features’ refers to augmenting features from
(Kamath et al., 2020), described above. Augment-
ing the feature sets with question context embed-
dings from backtranslated questions is denoted as
‘+φ(q′i, ci)’, and augmenting the feature sets with
question context embeddings from backtranslated
contexts is denoted as ‘+φ(qi, c′i)’ from Eqn. (2).
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In Domain Out of Domain
Calib. Accu AUROC Cov@Acc=80% Calib. Accu AUROC Cov@Acc=80%

SQuAD1.1 + HotpotQA SQuAD1.1 + HotpotQA / Other MRQA datasets
MaxProb 58.2±0.2 58.0±0.3 38.4% 56.8±0.2 56.5±0.2 38.3%
Kamath et al. (2020) 62.6±0.5 62.3±0.7 40.9% 61.2±0.4 60.7±0.5 39.7%
Ours 65.8±0.3 66.8±0.4 43.1% 63.7±0.3 64.1±0.3 41.6%
+ features 67.4±0.5 68.5±0.4 43.3% 65.4±0.3 66.9±0.3 42.7%
+ features + φ(qi, c′i) 69.2±0.4 70.3±0.4 44.3% 67.6±0.4 68.8±0.5 43.9%
+ features + φ(q′i, ci) 66.8±0.3 67.9±0.3 42.4% 64.7±0.4 66.2±0.3 42.5%

SQuAD1.1 + NQ SQuAD1.1 + NQ / Other MRQA datasets
MaxProb 64.8±0.3 71.5±0.3 49.2% 61.4±0.2 66.7±0.3 45.9%
Kamath et al. (2020) 68.5±0.4 75.5±0.6 53.4% 64.1±0.6 69.2±0.5 51.5%
Ours 69.5±0.3 76.3±0.5 57.8% 64.3±0.4 69.4±0.4 54.3%
+ features 70.3±0.4 77.0±0.3 59.1% 64.9±0.5 70.4±0.5 56.5%
+ features + φ(qi, c′i) 73.2±0.4 79.4±0.3 60.7% 66.7±0.5 72.1±0.5 57.6%
+ features + φ(q′i, ci) 72.5±0.4 78.7±0.3 59.3% 65.8±0.5 71.4±0.5 55.9%

Table 3: Calibration results on standard reading comprehension datasets. In the out of domain setting, we first list
the training dataset of calibrator, then the test dataset.

4.2.2 Open Retrieval QA
We consider separate calibrators for two different
approaches (Karpukhin et al., 2020; Raffel et al.,
2020).

Extractive (Retrieve-And-Predict) We con-
sider two baseline calibrators: one takes the prod-
uct of normalized passage score (normalized across
all passage candidates) and answer score (normal-
ized across the top 10 answer spans for each pas-
sage), and another takes the product of unnormal-
ized passage and answer scores.

Then, we introduce calibrator augmented with
our input example embedding. We include two ex-
ample embeddings as features: one is the question
context embedding as used in the reading compre-
hension setting (from Eqn 1), and another is the
average of the answer span start token representa-
tion and the answer span end token representation.

Generation based (Seq2Seq) For seq2seq mod-
els (Raffel et al., 2020), the output answer space
includes all sentences that can be generated with
conditional language model. Thus, instead of Max-
Prob, we use the likelihood of the generated answer
(i.e., the product of the conditional probabilities for
each token in the generated answer) as a baseline.
Then, we introduce calibrator with our input exam-
ple embedding (from Eqn 1).

5 Results

Calibration Table 3 reports calibration results
on standard reading comprehension datasets. The
top block displays the performance of calibrators
trained on the SQuAD and HotpotQA datasets, and
the bottom block shows the results of calibrators

trained on the SQuAD and NQ datasets. In both
settings, the our input example embedding works
better than the manual feature set. However, two
approaches are complementary in all settings. In-
terestingly, paraphrasing questions shows gains in
Natural Questions but not in other datasets. We hy-
pothesize that organically collected search queries
contain more ambiguous and ill-defined queries
than crowdsourced questions where questions were
based directly on the context. Adding paraphrased
context embeddings, on the other hand, shows a
modest gain across all settings. Unlike QA models
have access to millions of parameters, calibrators,
even with our feature set, are provided with very
limited information. We hypothesize that augment-
ing the feature set with paraphrased context enabled
the calibrator to gain more information about the
example, facilitating higher performance.

Table 4 shows the results in more challenging
settings: one with adversarial attacks and another
containing unanswerable questions. In both set-
tings, we observe sizable gains (5-10% increase
in calibration accuracy) for the in domain setting,
but the gains are smaller in out of domain settings.
Similar to the Natural Questions dataset, in SQuAD
2.0, which includes adversarially designed ques-
tions without an answer, paraphrasing the question
is more helpful than paraphrasing the context. On
the other hand, in the adversarial setting where
contexts are manipulated, paraphrasing contexts
is more effective. Overall, our new feature vec-
tor shows consistent gain across all datasets and
settings.

We present the calibration in open retrieval QA
in Table 5. Overall, calibrator accuracy is higher
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In Domain Out of Domain
Calib. Accu AUROC Cov@Acc=80% Calib. Accu AUROC Cov@Acc=80%

SQuAD1.1 Adversarial MRQA / SQuAD1.1 Adversarial
Kamath et al. (2020) 52.4±0.2 53.7±0.4 25.4% 52.4±0.2 52.2±0.4 24.7%
Ours 61.1±0.4 63.2±0.3 35.6% 53.2±0.4 53.6±0.3 25.3%
+ features 61.4±0.6 63.5±0.3 35.8% 53.8±0.4 54.3±0.4 26.8%
+ features + φ(qi, c′i) 62.8±0.3 65.2±0.2 37.3% 54.9±0.5 55.1±0.3 27.5%
+ features + φ(q′i, ci) 61.6±0.3 63.7±0.4 35.5% 53.6±0.5 53.9±0.5 26.6%

SQuAD2.0 MRQA / SQuAD2.0
Kamath et al. (2020) 57.6±0.3 59.2±0.4 31.7% 54.8±0.4 56.5±0.5 29.6%
Ours 58.9±0.2 61.1±0.2 33.8% 55.7±0.3 57.4±0.4 30.7%
+ features 60.1±0.2 61.9±0.3 34.2% 56.6±0.4 58.3±0.5 31.6%
+ features + φ(qi, c′i) 60.2±0.3 61.8±0.3 34.1% 56.4±0.5 57.9±0.4 31.2%
+ features + φ(q′i, ci) 62.6±0.4 64.3±0.3 35.9% 58.1±0.4 60.4±0.4 32.9%

Table 4: Calibration results on adversarial and unanswerable SQuAD datasets. In the out of domain setting, we
first list the training dataset of calibrator, then the test dataset.

Model Answer Acc Calibrator Calib. Accu Calib. AUROC Cov@Acc=80%

Extractive (DPR) 41.0 Unnormalized scores 65.9±0.2 65.2±0.2 10.4%
(Karpukhin et al., 2020) Normalized scores 72.2±0.4 74.5±0.3 28.9%

Ours (+ Normalized Scores) 77.3±0.3 78.7±0.2 30.5%

Generation (T5) 25.5 Likelihood 89.3±0.1 86.6±0.1 10.4%
(Raffel et al., 2020) Ours (+ Likelihood) 91.6±0.3 92.9±0.1 11.3%

Table 5: Calibration results on NQ open retrieval test set for different base QA models and calibration features.

compared to RC, partially because the answer ac-
curacy is substantially lower. For example, with
generation based model (T5)’s answer accuracy
of 25.5, simply predicting incorrectly for every
example will give 74.5 calibration accuracy. In
both models, internal confidence scores (Likeli-
hood and Normalized scores) provide reasonable
calibrator performance, yet adding our feature set
improves the performance. In particular, our cali-
brator shows a larger gain in the DPR setting. En-
couraged by this result, we test our calibrator as
an answer candidate reranker for top answer candi-
dates from DPR. Despite high calibration accuracy
of generation based approach, selective QA perfor-
mance (Cov@Acc=80%) is higher with the extrac-
tive approach, suggesting comparing calibration
performance across models of different accuracy is
challenging.

Answer Reranking Table 6 shows the results of
our calibrator as an answer candidate reranker. The
calibrator considers the top 1,000 answer candi-
dates (100 retrieved passages, each with top 10
answer spans) and outputs top candidates based on
the calibrator score instead of the model score. We
show negligible gains in top 1 accuracy but bigger
gains in top 5 accuracy. These small but notice-
able gains show potential for using calibrators to
improve open retrieval QA performances, where

Top 1 EM Top 5 EM
DPR 41.0 57.8
Unnormalized scores 10.3±0.2 23.1±0.3
Normalized scores 41.2±0.1 58.6±0.1
Ours (+ Normalized scores) 41.4±0.1 59.0±0.1

Table 6: Results on open domain question answering
in NQ. The calibrator is used as a reranker for select-
ing the top answer span out of 1,000 answer spans (10
answer spans per each of 100 retrieved passages).

multiple answer candidates are considered.

6 Analysis

6.1 Task-Agnostic Representation vs.
Representation from QA Model

Our study has shown that input example embed-
ding is very useful, adding complementary power
to model confidence features. Based on this result,
we further ask the question, is it possible to build a
calibrator without accessing the model parameters,
but only a small amount of calibration training data
(which consists of questions, context, and whether
the model’s prediction is correct or incorrect)? We
train a calibrator that does not have any access
to the QA model parameters and only takes the
model’s predictions on a small set of training data
(a couple thousand of QA examples). This cali-

1964



In Domain Out of Domain
SQuAD1.1 + Hotpot QA Other MRQA datasets

CLS 63.5±0.4 62.3±0.5
Ours 65.8±0.3 63.7±0.3
Diff. 2.3% 1.4%

Table 7: CLS token ablation results, all numbers refer
to calibration accuracy. Using CLS token as a feature
shows a strong calibration performance, lagging behind
question context encoding from the RC model only by
a few points. The gap is even smaller in out of domain
setting.

brator uses a standard pretrained language model
(BERT) to encode [CLS; (qi, ci)] and takes the fi-
nal layer hidden representation of the [CLS] token
as a feature. Table 7 shows the performance of the
[CLS] token classifier. Surprisingly, this calibrator
outperforms the MaxProb baseline (in Table 3) in
all settings and outperforms Kamath et al. (2020)
(in Table 3) in most settings, indicating informa-
tion about the question and context might be more
useful than the QA model’s confidence. Using
the input example embedding from the QA model
shows only 1-3 point gains than using the CLS to-
ken embedding. This trend holds for across various
settings (more results in Table 11 in Appendix).

6.2 Quality of Back Translation

Question paraphrasing (Dong et al., 2017) can im-
prove performances of QA models. Similarly, both
question and context paraphrasing improves cali-
bration performance. In this section, we investigate
the quality of backtranslation used in our study. We
manually inspect 100 question paraphrasing from
SQuAD 2.0 dataset. 71 examples maintain the orig-
inal meaning, 12 examples change its meanings,
and 17 examples are hard to distinguish. One com-
mon pattern for meaning change is when proper
nouns in the original sentences are missing and
incorrectly translated (e.g. John Calvin → Jean
Calvin).

We study how much variability is introduced dur-
ing paraphrasing by studying divergence between
the original sentence and the paraphrased sentence.
We calculate the sentence BLEU score with NLTK
(Bird et al., 2009), using the original text as source
and the back-translated text as target for both ques-
tion paraphrasing and context paraphrasing. The
average sentence BLEU score is larger than 0.55
for all datasets, indicating back-translation intro-
duces relatively minor changes in phrasing.

q In what country is Normandy located?
q′ What country is Normandy in?
q When did Edward return?
q′ When did Edward come back?
q How would one write T(n) = 7n2 + 15n + 40 in big O

notation?
q′ How do you write T(n) = 7n2 + 15n + 40?
q What kind of arches does Norman architecture have?
q′ What kind of arches does Norman’s building have?

Table 8: Question back translation samples from
SQuAD 2.0 dataset. The first row (q) refers to the orig-
inal question, and the second row (q′) refers to back-
translated question. In the third example, back transla-
tion introduces an error.

hotpot false
hotpot true
squad false
squad true

Figure 1: A visualization for the input example embed-
ding from HotPotQA and SQuAD datasets. We denote
the data domain by markers with different shapes and
denote the correctness with different colors. The X-
axis and Y-axis denote the first and second dimensions
extracted by linear discriminant analysis, respectively.

Visualization Figure 1 shows a visualization of
the question context embeddings from HotpotQA
and SQuAD. We use linear discriminant analy-
sis (Pedregosa et al., 2011) to plot input example
embeddings and observe that embeddings from the
same dataset are closer to each other. It demon-
strates that embeddings are almost linearly sepa-
rable between domains, but it is much harder to
distinguish correct answers from incorrect ones.

Choice of Calibrator Architecture We test if
our results are sensitive to the choice of classifiers:
XGBoost, logistic regression (LR), and k-nearest

In Domain Out of Domain
SQuAD1.1 + NQ Other MRQA datasts

Xgboost 67.4±0.5 65.4±0.3
LR 66.6±0.3 64.7±0.3
KNN 66.3±0.2 64.6±0.3

Table 9: Ablation study on different classifiers with fea-
tures (Ours + features). All numbers refer to calibration
accuracy.
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Lang- In Domain Out of Domain
uage SQuAD1.1 + NQ Other MRQA datasets

φ(qi, c
′
i) FR 73.2±0.4 66.7±0.5

φ(qi, c
′
i) DE 73.0±0.4 66.5±0.5

φ(q′i, ci) FR 72.5±0.4 65.8±0.5
φ(q′i, ci) DE 72.8±0.3 66.1±0.4

Table 10: Calibration accuracy for different pivot lan-
guages: French vs. German, using calibrator with fea-
tures (Ours + features).

neighbors (KNN). Table 9 indicates our gains hold
across different classifiers. Full experimental re-
sults can be found in Appendix.

Choice of Pivot Language We test whether the
choice of pivot language in backtranslation impacts
performances. We find little difference between
pivoting through German or French (See Table 10).

7 Related Work

Calibration in NLP Calibration has become an
important topic in NLP as well as general machine
learning (Guo et al., 2018; Pleiss et al., 2017; FAN
et al., 2021) as confidence scores from calibrators
can be useful for the error correction process (Feng
and Sears, 2004). Calibration has been studied
in natural language inference, commonsense rea-
soning (Desai and Durrett, 2020; Varshney et al.,
2020), dialogue systems (Mielke et al., 2020), se-
mantic parsing (Dong et al., 2018), coreference
resolution (Nguyen and O’Connor, 2015) and se-
quence labeling (Jagannatha and Yu, 2020).

In question answering, Kamath et al. (2020)’s
study on selective question answering inspired our
work. We measure the calibration performance
with calibrator accuracy, AUROC, and coverage at
accuracy. Expected Calibration Error (ECE) (Guo
et al., 2017) is another commonly used metric for
calibration performance, but we consider calibra-
tor as a binary classifier at here. Jagannatha and
Yu (2020) also studies calibration in reading com-
prehension, using language model perplexity and
model’s confidence as features. Language model
perplexity coarsely and indirectly captures infor-
mation about the question and context. We propose
an improved feature space and thoroughly test it
in challenging settings, e.g., adversarial RC, unan-
swerable RC, and open retrieval QA.

Calibration During Training Recent work in
QA introduces an answer verification step (Tan
et al., 2018; Hu et al., 2019; Wang et al., 2020) at
the end of the pipeline. During the training, this

verifier module takes the questions, answers, or
MRC model’s state as inputs and determines the
answers’ validity. Then, the validity score is used
to update the model parameters during training.
Thus, the validator is jointly trained with the MRC
model. While this is conceptually similar to our set
up, instead of tying the calibrator into the model,
we design a universal post-hoc calibrator that can
be easily applied to any model architecture.

Calibration with Ensembles Ensemble diver-
sity has been used to improve uncertainty estima-
tion and calibration (e.g. Raftery et al., 2005; Stick-
land and Murray, 2020). While it is effective, cali-
bration with model ensembling is usually expensive
and time consuming (Zhou et al., 2002, 2018). Our
calibrator is an offline postprocessing step that does
not require further training of the original model.

8 Conclusion

We introduce a richer feature space for question an-
swering calibrators with question and context em-
beddings and paraphrase-augmented inputs. Our
work suggests deciding the correctness of a QA sys-
tem depends on both the semantics of the question-
context and the confidence of the model. We thor-
oughly test our calibrator in domain shift, adversar-
ial, and open domain QA settings. The experiments
show noticeable gains in performance across all
settings. We further demonstrate our calibrator’s
general applicability by using it as a reranker in
extractive open domain QA. To summarize, our
calibrator is simple, effective and general, with po-
tential to be incorporated into existing models or
extended for other NLP tasks.
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Appendix

A Additional Experimental Results

In Domain Out of Domain
Calib. Accu AUROC Cov@Acc=80% Calib. Accu AUROC Cov@Acc=80%

SQuAD1.1 + Hotpot SQuAD1.1 + HotpotQA / Other MRQA datasets
CLS 63.5±0.4 65.2±0.4 41.8% 62.3±0.5 62.6±0.3 40.3%
Ours 65.8±0.3 66.8±0.4 43.1% 63.7±0.3 64.1±0.3 41.6%
Difference 2.3 1.6 1.3% 1.4 1.5 1.3%

SQuAD1.1 + NQ SQuAD1.1 + NQ / Other MRQA datasets
CLS 66.8±0.3 74.0±0.5 58.5% 62.8±0.4 67.8±0.4 57.6%
Ours 69.5±0.3 76.3±0.5 62.8% 64.3±0.4 69.4±0.4 59.3%
Difference 2.7 2.3 4.3% 1.5 1.6 1.7%

Table 11: CLS token ablation results on reading comprehension.

In Domain Out of Domain
Calib. Accu AUROC Cov@Acc=80% Calib. Accu AUROC Cov@Acc=80%

SQuAD1.1 + Hotpot SQuAD1.1 + HotpotQA / Other MRQA datasets
Xgboost 67.4±0.5 68.5±0.4 43.3% 65.4±0.3 66.9±0.3 42.7%
Logistic Regression 66.6±0.3 67.3±0.3 42.6% 64.7±0.3 66.1±0.3 42.3%
KNN 66.3±0.2 67.0±0.3 42.1% 64.6±0.3 65.8±0.2 41.8%

SQuAD1.1 + NQ SQuAD1.1 + NQ / Other MRQA datasets
Xgboost 70.3±0.4 77.0±0.3 59.1% 64.9±0.5 70.4±0.5 56.5%
Logistic Regression 69.7±0.3 76.3±0.2 58.6% 64.2±0.4 69.7±0.4 56.1%
KNN 68.9±0.2 75.8±0.2 58.3% 63.8±0.3 69.3±0.3 55.6%

Table 12: Ablation study on different classifiers with features (Ours + features).

B Hyperparameters and Training Details

A binary classifier is trained using the gradient boosting library XGBoost (Chen and Guestrin, 2016).
We finetune the following hyper-parameters, colsample by level, colsample by node, colsample by tree,
learning rate, and the number of estimators on the development set. We use the following search space:
colsample by level/mode/tree is set to the same value and selected from {0.0, 0.1, 0.2, 0.3, 0.4, 0.5},
the learning rate and number of estimators are selected from {0.01, 0.1, 0.2, 0.5} and {5, 25, 50, 100},
respectively. These hyper-parameters are chosen based on the performance on the validation set.

For base QA models, we mostly following the hyperparameters used in the original work (e.g., batch
size 32 & learning rate of 5× 10−5 for BERT-base SQuAD 1.1 model). All calibrators are trained five
times, each with different data partitions and random seeds. We report the variances in the results. Our
calibrator does not share its weights with the base QA models.
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Abstract

This paper focuses on utilizing metaphor inter-
pretation to enhance metaphor detection. Con-
sidering that existing approaches to metaphor
interpretation are limited by ambiguous mean-
ings of the metaphorical substitute words,
this paper proposes a novel interpretation
mechanism that utilizes glosses to interpret
metaphorical words. Since there is no dataset
annotated for both metaphor detection and
metaphor interpretation, we enhance three
datasets TroFi, VUA, and PSUCMC from the
field of metaphor detection with gloss anno-
tations. Accordingly, we develop a model
for jointly conducting metaphor detection
and gloss-based interpretation (named MDGI-
Joint for short). Experimental results demon-
strate that MDGI-Joint outperforms state-of-
the-art models on all the three enhanced
datasets and that gloss-based metaphor inter-
pretation benefits metaphor detection.1

1 Introduction

Metaphor has been defined as words or other lin-
guistic expressions representing another concept
with the language from a more concrete conceptual
domain (Kövecses and Zoltán, 2002; Lagerwerf
and Meijers, 2008). According to existing studies
on metaphor (Kövecses and Zoltán, 2002; Steen,
2010), metaphor has been used so frequently in
daily language that it almost occurs in one out of
three natural language sentences.

Metaphor detection aims to identify all
metaphorical words in given texts and has been
demonstrated to be of great value in many Natural
Language Processing (NLP) tasks, such as machine
translation (Mao et al., 2018), machine reading
comprehension (Shutova et al., 2013), etc. There-

⇤Corresponding author
1Source code and datasets are available at https://

github.com/sysulic/MDGI.

Example : The stroke clouded memories of her youth.
Metaphorical word : clouded 
(Mao, Lin, and Guerin 2018) interpretation : change
Meanings of change : make different, remove or replace the 

coverings of,  , become deeper in tone
Gloss as interpretation : to make unclear or confused

Figure 1: An example for metaphor detection, where
the word clouded is a metaphorical word (highlighted
in bold and underline). Interpretation by a substitute
word (highlighted in bold) is computed by (Mao et al.,
2018). Gloss as interpretation (highlighted in blue bold
italics) is picked from the Merriam Webster dictionary.

fore, metaphor detection has drawn increasing inter-
ests in recent years. There have emerged a number
of methods for metaphor detection, including SEQ
(Gao et al., 2018), RNN HG (Mao et al., 2019),
RNN MHCA (Mao et al., 2019), MUL GCN (Le
et al., 2020), DeepMet (Su et al., 2020), etc.

To capture the meanings of metaphorical words,
metaphor interpretation has also been studied,
which paraphrases metaphorical expressions into
literal expressions that maintain the intended mean-
ings of given texts (Mao et al., 2018). Existing
approaches have treated metaphor interpretation as
extraction of transferred properties, identification
of the underlying conceptual mapping, or gener-
ation of a literal substitute paraphrase (Rai and
Chakraverty, 2020). All of them are yet limited by
ambiguous meanings of the metaphorical substitute
words. Consider the example shown in Figure 1.
The metaphorical word clouded is interpreted as
change in (Mao et al., 2018), where change has
10 diverse meanings according to WordNet (Miller,
1995). Due to multiple meanings of change, it is
difficult to precisely capture the intended meaning
of the metaphorical word clouded.

It has been pointed out by Group (2007) that,
metaphors have a clear distinction between their
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basic meanings and contextual meanings. Consider
the example shown in Figure 1 again. The gloss-
based interpretation for clouded gives the meaning
“to make unclear or confused”, which is evidently
different from the basic meaning “to grow cloudy”
of clouded. In other words, different from the
substitute word, the gloss extracted from dictionar-
ies can provide an unambiguous interpretation of
clouded which exhibits a clear distinction to its ba-
sic meaning. Therefore, we can utilize gloss-based
metaphor interpretation to enhance the metaphor
detection task.

Based on the above observations, we propose to
use glosses to interpret metaphorical words. Specif-
ically, we formulate metaphor interpretation as a
task of predicting the best gloss among a set of
candidate glosses. Considering that Word Sense
Disambiguation (WSD) (Kilgarriff, 2004) is a pop-
ular technique for identifying the correct meaning
of a target word, modern WSD methods can be
adapted to metaphor interpretation.

By now there is a lack of dataset annotated for
both metaphor detection and metaphor interpreta-
tion. In order to study whether gloss-based inter-
pretation benefits metaphor detection, we enhance
three benchmark datasets in the field of metaphor
detection, including two English datasets (TroFi
and VUA) and one Chinese dataset (PSUCMC).
For each dataset, we construct a set of candidate
words and annotate these words with glosses ex-
tracted from a dictionary.

Accordingly we develop a joint model
for Metaphor Detection and Gloss-based
Interpretation (named MDGI-Joint for short). To
be specific, our joint model encodes contexts
and glosses independently for every given word.
Based on both the contextual word embedding
and gloss embeddings, a probability distribution
for all glosses of the given word is computed
and then used to predict the best gloss, in a
similar way as the state-of-the-art WSD method
(Blevins and Zettlemoyer, 2020), Afterwards, an
attention mechanism is employed to compute
an integrated representation of all glosses. This
integrated representation is then concatenated
with the contextual word embedding to determine
whether the given word is metaphorical through
a classical prediction layer. The joint model is
trained by minimizing a combined loss from both
the metaphor detection task and the metaphor
interpretation task.

We conduct experiments on the aforementioned
three enhanced datasets. Experimental results
demonstrate that gloss-based metaphor interpre-
tation does benefit metaphor detection. On one
hand, the proposed model achieves state-of-the-
art performance on all three enhanced datasets in
the metaphor detection task. On the other hand,
it also achieves comparable performance with the
outstanding WSD method in the metaphor interpre-
tation task.

The main contributions of this paper can be sum-
marized as follows.

• We provide a novel interpretation mechanism
that utilizes glosses to interpret metaphorical
words.

• We enhance three metaphor detection datasets
(TroFi, VUA, and PSUCMC) with annotations
of glosses for metaphorical words.

• We develop a joint model for metaphor detec-
tion and gloss-based interpretation and empir-
ically show that metaphor interpretation with
glosses benefits metaphor detection.

2 Related Work

2.1 Metaphor Detection
Early studies on metaphor detection (Shutova et al.,
2010; Rei et al., 2017) usually follow the linguistics
theory (Lakoff and Johnson, 1980) and construct
mappings from the source domain to the target
domain.

Subsequent studies focus on metaphor detection
over subject-verb-objects, adjective-noun tuples, or
metaphorical phrases. Among these studies, a lot
of semantic features including the degree of ab-
stractness, the degree of concreteness, the degree
of imageability, semantic super-senses (namely
coarse semantic categories originating in WordNet),
lemma unigrams, and grammatical dependencies
are added to improve performance of metaphor de-
tection (Turney et al., 2011; Tsvetkov et al., 2014;
Klebanov et al., 2016; Özbal et al., 2016; Jang
et al., 2015). Jang et al. (2015) took topic distribu-
tion into consideration. Jang et al. (2016) explored
topic transition between a metaphor and its context.
For handing multi-modal information, Shutova
et al. (2016) considered both word embeddings
and visual embeddings whereas Bulat et al. (2017)
introduced a cross-modal method to integrate lin-
guistic representations and property-based repre-
sentations. A broader context of discourse was
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considered by (Jang et al., 2015) and (Mu et al.,
2019).

Regarding word-level metaphor detection,
metaphor detection can be treated as a sequence
tagging task. Wu et al. (2018) proposed a neu-
ral model, which uses Word2Vec (Mikolov et al.,
2013) as text representation and encodes part-
of-speech (POS) tags, word clusters with Con-
volutional Neural Network (CNN) and Bidirec-
tional Long Short-Term Memory (Bi-LSTM) net-
work. Gao et al. (2018) and Mao et al. (2019)
respectively utilized GloVe (Pennington et al.,
2014) and ELMo (Peters et al., 2018) embeddings.
Le et al. (2020) proposed to construct a graph
CNN guided by dependency trees of sentences for
metaphor detection and to construct a multi-task
learning framework for the WSD task, utilizing the
knowledge from WSD to improve metaphor detec-
tion. Instead of treating metaphor detection as a
sequence tagging task, Su et al. (2020) proposed a
novel reading comprehension paradigm based on
a pre-trained language model, using features from
POS tags and local texts.

2.2 Metaphor Interpretation

Metaphor interpretation is an intricate task, having
a challenge in deciphering the meaning conveyed
by a metaphorical expression (Rai and Chakraverty,
2020). Existing approaches to metaphor interpre-
tation can be grouped into three categories. For
the first category, the problem of metaphor inter-
pretation is treated as a problem of extraction of
transferred properties. It is often assumed that a
metaphor is essentially a projection of a specific set
of salient concept properties from the source do-
main, known as property matching (Su et al., 2016;
Ortony, 1980). Su et al. (2016) extracted perceptual
properties from the source domain and the target
domain, and then searched for metaphor interpre-
tation by expanding the extracted properties with
synonymy relationships from WordNet. In contrast
to property matching, the second category defines
the problem of metaphor interpretation as a prob-
lem of identifying the underlying conceptual map-
ping, usually focusing on re-conceptualization of
the target domain (Marmolejo-Ramos et al., 2013;
Semino, 2010). Martin (2006) empirically found
that metaphor interpretation has certain contextual
clues (e.g., the appearance of a concept from the tar-
get domain) and related metaphorical expressions.
For the last category, the problem of metaphor in-

terpretation is treated as the generation of a literal
substitute paraphrase (Mao et al., 2018; Shutova
et al., 2012). Mao et al. (2018) used hypernyms and
synonyms as candidate substitutes and computed
the best substitute word by the cosine similarity
between the embedding of the given word and the
embedding of a candidate substitute.

All the above methods for metaphor interpre-
tation fail to capture the contextual meaning of a
metaphorical word due to ambiguous interpretation
of the metaphor. To tackle this issue, in this work
we provide a novel interpretation mechanism that
utilizes glosses to interpret metaphorical words.

2.3 Word Sense Disambiguation

Word sense disambiguation (WSD) aims to predict
a specific meaning of a word that occurs in a par-
ticular context (Navigli, 2009). Understanding the
meaning of a word in context is critical to many
NLP tasks, such as machine translation (Vickrey
et al., 2005; Neale et al., 2016; Gonzales et al.,
2017) and information extraction (Ciaramita and
Altun, 2006; Bovi et al., 2015). One category of
WSD is class-based, which provides coarse-grained
labels that are shared among different words. The
other category of WSD is word-based, aiming to
disambiguate every word in texts (Palmer et al.,
2001; Moro and Navigli, 2015; Blevins and Zettle-
moyer, 2020). Our proposed metaphor interpreta-
tion scheme belongs to this category. Some neural
models for word-based WSD exploit encoders for
better feature extraction. Based on an encoder,
they either train classifiers on top of extracted fea-
tures (Kågebäck and Salomonsson, 2016) or intro-
duce a shared output space to label words (Ra-
ganato et al., 2017). Other neural models aug-
ment word representations with additional data by
semi-supervised learning (Melamud et al., 2016;
Yuan et al., 2016). BEM (Blevins and Zettlemoyer,
2020), which inspires our model, is a state-of-the-
art method for word-based WSD. It introduces a
bi-encoder model to embed the target word with its
surrounding context and its glosses.

3 The Proposed MDGI-Joint Model

Given a sentence s consisting of n words {w0, w1,
. . . , wi, . . . , wn�1} and a list of all mi candidate
glosses Gi = {g0

i , g
1
i , · · · , gj

i , . . . , g
mi�1
i } for the

target word wi, the task of metaphor interpreta-
tion aims to select a gloss from Gi to interpret
the intended meaning of wi, whereas the task of
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Figure 2: The architecture of our proposed joint model for Metaphor Detection and Gloss-based Interpretation.

metaphor detection focuses on predicting whether
the word wi is metaphorical or literal. Since gloss-
based metaphor interpretation provides a rich rep-
resentation for the contextual meaning of the target
word, it is appropriate to construct a joint model
to incorporate gloss-based metaphor interpretation
and metaphor detection. Therefore, we propose a
model named MDGI-Joint to incorporate metaphor
detection and metaphor interpretation.

The architecture of MDGI-Joint is given by Fig-
ure 2. MDGI-Joint employs two encoders to gener-
ate respectively the contextual representation and
the gloss representation for a target word. The
probability distribution over all candidate glosses
is computed by an attention mechanism. The gloss
with the highest probability is predicted as the in-
terpretation of the target word. Afterwards, an
integrated representation of all candidate glosses is
computed and then concatenated with the contex-
tual representation. The concatenated representa-
tion is finally used to determine whether the target
word is metaphorical, through a fully-connected
layer followed by the softmax classifier.

3.1 Encoding Module for Sentences

Given a sentence s consisting of n words {w0, w1,
. . . , wi, . . . , wn�1} as well as a target word wi, the
contextual representation of wi will be encoded
into a vector. Considering that the pre-trained lan-
guage model BERT (Devlin et al., 2019) has been
proved to be effective in transfer learning, con-
tributing to state-of-the-art performance in many

NLP tasks, we fine-tune a BERT model to be the
context encoder. Initially, we construct a token se-
quence “[CLS], w0, w1, · · · , wn�1,[SEP]”, where
[CLS] and [SEP] are special tokens introduced in
BERT. Then this token sequence is taken as input
to BERT, yielding a sequence of 768-dimensional
vectors “h[CLS], h0, h1, . . . , hn�1, h[SEP ]” as the
output of BERT. The corresponding vector hi for
the target word wi is treated as the contextual rep-
resentation of wi.

3.2 Encoding Module for Glosses
For the target word wi, we collect the set of can-
didate glosses Gi = {g0

i , g
1
i , ..., g

mi�1
i } from an

existing dictionary. We fine-tune another BERT
model to be the gloss encoder. Similar to the encod-
ing module for sentences, we also construct a token
sequence for each gloss and feed it into BERT. For
each gloss gj

i 2 Gi where 0  j  mi� 1, we use
the output 768-dimensional vector corresponding
to the first token “[CLS]” as the gloss representa-
tion, which is written as pj

i .

3.3 Prediction for Metaphor Interpretation
Based on the contextual representation hi of wi and
the gloss representation pj

i of each gloss gj
i 2 Gi

where 0  j  mi � 1, the probability ↵j
i for a

gloss gj
i to represent the intended meaning of the

word wi is computed by an attention mechanism,
formally defined as follow:

↵j
i =

exp(hT
i pj

i )Pmi�1
k=0 exp(hT

i pk
i )

(1)
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3.4 Prediction for Metaphor Detection
We define the joint representation qi of the target
word wi as the concatenation of the contextual rep-
resentation hi and the weighted sum p⇤i of gloss
representations p0

i , . . . , p
mi�1
i , which is formally

defined below:

p⇤i =

mi�1X

j=0

↵j
ip

j
i , (2)

qi = [hi; p
⇤
i ] (3)

where [; ] denotes the concatenation of two vectors.
By transforming the joint representation qi

through a fully connected layer followed by the
softmax classifier, the probability distribution li
that the target word wi is metaphorical or literal is
formally defined below:

li = softmax(W1qi + b1) (4)

where W1 2 R2⇥1536 and b1 2 R2 are learnable
parameters. The probability distribution li is of the
form [l0i , l

1
i ], where l0i is the predicted probability

that wi is literal, and l1i is the predicted probability
that wi is metaphorical.

3.5 Training Objective Function
Based on predicted probabilities ↵0

i , . . . , ↵mi�1
i

over glosses, the loss value for metaphor interpre-
tation about the target word wi is defined as:

lossMI
i = �

mi�1X

j=0

I(fi = gj
i ) log(↵j

i )) (5)

where fi is the correct gloss for wi in sentence s,
I(X) = 1 if X is true and I(X) = 0 otherwise.

As for the task of metaphor detection, we employ
the binary cross entropy loss for predicting the
target word wi to be literal or metaphorical, defined
as follow:

lossMD
i = �(1� yi) log(l0i )� yi log(l1i ) (6)

where yi is the correct label, yi = 0 if the label is
literal or yi = 1 if the label is metaphorical.

The proposed joint model is trained by minimiz-
ing the following combined loss for every training
sentence.

loss =

n�1X

i=0

lossMD
i + I(wi 2 C) ⇤ lossMI

i (7)

where n is the number of words in the considering
sentence, and C is a predefined set of candidate
words required to be interpreted, which is collected
from all metaphorical words in our experiments.

Table 1: Kappa-score for annotations in every dataset.

TroFi VUA PSUCMC

kappa-score 0.82 0.86 0.89

Table 2: Statistics of the enhanced datasets. #sentences
is the number of sentences; #tokens is the total number
of words needed to be detected, %M is the metaphor
percentage over the detected words, and #glosses is the
number of samples with gloss annotations.

Dataset #sentences #tokens %M #glosses

TroFi train 2,989 2,989 58.3 2,989
TroFi val 374 374 52.4 374
TroFi test 374 374 54.8 374

VUA train 6,323 116,622 11.2 2,710
VUA val 1,550 38,628 11.6 635
VUA test 2,694 50,175 12.4 905
VERB test 2,694 5,873 30.0 905

PSUCMC train 1,381 28,572 8.3 5,486
PSUCMC val 173 3,520 8.0 674
PSUCMC test 173 3,727 7.4 730
VERB test 165 736 16.3 120

4 Experiments

4.1 Three Enhanced Datasets
We enhance three datasets TroFi, VUA and
PSUCMC from the field of metaphor detection,
where TroFi and VUA are in English and PSUCMC
is in Chinese.

• TroFi (Birke and Sarkar, 2006). This
is a benchmark metaphor dataset with
verb metaphors annotated. Following the
work (Mao et al., 2019), we treat unlabeled
words as literal in the training phase.

• VUA (Steen, 2010). The VU Amsterdam
Metaphor Corpus (VUA) samples fragments
from the British National Corpus. All words
in the corpus are labeled. We evaluate on both
the VUA ALL POS track and the VUA-Verb
track.

• PSUCMC (Lu and Wang, 2017; Nacey et al.,
2019). The PSU Chinese Metaphor Corpus

Table 3: Data splits of PSUCMC for different POS tags,
including NOWN, VERT, ADJ and ADV.

Dataset NOUN VERB ADJ ADV

all 929 2,547 390 19
train 760 1,988 334 13
val 105 244 31 4
test 64 315 25 2
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Table 4: Accuracy on the metaphor interpretation task.
All numbers are in %.

Model VUA PSUCMC TroFi

BEM 45.5 82.3 71.9
MDGI-Joint-S 46.4 82.3 72.2
MDGI-Joint 44.3 80.8 70.9

consists of text samples from the Lancaster
Corpus of Mandarin Chinese where are an-
notated for metaphor-related words follow-
ing MIPVU (Steen, 2010). All words in
PSUCMC are labeled. Following the ex-
perimental setting of VUA, we evaluate on
both the PSUCMC ALL POS track and the
PSUCMC-Verb track.

All these datasets are enhanced to support the
gloss-based metaphor interpretation task. We refer
to the set of words that need to be interpreted as
the candidate set. For TroFi, the candidate set
includes all labeled verbs. For VUA, the words
in the candidate set are randomly selected from
verbs. As for PSUCMC, we randomly choose a
set of words and filter the meaningless words to
construct a candidate set. Words in the candidate
set are annotated by human annotators.

For English datasets, when given a word in the
candidate set, the annotators are asked to look
up the Merriam-Webster dictionary2 to fetch its
glosses. For the Chinese dataset, word glosses are
extracted from the Baidu Dictionary3.

For every dataset, four annotators are recruited to
annotate the dataset independently. All annotators
need to select the most appropriate gloss that ex-
presses the contextual meaning of the target word,
by comparing all glosses with the given context
of the target word. They also need to discuss and
determine the final labels after generating their own
annotations.

To verify the reliability of the annotations, we
use kappa-score to measure inter-annotator agree-
ments for the annotations. Kappa-score (Siegel,
1956) has been widely used in computational lin-
guistics to measure the reliability of an annotation
scheme. Table 1 shows the kappa-score for annota-
tions in every dataset, which demonstrates that the
annotations have a high degree of reliability.

For PSUCMC and TroFi, we randomly split the
samples into a training set, a validation set, and a

2https://www.merriam-webster.com/
dictionary/

3https://dict.baidu.com

test set according to the proportion of 8 : 1 : 1.
For VUA, the data splits provided by (Mao et al.,
2019) are reused. Table 2 reports the statistics of
all experimental datasets, whereas Table 3 gives
more details about PSUCMC.

4.2 Experimental Setup

In our experiments, BERT4 is used as both the
context encoder and the gloss encoder, where the
uncased BERT base model is used for TroFi and
VUA, and the Chinese BERT base model is used
for PSUCMC.

There are two variants for our proposed model.
The first variant, named MDGI-Joint-S, shares pa-
rameters between the context encoder and the gloss
encoder. The second one, named MDGI-Joint, im-
plements two independent encoders for context and
gloss, respectively.

To train these two models, we set the learning
rate as 2e-5. The maximum number of epochs is
set to 20. We set the dropout probability to 0.2
for the fully connected layer. The max sequence
length is set to 128 for TroFi and VUA, and 256
for PSUCMC. The batch sizes for the two tasks
are all set to 8 for VUA and TroFi, and 16 for
PSUCMC. We keep the best model that maximizes
the F1 score on the validation set for the metaphor
detection task. This model is then used to evaluate
the test set.

4.3 Compared Methods

We compare our method with the following meth-
ods.

• SEQ (Gao et al., 2018). SEQ is a neural model
taking ELMo embeddings and GloVe embed-
dings as input. It uses a Bi-LSTM encoder to
capture the contextual information of the tar-
get word, and then employs a fully connected
layer followed by the softmax classifier to pre-
dict whether a word is metaphorical or not.

• RNN HG (Mao et al., 2019). RNN HG also
takes ELMo embeddings and GloVe embed-
dings as input. Different from SEQ (Gao et al.,
2018), RNN HG concatenates the encoded
representation with the GloVe embedding to
capture the contextual information of the tar-
get word.

4https://github.com/google-research/
bert
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Table 5: Accuracy on the metaphor detection task. All numbers are in %. ‘-’ denotes no evaluation on the
corresponding dataset.

VUA ALL POS VUA-Verb PSUCMC ALL POS PSUCMC-Verb TroFi
Method P R F1 Acc P R F1 Acc P R F1 Acc P R F1 Acc P R F1 Acc

SEQ 71.6 73.6 72.6 93.1 68.2 71.3 69.7 81.4 74.9 57.5 65.0 95.4 71.6 40.2 51.5 87.5 91.2 85.9 88.4 87.7
RNN HG 71.8 76.3 74.0 93.6 69.3 72.3 70.8 82.1 70.6 69.8 70.2 95.6 67.0 56.8 61.5 88.2 90.4 82.4 86.2 85.6
RNN MHCA 73.0 75.7 74.3 93.8 66.3 75.2 70.5 81.8 73.5 68.7 71.1 95.9 63.1 58.3 60.6 87.5 86.6 84.9 85.7 84.5
MUL GCN 74.8 75.5 75.1 93.8 72.5 70.9 71.7 83.2 - - - - - - - - - - - -
DeepMet 73.8 73.2 73.5 90.5 76.2 78.3 77.2 86.2 66.7 73.9 70.1 96.4 61.4 67.3 64.2 93.1 92.2 81.0 86.2 85.8

MDGI-Joint-S 81.3 73.2 77.0 94.6 78.8 71.5 75.0 85.6 89.7 69.8 78.5 97.2 85.9 60.8 71.2 92.0 89.2 84.9 87.0 86.1
MDGI-Joint 82.5 72.5 77.2 94.7 78.9 70.9 74.7 85.4 89.0 70.6 78.7 97.2 85.9 60.8 71.2 92.0 89.3 89.3 89.3 88.2

• RNN MHCA (Mao et al., 2019). RNN MHCA
has a similar architecture as RNN HG. But it
adopts a multi-head contextual attention mech-
anism to capture the contextual information
of the target word.

• MUL GCN (Le et al., 2020). MUL GCN is a
multi-task learning framework. It exploits the
similarity between word sense disambiguation
and metaphor detection, by employing a graph
convolutional neural network (GCN) to con-
nect the words of interest with context words
for metaphor detection.

• DeepMet (Su et al., 2020). DeepMet is a
RoBERTa (Ott et al., 2019) based model with
an ensemble strategy. It also takes features in-
cluding POS tags and local texts as input. For
fairness, we only compare our models with
the single model of DeepMet.

• BEM (Blevins and Zettlemoyer, 2020). BEM
is a model for the WSD task. It consists of
two independent encoders. One is the context
encoder, which embeds the target word and
its surrounding context. The other encoder
is the gloss encoder, which embeds the gloss
for each word sense. Both encoders are deep
transformer networks initialized from BERT.

For the evaluation on PSUCMC and TroFi, we
use the publicly released code for all the com-
pared methods except for MUL GCN whose code
is unavailable. Thus we cannot obtain results for
MUL GCN on both PSUCMC and TroFi. For
VUA, we present results that are reported in the
published papers of the compared methods.

It should be noted that all compared meth-
ods target the English domain only in their pub-
lished papers. Since PSUCMC is a dataset in
the Chinese domain, to evaluate the compared
methods on PSUCMC, we use ELMo embeddings
trained on the Xinhua proportion of Chinese gi-

gawords5, which is a Chinese corpus released by
Che et al. (2018) and Fares et al. (2017); more-
over, we place the GloVe embeddings with word
embeddings trained on the zh-wiki corpus6 based
on Word2Vec (Mikolov et al., 2013).

4.4 Experimental Results
We use P (precision), R (recall), F1 (F1 score) and
Acc (accuracy) as the evaluation metrics for the
metaphor detection task, and Acc (accuracy) for
the metaphor interpretation task. All the reported
numbers are in percent. For the metaphor detection
task, all words in the test set are evaluated. For the
metaphor interpretation task, although correspond-
ing glosses can be computed for all words, only the
words with annotations in the test set are evaluated.

4.4.1 Results for Metaphor Interpretation
It can be seen from Table 4 that, no matter whether
the two encoders share parameters or not, the pro-
posed model achieves similar results comparable
with BEM. MDGI-Joint-S is even slightly supe-
rior to BEM. The implemented BEM model does
not share parameters between the two encoders.
Therefore, it can be confirmed that the improved
performance of MDGI-Joint-S comes from captur-
ing the interaction between the two tasks, rather
than from inheriting parameters from BEM.

4.4.2 Results for Metaphor Detection
From Table 5, it is evident that MDGI-Joint out-
performs other methods over all three datasets ex-
cept for the VUA-Verb track. Although DeepMet
achieves the best performance on the VUA-Verb
track, it exhibits lower performance than our pro-
posed model on other datasets and the VUA ALL
POS track. There results indicate that joint training
for metaphor detection and metaphor interpreta-
tion does improve the performance of metaphor

5https://github.com/HIT-SCIR/
ELMoForManyLangs

6https://dumps.wikimedia.org/zhwiki/
latest/
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Table 6: Case studies to analyze the beneficial effect of gloss-based interpretations.

Text Detected word Gold label Gold gloss Prediction Method

Iranian guns pummeled Basra on the war’s first day, and in the

following eight years, about 65, 000 shells rained down.
rained metaphorical to fall like rain

literal DeepMet

metaphorical MDGI-Joint

Stand up man. stand literal to support oneself on the feet in an erect position
metaphorical DeepMet

literal MDGI-Joint

Table 7: Ablation study for the metaphor detection task. All numbers are given in %.

VUA ALL POS VUA-Verb PSUCMC ALL POS PSUCMC-Verb TroFi
Method P R F1 Acc P R F1 Acc P R F1 Acc P R F1 Acc P R F1 Acc

MDGI-Joint-S 81.3 73.2 77.0 94.6 78.8 71.5 75.0 85.6 89.7 69.8 78.5 97.2 85.9 60.8 71.2 92.0 89.2 84.9 87.0 86.1
MDGI-Joint 82.5 72.5 77.2 94.7 78.9 70.9 74.7 85.4 89.0 70.6 78.7 97.2 85.9 60.8 71.2 92.0 89.3 89.3 89.3 88.2
MD-MGI 83.3 71.5 76.9 94.7 78.4 69.1 73.4 85.5 76.2 75.6 75.9 96.5 72.3 67.5 69.8 90.5 91.2 85.4 88.2 87.4
MD (only) 80.9 72.2 76.3 94.4 77.5 70.1 73.6 84.8 80.3 69.8 74.7 96.5 77.9 61.7 68.8 90.9 92.5 83.9 88.0 87.4

Table 8: Ablation study for the gloss-based metaphor
interpretation task. The measure is accuracy in %.

Model VUA PSUCMC TroFi

MDGI-Joint-S 46.4 82.3 72.2
MDGI-Joint 44.3 80.8 70.9
MD-MGI 44.8 80.8 70.3

detection. It can also be seen that all the compared
methods perform poorly on the Chinese dataset
PSUCMC. This is probably due to that these meth-
ods are strongly language sensitive. The reason
why DeepMet outperforms our model on the VUA-
Verb track is due to extra information such as sub-
classes of POS tags being taken as input in Deep-
Met. It is interesting to see whether our proposed
model can be further improved by exploiting extra
information. But this question is out of the scope
of this work. It will be explored in our future work.

4.5 Case Study
As shown in Table 6, we use two cases to exemplify
the superiority of our model in the metaphor detec-
tion task, demonstrating that gloss-based interpreta-
tion improves performance of metaphor detection.

The first example is picked from the TroFi
dataset (see Row 2 in Table 6). In this example
the detected word rained is a metaphorical word,
but DeepMet predicts it as literal. The reason could
be that the word rained commonly occurs in the
given context. In contrast, MDGI-Joint correctly
predicts it as metaphorical according to its gloss-
based interpretation to fall like rain since a gloss
of the form do like some behavior is commonly
used as the gloss of a metaphorical word.

The second example is selected from the VUA
dataset (see Row 3 in Table 6). In this example
the detected word stand has a literal meaning in its

context. DeepMet wrongly predicts it as metaphor-
ical, while MDGI-Joint gives a correct prediction
based on its predicted gloss-based interpretation
which has an expression style as that of general
glosses of literal words.

4.6 Ablation Study
To investigate the effect of joint training for the
two tasks, we further conduct experiments on the
following weakened models.

• MD-MGI. In this model we only use the con-
text representation to predict whether a target
word is metaphorical. In other words, the
weighted sum of gloss representations is not
considered in the metaphor detection task, al-
though the two tasks are still jointly trained
without sharing parameters between the con-
text encoder and the gloss encoder.

• MD (only). This model addresses the
metaphor detection task only and neglects
the metaphor interpretation task. It detects
metaphors based on the contextual representa-
tion of words only.

From Table 7 we observe that the performance
of MD-MGI drops slightly on the metaphor detec-
tion task compared to the proposed model. The
reason is probable that, in MD-MGI the two tasks
only interact through the context encoder, leading
to limited benefits for metaphor detection. From
Table 8 we can see that all the three compared
variants are comparable in the metaphor interpre-
tation task, where MDGI-Joint-S is slightly better
than others. These results show that whether the
metaphor detection task uses the weighted sum of
gloss representations or not has few impacts on
the metaphor interpretation task. It can be seen
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Table 9: Performance on the VUA ALL POS track for
metaphor detection, separated by different POS tags.
In-vocabulary words are annotated words whereas out-
of-vocabulary words have no annotations. Only a por-
tion of verbs in VUA are annotated.

POS P R F1 Acc

ADJ 78.6 57.1 66.2 92
ADV 81.5 65.2 72.4 96.4
NOUN 78.3 60.8 68.8 91.6
VERB(in-vocabulary) 79.2 75.5 77.3 82.0
VERB(out-of-vocabulary) 78.1 70.2 73.9 91.6
Other POS 88.3 84.6 86.4 97.5

from Table 7 that the weakest variant namely MD
(only) performs worse than all the other variants,
indicating that joint training for metaphor detection
and metaphor interpretation leads to performance
improvement in metaphor detection.

4.7 Error Analysis on VUA

Taking the VUA dataset as example, there are more
false negatives than false positives generated by
MDGI-Joint; i.e., the recall is lower than the preci-
sion, as shown in Table 9. Especially, adjectives,
adverbs and nouns have a significantly lower re-
call than verbs. The reason for this phenomenon is
two-fold. On one hand, only a partial set of verbs
has annotations in the VUA dataset, so the detec-
tion of metaphorical adjectives, adverbs or nouns
can only gain limited benefits from the metaphor
interpretation task. On the other hand, in VUA a
number of metaphors appear at the phrase level,
but MDGI-Joint is only able to detect metaphors at
the word level, thus it is more likely to predict false
negatives. Consider the following example picked
from VUA id:a7w-fragment01#41: But only two
million out of the 20 million journeys which am-
bulance crews carry out each year are emergency
calls. MDGI-Joint only detects the word carry as
metaphorical. It treats words separately and cannot
predict the preposition out in the phrase carry out
as metaphorical. It also wrongly predicts crews as
literal possibly due to that the word is a noun.

5 Discussion

Out-of-vocabulary words are treated differently
in the training phase and in the test phase. In
the training phase, the loss of metaphor interpre-
tation over out-of-vocabulary words is not com-
puted according to Equation (7). In the test phase,
the evaluation on metaphor detection involves all
words, but the evaluation on metaphor interpre-

tation only targets in-vocabulary words. For the
metaphor detection task, in-vocabulary words and
out-of-vocabulary words have no different treat-
ments. We have conducted extra experiments
for metaphor detection on the VUA ALL POS
track. The results reported in Table 9 show that
MDGI-Joint achieves significantly higher perfor-
mance on in-vocabulary verbs (77.3%) than on
out-of-vocabulary verbs (73.9%), but on all out-
of-vocabulary words, MDGI-Joint achieves similar
performance (77.2%).

Due to the limited glosses extracted from exist-
ing dictionaries, there will be correct glosses for
novel metaphors that do not appear in the train-
ing set. It has been shown (Rai and Chakraverty,
2020) that interpreting novel metaphors in general
situations is difficult. Hence our proposed gloss-
based interpretations are definitely more suitable
for conventional or lexical metaphors. Neverthe-
less, by considering that we can expand glosses
with more external resources, the effectiveness of
our proposed approach is not limited to a fixed set
of metaphors.

6 Conclusion and Future Work

Metaphor detection is of great value in many nat-
ural language processing tasks. In this paper we
have utilized gloss-based metaphor interpretation
to enhance metaphor detection. The novelty mainly
lies in the interpretation mechanism, i.e., utilizing
glosses to interpret metaphorical words. Accord-
ingly, we propose a joint model for metaphor de-
tection and gloss-based interpretation. We enhance
three datasets in the field of metaphor detection to
evaluate the joint model. Experimental results con-
firm that metaphor interpretation in gloss improves
the performance of metaphor detection. Future
work will extend our approach to other rhetoric
identification tasks.
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Abstract

We introduce categorical modularity, a novel
low-resource intrinsic metric to evaluate word
embedding quality. Categorical modularity is
a graph modularity metric based on the k-near-
est neighbor graph constructed with embed-
ding vectors of words from a fixed set of se-
mantic categories, in which the goal is to mea-
sure the proportion of words that have nearest
neighbors within the same categories. We use
a core set of 500 words belonging to 59 neuro-
biologically motivated semantic categories in
29 languages and analyze three word embed-
ding models per language (FastText, MUSE,
and subs2vec). We find moderate to strong
positive correlations between categorical mod-
ularity and performance on the monolingual
tasks of sentiment analysis and word similar-
ity calculation and on the cross-lingual task
of bilingual lexicon induction both to and
from English. Overall, we suggest that cate-
gorical modularity provides non-trivial predic-
tive information about downstream task per-
formance, with breakdowns of correlations by
model suggesting some meta-predictive prop-
erties about semantic information loss as well.

1 Introduction

Word embeddings represent words and phrases in
continuous low-dimensional vector spaces. They
are usually trained with neural language models or
word collocations (Bengio et al., 2003; Collobert
and Weston, 2008; Mikolov et al., 2013b; Levy et
al., 2015), such that similar assignments in a space
reflect similar usage patterns. The rise of mono-
lingual embeddings such as Word2Vec (Mikolov
et al., 2013b), GloVe (Pennington et al., 2014),
and FastText (Bojanowski et al., 2017), coupled
with the need to transfer lexical knowledge across
languages, has also led to the development of cross-
lingual word embeddings, in which different lan-

∗Equal contribution

guages share a single distributed representation and
are mapped into the same vector space. Such meth-
ods use different bilingual supervision signals (at
the level of words, sentences, or documents) with
varying levels of strength (Ruder et al., 2019).

A central task in the study of word embeddings
is finding metrics to evaluate their quality. These
metrics can either be extrinsic, where embeddings
are used as input features for downstream NLP
tasks and evaluated on their performance, or in-
trinsic, where embeddings are directly tested for
how well they capture syntactic or semantic proper-
ties in their own right (Qiu et al., 2018). Extrinsic
methods are not always feasible for low-resource
languages due to a lack of annotated data. More-
over, downstream model components can be fine-
tuned to achieve higher performance on certain
tasks without necessarily indicating improvement
in the semantic representation of words in an em-
bedding space (Leszczynski et al., 2020).

This paper presents categorical modularity, a
low-resource intrinsic evaluation metric for both
monolingual and cross-lingual word embeddings
based on the notion of graph modularity. The under-
lying principle is that in good embeddings, words
in the same semantic category should be closer to
each other than to words in different categories.
We quantify this by building the k-nearest neighbor
graph with a fixed set of words’ semantic cate-
gories and computing the graph’s modularity for a
given embedding space. Modularity measures the
strength of division of a graph with densely con-
nected groups of vertices, with sparser connections
between groups (Newman, 2006).

We source our semantic categories from Binder
et al. (2016). In contrast to other semantic and
ontological categories in the literature, these have
been motivated by a set of experiential attributes
with neurobiological consistency, covering sensory,
motor, spatial, temporal, affective, social, and cog-
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nitive dimensions. We refer to these attributes
collectively as Binder categories. The resulting
dataset consists of 500 English words, each labeled
with three categories at three levels of semantic
granularity. For example, the word chair belongs
to Concrete Objects (Level 1), Artifacts (Level 2),
and Furniture (Level 3). 442 words are pulled
from Binder, on top of which we add a few words
to even out distributions of categories and replace
a few English-specific words with words that are
more easily translated to non-English languages.

We then translate these 500 English words into
28 more languages, selected based on their avail-
ability in the form of pre-trained vectors from the
MUSE library (Conneau et al., 2018). We pro-
duce 300-dimensional embeddings for these words
using three popular embedding models: the mono-
lingual FastText (Bojanowski et al., 2017) and
subs2vec (Paridon and Thompson, 2020) models
and the cross-lingual MUSE (Conneau et al., 2018)
model. Using these embeddings, we obtain the
nearest-neighbor sets among the 500 words within
each (language, model) pair and use those relation-
ships to calculate a modularity score for the pair.
We compare modularity scores to performance on
three downstream tasks: sentiment analysis (mono-
lingual classification), word similarity (monolin-
gual regression), and word-level bilingual lexicon
induction (BLI, cross-lingual regression) both to
and from English. We obtain moderate to strong
positive correlations on all three tasks, with slightly
stronger results on the monolingual tasks. We also
provide an analysis of correlations broken down
by individual model and explore potential meta-
predictive properties of categorical modularity.

We further show that estimating modularity on
Binder categories yields relevant information that
cannot simply be derived from naturally occurring
distributions of word clusters in embedding spaces.
We show this by replicating all three downstream
task correlation analyses with modularity scores
based on clusters obtained with unsupervised com-
munity detection methods (Clauset et al., 2004),
which we henceforth refer to as unsupervised clus-
ters. After establishing the utility of categorical
modularity, we show some of its use cases for com-
paring and selecting models for specific NLP prob-
lems, and we discuss preliminary results about the
individual categories we find to be most predictive
of downstream task performance.

Our code and data are available to the public.1

2 Related Work

2.1 Word Embedding Evaluation Metrics
While word embeddings have become crucial tools
in NLP, there is still little consensus on how to
best evaluate them. Evaluation methods commonly
fall into two categories: those motivated by an ex-
trinsic downstream task and those motivated by
the intrinsic study of the nature of semantics and
the cognitive sciences (Bakarov, 2018). Intrinsic
and extrinsic metrics do not always align, as some
models have high quality as suggested by intrin-
sic scores but low extrinsic performance, and vice
versa (Schnabel et al., 2015; Glavaš et al., 2019).

Some commonly used methods of extrinsic eval-
uation include named entity recognition (Collobert
et al., 2011) —including the datasets CoNLL-2002
and CoNLL-2003 (Tjong Kim Sang and De Meul-
der, 2003)—, sentiment analysis (Schnabel et al.,
2015), semantic role labeling, and part-of-speech
tagging (Collobert et al., 2011). Intrinsic evaluation
methods include word semantic similarity (Baroni
et al., 2014), concept categorization (Baroni et al.,
2014), and experiments on neural activation pat-
terns (Søgaard, 2016).

Our categorical modularity metric is inspired by
Fujinuma et al. (2019). They study the modularity
of cross-lingual embeddings based on the premise
that different languages are well-mixed in good
cross-lingual embeddings and thus have low mod-
ularity with respect to language. Our metric im-
proves upon the modularity proposed in Fujinuma
et al. (2019) by overcoming the problem caused by
low modularity potentially occurring with a purely
random distribution of word vectors and being mis-
taken for high embedding quality, as it is unlikely
for a random distribution to coincidentally have
highly modular clusters corresponding to Binder
categories. Moreover, our metric is able to evaluate
both monolingual and cross-lingual word embed-
dings and allow for comparisons between these
types of embeddings (e.g., FastText and MUSE),
and it incorporates cognitive information through
the use of brain-based semantic categories.

2.2 Cognitive Approaches to NLP
Recent work on word embeddings has explored the
connections between NLP word representations

1https://github.com/enscma2/
categorical-modularity
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and cognitively grounded representations of words.
Such connections enrich both computational and
neuroscientific research: external cognitive signals
can enhance the capacity of artificial neural net-
works to understand language, while language pro-
cessing in neural networks can shed light on how
the human brain stores, categorizes, and processes
words (Muttenthaler et al., 2020).

Cognitive approaches to lexical semantics pro-
pose a model in which words are defined by how
they are organized in the brain (Lakoff, 1988).
Based on this premise, Hollenstein et al. (2019)
propose CogniVal, a framework for word embed-
ding evaluation with cognitive language processing
data. They evaluate six different word embeddings
against a combination of 15 cognitive data sources
acquired via eye-tracking, electroencephalography
(EEG), and functional magnetic resonance imaging
(fMRI). In a similar line of work, both Søgaard
(2016) and Beinborn et al. (2019) evaluate word
embeddings using fMRI datasets.

The use of cognitive data in NLP goes well be-
yond the evaluation of word embeddings. Utsumi
(2020) uses the neurosemantically inspired cate-
gories from Binder et al. (2016) to identify the
knowledge encoded in word vectors. Among other
conclusions, they find that the prediction accuracy
of cognitive and social information is higher than
that of perceptual and spatiotemporal information.

3 Modularity and k-NN Graphs

The concept of modularity has origins in the field
of network science, as first introduced by New-
man (Newman, 2006). The goal of the modularity
measure is to quantify the strength of the division
of a network into clusters. Usually, such networks
are represented with graphs. Intuitively, the modu-
larity of a graph measures the difference between
the fraction of edges in the graph that connect two
nodes of the same category and the expected cor-
responding fraction if the graph’s edges were dis-
tributed at random. Thus, the higher the proportion
of edges between nodes that belong to the same
category, the higher the modularity.

In our case, we construct the pertinent graph
with the k-nearest neighbors algorithm. Given a
set Sw of N words and a set Sc of categories such
that each of the N words belongs to exactly one of
the categories in Sc, we map each of the N words
into a d-dimensional word embedding vector space
and obtain a d-dimensional vector for each word.

For each pair (wi, wj), where wi, wj ∈ Sw and
1 ≤ i, j ≤ |Sw|, with corresponding d-dimensional
vectors vi and vj , we compute their cosine similar-
ity (the cosine of the angle between them), which
we denote by similarity(i, j).

We create a matrix MD of dimensions |Sw| ×
|Sw|, where entry (MD)i,j is similarity(i, j).
For a given k ∈ Z>0, we build the |Sw| × |Sw|
k-nearest neighbor matrix (denoted k-NNM) as
follows: entry (i, j) of k-NNM is equal to 1 if and
only if word j is one of the k nearest neighbors
of word i (i.e., if similarity(i, j) is among
the k largest cosine similarities between i and all
other words in Sw). We note that MD and k-NNM
are not necessarily symmetric, as word i being the
k-th nearest neighbor of word j does not imply
the reverse. Finally, we define the k-NN graph
of Sw as the graph defined by k-NNM viewed as
an adjacency matrix. We can now describe how to
compute the modularity score following the schema
in Fujinuma et al. (2019).

Let di denote the degree of node i, that is, di =∑
j(k-NNM)i,j , and let gi denote the category of

word i. For each category c ∈ Sc, the expected
number of edges within c is

ac =
1

2m

∑

i

di I[gi = c], (1)

where m is the total number of edges in the k-NN
graph and I is the indicator function that evaluates
to 1 if the argument is true and to 0 otherwise.

The fraction of edges ec that connect words of
the same semantic category c is

ec =
1

2m

∑

i,j

(k-NNM)i,j I[gi = c] I[gj = c].

(2)
By weighting the |Sc| different semantic cate-

gories together, we calculate the overall modularity
Q as follows:

Q =

|Sc|∑

c=1

(ec − a2c). (3)

Finally, we normalize Q by setting

Qmax = 1−
N∑

c=1

a2c , Qnorm =
Q

Qmax
. (4)

In our setting, Qnorm indicates the modularity
score of one (language, model) pair overall, but

1984



(a) A high-modularity semantic k-NN graph.

(b) A low-modularity semantic k-NN graph.

Figure 1: A toy visualization of the meaning of cate-
gorical modularity with some words pertaining to the
Binder categories Body Parts (purple ovals), Plants
(peach rectangles), and Emotions (green rhombi). Dot-
ted edges connect nodes of different categories, while
solid edges connect nodes of the same category.

we denote by Qc the modularity of said (language,
model) pair with respect to category c ∈ Sc. The
definition of Qc (normalized) is deduced from
Equation 4:

Qc =
ec − a2c
Qmax

. (5)

A higher value of Qnorm indicates that a higher
number of words that belong to the same categories
appear connected in the k-NN graph. In Sections 5
and 6, we analyze the values Qnorm for each of
the languages, and in Section 8, we make some
observations about the different values of Qc.

In our conclusions about how our categorical
modularity scores correlate with downstream task
performance, we also want to prove that our se-
lected neurosemantic-based categories are non-
trivial and are better predictors than the unsuper-
vised clusters that emerge from the embeddings.
To find these clusters, we use the Clauset-Newman-
Moore greedy modularity method (Clauset et al.,
2004). This algorithm iteratively joins the pair of
communities that most increases modularity until
no such pair exists. For each value of k, we obtain
the unsupervised communities in this manner and
compute their modularity scores. In Section 6, we
show that Binder categories are significantly better
predictors than the unsupervised clusters using the
same set of 500 words.

4 Dataset

In this section, we define the sets SN and Sc of
words and their semantic categories, respectively,
that we use to compute categorical modularity
scores for 29 languages.2 As outlined in Sec-
tion 1, our motivation to take a cognitive approach
in the study of word embeddings prompts us to
use words and categories that reflect a brain-based
computational model of semantic representation
as in Binder et al. (2016). We have 500 words
(comprised of nouns, adjectives, and verbs) with 3
levels of categories, from most general (Level 1) to
most specific (Level 3). Each word is tagged with
3 categories (one per level), which are listed in Ta-
ble 1. After lifting 442 English words from Binder
and adjusting the word set to optimize evenness
of distribution across categories and translatability
of concepts across languages, we manually trans-
late the words to the 28 non-English languages3

mentioned in footnote 2.

Level 1. Concrete Objects, Concrete Events, Abstract
Entities, Concrete Actions, Abstract Actions, States, Ab-
stract Properties, Physical Properties.

Level 2. Living Things, Other Natural Objects, Artifacts,
Social Events, Nonverbal Sound Events, Weather Events,
Miscellaneous, Concrete Events, Abstract Constructs,
Cognitive Entities, Emotions, Social Constructs, Time
Periods, Body Actions, Locative Change Actions, So-
cial Actions, Miscellaneous Actions, Abstract Actions,
States, Abstract Properties, Physical Properties.

Level 3. Animals, Body Parts, Humans, Human Groups,
Plants, Natural Scenes, Miscellaneous Natural Objects,
Furniture, Hand Tools, Manufactured Foods, Musical In-
struments, Places/Buildings, Vehicles, Miscellaneous Ar-
tifacts, Social Events, Nonverbal Sound Events, Weather,
Events, Miscellaneous Concrete Events, Abstract Con-
structs, Cognitive Entities, Emotions, Social Constructs,
Time Periods, Body Actions, Locative Change Actions,
Social Actions, Miscellaneous Actions, Abstract Ac-
tions, States, Abstract Properties, Physical Properties.

Table 1: Three levels of Binder categories.

2The 29 languages are: Arabic, Bulgarian, Catalan, Croat-
ian, Czech, Danish, Dutch, English, Estonian, Finnish, French,
Greek, Hebrew, Hungarian, Indonesian, Italian, Macedonian,
Norwegian, Polish, Portuguese, Romanian, Russian, Slovak,
Slovenian, Spanish, Swedish, Turkish, Ukrainian, and Viet-
namese.

3For languages with which we were not familiar, we so-
licited translations from colleagues, whom we compensated
fairly for this work.
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5 General Categorical Modularity

With the dataset of 500 words that belong to three
levels of semantic categories, we compute the mod-
ularity scores of each of the 29 languages for each
of the three word embedding models (which we
refer to as 87 (language, model) pairs): FastText,4

MUSE,5 and subs2vec.6 We briefly summarize the
properties of each of these embeddings.

FastText. Monolingual embeddings for 157 lan-
guages trained on Common Crawl and Wikipedia
that use CBOW with position-weights and charac-
ter n-grams (Bojanowski et al., 2017).

MUSE. Cross-lingual embeddings resulting
from the alignment of 30 FastText embeddings into
a common space under the supervision of ground-
truth bilingual dictionaries (Conneau et al., 2018).

subs2vec. Monolingual embeddings for 55 lan-
guages trained on the OpenSubtitles corpus of
speech transcriptions from television shows and
movies using the FastText implementation of the
skipgram algorithm (Paridon and Thompson, 2020).
The authors claim that subtitles are closer to the hu-
man linguistic experience (Paridon and Thompson,
2020).

Information about the sizes of each (language,
model) pair can be found in Appendix B. For each
pair, we build the k-NN graph and compute modu-
larity for different values of k and different levels
of categories, which we treat as our 2 hyperpa-
rameters. We consider small values for k (namely
k ∈ {2, 3, 4}) due to the fact that categories such
as States have as few as 4 words.

6 Downstream Task Experiments

We test the reliability of categorical modularity by
running a few downstream tasks and computing the
Spearman rank correlations between categorical
modularity scores and performance on these tasks.

After determining the optimal set of hyperparam-
eters (k and level of semantic categories) for each
task, we then compare the correlation produced
by that set of hyperparameters with the correlation
produced by the corresponding value of k with the
modularity of the unsupervised clusters constructed
by the community detection algorithm described
in Section 3 to establish the non-triviality of the

4https://fasttext.cc/docs/en/
crawl-vectors.html

5https://github.com/facebookresearch/
MUSE#download

6https://github.com/jvparidon/subs2vec

predictive properties of these chosen semantic cat-
egories. Table 2 provides a summary of correlation
values for four tasks: movie review sentiment anal-
ysis (Sentiment), word similarity (WordSim), bilin-
gual lexicon induction from English (BLI from),
and bilingual lexicon induction to English (BLI to).
Appendix A contains full tables with the correla-
tion results. A visual summary of the results can
be found in Figure 2.

Task ρ ρft ρm ρs

Sentiment 0.54 0.44 0.68 0.46
WordSim 0.71 0.59 0.34 0.80
BLI from 0.55 0.40 0.54 0.76

BLI to 0.50 0.29 0.56 0.82

Table 2: Summary of Spearman correlations of cate-
gorical modularity with downstream task performance
for Binder categories, aggregated across all models (ρ)
and broken down within FastText (ρft), MUSE (ρm),
and subs2vec (ρs).

6.1 Sentiment Analysis

We first test our modularity scores through correla-
tions with performance on the binary classification
task of sentiment analysis, where the input is a
movie review and the output is a binary label that
corresponds to either positive or negative sentiment
for that review. For this task, our data consists
of 5,000 randomly selected positive movie reviews
and 5,000 randomly selected negative reviews from
the IMDB Movie Reviews dataset (Maas et al.,
2011). We randomly partition these 10,000 reviews
into 80% training and 20% testing data. Because
this dataset is only available in English, we use
the Google Translate API7 to translate the data to
15 more languages (Arabic, Bulgarian, Catalan,
Croatian, Czech, Danish, Dutch, Estonian, Finnish,
French, Greek, Hebrew, Hungarian, Indonesian,
and Italian) for a total of n = 48 observations. The
languages and the dataset size of 10,000 are chosen
due to Google Translate API rate limits.

For each (language, model) pair, we convert
the raw text of each review to a 300-dimensional
embedding vector. We use the built-in black-box
position-weighted continuous bag-of-words embed-
ding model for FastText and subs2vec (Bojanowski
et al., 2017), and we use a simple mean of indi-
vidual word embeddings for MUSE, as the MUSE

7https://pypi.org/project/
google-trans-new/
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Figure 2: Summary of modularity vs performance metrics across tasks. Each language is represented with its
2-letter ISO 639-1 code. Hebrew, an outlier on the low end, is not included in this plot. Full modularity and
performance data is included in our public GitHub repository.

library does not have multi-word phrase embed-
dings built into its functionality. Using a vanilla
linear support vector machine model with scikit
learn’s default settings,8 we run the task on each
language-model pair 30 times and record the mean
accuracy and precision scores for each pair. We
then calculate the Spearman correlations of each of
the 9 modularity scores with both the accuracy and
precision values. Furthermore, we analyze the over-
all merged correlations (taking all 48 data points for
a given modularity score and performance metric)
as well as the correlations within models (taking
only the 16 data points within each single model),
giving us a total of 72 Spearman correlation values.

We find that the optimal set of hyperparameters
is Level 3 categories with k = 2, which gives a
Spearman correlation of ρ = 0.54 with the accu-
racy metric. Breaking it down by individual model,
we have ρft = 0.44 for FastText, ρm = 0.68 for
MUSE, and ρs = 0.46 for subs2vec. For k = 2,
the correlations of unsupervised clusters with accu-
racy are ρ = 0.09 for all 48 observations merged,
ρft = 0.1, ρm = 0.4, and ρs = 0.35, providing
evidence that Binder categories contain non-trivial

8https://scikit-learn.org/stable/
modules/svm.html

predictive information that is not present in natu-
rally emerging clusters.

6.2 Word Similarity
Our next downstream task is the monolingual re-
gression task of word similarity, in which the input
is two words in one language and the output is a
real number between 0 and 4 representing how sim-
ilar the two words are (a higher score represents
a greater degree of similarity). We use the En-
glish, Italian, and Spanish word pair datasets from
SemEval-2017 (Camacho et al., 2017), and we use
the same Google Translate API from Section 6.1
to translate the English dataset into the remaining
26 languages. Each language’s dataset then has
500 word pairs, which we randomly split into 400
training pairs and 100 testing pairs for each trial.

Given a language and a model, we take each
word pair, compute the 300-dimensional embed-
dings of both words, and calculate the Euclidean
distance, Manhattan distance, and cosine similar-
ity between the embeddings. We then feed these
three scalars as a vector of inputs into a standard
linear regression model from Python’s scikit-learn
package with default settings,9 whose output is the

9https://scikit-learn.org/stable/
modules/linear_model.html
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similarity score given in the dataset. To evaluate
task performance, we compute the Mean Squared
Error (MSE) loss for each run and record the mean
MSE loss over 30 trials per (language, model) pair.

We then calculate the Spearman correlations of
each of the 9 modularity scores with the negatives
of the losses (such that positive correlation means
that high modularity predicts high performance),
both merged (87 data points) and within individual
models (29 data points per model), for a total of 36
correlation values.

We find that all of the merged correlations are
moderately to strongly positive. In particular, with
the optimal hyperparameters of Level 2, k = 2, we
have ρ = 0.71 overall, ρft = 0.59 for FastText,
ρm = 0.34 for MUSE, and ρs = 0.8 for subs2vec.
In comparison, the correlations of the unsupervised
cluster modularities with mean MSE loss for k = 2
are ρ = 0.27, ρft = 0.36, ρm = 0.3, and ρs =
0.42, all weaker than their Binder counterparts.

6.3 Word-Level Bilingual Lexicon Induction

In addition to both monolingual classification and
monolingual regression tasks, we also test our mod-
ularity metric on the cross-lingual regression task
of bilingual lexicon induction. Using the ground-
truth bilingual dictionaries provided by the pub-
lishers of MUSE (Conneau et al., 2018), we run
this task with the 28 non-English languages listed
in footnote 2 in two directions: translation to and
from English. We use the 5,000-1,500 train-test
split provided in the MUSE dictionary dataset and
formulate the tasks as multivariate, multi-output
regression tasks: for each observation in each (lan-
guage, model) pair, we convert the English source
word to its 300-dimensional embedding specified
by the English version of the model and feed this
vector as input to the same scikit-learn linear regres-
sion model as in Section 6.2, of which the output
is a 300-dimensional vector in the target language
model space representing the embedding of the
target word.

We follow this procedure in the other direction
as well by converting source non-English words to
embeddings in the appropriate non-English model
spaces, feeding those embeddings into the linear
regression model, and computing 300-dimensional
predictions for the target English word vectors in
the English model spaces. To measure task perfor-
mance in the “from English” direction, we convert
the ground-truth non-English target words into vec-

tors in the corresponding non-English embedding
model space, compute the cosine similarities be-
tween each ground-truth vector and its correspond-
ing predicted vector, and record the mean of those
cosine similarities as a measure of how close we
are to the ground truth on average. We run 30 trials
per (language, model) pair and record the mean of
the mean cosine similarities.

In the “to English” direction, we similarly con-
vert the ground-truth English target words into vec-
tors and compute the mean cosine similarity over
the prediction-ground-truth pairs. We calculate the
Spearman correlations of each of the 9 modularity
scores with the 30-trial means of mean cosine simi-
larities in both directions. Once again, we calculate
the correlations both across all models and within
each individual model, yielding 72 total correlation
values.

The optimal set of hyperparameters for the
merged correlation in the “from English” direc-
tion is Level 3, k = 2, giving a moderate ρ = 0.55
overall, ρft = 0.4 for FastText, ρm = 0.54 for
MUSE, and a strong ρs = 0.76 for subs2vec. For
comparison, the corresponding k = 2 correlations
for unsupervised cluster modularities are ρ = 0.35,
ρft = 0.04, ρm = 0.27, and ρs = 0.65 — all
weaker than their Binder counterparts.

The optimal set of hyperparameters for the
merged correlation in the “to English” direction
is also Level 3, k = 2, giving a moderate ρ = 0.5
overall, a weak ρft = 0.29, a moderate ρm = 0.56,
and a very strong ρs = 0.82. The corresponding
unsupervised cluster correlations for k = 2 are
ρ = 0.35, ρft = 0.04, ρm = 0.27, and ρs = 0.65.

Notably, in both the word similarity and BLI
tasks, ρs is significantly stronger than ρft and ρm.
This may be due to the fact that compared to
sources such as Wikipedia and Common Crawl,
the subtitles used as training data for subs2vec are
more representative of how the human brain seman-
tically maps language, as suggested by the model’s
creators (Paridon and Thompson, 2020).

Overall, these downstream task experiments sug-
gest that categorical modularity is a non-trivially
significant predictor of performance on both mono-
lingual and cross-lingual NLP tasks (though it is
stronger on monolingual tasks) and that it may have
potential to be a meta-predictor of how well a par-
ticular model matches the information encoded in
the human brain.

1988



7 Use Cases: Comparing and Selecting
Models

After having established substantial evidence of
the predictive properties of categorical modularity,
we present some examples of how the research
community can make use of the metric for model
evaluation and selection.

7.1 Comparing Models within a Language

The best hyperparameters for the tasks described
in Section 6 are Level 3 with k = 2 along with
Level 2 with k = 2. Across the 29 languages at
the latter, FastText has the highest modularity 9
times (Arabic, Catalan, Estonian, Finnish, Greek,
Macedonian, Polish, Turkish, Ukrainian), while
MUSE has the highest modularity 3 times (Hun-
garian, Russian, Spanish), and subs2vec has the
highest modularity 17 times. For Level 3 with
k = 2, FastText has the highest modularity 13
times, while MUSE has the highest modularity 2
times (Russian, Vietnamese), and subs2vec has the
highest modularity 15 times. Though individual
choices should be made with each language, this
suggests that subs2vec may be a strong choice for
monolingual tasks overall.

7.2 Comparing Languages within a Model

We also present some evidence that categorical
modularity predicts bilingual lexicon induction per-
formance moderately well, and predictive proper-
ties are especially strong within subs2vec. For the
optimal set of hyperparameters found in that task
within subs2vec (Level 2, k = 2, ρs = 0.77 from
English and ρs = 0.81 to English), the languages
with the highest modularities in subs2vec are Dutch
(0.84), Portuguese (0.81), French (0.80), Bulgar-
ian (0.80), Swedish (0.80), Indonesian (0.79), and
English (0.78), while the languages with the low-
est modularities are Catalan (0.65), Spanish (0.58),
Hebrew (0.58), Greek (0.56), Finnish (0.55), Ara-
bic (0.53), and Russian (0.53). This may suggest
which languages have lower amounts of resources
at this time and hence deserve more data collection
efforts on the part of the NLP community, partic-
ularly within subs2vec’s domain of subtitle and
conversational data.

7.3 Categorical Modularity as a Potential
Meta-Predictor

We find evidence that categorical modularity re-
veals some information about how well models

map to the human brain, as suggested by subs2vec’s
significantly stronger correlations. This is partic-
ularly true with regression tasks. Given a new or
existing embedding model, calculating its categor-
ical modularities and assessing their correlations
with regression tasks such as word similarity may
reveal if the model space is representative of how
linguistic information is encoded in the brain.

8 Discussion and Future Work

Categorical modularity shows promise as an intrin-
sic word embedding evaluation metric based on our
preliminary experiments. We can envision extend-
ing this work in several directions. For one, we can
calculate single-category modularities (denoted by
Qc as defined in Equation 5) and test which indi-
vidual categories contain the most predictive prop-
erties. Our limited experiments in this direction
with the movie sentiment analysis task suggest that
concrete and non-living categories have better pre-
dictive capabilities than abstract and living ones:
for the sentiment analysis task, the 5 most strongly
correlated categories are Nonverbal Sounds, Arti-
facts, Concrete Objects, Vehicles, and Manufac-
tured Foods, while the 5 least correlated categories
are Abstract Properties, Abstract Constructs, Mis-
cellaneous Actions, Humans, and Abstract Actions.

We may also extend our work to more models
and languages to see if the predictive properties
truly hold across all languages and models. Ad-
ditionally, as more multilingual research and data
becomes available in this space, we may probe
different sets of semantic categories, further down-
stream tasks (particularly multi-class classification,
monolingual text generation, and sentence-level
bilingual lexicon induction), and further variations
of models used in downstream tasks (e.g., deeper
neural networks instead of vanilla SVMs and linear
regressions). We can also envision improvements
upon the categorical modularity metric itself, per-
haps by way of a lower-resource metric or a metric
that works well on contextualized word embed-
dings for which the word-vector mappings may
have more complex geometries. Our code and data,
which are available to the public,10 can also enable
researchers and practitioners to replicate our re-
sults and experiment with different models, words,
languages, and categories.

10https://github.com/enscma2/
categorical-modularity
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9 Conclusion

In this paper, we introduce categorical modularity,
a novel low-resource metric that may serve as a
tool to evaluate word embeddings intrinsically. We
present evidence that categorical modularity has
strong non-trivial predictive properties with respect
to overall monolingual task performance, moderate
predictive properties with respect to cross-lingual
task performance, and potential meta-predictive
properties of model space similarity to cognitive
encodings of language.
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Ethical Concerns

All of the data used in this paper is either our own
or from publicly released and licensed sources. Our
data is mainly aimed towards researchers and de-
velopers who wish to assess the qualities of word
embedding models and gain some intuition for em-
bedding model selection for downstream tasks. In
particular, our conclusions would be suited for
researchers working among the 29 functioning
languages given in the MUSE library, which are
heavily skewed towards Indo-European languages.
Though we do not directly introduce novel NLP ap-
plications, we provide resources that may be useful
in selecting technologies to deploy and informing
the development of word embedding systems.

Categorical modularity is intended to be an infor-
mational tool that sheds light on semantic represen-
tation of natural language information in compu-
tational word embeddings, and there are many as-
pects of its capabilities that can be improved upon,
extended, or further explored. We would also like
to emphasize that we have only tested our metric on
three specific downstream tasks with basic down-
stream models, and these may not be representative
of all NLP tasks in general. Categorical modularity

also has not yet been shown to reveal information
on representational harms inherent in word embed-
ding spaces, so evidence of good downstream task
performance should not be misconstrued as indica-
tive of strong and beneficial performance across all
NLP domains.

Environmental Impact
We acknowledge the pressing threat of climate
change and therefore record some statistics on the
computational costs of our experiments. All of our
experiments are run with a 13-inch 2019 MacBook
Pro with a 1.7 GHz Quad-Core Intel Core i7 proces-
sor running Python 3.8.3 in Terminal Version 2.11
on MacOS Big Sur Version 11.1. For the English
language, generating FastText embeddings for our
500 core words took 20.31 seconds, generating the
500× 500 k-NNM took 1 hour and 25.72 seconds,
generating MUSE embeddings for the 500 words
took 23.13 seconds, and generating the 500× 500
k-NNM took 7 minutes and 39.32 seconds. For the
downstream task of movie review sentiment anal-
ysis, it took 42.03 seconds to generate FastText
sentence embeddings for 10,000 English reviews
and 6 minutes and 38.32 seconds to generate these
embeddings with MUSE. It took 0.35 seconds per
review to translate from English to Spanish using
the Google Translate API, and it took 2.6 seconds
to run 30 trials of the sentiment analysis task for
English FastText using scikit-learn’s LinearSVC.
For the task of word similarity calculation, En-
glish FastText embeddings and 3-dimensional input
data took 21.25 seconds to generate for 500 word
pairs, English MUSE-based embedding data took
33.47 seconds to generate, and the word similar-
ity task using scikit-learn’s LinearRegression took
0.09 seconds on the generated English FastText-
based inputs. For bilingual lexicon induction, Fast-
Text English-Spanish embedding data took 55.87
seconds to generate, MUSE English-Spanish em-
bedding data took 27 minutes and 29.56 seconds
to generate, and the BLI task took a combined 4.35
seconds for both directions of English-Spanish us-
ing FastText. All other tasks took less than one
second per language/model pair.
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A Appendix: Full Results for
Correlations of Categorical
Modularities with Downstream Tasks

This section contains full tables of correlations of
general categorical modularities and unsupervised
cluster modularities with downstream tasks. As
above, ρ is overall correlation, ρft is the correla-
tion within FastText, ρm is the correlation within
MUSE, and ρs is the correlation within subs2vec.
On notation: in the “Model” columns, a, b repre-
sents the hyperparameters of Level a Binder cat-
egories with k = b neighbors, while “C, a” rep-
resents “control” unsupervised clusters with the
hyperparameter of k = a neighbors.

A.1 Sentiment Analysis

Model ρ ρft ρm ρs

1, 2 0.49 0.25 0.45 0.44
1, 3 0.49 0.26 0.47 0.54
1, 4 0.45 0.21 0.33 0.53
2, 2 0.52 0.32 0.53 0.45
2, 3 0.51 0.32 0.58 0.59
2, 4 0.47 0.36 0.52 0.54
3, 2 0.54 0.44 0.68 0.46
3, 3 0.51 0.34 0.72 0.58
3, 4 0.44 0.33 0.70 0.50
C, 2 0.09 0.10 0.40 0.35
C, 3 −0.21 0.13 −0.04 0.15
C, 4 −0.25 0.05 −0.24 0.15

Table 3: Spearman correlations of categorical modular-
ity with accuracy of IMDB sentiment analysis task.

Model ρ ρft ρm ρs

1, 2 0.45 0.27 0.44 0.27
1, 3 0.45 0.29 0.45 0.36
1, 4 0.42 0.25 0.31 0.35
2, 2 0.47 0.32 0.46 0.29
2, 3 0.48 0.32 0.53 0.44
2, 4 0.45 0.38 0.49 0.38
3, 2 0.49 0.42 0.60 0.29
3, 3 0.46 0.32 0.66 0.42
3, 4 0.41 0.34 0.64 0.35
C, 2 0.06 0.04 0.37 0.18
C, 3 −0.18 0.14 −0.08 0.02
C, 4 −0.24 0.09 −0.31 0.03

Table 4: Spearman correlations of categorical modular-
ity with precision of IMDB sentiment analysis task.

A.2 Word Similarity

Model ρ ρft ρm ρs
1, 2 −0.66 −0.47 −0.36 −0.74
1, 3 −0.60 −0.46 −0.24 −0.71
1, 4 −0.57 −0.46 −0.15 −0.71
2, 2 −0.71 −0.59 −0.34 −0.80
2, 3 −0.65 −0.62 −0.29 −0.80
2, 4 −0.61 −0.60 −0.23 −0.78
3, 2 −0.69 −0.65 −0.44 −0.79
3, 3 −0.62 −0.60 −0.42 −0.81
3, 4 −0.57 −0.61 −0.32 −0.79
C, 2 −0.27 −0.36 −0.30 −0.42
C, 3 0.00 −0.29 0.20 −0.45
C, 4 0.04 −0.36 0.32 −0.36

Table 5: Correlations with word similarity mean MSE.

A.3 Bilingual Lexicon Induction

Model ρ ρft ρm ρs
1, 2 0.41 0.15 0.33 0.68
1, 3 0.33 0.07 0.24 0.64
1, 4 0.29 0.05 0.16 0.64
2, 2 0.50 0.34 0.42 0.77
2, 3 0.41 0.24 0.37 0.74
2, 4 0.38 0.22 0.30 0.73
3, 2 0.55 0.39 0.53 0.76
3, 3 0.49 0.35 0.47 0.75
3, 4 0.45 0.31 0.37 0.74
C, 2 0.35 0.19 0.44 0.55
C, 3 0.09 −0.09 −0.17 0.46
C, 4 0.07 −0.06 −0.09 0.37

Table 6: Correlations with mean cosine similarity on
BLI from English.
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Model ρ ρft ρm ρs
1, 2 0.32 0.05 0.35 0.74
1, 3 0.28 −0.05 0.33 0.71
1, 4 0.26 −0.09 0.32 0.70
2, 2 0.42 0.22 0.45 0.81
2, 3 0.37 0.10 0.46 0.79
2, 4 0.38 0.07 0.47 0.78
3, 2 0.50 0.29 0.56 0.81
3, 3 0.47 0.20 0.52 0.80
3, 4 0.46 0.16 0.51 0.78
C, 2 0.35 0.04 0.27 0.65
C, 3 0.29 −0.21 0.15 0.57
C, 4 0.25 −0.13 0.19 0.48

Table 7: Correlations with mean cosine similarity on
BLI to English.

B Sizes of Embedding Models

For contextual reference, we summarize the sizes
of each of the embedding models used in this paper.

Language FastText MUSE subs2vec
Arabic 610,976 132,480 898,080

Bulgarian 334,077 200,000 753,982
Catalan 490,564 200,000 27,220
Croatian 451,636 200,000 1,000,000
Czech 627,840 200,000 1,000,000
Danish 312,955 200,000 262,951
Dutch 871,021 200,000 495,055

English 1,000,000 200,000 1,000,000
Estonian 329,986 200,000 357,632
Finnish 730,482 200,000 842,787
French 1,000,000 200,000 514,066
Greek 306,448 200,000 859,548

Hebrew 488,935 200,000 679,649
Hungarian 793,865 200,000 1,000,000
Indonesian 300,685 200,000 221,876

Italian 871,052 200,000 597,058
Macedonian 176,946 176,947 132,238
Norwegian 515,787 200,000 179,069

Polish 1,000,000 200,000 1,000,000
Portuguese 592,107 200,000 505,535
Romanian 354,323 200,000 964,079
Russian 1,000,000 200,000 802,112
Slovak 316,097 200,000 330,354

Slovenian 281,822 200,000 517,625
Spanish 985,666 200,000 883,541
Swedish 1,000,000 200,000 325,033
Turkish 416,050 200,000 1,000,000

Ukrainian 912,457 200,000 80,123
Vietnamese 292,167 200,000 80,216

Table 8: Number of vectors in each (language, model)
pair.
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Abstract

Language modeling (LM) for automatic
speech recognition (ASR) does not usually in-
corporate utterance level contextual informa-
tion. For some domains like voice assistants,
however, additional context, such as time at
which an utterance was spoken, provides a
rich input signal. We introduce an attention
mechanism for training neural speech recog-
nition language models on both text and non-
linguistic contextual data 1. When applied to
a large de-identified dataset of utterances col-
lected by a popular voice assistant platform,
our method reduces perplexity by 7.0% rela-
tive over a standard LM that does not incorpo-
rate contextual information. When evaluated
on utterances extracted from the long tail of
the dataset, our method improves perplexity by
9.0% relative over a standard LM and by over
2.8% relative when compared to a state-of-the-
art model for contextual LM.

1 Introduction

Conventional automatic speech recognition (ASR)
systems include a language model (LM) and an
acoustic model (AM). The LM component is
trained separately, typically on large amounts of
transcribed utterances that have been collected by
an existing speech recognition system.

Voice assistants have become ubiquitous and cru-
cially rely on ASR systems to convert user inputs to
text. They often collect utterances spoken by users,
along with associated de-identified contextual in-
formation. We hypothesize that these additional
data, such as the time at which an utterance was
spoken, provide a useful input signal for a LM. As
an example, knowing that an utterance was spoken
on December 25th, a LM should learn that the word
“christmas” rather than “easter” is more likely to
follow the phrase “lookup cookie recipes for”.

1We make a large portion of our code available un-
der: https://github.com/amazon-research/contextual-attention-
nlm

To-date, some voice assistants have leveraged
coarse geographic information for improving loca-
tion search queries (Bocchieri and Caseiro, 2010;
Lloyd and Kristjansson, 2012). These past efforts,
however, have largely focused on improving a par-
ticular skill of an ASR system, and not the system’s
speech recognition in general.

In this paper, we focus on adapting recurrent
neural network language models (RNN-LMs) to
use both text and non-linguistic contextual data
for speech recognition in general. While, outside
of ASR, transformer-based (Vaswani et al., 2017)
language models have largely replaced RNN-LMs,
RNNs remain dominant in ASR architectures such
as connectionist temporal classification (Graves
et al., 2006), and RNN-T (Graves, 2012; He et al.,
2019).

The most common method for incorporating non-
linguistic information into a RNN-LM is to learn a
representation of the context that is concatenated
with word embeddings as input to the model. This
concatenation-based approach has been used in a
variety of domains including text classification (Yo-
gatama et al., 2017), personalized conversational
agents (Wen et al., 2013), and voice search queries
(Ma et al., 2018).

Recently, attention mechanisms, initially devel-
oped for machine translation (Bahdanau et al.,
2014; Luong et al., 2015), have been used by
neural LMs to adaptively condition their predic-
tions on certain non-linguistic contexts. Tang et al.
(2016) use an attention module that attends to word-
location information to predict the polarity of a
sentence. Similarly, Zheng et al. (2019) use an at-
tention mechanism over learned personality trait
embeddings, in order to generate personalized dia-
logue responses.

The aforementioned approaches learn a repre-
sentation of the context that is directly used as
input to a neural LM. In contrast to these meth-
ods, Jaech and Ostendorf (2018a) adapt the weight-
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matrix used in an RNN model to a given contex-
tual input. The authors propose decomposing the
weight-matrix into a set of left and right basis ten-
sors which are then multiplied by a learned context
embedding to produce a new weight-matrix. Fac-
torizing the weight-matrix enables a larger fraction
of a model’s parameters to adjust to a given contex-
tual signal. This factorization-based approach has
proven effective in generating automatic comple-
tions of sentences that are personalized for particu-
lar users (Jaech and Ostendorf, 2018b).

We introduce an attention mechanism that
augments both the concatenation-based and
factorization-based approaches to condition a neu-
ral LM on context. The attention mechanism that
we propose builds up a dynamic context represen-
tation over the course of processing an utterance.
The resulting embedding can be used as an addi-
tional input to either the concatenation-based or
factorization-based model.

Our experiments focus primarily on conditioning
neural LMs on datetime context. We concentrate
on datetime information because of its widespread
availability in many ASR systems. Our approach,
however, can generalized to any type of context.
To underscore this point we also provide results for
conditioning LMs on geolocation information and
dialogue prompts that are commonly available in
ASR systems.

We evaluate our method on a large de-identified
dataset of transcribed utterances. Compared to a
standard model that does not include contextual
information, using our method to contextualize a
neural LM on datetime information achieves a rela-
tive reduction in perplexity of 7.0%, and a relative
reduction in perplexity of 9.0% when evaluated
on the tail of this dataset. Moreover, our attention
mechanism can improve state-of-the-art methods
for conditional LMs by over 2.8% relative in terms
of perplexity.

2 Data

We use a corpus of over 5,000 hours of de-
identified, transcribed English utterances, collected
over several years. Each utterance also contains
associated information about the year, month, day,
and hour that the utterance was spoken. The date-
time information is reported according to the local
time zone of each given user. Any information
about the device or the speaker from which an ut-
terance originates has been removed. We randomly

split our dataset into a training set, development set
and test set, using a partition ratio of 90/5/5 and we
ensure that each partition contains more than 500
hours worth of data.

3 Context Representation

A typical utterance in our dataset might look like
this:

2020-12-23 07:00 play christmas music.

In the example above, we can infer that the
utterance “play christmas music” was spoken
on December 23, 2020 at 7 in the morning
local time. In order to condition a LM on this
datetime information, we consider two methods
for transforming the contextual information into a
continuous vector representation:

1. Learned embeddings: We first consider cre-
ating tokens for the month number, week num-
ber, day of the week and hour that an ut-
terance was spoken. In the example above,
we would transform the datetime information
into tokens representing: month-12, week-52,
wednesday, 7am. These tokens are subse-
quently used as input to the model, where they
are passed through an embedding layer to gen-
erate context embeddings. These embeddings
are initialized as random vectors, and trained
along with the rest of the model. We exper-
iment with different ways of parsing the in-
formation, such as encoding weekday versus
weekend, or morning versus evening, but find
this information is largely entailed within our
method for processing datetime information.

2. Feature-engineered representation: Addi-
tionally, we consider transforming the date-
time information into a single 8-dimensional
feature-engineered vector, where the dimen-
sions of the vector are defined as




sin(2π·hour24 ) cos(2π·hour24 )

sin(2π·day7 ) cos(2π·day7 )

sin(2π·week53 ) cos(2π·week53 )

sin(2π·month12 ) cos(2π·month12 )




Since the datetime context is continuous and
cyclical, this approach explicitly encodes tem-
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poral proximity in the date and time informa-
tion.

3.1 Input Representation
We assume as input to a model a sequence of either
word or subword tokens, wi for i ∈ {1, . . . , n},
that are converted by an embedding layer into em-
beddings xi ∈ Re for i ∈ {1, . . . , n}, where n
is the length of the input sequence and e is the
dimensionality of the word embeddings.

We additionally represent the contextual infor-
mation as either:

1. A set, M , of four learned context embeddings
M = {m1,m2,m3,m4}, where m1 is an en-
coding of the month information, m2 is an
encoding of the week information, m3 is an
encoding of the day of the week information,
and m4 is an encoding of the hour of the day
information. When using the concatenation-
based or factorization-based approaches with-
out attention, we first concatenate the embed-
dings together, m = [m1;m2;m3;m4], and
use the resulting vector as input to the model.

2. A set, M , containing a single embedding
M = {m}, where m represents an 8-
dimensional feature-engineered contextual
datetime representation, as described in the
previous section.

4 Model

In this section, we first describe the architecture of
the concatenation-based and factorization-based
approaches. We then introduce our attention-
mechanism that can be used to augment both of
these approaches. The notation we use to describe
architectures assumes a 1-layer RNN model. The
methods we discuss, however, can be applied to
each layer of a multi-layer RNN model.

4.1 Concatenation-based LM Adaptation
The concatenation-based approach learns a weight
matrix Wm of dimensionalityRf×d, where f rep-
resents the size of the context representation and d
represents the hidden-dimensionality of the RNN
model. In practice, f is either a hyperparameter
when datetime context is represented as learned em-
beddings, or f = 8 when this context is represented
as a feature-engineered vector. When representing
contextual information as learned embeddings, re-
call that we first concatenate the embeddings to-
gether before passing these into the model. In this

case, f is four-times the size of each individual
context embedding.

A standard RNN model without contextual infor-
mation keeps track of a hidden-state at time-step t,
ht, that is calculated as

ht = σ(Wxxt +Whht−1 + b),

where xt represents the word embedding at time-
step t, b is a bias vector, Wx ∈ Re×d, and Wh ∈
Rd×d.

In the concatenation-based approach, this
hidden-state is adapted in the following manner

ht = σ(Wmm+Wxxt +Whht−1 + b).

Notice that the expression above can be equiv-
alently calculated by concatenating the matrices
Wm and Wx, as well as the vectors m and xt

ht = σ([Wx;Wm][xt;m] +Whht−1 + b).

To generate a prediction, ŷt for a word at time-step
t, ht is passed through a projection layer, Wv ∈
Rd×|V | to match the dimension of the vocabulary
size |V |, before applying a softmax layer

ŷt = softmax(Wvht).

4.2 Factorization-based LM Adaptation
Unlike the concatenation-based approach, which
directly inserts contextual information into the
RNN cell, the factorization-based method adapts
the weight matrices Wx,Wh of the RNN model.
Compared to the concatenation-based architecture,
this approach adapts a larger fraction of the RNN
model’s parameters.

The adaption process involves learning basis
tensors W

(L)
x′ ,W

(R)
x′ and W

(L)
h′ ,W

(R)
h′ . These

basis tensors are of fixed rank r, where r is a
tuned hyperparameter. The left adaptation tensors,
W

(L)
x′ ,W

(L)
h′ , are of dimensionality Rf×e×r, and

Rf×d×r, respectively. The right adaptation tensors,
W

(R)
x′ ,W

(R)
h′ are both of dimensionalityRr×d×f .

We can now use the contextual representation to
interpolate the two sets of basis tensors to produce
two new weight matrices, W′

x and W′
h, where

W′
x = Wx + (W

(L)
x′

T
m)T (W

(R)
x′

T
m)

W′
h = Wh + (W

(L)
h′

T
m)T (W

(R)
h′

T
m).

The resulting matrices W′
x,W

′
h are now used

as the weights in the RNN cell. A prediction,
ŷt, is generated in the same manner as in the
concatenation-based model.
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4.3 Attention Mechanism

We propose an attention mechanism that augments
both the concatenation-based and factorization-
based approaches. We apply this mechanism to
the context embeddings at each time-step of the
RNN model, in order to adapt the context represen-
tation dynamically. We hypothesize that at certain
time-steps within an utterance, attending to particu-
lar datetime information will facilitate the model’s
predictions more than other information.

For instance, assume a LM is given the phrase
“what temperature will it be on friday”. By the time
the model has observed the words “what tempera-
ture will”, we would expect the model to condition
the predictions of the remaining words primarily on
the hour and day information. Using an attention
mechanism enables us to dynamically weight the
importance that the model places on particular date-
time context as the model processes an utterance.

We assume as input to the attention mechanism
the same set M of context representations. How-
ever, in the case where datetime information is
represented as a feature-engineered vector, we aug-
ment M to include an 8-dimensional vector of all
0s: M = {m, 0}. We do so because our atten-
tion mechanism builds a dynamic representation of
the context by interpolating over multiple context
embeddings. Thus, the attention mechanism can
act as a learnable gate to limit the non-linguistic
context passed into the model. We also experiment
with adding a similar vector of all 0s in the case
where context embeddings are learned, but find no
improvement.

Figure 1: Model architecture of the concatenation-
based model using attention. Datetime context is en-
coded as learned embeddings, and the input word em-
bedding at time-step t is used as the query vector at t.

In addition to the set M , the attention mecha-
nism takes in a query vector, qt, for each time-step
t. We propose two methods for defining this query

vector

1. Let qt = xt, where xt is the embedding for
the input word at time-step t.

2. Let qt = ht, where ht is the hidden state of
the RNN model at time-step t.

Importantly, when qt is chosen such that qt = xt,
we can parallelize the computation of the attention
mechanism for all time-steps before running a for-
ward pass through the model. This cannot be done
when qt = ht, as the attention mechanism can only
be computed sequentially for each hidden state of
the model.

Regardless of the choice of qt, the attention
mechanism first computes a score for each context
embedding mi ∈ M for a given qt. To compute
this score, we learn a weight matrix Wa. The size
of Wa isRf×e if qt = xt, orRf×d if qt = ht.

For a given mi ∈M and qt, we calculate a score
as

score(mi, qt) = mT
i Waqt.

We then define the alignment score as

αi,t = softmax(score(mi, qt))

The alignment scores are finally used to build up
a dynamic representation of the context, m′t, for a
given time-step.

m′t =
|M |∑

i=1

αi,tmi

We can now use this constructed context, as the
context input to either the concatenation-based or
the factorization-based approach.

In Figure 1 we illustrate how the attention mech-
anism augments the concatenation-based approach.
For an utterance like “turn alarm off”, we showcase
how the model builds a dynamic representation of
the datetime context, at a given time-step t ( t = 2
in the figure).

5 Experimental Setup

We used a 1-recurrent-layer LSTM model (Hochre-
iter and Schmidhuber, 1997) as the base model in
all of our experiments. Both the concatenation-
based and factorization-based methods can be eas-
ily adapted to use an LSTM cell. Models were
trained using the Adam optimizer with an initial
learning rate of 0.001, and a standard cross entropy
loss function. Each of the LMs was trained for
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Method Context Approach Attention
Query

Relative Perplexity Reduction

Full Head Tail
Default NA NA 0% 0% 0%
Prepend Embeddings NA 0.83% 2.54% 0.12%
Prepend Feature-engineered NA 1.20% 2.30% 0.74%
Concat Embeddings NA 6.82% 2.82% 8.68%
Concat Embeddings Hidden 7.00% 2.83% 8.91%
Concat Embeddings Word 7.02% 2.89% 8.96%
Concat Feature-engineered NA 6.82% 2.65% 8.71%
Concat Feature-engineered Hidden 7.0% 2.71% 8.97%
Concat Feature-engineered Word 6.94% 2.60% 8.94%
Factor Embeddings NA 3.29% 2.26% 3.93%
Factor Embeddings Hidden 4.82% 2.53% 5.96%
Factor Embeddings Word 5.40% 2.58% 6.71%
Factor Feature-engineered NA 5.44% 2.00% 7.10%
Factor Feature-engineered Hidden 5.57% 2.31% 6.82%
Factor Feature-engineered Word 5.05% 2.25% 6.31%

Table 1: Test set perplexities of contextual LMs based on datetime information, with relative reductions compared
to the Default LSTM model that does not use contextual datetime information. We bold best results within each
type of method, and underline best results overall. Improvements in perplexity from using our attention mechanism
are statistically significant.

400,000 batch update steps, using a batch-size of
256. The training of each model was conducted
on a single V100 GPU, with 16GB of memory on
a Linux cluster, and took roughly 6 hours to train.
Implementation of the model and training proce-
dure was written in PyTorch and native PyTorch
libraries. We used a fixed dimensionality of 512 for
word, context and hidden state embeddings. We
initially experimented with smaller and larger em-
bedding sizes (50, 100, 1024), but found that 512
generally provided a good tradeoff between model
performance and compute resources required to
train a model. We set the rank of the basis tensors
in the factorization-approach to 5, after experiment-
ing with rank sizes 2, 3, 10, 15, 20. In practice, we
found that the larger the rank size the less stable
the training procedure became. Other hyperparam-
eters, such as the initial learning rate, were selected
via random search. We initialized random weights
using Xavier-He weight initialization (He et al.,
2015).

6 Results

6.1 Datetime

We evaluated our models on a heldout set of utter-
ances that were randomly sampled from the full

dataset. The utterances in our training and eval-
uation set were collected in the same time-range.
We also defined the head and tail subsets of our
development set, representing, respectively, the top
5% most frequently occurring utterances, and utter-
ances occurring only once.

We used two metrics for our evaluations: per-
plexity and word error rate. Perplexity is a com-
mon statistic widely used in language modeling
and speech recognition to measure how well a lan-
guage model predicts a sample of text (Jelinek et al.,
1977). Word error rate, on the other hand, measures
the Levenshtein (minimum edit) distance between
a recognized word sequence and a reference word
sequence. In practice, these two statistics have been
shown to be correlated by a power law relationship
(Klakow and Peters, 2002).

In Table 1, we report the relative decrease in per-
plexity of models that leveraged datetime context
compared to a baseline LSTM model that did not
use any contextual information. We additionally
trained a simple baseline, Prepend, which was com-
prised of a standard LSTM model that treated date-
time context as input tokens that were prepended
to the input texts.

In reporting our results, we distinguish between
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Figure 2: Perplexity confidence bounds at a 95% confidence level for the best-performing concatenation-based and
factorization-based models with and without attention. Bounds are evaluated on the full, head and tail partitions
of the evaluation set. Perplexity reductions are relative to the Default LSTM model that does not use contextual
datetime information.

the two forms of representing contextual informa-
tion: either as learned embeddings or as a feature-
engineered representation. We also differentiate
between the two variants of encoding the query
vector used by the attention mechanism: either by
using the hidden state vector, or the input embed-
ding at a given time-step.

For the concatenation-based model, we found
that adding our attention mechanism led to further
reductions in perplexity, regardless of the type of
query vector or context representation used. We ob-
tained the best results when representing datetime
information as learned embeddings and using the
input embedding at a given time-step as the query
vector.

We corroborated these results by computing
95% confidence intervals for the best-performing
concatenation-based models with and without at-
tention. Confidence intervals were calculated by
running the training algorithm 10 times for each
model type. Figure 2 visualizes the intervals.

In the case of the factorization-based approach,
we achieved the lowest perplexity when the atten-
tion mechanism used the hidden state of the RNN
model as the query vector and datetime informa-
tion was represented as a feature-engineered vec-
tor. Again, we found that on the full dataset the
improvement in perplexity by using our attention
mechanism was statistically significant.

In nearly every experiment we ran, we found that
our attention mechanism further reduced perplex-
ity. The use of attention led to the largest relative
improvement in the factorization-based approach
when using learned context embeddings. In this
instance, perplexity was reduced by 2.8% on the
tail of our evaluation set, and by 2.1% on the full
dataset.

Method Context Attention WERR (%)
Approach Query Full Tail

Default NA NA 0.0 0.0
Prepend FE NA 0.0 0.0
Concat Emb Word 1.1 1.2
Factor FE Hidden 0.8 0.8

Table 2: We report relative improvement (decrease) in
WER compared to the Default LSTM model that does
not use contextual information. Context representation
approaches are feature-engineered (FE) or embeddings
(Emb).

In addition to evaluating the models on rela-
tive reductions in perplexity, we also validated the
downstream performance of a hybrid CTC-HMM
(Graves et al., 2006) ASR system that incorporated
contextual information in its LM component. As
the LM component of this system, we used the best-
performing models within each category of method
that we report in Table 1. Table 2 summarizes
the results. We evaluated the relative WER reduc-
tion(WERR) on a large test set of de-identified,
transcribed utterances representative of general
user interactions with Alexa, as well as on the tail
of this dataset. As in Table 1, the concatenation-
based model with attention mechanism achieved
the largest reductions in WER.

6.2 Other Non-Linguistic Context
So far, our experiments have focused exclusively
on conditioning neural LMs on datetime context.
We underscore, however, that the contextual mech-
anism we introduce can be applied to any type of
contextual information that can be represented as
embeddings. To illustrate this point we train two
neural LMs using two other types of context: ge-
olocation information and dialogue prompts.
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Context Type Relative PPL
Reduction

(%)

WERR (%)

Full Tail Full Tail
Default 0.0 0.0 0.0 0.0

Datetime 11.4 11.6 1.6 1.7
Geo-hash 12.4 12.5 0.5 1.0

Dialogue Prompt 13.9 14.1 0.3 0.6

Table 3: We report relative improvement (decrease) in
WER and (decrease) in perplexity (PPL) compared to
the Default LSTM model that does not use contextual
information. We report results on both the full test
dataset as well as utterances from the tail of the dataset.
The best results are underlined.

We train the LMs on a subset of the utterances
of the initial dataset which also contain utterance-
level geo-hash information and dialogue prompt in-
formation. The geo-hash information 2 associated
with each utterance encodes a very rough estimate
of the geolocation of a user’s device. Dialogue
prompts indicate whether a transcribed utterance
was an initial query to the dialog system or if it was
a follow-up turn.

We learn embeddings to represent both the geo-
hash and the dialogue prompt information. We
ingest both types of contexts via the concatenation-
based approach, using word-embeddings as the
attention queries. We evaluate these models on a
test set of de-identified utterances representative of
user interactions with Alexa. Table 3 summarizes
the results. In general, we find that conditioning
neural LMs on each of the different types of context
reduces perplexity and WER.

7 Analysis

In this section, we focus once again on datetime
information to better understand how contextual
LMs use datetime signal.

7.1 Datetime Context Signal

The first question we hope to answer is: to what
extent can the relative improvements in perplexity
and WER in the models that incorporate datetime
context be explained by the additional signal from
the context versus the additional parameters that
these models contain?

To answer this question, we randomly shuffled
the datetime information associated with each ut-

2We use a two integer precision geo-hash.

terance in our training and test sets. For each of
our best-performing models in a given category of
method (prepend, concat, or factor), we retrained
and evaluated those models on the dataset contain-
ing shuffled datetime information.

In Table 4, we report the relative degradation
(i.e., a negative reduction) in perplexity resulting
from evaluating these models on the shuffled date-
time contexts. In general, if a model uses date-
time information as an additional signal, we would
expect the performance of the model to decrease
when the datetime context is shuffled.

Method Context
Approach

Attention
Query

Relative PPL
Reduction

(%)
Full Tail

Prepend FE NA -1.5 -1.2
Concat Emb Word -1.6 -1.2
Factor FE Hidden -1.4 -1.0

Table 4: Relative degradation in perplexity (PPL) of
models that incorporate datetime information when
that context is randomly shuffled. Context repre-
sentations are feature-engineered (FE) or embeddings
(Emb).

We observed the overall largest relative degrada-
tion in perplexity, when using the concatenation-
based model. Recall that when trained on correct
datetime information this was our best-performing
model overall in terms of both perplexity and WER,
indicating that the performance of this model can
be attributed in part to its use of contextual infor-
mation.

7.1.1 Visual Analysis
In addition to these results, we visualize how the
contextual LMs leverage datetime contexts. For a
given utterance, we can evaluate the probability of
the words in the utterance as we vary the datetime
information associated with the utterance. In Fig-
ure 3, we evaluate the conditional probability of
the word “snooze” in an utterance following the
start-of-sentence token, as we vary the hour of day
information associated with this utterance. As we
would expect, the probability of this “snooze” is
highest in the morning (between 5 and 6 am), as
users are waking up and snoozing their alarms. As
we move away from the morning hours, the condi-
tional probability of the word “snooze” decreases
substantially, reaching a low-point by the after-
noon and evening. The horizontal blue dashed line
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indicates the conditional probability of the word
’snooze’ following the start-of-sentence token when
evaluated with a LM that does not ingest datetime
information. This analysis further corroborates that
the trained contextual LMs successfully condition
their predictions on datetime information.

Figure 3: Changing conditional probability of the word
“snooze” as the associated hour of day information
varies.

7.2 Attention Weights
We next seek to understand how the attention mech-
anism constructs a dynamic representations of date-
time context. To do so, we visualize the weights
of the attention mechanism as an utterance is pro-
cessed by the model. For a given utterance like
“play me best christmas songs” spoken in Decem-
ber, we highlight the changing weight placed on
each of the datetime information. Figure 4 shows
this analysis.

Figure 4: Changing attention weights placed on particu-
lar context embeddings over the course of an utterance.

When the model processes the start-of-sentence
token, the attention mechanism weights each of the
datetime information roughly equally. However as
the model processes the subsequent words “play
me best”, the attention begins to shift towards using

more of the month information (i.e., that this ut-
terance was spoken in December), and away from
hour and day information. This would suggest that
conditioning on the fact that the utterance was spo-
ken in December can help the model predict the
type of media to play.

Once the model observes the word “christmas”,
it places all of the attention on the month informa-
tion, indicating the model has successfully learned
that “christmas” is a word strongly associated with
a particular month (i.e., December). Finally when
the word “songs” is ingested, the model substan-
tially reduces the weight placed on month informa-
tion and in turn increases the weight on hour infor-
mation. This shift might indicate that the model
has learned to condition the type of music users lis-
ten to to the hour of the day. Overall, the behavior
of the attention mechanism is consistent with our
initial hypothesis that certain types of datetime in-
formation can benefit a contextual LM model more
than others over the course of an utterance.

8 Related Work

Within the domain of ASR, Biadsy et al. (2017)
have explored using an adaptive-training approach
to incorporate non-linguistic features into a maxi-
mum entropy LM. They propose first training the
parameters of a LM that are associated with text
data, then freezing those parameter and learning
parameters associated with multiple types of non-
linguistic features.

Zhang et al. (2019) and Yoon et al. (2017) pro-
pose a similar two-pronged approach for person-
alizing conversational neural LMs. They propose
first pretraining a RNN-LM on a large dataset of
conversational data, then finetuning the model on
data associated with a particular user.

More recently, Jain et al. (2020) and Liu et al.
(2020) propose attention mechanisms for condition-
ing RNN-T and hybrid ASR systems on words that
are likely to occur in an utterance.

Another related line of research has explored
learning utterance embeddings for dialogue sys-
tems using Gaussian mixture models that are en-
hanced with utterance-level context, such as intent
(Yan et al., 2020).

Outside of ASR, our work directly builds upon
the concatenation-based (Mikolov and Zweig,
2012) and factorization-based (Jaech and Osten-
dorf, 2018a) approaches to condition RNN-LMs
on sentence context. The concatenation-based ap-
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proach has been adopted as a common method for
incorporating non-linguistic context into a neural
LM (Yogatama et al., 2017; Wen et al., 2013; Ma
et al., 2018; Ghosh et al., 2016). Methods that apply
low-rank matrix factorization to RNNs are some-
what newer, and were first explored by Kuchaiev
and Ginsburg (2017).

Our contribution lies first in the application of
these models to ASR, and secondly their extension
with an attention mechanism. The attention mech-
anism we propose builds on the global attention
model proposed by Luong et al. (2015). While
attention-based models have been used to condi-
tion neural models on particular aspects or traits
(Zheng et al., 2019; Tang et al., 2016), we focus on
contextual information that benefits ASR systems.

9 Conclusion

In this paper, we introduce an attention-based
mechanism to condition neural LMs for ASR on
non-linguistic contextual information. The pro-
posed model dynamically builds up a represen-
tation of contextual information that can be in-
gested into a RNN-LM via a concatenation-based
or factorization-based approach. We find that in-
corporating datetime context into a LM can yield
a relative reduction in perplexity of 9.0% over a
model that does not incorporate context. Moreover,
the attention mechanism we propose can improve
state-of-the-art contextual LM models by over 2.8%
relative in terms of perplexity. While we focus on
datetime information, we demonstrate that our ap-
proach can be applied to any type of non-linguistic
context, such as geolocation and dialogue prompts.
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Abstract
Screenplays refer to characters using differ-
ent names, pronouns, and nominal expres-
sions. We need to resolve these mentions to
the correct referent character for better story
understanding and holistic research in compu-
tational narratology. Coreference resolution
of character mentions in screenplays becomes
challenging because of the large document
lengths, unique structural features like scene
headers, interleaving of action and speech
passages, and reliance on the accompanying
video. In this work, we first adapt widely-
used annotation guidelines to address domain-
specific issues in screenplays. We develop
an automatic screenplay parser to extract the
structural information and design coreference
rules based upon the structure. Our model
exploits these structural features and outper-
forms a benchmark coreference model on the
screenplay coreference resolution task.

1 Introduction

Screenplays are semi-structured text documents
containing the dialogue and directions of a film.
Automated screenplay analysis provides an oppor-
tunity early in the creative process to offer insights
into character representations and portrayals (of
who interacts with whom, about what, and how),
including from a diversity, inclusion, and social im-
pact perspective (Ramakrishna et al., 2017; Shafaei
et al., 2020; Martinez et al., 2020). A typical screen-
play contains indented blocks of text that can be
classified into scene headers, scene descriptions,
speakers, and utterances, as shown in Figure 1
(Agarwal et al., 2014). A scene header starts a new
scene and provides location and temporal informa-
tion. Scene descriptions describe the characters and
their actions, and the speaker and utterance blocks
contain the characters’ names and speech.

Screenplays can refer to a character by different
names, pronouns, and nominal expressions. For

Figure 1: Coreference-annotated screenplay excerpt
from the movie The Shawshank Redemption (1994).
Mentions of the same character are underlined with the
same color.

example, the screenplay excerpt shown in Figure 1
refers to the character Andy by the mentions – Andy
Dufresne (name), The wife-killin’ banker (nomi-
nal), and his (pronoun). Many downstream tasks
need to find and map all such mentions to the cor-
rect referent. For example, Gorinski and Lapata
(2015) resolved pronominal mentions to their cor-
rect antecedent (prior co-referring mention) to find
speaker-listener and semantic relations between
characters for the movie-summarization task. Chen
and Choi (2016) crowdsourced character-mention
labels in TV show transcripts for automatic char-
acter identification. Deleris et al. (2018) used di-
rect and indirect character references in utterances
to study social relationships between characters.
Thus, resolving character mentions in screenplays
is an essential subtask in many applications. In
NLP literature, this task is formally called coref-
erence resolution (Jurafsky and Martin, 2009) and
has been studied extensively (Sukthanker et al.,
2020; Stylianou and Vlahavas, 2021).
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Most existing coreference datasets focus on
news and web text (Pradhan et al., 2012; Webster
et al., 2018), but do not include screenplays that
have distinct content and structure. First, the docu-
ment lengths of screenplays are much larger than
news articles (Gorinski and Lapata, 2015), increas-
ing the computational complexity of antecedent
scoring (Lee et al., 2017). Second, scene head-
ers alter the story’s context affecting coreference
between mentions of different scenes. Lastly, coref-
erence annotation of some mentions requires the
knowledge of the accompanying movie or TV clip
because textual descriptions may not capture all
the post-production visual details of a scene. Thus,
two main challenges for coreference resolution in
screenplays are: (1) the lack of suitable annota-
tion rules to handle domain-specific issues and (2)
finding methods to leverage the unique screenplay
structure to improve coreference resolution.

Our objective in this work is to address the coref-
erence resolution of characters in screenplays. We
only focus on characters because most modern
narrative studies are centered around their role
as agents driving the plot (Bamman et al., 2013;
Labatut and Bost, 2019). Our contributions are
1) we establish coreference annotation guidelines
for screenplays and use them to label screenplay ex-
cerpts, 2) we develop a screenplay parser to convert
the semi-structured text into a machine-readable
format, and 3) we use the structural information
of screenplays to design coreference rules, which
improves the performance of coreference resolu-
tion when combined with a benchmark coreference
resolution model (Lee et al., 2018).

2 Related Work

Screenplay Parsing: Weng et al. (2009) motivated
the need for screenplay parsing for social network
analysis. Agarwal et al. (2014) formalized the
screenplay parsing task and developed an SVM-
based parser. Winer and Young (2017) extended
it to extract fine-grained information from scene
headers. Our parser uses a rule-based algorithm to
achieve comparable performance.
Coreference Resolution: OntoNotes 5 is the
benchmark dataset for English coreference resolu-
tion, containing documents from newswire, broad-
cast news, telephone conversations, and weblogs
(Pradhan et al., 2012). However, it does not con-
tain screenplay texts. The closest work to screen-
play coreference is the LitBank dataset (Bamman

et al., 2020), which contains coreference annota-
tions of 100 works of fiction taken from Project
Gutenberg (Lahiri, 2014).

Few previous works address coreference annota-
tion in screenplays. Chen and Choi (2016) labeled
character mentions for two TV shows: Friends and
The Big Bang Theory. Zhou and Choi (2018) later
extended this dataset by including plural mentions,
but mainly focused on character utterances and
did not consider action notes. Ramanathan et al.
(2014) created a dataset of 19 TV episodes for
joint coreference resolution in visual and textual
media content. Gorinski and Lapata (2015) cre-
ated the ScriptBase corpus of movie screenplays,
which included coreference labels. However, they
found the labels using the Stanford CoreNLP sys-
tem (Lee et al., 2011), which has not been evaluated
for screenplay coreference.

3 Annotation

We annotate screenplays with character mentions
for coreference resolution (see Figure 1). Follow-
ing OntoNotes 5 annotation guidelines, we mark
the maximal extent of noun phrases, pronouns, and
possessives that refer to some character (Pradhan
et al., 2012). Characters do not have to be per-
sons; consider for example, the spider Aragog in
the Harry Potter movies. We include singleton
character entities. We do not label mentions that
refer to multiple characters because finding the cor-
rect antecedent of plural mentions often requires
the accompanying video clip’s aid (Zhou and Choi,
2018). For example, it is difficult to decide whether
They refers to Vosen and agents, Others, or both in
the following lines without watching the movie.

[Vosen and agents]x come running out of the
front door. [Others]y leave through a side en-
trance. [They] jump in sedans. (Bourne Ultima-
tum, 2007)

We follow OntoNotes 5 annotation guidelines
to handle appositions (adjacent noun phrases sep-
arated by comma, colon, or parentheses), copula
(noun phrases connected by linking verbs, for ex-
ample, is, look, etc.), and generic you mentions
(Pradhan et al., 2012). If a mention’s referent is re-
vealed to be identical with another character as the
story progresses, we tag the mention with the latter
character (Bamman et al., 2020). The screenplay
sometimes contains references to the reader or the
camera’s point of view. We tag such instances with
a special READER entity, for example:
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Movie Tokens Characters Names Pronouns Nominals
The Shawshank Redemption (1994) 7,734 44 329 448 111
Bourne Ultimatum (2007) 7,722 39 491 344 76
Inglourious Basterds (2009) 7,284 23 426 458 124
TOTAL 22,740 106 1,246 1,250 311

Table 1: Statistics of the coreference annotated data.

In the background, [we]READER see, [our]READER

three counterfeit German Officers, Hicox, Wicki,
and Stiglitz, enter the basement tavern. They ob-
viously see the five German soldiers, but their
too far away for [us (the audience)]READER to read
their face. (Inglourious Basterds, 2009)

Screenplay Coreference Dataset: We annotated
screenplay excerpts of three movies: The Shaw-
shank Redemption, Bourne Ultimatum, and Inglou-
rious Basterds. We downloaded the screenplay
documents from IMSDb 1. We chose these movies
because the annotators were familiar with them,
and they cover a wide range of genres (drama, ac-
tion, thriller, and war). Three doctoral students
were each assigned one screenplay, which they an-
notated for coreference according to the guidelines
of section 3. The lead author checked the annota-
tions independently for labeling errors. Less than
1% of the mentions required correction, suggesting
high overall agreement. Table 1 describes some
statistics of the labeled data. The corpus contains
2, 807 mentions in total, covering 106 characters.
More than 44% of the mentions are pronouns, and
about 11% are nominal mentions.

4 Model

Our coreference model consists of two parts: 1)
a screenplay parser to extract structural informa-
tion, and 2) coreference rules to resolve mentions
occurring in speaker blocks.

4.1 Screenplay Parser

The screenplay parser reads raw screenplay text
documents and assigns a structural tag – scene
header, scene description, speaker, utterance or
other (see Figure 1) to each line, following the
tagset of Agarwal et al. (2014). The parser uses
regular expressions to assign the structural tags.
Thus, it is a rule-based 5-way multiclass classifier.
The other tag includes all lines that do not fall in the
other four categories, for example, camera transi-
tions (CUT TO, FADE IN, etc.), dialogue metadata

1http://www.imsdb.com

expressions (O.S., V.O., (shouting), etc.), etc. The
parser removes blank lines and whitespace indents.

4.2 Coreference Resolution
We use the following strategy to find the corefer-
ence clusters of characters in screenplays.
Add says: Given a screenplay, we parse it using
our screenplay parser and collect all lines tagged as
scene header, scene description, speaker, or utter-
ance. We add the word says after speaker-tagged
lines and concatenate all lines, separated by a new-
line delimiter. This lexical addition tells the model
that the character mentioned in the speaker-tagged
line speaks the succeeding utterance-tagged lines.
Keep speakers: We apply a coreference resolution
model, pre-trained on OntoNotes 5, to the con-
catenated text to find coreference clusters. Since
OntoNotes 5 annotates for unrestricted coreference
(find coreference clusters of all ACE entities and
events), we need to prune the clusters to keep only
those containing character mentions. We keep clus-
ters that contain any mention which appears in a
speaker-tagged line.
Merge clusters: Due to the large document size
(see Table 1), long coreference chains, like those of
main characters, sometimes get segmented and oc-
cur as separate clusters. We merge the segmented
clusters using speaker information. Screenplays
usually refer to a character by a unique name in
the speaker-tagged lines. If two speaker-tagged
lines belonging to separate clusters contain identi-
cal names, we merge the corresponding clusters.

5 Experiments and Results

5.1 Screenplay Parser Evaluation
We annotated lines of 39 movie screenplay excerpts
for the structural tags. These movies were different
from the ones annotated for coreference. Three an-
notators, all doctoral students, labeled 9,758 lines,
with a Krippendorff’s inter-rater reliability score of
0.983 (strong agreement). We parsed the annotated
excerpts using our rule-based parser and evaluated
its classification performance. Table 3 shows the
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Model
MUC B3 CEAFe Avg

P R F1 P R F1 P R F1 P R F1
Baseline 83.7 62.0 70.8 55.3 33.9 41.6 28.1 23.6 23.8 55.7 39.8 45.4
Our Model 87.3 79.5 83.2 65.8 61.2 63.2 50.2 40.6 41.6 67.7 60.4 62.7

-Add says -1.0 -2.5 -1.9 -9.3 -15.0 -12.7 -5.1 -3.6 -4.3 -5.1 -7.0 -6.3
-Keep speakers -2.5 -2.2 -2.4 -2.4 -2.5 -2.4 -17.7 +3.5 -6.5 -7.5 -0.4 -3.7
-Merge clusters -0.2 -2.9 -1.7 +3.8 -9.8 -5.3 -1.1 -6.3 -3.8 +0.8 -6.3 -3.6

Table 2: Coreference resolution performance. The last three rows show the change in scores when the correspond-
ing rule is removed from our model.

precision, recall, and F1 scores of the parser on the
annotated data. The performance is comparable
with the parser developed by Agarwal et al. (2014).

Structure Tag lines P R F1
Scene Header 343 94.5 90.4 92.4
Scene Description 3074 88.2 87.6 87.9
Speaker 1833 95.4 96.1 95.7
Utterance 3754 90.5 94.5 92.5

Table 3: Screenplay parser’s classification performance

5.2 Screenplay Coreference Evaluation

We evaluated our coreference model on the labeled
screenplay data collected in section 3. We used the
model of Lee et al. (2018), a widely used bench-
mark for coreference resolution, as the pre-trained
model for our method. Lee et al. (2018) calcu-
lates mention scores for each span, retains the top-
scoring ones and finds antecedent scores of men-
tion pairs. We replaced the model’s original GloVe
vectors with SpanBERT (large) embeddings. Joshi
et al. (2020) showed that the SpanBERT-adapted
model obtains 79.6 avg. F1 on the OntoNotes 5
test set for the unrestricted coreference task.
Baseline: Given a screenplay, we find the struc-
tural tags for each line using our parser and retain
the lines tagged as scene header, scene descrip-
tion, speaker, or utterance. We input the text to the
coreference resolution model of Lee et al. (2018),
pre-trained on OntoNotes 5. We keep clusters that
contain any mention whose named entity tag is
PERSON. We use spaCy (Honnibal et al., 2020) for
named entity recognition.
Metrics: Following the official evaluation frame-
work of CoNLL-2012 multilingual coreference task
(Pradhan et al., 2014), we used the MUC (Vi-
lain et al., 1995), B3 (Bagga and Baldwin, 1998)
and CEAFe (Luo, 2005) measures to evaluate our
model. We also used the NEC score (Agarwal

et al., 2019) to evaluate coreference resolution by
mention-type – name, pronoun and nominal. Ta-
bles 2 and 5 show the performance of our model
and baseline in coreference resolution and char-
acter mention identification respectively. Table 4
shows the NEC scores for different mention types.

Name Pronoun Nominal
Baseline 39.1 39.8 48.8
Our Model 47.6 62.1 55.4

Table 4: NEC F1 by mention type

P R F1
Baseline 86.5 63.9 73.1
Our Model 88.7 80.8 84.5

Table 5: Mention identification performance.

Ablation Study: We study how each coreference
rule – Add says, Keep speakers, and Merge clus-
ters – described in section 4.2, contributes to the
model’s performance. Table 2 shows the results of
the ablation experiments. -Add says means that we
do not add says after speaker-tagged lines, -Keep
speakers implies that we retain clusters that contain
any mention whose named entity tag is PERSON
instead of those that contain any mention appear-
ing in speaker-tagged lines, and -Merge clusters
denotes that we do not merge clusters.

6 Discussion

The results of Table 2 suggests that inputting the
raw screenplay directly to the pre-trained coref-
erence model performs poorly. The performance
substantially improves when we use the corefer-
ence rules (+17.3 avg. F1). The improvement is
largest for pronouns (+22.3 NEC F1), as shown in
Table 4, possibly because of the Add says rule that
helps the model to find the antecedent of personal
pronouns in utterance-tagged lines. The rule adds
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6.3 avg. F1 towards the overall performance (Ta-
ble 2). Coreference resolution of named mentions
also improves greatly (+8.5 NEC F1), probably be-
cause of the Merge clusters rule that joins clusters
if they contain mentions in speaker-tagged lines
that have identical names. It contributes 3.6 avg.
F1 to the final score (Table 2). The Keep speakers
rule adds 3.7 avg. F1, which suggests that retaining
clusters containing speaker-tagged mentions is bet-
ter than keeping those containing PERSON-tagged
(NER) mentions to retrieve character references.

7 Applications

We show two applications of coreference resolu-
tion in computational narratology: finding mention-
type interactions and character actions.
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10 28
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Figure 2: Character network of speech interactions.
Edge weight is the number of interactions. Bridget has
the lowest weighted degree.
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Figure 3: Character network of mention interactions.
Edge weight is the number of mentions. Bridget has
the highest weighted in-degree.

Mention-type Interactions: Figures 2 and 3 show
character networks of the top five speaking charac-
ters from the movie Inglourious Basterds (2009),
capturing speech and mention-type interactions re-
spectively. The edge weight between characters A
and B in the speech network (Fig 2) is the number

of times A speaks right after B or vice versa (Ra-
makrishna et al., 2017). The directed edge weight
from character A to character B in the mention net-
work (Fig 3) is the number of times A mentions
B in their speech. We used the structural tags and
coreference annotations to create these networks.

We observe that the two character networks pro-
vide different insights. Using degree centrality,
Bridget is the least ‘important’ character in terms of
speech interactions, but is most mentioned by other
characters. This supports the movie plot which
contains a scene where the Basterds discuss their
plans of meeting Bridget, without her being there.
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Wife
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Figure 4: Character network of action interactions.
Edge labels are actions. Head node of edge is the agent,
and tail node of edge is the patient of the action.

Character Actions: We can use semantic role la-
beling and coreference resolution to find character
actions. Figure 4 shows a subgraph of the charac-
ter action network of The Shawshank Redemption
(1994) movie. The directed edge label is the ac-
tion, the head node is the agent (ARG0), and the
tail node is the patient (ARG1) of the action. We
applied the SRL model of Shi and Lin (2019) to the
sreenplay’s sentences, and then substituted the se-
mantic roles with their referred character, wherever
possible. From figure 4, we observe that Andy had
positive interactions with Red, but was negatively
treated by Boggs and Hadley, which is in line with
the movie plot.

8 Summary and Future Work

We presented a coreference annotation guideline
for screenplays and developed rules based on the
screenplay’s structure to improve coreference reso-
lution performance. Our work can facilitate future
annotation and modeling of coreference resolution
in screenplays to support computational narratol-
ogy studies. We plan to label more screenplays to
train an end-to-end coreference model and study
character interactions using coreference clusters.
The data is available in the supplementary material.
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Léa Deleris, Francesca Bonin, Elizabeth Daly,
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Abstract

In Natural Language Understanding (NLU),
to facilitate Cross-Lingual Transfer Learning
(CLTL), especially CLTL between distant lan-
guages, we integrate CLTL with Machine
Translation (MT), and thereby propose a novel
CLTL model named Translation Aided Lan-
guage Learner (TALL). TALL is constructed
as a standard transformer, where the encoder
is a pre-trained multilingual language model.
The training of TALL includes an MT-oriented
pre-training and an NLU-oriented fine-tuning.
To make use of unannotated data, we imple-
ment the recently proposed Unsupervised Ma-
chine Translation (UMT) technique in the MT-
oriented pre-training of TALL. The experimen-
tal results show that the application of UMT
enables TALL to consistently achieve better
CLTL performance than our baseline model,
which is the pre-trained multilingual language
model serving as the encoder of TALL, with-
out using more annotated data, and the perfor-
mance gain is relatively prominent in the case
of distant languages.

1 Introduction

Virtual assistants, such as Amazon Alexa, Apple
Siri, and Google Assistant, are increasingly popu-
lar due to the convenience they bring to customers.
A core function of virtual assistants is Natural Lan-
guage Understanding (NLU), which is a combo of
slot filling and intent classification. NLU models
behind virtual assistants are generally trained in a
supervised manner, which requires a large amount
of annotated data. Collecting annotated data is not
a big deal for high-resource languages, but difficult

∗Work done during internship at Amazon Alexa AI.

or even impossible for low-resource languages. As
a result, when ported to a low-resource language,
an NLU model may suffer from the so-called “data
hungriness” (van der Ploeg et al., 2014). This prob-
lem can be alleviated by conducting Cross-Lingual
Transfer Learning (CLTL) (Yarowsky et al., 2001),
where annotated data in a high-resource source lan-
guage is used to bootstrap an NLU model aimed at
a low-resource target language.
The key to CLTL is to learn a shared representation
space for the given source-target language pair. A
traditional way to achieve this goal is to leverage
cross-lingual word embeddings, which are obtained
by mapping the words in both languages to a shared
word embedding space (Zhang et al., 2017; Con-
neau et al., 2017; Artetxe et al., 2018a; Chen et al.,
2018; Chen and Cardie, 2018; Chen et al., 2019).
However, most studies on this topic only consider
similar languages (e.g. English-German) but ignore
distant languages (e.g. English-Japanese), since it
is more challenging to conduct CLTL between dis-
tant languages than between similar languages. Re-
cently, contextualized word embeddings generated
by pre-trained language models have shown signif-
icant advantages over ordinary word embeddings
(Peters et al., 2018; Devlin et al., 2019; Liu et al.,
2019). For the purpose of CLTL, many efforts have
been made to develop multilingual variants of pre-
trained language models. These efforts have in turn
brought about pre-trained multilingual language
models, each of which is pre-trained on a multilin-
gual corpus so that the learned representation space
is not only rich in contextual clues but also shared
by all the involved languages (Mulcaire et al., 2019;
Conneau and Lample, 2019; Conneau et al., 2020).
However, in this pre-training, the collection of the
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multilingual corpus is not obviously biased to any
language, thus in the learned representation space,
similar languages are still similar to each other, and
distant languages are still distant from each other.
As a result, although pre-trained multilingual lan-
guage models have greatly promoted CLTL, it is
still more challenging to conduct CLTL between
distant languages than between similar languages.
This opinion has been verified by several empirical
studies on a popular pre-trained multilingual lan-
guage model named Multilingual BERT (M-BERT)
(Devlin et al., 2019), where the CLTL performance
of M-BERT between similar languages is decent,
but that between distant languages is still far from
satisfactory (Pires et al., 2019; Wu and Dredze,
2019; Karthikeyan et al., 2020).
From our point of view, CLTL can be analogized
to the process of a human being learning a foreign
language, where the prior knowledge on the native
language plays an important role. Language educa-
tors believe that a foreign language learner can ben-
efit a lot from translation, since translation not only
involves all aspects of foreign language learning
but also helps to enhance the correlation between
the native language and the foreign language (Witte
et al., 2009). According to our observation and ex-
perience, this is especially the case when the native
language and the foreign language are distant from
each other. Inspired by these thoughts, to facilitate
CLTL, especially CLTL between distant languages,
we propose a novel CLTL model named Translation
Aided Language Learner (TALL), where CLTL is
integrated with Machine Translation (MT). Specifi-
cally, we adopt a pre-trained multilingual language
model, which is now recognized as the state of the
art in CLTL, as our baseline model, and construct
TALL by appending a decoder to it. On this basis,
we directly fine-tune the baseline model as an NLU
model to conduct CLTL, but put TALL through an
MT-oriented pre-training before its NLU-oriented
fine-tuning. We believe that the MT-oriented pre-
training can help TALL to enhance the correlation
between the given source-target language pair in
its representation space, and thus can make CLTL
easier to conduct in its NLU-oriented fine-tuning,
especially in the case of distant languages. To make
use of unannotated data, which is not only large
in amount but also available for every language,
we implement the recently proposed Unsupervised
Machine Translation (UMT) (Artetxe et al., 2018b;
Lample et al., 2018a; Yang et al., 2018; Lample

Figure 1: The NLU-oriented fine-tuning of our base-
line model. MLM means multilingual language model.

et al., 2018b; Liu et al., 2020) technique in the MT-
oriented pre-training of TALL.
To verify the effectiveness of TALL, we carry out a
series of experiments to compare the CLTL perfor-
mance of TALL with that of the baseline model. In
these experiments, we address not only CLTL tasks
between similar languages but also those between
distant languages. For each given CLTL task, we
separately use two popular pre-trained multilingual
language models for model construction. To imple-
ment UMT, we collect unannotated sentences from
Wikipedia dumps. To conduct CLTL, we separately
collect annotated sentences from two multilingual
NLU datasets. The experimental results show that
the application of UMT enables TALL to consis-
tently achieve better CLTL performance than the
baseline model without using more annotated data,
and the performance gain is relatively prominent in
the case of distant languages.

2 Translation Aided Language Learner

2.1 Task Definition

NLU is a combo of slot filling and intent classifi-
cation. Given a sentence x consisting of m words
{w1, . . . , wm}, slot filling is to predict a slot label
yσi for each word wi, and intent classification is to
predict an intent label yι for x. In this paper, NLU
models are required to be trained under a zero-shot
CLTL scenario, where annotated sentences in the
given source language are used for model optimiza-
tion, while those in the given target language are
used for model evaluation.

2.2 Baseline Model

A transformer (Vaswani et al., 2017) is a sequence-
to-sequence model consisting of an encoder and a
decoder. A main feature of transformers is that they
use multi-head self-attention and multi-head cross-
attention to model dependencies in sequential data.
These attention mechanisms enable transformers
to extract long-term contextual clues from text. As
a result, transformers have been intensively used in
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transfer learning to develop pre-trained language
models, which generate contextualized word em-
beddings. For example, some pre-trained language
models, such as BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019), are implemented as
transformer encoders, and some other ones, such
as the GPT family (Radford et al., 2018, 2019), are
implemented as transformer decoders.
As a sub-field of transfer learning, CLTL has wit-
nessed the wide application of transformers in de-
veloping pre-trained multilingual language models.
Most of the existing pre-trained multilingual lan-
guage models, such as M-BERT, XLM (Conneau
and Lample, 2019), and XLM-RoBERTa (XLM-R)
(Conneau et al., 2020), are implemented as trans-
former encoders. Actually, these pre-trained multi-
lingual language models are the multilingual vari-
ants of BERT and RoBERTa, since each of them is
identical to either BERT or RoBERTa except being
pre-trained on a multilingual corpus. The represen-
tation space learned through this pre-training is not
only rich in contextual clues but also shared by all
the involved languages. Therefore, in theory, each
of these pre-trained multilingual language models
can be simply fine-tuned to address any CLTL task
between its involved languages.
The pre-trained multilingual language models men-
tioned above are now recognized as the state of the
art in CLTL. To push the state of the art, we adopt
one of them as our baseline model, and fine-tune
it as an NLU model to conduct CLTL. As shown
in Figure 1, in this NLU-oriented fine-tuning, we
feed each given sentence to the baseline model, and
feed the final hidden states of the baseline model
to an NLU predictor. Since the baseline model is
fitted with a sub-word tokenizer, a given sentence x
consisting of m words {w1, . . . , wm} is tokenized
into n tokens (n > m) such that the baseline model
generates n final hidden states {h1, . . . , hn}. For
slot filling, the NLU predictor first performs an av-
erage pooling on the final hidden states related to
each word wi, and then uses a dense layer with a
softmax normalization to map the pooling result to
a slot distribution for wi:

p(yσi | x) = softmax
(
W σfa(hki , . . . , hli) + bσ

)

where W σ is a trainable weight, bσ is a trainable
bias, ki and li separately represent the start position
and end position of the final hidden states related to
wi, and fa(·) represents average pooling. For intent
classification, the NLU predictor first performs an

average pooling on all the final hidden states, and
then uses another dense layer with another softmax
normalization to map the pooling result to an intent
distribution for x:

p(yι | x) = softmax
(
W ιfa(h1, . . . , hn) + bι

)

where W ι is a trainable weight, and bι is a train-
able bias. On this basis, for model optimization, we
minimize the following joint loss through stochas-
tic gradient descent on annotated sentences in the
given source language:

Lnlu = −log
( m∏

i=1

p(yσi | x) · p(yι | x)
)

For model evaluation, we infer the baseline model
on annotated sentences in the given target language
to measure three evaluation metrics, namely Slot
F1, Intent Accuracy, and Semantic Accuracy (i.e.
sentence-level joint accuracy).

2.3 Proposed Model

Since the baseline model is pre-trained on a multi-
lingual corpus, all its involved languages are cor-
related with each other in its representation space.
Normally, the larger such correlation between lan-
guages, the easier it is to conduct CLTL. To equally
treat all possible CLTL tasks, the multilingual cor-
pus used in the pre-training of the baseline model
is collected in a subtle way that is not obviously bi-
ased to any language. However, there are two side
effects of doing so. On the one hand, instead of fo-
cusing on a specific CLTL task, the baseline model
pays equal attention to all possible CLTL tasks. On
the other hand, in the representation space of the
baseline model, the correlation between languages
is proportional to their linguistic similarity, or in
other words, similar languages are still similar to
each other, and distant languages are still distant
from each other. This implies that the CLTL ability
of the baseline model can be pertinently improved
for each given CLTL task, and the room for im-
provement is relatively large when the CLTL task
is between distant languages.
To pertinently improve the CLTL ability of the base-
line model for each given CLTL task, we would
like to transform its representation space, which
is used for all possible CLTL tasks, into a special-
ized one, where the correlation between the given
source-target language pair is expressly enhanced.
This goal can be achieved by resorting to MT, since
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Figure 2: The MT-oriented pre-training and NLU-oriented fine-tuning of our proposed Translation Aided Lan-
guage Learner (TALL).

translation is the most direct way to correlate lan-
guages with each other. As shown in Figure 2, for
MT to be workable, we treat the baseline model as
an encoder and append a decoder to it. Considering
that the encoder is implemented as a transformer en-
coder, we implement the decoder as a transformer
decoder to keep the model architecture consistent.
Besides, as in Vaswani et al. (2017), we also share
the token embeddings between the encoder and
the decoder. The resulting new model can be seen
as a standard transformer, where the encoder is a
pre-trained multilingual language model. We ex-
pect this model to learn the correlation between
the given source-target language pair by addressing
a two-way MT task, and thus name it Translation
Aided Language Learner (TALL).
Before conducting CLTL with TALL, we need to
pre-train it as a two-way MT model that translates
between the given source-target language pair. As
shown in Figure 2, in this MT-oriented pre-training,
we feed each given sentence to the encoder, feed a
prompt for the translated sentence to the decoder,
and feed the final hidden states of the decoder to a
token predictor. Given a sentence x and a prompt
x′ for the translated sentence, suppose the decoder
generates a final hidden state h′i for the i-th token
in x′, then h′i can be seen as a memory of both x
and the first i tokens in x′. The token predictor uses
a dense layer with a softmax normalization to map
this memory to a token distribution for the position
i in the translated sentence:

p(yτi | x, x′) = softmax(W τh′i + bτ )

where W τ is a trainable weight tied to the token
embeddings, and bτ is a trainable bias. Since two-
way MT requires the translated sentence to be in
either the source language or the target language,
which depends on the current direction, we extend
the token vocabulary with two language identifiers,
which separately represent the two languages, and
thereby inform the decoder about the currently re-
quired language by setting the first token of x′ to
the corresponding language identifier. By the way,
since the token vocabulary is highly multilingual,
most probabilities in the above token distribution
are for the tokens beyond the given source-target
language pair and thus make no sense. Therefore,
we ignore these probabilities when inferring TALL
to generate translated sentences.
By convention, the training of MT models is super-
vised and thus requires parallel corpora. However,
parallel corpora are generally expensive to collect,
which makes them scarce or even unavailable for
many source-target language pairs. Since TALL is
designed to be a general-purpose CLTL model, a
supervised training on parallel corpora is not ap-
plicable to its MT-oriented pre-training. Recently,
an unsupervised training technique for MT models,
which is named Unsupervised Machine Translation
(UMT), has been proposed. Instead of relying on
parallel corpora, UMT relies on monolingual cor-
pora of unannotated sentences. This is attractive to
us, since a large amount of unannotated sentences
are always available for every language. Therefore,
we implement the UMT training recipe proposed
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by Lample et al. (2018b) in the MT-oriented pre-
training of TALL. Specifically, for model optimiza-
tion, we collect a source-language corpus S and a
target-language corpus T , each of which is a set of
unannotated sentences. On this basis, we measure
the following two losses:

• Denoising auto-encoding loss. As in Lample
et al. (2018a), we implement a noise injector
fn(·), which injects noise to each given sen-
tence by randomly dropping and swapping its
tokens. For each source-language sentence
s ∈ S, we first run the noise injector to ob-
tain a noise-injected sentence fn(s), which can
be seen as a sentence in a different language,
and then use TALL to translate fn(s) to the
source language, the expected result of which
is s. Besides, we also perform this process
on each target-language sentence t ∈ T . This
is the so-called “denoising auto-encoding”,
whose loss is defined as the cross-entropy loss
on recovering the original sentences from the
noise-injected sentences:

Ldae =Es∈S
[
−log p

(
s | fn(s)

)]
+

Et∈T
[
−log p

(
t | fn(t)

)]

• Back-translation loss. Let us use fm(·) to
represent the inference of TALL, which trans-
lates each given sentence to its opposite lan-
guage in the given source-target language pair.
For each source-language sentence s ∈ S, we
first infer TALL to obtain a TALL-translated
sentence fm(s), which is in the target lan-
guage, and then use TALL to translate fm(s)
to the source language, the expected result of
which is s. Besides, we also perform this pro-
cess on each target-language sentence t ∈ T .
This is the so-called “back-translation”, whose
loss is defined as the cross-entropy loss on
recovering the original sentences from the
TALL-translated sentences:

Lbt =Es∈S
[
−log p

(
s | fm(s)

)]
+

Et∈T
[
−log p

(
t | fm(t)

)]

We sum up the above two losses to obtain a joint
loss, and thereby minimize the joint loss through
stochastic gradient descent. For model evaluation,
we collect another source-language corpus and an-
other target-language corpus, each of which is also
a set of unannotated sentences. On this basis, we

implement the round-trip translation trick proposed
by Lample et al. (2018a), where we first translate
each given sentence to its opposite language in the
current source-target language pair, and then trans-
late the resulting sentence to the original language.
By inferring TALL, we perform this process on all
the sentences in the above two corpora to obtain
two reconstructed corpora. Thereby, we measure
the BLEU score between the two original corpora
and the two reconstructed corpora to evaluate the
translation performance of TALL.
The above MT-oriented pre-training guarantees that
TALL can learn a representation space, where the
given source-target language pair are expressly cor-
related with each other. As a result, it will be easier
to conduct CLTL with the pre-trained TALL than
with the baseline model. This is especially the case
when the given source-target language pair are dis-
tant from each other, since translating between dis-
tant languages reveals more knowledge than trans-
lating between similar languages. However, con-
sidering that the representation space of TALL is
co-carried by the encoder and the decoder, we have
to fine-tune them together as an NLU model when
we conduct CLTL with the pre-trained TALL. To
this end, we implement the fine-tuning approach
of BART (Lewis et al., 2020) in the NLU-oriented
fine-tuning of TALL. Specifically, as shown in Fig-
ure 2, we feed each given sentence to the encoder,
feed this sentence again as a prompt to the decoder
with the corresponding language identifier prefixed
to it, and feed the final hidden states of the decoder
except the last one to the NLU predictor. On this
basis, both the model optimization and the model
evaluation remain the same as in the NLU-oriented
fine-tuning of the baseline model.

3 Related Works

Cross-lingual word embeddings. A traditional
way to conduct CLTL is to leverage cross-lingual
word embeddings, which are usually learned in an
unsupervised manner. For example, Zhang et al.
(2017) formulate the learning of cross-lingual word
embeddings as an adversarial game, and explore
several adversarial training methods to implement
it. Conneau et al. (2017) first use adversarial train-
ing to learn a linear mapping from the word em-
beddings of a source language to those of a target
language, and then use a Procrustes solution to
refine it. Artetxe et al. (2018a) first use an unsu-
pervised initialization scheme to create an initial
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mapping, and then use a self-learning procedure to
iteratively improve it. Chen et al. (2018) propose a
language-adversarial training method, and use it to
address cross-lingual sentiment classification. Be-
sides, there are also several studies on multilingual
word embeddings. For example, Chen and Cardie
(2018) propose an unsupervised approach to learn-
ing multilingual word embeddings, which directly
exploits the relations between all the involved lan-
guages. On this basis, Chen et al. (2019) propose
a multi-source CLTL model, which not only uses
adversarial training to learn language-invariant fea-
tures, but also uses a mixture-of-experts method to
dynamically exploit the similarity between a target
language and multiple source languages.
Pre-trained multilingual language models. The
currently dominant way to conduct CLTL is to
fine-tune pre-trained multilingual language mod-
els, which are multilingual variants of pre-trained
language models, and are each pre-trained on a
multilingual corpus. For example, Mulcaire et al.
(2019) propose Rosita as a multilingual variant of
ELMo, and pre-train it on a multilingual corpus
covering 3 languages. Devlin et al. (2019) pro-
pose M-BERT as a multilingual variant of BERT,
and pre-train it on a multilingual corpus covering
104 languages. Conneau and Lample (2019) pro-
pose XLM as a multilingual variant of BERT, and
pre-train it on a multilingual corpus covering 15
languages. Conneau et al. (2020) propose XLM-R
as a multilingual variant of RoBERTa, and pre-train
it on a multilingual corpus covering 100 languages.
Besides, there are also several empirical studies on
M-BERT. For example, Pires et al. (2019) carry
out a large number of probing experiments to ver-
ify and interpret the zero-shot CLTL performance
of M-BERT. Wu and Dredze (2019) explore the
zero-shot CLTL potential of M-BERT on 5 down-
stream tasks covering 39 languages. Karthikeyan
et al. (2020) provide a comprehensive study on the
contribution of each component of M-BERT to its
CLTL ability, which focuses on the impact of lin-
guistic properties of the languages, the architecture
of the model, and the learning objectives.
UMT technique. The UMT technique is aimed at
reducing the reliance of MT models on parallel cor-
pora. For example, Artetxe et al. (2018b) construct
an MT model consisting of a language-invariant
encoder and two language-specific decoders, and
train it on a non-parallel corpus through denois-
ing auto-encoding and back-translation. Lample

et al. (2018a) construct an MT model consisting
of a language-invariant pair of encoder and de-
coder, and train it on a non-parallel corpus not
only through denoising auto-encoding and back-
translation but also through adversarial training.
Yang et al. (2018) construct an MT model consist-
ing of two pairs of encoder and decoder, which par-
tially share their parameters, and train it on a non-
parallel corpus not only through denoising auto-
encoding and back-translation but also through ad-
versarial training. Lample et al. (2018b) propose a
simple but effective approach based on the above
works, where the constructed MT model only con-
sists of a language-invariant pair of encoder and
decoder, and its training on a non-parallel corpus
only requires denoising auto-encoding and back-
translation. Liu et al. (2020) first pre-train BART
on a non-parallel multilingual corpus through de-
noising auto-encoding, and then fine-tune the pre-
trained BART for downstream MT tasks.

4 Verification Experiments

4.1 Experimental Settings

CLTL tasks. For generality, we address not only
CLTL tasks between distant languages but also
those between similar languages. Specifically, we
separately conduct CLTL between three source-
target language pairs, which include two distant lan-
guage pairs, namely English-Japanese and German-
Japanese, and one similar language pair, namely
English-German.
Pre-trained multilingual language models. For
compatibility, we use different pre-trained multi-
lingual language models for model construction.
Specifically, for each given CLTL task, we sepa-
rately use two popular pre-trained multilingual lan-
guage models, namely M-BERT (base and cased)
and XLM-R (base), to construct both the baseline
model and TALL.
Training data. For practicality, we adopt large-
scale corpora and real-world datasets as training
data. Specifically, to implement UMT, we collect
a source-language corpus of 1M unannotated sen-
tences and a target-language corpus of 1M unanno-
tated sentences from Wikipedia dumps for model
optimization, and also collect a source-language
corpus of 10K unannotated sentences and a target-
language corpus of 10K unannotated sentences
from Wikipedia dumps for model evaluation. To
conduct CLTL, we collect annotated sentences in
real-world domains from two multilingual NLU
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CLTL
Task

Pre-trained
MLM

BLEU
Score

Slot
F1

Intent
Accuracy

Semantic
Accuracy

BSL TALL Gain BSL TALL Gain BSL TALL Gain
EN-JA

(distant)
M-BERT 41.19 56.78 60.87 7.20% 80.37 83.21 3.53% 14.56 16.39 12.57%
XLM-R 39.83 58.21 63.19 8.56% 81.19 83.92 3.36% 16.58 18.47 11.40%

DE-JA
(distant)

M-BERT 38.54 51.28 54.56 6.40% 79.08 81.54 3.11% 11.71 13.24 13.07%
XLM-R 35.11 50.36 53.68 6.59% 78.43 81.12 3.43% 12.76 14.61 14.50%

EN-DE
(similar)

M-BERT 71.21 70.42 72.39 2.80% 89.39 91.16 1.98% 36.53 38.64 5.78%
XLM-R 72.91 75.29 77.14 2.46% 92.82 94.33 1.63% 44.86 47.25 5.33%

Table 1: The translation performance of TALL on Wikipedia and the CLTL performance of both the baseline
model and TALL on MultiATIS++. EN means English. JA means Japanese. DE means German. BSL means the
baseline model. Gain means the CLTL performance gain of TALL over the baseline model. The gain numbers are
in percentage and calculated as (TALL− BSL)÷ BSL.

CLTL
Task

Pre-trained
MLM

Slot
F1

Gain

Intent
Accuracy

Gain

Semantic
Accuracy

Gain
EN-JA

(distant)
M-BERT 53.61% 36.75% 59.45%
XLM-R 50.96% 31.60% 71.86%

DE-JA
(distant)

M-BERT 47.75% 31.46% 55.55%
XLM-R 58.49% 34.45% 69.19%

EN-DE
(similar)

M-BERT 10.42% 9.69% 18.00%
XLM-R 12.75% 7.81% 23.87%

Table 2: The CLTL performance gain of TALL over the
baseline model on the multi-domain multilingual NLU
dataset.

datasets. The first multilingual NLU dataset is
MultiATIS++ (Xu et al., 2020), which is an exten-
sion to Multilingual ATIS (Upadhyay et al., 2018).
It provides 5K annotated sentences for each lan-
guage, which are all in the domain of airline travel.
The second multilingual NLU dataset is a multi-
domain dataset collected from a virtual assistant.
It provides 100K annotated sentences for each lan-
guage, which are evenly distributed in five domains,
namely music, notifications, smart home, weather,
and books. By the way, in the above two multilin-
gual NLU datasets, each word is annotated with a
slot label in the B-I-O format, and each sentence is
annotated with an intent label.

4.2 Implementation details.
We use WikiExtractor (Attardi, 2015) to extract
paragraphs from Wikipedia dumps, use Stanza (Qi
et al., 2020) to split paragraphs into sentences, use
HuggingFace’s Transformers (Wolf et al., 2019) to
tokenize sentences into tokens and load pre-trained
multilingual language models, and use PyTorch
(Paszke et al., 2019) to implement both the base-
line model and TALL. For model optimization, we
apply an AdamW optimizer (Loshchilov and Hut-
ter, 2019) with an initial learning rate of 0.0001,

a weight decay factor of 0.01, and a batch size of
64 in the MT-oriented pre-training of TALL, and
apply another AdamW optimizer with an initial
learning rate of 0.00005, a weight decay factor of
0.01, and a batch size of 256 in the NLU-oriented
fine-tuning of both the baseline model and TALL.
After each epoch, we evaluate the validation per-
formance, which refers to BLEU score in the MT-
oriented pre-training of TALL and Semantic Ac-
curacy in the NLU-oriented fine-tuning of both
the baseline model and TALL. If the obtained per-
formance number is improved, we save the model,
otherwise we cancel the finished epoch by restoring
the model to the last saved version. We decay the
learning rate by 0.5 after each cancelled epoch, and
terminate the model optimization after the 5th can-
celled epoch. For model evaluation, we use NLTK
(Loper and Bird, 2004) to measure BLEU score,
and use the evaluation script for the CoNLL-2000
shared task to measure Slot F1.

4.3 Experimental Results

As shown in Table 1, we carry out a series of experi-
ments on the unannotated sentences collected from
Wikipedia and the annotated sentences collected
from MultiATIS++. Each of these experiments is
aimed at a different combination of CLTL task and
pre-trained multilingual language model, and in-
cludes the corresponding MT-oriented pre-training
of TALL and the corresponding NLU-oriented fine-
tuning of both the baseline model and TALL. On
this basis, we first evaluate the translation perfor-
mance of TALL in its MT-oriented pre-training,
then evaluate the CLTL performance of both the
baseline model and TALL in their NLU-oriented
fine-tuning, and finally calculate the CLTL per-
formance gain of TALL over the baseline model
in percentage. Besides, as shown in Table 2, we
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also repeat the NLU-oriented fine-tuning of both
the baseline model and TALL on the annotated
sentences collected from the multi-domain multi-
lingual NLU dataset, and thereby obtain another
CLTL performance gain of TALL over the baseline
model. The experimental results show that due to
the application of UMT in the MT-oriented pre-
training, TALL consistently achieves better CLTL
performance than the baseline model in the NLU-
oriented fine-tuning without using more annotated
data, and the performance gain is relatively promi-
nent in the case of distant languages.

4.4 Ablation Study

Denoising auto-encoding. In the MT-oriented pre-
training of TALL, we try to discard the denoising
auto-encoding loss and only minimize the back-
translation loss in the UMT training. As a result, we
observe that TALL achieves a very poor translation
performance and a very poor CLTL performance.
This implies that TALL learns little cross-lingual
knowledge through the UMT training without de-
noising auto-encoding.
Back-translation. In the MT-oriented pre-training
of TALL, we also try to discard the back-
translation loss and only minimize the denoising
auto-encoding loss in the UMT training. As a re-
sult, we observe that TALL achieves an almost per-
fect translation performance but a very poor CLTL
performance. This is because the UMT training
without back-translation makes TALL a copying
model instead of an MT model, and a copying
model can work perfectly in the model evaluation
based on round-trip translation.
BART-style fine-tuning. In the NLU-oriented
fine-tuning of TALL, instead of following the fine-
tuning approach of BART, we try to discard the
decoder and only fine-tune the encoder following
the way we fine-tune the baseline model. As a re-
sult, we observe a very poor CLTL performance.
This implies that the decoder of TALL is necessary
for its NLU-oriented fine-tuning.

5 Further Discussion

Is a startup supervision necessary for the back-
translation? In several existing UMT training
recipes, the back-translation is supervised during
its startup stage, where the supervision is provided
by replacing the inference of TALL with a bilin-
gual dictionary (Lample et al., 2018a; Artetxe et al.,
2018b). This startup supervision is aimed at initial-

izing a shared representation space for the given
source-target language pair. However, since the
encoder of TALL is a pre-trained multilingual lan-
guage model, TALL already possesses a properly
initialized representation space, which is shared by
all the involved languages, and thus does not need
a startup supervision. Actually, we tried to use a
parallel corpus generated by a naive MT model to
provide a startup supervision, which is equivalent
to using a bilingual dictionary, but did not observe
any translation performance gain.
How does the UMT training affect the CLTL
performance? The UMT training uses the denois-
ing auto-encoding and the back-translation to en-
hance the correlation between the given source-
target language pair in the representation space of
TALL. Since the encoder of TALL is a pre-trained
multilingual language model, the representation
space of TALL can be seen as an extension to that
of the pre-trained multilingual language model. In
the representation space of the pre-trained multilin-
gual language model, similar languages have been
more correlated with each other than distant lan-
guages. That is to say, in the representation space
of TALL, there is more potential to enhanced the
correlation between distant languages than between
similar languages. As a result, although the CLTL
performance between similar languages is better
than that between distant languages, the CLTL per-
formance gain between distant languages is larger
than that between similar languages.

6 Conclusion

The contribution of this paper is three-fold. First of
all, we construct a novel CLTL model TALL based
on a pre-trained multilingual language model. In
the next place, we train TALL to conduct CLTL
through an MT-oriented pre-training and an NLU-
oriented fine-tuning. Last but not least, we im-
plement UMT in the MT-oriented pre-training of
TALL to make use of unannotated data. Com-
pared with the baseline model, which is the pre-
trained multilingual language model used to con-
struct TALL, TALL consistently achieves better
CLTL performance without using more annotated
data, and the performance gain is relatively promi-
nent in the case of distant languages. In the future,
we will collect unannotated corpora that are linguis-
tically compatible with the downstream NLU tasks
for the UMT training, which we believe can further
boost the CLTL performance of TALL.
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Abstract

Because sign language is a visual language,
the translation of it into spoken language is
typically performed through an intermediate
representation called gloss notation. In sign
language, function words, such as particles
and determiners, are not explicitly expressed,
and there is little or no concept of morpho-
logical inflection in sign language. Therefore,
gloss notation does not include such linguis-
tic constructs. Because of these factors, we
argue that sign language translation is effec-
tively processed by taking advantage of the
similarities and differences between sign lan-
guage and its spoken counterpart. We thus
propose a pipeline translation method that
clearly focuses on the difference between spo-
ken Japanese and signed Japanese written in
gloss notation. Specifically, our method first
uses statistical machine translation (SMT) to
map glosses to corresponding spoken language
words. We then use three transformer-based
seq2seq models trained using a large out-of-
domain monolingual Japanese corpus to com-
plement postpositional particles and estimate
conjugations for the verbs, adjectives, and aux-
iliary verbs in the first translation. We ap-
ply the seq2seq models in sequence until the
translation converges. Our experimental re-
sults show that the proposed method performs
robustly on the low-resource corpus and is
+4.4/+4.9 points above the SMT baseline for
BLEU-3/4.

1 Introduction

It is essential to build a social infrastructure
for hearing-impaired and hearing communities
to share sufficient information so that they can
quickly obtain information necessary for daily life
and disasters and lead a safe and secure life. Sign
language used in deaf communities has differ-
ent vocabulary and grammar from spoken lan-
guage. There are two variations of sign language

in Japan (Chonan, 2001): (1) Japanese Sign Lan-
guage (JSL) and (2) Manually Coded Japanese
(MCJ). JSL is often used by early signers, and
syntax, such as word order and language struc-
ture, is different from spoken Japanese. By con-
trast, the syntax of MCJ is similar to that of spo-
ken Japanese in terms of word order. It is used
by late signers or acquired hearing-impaired peo-
ple. However, the two variations are said to be
used interchangeably and there is no clear bound-
ary between them. In this work, we consider an
intermediate between JSL and MCJ, and denote it
Signed Japanese (SJ) in the following discussion.

Translation from sign language to spoken lan-
guage is typically performed in two steps. First,
consecutive signs are recognized from a video sig-
nal and transformed into an intermediate represen-
tation called a gloss, then the gloss is translated
into a sentence in spoken language. Current state-
of-the-art sign language recognition and transla-
tion methods (Camgöz et al. 2020; Yin and Read
2020) require a large amount of data and pay lit-
tle attention to differences between sign language
and the corresponding spoken language. There-
fore, the success of these approaches relies heav-
ily on large paired corpora, and resource-poor sign
language studies, including SJ, cannot take ad-
vantage of such approaches. In sign language,
function words, such as pre-positional or post-
positional particles and determiners, do not tend to
be explicitly signed, and inflectional morphemes
associated with verbal predicates that express cat-
egories, such as tense, mood, and aspect, are not
manually signed, in general. For example, in SJ,
post-positional particles ‘助詞’ are generally not
explicitly signed, and the signs associated with
verbal predicates are not conjugated, whereas in
Japanese, verbs, adjectives, and auxiliary verbs are
conjugated. Therefore, the gloss does not include
such language constructs.
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Although gloss notation is commonly used by
writing a series of spoken words that correspond
to each sign in capital letters, because of the lack
of sign language resources, its quality and size dif-
fer greatly according to the language (Bungeroth
et al., 2008). SJ signs are heavily polysemous and
their meaning is often context sensitive. Addition-
ally, there is no publicly available corpus for SJ
translation studies. Therefore, in this study, we
use an in-house corpus that uses our gloss notation
method. The details of the corpus and its notation
are described in Section 2.

To solve challenging problems, we propose a
novel pipeline method to translate from SJ written
in gloss to Japanese. In particular, we focus on the
linguistic differences between SJ and Japanese and
estimate the post-positional particles that are miss-
ing and the appropriate forms of morphological in-
flection of words. Our method assumes that the
ground truth gloss of the signed sentence is avail-
able. This assumption does not limit the availabil-
ity of the above two-step sign language translation
method. Our method first uses phrase-based statis-
tical machine translation to match the SJ gloss to
Japanese words. Then we refine the results fur-
ther using transformer-based seq2seq (Sutskever
et al., 2014) models, which are trained using a
large out-of-domain parallel corpus. Specifically,
we use three different seq2seq models (1) to com-
plement the post-positional particles, (2) to apply
morphological inflection by conjugating verbs, ad-
jectives, and auxiliary verbs, and (3) to re-estimate
the post-positional particles over the previous out-
put. We repeatedly apply these models sequen-
tially and adjust the translation results until they
converge.

The proposed method works robustly, even for
small training datasets, which are typically of the
order of thousands of pairs in a dataset, and the
results show that the state-of-the-art method is in-
ferior to the SMT baseline with the low-resource
setting. We found that iterative updates of trans-
lations are effective for improving the grammati-
cality and fluency of the translation output. Our
experimental results show that the proposed model
provides +4.4/+4.9 higher translation performance
for BLEU3/BLEU4 scores compared with the
SMT baseline.

2 Materials

We use two corpora: one is a small in-house SJ and
Japanese parallel corpus, and the other is a large
out-of-domain Japanese monolingual corpus. We
describe the details of each corpus as follows.

2.1 SJ and Japanese parallel corpus

The locally organized in-house parallel corpus
contains 1,086 sentence pairs with >7.5K glosses
from a vocabulary of 655 words, and >11K
Japanese words from a vocabulary of >1.2K
words. The average length of a gloss sentence is
6.9 words, with a maximum length of 12 words
and minimum length of 2 words, and the aver-
age length of a Japanese sentence is 10.3 words,
with a maximum length of 21 words and mini-
mum length of 5 words. The corpus consists of
the ground truth gloss transcriptions of signs and
their translations to Japanese sentences. The sen-
tences are various spontaneous conversations that
seemingly took place at municipal offices, such
as asking for a certified copy of the resident reg-
ister, pension, and unemployment insurance. In
the corpus, a gloss word is written in the form
gN , where N corresponds to an arbitrary unique
number. We adopt this notation instead of using
Japanese words because glosses in SJ are heavily
polysemous and a sign maps to different Japanese
words depending on the context. Instead, we use
an auxiliary dictionary to map each gloss to spo-
ken words or phrases. This notation method also
helps the proposed method to select the appropri-
ate Japanese word or phrase within the phrase-
based statistical machine translation model that we
use in the study.

Because of the sparsity of the parallel corpus,
approximately 2.3% of the glosses are singletons,
so we add all gloss dictionary items as additional
parallel data to reduce OOV issues at test time.

2.2 Out-of-domain Japanese corpus

We use a subset of the Balanced Corpus of Con-
temporary Written Japanese 1 as an out-of-domain
Japanese corpus to manually generate pseudo par-
allel corpora. The details of the corpus genera-
tion procedure are described in Section 3. To se-
lect the subsets, we use pattern matching to se-
lect sentences that end in a pattern such as [∼
か？(question), ∼しました。(admit), ∼ほしいで

1https://pj.ninjal.ac.jp/corpus center/bccwj/en/
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G g208 g20 g28 g17 g496 g2 null

S−PP−C 年金 ついて 相談 する たい 。

S+PP−C 年金 の ついて 相談 する たい 。

S+PP+C 年金 に ついて 相談 し たい 。

S−PP+C 年金 ついて 相談 し たい 。

insert p.pos. particles (Initial estimate)

insert p.pos. particles (Correction)

lemmatization

remove
p.pos. particles

conjugationconjugation

Gloss Definition

g208 年,ため “year,for”
g20 費,お金,費用 “expense,money”
g28 だから,ついて “about,because”
g17 相談,会議 “ask,meeting”
g496 する,やる “do”
g2 したい,欲しい,好き “want,like”

(I would like to ask about pensions.)

Figure 1: Overall pipeline translation architecture from a gloss sequence G to a grammatical Japanese sequence
S+PP+C . The green and gray arrows indicate the translations by a statistical machine translation model and three
neural machine translation models, respectively. The table in the upper right corner shows an excerpt from the
gloss dictionary. (p.pos. = post-positional)

す。(ask), ∼います。(confirm), ∼します。(in-
tend), ∼希望する。(desire)]. These patterns were
chosen so that the selected sentences are similar
to the target Japanese in the paired corpus. The
monolingual corpus contains >195K sentences
with >3.9M Japanese words from a vocabulary of
>70K Japanese words.

3 Methodology

The overall proposed pipeline translation system is
shown in Fig. 1. G represents a gloss sequence and
S represents a Japanese sequence. We define two
subscripts for S, that is, PP , which denotes ‘post-
positional particle,’ and C, which denotes ‘conju-
gation,’ with the prefix + or − for each subscript,
which denotes the existence or non-existence, re-
spectively, of post-positional particles and conju-
gation. The definition of each term is provided in
Table 1.

post-positional particles conjugation

S−PP−C

S+PP−C ✓
S−PP+C ✓
S+PP+C ✓ ✓

Table 1: Definitions of terms for the variants of S

3.1 Translation method

The proposed pipeline translation consists of six
steps. Algorithm 1 shows the steps applied in se-
quence to gradually convert from G to S+PP+C ,

which is the final translation of this algorithm. The
details of each step are as follows:

Step 0: Translate G into S−PP−C

We use a phrase-based statistical machine transla-
tion (pbsmt) (Koehn et al., 2007) to translate G into
S−PP−C . In this step, we map each gloss phrase
to the appropriate Japanese phrases without con-
sidering the post-positional particles and conjuga-
tions of the output Japanese sequence.

Step 1: Translate S−PP−C into S+PP−C

We use a transformer-based seq2seq model
(Vaswani et al., 2017) (s2s m1) to translate
S−PP−C into S+PP−C . In this step, the
model estimates missing post-positional particles
in S−PP−C and inserts them to generate S+PP−C .

Step 2: Translate S+PP−C into S+PP+C

We use another transformer-based seq2seq model
(s2s m2) to translate S+PP−C into S+PP+C . In
this step, the model estimates the appropriate mor-
phological inflection or conjugated form for verbs,
adjectives, and auxiliary verbs in S+PP−C to gen-
erate S+PP+C .

Step 3: Convert S+PP+C to S−PP+C

In this step, we remove the previously estimated
post-positional particles in S+PP+C from Step 2
to generate S−PP+C .

Step 4: Translate S−PP+C into S+PP+C

We use the other transformer-based seq2seq model
(s2s m3) to translate S−PP+C into S+PP+C by

2023



re-estimating missing post-positional particles. In
Step 1, we estimated the post-positional particles
over a Japanese sequence in the canonical form
(S−PP−C); however, in the present step, we esti-
mate them over for the conjugated word sequence
(S−PP+C). We assume that this will correct the
previous estimation using the conjugated form of
the word sequence obtained in the previous steps.

Step 5: Convert S+PP+C to S+PP−C

In this step, we transform S+PP+C to S+PP−C

by converting words in S+PP+C to their canoni-
cal form. Steps 3, 4, 5, and 2 are repeated until

Algorithm 1 Translation of a sign gloss sequence
into a Japanese sentence
Input: G
Output: S+PP+C

Step 0: G → S−PP−C

Step 1: S−PP−C → S+PP−C

Step 2: S+PP−C → S+PP+C

Sprev = ∅
Snext = S+PP+C

while Sprev ̸= Snext do
Sprev = Snext

Step 3: S+PP+C → S−PP+C

Step 4: S−PP+C → S+PP+C

Step 5: S+PP+C → S+PP−C

Step 2: S+PP−C → S+PP+C

Snext = S+PP+C

end while
return Snext

the translation output converges or the number of
iterations reaches the maximum limit (10).

4 Training

4.1 Statistical machine translation model in
Step 0

We use Moses (Koehn et al., 2007) to train the
phrase-based statistical machine translation model
to translate from G to S−PP−C in Step 0. To train
the model, we use the parallel corpus and pre-
process the target Japanese sequences by delet-
ing post-positional particles, and convert conju-
gated words, such as verbs, adjectives, and aux-
iliary verbs, to their canonical forms using MeCab
2.

Note that we leave any post-positional particles
untouched if gloss words corresponding to them
exist. For example, the Japanese wordか ka which
is a post-positional particle bound to the end of an
interrogative sentence, has a corresponding gloss
word in SJ. The translation model is described by

2https://pypi.org/project/mecab-python3/

the following noisy-channel model to estimate the
best target Japanese word sentence s ∈ S−PP−C

for a source gloss sentence g ∈ G as

sbest = argmaxs p(g|s)pLM (s), (1)

where pLM (s) is a language model based on the
n-grams of S−PP−C . p(g|s) is decomposed into
a phrase-based formula using a phrase translation
table and phrase reordering model (Koehn et al.,
2007). For the language model, we use modified
3-gram Kneser–Ney smoothing.

4.2 Encoder-decoder translation models in
Steps 1, 2, and 4

For the seq2seq models used in Steps 1, 2, and 4 in
Section 3.1, we use a transformer-based encoder-
decoder model (Ott et al., 2019). For all models,
we use an encoder and decoder with an embed-
ding of size 512, FFN-embedding of size 2048,
and six layers with eight attention heads. We use
the Adam optimizer with label smoothing cross-
entropy loss with a smoothing factor of 0.1. We
set the initial learning rate to 5e-4 with a warmup
updates of 4,000 and use the inverse sqrt learning
rate scheduler. We set the maximum tokens in a
batch to 4K. We use tied embedding for the input
and output layers. We obtain the hyperparameters
from a non-exhaustive parameter search, and the
results are shown in Table 9 of the Appendix.

We randomly split the corpus into training, val-
idation, and test sets in an 8:1:1 ratio. For to-
kenization, we use byte pair encoding (Sennrich
et al., 2016), which is trained using the training
dataset. We set the number of operations to 10K
for each tokenization of the seq2seq models. For
the seq2seq model in Step 1, we pre-process the
out-of-domain monolingual corpus as follows:

• Source: preprocess Japanese sequences by
deleting post-positional particles and con-
verting all conjugated words, such as verbs,
adjectives, and auxiliary verbs, to their
canonical forms.

• Target: preprocess Japanese sequences by
leaving post-positional particles untouched
and converting all conjugated words, such as
verbs, adjectives, and auxiliary verbs, to their
canonical forms.

The pre-processed corpus becomes the pseudo-
parallel corpus to train the seq2seq model in Step
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1 to translate S−PP−C into S+PP−C . The train-
ing corpora of the other seq2seq models, that is,
s2s m2 in Step 2 and s2s m3 in Step 4, are sim-
ilarly preprocessed and independently trained us-
ing the pseudo-parallel corpus.

We observed that training the seq2seq model
in Step 2 took more than a few hundred epochs,
whereas training the seq2seq model in Steps 1 and
4 took less than 30 epochs. We used the models
with the lowest validation loss for the experiments.
The results on the test set demonstrated that the
BLEU4 scores were 74.20, 98.75, and 75.06 for
s2s m1, s2s m2, and s2s m3, respectively. This
indicates that post-positional particle estimation is
more uncertain compared with the estimation of
morphological inflection.

5 Experiments

To evaluate the proposed method, we conducted
100 experiments and for each test, we randomly
selected 10 samples from the parallel corpus for
testing and used the remaining samples to retrain
the statistical machine translation model in Step 0.
For each test, we finetuned the parameters of the
seq2seq model (s2s m1, s2s m2, s2s m3) by the
training data and we used a beam size of 5 for de-
coding of the models. We averaged the 100 results
to calculate the metrics of the performance.

We denote the proposed method in Section
3.1 by SMT+Iterative s2s and compared its per-
formance with the following baselines (naive,
LSTMs, and SMT), the variants of the proposed
method (SMT+1step s2s and SMT+2step s2s)
and the transformer-based end-to-end Gloss2Text
(G2T) model proposed by Yin and Read (2020).
The followings are the brief explanations of each
model.

• naive: This baseline replaces each gloss
word with a Japanese word using the gloss
dictionary. If more than one Japanese word
is defined for a gloss, the first word is used.

• LSTM: This baseline uses encoder-decoder
LSTM with an attention mechanism (Bah-
danau et al., 2015) to directly translate G into
S+PP+C . The model is trained using the par-
allel corpus without using the out-of-domain
corpus and is configured with several differ-
ent hyperparameter settings.

• SMT: This baseline uses only the statistical
machine translation model to directly trans-

late G into S+PP+C . This model is trained
using the parallel corpus and without using
the out-of-domain corpus.

• SMT+1step s2s: This model is a variant of
the proposed model which first executes Step
0 of Algorithm 1 to translate G into S−PP−C .
Then it uses another seq2seq model trained
using the out-of-domain corpus to directly
translate S−PP−C into S+PP+C . We com-
pared the performance of this model, which
jointly estimates post-positional particles and
conjugations, with the model that estimates
them separately using different models.

• SMT+2step s2s: This model is another vari-
ant of the proposed model which performs
Steps 0–2, but does not iteratively update the
translation result as it does in Algorithm 1.
We examined how the iterative updates of the
result with SMT+Iterative s2s contribute to
the performance compared with the model
without them.

For G2T, we changed the original hyperparame-
ters suggested by Yin and Read (2020) and found
that the following parameters were optimal us-
ing hyperparameter search on our parallel corpus.
Encoder and decoder: embed-size = 256, FFN-
embed-size = 1024, num-layer = 1, num-attention-
head = 4.

5.1 Results

Table 2 shows the results of the experiment. To
evaluate performance, we used the following met-
rics, BLEU-1/2/3/4 (Papineni et al., 2002), ME-
TEOR (Banerjee and Lavie, 2005), and word er-
ror rate (WER), and averaged the scores to ob-
tain the results. The results showed that the pro-
posed model (SMT+Iterative s2s) outperformed
the other models. The poor performance of
the naive model indicates that the simple lookup
method using the gloss dictionary did not produce
successful results. LSTMs with different hyper-
parameters varying in the dimensions of the em-
bedding and the hidden layers (256, 512, 1024)
and the number of layers (1, 2) show the baseline
performances to directly translate G into S+PP+C .
Among them, the LSTM with the dimensions of
the embedding and the hidden layers of 1024 and
the number of layers of 1 showed the best perfor-
mance. The best LSTM and the G2T were inferior
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embed hidden layers BLEU1 BLEU2 BLEU3 BLEU4 METEOR WER

naive 0.184 0.049 0.007 0.002 0.139 0.801

LSTM

256 256 1 0.628 0.538 0.453 0.365 0.623 0.419
512 512 1 0.692 0.608 0.527 0.442 0.688 0.349
1024 1024 1 0.717 0.634 0.552 0.467 0.714 0.320
256 256 2 0.448 0.314 0.222 0.154 0.408 0.616
512 512 2 0.558 0.440 0.325 0.225 0.530 0.502
1024 1024 2 0.590 0.466 0.332 0.209 0.556 0.466

G2T (Yin and Read, 2020) 0.695 0.640 0.592 0.535 0.708 0.305
SMT 0.788 0.724 0.663 0.599 0.800 0.233
SMT+1step s2s 0.810 0.752 0.697 0.638 0.830 0.301
SMT+2step s2s 0.811 0.756 0.701 0.642 0.829 0.245
SMT+Iterative s2s 0.817 0.762 0.707 0.648 0.833 0.216

Table 2: Performance evaluations of naive, LSTMs, G2T (Yin and Read, 2020), SMT, SMT+1step s2s,
SMT+2step s2s, and SMT+Iterative s2s on BLEU1/2/3/4↑ and METEOR↑, and word error rate (WER) ↓ by av-
eraging the scores from all experiments. The hyperparameters of LSTMs, the dimensions of the embedding and
hidden layers, and the number of layers, are specified in the columns of ‘embed’, ‘hidden’, and ‘layers’, respec-
tively. We use the same parameters for the encoder and the decoder of the LSTMs.

Model Step Source Target GS EP
pbsmt 0 G S−PP−C 38.0
s2s m1 1 S−PP−C S+PP−C 79.5 35.1
s2s m2 2 S+PP−C S+PP+C 99.2 35.1
s2s m3 4 S−PP+C S+PP+C 86.9 36.1

Table 3: Error propagation analysis of
SMT+Iterative s2s. The score is the exact match
for the correct ratio (%) (GS = gold standard, EP =
error propagation).

to the SMT because there were insufficient sam-
ples to train the neural models with large capacity.
All the pipeline models that combined the SMT
and seq2seq models outperformed the models that
directly translate G into S+PP+C . This clearly
demonstrates the effectiveness of the pipeline ap-
proach. Table 8 in Appendix illustrates the trans-
lation samples at each step of SMT+Iterative s2s.

We investigated whether adding the monolin-
gual Japanese corpus in 2.2 to train the target
language model improved the performance of the
SMT baseline. However, on the contrary, per-
formance was slightly degraded. We believe
that this was because of a domain mismatch be-
tween the corpora. The statistical significance
test results confirmed that the performance of
SMT+Iterative s2s was significantly better than
that of SMT, SMT+1step s2s, and SMT+2step s2s
(see Table 10 in the Appendix).

Table 3 shows the error propagation analysis of
SMT+Iterative s2s. The score was measured us-
ing the exact match by counting the outputs that
exactly matched the references at each step. Col-
umn ‘GS’ represents the gold standard score when
using the ground truth input, and column ‘EP’ rep-

resents the score when using the output from the
previous pipeline stage as the input propagating
the errors. Clearly, a large portion of the error
originated from Step 0 when translating G into
S−PP−C . The GS score of s2s m2 was much
higher than that of s2s m1 and s2s m3, which was
indicated by its higher BLEU score for the model
evaluation on the test set described in Section 4.
We verified that the EP score of s2s m3 was 2.8%
greater than that of s2s m2, thereby illustrating the
efficacy of the retrospective complement of post-
positional particles. Note that the EP score of
s2s m3 was measured by allowing the output of
s2s m2 in the EP to be set to the input and remov-
ing all post-positional particles.

Table 4 shows the frequency of iterative up-
date counts by SMT+Iterative s2s. Approximately
72% of the results converged at the first itera-
tion, and approximately 26% of the results con-
verged at the second iteration. Counts above 6
were achieved when the same phrase was repeat-
edly generated, which is a phenomenon known as
hallucination (Wang and Sennrich, 2020). If we
detected such an error, we removed the repeating
phrase to shorten the output.

5.2 Qualitative Evaluation

Table 5 shows the qualitative evaluations of the
results using the proposed model and the other
models with BLEU4, WER, and perplexity (PPL)
scores. PPL in the last column was measured
by the transformer-based language model that
was pretrained by using the 494M-word Japanese
Wikipedia.

2026



We observed that the results of SMT and G2T
had more post-positional particle selection er-
rors than the other pipeline models, and the re-
sults of SMT+1step s2s had more verb conju-
gation errors than SMT+2step s2s, which sug-
gest the efficacy of the independent estimation
of post-positional particles and conjugations. We
confirmed that the post-positional particle es-
timations using SMT+Iterative s2s were either
more natural or less error-prone than those using
SMT+2step s2s, which made the translation re-
sults more fluent.

Loop count Freq.

1 723 (72.3%)
2 258 (25.8%)
3 4 (0.4%)
4 6 (0.6%)
6 1 (0.1%)
7 2 (0.2%)
8 ≥ 6 (0.6%)

Table 4: Frequency of the iteration counts of Algo-
rithm 1 until the translation output converged using
SMT+Iterative s2s.

Table 6 shows the average perplexity scores of
the results of the SMT and pipeline models. While
the perplexities of the pipeline models were much
lower than that of SMT, the perplexity of the pro-
posed SMT+Iterative s2s was not the lowest. This
result suggests that word-based perplexity is not
suitable for evaluating equally acceptable transla-
tion outputs.

6 Discussion

In Table 5, most of the outputs using
SMT+2step s2s and SMT+Iterative s2s were
grammatically acceptable Japanese sentences
with slight differences in the post-positional
particle selections. As shown in the second
and third examples in Table 5, the PPL scores
of SMT+2step s2s were lower than those of
SMT+Iterative s2s, but the BLEU4 and WER
scores of SMT+Iterative s2s were better than that
of SMT+2step s2s, even though the meanings
of the sentences were almost the same. By
contrast, the sentences of SMT+2step s2s and
SMT+Iterative s2s in the first and last examples
had different meanings, even though the PPL,
BLEU4, and WER scores indicated that the
results of SMT+Iterative s2s were better than
those of SMT+2step s2s. However, depending on

the context, the results of SMT+2step s2s may be
more appropriate. The main cause of the ambigu-
ity issue is related to the information bottleneck
raised by Yin and Read (2020) regarding the gloss
notation of sign language. Currently, our parallel
corpus does not include any non-manual signals
(NMSs), such as facial expression, eye gaze,
mouth, and movement of the head and shoulders.
However, NMSs act as grammatical markings for
syntactic information (Valli et al. 2011; Koizumi
et al. 2002). NMSs are not expressed in sequence,
but simultaneously with manual signs, and their
subtleties make sign recognition and annotation
more difficult. Perhaps, this is one of the reasons
that most existing sign language corpora do not
or only contain partial NMS labels along with
glosses. As suggested by Yin and Read (2020),
the performance of G2T translation may not
impose an upper bound for sign-to-text translation
unless the gloss faithfully describes the signed
sentences. We are interested in investigating
whether incorporating visual features from signs
would improve the proposed G2T translation
method. Because of the limited space in this
paper, we leave this issue for future work.

Table 7 depicts examples of the translation er-
rors by SMT+Iterative s2s categorized into gloss
word translation error, post-positional particle ex-
change, and conjugation exchange. As shown in
Table 3, a large portion of the translation errors
originated from gloss word translations. These er-
rors mostly occurred because of the incorrect se-
lection of Japanese wording for gloss phrases. For
instance, the phrase被災地 hisaichi ‘disaster area’
in the reference of the 2nd example in Table 7,
which is expressed as a sequence of three glosses:
受ける ‘receive’,災害 ‘disaster’, and場所 ‘area’,
was translated into the un-grammatical phrase,受
けて災害場所 ukete saigaibasho. It is because the
correct mapping from glosses to compound nouns
cannot be learned by the phrase-based SMT unless
they appear in the training set. The second major
source of translation errors was the post-positional
particle exchanges. These errors possibly change
the semantic from the reference as indicated in the
5th example of Table 7, 図書館に本を寄贈する
方法 “how to donate books to librray” v.s. 図書
館の本を贈る方法 “how to give a book from the
library”. As we mentioned above, some of these
errors are difficult to handle because the system
output may be correct in another context. Trans-
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(1) Input G g467 g12 g77 BLEU4 WER PPL

Reference 私の子供を探します。
“I look for my child.” 82.8

naive 私子供探す 0 0.714 117731.4
G2T 私を探します。 0.474 0.286 119.7
SMT 私子供を探しています。 0 0.429 59.3
SMT+1step s2s 私子供探すます。 0 0.429 11715.6
STM+2step s2s 私も子供を探します。 0.643 0.143 129.6
SMT+Iterative s2s 私の子供を探します。 1 0 82.8
(2) Input G g19 g20 g87 g294 g20 g307 g202 g9 BLEU4 WER PPL

Reference 医療費の自己負担額は安くなりますか？
“Will my medical expense be cheaper?” 89.7

naive 医療お金自分負担お金安いなるか 0 0.75 56747.3
G2T 医療費の自己負担割合はなりますか？ 0.551 0.167 138.1
SMT 医療費の自己負担の安いになりますか？ 0.531 0.25 203.9
SMT+1step s2s 医療費自己負担費安いなるますか？ 0 0.417 1223.0
STM+2step s2s 医療費は自己負担費が安くなりますか？ 0.417 0.25 107.2
SMT+Iterative s2s 医療費の自己負担費は安くなりますか？ 0.735 0.083 112.4
(3) Input G g73 g475 g52 g19 g27 g151 g2 BLEU4 WER PPL

Reference 障害者向け医療支援を知りたい。
“I want to know medical support for disabilities.” 121.4

naive 障害者会う医療助成わかる欲しい 0 0.667 79281.5
G2T 障害者向け医療支援を知りたい。 1 0 121.4
SMT 障害者向け医療支援を知りたい。 1 0 121.4
SMT+1step s2s 障害者向け医療支援知るたい。 0.525 0.222 768.0
STM+2step s2s 障害者向けの医療支援を知りたい。 0.658 0.111 62.7
SMT+Iterative s2s 障害者向け医療支援を知りたい。 1 0 121.4
(4) Input G g258 g860 g24 g8 g33 g9 BLEU4 WER PPL

Reference 老人ホームの情報をいただけますか？
“Can you provide information about elderly housing with care ?” 155.8

naive 老人住宅情報いただくできるか 0 0.667 4571.7
G2T 老人ホームの情報はいただけますか？ 0.597 0.111 148.3
SMT 老人住宅への情報をいただけますか？ 0.661 0.222 320.7
SMT+1step s2s 老人ホーム情報いただけるますか？ 0 0.333 943.4
STM+2step s2s 老人ホームで情報をいただけますか？ 0.661 0.111 199.2
SMT+Iterative s2s 老人ホームの情報をいただけますか？ 1 0 155.8

Table 5: Sample translation results by naive, G2T, SMT, SMT+1step s2s, SMT+2step s2s, and proposed
SMT+Iterative s2s. All the results of SMT+Iterative s2s were when the iterative update converged in the sec-
ond loop. PPL represents perplexity.

Average perplexity

SMT 934.47
SMT+1step s2s 241.44
SMT+2step s2s 248.01
SMT+Iterative s2s 269.92

Table 6: Average perplexity of translations us-
ing SMT, SMT+1step s2s, SMT+1step s2s, and
SMT+Iterative s2s measured by the transformer-based
language model trained on the 494M-word Japanese
Wikipedia.

lation errors relating to the conjugation exchange
rarely occurred, and even if they did, the impacts
were minimal.

7 Related works

Camgöz et al. (2018) proposed end-to-end sign
language translation in the framework of neu-
ral machine translation, allowing them to jointly
learn the spatial sign representation, underlying

language model, and mapping between sign and
spoken language using PHOENIX-Weather 2014T
(Camgöz et al., 2018) corpus. Their later work
(Camgöz et al., 2020) further improved the model
by introducing a transformer-based architecture
that jointly learns sign language recognition and
translation while being trainable in an end-to-end
manner using connectionist temporal classifica-
tion loss to bind the recognition and translation
problems into a single unified architecture.

In a similar research line, Yin and Read (2020)
proposed the G2T model using a transformer-
based seq2seq model, and evaluated the perfor-
mance on PHOENIX-Weather 2014T (Camgöz
et al., 2018) and ASLG-PC12 (Othman and Jemni,
2012) in various ways by changing the numbers of
encoder-decoder layers and embedding schemes.
All the end-to-end state-of-the-art sign language
translation methods rely on large datasets and
cannot be used for resource-poor datasets. The
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Reference System Error type
どうすれば留学ができますか？
“How can I study abroad?” どのように留学できますか？ gloss word translation error

被災地のボランティアをしたいです。
“I would like to volunteer in the disaster area.’ 受けて災害場所をボランティアにしたいです。 gloss word translation error

災害に備えて何を備蓄していますか？
“What are you stockpiling in case of a disaster?” 災害に備えてどんな保存がありますか？ gloss word translation error

タクシー代は医療費控除できますか？
“Can taxi fare be deducted from medical expenses?” タクシー費や医療費控除はできますか？ post-positional particle exchange

図書館に本を寄贈する方法を教えてください。
“Please tell me how to donate books to the library.” 図書館の本を贈る方法を教えてください。 post-positional particle exchange

名字だけの印鑑登録できますか？
“Is it possible to register a seal with only the surname?” 姓だけ＿印鑑登録はできますか？ post-positional particle exchange

収入がない人でも保険料を払いますか？
“Do you pay insurance premiums even if you have no income?” 収入がない人は保険料を払うのですか？ post-positional particle exchange

何かいい情報はありますか？
Do you have any good information? 何がよく情報がありますか？ conjugation exchange

休日に子供を預けられるところはありますか？
“Is there a place where I can leave my child on holidays?” 休日に子供を預けたりできるところはありますか？ conjugation exchange

Table 7: Examples of the translation errors by SMT+Iterative s2s are categorized into gloss word translation error,
post-positional particle exchange, and conjugation exchange. We highlight the wrong words or phrases in bold.

pipeline method that we proposed is related to
the transfer learning method proposed by Mo-
cialov et al. (2018). They proposed transfer learn-
ing to improve British Sign Language modeling
at a gloss level by fine-tuning or layer substitu-
tion on neural network models pre-trained on the
Penn Treebank dataset. Although the purpose of
their work was not to translate sign language, their
work is similar to ours in that it takes advantage
of linguistic commonality between resource-poor
sign language and its spoken language. Our ap-
proach to converting non-grammatical sentences
into grammatical sentences is related to previous
work on grammatical error correction (Imamura
et al. 2012; Liu et al. 2018; Oyama et al. 2013).
They used insert or replace operations to correct
particle or morphological inflection errors in a
monolithic model, and we believe that the pro-
posed seq2seq-based iterative method using mul-
tiple models can be used for similar tasks.

8 Conclusion

We proposed a pipeline machine translation
method from SJ to Japanese by assuming that the
gloss of the sign is provided. We focused on gram-
matical differences between SJ and Japanese, par-
ticularly post-positional particles and morpholog-
ical inflections, and proposed a pipeline model
by cascading the phrase-based statistical machine
translation and three transformer-based seq2seq
models, which effectively addressed the resource-
poor issue of the sign language corpus. The
statistical machine translation model first maps
each gloss phrase to a Japanese phrase, then three
seq2seq models pre-trained using the monolingual
corpus transform the initial translation by comple-
menting post-positional particles, and apply con-

jugations for verbs, auxiliary verbs, and adjectives.
Translation is repeated until the output converges.
We confirmed that the proposed method outper-
formed the SMT baseline by +4.4/+4.9 points for
BLEU-3/4.
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Appendix

A Sample translations by SMT+Iterative s2s

Pipeline translation from G into S+PP+C

G g6 g847 g71 g64 g84 g9
S−PP−C 図書館どこあるますか？
S+PP−C 図書館はどこにあるますか？
S+PP+C 図書館はどこにありますか？

“Where is the library ?”

G g25 g26 g27 g470
S−PP−C 補聴器購入助成お願いするます。
S+PP−C 補聴器の購入の助成をお願いするます。
S+PP+C 補聴器の購入の助成をお願いします。

“Please subsidize the purchase of hearing aids.”

G g215 g555 g28 g181 g470
S−PP−C 入院手続きついて教えるくださる。
S+PP−C 入院の手続きについて教えるてくださる。
S+PP+C 入院の手続きについて教えてください。

“Please tell me about the procedure for hospitalization.”

Table 8: Examples of translation results at each pipeline step by SMT+Iterative s2s. The words in red are the
complemented post-positional particles and the words in blue are the conjugated words from the underlined lemmas
above. (See the gloss definitions in Table 11. )

B Hyper-parameters tuning results

encoder & decoder s2s m1 s2s m2 s2s m3

embed-dim ffn-embed-dim layers attention-heads BLEU4 BLEU4 BLEU4

512 2048 6 8 74.20 98.75 75.06
256 1024 3 4 73.99 96.84 74.88
128 512 2 2 70.75 98.26 71.58

64 256 1 1 56.33 94.84 61.70

Table 9: The results of hyperparameter tuning of the seq2seq models (s2s m1, s2s m2, and s2s m3) used in Steps
1, 2, and 4 of Algorithm 1, respectively. The values are BLEU4 scores of the test samples extracted from the
parallel corpus.

C Statistical significance test results

BLEU3 BLEU4

SMT SMT+1step s2s SMT+2step s2s SMT SMT+1step s2s SMT+2step s2s
SMT+1step s2s 1e-10** 4e-06**
SMT+2step s2s 1e-10** 0.164 1e-10** 0.177
SMT+Iterative s2s 1e-10** 0.003** 0.013* 1e-10** 0.018* 0.049*

Table 10: Non-parametric bootstrap test results of BLEU3 and BLEU4 for SMT, SMT+1step s2s, SMT+2step s2s,
and SMT+Iterative s2s. The values are the p-values. (‘*’ : p-value <0.05, ‘**’ : p-value <0.01)

D Snippets of gloss definitions
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g12 子供,児童 “child, children” g467 私 “I”
g151 知る,わかる “know” g470 お願い “ask, please”
g181 教わる “learn” g475 者,民 “man, people”
g19 医療 “medical” g52 向け,対象,対する “to, about”
g2 したい,欲しい,好き “want, like” g555 手続き “procedure”
g20 費,お金,費用 “expense, money” g6 本,手帳 “book, memo”
g202 なる “become” g64 場所 “place”
g24 情報 “information” g71 何,どの,どれ “what, which, what”
g25 補聴器 “hearing aid” g73 障害,壊す “disability, damage”
g258 老人 “old, elderly” g77 探す,観光,見学 “search, sightseeing”
g26 購入 “buy” g8 いただく,もらう “receive, have”
g27 助成,支援,補助 “support, assistance” g84 ある,です “be”
g28 だから,ので,ついて “because, about, in regard to” g847 建物 “building”
g294 負担 “charge” g860 住宅 “housing”
g307 安い “cheap” g87 自分 “self”
g33 できる,可能,よろしい “can, may” g9 か？,あなた “yes/no, you”

Table 11: Definitions of glosses used in Tables 5 and 8.
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Abstract
We present Language-mediated, Object-
centric Representation Learning (LORL), a
paradigm for learning disentangled, object-
centric scene representations from vision and
language. LORL builds upon recent advances
in unsupervised object discovery and segmen-
tation, notably MONet and Slot Attention.
While these algorithms learn an object-centric
representation just by reconstructing the input
image, LORL enables them to further learn
to associate the learned representations to
concepts, i.e., words for object categories,
properties, and spatial relationships, from
language input. These object-centric concepts
derived from language facilitate the learning
of object-centric representations. LORL
can be integrated with various unsuper-
vised object discovery algorithms that are
language-agnostic. Experiments show that the
integration of LORL consistently improves
the performance of unsupervised object
discovery methods on two datasets via the
help of language. We also show that concepts
learned by LORL, in conjunction with object
discovery methods, aid downstream tasks
such as referring expression comprehension.

1 Introduction

Cognitive studies show that human infants develop
object individuation skill from diverse sources of
information: spatial-temporal information, object
property information, and language (Xu, 1999,
2007; Westermann and Mareschal, 2014). Specifi-
cally, young infants develop object-based attention
that disentangles the motion and location of objects
from their visual appearance features. Later on,
they can leverage the knowledge acquired through
word learning to solve the problem of object indi-
viduation: words provide clues about object iden-
tity and type. The general picture from cognitive
science is that object perception and language co-
develop in support of one another (Bloom, 2002).
∗, †: indicates equal contribution

Input Image Segmentation I Segmentation II

Q: What is the black
object in the image?
A: Plate. ☓

Q: What is the black
object in the image?
A: Pan. ✓

Input Image Segmentation I Segmentation II

Q: How many legs
are visible?
A: 3. ☓

Q: How many legs
are visible?
A: 4. ✓

(b)

(a)

(PartNet)

(ShopVRB)

Figure 1: Two illustrative cases of Language-mediated,
Object-centric Representation Learning. Different col-
ors in the segmentation masks indicate individual ob-
jects recognized by the model. LORL can learn from vi-
sual and language inputs to associate various concepts:
black, pan, leg, with the visual appearance of individ-
ual objects. Furthermore, language provides cues about
how an input scene should be segmented into individ-
ual objects: (a) segmenting the frying pan and its han-
dle into two parts (Segmentation II) yields an incorrect
answer to the question ; (b) an incorrect parsing of the
chair image makes the counting result wrong.

Our long-term goal is to endow machines with
similar abilities. In this paper, we focus on how
language may support object discovery and seg-
mentation. Recent work has studied the prob-
lem of unsupervised object representation learning,
though without language. As an example, factor-
ized, object-centric scene representations have been
used in various kinds of prediction (Goel et al.,
2018), reasoning (Yi et al., 2018), and planning
tasks (Veerapaneni et al., 2020), but they have not
considered the role of language and how it may
help object representation learning.

As a concrete example, consider the input im-
ages shown in Fig. 1 and the paired questions.
From language, we can learn to associate concepts,
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such as black, pan, and leg, with the referred ob-
ject’s visual appearance. Further, language pro-
vides cues about how an input scene should be
segmented into individual objects: a wrong parsing
of the input scene will lead to an incorrect answer
to the question. We can learn from such failure that
the handle belongs to the frying pan (Fig. 1a) and
the chair has four legs (Fig. 1b).

Motivated by these observations, we propose
a computational learning paradigm, Language-
mediated, Object-centric Representation Learning
(LORL), associating learned object-centric repre-
sentations to their visual appearance (masks) in
images, and to concepts—words for object prop-
erties such as color, shape, and material—as pro-
vided in language. Here the language input can
be either descriptive sentences or question-answer
pairs. LORL requires no annotations on object
masks, categories, or properties during the learning
process.

In LORL, four modules are jointly trained. The
first is an image encoder, learning to encode an im-
age into factorized, object-centric representations.
The second is an image decoder, learning to recon-
struct masks for individual objects from the learned
representations by reconstructing the input. These
two modules share the same formulation as recent
unsupervised object discovery research: learning to
decompose the image into a series of slot profiles,
comprised of pixel masks and latent embeddings.
Each slot profile is expected to represent a single
object in the image.

The third module in LORL is a pre-trained se-
mantic parser that translates the input sentence into
a semantic, executable program, where each con-
cept (i.e., words for object properties such as red)
is associated with a vector space embedding. Fi-
nally, the last module, a neural-symbolic program
executor, takes the object-centric representation
from Module 1, intermediate representations from
Module 2, and concept embeddings and the seman-
tic program from Module 3 as input, and outputs
an answer if the language input is a question, or
TRUE/FALSE if it’s a descriptive sentence. The
correctness of the executor’s output and the quality
of reconstructed images (as output of Module 2)
are the two supervisory signals we use to jointly
train Modules 1, 2, and 4.

We integrate the proposed LORL with state-
of-the-art unsupervised discovery methods,
MONet (Burgess et al., 2019) and Slot Atten-

tion (Locatello et al., 2020). The evaluation is
based on two datasets: ShopVRB (Nazarczuk
and Mikolajczyk, 2020) contains images of daily
objects and question-answer pairs; PartNet (Mo
et al., 2019) contains images of furniture with
hierarchical structure, supplemented by descriptive
sentences we collected ourselves. We show that
LORL consistently improves existing methods on
unsupervised object discovery, much more likely
to group different parts of a single object into a
single mask.

We further analyze the object-centric represen-
tations learned by LORL. In LORL, conceptually
similar objects (e.g. objects of similar shapes) ap-
pear to be clustered in the embedding space. More-
over, experiments demonstrate that the learned con-
cepts can be used in new tasks, such as visual
grounding of referring expressions, without any
additional fine-tuning.

2 Related Work

Unsupervised object representation learning.
Given an input image, unsupervised object rep-
resentation learning methods segment objects in
the scene and build an object-centric representa-
tion for them. A mainstream approach has focused
on using compositional generative scene models
that decompose the scene as a mixture of compo-
nent images (Greff et al., 2016; Eslami et al., 2016;
Greff et al., 2017; Burgess et al., 2019; Engelcke
et al., 2020; Greff et al., 2019; Locatello et al.,
2020; Goyal et al., 2020). In general, these models
use an encoder-decoder architecture: the image en-
coder encodes the input image into a set of latent
object representations, which are fed into the im-
age decoder to reconstruct the image. Specifically,
(Greff et al., 2019; Burgess et al., 2019; Engelcke
et al., 2020) use recurrent encoders that iteratively
localize and encode objects in the scene. Another
line of research (Eslami et al., 2016; Crawford and
Pineau, 2019; Kosiorek et al., 2018; Stelzner et al.,
2019; Lin et al., 2020) leverages object locality
to attend to different local patches of the image.
These models often use a pixel-level reconstruc-
tion loss. In contrast, we propose to explore how
language, in addition to visual observations, may
contribute to object-centric representation learn-
ing. There has also been work that uses other types
of supervision, such as dynamic prediction (Kipf
et al., 2020; Bear et al., 2020) and multi-view con-
sistency (Prabhudesai et al., 2020). In this paper,
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we focus on unsupervised learning of object-centric
representations from static images and language.

Visual concept learning. Learning visual con-
cepts from language and other forms of supervision
provides useful representations for various down-
stream tasks, such as image captioning (Yin and
Ordonez, 2017; Wang et al., 2018), visual-question
answering (Yi et al., 2018; Huang et al., 2019),
shape differentiation (Achlioptas et al., 2019), im-
age classification (Mu et al., 2020), and scene ma-
nipulation (Prabhudesai et al., 2020). Previous
work has been focusing on various types of rep-
resentations (Ren et al., 2016; Wu et al., 2017),
training algorithms (Faghri et al., 2018; Morgado
et al., 2020) and supervision (Johnson et al., 2016;
Yang et al., 2018). In this paper, we focus on learn-
ing visual concepts that can be grounded in object-
centric representations. Recent work on object-
centric grounding of visual concepts (Wu et al.,
2017; Mao et al., 2019; Hudson and Manning,
2019; Prabhudesai et al., 2020) has shown great
success in achieving high performance in down-
stream tasks and strong generalization from a small
amount of data. However, these methods assume
pre-trained object detectors to generate object pro-
posals in the scene. In contrast, our LORL learns
to individuate objects and associates concepts with
the learned object-centric representations without
any annotations on object segmentation masks or
properties.

3 Preliminaries

Before delving into our language-mediated object-
centric representation learning paradigm, we first
discuss a general formulation that unifies multi-
ple concurrent unsupervised object representation
learning methods and a neuro-symbolic framework
for learning visual concepts from language.

3.1 Unsupervised Object-Centric
Representation Learning

Given an image I , a typical unsupervised ob-
ject representation learning model will decom-
pose the scene into a series of slot profiles
{(z1, x1,m1), . . . , (zK , xK ,mK)}, where each
slot profile is expected to represent an object (or
nothing, as the number of slots may be greater than
the actual number of objects in the scene). Here
zi is the object feature, xi is the object image, and
mi is the object mask specifying its location in the
scene.

In our paper, we focus on two recent models,
MONet (Burgess et al., 2019) and Slot Attention
(Locatello et al., 2020). MONet uses a recurrent
spatial attention network (Ronneberger et al., 2015)
to segment out objects in the scene, and adopts
a variational autoencoder (Kingma and Welling,
2014) to encode objects as well as reconstruct ob-
ject images for self-supervision. At a very high
level, its objective function is calculated as

L =

∥∥∥∥∥

(
K∑

k=1

mkxk

)
− I
∥∥∥∥∥

2

2

+β ·
K∑

k=1

KL(zk), (1)

where the first term is a pixel-wise L2 reconstruc-
tion loss and the second term computes the KL
divergence between the distribution of zk’s and a
prior Gaussian distribution.

Slot Attention uses a transformer-like attention
network (Vaswani et al., 2017) to extract object fea-
tures, and decode them with convolutional neural
networks to component images and object masks.
The model is trained by the same reconstruction
loss in the form of the L2-norm:

L =

∥∥∥∥∥

(
K∑

k=1

mkxk

)
− I
∥∥∥∥∥

2

2

. (2)

3.2 Neuro-Symbolic Concept Learning

The neuro-symbolic concept learner (NS-CL; Mao
et al., 2019) learns visual concepts by looking at
images and reading paired questions and answers.
NS-CL takes a set of segmented objects in a given
image as its input, extracts their visual features
with a ResNet (He et al., 2015), translates the input
question into an executable program by a seman-
tic parser, and executes the program based on the
object-centric representation to answer the ques-
tion. The key idea of NS-CL is to explicitly repre-
sent individual concepts in natural language (colors,
shapes, spatial relationships, etc.) as vector space
embeddings, and associate them with the object
embeddings.

NS-CL answers the input question by executing
the program based on the object-centric represen-
tation. For example, in order to query the name
of the white object in Fig. 2, NS-CL first filters
out the object by computing the cosine similarity
between the concept white and individual object
representations, which produces a “mask” vector
where each entry denotes the probability that an
object has been selected. The output “mask” on
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What is the name of 
the white object? 

Input Image

Input Question

(a) Image
Encoder

(e.g., SlotAttention)

Object-Centric
Representations

(b) Image
Decoder

Objectness
Scores

0.9

0.9

0.1

Object
Recon.

Mask
Recon.

Recon. Image

(c) Semantic
Parser

Scene Filter[White] Query[Name]

(d) Neuro-Symbolic Program Executor

Objectness Scores min(Objectness, Whiteness)

Answer
Plate

Concept Embeddings
White
Plate

……

Figure 2: Our LORL contains four modules. (a) An image encoder encodes the input image into a factorized,
object-centric representation. (b) An image decoder learns to reconstruct the image from the learned representa-
tions. It also decodes an objectness score based on the representation. (c) A pre-trained semantic parser translates
the input sentence into an executable program and associates concepts with learnable vector embeddings. (d) A
neuro-symbolic program executor takes the object-centric representation, the objectness scores, the parsed pro-
gram, and concept embeddings as input to predict the answer (if the input is a question) or TRUE/FALSE (if the
input is a descriptive sentence).

the objects is fed into the next module and the ex-
ecution will continue. The last query operation
produces the answer to the question. The vector
embeddings of individual objects and the concepts
are jointly trained based on language supervision.

4 Language-mediated, Object-centric
Representation Learning

Marrying the ideas of unsupervised object-centric
representation learning and neuro-symbolic con-
cept learning, we are able to learn an object-centric
representation using both visual and language su-
pervision. Fig. 2 shows an overview of Language-
mediated, Object-centric Representation Learning
(LORL). In LORL, four modules are optimized
jointly: an image encoder, an image decoder, a
semantic parser, and a neuro-symbolic program
executor.

Image encoder. Given an input image, we first
use the image encoder (Fig. 2a) to individuate ob-
jects in the scene and extract an object-centric
scene representation. It takes the input image as
its input, individuates objects in the scene, and pro-
duces a collection of latent slot embeddings {zi}.

Image decoder. The decoder (Fig. 2b) takes the
object-centric representation produced by the im-
age encoder and produces a 3-tuple for each indi-
vidual slot (xk,mk, sk), where xk reconstructs the
RGB image of the slot, mk reconstructs the mask,

and sk ∈ [0, 1] is a scalar indicating the objectness
of the slot. That is, whether k-th slot corresponds
to a single object in the scene. Here, we have
extended the general pipeline we described in Sec-
tion 3.1 with an objectness indicator. It serves dual
purposes. First, it weights each reconstructed com-
ponent image while generating the reconstructed
image. Mathematically, the reconstructed image I ′

is computed as: I ′ =
∑K

k=1 sk · (mkxk). Second,
it mediates the output of all filter operations in
the program executor.

In this paper, we will experiment with two im-
age encoder-decoder options: MONet (Burgess
et al., 2019) and Slot Attention (Locatello et al.,
2020). They are both compatible with the learning
paradigm described above. For both models, we
use a single linear layer to predict the objectness
score for each slot on top of the second-last layer
of their image decoders.

Semantic parser. A pre-trained semantic parser
(Fig. 2c) will translate the input question into an
executable program composed of primitive opera-
tions, such as filter, which filters out objects
with certain concepts and query, which queries
the attribute of the input object. We use roughly
the same domain-specific language (DSL) for repre-
senting programs as CLEVR (Johnson et al., 2017a,
see also the appendix for details). All concepts that
appear in the program, such as white, are associated
with distinct, learnable concept embedding vectors.
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Q: The small plate is 
what color?

P:scene, 
filter[small], 
filter[plate], 
query[color]

A: purple

Q: What number of 
ceramic things are there?
P:  scene, 
filter[ceramic], 
count

A: 1

D: There is a part 
left of the cyan seat, 
its color is red.

P:  scene, 
filter[cyan, 
seat], 
relate[left], 
equal[red]

D: The number of 
legs there is 4.
P:  scene, 
filter[leg], 
count, 
equal[4]

D: The color of 
the back is brown. 
P:  scene, 
filter[back], 
query[color], 
equal[brown]

(a) Examples on Shop-VRB-Simple (b) Examples on PartNet-Chairs

Q: There is a plastic thing; 
are there any heavy metal 
things behind it?

P:  scene, 
filter[plastic], 
relate[behind], 
filter[heavy, 
metal], exist

A: True

Figure 3: In Shop-VRB-Simple, questions involve seven different attributes of objects in the scene: name, size,
weight, material, color, shape, mobility. In PartNet-Chairs, images are paired with sentences describing the names
and colors of the parts in the scene, and their relationships.

Neuro-symbolic program executor. The pro-
gram executor (Fig. 2d) takes the object-centric
representation from the image encoder {zk}, the
objectness score {sk} from the image decoder, the
concept embeddings and the program generated
by the semantic parser as its input. It executes the
program based on the visual and concept represen-
tations to answer the question.

The original program executor in NS-CL (Sec-
tion 3.2) assumes a pre-trained object detector
for generating object proposals. In LORL, we
associate each object representation with an ob-
jectness score sk. Recall that a filter opera-
tion in NS-CL produces a mask vector indicating
whether an object has been selected. Here, we me-
diate the output of an filter(c) operation as
min(sk,filter(c)). Intuitively, a slot will be
selected only if, first, it has concept c and, second,
it corresponds to a single object in the scene.

Training paradigm. During training, we jointly
optimize the image encoder, the image decoder,
and the concept embeddings. They are trained by
minimizing the loss L:

L = α · Lperception + β · Lreasoning.

For MONet-based image encoder-decoder, we use
Equation 1 as the perception loss Lperception, while
for Slot Attention-based encoder-decoder, we use
Equation 2. The neuro-symbolic program executor
produces a distribution over candidate answers to
the input question. We use the cross-entropy loss
between the predicted answer and the ground truth
answer as Lreasoning.

We use a three-stage training paradigm in LORL.
First, we train the model with only visual inputs
with Lperception for N1 epochs. Next, we fix the

image encoder and the image decoder, and opti-
mize the concept embeddings with the loss term
Lreasoning for N2 epochs. During this second stage,
the image encoder and the decoder can already
produce decent object segmentation results. Fi-
nally, we jointly optimize all three modules for N3

epochs. We provide detailed information about
the hyperparameters for different models in the
appendix.

5 Experiments

We first evaluate whether the representations
learned by LORL lead to better image segmen-
tation with the help of language. We then evaluate
how these representations may be used for instance
retrieval, visual reasoning, and referring expression
comprehension.

5.1 Image Segmentation

Data. We use two datasets for image segmenta-
tion evaluation. The first, Shop-VRB-Simple, is
based on Shop-VRB (Nazarczuk and Mikolajczyk,
2020), a dataset of complex household objects and
question-answer pairs. The second is based on
chairs in PartNet (Mo et al., 2019), a dataset where
the objects are different parts of a chair. Fig. 3
shows some examples from the two datasets.

Shop-VRB is a visual reasoning dataset, similar
to CLEVR (Johnson et al., 2017a), but with com-
plex household objects of different sizes, weights,
materials, colors, shapes, and mobility. Because
the original Shop-VRB dataset includes very small
and highly transparent objects and complex back-
grounds, which current unsupervised representa-
tion learning models cannot handle, we generate
10K images with a clean background ourselves us-
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Image

Slot Attention

LORL + SA

Figure 4: Visualization on Shop-VRB-Simple. Pixels with the same color represent a mask produced by the
models. The Slot Attention model often fails to segment blenders, coffee makers, and toasters. LORL helps to
greatly improve its results.

ing large objects from the dataset. We also pair
every image with 9 questions, resulting in 90K
questions in total. The test split has 960 images
and 8.6K questions. We name this variant Shop-
VRB-Simple.

While the previous literature on unsupervised ob-
ject segmentation mainly focuses on settings where
objects are spatially disentangled, we also explore
how language may help when objects of interest
are different parts of a global shape. To this end, we
collect a new dataset, PartNet-Chairs, using chair
shapes from PartNet. Every image here shows a
chair, where each part of the chair (legs, seat, back,
arms) is randomly assigned a color. We select six
different chair shapes with one or four legs and zero
or two arms. We generate 5K images for training.
Each image is paired with 8 descriptive sentences
generated from human-written templates, resulting
in 40K examples in total. The test split has 960 im-
ages. Each sentence describes the name and color
of parts. We provide all templates in the supple-
mentary material. We are interested in whether
object-centric representation learning models may
separate these parts and whether and how language
may help in this scenario.

Baselines. We use MONet (Burgess et al., 2019)
and Slot Attention (Locatello et al., 2020) as the im-
age modules (Modules 1 and 2), and evaluate how
the incorporation of language may improve their
performance. Because MONet is color-sensitive,
and on Shop-VRB-Simple, many objects have di-
verse colors and specular reflection, it does not
produce meaningful results there. Thus we only
show results with MONet on PartNet-Chairs. We

(a) ARI↑ GT Split↓ Pred Split↓
Slot Attention 83.51±2.3 15.68±1.9 13.19±1.5

LORL + SA 89.23±1.6 9.95±1.6 10.18±1.3

(b) Slot Attention LORL + SA

Coffee maker 39.4±7.0 21.9±8.3

Blender 38.9±11.5 17.7±3.4

Toaster 33.4±3.9 16.4±7.2

Table 1: (a) Results on Shop-VRB-Simple. LORL
helps to improve Slot Attention (SA; Locatello et al.,
2020) in all metrics. (b) The Ground Truth split ra-
tio for the three object categories where SA most com-
monly fail. LORL helps SA to reduce the ratio by 50%.

show results with Slot Attention on both datasets.

Metrics. We use three metrics for evaluation.
Following (Greff et al., 2019), we first use the Ad-
justed Rand Index (ARI; Rand, 1971; Hubert and
Arabie, 1985). It treats segmentation as a clustering
problem: each mask is the cluster index that the
pixels within belong to. ARI is computed as the
similarity between the predicted and ground truth
clusters, and ranges from 0 (random) to 1 (perfect
match).

In practice, we found this pixel-wise metric is
sensitive to the size of objects: a model that infre-
quently makes mistakes on large objects will have
lower ARI than one that frequently mis-segments
small objects. Thus, we in addition design two
object-centric metrics:

• Ground Truth Split Ratio (GT Split) mea-
sures the ratio of objects (GT masks) that are
covered by more than one prediction mask.

• Prediction Split Ratio (Pred Split) measures
the ratio of prediction masks that cover more
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Figure 5: Visualization on PartNet-Chairs. Pixels with the same color represent a mask produced by the models.
LORL successfully recognizes different parts in various situations.

ARI↑ GT Split↓ Pred Split↓
MONet 91.41±3.7 10.3±5.1 14.09±5.2

LORL + MONet 94.91±2.1 4.95±0.7 4.02±2.5

Slot Attention 87.32±3.6 12.54±6.6 22.99±5.0

LORL + SA 95.81±1.0 3.39±1.1 2.92±1.0

Table 2: Quantitative results on PartNet-Chairs. All
numbers are in percentage. LORL consistently im-
proves MONet’s and Slot Attention’s performance on
segmentation.

than one object (GT mask).
Concretely, we first assign each pixel to the pre-

diction mask with the maximum value at the pixel.
We say a prediction mask covers an object if it cov-
ers at least 20% of the object’s pixels. The GT and
Pred Split ratios are thus defined as:

GTSplit =
# of objects that are covered by > 1 masks
# of objects that are covered by > 0 masks

,

PredSplit =
# of masks that cover > 1 objects
# of masks that cover > 0 objects

.

Ideally, there is a one-to-one correspondence be-
tween objects and predicted masks, with both GT
Split and Pred Split being 0. Please refer to the
appendix for detailed comparison of the proposed
metrics with other metrics.

Results. The quantitative results on SHOP-VRB-
Simple are summarized in Table 1. We show the
mean and standard error on each metric over 3 runs.
Since our semantic parsing module is trained on
paired question-program pairs, it achieves nearly
perfect accuracy (>99.9%) on test questions. Thus,
in later sections, we will focus on evaluating object
segmentation, concept grounding, and downstream
task performances. LORL helps Slot Attention

achieve better segmentation results in all three met-
rics. From visualizations in Fig. 4, we find that
the original Slot Attention model struggles with
metallic objects; but with LORL, it performs much
better in those cases.

To further explore how LORL helps Slot Atten-
tion on failure cases, we calculate the Ground Truth
Split Ratio for each object category, and find that
Slot Attention most often fail to segment coffee
makers, blenders, and toasters as a whole. These
objects have complex sub-parts and their appear-
ance changes quickly when the viewpoint changes.
With the help of language, Slot Attention improves
consistently over its ablative variants across all the
three metrics, reducing the GT Split by 50% on
average (Table 1b). Furthermore, we include ab-
lation studies on how different types of questions
and different modules (the objectness score module
and the concept learning module) contribute to the
performance improvement in the appendix.

On PartNet-Chairs, LORL also helps both
MONet and Slot Attention improve with a large
margin, as shown in Table 2. The results are aver-
aged over 4 runs. MONet in general performs well
on this dataset, though it still sometimes merges
different parts with the same color into a single
mask. An example can be found in Fig. 5, column
3, where the blue arm and the blue bottom in the
input image are put into the same mask by MONet.
Such an issue is alleviated in LORL + MONet.
Fig. 5 also includes examples to show how LORL
helps Slot Attention.

As shown in Table 2, the improvement on Slot
Attention is larger and more consistent, compared
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k = 1 k = 3 k = 5

Slot Attention 54.07±2.6 43.70±1.7 37.02±1.7

LORL + SA 94.03±0.6 91.03±1.3 87.71±1.7

Table 3: The percentage (%) of retrieved objects
that belong to the same category as the query object.
With LORL, objects within the same category are more
likely to be close to each other in the feature space. The
results are averaged over 3 runs and standard errors are
given.

QA Accuracy

LORL + SA (No FT) 62.79±1.6

LORL + SA 92.72±1.0

Table 4: Our three-stage training paradigm improves
visual concept learning. Without fine-tuning (i.e., the
third training stage), the question answering accuracy
drops by 30%. The results are averaged over 3 runs
and standard errors are given.

with the improvement on MONet. We hypothesize
that this is because the two models adopt different
approaches for aligning object features and masks.
While MONet uses separate modules for segmen-
tation and object representation learning, Slot At-
tention obtains masks by directly decoding object
representations. Having a shared representation
might have allowed Slot Attention to gain more
from language supervision.

5.2 Instance Retrieval

We now analyze the learned object representations
on Shop-VRB-Simple. We first use them for in-
stance retrieval: for each model, we randomly se-
lect a segmented object and use its learned repre-
sentation to search for its k nearest neighbors in
the feature space. Then, for each selected object,
we compute how many of the k nearest neighbors
belong to the same category. During searching,
we only consider object representations whose cor-
responding mask, after decoding, has at least an
Intersection over Union (IoU) of at least 0.75 with a
ground truth object mask. We sample 1,000 object
features from each model for evaluation.

Table 3 includes results with k = 1, 3, 5, sug-
gesting that the object representations learned by
LORL + Slot Attention are better for retrieval, com-
pared with features learned by Slot Attention alone
without language. This is because Slot Attention
often confuses categories that are visually similar
but conceptually different, such as baking tray and
chopping board.

5.3 Visual Reasoning

As another analysis, we also evaluate how the
learned representation of LORL + Slot Attention
performs on visual question answering on the Shop-
VRB-Simple dataset. Here we compare with an
ablated version of LORL, where we only train the
model for the first two stages, as stated at the end
of Section 4. We do not train the model for the
third stage—jointly optimizing or fine-tuning all
three trainable modules. We name this ablation
LORL + SA (No FT). Through this analysis, we
hope to understand the importance of joint training
of the vision modules (Modules 1 and 2) and the
reasoning module (Module 4).

Table 4 shows that joint training is crucial for
visual reasoning. This resonates with the previous
result, where visually similar objects are clustered
together in the latent space, impeding the useful-
ness of the information encoded.

5.4 Referring Expression Comprehension

Finally we evaluate the representations learned
by LORL on referring expression comprehension,
where given an expression referring to a set of
objects in the scene, like “The white plates”, the
model is expected to return the corresponding ob-
ject masks. After learning all needed concepts from
question-answer pairs, LORL can naturally handle
referring expression without any further training, if
we assume a pre-trained semantic parser.

We choose the IEP-Ref model (Liu et al., 2019)
as our baseline. It uses a module approach and
receives direct segmentation supervision. On Shop-
VRB, we adapt the code provided by (Liu et al.,
2019) to generate 17K training examples, only for
IEP-Ref, and 1.7K testing referring expressions for
evaluating both LORL and IEP-Ref. Measured in
Recall@0.5 (the ratio of the recalled objects based
on an IoU threshold of 0.5), IEP-Ref performs bet-
ter than LORL, but the margin is small (90.1% vs.
84.4%). Note that while IEP-Ref has been trained
on 17K training examples with ground truth object
segmentations, LORL does not require any train-
ing data on referring expression comprehension.
The relatively comparable results are strong evi-
dence that the representations learned by LORL
also transfer to a new task.

6 Conclusion

We have proposed Language-mediated, Object-
centric Representation Learning (LORL), a
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paradigm for learning object-centric representa-
tions from vision and language. Experiments on
Shop-VRB-Simple and PartNet-Chairs show that
language significantly contributes to learning better
representations. This behavior is consistent across
two unsupervised image segmentation models.

Through systematic studies, we have also shown
how LORL helps models to learn object represen-
tations that encode conceptual information, and
are useful for downstream tasks such as retrieval,
visual reasoning, and referring expression compre-
hension.
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A Domain-Specific Language (DSL)

LORL extends the domain-specific language of the
CLEVR dataset (Johnson et al., 2017a) to accom-
modate descriptive sentences. Specifically, we add
an extra primitive operation: Equal(X, y). It
takes two inputs. In our case, the first argument X
is the output of a Query, Exist, or Count op-
eration. All three operations output a distribution
over possible answers. The second argument y is
either a word or number, such as TRUE, white, or
4. The Equal operation computes the probability
of X=y. In LORL, models are trained to maximize
the output probability.

B Hyperparameters

For optimization hyperparameters, we largely
adopt original settings in Burgess et al. (2019) and
Locatello et al. (2020). Table 5 summarizes the
hyperparameters for the loss weights (α and β), the
number of training epochs of different stages (N1,
N2,N3), and the batch size. We early-stop the train-
ing when QA performance converges. We skip the
second training phase on PartNet-Chairs, because
the first phase (vision-only) yields poor segmen-
tation performance on this dataset. Establishing a
meaningful grounding of concepts could be hard
in this case. If we keep the second training phase
for LORL + Slot Attention on PartNet-Chairs, the
model converges slower in the third training phase
(15 more epochs in our experiments), but the final
performance remains the same.

Shop-VRB PartNet-Chairs

Slot Attention MONet Slot Attention

α 1 0.01 1
β 0.1 1 0.1

Batch Size 64 64 64
N1 90 100 50
N2 20 0 0
N3 80 200 200

Table 5: Hyperparameters of LORL

Learning rate scheduling. For Slot Attention
models, during the first training stage (perception-
only), we use the learning rate schedule described
in the original paper on both datasets. Initially,
the learning rate is linearly increased from zero to
4× 10−4 in the first 10K iterations. After that, we
decay the learning rate by 0.5 for every 100K itera-
tions. On PartNet-Chairs, after the first stage, Slot
Attention models continue to use the same learning
rate scheduling. For Shop-VRB-Simple, we switch
to a fixed learning rate of 0.001 during N2 phase,

(a) There are 4 objects in the scene; one of them is split into 3
masks. Thus, GT Split = 1/4 = 0.25.

(b) There are 5 masks in the scene; one of them covers two
objects. Thus, Pred Split = 1/5 = 0.2.

Figure 6: Two examples on how GT/Pred Split Ratios
are computed.

which takes 20 epochs. After 20 epochs, we de-
crease the learning rate to 2 × 10−4. We further
decrease the learning rate to 2× 10−5 after another
65 epochs. We use the Adam optimizer (Kingma
and Ba, 2015) for Slot Attention models.

For MONet models, we use RMSProp with a
learning rate of 0.01 during the first stage, and use
0.001 for the second and the third stage.

Meanwhile, we also follow NS-CL (Mao et al.,
2019) to use curriculum learning. Specifically, in
the second training stage, we limit the number of
objects in the scene to be 3. In the third training
stage, we gradually increase the number of objects
in the scene and the complexity of the questions.

C Implementation Details

In this section, we provide additional implementa-
tion details of our experimental setups and metrics.

GT and Pred split ratios. In this paper, we have
introduced two new metrics for evaluating the per-
formance of unsupervised object segmentation:
namely, the GT split and and the Pred split ratio.

A simple example of how we can compute
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ARI: 82.5

Pred Split: 0.0

GT Split: 0.67 

ARI: 70.7

Pred Split: 0.0

GT Split: 0.33

ARI: 96.0

Pred Split: 0.5

GT Split: 0.0

ARI: 60.6

Pred Split: 0.2

GT Split: 0.0

(a.1)

(a.2)

(b.2)

(b.1)

Figure 7: Comparison of ARI and GT/Pred Split Ratios
on example images. Pixels with the same color repre-
sent a mask produced by the models. We find that ARI
is very sensitive to the size of objects, while split ratios
capture object-level failures where an object is split or
multiple objects are merged.

GT/Pred split ratios is shown in Fig. 6. At a high
level, the GT split ratio computes the percentage of
objects that are split into multiple parts in model
segmentation. Meanwhile, Pred split ratio com-
putes the percentage of objects that are merged into
a single object in model segmentation. We intro-
duce these two new metrics because the ARI score
is evaluated at the pixel level and does not account
for the variance of object sizes. By contrast, GT
split and Pred split metrics are computed at the
object level. This difference is illustrated in Fig. 7.

For concrete examples, in the Fig. 6 (a.1), two
objects, the chopping board and the thermos, are
wrongly segmented. In Fig. 6 (a.2), only one object
mis-segmented. However, the ARI score of the first
image is much higher because the coffee maker has
a large size. GT split ratio is evaluated on the ob-
ject level and thus favor the second one. Similarly,
in the Fig. 6 (b.1), the four legs are merged into
two masks, while in Fig. 6 (b.2), the seat and the
back of the chair are merged into a single object.
However, the first segmentation result has a sig-
nificantly higher ARI score because the chair legs

only contribute to a small area in the image. In
this paper, we propose to jointly use ARI scores
and the proposed GT/Pred split ratio to evaluate
segmentation masks.

Throughout the paper, we have been using IoU =
0.2 as the threshold while computing the GT/Pred
split ratios. Table 6 summarizes the results with
different IoU thresholds. LORL consistently im-
proves the baseline.

Referring expression comprehension. In this
experiment, the data is generated using the code
adapted from Liu et al. (2019). It contains two
types of expressions, the first one directly refers
to an object by its properties: for example, “the
white plate”. The second type of sentences refers
to the object by relating it with another object: for
example, “the object that is in front of the mug.”
The output of the model is the masks of all referred
objects. The dataset is composed of the same set
of concepts and same DSL as in the Shop-VRB-
Simple.

We use the IEP-Ref model proposed in Liu et al.
(2019) as a baseline. It is adapted from its prior
work IEP (Johnson et al., 2017b). IEP-Ref first
translates the referring expression into a sequence
of primitive operations, which are implemented as
different modular networks. The model takes the
image feature extracted by a CNN as input and exe-
cutes the program by chaining these component net-
works. It outputs a segmentation mask on objects
being referred to. During training, groundtruth seg-
mentation masks are needed.

For all methods, including ours and the baseline,
we assume a pretrained semantic parser. Since
the neuro-symbolic program executor outputs a
distribution over all objects indicating whether they
are selected, we directly multiply its output with the
object segmentation masks to get the final output.

D Additional Results

The following section presents a collection of abla-
tion studies on different modules of LORL, as well
as a few extensions.

Objectness score. To validate the effectiveness
of the proposed objectness score module, we
hereby compare two models: the original Slot At-
tention model and the Slot Attention model aug-
mented with the proposed objectness score module.
Both models are trained using images only (there is
no language in the loop), on the Shop-VRB-Simple
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Thres = 0.1 Thres = 0.3

GT Split↓ Pred Split↓ GT Split↓ Pred Split↓
Slot Attention 23.71±1.5 23.45±4.1 8.91±0.7 7.47±0.9

LORL + SA 17.74±1.4 18.15±1.2 5.86±1.3 5.67±0.7

Table 6: GT/Pred split ratios on Shop-VRB-Simple using different IoU thresholds. The results are averaged over
3 runs and standard errors are given.

ARI↑ GT Split↓ Pred Split↓
Slot Attention 83.51±2.3 15.68±1.9 13.19±1.5

SA + Obj score 83.4±1.8 16.57±1.5 12.71±0.8

Table 7: Ablation study of the objectness score module
on Shop-VRB-Simple. The results are averaged over 3
runs and standard errors are given.

ARI↑ GT Split↓ Pred Split↓
SA (image-only) 83.51±2.3 15.68±1.9 13.19±1.5
Count only 85.52±1.7 13.86±2.0 12.56±1.4
Exist only 86.29±2.2 15.34±2.9 10.33±1.1
Query only 88.79±1.1 10.64±1.7 9.03±0.5
All types 89.23±1.6 9.95±1.6 10.18±1.3

Table 8: Ablation study of using different types of ques-
tions to train LORL + SA on Shop-VRB-Simple. The
standard errors are computed based on 3 runs.

dataset. The Table 7 summarizes the result. The
objectness module alone does not contribute to the
segmentation performance.

Question type. In this section, we investigate
how different types of questions affect LORL. We
use the Shop-VRB-Simple dataset for evaluation.
There are three types of questions in the dataset,
counting (e.g., how many plates are there?), ex-
istence (e.g., is there a toaster?), and query (e.g.,
what is the color of the mug?). We train LORL
+SA with only one single type of questions (the
number of total questions is the same).

Results are summarized in Table 8. In general,
training on all three types of questions improves
the segmentation accuracy. The largest gain comes
from the query question. Interestingly, the best re-
sult is achieved when trained on the original dataset,
where the ratio of counting, existence, and query
questions is 1:1:7. Note that all these models are
trained with the same number of questions and thus
they are directly comparable with each other.

Data efficiency. In addition, we provide another
analysis by comparing models trained with differ-
ent number of question-answer pairs. The results
are shown in Table 9. Adding more language data
consistently improves the result. All results are
based on the LORL +SA model trained on the
Shop-VRB-Simple dataset.

ARI↑ GT Split↓ Pred Split↓
25% (22.5K) 81.01 14.31 15.34
50% (45K) 84.39 14.79 9.37
75% (67.5K) 86.53 11.67 11.52
100% (90K) 89.23 9.95 10.18

Table 9: Ablation study of using different number of
questions to train LORL + SA on Shop-VRB-Simple.

Visual reasoning baselines. To establish a base-
line for visual reasoning tasks, we present the re-
sults of two visual reasoning approaches IEP (John-
son et al., 2017b) and NS-CL (Mao et al., 2019)
for reference on the Shop-VRB-Simple dataset, as
shown in Table 12. All models are trained with
the same set of question-answer pairs. Note that
NSCL has the access to a pretrained object detec-
tion module, while LORL +SA and IEP do not.
LORL +SA outperforms IEP, which is trained with
exactly the same amount of supervision as ours. It
also achieves a comparable result as NS-CL.

Integration with SPACE. SPACE (Lin et al.,
2020) is another popular method for unsupervised
object-centric representation learning. SPACE uses
parallel spatial attention to decompose the input
scene into a collection of objects, and it is also com-
patible with the proposed learning paradigm LORL.
We include additional results of LORL +SPACE
on the CLEVR dataset. Shown in the Table 11,
LORL +SPACE shows a significant advantage over
the vanilla SPACE model. Additionally, we find
that SPACE shows poor segmentation results on
Shop-VRB-Simple and ParNet-Chairs, no matter
whether it is integrated with LORL. For example,
it frequently segments complex objects into too
many fragments on Shop-VRB-Simple. We conjec-
ture that this is because SPACE was designed for
segmenting objects of similar sizes.

Baseline using language supervision. We also
conducted an additional baseline model that uses
language supervision in a different way. Specifi-
cally, based on the Slot Attention model, we use a
GRU to directly encode question and answer, and
concatenate it with the image feature to obtain the
object representation. On Shop-VRB-Simple, this

2045



Precision Recall

@0.5 @0.75 @1 @0.5 @0.75 @1

LORL + SA (NO) 59.52±0.7 54.13±2.2 36.36±3.6 94.96±1.2 86.4±3.6 58.07±5.7

LORL + SA 89.47±0.7 79.37±1.2 52.48±1.6 94.72±0.1 84.02±0.6 55.55±1.2

Table 10: Concept quantification evaluation. The number after @ indicates the IoU threshold. The results suggest
that objectness score improves the precision of concept quantification.The results are averaged over 3 runs.

ARI↑ GT Split↓ Pred Split↓
SPACE (Lin et al., 2020) 72.34 29.2 12.38
LORL + SPACE 97.82 2.04 2.17

Table 11: Segmentation performance of SPACE and
LORL +SPACE on CLEVR. The integration of LORL
improves the result.

QA Accuracy

LORL + SA (No FT) 62.79±1.6

IEP (Johnson et al., 2017b) 78.3±0.1

NSCL (Mao et al., 2019) 97.9±0.0

LORL + SA 92.72±1.0

Table 12: Question answering accuracy on the Shop-
VRB-Simple dataset. The results are averaged over 3
runs and standard errors are given.

model does not show improvement over the Slot At-
tention baseline: ARI = 76.4%, GT Split = 29.2%,
Pred Split = 13.6%. This suggests the effective-
ness of LORL.

Concept quantification. Although LORL with-
out the objectness score can achieve a comparable
result in terms of QA accuracy, objectness score
is crucial if we want to evaluate how models dis-
cover objects in images. Here, we show that, on
the Shop-VRB-Simple dataset, LORL +SA shows
significant improvement in recovering a holistic
scene representation.

Specifically, we extract a scene graph for each
scene, where each node corresponds to a detected
object. We represent each node i as a set of con-
cepts Ci associated with the object (e.g., {large,
brown, wooden, chopping board}). We associate
a concept with a detected object if its cosine simi-
larity with the object representation is greater than
0. We heuristically remove nodes that are not as-
sociated with any concepts (by treating them as
“background” objects) or have objectness scores
that are smaller than 0.5. This results in a scene
graph, where each node corresponds to a detected
object. In the following, we compare it against the
groundtruth scene graph.

For each pair of groundtruth node i and detected
node j, we compute the concept IoU score based

on their associated concepts Ci and Cj as:

IoUij =
|Ci ∩ Cj |
|Ci ∪ Cj |

.

Next, we perform a maximum weight match-
ing between the detected scene graph and the
groundtruth scene graph with the Hungarian al-
gorithm. We use the IoU score as the weight for
every edge and remove edges whose IoU score is
smaller than a given threshold. Finally, based on
the macthing, we can compute the precision and
recall of the detected scene graph. We show the
average precision and recall over the entire test set
images in Table 10. The results suggest that object-
ness score significantly improves the precision of
the extracted concepts.
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Abstract

Enthusiasm plays an important role in en-
gaging communication. It enables speakers
to be distinguished and remembered, creat-
ing an emotional bond that inspires and mo-
tivates their addressees to act, listen, and co-
ordinate (Bettencourt et al., 1983). Although
people can easily identify enthusiasm, this is
a rather difficult task for machines due to the
lack of resources and models that can help
them understand or generate enthusiastic be-
havior. We introduce Entheos, the first mul-
timodal dataset for studying enthusiasm com-
posed of video, audio, and text. We present
several baseline models and an ablation study
using different features, showing the impor-
tance of pitch, loudness, and discourse relation
parsing in distinguishing enthusiastic commu-
nication.

1 Overview

Although different emotional constructs such as
anger and happiness have been studied exten-
sively in the field of natural language process-
ing (NLP), more fine-grained emotional expres-
sions such as enthusiasm or charisma are relatively
unexplored. Such models and datasets can ben-
efit different areas of NLP and AI. Multimodal
human-machine interaction can be more effective
if systems can find a deeper understanding of more
complex emotional responses or generate appro-
priate emotionally-aware communicative presen-
tations. Given the importance of enthusiasm in
teaching (Bettencourt et al., 1983; Zhang, 2014),
for instance, researchers are studying the effect of
virtual agents and robots that can behave in an en-
thusiastic manner (Liew et al., 2017, 2020; Saad
et al., 2019). The current research is far from gen-
erating natural enthusiastic behavior.

Although previous research results in psychol-
ogy, education, and business have studied the im-

Figure 1: An enthusiastic sample from the Entheos
dataset, showing aligned video frames, audio, and text.

portance of enthusiasm in communication (Betten-
court et al., 1983; Sandberg, 2007; Keating, 2011;
Antonakis et al., 2019), it is relatively unexplored
in the NLP and dialogue literature. We take a step
to bridge this gap by introducing the first multi-
modal dataset labeled with levels of enthusiasm
following the definition that Keller et al. (2016)
provided.

Our contributions are as follows: First, we
present Entheos ( ênjeos: being possessed by a
god, root for enthusiasm), the first multimodal
dataset of TED talk speeches with annotated en-
thusiasm level1 (Section 3). It contains sentence
segments, labeled as either monotonous, normal,
or enthusiastic. Figure 1 shows an example of an
enthusiastic sample. Second, in search of finding
multimodal signals for understating enthusiasm, we
present an analysis of our data to identify attributes
present in enthusiastic speech in different modali-
ties (Section 3.5 and 5). Finally, we also provide
several baseline models using different kinds of
features extracted from text, speech, and video. In

1https://github.com/clviegas/
Entheos-Dataset
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addition, we show the importance of identifying
discourse relations in predicting enthusiasm (Sec-
tion 5).

2 Related Work

In this paper, we focus on investigating resources
and models that can help us gain insights into ways
by which computers can understand and predict
enthusiasm. This topic is relatively unexplored in
the computer science field although it has been ex-
tensively studied in psychology (Bettencourt et al.,
1983; Sandberg, 2007; Keating, 2011; Antonakis
et al., 2019).

Enthusiasm Limited work exists on the auto-
matic detection of enthusiasm and has been mainly
done in the text domain. Inaba et al. (2011) worked
on the detection of enthusiasm in human text-
based dialogues, using lexical features and word
co-occurrences with conditional random fields in
order to distinguish enthusiastic utterances from
non-enthusiastic ones. They defined enthusiasm as
“the strength of each participant’s desire to continue
the dialogue each time he/she makes an utterance”.
In our work, we instead combine different modali-
ties and features to detect enthusiasm and we define
an enthusiastic speaker as “stimulating, energetic,
and motivating” (Keller et al., 2016). Tokuhisa
and Terashima (2006) also worked with human-
to-human conversational dialogues and annotated
dialogue acts (DAs) and rhetorical relations (RRs)
on a sentence-level. An enthusiasm score in the
range of 10-90 was given without providing exam-
ples to the annotators. The relationship between
DAs, RRs, and enthusiasm was analyzed based
on the frequencies. They found that affective and
cooperative utterances are significant in an enthu-
siastic dialogue. We detected RRs automatically
and trained a feed forward network to classify en-
thusiasm in three levels: monotonous, normal, and
enthusiastic. During data annotation, examples for
each category were available as references. Twit-
ter data have also been used to detect enthusiasm.
Mishra and Diesner (2019) created a dataset with
enthusiastic and passive labels. Enthusiastic tweets
had to include personal expression of emotion or
call to action, whereas passive tweets lacked clear
emotive content or call to action. They trained lo-
gistic regression models using salient terms. We
evaluate emotional expressions in several modali-
ties. We use acoustic features that relate to emotion
such as pitch and voice quality, and also Facial Ac-

tion Units extracted from videos which measure
the intensity of different facial expressions.

Charisma Enthusiasm is also a trait that can
be displayed by charismatic speakers (Spencer,
1973), which in addition are perceived as compe-
tent, passionate, and self-confident (Niebuhr, 2020).
Charisma is a desired trait for leaders in economy
and politics (Antonakis et al., 2019; De Jong and
Den Hartog, 2007) because it can influence fol-
lowers to undertake personally costly yet socially
beneficial actions. Niebuhr et al. (2016) have in-
vestigated the prosodic attributes of charismatic
speakers. They analyzed pitch level, pitch vari-
ation, loudness, duration of silence intervals, etc
and concluded that charisma can be trained as far
as melodic features are concerned. In addition to
analyzing the relationship of different attributes
with enthusiasm, we also trained a model that can
distinguish between different levels of enthusiasm.

Although sentiment analysis and emotion detec-
tion have been studied extensively in unimodal and
multimodal frameworks as shown in several sur-
veys (Marechal et al., 2019; Garcia-Garcia et al.,
2017; Seyeditabari et al., 2018; Sudhakar and Anil,
2015) there is a gap in the analysis, detection and
generation of enthusiastic behavior. Our dataset
will allow to extend the work in understanding hu-
man behavior and also generate more natural vir-
tual agents (Zhang, 2014; Keller et al., 2014; Liew
et al., 2020; Viegas et al., 2020).

3 Entheos Dataset

In this section we present the Entheos dataset. We
describe our domain choice and label selection, the
annotation process, extracted features, as well as
statistics of the dataset.

3.1 Data Acquisition

Enthusiastic speakers are passionate about their
message, wanting to gain their audience for their
purpose and persuading them to change their per-
spective or take action. Given that TED is well-
known for spreading powerful messages that can
change attitudes and behavior, we use TED talk
speeches as our domain for creating a multimodal
enthusiasm dataset. We randomly selected 52 male
and female speakers from the TEDLIUM corpus
release 3 (Hernandez et al., 2018), which contains
audio of 2351 talks. Transcripts were obtained
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Rating Description
4: Advanced Excellent use of vocal variation, intensity and pacing; vocal expression natural and enthusiastic; avoids

fillers

3: Proficient Good vocal variation and pace; vocal expression suited to assignment; few if any fillers

2: Basic Demonstrates some vocal variation; enunciates clearly and speaks audibly; generally avoids fillers (e.g.
um, uh, like)

1: Minimal Sometimes uses a voice too soft or articulation too indistinct for listeners to comfortably hear; often uses
fillers

0: Deficient Speaks inaudibly; enunciates poorly; speaks in monotone; poor pacing; distracts listeners with fillers

Table 1: Description of the Public Speaking Competence Rubric (PSCR) (Schreiber et al., 2012) evaluated as
potential label to describe the use of vocal expressions and paralanguage during a talk.

Vocal Attributes Description Rating

Variation Vocal variety is the spice of speech.
Tone, pace, and volume should all be
varied over the course of a presentation.

4: excellent, 3: good, 2: some, 1: almost no vocal
variation, 0: speaks in monotone

Intensity Speaks loudly and clearly enough for
listeners to hear and understand what is
being said.

4: excellent use, 3: good, 2: enunciates clearly and
speaks audibly , 1: sometimes voice too soft or articu-
lation too indistinct for listeners to comfortably hear, 0:
inaudibly, enunciates poorly

Pacing Speaks in an understandable rate and
places pauses for emphasis.

4: excellent use including well placed pauses, 3: good,
2: pace is appropriate but could have more/less pauses,
1: poor pacing, 0: poor pacing with no/too many pauses

Expression Emotion delivered by the voice. 4: natural and enthusiastic, 3: suited to assignment, 2:
some expressions, 1: few expressions, 0: no expressions)

Table 2: Fine-grained description of vocal attributes derived from PSCR, evaluated as potential label categories on
sentence-level.

through the Google cloud transcription service2.
The talks were segmented into sentences, based
on punctuation. We extend the samples from the
TEDLIUM corpus with aligned video segments
downloaded from the official TED website.

3.2 Label Selection and Temporal
Granularity

In order to define the temporal granularity for anno-
tation and what labels to use, we performed prelim-
inary annotation experiments with three annotators.

Three audio recordings of talks were chosen
from speakers with different proficiency level. One
recording was a TED talk by Al Gore3, and the
remaining were recordings of participants in a pilot
study with our institution in which they introduce
themselves and describe their skills.

We evaluated two different temporal granulari-
ties: sentence-level and entire talk. In addition, we
explored the use of three different sets of labels,

2https://cloud.google.com/
speech-to-text

3https://www.ted.com/talks/al_gore_
averting_the_climate_crisis

which will be described in the following.

PSCR (Public Speaking Competence Rubric)
PSCR (Schreiber et al., 2012) was developed to ef-
fectively assess students’ skills in public speaking.
It is composed of eleven skills that are assessed
during speaking with a 0-4 scale. We focused on
the seventh, which evaluates the effective use of
vocal expression and paralanguage to engage the
audience. During annotation, annotators had Ta-
ble 1 available for a detailed description on how
the speaker articulates for the corresponding rating.

Vocal Attributes Based on the PSCR descrip-
tions we crystallized four main components of the
effective use of the voice: vocal variation, intensity,
pacing, and expression. Each one was evaluated
with a score of 0-4 and described as depicted in
Table 2.

Enthusiasm and Emphasis As a final set of la-
bels, we decided to use intuitive categories, namely
enthusiasm and emphasis. For enthusiasm, we
chose the definition provided by Keller et al. (2016)
as they study enthusiasm in context of spoken
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Category Description Rating

Enthusiasm Speaker is passionate, energetic, stimulating, and
motivating.

0: monotonous, 1: normal,
2: enthusiastic

Emphasis One or more words are emphasized by speaking
louder or pronouncing them slowly.

0: no emphasis,
1: emphasis existent

Table 3: Intuitive labels used to evaluate as potential categories to annotate sentence-level samples.

Label Fleiss’ κ Agreement

PSCR 0.31 fair
Variation 0.56 moderate
Intensity 0.81 almost perfect
Pacing 0.55 moderate
Expression 0.63 substantial
Enthusiasm 0.82 almost perfect
Emphasis 0.87 almost perfect

Table 4: Inter-rater agreement using different labels
computed with Fleiss’ kappa with interpretations based
on Landis and Koch (1977). Enthusiasm, emphasis,
and vocal intensity achieved almost perfect agreement.

monologues (similar to our data) while Inaba et al.
(2011) studied written dialogues. We also asked
annotators to label enthusiasm in three levels:
monotonous, normal, and enthusiastic. As Table 3
shows, annotators were asked to label emphasis as
existent or not, depending on whether words were
emphasized by speaking louder or pronouncing
words slowly.

Experiment Description The experiment was
composed of two parts. First the entire audio
recordings were played and the annotators were
asked to use only the PSCR annotation scheme, rat-
ing each talk with a single score. Afterwards, seven
sentences of each talk were played with pauses in
between to allow annotation using vocal attributes,
enthusiasm and emphasis labels. Each sentence
was annotated with six scores. For both parts, the
annotators had access to the description of the la-
bels during annotation as shown in Tables 1,2,3.
Once all annotators finished labeling a sample, the
next one was played.

Results and Conclusion In Table 4 the inter-
rater agreement for the different annotation
schemes is shown in terms of Fleiss’ kappa Landis
and Koch (1977). We can see that PSCR, which
rated the entire talk, has the lowest agreement. Vo-
cal variation and pacing have moderate agreement,

while vocal intensity, enthusiasm, and emphasis
show almost perfect agreement.

Given these results, we annotated audio record-
ings on a sentence-level using enthusiasm and em-
phasis labels.

3.3 Data Annotation Protocol

Our study was approved by our institution’s human
subject board and annotators were paid $20/h. Sev-
enteen subjects participated in data annotation and
signed the consent form before the study. For data
annotation, an internal tool was created that en-
abled annotators to listen to audio samples and an-
notate them through their web browser at their time
of convenience. As labeling availability fluctuated,
instead of randomly choosing samples from the
entire dataset, we decided to release small batches
of data to obtain as many annotations per sample
as possible. In a bi-weekly rhythm, small batches
of 200 samples were available to annotate in a ran-
domly chosen order for each annotator. As our def-
inition for enthusiasm ( Table 3) allows subjective
interpretations, we included three reference audio
files for each enthusiasm level in the web interface
of our annotation tool as depicted in Figure 2. An-
notators were indicated to listen to the reference
files after every 10 labeled samples and when inse-
cure on how to label a sample. In addition, anno-
tators were given the definition of enthusiasm and
emphasis shown at Table 3. Besides enthusiasm
and emphasis, also the corresponding perceived
gender was annotated. We limited the options for
perceived gender to female and male, based on
prior work which used these two genders to im-
prove the performance in emotion detection (Li
et al., 2019). Samples with laughter or clapping
were asked to be labeled as noisy files.

Annotator Quality Assessment: Annotation
was performed by 17 different annotators. As noisy
annotations are common when crowdsourcing and
not using expert annotators due to spammers and
malicious workers (Burmania et al., 2015), we com-
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Figure 2: Layout of the annotation interface. On the
top left is the sample to be annotated and below are the
different labels: perceived gender, enthusiasm, and em-
phasis. On the top center is the option to mark the sam-
ple as noisy if laughter or clapping is present. On the
right side are reference samples for the three different
levels of enthusiasm.

pared the percentage agreement of each individ-
ual’s annotations with a preliminary majority vote.
The analysis showed that 12 annotators had lower
agreement than 30%. The same annotators had
also labeled less than 17% of the data. To ensure
high quality of annotation we used the remaining
five annotators who labeled more than 50% of the
data. The remaining annotators identify themselves
as latino, asian, and white. We removed all sam-
ples that had only one or two different annotations
and computed the final majority vote for the re-
maining 1,126 samples. To confirm high inter-rater
agreement, we computed Cohen’s kappa (McHugh,
2012) in a pairwise manner for the five annotators
and obtained an average agreement of 0.66.

3.4 Final Data Selection

Out of 1,819 labeled samples, we kept 1,126 which
had more than one annotation. The selected sam-
ples are from 113 different TED talk speeches, be-
ing 60 from male and 53 from female speakers.
We created a test split with 108 samples from five
speakers of each perceived gender. The training
set, composed by 55 male and 48 female speakers,
has a total of 1,018 samples. There is no overlap
of speakers between training and test set. In Fig-
ure 3 (top) we can see the label distribution in our
train-test split.
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Figure 3: From top to bottom: Label distribution in
our train-test split, among perceived gender, and rat-
ings given by TED viewers. Top: Training set and
testing set reflect the same imbalance of class labels.
Center: Female speakers have proportionally fewer
monotonous samples and more normal samples than
male, but the same proportion of enthusiastic samples.
Bottom: Samples labeled as enthusiastic have been
mainly rated as fascinating, persuasive, and inspiring.
They have rarely been rated negatively.

3.5 Data Statistics
In the following we will describe the relationship
between the different enthusiasm levels and other
attributes of the talks such as viewer ratings, num-
ber of views and comments, and perceived gender
of the speakers. This metadata was obtained from a
Kaggle competition4 that collected data about TED
talks until September 21st, 2017.

In Figure 3 (center), we can see that the enthusi-
4https://www.kaggle.com/rounakbanik/

ted-talks
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losing it in the 
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Figure 4: An overview of our proposed multimodal dataset and model for predicting levels of enthusiasm using
different features extracted from video, audio, and text.

asm levels are similarly distributed for both gender
labels. We computed the Pearson’s chi-squared test
for independence to evaluate if there is a signifi-
cant difference in enthusiasm level between gen-
der. With a significance level of 5%, we obtained
p = 0.04, meaning that gender of the speaker and
enthusiasm level are dependent of each other. In
Figure 3 (bottom), the label distribution among
the different ratings that were given by viewers
is shown. There are nine positive ratings (funny,
beautiful, ingenious, courageous, informative, fas-
cinating, inspiring, persuasive, jaw-dropping) and
five negative ratings (longwinded, confusing, un-
convincing, ok, obnoxious) which viewers could
select. The ratings have been sorted by increasing
number of enthusiastic samples. We can see that
the negative ratings have the least number of enthu-
siastic samples. The ratings with the three highest
numbers of enthusiastic samples are fascinating,
persuasive and inspiring. We also performed two
one-way ANOVAs to evaluate if the number of
views and comments depend on the enthusiasm
level. The resulting p-values were correspondingly
p = 0.3844 and p = 0.6892 which means that
views and comments are not influenced by the en-
thusiasm level of the speaker.

4 Computational Experiments

In the experiments of this paper, we aim to estab-
lish a performance baseline for the Entheos dataset
using only the enthusiasm annotations. We train
our model with different feature combinations to
understand the role of different modalities in enthu-
siasm detection (see Figure 4). In the following we
describe different features that were extracted and
the model architecture that we used.

4.1 Features

Given the small number of labeled samples, instead
of training an end-to-end model, we extract differ-
ent features that will serve as input for our model.
In the following we will describe the features used
per modality.

Video: As enthusiasm is related to emotions, we
extracted Facial Action Units (FAUs) which de-
scribe the intensity of muscular movements in the
face based on the Facial Action Coding System
(FACS) (Friesen and Ekman, 1978). We used Open-
Face (Baltrusaitis et al., 2018) to obtain the inten-
sity of 18 FAUs in a scale of 0-5. As FAUs vary
over time, we computed the average and standard
deviation for each AU and concatenated them in a
feature of 36 dimensions per sample.

Acoustic: We extracted different audio features
using OpenSMILE (Eyben et al., 2010), a tool-
box that can extract over 27k features. We ex-
tracted four different feature combinations, which
have been thoroughly studied in the speech com-
munity in affective computing tasks: a) eGEMAPS
(88 attributes) (Eyben et al., 2015), b) Interspeech
2009 Emotion Challenge (384 attributes) (Schuller
et al., 2009), c) Interspeech 2010 Paralinguis-
tic Challenge (1582 attributes) (Schuller et al.,
2010), and d) Interspeech 2013 Compare (6373
attributes) (Schuller et al., 2013). Each feature
collection differs in the selection of features, func-
tionals, and statistical measures. Examples of fea-
tures covered are voice quality (jitter and shimmer),
pitch (F0), energy, spectral, cepstral (MFCC) and
voicing related low-level features (LLDs) as well
as a few LLDs including logarithmic harmonic-
to-noise ratio (HNR), spectral harmonicity, and
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psychoacoustic spectral sharpness.

Text: As a low-level feature, we used the bert-
large-uncased model5 to obtain word-embeddings
on a sentence-level. For each sample we obtained
a feature of 768 dimensions. As high-level fea-
tures, we extracted two types of discourse rela-
tions: Rhetorical Structure Theory (RST) (Mann
and Thompson, 1988) and Penn Discourse Tree-
bank (PDTB) (Miltsakaki et al., 2004; Prasad et al.,
2008) relations. We used the RST parser from
Wang et al. (2017) and the PDTB parser from Lin
et al. (2014) for automated discourse relation anno-
tation. Elementary discourse units (EDU) were ob-
tained by using the method presented by Wang et al.
(2018). For both parsers, samples can have more
than one relation or none at all. The annotations
were converted into a bag-of-words representation,
obtaining features of 18 dimensions for RST and 4
for PDTB.

4.2 Model Architecture
Our model is composed by four fully connected
layers with ReLU activation functions in between.
We use concatenation to combine different features
in the multimodal setting. Given our imbalanced
dataset, we compute class weights, which repre-
sent the relation of samples per label and the total
sample number. The class weights are then passed
to our loss function (cross entropy loss) to give
more weight to samples of the underrepresented
classes. We use the Adam optimizer (Kingma
and Ba, 2015) and during training, we perform
early stopping to avoid overfitting. We train the
model for a three class problem using all enthusi-
asm levels and also in a binary manner, combining
“monotonous” and “normal” labels to the category
called “non-enthusiastic”.

5 Results and Evaluation

In this section, we present the performance results
of our model using different combinations of fea-
tures. We also evaluate the performance of the
discourse parsers used and show statistical analysis
of visual and acoustic features. All results of our
statistical analysis are shown in the Appendix A.

5.1 Predicting Enthusiasm level
For each feature combination, we performed hy-
perparameter search with 10-fold cross-validation.

5https://huggingface.co/
bert-large-uncased

The best hyperparameter combination was used to
train the model with the entire training set. We
evaluated the performance of the models on our
test set. In Table 5, the weighted average results
for precision, recall, and F1-score are shown. We
see that in the unimodal case, BERT embeddings
perform the best in the binary classification as well
as in the three-class problem. Although PDTB has
a higher F1-score in the binary case, RST performs
better in the multi-class problem. Out of the dif-
ferent audio features, eGEMAPS performs slightly
better than the other acoustic features. In the multi-
class case, IS09 features are the best performing
acoustic features.

When all features except AUs are combined, we
reach the highest F1-score for the binary problem,
improving the best unimodal performance by 0.08.
We also see that combining both discourse rela-
tion features with eGEMAPS and BERT improves
F1-score by 0.08 compared to using only one of
them. In the multi-class problem, the best perform-
ing feature combination shows only a slight im-
provement of 0.04 compared to the unimodal case.
Although manually annotating the entire resource
was beyond the scope of this paper, we believe that
it is necessary to understand the weaknesses and
strengths of automatic parsers when used in spoken
monologues. With current efforts being made in the
field of creating discourse parsers for speech, the
role of discourse parsers for enthusiasm detection
will be better understood.

5.2 Evaluating the Effect of Discourse
Features

We see in Table 5 that discourse relations help the
model achieve the highest F1-score. However, we
obtained the discourse relations by using discourse
parsers that are trained on Wall Street Journal data6,
which is different from monologues.

To evaluate the performance of the parsers, 40
samples of our data were manually annotated with
RST and PDTB relations by two annotators. The
annotation protocol was approved by our institu-
tion’s human subject research center. The inter-
rater agreement was κ = 0.88. The accuracy of
the RST parser on our data sample was 46.7 and
for the PDTB parser 60.0. Although the accuracy
of the parsers is low using our data, we have seen
that concatenating both discourse relation features

6https://catalog.ldc.upenn.edu/
LDC93S6A
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Features Precision [B/M] Recall [B/M] F1-Score [B/M]
RST 0.67/0.55 0.64/0.47 0.65/0.50
PDTB 0.70/0.68 0.70/0.29 0.70/0.32
BERT 0.77/0.66 0.81/0.56 0.75/0.60
EGEMAPS 0.80/0.59 0.71/0.47 0.74/0.50
IS09 0.70/0.60 0.76/0.57 0.72/0.55
IS10 0.68/0.56 0.70/0.44 0.69/0.48
IS13 0.65/0.68 0.69/0.37 0.67/0.43
AU 0.67/0.77 0.76/0.50 0.70/0.57
BERT + PDTB 0.77/0.66 0.80/0.57 0.77/0.61
BERT + RST 0.79/0.66 0.81/0.56 0.77/0.60
EGEMAPS + BERT 0.81/0.62 0.60/0.58 0.64/0.59
EGEMAPS + PDTB 0.75/0.69 0.75/0.52 0.75/0.54
EGEMAPS + RST 0.77/0.71 0.7/0.61 0.73/0.64
EGEMAPS + BERT + PDTB 0.74/0.72 0.77/0.65 0.75/0.67
EGEMAPS + BERT + RST 0.77/0.71 0.81/0.58 0.75/0.61
EGEMAPS + RST + PDTB + BERT 0.83/0.63 0.84/0.65 0.83/0.64
EGEMAPS + RST + PDTB + BERT + AU 0.81/0.65 0.65/0.58 0.68/0.60

Table 5: Weighted average precision, recall, and F1-score for binary (B) and multiclass (M) classification. The
same model architecture was used to train different feature combinations. BERT embeddings performed best in
the unimodal setting. Combining acoustic with text features performed best in the multimodal setting.

to BERT and eGEMAPS improved our model’s
performance from an F1-score of 0.64 to 0.83 in
the binary classification.

In Figure 5(a,b) we evaluated the relative occur-
rence of each enthusiasm level for RST and PDTB
relations in ascending order of enthusiastic sam-
ples. In Figure 5a we can see that most samples
do not have any discourse relation. However, there
is a clear difference in the number of monotonous
and enthusiastic samples that show contingency, as
well as temporal relations. In Figure 5b we see
that enthusiastic samples compared to monotonous
samples use more elaboration, attribution, and joint
relations. We performed the Pearson Chi Square
test to verify our null hypotheses that discourse re-
lations and enthusiasm level are independent from
each other. We obtained a p-value of 0.0001 for
PDTB and a p-value of 0.008 for RST, which per-
mits us to reject our null hypothesis, meaning that
the discourse relations influence the level of enthu-
siasm.

5.3 Investigating Visual Features
Given that AUs have not helped our model improve,
we evaluated their dependence with our labels. We
performed two separate one-way ANOVAs to eval-
uate the dependence of the mean of the 18 AUs
with our labels, as well as the standard deviation
of the AUs with our labels. The AUs with p-value

< 0.05 are AU 12 (lip corner puller), AU 15 (lip
corner depressor), AU 17 (chin raiser), and AU 26
(jaw drop). In Figure 5(c,d) the label distribution
for the mean of AU 26 and standard deviation of
AU 12 is shown. In both cases, we can observe
that monotonous samples have more frequently a
mean and standard deviation of zero compare to
enthusiastic samples. We can also see in Figure 5d
that enthusiastic samples have more frequently a
standard deviation of AU 12 > 0.02.

5.4 Investigating Acoustic Features

We have seen that acoustic features are important in
improving our model’s performance. In this section
we want to evaluate if pitch (F0) and loudness are
independent from enthusiasm level. We perform
a one-way ANOVA for the mean F0 per sample
and its enthusiasm level, as well as for the mean
loudness. Both p-values are < 0.05, meaning that
the enthusiasm labels depend on the acoustic fea-
tures. In Figure 5e, we can see that monotonous
samples have a lower mean F0 than that of enthu-
siastic samples. We can also see in Figure 5f that
monotonous samples have lower mean loudness
than that of enthusiasm. These observations agree
with the intuition that enthusiastic speakers speak
louder and increase their pitch.
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Figure 5: Label distribution of different enthusiasm levels in relation to discourse relations (a,b), acoustic features
(c,d), and facial action units (e,f). In (a), most samples had no PDTB relation, however there is a visible difference
between monotonous and enthusiastic samples in the occurrence of temporal and contingency relations. In (b),
RST relations show that enthusiastic samples compared to monotonous samples use more elaboration, attribution,
and joint relations. In (c), we can see that monotonous samples have more often low intensities for AU26 (jaw drop)
than enthusiastic samples. (d) shows that monotonous samples have mostly very low standard deviation for AU12
(lip corner puller), but enthusiastic samples have higher standard deviation. In (e), we can see that enthusiastic
samples have a higher mean F0 (pitch) compared to monotonous samples. (f) shows that monotonous speech tends
to have lower mean loudness compared to enthusiastic speech.

6 Discussion and Conclusion

We present the first multimodal dataset for enthusi-
asm detection called Entheos7 and discuss several
baseline models. In addition, we present qualitative
and quantitative analyses for studying and predict-
ing enthusiasm using the three modalities of text,
acoustic, and visual.

Our work has several limitations. TED talks are
a very specific form of monologues as they are
well-rehearsed and prepared. However, it is more
likely that we can find enthusiastic speakers or well-
structured sentences in TED talks. To understand
enthusiastic behaviors in daily conversations, more
data from other domains need to be annotated and
studied. We hope that our annotation protocol will
help other researchers in the future.

Further theoretical and empirical research is
needed for better studying enthusiastic behaviors
in general. The signals and definitions that we have
worked with are not fine-grained or well-connected

7https://github.com/clviegas/
Entheos-Dataset

when exploring different modalities. Facial expres-
sions and gestures can potentially provide mean-
ingful contributions. Our experiments with facial
action units were not successful. Our baseline ap-
proach used statistical information of each AU in-
stead of the raw signal, which may dilute useful
information. More experiments are needed to eval-
uate if and how AUs can help predict enthusiasm.

We hope our resources provide opportunities
for multidisciplinary research in this area. Given
the difficulties of annotating multimodal datasets
in this domain, future work needs to investigate
weakly supervised approaches for labeling multi-
modal data.
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A Statistical Tests

In this section we present the results of the statis-
tical tests performed to the facial action units and
prosody features extracted from the entire dataset.

A.1 AU Statistical Tests

In order to understand which AU influence the en-
thusiasm level, we performed two different sta-
tistical tests: ANOVA for the three levels of en-
thusiasm (monotonous, normal, enthusiastic), and
T-test for two levels of enthusiasm (enthusiastic,
non-enthusiastic). In Table 6 on the left we can
see the results of the ANOVA, analyzing the mean
value of the different AUs per sample with the three
levels of enthusiasm. All mean AUs that show p-
value < 0.05 are highlighted. As AU 26 has the
lowest p-value, the label distribution is shown in
Figure 5c.

In Table 6 on the right we can see the results of
the ANOVA, analyzing the standard deviation of
the different AUs per sample with the three levels
of enthusiasm. As AU 12 has the lowest p-value,
the label distribution is shown in Figure 5d.

We also performed T-tests for the binary case
using the labels enthusiastic and non-enthusiastic.
Table 7 on the left shows that AU 17 (chin raiser)
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Mean Action Unit F-Statistic P-value

AU 01 0.1393 0.87
AU 02 0.4541 0.6351
AU 04 1.415 0.2434
AU 05 0.385 0.6805
AU 06 1.1288 0.3238
AU 07 0.3578 0.6993
AU 09 2.4968 0.0828
AU 10 2.4397 0.0877
AU 12 4.7553 0.0088
AU 14 1.1253 0.3249
AU 15 5.1991 0.0057
AU 17 4.672 0.0095
AU 20 0.8012 0.449
AU 23 1.1192 0.3269
AU 25 0.9896 0.3721
AU 26 6.0058 0.0025
AU 45 1.0887 0.337

Std Action Unit F-statistic P-value

AU 01 5.614114 0.003749
AU 02 1.052148 0.349531
AU 04 0.905609 0.404591
AU 05 1.778094 0.169435
AU 06 5.960989 0.002660
AU 07 1.948772 0.142930
AU 09 10.337395 0.000036
AU 10 8.383927 0.000243
AU 12 12.263390 0.000005
AU 14 5.483568 0.004266
AU 15 4.347689 0.013155
AU 17 12.201065 0.000006
AU 20 3.262334 0.038662
AU 23 8.411563 0.000237
AU 25 6.328837 0.001848
AU 26 11.989375 0.000007
AU 45 4.585977 0.010385

Table 6: ANOVA significance test for three levels of enthusiasm and AU mean values on the left and standard
deviation of AU on the right. AUs with lowest p-value are highlighted.

is the only AU with a p-value < 0.05. The distri-
bution of the average values of AU 17 are shown
in Figure 6(a). For comparison, the distribution of
the average AU 02 (outer brow raiser) with highest
p-value is shown in Figure 6(b). For both analy-
sis, ANOVA and T-test, the differences of standard
deviations among the enthusiasm levels are statisti-
cally significant for almost all AUs. This is not the
case when analyzing the average values of AUs.

A.2 Prosody Statistical Tests
We performed statistical significance tests using
the mean and standard deviation for F0 (pitch) and
loudness. In Table 8(left), the ANOVA analysis
results are shown and in Table 8(right), the results
of the T-test. In both significance tests all variables
have a p-value< 0.05, which means that all of
them influence the enthusiasm level. Figure 6(c-f)
show the label distribution for different values of
the variables used in the significance test.
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Mean Action Unit F-Statistic P-value

AU 01 -0.3995 0.6896
AU 02 0.0357 0.9715
AU 04 1.5205 0.1287
AU 05 0.4318 0.666
AU 06 -0.0535 0.9573
AU 07 0.7846 0.4328
AU 09 -1.8848 0.0597
AU 10 -0.9503 0.3422
AU 12 -1.1706 0.242
AU 14 0.5841 0.5592
AU 15 -0.9274 0.3539
AU 17 -2.9922 0.0028
AU 20 -1.2633 0.2067
AU 23 -1.4888 0.1368
AU 25 -0.586 0.558
AU 26 -1.2643 0.2064
AU 45 -0.3449 0.7303

Std Action Unit F-statistic P-value

AU 01 -2.290794 0.022160
AU 02 -1.451265 0.146985
AU 04 -0.909680 0.363186
AU 05 -1.067368 0.286035
AU 06 -2.203459 0.027765
AU 07 -1.574206 0.115721
AU 09 -4.374609 0.000013
AU 10 -3.239400 0.001233
AU 12 -3.181258 0.001507
AU 14 -1.460543 0.144420
AU 15 -2.571532 0.010253
AU 17 -4.600027 0.000005
AU 20 -2.514758 0.012050
AU 23 -2.810554 0.005031
AU 25 -1.972713 0.048773
AU 26 -2.491479 0.012865
AU 45 -1.378754 0.168245

Table 7: T-test for two levels of enthusiasm and AU mean values on the left and standard deviation of AU on the
right. AUs with lowest p-value are highlighted.
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Figure 6: Label distribution of enthusiastic and non-enthusiastic samples in relation to the (a) mean AU 17 (p-value
= 0.0028), mean AU 17 ( p-value = 0.9715), (c) mean F0 (p-value = 0.0), (d) std F0 (p-value = 0.0), (e) mean
loudness (p-value = 0.0034), (f) std loudness (p-value = 0.00).
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F-statistic P-value

Mean F0 113.4309 0.0000
Mean Loudness 8.2467 0.0003
Std F0 146.9639 0.0000
Std Loudness 16.9411 0.0000

F-statistic P-value

Mean F0 -13.1960 0.0000
Mean Loudness -2.9355 0.0034
Std F0 -13.9376 0.0000
Std Loudness -4.508 0.0000

Table 8: Significance test for mean and standard deviation of F0 and loudness to evaluate the dependence with
the different enthusiasm levels. Left: ANOVA significance test results three enthusiasm levels shows that all p-
value< 0.05, which means that all variables influence the enthusiasm level. Right: T-test significance test for two
levels of enthusiasm also shows that all variables influence the enthusiasm level.
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Abstract

Previous studies have argued that pre-trained
language models encode commonsense rela-
tional knowledge (e.g. that apples are ed-
ible). However, simultaneous work has re-
vealed that such models are often insensitive
to context, even ignoring overt contextual cues
such as negations. In this paper, we investigate
whether masked language models (the BERT
family) can move beyond naive associative bi-
ases (e.g., apple → edible) when the context
warrants (e.g. ranking inedible higher when
presented with the information that the apple
is rotten). We introduce the WINOVENTI pro-
cedure, which adversarially exploits generic
associations in masked language models to cre-
ate model-specific Winograd-style entailment
schemas. Using our constructed WINOVENTI
challenges set of over 2, 000 schemas, we
show that language models in the BERT fam-
ily experience a steep drop in performance
on prompts that require them to pick answers
which require reasoning about context (e.g.,
from 89.8% to 18.4% for BERTLARGE). We
present evidence that language models exhibit
different associative biases, suggesting a need
for future work in developing and analyzing
frameworks similar to WINOVENTI that are
tuned to model-specific weaknesses.

1 Introduction

Humans exhibit commonsense knowledge through
their ability to identify generics (e.g., that a dog has
four legs) while still recognizing that exceptions
to such rules are possible (e.g., that there are cases
of three-legged dogs) (Greenberg, 2007), and that
the probability of such exceptions can vary based
on the context (e.g. “the dog is running” vs. “the
dog is hobbling”). A prerequisite to comparing a
machine’s performance to human intelligence is,
hence, the verification that machines can exhibit
a sensitivity to context that would allow them to

perform as well on cases that require reasoning
about exceptions as on cases that require recalling
generic associations.

Recent work (Petroni et al., 2019) has shown
that large pretrained language models, in partic-
ular Masked Language Models (MLMs) such as
BERT (Devlin et al., 2018) are competent at asso-
ciating entities with their common characteristics.
For example, BERTLARGE readily recalls apple→
edible and charcoal→ hot. However, as demon-
strated by Ettinger (2020) and Kassner and Schütze
(2019), BERT is insensitive to various overt con-
textual cues, notably negation. For example, given
the context “The shower is ,” BERTLARGE pre-
dicts the words “cold”, “long”, and “empty”, the
same top 3 predictions it makes given the context
“The shower is not ”. Such results suggest that
while language models like BERT capture many
commonsense patterns, such success might be lim-
ited to inferences involving common generaliza-
tions (appearing in an affirmative context, or using
common lexical associations) and not those involv-
ing exceptions (appearing in a negative context,
or requiring the models to choose less frequently
associated lexical items).

In this paper, we investigate whether it is indeed
the case that the “commonsense reasoning” exhib-
ited by MLMs is limited to frequent generalizations
as opposed to exception cases. We make three main
contributions. First, we present the WINOVENTI

procedure (§2) for identifying model-specific asso-
ciative biases and adversarially building Winograd-
style challenges (Levesque et al., 2012) to test mod-
els’ commonsense inference ability. Second, we
apply the WINOVENTI procedure to evaluate the
commonsense inference performance of a suite
of pre-trained MLMs (§3). We find that all the
evaluated models experience dramatic performance
drops on prompts that require the models to rea-
son about exceptions to commonsense generaliza-
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WINOVENTI Procedure Summary
Step 1: Identifying Generic Associations
Sample In: { honey, tarantula }
Sample Out (BERTLARGE): honey→ good,

tarantula→ poisonous,
tarantula→ female

See Table 3

Step 2: Collecting Exceptions of Associations
Sample Out: (honey, good)→ terrible

(tarantula, poisonous)→ safe
(tarantula, female)→ male

Step 3: Adversarial Filtering
Sample Out (BERTLARGE): True, True, False
Rationale: In the last example, BERTLARGE
associates the exception characteristic (male)
with the entity (tarantula) more strongly than
the generic association (female).

Step 4: Collecting Premises
Sample Prompt:

(1) The honey is [good/terrible].
(2) The tarantula is [poisonous/safe].

Sample Out: (1) After adding honey to my tea,
it was (delicious/oversweet).
(2) Kim was (terrified/thrilled) when
he asked her to hold the tarantula.

Step 5: Challenge Set Validation
Sample Out: False, False
Rationale: In the first example, word association
can be used to select the correct answer. In the
second, the property-to-association mapping
is not one-to-one, causing ambiguity.

Table 1: Summary of the WINOVENTI pipeline for con-
structing common sense inference challenge set.

tions. Humans, in contrast, perform consistently
well (∼90%) across inferences in our data. Third,
we release our human-curated evaluation dataset
of 2, 176 sentence pairs probing inferences about
commonsense generalizations and exceptions. All
of our code and data are available at http://http:
//commonsense-exception.github.io.

2 WINOVENTI Procedure

2.1 Overview

The WINOVENTI procedure aims to produce
Winograd-style sentence pairs to test models’ abil-
ity to reason about common sense generics and
exceptions. For example, a sentence pair might

look like the following:

sg: Zeke says that the apple is delicious. The
apple is [MASK].→ edible > inedible

se: Zeke says that the apple is rotten. The apple
is [MASK].→ inedible > edible

That is, we seek to generate pairs of sentences–
which we call sg and se, for generic and exception–
which differ by a single word (wg/we), such that
that difference should lead to a change in the rela-
tive probability of other words (og/oe) in the con-
text. For example, the presence of we = “rotten”
causes oe = “inedible” to be more probable given
se than given sg. We seek to generate such pairs
adversarially, meaning that, in the example above,
we want to ensure that the model generally asso-
ciates “edible” with “apple” and thus performing
correctly on se requires using context to override
this prior association.

Our five-step procedure is summarized in Table
1. First (§2.2), given a model and a target noun, we
identify the model’s generic associations (or just
generics), i.e., the characteristics that the model
tends to associate with the noun in a generic con-
text. For example, given a target noun “apple”,
we might identify “edible” as one such associa-
tion. Second (§2.3), crowd workers are asked to
provide contrasting characteristics (or exceptions)
that could plausibly describe the noun. For exam-
ple, workers might provide “inedible” or “plastic”
as characteristics that contrast with “edible” in the
context of “apple”. Third (§2.4), we perform an
adversarial post-processing step in which we filter
out worker-provided exceptions that the model as-
sociates with the target more strongly than the orig-
inal generic. That is, if a worker provides the char-
acteristic “poison” and it turns out that the model
associates “poison” with “apple” more strongly
than it associates “edible” with “apple”, we would
filter “poison” out of our list of exceptions. Fourth
(§2.5), we crowdsource premise pairs that would
ideally effect the relative probability of the generic
characteristic vs. the exception characteristic, such
as those shown in sg and se above. Finally (§2.6),
the schemas are validated by human annotators, af-
ter which we filter out annotations that are trivial or
ambiguous. Using this five-step procedure, we con-
struct the WINOVENTIBERT LARGE challenge set of
2,176 sentence pairs.1

1Available at:
http://commonsense-exception.github.io.
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Prompt pairs Generic/Exception Outcomes
sg = Regina screamed when she picked up the pan. The pan is . hot / cold
se = Regina shivered when she picked up the pan. The pan is . hot / cold
sg = Tonight Mike’s pets would be happy. The pet food is . available / unavailable
se = Tonight Mike’s pets would be hungry. The pet food is . available / unavailable

Table 2: Examples of our schemas. Each prompt contains a premise with an underlined special word (first
sentence) and an outcome sentence. sg = generic prompt. se = exception prompt. All prompts and excep-
tion outcomes are crowdsourced, whereas generic outcomes are generic associations identified in some MLM
(BERTLARGE, in our paper). Correct answers are in bold.

We draw our target nouns from the THINGS
dataset (Hebart et al., 2019) which consists of 1,854
concepts from 27 semantic categories. All of our
crowdsourcing tasks are run on Surge (surgehq.
ai), a high-quality crowdsourcing platform similar
to Amazon Mechanical Turk. For the exception
and premise generation stages (§2.3 and §2.5), we
recruited 100 workers through a qualification task
that required the workers to walk through the entire
WINOVENTI pipeline. The validation annotation
(§2.6) could be performed by anyone on the Surge
platform. The pay per response for the crowdsourc-
ing stages is as follows, chosen based on difficulty
and time taken to complete the task: (1) exception
generation (§2.3): $0.1, (2) premise generation
(§2.5): $0.3, (3) challenge set validation (§2.6):
$0.2, and (4) human performance: $0.03.

2.2 Step 1: Identifying Generic Associations

Given a set of target nouns, our first step is to find a
set of generic associations which models associate
with the noun regardless of context. To do this,
we focus on the widely-used BERTLARGE model
(Devlin et al., 2018), specifically the HuggingFace
cased, whole word masking implementation (24-
layer, 1024 hidden dimension, 16 attention heads,
336M parameters). We base our procedure off of
the insight from Ettinger (2020), which demon-
strated BERT’s insensitivity to negation. For exam-
ple, given the contexts “A robin is (not) a [MASK],”
BERT’s top two predictions would share {bird,
robin} in common, or given the contexts “A daisy
is (not) a [MASK],” BERT’s top three predictions
would share {daisy, rose, flower} in common. Our
experiments show that this behavior holds consis-
tent for other MLMs such as RoBERTa (Liu et al.,
2019), ALBERT (Lan et al., 2019), Longformer
(Beltagy et al., 2020), SqueezeBERT (Iandola et al.,
2020), and MobileBERT (Sun et al., 2020). Thus,
to identify context-invariant associations, we feed

in both affirmative and negated templates2 of the
form “The [ENTITY] is (not) [MASK]”. We then
define the models generic associations to be the
set of words that are in common between the top-k
predictions in the affirmative context and the top-k
predictions in the negative context. We experiment
with k ∈ {1, 3, 5, 8}. Table 3 shows generic asso-
ciations generated for BERTLARGE in this way for
different values of k.

k Generic Associations for BERTLARGE
1 desk→ empty, tarantula→ poisonous,

couch→ comfortable, syrup→ sweet,
honey→ sweet, compass→ accurate

3 desk→ there, tarantula→ edible,
couch→ empty, syrup→ bitter,
honey→ good, compass→ true

5 desk→ full, tarantula→ {female, male},
couch→ warm, syrup→ edible
honey→ edible, compass→ right

8 desk→ {mine, clean}, tarantula→ small
couch→ {clean, big}, syrup→ orange,
honey→ {delicious, there, honey}
compass→ wrong

Table 3: Examples of BERTLARGE generic associations
for different values of k. Generic associations are cu-
mulative across different k values (e.g., in the end, we
have compass→ { accurate, true, right, wrong }).

How similar are associations across models?
Since our dataset is constructed in particular to
be adversarial against BERTLARGE, it is relevant to
ask whether such a dataset will be equally adver-
sarial against all models in the BERT family. To
quantify whether models in the BERT family (de-
scribed in §3.2) differ in the generic associations

2We use a simple set S of two templates that
differ in the ending punctuation (S = {“The
[ENTITY] is [MASK].’’, ‘‘The [ENTITY]
is [MASK],’’}).
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Model name k = 1 k = 3 k = 5
BERTBASE 0.59 0.26 0.17
BERTLARGE 1 1 1
RoBERTaSMALL 0.61 0.2 0.11
RoBERTaLARGE 0.57 0.19 0.12
DistilRoBERTa 0.53 0.15 0.08
DistilBERT 0.57 0.18 0.12
SqueezeBERT 0.6 0.23 0.13
MobileBERT 0.65 0.28 0.16
ALBERTBASE 0.42 0.07 0.04
ALBERTLARGE 0.51 0.1 0.07
ALBERTXLARGE 0.59 0.18 0.08
ALBERTXXLARGE 0.48 0.13 0.07

Table 4: Jaccard similarity of Generic Associations
made by models with respect to BERTLARGE. The
closer to 1, the more similar.

identified using this procedure, we compute the
Jaccard similarity–i.e., |A∩B||A∪B| , with A and B being
the set of associations made by two models. Table
4 shows the results for k = 1, 3, and 5. BERTBASE
and BERTLARGE have the highest similarity (with
a mean Jaccard score of 0.72). Most other models
only share roughly half of the generic associations
with another model. As k increases, generic associ-
ations start to differ across models (signified by a
decrease in the Jaccard similarity score). This sig-
nifies that models differ significantly in the generic
associations that they make.

Qualitatively, associations made by BERT-
family, RoBERTa-family and other models differ
from one another. While the evaluated RoBERTa-
family models display a slight tendency to asso-
ciate the words “empty”, “broken”, “dead” with
many nouns, the BERT-family models tend to
make other associations such as “used”, and “edi-
ble”. ALBERT models, on the other hand, make
quite different associations from all other mod-
els, such as “adjustable”, “gone”, “a”, and “cov-
ered” (with a full 41% of the associations made by
ALBERTXXLARGE being “adjustable”).

As we base this study on the associations made
by BERTLARGE, future work is to be done to extract
the different associations made by other MLMs to
pose a harder and richer set of challenges for those
models.

2.3 Step 2: Crowdsourcing Exceptions to
Generic Associations

Given the identified associative biases, we then use
crowdsourcing to find alternative characteristics
that can be true of the noun, but are perhaps less
stereotypically associated (e.g., “apples” can be

“inedible” if, for example, they are made of plastic,
or are poisoned). Workers are given statements of
the form “The [NOUN] is [PROPERTY]” where
[PROPERTY] is one of the generic associations
collected as described above (e.g., “The apple is
edible”), and then is asked to provide up to three
adjectives that would describe [NOUN] in the case
where it is not [PROPERTY] (e.g., in the case
that the “apple” is not “edible”). To increase the
quality of tasks presented to workers in later stages,
we also ask workers in this stage whether or not
a presented statement makes sense, and filter out
any sentences which workers flag as nonsensical.
Of the noun-property associations generated in our
first step, 10.45% are filtered out in this step.

The model-generated associative pairs can be
noisy. Particularly, we note that as we increase k,
the model becomes more likely to generate non-
sense pairs (e.g., glass → glass, dart → legal,
triangle → circular), and that the stereotypical
strength of association decreases (as shown in Ta-
ble 3). Thus, to increase the quality of the final
challenge set and minimize workers’ confusion,
our pipeline uses two main criteria to select which
association pairs to present to workers. First, as-
sociations are selected in an increasing order of k,
meaning we would include all associations at k = 1
first, and then those at k = 3, and so on. Second,
the templated statements presented to workers are
ranked according to perplexity scores assigned to
them by a unidirectional language model. For each
k of interest, we identify the inflection point in the
perplexity score, and only retain samples for which
the perplexity is below this point. At the end when
we have gathered more samples than we plan to
post, we perform a final round of inflection point
identification and retention. This leaves us with
1990 entity-association pairs.

To construct WINOVENTIBERT LARGE, we se-
lected 1990 entity-bias pairs to present to work-
ers (331 pairs were of 1-associative biases, 780 of
3-associative biases, 825 of 5-associative biases,
and 54 of 8-associative biases). 28 workers partici-
pated in this stage, and for each task workers were
paid $0.1. At the end, we received 2, 994 valid
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exception annotations from crowd workers.

2.4 Step 3: Adversarial Filtering

The goal of adversarial filtering is to make sure
that a model clearly favors the generic association
with a target noun (identified by an MLM) over an
exception association (crowdsourced) without any
additionally introduced context. A triplet of (Target
Noun, Generic Association, Exception Association)
passes our adversarial filtering stage if the proba-
bility that the model associates the Generic Asso-
ciation with the Target Noun (through statements
of template “The [NOUN] is ”) is higher than
that which the model associates with the Exception
Association.

This filtering is adversarial in that, by making
sure that a model innately favors one association
(e.g., edible) with a target noun (e.g., apple) over
another (e.g., inedible), the model has to demon-
strate a strong enough sensitivity to context to se-
lect the other association over the one that it in-
nately prefers (e.g., when presented with the infor-
mation that the apple is rotten).

In the construction of WINOVENTIBERT LARGE,
after adversarially filtering using BERTLARGE, we
retained 2, 745 (Target Noun, Generic Association,
Exception Association) triplets. Some examples of
triplets that were filtered out (in the same format)
are: (stair, long, short), or (mug, full, empty).

2.5 Step 4: Crowdsourcing Premises

As a result of Step 3, we have a set of (noun, generic
associations, exception associations) triplets that
have met our adversarial filtering criteria. We then
ask workers to create a minimal pair of premise
sentences (sg/se) differing by exactly one word
(wg/we) which differ in whether the generic out-
come (og) or the exception outcome (oe) is the most
probable continuation. For example, given the
triplet (“apple”, “edible”, “inedible”), our sen-
tence pair might be sg =“the apple is sweet and
se =“the apple is rotten. To minimize the cogni-
tive load on crowdworkers while still communicat-
ing these requirements, we provided examples of
two good and two bad premise pairs with a brief ex-
planation each of why each was good/bad, covering
all the requirements above.3 We also encouraged
workers to be creative and provide premises that
have diverse sentence structures. In total, 2, 745

3Our exact instructions and examples given to workers are
provided in Appendix A.2

premise pairs were collected. Table 5 shows several
examples of contexts generated in this way.

Crowdsourced Premises
Given: The mail is [anonymous/identifiable].
Annotation: I received a letter in the mail
from a (stranger/friend).

Given: The pill is [safe/unsafe].
Annotation: You will feel (better/worse) if
you take the pill.

Given: The paper bag is [empty/full].
Annotation: I took a (folded/heavy) bag to
the store.

Given: The timer is [accurate/inaccurate].
Annotation: Jim was (early/late) to work
of his timer.

Given: The bed is [comfortable/uncomfortable].
Annotation: Lola slept [soundly/miserably].

Table 5: Premise annotations collected given a target
noun and the identified generic/exception associations,
combined into a natural language sentence of format
“The is ” presented to workers.

2.6 Step 5: Challenge Set Validation
We evaluate each sentence pair using two criteria.
First, is it the case that the contexts differentiate the
probabilities of og and oe such that og only makes
sense given sg and oe only makes sense given se.
E.g., given “Matthew says that the apple is rotten.
The apple is [MASK]”, can edible be a sensible
answer)? Second, we ensure that the special words
are not synonymous with the outcomes, i.e., that
wg and og are not synonyms, nor are we and oe.
If the majority of workers (out of three) judge the
sentence pairs to pass the above criteria, the pair
is deemed valid. Criterion 1 is to ensure that the
outcomes are unambiguous to humans, while crite-
rion 2 is to ensure that synonymy can not be used
to trivially find the correct answer. For example,
criterion 1 filtered out prompts such as “Mary made
popsicles out of vitamins. The popsicle is [MASK].”
where both the choices (edible / nutritious) could
apply. Criterion 2 filtered out prompts like “The
doctor used a loaded test tube. The test tube is
[MASK].” where the correct answer (filled/hollow)
could easily be selected using word association.
Of the 2, 678 prompt pairs posted for evaluation,
502 were filtered out for failing at least one of the
two aforementioned criteria, leaving us with the
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final challenge set of 2, 176 prompt pairs (4, 352
prompts in total).

2.7 WinoVenti Challenge Set

To summarize, the final WINOVENTIBERT LARGE
challenge set consists of 2, 176 prompt pairs
(4, 352 challenge prompts in total) about 978 dis-
tinct entities. Each entity has at most 5 generic
associations, for a total of 186 distinct generic
associations identified by BERTLARGE across all
entities. The length of premises are on average
8 words. Using SpaCy’s Part of Speech tagger,
we identified that the special words (wg and we)
across different premises are predominantly ad-
jectives (apprx. 34%), nouns (apprx. 30.3%),
and verbs (apprx. 22.4%), with the presence of
other parts of speech such as adverbs, adpositions,
numbers, determiners, proper nouns, or pronouns.
Approximately 54.5% of the premises have the
special words in the last third, 28.4% in the mid-
dle third, and the rest 16.9% in the first third of
the premise. The challenge set is available at
http://commonsense-exception.github.io/.

3 Experiments

3.1 Task Definition

The task is defined as: given a pair of sentences
(sg, se) with the format in Table 2, and the pair of
single-word candidate outcomes (og, oe), does the
model correctly rank og as more probable than oe
given sg (general test), and, symmetrically, rank oe
as more probable than og given se (exception test).
An MLM’s performance is reported as the percent-
age of sentences for which the language model
successfully gives the correct answer a higher prob-
ability of filling in the blank than the incorrect
answer. Each model is evaluated on three dif-
ferent subsets of the full WINOVENTIBERT LARGE
dataset, as follows: All refers simply to the en-
tire WINOVENTIBERT LARGE challenge set (which
is only adversarially filtered using BERTLARGE);
Individual refers to a model-specific subset of
WINOVENTIBERT LARGE, specifically those pairs
which result after additionally model-specific ad-
versarial filtering; Intersection refers to the set of
188 prompts (94 each for the general test and the
exception test) that result when we take the intersec-
tion of each of the model-specific subsets generated
described in Individual. Note that both Individual
and Intersection reflect the performance of models
in an adversarial setting, and we do not expect these

subsets to show meaningfully different results. We
include Intersection simply so that we can compare
all models on a fixed test set in an apples-to-apples
setting, since the Individual subsets will vary from
one model to the next.

3.2 Models

We study the performance of the following pre-
trained models (HuggingFace implementation) on
our WINOVENTIBERT LARGE challenge set:

BERT-family We used BERTBASE (cased) and
BERTLARGE (cased, trained with a whole word
masked language modeling objective) models (De-
vlin et al., 2018). We also evaluated DistilBERT
(Sanh et al., 2019) (cased), which has 40% less
parameters than BERT while still performing al-
most as good as the original model. MobileBERT
(Sun et al., 2020), similarly seeking to compress
and accelerate the BERT model, is also included
in our experiments (uncased). Additionally, our
experiments also evaluated SqueezeBERT (Iandola
et al., 2020) (uncased), which has a similar bidi-
rectional transformer architecture like BERT, but
uses grouped convolutions instead of certain fully-
connected layers.

RoBERTa-family Our experiments also evalu-
ate RoBERTaBASE and RoBERTaLARGE (Liu et al.,
2019) versions that were trained on a masked mod-
eling objective. RoBERTa build on BERT, differing
in hyperparameter choices and pre-training objec-
tive. We also used DistilRoBERTa (Sanh et al.,
2019), which follows the same training and distilla-
tion process as DistilBERT, but based on RoBERTa
instead.

ALBERT-family We additionally evaluated
ALBERT{BASE, LARGE, XLARGE, XXLARGE} models
(Lan et al., 2019). Built off of BERT, ALBERT
is designed to reduce the number of parameters
and perform better on downstream tasks with
multi-sentence inputs.

3.3 Finetuning

To evaluate how the models perform after be-
ing fine-tuned on datasets that contain excep-
tions in similar sentence structures to our chal-
lenge set, we fine-tuned a subset of the mod-
els in question (BERTBASE, RoBERTaBASE, Dis-
tilRoBERTa, SqueezeBERT, MobileBERT, and
ALBERTBASE) on two subsets of our dataset, the
half and the full exception train sets. The half
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All Individual Intersection
Model name Generic Exceptn Generic Exceptn N Generic Exceptn

BERTBASE 83.0 23.1 89.3 16.7 1871 96.0 8.3
BERTLARGE 89.8 18.4 89.8 18.4 2176 97.4 11.4

RoBERTaBASE 79.5 27.2 87.3 18.8 1801 95.6 12.7
RoBERTaLARGE 81.3 29.2 91.1 18.9 994 95.6 17.5
DistilRoBERTa 78.3 26.5 91.1 13.1 948 93.9 14.0

DistilBERT 85.8 19.4 89.8 15.2 1628 94.8 12.7
SqueezeBERT 85.5 21.1 92.1 13.6 1823 97.4 7.9
MobileBERT 82.7 23.0 89.8 15.6 1856 96.9 7.0

ALBERTBASE 77.4 28.0 87.2 18.4 1525 94.3 11.0
ALBERTLARGE 79.6 26.8 87.6 18.9 1324 93.9 12.2

ALBERTXLARGE 80.7 31.9 89.0 23.5 777 96.1 13.1
ALBERTXXLARGE 77.7 32.4 80.0 32.4 959 83.8 31.9

Human performance 91.1 90.2 - - - - -

Table 6: Models’ performance on our generic and exception prompts. Generic tests evaluate whether, given
a generic prompt, the model would rank the generic outcome og higher than the exception oe). Exceptn tests
similarly check if the exception outcome oe is ranked higher than the generic og given an exception context.

exception set is created by selecting half of the
WINOVENTIBERT LARGE challenge set (2176 out of
4352 schemas). 50% of the training schemas (1088
out of 2176) are selected to be generic schemas,
and the rest are exception schemas. With this con-
figuration, models are fine-tuned on both generic
and exception schemas, and are sequentially evalu-
ated on unseen challenges (with a similar distribu-
tion of 50% generic schemas and 50% exception).

With the full exception train set, models are fine-
tuned exclusively on exception schemas. From the
set of exception challenges (2176 schemas), we per-
formed a 80-20 train-test split to select the full ex-
ception train set. To evaluate models trained on the
full exception train set, in addition to evaluating the
model accuracy on the held out exceptions (20% -
435 of the 2176 exception schemas), we also eval-
uate the fine-tuned models’ on (1) all the generic
challenges (2176 schemas), and (2) on a test set
similar to the above where half of the schemas are
generic challenges and another half are unseen ex-
ception challenges (870 schemas). The different
test scenarios help us understand how finetuning
on exception challenges influences models’ perfor-
mance on not only unseen exception challenges,
but also on generic challenges.

3.4 Results and Analysis

Table 6 shows each model’s performance across
each data subset (All, Individual, and Intersection)
broken down by task (i.e., generic vs. exception

test). Across the board, models perform signifi-
cantly better on the generic tests than on the ex-
ception tests (where accuracies are well below the
random baseline of 50%). This provides strong ev-
idence that models do not truly encode “common
sense”, but rather simply recall generic associations
in a context-agnostic manner.

Looking closely at the results on the All subset,
we see that models’ performance on the generic
test is overall lower and the performance drop on
the exception test is less dramatic, compared to the
results on the Individual and Intersection subsets.
This trend is expected, since, after adversarial fil-
tering, each model is only evaluated on prompts
where the model is inherently (before being intro-
duced to any additional context) skewed towards
choosing the generic association as a description of
the target noun. Even so, the numbers on this All
set are informative: they emphasize that models’
apparent success at recalling “commonsense” asso-
ciations is likely largely driven by artifact. That is,
when assessed on a set of common sense inferences
that don’t necessarily involve words from the top
of a model’s distribution in a given context, perfor-
mance is quite poor. On inspection, we see that,
for models outside the BERT family, the poor per-
formance is often attributable to low probabilities
for both the generic and exception outcomes (og
and oe) in both contexts, meaning the difference
between the probabilities is often small. In other
words, these models don’t encode the same generic
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associations that BERTLARGE encodes and, more-
over, don’t encode much difference at all between
og and oe.

Error Analysis Looking closely at specific
prompts on which models succeed and fail reveals
some interesting trends. For each model, we look
at the top 20 sentences from the exception test on
which the model exhibited the largest errors, where
the size of the error is measured by the difference
in the probability that the model assigns to the in-
correct outcome (in this case og) compared to the
correct outcome (oe). For BERTLARGE, we find that
55% of these top 20 failures involve strong generic
associations (i.e., those generated with k = 1). A
full 65% are cases when og is “empty”, suggesting
that BERTLARGE prefers to assign high probabil-
ity to this word across all contexts (see §2.2). In
contrast, looking at the top 20 sentences on which
BERTLARGE performed best, we learn that only
one involves og =“empty”, and only four involve
strong generic associations (k = 1).

Performing similar analysis for the other BERT-
family models (BERTSMALL, DistilBERT, Mobile-
BERT, SqueezeBERT), we see that the major-
ity of the successes involve non-associative noun-
characteristic pairs (i.e., pairs where the characteris-
tic is not identified as a generic association with the
noun by our procedure described in Section 2.2).
For BERTSMALL and DistilBERT, 40% of their 20
most successful cases involved nouns for which
the models did not encode any generic associations.
For SqueezeBERT and MobileBERT, it is 55% and
60%, respectively. This may signify stronger a rela-
tionship between a model not identifying a generic
association with a target noun and that model being
sensitive to a change in context about that target
noun.

Fine-tuning Analysis The results of our fine-
tuning experiments are shown in Figure 1 (with
additional results in §A.1). We see that, in general,
fine-tuning models on a dataset that contains ex-
ceptions (where the challenge format remains the
same between the train and test sets) can increase
the performance on unseen exceptions, but does so
at the expense of performance on generic prompts.
Specifically, when we train on a mix of generic
and exception schemas (our half exception set), the
model improves only slightly in performance on
exceptions, and converges to the same trend as the
un-finetuned model: i.e., performance on generics

far exceeds that on exceptions. In contrast, when
we train on only exception schemas (our full ex-
ception set), the performance on unseen exception
challenges increases faster and more significantly,
but this increase is at the expense of the rapid de-
crease of performance on generic challenges.

This poor performance on exceptions (at the ex-
pense of their performance on generics), suggests
that the conceptual associations encoded by MLM
models is fairly shallow: even with finetuning, the
models are not able to differentiate these types of
context-specific associations in a way that allows
them to perform well on both types of inferences
simultaneously. Future work is needed to develop
models with different architectures or loss func-
tions that might be capable of encoding more nu-
anced conditional associations.

4 Related Work

Ettinger et al. (2017) bring up the fundamental
problem of NLP models ignoring rare language
phenomena, as they typically rely on independently
and identically distributed probably-approximately-
correct model of learning, and as they often use
overly simplistic loss functions. Complementary to
our project, Ettinger et al. (2017) encourage robust
error analysis of NLP systems through developing
challenges that are based on linguistic phenomena,
and that have a low barrier to entry.

Common sense and probing. NLP has been in-
terested in encoding commonsense relations for a
long time (Liu and Singh, 2004). Recent work has
shown how pre-trained LMs exhibit common sense
knowledge even before fine-tuning (Petroni et al.,
2019), and that they can be built and used to mine
more commonsense information (Bosselut et al.,
2016; Davison et al., 2019). While this signifies
how LMs encode some common sense and pro-
totypical properties of nouns (Weir et al., 2020),
many researchers are pointing out these models’
insensitivity to context (Ettinger, 2020; Ravichan-
der et al., 2020), which is antithetical to common
sense.

Challenge Sets Many existing challenge sets
have provided concrete frameworks to evaluate
models inference ability, through coreference res-
olution (notably Winograd Schema Challenge -
WSC (Levesque et al., 2012)) or pronoun resolution
(notably in PDP (Morgenstern et al., 2016)). In this
work, similar to the Winograd Schemas (Levesque
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Figure 1: Left: Fine-tuning BERTBASE on a dataset that contains both generics and exceptions results in a minimal
increase in performance on exceptions. Right: Fine-tuning BERTBASE on a dataset containing only exceptions
results in an increase in performance on exceptions, at the expense of the accuracy on generics.

et al., 2012), we also generate pairs with a simi-
lalr structure (pairs of premises that differ in one
word that would determine the answer). However,
while Winograd schemas are model-agnostic, our
approach factors in models’ behavior in the design
of schemas in order to guarantee models’ bias to-
wards one specific answer (for each prompt).

Sakaguchi et al. (2020) build the WINOGRANDE

adversarial challenge set through using language
models to detect and filter out schemas with
language-based biases that would trivialize the task
of picking the correct answer. WINOGRANDE aims
to minimize the chance of models getting the right
answers for the wrong reasons (through leveraging
simple lexical associations that are annotation ar-
tifacts by human annotators). Our key motivation,
meanwhile, is to adversarially leverage the biases
that models associate with entities to “trick” them
into choosing incorrect answers. Our work uses
adversarially constructed test sets to expose heuris-
tics that models use. This technique has been used
widely in probing/analysis work, e.g., (Glockner
et al., 2018; Naik et al., 2018; Jia and Liang, 2017;
Nie et al., 2019; McCoy et al., 2019). The idea of
improving models performance on “exceptions” to
“generalizations” also shares much in common with
work on bias and fairness in NLP (Rudinger et al.,
2018; Zhao et al., 2018, 2019).

Gardner et al. (2020) propose the development of
contrast sets, which can be developed by manually
perturbing existing datasets in small but meaning-
ful ways that would change the gold label. Our
work, in contrast, factor in models’ insensitive as-
sociations into the construction of challenges in
addition to a slight change in context that is lever-

aged by contrast sets. Kaushik et al. (2019) sim-
ilarly propose using counterfactually-augmented
data to make models more robust against spuri-
ous associations. Our work adds to this work by
demonstrating that fine-tuning on exception chal-
lenges can increase the performance of models on
tail cases at the expense of the performance on
generic prompts.

5 Conclusion

We present the WINOVENTI procedure, which
adversarially exploits generic associations in
masked language models to create model-specific
Winograd-style schemas. Using our constructed
WINOVENTIBERT LARGE challenge set, we test
whether MLMs can move beyond their naive as-
sociations to select the more likely outcomes de-
pending on the input context. We find a steep drop
in models’ performance on our challenges that re-
quire a sensitivity to context. We present evidence
that generic associations differ from one model
to another, highlighting the need for other model-
specific challenge sets that are tuned to associative
biases of models other than BERTLARGE, and to (2)
develop and analyze frameworks like WINOVENTI.
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A Appendices

A.1 Fine-tuning Experiment
A.2 Crowdsourcing Instructions

Figure 2: Fine-tuned ALBERTBASE and RoBERTaBASE
show the same negative relationship between
generic and exception performances. Fine-tuned
RoBERTaBASE shows a higher increase in performance
on unseen exceptions in comparison to BERTBASE.
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Figure 3: Top Left: Exception Association Collection - Instructions. Top Right: Exception Association Collection
- Examples. Bottom Left: Premise Collection - Instructions. Bottom Right: Premise Collection - Examples.
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Figure 4: Top Left: Challenge Set Validation - Instructions. Top Right: Challenge Set Validation - Task Sample.
Bottom Left: Human Performance Collection - Instruction and Examples. Bottom Right: Human Performance
Collection - Task Sample.
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Abstract

Understanding what we genuinely mean in-
stead of what we literally say in conversations
is challenging for both humans and machines;
yet, this direction is mostly left untouched in
modern open-ended dialogue systems. To fill
in this gap, we present a grammar-based dia-
logue dataset, GRICE, designed to bring impli-
cature into pragmatic reasoning in the context
of conversations. Our design of GRICE also in-
corporates other essential aspects of modern
dialogue modeling (e.g., coreference). The en-
tire dataset is systematically generated using a
hierarchical grammar model, such that each di-
alogue context has intricate implicatures and is
temporally consistent. We further present two
tasks, the implicature recovery task followed
by the pragmatic reasoning task in conversa-
tion, to evaluate the model’s reasoning capa-
bility. In experiments, we adopt baselines that
claimed to have pragmatics reasoning capabil-
ity; the results show a significant performance
gap between baseline methods and human per-
formance. After integrating a simple module
that explicitly reasons about implicature, the
model shows an overall performance boost in
conversational reasoning. These observations
demonstrate the significance of implicature re-
covery for open-ended dialogue reasoning and
call for future research in conversational impli-
cature and conversational reasoning.

1 Introduction

“When a diplomat says yes, he means ‘per-
haps’; when he says perhaps, he means ‘no’;
when he says no, he is not a diplomat.”
—Voltaire, quoted in Spanish in Escandell
(1996) (Korta and Perry, 2020)

Voltaire’s above quote is an epitome of a cru-
cial aspect of conversation; the meaning of the
very same word or token varies according to its
context and goes beyond what we literally say,

Alice: Did you see the apples?
Bob: There is a basket in the dining room.

(The apples are in the dining room.)

Alice: How many?
Bob: There are at least two.

(I am not sure how many apples are there.)

Alice: Did you put them there?
Bob: I was in the kitchen.

(I didn’t put the apples in the dining room.)

Alice: Are all the oranges there?
Bob: Some are there.

(Not all the oranges are in the kitchen.)

Alice: What about the pears?
Bob: They are in the living room.

(The pears are not in the kitchen.)

Figure 1: An example of the conversation in the
proposed GRICE dataset. Each round of dialogue in-
cludes a question, an answer that may contain implica-
ture, and a recovered statement that converts the impli-
cature to explicature. Different colors highlight corefer-
ence flows.

which is the central character of the field of prag-
matics. Such a high-level comprehension of utter-
ance is more than traditional semantics and logic;
it is often believed to involve the construction
of the speaker’s intents, beliefs, and social insti-
tutes (Grice, 1975; Korta and Perry, 2020). For
instance (see Fig. 1), when asked “did you see
the apples?”, one would not merely say “yes” or
“no”; instead, one should provide an answer that
is cooperative, truthful, informative, relevant, and
perspicuous (Davis, 2016) based on the inferred
speaker’s intent and belief. Consequently, in the
above example, a person would instead answer the
actual location without mentioning any positive or
negative words. Such a teleological account echoes
Grice’s core insight that “language use is a form of
rational action; hence, technical tools for reason-
ing about rational action should elucidate linguistic
phenomena” (Goodman and Frank, 2016).
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In stark contrast, such a goal-directed perspec-
tive of conversational reasoning has been largely ig-
nored in the modern literature of Natural Language
Processing (NLP) (but see Dale and Reiter (1995);
Nematzadeh et al. (2018) as exceptions). The recent
development of open-ended dialogue systems has
a clear trend that adopts state-of-the-art deep learn-
ing or deep reinforcement learning methods, fueled
by hardware accelerations and massive sets of la-
beled data. However, the inspiring progress was
recently challenged by researchers (Shum et al.,
2018; Young et al., 2018); there remain valid con-
cerns that systems are simply imitating human re-
sponses by regressing a large amount of training
data without truly understanding it. Although we
see an emerging field of conversational reasoning
(e.g., Moon et al. (2019); Cui et al. (2020)), existing
work fails to account for the pragmatics perspective
within conversations: Human speakers usually do
not speak their thoughts or intentions directly; it
has to be inferred from the conversational context.

To fill the gap between the current open-dialogue
systems and the future humanlike dialogue systems,
we design a new open-dialogue dataset generation
protocol, which we refer as Grammar-based dataset
for Recovering Implicature and Conversational
rEasoning (GRICE), in homage to H. P. Grice for
his influential theory in explaining and predicting
conversational implicatures (Grice, 1975). Specifi-
cally, our design follows four principles.

First, we design the GRICE dataset with a focus
of conversational implicature (Grice, 1975), “one
of the single most important ideas of pragmatics”
(Levinson, 1985). Naturally, the ability to success-
fully perform implicature recovery in conversa-
tion (Borg, 2009) would be a suitable indicator of
a system’s performance; we adopt it as part of our
evaluation protocols. To recover conversational im-
plicature into explicit ones with only information
and context in the dialogue, an ideal model should
reason about the dialogue context and the relations
among dialogue entities.

Second, we emphasize the comprehension of
the conversational context and adopt the conver-
sational reasoning as part of the evaluation pro-
tocols. Again, we take the conversation in Fig. 1
as the example: When the speaker says “I was in
the kitchen,” what she really means is that she was
not in the dining room and therefore could not put
the apples there. The same response would have
the opposite meaning when the question becomes
“Were you in the kitchen?”. Such a swift switch

according to its dialogue context is a quintessen-
tial demonstration that human communication is a
context-dependent endeavor (Fetzer, 2017) and a
dynamic construct, which relates communicators
and the language that they use in a dialectical man-
ner (Bateson, 2000).

Third, we build the GRICE dataset by incorporat-
ing five different types of implicature; see details
in Section 4. To resolve these types of implicature,
the algorithm ought to make a proper prediction or
inference of intents and beliefs by representing and
reasoning about triadic relations (Saxe, 2006): the
speaker’s belief, the addressee’s belief, and what
they have or communicate in common.

Fourth, in comparison to prior work, Facebook
bAbi (Weston et al., 2016) and its follow-up work
ToM (Nematzadeh et al., 2018) that evaluate differ-
ent aspects of reasoning with a set of toy tasks, the
proposed GRICE dataset does not sacrifice crucial
characteristics of modern open-dialogue systems.
On the contrary, by integrating pragmatics and im-
plicature in conversation, we hope to shed light on
some challenging issues in open-ended dialogue:
• Coreference resolution (Chen et al., 2017; Kottur

et al., 2018) refers to finding all expressions that
refer to the same entity in the conversation. The
significance of resolving coreference becomes
even more profound in conversations with impli-
cature; Fig. 1 gives an example and highlights
the coreference flows in different colors.

• Commonsense reasoning (Sap et al., 2019; Tal-
mor et al., 2019; Speer et al., 2017) received an
increasing attention in NLP. Notably, researchers
have proposed the Winograd (Levesque et al.,
2012) and WinoGrande (Sakaguchi et al., 2020)
to examine commonsense reasoning. For conver-
sations with implicature, commonsense reason-
ing reflects a crucial concept of relevance. For
instance, to resolve the implicature in the con-
versation “A: I am out of petrol. B: There is a
garage around the corner.”, one needs to have the
commonsense that “a garage could store petrol.”

• Logic-based methods were once thought to be
the “ideal language” approach to the semantics
of human language (Russell, 1903), but were
later challenged by Wittgenstein (1953, 1969)
and Grice (1975). However, this disagreement
should not prohibit the central role of logical
forms in reasoning tasks. In fact, it would be
interesting to investigate if the modern end-to-
end trainable methods could benefit from logical
forms in conversational reasoning.
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The remainder of this paper is organized as fol-
lows. We review related work on dialogue dataset,
implicature, and conversational reasoning in Sec-
tion 2. In Section 3, two tasks are defined for evalu-
ations. We present detailed design, generation, and
analysis of the GRICE dataset in Section 4. By in-
troducing two evaluation protocols, we provide the
performance of baseline models with discussions
of results and future directions in Section 5.

2 Related Work

Dialogue Datasets Dialogue datasets have
been focusing on predicting the next most-likely re-
sponse by imitating the teacher’s responses (human
corpus) (Lowe et al., 2015; Zhang et al., 2018; Wu
et al., 2018). However, as pointed out by Cui et al.
(2020), prior datasets and associated methods lack
proper explicit reasoning modules; it later becomes
evident that such reasoning modules serve as the
scaffold in building a humanlike conversational
agent. Of note, a model’s reasoning capability is
minimal if it simply converts reasoning challenges
into a categorization problem when predicting the
utterances; it still tends to choose the most frequent
answer given the training set without genuinely
understanding the context and underlying meaning.

To the best of our knowledge, the proposed
GRICE dataset is the first open-dialogue dataset
that explicitly integrates implicature; see a detailed
comparison in Table 1. We hope our careful design
would encourage and even necessitate future mod-
els to make explicit reasoning on conversational
contexts, commonsense, and agent’s intents and
beliefs. The most similar dataset in terms of the
format is DREAM by Sun et al. (2019), a conver-
sational dataset with a question-answering (QA)
task. However, the design of the DREAM dataset
does not require much reasoning; answers can be
directly extracted. The most similar dataset in terms
of the task is CoQA by Reddy et al. (2019), which
considers pragmatics and QAs over literature para-
graphs; our GRICE dataset differs by reasoning
over the dialogue context between two agents.

Implicature Implicature has been extensively
studied in the field of linguistics and philosophy
since the inception of pragmatics; Grice (1975)’s
four maxims—quality, quantity, relevance, and
manner—founded the principles of the interpreta-
tion of conversation implicature. Two neo-Gricean
typologies of conversational implicature include
Horn and Ward (2004)’s Q- and R-implicature and
Levinson (1985)’s Q-, I-, and M-implicature. The

relevance theory developed by Sperber and Wilson
(1986) offers an alternative account to Gricean and
neo-Gricean theory. In general, although these doc-
trines provide crucial insights into the field, they
focus more on philosophical debates over toy ex-
amples without deriving computational solutions
or quantitatively validating the ideas on modern
large-scale natural language datasets.

Although a few computational models have
been proposed recently (e.g., Frank and Goodman
(2012); Goodman and Stuhlmüller (2013)), these
models assume the space of utterance and possi-
ble semantic meanings are finite or given, so that
models only need to pick up one over others based
on the shared context. Other models focus on more
specific tasks; for instance, recovering the direct
meaning from the indirect answer using scalar ad-
jectives (de Marneffe et al., 2010; De Melo and
Bansal, 2013), conducting analysis on the ironic
implicature behind simile (Veale and Hao, 2010).

By generating paired sentences in a semi-
automatic fashion with human annotations, Jeretic
et al. (2020) recently devise a dataset with a focus
on scalar implicature (Hirschberg, 1985). In com-
parison, the proposed GRICE dataset has a much
more natural setup and broader scope by combining
the multi-round open-dialogue with conversational
implicature. Additionally, leveraging a grammar
representation for fine-grained control, the GRICE

dataset is generated in a fully automated fashion
without human annotations. We hope such a design
could boost research in implicature, pragmatics,
and conversational reasoning at a large scale.

Conversational Reasoning In the past four
years, we have witnessed an increasing interest in
conversational reasoning in various contexts. Open-
DialKG (Moon et al., 2019) incorporates external
knowledge graphs to the dialogue context to pro-
vide extra entities as responses. Visual Dialog (Wu
et al., 2018; Zheng et al., 2019; Das et al., 2017)
takes images as external multi-modalities to reason
with dialogue context to generate visually grounded
responses jointly. MuTual (Cui et al., 2020) mod-
ifies English reading comprehension to select the
next best response by machine reasoning.

However, prior efforts have ignored the fact that
humans commonly do not directly speak out an-
swers. The proposed GRICE dataset is a comple-
ment of prior conversational reasoning tasks; it
focuses on implicature with conversational reason-
ing, which does not reject multi-modalities as they
could be a source of commonsense knowledge.
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Table 1: Comparing GRICE with existing conversational datasets.

Dataset Task Context Source Domain
Ubuntu (Lowe et al., 2015) Next Utterances Prediction Dialogue Ubuntu Chat logs
PERSONA-CHAT (Zhang et al., 2018) Next Utterances Prediction Dialogue Persona
Douban (Wu et al., 2017) Next Utterances Prediction Dialogue Open Domain
MuTual (Cui et al., 2020) Next Utterances Prediction Dialogue Listening Comprehension
DREAM (Sun et al., 2019) Question Answering Dialogue English Language Exams
CoQA (Reddy et al., 2019) Conversational QA Paragraph Literature
GRICE (ours) Implicature recovery &

Question Answering
Dialogue Open Domain with impli-

cature

3 Task Definition

To evaluate how well a model “understands” the
dialogue presented in the proposed GRICE dataset,
we devise two tasks: the implicature recovery task
and the conversational reasoning task, wherein the
latter task depends on the successful completion of
the former task. Below, we introduce the setup and
evaluation protocol of each task.

Alice: Where are the oranges?
Bob: They may be in the kitchen or the patio.

Alice: What about the apples?
Bob: Jack put them in the kitchen and went

to the bedroom.
(a) A sample dialogue with two rounds.

(A) Jack went to the bedroom and then put the
apples in the kitchen.
(B) Jack put the apples in the kitchen and
then went to the bedroom.
(C) Jack went to the bedroom and then put the
oranges in the kitchen.
(D) The apples are in the bedroom.

(b) Implicature recovery evaluated with multiple
choices.

Q1: Where are the apples?
A1: Kitchen
Q2: Who moved the apples?
A2: Jack
Q3: Does Bob know where the oranges are?
A3: No
(c) Conversational reasoning evaluated by QAs.

Figure 2: Examples of two tasks defined in GRICE
dataset. (a) Given a multi-round open-dialogue, an al-
gorithm is asked to perform (b) implicature recovery
and (c) conversational reasoning in the form of QAs.

Task 1: Implicature Recovery Formally, an
n-round dialogue occurring between two agents
is represented by a sequence of QA-pairs
tpQ1, A1q, pQ2, A2q, ..., pQn, Anqu, where Qi is
the question raised by the first agent, Ai is the
response provided by the second agent, which may

contain an implicature. To complete this task, a
model is asked to identify if Ai is a statement con-
taining implicature, and if this is true, to resolve
the implicature to its explicit form, i.e., to perform
implicature recovery.

The implicature recovery is evaluated in the form
of multiple choices: For each utterance, the ground-
truth condition (with implicature) and its explicit
form are given when generating the dialogue; the
explicit form, which not only recovers the implica-
ture but also resolves coreferences in the utterance,
serves as the correct answer in the multiple choices.
We then sample three possible answers from the
candidate pools, given a set of manually defined
speech templates (see details in Section 4). Figs. 2a
and 2b show an example: The last utterance by Bob
implicates (by the word “then”) the temporal order
between “put them in the kitchen” and “went to
the living room.” Thus, the correct implicature re-
covery should resolve “them” as “the apples” and
recover the correct temporal order.

Two strategies developed by existing work could
be adopted to address this task. One strategy is
to train a model that directly chooses an answer
from the candidate answers. Another more chal-
lenging strategy is to train a generator that chooses
the answer by computing the log-likelihood scores
and ranking the candidate answers as done by Das
et al. (2017). To quantitatively evaluate the perfor-
mance, we use the standard response selection met-
rics (Lowe et al., 2015; Wu et al., 2017; Cui et al.,
2020): Top 1 Recall (R@1) and Mean Reciprocal
Rank (MRR) (Voorhees et al., 1999).

Task 2: Conversational Reasoning To evalu-
ate the open-ended conversational reasoning, we
follow the same protocols as in Weston et al. (2016)
and Nematzadeh et al. (2018) with comprehensive
QAs. For each dialogue, we generate questions
by randomly sampling the conversational contexts
(see Section 4), and each question could be an-
swered by a single word; see Fig. 2c for examples.
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Alice: Where are the apples?
Bob: There is a basket in the kitchen.

Alice: What about the oranges? 
Bob: Jack put them in the living room.

Alice: Did you put the apples in the kitchen? Bob: I was in the living room.

Bob didn't put the apples in the kitchen.
Bob was in the kitchen.
The apples are in the kitchen.
The apples are in the living room.

Choice:

Figure 3: The graphical illustration of the grammar production rules for the GRICE dataset.

4 Creating the GRICE Dataset

Representation We adopt a structural gram-
mar model, Temporal And-Or Graph (T-AOG) (Qi
et al., 2020; Edmonds et al., 2019a; Tu et al., 2013),
to represent the dialogue context due to its ex-
pressiveness of hierarchical dialogue structure and
temporal-dependent dialogue flow. We represent
one turn of the dialogue as an AOG (Bonczek et al.,
1979, 1981; Pearl, 1984; Zhu and Mumford, 2007)
that has a hierarchy of five levels: conversational
context, subtopic, utterance type, speech template,
and named entity. AOGs are connected w.r.t. tem-
poral constraints in order to assemble the T-AOG.

Formally, an AOG (i.e., each turn of the dia-
logue) has two sets of non-terminal vertex: (i) a set
of And-nodes, wherein each node represents the
decomposition of a larger concept (e.g., subtopics)
into smaller components (e.g., utterance types),
and (ii) a set of Or-nodes, wherein each node
branches to an alternative decomposition (e.g., a
conversational context could have different types
of subtopics), enabling the model to reconfigure the
overall dialogue. An instance of AOG can be con-
structed by selecting a child node for each Or-node,
resulting in a parse graph.

Fig. 3 illustrates an example of AOG. Specif-
ically, the root node of one dialogue turn is an
Or-node, representing the current conversational
context. Represented by an And-node, each child
node of the root note denotes a subtopic of the cur-
rent dialogue turn. The subtopic is composed of
a set of utterance types, further decomposed into
speech templates filled by named entities. Instanti-

ating an AOG by selecting Or-nodes would produce
a complete utterance of a dialogue turn and pose
constraints on the next dialogue turn.

Conversational Context We follow Weston
et al. (2016) to represent dialogue context by a
simulated world with various dialogue entities: ob-
jects, locations, and agents. We randomly initialize
a world for each dialogue snippet by (i) position-
ing objects in locations with a random scalar (one,
two, ...), (ii) randomly setting a location for each
agent as the “previous agent location,” and (iii) for
each xobjecty in xlocationy, randomly selecting
an xagenty in xlocationy to denote that “xagenty
put the xobjecty in the xlocationy.”

Subtopic In this dataset, we focus on four dif-
ferent subtopics: agent location, agent action, ob-
ject location and object scale; see examples in Ta-
ble 3. Specifically, agent location queries the lo-
cation of some xagenty. The example in Table 3
implicates that “Jack was in the kitchen.” Simi-
larly, object location queries the location of some
xobjecty. Agent action queries the previous action
taken by some xagenty on some xobjecty. Typi-
cally, the action can be identified as an xagenty put
xobjecty in the xlocationy. Object scale queries
the quantity of some xobjecty. In particular, an al-
gorithm should also be able to reason about the
strength among the quantifying phrases, such as at
least, some, and all. A typical example shown in
Table 3 implicates that “Bob does not know if all
the apples are in the kitchen.”

Utterance Type Utterance type concerns how
to generate a QA-pair correctly. For questions, the
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Table 2: Definitions and examples of five types of implicature in the proposed GRICE dataset. Following the
conventional notation, S denotes the positive answer of the question, and S` denotes its stronger proposition.

Category Definition Example
Relevance Implicating the answer to an ex-

pressed or implied question by stat-
ing something related to the answer
by implication or explanation.

Alice: Where did you see the apples?
Bob: There is a basket in the kitchen.
(The apples are in the kitchen.)

Strengthening Implicating a stronger proposition
S` when not understatement.

Alice: Are some of the apples in the kitchen?
Bob: All of them are there.
(Not just some, but all of the apples

are in the kitchen.)

Limiting Implicating the denial of S`. Alice: Are all the apples in the kitchen?
Bob: Some are.
(Not all apples are in the kitchen.)

Ignorance Implicating that one does not know
whether S` is true (or that S` may
or may not be true).

Alice: Where did you see Jack?
Bob: He was in the kitchen or the bedroom.
(I am not sure where Jack was.)

Close-But Implicating a negative answer to
a question by affirming something
close to a positive answer in contex-
tually salient respects.

Alice: Did you put the apples in the kitchen?
Bob: I was in the living room.
(I did not put the apples in the

kitchen since I was in somewhere else.)

Table 3: Categories and examples of different subtopics
in GRICE dataset.

Subtopic Example
agent location Alice: Where was Jack?

Bob: I saw him in the kitchen.
agent action Alice: Did you put the apples in the

kitchen?
Bob: I was in the bedroom.

object location Alice: Where can I find the apples?
Bob: They are in the kitchen, if not
the living room.

object scale Alice: Are all the apples in the
kitchen?
Bob: At least four are there.

query types of each subtopic are manually defined.
For example, the question regarding Agent location
can be a yes/no question (“were you in the
kitchen?”) or a where question (“where were
you?”). For answers, we focus on five different
types of implicature (Huang, 2017; Horn and Ward,
2004; Davis, 2016): relevance, strengthening, lim-
iting, ignorance, and close-but; see Table 2 for
detailed definitions and examples.

Diversity We follow Weston et al. (2016) to
use a simple automated grammar to makes the con-
versation more natural and diverse: We assign a
set of synonyms for each verb; e.g., we randomly
replace (i) put with left, dropped, or placed, and (ii)
went with travelled, journeyed, or walked.

Since coreference is a crucial feature in the con-

versational context in GRICE dataset, we track
agents, objects, and locations mentioned in pre-
vious conversations and replace them with deixis
in the following conversational context.

Additionally, we build a set of follow-up ques-
tions for each type of dialogue action to challenge
the model’s ability to reason about the omission in
utterances. Take Fig. 2 as an example; the question
“What about the apples?” should be interpreted or
recovered as “Where are the apples?” during the
reasoning procedure.

Candidate Answer Generation To generate
candidate answers for each round of dialogue for
the implicature recovery task, we define four dif-
ferent strategies tailored to produce challenging
candidates. Among all four candidate answers, be-
sides the ground-truth condition in its explicit form,
the other three candidate answers are randomly
sampled from the candidate pool, composed by
applying the following strategies; see Fig. 4 for
examples of each strategy:
1. Statements that are similar to the ground-truth

condition but with wrong coreferenced entities.
2. Randomly sampled true condition but with irrel-

evant facts.
3. Randomly sampled wrong facts from the current

conversational context.
4. Manually created statements that are close to

the true condition but are in fact wrong.
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Conversation:
Alice: Where are the oranges?
Bob: Jack said he saw some in the kitchen.
Alice: Did he put them there?
Bob: He put them there and went to the bed-
room.
(Jack put the oranges in the kitchen

and then went to the bedroom.)

Examples of generated candidate answers:
1. Bob put the oranges in the kitchen and then
went to the bedroom.
2. Jack was in the bedroom.
3. The oranges are in the bedroom.
4. Jack went to the bedroom and then put the
oranges in the kitchen.

Figure 4: The candidate answers for the implicature
recovery task are generated following four different
strategies. 1. Statements that are similar to the ground-
truth condition but with wrong coreferenced entities.
2. Random sampled true condition but with irrelevant
facts. 3. Random sampled wrong facts from the con-
versational context. 4. Manually created statements that
are close to the true condition but are in fact wrong.

Questions We follow Weston et al. (2016) to
generate questions about the dialogue context. Af-
ter sampling the dialogue turns and finalizing the
dialogue context, we query current dialogue states
in terms of agent locations/actions and object loca-
tions/scales. Inspired by Nematzadeh et al. (2018),
we further add belief queries (e.g., “does Bob know
where the oranges are?”) to test the model’s capa-
bility of belief reasoning; see Fig. 2 for examples.

5 Experiments

We randomly sample 6,000 dialogues as the train
set and additional 4,000 dialogues as the dev set to
evaluate baseline models; each dialogue contains
10 dialogue turns and 3 questions. Detailed distri-
butions of implicature types are listed in Table 4.
For the test set, we sample 1,000 dialogues in each
implicature category, resulting in a total of 5,000 di-
alogues. Each test dialogue contains 3–5 dialogue
turns and one question on implicature. All data is
clean and noiseless.

Setup We model both tasks as a query over
the conversational context. Specifically, for the
implicature recovery task, we define ht “
pQt, Atq as the queried sequence and the Ht “
tpQ1, A1q, ..., pQt´1, At´1qu as the past dialogue
context. Then the task is to predict the explicit form
Et “ fpht, Htq. For the conversational reasoning

Table 4: Distribution of implicature types (%).
Train Dev

Explicit Answer 27.3 29.6
Implicature 72.7 70.4

Relevance 9.9 9.3
Strengthening 22.5 22.9
Limiting 6.3 6.4
Ignorance 23.5 21.2
Close-But 10.5 10.8

task, we treat the entire history as the input context
and the question as the query sequence. The task is
then modeled as a Sequence-to-Vector framework
that maps the query with its context to the vocabu-
lary space. We implemented all models in PyTorch
and trained using ADAM (Kingma and Ba, 2014)
with a learning rate of 0.001 for 40 epochs.

5.1 Baseline Models
We evaluate 5 representative baseline models for
both tasks on the GRICE dataset. The baseline mod-
els are chosen on the basis of performing well on
synthetic language datasets (e.g., Facebook bAbi)
or similar tasks and easy adoption to perform con-
versational reasoning tasks. We additionally test the
performance of transformer-based language mod-
els, claimed to have strong reasoning capabilities.

LSTM We start with a simple dual LSTM
model: one LSTM to encode the history context
as a long context sequence, and another LSTM to
encode the queried sequence. A simple MLP fuses
two encoded vectors to predict answers.

Recurrent Entity Network (EntNet) EntNet
(Henaff et al., 2017) is an RNN-based memory-
augmented architecture, capable of capturing the
sequential nature and learning relevant entities with
their properties by gated recurrent units and weight
matrices. Our implementation is based on its offi-
cial open-sourced code1.

Relation Network (RelNet) Santoro et al.
(2017) propose a neural model for relational reason-
ing. The algorithm considers each pair of sentences
together with the question as inputs. Our implemen-
tation is based on its official open-sourced code2.

Memory Network (MemNN) We follow We-
ston et al. (2015) to build a memory network3 that
takes each round of history context as a supporting
fact and stores it in the memory bank; the algorithm

1https://github.com/jimfleming/
recurrent-entity-networks

2https://github.com/siddk/
relation-network

3https://github.com/facebook/MemNN

2080



is expected to learn to refer to the memory when
predicting answers. Specifically, we use an LSTM
to encode each round of history and compute the
association matrix between the queried sequence
and the memory bank. We apply a softmax to the
association matrix to get the attended weight of
the dialogue history. Finally, we compute the at-
tended dialogue history embedding and combine it
with the queried embedding using a simple MLP
to predict answers.

Transformer-based Language Model Fine-
tuning transformer-based language models (e.g.,
GPT (Radford et al., 2018) and BERT (Devlin et al.,
2019)) has shown superior performance on conver-
sational reasoning tasks (Sun et al., 2019). We use
BERT-base-uncased 4 as our pre-trained model and
apply it to the conversational reasoning task by
adding a single linear layer to generate answers
from the target vocabulary set.

Human Performance We randomly selected
100 dialogues and assigned them to 40 human sub-
jects in a between-subject design; 20 subjects for
the implicature recovery tasks, and another 20 sub-
jects for the conversational reasoning task.

5.2 Evaluation and Results

Implicature Recovery We start by evaluating
the performance of the baseline models on the
implicature recovery task. As discussed in Sec-
tion 3, we evaluate under two different settings
to predict the implicature recovery results: the
discriminative setting and the generative setting
(marked by “-Gen”). For the discriminative set-
ting, we take the encoder output and compute the
similarity score with each candidate answer to pre-
dict the final choice. For the generative setting,
we train the encoder-decoder framework using the
teacher-forcing algorithm by minimizing the nega-
tive log-likelihood between the generated answers
and the ground-truths. Overall, the generative set-
ting is more challenging than the discriminative
one; see Table 5 for results on dev and test sets.

Conversational Reasoning We follow We-
ston et al. (2016) and Nematzadeh et al. (2018)
on performance evaluation of the conversational
reasoning task, measured by the accuracy score in
the vocabulary space; see Table 6 for the results of
all the baseline models on the dev and test sets.

4https://github.com/huggingface/
transformers

Table 5: Performance on implicature recovery task.
Dev Test

Model R@1 MRR R@1 MRR
LSTM 81.92 0.9046 83.54 0.9145
EntNet 89.07 0.9445 91.15 0.9523
RelNet 93.02 0.9623 95.33 0.9602

MemNN 96.76 0.9833 97.29 0.9862
LSTM-Gen 62.28 0.7763 65.02 0.7784

MemNN-Gen 86.29 0.9305 88.79 0.9418
Human 99.00 - 98.50 -

Table 6: Performance on conversational reasoning task.
Accuracy (%)

Model Dev Test
LSTM 59.77 55.82
EntNet 57.91 53.17
RelNet 63.02 65.50
MemNN 64.66 67.32
BERT 67.21 71.06
MemNN w/ inf 69.24 73.12
Human 98.50 97.50

Analysis Comparing the model performance
with the human performance in Tables 5 and 6,
we see a consistent and competent performance in
human subjects, whereas the model performance
of the conversational reasoning task drops signif-
icantly even after a relatively good performance
on the implicature recovery task. This contrast in-
dicates that the models that perform well on the
implicature recovery task may not really “under-
stand” the conversational context to be used in the
following conversational reasoning task.

To further test this hypothesis, for the implica-
ture recovery task, we additionally pre-train an in-
ference encoder that predicts the explicit/recovered
answer under the generative settings (MemNN w/
inf), given the previous dialogue history. This ad-
ditional inference model is further appended into
the basic model and fused to predict the final an-
swer. Such a setting would be a reasonable test to
see how well a model could perform if they ex-
plicitly incorporate the recovered implicature from
the implicature recovery task to solve the later con-
versational reasoning task. As shown in both Ta-
ble 6 and Fig. 5, we observe that the conversational
reasoning performance improves an average 5%
with this additional inference module; for certain
implicature types, it boosts the performance for
more than 25%. Of note, it even outperforms the
previous state-of-the-art model that fine-tunes the
pre-trained Bert model, indicating the significance
of incorporating an explicit module of implicature
recovery for pragmatic reasoning in conversation.
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Figure 5: Performance comparison between MemNN
and with additional inference module (MemNN w/ inf)
that explicitly recovers the implicature.

6 Discussions and Future Work

Synthetic Corpus vs. Natural Corpus Creat-
ing synthetic datasets is commonly challenged in
the current deep learning community due to the
potential unnaturalness of the generated corpus.
Nevertheless, it is worth noting that the axes along
which the dataset is unnatural are unrelated to our
primary focus—pragmatic implicature. By care-
fully and systematically incorporating the prag-
matic phenomena existing in daily conversations,
the proposed GRICE dataset, though synthetic,
could be considered as one additional dimension
in evaluating language models. In fact, although
moving towards natural conversations may increase
the diversity of responses, it will also introduce
two potential problems: (i) Most daily conversa-
tional snippets only consist of one or fewer impli-
cature, which cannot highlight the core challenges
presented in the proposed GRICE dataset. (ii) The
implicatures in natural dialogues are unstructured,
requiring experts to label their explicit form, which
may introduce errors and uncertainties.

Direct Evaluation vs. Indirect Evaluation
Although the proposed GRICE dataset incorporates
the triadic relations among agents and additional
challenges (e.g., coreference, commonsense) pre-
sented in modern dialogue systems, it is difficult
to directly evaluate these aspects in an open-ended
dialogue system, especially with implicature. One
may use an indirect metric, i.e., whether the sys-
tem performance would improve after integrating
such modules. Moving forward, we call for future
research to design more direct evaluation metrics
in addition to the present implicature recovery and
conversational reasoning tasks.

Human Performance vs. Machine Perfor-
mance The experimental results show that the
existing models do exhibit a certain level of rea-

soning capability, though weak. Additionally, the
performance gap between the implicature recovery
and conversational reasoning tasks leaves us with
many mysteries. Humans seem to be reasonably
consistent in solving both tasks, whereas current
models are not. One possible explanation is that
the computational model is able to fit the relatively
confined space of the implicature recovery task
based on the training data, but fails to incorporate
such knowledge for the more open-ended conver-
sational reasoning task. This possible explanation
is further backed up by the above experiment with
an additional inference module.

Another potential reason is that existing models
may lack generalizability that can leverage knowl-
edge learned from known implicature to solve
unseen conversations. In other words, they can
only memorize token patterns from existing cor-
pus rather than understand the rationale behind
the language context, thus would fail to perform
deductive or abductive reasoning tasks. Similar ob-
servation has been investigated by other reason-
ing tasks, including IQ test (Zhang et al., 2019a,b,
2021b), number sense (Zhang et al., 2020), causal
reasoning (Edmonds et al., 2018, 2019b, 2020;
Zhang et al., 2021a), and more generic general-
ization tasks (Lake et al., 2015; Xie et al., 2021; Li
et al., 2021; Zhu et al., 2020).

Fundamentally, how could we properly lever-
age the knowledge extracted during the implica-
ture recovery task for the following conversational
reasoning task? Levinson (1995) argues that hu-
man conversation depends on intention-ascription,
where inferences must be made way beyond the
data, therefore forming an abductive process. A
possible and promising future direction would be
using a neural-symbolic solver, capable of handling
noisy inputs using neural-network modules and rea-
soning about the answers in a logic-like style.
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Abstract

Retrofitting is a technique used to move word
vectors closer together or further apart in their
space to reflect their relationships in a Knowl-
edge Base (KB). However, retrofitting only
works on concepts that are present in that
KB. RetroGAN uses a pair of Generative Ad-
versarial Networks (GANs) to learn a one-
to-one mapping between concepts and their
retrofitted counterparts. It applies that map-
ping (post-specializes) to handle concepts that
do not appear in the original KB in a manner
similar to how some natural language systems
handle out-of-vocabulary entries. We test our
system on three word-similarity benchmarks
and a downstream sentence simplification task,
and achieve the state of the art (CARD-660).
Altogether, our results demonstrate our sys-
tem’s effectiveness for out-of-knowledge and
rare word generalization.

1 Introduction

Retrofitting word embeddings with a KB (Faruqui
et al., 2015; Speer and Chin, 2016; Mrkšić et al.,
2017) means taking a vector space of word embed-
dings and finding a mapping that moves some of
these word vectors closer together and others fur-
ther apart, such that these vectors’ new positions
in the vector space are in better agreement with
the relationships between the same words (a.k.a.,
concepts) in a KB (Speer and Chin, 2016; Mrkšić
et al., 2017). However, the retrofitting process can
only work on concepts that are actually present
in the KB (a.k.a., constraints), which means that
retrofitting can get us improved performance in
semantic tasks only on the overlapping vocabu-
lary between the KB and the word embeddings.

∗Work done while at the MIT Media Lab

Post-specialization(Vulić et al., 2018; Kamath et al.,
2019) is a solution to this problem; it is a series
of techniques that try to (1) learn the mapping that
retrofitting establishes and (2) generalize the map-
ping to the rest of the embedding vocabulary.

We develop and present a post-specialization
system called RetroGAN that builds upon the ap-
proach presented as AuxGAN (Ponti et al., 2018)
by extending it to have a pair of Generative Adver-
sarial Networks (GANs) (Goodfellow et al., 2014).
A regular GAN minimizes the loss when learning
the function for post-specialization. Our pair works
in a cyclic manner to minimize the losses of both
the post-specialization and the inverse to ensure
that there is a one-to-one mapping between the two
domains. This constrains the outputs for unseen
data in both domains and leads to achieving higher
performance for unseen concepts.

2 Related Work

Within the field of retrofitting, work has been
done in exploring the various ways of infusing
constraints or KBs into word embeddings. The
original work by (Faruqui et al., 2015) only used
synonymy relationships but not antonymy relation-
ships, which meant that word embeddings with
similar (synonymous) semantics in the KB would
be pulled together, but word embeddings with dis-
similar (antonymous) semantics would not be sep-
arated. The Attract-Repel work by (Mrkšić et al.,
2017) addressed this shortcoming by incorporating
antonymy relationships in a retrofitting procedure:
synonymous embeddings are attracted to each
other, while antonymous embeddings are repelled
against each other. This line of work was con-
tinued with the work done by Lexical Entailment
Attract-Repel (Vulić and Mrkšić, 2018)(LEAR),
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Word Distributional Neighbor Retrofitted Neighbor
Dog dog, dogs, puppy, pup , canine, pet, doggie, beagle,

dachshund, cat
dog, beagle, pooch, dachshund, puppy, mutt, poo-
dle, Rottweiler, canine, labrador

Doggo pooch, doggies, bae, chihuahua, rad, pug, kitty,
dane, furbabies, \uf602

doggies, pooch, dachshund, four-legged, Yorkie,
corgi, whippet, amigos, Weimaraner, Dog

Table 1: Results of the 10 most similar embeddings for “dog” and “doggo” for FastText embeddings. The distri-
butional neighbors are the closest embeddings in the original distributional space and the retrofitted neighbors are
the closest in the RetroGAN post-specialized space. We can see that “doggo” was near slangs such as “bae” and
“furbabies”, but after post-specialization, it gets closer to words that we regard as semantically similar to “dog.”
The one-to-one mapping that RetroGAN provides is key to being able to incorporate useful semantic information
into rare-words possibly like “doggo”.

which looks to add the asymmetric lexical entail-
ment relationship to Attract-Repel. 1

Building on these works, a series of techniques
called post-specialization were developed. These
techniques consist on utilizing neural models to
learn retrofitting mappings such as (Glavaš and
Vulić, 2018) and (Ponti et al., 2018; Kamath et al.,
2019) which use a Deep Feed-forward Neural Net-
work and a Generative Adversarial Network (GAN)
respectively. Post-specialization permits, provided
a static word embedding, to generate its retrofitted
counterpart on the fly with a trained system. A
concrete example is in table 1.

As it stands, attention has been shifted to us-
ing contextual embeddings such as those produced
from BERT (Devlin et al., 2019) on downstream
tasks. Only recently have there been efforts in in-
corporating external, KB assertions into pre-trained
transformer-based systems (e.g., KnowBERT (Pe-
ters et al., 2019), Align-mask-select (Ye et al.,
2019), and LIBERT (Lauscher et al., 2019)). LIB-
ERT bridges contextual and retrofitted embeddings
by leveraging the knowledge in retrofitted embed-
dings to find lexical tuples that are fed into BERT
to focus on their lexical information.

GANs have been utilized extensively in the im-
age domain to create lifelike images. CycleGAN
(Zhu et al., 2017) and other cyclic systems (Kim
et al., 2017) have been utilized to perform style
transfer (i.e. apply certain distinctive characteris-
tics from one image domain into another). Cycle-
GAN serves to learn a, possibly unpaired, one-to-
one mapping from one domain to another. To ef-
fectively utilize paired data, the work by (Tripathy
et al., 2018) modifies the CycleGAN architecture
to include a conditional cyclic loss in which new
discriminators are conditioned to determine if a
generated sample is real or not based on a given,

1We do not use LEAR because in the original work, it did
not alter the similarity tasks results, but they can be exchanged.

possibly paired, input. This in turn permits leverag-
ing paired data to improve the one-to-one mapping.

3 RetroGAN

RetroGAN is a system that builds on (Ponti et al.,
2018) by utilizing a CycleGAN-like architecture
(i.e., we use a pair of GANs cyclicly but our lay-
ers are different from the original CycleGAN). We
chose the CycleGAN-like architecture because, in
our domain, the cycle-consistency constraints can
enforce a one-to-one mapping from original em-
beddings to retrofitted embeddings. This map-
ping guarantees that unseen concepts will have
their own, unique retrofitted counterparts. We use
RetroGAN to learn the mapping of Attract-Repel
(Mrkšić et al., 2017) retrofitting (with the synonymy
and antonymy constraints from the Attract-Repel
paper(Mrkšić et al., 2017)) on a subset of static
word embeddings (i.e.., FastText (Bojanowski et al.,
2017), and Numberbatch (Speer et al., 2017)), and
perform post-specialization on the entire set.

3.1 Model & Architecture

RetroGAN consists of two GANs that interplay
to balance a combination of losses to transform
a particular word embedding xi ∈ X from its
original domain X to its counterpart yi ∈ Y in
the retrofitted domain Y , and vice-versa. In both
GANs that we employ, the generator consists of an
input layer followed by 2 hidden dense layers with
2048 neurons and each followed by a dropout layer
(with a percentage of 0.2 for the dropouts), and a
final linear output layer with the same dimension-
ality as the input. The output of this layer, for the
trained G : X → Y produces the post-specialized
embeddings (i.e. a batch of 32 FastText embed-
dings produces 32 post-specialized embeddings).
The hidden layers employ the ReLU (Nair and Hin-
ton, 2010) activation function. Our discriminators
have a similar structure (an input layer, 2 hidden
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layers with dropout but a percentage of 0.3), how-
ever, the second hidden layer is followed by a batch
normalization layer and the output is a single neu-
ron with a sigmoid activation. The reason for the
batch normalization layer was to stabilize the train-
ing. We also utilized a third and fourth conditional
discriminator following (Tripathy et al., 2018), to
leverage the cyclic architecture on paired data.

A novelty in RetroGAN is the combination of
cyclic and non-cyclic optimization objectives: the
regular adversarial loss for both GANs (LGAN );
the cyclic loss for both generators (LCY C); the
identity loss for both generators (LID); the max
margin loss similar to (Weston et al., 2011; Ponti
et al., 2018) for both the generators and addition-
ally for the cycle of generators (LMM ); and the
conditional cycle consistency loss (LcCY C) intro-
duced in (Tripathy et al., 2018). The combined
objective has the following form:

L(G,F,DX , DY ) = LGAN (G,DY , X, Y )+

LGAN (F,DX , X, Y ) + λLCY C(G,F )+

γLID(G,F,X, Y ) + LMM (G,F,X, Y )+

ςLcCY C(G,F,DcX , DcY , X, Y )

(1)

where G : X → Y is the generator that maps
the source domain X of plain word embeddings
to the target domain Y of retrofitted word embed-
dings; F : Y → X is the generator that does the
opposite; DX and DY are the discriminators for
the corresponding domains; and DcX , DcY are our
cycle conditional discriminators. For brevity, we
only go into details on LMM and LcCY C . The
other losses are the standard ones found in their re-
spective works: LGAN is the adversarial loss from
(Goodfellow et al., 2014). LCY C is the cycle con-
sistency loss from (Zhu et al., 2017) with a scaling
factor of λ (which we set to 1); and LID is the iden-
tity loss from (Zhu et al., 2017), which we scale
with γ (which we set to 0.01). LID serves as a
check of whether the embedding is already in the
correct domain. LMM is the max margin loss with
random confounders as used by (Ponti et al., 2018),
and as a novel aspect, we add a cyclic margin loss:

LMM (G,F,X, Y ) = Σ
||x||
i=1 Σkj=1|j 6=iτ [

(δMM − cos(G(xi), yi) + cos(G(xi), yj))+

(δMM − cos(F (yi), xi) + cos(F (yi), xj))+

(δMM − cos(G(F (yi)), yi) + cos(G(F (yi)), yj))(δMM − cos(G(F (yi)), yi) + cos(G(F (yi)), yj))(δMM − cos(G(F (yi)), yi) + cos(G(F (yi)), yj))+

(δMM − cos(F (G(xi)), xi) + cos(F (G(xi)), xj))(δMM − cos(F (G(xi)), xi) + cos(F (G(xi)), xj))(δMM − cos(F (G(xi)), xi) + cos(F (G(xi)), xj))]

(2)

Equation 2, intuitively, tries to make generated em-
beddings similar to their gold-standard and differ-
ent from confounders. RetroGAN further enforces

this constraint across the cycle. Lastly, we have
LcCY C which is the conditional cycle loss (Tripa-
thy et al., 2018)2, which we scale with ς (set to 1):

LcCY C(G,F,DcX , DcY , X, Y ) =

Ex∼pdata [log(DcX(G(x), x))]+

Ex∼pdata [log(1−DcX(G(x), F (G(x))))]+

Ey∼pdata [log(DcY (F (y), y))]+

Ex∼pdata [log(1−DcY (F (y), G(F (y))))]

(3)

3.2 Experimental Setup
To train our system we utilize the ADAM (Kingma
and Ba, 2015) optimizer with a learning rate of 5e-5
for the generators and 1e-4 for the non-conditional
discriminators. We do not train the discriminators
used in the regular GAN loss, and instead train
the ones in the conditional cycle consistency loss.
We also note that we did not perform explicit fine
tuning of the scaling parameters, but we will do
so in future work through a grid search. We train
for 312,500 mini-batches which is the equivalent
to the AuxGAN training, using a batch size of 32.

In our tests we use the English Common Crawl
FastText with sub-word information (FT-CC) and
Numberbatch 19.08 (NB) to see how performance
would be affected by using embeddings that were
already retrofitted with a large KB. We ran the
Attract-Repel (Mrkšić et al., 2017)3 procedure on
all these embeddings then proceeded to perform our
post-specialization tests on learning the mapping
from FT-CC to the resulting retrofitted embeddings.

We ran the word similarity benchmarks: Sim-
Lex (SL)(Hill et al., 2015) SimVerb (SV)(Gerz
et al., 2016), and the Cambridge Rare Word (C660)
dataset (Pilehvar et al., 2018). We utilize the Dis-
joint (evaluating words which were not seen in
the constraints) and Full (evaluating words which
were seen in constraints) settings from (Ponti et al.,
2018) for SL and SV, and evaluate C660 on the Full
setting to test performance on rare words. The max-
imum values for the similarity benchmarks while
training are listed in table 2.

We trained the publicly available AuxGAN
model on 10 epochs of 1M iterations (which in
AuxGAN is a single embedding pair rather than a
batch of pairs) with both plain stochastic gradient
descent (SGD) and ADAM (learning rate of 0.1)
and selected the best performing one (ADAM) to

2In future work we will additionally incorporate the paired
conditional adversarial loss.

3We use the default settings found in
https://github.com/nmrksic/attract-repel
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Disjoint Full
FT-CC, A-R FT-CC, A-R+NB FT-CC, Attract-Repel FT-CC, A-R+NB

Models SL SV SL SV SL SV C660 SL SV C660
Distributional 0.4644 0.3649 0.4499 0.3643 0.4644 0.3649 0.2973 0.4499 0.3643 0.1068
Attract-Repel 0.4644 0.3649 0.4499 0.3643 0.7790 0.7632 0.3768 0.7748 0.7667 0.2203
AuxGAN 0.6127 0.4641 0.6116 0.5331 0.6901 0.5756 0.3899 0.6565 0.5872 0.2088
RetroGAN 0.6028 0.4702 0.6648 0.5971 0.7717 0.7192 0.5240 0.7960 0.7483 0.5581

Table 2: Word similarity tests results: We run two distinct scenarios in which the words present in SL and SV are
present (Full) in Attract-Repel (A-R) retrofitting constraints or not (Disjoint). The Distributional row represents
the results of the tests using the publicly available embeddings (FT-CC). The results are the Spearman correlation
(ρ) between the Cosine distance of the embeddings we are evaluating and the human similarity measurements. The
results for AuxGAN and RetroGAN are the average of 3 runs.

5% 10% 25% 50%
SL SV C660 SL SV C660 SL SV C660 SL SV C660

Attract-Repel 0.347 0.355 0.113 0.550 0.589 0.187 0.701 0.700 0.217 0.759 0.747 0.252
AuxGAN 0.615 0.510 0.453 0.667 0.569 0.470 0.679 0.581 0.475 0.685 0.600 0.490
RetroGAN 0.624 0.538 0.489 0.701 0.652 0.493 0.738 0.690 0.502 0.755 0.716 0.511

Table 3: Out of knowledge tests: We evaluate the performance of retrofitting and post specialization at varying
percentages of test words seen in constraints. The full table can be seen in Appendix B

compensate for convergence speed discrepancies.
Additionally, similar to (Ponti et al., 2018) we also
evaluated on Light-LS (Glavaš and Štajner, 2015)
with the default dataset (Horn et al., 2014) to test
downstream performance. We evaluate the accu-
racy of simplification substitutions(i.e., the amount
of words that are substituted correctly when com-
pared to a gold standard). We utilize the first 500k
words in FT-CC and the complete Numberbatch
(generating the vocabulary’s FastText embeddings
as the distributional model). To test the retrofitted
embeddings we substitute them in the original set.

3.3 Results & Discussion

RetroGAN outperforms AuxGAN in the majority
of similarity benchmarks. We note that RetroGAN
sets the state of the art on the rare-words benchmark
(C660)(previously, to the best of our knowledge, it
was 0.543 and 0.55 in (Yang et al., 2019; Fukuda,
2020)). In the similarity results for Full , we note
the same observations that were noted in AuxGAN:
there are some inconsistent gains and losses, which
may be due to the combination of loss functions
which may make the systems imprecise; although
they spread the knowledge throughout the embed-
dings, they lose some precision when compared
with the original retrofitted embeddings. The re-
sults for the lexical simplification (Light-LS) can
be seen in table 4 where RetroGAN dominates.

We wanted to compare the out-of-knowledge
(OOK) performance more in depth and to do this,
we joined the words in SimLex (SL) and SimVerb

(SV) and selected increasingly larger amounts of
them ({5,10,25,50,75,100}%). We then selected
the constraints that included these words, trained
RetroGAN and AuxGAN with these constraints,
and evaluated performance on SL, SV, and C660.
Part of this can be seen in table 3. We see that
RetroGAN’s performance increases every time that
new constraints are added, whereas AuxGAN’s
performance begins to peak after 25% of the con-
straints which may indicate more efficient knowl-
edge distribution thanks to the cyclic system. Later
on, the performance of RetroGAN kept increas-
ing, but was less than the base retrofitted embed-
dings, possibly because of the lack of precision
from the combination of losses. Lastly, we per-
formed a small ablation study (Appendix A) on
RetroGAN’s losses. We note that the max-margin
loss from (Ponti et al., 2018) is necessary for high
performance in all the tests. We also notice that the
cyclic (cyclic max-margin and cycle conditional
discriminator) losses are essential for improved
performance on the OOK and rare-word similarity
benchmarks. We also see that the removal of the
cyclic max-margin loss speeds up early learning
and its addition stabilizes later learning respectively
which may indicate a need to balance this. Future
work will explore how to balance this losses, but
it may be possible to put a scheduler to enable the
loss after a peak. More details on the ablation study
can be found in Appendix A.
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Models FT-CC NB
Distributional 0.6553 0.6974
Attract-Repel 0.6993 0.6874
AuxGAN 0.7214 0.7335
RetroGAN 0.7595 0.7735

Table 4: Light-LS accuracy on (Horn et al., 2014)

4 Conclusion

This work presents an improvement on post-
specialization work through the use of a
CycleGAN-like system called RetroGAN. We
show that RetroGAN gives improved performance
in both the Full (words which were seen in knowl-
edge/constraints) and the Disjoint (words which
were not seen in the constraints) evaluation settings
for three benchmarks. It additionally has better per-
formance on a downstream lexical simplification
task, further confirming its improved generaliza-
tion ability. We conclude that RetroGAN is an
improved system for post-specializing embeddings
for rare and OOK concepts.4
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A Ablation Tests

We performed a small ablation study to exam-
ine how the multiple losses in RetroGAN affect
performance. A one-by-one removal of these
can be seen in figures 2(a),2(b),2(c),2(j),2(k),2(l).
A toggle of each of the losses can be seen in:
2(a),2(b),2(c),2(j),2(k),2(l). The difference be-
tween the toggle and one-by-one removal is that
in the toggle, we simple turn off the specified loss
and leave the others untouched, whereas in the one-
by-one removal we turn off one-by-one the losses,
in this way we can see the individual effects, and
the group effects. We evaluated the FT-CC and the
Attract-Repel retrofitted FT-CC in the same scenar-
ios as the evaluations before (Disjoint and Full).
We note that the Disjoint setting for Card includes
some of the words in the constraints.

The max margin loss utilized by (Ponti et al.,
2018) (one way maxmargin loss) is essential for
high performance on the datasets. Without this
loss, in all of the figures, we see that the scores
in all our tests fall by at least by 0.1. This is seen
in both the toggle and the one-by-one case. We
can also see that the Cyclic version of this loss
(cycle maxmargin loss) slows down learning ini-
tially, but stabilizes it in later iterations. We can
see that by removing it we get higher performance
in earlier iterations but the performance decays as
more iterations are given. This may be because it
tries to enforce that the semantic components of the
embeddings be similar after going through the cy-
cle, but it may be a hard objective to achieve. This
loss is especially useful for the rare-word Card-660
evaluation. By looking at the toggle ablation test
for this loss, we can see that it indeed can lead to
better earlier performance, however it decays with
time.

The identity loss (id loss) helps to stabilize the
training in later iterations. Removal of this loss
significantly affects the disjoint settings, and the
reason for it may be that it gives some indication of
the important semantic components of the vectors
that are being post-specialized. This in the disjoint
setting leads to significant performance reductions
on the later iterations. Interestingly enough, by
toggling off only this loss, we can see that it leads
to better performance, which means that with all
the other losses, it may contain redundant informa-
tion that may hinder performance, however if the
model relies on the loss without other losses, its
information is useful.

The Cycle Conditional discriminator loss (cy-
cle discriminator loss) also contributes to the sta-
bility and generalization of the later learning. Re-
moving this loss does not improve early learning,
save on the Card-660 dataset, and in most of the
other tests, there is not a large noticeable difference.
However, on the disjoint setting we do see that it
performance decays in later iterations. We suspect
the conditioning helps slightly in the stabilization,
and generalization of the system, but its effect is
not too much.

The Cycle Loss (cycle mae loss), also stabilizes
and helps in the generalization of our system. We
can see in the disjoint settings in particular, that
its removal hinders the model in later iterations.
We suspect that since the consistency is not being
enforced, the model does not learn effectively to
preserve important, possibly non-semantic, parts
from the distributional and the retrofitted domain.

As a practical recommendation, we suggest re-
moving the cyclic max-margin loss either com-
pletely (pausing the training early at it’s peak
around 50k-100k iterations), or toggling it after
this initial training to get the speedup and the gen-
eration. Another practical recommendation may be
to disable the identity loss all by itself. The other
losses can be maintained as they are described in
this work.

B Out-of-knowledge Scalability Tests

In table 5 we test the performance of post spe-
cialization as more constraints are added into the
retrofitting process. We note that AuxGAN’s
performance saturates after 50% whereas Retro-
GAN keeps learning, albeit less accurately than
the retrofitting system. These tests were run for
100k batches on RetroGAN and for 10M iterations
(312500 RetroGAN batches) on AuxGAN.

C Additional embedding pre-processing

Input and output vectors are divided by the Eu-
clidean (2) norm. This helps slightly in the per-
formance of the semantic comparison benchmarks.
No other pre-processing is done on the vectors.

D Architecture Details

In figure 1, we can see the architecture that Retro-
GAN uses. On a training step, the losses are calcu-
lated as follows. For the cyclic losses, the system
samples embeddings from the distributional embed-
dings and their retrofitted counterparts and these
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samples are passed to the generators (1, 5 in the
figure). Then, the generators’ output is passed to
the counterpart generator (Distributional Generator
passes to Retrofitted Generator and vice versa, seen
as 3 in the figure). The output of this is then used
to calculate the max margin loss, and passed on to
the subsequent discriminator to calculate the cycle
discriminator loss (2, 4 in the figure). In addition
to this, after going through the cycle of generators
(1 or 5, 3 in the figure) we train the conditional
discriminators by conditioning on real inputs from
the retrofitted or distributional embeddings, or by
conditioning on fake inputs (6,7 in the figure).

The amount of parameters in each model and the
layers can be found in table 6.

Figure 1: Architecture diagram for RetroGAN

E Parameter Tuning

We performed a parameter tuning using the Ray
tuning library, to try and generate a configuration
that would be optimal for RetroGAN. We utilized
the ASHA Scheduler(Li et al., 2020) along with
the following search space configuration:

config = {
"g_lr" : tune.qloguniform(0.00005,
.1,0.00005),
"d_lr" : tune.qloguniform(0.00005,
.1,0.00005),
"one_way_mm":True,
"cycle_mm":True,
"cycle_dis":True,
"id_loss":True,
"cycle_loss":True,
"batch_size":tune.choice([16,32,64]),
"generator_size":tune.choice([512,
1024,2048]),
"discriminator_size":

tune.choice([512,1024,2048]),
"generator_hidden_layers":
tune.choice([1,2,3]),
"discriminator_hidden_layers":
tune.choice([1,2,3]),
"dis_train_amount":
tune.choice([1,2,3])
}

We used the SimVerb score to guide the parameter
optimization, because it was the score that involved
the largest sample of words. We also utilized a
machine with two Intel processors with 48 cores
in total, 128GB of RAM, an NVIDIA P6000 and
a NVIDIA 1080TI. We used 25 samples in the
optimization due to time constraints, although this
value can be expanded more. We also ran this
for 35 epochs, because the performance after that
would become relatively stable and not increase
greatly.

The best results from the optimization are the
following:

{
’g_lr’: 0.00495,
’d_lr’: 0.00885,
’one_way_mm’: True,
’cycle_mm’: True,
’cycle_dis’: True,
’id_loss’: True,
’cycle_loss’: True,
’batch_size’: 32,
’generator_size’: 2048,
’discriminator_size’: 2048,
’generator_hidden_layers’: 1,
’discriminator_hidden_layers’: 3,
’dis_train_amount’: 1
}
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5% 10% 25%
Models SL SV C660 SL SV C660 SL SV C660
Attract-Repel 0.347 0.355 0.113 0.550 0.589 0.187 0.701 0.700 0.217
AuxGAN 0.615 0.510 0.453 0.667 0.569 0.470 0.679 0.581 0.475
RetroGAN 0.624 0.538 0.489 0.701 0.652 0.493 0.738 0.690 0.502

50% 75% 100%
Models SL SV C660 SL SV C660 SL SV C660
Attract-Repel 0.759 0.747 0.252 0.766 0.757 0.244 0.771 0.761 0.257
AuxGAN 0.685 0.600 0.490 0.688 0.597 0.480 0.690 0.601 0.486
RetroGAN 0.755 0.716 0.511 0.763 0.721 0.507 0.762 0.715 0.509

Table 5: Performance of post specialization and retrofitting as more constraints are added to a system.

Model Amount of Parameters Layers

Generator 5,427,500(*2)
Linear (300x2048), ReLU, Dropout (0.3),
Linear (2048x2048),ReLU
Dropout (0.3), Linear (2048x300)

Discriminator 4,818,945(*2)
Linear (300x2048), ReLU, Dropout (0.3),
Linear (2048x2048),ReLU, Batch Norm,
Dropout (0.3), Linear (2048x1), Sigmoid

Cycle Conditional
Discriminator 5,433,345(*2)

Linear (600x2048), ReLU, Dropout (0.3),
Linear (2048x2048), ReLU, Batch Norm,
Dropout (0.3), Linear (2048x1), Sigmoid

Total 31,359,580 -

Table 6: Amount of trainable parameters and layers in RetroGAN
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(a) SimLex Ablation Test-Full Scenario(b) SimVerb Ablation Test-Full Sce-
nario

(c) CARD-660 Ablation Test-Full Sce-
nario

(d) SimLex Ablation Test-Disjoint Sce-
nario

(e) SimVerb Ablation Test-Disjoint Sce-
nario

(f) CARD-660 Ablation Test-Disjoint
Scenario

(g) SimLex Ablation Toggle Test-
Disjoint Scenario

(h) SimVerb Ablation Toggle Test-
Disjoint Scenario

(i) CARD-660 Ablation Toggle Test-
Disjoint Scenario

(j) SimLex Ablation Toggle Test-
Disjoint Scenario

(k) SimVerb Ablation Toggle Test-
Disjoint Scenario

(l) CARD-660 Ablation Toggle Test-
Disjoint Scenario

Figure 2: Ablation test results for SimLex, SimVerb, and CARD-660. A higher resolution version can be found in
the repository at: https://github.com/pedrocolon93/retrogan.git
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Abstract

ICD coding aims to automatically assign In-
ternational Classification of Diseases (ICD)
codes from unstructured clinical notes or dis-
charge summaries, which saves human labor
and reduces errors. Although several studies
are proposed to solve this challenging task,
none distinguishes the importance of different
phrases with a word window. Intuitively, in-
formative phrases should be more useful for
the prediction. This paper proposes a fea-
ture compressed ICD coding model named Fu-
sion to address this issue. In particular, we
propose an attentive soft-pooling approach to
compress the sparse and redundant word repre-
sentations into informative and dense ones as
local features. Besides, we use the key-query
attention mechanism for modeling the inner re-
lations among local features to generate the
global features, which are further used to pre-
dict ICD codes. Experiments on two widely
used datasets demonstrate that Fusion outper-
forms baselines. However, on the MIMIC-III
Full dataset, we find that none of the state-of-
the-art approaches significantly perform better
than others. Thus, automated ICD coding is
still a challenging task.

1 Introduction

The International Classification of Diseases (ICD)
coding system helps standardize the recording of di-
agnoses and treatments assigned to patients by med-
ical professionals in the world. These ICD codes
are generated from massive unstructured clinical
notes. However, manual code assignments is labor-
intensive and prone to errors. Thus, automatic ICD
code assignment becomes an urgent need in the
healthcare domain.

Traditional machine learning methods (Larkey
and Croft, 1996) tried to tackle this task based on
feature extraction. However, it does not work well

∗Corresponding author.

since clinical notes are noisy and complex. Re-
cently, deep learning-based approaches (Cao et al.,
2020; Xie et al., 2019; Li and Yu, 2020; Mullen-
bach et al., 2018) are proposed to improve its perfor-
mance. Among others, convolutional methods (Cao
et al., 2020; Xie et al., 2019; Li and Yu, 2020; Mul-
lenbach et al., 2018) outperform other approaches.
Besides, some studies try to incorporate external in-
formation to further improve the performance (Cao
et al., 2020; Xie et al., 2019). However, they still
suffer the following issues.

• Redundant Information Deduction. The clin-
ical notes are noisy and complex, where only
some key phrases are highly related to the cod-
ing. However, convolutional methods treat all
the word windows equally, ignoring that differ-
ent words have different importance and should
be weighted differently within word windows.
Besides, the sliding windows used in the con-
volutional methods produce a lot of redundant
information. Thus, it is important to reduce the
non-informative and redundant information and
distinguish the contributions of different convo-
lutional features.

• Interactions among Local Features. Most ex-
isting approaches such as MultiResCNN (Li and
Yu, 2020) only use the local features for coding
obtained using different filters. However, they
ignore the importance of interactions among dif-
ferent local features. For example, sleep apnoea
(OSA) and insomnia are related to hypertension
and ischaemic heart disease (Harrison and Wood,
1949). Thus, combining different local features
may discover new useful patterns to improve
coding.

To tackle these issues, we propose a feature
compressed ICD coding model named Fusion,
which can automatically compress the local fea-
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tures and further learn global features to enhance
the coding performance. In particular, Fusion
takes an attention-based soft-pooling approach to
compress local features learned by word convo-
lutions, passing residual convolution blocks. By
aggregating all the local features from different con-
volutional filters, Fusion then applies key-query
attention mechanism to model interactions among
local features and obtain global ones. A code-wise
attention mechanism is then used to learn a feature
vector associated with each ICD code. This vector
is finally used to make a prediction. Experiments
on two public datasets show that Fusion outper-
forms state-of-the-art baselines over five evaluation
metrics. Moreover, we find that none of the existing
approaches outperforms others on the MIMIC-III
Full dataset. Thus, automated ICD coding is still
an open challenge.

2 Related Work

Traditional machine learning models have been ap-
plied to automatically extract ICD codes using the
hand-crafted feature vectors as the inputs (Larkey
and Croft, 1996; Gundersen et al., 1996; Franz
et al., 2000; Pestian et al., 2007; Farkas and Szarvas,
2008). However, they did not achieve satisfactory
performance due to the difficulty of extracting use-
ful features from complex and noisy clinical notes.
Deep learning models have shown their superiority
for this task, including recurrent-based deep mod-
els (Shi et al., 2017; Li et al., 2018; Xu et al., 2019)
and convolution-based models (Kim, 2014; Mul-
lenbach et al., 2018; Cao et al., 2020; Li and Yu,
2020). In general, convolutional models perform
better than recurrent-based ones. Several studies
try to incorporate advanced pretrained language
model BERT (Devlin et al., 2019), ICD code de-
scriptions (Wang et al., 2018; Mullenbach et al.,
2018; Xie and Xing, 2018; Li and Yu, 2020), ICD
code structure (Wang et al., 2020; Cao et al., 2020),
and knowledge graph (Cao et al., 2020; Xie et al.,
2019) to improve the performance.

3 Model

The goal of automated ICD coding is to predict
a set of unique ICD codes Y from the code set
C = {c1, c2, · · · , cs} when given clinical note
D = {w1, w2, · · · , wn}, where Y ⊆ C, s is the
number of unique ICD codes, and n is the num-
ber of words in D. This task is challenging since
s is very large, which is over 15,000 for ICD-9

codes and 60,000 for ICD-10 codes, respectively.
Besides, extensive noisy information exists in the
clinical note D.

To solve these challenges, we propose a feature
denoised model (Fusion) for automated ICD cod-
ing as shown in Figure 1. This model consists of
five modules: the input layer, the compressed con-
volutional layer, the feature aggregation layer, the
code-wise attention layer, and the prediction layer.
Next, we introduce the details of each module in
the following subsections.

3.1 Input Layer
We take the clinical note D = {w1, w2, · · · , wn}
as the model input. For each unique word wi,
word2vec (Mikolov et al., 2013) is used to pre-
train its embedding, which is denoted as ei, a de-
dimensional embedding. Thus, the input of Fusion
is a matrix D = {e1, e2, · · · , en}.

3.2 Compressed Convolutional Layer
Given the input data D, the compressed convolu-
tional layer aims to learn dense and informative
word representations, which are further used to
learn the clinical note representation. In partic-
ular, we first use convolutional neural networks
(CNN) to learn word representations and then pro-
pose an attention-based soft-pooling approach to
compress those representations. Finally, residual
convolution blocks (He et al., 2016) are introduced
as MultiResCNN (Li and Yu, 2020) on top of the
compressed features.

3.2.1 Word Convolution
CNNs are powerful for text classification tasks
(Kim, 2014) that they have multiple filters with
different kernel sizes (i.e., word windows) to cap-
ture diverse patterns. Letm be the number of filters.
The kernel of each filter fi is denoted as ki. Thus,
we can apply m different 1-dimensional convolu-
tions on the input data D. For the i-th filter, we
have

xij = conv({ej , ej+1, · · · , ej+ki−1};Wi
x), (1)

where conv(·; ·) represents the 1-dimensional con-
volutional operation, and Wi

x denotes the learned
parameter.

3.2.2 Attention-based Soft-pooling
The word convolutional operation uses sliding win-
dows, which produces redundant information ex-
isting in adjacent word representations. Thus, to
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Figure 1: Overview of the proposed Fusion.

remove such information, we propose to compress
word representations learned by Eq. (1) via an
attention-based soft-pooling operation.

Given a word wj , its neighboring words
{wj+1, · · · , wj+g−1}, and the corresponding
filter fi, we first learn the local-based at-
tention scores αij = Wi

αx
i
j + b with

softmax function, i.e., [βij , · · · , βij+g−1] =

softmax([αij , · · · , αij+g−1]), where Wi
α and b

are learnable parameters. Then we conduct
attention-based soft-pooling on the g words and
obtain the compressed representation as in Eq. (2).

oip =

j+g−1∑

q=j

βiqx
i
q (2)

In such a way, the whole n word representations
learned by Eq. (1) will be replaced by P = dng e
new representations, i.e., {oi1,oi2, · · · ,oiP }. In
such a way, we can reduce the number of word
representations and obtain more dense ones.

3.2.3 Residual Convolution Block
For each filter fi, we now have a denoised matrix
{oi1,oi2, · · · ,oiP } that represents the input D. To
avoid vanishing gradients and train the model eas-
ier, we also introduce residual blocks on top of the
compressed features. In particular, we replace the
batch norm layer with the group norm layer. Let
a denotes the number of residual blocks, and we
have rip = ResidualBlcok({oip, · · · ,oip+a−1}).

3.3 Feature Aggregation Layer

Since m filters are used to obtain m compressed
features, we concatenate them together as the lo-
cal features, i.e., lp = [r1p, · · · , rmp ]. Then the
whole document can be represented by a matrix
Dl = {l1, l2, · · · , lP }. However, such an aggrega-

tion only takes local information into account but
ignores the interactions with the remaining words.

Thus, we propose to use the key-query attention
mechanism (Vaswani et al., 2017) to learn a global
feature representation for each compressed word
window. Thus, we have the global features Dg =
[g1, · · · ,gP ] = attention([l1, · · · , lP ]).

3.4 Code-wise Attention Layer
Due to a large number of labels, directly us-
ing the global features Dg to make predictions
may not perform well. Thus, we use a code-
wise attention layer to generate a matching vec-
tor for each ICD code used to make a prediction.
Let uk represent the embedding of the k-th ICD
code, i.e., ck. Then we calculate the attention
weights on all the global features using uk, i.e.,
[γk1 , · · · , γkP ] = softmax([ukg1, · · · ,ukgP ]).
Then the code-wise vector can be obtained by
vk =

∑P
p=1 γ

k
pgp.

3.5 Prediction Layer
Using the code-wise vector vk, we can make a
prediction using the sigmoid function, i.e.,

ỹk = (1 + exp(w>k vk))
−1, (3)

where wk is the learnable parameter vector. Finally,
cross-entropy loss function on a specific clinical
note D is used to optimize the proposed model.

L = −
s∑

k=1

(yk log(ỹk) + (1− yk) log(1− ỹk)).

(4)

4 Experiment

4.1 Datasets
We conduct experiments on two public datasets
MIMIC-III 50 and MIMIC-III Full (Johnson et al.,
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Dataset MIMIC-III 50 MIMIC-III Full

Setting Model
AUC F1 P@N AUC F1 P@N

Macro Micro Macro Micro 5 Macro Micro Macro Micro 8

Note Only

Fusion 0.931 0.950 0.683 0.725 0.679 0.915 0.987 0.083 0.554 0.736
C-MemNN 0.833 – – – 0.420 – – – – –
C-LSTM-ATT – 0.900 – 0.532 – – – – – –
CAML 0.875 0.909 0.532 0.614 0.609 0.895 0.986 0.088 0.539 0.709
DR-CAML 0.884 0.916 0.576 0.633 0.618 0.897 0.985 0.086 0.529 0.690
MultiResCNN 0.899 0.928 0.606 0.670 0.641 0.910 0.986 0.085 0.552 0.734

Note + Ontology
HyperCore 0.895 0.929 0.609 0.663 0.632 0.930 0.989 0.090 0.551 0.722
MSATT-KG 0.914 0.936 0.638 0.684 0.644 0.910 0.992 0.090 0.553 0.728

Table 1: Experiment results on MIMIC-III 50 and MIMIC-III Full datasets.

2016) to extract ICD-9 codes from discharge sum-
maries. We use the same setting as previous
works (Mullenbach et al., 2018; Shi et al., 2017;
Li and Yu, 2020; Cao et al., 2020). The MIMIC-
III 50 dataset contains the top 50 most frequent
codes, 8,067, 1,574, and 1,730 discharge sum-
maries for training, development, and testing, re-
spectively. The MIMIC-III Full dataset consists of
8,921 codes, 47,719, 1,631, and 3,372 discharge
summaries for training, development, and testing,
respectively. The number of labels on the MIMIC-
III Full dataset is significantly greater than that on
the MIMIC-III 50 dataset, making the task more
difficult.

4.2 Metrics and Parameter Settings

We follow previous work (Mullenbach et al., 2018)
and use Micro Macro AUC (area under the ROC),
Micro Macro F1, and Precision@K scores as met-
rics. For MIMIC-III 50, we report Precision@5
(P@5) and P@8 for MIMIC-III Full. We use the
same parameter setting as MultiResCNN (Li and
Yu, 2020)1, and set g as 2 in our experiments, i.e.,
compress two features together.

4.3 Baselines

Existing studies either only take clinical notes
as the inputs or incorporate external informa-
tion, working with notes to enhance the per-
formance. Our work belongs to the first cate-
gory. For the “note only” category, we employ C-
MemNN (Prakash et al., 2017), C-LSTM-ATT (Shi
et al., 2017), CAML (Mullenbach et al., 2018),
DR-CAML (Mullenbach et al., 2018), and Mul-
tiResCNN (Li and Yu, 2020) as baselines. We also
use HyperCore (Cao et al., 2020), and MSATT-
KG (Xie et al., 2019) as baselines, which incor-
porate the ICD code ontology to enhance the per-
formance. Since all the approaches use the same

1https://bit.ly/3opDmjM

settings, we directly use the results reported in the
original papers.

4.4 Performance Analysis

Table 1 shows the experimental results of all ap-
proaches in terms of different metrics. We can
observe that Fusion outperforms all the baselines
on the MIMIC-III 50 dataset in terms of all met-
rics. Compared to the best baselines, the scores
of Macro Micro F1 and P@5 obtained by Fusion
improve over 7%, 6%, and 5%, respectively. These
results clearly demonstrate the effectiveness of the
proposed feature compression and aggregation ap-
proaches for the automated ICD coding task.

Compared with the baselines only taking notes
as the input, the proposed Fusion achieves the high-
est scores on the MIMIC-III Full dataset. Although
HyperCore and MSATT-KG incorporate external
information to improve the performance, the perfor-
mance of Fusion is still comparable. We also can
observe that on the MIMIC-III Full dataset, none
of the methods can be significantly better than oth-
ers. The reason may be that all the models cannot
be trained sufficiently with the huge number of
ICD code labels on noisy, sparse, and unstructured
medical clinical notes, which makes this task more
challenging.

4.5 Ablation Study

In this section, we remove parts of the full Fu-
sion model to validate the contribution of each
individual module. Table 2 shows the ablation
study results. “MaxPool” means replacing our
soft-pooling layer with the traditional max-pooling
layer. As shown in Table 2, the results drop on
all metrics, which indicates the importance and
benefits of using the proposed soft-pooling layer.
Max-pooling will lose part of critical information
during the compression and is not differentiable.
With soft-pooling, the key information can be bet-
ter preserved during the compression process, since

2099



Dataset MIMIC-III 50 MIMIC-III Full

Model
AUC F1 P@N AUC F1 P@N

Macro Micro Macro Micro 5 Macro Micro Macro Micro 8
Fusion 0.931 0.950 0.683 0.725 0.679 0.915 0.987 0.083 0.554 0.736
MaxPool 0.921 0.942 0.664 0.710 0.668 0.900 0.986 0.081 0.552 0.726
DocLevel 0.895 0.923 0.597 0.652 0.641 - - - - -

Table 2: Ablation Experiment results on MIMIC-III 50 and MIMIC-III Full datasets.

the selection process is guided by the gradient.
“DocLevel” refers to replacing the code-wise

attention layer with the single document-level at-
tention. The attention is based on the document
feature, and all codes use the same attention weight
during the prediction instead of calculating code-
specific attention weights. Thus, all codes will
use the same feature for the prediction. In such
a way, much unrelated information will also be
kept. For example, we do not want to preserve the
heart-failure-related information while predicting
the COPD code. As a result, most scores drop sig-
nificantly compared to the original design. The
introduction of the code-specific attention makes it
possible that the predictor can dynamically adjust
the attentions based on the cases. Thus, the redun-
dant information can be better removed with our
design.

5 Conclusion

In this paper, we propose Fusion for the automated
ICD coding task. In particular, Fusion focuses on
compressing redundant feature information, distin-
guishing the importance of adjacent phrases, and
considering interactions among local features. We
conduct experiments on two widely-used datasets
to show the effectiveness of Fusion in terms of five
evaluation metrics. From experimental results on
the MIMIC-III Full dataset, we find that automated
ICD coding is still challenging due to the noisy
data and a large number of ICD code labels.
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Abstract

The advent of large pre-trained language mod-
els has made it possible to make high-quality
predictions on how to add or change a sentence
in a document. However, the high branching
factor inherent to text generation impedes the
ability of even the strongest language models
to offer useful editing suggestions at a more
global or document level. We introduce a
new task, DOCUMENT SKETCHING, which in-
volves generating entire draft documents for
the writer to review and revise. These drafts
are built from sets of documents that overlap
in form – sharing large segments of potentially
reusable text – while diverging in content. To
support this task, we introduce a Wikipedia-
based dataset of analogous documents and in-
vestigate the application of weakly supervised
methods, including use of a transformer-based
mixture of experts, together with reinforce-
ment learning. We report experiments using
automated and human evaluation methods and
discuss relative merits of these models.

1 Introduction

Large pre-trained language models such as T5 and
GPT-3 (Raffel et al., 2019; Brown et al., 2020) have
enabled impressive progress on a variety of natu-
ral language generation tasks by producing fluent,
coherent long texts (Rashkin et al., 2020; Zellers
et al., 2019). While automated document-level gen-
eration seems tantalizingly within reach, a high
branching factor presents significant challenges in
tailoring generated documents to the specific re-
quirements of users. Topic drift and “hallucina-
tion” of information are endemic to these models
(Wiseman et al., 2017). These risks have ensured
that end-user applications involving text generation
(e.g., Smart Compose, Smart Reply, Grammarly)
still require a human to remain in control of con-
tent and are restricted to individual sentences or
even smaller segments of text (Chen et al., 2019;

Figure 1: The right side shows a sketch for writing
the report of a future democratic national convention,
generated from a pile of previous reports.

Kannan et al., 2016; Alikaniotis and Raheja, 2019;
Prabhumoye et al., 2019; Faltings et al., 2021).

Can large generative language models be used
to assist user writing at the document level while
the user still controls the factual content? A possi-
ble answer lies in the observation that a substantial
portion of day-to-day writing involves some form
of reuse. Similar documents (e.g., monthly reports,
sales letters, job descriptions) are effectively re-
cycled by changing those segments that need to
be modified (Fig. 1).1 Moreover, documents con-
taining analogous texts are often found collocated
in repositories, a common practice for organiza-
tions that manage professional documents.2 The
high branching factor that impedes the applica-
tion of long-form generation might thus be mit-
igated if models were to exploit conventionally-
structured analogous “reusable” texts to produce a
“sketch” that captures prototypical document-level
text structure. In this view, initial sketches would
assist authors by reducing the manual editing effort

1Evidenced by the plethora of companies offering
reusable business templates for enterprise use, e.g.,
https://www.businesswire.com/news/home/
20201028005573/en/.

2For instance, monthly reports of world trade
in grains are organized chronologically at https:
//usda.library.cornell.edu/concern/
publications/zs25x844t?locale=en
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(planning, inserting and deleting content, etc.). A
good sketch would reflect structural patterns and
reusable text, and provide indication, beyond static
boilerplate, of locations where user input might
be warranted. This could be especially beneficial
for novice writers who would otherwise have to
read many analogous documents before developing
a full picture of what is entailed in writing such
documents.3 A fully-implemented dynamic system
might update other portions of the document to
reflect modifications introduced by the user.

In this work, we propose a new task, called DOC-
UMENT SKETCHING, in which initial template-like
prototype documents are generated from collec-
tions of analogous documents. To support this
task, we collected a dataset consisting of approx-
imately 20K Wikipedia documents with similar
textual characteristics.4 For this new task, inspired
by previous work in measuring machine translation
post-editing productivity (Tatsumi, 2009; Specia
and Farzindar, 2010), we define an automatic eval-
uation metric based on Word Error Rate (Snover
et al., 2006; Tomás et al., 2003). We compare
against strong baseline models including a mix-
ture of experts model and a reinforcement learning
approach designed to handle multi-source inputs
and a weak supervision setting. Finally, we pro-
vide experimental analysis of these models, using
automated and human evaluation studies.

2 Related Work

2.1 Document Generation

Recent work leverages the success of large pre-
trained language models to generate long texts
such as stories (Rashkin et al., 2020), reviews (Cho
et al., 2019a,b) and fake news (Zellers et al., 2019).
Most end-user applications for assisting user writ-
ing, however, are confined to sentence-level gen-
eration (Chen et al., 2019; Kannan et al., 2016;
Alikaniotis and Raheja, 2019; Prabhumoye et al.,
2019; Faltings et al., 2021). Our work focuses on
document-level writing assistance in which a doc-
ument sketch is constructed from a set of similar
documents.

3Our experiments in Section 6 also show that drafts derived
from multiple analogous documents are more effective than
those derived from one or two documents.

4We release our data and source code for dataset con-
struction and experiments at https://github.com/
ellenmellon/document_sketching.

2.2 Template-Based Generation

Some existing work induces templates as an inter-
mediate step for performing tasks like text sum-
marization or response generation. Most use a
retrieval-based method to extract similar references
from the training corpus as prototypes (Cao et al.,
2018; Yang et al., 2019; Wang et al., 2019; Gao
et al., 2019; Peng et al., 2019), and learn to separate
salient information and latent template structure.
Cai et al. (2019) induce an intermediate template
for response generation explicitly, but from a sin-
gle retrieved relevant response. Similar prototype
editing work (Guu et al., 2018; Hashimoto et al.,
2018; Fabbri et al., 2020) focuses on short text (e.g.,
a question or a single sentence) or structured out-
put (e.g., code snippet) editing. Oya et al. (2014);
Magooda and Litman (2019); Yang et al. (2020);
Li et al. (2018) convert each single input text into
a template with blanks using rule-based methods.
Other work such as (Wiseman et al., 2018) and
(Gangadharaiah and Narayanaswamy, 2020) relies
on a knowledge base or a domain/task specific on-
tology to segment text sequences into templates.

2.3 Multi-Sequence Processing

Multiple Sequence Alignment (MSA), widely used
in the biological domain (Sauder et al., 2000) to
align multiple biological sequences like proteins,
has long been leveraged for text pattern matching
(Barzilay and Lee, 2003; Alonso et al., 2004). We
adopt this method to align input documents and
create heuristic templates as weak supervision.

Other tasks taking multiple text sequences as in-
put include multi-document summarization, which
seeks to generate an abstractive text summary of
multiple input documents (Liu and Lapata, 2019;
Chu and Liu, 2019), and multi-source machine
translation (Nishimura et al., 2018; Garmash and
Monz, 2016) that encodes input texts in multiple
source languages and translates them into a target
language. Cho et al. (2021) generate a question
from input documents by applying a multi-encoder
model with a transformer-based coordinator.

3 Problem Definition

We introduce the task of document sketching,
which aims to facilitate the authoring process by
generating a template-like document draft, based
on a collection of sampled similar documents. For-
mally, the task can be defined as follow: given a
set of n documents X = {x1, x2, ..., xn}, generate
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a text sequence s that can be used as the sketch to
reduce the human effort involved in composing a
target document y.

Evaluation Metrics As in most text generation
tasks, we rely on human evaluation (see details
in Section 6.3) to draw final conclusions on sys-
tem comparison. However, due to the high cost
of human evaluation, we use automatic evaluation
metrics for system development.

It is difficult (and expensive) to collect human-
written sketches as references. However, since a
generated sketch s is used to help the user complete
writing a target document y (i.e., post-editing), we
can instead use the target document as a reference
and calculate the extra edits required to transform
a sketch into that target document. Inspired by the
previous uses of word error rate (WER) in evaluat-
ing machine translation (Snover et al., 2006; Tomás
et al., 2003) and evidence of reasonable correlation
between WER and human post-editing productivity
(Tatsumi, 2009; Specia and Farzindar, 2010), we
propose to assess the effectiveness of s in the com-
pletion of y based on WER and the Levenshtein
distance (abbreviated as ‘lev’) between s and y:

score(s, y) = 1−WER(s, y)

= 1− lev(s, y)

|y|
(1)

The higher score(s, y) is, the fewer minimum num-
ber of word-level insertion and deletion edits a user
would need to complete writing y if starting from
s. To account for the lexical and phrasal variety of
writing a target document, we calculate the average
score of multiple reference documents Y :

score(s, Y ) =
1

m

m∑

i=1

(
1− lev(s, yi)

|yi|

)
(2)

where Y = {y1, y2, ..., ym} and m denotes the
number of reference documents.

4 Data

We collect our dataset from the English Wikipedia
dump (June 20, 2020). We first group documents
into collections with analogous texts, with the ob-
servation that articles with shared reusable struc-
tural texts also tend to have similar titles. These
collections are then split into training, validation
and test sets. This dataset is designed for a weakly
supervised setting, as gold sketches are unavailable.

% Percent (Category) Example Collection Titles

90.0 (reasonable) Academy Awards; Super
Bowl

10.0 (arguable):
5.8 (partial name) Bob (ice hockey)
2.9 (X of a location) of the United States
1.4 (other) Origin of the

Table 1: Quality analysis of over 200 randomly se-
lected document collections.

4.1 Wikipedia Document Collections

We observe that Wikipedia article titles provide a
strong indication of whether documents are likely
to share structural text (i.e., can be put in the same
collection) or not. For example, it is reasonable
to consider articles with titles like “Super Bowl I”,
“Super Bowl II” and so on to comprise a docu-
ment collection of the annual championship game.
Therefore, we group documents whose titles are
identical but for one token at a specific position.
In the “Super Bowl” example, the document titles
are the same up to the third token in each title, and
the collection can be named “Super Bowl ”. It
is worth noting that collecting these articles based
on their titles is simply reflective of how similar
documents in Wikipedia tend to cluster. Our task
setup only requires a set of references as the input
(e.g., documents organized in the same directory),
without the need to have reference documents to
share titles.

Title matching can yield noise in the extracted
document collections, so we apply simple yet ef-
fective restrictions in the extraction pipeline. We
empirically set the minimum number of documents
per collection to 15 and the minimum document
title length to 3 tokens. We randomly select and in-
spect over 200 extracted collections, and find 90%
of them contain analogous documents for a certain
topic (examples in Tab. 1). The remaining 10%
are less clear, but can be usefully grouped into 3
classes as in Tab. 1. To further reduce noise in
each collection, we apply Eq. (2) to calculate the
average similarity score of each document with the
other documents in a collection, removing those
with an average score lower than an empirically
chosen threshold −1.5. Finally, we keep document
collections with more than 5 documents and trun-
cate them to a maximum of 50 documents, which
are divided into train, validation, and test sets in
the ratio of 0.8/0.1/0.1. The collection statistics are
summarized in Tab. 2.
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Train Valid Test Overall

# Collections 15.7k 2.0k 2.0k 19.7k
# Docs / Collection 21.1 21.3 21.0 21.1

# Tokens / Doc 80.6 79.3 80.3 80.5

Table 2: Document Collection Statistics.
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Figure 2: Mixture of Experts (MoE) Framework.

4.2 Task Data Points

We divide each document collection into multiple
smaller collections of analogous documents. For
standard supervised training, each data point con-
sists of 1 document d to construct a heuristic sketch
as weak supervision (see details in Section 5) and
up to 9 input documents X . For evaluation, addi-
tional 4 documents are used as references Y for
calculating the score in Eq. (2). Since document
collections whose title tokens differ by a number
usually contain documents about events or enti-
ties of different times, we order the documents in
ascending numerical order to imitate practical sce-
narios where humans sketch a document by looking
at collections of previously written documents. We
divide each collection into data points with up to 14
(=1+9+4) documents for all dataset splits, yielding
24k, 3.1k and 3.0k data points (smaller collections)
for train, validation, and test sets, respectively.

5 Approach

Since gold document sketches are not available for
supervised training, we first perform weakly super-
vised training by constructing heuristic sketches
as targets. Then we apply reinforcement learning
strategies for text generation.

5.1 Weakly-Supervised Learning

Heuristic Labels As described in Section 4, each
data point has one document d for creating the
weak-supervised sketch. We conduct pair-wise se-
quence alignment (using the Ratcliff-Obershelp al-
gorithm (Ratcliff and Metzener, 1988)) for d and

each input document xi ∈ X , and count the rela-
tive alignment ratio (the number of tokens being
aligned divided by |X| = n) of each token in d.
We retain tokens with this ratio above a threshold
and replace other tokens with an ellipsis token to
form the heuristic target sketch s given X . Consec-
utive ellipses are merged. The threshold is empir-
ically set at 0.6, which yields the highest average
score(s, Y ) on the validation set.

Mixture of Experts (MoE) To generate an ini-
tial document sketch, the model needs to take mul-
tiple input documents. The most obvious way to
do this is to concatenate all input documents into a
single long sequence and feed that into an encoder-
decoder model like T5 (Raffel et al., 2019). How-
ever, processing long sequences in such models is
memory-consuming and lack of structure makes it
difficult for the model to perform document-level
coordination. We therefore use a mixture of experts
(MoE) framework, in which a coordinator decodes
a token at one timestamp by taking the hidden state
and the output vocabulary distribution from each
expert that processes a single document. Fig. 2
shows the overall framework of MoE.

The experts have the same encoder-decoder
structure and aim to generate s by each encoding
a separate single input document only. All experts
share the same model parameters. At each decod-
ing timestamp t, the ith expert encodes xi as well
as previously decoded tokens from a coordinator
s̃1...s̃t−1 (or s1...st−1 during training), and outputs
a probability distribution πti over all vocabulary
words. The coordinator is a transformer-based en-
coder that takes the hidden state at the current times-
tamp hti of each ith expert, and outputs a weight
wti with a final linear layer. The output weights are
used to calculate a weighted sum of the probabil-
ity distributions from their corresponding experts
πt =

∑n
i=1w

t
i π

t
i , where πt is the final distribution

for generation at timestamp t.

5.2 Reinforcement Learning

We leverage reinforcement learning (RL) to further
improve generation quality. For each training exam-
ple with input X , we generate a sequence ŝ, which
is sampled from the probability distribution at each
time step, p(ŝt|ŝ1...ŝt−1, X). We observe that di-
rectly optimizing the evaluation function proposed
in Eq. (2) at the sequence level, using a vanilla
policy gradient (PG) or a self-critical sequence
training (TD-SCST) algorithm (Rennie et al., 2017;
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Paulus et al., 2018; Pasunuru and Bansal, 2018),
can lead to instability during training as the re-
ward cannot be calculated until the end of gener-
ation (Celikyilmaz et al., 2018). Therefore, we
instead use a token-level incremental reward that is
based on the change to the original reward function
r(ŝ, Y ) = score(ŝ, Y ) from each sampled token
ŝt, given references Y :

rt(ŝt, Y ) = r(ŝ1...t, Y )− r(ŝ1...t−1, Y ). (3)

The training objective can be written as:

LRL =
T∑

t=1

−rt(ŝt, Y )p(ŝt|ŝ1...ŝt−1, X) (4)

where T = |ŝ|. Since optimizing RL loss alone
runs the risk of compromising the language model
(Paulus et al., 2018; Pasunuru and Bansal, 2017),
we use a mixed loss as follows:

LMIX = λLRL + (1− λ)LMLE (5)

where λ is a hyperparameter to be tuned.

6 Experiments

6.1 Setup
To leverage the recent success in such transformer-
based generation models, neural generation models
in our experiments are initialized with the base ver-
sion of T5 (Raffel et al., 2019; Wolf et al., 2020),
an encoder-decoder architecture pre-trained on a
variety of text-to-text tasks.5 All hyperparameters
are tuned on the validation set. For MoE, we first
fine-tune T5-base to obtain a “single expert” model
to initialize each individual component model of
the MoE. The “single expert” is trained by leverag-
ing a sequence-to-sequence objective as in T5, with
each of the n training (input, output) pairs: (x1, s),
(x2, s), ..., (xn, s) from a data instance. This is
followed by training a complete MoE model as de-
scribed in Section 5. We use greedy beam search
as the decoding strategy for all generative models
with a beam size of 4 (the default value in T5-
base). We observe that consecutive ellipses and
uninformative tokens hurt readability. To improve
the readability of output sketches, we apply minor
post-processing to all models in our experiments:
we merge consecutive ellipses if all tokens between

5Note that T5 can be easily replaced by Other pre-trained
generative models like BART (Lewis et al., 2020) in our model
framework.

them are punctuation or among the 30 most fre-
quent tokens.6 Sentence-terminating periods are
excepted.

Training and Parameters T5 has about 220 mil-
lion parameters and MoE has about 310 million
parameters in total. The average training time is
about 20 hours for T5 and about 30 hours for MoE
on a single Tesla V100 node (32GB) with 3 epochs.
It takes an additional 10 hours to train a single ex-
pert in MoE. For MoE+RL, we use 4 V100 nodes
and it takes about 2 days for training. During train-
ing, we tune batch size, learning rate and warm-up
steps for T5. For MoE and MoE+RL, there is a
separate pair of learning rate and warm-up steps
for the coordinator. Each batch size is tuned within
a range of [1, 32] (with no more than 3 values
for each model); each warm-up step is tuned at
{4000, 8000, 16000}; each learning rate is tuned
in {1e−5, 3e−5, 1e−4}. For RL training, we ob-
serve performance gain only when λ is relatively
large, so we tune λ ∈ {0.95, 0.97, 0.99} (similar
to Celikyilmaz et al. (2018)). In order to avoid the
situation where the models learn to not generate el-
lipses that lead to unreadability, we set the cost for
deleting an ellipsis to be much smaller (0.1) in the
reward function. In addition, we randomly select
three seed values for each model. Each model is
trained with the above parameter value combina-
tions. We apply grid parameter search for T5 and
MoE, and random search for MoE+RL. Hyperpa-
rameters are tuned based on automatic evaluation
score (1-WER) on the validation set.

The best hyperparameter configurations for best-
performing models were: T5: batch size = 2, warm-
up step = 4000, learning rate = 3e−5; MoE: batch
size = 15, warm-up step = 8000, learning rate =
3e−5, warm-up step (coordinator) = 4000, learning
rate (coordinator) = 1e−4; MoE+RL: batch size
= 4, warm-up step = 4000, learning rate = 3e−5,
warm-up step (coordinator) = 4000, learning rate
(coordinator) = 3e−5, λ = 0.99.

6.2 Systems

Non-neural systems include the following ap-
proaches: Last-pair: The output is the aligned
boilerplate text between the last pair of ordered
input documents (as described in Section 4, in
cases where the differing title token is time-related,
the last pair refers to the most recent two docu-

6https://github.com/first20hours/
google-10000-english
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ments); Last-retrieval: The last document is re-
trieved as the initial draft; MSA: We apply the
multi-sequence alignment approach (Barzilay and
Lee, 2003), to align tokens in input documents and
replace tokens that have too few alignments (thresh-
old tuned on valid set) with ellipses; Consensus-
MSA: This resembles how we generate heuristic
drafts as weak supervision in Section 5.1. However,
instead of using the held-out document d to create
the skeleton, we use the input document xi that
gives the highest value of

∑n
j=1 score(xi, xj).

We evaluate the following neural approaches:
T5 (zero-shot): We directly apply T5 without fine-
tuning. We use T5 to encode each input document
individually and at each decoding timestamp, we
combine probability distributions from all T5 de-
coders with average pooling. As T5 rarely gen-
erates ellipses, we insert an ellipsis token if the
probability of the top candidate token w from the
combined distribution is below a threshold α that
is tuned on the validation set (i.e., p(w) < α).7 We
used the “summarize :” prefix in the zero-shot set-
ting, this being is the most similar T5 pre-trained
tasks to ours; T5 (doc-finetune): We finetune T5
with all input documents concatenated into a sin-
gle string input (with a special separator token)
and each target document (instead of the heuris-
tic sketch) as the generation target; T5: Similar to
the T5 (doc-finetune) setting, but with the heuris-
tic sketch defined in Section 5 as the generation
target; MoE: This is the mixture of experts model
described in Section 5, also trained with the heuris-
tic sketches as the weak supervision; MoE + RL:
This is the RL model described in Section 5, with
the trained MoE as the warm-start.

6.3 Results
Automatic Evaluation We use the automatic
evaluation of Section 3 for system development
while relying on human evaluation to draw final
conclusions on system comparison. However, we
observe reasonable consistency between our au-
tomatic and human evaluation results. We report
automatic evaluation results in Tab. 3. The first
numerical column includes overall results of the
test set, and the remaining columns categorize the
results into three roughly equi-sized levels of simi-
larity among documents within the input document
set, estimated on the basis of average pair-wise edit

7Since the original T5 was not trained with ellipsis as a
special token, each T5 decoder uses its own greedily decoded
token if an ellipsis is inserted (p(w) < α).

Input document similarity
System All High Med. Low

last-retrieval −0.242 0.338 −0.284 −0.733
last-pair 0.147 0.410 0.063 −0.021
MSA 0.149 0.374 0.072 0.012
consensus-MSA 0.202 0.438 0.132 0.047

T5 (zero-shot) 0.000 0.000 0.000 0.000
T5 (doc-finetune) 0.050 0.382 −0.014 −0.197
T5 0.182 0.389 0.124 0.044
MoE 0.205 0.411 0.147 0.069
MoE+RL 0.213 0.414 0.158 0.077

Table 3: Automatic evaluation scores (1−WER) of
overall test examples and scores categorized by input
document similarity levels.

System A System B Prefer A Prefer B

MoE consensus-MSA 50.70% 39.28%
MoE T5 46.15% 42.88%
MoE MoE+RL 49.93% 39.65%

Table 4: Human evaluation scores. A number in
bold indicates that the system is significantly better at
p < 0.03, computed using 10k bootstrap replications.

distance normalized by length.
Among non-neural models, we observe that

multi-sequence alignment approaches outperform
last-retrieval and last-pair where only one or two
input documents are leveraged to produce the ini-
tial draft. We also notice that consensus-MSA with
a “central” document as the skeleton is more ef-
fective than the standard MSA that treats all in-
puts equally. When directly applying zero-shot T5,
we notice that when the threshold α described in
Section 6.2 equals 1.0 (i.e., the output is always
an empty string), the model can achieve the best
score 0. This is partly because that none of the
T5 pre-trained tasks is the same as ours. In addi-
tion, simply exploiting the generation probability at
each decoding timestamp can be problematic. For
example, when decoding a frequently-appearing
entity with multiple tokens, the first token might
have low probability given the preceding context
while subsequent tokens can be more probable sim-
ply because they frequently appear with the first
token. T5 with supervision from the target doc-
ument (doc-finetune) yields a much lower score
than T5 finetuned with the heuristic draft. This is
mostly because the complete target document con-
tains much more information than can be inferred
from the input; the model learns to hallucinate facts,
necessitating heavy deletion by users.

MoE outperforms T5, which indicates that hav-
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Collection Title Waterford Senior Hurling Championship
Target Document The ‘1960 WSHC’ was the 60th staging of the WSHC since its establishment by the Waterford County

Board in 1897. On 9 October 1960, Mount Sion won the championship after a 5-09 to 2-05 defeat
of Erin’s Own in the final. This was their 16th championship title overall and their eighth title in
succession.

consensus-MSA The ‘... WSHC’ was the ... staging of the WSHC since its establishment by the Waterford County Board
in 1897. On ..., Mount Sion won the championship after a ... defeat of ... in the final. This was their ...
championship title overall and their ... title in succession.

T5 The ‘... WSHC’ was the 58th staging of the WSHC since its establishment by the Waterford County
Board in 1897. On ... September ... won the championship after a ...-10 to 1-... defeat of ... in the final.
This was their ... championship title overall and their ... title in succession.

MoE The ‘1957 WSHC’ was the 57th staging of the WSHC since its establishment by the Waterford County
Board in 1897. On 15 September 1957, Mount Sion won the championship after a 2-10 to 1-08 defeat
of ... in the final. This was their 13th championship title overall and their fifth title in succession.

MoE+RL The ‘... WSHC’ was the ... staging of the the WSHC since its establishment by the ... County Board in
1897. On ... 1957, ... won the championship after a ...-10 to ... defeat of ... in the final. This was their ...
championship title overall and their ... title in succession.

Collection Title Botanischer Garten der Universität
Target Document The ‘Botanical Garden in Potsdam’ (or Botanischer Garten der Universität Potsdam), is a botanical

garden and arboretum maintained by the University of Potsdam. It has a total area of 8.5 hectares, of
which 5 hectares are open to the public, and is located immediately southwest of the Orangery Palace at
Maulbeerallee 2, Potsdam, in the German state of Brandenburg. It is open daily; an admission fee is
charged for the glasshouses only (2017). The garden was established in 1950 on two adjacent plots of
land: part of the Sanssouci Park, and the Paradise Garden (about 2.5 hectares).

consensus-MSA ... a botanical garden ... maintained by the University of ... It is located ... open ... The garden was ...
contains ...

T5 The ’Botanischer Garten der Universität ... is a botanical garden maintained by the University of ... It
is located at ... Baden - Württemberg, Germany, and open ... The garden was established in ... and
contains about ... species ...

MoE & MoE+RL The ’Botanischer Garten der Universität ... is a botanical garden maintained by the University of ... It is
located at ... The garden was established in ...

Table 5: Sample outputs: in the first set of outputs there is high similarity among documents in the input document
set while in the second inter-document similarity is low. Generated tokens are in blue if they are consistent with
the target document, and in red if inconsistent.

ing a coordinator to communicate between each in-
dividual encoder and decoder effectively improves
model performance. We also experiment with co-
ordinators using a simple linear layer and find that
transformer-based ones are much more effective.
Applying RL on top of a trained MoE model helps
further improve the model performance in auto-
matic evaluation. We denote the RL approach as
MoE+RL in Tab. 3. Warm-starting RL with a MoE
model close to fully-converged gives slightly better
results than with an fully-converged MoE model.

The rightmost three columns in Tab. 3 divide test
examples into 3 roughly equal-sized levels of simi-
larity among documents within the input document
set (‘high’, ‘medium’, ‘low’). Both last-retrieval
and T5 (doc-finetune) models drop dramatically as
the input similarity decreases, mostly because they
contain a lot of hallucinated content, an issue that
is even more severe when there is little overlapping
structure or factual content among the input docu-

ments. MoE based models are much more robust to
low input similarity compared to the baselines. For
the group with the most similar input documents,
consensus-MSA gives the best score, while MoE
based models yield much better performance in the
other two groups.

Human Evaluation In order to avoid bias in hu-
man judgments, we control possible confounding
factors including sequence length and the number
of ellipses in a sequence during decoding (Nakov
et al., 2012; Guzmán et al., 2015). We apply a
tuneable penalty for each confounding factor (at in-
ference time only) for each neural model (Murray
and Chiang, 2018) to generate examples for hu-
man evaluation, such that the average output length
and number of ellipses in each sequence from all
neural systems compared in Tab. 4 are almost the
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same.8 We notice that such normalization does
not affect the automatic evaluation score of each
system much and the system ranks do not change.

Human evaluation was conducted using crowd-
sourced workers. Judges were presented with
paired randomized outputs and target documents,
and were instructed to choose their preference for
a starting point for writing the target document in
order to save editing time.9 Judgments were based
on a five-point Likert scale, and ties were permitted.
Four judges evaluated each pair, and metrics were
imposed to block poorly performing judges. Sam-
ple sizes are 1000 for all system pair comparisons.

Results in Tab. 4 confirm that MoE outperforms
consensus-MSA and T5. Although RL helps im-
prove automatic evaluation scores on top of MoE,
human judges mostly prefer MoE over MoE+RL.
The fact that applying RL can hurt readability
(Paulus et al., 2018; Pasunuru and Bansal, 2018)
may explain why MoE+RL achieves higher auto-
matic scores yet worse human scores than MoE.
We observe that MoE+RL has occasional difficulty
predicting where ellipsis tokens should be, which
hurts sketch readability. Moreover, since our task
is a subjective one (e.g., different preferences for
more/less verbose sketches), a customized RL re-
ward (e.g., different cost for deletion and insertion
for WER calculation) should be applied in real ap-
plications to reflect different user preferences.

6.4 Analysis

We investigated the differences in model perfor-
mance when the input documents have different
similarity scores. When the similarity is lower,
models tend to produce drafts that are harder to
interpret because they generate a higher percent-
age of generic or ellipsis tokens, although MoE
and MoE+RL are less vulnerable to this. Tab. 7
shows the average percentage of generated ellipsis
or punctuation tokens for each system when the
input document similarity is high or low. We can
see that when the similarity score is higher, the two
statistical numbers do not differ greatly between
systems, except that MSA has a much higher per-
centage of ellipses. When similarity is low, MoE

8Since MoE has a more balanced average sequence length
and the number of ellipses, we keep MoE unchanged and
adjust T5 and MoE+RL to have the same values as MoE.

9Ideally, it would be preferable to directly measure editing
productivity through usability testing, but this is impractical in
a crowd worker setting, and dependent on confounding factors
such as design of the user interface.

and MoE+RL have much lower percentages of el-
lipses or punctuation, compared with other models.

Tab. 5 shows two examples of system outputs.
These examples are from the clusters of high and
low input similarity respectively. When the input
similarity is high, content tokens from consensus-
MSA are included in the target document while the
neural models tend to generate more hallucinated
tokens. This explains the better score consensus-
MSA achieves in the higher input similarity cluster.
We also notice that when the similarity is high,
consensus-MSA generally has better coverage of
overlapped content between input documents, and
its generated drafts are on average more than 10%
longer than other systems. When the similarity
is low, the second example shows that all systems
generate shorter outputs due to less shared structure
between input documents. In this case, consensus-
MSA starts to include more content that does not
necessarily appear in the target and MoE-based
models generate more reasonable sketches and con-
tain fewer ellipses and uninformative tokens, which
can hurt the sketch readability.

7 Discussion

Since gold document sketches are difficult to an-
notate, there remain challenges of how to leverage
or create better weak supervision. We may also
want models to adjust to users’ personalized pref-
erences over document sketches (e.g., some may
prefer more deletions than insertions or vice versa)
in practical application deployment, where RL can
play a major role by having models directly opti-
mized by customized rewards.

We show that MoE-based models tend to gener-
ate more readable sketches by outputting fewer el-
lipses and functional tokens, though in some cases
it can be difficult to guess what should fill a given
ellipsis. An interesting future study could exam-
ine how the placement and number of ellipses in
a sketch affects readability. We would also like
to explore whether replacing ellipsis tokens with
some more contentful label (e.g., entity type) or a
retrieved sample content for a gap (Xu et al., 2021)
could help make sketches more interpretable.

An initial document sketch provides the reusable
text structure that allows a user to fill in detailed
content. Interactive document generation can be
seen as the next step of our document sketching task
that dynamically fills in more local contexts based
on users’ inputs. We suggest that RL could again
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Collection Title 1960 United States Presidential Election in
Target Doc Title 1960 United States Presidential Election in Colorado

w/o user input The ‘1960 United States presidential election in ...’ took place on November 8, 1960, as part of
the 1960 ... election. ... chose ... representatives, or electors to the Electoral College, who voted for
president and vice president.

w/ user input The ‘1960 United States presidential election in Colorado’ took place on November 8, 1960, as
part of the 1960 United States presidential election. Voters chose three representatives, or electors
to the Electoral College, who voted for president and vice president. Colorado was won by incumbent
Vice President Richard Nixon (R-California), with 50.9% of the popular vote, against Senator John F.
Kennedy (D-Massachusetts) with 49.1%.

Table 6: Example of interactive writing with user input. The first sentence (bold) is generated in the “w/o user
input” setting, while it is the gold first sentence of the target document in “w/ user input” setting. Generated tokens
are in blue if consistent with the target document and red if inconsistent.

Ellipses Punctuation
System High Low High Low

MSA 15.9% 42.0% 10.9% 19.0%
consensus-MSA 10.6% 29.8% 10.8% 19.2%
T5 10.0% 23.2% 10.9% 14.6%
MoE 8.6% 16.6% 10.2% 13.0%
MoE+RL 7.3% 15.4% 10.2% 14.0%

Table 7: Percentage of ellipses (in all generated to-
kens) and punctuation (in generated tokens excluding
ellipses) tokens. ‘High’ and ‘low’ refer to the average
pair-wise input document similarity level.

play a major role towards building such writing
assistants, with rewards from a real user or a user
simulator. We notice, for example, in Tab. 6 that
given user input in the first sentence, the subsequent
generated sentences become much more specific
and relevant to the new input.

8 Conclusions

We have presented a new task, DOCUMENT

SKETCHING, designed to generate draft documents
that users can edit. To support this task, we in-
troduced a new dataset and a weakly supervised
learning setting. Experimental results show that
deep learning models outperform established multi-
sequence alignment approaches.

Acknowledgments

We thank members of Microsoft Research and Uni-
versity of Washington’s NLP groups who provided
feedback and insights to this work. In particular, we
thank Chenyan Xiong for providing insights during
early project discussions. We also thank Michael
Lee, Sara Ng, Sitong Zhou, and Trang Tran for their
assistance and feedback on the human evaluation
setup. We also thank Zhang Li, Kosh Narayanan,
Chandra Chikkareddy, Si-Qing Chen, and Weixin

Cai of Microsoft’s Natural Language Experience
team for their insights into authoring experience.

Ethical Considerations

We believe this paper to be part of body of work
that can mitigate some of the ethical pitfalls (Ben-
der et al., 2021) of large pre-trained models such as
GPT-3 (Raffel et al., 2019). While the present work
does not entirely prevent misuse, e.g., by a mali-
cious user trying to promote misinformation, Au-
tomatic Document Sketching can be more broadly
framed as a form of controllable generation, which
places greater control into the hands of the users.
As such it is complementary to ongoing research on
fake news detection (Zellers et al., 2019), toxicity
detection (Han and Tsvetkov, 2020; Pavlopoulos
et al., 2020), and consistency detection in, e.g.,
summarization (Maynez et al., 2020; Wang et al.,
2020). Human subjects (crowdworkers) were paid
at a rate higher the legal minimum wage in our
locale (Washington State, U.S.A.).

References
Dimitris Alikaniotis and Vipul Raheja. 2019. The

unreasonable effectiveness of transformer language
models in grammatical error correction. In Pro-
ceedings of the Fourteenth Workshop on Innova-
tive Use of NLP for Building Educational Applica-
tions, pages 127–133, Florence, Italy. Association
for Computational Linguistics.

Laura Alonso, Irene Castellón, Jordi Escribano, Xavier
Messeguer, and Lluı́s Padró. 2004. Multiple se-
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Abstract

In this paper, we introduce an event-driven
trading strategy that predicts stock movements
by detecting corporate events from news arti-
cles. Unlike existing models that utilize tex-
tual features (e.g., bag-of-words) and senti-
ments to directly make stock predictions, we
consider corporate events as the driving force
behind stock movements and aim to profit
from the temporary stock mispricing that may
occur when corporate events take place. The
core of the proposed strategy is a bi-level event
detection model. The low-level event detec-
tor identifies events’ existences from each to-
ken, while the high-level event detector in-
corporates the entire article’s representation
and the low-level detected results to discover
events at the article-level. We also develop an
elaborately-annotated dataset EDT for corpo-
rate event detection and news-based stock pre-
diction benchmark. EDT includes 9721 news
articles with token-level event labels as well as
303893 news articles with minute-level times-
tamps and comprehensive stock price labels.
Experiments on EDT indicate that the pro-
posed strategy outperforms all the baselines in
winning rate, excess returns over the market,
and the average return on each transaction. 1

1 Introduction

By shaping investors’ perceptions and assessments
of companies, financial news has significant im-
pacts on the stock market (Engle and Ng, 1993;
Tetlock, 2007). News-based stock prediction mod-
els are thus developed to automatically discover
signals of stock market movements from the count-
less news articles that generated every moment.
(Kalyani et al., 2016; Shah et al., 2018; Mohan
et al., 2019).

1Code and the EDT dataset is available at https://
github.com/Zhihan1996/TradeTheEvent

Time
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Trading

ALPHARETTA, Ga., Nov. 26, 2019 – Neenah, Inc. (NYSE: NP) 

announced today that its Board of Directors approved a four

percent increase in the cash dividend                                   

on the company’s common stock. The company also announced 

authorization of a repurchase program.

Dividend Increase

Stock Repurchase

(Trading Policy)

(Event Detector)

Investing

News Articles

Figure 1: Overview of the event-driven trading strategy

Previous studies mainly rely on textual features
and sentiment analysis to forecast the stock move-
ments (Fung et al., 2003; Liu, 2018; Huynh et al.,
2017). Both of them, however, often face the prob-
lem of poor explainability and low signal-to-noise
ratio. Textual feature-based methods often formu-
late the stock prediction as a text classification
problem by directly predicting the rise and fall of
stocks based on the extracted features. These mod-
els fail to make reasonable trading decisions since
they omit the reasons behind stock price changes.
Sentiment-based methods avoid this problem by
regarding the news articles’ sentiments as the indi-
cator of stock movement. However, news sentiment
is subjective, which can be greatly affected by the
author’s standpoint and writing style.

Unlike textual features and sentiments, corporate
events are objective facts that impact how investors
perceive and assess the related companies. Thus,
we resort to corporate events to make more con-
vincing and explainable stock predictions. Jacobs
et al. (2018) achieves corporate events detection by
splitting a news article into sentences and detecting
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events on each of them with multi-label sentence
classification. This method, however, discards the
global contextual information of the entire article
and fails to indicate the evidence of events’ exis-
tences. We believe that detecting events at a smaller
granularity (e.g., at the token-level) is beneficial on
both model training and application sides. During
training, explicitly assigning a label to each token
gives the model specific guidelines of what to iden-
tify. On the application side, each detected event
is supported by one or more subsequences of the
original article, allowing users to easily distinguish
the predicted results.

However, singly detecting events from the token-
level may result in a lack of macro understandings
of the entire article. To tackle this, we introduce a
bi-level event detection model, in which a low-level
detector identifies the subsequences that describe
specific events by classifying each token. And
a high-level detector takes the predicted results
from low-level and integrates them with the input
article’s global contextual information to predict
the probabilities of each event’s existence.

Another problem with existing models is that
they ignore the timeliness of news articles. Most
of them utilize news articles to predict the related
securities’ rise/fall on the following trading day(s).
However, stock prices are very likely to change
immediately in response to noteworthy news. Thus,
the stock movement in the following trading day(s)
may not accurately reflect a news article’s influence.
To tackle this, we make stock predictions as soon
as a news article is published and perform tradings
at that moment with the proposed trading policies.

Based on the event detection model and trading
policies, we construct an event-driven trading strat-
egy that simultaneously detects corporate events
from news articles, indicates the subsequences that
describe the detected events, and performs trading
on the related stocks. By running the strategies
against massive historical data in EDT, we demon-
strate the superiority of the proposed strategy in
terms of excess returns over the market and the
average return on each transaction. The experiment
results also reveal the timeliness of news and the
effectiveness of corporate events in indicating stock
movement.

The main contributions of our paper are as sum-
marized follows: (i) We introduce a novel event-
driven trading strategy that detects trading signals
from arbitrary unlabeled news articles; (ii) We

present EDT, an elaborately-annotated dataset with
300000+ news articles for corporate event detec-
tion and news-based trading benchmark. (iii) We
propose a bi-level event detection model that in-
tegrates macro and fine-grained understandings to
effectively identify corporate events;

2 Problem Definition

We aim to construct an event-driven trading strat-
egy that automatically detects corporate events
from news articles and performs trading accord-
ingly. The proposed strategy consists of two com-
ponents: bi-level event detector and trading policy.

The low-level event detector identifies events
from each token. We formulate the low-level
event detection as a sequence labeling problem.
The label set L = {e1, e2, ..., ek, O} consists of
k pre-defined events and a special label O that
stands for Noevent 2. We define an article x =
(x1, x2, ..., xn) as a sequence of tokens and define
its label sequence as y = (y1, y2, ..., yn). The
same event may be mentioned multiple times in an
article, and a single article may contains multiple
events. If a subsequence x′ = (xt, xt+1, ..., xt+s)
of x describes the event i, {yj}t+sj=t are labeled as
ei. All the other words are labeled as O. The low-
level event detection is defined as follows: given
an article x∗ = (x1, x2, ..., xn), find its best la-
bel sequence y∗ = (y1, y2, ..., yn). We say event
i is detected by the low-level detector if ei ∈ y∗.
Based on the low-level detected results, the high-
level event detector calculates the probability of
each event’s existence. We say event i is detected
by the high-level detector if its existence probabil-
ity is larger than a given threshold. We combine
the predictions on both levels as the final predic-
tion. When events are detected, the trading policy
decides when to buy and sell the related securities.

3 Strategy

This section discusses the proposed strategy by
respectively introducing the event detector and the
trading policies.

3.1 Event Detector

Before training the model to detect events, we first
equip it with prerequisite knowledge of the finan-
cial domain by performing a domain adaptation.

2events that are not included in {ei}ki=1 are also consid-
ered as Noevent
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Figure 2: Model overview. The low-level detector iden-
tifies corporate events from each token, while the high-
level detector summarizes the low-level predictions and
the input representation to detect events at the article-
level

3.1.1 Domain Adaptation

Since the same event can be expressed with sig-
nificantly different terms and descriptions, and the
same terms can refer to different meanings, under-
standing the event itself and its related terms is
of great importance. We perform domain adapta-
tion by training the model with Masked-Language-
Model (MLM) loss on a financial encyclopedia as
well as financial news articles. Section 4.3 dis-
cusses this corpus in details. During training, 15%
tokens of an input sequence are masked, and the
model is asked to predict the masked tokens. The
prediction is essentially a multi-class classification
over the entire vocabulary. We optimize the model
with the Categorical CrossEntropy loss calculated
on all the masked tokens.

3.1.2 Bi-Level Event Detection

As shown in fig. 2, the event detection model takes
an article as input and respectively detects events
from two levels. Each article is concatenated with
a special token [CLS]. The Transformer-based text
encoder calculates a series of hidden states for each
token. We consider [CLS]’s last hidden state hcls
as the representation of the entire article, and hi as
the representations of token i.

The low-level detector identifies the subse-
quences that describe corporate events. For a given
label set L (section 2) with K + 1 labels (e.g., K
pre-defined events and a “Noevent”), the detector

assigns K + 1 scores to each token by performing
a multi-classes classification based on the token’s
representation. Each score stands for the confi-
dence of finding a specific event at this position.
These scores are concatenated and passed to the
high-level detector. During training, we calculate
the Categorical CrossEntropy loss for each token
of an article and average them as the article’s low-
level loss.

The high-level detector concatenates the low-
level prediction as well as the entire article’s repre-
sentation to calculate the probability of each event’s
existence. We formulate it as a multi-label classifi-
cation problem. Specifically, we assign K binary
labels to each article and represent them with a K-
length label vector. For articles without any events,
their label vectors are all-zero. If event i occurs
in an article, the i-th component of its label vector
is set to 1. We utilize the Binary CrossEntropy
with Sigmoid as the loss function. This function
considers the K-label classification as K indepen-
dent binary classification problems. Specifically,
it uses the Sigmoid function to map each vector
component of the high-level detector’s output to
(0, 1). We consider the mapped score of each event
as its probability of existing in the input article.
We then calculate the Binary CrossEntropy loss
between the mapped score and the binary label of
each event. The losses of all the events are summed
as the high-level detector’s loss. We sum the losses
of the low-level and high-level detectors to simulta-
neously optimize the detectors and the text encoder.

3.1.3 Ticker Recognizer
To make the proposed strategy applicable to ar-
bitrary news articles, besides detecting events, we
also recognize the related securities (e.g., company)
to trade on.

Each security listed on an exchange has a unique
ticker, which is a unique arrangement of characters
(e.g., Amazon’s ticker at the NASDAQ exchange
is AMZN). To recognize the tickers, we download
company-ticker pairs (e.g., Amazon v.s. AMZN)
for all the securities listed on NYSE and NASDAQ
from Yahoo3. For a given article, we perform string
matching between the article and all the company-
ticker pairs. If multiple company-ticker pairs are
matched, we choose the one that occurs the most
times. Some tricks are employed to improve the
accuracy and efficiency. For example, the company-

3finance.yahoo.com
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ticker pairs that match the title’s first few words
are assigned higher confidence. Although a single
article may include multiple securities, we only
recognize the one that occurs most to simplify the
setting.

3.2 Trading Policy

To minimize other factors’ influences, in this paper,
we trade only on stocks instead of any derivatives
(e.g., options). We relate each detected event to
a long or short trading signal singly based on its
event type. Events that may result in a stock price
rise are considered as long signals, while events
that may lead to a fall of stock prices are considered
as short signals.

We implement two trading policies named
Trade-At-End and Trade-At-Best. Both of them
long (e.g., buy) the related stocks for long signals
and perform short-selling for short signals. We
define a transaction as a buy(sell) and a sell(buy)
of the same stock. The policies always start a trans-
action (e.g., perform a buy or a short-selling) at the
first available time when an event is detected.

Trade-At-End (k): This policy holds a started
transaction for k trading days and closes the trans-
action on the last day when the market closes.

Trade-At-Best (k): This policy closes a trans-
action at the best price (e.g., highest for sell and
lowest for buy) within k trading days from the start
date. It estimates the profit that a trader can gain at
most within k trading days with a detected event.

4 Data

In this section, we discuss the EDT dataset. EDT
contains data for three purposes: 1. corporate event
detection (section 4.1); 2. news-based trading strat-
egy benchmark (section 4.2); 3. financial domain
adaptation (section 4.3).

4.1 Data for Event Detection

We choose 11 types of corporate events that have
relatively predictable and straightforward impacts
on the stock price based on financial knowledge.

4.1.1 Event Type
In this work, we only focus on non-periodic corpo-
rate events. Trading on periodic corporate events
such as Earning Call is much trickier since in-
vestors can access their information from multi-
ple sources in advance. We leave them for future
works.

Guidance Increase (GI) Guidance is a
company’s public estimates of its upcoming-
quarter/fiscal year earnings. This event includes the
announcements of guidance increase or upgrade.

Acquisition (A) An acquisition event happens
when a company announces to purchase all or a
portion of another company’s shares or assets.

New Contract (NC) The new contract event
refers to a company announcement of being
awarded a new contract.

Stock Split (SS) A stock split event refers to a
company that divides the existing shares of its stock
into multiple new shares.

Reverse Stock Split (RSS) This is the reverse
process of the stock split, which consolidates the
number of existing stock shares into fewer shares.

Positive Clinical Trial & FDA Approval (CT)
This event includes (i) positive trial results from
clinical studies; (ii) receiving FDA approval, clear-
ance, or being granted by FDA to market legally in
the United States.

Stock Repurchase (SR) A company’s stock re-
purchase events include declaring, reinstatement,
or increasing a stock buyback plan.

Dividend (RD) The dividend is a distribution of
some of a company’s profits paid to its sharehold-
ers.

Dividend Cut (DC) A dividend cut means to
reduce, stop, or suspend a pre-announced dividend.

Dividend Increase (DI) A dividend increase
refers to an increase in the regular dividend.

Special Dividend (SD) A special dividend is
an event that a company declares a non-recurring
dividend paid to its shareholders.

4.1.2 Detailed information

Event Num. Event Num.

A 229 CT 314
RD 290 DC 109
DI 225 GI 99
NC 518 RSS 51
SD 80 SR 385
SS 76

Table 1: Number of articles in EDT for each event.

We collect 9721 English news articles, of which
2266 articles contain at least one of the above
events. Table 1 shows the number of articles that
corresponds to each event. The rest 7455 articles
are news articles that do not contain any of the
above events. We expect them to help the model
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better distinguish the event-related articles from the
non-event ones. Among them, we deliberately in-
clude hundreds of non-event articles that are highly
similar to event-related ones. An example here is
“Apple announces a stock repurchase program” v.s.
“Apple announces the completion of the recently
announced stock repurchase program”, in which
we do not expect the latter one to have a significant
influence on the stock price.

These news articles are downloaded from
PRNewswire4, Businesswire5 and Globe-
Newswire6 using keywords-search. The keywords
for each event are manually determined based on
samples of that event. Each article’s title, subtitle,
and main text are concatenated after data cleaning
(e.g., remove special symbols). We annotate
each article with token-level labels. Two human
annotators are asked to independently mark the
subsequences that best describe the pre-defined
corporate events. The annotations of an article are
produced if the annotators give the same result.
Otherwise, they discuss the best annotations.

We randomly sample 80% articles of each event
and combine them with 80% of non-event articles
to form the training data. The rest are considered
as the validation data.

4.2 Data for Strategy Evaluation
We develop this data to benchmark news-based
stock prediction models and trading strategies. To
accurately account for the stock movement, the
news articles should be original-sourced. To mimic
the real-world situation, the news articles should
be diverse enough (e.g., in different categories).
Thus, we choose PRNewswire and Businesswire as
the article collection sources and download all the
English news from PRNewswire (Mar 1st, 2020 -
Apr 30th, 2021) and Businesswire (Aug 16th, 2020
- May 6th, 2021). We remove the articles that exist
in the training data (section 4.1.2). Since some
pre-defined events are infrequent (e.g., stock split),
to ensure that there are at least a few samples of
every event, we add all the articles of the validation
data (section 4.1.2) to this data. After data cleaning,
there are 303893 news articles.

Each article comes with a minute-level times-
tamp, which allows researchers to locate the ex-
act event happening time. Generally, news-based
trading strategy evaluation involves four steps. (i)

4https://www.prnewswire.com/
5https://www.businesswire.com/
6https://www.globenewswire.com/

Identify trading signals (e.g., corporate events or
sentiments) from news articles; (ii) For each article
where trading signals are detected, recognize the
related company(ticker); (iii) Get the recognized
company’s stock price data around the publish time
of the news; (iv) Perform transactions based on
trading policies.

To enable researchers without ticker recognizers
and historical stock price data to benchmark their
models/strategies, we assign each article with an
automatically recognized ticker as well as detailed
price labels of that ticker. With the detailed price
labels of each news article, strategy evaluation can
be as easy as “counting the price changes on the
articles that are recognized as trading signals”.

Specifically, an article’s price labels includes:
open / close prices at the first minute we can trade
on, highest / lowest prices in the following 1/2/3
trading days, close prices in the following 1/2/3
trading days, and the minute-level timestamp cor-
responding to each price. If available, we take
the prices in the pre-market and after-hours into
consideration since many corporate events are an-
nounced in these periods, and stock prices may
change greatly during these times. The price labels
are empty for articles where no ticker is recognized
or the historical price data is unavailable. Among
all the evaluation data, 106619 articles come with
non-empty price labels.7

4.3 Data for Domain Adaptation

The corpus for domain adaptation contains finan-
cial news articles and a financial terms encyclope-
dia, which is considered as unstructured domain
knowledge. For encyclopedia, we download 6260
explanatory documents from Investopedia8. Each
document explains a specific financial term and de-
scribes the role it may play in the financial market.
For news articles, we directly utilize all the news
articles of the training data (section 4.1.2).

5 Experiment

In this section, we first exhaustively compare Bi-
level Detection with baselines under different set-
tings. Then, we discuss how each event contributes
to the overall trading results. Lastly, we analyze
the profitability and practicality of the proposed
strategy in real-world stock trading.

7We acquire historical stock price data from https://
polygon.io/

8https://www.investopedia.com/
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Among the 11 corporate events in the EDT
dataset, we do not trade on the Dividend since we
do not consider it to have a significant influence on
stock prices. Among the rest, we consider Reverse
Stock Split and Dividend Cut to have negative in-
fluences on the stock price, while the others to have
positive influences. We evaluate the performance
of the proposed strategy with backtesting. Backtest-
ing is widely used to evaluate a trading strategy’s
effectiveness by running the strategy against his-
torical data. We perform trade on all the detected
trading signals for each model.

Metrics For a “buy” transaction, we define its
return as Psell−Pbuy

Pbuy
%, while for a “short-selling”,

we define its return as Psell−Pbuy
Psell

%. Here, P stands
for the price. If a transaction’s return is greater than
or equal to 0, we call it a “win”. If a transaction’s
return is greater than or equal to 1%, we call it a
“big win”. For each model, we calculate its win-
ning rate, big win rate (rate of big wins among
all the transactions) and average return on each
transaction. We also evaluate the models’ excess
returns over the market, where we consider the
S&P 500 index as the benchmark of the market per-
formance. The market return is estimated as the
return of buying S&P 500 index ETF for $10000
on Mar 1st, 2020 and sell all of them on May 6th,
20219. For each model, we start with $10000 cash
and invest $2000 to each trading signal. When
available cash is less than $2000, we invest 20%
of available cash to the detected signal. We report
the excess returns of each model, which equals to
a model’s total returns minus the market return.
10 We assume there is a 0.3% commission fee on
each transaction.

Model Hyperparameters We employ the pre-
trained BERT (Devlin et al., 2018) model as the text
encoder. Specifically, we use the bert-base-cased
checkpoint. Both the low-level and high-level de-
tectors consist of a hidden layer and an output layer.
There are 2048 hidden units in the hidden layer. We
utilize AdamW optimizer with batch size 32 and
learning rate 5e-5 to train the encoder and detectors
together for 5 epochs. We set the maximum input
length as 256 since we find almost all the events
mentioned in a news article exist in its first 256

9In accordance to the time span of data for evaluation
10Since Trade-At-Best always finishes the transaction at

the best price, its winning rate is always 100% and its total
returns is almost linearly related to the number of transactions.
Thus, we only report the average return of this policy.

tokens. Training of the model costs 15 minutes on
4 Nvidia RTX 2080Ti GPUs. We conduct each ex-
periment with 3 different random seeds and report
the average results.

Trading Details For Trade-At-End, we execute
a stop loss of 20% (e.g., sell a stock immediately
when it falls 20%). In all the experiments, we only
trade on the news articles where the historical price
data of the detected ticker is available at the minute
when the article is published. In other words, we
ignore all the news articles that are not published
during the market hours and articles where the his-
torical price data is incomplete.

5.1 Baseline

Vader (Gilbert, 2014) is a rule-based sentiment
analysis model that assigns positive, negative, and
neutral scores to an article. We consider news
articles with a positive score greater than 0.2 as
long trading signals.

BERT-SST is a BERT-based (Devlin et al., 2018)
sentiment analysis model trained on the Stanford
sentiment treebank (SST) dataset. We respectively
consider news articles with a positive score greater
than 0.995 and 0.9 as long trading signals to reduce
the threshold’s influences on the final results.

Sentence (Jacobs et al., 2018) splits an article
into sentences and performs sentence-level event
detection based on multi-label text classification. It
was original implemented with SVM and LSTM.
We re-implement it with BERT to compare it fairly
with our models. We split each article into sen-
tences with the NLTK toolkit (Loper and Bird,
2002) to train and evaluate the model.

BERT-CRF (Lafferty et al., 2001) was originally
proposed as a Conditional Random Fields-based
sequence labeling model, which combines emis-
sion scores given by BERT and learned transition
scores to find the global optimal label sequence for
each input. We re-implement it to perform event
detection singly on the token-level. Following the
literature, we use different learning rates for the
CRF(1e-3) and the BERT(3e-5) components.

5.2 Main Results

Table 2 and 3 respectively shows the models’ 1-
day and 2-day trading results. The result of 3-day
trading is consistent. Due to space limitations, we
present it in appendix A. As shown in the tables,
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Model
TAE (1) TAB (1)

Win Rate Ave. Return Exc. Returns Ave. Return Num. Trans.

Vader (Gilbert, 2014) 52.8||24.3% 0.06% -$8116 1.72% 4327
BERT-SST (0.995) 54.3||26.9% 0.45% $3743 2.94% 2378
BERT-SST (0.9) 52.9||26.1% 0.41% $44049 3.31% 15663
Sentence (Jacobs et al., 2018) 55.5||30.9% 1.37% $54064 7.21% 2881
BERT-CRF 53.7||33.8% 1.60% $83120 8.87% 3533

Bi-level Detection (ours) 54.5||34.2% 1.74% $84443 9.11% 3118

Table 2: This table shows the 1-day trading result, in which we start each transaction at the news article’s publish time and end
the transaction after 1 trading day. Win Rate stands for the overall winning rate (rate of transactions that have a return over 0) ||
big win rate (rate of transactions that have a return over 1%). Ave. Return stands for the average return on each transaction.
Exc. Return stands for the total excess returns over the market when starting with $10000 and invest $2000 to each detected
trading signal. Num. Trans. stands for the number of transactions (valid trading signals) of each model.

Model
TAE (2) TAB (2)

Win Rate Ave. Return Exc. Returns Ave. Return Num. Trans.

Vader (Gilbert, 2014) 53.7||36.9% 0.38% -$2551 3.11% 4327
BERT-SST (0.995) 53.8||38.4% 0.62% $8479 4.72% 2378
BERT-SST (0.9) 52.3||37.2% 0.46% $12802 3.93% 15663
Sentence (Jacobs et al., 2018) 52.7||39.9% 1.24% $24673 9.49% 2881
BERT-CRF 51.3||39.9% 1.39% $52891 11.27% 3533

Bi-level Detection (ours) 52.3||40.8% 1.56% $59375 11.53% 3118

Table 3: This table shows the 2-day trading result, in which we start each transaction at the news article’s publish time and end
the transaction after 2 trading day.

our model outperforms all the baselines on average
return and exceed return under all the settings.

Results of Ticker Recognizer To evaluate the
performance of ticker recognizer, we manually la-
bel tickers for 1674 news articles. The proposed
ticker recognizer succeeds in 1643 of them (accu-
racy: 98.15%). Although it obtains a satisfactory
performance, its imperfect recognition may slightly
impair the evaluation of trading strategies, since it
may point out the incorrect securities for the strate-
gies to trade on.

Results of Trade-At-End Even with the simple
trading policy, our model achieves an average re-
turn of 1.74% and an exceed return of $84443
(844%) in 1-day trading.

Experiments on Vader and BERT-SST show that
the sentiment of a news article can indicate the
stock movement to some extend. For example,
BERT-SST achieves great winning rates, and it suc-
cessfully outperforms the market index by a con-
siderable margin. However, these signals tend to
results in small stock movements. Thus, sentiment-
based models achieve poor average returns. On the
other hand, event-based models obtain much higher
average returns, demonstrating the superiority of
corporate events over news sentiments in indicating

stock movements.
Although the Sentence model highly outper-

forms the sentiment-based methods, compared to
our models, it is less robust to ambiguous articles,
and it is more likely to miss the events that are de-
scribed in several continuous sentences. By utiliz-
ing global context information and detecting events
from the token level, our model identifies more
trading signals and avoids more potential traps.

Bi-level Detection also achieves better perfor-
mance than BERT-CRF under all the settings. The
improvements mainly come from the high-level
detector. By combining the global contextual infor-
mation with token-level detected results, Bi-level
Detection is more robust and more effective. When
the low-level detector generates false alarms on
some ambiguous tokens or fails to detect events
that are not explicitly described, the high-level de-
tector may point it out after analyzing the meaning
of the entire article.

Results of Trade-At-Best This trading policy is
designed to measure the ceiling of trading sig-
nals given by each model. Under this setting,
Bi-level Detection obtains a 9.11% average return
that dramatically exceeds all the sentiment-based
models, indicating how significant the stock price
changes when corporate events take place. Com-
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Metric Policy Event Type

A CT DC DI GI NC RSS SD SR SS

WR. % TAE (1) 52.8 51.7 60.0 66.9 55.9 53.3 57.8 84.0 60.2 43.3
TAE (3) 53.5 48.0 49.4 60.2 52.8 50.5 55.6 64.0 55.6 81.1

AR. %

TAE (1) 2.15 1.89 0.75 0.33 0.88 1.72 3.26 4.76 1.27 -0.04
TAE (3) 1.93 2.05 0.02 1.02 1.19 1.32 4.25 5.49 1.51 4.99
TAB (1) 9.98 12.32 5.71 1.74 4.63 9.40 8.19 8.02 5.26 4.27
TAB (3) 13.46 17.51 10.95 4.21 7.73 13.24 19.68 13.13 8.79 17.91

Num. 960 721 39 135 282 697 26 29 225 5

Table 4: The table shows Bi-level Detection’s 1-day and 3-day trading results on each event, where WR. stands for the winning
rate and AR. stands for the average return on each transaction. Each column respectively shows the results of Acquisition(A),
Clinical Trial(CT), Dividend Cut(DC), Dividend Increase(DI), Guidance Increase(GI), New Contract(NC), Reverse Stock
Split(RSS), Special Dividend(SD), Stock Repurchase(SR) and Stock Split(SS).

Model
TAE (1) TAB (1)

Win Rate Ave. Return Exc. Returns Ave. Return

Bi-level Detection - Open 54.5||34.2% 1.74% $84443 9.11%

Bi-level Detection - Close 51.4||29.5% -0.07% -$12026 4.50%

Table 5: This table shows Bi-level Detection’s 1-day trading results when start transactions respectively with the Open price
and Close price at the minute that the event is detected.

pared to other event-based models, Bi-level Detec-
tion achieves much better performance in identify-
ing corporate events.

5.3 Event Analysis

Table 4 shows Bi-level Detection’s 1-day and 3-day
trading results on each event. As shown in the table,
the Dividend Increase has the smallest influence on
the stock price, while the Reverse Stock Split and
Clinical Trial significantly impact the stock prices.

Reverse Stock Split and Special Dividend are
the most profitable corporate event, yet they are
relatively rare. Acquisition, Clinical Trial and New
Contract are ubiquitous, and they also lead to sig-
nificant stock movements. However, comparisons
between TAE and TAB’s profits indicate that these
events are relatively trickier to trade. Although the
ideal policy TAB achieves dramatic profits, TAE
makes much fewer profits, indicating that the stocks
may oscillate significantly after these events. On
the other hand, Special Dividend and Reverse Stock
Split are comparatively easier to trade on.

Different events also affect the stock prices in
different periods. We measure the influence by
comparing TAB (1) and TAB (3)’s average return
on the same event. They achieve close average
returns on Acquisition, Clinical Trial, and Stock
Repurchase, indicating that the stock prices do not
continue to change sharply after the first day. In
contrast, Stock Split impacts the stock price for a

more extended period.
Thus, an ideal trading strategy should take the

above factors into account. For example, it may
assign different weights to each event based on
their profitability and use a different policy to trade
each event based on their potential price change
patterns.

5.4 Profitability in Real-world

In this section, we discuss the possible profitabil-
ity of the proposed strategy in real-world trading.
Backtesting against historical data shows that the
proposed strategy dramatically outperforms the
market index. However, this result is based on
two main assumptions.

First, we assume the cost of time in acquiring
the news articles and making trading decisions is
almost 0. Table 5 indicates the significance of time-
liness, in which Bi-level Detection - Open starts
transactions with the Open price at the minute
that the news article is published (e.g., price at
11:23:00), while Bi-level Detection - Close starts
with the Close price at that minute (e.g., price at
11:23:59). As shown in the table, when the model
trades tens of seconds after the publish time of the
news article, it greatly underperforms the market
index and achieves a negative average return on
each transaction. These results demonstrate that
the profitability of an event-based model highly
depends on how “quick” one can perform tradings
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after a piece of news is published.
Second, we assume we can always buy/sell the

desired amount of stock shares and ignore the liq-
uidity of the stocks. When the investment scale
is relatively small, this assumption doesn’t have
a big impact. However, as the investment scales
up, the liquidity may greatly constrain the model’s
profitability.

6 Related Works

Text-base Stock Prediction Existing methods
usually count on textual features and sentiment
analysis to forecast the stock movements (Hagenau
et al., 2013; Mohan et al., 2019; Xie and Jiang,
2019; Huynh et al., 2017; Liu, 2018; Mittal and
Goel). Hagenau et al. (2013) utilizes N-Gram,
Noun-phrases, and 2-words combinations of corpo-
rate announcements to predict the stock movement.
The influence of financial news on the stock mar-
ket is also widely explored (Engle and Ng, 1993;
Tetlock, 2007). In recent years, researchers resort
to support vector machine and deep neural network
to analyze financial news articles (Liu, 2018; Xie
and Jiang, 2019; Ding et al., 2015; Huynh et al.,
2017). Mohan et al. (2019) combines news text
(e.g., sentiment, tf-idf, and word2vec representa-
tion) with historical stock data to predict future
stock prices. Event-based stock predictions are
also introduced. Ding et al. (2015) extract events
from news articles, calculate event embedding, and
use it to predict direction of stock moves. Ben Ami
and Feldman (2017) build sentiment-type trading
signals with word polarities and event-type trading
signals with existing information extraction plat-
form and demonstrates the superiority of event over
sentiment in making trading decisions.

Event Detection General domain event
detection that aims to recognize structured
schemata/frames from the text has been widely ex-
plored by data-driven supervised learning methods
(Ahn, 2006; Mitamura et al.). In the economic do-
main, however, existing approaches (Arendarenko
and Kakkonen, 2012; Hogenboom et al., 2013;
Xie et al., 2013) usually exploit knowledge-based
and rule-based methods, which require extensive
hand-designed rules and ontology. Recent works
conceptualize corporate events as sequences of text
that reported company-related occurrences and
introduce data-driven methods to solve financial
event detection with text classification (Ein-Dor
et al., 2019; Jacobs et al., 2018). Ein-Dor et al.

(2019) explored a Wikipedia-based supervised
method to detect the sentences that may include
corporate events. Jacobs et al. (2018) propose a
multi-label sequence classification model to detect
specific corporate events from news articles.

7 Conclusion

This paper introduces an event-driven trading strat-
egy based on corporate event detection from news
articles. We introduce a bi-level event detection
model that utilizes global and local information
to identifies corporate events. Experiments on the
presented dataset EDT demonstrate the proposed
model’s superiority over all the baselines. The re-
sults also signify the corporate event’s timeliness
and effectiveness in indicating stock movement.

In future work, we plan to explore more on both
the event detection model and trading policy. We
expect to involve external knowledge and few-shot
learning methods to relieve the event detection
model from the data imbalance and data-scarce
scenarios. On the trading policy side, we aim to ex-
plore more types of events and customize different
policies for each event based on the potential price
change patterns it may lead to.
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A Results for 3 days trading
As shown in table 6, the trading results on 3-day
trading is consistent with the results of 1-day and
2-day tradings.

Model
TAE (3) TAB (3)

Win Rate Ave. Return Exc. Returns Ave. Return Num. Trans.

Vader (Gilbert, 2014) 55.6||41.9% 0.69% -$152 4.11% 4327
BERT-SST (0.995) 56.1||42.8% 0.98% $1643 8.07% 2378
BERT-SST (0.9) 54.1||41.1% 0.73% $3490 6.23% 15663
Sentence (Jacobs et al., 2018) 54.3||42.6% 1.59% $40066 11.11% 2881
BERT-CRF 51.5||41.2% 1.57% $53152 12.94% 3533

Bi-level Detection (ours) 52.0||42.0% 1.71% $55339 13.11% 3118

Table 6: This table shows the 3-day trading result, in which we start each transaction at the news article’s publish time and end
the transaction after 3 trading day. Win Rate stands for the overall winning rate (rate of transactions that have a return over 0) ||
big win rate (rate of transactions that have a return over 1%). Ave. Return stands for the average return on each transaction.
Exc. Return stands for the total excess returns over the market when starting with $10000 and invest $2000 to each detected
trading signal. Num. Trans. stands for the number of transactions (valid trading signals) of each model.
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Abstract

Prior knowledge plays a critical role in
decision-making, and humans preserve such
knowledge in the form of natural language
(NL). To emulate real-world decision-making,
artificial agents should incorporate such
generic knowledge into their decision-
making framework through NL. However,
since policy learning with NL-based action
representation is intractable due to NL’s
combinatorial complexity, previous studies
have limited agents’ expressive power to only
a specific environment, which sacrificed the
generalization ability to other environments.
This paper proposes a new environment-
agnostic action framework, the language-
based general action template (L-GAT). We
design action templates on the basis of general
semantic schemes (FrameNet, VerbNet, and
WordNet), facilitating the agent in finding a
plausible action in a given state by using prior
knowledge while covering broader types of
actions in a general manner. Our experiment
using 18 text-based games showed that our
proposed L-GAT agent which uses the same
actions across games, achieved a performance
competitive with agents that rely on game-
specific actions. We have published the code
at https://github.com/kohilin/lgat.

1 Introduction

The incorporation of natural language processing
(NLP) and reinforcement learning (RL) is an
important research field for using knowledge,
represented in the form of language, in the
decision-making of artificial agents (Luketina
et al., 2019). One critical topic is the capability
to describe an agent’s actions with natural
language (NL) (Narasimhan et al., 2015; Yuan
et al., 2019). An agent with such a capability
can estimate the plausibility of actions on the
basis of prior knowledge accessible through

GO GIVE EAT…

FrameNet VerbNet WordNet

Environment-
dependent

Weak prior 
knowledge

Go west Enter house Drink tea

Go kitchen Chop meat Eat potato

…

…

Language-based General Action Template Environment-
agnostic

Strong prior 
knowledge

Common Natural Language-based Action Set
(Envs)

Figure 1: Common action templates and L-GAT.

language (Narasimhan et al., 2018). Suppose
that an agent receives a request, “give me some
water”; a common sense idea like “water exists
in the kitchen” will definitely help the agent
determine the right direction to go in. If actions
are represented in language, for example, GO

TO KITCHEN, we can straightforwardly connect
knowledge to actions by referring to language
resources (Fulda et al., 2017). NL is useful for
accessing knowledge to achieve plausible decision-
making, and this language capability would be
fundamental in developing intelligent agents.

However, NL is complicated for current RL
agents to acquire due to its high expressive
power (Hausknecht et al., 2020). The rich
vocabulary and complex grammar of NL result
in a huge action space that is intractable for
existing RL algorithms. Although we can train
an agent by restricting the expressive power to a
specific environment (Narasimhan et al., 2015; He
et al., 2016), such constraints sacrifice the inherent
advantage of using NL as the action representation
for domain-independent learning. Our objective is
to make better trade-offs between expressive power
and the learnability of NL-based RL.

Interactive fiction (IF) games serve as a practical
testbed for NL-based RL, where an agent and
environment communicate with each other through

2125
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Predicate Theme Preposition Patient
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Abstractive Templates
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dog, girl, …

Possible Vocabulary
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FrameNet VerbNet WordNet

Abstractive 
Decision 
Making

Concrete 
Action 

Generation

L-GAT module

Figure 2: Action generation flow with L-GAT.

textual information (Côté et al., 2019). The
agent needs to understand a textual state and
generate an appropriate NL action command.
In the experiments of previous studies, various
constraints on the action space have been used
for the convergence of learning, such as simple
grammar and vocabulary (Narasimhan et al., 2015),
effective ground-truth actions for a state (He et al.,
2016), and game-specific templates (Hausknecht
et al., 2020). These constraints are problematic,
especially when applying the same algorithm to
other environments. There are several studies
that address this by implementing heuristic
rules (Hausknecht et al., 2019) or training an action
generator with observation-action pairs of human-
play (Yao et al., 2020), but they still have a non-
trivial bias toward IF games.

In terms of prior knowledge, word embeddings
and language models have shown success
at reducing the action space (Fulda et al.,
2017; Yao et al., 2020). Although such
continuous representations have achieved notable
performances for broader NLP tasks, they
are basically trained with word co-occurrences.
We cannot flexibly manipulate the knowledge
contained in these continuous representations
because it is difficult to selectively encode the
desired knowledge into them (Zhou et al., 2020).
To make the most of prior knowledge expressed
in NL, we should take advantage of other
linguistic resources as well that provide fine-
grained information more explicitly, such as the
hierarchical structure of words (Miller, 1998), the
semantics of a sentence (Fillmore et al., 2003), and
common sense (Speer et al., 2017).

Thus, we propose a new environment-agnostic
action framework on the basis of general semantic
schemes, the language-based general action
template (L-GAT). Figure 1 shows the overall

architecture compared with the environment-
dependent action templates commonly used, and
Figure 2 illustrates the flow of generating an
action with L-GAT. The agent with L-GAT first
determines “what to do” at an abstractive level
with generally defined action templates and then
specifies “how to do it” by generating a concrete
action on the basis of connected prior knowledge.

Our contributions with L-GAT are three-
fold. First, we propose an environment-agnostic
action framework based on general semantic
schemes such as FrameNet (Fillmore et al., 2003),
VerbNet (Schuler, 2006), and WordNet (Miller,
1998). Second, we develop a hierarchical action-
generation algorithm in which the agent performs
abstractive decision-making and then generates a
concrete action command. Third, we introduce
a method for dynamically reducing the action
space with static knowledge from multiple external
resources and contextual information from a
state. We have published the code with which
future studies can easily use L-GAT as an action
generation module.

2 Related Work

The action space problem of NL-based actions
has been addressed in previous work. LSTM-
DQN (Narasimhan et al., 2015) enables an agent
to learn a policy in a simple verb-object format
in synthetic environments. DRRN (He et al.,
2016) is a ranking-based method in which the
agent selects an action from among admissible
actions given by a game engine. Game-specific
templates were proposed for Jericho (Hausknecht
et al., 2020). The agent selects one of the
templates and fills in the gaps in the chosen
template. TDQN (Hausknecht et al., 2020)
and KGA2C (Ammanabrolu and Hausknecht,
2020) agents have used these templates and
succeeded at learning a policy in various games.
NAIL (Hausknecht et al., 2019) solves IF games
with action generation heuristics.

Language resources have also been used for
reducing the action space. Fulda et al. (2017)
extracted the affordances of words with word
embeddings and restricted objects that can be taken
for a specific verb. A language model is leveraged
to filter non-plausible word combinations (Kostka
et al., 2017). Recently, Yao et al. (2020) proposed
the contextual action language model (CALM),
which trains a language model with human-play
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transcriptions and uses it as an action candidate
generator. By combining it with a ranking-based
method, CALM showed significant performance
even without a ground-truth for admissible actions.

3 Problem Setting

In this section, we formally define our problem
setting, RL agents with NL-based actions. An NL-
based action a, such as GO TO KITCHEN and GIVE

SOME WATER TO JOHN, consists of N words: a =
{w1, w2, . . . , wN}, wi ∈ V , where each wi is a
word and V is vocabulary. Given a state s, we
represent an optimal NL-based action in the state
with a∗(s) and the words composing it with w∗(i,s),
respectively. Following the previous studies, each
w ∈ V is estimated with an independent Q-function
asQ(i)(s, w), where i is the position of a word, and
Q(s, a) is defined as ΣiQ(i)(s, w). A policy π is
evaluated with a cumulative reward as:

V π(s) = E

[ ∞∑

t=0

γtR(st, at)

∣∣∣∣∣ s0 = s, a0 = a

]
,

where R is a reward function for a state-action pair,
and γ is a discount factor. Then, the Q-functions
Q∗, Q∗ corresponding to the optimal policy are
learned by minimizing the following loss:

L = (R(s, a) + γQ̄∗(s′, a′)−Q∗(s, a))2,

where Q̄∗(s′, a′) = Σi maxw′ Q̄
∗
(i)(s

′, w′) with the
next state s′, the next word w′, and the target Q-
function Q̄. Then, we obtain each word of the
optimal action as: w∗(i,s) = arg maxwQ

∗
(i)(s, w).

However, this optimization could be intractable
depending on N and the size of V due to the
exponential complexity O(|V|N ).

Hence, we consider restricting the vocabulary
space for each position i for the action and state
s to make this optimization problem tractable.
Specifically, we want to find a subset V(i,s)
of V for each (i, s) such that |V(i,s)| is much
smaller than |V|. Also, V(i,s) must include the
optimal word w∗(i,s) for the original optimization
problem because replacing V with V(i,s) should
not change the optimal solution. Assuming that
we have V(i,s) ⊂ V , the computational complexity
decreases from O(|V|N ) to O(

∏N
i=1 |Vi|), where

Vi is one of the largest V(i,s) for all s.
To define V(i,s), we use knowledge K:

V(i,s) = ϕ(i, s,K,V),

where ϕ is a set-valued function. Then, we need to
determine the function ϕ that minimizes |V(i,s)| but
keeps the i-th word of an optimal NL-based action
in V(i,s):

min |V(i,s)|, s.t. w∗(i,s) ∈ V(i,s).

Note that, although the above formulation
assumes that V(i,s) always contains the optimal
words w∗(i,s), it is practically impossible because
the optimal words are unknown a priori and
estimated through the learning process. Therefore,
we need to approximate ϕ so that the estimated
V(i,s) is likely to contain w∗(i,s) as much as
possible. We introduce our implementation of the
approximation in Section 4.4.

4 Method

We now introduce our proposed method; the
language-based general action template (L-GAT).
L-GAT is a framework of NL-based actions for
environment-agnostic RL agents. In L-GAT, we
define actions on the basis of general semantic
schemes, such as FrameNet (Fillmore et al., 2003),
VerbNet (Schuler, 2006), and WordNet (Miller,
1998), which enables an agent to use connected
knowledge to reduce the action space.

In this section, we first provide an overview of
L-GATand then give details on its action command,
definition, and generation algorithm.

4.1 Overview
L-GAT adopts hierarchical modeling for action
generation to handle the vast space of NL-based
action. Specifically, an agent with L-GAT first
determines “what to do” at an abstractive level (e.g.,
decide to give) and then next determines “how to do
it” at a concrete level (e.g., decide to give tomato to
mom) as shown in Figure 2. This two-step strategy
is intuitive and natural as a general procedure for
decision-making (Lazaridou et al., 2020). From the
viewpoint of RL, we can reduce the action space
because the number of abstractive actions is much
smaller than that of all possible words in the whole
vocabulary. Also, the chosen abstractive action
further restricts the words available for generating
a complete action (e.g., we cannot eat a table)

To use such hierarchical modeling, L-
GAT defines the Abstractive Action Template
with a hierarchical structure consisting of
three components: Frame, Role, and Lexicon.
Figure 3 illustrates the hierarchical structure of
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Frame: Move oneself to somewhere
Role: Destination

Lexicon:
west, down, kitchen, park, …

Abstractive Action Template: Go

WordNet VerbNet FrameNet

Figure 3: Abstractive action template GO and its
hierarchical components; Frame, Role, and Lexicon.

an abstractive action template, GO. The frame
defines the semantics of GO (e.g., move oneself
to somewhere), the role represents a conceptual
argument required to perform the action (e.g.,
Destination), and the lexicon represents
concrete words that can be used for one of the roles
in the frame (e.g., west, down, and kitchen). Using
the generation algorithm, the agent selects an
appropriate word from the lexicon for each frame’s
role in the chosen abstractive action template.

FrameNet and VerbNet inspired the hierarchical
structure of L-GAT. Both resources provide
semantic schemes that describe our daily behaviors
conceptually. For example, similar to the GO

template, FrameNet has a relevant scheme, “self-
motion”, with required arguments such as Goal and
Source. Also, we connect the lexicon of L-GAT to
WordNet to represent the hierarchical relationships
of words. The word hierarchy enables agents to
generalize candidate words (e.g., hyponyms of
“direction,” such as “west,” can be used for the GO

template) and interact with diverse environments.
Thus, by designing actions on the basis of these
general semantic schemes, we can naturally make
L-GAT environment-agnostic and familiar with
general prior knowledge.

Note that the templates of L-GAT are easily
configurable depending on the environment. Such
customizability is practically essential to applying
the scheme to diverse domains, which is costly or
difficult for an environment-dependent action set
or language model-based generator.

4.2 Action Command

L-GAT generates an action command in a fixed
format as: a = v + n1 + p + n2, with at most
four slots for a verb (v), two nouns (n1, n2),
and a preposition (p). An action command is
generated by the action templates explained in the
next section, and n1, n2, and p are not necessarily
used depending on the template. To prevent the
exponential growth of the action space, we decided
to add these hard constraints to a generable format.

However, we consider the aforementioned format
to be able to cover most of the primary actions
demanded by agents, such as go kitchen and put
cup on table.

4.3 Action Definition

This section introduces the abstractive action
template and its components. In this paper, we
manually defined 41 abstractive action templates
for L-GAT (see Appendix A). For the construction
of each template, we chose relevant semantic
schemes from FrameNet and VerbNet, and then
aggregated them in a compatible form with the
actions of RL agents. Table 1 shows three templates
as references, and we will refer to them throughout
this section.

Abstractive Action Template. A template T is
defined as a tuple T = 〈f, r(v), r(n1), r(p), r(n2)〉
where f is the frame, and r(v|n1|p|n2) are the roles
for each slot. The frame defines the template’s
semantics. The roles represent required arguments
for performing an action. Each word in an action
command is an instance of its corresponding role
and selected from the lexicon explained later.

Frame. Each frame has connections to
semantically relevant entities in FrameNet (called
Semantic Frames), and ones in VerbNet optionally
(called Verb Classes). For example, the GIVE

template is related to the semantic frame Giving
and the verb class give-13.1. We use FrameNet as
the basis because the granularity of the descriptions
is more suitable for our purpose than VerbNet.

Role. For the definition of our roles, we borrow
VerbNet’s Thematic Roles, which refer to the
semantic relationship between a predicate and its
argument. VerbNet defines 30 thematic roles in
total, and L-GAT uses 15 of them by taking into
account their frequency and meaning. FrameNet
also has a similar concept called Frame Elements;
however, it is too fine-grained for RL agents’
actions. Therefore, we use the thematic roles
of VerbNet as the basis and annotate the related
frame elements as additional information. We
also define three special roles: Predicate,
Preposition, and Null. Predicate is used
only for the verb slot and references to verb nodes
in WordNet. We selected these nodes on the
basis of the representative verbs given by the
connected frame entities of FrameNet and VerbNet
(e.g., we chose “go.v.02” and “enter.v.01” for the
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f r(v) r(n1) r(p) r(n2)

L-GAT GO Predicate Destination Null Null

FrameNet Self-motion - Goal, Place, Area, Path - -
VerbNet - - Destination - -
WordNet - go.v.02, enter.v.01 location.n.01, ... - -

L-GAT GIVE Predicate Theme Preposition Recipient

FrameNet Giving - Theme - Recipient
VerbNet give-13.1 - Theme - Recipient
WordNet - give.v.01 object.n.01 (to) people.n.01, person.n.01

L-GAT EAT Predicate Patient Null Null

FrameNet Ingestion - Food - -
VerbNet eat-39.1-1 - Patient - -
WordNet - eat.v.01 food.n.01 - -

Table 1: Examples of abstractive action templates in L-GAT with connections to FrameNet, VerbNet, and WordNet.

Predicate of the GO template on the basis of
representative verbs given by the semantic frame
“self-motion”). Preposition has prepositions
available that often accompany verbs in a frame,
and we manually defined these prepositions. Null
means not using the slot for action generation. For
example, the GO template uses only v and n1.

Lexicon. The simplest way of defining the
lexicon is to list all possible words manually or
statistically; however, such a procedure would
be non-scalable or hard to configure. Therefore,
we decided to annotate nodes in WordNet as the
representation. We selected general nodes such as
“location.n.01” for the Destination of the GO

template and “food.n.01” for the Patient of the
EAT template. The hierarchical word relations in
WordNet enables L-GAT to structurally determine
candidate words such as by choosing the hyponyms
of annotated nodes.

4.4 Action Generation

We propose three techniques for action generation
with L-GAT: Hierarchical Prediction, Word
Masking, and Template Masking. An agent with
L-GAT generates an action as follows. The agent
determines the abstractive action template and then
selects a word for each slot from among candidates
(Hierarchical Prediction). The candidates for each
slot are filtered by using information from the
state and the chosen template (Word Masking).
By precomputing Word Masking for all templates
in advance of the template selection, L-GAT can
provide possible templates for a state by excluding
templates that cannot generate any action command
(Template Masking). The algorithm is described

Algorithm 1 Action Generation with L-GAT.
1: Input: s, Output a
2: V(·,∗,s) ← compute the restricted vocabulary for all

templates
3: T ← exclude templates with empty V(·,T,s)
4: T ← select a template from T
5: v, n1, p, n2 ← select words from V(·,T,s)
6: a← decode with v, n1, p, n2

in Algorithm 1 and Figure 4. L-GAT has five Q-
functions; one for estimating the template Q(s, T ),
and the others for estimating words Q(·)(s, w)
where (·) denotes one of the slots v, n1, p, or n2.

4.4.1 Hierarchical Prediction
L-GAT first selects a template T with Q(s, T ) and
then generates words for each slot as: w(·) =
arg maxŵQ(·)(s, ŵ), ŵ ∈ V(·,T,s), where V(·,T,s)
is vocabulary that is restricted for the target slot
of the template T in the state s. L-GAT computes
V(·,T,s) as: V(·,T,s) = {w | m(·, s, T, w) = 1, w ∈
V}, where m is a masker function that returns 1 for
a generable word in the target slot by considering s
and T . The masker function is our approximation
of ϕ explained in Section 3, and we introduce the
details in the next section.

4.4.2 Word Masking
We included five sub-masker functions; Role
masker, Language Model (LM) masker, Part-
of-Speech (PoS) masker, Stopword masker, and
Observation masker. Each of them returns 1 for
generable words. Then, we define m(·, s, T, w) =
1 only when all the sub-maskers return 1. Next we
give the definitions of the five sub-maskers.

Role masker. The Role masker filters words that
are not semantically compatible with a given role
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Figure 4: L-GAT model without Template Masking.

by referring to the annotated WordNet nodes as
mentioned in §4.3. For the noun slots, it enables
hyponym words of the reference nodes to be
produced. For example, for the n1 slot of the
EAT template, it returns 1 for hyponym words
of the food.n.01 node such as water and tomato
(see Table 1). For the v slot (i.e., Predicate),
it returns 1 for lemmas of the annotated nodes
themselves such as go.v.01 = go and enter.v.01 =
enter. All words have 1 in the p slot, and no words
have 1 in any Null slot.

LM masker. The LM masker filters contextually
irrelevant candidates with an LM. The LM takes
an observation suffixed with a verb of the template
as the input (an example is given in Appendix B),
and it predicts the following word. On the basis
of the estimated probability of next words, the LM
masker returns 1 for the top-k words. At the v and
p slots, all words have 1. We used a pre-trained
GPT-2 (Radford et al., 2019) and set k = 50.

PoS, Stopword, and Observation maskers.
The PoS masker filters words in which a PoS is
not matched with the expected one. Specifically, it
returns 1 for verbs in the v slot, for nouns in the
n1 and n2 slots, and for prepositions in the p slot.
The word-PoS mapping follows WordNet in terms
of verbs and nouns, and we prepared a fixed list of
prepositions. The Stopword masker prohibits the
generation of stopwords such as determiners (e.g.,
a, the) and pronouns (e.g., he, them). We prepared
a fixed list, and the masker returns 1 for words that
are not on the list. The Observation masker filters
unseen words from observation. It returns 1 for
words that appeared in the last observation.

4.4.3 Template Masking
L-GAT also filters unavailable templates in a state
with the V(·,T,s) of each template. V(·,T,s) is empty

Limitations Methods

TD KG NA CA LG

Game-specific vocab y y y n y
Game-specific template y y n n n
Admissible actions y y n n n

Human play data n n n y n
Tuned Rules for IFGs n n y n n
Exclude no-effect acts y y n y n

Table 2: Limitations in action generation. Method
names come from their first two characters.

when one of the sub-maskers denies the use of a
word, and this occurs for all words in V . An empty
V(·,T,s) means that no appropriate objects exist for
performing the action (e.g., we cannot eat anything
if no eatable objects exist.). Thus, L-GAT selects a
template as: T = arg maxT∈T Q(s, T ), where T
is a set of templates in which V(·,T,s) is not empty
for all slots except for NULL slots.

5 Experiment

In our experiment, we measured performance in
IF games in Jericho (Hausknecht et al., 2020).
We compared our L-GAT agent with agents who
rely on environment-dependent actions. We also
performed detailed analysis such as on action
coverage and action space reduction and masker
ablation study on L-GAT. Furthermore, to evaluate
the generalization ability of L-GAT, we also
conducted an extended experiment in which a
single agent solved all games.

5.1 Settings

Game environment. We selected 18 games in
Jericho on the basis of the performance in previous
studies. We did not select any game that was too
hard for most of the existing agents to learn.

Baselines. There were four existing agents tested
in Jericho; TDQN (Hausknecht et al., 2020),
KGA2C (Ammanabrolu and Hausknecht, 2020),
NAIL (Hausknecht et al., 2019), and CALM (Yao
et al., 2020). The limitations related to their action
generation are summarized in Table 2 (see also §2).

In the experiments with TDQN, KGA2C,
and CALM, these methods preselected steps by
excluding no-effect actions that do not change
the world state for faster and stable learning.
This limitation is not appropriate for testing
general action sets such as L-GAT because the
game engine explicitly restricts the action space.
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Games Max Score TDQN KGA2C CALM NAIL TDQN+ L-GAT Cover Ratio (#)(w/ step preselection) (w/o step preselection)

balances 51 4.8 10.0 9.1 10.0 9.8 8.8 53% (89)
deephome 300 1.0 1.0 1.0 13.13 13.2 14.9 87% (100)
detective 360 169.0 207.9 289.7 136.9 270.9 214.1 100% (46)
enchanter 400 8.6 12.1 19.1 0.0 22.9 0.0 73% (105)
gold 100 4.1 - - 3.0 0.0 0.0 86% (331)
inhumane 90 0.7 3.0 25.7 0.6 0.0 0.0 95% (84)
jewel 90 0.0 1.8 0.3 1.6 0.6 0.0 74% (81)
library 30 6.3 14.3 9.0 0.9 4.1 7.6 69% (29)
ludicorp 150 6.0 17.8 10.1 8.4 11.9 6.1 97% (152)
omniquest 50 16.8 16.8 6.9 5.6 4.4 5.0 88% (75)
reverb 50 0.3 - - 0.0 0.0 1.0 82% (65)
snacktime 50 9.7 0.0 19.4 0.0 10.0 0.0 88% (26)
spellbrkr 600 18.7 21.3 40.0 40.0 37.6 39.4 57% (109)
spirit 250 0.6 1.3 1.4 1.0 1.5 1.7 89% (209)
temple 35 7.9 7.6 0.0 7.3 2.6 5.0 94% (80)
zork1 350 9.9 34.0 30.4 10.3 4.7 17.1 95% (203)
zork3 7 0.0 0.1 0.5 1.8 0.3 0.4 92% (192)
ztuu 100 4.9 9.2 3.7 0.0 3.6 4.9 62% (78)

Norm Avg. - 9.8% 14.1% 15.5% 8.0% 9.9% 8.9% 82%

Table 3: Average scores of last 100 episodes. Those of TDQN, KGA2C, NAIL, and CALM come from their
respective papers. TDQN, KGA2C, and CALM cannot be fairly compared with L-GAT because of step preselection
by excluding no-effect actions. TDQN+ and L-GAT are our implementations containing all steps regardless of
action effectivity. Cover ratio shows proportion of generable walkthrough actions with L-GAT, and number in
parentheses is total number of effective walkthrough actions.

To focus on the comparison of environment-
dependent and agnostic action templates, we re-
implemented the TDQN algorithm in our code
base (denoted as TDQN+), in which all steps
were counted regardless of action effectivity. Also,
we implemented TDQN+ without the admissible
action limitation; the difference in the above
limitations between TDQN+ and L-GAT is their
template types only (i.e., game-specific or general
templates). Thus, we mainly compared NAIL,
TDQN+, and L-GAT. Although a comparison with
the original scores of TDQN, KGA2C, and CALM
would not be fair, we also add them as references
for completeness.

Note that the vocabulary limitation is practically
needed because any action containing unknown
words for a game engine cannot be accepted even
though the action command is semantically correct.
CALM overcame this vocabulary issue by learning
the word distribution of action commands used in
IF games from human-play transcriptions.

Model and training details. Following the
works of Hausknecht et al. (2020); Yao et al. (2020),
we used a bidirectional GRU as our observation
encoder, and the observation string was augmented
by combining the observations returned by the
“look” and “inventory” commands. All Q-functions
were implemented with a multi-layered perceptron

with the same hyperparameters. In an episode, we
limited the number of steps to 100 at most and
ran agents with ten environments in parallel. In
addition to the rewards given by the games, we gave
an exploration bonus of 1 when an agent found an
unseen state in the episode (Yuan et al., 2019). We
put the hyperparameter details in Appendix C. We
trained three agents with different random seeds
and used their average score for the evaluation.

5.2 Results
We report the results of the game performance,
action coverage by L-GAT, action space reduction
by L-GAT, and an ablation study on Word Masking.
Finally, we introduce the results of a single agent
that solved multiple games.

Game performance. Following the previous
studies, we calculated the average score of the last
100 episodes, and the results are shown in Table 3.
The average normalized score (raw score divided
by the maximum score) was 8.0% for NAIL, 9.9%
for TDQN+, and 8.9% for L-GAT. Even though
the action templates of L-GAT were designed in
a general manner, our agent achieved reasonable
performance across games and outperformed NAIL
and TDQN+ in six games.

NAIL and L-GAT performed poorly in enchanter
and snacktime compared with TDQN+. In these
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games, a number of critical actions for advancing
the story were missing because their generable
actions are defined outside of a specific game.
For example, artificial words like spells (e.g.,
frotz, gnusto) appear in enchanter, and they are
intractable with L-GAT, which uses only common
language. As an additional investigation, we
added a “SPELL” action to L-GAT for producing
these spell words and re-trained an agent with
the enchanter game; the score of L-GAT then
increased to 20.0, which was close to the score
of TDQN+ (22.9).

The scores of KGA2C (14.1%) and CALM
(15.5%) were significantly higher. This suggests
that their techniques, such as the dynamic state
graph encoding and the domain adaptation of LM’s
outputs, are promising, and we will investigate their
importance for our framework as future work.

Walkthrough coverage. Jericho provides an
action trajectory called a walkthrough that solves
a game. We assessed how much L-GAT covered
walkthrough actions. The detailed procedure of
this assessment is explained in Appendix C. The
right-most column in Table 3 shows the cover ratio
of the walkthrough actions for L-GAT. The average
coverage across games was 82%, and around 90%
or more of the actions were covered in half of
the games. A lower coverage ratio (< 70%) was
observed in balances (53%), spellbrkr (57%), ztuu
(62%), and library (69%). In their walkthrough
actions, we frequently found artificial words (e.g.,
rezrov), named entities such as person’s name (e.g.,
give card to Alan), and modifiers for objects (e.g.,
wear fur suit, take ticket 2306). Although the first
case might be out-of-scope of L-GAT, the second
and third are critical because they must appear in
an interaction with real-world environments.

Action space reduction. We evaluated how
much the action space was reduced in L-GAT by
applying Word Masking (4.4.2) and Template
Masking (4.4.3). For each slot in each available
template (v, n1, p, and n2), we counted the number
of words that were accepted by these techniques.
Compared with the size of the whole vocabulary,
the number of words was significantly reduced by
94% for v (24.8 words on average after reduction),
82% for n1 (117.9 words), 99% for p (7.7 words),
and 59% for n2 (292.2 words).

Masker ablation. Figure 5 shows the learning
curves of the L-GAT agents without one of the
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Figure 5: Masker ablation of L-GAT in zork1.

Game Multi-task Zero-shot
TDQN+ L-GAT TDQN+ L-GAT

balances 0.0 1.5 0.0 0.8
deephome 1.0 1.1 1.0 1.1
detective 39.0 42.7 16.7 25.2
enchanter 0.0 0.0 0.0 1.4
gold 0.0 0.0 0.0 0.0
inhumane 0.0 0.0 0.0 0.0
jewel 0.0 0.0 0.0 0.0
library 0.3 0.0 0.0 0.0
ludicorp 4.2 4.1 2.8 2.3
omniquest 1.6 2.1 0.0 0.5
reverb 0.0 0.2 0.0 0.0
snacktime 0.1 0 0.0 0.0
spellbrkr 6.1 14.7 2.0 8.2
spirit 0.7 0.2 0.0 0.1
temple 0.0 0.0 0.0 0.0
zork1 0.0 0.4 0.0 0.0
zork3 0 0.0 0.0 0.0
ztuu 0 2.3 0.0 0.6

Norm avg. 1.1% 1.5% 0.4% 0.7%

Table 4: Average scores of last 100 episodes in game-
independent agent experiments.

sub-maskers for Word Masking in zork1. A
significant effect was observed with the Role
masker. Specifically, the agent without the Role
masker took more episodes to find the scored
trajectory and degraded the overall performance.
The PoS and Stopword maskers were not critical,
which might be because their restrictions are
already covered by the Role masker. The LM
and Observation maskers had non-trivial effects.
Since the Role masker enables relatively broader
words in noun slots (i.e., hyponyms of a general
word), contextual restrictions given by the LM
and Observation maskers helped the agent identify
available objects.

Game-independent agent To investigate the
generalization ability of L-GAT, we conducted a
multi-task experiment where a single agent solved
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all the games. We prepared two types of agents: 1)
a multi-task agent, who learns with all 18 games
and solves each game, and 2) a Zero-shot agent,
who learns with 17 games and solves the remaining
unseen game. Note that L-GAT can be naturally
applicable to this experimental setting. In terms of
the implementation of TDQN+, we accumulated
all the unique templates used in training games
as available templates. Table 4 shows the game
scores. Both TDQN+ and L-GAT largely decreased
in score compared with Table 3, in which we
trained and tested a specific agent for each game.
Also, as expected, the zero-shot situation was more
difficult. Whereas L-GAT outperformed TDQN+,
the scores were far from achieving the goal. It was
still challenging to obtain an environment-agnostic
agent even though the action set itself is defined in
a general manner.

6 Limitations and Future Work

Although L-GAT showed a better performance in
our experiment, there is still room for improvement
to enhance its language capability. We here discuss
L-GAT’s limitations and future improvements.

Experiments in environments other than text-
based games. One of the advantages of L-GAT is
its action generality. Jericho is a reasonable testbed
for L-GAT because of the diverse games and strong
NL interpreter. However, the performance in other
environments such as dialogue systems (Dinan
et al., 2019) and 3D video games (Gordon
et al., 2018) will also be critical metrics because
objectives for IF-game agents are not necessarily
compatible with ones for real-world agents. Testing
with real-world like environments will lead to
insights for improving L-GAT.

Enhancement of expressive power. In our
experiment, L-GAT had a high action coverage
in the IF games. However, the format of
generable actions is fixed, and we observed several
critical disabilities with generating frequently used
expressions. For example, L-GAT cannot cope
with multi-word expressions (e.g., turn on, New
York) and modified nouns (e.g., red cup, dog
in the room). Note that we can make them
generable without adding extra slots, such as by
inserting multi-word expressions in the vocabulary
and integrating a reference resolution module. A
technique that increases the expressive power but
keeps or decreases the action space would be a

desirable enhancement.

Zero-shot learning in L-GAT The general-
purpose property of L-GAT can be seen as a
zero-shot learning problem. Recently, Jain et al.
2020 proposed a new experiment to assess the
adaptability of an RL agent to unseen states such as
by using a new tool with the knowledge of known
tools. L-GAT potentially can work for such a zero-
shot situation. For example, let us assume that an
L-GAT agent has a learned policy for attacking a
monster with a hammer, and he then encounters
a monster, but only a sword is available. Even
if the agent did not know how to or even use a
sword at all, he may be able to use it because L-
GAT has knowledge on attacks with “weapon” (i.e.,
the Instrument role of the ATTACK template
has a weapon node in WordNet, and “sword” is a
hyponym of “weapon”; see Table 1 in Appendix A).
Investigation into the adaptability to unseen states
would be a promising analysis for L-GAT.

Connection to wide NLP resources and tools.
Although we developed L-GAT on top of general
semantic schemes such as FrameNet, VerbNet,
and WordNet, the required information for
efficient decision-making cannot be covered with
only those resources. Intelligent agents must
comprehend common sense, causality, and world-
knowledge (Luketina et al., 2019). Research on
NLP has created various resources such as for
retrieving information from Wikipedia (Chen et al.,
2017), inferring the next action from a current
state (Zellers et al., 2018), and using a common-
sense database (Speer et al., 2017). Integration of
such resources into L-GAT is critical future work,
and the three general semantic schemes would be
helpful for bridging different knowledge bases.

7 Conclusion

We proposed L-GAT as an environment-agnostic
language-based action framework for RL agents.
We designed L-GAT so that an agent can have
a higher language capability to generate its own
actions while keeping the action space tractable
by using prior knowledge. Our experiment with
multiple IF games showed that the L-GAT agent
competitively performed against agents with game-
specific actions. We discussed the current
limitations of L-GAT and its future improvements.
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Ethical Consideration

Our research is on defining a new action framework
for RL agents. Our proposed method, L-GAT, is for
generating actions of RL agents, which is unlikely
to produce ethically problematic sentences such
as those in hate speech. Also, we can control the
vocabulary so that an agent with L-GAT does not
produce such problematic sentences. Therefore,
we consider the ethical risks of L-GAT to be low
and controllable.
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A Definitions of Action Templates

We manually defined 41 abstractive action
templates in total, and Table 6 shows extended
examples. We give definitions of all of
the templates at https://github.com/kohilin/
lgat.

B Masker Function Details

Input for LM masker. The input of the LM
masker is an observation string suffixed with one
of the verbs in the template. For example, in the
case of GIVE with the observation “You have a cup
of water. A boy stands in front of you.”, the input
for the n1 slot is “... front of you. You gave the,”
and that for the n2 slot is “... front of you. You gave
it to the.”

Mask for primitive actions. L-GAT allows an
agent to produce primitive actions, related to
movement and belongings, regardless of the
outputs of the masker function. Specifically, we
forcibly assign 1 for direction words (up, down,
north, south, east, west, northwest, northeast,
southwest, southeast) to the n1 slot in the GO

template and all to the n1 slots in the GET and
DROP templates.

C Experimental Details

Hyperparameters. Table 5 shows our
experimental hyperparameters and values
searched for in the hyperparameter search. We
tuned the α decay and initial ε, minimum ε, and
ε decay for each game and each method. The
other parameters were determined by testing with
detective, temple, and zork1, and we applied the
same settings to all of the games.

Machine specifications. We ran our experiment
on Red Hat Enterprise Linux with an Intel(R)
Xeon(R) CPU E5-2690 v4 at 2.60 GHz with
500GB of RAM and a single GPU, an NVIDIA
TESLA K80.

Training time. Training with one game took
approximately 10 ˜15 hours for the L-GAT agents,
and 4 ˜6 hours for the TDQN+ agents depending
on the game.

Model size. The number of trainable parameters
for the L-GAT agent was about 10 million, which
slightly changed depending on the vocabulary size
of the games.

Type Name Value Search

State
Encoder

Algorithm GRU -
Embedding size 256 128, 256
Layer 2 -
Hidden units 256 128, 256

Tokenizer Algorithm BERT subwording -
Max length 256 50, 256

Q-function

Layer 2 -
Hidden units 200 -
Activation ReLU -

Environment
Training episodes 1000 -
Max steps 100 -
Batch size 10 -

Optimizer

Algorithm Adam -
Initial α 1e-3 1e-2, 1e-3
α decay 0.5 or None -
α decay interval 100 episodes -

Experience
Replay

Buffer Prioritized -
Replay batch size 128 128, 256
Replay interval 5 steps -
Memory capacity 10000 -

Exploration

Algorithm ε-greedy -
Initial ε 1.0 or .5 -
Minimum ε .05, .1, .2, or .3 -
ε decay .9975, .995, or .99 -
ε decay interval 1000 steps -

Loss
Loss function Smoothed L1 -
Discount factor .95 -
Reward clipping -10, 10 -

Table 5: Hyperparameter settings and values in
hyperparameter search.

Walkthrough experiment. In the experiment,
we investigated how many walkthrough actions
were covered by L-GAT. The same transition can
be possible with different action strings. Therefore,
for each state, we tried all generable strings of
L-GAT and checked that at least one of them
could produce the same transition with the gold
walkthrough action. To judge if two transitions
were the same or not, we used the game state
hash provided by Jericho. Several walkthrough
actions did not change the world state hash. We
excluded such no-effect walkthrough actions from
the evaluation since completely different actions
were classified as replaceable for them.

D Learning Curves of Each Game

Figure 6 shows learning curves of the L-GAT and
TDQN+ agents in each game.

E Game play Example in zork1

Table 7 shows the best play trajectory of our L-
GAT agent in zork1.
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f r(v) r(n1) r(p) r(n2)

L-GAT ASK PREDICATE PATIENT PREPOSITION THEME

FrameNet Questioning - Addressee - Topic
VerbNet inquire-37.1.2 - Patient - Theme
WordNet - ask.v.05 people.n.01, person.n.01 about object.n.01, ...

L-GAT ATTACH PREDICATE THEME PREPOSITION DESTINATION

FrameNet Attaching - Items - Goal
VerbNet shake-22.3-2-1 - Theme - Destination
WordNet - attach.v.01 attachment.n.04 to object.n.01

L-GAT ATTACK PREDICATE PATIENT PREPOSITION INSTRUMENT

FrameNet Attack - Assailant - Weapon
VerbNet - - Patient - Instrument
WordNet - attack.v.01, kill.v.01 monster.n.01, ... with weapon.n.01

L-GAT BREAK PREDICATE THEME NULL NULL

FrameNet Cause to fragment - Whole patient - -
VerbNet break-45.1 - Theme - -
WordNet - break.v.02 object.n.01 - -

L-GAT BUY PREDICATE THEME NULL NULL

FrameNet Commerce buy - Goods - -
VerbNet get-13.5.1 - Theme - -
WordNet - buy.v.01 object.n.01 - -

L-GAT CHECK PREDICATE LOCATION NULL NULL

FrameNet Scrutiny - Ground - -
VerbNet investigate-35.4 - Location - -
WordNet - check.v.01, examine.v.02 entity.n.01 - -

L-GAT CLEAN PREDICATE THEME NULL NULL

FrameNet Emptying - Theme, Source - -
VerbNet clear-10.3 - Theme - -
WordNet - clean.v.01 area.n.01, instrumentality.n.03 - -

L-GAT CLOSE PREDICATE THEME NULL NULL

FrameNet Closure - Container portal - -
VerbNet - - Theme - -
WordNet - close.v.01 window.n.01, ... - -

L-GAT COOK PREDICATE THEME NULL NULL

FrameNet Cooking creation - Produced food - -
VerbNet cooking-45.3 - Theme - -
WordNet - make.v.03, cook.v.01 food.n.01 - -

L-GAT CUT PREDICATE PATIENT NULL NULL

FrameNet Cutting - Item - -
VerbNet cut-21.1-1 - Patient - -
WordNet - cut.v.01 food.n.01, hair.n.01 - -

L-GAT DROP PREDICATE THEME NULL NULL

FrameNet Abandonment - Theme - -
VerbNet leave-51.2 - Theme - -
WordNet - drop.v.01 physical entity.n.01 - -

L-GAT EAT PREDICATE PATIENT NULL NULL

FrameNet Ingestion - Ingestibles - -
VerbNet eat-39.1-1 - Patient - -
WordNet - eat.v.01 food.n.01 - -

L-GAT FILL PREDICATE DESTINATION PREPOSITION THEME

FrameNet Filling - Goal - Theme
VerbNet fill-9.8-1 - Destination - Theme
WordNet - fill.v.01 container.n.01 with fluid.n.01

L-GAT GET PREDICATE THEME NULL NULL

FrameNet Taking - Theme - -
VerbNet get-13.5.1 - Theme - -
WordNet - get.v.01, take.v.01 physical entity.n.01 - -

Table 6: Extended examples of abstractive action templates in L-GAT.
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Figure 6: Learning curves of L-GAT (blue) and TDQN+ (orange).
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Observation Action Score

West of House You are standing in an open field west of a white house, with a boarded front door. There is a small mailbox ... examine mailbox 0

The small mailbox is closed. go north 0

North of House You are facing the north side of a white house. There is no door here, and all the windows are boarded ... go east 0

Behind House You are behind the white house. A path leads into the forest to the east. In one corner of the house there ... go east 0

Clearing You are in a small clearing in a well marked forest path that extends to the east and west. go west 0

Behind House go east 0

Clearing go east 0

Canyon View You are at the top of the Great Canyon on its west wall. From here there is a marvelous view of the ... go west 0

Forest This is a dimly lit forest, with large trees all around. go west 0

Forest This is a forest, with trees in all directions. To the east, there appears to be sunlight. go east 0

Forest Path This is a path winding through a dimly lit forest. The path heads north-south here. One particularly large tree ... go up 0

Up a Tree You ... Beside you on the branch is a small bird’s nest. In the bird’s nest is a large egg encrusted with precious ... eat egg 5

(Taken) I don’t think that the jewel-encrusted egg would agree with you. drop all 5

jewel-encrusted egg: The egg falls to the ground and springs open, seriously damaged. There is a golden clockwork canary ... get bird 5

The songbird is not here but is probably nearby. You hear in the distance the chirping of a song bird. get all 5

bird’s nest: Taken. You hear in the distance the chirping of a song bird. drop all 5

bird’s nest: The bird’s nest falls to the ground. go up 5

You cannot climb any higher. go down 5

Forest Path There is a bird’s nest here. There is a somewhat ruined egg here. There is a golden clockwork canary nestled in ... go south 5

North of House go east 5

Behind House open window 5

With great effort, you open the window far enough to allow entry. open white 15

Kitchen You are in the kitchen of the white house. A table seems to have been used recently for the preparation of food ... go west 15

Living Room You are in the living room. There is a doorway to the east, a wooden door with strange gothic lettering to the ... get all 15

trophy case: The trophy case is securely fastened to the wall. sword: Taken. brass lantern: Taken. carpet: The rug is ... drop all 15

brass lantern: Dropped. sword: Dropped. ignite lantern 15

What do you want to ignite the lantern with? push lantern 15

Pushing the brass lantern doesn’t seem to work. light lantern 15

(Taken) The brass lantern is now on. drop all 15

brass lantern: Dropped. go east 15

Kitchen On the table is an elongated brown sack, smelling of hot peppers. A bottle is sitting on the table. The glass bottle ... go west 15

Living Room There is a brass lantern (battery-powered) here. There is a sword here. get all 15

brass lantern: Taken. sword: Taken. trophy case: The trophy case is securely fastened to the wall. carpet: The rug is ... drop lantern 15

Dropped. drop all 15

sword: Dropped. go east 15

Kitchen On the table is an elongated brown sack, smelling of hot peppers. A bottle is sitting on the table. The glass bottle ... open sack 15

Opening the brown sack reveals a lunch, and a clove of garlic. take all 15

brown sack: Taken. glass bottle: Taken. go west 15

Living Room There is a sword here. There is a brass lantern (battery-powered) here. drop all 15

glass bottle: Dropped. brown sack: Dropped. move rug 15

With a great effort, the rug is moved to one side of the room, revealing the dusty cover of a closed trap door. open cover 15

The door reluctantly opens to reveal a rickety staircase descending into darkness. ask case 15

You can’t talk to the trophy case! wait 15

Time passes... get all 15

brown sack: Taken. glass bottle: Taken. sword: Taken. brass lantern: Taken. trophy case: The trophy case is securely ... go down 15

The trap door crashes shut, and you hear someone barring it. Cellar You are in a dark and damp cellar with a narrow ... - 40

Table 7: Best play trajectory of L-GAT agent in zork1 until reaching best score of 40. For simplicity, we excluded
steps with no-effect actions in this table.
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Abstract

We generalize deep self-attention distillation
in MINILM (Wang et al., 2020) by only us-
ing self-attention relation distillation for task-
agnostic compression of pretrained Transform-
ers. In particular, we define multi-head self-
attention relations as scaled dot-product be-
tween the pairs of query, key, and value vec-
tors within each self-attention module. Then
we employ the above relational knowledge to
train the student model. Besides its simplic-
ity and unified principle, more favorably, there
is no restriction in terms of the number of
student’s attention heads, while most previous
work has to guarantee the same head num-
ber between teacher and student. Moreover,
the fine-grained self-attention relations tend to
fully exploit the interaction knowledge learned
by Transformer. In addition, we thoroughly ex-
amine the layer selection strategy for teacher
models, rather than just relying on the last
layer as in MINILM. We conduct extensive ex-
periments on compressing both monolingual
and multilingual pre-trained models. Exper-
imental results demonstrate that our models1

distilled from base-size and large-size teachers
(BERT, RoBERTa and XLM-R) outperform
the state-of-the-art.

1 Introduction

Pretrained Transformers (Radford et al., 2018; De-
vlin et al., 2018; Dong et al., 2019; Yang et al.,
2019; Joshi et al., 2019; Liu et al., 2019; Bao et al.,
2020; Radford et al., 2019; Raffel et al., 2019;
Lewis et al., 2019a) have been highly successful for
a wide range of natural language processing tasks.
However, these models usually consist of hundreds
of millions of parameters and are getting bigger. It
brings challenges for fine-tuning and online serv-

∗Contact person.
1Distilled models and code will be publicly available at

https://aka.ms/minilm.

ing in real-life applications due to the restrictions
of computation resources and latency.

Knowledge distillation (KD; Hinton et al.
2015, Romero et al. 2015) has been widely em-
ployed to compress pretrained Transformers, which
transfers knowledge of the large model (teacher)
to the small model (student) by minimizing the
differences between teacher and student features.
Soft target probabilities (soft labels) and interme-
diate representations are usually utilized to per-
form KD training. In this work, we focus on
task-agnostic compression of pretrained Transform-
ers (Sanh et al., 2019; Tsai et al., 2019; Jiao et al.,
2019; Sun et al., 2019b; Wang et al., 2020). The
student models are distilled from large pretrained
Transformers using large-scale text corpora. The
distilled task-agnostic model can be directly fine-
tuned on downstream tasks, and can be utilized to
initialize task-specific distillation.

DistilBERT (Sanh et al., 2019) uses soft target
probabilities for masked language modeling pre-
dictions and embedding outputs to train the stu-
dent. The student model is initialized from the
teacher by taking one layer out of two. Tiny-
BERT (Jiao et al., 2019) utilizes hidden states
and self-attention distributions (i.e., attention maps
and weights), and adopts a uniform function to
map student and teacher layers for layer-wise dis-
tillation. MobileBERT (Sun et al., 2019b) intro-
duces specially designed teacher and student mod-
els using inverted-bottleneck and bottleneck struc-
tures to keep their layer number and hidden size
the same, layer-wisely transferring hidden states
and self-attention distributions. MINILM (Wang
et al., 2020) proposes deep self-attention distilla-
tion, which uses self-attention distributions and
value relations to help the student to deeply mimic
teacher’s self-attention modules. MINILM shows
that transferring knowledge of teacher’s last layer
achieves better performance than layer-wise distil-
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lation. In summary, most previous work relies on
self-attention distributions to perform KD training,
which leads to a restriction that the number of at-
tention heads of student model has to be the same
as its teacher.

In this work, we generalize and simplify deep
self-attention distillation of MINILM (Wang et al.,
2020) by using self-attention relation distillation.
We introduce multi-head self-attention relations
computed by scaled dot-product of pairs of queries,
keys and values, which guides the student train-
ing. Taking query vectors as an example, in order
to obtain queries of multiple relation heads, we
first concatenate query vectors of different atten-
tion heads, and then split the concatenated vector
according to the desired number of relation heads.
Afterwards, for teacher and student models with
different attention head numbers, we can align their
queries with the same number of relation heads for
distillation. Moreover, using a larger number of re-
lation heads brings more fine-grained self-attention
knowledge, which helps the student to achieves a
deeper mimicry of teacher’s self-attention module.
In addition, for large-size (24 layers, 1024 hidden
size) teachers, extensive experiments indicate that
transferring an upper middle layer tends to perform
better than using the last layer as in MINILM.

Experimental results show that our monolingual
models distilled from BERT and RoBERTa, and
multilingual models distilled from XLM-R outper-
form state-of-the-art models in different parameter
sizes. The 6×768 (6 layers, 768 hidden size) model
distilled from BERTLARGE is 2.0× faster, mean-
while, performing better than BERTBASE. The
base-size model distilled from RoBERTaLARGE out-
performs RoBERTaBASE using much fewer training
examples.

To summarize, our contributions include:

• We generalize and simplify deep self-attention
distillation in MINILM by introducing multi-
head self-attention relation distillation, which
brings more fine-grained self-attention knowl-
edge and allows more flexibility for the num-
ber of student’s attention heads.

• We conduct extensive distillation experiments
on different large-size teachers and find that
using knowledge of a teacher’s upper middle
layer achieves better performance.

• Experimental results demonstrate the effec-
tiveness of our method for different monolin-

gual and multilingual teachers in base-size
and large-size.

2 Related Work

2.1 Backbone Network: Transformer

Multi-layer Transformer (Vaswani et al., 2017) has
been widely adopted in pretrained models. Each
Transformer layer consists of a self-attention sub-
layer and a position-wise fully connected feed-
forward sub-layer.

Self-Attention Transformer relies on multi-head
self-attention to capture dependencies between
words. Given previous Transformer layer’s out-
put Hl−1 ∈ R|x|×dh , the output of a self-attention
head Ol,a, a ∈ [1, Ah] is computed via:

Ql,a = Hl−1WQ
l,a (1)

Kl,a = Hl−1WK
l,a (2)

Vl,a = Hl−1WV
l,a (3)

Ol,a = softmax(
Ql,aK

ᵀ
l,a√

dk
)Vl,a (4)

Previous layer’s output is linearly projected to
queries, keys and values using parameter matrices
WQ

l,a,W
K
l,a,W

V
l,a ∈ Rdh×dk , respectively. The

self-attention distributions are computed via scaled
dot-product of queries and keys. These weights are
assigned to the corresponding value vectors to ob-
tain the attention output. |x| represents the length
of input sequence. Ah and dh indicate the num-
ber of attention heads and hidden size. dk is the
attention head size. dk×Ah is usually equal to dh.

2.2 Pretrained Language Models

Pre-training has led to strong improvements across
a variety of natural language processing tasks.
Pretrained language models are learned on large
amounts of text data, and then fine-tuned to adapt
to specific tasks. BERT (Devlin et al., 2018) pro-
poses to pretrain a deep bidirectional Transformer
using masked language modeling (MLM) objective.
UNILM (Dong et al., 2019) is jointly pretrained
on three types language modeling objectives to
adapt to both understanding and generation tasks.
RoBERTa (Liu et al., 2019) achieves strong perfor-
mance by training longer steps using large batch
size and more text data. MASS (Song et al., 2019),
T5 (Raffel et al., 2019) and BART (Lewis et al.,
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Figure 1: Overview of multi-head self-attention relation distillation. We introduce multi-head self-attention rela-
tions computed by scaled dot-product of pairs of queries, keys and values to guide the training of students. In order
to obtain vectors (queries, keys and values) of multiple relation heads, we first concatenate self-attention vectors of
different attention heads and then split them according to the desired number of relation heads. We choose to trans-
fer Q-Q, K-K and V-V self-attention relations to achieve a balance between performance and training speed. For
large-size teacher, we transfer the self-attention knowledge of an upper middle layer of the teacher. For base-size
teacher, using the last layer achieves better performance.

2019a) employ a standard encoder-decoder struc-
ture and pretrain the decoder auto-regressively. Be-
sides monolingual pretrained models, multilingual
pretrained models (Devlin et al., 2018; Lample and
Conneau, 2019; Chi et al., 2019; Conneau et al.,
2019; Chi et al., 2020) also advance the state-of-the-
art on cross-lingual understanding and generation.

2.3 Knowledge Distillation

Knowledge distillation has been proven to be a
promising way to compress large models while
maintaining accuracy. Knowledge of a single or an
ensemble of large models is used to guide the train-
ing of small models. Hinton et al. (2015) propose
to use soft target probabilities to train student mod-
els. More fine-grained knowledge such as hidden
states (Romero et al., 2015) and attention distribu-
tions (Zagoruyko and Komodakis, 2017; Hu et al.,
2018) are introduced to improve the student model.

In this work, we focus on task-agnostic knowl-
edge distillation of pretrained Transformers. The
distilled task-agnostic model can be fine-tuned to
adapt to downstream tasks. It can also be utilized to
initialize task-specific distillation (Sun et al., 2019a;
Turc et al., 2019; Aguilar et al., 2019; Mukher-
jee and Awadallah, 2020; Xu et al., 2020; Hou
et al., 2020; Li et al., 2020), which uses a fine-
tuned teacher model to guide the training of the
student on specific tasks. Knowledge used for dis-

tillation and layer mapping function are two key
points for task-agnostic distillation of pretrained
Transformers. Most previous work uses soft target
probabilities, hidden states, self-attention distribu-
tions and value-relation to train the student model.
For the layer mapping function, TinyBERT (Jiao
et al., 2019) uses a uniform strategy to map teacher
and student layers. MobileBERT (Sun et al., 2019b)
assumes the student has the same number of lay-
ers as its teacher to perform layer-wise distilla-
tion. MINILM (Wang et al., 2020) transfers self-
attention knowledge of teacher’s last layer to the
student last Transformer layer. Different from
previous work, our method uses multi-head self-
attention relations to eliminate the restriction on the
number of student’s attention heads. Moreover, we
show that transferring the self-attention knowledge
of an upper middle layer of the large-size teacher
model is more effective.

3 Multi-Head Self-Attention Relation
Distillation

Following MINILM (Wang et al., 2020), the key
idea of our approach is to deeply mimic teacher’s
self-attention module, which draws dependencies
between words and is the vital component of Trans-
former. MINILM uses teacher’s self-attention dis-
tributions to train the student model. It brings
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Model Teacher #Param Speedup SQuAD2 MNLI-m QNLI QQP RTE SST MRPC CoLA Avg

BERTBASE - 109M ×1.0 76.8 84.5 91.7 91.3 68.6 93.2 87.3 58.9 81.5
RoBERTaBASE - 125M ×1.0 83.7 87.6 92.8 91.9 78.7 94.8 90.2 63.6 85.4

BERTSMALL - 66M ×2.0 73.2 81.8 89.8 90.6 67.9 91.2 84.9 53.5 79.1
Truncated BERTBASE - 66M ×2.0 69.9 81.2 87.9 90.4 65.5 90.8 82.7 41.4 76.2
Truncated RoBERTaBASE - 81M ×2.0 77.9 84.9 91.1 91.3 67.9 92.9 87.5 55.2 81.1
DistilBERT BERTBASE 66M ×2.0 70.7 82.2 89.2 88.5 59.9 91.3 87.5 51.3 77.6
TinyBERT BERTBASE 66M ×2.0 73.1 83.5 90.5 90.6 72.2 91.6 88.4 42.8 79.1
MINILM BERTBASE 66M ×2.0 76.4 84.0 91.0 91.0 71.5 92.0 88.4 49.2 80.4

6×384 Ours BERTBASE 22M ×5.3 72.9 82.8 90.3 90.6 68.9 91.3 86.6 41.8 78.2
6×384 Ours BERTLARGE 22M ×5.3 74.3 83.0 90.4 90.7 68.5 91.1 87.8 41.6 78.4
6×384 Ours RoBERTaLARGE 30M ×5.3 76.4 84.4 90.9 90.8 69.9 92.0 88.7 42.6 79.5

6×768 Ours BERTBASE 66M ×2.0 76.3 84.2 90.8 91.1 72.1 92.4 88.9 52.5 81.0
6×768 Ours BERTLARGE 66M ×2.0 77.7 85.0 91.4 91.1 73.0 92.5 88.9 53.9 81.7
6×768 Ours RoBERTaLARGE 81M ×2.0 81.6 87.0 92.7 91.4 78.7 94.5 90.4 54.0 83.8

Table 1: Results of our students distilled from base-size and large-size teachers on the development sets of GLUE
and SQuAD 2.0. We report F1 for SQuAD 2.0, Matthews correlation coefficient for CoLA, and accuracy for other
datasets. The GLUE results of DistilBERT are taken from Sanh et al. (2019). The rest results of DistilBERT, Tiny-
BERT2, BERTSMALL, Truncated BERTBASE and MINILM are taken from Wang et al. (2020). BERTSMALL (Turc
et al., 2019) is trained using the MLM objective, without using KD. We also report the results of truncated
BERTBASE and truncated RoBERTaBASE, which drops the top 6 layers of the base model. Top-layer dropping
has been proven to be a strong baseline (Sajjad et al., 2020). The fine-tuning results are an average of 4 runs.

the restriction on the number of attention heads
of students, which is required to be the same as
its teacher. To introduce more fine-grained self-
attention knowledge and avoid using teacher’s
self-attention distributions, we generalize deep
self-attention distillation in MINILM and intro-
duce multi-head self-attention relations of pairs
of queries, keys and values to train the student. Be-
sides, we conduct extensive experiments and find
that layer selection of the teacher model is critical
for distilling large-size models. Figure 1 gives an
overview of our method.

3.1 Multi-Head Self-Attention Relations

Multi-head self-attention relations are obtained by
scaled dot-product of pairs3 of queries, keys and
values of multiple relation heads. Taking query
vectors as an example, in order to obtain queries
of multiple relation heads, we first concatenate
queries of different attention heads and then split
the concatenated vector based on the desired num-
ber of relation heads. The same operation is also
performed on keys and values. For teacher and
student models which uses different number of at-
tention heads, we convert their queries, keys and
values of different number of attention heads into

2In addition to task-agnostic distillation, TinyBERT uses
task-specific distillation and data augmentation to further im-
prove the model. We report the fine-tuning results of their
public task-agnostic model.

3There are nine types of self-attention relations, such as
query-query, key-key, key-value and query-value relations.

vectors of the same number of relation heads to
perform KD training. Our method eliminates the
restriction on the number of attention heads of stu-
dent models. Moreover, using more relation heads
in computing self-attention relations brings more
fine-grained self-attention knowledge and improves
the performance of the student model.

We use A1,A2,A3 to denote the queries, keys
and values of multiple relation heads. The KL-
divergence between multi-head self-attention re-
lations of the teacher and student is used as the
training objective:

L =

3∑

i=1

3∑

j=1

αijLij (5)

Lij =
1

Ar|x|

Ar∑

a=1

|x|∑

t=1

DKL(R
T
ij,l,a,t ‖ RS

ij,m,a,t)

(6)

RT
ij,l,a = softmax(

AT
i,l,aA

Tᵀ
j,l,a√

dr
) (7)

RS
ij,m,a = softmax(

AS
i,m,aA

Sᵀ
j,m,a√

d′r
) (8)

where AT
i,l,a ∈ R|x|×dr and AS

i,m,a ∈ R|x|×d′r (i ∈
[1, 3]) are the queries, keys and values of a relation
head of l-th teacher layer and m-th student layer.
dr and d′r are the relation head size of teacher and
student models. RT

ij,l ∈ RAr×|x|×|x| is the self-
attention relation of AT

i,l and AT
j,l of teacher model.
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Model Teacher #Param Speedup SQuAD2 MNLI-m/mm QNLI QQP RTE SST MRPC CoLA STS Avg

BERTBASE - 109M 1.0× 76.8 84.6/83.4 90.5 71.2 66.4 93.5 88.9 52.1 85.8 79.3
BERTLARGE - 340M 0.3× 81.9 86.7/85.9 92.7 72.1 70.1 94.9 89.3 60.5 86.5 82.1

6×768 Ours BERTBASE 66M 2.0× 76.3 83.8/83.3 90.2 70.9 69.2 92.9 89.1 46.6 84.3 78.7
6×768 Ours BERTLARGE 66M 2.0× 77.7 84.5/84.0 91.5 71.3 69.2 93.0 89.1 48.6 85.1 79.4

Table 2: Results of our 6×768 students distilled form BERT on GLUE test sets and SQuAD 2.0 dev set. The
reported results are directly fine-tuned on downstream tasks. We report F1 for SQuAD 2.0, QQP and MRPC,
Spearman correlation for STS-B, Matthews correlation coefficient for CoLA and accuracy for the rest.

RT
ij,l,a ∈ R|x|×|x| is the self-attention relation of

a teacher’s relation head. RS
ij,m ∈ RAr×|x|×|x| is

the self-attention relation of student model. For
example, RT

11,l represents teacher’s Q-Q attention
relation in Figure 1. Ar is the number of relation
heads. If the number of relation heads and attention
heads is the same, the Q-K relation is equivalent
to the attention weights in self-attention module.
αij ∈ {0, 1} is the weight assigned to each self-
attention relation loss. We transfer query-query,
key-key and value-value self-attention relations to
balance the performance and training cost.

3.2 Layer Selection of Teacher Model

Besides the knowledge used for distillation, map-
ping function between teacher and student layers
is another key factor. As in MINILM, we only
transfer the self-attention knowledge of one of the
teacher layers to the student last layer. Only distill-
ing one layer of the teacher model is fast and effec-
tive. Different from previous work which usually
conducts experiments on base-size teachers, we ex-
periment with different large-size teachers and find
that transferring self-attention knowledge of an up-
per middle layer performs better than using other
layers. For BERTLARGE and BERTLARGE-WWM,
transferring the 21-th (start at one) layer achieves
the best performance. For RoBERTaLARGE and
XLM-RLARGE, using the self-attention knowledge
of 19-th layer achieves better performance. For the
base-size teacher, we also find that using teacher’s
last layer performs better.

4 Experiments

We conduct distillation experiments on different
teacher models including BERTBASE, BERTLARGE,
BERTLARGE-WWM, RoBERTaBASE, RoBERTaLARGE,
XLM-RBASE and XLM-RLARGE.

4.1 Setup

We use the uncased version for three BERT teacher
models. For the pre-training data, we use English

Wikipedia and BookCorpus (Zhu et al., 2015). We
train student models using 256 as the batch size and
6e-4 as the peak learning rate for 400, 000 steps.
We use linear warmup over the first 4, 000 steps
and linear decay. We use Adam (Kingma and Ba,
2015) with β1 = 0.9, β2 = 0.999. The maximum
sequence length is set to 512. The dropout rate
and weight decay are 0.1 and 0.01. The number of
attention heads is 12 for all student models. The
number of relation heads is 48 and 64 for base-size
and large-size teacher model, respectively. The
student models are initialized randomly.

For models distilled from RoBERTa, we use sim-
ilar pre-training datasets as in Liu et al. (2019).
For the 12×768 student model, we use Adam with
β1 = 0.9, β2 = 0.98. The rest hyper-parameters
are the same as models distilled from BERT.

For multilingual student models distilled from
XLM-R, we perform training using the same
datasets as in Conneau et al. (2019) for 1, 000, 000
steps. We conduct distillation experiments using 8
V100 GPUs with mixed precision training.

4.2 Downstream Tasks
Following previous pre-training (Devlin et al.,
2018; Liu et al., 2019; Conneau et al., 2019) and
task-agnostic distillation (Sun et al., 2019b; Jiao
et al., 2019) work, we evaluate the English stu-
dent models on GLUE benchmark and extractive
question answering. The multilingual models are
evaluated on cross-lingual natural language infer-
ence and cross-lingual question answering.

GLUE General Language Understanding Eval-
uation (GLUE) benchmark (Wang et al., 2019)
consists of two single-sentence classification tasks
(SST-2 (Socher et al., 2013) and CoLA (Warstadt
et al., 2018)), three similarity and paraphrase tasks
(MRPC (Dolan and Brockett, 2005), STS-B (Cer
et al., 2017) and QQP), and four inference tasks
(MNLI (Williams et al., 2018), QNLI (Rajpurkar
et al., 2016), RTE (Dagan et al., 2006; Bar-Haim
et al., 2006; Giampiccolo et al., 2007; Bentivogli
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Model Teacher #Param SQuAD2 MNLI QNLI QQP RTE SST MRPC CoLA STS Avg

BERTBASE - 109M 76.8 84.5 91.7 91.3 68.6 93.2 87.3 58.9 89.5 82.4
RoBERTaBASE - 125M 83.7 87.6 92.8 91.9 78.7 94.8 90.2 63.6 91.2 86.1

12×768 Ours BERTLARGE 109M 81.8 86.5 92.6 91.6 76.4 93.3 89.2 62.3 90.5 84.9
12×768 Ours RoBERTaLARGE 125M 86.6 89.4 94.0 91.8 83.1 95.9 91.2 65.0 91.3 87.6

Table 3: Results of our 12×768 models on the dev sets of GLUE benchmark and SQuAD 2.0. The fine-tuning
results are an average of 4 runs for each task. We report F1 for SQuAD 2.0, Pearson correlation for STS-B,
Matthews correlation coefficient for CoLA and accuracy for the rest.

Model SQuAD2 MNLI-m SST-2 Avg

MINILM (Last Layer) 79.1 84.7 91.2 85.0
+ Upper Middle Layer 80.3 85.2 91.5 85.7

12×384 Ours 80.7 85.7 92.3 86.2

Table 4: Comparison of different methods using
BERTLARGE-WWM as the teacher. We report dev results
of 12×384 student model with 128 embedding size.

et al., 2009) and WNLI (Levesque et al., 2012)).

Extractive Question Answering The task aims
to predict a continuous sub-span of the passage
to answer the question. We evaluate on SQuAD
2.0 (Rajpurkar et al., 2018), which has been served
as a major question answering benchmark.

Cross-lingual Natural Language Inference
(XNLI) XNLI (Conneau et al., 2018) is a
cross-lingual classification benchmark. It aims to
identity the semantic relationship between two
sentences and provides instances in 15 languages.

Cross-lingual Question Answering We use
MLQA (Lewis et al., 2019b) to evaluate multi-
lingual models. MLQA extends English SQuAD
dataset (Rajpurkar et al., 2016) to seven languages.

4.3 Main Results
Table 1 presents the dev results of 6×384
and 6×768 models distilled from BERTBASE,
BERTLARGE and RoBERTaLARGE on GLUE and
SQuAD 2.0. (1) Previous methods (Sanh et al.,
2019; Jiao et al., 2019; Sun et al., 2019a; Wang
et al., 2020) usually distill BERTBASE into a 6-layer
model with 768 hidden size. We first report re-
sults of the same setting. Our 6×768 model outper-
forms DistilBERT, TinyBERT, MINILM and two
BERT baselines across most tasks. Moreover, our
method allows more flexibility for the number of
attention heads of student models. (2) Both 6×384
and 6×768 models distilled from BERTLARGE out-
perform models distilled from BERTBASE. The
6×768 model distilled from BERTLARGE is 2.0×

faster than BERTBASE, while achieving better
performance. (3) Student models distilled from
RoBERTaLARGE achieve further improvements. Bet-
ter teacher results in better students. Multi-head
self-attention relation distillation is effective for
different large-size pretrained Transformers.

We report the results of 6×768 students distilled
from BERTBASE and BERTLARGE on GLUE test
sets and SQuAD 2.0 dev set in Table 2. 6×768
model distilled from BERTBASE retains more than
99% accuracy of its teacher while using 50% Trans-
former parameters. 6×768 model distilled from
BERTLARGE compares favorably with BERTBASE.

We compress RoBERTaLARGE and BERTLARGE
into a base-size student model. Dev results of
GLUE benchmark and SQuAD 2.0 are shown
in Table 3. Our base-size models distilled from
large-size teacher outperforms BERTBASE and
RoBERTaBASE. Our method can be adopted to train
students in different parameter size. Moreover, our
student distilled from RoBERTaLARGE uses a much
smaller (almost 32× smaller) training batch size
and fewer training steps than RoBERTaBASE. Our
method requires much fewer training examples.

Most of previous work conducts experiments
using base-size teachers. To compare with previ-
ous methods on large-size teacher, we reimplement
MINILM and compress BERTLARGE-WWM into a
12×384 student model. Dev results of SQuAD 2.0,
MNLI-m and SST-2 are presented in Table 4. Our
method also outperforms MINILM for large-size
teachers. Moreover, we report results of distill-
ing an upper middle layer instead of the last layer
for MINILM. Layer selection is also effective for
MINILM when distilling large-size teachers.

Table 5 and Table 6 show the results of our stu-
dent models distilled from XLM-R on XNLI and
MLQA. For XNLI, the best single model is se-
lected on the joint dev set of all the languages as
in Conneau et al. (2019). Following Lewis et al.
(2019b), we adopt SQuAD 1.1 as training data and
evaluate on MLQA English development set for
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Model Teacher #L #H #Param en fr es de el bg ru tr ar vi th zh hi sw ur Avg

mBERT - 12 768 170M 82.1 73.8 74.3 71.1 66.4 68.9 69.0 61.6 64.9 69.5 55.8 69.3 60.0 50.4 58.0 66.3
XLM-100 - 16 1280 570M 83.2 76.7 77.7 74.0 72.7 74.1 72.7 68.7 68.6 72.9 68.9 72.5 65.6 58.2 62.4 70.7
XLM-RBASE - 12 768 277M 85.8 79.7 80.7 78.7 77.5 79.6 78.1 74.2 73.8 76.5 74.6 76.7 72.4 66.5 68.3 76.2
MINILM XLM-RBASE 6 384 107M 79.2 72.3 73.1 70.3 69.1 72.0 69.1 64.5 64.9 69.0 66.0 67.8 62.9 59.0 60.6 68.0

6×384 Ours XLM-RBASE 6 384 107M 78.1 71.4 72.7 69.2 70.8 72.2 69.9 67.5 66.1 68.9 67.5 68.2 64.7 62.7 62.3 68.8
6×384 Ours XLM-RLARGE 6 384 107M 79.8 72.5 73.7 69.3 70.6 72.3 69.5 66.9 67.5 69.1 67.0 68.7 64.8 62.4 63.0 69.1

Table 5: Cross-lingual classification results of our 6×384 multilingual models on XNLI. We report the accuracy
on each of the 15 XNLI languages and the average accuracy. #L and #H indicate the number of layers and hidden
size.

Model Teacher #L #H #Param en es de ar hi vi zh Avg

mBERT - 12 768 170M 77.7 / 65.2 64.3 / 46.6 57.9 / 44.3 45.7 / 29.8 43.8 / 29.7 57.1 / 38.6 57.5 / 37.3 57.7 / 41.6
XLM-15 - 12 1024 248M 74.9 / 62.4 68.0 / 49.8 62.2 / 47.6 54.8 / 36.3 48.8 / 27.3 61.4 / 41.8 61.1 / 39.6 61.6 / 43.5
XLM-RBASE - 12 768 277M 77.1 / 64.6 67.4 / 49.6 60.9 / 46.7 54.9 / 36.6 59.4 / 42.9 64.5 / 44.7 61.8 / 39.3 63.7 / 46.3
MINILM XLM-RBASE 6 384 107M 75.5 / 61.9 55.6 / 38.2 53.3 / 37.7 43.5 / 26.2 46.9 / 31.5 52.0 / 33.1 48.8 / 27.3 53.7 / 36.6

6×384 Ours XLM-RBASE 6 384 107M 76.0 / 62.5 60.5 / 42.4 57.7 / 43.1 48.6 / 30.1 53.3 / 36.5 55.5 / 35.6 54.6 / 32.5 58.0 / 40.4
6×384 Ours XLM-RLARGE 6 384 107M 76.2 / 62.9 59.2 / 41.7 57.4 / 42.2 47.3 / 29.4 54.1 / 36.9 58.2 / 37.9 57.0 / 34.0 58.5 / 40.7

Table 6: Cross-lingual question answering results of our 6×384 multilingual models on MLQA. We report the F1
and EM (exact match) scores on each of the 7 MLQA languages. #L and #H indicate the number of layers and
hidden size.

Model SQuAD2 MNLI-m SST-2 Avg

Ours (Q-Q + K-K + V-V) 72.8 82.2 91.5 82.2
– Q-Q Att-Rel 71.6 81.9 90.6 81.4
– K-K Att-Rel 71.9 81.9 90.5 81.4
– V-V Att-Rel 71.5 81.6 90.5 81.2

Q-K + V-V Att-Rels 72.4 82.2 91.0 81.9

Table 7: Ablation studies of different self-attention re-
lations. We report results of 6×384 student model dis-
tilled from BERTBASE. The relation head number is 12.

#Relation Heads 6 12 24 48

6×384 model distilled from RoBERTaBASE

MNLI-m 82.8 82.9 83.0 83.4
SQuAD 2.0 74.5 75.0 74.9 75.7

6×384 model distilled from BERTBASE

MNLI-m 81.9 82.2 82.2 82.4
SQuAD 2.0 71.9 72.8 72.7 73.0

Table 8: Results of 6×384 model using different num-
ber of relation heads.

early stopping. Our 6×384 model outperforms
mBERT (Devlin et al., 2018) with 5.3× speedup.
Our method also performs better than MINILM,
which further validates the effectiveness of multi-
head self-attention relation distillation. Transfer-
ring multi-head self-attention relations can bring
more fine-grained self-attention knowledge.

4.4 Ablation Studies

Effect of using different self-attention relations
We perform ablation studies to analyse the con-
tribution of different self-attention relations. Dev

results of three tasks are illustrated in Table 7. Q-
Q, K-K and V-V self-attention relations positively
contribute to the final results. Besides, we also
compare Q-Q + K-K + V-V with Q-K + V-V given
queries and keys are employed to compute self-
attention distributions in self-attention module. Ex-
perimental result shows that using Q-Q + K-K +
V-V achieves better performance.

Effect of distilling different teacher layers Fig-
ure 2 presents the results of 6×384 model distilled
from different layers of BERTBASE, BERTLARGE
and XLM-RLARGE. For BERTBASE, using the last
layer achieves better performance than other layers.
For BERTLARGE and XLM-RLARGE, we find that
using one of the upper middle layers achieves the
best performance. The same trend is also observed
for BERTLARGE-WWM and RoBERTaLARGE.

Effect of different number of relation heads
Table 8 shows the results of 6×384 model distilled
from BERTBASE and RoBERTaBASE using different
number of relation heads. Using a larger number of
relation heads achieves better performance. More
fine-grained self-attention knowledge can be cap-
tured by using more relation heads, which helps the
student to deeply mimic the self-attention module
of its teacher. Besides, we find that the number of
relation heads is not required to be a positive multi-
ple of both the number of student and teacher atten-
tion heads. The relation head can be a fragment of
a single attention head or contains fragments from
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Model Teacher #Param Speedup SQuAD2 MNLI-m/mm QNLI QQP RTE SST MRPC CoLA STS Avg

BERTBASE - 109M 1.0× 76.8 84.6/83.4 90.5 71.2 66.4 93.5 88.9 52.1 85.8 79.3

MobileBERT IB-BERTLARGE 25M 1.8× 80.2 84.3/83.4 91.6 70.5 70.4 92.6 88.8 51.1 84.8 79.8
12×384 Ours BERTLARGE-WWM 25M 2.7× 80.7 85.9/84.6 91.9 71.4 71.9 93.3 89.2 44.9 85.5 79.9

+ More Att-Rels BERTLARGE-WWM 25M 2.7× 80.9 85.8/84.8 92.3 71.6 72.0 93.6 89.7 46.6 86.0 80.3

Table 9: Comparison between MobileBERT and the same-size model (12 layers, 384 hidden size and 128 embed-
ding size) distilled form BERTLARGE (Whole Word Masking) on GLUE test sets and SQuAD 2.0 dev set. Following
MobileBERT (Sun et al., 2019b), the reported results are directly fine-tuned on downstream tasks. We compute
the speedup of MobileBERT according to their reported latency.

(a) BERTBASE as the teacher (b) BERTLARGE as the teacher (c) XLM-RLARGE as the teacher

Figure 2: 6×384 models trained using different BERTBASE (a), BERTLARGE (b) and XLM-RLARGE (c) layers.

Model Teacher SQuAD2 MNLI-m SST-2

6×384 Ours BERTBASE 72.9 82.8 91.3
+ More Att-Rels BERTBASE 73.3 82.8 91.6

6×384 Ours BERTLARGE 74.3 83.0 91.1
+ More Att-Rels BERTLARGE 74.7 83.2 92.4

6×384 Ours RoBERTaLARGE 76.4 84.4 92.0
+ More Att-Rels RoBERTaLARGE 76.0 84.4 92.1

6×768 Ours BERTBASE 76.3 84.2 92.4
+ More Att-Rels BERTBASE 76.8 84.4 92.3

6×768 Ours BERTLARGE 77.7 85.0 92.5
+ More Att-Rels BERTLARGE 78.1 85.2 92.5

6×768 Ours RoBERTaLARGE 81.6 87.0 94.5
+ More Att-Rels RoBERTaLARGE 81.2 87.3 94.1

Table 10: Results of introducing more self-attention re-
lations (Q-K, K-Q, Q-V, V-Q, K-V and V-K relations).

multiple attention heads.

5 Discussion

5.1 Comparison with MobileBERT

MobileBERT (Sun et al., 2019b) compresses a spe-
cially designed teacher model (in the BERTLARGE
size) with inverted bottleneck modules into a 24-
layer student using the bottleneck modules. Since
our goal is to compress different large models (e.g.
BERT and RoBERTa) to small models using stan-
dard Transformer architecture, we note that our stu-
dent model can not directly compare with Mobile-
BERT. We provide results of a student model with
the same parameter size for a reference. A public
large-size model (BERTLARGE-WWM) is used as the

teacher, which achieves similar performance as Mo-
bileBERT’s teacher. We distill BERTLARGE-WWM
into a student model (25M parameters) using the
same training data (i.e., English Wikipedia and
BookCorpus). The test results of GLUE and dev
result of SQuAD 2.0 are illustrated in Table 9.
Our model outperforms MobileBERT across most
tasks with a faster inference speed. Moreover, our
method can be applied for different teachers and
has much fewer restriction of students.

We also observe that our model performs rela-
tively worse on CoLA compared with MobileBERT.
The task of CoLA is to evaluate the grammati-
cal acceptability of a sentence. It requires more
fine-grained linguistic knowledge that can be learnt
from language modeling objectives. Fine-tuning
the model using the MLM objective as in Mobile-
BERT brings improvements for CoLA. However,
our preliminary experiments show that this strategy
will lead to slight drop for other GLUE tasks.

5.2 Results of More Self-Attention Relations

In Table 9 and 10, we report results of students
trained using more self-attention relations (Q-K, K-
Q, Q-V, V-Q, K-V and V-K relations). We observe
improvements across most tasks, especially for stu-
dent models distilled from BERT. Fine-grained self-
attention knowledge in more attention relations im-
proves our students. However, introducing more
self-attention relations also brings a higher compu-
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tational cost. In order to achieve a balance between
performance and computational cost, we choose to
transfer Q-Q, K-K and V-V self-attention relations
instead of all self-attention relations in this work.

6 Conclusion

We generalize deep self-attention distillation in
MINILM by employing multi-head self-attention
relations to train the student. Our method intro-
duces more fine-grained self-attention knowledge
and eliminates the restriction of the number of stu-
dent’s attention heads. Moreover, we show that
transferring the self-attention knowledge of an up-
per middle layer achieves better performance for
large-size teachers. Our monolingual and multilin-
gual models distilled from BERT, RoBERTa and
XLM-R obtain competitive performance and out-
perform state-of-the-art methods. For future work,
we are exploring an automatic layer selection algo-
rithm. We also would like to apply our method to
larger pretrained Transformers.
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MRPC 3.7k 408 1.7k Accuracy/F1
STS-B 7k 1.5k 1.4k Pearson/Spearman Corr

Inference Tasks
MNLI 393k 20k 20k Accuracy
RTE 2.5k 276 3k Accuracy
QNLI 105k 5.5k 5.5k Accuracy
WNLI 634 71 146 Accuracy

Table 11: Summary of the GLUE benchmark.

#Train #Dev #Test Metrics

130,319 11,873 8,862 Exact Match/F1

Table 12: Dataset statistics and metrics of SQuAD 2.0.
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A GLUE Benchmark

The summary of datasets used for the General Lan-
guage Understanding Evaluation (GLUE) bench-
mark4 (Wang et al., 2019) is presented in Table 11.

B SQuAD 2.0

We present the dataset statistics and metrics of
SQuAD 2.05 (Rajpurkar et al., 2018) in Table 12.

C Hyper-parameters for Fine-tuning

Extractive Question Answering For SQuAD
2.0, the maximum sequence length is 384. The
batch size is set to 32. We choose learning rates
from {3e-5, 6e-5, 8e-5, 9e-5} and fine-tune the
model for 3 epochs. The warmup ration and weight
decay is 0.1 and 0.01.

4https://gluebenchmark.com/
5http://stanford-qa.com
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GLUE The maximum sequence length is 128 for
the GLUE benchmark. We set batch size to 32,
choose learning rates from {1e-5, 1.5e-5, 2e-5, 3e-
5, 5e-5} and epochs from {3, 5, 10} for differ-
ent student models. We fine-tune CoLA task with
longer training steps (25 epochs). The warmup
ration and weight decay is 0.1 and 0.01.

Cross-lingual Natural Language Inference
(XNLI) The maximum sequence length is 128
for XNLI. We fine-tune 5 epochs using 128 as the
batch size. The learning rates are chosen from
{5e-5, 6e-5}.

Cross-lingual Question Answering For
MLQA, the maximum sequence length is 512. We
fine-tune 3 epochs using 32 as the batch size. The
learning rates are chosen from {5e-5, 6e-5}.
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Abstract

Though being a primary trend for enhancing
interpretability of neural networks, attention
mechanism’s reliability and validity are still
under debate. In this paper, we try to pu-
rify attention scores to obtain a more faithful
explanation of downstream models. Specifi-
cally, we propose a framework consisting of a
learner and a compressor, which performs fine-
tuning and compressing iteratively to enhance
the performance and interpretability of the at-
tention mechanism. The learner focuses on
learning better text representations to achieve
good decisions by fine-tuning, while the com-
pressor aims to perform compressions over
the representations to retain the most useful
clues for explanations with a Variational in-
formation bottleneck ATtention (VAT) mecha-
nism. Extensive experiments on eight bench-
mark datasets show the great advantages of
our proposed approach in terms of both perfor-
mance and interpretability.

1 Introduction

Attention mechanisms (Bahdanau et al., 2014) have
achieved great success in various natural language
processing (NLP) tasks. They are introduced to
mimic the human eye focusing on important parts
in the inputs when predicting labels. The existing
studies show attention mechanisms can improve
not only the performance but also the interpretabil-
ity of the models (Mullenbach et al., 2018; Xie
et al., 2017; Xu et al., 2015). Li et al. (2016)
pointed the view: “Attention provides an impor-
tant way to explain the workings of neural models”.
Additionally, Wiegreffe and Pinter (2019) showed
that attention mechanisms could help understand
the inner workings of a model.

The basic assumption of understanding of mod-
els with attention scores is that the inputs (e.g.,
words) with high attentive weights are essential for

making decisions. However, as far as we know, it
has not been formally verified. Existing research
(Jain and Wallace, 2019) also shows that attention
is not explicable, and there are a lot of controversy
regarding to the result explanations (Wiegreffe and
Pinter, 2019; Jain and Wallace, 2019). Moreover,
we find that though the attention mechanism can
help improve the performance for text classification
in our experiments, it may focus on the irrelevant
information. For example, in the sentence “A very
funny movie.”, the long short-term memory model
with standard attention (LSTM-ATT) infers a cor-
rect sentiment label while pays more attention to
the irrelevant word “movie”, making the result dif-
ficult to explain.

In general, the attention weights are only op-
timized to encode the task-relevant information
while are not restricted to imitate human behavior.
In order to enhance the interpretability of the at-
tention mechanism, recent studies turn to integrate
the human provided explanation signals into the
attention models. Rei and Søgaard (2018) regular-
ized the attention weights with a small amount of
word-level annotations. Barrett et al. (2018); Bao
et al. (2018) improved the explanation of attention
by aligning explanations with human-provided ra-
tionales. These methods rely on additional labour
consuming labelling for enhancing explanations,
which is hard to extend to other datasets or tasks.

In this paper, we aim to train a more efficient
and effective interpretable attention model without
any pre-defined annotations or pre-collected ex-
planations. Specifically, we propose a framework
consisting of a learner and a compressor, which
enhances the performance and interpretability of
the attention model for text classification1. The
learner learns text representations by fine-tuning

1We focus on the task of text classification, but our method
can be easily extended to other NLP or CV tasks with attention
mechanisms.
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the encoder. Regarding to the compressor, we are
motivated by the effectiveness of the information
bottleneck (IB) (Tishby et al., 1999) to enhance
performance (Li and Eisner, 2019) or detect im-
portant features (Bang et al., 2019; Chen and Ji,
2020; Jiang et al., 2020; Schulz et al., 2020), and
present a Variational information bottleneck ATten-
tion (VAT) mechanism using IB to keep the most
relevant clues and forget the irrelevant ones for
better attention explanations. In particular, IB is
integrated into attention to minimize the mutual
information (MI) with the input while preserving
as much MI as possible with the output, which pro-
vides more accurate and reliable explanations by
controlling the information flow.

To evaluate the effectiveness of our proposed
approach, we adapt two advanced neural models
(LSTM and BERT) within the framework and con-
duct experiments on eight benchmark datasets. The
experimental results show that our adapted mod-
els outperform the standard attention-based models
over all the datasets. Moreover, they exhibit great
advantages with respect to interpretability by both
qualitative and quantitative analyses. Specifically,
we obtain significant improvements by applying
our model to the semi-supervised word-level sen-
timent detection task, which detects the sentiment
words based on attention weights via only sentence-
level sentiment label. In addition, we provide the
case studies and text representation visualization to
have an insight into how our model works.

The main contributions of this work are summa-
rized as follows.

• We propose a novel framework to enhance the
performance and interpretability of the attention
models, where a learner is used to learn good
representations by fine-tuning and a compressor
is used to obtain good attentive weights by com-
pressing iteratively.

• We present a Variational information bottleneck
ATtention (VAT) mechanism for the compressor,
which performs compression over the text rep-
resentation to keep the task related information
while reduce the irrelevant noise via information
bottleneck.

• Extensive experiments show the great advantages
of our models within the proposed framework,
and we perform various qualitative and quanti-
tative analyses to shed light on why our models
work in both performance and interpretability.

2 Related Work

In this section, we survey related attention mech-
anisms (Bahdanau et al., 2014) and review the
most relevant studies on information bottleneck
(IB) (Tishby et al., 1999).

Attention has been proved can help explain the
internals of neural models (Li et al., 2016; Wiegr-
effe and Pinter, 2019) though it is limited (Jain and
Wallace, 2019). Many researchers try to improve
the interpretability of the attention mechanisms.
Rei and Søgaard (2018) leveraged small amounts of
word-level annotations to regularize attention. Kim
et al. (2017) introduced a structured attention mech-
anism to learn attention variants from explicit prob-
abilistic semantics. Barrett et al. (2018); Bao et al.
(2018) aligned explanations with human-provided
rationales to improve the explanation of attention.
Unlike these methods that require prior attributions
or human explanations, the VAT method enforces
the attention to learn the vital information while
filter the noise via IB.

A series of studies motivate us to utilize IB to
improve the explanations of attention mechanisms.
Li and Eisner (2019) compressed the pre-trained
embedding (e.g., BERT, ELMO), remaining only
the information that helps a discriminative parser
through variational IB. Zhmoginov et al. (2019)
utilized the IB approach to discover the salient re-
gion. Some works (Jiang et al., 2020; Chen et al.,
2018; Guan et al., 2019; Schulz et al., 2020; Bang
et al., 2019) proposed to identify vital features or
attributions via IB. Moreover, Chen and Ji (2020)
designed a variational mask strategy to delete the
useless words in the text. As far as we are aware,
we are the first ones to leverage IB into attention
mechanisms to train more interpretable attention
with better accuracy.

3 Our Approach

In this section, we introduce our framework consist-
ing of a learner and a compressor with a Variational
information bottleneck ATtenttion (VAT) mecha-
nism. Given an attention-based neural network
model, we formulate our idea within the framework
of variational information bottleneck (VIB) (Tishby
et al., 1999). Our framework aims to improve the
attention’s interpretalility with better performance
by restricting the attention to capture the crucial
words while filter the useless information.
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Figure 1: The framework.The learner aims to learn the
good text representation X by fine-tuning, and the com-
pressor aims to learn good attention weights by com-
pressing the attentive representations to capture the im-
portant words while forget the redundant information
via VAT. The blue circles mean the corresponding pa-
rameters of the modules are fixed.

3.1 Overview

Our framework is composed of a learner and a
compressor, which performs fine-tuning and com-
pressing iteratively (Figure 1). The learner aims
to learn a task-specific contextual word representa-
tion by fine-tuning. The compressor enforces the
model to learn task-relevant information while re-
duce irrelevant information via IB. We iteratively
perform the learner and compressor (fine-tuning
and compressing) to improve each other.

Learner. We adopt a basic attention-based neural
network model as a learner to learn representations
of the words based on the good attention weights
learned by the compressor. The model is optimized
by cross-entropy loss to learn the label-relevant
information. In this phase, we fix the attention’s
parameters so that the model will focus on updating
the encoder to learn word representations.

Compressor. To restrict the attention to capture
the vital information while reduce the noise, we
integrate IB into attention mechanisms to compress
the text attentive representation. We fix the en-
coder’s parameters so that the model will focus
on learning the attention weights based on current
representations obtained from the learner.

3.2 Basic Attention Model (Learner)

In this section, we describe our learner, which is an
attention-based neural network model. First, given
a text T “ tw1, w2, ..., w|T |u, where |T | is the
length of text T , we feed it into an encoder with a

Encoder

…

…

X

𝝈𝒖

MLP

𝐘

R

Z

𝜶Min I(Z; R)

Max I(Z; Y) q(𝐘|Z)

Z=u+𝝈⊙ 𝛜  𝛜~𝑵 𝟎, 𝑰   p(Z|R)

VAT

T

Figure 2: The architecture of our VAT (Compressor).
First, we obtain the input text’s word representations X
via an encoder trained by the learner. Then, we calcu-
late Z by compressing the text representation R that is
the weighted sum of X based on the attention α, while
remaining the maximum information to judge Y by in-
putting Z into a MLP classifier for predicting.

word embedding layer. We adopt LSTM and BERT
models as our encoder, and other models can also
be applied to our framework. We obtain the context-
aware word representations x “ rx1, x2, ..., x|T |s,
where xi is the hidden vector of the word wi.

x “ encoderpT, θencoderq, (1)

where θencoder is the parameters of the encoder.
Based on the contextual word representations,

attention mechanism (Bahdanau et al., 2014) 2 is
utilized to capture the important parts in the text
and obtain the text representation R, which is cal-
culated as,

R “
nÿ

i“1

αixi

αi “ softmaxpvJ
a tanhpWaxiqq

(2)

where θattention “ tva, Wau is the trainable pa-
rameters of the attention, which is not updated
in this step to learn the word representation x
based the good attention learned by the compres-
sor. α “ rα1, α2, ..., α|T |s is the attention weights.
Finally, we input the text representation R into a

2In this paper, we only explore the local attention mech-
anism on our framework, other attention mechanisms (e.g.,
multi-head attention (Vaswani et al., 2017)) can also be ap-
plied. We would like to explore it in future work.
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multi-layer perceptron (MLP) to predict the proba-
bility. The cross-entropy loss is used to optimize
the model.

3.3 Variational Information Bottleneck
Attention (Compressor)

The learner optimizes the sentence representations
by minimizing the cross-entropy loss, which does
not restrict the model to ignore the useless informa-
tion. Thus, we compress sentence representations
R into a latent representation Z that retains most
useful information to infer the label Y . We pro-
pose to accomplish this by integrating VIB into the
attention mechanism (Figure 2).

To ensure Z contains maximum ability to predict
Y (IpZ; Y q) while has the least redundant informa-
tion form R (´IpZ; Rq), we use the standard IB
theory (Tishby et al., 1999) and define the objective
function as:

max
α

IpZ; Y q ´ β ¨ IpZ; Rq (3)

where Ip¨; ¨q means the mutual information and β
is a coefficient to balance two components. The
main challenge is to estimate the lower bound for
IpZ; Y q and the upper bound for IpZ; Rq. 3

The joint probability pθpr, y, zq can be factored
as pprq ¨ ppy | rq ¨ pθpz | rq based on the indepen-
dence assumption 4. By replacing the conditional
distribution pθpy | zq with a variational approx-
imation qφpy | zq, we obtain a lower bound of
IpZ; Y q. qφpy | zq is a simple classifier that runs
on a compressed text representation z.

IpZ;Y qhkkkkkkkkkkkkkikkkkkkkkkkkkkj

Epθpy,zqrlog
pθpy | zq

ppyq s ´
lower boundhkkkkkkkkkkkkkikkkkkkkkkkkkkj

Epθpy,zqrlog
qφpy | zq

ppyq s
“ EpθpzqrKLppθpy | zq}qφpy | zqqs ě 0

(4)

where KLr¨}¨s represents Kullback-Leibler diver-
gence.

Specifically, we regard ppyq as constant and then
minimize Epθpy,zqrlog qφpy | zqs. Since we must
first sample r to sample y, z from pθpr, y, zq, the
lower bound of IpZ; Y q is computed as,

IpZ; Y q ě Eppr,yqrEpθpz|rqrlog qφpy | zqss (5)

We calculate the upper bound of IpZ; Rq by re-
placing pθpzq with a variational distribution rψpzq,

3We give the main steps as follows and the detailed deriva-
tion is provided in supplementary materials.

4Y Ñ R Ñ Z: Y and Z are independent given R.

upper boundhkkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkkj

EpprqrEpθpz|rqrlog pθpz | rq
rψpzq ss ´

IpZ;Rqhkkkkkkkkkkkkkkkkkkkkkikkkkkkkkkkkkkkkkkkkkkj

EpprqrEpθpz|rqrlog pθpz | rq
ppzq ss

“EpprqrKLpppzq}rψpzqqs ě 0
(6)

The upper bound of IpZ; Rq is computed as,

IpZ; Rq ď EpprqrEpθpz|rqrlog
pθpz | rq
rψpzq ss

“ EpprqrKLrpθpz | rq}rψpzqss
(7)

Then, we obtain the lower bound L of IB by
substituting Equation 5 and 7 into Equation 3:

L “ Eppr,yqrEpθpz|rqrlog qφpy | zqs
´ β ¨ KLrpθpz | rq}rψpzqss (8)

The first component in L is to keep the most
useful information in pθpz|rq for inferring y, while
the second one is to regularize pθpz|rq with a pre-
defined prior distribution rψpzq (e.g., Gaussian
distribution). To compute pθpz|rq, we adopt the
reparametrization trick for multivariate Gaussians
(Rezende et al., 2014), which obtains the gradient
of parameters that derive z from a random noise ε.

z “ u ` σ d ε, ε „ Np0, Iq (9)

where d means element-wise multiplication. u and
σ denote the mean and covariance defined by two
functions of R, where R “ α ¨ x that is learned
based on attention. In particular, two MLP are used
to predict u and σ.

Finally, we input the z into a MLP to predict
qφpy | zq and optimize the attention’s parameter
via Equation 8.

4 Experiment Setup

We adopt two typical neural network models,
attention-based LSTM (Hochreiter and Schmid-
huber, 1997) and BERT (Devlin et al., 2019), to
explore our VAT algorithm.

4.1 Datasets and Baselines
Datasets To evaluate the effectiveness of our
VAT model, we conduct the experiments over eight
benchmark datasets: IMDB (Maas et al., 2011),
Stanford Sentiment Treebank with (includes SST-
1 and its binary version SST-2) (Socher et al.,
2013), Yelp (Zhang et al., 2015), AG News (Zhang
et al., 2015), TREC (Li and Roth, 2002), subjec-
tive/objective classification Subj (Pang and Lee,
2005) and Twitter (Rosenthal et al., 2015, 2014).
The statistics information of these datasets are
shown in Table 1.
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IMDB SST-1 SST-2 Yelp AG News Trec Subj Twitter
Class 2 5 2 2 4 6 2 3
Length 268 18 19 138 32 10 23 22
#train 20,000 8,544 6,920 500,000 114,000 5,000 8,000 7,969
#dev 5,000 1,1101 872 60,000 6,000 452 1,000 1,375
#test 25,000 2,210 1,821 38,000 7,600 500 1,000 3,795

Table 1: The statistics information of the datasets, where Class is the number of the class, Length is average text
length, and #train/#dev/#test counts the number of samples in the train/dev/test sets.

IMDB SST-1 SST-2 Yelp AG News Trec Subj Twitter Average
LSTM-base 88.79 45.20 85.45 95.10 91.91 90.00 89.00 71.25 82.09
LSTM-ATT 88.16 46.29 84.73 95.06 91.88 91.00 90.80 70.75 82.33
LSTM-VAT 88.98 47.42 86.22 95.32 92.04 92.80 91.10 71.62 83.19
BERT-base 91.90 51.44 91.60 96.07 93.52 96.60 96.50 75.28 86.61
BERT-ATT 91.81 51.13 91.16 97.20 93.41 96.40 96.20 74.84 86.52
BERT-VAT 92.11 51.99 91.98 97.36 93.71 97.20 96.70 77.13 87.27

Table 2: The main results of text classification.

Baselines We compare our model with two
kinds of models, basic models (LSTM/BERT-base)
and attention-based models (LSTM/BERT-ATT).
LSTM-base takes the max-pooling of the LSTM’s
hidden vectors as text representation. For BERT-
base, the “[CLS]” representation is obtained as the
sentence representation. LSTM-ATT model is a
standard attention-based LSTM model that has the
same structure as the learner. We obtain the BERT-
ATT by replacing the LSTM encoder with BERT
in LSTM-ATT. Our models are marked with VAT
(LSTM-VAT, BERT-VAT), which integrate VIB
into attention-based neural models.

4.2 Implementation Details
For LSTM-based models, we use GloVe embed-
ding (Pennington et al., 2014) with 300-dimension
to initialize the word embedding and fine-tune it
during the training. We randomly initialize all out-
of-vocabulary words and weights with the uniform
distribution Up´0.1, 0.1q. For the BERT-based
models, we fine-tune pre-trained BERT-base model.
The dimension of hidden state vectors of LSTM
is 100 and the max sentence length is 256 in our
experiments. Adam (Kingma and Ba, 2014) is
utilized as the optimizer with learning rate 0.001
(for LSTM-based model) and 0.00001 (for BERT-
based model). We also search different values
β P t0.01, 0.1, 1, 10u.

5 Experiments

First, we perform our models and baselines on eight
benchmark datasets and visualize the text represen-
tation to verify the effectiveness of VAT (Section
5.1). Second, to further investigate our VAT model,

we adopt two popular explanation metrics for quan-
titative evaluation (Section 5.2). Third, we apply
our models to semi-supervision sentiment detec-
tion task to evaluate the explanation of our model
(Section 5.3). Fourth, we explore the influence of
our iteration strategy in Section 5.4 and provide
case studies in Section 5.5. For the limitation of
the space, we may only list the results on parts of
the datasets in some cases since the conclusions are
similar for other datasets. The complete results are
presented in the supplementary materials.

5.1 Main Results

We report the accuracy of our VAT and baselines
based on LSTM and BERT (Table 2). From these
results, we find the following observations: 1) our
models (LSTM/BERT-VAT) outperform all the cor-
responding baselines over all the eight datasets,
which denotes the effectiveness of our VAT on both
LSTM and BERT-based models; 2) compared with
attention-based models (LSTM/BERT-ATT), our
models obtain better results. It indicates reducing
the irrelevant information in input via VAT can
improve the performance of the models.

Furthermore, we visualize the sentence repre-
sentations obtained from LSTM/BERT-ATT and
-VAT models (Figure 3). We randomly select 1000
samples from the test set for each dataset. We can
find that our VAT model can reduce the distance
of the samples in a class and add the distance of
the samples in different classes. For example, it
is hard to split the positive samples from the neg-
ative ones based on the representations obtained
from LSTM-ATT for the IMDB dataset, while the
divider line based on our VAT is clear. These ob-
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(a) IMDB (LSTM) (b) Subj (LSTM) (c) Twitter (LSTM)

(d) IMDB (BERT) (e) Subj (BERT) (f) Twitter (BERT)

Figure 3: Visualization of text representation obtained from LSTM/BERT-ATT and LSTM/BERT-VAT. We use
t-SNE to transfer 100/768-dimensional feature space into two-dimensional space.

IMDB SST-1 SST-2 Yelp AG News Trec Subj Twitter
Accuracy LSTM-base 88.79 45.20 85.45 95.10 91.91 90.00 89.00 71.25

AOPC
Random 0.30 5.97 7.58 1.02 1.87 19.40 1.50 4.72
LSTM-ATT 5.27 12.94 20.54 6.64 5.99 31.00 2.10 19.10
LSTM-VAT 6.13 14.34 21.58 7.12 6.59 37.20 6.30 20.37

Accuracy BERT-base 91.90 51.44 91.60 96.07 93.52 96.60 96.50 75.28

AOPC
Random 0.60 33.26 41.46 3.60 44.20 65.80 45.70 59.21
BERT-ATT 2.81 33.98 41.52 4.73 52.22 71.60 45.70 59.39
BERT-VAT 3.17 34.03 41.52 6.64 54.70 72.20 45.80 59.45

Table 3: The results of AOPC.

(a) IMDB (LSTM) (b) IMDB (BERT)

Figure 4: The influence of Top-K for LSTM/BERT-
based models in terms of AOPC.

servations show our VAT model can learn a better
task-specific representation by enforcing the model
to reduce the task-irrelevant information.

5.2 Quantitative Evaluation

In this section, we evaluate our VAT model us-
ing two metrics, AOPC and post-hoc accuracy,
which are widely used for explanations (Chen and
Ji, 2020). Note that well-trained LSTM/BERT-base
is used for evaluating the performance of classifi-
cation.

AOPC. To evaluate the faithfulness of explana-
tions to our models, we adopt the area over the

perturbation curve (AOPC) (Nguyen, 2018; Samek
et al., 2016) metric. It calculates the average
change of accuracy over test data by deleting top K
words via attentive weights. The larger the value of
AOPC, the better the explanations of the models.

Table 3 displays the results with K “ 5.
We compare our models with random and ba-
sic attention-based models. From the results,
we observe that: 1) basic attention-based models
(LSTM/BERT-ATT) can find the important words
in the sentence to some extent. Comparing with ran-
dom (Random), LSTM/BERT-ATT obtains signifi-
cant improvement; 2) Our models (LSTM/BERT-
VAT) outperform the standard attention-based mod-
els. It indicates that integrating VIB into the atten-
tion mechanism can help improve the interpretabil-
ity of the models by filtering the useless informa-
tion; 3) BERT model is sensitive to the context;
deleting the words will destroy the semantic infor-
mation of the sentence and significantly affect the
model’s performance.

We also explore the influence of top-K (Figure
4). Intuitively, the more words we delete, the larger
accuracy the models reduce. Our models reduce
more performance than random and attention-based
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IMDB SST-1 SST-2 Yelp AG News Trec Subj Twitter
Accuracy LSTM-base 88.79 45.20 85.45 95.10 91.91 90.00 89.00 71.25

Post-hoc
Random 58.48 34.21 71.33 64.74 62.45 71.40 78.40 54.07
LSTM-ATT 83.96 40.56 82.70 87.80 78.96 73.60 87.40 70.20
LSTM-VAT 84.41 43.39 84.35 88.82 81.43 79.20 89.10 71.23

Accuracy BERT-base 91.90 51.44 91.60 96.07 93.52 96.60 96.50 75.28

Post-hoc
Random 51.50 20.27 50.52 50.21 26.74 26.60 50.60 40.50
BERT-ATT 51.72 29.19 58.92 53.63 37.53 34.20 61.90 53.68
BERT-VAT 53.40 30.23 61.34 56.58 43.08 36.80 65.40 56.05

Table 4: The results of post-hoc accuracy.

(a) IMDB (LSTM) (b) IMDB (BERT)

Figure 5: The influence of Top-K for LSTM-based
models in terms of post-hoc.

models. For the IMDB dataset, when deleting top
20 words (average length is 268), the accuracy re-
duces about 19 points for our LSTM-VAT model
while it is about 2 points for the random model.

Post-hoc Accuracy. We also adopt the post-hoc
accuracy (Chen et al., 2018) to evaluate the influ-
ence of task-specific essential words on the perfor-
mance of LSTM-based and BERT-based models.
For each test sample, we select the top K words
based on their attentive weights as input to make a
prediction and compare it with the ground truth.

Table 4 presents the performance with K “ 5.
First, it is interesting to find that the post-hoc ac-
curacy with five most important words on Sbuj
dataset (89.10) is even better than the original sen-
tence (89.00). Additionally, we obtain comparable
results with only five words for SST-1, SST-2, and
Twitter datasets. These show that our model can re-
duce the noise information since most of the words
are useless for predictions in some cases. Second,
for BERT-based models, the context words are also
important for classification even though they may
not be task-specific.

Similarly, we investigate the influence of top-K
for post-hoc (Figure 5). The LSTM-base model
with top-10 words selected by our LSTM-VAT
model can achieve comparable results with the orig-
inal samples in most cases. Additionally, for the
IMDB dataset, the accuracy of LSTM-base with
one word selected by our VAT model is even better
than the one with 20 words selected randomly.

5.3 Semi-Supervised Word-Level Sentiment
Detection

We perform semi-supervised word-level sentiment
detection in Twitter (Rosenthal et al., 2015, 2014)
to evaluate the interpretability of our VAT. This task
requires to detect the sentiment words in a tweet
via the sentiment polarity of the whole tweet. In
the following example from the dataset, positive
words (“good” and “fantastic”) are marked with a
bold font and the overall polarity of the tweet is
positive:

Good morning becky! Thursday is going to be
fantastic!

We use the SemEval 2013 Twitter dataset, which
contains word-level sentiment annotation. We re-
move the samples with the neutral sentiment. We
report word-level precision, recall, and F-measure
for evaluating the models (Table 5), the same as
(Rei and Søgaard, 2018). Note that we select the
top-K (we set it as 1 and 5 here) words according
to the attention weights as the sentiment words.

We compare our VAT model with random and
attention-based models. The results show attention-
based models can capture the important words in
the text, to a certain extent. Since our VAT can re-
duce irrelevant information, it performs better than
the standard attention model. Also, LSTM-based
models outperform BERT-based models for this
task in most cases. It is because that BERT learns
much semantic information from the text, and con-
text information plays a vital role in prediction.

5.4 Influence of Iteration

We propose to train the learner and compressor
iteratively so that the learner optimizes the word
representations based on the good attention, and
the compressor optimizes the attention based on the
good word representations. To have a deep look at
how it works, we first provide our VAT model’s ac-
curacy with different iterations (Table 6). From the
results, we can find that the model’s performance
will improve at first, then it will converge.
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Positive Negative
P@1 R@1 F1@1 P@5 R@5 F1@5 P@1 R@1 F1@1 P@5 R@5 F1@5

Random 14.88 4.78 6.56 14.59 23.34 16.06 20.52 5.61 8.19 17.18 23.68 17.97
LSTM-ATT 58.70 26.04 32.73 30.30 54.17 34.70 47.13 15.74 21.39 28.24 42.04 30.33
LSTM-VAT 65.20 29.38 36.60 33.04 58.40 37.77 60.00 21.42 28.76 32.70 49.19 35.35
BERT-ATT 46.44 16.52 21.82 33.13 52.52 35.66 37.74 9.19 13.46 30.82 39.65 30.23
BERT-VAT 55.24 20.62 26.90 37.26 58.39 40.09 43.83 11.15 16.20 36.42 44.55 35.30

Table 5: The results of semi-supervision word-level sentiment detection in twitter.

(a) AG News (LSTM)

(b) AG News (BERT)

Figure 6: Visualization of text representation obtained from LSTM/BERT-VAT with different iterations. We use
t-SNE to transfer 100/768-dimensional feature space into two-dimensional space.

Method Text Prediction
LSTM-ATT I admired this work a lot. Positive  √
LSTM-VAT I admired this work a lot. Positive  √
LSTM-ATT That sucks if you have to take the sats tomorrow. Neutral   

LSTM-VAT That sucks if you have to take the sats tomorrow. Negative √

Figure 7: Two examples of attention visualization. Red denotes the attentive weights of the words. A deeper color
indicates a larger value.

Dataset 0 1 2 3 4 5

LSTM-VAT Twitter 70.75 71.62 70.96 70.67 71.06 70.98
IMDB 88.16 88.98 88.22 88.84 88.14 88.60

BERT-VAT Twitter 74.84 75.26 77.71 77.13 76.68 76.76
IMDB 91.81 92.06 92.11 92.09 91.92 91.96

Table 6: The accuracy with different iteration number
with our LSTM/BERT-VAT model.

Also, we draw change of the sentence represen-
tation with different iterations (Figure 6). Similarly,
we observe that fine-tuning and compressing iter-
atively can improve the sentence representations.
The samples with the same class are close, and the
samples with different classes have a large distance.

5.5 Case Studies

To understand why our proposed VAT model is
more effective than the standard attention-based
model, we visualize two examples of LSTM-based
models using attention heatmaps (Figure 7). First,

the standard attention-based LSTM model focuses
on the wrong words (e.g., “this”, “work”) even
though it predicts the right sentiment while our
VAT model finds the correct words (e.g., “admired”,
“lot”). It indicates integrating IB into attention can
help it focus on the key words and reduce the noisy
information. Second, our proposed model can also
improve the attention’s performance by capturing
the critical words accurately. For example, in the
sentence “That sucks if you have to take the sats
tomorrow.”, our model predicts the right class label
by attending the words “sucks” and “have to.”

6 Conclusions and Future Work

This paper proposes a VAT-based framework to
improve the performance and interpretability of at-
tentions via both fine-tuning and compressing. The
experimental results on eight benchmark datasets
for text classification verify the effectiveness of
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our models within this framework. In addition,
we apply the framework for sentiment detection,
which further demonstrates the superiority in terms
of interpretability. It is also interesting to find that
training the models by fine-tuning and compressing
iteratively is effective to improve the text represen-
tations. In the future, we will investigate the effec-
tiveness of our proposed attention framework for
other tasks and areas, such as machine translation
and visual question answering.
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Abstract

Current models for event causality identifica-
tion (ECI) mainly adopt a supervised frame-
work, which heavily rely on labeled data for
training. Unfortunately, the scale of current
annotated datasets is relatively limited, which
cannot provide sufficient support for models
to capture useful indicators from causal state-
ments, especially for handing those new, un-
seen cases. To alleviate this problem, we
propose a novel approach, shortly named
CauSeRL, which leverages external causal
statements for event causality identification.
First of all, we design a self-supervised frame-
work to learn context-specific causal patterns
from external causal statements. Then, we
adopt a contrastive transfer strategy to incor-
porate the learned context-specific causal pat-
terns into the target ECI model. Experimen-
tal results show that our method significantly
outperforms previous methods on EventSto-
ryLine and Causal-TimeBank (+2.0 and +3.4
points on F1 value respectively).

1 Introduction

Event causality identification (ECI) aims to identify
causal relations between events in texts, which can
provide crucial clues for deep textual understanding
(Girju, 2003; Oh et al., 2013, 2017). For example in
Figure 1, an ECI system should identify two causal
relations in S1 with mentioned events: noticedE1
cause−→ alertedE3 and alertedE3

cause−→ ranE2.
To date, most existing methods regard this task

as a classification problem and usually train ECI
models on annotated data (Hashimoto et al., 2014;
Riaz and Girju, 2014b; Mirza and Tonelli, 2016;
Hu and Walker, 2017b; Gao et al., 2019). However,
the scale of current annotated datasets are relatively
limited, where the so far largest dataset EventSto-
ryLine (Caselli and Vossen, 2017) only contains
258 documents, 4316 sentences, and 1770 causal

The captain noticedE1 the pirates five minutes ago,
he ranE2 to the deck and alertedE3 the crew of the emergency.

Billy finds his childhood teddy bear.
>Causes/Enables> 
Billy gives his childhood teddy bear to his daughter.

[Entity]  find/notice/feel/...  [Entity]
>Causes/Enables> 
[Entity]  call/give/alert/...   [Entity] 

Context-specific Causal Pattern

noticedE1 alertedE3

Unseen Case

noticedE1 alertedE3

Prediction

Figure 1: S1 is a labeled data that contains unseen
causal events and their statement when training; S2 is
an external causal statement; The bottom illustrates the
context-specific causal pattern in S2 could help identify
the causality of unseen events in S1.

event pairs. As a result, on the limited annotated
examples, existing ECI models could not easily
capture useful indicators from causal statements,
especially for handing those new, unseen cases.

To address this problem, Liu et al. (2020) em-
ployed external event-related knowledge bases
(KBs) to enhance the causality inference, where
those KBs store inherent causal relations between
some given events. For those unseen events and
unlabeled causalities in KBs, Liu et al. (2020) pro-
posed a mention-mask based reasoner to enhance
the causal statement representation. However, such
mention-mask based reasoner is still trained on the
human-annotated examples solely. It will still suf-
fer from data limitations and have no capacity to
handling unseen contexts. Moreover, Zuo et al.
(2020) improved the performance of ECI with the
distantly supervised labeled training data. How-
ever, their models are still limited to the unsatisfied
qualities of the automatically generated data.

To address the insufficient annotated example
problem, we employ a large number of external
causal statements (Sap et al., 2018; Mostafazadeh
et al., 2020) that can support adequate evidence of
context-specific causal patterns (Liu et al., 2020)
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for understanding event causalities. For example
in Figure 1, the context-specific causal pattern sup-
port by an external causal statement S2 is help-
ful for identifying the causality of event noticedE1

and event alertedE3 in S1, which is unseen when
only training with labeled data. However, different
from annotated examples for the ECI task, there
are no event annotations in the external causal state-
ments. As a result, it is difficult for the models to
learn context-specific causal patterns from them
to identify event causalities. To resolve this issue,
inspired by Grill et al. (2020), we design a self-
supervised representation learning framework to
learn enhanced causal representations from exter-
nal causal statements. Specifically, we iteratively
sample two external causal statements, then take
each of them as a target to learn the commonali-
ties among them. Intuitively, we believe that the
learned commonalities between different causal
statements through self-supervision reflect such
context-specific causal patterns which are helpful
for identifying event causalities in the unseen cases.

Moreover, to incorporate the learned context-
specific causal patterns from external causal state-
ments into the target ECI model, we employ a con-
trastive transfer strategy. In specific, we regard
the self-supervised representation learning module
as a teacher model that masters abundant exter-
nal causal statements, and the target ECI model
as a student model. Methodologically, we make
the representation of the causal events encoded by
the student model should be close to the causal
representation grasped by the teacher model, and
keep the representation of the non-causal events
away from it. In this way, the mutual information
between the teacher and student models could be
maximized (Tian et al., 2020). Then the learned
context-specific causal patterns could be naturally
transferred into the ECI model and the generaliza-
tion could be improved.

In experiments, we evaluate our model on two
benchmarks. The experimental results show that
our model achieves SOTA performance. Then, con-
crete proofs show that the effectiveness of our self-
supervised contrast-based framework for context-
specific causal patterns learning and transfer.

In summary, the contributions are as follows:

• We propose a novel approach, shortly named
CauSeRL, which could leverage external
causal statements to identify the causalities
between events.

• First of all, we design a self-supervised frame-
work to learn context-specific causal patterns
from external causal statements. Then, we
adopt a contrastive transfer strategy to incor-
porate the learned context-specific causal pat-
terns into target ECI model for identification.

• Experimental results on two benchmarks show
that our model achieves the best performance.

2 Related Work

Event Causality Identification Up to now, iden-
tifying the causality implied in the text has at-
tracted more and more attention (Hu and Walker,
2017a; Riaz and Girju, 2014b; Hashimoto et al.,
2014; Riaz and Girju, 2014a, 2010; Do et al., 2011;
Hidey and McKeown, 2016; Beamer and Girju,
2009; Hu et al., 2017; Hu and Walker, 2017b). Re-
cently, some benchmarks on the event causality
have been released. Mirza et al. (2014), Mirza and
Tonelli (2016) extracted causal relation of events
with a rule-based multi-sieve approach incorporat-
ing with event temporal relation. Mirza and Tonelli
(2014) annotated the Causal-TimeBank of event
causal relations. Caselli and Vossen (2017) anno-
tated the EventStoryLine Corpus for event causal-
ity identification in 320 short stories based on the
temporal and causal relations annotated dataset
(Mostafazadeh et al., 2016). Dunietz et al. (2017)
presented BECauSE 2.0, a new version of the BE-
CauSE (Dunietz et al., 2015) of causal relation and
other seven relations.

Based on the above benchmarks, Gao et al.
(2019) modeled document-level structures to iden-
tify the causalities of events. Liu et al. (2020) iden-
tified event causalities with the mention masking
generalization and external KBs. Zuo et al. (2020)
improved the performance of ECI with the distantly
automatically labeled training data. However, these
methods only rely on a small scale of labeled data.
In this paper, we introduce external causal state-
ments to help identify event causalities.

Self-Supervised Representation Learning
Self-supervised representation learning cares about
producing good features generally helpful for many
tasks (Weng, 2019). Wu et al. (2018) proposed
MemoryBank, which stores representations of
all the data and samples a random set of keys
as negative examples. He et al. (2020) provided
a framework, MoCo, of unsupervised learning
visual representation as a dynamic dictionary
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Figure 2: The learning and transfer processes of the proposed CauSeRL for ECI. ”//” means stop-gradient.

look-up. Chen et al. (2020) proposed the SimCLR
which learns representations for visual inputs
by maximizing agreement between differently
augmented views of the same sample via a
contrastive loss. Grill et al. (2020) claimed a novel
representation learning framework relies on two
neural networks, BYOL, without using negative
samples. CURL (Srinivas et al., 2020) applies the
above ideas in reinforcement learning. Inspired by
them, we design a self-supervised framework to
learn context-specific causal patterns from external
causal statements and adopt a contrastive transfer
strategy to incorporate them into target ECI model.

3 Methodology

As shown in Figure 2, the whole pipeline process
of CauSeRL is divided into two major stages.

• Self-supervised causal representation
learning (SelfRL, Sec. 3.1). In this stage,
we design a self-supervised representation
learning module to learn enhanced causal
representations by iteratively sampling two
external causal statements, taking each of
them as a target to learn their commonalities
which reflect context-specific causal patterns.

• Contrastive representation transfer
(ConRT, Sec. 3.2). In this stage, we employ
a contrastive transfer module to transfer the
learned context-specific causal patterns into
the ECI target model, the event causality
identifier, via incorporating the enhanced
causal representations from SelfRL.

3.1 Self-Supervised Causal Representation
Learning (SelfRL)

SelfRL aims to train a module that masters context-
specific causal patterns from external causal state-
ments by learning their enhanced causal represen-
tation with a self-supervised framework.

Self-Supervised Representation Learning Mod-
ule We design a self-supervised module to cap-
ture the context-specific causal patterns from exter-
nal causal statements via learning their enhanced
causal representation. However, there are no ECI-
specific event annotations in the external causal
statements, which makes them unable to be directly
used as training data to train the ECI model. To han-
dle this problem, inspired by Grill et al. (2020), we
iteratively sample two external causal statements,
take each of them as a target to learn their common-
alities, that is, the causal representations, which
reflect context-specific causal patterns.

In specific, as shown in Figure 2, we configure
two networks for SelfRL, an online network, and
a target network. The target network provides re-
gression targets to train the online network which
makes it learn the commonalities among two input
causal statements, that is, the causal representations
reflecting different context-specific causal patterns.
Structurally, the online network is defined as a set
of weights θ which is comprised of three submod-
ules: an encoder Encθ, a projector Projθ and a
predictor Predθ. And the target network has the
same architecture as the online network, but no
predictor and uses a different set of weights δ.

In specific, we iteratively sample two external
causal statements, initially encode them by BERT
(Devlin et al., 2019), and input them into two net-
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works respectively. After encoding and projection,
the online network and target network respectively
output a projection zθ and z′δ. Then the online
network outputs a prediction yθ, and takes the fol-
lowing mean square error between `2-normalized
ȳθ and z̄′δ as the training objective to learn the
commonalities of two causal statements, that are
regarded as the context-specific causal patterns.

Lθ,δ ,
∥∥ȳθ − z̄′δ

∥∥2
2
=2− 2 · 〈yθ, z′δ〉

‖yθ‖2 ·
∥∥z′δ
∥∥
2

,

(1)

ȳθ , yθ/ ‖yθ‖2, z̄′δ , z′δ/
∥∥z′δ
∥∥
2
. (2)

To reduce the bias, we symmetrize the Lθ,δ by
swapping the input causal statements of the online
and target networks to compute L̃θ,δ.

Learning of SelfRL For the learning of SelfRL,
at each step, as shown in Algorithm 1, we minimize
the Lteaθ,δ to stochastic gradient update the online
network respect to the parameters θ only. For the
target network, the parameters δ are an exponential
moving average of the parameters θ of the online
network (Lillicrap et al., 2016):

Lteaθ,δ = Lθ,δ + L̃θ,δ, (3)

θ ← ηtea∇θLteaθ,δ , (4)

δ ← τδ + (1− τ)θ, (5)

where, ηtea is the learning rate of the online net-
work, and τ ∈ [0, 1] is the decay rate that deter-
mines the degree of the movement of θ to δ. As
shown in Figure 2, when learning, BERT is only
used to provide an initial representation for the in-
put statements, and its parameters are not updated.

According to the theoretical analysis by Grill
et al. (2020), the addition of a predictor on the
online network and the usage of a slow-moving av-
erage of the online parameters as the target network
encourage SelfRL to encode a more informative
causal representation of commonalities within the
online projection and avoids collapsed solutions1.

3.2 Contrastive Representation Transfer
(ConRT)

ConRT aims to incorporate the context-specific
causal patterns learned in SelfRL from external

1In this paper, collapse solution means that the model
encodes all input statements as the same representation. The
slow-moved target network keeps the predictor of the online
network always near-optimal, thus avoiding the collapse.

Algorithm 1 Two stages training of CauSeRL.
Require: External causal statements C for teacher model

and event pairs with statements P for student model.
Training:
1: Stage: CAUSAL REPRESENTATION LEARNING
2: for each batch Cbat ∈ C do . Learning of SelfRL
3: for any two causal statements ∈ Cbat do
4: One for online another for target;
5: Get yθ from Predθ in online network;
6: Get z′δ from Projδ in target network;
7: Swap two statements into two networks;
8: Get symmetrical yθ and z′δ;
9: Compute Lθ,δ and L̃θ,δ;

10: end for
11: Compute batch Lteaθ,δ in equation (3);
12: Stochastic gradient update θ in equation (4);
13: Slow-moving update δ in equation (5);
14: end for
15: end Stage:
16:
17: Stage: CONTRASTIVE REPRESENTATION TRANSFER
18: for each batch Pbat ∈ P do . Learning of identifier
19: for any event pair with statement ∈ Pbat do
20: Get revent and revent state fromBertEncλ;
21: Predict the causality of two events in one pair;
22: end for
23: Compute batch Lstuλ in equation (6);
24: Sample Cbat ∈ C;
25: Get rexternal of c ∈ Cbat from learned Encθ;
26: Get r+

event state, r
−
event state from revent state;

27: Get mapped rp
+

e s , rp
−
e s and rext;

28: Compute Lλ = Lstuλ + Lconλ in equation (8);
29: Stochastic gradient update λ in equation (9);
30: end for
31: end Stage:

causal statements into the identifier. As aforemen-
tioned, the goal of SelfRL is learning the common-
alities among different external causal statements,
which does not make the representation learning
module have the ability to distinguish the causal
and non-causal statements directly. Therefore, we
employ a contrastive transfer module to teach the
learned context-specific causal patterns to the event
causality identifier for training.

Event Causality Identifier Event causality iden-
tification is formulated as a sentence level binary
classification problem. Specifically, we design a
classifier based on BERT (Devlin et al., 2019) to
build our identifier. The input is an event pair and
its statement. As shown in Figure 2, we take rep-
resentation of events revent and their contextual
statement revent state encoded by BertEncλ as
the input of top MLP predictor. Finally, the output
is a binary vector to indicate the causal relation
of the input two events expressed by their state-
ment. The parameters of the identifier are defined
as λ and the optimization function is the following
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Resource Original Causal Statement Form Converted Causal Statement Form

GLU-SPE Billy finds his childhood teddy bear> Cause/Enable >
Billy gives his childhood teddy bear to his daughter

Billy finds his childhood teddy bear, billy
gives his childhood teddy bear to his daughter.

GLU-GEN Someone A finds Something A > Cause/Enable >
Someone A gives Something A to Someone B

Someone A finds Something A, Someone A
gives Something A to Someone B.

ATOMIC PersonX follows PersonY into room > oWant > to
know why PersonX is following them

PersonX follows PersonY into room, to know
why PersonX is following them.

DISTANT Fisk was shot to death by his mistress’s new lover and
Fisk’s ex-business partner.

Fisk was shot to death by his mistress’s new
lover and Fisk’s ex-business partner.

Table 1: The original and converted form (the input form of SelfRL) of different causal statements from three
resources. GLU-SPE and GLU-GEN denote the specific and general statements from GLUCOSE respectively.

classification cross-entropy function:

Lstuλ = CROSSE(MLP([revent; revent state])). (6)

Contrastive Transfer Module As aforemen-
tioned, inspired by Tian et al. (2020), we employ a
contrastive transfer strategy to transfer the ”knowl-
edge” mastered by the teacher (self-supervised rep-
resentation learning module), that is the context-
specific causal patterns, to the student (event causal-
ity identifier), which helps the latter to identify the
event causalities. The key idea of contrastive trans-
fer is intuitional: maximize the mutual information
between the teacher and the student (Tian et al.,
2020). Methodologically, we make the represen-
tation of the statements of causal events encoded
by the student model should be close to the causal
representation grasped by the teacher model. By
contrast, we keep the representation of the state-
ments of non-causal events away from it.

As shown in Figure 2, at each training step of
identifier, we sample a batch of external causal
statements into the learned Encθ of the online
network to obtain their causal representation rext
for teaching. At the same time, we also sample a
batch of event pairs with their statements into the
BertEncλ of identifier to obtain the statement rep-
resentation revent state of each event pair. Among
one batch, revent state consists of the r+event state of
causal event pairs and the r−event state of non-causal
event pairs. After mapping rexternal, r+event state
and r−event state into a same space, we obtain rext,
rp

+

e s and rp
−
e s respectively. After that, we make rp

+

e s

be close to rext in the contrastive loss function:

Lconλ =
1

|P+|
∑

p+∈P+

log
e(D(rp

+

e s ,rext)/T )

∑
p∈P e

(D(r
p
e s,rext)/T )

, (7)

where, P+ and P are the causal event pairs and
all event pairs in one batch respectively, T is a
temperature that adjusts the concentration level,

and D is the `2-distance function to measure the
distance of two representation.

Learning of Event Causality Identifier For the
training of event causality identifier, we add con-
trastive loss to the basic classification loss, which
could guide the identifier to learn context-specific
causal patterns implied in the enhanced causal rep-
resentation from SelfRL. As shown in Algorithm 1,
we minimize the Lλ and stochastic gradient update
the λ as following:

Lλ = Lstuλ + Lconλ , (8)

λ← ηstu∇λLλ, (9)

where, ηstu is the learning rate of the identifier. For
evaluation, we predict the causality of input event
pair without the contrastive transfer module. Ad-
ditionally, the T in Lconλ indirectly plays a role in
adjusting the influence weight of Lstuλ and Lconλ . In
specific, for teaching, we take the learned Encθ
of the online network as the encoder, freeze its
parameters, to provide the enhanced causal rep-
resentation of the external causal statements for
contrastive representation transfer.

4 Experiments

4.1 Experimental Setup
Dataset and Evaluation Metrics for ECI Our
experiments are conducted on two main bench-
marks, including: EventStoryLine v0.9 (ESC)
(Caselli and Vossen, 2017) described above; and
(2) Causal-TimeBank (CTB) (Mirza and Tonelli,
2014) which contains 184 documents, 6813 events,
and 318 causal event pairs. Same as previous meth-
ods, we use the last two topics of ESC as the de-
velopment set for two datasets. For evaluation, we
adopt Precision (P), Recall (R), and F1-score (F1)
as evaluation metrics. We conduct 5-fold and 10-
fold cross-validation on ESC and CTB respectively,
same as previous methods. All the results are the
average of three independent experiments.
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Data Preparation for Self-Supervised Causal
Representation Learning We take four types of
external causal statements from three resources.
Table 1 illustrates the original form and the con-
verted input form of SelfRL (Sec. 3.1) of the causal
statements from three different resources.

• GLUCOSE (Mostafazadeh et al., 2020): a
large-scale dataset of implicit commonsense
knowledge, encoded as causal explanatory
mini-theories inspired by cognitive psychol-
ogy. Each GLUCOSE explanation is stated
both as a specific statement (grounded in a
given context, GLU-SPE in Table 1) and
a corresponding general rule (applicable to
other contexts, GLU-GEN in Table 1).

• ATOMIC (Sap et al., 2018): an atlas of ma-
chine commonsense, as a step toward address-
ing the rich spectrum of inferential knowledge
that is crucial for commonsense reasoning.

• DISTANT (Zuo et al., 2020): the automati-
cally labeled training data for ECI via distant
supervision that expresses the causal seman-
tics between events.

Parameters Settings In implementations, all the
BERT modules are implemented on BERT-Base
architecture2, which has 12-layers, 768-hiddens,
and 12-heads. We employ the one-layer BiLSTM
(Hochreiter and Schmidhuber, 1997) as Encθ and
Encδ. For parameters, we set the learning rate of
SelfRL (ηtea) and identifier (ηstu) as 1e-5 and 2e-5
respectively. The size of the space in the contrastive
transfer module and the hidden layer of BiLSTM
are both set as 50. And we respectively set the
decay rate τ of moving average in SelfRL and the
temperature of the contrastive loss Lconλ are 0.996
and 0.1 tuned on the development set. Moreover,
we also tune the batch size of SelfRL and identifier
as 48 and 16 respectively on the development set.
And we apply the early stop and AdamW gradient
strategy to optimize all models. We also adopt
a negative sampling rate of 0.6 for the training
of identifier, owing to the sparseness of positive
examples in the ECI datasets.

Compared Methods Same as previous methods.
For ESC, we prefer 1) S-Path (Cheng and Miyao,
2017), a dependency path based sequential method

2https://github.com/google-research/
bert

Methods P R F1
EventStoryLine

S-Path (Cheng and Miyao, 2017) 34.0 41.5 37.4
S-Fea (Choubey and Huang, 2017) 32.7 44.9 37.8
LR+ (Gao et al., 2019) 37.0 45.2 40.7
ILP (Gao et al., 2019) 37.4 55.8 44.7
BERT 36.0 56.8 44.1
KnowDis (Zuo et al., 2020) 39.7 66.5 49.7
MasG (Liu et al., 2020) 41.9 62.5 50.1
KnowDis+CauSeRL (Ours) 40.1 68.9 50.7*
MasG+CauSeRL (Ours) 40.8 68.0 51.0*
CauSeRLDISTANT (Ours) 39.9 67.3 50.1*
CauSeRLATOMIC (Ours) 41.0 68.1 51.2*
CauSeRLGLU -GEN (Ours) 41.4 67.8 51.4*
CauSeRLGLU -SPE (Ours) 41.9 69.0 52.1*

Causal-TimeBank
Rule-B (Mirza and Tonelli, 2014) 36.8 12.3 18.4
Data-D (Mirza and Tonelli, 2014) 67.3 22.6 33.9
VerR-C (Mirza, 2014) 69.0 31.5 43.2
BERT 39.5 44.5 41.9
MasG (Liu et al., 2020) 36.6 55.6 44.1
KnowDis (Zuo et al., 2020) 42.3 60.5 49.8
MasG+CauSeRL (Ours) 42.6 62.5 50.7*
KnowDis+CauSeRL (Ours) 42.5 66.0 51.7*
CauSeRLDISTANT (Ours) 41.6 63.9 50.4*
CauSeRLATOMIC (Ours) 42.8 67.0 52.2*
CauSeRLGLU -GEN (Ours) 43.0 66.8 52.3*
CauSeRLGLU -SPE (Ours) 43.6 68.1 53.2*

Table 2: Results of event causality identification on two
benchmarks. Bold denotes best results; * denotes a sig-
nificant test at the level of 0.05;

that models the context between events to identify
causality; 2) S-Fea (Choubey and Huang, 2017),
a sequence model explores complex human de-
signed features for ECI; 3) LR+ and ILP (Gao
et al., 2019), document-level models adopt docu-
ment structures for ECI.

For CTB, we prefer 1) Rule-B, a rule-based sys-
tem; 2) Data-D, a data driven machine learning
based system; 3) VerR-C, a verb rule based model
with data filtering and causal signals enhancement.
These models are designed by Mirza and Tonelli
(2014; 2014) for ECI. For both two datasets, 1)
we build a baseline BERT (our basic proposed
event causality identifier); 2) We prefer MasG (Liu
et al., 2020), a BERT-Large based SOTA model
with mention masking generalization; 3) KnowDis
(Zuo et al., 2020) improved the performance of ECI
with the distantly labeled training data.

To make a fair comparison, we employ CauSeRL
to retrain MasG and KnowDis to illustrate the ef-
fectiveness of our proposed approach for ECI on
other methods. In specific, 1) MasG+CauSeRL:
we retrain MasG with Lconλ based on the CLU-SPE.
To be consistent with other BERT-based compared
models, we re-construct MasG based on BERT-
Base rather than the original BERT-Large of MasG;
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Methods P R F ∇
CauSeRLGLU -SPE 41.9 69.0 52.1* -
Encθ−init + ConRT 39.1 63.6 48.4* -3.7
BertEncλ−init + ConRT 38.9 63.1 48.1* -4.0
BERT 36.0 56.8 44.1 -
BERT+SelfRLfinetune 38.5 60.9 47.2* +3.1

Table 3: Ablation results of the self-supervised causal
representation learning (SelfRL, Sec. 3.1) of ECI on
EventStoryLine. * denotes a significant test at the
level of 0.05; ∇ means the points lower than CauSeRL
or higher than BERT in the upper and lower parts
respectively; Encθ−init + ConRT denotes a varietal
CauSeRL that removes SelfRL, directly employs an
initial Encθ of the online network to encode exter-
nal causal statements into ConRT and trains it mean-
while; BertEncλ−init + ConRT denotes a varietal
CauSeRL that removes SelfRL, directly employs a
same initial BertEncλ of identifier to encode external
causal statements into ConRT and trains it meanwhile;
BERT+SelfRLfinetune denotes a varietal CauSeRL
that removes ConRT (Sec. 3.2), and takes the learned
Encθ of the online network as the initial encoder of
identifier on the BERT baseline model.

2) KnowDis+CauSeRL: we regard the automati-
cally distantly labeled causal sentences generated
by KnowDis as causal statements to learn in Sel-
fRL, and transfer to KnowDis.

CauSeRLExternal-Statement: To further illus-
trate the ability of CauSeRL to learn the context-
specific causal patterns for the ECI task, we make
CauSeRL learn from four types of external causal
statements shown in Table 1 for identifying the
causalities between events. External-Statement
denotes what kind of external causal statements.

4.2 Our Method vs. State-of-the-art Methods

Table 2 shows the results of ECI on EventStoryLine
and Causal-TimeBank. From the results:

1) Our CauSeRL outperforms all baseline meth-
ods and achieves the best performance on F1
value, 52.1% on ESC and 53.2% on CTB respec-
tively. Specifically, CauSeRL outperforms the
no-bert (ILP/VerR-C) and bert (MasG/KnowDis)
baseline methods by a margin of 7.4%/10.0% and
2.0%/3.4% on two benchmarks respectively. It il-
lustrates the context-specific causal patterns from
external causal statements are effective for ECI.

2) Comparing MasG+CauSeRL with MasG, we
note that even with BERT-Base, the performance
of MasG+CauSeRL is significantly higher than
that of MasG based on BERT-Large. This shows
that the context-specific causal patterns learned by
CauSeRL from external causal statements can ef-

Methods P R F ∇
CauSeRLGLU -SPE 41.9 69.0 52.1* -
Encθ−freeze + SelfRL 37.8 59.9 46.4* -5.7
Encθ−finetune + SelfRL 38.5 60.9 47.2* -4.9
BERT 36.0 56.8 44.1 -
BERT + ConRTEncθ 39.1 63.6 48.4* +4.3

Table 4: Ablation results of the contrastive representa-
tion transfer (ConRT, Sec. 3.2) of ECI on EventSto-
ryLine. * denotes a significant test at the level of
0.05; ∇ means the points lower than CauSeRL or
higher than BERT in the upper and lower parts re-
spectively; Encθ−freeze + SelfRL denotes a varietal
CauSeRL that removes ConRT, and takes the frozen
learned Encθ of the online network as the encoder of
identifier; Encθ−finetune denotes a varietal CauSeRL
that removes ConRT, and takes the learned Encθ of
the online network as the initial encoder of identifier;
BERT + ConRTEncθ denotes a varietal CauSeRL that
removes SelfRL (Sec. 3.1), directly employs an initial
Encθ of the online network to encode external causal
statements into ConRT and trains it meanwhile.

fectively alleviate the limitation of mask generaliza-
tion only relying on limited labeled causal context.

3) Comparing KnowDis+CauSeRL with Know-
Dis, we find that CauSeRL could more efficiently
make use of the automatically labeled causal state-
ments, which learns their context-specific causal
patterns to further enhance the ability of models to
identify the causalities between events.

4) Comparing different external causal state-
ments. a) GLU-SPE brings the most significant im-
provement because the specific causal statements
from GLU-SPE have complete text structures that
are more similar to ECI labeled data and make mod-
els easier to learn. There, all the ablation experi-
ments are conducted on GLU-SPE. b) The effects
of GLU-GEN and ATOMIC are similar because
these two types of statements are abstract causal
structures. Although they are similar to the context-
specific causal patterns, it is relatively difficult to
understand directly. c) The improvement brought
by DISTANT is relatively small because of the
effects of the noise from distantly labeled data.

5) Comparing CauSeRL with MasG+CauSeRL,
we notice that after removing the ConceptNet
knowledge enhancement employed by MasG, the
external causal statements could be better learned
and transferred. This is because MasG directly flat-
tens the event concept knowledge into the statement
sequence, which disrupts the statement structure
and affects the understanding of the statement.

6) It is worth noting that the improvement on
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Figure 3: Results of event causality identification on
EventStoryLine that directly using external causal state-
ments as the training data of ECI task.

the CTB is higher than that of the ESC, because
the amount of labeled data of the former is rela-
tively small, and more need for the help of exter-
nal causal statements. Moreover, compared with
the traditional methods based on features or rules,
all BERT-based methods demonstrate high recall
value, which is benefited from more training data,
knowledge and causal statements.

4.3 Effect of Self-Supervised Causal
Representation Learning

We analyze the effect of the self-supervised causal
representation learning (SelfRL, Sec. 3.1). As
shown in Table 3, from the results, 1) after remov-
ing SelfRL, the performance of ECI significantly
decreases. This illustrates that the context-specific
causal patterns learned by SelfRL are important
for the ECI model to understand the causality. 2)
Comparing BERT+SelfRLfinetune with BERT, the
Encθ that has learned from external causal state-
ments could improve the performance of ECI to a
certain extent. This illustrates that SelfRL could
effectively capture the context-specific causal pat-
terns in the statements for identification. 3) Com-
paring Encθ−init + ConRT and BertEncλ−init +
ConRT, after representation learning, the fine-tuned
Encθ could further improve the performance of
ECI. This indirectly shows that the context-specific
causal patterns learned in the SelfRL is generalized.

4.4 Effect of Contrastive Representation
Transfer

We analyze the effect of the contrastive representa-
tion transfer (ConRT, Sec. 3.2). As shown in Table
4, from the results, 1) after removing ConRT, the
performance of ECI also significantly decreases.
This illustrates that the learned causal represen-
tations from external statements are not suitable
for direct application to ECI, and needs to be ef-

The captain noticedE1 the pirates five minutes ago, 

he ranE2 to the deck and alertedE3 the crew of the emergency.

 

noticed        alerted

 

alerted         ran

Enhanced by 

GLU-SPE in Table 1.

Enhanced by 

ATOMIC in Table 1.

Probability of 

Probability of 

Origianl Probability

Enhanced Probability

causal relation

non-causal relation

Figure 4: Case study of the probability changes with
external causal statements enhancement.

fectively transferred that the ConRT focuses on.
2) Comparing BERT + ConRTEncθ with BERT,
even if causal representation learning is not car-
ried out in advance, adopting contrast strategy to
directly transfer the context-specific causal patterns
could also help the inference of event causality to
a certain extent. 3) Comparing Encθ−freeze + Sel-
fRL with Encθ−finetune + SelfRL, we find that
the causal representations encoded by pre-trained
BERT and BiLSTM have similar effects. Afore-
mentioned, to avoid collapse solutions (Sec. 3.1),
we choose the BiLSTM as an encoder in SelfRL
that could be initialized completely independently.

4.5 Effect of the Utilization of External
Causal Statement

As shown in Figure 3, we regard external causal
statements as positive training data for ECI and
directly use them to train the BERT baseline model.
In specific, we treat two words that play a predicate
role in the syntactic structure of each statement as
events. From the results, CauSeRL could more
effectively make use of causal statements to help
understand the causalities of events. In contrast,
directly serving as training data is not effective.

4.6 Case Study

As shown in Figure 4, with limited labeled data, the
model could not understand the causal relation be-
tween event noticed and event alerted. Fortunately,
with the support of the context-specific causal pat-
tern from GLU-SPE in Table 1, the prediction is
modified correctly. Moreover, the original model
that only trained with limited labeled data is am-
biguous about the causal relation between event
alerted and event ran. Influenced by the similar
causal statements with the example in Table 1 from
ATOMIC, the prediction confidence is improved.
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5 Conclusion

We propose a novel approach, CauSeRL, which
could leverage external causal statements to iden-
tify the causalities of events. First of all, we de-
sign a self-supervised framework to learn context-
specific causal patterns from external causal state-
ments. Then, we adopt a contrastive transfer strat-
egy to incorporate the learned context-specific
causal patterns into the target ECI model for identi-
fication. Experimental results on two benchmarks
show that our model achieves the best performance.
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Abstract

Recently, dense passage retrieval has become a
mainstream approach to finding relevant infor-
mation in various natural language processing
tasks. A number of studies have been devoted
to improving the widely adopted dual-encoder
architecture. However, most of the previous
studies only consider query-centric similarity
relation when learning the dual-encoder re-
triever. In order to capture more comprehen-
sive similarity relations, we propose a novel
approach that leverages both query-centric and
PAssage-centric sImilarity Relations (called
PAIR) for dense passage retrieval. To im-
plement our approach, we make three major
technical contributions by introducing formal
formulations of the two kinds of similarity
relations, generating high-quality pseudo la-
beled data via knowledge distillation, and de-
signing an effective two-stage training proce-
dure that incorporates passage-centric similar-
ity relation constraint. Extensive experiments
show that our approach significantly outper-
forms previous state-of-the-art models on both
MSMARCO and Natural Questions datasets1.

1 Introduction

With the recent advances of pre-trained language
models, dense passage retrieval techniques (repre-
senting queries and passages in low-dimensional
semantic space) have significantly outperformed
traditional term-based techniques (Guu et al.,
2020; Karpukhin et al., 2020). As the key step of
finding the relevant information, it has been shown
that dense passage retrieval can effectively im-
prove the performance in a variety of tasks, includ-

∗ Equal contribution.
† The work was done when Ruiyang Ren was doing in-

ternship at Baidu.
‡ Corresponding authors.

1Our code is available at https://github.com/
PaddlePaddle/Research/tree/master/NLP/
ACL2021-PAIR

q

p-

p+

(a)

q

p-

p+

(b)

Figure 1: An illustrative case of a query q, its positive
passage p+ and negative passage p−: (a) Query-centric
similarity relation enforces s(q, p+) > s(q, p−);
(b) Passage-centric similarity relation further enforces
s(p+, q) > s(p+, p−), where s(p+, q) = s(q, p+). We
use the distance (i.e., dissimilarity) for visualization:
the longer the distance is, the less similar it is.

ing question answering (Lee et al., 2019; Xiong
et al., 2020b), information retrieval (Luan et al.,
2021; Khattab and Zaharia, 2020), dialogue (Ji
et al., 2014; Henderson et al., 2017) and entity
linking (Gillick et al., 2019; Wu et al., 2020).

Typically, the dual-encoder architecture is used
to learn the dense representations of queries and
passages, and the dot-product similarity between
the representations of queries and passages be-
comes ranking measurement for retrieval. A num-
ber of studies have been devoted to improving this
architecture (Guu et al., 2020; Karpukhin et al.,
2020; Xiong et al., 2020a) for dense passage re-
trieval. Previous studies mainly consider learning
query-centric similarity relation, where it tries to
increase the similarity s(q, p+) between a query
and a positive (i.e., relevant) passage meanwhile
decrease the similarity s(q, p−) between the query
and a negative (i.e., irrelevant) passage. We argue
that query-centric similarity relation ignores the
relation between passages, and it brings difficulty
to discriminate between positive and negative pas-
sages. To illustrate this, we present an example in
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Figure 1, where a query q and two passages p+

and p− are given. As we can see in Figure 1(a),
although query-centric similarity relation can en-
force s(q, p+) > s(q, p−) and identify the positive
passages in this case, the distance (i.e., dissimi-
larity) between positive and negative passages is
small. When a new query is issued, it is difficult
to discriminate between positive passage p+ and
negative passage p−.

Considering this problem, we propose to fur-
ther learn passage-centric similarity relation for
enhancing the dual-encoder architecture. The ba-
sic idea is shown in Figure 1(b), where we set an
additional similarity relation constraint s(p+, q) >
s(p+, p−): the similarity between query q and pos-
itive passage p+ should be larger than that between
positive passage p+ and negative passage p−. In
this way, it is able to better learn the similarity re-
lations among query, positive passages and nega-
tive passages. Although the idea is appealing, it
is not easy to implement due to three major is-
sues. First, it is unclear how to formalize and learn
both query-centric and passage-centric similarity
relations. Second, it requires large-scale and high-
quality training data to incorporate passage-centric
similarity relation. However, it is expensive to
manually label data. Additionally, there might be a
large number of unlabeled positives even in the ex-
isting manually labeled datasets (Qu et al., 2020),
and it is likely to bring false negatives when sam-
pling hard negatives. Finally, learning passage-
centric similarity relation (an auxiliary task) is not
directly related to the query-centric similarity re-
lation (a target task). In terms of multi-task view-
point, multi-task models often perform worse than
their single-task counterparts (Alonso and Plank,
2017; McCann et al., 2018; Clark et al., 2019).
Hence, it needs a more elaborate design for the
training procedure.

To this end, in this paper, we propose a
novel approach that leverages both query-centric
and PAssage-centric sImilarity Relations (called
PAIR) for dense passage retrieval. In order to
address the aforementioned issues, we have made
three important technical contributions. First, we
design formal loss functions to characterize both
query-centric and passage-centric similarity rela-
tions. Second, we propose to generate pseudo-
labeled data via knowledge distillation. Third,
we devise a two-stage training procedure that
utilizes passage-centric similarity relation during

pre-training and then fine-tunes the dual-encoder
according to the task goal. The improvements in
the three aspects make it possible to effectively
leverage both kinds of similarity relations for im-
proving dense passage retrieval.

The contributions of this paper can be summa-
rized as follows:

• We propose an approach that simultaneously
learns query-centric and passage-centric sim-
ilarity relations for dense passage retrieval. It
is the first time that passage-centric similarity
relation has been considered for this task.

• We make three major technical contributions
by introducing formal formulations, generat-
ing high-quality pseudo-labeled data and de-
signing an effective training procedure.

• Extensive experiments show that our ap-
proach significantly outperforms previous
state-of-the-art models on both MSMARCO
and Natural Questions datasets.

2 Related Work

Recently, dense passage retrieval has demon-
strated better performance than traditional sparse
retrieval methods (e.g., TF-IDF and BM25). Dif-
ferent from sparse retrieval, dense passage re-
trieval represents queries and passages into low-
dimensional vectors (Guu et al., 2020; Karpukhin
et al., 2020), typically in a dual-encoder architec-
ture, and uses dot product as the similarity mea-
surement for retrieval. The existing approaches
for dense passage retrieval can be divided into two
categories: (1) unsupervised pre-training for re-
trieval (2) fine-tuning only on labeled data.

In the first category, different pre-training tasks
for retrieval were proposed. Lee et al. (2019)
proposed a specific approach to pre-training the
retriever with an unsupervised task, namely In-
verse Cloze Task (ICT), and then jointly fine-
tuned the retriever and a reader on labeled data.
REALM (Guu et al., 2020) proposed a new pre-
training approach, which jointly trained a masked
language model and a neural retriever. Differ-
ent from them, our proposed approach utilizes the
pseudo-labeled data via knowledge distillation in
the pre-training stage, and the quality of the gen-
erated data is high (see Section 4.6).

In the second category, the existing approaches
fine-tuned pre-trained language models on labeled
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data (Karpukhin et al., 2020; Luan et al., 2021).
Both DPR (Karpukhin et al., 2020) and ME-
BERT (Luan et al., 2021) used in-batch random
sampling and hard negative sampling by BM25,
while ANCE (Xiong et al., 2020a), NPRINC (Lu
et al., 2020) and RocketQA (Qu et al., 2020)
explored more sophisticated hard negative sam-
pling approach. Izacard and Grave (2020) and
Yang et al. (2020) leveraged a reader and a cross-
encoder for knowledge distillation on labeled data,
respectively. RocketQA found large batch size can
significantly improve the retrieval performance of
dual-encoders. ColBERT (Khattab and Zaharia,
2020) incorporated light-weight attention-based
re-ranking while increasing the space complexity.

The existing studies mainly focus on learning
the similarity relation between the queries and the
passages, while ignoring the relation among pas-
sages. It makes the model difficult to discrimi-
nate the positive passages and negative passages.
In this paper, we propose an approach simultane-
ously learn query-centric and passage-centric sim-
ilarity relations.

3 Methodology

In this section, we present an approach that
leverages both query-centric and PAssage-centric
sImilarity Relations (called PAIR) for dense pas-
sage retrieval.

3.1 Overview

The task of dense passage retrieval (Karpukhin
et al., 2020) is described as follows. Given a query
q, we aim to retrieve k most relevant passages
{pj}kj=1 from a large collection of M passages.

For this task, the dual-encoder architecture is
widely adopted (Karpukhin et al., 2020; Qu et al.,
2020), where two separate encoders EQ(·) and
EP (·) are used to represent the query q and the
passage p into d-dimensional vectors in different
representation spaces. Then a dot product is per-
formed to measure the similarity between q and p
based on their embeddings:

s(q, p) = EQ(q)
> · EP (p). (1)

Previous studies mainly capture the query-centric
similarity relation. As shown in Figure 1, passage-
centric similarity relation reflects important ev-
idence for improving the retrieval performance.
Therefore, we extend the original query-centric

learning framework by leveraging the passage-
centric similarity relation.

To develop our approach, we need to address
the issues described in Section 1, and we consider
three aspects to extend. First, we design a new
loss function that considers both query-centric and
passage-centric similarity relations. Second, we
utilize knowledge distillation to obtain large-scale
and high-quality pseudo-labeled data to capture
more comprehensive similarity relations. Third,
we design a two-stage training procedure to effec-
tively learn the passage-centric similarity relation
and improve the final retrieval performance.

3.2 Defining the Loss Functions

Our approach considers two kinds of losses,
namely query-centric loss and passage-centric
loss, as shown in Figure 2. The two kinds of
losses are characterized by the two different sim-
ilarity relations, query-centric similarity relation
and passage-centric similarity relation.

Query-centric Loss The query-centric similar-
ity relation regards the query q as the center and
pushes the negative passages p− farther than the
positive passages p+. That is:

s(Q)(q, p+) > s(Q)(q, p−) , (2)

where s(Q)(q, p+) and s(Q)(q, p−) represent the
similarities for the relevant and irrelevant passages
to query q, and they are defined the same as s(q, p)
in Eq. (1). Following (Karpukhin et al., 2020; Qu
et al., 2020), we learn the query-centric similarity
relation by optimizing query-centric loss that is the
negative log likelihood of the positive passage:

LQ = − 1

N

∑

〈q,p+〉
log

es
(Q)(q,p+)

es(Q)(q,p+) +
∑
p− e

s(Q)(q,p−)
.

(3)

As shown in Figure 1, for a given query, there
might exist some negative passages similar to
the positive passage, making it difficult to dis-
criminate between positive and negative passages.
Hence, we further incorporate passage-centric loss
to address this issue.

Passage-centric Loss The aim of learning
passage-centric similarity relation is to push nega-
tive passage p− farther from positive passage p+,
and making the similarity between positive pas-
sage p+ and query q larger than the similarity be-
tween positive passage p+ and negative passage
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sim(q, p-) sim(q, p+) sim(p+, p-)

Figure 2: An illustration of the combination of query-
centric loss and passage-centric loss.

p−. Formally, we introduce the following passage-
centric similarity relation:

s(P )(p+, q) > s(P )(p+, p−), (4)

where s(P )(p+, q) and s(P )(p+, p−) are defined as
EP (p

+)> ·EQ(q) andEP (p+)> ·EP (p−), respec-
tively. Similarly, we learn the passage-centric sim-
ilarity relation by optimizing the passage-centric
loss function that is the negative log likelihood of
the query:

LP = − 1

N

∑

〈q,p+〉
log

es
(P )(p+,q)

es(P )(p+,q) +
∑
p− e

s(P )(p+,p−)
.

(5)

By comparing Eq. (3) and Eq. (5), we can observe
that the difference in two kinds of loss lies in the
normalization part (underlined).

The Combined Loss We present an illustrative
sketch of the above two loss functions in Figure 2.
Next, we propose to simultaneously learn both
query-centric and passage-centric similarity rela-
tions in Eq.(2) and Eq.(4). Therefore, we com-
bine query-centric and passage-centric loss func-
tions defined in Eq. (3) and (5) to obtain the final
loss function:

L = (1− α) ∗ LQ + α ∗ LP , (6)

where α is a hyper-parameter and is tuned in ex-
periments. By considering passage-centric simi-
larity relation, our approach will be more capable
of discriminating between a positive passage and
a highly similar yet irrelevant passage

(
See Fig-

ure 1(b)
)
.

Dual-encoder with Shared Parameters Most
of the existing studies (Eq. (2)) equip the dual-
encoders with two separate encoders (EQ andEP )

for queries and passages, respectively. In this case,
different encoders may project queries and pas-
sages into two different spaces. However, to si-
multaneously model the query-centric similarity
relation and the passage-centric similarity relation,
the representations of queries and passages should
be in the same space. Otherwise, the similarity be-
tween passages and the similarity between queries
and passages are not comparable. Therefore, we
propose using the encoders that share the same pa-
rameters and structures for both queries and pas-
sages, i.e., EQ(·)=EP (·).

3.3 Generating the Pseudo-labeled Training
Data via Knowledge Distillation

By optimizing both query-centric loss and
passage-centric loss, we can capture more compre-
hensive similarity relations. However, more sim-
ilarity relation constraints require large-scale and
high-quality training data for optimization. Addi-
tionally, there might be a large number of unla-
beled positives even in the existing manually la-
beled datasets (Qu et al., 2020), and it is likely
to bring false negatives when sampling hard neg-
atives. Hence, we propose to generate pseudo-
labeled training data via knowledge distillation.

Cross-encoder Teacher Model The teacher
model is used to generate large-scale pseudo-
labeled data. Following RocketQA (Qu et al.,
2020), we adopt the cross-encoder architecture to
implement the teacher, which takes as input the
concatenation of query and passage and models
the semantic interaction between query and pas-
sage representations. Such an architecture has
been demonstrated to be more effective than the
dual-encoder architecture in characterizing query-
passage relevance (Yang et al., 2020). We follow
Qu et al. (2020) to train the cross-encoder teacher
with the labeled data.

Generating Pseudo Labels In this paper, we fol-
low Qu et al. (2020) to obtain positives and hard
negatives2 for unlabeled queries3. First, we re-
trieve the top-k candidate passages of unlabeled
queries from the corpus by an efficient retriever
DPR (Karpukhin et al., 2020), and score them
by the well-trained cross-encoder (i.e., teacher
model). We set two values spos and sneg (spos >
sneg) as the positive and hard negative thresholds,

2Xiong et al. (2020a) and Karpukhin et al. (2020) demon-
strate the importance of hard negatives.

3We obtain easy negatives from in-batch sampling.
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Dataset #q in train #q in dev #q in test #p

MSMARCO 502,939 6,980 6.837 8,841,823
Natural Questions 58,812 6,515 3,610 21,015,324

Table 1: The detailed statistics of MSMARCO and Natural Questions. Here, “q” and “p” are the abbreviations of
queries and passages, respectively.

respectively. Then, given each query, a candidate
passage with a score above spos or below sneg
will be considered as positive or negative. Note
that we also apply this on labeled corpus to ob-
tain more positives and reliable hard negatives.
Because there might be a large number of unla-
beled positives even in the existing manually la-
beled datasets (Qu et al., 2020) and it is likely to
bring false negatives in hard negative sampling.

3.4 Two-stage Training Procedure

Although passage-centric similarity relation(
Eq. (5)

)
is able to incorporate additional rele-

vance evidence, it is not directly related to the final
task goal (i.e., query-centric similarity relation).
Therefore, we design a two-stage training pro-
cedure that incorporates the passage-centric loss
in the pre-training stage, and then only optimize
the tasks-specific loss (i.e., query-centric loss) in
the fine-tuning stage. We present an illustration
for the two-stage training procedure in Figure 3.
Next, we present the detailed training procedure.

Pre-training In the pre-training stage, we train
the dual-encoder by optimizing the loss function
L in Eq. (6) (i.e., a combination of query-centric
loss and passage-centric loss). The pseudo-labeled
data from unlabeled corpus is adopted as the pre-
training data (Section 3.3).

Fine-tuning In the fine-tuning stage, we only
fine-tune the dual-encoder (pre-trained in the first
stage) according to the query-centric loss LQ
in Eq. (3). In this way, our approach focuses
on learning the task-specific loss, yielding bet-
ter retrieval performance. In this stage, we use
both ground-truth labels and pseudo labels derived
from the labeled corpus for training.

4 Experiments

In this section, we first describe the experimental
settings, then report the main experimental results,
ablation study and detailed analysis.

Unlabeled Corpus   

Labeled Corpus   

Dual-Encoder
w/QSR+PSR

Cross-Encoder
（i.e. Teacher)

Dual-Encoder
w/QSR

Ground Truth Labels    
+ Pseudo Labels    

Pre-training with learning both query-centric similarity relation (QSR)
and passage-centric similarity relation (PSR)

Fine-tuning with learning query-centric similarity relation (QSR)

Pseudo Labels    

Figure 3: Overview of the proposed two-stage method.

4.1 Experimental Settings

Datasets This paper focuses on the passage re-
trieval task. We conduct experiments on two pub-
lic datasets: MSMARCO (Nguyen et al., 2016)
and Natural Questions (Kwiatkowski et al., 2019).
The statistics of the datasets are listed in Ta-
ble 1. MSMARCO was originally designed for
multiple passage machine reading comprehension,
and its queries were sampled from Bing search
logs. Based on the queries and passages in MS-
MARCO Question Answering, a dataset for pas-
sage retrieval and ranking was created, namely
MSMARCO Passage Ranking. Natural Ques-
tions (NQ) was originally introduced as a dataset
for open-domain QA. The queries were collected
from Google search logs. DPR (Karpukhin et al.,
2020) selected the queries that had short answers,
and processed all the Wikipedia articles as the col-
lection of passages. In our experiments, we reuse
the version of NQ created by DPR.

Evaluation Metrics Following previous work,
we adopt Mean Reciprocal Rank (MRR) and Re-
call at top k ranks (Recall@k) to evaluate the per-
formance of passage retrieval. MRR calculates the
averaged reciprocal of the rank at which the first
positive passage is retrieved. Recall@k calculates
the proportion of questions to which the top k re-
trieved passages contain positives.

Unlabeled Corpus To obtain the augmenta-
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Methods PLM MSMARCO Dev Natural Questions Test
MRR@10 R@50 R@1000 R@5 R@20 R@100

BM25 (anserini) (Yang et al., 2017) - 18.7 59.2 85.7 - 59.1 73.7

doc2query (Nogueira et al., 2019b) - 21.5 64.4 89.1 - - -
DeepCT (Dai and Callan, 2019) - 24.3 69.0 91.0 - - -
docTTTTTquery (Nogueira et al., 2019a) - 27.7 75.6 94.7 - - -
GAR (Mao et al., 2020) - - - - - 74.4 85.3

DPR (single) (Karpukhin et al., 2020) BERTbase - - - - 78.4 85.4
DPR-E ERNIEbase 32.5 82.2 97.3 68.4 80.7 87.3
ANCE (single) (Xiong et al., 2020a) RoBERTabase 33.0 - 95.9 - 81.9 87.5
ME-BERT (Luan et al., 2021) BERTlarge 34.3 - - - - -
NPRINC (Lu et al., 2020) BERTbase 31.1 - 97.7 73.3 82.8 88.4
ColBERT (Khattab and Zaharia, 2020) BERTbase 36.0 82.9 96.8 - - -
RocketQA (Qu et al., 2020) ERNIEbase 37.0 85.5 97.9 74.0 82.7 88.5

PAIR (Ours) ERNIEbase 37.9 86.4 98.2 74.9 83.5 89.1

Table 2: Experimental results on MSMARCO and Natural Questions datasets. Note that we copy the results from
original papers and we leave it blank if the original paper does not report the result.

tion data, we collect about 1.8 million un-
labeled queries from Yahoo! Answers4, OR-
CAS (Craswell et al., 2020), SQuAD (Rajpurkar
et al.), TriviaQA (Joshi et al., 2017) and Hot-
potQA (Yang et al., 2018). In the pre-training
stage, we reuse the passage collections from the
labeled corpus (MSMARCO and NQ).

4.2 Implementation Details

We conduct experiments with the deep learning
framework PaddlePaddle (Ma et al., 2019) on up
to eight NVIDIA Tesla V100 GPUs (with 32G
RAM).

Pre-trained LMs The dual-encoder is initial-
ized with the parameters of ERNIE-2.0 base (Sun
et al., 2020). ERNIE-2.0 has the same networks
as BERT (Devlin et al., 2019), and it introduces a
continual pre-training framework on multiple pre-
trained tasks. The cross-encoder setting follows
the cross-encoder in RocketQA (Qu et al., 2020)

Hyper-parameters (a) batch size: Our dual-
encoder is trained with a batch size of 512 ×
1 in fine-tuning stage on NQ and 512 × 8 in
other settings. We use the in-batch negative set-
ting (Karpukhin et al., 2020) on NQ and cross-
batch negative setting (Qu et al., 2020) on MS-
MARCO. (b) training epochs: The number of
training epochs is set up to 10 for both pre-training
and fine-tuning for dual-encoder. (c) warm-up
and learning rate: The learning rate of the dual-
encoder is set to 3e-5 and the rate of linear
scheduling warm-up is set to 0.1. (d) # of posi-

4http://answers.yahoo.com/

tives and hard negatives: The ratio of the positive
to the hard negative is set to 1:4 on dual-encoder.

Optimizers We use LAMB optimizer (You
et al., 2020) to train the dual-encoder on MS-
MARCO, which is more suitable in cross-batch
negative setting. In other settings, we always use
ADAM optimizer (Kingma and Ba, 2015).

The choice of alpha α is a hyper-parameter to
balance the query-centric loss and passage-centric
loss (Eq. (6)). We searched for α from 0 to 1
by setting an equal interval to 0.1, and the model
achieves the best performance when α is set to 0.1.

4.3 Main Experimental Results

We consider both sparse and dense passage re-
trievers for baselines. The sparse retrievers in-
clude the traditional retriever BM25 (Yang et al.,
2017), and four traditional retrievers enhanced by
neural networks, including doc2query (Nogueira
et al., 2019b), DeepCT (Dai and Callan, 2019),
docTTTTTquery (Nogueira et al., 2019a) and
GAR (Mao et al., 2020). Both doc2query and
docTTTTTquery employ neural query generation
to expand documents. In contrast, GAR employs
neural generation models to expand queries. Dif-
ferent from them, DeepCT utilizes BERT to learn
the term weight. The dense passage retrievers
include DPR (Karpukhin et al., 2020), DPR-E,
ANCE (Xiong et al., 2020a), ME-BERT (Luan
et al., 2021), NPRINC (Lu et al., 2020), Col-
BERT (Khattab and Zaharia, 2020) and Rock-
etQA (Qu et al., 2020). DPR-E is our implemen-
tation of DPR using ERNIE (Sun et al., 2020)
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Methods R@5 R@20 R@100

Complete (PAIR) 74.9 83.5 89.1

w/o PSR 73.6 83.3 88.8
w/o KD 70.9 82.7 88.1

w/ PSR FT 74.6 83.4 89.0
w/o SP 74.0 83.4 88.9
w/o PT 73.0 82.8 88.5

Table 3: The ablation study and controlled experiments
of different variants of PAIR on Natural Questions.

instead of BERT, to examine the effects of pre-
trained LMs.

Table 2 presents the main experimental results.
(1) We can see that PAIR significantly outper-

forms all the baselines on both MSMARCO and
NQ datasets. The major difference between our
approach and baselines lies in that we incorporate
both query-centric and passage-centric similarity
relations, which can capture more comprehensive
semantic relations. Meanwhile, we incorporate the
augmented data via knowledge distillation.

(2) We notice that baseline methods use differ-
ent pre-trained LMs, as shown in the second col-
umn of Table 2. In PAIR, we use the ERNIE-base.
To examine the effects of ERNIE-base, we im-
plement DPR-E by replacing BERT-base used in
DPR as ERNIE-base. From Table 2, we can ob-
serve that PAIR significantly outperforms DPR-E,
although they employ the same pre-trained LM.

(3) Another observation is that the dense re-
trievers are overall better than the sparse retrievers.
Such a finding has also been reported in prior stud-
ies (Karpukhin et al., 2020; Xiong et al., 2020a;
Luan et al., 2021), which indicates the effective-
ness of the dense retrieval approach.

4.4 Ablation Study

In this section, we conduct ablation study to exam-
ine the effectiveness of each strategy in our pro-
posed approach. We only report the results on the
NQ, while the results on the MSMARCO are sim-
ilar and omitted here due to limited space.

Here, we consider five variants based on our ap-
proach for comparison:

(a) w/o PSR removes the loss for passage-
centric similarity relation in the pre-training stage;

(b) w/o KD removes the knowledge distillation
for obtaining pseudo-labeled data and only uses
the labeled data (MSMARCO and NQ) for both
pre-training stage and fine-tuning stage;
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Figure 4: The comparison of PAIR and PAIR¬PSR on
s(p+, p−) and s(p+, q) with standard deviation.

(c) w/ PSR FT adds the loss for passage-centric
similarity relation in the fine-tuning stage;

(d) w/o SP uses separate encoders for queries
and passages instead of encoders with shared pa-
rameters;

(e) w/o PT removes the pre-training stage.
Table 3 presents the results for the ablation

study. We can observe the following findings:
• The performance drops in w/o PSR, demon-

strating the effectiveness of learning passage-
centric similarity relation;
• The performance drops in w/o KD, demon-

strating the necessity and effectiveness of the
knowledge distillation for obtaining large-scale
and high-quality pseudo-labeled data, since the
passage-centric loss tries to distinguish highly
similar but semantically different passages;
• The performance slightly drops in w/ PSR FT ,

because passage-centric loss is not directly re-
lated to the target task (i.e., query-based retrieval),
which suggests that passage-centric loss should be
only used in the pre-training stage;
• The performance drops in w/o SP, demon-

strating the effectiveness of dual-encoders with
shared parameters;
• The performance significantly drops in

w/o PT , demonstrating the importance of our pre-
training procedure.

4.5 Analysis on Passage-centric Similarity
Relation

The previous results demonstrate the effective-
ness of our proposed approach PAIR. Here, we
further analyze the effect of passage-centric loss
(Eq. (5)) in a more intuitive way. To examine
this, we prepare two variants of our approach,
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Query Top 1 passage retrieved by PAIR (correct) Top 1 passage retrieved by PAIR¬PSR (incorrect)

Which animal is the carrier of
the H1N1 virus ?

H1N1 strains caused a small percentage of all human flu
infections in 2004–2005. Other strains of H1N1 are endemic

::::
in pigs (swine influenza) and in birds (avian influenza) . . .

H5N1 is a subtype virus which can cause illness in humans
and many other animal species. A bird-adapted strain of
H5N1, called HPAIA (H5N1) for . . .

Where is gall bladder
situated in human body?

The gall bladder is a small hollow organ where bile is
stored . . . In humans, the pear-shaped gall bladder lies

:::::::::
beneath the liver, although the structure and position . . .

The urinary bladder is a hollow muscular organ in humans
and some other animals that collects and stores urine from the
kidneys before disposal by urination . . .

Table 4: The comparison of the top-1 passages retrieved by PAIR and PAIR¬PSR, respectively. The bold words
represent the main topics in queries and passages. The

::::::::::::::::::::::::::
italic words with wavy underline are the right answers. The

words with straight underline among passages have many words in common and may mislead the model PAIR¬PSR
to select the wrong passage.

namely the complete PAIR and the variant remov-
ing the passage-centric loss (Eq. (5)) denoted by
PAIR¬PSR.

We first analyze how the passage-centric simi-
larity relation (PSR) influences the similarity re-
lations among query, positive passage and nega-
tive passage. Figure 4 shows the comparison of
PAIR and PAIR¬PSR for computing the similarities
of s(p+, p−) and s(p+, q). We obtain s(p+, p−)
and s(p+, q) by the averaging the similarity of top
100 retrieved passages for each query in the test-
ing data of Natural Questions. We can see that be-
fore incorporating passage-centric similarity rela-
tion (PSR), s(p+, p−) is higher than s(p+, q). As a
result, the negatives are close to the positives. Af-
ter incorporating PSR, s(p+, p−) becomes lower
than s(p+, q). It indicates that passage-centric loss
pulls positive passages closer to queries and push
them farther away from negative passages in the
representation space. The comparison result is
consistent with passage-level similarity relation in
Eq. (4).

Next, we further present two examples in Ta-
ble 4 to understand the performance difference be-
tween PAIR and PAIR¬PSR. In the first example,
the top-1 passage retrieved by PAIR has the same
topic “H1N1” as the query. In contrast, the top-
1 passage retrieved by PAIR¬PSR has an incorrect
but highly relevant topic “H5N1”. Actually, the
sentences among the positive passage (retrieved
by PAIR) and the negative passage (retrieved by
PAIR¬PSR) share many common words. Such a
negative passage is likely to mislead the retriever
to yield incorrect rankings. Hence, these two pas-
sages should be far away from each other in the
representation space. This problem cannot be well
solved by only considering the query-passage sim-
ilarity in existing studies. Similar observations can
be find from the second example. The top-1 pas-
sage retrieved by PAIR has the same topic “gall

Threshold Data Quality Retrieval Performance
Accpos Accneg R@5 R@20 R@100

spos = 0.9 92% 96% 74.9 83.5 89.1
sneg = 0.1

spos = 0.8
90% 93% 74.5 83.4 88.9

sneg = 0.2

spos = 0.7
84% 87% 73.6 83.5 88.6

sneg = 0.3

spos = 0.6
80% 87% 73.5 83.4 88.7

sneg = 0.4

Table 5: The data quality and retrieval performance in
different thresholds on NQ. Accpos denotes accuracy of
positives and Accneg denotes accuracy of negatives.

bladder” as the query, while the top-1 passage re-
trieved by PAIR¬PSR is about “urinary bladder”.
These results show that passage-centric similarity
relations are particularly useful to discriminate be-
tween positive and hard negative passages (highly
similar to positive passages).

4.6 Analysis on Knowledge Distillation

In this section, we examine the influence of the
thresholds on pseudo-labeled data via knowledge
distillation, including the data quality and the re-
trieval performance. We conduct the analyses by
using different positive thresholds spos and nega-
tive thresholds sneg (See Section 3.3).

We first manually evaluate the quality of the
pseudo-labeled data via knowledge distillation
w.r.t. different threshold settings (i.e., the com-
binations of sneg and spos). For each threshold
setting, we randomly select 100 queries, each of
which corresponding to a positive passage and a
hard-negative passage. In total, we have 4 thresh-
old settings (as shown in Table 5) and 800 query-
passage pairs. We ask two experts to manually
annotate the query-passage pairs and evaluate the
quality of pseudo-labeled data, the Cohen’s Kappa
of experts is 0.9. As shown in the first two columns
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of Table 5, we can observe that when spos = 0.9
and sneg = 0.1, the data quality is relatively good.
Additionally, when setting a low value of spos and
a high value of sneg, the data quality becomes
worse.

The last three columns of Table 5 also present
the retrieval performance w.r.t. different thresh-
old settings. When choosing a low value of spos
and a high value of sneg, the retrieval performance
drops. Hence, our approach is configured with a
strict threshold setting (spos = 0.9, sneg = 0.1) in
experiments to achieve good performance.

5 Conclusion and Future Work

This paper presented a novel dense passage re-
trieval approach that leverages both query-centric
and passage-centric similarity relations for captur-
ing more comprehensive semantic relations. To
implement our approach, we made three important
technical contributions in the loss formulation,
training data augmentation and effective training
procedure. Extensive results demonstrated the ef-
fectiveness of our approach. To our knowledge,
it is the first time that passage-centric similarity
relation has been considered for dense passage re-
trieval. We believe such an idea itself is worth ex-
ploring in designing new ranking mechanism. In
future work, we will design more principle rank-
ing functions and apply current retrieval approach
to downstream tasks such as question answering
and passage re-ranking.

6 Ethical Impact

The technique of dense passage retrieval is effec-
tive for question answering, where the majority
of questions are informational queries. Semantic
crowdedness problem of passages, and term mis-
match between questions and passages are typi-
cal problems, which bring barriers for the machine
to accurately find the information. Our technique
contributes toward the goal of asking machines
to find the answer passages to natural language
questions from a large collection of documents.
With these advantages also come potential down-
sides: Wikipedia or any potential external knowl-
edge source will probably never fully cover the
breadth of user questions. The goal is still far from
being achieved, and more efforts from the commu-
nity is needed for us to get there.
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Abstract

A summary quality measure is judged by how
well it correlates with quality scores produced
by human annotators. A higher correlation
with human scores is considered to be a deci-
sive indicator of a better measure. In this work
we present observations that cast doubt on this
view. We also show a possibility of an alter-
native indicator for selecting the best measure
from a family of measures, a criterion that does
not rely on human scores.

1 Introduction

The goal of summarization is to convey important
and only important information of the text in a
fluent, comprehensible and concise summary, pre-
serving the factual consistency with the text.

There are several families of automated mea-
sures of summary quality. For example, Gabriel
et al. (2020) classified the automated measures
into four types: question-answering, text recon-
struction, semantic similarity and lexical overlap.
Each of these types has families of measures,
for example SUM-QE (Xenouleas et al., 2019),
APES (Eyal et al., 2019), Summa-QA (Scialom
et al., 2019), QAEval (Deutsch et al., 2020) and
FEQA (Durmus et al., 2020) in question-answering,
BLANC (Vasilyev et al., 2020a) in text reconstruc-
tion, BERTScore (Zhang et al., 2020), MoverScore
(Zhao et al., 2019) and SUPERT (Gao et al., 2020)
in semantic similarity, ROUGE (Lin, 2004) and
Jensen-Shannon (Louis and Nenkova, 2009) in lex-
ical overlap.

A high correlation with human evaluation scores
is currently accepted as the crucial criterion for
choosing a good evaluation measure. Arguably,
the factual faithfulness can be annotated objec-
tively, with detailed classification of factual errors
(Kryscinski et al., 2020; Huang et al., 2020; Vasi-
lyev et al., 2020b; Gabriel et al., 2020). However,

other summary qualities are subjective; this forces
researchers to be careful in design and usage of
human annotations (Bhandari et al., 2020; Fabbri
et al., 2020; Iskender et al., 2021). Annotation
scores depend on the types of texts and on the qual-
ification of annotators. For example, there is a big
difference in expert and crowd-sourced scores in
(Fabbri et al., 2020)1.

Annotators are biased in favor of anything that
makes the scoring easier: extractiveness of the sum-
mary, and focus of the summary on the top part of
the document (Ziegler et al., 2020). The annotation
process itself differs from how the summary quality
is assessed by a typical human reader. A human
reader does not have a goal of scoring a summary,
but rather uses the summary to guess the content of
the text.

The contribution of this work:

1. We provide an example of a false ’improve-
ment’ of an automated evaluation measure: a
dubious modification, imitating a human an-
notator behavior, can increase the correlation
with human scores. For a contrast, we also
provide an example of a true improvement
that increases correlation with human scores
for a good reason.

2. We explore an alternative criterion for select-
ing an optimal evaluation measure from a fam-
ily of measures, the criterion not relying on
human scores. We provide evidence that the
criterion is robust across different kinds of
texts and summaries.

For our demonstration we will use BLANC fam-
ily of evaluation measures, because it is easily inter-
pretable as an analogy to a human reader that uses
the summary to guess the content of the text. Two
families defined in (Vasilyev et al., 2020a) differ

1https://github.com/Yale-LILY/SummEval
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by their setup. The BLANC-help family gets in-
formation from the summary by having the model
read the summary when reading and reconstructing
the text. The BLANC-tune family gets information
from the summary by lightly tuning the model on
the summary before reading and reconstructing the
text. Measures in each of the families, BLANC-
help and BLANC-tune, may differ by the parame-
ters defining the setup.

2 Example of False Improvement:
Limited Comparison with Text

After reading a summary, an annotator may chose
not to review carefully the whole text, but to con-
sider in detail only the parts that look most similar
to the summary. We can imitate this by using only
the part of the text that is most related to the given
summary. In modifying BLANC this way, it is
reasonable to expect that correlation with human
scores will increase, but this would make a false
’improvement’ of the measure.

In Appendix we provide two examples - Figures
6 and 7 - illustrating the bias that we seek to ex-
plore in this section. Each example has a summary
that truly attempts to cover all important facts, and
a summary that we intentionally wrote to cover
only a very limited part of text. To create a falsely
’improved’ measure, we seek to explore the bias
of annotator giving more attention to parts of text
most similar to the summary.

To create a biased BLANC, we can calculate
BLANC separately for each sentence of the text,
and select n sentences with the highest score. We
can consider these selected sentences as the ’text’
to deal with, and calculate BLANC on this ’text’.
We create such limited-text BLANC from BLANC-
help2. For our illustration we use average expert
scores of 1600 text-summary pairs in the dataset
SummEval (Fabbri et al., 2020).

Compared to BLANC, the limited text BLANC
has indeed higher Spearman correlation with av-
erage expert, as shown by thin lines in Figure 1.
In this and other figures through this section all
p-values are below 0.05.

For Appendix examples, see results in Tables 1
and 2.

We can imagine a human expert paying more
attention to several (say three or five) most ’promis-
ing’ (most similar to the summary) sentences of
the text. In evaluating relevance, this might be not

2https://github.com/PrimerAI/blanc

Figure 1: Factor by which Spearman correlation of
BLANC with human scores increases when only part
of text is used for BLANC. The text part is selected as
sentences with top BLANC values (thin lines) or as con-
tiguous sentences with highest BLANC (thick lines).

very different from working with full text. But for
other qualities (coherence, consistency, fluency)
the correlation increases.

Naturally, for a human it is easier to review a con-
tiguous piece of text rather than separated pieces,
even if this might diminish legitimacy of evalua-
tion of all qualities, including relevance. And, no
surprise, BLANC for such contiguous part of text
correlates with human scores even better - as shown
by thick lines in Figure 1.

Figure 2 illustrates the same trends when the
resulting BLANC is calculated for each selected
sentence separately, and then averaged over the
sentences.

Figure 2: Factor by which Spearman correlation of
BLANC with human scores increases when only part
of text is used for BLANC. The text part is selected
as sentences with top BLANC values (thin lines) or as
contiguous sentences having highest average BLANC
(thick lines). The resulting BLANC is calculated as av-
erage over BLANC of the sentences.

Figure 3 shows the increase of correlations when
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the text is restricted not by the number of sentences
but by a threshold on BLANC of a sentence.

Figure 3: Factor by which Spearman correlation of
BLANC with human scores increases when only part
of text is used for BLANC. The text part is selected as
sentences with BLANC exceeding threshold.

Selection of a part of the text is used in SU-
PERT multi-document evaluation measure (Gao
et al., 2020) as a tool for creating ’reference’ from
each document and then evaluating a summary on
the created references. In the context of BLANC
here, the selection of a part of the text is done dif-
ferently and has a clear interpretation: instead of
estimating usefulness of the summary in guessing
the whole text, we estimate how much the summary
would help to guess only the most ’relevant’ part
of the text. Here ’relevant’ means the part of the
text for which the summary turned out to be most
helpful. This is equivalent to using only the most
easy (for annotator, after reading the summary) part
of the text. The summary may as well relate only
to a small piece of text of no importance. This
means that the evaluation measure became worse,
even though the correlation with human scores is
stronger.

The human bias exploited by the limited-
text BLANC does not necessarily manifest itself
through a low inter-annotator agreement. The re-
ported in SummEval (Fabbri et al., 2020) inter-
annotator agreement of experts is 0.71, which is
an acceptable value (Artstein and Poesio, 2008).
While achieving a reasonable inter-annotator agree-
ment is an important problem in human annota-
tions, our example shows that another problem may
be in the nature of the human evaluation of sum-
mary qualities, where a summary is presented to
human for scoring (rather than for guessing about
the text content), and the text is presented to facili-

tate the scoring.

3 Example of True Improvement:
Learning More from Summary

In this section we provide an example of a legiti-
mate increase of correlations with human scores, as
opposed to the described in previous section false
’improvement’. We can combine BLANC-help and
BLANC-tune by tuning the model on the summary
(BLANC-tune), and then using the tuned model to
read the summary while doing Cloze task on the
text (BLANC-help).

Such full BLANC version is equivalent to a hu-
man that first learns the summary, and then, while
guessing missed words in the text, is still looking
at the summary again and again. Using both oppor-
tunities to learn from the summary makes sense,
it should legitimately extract more help from the
summary. The worst that may happen is that a
model used by BLANC-help is already so perfect
in reading the summary that its additional tuning
on the summary will not improve the measure (but
will not hurt either).

As expected, the full BLANC has substantially
higher correlations with annotations of experts on
the 1600 text-summary pairs of (Fabbri et al., 2020).
Compared to BLANC-help, the Spearman corre-
lation of full BLANC with human scores can in-
crease by 13%-18% for coherence, 2%-3% for
consistency,13%-15% for fluency, and 7%-8% for
relevance, - all this depending on the number of
epochs (10-20) and learning rate (1.0e-4 to 2.0e-4)
of the BLANC-tune used.

4 Max-Help Criterion and its robustness

As we have seen in section 2, the correlation with
human scores is not always a reliable method to
select the best evaluation measure. The fact that we
were able to recognize the falsity of ’improvement’
in section 2 and the legitimacy of improvement in
section 3 suggests that we may find a no-human
criterion, at least for some setups.

In previous sections we used BLANC-help as
an initial version for our modifications. As stated
in Vasilyev et al. (2020b), based on the dataset
introduced in there3, BLANC-help with interval
gap = 2 between masking locations in the text pro-
vided the highest correlations with human scores.
It was noted that BLANC’s average score across

3https://github.com/PrimerAI/blanc
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the dataset was also the highest at this setup, im-
plying that BLANC extracted maximal help from
the summaries. Such coincidence is not a rule:
the ”max-help” measure, selected for having max-
imal average score, is not always the same as the
”max-human” measure, selected for having maxi-
mal correlation with human scores.

The max-help criterion - selection of a measure
that has highest average score - makes sense under
two conditions:

1. The measure is being selected from a fam-
ily of measures that have the same definition
of the output score - as assessment of a use-
fulness of a summary. The score may be de-
rived, for example, from how many text tokens
were successfully reconstructed with help of
the summary (BLANC), or from how many
questions about the text were successfully an-
swered with help of the summary (QA-based
measures). The condition is that the definition
is fixed for the family.

2. The average score is being measured with a
large enough dataset representing the domain
on which we are interested to use the measure.

The meaning of the criterion is simple: the bet-
ter is the measure in extracting useful information
from summaries, the better it should be in judg-
ing summaries by their usefulness. The criterion
does not require human scoring. All we need is a
measurement of an average score.

The max-help criterion can be credible if it does
not depend too strongly on the types of texts and
summaries. In order to verify this assumption, we
considered four types of summaries (and the cor-
responding texts): (1) CNN summaries from the
CNN / Daily Mail dataset (Hermann et al., 2015);
(2) Daily Mail summaries from the CNN / Daily
Mail dataset; (3) First two sentences from random
daily news; (4) Random two sentences from ran-
dom daily news.

The random daily news were selected as three
random news documents per day over one year,
with the summaries of the document being two first
and two random sentences. We used 1000 samples
for each of the four types of summaries.

We intentionally selected summaries of so dif-
ferent styles and quality: if the criterion selects the
same best measure for so different types of sum-
maries, then it is indeed a very robust criterion.

For BLANC-help family, we found that for all
four datasets the optimal setup (accordingly to the

max-help criterion) happens to be the same: gap =
2; minimal length of whole-word token allowed to
be masked is 6 characters Lnormal = 6; the word-
split tokens are always masked (Llead = 1 for first
token, and Lfollow = 1 for follow-up tokens).

This setup is almost the same as the parame-
ters found in (Vasilyev et al., 2020b) to maximise
correlation with human scores, except Lnormal and
Lfollow which have low influence. The question we
asked: does the ’optimal’ max-help evaluation mea-
sure remain optimal (or near-optimal) for different
kinds of texts and summaries? Figure 4 provides
convincing evidence for a positive answer.

Figure 4 shows the average BLANC-help value
obtained with sub-optimal (different from max-
help) setup. We consider a change of gap
and gap mask (number of tokens allowed to be
masked at each masking location) to explore a
less frequent and a more frequent masking, and
a change in the token length thresholds for mask-
ing tokens. Remarkably, the average BLANC-help
value drops in each case for all four datasets in a
similar manner. The token length thresholds have
almost no influence, making a drop just a few per-
cents. Change in frequency of masking has a larger
effect, leading to a drop 10%-20%.

Figure 4: Drop of mean BLANC-help value when pa-
rameters differ from optimal. The drop is shown as a
fraction of the optimal mean BLANC value. The sum-
maries probed are: CNN and DM (from the CNN/Daily
Mail dataset), Top and Rand (first two sentences and
random two sentences from random news articles). The
parameters probed are: ’gap 3/1’ is gap = 3 and
gap mask = 1; ’gap 3/2’ is gap = 3 and gap mask =
2; ’toks-normal 5’ is Lnormal = 5; ’toks-lead 2’ is
Llead = 2; ’toks-follow 2’ is Lfollow = 2.

For BLANC-tune family, similar to BLANC-
help, the max-help optimal setup is the same for all
four datasets: gap = 3; number of tokens allowed
to be masked at each masking location for infer-
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ence gap mask = 2; for tuning gaptune = 4 and
gap masktune = 3; Lnormal = 6; Llead = 1;
Lfollow = 1; probability of replacement of a
masked token by another random token at tuning
preplace = 0.

Probability preplace = 0 differs from the value
0.1 used in the standard BERT training, but preplace
has only weak influence on the BLANC-tune. Fig-
ure 5 shows a few examples of changes of the setup,
which illustrate that the optimal measure remains
optimal across all four datasets.

Figure 5: Drop of mean BLANC-tune value when pa-
rameters differ from optimal. The drop is shown as a
fraction of the optimal mean BLANC value. The sum-
maries probed are: CNN and DM (from the CNN/Daily
Mail dataset), Top and Rand (first two sentences and
random two sentences from random news articles). The
parameters probed are: ’gap-infer 2/1’ is gap = 2 and
gap mask = 1; ’gap-tune 2/1’ is gaptune = 2 and
gap masktune = 1; ’p-replace 0.1’ is preplace = 0.1;
’toks-normal 4’ is Lnormal = 4; ’tune-rand’ is making
tokens masking random rather than even at tuning.

The demonstrated evidence for robustness sug-
gests that in finding an optimal measure we do
not need even human summaries: we can apply the
max-help criterion utilizing random sentences from
the texts.

5 Conclusion

In this paper, we critically reviewed the assumption
that maximal correlation with human scores defines
the best evaluation measure for summarization; we
provided observations supporting our scepticism.
Using good interpretability of BLANC evaluation
measure, we provided examples of both illegitimate
’improvement’ and legitimate improvement of the
correlation of BLANC scores with human scores.

We stated the motivation for an alternative crite-
rion for choosing an optimal summary evaluation

measure: the maximal average extracted useful-
ness of summary. We provided evidence that the
criterion is robust across very different kinds of
summaries, including such ’summaries’ as first sen-
tences or random sentences of the text. This means
that the criterion can be applied without the need
of human summaries.

While in this work we used BLANC, we think
that similar observations and the same conclusions
could be made using a question-answering based
evaluation measure.
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A Examples of bad judgement by falsely
’improved’ measure

In Figure 6 we provide two toy summaries, each
summary is supposed to summarize the first four
paragraphs of ’Harry Potter’ book 4. In order to
illustrate how the false improvement described in
Section 2 affects ranking of summaries, we inten-
tionally wrote one summary with ’wide coverage’
(attempting to cover all the most important facts),
and another summary with ’narrow coverage’ (fo-
cusing on a limited part of the text).

The original BLANC, judging the summaries by
how useful they are in predicting tokens of the text,
gives higher score to the wide-coverage summary,
- see Table 1. The falsely ’improved’ BLANC -
limited-text BLANC of section 2 - gives higher
score to the narrow-coverage summary. It does not
matter whether the small part of text covered by the
second summary is important or not, the limited-
text BLANC makes judgement by how well the
summary covered that part of the text. In this case,

4J.K.Rowling (1997). Harry Potter And the Sorcerer’s
Stone. Bloomsbury
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Figure 6: Example of a summary with a wide coverage (left) and a narrow coverage (right). Both summaries are
supposed to cover first four paragraphs of ’Harry Potter And the Sorcerer’s Stone’ by J.K.Rowling.

Figure 7: Example of a summary with a wide coverage (left) and a narrow coverage (right). Both summaries are
supposed to cover the same text taken from CNN/Daily Mail dataset. The text is shown in Figure 8.

BLANC wide narrow
Original 0.244 0.218
Limited n=4 0.539 0.584
Limited n=3 0.563 0.652
Limited n=2 0.594 0.778

Table 1: Scores of BLANC versions for wide and
narrow coverage summaries of Figure 6. Top row is
the original BLANC. Lower rows are for falsely ’im-
proved’ BLANC with selection of n top text sentences,
as described in Section 2.

the second summary concentrates on the attitude
of the Dursleys to the Potters, and does not provide
any other information.

In Figure 7 we again provide two summaries,
this time we wrote them for the text shown in Fig-
ure 8, taken from SummEval dataset (Fabbri et al.,
2020). Again, as shown in Table 2, the original
BLANC gives higher score to the overall more
useful wide-coverage summary. The falsely ’im-
proved’ limited-text BLANC gives higher score to
the narrow-coverage summary which focuses only
on information about Antonio Inoki and ignores

BLANC wide narrow
Original 0.159 0.134
Limited n=4 0.327 0.433
Limited n=3 0.365 0.516
Limited n=2 0.428 0.536

Table 2: Scores of BLANC versions for wide and
narrow coverage summaries of Figure 7. Top row is
the original BLANC. Lower rows are for falsely ’im-
proved’ BLANC with selection of n top text sentences,
as described in Section 2.

his query in the parliament.
The scores by the limited-text BLANC are

higher than the scores by the original BLANC.
The reason is that only text sentences with high-
est scores are selected, and the less the number of
the sentences, the higher is the average score. Nat-
urally, for the wide-coverage summary the score
increase is not as great as for the narrow-coverage
summary.
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Figure 8: Example of text from SummEval dataset.
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Abstract

An important aspect of developing dialogue
systems is how to evaluate and compare the
performance of different systems. Existing au-
tomatic evaluation metrics are based on turn-
level quality evaluation and use average scores
for system-level comparison. In this paper, we
propose to measure the performance of a di-
alogue system by computing the distribution-
wise distance between its generated conversa-
tions and real-world conversations. Specifi-
cally, two distribution-wise metrics, FBD and
PRD, are developed and evaluated. Experi-
ments on several dialogue corpora show that
our proposed metrics correlate better with hu-
man judgments than existing metrics.

1 Introduction

Dialogue generation is a special text generation
task, which has drawn booming attention in the nat-
ural language processing community. It is widely
agreed that one single input query is often asso-
ciated with multiple valid responses in this task,
which is termed as a 1-to-n relationship between
a query and its responses (Vinyals and Le, 2015;
Zhou et al., 2017; Zhao et al., 2017; Liu et al.,
2018; Chen et al., 2021; Chan et al., 2021; Gao
et al., 2021). It increases the challenges of auto-
matically evaluating the performance of dialogue
systems.

In general, the previous evaluation metrics
mainly focus on turn-level quality. For example, un-
supervised word-overlapping or embedding-based
metrics (Papineni et al., 2002; Lin, 2004; Mitchell
and Lapata, 2008; Zhang et al., 2020) calculate
the similarity or alignment between generated re-
sponses and reference responses, which is not well-
suited for open-end dialogue tasks. Learned classi-
fication or regression systems (Lowe et al., 2017;

∗Equal contribution. Work was done during internship at
Tencent AI Lab.

Tao et al., 2018; Sellam et al., 2020; Ghazarian
et al., 2019) are corpus-dependent because of re-
quiring additional task-specific training or tuning,
which run the risk of assigning lower quality to a
better model in the overfitting or underfitting cases.

In this paper, we provide a new perspective that
distribution distance between generated conversa-
tions and real conversations can be applied to mea-
sure the performances of dialogue systems. There
are three main contributions: (1) We firstly pro-
pose two unsupervised distribution-wise metrics
(i.e., FBD and PRD) to solve the evaluation is-
sue in this field. (2) The experimental results show
that the proposed distribution-wise metrics perform
well. Particularly, FBD achieves compelling perfor-
mances on most evaluation corpora, which shows
a promising direction for designing evaluation met-
rics. (3) We collect the typical evaluation corpora
and existing evaluation metrics in order to better
assess the performance of dialogue systems, which
could be useful for researchers in this community 1.

2 Related Work

In this section, we focus on unsupervised automatic
evaluation metrics for dialogue system evaluation.
In general, existing unsupervised metrics mainly
measure turn-level qualities, which can be cate-
gorized into two main classes: word overlapping
metrics and embedding-based metrics:
Word-overlapping Metrics Such metrics quantify
the amount of word-overlap between generated
response and reference responses. For example,
BLEU (Papineni et al., 2002) calculates the geomet-
ric mean of the precision for n-gram. ROUGE (Lin,
2004) is a recall-oriented metric. METEOR (Baner-
jee and Lavie, 2005) computes the harmonic mean
of precision and recall with stemming and syn-

1The source codes and data are available at https://
github.com/yhlleo/frechet-bert-distance.
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onyms.
Embedding-based Metrics Embedding-based
metrics align the generated response and the refer-
ence in latent semantic space. Some adopt the vec-
tor similarity of sentence embeddings as a quality
measure. For example, Embedding Average (Foltz
et al., 1998; Mitchell and Lapata, 2008) calculates
sentence-level embeddings by averaging word rep-
resentations. Vector Extrema (Forgues et al., 2014)
computes sentence-level embeddings by taking the
most extreme value for each dimension in all word
vectors. Others adopt more fine-grained semantic
matching. For example, Greedy Matching (Rus
and Lintean, 2012) greedily matches each word
in a generated response to a word in the reference
response, and the final score is defined as the av-
erage of word-level similarity scores. Zhang et al.
(2020) introduced a better embedding-based metric
BERTScore that computes word similarity using
contextual embeddings from pre-trained language
models.

Our proposed methods are best placed in the liter-
ature of embedding-based metrics. However, there
are two main differences from previous metrics in
this field: (1) We compute the distribution distance
between embedding sets as the system-level per-
formance of a dialogue system, which does not re-
quire task-specific training/tuning; (2) We propose
to extract sentence-level semantic representations
directly from pre-trained language models (Devlin
et al., 2019; Liu et al., 2019), where there are no op-
erations of converting the wold-level embeddings
to sentence-level embeddings.

3 Proposed Methods

Given a collect of sentence pairs {(xi,yi)}N , we
assume that the corresponding semantic represen-
tations {vi}N can be extracted in this manner:

vi = LM([xi,yi]) (1)

where LM(·) refers to pre-trained language mod-
els(i.e., (Devlin et al., 2019; Liu et al., 2019; Yang
et al., 2019; Clark et al., 2020)), [·, ·] refers to
the concatenation operation. Intuitively, the dif-
ferences between the distribution R of real samples
and the distribution G of generated samples can be
applied to measure the performances of dialogue
systems (i.e., d(R,G)). Therefore, we propose two
distribution-based methods to automatically eval-
uate the performance of dialogue systems, which
are presented in this section in detail.

3.1 Fréchet Bert Distance
Semantic representations {vi}N are extracted by
a pre-trained language model, which encodes the
contextual information of the sentences. The main
intuition is that the distribution of semantic rep-
resentations of generated sentences should be as
close as possible to the distribution of semantic
representations of real sentences in a successful
system. To measure this, we assume that such se-
mantic representations follow a multi-dimensional
Gaussian, which can be represented by variables:
mean and covariance. The difference between two
Gaussians (generated and real sentence pairs) is
measured by the Fréchet distance (Dowson and
Landau, 1982). We call the Fréchet distance be-
tween the distribution R with mean (µr,Σr) ob-
tained from real sentence pairs and the distribution
G with mean (µg,Σg) obtained from generated
sentence pairs as “Fréchet Bert Distance” (FBD),
which is formulated as:

dFBD(R,G) = ‖µr − µg‖+
Tr(Σr + Σg − 2(ΣrΣg)

1/2)
(2)

Once the distribution of generated data closes to the
distribution of real data, the model indeed achieves
low FBD scores. Similarly, such distance (Heusel
et al., 2017) has been widely verified in various
Generative Adversarial Networks (GANs) in com-
puter vision tasks (Karras et al., 2017; Zhang et al.,
2018a; Park et al., 2019), which is consistent with
increasing disturbances and human judgment. Sur-
prisingly, we observed that FBD works well in
evaluating open-end dialogue systems.

3.2 Precision-Recall Distance
We notice that FBD is based on the estimated Gaus-
sian parameters (µ,Σ). There is an optional strat-
egy to get rid of estimating the parameters. Inspired
by (Sajjadi et al., 2018), we apply a precision-
recall-based method, named as Precision-Recall
Distance (PRD), to evaluate the distance between
two distributions.

The key intuition is that precision should mea-
sure how much of G can be generated by a “part”
of R while recall should measure how much of R
can be generated by a “part” of G. In general, (a)
If R is bimodal and G only captures one of the
modes, we should have perfect precision but only
limited recall; (b) In the opposite case, we should
have perfect recall but only limited precision; (c)
If R = G, we should have perfect precision and

2193



recall; (d) If the supports of R and G are disjoint,
we should have zero precision and recall. The BPD
is formulated as:

dPRD(R,G) = max

{
2α(λ)β(λ)

α(λ) + β(λ)

∣∣∣∣λ ∈ Λ

}

(3)
where Λ = {tan( i

m+1
π
2 )|i = 1, · · · ,m},

m ∈ N refers to a given angular resolution,
α(λ) =

∑
v∈V min(λR(v), G(v)) and β(λ) =∑

v∈V min(R(v), G(v)
λ ) 2. Therefore, the better

dialogue systems will achieve higher PRD scores.

4 Experiments

4.1 Datasets & Systems

To verify the two proposed metrics, we conduct
experiments on six public dialogue corpora.
Baseline Metrics. We mainly compare with sev-
eral widely-used metrics in text generation field:
a) three word-overlapping metrics: BLEU (Pa-
pineni et al., 2002), ROUGE (Lin, 2004), ME-
TEOR (Denkowski and Lavie, 2014); b) four
embedding-based metrics: Greedy Matching (Rus
and Lintean, 2012), Embedding Average (Wieting
et al., 2015), Vector Extrema (Forgues et al., 2014)
and BERTScore (Zhang et al., 2020). All these
metrics do not require task-specific training.
Datasets. We collect three recently released evalu-
ation corpora which consist of dialogue query and
response samples of different systems, and the cor-
responding human annotations:

• Persona(M): USR (Mehri and Eskénazi,
2020) built an evaluation corpus based on Per-
sonaChat (Zhang et al., 2018b), in which both
four system outputs and the corresponding
human evaluation scores were collected.

• Daily(H), Convai2, and Empathetic:
GRADE (Huang et al., 2020) used three dia-
logue corpora, including DailyDialog (Lowe
et al., 2017), Convai2 (Dinan et al., 2019)
and EmpatheticDialogues (Rashkin et al.,
2018), to do the evaluations and compared
two dialogue models: Transformer-Ranker
and Transformer-Generator collected from
the ParlAI platform (Miller et al., 2017).

• Daily(Z) and Persona(Z): Dialogue Eval-
uation (Zhao et al., 2020) used Dai-

2For a distribution P with a finite state space V , we have
v ∈ V and P (v) > 0.

Source Address
Transformers https://github.com/

huggingface/transformers

USR https://github.com/Shikib/usr

GRADE https://github.com/li3cmz/
GRADE/tree/main/evaluation

Daily(Z) https://github.com/ZHAOTING/
dialog-processing/tree/master/
src/tasks/response_eval

Persona(Z)

ParlAI https://github.com/
facebookresearch/ParlAI

BLEU
https://github.com/nltk/nltk

METEOR
ROUGE-L
Greedy https://github.com/Maluuba/

nlg-evalAverage
Extrema

BERTScore https://github.com/Tiiiger/
bert_score

Table 1: All the public resources in our experiments.

Corpus Num. of Systems
Samples

Persona(M) 60

Seq2Seq
LSTM language model
Key-Value Profile Memory Network
Generated Human-written

Daily(H) 150
Transformer-Ranker

Convai2 150
Transformer-Generator

Empathetic 150

Daily(Z) 100

Seq2Seq

Persona(Z) 150

Attentional Seq2Seq
HRED
VHRED
GPT2-sm
GPT2-md

Table 2: The details of each evaluation corpus.

lyDialog (Lowe et al., 2017) and Per-
sonaChat (Zhang et al., 2018b) to build two
evaluation corpora and collected outputs of six
generative models (with three decoding strate-
gies). The appropriateness of each response
was obtained by human annotation.

Implementation Details. We leverage pre-trained
BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019) for utterance-level contextualized en-
coding 3 without additional tuning or training the
language models. For each query and response pair

3Based on the public project: https://github.com/
huggingface/transformers
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Metric Persona(M) Daily(H) Convai2 Empathetic Daily(Z) Persona(Z)
Spr. Pr. Spr. Pr. Spr. Pr. Spr. Pr. Spr. Pr. Spr. Pr.

Word-Overlapping Metrics
BLEU .400 .672 .445 .444 .800 .801 .136 .331 .595 .421 .400 .390
METEOR .800 .860 .018 .050 .800 .767 .382 .133 .643 .689 .700 .936
ROUGE-L .600 .289 .545 .417 .200 .061 .391 .472 .738 .725 .400 .915

Embedding-Based Metrics
Greedy .600 .260 .855 .764 .600 .794 .736 .864 .690 .726 .100 .835
Average .800 .863 .209 .209 .600 .879 .664 .725 .548 .769 .300 .861
Extrema .600 .435 .745 .761 .800 .766 .618 .722 .595 .746 .500 .834
BERTScoreB .800 .590 .137 .082 .800 .817 .300 .077 .857 .883 .900 .961
BERTScoreR .800 .517 .855 .857 .800 .939 .600 .697 .714 .860 .700 .918

Distribution-Based Metrics
FBDB 1.00 .853 .564 .717 .800 .854 .427 .623 .786 .763 .400 .923
FBDR 1.00 .802 .891 .926 .800 .747 .864 .951 .929 .963 1.00 .860
PRDB .800 .637 .221 .409 1.00 .972 .227 .399 .690 .914 .900 .984
PRDR .800 .660 .591 .578 1.00 .913 .545 .583 .762 .906 .900 .932

1.“Spr.” and “Pr.” refer to Spearman and Pearson correlation coefficients, respectively.
2. B and R mean using BERT (base) and RoBERTa (base) as language models, respectively.

Table 3: Correlations of all the metrics with overall quality ratings the six dialogue corpora.
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Figure 1: The comparisons between BERTScore, FBD
and PRD metrics on various corpora. For each corpus,
we average the performances of BERT and RoBERTa
language models.

(xi,yi), we use the last hidden output of [CLS]
as its semantics representation without tuning or
training the language models. To assess the system-
level performances of dialogue systems, we cal-
culate the Spearman and Pearson correlations be-
tween the rankings of human evaluation and the
rankings of evaluation metrics. If a evaluation met-
ric is designed for turn-level evaluation, we average
the all turn-level scores as the performance of the
corresponding dialogue system.
Public Resources. All the compared evaluation
corpora and evaluation metrics are available in
Table 1. Once the official implementations are
not available, we use the repositories with highest
“stars” on GitHub. The details of each evaluation
corpus, including number of samples and compared
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Figure 2: Comparisons between BERTScore, FBD and
PRD metrics on various language models. For each
model, we average the performances on all the six eval-
uation corpora.

dialogue systems in each corpus, are presented in
Table 2.

4.2 Results

We compute the system-level correlation between
all automatic metrics and the quality ratings by us-
ing Spearman and Pearson correlation coefficients.

Model P(M) D(H) C2 EM D(Z) P(Z)
BERT .57±.44 .65±.39 .60±.42 .65±.39 .67±.38 .65±.38

RoBERTa .71±.38 .68±.37 .73±.34 .68±.37 .68±.37 .71±.33

1. {P(M), D(H), · · · , P(Z)} refer to the six evaluation corpora.
2. The reported values are mean±standard deviation.

Table 4: Comparisons of the normality on various eval-
uation corpora. The normality is calculated over each
dimension of the extracted semantic representations.
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The performances of various evaluation metrics
on different public corpora are reported in Table 3.
Our proposed two metrics (i.e., FBD and PRD)
show comparable performances over the baseline
metrics. Especially, FBDR achieves compelling
performances on five corpora, which indicates a
good ability of generalization and robustness on
various corpora. In addition, most evaluation met-
rics are sensitive to the evaluation corpora. For
example, BLEU performs well in Convai2 but
fails in Empathetic. Similarly, BERTScoreB per-
forms well in Convai2 and Persona(Z) but fails
in Daily(H) and Empathetic. It indicates that the
selection of evaluation corpora has a great influ-
ence on assessing the performances of evaluation
metrics. Hence, it’s better to use multiple corpora
to do the comparisons between metrics. Obviously,
our proposed FBDR outperforms the existing eval-
uation metrics in the view of robustness.

In Figure 1, we compare the evaluation metrics
in the perspective of various evaluation corpora,
where the results of BERT and RoBERTa language
models are averaged. It confirms the superiority
of the FBD metric. Compared to the performance
of USR (Mehri and Eskénazi, 2020) (1.000/.820
on Persona(M)), a reference-free metric that relies
on task-specific training/tuning with task-specific
data, the performances of our proposed methods
are comparable without any training/tuning. There-
fore, we believe that it’s a promising direction to
explore distribution-wise metrics for assessing dia-
logue systems in this field.

As shown in Figure 2, we average the perfor-
mances of each metric on all evaluation corpora.
It shows that our proposed FBD has higher perfor-
mance expectations that outperform BERTScore
with different language models. The large mod-
els do not show improvements in average perfor-
mance compared to the base models. In general,
FBD metric achieves better Spearman and Pear-
son correlations compared to PRD. Surprisingly,
RoBERTa-based metrics, including BERTScore,
the proposed FBD and PRD, perform better than
the corresponding BERT-base ones. Given that our
FBD metric lies on the assumption of multivari-
ate Gaussian distribution, we hypothesize that the
semantic representations extracted by RoBERTa
model fit Gaussian distribution better than BERT
model. To verify this point, as shown in Table 4,
we use “Shapiro–Wilk test” (Razali et al., 2011) to
calculate the normality in statistics, where small

Model Relevance Grammar Content Overall

Spr. Pr. Spr. Pr. Spr. Pr. Spr. Pr.
Word-Overlapping Metrics

BLEU .857 .454 .167 .213 .143 .270 .595 .421
METEOR .810 .736 .119 .044 .024 .349 .643 .689
ROUGE-L .857 .758 .238 .075 .190 .375 .738 .725

Embedding-Based Metrics
Greedy .881 .769 .214 .133 .119 .350 .690 .726
Average .762 .808 .071 .197 .238 .399 .548 .769
Extrema .714 .776 .143 .009 .476 .539 .595 .746
BERTScoreB.976 .908 .333 .111 .524 .593 .857 .883
BERTScoreR.857 .889 .119 .115 .310 .604 .714 .860

Distribution-Based Metrics
FBDB .762 .790 .190 .203 .667 .404 .786 .763
FBDR .976 .965 .429 .472 .524 .839 .929 .963
PRDB .833 .932 .238 .156 .571 .708 .690 .914
PRDR .881 .925 .238 .235 .452 .729 .762 .906

1.“Spr.” and “Pr.” refer to Spearman and Pearson correlation
coefficients, respectively.
2. B and R mean using BERT (base) and RoBERTa (base) as
language models, respectively.

Table 5: Fine-grained comparisons on Daily(Z) (Zhao
et al., 2020) corpus.

values lead to the rejection of normality whereas a
value of one indicates normality of the data.

4.3 Fine-Grained Performances
In the evaluation corpus Daily(Z) (Zhao et al.,
2020), it provides four fine-grained human eval-
uation scores, including relevance, grammar, con-
tent and overall, which can be used to dive more
insights of different evaluation metrics.

As shown in Table 5, our proposed metric FBDR

achieves the best performances on most evalua-
tions in the fine-grained comparisons. It indicates
the distribution-wise metric correlate better with
human judgements on various aspects.

5 Conclusions

In this paper, we propose to measure the perfor-
mance of a dialogue system by computing the
distribution-wise difference between its generated
conversations and real-world conversations. Specif-
ically, two distribution-wise metrics, FBD and
PRD, are developed on pre-trained language mod-
els. Experiments on six public dialogue corpora
show that our proposed metrics correlate better
with human judgments than existing metrics.
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Abstract

We propose two fast neural combinatory mod-
els for constituency parsing: binary and multi-
branching. Our models decompose the bottom-
up parsing process into 1) classification of tags,
labels, and binary orientations or chunks and
2) vector composition based on the computed
orientations or chunks. These models have
theoretical sub-quadratic complexity and em-
pirical linear complexity. The binary model
achieves an F1 score of 92.54 on Penn Tree-
bank, speeding at 1327.2 sents/sec. Both the
models with XLNet provide near state-of-the-
art accuracies for English. Syntactic branching
tendency and headedness of a language are ob-
served during the training and inference pro-
cesses for Penn Treebank, Chinese Treebank,
and Keyaki Treebank (Japanese).

1 Introduction

Transition-based and chart-based methods are
two main paradigms for constituency parsing.
Transition-based parsers (Dyer et al., 2016; Kitaev
and Klein, 2020) build a tree with a sequence of
local actions. Despite their O(n) computational
complexity, the locality makes them less accurate
and necessitates additional grammars or lookahead
features for improvement (Kuhlmann et al., 2011;
Zhu et al., 2013; Liu and Zhang, 2017c). By con-
trast, chart-based parsers are conceptually simple
and accurate when used with a CYK-style algo-
rithm (Kitaev and Klein, 2018; Zhou and Zhao,
2019) for finding the global optima. However, their
complexity is O(n3). To achieve both accuracy
and simplicity (without high complexity) is a criti-
cal problem in parsing.

Recent efforts were made using neural models.
In contrast to earlier symbolic approaches (Char-
niak, 2000; Klein and Manning, 2003), neural mod-
els are simplified by utilizing their adaptive dis-
tributed representation, thereby eliminating compli-

Yet parents demand them .

CC NNS VBP PRP .
#CC NP #VBP NP #.

_S VP #.

_S #.

S

R R

R

R

L L L

L L

L

BiLSTMori
FFNN ori

FFNN label

FFNN tag

FFNN binary

Model Components:

L/R

BiLSTM cxt
or XLNet

Figure 1: Parsing instance with the binary model. The
bottom-up flow of word information is indicated by
blue arrows and orientation flows by dotted red arrows.
Binary parsing explores the internal constituents of S.
Special labels prefixed with “#” or “ ” are sub category
placeholders caused by binarization and stratification.

cated symbolic engineering. The seq2seq model for
parsing (Vinyals et al., 2015) leverages such repre-
sentation to interpret the structural task as a general
sequential task. With augmented data and ensem-
ble, it outperforms the symbolic models mentioned
in Petrov et al. (2006) and provides a complexity
of O(n2) with the attention mechanism (Bahdanau
et al., 2015). However, its performance is infe-
rior to those of specialized neural parsers (Liu and
Zhang, 2017a,b,c). Socher et al. (2013) proposed a
parsing strategy for a symbolic constituent parser
augmented with neural vector compositionality. It
did not outperform the two paradigms in neural
style probably because the neural techniques, such
as contextualization, are not fully exploited. Kitaev
and Klein (2020) showed that a simple transition-
based model with a dynamic distributed represen-
tation, BERT (Devlin et al., 2019), nearly delivers
a state-of-the-art performance.

We propose a pair of greedy combinatory parsers
(i.e., neural combinators) that efficiently utilize vec-
tor compositionality with recurrent components to
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Figure 2: Multi-branching parsing uses chunks instead
of orientations to form constituents. Chunks impose
Softmax-normalized weights for their inputs. The un-
supervised weights provide a shred of evidence for the
headedness problem (Zwicky, 1985).

address the aforementioned issues. Their bottom-
up parsing process is a recursive layer-wise loop of
classification and vector composition, as illustrated
in Figures 1 & 2. Both parsers work on multiple un-
folded variable-length layers, iteratively combining
vectors until one vector remains. The binary model
provides either left or right orientation for each
word or constituent, whereas the multi-branching
model marks chunks as constituents at their bound-
aries. Constituent embeddings are composed based
on orientations or chunks. Tagging and labeling are
directly performed on all composed embeddings,
creating the elements for building a tree: tags, la-
bels, and paths. The deterministic and greedy char-
acteristics yield two simple and fast models, and
they investigate different linguistic aspects.

The contributions of our study are as follows:

• We propose two combinatory parsers1 at
O(n) average-case complexity with a theo-
retical O(n2) upper bound. The binary parser
achieves a competitive F1 score on Penn Tree-
bank. Both models are the fastest and yet
more compact than many previous models.

• We extend the proposed models with a recent
pre-trained language model, XLNet (Yang
et al., 2019). These models have higher speeds
and are comparable to state-of-the-art parsers.

• The binary model leverages Chomsky nor-
mal form (CNF) factors as a training strategy

1Our code, visualization tool, and pre-trained models are
available at https://github.com/tmu-nlp/nccp

and reflects the branching tendency of a lan-
guage. The multi-branching model reveals
constituent headedness (Zwicky, 1985) with
an attention mechanism.

2 Previous Work

Transition-based parsers. A transducer takes
sequential lexical inputs and produces sequential
tree-constructing actions in O(n) time. Although
it can perfectly parse formal languages, complex se-
mantics and long dependencies make it difficult to
parse natural languages. Informative features (Liu
and Zhang, 2017c; Kitaev and Klein, 2020; Yang
and Deng, 2020), or training and decoding strate-
gies such as dynamic oracles (Cross and Huang,
2016), reranking (Charniak and Johnson, 2005),
beam search, and ensemble, can increase the accu-
racy. However, these make the models complex,
and the paradigm fails to naturally parallelize ac-
tions.

Chart-based parsers. An exhaustive search al-
gorithm checks every possibility in a triangular
chart and finds the optimal tree globally. Recent
neural chart parsers have achieved state-of-the-art
accuracy (Kitaev and Klein, 2018; Zhou and Zhao,
2019; Mrini et al., 2020; Zhang et al., 2020). De-
spite their high accuracy, they are comparatively
inefficient. Only 2n − 1 of O(n2) scoring nodes in
the chart contain true constituents; many are filler
nodes. Chart parsers are often specially engineered
for high-speed decoding. (e.g., using Cython)

Other parsers. Shen et al. (2018) and Nguyen
et al. (2020) proposed local-and-greedy parsers in
the top-down splitting style. Their models facilitate
divide-and-conquer algorithms that construct the
tree based on the magnitude of the splitting scores.
A similar way of leveraging concurrent and greedy
operations appears in an easy-first parser (Goldberg
and Elhadad, 2010). Sequential labeling (Gómez-
Rodrı́guez and Vilares, 2018; Wei et al., 2020) is
a new active thread that also enables parallelism
and fast decoding. Collobert (2011) designed an
iterative chunking process for parsing. His work
stratifies trees into levels of IOBES prefixed con-
stituent chunking nodes. Similar to ours, his parser
works from the bottom levels to higher levels. How-
ever, the complexity is fixed at O(n2) without any
node combinations. All models introduced in this
section do not exploit vector compositionality.
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Figure 3: Example illustrating our tree stratification.
Both binary and multi-branching stratified trees contain
redundancy, from which the original tree can be recov-
ered with a few simple heuristic rules. Four in a layer
combine into two with a compression ratio of 1/2.

Category Samples # Types
Original S NP VP SBAR+S 104

Sub S NP VP PP 25
#POS #NNP #DT #JJ #. 45

Table 1: Three categories of our constituent label set
with their samples and number of types. This is created
from Penn Treebank (PTB). ‘ Sub’ and ‘#POS’ are re-
laying types, which we group into a sub category.

3 Neural Combinatory Parsing

3.1 Data and Complexity

Our models require stratified trees to train recurrent
layers, and the binary model requires further bina-
rization. Stratification and binarization introduce
redundant relaying nodes to the trees.

Tree binarization. From the bottom-up perspec-
tive, a binary tree describes the order in which
words and constituents combine with their neigh-
bors into larger constituents, as shown in Figure 3.
The orientations of the four words (i.e., right-left-
right-left) determine the first combination.

After binarization, we label the relaying sub-
constituents with the parent label prefixed with an
underscore mark. If terminal POS tags do not im-
mediately form constituents, we create relaying
placeholders prefixed with a hash mark2, as pre-
sented in Table 1. Unary branches were collapsed
into a single node. Plus marks were used to join
their labels (e.g., SBAR+S), and all trace branches
were removed. The CNF with either a left or a

2Multi-branching trees do not require binarization. The
‘ Sub’ group disappears, but the ‘#POS’ group persists.

CNF Left-factoring Right-factoring
Ori. Left Right Left Right
PTB 3.8M 4.4M 2.3M 6.5M
CTB 2.5M 1.7M 1.4M 2.8M
KTB 4.5M 0.9M 1.8M 2.1M
nCNF Midin-factoring Midout-factoring
PTB 3.0M 5.3M 2.8M 5.2M
CTB 1.9M 2.2M 1.7M 2.1M
KTB 2.8M 1.7M 2.5M 1.2M

Table 2: Frequencies of orientation with different CNF
(biased) and non-CNF (balanced) factors in different
stratified corpora.

5.7x + 0.0037x2

5.7x + 0.0045x2

6.9x + 0.0069x2

6.0x − 0.0036x2

5.3x − 0.0041x2

non−CNF Midin non−CNF Midout

CNF Left CNF Right Multi−branching
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Figure 4: Linear empirical complexity in stratified PTB.
Linear regression reflects insignificant O(n2) tenden-
cies. We differentiated the quadratic terms with red or
light blue colors and omitted the constant biases.

right factor is commonly used. However, it is
heuristically biased, and trees can be binarized us-
ing other balanced splits such as always splitting
from the center to create a complete binary tree
(mid-out) and iteratively performing left and right
to create another balanced tree (mid-in). Finally,
the orientation is extracted from the paths of these
binary trees.

We binarized Penn Treebank (Marcus et al.,
1993, PTB) for English, Chinese Treebank (Xue
et al., 2005, CTB) for Chinese, and Keyaki Tree-
bank3 (Butler et al., 2012, KTB) for Japanese to
present the syntactic branching tendencies in Ta-
ble 2. As English is a right-branching language,
its majority orientation is to the right. Even left-
factoring cannot reverse the trend, but it should
create a greater balance. Figure 4 shows that it is
less effective to stratify PTB with a right factor
because it enhances the tendency. The reverse ten-
dency emerges in the KTB corpus as Japanese is a
left-branching language. For Chinese, CTB does

3https://github.com/ajb129/
KeyakiTreebank/tree/master/treebank
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Figure 5: Layer-wise compression ratio over different
sizes. The dot size was proportional to the situation
count. Statistically, the ratio had a stable mean of 0.77.

not exhibit a clear branching tendency. Non-CNF
factors preserve the original tendency.

Complexity. Our models are trained with strati-
fied treebanks. The complexity for inference fol-
lows the total number of nodes in each layer of a
tree. There are two ideal cases: 1) Complete bal-
anced trees with complexity O(n). They contain
multiple independent phrases and enable full con-
currency. 2) Trees with a single dependency core.
The model reduces a constant number of nodes in
each layer, resulting in O(n2) complexity.

While each parse is a mixture of many cases, the
empirical complexity prefers the first case. For-
mally, the average-case complexity can be inferred
as O(n) with the help of a stable compression ratio
0 < C < 1 (C ≥ 0.5 for binary). Let mi repre-
sent the number children of the i-th tree in a gen-
eral layer; the compression ratio can be stated as
C = ∑i 1∑i mi

. Our stratified treebanks give stable Cs
for layers of different lengths, as shown in Figure 5.
For the k-th layer of a sentence with n words, the
number of nodes to compute can be expected to be
Ck ⋅ n. Based on tree height K > 0, the expected
number of total parsing nodes is

K�
k=0 Ck ⋅ n = n ⋅ ∞�

k=0 Ck − n ⋅ ∞�
k=K+1 Ck < n

1 −C
.

The partial geometric series determines an empiri-
cally linear complexity on average.

Theoretically, the complexity has a quadratic
upper bound. The general layer with

mi = �������
M if i = j

1 otherwise

entails the second case, where mj is the only M -
ary branch in each layer. The nodes shape a triangu-
lar stratified tree with an O(n2) complexity. How-
ever, this case is rare, especially for long sentences

Algorithm 1: Combinatory Parsing
1 Function PARSE(e0∶n; t0∶n, l0∶k0∶nk

, o0∶k
0∶nk

or c0∶k
0∶nk+1):

2 x0
0∶n ← BiLSTMcxt(e0∶n)

3 for i← 0 to n − 1 do
4 t̂i ← FFNN tag(x0

i )
5 Ltag ← CROSS-ENTROPY(ti, t̂i)
6 for j ← 0 to k do
7 for i← 0 to nj − 1 do
8 l̂ji ← FFNN label(xj

i )
9 Llabel ← CROSS-ENTROPY(lji , l̂

j
i)

10 xj+1
0∶nj+1 ← COMPOSE(xj

0∶nj
; oj

0∶nj
or cj

0∶nj+1)
11 return t̂0∶n, l̂0∶k0∶nk

that should contain several concurrent phrases. Oth-
erwise, regression in Figure 4 should show signif-
icant O(n2) tendencies. (See Appendix A.1 for
more support and examples.)

Data structure. To summarize the data compo-
nents of a treebank corpus, we used four tensors
of indices for 1) words, 2) POS tags, 3) stratified
syntactic labels, 4) stratified orientations, or 5) strat-
ified chunks,

�x0∶n, t0∶n, l0∶k0∶nk
, o0∶k

0∶nk
or c0∶k

0∶nk+1�j ∈D,

where n is the length of the j-th sentence, k indi-
cates the k-th layer of the stratified data, and nk

is the layer length. “:” indicates a range of a se-
quence.

3.2 Combinatory Parsing

Our models comprise four feedforward (FFNN)
and two bidirectional LSTM (BiLSTM) networks
to decompose parsing into collaborative functions,
as shown in Algorithm 1. During training, we use
teacher forcing. In the inference phase, the super-
vised signals behind all semicolons are ignored; the
predicted signals serve as their substitute.

Input e0∶n is an embedding sequence indexed by
x0∶n. In lines 2–5, the model prepares a contextual
sequence for the combinator and predicts the lexi-
cal tags. Lines 6–10 describe the layer-wise loop
of the combinator.

The tagging and labeling functions, FFNNtag

and FFNNlabel, are 2-layer FFNNs. Their first layer
is shared, creating a hidden layer necessary for pro-
jecting diversified situations in the manifold to the
non-zero logits for the argmax decision. The core
function COMPOSE4 is either a binary Algorithm 2
or a multi-branching Algorithm 3.

4COMPOSE with BiLSTM cannot be parallelized to O(1).
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Algorithm 2: Binary Compose
1 Function COMPOSE(xj

0∶nj
; oj

0∶nj
):

2 hj
0∶nj
← BiLSTMori(xj

0∶nj
)

3 for i← 0 to nj − 1 do
4 ôj

i ← FFNNori(hj
i)

5 Lori ← HINGE-LOSS(oj
i , ô

j
i)

6 if i > 0 and ôj
i−1 + (1 − ôj

i ) > 0 then
7 Append BINARY(ôj

i−1, ôj
i , xj

i−1, xj
i) to xj+1

8 return xj+1
0∶nj+1

9

10 Function BINARY(oL, oR, xL, xR):
11 if oL + (1 − oR) = 1 then // relay
12 return oL ⋅ xL + (1 − oR) ⋅ xR

13 else // vector interpolation
14 �← � FFNNbinary(xL ⊕ xR)
15 return �⊙ xL + (1 − �)⊙ xR

Algorithm 3: Multi-branching Compose
1 Function COMPOSE(xj

0∶nj
; cj

0∶nj+1):

2 �hj
0∶nj

, �hj

0∶nj
← BiLSTMchk(xj

0∶nj
)

3 Pad �hj
0∶nj

with �hj−1 and �hj

0∶nj
with �hj

nj

4 for i← 0 to nj do
5 ĉj

i ← FFNN chk(�hj
i−1 ⊕ �hj

i )
6 Lchk ← HINGE-LOSS(cj

i , ĉ
j
i)

7 if ĉj
i = 1 then Append i to s // segment

8 if i < nj then
9 dj

i ← (�hj
i − �hj

i−1)⊕ ( �hj

i − �hj

i+1)
10 for i← 0 to �s� − 1 do
11 Append MULTI(dj

si ∶si+1 , xj
si ∶si+1) to xj+1

12 return xj+1
0∶nj+1

13

14 Function MULTI(dchk, xchk):
15 �chk ← Softmax( FFNNmulti(dchk))
16 return∑chk

i �i ⊙ xi

Binary model. In Algorithm 2, the orientation
function is hinted by BiLSTMori. A single-layer
FFNNori with a threshold reduces the outputs to an
integer of either 0 or 1 to indicate two possible ori-
entations. In function BINARY, when two adjacent
orientations agree as they sum to 2, their embed-
dings are combined by a combinatory operation. �
is the Sigmoid function, “⊕” represents concatena-
tion, and “⊙” represents pointwise multiplication.
(See Appendix A.3 for more binary variants.)

Multi-branching model. To resemble binary in-
terpolation, we use the Softmax function for each
chunk, as described in Algorithm 3. BiLSTMchk

is in place of BiLSTMori to hint FFNNchk emitting
chunk signals. Segment s splits xj

0∶nj
and dj

0∶nj
into

chunks of xchk and dchk. FFNNmulti and Softmax
turn dchk into attention �chk to interpolate vector
chunk xchk. Binary interpolation � is a special case

of the multi-branching �chk because Sigmoid and
Softmax functions are closely related.

To obtain the final tree representation, we apply
a symbolic pruner in the same bottom-up manner
to remove redundant nodes, expand the collapsed
nodes, and assemble the sub-trees based on the
neural outputs. (See Appendix A.4.)

4 Experiments

We follow previous data splits for PTB, CTB, and
KTB (See Appendix A.2). The preprocessing of
data is described in Section 3.1.

For the binary model, we explored interpolated
dynamic datasets by sampling two CNF factored
datasets. This is because of the following: 1) The
experiments with the non-CNF factors did not yield
any promising results; thus, we have not reported
them. 2) The language was loosely left-branched,
right-branched, or did not show a noticeable ten-
dency. Moreover, the use of a single static dataset
may introduce a severe orientation bias. 3) All fac-
tors are intermediate variables and equally correct.
We defined the sampling strategies with two static
CNF-factored datasets at certain ratios and named
each strategy in the format “L%R%” according
to the ratio percentages. Our experiments mainly
focus on binary model B because of the aforemen-
tioned property for training parsers more accurate
than multi-branching model M.

Our parsers do not contain lexical information
components (Liu and Zhang, 2017c; Kitaev and
Klein, 2018). Instead, we use fastText (Bojanowski
et al., 2017) because we can obtain pre-trained
models easily for many languages or train new
ones from scratch with the corpora at hand. We
examined its influence in Section 4.2, whereas the
official pre-trained embeddings are the default.

Meanwhile, pre-trained language models are use-
ful for various tasks, including constituency pars-
ing (Kitaev and Klein, 2018, 2020; Zhou and Zhao,
2019; Yang and Deng, 2020; Mrini et al., 2020).
We chose XLNet (Yang et al., 2019) to compare
with the static fastText embeddings. Specifically,
either a 1-layer FFNN (/0) or an n-layer BiLSTM
(/n+) was used to convert the 768-unit output to our
model size. We used a GeForce GTX 1080 Ti with
11 GB and a TITAN RTX with 24GB memory only
for tuning XLNet.

The model size for vector compositionality was
set at 300. The hidden sizes for labeling, orien-
tation, and chunking were 200, 64, and 200, re-
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Figure 6: Grid search with an interval of 0.1 in a space
of (tag, label, orientation) loss coefficients. The best
was (0.2, 0.3, 0.5) indicated by an arrow.

spectively. Different numbers of layers of the
BiLSTMcxt (/n) were explored, and the default
was six layers. HINGE-LOSS was the default cri-
terion for orientation while binary cross-entropy
(BCE-LOSS) was tested. The coefficients of the
three losses were explored and the default were
L = 0.2 ⋅Ltag + 0.3 ⋅Llabel + 0.5 ⋅Lori (or chk).
4.1 Overall Results
Table 3 lists the parsing accuracies and speeds of
the single models in ascending order according to
their F1 scores for the PTB corpus. The transition-
based parsers with O(n) complexity appear at the
top of the table, followed by other types of mod-
els, and the chart parsers running in O(n3) time
are at the bottom of the table. The models exhib-
ited similar trends for the CTB. Shen et al. (2018)
and our models belong to type O and have similar
complexities. Generally, the accuracy follows the
complexity, whereas the speed roughly follows the
year of publication rather than complexity or type.

4.2 Comparison of Models
Models with fastText. We investigated the bi-
nary model through ablation. The impacts of fast-
Text are presented in the upper part of Table 4.
B/E does not require any external data beyond
PTB, which is comparable to models without a
pre-trained GloVe (Pennington et al., 2014).

Then, we replaced BiLSTMori with an FFNN to
examine its effect. The results are in the bottom
rows. The comparison proves whether the embed-
dings are collaborative for the orientation signals
because FFNN regards each input independently.

Finally, we used a grid search to explore the
hyperparameter space of our three-loss coefficients.
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Figure 7: Probabilistic interpolations of two CNF fac-
tors to F1 scores. The capacity of BiLSTMcxt is almost
saturated with 6 or 8 layers.

Figure 6 shows that the performance correlates to
the orientation loss the most, but it is not overly
sensitive to the hyperparameters.

Pre-trained language model. We compared the
results using frozen fastText with those using
frozen XLNet5 in Table 5. The accuracy of
the model increased along with the depth of
BiLSTMcxt, and it exhibited the most significant
increase across all variants. Owing to XLNet, our
complexities grew to O(n2).

We fine-tuned our models6 and compared them
with other parsers using fine-tuned language mod-
els. These are listed in Table 6.

4.3 Tree-Binarization Strategy

To reflect the branching tendency, our best sin-
gle model for PTB was obtained on the dynamic
L95R05 dataset. This dataset is a probabilistic in-
terpolation between the left-factored dataset (for
95% chances) and a right-factored dataset (for 5%
chances) in Figure 7. The best model for CTB ap-
peared on the left side at L70R30, scoring 86.14,
whereas the best for KTB was on the L30R70
dataset, scoring 87.05 with a 6-layer BiLSTMcxt.
Typically, the results for all the corpora had a mini-
mum at L50R50. For English, the left “wing” was
higher than the right; the opposite trend was ob-
served for Japanese. For Chinese, no clear trend
was obtained.

All studies described in the previous sections
were conducted on the PTB L85R15 dataset.

5XLNet tokenizes words into sub-word fractions. For the
frozen XLNet, using leftmost, rightmost, or averaged sub-
word embeddings as the word input yielded similar results.

6For the fine-tuned XLNet, using either the leftmost or
rightmost sub-word yielded similar results earlier. However,
averaging sub-words produced F1 scores under 94.
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Corpus Penn Treebank Chinese Treebank
Single Model Type sents/sec LP LR F1 Type LP LR F1
Watanabe and Sumita (2015) T↑ (32) - - - 90.7 T↑ (64) - - 84.3
Gómez-Rodrı́guez and Vilares (2018) O 898 - - 90.7 O - - 83.1
Cross and Huang (2016) T↑ (1) - 92.1 90.5 91.3 - - - -
Liu and Zhang (2017c) T↓ (16) 79.2 92.1 91.3 91.7 T↓ (16) 85.9 85.2 85.5
Stern et al. (2017) C 75.5 93.0 90.6 91.8 - - - -
Shen et al. (2018) O↓ (1) 111.1 92.0 91.7 91.8 O↓ (1) 86.6 86.4 86.5
Charniak and Johnson (2005) C - - - 92.1 - - - -
Ours (multi-branching) O↑ (1) 1122.6 92.1 92.1 92.1 O↑ (1) 86.0 84.7 85.3
Ours (binary) O↑ (1) 1327.2 92.8 92.3 92.5 O↑ (1) 85.8 86.2 86.0
Nguyen et al. (2020) O↓ (1) 130.2 92.8 92.8 92.8 - - - -
Kitaev and Klein (2018) C 212.5 93.9 93.2 93.6 C 91.9 91.5 91.7
Wei et al. (2020) O↓ (1) 155 94.1 93.3 93.7 O↓ (1) 89.9 87.4 88.7
Zhou and Zhao (2019) C 226.3 93.9 93.6 93.7 C 92.3 92.0 92.2
Zhang et al. (2020) C 1092 94.2 94.0 94.1 C 89.7 89.9 89.8

Table 3: Single-model results on PTB and CTB test datasets sorted by the F1 scores on PTB. Transition-based
parsers, chart parser, and others are marked as T, C, and O, respectively; ↑ and ↓ denote bottom-up and top-down.
The number in brackets indicates the beam size. Kitaev and Klein (2018) used Tesla K80, and the CTB scores are
cited from Kitaev et al. (2019). Zhou and Zhao (2019) used GeForce GTX 1080 Ti (same condition).

Var Specification F1
B/e without fastText initialization. 91.73
B/✏ with tuned official fastText. 91.69
B/E with frozen fastText from PTB. 92.31
B/F BiLSTMori into FFNN�ori. 88.97
B/L BiLSTMori with BCE-LOSS. 92.32

Table 4: Results of ablation studies on fastText (top)
and BiLSTMori (bottom) of the binary model.

Frozen fastText Frozen XLNet
Var F1 sents/sec F1 sents/sec
B/0 65.02 1386.6 89.24 411.2
B/2 91.34 1350.0 93.74 398.4
B/6 92.54 1327.2 93.89 382.7

Table 5: Effectiveness of using frozen static word em-
beddings or dynamic sub-word language model and
corresponding peak speed.

4.4 Complexity and Speed

To test our linear speed advantage, we inflated our
training data with redundant nodes to resemble the
triangular chart of CYK algorithm, as depicted in
Figure 8 and Table 7. The parse in the triangular
treebank has the worst-case complexity of O(n2).
Meanwhile, training with linearity halved the train-
ing time, reduced memory usage, and canceled the
length limit for our three corpora. There is a sheer
difference between linearity and squared complex-
ity.

Fine-Tuned Model F1 sents/sec Type
Kitaev and Klein (2018) 95.13 70.8 C
Kitaev and Klein (2020) 95.44 1200 T
Nguyen et al. (2020) 95.48 - O↓
Zhang et al. (2020) 95.69 - C
Wei et al. (2020) 95.8 - O↓
Zhou and Zhao (2019) 96.33 64.8 C
Yang and Deng (2020) 96.34 71.3 T
Mrini et al. (2020) 96.38 59.2 C
B/0 (XLNet+FFNN) 95.72 411.2 O↑
B/2 (XLNet+BiLSTM) 94.67 398.4 O↑
M/0 (XLNet+FFNN) 95.44 369.4 O↑

Table 6: Improvements with pre-trained language mod-
els. We used a greedy search algorithm on single
GeForce GTX 1080 Ti. Rows 6–8 are reported by Yang
and Deng (2020) using GeForce GTX 2080 Ti. Kitaev
and Klein (2020) used a cloud TPU with a beam search
algorithm and a larger batch size.

5 Discussion

5.1 Model Structure

Our parsers comprise a neural encoder for scoring
(i.e., Algorithm 1) and a non-neural decoder for
searching. The decoder is a symbolic extension of
the encoder in that both run in bottom-up manner,
and the decoder interprets the scores as local-and-
greedy decisions. Other neural parsers also fit a
similar encoder–decoder framework. However, de-
coders with dynamic programming often include
forward and backward processes heterogeneous to
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Figure 8: Linear complexity vs. squared complexity.
Redundancy with placeholder “<0>” helps maintain
the triangular shape.

Format Time/150 Memory OOM
Stratified 7.5 hours 3.3 GB -

Triangular 15.9 hours 8.2 GB 100

Table 7: Training time and memory consumed by our
two data formats. The time column indicates the time
used for 150 training epochs with validations. Devel-
opment F1 scores are approximately 92.4. The OOM
column lists the length limit for preventing an out-of-
memory error. Kitaev and Klein (2018) took 10 hours
for 93 training epochs on our GeForce GTX 1080 Ti to
yield their results.

their forward encoders (Kitaev and Klein, 2018,
2020). The encoder and decoder in our model
and Shen et al. (2018) are more homogeneous and
can be easily merged. Our parsers are bottom-up
combinatory, while theirs was top-down splitting.
Similar homogeneity can be found in an easy-first
dependency parser (Goldberg and Elhadad, 2010).

Input component. In terms of encoder, Tables
4–6 examine the impact of BiLSTMcxt with fast-
Text or XLNet, and the following conclusions can
be drawn. 1) The top rows of Table 4 suggest that
frozen fastText embeddings contain sub-word in-
formation, whereas tuning them disturbs the frozen
information because the n-gram model is not part
of our model. 2) Table 5 shows that the deeper
the contextualization BiLSTMcxt (or XLNet), the
better the results. 3) Tables 5 and 6 indicate that the
tuning process for the pre-trained language mod-
els (Peters et al., 2018; Devlin et al., 2019; Yang
et al., 2019) achieves a significant improvement.

Speed and size. One of our research goals was
to achieve simplicity and efficiency. In terms of
speed, our models parallelize more actions than
transition-based parsers and have fewer computing
nodes than chart parsers. In terms of size, our
models contain approximately 4M parameters in
addition to the 13M fastText (or 114M XLNet)
pre-trained embeddings, which is fewer than those
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Figure 9: XLNet provides an overall improvement for
all models and length bins. All models find it challeng-
ing to handle long sentences.

of Shen et al. (2018, 22M+) and Kitaev and Klein
(2018, 26M). The recursiveness and productiveness
of vector compositionality should account for the
compact size.

Vector compositionality. The performance of
FFNN�ori is inferior to that of its RNN counterparts,
suggesting that some information might not be en-
coded locally. Thus, the COMPOSE function should
remain in a contextual form to collaboratively lever-
age the whole layer. However, BiRNN might still
be a bottleneck for long-range orientation, as sug-
gested in Figure 9. BiLSTMchk is a major weak-
ness of the multi-branching model, especially for
longer sentences.

5.2 Tree Binarization and Headedness

Tree binarization. Probabilistic interpolation
with two CNF-factored datasets is effective for the
three languages studied, as shown in Figure 7. Dy-
namic sampling allows the model to cover a wider
range of composed vectors to improve its robust-
ness to ambiguous orientations. Furthermore, it
seems counterintuitive for human learners to obtain
the best model using left-biased interpolation for a
right-branching language or vice versa. However,
for a neural model, balancing the frequency seems
to be the key factor for improving performance
(Sennrich et al., 2016; Zhao et al., 2018). The fact
that the L50R50 dataset yielded the worst models
also suggests that the balance should be based on
a default orientation tendency. This could also be
the reason why mid-in or mid-out did not improve
the model.

Headedness. Figure 10 show the intermediate
parses on the same sentence from our two models.
They are typical examples in the output.

The binary model first combines determiners
and their right neighbors rather than adjectives and
nouns in noun phrases (blue spans). It also post-
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   VBG    DT   JJ     NNS  IN    NN    NNS VBZ VBN DT  JJ  NN   RB  .
Predicting the financial results of computer firms has been a  tough job  lately .
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    %           %          62%      NP(38%) %  57%     NP(21%)  22% %
    %      !""""'""""""#    %     !""$""#   %   %   !"""'"""#    %  %
    %     48%  18%    34%   %    55%   45%  %   %  47% 20% 34% ADVP %
    %      %    %      %    %     %     %   %   %   %   %   %    %  %
   VBG    DT   JJ     NNS  IN    NN    NNS VBZ VBN DT  JJ  NN   RB  .
Predicting the financial results of computer firms has been a  tough job  lately .

Figure 10: English internal constituents (top) and head-
edness (bottom) from our two models.

Parent (#) Head child by maximum weight
NP (14.4K) DT (4.5K); *NP (4.3K); *NNP (1.6K);

*JJ (922); *NN (751); *NNS (616);
etc. (1.6K; 38 of 50 types with “*”)

VP (6.8K) VBD (1.5K); VB (1.4K); VBZ (1.0K);
VBN (954); VBP (705); MD (523);
VBG (387); VP (169); TO (81); etc.

PP (5.5K) IN (5.0K); TO (397); etc.
S (3.8K) VP (3.4K); S (194); NP (90); etc.
SBAR (1.2K) IN (649); WHNP (395); WHPP (19);

WHADVP (121); SBAR (15); etc.
ADVP (278) RB (181); IN (30); RBR (25); etc.
QP (198) CD (67); IN (65); RB (29); JJR (16);

Table 8: English headedness selection with our multi-
branching model on PTB test set. “*” marks the ab-
sence of a DT child for its NP sisters. For quantifier
phrases (QP), some non-quantifiers are more likely to
be heads if they appear; e.g., adverbs (RB; e.g., “ap-
proximately”), prepositions (IN; e.g., “about”), and rel-
ative adjectives (JJR; e.g., “more than”).

pones the combination with adjuncts such as punc-
tuation and adverb (red spans). The high frequen-
cies of determiners in noun phrases make them
great attractors.

On the other hand, the multi-branching model
places close attention on what the syntactic head is
supposed to be. In the noun phrases, determiners
receive the highest weight averages (red), and the
nouns obtain the second (blue). This phenomenon
suggests that an English noun phrase’s syntactic
role is mainly projected from the determiners, as
discussed by Zwicky (1985). Table 8 provides
more statistical support. For example, the model
selects DT as an NP head if it is available; other-
wise, nouns and adjectives are prominent heads.
Chinese and Japanese parsers work similarly for
their headedness. (See Appendix A.5.)

(Forced root→) S
┌──────┬─────┬─┴─┬────┬─────┬─┐
        (stop iteration)
│     NP     │   │   NP     │ │
│      │     │   │    │     │ │
│     NP     │   │   NP     │ │
│    ┌─┴─┐   │   │ ┌──┴──┐  │ │
``  JJ  NN  VBD IN DT  NN  JJ . 
 ``  Margin  debt   was    at    a   record  high  . 

Figure 11: Failed parse from the multi-branching
model. The model stops parsing and saves computa-
tions when it repeats the same chunking positions.

5.3 Error Analysis
The rate of an invalid parse is the last topic that
we consider for our parsers. For the binary parser,
fatal errors, such as frame-breaking orientations,
appear at an early stage of training. However, the
late 90% of training time contains very few errors,
and our binary model is free from invalid parsing
on the test set. For the multi-branching parser, it is
observed that 11 out of 2,416 test parses are forests
rather than parse trees when they are trained with
fastText. However, the multi-branching parser with
fine-tuned XLNet reduces the error count on the
test set to 1.

We present a failed multi-branching parse with
fastText, as shown in Figure 11. The postnominal
adjective “high” is uncommon for English. Be-
cause the model did not group it with the adjacent
“a record” to form an NP, the error propagated to
higher layers (e.g., no PP as an adjunct to form a
VP), causing the bad parse. It implies that the multi-
branching model requires an appropriate predict-
argument configuration to chunk.

6 Conclusion

We proposed a pair of neural combinatory con-
stituency parsers. The binary one yields F1 scores
comparable to those of recent neural parsers. The
multi-branching one reveals constituency headed-
ness. Both are simple and efficient with relatively
high speeds. We also leveraged a pre-trained lan-
guage model and CNF factors to increase the ac-
curacy. We reflected the branching tendencies of
three languages.
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Figure 12: Examples used in the content. A flat tree is
binarized with four factors. The binarization of CNF-
left, CNF-right, or nCNF-midin creates binary trees
with a single dependency core (i.e., a single sub thread),
whose O(n2) complexity is the same with the tree with-
out binarization in the lower left. Most nodes are relay-
ing nodes. Meanwhile, nCNF-midout enables concur-
rent phrases with O(n) complexity (i.e., multiple sub
threads). However, the division tends to break a con-
stituent into ungrammatical pieces, which confuses the
model and does not lead to improvement.

       X
   !""#$#"#"%
   X  X X X X
 !"$% & & & &
 X  X X X X X
!$% & & & & &
X X X X X X X

        X
     !""$""%
     X    sub
   !"$%    &
   X  X   sub
  !$% & !"#$#"%
  X X X X X X X

Figure 13: Adding sub nodes to make flat structure
more efficient. Using the strategy as a new dynamic
dataset also brings multi-branching model M a stable
accuracy improvement with an F1 score of 92.36 on
PTB. However, it has nothing to do with linguistic prop-
erties. We save it for a future study.

A Appendices

A.1 Compression Ratios and Linearity

Figure 12 presents examples for tree binarization
and the worst case of O(n2) complexity. Figure 14
shows the overall linear data complexities in the
three languages. Figures 15 & 16 and Table 9
indicate that, given a language and a factor, the
compression ratio is stable and seldom affected by
the sentence length.

The regressions for PTB and CTB show weak
O(n2) tendencies; the quadratic coefficients can be
either positive or negative. Meanwhile, KTB falls
into the worst case, as shown in Figure 14. This
is because KTB trees tend to have a flat structure

on the right side of parses, as illustrated in Figure
17. Relaying nodes in the flat structure never com-
bine until the final layer, creating strong O(n2)
tendencies. As a result, all KTB datasets fall into
the worst case, especially when binarized with the
CNF-left factor.

A preprocess that groups the flat structure into
the sub category can prevent considerable quadratic
impacts on all datasets. All O(n2) tendencies are
largely weakened across three corpora, and all lin-
ear coefficients drop significantly, as illustrated on
the right of Figure 14. The preprocess cannot erad-
icate the worst case in KTB. However, all linear
coefficients’ magnitudes are at least hundreds of
times larger than those of the quadratic terms. In
our sub-quadratic case, 200 words lead to approx-
imately 1.5K nodes. Meanwhile, a sentence with
n words has a triangular chart with n(n+1)

2 nodes,
whose quadratic coefficient is 0.5. In this case, 200
words lead to approximately 20K nodes.

A.2 Experiment Setting

The treebanks PTB and CTB have been widely
used for experiments. For PTB, sections 2-21 were
used for training, section 22 for development, and
section 23 for testing. For CTB, articles 001-270
and 440-1151 were used for training, 301-325 for
development, and 271-300 for testing. There is
no widely accepted data split for the KTB corpus,
except for some probabilistic divisions, because
KTB contains mixed data from sources such as
newswires, book digests, and Wikipedia. We ran-
domly reserved 2,075 samples for development,
1,863 samples for testing, and the remaining 3.3
million as training samples. Few sentences in
the training sets were longer than 100 words (3
of 40K in PTB; 96 of 17K in CTB; 55 of 33K
in KTB). Frozen English (wiki.en.bin), Chinese
(cc.zh.300.bin), and Japanese (cc.ja.300.bin) em-
beddings were used for PTB, CTB, and KTB, re-
spectively7. We fed fastText with the PTB text to
train cbow instead of skipgram embeddings for
B/E with their default settings for 50 epochs.

The batch size was 80, and sentences longer
than 100 words were excluded for the triangular
data to avoid out-of-memory (OOM) errors on a
single GeForce GTX 1080 Ti with 11 GB. We froze
XLNet to train our model and then tuned XLNet
from the 5-th epoch. We doubled the batch size at
the inference phase to 160.

7https://fasttext.cc/
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Figure 14: Left: the empirical complexities related to Figures 15 & 16. Linear regressions are shown on a light
blue background when the quadratic terms are negative. Right: resultant complexities after a preprocessing that
groups the flat structure into sub-constituent before stratification. (See Figure 13.)

Factor Left Right Midin Midout Multi.
All layers

PTB 0.77 ±0.11 0.79 ±0.11 0.78 ±0.11 0.77 ±0.11 0.73 ±0.20
CTB 0.77 ±0.11 0.77 ±0.11 0.76 ±0.11 0.74 ±0.11 0.70 ±0.20
KTB 0.82 ±0.12 0.75 ±0.12 0.79 ±0.12 0.73 ±0.12 0.69 ±0.29

Layers longer than 40
PTB 0.78 ±0.04 0.80 ±0.04 0.77 ±0.04 0.74 ±0.04 0.69 ±0.08
CTB 0.79 ±0.04 0.80 ±0.04 0.78 ±0.04 0.77 ±0.04 0.76 ±0.07
KTB 0.90 ±0.04 0.80 ±0.05 0.86 ±0.04 0.77 ±0.06 0.84 ±0.07

Table 9: Mean and standard deviation of compression ratios of Figures 15 & 16. Longer layers have converged
deviations. The last column came from the multi-branching treebanks without a binarizing factor.

We used the Adam optimizer with a default learn-
ing rate of 10−3, while we opted for the XLNet’s
Adam hyperparameters when tuning the pre-trained
XLNet (e.g., their learning rate was 10−5). We
adopted a warm-up period for one epoch and a lin-
ear decrease after the 15-th decrease since the last
best evaluation. The recurrent dropout rate was
0.2; other dropout probabilities for FFNNs were
set to 0.4. For model selection, the training process
terminated when the development set did not im-
prove above the highest score after 100 consecutive
evaluations. The Evalb program8 was used for F1
scoring.

We demonstrated score profiles for our main
models in Table 10. The discrepancy in F1 scores
and difference between precision and recall are
relatively small on the PTB development and test
sets.

A.3 Variants of Binary Compose

If we choose the relay instruction in line 12 of
Algorithm 2, additive vector compositionality is
retained (Mikolov et al., 2013) as the naı̈ve ADD

8https://nlp.cs.nyu.edu/evalb/

Input Development Test
Comp. M. F1 P −R F1 P −R

Frozen B 92.50 0.00 92.54 +0.56
fastText M 92.10 −0.35 92.10 −0.03
Tuned B 95.64 −0.05 92.72 +0.19
XLNet M 95.34 −0.15 92.44 +0.30

Table 10: F1 scores and differences in precision and
recall (P −R) on the PTB development and test sets.

variant in lines 5–6 of Algorithm 4. The model can
infer a full tensor tree; however, ADD causes the
vector magnitude to increase with the tree height
cumulatively. This is unwanted in the recurrent or
recursive neural network.

Therefore, we examined a learnable FFNNmulti

with Sigmoid activation to perform gate-style in-
terpolation in five variants NS, NV, CS, CV, and
BV as described in lines 8–17. When a variant
takes no input and produces a scalar interpolation
parameter �, we consider this case NS. (“�” is a
placeholder for no input.) Meanwhile, CV indi-
cates concatenated input and vectorized interpola-
tion. BV is a variant that involves a biaffine tensor
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Figure 15: Binarized corpora with four factors. Curved tiers can be observed in each plot. For example, the
leftmost tier is composed of n−1

n
(followed by n−2

n
, n−3

n
, and so on). The dots in this tier range from a high

compression ratio of 0.5 to the least efficient ones in their corpus. Efficient dots are more populated, judging by
their sizes and colors. All statistics yield stable means, which are also presented in Table 9.
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Figure 16: Multi-branching corpora. Curved tiers appear more symmetric and all statistics still yield stable means.

Algorithm 4: Binary Compose Variants
1 Function BINARY(oL, oR, xL, xR; Var):
2 x← oL ⋅ xL + (1 − oR) ⋅ xR

3 if oL + (1 − oR) = 1 then // relay
4 return x
5 else if Var is ADD then // ADD
6 return x
7 else
8 if Var is NS or NV then // No input
9 �← � FFNNbinary(�)

10 else if Var is CS or CV then // Concat. . .
11 �← � FFNNbinary(xL ⊕ xR)
12 else if Var is BV then // Biaffine
13 �← � FFNNbinary(xL, xR)
14 if Var is NV, CV, or BV then // Vector �
15 x← �⊙ xL + (1 − �)⊙ xR

16 else if Var is NS or CS then // Scalar �
17 x← � ⋅ xL + (1 − �) ⋅ xR

18 return x // NS NV CS CV BV

operation. CV is our default BINARY variant; the
experiments for these variants are presented in Ta-
ble 11.

In terms of the F1 score, the most competitive
variants of CV are BV and NV, suggesting that fine

Var Specification F1
BV Biaffine inputs for vector �. 92.53
CV xL ⊕ xR as input for vector �. 92.54
CS xL ⊕ xR as input for scalar �. 91.83
NV No input; bias vector �. 92.36
NS No input; bias scalar �. 91.95

ADD xL + xR 91.86

Table 11: Compositionality of the BINARY function.

interpolation can effectively facilitate vector com-
positionality. The similarity in results of CS, NS,
and ADD validate this suggestion. This indicates
that vector compositionality is not as trivial as an
additive function at the scalar level, and a matrix
operation is sufficient. BV is the costliest variant
with a tensor operation that runs very slowly (30
sents/sec).

A.4 Recovering Symbolic Tree

To obtain the final tree representation, we initial-
ized the working place with leaves of words and

2212



Algorithm 5: Recovering a Symbolic Tree
1 Function REC(x0∶n, t0∶n, lk0∶nk

, ok
0∶nk

or ck
0∶nk+1):

2 for i← 0 to n − 1 do
3 treei ← TREE(ti, xi)
4 for j ← 0 to k − 2 do
5 if binary parsing then // BINARY
6 for i← 0 to nj − 1 do
7 if oj

i + (1 − oj
i+1) = 2 then

8 Combine treei∶i+2 under lj+1
parent of (i,i+1)

9 else // MULTI-BRANCHING
10 foreach chk in cj

0∶nj+1 do
11 Combine treechk under lj+1

parent of (chk)
12 Expand unary and flatten sub labels for tree0

13 return tree0
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Translation: For this reason, the Tang dynasty’s (の) ancestors (祖師たち/は-subject) have come to 
realize (悟っ) it through struggles (苦闘/を-object).

Figure 17: Chinese (top) and Japanese (bottom) parses
from the multi-branching model.

predicted POS tags. Two symbolic rules were used
to modify the labels and construct sub-trees, as de-
scribed in Algorithm 5. 1) The collapsed unary
branches were expanded to their original structure
by splitting at the plus marks (e.g., SBAR+S into
SBAR and S). 2) ‘the label is a sub’ excluded the
repeated labels and relayed sub-trees. These rules
enabled a single tree0 as the final output.

A.5 Chinese and Japanese Headedness

Figure 17 presents two non-English parses from
the multi-branching model. Both the Chinese and
Japanese languages possess functional markers that
receive high attention (percentage and words in
red), such as the second character tagged with BA
in Chinese, and Japanese case markers tagged with
PP. Interestingly, the Chinese verb (i.e., the one
meaning “awarded”) received the highest attention,
whereas Japanese verbs (i.e., two sub-words tagged

with VB) did not. We supposed the reason behind
this is that Japanese sentences drop the VBs and
other heads more often than Chinese. The coor-
dinated NPs in the Chinese parse (i.e., two words
meaning “head” and “director”) received equal at-
tention weights.

Moreover, two trees show their branching ten-
dencies: Chinese is midin-alike; Japanese is a left-
branching language, and KTB has a large flat struc-
ture on the right.
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Abstract

Having numerous potential applications and
great impact, end-to-end speech translation
(ST) has long been treated as an independent
task, failing to fully draw strength from the
rapid advances of its sibling - text machine
translation (MT). With text and audio inputs
represented differently, the modality gap has
rendered MT data and its end-to-end models
incompatible with their ST counterparts. In ob-
servation of this obstacle, we propose to bridge
this representation gap with Chimera. By pro-
jecting audio and text features to a common
semantic representation, Chimera unifies MT
and ST tasks and boosts the performance on
ST benchmarks, MuST-C and Augmented Lib-
rispeech, to a new state-of-the-art. Specifically,
Chimera obtains 27.1 BLEU on MuST-C EN-
DE, improving the SOTA by a +1.9 BLEU
margin. Further experimental analyses demon-
strate that the shared semantic space indeed
conveys common knowledge between these
two tasks and thus paves a new way for aug-
menting training resources across modalities.
1

1 Introduction

Speech-to-text translation (ST) takes speech input
in a source language and outputs text utterance in
a target language. It has many real-world applica-
tions, including automatic video captioning, simul-
taneous translation for international conferences,
etc. Traditional ST approaches cascade automatic
speech recognition (ASR) and machine translation
(MT) (Sperber et al., 2017, 2019; Zhang et al.,
2019; Beck et al., 2019; Cheng et al., 2019). How-
ever, cascaded models often suffer from the issues
of error propagation and translation latency. As a
result, there have been a series of recent attempts
on end-to-end speech-to-text translation (Liu et al.,

1All codes, data, and resources will be made released at
https://github.com/Glaciohound/Chimera-SLT.

2019, 2018; Weiss et al., 2017; Bérard et al., 2018;
Duong et al., 2016; Jia et al., 2019; Dong et al.,
2021b; Wang et al., 2020b). The end-to-end ap-
proaches learn a single unified model, which is
easier to deploy, has lower latency and could po-
tentially reduce errors.

However, it remains a challenge for end-to-end
ST to catch up with their cascaded counterparts
in performance. We argue that the root cause is
the gap between the two modalities, speech and
text. Although they both encode human languages,
they are dissimilar in both coding attributes (pitch,
volume, and intonation versus words, affixes, and
punctuation) and length (thousands of time frames
versus tens of words). This issue is further coupled
with the relatively smaller amount of parallel data
for ST than for MT.

To tackle these challenges, we resort to making
use of the additional available bilingual data for
MT. Our hypothesis is, to better leverage MT data,
an ideal model should be able to bridge the repre-
sentations between speech and text. Motivated by
this intuition, we propose Chimera, a text-speech
shared semantic memory network. It learns a se-
mantic memory by projecting features from both
modalities into a shared semantic space. This ap-
proach unifies ST and MT workflows and thus has
the advantage of leveraging massive MT corpora
as a side boost in training. It can also use speech-
text pairs to align the semantic memories from two
modalities.

This idea of a unified text-speech representa-
tion also finds its neural basis as suggested by
recent evidence from functional neuroimaging
(van Atteveldt et al., 2004; Spitsyna et al., 2006;
Shankweiler et al., 2008). Specifically, van At-
teveldt et al. (2004); Spitsyna et al. (2006) iden-
tifies certain regions in brain that the processing
stream for speech sounds and visual texts converge
at. Shankweiler et al. (2008) further verifies that
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the size of such convergence sites correlates pos-
itively with the subjects’ reading skills. Coinci-
dentally, at these convergence sites also found re-
gions responsive to downstream activities such as
lexical and semantical word recognition (Binder
et al., 2003) and spontaneous generation of speech
(Blank et al., 2002). The evidence establishes the
pivotal role of a modality-agnostic converged rep-
resentation in language activities in brain.

This intuition lacks exploration in previous stud-
ies, with only a few exceptions (Indurthi et al.,
2019; Liu et al., 2020), possibly due to the difficul-
ties aforementioned and marginal improvements.

Our results show that Chimera achieves new
state-of-the-art results on all of 8 translation di-
rections in the benchmark datasets MuST-C and
Augmented LibriSpeech. Specifically, Chimera
obtains a 27.1 BLEU score on MuST-C EN-DE,
which surpasses the best result ever reported by up
to +1.9 BLEU. We also provide results under varia-
tions and ablations and validate our model design
ideas by detailed analysis, as well as visualizing
the semantic space Chimera has learned.

Our work makes the following contributions.
First, we propose Chimera, which is able to bridge
the modality gap between speech and text. Second,
we derive a novel bi-modal contrastive training task
to learn an alignment between semantic memories
of two modalities. Finally, Chimera achieves a
new state-of-the-art performance on the MuST-C
benchmark and demonstrates its efficacy in learn-
ing modality-agnostic semantic representations.

2 Related Work

End-to-end ST Since its first proof-of-concept
work (Bérard et al., 2016; Duong et al., 2016), solv-
ing Speech Translation in an end-to-end manner
has attracted extensive attention (Vila et al., 2018;
Salesky et al., 2018, 2019; Di Gangi et al., 2019b;
Bahar et al., 2019a; Di Gangi et al., 2019c; In-
aguma et al., 2020). Standard training techniques
such as pretraining (Weiss et al., 2017; Bérard
et al., 2018; Bansal et al., 2018; Stoian et al., 2020;
Wang et al., 2020a; Pino et al., 2020), multi-task
training (Vydana et al., 2021; Le et al., 2020; Tang
et al., 2021), meta-learning (Indurthi et al., 2019),
and curriculum learning (Kano et al., 2018; Wang
et al., 2020b) have been applied. As ST data are
expensive to collect, Jia et al. (2019); Pino et al.
(2019); Bahar et al. (2019b) augment synthesized
data from ASR and MT corpora. Methods utiliz-

ing trained models, such as knowledge distillation
(Liu et al., 2019) and model adaptation (Di Gangi
et al., 2020), have also been shown to be effective.
Among these attempts, (Indurthi et al., 2019; Le
et al., 2020; Liu et al., 2020) are most related to
ours, as they also attempt to train models on ASR
or MT data. However, they both lack pivotal mod-
ules in model design to semantically bridge the gap
between audio and text, and could thus suffer from
modality mismatch in representations.

Cascaded ST The cascaded method is a more
long-standing trend in ST (Sperber et al., 2017;
Jan et al., 2018). To alleviate its innate problem
of error propagation, Cheng et al. (2018, 2019)
introduce synthetic ASR-related errors and pertur-
bations. On the other hand, some post-processing
techniques such as re-segmentation (Matusov et al.,
2006), punctuation restoration (Fügen, 2008), and
disfluency detection (Fitzgerald et al., 2009) are
proposed to fix flaws or errors that occurred during
the translation.

Cross-Lingual Techniques Techniques in multi-
lingual tasks is also related to ours, as they aim at
extracting common features out of sources from
different representations (which, in this case, is
language diversity) as well. However, multilingual-
ism lacks key difficulties as observed in audio-text
modality gap as discussed before. (Lu et al., 2018)
and (Vazquez Carrillo et al., 2019) are early at-
tempts by building an LSTM-based attentional in-
terlingua. Yu et al. (2018); Yang et al. (2019) uses
a similar cosine-based loss for multilingual train-
ing. Zhu et al. (2020) is probably more similar
in method to ours, but Chimera is more simple in
terms of model and objectives, and the memories
in Chimera are additionally designed to focus on
specific semantic categories.

3 Proposed Method: Text-Speech Shared
Semantic Memory Network

3.1 Speech Translation Overview

An ST corpus usually consists of a set of triplet
data S = {(xi, zi,yi)}. Here xi is the audio wave
sequence, zi is the transcript sequence and yi is
the translation sequence in the target language. As
a benefit of shared semantic projection, Chimera
is able to leverage large-scale MT training corpora
T = {(ui,vi)}, where ui and vi are the source
and target text sequences.
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Figure 1: An overview of the proposed Chimera. The Encoder Module contains Word embedding for text input,
and Wav2vec2 sub-module for speech input. The shared semantic projection Module uses its memory query to
produce semantic memory with fixed-size representation from contextual features. The Decoder Module decodes
translation from the semantic memory.

Figure 2: Besides MT and ST translation loss, we adopt
a bi-modal contrastive loss to help aligning the seman-
tic memories from text and speech. In short, among
semantic memory elements from both sides of paired
speech and transcript, the contrastive loss maximizes
the cosine similarity between the same semantic mem-
ory element.

3.2 Chimera Architecture

Figure 1 illustrates the structure of Chimera. It
consists of three major components, an encoding
module, a shared semantic projection module, and
a decoding module.
Encoding Module Different from that of a conven-
tional ST model, the encoding module of Chimera
accepts either speech or text as input. For text
input, we use word embeddings plus positional em-
beddings. For speech input, we use a pretrained
Wav2Vec2 (Baevski et al., 2020) to extract speech
features. As the speech features can be very long,
we apply an additional 1-dimensional strided CNN
to reduce the length. Both speech and text branches
share a common subsequent Transformer encoder
(Vaswani et al., 2017). The final output of the en-

coding module is contextual features.
Shared Semantic Projection Module Shared se-
mantic projection plays a pivotal role in Chimera.
The contextual features of speech and text may fol-
low different distributions and of different lengths.
Ideally, the shared semantic projection computes a
constant number of semantic features as its output
semantic memories.

This module take the contextual features out
from the encoding module as input and then output
semantic memories of fixed length m. It consists
of n attentional layers. It keeps a tuple of m train-
able input-dependent memory queries to indicate
the types of desired semantic information, which
is used as the initial “memories”. Uni-modal con-
textual features serves as attention “keys” and “val-
ues”, while memories serves as attention “queries“.
Memories are iteratively fed to the n shared seman-
tic projection layers, with each layer output used
as input to next layer. The final output is used as
the semantic memory.

I0 = M0 ∈ Rm×d (1)

Ki = Vi = Ĥ ∈ Rl×d (2)

Ii+1 = Oi = Attn(Ii,Ki,Vi) ∈ Rm×d (3)

where M0, Ĥ, Ii and Oi denote the memory
queries, contextual features, the input, and the out-
put of each layer, respectively. l is the length of
contextual features. d is the shared vector dimen-
sion. The top-most output On is finally fed into the
decoding module.
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Decoding Module The decoding module contains
a conventional Transformer decoder. The only dif-
ference is that the input is the fixed-size On, which
can possibly come from either speech or text.

3.3 Training Objectives

The training objective of Chimera consists of three
aspects, with their supervision signals coming from
speech-to-text translation data {(xi,yi)}, text ma-
chine translation data ({uj ,vj)} and ({zi,yi)}
and the speech-transcript pairs {(xi, zi)}.
Speech-to-Text Translation Training The work-
flow of Chimera in Speech Translation is straight-
forward. The training objective is negative
log-likelihood on speech-to-text translation data
{(xi,yi)} as the loss function.

LST = −Ex,y log P(y|x) (4)

Text Machine Translation Training Chimera is
also able to train on MT corpus because of the
unification of speech and text representations. Sim-
ilar to ST training, the shared semantic projection
module projects the contextual text features to the
shared semantic space, which are then taken by the
decoding module to output a translation.

LMT = −Eu,v log P(v|u) (5)

Bi-modal Contrastive Training The motivation
of Chimera design is to bridge the speech and
text representations. We introduce dual-modal con-
trastive training to learn an alignment between rep-
resentations from speech and text as illustrated in
Figure 2. First, semantic memories from two inputs
are computed. Then for each text semantic memory,
Mtext

i , we compute its cosine similarities with all
speech semantic memory {cos(Mtext

i ,Mspeech
j )}.

They are then fed into a softmax function. The loss
function maximizes the item from matched pairs
(Mtext

i ,Mspeech
i ). Finally, the loss is summed

across all text memory items and vise versa.

Lctr =− Ex,z

∑

i

ln
eτcos(Mtext

i ,M
speech
i )

∑
j e

τcos(Mtext
i ,M

speech
j )

− Ex,z

∑

j

ln
eτcos(Mspeech

j ,Mtext
j )

∑
i e
τcos(Mspeech

j ,Mtext
i )

(6)

Intuitively, the contrastive loss forces the pair
(Mtext

i ,Mspeech
i ) to project semantic memories

close to each other. In the meantime, the soft-
max function trains the model to maintain diversity
among semantic memories.

The final loss is a weighted sum of each loss:

L = λSTLST + λMTLMT + λctrLctr (7)

4 Experiments

We conduct experiments on the benchmark MuST-
C and, as a validation of model design, carry out
ablation studies and visualize the representations
Chimera has learned.

4.1 Dataset and Preprocessing

MuST-C (Di Gangi et al., 2019a) is a multilin-
gual speech translation corpus with triplet data
sources: source audio, transcripts, and text transla-
tions. MuST-C contains translations from English
(EN) to 8 languages: Dutch (NL), French (FR),
German (DE), Italian (IT), Portuguese (PT), Roma-
nian (RO), Russian (RU), and Spanish (ES). With
each pair consisting of at least 385 hours of audio
recordings, to the best of our knowledge, MuST-C
is currently the largest speech translation dataset
available for each language pair. It includes data
from English TED talks with manual transcripts
and translations at the sentence level. We use the
dev and tst-COMMON sets as our development
and test data, respectively.
Augmented LibriSpeech Dataset (En-Fr) (Ko-
cabiyikoglu et al., 2018) is composed of aligned
e-books in French and their human reading in En-
glish. It provides typical triplet data of English
speech, transcript and French text. Following the
setting of (Liu et al., 2019), we utilize the 100h
hours of clean train set as training data, and use the
original 2 hours of dev set and and 4 hours of test
set.
Machine Translation Datasets After bridging the
modality gap, Chimera has the potential power to
utilize Machine Translation resources. Therefore
we incorporate data from WMT, OpenSubtitles (Li-
son and Tiedemann, 2016) and OPUS100 (Zhang
et al., 2020b) translation tasks. Specifically, we
use WMT 2014 (Bojar et al., 2014) 2 for EN-DE,
EN-FR, EN-RU and EN-ES, WMT 2016 (Bojar
et al., 2016) 3 for EN-RO, and OPUS100 4 for

2downloadable at http://www.statmt.org/wmt14/translation-
task.html

3downloadable at https://www.statmt.org/wmt16/translation-
task.html

4downloadable at http://opus.nlpl.eu/opus-100.php
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Model External Data MuST-C EN-X
Speech ASR MT EN-DE EN-FR EN-RU EN-ES EN-IT EN-RO EN-PT EN-NL

FairSeq ST † × × × 22.7 32.9 15.3 27.2 22.7 21.9 28.1 27.3
Espnet ST ‡ × × × 22.9 32.8 15.8 28.0 23.8 21.9 28.0 27.4
AFS ? × × × 22.4 31.6 14.7 26.9 23.0 21.0 26.3 24.9
Dual-Decoder ♦ × × × 23.6 33.5 15.2 28.1 24.2 22.9 30.0 27.6
STATST ] × × × 23.1 - - - - - - -
MAML [ × × X 22.1 34.1 - - - - - -
Self-Training ◦ X X × 25.2 34.5 - - - - - -
W2V2-Transformer ∗ X × × 22.3 34.3 15.8 28.7 24.2 22.4 29.3 28.2
Chimera Mem-16 X × X 25.6 35.0 16.7 30.2 24.0 23.2 29.7 28.5
Chimera X × X 27.1 • 35.6 17.4 30.6 25.0 24.0 30.2 29.2

Table 1: Main results on tst-COMMON subset on all 8 languages in MuST-C dataset. “Speech” denotes unlabeled
audio data. •: the result uses a mixed WMT14+OpenSubtitles data for MT pre-training. EN-DE Among the
baselines, † shows results from Ott et al. (2019), ‡ from Inaguma et al. (2020), ? from Zhang et al. (2020a), ♦

from Le et al. (2020), ] from Liu et al. (2020), [ from Indurthi et al. (2019), and ◦ from Pino et al. (2019). ∗ shows
results of a simple baseline model by combining a Wav2Vec2 module (Baevski et al., 2020) and a Transformer
model, which could be viewed as the “no external data” version of Chimera.

Model External Data
Speech ASR MT EN-FR

W2V2-T ∗ X × × 6.4
TCEN † × × × 17.1
LSTM ‡ × X X 17.0
AFS ◦ × × × 17.2

Multilingual ? × X × 17.6
Transformer ⊥ × X × 17.7
Curiculum ⊥ × X × 18.0

COSTT [ × × X 18.2
LUT ♦ × X × 18.3

STAST ] × X × 18.7

Chimera X × X 19.4

Table 2: Results on LibriSpeech English-French
dataset. ∗ is the same W2V2-Transformer baseline as
in Table 1. † is from Wang et al. (2020a), ‡ from Ba-
har et al. (2019b), ? from Inaguma et al. (2019), two
baselines under ⊥ from Wang et al. (2020b), [ from
Dong et al. (2021a), ♦ from Dong et al. (2021b), ◦

from Zhang et al. (2020a) and ] from Liu et al. (2020).

Model External Data MuST-C
Speech ASR MT EN-DE

W2V2-T + Dec PT X × WMT14 22.2
W2V2-T + KD X × WMT14 24.6
Chimera X × WMT14 26.3

Table 3: Comparison with other baselines utilizing
external MT data on MuST-C EN-DE. “Dec PT” pre-
trains decoder on MT corpus; “KD” adopts the knowl-
edge distillation technique used in Liu et al. (2019)

EN-PT, EN-IT, and EN-NL, as pretraining corpora.

We additionally evaluate OpenSubtitles as EN-DE
MT data to test the impact of MT corpus selec-
tion. WMT 2014 dataset provides at least 4 million
sentences of translation data in each language pair.
WMT 2016 contains less, around 600k for EN-RO
direction. OPUS100 has around 1M sentences for
each sentence pair. OpenSubtitles provides 22M
sentences for EN-DE.
Pre-processing of Data and Evaluation For
speech input, the 16-bit raw wave sequences are
normalized by a factor of 215 to the range of
[−1, 1).

For text input, on each translation pair, all texts
(ST transcripts and translation, and MT source and
target texts) are pre-processed in the same way.
Texts are case-sensitive. Punctuation is kept, split
from words, and normalized. Non-print punctua-
tion is removed. The sentences are then tokenized
with Moses tokenizer 5. We filter out samples
whose number of source or target tokens is over 250
and whose ratio of source and target text lengths
is outside range [2/3, 3/2]. For sub-wording, we
use a unigram sentencepiece6 model with a dictio-
nary size of 10000. On each translation direction,
The sentencepiece model is learned on all text data
from both ST and MT corpora. The dictionary is
shared across MT and ST and across source and
target languages.

The performance is evaluated with BLEU (Pap-
ineni et al., 2002) using sacreBLEU 7. We average

5https://github.com/moses-
smt/mosesdecoder/blob/master/scripts/tokenizer/tokenizer.perl

6https://github.com/google/sentencepiece
7https://github.com/mjpost/sacrebleu, with configuration
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S.S. Projection Decoder EN-DE EN-FR

- - 25.6 35.0
Fixed - 24.3 34.3

- Fixed 24.2 33.4
Fixed Fixed 23.8 33.1

Table 4: Performance of Mem-16 Chimera when freez-
ing different modules in fine-tuning. S.S. Projection
is abbreviation for shared semantic projection. “Fixed”
indicates that weights in this module are not updated
during fine-tuning, and “-” means otherwise. The re-
sults demonstrate that freezing modules indeed ham-
pers the model’s ability to adapt, but the weights pre-
trained on MT are already highly informative for ST.

7 consecutive checkpoints around the one of the
best dev loss and adopt a beam size of 10.

4.2 Model Configuration

For text input, we use 512-dimensional word em-
beddings plus sinusoidal positional embeddings.
For audio input, the Wav2Vec2 Module follows
the base configuration in Baevski et al. (2020). It
uses parameters pretrained on LibriSpeech audio
data only. The 1-dimensional CNN for speech fea-
tures has 2 layers with stride size 2, kernel size 5,
padding 2, and hidden dimension 1024.

The shared Transformer encoder consists of
6 layers. The memory queries are 64 512-
dimensional vectors. The parameters of shared se-
mantic projection resemble a 3-layer Transformer
encoder. The Transformer decoder has 6 layers.
Each of these Transformer layers, except for those
in the Wav2Vec2 module, has an embedding di-
mension of 512, a hidden dimension of 512, and 8
attention heads.

In both pretraining and fine-tuning stages, we
use an Adam optimizer with β1 = 0.9, β2 = 0.98,
and 4k warm-up updates. We apply an inverse
square root schedule algorithm for the learning
rate. In MT pretraining, the learning rate is 5e-4,
the maximum number of updates is 300k, with at
most 33k input tokens per batch. In ST pretraining,
the learning rate is 1e-4, the maximum number of
updates is 150k, with at most 16M source audio
frames per batch. The loss weights λST, λMT and
λctr are all set to 1.

We also show results on a base version of
Chimera, for which the memory queries are only 16
512-dimensional vectors (codenamed “Mem-16”).

of 13a tokenzier, case-sensitiveness and full punctuation

MT Contrastive EN-DE EN-FR

X X 25.6 35.0
X × 25.0 34.6
× X 24.7 34.6
× × 25.1 34.6

Table 5: BLEU scores of Mem-16 Chimera on MuST-
C tst-COMMON set without one or both of auxiliary
tasks. “×” means this task is not used during fine-
tuning, and “X” means othersize. “Contrastive” is the
bi-modal contrastive task. The removal of one or both
of tasks greatly harms the model’s performance on both
language pairs.

Because of the training efficiency and simplicity,
all ablation studies and visualizations adopted the
Mem-16 configuration if not stated otherwise.

Both Chimera and Chimera Mem-16 contain
around 165M parameters. The whole training pro-
cess for one trial on 8 Nvidia Tesla-V100 GPUs
generally takes 20 –40 hours according to the trans-
lation direction.

4.3 Benchmark Experiments

Training We train Chimera in a pretrain - fine-tune
manner. In the first stage, we pretrain Chimera on
MT datasets so as to leverage additional sources
of training data, as well as provide a better initial-
ization point. In the fine-tuning stage, we adopt
multi-task training as described in Section3.3. In
addition to the conventional ST task, Chimera is
also fine-tuned on MT and bi-modal contrastive
task to align inputs from speech and text.
Baselines We include as baselines the speech trans-
former model from (Ott et al., 2019), Espnet result
from (Inaguma et al., 2020), adaptive feature se-
lection method from (Zhang et al., 2020a), dual-
decoder Transformer from (Le et al., 2020) and
Modality-Agnostic Meta-Learning from (Indurthi
et al., 2019) in Table 1. We also provide a se-
ries of baseline results of a simple combination of
Wav2Vec2 (Baevski et al., 2020) and Transformer.
It could be viewed Chimera without external MT
pre-training, with still competitive but not SOTA
results.

To verify the effectiveness of our training tech-
nique, we also compare with other baselines able
to leverage external MT corpus in Table 3.
Results The experiment results are shown in Table
1 and 2. Our Chimera achieves state-of-the-art per-
formance on all language pairs, even though we do
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(a) Chimera Mem-16 on WMT14

Corpora Size MT ST

WMT14 4M 32.1 26.3
WMT14 + OpenSubtitles 26M 32.9 27.1

(b) Chimera w/ and w/o OpenSubtitles

Figure 3: Curve of MuST-C EN-DE tst-COMMON
BLEU scores on Chimera against the amount of MT
data used during pretraining. (a) shows Chimera Mem-
16’s performance on WMT14. Blue triangles are the
speech translation BLEU scores, and green squares are
transcript-translation BLEU scores after MT pretrain-
ing. (b) shows how Chimera (M = 64) behaves with
or without OpenSubtitles data.

not utilize Google Translate results on Augmented
Librispeech as most baselines. EN-DE results of
Chimera uses WMT14+OpenSubtitles for MT pre-
trainng, while a detailed ablation study on the effect
of MT data can be found in Section 4.4. Note that
the improvement on EN-PT is not so significant as
EN-DE and EN-FR. We attribute this to the data
discrepancy between OPUS100 and MuST-C. A
large number of sentences in OPUS100 are from
movie subtitles, which are more informal, contain
repeated sentences, and cover different topics from
those in MuST-C public speeches.

In Table 3, under the same data condition,
Chimera outperforms other techniques such as de-
coder pre-training and knowledge distillation (Liu
et al., 2019).

4.4 Ablation Studies and Visualizations

Knowledge Shared across Tasks One potential
benefit in our design is that the shared semantic
space can hold common knowledge shared across
ST and MT tasks. To validate this motivating idea,
we analyze the model’s behavior while manipu-

Figure 4: 2-dimensional PCA projection of the seman-
tic memories in Mem16 Chimera across different sam-
ples. Each colored cluster (circled out) represents a
semantic memory element,. A “·” corresponds to a
speech semantic memory, and a “+” marks a text one.

lating its modules. If certain weights pretrained
during the MT task also contain meaningful infor-
mation for ST, fixing them should not greatly harm
the model’s performance.

Specifically, after MT pretraining, we fix certain
modules and do not update their weights during
fine-tuning. We choose to fix the weights in the
shared semantic projection module, the decoding
module, or both of them.

Table 4 shows the results. After freezing mod-
ules, the results on both EN-DE and EN-FR drop
slightly. This demonstrates that freezing weights
indeed hampers the model’s ability to adapt from
MT to ST dataset. But the decreased scores are still
comparable to many of the best results in Table 1.
This validates the effectiveness of shared semantic
space, and indicates that the weights pretrained on
MT are already informative enough for Chimera to
still generalize sufficiently well on ST task.

Multi-task Training One advantage of bridging
the modality gap is that the model can fully benefit
from training on auxiliary tasks with more data,
such as those mentioned in Section 3.2. To evaluate
their impacts, we conduct another ablation study on
EN-DE and EN-FR.. Either or both of the auxiliary
tasks are not used during fine-tuning.

The results of this ablation are presented in Ta-
ble 5. Here we can see a significant decrease (with,
for example, p=0.020 in one-tailed Student’s t-test
comparing row 1 and 2) in BLEU scores when ei-
ther of the auxiliary tasks is abandoned. Although
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So what do we have to do?

It’s kind of like a potato.

It’s not about 
chemicals.

This is about moving 
 genes around.

But what are your  
fish eating?

Who does the 
 very best?I’ll get my sleeve back.

We’re going to 
film it for real.I won’t go 

into detail.

Figure 5: A visualization of one particular semantic memory in Mem-16 Chimera no different samples and modali-
ties. “·” marks speech representations, and “+” marks text representations. Marks of the same color come from the
same speech-transcript pair and are linked with dashed lines. Some of speech-transcript pairs are circled together
and annotated with their transcripts. Three fonts distinguish three groups of transcripts of similar patterns.

the bi-model contrastive loss is not directly related
to the ST task, a poor alignment between semantic
memories of speech and text hinders Chimera from
leveraging the shared knowledge across two tasks.
When the MT task is removed, the drop in BLEU
scores is also huge. This could be explained that
during fine-tuning, the auxiliary MT task is nec-
essary for keeping shared knowledge from being
forgotten.

It is interesting to observe that abandoning both
tasks produces results similar to abandoning ei-
ther one of the tasks. This suggests that the two
auxiliary tasks only have effects when combined
with each other: only when both using MT task
to maintain the pretrained parameters from forget-
ting, as well as using the bi-modal contrastive task
to align between speech and text representations,
can Chimera benefit from shared knowledge in MT
pretraining.

Additional Machine Translation Data We at-
tribute the gain in the performance of Chimera
mainly to the pretraining on MT data. One evi-
dence is the performance gain when using the larger
OpenSubtitles as MT corpus for EN-DE in 1. To
further probe the influence of the additional MT
data, we vary the amount of MT data available dur-
ing pretraining on EN-DE direction. The results
are plotted in Figure 3.

As the size of additional MT dataset increases,
the MuST-C BLEU score improves significantly.

This confirms the importance of massive high-
quality MT data for pretraining Chimera. The re-
sults also help explain the relatively inferior scores
on EN-PT in Table 1 which uses the OPUS100
dataset in pretraining.

Visualization of Semantic Memories The
shared semantic projection is designed to only ex-
tract semantic categories of information necessary
for decoding, regardless of the input modality. In
this way, it can bridge the different representations
of speech and text during computation and
facilitate knowledge sharing between MT and ST.

To validate this motivation, we visualize them
with Principal Component Analysis (PCA) in Fig-
ure 4. Up to 100 speech-transcript paired sam-
ples are randomly chosen from the valid set. We
record vector values of 16 semantic memories from
Chimera Mem-16 when inputs are speeches or tran-
scripts, and apply 2-dimensional PCA. The 16 se-
mantic memories are distinguished by 16 colors.
Every “·” corresponds to a semantic memory from
speech, and each “+” is a semantic memory from
the text. It is clear that the semantic memories
are highly clustered, everyone of which learns a
particular region. Speech and text representations
are also projected close within the same region,
proving the model’s ability to ignore representation
differences and bridge the modality gap.

To take a closer view of the structure of each se-
mantic memory subspace, we randomly choose one
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Figure 6: Visualization of the final-layer attention of M = 16 memories on inputs, and their alignment between
each other. A pair of audio and its transcript is fed to Chimera Mem-16. The area of each dot is linear to dot
product between two attention vectors. The color is a linear interpolation of M indicative colors as in Fig 4, with
mixing weights linear to the Hadamard product of attention vectors. (Best viewed in color)

semantic memory and apply PCA to its correspond-
ing cluster. The results are visualized in Figure
5. These samples come from 50 speech-transcript
pairs. Each pair of speech (“·”) and transcript (“+”)
share the same color and are linked through dashed
lines.

Two interesting properties could be observed.
First, paired speech and transcript inputs are again
close to each other, even though they are coming
from different modalities. Second, the visualized
representations are organized according to their se-
mantic or syntactic patterns. We recognize several
clusters in the figure, and annotate their transcripts
with different fonts. The three annotations at the
upper-right corner (Italic font) are all questions;
those at the upper-left corner (wavy underlined
font) all follow a simple future tense; at the bottom-
left corner of the figure (underlined font) is another
cluster of sentences of copular verbs. This proves
that the shared semantic space that Chimera has
learned is well-structured, and thus validates our
model design.

Visualization of Inter-Modal Attention Align-
ment ”Attention” is the internal mechanism of
Transformer based modules. In the design of
Chimera, attention is used for extracting M key
semantic categories of features from input. To in-
vestigate whether these extracted features is indeed
semantic, we further visualized the similarity be-
tween attention on paired audio and text in Fig 6.

Here the colors, which distinguish different mem-
ories attending to inputs, is clustered on sequence
and distributed close to the diagonal, demonstrat-
ing an alignment between matching tokens in two
modalities. Here we also observe four beaming
columns, where the full stop mark in text aligns
with pauses in audio. This is an indication of se-
mantic rather than positional essence of the memo-
ries.

5 Conclusions and Future Work

In this paper, we propose Chimera, a model capa-
ble of learning a text-speech shared semantic mem-
ory network for bridging the gap between speech
and text representations. Being able to leverage
a large amount of external Machine Translation
data, Chimera achieves new state-of-the-art perfor-
mance on the MuST-C dataset on all 8 languages.
Additional experiment results also demonstrate its
ability to learn a well-structured shared semantic
space as well as effectively share learned knowl-
edge across MT and ST, and validate our design of
auxiliary tasks.

In the future, we will focus on deriving a better
task to tightly align speech and text representations.
Also, the workflows of MT and ST are only par-
tially shared in Chimera, which still requires the
model to adapt to ST when switching to the fine-
tuning stage. So it remains a challenge to better
couple their computation graphs in future designs.
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Abstract

Present language understanding methods have
demonstrated extraordinary ability of recog-
nizing patterns in texts via machine learning.
However, existing methods indiscriminately
use the recognized patterns in the testing phase
that is inherently different from us humans
who have counterfactual thinking, e.g., to scru-
tinize for the hard testing samples. Inspired
by this, we propose a Counterfactual Reason-
ing Model, which mimics the counterfactual
thinking by learning from few counterfactual
samples. In particular, we devise a generation
module to generate representative counterfac-
tual samples for each factual sample, and a ret-
rospective module to retrospect the model pre-
diction by comparing the counterfactual and
factual samples. Extensive experiments on
sentiment analysis (SA) and natural language
inference (NLI) validate the effectiveness of
our method.

1 Introduction

Language understanding (Ke et al., 2020) is a
central theme of artificial intelligence (Chomsky,
2002), which empowers a wide spectral of applica-
tions such as sentiment evaluation (Feldman, 2013),
commonsense inference (Bowman et al., 2015).
The models are trained on labeled data to recognize
the textual patterns closely correlated to different
labels. Owing to the extraordinary representational
capacity of deep neural networks, the models can
well recognize the pattern and make prediction ac-
cordingly (Devlin et al., 2019). However, the cog-
nitive ability of these data-driven models is still far
from human beings due to lacking counterfactual
thinking (Pearl, 2019).

Counterfactual thinking is a high-level cognitive
ability beyond pattern recognition (Pearl, 2019). In
addition to observing the patterns within factual

∗∗Corresponding author.

samples, counterfactual thinking calls for compar-
ing the fact with imaginations, so as to make bet-
ter decision. For instance, given a factual sample
“What do lawyers do when they die? Lie still.”,
the intuitive evaluation of its sentiment based on
the textual patterns will recognize “Lie still” as
an objective description of body posture which is
neutral. By scrutinizing that the “still” could be
intentionally postposed, we can imagine a counter-
factual sample “What do lawyers do when they die?
Still lie.” and uncover the negative sarcastic pun,
whose sentiment is more accurate.

Recent work (Kaushik et al., 2019; Zeng et al.,
2020) shows that incorporating counterfactual sam-
ples into model training improves the generaliza-
tion ability. However, these methods follow the
standard machine learning paradigm that uses the
same procedure (e.g., a forward propagation) to
make prediction in the testing phase. That is, mak-
ing decision for testing samples according to their
relative positions to the model decision boundary.
The indiscriminate procedure focuses on the textual
patterns occurred in the testing sample and treats all
testing samples equally, which easily fails on hard
samples (cf. Figure 1). On the contrary, humans
can discriminate hard samples and ponder the deci-
sion with a rational system (Daniel, 2017), which
imagines counterfactual and adjusts the decision.

The key to bridge this gap lies in imitating
the counterfactual thinking ability of humans, i.e.,
learning a decision making procedure to serve for
the testing phase. That is a procedure of: 1) con-
structing counterfactual samples for a target factual
sample; 2) calling the trained language understand-
ing model to make prediction for the counterfactual
samples; and 3) comparing the counterfactual and
factual samples to retrospect the model prediction.
However, the procedure is non-trivial to achieve for
two reasons: 1) the space of counterfactual sample
is huge since any variant from the target factual
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sample can be a counterfactual sample. It is thus
challenging to search for suitable counterfactual
samples that can facilitate the decision making. 2)
The mechanism of how we retrospect the decision
is still unclear, making it hard to be imitated.

Towards the target, we propose a Counterfactual
Reasoning Model (CRM), which is a two-phase
procedure consisting a generation module and a
retrospection module. In particular, given a factual
sample in the testing phase, the generation module
constructs representative counterfactual samples
by imagining what would the content be if the la-
bel of the sample is y. To imitate the unknown
retrospection mechanism of humans, we build the
retrospection module as a carefully designed deep
neural network that separately compares the latent
representation and the prediction of the factual and
counterfactual samples. The proposed CRM forms
a general paradigm that can be applied to most ex-
isting language understanding models without con-
straint on the format of the language understanding
task. We select two language understanding tasks:
SA and NLI, and test CRM on three representative
models for each task. Extensive experiments on
benchmark datasets validate the effectiveness of
CRM, which achieves performance gains ranging
from 5.1% to 15.6%.

The main contributions are as follow:

• We propose the Counterfactual Reasoning Model
to enlighten the language understanding model
with counterfactual thinking.

• We devise a generation module and a retrospec-
tion module that are task and model agnostic.

• We conduct extensive experiments, which vali-
date the rationality and effectiveness of the pro-
posed method.

2 Pilot Study

Decisions are usually accompanied by confidence,
a feeling of being wrong or right (Boldt et al.,
2019). From the perspective of model confidence,
we investigate the performance of language under-
standing models across different testing samples.
We estimate the model confidence on a sample
as the widely used Maximum Class Probability
(MCP) (Corbière et al., 2019), which is the prob-
ability over the predicted class. A lower value of
MCP means less confidence and “hard” sample.
According to the value of MCP, we rank the testing

(a) Sentiment analysis (b) Natural language inference

Figure 1: Prediction performance of the language un-
derstanding models over testing samples at different
confidence levels.

samples in ascending order and split them into ten
groups, i.e., confidence level from 1 to 10.

Figure 1 shows the performance of representa-
tive models over samples at different model con-
fidence levels on the SA and NLI tasks (see Sec-
tion 4.1 for model and dataset descriptions). From
the figures, we can observe a clear increasing trend
of classification accuracy as the confidence level
increases from 1 to 10 in all cases. In other words,
these models fail to predict accurately for the hard
samples. It is thus essential to enhance the stan-
dard inference with a more precise decision making
procedure.

3 Methodology

In this section, we first formulate the task of learn-
ing a decision making procedure for the testing
phase (Section 3.1), followed by introducing the
proposed CRM (Section 3.2) and the paradigm
of building language understanding solutions with
CRM (Section 3.3).

3.1 Problem Formulation
As discussed in the previous work (Wu et al., 2020;
Li et al., 2020, 2019), language understanding
tasks can be abstracted as a classification prob-
lem where the input is a text and the target is
to make decision across a set of candidates of
interests. We follow the problem setting with
consideration of counterfactual samples (Kaushik
et al., 2019; Liang et al., 2020), where the train-
ing data are twofold: 1) factual samples T =
{(x, y)} where y ∈ [1, C] denotes the class or
the target decision of the text; x ∈ RD is the
latent representation of the text, which encodes
the textual contents1. 2) counterfactual samples

1The input is indeed the plain text which is projected to a
latent representation by an encoder (e.g., a Transformer (De-
vlin et al., 2019)) in the cutting edge solutions. We omit the
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T ∗ = {(x∗c , c)|(x, y) ∈ T , c ∈ [1, C]&c 6= y}
where (x∗c , c) is a counterfactual sample in class
c corresponds to the factual sample (x, y)2. We
assume that a classification model (e.g., BERT (De-
vlin et al., 2019)) has been trained over the labeled
data. Formally,

θ̂ = min
θ

∑

(x,y)∈T /T ∗
l(y, f(x|θ)) + α‖θ‖, (1)

where θ̂ is the learned parameters of the model
f(·) ; l(·) is a classification loss such as cross-
entropy (Kullback, 1997), and α is a hyper-
parameter to adjust the regularization.

The target is to build a decision making pro-
cedure to perform counterfactual reasoning when
serving for the testing phase. Given a testing sam-
ple x, the core is a policy of generating counterfac-
tual samples and retrospecting the decision, which
is formulated as:

y = h
(
x, {x∗}|η, θ̂

)
, {x∗} = g

(
x
∣∣ω
)
,

y ∈ RC denotes the final prediction for the testing
sample x, which is a distribution over the classes;
x∗ is one of the generated counterfactual samples
for x. The generation module g(·) parameterized
by ω is expected to construct a set of representa-
tive counterfactual samples for the target factual
sample, which provide signals for the retrospec-
tion module h(·) parameterized by η to retrospect
the prediction f

(
x|θ̂
)

given by the trained classi-
fication model. In particular, h(·) and g(·) will be
learned from the factual and counterfactual training
samples, respectively.

3.2 Counterfactual Reasoning Model
Figure 2 illustrates the process of CRM where the
arrows in grey color represent the standard infer-
ence of trained classification model, and arrows in
red color represent the retrospection with consider-
ation of counterfactual samples.

3.2.1 Retrospection Module
We devise the retrospection module with one key
consideration—distilling signals for making final
decision by comparing both the latent representa-
tion and the prediction of the counterfactual sam-
ples with the factual sample. To achieve the target,

encoder for briefness since focusing on the decision making.
2Given the labeled factual sample, counterfactual samples

can be constructed either manually (Kaushik et al., 2019) or
automatically (Chen et al., 2020) by conducting minimum
changes on x to swap its label from y to c

Figure 2: Illustration of the proposed CRM.

we devise three key building blocks for retrospec-
tion, which successively perform representation
comparison, prediction comparison, and fusion .
In particular, the module first compares the repre-
sentation of each counterfactual sample with the
factual sample; then compares their predictions
accordingly; and fuses the comparison across the
counterfactual samples.

Representation comparison. Given a pair of
counterfactual sample x∗ and factual sample x,
we believe the signals meaningful for making final
decision lie in the difference of the samples and
how the difference affects the classification. To
distill such signals, we devise the representation
comparison block as y∆ = f(x − x∗|θ̂), where
y∆ ∈ RC denotes the prediction of the representa-
tion difference x− x∗ given by the trained classi-
fication model. Note that we leverage the trained
model to enlighten how the content difference af-
fects the classification since the model is trained to
capture the connection between the textual patterns
and the classes. It should be noted that we use a
duplicate of the trained classification model for the
representation comparison. That is to say, the train-
ing of the retrospection module will not affect the
classification model.

Prediction comparison. To retrospect the pre-
diction f(x|θ̂), we devise a prediction comparison
block to compare the predictions of each counter-
factual and factual sample pair and distill patterns
from f(x|θ̂), f(x∗|θ̂), and y∆. Inspired by the
success of convolutional neural network (CNN) in
capture local-region patterns, the block is devised
as a CNN, which is formulated as:

y∗ = CNN
(
f(x|θ̂), f(x∗|θ̂),y∆

)
, (2)

where y∗ denotes the retrospected prediction when
comparing to x∗. In particular, a stack layer first
stacks the three predictions as a matrix, which
serves as an “image” to facilitate “observing” pat-
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terns. Formally, Y =
[
f(x|θ̂), f(x∗|θ̂),y∆

]

where Y ∈ RC×3. Y is then fed into an 1D con-
volution layer to capture the intra-class patterns
across the predictions, which is formulated as:

H = σ(Y ∗ F ), Hij = σ(Y:iFj), (3)

where F ∈ R3×K denotes the filters in the convo-
lution layer, and σ(·) is an activation function such
as GELU (Hendrycks and Gimpel, 2016). Y:i and
Fj represent the i-th row of Y and the j-th column
of F , respectively. The filter Fj can learn rules
for conducting retrospection. For instance, a filter
[1,−1, 0] means deducting the prediction of the
counterfactual sample from that of the factual sam-
ple. The outputH ∈ RC×K is then flattened as a
vector and fed into a fully-connected (FC) layer to
capture the inter-class patterns. Formally,

y∗ =W flatten(H) + b, (4)

whereW and b are model parameters.

Fusion. The target is to fuse the retrospected pre-
dictions {y∗} into a final decision y. Inspired by
the success of pooling function in reading out pat-
terns, we devise the block as y = pooling({y∗}).
As the fusion is performed after the pairwise com-
parison, we term it as late fusion.

Training. We update the parameters of the retro-
spection module by minimizing the classification
loss over the factual training samples, which is:

η̂ = min
η

∑

(x,y)∈T
l(y,y) + λ‖η‖. (5)

where λ denotes the hyper-parameter to adjust the
weight of the regularization term.

It should be noted that no existing research has
uncovered the specific mechanism of retrospection
in our brain, i.e., the order of comparison and fu-
sion is unclear. As such, we further devise two
fusion strategies: middle fusion and early fusion,
which performs fusion within the CNN, i.e., during
comparison, and before the CNN, respectively.
• Middle fusion performs aggregation between the
convolution layer and the FC layer. This fusion
first calculates the latent comparison signals H
for each pair of counterfactual and factual sam-
ples according to Equation 3. The aggregated sig-
nals pooling({H}) are then fed into the FC layer
(Equation 4) to obtain the final decision y.
• Early fusion aggregates the counterfactual sam-
ples before performing comparison, which is

formulated as x̃∗ = pooling({x∗}). In this
way, the retrospection module is formulated as:
y = CNN

(
f(x|θ̂), f(x̃∗|θ̂), f(x̃∗ − x|θ̂)

)
. For

all the three fusion methods, we can use either
regular pooling function without parameter or pa-
rameterized pooling function (Ying et al., 2018)
to enhance the expressiveness of the retrospection
module. In our experiments, using a simple mean
pooling achieves a performance that is comparable
to the parameterized one in most cases (cf. Table 3).

3.2.2 Generation Module
The target is to construct counterfactual samples
that are informative for retrospecting the decision
on the target factual sample x. As the task involves
making decision among C candidate classes, we
believe that the key to generate representative coun-
terfactual samples lies in imagining “what would
the content be if the sample belongs to class c”, i.e.,
generating C counterfactual samples {x∗c}. With
the C classes as the targets, the searching space of
samples can also be largely narrowed down. To-
ward this end, we devise the generation module
with two main considerations: 1) decomposing the
factual sample x to distill contents irrelevant to the
label of the sample u = d(x|ω); 2) injecting class
c into u to form the counterfactual sample x∗c .

Decomposition. To distill u, we need to recog-
nize the connection between the content of the fac-
tual sample and each class. We thus account for
class representations in the decomposition function.
To align the sample space of the generation module
with the retrospection module h(·) and the clas-
sification model f(·), we extract the parameters
from the prediction layer of the trained classifica-
tion model as the class representations. In partic-
ular, we extract the mapping matrix W ∈ RC×D
where the c-th row corresponds to class c. Note
that we assume that the prediction layer has the
same dimensionality as the latent representation,
which is a common setting in most cutting edge lan-
guage understanding models. The decomposition
function is devised as a CNN to capture both the
intra-dimension and inter-dimension connections
between the factual sample and the classes.
• Stack layer. The stack layer stacks the factual
sample, class representations, and the element-wise
product between sample and each class, which is
formulated as: X = [x,W T ,x �W T ]. x �
W T ∈ RD×C shed lights on how closely each
dimension of x connect to each class, where large
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absolute value indicates closer connections.
• Convolution layer. This layer uses 1D horizon-
tal filters to learn patterns of deducting class rel-
evant contents from the factual sample, which is
formulated as h = pooling(σ(X ∗ F g)). F g ∈
R(2C+1)×L denotes the filters where L is the total
number of filters. The output h ∈ RD is a hidden
representation.
• FC layers. We use two FC layers to capture
the inter-dimension connections. Formally, u =
W 2σ(W 1h + b1) + b2, where W 2 ∈ RD×M ,
W 1 ∈ RM×D, b2 ∈ RD, and b1 ∈ RM are learn-
able parameters. M is a hyper-parameter to ad-
just the complexity of the decomposition function.
Note that we can stack more layers to enhance the
expressiveness of the function, whereas using two
layers according to the universal approximation
theorem (Hornik, 1991).

We learn the parameters of the decomposition
function from the counterfactual training samples
by optimizing the following objective:

min
ω

∑

(x∗
c ,c)∈T ∗

r
(
u∗c , ũc

)
+ γl

(
c, f(x∗c − u∗c |θ̂)

)

+ r
(
u, ũc

)
+ γl

(
y, f(x− u|θ̂)

)
,

(6)

where u∗c = d(x∗c |ω) and u = d(x|ω) are the
decomposition results of the counterfactual sam-
ple x∗c and the corresponding factual sample x;
ũc = 1

2(x + x∗c) denotes the target value of the
decomposition. The two terms r(·) and l(·) are Eu-
clidean distance (Dattorro, 2010) and classification
loss. By minimizing the two terms, we encourage
the decomposition result: 1) to be close to the tar-
get value ũc; and 2) if being deducted from the
original sample (e.g., , x − u), the classification
cannot be influenced. γ is a hyper-parameter to
balance the two terms.

The rationality of setting ũc = 1
2(x+x

∗
c) as the

target class irrelevant content of x and x∗c comes
from the parallelogram law (Nash, 2003). Note
that this pair of samples belong to two different
classes where a decision boundary (a hyperplane)
lies between the two classes y and c. Considering
that the sample x corresponds to a vector in the
hidden space, we can decompose the vector into
two components that are orthogonal and parallel
to the decision boundary, i.e., x∗c = o∗c + p

∗
c and

x = o + p. Since the two samples belong to
different classes, their orthogonal components are
in opposite directions and their addition will only
retain the parallel components, which are irrelevant

to judging the class between y and c3.

Injection. Accordingly, given a testing sample x,
we can inject the orthogonal components towards
class c via x∗c = 2 ∗ d(x|ω̂c) − x, which is the
imagined content of the sample if it belongs to class
c. In this way, for each testing sample, we conduct
the injection over all the classes and construct C
counterfactual samples {x∗c}, which are then used
in the retrospection module4.

3.3 Learning Paradigm with CRM
The existing work (Kaushik et al., 2019; Zeng et al.,
2020) for language understanding typically fol-
lows the standard learning paradigm, i.e., training
a classification model over labeled data. Applying
the proposed CRM indeed forms a new learning
paradigm for constructing language understanding
solutions. Algorithm 1 illustrates the procedure of
the new paradigm.

Algorithm 1 Learning paradigm with CRM
Input: Training data T , T ∗.

/* Training */
1: Optimize Equation 1; . Classification model training
2: Optimize Equation 6; . Generation module training
3: Optimize Equation 5; . Retrospection module training
4: Return θ̂, ω̂c, and η̂.

/* Testing */
5: Calculate f(x|θ̂); . Classification model inference
6: for c = 1→ C do
7: x∗c = 2 ∗ g(x|ω̂c)− x; . Generation
8: end for
9: Calculate h(x, {x∗c}|η̂, θ̂); . Retrospection

4 Experiments

We conduct experiments on two representative lan-
guage understanding tasks, SA and NLI, to answer
the following research questions:
• RQ1: To what extent counterfacutal reasoning
improves language understanding?
• RQ2: How does the design of the retrospection
module affect the proposed CRM?
• RQ3: How effective are the counterfactual sam-
ples generated by the proposed generation module?

4.1 Experiment Settings
Datasets. We adopt the same datasets in (Kaushik
et al., 2019) for both tasks. The SA data are reviews

3Note that we normalize all samples to be unit vectors in
the decomposition function. Moreover, inspired by (Parascan-
dolo et al., 2018), we train a decomposition function for each
class, i.e., class-specific parameters ω̂c

4The generation module consists of C decomposition func-
tions d(x|ω̂c) and the non-parametric injection function.
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from IMDb, which are labeled as either positive or
negative. For each factual review, the dataset con-
tains a manually constructed counterfactual sample
where the crowd workers are asked to manipulate
the text to reverse the label with the constraint of
no gratuitous change. NLI is a three-way classi-
fication task with two sentences as inputs and the
target of detecting their relation within entailment,
contradiction, and neutral. For each factual sample,
four counterfactual samples are given, which are
constructed by editing either the first or the second
sentence with target relations different to the label
of the factual sample.

Classification models. Owing to the extraordi-
nary representational capacity of language model,
fine-tuning pre-trained language model has become
the emergent technique for solving language un-
derstanding tasks (Devlin et al., 2019). We select
the widely used RoBERTa-base5 and RoBERTa-
large6 for the consideration of the robustness of the
RoBERTa (Liu et al., 2019) and our limited compu-
tation resources. For SA, we also test the classical
Multi-Layer Perceptron (MLP) (Teney et al., 2020)
with tf-idf text features (Schütze et al., 2008) as
inputs. For NLI, we further test RoBERTa-large-
nli7, which has been fine-tuned on the large-scale
MultiNLI dataset (Williams et al., 2018).

Baselines. As the proposed CRM leverages
counterfactual samples, we compare CRM with
three representative methods using counterfac-
tual samples in language understanding tasks: 1)
+CF (Kaushik et al., 2019), which uses counterfac-
tual samples as data augmentation for model train-
ing; 2) +GS (Teney et al., 2020), which compares
the factual and counterfactual samples in model
training through regularizing their gradients; and
3) +CL (Liang et al., 2020), which compares the
factual and counterfactual samples through a con-
trastive loss. Moreover, we report the performance
of the testing model under Normal Training, i.e.,
training over factual samples only.

Implementation. We implement the proposed
CRM with PyTorch 1.7.0 based on Hugging Face
Transformer8, which is released at: https://github.
com/fulifeng/Counterfactual Reasoning Model. In
all cases, we follow the setting of +CF for train-
ing the classification model, which is a standard
fine-tuning in (Liu et al., 2019). We then use

5https://huggingface.co/roberta-base.
6https://huggingface.co/roberta-large.
7https://huggingface.co/roberta-large-mnli.
8https://github.com/huggingface/transformers.

adam (Kingma and Ba, 2014) with learning rate
of 0.001 to optimize the retrospection module and
the generation module. For the retrospection mod-
ule, we set the number of filters in the convolution
layer K as 10, the weight for regularization λ as
0. As to the generation module, we set the number
of convolution filters as 10, the size of the hidden
layer M as 256, and the weight for balancing Eu-
clidean distance and classification loss γ as 15. We
report the average classification accuracy over 5
different runs. For each repeat, we train the model
with 20 epochs and select the model with the best
performance on the validation set.

4.2 Performance Comparison (RQ1)

We first use the handcrafted counterfactual samples
to demonstrate the effectiveness of counterfactual
reasoning in the inference stage of language un-
derstanding model, which can be seen as using
a golden standard generation module to provide
counterfactual samples for the retrospection mod-
ule. Note that we do not use the label of counter-
factual samples in the testing set. Table 1 shows
the performance of the compared methods on the
two tasks. From the table, we observe that:

• +CRM largely outperforms all the baseline meth-
ods in all cases. As compared to +CF, the same
classification model without CRM in the testing
phase, +CRM achieves relative performance im-
provement up to 15.6%. The performance gain is
attributed to the retrospection module, which jus-
tifies the rationality and effectiveness of incorpo-
rating counterfactual thinking into the inference
stage of language understanding model. In other
words, by comparing the factual sample with its
counterfactual samples, the retrospection module
indeed makes more accurate decisions.

• On the SA task, a huge gap (85.3↔ 93.4) lies in
the performance of the shallow model MLP and
the deep RoBERTa-base/RoBERTa-large. When
applying +CRM, MLP achieves a performance
that is comparable to the deep models. The re-
sult indicates that counterfactual reasoning can
compensate for the disadvantages caused by the
insufficient model representational capacity. In
addition, the result reflects that CRM brings cog-
nitive ability beyond recognizing textual patterns.
If the retrospection module only facilitates cap-
turing the correlation between textual patterns
and classes, such simple model cannot bridge the
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Sentiment Classification
Backbone Normal Training +CF +GS +CL +CRM RI
MLP 86.9±0.5 85.3±0.3 84.6±0.4 - 98.6±0.2 15.6%
RoBERTa-base 93.2±0.6 92.3±0.7 92.2±0.9 91.8±1.1 97.5±0.3 5.7%
RoBERTa-large 93.6±0.6 93.4±0.4 93.1±0.5 94.1±0.4 98.2±0.3 5.1%

Natural Language Inference
Backbone Normal Training +CF +GS +CL +CRM RI
RoBERTa-base 83.5±0.8 83.4±0.9 83.8±1.7 84.1±1.1 91.5±1.6 9.7%
RoBERTa-large 87.9±1.7 85.8±1.2 86.2±1.2 86.5±1.6 93.8±1.9 9.3%
RoBERTa-large-nli 89.4±0.7 88.2±1.0 87.2±1.4 88.2±1.0 94.4±1.2 7.1%

Table 1: Performance of the proposed CRM (Early Fusion) and baselines on the SA and NLI tasks. RI means the
relative performance improvement achieved by +CRM over the classification model without CRM, i.e., +CF.

huge gap of representational capacity between
MLP and RoBERTa-large.

• The performance of baseline methods are compa-
rable to each other in most cases, i.e., incorporat-
ing counterfactual samples into model training
does not necessarily improve the testing perfor-
mance on factual samples. This result is con-
sistent with (Kaushik et al., 2019), which is rea-
sonable since these methods are devised for en-
hancing the generalization ability, especially for
the out-of-distribution testing samples, which
can sacrifice the performance on normal testing
samples. Besides, the result indicates that train-
ing with counterfactual samples is insufficient
for achieving counterfactual thinking, which re-
flects the rationality of enhancing the inference
paradigm with a decision making procedure.

(a) Sentiment analysis (b) Natural language inference

Figure 3: Prediction performance of +CF and +CRM
over testing samples at different confidence levels.

Performance on hard samples. Furthermore,
we investigate whether the proposed CRM facili-
tate dealing with hard samples. Recall that we split
the testing samples into 10 groups according to the
confidence of the classification model, i.e., +CF (cf.
Section 2). We perform group-wise comparison
between +CF and +CRM. Figure 3 shows the per-
formance of all the classification models with +CF
and +CRM. From the figures, 1) we observe that

the performance of +CRM is stable across differ-
ent confidence levels, whereas the performance of
the classification model shows a clear decreasing
trend as the confidence level decreases from 10 to 1.
The result indicates that the retrospection module
is insensitive to the confidence of the classification
model. 2) In all cases, +CRM achieves the largest
performance gain at the first group with confidence
level of 1, i.e., the hardest group to the classifica-
tion model. For instance, the improvement reaches
85.7% on the RoBERTa-base model for the NLI
task. The large improvements further justifies the
effectiveness of the retrospection module, i.e., com-
paring the prediction of factual samples to counter-
factual samples indeed facilitates dealing with hard
samples.

Sentiment Classification
Backbone Implicit +CRM
MLP 79.3±0.2 98.6±0.2
RoBERTa-base 94.7±0.6 97.5±0.3
RoBERTa-large 98.0±0.4 98.2±0.3

Natural Language Inference
Backbone Implicit +CRM
RoBERTa-base 81.9±3.5 91.5±1.6
RoBERTa-large 87.4±2.2 93.8±1.9
RoBERTa-large-nli 88.8±1.6 94.4±1.2

Table 2: Performance comparison of implicit model-
ing (end-to-end model) and explicit modeling (CRM)
of counterfactual thinking.

CRM V.S. implicit modeling. According to the
uniform approximation theorem (Hornik, 1991),
the CRM can also be approximated by a deep neu-
ral network. We thus investigate whether coun-
terfactual thinking can be learned in an implicit
manner. In particular, we evaluate a model that
takes both the factual sample and counterfactual
samples as inputs to make prediction for the fac-
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tual one. Table 2 shows the performance, where
we have the following observations: 1) The im-
plicit modeling performs much worse than the pro-
posed CRM in most cases, which justifies the ef-
fectiveness of the retrospection module and the ra-
tionality of modeling comparison explicitly. 2) On
the NLI task, RoBERTa-base+CRM outperforms
RoBERTa-large (implicit), which means that the
superior performance of CRM is not because of
the additional model parameters introduced by the
retrospection module, but the explicit comparison
between factual and counterfactual samples.

4.3 In-depth Analysis

Effects of retrospection module design (RQ2).
Note that the order of comparison and fusion in
the retrospection mechanism of us humans is still
unclear. We investigate how the fusion strategies
influence the effectiveness of the proposed CRM.
Table 3 shows the performance of CRM based on
the early fusion (EF), late fusion (LF), and middle
fusion (MF) on the NLI task. We omit the compar-
ison on the SA task since the dataset only has one
counterfactual sample for the target factual sample.
For both EF and LF, we use the mean pooling as the
pooling function. As to MF, we use a pooling func-
tion that is equipped with self-attention (Vaswani
et al., 2017). The reasons of this setting are twofold:
1) using mean pooling will make LF and MF equiv-
alent since the FC layer in the retrospection module
is a linear mapping. Note that LF performs pooling
after the FC layer, while the pooling function of
MF is just before the FC layer. 2) The compari-
son between the LF and MF can thus shed light on
whether parameterized pooling function can benefit
the retrospection.

From the table, we can observe that, in most
cases, CRM based on different fusion strategies
achieve performance comparable to each other. It
indicates that the retrospection is insensitive to the
order of fusion and the comparison between coun-
terfactual and factual samples. Considering that
MF with mean pooling is equivalent to LF, we can
see that the benefit of parameterized pooling func-
tion is limited. In particular, MF only performs
better than LF on one of the three testing models.

Effects of generation module (RQ3). We then
investigate whether the proposed generation mod-
ule constructs useful counterfactual samples for
retrospection. We train and test the retrospection
module (using EF) with the generated samples on

RoBERTa-large on the SA task. We omit the ex-
periments of other settings for saving computation
resources. In this way, the model achieves an ac-
curacy of 94.5 which is better than +CF (93.4) but
worse than +CRM with manually constructed coun-
terfactual samples (98.2) (cf. Table 1). The result
indicates that the generated samples indeed facili-
tate the retrospection while the generation quality
can be further improved. Moreover, on the testing
samples at confidence level of 1, using the gener-
ated samples achieves an accuracy of 81.3 which
is much better than +CF (70.8) (cf. Figure 3). The
generated samples indeed benefit the decision mak-
ing over hard testing samples.

5 Related Work

Counterfactual sample. Constructing counterfac-
tual samples has become an emergent data aug-
mentation technique in natural language process-
ing, which has been used in a wide spectral of lan-
guage understanding tasks, including SA (Kaushik
et al., 2019; Yang et al., 2020), NLI (Kaushik et al.,
2019), named entity recognition (Zeng et al., 2020)
question answering (Chen et al., 2020), dialogue
system (Zhu et al., 2020), vision-language naviga-
tion (Fu et al., 2020). Beyond data augmentation
under the standard supervised learning paradigm,
a line of research explores to incorporate coun-
terfactual samples into other learning paradigms
such as adversarial training (Zhu et al., 2020; Fu
et al., 2020; Teney et al., 2020) and contrastive
learning (Liang et al., 2020). This work lies in an
orthogonal direction that incorporates counterfac-
tual samples into the decision making procedure of
model inference.

Counterfactual inference. A line of research
attempts to enable deep neural networks with coun-
terfactual thinking by incorporating counterfactual
inference (Yue et al., 2021; Wang et al., 2021;
Niu et al., 2021; Tang et al., 2020; Feng et al.,
2021). These methods perform counterfactual in-
ference over the model predictions according to
a pre-defined causal graph. Due to the require-
ment of causal graph, such methods are hard to be
generalized to different tasks. Our method does
not suffer from such limitation since working on
the counterfactual samples which can be generated
without a comprehensive causal graph.

Hard sample. A wide spectral of machine learn-
ing techniques are related to dealing with the hard
samples in language understanding. For instance,
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Backbone +CF EF RI LF RI MF RI

RoBERTa-base 83.4±0.9 91.5±1.6 9.7% 92.8±1.8 11.3% 89.6±2.0 7.4%
RoBERTa-large 85.8±1.2 93.8±1.9 9.3% 95.3±0.7 11.1% 93.4±1.7 8.9%
RoBERTa-large-nli 88.2±1.0 94.4±1.2 7.1% 93.8±0.4 6.4% 94.7±1.3 7.4%

Table 3: Performance of the proposed CRM based on early fusion (EF), late fusion (LF), or middle fusion (MF)
on the NLI task. RI represents the relative performance improvement over the +CF method.

adversarial training (Khashabi et al., 2020) en-
hances the model robustness against perturbations
and attacks, which are hard samples for normally
trained models. Debiased training (Tu et al., 2020;
Utama et al., 2020) eliminates the spurious correla-
tion or bias in training data to enhance the gener-
alization ability and deal with out-of-distribution
samples. In addition to the training phase, a few
inference techniques might improve the model per-
formance on hard samples, including posterior reg-
ularization (Srivastava et al., 2018) and causal in-
ference (Yu et al., 2020; Niu et al., 2021). However,
both techniques require domain knowledge such as
prior or causal graph tailored for specific applica-
tions. On the contrary, this work provides a general
paradigm that can be used for most language un-
derstanding tasks.

6 Conclusion

In this work, we pointed out the issue of standard in-
ference of existing language understanding models.
We proposed a Counterfactual Reasoning Model
which empowers the trained model with a high-
level cognitive ability, counterfactual thinking. By
applying the proposed CRM, we formed a new
paradigm for building language understanding solu-
tions. We conducted extensive experiments, which
validate the effectiveness of our proposal, espe-
cially in dealing with hard samples.

This work opens up a new research direction
about the decision making procedure in testing
phase. In the future, we will explore sequential
decision procedure to resolve the constraint on the
number of constructed counterfactual samples. In
addition, we will investigate generation module for
language understanding with unsupervised genera-
tive techniques (Sauer and Geiger, 2021).
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Abstract

Machine Reading Comprehension (MRC)
aims to extract answers to questions given
a passage, which has been widely studied
recently especially in open domains. How-
ever, few efforts have been made on closed-
domain MRC, mainly due to the lack of large-
scale training data. In this paper, we intro-
duce a multi-target MRC task for the med-
ical domain, whose goal is to predict an-
swers to medical questions and the correspond-
ing support sentences from medical informa-
tion sources simultaneously, in order to en-
sure the high reliability of medical knowl-
edge serving. A high-quality dataset (more
than 18k samples) is manually constructed
for the purpose, named Multi-task Chinese
Medical MRC dataset (CMedMRC), with de-
tailed analysis conducted. We further pro-
pose a Chinese medical BERT model for
the task (CMedBERT), which fuses medical
knowledge into pre-trained language models
by the dynamic fusion mechanism of hetero-
geneous features and the multi-task learning
strategy. Experiments show that CMedBERT
consistently outperforms strong baselines by
fusing context-aware and knowledge-aware to-
ken representations.1

1 Introduction

Machine Reading Comprehension (MRC) has be-
come a popular task in NLP, aiming to understand
a given passage and answer the relevant questions.
With the wide availability of MRC datasets (Ra-
jpurkar et al., 2016; He et al., 2018; Cui et al., 2019)
and deep learning models (Yu et al., 2018; Ding
et al., 2019) (including pre-trained language mod-
els such as BERT (Devlin et al., 2019)), significant
progress has been made.

∗T. Zhang and C. Wang contributed equally to this work.
†Corresponding author.

1The code and dataset will be available at https://
github.com/MatNLP/CMedMRC

Despite the success, a majority of MRC research
has focused on open domains. For specific do-
mains, however, the construction of high-quality
MRC datasets, together with the design of corre-
sponding models is considerably deficient (Welbl
et al., 2017, 2018). The causes behind this phe-
nomenon are threefold. Take the medical domain as
an example. i) Data annotators are required to have
medical backgrounds with high standards. Hence,
simple crowd-sourcing (Rajpurkar et al., 2016; Cui
et al., 2019) often leads to poor annotation results.
ii) Due to the domain sensitivity, people are more
concerned about the reliability of the information
sources where the answers are extracted, and the
explainability of the answers themselves (Lee et al.,
2014; Dalmer, 2017). This is fundamentally dif-
ferent from the task requirements of open-domain
MRC. iii) From the perspective of model learning,
it is difficult for pre-trained language models to
understand the meaning of the questions and pas-
sages containing a lot of specialized terms (Chen
et al., 2016; Bauer et al., 2018). Without the help of
domain knowledge, state-of-the-art models can per-
form poorly. As shown in Figure 1, BERT (Devlin
et al., 2019) and MC-BERT (Zhang et al., 2020)
only predict part of the correct answer, i.e., “torso”
and “buttocks”, instead of generating the complete
answer to the medical question.

In this paper, we present a comprehensive study
on Chinese medical MRC, including i) how the task
is formulated, ii) the construction of the Chinese
medical dataset and iii) the MRC model with rich
medical knowledge injected. To meet the require-
ments of medical MRC, we aim to predict both
the answer spans to a medical question, and the
support sentence from the passage, indicating the
source of the answer. The support sentences pro-
vide abundant evidence for users to learn medical
knowledge, and for medical professionals to assess
the trustworthiness of model output results.
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Multi-task Chinese Medical MRC

Passage:

(<1>Imbricate tinea is a 

special kind of body ringworm, mainly caused by the conc-

entric trichoderma or imbricated versicolor bacterium…

<14>It often occurs in the torso and buttocks. The disease

can spread to the extremities after a long time. It can even

spread to the lips, nail groove and scalp. <15>But the met-

atarsal is not affected and also do not damage the hair...)

Question: 

(What part of body can imbricate tinea happen?)

BERT_base Answer: (Torso and buttocks)
MC-BERT Answer: (It often occ-
urs in the torso and buttocks. The disease can spread to the
extrmities after a long time.)
CMedBERT Answer:

(It often occurs in the torso and buttocks. The dis-
ease can spread to the extremities after a long time. It can 
even spread to the lips, nail groove and scalp. )

Medical Entities: (quadriplegia) (skin)

(paronychia) (nail groove)

Support sentence:

Figure 1: Dataset example. MC-BERT and BERT can
only predict part of the correct answer. With medical
knowledge fused, our CMedBERT model can extract
the complete answer. Contents in brackets refer to En-
glish translations.

For the dataset, we construct a highly-quality
Chinese medical MRC dataset, named the Multi-
task Chinese Medical MRC dataset (CMedMRC).
It contains 18,153 <question, passage, answer,
support sentence> quads. Based on the analysis
of CMedMRC, we summarize four special chal-
lenges for Chinese medical MRC, including long-
tail terminologies, synonym terminology, terminol-
ogy combination and paraphrasing. In addition,
we find that comprehensive skills are required for
MRC models to answer medical questions correctly.
For answer extraction in CMedMRC, direct token
matching is required for answering 31% of the
questions, co-reference resolution for 11%, multi-
sentence reasoning for 18% and implicit causality
for 22%. In addition, the answers to the remaining
questions (16%) are extremely difficult to extract
without rich medical background knowledge.

To address the medical MRC task, we pro-
pose the multi-task dynamic heterogeneous fu-
sion network (CMedBERT) based on the MC-
BERT (Zhang et al., 2020) model and a Chinese
medical knowledge base (see Appendix). The tech-
nical contributions of CMedBERT are twofold:

• Heterogeneous Feature Fusion: We mimic
humans’ approach of reading comprehen-
sion (Wang et al., 1999) by learning attentively
aggregated representations of multiple entities

in the passage. Different from the knowledge
fusion method used by KBLSTM (Yang and
Mitchell, 2017) and KT-NET (Yang et al.,
2019), we propose a two-level attention and a
gated-loop mechanism to replace the knowl-
edge sentinel, so that rich knowledge represen-
tations can be better integrated into the model.

• Multi-task Learning: Parameters of CMed-
BERT are dynamically learned by capturing
the relationships between the two tasks via
multi-task learning. We regard the semantic
similarities between support sentences and an-
swers to questions as the task similarities.

We compare CMedBERT against six strong base-
lines. For answer prediction, compared to the
strongest competitor, the EM (Exact Match) and
F1 scores are increased by +3.88% and +1.46%,
respectively. Meanwhile, the support sentence pre-
diction task result is increased by a large margin,
i.e., +7.81% of EM and +4.07% of F1.

2 Related Work

MRC Datasets and Models. Due to the popularity
of the MRC task, there exist many types of MRC
datasets, such as span-extraction (Rajpurkar et al.,
2016; Yang et al., 2018), multiple choices (Richard-
son et al., 2013; Lai et al., 2017), cloze-style (Her-
mann et al., 2015), cross-lingual (Jing et al., 2019;
Yuan et al., 2020). For specific domains, however,
the number of publicly available MRC datasets
remains few, including SciQ (Welbl et al., 2017),
Quasar-S (Dhingra et al., 2017) and Biology (Be-
rant et al., 2014). CLiCR (Suster and Daelemans,
2018) is a cloze-style single-task English medical
MRC dataset. However, it contains a relatively
small variety of medical questions, automatically
generated from clinical case reports. Recently, (Li
et al., 2020) propose a multi-choice Chinese medi-
cal QA dataset, retrieving text snippets as the pas-
sage and the task only chooses an existing correct
option from candidate set. Our work specifically
focuses on the fine-grained medical MRC tasks and
deep domain knowledge reasoning, with a manu-
ally constructed high-quality dataset released.

The model architecture of MRC mostly takes
advantage of neural networks to learn token repre-
sentations of passages and questions jointly (Qiu
et al., 2019a; Liu et al., 2019). The interaction be-
tween questions and passages is modeled based on
attention mechanisms. The rapid development of
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Challenges Characteristics Example

Long-tail terminology 冈上肌肌腱断裂试验是对冈上肌肌腱是否存在断裂进行检查。 (supraspinatus tendon rupture
test is to check whether the supraspinatus tendon is ruptured.)

Lexical-Level Synonym terminology
...本药品对过敏性鼻炎和上呼吸道感染引起的鼻充血有效，可用于感冒或鼻窦炎...
(...This medicine is effective for nasal congestion caused by allergic rhinitis and upper respiratory tract
infection, and can be used for colds or sinusitis...)

Terminology combination ...糖尿病性视网膜病(diabetic retinopathy)是糖尿病性微血管病变中最重要的表现...
(...Diabetic retinopathy (DR) is the most important manifestation of diabetic microangiopathy...)

Sentence-Level Paraphrasing

Passage:...如果在嘴角烂了或结痂的地方进行冷敷，一方面冷敷物品不干净的话会造成感染；另一方面局部温
度降低了之后，反而会延缓伤口的愈合。...(...If you apply a cold compress on a rotten or crusted
corner of the mouth, on the one hand, if the cold compress is not clean, it will cause infection; on the
other hand, when the local temperature is lowered, it will delay the healing of the wound...)
Question:为什么嘴角烂了或结痂不建议进行冷敷？(Why is it not recommended to apply cold compresses when the
corners of the mouth are rotten or crusted?)

Table 1: Two levels of challenges in processing Chinese medical texts. The blue and underscore contents in
brackets indicate why this example belongs to its corresponding “Characteristics” category. (Best viewed in color.)

deep learning leads to a variety of models, such as
the QANet (Yu et al., 2018), SAN (Liu et al., 2018).
Graph neural networks have been used in MRC
recently by modeling the relations between entities
in the passage (Ding et al., 2019) and multi-grained
tokens representation (Zheng et al., 2020).

Pre-trained Language Models and Knowl-
edge Fusion. Pre-trained language models
(e.g., BERT (Devlin et al., 2019), ERNIE-THU
(Zhang et al., 2019), K-BERT (Liu et al., 2020a))
have successfully improved the performance of the
MRC task, which even exceed the human level in
some datasets. This is because these models obtain
better token representations and capture lexical and
syntactic knowledge in different layers (Guan et al.,
2019). For specific domain, there also have some
pre-trained models (Beltagy et al., 2019; Zhang
et al., 2020).

A potential drawback is that pre-trained lan-
guage models of open domains only learn general
representations, lacking domain-specific knowl-
edge to deepen the understanding of entities and
other nouns (Ostendorff et al., 2019) (which are
often the answers in span-extraction MRC tasks).
Without proper descriptions of such entities in the
passage, MRC models often fail to understand and
extract key information (Das et al., 2019). Hence,
the explicit fusion of knowledge in MRC models
is vital for learning context-aware token represen-
tations (Pan et al., 2019; Qiu et al., 2019b; Liu
et al., 2020b). Instead of encoding entities appear-
ing in both knowledge bases and passages into the
MRC model only (Chen et al., 2018), our proposed
model encodes all the triples from a medical KG
and then employs heuristic rules to retrieve relevant
entities. This practice allows the model to acquire

deeper understanding of domain-specific terms.

3 The CMedMRC Dataset

In this section, we briefly describe the collection
process and provide an analysis on various aspects
of the CMedMRC dataset. For more dataset collec-
tion and statistical analysis of dataset details, we
refer readers to the Appendix A and Appendix B.

3.1 Dataset Collection Process

The dataset collection process follows the SQuAD-
style (Rajpurkar et al., 2016) rather than col-
lecting question-answer pairs as in Google Nat-
ural Questions (Kwiatkowski et al., 2019). Our
medical text corpus is collected from DXY Medi-
cal 2, an authoritative medical knowledge source
in China. The general data collection process of
CMedMRC consists of four major steps: passage
collection, question-answer pair collection, sup-
port sentence selection and additional answer con-
struction. Briefly speaking, during the passage
collection process, we filter the corpus to generate
high-quality medical passages. A group of human
annotators are required to ask questions on medical
knowledge and annotate the answers from these
passages. The annotation results are in the form of
question-answer pairs. Following SQuAD, we ask
annotators to provide 2 additional answers for each
question in the DEV and TEST sets.

Since people are concerned about the scientific
explanation and sources of answers in the medical
domain, we ask annotators to select the support
sentence of their annotated answer similar to those
of CoQA (Reddy et al., 2019) and QuAC (Choi
et al., 2018). Finally, CMedMRC consists of three

2http://www.dxy.cn/
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Skills Example Percentage

Token matching

Passage: ...急性羊水过多较少，见多发生在孕20～24周，羊水急剧增多，子宫短期内明显增大...
(...it is less likely to secrete too much acute amniotic fluid. The disease is most common in the 20 to 24 weeks of pregnancy.
The amniotic fluid increases sharply with the uterus enlarged significantly in the short term...)
Question: 怀孕期间羊水什么时候分泌过多? (When does the amniotic fluid secrete too much during pregnancy?)
Answer: 20～24周 (20～24 weeks)

31%

Co-reference resolution

Passage: ...尖锐湿疣有「割韭菜」的臭名声，它的治疗瓶颈在于病毒不进入血循环，因此机体无法产生免疫应答，
所以容易反复复发。...(...genital warts has a bad reputation of cutting leeks. The bottleneck of its treatment is that the virus
does not enter the blood circulation, so the body cannot produce an immune response and it is easy to relapse repeatedly....)
Question: 为什么尖锐湿疣易反复发作? (Why genital warts is easy to relapse repeatedly?)
Answer: 病毒不进入血循环，因此机体无法产生免疫应答 (The virus does not enter the blood circulation, so the body
cannot produce an immune response)

11%

Multi-sentence
reasoning

Passage: ... 老年人应在医师指导下使用。5.肝、肾功能不全者慎用。6.孕妇及哺乳期妇女慎用。...
(...The elderly should take the medicine under the guidance of a physician. 5. Use with caution in patients with liver and
kidney insufficiency. 6. Use with caution in pregnant and lactating women.)
Question: 哪些人群慎用此药品? (Which groups of people should use this drug with caution?)
Answer:老年人应在医师指导下使用。5.肝、肾功能不全者慎用。6.孕妇及哺乳期妇女慎用
(The elderly should take the medicine under the guidance of a physician. 5. Use with caution in patients with liver and
kidney insufficiency. 6. Use with caution in pregnant and lactating women.)

18%

Implicit causality

Passage: ... 不是所有的白细胞减少都必须治疗的，关键看白细胞减少的程度、机体的一般状态以及医生的建议；
...... 因为无症状的白细胞减少对生活的影响是很小的；...
(...Not all leukopenia must be treated. The key depends on the degree of leukopenia, the general state of the body and the
doctor’s advice;......Because asymptomatic leukopenia has little impact on life...)
Question: 为什么不是所有的白细胞减少都要进行治疗? (Why do not all leukopenia have to be treated?)
Answer:因为无症状的白细胞减少对生活的影响是很小的 (Because asymptomatic leukopenia has little impact on life.)

22%

Domain knowledge

Passage:...发病率居遗传性血小板功能缺陷疾病的首位。血栓细胞衰弱发病多见于幼年，发病率为 0.01/万...
(...The incidence is the highest in hereditary platelet dysfunction diseases. The incidence of thrombotic cell weakness is more
common in childhood with an incidence rate of 0.01 / 10,000...)
Question:血小板无力症的发病率约为多少？
(What is the incidence rate of blood platelet weakness? )
Answer: 0.01/万 (0.01/10,000)

16%

Table 2: Reading comprehension skills of models required to answer questions in CMedMRC. The blue and
underscore contents in brackets indicate why the sample belongs to its category. (Best viewed in color)

parts: 12,700 training samples, 3,630 development
samples and 1,823 testing samples.

3.2 Quality Control

During the dataset collection process, we take the
following measures to ensure the quality of the
dataset. i) The knowledge source (DXY Medi-
cal) contains high-quality medical articles which
are written by medical personnel and organized
based on different topics in the medical domain. ii)
Our annotators are all engaged in medical-related
professions rather than annotators with short-term
guidance only. iii) We further hire 12 medical ex-
perts to check all the collected samples rather than
checking a randomly selected sample only. The
experts remove out-of-domain questions and ques-
tions that are unhelpful to medical practice. In this
stage, the experts are divided into two groups and
cross-check their judgments.

3.3 Challenges of Understanding Texts

Due to the closed-domain property of our dataset,
there are some domain-specific textual features in
both passages and questions that the model needs
to understand. Based on our observations of the
CMedMRC, we summarize the following two ma-

jor challenges. These challenges can be also re-
garded as key reasons why some recent state-of-
the-art MRC models cannot address the medical
MRC task on CMedMRC well.

Lexical-Level: i) Long-tail terminology means
these medical terms occur very infrequently and
are prone to Out-Of-Vocabulary (OOV) problems.
ii) Synonym terminology means that some medical
terms may express the same meaning, but there is a
distinction between colloquial expressions and pro-
fessional terms. The above two points require the
model to have rich domain knowledge to solve. iii)
Terminology combination means these terms are
usually formed by a combination of multiple terms,
while one term is the attributive of another. This
does not only require the model to have domain
knowledge but also poses challenges to phrase seg-
mentation in specific domains.

Sentence-Level: Paraphrasing means some
words in questions are semantically related to cer-
tain tokens in passages, but are expressed differ-
ently. Consider the last question in Table 1. When
the model tries to answer the “not-recommended”
question, it should focus on negative terms (“cause
infection” and “delay the healing of the wound”).
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3.4 Reasoning Skills for MRC Models
We randomly select 100 samples from the develop-
ment set to analyze what skills the model should
have in order to answer the questions correctly. We
divide the reasoning skills corresponding to these
samples into five major categories, namely token
matching, co-reference resolution, multi-sentence
reasoning, implicit causality and domain knowl-
edge. Examples are shown in Table 2. It is par-
ticularly noteworthy that the fifth type is the need
of domain knowledge to answer medical questions.
Consider the example:

Passage: ... The incidence of thrombotic cell
weakness is most common in childhood with an
incidence rate of 0.01 / 10,000...

Question: What is the incidence rate of blood
platelet weakness?

Answer: 0.01/10,000.
We know that the blood platelet in the question

refers to the thrombotic cell described in the pas-
sage through the medical knowledge base. It shows
that the rich information of the knowledge base
can help the model obtain a better understanding of
domain terms to improve the MRC performance.

4 The CMedBERT Model

4.1 Task Formulation and Model Overview
For our task, the input includes a medical ques-
tion Q together with the passage P . Let
{p1, p2, · · · pm} and {q1, q2, · · · qn} represent the
passage and question tokens, respectively. In
the answer prediction task, the goal is to train
an MRC model which extracts the answer span
{pi, pi+1, · · · pj} (0 ≤ i ≤ j ≤ m) from P that
correctly answers the question Q. Additionally,
the model is required to predict the support sen-
tence tokens {pk, pk+1, · · · pl} (0 ≤ k ≤ l ≤ m)
from P to provide additional medical knowledge
and to enhance interpretability of the extracted an-
swers. We constrain that {pk, pk+1, · · · pl} must
form a complete sentence, instead of incomplete
semantic units and the support sentence tokens con-
tain the answer span. The high-level architecture
of the CMedBERT model is shown in Figure 2.
It mainly includes four modules: BERT encoding,
knowledge embedding and retrieval, heterogeneous
feature fusion and multi-task training.

4.2 BERT Encoding
This module is used to learn context-aware repre-
sentations of question and the passage tokens. For

each input pair (the question Q and the passage P ),
we treat [〈CLS〉, Q, 〈SEP 〉, P, 〈SEP 〉] as the in-
put sequences for BERT. We denote {hi}m+n+3

i=1 as
the hidden layer representations of tokens, where
m and n are the length of passage tokens and ques-
tion tokens, respectively.

4.3 Knowledge Embedding and Retrieval

In the knowledge bases, relational knowledge is
stored in the form of (subject, relation, object)
triples. In order to fuse knowledge into token repre-
sentations, we first encode all entities in the knowl-
edge base into a low-dimensional vector space.
Here, we employ PTransE (Lin et al., 2015a) to
learn entity representations, and denote the under-
lying entity embedding as ei. Because existing
medical NER tools do not have high coverage over
our corpus, we consider five types of token strings
as candidate entities: noun, time, location, direc-
tion and numeric. Two matching strategies are
then employed to retrieve relevant entities from the
knowledge base: (i) The two strings match exactly.
(ii) The number of overlapped tokens is larger than
a threshold. After relevant entities are retrieved, we
can fuse the knowledge into contextual representa-
tions, introduced below.

4.4 Heterogeneous Feature Fusion

In this module, we fuse heterogeneous entity fea-
tures retrieved from the knowledge base into the
question and passage tokens representations.

Local Fusion Attention. We observe that each
token is usually related to multiple entities of vary-
ing importance. Thus, we assign different weights
to the entity embedding ej corresponding to the
token representation hi using attention mechanism:

αi,j =
exp(eTj Whi)∑K
k=1 exp(e

T
kWhi)

(1)

where K is the number of entities and αi,j repre-
sents the similarity between the jth entity in the
retrieved entity set and the ith token. W ∈ Rd2×d1
where d1 is the dimension of BERT’s output and
d2 is the dimension of entity embeddings. Af-
ter fusing, the representation of the ith token is:
ēi =

∑K
k=1 αi,kek. However, ēi is only related to

retrieved entities, not other tokens in the question-
passage pair.

Global Fusion Attention. In BERT, the output
of the [CLS] tag represents the entire sequence in-
formation learned by transformer encoders. We use
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Figure 2: Model overview. The green box and the red box in the heterogeneous feature fusion layer represent the lo-
cal and global token information, respectively. In the multi-task training module, the model learns the relationship
between two tasks by dynamically learning the parameter λ. (Best viewed in color)

the token output h[CLS] to model the knowledge
fusion representation of the entire entity collection
that each token recalls:

β[CLS],j =
exp(eTj Wh[CLS])∑K
k=1 exp(e

T
kWh[CLS])

(2)

êi =
∑K

k=1
β[CLS],kek (3)

where êi is the global knowledge fusion result cor-
responding to the ith token.

Gated Loop Layer. In order to fuse local and
global results into token representations, we design
a gated loop layer. The information of knowledge
fusion is filtered through the gating mechanism in
each loop of modeling. In the initialization stage,
we simply have h0i = hi. In the lth iteration, we
have the following update process:

G`i = σ(tanh(W [h`i , ēi, êi])) (4)

h`+1
i = G`i � h`i (5)

This process runs for L loops and this fusion pro-
cess output is hLi . The loop process mimics the
human’s behavior of reading the passage repeat-
edly to find the most accurate answers.

4.5 Multi-task Training
The output layer of CMedBERT is extended from
BERT. We first concatenate two types of token
representations and calculate the probability of the
ith token being selected in the support sentence as
follows:

oi = σ(W [hi, h
L
i ]), psupporti = σ(Woi) (6)

We also calculate its probabilities as the starting
and the ending positions of the answer span, re-
spectively:

pstarti =
exp(wT1 oi)∑
j exp(w

T
1 oj)

, pendi =
exp(wT2 oi)∑
j exp(w

T
2 oj)

The loss function of the answer prediction task
is the negative log-likelihood of the starting and
ending positions of ground-truth answer tokens:

LA = − 1

N

N∑

j=1

(logpstartystartj
+ logpend

yendj
) (7)

For the extraction of support sentences, the loss
function is defined by cross-entropy:

LS = − 1

N

N∑

j=1

M∑

i=1

(ysupportj logpsupporti ) (8)

where N is the number of samples and M is the
length of input sequences. ystartj ,yendj is the start-
ing and ending positions of ground-truth of the jth

token. Furthermore, if the token is in the support
sentence, the token label ysupportj is set to 1, and 0
otherwise.

The representations of the support sentence are
related to the positions of the answer. In order to
better model the relationship between two tasks,
we dynamically learn the coefficient between the
loss values of two tasks. Let hsu and osp be self-
attended, averaged pooled representations of the
support sentence and the answer span. ost, oed are
the start and end position token representations of
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Model
Answer Support Sentence

Exact Match (EM) F1 Exact Match (EM) F1

Dev Test Dev Test Dev Test Dev Test

DrQA 42.00% 37.45% 58.66% 57.15% 5.07% 5.88% 30.24% 32.52%
BERT base 64.83% 68.31% 81.08% 83.74% 21.42% 17.70% 52.27% 48.34%
ERNIE 65.49% 68.57% 81.17% 83.86% 20.71% 16.32% 49.88% 45.81%
KT-NET♠ 64.58% 69.03% 81.06% 84.18% 15.42% 13.48% 49.37% 46.45%
MC-BERT 66.58% 68.62% 81.23% 83.98% 20.08% 16.77% 47.33% 44.53%
KMQA 66.19% 68.45% 81.20% 83.79% 20.63% 16.54% 49.27% 45.97%

CMedBERT♣ 69.00% 72.84% 82.68% 85.38% 25.17% 24.18% 52.36% 49.69%
CMedBERT♠ 70.33% 72.91% 83.43% 85.64% 25.58% 25.51% 52.67% 52.41%

Table 3: The results of multi-task prediction (answer and support sentence) over CMedMRC.

the answer, respectively. We have:

γst, γed, γsp = hsu[ost, oed, osp]
T (9)

HA = σ(W [γstost, γedoed, γsposp]) (10)

where γst, γed, γsp are the weight coefficients
between the supporting sentence and the
start/end/total token representations of the answer
span. The loss value coefficient of two tasks λ and
the total loss L are as follows:

λ = max{0, cos(HA, hsu)} (11)

L = LA + λLS (12)

We minimize the total loss L to update our model
parameters in the training process.

5 Experiments and Result Analysis

5.1 Experimental Setups

We evaluate CMedBERT on CMedMRC, and com-
pare it against six strong baselines: DrQA (Chen
et al., 2017), BERT base (Devlin et al., 2019),
ERNIE (Zhang et al., 2019), KT-NET (Yang et al.,
2019), MC-BERT (Zhang et al., 2020) and KMQA
(Li et al., 2020). KT-NET is the first model to
leverage rich knowledge to enhance pre-trained
language models for MRC. MC-BERT is the first
Chinese biomedical pre-trained model fine-tuned
on BERT base. We only use the encoder layer
in KMQA removing the answer layer due to the
different answer type.

For evaluation, we use EM (Exact Match) and
F1 metrics for answer and support sentence tasks.
We calculate character-level overlaps between pre-
diction and ground truth for the Chinese language,
rather than token-level overlaps for English. To as-
sess the difficulty of solving CMedMRC tasks, we

Model Exact Match (EM) F1

Dev Test Dev Test

DrQA 34.50% 32.10% 56.67% 56.64%
BERT base 62.39% 68.29% 81.48% 83.70%
ERNIE 63.18% 66.92% 81.74% 83.41%
KT-NET♠ 64.64% 66.26% 82.48% 83.61%
MC-BERT 63.39% 68.38% 81.86% 83.88%
KMQA 64.37% 67.48% 81.95% 83.74%

CMedBERT♣ 68.00% 72.11% 82.50% 85.33%
CMedBERT♠ 69.83% 72.84% 83.02% 85.54%

Human - 85.00% - 96.69%

Table 4: Result of single-task (answer prediction). ♣

and ♠ indicate that CMedBERT uses BERT base and
MC-BERT as the encoder, respectively.

select 100 testing samples to evaluate human per-
formance. Human scores of EM and F1 are 85.00%
and 96.69% for answer prediction, respectively.

In the implementation, we set the learning rate as
5e-5 and the batch size as 16, and the max sequence
length as 512. Other BERT’s hyper-parameters are
the same as in Google’s settings 3. Each model
is trained for 2 epochs by the Adam optimizer
(Kingma and Ba, 2015). Results are presented
in average with 5 random runs with different ran-
dom seeds. Other implementation details are in
Appendix C.

5.2 Model Results
Table 3 and Table 4 show the multi-task and single-
task results on the CMedMRC development and
testing sets. CMedBERT has a great improvement
compared to four strong baseline models in both
tasks. Specifically, our CMedBERT outperforms
the state-of-the-art model by a large margin in
multi-task results, with +3.88%EM / +1.46%F1

3https://github.com/google-research/
bert
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Model Answer Sentence

EM F1 EM F1

CMedBERT♠ 72.91% 85.64% 25.51% 52.41%

w/o Local Att. 68.93% 83.89% 19.75% 49.45%
w/o Global Att. 71.71% 84.96% 17.59% 47.01%

w/o λ 71.91% 85.09% 21.09% 48.80%

Table 5: Ablation study of CMedBERT (testing set).

improvements, which shows the effectiveness of
our model. Meanwhile, in the support sentence
task, our model also has the best performance, im-
proving (+7.81%EM / +4.07%F1) over the test-
ing set. In single task evaluation, we remove the
support sentence training module and the dynamic
parameter for loss function module. Our model
improves (+4.46%EM / +1.66%F1) over the best
baseline model. In addition, we find that using sup-
port sentence prediction as an auxiliary task and
the pre-training technique in medical domain can
further improve the performance of CMedBERT.

5.3 Ablation study

In Table 5, we choose three important model com-
ponents for our ablation study and report the results
over the testing set. When the dynamic param-
eter λ of the loss function is removed from the
model, the performance of the model on two tasks
is decreased by (-1.00%EM and -0.55%F1) and
(-4.42%EM and -3.61%F1), respectively. With-
out local attention, the EM performance in the
answer prediction task decreases by (-3.98%EM
and -1.75%F1). Experiments have shown that the
model performs worse without the local fusion at-
tention than without the global fusion attention and
the dynamic parameter λ. However, the perfor-
mance of support sentence task is decreased sig-
nificantly by (-7.92%EM and -3.61%F1) without
global fusion attention. It shows that local fusion
attention is more important for extracting answer
spans, while global fusion attention plays a larger
role in support sentence prediction.

5.4 Case Study

In Figure 3, we use our motivation example to con-
duct a case study. In BERT, we can see that the
difference among the probability values of differ-
ent words is small, especially when predicting the
probability of ending positions. The ending posi-
tion probabilities of token “部” token “皮” are 0.3
and 0.25, leading the model to extract the wrong

(a) Tokens probabilities of CMedBERT♠

(b) Tokens probabilities of BERT base

Figure 3: Case study. Predicted answer spans are in the
green dotted box. Product of the maximum starting and
ending probabilities of CMedBERT is 0.76, with BERT
to be 0.174.

answer span. However, in the knowledge retrieval
module of CMedBERT, multiple entities represen-
tation are fused into the context-aware latent space
representation to enhance the medical text seman-
tic understanding. Therefore, in our CMedBERT
model, the starting position probability is 0.95 and
the end position probability is 0.8. In this case, the
CMedBERT model can easily choose the correct
range of the answer span.

5.5 Discussion of Support Sentence Task

Compared with the answer prediction task, exist-
ing models have poor prediction results on the EM
metric in the support-sentence task. In prediction
results, we randomly select 100 samples for anal-
ysis. We divide the error types into the following
three main types (see Appendix): i) starting po-
sition cross ii) ending position cross iii) answer
substring. The most common error type is the an-
swer substring, accounting for 46%. In this error
type, the predicted result of our model is part of the
true result, which shows the model cannot predict
long answers completely (Yuan et al., 2020) and
reduce the accuracy of the results greatly.

6 Conclusion

In this work, we address medical MRC with a new
dataset CMedMRC constructed. An in-depth anal-
ysis of the dataset is conducted, including statistics,
characteristics, required MRC skills, etc. More-
over, we propose the CMedBERT model, which
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can help the pre-trained model better understand
domain terms by retrieving entities from medical
knowledge bases. Experimental results confirm the
effectiveness of our model. In the future, we will
explore how knowledge can improve the perfor-
mance of models in the medical domain.
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A Detailed Dataset Construction Process
of CMedMRC

A.1 Medical Passage Curation
We use the following rules to obtain 20,000 pas-
sages from DXY as the inputs to human annotators:

• We use regular expressions to filter out images,
tables, hyperlinks, etc. The English-Chinese
translations of medical terms are also provided
if the passages contain medical terms in En-
glish.

• We find that if we follow (Rajpurkar et al.,
2016) to limit the lengths of the passages
within 500 tokens, our human annotators
could not ask 4 high-quality medical ques-
tions easily. Hence, our passage length limit
is 1000 tokens.

A.2 Medical Question-Answer Pair
Collection

We employ a group of annotators with professional
medical background to generate question-answer
pairs from the medical passages. Here are some
general guidelines:

• We encourage our annotators to ask questions
to which the answers are uniformly distributed
in different positions of medical passages.

• For each medical passage, we limit the num-
ber of questions to 4.

• Each question should be strictly related to the
medical domain. When creating the questions,
no any part of the texts can be directly copied
and pasted from the given medical passages.

• We limit the number of answer tokens to no
more than 40.

A.3 Support Sentence Selection
In our dataset, we add an index to each sentence in
the passages. Annotators are required to select the
support sentence index and mark the range of the
answer spans on the user interface.

A.4 Additional Answer Construction
To evaluate the human performance of our dataset
and make our model more robust, we collect two
additional answers for each question in the develop-
ment and testing sets. We employ another 12 anno-
tators for answer construction. Since our medical

Answer Type Pct. Example

Numeric 6% 20%

Time/Date 11% 1-3小时 (1-3 Hours)

Person 8% 儿童 (Child)

Location 5% 安徽,云南,湖北
(Anhui, Yunnan, Hubei)

Noun Phrase 18% 输卵管炎 (Salpingitis)

Verb Phrase 6% 清洗，干燥和粉碎
(Wash, dry and crush)

Yes/No 1% 不会感染 (Will not infect)

Description 44% 维生素缺乏 (Vitamin deficiency)

Other 1% 严重 (Severe)

Table 6: Statistical results for answer types.

Train Dev Test

# Questions 12,700 3,630 1,823
Avg. tokens of passages 883.64 743.10 745.52
Avg. tokens of questions 15.40 14.85 15.23
Avg. tokens of answers 19.69 18.48 16.57

Avg. tokens of support sen. 57.50 48.19 42.70

Table 7: Statistical results of text length in our
CMedMRC dataset.

passage is relatively long, we show the questions
and the passage contents again on the interface, to-
gether with the previously labeled support sentence
indices.

B Statistical Analysis of the CMedMRC
Dataset

B.1 Question and Answer Types

Due to the special characteristics of the Chinese
language, the question types cannot be simply clas-
sified by prefix words of questions (Rajpurkar et al.,
2016). Here, we manually define 8 common ques-
tion types in the user annotation interface. The
statistics of each question type are shown in Fig-
ure 4. The first seven question types usually cor-
respond to special medical answers. For example,
the What type refers to a question on the name
of a drug or a disease, which accounts for more
than half of the dataset. A third of the questions
belong to the types of How and Why. The statistics
of answer types are also shown in Table 6. The
proportions of Noun Phrase and Description types
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Error Type Example Percentage

Start position cross

Ground-truth: 当有急性炎症或者化脓时，会有剧烈疼痛；或者合并牙神经发炎时也会出现剧烈疼痛。
(When there is acute inflammation or suppuration, there will be severe pain; or when combined with
dental nerve inflammation, there will also be severe pain)
Prediction: 有轻微的隐痛或胀痛；当有急性炎症或者化脓时，会有剧烈疼痛；
(There is slight dull pain or pain; when there is acute inflammation or suppuration, there will be severe pain;)

25%

End position cross

Ground-truth: 以下人群高危：乙肝、丙肝病毒慢性感染者；患有类风湿关节、狼疮、硬皮病等免疫
性疾病；吸烟。 ......遗传因素对本病起到一定作用。
(The following people are at high risk: people with chronic hepatitis B and C virus infections; suffering from
immune diseases such as rheumatoid joints, lupus, and scleroderma; smoking. ...... Genetic factors play a role in this disease.)
Prediction: 目前认为血管炎是一种自身免疫性疾病，...... 遗传因素对本病起到一定作用。一些药物
也可以引起血管炎，还有一些感染（如丙肝、乙肝、梅毒）也可以引起血管炎。
( At present, vasculitis is considered to be an autoimmune disease, ...... Genetic factors play a role in this disease.
Some drugs can also cause vasculitis, and some infections (such as hepatitis C, hepatitis B, and syphilis) can also cause vasculitis.)

21%

Answer substring

Ground-truth:这些药物具有抗炎、改善毛细血管通透性、减轻水肿、止痛等作用，同时对日光性
皮炎有很好的治疗作用。
(These drugs have anti-inflammatory, improve capillary permeability, reduce edema, pain relief, etc., and have a good therapeutic
effect on solar dermatitis.)
Prediction:具有抗炎、改善毛细血管通透性、减轻水肿、止痛等作用
(Anti-inflammatory, improve capillary permeability, reduce edema, relieve pain, etc.)

46%

Other

Ground-truth:抗组胺药第一代的经典代表药「马来酸氯苯那敏」就是一个，它俗称扑尔敏，在多年临床应用中
没有发现对胎儿有明显的致畸或其他严重危害。
(One of the classic representative drugs of the first generation of antihistamines is ”Chlorpheniramine Maleate”. It is commonly
known as Chlorpheniramine. It has not been found to have obvious teratogenic or other serious harm to the fetus in many years
of clinical application.)
Prediction:但临床上也有一些药物是经过多年验证，只要注意把握用药时间和药量，即使让孕妇吃也不会有事的
(However, there are also some drugs that have been verified for many years in clinical practice. As long as you pay attention
to the time and amount of medication, it will be fine even if pregnant women take it.)

8%

Table 8: Three typical error answer types in support sentence task. The blue and underscore contents in brackets
indicate why the sample belongs to its corresponding category.

Figure 4: The number of questions that belong to each
question types in CMedMRC.

are relatively large. The results are consistent with
Figure 4, since most of What questions need to be
answered with the above two answer types. Table
7 shows the text length of four input data.

B.2 Analysis of Domain Knowledge
We further analyze to what degree there exists do-
main knowledge in CMedMRC, in terms of med-
ical entities and other terms. In this study, we
employ the POS and NER toolkits4 to tag med-
ical entities and terms from 100 samples in the
development set of CMedMRC. We also compare
the statistics against those of two other Chinese

4We use jieba toolkit with additional medical term dictio-
naries. See https://pypi.org/project/jieba/.

Figure 5: Proportions of entities and five frequently ap-
pearing POS tags in three Chinese MRC datasets.

MRC datasets, namely CMRC (Cui et al., 2019)
and DuReader (He et al., 2018). The proportions
of entities and five frequent POS tags in the three
datasets are summarized in Figure 5. Comparing to
the other two open-domain datasets, the proportion
of entities in CMedMRC is very high (11%). In
addition, the proportion of nouns (27%) is much
higher than the other four POS tags in CMedMRC.
The most likely cause is that existing models have
difficulty recognizing all the medical terms, and
treat them as common nouns. Among the three
Chinese datasets, CMedMRC has the largest pro-
portion (38%) of nouns and entities. Therefore, it
is difficult for pre-trained language models to un-
derstand so many medical terms without additional
medical background knowledge.
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C Experimental Settings

C.1 Medical Knowledge Base and Corpora
The underlying medical knowledge base is con-
structed by DXY, containing 44 relation types and
over 4M relation triples. The KGs embedding
trained by TransR (Lin et al., 2015b) on DXY-KG 5

containing 152,508 entities. In knowledge retrieval,
the threshold of overlapped tokens is set to half of
its own length. The medical pre-training corpora
used in ERNIE-THU(Zhang et al., 2019) contains
5,937,695 text segments with 3,028,224,412 tokens
(4.9 GB) after pre-processing.

C.2 Additional Training Details
In average, the training time for DrQA, BERT base,
MC-BERT, KT-NET, ERNIE, KMQA and CMed-
BERT takes 10, 16, 16, 27, 29, 28 and 25 minutes
per epoch on a TiTAN RTX GPU. All the mod-
els are implemented by the PyTorch deep learning
framework 6.

5https://portal.dxy.cn/
6https://pytorch.org/

2249



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 2250–2261
August 1–6, 2021. ©2021 Association for Computational Linguistics

Correcting Chinese Spelling Errors with Phonetic Pre-training

Ruiqing Zhang, Chao Pang, Chuanqiang Zhang, Shuohuan Wang,
Zhongjun He∗, Yu Sun, Hua Wu and Haifeng Wang

Baidu Inc. No. 10, Shangdi 10th Street, Beijing, 100085, China
{zhangruiqing01, pangchao04, zhangchuanqiang, wangshuohuan}@baidu.com

{hezhongjun, sunyu02, wu hua, wanghaifeng}@baidu.com

Abstract
Chinese spelling correction (CSC) is an im-
portant yet challenging task. Existing state-of-
the-art methods either only use a pre-trained
language model or incorporate phonological
information as external knowledge. In this
paper, we propose a novel end-to-end CSC
model that integrates phonetic features into
language model by leveraging the powerful
pre-training and fine-tuning method. Instead
of conventionally masking words with a spe-
cial token in training language model, we re-
place words with phonetic features and their
sound-alike words. We further propose an
adaptive weighted objective to jointly train er-
ror detection and correction in a unified frame-
work. Experimental results show that our
model achieves significant improvements on
SIGHAN datasets and outperforms the previ-
ous state-of-the-art methods.

1 Introduction

Spelling errors are common in practice and the
errors will be enlarged in the downstream tasks.
Therefore, Spelling correction is important to many
NLP applications such as search optimization (Mar-
tins and Silva, 2004; Gao et al., 2010), machine
translation (Belinkov and Bisk, 2017), part-of-
speech tagging (Van Rooy and Schäfer, 2002; Sak-
aguchi et al., 2012), etc. Spelling correction re-
quires a comprehensive grasp of word similarity,
language modeling and reasoning, making it one
of the most challenging tasks in NLP.

In this paper, we focus on Chinese spelling
correction (CSC). Unlike alphabetic languages,
Chinese characters cannot be typed without the
help of input systems, such as Chinese Pinyin (a
pronunciation-based input method) or automatic
speech recognition (ASR). Thus typos of similarly
pronounced characters occur quite often in Chinese
text. According to Liu et al. (2010), 83% of Chi-
nese spelling errors on the Internet results from

∗ Corresponding author.

Wrong:

ta de yu shuo de hen hao

He of language speak very good

Correct:

ta de yu shuo de hen hao

He German language speak very good

Predict without

phonetic features:

ta ying yu shuo de hen hao

He English language speak very good

Figure 1: An example of CSC. Each row contains three
lines, Chinese pinyin, Chinese character, and gloss.
The Chinese character “德(de, German) is incorrectly
typed as its homophone “的(de, of)”. The CSC model
produces a fluent but incorrect sentence by replacing
the character with “英(ying, English)”, without consid-
ering the phonetic similarity.

phonologically similar characters. As illustrated
in Figure 1, the character “德(de, German)” is in-
correctly typed as one of its homophone1 “的(de,
of)”.

Traditional methods of CSC firstly detect mis-
spelled characters and generate candidates via a
language model, and then use a phonetic model or
rules to filter wrong candidates (Chang, 1995; Chen
et al., 2013; Dong et al., 2016). To improve CSC
performance, studies mainly focus on two issues:
1) how to improve the language model (Wu et al.,
2010; Dong et al., 2016; Zhang et al., 2020) and 2)
how to utilize external knowledge of phonological
similarity (Jia et al., 2013; Yu and Li, 2014; Wang
et al., 2018; Cheng et al., 2020). The language
model is used to generate fluent sentences and the
phonetic features can prevent the model from pro-
ducing predictions whose pronunciation deviates
from that of the original word. As illustrated in Fig.
1, the original Wrong sentence contains an incor-
rect word “的(de, of)”. The CSC model produces
a fluent but incorrect sentence by replacing “的(de,

1In this paper, we ignore the tone of Pinyin, and use homo-
phone to refer to characters with the same pinyin spellings.
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of)” with “英(ying, English)”. However, the pro-
nunciations of these two words are totally different,
because the model ignores phonetic features.

Recent studies tackle the issue using deep neural
networks. Hong et al. (2019) used a pre-trained
language model BERT (Devlin et al., 2019) to gen-
erate candidates and train a classifier with phonetic
features to select the final correction. Wang et al.
(2019) considered CSC as a sequence-to-sequence
task and generated candidates from a confusion set
2 instead of the entire vocabulary. These methods
take phonetic information as external knowledge
but the discrete candidate selection obstructs the
language model from learning directly via back-
propagation. Zhang et al. (2020) proposed an end-
to-end CSC model by modifying the mask mech-
anism of BERT. However, they did not use any
phonological information, which is important for
exploring words similarity.

In this paper, we propose a novel end-to-end
model for Chinese spelling correction. The model
incorporates the phonetic information into lan-
guage model and leverages the pre-training and
fine-tuning framework. Concretely, we first mod-
ify the learning task of pre-trained masked lan-
guage model (Devlin et al., 2019). Rather than
replacing characters with an indiscriminate sym-
bol “[MASK]”, we mask characters with pinyin or
similar pronounced characters. This enables the
language model to explore the similarity between
characters and pinyin. Then we fine-tune on error
correction data with a model of two networks, a de-
tection network predicts the probability of spelling
error for each word, and a correction network gener-
ates correction by fusing the word embedding and
pinyin embedding with the probabilities as input.
We jointly optimize the detection and correction
networks in a unified framework.

The contributions of this paper are summarized
as follows:

• We propose a novel end-to-end CSC model
that incorporates phonetic features into lan-
guage representation. The model encodes
the Chinese characters and Pinyin tokens in a
shared space.

• The integration of phonological information
greatly facilitates CSC. Experimental results
on the benchmark SIGHAN datasets show that

2Confusion set is a set of similar characters.

our method significantly outperforms the pre-
vious state-of-the-art methods.

2 Related work

Earier work on CSC follows the pipeline of er-
ror detection, candidate generation, and candidate
selection (Wu et al., 2010; Jia et al., 2013; Chen
et al., 2013; Chiu et al., 2013; Liu et al., 2013; Xin
et al., 2014; Yu and Li, 2014; Dong et al., 2016;
Wang et al., 2018). These methods mainly employ
unsupervised language models and rules to select
candidates.

With the development of end-to-end networks,
some work proposed to optimize the error correc-
tion performance directly as a sequence-labeling
task with conditional random fields (CRF) (Wu
et al., 2018) and recurrent neural networks (RNN)
(Zheng et al., 2016; Yang et al., 2017). Wang et al.
(2019) used a sequence-to-sequence framework
with copy mechanism to copy the correction re-
sults directly from a prepared confusion set for the
erroneous words. Cheng et al. (2020) built a graph
convolution network (GCN) on top of BERT (De-
vlin et al., 2019) and the graph was constructed
from a confusion set. Zhang et al. (2020) proposed
a soft-masked BERT model that first predicts the
probability of spelling error for each word, and
then uses the probabilities to perform a soft-masked
word embedding for correction. However, they did
not use any phonetic information.

Our work is most related to Zhang et al. (2020),
but with some important differences. We will fur-
ther discuss this in Section 3.4.

3 Methods

Formally, the Chinese spelling correction task is to
map a sequence xw = (xw1 , xw2 , ..., xwN ) which
may contain spelling errors to another correct se-
quence ŷ = (ŷ1, ŷ2, ..., ŷN ), where both xwi and
ŷi (1 ≤ i ≤ N) are Chinese characters.

We propose an end-to-end CSC model which
consists of two components, detection and correc-
tion. The detection module takes xw as input and
predicts the probability of spelling error for each
character. The correction model takes the combina-
tion of the embedding of xw and its corresponding
pinyin sequence xp = (xp1 , xp2 , ..., xpN ) as input
and predicts the correct sequence y. We propose a
method to fuse xw and xp embeddings using the
probability of spelling error as weights.

Following the pre-train and fine-tune framework,
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Detection

Module

Correction

Module

ta de yu shuo de hen hao

+

… …

……
Encoder

…

…

…

…

Encoder

……Embedding

ta   de  yu shuo de hen  hao

Figure 2: Illustration of our CSC model. Given the in-
put word sequence xw, the detection module first pre-
dicts the probability of error perr for all the characters.
Then the correction module combines the word embed-
ding ew and pinyin embedding ep to an embedding fu-
sion em and send it to generate the final correction y.
The parameters of the Embedding, Encoder, and fcrt

are initialized by a pre-trained language model with
phonetic features. The structure and parameters of the
two encoders are identical.

we first pre-train a masked language model, MLM-
phonetics, by learning to predict characters from
similarly pronounced characters and pinyin. Then
in fine-tuning, we jointly optimize the the detection
and correction modules.

In this section, we first introduce the model ar-
chitecture (Sec. 3.1), the optimization method (Sec.
3.2) , and the pre-training of MLM-phonetics (Sec.
3.3), then summarize the novelty of our method
(Sec. 3.4).

3.1 Model Architecture

Fig. 2 shows our model architecture, the lower
is the error detection module and the upper is the
correction module. Both are built upon transformer.

Detection Module Given a source sequence
xw = (xw1 , xw2 , ..., xwN ), the goal of the de-
tection module is to check whether a character
xwi(1 ≤ i ≤ N) is correct or not. For this labelling
problem, we use class 1 and 0 to label misspelled
characters and correct characters, respectively.

We formalize the detection module as follows:

yd = softmax(fdet(E(ew))) (1)

where ew = (ew1 , ew2 , ..., ewN ) is the word em-
bedding of xw, E is a pre-trained encoder and
fdet is a fully-connected layer that maps the sen-
tence representation to a binary sequence yd =
(yd1 , yd2 , ..., ydN

), ydi
∈ {0, 1}.

We use perri to denote the probability that char-
acter xwi is erroneous:

perri = p(ydi
= 1|xw; θd) (2)

where θd is the parameters of error detection mod-
ule.

Correction Module The goal of the correction
module is to generate correct characters based on
the output of the detection module.

We not only use the word embeddings for input,
but also use the pinyin embeddings to integrate the
phonetic information. Concretely, we first generate
the pinyin sequence xp using the PyPinyin3 tool,
get the pinyin embedding ep from the embedding
layer, and fuse it with the word embedding ew by
linear combination:

em = (1 − perr) · ew + perr · ep (3)

This combination uses the spelling error proba-
bility predicted by the detection module as weights
to balance the importance of the semantic feature
(character embedding) and phonetic feature (pinyin
embedding). We introduce two special cases: If
perri = 0, indicating the character xwi is detected
to be correct, and the model uses only its word
embedding in em. If perri = 1, meaning that the
character is detected to be erroneous, and the model
uses its pinyin embedding.

Finally, the correction results y is predicted
through a fully-conntected layer fcrt:

y = softmax(fcrt(E(em))) (4)

Note that, the parameters of the embedding,
the encoder E and the correction network fcrt

are initialized by MLM-phonetics. In the pre-
training, MLM-phonetics is trained to reconstruct
the correct characters from their commonly con-
fused counterparts and their pinyin, thus it can be
transformed with the fused embedding.

3https://pypi.org/project/pypinyin/
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3.2 Jointly Fine-tuning
There are two objectives for our model: to train the
detection parameters fdet and to adjust the detec-
tion and correction modules to achieve an optimal
balance. We jointly optimize the detection loss Ld

and the correction loss Lc that:

Ld = -
∑

i

log p(ŷdi
|xw; θd) (5)

Lc = -
∑

i

p(ydi
|xw; θd) · log p(ŷi|em; θc) (6)

where θd and θc is the parameter of the detection
and correction module, respectively. ŷdi

is the
ground-truth detection result and ydi

is the pre-
diction by the detection module, both of them is a
binary value of 0 or 1.

In particular, the correction loss is the negative
log likelihood weighted by the probability of the
detection result, p(ydi

|xw; θd) ∈ (0.5, 1]. This is
to distinguish between the responsibilities of the
two tasks. When the detection module gives a
low-confidence prediction, that is, p(ydi

|xw; θd)
approaches 0.5, em fuses the semantic features and
phonetic features with similar weights. But we
hope that the detection module could provide clear
judgement of right or wrong, i.e., p(ydi

|xw; θd)
approaches to 1, so that em can be dominated by
either semantic features or phonetic features. In
such case, the correction of error words will not be
interfered by the semantic features in em, and vice
versa. Therefore, we penalize the low-confidence
prediction given by the detection module. Con-
cretely, when the probability of the detection result
is low, Lc decreases and the model will focus more
on optimizing Ld. And when the detection prob-
ability is high, the model optimizes Ld and Lc at
balance.

The adaptive weighting objective enables us to
jointly train our model with the sum of the two loss
functions:

L = Ld + Lc (7)

We compare different weighting strategies with our
adaptive weighting in experiments.

3.3 Pre-training MLM-phonetics
In this section, we introduce our pre-trained lan-
guage model, MLM-phonetics, that 1) integrates
phonetic features and 2) solves the problems of
using standard masked language model in our CSC
architecture.

The pre-train and fine-tune framework (Devlin
et al., 2019) has been proven effective in facilitating
downstream NLP tasks including sentence classi-
fication, question answering, etc. But the inputs
of these tasks are of identical distribution with pre-
training, while the input sentences in CSC are with
errors, which are different from the pre-training
samples. Some work thus far side-stepped the in-
put divergence by avoiding to input error sentences
directly to pre-trained models. For example, Zhang
et al. (2020) use a bidirectional-GRU for error de-
tection before a BERT-based correction network.

In order to take advantage of the pre-training
technique, we modify the pre-training task. In the
pre-training of a standard mask language model
(MLM-base), the model is trained by predicting
15% randomly selected characters which are re-
placed with the [MASK] token, random character,
and themselves at the sampling rate of 80%, 10%,
and 10%, respectively.

To avoid input divergence and integrate phonetic
features, we propose two pre-training replacements:
confused-Hanzi4 and a noisy-pinyin. We use Figure
3 to illustrate these replacements:

• [MASK] replacement trains the reasoning
ability of the language model by restoring
masked characters only according to the con-
text.

• Random Hanzi replacement trains MLM-
base to correct words from random ones (e.g,
to predict “得(de)” from “不(bu)”), which is a
more difficult task compared with correcting
from similarly pronounced characters. How-
ever, due to the different input distribution,
this strategy is of little help to CSC.

• Same replacement encourages MLM-base to
copy the input characters (e.g, the replacement
“好(hao)”).

• Confused-Hanzi replacement trains MLM-
phonetics to correct words to their commonly
confused characters in the confusion set (e.g,
to predict “豪(hao)” to “好(hao)”). It provides
the model a way to access samples with typo.

• Noisy-pinyin replacement trains MLM-
phonetics to predict the original characters
from pinyin of their commonly confused
characters in the confusion set (e.g, to predict

4Hanzi is a transliteration meaning Chinese characters.
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[Mask] [Mask]

(a). MLM-base (b). MLM-phonetics

Transformer Transformer

[Mask]

Different Replacements:          [Mask]         Random Hanzi Same Confused-Hanzi Noisy-pinyin

ta                 yu shuo bu hen hao fa                 ye bu cha ta  de yu shuo hen hao fa                 ye bu cha

de                    de hao yu de              de hao yu

Figure 3: An example of the different replacement strategy for MLM-base and MLM-phonetics.

“得(de)” from “de”). It helps clustering
similarly pronounced characters with their
corresponding pinyin tokens.

The first three replacements are used for pre-
training standard MLM-base and the last two are
proposed in our method to model the similarity
between characters and pinyin tokens. In the pre-
training of MLM-phonetics, our data generator
randomly chooses 20% of token positions in the
training samples. If the ith token is chosen, we
empirically replace it with (1) the [MASK] token
40% of the time, (2) the noisy-pinyin of this token
30% of the time, and (3) a confused-Hanzi from
its confusion set 30% of the time5. Then MLM-
phonetics is trained to predict the original sentence
from the sentence with replacements.

The two proposed pre-training tasks can smooth
out the input divergence between pre-training and
fine-tuning the CSC model. The Confused-Hanzi
replacement simulates the input of the detection
module and the two replacements together facili-
tates the pre-trained model to adapt to the fused
embedding (Eq. 3).

3.4 Novelty of our method

Our method is most related to Zhang et al. (2020),
but different in the following aspects.

First, our model combine the embedding of
pinyin and character to prevent information loss,
which is more like the human correction process
that predicts correction with the pronunciation of
the problematic words. On the contrary, Zhang
et al. (2020) has to add residual connection before
emitting the final correction, or it will forget the
phonetic information of the error words after com-
bining their embedding with [MASK].

5For multiple characters in the confusion set, select
them/their pinyin randomly in the replacement.

Second, we share the pre-trained encoder in
detection and correction by proposing new pre-
training tasks, while Zhang et al. (2020) took an
un-pre-trained bidirectional-GRU in detection to
avoid the input divergence between pre-training
and fine-tuning.

Third, we propose an adaptive weighting policy
in jointly training the error detection and correc-
tion. This policy encourages the model to produce
clear detection results, making the fused embed-
ding dominated by either semantic features or pho-
netic features, which is close to the pre-training
task. On the contrary, Zhang et al. (2020) proposed
to linearly combine the detection and correction
loss with a fixed hyper-parameter.

4 Experiments

We carry out experiments on the SIGHAN dataset,
a benchmark for CSC.

4.1 Data Processing

The training set consists of two parts: 1) A pre-
training corpus of 0.3 billion Chinese sentences,
and 2) A CSC training corpus of 281K sentences
pairs. The first corpus is used for pre-training
MLM-phonetics, and the latter is used to fine-tune
the CSC model initialized by MLM-phonetics.

For the pre-training corpus, we collect a variety
of data, such as encyclopedia articles, news, sci-
entific papers, and movie subtitles from a search
engine. The CSC training data used in our experi-
ments is the same as Wang et al. (2019) and Cheng
et al. (2020), including three human-annotated
training datasets (Wu et al., 2013; Yu et al., 2014;
Tseng et al., 2015) and an automatically generated
dataset with the approach proposed in Wang et al.
(2018)6.

6See Appendix A for training corpus detail.
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Detection Correction
Prec. Rec. F1 Prec. Rec. F1

SIGHAN13
FASPell (2019) 76.2 63.2 69.1 73.1 60.5 66.2
Pointer Networks (2019) (character-level) 56.8 91.4 70.1 79.7 59.4 68.1
Soft-Masked BERT* 81.1 75.7 78.3 75.1 70.1 72.5
SpellGCN (2020) 80.1 74.4 77.2 78.3 72.7 75.4
ERNIE 76.6 71.9 74.2 73.0 68.5 70.6
MLM-phonetics(Ours) 82.0 78.3 80.1 79.5 77.0 78.2

SIGHAN14
FASPell (2019) 61.0 53.5 57.0 59.4 52.0 55.4
Pointer Networks (2019) (character-level) 63.2 82.5 71.6 79.3 68.9 73.7
Soft-Masked BERT* 65.2 70.4 67.7 63.7 68.7 66.1
SpellGCN (2020) 65.1 69.5 67.2 63.1 67.2 65.3
ERNIE 63.5 69.3 66.3 60.1 65.6 62.8
MLM-phonetics(Ours) 66.2 73.8 69.8 64.2 73.8 68.7

SIGHAN15
FASPell (2019) 67.6 60.0 63.5 66.6 59.1 62.6
Pointer Networks (2019) (character-level) 66.8 73.1 69.8 71.5 59.5 64.9
Soft-Masked BERT (2020) 73.7 73.2 73.5 66.7 66.2 66.4
Soft-Masked BERT* 67.6 78.7 72.7 63.4 73.9 68.3
SpellGCN (2020) 74.8 80.7 77.7 72.1 77.7 75.9
ERNIE 73.6 79.8 76.6 68.6 74.4 71.4
MLM-phonetics(Ours) 77.5 83.1 80.2 74.9 80.2 77.5

Table 1: The performance on SIGHAN13, SIGHAN14, and SIGHAN15 testset. Soft-Masked BERT* is our re-
production of Soft-Masked BERT using the same training data as in our method, while Soft-Masked BERT was
trained on an in-house dataset containing 5 million sentences and their counterparts with automatically generated
errors, as reported in Zhang et al. (2020), where the authors only provided their results on SIGHAN15.

4.2 Model Settings

We compare our methods with previous state-of-
the-art methods:

• FASPell (Hong et al., 2019) first generates can-
didates for each character in the input sentence
through a pre-trained MLM, then uses a filter-
ing model with visual and phonetic similarity
features to select the best candidate.

• Pointer Networks (Wang et al., 2019) uses a
seq2seq system based on the constraint that
each correct word is contained in the confu-
sion set of the erroneous character.

• Soft-Masked BERT (Zhang et al., 2020), for
each token in the sentence, linearly com-
bines its embedding with the embedding of
[MASK], and predicts the error character
based on a fine-tuned masked language model.

• SpellGCN (Cheng et al., 2020) incorpo-
rates two similarity graphs into a pre-trained
sequence-labeling model via graph convolu-
tional network. The two graphs are derived

from a confusion set and correspond to pro-
nunciation and shape similarities.

• ERNIE (Sun et al., 2020) directly finetunes
the standard masked language model on the
CSC training data.

• MLM-phonetics, our proposed method uses
an end-to-end system based on a pre-trained
language model with phonetic features.

Pointer Network uses LSTM in both encoder
and decoder. All the other methods take CSC as
a sequence tagging problem with a pre-trained 12-
layer Transformer as encoder. FASPell and Soft-
Masked BERT use the pre-trained BERT, while
ERNIE and MLM-phonetics use the pre-trained
ERNIE for initialization7. We use the sentence-
level and character-level f1-score to evaluate dif-
ferent systems. At the sentence-level, a predic-
tion is considered correct only if all the errors in
the sentence are detected or corrected. Therefore,
sentence-level evaluation is stricter and results in
lower scores. Following Cheng et al. (2020), we

7The difference between BERT and ERNIE in fine-tuning
is trivial, see Appendix B for detail.
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use the scripts in (Hong et al., 2019) to calculate
the sentence-level results.

4.3 Overall Results

Table 1 shows the detection and correction perfor-
mance on three SIGHAN test sets. All the methods
provide sentence-level results except Pointer Net-
work, which provides the results at the character-
level.

It shows that our method, MLM-phonetics sig-
nificantly outperforms the other systems. For exam-
ple on SIGHAN15, the detection F1-score has 2.5
point improvement (77.7→80.2) and the correction
F1-score has 1.6 point improvement (75.9→77.5)
compared with the previous best method SpellGCN.
Our method also achieves over 6 points improve-
ment over ERNIE in correction f1-score, verifying
the effectiveness of our pre-training strategy.

All the listed methods except Pointer Networks
use pre-trained model for initialization, but only
FASPell, SpellGCN and our method take phonetic
information into consideration. FASPell uses iso-
lated phonetic features and language model, which
inevitably lead to performance decline. SpellGCN
incorporates phonetic knowledge into the language
model by building a graph convolutional network
on the top of BERT. It is proven to be effective,
but the graph is derived from a prepared confusion
set. Therefore, the performance of the model de-
pends on the completeness of this set. As shown
in Table 1, the precision of SpellGCN is close to
MLM-phonetics, but there is a significant gap in
the recall. Our method, with the help of addi-
tional Pinyin tokens, integrates phonetic features
in word embedding, thus increasing the general-
ization of the model. Soft-Masked BERT corrects
sentences without phonetic features. Its detection
and correction performance is inferior to ours. This
may partly due to the lack of phonological simi-
larity, as well as the difference in model architec-
ture. It is also notable that the training data of our
method MLM-phonetics is consistent with that of
Pointer Networks, Soft-Masked BERT*, SpellGCN
and ERNIE, but Soft-Masked BERT and FASPell
use different training data. See Appendix C for
some case studies.

4.4 Pre-training Tasks

In order to analyze the effect of the three re-
placement tasks ([MASK], Confused-Hanzi, Noisy-
pinyin) in the pre-training of MLM-phonetics, we
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Figure 4: The Sentence-level Correction F1-score of 4
pre-trained models evaluated on SIGHAN15 testset.

take three models for comparison, each trained by
only two of the three tasks with equal probability.

During fine-tuning, the testing curves on
SIGHAN15 are plotted in Figure 4. MLM-
phonetics shows the best performance, achieving
the correction f1-score of 77.5 in the 7th epoch.
However, it’s interesting that its performance is in-
ferior to the pre-trained model without (w/o) noisy-
pinyin at the beginning. This is caused by the pre-
training & fine-tuning discrepancy.

The model w/o noisy-pinyin only learns to pre-
dict the original characters from [MASK] and
confused-Hanzi in pre-training. So the pinyin em-
bedding has not been initialized until fine-tuning.
Therefore, the pinyin embedding can be viewed
as noise in the embedding fusion of the fine-
tuning stage. Such embedding is close to its pre-
training input distribution, thus the pre-trained
model w/o noisy-pinyin performs good at the begin-
ning. MLM-phonetics, on the contrary, is trained
to reconstruct words based on either Hanzi em-
bedding or pinyin embedding in the pre-training.
But it needs to predict from a fusion of them in
fine-tuning, thus it requires longer training time for
adaption. As the training continues, the model
benefits from the embedding fusion and finally
achieves 0.6 points improvements (76.9→77.5)
over the pre-trained model w/o noisy-pinyin.

Besides, the other two pre-trained models per-
form relatively low. The pre-trained model w/o
confused-Hanzi suffers from input divergence in
pre-training & fine-tuning. The model is not trained
to correct words from spelling errors until the fine-
tuning stage. The pre-trained model w/o [MASK]
performs the worst, which shows the importance of
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Objective Detection Correction
Prec. Rec. F1 Prec. Rec. F1

fixed hyperparameter: λ = 0.2 75.6 79.1 77.3 71.7 77.5 74.5
λLuc + (1 − λ)Ld λ = 0.5 77.1 82.0 79.5 74.1 78.4 76.2

(Zhang et al., 2020) λ = 0.8 76.1 81.2 78.6 75.3 77.9 76.6
Ours: Lc + Ld 77.5 83.1 80.2 74.9 80.2 77.5

Table 2: Sentence-level performance of using different objectives on SIGHAN15.

using [MASK] prediction to enhance the semantic
comprehension.

4.5 Balance the objective of detection and
correction

Next, we explore the impact of the weighting strat-
egy that balances the two objectives in fine-tuning.
In our CSC model, both the detection and cor-
rection are sequence labeling tasks. We use the
detection probability to balance the two tasks, as
depicted in Eq.(6). On the contrary, Zhang et al.
(2020) balances the two tasks with a fixed hyper-
parameter λ: λLuc+(1−λ)Ld, in which Luc is the
un-weighted negative log-likelihood of correction:

Luc = −
∑

i

log p(yi|em; θc) (8)

The results of the two strategies are shown in
Table 2. Our method is generally better than the
results of using a fixed hyper-parameter for combi-
nation. Among the three systems with fixed hyper-
parameters, the system with λ = 0.8 achieves
the highest correction f1-score and the one with
λ = 0.5 achieves the best detection f1-score. Note
that the detection F1-score is evaluated based on
the correction result (i.e., only the corrected char-
acters are regarded as detected), rather than based
on the prediction of the detection module. There-
fore, it’s not weird to find that the setting λ = 0.2
costs much on detection but its detection f1-score
is the worst. This also provides us a hint that the
detection and correction need to be coordinated.
Setting λ to 0.2 may improve the performance of
the detection module, but a poor correction module
will bring down the final detection performance.

Our method, on the contrary, balances the Lc

and Ld according to the confidence given by the
detection module dynamically and achieves the
best performance. Compared with the fixed hyper-
parameter strategy with λ = 0.8, our F1 scores
have 1.6 points (78.6→80.2) improvement in de-
tection and 0.9 points (76.6→77.5) improvement
in correction, indicating the effectiveness of our

dynamic balance strategy in alleviating the unbal-
anced problem between the two tasks.

4.6 Error Analysis
To analyze the prediction errors, we collect the
incorrectly predicted samples and classify them
into two classes:

• Detection Error: the detection module pro-
duces an error prediction, i.e. ydi

6= ŷdi
.

• Correction Error: the detection module gen-
erates a correct prediction, but the correction
module fails to generate the right character,
i.e., ydi

= ŷdi
and yi 6= ŷi.

We summarize the two classes on the
SIGHAN15 testset and the proportion of the De-
tection Error and Correction Error is 83.6% and
16.4%, respectively. This reveals that most of the
false predictions are Detection Errors.

We further explore the reason behinds the poor
detection performance. Is it mainly because many
errors cannot be detected (false negative errors), or
does the detection module make incorrect predic-
tions of errors (false positive errors)? We decom-
pose the 83.6% detection errors into the two types
and find that false negative errors and false positive
errors account for 41.1% and 42.5% respectively.
The proportions of the two error types are almost
equal. A possible reason is that some homonyms
are indistinguishable, such as “的”, “地”, and “得”.
All of the three characters have the pronunciation
of “de” and it makes sense to use any of these
candidates in many sentences, phonetically or se-
mantically. This problem has also been proposed in
Cheng et al. (2020), which takes further fine-tuning
to reduce the indistinguishability. In this case, the
detection module produces many predictions that
are different from the ground-truth results, affect-
ing the detection performance.

5 Conclusion

In this paper, we propose a novel end-to-end frame-
work for CSC with phonetic pre-training. In-

2257



spired by traditional pipeline systems, the model
incorporates phonetic information of characters
into pre-training. We first pre-train a masked lan-
guage model with phonetic features to improve
the model’s ability to understand sentences with
misspelling and model the similarity between char-
acters and pinyin tokens. Further, we propose an
end-to-end framework to integrate detection and
correction in one model. Experiments on a bench-
mark dataset show that our model significantly out-
performs the previous state-of-the-art. The CSC
model with phonetic features can be used to reduce
errors for speech recognition and translation sys-
tems. In the future, we are going to apply CSC
to more challenging scenarios, such as streaming
ASR error correction for automatic simultaneous
translation, as well as variable-length correction.
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A Datasets

All of our used datasets are listed in Table 3.
The Pre-training corpus includes 0.3 billion sen-
tences and the remaining four corpora contain
281K <error, correct> sentence pairs in sum8. The
three SIGHAN datasets are human-annotated and
the (Wang et al., 2018) is generated automatically
with ASR and OCR technique.

Datasets #Lines Avg. Length #Errors
Training Corpus

Pre-training corpus 0.3B 29.37
Wang et al. (2018) 271,329 44.4 382,704

SIGHAN 2013 350 49.2 350
SIGHAN 2014 6,526 49.7 10,087
SIGHAN 2015 3,174 30 4,237

Total 281,379 44.4 397,378
Test sets

SIGHAN 2013 1000 74.1 1227
SIGHAN 2014 1062 50.1 782
SIGHAN 2015 1100 30.5 715

Table 3: Experimental Data Statistics Information.

B Difference between BERT and ERNIE

We evaluate the performance of two pre-trained
models, BERT (Devlin et al., 2019) and ERNIE
(Sun et al., 2020), on the SIGHAN testset. For both
of them, we use the released model9 of the base
version (12 layers with the hidden size of 768).

The zero-shot performance is listed in Table 4.
In this setup, we directly use the released model
for error correction without fine-tuning. It shows
that ERNIE has a prominent advantage over BERT
in both detection and correction. This is caused
by a prediction problem of BERT that for most of
the time, BERT corrects the first character to be
the period symbol (“。”). We guess that this is
because of a Chinese data pre-processing bug of
BERT, that is, when a paragraph is divided into
multiple sentences, it always divides the ending pe-
riod of a sentence into the beginning of the next one.
Therefore, a lot of sentences incorrectly predicts
the beginning character to be the period symbol.

Then we finetune the 281K CSC training data
on the two pretrained models. Table 5 shows the
performance of the two models is basically the
same. The difference between BERT and ERNIE
is +0.4, -2.0, and +1.6 on SIGHAN13, SIGHAN14,

8The 281K sentence pairs can be downloaded at
https://github.com/ACL2020SpellGCN/SpellGCN/tree/master/data/merged.

9The released model of ERNIE:
https://github.com/PaddlePaddle/ERNIE. The released
model of BERT: https://github.com/google-research/bert

and SIGHAN15, respectively. Therefore the differ-
ence between BERT and ERNIE after fine-tuning
is trivial.

Detection Correction
Prec. Rec. F1 Prec. Rec. F1

SIGHAN13
BERT 4.73 4.74 4.74 3.2 3.2 3.19
ERNIE 56.0 40.9 47.3 33.3 24.3 28.1

SIGHAN14
BERT 4.7 8.8 6.1 2.6 4.9 3.4
ERNIE 63.5 27.2 31.1 18.8 14.1 16.1

SIGHAN15
BERT 9.4 15.6 11.7 6.3 10.4 7.8
ERNIE 55.8 33.9 42.2 30.8 18.7 23.3

Table 4: The performance of Zero-Shot BERT and
ERNIE.

Detection Correction
Prec. Rec. F1 Prec. Rec. F1

SIGHAN13
BERT 73.3 70.4 71.8 71.7 68.9 70.2
ERNIE 76.6 71.9 74.2 73.0 68.5 70.6

SIGHAN14
BERT 63.3 71.0 67.0 61.3 68.7 64.8
ERNIE 63.5 69.3 66.3 60.1 65.6 62.8

SIGHAN15
BERT 68.3 77.8 72.7 65.5 74.6 69.8
ERNIE 73.6 79.8 76.6 68.6 74.4 71.4

Table 5: The performance of pre-trained models with
fine-tuning.

C Ablation Study

We compare our method with ERNIE and Soft-
Masked BERT trained on identical datasets shown
in Table 3. Table 6 and Table 7 show that MLM-
phonetics performs better at generating semanti-
cally coherent and similar sounding corrections.
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Input
ta men de chao fan hen bu cuo zai shuo ta men zuo de ga li ji ye hao chi
他 们 的 吵 翻 很 不 错， 再 说 他 们 做 的 咖 喱 鸡 也 好 吃！
Their quarrel is very good, and the curry chicken they make is also delicious!

ERNIE
ta men de kao can hen bu cuo zai shuo ta men zuo de ga li ji ye hao chi
他 们 的 烤 餐 很 不 错， 再 说 他 们 做 的 咖 喱 鸡 也 好 吃！
Their roast meal is very good, and the curry chicken they make is also delicious!

Soft-Masked
BERT*

ta men de chao fa hen bu cuo zai shuo ta men zuo de ga li ji ye hao chi
他 们 的 炒 法 很 不 错， 再 说 他 们 做 的 咖 喱 鸡 也 好 吃！
Their fried method is very good, and the curry chicken they make is also delicious!

MLM-phonetics
(ours)

ta men de chao fan hen bu cuo zai shuo ta men zuo de ga li ji ye hao chi
他 们 的 炒 饭 很 不 错， 再 说 他 们 做 的 咖 喱 鸡 也 好 吃！
Their fried rice is very good, and the curry chicken they make is also delicious!

Table 6: An example from SIGHAN15 test set. Errors are marked in red and right corrections are in blue. All of the
three methods accurately detect the misspelling words, but only MLM-phonetics yields the correct result. ERNIE
changes “吵翻” (“chao fan”) to differently pronounced “烤餐” (“kao can”) and Soft-Masked BERT* changes “吵
翻” to “炒法” (“chao fa”, fried method), which sounds similar but is not so good as “炒饭” (fried rice) in terms of
semantic coherence.

Input
ying xiang xiao hai zi xiang de kuai xue xi guan li de ban fa
影 像 小 孩 子 想 得 快 ， 学 习 管 理 的 斑 法
Image children think fast, learn management spot method

ERNIE
ying xiang xiao hai zi xiang de kuai xue xi guan li de fang fa
影 响 小 孩 子 想 得 快 ， 学 习 管 理 的 方 法
Influence children think fast, learn management method

Soft-Masked BERT*
ying xiang xiao hai zi xiang de kuai xue xi guan li de fang fa
影 像 小 孩 子 想 得 快 ， 学 习 管 理 的 方 法
Image children think fast, learn management method

MLM-phonetics
(ours)

ying xiang xiao hai zi xiang de kuai xue xi guan li de ban fa
影 响 小 孩 子 想 得 快 ， 学 习 管 理 的 办 法
Influence children think fast, learn management method

Table 7: Another example from the SIGHAN15 test set. Again, MLM-phonetics predicts phonetically similar and
semantically coherent correction. But both ERNIE and Soft-Masked BERT* replace “斑”(ban) with “方”(fang),
which is semantically coherent but sounds greatly different.
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Abstract

Question generation is the task of generating
coherent and relevant question given context
paragraph. Recently, with the development of
large-scale question answering datasets such
as SQuAD, the English question generation
has been rapidly developed. However, for
other languages such as Chinese, the avail-
able training data is limited, which hinders
the development of question generation in the
corresponding language. To investigate the
multi-lingual question generation, in this pa-
per, we develop a language-agnostic language
model, which learns the shared representation
from several languages in a single architec-
ture. We propose an adversarial training ob-
jective to encourage the model to learn both
language-specific and language-independent
information. We utilize abundant monolingual
text to improve the multi-lingual question gen-
eration via pre-training. With the language-
agnostic language model, we achieve signif-
icant improvement in multi-lingual question
generation over five languages. In addi-
tion, we propose a large-scale Chinese ques-
tion generation dataset containing more than
220k human-generated questions to benefit the
multi-lingual question generation research.

1 Introduction

Question Generation (QG), also known as learn-
ing to ask, has attracted a lot of research interest
in recent years. QG is regarded as the dual task
of machine reading comprehension (Yuan et al.,
2017; Xiao et al., 2018). Rather than answering a
given question, learning to ask a coherent, relevant,
and non-trivial question also requires a deep under-
standing of the context (Davey and McBride, 1986;
Graesser et al., 2010), providing a good testbed for
natural language understanding.

Conventional methods for question generation
rely heavily on heuristic rules, and the standalone

dependency parsing tool is needed to generate hand-
crafted templates (Mostow and Chen, 2009; Heil-
man and Smith, 2010; Rus et al., 2010; Hussein
et al., 2014; Dhole and Manning, 2020). In re-
cent years, with the development of deep learning
and large-scale QA datasets, more and more neu-
ral network model has been proposed, which is
also referred as neural question generation. Neural
QG shows great advantage compared with previ-
ous rule-based systems in terms of both fluency and
diversity of the generated questions (Duan et al.,
2017; Yuan et al., 2017).

However, most progress in QG is made in En-
glish. For other languages such as Hindi, the lack
of large-scale QG data limits its development. Re-
cently, multi-lingual and cross-lingual language un-
derstanding has been studied in several NLP tasks,
such as question answering (Liu et al., 2019; Cui
et al., 2019), summarization (Zhu et al., 2019), nat-
ural language inference (Conneau et al., 2018), etc.
For QG, Kumar et al. (2019) demonstrate that for
low-resource Hindi, incorporating the large-scale
English SQuAD (Rajpurkar et al., 2016) dataset
could boost the QG result a lot.

For multi-lingual QG, a key factor is to learn a
model that could transfer knowledge across differ-
ent languages. In this paper, we propose a language-
agnostic language model: it consists of the specific
low-level module for each language, and a shared
high-level module for multi-lingual information
aggregation. Separating the language model into
two levels enables us to learn the language-specific
information in each language and the common in-
formation shared among languages. In this way,
the knowledge in multi-lingual QG could be trans-
ferred via the high-level module.

For the language-agnostic language model, how-
ever, the distributed representation of the low-level
module could be easily mixed with the language in-
formation, which makes the high-level module con-
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tain some unnecessary language-specific features
that are too specific to transfer across languages.
Inspired by previous works on transfer learning
(Chen et al., 2017; Liu et al., 2017), we propose an
adversarial training objective to decouple the low-
level module with the high-level module, which
prevents the private and shared latent feature spaces
from interfering with each other, making the high-
level module language-invariant, thus achieving
better transferability for different languages.

To get a better initialization for our model, we de-
velop two self-supervised methods to pre-train our
model on abundant monolingual text. We apply
our model to five languages QG tasks that have
human-labeled QG datasets. The experimental
results demonstrate that all languages QG could
benefit from the multi-lingual training. Our mod-
els surpass previous monolingual or multi-lingual
QG methods by a large margin, even in zero-shot
learning where we had no training data in the low-
resource languages, our model achieves satisfac-
tory results by merely trained on English dataset,
which shows a promising transferability of the pro-
posed model.

Besides, we also propose a large-scale Chinese
QG dataset containing more than 220k human-
labeled questions. We hope the proposed Chi-
nese dataset could benefit the community for more
comprehensive multi-lingual QG research. The
codes and proposed datasets are available at https:
//github.com/benywon/LALM.

Our contributions are summarized as follow:

• We propose a novel language-agnostic language
model which decouples the language specific
and language independent information in QG.
• The proposed model achieves significant im-

provement over previous models in multi-lingual
QG, and we analyze the transferability in multi-
ple languages.
• We release a large-scale human labeled Chinese

QG dataset containing more than 220k questions.
To our best knowledge, this is the largest specific
question generation dataset so far.

2 Related Work

Question generation has received increasing at-
tention from the research community. Traditional
QG systems are mostly rule-based, which some-
times utilizing off-the-shelf tools to get the syntac-
tic structure, dependency relations, and semantic

role of the passage (Mostow and Chen, 2009; Heil-
man and Smith, 2010). First, the target answers are
generated using rules or semantic roles, next, low-
quality questions are generated using hand-crafted
rules or templates. Finally, the generated questions
are ranked by features such as keyword matching
degree or sentence perplexity (Hussein et al., 2014).
The main drawbacks of these symbolic systems are
that the rules and templates are expensive to manu-
ally create, and lack diversity.

With the development of deep learning and large-
scale question answering datasets, motivated by
neural machine translation, Du et al. (2017) pro-
posed a sequence to sequence (seq2seq) architec-
ture combined with attention mechanism, achiev-
ing a promising result on QA dataset SQuAD.
Since then, many works have been proposed to
extend the preliminary framework with rich fea-
tures, such as named entity tags (Zhou et al., 2017)
or answer position features (Duan et al., 2017), and
incorporate copy mechanism to copy words from
the context paragraph (Song et al., 2018). Other
types of models are also introduced such as graph
neural networks (Chen et al., 2019) or Transformer
(Scialom et al., 2019). However, most of these
works are focus on English QG and have not been
validated in other languages.

Multi-Lingual language generation. Duan
et al. (2019) translated documents as weakly su-
pervised training data for zero-shot multi-lingual
abstractive summarization. Chi et al. (2019) pro-
posed a multi-lingual pre-training method that can
transfer monolingual supervision signals to other
pre-trained languages. Zhu et al. (2019) adopt
large-scale supervised data from existing monolin-
gual summarization datasets via translation strategy
to perform multi-lingual summarization. Kumar
et al. (2019) also proposed a multi-lingual question
generation methods based on Transformer, they
proposed a small Hindi QG dataset and improved
the QG result on Hindi by training with additional
English data.

Compared with the previous multi-lingual meth-
ods, our method directly separates the language-
dependent module and language-independent mod-
ule. We propose an adversarial decoupling module
to improve the adaptive ability of the model. Be-
sides, our model could be properly pre-trained by
monolingual data, which obviates the need to con-
struct the back-translation or pseudo-parallel data.
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Figure 1: (a) The whole architecture of the proposed language-agnostic language model. It consists of the low-
level language understanding module (Embedding+LSTM) and the high-level semantic understanding module
(Transformer block), followed by a projection and softmax module. (b) The attention mask matrix M in the high-
level module, Mi,j means whether the word in position i could attend to the word in position j. The gray cells
are allowed to attend and the others are masked to forbid attention. (c) The adversarial decoupling module where
the discriminator tries to maximize the probability of the corresponding language while the generator (low-level
module) tries to minimize it.

3 Language-agnostic Language Model

The Language-agnostic language model (LALM)
consists of the low-level module and the high-level
module, the whole architecture is illustrated in Fig-
ure 1(a) we describe it below.

3.1 Low-Level Module

The low-level module is built to perform the basic
language understanding. In this paper, we adopt
the LSTM (Hochreiter and Schmidhuber, 1997) en-
coder as the low-level language understanding mod-
ule1. LSTM processes text in sequential order and
embeds the language information into dense repre-
sentations. We adopt the uni-directional LSTM in
this paper to make the model auto-regressive.

For the language-agnostic language models,
each language has its specific word embeddings
and specific low-level language understanding
LSTMs. This is different from some previous
multi-lingual methods that a shared or aligned word
embedding is utilized for different languages (Con-
neau et al., 2018; Lample and Conneau, 2019). Sep-
arating the language understanding module enables
us to model specific linguistic characteristics in dif-
ferent languages. In Section 4, we will show that

1In fact, we also conduct experiments on adopting other
types of models as the low-level module such as Transformer
or GRU, but the result is not comparable with the LSTM.

separating the low-level module for each language
could benefit a lot for multi-lingual QG.

3.2 High-Level Module

The low-level module is built to perform the basic
linguistic understanding, and the high-level mod-
ule is built on top of the low-level module to per-
form higher-level information aggregation, which
requires higher model capacity. In this paper, we
use the Transformer (Vaswani et al., 2017) model
as the high-level module.

The Transformer, with the core building-block
called multi-head attention, has shown great ad-
vantages in representing languages in many NLP
tasks. Current state-of-the-art models in natural
language understanding benchmark GLEU2 (Wang
et al., 2018) are almost Transformer-based. In this
paper, we focus on QG which is a sequence-to-
sequence problem, so we adopt the mask operation
similar with (Dong et al., 2019), which is illustrated
in Figure 1(b). For a pair of sequence (x, y) where
x = x1, ..., x|x| is the source, and y = y1, ..., y|y|
is the target, we concatenate them together with a
special token <sep>, forming a single sequence
with length |x|+ |y|+ 1. We want all the positions
in the source {1, 2, ..., |x|} to attend to each other
so we can obtain the bi-directional representations

2https://gluebenchmark.com/
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of the source, and all the positions in the target
{|x|+ 1, ..., |x|+ |y|+ 1} are forbidden to attend
to future words:

Mi,j =

{
0, j ≤ |x| or j ≤ i,
−∞, otherwise.

(1)

This attention mask operation enables us to build
a causal language model that the generation of the
current word only depends on its previous words.
Therefore, the probability of y could be denoted as:

p(y|x) =
|y|∏

i=1

p(yi|y<i, x) (2)

And the loss for the whole model is the negative
log likelihood of the data:

LNLL = − E
x,y

∑
log p(yi|y<i, x) (3)

3.3 Adversarial Decoupling Module

In this paper, we want the representations of the
low-level module in different languages to con-
tain no language-specific information that is inter-
leaved with the high-level module. In this way,
the high-level module could focus on the semantic
understanding shared across languages. We build
a discriminator on top of the low-level module to
determine whether the output of low-level represen-
tations contains the specific language information.

The discriminator is a bi-directional LSTM tak-
ing the output of the low-level module as input and
tries to predict its language. Concretely, denote the
output of the low-level module is S ∈ Rn,d where
n is the sequence length (i.e. |x| + |y| + 1), and
d is the hidden size of the low-level module. The
output of the discriminator can be represented as:

H = bi-LSTM(S)
h = Max-Pooling(H)

ĥ = MLP(h)

ŷ = Softmax(ĥ)

(4)

h ∈ Rd is a pooled representations of the discrim-
inator for classification. ŷ is the language distri-
bution in RC where C is the number of languages.
For the discriminator, the target is to maximize the
probability of the corresponding language while
the low-level module (generator) tries to minimize
it. Therefore, they form an adversarial training
objective that the low-level module must produce

representations without discriminative language in-
formation. In this way, the discriminator acts as
an adversarial decoupling module (ADM) to en-
courage the low-level module to generate language-
agnostic representations.

The architecture of ADM is shown in Figure 1
(c), and the loss function for the discriminator and
low-level module (generator) are:

LD = − log p(ŷi)

LG = − log p(1− ŷi)
(5)

where ŷi is the discriminator probability for the in-
put language i. In fact, the objective of the genera-
tor is to maximize the entropy of the discriminator’s
output to make it less confident of the language.

3.4 Pre-training

Recent works on NLP and language generation
have shown the great advantage of large-scale
pre-training (Devlin et al., 2018; Radford et al.,
2019; Lewis et al., 2019; Roberts et al., 2020). In
this paper, we also pre-train our model in mas-
sive multilingual text. Since our model is a se-
quence to sequence architecture, we develop two
self-supervised objectives for language generation
pre-training:

Denoised Auto-Encoder (DAE): Most previous
works on natural language generation pre-training
resort to DAE to initialize the model. In DAE, a
corrupted version of the original sentence is cre-
ated as the source and the model should reconstruct
the original sentence. In this paper, we adopt the
similar noising strategy as Lewis et al. (2019): (1)
Token Masking random tokens are sampled and
replaced with a special [MASK] token. (2) To-
ken Deletion randomly deletes several tokens in
the document. (3) Token Replacement randomly
replace some tokens with other tokens in the vo-
cabulary. (4) Sentence Permutation randomly swap
some tokens in the sentence.

Next Sentence Generation: One of the prob-
lems of the DAE is that the input is always the cor-
rupted sentence, which is not the case during fine-
tune, the pretrain-finetune discrepancy may hurt the
performance of the downstream tasks (Yang et al.,
2019). Similar to Kiros et al. (2015) and Dong et al.
(2019), we sample a consecutive segment in the
text and divide it into two parts, we treat the first
parts as the source and the second part as the target.
The objective is to generate the second part based
on the first part.
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3.5 Question Generation Fine-tuning

After pre-training, we suppose the low-level mod-
ule of our model has learned the multi-lingual lin-
guistic information. Then the fine-tuning objective
is to adjust the high-level module for question gen-
eration. Therefore, in this phase, we fix the low-
level module, i.e. the word embedding, LSTM, and
output projection linear layer, and only update the
parameter of the high-level module.

4 Experiments

4.1 Dataset

The question generation datasets are sometimes
directly derived from the corresponding question
answering datasets. In the current question an-
swering application, most multi-lingual datasets
are automatically derived by translating from En-
glish SQuAD (Asai et al., 2018). However, it may
reduce the multi-lingual QG tasks to translation
tasks if we use these datasets. Therefore, we con-
sider four different language QG datasets that are
developed by the specific language speakers.

• English (En) We use the SQuAD (Rajpurkar
et al., 2016) as the English question generation
dataset. It is a standard machine reading com-
prehension data consists of nearly 100k human-
labeled questions from Wikipedia.
• Korean (Ko) We use the Korquad1.0 (Lim et al.,

2019) as the Korean QG data. It consists of more
than 70,000 human-generated question-answer
pairs on Korean Wikipedia articles.
• French (Fr) We adopt the French SQuAD-style

dataset (d’Hoffschmidt et al., 2020) consisting of
more than 25k human-curated French questions.
• Hindi (Hi) HiQuAD (Kumar et al., 2019) is

a specific Hindi QG dataset containing 6,555
question-answer pairs. It was derived from the
Hindi storybook.

Since the size of the QG dataset except English is
comparative small, so we propose a new large-scale
QG dataset created by humans on Chinese (Zh).
First of all, we collect nearly 3.5m passages from
Baike3, a Chinese Wikipedia-like encyclopedia. To
increase the diversity of the selected paragraphs,
we cluster the passages based on the bag-of-words,
then we use Ward (Ward Jr, 1963) algorithm to
select the centroid in each cluster, which result in
nearly 100k passages. We ask volunteers to ask no

3https://baike.sogou.com/

QG Pre-train
Train Dev/Test Name(Size)

En 86,635 8,965/8,964 enwiki(13.6Gb)
Zh 180,000 20,000/24,962 zhwiki(1.3Gb)
Ko 60,407 5,774/3,898 kowiki(608Mb)
Fr 20,731 3,188/2,189 frwiki(4.0Gb)
Hi 4,000 1,300/1,255 hiwiki(395Mb)

Table 1: The statistics of the multi-lingual pre-training
data and question generation data.

more than 5 questions for each paragraph. Since
we did not give the specific answer candidates for
each paragraph, the annotators were encouraged
to ask more general and comprehensive questions.
We also ask other volunteers to check the quality
and remove the questions that are either unanswer-
able or contain grammar errors. Finally, we obtain
224,962 question-paragraph pairs. We randomly se-
lect 180k of them as the training data, 20k samples
for development, and the rest 24,962 for testing.
We name it LAB (Learning to Ask on Baike).

We adopt the 2020-05-20 data dumps of the
Wikipedia4 in the corresponding language as the
pre-training data. The details of the training data
are shown in Table 1.

4.2 Implementation Details

In all experiments, we tokenize the text with sen-
tencepiece (Kudo and Richardson, 2018). For all
languages datasets, we set the vocabulary size to
30,000. We use the Adam (Kingma and Ba, 2014)
optimizer with 5k warm-up steps and linearly de-
cay the learning rate. β1, β2, ε was set to 0.9, 0.99
and 10−6, respectively. For both pre-training and
fine-tuning, the max learning rate was set to 10−4.
The batch size was 256 during pre-training and
64 during fine-tuning. We limit the max sequence
length to 512. For the adversarial decoupling mod-
ule training, following previous works of genera-
tive adversarial networks (Goodfellow et al., 2014;
Salimans et al., 2016), the update rate for discrimi-
nator and generator was set to 1:10. For each of the
4 noising strategies in pre-training, we set the sam-
ple probability to 0.1. Similar with Scialom et al.
(2019) we do not provide the answer and direcetly
generate questions based on the context. We use
three types of models:

LALMshare is the shared language-agnostic lan-

4https://dumps.wikimedia.org/
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Transformer NQG++ Multi-BERT CLQG XNLG LALMshare LALMbase LALMlarge LALMlarge+ADM

En
BLEU-4 14.03 15.09 17.19 17.63 19.98 20.96 21.95 23.50 24.94

METEOR 17.62 18.04 18.38 18.91 20.24 20.23 21.30 22.15 23.28
ROUGE 40.79 40.24 44.82 43.34 46.51 47.47 48.23 50.34 51.42

Zh
BLEU-4 22.75 20.32 35.08 34.96 37.40 36.11 38.32 43.19 44.10

METEOR 17.24 18.95 26.10 26.54 27.13 27.28 27.99 32.38 33.04
ROUGE 30.14 29.87 38.46 40.11 42.15 43.25 44.49 45.16 46.40

Ko
BLEU-4 7.11 7.95 10.35 8.97 - 11.93 12.19 12.58 12.93

METEOR 14.30 14.81 18.10 17.22 - 19.85 20.11 20.96 21.10
ROUGE 22.17 24.13 31.28 29.34 - 34.10 34.88 34.79 35.02

Fr
BLEU-4 4.48 5.03 8.95 10.18 12.93 13.38 13.95 14.87 15.28

METEOR 13.05 13.19 15.91 16.28 18.37 17.75 18.20 18.84 19.92
ROUGE 32.17 31.66 39.34 41.23 40.96 41.15 42.80 43.11 44.51

Hi
BLEU-4 9.77 10.10 23.15 20.24 - 30.35 32.21 34.02 35.19

METEOR 23.85 24.32 30.29 29.15 - 33.80 34.22 35.97 36.25
ROUGE 33.16 34.91 41.06 40.64 - 48.82 49.14 50.94 51.23

Table 2: Main result of the multi-language QG. LALMshare is similar with previous multi-lingual model that the
parameters are shared across all languages. ADM represents the model trained with adversarial decoupling module.

guage model. It is similar with the proposed model
but has no specific low-level LSTM for each lan-
guage. That is, the low-level and high-level pa-
rameters are both shared across different languages.
The hidden size was set to 768 and the layer size
was set to 12, and each layer consists of 12 heads.
We set the shared vocabulary size to 100,000.

LALMbase is the base version of our model.
It has the same hidden size as LALMshare. The
low-level module was single layer uni-directional
LSTM with hidden size 768. LALMbase has nearly
138m parameters, where nearly half of them are
low-level language understanding parameters.

LALMlarge is the large version of our proposed
model. The hidden size, layer size, and head size
were set to 1024,24,16, respectively. The low-
level module was two-layer uni-directional LSTMs.
LALMlarge has 548m parameters, where nearly a
quarter of them are low-level module’s parameters.

4.3 Criterion:

Following previous works of QG (Zhou et al., 2017;
Chen et al., 2019), we adopt three widely used auto-
matic metrics for evaluation: BLEU, Meteor and
Rouge-L, which measure the n-gram similarities
between the generated questions and real questions.

4.4 Baselines

We adopt 5 baseline methods for comparison.

� Transformer (Vaswani et al., 2017; Scialom
et al., 2019) is the most widely used architecture

in sequence-to-sequence learning. For each lan-
guage, we train the correspondent Transformer
model based on its training data. We set dropout
ratio to 0.4 to prevent overfitting.

� NQG++ (Zhou et al., 2017) is a popular neural
QG model based on LSTM. It is enhanced with
attention and copy mechanism5.

� Multi-BERT (Devlin et al., 2018) is a multi-
lingual extension to the original BERT model. It
was trained on the multi-lingual wikipedia. All
the language shares the same vocabulary. We
adopt the way same with Rönnqvist et al. (2019)
to extend BERT to language generation task.

� CLQG (Kumar et al., 2019) is a cross-lingual
QG method based on Transformer. It is pre-
trained by denoising autoencoders along with
back-translation. We use the public implemen-
tation6 and adopt the same word tokenization as
well as pre-training data as our model.

� XNLG (Chi et al., 2019) is a multi-lingual lan-
guage generation model that transfers monolin-
gual supervision to all pre-trained languages. It
was trained with English, Chinese and French
datasets. We use their public pre-trained models7

and fine-tune on the three QG dataset.

4.5 Multi-Lingual Question Generation
To evaluate the multi-lingual question generation
ability of the proposed methods, we assemble all

5https://github.com/magic282/NQG
6https://github.com/vishwajeet93/clqg
7https://github.com/CZWin32768/XNLG
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BLEU-4 ROUGE
Zh Zh

P
F

3 7
P

F
3 7

3 38.32 36.03 3 44.49 41.73
7 – 34.22 7 – 40.12

En En

P
F

3 7
P

F
3 7

3 21.95 20.61 3 48.23 47.15
7 - 17.93 7 - 45.02

Table 3: Multi-lingual and mono-lingual results for
LALMbase. P denotes the pre-training and F denotes
the fine-tuning, where 3denote the multi-lingual while
7denotes the mono-lingual training. For example, the
upper right cell in each table denotes pre-training with
multi-lingual but finetuning with mono-lingual.

QG data and train the LALM thereof. For Trans-
former and NQG++, we initialize the word embed-
dings by fasttext multilingual word embeddings
(Grave et al., 2018). The result is shown in Table 2.

We can see from the table that our model ex-
cels at multi-lingual QG, achieving significant im-
provement over previous methods in all languages.
Compared with other architectures such as Trans-
former, we explicitly separate the low-level and the
high-level module in the proposed model and use
adversarial networks to decouple them. Therefore,
the shared high-level module is encouraged to learn
more common representations across different lan-
guages, which is more transferable and benefits the
downstream QG task a lot.

Besides, we can see that if we don’t explic-
itly separate the low and high-level parameters
(LALMshare), the result drops a lot. We hypothesis
that different languages have different low-level
language information, such as lexical, syntactical,
etc. Embedding all language processing procedures
into a single model may make the model hard to
discriminate the language-specific information.

Besides, the model trained with the adversarial
decoupling module achieves further improvement,
the ADM may impose an implicit regularization
on the low-level module to make the representa-
tions more abstract, and therefore encourage the
high-level module to learn more common represen-
tations (Chen et al., 2017; Liu et al., 2017).

4.6 Human Evaluation

The automatic metrics are sometimes biased to-
ward a specific attribute of the generated question
(Hosking and Riedel, 2019). So we conduct hu-
man qualitative evaluation of the generated outputs.
We consider three aspects of the generated ques-
tions: Fluency: Whether the generated questions
are well-posed and natural, in terms of both gram-
mar and semantic. Answerable: Whether the gen-
erated questions could be answered by the context
paragraph. Significance: Whether the generated
question is just a simple syntactical transformation
of the paragraph sentence or trivial one that seems
unlikely asked by human.

We randomly sample 50 generated questions
from English and 50 from Chinese and ask three
volunteers to evaluate the sample quality. The re-
sult is shown in Table 5. The result shows our
proposed model is also excels at human evalua-
tion, especially for significance, which is some-
times regarded as the most important factor in QG
(Graesser et al., 2010). We also showcase some
outputs of our model in Table 4. We can see that
LALM could generate fluent and sound questions.

4.7 Multi-Lingual v.s. Mono-Lingual

Kumar et al. (2019) have found that in QG the per-
formance of Hindi could be improved by training
with additional English data. In this section, we
evaluate whether the multi-lingual is superior to
the mono-lingual QG. We focus on two aspects:
(1) Pre-training. In contrast to the proposed multi-
lingual pre-training, we adopt the mono-lingual
pre-training where we only pretrain on specific lan-
guages8 and fine-tune the QG models in the same
language. (2) Fine-tuning. Different from the
setup in Sec. 4.5 where we aggregate all languages
QG data for training, we only fine-tune the model
on specific language.

We experiment on English and Chinese with the
LALM base model. The BLEU-4 and ROUGE-L
scores are shown in Table 3. It is clear that for
both pre-training and fine-tuning, the multi-lingual
training improves the model a lot. Moreover, the
multi-lingual plays a more important role in pre-
training than in fine-tuning. We suppose that dur-
ing pre-training, multiple languages perform a type
of regularization on the shared high-level module,
while in fine-tuning the language-dependent super-

8Therefore, we omit the adversarial decoupling module
since it only takes effect on multi-lingual learning.
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Table 4: Some generated cases of the proposed model.

English
Context: The United Methodist Church opposes conscription as incompatible with the teaching of Scripture. Therefore, the
Church supports and extends its ministry to those persons who conscientiously oppose all war, or any particular war, and
who therefore refuse to serve in the armed forces or to cooperate with systems of military conscription. However, the United
Methodist Church also supports and extends its ministry to those persons who conscientiously choose to serve in the armed
forces or to accept alternative service. The church also states that ”as Christians they are aware that neither the way of
military action, nor the way of inaction is always righteous before God.”
Original: The Church supports those persons who conscientiously oppose what?
LALM: what does the church states after they oppose the construction ?

Chinese
Context: 电桥平衡#四个电阻R0、R1、R2、Rx连成四边形,称为电桥的四个臂。四边形的一个对角线连有检流
计,称为“桥”;四边形的另一对角线接上电源,称为电桥的“电源对角线”。E为线路中供电电源,学生实验用双路直
流稳压电源,电压可在0-30V之间调节。R保护为较大的可变电阻,在电桥不平衡时取最大电阻作限流...
Original: 什么是电桥平衡？
LALM:电桥平衡有什么用？

French
Context: Le seul quartier d’habitation à avoir été fouillé est situé sur le site du Merkes, à l’est de la Voie processionnelle et
du complexe sacré, entre les anciens quartiers de Ka-dingirra, Eridu et Shuanna. Sa voirie est caractérisée par des rues
étroites approximativement rectilignes et se coupant quasiment à angles droits. Il s’agit peut-être de l’héritage d’un ancien
plan orthogonal planifié qui a été altéré à la suite de remaniements de constructions, courants en raison de l’altération
rapide des constructions en briques crues qui doivent régulièrement être restaurées.
Original: En quoi sont fabriquées les habitations ?
LALM: Quelles sont les caractéristiques de la route ?

Korean
Context: 칭짱(藏)고원이라고도불리는티베트고원은동아시아에위치한넓고높은고원이다. 티베트자치구역
과중국칭하이성(海省),그리고인도카슈미르에걸쳐있는티베트고원은남북 1000km,동서 2500km에뻗어있
으며,그평균높이는 4500미터가넘는다. ’세계의지붕’으로불릴만큼세계에서가장높고크며면적은약 250만
평방킬로미터나된다. 이고원은인도-호주플레이트와유라시아플레이트가신생대에충돌하며생성되었으며
그과정은지금도진행되고있다. 이고원은산맥과소금호수가분포한고원의건조스텝지대를형성하고있다.
한해평균강수량은 100mm에서 300mm로,강수량의대부분은우박을이룬다. 유목민들은고원의남부및동부
경계의한해 6개월가량서리가내리는목초지에서유목생활을유지하고있다.
Original: 티베트고원의면적은?
LALM:티베트고원은어디에있습니까?

Fluency Answerable Significance Ave.
NQG++ 1.01 1.09 1.02 1.04
Multi-BERT 1.22 1.19 1.23 1.21
LALMbase 1.38 1.29 1.46 1.37

Table 5: Human assessment of the generated questions
on English and Chinese. Each question was assigned
to score in {0,1,2} which correspond to bad, ok and ex-
cellent, respectively. The result is statistical significant
with p < 0.05.

vision of QG is more specific, which makes transfer
learning less useful.

4.8 Zero-Shot Learning
In this section, we study the zero-shot multi-lingual
learning ability of our model. The previous Section
demonstrates that English SQuAD could strengthen
other languages a lot. So we choose SQuAD as the
training data and evaluate other languages. We only
update the parameters of the high-level module for
SQuAD without modifying the low-level language
understanding module. Therefore, the replacement
of the low-level module has little influence on the
whole architecture, making the zero-shot inference

available. We compare the zero-shot results of
LALM base model with the supervised NQG++.
The result is shown in Table 7.

We can see that the zero-shot version of our
LALM appears to have equaled or eclipsed the QG
ability of NQG++. It is an interesting result show-
ing our model could transfer the question genera-
tion ability of English to other languages even with-
out supervision. However, pure zero-shot learning
is still struggle to achieve a good result, the super-
vision from the target language is necessary.

4.9 The Effect of Pre-training
We propose the self-supervised denoised auto-
encoding and next sentence generation to pre-train
the model. In this section, we construct a model
that does not employ the pre-training but directly
fine-tuned on the target data. The LALM hidden
size to 256 and layer and head numbers of 4 and
8, respectively, to prevent overfitting. The results
of English, Chinese, and Hindi are shown in Ta-
ble 6. The performance of our model drops a lot
without pre-training. Especially, it barely performs
well for the low resource Hindi data because there
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En Zh Hi
B4 M R B4 M R B4 M R

LALM 14.35 17.41 33.52 22.25 21.43 37.94 12.92 24.19 33.10
LALM+ADM 15.94 18.24 36.24 24.10 22.05 38.78 14.13 23.77 34.24
LALM+ADM+Pre-train 21.95 21.30 48.23 38.32 27.99 44.49 30.35 34.80 48.82

Table 6: Ablation study of the pre-training. The three models are fine-tuned on multi-lingual data.

B1 B2 B3 B4 M R

Zh
F 43.07 31.04 23.58 17.74 18.06 22.44
Z 26.55 18.26 12.10 10.94 11.94 15.89

Kr
F 25.20 15.34 10.71 5.07 14.35 16.42
Z 20.55 11.17 8.32 5.95 13.32 16.77

Fr
F 31.31 14.91 10.46 5.54 9.63 23.02
Z 25.58 13.33 12.49 6.32 11.06 15.22

Hi
F 30.15 20.42 12.30 9.03 23.47 32.84
Z 24.10 15.77 12.54 10.89 26.42 33.01

Table 7: Zero-shot multi-lingual evaluation. F denotes
the performance of NQG++ model, and Z denotes zero-
shot result where we fine-tune LALM base model on
SQuAD and directly evaluate on other datasets.

are only 4,000 training instances. Nevertheless,
when trained with the adversarial decoupling mod-
ule, our model could achieve consistent improve-
ment, demonstrating that the ADM is good at multi-
lingual transfer learning.

5 Conclusion

In this paper, we propose a language-agnostic lan-
guage model to deal with the multi-lingual question
generation. The model consists of the low-level
and the high-level module to explicitly represent
the language-dependent and language-independent
information, respectively. We operate the attention
mask matrix to fit our model to the sequence to
sequence learning. We propose an adversarial train-
ing mechanism to decouple the two-level modules,
making the low-level module contains more ab-
stractive representations and the high-level module
language-agnostic. We also proposed a large-scale
Chinese QG data containing more than 220k ques-
tions. Experiments on five languages demonstrate
our model achieves significant improvements over
previous methods in multi-lingual QG. For future
work, we would like to apply our proposed model
to other multi-lingual tasks such as summarization
and question answering.
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Abstract

Table-to-text generation is a subtask of data-
to-text generation which aims to generate nal-
tural language text based on input table. Pre-
training techniques have achieved great suc-
cess on table-to-text generation. However, the
pre-trained models used in previous works are
typically trained on free-form natural language
text while the input of table-to-text task is
structured table. In this paper, we propose
STTP, a pre-trained model that is trained with
tables and their contexts. The STTP model can
understand the structured input table and gen-
erate fluent text. Experiments on two datasets
show the efficacy of our model.

1 Introduction

Data-to-text generation (Reiter and Dale, 1997)
is an important natural language generation task
with many practical applications, and it refers to
the task of generating textual output from non-
linguistic input data. The input data of the task
can include tables of records, simulations of phys-
ical systems, spreadsheets, and so on. The output
of the task is a natural language text. Datasets
in common use include WEATHERGOV(Liang
et al., 2009), ROTOWIRE(Wiseman et al., 2017),
WebNLG(Gardent et al., 2017) and so on. Neu-
ral generation models with different improvements
have achieved impressive results on data-to-text
task. Table-to-text generation is a subtask of data-
to-text generation which takes tables as input.

The pretrain-and-finetune framework, which
refers to first pre-training a high capacity model
on large corpora and then fine-tuning it on a down-
stream task, has outperformed prior state of the
art on both natural language understanding task
and natural language generation task. Inspired
by the success of transfer learning, recently some
works (Mager et al., 2020; Kale, 2020; Ribeiro
et al., 2020) try to apply the pretrain-and-finetune

framework on data-to-text generation. They fine-
tuned the pre-trained model such as BART(Lewis
et al., 2019) or T5(Raffel et al., 2019) on several
downstream data-to-text tasks and achieved state-
of-the-art results.

Although transfer learning has achieved great
success on data-to-text generation, the pre-trained
models used in previous works are typically trained
on free-form natural language texts while the input
of table-to-text task is structured table. The text-
to-text pre-trained models learn a lot of knowledge
and good language models from large amount of
texts, so they work well on data-to-text generation
task. But they still lack the ability to understand
the structured data. So we propose a structure-
aware table-to-text pre-trained model STTP which
is trained with tables and their contexts for table-
to-text task. STTP is built on top of the text-to-text
pre-trained model BART, and it can understand the
structured table and describe it with natural lan-
guage text. We train our model based on BART
because we hope our model can benefit from the
knowledge and language model learned from large
corpora. We propose three self-supervised tasks to
train our model with large amount of tables and
their contexts. The first self-supervised task is
masked table language model (MTLM) which is
like the classic MLM of BERT. The second self-
supervised task is adjacent cell prediction (ACP)
which refers to predict the cells around the current
cell. The third self-supervised task is context re-
construction (CR) which refers to reconstructing
the context of a table given the table and its broken
context. The first two tasks aim to train the model
to better understand the structured table, while the
latter task aims to align the table and text. We
use the tables extracted from WDCWebTable Cor-
pus(Lehmberg et al., 2016) and their contexts to
train our model. Experimental results on WEATH-
ERGOV dataset and WebNLG dataset show the
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efficacy of our model.
The main contributions of this work are:

• We propose a structure-aware table-to-text
pre-trained model STTP which is trained with
three self-supervised tasks.

• Experimental results on WEATHERGOV
dataset and WebNLG dataset show the effi-
cacy of our model. Code will be released at
https://github.com/XingXinyu96/STTP.

2 Related work

Data-to-text generation task involves taking struc-
tured data as input and generating text that de-
scribes this data. Traditional approaches (Stent
et al., 2004; Walker et al., 2007) deal with the task
in two steps: the selection of a subset of the in-
put data to discuss and the surface realization of a
generation. More recent works combine both steps
by learning content plan and surface realization
jointly with end-to-end models (Wen et al., 2015;
Peng et al., 2017). Although the end-to-end model
has achieved good results, many models (Perez-
Beltrachini and Lapata, 2018; Sha et al., 2018;
Puduppully et al., 2019) consider adding content
selection and content planning modules to the end-
to-end framework to improve performance. A lot
of other new models with different improvements
(Wiseman et al., 2018; Li and Wan, 2018; Liu et al.,
2018; Roberti et al., 2019; Rebuffel et al., 2020)
are proposed to explore how to build an effective
data-to-text generator.

Inspired by the success of the pre-trained models
in other natural language generation tasks, Harkous
et al. (2020), Kale (2020) and Ribeiro et al. (2020)
achieve state-of-the-art results on different data-to-
text benchmarks with different pre-trained models.
However, the existing pre-trained models are usu-
ally designed to generate text based on text input,
thus lacking the ability to understand structured
inputs. Several pre-training methods designed
for table-to-text task have been proposed. Deng
et al. (2020) present a weakly supervised Structure-
Grounded pretraining framework (STRUG) for
text-to-SQL that can effectively learn to capture
text-table alignment. But their model is only for
text-to-SQL task and need parallel text-table data.
Yin et al. (2020) propose TABERT, a pretrained
model which is trained with large amount of ta-
bles with their context. Their model is also used
for text-to-SQL task. Chen et al. (2020a) propose

a knowledge-grounded pre-trained (KGPT) model
which is trained on a massive knowledge- grounded
text corpus crawled from the web. Li et al. (2020)
propose two self-supervised tasks, Number Order-
ing and Significance Ordering, to help to learn bet-
ter table representation.

3 Approach

We use the same model architecture as BART, and
add several classification layers on top of the en-
coder for our new self-supervised tasks. We train
our model based on the text-to-text pre-trained
model BART instead of training from scratch be-
cause we hope our model can benefit from the
knowledge and language model BART learned
from large corpus of text. The three self-supervised
tasks are shown in Figure 1.

3.1 Self-Supervised Tasks

Task 1: Masked Table Language Model
(MTLM). Inspired by the classic Masked Lan-
guage Model proposed by BERT, we propose the
Masked Table Language Model (MTLM) to learn
the representation of input table. During pre-
training, we treat the table as a sequence and ran-
domly replace 15% of tokens in the table with
[MASK] symbols and then the final hidden vec-
tors corresponding to the mask tokens are fed into
an output softmax over the vocabulary to predict
the original tokens. In this way, our STTP model
learns to understand the structured table. Although
we do not explicitly consider the structure of the
input table in this task, it is obvious that our model
needs to understand the structure of the table to
predict the masked tokens.

Task 2: Adjacent Cell Prediction (ACP). The
previous MTLM task does not explicitly consider
the structure of the input table, so we propose a new
task Adjacent Cell Prediction (ACP) to explicitly
help our model better understand the structure of
the table. For a cell in a table, the surrounding cells
are usually very important to understand it. So we
feed the hidden vectors of a cell into several output
layers to predict its top, bottom, left and right cells.
In other words, we hope that the hidden vector of
each cell can contain the information of other cells
in the same row or column. This task requires our
model to focus more on the relationship between
cells in the same row or column when encoding the
table. For efficiency, we only use the nearest cells
in the same row or column of each cell as targets
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Figure 1: Three Self-supervised Tasks for our STTP Model. Table is shown in blue color and context text is shown
in wheat color.

for prediction.
Task 3: Context Reconstruction (CR). The

previous two tasks focus on better understanding
the structured table, but for table-to-text generation
tasks, another important aspect is the alignment of
table and text. Through the previous two tasks, our
model can get a better representation of the table,
then we need to generate text based on this repre-
sentation which needs the alignment of table and
text. If we only train the encoder with the previ-
ous two tasks and do not consider the alignment
of table and text, we might get a better representa-
tion of input table but the representation is hard to
understand for the well-trained decoder provided
by BART. Table-text alignment data are difficult
to obtain, so we use the table with text context
(which is usually not strictly aligned with the table,
but somewhat relevant with the table) to help our
model align table and text. We randomly mask 15%
tokens of the context and reconstruct the broken
context with our model. There also exists a mis-
match between pre-training and fine-tuning, since
the input of our model is usually just a table with-
out its context during fine-tuning. Therefore, we
also train our model with a task to predict context
based only on the input table. Since the table and
its context are not exactly aligned, it is difficult to
predict the context only from the table, but this task
can help our model mitigate the mismatch problem.

3.2 Dataset for Pre-training

The first two tasks only need unsupervised ta-
bles, while the third task needs tables with con-
text text. Yin et al. (2020) collect tables and their
surrounding text from English Wikipedia and the
WDCWebTable Corpus(Lehmberg et al., 2016) to
train their model. The data they use is also suitable

for our task. We use the preprocessing tool they
provided to handle the WDCWebTable Corpus and
get a lot of tables with context. Then we filter out
the data with low matching degree between table
and context, because such data are difficult to train
for the third task. In addition, we filter out tables
that contains too many numbers. Finally, we get
800k tables with context. We linearize the structure
of tables to be compatible with our model. We add
a special token [cell] in the middle of cells in the
same row and add another special token [row] in
the middle of rows of the table. When training task
3, the input of model includes both text and table,
so we concatenate them together and add a special
token [TABLE] between text and table.

3.3 Pre-training Procedure

We alternately train our model with the previously
mentioned three self-supervised tasks. The first two
tasks are only used to train the encoder while keep-
ing the decoder frozen. The third task is divided
into two subtasks in practice: one is to reconstruct
the context given the table with its damaged con-
text; the other one is to predict the context given
only the table. Both of the two subtasks train the
encoder and decoder at the same time. Consider-
ing that the latter subtask is very difficult because
the context of a table is difficult to be predicted in
many cases, we reduce the times of training it.

4 Experiment

4.1 Dataset

We perform the experiments on WEATHER-
GOV dataset(Liang et al., 2009) and WebNLG
dataset(Gardent et al., 2017). In the WEATHER-
GOV dataset, the output text is a weather report,

2275



and the source data provides a structured repre-
sentation of the temperature, sky conditions, etc.
The WEATHERGOV dataset consists of 29, 528
scenarios, each with 36 weather records paired
with a natural language weather forecast (28.7 avg.
word length). The WebNLG challenge consists of
mapping sets of RDF triples to text. The newest
WebNLG dataset contains 16, 095 data inputs and
42, 873 data-text pairs. The average length of the
output text is 22.3 words. We convert the input data
into a table and then linearize the structure of table
like what we do when pre-training.

4.2 Results
4.2.1 Results on WeatherGov Dataset
We use a batch size of 4 and finetune for 100 epochs
over the WeatherGov Dataset. Results are pre-
sented in Table 1. As is shown in this table, seq2seq
model(Mei et al., 2015) has achieved very good re-
sults, but the pre-trained model further improves
the results greatly. The BLEU scores of the pre-
trained models are more than 80, which indicates
that the generated text is highly similar to the gold
text. BART-Retrain refers to finetuning BART on
both our pre-training dataset and the datasets in
downstream tasks. Our STTP model outperforms
the BART-Retrain model, which proves the im-
provements of STTP model over BART model is
from the proposed training objective instead of the
additional training data.

Model BLEU METEOR
(Mei et al., 2015) 61.01 n/a
BART-base 81.54 54.81
BART-Retrain 81.63 55.50
STTP 82.63 56.35

Table 1: Results on WeatherGov Dataset.

4.2.2 Results on WebNLG Dataset
We use a batch size of 4 and fine-tune for 16 epochs
over the WebNLG Dataset. Results are presented in
Table 2. The results of Seq2Seq, Seq2Seq+Delex
and Seq2Seq+copy are copied from (Shimorina and
Gardent, 2018). The results of GCN and KGPT-
Seq are copied from (Chen et al., 2020b). As is
shown in this table, all pre-trained models outper-
form the models without pre-training even if some
of them do not explicitly consider the structure
of the input data. This is due to the pre-trained
models learn a lot of external knowledge and a
good language model from large corpora. The
structure-aware model like GCN outperforms the

normal seq2seq model, which shows that struc-
ture understanding is important in this task. Our
model further outperforms the BART-base model
and the KGPT model, which show the efficacy of
our model with new self-supervised tasks.

Model BLEU METEOR
Seq2Seq 54.0 37.0
Seq2Seq+Delex 56.0 39.0
Seq2Seq+Copy 61.0 42.0
GCN 60.80 42.76
KGPT-Seq 64.11 46.30
BART-BASE 62.62 43.28
BART-Retrain 62.89 43.34
STTP 64.92 46.48

Table 2: Results on WebNLG Dataset

We randomly sample 50 instances from the
WebNLG dataset and perform human evaluation
on them. Three graduate students are employed to
rank the generated texts produced by each model
in three aspects: readability (whether the gener-
ated text is fluent), accuracy (whether the informa-
tion of the generated texts is consistent with that
contained in the input table) and overall quality.
We use Best-Worst Scaling (Louviere et al., 2015),
which has been shown to produce more reliable
results than ranking scales (Kiritchenko and Mo-
hammad, 2017). Specifically, each score is com-
puted as the percentage of times it was selected as
best minus the percentage of times it was selected
as worst, and ranges from -1 (unanimously worst)
to +1 (unanimously best). Human evaluation re-
sults on WebNLG dataset are shown in Table 3.
We can see our model outperforms KGPT model
and BART-base model, which further demonstrates
the efficacy of our method. Running examples are
provided in the supplementary materials.

Model Readability Accuracy Overall
KGPT-Seq 0.09 0.01 0.04
BART-base -0.22 -0.10 -0.17
STTP 0.13 0.09 0.13

Table 3: Human Evaluation Results on WebNLG
Dataset

5 Conclusion

In this paper, we propose STTP, a pre-trained model
trained with tables and their contexts. STTP model
has achieved great performance on two downstream
tasks. In the future work, we hope to collect more
data and try other self-supervised tasks to train
more effective model for table-to-text task.
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Abstract

Pre-trained transformer language models have
shown remarkable performance on a variety
of NLP tasks. However, recent research has
suggested that phrase-level representations in
these models reflect heavy influences of lexi-
cal content, but lack evidence of sophisticated,
compositional phrase information (Yu and Et-
tinger, 2020). Here we investigate the impact
of fine-tuning on the capacity of contextual-
ized embeddings to capture phrase meaning
information beyond lexical content. Specifi-
cally, we fine-tune models on an adversarial
paraphrase classification task with high lexical
overlap, and on a sentiment classification task.
After fine-tuning, we analyze phrasal represen-
tations in controlled settings following prior
work. We find that fine-tuning largely fails
to benefit compositionality in these represen-
tations, though training on sentiment yields a
small, localized benefit for certain models. In
follow-up analyses, we identify confounding
cues in the paraphrase dataset that may explain
the lack of composition benefits from that task,
and we discuss potential factors underlying the
localized benefits from sentiment training.

1 Introduction

Transformer language models like BERT (Devlin
et al., 2019), GPT (Radford et al., 2018, 2019) and
XLNet (Yang et al., 2019b), have improved the
state-of-art in many NLP tasks since their introduc-
tion. The versatility of these pre-trained models
suggests that they may acquire fairly robust linguis-
tic knowledge and capacity for natural language
“understanding”. However, an emerging body of
analysis demonstrates a level of superficiality in
these models’ handling of language (Niven and
Kao, 2019; Kim and Linzen, 2020; McCoy et al.,
2019; Ettinger, 2020; Yu and Ettinger, 2020).

In particular, although composition—a model’s
capacity to combine meaning units into more com-

plex units reflecting phrase meanings—is an indis-
pensable component of language understanding,
when testing for composition in pre-trained trans-
former representations, Yu and Ettinger (2020) re-
port that these representations reflect word content
of phrases, but don’t show signs of more sophisti-
cated humanlike composition beyond word content.
In the present paper we perform a direct follow-
up of that study, asking whether models will show
better evidence of composition after fine-tuning
on tasks that are good candidates for requiring
composition: 1) the Quora Question Pairs dataset
in Paraphrase Adversaries from Word Scrambling
(PAWS-QQP) (Zhang et al., 2019a), an adversar-
ial paraphrase dataset forcing models to classify
paraphrases with high lexical overlap, and 2) the
Stanford Sentiment Treebank (Socher et al., 2013),
a sentiment dataset with fine-grained phrase labels
to promote composition. We base our analysis on
the tests proposed by Yu and Ettinger (2020), which
rely on alignment with human judgments of phrase
pair similarities, and which leverage control of lexi-
cal overlap to target compositionality. We fine-tune
and evaluate the same models and representation
types tested in that paper, for optimal comparison.

We find that across the board, fine-tuning on
PAWS-QQP does not improve compositionality—
if anything, performance on composition metrics
tends to degrade. Composition performance also
remains low after training on SST, but we do see
some localized improvements for certain models.
Analyzing the PAWS-QQP dataset, we find reli-
able superficial cues to paraphrase labels (distance
of word swap), explaining in part why fine-tuning
on that task might fail to improve composition—
and reinforcing the need for caution in interpreting
difficulty of NLP tasks. We also discuss the con-
tribution of variation in size of labeled phrases in
SST, with respect to the benefits that result from
fine-tuning on that task. All experimental code and
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data are made available for further testing.1

2 Related work

Extensive work has studied the nature of learned
representations in NLP models (Adi et al., 2016;
Conneau et al., 2018; Ettinger et al., 2016; Dur-
rani et al., 2020). Our work builds in particular
on analysis of contextualized representations (Ba-
con and Regier, 2019; Tenney et al., 2019; Peters
et al., 2018; Hewitt and Manning, 2019; Klafka
and Ettinger, 2020; Toshniwal et al., 2020). Other
work that has focused on transformers, as we do,
has often focused on analyzing the attention mech-
anism (Vig and Belinkov, 2019; Clark et al., 2019),
learned parameters (Roberts et al., 2020; Radford
et al., 2019; Raffel et al., 2020) and redundancy
(Dalvi et al., 2020; Voita et al., 2019; Michel et al.,
2019). The evaluation that we use here follows
the paradigm of classification-based probing (Kim
et al., 2019; Wang et al., 2018; Zhang et al., 2019b;
Yang et al., 2019a) and correlation with similar-
ity judgments (Finkelstein et al., 2001; Gerz et al.,
2016; Hill et al., 2015; Conneau and Kiela, 2018).

The current paper also builds on work subject-
ing trained NLP models to adversarial inputs, to
highlight model weaknesses. One body of work
approaches the problem by applying heuristic rules
of perturbation to input sequences (Wallace et al.,
2019; Jia and Liang, 2017; Zhang et al., 2019a),
while another uses neural models to construct ad-
versarial examples (Li et al., 2020, 2018) or ma-
nipulate inputs in embedding space (Jin et al.,
2020). Our work also contributes to efforts to un-
derstand impacts and outcomes of the fine-tuning
process (Miaschi et al., 2020; Mosbach et al., 2020;
Wang et al., 2020; Perez-Mayos et al., 2021).

Phrase and sentence composition has drawn fre-
quent attention in analysis of neural models, often
focusing on analysis of internal representations and
downstream task behavior (Ettinger et al., 2018;
Conneau et al., 2019; Nandakumar et al., 2019;
McCoy et al., 2019; Yu and Ettinger, 2020; Bha-
thena et al., 2020; Mu and Andreas, 2020; Andreas,
2019). Some work investigates compositionality
via constructing linguistic (Keysers et al., 2019)
and non-linguistic (Liška et al., 2018; Hupkes et al.,
2018; Baan et al., 2019) synthetic datasets.

Most related to our work here is the finding of Yu

1Datasets and code available at
https://github.com/yulang/fine-tuning-and-composition-
in-transformers

and Ettinger (2020). They test for composition in
two-word phrase representations from transform-
ers, via similarity correlations and paraphrase de-
tection. They find that baseline performance on
these tasks is high, but once they control for amount
of word overlap, performance drops dramatically,
suggesting that observed correspondences rely on
word content rather than phrase composition. We
build directly on this work, testing whether these
patterns will still hold after fine-tuning on tasks
intended to encourage composition.

3 Fine-tuning Pre-trained Transformers

In response to the weaknesses observed by Yu and
Ettinger (2020), we select two different datasets
with promising characteristics for addressing these
weaknesses. We fine-tune on these tasks, then per-
form layer-wise testing on contextualized repre-
sentations from the fine-tuned models, comparing
against results on the pre-trained models. Here we
describe the two fine-tuning datasets.

3.1 PAWS: fine-tuning on high word overlap

The core of the Yu and Ettinger (2020) finding
is that model performance on the selected com-
position tests degrades significantly when cues of
lexical overlap are controlled. It stands to reason,
then, that a model trained to discern meaning dif-
ferences under conditions of high lexical overlap
may improve on these overlap-controlled compo-
sition tests. This drives our selection of the Para-
phrase Adversaries from Word Scrambling (PAWS)
dataset (Zhang et al., 2019b), which consists of sen-
tence pairs with high lexical overlap. The task is
formulated as binary classification of whether two
sentences are paraphrases or not. State-of-the-art
models achieve only < 40% accuracy before train-
ing on the dataset (Zhang et al., 2019a). Table 1
shows examples from this dataset. Due to the high
lexical overlap, we might expect that in order to
achieve non-trivial accuracy on this task, models
must attend to more sophisticated meaning infor-
mation than simple word content.

3.2 SST: fine-tuning on hierarchical labels

Another dataset that has been associated with train-
ing and evaluation of phrasal composition is the
Stanford Sentiment Treebank, which contains syn-
tactic phrases of various lengths, together with fine-
grained human-annotated sentiment labels for these
phrases. Because this dataset contains annotations
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Sentence 1 Sentence 2 Label
There are also specific discussions , public
profile debates and project discussions .

There are also public discussions , profile spe-
cific discussions , and project discussions .

0

She worked and lived in Stuttgart , Berlin (
Germany ) and in Vienna ( Austria ) .

She worked and lived in Germany ( Stuttgart ,
Berlin ) and in Vienna ( Austria ) .

1

Table 1: Example pairs from PAWS-QQP. Both positive and negative pairs have high bag-of-words overlap.

of composed phrases of various sizes, we can rea-
sonably expect that training on this dataset may fos-
ter an increased sensitivity to compositional phrase
meaning. We formulate the fine-tuning task as
a 5-class classification task following the setup
in Socher et al. (2013). The models are trained
to predict sentiment labels given phrases as input.

4 Representation evaluation

For optimal comparison of the effects of fine-tuning
on the above tasks, we replicate the tests, represen-
tation types, and models reported on by Yu and
Ettinger. Here we briefly describe these methods.
For more details on the evaluation dataset and task
setup, please refer to Yu and Ettinger (2020).

4.1 Evaluation tasks
Yu and Ettinger propose two analyses for measur-
ing composition: similarity correlations and para-
phrase classification. They focus on two-word
phrases, using the BiRD bigram relatedness dataset
(Asaadi et al., 2019) for similarity correlations, and
the PPDB 2.0 paraphrase database (Ganitkevitch
et al., 2013; Pavlick et al., 2015) for paraphrase
classification. BiRD contains 3,345 bigram pairs,
with source phrases paired with numerous target
phrases, and human-annotated similarity scores
ranging from 0 to 1. For similarity correlation,
Yu and Ettinger take layer-wise correlations be-
tween these human phrase similarity scores and
the cosine similarities of model representations for
the same phrases. For paraphrase classification,
Yu and Ettinger train a multi-layer perceptron clas-
sifier to label whether two phrase representations
are paraphrases, drawing their positive phrase pairs
from PPDB 2.0—which contains paraphrases with
scores generated by a regression model—and ran-
domly sampling negative pairs from the rest of the
dataset. We replicate all of these procedures.

For both task types, Yu and Ettinger compare be-
tween “uncontrolled” and “controlled” tests, with
the latter filtering the data to control word over-
lap within phrase pairs, such that amount of word
overlap between two phrases can no longer be used

as a cue for how similar the meanings are. It is
on these controlled settings that Yu and Ettinger
observe the significant drop in performance, sug-
gesting that model representations lack the compo-
sitional knowledge to discern phrase meaning be-
yond word content. Below we will report results for
both settings, with particular focus on controlled
settings.

4.2 Representation types

Following Yu and Ettinger, for each input phrase
we test as a potential representation 1) CLS to-
ken, 2) average of tokens within the phrase (Avg-
Phrase), 3) average of all input tokens (Avg-All),
4) embedding of the second word of the phrase,
intended to approximate the semantic head (Head-
Word), and 5) SEP token. We test each of these
representations at every layer of each model.2

5 Experimental setup

We fine-tune and analyze the same models that Yu
and Ettinger test in pre-trained form: BERT (De-
vlin et al., 2019), RoBERTa (Liu et al., 2019), Dis-
tilBERT (Sanh et al., 2019), XLNet (Yang et al.,
2019b) and XLM-RoBERTa (Conneau et al., 2019).
In each case, the pre-trained “base” version is used
as the starting point for fine-tuning. We use the
implementation of Wolf et al. (2019)3 based on
PyTorch (Paszke et al., 2019).

We fine-tune these models on the two datasets
described in Section 3. The Quora Question
Pairs dataset in Paraphrase Adversaries from Word
Scrambling (PAWS-QQP)4 consists of a training
set with 11,988 sentence pairs, and a dev/test set
with 677 sentence pairs. Tuning on PAWS-QQP
is formulated as binary classification. Sentences
are passed as input and models are trained to pre-

2Like Yu and Ettinger, we also test both phrase-only input
(encoder input consists only of two-word phrase plus spe-
cial CLS/SEP tokens), as well as inputs in which phrases are
embedded in sentence contexts.

3https://github.com/huggingface/
transformers

4https://github.com/
google-research-datasets/paws
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Figure 1: Similarity correlation on uncontrolled BiRD dataset, with phrase-only input. Columns correspond
to models, and rows correspond to representation types (“HT” = Head-token, “AP” = Avg-Phrase and “AA” =
Avg-All). For each model and representation type, the corresponding subplot shows correlations for pre-trained,
PAWS-tuned and SST-tuned settings, respectively. For each subplot, X-axis corresponds to layer index, and Y-axis
corresponds to correlation value. Layer 0 corresponds to input embeddings passed to the model.

dict whether the input sentences are paraphrases
or not. Models are trained on the training set, and
validated on the dev/test set for convergence.

The Stanford Sentiment Treebank (SST)5

(Socher et al., 2013) contains 215,154 phrases.
15% of the data is reserved for validation. The
fine-tuning task is formulated as 5-class classifica-
tion on sentiment labels, where models are given
phrases as input, and asked to predict sentiment. In
both tasks, we use the Adam optimizer (Kingma
and Ba, 2014) with default weight decay. We train
the models until convergence on the validation set.

The evaluation tasks consist of correlation analy-
sis and paraphrase classification. For correlation in
the uncontrolled setting, we use the complete BiRD
dataset, containing 3,345 phrase pairs.6 For the con-
trolled test, we filter the complete dataset following
the criteria in Yu and Ettinger (2020), resulting in
410 “AB-BA” mirror-image pairs with 100% word
overlap (e.g., law school / school law). For the
classification tasks, we use the preprocessed data
released by Yu and Ettinger (2020).7 We collect
12,036 source-target phrase pairs from the prepro-

5https://nlp.stanford.edu/sentiment/
treebank.html

6http://saifmohammad.com/WebPages/BiRD.
html

7https://github.com/yulang/
phrasal-composition-in-transformers

cessed dataset for our uncontrolled classification
setting, and for the controlled classification setting,
we collect 11,772 phrase pairs with exactly 50%
word overlap in each pair, following the procedure
from the original paper.

6 Results after fine-tuning

6.1 Full datasets

Figure 1 presents the original results from Yu and
Ettinger (2020) on pre-trained models, alongside
our new results after fine-tuning, on the full BiRD
dataset. Since this is prior to the control of word
overlap, these correlations can be expected to re-
flect effects of lexical content encoding, without yet
having isolated effects of composition. We find that
after fine-tuning on SST, most models and represen-
tation types show small improvements in peak cor-
relations across layers, while fine-tuning on PAWS
also yields improvements in peak correlations—
albeit even smaller—in models other than BERT
and XLM-RoBERTa. Overall, within a given
representation type, improvements are generally
stronger after fine-tuning on SST than on PAWS.
Between representation types, Avg-Phrase and Avg-
All remain consistently at the highest correlations
after fine-tuning. Additionally, we see that the de-
cline in correlation at later layers in pre-trained
BERT, RoBERTa and XLM-RoBERTa is mitigated
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Figure 2: Similarity correlation on controlled BiRD dataset (AB-BA setting), with phrase-only input.

after fine-tuning. Model-wise, we see the most
significant improvements in the RoBERTa model,
for which the correlations become more consistent
across layers for most representation types. As
we discuss below, we take this as indication that
the fine-tuning promotes more robust retention of
word content information across layers, if not more
robust phrasal composition.

For the sake of space, we present the plots of
the uncontrolled paraphrase classification setting
in Figure 7 of the Appendix. The overall improve-
ments are even smaller than those seen in the corre-
lations, but we do see comparable patterns in these
paraphrase classification results, in particular with
SST showing slightly stronger benefits than PAWS.

6.2 Controlled datasets

Above we see small benefits of fine-tuning for
performance on the full, uncontrolled datasets.
However, the critical question for our purposes
is whether correlations also show improvements in
word-overlap controlled settings, which better iso-
late effects of composition. Figure 2 shows correla-
tions for all models on the controlled AB-BA (full
word overlap) correlation test. Figure 3 shows the
results for the controlled paraphrase classification
setting, where both paraphrase and non-paraphrase
pairs have exactly 50% word overlap.

The first comparison to note is between original
and controlled settings, which allows us to establish
the contributions of overlap information as opposed
to composition. Comparing between Figure 1 and

Figure 2, it is clear that fine-tuned models still show
substantial reduction in correlation when overlap
cues are removed. The same goes for Figure 3 (by
comparison to Figure 7 of the Appendix)—we see
that on the controlled dataset, accuracies hover just
above chance-level performance both before and
after fine-tuning, compared to over 90% accuracy
on the uncontrolled dataset. This gap in perfor-
mance between the original and controlled datasets
mirrors the findings of Yu and Ettinger (2020), and
suggests that even after fine-tuning, the majority of
correspondence between model phrase representa-
tions and human meaning similarity judgments can
be attributed to capturing of word content informa-
tion rather than phrasal composition.

The second key comparison is between pre-
trained and fine-tuned models within the overlap-
controlled settings. While the prior comparison
tells us that similarity correspondence is still domi-
nated by word content effects, this second compar-
ison can tell us whether fine-tuning shows at least
some boost in meaning composition relative to pre-
training. Comparing performance of pre-trained
and fine-tuned models in Figure 2, we see that fine-
tuning on PAWS-QQP actually slightly degrades
correlations at many layers for a majority of mod-
els and representation types—with improvements
largely restricted to XLM-RoBERTa and XLNet
(perhaps notably, mostly in cases where pre-trained
correlations are negative). This is despite the fact
that models achieve strong validation performance
on PAWS-QQP (as shown in Table 2), suggesting
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Figure 3: Paraphrase classification accuracy on controlled PPDB dataset (50% word overlap setting) with phrase-
only input. Y-axis range is smaller relative to Figure 7, to make changes from pre-training more visible.

that learning this task does little to improve compo-
sition. We will explore the reasons for this below.

In Figure 3, we see that fine-tuning also does
little to improve paraphrase classification accura-
cies in the controlled setting—though each model
shows slight improvement in peak accuracy across
layers and representation types (e.g., RoBERTa
shows ∼3% increase in peak accuracy with SST
tuning, and 2% with PAWS tuning). Even so, the
best accuracies across models continue to be only
marginally above chance. This, too, fails to provide
evidence of any substantial composition improve-
ment resulting from the fine-tuning process.

The story changes slightly when we turn to im-
pacts of SST fine-tuning on correlations in Figure
2. While all correlations remain low after SST fine-
tuning, we do see that correlations for BERT, XLM-
RoBERTa and XLNet show some non-trivial bene-
fits even in the controlled setting. In particular, SST
tuning consistently improves correlation among all
representation types in BERT (except for minor
degradation in later layers for Head-token), boost-
ing the highest correlation from ∼0.2 to ∼0.39.
Between representation types, the greatest change
is in the CLS token, with the most dramatic point
of improvement being an abrupt correlation peak
for CLS at BERT’s fourth layer. We will discuss
more below about this localized benefit.

A final important observation is that fine-tuning
on either dataset produces clear degradation in cor-
relations for all representation types in RoBERTa

Model Accuracy(%)
BERT 80.13

RoBERTa 90.81
DistilBERT 81.98

XLM-RoBERTa 91.18
XLNet 88.24

Linear CLF 71.34

Table 2: Accuracy of fine-tuned models on PAWS-QQP
dev/test set. Linear CLF is a baseline classifier with
relative swapping distance as the only input feature.

under the controlled setting, by contrast to the gen-
eral improvements seen for that and other models
in the uncontrolled setting. This suggests that at
least for that model, fine-tuning encourages reten-
tion or enhancement of lexical information, but
may degrade compositional phrase information.8

7 Analyzing impact of fine-tuning

The presented results suggest that despite com-
pelling reasons to think that fine-tuning on the se-
lected tasks may improve composition of phrase
meaning, these models mostly do not exhibit note-
worthy benefits from fine-tuning. In particular, fine-

8Following Yu and Ettinger (2020), in addition to phrase-
only inputs we also try embedding target phrases in sentence
contexts. Consistent with the findings of Yu and Ettinger
(2020), we see that presence of context words does boost over-
all correlation and accuracy, but does not alter the general
trends. Moreover, models still show relatively weak perfor-
mance on controlled tasks even with context available (see
Figure 8 and Figure 9 in the Appendix for details).
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Figure 4: Layer-wise correlation of BERT fine-tuned on phrases of different lengths in SST.
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Figure 5: Distribution of positive and negative predic-
tions made by tuned models. Last plot shows the statis-
tics in the PAWS-QQP dev/test set. X-axis corresponds
to relative swapping distance; Y-axis shows number of
samples in the specific relative swapping distance bin.

tuning on the PAWS-QQP dataset often degrades
performance on the controlled datasets taken to be
most indicative of compositionality. As for SST,
the benefits are minimal, but in localized cases like
BERT’s CLS token, we do see signs of improved
compositionality. In this section, we conduct fur-
ther analysis on the impacts of fine-tuning, and
discuss why tuned models behave as they do.

7.1 Failure of PAWS-QQP

Table 2 shows accuracy of fine-tuned models on
the dev/test set of PAWS-QQP.9 It is clear that the
models are learning to perform well on this dataset,
but our results above indicate that this does not
translate to improved composition sensitivity.

We explore the possibility that this discrepancy
may be caused by trivial cues arising during the

9The performance of BERT in the table is different from
previous work mainly due to the fact that models in Zhang et al.
(2019a) are tuned on concatenation of QQP and PAWS-QQP
datasets rather than PAWS-QQP only.

construction of the dataset, enabling models to in-
fer paraphrase labels without needing to improve
their understanding of the meaning of the sentence
pair (c.f., Poliak et al., 2018; Gururangan et al.,
2018). Sentence pairs in PAWS are generated via
word swapping and back translation to ensure high
bag-of-words overlap (Zhang et al., 2019a). We
hypothesize that models may be able to achieve
high performance in this task based on distance of
the word swap alone, without requiring any sophis-
ticated representation of sentence meaning.

To test this, given a sentence pair (s1, s2) with
word counts l1, l2, respectively, we define “relative
swapping distance” as

distrelative =
distswap
max(l1, l2)

where distswap is defined as the index difference
of the first swapping word in s1 and s2. For the
example shown in the first row of Table 1, the first
swapping word is “specific”, with distswap = 4.
Note that with this measure we focus on informa-
tion from one word swap only, while some pairs
in PAWS-QQP have multiple swapped words—so
in reality, swapping distance information may be
even stronger than our results below indicate.

In the last plot of Figure 5, we show an asso-
ciation between relative swapping distance and
paraphrase labels in the PAWS dev/test set: sen-
tence pairs with small swapping distance tend to
be positive samples, while large swapping distance
associates with negative labels. The other plots in
Figure 5 show distribution of positive and negative
predictions generated by each fine-tuned model
with respect to relative swapping distance. We see
a similar pattern, with models tending to generate
negative labels when swapping distance is larger.
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To verify the viability of this cue, we train a sim-
ple linear classifier on PAWS-QQP, with relative
swapping distance as the only input feature. The re-
sults are reported as “Linear CLF” in Table 2. Even
without access to the content of the sentences, we
see that this simple model is able to achieve non-
trivial and comparably good classification accuracy
on the dev/test set. The strong performance of the
linear classifier and the distribution of predictions
are consistent with the hypothesis that when we
tune on PAWS-QQP, rather than forcing models
to learn nuanced meaning in the absence of word
overlap cues, we may instead encourage models to
focus on lower-level information having little to do
with the sentence meaning, further degrading their
performance on the composition tasks.

7.2 Localized impacts of SST

Fine-tuning on sentiment shows a bit of a different
pattern—while it mostly shows only minor changes
from pre-training, and the correlations and classifi-
cation accuracies remain at decidedly low levels on
the controlled settings, we do see in certain mod-
els some distinctive changes in levels of similarity
correlation as a result of tuning on SST. Notably,
since these improvement patterns are seen in the
similarity correlations but not in the classification
accuracies, this suggests that these two tasks are
picking up on slightly different aspects of phrasal

compositionality. To investigate these effects fur-
ther, we focus our attention on BERT, which shows
the most distinctive improvement in correlations.

The obvious candidate for the source of the local-
ized SST benefit is the dataset’s inclusion of labeled
syntactic phrases of various sizes. The benefits
seen from SST tuning suggest that this may indeed
encourage models to gain some finer-grained sensi-
tivity to compositional impacts of phrase structure
(at least those relevant for sentiment). To examine
this further, we filter the SST dataset to subsets
with phrases of the same length, from 2 to 6 words,
and tune pre-trained BERT on each subset.

Figure 4 shows the correlations for BERT, fine-
tuned on each phrase length, on the overlap-
controlled BiRD dataset. We see that tuning
on the full dataset (mixed phrase lengths) gives
the strongest fourth-layer boost in CLS correla-
tion performance—but among the size subsets, a
semblance of the fourth-layer CLS peak is seen
across phrase lengths, with length-2 training yield-
ing the strongest peak, and length-6 training the
smallest. This suggests an amount of size-based
specialization—sentiment training on phrases of
(or closer to) two words has more positive im-
pact on similarity correlations for our two-word
phrases.10 However, we also see that phrases of

10Although subset size can potentially contribute to correla-
tion performance, we find that subset size does not correlate
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other sizes contribute non-trivially to the ultimate
correlation improvement observed from training on
the full dataset. This is consistent with the notion
that training on diverse phrase sizes encourages
fine-grained attention to compositionality, while
training on phrases of similar size may have slightly
more direct benefit.

Representation changes For further compari-
son of fine-tuning effects between tasks, we ana-
lyze changes in BERT representations at each layer
before and after the fine-tuning process. Figure 6
shows the average layer-wise representation sim-
ilarity between fine-tuned and pre-trained BERT
given identical input. We see substantial differ-
ences between tasks in terms of representation
changes: while SST fine-tuning produces signif-
icant changes across representations and layers,
PAWS fine-tuning leaves representations largely
unchanged (further supporting the notion that this
task can be solved fairly trivially). We also see that
after SST tuning, BERT’s CLS token shows robust
similarity to pre-trained representations until the
fifth layer, followed by a rapid drop in similarity.
This suggests that the fourth-layer correlation peak
may be enabled in part by retention of key informa-
tion from pre-training, combined with heightened
phrase sensitivity from fine-tuning. We leave in-
depth exploration of this dynamic for future work.

8 Discussion

The results of our experiments indicate that de-
spite the promise of PAWS-QQP and SST tasks
for improving models’ phrasal composition, fine-
tuning on these tasks falls far short of resolving
the composition weaknesses observed by Yu and
Ettinger (2020). The majority of correspondence
with human judgments can still be attributed to
word overlap effects—disappearing once overlap
is controlled—and improvements on the controlled
settings are absent, very small, or highly localized
to particular models, layers and representations.
This outcome aligns with the increasing body of
evidence that NLP datasets often do not require of
models the level of linguistic sophistication that we
might hope for—and in particular, our identifica-
tion of a strong spurious cue in the PAWS-QQP
dataset adds to the growing number of findings em-
phasizing that NLP datasets often have artifacts that

with the performance patterns we observe here. Phrase count
of each subset: length 2 - 11,499; length 3 - 11,779; length 4 -
15,050; length 5 - 11,816; length 6 - 9,935.

can inflate performance (Poliak et al., 2018; Guru-
rangan et al., 2018; Kaushik and Lipton, 2018).

We do see a ray of promise in the small, lo-
calized benefits for certain models from tuning on
SST. These improvements do not extend to all mod-
els, and are fairly small in the models that do see
benefits—but as we discuss above, it appears that
training on fine-grained syntactic phrase distinc-
tions may indeed confer some enhancement of com-
positional meaning in phrase representations—at
least when model conditions are amenable. Since
sentiment information constitutes only a very lim-
ited aspect of phrase meaning, we anticipate that
training on fine-grained phrase labels that reflect
richer and more diverse meaning information could
be a promising direction for promoting composi-
tion more robustly in these models.

9 Conclusions and future directions

We have tested effects of fine-tuning on phrase
meaning composition in transformer representa-
tions. Although we select tasks with promise to
address composition weaknesses and reliance on
word overlap, we find that representations in the
fine-tuned models show little improvement on con-
trolled composition tests, or show only very local-
ized improvements. Follow-up analyses suggest
that the PAWS-QQP dataset contains spurious cues
that undermine learning of sophisticated meaning
properties when training on that task. However,
results from SST tuning suggest that training on
labeled phrases of various sizes could prove effec-
tive for learning composition. Future work should
investigate how model properties interact with fine-
tuning to produce improvements in particular mod-
els and layers—and should move toward phrase-
level training with meaning-rich annotations, which
we predict will be a promising direction for improv-
ing models’ phrase meaning composition.
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Figure 8: Similarity correlation on full BiRD dataset with phrases embedded in context sentence (context-available
input).
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Figure 9: Similarity correlation on controlled BiRD dataset (AB-BA setting) with phrases embedded in context
sentence (context-available input).
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Abstract

Lifelong topic models mainly focus on in-
domain text streams in which each chunk only
contains documents from a single domain. To
overcome data diversity of the in-domain cor-
pus, most of the existing methods exploit the
information from limited sources in a separate
and heuristic manner. In this study, we develop
a lifelong collaborative model (LCM) based
on non-negative matrix factorization to accu-
rately learn topics and domain-specific word
embeddings. LCM particularly investigates:
(1) developing a knowledge graph based on
the semantic relationships among words in the
lifelong learning process, so as to accumulate
global context information discovered by topic
models and local context information reflected
by context word embeddings from previous do-
mains, and (2) developing a subword graph
based on byte pair encoding and pairwise word
relationships to exploit subword information
of words in the current in-domain corpus. To
the best of our knowledge, we are the first to
collaboratively learn topics and word embed-
dings via lifelong learning. Experiments on
real-world in-domain text streams validate the
effectiveness of our method.

1 Introduction

Lifelong learning (Silver, 2011; Mitchell et al.,
2015), which accumulates and maintains the past
knowledge to help future learning in an endless
manner, has attracted considerable attention in
topic modeling (Chen et al., 2020b; Gupta et al.,
2020). Most lifelong topic models (Chen and Liu,
2014b; Chen, 2015; Wang et al., 2016) focus on the
corpus that only contains text from a single domain,
dubbed the in-domain corpus (Xu et al., 2018).
This is because in-domain corpora are widespread
in real-world applications, such as breaking news
and tweets related to a specific topic (domain). The

∗The corresponding author.

key to the success of a lifelong topic model within
in-domain corpora is based on a precondition that
prior topical information of previous domains can
be fully exploited to guide meaningful learning
in the new coming domain (Chen and Liu, 2014b).
However, because the in-domain corpus is typically
of limited size (Xu et al., 2018), it is insufficient
for the existing methods to train coherent topics.

To alleviate the lack of global context in a cor-
pus, one simple solution for topic models is to
incorporate general-purpose pre-trained word em-
beddings (Das et al., 2015; Xun et al., 2016, 2017b;
Dieng et al., 2020). Although the general-purpose
embeddings can provide some useful information
for words within the in-domain corpus, their em-
bedding representations may not be ideal for the
target domain and in some cases they may even con-
flict with the meanings of the words in the task do-
main because words often have multiple senses or
meanings (Xu et al., 2018). Another solution trains
topics and word embeddings jointly in the one-shot
learning scenario (Xun et al., 2017a; Dieng et al.,
2020). Such a unified method prevents relying on
the external embedding corpus that is not always
closely aligned with the domain task, because the
model can learn domain-specific word embeddings
by itself. Unfortunately, the aforementioned mod-
els are conducted on collected documents without
the guidance of any prior knowledge. Besides, they
all treat words as atomic units, which may not per-
form well on the in-domain corpus with relatively
few words.

In light of these considerations, we aim to gener-
ate coherent topics and domain-specific word em-
beddings jointly by a lifelong process. On the one
hand, domain-specific word embeddings tend to
offer more accurate complementary information
to lifelong topic modeling than pre-trained embed-
dings. On the other hand, we alleviate the lack
of global and local context information within in-
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domain corpora by exploiting subwords (Pinter
et al., 2017). Both the topical and subword in-
formation are leveraged in our knowledge-based
learner to generate better domain-specific word
embeddings. To achieve this, we propose a life-
long collaborative model (LCM)1 by coordinating
global context, local context, and subword informa-
tion. First, our LCM maintains a knowledge graph
based on word relationships to accumulate the past
knowledge learned from previous domains, which
exploits from both the global word-document ma-
trix and the local word co-occurrence matrix. Sec-
ond, we develop a subword graph from the current
in-domain corpus to capture extra information of
words. We use non-negative matrix factorization
(NMF) as our framework, which is an effective
method of mining latent text semantics with great
flexibility in transforming prior knowledge into reg-
ulations (Lee and Seung, 1999; Chen et al., 2015,
2020b) and it gives sparseness to matrices with
interpretability (Hoyer, 2004). The main contribu-
tions of this study can be summarized as follows:

• We propose a lifelong learning method to
jointly generate topics and word embeddings
over in-domain text streams. To the best of
our knowledge, we are the first to collabora-
tively learn topics and domain-specific word
embeddings through a lifelong process.

• We incorporate local context information and
subword information into lifelong topic mod-
eling, which can alleviate the lack of global
context information when the target dataset is
relatively small.

• In lifelong word embedding learning, we
leverage the topical and subword information
to help generate better domain-specific em-
beddings for down-stream learning tasks.

2 Related Work

Topic modeling (Deerwester et al., 1990; Hofmann,
1999; Blei et al., 2003) and word embedding learn-
ing (Mikolov et al., 2013a,b) are two of the most
important tasks in natural language processing. The
former task aims to discover the latent semantic
structure of documents based on the global con-
text, while the latter one follows the distributional
hypothesis that words occurring in similar local
contexts tend to have similar syntactic and seman-
tic properties (Harris, 1954). The traditional topic
and word embedding learning models are based on

1https://github.com/XiaoruiQ/LCM

isolated learning, i.e., a one-shot task learning, thus
they lack ability to continually learn from incre-
mentally available data.

Lifelong Topic Modeling. A lifelong topic
model (Chen and Liu, 2014b; Chen, 2015; Wang
et al., 2016), as a typical example of lifelong ma-
chine learning, is gaining more and more research
interests than traditional one-shot deal that con-
ducts a topic model on collected documents just for
once (Chen et al., 2020b). Lifelong topic models
inherit three key characteristics in lifelong machine
learning, i.e., continuous tasks, knowledge accu-
mulation and maintenance, and a knowledge-based
learner that can leverage the past knowledge to help
future learning in a never-ending manner. Further-
more, lifelong topic modeling is mainly applied to
in-domain corpora where each chunk only contains
text from a single domain.

Based on NMF, Chen et al. (2020b) proposed
a lifelong topic model named NMF-LTM. How-
ever, the above method only considers the most
important 10 words under every topic while ig-
nores other non-top words, i.e., most words in the
vocabulary. This problem will be more serious
if the vocabulary size is large. Besides, NMF-
LTM may perform poorly for other downstream
tasks, because it can only capture the information
of limited words in sentences. Finally, NMF-LTM
only mines word relationships from the perspec-
tive of global (topical) information, which is inade-
quate within in-domain corpora. Considering the
limited global context in the new coming corpus,
Gupta et al. (2020) incorporated general-purpose
pre-trained word embeddings as complementary to
topics into the knowledge base for lifelong learn-
ing. Unfortunately, the above method required that
the dimension of word embeddings being equal to
the number of topics and each dimension of word
embeddings corresponding to a topic. This violates
the complementary but different points of view, i.e.,
the global viewpoint and the local viewpoint, for
topic models and word embedding models (Xun
et al., 2017a). This model optimizes a topic-word
matrix, in which each row represents the word dis-
tribution of a topic and each column represents the
embedding of a word. Each dimension of the word
embedding learned by this model implied the pos-
sibility of the word occurring in the corresponding
topic. However, word embeddings contain many
other features that cannot be captured by global
(context) information, e.g., the syntactic feature.
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Word Embedding Learning. Lifelong learning
has also been adopted to train domain-specific word
embeddings, which fills the gap between general-
purpose embeddings trained on large-scale corpora
and the topic (domain) of the down-stream task.
For example, Xu et al. (2018) first developed a
meta-learner to expand the new in-domain corpus
by measuring the content similarity of past domains
and the new domain. Then, they generated word
embeddings for the new domain using the com-
bined data. However, this method only considered
the local context information from past domains,
which is inadequate to capture the polysemous na-
ture of words. As an illustration, apple is one of
polysemous words that is topically contextualized
by several domains, i.e., product line, operating
system, and fruit (Gupta et al., 2020).

3 Lifelong Collaborative Model

In this section, we detail the proposed LCM for
jointly learning topics and domain-specific word
embeddings in a lifelong process. The topical infor-
mation and local context from previous domains,
and a subword graph constructed from the current
in-domain corpus are exploited in LCM to guide
future tasks.

3.1 Problem Formalization
Given a stream of document chunks

{
DOCt

}T
t=1

accumulated in an endless manner (T = +∞), we
aim to jointly generate topics and domain-specific
word embeddings when each chunk only contains
text from a single domain. At any time point, our
LCM deals with the current document chunk, e.g.,
DOCt, by leveraging the past knowledge learned
from the previous document chunks, i.e., DOC1,
DOC2, . . . , DOCt−1. Table 1 lists the notations
used in this paper. We use bold uppercase letters
such asDt to represent matrices, regular uppercase
letters such as M to represent scalar constants, and
regular lowercase letters such as λv to represent
scalar variables.

Notation Description

Dt ∈ RM×N Word-document matrix at the current moment
Ut ∈ RM×K Word-topic matrix at the current moment
Vt ∈ RK×N Topic-document matrix at the current moment
Xt ∈ RM×M Word co-occurrence matrix at the current moment
Bt ∈ RM×E Word embedding matrix at the current moment
Ct ∈ RM×E Context word embedding matrix at the current moment

M The number of words
N The number of documents
K The number of topics
E The dimension of word embeddings

Table 1: Frequently used notations.

3.2 Objective Function

Figure 1 illustrates the architecture of our LCM,
which processes in-domain text streams through a
knowledge-based learner. Formally, the objective
function of LCM is defined as follows:

L = ‖Dt −UtVt‖2F +
∥∥Xt −BtC

T
t

∥∥2
F

+ Υ(Vt) + Ψ(Ut) + Φ(Ct) + Ω(Bt),

s.t. Ut ≥ 0,Vt ≥ 0,Bt ≥ 0,Ct ≥ 0. (1)

It is noteworthy that we constrain the non-
negativity of Bt and Ct to learn sparse inter-
pretable word embeddings (Murphy et al., 2012;
Luo et al., 2015), so as to capture the polyse-
mous nature of words (Panigrahi et al., 2019).
With non-negativity constraints, words are repre-
sented by limited dimensions (Murphy et al., 2012).
All words that have positive values under specific
dimensions may share a common characteristic,
which enhances the interpretability of word embed-
dings and helps capture the polysemous nature.

The first term of our objective function aims to
factorize the global word-document matrixDt into
the word-topic matrix Ut and the topic-document
matrix Vt, and the interpretability of Ut and Vt
is ensured by their non-negativity. For the local
context information, Levy and Goldberg (2014)
have proved that the Skip-Gram model with neg-
ative sampling (SGNS) is implicitly factorizing a
positive pointwise mutual information word co-
occurrence matrix shifted by a constant offset. Ac-
cordingly, we use the shifted positive pointwise mu-
tual information matrix as our word co-occurrence
matrixXt and decompose it into the word embed-
ding matrix Bt and the context word embedding
matrix Ct, as presented in the second term. Given
a hyperparameter λv, the sparsity constraint on Vt
is introduced as the third term Υ(Vt) = λv ‖Vt‖1.
This ensures that each document covers limited
topics (Chen et al., 2020b). The sparsity of topics
encourages interpretable topics (Card et al., 2018),
which corresponds with the tuition that a document
usually focuses on several salient topics instead of
covering a wide variety of topics (Lin et al., 2019).
Although NMF has given sparseness to Vt, a more
direct control over such properties of the represen-
tation is still needed (Hoyer, 2004). The rest terms
Ψ(Ut), Φ(Ct), and Ω(Bt) are the constraints on
matrices Ut, Ct, andBt, which will be described
in sections 3.2.3-3.2.5, respectively.

2296



𝒟𝒪𝒞𝑡−2

𝓤𝑡:

𝓚𝑡−1

𝓑𝑡:     Word Embeddings

player

replay

1

player
multi-

player

multi-

player 1

1

1

1

replay

0 0

0

0

⋯

⋯

⋮

⋮

1A

A B

B 1

1

1

1

C

C

0 0.9

0

0.9

⋯

⋯

⋮

⋮

0
0.2
0.4
0.6
0.8

1

Doc 1Doc 2Doc 3 …

Topic 1
Topic 2
Topic 3𝓥𝑡:

0.1A

Topic 1 Topic 2 Topic 3 ⋯

0.75

0.1

0.8

0.2

C 0.5 0.2

0.05

0.0

⋯

⋮

⋮

B

man

woman

king

queen

In-domain Text Streams

⋯ ⋯

Global 

Context

Local  

Context

Highly Relevant Word Pairs

C

D
B

A
E

F
10

25 3

22

10

90

100

Knowledge Graph (𝓚𝓖𝑡−1)
𝓒𝑡:

player

replay

0

player
multi-

player

multi-

player 0

0

2

2

replay

1 1

1

1

⋯

⋯

⋮

⋮

झ𝑡

0A

A B

B 0

0

100

100

C

C

10 90

10

90

⋯

⋯

⋮

⋮

player

play

playing

replay

re-

designer

multiplayer
multi-

reviewer

Subword Graph (झऑ𝑡)

play

play

play

-er

-er

-er

-er

-er

data

database

data data

-ing play

play

-er

𝒟𝒪𝒞𝑡−1 𝒟𝒪𝒞𝑡 𝒟𝒪𝒞𝑡+1 𝒟𝒪𝒞𝑡+2

𝑘𝑖,𝑗 =

1, 𝑖 = 𝑗
(𝑊𝑘)𝑖𝑗

max(𝑊𝑘)
, (𝑊𝑘)𝑖𝑗 ≥ 𝑅𝑘 ∗ max(𝑊𝑘)

0, otherwise

𝑠𝑖,𝑗 =

1, 𝑖 = 𝑗
(𝑊𝑠)𝑖𝑗

max(𝑊𝑠)
, (𝑊𝑠)𝑖𝑗 ≥ 𝑅𝒔 ∗ max(𝑊𝑠)

0, otherwise

Figure 1: Lifelong Collaborative Model (LCM)

3.2.1 Knowledge Graph (KG)

LCM uses relationships between words as the rep-
resentations of our KG to maintain knowledge of
past domains to help with the current in-domain
task. KG accumulates the knowledge of past do-
mains from two sources of information, i.e., the
global context information mined by topic models
and the local context information reflected by con-
text word embeddings. As shown in Figure 1, the
output of LCM contains the word-topic matrix Ut,
the topic-document matrix Vt, the word embedding
matrixBt, and the context word embedding matrix
Ct. KG fuels the global context and local context
information with the help of Ut andCt, as follows.

For the global context information, we use the
inner product to measure similarities between topic
distributions of words in Ut. For each word wi in
the current vocabulary ofDt, we find topT words
wj (j = 1, 2, ..., T ), whose topic distributions of
all topics are most similar to wi. Each wj and wi
are seen as word pairs that reflect the relationship
from the global context information, i.e., the topical
information. After finding topT related words of
each word, all the word pairs are accumulated and
de-duplicated. Following (Chen et al., 2020b), we
set the weight of each word pair (wi, wj) to 1.

Regarding the local context information, we use
the inner product to measure similarities between
context word embeddings of words inCt. For each
word wi in the current vocabulary of Dt, we find
topT words whose context word embeddings are
most similar to this word. All word pairs represent

the relationship from the perspective of local con-
text information and their weights are set to η after
de-duplication, where η adjusts the weight relation-
ship between global context information and local
context information.

Then, we accumulate the word pairs from these
two sources to fuel the information of global con-
text and local context. It is worth noting that if a
word pair (wi, wj) appears simultaneously in the
two kinds of word pairs, its weight is recorded as
1 + η. De-duplication is not required here, because
the relationship between two words related in both
global context and local context is closer than that
of two words only related in one kind of source
information. We use Jt to denote all the related
word pairs in the current in-domain corpus, and Jt
is defined as:

Jt = {(Wk)ij}, (2)

where (Wk)ij represents the weight of the word
pair (wi, wj) in KG. Finally, KG is updated as
follows:

KGt = KGt−1 + Jt. (3)

3.2.2 Subword Graph (SG)
To incorporate subword information, LCM uses a
subword graph (SG) to store relationships between
words in Dt from the perspective of subword in-
formation. The motivation of introducing SG is
to capture more information from the structures
of words themselves as the complement for global
and local contexts (Bojanowski et al., 2017; Pinter
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et al., 2017). Many in-domain text streams contain
a high proportion of rare words with low word fre-
quencies, e.g., proper nouns in specific domains,
which cannot be adequately reflected by context
due to the low frequencies. Note that SG only
mines the subword information of the current in-
domain corpus since subwords are only related to
domain-independent structures of words.

A typical word in English is composed by three
kinds of subword units, i.e., the word root, the
prefix, and the suffix2. Word roots and prefixes
determine the meaning of words, while suffixes
determine the syntactic-related part of speech. We
adopt byte pair encoding (BPE) (Sennrich et al.,
2016), which can implicitly match these morpheme
boundaries, to conduct subword segmentation. We
also compare this segmentation method with char-
acter n-gram features (Bojanowski et al., 2017) in
experiments. For every word pair, the number of
shared subword units between them are recorded as
the weight. In the current in-domain corpus, SGt
is defined as:

SGt = {(Ws)ij}, (4)

where (Ws)ij represents the weight of the word
pair (wi, wj) in SGt.

3.2.3 Constraint on Ut
Before introducing Ψ(Ut), we first construct the
word-word relationship matrix Kt−1 ∈ RM×M

from KGt−1 to represent the closeness of relation-
ships between words. In KGt−1, we select all of
the word pairs in which both of the two words oc-
curred in the current vocabulary ofDt. Only these
words contribute to the current in-domain task on
Dt, and all diagonal elements of Kt−1 are 1. Rk,
which represents the threshold ratio forKG, is used
to select the “close” relationships between words.
For two words wi and wj , if the corresponding pair
(wi, wj) occurred in the selected word pairs inDt

mentioned above, the value of kij will be deter-
mined by the threshold ratio Rk. If the weight of
(wi, wj), i.e., (Wk)ij , is greater than or equal to
the max weight of all the word pairs in Dt mul-
tiplied by Rk, then kij =

(Wk)ij
max(Wk)

. If it is less
than the max weight multiplied by Rk or wi and
wj are not connected in KGt−1, then kij = 0. In
the above, Rk helps to select word pairs with rela-
tively large weights. Although wrong connections

2https://en.wikipedia.org/wiki/Root_
(linguistics)

between some word pairs are kept in our KG, the
weights of them cannot be large enough, because
the max weight of KG becomes larger and larger
over time. These pairs will not be chosen to partic-
ipate in constraints of matrices. In summary,Kt−1
is calculated as follows:

kij =





1, i = j

(Wk)ij
max(Wk)

, (Wk)ij ≥ Rkmax(Wk)

0, otherwise. (5)

The word-word relationship regularization based
on KG for Ψ(Ut) holds that the topic distributions
of words that are closely related in KG would be
more similar than those have no connection in KG.
We use the Graph Laplacian (Dai et al., 2020) as the
first part of Ψ(Ut) to depict that under each topic
in Ut, the closer two words are connected in KG,
the closer their probabilities are. The second part
of Ψ(Ut) is the diversity regularization to reduce
the overlapping of topics, i.e., to improve the topic
uniqueness (Nan et al., 2019). Accordingly, Ψ(Ut)
is defined as follows:

Ψ(Ut) =λu1tr(U
T
t Ht−1Ut)

+ λu2
∥∥UT

t Ut − IK
∥∥2
F
. (6)

In the above, λu1 and λu2 are hyperparameters.
Ht−1 = diag(Kt−1 · 1) −Kt−1 represents the
Graph Laplacian of Kt−1, where 1 represents a
column vector in which all of the elements are 1,
and diag(Kt−1 · 1) represents the matrix with the
vector Kt−1 · 1 as diagonal elements. IK is an
identity matrix of order K ×K.

3.2.4 Constraint on Ct
KG, which fuels the information of global con-
text and local context from previous domains, is
constructed with the help of Ut and Ct. It also
contributes to both the two matrices on their con-
straints. For Φ(Ct), we useKt−1 to introduce the
word-word relationship regularization. It depicts
that context embeddings of words that are closely
related in KG would be more similar than those
have less connection in KG. Specifically, under
each dimension in Ct, the closer two words are
connected in KG, the closer their representations
are. Φ(Ct) is calculated as follows:

Φ(Ct) = λctr(C
T
t Ht−1Ct), (7)

where λc is a hyperparameter.
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3.2.5 Constraint onBt

The first part of Ω(Bt) is similar to the word-word
relationship regularization for Ψ(Ut) and Φ(Ct).
It holds that embeddings of words that are closely
related in SG would be more similar than those
have less connection in SG. We also use the Graph
Laplacian to depict that under each dimension in
Bt, the closer two words are connected in SG,
the closer their representations are. A word-word
relationship matrix St ∈ RM×M is constructed
from SGt, as follows:

sij =





1, i = j

(Ws)ij
max(Ws)

, (Ws)ij ≥ Rsmax(Ws)

0, otherwise, (8)

where (Ws)ij represents the weight of pair (wi, wj)
in SGt, and Rs denotes the threshold ratio of SG.
Rs helps exclude and ignore wrong connections in
SG. In addition, the cooperation ofKG and SG can
further reduce the influence of unimportant edges.
For example, a connection that is only selected by
Rk may not be as important as the connection that
is selected by both of Rk and Rs simultaneously.

The second part is a sparsity constraint on Bt,
which depicts that each word only has features of a
limited number, because we aim to learn sparse rep-
resentations so that the generated domain-specific
word embeddings are more interpretable.

Finally, Ω(Bt) is defined as follows:

Ω(Bt) = λb1tr(B
T
t NtBt) + λb2 ‖Bt‖1 , (9)

where λb1 and λb2 are hyperparameters. Nt =
diag(St · 1)− St is the Graph Laplacian of St.

3.3 Alternately Iterative Algorithm
We develop an alternately iterative algorithm to
achieve a good compromise between ease of im-
plementation and speed. Take Bt as an example,
we first calculate the derivative of the objective
function L onBt as follows:

∂L

∂Bt
=− 2XtCt + 2BtC

T
t Ct

+ 2λb1diag(St · 1)Bt − 2λb1StBt

+ λb2 · 1 · 1T . (10)

Based on the derivative of L onBt, the updating
rule forBt is given below:

Bt ← Bt ◦
XtCt + λb1StBt

BtCT
t Ct + J(Bt)

, (11)

where J(Bt) = λb1diag(St · 1)Bt + λb2
2 · 1 · 1T .

Note that Ut, Vt, Ct, and Bt always satisfy the
non-negativity because they are updated in this
multiplication form. Due to the limited space, we
provide the updating rules for matrices Ut, Vt, and
Ct, the parameter inference process, the theoretical
proof of the algorithmic convergence, and the time
complexity analysis in Appendices A-D.

3.4 Model Scalability

Our model has a good scalability due to the “divide-
and-conquer” strategy. First, we partition the large
corpus into several small document chunks that be-
long to different domains, and we only decompose
matrices of one chunk at any time. Second, we use
sparse matrices to store KG and SG, thus they are
scalable and can be processed fast. Third, when
facing a large single domain corpus in text streams,
we can partition it into small sub-domain corpora
and process one corpus at each time.

4 Experiments

4.1 Dataset

We evaluate our LCM on the real-world Amazon
Review dataset3 (McAuley et al., 2015; He and
McAuley, 2016) from 28 departments (i.e., the first-
level category). Following (Xu et al., 2018), we
consider all the reviews under each second-level
category as a domain. Each domain has several
third-level categories, which will be used for all
down-stream tasks and model evaluation. We ran-
domly select 9 in-domain corpora to carry out ex-
periments. Table 2 summarizes the characteristics
of the selected 9 corpora, i.e., domain names, num-
bers of reviews and labels, the average text lengths,
and vocabulary sizes. The selected corpora are pre-
processed by eliminating stop-words and words
with frequency (in the total reviews from 9 do-
mains) lower than 15. Also, reviews with less than
20 words are removed.

Note that we choose the above dataset instead of
other datasets for lifelong topic modeling (Gupta
et al., 2020) since we focus on in-domain corpora
with rare overlaps, in which, documents share few
common information. For completeness, we also
shuffle these 7 training domains randomly and
show the results under different permutations in
Appendix E.

3http://snap.stanford.edu/data/
web-Amazon.html
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Domain Name #Docs #Labels Length Vocab

Safety Signs & Signals 11,298 8 32.12 16,090
Pet Behavior Center 7,450 5 43.34 14,301

SIM Cards & Prepaid Minutes 13,872 4 42.29 16,726
Horses 13,571 11 35.98 19,608
Video 10,088 5 76.35 23,196

Keyboards & MIDI 15,585 3 59.09 24,703
Characters & Series 16,663 6 67.77 35,393

Science Education 7,975 13 38.05 18,107
Cult Movies 15,252 13 83.25 47,668

Table 2: Dataset statistics.

4.2 Experimental Setting

We simulate an endless lifelong learning process
using the 9 corpora. Word-word relationships in
the knowledge graph are gradually accumulated on
the first 7 domains. With the help of this knowl-
edge graph, we conduct experiments on the last 2
domains and compare the model performance on
both lifelong topic modeling and domain-specific
word embedding learning.

We randomly select 5% reviews from “Cult
Movies (CM)” for validation. To build the knowl-
edge graph for the validation set, 5% reviews from
the first 7 corpora are sampled and reviews from
these 8 small-scale in-domain corpora also con-
struct a stream of document chunks. The idea
of grid search (Fayed and Atiya, 2019) is used
to select the best parameters for each metric. We
provide our hyperparameters search space for grid
search in Appendix F. The remaining 95% reviews
of the first 7 domains construct the training set. All
reviews from “Science Education (SE)” and the
remaining 95% documents from CM are used as
the testing set.

4.3 Baselines

For lifelong topic modeling, we compare our
method with the following baselines: LDA-
LTM4 (Chen and Liu, 2014b), NMF-LTM (Chen
et al., 2020b), and LNTM5 (Gupta et al., 2020).
For word embedding learning, we adopt Fast-
Text6 (Bojanowski et al., 2017), L-DEM (Xu et al.,
2018), SPINE7 (Subramanian et al., 2018), and
Word2Sense8 (Panigrahi et al., 2019). To the best
of our knowledge, L-DEM is the only work fo-
cuses on lifelong learning of domain-specific word
embedding. Following (Xu et al., 2018), we train

4https://github.com/czyuan/LTM
5https://github.com/pgcool/

Lifelong-Neural-Topic-Modeling
6https://github.com/bamtercelboo/

cw2vec
7https://github.com/harsh19/SPINE
8https://github.com/

abhishekpanigrahi1996/Word2Sense

other baselines in two ways for evaluation, i.e.,
only on the new in-domain corpus, and on the to-
tal document set by fusing the new corpus and all
corpora from the previous domains. We implement
NMF-LTM and L-DEM by Python according to the
original papers. For the sake of fairness, the param-
eters of all baselines9 are selected on the validation
set in the same experimental setting as LCM.

4.4 Evaluation Metrics

Suggested by (Lau et al., 2014; Chen and Liu,
2014a,b; Wang et al., 2016; Isonuma et al., 2020),
we use the normalized pointwise mutual informa-
tion (NPMI) (Aletras and Stevenson, 2013) score,
which closely matches human judgments, to mea-
sure the coherence of representative words of top-
ics generated by lifelong topic models. Follow-
ing (Chen et al., 2020b), top 20 words of each
topic are used for calculation. Considering that it
is important to discover discriminative topics, we
also adopt the topic uniqueness (TU) score (Nan
et al., 2019) to measure the diversity of topics. In
addition, the sparsity score of the document-topic
distribution (TS-U) and the topic-word distribution
(TS-V) proposed by Lin et al. (2019) is further used
to measure the topic sparsity quantitatively. Partic-
ularly, we use 1e-20 as the threshold to count the
number of zero values in document-topic and topic-
word distributions. Only values that are smaller
than 1e-20 can be set to zero. Although several
studies (Chang et al., 2009; Newman et al., 2010)
stated that the perplexity is unable to reflect the real
semantic coherence of topics and even negatively
correlated with human judgements, we show this
metric of each model for completeness.

As domain-specific dictionaries are relatively
small and meanwhile may contain some uncom-
mon words, it is inappropriate to evaluate domain-
specific word embeddings in traditional ways, e.g.,
calculating the word similarity. Following (Xu
et al., 2018), we build a down-stream text clas-
sification task to evaluate domain-specific word
embeddings generated by different models. The
two testing sets, i.e., SE and CM, are used for text
classification with their third-level categories as
classification labels. For each review, we use the
average embedding of all of the words as its fea-
ture vector to train a SVM classifier (Bayot and
Gonçalves, 2016; Qin and Wang, 2009). We use

9The search scope of each parameter that is different with
our method is obtained from the original papers.
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Method Science Education (SE) Cult Movies (CM)

NPMI↑ TU↑ TS-U↑ TS-V↑ Perplexity↓ NPMI↑ TU↑ TS-U↑ TS-V↑ Perplexity↓

LDA-LTM -0.0201 0.6620 0.0000 0.0000 9081.5853 0.0509 0.6060 0.0000 0.0000 14191.7899
LNTM -0.3855 0.3610 0.0000 0.0000 9031.3161 -0.2072 0.4160 0.0000 0.0000 14057.3928

NMF-LTM -0.0453 0.3940 0.2012 0.1725 8564.4900 0.0386 0.2660 0.1125 0.0099 10870.6600
LCM 0.0012 0.5940 0.7782 0.5526 8706.1200 0.0633 0.6340 0.6781 0.4466 13040.8700

Table 3: Performance comparison of lifelong topic models. For all metrics, “↓” after the metric indicates smaller
is better while “↑” indicates larger is better. The best performance on each measure is highlighted by boldface.

accuracy to evaluate the effectiveness of word em-
beddings on the down-stream text classification
task as in (Xu et al., 2018).

4.5 Result Comparison

4.5.1 Lifelong Topic Modeling

Table 3 shows the performance of different models
on the lifelong topic discovery task, from which
we can observe that LCM performs the best or the
second best on each measure.

For the baselines, NMF-LTM achieves the best
perplexity while almost the poorest TU. As men-
tioned in (Burkhardt and Kramer, 2019), there is a
tradeoff between perplexity and TU in some cases,
which means that models generating a lot of redun-
dant topics may have a meaningless low perplex-
ity. The reason of obtaining a low TU for NMF-
LTM may be that it enforces documents within the
same class would have more similar topic distri-
butions, which is unsuitable to handle in-domain
text streams since all documents in the in-domain
corpus come from one class. This also influences
its sparsity. For example, a document only has
non-zero values for 10 topics while another docu-
ment from the same class has non-zero values for
another 10 topics. To get similar, they may both
become non-zero for 20 topics. LNTM faces the
same problem because it does not constrain the
diversity among topics explicitly. The coherence
score of LNTM is also unsatisfactory. A possible
reason is that it treats word embeddings as topic
distributions of words, which deteriorates the local
semantic information captured by context word em-
beddings. LNTM entirely neglected the sparsity of
document-topic and topic-word distributions, thus
its TS-U and TS-V are zero.

LDA-LTM has a main difference with the other
models, i.e., it does not construct the in-domain
text stream based on time series, but fuses all of
the previous domains together and accumulates
the knowledge from this large corpus to help with
the current in-domain corpus. Even though it is
difficult to compare LDA-LTM with other lifelong

topic models fairly, our LCM performs better than
LDA-LTM in most cases, because we can exploit
the information from local context and subwords.

The qualitative analysis of topics generated by
these models is provided in Appendix G.

4.5.2 Word Embedding Learning
Figure 2 reports the accuracy of text classification
using word embeddings with different dimensions.
Note that sparse interpretable word embeddings
always perform better when the embedding dimen-
sion is relatively large (Murphy et al., 2012). LCM
performs the best in each testing set under each
dimension, although some baselines (i.e., FastText,
SPINE, and Word2Sense) are trained on the to-
tal 9 corpora and access more information with-
out considering time series. L-DEM cannot learn
high-quality embeddings because it needs a large
amount of in-domain corpora to train its meta-
learner, which is not accessible in most applica-
tions. Compared to FastText that incorporates sub-
word information, our word embeddings perform
better on classification in all cases. One possible
reason is that the global context provides LCM with
extra information. Two sparse word embedding
models, i.e., SPINE and Word2Sense, overempha-
size the sparsity while ignore the quality for down-
stream tasks. LCM balances well between sparsity
and quality with the help of global context and sub-
words. We evaluate sparsity and interpretability of
word embeddings in Appendix H.

For completeness, we also replace the SVM clas-
sifier with a neural network classifier (Chen et al.,
2020a) consisting of 3 fully-connected layers. The
results are shown in Appendix I.

4.5.3 Ablation Experiments
Take SE as an example, we report results of abla-
tion experiments on NPMI, TU, and Accuracy in
Table 4. “LCM-KGG”, “LCM-KGL”, and “LCM-
SG” represent LCM without the participation of
global context in KG, local context in KG, and sub-
words in SG, respectively. Deleting each part leads
to performance degradation, which validates the
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Figure 3: Analysis on catastrophic forgetting. The x-axis shows the names of domains. For each model, the bottom
line indicates metrics in the original lifelong learning process, while the top line shows the model performance with
the help of KG generated by 7 training sets and CM. The boxes with red and solid edges mark the better metric for
each model in each domain, while boxes filled in red with underlined values mark the best metric in each domain
among all models.

effectiveness of global context, local context, and
subwords. Compared to the subword information,
KG contributes more to topic discovery and the
local context information plays the most important
role in word embedding learning. We replace BPE
of SG with character n-gram features (Bojanowski
et al., 2017) in “LCM-SGBPE”, which indicates
the effectiveness of BPE on capturing subwords.

2/2/2021 dim_acc (1).svg

file:///C:/Users/xiaorui/Downloads/WeChat Files/wxid_yvzrwc13nbwl12/FileStorage/File/2021-02/dim_acc (1).svg 1/1

Figure 2: Classification performance comparison of
SVM classifiers with word embeddings generated by
different methods. Models marked with “total” are con-
ducted on the combination of 7 training sets and the
current testing set. W2S represents Word2Sense.

Method NPMI TU Accuracy
LCM-KGG -0.0099 0.5790 0.7283
LCM-KGL -0.0109 0.5740 0.7244
LCM-SG -0.0076 0.5810 0.7288

LCM-SGBPE -0.0123 0.5800 0.7314
LCM 0.0012 0.5940 0.7360

Table 4: Results of ablation experiments.

4.5.4 Analysis on Catastrophic Forgetting
Catastrophic Forgetting (Robins, 1995; Kirkpatrick
et al., 2017), which is a big challenge for lifelong
topic models, will not be a serious problem for
LCM. The learning process of LCM only accumu-
lates knowledge in KG, and the model is trained
on each in-domain corpus independently by fol-
lowing (Chen et al., 2020b). To further investigate
the ability of LCM in avoiding catastrophic for-
getting, we use the final updated KG after CM to
“go back” to help train the model on the 7 training

set one by one. As LDA-LTM does not construct
the in-domain text stream based on time series, we
only take NMF-LTM and LNTM for comparison.
In terms of NPMI and TU, Figure 3 shows that
LCM has the best ability to alleviate catastrophic
forgetting. For all domains, the latest KG will not
have a significant negative impact on LCM (i.e., the
catastrophic forgetting is limited), and sometimes
it even helps with the new task. For example, both
NMF-LTM and LCM achieve better NPMI scores
with the latest KG in “SIM Cards & Prepaid Min-
utes”. One possible reason is that later domains
provide valuable information through KG.

5 Conclusions

In this work, we propose a lifelong collabora-
tive model (LCM) for learning topics and domain-
specific word embeddings. LCM deals with the
new in-domain corpus by coordinating global and
local context information from previous domains,
and subword information from the current corpus.
A knowledge graph based on word-word relation-
ships is leveraged during the learning process. Ex-
periments on real-world in-domain text streams
demonstrated the superior performances of LCM.
In the future, we plan to incorporate contextualized
word representations into topic models (Bianchi
et al., 2020, 2021) for alleviating collapsing of
word senses and learning more coherent topics.
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Appendices
A Updating Rules for Ut,Vt, and Ct

First, we transform the objective function L as:

L = ‖Dt −UtVt‖2F +
∥∥Xt −BtC

T
t

∥∥2
F

+ λv ‖Vt‖1
+ λu1tr(U

T
t Ht−1Ut) + λu2

∥∥UT
t Ut − IK

∥∥2
F

+ λctr(C
T
t Ht−1Ct)

+ λb1tr(B
T
t NtBt) + λb2 ‖Bt‖1

=tr(DT
t Dt − 2DT

t UtVt + V T
t U

T
t UtVt)

+ tr(XT
t Xt − 2XT

t BtC
T
t +CtB

T
t BtC

T
t )

+ λvtr(1
TVt1)

+ λu1tr
(
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t diag(Wt−1 · 1)Ut

)

− λu1tr(UT
t Wt−1Ut)

+ λu2tr(U
T
t UtU

T
t Ut − 2UT

t Ut)

+ λctr
(
CT
t diag(Wt−1 · 1)Ct

)

− λctr(CT
t Wt−1Ct)

+ λb1tr
(
BT
t diag(St · 1)Bt

)

− λb1tr(BT
t StBt)

+ λb2tr(1
TBt1) + const.

Then, the updating rules for matricesUt,Vt, and
Ct can be derived as follows:

Ut ← Ut ◦
DtV

T
t + λu1Wt−1Ut + 2λu2Ut

UtVtV T
t + Z(Ut)

,

Vt ← Vt ◦
UT
t Dt

UT
t UtVt + λv

2 · 1 · 1T
,

Ct ← Ct ◦
XT
t Bt + λcWt−1Ct

CtBT
t Bt + λcdiag(Wt−1 · 1)Ct

.

In the above, Z(Ut) = λu1diag(Wt−1 · 1)Ut +
2λu2UtU

T
t Ut.

B Alternately Iterative Algorithm

The inference method of our LCM is shown in
Algorithm 1.

C Convergence Analysis

In this section, we analyze the convergence of Al-
gorithm 1.

Theorem C.1. Algorithm 1 is guaranteed to con-
verge to a locally-optimal solution.

Algorithm 1 Alternately Iterative Algorithm

Input:{DOCt}Tt=1(T can be infinite);
Output:{Ut}Tt=1, {Vt}Tt=1, {Ct}Tt=1, {Bt}Tt=1.

1. KG0 = ∅;
2. for t = 1, 2, 3, ..., T do
3. Randomly initialize non-negative matri-

ces U (0)
t , V (0)

t , C(0)
t ,B(0)

t ;
4. Construct St from SGt;
5. ConstructKt−1 from KGt−1;
6. Set the iteration number i to 0;
7. repeat
8. i = i+ 1;

9. Compute B
(i)
t , U (i)

t , V (i)
t , and

C
(i)
t ;

10. until convergence;
11. Compute KGt using Eq. (3).
12. end

First, we prove the convergence of the update
rule ofBt in Eq. (11).

Definition C.1. G(x, z) is an auxiliary function
for F (x) if the following conditions are satisfied.

G(x, z) ≥ F (x), G(x, x) = F (x).

Lemma C.1. If G is an auxiliary function, then F
is non-increasing under the following update rule:

xt+1 = argmin
x
G(x, xt). (12)

Proof.

F (xt+1) ≤ G(xt+1, xt) ≤ G(xt, xt) = F (xt).

If we could prove that the updating rule of Bt

confirms to Eq. (12) for an appropriate auxiliary
function, we would conclude thatBt converges to
a local minimum.

Lemma C.2. Let z = (Bt)ij > 0, G(x, z) is an
auxiliary function for F (z) = L ((Bt)ij = z).

G(x, z) =F (z) +
∂F (z)

∂z
(x− z) +

(x− z)2
z

(BtC
T
t Ct + λb1diag(St · 1)Bt

+
λb2
2
· 1 · 1T )ij .

Proof. Clearly, G(x, x) = F (x). Taylor expan-
sion of F (x) is:

F (x) = F (z)+
∂F (z)

∂z
(x−z)+1

2

∂2F (z)

∂z2
(x−z)2.
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In order to show G is an auxiliary function, we
have to show G(x, z) ≥ F (x):
(
BtC

T
t Ct + λb1diag(St · 1)Bt + λb2

2 · 1 · 1T
)
ij

z

≥ 1

2

∂2F (z)

∂z2
,

where ∂2F (z)
∂2z

= 2(CT
t Ct)jj + 2λb1(diag(St ·

1))ii − 2λb1(St)ii.
To prove the inequation, we first verify how the

inequality holds on the first term:

(BtC
T
t Ct)ij

(Bt)ij
=

1

(Bt)ij

∑

k

(Bt)ik(C
T
t Ct)kj

=
1

(Bt)ij

∑

k=j

(Bt)ik(C
T
t Ct)kj

+
1

(Bt)ij

∑

k 6=j
(Bt)ik(C

T
t Ct)kj

=
1

(Bt)ij
(Bt)ij(C

T
t Ct)jj

+
1

(Bt)ij

∑

k 6=j
(Bt)ik(C

T
t Ct)kj

≥(CT
t Ct)jj .

Similarly, we can get:

λb1 (diag(St · 1)Bt)ij ≥ λb1 (diag(St · 1))ii .

Since λb1, λb2, and each element in St are non-
negative, we have the above inequation. This estab-
lishes that G is an auxiliary function for F .

Proof. To show that Algorithm 1 converges (i.e.,
Theorem C.1), we need to show that update rule for
Bt follows Eq. (12). ∂G(x,z)

∂x is listed as follows:

∂G(x, z)

∂x
=(−2XtCt + 2BtC

T
t Ct

+ 2λb1diag(St · 1)Bt − 2λb1StBt

+ λb2 · 1 · 1T )ij

+
x− z
z
· 2(λb1diag(St · 1)Bt

+BtC
T
t Ct +

λb2
2
· 1 · 1T )ij .

Solving ∂G(x,z)
∂x = 0 for x, we get the update rule

as mentioned in Eq. (11). Since G is the auxiliary
function for F , the value of F is non-increasing.
We can prove the convergence of update rules for
Ut, Vt, and Ct similarly. Thus, Algorithm 1 is
guaranteed to converge to a local minimum.

D Time Complexity Analysis

In this section, we analyze the time complexity
of Algorithm 1. For updating matrices Bt, Ut,
Vt, and Ct, the time complexity of one iteration is
O((3E+1)M2+(2E2+3E)M),O((3E+1)M2+
(2E2 + 2E)M), O(MNK + 2M2K + 3MK2 +
NK2 +M2 + 2MK), and O(3KMN + 3KN),
respectively. Thus, the time complexity of each
iteration is O(4MNK + (6E + 3)M2 + (4E2 +
5E)M+2M2K+3MK2+NK2+2MK+3KN)
for our method, which spends an extra time cost of
O((6E+ 2)M2 + (4E2 + 5E)M − (2K + 1)N2)
to learn word embeddings when compared with
the previous NMF-based lifelong topic model, i.e.,
NMF-LTM (Chen et al., 2020b). Although the time
complexity is proportional to M , we can alleviate
the scalability issue simply. For example, ifM (i.e.,
the vocabulary) of a single domain is too large, we
can partition this domain into several small sub-
domain corpora. At each time, we only process
matrices of one sub-domain, and M of each small
sub-domain will not be too large.

As an illustration, it costs about 30 seconds per
iteration for training LCM based on a workstation
equipped with Intel(R) Xeon(R) CPU E5-2680 v3
@ 2.50 GHz, 8 cores and 128G memory. To achieve
convergence, LCM costs about 1 hour to updateBt,
Ut, Vt, andCt for all domains in order. NMF-LTM
costs about half an hour accordingly.

E Different Permutations of Training
Domains

We shuffle training domains randomly for 5 times,
and show the results under these different permuta-
tions in Table 5, which indicates that LCM is robust
to domain permutations.

F Search Space of Hyperparameters

Table 6 shows the search space of hyperparameters
for grid search in our LCM. To ensure a fair com-
parison with NMF-LTM (Chen et al., 2020b), topT
in LCM is set to 5. For each word, our knowledge
graph selects 5 most similar words from global and
local context information, respectively. In other
words, each word is connected to 10 similar words,
which is equivalent to NMF-LTM. Note that for the
topic number, we select 50 as topic numbers for
all evaluations of LCM after validation. For fair
comparison, we directly choose 50 as topic num-
bers for baselines and this is not a hyperparameter
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Permutation Science Education (SE) Cult Movies (CM)

NPMI↑ TU↑ Perplexity↓ Accuracy↑ NPMI↑ TU↑ Perplexity↓ Accuracy↑

1 -0.0072 0.5870 8708.0200 0.7207 0.0639 0.6340 13350.4800 0.8455
2 -0.0064 0.5840 8704.2400 0.7196 0.0570 0.6090 13420.5600 0.8461
3 -0.0106 0.5960 8701.5600 0.7196 0.0580 0.6170 13373.0800 0.8443
4 -0.0053 0.5880 8705.9500 0.7171 0.0524 0.6090 13369.4400 0.8467
5 -0.0013 0.5700 8744.0600 0.7135 0.0562 0.6030 13554.5300 0.8480

Table 5: Performance comparison of LCM within different permutations of the dataset. For all metrics, “↓” after
the metric indicates smaller is better while “↑” indicates larger is better.

Hyperparameter Search Space

λv [0.001]
λu2 [0.5]
λb2 [0.001, 0.1]

λu1, λc, λb1 [0.1, 1, 10]
topT [5]
η [0.1, 0.5, 1, 2, 10]

Rk, Rs [0.5, 0.6]
topic number [50, 200]

word embedding dimension [100, 300, 1500]
iterations [100, 200]

Table 6: Hyperparameters’ search space.

Hyperparameter NPMI TU Perplexity Accuracy

λv 0.001 0.001 0.001 0.001
λu2 0.5 0.5 0.5 0.5
λb2 0.001 0.1 0.1 0.1
λu1 10 10 10 0.1
λc 10 0.1 10 10
λb1 0.1 1 10 1
topT 5 5 5 5
η 1 1 2 1
Rk 0.5 0.5 0.6 0.5
Rs 0.6 0.6 0.6 0.5

topic number 50 50 50 50
word embedding dimension 1500 1500 1500 300

iterations 200 200 200 200

Table 7: Best hyperparameters on the validation set.

of baselines. We list the best hyperparameters on
the validation set for different metrics in Table 7.
We provide the search space of hyperparameters
for grid search in all of our baselines and their
corresponding best hyperparameters in our codes.

For hyperparameters, we first varied search
spaces for sensitive analysis and observed that
LCM was robust to most hyperparameters. Thus,
we used final search spaces in Table 6. For com-
pleteness, we also show the variances of results
under different hyperparameter values in Table 8.
Take some hyperparameters in CM as examples,
we vary each parameter when others are fixed,
and compute the variances of NPMI and Accu-
racy, which indicates that LCM is robust to most
hyperparameters.

G Qualitative Analysis of Topics

Following (Chen et al., 2020b), we map the topics
learned by LCM with ones by LDA-LTM (Chen
and Liu, 2014b), LNTM (Gupta et al., 2020), and
NMF-LTM (Chen et al., 2020b), respectively. Par-
ticularly, we represent each topic by its top 20

Hyperparameter Range Var-NPMI Var-Accuracy

λu1 [0.01, 0.1, 1, 10, 100] 1.28E-05 1.79E-05
λb1 [0.01, 0.1, 1, 10, 100] 2.71E-05 3.50E-03
λc [0.01, 0.1, 1, 10, 100] 9.32E-07 5.15E-06
Rk [0.3, 0.5, 0.6, 0.8] 6.57E-05 3.08E-05

iterations [50, 100, 200, 300] 1.28E-05 3.92E-05

Table 8: Variances of results.

words, and compute the cosine similarity between
every two topics. Take SE as an example, we ran-
domly show 3 topics, as listed in Table 9. Irrelevant
words are marked by italics.

LDA-LTM, NMF-LTM, and LCM learn topics
well in most cases. However, NMF-LTM captures
some high-frequency words (i.e., amazon, anatomy,
anatomical) in the corpus, which are not related to
the topic “Design and production of handicrafts”.
LDA-LTM also assigns an irrelevant word “print”
to the topic “Machinery and industrial manufactur-
ing technology”, and an irrelevant word “spring”
to the topic “Body structure and anatomy”.

The ability of LNTM in generating cohesive top-
ics is poor. It is noteworthy that the topics gener-
ated by LNTM seem not related to other models,
because we use cosine similarity to map topics. If
the cosine similarities are the same (for LNTM, it
is 0 sometimes), the topics with smaller IDs will
be chosen. For the sake of fairness, we also show a
relatively coherent topic generated by LNTM sep-
arately in Table 10. The result of LNTM is still
worse than other models, which contains 7 irrele-
vant words in the top 10 word list.

H Evaluating Interpretability

To evaluate the interpretability of our domain-
specific word embeddings, we follow (Murphy
et al., 2012) to show top 5 words for 5 randomly
chosen dimensions in word embeddings generated
from CM. Although there exists noisy words, the
dimensions are generally semantically coherent
and interpretable. We also choose one polyse-
mous word “cell” in SE to measure the ability of
our method in capturing the polysemous nature of
words. We select the two highest values of the word
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vector learned by our LCM for “cell”, and find top
5 words in these two dimensions. From Table 11,
we can observe that the two dimensions focus on
cells in biology and cell phones, which reflect the
two different meanings of “cell”.

ID LDA-LTM LNTM NMF-LTM LCM

Machinery and industrial manufacturing technology

1 bed deserved mm mm
2 mm clamped bed bed
3 axis mothers frame frame
4 screws crowds screws screws
5 screw players axis axis
6 belt suspiciously screw set
7 motor resolutions stepper screw
8 nuts wasps power stepper
9 print military wires lead
10 set collapses tape tape

Design and production of handicrafts

1 model deserved model brain
2 brain crowded brain paint
3 pieces mothers models models
4 models rider structures pieces
5 paint mutual anatomy structures
6 heart trends paint lines
7 motor wasp amazon budget
8 quality bloom detail detail
9 painted fumbling anatomical white

10 job habitat stand detailed

Body structure and anatomy

1 skull deserved skull skull
2 teeth crowded teeth teeth
3 jaw mothers anatomy anatomy
4 quality rider jaw jaw
5 size mutual bone mandible
6 top trends mandible foramen
7 spring wasp foramen bone
8 removable bloom detail detail
9 life fumbling skulls study
10 skulls habitat removable removable

Table 9: Qualitative analysis of topics. Top 10 words
are listed with irrelevant ones marked in italics.

ID LNTM

Music and instruments

1 tens
2 deserved
3 habitat
4 circuitry
5 guitars
6 mothers
7 headphones
8 piano
9 rider

10 foray

Table 10: Qualitative analysis of LNTM. Top 10 words
are listed with irrelevant ones marked in italics.

Top
Words

depleted constant drained dissolve exhausted
painted spray paint grease di
icing cake riffing esp wrapping
weed pot smoking smoke smoked

angora sweater dressing sweaters skirt
Close Words

for “cell”
cell sewn animal cells believes

phones cell games fascinating computers

Table 11: Examples of evaluating interpretability.

Table 12 shows the classification accuracy and
the sparsity (i.e., the proportion of zeros) of word
embeddings generated by different methods, where
the dimension is 1500. Compared with other mod-
els, our LCM generates domain-specific word em-

Method
Science Education Cult Movies

Accuracy Sparsity Accuracy Sparsity
SPINE 0.3080 0.9969 0.4332 0.9979

Word2Sense 0.7043 0.9920 0.7267 0.9920
LCM 0.7360 0.9438 0.8481 0.9099

Table 12: Classification accuracy and sparsity of word
embeddings generated by different methods.

beddings with a good balance between sparsity and
classification accuracy.

I Evaluating Word Embedding Learning
Models by Neural Networks

100d 300d 1500d
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0.4

0.5

0.6

0.7

SE

100d 300d 1500d

0.5

0.6

0.7

0.8

CM
FastText
FastText(total)
L-DEM
SPINE
SPINE(total)
W2S
W2S(total)
LCM

Word Embedding Dimension

Ac
cu

ra
cy

 fo
r C

la
ss

ifi
ca

tio
n

Figure 4: Classification performance comparison of
neural networks with word embeddings generated by
different methods.

To compare different word embedding learning
models comprehensively, we replace the SVM clas-
sifier with a neural network classifier consisting of
3 fully-connected layers. As shown in Figure 4,
LCM also performs the best in each testing set
under each dimension.
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Abstract

Interactive argument pair identification is es-
sential in the context of dialogical argumenta-
tion mining. Existing research treats it as a
problem of sentence matching and largely re-
lies on textual information to compute the sim-
ilarities. However, the interaction of opinions
usually involves the background of the topic
and requires reasoning of knowledge, which
is beyond textual information. In this paper,
we propose to leverage external knowledge to
enhance the identification of interactive argu-
ment pairs. We construct the argumentation
knowledge graph from the discussion thread
of the target topic in the online forum. The
interaction between the original argument and
the reply is then represented as the path of
concepts in the knowledge graph. In prac-
tice, we utilize Graph Convolutional Network
(GCN) to learn the concept representation in
the knowledge graph and use a Transformer-
based encoder to learn the representation of
paths. Finally, an information alignment net-
work is employed to capture the interaction
of textual information of conceptual informa-
tion (both entity-level and path-level). Exper-
iment results indicate that our model achieves
state-of-the-art performance in the benchmark
dataset. Further analysis demonstrates the ef-
fectiveness of our model for enforcing knowl-
edge reasoning through paths in the knowl-
edge graph.

1 Introduction

Argumentation Mining aims at analyzing the se-
mantic and logical structure of argumentative texts.
Existing research covers argument structure predic-
tion (Morio et al., 2020; Li et al., 2020), persua-
siveness evaluation (Al Khatib et al., 2020; El Baff
et al., 2020) and argument summarization (Bar-
Haim et al., 2020b,a). Most of them focus on mono-

∗Corresponding author.

Figure 1: Two instances of interactive argument pairs,
the related concepts are colored same, and the corre-
sponding knowledge is visualised in the right side.

logical context like student essays, public speeches,
etc., where only one participant is involved.

Online forums such as idebate1 and change-
myview2, enable people to exchange opinions on
some specific topics freely. The user generated
dataset of interactive arguments also motivates an-
other line of research for argumentation in dialog-
ical context (Asterhan and Schwarz, 2007). Ini-
tial researches in this filed focused on analyzing
the ChangeMyView data (Tan et al., 2016; Wei
et al., 2016) to summarize the key factors of per-
suasive arguments. Furthermore, Ji et al. (2019)
and Cheng et al. (2020) propose the task of identi-
fying and extracting interactive arguments. Ji et al.
(2019) formulate this task as a problem of sentence
pair scoring and computes the textual similarity

1https://idebate.org/
2https://www.reddit.com/r/

changemyview/
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between the two arguments as the result. Such task
is then further applied to other fields such as legal
domain. For instance, Yuan et al. (2021) organize
a challenge aimed to identify the interactive argu-
ments from the plaintiff and the defense in a legal
case. However, the interaction of argumentation is
beyond text matching.

Two sample pairs of interactive arguments are
shown in Figure 1. Both pairs of arguments share
a limited number of overlapping tokens and fail
existing models. We have two observations. Firstly,
background knowledge needs to be involved. In
the first sample, we need to know that ”Obama”
is the ”president”, and both ”John Boehner” and
”Nancy Pallosey” are the ”speaker of the house”
to understand the context. Secondly, knowledge
reasoning is necessary. In the second sample, the
relationship between ”global warming” and ”sea
level” is implied by a series of causal effects. Fur-
thermore, as is shown in the example, an effective
way of leveraging commonsense and causal effect
knowledge is to find the reasoning paths between
the concept entity pairs. Therefore, we argue that
retrieving and understanding the reasoning paths
should be incorporated for the identification of in-
teractive arguments.

In this paper, we propose to leverage external
knowledge to enhance the automatic identification
of interactive arguments via background knowl-
edge modeling and reasoning. We start with con-
structing an argumentation knowledge graph fol-
lowing (Khatib et al., 2020) based on the context of
the discussion. Then, we extract entities of each ar-
gument and link them with the external knowledge
graph to obtain the concept embedding as back-
ground knowledge. Besides, we generate paths
connecting each pair of entities and encode them
via a transformer encoder to enforce the reason-
ing. Finally, we integrate the entity embeddings,
path representations, and textual embedding via an
information alignment network to learn the final
representation of the argument pair and output a
real value as the matching score. We evaluate our
proposed model on a publicly available dataset and
experimental results show its effectiveness com-
pared to some state-of-the-art approaches. Further
analysis of the path encoding module reveals that
our model is able to perform knowledge reasoning
to some extent.

Statistics w/o. grounding w. grounding

# of nodes 291,199 291,199
# of edges 785,036 859,534

avg. degree 2.696 2.952
# of connected components 13,805 10,035

Table 1: Basic statistics on the argumentation graph
without and with concept grounding.

2 Argumentation Knowledge Graph
Construction

Data Source The experimental dataset (Ji et al.,
2019) in our research is constructed on top of the
CMV dataset (Tan et al., 2016). In order to pro-
vide external knowledge for the identification of
interactive arguments, we construct an argumenta-
tion knowledge graph based on the CMV dataset.
ChangeMyView (CMV) is an online forum where
users can either submit a post to elaborate their
own viewpoints and invite other users to convince
them of the opposite opinion or reply to others’
posts to change the poster’s original view. Tan
et al. (2016) crawled 20,626 discussion threads
with more than two posts from January 2013 to
September 2015. We first extract all the concept-
relation-concept triples (ehi , ri, e

t
i) in the ith entry

of the data source using Open Information Extrac-
tion (OpenIE). Our raw graph is thus G = (V,E),
where V = {ehi }ni=1 ∪ {eti}ni=1 and E = {ri}ni=1.
The raw knowledge graph contains 291,199 nodes
and 785,036 edges.

Concept Grounding In order to further improve
the quality of the knowledge graph, we conduct
concept grounding to align all the nodes that share
common conceptual meanings. Specifically, we
use WordNet and Wikipedia API TagMe (Ferragina
and Scaiella, 2010) in this process. If two concepts
ei, ej are synonyms or refer to the same entry on
Wikipedia, we add a new edge requal to the graph’s
edge setE. After concept grounding, the size of the
edge set E expands to 859,534 with the size of the
node-set V remained fixed. Some basic statistics
of the knowledge graph are as shown in Table 1.
It indicates that concept grounding increases the
number of edges in a large margin and alleviates
the problem of the sparsity of the original graph.

3 Proposed Model

Given an original argument q and its context cq,
and five candidate replies {ri}5i=1 with their cor-
responding contexts {ci}5i=1, the model needs to
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Figure 2: Illustration of the detailed architecture of our model to generate the matching feature vector, which
mainly consists of three modules, a Sentence Encoder, a Concept Encoder and an Information Alignment Network.
The output of these modules is then fed to a 2-layer perceptron to achieve the final matching score for the given
argument pair.

identify the correct reply for q. We score each can-
didate pair independently and choose the reply with
the highest score as the output. Moreover, in order
to enable our model to conduct a reasoning process,
we extract all the concept entities mentioned in
the contexts from both sides, and also the concept
paths that connect them. For simplicity, we will use
sentence pairs to refer to the quotation and reply
arguments and use concept pairs to refer to both
the entities and paths in the following sections.

The full architecture of our scoring model is
shown in Figure 2. It takes a sentence pair, and
the concept pair extracted from its corresponding
contexts as inputs and outputs a real value as its
matching score. Our model mainly consists of three
components, namely, sentence encoding, concept
encoding, and information alignment network. We
use a pre-trained language model, BERT, to learn
the argument pair representation (§3.1), and encode
the concept information from two levels, both en-
tity level and path level with graph networks (§3.2).
The information alignment network then integrates
the sentence pair encoding and the concept encod-
ing through a hierarchical attention mechanism to
obtain the full matching features (§3.3), which are
finally fed into a multi-layer perceptron (MLP) to
calculate the final matching score (§3.4).

3.1 Sentence Encoding

As for the quotation and reply arguments, it is crit-
ical to use the semantic information implied in
the texts. Various works have already proved the
outstanding performance of pre-trained models in
semantic modeling. In our work, we use the BERT
model to generate the encoding s for the given argu-
ment pair by simply creating a sentence that takes
the form of ”[CLS] q [SEP] r [SEP]” and taking the
embedding for the ”[CLS]” token, just as suggested
by previous works (Talmor et al., 2019).

3.2 Concept Encoding

For entities in the argumentation knowledge graph,
we need to obtain the representation for each node.
We use the BERT model with average pooling
to get the initial representation for each entity.
Then we encode the conceptual information in both
entity-level and path-level with graph networks to
enforce the background knowledge modeling and
reasoning.

3.2.1 Entity Level Representation

To utilize the structural information entailed in the
knowledge graph, we apply a 2-layer Graph Convo-
lutional Network (GCN) to it. Here we adopt GCN
as it has proved to be both effective and efficient in
merging the node’s neighbours’ information into
itself (Zhang et al., 2018).
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Formally, let X ∈ Rn×d representing the em-
bedding matrix for all n nodes, where each node’s
embedding is of size d. Denote D ∈ Rn×n as the
diagonal degree matrix and A ∈ Rn×n as the adja-
cency matrix of the graph G. Then the normalized
symmetric adjacency matrix of the graph G can be
calculated as:

Ã = D−
1
2AD−

1
2 (1)

By feeding the graph G into the 2-layer GCN,
the final graph representation L ∈ Rn×d can be
calculated as:

L = σ(Ãσ(ÃXW0)W1), (2)

where σ stands for the non-linear function (RELU),
and W0,W1 ∈ Rd×n are trainable parameters of
the network.

3.2.2 Path Level Representation
To further utilize the external knowledge, we want
to encode the concept path retrieved from the
knowledge graph, where a path starts from a con-
cept eq mentioned in the original post(i.e. quota-
tion) q, traverses through the neighbored concepts,
and finally ends at a concept er extracted from
the reply r. For each concept pair, we choose the
shortest path (if exists) between them as the path
connecting them.

We use the GCN output as the representation
for each node that appears in the path, hence we
can denote the path between the i-th concept in
q (cqi ) and the j-th concept (crj ) in r as Pij =

(cqi , c1, ...cmij−1, c
r
j) ∈ Rmij×d, where mij is the

the length of the path Pij .
Transformer (Vaswani et al., 2017) has been

shown powerful due to its self-attention mecha-
nism, thus, we choose it to encode the path we
collected from the knowledge graph. To underline
the influence of the sequence in each path, we add
the path’s embedding with positional embedding
PE. To sum up, our path encoder generates the
representation for each Pathij as:

pij = Transformer Encoder(Pij + PE). (3)

The output is finally fed to a fully-connected layer
to fit into the size of d.

3.3 Information Alignment Network
We then align the semantic information and the con-
ceptual information through a hierarchical attention
mechanism, i.e. a text-guided attention network for
paths and a path-guided attention network for enti-
ties.

3.3.1 Text-guided Attention over Paths
Note that for the given argument pair and their con-
texts, we already have all the paths’ encoding from
previous modules. We first use attention between
the k-th paths pk and semantic vector s to integrate
the encoding for all the paths g:

αk = sW2pk, (4)

α̂ = SoftMax(α), (5)

g =
∑

k

α̂kpk, (6)

where W2 is a parameter matrix to be learned, α
and α̂ stands for the unnormalized and normalized
attention weights.

3.3.2 Path-guided Attention over Concepts
Obtaining the full paths’ representation g, we can
further aggregate all the concepts’ encoding {ei}
of both sides using attention between them and g
to generate the final representation of concepts cq

and cr:

βsi = gW s
3 e
s
i , (7)

β̂s = SoftMax(βs), (8)

cs =
∑

i

β̂ie
s
i , (9)

where the subscript s ∈ {q, r} indicates whether
the concepts are from quotation or reply, W q

3 and
W r

3 are parameters matrix to be learned, while β̂q

and β̂r stand for the attention weights.

3.4 Matching Scoring
Eventually, we concatenate the textual information
s, the reasoning paths information g and the con-
cepts information cq, cr as the final feature and feed
it to 2-layer perceptron to generate the matching
score S of the given argument pair:

f = [s; g; cq; cr], (10)

S = σ(WSf + bS), (11)

where σ refers to the the rectified linear activation
function (ReLU), WS and bS represent the weight
vector and the bias respectively.

After obtaining the matching score for each ar-
gument pair, we treat the task as a sentence pair
ranking problem, and use MarginRankingLoss for
training:

L =
4∑

i=1

max(0, γ −S(q, r+) +S(q, r−i )), (12)
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where S(q, r+) refers to the matching score of the
positive argument pair while S(q, r−i ) refers to the
matching score of the i-th negative argument pair,
and γ is the margin hyperparameter.

4 Experiments

In this section, we will introduce the dataset, the
evaluation metrics, comparative models and exper-
iment results.

4.1 Experiment Setup

Experimental Dataset We use the dataset con-
structed in (Ji et al., 2019) for evaluation. The
authors find that in the ChangeMyView dataset
(Tan et al., 2016), there exist replies that quote sen-
tences from the original post. They extract all these
quotation-reply pair q, r from posts in Change-
MyView dataset (Tan et al., 2016). For every in-
teractive argument pair, they randomly sample four
negative replies {rnegi }4i=1 along with their con-
texts {cnegi }4i=1 from the same discussion thread.
It contains 11,565 and 1,481 instances in training
set and test set respectively. Furthermore, we ran-
domly split 10% of the training set as validation
set.

Implementation Details The output dimensions
for the two layers in GCN are 256 and 128 re-
spectively, the path transformer encoder we use is
stacked by 6 encoder layers. The margin γ used in
MarginRankingLoss is set to 0.5. Dropout is used
as 0.1 to avoid overfitting. We use Adam as our
optimizer with a learning rate set to 5× 10−6 and
weight decay set to 5×10−6. We run our model for
100 epochs with early stop (Caruana et al., 2000).

Models for comparison We compare the perfor-
mance of some state-of-the-art models.

- BiGRU: This method uses a Bidirectional GRU
to encode the quotation and the reply argument
separately and integrates their representations
into a multilayer perceptron (MLP) to get the
matching score.

- VAE : This method uses variational auto encoder
through an encoder-decoder based architecture
to get the encoding of the arguments and utilizes
MLP for scoring.

- DVAE (Rolfe, 2017): This method substitutes
the above VAE module with a discrete variational
auto encoder and adopts the former framework.

- BERT (Devlin et al., 2019): This method fine-
tunes the pre-trained BERT model for sentence-
pair classification. Note that this model is not
only a baseline model but also a sub-module of
our proposed model.

Note that the above models only utilize the sen-
tences of q and r, we also extend these models to
incorporate context information.

- RNN Context: This method uses another Bi-
GRU module to encode the context information
of each argument and concatenate it with the ar-
gument representation to get the final features.

- Hierarchical Context (Ji et al., 2019): This
method uses a token-level CNN with an attention
mechanism to achieve the sentence-level infor-
mation and then integrates such sentence repre-
sentation with a BiGRU layer to obtain the final
context encoding.

4.2 Overall Performance
We report both precision at one(P@1) and mean
reciprocal rank (MRR) for evaluation. The perfor-
mance of all the baseline models and our proposed
model is as listed in Table 2. We have the following
findings.

- Among all the context-agnostic baseline mod-
els, the BERT model achieves the highest per-
formance, and it even defeats all other models
that utilize the context information, indicating
that such pre-trained language model does better
encode the semantic information entailed in the
texts.

- Incorporating context information is crucial for
identifying interactive argument pairs, as is
proved by the fact that all the context-aware
models significantly outperform their counterpart
baseline models.

- In comparison with all the context encoding
methods, hierarchical context modeling outper-
forms the RNN method. Our method outperforms
the hierarchical method, which proves the effec-
tiveness of our model.

4.3 Ablation Study
The results of the ablation study are shown in the
Table 3. We can find that the Path Transformer
contributes greatly to the whole framework since
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P@1(%) MRR(%)
Methods Dev Set Test Set Dev Set Test Set
Random Guess 20 20 45.67 45.67
BiGRU 65.92 51.52 75.22 70.57
BiGRU+RNN Context 69.29 55.98 80.51 73.20
BiGRU+Hierarchical Context 70.93 57.46 82.47 73.72
VAE+Hierarchical Context 71.28 58.61 83.82 74.66
DVAE+Hierarchical Context∗ 73.70 61.17 85.14 76.16
BERT 73.18 61.85 84.69 76.57
BERT+Hierarchical Context 76.81 66.85 86.38 78.51
Ours 78.33 68.75 87.43 80.85

Table 2: Performance comparison for all the models on the development dataset and the test dataset, where the
sign ’*’ represents the former state-of-the-art model. The best result on the test set is in bold

Model P@1 MRR
Sentence + Concept + Align 68.75 80.85
: BiGRU as Path Encoder 67.12 79.46
: w/o Alignment Layer 65.48 79.39
: w/o Path Transformer 64.41 77.41
: w/o Concept Encoder 61.85 76.57
: w/o Sentence Encoder 51.96 68.83

Table 3: Ablation study on our proposed framework.

the model’s performance drops by over 4% in P@1.
This shows that besides the textual features and
the concepts that directly appear in the argument,
the concepts that emerge in the reasoning path are
also important when considering whether two argu-
ments have interactive relations.

5 Further Analyses

We conduct some further analyses to have a deeper
understanding of the working mechanism of con-
cept paths. Besides, we present an error analysis
and a case study.

5.1 Analysis on Reasoning Path
Without ambiguity, we use positive paths and nega-
tive paths to refer to the paths that connecting the
concepts in positive argument pair samples and the
ones in the negative samples.

Connectivity between concept pairs First, we
calculate the connectivity between each concept
pair, and the results are as shown in Figure 3(a). In
all the concept pairs of the two sides, the ones from
a positive argument pair have a probability of 54%
to form a reasoning path while the ones from a neg-
ative sample only have 41%, which conforms with

the fact that an interactive argument pair mainly
talk about the same topic or subject.

Path length distribution We present the distri-
bution of the length of concept paths in Figure 3(b).
The vast majority of the path lengths lie in the
range from 3 to 4, while the lengths of the positive
paths are generally shorter than those of the nega-
tive paths. We owe such a difference in the average
length to the fact that, in positive argument pairs,
the replies tend to directly use the concepts men-
tioned in the quotation (the reasoning path between
such concept pair is hence 1). Another interpreta-
tion for the shorter average length in positive pairs
is that the longer the reasoning path is, the more
likely it is to become an off-topic or off-subject
reply.

Path relations We further analyze the types of
concept paths generated by investigating the rela-
tions appearing in the path. As discussed in the
Introduction(§1), there are mainly two types of ex-
ternal knowledge needed to handle the interactive
argument pair identification task, namely the com-
monsense knowledge and the causal effect knowl-
edge. Hence, we would like to see how much pro-
portion of these two types of knowledge occurs
in the reasoning paths respectively. For common
sense knowledge, we pick out the relations that con-
tain the be verbs and their variants, assuming such
words indicate the relation of equivalence. And as
for the causal effect relations, we use a set of lexical
indicators from +/-EffectWordNet (Choi and Wiebe,
2014), ConnotationWordNet (Kang et al., 2014)
and Connotation Frames (Rashkin et al., 2016).
These lexicons all evaluate the causal effect of a
given predicate. The distribution of relations under
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(a) The existence of reasoning paths between every concept pair
in the contexts of the quotation and the reply.

(b) The distribution of path length in the positive argument
pair samples and in the negative samples.

(c) The distribution of path relations in all the reasoning paths. (d) The impact of different paths filtered by the path length
on P@1.

Figure 3: The results of our further analysis on the reasoning paths.

such criterion is as shown in the Figure 3(c), from
which we can find that near 40% of the relations
belong to the common sense knowledge while 44%
of the relations are of causal effect relations (31%
for the positive effect and 13% for the negative
effect).

Impact of path length on model performance
We show the influence of the length of the path on
the performance of the model in Figure 3(d). We
set a threshold on the length of the path to filter
concept paths used in the model. From the results,
we can find that our model’s performance improves
significantly when the threshold is set from 3 to
4, in which most path lengths are distributed. The
performance decreases when the path length is set
to 5 and 6, which means it includes some noise and
hurts the performance.

5.2 Error Analysis

For the instances that our model fails to predict the
interactivity, we find that the problems are mainly

two-fold:

- Concept level: For some of the failed cases, we
find that around 37% of them contain at least one
reply from which no concepts can be extracted,
which blocks our path-finding based reasoning
process. It is also the reason why our model’s
performance in the ablation study is lowest when
removing the semantic information (i.e. BERT
encoding).

- Semantic level: Some other failed cases share
the common features that the reply does not refer
to the specific term mentioned in the quotation,
but gives out a more general rebuttal, e.g. [quo-
tation] If the president is either killed or resigns,
the vice president is a horrible choice to take over
the office. [reply] Seriously, stop this hyperbole.
Our model cannot effectively distinguish the in-
teractivity between them, as the reply is short and
has entirely no overlapping with the quotation.
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Figure 4: Case study of an instance from the test set. Our model successfully chooses the correct reply argument
from the given candidates while the BERT model gives the wrong answer. Note that the concepts and the paths are
all sorted from top to bottom in terms of hierarchical attention weights.

5.3 Case study

A case study is as shown in Figure 4, where the
negative reply is selected by BERT baseline. It
shows that although the quotation and the negative
reply share a common concept, quality of life, our
model successfully figures out the interactive reply
argument through the reasoning paths between the
concepts from the two sides. All the concepts and
the paths in the figure are arranged from top to bot-
tom according to their respective attention weights.
We can find that upper paths are actually highly
related to the reasoning process of humans, and
the irrelevant concepts such as worker productiv-
ity will automatically diminish by our hierarchical
attention alignment.

6 Related Work

Dialogical argumentation mining As men-
tioned in Introduction(§1), our work mainly focus
on dialogical argumentation mining. Among re-
cent researches in this aspect, El Baff et al. (2020)
compare content- and style-oriented classifiers on
editorials to explore the effect of the writing style
of editorials to the audience of different parties; Ji
et al. (2019) propose the task of identifying inter-
active argument pairs in online debate forum such
as ChangeMyView (CMV). Cheng et al. (2020)
collects the text data from peer review and rebut-
tal process to mine the argumentative relationship
entailed in such discussion; Khatib et al. (2020)
constructs a monological argumentation graph by

extracting knowledge from Debatepedia.org and
use human annotation to further improve the qual-
ity of their knowledge graph. Our work obtains
inspiration from the construction of Al-Khatib’s
knowledge graph, but adapting their method to the
dialogical debating forum settings, and removing
the human annotation stage to obtain an automati-
cally generated knowledge graph.

Leveraging external knowledge in NLU Our
work also lies in the general context of using ex-
ternal knowledge to encode sentences and para-
graphs. Yang and Mitchell (2017) are among the
first researches that retrieve the related entities in
the external knowledge base and merge them into
an LSTM encoder. Afterward, Weissenborn et al.
(2017), Mihaylov and Frank (2018) and Zhang et al.
(2020) mainly follows the main idea of the work
to incorporate external word-level lexical knowl-
edge to enhance the sentence embedding. More-
over, Lin et al. (2019) propose a knowledge-aware
network(KagNet) that utilizes that graph knowl-
edge from ConceptNet to answer the commonsense
questions. Compared with these methods, our work
utilizes conceptual information from dialogical ar-
gumentation lexicons and conducts a reasoning pro-
cess resembling human beings, which is then en-
coded by a path transformer, and finally aligned
with the semantic information through a hierarchi-
cal attention mechanism.
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7 Conclusion and Future Work

We propose a framework that imitates human’s rea-
soning process in debating. Practically, we first
construct a dialogical argumentation knowledge
graph from the online debating forum Change-
MyView, by using an automatic OpenIE toolkit
and conducting concept grounding with lexical re-
sources and Wikipedia API. Then we use a path-
based graph model to encode the concepts and the
reasoning path between concepts from two sides of
a debate and align the conceptual information with
the semantic information obtained implicitly by
pre-trained language model BERT. Experiments on
interactive argument pair identification task show
that our model can leverage the external knowledge
in both effective and transparent way.
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Abstract

Multi-target stance detection aims to identify
the stance taken toward a pair of different tar-
gets from the same text, and typically, there
are multiple target pairs per dataset. Existing
works generally train one model for each target
pair. However, they fail to learn target-specific
representations and are prone to overfitting. In
this paper, we propose a new training strategy
under the multi-task learning setting by train-
ing one model on all target pairs, which helps
the model learn more universal representations
and alleviate overfitting. Moreover, in order to
extract more accurate target-specific represen-
tations, we propose a multi-task learning net-
work which can jointly train our model with a
stance (dis)agreement detection task that is de-
signed to identify agreement and disagreement
between stances in paired texts. Experimental
results demonstrate that our proposed model
outperforms the best-performing baseline by
12.39% in macro-averaged F1-score. Our re-
sources are publicly available on GitHub.1

1 Introduction

Nowadays, people often take to social media to
express their stances toward specific targets (e.g.,
various political figures). These stances in an aggre-
gate can provide valuable information for obtaining
insight into important events such as presidential
elections. The common stance detection task is to
determine from a piece of text whether the author
of the text is in favor of, neutral or against to a
specific target, which can be categorized as single-
target stance detection (STSD) (Mohammad et al.,
2016; Küçük and Can, 2020; ALDayel and Magdy,
2021). More recently, since people often comment
on multiple target entities in the same text, a more
challenging task, i.e., multi-target stance detection
(MTSD), was designed to test whether a model can

1https://github.com/chuchun8/MTSD

Tweet: #Trump2016 can beat #HillaryClinton as he is easily 
beating #JebBush ;)  People R sick and tired of career 
politicians.

Target 1:

Target 2:

Stance 1:

Stance 2:

Donald Trump

Hillary Clinton

FAVOR

AGAINST

Figure 1: An example of multi-target stance detection.
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Figure 2: The left figure represents the previous “Ad-
hoc” training setting in which a model is trained only
on a target pair. The right figure represents the pro-
posed “Merged” training setting in which the model is
trained on all target pairs.

accurately predict the stance toward multiple tar-
gets in the same text (Sobhani et al., 2017). For
example, for the tweet in Figure 1, the author aims
at expressing stance toward two targets, Donald
Trump and Hillary Clinton, implied by the pres-
ence of the words “beat” and “career politicians”.

Problem statement. Given a sentence x =
[w1, w2, t1, w3, ..., wl−1, t2, wl], where t1 and t2
are targets, and wi, i = 1, ..., l, denotes a non-
target word, the goal of MTSD is to classify the
stance toward these targets into one of the three
classes: {FAVOR, AGAINST, NONE}.

Previous work focused on a per-target-pair train-
ing strategy, which aims to train one model for
each target pair and evaluate it on the test data
corresponding to that target-pair (which we call
“Ad-hoc” training). The framework is illustrated in
Figure 2(a). However, the model is more likely to
make predictions based on specific words without
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fully considering the target information, and hence,
to overfit in the “Ad-hoc” training setting. To ad-
dress this, as shown in Figure 2(b), we propose a
“Merged” training strategy by training one model
on data from all target pairs, which helps the model
learn more universal representations on the whole
dataset and alleviate overfitting. Furthermore, in
order to extract more accurate target-specific rep-
resentations, we propose a multi-task learning net-
work which is able to jointly train our model with
a stance (dis)agreement detection task that is de-
signed to identify agreement and disagreement be-
tween stances expressed in paired-target sentences.
Results show that the proposed “Merged” training
setting together with identifying whether the author
expresses the same stance toward two targets are
beneficial to the MTSD.

Our contributions include: 1) We propose a
“Merged” training strategy for MTSD and show that
models fine-tuned on the pre-trained BERTweet
(Nguyen et al., 2020) perform substantially better
than strong baselines. Meanwhile, the decrease in
performance can be widely observed in baseline
results when using the “Merged” training strategy,
making it a more challenging evaluation for MTSD;
2) We propose a multi-task learning network which
considers the stance (dis)agreement detection task
as an auxiliary task to further improve the perfor-
mance of our proposed model; 3) Our proposed
model outperforms the best-performing baseline by
12.39% in macro-averaged F1-score.

2 Related Work

Sobhani et al. (2017) introduced the MTSD task
and presented the first dataset. They also proposed
an attention-based encoder-decoder (Seq2Seq)
model that predicts stance labels by focusing on im-
portant parts of a tweet. Wei et al. (2018a) proposed
a dynamic memory network for detecting stance.
First, target-specific attention is extracted for each
target. Then, a shared external memory module that
maintains useful information for targets is dynami-
cally updated. This model achieves state-of-the-art
performance on the multi-target stance dataset of
Sobhani et al. (2017). We used the above two works
as strong baselines for our evaluation.

Sobhani et al. (2017) and Wei et al. (2018a) deal
with MTSD by training one model for each target
pair and the model predicts the stance toward two
targets simultaneously. However, we can also solve
this task by treating it as a special case of single-

target stance detection (STSD). Instead of training
a model that receives two targets and a sentence as
an input, we train two STSD models that receive
one target and a sentence as an input, on each target
pair. For the example in Figure 1, we train one
STSD model for target “Donald Trump” and train
another model for “Hillary Clinton” in a STSD
manner.

Previous studies on STSD often employ fea-
ture engineering (Sobhani et al., 2016; Mohammad
et al., 2016), Convolutional Neural Network (CNN)
(Vijayaraghavan et al., 2016; Wei et al., 2016) and
Recurrent Neural Network (RNN) (Zarrella and
Marsh, 2016) to predict the stance for a given tar-
get. One of the major limitations is that they do
not consider the target information. To address this,
Augenstein et al. (2016) proposed a conditional
BiLSTM encoder that learns tweet representations
conditioned on the respective target. More recently,
inspired by the attention mechanism (Bahdanau
et al., 2015), various target-specific attention-based
approaches (Du et al., 2017; Sun et al., 2018; Wei
et al., 2018b; Li and Caragea, 2019, 2021) have
been proposed to connect the target with the sen-
tence representation, which is similar to aspect-
based sentiment analysis (Hazarika et al., 2018;
Majumder et al., 2018; Lin et al., 2019; Song et al.,
2019). We compare the baseline models of STSD
and MTSD with our proposed model in §4.4 using
both “Ad-hoc” and “Merged” settings.

3 Approach

Previous work focused on an “Ad-hoc” training
strategy, which fails to explore the potential of
the training data and is unable to learn universal
representations of targets. Moreover, we observe
that STSD models that do not consider target infor-
mation can still perform well on the multi-target
dataset, which makes MTSD easier. Therefore,
in order to learn more universal representations
and better evaluate the performance of models on
MTSD, we propose a “Merged” training strategy
by training one model on all target pairs. More
specifically, the model is trained on training data
combined from all target pairs, and tested on each
target pair separately to be compared with the re-
sults of the “Ad-hoc” strategy. Our proposed train-
ing strategy can be considered as a multi-task learn-
ing approach that helps the pre-trained language
models to learn more generalized text representa-
tions by sharing the domain-specific information
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Figure 3: Model architecture.

across the related target pairs.
BERTweet (Nguyen et al., 2020) is a large-

scale language model pre-trained on 850M tweets.
BERTweet follows the training procedure of
RoBERTa (Liu et al., 2019) and uses the same
model configuration with BERT-base (Devlin et al.,
2019). We fine-tune the pre-trained BERTweet on
the multi-target dataset. The model architecture is
shown in Figure 3. Given an input data x and a
target t (t is either target 1 or target 2 in Figure 1),
we formulate the input as a sequence s = [[CLS]
t [SEP ] x] where [CLS] encodes the sentence
representation and [SEP ] is used to separate the
target t and sentence x. We utilize the [CLS] token
h[CLS] to get the prediction p̂1 toward target t.

In order to learn better target-specific representa-
tions, we propose a multi-task learning network
that can jointly train our model with a stance
(dis)agreement detection task, which is a binary
classification task where the label is 1 when the
author expresses the same stance toward two tar-
gets (e.g., “FAVOR” and “FAVOR”) and 0 oth-
erwise (e.g., “FAVOR” and “AGAINST”). More
specifically, given an input data x and two targets
t1 and t2, we formulate the inputs as [[CLS] t1
[SEP ] x] and [[CLS] t2 [SEP ] x]. Then we lever-
age the representations of [CLS] token of two se-
quences to detect whether the author of the text
expresses the same stance toward two targets. The
(dis)agreement class probability p̂2 can be com-
puted as follows:

p̂2 = softmax(W2f(W1[h[CLS]1;h[CLS]2]

+ b1) + b2)

Target Pair Total Train Dev Test
Trump-Clinton 1,722 1,240 177 355
Trump-Cruz 1,317 922 132 263
Clinton-Sanders 1,366 957 137 272
Total 4,455 3,119 446 890

Table 1: Distribution of instances in our dataset.

where W1 ∈ Rdh∗2dh , W2 ∈ R2∗dh , b1 ∈ Rdh , b2
∈ R2, dh is the size of the hidden dimension, f is
an activation function, semicolon denotes vector
concatenation. Note that the main task is to identify
the stance toward target t1. The target t2 is only
used in auxiliary task. Similarly, we predict the
stance toward target t2 in main task where t1 is
only used in auxiliary task.

Let D be a labeled training dataset and Dj be
a mini-batch for the MTSD, and let y1 and y2
denote the true labels for stance detection task
and (dis)agreement task, respectively. The cross-
entropy loss is used to train the model. Let L1

and L2 be the loss of stance detection task and
(dis)agreement task, respectively. Then the final
loss is:

L =
∑

i∈Dj
L1(y

i
1, p̂

i
1) + α

∑

i∈Dj
L2(y

i
2, p̂

i
2)

where i is the index of a data sample and α is a
hyper-parameter to account for the importance of
the auxiliary task. α is set to 0.5 in our experiments.

4 Experiments

4.1 Dataset

To test the performance of our proposed model, we
use the multi-target stance dataset (Sobhani et al.,
2017) of tweets annotated with stance labels with
respect to two targets. This dataset contains three
different target pairs: Donald Trump and Hillary
Clinton, Donald Trump and Ted Cruz, Hillary Clin-
ton and Bernie Sanders. Table 1 provides dataset
statistics. Each tweet has two stance labels con-
cerning two targets and each label has one of the
values: “FAVOR”, “AGAINST” or “NONE”.

4.2 Evaluation Metrics

F pavg and macro-average of F1-score (Fmacro) are
adopted to evaluate the performance of our baseline
models. First, the F1-score of label “Favor” and
“Against” is calculated as follows:

Ffavor =
2PfavorRfavor
Pfavor +Rfavor
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Fagainst =
2PagainstRagainst
Pagainst +Ragainst

where P and R are precision and recall, respectively.
After that, the Favg is calculated as:

Favg =
Ffavor + Fagainst

2

For each target pair, we compute the Favg for each
target and use the F pavg, which is calculated as the
average of Favg on two targets, as our evaluation
metric. Moreover, we get Fmacro by averaging
F pavg on all target pairs.

4.3 Baseline Methods
First, we compare the proposed model with the
following baselines from STSD.

BiLSTM (Schuster and Paliwal, 1997): A BiL-
STM model that takes sentences as inputs without
considering the target information.

CNN (Kim, 2014): The vanilla CNN that has the
same input format with BiLSTM. Similarly, target
information is not considered in this model.

TAN (Du et al., 2017): TAN is an attention-based
LSTM that extracts target specific features.

BiCE (Augenstein et al., 2016): A BiLSTM
model that uses conditional encoding for stance
detection. The target information is first encoded
by using a BiLSTM and the tweet is then encoded
by another BiLSTM, whose state is initialised with
the hidden representation of the target.

GCAE (Xue and Li, 2018): A model that is
based on CNNs and gating mechanism, which is
designed to block target-unrelated information.

PGCNN (Huang and Carley, 2018): Similar to
GCAE, PGCNN is based on gated convolutional
networks and encodes target information by gener-
ating target-sensitive filters.

The second group contains baselines from MTSD.

Seq2Seq (Sobhani et al., 2017): An attention-
based encoder-decoder model that generates stance
labels according to different parts of a tweet.

DMAN (Wei et al., 2018a): Using attention and
memory modules to extract important information
for detecting stance.

We compare the baselines of STSD and MTSD
with our proposed models.

Model Tr-Cl Tr-Cr Cl-Sa Fmacro

Merged
BiLSTM 43.33 47.51 41.86 44.24
CNN 43.22 49.21 41.22 44.55
GCAE 59.07 54.28 56.13 56.49
PGCNN 59.18 54.62 50.59 54.80
TAN 43.88 50.46 45.63 46.66
BiCE 53.73 51.00 45.84 50.19
DMAN 57.43 52.62 53.87 54.64
BERTweet 67.38† 70.30† 65.64† 67.77
BERTweet-A 69.22†‡ 70.73† 69.00†‡ 69.65

Ad-hoc
BiLSTM 58.16 52.75 52.67 54.52
CNN 59.75 55.68 56.13 57.19
GCAE 59.78 56.07 55.92 57.26
PGCNN 56.99 54.19 55.05 55.41
TAN 58.33 54.32 53.16 55.27
BiCE 58.67 53.77 51.87 54.77
Seq2Seq 56.60∗ 53.12∗ 54.72∗ 54.81∗

DMAN 60.05 54.27 52.57 55.63
BERTweet 64.29† 56.44 57.80† 59.51
BERTweet-A 65.55† 57.96† 58.17† 60.56

Table 2: Comparison with the baselines on the multi-
target stance dataset (%). ∗: the result is from the
original paper. †: the proposed models improve the
best baseline at p < 0.05 with two-tailed t-test. ‡: the
BERTweet-A improves the BERTweet at p < 0.05 with
two-tailed t-test. Fmacro is the average of all target
pairs. Bold scores are best overall.

BERTweet We fine-tune the BERTweet model
using “Merged” and “Ad-hoc” training strategies.
The pre-trained BERTweet model is fine-tuned un-
der the PyTorch framework. When fine-tuning, the
batch size is 32 and maximum sequence length is
128. We use AdamW optimizer (Loshchilov and
Hutter, 2019) and the learning rate is 2e-5.

BERTweet-A BERTweet is further improved by
joint training with another stance detection task
that identifies agreement and disagreement between
stances in “Merged” and “Ad-hoc” training set-
tings.

4.4 Results and Analysis
Main Results Table 2 shows the results of the
comparison of our proposed models with the base-
lines mentioned above by using the proposed train-
ing strategy “Merged” and the “Ad-hoc” training
strategy. We make the following observations.

First, the performance of baseline models that per-
form well in the “Ad-hoc” training setting drops
heavily in our proposed “Merged” setting, espe-
cially for the BiLSTM and CNN. Specifically, the
Fmacro of BiLSTM and CNN drops by 10.28% and
12.64%, respectively. The results indicate that base-
line models overfit the training data quite heavily
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Model Donald Trump
BERTweet-adhoc 46.75
BERTweet-merged 52.51†

Table 3: Performance comparison of models on the tar-
get “Donald Trump” of SemEval 2016 stance dataset
(%). †: the proposed BERTweet-merged improves the
BERTweet-adhoc at p < 0.05 with two-tailed t-test.
Bold scores are best overall.

and our proposed “Merged” training strategy can
serve as a better evaluation method to test whether
the model learns target-specific features.

Second, different from other baselines suffering
significant performance drops, BERTweet per-
forms better in the “Merged” setting. Training
all target pairs improves the Fmacro of BERTweet
from 59.51% to 67.77%, which demonstrates that
BERTweet learns more universal representations
with respect to targets by leveraging the data of
multiple target pairs. Moreover, joint training with
stance (dis)agreement detection task further im-
proves the Fmacro of BERTweet from 67.77% to
69.65% in the “Merged” setting. Similarly, in the
“Ad-hoc” setting, the Fmacro of BERTweet is im-
proved from 59.51% to 60.56%, indicating that this
auxiliary task is beneficial to the MTSD in both
settings and helps the model put more attention on
the target-related words.

Third, BERTweet-A of the “Merged” setting signif-
icantly outperforms the best-performing baseline
by 12.39% in Fmacro, showing the effectiveness of
the proposed model.

Generalization Analysis To test the generaliza-
tion ability of the BERTweet of the “Merged”
setting (which we call BERTweet-merged), we
train and validate the BERTweet-merged with-
out auxiliary agreement task on the whole multi-
target dataset and test it on the target “Donald
Trump” of SemEval 2016 dataset (Mohammad
et al., 2016) where an overall shift in the distri-
bution of words and topics can be observed. More-
over, we train and validate the BERTweet-adhoc
(BERTweet in “Ad-hoc” setting) on the target “Don-
ald Trump” of multi-target dataset and test it on
the same set of SemEval 2016 dataset to be com-
pared with BERTweet-merged. The results are
shown in Table 3. From the table, we can observe
that BERTweet-merged significantly outperforms
BERTweet-adhoc on the SemEval 2016 dataset,
which indicates that the BERTweet model trained

in the “Merged” setting shows better generaliza-
tion ability than the BERTweet model trained in
the “Ad-hoc” setting.

5 Conclusion

In this paper, we presented a comprehensive inves-
tigation into multi-target stance detection (MTSD)
and proposed a more challenging task that trains a
single model on data from all target pairs instead of
training a model per target pair. The new training
strategy can alleviate overfitting and help the model
learn more universal representations by using the
data of all target pairs. Moreover, we proposed to
integrate a stance (dis)agreement detection module
into the proposed model as an auxiliary task to gain
more accurate representations of targets. Experi-
mental results show that the proposed model outper-
forms the best-performing baseline by a large mar-
gin and demonstrates its effectiveness even in the
face of a more challenging evaluation. Future work
includes extending the proposed training strategy
and (dis)agreement task to more stance detection
tasks and datasets.
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Abstract

Scheduled sampling is an effective method to
alleviate the exposure bias problem of neu-
ral machine translation. It simulates the in-
ference scene by randomly replacing ground-
truth target input tokens with predicted ones
during training. Despite its success, its crit-
ical schedule strategies are merely based on
training steps, ignoring the real-time model
competence, which limits its potential perfor-
mance and convergence speed. To address
this issue, we propose confidence-aware sched-
uled sampling. Specifically, we quantify real-
time model competence by the confidence of
model predictions, based on which we design
fine-grained schedule strategies. In this way,
the model is exactly exposed to predicted to-
kens for high-confidence positions and still
ground-truth tokens for low-confidence posi-
tions. Moreover, we observe vanilla sched-
uled sampling suffers from degenerating into
the original teacher forcing mode since most
predicted tokens are the same as ground-truth
tokens. Therefore, under the above confidence-
aware strategy, we further expose more noisy
tokens (e.g., wordy and incorrect word order)
instead of predicted ones for high-confidence
token positions. We evaluate our approach
on the Transformer and conduct experiments
on large-scale WMT 2014 English-German,
WMT 2014 English-French, and WMT 2019
Chinese-English. Results show that our ap-
proach significantly outperforms the Trans-
former and vanilla scheduled sampling on both
translation quality and convergence speed.

1 Introduction

Neural Machine Translation (NMT) has made
promising progress in recent years (Sutskever et al.,
2014; Bahdanau et al., 2015; Vaswani et al., 2017).

∗ This work was done when Yijin Liu was interning at
Pattern Recognition Center, WeChat AI, Tencent Inc, China

† Jinan Xu is the corresponding author of the paper.

Generally, NMT models are trained to maximize
the likelihood of the next token given previous
golden tokens as inputs, i.e., teacher forcing (Good-
fellow et al., 2016). However, at the inference
stage, golden tokens are unavailable. The model is
exposed to an unseen data distribution generated
by itself. This discrepancy between training and
inference is named as the exposure bias problem
(Ranzato et al., 2016).

Many techniques have been proposed to allevi-
ate the exposure bias problem. To our knowledge,
they mainly fall into two categories. The one is
sentence-level training, which treats the sentence-
level metric (e.g., BLEU) as a reward, and directly
maximizes the expected rewards of generated se-
quences (Ranzato et al., 2016; Shen et al., 2016;
Rennie et al., 2017). Although intuitive, they gen-
erally suffer from slow and unstable training due to
the high variance of policy gradients and the credit
assignment problem (Sutton, 1984; Liu et al., 2018;
Wang et al., 2018). Another category is sampling-
based approaches, aiming to simulate the data dis-
tribution of reference during training. Scheduled
sampling (Bengio et al., 2015) is a representative
method, which samples tokens between golden ref-
erences and model predictions with a scheduled
probability. Zhang et al. (2019) further refine the
sampling space of scheduled sampling with predic-
tions from beam search. Mihaylova and Martins
(2019) and Duckworth et al. (2019) extend sched-
uled sampling to the Transformer with a novel two-
pass decoding architecture.

Although these sampling-based approaches have
been shown effective, most of them schedule the
sampling probability based on training steps. We
argue this schedule strategy has two following lim-
itations: 1) It is far from exactly reflecting the
real-time model competence; 2) It is only based
on training steps and equally treat all token po-
sitions, which is too coarse-grained to guide the
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sampling selection for each target token. These
two limitations yield an inadequate and inefficient
schedule strategy, which hinders the potential per-
formance and convergence speed of vanilla sched-
uled sampling-based approaches.

To address these issues, we propose confidence-
aware scheduled sampling. Specifically, we take
the model prediction confidence as the assessment
of real-time model competence, based on which we
design fine-grained schedule strategies. Namely,
we sample predicted tokens as target inputs for
high-confidence positions and still ground-truth to-
kens for low-confidence positions. In this way,
the NMT model is exactly exposed to correspond-
ing tokens according to its real-time competence
rather than coarse-grained predefined patterns. Ad-
ditionally, we observe that most predicted tokens
are the same as ground-truth tokens due to teacher
forcing1, degenerating scheduled sampling to the
original teacher forcing mode. Therefore, we fur-
ther expose more noisy tokens (Meng et al., 2020)
(e.g., wordy and incorrect word order) instead of
predicted ones for high-confidence token positions.
Experimentally, we evaluate our approach on the
Transformer (Vaswani et al., 2017) and conduct
experiments on large-scale WMT 2014 English-
German (EN-DE), WMT 2014 English-French
(EN-FR), and WMT 2019 Chinese-English (ZH-
EN).

The main contributions of this paper can be sum-
marized as follows2:

• To the best of our knowledge, we are the first
to propose confidence-aware scheduled sam-
pling for NMT, which exactly samples cor-
responding tokens according to the real-time
model competence rather than coarse-grained
predefined patterns.

• We further explore to sample more noisy to-
kens for high-confidence token positions, pre-
venting scheduled sampling from degenerat-
ing into the original teacher forcing mode.

• Our approach significantly outperforms the
Transformer by 1.01, 1.03, 0.98 BLEU and
outperforms the stronger scheduled sampling
by 0.51, 0.41, and 0.58 BLEU on EN-DE,

1We observe that about 70% tokens are correctly predicted
in WMT14 EN-DE training data.

2Codes are available at https://github.com/Ada
xry/conf aware ss4nmt.
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Figure 1: Scheduled sampling for the transformer with
two-pass decoding (Mihaylova and Martins, 2019).

EN-FR, and ZH-EN, respectively. Our ap-
proach speeds up model convergence about
3.0× faster than the Transformer and about
1.8× faster than vanilla scheduled sampling.

• Extensive analyses indicate the effectiveness
and superiority of our approach on longer sen-
tences. Moreover, our approach can facilitate
the training of the Transformer model with
deeper decoder layers.

2 Background

2.1 Neural Machine Translation
Given a pair of source language X =
{x1, x2, · · · , xm} with m tokens and target lan-
guage Y = {y1, y2, · · · , yn} with n tokens, neural
machine translation aims to model the following
translation probability:

P (Y|X) =
n∏

t=1

P (yt|y<t,X, θ)

=
n∑

t=1

logP (yt|y<t,X, θ) (1)

where t is the index of target tokens, y<t is the
partial translation before yt, and θ is model param-
eter. In the training stage, y<t are ground-truth
tokens, and this procedure is also known as teacher
forcing. The translation model is generally trained
with maximum likelihood estimation (MLE).

2.2 Scheduled Sampling for the Transformer
Scheduled sampling is initially designed for Recur-
rent Neural Networks (Bengio et al., 2015), and
further modifications are needed when applied to
the Transformer (Mihaylova and Martins, 2019;
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Duckworth et al., 2019). As shown in Figure 1,
we follow the two-pass decoding architecture. In
the first pass, the model conducts the same as a
standard NMT model. Its predictions are used to
simulate the inference scene3. In the second pass,
inputs of the decoder ỹ<t are sampled from predic-
tions of the first pass and ground-truth tokens with
a certain probability. Finally, predictions of the
second pass are used to calculate the cross-entropy
loss, and Equation (1) is modified as follow:

P (Y|X) =

n∑

t=1

logP (yt|ỹ<t,X, θ) (2)

Note that the two decoders are identical and share
the same parameters. At inference, only the first de-
coder is used, that is just the standard Transformer.
How to schedule the above probability of sampling
tokens is the key point, which is exactly what we
aim to improve in this paper.

2.3 Decay Strategies on Training Steps
Existing schedule strategies are based on training
steps (Bengio et al., 2015; Zhang et al., 2019). As
the number of the training step i increases, the
model should be exposed to its own predictions
more frequently. At the i-th training step, the prob-
ability of sampling golden tokens f(i) is calculated
as follow:

• Linear Decay: f(i) = max(ε, ki+ b), where
ε is the minimum value, and k < 0 and b are
respectively the slope and offset of the decay.

• Exponential Decay: f(i) = ki, where k <
1 is the radix to adjust the sharpness of the
decay.

• Inverse Sigmoid Decay: f(i) = k

k+e
i
k

, where

e is the mathematical constant, and k ≥ 1 is a
hyperparameter to adjust the sharpness of the
decay.

We draw visible examples for different decay strate-
gies in Figure 2.

3 Approaches

In this section, we firstly describe how to estimate
model confidence at each token position. Secondly,

3Following Goyal et al. (2017), model predictions are the
weighted sum of target embeddings over output probabilities.
As model predictions cause a mismatch with golden tokens,
they can simulate translation errors of the inference scene.
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Figure 2: Examples of different decay strategies f(i).

we elaborate the fine-grained schedule strategy
based on model confidence. Finally, we explore
to sample more noisy tokens instead of predicted
tokens for high-confidence positions.

3.1 Model Confidence Estimation
We explore two approaches to estimate model con-
fidence at each token position.

Predicted Translation Probability (PTP). Cur-
rent NMT models are well-calibrated with regu-
larization techniques in the training setting (Ott
et al., 2018; Müller et al., 2019; Wang et al., 2020).
Namely the predicted translation probability can
directly serve as the model confidence. At the t-
th target token position, we calculate the model
confidence conf(t) as follow:

conf(t) = P (yt|y<t,X, θ) (3)

Since we base our approach on the Transformer
with two-pass decoding (Mihaylova and Martins,
2019; Duckworth et al., 2019), above predicted
translation probability can be directly obtained in
the first-pass decoding (shown in Figure 1), causing
no additional computation costs.

Monte Carlo Dropout Sampling. The model
confidence can be quantified by Bayesian neural
networks (Buntine and Weigend, 1991; Neal, 2012),
which place distributions over the weights of neu-
ral networks. We adopt widely used Monte Carlo
dropout sampling (Gal and Ghahramani, 2016;
Wang et al., 2019b) to approximate Bayesian infer-
ence. Given a batch of training data and current
NMT model parameterized by θ, we repeatedly
conduct forward propagation K times4. On the
k-th propagation, part of neurons θ̂(k) in network

4We empirically set K to 5 following Wan et al. (2020).
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θ are randomly deactivated. Eventually, we ob-
tain K sets of model parameters {θ̂(k)}Kk=1 and
corresponding translation probabilities. We use
the expectation or variance of translation proba-
bilities to estimate the model confidence (Wang
et al., 2019b). Intuitively, the higher expectation
or, the lower variance of translation probabilities
reflects higher model confidence. Formally at the
t-th token position, we estimate the model confi-
dence conf(t) that calculated by the expectation
of translation probabilities:

conf(t) = E
[
P (yt|y<t,X, θ̂(k))

]K
k=1

(4)

We also use the variance of translation probabilities
to estimate the model confidence conf(t) as an
alternative:

conf(t) = 1−Var [P (yt|y<t,X, θ)]Kk=1 (5)

where Var[·] denotes the variance of a distribution
that calculated following the setting in (Wang et al.,
2019b; Zhou et al., 2020). We will further analyze
the effect of different confidence estimations in
Section 4.2.

3.2 Confidence-Aware Scheduled Sampling

The confidence score conf(t) quantifies whether
the current NMT model is confident or hesitant on
predicting the t-th target token. We take conf(t)
as exact and real-time information to conduct a
fine-grained schedule strategy in each training it-
eration. Specifically, a lower conf(t) indicates
that the current model θ still struggles with the
teacher forcing mode for the t-th target token,
namely underfitting for the conditional probabil-
ity P (yt|y<t,X, θ). Thus we should keep feeding
ground-truth tokens for learning to predict the t-th
target token. Conversely, a higher conf(t) indi-
cates the current model θ has learned well the basic
conditional probability under teacher forcing. Thus
we should empower the model with the ability to
cope with the exposure bias problem. Namely, we
take inevitably erroneous model predictions as tar-
get inputs for learning to predict the t-th target.

Formally, in the second-pass decoding, the above
fine-grained schedule strategy is conducted at all
decoding steps simultaneously:

yt−1 =

{
yt−1 if conf(t) ≤ tgolden
ŷt−1 else

(6)

Dataset Size (M) Valid / Test set
WMT14 EN-DE 4.5 newstest 2013 / 2014
WMT14 EN-FR 36 newstest 2013 / 2014
WMT19 ZH-EN 20 newstest 2018 / 2019

Table 1: Dataset statistics in our experiments.

where tgolden is a threshold to measure whether
conf(t) is high enough (e.g., 0.9) to sample the
predicted token ŷt−1.

3.3 Confidence-Aware Scheduled Sampling
with Target Denoising

Considering predicted tokens are obtained from
the teacher forcing model, most predicted tokens
(e.g., about 70% tokens in WMT14 EN-DE) are the
same as ground-truth tokens, which degenerate the
scheduled sampling to the original teacher forcing.
Although previous study (Zhang et al., 2019) have
proposed to address this issue by using predictions
from beam search, it conducts very slowly (about
4× slower than ours) due to the autoregressive prop-
erty of beam search decoding. To avoid the above
degeneration problem while preserving computa-
tional efficiency, we try to add more noisy tokens
instead of predicted tokens for high-confidence po-
sitions. Inspired by Meng et al. (2020), we replace
ground-truth yt−1 with a random token yrand of the
current target sentence, which can simulate wordy
and incorrect word order phenomena that occur at
inference. Considering yrand is more difficult5 to
learn than ŷt−1, we only adopt the noisy yrand for
higher confidence positions. Therefore, the fine-
grained schedule strategy in Equation 6 is extended
to:

yt−1 =





yt−1 if conf(t) ≤ tgolden
ŷt−1 if tgolden < conf(t) ≤ trand
yrand if conf(t) > trand

(7)

where trand is a threshold to measure whether
conf(t) is high enough (e.g., 0.95) to sample the
random target token yrand. We provide detailed
selections about tgolden and trand in Section 4.2.

5Given a pre-trained Transformerbase model, we respec-
tively replace ground-truth tokens with predicted tokens ŷ or
random tokens yrand with the same rate, and measure such
difficulty by the increment of model perplexity. We observe
that yrand yields about 15% higher model perplexity than ŷ.
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4 Experiments

We conduct experiments on three large-scale
WMT 2014 English-German (EN-DE), WMT 2014
English-French (EN-FR), and WMT 2019 Chinese-
English (ZH-EN) translation tasks. We respectively
build a shared source-target vocabulary for the EN-
DE and EN-FR datasets, and unshared vocabularies
for the ZH-EN dataset. We apply byte-pair encod-
ing (Sennrich et al., 2016) with 32k merge opera-
tions for all datasets. More datasets statistics are
listed in Table 1.

4.1 Implementation Details

Training Setup. We train the Transformerbase
and Transformerbig models (Vaswani et al., 2017)
with the open-source THUMT (Zhang et al., 2017).
All Transformer models are first trained by teacher
forcing with 100k steps, and then trained with dif-
ferent training objects or scheduled sampling ap-
proaches for 300k steps. All experiments are con-
ducted on 8 NVIDIA Tesla V100 GPUs, where
each is allocated with a batch size of approximately
4096 tokens. We use Adam optimizer (Kingma and
Ba, 2014) with 4000 warmup steps. During train-
ing and the Monte Carlo Dropout process, we set
dropout (Srivastava et al., 2014) rate to 0.1 for the
Transformerbase and 0.3 for the Transformerbig.

Evaluation. We set the beam size to 4 and the
length penalty to 0.6 during inference. We use
multibleu.perl to calculate case-sensitive BLEU
scores for WMT14 EN-DE and EN-FR, and use
mteval-v13a.pl to calculate case-sensitive BLEU
scores for WMT19 ZH-EN. We use the paired boot-
strap resampling methods (Koehn, 2004) to com-
pute the statistical significance of test results.

4.2 Hyperparameter Experiments

In this section, we elaborate hyperparameters set-
tings involved in our approaches according to the
performance on the validation set of WMT14 EN-
DE, and share these settings for all WMT tasks.

Different Confidence Estimations. In this sec-
tion, we analyze effects of different estimations
for model confidence described in Section 3.1. As
shown in Table 2, we observe that Monte Carlo
dropout sampling based approaches (i.e., expec-
tation and variance of translation probabilities)
achieve comparable or marginally better trans-
lation quality than PTP. However, since Monte
Carlo dropout sampling based approaches need

Methods Training Cost BLEU ∆

Transformerbase ref. 27.10 ref.
+ PTP 1.3× 28.15 +1.05
+ Expectation 2.7× 28.15 +1.05
+ Variance 2.7× 28.20 +1.10

Table 2: BLUE scores (%) on the validation set of
WMT14 EN-DE with different confidence estimations.
‘Training Cost’ is calculated by the total training time
until models convergence on 8 NVIDIA V100 GPUs.
‘PTP’ refers to PTP-based confidence estimation in
Equation (3). ‘Expectation’ and ‘Variance’ refers to
Monte Carlo dropout sampling-based confidence esti-
mation in Equation (4) and (5), respectively. ‘ref.’ is
short for the reference baseline.

additional passes for forward propagation, which
yields about 2.7× computation costs than the
Transformerbase. On the contrary, PTP only causes
marginal additional computation costs (1.3×) than
the Transformerbase, as PTP can be directly ob-
tained in the first pass decoding. Considering the
trade-off between training efficiency and final per-
formance, we use PTP to estimate model confi-
dence by default in the following experiments.

Thresholds Settings. There are two important
hyperparameters in our approaches, namely the
two threshold tgolden and trand that determine to-
ken selections in Equation (7). In our preliminary
experiments, we observe our approach is relatively
not sensitive to tgolden, thus we firstly fix tgolden
to a modest value, i.e., 0.5 and analyze effects
when trand ranging from 0.5 to 0.95. As the red
line is shown in Figure 3, we observe that a rapid
improvement in performance with the growth of
trand. Therefore, we decide to set trand to 0.95
and then analyze effects when tgolden ranging from
0.5 to 0.95. As the blue line is shown in Figure
3, the model performance gently rises with the
growth of tgolden and finally achieves its peak when
tgolden = 0.9. Thus we finally set tgolden to 0.9.

4.3 Systems

Mixer. A sequence-level training algorithm for
text generations by combining both REINFORCE
and cross-entropy (Ranzato et al., 2016).

Minimal Risk Training. Minimal Risk Training
(MRT) (Shen et al., 2016) introduces evaluation
metrics (e.g., BLEU) as loss functions and aims to
minimize expected loss on the training data.
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Model BLEU
EN-DE ZH-EN EN-FR

Transformerbase (Vaswani et al., 2017) 27.30 – 38.10
Transformerbase (Vaswani et al., 2017) † 27.90 24.97 40.30

+ Mixer (Ranzato et al., 2016) † 28.54 25.28 40.57
+ Minimal Risk Training (Shen et al., 2016) † 28.55 25.23 40.82
+ TeaForN (Goodman et al., 2020) 27.90 – 40.84
+ TeaForN (Goodman et al., 2020) † 28.60 25.45 40.94
+ Self-paced learning (Wan et al., 2020) † 28.85 25.56 41.12
+ Vanilla scheduled sampling (Bengio et al., 2015) † 28.40 25.43 40.87
+ Target denoising (Meng et al., 2020) † 28.55 25.58 40.57
+ Sampling with sentence oracles (Zhang et al., 2019) 28.65 – –
+ Sampling with sentence oracles (Zhang et al., 2019) † 28.65 25.50 40.85
+ Confidence-aware scheduled sampling (ours) † 28.80∗ 25.95∗∗ 41.19∗∗
+ Confidence-aware scheduled sampling with target denoising (ours) † 28.91∗∗ 26.00∗∗ 41.28∗∗

Transformerbig (Vaswani et al., 2017) 28.40 – 41.80
Transformerbig (Vaswani et al., 2017) † 28.90 25.22 41.89

+ Mixer (Ranzato et al., 2016) † 29.27 25.58 42.37
+ Minimal Risk Training (Shen et al., 2016) † 29.35 25.65 42.46
+ TeaForN (Goodman et al., 2020) 29.30 – 42.73
+ TeaForN (Goodman et al., 2020) † 29.32 25.48 42.62
+ Error correction (Song et al., 2020) 29.20 – –
+ Self-paced learning (Wan et al., 2020) † 29.68 25.56 42.32
+ Vanilla scheduled sampling (Bengio et al., 2015) † 29.62 25.60 42.55
+ Target denoising (Meng et al., 2020) † 29.18 25.56 42.32
+ Scheduled sampling with sentence oracles (Zhang et al., 2019) † 29.57 25.78 42.65
+ Confidence-aware scheduled sampling (ours) † 29.95∗∗ 26.00∗∗ 42.90∗∗
+ Confidence-aware scheduled sampling with target denoising (ours) † 30.09∗∗ 26.27∗∗ 42.97∗∗

Table 3: Translation performance on each WMT dataset. ‘†’ is our implementations under unified settings. The
original TeaForN (Goodman et al., 2020) reports SacreBLEU scores. For fair comparison, we re-implement it and
report BLEU scores. ‘∗/∗∗’: significantly (Koehn, 2004) better than ‘Vanilla Scheduled Sampling’ with p < 0.05
and p < 0.01.

Figure 3: BLUE scores (%) on the validation set of
WMT14 EN-DE with different tgolden and trand.

TeaForN. Teacher forcing with n-grams (Good-
man et al., 2020) enable the standard teacher forc-
ing with a broader view by n-grams optimization.

Self-paced learning. Wan et al. (2020) assign
confidence scores for each input to weight its loss.

Vanilla schedule sampling. Scheduled sam-
pling on training steps with the inverse sigmoid
decay (Bengio et al., 2015; Zhang et al., 2019).

Sampling with sentence oracles. Zhang et al.
(2019) refine the sampling space of scheduled sam-
pling with sentence oracles, i.e., predictions from
beam search. Note that its sampling strategy is still
based on training steps with the sigmoid decay.

Target denoising. Meng et al. (2020) add noisy
perturbations into decoder inputs when training,
which yields a more robust translation model
against prediction errors by target denoising.

Confidence-aware scheduled sampling. Our
fine-grained schedule strategy described in Equa-
tion (6) with tgolden = 0.9.

Confidence-aware scheduled sampling with tar-
get denoising. Our fine-grained schedule strat-
egy described in Equation (7) with tgolden = 0.9
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Schedule Strategy BLEU ∆

Transformerbase 27.10 ref.
+ Linear decay 27.56∗ +0.46
+ Exponential decay 27.60∗ +0.50
+ Inverse sigmoid decay 27.65∗ +0.55
+ Confidence (ours) 28.15∗∗ +1.05

Table 4: BLUE scores (%) on the validation set
of WMT14 EN-DE with different schedule strategies.
‘Confidence’ refers to the confidence-aware strategy in
Equation (6). ‘ref.’ is short for the reference baseline.
‘∗ / ∗∗’: significantly (Koehn, 2004) better than the
Transformerbase with p < 0.05 and p < 0.01.

and trand = 0.95 .

4.4 Main Results

We list translation qualities in Table 3. For the
Transformerbase baseline, our ‘Confidence-aware
scheduled sampling’ shows consistent improve-
ments by 0.90, 0.98, 0.89 BLEU points on EN-DE,
ZH-EN, and EN-FR, respectively. Moreover, after
applying the more fine-grained strategy with tar-
get denoising, our ‘Confidence-aware scheduled
sampling with target denoising’ achieves further
improvements which are 1.01, 1.03, 0.98 BLEU
points on EN-DE, ZH-EN, and EN-FR, respec-
tively. When comparing with the stronger vanilla
scheduled sampling method, ‘Confidence-aware
scheduled sampling with target denoising’ still
yields improvements by 0.51, 0.57, and 0.41 BLEU
points on the above three tasks, respectively. For
the more powerful Transformersbig, we also ob-
serve similar experimental conclusions as above.
Specifically, ‘Confidence-aware scheduled sam-
pling with target denoising’ outperforms vanilla
scheduled sampling by 0.47, 0.67, and 0.42 BLEU
points, respectively. In summary, experiments on
strong baselines and various tasks verify the effec-
tiveness and superiority of our approaches.

5 Analysis and Discussion

We analyze our proposals on WMT 2014 EN-DE
with the Transformerbase model.

5.1 Effects of Confidence-Aware Strategies

In this section, we rigorously validate the effective-
ness of confidence-aware strategies by univariate
experiments with the only difference at schedule
strategy. As shown in Table 4, existing heuris-
tic functions, i.e., linear, exponential, and inverse
sigmoid decay, moderately bring improvements

Model BLEU ∆

Our approach 28.15 ref.
− Confidence 27.75 -0.40
− Denoising 28.00 -0.15
− Confidence & Denoising 27.64 -0.51

Table 5: BLUE scores (%) on the validation set of
WMT14 EN-DE for ablation experiments. ‘Our ap-
proach’ is ‘confidence-aware scheduled sampling with
target denoising’ in Equation (7). ‘Confidence’ refers
to the confidence-aware strategy in Equation (7). ‘De-
noising’ refers to the target random noise yrand in
Equation (7). ‘ref.’ is short for the reference baseline.

over the Transformerbase baseline by 0.46, 0.50,
and 0.55 BLEU points, respectively. While our
confidence-aware strategy that described in Equa-
tion (6) can significantly outperform the baseline
by 1.05 BLEU points. We attribute the effective-
ness of the confidence-aware strategy to its exact
and suitable token assignments according to the
real-time model competence rather than predefined
patterns.

5.2 Ablation Experiments

We conduct ablation experiments to investigate the
impacts of various components in our ‘Confidence-
aware scheduled sampling with target denoising’
(described in Equation (7)) and list results in Ta-
ble 5. Separately removing the confidence-aware
strategy degenerates our approach into the vanilla
target denoising with a uniform strategy (Meng
et al., 2020), which causes a noticeable drop (0.4
BLEU), indicating the confidence-aware strategy
plays a leading role for performance. On the other
hand, we only observe a drop (0.15 BLEU) when
removing ‘Target denoising’, revealing the addi-
tional noise plays a secondary role for performance.
Finally, ablating both the confidence-aware strat-
egy and ‘Target denoising’ degenerates our ap-
proach into the vanilla scheduled sampling. It
yields a further decrease (0.51 BLEU), suggesting
the confidence-aware strategy and ‘Target denois-
ing’ are complementary with each other.

5.3 Different Numbers of Decoder Layers

As known in existing studies (Domhan, 2018;
Wang et al., 2019a), there exists a performance
bottleneck at the decoder side of NMT models.
Namely, the increase in the number of decoder lay-
ers can not bring corresponding improvements for
performance. He et al. (2019) attribute this bottle-
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Figure 4: BLUE scores (%) on the validation set of
WMT14 EN-DE with different numbers of decoder lay-
ers. Solid lines refer to our confidence-aware schedule
strategy. Dashed lines refer to the Transformerbase.

neck to the fact that decoders learn an easier task
than encoders.

In this paper, our fine-grained schedule strat-
egy in Equation (7) assigns a more difficult task to
the decoder. We can not help wondering whether
our strategy is able to alleviate the above perfor-
mance bottleneck. Firstly, we keep the number
of encoders fixed to 6 (i.e., Encoder-6), then ap-
ply our confidence-aware schedule strategy on the
Encoder-6 Transformerbase with the number of de-
coder layers ranging from 1 to 6. As shown in Fig-
ure 4, our approach (solid red line) consistently out-
performs the Encoder-6 Transformerbase (dashed
red line). More importantly, the improvement of
Encoder-6 Transformerbase stops (i.e., performance
bottleneck) once the number of decoder exceeds 4.
Despite this, we observe continuous improvement
with the growth of decoder layers in our approach.
Moreover, we repeat the above experiments with
more powerful deep encoders (Encoder-20). We ob-
serve that the performance bottleneck for Encoder-
20 Transformerbase becomes more evident (dashed
blue line). Despite this, our approaches (solid blue
line) still keep improving performance with the
growth of decoder layers on the stronger Encoder-
20 Transformerbase.

In summary, our confidence-aware schedule
strategy brings a meaningful increase in the diffi-
culty of decoders, and the bottleneck at the decoder
side is alleviated to a certain extend.

5.4 Effects on Different Sequence Lengths

Due to error accumulations, the exposure bias prob-
lem becomes more problematic with the growth of
sequence lengths (Zhou et al., 2019; Zhang et al.,
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Figure 5: BLUE scores (%) on the randomly sampled
WMT14 EN-DE training data with different lengths.

2020). Thus it is intuitive to verify the effectiveness
of our approach over different sequence lengths.
Considering the validation set of WMT14 EN-DE
(3k) is too small to cover scenarios with various
sentence lengths, we randomly select 10k train-
ing data with lengths from 10 to 100. As shown
in Figure 5, our approach consistently outperform
the Transformerbase model at different sequence
lengths. Moreover, the improvements of our ap-
proach over the Transformerbase is gradually in-
creasing with sentence lengths. Specifically, we
observe more than 1.0 BLEU improvements when
sentence lengths in [80, 100].

5.5 Model Convergence
As aforementioned, our confidence-aware sched-
uled sampling learns to deal with the exposure bias
problem in an efficient manner, thus speeding up
the model convergence. As shown in Figure 6, it
costs the Transformerbase 245k steps to converge
to a local optimum (about 27.1 BLEU). To achieve
the same performance, it only costs our confidence-
aware scheduled sampling 80k step, namely about
3.0× speed up over the Transformerbase and 1.8×
speed up over the vanilla scheduled sampling.
Since vanilla scheduled sampling randomly ex-
poses more difficult predicted tokens for each to-
ken position, regardless of the actual model com-
petence, its convergence speed is restricted to a
certain extent. On the contrary, our approach sam-
ples predicted tokens only if the current model is
capable of dealing with these more difficult inputs,
mimicking the learning process of humans. There-
fore, our approach is trained more efficiently.

6 Related Work

Confidence-aware Learning for NMT. As to
confidence estimations for NMT, Zoph et al. (2015)
frame translation as a compression game and mea-
sure the amount of information added by transla-
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3.0x speed up

1.8x speed up

Figure 6: Convergence curves for different models.
BLUE scores (%) are calculated on the validation set of
WMT14 EN-DE. Our approach can achieve the same
performance as the Transformerbase with about 3.0×
speed up.

tors. Wang et al. (2019b) propose to quantify the
confidence of NMT model predictions based on
model uncertainty, which is widely extend to select
training samples (Jiao et al., 2020; Dou et al., 2020),
to design confidence-aware curriculum learning
(Zhou et al., 2020; Wan et al., 2020), and to aug-
ment synthetic corpora (Wei et al., 2020). Model
confidence is also served as a useful metric for ana-
lyze NMT model from the perspective of fitting and
search (Ott et al., 2018), visualization (Rikters et al.,
2017) and calibration (Kumar and Sarawagi, 2019;
Wang et al., 2020). Different from existing stud-
ies, we are the first to propose confidence-aware
scheduled sampling for alleviating the exposure
bias problem in NMT.

7 Conclusion

In this paper, we propose confidence-aware sched-
uled sampling for NMT, which exactly samples
corresponding tokens according to the real-time
model competence rather than human intuitions.
We further explore to sample more noisy tokens for
high-confidence token positions, preventing sched-
uled sampling from degenerating into the original
teacher forcing mode. Experiments on three large-
scale WMT translation tasks suggest that our ap-
proach improves vanilla scheduled sampling both
translation quality and convergence speed. We elab-
orately analyze the effectiveness and efficiency of
our approach from multiple aspects. As a result, we
further observe our approaches: 1) can alleviate the
performance bottleneck of decoders for NMT to a
certain extend; 2) improve the translation quality
of long sequences.
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Abstract

Incorporating attribute information such as
user and product features into deep neural net-
works has been shown to be useful in senti-
ment analysis. Previous works typically ac-
complished this in two ways: concatenating
multiple attributes to word/text representation
or treating them as a bias to adjust attention dis-
tribution. To leverage the advantages of both
methods, this paper proposes a multi-attribute
BERT (MA-BERT) to incorporate external at-
tribute knowledge. The proposed method has
two advantages. First, it applies multi-attribute
transformer (MA-Transformer) encoders to in-
corporate multiple attributes into both input
representation and attention distribution. Sec-
ond, the MA-Transformer is implemented as a
universal layer and stacked on a BERT-based
model such that it can be initialized from
a pre-trained checkpoint and fine-tuned for
the downstream applications without extra pre-
training costs. Experiments on three bench-
mark datasets show that the proposed method
outperformed pre-trained BERT models and
other methods incorporating external attribute
knowledge.

1 Introduction

To learn a distributed text representation for sen-
timent classification (Pang and Lee, 2008; Liu,
2012), conventional deep neural networks, such as
convolutional neural networks (CNN) (Kim, 2014)
and long short-term memory (LSTM) (Hochre-
iter and Schmidhuber, 1997), and common in-
tegration technics, such as self-attention mecha-
nisms (Vaswani et al., 2017; Chaudhari et al., 2019)
and dynamic routing algorithms (Gong et al., 2018;
Sabour et al., 2017), are usually applied to com-
pose the vectors of constituent words. To further en-
hance the performance, pre-trained models (PTMs),
such as BERT (Devlin et al., 2019), ALBERT (Lan
et al., 2019), RoBERTa (Liu et al., 2019), and XLM-
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Figure 1: Different strategies to incorporate external
attribute knowledge into deep neural networks.

RoBERTa (Conneau et al., 2019) can be fine-tuned
and transferred for sentiment analysis tasks. Practi-
cally, PTMs were first fed a large amount of unan-
notated data, and trained using a masked language
model or next sentence prediction to learn the usage
of various words and how the language is written
in general. Then, the models are transferred to an-
other task to be fed another smaller task-specific
dataset.

The abovementioned methods only use features
from plain texts. Incorporating attribute informa-
tion such as users and products can improve senti-
ment analysis task performance. Previous works
typically incorporated such external knowledge by
concatenating these attributes into word and text
representations (Tang et al., 2015), as shown in
Figs. 1(a) and (b). Such methods are often intro-
duced in shallow models to attach attribute informa-
tion to modify the representation of either words
or texts. However, this may lack interaction be-
tween attributes and the text since it equally aligns
words to attribute features, thus the model is un-
able to emphasize important tokens. Several works
have used attribute features as a bias term in self-
attention mechanisms to model meaningful rela-
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tions between words and attributes (Wu et al., 2018;
Chen et al., 2016b; Dong et al., 2017; Dou, 2017),
as shown in Fig. 1(c). By using the softmax func-
tion for normalization to calculate the attention
score, the incorporated attribute features only im-
pact the allocation of the attention weights. As a re-
sult, the representation of input words has not been
updated, and the information of these attributes
will be lost. For example, depending on individual
preferences for chili, readers may focus on reviews
talking about spicy, but only those who like chili
would consider such review recommendations use-
ful. However, current self-attention models that
learn text representations by adjusting the weights
of spicy may still produce the same word repre-
sentation of spicy for different persons, leading to
confusion in distinguishing people who like chili
or not.

To address the above problems, this study pro-
poses a multi-attribute BERT (MA-BERT) model
which applies multi-attribute transformer (MA-
Transformer) encoders to incorporate external at-
tribute knowledge. Different from being incorpo-
rated into the attention mechanism as bias terms,
multiple attributes can be injected into both atten-
tion maps and input token representations using
bilinear interaction, as shown in Fig. 1(d). In ad-
dition, the MA-Transformer is implemented as a
universal layer and stacked on a BERT-based model
such that it can be initialized from a pre-training
checkpoint and fine-tuned for downstream tasks
without extra pre-training costs. Experiments are
conducted on three benchmark datasets (IMDB,
Yelp-2013, and Yelp-2014) for sentiment polarity
classification. The results show that the proposed
MA-BERT model outperformed pre-trained BERT
models and other methods incorporating external
attribute knowledge.

The remainder of this paper is organized as fol-
lows. Section 2 provides a detailed description of
the proposed methods. The empirical experiments
are reported with analysis in Section 3. Conclu-
sions are finally drawn in Section 4.

2 Multi-Attribute BERT Model

Fig. 2 shows an overview of the MA-BERT model.
It mainly consists of two parts, including a BERT-
based PTM model and several MA-Transformer
encoders as extra layers stacked on BERT. Both
components are described in detail below.
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Figure 2: Overall architecture of the MA-BERT model.

2.1 BERT Encoder
By applying a word piece tokenizer (Wu et al.,
2016), the input text can be denoted as a sequence
of tokens, i.e., s = {w0, w1, w2, . . . , wL−1},
where L is the length of the text and w0 =
[CLS] is a special classification token. More-
over, its corresponding attributes are denoted as
A = {a1, a2, . . . , aM}, where M is the number of
attributes in the text. Thus, the i-th input sample
can be denoted as a tuple, i.e., (Ai, si).

To learn the hidden representation, the pre-
trained language model BERT (Devlin et al., 2019)
was used, achieving impressive performance for
various natural language processing (NLP) tasks.
We then fed the token sequence into the BERT
model to obtain the representation, denoted as,
T = [t0, ..., tL−1] = fBERT([w0, ..., wL−1]; θBERT) (1)

where T ∈ RL×dt is the output representation of
all tokens; θBERT is the trainable parameters of
BERT, which is initialized from a pretrained check-
point and then fine-tuned during the model training;
dt=768 is the dimensionality of the output repre-
sentation.

According to Wu et al. (2018) and Wang et al.
(2017), all the attributes are mapped to attribute
embeddings EA = [EA,1, EA,2, . . . , EA,M ] ∈
RM×dE , which are randomly initialized and up-
dated in the following training phase.
Multi-Attribute Attention. To incorporate mul-
tiple attributes into the MA-Transformer, we in-
troduce multi-attribute attention (MAA), which is
expressed as,

Y = MAA(T,EA)= [U1, . . . , UM ]Wo (2)

Um = Att(T,EA,m) = softmax

(
QmKm

>
√
d

)
Vm (3)
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where Um is the attention from m-th attribute;
Wo ∈ R(M ·d)×dt is the output linear projection
and d denotes the dimensionality of Q, K and V ;
Q, K and V are matrices that package the queries,
keys and values, which are defined as,

Qm = T ·Wq,m � EA,m (4)

Km = T ·Wk,m � EA,m (5)

Vm = T ·Wv,m � EA,m (6)

where Qm, Km and Vm ∈ RL×dE are bilinear
transformations (Huang et al., 2019) applied on
the input representation T and attribute representa-
tion EA,m. Wq,m, Wk,m and Wv,m ∈ Rdt×dE are
weight matrices for query, key and value projec-
tions, and · and� respectively denote the inner and
the Hadamard product.

Similar to Vaswani et al. (2017), we also intro-
duced multi-head mechanism for MA-Transformer,
denoted as,

Um =
K
⊕
k=1

Att(T,EkA,m) ∈ RL×(K·dE) (7)

where K is the number of heads for each at-
tribute and ⊕ denotes the concatenation operator;
EkA,m ∈ RdE is the m-th attribute representation
in the k-th head, and its dimensionality should be
ensured that dE = dt/K. Given that different
heads can capture different relation types along
with text representations, different parameters are
considered for different heads.

2.2 MA-Transformer

Taking the representation of both text T and at-
tribute A as input, an MA-Transformer encoder
then processes the same as a standard transformer
encoder (Vaswani et al., 2017) to generate Y ∈
RL×dt . Then, Y is connected by a normalization
layer and a residual layer from the input represen-
tation T . The intermediate output is then passed to
a two-layered feed-forward network with a recti-
fied linear unit (ReLU) activate function. Similarly,
residual and normalization layers are connected to
generate the final output which is taken as the input
for the next encoder.

By stacking several MA-Transformer encoders
on the BERT model, the MA-BERT model gener-
ates a review representation h[CLS] consistent with
the special token [CLS]. Then, a classifier com-
prised of a linear projection and a softmax activa-
tion (with the dimension identical to the number of
classes) is used for classification.

3 Comparative Experiments

Datasets. Following the experimental settings
used in Tang et al. (2015), the proposed MA-
BERT model is evaluated using three benchmark
datasets 1 (IMDB, Yelp-2013, and Yelp-2014). The
evaluation metrics include accuracy (Acc.) and root
mean squared error (RMSE). Higher Acc. and
lower RMSE scores indicate higher performance.
Implementation Details. The baseline meth-
ods can be divided into three groups. The first
group includes the methods without user and prod-
uct information such as CNN (Kim, 2014), BiL-
STM (Hochreiter and Schmidhuber, 1997), neu-
ral sentiment classification (NSC) (Chen et al.,
2016a) and its variant with a local attention mech-
anism (NSC+LA). For the BERT-based methods,
the uncased-base-BERT model consisting of 12
layers of transformer encoders was implemented
for comparison. ToBERT (Pappagari et al., 2019)
was trained non-end2end using a word-to-segment
strategy in a two-stage way.

The second group includes existing methods
incorporating user and product information such
as NSC with user (U) and product (P) informa-
tion incorporated into an attention (A) mecha-
nism (NSC+UPA), user product neural network
(UPNN) (Tang et al., 2015), hierarchical model
with separate user attention and product atten-
tion (HUAPA) (Wu et al., 2018), and the chunk-
wise importance matrix model (CHIM) (Amplayo,
2019).

The third group includes a set of BERT-based
methods incorporating user and product infor-
mation using different strategies, presented in
Figs. 1(a)-(c). In detail, an uncased-base-BERT
model first extracted fixed feature vectors from
texts. Then, the BERT Concat (word) model in-
corporates attribute features into each word vec-
tor and stacks another 6 transformer encoders as
the feature extractor. Similarly, the BERT Con-
cat (text) incorporates attribute features into the
representation of the special token [CLS] for the
classification. Finally, the BERT Attention (bias)
applied 6 more MA-Transformers which only in-
ject attributes into Q and K to calculate attention
score instead of V in Eq. (6).

The proposed MA-BERT models applied 6 MA-
Transformer encoders to incorporate user and prod-
uct attributes, and stacking over the BERT model.

1http://ir.hit.edu.cn/˜dytang/paper/
acl2015/dataset.7z

2340



Models IMDB Yelp-2013 Yelp-2014
Acc. (%) RMSE Acc. (%) RMSE Acc. (%) RMSE

without user and product information
CNN (UPNN w/o UP) 40.5 1.629 57.7 0.812 58.5 0.808
BiLSTM 43.3 1.494 58.4 0.764 59.2 0.733
NSC 44.3 1.465 62.7 0.701 63.7 0.686
NSC+LA 48.7 1.381 63.1 0.706 63.0 0.715
BERT 51.8 1.191 67.7 0.627 67.2 0.630
ToBERT 50.8 1.194 66.7 0.626 66.9 0.620
with user and product information
UPNN 43.5 1.602 59.6 0.803 60.8 0.764
NSC+UPA 53.3 1.281 65.0 0.692 66.7 0.654
HUAPA 55.0 1.185 68.3 0.628 68.6 0.626
CHIMembedding 56.4 1.161 67.8 0.646 69.2 0.629
BERT Concat (word) 56.8 1.106 69.9 0.602 70.9 0.582
BERT Concat (text) 54.6 1.168 68.5 0.616 71.0 0.590
BERT Attention (bias) 52.5 1.177 68.0 0.635 67.6 0.617
MA-BERT 57.3 1.042 70.3 0.588 71.4 0.573

Table 1: Comparative results of different methods for sentiment classification. The boldface figures indicate the
best results among all methods and underscored figures represent the best performance for each group of methods.
All results are averaged over five runs.

Each attribute is initialized in a uniform distribu-
tion U ∼ (−0.25, 0.25) with the dimension of 768
(dt) and head number of 12 (K). Thus, the di-
mension of each head (dE) is set to 64. All other
hyper-parameters in MA-Transformer encoders are
identical with BERT-transformer encoders due to
their isomorphic structure. For all models, the
AdamW (Loshchilov and Hutter, 2017) optimizer
was used with a base learning rate of 2e-5 in a
warmup linear schedule. Early stopping (Prechelt,
1998) strategy with a patience of 3 epochs was also
applied to avoid overfitting. The code for this paper
is available at: https://github.com/yoyo-yun/
MA-Bert.

Comparative Results and Discussion. Table 1
shows the comparative results of different methods
for sentiment ordinal classification. For models
without user and product attributes, BiLSTM out-
performs CNN (UPNN w/o UP), due to its abil-
ity to encode text. Furthermore, both NSC and
NSC+LA outperformed BiLSTM mainly because
of its hierarchical structure.

Incorporating the user and product attributes im-
proved performance. For example, UPNN achieved
a better result than its variant without user and prod-
uct attributes, i.e., CNN (UPNN w/o UP). In addi-
tion, both NSC+UPA and HUAPA introduced the
user and product information as a bias to guide the
hierarchical attention, and thus outperformed NSC
and NSC+LA.

The proposed MA-BERT achieved the best per-
formance on all datasets. Compared with baselines
without user and product attributes, the MA-BERT

can leverage implicit attribute features to boost
performance. MA-BERT outperformed methods
already incorporating user and product attributes
(i.e., NSC+UPA, HUAPA and CHIMembedding) be-
cause the proposed model can incorporate attribute
knowledge to both the attention map and input rep-
resentation.

The BERT and ToBERT models achieved im-
provement on all datasets against the conventional
models, due to the large knowledge migration from
pre-training. Unfortunately, a lack of implicit extra
features resulted in performance lower than that
of the proposed MA-BERT model. MA-BERT
also outperformed BERT Concat (word), BERT
Concat (text) and BERT Attention (bias), indicat-
ing that the proposed MA-Transformer architecture
can improve existing incorporation strategies. Fur-
thermore, the proposed MA-BERT could be initial-
ized from the pre-trained checkpoint of BERT, thus
making full use of the parameter settings without
bringing additional costs for pre-training.

4 Conclusion

This paper proposes a MA-BERT model capable of
incorporating multiple attributes into BERT-based
PTMs for learning attribute-specific text representa-
tion. Different from existing attention models, the
MA-Transformer can inject external knowledge
to both attention maps and the input representa-
tion.Additionally, the proposed model could be ex-
tended to other tasks by using the MA-Transformer
encoder as a universal layer and stacking it on a
BERT-based model. Future work will attempt to
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incorporate such or similar multiple attributes into
PTMs in the pre-training phases.
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Abstract

Previous work on adversarial attacks on depen-
dency parsers has mostly focused on attack
methods, as opposed to the quality of adver-
sarial examples, which in previous work has
been relatively low. To address this gap, we
propose a method to generate high-quality ad-
versarial examples with a higher number of
candidate generators and stricter filters, and
then verify their quality using automatic and
human evaluations. We perform analysis with
different parsing models and observe that: (i)
injecting words not used in the training stage
is an effective attack strategy; (ii) adversarial
examples generated against a parser strongly
depend on the parser model, the token embed-
dings, and even the specific instantiation of the
model (i.e., a random seed). We use these
insights to improve the robustness of English
parsing models, relying on adversarial training
and model ensembling.1

1 Introduction

Neural network-based models have achieved great
successes in a wide range of NLP tasks. However,
recent work has shown that their performance can
be easily undermined with adversarial examples
that would pose no confusion for humans (Zhang
et al., 2020). As an increasing number of successful
adversarial attackers have been developed for NLP
tasks, the quality of the adversarial examples they
generate has been questioned (Morris et al., 2020).

The definition of a valid successful adversar-
ial example differs across target tasks. In seman-
tic tasks such as sentiment analysis (Zhang et al.,
2019) and textual entailment (Jin et al., 2020), a
valid successful adversarial example needs to be
able to alter the prediction of the target model while

∗Work partially done while at the University of Edin-
burgh.

1Our code is available at: https://github.com/
WangYuxuan93/DepAttacker.git

preserving the semantic content and fluency of the
original text. In contrast, in the less explored field
of attacking syntactic tasks, the syntactic structure,
rather than the semantic content, must be preserved
while also maintaining the fluency. Preserving the
syntactic structure enables us to use the gold syn-
tactic structure of the original sentence in the evalu-
ation process. While preserving the fluency ensures
that ungrammatical adversarial examples, which
not only fool the target model but also confuse hu-
mans, will not be considered valid. Therefore in
this paper, we evaluate the quality of an adversarial
example in two aspects, namely the fluency and
syntactic structure preservation.

Recently, Zheng et al. (2020) proposed the
first dependency parser attacking algorithm based
on word-substitution which depended entirely on
BERT (Devlin et al., 2019) to generate candidate
substitutes. The rational was that the use of the
pre-trained language model will ensure fluency of
the adversarial examples. However, we find that
using BERT alone is far from enough to preserve
fluency.

Therefore, in this paper, we propose a method
to generate better adversarial examples for depen-
dency parsing with four types of candidate genera-
tors and filters. Specifically, our method consists of
three steps: (i) determining the substitution order,
(ii) generating and filtering candidate substitutes for
each word, (iii) searching for the best possible com-
bination of substitutions, based on pre-computed
candidates and the substitution order. We verify
the superiority of the proposed method in terms of
syntactic structure preservation and fluency using
both automatic and human evaluations, and further
show the limitation of the previous BERT-based
method.

Table 1 shows adversarial examples generated by
our and the method of Zheng et al. (2020), demon-
strating that examples generated by our method are
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Model Ours Zheng et al.
example-1 Most of those freed emancipated had

spent at least 25 years in prison.
Most of those freed had were spent at least
25 years in prison.

example-2 Boeing received a $ 46 million Air Force
contract for developing devising cable
systems for the Minuteman Missile.

Boeing received a $ 46 million Air Force
America contract for developing securing
cable systems for the Minuteman Missile.

example-3 He used better than 5,000 words heaping
scorn on the witnesses eyewitnesses for
exercising the Fifth.

He used better than 5,000 words times
heaping scorn on the witnesses dollars for
exercising the Fifth grand.

Table 1: Adversarial examples generated by our and Zheng et al. (2020)’s methods. The original words are
highlighted in bold blue font while the substitute words are highlighted in bold red ones.

more fluent, producing complicated substitutes like
emancipated, devising and eyewitnesses. Ad-
ditionally, since it is nontrivial to decode valid
multi-subword tokens from BERT, the BERT-based
method of Zheng et al. (2020) only generates single
subwords as substitutes.

With the proposed attacking method, we evalu-
ate the robustness of different parsing models and
analyse the properties of adversarial attacks. We
find that (i) the introduction of out-of-vocabulary
(OOV, words not in the embedding’s vocabulary)
and out-of-training (OOT, words not in the training
set of the parser) words in adversarial examples are
two main factors that harm models’ performance;
(ii) adversarial examples generated against a parser
strongly depend on the type of the parser, the token
embeddings and even the random seed.

Adversarial training (Goodfellow et al., 2015),
where adversarial examples are added in the train-
ing stage, has been commonly used in previous
work (Zheng et al., 2020; Han et al., 2020) to im-
prove a parser’s robustness. Only a limited number
of adversarial examples have been used in such
cases, and Zheng et al. (2020) argued that overuse
of them may lead to a performance drop on the
clean data. However, we show that with improve-
ment in the quality of adversarial examples pro-
duced in our method, more adversarial examples
can be used in the training stage to further improve
the parsing models’ robustness without producing
any apparent harm in their performance on the
clean data. Inspired by our second finding, we
propose to improve the parsers’ robustness by com-
bining models trained with different random seeds
and embeddings. Such methods, which are not tar-
geting specific types of attacks, should improve the
capacity to defend against new attacks as compared
to standard adversarial training.

2 Method

In this section, we first give a formal definition of
a dependency parsing attack. Then we describe the
proposed attacking method for dependency pars-
ing, shown in Algorithm 1. It consists of three
steps, namely ranking word importance (lines 1-4),
generating candidates for substitution (line 7) and
searching for the best substitute combination (lines
8-21).

2.1 Problem Definition

Given an input text space X containing all possible
input sentences x and an output space Y contain-
ing all possible dependency trees of x, a parser
F : X → Y learns to map the sentence x to its
corresponding tree y, denoted by F (x) = y. The
i-th word of x is denoted by xi. For sentence x, a
valid adversarial example x∗ is crafted by adding a
perturbation to x so that

F (x∗) 6= y, σ(x∗,x) ≤ ε,

where σ is a constraint function and ε ensures that
i) the perturbation is imperceptible, ii) the true de-
pendency tree of x∗ should be the same as that of
x. In this paper, these two constraints are ensured
through the use of various filters (see Section 2.3)
and are used to evaluate the quality of adversar-
ial examples (see details on fluency and syntactic
structure preservation in Section 3.3).

2.2 Word Importance Ranking

Word importance ranking in our model is based on
the observation that some words have a stronger
influence on model prediction than others. Such
word importance is typically computed by setting
each word to unknown and examining the changes
in their predictions (Li et al., 2016; Ren et al., 2019).
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Algorithm 1 Dependency Parsing Attack

Input: Sentence example x(0) = {x1, x2, . . . , xN},
maximum percentage of words allowed to be modified γ
Output: Adversarial example x(i)

1: for i = 1 to N do
2: Compute word importance I(x(0), xi) via Eq. 1
3: end for
4: Create a set W of all words xi ∈ x(0) sorted by the

descending order of their importance I(x(0), xi).
5: t = 0
6: for each word xj in W do
7: Build candidate set Cj for xj following the Candidate

Substitute Generating step
8: Initialise valid candidate set VC ← {}
9: for each candidate ck in Cj do

10: Compute the accuracy change S(x(t), ck, j) via
Eq. 3

11: if S(x(t), ck, j) ≤ 0 then continue end if
12: Add ck to the set VC
13: end for
14: if VC is not empty then
15: c∗ = argmax

c∈VC
S(x(t), c, j)

16: t = t+ 1
17: x(t) ← Replace xj in x(t−1) with c∗

18: if t ≥ γ ·N then return x(t) end if
19: end if
20: end for
21: if t > 0 then return x(t) else return None end if

This helps to determine the word substituting order
in the proposed method.

In this work, we use a combination of the
changes found in the unlabelled attachment score
(UAS) and in the labelled attachment score (LAS)
to measure word importance. Specifically, the im-
portance of a word xi in sentence x is computed as

I(x, xi) =λarc∆UAS(x, x̂i)+

(1− λarc)∆LAS(x, x̂i),
(1)

where x = x1x2 . . . xi . . . xN is the original
sentence and x̂i = x1x2 . . .UNK . . . xN re-
places xi with an ‘unknown’ token. Here
∆UAS(x, x̂i) = UASF (x) − UASF (x̂i) and
∆LAS(x, x̂i) = LASF (x) − LASF (x̂i) are the
changes in UAS and LAS respectively. λarc is
a coefficient that controls the relative importance
of dependency arcs and their labels.

2.3 Generation of Substitute Candidates
Generating substitute candidates is a critical step,
as it significantly influences the attack success rate
and the quality of generated adversarial examples.
Zheng et al. (2020) relied entirely on BERT to
generate candidates, but this limits the quality of
the adversarial examples. To alleviate this prob-
lem, we first collect candidate substitutes from four

generation methods, then apply filters to discard
inappropriate substitutes, ensuring both diversity
and quality of the generated candidates.

2.3.1 Generating Process

We collect substitutes from the following methods:
BERT-Based Method: We use BERT to gener-

ate candidates for each target word from its context.
This method generates only single subwords.

Embedding-Based Method: Following Alzan-
tot et al. (2018), we use word embeddings of
Mrkšić et al. (2016)2 to compute the N nearest
neighbours of each target word according to their
cosine similarity and use them as candidates.

Sememe-Based Method: The sememes of a
word represent its core meaning (Dong and Dong,
2006). Following Zang et al. (2020), we collect the
substitutes of the target word x based on the rule
that one of the substitutes the senses of x∗ must
have the same sememe annotations as one of senses
of x.

Synonym-Based Method: We use WordNet3 to
extract synonyms of each target word as candidates.

2.3.2 Filtering Process

We apply the following four types of filters to dis-
card candidates which are likely inappropriate, ei-
ther in terms of syntactic preservation or fluency.

POS Filter: We first filter out substitutes with
different part-of-speech (POS) tags from the origi-
nal word.4 This filter is essential for preserving the
syntactic structure of the sentence.

Word Embedding Similarity Filter: We use the
word embeddings of Mrkšić et al. (2016) to com-
pute the cosine similarity between the original word
and each of the substitutes in C and filter out those
whose similarities are less than a threshold εw.5

Grammar Checker Filter: We employ an off-
the-shelf grammar checker6 to filter out candidates
that may introduce grammar errors. This filter
helps to further ensure that the syntactic structure
and fluency are preserved.

Perplexity Filter: We employ GPT-2 (Radford
et al., 2019) to calculate the perplexity difference

2These embeddings are post-processed to ensure that the
nearest neighbours are synonyms.

3https://wordnet.princeton.edu
4We use the off-the-shelf Stanford tagger. (https://

nlp.stanford.edu/software/tagger.html)
5Non-synonym substitutes often reduce fluency.
6https://pypi.org/project/language_

tool
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between x and xci for each candidate c:

∆ppl(x, c, i) = ppl(xci )− ppl(x), (2)

where xci is x with its i-th word replaced by c, and
filter out c whose ∆ppl(x, c, i) > εp.

2.4 Best Substitute Searching

In this step, we greedily search for the best possible
combination of substitutions, relying both on the
previously created candidate lists and word sub-
stitution order. To preserve the syntactic structure
of sentences, we forbid replacement of pronouns,
articles, conjunctions, numerals, interjections, inter-
rogative determiners and punctuation. Additionally,
we set the maximum percentage of words allowed
to be modified γ in the experiments to control the
modification number.

Specifically, given a sentence x, we substitute
the words following the order computed in the
word importance ranking step. For each target
word xi, we build an adversarial example xci =
x1x2 . . . c . . . xN for each of its substitutes c. Then
we compute the accuracy change score from x to
xci as input to the parser:

S(x, c, i) =λarc∆UAS(x,xci )+

(1− λarc)∆LAS(x,xci ),
(3)

where ∆UAS(x,xci ) = UASF (x) − UASF (xci )
and

∆LAS(x,xci ) = LASF (x) − LASF (xci )
are the

changes in UAS and LAS, respectively. If the per-
centage of modified words in the sentence exceeds
a threshold γ, we stop the process. Otherwise, we
search for a substitute for the next target word.

3 Experimental Setup

3.1 Target Parsers and Token Embeddings

We choose the following two strong and commonly
used English parsers, one graph-based, the other
transition-based, as target models, both of which
achieve performance close to the state-of-the-art.

Deep Biaffine Parser (Dozat and Manning,
2017) is a graph-based parser that scores each can-
didate arc independently and relies on a decoding
algorithm to search for the highest-scoring tree.

Stack-Pointer Parser (Ma et al., 2018) is a
transition-based parser that incrementally builds
the dependency tree with pre-defined operations.

We used the following four types of token em-
beddings to study their influence on each parsers’

robustness. To focus on the influence of the embed-
dings, we use only the embeddings as input to the
parsers:

GloVe (Pennington et al., 2014) is a frequently
used static word embedding.

RoBERTa (Liu et al., 2019) is a pre-trained lan-
guage model based on a masked language mod-
elling object, which learns to predict a randomly
masked token based on its context. It produces
contextualised word piece embeddings.

ELECTRA (Clark et al., 2020) is a pre-trained
language model based on a replaced token detec-
tion object, which learns to predict whether each
token in the corrupted input has been replaced. It
produces contextualised word piece embeddings.

ELMo (Peters et al., 2018) is a pre-trained lan-
guage representation model based on character
embeddings and bidirectional language modelling.

3.2 Datasets and Experimental Settings

We train the target parsers and evaluate the pro-
posed method on the English Penn Treebank (PTB)
dataset,7 converted into Stanford dependencies us-
ing version 3.3.0 of the Stanford dependency con-
verter (de Marneffe et al., 2006) (PTB-SD-3.3.0).
We follow the standard PTB split, using section
2-21 for training, section 22 as a development set
and 23 as a test set.

It is important to note that when converting PTB
into Stanford dependencies, Zheng et al. (2020)
maintained the copula (linking verbs) as a head
when its complement was an adjective or noun.8

However, since the design objective of Stanford
dependency is to maximize dependencies between
content words (de Marneffe et al., 2006), a more
typical setting is to regard copulas as auxiliary mod-
ifiers. Therefore, we first compare with the previ-
ous method by performing this step under their
settings and further conduct experiments with the
typical PTB-SD-3.3.0 dataset for the convenience
of follow-up research.

While training the target parsers, we adopt
the hyper-parameters from their respective papers.
Note that to compare with the biaffine parser, which
uses first-order features, we also adopt the basic
setting for the stack-pointer parser.9 When using

7https://catalog.ldc.upenn.edu/
LDC99T42

8Referred to as PTB-SD-3.3.0-COP in the rest of the paper.
9According to our preliminary experiments, neither

second-order features nor beam search has an obvious in-
fluence on the parser robustness under our attack.
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RoBERTa, ELECTRA or ELMo embeddings as
input, we set the learning rate of these pre-trained
models to 2e-5 and that of other parameters to 2e-2.

For the hyper-parameters of each attacking
method, we set the word embedding similarity
threshold εw = 0.7, the candidate perplexity dif-
ference threshold εp = 20.0, the arc importance
coefficient λarc = 0.5 and the maximum percent-
age of words allowed to be modified γ = 15%.

3.3 Evaluation Metrics

As introduced in Section 2.1, two constraints
should be satisfied for an adversarial example to
be valid: i) the perturbation is imperceptible, ii)
the true dependency tree of x∗ should be the same
as that of x. For the first, we use fluency to mea-
sure the imperceptibility of the perturbations, and
assume that in a fluent adversarial example the
perturbation is imperceptible. For the second, syn-
tactic structure preservation is used to measure
whether an adversarial example’s true dependency
tree is identical to that of the original text. Both
automatic and human evaluations are used for anal-
ysis.

In the automatic evaluation, GPT-2 (Radford
et al., 2019) is used to compute the average per-
plexity of the adversarially modified PTB test set
to measure the overall fluency. In the human evalu-
ation, we ask three annotators to evaluate the qual-
ity of adversarial examples in two aspects, namely
syntactic structure preservation and fluency.10 To
evaluate the preservation of the syntactic structure,
we randomly collect 100 sentences along with their
adversarial examples and ask the annotators to de-
cide whether the syntactic structure is preserved in
each case. For the fluency evaluation, we randomly
collect 100 sentences along with the adversarial
examples generated by our method and those pro-
duced by the black-box method of Zheng et al.
(2020).11 For each sentence, the annotators are
asked to distinguish which example is better with
regard to fluency. For both evaluations, we adopt
the majority vote for the final results.

To evaluate how successful the attack is, we re-
port the parsing results of the target models on
the original and the adversarially modified (after-
attack) PTB test set. The results are reported in
terms of unlabelled attachment score (UAS) and

10The three human annotators are postgraduate students
with a few years of research experience in syntactic parsing.

11We thank Zheng et al. (2020) for kindly providing us with
the adversarial examples they generated.

labelled attachment score (LAS). We also report
the attack success rate, namely the percentage of
successfully attacked sentences. If the prediction
accuracy of the modified sentence is lower than the
original one, it is regarded as a successful attack.12

4 Results

4.1 Comparison with Previous Work

We first evaluate our attacking method on PTB-
SD-3.3.0-COP and compare it with previous work
(Zheng et al., 2020). Since we focus on the black-
box attack in this paper, we compare with their
sentence-level black-box attack against the deep
biaffine parser with only word-based embeddings
as input. In both their and our settings, 15% of
words are allowed to be modified.

Model Automatic Human
PPL Fluency% Syntax%

Zheng et al. 267.96 20 75
Ours 139.99 80 85

Table 2: Automatic and human evaluation results on the
PTB-SD-3.3.0-COP test set. PPL denotes the average
perplexity. Syntax% denotes the preserved syntactic-
structure rate and Fluency% the higher fluency rate.

Table 2 shows that adversarial examples gener-
ated by our method substantially outperform the
previous method with regard to fluency and syntac-
tic structure preservation. In the automatic evalua-
tion, the average perplexity of examples generated
by our method is 139.99, as compared to 267.96
of those generated by the previous work. For com-
parison, the average perplexity of the original PTB
test set is 127.67, which is very close to ours.

In the human evaluation, results show that for
80% of the sentences, our adversarial examples
have better fluency, which further confirms the ef-
fectiveness of our method. In addition, 85% of the
examples we generated preserve the original syn-
tactic structure, as compared to 75% reported by
Zheng et al. (2020), showing that our method also
improves the syntactic-structure preservation rate.

Table 3 shows the attack results of the two meth-
ods.13 It is clear that with higher quality, the adver-
sarial examples generated by our method cause

12Note that Zheng et al. (2020) only considered unlabelled
scores, so when comparing with these, we use the difference
in UAS as the measurement of successful attacks. Conversely,
in experiments on PTB-SD-3.3.0, we use the difference in
LAS.

13We only compare UAS here since they did not report LAS
in their paper.
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Model Orig-UAS After-UAS Succ%
Zheng et al. 95.52 88.69 51
Ours 95.45 88.95 44

Table 3: Results on the PTB-SD-3.3.0-COP test set.
Orig-/After-UAS denotes the original and after-attack
UAS respectively. Succ% denotes the success rate.

fewer incorrect predictions. This suggests that
some of the previous attacks that were counted as
successful may have used invalid adversarial exam-
ples which are either ungrammatical or which have
actually changed the original syntactic structure.

Generator BERT Emb. Sem. Syn.
before 28.64 20.54 8.57 1.74
after 0.54 2.06 0.46 0.17
left% 1.89 10.04 5.32 10.03

Table 4: The average number of candidates before
and after filtering generated by BERT-based (BERT),
embedding-based (Emb.), sememe-based (Sem.) and
synonym-based (Syn.) methods respectively. And the
percentages of the left candidates.

To further demonstrate the limitation of the
BERT-based method which the previous work used
as the only candidate generator, we count the aver-
age number of candidates from our use of different
generators before and after filtering. Results in Ta-
ble 4 show that although the BERT-based method
generates the most candidates before filtering, only
1.89% of them are left after the filters are applied.
Whereas the left candidate percentage varies from
5% to 10% for the other three generators. The re-
sults further verify that the quality of candidates
generated by the BERT-based method is worse than
that from the embedding-based, sememe-based and
synonym-based methods.

Model After-UAS Succ% PPL
pos 72.21 89 326.06
pos+emb 79.87 75 286.92
pos+emb+gra 81.52 71 254.95
pos+emb+gra+ppl 88.95 44 139.99

Table 5: Ablation study of filters. pos, emb, gra and
ppl stand for POS (part of speech), word embedding
similarity, grammar checker and perplexity filters re-
spectively.

To evaluate the ability of the filters, we conduct
an ablation study with different combinations of
these filters. Results in Table 5 show that the per-
plexity as well as the attack success rate decreases
when more filters are applied. As expected, the
greatest perplexity drop is brought by the perplex-

ity filter.

4.2 Robustness Evaluation of Different
Models

Input Original After-Attack Succ%UAS LAS UAS LAS
Biaffine

G. 95.36 93.49 88.69 85.09 55.3
M. 96.29 94.51 90.70 87.67 47.5
E. 97.12 95.38 91.05 87.79 50.6
R. 97.09 95.41 92.14 89.42 46.1

Stack-Pointer
G. 94.93 93.05 88.26 84.64 52.6
M. 95.69 93.77 89.57 86.49 46.8
E. 96.94 95.19 90.69 87.47 50.3
R. 96.93 95.20 91.58 88.84 45.1

Table 6: Robustness evaluation results. Succ% de-
notes the success rate (computed based on LAS). G.,
M., E. and R. stand for GloVe, ELMo, ELECTRA and
RoBERTa respectively.

We evaluate the robustness of the different pars-
ing models introduced in Section 3.1 on PTB-SD-
3.3.0 and report the results in Table 6. First of
all, when applied to unperturbed sentences, the
graph-based deep biaffine parser performs consis-
tently better than the transition-based stack-pointer
parser (using the same embeddings). Among the
four kinds of embeddings, the word piece-level em-
beddings (i.e., ELECTRA and RoBERTa) achieve
the highest results, while GloVe yields the lowest
results.

As for the adversarially modified sentences, we
find that the drop in performance is close between
the two families of parsers (using the same embed-
dings), while the attack success rate against the
Stack-Pointer parser is slightly higher. In terms of
the embeddings, RoBERTa turns out to be the most
robust one, which has the lowest attack success
rate and achieves the highest performance on the
generated adversarial examples. ELMo is also a
comparatively robust embedding. We are surprised
to find that although ELECTRA achieves similar
performance to RoBERTa on clean input data, it
performs poorly on the adversarial examples. We
hypothesise that this is due to ELECTRA’s training
objective, i.e. learning to predict whether a token
in a corrupted sentence is genuine or not. With this
objective, some of our substitutes can be predicted
as incorrect tokens, yielding token representations
in the space not encountered by the parser in train-
ing, and hence damaging its performance. Lastly,
GloVe is the most vulnerable embedding. 14

14To evaluate the stability of the attack, for each parsing
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Vocab. Original After-Attack Succ%UAS LAS OOV OOT UAS LAS OOV OOT
50k 95.36 93.49 2 24 87.58 83.73 972 1285 59.5
400k 95.36 93.49 0 15 88.69 85.09 2 906 55.3
400k (T.) 95.36 93.49 0 8 90.06 87.26 0 0 45.5

Table 7: OOV and OOT test results. Vocab. stands for vocabulary size, T. means filtering out all the candidates
that have not appeared in the training set.

4.3 Out-of-Vocabulary and Out-of-Training
Words

In this section, we investigate the roles out-of-
vocabulary (OOV, words not in the embedding’s
vocabulary) and out-of-training (OOT, words not in
the training set of the parser) words play in depen-
dency parsing attacks. We perform attacks on the
Biaffine GloVe models trained with (i) 50k vocab-
ulary (50k), (ii) 400k vocabulary (400k) and (iii)
the same 400k vocabulary but where all candidates
not in the training set are filtered out (400k (T.)).

The results are shown in Table 7, where we re-
port the attack results along with the number of
OOV and OOT words in the adversarially modified
words before and after the attack. Firstly, by com-
paring the OOV and OOT numbers before and after
the attack in the 50k model, we find that words
chosen to be replaced are often non-OOV and non-
OOT, while their substitutes are often OOV and
OOT. Secondly, the comparison between the 50k
and 400k results shows that when the number of
OOV words decreases, the robustness of the model
increases. Therefore, it is reasonable to assume
that OOV words in adversarial examples cause in-
correct predictions. Thirdly, according to the 400k
and 400k (T.) results, when the number of OOT
words in adversarial examples are reduced to 0 by
filtering out all the OOT candidates, the attack suc-
cess rate drops substantially. Therefore, we have
reason to believe that unfamiliar OOT words are
another factor degrading a parser’s performance.

The OOV problem mostly appears in models us-
ing word-level embeddings such as GloVe and can
be alleviated by simply increasing the vocabulary
size. While for the OOT problem, one potential
solution is using adversarial training, where a new
parser is trained with a mixture of clean training
data and adversarial examples.

model in Table 6 we attack another two trained with different
random seeds. The experiment shows all the results are stable
across seeds.

4.4 Adversarial Training

Previous work (Zheng et al., 2020; Han et al., 2020)
used a limited number (from 2,000 sentences to
half of the training data) of adversarial examples in
adversarial training as (Zheng et al., 2020) argued
that overuse of them may lead to a performance
drop on the clean data. In this section, we inves-
tigate the adversarial training strategies on all the
parsing models introduced in Section 3.1. Specif-
ically, we generate adversarial examples for the
whole PTB training set and retrain parsers on dif-
ferent amount of adversarial examples along with
the original training set. Figure 1 shows that as the
number of adversarial examples used in adversar-
ial training increases, the robustness of the models
increases accordingly. For most of the models, the
increase of robustness stops between 50% and 70%
of adversarial examples used.
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Figure 1: After-attack results with different amounts of
adversarial examples used for adversarial training (best
viewed in colour).

Table 8 shows the results of Biaffine parsers re-
trained with 100% of the adversarial examples gen-
erated for the original training set. We find that in
most cases, the parsing results on the clean data are
not obviously influenced although all of the adver-
sarial examples are used. In addition, the robust-
ness of all of the retrained models is substantially
improved.
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Input Original After-Attack Succ%UAS LAS UAS LAS
Biaffine

G. 95.36 93.49 88.69 85.09 55.3
G.* 95.32 93.45 91.90 89.34 38.5
M. 96.29 94.51 90.70 87.67 47.5
M.* 96.17 94.37 93.49 91.03 33.2
E. 97.12 95.38 91.05 87.79 50.6
E.* 96.96 95.23 95.03 92.58 33.4
R. 97.09 95.41 92.14 89.42 46.1
R.* 97.03 95.30 95.30 93.02 29.5

Stack-Pointer
G. 94.93 93.05 88.26 84.64 52.6
G.* 94.92 93.04 91.58 88.82 36.2
M. 95.69 93.77 89.57 86.49 46.8
M.* 95.75 93.81 92.64 90.02 34.1
E. 96.94 95.19 90.69 87.47 50.3
E.* 96.83 95.04 94.53 91.96 34.2
R. 96.93 95.20 91.58 88.84 45.1
R.* 96.80 95.01 95.10 92.83 29.1

Table 8: Adversarial training results. * denotes models
with adversarial training.

4.5 Transferability
We refer to adversarial examples as transferable if,
generated against one model, they succeed in fool-
ing another one. Previously, Jin et al. (2020) found
that in text classification and entailment tasks, ad-
versarial examples are moderately transferable be-
tween models with different embeddings. In this
section, we examine the following three kinds of
transferabilities of adversarial examples in depen-
dency parsing attacks: (i) Cross Seed: adversarial
examples generated against one model are tested on
another model trained with a different random seed;
(ii) Cross Parser: adversarial examples generated
against one model are tested on another from a
different family of parsers; and (iii) Cross Embed-
ding: adversarial examples generated against one
model are tested on another trained with a different
type of embedding.

Src Cross Cross Cross Embedding
Seed Parser G. M. E. R.

G. 45.0 40.3 55.3 27.7 27.2 25.2
M. 36.3 35.6 28.0 47.5 29.6 27.2
E. 34.8 40.2 27.1 28.8 50.6 29.2
R. 39.8 35.0 25.5 27.9 29.8 46.1

Table 9: Attack success rates (%) in the transferability
test with Biaffine parser as the source parser. Src repre-
sents the source model.

Results in Table 9 and 10 show that the attack
success rate always drops when adversarial exam-
ples are tested on other models, indicating that the
adversarial examples strongly depend on the parser
model, the token embeddings and even the spe-

Src. Cross Cross Cross Embedding
Seed Parser G. M. E. R.

G. 41.1 40.8 52.6 25.8 25.7 23.7
M. 36.0 34.8 26.5 46.8 27.0 26.6
E. 35.3 33.7 24.4 28.5 50.3 29.9
R. 41.1 38.8 24.2 26.0 29.7 45.1

Table 10: Attack success rates (%) in the transferability
test with Stack-Pointer parser as the source parser. Src.
represents the source model.

cific instantiation of the model (i.e., the random
seed). Among the three kinds of transferabilities,
the cross seed transfer is the strongest while the
cross embedding transfer is the weakest.

4.6 Cross-Seed and Cross-Embedding
Ensemble
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Figure 2: Attack success rates of the examples with and
without cross-seed ensemble.

Based on the observations from Section 4.5,
we propose to improve the robustness of parsing
models using a cross-seed ensemble and cross-
embedding ensemble. To ensemble multiple
parsers, we simply compute the average of the prob-
ability distributions across them and use that result
as the new distribution in the ensembled model.

Figure 2 shows the effect of the cross-seed en-
semble, where almost all the attack success rates
are dropped with such an ensemble. In addition, it
is most effective with ELMo while least effective
with ELECTRA and RoBERTa.

Table 11 shows the effect of using the cross-
embedding ensemble, where robustness increases
when more models with different token embed-
dings are ensembled. Moreover, contrary to adver-
sarial training, the ensemble method is not tuned
to specific types of attacks and appears robust to
‘unseen’ attacks, showing that it is more likely to
defend against new attacks.
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Input Original After-Attack Succ%UAS LAS UAS LAS
Biaffine

R. 97.09 95.41 92.14 89.42 46.1
R.G. 97.16 95.55 92.39 89.77 43.8
R.G.M. 97.20 95.58 92.53 89.97 42.5
R.G.M.E. 97.25 95.63 92.73 90.12 41.5

Stack-Pointer
R. 96.93 95.20 91.58 88.84 45.1
R.G. 97.01 95.32 92.15 89.49 43.4
R.G.M. 96.98 95.26 92.28 89.62 42.3
R.G.M.E. 97.14 95.45 92.27 89.64 41.5

Table 11: Cross-embedding ensemble results

5 Related Work

Existing textual adversarial attacks have mostly fo-
cused on semantic tasks such as sentiment analysis
(Zhang et al., 2019) and textual entailment (Jin
et al., 2020). Although most of this work has ap-
plied various techniques to maintain the fluency
of adversarial examples, a recent study by Morris
et al. (2020) reported that quite a number of these
techniques introduce grammatical errors.

In syntactic tasks, Zheng et al. (2020) recently
proposed the first dependency parser attacking
method which depends entirely on BERT to gener-
ate candidates. However, we show that the quality
of adversarial examples generated by their method
is relatively low due to the limitation of the BERT-
based generator, and we propose to generate better
examples by using more generators and stricter
filters.

Han et al. (2020) proposed an approach to attack
structured prediction models with a seq2seq model
(Wang et al., 2016) and evaluated this model on de-
pendency parsing. They used two reference parsers
in addition to the victim parser to supervise the
training of the adversarial example generator, and
found that the three parsers produce better results
when they have different inductive biases embed-
ded to make the attack successful. This finding is
quite close in spirit to our conclusion in Section 4.5.
Hu et al. (2020) also put forth efforts to modify the
text in syntactic tasks while preserving the origi-
nal syntactic structure. However, their goal is to
preserve privacy via the modification of words that
could disclose sensitive information.

6 Conclusion

In this paper, we propose a method for generat-
ing high-quality adversarial examples for depen-
dency parsing and show its effectiveness based on
automatic and human evaluation. We investigate

the robustness of different types of neural depen-
dency parsers. We show that OOV and OOT words
are two critical characteristics that cause a perfor-
mance drop and propose to solve the OOT problem
with adversarial training. We further examine three
kinds of transferabilities of adversarial examples
and propose to improve the robustness of parsing
models by ensembling across random seeds and
token embeddings.
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Abstract

Stance detection determines whether the au-
thor of a text is in favor of, against or neu-
tral to a specific target and provides valuable
insights into important events such as presi-
dential election. However, progress on stance
detection has been hampered by the absence
of large annotated datasets. In this paper, we
present P-STANCE, a large stance detection
dataset in the political domain, which contains
21,574 labeled tweets. We provide a detailed
description of the newly created dataset and
develop deep learning models on it. Our best
model achieves a macro-average F1-score of
80.53%, which we improve further by using
semi-supervised learning. Moreover, our P-
STANCE dataset can facilitate research in the
fields of cross-domain stance detection such as
cross-target stance detection where a classifier
is adapted from a different but related target.
We publicly release our dataset and code.1

1 Introduction

Nowadays, people often express their stances to-
ward specific targets (e.g., political events or fig-
ures, religion, or abortion) on social media. These
opinions can provide valuable insights into impor-
tant events, e.g., presidential election. The goal of
the stance detection task is to determine whether
the author of a piece of text is in favor of, against,
or neutral toward a specific target (Mohammad
et al., 2016b; Küçük and Can, 2020; ALDayel and
Magdy, 2021). Twitter as a social platform has pro-
duced a large quantity of user-generated content,
which has become a rich source for mining useful
information about various topics such as presiden-
tial election. Political figures, who usually receive
considerable attention and involve themselves in a
large number of political events, are great targets
to study stance detection. Therefore, detecting the

1https://github.com/chuchun8/PStance

stance expressed toward political figures on Twitter
has drawn a lot of attention in the NLP community
(Mohammad et al., 2016a; Sobhani et al., 2017;
Darwish et al., 2017).

Even though stance detection has received a lot
of attention, the annotated data are usually limited,
which poses strong challenges to supervised mod-
els. Moreover, a limitation of existing datasets is
that explicit mentions of targets and surface-level
lexical cues that may expose the stance can be
widely observed in the data (Mohammad et al.,
2016a; Sobhani et al., 2017; Swami et al., 2018;
Darwish et al., 2018; Conforti et al., 2020b; Lai
et al., 2020), which means a model can detect the
stance without extracting effective representations
for the meanings of sentences (i.e., their lexical and
compositional semantics). Another limitation of
existing datasets, especially the datasets built on
social media, is that the average length of tweets is
short, which indicates that the data in these previ-
ous datasets are less informative and thus the stance
can be detected more easily.

In an effort to minimize these drawbacks, we
present P-STANCE, a dataset for stance detection
whose primary goal is to bridge these gaps by mak-
ing it possible to run large-scale evaluations that re-
quire a deeper semantic understanding. This large
annotated dataset is composed of 21,574 English
tweets in the political domain and each tweet is
annotated with a stance toward one of three dif-
ferent targets: “Donald Trump,” “Joe Biden,” and
“Bernie Sanders.” Examples from our dataset and
their stance labels are shown in Table 1.

The main motivation of building this dataset is
to provide a new benchmark for in-target stance
detection where a classifier is trained and validated
on the same target. However, we show additional
interest in constructing a large corpus to facilitate
research on cross-target stance detection where a
classifier is adapted from different but related target.
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Target Tweet Stance

Donald Trump I agree, but not convinced Barr has all the evidence for his opinion. Although, I have zero
worries about POTUS being re-elected, if the evidence is compelling enough on top of the
tyrannical Covid lockdowns, Im hopeful more people will wake up. #GiantRedPill #Trump

Favor

Donald Trump Take my kids, for example. At least, I’m TOLD they’re my kids. No proof. Don Jr, Ivanka and
Eric were all born to an immigrant woman who WASN’T a US Citizen when they were born.
They shouldn’t have US Citizenship. DEPORT THEM ALL! #Trump

Against

Bernie Sanders Air borne illnesses will only become more common with climate change. We need to immedi-
ately address this and fight for Medicare for All or this could be the new normal. #BernieSanders

Favor

Bernie Sanders A meat tax? Paying off all medical bills? I think #bernie has truly gone off the deep end of the
pander cliff. None of these socialists insane, pie-in-the-sky policies would EVER work, or even
come in to fruition yet people continue to fall for it. Unbelievable. #foxandfriends

Against

Joe Biden Robyn Seniors, National HBCU Students for Biden Co-Chair and a @FAMU_1887 student,
says that she’s thankful that a "woman will be Vice President in a Biden administration."

Favor

Joe Biden The Ukrainians are smarter than our own democratic party! Shoot, my Dogs are smarter than
our own democratic party!! #ImpeachmentHoax #NoQuidProQuo #Biden

Against

Table 1: Examples from our P-STANCE dataset.

More interestingly, P-Stance enables a new task in
stance detection, which is cross-topic stance detec-
tion where a classifier is adapted from the same
target but with different topics in the past. These
tasks, which use labeled training data of a source
target and aim to train a model that generalizes well
to a destination target with a shifted distribution,
hold great practical value.

Our contributions include the following: 1)
We present P-STANCE, a large dataset for stance
detection composed of 21,574 tweets sampled
from over 2.8 million tweets collected from Twit-
ter. P-STANCE is more than three times larger
than the previous benchmark (Mohammad et al.,
2016a) and brings additional challenges such as
linguistic complexities. We provide a detailed
description and a comprehensive analysis of this
dataset; 2) We conduct experiments on the pro-
posed P-STANCE dataset and establish a strong
baseline based on BERTweet (Nguyen et al., 2020).
BERTweet achieves a macro-average F1-score of
80.53%, which we improve further by using semi-
supervised learning; 3) The union of P-STANCE

and previous benchmark datasets provides more
opportunities for studying other stance detection
tasks, e.g., cross-target stance detection and cross-
topic stance detection.

2 Related Work

The most common stance detection task on social
media is target-specific stance detection (ALDayel
and Magdy, 2021) which aims to identify the stance
toward a set of figures or topics (Hasan and Ng,
2014; Mohammad et al., 2016a; Xu et al., 2016;

Taulé et al., 2017; Swami et al., 2018; Zotova et al.,
2020; Conforti et al., 2020b; Lai et al., 2020; Vam-
vas and Sennrich, 2020; Conforti et al., 2020a). Be-
sides target-specific stance detection, multi-target
stance detection (Sobhani et al., 2017; Darwish
et al., 2017; Li and Caragea, 2021a), and claim-
based stance detection (Qazvinian et al., 2011; Der-
czynski et al., 2015; Ferreira and Vlachos, 2016;
Bar-Haim et al., 2017; Rao and Pomerleau, 2017;
Derczynski et al., 2017; Gorrell et al., 2019) are
other popular trends of stance detection. Multi-
target stance detection aims to jointly identify the
stance toward two or more targets in the same
text. Unlike the target-specific stance detection
and multi-target stance detection where the target
is usually a prominent figure or topic, in claim-
based stance detection the target is a claim, which
could be an article headline or a rumor’s post.

Interestingly, despite substantial progress on
stance detection, large-scale annotated datasets are
limited. We compare our P-STANCE dataset with
some existing stance detection datasets in Table 2.
We can observe that the sizes of existing stance de-
tection datasets are smaller than ours except for the
WT-WT dataset (Conforti et al., 2020b) in the finan-
cial domain. However, the average tweet length of
WT-WT is much shorter when compared with our
P-STANCE. Moreover, more explicit mentions of
targets and lexical cues of stance appear in the sen-
tences of WT-WT dataset. In our work, we focus
on the political domain and our P-STANCE, which
contains much longer sentences and less surface-
level lexical cues, can serve as a new challenging
benchmark for stance detection tasks.
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Authors Target(s) Source Type Size
Mohammad et al.
(2016a)

Atheism, Climate change is a real concern, Fem-
inist movement, Hillary Clinton, Legalization of
abortion, Donald Trump

Twitter Target-specific 4,870

Ferreira and Vlachos
(2016)

Various claims News articles Claim-based 2,595

Sobhani et al. (2017) Trump-Clinton, Trump-Cruz, Clinton-Sanders Twitter Multi-target 4,455
Derczynski et al.
(2017)

Various claims Twitter Claim-based 5,568

Swami et al. (2018) Demonetisation in India in 2016 Twitter Target-specific 3,545
Gorrell et al. (2019) Various claims Twitter, Reddit Claim-based 8,574
Conforti et al.
(2020b)

Merger of companies: Cigna-Express Scripts,
Aetna-Humana, CVS-Aetna, Anthem-Cigna,
Disney-Fox

Twitter Target-specific 51,284

Conforti et al.
(2020a)

Merger of companies: Cigna-Express Scripts,
Aetna-Humana, CVS-Aetna, Anthem-Cigna

News articles Target-specific 3,291

P-STANCE Donald Trump, Joe Biden, Bernie Sanders Twitter Target-specific 21,574

Table 2: Comparison of English stance detection datasets.

Different from classifying the stance detection
tasks by target type (i.e., one specific target, mul-
tiple targets, or a claim), we can also categorize
the stance detection as in-target and cross-target
stance detection by the training setting. Most previ-
ous works focused on the in-target stance detection
where a classifier is trained and validated on the
same target (Mohammad et al., 2016b; Zarrella
and Marsh, 2016; Wei et al., 2016; Vijayaraghavan
et al., 2016; Du et al., 2017; Sun et al., 2018; Wei
et al., 2018; Li and Caragea, 2019, 2021b). How-
ever, sufficient annotated data are usually hard to
obtain and conventional models on stance detection
perform poorly on generalizing to the data of new
targets, which motivates the studies of cross-target
stance detection (Augenstein et al., 2016; Xu et al.,
2018; Wei and Mao, 2019; Zhang et al., 2020).
Most previous studies evaluated the cross-target
models on the SemEval-2016 dataset (Mohammad
et al., 2016a), which is a small dataset and thus
may make the conclusions less convincing.

In this paper, we show that our P-STANCE

dataset can be also used to evaluate the model
performance of cross-target stance detection and
provides opportunities for exploring more cross-
target tasks by interacting with previous SemEval-
2016 (Mohammad et al., 2016a) and Multi-Target
stance datasets (Sobhani et al., 2017). In addi-
tion, P-STANCE enables the exploration of large-
scale deep learning models including pre-trained
language models, e.g., BERT (Devlin et al., 2019)
and BERTweet (Nguyen et al., 2020). We fine-tune
the BERT and BERTweet models on our dataset
and compare them with other strong baselines.

3 Building the Dataset

In this section, we detail the creation and the par-
ticularities of P-STANCE, our large political stance
detection dataset composed of 21,574 tweets col-
lected during the 2020 U.S. presidential election.

3.1 Data Collection
We collected tweets using the Twitter streaming
API. Similar to prior works (Mohammad et al.,
2016a; Sobhani et al., 2017) that target presidential
candidates, we focus our attention on three political
figures2 in the presidential race of 2020: “Donald
Trump,” “Joe Biden,” and “Bernie Sanders.” We
used a set of query hashtags as seeds to collect
target-related tweets, which can be categorized as
favor hashtags, against hashtags and neutral hash-
tags (Mohammad et al., 2016a). We show exam-
ples of these query hashtags in Table 3. In total,
we gathered around 2.8 million tweets for all three
targets combined.

3.2 Preprocessing
To ensure the quality of this dataset, we performed
several preprocessing steps: 1) We removed tweets
with less than 10, or more than 128 words. Accord-
ing to our observations, tweets with less than 10
words are either too easy for detecting the stance
or too noisy, and tweets with more than 128 words
usually contain duplicate expressions. 2) We re-
moved duplicates and retweets. Twitter data are
noisy not only due to the creative spellings, slang

2We also tried to collect tweets about the woman politician
Kamala Harris. However, we were unable to collect enough
data about Harris. We will look into this in our future work.
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Target Favor Hashtag Against Hashtag Neutral Hashtag

Trump #Trump2020LandSlide #TrumpCrimeFamily #DonaldTrump #Republican

Biden #BidenForPresident #SleepyJoe #JoeBiden #Democrats

Sanders #BernieWon #NeverBernie #BernieSanders #Sanders

Table 3: Examples of query hashtags.

Trump Biden Sanders
#Raw collection 1,730K 429K 654K
#After preprocessing 1,221K 300K 465K

Table 4: Number of unlabeled tweets before and after
preprocessing.

Setup Trump Biden Sanders Average
3-class 0.62 0.60 0.59 0.60
2-class 0.86 0.81 0.76 0.81

Table 5: Krippendorff’s alpha measure of annotator
agreement in 3-class and 2-class scenarios.

and URLs, but also because of the duplicate tweets.
Since these duplicate data reduce our ability to
build reliable models, we need to clean the dataset
by removing duplicates. 3) We kept only the tweets
in English because our goal in this work is to build
an English stance detection dataset. We leave multi-
lingual stance detection as future work. After data
preprocessing, the size of our corpus reduces to
around 2 million examples. In Table 4, we show
the number of tweets before and after preprocess-
ing for each political figure. We will provide this
large-scale repository of tweets (which we call P-
STANCE-EXT) alongside P-STANCE, in hope that
it will spur further research in the field of semi-
supervised learning for stance detection. Finally,
we sampled 10,000 tweets for each political figure,
obtaining 30,000 tweets for annotation in total.

3.3 Data Annotation

We gathered stance annotations of three targets
through the Amazon Mechanical Turk (AMT)
crowdsourcing platform. The AMT workers
were asked to annotate each tweet with “Favor,”
“Against,” “None,” or “I don’t know.” To ensure
the annotation quality, we employed strict require-
ments for the annotators: 1) Many completed tasks
(>500); 2) To reside in the USA; 3) A high accep-
tance rate (>95%). Moreover, we ran the annotation
process in several batches of 1000 examples. In
each batch, we include 100 internally annotated
examples to measure the quality of the annotators.

If an annotator mislabels more than 25% of these
examples, we discard the annotations of the worker
completely, and relabel them. Interestingly, this
process led to a considerable number of reannota-
tions, amounting for more than 20% of the data.
Each tweet was labeled by three random annotators,
and disagreements in the labels were decided by
the majority voting among the three annotators.

After obtaining the annotation results, we com-
puted Krippendorff’s alpha (Krippendorff, 2011)
as the measure of inter-annotator agreement, as
shown in Table 5. Tweets that were annotated with
label “I don’t know” after the majority voting were
removed from the dataset. We observed that an-
notators had difficulties in reaching an agreement
on tweets with label “None” and the average of
Krippendorff’s alpha values increases from 0.60 to
0.81 when we consider two classes: “Favor” and
“Against”. Similar to prior work (Vamvas and Sen-
nrich, 2020), we removed the label “None” from
the dataset in our experiments.

3.4 Quality Assurance and Challenges

Stance-exposing hashtags that may expose the
stance directly, e.g., #NeverBernie, can be observed
in the data. A model can detect the stance from
these hashtags without extracting effective repre-
sentations for the meanings of sentences, which
makes stance detection easier. To remove the
stance-exposing hashtags and ensure the data qual-
ity, we performed the following steps after the data
annotation: 1) We manually built a hashtag lex-
icon that contains stance-exposing hashtags for
each target. Then we removed all hashtags that
are appended at the end of a sentence if they are
in the hashtag lexicon. The reason of only re-
moving the appended hashtags is that a hashtag
may serve as a constituent of a sentence, so it
would introduce more noise if we simply remove
all stance-exposing hashtags. 2) To address the
stance-exposing hashtag that is a constituent of a
sentence, we replaced stance-exposing hashtags
that contain the target name with a neutral hashtag,
e.g., #NeverBernie→ #Bernie. These steps ensure
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Trump Biden Sanders
Train Favor 2,937 2,552 2,858

Against 3,425 3,254 2,198
Val Favor 365 328 350

Against 430 417 284
Test Favor 361 337 343

Against 435 408 292
Total 7,953 7,296 6,325

Table 6: Label distribution across different targets for
P-STANCE.

the high quality of our P-STANCE dataset.
In addition, P-STANCE is a challenging dataset

for the following reasons: 1) Targets in P-STANCE

are referred to in a more implicit way. Consider
the second example in Table 1, the target name
only appears at the end of the sentence and it is
hard to correctly identify the stance without any
knowledge about the political figures mentioned
in the content and background immigration policy.
Similarly, for the third example, it is difficult to
correctly identify the stance if the classifier fails to
connect the target with relevant events, i.e., climate
change or medicare for all residents. 2) The aver-
age length of tweets in previous datasets is short,
and there are more explicit mentions of targets and
rich sentiment and emotion words that can easily
reveal the stance toward the target. The average
tweet length is 17 in Mohammad et al. (2016a), 21
in Sobhani et al. (2017) and 16 in Conforti et al.
(2020b). However, our P-STANCE has a much
longer average length of 30 and more implicit men-
tions of targets and context words, which indicates
that our dataset is more difficult. In addition, P-
STANCE covers more target-relevant events. These
characteristics contribute to making P-STANCE a
challenging dataset for stance detection.

3.5 Dataset Distribution

The final dataset contains 7,953 annotated tweets
for “Donald Trump”, 7,296 for “Joe Biden” and
6,325 for “Bernie Sanders”, respectively. The label
distribution of each target is shown in Table 6. Each
tweet is annotated with a stance label “Favor” or
“Against”. We created the training, validation and
testing sets following an 80/10/10 split. We note
that P-STANCE is more than 3 times larger than the
previous benchmark (Mohammad et al., 2016a).

4 Experimental Settings

In this section, we first introduce two benchmark
datasets of stance detection in §4.1. The union of

these datasets and our P-STANCE dataset provides
opportunities for studying the cross-target stance
detection (§5.2) and cross-topic stance detection
(§5.3). Then we discuss the evaluation metrics in
§4.2 and introduce the baseline methods in §4.3.

4.1 Existing Benchmark Datasets

SemEval-2016 (Mohammad et al., 2016a) and
Multi-Target stance datasets (Sobhani et al., 2017)
are two benchmark datasets in which political fig-
ures are chosen as the targets. SemEval-2016 con-
tains six targets: “Atheism,” “Climate Change is
a Real Concern,” “Feminist Movement,” “Hillary
Clinton,” “Legalization of Abortion,” and “Donald
Trump.” The dataset is annotated for detecting the
stance toward a given target. The data distribution
of SemEval-2016 is shown in Table 7.

Multi-Target stance dataset contains three sets of
tweets corresponding to three target pairs: “Donald
Trump and Hillary Clinton,” “Donald Trump and
Ted Cruz,” “Hillary Clinton and Bernie Sanders”
for 2016 U.S. presidential election. The task aims
at detecting the stances toward two targets for each
data. The data distribution of Multi-Target stance
dataset is shown in Table 8. In the next section, we
show how to perform various stance detection tasks
with the union of these datasets and our P-STANCE

dataset.

4.2 Evaluation Metrics

Similar to Mohammad et al. (2017) and Sobhani
et al. (2017), Favg and macro-average of F1-score
(Fmacro) are adopted to evaluate the performance
of our baseline models. First, the F1-score of label
“Favor” and “Against” is calculated as follows:

Ffavor =
2PfavorRfavor
Pfavor +Rfavor

(1)

Fagainst =
2PagainstRagainst
Pagainst +Ragainst

(2)

where P and R are precision and recall, respectively.
After that, the Favg is calculated as:

Favg =
Ffavor + Fagainst

2
(3)

We compute the Favg for each target. Fmacro is
calculated by averaging the Favg across all targets.

4.3 Baseline Methods

We run experiments with the following baselines.
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Target #Train %Favor %Against %None #Test %Favor %Against %None
Atheism 513 17.93 59.26 22.81 220 14.54 72.73 12.73
Climate 395 53.67 3.80 42.53 169 72.78 6.51 20.71
Feminism 664 31.63 49.40 18.97 285 20.35 64.21 15.44
Hillary 689 17.13 57.04 25.83 295 15.25 58.31 26.44
Abortion 653 18.53 54.36 27.11 280 16.43 67.50 16.07
Trump 0 - - - 707 20.93 42.29 36.78

Table 7: Data distribution of SemEval-2016 dataset.

Target Pair Total Train Dev Test
Trump-Clinton 1,722 1,240 177 355
Trump-Cruz 1,317 922 132 263
Clinton-Sanders 1,366 957 137 272
Total 4,455 3,119 446 890

Table 8: Data distribution of Multi-Target dataset.

BiLSTM (Schuster and Paliwal, 1997): A BiL-
STM model that takes tweets as inputs without
considering the target information.

CNN (Kim, 2014): Similar to BiLSTM, the
vanilla CNN only takes tweets as inputs and does
not consider the target information.

TAN (Du et al., 2017): TAN is an attention-based
LSTM model that extracts target specific features.

BiCE (Augenstein et al., 2016): A BiLSTM
that uses conditional encoding for stance detec-
tion. The target information is first encoded by a
BiLSTM, whose hidden representations are then
used to initialize another BiLSTM with tweets as
inputs. BiCE is also a strong baseline for cross-
target stance detection.

CrossNet (Xu et al., 2018): CrossNet is another
model for cross-target stance detection. It encodes
the target and the tweet by using the same approach
with BiCE and add an aspect attention layer to sig-
nal the core part of a stance-bearing input. Cross-
Net improves BiCE in many cross-target settings.

GCAE (Xue and Li, 2018): A CNN model
that utilizes a gating mechanism to block target-
unrelated information. GCAE is a strong baseline
for aspect-based sentiment analysis and we apply
it to our stance detection task.

PGCNN (Huang and Carley, 2018): Similar to
GCAE, PGCNN is based on gated convolutional
networks and encodes target information by gener-
ating target-sensitive filters.

BERT (Devlin et al., 2019): A pre-trained lan-
guage model that predicts the stance by appending

a linear classification layer to the hidden representa-
tion of [CLS] token. We fine-tune the BERT-base
on the stance detection task.

BERTweet (Nguyen et al., 2020): BERTweet
is another pre-trained language model following
the training procedure of RoBERTa (Liu et al.,
2019). Similar to BERT, we fine-tune the pre-
trained BERTweet to predict the stance by append-
ing a linear classification layer to the hidden rep-
resentation of the [CLS] token. The pre-trained
BERTweet model is fine-tuned under the PyTorch
framework. The maximum sequence length is set
to 128 and the batch size is 32. We use AdamW
optimizer (Loshchilov and Hutter, 2019) and the
learning rate is 2e-5.

5 Results

In this section, we present the set of experiments
performed on various stance detection tasks on our
dataset and show the results obtained by using the
aforementioned baselines. Each result is the aver-
age of seven runs with different initializations.

5.1 In-Target Stance Detection

In-target stance detection is a stance detection task
where a classifier is trained and validated on the
same target. Most previous works adopt an “Ad-
hoc” training strategy by training one model for
each target and evaluate it on the test set of that tar-
get (i.e., we train three different models if there are
three targets in the dataset). However, the model is
more likely to predict the stance by following spe-
cific patterns without fully considering the target
information and overfit. Therefore, to better eval-
uate the performance of baselines, we propose a
“Merged” training strategy by training and validat-
ing a model on all targets and testing it on separate
targets to be compared with the “Ad-hoc” setting.

Experimental results of these two different set-
tings are shown in Table 9. First, we can observe
that BERTweet performs best in both settings and
significantly outperforms the second best results,
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Method Trump Biden Sanders Fmacro Drop
Ad-hoc
BiLSTM 76.92 77.95 69.75 74.87 -
CNN 76.80 77.22 71.40 75.14 -
TAN 77.10 77.64 71.60 75.45 -
BiCE 77.15 77.69 71.24 75.36 -
PGCNN 76.87 76.60 72.13 75.20 -
GCAE 78.96 77.95 71.82 76.24 -
BERT 78.28 78.70 72.45 76.48 -
BERTweet 82.48† 81.02† 78.09† 80.53 -

Merged
BiLSTM 77.18 75.47 67.43 73.36 1.51
CNN 74.79 74.11 66.68 71.86 3.28
TAN 78.30 75.26 70.67 74.74 0.71
BiCE 77.67 75.69 69.37 74.24 1.12
PGCNN 77.36 74.96 70.29 74.20 1.00
GCAE 79.00 76.32 69.93 75.08 1.16
BERT 79.19 76.02 73.59 76.27 0.21
BERTweet 83.81† 79.08† 77.75† 80.21 0.32

Table 9: Comparison of different models on the P-
STANCE dataset (%). †: BERTweet model improves
the best baseline at p < 0.05 with paired t-test. Fmacro
is the average of all target pairs. “Drop” means perfor-
mance decline between two training strategies for the
same model. Bold scores are best overall.

demonstrating the effectiveness of this model. Sec-
ond, performance drops can be observed on all
models in the “Merged” setting and models (BiL-
STM and CNN) that do not consider target infor-
mation suffer the most severe drops, which means
our proposed training strategy can serve as a better
evaluation method to test whether the model learns
target-specific representations. Moreover, we can
observe that both BERTweet and BERT perform
well and have the minimum performance drops
compared with the other baselines, which demon-
strates that self-attention mechanism can better cap-
ture target-specific representations.

5.2 Cross-Target Stance Detection

Despite substantial progress on the stance detec-
tion, sufficient annotated data are usually hard to
obtain and conventional models on stance detec-
tion perform poorly on generalizing to the data of
new targets, which motivates the studies of cross-
target stance detection. The model of cross-target
stance detection is first trained and validated on a
source target, and then tested on a destination tar-
get. In this subsection, we show that our P-STANCE

dataset can be also used to evaluate the model per-
formance of cross-target stance detection and pro-
vides opportunities for exploring more cross-target
tasks by interacting with previous SemEval-2016
and Multi-Target stance datasets.

We use five targets for our experiments: “Donald

Target BiCE CrossNet BERTweet
P-STANCE dataset
DT→ JB 55.83 56.67 58.88
DT→ BS 51.78 50.08 56.50†

JB→ DT 58.16 60.43 63.64†

JB→ BS 60.24 60.81 67.04†

BS→ DT 51.41 52.99 58.75†

BS→ JB 57.68 62.57 72.99†

DT, JB→ BS 52.26 56.26 69.99†

DT, BS→ JB 53.73 55.57 68.64†

JB, BS→ DT 53.91 56.44 66.01†
P-STANCE→ previous datasets
DT→ HC 36.12 40.56 34.48
DT→ TC 59.37 59.40 63.89†

DT→ BS 47.73 48.93 51.00†

JB→ DT 48.90 49.77 56.00†
JB→ HC 56.77 55.54 57.55
JB→ TC 53.47 55.77 62.45†

JB→ BS 48.11 48.96 51.48†
BS→ DT 47.93 46.10 49.96
BS→ HC 49.97 50.49 52.81
BS→ TC 54.37 52.98 56.91†

Table 10: Comparison of different models for cross-
target stance detection (%). The first half reports the
cross-target results on our proposed P-STANCE dataset.
The second half reports the cross-target results that are
trained on the P-STANCE dataset and tested on the pre-
vious datasets. †: BERTweet model improves the best
baseline at p < 0.05 with paired t-test. Bold scores are
best overall.

Trump” (DT), “Joe Biden” (JB), “Bernie Sanders”
(BS), “Hillary Clinton” (HC), and “Ted Cruz” (TC).
Experimental results of cross-target stance detec-
tion are shown in Table 10. For the first half of
Table 10, only targets of P-STANCE dataset are
used to evaluate the model performance. How-
ever, for the second half, targets of SemEval-2016
and Multi-Target datasets also serve as destination
targets, which makes it a more challenging task
since the target-related topics in 2016 are quite dif-
ferent from the ones in 2020. More specifically,
we train and validate the model on a source target
of P-STANCE dataset and test it on the data of a
destination target, which is a combination of train,
validation, and test sets of previous datasets. Note
that we merge the data from SemEval-2016 and
Multi-Target datasets if these two datasets share
the same target, e.g., Hillary Clinton.

For the cross-target tasks only on the P-STANCE

dataset, first, we can observe from the Table 10 that
BERTweet achieves the best performance on all tar-
get configurations, demonstrating its effectiveness.
Moreover, BERTweet shows greater improvement
over the best baseline when training on the data of
two targets. The reason is that BERTweet learns
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more universal representations by leveraging the
data from two targets. Second, we see that Cross-
Net outperforms BiCE on almost all target configu-
rations, which is consistent with the observations
of previous studies (Xu et al., 2018; Zhang et al.,
2020). Third, we find that models achieve better
performance on JB→ BS and BS→ JB. One po-
tential explanation is that targets “Joe Biden” and
“Bernie Sanders” are from the same party and thus
share more similar topics.

For the second half of Table 10, we observe a sig-
nificant drop in performance on all models, which
verifies that it is more challenging to transfer the
knowledge to a destination target with more diverse
topics in the past. BERTweet still achieves the best
performance on almost all target configurations,
making it a highly competitive model for cross-
target stance detection task. Interestingly, we can
observe that both BiCE, CrossNet, and BERTweet
show better performance on target “Ted Cruz.” A
possible reason is that the data of “Ted Cruz” con-
tain more universal expressions and topics.

5.3 Cross-Topic Stance Detection

Obtaining sufficient annotated data of specific tar-
get from most recent past is challenging. However,
sometimes historical annotated data of the same
target are available. Therefore, motivated by a
desire to improve the models’ generalization abil-
ity to transfer knowledge from historical data, we
come up with a new stance detection task, named
cross-topic stance detection. Specifically, in this
task, the model of cross-topic stance detection is
first trained on the data of a target (e.g., Donald
Trump) in 2016, and then validated and tested on
the data of the same target in 2020. Note that the
annotated data of year 2016 are the same with the
data used in §5.2. The results are shown in Table
11. Since target “Joe Biden” is absent from the
previous stance detection datasets, we use targets
“Donald Trump” and “Bernie Sanders” for evalua-
tion. We can observe that BERTweet still performs
best on this task and the overall model performance
of cross-topic stance detection is better than that
of cross-target stance detection due to the use of
the same target in evaluation stage. Moreover, we
see that models perform relatively poorly on target
“Bernie Sanders”. One possible explanation is that
some topics, e.g. healthcare and climate change,
appear rarely in previous datasets.

Target BiCE CrossNet BERTweet
DT→ DT 58.60 59.41 73.58†

BS→ BS 59.04 57.66 66.48†

Table 11: Comparison of different models for cross-
topic stance detection (%). †: BERTweet model im-
proves the best baseline at p < 0.05 with paired t-test.
Bold scores are best overall.

5.4 Semi-Supervised Stance Detection

During elections, there is a considerable amount of
data generated by users expressing their opinions
about candidates, out of which only a small amount
can be annotated and used for supervised stance
detection. We explore the potential of the abundant
unlabeled tweets and show that we can leverage
them to improve the performance of our models.
To this end, we turn to semi-supervised learning,
and leverage techniques such as Uncertainty-aware
Self-Training (UST).

UST (Mukherjee and Awadallah, 2020) is a
semi-supervised approach which uses the standard
teacher-student self-training framework, but adds
a few powerful changes. Concretely, UST designs
different techniques which leverage the uncertainty
of the teacher model to select the unlabeled set
of examples in each self-training iteration. First,
we train our teacher model on the labeled exam-
ples. Next, we compute uncertainty estimates of
our teacher model on the set of unlabeled examples
by performing a few forward passes with dropout
enabled. Finally, we incorporate the uncertainty
estimates into our framework as follows: 1) We use
these estimates to select the examples for which
the teacher is most or least confident about. 2) We
incorporate the teacher confidence in the student
loss by penalizing the student’s misclassified exam-
ples in which the teacher has high confidence. We
use the BERTweet model as teacher and student.

We perform various experiments to show the
benefits of using a large amount of unlabeled data
from P-STANCE-EXT alongside our UST model.
We carry out three barely supervised experiments
with various number of examples in the training
set. Specifically, we experiment with 30, 50, and
100 training examples. Moreover, we also consider
an experiment using the whole training set to inves-
tigate the effect of the unlabeled examples when
all the training data are available. We run experi-
ments with different training sets, and report the
F1-scores obtained on the entire testing set.

We show the results of our semi-supervised ex-
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Method Trump Biden Sanders Fmacro

BERTweet 82.48 81.02 78.09 80.53
UST-30 61.02 64.34 60.45 61.94
UST-50 68.42 73.24 66.12 69.26
UST-100 74.45 79.46 71.67 75.19
UST-ALL 85.50† 82.22† 79.55† 82.42

Table 12: Semi-supervised learning results. †: UST-
ALL improves the BERTweet at p < 0.05 with paired
t-test.

periments in Table 12 and make the following ob-
servations. First, UST-ALL significantly outper-
forms the BERTweet model by 1.89% in a macro-
average F1-score when using both the labeled and
unlabeled data in a semi-supervised manner. Sec-
ond, with only 100 examples (2% of the available
training examples), UST-100 stays within 1.6%
F1-score of our best model that leverages the en-
tire training set of target “Joe Biden.” The results
indicate that the benefit of using semi-supervised
approaches is two-fold. On one hand, it enables
impressive performance in scarce label scenarios,
while on the other hand, it still brings gains in sce-
narios where considerable amounts of labeled data
are readily available.

6 Conclusion

In this paper, we introduced P-STANCE, an En-
glish stance detection dataset in the political do-
main, which is larger and more challenging com-
pared with previous datasets for stance detection.
Composed of 21,574 tweets that were collected
during the 2020 USA election, P-STANCE can
serve as a new benchmark for stance detection
and enable future research in other stance detec-
tion tasks, e.g., cross-target stance detection and
cross-topic stance detection. Experimental results
show that the BERTweet model significantly out-
performs other strong baselines not only on in-
target stance detection, but also on cross-target and
cross-topic stance detection. Moreover, the per-
formance of BERTweet can be further improved
by using semi-supervised learning. Future work
includes constructing another large dataset for a
more challenging task, i.e., multi-target stance de-
tection, and studying the multilingual stance detec-
tion with the union of P-STANCE and other multi-
lingual datasets.
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Abstract

Domain Adaptation is a fundamental prob-
lem in machine learning and natural language
processing. In this paper, we study the do-
main adaptation problem from the perspective
of instance weighting. Conventional instance
weighting approaches cannot learn the weights
which make the model generalize well in target
domain. To tackle this problem, inspired by
meta-learning, we formulate the domain adap-
tation problem as a bi-level optimization prob-
lem, and propose a novel differentiable model-
agnostic instance weighting algorithm. Our
proposed approach can automatically learn the
instance weights instead of using manually de-
signed weighting metrics. To reduce the com-
putational complexity, we adopt the second-
order approximation technique during train-
ing. Experimental results1 on three different
NLP tasks (Sentiment Classification, Neural
Machine Translation and Relation Extraction)
illustrate the efficacy of our proposed method.

1 Introduction

Domain shift is a challenging problem which is
commonly encountered in Natural Language Pro-
cessing (NLP). Due to the data distribution dis-
crepancy between source and target domain, the
model trained on the data from source domain may
fail to achieve satisfying performance in target do-
main. Therefore we face the domain adaptation
problem. In some real-world situations, we may
only focus on the performance of our model on a
specific domain. To maintain the performance, we
need labeled training data for supervised learning.
However, we often cannot collect enough labeled
training data relevant to the domain we are inter-
ested in (in-domain). Thus, we need to introduce
more labeled data from other different domains

1The code is available at https://github.com/
CasparSwift/WIND

(out-of-domain). We aim to leverage the general
knowledge from out-of-domain dataset to enhance
the in-domain performance of our model.

We consider a specific domain adaptation sce-
nario in this work, where we have a few labeled
in-domain training data and meanwhile we have
sufficient labeled out-of-domain training data from
other general domains.

Training on these two datasets jointly is a
straightforward solution for this scenario, but not
all samples from out-of-domain dataset has equal
effect during the training procedure. Several stud-
ies (Koehn and Knowles, 2017) on neural machine
translation (NMT) task show that, out-of-domain
instances relevant to the in-domain data are benefi-
cial while the instances irrelevant to the in-domain
data may be even harmful to the translation quality.
Apart from that, for sentiment classification task,
some general expressions such as “I’m truly im-
pressed by the design.” may appear in all domains.
Taking them as training samples can help the model
to learn general syntactic and semantic knowledge,
which improves the cross-domain sentiment clas-
sification performance. But using examples like
“This chair is solid.” (negative sentiment, furniture
domain) may reduce the accuracy of classifying
“This knife is solid.” (positive sentiment, kitchen
domain), because “solid” has different meanings
in these two domains. Any domain-specific ex-
pression like this would probably introduce some
noise. So it is essential to find a suitable strategy to
measure the importance of each training sample.

There are many instance weighting (or instance
selection) methods to tackle this problem. They
assign a weight to each instance and transform the
loss function to a weighted-sum formula. Most of
the conventional methods (Jiang and Zhai, 2007;
Gretton et al., 2006, 2009; Axelrod et al., 2011;
Wang et al., 2017; Zhang and Xiong, 2018; Wang
et al., 2019; Dou et al., 2020) propose different
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kinds of manually designed metrics to calculate
the weights of instances. The core idea of these
methods is to weight the instances according to
their importance and similarity to the target do-
main. However, in our domain adaptation setting,
the size of out-of-domain corpus is much larger
than that of in-domain corpus. The weights learned
by the previous methods may be biased to the out-
of-domain data, which would unavoidably result in
poorer performance on the in-domain data. In this
paper, we seek to automatically learn the weights
which make the model generalize well on the unbi-
ased in-domain data.

Inspired by Model-Agnostic Meta-Learning
(MAML) (Finn et al., 2017), we introduce an-
other unbiased subset from in-domain data which
serves as a query set. We propose a novel model-
agnostic differentiable instance weighting approach
named “WIND” (means Weighting INstances
Differentially) which is a general framework and
can be applied to all tasks in our domain adaptation
settings. Moreover, we hope to get rid of manually
designed metrics and let the weights to be differ-
entiable. To reduce the computational complexity,
we adopt a second-order derivation approximation
approach for calculating the gradient of weights.
We conduct plenty of experiments on datasets from
three representative NLP tasks: sentiment classifi-
cation, machine translation and relation extrac-
tion. The results show that our proposed method
substantially outperforms several strong baselines.

The contributions of our work can be summa-
rized as follows:

• We propose a novel differentiable instance
weighting algorithm for domain adaptation,
which learns the weights of instances with
gradient descent and does not need manually
designed weighting metrics.

• We adopt a second-order approximation tech-
nique to speed up the model training.

• We conduct experiments on three typical
NLP tasks: Sentiment Classification, Machine
Translation and Relation Extraction. Experi-
ment results demonstrate the effectiveness of
the proposed method. Code will be released.

2 Methodology

In this section, we first formulate our domain adap-
tation problem and introduce some notations. Then

we present the proposed gradient-based model-
agnostic instance weighting framework for our set-
ting and introduce the method to approximate the
second-order derivation of query loss. Finally, we
discuss some optimization details of our method.

2.1 Problem Formulation

Let Dtrain, Ddev and Dtest denote our train, de-
velopment and test datasets respectively. We use
Dtrain for model training,Ddev for hyperparameter
tuning and Dtest for model testing. Both Ddev and
Dtest are in-domain data. Differently, Dtrain con-
sists of sufficient labeled out-of-domain training
samples Dout = {(xi, yi)}mi=1 and a few labeled
in-domain training samples Din = {(xi, yi)}ni=1,
where n << m.

How to efficiently utilize Din is the key to bet-
ter domain transfer. To tackle this problem, in
this paper we first sample an in-domain train sub-
set Dit = {(xi, yi)}n1

i=1 from Din and we assign
a scalar weight wi to each instance (xi, yi) ∈
Dit∪Dout. We hope that during training, the model
can find the optimal weight w = (w1, ..., wn1+m)
by itself. For this purpose, the weight w should
be differentiable and can be optimized by gradi-
ent descent. Moreover, we denote the deep neural
network (DNN) as a function fθ : X → Y which
is parameterized by θ and maps xi from the input
space to the label space. In our instance weighting
setting, the training loss follows a weighted-sum
formula:

Ltrain(θ,w) =
1

n1 +m

∑

(xi,yi)∈
Dit∪Dout

wi`(fθ(xi), yi)

(1)
where ` denotes the loss function, which can be any
kind of loss such as cross entropy loss for classifi-
cation tasks, or label-smoothed cross entropy loss
for machine translation.

Jointly optimizing θ and w using Eq. 1 is a
straightforward solution. However, due to the
data distribution discrepancy of in-domain and
out-of-domain datasets, learning w directly from
Dit ∪ Dout by Eq. 1 may introduce bias. What
we expect is that the model trained on w can
be generalized to the in-domain data. In order
to achieve this goal, inspired by MAML (Finn
et al., 2017), we propose to sample another sub-
set Dq = {(xi, yi)}n2

i=1 named query set from Din.
We propose to use this query set to optimize w.
Specifically, we aim to obtain a weight vector w
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which minimizes the loss on Dq:

Lq(θ) =
1

n2

∑

(xi,yi)∈Dq
`(fθ(xi), yi) (2)

Note that we only weight n1 +m instances from
Dit ∪ Dout, so Lq(θ) has a standard form, not a
weighted-sum form.

Given a specific w, we can train a model with
the loss Ltrain(θ,w) and then get the optimized
parameter θ∗. We aim to minimize the loss on the
query set given θ∗. Therefore, our problem can be
formulated as the following bilevel optimization
problem (Colson et al., 2007):

min
w

Lq(θ∗)
s.t. θ∗ = argmin

θ
Ltrain(θ,w)

(3)

This bilevel formulation arises in many meta-
learning or hyperparameters optimization (HPO)
problems (Bergstra et al., 2013; Franceschi et al.,
2018), where the optimization of the outer objective
Lq depends on the optimization of inner objective
Ltrain. In fact, Eq. 3 is a special case of hyper-
paramter optimization, because w can be viewed
as special hyperparameter of our model. In Sec-
tion 2.2, we will introduce our proposed algorithm
to solve this nested formulation.

2.2 Optimization of Instance Weights
It is difficult to directly solve the above-mentioned
bilevel optimization problem because of its high
complexity of solving the inner objective. There
are many gradient-based methods (Maclaurin et al.,
2015; Franceschi et al., 2018) to solve this problem.
However, unlike typical hyperparameters such as
learning rate, the instance weight w is of high di-
mension. It is even harder to optimize this problem
in our setting.

Inspired by the optimization techniques used
in model-agnostic meta-learning (MAML) (Finn
et al., 2017), we split the training procedure of each
iteration into the following three steps.

2.2.1 Pseudo Update
Firstly, we sample two mini-batches of data from
Dit ∪ Dout and Dq respectively, Then we compute
the model’s parameters after one step update by the
gradient of Ltrain(θ,w) respect to θ:

θ̂ = θ − β · ∇θLtrain(θ,w) (4)

where β denotes the learning rate of this step.

This step is just “pseudo update”. After updating,
we do not replace original parameters θ with the
adapted parameters θ̂. Instead, we store both θ and
θ̂. We will use θ̂ to calculate the gradient of w
in the second step. So in our proposed algorithm,
θ̂ is just an intermediate variable which will be
abandoned in the end of current iteration.

2.2.2 Instance Weight Update
Then we calculate the instance weightsw using θ̂.
In this step, our goal is to find an optimal w∗. We
expectw∗ to have the property that: optimizing one
step by Ltrain(θ,w∗) should result in a decrease
of query loss. In other words, we expect w∗ to
minimize the loss on the query set after one step
update:

w∗ = argmin
w

Lq(θ̂)

= argmin
w

Lq(θ − β · ∇θLtrain(θ,w))
(5)

Note that this is an approximation for the outer
objective of Eq. 3. Theorectically, we can perform
gradient descent for many steps to find w∗. But
it is time-consuming. So basically we optimize w
with the gradient of Lq(θ̂) with respect to w for
only one step:

ŵ = w − γ · ∇wLq(θ̂) (6)

where γ denotes the learning rate of w.
We take ŵ as an approximation of w∗. Using

multiple gradient updates forw is a straightforward
extension of this step, which will lead to more
accurate approximation for w∗ while increasing
the computational complexity at the same time.

2.2.3 Final Update
In the previous two steps, we have an approxi-
mately optimal weights ŵ. We use it for actual
update for θ:

θ ← θ − β · ∇θLtrain(θ, ŵ) (7)

Current iteration ends after this step. As men-
tioned before, θ̂ will be abandoned, but we can
choose whether ŵ to be abandoned or not. This
will be further discussed in Section 2.4.3.

2.3 Second-Order Derivation Approximation

There is a fatal problem when calculating the gra-
dient∇wLq(θ̂) in the instance weight update (Sec-
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tion 2.2.2). We apply the chain rule to Eq. 6:

ŵ = w − γ · ∇wLq(θ̂)
= w − γ · ∇

θ̂
Lq · ∇wθ̂

= w + βγ · ∇
θ̂
Lq · ∇2

θ,wLtrain
(8)

We use |θ|, |w| to denote the dimensions of
θ,w respectively. The second-order derivation
∇2
θ,wLtrain is a |θ|× |w|matrix which is too huge

to calculate and store. Apart from that, calculating
the matrix-vector product is also expensive. Pre-
cisely calculating the results is unrealistic. Fortu-
nately, we can adopt the approximation technique
used in DARTS (Liu et al., 2018) to solve this
problem. This technique uses the finite difference
approximation:

∇
θ̂
Lq · ∇2

θ,wLtrain ≈
∇wLtrain(θ+,w)−∇wLtrain(θ−,w)

2ε

(9)

θ+ = θ + ε∇
θ̂
Lq

θ− = θ − ε∇
θ̂
Lq

(10)

where ε is a small scalar. We follow Liu et al.
(2018) to set ε = 0.01/‖∇

θ̂
Lq‖2 which is accurate

enough for approximation. Let α = βγ, we can
adjust the learning rate of w by tuning α.

Calculating this approximated gradient needs
only another two forward passes for θ+ and θ−,
which greatly accelerates the training procedure.
More details about the training process are de-
scribed in Algorithm 1.

2.4 Optimization Details

2.4.1 Dataset Split Strategy

The data split of query set Dq is critical. As men-
tioned in Section 2.1, we randomly sample Dit and
Dq from in-domain training set Din. If we have
enough in-domain data, Dit and Dq should be dis-
joint. However, our in-domain training set is not
so large, and splitting it will make it even smaller.
As a result, we use Din = Dq = Dit instead of
sampling. The ablation studies about this issue are
shown in Section 3.5.

2.4.2 Scaling the Weights

In this work, an extreme value of wi may make
the training unstable. It is important to scale it to
an appropriate range. In practice, we use sigmoid

Algorithm 1 WIND (Weighting INstances
Differentially)

1: Input: In-domain training set Dit, out-of-
domain set Dout, query set Dq, model parame-
ter θ

2: Initialize the weights w (see Section 2.4.3)
3: for i = 1 to epochs do
4: for j = 1 to steps per epoch do
5: Get a mini-batch (xt,yt) ∈ Dit ∪ Dout
6: Get a mini-batch (xv,yv) ∈ Dq
7: for k = 1 to inner steps do
8: Obtain θ̂ by Eq. 4
9: Obtain ŵ by Eq. 6 and Eq. 9

10: Update w in the storage by ŵ
11: end for
12: Update θ by Eq. 7
13: end for
14: end for

function to normalize it into [0, 1]:

Ltrain =
1

n1 +m

∑

(xi,yi)∈
Dit∪Dout

σ(wi)`(fθ(xi), yi)

(11)
2.4.3 Initialization of Instance Weight
How to initialize w is an important issue. In this
paper, we assume that all the training samples from
in-domain training setDit are beneficial and should
be highly weighted. For samples inDit, we fix their
weights to a very large number at the beginning
of training, which is close to 1 after calculating
by the sigmoid function. For samples in Dout, we
initialize their weights all by zeros. During training,
we do not optimize the weights of the in-domain
training samples and only update the weights of the
out-of-domain training samples.

Moreover, when to initialize w is another im-
portant issue. We propose two different kinds of
initialization strategy. One is to initialize w at the
beginning of each iteration. Another alternative is
to initialize w at the beginning of the training, and
update w in the storage every iteration. In practice,
we choose the latter. Although the former is more
easy to implement, it cannot make use of ŵ from
previous iterations.

3 Experiments

To evaluate the effectiveness of our proposed
method introduced in Section 2 and demonstrate its
model-agnostic property, we apply our method to
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Dataset Sentences
B-train (Din) 500
D,E,K (Dout) 18,000
B-dev (Ddev) 1,500
B-test (Dtest) 4,000

Table 1: Statistics of sentiment classification setting
with books domain as the in-domain.

Dataset Sentences
TED training (Din) 202,356
WMT14 subset (Dout) 500,000
TED tst2012 (Ddev) 1,700
TED tst2013 (Dtest) 993
TED tst2014 (Dtest) 1,305

Table 2: Statistics of machine translation setting.

Dataset Docs Relations
bc-train (Din) 10 222
nw & bn (Dout) 332 4,695
bc-dev (Ddev) 10 347
bc-test (Dtest) 40 1,036

Table 3: Statistics of relation extraction setting.

three different dataset settings of three tasks: Sen-
timent Classification, Machine Translation (MT)
and Relation Extraction, respectively.

3.1 Datasets

For sentiment classification task, we conduct the
experiments on the widely-used Amazon Review
Dataset (Blitzer et al., 2007). This dataset con-
tains four domain: books (B), dvd (D), electronics
(E) and kitchen (K). Each domain contains the re-
views of a specific category of products. We use
the data processed by He et al. (2018) and collect
6000 labeled samples for each domain. We split
the data of each domain into training (Din), devel-
opment (Ddev) and test (Dtest) set. In each domain
adaptation setting, we choose the training data of
one domain as the in-domain data (Din) and all
data of other three domains as the out-of-domain
data (Dout). Table 1 shows an example with books
domain as the in-domain.

For machine translation task, similar to the set-
tings of Luong and Manning (2015); Wang et al.
(2017); Zeng et al. (2019), we use the IWSLT 2016
English (EN) to German (DE) corpus (Cettolo et al.,
2016) as the in-domain data. This corpus contains
about 202K sentences from TED talks. For out-of-
domain data, we randomly sample a subset of 500K
sentences from the WMT 2014 English-German
corpus. Table 2 show the statistics of the datasets.

For relation extraction task, we evaluate our
method on the ACE 2005 dataset. This dataset

is suitable for evaluating domain adaptation be-
cause it contains six different domains. It has been
adopted by many previous works (Nguyen and Gr-
ishman, 2014; Gormley et al., 2015; Fu et al., 2017)
for cross-domain relation extraction. In this work,
we take broadcast news (bn) and newswire (nw)
domain as out-of-domain, and split broadcast con-
versation (bc) domain into train/dev/test sets with
the ratio of 1 : 1 : 4. Table 3 shows the detailed
statistics.

3.2 Implementation Details

For sentiment classification task, we use the pre-
trained BERT-base-uncased (Devlin et al., 2018)
model provided by HuggingFace (Wolf et al., 2019)
as our feature extractor. Our sentiment classifier
is a one-hidden-layer MLP with ReLU as the ac-
tivation function. For the optimization of model
parameters θ, we use the AdamW (Loshchilov and
Hutter, 2018) as the optimizer with a learning rate
of 2e−5, a warmup of 0.1 (of the total steps) and a
linearly decayed learning rate scheduler. The com-
putational cost is about 8-12 GPU hours on Tesla
V100.

For machine translation, we choose a vanilla
Transformer (Vaswani et al., 2017) as our back-
bone. We implement some baseline methods and
our method via fairseq toolkit (Ott et al., 2019).
We use MOSES2 scripts to tokenize the English
and German sentences, and then we apply Byte
Pair Encoding (BPE) (Sennrich et al., 2015) algo-
rithm to split the words into subwords. We limit the
maximum length of the sentences to 250 subwords.
We choose to share the embeddings of English and
German with the vocabulary size of 32,000. We
use Adam (Kingma and Ba, 2014) as the optimizer
and a decayed learning rate of 7e− 4.

For relation extraction, we only focus on rela-
tion classification when the entity pairs are given
for simplicity. We use the RBERT (Wu and He,
2019) model as our backbone. The configurations
of optimizer and learning rate are the same as those
in our sentiment classification experiments.

3.3 Baselines

We implemented the following baseline methods
for comparison with our methods. It’s worth noting
that we don’t choose some baselines (Jiang and
Zhai, 2007; Wang et al., 2017) of instance weight-

2https://github.com/moses-smt/
mosesdecoder
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Method B D E K Avg.

In 87.50 86.75 89.38 89.50 88.28
Out 90.17 90.17 92.58 92.95 91.47
In+Out 91.20 90.78 92.58 93.12 91.92
Ensemble (Wang et al., 2017) 90.55 90.00 92.83 92.83 91.55
IW-Fit (Wang et al., 2019) 90.40 90.00 92.85 92.62 91.47
DANN (Ganin et al., 2016) 91.15 90.88 93.35 93.35 92.18
WIND (ours) 91.65 91.08 93.10 94.00 92.46

Table 4: Experiment results (Accuracy) of domain adaptation for sentiment classification.

Method tst2012 tst2013 tst2014

In - 29.47 25.18
Out 21.45 22.50 19.63
In+Out 29.60 32.50 28.72
DM (Britz et al., 2017) - 31.57 27.60
IDDA (Zeng et al., 2019) - 32.93 28.88
WIND (ours) 30.77 33.58 29.26

Table 5: Experiment results (BLEU) of domain adap-
tation for machine translation.

Method test set

In 68.05
Out 88.22
In+Out 89.58
DANN (Fu et al., 2017) 89.38
WIND (ours) 90.54

Table 6: Experiment results (Accuracy) of domain
adaptation for relation extraction.

ing because they are quite early work and it’s unfair
to compare with them.

For sentiment classification:

• In A pre-trained BERT only fine-tuned on the
in-domain training set.

• Out A pre-trained BERT only fine-tuned on
the out-of-domain training set.

• In+Out A pre-trained BERT fine-tuned on
both in-domain and out-of-domain data.

• Ensemble It ensembles the in model and the
out model by adding their predictions. Note
that this method is used as a baseline in Wang
et al. (2017). Although Wang et al. (2017)
conducted the experiments on machine trans-
lation, we can still adopt this method on senti-
ment classification task.

• IW-Fit It uses the weighting strategy pro-
posed by Wang et al. (2019) for domain trans-
fer.

• DANN It introduces the domain classifier and
adversarial training as proposed by Ganin et al.
(2016).

For machine translation, the meanings of In,
Out and In+Out is the same as those in the senti-
ment classification setting. There are some other
baselines for machine translation setting:

• DM This indicates the Discriminative Mixing
method proposed by Britz et al. (2017), which
adds a domain classifier to the encodings of
source sentences similar to DANN (Ganin
et al., 2016).

• IDDA This indicates Iterative Dual Domain
Adaptation methods proposed by Zeng et al.
(2019), which iteratively performs bidirec-
tional translation knowledge transfer using
knowledge distillation between in-domain and
out-of-domain. Note that this method focuses
on the performance of both domains but in
this paper we only focus on in-domain perfor-
mance.

For relation extraction, besides the In, Out
and In+Out approaches, we also choose Fu et al.
(2017) as our baseline. This method simply intro-
duces DANN (Ganin et al., 2016) to cross-domain
relation extraction. Note that it is implemented by
convolutional neural network, we reimplement a
RBERT (Wu and He, 2019) version of it.

3.4 Experiment Results

Table 4 shows the overall performance of our meth-
ods in the domain adaptation setting on the senti-
ment classification task. Our method achieves an
absolute improvement of 0.45, 0.40, 0.52 and 0.88
points on four settings respectively in comparison
to the In+Out baseline. Moreover, our method out-
performs all the domain adaptation methods on the
settings with B, D, K as the in-domain data except
the E domain. Although our method does not beat
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all baselines on all settings, it achieves the best
average performance across the four settings. On
average, we achieve an improvement of 0.28 point
over DANN and 0.54 point over In+Out.

Table 5 shows the performance for the ma-
chine translation task. We use BLEU (Papineni
et al., 2002) scores to measure the performance.
Our method beats all baselines on all test sets
(tst2013,tst2014) and the development set (tst2012).
On these three datasets, we observe an improve-
ment of 1.17, 1.08 and 0.54 BLEU points com-
pared to In+Out. On tst2013 and tst2014 test sets,
we also achieve an improvement of 0.65 and 0.38
BLEU points compared to IDDA (Zeng et al., 2019)
method. Table 6 further shows our method’s effec-
tiveness on the relation extraction task.

Furthermore, from the results in Tables 4, 5 and
6, we can make the following observations:

(1) In comparison to the method in (Wang et al.,
2019) which uses manually designed weighting
metrics, our differentiable weighting approach out-
performs it in the sentiment classification task. This
result demonstrates that designing the metrics man-
ually may not be the best solution for all the tasks.
Designing them requires many prior human ex-
pert knowledge which is hard to generalize well
across tasks. By contrast, our method can learn
instance weights with the help of meta-learning
based algorithm to improve the models’ in-domain
generalization capability.

(2) Domain adversarial based method is a strong
baseline which is surpassed only by our method
in the sentiment classification task and the rela-
tion extraction task. However, it performs not so
well for the machine translation task. The poten-
tial reason may be that Britz et al. (2017) intro-
duces the domain classifier after the encoder to
learn domain-invariant features of sentences from
source language, but both domains share the same
decoder which cannot discriminate the features en-
coded by the encoder. In other words, this type of
method may only pay attention to the encoder and
ignore the domain transfer of decoder. In contrast,
our method overcomes this problem by consider-
ing weighting the loss of the whole model and thus
achieves better performance.

(3) For all three tasks, adding out-of-domain
corpus to the training set will improve the over-
all performance. We believe that adding the data
of some general domains can help the model bet-
ter learn domain-invariant syntactic and semantic

Method B D E K

WIND+split-init 91.10 90.55 92.68 93.60
WIND+split 91.50 91.12 93.42 94.00
WIND+rand 91.17 91.03 93.33 93.95
WIND 92.12 91.28 93.65 94.15

Table 7: The comparison between different variants of
our method on the sentiment classification task. Note
that the results in this table are evaluated under |Din| =
1, 000 setting. “+rand” means randomly initializing w.
“+split” means splittingDin into disjointDit andDq . “-
init” means not assigning a large number to in-domain
data weights.

knowledge, so it can improve the performance on
the in-domain data. This is consistent with the
conclusions reached by transfer learning. Interest-
ingly, this result is contradictory to the observation
of Wang et al. (2017), whose experiment results
show that adding out-of-domain to in-domain data
degraded machine translation performance. We sus-
pect that there is a problem with their training strat-
egy. The hyperparameters required under each set-
ting may be different. Some hyperparameters that
are set incorrectly (e.g. the same as In) may make
the result of In+Out even worse. Another reason
may be that the RNN-based sequence-to-sequence
NMT system they used tends to be more sensitive
to the noise while the Transformer (Vaswani et al.,
2017) model we used is more robust.

All in all, as we expected, our proposed method
WIND achieves the best performance under the
three task settings. This illustrates the advantages
of using differentiable method for data weighting.

3.5 Ablation Study

In this part, we study the effect of the strategies
mentioned in Section 2.4.1 and Section 2.4.3. The
experiment results shown in Table 7 demonstrate
that:

(1) Assigning the weights of in-domain instances
to a large number (1e8) and fixing them during
training can improve the accuracy. The weights of
this part do not actually need to be learned. Fixing
them may reduce the interference to the learning
process from the out-of-domain data.

(2) Zero initialization for weights of out-of-
domain instances is better than the random initial-
ization. The underlying reason for this may be that
random initialization may easily make the model
stuck into a local minima.

(3) No splitting for Din can improve the perfor-
mance as well. Intuitively, this improvement comes
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Figure 1: The effect of in-domain dataset size on the
sentiment classification task.

from the increased size of in-domain training set,
which enables us to make more use of the scarce
in-domain training samples.

3.6 Effect of In-Domain Dataset Size
In this part, we aim to study the impact of in-
domain dataset size n. Besides n = 500 setting,
we sample another two different Din with n = 100
and n = 1000. The rest of in-domain data is used
as development set. We evaluate all three settings
on the same Dtest mentioned in Table 1.

Figure 1 shows the average accuracy over four
domain settings when using different domain adap-
tation methods. We found that DANN (Ganin et al.,
2016) may not perform so well when in-domain
data are scarce. But our method can still achieve
consistent improvements in this three dataset size
settings.

4 Related Work

4.1 Domain Adaptation
Domain Adaptation is a fundamental problem in
machine learning and NLP. We aim to train a well-
performing model on a source domain which can
be generalized to a target domain.

The basic idea for domain adaptation is to learn
domain-invariant representations which generalize
across the domains. To achieve this, the most pre-
vailing method Domain Adversarial Neural Net-
work (DANN) (Ganin et al., 2016; Qu et al., 2019;
Xue et al., 2020) introduces a domain classifier
and uses adversarial training to make the features
unable to discriminate between source and target
domains. This method has been applied to many
NLP tasks. However, out-of-domain data is far
more than in-domain data in our setting. DANN
may cause some bias in this unbalanced dataset.
Another type of methods (Fang and Xie, 2020; Li
et al., 2020) propose to learn domain-general rep-
resentations by contrastive learning (Chen et al.,

2020a; He et al., 2019; Chen et al., 2020b). But
they mainly focus on classification task and the
methods are not model-agnostic frameworks.

4.2 Cross-Domain Sentiment Classification

Sentiment classification task aims to automatically
classify the sentiment polarity of the given texts.
Cross-domain sentiment classification aims to gen-
eralize the sentiment classifier from source domain
to target domain.

Besides the domain adaptation methods intro-
duced in Section 4.1, there are some methods which
are specific for cross-domain sentiment classifi-
cation. An important line of works follow the
Structural Correspondence Learning (SCL) (Blitzer
et al., 2006), and they design an auxiliary task
called pivot prediction to transfer domain-invariant
knowledge (Pan et al., 2010; Yu and Jiang, 2016;
Ziser and Reichart, 2016, 2018, 2019). But the
pivot words need human knowledge to select,
which may be not so accurate. Recently, the pre-
trained language models such as BERT (Devlin
et al., 2018) have achieved state-of-the-art on many
NLP tasks. DAAT (Du et al., 2020) performs a
novel post-training procedure on BERT and uses
adversarial training to transfer domain knowledge.
But this method only works for classification task
while our method is model-agnostic and does not
need two-stage post-training and fine-tuning.

4.3 Meta-Learning

The goal of meta-learning is to train a model that
can adapt to a new task quickly given a few new
samples. In other words, meta-learning can learn
the initial value of the model that is close to the
optimums of many different tasks. MAML (Finn
et al., 2017) is a classical method for meta-learning.
Each entry of the meta-training set of MAML is a
subset contains training data (support set) and test
data (query set). MAML calculates the loss on the
query set based on the parameters after one-step op-
timization on support set, and uses the gradient of
this loss to update the model parameters. MAML
has also been adopt for natural language under-
standing task before (Dou et al., 2019). Despite our
domain adaptation setting is quite different from
that in MAML, we can still utilize the idea of their
work to help domain generation.
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5 Conclusion

In this paper, we propose WIND, a differentiable
instance weighting method for model-agnostic do-
main adaptation, which is inspired by the ideas of
meta-learning to learn the weights on the in-domain
query set. Experiment results on three typical NLP
tasks show the efficacy of our framework.

It remains an open question how to efficiently
transfer the domain knowledge. In the future, we
plan to evaluate our method on more different tasks.
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Bentivogli, Roldano Cattoni, and Marcello Federico.
2016. The iwslt 2016 evaluation campaign. In In-
ternational Workshop on Spoken Language Transla-
tion.

Ting Chen, Simon Kornblith, Mohammad Norouzi,
and Geoffrey Hinton. 2020a. A simple framework
for contrastive learning of visual representations.
arXiv preprint arXiv:2002.05709.

Xinlei Chen, Haoqi Fan, Ross Girshick, and Kaim-
ing He. 2020b. Improved baselines with mo-
mentum contrastive learning. arXiv preprint
arXiv:2003.04297.

Benoı̂t Colson, Patrice Marcotte, and Gilles Savard.
2007. An overview of bilevel optimization. Annals
of operations research, 153(1):235–256.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2018. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing. arXiv preprint arXiv:1810.04805.

Zi-Yi Dou, Antonios Anastasopoulos, and Graham
Neubig. 2020. Dynamic data selection and weight-
ing for iterative back-translation. arXiv preprint
arXiv:2004.03672.

Zi-Yi Dou, Keyi Yu, and Antonios Anastasopoulos.
2019. Investigating meta-learning algorithms for
low-resource natural language understanding tasks.
arXiv preprint arXiv:1908.10423.

Chunning Du, Haifeng Sun, Jingyu Wang, Qi Qi, and
Jianxin Liao. 2020. Adversarial and domain-aware
bert for cross-domain sentiment analysis. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 4019–
4028.

Hongchao Fang and Pengtao Xie. 2020. Cert: Con-
trastive self-supervised learning for language under-
standing. arXiv preprint arXiv:2005.12766.

Chelsea Finn, Pieter Abbeel, and Sergey Levine. 2017.
Model-agnostic meta-learning for fast adaptation of
deep networks. arXiv preprint arXiv:1703.03400.

Luca Franceschi, Paolo Frasconi, Saverio Salzo,
Riccardo Grazzi, and Massimilano Pontil. 2018.
Bilevel programming for hyperparameter opti-
mization and meta-learning. arXiv preprint
arXiv:1806.04910.

Lisheng Fu, Thien Huu Nguyen, Bonan Min, and
Ralph Grishman. 2017. Domain adaptation for re-
lation extraction with domain adversarial neural net-
work. In Proceedings of the Eighth International
Joint Conference on Natural Language Processing
(Volume 2: Short Papers), pages 425–429.

Yaroslav Ganin, Evgeniya Ustinova, Hana Ajakan,
Pascal Germain, Hugo Larochelle, François Lavi-
olette, Mario Marchand, and Victor Lempitsky.
2016. Domain-adversarial training of neural net-
works. The Journal of Machine Learning Research,
17(1):2096–2030.

2374



Matthew R Gormley, Mo Yu, and Mark Dredze.
2015. Improved relation extraction with feature-rich
compositional embedding models. arXiv preprint
arXiv:1505.02419.

Arthur Gretton, Karsten Borgwardt, Malte Rasch, Bern-
hard Schölkopf, and Alex Smola. 2006. A kernel
method for the two-sample-problem. Advances in
neural information processing systems, 19:513–520.

Arthur Gretton, Alex Smola, Jiayuan Huang, Mar-
cel Schmittfull, Karsten Borgwardt, and Bernhard
Schölkopf. 2009. Covariate shift by kernel mean
matching. Dataset shift in machine learning, 3(4):5.

Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, and
Ross Girshick. 2019. Momentum contrast for un-
supervised visual representation learning. arXiv
preprint arXiv:1911.05722.

Ruidan He, Wee Sun Lee, Hwee Tou Ng, and Daniel
Dahlmeier. 2018. Adaptive semi-supervised learn-
ing for cross-domain sentiment classification. arXiv
preprint arXiv:1809.00530.

Jing Jiang and ChengXiang Zhai. 2007. Instance
weighting for domain adaptation in nlp. In Proceed-
ings of the 45th annual meeting of the association of
computational linguistics, pages 264–271.

Diederik P Kingma and Jimmy Ba. 2014. Adam: A
method for stochastic optimization. arXiv preprint
arXiv:1412.6980.

Philipp Koehn and Rebecca Knowles. 2017. Six
challenges for neural machine translation. arXiv
preprint arXiv:1706.03872.

Tian Li, Xiang Chen, Shanghang Zhang, Zhen Dong,
and Kurt Keutzer. 2020. Cross-domain senti-
ment classification with contrastive learning and
mutual information maximization. arXiv preprint
arXiv:2010.16088.

Hanxiao Liu, Karen Simonyan, and Yiming Yang.
2018. Darts: Differentiable architecture search.
arXiv preprint arXiv:1806.09055.

Ilya Loshchilov and Frank Hutter. 2018. Fixing weight
decay regularization in adam.

Minh-Thang Luong and Christopher D Manning. 2015.
Stanford neural machine translation systems for spo-
ken language domains. In Proceedings of the In-
ternational Workshop on Spoken Language Transla-
tion, pages 76–79.

Dougal Maclaurin, David Duvenaud, and Ryan Adams.
2015. Gradient-based hyperparameter optimization
through reversible learning. In International Confer-
ence on Machine Learning, pages 2113–2122.

Thien Huu Nguyen and Ralph Grishman. 2014. Em-
ploying word representations and regularization for
domain adaptation of relation extraction. In Pro-
ceedings of the 52nd Annual Meeting of the Associa-
tion for Computational Linguistics (Volume 2: Short
Papers), pages 68–74.

Myle Ott, Sergey Edunov, Alexei Baevski, Angela
Fan, Sam Gross, Nathan Ng, David Grangier, and
Michael Auli. 2019. fairseq: A fast, extensi-
ble toolkit for sequence modeling. arXiv preprint
arXiv:1904.01038.

Sinno Jialin Pan, Xiaochuan Ni, Jian-Tao Sun, Qiang
Yang, and Zheng Chen. 2010. Cross-domain senti-
ment classification via spectral feature alignment. In
Proceedings of the 19th international conference on
World wide web, pages 751–760.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic eval-
uation of machine translation. In Proceedings of the
40th annual meeting of the Association for Compu-
tational Linguistics, pages 311–318.

Xiaoye Qu, Zhikang Zou, Yu Cheng, Yang Yang, and
Pan Zhou. 2019. Adversarial category alignment
network for cross-domain sentiment classification.
In Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pages 2496–
2508.

Rico Sennrich, Barry Haddow, and Alexandra Birch.
2015. Neural machine translation of rare words with
subword units. arXiv preprint arXiv:1508.07909.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Advances in neural information pro-
cessing systems, pages 5998–6008.

Rui Wang, Masao Utiyama, Lemao Liu, Kehai Chen,
and Eiichiro Sumita. 2017. Instance weighting for
neural machine translation domain adaptation. In
Proceedings of the 2017 Conference on Empirical
Methods in Natural Language Processing, pages
1482–1488.

Zhi Wang, Wei Bi, Yan Wang, and Xiaojiang Liu.
2019. Better fine-tuning via instance weighting for
text classification. In Proceedings of the AAAI Con-
ference on Artificial Intelligence, volume 33, pages
7241–7248.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtow-
icz, et al. 2019. Huggingface’s transformers: State-
of-the-art natural language processing. ArXiv, pages
arXiv–1910.

Shanchan Wu and Yifan He. 2019. Enriching pre-
trained language model with entity information for
relation classification. In Proceedings of the 28th
ACM International Conference on Information and
Knowledge Management, pages 2361–2364.

Qianming Xue, Wei Zhang, and Hongyuan Zha. 2020.
Improving domain-adapted sentiment classification
by deep adversarial mutual learning. In Proceedings

2375



of the AAAI Conference on Artificial Intelligence,
volume 34, pages 9362–9369.

Jianfei Yu and Jing Jiang. 2016. Learning sentence em-
beddings with auxiliary tasks for cross-domain senti-
ment classification. In Proceedings of the 2016 Con-
ference on Empirical Methods in Natural Language
Processing.

Jiali Zeng, Yang Liu, Jinsong Su, Yubin Ge, Yaojie
Lu, Yongjing Yin, and Jiebo Luo. 2019. Iterative
dual domain adaptation for neural machine transla-
tion. arXiv preprint arXiv:1912.07239.

Shiqi Zhang and Deyi Xiong. 2018. Sentence weight-
ing for neural machine translation domain adapta-
tion. In Proceedings of the 27th International Con-
ference on Computational Linguistics, pages 3181–
3190.

Yftah Ziser and Roi Reichart. 2016. Neural struc-
tural correspondence learning for domain adaptation.
arXiv preprint arXiv:1610.01588.

Yftah Ziser and Roi Reichart. 2018. Pivot based lan-
guage modeling for improved neural domain adapta-
tion. In Proceedings of the 2018 Conference of the
North American Chapter of the Association for Com-
putational Linguistics.

Yftah Ziser and Roi Reichart. 2019. Task refinement
learning for improved accuracy and stability of unsu-
pervised domain adaptation. In Proceedings of the
57th Annual Meeting of the Association for Compu-
tational Linguistics, pages 5895–5906.

2376



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 2377–2389
August 1–6, 2021. ©2021 Association for Computational Linguistics

DocOIE: A Document-level Context-Aware Dataset for OpenIE

Kuicai Dong1, Yilin Zhao1, Aixin Sun1, Jung-Jae Kim2, Xiaoli Li1,2
1 School of Computer Science and Engineering, Nanyang Technological University, Singapore
{kuicai001, zhao0320}@e.ntu.edu.sg, {axsun, xlli}@ntu.edu.sg

2 Institute for Infocomm Research, A*STAR, Singapore
{jjkim, xlli}@i2r.a-star.edu.sg

Abstract
Open Information Extraction (OpenIE) aims
to extract structured relational tuples (subject,
relation, object) from sentences, and plays a
critical role in many NLP applications. Ex-
isting solutions perform extraction at sentence
level, without referring to any additional con-
textual information. In reality, however, a sen-
tence typically exists as part of a document
rather than standalone; we often need to access
relevant contextual information around the sen-
tence before we can accurately interpret it. As
there is no document-level context-aware Ope-
nIE dataset available, we manually annotate
800 sentences from 80 documents in two do-
mains (Healthcare and Transportation) to form
a DocOIE dataset for evaluation. In addition,
we propose DocIE, a document-level context-
aware OpenIE model. Our experimental re-
sults demonstrate that incorporating document-
level context is helpful in improving OpenIE
performance. Both the DocOIE dataset and
DocIE model are available online.1

1 Introduction

Open Information Extraction has been a critical
NLP task as it can extract structured relational
tuples (subject, relation, object) from unstruc-
tured text. The OpenIE system is fully domain-
independent, and does not need input from users.
It is also highly scalable and allows fast querying
mechanism (Yates et al., 2007). Therefore, Ope-
nIE has been successfully applied to a variety of
downstream NLP tasks, such as knowledge base
population (Martı́nez-Rodrı́guez et al., 2018; Gash-
teovski et al., 2020), question answering (Khot
et al., 2017), and summarization (Fan et al., 2019).

Current OpenIE methods mainly focus on ex-
tracting tuples at sentence level. However, in many
NLP scenarios, sentences exist as part of a docu-
ment rather than standalone. Given a document

1https://github.com/daviddongkc/DocOIE

Sentence 1

Data transfers to a single target terminal using the 
invention might not be significantly faster than 
conventional download methods. (Pat No. 8495167)

(data; transfers to; a single target terminal)
(data transfers to a single target terminal; use; the invention)

Context S1: Data security is improved as compared with 
transferring plain text and data transfer requires less time.

Context S2: If a new terminal is registered to the main server 
during the transfer it will be included in the next data transfer.

Context S3: Examples of data transfers will be described with 
reference to a preferred embodiment of a network.

Sentence 2

Node-B can be a device a cellular base station having 
beam-forming antennas that  serves various sectors of a 
cell. (Pat No. 8160027)

(node-B; can be; a device a cellular base station)
(node-B; can be; a device) 
(a device, is such as, a cellular base station) 

Context S4: A Node-B can be a device, such as, 
a cellular base station that serves an entire cell.

Figure 1: Example sentences with ambiguity.

corpus, if we simply apply existing sentence-level
OpenIE models to extract tuples, we could miss
some useful and critical document-level contextual
information, leading to unsatisfying results. We
use the two example sentences in Fig. 1 to illustrate
two types of ambiguities.

Part-of-speech Ambiguity. The word “transfers”
can be a verb or a noun. Accordingly, two tuples
could be extracted from the first example sentence,
listed in Fig. 1. This ambiguity can be resolved by
the main verb of the sentence “might not be”, which
is far away from “transfers”, and thus is not consid-
ered by many existing OpenIE systems. However,
context sentences S1, S2, and S3 in the document
suggest that “data transfers” shall be considered as
a noun phrase throughout this document.

Syntactic Ambiguity. The second example sen-
tence does not have an explicit clue about the re-
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lationship between “a device” and “a cellular base
station”.2 Thus, existing OpenIE systems often fail
to split them, but incorrectly extract the first tuple
(node-B; can be; a device a cellular base station).
However, context sentence S4 includes an explicit
cue to the relationship between the two terms and
may thus help split them.

To minimize the aforementioned ambiguities, it
is clear that we should leverage document-level
context. However, all existing OpenIE datasets are
generated or annotated at sentence level. These
datasets include standalone sentences but not their
context sentences. Hence they are not suitable for
evaluating context-aware tuple extraction.

We annotate a Document-level context-aware
Open Information Extraction (DocOIE) dataset.
DocOIE consists of 800 expert-annotated sentences
from 80 documents, where 10 sentences are ran-
domly sampled for annotation from each of the 80
documents. To the best of our knowledge, among
all OpenIE datasets as of now, DocOIE contains
the largest number of expert-annotated sentences.3

More importantly, DocOIE provides document-
level contexts, enabling OpenIE models to take
relevant contexts for accurate tuple extraction.

Furthermore, to show that document-level con-
text is useful for OpenIE task, we develop the
Document-level context-aware Open Information
Extraction (DocIE) model. DocIE encodes a
source sentence with its contextual information by
using pre-trained BERT (Devlin et al., 2019). Be-
cause contextual sentences can be much longer than
the source sentence, the syntactic/semantic infor-
mation in source sentence might be dominated by
that of the contexts. Our proposed DocIE model
differentiates the source sentence and its contexts
by segment tags, and adding additional transformer
encoder layers only for the source sentence.

In summary, our contributions are threefold:
• We propose a new task in OpenIE to extract

relational tuples with document-level contexts.
• We introduce DocOIE, an expert-annotated

dataset for evaluating document-level OpenIE
systems. DocOIE consists of 2,122 relational
tuples from 800 annotated sentences, with their
document-level contexts.

2The missing of a comma could be a typo in the patent
document. Nevertheless, not all input sentences to OpenIE
system are typo free in real applications.

3Expert annotation means annotations are made by a per-
son who is familiar with the OpenIE task and OpenIE models.
This term is used to distinguish annotations by crowdsourcing.

Dataset #Sent. Source Annotation

OIE2016 3,200 QA-SRL Automatic

Wire57 57
Wikipedia
Newswire

Expert

CaRB 1,282 OIE2016 Crowdsourcing
CaRB 50 OIE2016 Expert

DocOIE 800 Patent Expert

Table 1: Existing OpenIE datasets with number of sen-
tences, sentence source, and annotation type.

• We present DocIE, a neural OpenIE system
that can leverage document-level contexts for
relational tuple extraction.

2 Related Work

OpenIE Datasets. Since introduction of OpenIE
task by Yates et al. (2007), the earlier systems have
been mainly evaluated by using a small number of
sentences, without a standardized evaluation proce-
dure (Niklaus et al., 2018). OIE2016 (Stanovsky
and Dagan, 2016) is the first large-scale dataset
constructed for OpenIE tasks and comes with a
standard scoring framework. In OIE2016, the gold
tuples are automatically generated from a QA-SRL
dataset (He et al., 2015) according to human crafted
rules. Wire57 (Lechelle et al., 2019) improves
the scorer and manually annotates 57 sentences
as a benchmark dataset. Considering that OIE2016
dataset is noisy, Bhardwaj et al. (2019) provide a
crowdsourcing dataset named CaRB. CaRB also
has 50 expert-annotated sentences and a sophisti-
cated scoring framework.

As summarized in Table 1, the number of expert-
annotated sentences in these datasets remains small.
Furthermore, the sentences in these datasets do not
come with contextual information. In contrast, our
DocOIE dataset consists of 800 expert-annotated
sentences, and comes with the source documents
for accurate sentence interpretation.

OpenIE Models. TextRunner (Yates et al., 2007)
is the first OpenIE system, followed by Re-
verb (Fader et al., 2011), OLLIE (Mausam
et al., 2012), Clausie (Corro and Gemulla,
2013), CSD-IE (Bast and Haussmann, 2013),
Stanford OpenIE (Angeli et al., 2015), Ope-
nie4 (Mausam, 2016), Openie54, NESTIE (Bhutani
et al., 2016), MINIE (Gashteovski et al., 2017) and

4github:dair-iitd/openie-standalone
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Graphene (Cetto et al., 2018). We consider them
as traditional OpenIE models. These models ex-
tract relational tuples based on handcrafted rules
or statistical methods. They usually rely on prior
syntactic or semantic analysis. Consequently, any
error accumulated in the prior stages deteriorates
model performance.

Recently, neural OpenIE systems have been
developed and showed promising results (Cui
et al., 2018; Zhan and Zhao, 2020; Kolluru et al.,
2020a,b). Different from the traditional models,
neural OpenIE models extract tuples in an end-to-
end manner, not requiring prior syntactic or seman-
tic analysis. In principle, the traditional rule-based
or statistical OpenIE models do not need training.
However, neural OpenIE models need a large num-
ber of training samples to learn the extraction pat-
terns. For instance, IMOJIE (Kolluru et al., 2020b)
uses about 100,000 sentences for model training.
It is unrealistic and expensive to manually anno-
tate 100,000 sentences simply for training purpose.
Therefore, a common practice in learning a neural
OpenIE model is to use tuples automatically ex-
tracted by traditional systems as training data, i.e.,
a bootstrapping strategy. We consider these im-
perfect training labels generated via bootstrapping
as pseudo labels. The pseudo labels used in (Cui
et al., 2018) are by Openie4, and those in (Kolluru
et al., 2020b) are from multiple OpenIE systems.

To the best of our knowledge, no OpenIE mod-
els consider document-level contexts in the tuple
extraction. Nonetheless, our neural model un-
avoidably requires extractions of pseudo labels
bootstrapped from traditional models for training.
To ensure reproducibility, as part of the DocOIE
dataset, we also release the document IDs that are
used for generating the pseudo labels.

3 DocOIE Dataset

We now present our Document-level context-aware
Open Information Extraction (DocOIE) dataset.
We first introduce the data selection and collection
process, and then the annotation process by two
experts. Moreover, we explain our annotation con-
sistency measurement to indicate the high-level an-
notation consistency in DocOIE. In summary, Do-
cOIE consists of two datasets: evaluation dataset
and training dataset.

Evaluation dataset contains 800 expert-
annotated sentences, sampled from 80 documents
in two domains (healthcare and transportation).

Item #Item Metric Average Min~Max

Doc 80 Nsent 129.85 62~218

Sent 800
Lsent 22.70 5~47
Ntuple 2.65 1~8

Tuple 2,122
Lsub 3.70 1~17
Lrel 3.39 1~12
Lobj 3.94 0~27

Table 2: Statistics of DocOIE evaluation dataset. N{·}
denotes the number of units (i.e., sentence or tuple);
L{·} denotes the length (number of words) of the unit.

Specifically, 10 sentences are sampled for annota-
tion from each of the 40 documents in one domain.
In total, 2, 122 relational tuples are annotated in
the 800 sampled sentences (refer to Table 2 for
detailed statistics, and Table 5 for fine-grained
analysis).

Training dataset contains 2,400 documents
from the two domains (healthcare and transporta-
tion); 1,200 documents in each domain. All sen-
tences from these documents are used to bootstrap
pseudo labels for neural model training.5

3.1 Dataset Collection
OpenIE, by definition, is to extract relational tuples
in open domain. Ideally, sentences/documents in
DocOIE dataset shall not be restricted to any par-
ticular document type or topical domain. However,
it is challenging to include all types of documents
and annotate them. In fact, all existing annotations
are restricted to specific types of documents like
news and Wikipedia articles (Niklaus et al., 2018).

Document Type Selection In building DocOIE,
we focus on formally written documents and leave
it for future work to explore other kinds of doc-
uments. We select the type of formal documents
with four criteria: (i) Adequacy: as a document-
level context-aware dataset, each document shall
have a reasonable number of sentences to provide
sufficient context. (ii) Consistency: each docu-
ment shall focus on a central topic. In such a way,
sentences within the same document are correlated
to and consistent with each other, which helps de-
rive proper context. (iii) Informativeness: a doc-
ument is considered informative if it contains in-
formative entities like technical concepts, relations,

5Only document IDs are included in DocOIE, for docu-
ment collection at http://patft.uspto.gov/
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and events. Intuitively, OpenIE models are more
useful for extracting factual tuples in informative
documents. (iv) Syntactic Variety: sentences in
these documents shall vary in syntactic structures.
Such variety facilitates thorough evaluation of Ope-
nIE models under different scenarios.

Patent Document Collection After taking all
factors into consideration, we choose to collect
patent documents from PatFT.6 Each patent docu-
ment elaborates one specific invention in reason-
able length, providing sufficient contexts to anno-
tators. They are rich in informativeness by nature,
and the documents contain rich syntactic structures.

Through PatFT search engine, patent documents
can be retrieved by keywords. We have two consid-
erations for keyword selection: (i) Magnitude: as
part of DocOIE, a large number of documents shall
be available for training neural OpenIE models.
Hence, the keywords shall lead to sufficient patent
documents. (ii) Diversity: the collected patent
documents are expected to be diversified in inven-
tors, organizations, filed date, etc., to avoid fixed
patterns, hence to ensure diversity of our dataset.

As the result, we choose three broad and non-
technical keywords: “healthcare”, “traffic”, and
“transportation”, to collect documents in two broad
domains, healthcare and transportation. Reported
in Table 3, 42,514 and 32,256 documents are col-
lected in healthcare and transportation respectively.
Documents in each domain are contributed by more
than 40,000 inventors from over 8,000 cities, and
the filed dates range in several decades.

We clean these documents by removing non-
textual components in them. Then, by length (in
number of words) the shortest 10% and longest
10% documents are removed to avoid extremely
short/long documents in our dataset. The remain-
ing documents form the corpus from which we
sample (i) documents for annotation, and (ii) train-
ing documents for bootstrapping pseudo labels.

3.2 DocOIE Evaluation Dataset Selection

To ensure annotation quality and consistency, we
choose to follow expert annotation scheme instead
of crowdsourcing adopted in CaRB (Bhardwaj
et al., 2019). As we discussed in Section 1, sen-
tences exist as part of a document rather than stan-
dalone. To gain an accurate interpretation of a sen-
tence, the annotator needs to read a few surround-

6http://patft.uspto.gov/netahtml/PTO/
search-bool.html

Patents Healthcare Transportation

#Document 42,514 32,256
#Inventor 74,266 42,286
#Organization 10,888 7,919
#City 10,493 8,095
Filed year 1999~2020 1970~2020

Table 3: Properties of collected patents in healthcare
and transportation domains.

ing sentences, or even the entire document, for
relevant contexts. Hence, the choices of labelling
one sentence or multiple sentences per document
incur different costs.

To be able to cover a reasonable number of doc-
uments and also balance the annotation workload,
we choose to randomly sample 10 sentences per
document from 80 documents for annotation. Re-
call that the average number of sentences per docu-
ment is 101.78 (refer to Table 2). The 10 sentences
annotated in a document can be used to evaluate
context-aware OpenIE at 10 different positions in
this document. In this way, our annotation covers
80 documents with considerable diversity.

In summary, we randomly selected 80 docu-
ments (40 in each domain) from the documents
collected in Section 3.1. Then we randomly se-
lected 10 sentences from each document. These
80 documents, along with 800 expert-annotated
sentences form the DocOIE evaluation dataset.

3.3 Annotation Consistency Measurement
The annotation was performed by two OpenIE ex-
perts (both are authors of this paper) with reference
to existing annotation processes (Stanovsky and
Dagan, 2016; Bhardwaj et al., 2019). The dataset
was annotated in three stages.

In the first stage, the two annotators practiced
annotations independently on 100 sentences among
the 800 sentences. Then they cross-validated the
annotation results, discussed them to resolve dis-
agreements, and updated annotation policy.

In the second stage, the two experts indepen-
dently annotated another 100 sentences among the
remaining 700 sentences. These two sets of anno-
tations are used for measuring annotation consis-
tency. Because it is not straightforward to evaluate
annotation agreement by measures like Kappa coef-
ficient, we adopted the evaluation scorer proposed
by CaRB (Bhardwaj et al., 2019). The scorer per-
forms matching at tuple level instead of lexical
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Consistency Precision Recall F1

A←B 90.7 92.4 91.6
B←A 84.6 92.0 88.2

Average 87.7 92.2 89.9

Table 4: Annotation consistency estimated between an-
notators A and B. A←B indicates evaluation of A’s an-
notations with B’s annotations as ground truth.

Analysis Healthcare Transportation

Sentence semantic analysis (%)

Conjunction 61.00 61.50
Terminology 60.00 42.75
Dependent Clause 29.00 41.50

Tuple semantic analysis (%)

Negative Polarity 3.26 5.16
Possibility 12.17 8.74
Under-specificity 8.80 6.49

Table 5: Fine-grained statistical analysis for 800 anno-
tated sentences and 2,122 tuples. Percentages refer to
the respective domain: Healthcare and Transportation.

level. Specifically, we score one expert’s annota-
tions by treating the other’s annotations as ground
truth. Among the tuple matching strategies in
CaRB, we used the default binary lenient tuple
matching, to estimate the consistency between the
two annotators. Reported in Table 4, the two an-
notators reach high-level agreement in annotations
with an average F1 of 89.9%.

Based on the high-level annotation consistency,
in the third stage, each expert independently anno-
tated 300 sentences from the remaining 600 sen-
tences. The annotations are then validated by the
other expert, and annotation disagreements are re-
solved through discussion.

3.4 Analysis of DocOIE Evaluation Dataset

To understand the difficulty of DocOIE, we provide
an analysis of the annotated sentences and tuples
in DocOIE, similar to (Gashteovski et al., 2019).

Sentence-level Analysis. We evaluate the com-
plexity of a sentence on whether it contains con-
junction word, terminology mention, and depen-
dent clause. Consider the following sentence as
an example: “Though depicted as a distinct step,
it may be performed as part of the VAD or ASR

processes.” “VAD processes” and “ASR processes”
are terminology mentions. The conjunction word

“or” in the sentence connects these two terminolo-
gies. In addition, dependent clause refers to the
subordinate clause “Though depicted as a distinct
step”. Table 5 reports the percentages of sentences
that contain at least one conjunction word, terminol-
ogy mention, and dependent clause, respectively.

Tuple-level Analysis. Consider an example sen-
tence “They may be implemented as instructions
stored on a machine-readable medium.” Two tu-
ples can be extracted from this sentence: (1) “they
; may be implemented as ; instructions”, and (2)
“instructions ; are stored on ; a machine-readable
medium”.

We analyze a tuple on whether it is a certainty
or merely a possibility. The relation “may be im-
plemented as” indicates tuple (1) a possibility be-
cause of the modal verb “may”. Then, negative
polarity refers to certainty negation, which can be
indicated by words such as “not” or “no”. Some
tuples are under-specified in either tuple subject or
object. The main reason for under-specificity is the
lack of co-reference information, where we need
additional context to obtain a coherent meaning.
In tuple (1), its subject “they” is under-specified
because co-reference information is needed to re-
solve what “they” refers to.7 Table 5 reports the
percentages of tuples that are under each of the
categories.

3.5 DocOIE Training Dataset
Besides the 80 documents for expert annotations,
we further sample 2,400 documents randomly
(1,200 in each domain) from the documents col-
lected in Section 3.1 to create DocOIE training
dataset. The 1,200 documents in each domain con-
tain around 120,000 sentences, which is sufficient
for pseudo label generation, required by neural
OpenIE models.

4 Pseudo Label by Bootstrapping

Following the common practice (Kolluru et al.,
2020b; Cui et al., 2018; Zhao et al., 2020), we
generate pseudo labels by bootstrapping with tradi-
tional OpenIE models. Before we run these models
on the DocOIE training dataset, we evaluate their
performances on the DocOIE evaluation dataset, to
select the models which can generate better quality
pseudo labels.

7Co-reference is not annotated in DocOIE.
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OpenIE Model AUC Prec Rec F1

Healthcare Domain

Reverb 35.4 79.9 42.8 55.8
Stanford 16.5 11.0 29.7 16.1
Clausie 22.1 38.8 53.8 45.1

OpenIE4 35.4 59.5 55.1 57.2
OpenIE5 29.1 53.6 50.5 52.0
Rev+Oie4 36.8 75.8 47.7 58.6
Oie4+Rev 35.8 59.6 55.3 57.4

Transportation Domain

Reverb 29.3 79.1 36.3 49.7
Stanford 15.7 13.2 27.8 17.9
Clausie 18.0 36.2 48.4 41.4

OpenIE4 29.2 52.8 51.2 52.0
OpenIE5 25.0 50.9 43.8 47.1
Rev+Oie4 31.0 74.2 42.4 54.0
Oie4+Rev 30.1 53.4 52.7 53.0

Table 6: Performance of OpenIE models on DocOIE
evaluation dataset. The best scores are in boldface and
second best scores are underlined.

We evaluate the models by using CaRB
scorer (Bhardwaj et al., 2019). Table 6 reports
the performance of five independent OpenIE mod-
els: Reverb (Fader et al., 2011), Clausie (Corro and
Gemulla, 2013), Stanford OpenIE (Angeli et al.,
2015), OpenIE4 (Mausam, 2016) and OpenIE58.
In addition to these five models, we also evaluated
two combinations of Reverb and OpenIE4. With
Rev+Oie4, Reverb is the main system and if Re-
verb fails to extract any tuples from a sentence, we
complement the extraction by using Openie4. Simi-
larly, Oie4+ Rev uses OpenIE4 as the main system,
and the extractions are complemented by Reverb.

All the evaluated models show consistent perfor-
mance in both domains. By F1 score, both Reverb
and OpenIE4 are the best performing individual
models and their combinations lead to the best
and second best F1 scores in both domains. Ac-
cordingly, by applying OpenIE4, Reverb, and their
combinations, the number of sentences and tuple-
sextracted from the DocOIE training dataset are
reported in Table 7.9 Note that, a sentence is not
counted if it has no extracted tuples, which leads
to the different sentence number.

8github:dair-iitd/openie-standalone
9The number of sentences may vary because of differ-

ent text pre-processing and sentence segmentation strategies
adopted. The number of tuples extracted may vary due to
different versions of OpenIE tools.

OpenIE
model

Healthcare Transportation
#Sent #Tuple #Sent #Tuple

OpenIE4 117k 263k 111k 258k
Oie4+Rev 121k 268k 114k 262k
Reverb 103k 146k 97k 141k
Rev+Oie4 121k 181k 114k 173k

Table 7: Number of sentences and tuples extracted by
Reverb, OpenIE4 and their combinations. The sentence
is not included if it has no tuples extracted.
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Figure 2: The architecture of DocIE.

5 DocIE Model

In this section, we present the proposed Document-
level context-aware Open Information Extraction
model, named DocIE. As shown in Fig. 2, DocIE
mainly consists of two parts: source-context en-
coder, and encoder-decoder.

Document-level Context Formally, we denote a
document as D = {s1, s2, . . . , sN} consisting of
N sentences. The source sentence si is the input
sentence that relational tuples are extracted from.
Given source sentence si, we regard its surrounding
sentences ci = {si−t, . . . , si−1, si+1, . . . , si+t}
as contextual sentences, where t represents the
context window size. The larger t is, the more
document-level context ci covers.

Source-Context Encoder The source-context
encoder is inspired by a recent work (Ma et al.,
2020) which adopts Flat-Transformer to incorpo-
rate context into source sentence, for machine trans-
lation. In DocIE, our encoder consists of (i) bottom
blocks which take the concatenation of source sen-
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tence and context sentences as input, and (ii) top
blocks which take only the representation of the
source sentence from the bottom blocks as input.

In our implementation, we use BERT (Devlin
et al., 2019) as the bottom blocks to perform se-
mantic interactions between source sentence s and
context c. We first project both s and c into embed-
ding space by summing their word embedding and
segment embedding, i.e., es = E(s) + S(s) and
ec = E(c) + S(c). Here, E is the trainable word
embedding matrix, and S is the trainable segment
embedding matrix. The segment embedding is to
distinguish words in source sentence from words
in context sentences. They are initialized to 0 and
1 for words in source and context sentences respec-
tively. Then we concatenate es with ec as [es; ec]
as the input to the source-context encoder.

h1[s; c] = BERT([es; ec]) (1)

BERT, with multiple layers of transformers, merges
source sentence information and its contextual in-
formation. We use the last hidden state h1[s; c] of
BERT as the representation of the two concatenated
input sequences.

On top of the BERT blocks, we add Transformer
as top blocks (Vaswani et al., 2017) to prepare
the source sentence representation for the follow-
ing encoder-decoder. The source sentence repre-
sentation is obtained by truncating the latter (con-
text sentences representation) h1[c] from h1[s; c].
Therefore only the former (source sentence repre-
sentation) h1[s] is kept.

h2[s] = Transformer(h1[s]) (2)

Encoder-Decoder The encoder-decoder gener-
ation module follows CopyAttention (Cui et al.,
2018) which casts OpenIE task as a sequence-to-
sequence generation task with copying mechanism.
The encoder-decoder framework represents a vari-
able length input sequence in the encoder and uses
it in the decoder to generate output sequence. In
our encoder-decoder framework, attention mecha-
nism (Bahdanau et al., 2015) is used to align the
encoder hidden state with the decoder hidden state,
jointly maximizing the log probability of output
tuples, conditioned on the input sentence. Mean-
while, since tuple arguments and relation are nor-
mally sub-spans of the input sentence, additional
copying mechanism (Gu et al., 2016) is applied. It
helps copy words directly from the input sentence
to the output tuples.

6 Experiments

We evaluate DocIE and compare its results with
two baseline neural OpenIE models, CopyAtten-
tion+BERT and IMOJIE (Kolluru et al., 2020b).
Kolluru et al. (2020b) report that CopyAtten-
tion+BERT is a strong baseline. Meanwhile, Do-
cIE adopts CopyAttention (Cui et al., 2018) as
its encoder-decoder module. Hence CopyAtten-
tion+BERT can be considered as the base model,
from which DocIE adds context modelling.

6.1 Neural Baseline Models

We first evaluate the two neural baseline models
trained with the pseudo labels listed in Table 7. The
evaluation is conducted on the DocOIE evaluation
dataset with CaRB scorer.

Reported in Table 8, CopyAttention+BERT out-
performs IMOJIE in most settings by both mea-
sures: AUC and F1. In general, for both models,
pseudo labels by Rev+Oie4 (and also Reverb) lead
to better results in healthcare domain. Pseudo la-
bels by Oie4+Rev (and also OpenIE4) generate
better results in transportation domain. During our
annotation of the 800 sentences, we observe that
sentences in transportation domain tend to contain
slightly more conjunctions (e.g., multiple conjunc-
tions in one sentence) and thus have more coor-
dinating structures than those in healthcare. Ope-
nIE4 system generally extracts more tuples than
Reverb (refer to Table 7) and provides higher re-
call. Therefore, extractions in transportation do-
main with more conjunctions may better match the
tuples extracted by OpenIE4.

Based on this set of results, in our following
experiments, we use pseudo labels by Rev+Oie4 for
healthcare domain, and pseudo labels by Oie4+Rev
for transportation domain.

6.2 DocIE Against Baselines

In this section, we evaluate DocIE against sentence-
level OpenIE systems. We refer DocIE without the
top transformer layer as “DocIE w/o transformer”
and DocIE as “DocIE w transformer” for clarity.
The context window size of DocIE is set to 5 for
healthcare domain and 4 for transportation domain.

Table 9 summarizes the experiment results. For
easy comparison, the results of the best traditional
OpenIE baselines (refer to Table 6) and neural Ope-
nIE models (refer to Table 8) are replicated here.
Observe that DocIE w transformer achieves the best
AUC and F1 in both domains. Its variant, DocIE
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Neural OpenIE Pseudo labels
Healthcare Transportation

AUC Prec Rec F1 AUC Prec Rec F1

CopyAttention+BERT

OpenIE4 38.6 54.4 51.6 52.9 38.5 54.3 57.6 55.9
Oie4+Rev 40.4 57.1 50.4 53.5 38.3 55.3 56.9 56.1

Reverb 43.7 77.8 46.4 58.1 36.9 70.5 42.2 52.8
Rev+Oie4 46.8 77.9 48.6 59.8 40.3 72.1 43.9 54.6

IMOJIE

OpenIE4 36.2 73.0 47.7 57.7 35.7 62.9 48.8 55.0
Oie4+Rev 34.1 69.5 46.7 55.9 35.8 63.5 49.2 55.5

Reverb 38.5 79.2 45.6 57.9 33.2 77.3 39.2 52.0
Rev+Oie4 39.7 80.1 46.4 58.7 33.0 77.4 39.6 52.4

Table 8: Neural baseline models trained with different pseudo labels. The best scores of each model are in boldface.

System
Healthcare Transportation

AUC Prec Rec F1 AUC Prec Rec F1

Rev+Oie4 36.8 75.8 47.7 58.6 31.0 74.2 42.4 54.0
Oie4+Rev 35.8 59.6 55.3 57.4 30.1 53.4 52.7 53.0

CopyAttention+BERT 46.8 77.9 48.6 59.8 38.3 55.3 56.9 56.1
IMOJIE 39.7 80.1 46.4 58.7 35.8 63.5 49.2 55.5

DocIE w/o transformer 47.1 76.2 49.9 60.3 38.5 55.8 57.0 56.4
DocIE w transformer 47.4 74.4 51.3 60.8 38.5 56.0 57.5 56.9

Table 9: Results of DocIE and baselines. The best scores are in boldface and second best scores are underlined.

w/o top transformer, is the second best performer
and outperforms all sentence-level models.

The experiment results suggest that incorporat-
ing document-level context is helpful in improving
OpenIE. On the other hand, we remark that DocIE
is trained by pseudo labels produced by traditional
OpenIE models which do not consider document-
level context. The potential of utilizing document-
level context is yet to be fully realized.

6.3 Impact of Context Window Size

The setting of window size determines the number
of context sentences to be considered. We eval-
uated the range from 1 to 6 and plot F1 scores
against window size changes in Fig. 3. Observe
that the optimal window size for healthcare domain
is 5, and the number is 4 for transportation. Better
F1 scores are observed along the increase of con-
text sentence window, till 4 or 5. In general, 8~10
surrounding sentences (window size 4 or 5) pro-
vide sufficient context for sentence understanding.
Small window size might not provide sufficient
context, and a large window size might introduce
noise and dominate source representation learning.
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Figure 3: F1 with varying window sizes, on both do-
mains.
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6.4 Case Study

We use the two example sentences shown in Fig. 1
as a case study, to illustrate the differences between
DocIE and the sentence-level neural OpenIE base-
lines: CopyAttention+BERT and IMOJIE.

For Sentence 1, CopyAttention+BERT incor-
rectly recognizes the word “transfers” as a verb,
thus extracting an incorrect tuple (data ; transfers
to ; a single target terminal). IMOJIE, however,
completely misses the key phrase “data transfers”
and extracts an incorrect tuple (a single target termi-
nal ; using ; the invention). Only DocIE manages to
extract the correct tuple (data transfers to a single
target terminal ; using ; the invention).

For Sentence 2, there is no explicit clue about
the relationship between “a device” and “a cellu-
lar base”. Both CopyAttention+BERT and IMO-
JIE treat “a device a cellular base station” as a
whole and mistakenly generate a tuple (Node-B
; can be ; a device a cellular base station having
beam-forming antennas). In contrast, DocIE suc-
cessfully splits “a device a cellular base station” by
referring to surrounding context and extracts the
correct tuple (Node-B ; can be ; a device). However,
DocIE fails to infer the inter-relationship between
“a device” and “a cellular base”. Accordingly, an-
other correct tuple (a device ; is such as ; a cellular
base station) is not extracted.

Results of the two example sentences show the
improvements made by DocIE after leveraging con-
textual information for tuple extraction.

6.5 Error Analysis

Similar to the error analysis performed in (Kol-
luru et al., 2020b), we examine tuples extracted
by DocIE from 50 randomly selected sentences
in DocOIE. We identify the following major error
types. (i) Incompleteness: In 28% sentences, Do-
cIE fails to cover at least one key phrase in either
arguments or relation. Missing key phrases result
in incomplete information extraction. (ii) Incor-
rect Boundary: 27% extractions misinterpret the
syntactic meaning of the sentence, leading to in-
correct boundary of arguments and relation. (iii)
Redundant Extractions: 15% sentences contain
redundant extractions; that is, the same relational
fact is extracted multiple times from a sentence or
phrase. (iv) Grammatical Errors: 13% extrac-
tions are not grammatically correct. Most gram-
matical errors are contributed by the incorrect verb
form used in tuple relation.

6.6 Implementation
We implement DocIE using the AllenNLP frame-
work10 in Pytorch 1.4. Pre-trained BERT11 is fine-
tuned at learning rate 2×10−5 to get contextualized
word embeddings. The learning rate for the other
modules is set to 1× 10−4. The input dimension,
projection dimension, feedforward hidden dimen-
sion, number of layers, and number of attention
heads of top transformer encoder are set to 768,
256, 3072, 2, and 8, respectively. The hidden di-
mension, and word embedding dimension of the
LSTM-decoder are set to 256 and 100 respectively.

7 Conclusion

In this paper, we propose to consider document-
level contextual information for OpenIE task.
We contribute DocOIE, the first document-level
context-aware OpenIE dataset. It consists of 800
expert-annotated sentences from 80 documents.
The documents are carefully selected and the an-
notations are completed by experts with high-level
annotation consistency.

With the help of DocOIE, we conduct evalua-
tion of neural OpenIE models and demonstrate that
incorporating document-level context is helpful in
improving OpenIE performance through DocIE. As
a baseline for document-level context-aware Ope-
nIE, DocIE achieves promising results compared
with all sentence-level OpenIE models. Our future
works are in two main directions. One is to research
on more effective context-aware OpenIE models,
and the other is to investigate the possibility of not
relying on pseudo labels.
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toine Bordes. 2019. Using local knowledge graph
construction to scale Seq2Seq models to multi-
document inputs. In Proceedings of the 2019 Con-
ference on Empirical Methods in Natural Language
Processing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-
IJCNLP), pages 4186–4196, Hong Kong, China. As-
sociation for Computational Linguistics.

Kiril Gashteovski, Rainer Gemulla, and Luciano del
Corro. 2017. MinIE: Minimizing facts in open in-
formation extraction. In Proceedings of the 2017
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 2630–2640, Copenhagen,
Denmark. Association for Computational Linguis-
tics.

Kiril Gashteovski, Rainer Gemulla, Bhushan Kotnis,
Sven Hertling, and Christian Meilicke. 2020. On
aligning OpenIE extractions with knowledge bases:
A case study. In Proceedings of the First Work-
shop on Evaluation and Comparison of NLP Sys-
tems, pages 143–154, Online. Association for Com-
putational Linguistics.

Kiril Gashteovski, Sebastian Wanner, Sven Hertling,
Samuel Broscheit, and Rainer Gemulla. 2019.
OPIEC: an open information extraction corpus. In
1st Conference on Automated Knowledge Base Con-
struction, AKBC 2019, Amherst, MA, USA, May 20-
22, 2019.

Jiatao Gu, Zhengdong Lu, Hang Li, and Victor O.K.
Li. 2016. Incorporating copying mechanism in
sequence-to-sequence learning. In Proceedings of
the 54th Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers),
pages 1631–1640, Berlin, Germany. Association for
Computational Linguistics.

Luheng He, Mike Lewis, and Luke Zettlemoyer. 2015.
Question-answer driven semantic role labeling: Us-
ing natural language to annotate natural language.
In Proceedings of the 2015 Conference on Empiri-
cal Methods in Natural Language Processing, pages
643–653, Lisbon, Portugal. Association for Compu-
tational Linguistics.

Tushar Khot, Ashish Sabharwal, and Peter Clark. 2017.
Answering complex questions using open informa-
tion extraction. In Proceedings of the 55th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 2: Short Papers), pages 311–316,
Vancouver, Canada. Association for Computational
Linguistics.

Keshav Kolluru, Vaibhav Adlakha, Samarth Aggar-
wal, Mausam, and Soumen Chakrabarti. 2020a.

2386



OpenIE6: Iterative Grid Labeling and Coordina-
tion Analysis for Open Information Extraction. In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 3748–3761, Online. Association for Computa-
tional Linguistics.

Keshav Kolluru, Samarth Aggarwal, Vipul Rathore,
Mausam, and Soumen Chakrabarti. 2020b. IMoJIE:
Iterative memory-based joint open information ex-
traction. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 5871–5886, Online. Association for Computa-
tional Linguistics.

William Lechelle, Fabrizio Gotti, and Phillippe
Langlais. 2019. WiRe57 : A fine-grained bench-
mark for open information extraction. In Proceed-
ings of the 13th Linguistic Annotation Workshop,
pages 6–15, Florence, Italy. Association for Compu-
tational Linguistics.

Shuming Ma, Dongdong Zhang, and Ming Zhou. 2020.
A simple and effective unified encoder for document-
level machine translation. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics, pages 3505–3511, Online. As-
sociation for Computational Linguistics.
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DocOIE: A Document-level
Context-Aware Dataset for OpenIE
(Supplementary Material)

A DocOIE Annotation Agreement

This section complements Section 3.3 Annotation
Consistency Measurement.

We take the sentence shown in Table 10 as an
example, to demonstrate how the two experts clar-
ified inconsistency and updated annotation policy.
In blue-colored tuples, Expert A broke down a
long argument “nerve grafts in peripheral nerve
tissue engineering” into an additional tuple (nerve
grafts; are in; peripheral nerve tissue engineering),
while Expert B chose to contain the descriptive part
in this argument. After discussion, they decided
to follow Expert B’s practice to ensure complete
argument without losing descriptive information.
Meanwhile, as shown in red-colored tuples, the

two experts disagreed on the inner relation of the
argument “aft tissue-derived ECM modified tissue
engineered nerve grafts”. Expert A considered “aft
tissue-derived ECM” should be modified by “tis-
sue engineered nerve grafts” but Expert B thought
“nerve grafts” shall be engineered by “aft tissue-
derived ECM modified tissue”. This inconsistency
is resolved by referring to the relevant contexts in
the document: “tissue engineered nerve grafts” is
a terminological phrase and there exists an action
of “ECM modification” performing on “tissue en-
gineered nerve grafts”. The annotation agreed by
both experts are shown in the last row in Table 10.

B Extraction Results

Table 11 lists the tuples extracted by DocIE and
the sentence-level neural OpenIE baselines: Copy-
Attention+BERT and IMOJIE. This table comple-
ments Section 6.4 Case Study.
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Source
Sentence

The ANG meets the basic requirements for nerve grafts in peripheral nerve tissue engineering, and
becomes aft tissue-derived ECM modified tissue engineered nerve grafts.

Annotation by
Expert A

(the ANG ; meets the basic requirements for ; nerve grafts)
(nerve grafts ; are in ; peripheral nerve tissue engineering)
(the ANG ; becomes ; tissue engineered nerve grafts)
(tissue engineered nerve grafts ; is modified by ; aft tissue-derived ECM)

Annotation by
Expert B

(the ANG ; meets the basic requirements for ; nerve grafts in peripheral nerve tissue engineering)
(the ANG ; becomes ; aft tissue-derived ECM modified tissue engineered nerve grafts)
(nerve grafts ; is engineered by ; aft tissue-derived ECM modified tissue)

Document
Context

...another group is using plain tissue engineered nerve grafts (without ECM modification) for repairing
the sciatic nerve defects of rats....

Annotation in
Agreement

(the ANG ; meets the basic requirements for ; nerve grafts in peripheral nerve tissue engineering)
(the ANG ; becomes ; aft tissue-derived ECM modified tissue engineered nerve grafts)
(tissue engineered nerve grafts ; is modified by ; aft tissue-derived ECM)

Table 10: An example of inconsistent annotations between two annotators, and the annotation in agreement.

Sentence 1 In some circumstances, data transfers to a single target terminal using the invention might
not be significantly faster than conventional download methods.

Annotated tuples
(data transfers to a single target terminal ; use ; the invention)
(data transfers to a single target terminal using the invention ;

might not be significantly faster than ; conventional download methods)

DocIE
(data transfers to a single target terminal ; using ; the invention)
(data transfers to a single target terminal using the invention ; might not be ;

significantly faster than conventional download methods)

CopyAttention+BERT

(data ; transfers to ; a single target terminal)
(a single target terminal ; using ; the invention)
(data transfers to a single target terminal ; might not be ;

significantly faster than conventional download methods)

IMOJIE

(a single target terminal ; using ; the invention)
(data transfers to a single target terminal using the invention ; might not be ;

significantly faster than conventional download methods)
(data transfers to a single target terminal using the invention ;

might not be significantly faster than conventional download methods ; )
(data transfers to a single target terminal using the invention ; might not be significantly faster ; )

Sentence 2 Node-B can be a device a cellular base station having beam-forming antennas that serves
various sectors of a cell.

Annotated tuples

(Node-B ; can be ; a device)
(a device ; is such as ; a cellular base station)
(a cellular base station ; has ; beam-forming antennas)
(Node-B ; serves ; various sectors of a cell)

DocIE
(Node-B ; can be ; a device)
(a cellular base station ; having ; beam-forming antennas)
(beam-forming antennas ; serves ; various sectors of a cell)

CopyAttention+BERT
(Node-B ; can be ; a device a cellular base station having beam-forming antennas)
(a cellular base station ; having ; beam-forming antennas that serves various sectors of a cell)
(beam-forming antennas ; serves ; various sectors of a cell)

IMOJIE
(Node-B ; can be ; a device a cellular base station having beam-forming antennas)
(a cellular base station ; having ; beam-forming antennas)
(beam-forming antennas ; serves ; various sectors of a cell)

Table 11: Tuples extracted respectively by DocIE, CopyAttention+BERT, and IMOJIE from the two example
sentences in Fig. 1.
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Abstract

Understanding historical events is necessary
for the study of contemporary society, cul-
ture, and politics. In this work, we focus on
the event extraction task (EE) to detect event
trigger words and their arguments in a novel
domain of historical texts. In particular, we
introduce a new EE dataset for a corpus of
nineteenth-century African American newspa-
pers. Our goal is to study the discourse of
slave and non-slave African diaspora rebel-
lions published in the periodical press in this
period. Our dataset features 5 entity types,
12 event types, and 6 argument roles that con-
cern slavery and black movements between the
eighteenth and nineteenth centuries. Histor-
ical newspapers present many challenges for
existing EE systems, including the evolution
of meanings of words and the extensive use
of religious discourse in newspapers from this
era. Our experiments with current state-of-
the-art EE systems and BERT models demon-
strate their poor performance over historical
texts and call for more robust research efforts
in this area.

1 Introduction

In the last two decades, the emergence of digital hu-
manities has transformed scholarship in the human-
ities. Historical documents are now massively digi-
tized into photos and texts that allow researchers to
query across collections and languages (Piotrowski,
2012). Despite the convenience of these applica-
tions (Yang and Eisenstein, 2016), a gap still ex-
ists between datasets and research methods. As
such, humanities scholars do not solely interpret
historical facts from statistical figures derived from
massive data. Rather, they prefer reading texts and
interpreting words in historical and cultural context,
or by associating texts with the circumstances sur-
rounding their publication. This working methodol-
ogy requires an emphasis on the quality of the data

over the quantity of the data. Recent advances of
natural language processing (NLP) aim to bridge
the gap between qualitative and quantitative anal-
yses by identifying, extracting, and counting con-
textual data (Won et al., 2018; Wadden et al., 2019;
Lin et al., 2020). This new approach provides con-
textual information about real-life entities (e.g., in-
dividuals, locations, times, documents) which can
be later integrated into knowledge bases (Won et al.,
2018) to aid historical research and discourse anal-
ysis.

In this work, we explore Information Extraction
(IE) in NLP for humanities research in support of
the important and complicated process of knowl-
edge extraction from historical texts. Particularly,
we investigate the Event Extraction (EE) task which
identifies event trigger words of pre-determined
event types (the most important words/phrases to
evoke events) (Li et al., 2013), together with its
arguments (e.g., participants, locations). For exam-
ple, in the following sentence an EE system should
be able to detect the word “proclaimed” as a trigger
word of the event type “Law Approve” and asso-
ciate it with the arguments, i.e., agent (Capitol),
beneficiary (the slave), and datetime (now).

Freedom to the slave should now be proclaimed
from the Capitol, and should be seen above the
smoke and fire of every battle field.

To enable the development and evaluation of EE
models for historical text, benchmark datasets play
an important role. However, most of the current
datasets in EE (i.e., ACE-2005 (Walker et al., 2005)
and TAC KBP (Mitamura et al., 2015)) are not suit-
able for this domain for several reasons. First, these
datasets are collected from various sources without
a target topic (Walker et al., 2005; Mitamura et al.,
2015). Therefore, tracking the evolution of some
specific movements or progress, which is of great
interest to literary scholars and historians, is not a
feasible goal. Second, documents in these datasets
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are derived from recent articles and documents in
which the use of words in the text differ from their
uses in the past. For example, some words obtain
new semantics over time, and the dominance of
religion in the past led to extensive use of religion-
related words and figurative language in histori-
cal publications. Last but not least, existing EE
datasets mostly concern events in common human
life, such as giving birth, transportation, and crimes.
These events might not relate to the subjects literary
scholars and historians want to study.

To redress this problem, we introduce a novel
EE dataset for historical texts, called BRAD, fo-
cusing on Black Rebellions in African Diaspora
(i.e., African American population). BRAD’s doc-
uments are selected by a humanities expert and are
annotated by EE experts for 5 entity types, 12 event
types, and 6 argument roles. Finally, we evaluate
the state-of-the-art EE models on BRAD. Our ex-
periments show that the performance for historical
texts of current EE models is significantly poorer
than those for modern texts, necessitating further
research into this area. We will also release our
dataset and code to facilitate future research.

2 Data Collection and Annotation

In this project we use documents from the African
American newspaper corpus. These documents
involve news articles derived from nineteenth-
century African American periodicals1 published
from 1827 to 1909.

To create an EE dataset, we first designed a
set of event types and annotation guidelines, con-
sulting our humanities expert who specializes in
nineteenth-century literature. In particular, we fo-
cus on the four most important events for Black
rebellions presented in our corpus, including Hu-
manity: a humanity event concerns a violation or
facilitation of basic human rights (e.g. living, free-
dom, property); Law: a law event characterizes an
introduction, approval or appeal of a law; Conflict:
a conflict event represents an act of violence; it
includes the initialization, development, and con-
sequences of a violent act; and Justice: a justice
event captures an act of punishment of the govern-
ment to the people who violate a law. These four
events are further expanded into 12 event sub-types.
Tables 7 and 8 present event types along with their
descriptions and examples in BRAD. To capture

1Douglass Monthly, The Frederick Douglass Paper, Free-
dom Journals, The Christian Recorder, The Colored American.

arguments for such events, we introduce five en-
tity types (i.e., Person, Organization, Geographical-
Political Entities, Time, and Document). The first
four entity types follow the definition in the ACE
2005 guideline (Walker et al., 2005) while the Doc-
ument type represents government documents (e.g.,
Slavery Act) used in events. Finally, we define
six argument roles that such entity types can play
in our events, including Time, Location, Agent,
Patient, Object, and Beneficiary. Tables 9 and 10
provide more descriptions and examples of these
argument roles for each event type.

The African American corpus is a large corpus
of 177,582 articles. We thus select documents that
are relevant to our focused topic of Black diaspora
rebellions. First, automatic selection is done by
keyword matching to identify documents related
to slavery and insurrection. As such, our humani-
ties expert defined a set of keywords for the topic
of rebellion. In the nineteenth century this clus-
ter of words were used interchangeably to describe
African diaspora rebellion events (e.g., “rebel”, “re-
volt”, “strike”, “insurrection”). We used the Stan-
ford CoreNLP toolkit to split and tokenize docu-
ments into sentences and words. Next, for each
document in the corpus, we counted the number of
words in the document that appears in the desig-
nated keyword set (called matching rate). The top
1000 documents with the highest matching rates
are selected for further consideration. In the second
step, the humanities expert examined the 1000 doc-
uments to identify relevant documents for Black
rebellions, leading to the selection of 151 docu-
ments used for the EE annotation.

In the next step we recruited two graduate stu-
dents to annotate the selected documents for EE.
Each student was independently trained on the an-
notation guideline and performed a group of exer-
cises to better recognize events and entities. The
students annotated the 151 documents for entity
mentions and event triggers, achieving Cohen’s
Kappa scores of 0.81 and 0.82 respectively. Note
that these scores are very close to the near-perfect
agreement range of [0.81, 0.99]. To further im-
prove the quality of the dataset, our humanities ex-
pert will resolve the annotation conflicts that arise
between the two students, leading to the final anno-
tation version of entity mentions and event triggers
in the 151 documents. In the next step, given the
reconciled entity mention and event trigger anno-
tation, the two students continue to annotate event
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arguments for the event triggers. Our evaluation
shows a Cohen’s Kappa score of 0.75 that indicates
a strong agreement between the two annotators.
Also, the lower agreement score for event argu-
ments suggests that event argument annotation is
more ambiguous than those for entity mentions and
event triggers. Finally, our domain expert was con-
sulted to resolve any conflicts in event argument an-
notation, producing the final version of our BRAD
dataset with the 151 documents. To facilitate the
development of EE models, we then split BRAD
into three portions for training, development, and
test data with 101, 25, and 25 documents, respec-
tively. Table 1 presents the statistics while Table 2
and 3 presents the frequencies of event and entity
types in our BRAD dataset.

Train Dev Test Total
#document 101 25 25 151
#sentence 3,847 925 866 5638
#token 117,278 27,860 26,920 172,058
#event trigger 2,720 606 933 4,259
#entity mention 14,389 3,287 3,749 21,425
#event argument 6,057 1,219 2,570 9,846

Table 1: Statistics of the BRAD dataset.

Event Type #Event
Conflict Attack 1,628
Conflict Other 971
Humanity Deprive 577
Humanity Endow 376
Conflict Injure 153
Law Approve 145
Law Repeal 141
Law Propose 108
Justice Arrest-Jail 78
Conflict Protest 42
Justice Execute 26
Justice Sentence 14

Table 2: Distribution of event types in BRAD.

Annotation Challenges: During the EE annota-
tion process of historical texts, we found sev-
eral noteworthy challenges regarding the ability
to achieve interpretive consensus of the texts.

First, for the domain expertise, we find that the
use and meaning of words evolves over time and
across geographical regions, potentially introduc-
ing new meanings or making one meaning more
popular than the others. Language is always in per-
petual flux. As such, understanding texts from the
past requires analysis of the context in which texts
were written. In order to be effective, the annota-
tions must be attentive to these contexts. For ex-

Entity Type #Entity
PERSON (PER) 12,599
ORGANIZATION (ORG) 3,836
GEOPOLITICAL (GPE) 2,873
DOCUMENT (DOC) 1,121
DATETIME (TIME) 996

Table 3: Distribution of entity types in BRAD.

ample, in the following sentence, “Congress” and
“her” are two mentions of the USS Congress bat-
tleship launched by the United State Navy in 1841.
Without historical knowledge, our current percep-
tion might interpret “Congress” as the legislative
branch of the United States. In fact, the second
clause mentions the wooden hull that helps to clar-
ify it as the battleship that sunk in 1862 during the
US Civil War. Such misinterpretation might lead
to incorrect annotations and analyses.

“The Congress was visited and received the
shots and shells in all part of her wooden hull”.

Second, we find that annotation disagreements
are more likely to occur in the interpretation of
event triggers. In BRAD, we allow event triggers to
involve multiple words that cause span mismatches
between annotations for some confusing cases (e.g.,
annotating the whole phrase “make the black man
equal” as an event trigger or annotating “make”
and “equal” as two separate triggers). Another
form of popular disagreement involves mismatches
on event types. Consider the following sentence as
an example:

“Believing his life to be in danger, Patmon
stepped back, drew his revolver, and told the fellow
to surrender, or he would shoot him .”

Two annotators agree that the word “shoot” is
an event trigger. However, one annotator consid-
ers this as an event of type Conflict Attack as it is
a part of the conflict between the overseer (“Pat-
mon”) and the slave (“fellow”, “him”); the other
annotator, on the other hand, treats “shoot” as a Hu-
manity Deprive event as the overseer is threatening
to kill the slave (i.e., taking the right to life).
Data Analysis: To illustrate the ambiguity in
BRAD, Table 4 shows five words with the high-
est frequency as event triggers (i.e., Event Count),
along with the percentage of times these words are
labeled as event triggers in the dataset (i.e., Event
Rate) (Sims et al., 2019). This table demonstrates
the likelihood that words with the highest event
counts might not be annotated as event triggers in
BRAD, thereby necessitating EE models to find a
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Word #Event Event Rate
war 183 23.5%
rebellion 112 47.3%
insurrection 66 78.6%
revolt 77 60.2%
emancipation 58 82.9%
take 64 32.3%
put 35 47.3%
send 25 45.5%

Table 4: Event rates of the words with the highest event
counts in BRAD.

ACE 2005 BRAD
god 4.5% 17.5%
lord 0.3% 8.7%
heaven 0.7% 8.7%
mighty 0.2% 8.7%
sacred 0.2% 9.5%
curse 0.5% 5.6%
christian 1.7% 18.3%

Table 5: Percentages of documents containing religion-
related words in BRAD and ACE 2005.

method of effectively capturing context in order to
perform correct predictions.

Moreover, we find extensive use of religion-
related words in BRAD compared to existing EE
datasets. For example, considering the words
“lord”, “heaven”, and “christian”, the percentages
of documents in ACE 2005 containing these words
are only 0.3%, 0.7%, and 1.7% while those per-
centages for BRAD are 8.7%, 8.7%, and 18.3%
respectively. Such language difference suggests the
potential need to adapt existing language models to
better capture the nature of historical texts which,
in turn, will facilitate a more accurate performance
of EE.

3 Experiment

There are three major EE tasks that BRAD supports
for historical texts, including entity mention detec-
tion (EMD), event trigger detection (ED), and event
argument extraction (EAE). This section aims to
reveal the complexity of the EE tasks in BRAD by
evaluating the performance of existing state-of-the-
art models for EE on this dataset. In particular, we
focus on the following state-of-the-art models for
EE that leverage the pre-trained language model
BERT (Devlin et al., 2019) for the text encoding
and jointly perform predictions for all EE tasks in
an end-to-end fashion (i.e., joint inference):

DyGIE++ (Wadden et al., 2019): This model
utilizes dynamic span graphs to exploit long-range

cross-sentence relationships for span representation
propagation for joint IE.

OneIE (Lin et al., 2020): This model first iden-
tifies spans of entity mentions and event triggers.
The detected spans are then paired to jointly predict
entity types, event types, relations, and argument
roles for IE. Global features are used to capture
cross-task and cross-instance dependencies and
are employed in the decoding phase with beam
searches to improve extraction performance.

As such, we adapt the official implementations
of such models from their original papers for our
EE task in BRAD by ignoring the relation extrac-
tion task and re-tuning them on the BRAD devel-
opment set. For both models, we employ the pre-
trained BERT model (i.e., the bert-base-cased ver-
sion) to encode input texts. Besides, motivated
by the language difference between historical and
modern texts, we further explore a variant of the
BERT model by fine-tuning it on the African Amer-
ican corpus via the masked language modeling task
(Devlin et al., 2019). Note that we exclude the 151
documents of BRAD in this fine-tuning process.
This fine-tuned BERT model will also be fed into
DyGIE++ and OneIE to perform EE in BRAD.

Result: Table 6 reports the performance of the
models on the test set of BRAD over five sub-
tasks: Entity Mention Detection (Entity), Event
Trigger Identification, i.e., not concerning event
types (Trig-I), Event Trigger Classification (Trig-
C), Event Argument Identification, i.e., not con-
cerning argument roles (Arg-I), and Event Argu-
ment Classification (Arg-C). For comparison, we
also include the original performance of the models
on the popular EE dataset ACE 2005. There are
three major observations from the table. First, the
performance of current EE models on BRAD is
significantly and substantially worse than those on
ACE across different tasks. It thus suggests that EE
for historical texts in BRAD is a challenging task
and more research effort is necessary to boost the
EE performance for this domain. Second, compar-
ing the performance of the models with different
versions of BERT (i.e., original vs fine-tuned), it
is clear that fine-tuning BERT on historical texts
is beneficial for improving the performance of EE
models on BRAD (especially for OneIE where the
improvement is consistent across different EE sub-
tasks with large margins). This observation sug-
gests that pre-training BERT on modern texts is
unable to capture the nuance of language use in
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Task Model
ACE BRAD BRAD#

F1 P R F1 P R F1

Entity
DyGIE++ 90.7 85.6 75.9 80.5 84.3 78.6 81.4
OneIE 90.3 85.4 77.0 81.0 85.0 79.4 82.1

Trig-I
DyGIE++ 76.5 81.5 50.1 62.0 77.4 56.9 65.6
OneIE 78.6 80.9 47.0 59.4 80.8 52.9 63.9

Trig-C
DyGIE++ 73.6 62.7 38.5 47.7 61.6 40.6 49.0
OneIE 75.2 63.5 36.9 46.7 64.9 42.2 51.2

Arg-I
DyGIE++ 55.4 55.5 28.0 37.2 47.8 28.6 35.8
OneIE 60.7 57.7 33.9 42.7 58.9 40.4 47.9

Arg-C
DyGIE++ 52.5 48.8 24.6 32.7 42.5 25.4 31.8
OneIE 58.6 49.6 29.1 36.7 52.1 31.6 39.4

Table 6: The performance of models on the test sets of BRAD and ACE 2005. The BRAD# columns report the performance
with BERT fine-tuned on the African American corpus.

history, thus impairing the models and requiring
appropriate adaptation to boost the EE performance.
Finally, we note that the human performance (F1
scores) for Entity, Trig-C, and Arg-C on BRAD
are 95.43, 88.3, and 79.8 respectively. The large
performance gaps between human and current EE
systems thus presents many research opportunities
for future work on BRAD.

4 Related work

Prior work in NLP for historical texts has mainly
focused on spelling and text normalization (Pet-
tersson et al., 2014; Bollmann et al., 2017; Flachs
et al., 2019). Recently, some studies have under-
taken research on historical texts with NLP tasks
such as POS tagging (Yang and Eisenstein, 2016)
and information extraction (Pettersson et al., 2016).
However, none of this work has explored EE.

EE is an active research area due to the availabil-
ity of EE datasets e.g., for general (Walker et al.,
2005; Mitamura et al., 2015) and biomedical (Kim
et al., 2011) domains. Most of prior studies fo-
cus on in-domain EE (Ahn, 2006; Li et al., 2013;
Nguyen and Grishman, 2015; Chen et al., 2015;
Nguyen et al., 2016; Yang et al., 2019; Wadden
et al., 2019; Lai et al., 2020c; Nguyen et al., 2021).
Some recent studies in EE have also addressed ex-
tensible learning settings for EE to new event types,
e.g. zero-shot learning (Huang et al., 2018), few-
shot learning (Lai et al., 2020a,b), or new domains
(Naik and Rosé, 2020). The closet works to ours
involve recent efforts to create new datasets for EE
(Satyapanich et al., 2020; Ebner et al., 2020; Wang
et al., 2020; Trong et al., 2020; Le and Nguyen,
2021). However, these works do not consider his-
torical texts as we do.
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6 Conclusion

We present BRAD, a new dataset for EE on histor-
ical texts that focuses on Black rebellions in the
American Africa corpus. Our experiments demon-
strate the poor performance of current models for
EE on BRAD compared to those on modern texts,
thus creating room for future research on EE for
historical texts. We also illustrate one approach to
improve current EE systems for historical texts via
fine-tuning existing pre-trained language models.
In the future, we plan to enlarge our datasets with
more annotated documents and event types.
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Type Description Examples
LAW
Propose

A PROPOSE event occurs
when an actor (Agent) intro-
duces a bill, proposition, or
treaty which benefits a group
of people (Beneficial).

Below we give the salient points of the bill of an entertain-
ment recently given in the interest of a certain church about
to be organized in a certain town in New Jersey.
The bill introduced in Congress last week by the congress-
man from North Carolina , to abolish the 15th amendment.
It ’s only effect will be to create support for the bill of
congressman Crumpacker which proposes a reduction of
representation in those States

LAW
Approve

An APPROVE event occurs
when a bill or order (Object)
is passed by either the head of
the government or a represen-
tative committee (Agent).

Be it enacted by the General Assembly of Maryland.

Vermont has passed her Liberty Bill , New York has under
discussion , and Massachusetts will soon report and pass
her Act .
But it is said that for the Government to adopt the abolition
policy, would involve the loss of the support of the Union
men of the Border Slave States.

LAW
Repeal

A REPEAL event occurs
when an active law (Object)
is completely repealed by a
state actor (Agent).

... that I determined to revoke the act of the Federal Con-
stituent Assembly , whereby Slavery was abolished.
Even the New York Tribune protests against making this
war for the destruction of slavery, and insists that such a
war would alienate a large body of the Northern people at
present who adhere to the Government in the prosecution
of the war.
They want to se the Government march a powerful array
into the traitorous States, proclaim liberty to every slave,
and wipe out the last vestige of that barbarous system from
the land ...

CONFLICT
Protest

A PROTEST event occurs
when people (Agent) come
into a public area to demand
some action. PROTEST
events include, but are not
limited to, protests, sit-ins,
and riots as the result of a pre-
vious protest.

Almost simultaneously with the appearance of the minstrels
there arose from every kennel in the neighborhood timely
protest barked forth vigorously by a hundred curs, who, in
common with their masters, cursed their common luck.
It has attempted to supplant Government with anarchy, and
the fury of a brutal mob for the beneficent operation of law,
and the legally appointed law-makers.
...while the majority of the men were absent at a public
demonstration at Myrtle-avenue Park, in another part of
the city.

CONFLICT
Attack

An ATTACK event occurs
when a person or a organiza-
tion (Agent) performs an vio-
lent act causing harm or dam-
age to another person or orga-
nization (Patient).

Make the slave first, midst, and last Follow no longer the
partial and side issues; strike for the abolition of slavery.
. . . and hovering about Williamsport in an unaccountable
manner - while the rebel troops are burning , destroying ,
pressing loyal men into service , or driving them from the
houses they hoped to possess , and the wheat-fields they
expected to reap , under the protecting folds of the Federal
flag .
The States which rebelled , after having been most thor-
oughly whipped in a great war , came back into the Union
upon their promises to abide by the Constitution and Laws
of the same .

CONFLICT
Injure-Die

A Injure-Die event is defined
as a death or wound of a per-
son (Patient) which is the re-
sult of a violence event by an-
other person (Agent).

The life of loyal men are being sacrificed by scores, and
will, by and by, be sacrificed by thousands.
Why should the nation pour out its blood and lavish its
treasure by the million, consent to protect and preserve the
guilty cause of all its troubles?
Our loss is estimated at two hundred killed and wounded.

Table 7: Event types with their descriptions and examples in the BRAD dataset (to be continued in Table 8). Event trigger
words are shown in bold.
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Type Description Examples
CONFLICT
Other

Conflict Other events are re-
served for events that are
related to conflicts, but not
classified as one of the con-
flict event types above, includ-
ing declaring war, threatening
someone, forming an army, a
movement, and a march.

Let the slaves and free colored people be
called into service, and formed into a liberating army, to
march into the South ...
Their efforts in this direction have been crowned by entire
success.
He had called loud and earnestly upon the Government for
reinforcements; but the Government was practically deaf
to the call, and left him and his brave companions either
to perform a miracle, or to be completely overwhelmed by
superior numbers.

JUSTICE
Arrest-Jail

An Arrest-Jail Event occurs
when the movement of a per-
son (Patient) is constrained by
a state actor (Agent).

It appears that he obtained his information direct from Ger-
man where a supposed agent of the company had been
arrested, having in his possession incriminating docu-
ments.
It is said to be possible to imprison a man for debt in
Massachusetts.
He put her in jail at Eastville and she stayed there for some
time .

JUSTICE
Sentence

A SENTENCE Event takes
place when a punishment for
a person or an organization
(Patient) is issued by a state
actor (Agent).

... and any person so offending shall be guilty of a felony,
and shall, on conviction, be sentenced to confinement in
the penitentiary of this State, for a period not less than
ten nor more than twenty years from the time of sentence
pronounced on such person.
If any slave or servant be convicted or any crime the pun-
ishment whereof may be death or confinement in the peni-
tentiary
..., but that it has been promptly put down and the guilty
parties summarily punished.

JUSTICE
Execute

An EXECUTE Event occurs
when the life of a person (Pa-
tient) is taken by a state actor
(Agent).

Hector Grant James Horney, and Esther Anderson, white
servants, were executed at Chester, Kent county.
All these , if the demand of the Administration and its
friends is gratified , are to be hanged ; for the punishment
of treason by our law is death , ...
He made some confessions, and managed finally to escape,
but was arrested, taken to El Dorado, tried, and shot - not,
however, by regular process.

HUMANITY
Deprive

An DEPRIVE Event occurs
when someone’s right (Pa-
tient) is taken away, disre-
spect, or discouraged in any
form of expression including
but not limited to law, action,
and statement.

We thank Dr. CROFTS for the assurance of his sympathy,
and hope often to receive his earnest words in behalf of our
enslaved people.
Before the slaved is freed, this and a hundred other plans
will be critically canvassed , and the discussion of each will
elicit some truth .
... shall the four millions slaves , now robbed of all their
rights, and degraded to a level with brute beast...

HUMANITY
Endow

An ENDOW Event occurs
when someone’s right is en-
riched or appreciated in any
form of expression including
but not limited to law, action,
action and statement.

And as for lynching - let all the officers of the law, with all
the powers of the law, defend the rights and life of every
prisoner.
Before the slaved is freed , this and a hundred other plans
will be critically canvassed
They are going into every community which offers free-
dom and protection to their citizens , where law is justly
administered and where the rights of man are respected ;
and there are many such sections in this country ; there will
be the future homes of the Negroes .

Table 8: Event types with their descriptions and examples in the BRAD dataset. Event trigger words are shown in bold.
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Event Argument Entity Description Examples
Role Type

LAW
Propose

Agent PER
ORG

The person or organization
who proposes the law

The resolutions were proposed
by the gentleman from Ohio.

Slavery has been brought into

the House .

Beneficiary PER
ORG

The person or organization
who benefits from the pro-
posal

Object DOC The proposed law
Time TIME When the proposal takes

place
Location GPE Where the proposal takes

place

LAW
Approve

Agent PER
ORG

The person or organization
who approves the law

Freedom to the slave should
now be proclaimed from the
Capitol .

The act was duly approved by
the Executive , published, and
announced to the civilized words.

Beneficiary PER
ORG

The person or organization
who benefit from this ap-
proval

Object DOC The approved law
Time TIME When the approval takes

place
Location GPE Where the approval takes

place

LAW
Repeal

Agent PER
ORG

The person or organization
who repeals the law

They shall strike down
Slavery .

... we can not see why the
institution of private property

was to be abolished.

Beneficiary PER
ORG

The person or organization
who benefits from this re-
peal

Object DOC The repealed law
Time TIME When the repeal takes place
Location GPE Where the repeal takes place

CONFLICT
Protest

Agent PER
ORG

The person or organization
who protests

The red cap was paraded
through Cape Haytien .
The men were present at a
public demonstration in
Brooklyn .

Patient ORG The organization that the
agent protest against

Time TIME When the protest takes place
Location GPE Where the protest takes

place

CONFLICT
Attack

Agent PER
ORG

The attacking person or or-
ganization

Fremont is scouring the
rebels beyond the borders of
Missouri .
On Wednesday morning the

rebels prepared to storm our
works in Plymouth .

Patient PER
ORG

The target of the attack

Time TIME When the attack takes place
Location GPE Where the attack takes place

CONFLICT
Injure-
Die

Agent PER
ORG

The person or organization
who attempts to attack or kill

They cut men in half, and
pieces from exploded shells,
killed and wounded several .
Most of the negroes , we regret
to hear, are said to have been
massacred.

Patient PER
ORG

The person or organization
who is injured or dead

Time TIME When the injury/death takes
place

Location GPE Where the injury/death takes
place

Table 9: Descriptions and examples of argument roles for each event type in the BRAD dataset (to be continued in Table 10).
Event triggers are bold and underlined. Arguments are highlighted using colors that match with their roles.
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Event Argument Entity Description Examples
Role Type

CONFLICT
Other

Agent PER
ORG

The acting person or organi-
zation

The poor men of the South
have been pressed into
the army to fight the battle of
slavery.

Patient PER
ORG

The person or organization
who is the object of the act

Time TIME When the action takes place
Location GPE Where the action takes place

JUSTICE
Arrest-
Jail

Agent PER
ORG

The arresting agent or jailer A few weeks ago , a man

named Hancock was arrested
in Union county, Arkansas .
Several free colored men were
captured with the rebels in
Fort Fisher .

Patient PER The person who is arrested
Time TIME When the arrest/jail takes

place
Location GPE Where the arrest/jail takes

place

JUSTICE
Sentence

Agent PER
ORG

The judge or court It has been represented there are
confined in the Government
jail forty-five prisoners , who
are not charged with crime, but
are represented as being slaves

Patient PER
ORG

The person who is sentenced

Time TIME When the sentencing takes
place

Location GPE Where the sentencing takes
place

JUSTICE
Execute

Agent PER
ORG

The person/organization
who orders or carry out the
execution

A man by the name of Martin
was tried in El Dorado on a
similar charge and hanged.
They seized him, and being

then convinced of his guilt,
shot him in the woods

.

Patient PER The person who is executed
Time TIME When the execution takes

place
Location GPE Where the execution takes

place

HUMANITY
Endow

Agent PER
ORG

The person/organization
who endows the patient

It is our right to liberate the
slaves of an enemy.

... and give freedom to persons

held to labor in the slave states .

Patient PER The person who is endowed
Time TIME When the endowment takes

place
Location GPE Where the endowment takes

place

HUMANITY
Deprive

Agent PER
ORG

The person/organization
who deprives the patient

They have outraged, and
robbed, and murdered our
peaceful citizens .
... by the atrocities of the rebels
delivering back into bondage
thousands of slaves .

Patient PER The person who is deprived
Time TIME When the deprivation takes

place
Location GPE Where the deprivation takes

place

Table 10: Descriptions and examples of argument roles for each event type in the BRAD dataset. Event triggers are bold and
underlined. Arguments are highlighted using colors that match with their roles.
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Abstract

Medical entity retrieval is an integral compo-
nent for understanding and communicating in-
formation across various health systems. Cur-
rent approaches tend to work well on specific
medical domains but generalize poorly to un-
seen sub-specialties. This is of increasing con-
cern under a public health crisis as new med-
ical conditions and drug treatments come to
light frequently. Zero-shot retrieval is chal-
lenging due to the high degree of ambiguity
and variability in medical corpora, making it
difficult to build an accurate similarity mea-
sure between mentions and concepts. Medi-
cal knowledge graphs (KG), however, contain
rich semantics including large numbers of syn-
onyms as well as its curated graphical struc-
tures. To take advantage of this valuable infor-
mation, we propose a suite of learning tasks de-
signed for training efficient zero-shot entity re-
trieval models. Without requiring any human
annotation, our knowledge graph enriched ar-
chitecture significantly outperforms common
zero-shot benchmarks including BM25 and
Clinical BERT with 7% to 30% higher re-
call across multiple major medical ontologies,
such as UMLS, SNOMED and ICD-10.

1 Introduction

Entity retrieval is the task of linking mentions of
named entities to concepts in a curated knowledge
graph (KG). This allows medical researchers and
clinicians to search medical literature easily using
standardized codes and terms to improve patient
care. Training an effective entity retrieval system
often requires high quality annotations, which are
expensive and slow to produce in the medical do-
main. It is therefore not feasible to annotate enough
data to cover the millions of concepts in a medical
KG, and difficult to adapt quickly enough to those
newly appeared medical conditions and drug treat-
ments under a public health crisis. Hence, a robust

medical entity retrieval system is expected to have
decent performance in a zero-shot scenario.

Zero-shot retrieval is challenging due to the com-
plexity of medical corpora - large numbers of am-
biguous terms, copious acronyms and synonymous
terms. It is difficult to build an accurate similar-
ity measure which can detect the true relatedness
between a mention and a concept even when their
surface forms differ greatly.

Early entity retrieval systems use string matching
methods such as exact match, approximate match
(Hanisch et al., 2005) and weighted keyword match
e.g. BM25 (Wang et al., 2020). Although anno-
tated training data is not required, such systems
typically lack the ability to handle synonyms and
paraphrases with large surface form differences. In
recent years, large scale pretraining (Devlin et al.,
2019) has been widely adopted in the medical do-
main such as Clinical BERT (Alsentzer et al., 2019)
and BioBERT (Lee et al., 2019). Agarwal et al.
(2019) also integrates graph structure information
during pretraining. Most of them, however, require
a finetuning step on annotated training data (Wu
et al., 2020) before being applied to entity retrieval.

As an alternative to manually annotating a cor-
pus, the rich semantics inside a KG itself can be
utilized (Chang et al., 2020). One important en-
try is the synonym, whereby two medical terms
may be used interchangeably. In addition, the
graphical structure of a KG contains informa-
tion on how concepts are related to each other and
so can be used as another valuable resource for
building an effective similarity measure. We there-
fore design synonym-based tasks and graph-based
tasks to mine a medical KG. Trained with our pro-
posed tasks, a simple Siamese architecture signifi-
cantly outperforms common zero-shot benchmarks
across multiple major medical ontologies including
UMLS, SNOMED and ICD10.

Our contributions are as follows. (1) We pro-
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pose a framework which allows the information in
medical KGs to be incorporated into entity retrieval
models, thereby enabling robust zero-shot perfor-
mance without the need of human annotations. (2)
We apply the framework to major medical ontolo-
gies and conduct extensive experiments to establish
the effectiveness of our framework. (3) When an-
notations are available, we show that the proposed
framework can be easily plugged into an existing
supervised approach and in so doing, deliver con-
sistent improvements.

2 Formulation

Entity retrieval. Given a mention m and a con-
cept c ∈ KG = {c1, c2, ..., cn}, the goal is to
learn a similarity measurement S(m, c) , so that
the most relevant concept is assigned the highest
score. A concept is also referred to as a node in a
KG. We use them interchangeably below.

Zero-shot entity retrieval. We examine two
zero-shot scenarios: 1) zero-shot on mentions only,
which assumes unseen mentions but allows seen
concepts at test time. 2) zero-shot on mentions and
concepts, which assumes both to be unseen at test
time.

3 Model Architecture

Siamese architecture. Mentionm and concept c
are firstly embedded into vectors, using a shared
function T : ~em = T (m), ~ec = T (c). T is also
referred to as an encoder, for which we use the
Transformer (Vaswani et al., 2017) encoder in this
work. Similarity between a mention and a concept
is then measured as the inner product: S(m, c) =
〈 ~em, ~ec〉.

Optimization. Assume model parameter is θ.
We use in-batch negatives for optimization. Loss
function for a batch of size B is defined as mean
negative log likelihood:

L = − 1

B

B∑

i=1

log(P ((mi, ci)|θ))

where the conditional probability of each mention-
concept pair (mi, ci) in the batch is modeled as a
softmax:

P ((mi, ci)|θ) =
exp(Sθ(mi, ci))∑B
j=1 exp(Sθ(mj , cj))

Figure 1: ICD-10 synonym-based task defined at an example
node

4 Learning Task

We design our learning tasks by constructing
mention-concept pairs (m, c). The goal is to cap-
ture multiple layers of semantics from a KG by
leveraging its unique structure. Since each structure
implies its own measure of similarity, we design
learning tasks by finding very similar or closely
related textual descriptions and use them to con-
struct (m, c) pairs. We define two major types of
tasks: synonym-based tasks and graph-based tasks.
These are illustrated below for three major medical
KG: ICD-10, SNOMED and UMLS.

4.1 ICD-10

The 10th version of the International Statistical
Classification of Diseases, Clinical Modification
(ICD-10) is one of the most widely used terminol-
ogy systems for medical conditions. It contains
over 69K concepts, organized in a tree structure of
parent-child relationships.

Synonym-based task. In ICD-10, a child
node is a more specific medical condition
compared to its parent (e.g. R07.9 Chest
pain, unspecified is a child of R52
Pain, unspecified). Each node Ni has
three sections: The Title section contains a sub-
specifier (e.g. Chest) of the title of the parent
(e.g. Pain), therefore their concatenation gives
the full concept description (e.g. Chest Pain).
We denote it byNT itleConcatenation

i . The Code sec-
tion contains an ICD-10 code and its formal med-
ical definition, denoted by NCodeDescription

i . The
SeeAlso section contains a similar concept, denoted
by NSeeAlso

i .
These three sections describe the same medical
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condition with different surface forms, therefore
we define the ICD-10 synonym-based task as:

m = NL
i , c = NR

i

NL
i , N

R
i ∈ {NT itleConcatenation

i ,

NCodeDescription
i , NSeeAlso

i }, L 6= R

We illustrate it with an example in Figure 1.
Graph-based task. To incorporate the seman-

tics of parent-child relationships into learning, we
define ICD-10 graph-based task as:

m = NCodeDescription
i , c = NCodeDescription

j

Ni.is parent(Nj)

4.2 SNOMED
Systematized Nomenclature of Medicine – Clinical
Terms (SNOMED) is a standardized clinical termi-
nology used for the electronic exchange of clinical
health information with over 360K active concepts.

Synonym-based task. Each node Ni in
SNOMED has multiple synonymous descriptions
{l1i , l2i , ..., ldi }, with l1i as the main description. We
therefore define SNOMED synonym-based task as:

m = lpi , c = lqi , p > q

d∗(d−1)
2 unique (m, c) pairs are constructed at

each node.
Graph-based task. SNOMED is a directed

graph with 107 possible relationship types (e.g.
is a, finding site, relative to). A di-
rect connection between two nodes is likely to im-
ply a certain degree of similarity, thus we define
the SNOMED graph-based task as:

m = l1i , c = l1j

Ni.is connected(Nj)

4.3 UMLS
The Unified Medical Language System (UMLS)
is a compendium of a large number of curated
biomedical vocabularies with over 1MM concepts.
UMLS has almost the same structure as SNOMED,
therefore we define the synonym-based task and
graph-based task in a similar fashion to that of
SNOMED.

For each task mentioned above, the (m, c) pairs
generated at each node are combined and split into
train and dev in a 80:20 ratio. We also define a
comb task, where all the tasks are firstly down-
sampled to equal sizes and then combined. A sum-
mary can be found in Table 1.

KG Task Type Train Dev

ICD-10 syn 113K 28K
graph 33K 8K

SNOMED syn 1.4M 374K
graph 955K 238K

UMLS syn 27M 7M
graph 7M 2M

Comb 198K 488K(by down-sampling)

Table 1: Task Description: Number of (m, c) pairs in train
and dev for all tasks.

Dataset Split KG Test size

MedM. - UMLS 66,572

COMETA

SG

SNOMED

4,350
SS 4,369
ZG 3,995
ZS 4,283

3DNotes
ICD ICD-10 5,742
SN SNOMED 7,521

Table 2: Test Set Size.

5 Datasets

We include three datasets in zero-shot evaluations.
MedMention (Mohan and Li, 2019) is a publicly
available corpus of 4,392 PubMed1 abstracts with
biomedical entities annotated with UMLS con-
cepts. COMETA (Basaldella et al., 2020) is one
of the largest public corpora of social media data
with SNOMED annotations. It provides four train,
dev, test splits: Stratified-General (SG), Stratified-
Specific (SS), Zeroshot-General (ZG), Zeroshot-
Specific (ZS). We also use a de-identified corpus of
dictated doctor’s notes named 3DNotes(Zhu et al.,
2020). It has two sets of annotations: one with
ICD-10 (ICD split), another with SNOMED (SN
split). The annotation follows the i2b2 challenge
(Uzuner et al., 2011) guidelines.

Zero-shot performance is evaluated on the corre-
sponding test sets. We report sizes of the test sets
in Table 2.

6 Experiments

6.1 Experimental Settings

We train a model using each task and evaluate
them across all test sets. Performance is com-
pared against two common zero-shot entity re-
trieval benchmarks: BM25, and BERT encoder
followed by inner-product similarity. For the latter,
we tested multiple pre-trained versions including
BERTbase, Clinical BERT and BioBERT.

1https://www.ncbi.nlm.nih.gov/pmc/
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Dataset Split KG BM25 Clinical
Siamese architecture trained with KG learning tasks (ours)
ICD-10 SNOMED UMLS CombBERT Syn Graph Syn Graph Syn Graph

MedM. - UMLS .04(.17) .10(.30) .31(.58) .31(.56) .32(.55) .33(.61) .32(.53) .30(.57) .32(.60)

COMETA

SG

SNOMED

.02(.10) .01(.06) .30(.52) .30(.48) .43(.65) .37(.58) .33(.50) .32(.54) .37(.58)
SS .02(.11) .01(.06) .28(.51) .28(.47) .41(.62) .36(.56) .31(.48) .31(.52) .35(.56)
ZG .02(.12) .01(.07) .32(.57) .32(.54) .47(.71) .39(.61) .36(.55) .33(.57) .40(.62)
ZS .02(.10) .01(.07) .30(.52) .29(.47) .40(.64) .35(.57) .31(.49) .29(.53) .35(.57)

3DNotes ICD ICD-10 .05(.22) .11(.17) .28(.54) .23(.46) .20(.45) .20(.52) .18(.39) .21(.53) .30(.54)
SN SNOMED .07(.20) .01(.05) .20(.50) .18(.45) .38(.63) .25(.61) .25(.49) .29(.55) .34(.59)

Table 3: Retrieval performance R@1(25). Siamese architecture trained with our tasks are shown to significantly outperform
benchmarks. Evaluation for zero-shot on mentions only is highlighted in bold the rest belongs to zero-shot on mentions and
concepts. The former enjoys a bigger gain as expected.

Mention Gold Concept Syn Graph

shortness of breath dyspnea (finding) 3 7

GI hemorrhage gastrointestinal
3 7hemorrhage (disorder)

coronary structure coronary artery
7 3(body structure)

heart heart structure
7 3(body structure)

Table 4: Prediction error of the model trained with SNOMED
tasks evaluated on 3DNotes-SN.

Hyperparameters. For our Siamese architec-
ture, the transformer encoder is initialized with
BERTbase. We use the BertAdam optimizer with
a batch size of 128, the initial learning rate of
3 × 10−5, warm-up ratio of 0.02, max epochs of
50, followed by a linear learning rate decay.

Evaluation metrics. Top-k retrieval recalls
(R@1, R@25) are used as metrics. We also as-
sume that each mention has a valid gold concept in
the KG.

6.2 Results
We report overall results in Table 3. Clinical BERT
consistently outperforms the other pre-trained coun-
terparts, which are therefore omitted. For evalua-
tions of zero-shot on mentions only (e.g. UMLS
tasks evaluated on MedMention which is UMLS
annotated), we observe 12% to 45% gain for R@1
compared to benchmarks. For evaluations of zero-
shot on mentions and concepts (e.g. UMLS tasks
evaluated on COMETA which is SNOMED an-
notated), 7% to 30% higher R@1 is observed.
Comb task has the most balanced performance
gains across all datasets.

6.3 Analysis and Discussion
Task comparison. To further understand the dif-
ference between synonym-based tasks and graph-
based tasks, we illustrate qualitative examples in
Table 4. A model trained using the synonym task

Figure 2: R@25. Using the comb task as an auxiliary to
the primary supervised loss, the model gains 1% in-domain
(3DNotes-SN) improvement , 8% zero-shot (COMETA-ZS)
improvement.

makes better predictions for scenarios involving
medical synonyms and acronym (lines 1, 2). A
model trained using the graph task performs better
when mention and concept have an is a relation-
ship (lines 3, 4).

Auxiliary task. When annotations are available,
our learning tasks can be used as an auxiliary to
the primary loss. Using the 3DNotes-SN’s anno-
tated training set to train the primary supervised
task, we set the comb task as its auxiliary counter-
part by summing the losses. We evaluate zero-shot
performance on COMETA-ZS. We observe an 8%
increase in R@25, illustrated in Fig. 2. Since most
annotations cover no more than a couple thousands
concepts, which is a tiny portion of a typical med-
ical KG’s size, this demonstrates the generalizing
capacity of our approach on the vast majority of
unseen concepts.

Private KG. In practice, if the target medical
ontology is a private KG (Wise et al., 2020; Bhatia
et al., 2020), one can also consider customizing the
learning tasks that follow the synonym and graph-
based frameworks outlined in this work to bring
greater gains.

7 Conclusion

We present a framework for allowing entity re-
trieval models to mine rich semantics from a medi-
cal KG. We show its effectiveness in zero-shot set-
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tings through extensive experiments. In addition,
we demonstrate the ease with which the framework
can be adapted to serve as an auxiliary task when
annotations are available. Future research should
explore more fine-grained approaches to combine
tasks.
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Abstract

Traditional toxicity detection models have fo-
cused on the single utterance level without
deeper understanding of context. We introduce
CONDA, a new dataset for in-game toxic lan-
guage detection enabling joint intent classifi-
cation and slot filling analysis, which is the
core task of Natural Language Understanding
(NLU). The dataset consists of 45K utterances
from 12K conversations from the chat logs of
1.9K completed Dota 2 matches. We propose a
robust dual semantic-level toxicity framework,
which handles utterance and token-level pat-
terns, and rich contextual chatting history. Ac-
companying the dataset is a thorough in-game
toxicity analysis, which provides comprehen-
sive understanding of context at utterance, to-
ken, and dual levels. Inspired by NLU, we
also apply its metrics to the toxicity detection
tasks for assessing toxicity and game-specific
aspects. We evaluate strong NLU models on
CONDA, providing fine-grained results for dif-
ferent intent classes and slot classes. Further-
more, we examine the coverage of toxicity na-
ture in our dataset by comparing it with other
toxicity datasets.1

1 Introduction

As the popularity of multi-player online games has
grown, the phenomenon of in-game toxic behav-
ior has taken root within them. Toxic behavior
is strongly present in recent online games and is
problematic to the gaming industry (Adinolf and
Turkay, 2018). For instance, 74% of US players of
such games report harassment with 65% experienc-
ing severe harassment. (ADL, 2019).

In the past few years, Natural Language Process-
ing (NLP) researchers have proposed several on-
line game/community toxicity analysis frameworks

∗Corresponding author (caren.han@sydney.edu.au)
1The dataset and lexicons are available at https://

github.com/usydnlp.

Figure 1: An example intent/slot annotation from the
CONDA (CONtextual Dual-Annotated) dataset.

(Kwak et al., 2015; Murnion et al., 2018; Wang
et al., 2020) and datasets (Märtens et al., 2015;
Stoop et al., 2019). However, existing datasets
(1) focus only on the single utterance level with-
out deeper understanding of context in the whole
conversation/chat, and (2) do not explicitly use se-
mantic clues from the words within the utterance.

The chat in online games and communities is
similar in nature to spoken language, an area stud-
ied by Natural Language Understanding (NLU).
NLU research aims to best represent human com-
munication by extracting semantic structure in the
form of intent and slot analysis. Intent detection is
the classification of the desired outcome of an utter-
ance (or sentence), and slot filling is the labeling of
each token (or word) in the utterance with the type
of semantic information it carries. In recent litera-
ture, these two tasks are trained jointly to capture
synergies between them, and these jointly trained
models give better results (Zhang et al., 2019b).
Furthermore, researchers have made available joint
task datasets that contain the context of a multi-turn
conversation (Budzianowski et al., 2018; Schuster
et al., 2019)

Inspired by this NLU research progress, we
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propose CONDA, an in-game toxicity detection
dataset, with a robust dual-level annotation which
enables intent detection and slot filling. Our dataset
consists of 45k utterances from the chat logs of
1.9k Dota 2 matches, labeled with 4 intent classes
and 6 slot classes to address toxicity and the game-
specific vocabulary. Figure 1 illustrates an example
of CONDA including raw data (in-game chat) and
processed data with slot and intent labels. In order
to enable the dual semantic-level framework, we
conduct lexicon-based automation for token-level
data and human annotation for utterance-level data.

We investigate the CONDA dataset through an
in-depth analysis. The large portion of game-
specific classes in the dual levels enables the dataset
to be more sophisticated in detecting toxicity in
games. The combination of each intent with each
slot class shows that dual annotation can help deter-
mine toxicity from gamer slang when used in both
toxic and non-toxic situations. We also find more
toxic utterances appear pre-game and post-game
rather than during the games, especially peaking
post-game due to the chat for post-victory celebra-
tion and recrimination.

We provide five strong baseline NLU models and
compare the toxicity detection performance over
our dataset. For evaluation, we apply four NLU
metrics to assess performance in toxicity and game
specific aspects. Results vary across models, indi-
cating a challenge for improvement. Furthermore,
we perform a transfer learning experiment with ex-
isting toxicity datasets. We find that the nature of
toxicity in our dataset can generalize to other pro-
posed taxonomies, including hatefulness, sexism
and racism. Beyond this commonality, our experi-
ment illustrates that CONDA is distinguished from
other toxicity datasets due to game-specific char-
acteristics. This paper then makes the following
contributions:

• To the best of our knowledge, this is the first
attempt to build a toxicity detection dataset
with joint Natural Language Understanding
aspects of intent classification and slot filling;

• We propose a robust dual semantic-level toxi-
city framework, which handles utterance and
token-level patterns with rich in-game chat-
ting history;

• We formalise NLU metrics for toxicity de-
tection, evaluate strong NLU models on our
dataset, and further conduct transfer learning
experiments with other toxicity datasets.

2 Related Work

Toxicity Datasets in Online Games In multi-
player online games, prior research focused on
analysis of anti-social or disruptive behavior, so-
called toxic behavior (Blackburn and Kwak, 2014;
de Mesquita Neto and Becker, 2018) including
cyberbullying (Kwak et al., 2015) and griefing
(Murnion et al., 2018). Although these terms con-
tain similar elements, a single definition of toxic
behavior is yet to emerge. Some studies have con-
ducted data annotation using pre-defined lexicon
categories (Märtens et al., 2015) or toxic player
information (Stoop et al., 2019). These annotation
methods are not robust enough to handle unlabelled
toxicity words or unreported toxic players.

Toxicity Datasets in Online Community An
extensive body of work has focused on datasets
to detect toxicity including hate speech (Waseem
and Hovy, 2016; Davidson et al., 2017; ElSherief
et al., 2018) and abusive language (Nobata et al.,
2016; Founta et al., 2018). However, the majority
of toxicity datasets do not consider the context of
a conversation, instead simply analysing a single
utterance. Even if a model uses contextual informa-
tion (Gao and Huang, 2017), it is limited to meta-
information (e.g. news title or user name) which is
not sufficient to understand a conversation. In our
research, context is defined as linguistic contextual
information, particularly previous single or multi-
ple utterances. Along similar lines, recent studies
have focused on conversation aiming to discover
warning signals (Zhang et al., 2018), to generate
intervention responses (Qian et al., 2019), or to
measure the importance of context (Pavlopoulos
et al., 2020). Existing toxicity datasets mainly fo-
cus on annotating at utterance-level, whereas ours
conducts a dual-level annotation at utterance and
token-level, while also providing a conversation
history (see Table 1). These extra features are what
distinguish CONDA.

NLU Datasets and Models In-game chat has
similar characteristics to multi-turn dialogue in
NLU. The approaches used in multi-turn dialogue
analysis have not yet been observed in toxicity
datasets. In NLU, generally, intent classification
(IC) is treated as a semantic utterance classification
task and slot filling (SF) is treated as a sequen-
tial token labelling task (Zhang and Wang, 2016).
By conducting a joint model for the two tasks, a
synergistic effect can be achieved (Zhang et al.,
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Dataset Approach Domain Labels Conv.

(Märtens et al., 2015) utterance-level Game (Dota 2) toxic, non-toxic N
(Waseem and Hovy, 2016) utterance-level Twitter racist, sexist, normal N
(Nobata et al., 2016) utterance-level Yahoo News clean, hate, derogatory, profanity N
(Davidson et al., 2017) utterance-level Twitter hateful, offensive, neither N
(Gao and Huang, 2017) utterance-level Fox News hate, non-hate N
(ElSherief et al., 2018) utterance-level Twitter hate, non-hate / hate instigator, hate target N

(Founta et al., 2018) utterance-level Twitter offensive, abusive, hateful speech,
aggressive, cyberbullying, spam, normal N

(Zhang et al., 2018) utterance-level Wikipedia toxic, non-toxic Y
(Stoop et al., 2019) utterance-level Game (LoL) toxic, non-toxic Y
(Qian et al., 2019) utterance-level Gab & Reddit hate, non-hate Y
(Pavlopoulos et al., 2020) utterance-level Wikipedia toxic, non-toxic Y

CONDA (our dataset) dual-level
(utterance and token) Game (Dota 2)

- utterance level (intent): explicit toxicity,
implicit toxicity, action, others
- token level (slot): toxicity, character,
dota-specific, slang, pronoun, other

Y

Table 1: Comparison of CONDA with other toxicity datasets (Conv.: Conversation).

2019b). To build multi-turn dialogue datasets, most
studies have recruited workers via crowd-sourcing
to collect task-oriented dialogues across different
domains (e.g. in-car assistant (Eric et al., 2017),
navigation and events (Gupta et al., 2018), multi-
domains (Budzianowski et al., 2018), personal no-
tifications (Schuster et al., 2019)). Recently, deep
learning models have also been extensively studied
in order to capture the contextual signals from mul-
tiple sequential inputs. (e.g. BiLSTM with atten-
tion (Wang et al., 2019), GRU with self-attention
and context-fusion (Gupta et al., 2019). The mod-
els listed all show an increase in semantic detection
performance when the context is included in the
analysis.

3 CONDA

3.1 Data Collection

Our annotated dataset, CONDA, is based on the
Defense of the Ancients 2 (Dota 2) data dump avail-
able at Kaggle2. Dota 2 is a multiplayer online
game where teams of five players attempt to destroy
their opponents’ ancient structure. The raw data
is compiled from game matches including players,
duration, match outcomes, and complete chat logs.
In order to curate data, we select 50,000 utterances
in complete chat logs from 1,921 matches.

3.2 Data Processing

Our data processing is designed to enable dual an-
notation, making utterance-level data suitable for
human annotators and generating token-level data
for lexicon-based automation. The main processes
are creation of conversations, restructuring utter-

2https://www.kaggle.com/devinanzelmo/dota-2-matches

ances while keeping original context, and genera-
tion of tokens.

We generate conversations to give human annota-
tors a context of previous utterances when labelling
the current utterance. We identify the beginning of
a conversation as the first utterance in the match,
or an utterance that occurs greater than 60 seconds
after the previous utterance in the match. While
the raw data is largely in English, other languages
appear occasionally including Russian, Chinese,
Spanish, etc. We exclude conversations with chat
in non-English.

For the utterance-level data, we maintain the
original form such as punctuation and case in order
to keep context. In addition, we merge consecutive
utterances by a single user within a conversation.
These are combined into one utterance with a spe-
cial token, [SEPA], added to denote the separation
point (e.g. ‘easiest [SEPA] game [SEPA] of my
life’). For the token-level data, we use contraction
restoration (e.g. ‘I’m’ -> ‘I am’), whitespace to-
kenise each utterance, retain emoticons, but remove
punctuation. This token-level processing is used
for lexicon-based automated slot annotation.

Our final CONDA dataset (Table 2) consists of
44,869 utterances and 1,921 matches. We further
create a subset, equivalent to about 10% of the full
dataset, for a preliminary round of utterance-level
annotation.

Dataset Feature CONDA

Matches 1,921
Conversations 12,152
Utterances 44,869
Avg. utterances per match 23.3

Table 2: CONDA statistics.
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3.3 Annotation
Dual Aspects Inspired by NLU, we provide a
dual-level annotation approach to detect toxicity,
which often relies on context. This allows one to
find toxic intent even though an utterance does not
contain any toxic words, or to determine non-toxic
intent even if an utterance has toxic words. For
example, Figure 1 shows an utterance “not a good
pudg”, which does not contain any toxic words.
However, considering the previous utterance of

“worst hookshot ever”, we can identify hidden or
implicit toxicity. As an example of the other way
around, an utterance of “happy fuck you day” con-
tains a toxic word but it is used for cheering after
saying “gg” (good game).

Token-level Slot Annotation With the pro-
cessed token-level data, an automated slot labelling
is performed. Initially, we create six distinct
slot labels: T (Toxicity), C (Character), D (Dota-
specific), S (game Slang), P (Pronoun) and O
(Other). To construct the T lexicon, we combine
several toxicity lexicons (see Section 8 Ethics) and
remove overlaps. We also use the supplemental
data sourced by Märtens et al. (2015) for the game-
related lexicons (C, D and S) and carefully modify
it. The P lexicon (e.g. ‘u’, ‘ur’) is constructed
by this research because in-game chat is extremely
abbreviated. Then, we perform lexicon-based au-
tomation by exact matching each lower-cased token
against the lexicons. Anything not matching a lex-
icon is labelled O. We contrast this with typical
NLU slot labelling where a semantic concept can
stretch over a span of words. In comparison to other
toxicity datasets, our lexicon-based slot labelling
enables deeper understanding of game context.

Utterance-level Intent Annotation Given to-
kens with slot labelling and utterance-level data,
we perform a test run on the subset of utterances
using six annotators. Four annotators are game
players and two are non-game players. This pre-
liminary round is for fine-tuning annotation policy
and analysing annotator agreement to inform final
annotation for the full dataset. The annotators man-
ually classified the utterances into four labels: E
(Explicit toxicity), I (Implicit toxicity), A (Action)
and O (Other). The label details are explained in
the annotator instructions.

Annotator Instructions Each annotator was re-
quired to consider the earlier conversation, particu-
larly, to detect implicit toxic behavior or to identify

non-toxic behavior in the utterance having toxic-
labelled tokens. The annotators worked indepen-
dently of one another. The guidelines for human
annotators were as follows:

Explicit toxicity: Typically contains toxic
word(s). The intent is to insult or humiliate others,
or to make others want to leave the conversation
or quit the game. There is no need to consider the
context (e.g. ‘fuck off’). May include one or more
of the following aspects:

• Strong toxicity - blatant insulting or disre-
specting others is obviously seen in the text,
normally with severely toxic wording;

• Normal toxicity - impolite, rudely worded and
unreasonable comment that insults or humili-
ates others;

• Cursing others with the intent to insult or hu-
miliate them (e.g. ‘noob’3);

• Sexual wording or talk about sex-related be-
havior;

• Use of negative or hateful words to describe
others (e.g. ‘useless’);

• Racist language that is targeted at insulting
others (e.g. ‘Peruvians’, ‘fucking russians’);

• Inflammatory language, insulting others and
trying to start a conversational fight.

Implicit toxicity: Hidden toxicity that normally
cannot be seen from the text itself. The text might
be factual or even positive (e.g. sarcasm). However,
based on the utterance or conversation context, the
intent of insulting or humiliating others can be in-
ferred. Typically contains no toxic word (e.g. ‘u
are poor dude’).

Action: Doesn’t belong to I or E, but contains
an action such as report, commend, pause, stop, or
exit game.

Other: Doesn’t belong to I or E or A. May or
may not contain toxic words. Includes curses, self-
deprecation or any other emotional expression that
is NOT targeted at others (e.g. ‘kill the fucking
helicopter’).

Findings in Annotation The preliminary round
was useful for enabling discussion around annota-
tion. For example, we decided that the token “ez”4

3“Noob” is a slang term for a newcomer, commonly used
to insult someone inexperienced in games.

4“Ez” is an abbreviation for easy. It is often used to irritate
other players in games, indicating “You are just way too easy”.
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or its variations are an implied slur against the oppo-
sition’s quality and would generally be part of an I
label utterance. Similarly, “g” is often a contraction
for “go” and would be part of an A label utterance.
Overall, we observed that the agreement measure
for utterance classification was higher for gamer
annotators only (Fleiss’ kappa = 0.785) versus the
whole group (Fleiss’ kappa = 0.755). The lower
inter-rater agreement in the whole group is because
non-gamer annotators have low understanding of
the game context and domain-specific language.
Therefore, annotation of the whole dataset was per-
formed by gamers only. Based on our annotation
guidelines, they collectively manually annotated
the utterances for the full dataset.

4 Dataset Analysis

The CONDA dataset consists of 9 columns - match
ID, conversation ID, player ID, player slot, chat
time, utterance, slot tokens (cleaned tokens with
slot labelling), intent class, and slot classes. For
example, the utterance “gg wp” for “good game
well played” is shown in the slot tokens column as

“gg (S), wp (S)”. Each column is further explained
in AppendiX A.

Intent % Mean L.

E (Explicit) 13.3 6.14
I (Implicit) 6.4 4.16
A (Action) 6.4 4.40
O (Other) 73.9 3.18

Total 100.0 3.71

Slot %

T (Toxicity) 4.9
C (Character) 5.4
D (Dota-specific) 1.4
S (Game Slang) 11.2
P (Pronoun) 13.5
O (Other) 63.6

Total 100.0

Table 3: Intent labelling statistics (left) and slot la-
belling statistics (right). % is proportion of the dataset.
Mean L. is mean number of tokens after cleaning.

Dual Annotation Proportion Table 3 gives the
proportional breakdown of the CONDA dataset by
intent and slot labels. Together the toxic utterance
classes make up 19.7% of the data, emphasizing
their prevalence in game chat. The proportion of
the I (6.4%) and A (6.4%) intent classes, together
12.7% of all utterances, shows the more granular
non-binary class structure captures an aspect of
online games. Additionally, the average length
of utterances of the E class (6.14) is greater than
for each other class, indicating players strongly
emphasize emotional frustration. In the proportion
of slot labels, we can see the S (11.2%) class is
more than double the C (5.4%) class and 8 times

(a) Class ’Explicit’ (b) Class ’Implicit’

(c) Class ’Action’ (d) Class ’Other’

Figure 2: Slot class distributions for each intent class.

Rank S T

1 gg (239) noob (878)
2 report (237) fuck (807)
3 ez (191) fucking (593)
4 mid (169) shit (546)
5 go (114) idiot (222)

(a) Class ”Explicit”

Rank S T

1 ez (1,932) wtf (32)
2 mid (287) fucking (11)
3 gg (169) dead (9)
4 report (47) hook (6)
5 go (38) fuck (5)

(b) Class ”Implicit”

Rank S T

1 report (992) wtf (16)
2 afk (184) fucking (11)
3 gg (134) abuse (10)
4 go (57) noob (8)
5 wp (37) shit (4)

(c) Class ”Action”

Rank S T

1 gg (3,735) wtf (331)
2 wp (1,115) dead (89)
3 ggwp (776) fucking (84)
4 mid (413) hook (69)
5 go (383) shit (39)

(d) Class ”Other”

Table 4: Top 5 keywords in the S (game Slang) and T
(Toxicity) slot classes, for each intent class. The num-
ber in brackets is the token count in that combination
of classes.

the D (1.4%) class, indicating general gamer slang
is used for communication more than terms specific
to the game being played. Overall, the large portion
of these game-specific classes enables the dataset
to be more sophisticated in detecting toxicity in
games.

Dual Annotation Distribution To understand
the effect of dual annotation on the toxicity con-
text, we look at the distribution of the slot labels
within each intent class. As seen in Figure 2b, the
I intent class shows the highest proportion of the S
slot class among non-O classes. Similarly, Figure
2c shows a relatively high proportion of the S slot
class in the A intent class. This suggests that the
combination of S slot and intent classes provides
useful information because slang performs the func-
tion of carrying game-specific context. As a result,
we focus more on T and S slot classes joined with
other intent classes in order to investigate toxicity
natures in games carried out from dual annotation.
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(a) Class “Explicit, Implicit” (b) Class “Toxicity, Slang”

Figure 3: In-game chat histogram for intent (E,I) and
slot (T,S) classes. Match progress is bucketed position
within a match whose duration is normalised in [0,1],
with<0 indicating pregame chat. Merged number of ut-
terance/token is the count of all utterances/tokens from
all matches in that match progress bin.

Keywords in Dual Annotation Table 4 shows
the top 5 keywords by frequency from the T and S
slot classes, for each intent class. In the combina-
tions of S class, we observe the prominent position
of “ez” in the E and I intent class. This indicates
dual annotation captures toxicity from the slang
largely used in games. In addition, “gg” appears in
all combinations because it may have some toxic-
ity attached via sarcasm. As dual annotation uses
the conversational history, it is able to classify the
same utterance in different intents.

Toxicity Analysis Over Time We further anal-
yse in-game chat over time associated with the E, I
intent classes and the T, S slot classes. As shown in
Figure 3a, more toxic utterances appear pre-game
and post-game rather than during the games. In pre-
game, sometimes players are upset due to the se-
lected hero characters if their desired hero is taken
by others, or are stressed by planning game strate-
gies in a limited time. Toxic utterance frequency
gradually rises towards the end, and peaks in post-
game due to chat for post-victory celebration and
recrimination. Interestingly, Figure 3b displays a
similar pattern. Particularly, tokens for the S slot
class increase sharply to the end, indicating signifi-
cant amounts of slang are used to celebrate wins or
humiliate defeated opponents.

Comparison with Other Datasets In Figure 4,
we compare our dataset with other toxicity detec-
tion datasets using the metric of relative frequency
of toxic utterances of each length. The datasets we
compare with are 1) Waseem (Waseem and Hovy,
2016) which consists of 16.2k tweets binary classi-
fied as racism/sexism or other, 2) FoxNews (Gao
and Huang, 2017) which is 1.5k sentences from Fox
News discussion threads classified as hateful/non-

Figure 4: Distribution of toxic utterance length across
similar datasets.

hateful, and 3) StormfrontWS (de Gibert et al.,
2018) which is 10.7k conversation sentences from
white supremacist website Stormfront classified as
hate speech/non-hate speech. For this analysis, we
merge classes into toxic/non-toxic as required. As
an example of the CONDA dataset, we combine E
and I intent classes into a toxic class, and A and O
into a non-toxic class.

The distribution in CONDA is different to the
other datasets in that the toxic utterances are shorter.
This is due to the terseness of in-game chat during
playing, with longer utterances occurring in pre-
game and post-game discussion. Waseem has a
particular distribution due to the character limit in
Twitter (140 characters at the time). FoxNews and
StormfrontWS are forums which foster the use of
longer sentences.

5 Baseline Experiment

To explore the toxicity detection from an NLU
perspective, we selected five baseline NLU models
and compared their detection performance over our
proposed dataset.

5.1 Data Preparation
We split the data into train/validation/test sets
in the proportions of 0.6/0.2/0.2, or in samples
26,921/8,974/8,974. The data passed to the mod-
els is the tokenised utterances with punctuation
removed, and for training the slot and intent labels.

5.2 Baseline NLU Models
The five NLU models are as follows:

• RNN-NLU (Liu and Lane, 2016) is an
attention-based bi-directional recurrent neural
network model that jointly predicts the cur-
rent slot and the intent at each time step using
shared hidden states and attention.

• Slot-gated (Goo et al., 2018) is an attention-
based BiLSTM model which builds on sepa-
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Metrics

Model UCA U-F1(E) U-F1(I) U-F1(A) U-F1(O) T-F1 T-F1(T) T-F1(S) T-F1(C) T-F1(D) T-F1(P) T-F1(O) JSA

RNN-NLU
(Liu and Lane, 2016) 0.905 0.813 0.720 0.783 0.944 0.970 0.931 0.981 0.930 0.718 0.991 0.987 0.854

Slot-gated
(Goo et al., 2018) 0.894 0.806 0.694 0.773 0.938 0.991 0.978 0.992 0.982 0.952 0.997 0.994 0.875

Inter-BiLSTM
(Wang et al., 2018) 0.869 0.719 0.590 0.728 0.923 0.865 0.871 0.889 0.869 0.788 0.942 0.924 0.711

Capsule NN
(Zhang et al., 2019a) 0.876 0.735 0.706 0.643 0.926 0.991 0.975 0.991 0.982 0.949 0.997 0.994 0.855

Joint BERT
(Castellucci et al., 2019) 0.921 0.872 0.768 0.800 0.954 0.989 0.972 0.992 0.979 0.914 0.998 0.993 0.895

Table 5: Joint intent classification and slot labeling performance on CONDA for the five NLU baseline models. It
is measured in the four multi-level metrics including: UCA (Utterance Classification Accuracy); the break-down
U-F1 for each intent class - E (Explicit), I (Implicit), A (Action), O (Other); the overall T-F1 and breakdown for
each slot class - T (Toxicity), S (game Slang), C (Character), D (Dota-specific), P (Pronoun), O (Other); and JSA
(Joint Semantic Accuracy).

rate attended context for slot filling and intent
classification while explicitly feeding the in-
tent context into the process of slot filling via
a gating mechanism.

• Inter-BiLSTM (Wang et al., 2018) combines
two inter-connected BiLSTMs performing
slot filling and intent classification respec-
tively. The information flow between the two
tasks occurs by passing the hidden states at
each time step from each side to the other to
support the decoding process.

• Capsule NN (Zhang et al., 2019a) is a
capsule-based neural network that explicitly
captures the semantic hierarchical relationship
among words, slots and intents via a dynamic
routing-by-agreement schema.

• Joint BERT directly utilizes the merit of pre-
trained BERT (Devlin et al., 2019) and non-
recursively conducts the joint prediction over
the [CLS] token embedding for intent and the
sequence of token embeddings for slots.

5.3 Evaluation Metrics
We propose to use the following four metrics for
conducting a multi-aspect evaluation. The first two
follow the existing traditional abusive language de-
tection research for utterance level detection eval-
uation while the others are the metrics used for
slot-level prediction evaluation and the joint task
in NLU models.

(1) UCA: Utterance Classification Accuracy
measures the sentence-level classification per-
formance based on the ratio of the number
of correctly predicted utterance to the total
number of utterances.

(2) U-F1: Utterance F1 score calculates the F1
score for each utterance class.

(3) T-F1: Token F1 score focuses on the predic-
tion performance for slot tokens and calcu-
lates an F1 for each class and the token-based
micro-averaged F1 score over all classes ex-
cluding label O.

(4) JSA: Joint Semantic Accuracy measures the
overall prediction performance over the se-
mantic hierarchy. An utterance is deemed
correctly analysed only if both utterance-level
and all the token-level labels including Os are
correctly predicted.

5.4 Implementation details

Links to the source code are given in Appendix
C. For Joint BERT, Slot Gated SLU and Capsule
NN, we set the number of epochs as 2, 8 and 60,
respectively. For the RNN-NLU model, the global
step is 1,200 and bidirectional RNN is used with the
attention mechanism. For other hyper-parameters,
the configuration for the best model in the official
GitHub implementation of the baseline models is
used. All the experiments are conducted on 16GB
Tesla V100-SXM2 GPU with CUDA 10.1.

5.5 Baseline results

The experiment result is provided in Table 5. In
columns 2 to 6, the metrics associated with utter-
ance labels are shown. The UCA ranges between
0.87 (Inter-BiLSTM) and 0.92 (Joint BERT), and
the U-F1 also illustrates a variance of results for
each intent class. We observe that class O always
achieves the highest F1 score due to its dominance
in numbers throughout the dataset. Comparatively,
class I presents relatively low F1 scores due to its
subtle nature and reliance on understanding context.
The variance in U-F1(I) implies potential improve-
ment in implicit toxicity detection.
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Columns 7 to 13 present the metrics related with
token labels and show much higher overall perfor-
mance than utterance labels. This indicates the
lexicon-based slot automation gives underlying pat-
terns the model can learn easily. Even so, slot class
D always has a lower T-F1 score than other slot
classes, indicating game-specific tokens in class D
have flexible and variant forms, which increases the
difficulty of detection. In the last column, the JSA
which jointly handles utterance and token labels is
shown. Due to the limitation on utterance level in-
tent classification, it presents comparably low JSA
scores, indicating a challenge for improvement.

Amongst the models, the non-recursive Joint
BERT model performs the best due to the rich lin-
guistic information learned in pre-training. Joint
BERT has an implicit influence between the intent
sub-task and the slot sub-task based on a joint loss,
whereas the recursive models Slot-gated and Cap-
sule NN have explicit influence flowing from intent
to slot, leading to similar slot performance. These
explicit lines of influence from one task to the other
have shown to be successful in NLU and could be
explored further in the toxicity detection task.

6 Transfer Experiment

We compared our dataset with the toxicity detec-
tion datasets introduced in Section 4 in terms of
transfer performance over utterance-level binary
prediction as toxic or non-toxic. That is, training
on one dataset and testing on the others. For sim-
plicity, we solely use the intent classification circuit
of the Joint BERT as the prediction model.

6.1 Data Preparation
We combine classes into toxic/non-toxic as ex-
plained in Section 4. For each dataset, we split
into train/test sets in the ratio of 0.9/0.1. The statis-
tics for each dataset are shown in Table 6.

Dataset Train / Test

Waseem 14,581 / 1,621
StormWS 9,849 / 1,621
FoxNews 1,373 / 1,095
CONDA (ours) 40,382 / 4,487

Table 6: Dataset sample counts for transfer experiment.

6.2 Transfer results
The transfer performance measured in UCA is
given in Table 7. Firstly, we look at the test perfor-
mance of each dataset trained on the other datasets,
that is to compare results in each column. It can be

seen from column 4 that CONDA’s transferred per-
formance is generally good when trained on each of
the other three datasets, ranging from 0.81 to 0.83.
This implies that CONDA covers the nature of tox-
icity that can be generalized from the other toxicity
datasets which emphasize hatefulness, sexism and
racism.

Changing the perspective to the rows, we com-
pare the test performance for each dataset on a
model on another dataset. StormfrontWS and
CONDA perform well on Waseem, picking up
the racism components there. However Waseem
does not perform well when trained on either of
those, suggesting their specific hate speech and
game speech respectively is too focused. FoxNews
training transfers the weakest results indicating its
general news nature is too broad.

StormfrontWS performs well when trained on
CONDA due to shared toxicity characteristics, but
the performance of Waseem and FoxNews when
tested on a model trained on CONDA is relatively
low. We propose that this is due to two aspects
of our dataset previously discussed: the specific
game related nature of our language, and the shorter
utterances in our set compared to the others.

Testing
Waseem StormWS FoxNews CONDA

Tr
ai

ni
ng Waseem - 0.8845 0.7287 0.8307

StormWS 0.7118 - 0.7379 0.8329
FoxNews 0.6931 0.8241 - 0.8056
CONDA 0.6955 0.8748 0.6690 -

Table 7: Transfer Learning Result, UCA (Utterance
Classification Accuracy).

7 Conclusion and Future Work

In this paper, we propose CONDA, a new dataset
with dual-level (token and utterance) annotation
for understanding in-game chat and to detect toxic-
ity. Compared to previous studies, we draw on the
NLU perspective and use the joint token-utterance
aspect for detection of toxicity. Accordingly, we
formalise a multi-level evaluation system. Through
experiments with joint slot and intent NLU models,
we show the promising potential of such models for
toxicity detection utilizing the dual-level annota-
tion. We also compare our dataset with other bench-
mark toxicity datasets in the literature through a
transfer experiment. In future work, the automated
token labelling can be manually adjusted and the
size of the dataset can be expanded.
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8 Ethics/Broader Impact Statement

The study follows the ethical policy set out in
the ACL code of Ethics5 and addresses the ethi-
cal impact of presenting a new dataset. In addi-
tion, it is approved by our Institutional Review
Board (project number : 2019/741). As described
in the data collection section, our annotated dataset,
CONDA, is based on the Dota 2 game chat where
it can be accessed on Kaggle website (See Section
3.1).

For our automated slot labelling, we generated
the game toxicity lexicon by taking the supplemen-
tal materials released by Märtens et al. (2015) and
ElSherief et al. (2018) and the list of words banned
by Google6. We then added variants or new toxic
words found in the utterances extracted from Kag-
gle. For intent labelling, all volunteer annotators
were recruited from academia and research stu-
dents. They were informed about toxic behavior in
online games before handling the data. Our instruc-
tions allowed them to feel free to leave if they were
uncomfortable with the content. Due to privacy
considerations, we group them by online game ex-
periences and do not take into account annotators’
demographic information.

The CONDA dataset is intended for toxicity de-
tection in online games by providing both slot and
intent labels. With respect to the potential risks,
we note that the subjectivity of human annotation
would impact on the quality of the dataset. In order
to improve the quality of our dataset, we compared
the inter-rater agreements between a gamers’ group
and a non-gamers’ group, and then final annotation
of the whole dataset was performed by gamers only.
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Appendix

A The CONDA datasets

The CONDA dataset consists of 9 columns as fol-
lows:

• matchId (numeric): Each match has a
unique ID from raw data.

• conversationId (numeric): Each conver-
sation has a unique ID generated by this re-
search to provide guidance for human annota-
tion.

• playerId (alphanumeric): Individual play-
ers have a unique ID from raw data.

• playerSlot (numeric): Individual players
have a unique number associated with their
roles in each match.

• chatTime (numeric): Each utterance has
time (in seconds) when it appears in each
match. For example, an utterance occurring
10 minutes after starting the game has a chat-
Time of 600.

• utterance (alphanumeric): Original raw
data before any data processing (e.g. ‘retard
sf. . . ’).

• slotTokens (alphanumeric): Tokenised,
cleaned, and slot labelled data (e.g. retard
(T), sf (C)).

• intentClass (alphabetic): Utterance-
level annotated labels - E (Explicit), I (Im-
plicit), A (Action), and O (Other).

• slotClasses (alphabetic): Token-level an-
notated labels - T (Toxicity), C (Character), D
(Dota-specific), S (game Slang), P (Pronoun),
and O (Other).

B Word clouds

(a) Class ’Explicit’ (b) Class ’Implicit’

(c) Class ’Action’ (d) Class ’Other’

Figure 5: Word clouds for each intent class

The word clouds visualizes the most frequent
words associated with each intent class. The top
keywords in each class are “noob” in E, “ez” in I,
“report” in A, “gg” in O.

C Source code
The source code for the models used to analyse
our dataset is available at the following GitHub
addresses:

• RNN-NLU:
https://github.com/HadoopIt/rnn-nlu

• Slot-gated:
https://github.com/MiuLab/SlotGated-SLU

• Inter-BiLSTM:
https://github.com/ray075hl/Bi-Model-
Intent-And-Slot

• Capsule NN:
https://github.com/czhang99/Capsule-NLU

• Joint BERT:
https://github.com/monologg/JointBERT
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Abstract

Event detection (ED) aims at detecting event
trigger words in sentences and classifying
them into specific event types. In real-world
applications, ED typically does not have suf-
ficient labelled data, thus can be formulated
as a few-shot learning problem. To tackle
the issue of low sample diversity in few-shot
ED, we propose a novel knowledge-based few-
shot event detection method which uses a
definition-based encoder to introduce external
event knowledge as the knowledge prior of
event types. Furthermore, as external knowl-
edge typically provides limited and imper-
fect coverage of event types, we introduce an
adaptive knowledge-enhanced Bayesian meta-
learning method to dynamically adjust the
knowledge prior of event types. Experiments
show our method consistently and substan-
tially outperforms a number of baselines by at
least 15 absolute F1 points under the same few-
shot settings.

1 Introduction

Event detection is an important task in informa-
tion extraction, aiming at detecting event triggers
from text and then classifying them into event
types (Chen et al., 2015). For example, in “The po-
lice arrested Harry on charges of manslaughter”,
the trigger word is arrested, indicating an “Arrest”
event. Event detection has been widely applied in
Twitter analysis (Zhou et al., 2017), legal case ex-
traction (de Araujo et al., 2017), and financial event
extraction (Zheng et al., 2019), to name a few.

Typical approaches to event detection (Chen
et al., 2015; McClosky et al., 2011; Liu et al., 2019)
generally rely on large-scale annotated datasets for
training. Yet in real-world applications, adequate
labeled data is usually unavailable. Hence, meth-
ods that generalize effectively with small quantities

* Corresponding author.

Figure 1: A 3-way 3-shot event detection example, in
which the model uses the support set to predict the
event types of query samples.

of labeled samples and adapt quickly to new event
types are highly desirable for event detection.

Various approaches have been proposed to en-
able learning from only a few samples, i.e., few-
shot learning (Finn et al., 2017; Snell et al., 2017;
Zhang et al., 2018a). Yet few-shot event detection
(FSED) has been less studied until recently (Lai
et al., 2020a; Deng et al., 2020). Although these
methods achieve encouraging progress on typical
N -way M -shot setting (Figure 1), the performance
remains unsatisfactory as the diversity of examples
in the support set is usually limited.

Intuitively, introducing high-quality semantic
knowledge, such as FrameNet (Baker et al., 1998),
is a potential solution to the insufficient diversity
issue (Qu et al., 2020; Tong et al., 2020; Liu et al.,
2016, 2020). However, as shown in Figure 2, such
knowledge-enhanced methods also suffer from two
major issues: (1) the incomplete coverage by the
knowledge base and (2) the uncertainty caused by
the inexact alignment between predefined knowl-
edge and diverse applications.

To tackle the above issues, in this paper, we pro-
pose an Adaptive Knowledge-Enhanced Bayesian
Meta-Learning (AKE-BML) framework. More
specifically, (1) we align the event types between
the support set and FrameNet via heuristic rules.1

(2) We propose encoders for encoding the sam-

1For event types that cannot be accurately aligned to
FrameNet, we match the nearest super-ordinate frame for
them.

2417



Figure 2: An example of FrameNet. Left side: the rela-
tion between frame ‘Chatting’ and its sub-frame. Right
side: the definitions and LUs (Lexical Units) of frame
Chatting and Discussion. The blue words represent the
mentions of arguments in definition. It can be seen that,
in FrameNet, the definition of the sub-frame is similar
to the definition of its super-frame. External knowl-
edge base can provide rich semantic information, yet
the knowledge base is typically incomplete, such as the
missing of a desired frame “online-chat”.

ples and knowledge-base in the same semantic
space. (3) We propose a learnable offset for re-
vising the aligned knowledge representations to
build the knowledge prior distribution for event
types and generate the posterior distribution for
event type prototype representations. (4) In the
prediction phrase, we adopt the learned posterior
distribution for prototype representations to clas-
sify query instances into event types.

We conduct comprehensive experiments on the
aggregated benchmark dataset of few-shot event
detection (Deng et al., 2020). The experimental
results show that our method consistently and sub-
stantially outperforms state-of-the-art methods. In
all sixN -way-M -shot settings, our model achieves
a large F1 superiority of at least 15 absolute points.

2 Related Work

Event Detection. Recent event detection meth-
ods based on neural networks have achieved good
performance (Chen et al., 2015; Sha et al., 2016;
Nguyen et al., 2016; Lou et al., 2021). These
methods use neural networks to construct the con-
text features of candidate trigger words to clas-
sify events. Pre-trained language models such as
BERT (Devlin et al., 2019) have also become an
indispensable component of event detection mod-
els (Yang et al., 2019; Wadden et al., 2019; Shen
et al., 2020). However, neural models rely on large-
scale labeled event datasets and fail to predict the
labels of new event types. A recent study utilized
the basic metric-based few-shot learning method
for event detection (Lai et al., 2020b). Deng et

al. (2020) tackles few-shot learning for event clas-
sification with a dynamic memory network. To
enhance background knowledge, ontology embed-
ding is used in ED (Deng et al., 2021). These
methods have achieved encouraging results in the
few-shot learning setting. However, they do not
address the problem of insufficient sample diver-
sity in the support set. Our method leverages the
knowledge in FrameNet to augment the support set
for event detection.

Few-shot Learning and Meta-learning. Few-
shot learning trains a model with only a few la-
beled samples in a support set and predicts the la-
bels of unlabeled samples in the query set. Various
approaches have been proposed to solve the few-
shot learning problem, which mainly fall into three
categories: (1) metric-based methods (Vinyals
et al., 2016; Snell et al., 2017; Garcia and Bruna,
2012; Sung et al., 2018), (2) optimization-based
methods (Finn et al., 2017; Nichol et al., 2018;
Ravi and Larochelle, 2016), and (3) model-based
methods (Yan et al., 2015; Zhang et al., 2018b;
Sukhbaatar et al., 2015; Zhang et al., 2018a). How-
ever, these methods rely heavily on the support set
and suffer from poor robustness caused by insuffi-
cient sample diversity of the support set.

Bayesian meta-learning (Ravi and Larochelle,
2016; Yoon et al., 2018) can construct the poste-
rior distribution of the prototype vector through
external information outside the support set. The
effectiveness of this method has been shown in the
few-shot relation extraction task (Qu et al., 2020).
It inspires us to solve the problem of insufficient
sample diversity in the task of few-shot event de-
tection by introducing external knowledge. How-
ever, this method ignores the semantic deviation
between knowledge and target types. Specifically,
a knowledge base may provide incomplete cover-
age of target types in a given support set, which
leads to inaccurate matching between a target type
and knowledge.

3 Problem Definition

In this paper, the Few-Shot Event Detection (FSED)
problem is defined as a typical N-way-M-shot prob-
lem. Specifically, a tiny labeled support set S is
provided for model training. S contains N dis-
tinct event types and each event type has only M
labeled samples, where M is typically small (e.g.
M = 5, 10, 15). More precisely, in each FSED task
we are given a small support set S = {(xs, ys)}.
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Let XS = {xs}s∈S represent the samples in the
support set S, i.e. xs = (Is, tts), where Is is the
sentence of the sample xs and tts is the candidate
trigger word of xs. We denote by YS an ordered
list of event types, i.e. YS = {ys}s∈S , where each
ys is the ground-truth event type of sample xs. For
each support set S, we only consider a subset of
event types Ts from the entire set of event types T .
Hence, in the N -way-M -shot setting, |TS | = N
and |XS | = |YS | = N ∗M .

Moreover, we assume an external knowledge
base F that contains a number of frames. Each
frame Ft ∈ F consists of three parts: Ft =
(Dt, At, Lt), where Dt, At and Lt are the defini-
tion, arguments, and linguistic units (LUs) of the
frame respectively. Please see Appendix A for de-
tails of FrameNet.

For each support set S, we are also given a query
set Q composed of some unlabeled samples XQ =
{xq}q∈Q, where xq = (Iq, ttq), Iq is the sentence
of sample xq, and ttq is the candidate trigger word
of xq. Our goal is to learn a neural classifier for
these event types by using the external knowledge
and the support set. We will apply the classifier to
predict the labels of the query samples in Q, i.e.,
YQ = {yq}q∈Q with each yq ∈ TS . We do this by
learning p(YQ|XQ, XS , YS ,F ).

4 Adaptive Knowledge-Enhanced
Bayesian Meta-Learning

We now present our adaptive knowledge-enhanced
few-shot event detection approach. The overall
structure of our method is shown in Figure 3. Our
method represents each event type t with a proto-
type vector vt, which is then used to classify the
query sentences. We use VTS = {vt}t∈TS to rep-
resent the collection of prototype vectors for all
event types in TS . Then the conditional distribu-
tion p(YQ|XQ, XS , YS ,F ) can be represented as:

∫
p(YQ|XQ, VTS )p(VTS |XS , YS ,F ) dVTS . (1)

To calculate Eq. 1, we first introduce the sample
encoder and knowledge encoder to give the vector
representations of samples and the knowledge of
event types. Then we use the sample representa-
tions and knowledge representation to construct the
adaptive knowledge-enhanced posterior distribu-
tion p(VTS |XS , YS ,F ) of VTS and give the likeli-
hood p(YQ|XQ, VTS ) by VTS and sample represen-
tations. Finally we leverage Monte Carlo sampling

to approximate the posterior distribution and draw
each prototype sample by the stochastic gradient
Langevin dynamics (Welling and Teh, 2011) to op-
timize model parameters in an end-to-end fashion.
We now explain the framework in more details.

4.1 Sample and Knowledge Encoder

The purpose of encoding knowledge is to make up
for the lack of diversity and coverage of the support
set. Thus we align the knowledge and sample en-
coding and map them into the same semantic space.
Intuitively, trigger and arguments are the main fac-
tors for entity detection. Hence, to align the trigger
and arguments from samples and external knowl-
edge, we design two encoders for the knowledge
and samples, generating the final knowledge en-
coding ht and the sample encoding E(x) with the
same dimensions.
Knowledge Encoder. Given a knowledge frame
Ft = {Dt, At, Lt} for the event type t, we encode
it into a real-valued vector to represent the seman-
tics of t. As shown in Figure 2, for a frame Ft,
the linguistic units Lt can represent the features of
the trigger words, the arguments At can represent
the context of the trigger words in samples, and
Dt describes the semantic relationship between At
and t.

For each event type t, the proposed knowledge
encoder uses BERT to generate the text encoding
EDt and ELt from the description Dt and the LUs
Lt respectively. Moreover, the arguments encoding
EAt is a sequence of e(i)

At
, i.e., the average token

encoding in the i-th argument mention inDt, which
ensures that the encoding of At fully contains the
semantics of the event type t. Then, as shown
in Figure 3, the trigger word prior encoding and
argument prior encoding are generated by follows:
• Trigger word prior encoding. We use attention

to get the weighted sum of words in Lt as the
trigger word prior encoding e∗Lt . The query of
the attention is EDt , key and value are both ELt .

• Argument prior encoding. An attention mech-
anism is used to aggregate the arguments infor-
mation into e∗At , where the query of the attention
is e∗Lt , key and value are both EAt .
Finally, we concatenate the trigger word prior

encoding e∗Lt and the argument prior encoding e∗At ,
and use a feed forward network fh to generate the
knowledge encoding vector ht of event type t,

ht = fh
([

e∗At ; e∗Lt
])
. (2)
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Figure 3: Framework overview. Our method combines both the external knowledge and the support set into a prior
distribution of event prototype. We customize two encoders to generate sample representations and knowledge
representations. Then we utilize the support set to generate a learnable offset for revising the aligned knowledge
representations to generate the prior distribution for prototype representations. Finally, we use Monte-Carlo sam-
pling and stochastic gradient Langevin dynamics to draw samples of prototypes for prediction.

Sample encoder. We follow the same strategy
to build a sample encoder. Given each sample
x = (I, tt), i.e., a candidate trigger word tt and its
context I , we first utilize BERT to encode x and
select the encoding of tt as the trigger representa-
tion e∗tt. As arguments are not explicitly given in
x, we use an attention mechanism to aggregate the
implicit argument information for current trigger
tt, in which the query is e∗tt, key and value are both
token encoding generate from I . We denote the
argument encoding as e∗a.

Finally, we concatenate the trigger word encod-
ing e∗tt and the argument encoding e∗a, and use a
feed forward network fE to generate the sample
encoding vector E(x),

E(x) = fE ([e∗a; e∗tt]) . (3)

4.2 Adaptive Knowledge-Enhanced Posterior
The posterior distribution can be factorized into a
prior distribution (given the event knowledge) and
a likelihood on the support set (Qu et al., 2020) as,

p(VTS |XS , YS ,F ) ∝ p(YS |XS ,VTS )p(VTS |F ),
(4)

where p(YS |XS ,VTS ) is the likelihood on the sup-
port set, and p(VTS |F ) is the adaptive knowledge-
based prior for the prototype vectors. We describe
the details of these two components as follows:
Adaptive Knowledge-based Prior. As we dis-
cussed in Section 1, an event type t may not have
an exact/perfect match in the knowledge base F .
In such situations, we resort to finding the super-
ordinate frame of t, which is semantically clos-
est to t. As shown in Figures 1 and 2, where

the event type t in the support set ‘online-chat’ is
matched against the knowledge prior Ft ‘Chatting’
in FrameNet, a super-ordinate frame. In order to
enable the knowledge encoding to accurately re-
flect the characteristics of the corresponding event
type, we add a learnable knowledge offset to ht.
We denote the knowledge offset between the event
type t and its knowledge encoding ht by ∆ht. Re-
call that the knowledge in ht is encoded from the
exactly-matched frame or the super-ordinate frame.
∆ht is defined as follows:

∆ht = λt � (mt − ht), (5)
where � is the element-wise product, and mt is the
mean of the encodings E(x) of all the samples x
in the support set. λt ∈ [0, 1]|ht| is the adaptive
weight (gate), which is obtained from the sample
encoding mt and the knowledge encoding ht:

λt = σ(Wλ [mt; mt − ht; ht] + bλ), (6)
where σ is the nonlinear sigmoid function, and Wλ

and bλ are trainable parameters.
Putting it altogether, the knowledge prior distri-

bution has the following form,
p(VTS |F ) =

∏

t∈TS
p(vt|ht,∆ht)

=
∏

t∈TS
N (vt|ht + ∆ht, I),

(7)

where N (vt|ht + ∆ht, I) is multivariate Gaussian
with the mean ht+∆ht and covariance I (the iden-
tity matrix). So, each prototype vector has a prior
distribution containing knowledge from FrameNet
adaptively adjusted according to the support set.
Likelihood. With the given prototype vectors VTs

distributed according to p(VTS |XS , YS ,F ), the
likelihood for support samples is defined as,
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p(YS |XS ,VTS ) =
∏

s∈S
p(ys|xs,VTS ) (8)

p(ys = t|xs,VTS ) :=
exp(E(xs) · vt)∑

t′∈TS exp(E(xs) · vt′)
.

The dot product of the sample encoding E(xq) and
the event type prototype vector vt estimates their
similarity. We use softmax to normalize the result
to the probability of xs belonging to event type t.

4.3 Optimization and Prediction
For prediction, the model computes and maximizes
the log-probability log p(YQ|XQ, XS , YS ,F ).
However, according to Eqn (1), the log-probability
relies on the integration over prototype vectors,
which is difficult to compute. Hence, we estimate
it with Monte Carlo sampling (Qu et al., 2020),

p(YQ|XQ, XS , YS ,F )

= Ep(VTS |XS ,YS ,F ) [p(YQ|XQ,VTS )]

≈ 1

Ns

Ns∑

i=1

p(YQ|XQ,V
(s)
TS

) (9)

where Ns is the number of samples, and V(s)
TS

is
a sample drawn from the posterior distribution,
i.e. V(s)

TS
∼ p(VTS |XS , YS ,F ). p(YQ|XQ,V

(s)
TS

)
is the likelihood for query samples which has the
same form as Eqn 8. To sample from the posterior,
we use the stochastic gradient Langevin dynam-
ics (Welling and Teh, 2011) with multiple stochas-
tic updates. Formally, we initialize the sample V̂TS

and iteratively update the sample as,

V̂TS ←V̂TS +
√
εz (10)

+
ε

2
∇V̂TS

log p(YS |XS , V̂TS )p(V̂TS |F ),

where z ∼ N (0, I), and ε is a small real num-
ber representing the update step size. The gradi-
ent∇V̂TS

log p(YS |XS , V̂TS )p(V̂TS |F ) in Eqn 10
balances the effect of the knowledge and the sup-
port set on the prototype vector. Please see Ap-
pendix B for derivation details and intuitive expla-
nations of its influence.

The Langevin dynamics requires a burn-in pe-
riod. To speed up the convergence, we follow the
previous method (Qu et al., 2020) and initialize the
sample as follows,

V̂TS ← {v̂t}t∈TS
v̂t ← mt + ht + ∆ht −m,

(11)

where m is the mean encoding of all the samples
in the support set.

Algorithm 1: Training Process
Input: Event type set T
Input: Event knowledge from FrameNet

1 while not convergence do
2 Sample a subset TS from T to build a FSED task
3 Sample disjoint support and query sets for TS
4 Compute the sample encodings (Eq. 3)
5 Compute the {mt}t∈TS for each t ∈ TS
6 Compute knowledge encodings {ht}t∈TS (Eq. 2)
7 Compute knowledge offset {∆ht}t∈TS (Eq. 5)
8 Initialize prototype vectors {VsTS}

Ns
s=1 (Eq. 11)

9 Update prototype vectors iteratively (Eq. 12)
10 Compute and maximize log-likelihood (Eq. 9)

After obtaining prototype samples from the pos-
terior, log p(YQ|XQ, XS , YS ,F ) is end-to-end ap-
proximated according to Eqn (9). During the train-
ing stage, we optimize the log-likelihood of the
query set and update the model parameters by gra-
dient descent. In the prediction stage, the log-
likelihood will determine the probability that a
query sample belongs to each event type. The train-
ing process is shown in Algorithm 1.

5 Experiments

We conduct evaluation with the following goals:
(1) to compare our adaptive knowledge-enhanced
Bayesian meta-learning method with existing few-
shot event detection methods and few-shot learning
baseline methods; (2) to assess the effectiveness
of introducing external knowledge in different N -
way-M -shot settings; and (3) to provide empirical
evidence that our adaptive knowledge offset can
flexibly adjust the impact of the support set and
prior knowledge on event prototypes, making the
model more accurate and generalizable.

5.1 Experimental Settings

We evaluate our method on an aggregated few-shot
event detection dataset FewEvent2 (Deng et al.,
2020). FewEvent combines two currently widely-
used event detection datasets, the ACE-2005 cor-
pus3 and the TAC-KBP-2017 Event Track Data4,
and adds external event types in specific domains
including music, film, sports and education (Deng
et al., 2020). As a result, FewEvent contains 70,852
samples for 19 event types that are further divided
into 100 event subtypes.

In order to match the few-shot settings , we use

2https://github.com/231sm/Low_
Resource_KBP

3http://projects.ldc.upenn.edu/ace/
4https://tac.nist.gov/2017/KBP/Event/

index.html
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88 event types covering a total of 15,681 samples
to construct experimental data. 68 event types are
selected for training, 10 for validation, and the rest
10 for testing. Note that there are no overlapping
types between the training, validation and testing
sets. In order to obtain a convincing result, we con-
ducted 5 random divisions of training and testing
for all event types, and the experimental results are
averaged as the final result.

The comparisons with our AKE-BML are per-
formed in two aspects, the sample encoder and the
few-shot learner. We combine different encoders
and few-shot learners to obtain different base-
line models. We consider four sample encoders
including CNN (Kim, 2014), Bi-LSTM (Huang
et al., 2015), DMN (Kumar et al., 2016) and our
trigger-attention-based sample encoder TA. For
few-shot learners, we consider Matching Networks
(MN) (Vinyals et al., 2016) and Prototypical Net-
works (PN) (Snell et al., 2017). We also compare to
the SOTA few-shot event detection method DMN-
MPN (Deng et al., 2020), which uses a dynamic
memory network (DMN) as the sample encoder
and a memory-based prototypical network as the
few-shot learner. In addition, in order to verify the
effectiveness of our proposed method, we perform
an ablation study on our model, which evaluate
the model without external knowledge and without
dynamic knowledge adaptation.

As a result, the following methods are compared
in our experiments:

• AKE-BML, our adaptive knowledge-enhanced
Bayesian meta-learning method which uses TA
encoder as the sample encoder.

• KB-BML, a variant of AKE-BML without dy-
namic knowledge adaption.

• TA-BML, a variant of AKE-BML using our TA
encoder but without using external knowledge.

• DMN-MPN, dynamic-memory-based prototypi-
cal network (Deng et al., 2020).

• Encoder+Learner, combinations of various
sample encoders and event type learners (e.g.
CNN+MN and TA+PN).

We use stochastic gradient descent (Bottou,
2012) as the optimizer in training with the learning
rate 1 × 10−5. The sampling times Ns of Monte
Carlo sampling and update step size ε are set to 10
and 0.01 respectively. The update times of stochas-
tic gradient Langevin dynamics M is set to 5. We
use dropout after the sample encoder and the knowl-
edge encoder to avoid over-fitting; the dropout rate

is set to 0.5. We evaluate the performance of event
detection with F1 and Accuracy scores.

5.2 Main Results
As shown in Table 1, we compare methods on F1

and Accuracy scores. We observe the followings:
• Our full model AKE-BML outperforms all other

methods on both Accuracy and F1 scores across
all settings. Compared with the SOTA method
DMN-MPN, AKE-BML achieves a substan-
tial improvement of 15–23 absolute F1 points
in all N -way-M -shot settings. It shows our
adaptive knowledge-enhanced Bayesian meta-
learning method can effectively utilize external
knowledge and adjust it according to the support
set, thus build better prototypes of event types.
Please see Appendix C and D for a detailed
performance analysis over various N -way and
M -shot settings.

• With the sample encoders (Bi-LSTM, CNN,
DMN and TA) fixed, it can be observed that pro-
totypical networks (PN) consistently outperforms
matching networks (MN). DMN-MPN performs
better than PN-based methods, because the dy-
namic memory network can extract key infor-
mation from the support set through multiple
iterations. However, DMN-MPN only considers
the information of a few samples in each sup-
port set, hence suffering from insufficient sample
diversity similar to PN- and MN-based methods.

• TA-BML performs similarly with DMN-MPN
under the settings of N -way-5-shot and N -way-
10-shot, but slightly worse under the N -way-15-
shot setting. One possible explanation is that
when the number of samples in the support set
is larger, MPN can generate higher-quality proto-
types. In addition, the performance of TA-BML
is not as good as KB-BML, which shows the
importance of introducing external knowledge.

• Compared with KB-BML, our full model AKE-
BML can effectively solve the problem of devi-
ation between knowledge and event types, and
generate event prototypes with better general-
ization through knowledge. Compared with TA-
BML, which does not incorporate external knowl-
edge, AKE-BML achieves an even larger perfor-
mance advantage, which further demonstrates the
effectiveness of external knowledge.

5.3 Case Study
We present a case study on the dynamic knowl-
edge adaptation between the support set and the
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Model 5-Way-5-Shot 5-Way-10-Shot 5-Way-15-Shot 10-Way-5-Shot 10-Way-10-Shot 10-Way-15-Shot
F1/Accuracy F1/Accuracy F1/Accuracy F1/Accuracy F1/Accuracy F1/Accuracy

Bi-LSTM+MN§ 58.19/58.48 61.26/61.45 65.55/66.04 46.43/47.62 51.97/52.60 56.27/56.47
CNN+MN§ 59.30/60.04 64.81/65.15 68.35/68.58 44.85/45.80 50.14/50.67 54.13/54.49
DMN+MN§ 66.09/67.18 68.92/69.33 70.88/71.17 52.81/54.12 58.04/58.38 61.63/62.01
TA+MN 66.83/67.55 69.12/69.64 71.13/71.59 53.49/55.47 59.58/60.01 62.41/63.11

Bi-LSTM+PN§ 62.42/62.72 64.65/64.71 68.23/68.39 53.15/53.59 55.87/56.19 60.34/60.87
CNN+PN§ 63.69/64.89 69.64/69.74 70.42/70.52 51.12/51.51 53.80/54.01 57.89/58.28
DMN+PN§ 72.08/72.43 72.47/73.38 73.91/74.68 59.95/60.07 61.48/62.13 65.84/66.31
TA+PN 73.66/73.92 73.81/74.63 75.69/76.31 61.25/61.88 63.89/64.31 66.21/67.59

DMN-MPN§ 73.59/73.86 73.99/74.82 76.03/76.57 60.98/62.44 63.69/64.43 67.84/68.35

TA-BML 73.37/73.59 74.02/74.63 75.52/75.83 61.43/62.59 63.28/63.96 66.27/67.49
KB-BML 74.63/75.07 75.06/75.63 80.69/81.12 65.99/66.82 67.47/68.08 73.89/74.06
AKE-BML 88.99/89.36 90.10/91.48 91.40/92.34 84.55/84.94 86.03/87.73 87.13/87.45

Table 1: Accuracy and F1 scores of all compared methods. § denotes the results that are directly taken from the
original paper (Deng et al., 2020), due to the unavailability of the source code.

corresponding event knowledge to demonstrate our
model’s ability to learn robust event prototypes.

5.3.1 Predictions for Specific Cases
We select three event types as target categories to
illustrate the contributions of each main component
of our model. The event types are Music.Compose,
Music.Sing and Film.Film Productution. The
sample contexts of Music.Compose and Mu-
sic.Sing are similar, while Music.Compose and
Film.Film Productution share the same frame,
which is Behind the scenes.

As shown in Table 2, only AKE-BML correctly
predicts on all samples. TA-BML, the model
without introducing knowledge, wrongly predicts
the second sample of Music.Compose to be Mu-
sic.Sing, due to their similar contexts. By intro-
ducing knowledge, both KB-BML and AKE-BML
avoid this error, indicating that external knowl-
edge can enrich event information based on the
support set. For KB-BML, as Music.Compose
and Film.Film Productution share the same super-
ordinate frame, the prototype of Music.Compose
cannot distinguish between Music.Compose and
Film.Film Productution, so it wrongly classifies the
third sample as Music.Compose. With our adaptive
knowledge offset, AKE-BML can deal with sam-
ple similarity and knowledge deviation issues at the
same time, thus it correctly classifies all samples.

5.3.2 Visualization of Prototypes
We use Latent Dirichlet Allocation (LDA) (Blei
et al., 2003) to reduce the dimensionality of the
prototypes, sample encodings and prior knowl-
edge encodings. Figure 4 visualizes five event
type prototypes (large solid shapes), their aligned
frames (large solid shapes with circle outlines) in
FrameNet and some corresponding samples (small

Figure 4: Visualization of event prototypes, prior
knowledge, and event samples learned by AKE-BML
in the 5-way-5-shot setting. The large, solid shapes de-
note event prototypes, the large shapes with circle out-
lines denote the prior knowledge, and the small shapes
denote samples. Samples are marked by the color of
their corresponding event types. The arrows indicate
the adaption of prior knowledge to the prototype. Note
that Music.Compose and Film.Film-Production share
the same frame Behind the scenes.

solid shapes). Each event type and its samples are
coded with the same color.

In general, the samples and prototypes belonging
to one event type are close in the space and different
event types are far away from each other. Prior
knowledge is distributed in different places in the
space, which roughly determines the distribution
of event prototypes. For example, the samples of
Life.Pregnancy and Sports.Fair-Play are close to
their respective event prototypes. Meanwhile, the
distances between their prior knowledge is large,
making their prototypes easily distinguishable.

It can also be seen that the event prototypes are
closer to their samples than to the prior knowledge,
which reflects the benefits of our proposed learn-
able knowledge offset. The visualization demon-
strates the effectiveness of introducing external
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Table 2: A case study of three event types. Words in bold indicate candidate trigger words.

Table 3: λt values corresponding to different event types. The larger the λt, the greater the dependence of the
prototype vector on the support set.

knowledge and our adaptive knowledge offset’s
ability to balance the impact of the support set and
prior knowledge on the event prototypes.

5.3.3 λt of Different Event Types

As shown in Formula (5), we use the learnable
parameter λt to generate knowledge offsets. λt
accounts for the deviation of the prior knowledge
(i.e. a frame) from the event type it represents, and
adaptively corrects this deviation using information
of the support set. When the frame corresponding
to the event type accurately expresses its semantics,
the λt value should be small. When the knowl-
edge is the super-ordinate frame of the event type
(i.e., the frame cannot accurately describe the event
semantics), the λt value should be large, so that
the support set can be used to modify the prior
knowledge to ensure that the prototype precisely
represents the current event type.

Table 3 shows four different event types, their
corresponding frames and λt values. The λt of Con-
flict.Attack is a small value 0.132, as the event type
Conflict.Attack closely matches the frame Attack.
The event type Contact.Letter-Communication
matches the frame Communication. Communica-
tion does not contain the semantics of ”by writ-
ing letters”, but the core semantics is the same
as Contact.Letter-Communication. Therefore, λt
is small, at 0.228, which is still larger than the
λt of Conflict.Attack. The event types Film.Film-
Production and Music.Compose share the same
super-ordinate frame Behind the scenes as prior

knowledge, but the semantics of Behind the scenes
is too abstract for Film.Film-Production and Mu-
sic.Compose. Thus, it can be seen that the λt values
corresponding to these two event types are rela-
tively large: 0.386 for Film.Film-Production and
0.421 for Music.Compose.

The above cases demonstrate that our model is
able to balance the influence of the support set
and the knowledge on event prototypes through
λt, and consequentially obtain highly accurate and
generalizable prototypes.

6 Conclusion

In this paper, we proposed an Adaptive Knowledge-
enhanced Bayesian Meta-Learning (AKE-BML)
method for few-shot event detection. We alleviate
the insufficient sample diversity problem in few-
shot learning by leveraging the external knowledge
base FrameNet to learn prototype representations
for event types. We further tackle the uncertainty
and incompleteness issues in knowledge coverage
with a novel knowledge adaptation mechanism.

The comprehensive experimental results demon-
strate that our proposed method substantially out-
performs state-of-the-art methods, achieving a per-
formance improvement of at least 15 absolute
points of F1. In the future, we plan to extend
our proposed AKE-BML method to the few-shot
event extraction task, which considers both event
detection and argument extraction. We also plan to
explore the zero-shot and incremental event extrac-
tion scenarios.
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Léon Bottou. 2012. Stochastic gradient descent tricks.
In Neural networks: Tricks of the trade, pages 421–
436.

Yubo Chen, Liheng Xu, Kang Liu, Daojian Zeng, and
Jun Zhao. 2015. Event extraction via dynamic multi-
pooling convolutional neural networks. In Proceed-
ings of ACL&IJCNLP, pages 167–176.

Shumin Deng, Ningyu Zhang, Jiaojian Kang, Yichi
Zhang, Wei Zhang, and Huajun Chen. 2020. Meta-
learning with dynamic-memory-based prototypical
network for few-shot event detection. In Proceed-
ings of WSDM, pages 151–159.

Shumin Deng, Ningyu Zhang, Luoqiu Li, Hui Chen,
Huaixiao Tou, Mosha Chen, Fei Huang, and Huajun
Chen. 2021. Ontoed: Low-resource event detection
with ontology embedding. In ACL. Association for
Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing.

Charles J Fillmore, Srini Narayanan, and Collin F
Baker. 2006. What can linguistics contribute to
event extraction. In Proceedings of AAAI, pages 18–
23.

Chelsea Finn, Pieter Abbeel, and Sergey Levine. 2017.
Model-agnostic meta-learning for fast adaptation of
deep networks. arXiv preprint arXiv:1703.03400.

Victor Garcia and Joan Bruna. 2012. Few-shot learning
with graph neural networks. ICLR.

Zhiheng Huang, Wei Xu, and Kai Yu. 2015. Bidirec-
tional lstm-crf models for sequence tagging. arXiv
preprint arXiv:1508.01991.

Yoon Kim. 2014. Convolutional neural networks for
sentence classification.

Ankit Kumar, Ozan Irsoy, Peter Ondruska, Mohit Iyyer,
James Bradbury, Ishaan Gulrajani, Victor Zhong,
Romain Paulus, and Richard Socher. 2016. Ask me
anything: Dynamic memory networks for natural
language processing. In International conference on
machine learning, pages 1378–1387. PMLR.

Viet Dac Lai, Franck Dernoncourt, and Thien Huu
Nguyen. 2020a. Exploiting the matching informa-
tion in the support set for few shot event classifica-
tion. In Proceedings of PAKDD, pages 233–245.

Viet Dac Lai, Franck Dernoncourt, and Thien Huu
Nguyen. 2020b. Extensively matching for few-
shot learning event detection. arXiv preprint
arXiv:2006.10093.

Jian Liu, Yubo Chen, and Jun Zhao. 2020. Knowledge
enhanced event causality identification with mention
masking generalizations. In Proceedings of IJCAI,
pages 3608–3614.

Shulin Liu, Yubo Chen, Shizhu He, Kang Liu, and Jun
Zhao. 2016. Leveraging framenet to improve auto-
matic event detection. In Proceedings of ACL, pages
2134–2143.

Shulin Liu, Yang Li, Feng Zhang, Tao Yang, and Xin-
peng Zhou. 2019. Event detection without triggers.
In Proceedings of NAACL-HLT, pages 735–744.

Dongfang Lou, Zhilin Liao, Shumin Deng, Ningyu
Zhang, and Huajun Chen. 2021. Mlbinet: A cross-
sentence collective event detection network. In ACL.
Association for Computational Linguistics.

David McClosky, Mihai Surdeanu, and Christopher D
Manning. 2011. Event extraction as dependency
parsing. In Proceedings of NAACL-HLT, pages
1626–1635.

Thien Huu Nguyen, Kyunghyun Cho, and Ralph Grish-
man. 2016. Joint event extraction via recurrent neu-
ral networks. In Proceedings of NAACL-HLT, pages
300–309.

Alex Nichol, Joshua Achiam, and John Schulman.
2018. On first-order meta-learning algorithms.
CoRR, abs/1803.02999.

Meng Qu, Tianyu Gao, Louis-Pascal Xhonneux, and
Jian Tang. 2020. Few-shot relation extraction via
Bayesian meta-learning on relation graphs. In
Proceedings of the 37th International Conference
on Machine Learning, volume 119 of Proceedings
of Machine Learning Research, pages 7867–7876.
PMLR.

Sachin Ravi and Hugo Larochelle. 2016. Optimization
as a model for few-shot learning. ICLR.

2425



Lei Sha, Jing Liu, Chin-Yew Lin, Sujian Li,
Baobao Chang, and Zhifang Sui. 2016. Rbpb:
Regularization-based pattern balancing method for
event extraction. In Proceedings of ACL, pages
1224–1234.

Shirong Shen, Guilin Qi, Zhen Li, Sheng Bi, and
Lusheng Wang. 2020. Hierarchical chinese legal
event extraction via pedal attention mechanism. In
Proceedings of the 28th International Conference on
Computational Linguistics, pages 100–113.

Jake Snell, Kevin Swersky, and Richard Zemel. 2017.
Prototypical networks for few-shot learning. In Pro-
ceedings of NeurIPS, pages 4077–4087.

Sainbayar Sukhbaatar, Arthur Szlam, Jason Weston,
and Rob Fergus. 2015. End-to-end memory net-
works. In Proceedings of NeurIPS, pages 2440–
2448.

Flood Sung, Yongxin Yang, Li Zhang, Tao Xiang,
Philip HS Torr, and Timothy M Hospedales. 2018.
Learning to compare: Relation network for few-shot
learning. In Proceedings of CVPR, pages 1199–
1208.

Meihan Tong, Bin Xu, Shuai Wang, Yixin Cao, Lei
Hou, Juanzi Li, and Jun Xie. 2020. Improving event
detection via open-domain trigger knowledge. In
Proceedings of ACL, pages 5887–5897.

Oriol Vinyals, Charles Blundell, Timothy Lillicrap,
Daan Wierstra, et al. 2016. Matching networks for
one shot learning. In Proceedings of NeurIPS, pages
3630–3638.

David Wadden, Ulme Wennberg, Yi Luan, and Han-
naneh Hajishirzi. 2019. Entity, relation, and event
extraction with contextualized span representations.

Max Welling and Yee W Teh. 2011. Bayesian learning
via stochastic gradient langevin dynamics. In Pro-
ceedings of ICML, pages 681–688.

Wang Yan, Jordan Yap, and Greg Mori. 2015. Multi-
task transfer methods to improve one-shot learning
for multimedia event detection. In Proceedings of
BMVC, pages 37.1–37.13.

Sen Yang, Dawei Feng, Linbo Qiao, Zhigang Kan,
and Dongsheng Li. 2019. Exploring pre-trained lan-
guage models for event extraction and generation. In
Proceedings of ACL, pages 5284–5294.

Jaesik Yoon, Taesup Kim, Ousmane Dia, Sungwoong
Kim, Yoshua Bengio, and Sungjin Ahn. 2018.
Bayesian model-agnostic meta-learning. In Pro-
ceedings of NeurIPS, pages 7332–7342.

Ruixiang Zhang, Tong Che, Zoubin Ghahramani,
Yoshua Bengio, and Yangqiu Song. 2018a. Meta-
gan: An adversarial approach to few-shot learning.
In Proceedings of NeurIPS, pages 2371–2380.

Yabin Zhang, Hui Tang, and Kui Jia. 2018b. Fine-
grained visual categorization using meta-learning
optimization with sample selection of auxiliary data.
In Proceedings of ECCV, pages 241–256.

Shun Zheng, Wei Cao, Wei Xu, and Jiang Bian. 2019.
Doc2edag: An end-to-end document-level frame-
work for chinese financial event extraction. In Pro-
ceedings of EMNLP, pages 337–346.

Deyu Zhou, Xuan Zhang, and Yulan He. 2017.
Event extraction from twitter using non-parametric
bayesian mixture model with word embeddings. In
Proceedings of EACL, pages 808–817.

2426



Appendix

A FrameNet

An important problem in the few-shot event de-
tection task is the insufficient diversity of support
set samples. There are only a few labeled samples
in the support set, which results in the model un-
able to construct high-quality prototype features of
event types. To address this problem, we introduce
the FrameNet (Baker et al., 1998) as an external
knowledge base of event types. FrameNet is a lin-
guistic resource storing information about lexical
and predicate-argument semantics. Each frame in
FrameNet can be taken as a semantic frame of an
event type (Liu et al., 2016), which can be used
as background knowledge for event types to assist
event detection (Liu et al., 2016; Fillmore et al.,
2006). Figure 2 shows an example frame defining
Attack. We can see the arguments involved in an
Attack event and their roles. The linguistic units
(LUs) of the frame Attack are the possible trigger
words for the corresponding event. The frame is
an important complementary source of knowledge
to the support set. We match a frame in FrameNet
to each event type, based on the event name, as its
knowledge. In practice, FrameNet does not pro-
vide complete coverage of all event types, nor does
every event type have an exact frame matched in
FrameNet. For event types that cannot be exactly
matched, we assign the frame corresponding to
their super-ordinate event. For example, there is
no corresponding frame for Contact.Online-Chat,
so we assign it to the frame Chatting, which corre-
sponds to the event type Contact.Chat.

B Gradient of posterior distribution

In order to show the change of the prototype vec-
tor after adding the knowledge shift, the gradient
∇V̂TS

log p(YS |XS , V̂TS )p(V̂TS |F ) in iteration

V̂TS ← V̂TS +
√
εz (12)

+
ε

2
∇V̂TS

log p(YS |XS , V̂TS )p(V̂TS |F ),

is expanded. For ease of explanation, we only cal-
culate the gradient of the prototype vector v̂t. We
denote the gradient of the original posterior distri-
bution as gov̂t , the gradient of the knowledge-shifted
posterior distribution as gsv̂t . We first calculate gov̂t :

gov̂t =∇v̂t log p(YS |XS , V̂TS )po(V̂TS |F )

=∇v̂t log p(YS |XS , V̂TS ) + log po(V̂TS |F )

=∇v̂t log p(YS |XS , V̂TS )+

∇v̂t log po(V̂TS |F )

=∇v̂t log
∏

s∈S,ys=t
p(ys|xs, v̂t)+

∇v̂t log po(v̂t|F )

=go,lv̂t + go,pv̂t ,
(13)

where go,lv̂t = ∇v̂t log
∏
s∈S,ys=t p(ys|xs, v̂t) and

go,pv̂t = ∇v̂t log po(v̂t|F ). The prior distribution is

po(v̂t|F ) = N (vt|ht, I)

= (2π)−
d
2 e−

1
2

(v̂t−ht)2 ,
(14)

the gradient of the logarithm of prior distribution
to v̂t is:

go,pv̂t =
(

log (2π)−
d
2

)
(ht − v̂t)

= C (ht − v̂t) ,
(15)

where C = log (2π)−
d
2 is a constant, d is the di-

mension of prototype. The gradient of the log-
likelihood on support set is

log
∏

s∈S,ys=t
p(ys|xs, v̂t)

= log
∏

s∈S,ys=t

exp(E(xs) · v̂t)∑
t′∈TS exp(E(xs) · v̂t′)

=
∑

s∈S,ys=t
log

exp(E(xs) · v̂t)∑
t′∈TS exp(E(xs) · v̂t′)

.

(16)

The gradient of the log-likelihood to v̂t is

go,lv̂t =∇v̂t

∑

s∈S,ys=t
log

exp (E(xs) · v̂t)∑
t′∈TS exp ((E(xs) · v̂t′)

=
∑

s∈S,ys=t
∇v̂t log

exp(E(xs) · v̂t)∑
t′∈TS exp(E(xs) · v̂t′)

=
∑

s∈S,ys=t
∇v̂t(E(xs) · v̂t)

−∇v̂t log
∑

t′∈TS
exp(E(xs) · v̂t′)

=
∑

s∈S,ys=t
E(xs)−

E(xs)exp(E(xs) · v̂t)∑
t′∈TS exp(E(xs) · v̂t′)

=
∑

s∈S,ys=t
(1− p(t)

s )E(xs),

(17)

2427



where p(t)
s = p(ys|xs, v̂t) is the probability of cor-

rect classification of sample s in support set. Then
we get

gov̂t =
∑

s∈S,ys=t
(1− p(t)

s )E(xs) + C(ht − v̂t).

(18)
Then we calculate gsv̂t , The only difference between
calculating gsv̂t and gov̂t is gsv̂t use the knowledge-
shifted prior distribution

p(v̂t|F ) = N (vt|ht + ∆ht, I)

= (2π)−
d
2 e−

1
2

(v̂t−ht−∆ht)2 .
(19)

Same as the original posterior gradient, we have

gsv̂t =∇v̂t log
∏

s∈S,ys=t
p(ys|xs, v̂t)

+∇v̂t log p(v̂t|F )

=gs,lv̂t + gs,pv̂t ,

(20)

where gs,lv̂t = go,lv̂t =
∑

s∈S,ys=t(1 − p
(t)
s )E(xs).

The gradient of the logarithm of knowledge-shifted
prior distribution to v̂t is:

gs,pv̂t =
(

log (2π)−
d
2

)
(ht + ∆ht − v̂t)

= C (ht + λt � (mt − ht)− v̂t)
= C ((1− λt)� ht − v̂t) + Cλt �mt,

(21)
where 1 is a |ht|-dimensional vector, and each ele-
ment of 1 is 1. then we get

gsv̂t =gs,lv̂t + gs,pv̂t

=
∑

s∈S,ys=t
(1− p(t)

s )E(xs)

+ C ((1− λt)� ht − v̂t)
+ Cλt �mt,

(22)

bring mt = 1
M

∑
s∈S,ys=t E(xs) into the above

formula, we get

gsv̂t =
∑

s∈S,ys=t

[
(1− p(t)

s )E(xs) +
Cλt
M
� E(xs)

]

+ C ((1− λt)� ht − v̂t) .
(23)

Note that, when knowledge adaption is not used,
the form of the prior knowledge distribution of the
prototype is as follows,

po(VTS |F ) =
∏

t∈TS
po(vt|ht) =

∏

t∈TS
N (vt|ht, I).

(24)

To intuitively show the influence of the
knowledge-adapted posterior distribution on the
prototype vector, we expand the gradient
∇V̂TS

log p(YS |XS , V̂TS )p(V̂TS |F ) in Eqn 12.
For ease of explanation, we only calculate the gradi-
ent of the prototype vector v̂t. Denote the gradient
of the original posterior distribution without knowl-
edge adaption as gov̂t ,

gov̂t =
∑

s∈S,ys=t
(1−p(t)

s )E(xs)+C(ht− v̂t), (25)

and the gradient of the knowledge-adapted pos-
terior distribution as gsv̂t from Eqn 23.

Comparing Eqn 23 and Eqn 25, it can be seen
that the posterior distribution without knowledge
adaption cannot dynamically balance the influence
of the knowledge and the support set on the proto-
type vector, whereas the knowledge-adapted pos-
terior distribution can adjust their contributions to
the prototype vector through λt. The parameters
in Eqn 6 will be updated by the log-likelihood on
the query set. This allows the model to reasonably
choose the weight of the knowledge and the sup-
port set, and obtain prototype vectors with better
generalization.

C M -shot Evaluation

In this section, we illustrate the effectiveness
of adaptive knowledge-enhanced Bayesian meta-
learning under different M -shot settings, such
as N -way-5-shot, N -way-10-shot and N -way-15-
shot. As shown in Table 1 in the main paper, as
M increases, the performance of all models im-
proves, which shows that increasing the number
of samples in the support set can provide more
pertinent event type-related features. At the same
time, it can be seen that from 15-shot to 5-shot, the
previous methods suffer a significantly larger per-
formance degradation than AKE-BML. This obser-
vation shows our model’s strong robustness against
low sample diversity due to the incorporation of
external knowledge.

The performance of KB-BML is close to that of
DMN-MPN in the case of N -way-5-shot and N -
way-10-shot, and the performance is better in the
case of N -way-15-shot. This can be attributed to
two factors: (1) the introduction of knowledge can
improve the generalization of event prototypes; and
(2) increasing the number of samples can reduce
the impact of the deviation between knowledge and
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Figure 5: N -way (N = 2, . . . , 10) evaluation and fixed
shot numbers. (a) N -way-5-shot. (b) N -way-15-shot.

event types. When the support set is sufficiently
large, the samples in the support set can compen-
sate for the deviation between knowledge and event
types, and the knowledge can also improve the gen-
eralization of the prototype vector. However, when
M is small, the deviation between knowledge and
event types will affect the quality of the prototype
vectors.

AKE-BML can well balance the effects of sam-
ples and knowledge on the event type prototypes.
It can be seen that when M is small, the perfor-
mance of AKE-BML does not decline as quickly
as other models, which also proves the effective-
ness of knowledge in dealing with the problem of
insufficient diversity of the support set. At the same
time, compared with KB-BML, our adaptive knowl-
edge offset can effectively use the information in
the support set to correct the knowledge deviation.

D N -Way Evaluation

Figure 5 also illustrates model performance with re-
spect to different way values (i.e. N ), while fixing
the shot values. It can be seen from the figure that
when N increases, the performance of previous
models decreases faster than AKE-BML, which
shows that those models, only relying on the sup-
port set, cannot generate more recognizable event
prototypes. The performance of KB-BML also
declines significantly when N increases. This is
because many event types can only be partially
aligned in FrameNet, to its super-ordinate frame,
which causes the event prototypes to be indistin-
guishable to similar event types.

On the contrary, the performance of AKE-
BML does not decrease significantly when N in-
creases, which shows that our adaptive knowledge-
enhanced Bayesian meta-learning method can en-
hance the distinguishability of prototype vectors
through the learnable knowledge offset. These
results indicate that our adaptive knowledge-

enhanced Bayesian meta-learning is more robust to
the changes in the number of ways.
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Abstract
Current storytelling systems focus more on
generating stories with coherent plots regard-
less of the narration style, which is impor-
tant for controllable text generation. There-
fore, we propose a new task, stylized story gen-
eration, namely generating stories with speci-
fied style given a leading context. To tackle
the problem, we propose a novel generation
model that first plans the stylized keywords
and then generates the whole story with the
guidance of the keywords. Besides, we pro-
pose two automatic metrics to evaluate the
consistency between the generated story and
the specified style. Experiments demonstrates
that our model can controllably generate emo-
tion-driven or event-driven stories based on
the ROCStories dataset (Mostafazadeh et al.,
2016). Our study presents insights for stylized
story generation in further research.

1 Introduction

Story generation is a challenging task in natural
language generation (NLG), namely generating a
reasonable story given a leading context. Recent
work focuses on enhancing the coherence of gen-
erated stories (Fan et al., 2018; Yao et al., 2019)
or introducing commonsense knowledge (Guan
et al., 2020; Xu et al., 2020). However, it has
not yet been investigated to generate stories with
controllable styles, which is important since dif-
ferent styles serve different writing purposes. As
exemplified in Figure 1, emotion-driven stories
use emotional words (e.g., “excited”, “enjoyed”)
to reveal the inner states of the characters and
bring the readers closer to the characters. In com-
parison, event-driven stories usually contain a se-
quence of events with a clear temporal order (e.g.,

“tearing”!“tried”!“found”!“hooked”), which
aims to narrate the story objectively.

⇤Equal contribution.
†Corresponding author.

Emotion-
dr iven

Event-
dr iven

She got excited to have it. It was pretty for the extra large 
screen. After using, she was very satisfied with the sound 
and design. She didn't regret buying this TV.

Leading Context: Alice bought a new television.

The picture on screen was tear ing. Then she tr ied 
different adjustments. Eventually, she found out what was 
wrong. She got the wrong cable hooked up.

Style Story

Figure 1: Example of stylized story generation given
the same leading context. The stylized keywords are in
bold.

In this paper, we formalize the task of stylized
story generation, which requires generating a co-
herent story with a specified style given the first
sentence as the leading context. Style has multi-
ple interpretations, which can be seen as a unique
voice of the author expressed through the use of cer-
tain stylistic devices (e.g. choices of words)(Mou
and Vechtomova, 2020). In this work we focus on
the choices of words and define the story styles
based on the pattern of wording. Specifically, we
focus on two story styles, including emotion-driven
and event-driven stories. Emotion-driven stories
contain abundant words with emotional inclination.
We identify the emotional words using the off-the-
shelf toolkit NRCLex (Mohammad, 2020), which
supports retrieving the emotional effects of a word
from a predefined lexicon. And event-driven sto-
ries tend to use serial actions as an event sequence.
We use NLTK (Bird et al., 2009) to extract verbs in
a story as the actions. Since no public datasets are
available for learning to generate stylized stories,
we regard the extracted words as stylistic keywords
and then annotate the story styles for existing story
datasets automatically based on the keyword distri-
bution. Note that the story styles can be extended
easily by defining new stylistic keywords.

In this work, we propose a generation model
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for stylized story generation. Our model first pre-
dicts the distribution of stylistic keywords and then
generates a story with the guidance of the distribu-
tion. Furthermore, we propose two new automatic
metrics to evaluate the consistency between the
generated stories and the specified styles: lexical
style consistency (LSC) and semantic style consis-
tency (SSC), which focus on the number of stylistic
keywords and the overall semantics, respectively.
Extensive experiments demonstrate that the stories
generated by our model not only achieve better flu-
ency and coherence than strong baselines but also
have better consistency with the specified styles.1

2 Related Work

Story Generation Recently there have been sig-
nificant advances for story generation with the
encoder-decoder paradigm (Sutskever et al., 2014),
the transformer-based architecture (Vaswani et al.,
2017) and the large-scale pre-trained models (Rad-
ford et al., 2019; Lewis et al., 2020). Prior studies
usually decomposed the generation into separate
steps by first planning a sketch and then generat-
ing the whole story from the sketch. The sketch
is usually a series of keywords (Yao et al., 2019),
a learnable skeleton (Xu et al., 2018) or an ac-
tion sequence (Fan et al., 2019; Goldfarb-Tarrant
et al., 2020). Another line is to incorporate external
knowledge into story generation (Guan et al., 2020;
Xu et al., 2020). However, generating stories with
controllable styles has hardly been investigated.

Stylized Generation Stylized generation aims
to generate texts with controllable attributes. For
example, recent studies in dialogue systems fo-
cused on controlling persona (Zhang et al., 2018;
Boyd et al., 2020), sentence functions (Ke et al.,
2018), politeness (Niu and Bansal, 2018), and top-
ics (Tang et al., 2019). In story generation, Huang
et al. (2019) and Xu et al. (2020) controlled the
story topics and planned keywords, respectively.
Besides, for general text generation, the author-
ship (Tikhonov and Yamshchikov, 2018), senti-
ment (Hu et al., 2017), and topics (Li et al., 2020)
can also be controlled for different purposes. We
introduce a new controllable attribute in story gen-
eration, i.e., the story style, which has been paid
little attention to in prior studies.

1Link to the code: https://github.com/thu-
coai/Stylized-Story-Generation-with-
Style-Guided-Planning.git

3 Proposed Method

In this section, we first show the task formula-
tion for stylized story generation (§3.1). Then we
present the details of our two-step model: style-
guided keywords planning (§3.2) and genera-
tion with planned keywords (§3.3).

3.1 Task Formulation
Input: The first sentence x = (x1, x2, . . . , xn) of
a story with length n, where xi is the i-th word.
A special token l to indicate the expected style of
the generated story. l 2 {hemoi, hevei}, which
refers to the emotion-driven and event-driven styles,
respectively. Besides, in the training phase, we set
l = hotheri if the training example is neither
emotion-driven nor event-driven to improve the
data efficiency.
Output: A story y = (y1, y2, . . . , ym) of length
m with the style l, where yi is i-th word.

3.2 Planning
We insert l at the beginning of x and encode them
as follows:

[h0, h1, . . . , hn] = Enc(l, x1, x2, . . . , xn), (1)

where hi (1 6 i 6 n) is the hidden state corre-
sponding to xi, h0 is the hidden state at the position
of l, and Enc is a bidirectional or unidirectional
encoder. Then, we regard the stylistic keywords as
bag-of-words (Kang and Hovy, 2020) and predict
the keyword distribution Pk(w|x, l) over the whole
vocabulary V as follows:

Pk(w|x, l) = softmax(Wkhc + bk), (2)

where Wk and bk are trainable parameters, and
hc is the context embedding to summarize the in-
put information. We directly set hc = h0. The
training objective in this stage is to minimize the
cross-entropy loss Lk between the predicted key-
word distribution Pk(w|l, x) and the ground truth
P̂k(w|l, x) as follows:

Lk = �
|V|X

i=1

P̂k(wi|l, x) log Pk(wi|l, x), (3)

where wi denotes the i-th word in V and P̂k(w|l, x)
is an one-hot vector over V. We do not decode
a keyword sequence explicitly (Yao et al., 2019)
but generate stories directly based on the keyword
distribution Pk(w|l, x) to avoid introducing extra
exposure bias (He et al., 2019).
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3.3 Generation
We employ a left-to-right decoder to generate a
story conditioned upon the input and the predicted
keyword distribution. The training objective in this
stage is to minimize the negative log-likelihood Lst

of the ground truth stories:

Lst = �
mX

t=1

log P (yt|l, x, y<t). (4)

We derive P (yt|l, x, y<t) by explicitly combining
the stylistic keyword distribution into the decoding
process as follows:

P (yt|l, x, y<t) = Pl(yt|l, x, y<t) · (1� gt)

+ Pk(yt|l, x) · gt, (5)

Pl(yt|l, x, y<t) = softmax(Wsst + bs), (6)

st = Dec(y<t, {hi}n
i=0), (7)

where Ws and bs are trainable parameters, Pl is
a distribution over V without conditioning on the
predicted keywords, and gt 2 R|V| is a gate vector
indicating the weight of the keyword distribution
Pk. We compute gt as follows:

gt = sigmoid(Wg[rt; st] + bg), (8)

rt = WrPk(yt|l, x) + br, (9)

where Wg, bg, Wr and br are trainable parameters.
In summary, the final training objective L of our
model is derived as follows:

L = Lst + ↵ · Lk. (10)

where ↵ is an adjustable scale factor.

4 Experimental Setup

4.1 Dataset
We conduct the experiments on the ROCStories
corpus (Mostafazadeh et al., 2016), which contains
98,159 five-sentence stories. We randomly split
ROCStories by 8:1:1 for training/validation/test, re-
spectively. The average number of words in the
input (the first sentence) and the output (the last
four sentences) are 9.1 and 40.8, respectively. Be-
sides, we follow Guan et al. (2020) to delexical-
ize stories in the dataset by masking all the male
/female/neutral names with hMALEi/ hFEMALEi/
hNEUTRALi to achieve better generalization.

4.2 Style Annotation
We extract stylistic keywords from stories in the
dataset and assign a style label for each story ac-
cording to the distribution of stylistic keywords.

Stylistic Keywords We use NRCLex and NLTK
to extract stylistic keywords. NRCLex maps each
word in a story to its underlying emotion labels ac-
cording to a word-emotion lexicon (e.g., “favorite”
! “joy”). We select the words with following
emotion labels: “fear”, “anger”, “surprise”, “sad-
ness”, “disgust” and “joy”, as the keywords for the
emotion-driven style. Besides, we use NLTK to ex-
tract verbs as keywords for the event-driven style.
We filter out the stop words and common verbs
with bottom ten IDF2 (e.g., “is”, “have”) from
the extracted verbs. Intuitively, the more stylistic
keywords of some style a story has, the more con-
sistent it is with that style. Therefore, we propose
to compare the numbers of keywords for different
styles for style annotation.

Normalized Numbers of Keywords Let Ns de-
note the number of keywords for style s in a story.
We assume Ns is a random variable, and follows
a Gaussian distribution N (µs,�

2
s), where µs and

�s are the mean and standard deviation computed
on the training set. Given a story which con-
tains ns keywords for style s, we normalize ns

to n0s = P (Ns 6 ns) 2 [0, 1] for fair comparison
between keywords for different styles.

Styles Training Validation Test

Emotion-driven 17.7% 18.0% 17.9%

Event-driven 17.6% 17.0% 17.5%

Others 64.7% 65.0% 64.6%

Table 1: Distribution of stories annotated with different
style for the training/validation/test set.

Annotation We annotate the style label l for a
given story by comparing its n0emo and n0eve, which
refer to the normalized numbers of keywords for
emotion-driven and event-driven styles, respec-
tively. We annotate the story with hemoi if n0emo
is higher than n0eve, and hevei otherwise. How-
ever, if both n0emo and n0eve are lower than ⌧1, or
|n0emo � n0eve| < ⌧2, we annotate the story with
hotheri since there is no significant tendency to
any styles. ⌧1 and ⌧2 are hyper-parameters, which
are set to 0.7 and 0.3, respectively. For stories
labeled with hotheri, we select five words as
the stylistic keywords from those keywords for
emotion-driven and event-driven styles. Table 1
shows the stylistic distribution of the dataset.

2Inverse Document Frequency (IDF) is statistically ana-
lyzed on the stems of all the extracted keywords by NLTK.
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4.3 Baselines and Experiment Settings
We compare our model with GPT-2 (Radford et al.,
2019) and BART (Lewis et al., 2020) as baselines.
We fine-tune the baselines on ROCStories with the
style tokens and the beginnings as input.

We build our model based on BART. Our ap-
proach can easily adapt to other pre-trained models
such as BERT. We set the scale factor in Equa-
tion 10 to 0.2. For all models, We generate stories
using top-k sampling (Fan et al., 2018) with k = 50
and a softmax temperature of 0.8.

4.4 Automatic Evaluation
Evaluation Metrics We use the following met-
rics for automatic evaluation: (1) Perplexity
(PPL). Since the automatically annotated style la-
bels may contain innate bias, we do not calculate
the perplexity conditioned on the annotated styles
for the stories in the test set. Instead, we calculate
the perplexity of a model for each sample condi-
tioned on two styles (emotion-driven and event-
driven), respectively, and then get the perplexity
on the entire test set by averaging the smaller per-
plexity for each sample.(2) BLEU (B-n) (Papineni
et al., 2002): The metric evaluates n-gram over-
lap (n = 1, 2). For each beginning in the test set,
we generate two stories conditioned on two styles,
respectively. Then we calculate the BLEU score
on the test set by averaging the higher BLEU with
the reference story for each sample.(3) Distinct (D-
n) (Li et al., 2016): The metric measures the gen-
eration diversity with the percentage of unique
n-grams (n = 1, 2). (4) Numbers of Stylistic
Keywords (Number): We use the average n0 (de-
scribed in §4.2) to evaluate how many consistent
stylistic keywords the generated stories have. (5)
Lexical Style Consistency (LSC): We calculate
the percentage of the stories annotated with the
consistent style in all generated stories using the
annotation strategy described in §4.2. (6) Seman-
tic Style Consistency (SSC): It is a learnable au-
tomatic metric (Guan and Huang, 2020). We fine-
tune BERTBASE on the training set as a classifier
to distinguish whether a story is emotion-driven,
event-driven, or others with the automatic labels
as the golden truth. For each style, we regard the
average classification score on the style to measure
the style consistency. Table 2 shows the accuracy
and F1-Scores of the BERT model on the test set.

Results We show the evaluation results of PPL
and BLEU in Table 3. Note that we do not provide

Accuracy F1-Score
Emotion-Driven Event-Driven Other

89.7% 0.863 0.838 0.922

Table 2: Accuracy and F1-Scores for each class of the
BERT used in SSC.

PPL for GPT-2 since it does not adopt the same vo-
cabulary used in BART. We can see that our model
has lower perplexity and higher word overlap with
the human-written stories than baselines.

Models PPL # B-1 " B-2 "
GPT-2 N/A 32.8 16.1
BART 11.72 33.2 16.6

Ours 11.29 33.8 17.1

Table 3: Automatic evaluation results on the entire test
set. The Best results are highlighted in bold. #/" indi-
cates the lower/higher, the better.

We present the results of diversity and style con-
sistency on the generated stories with different
specified styles in Table 4. Our model achieves
comparable diversity with baselines, generates
more keywords of the specified styles, and out-
performs baselines in both lexical and semantic
style consistency by a large margin.

Models D-1 " D-2 " Number " LSC" SSC "

Emotion-driven Style

GPT-2 0.679 0.924 0.454 0.243 0.201
BART 0.701 0.952 0.538 0.366 0.298
Ours 0.697 0.952 0.623 0.474 0.371

Event-driven Style

GPT-2 0.675 0.925 0.375 0.107 0.088
BART 0.697 0.954 0.460 0.162 0.129
Ours 0.698 0.955 0.591 0.309 0.293

Table 4: Automatic evaluation results. The best results
are highlighted in bold.

4.5 Manual Evaluation
We conduct a pairwise comparison between our
model and baselines. We randomly generate 100
stories from the test set for each style and model.
For each pair of stories (one by ours, and the other
by a baseline), we hire three annotators to give a
preference (win, lose and tie) in terms of fluency,
coherence, and style consistency. We adopt ma-
jority voting to make the final decisions among
the annotators. We resort to Amazon Mechanical
Turk for manual annotation. As shown in Table 5,
all the results show moderate (0.4 6  6 0.6)
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Styles Models Fluency Coherence Style Consistency
Win(%) Lose(%) Tie(%)  Win(%) Lose(%) Tie(%)  Win(%) Lose(%) Tie(%) 

Emotion-driven Ours vs. GPT-2 37.0** 19.0 44.0 0.751 52.0** 25.0 23.0 0.803 39.0* 22.0 39.0 0.773
Ours vs. BART 51.0** 22.0 27.0 0.672 52.0** 16.0 32.0 0.591 50.0* 31.0 19.0 0.640

Event-driven Ours vs. GPT-2 40.0* 25.0 35.0 0.754 50.0* 30.0 20.0 0.735 54.0** 28.0 18.0 0.726
Ours vs. BART 43.0* 25.0 32.0 0.644 45.0** 22.0 33.0 0.635 48.0* 33.0 19.0 0.612

Table 5: Manual evaluation results. The scores indicates the percentage of win, lose or tie when comparing our
model with a baseline.  denotes Fleiss’ Kappa (Fleiss, 1971) to measure the inter-annotator agreement. * and **
mean p-value<0.05 and p-value<0.01 (Wilcoxon signed-rank test), respectively.

Leading Context: Bob has a girl friend.

Emotion-driven Style

GPT-2 She wants to take a trip to Hawaii. She goes on vacation. She is at the beach. It is a pretty day.

BART One day, Bob saw a cute necklace on the sidewalk. Bob decided to buy it. After buying it, Bob loves it.
Bob likes the necklace.

Ours He is really nervous about her feeling around her. His girlfriend is very protective . Bob gets along great with
her. Bob has a wonderful time with his girlfriend.

Event-driven Style

GPT-2 She likes her hair. She takes a few pictures of her friend’s hair. He takes a picture of her hair and posts it.
She likes it very much and she is happy .

BART He knew he was always going to be mean to her. After a while Bob realized that he was being annoying . He
had to leave his job and walk . Now he has a new girlfriend and a new job.

Ours He has been talking to her all day. She stopped listening to him now. One day, she says his name and
walked away. He decided to break up with her in another place.

Table 6: Generated stories by different models with different specified styles. Emotion-related keywords and
event-related keywords are highlighted in italic and bold, respectively.

or substantial (0.6 6  6 0.8) agreement, and
our model outperforms baselines significantly in
fluency, coherence, and style consistency.

5 Case Study

Table 6 shows several generated cases. We gen-
erate the stories using different models given the
same leading context and specified style. For the
emotion-driven style, our model can generate vari-
ous emotional keywords (e.g., “nervous”, “protec-
tive”, “great”, and “wonderful”) and focus more
on shaping the characters’ personality. For the
event-driven style, our model can generate fluent
stories with a reasonable event sequence. In com-
parison, baselines tend to confuse the two styles.
For example, the stories generated by the base-
lines for the event-driven style still contain many
emotional keywords (e.g., “likes”, “annoying”).
Besides, for the emotion-driven style, the baselines
generate fewer and repetitive emotional keywords.
Furthermore, the baselines may suffer from more
severe repetition (e.g., “take a picture”) than our
model. And the baselines sometimes mix up or

neglect some characters (e.g., GPT-2 and BART
only cover one of “Bob” and “his girlfriend” but
neglect the other one for the emotion-driven style).
In summary, our model can generate more coherent
stories with specified styles than the baselines.

6 Conclusion

We present a pilot study on a new task, stylized
story generation. We define story style with respect
to emotion and event, and propose a generation
model which conditions on planned stylistic key-
words. Comparative experiments with strong base-
lines show the promising results of the proposed
model. Our work can inspire further research in
this new direction.
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Abstract

Chinese spelling check (CSC) is a task to
detect and correct spelling errors in Chinese
text. Most state-of-the-art works on the CSC
task adopt a BERT-based non-autoregressive
language model, which relies on the output
independence assumption. The inappropri-
ate independence assumption prevents BERT-
based models from learning the dependencies
among target tokens, resulting in an incoher-
ent problem. To address the above issue, we
propose a novel architecture named Dynamic
Connected Networks (DCN), which generates
the candidate Chinese characters via a Pinyin
Enhanced Candidate Generator and then uti-
lizes an attention-based network to model the
dependencies between two adjacent Chinese
characters. The experimental results show that
our proposed method achieves a new state-of-
the-art performance on three human-annotated
datasets.

1 Introduction

Chinese spelling check (CSC) is an important task
which can be utilized in many natural language
applications such as optical character recognition
(OCR) (Wang et al., 2018; Hong et al., 2019)
and essay scoring. Meanwhile, CSC is a chal-
lenging task which requires human-level natural
language understanding ability (Liu et al., 2010,
2013; Xin et al., 2014). Recently, BERT-based
non-autoregressive language models have achieved
state-of-the-art performance in the CSC task (Hong
et al., 2019; Zhang et al., 2020; Cheng et al., 2020).

These works fine-tune BERT-based models us-
ing CSC training data. During the training phase,
all the target Chinese characters will be involved
as labels. In the inference stage, the models predict
the most likely Chinese character from a candidate
set at each position. When the most likely charac-
ter is different from the input character, the input

Wrong: 我忘记告诉你了，我真户秃。

Correct: 我忘记告诉你了，我真糊涂。
Translation: I forgot to tell you. I’m so confused.

Table 1: An example of Chinese spelling errors. Here,
“户秃” should be corrected to “糊涂” (confused).

character will be considered as a spelling error and
corrected to the most likely character. Based on
the powerful generalization ability of BERT (De-
vlin et al., 2019), these works have achieved better
performance than other models.

However, these works on the CSC task rely on
the incorrect independence assumption, which may
lead to an incoherent problem. Concretely, they as-
sume that the predicted tokens are independent of
each other, which generally does not hold in natural
language (Yang et al., 2019; Gu and Kong, 2020).
For the CSC task, one spelling error may have mul-
tiple corrections. Ignoring the corrected context
may result in a correction conflict. As shown in
Table 1, “户秃” may be corrected as “糊涂” (con-
fused) or “尴尬” (embarrassed). Because of the
independence of each token, the non-autoregressive
language model may correct it as “尴涂” (emba-
fused). This incoherent problem is also called a
multi-modality problem in non-autoregressive ma-
chine translation (Gu et al., 2018).

To address the above problem, we propose a
novel Dynamic Connected Networks (DCN) which
can model the dependencies between two adja-
cent candidate Chinese characters. Specifically,
we use the RoBERTa model (Liu et al., 2019; Cui
et al., 2019) as our base model, which can also
be replaced by other models. Firstly, we utilize
RoBERTa with a Pinyin Enhanced Candidate Gen-
erator to incorporate phonological information and
generate k candidate characters at each position.
For each two adjacent candidates, DCN learns a
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variable connection score to determine the strength
of the dependency between them via a Dynamic
Connected Scorer (DCScorer). The DCScorer cal-
culates the connection scores by feeding the contex-
tual representation and the candidate character em-
beddings of the current and the next position into
an attention layer simultaneously. Eventually, the
model generates kn candidate paths, and we utilize
the Viterbi algorithm (Rabiner, 1989) to quickly
find the one with the highest score as our final cor-
rection result.

Conditional random fields (CRF) (Lafferty et al.,
2001) can also model the dependencies of output
labels, however it is not suitable for language mod-
eling or the CSC task. The dependencies between
Chinese characters are more related to the context
and far more complicated than the label relations
of other tasks such as NER. Thus, the capacity of a
fixed transition matrix in CRF is inadequate. More-
over, the number of Chinese characters is usually
more than 5K, making the transition matrix too
large to learn. In contrast, output candidates (la-
bels) and connection scores of DCN are dynamic
and change according to the context. That empow-
ers our model with a strong ability to learn the
dependencies.

We conduct experiments on SIGHAN 2013,
SIGHAN 2014, and SIGHAN 2015 benchmarks.
Experimental results on the three human-annotated
datasets demonstrate that the performance of our
proposed method is significantly better than the
state of the art models.

To summarize, our contributions are as follows:

• We propose a novel end-to-end dynamic con-
nected networks (DCN) which can alleviate
the incoherent problem of non-autoregressive
language models in the CSC task.

• We propose a simple and effective Pinyin En-
hanced Candidate Generator to incorporate
phonological information and generate better
candidate characters.

• Experimental results show that our proposed
method achieves state-of-the-art performance
on three human-annotated datasets.

For reproducibility, our code for this paper is
available at https://github.com/destwang/DCN.

2 Related Work

Chinese spelling check (CSC) is a challenging task
that requires human-level language understanding

ability. With the development of deep learning
techniques, the CSC task has recently made more
progress. CSC is similar to the grammatical error
correction (GEC) task (Dahlmeier and Ng, 2012).
The difference between them is that CSC only fo-
cuses on Chinese spelling errors, while GEC also
includes errors that need insertion and deletion.

Most models in the GEC task use an autoregres-
sive Seq2Seq model to correct a sentence. Simi-
larly, Seq2Seq models can also be used in the CSC
task. Wang et al. (2019) propose an autoregressive
pointer network which generates a Chinese char-
acter from the confusion set rather than the entire
vocabulary. Although the autoregressive Seq2Seq
model has the ability to correct the spelling errors,
it is usually slow. The input and output are so
similar that it would be “wasteful” to completely
regenerate a sequence (Malmi et al., 2019).

Since the input and output have the same number
of Chinese characters, and the correct and incor-
rect Chinese characters correspond to each other,
it is more intuitive to use non-autoregressive lan-
guage models such as BERT to directly correct
the Chinese spelling errors. Hong et al. (2019)
propose the FASPell model to predict candidate
characters based on the BERT model and exploit
the phonological and visual similarity information
to select candidate characters. Zhang et al. (2020)
propose a model named Soft-Masked BERT, which
consists of a detection network and a correction net-
work based on BERT. Cheng et al. (2020) propose
to incorporate phonological and visual similarity
knowledge into BERT via a specialized graph con-
volutional network. Bao et al. (2020) design a
chunk-based framework and extend the traditional
confusion sets with semantical candidates to cover
different types of errors.

Although these non-autoregressive methods
mentioned above have achieved state of the art
in the CSC task so far, these methods still suffer
from the incoherent problems that exist in non-
autoregressive models (Gu et al., 2018; Gu and
Kong, 2020). In this paper, we propose a novel
model DCN which learns the dependencies be-
tween the adjacent Chinese characters and allevi-
ates the incoherent problem.

3 Our approach

3.1 Problem

Given an input text sequence X =
{x1, x2, ..., xN}, the goal of the CSC task is
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Figure 1: The architecture of DCN. Here, we only illustrate how to calculate one connection score between candi-
dates “糊” and “涂” by the Dynamic Connected Scorer.

to automatically correct the incorrect part of the
Chinese sentence and generate a correct target
sequence Y = {y1, y2, ..., yN}. Since the input
sentence X and the output sentence Y have the
same number of tokens (Chinese characters), pre-
trained non-autoregressive language models such
as BERT are natural to be used in the CSC task.
Given that non-autoregressive language models are
based on the assumption of output independence,
they will mismatch output Chinese characters and
lead to the incoherent problem. This problem
has also been mentioned in non-autoregressive
machine translation (Gu et al., 2018, 2019; Gu and
Kong, 2020) and pretrained language model (Yang
et al., 2019).

3.2 Dynamic Connected Networks

To solve the above incoherence problem, we pro-
pose a novel model named Dynamic Connected
Networks (DCN), which can learn the dependen-
cies between output Chinese characters and allevi-
ate the incoherence problem.

The model structure is illustrated in Figure 1. We
use the RoBERTa (Liu et al., 2019; Cui et al., 2019)
model as our base model. Firstly, RoBERTa with
a Pinyin Enhanced Candidate Generator generates
a series of candidate characters, and we sample
k characters as candidates (the candidate genera-
tion method will be discussed in detail in the next
subsection). For each two adjacent candidate char-
acters, we learn the connection scores to determine
the strength of the dependency between them by
a dynamic connected scorer (DCScorer). The fi-

nal correction score will be calculated by the joint
prediction of connection scores and the prediction
scores of the candidate generator at each position.

The DCScorer needs to consider the context in-
formation, the candidate characters of the current
and next position simultaneously. Thus, we use the
attention mechanism to learn the current candidate
context representation p and next candidate context
representation q. The strength of the dependency
between two adjacent candidates is usually more
related to the RoBERTa hidden representation of
the current and next position, so the key and value
in the attention mechanism contain only these two
hidden representations. The DCScorer is formally
defined as follows:

pi,m = Attention(Qi,mW
Q,KiW

K , ViW
V )

qi,n = Attention(Qi+1,nW
Q,KiW

K , ViW
V )

Ki = Vi =

[
hi
hi+1

]

Qi,m = wi,m

Qi+1,n = wi+1,n

(1)

where i is the character position, m and n are the
indices of candidates of current position and next
position respectively. Attention denotes the atten-
tion mechanism, where the Q, K, V denote query,
key and value, and W denote the parameters to be
learned in the attention layer. h is the hidden repre-
sentation of the last transformer block, w denotes
the candidate token embedding.

We add the candidate token embedding to the
candidate context representation. Then we feed
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the output into layer normalization and get two
representations p′i,m and q′i,n.

p′i,m = LayerNorm(pi,m + wi,m)

q′i,n = LayerNorm(qi,n + wi+1,n)
(2)

We concatenate the two vectors and feed them
into a feed-forward network (FFN) layer used by
(Vaswani et al., 2017). Then we use a linear layer
to calculate the connection score between the two
candidates.

s = FFN(Concat(p′i,m, q
′
i,n))

g(yi,m, yi+1,n) = sv
(3)

where v is a trainable weight vector and
g(yi,m, yi+1,n) is the connection score between the
mth candidate of ith position and nth candidate of
i+ 1th position.

Since we feed k2 pairs of candidate combina-
tions into DCScorer, we will generate k2 scores at
each position. Eventually, the model will generate
kn candidate paths, and the score of each path is
calculated using the following equations:

S(X,Y ) =
∑N

i=1 f(yi,m) +
∑N−1

i=1 g(yi,m, yi+1,n) (4)

where y is the candidate character, f(yi,m) is the
prediction score of Pinyin Enhanced Candidate
Generator for mth candidate of ith position.

3.3 Candidate Generation
We generate the candidate Chinese characters via
a Pinyin Enhanced Candidate Generator based on
RoBERTa.
Pinyin Enhanced Candidate Generator Accord-
ing to statistics, more than 80% spelling errors
are related to phonological similarity (Liu et al.,
2010). Since phonological errors account for a
large proportion of Chinese character errors, a suit-
able method of introducing phonological informa-
tion would be of great help in generating the candi-
dates and correcting spelling errors.

The conversion from a single Chinese Pinyin to
the Chinese character has a large ambiguity. It is
difficult to convert properly because one Pinyin usu-
ally corresponds to many Chinese characters. How-
ever, when there are multiple consecutive Pinyin,
we will have more confidence to convert Pinyin
into correct Chinese characters. For example, the
Pinyin of Chinese characters “户” and “糊” is “hu”,
and the Pinyin of “秃” and “涂” is “tu”. When “hu”
and “tu” are together, it will have a high probability

of being converted to “糊涂” which means “con-
fused” in Chinese. This is also a basic assumption
used in Chinese Pinyin input methods.

Based on this, we propose a Pinyin Enhanced
Candidate Generator, which can effectively reduce
the ambiguity and generate better Chinese charac-
ters. The architecture is shown in Figure 1. Con-
cretely, we adopt a convolutional layer to encode
consecutive Pinyin and add the output of convo-
lutional layer, hidden representation of RoBERTa
and character embedding together. Then we feed
the sum to layer normalization and get the predic-
tion score f(yi,m) via a linear layer. The equations
are as follows:

ci = Conv(p′′i−1, p
′′
i , p
′′
i+1)

oi = LayerNorm(ci + wi + hi)

f(yi,m) = oiv
′
m

(5)

where p′′ is the Pinyin embedding, wi is the Chi-
nese character embedding, hi is the last hidden
representation of RoBERTa, v′m is the trainable
weight vector for mth candidate.

There are various ways to represent Pinyin, and
we find that simply representing each Pinyin with-
out tone as a separate embedding can achieve good
performance. We also try to encode Pinyin by
Multi-Layer Perceptron (MLP) and GRU (Chung
et al., 2014) encoder, which treat each letter of
Pinyin as an embedding vector. Since they cannot
achieve better results, we simply represent each
Pinyin as a separate embedding in our following
experiments.
Candidate Sampling Method Given the large
number of usual Chinese characters, we sample
the candidate characters for learning. We try sev-
eral sampling methods and find that selecting the
characters with the top-k prediction scores from
vocabulary performs best. This also shows that the
more difficult candidates can be used as negative
training examples to effectively improve the dis-
criminatory ability of the model. Therefore, all the
main experimental results are based on the top-k
sampling.

3.4 Learning

Loss function The probability for the sequence Y
can be approximated by the following equation

p(Y |X) =
eS(X,Y )

∑
Y ′i
eS(X,Y

′
i )

(6)
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Training Sets # Line Avg. Length # Erroneous Sent.

Wikipedia 7,756,725 47.0 -
(Wang et al., 2018) 271,329 44.4 271,329
SIGHAN 2013 700 49.2 350
SIGHAN 2014 3,435 49.7 3,432
SIGHAN 2015 2,339 30.0 2,339

Test Sets # Line Avg. Length # Erroneous Sent.

SIGHAN 2013 1,000 74.1 996
SIGHAN 2014 1,062 50.1 529
SIGHAN 2015 1,100 30.5 550

Table 2: Statistics of datasets.

where Y ′i are the path generated by the candidate
characters.

The loss function is the maximum likelihood of
the probability distribution denoted as

Loss =

{
−log(p(Y |X)) S(X,Y ) < Smax(X,Y

′)
0 S(X,Y ) ≥ Smax(X,Y

′)
(7)

The loss function is similar to the one used by
LSTM-CRF (Huang et al., 2015). It learns only
the sampled negative candidate characters and the
dependencies between them, which will unduly de-
grade the ranking of potential candidates. This pos-
sibly makes more similar candidates have a lower
ranking. In order to avoid the above problem, we
make a restriction on the loss function by setting
its loss to 0 when the gold score is higher than or
equal to the max score of all the candidate paths.
Pretraining The dependencies between Chinese
characters can be more sufficiently learned via a
large scale training corpus. In this paper, we pre-
train our proposed model using Chinese Wikipedia
data shown in Table 2. We randomly replace 15%
of the characters, including 70% MASK, 15% char-
acters from the confusion set, and 15% random
characters. We exploit the confusion set released
from SIGHAN 2013 (Wu et al., 2013) which con-
sist of pronunciation similarity and shape similar-
ity characters. Based on the RoBERTa model, we
freeze the main parameters and only fine-tune the
Pinyin Enhanced Candidate Generator and the Dy-
namic Connected Scorer.

3.5 Predicting
In the predicting stage, the top-k candidate charac-
ters from vocabulary are generated by the Pinyin
Enhanced Candidate Generator. Eventually, there
are kn paths. In order to quickly select the path
with the highest score, we use the Viterbi algorithm
(Rabiner, 1989) based on dynamic programming
to decode the output sequence.

4 Experiments

4.1 Experimental Setup
Datasets We use the large automatically gener-
ated corpus (Wang et al., 2018)1 as our training
data. In addition, the training sets of SIGHAN
2013, SIGHAN 2014, and SIGHAN 2015 are also
included. For the pre-training method, we use
the Chinese Wikipedia texts which have been con-
verted to simplified Chinese characters.

We evaluate our proposed model on the test sets
from SIGHAN 2013, SIGHAN 2014, and SIGHAN
2015 benchmarks. Similar to the previous works,
we convert the traditional characters to simplified
characters by OpenCC2.

In order to evaluate our model more reasonably,
we take 500 sentences from the SIGHAN train-
ing sets and the corresponding corrected results of
these 500 sentences together as the validation set.
The statistic information of all the datasets is listed
in Table 2.
Evaluation Metrics To compare with the state-
of-the-art models, We use the widely adopted
sentence-level precision, recall, and F1-score as
our evaluation method, which has been used by
Hong et al. (2019)3 and Cheng et al. (2020).
Baseline Models We compare our model with sev-
eral state-of-the-art models.

• FASPell (Hong et al., 2019): This model uses
the phonological and visual similarity infor-
mation to select candidate characters.

• Soft-Masked BERT (Zhang et al., 2020): This
method combines a detection network and a
correction network based on BERT.

• SpellGCN (Cheng et al., 2020): This model
incorporates phonological and visual similar-
ity knowledge into BERT via a specialized
graph convolutional network.

• Chunk-based method (Bao et al., 2020): This
method utilizes a chunk-based framework and
extends the traditional confusion sets with se-
mantical candidates to cover different types
of errors.

Model Hyperparameters We use RoBERTa-
wwm (Cui et al., 2019) as our base model in this

1https://github.com/wdimmy/Automatic-Corpus-
Generation

2https://github.com/BYVoid/
3https://github.com/iqiyi/FASPell
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Dataset Model
Detection-level Correction-level

D-P D-R D-F C-P C-R C-F

FASPell (Hong et al., 2019) 76.2 63.2 69.1 73.1 60.5 66.2
BERT (Cheng et al., 2020) 79.0 72.8 75.8 77.7 71.6 74.6

CSC13 SpellGCN (Cheng et al., 2020) 80.1 74.4 77.2 78.3 72.7 75.4
SpellGCN* 85.2 77.7 81.2 83.4 76.1 79.6
RoBERTa (Ours) 85.4 77.7 81.3 83.9 76.4 79.9
RoBERTa-DCN (Ours) 86.2 78.4 82.1 84.6 76.9 80.5
RoBERTa-Pretrain-DCN (Ours) 86.8 79.6 83.0 84.7 77.7 81.0

FASPell (Hong et al., 2019) 61.0 53.5 57.0 59.4 52.0 55.4
BERT (Cheng et al., 2020) 65.6 68.1 66.8 63.1 65.5 64.3

CSC14 SpellGCN (Cheng et al., 2020) 65.1 69.5 67.2 63.1 67.2 65.3
RoBERTa (Ours) 64.2 68.4 66.2 62.7 66.7 64.6
RoBERTa-DCN (Ours) 67.6 68.6 68.0 64.9 65.9 65.4
RoBERTa-Pretrain-DCN (Ours) 67.4 70.4 68.9 65.8 68.7 67.2

CSC15

FASPell (Hong et al., 2019) 67.6 60.0 63.5 66.6 59.1 62.6
Soft-Masked BERT (Zhang et al., 2020) 73.7 73.2 73.5 66.7 66.2 66.4
BERT (Cheng et al., 2020) 73.7 78.2 75.9 70.9 75.2 73.0
SpellGCN (Cheng et al., 2020) 74.8 80.7 77.7 72.1 77.7 75.9(74.8)
RoBERTa (Ours) 74.7 77.3 76.0 72.1 74.5 73.3
RoBERTa-DCN (Ours) 76.6 79.8 78.2 74.2 77.3 75.7
RoBERTa-Pretrain-DCN (Ours) 77.1 80.9 79.0 74.5 78.2 76.3

Table 3: Experimental results of sentence-level precision, recall, and F1-score (%). D, C denote the detection
and correction respectively. Since “的”, “地”, “得” are rarely distinguished on SIGHAN 2013, we remove all
the related correction results. To compare more fairly with SpellGCN, we rerun the released code of Cheng et al.
(2020) and remove all the related correction results. The results are reported with SpellGCN*. The reported result
of SpellGCN on SIGHAN 2015 is not correct, where the precision, recall and F-score don’t match. If the precision
and recall are correct, F-score should be 74.8.

paper. We utilize AdamW (Loshchilov and Hutter,
2019) optimizer with learning rate of 5e-5. The
training batch size is set to 32, and we train 12
epochs for all the experiments. To better learn
the dependencies between characters, we learn
the DCN model with MASK token for the first
2 epochs the same with the pretraining method.
The number of candidates k for training is set to
5 and the number for predicting is set to 8. The
convolution window size of the Pinyin Enhanced
Candidate Generator is set to 3. The dimensions of
all the hidden representations are 768. We search
learning rate from {2e-5, 3e-5, 5e-5} and select the
best model on the validation set.

4.2 Experimental Results
The experimental results are shown in Table 3. Our
proposed RoBERTa-DCN model has the best de-
tection and correction performance on the three
SIGHAN test sets. Both FASPell and SpellGCN
models use sophisticated techniques to incorpo-
rate the phonological and visual information and
achieve a relatively good performance. Our DCN
model is more focused on the incoherence prob-
lem and modeling the dependencies of the output
tokens. Our proposed model exceeds FASPell and

SpellGCN by simply using a Pinyin Enhanced Can-
didate Generator to model the phonological infor-
mation, which also illustrates the effectiveness of
DCN.

When we pre-train DCN using wiki data, the
model gets further improvement in the effective-
ness. This indicates that modeling the dependen-
cies between output Chinese characters is impor-
tant. DCN may achieve better performance if more
data are used to learn the dependencies.

Soft-Masked BERT uses detection network and
correction network simultaneously. In contrast, our
DCN model predicts the target sequence directly,
and the different tokens between the input sequence
and the target sequence are regarded as the detec-
tion results. As shown in the experimental results,
compared to Soft-Masked BERT, our method im-
proves 5.5% and 9.9% on detection and correction
respectively.

To compare with some other state-of-the-art
works, we also evaluate our proposed model using
the official evaluation toolkit4 of SIGHAN 2015
in Table 4. The Chunk-based method, which uses
a series of methods to construct the candidate set,

4http://nlp.ee.ncu.edu.tw/resource/csc.html
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Model
Detection-level Correction-level

D-Acc D-P D-R D-F C-Acc C-P C-R C-F

Chunk-based method (Bao et al., 2020) 76.8 88.1 62.0 72.8 74.6 87.3 57.6 69.4
BERT (Cheng et al., 2020) 83.0 85.9 78.9 82.3 81.5 85.5 75.8 80.5
SpellGCN (Cheng et al., 2020) 83.7 85.9 80.6 83.1 82.2 85.4 77.6 81.3

RoBERTa (Ours) 83.2 86.6 78.6 82.4 81.8 86.2 75.8 80.7
RoBERTa-DCN (Ours) 84.2 86.4 81.1 83.7 82.8 86.0 78.4 82.0
RoBERTa-Pretrain-DCN (Ours) 84.6 88.0 80.2 83.9 83.2 87.6 77.3 82.1

Table 4: The performance evaluated by official tools on SIGHAN 2015.

Sampling Method D-F C-F

Top-k of vocabulary 89.7 88.7
Multinomial distribution sampling 88.1 87.6
Random sampling 12.2 7.3
Top-k of confusion set 35.8 34.7

Table 5: Effect of the candidate generation methods.

achieves good performance for precision. However,
the recall of this method is relatively low, and the
F-score of our method significantly outperforms
the chunk-based method by more than 10%. Simi-
larly, our model also achieves a better result than
SpellGCN.

4.3 Effect of Candidate Generation

The performance of DCN varies with the candidate
generation strategy and the number of sampled can-
didate characters. We compare the effects of four
sampling methods for training, which are sampling
top-k candidates from vocabulary, sampling top-k
candidates from the confusion set, random sam-
pling from the vocabulary and sampling from a
multinomial distribution. For the multinomial dis-
tribution sampling, the probabilities are obtained
from the Softmax output of the Pinyin Enhanced
Candidate Generator. All the subsequent experi-
ments are conducted on the validation set. The
experimental results are shown in Table 5.

From Table 5, we can see that the top-k of vo-
cabulary method has the best performance. The
multinomial distribution sampling also has a good
performance, while the random sampling and top-k
of confusion set cannot achieve good performance.
This means that sampling some difficult candidates
is more beneficial to the model training to improve
the model discriminative ability.

We also conduct experiments with the effect of
the number of candidates. Figure 2(a) shows the
change curve of the effect when the number of can-
didates for training increase. The effect gradually

Model D-P D-R D-F C-P C-R C-F

RoBERTa-DCN 89.8 89.6 89.7 88.8 88.6 88.7

- PECGenerator 87.7 88.4 88.1 86.7 87.4 87.1
- DCScorer 87.4 88.4 87.9 86.8 87.8 87.3
- weighted loss 87.6 89.0 88.3 86.8 88.2 87.5

RoBERTa 86.1 89.2 87.6 85.5 88.6 87.0

Table 6: Ablation Study of DCN on validation set.
PECGenerator is the Pinyin Enhanced Candidate Gen-
erator. Weighted loss refers to the condition of loss.
When we remove the PECGenerator, the RoBERTa
generates the candidates by predicting the candidate
characters. When the DCScorer is removed, the model
selects the top-1 predicted result as the correct charac-
ter.

gets better as the number of candidates increases at
the beginning, and the effect no longer has a signif-
icant improvement after the number of candidates
for prediction exceeds 5. Figure 2(b) shows the
performance when we fix the number of training
candidates as 5 and increase the number of predic-
tion candidates. The performance keeps improving
as the number of prediction candidates increases.

4.4 Ablation Study

We conduct a series of experiments to determine
which component in the DCN model plays a more
important role. Table 6 shows the results of our ex-
periments. When we remove the Pinyin Enhanced
Candidate Generator, both the detection and cor-
rection F-scores decrease about 1.5%. This demon-
strates that the phonological information plays an
important role in candidates generation methods.
When we remove the dynamic connected scorer,
the detection F-score decreases nearly 2%, which
indicates that the dependencies between Chinese
characters are important for the CSC task. Simi-
larly, the weighted loss also help our models im-
prove the performance.
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Figure 2: The effect of the number of candidates.
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Figure 3: An example of Viterbi decoding. “赤道” in this sentence should be corrected to “迟到”. Translation of
this example: Today is not the first time he is late. Daming Li is often late to Chinese class.
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Figure 4: The comparison of detection F-score be-
tween RoBERTa and DCN on single-character error
and multi-character error validation sets.

4.5 Case Study and Analysis

We find that the DCN model performs better than
the vanilla RoBERTa model on consecutive errors.
Figure 3 shows an example of consecutive errors.
The vanilla RoBERTa model cannot detect it well
and can only partially correct it because consecu-
tive errors will influence each other. In contrast,
DCN can correct it completely. The best path for
this example is shown in this figure. The correct
Chinese characters “迟到” did not rank first, but
the path including “迟到” have the highest score
because they are more fluent than other candidate
combinations. This example also shows that our

model can alleviate the incoherent problem.
Figure 4 shows the detection F-score of

RoBERTa and DCN on single-character and multi-
character error sets. DCN performs better than
RoBERTa in both single-character and multi-
character level cases. The effect of DCN is more
obvious in the multi-character cases, which also
shows that DCN has some advantages for multi-
character type errors. At the same time, the per-
formance of single-character error cases is much
better than multi-character error cases, which indi-
cates that DCN still has much room to improve for
multi-character errors.

By comparing the results of RoBERTa and
RoBERTa with the candidate generator. We find
that 96.7% of the correct characters are in the top-
5 candidates of RoBERTa. In contrast, 98.6% of
the correct characters are in the top-5 candidates
of RoBERTa with candidate generator. This re-
sult illustrates that the Pinyin Enhanced Candidate
Generator can generate better candidates.

5 Conclusion

In this paper, we propose a novel model named
DCN to solve the incoherent problem in the CSC
task. To better incorporate the phonological infor-
mation, we propose a simple and effective Pinyin
Enhanced Candidate Generator. The experimental
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results show that our proposed model has achieved
the state-of-the-art performance on three datasets.
DCN may also be utilized on other tasks such as
non-autoregressive machine translation. As for fu-
ture work, how to make better use of phonological
and visual information still needs to be discussed.
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Abstract

Evidence-based fact checking aims to verify
the truthfulness of a claim against evidence ex-
tracted from textual sources. Learning a rep-
resentation that effectively captures relations
between a claim and evidence can be challeng-
ing. Recent state-of-the-art approaches have
developed increasingly sophisticated models
based on graph structures. We present a simple
model that can be trained on sequence struc-
tures. Our model enables inter-sentence atten-
tions at different levels and can benefit from
joint training. Results on a large-scale dataset
for Fact Extraction and VERification (FEVER)
show that our model outperforms the graph-
based approaches and yields 1.09% and 1.42%
improvements in label accuracy and FEVER
score, respectively, over the best published
model.1

1 Introduction

False or misleading claims spread through online
media faster and wider than the truth (Vosoughi
et al., 2018). False claims can occur in many differ-
ent forms, e.g., fake news, rumors, hoaxes, propa-
ganda, etc. Identifying false claims that are likely
to cause harm in the real world is important. Gen-
erally, claims can be categorized into two types:
verifiable and unverifiable. Verifiable claims can be
confirmed to be true or false as guided by evidence
from credible sources, while unverifiable claims
cannot be confirmed due to insufficient informa-
tion.

Verifying the truthfulness of a claim with respect
to evidence can be regarded as a special case of rec-
ognizing textual entailment (RTE) (Dagan et al.,
2006) or natural language inference (NLI) (Bow-
man et al., 2015), where the premise (evidence) is
not given. Thus, the task of claim verification is to

1The code and model checkpoints are available at:
https://github.com/nii-yamagishilab/mla.

8143
Moscovium is a transactinide element.
SUPPORTED
[Moscovium]

Moscovium is a superheavy synthetic element with symbol 
Mc and atomic number 115.0
In the periodic table, it is a p-block transactinide element.7

[Transactinide_element]
In chemistry, transactinide elements (also, transactinides, or 
super-heavy elements) are the chemical elements with 
atomic numbers from 104 to 120.0

ID:
Claim:
Label:

Evidence:

201459
A dynamic web page does not involve computer programming.
REFUTED
[Web_page]

A static web page is delivered exactly as stored, as web 
content in the web server's file system, while a dynamic web 
page is generated by a web application that is driven by 
server-side software or client-side scripting.14

[Dynamic_web_page]
A dynamic web page is then reloaded by the user or by a 
computer program to change some variable content.9

ID:
Claim:
Label:

Evidence:

Figure 1: Examples from the FEVER dev set, where
true evidence sentences are present in the selected sen-
tences, and veracity relation labels are correctly pre-
dicted by our proposed model. Wikipedia article titles
are in [italics]. Superscripts indicate the positions of
the sentences in each article.

first retrieve documents relevant to a given claim
from textual sources, then select sentences likely
to contain evidence, and finally assign a veracity
relation label to support or refute the claim. For
example, the false claim “Rabies is a foodborne
illness.” can be refuted by the evidence “Rabies is
spread when an infected animal scratches or bites
another animal or human.” extracted from the
Wikipedia article “Rabies”. Figure 1 shows other
examples that require multiple evidence sentences
to support or refute claims. All of these claims are
taken from a benchmark dataset for Fact Extraction
and VERification (FEVER) (Thorne et al., 2018).
A key challenge is to obtain a representation for
claim and evidence sentences that can effectively
capture relations among them.
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Recent state-of-the-art approaches have at-
tempted to meet this challenge by applying graph-
based neural networks (Kipf and Welling, 2017;
Velickovic et al., 2018). For example, Zhou et al.
(2019) regard an evidence sentence as a graph node,
while Liu et al. (2020) use a more fine-grained
node representation based on token-level attention.
Zhong et al. (2020) use semantic role labeling
(SRL) to build a graph structure, where a node
can be a word or a phrase depending on the SRL’s
outputs.

In this paper, we argue that such sophisticated
graph-based approaches may be unnecessary for
the claim verification task. We propose a simple
model that can be trained on a sequence structure.
We also observe mismatches between training and
testing. At test time, the model predicts the verac-
ity of a claim based on retrieved documents and
selected sentences, which contain prediction er-
rors, while at training time, only ground-truth doc-
uments and true evidence sentences are available.
We empirically show that our model, trained with
a method that helps reduce training-test discrepan-
cies, outperforms the graph-based approaches.

In addition, we observe that most of the previous
work neglects sentence-selection labels when train-
ing veracity prediction models. Thus, we propose
leveraging those labels to further improve veracity
relation prediction through joint training. Unlike
previous work that jointly trains two models (Yin
and Roth, 2018; Li et al., 2020; Hidey et al., 2020;
Nie et al., 2020), our approach is still a pipeline
process where only a subset of potential candidate
sentences produced by any sentence selector can
be used for joint training. This approach makes
it possible to explore different sentence-selection
models trained with different methods.

Our contributions are as follows. We develop a
method for mitigating training-test discrepancies
by using a mixture of predicted and true examples
for training. We propose a multi-level attention
(MLA) model that enables token- and sentence-
level self-attentions and that benefits from joint
training. Experiments on the FEVER dataset show
that MLA outperforms all the published models,
despite its simplicity.

2 Background and related work

2.1 Problem formulation

The input of our task is a claim and a collection of
Wikipedia articles D. The goal is to extract a set of

...
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(1) Document Retrieval
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Figure 2: Process of evidence-based fact checking:
retrieving documents relevant to a given claim from
Wikipedia, selecting sentences likely to contain evi-
dence, and predicting a veracity relation label based on
selected sentences.

evidence sentences from D and assign a veracity
relation label y ∈ Y = {S,R,N} to a claim with
respect to the evidence set, where S = SUPPORTED,
R = REFUTED, and N = NOTENOUGHINFO. The
definition of our labels is identical to that of the
FEVER Challenge (Thorne et al., 2018).

2.2 Overview of evidence-based fact checking
The process of evidence-based fact checking,
shown in Figure 2, commonly involves the follow-
ing three subtasks.

Document retrieval
Given a claim, the task is to retrieve the top
K relevant documents from D. Thorne et al.
(2018) suggest using the document retriever from
DrQA (Chen et al., 2017a), which ranks documents
on the basis of the term frequency-inverse doc-
ument frequency (TF-IDF) model with unigram-
bigram hashing. Hanselowski et al. (2018) use a
hybrid approach that combines search results from
the MediaWiki API and the results of using ex-
act matching on all Wikipedia article titles. In
this paper, our main focus is to improve evidence
sentence selection and veracity relation prediction,
so we directly use the document retrieval results
from Hanselowski et al. (2018). This allows us to
fairly compare our model with a series of previous
methods (Soleimani et al., 2019; Zhou et al., 2019;
Liu et al., 2020; Ye et al., 2020) that also rely on
Hanselowski et al. (2018)’s results.

Evidence sentence selection
The task is to select the top M sentences from the
retrieved documents. Thorne et al. (2018) again
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use the TF-IDF model to rank sentences similar to
a given claim. Nie et al. (2019a); Hanselowski et al.
(2018) use the enhanced sequential inference model
(ESIM) (Chen et al., 2017b) to encode and align a
claim-sentence pair. Liu et al. (2020); Hanselowski
et al. (2018) use a pairwise hinge loss to rank sen-
tences, while Soleimani et al. (2019) explore both
pointwise and pairwise losses and suggest selecting
difficult negative examples for training. The pair-
wise hinge loss aims to maximize the margin be-
tween the scores of positive and negative examples,
while the pointwise loss is a vanilla cross-entropy
loss. Our model uses a pointwise loss trained with
examples sampled from both ground-truth and pre-
dicted documents.

Veracity relation prediction
Given a claim and a set of M selected sentences,
the task is to predict their veracity relation label
y. Previous work on the FEVER Challenge modi-
fied existing RTE/NLI models to deal with multiple
sentences (Nie et al., 2019a; Yoneda et al., 2018;
Hanselowski et al., 2018; Thorne et al., 2018), used
heuristic rules to combine predictions from indi-
vidual claim-sentence pairs (Malon, 2018), or con-
catenated all sentences (Stammbach and Neumann,
2019). A line of recent work has applied graph-
based neural networks (Zhou et al., 2019; Liu et al.,
2020; Zhong et al., 2020). Our model is simply
trained on linear sequences by using self- and cross-
attention to learn inter-sentence interactions.

2.3 Pre-trained language models
A key to the success of state-of-the-art approaches
is the use of pre-trained language models (Devlin
et al., 2019; Liu et al., 2019; Yang et al., 2019; Lan
et al., 2020). Here, we use BERT (Devlin et al.,
2019), a bidirectional transformer (Vaswani et al.,
2017), to obtain the vector representation of a token
sequence. Each BERT layer transforms an input
token sequence (one or two sentences) by using
self-attention. The first hidden state vector of the
final layer represents a special classification token
(CLS), which can be used in downstream tasks.
We denote the above process by BERTCLS(·) ∈
Rdh , where dh means the dimensionality of BERT
hidden state vectors.

3 Proposed method

In this section, we describe our contributions, in-
cluding (1) our method for training the sentence-
selection model and (2) our veracity prediction

model that can be extended with inter-sentence
attentions and joint training.

3.1 Learning to select sentences from mixed
ground-truth and retrieved documents

Our goal is to select a subset of evidence sentences
from all candidate sentences in the retrieved docu-
ments. We consider this task to be a binary classifi-
cation problem that takes as input a pair of a claim
c and a candidate sentence ej and maps it to the
output z ∈ Z = {−1,+1}, where +1 indicates
an evidence sentence and −1 otherwise. We train
our sentence-selection model by minimizing the
standard cross-entropy loss for each example:

Lej (φ) = −
∑

z∈Z
1{ẑ = z}logpφ(ẑ|c, ej), (1)

where 1{·} is the indicator function, and pφ is the
probability distribution of the two classes generated
by our model. We compute pφ by applying a multi-
layer perceptron (MLP) to the vector representation
of ej followed by a softmax function:

pφ(ẑ|c, ej) = softmax(MLP(ej)), (2)

ej = BERTCLS(c, ej).

The MLP contains two affine transformations that
map ej to the output space. Feeding the pair of c
and ej to BERT allows us to obtain hidden state
vectors that capture interactions between c and ej
at the token level. This is due to the self-attention
mechanism inside the BERT layers. We expect the
final hidden state vector of the CLS token (i.e., ej)
to encode useful information from ej with respect
to c. The parameters φ include those in MLP and
BERT.

Training our model seems straightforward. How-
ever, two technical issues exist. First, each docu-
ment typically contains one or two (or no) evidence
sentences. Training with a few positive examples
(i.e., evidence sentences) against all negative exam-
ples (i.e., non-evidence sentences) may be neither
efficient nor effective. Soleimani et al. (2019) use
hard negative mining (HNM) to repeatedly select
a subset of difficult negative examples for training
their sentence selector. Second, at test time, the
model must examine all candidate sentences in the
relevant documents returned by the document re-
triever. However, at training time, the model has no
chance to learn the characteristics of non-evidence
sentences in the irrelevant but highly ranked docu-
ments if only the ground-truth documents are used.
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We propose to mitigate the aforementioned is-
sues by using both the ground-truth and retrieved
documents to create negative examples for a claim.
First, we randomly choose r non-evidence sen-
tences from each ground-truth document, where
r is twice the number of true evidence sentences.
Then, we sample two other non-evidence sentences
from each retrieved document. For positive ex-
amples, we use the true evidence sentences in the
ground-truth documents. Our scheme is more effi-
cient than HNM of Soleimani et al. (2019). At test
time, we select the top M sentences according to
the probabilities assigned to the positive class.

3.2 Multi-level attention and joint training
for veracity relation prediction

Training-test discrepancies also occur in veracity
relation prediction. At test time, the model predicts
the veracity of a claim on the basis of the predicted
evidence sentences. At training time, only true
evidence sentences are available for SUPPORTED

and REFUTED, but not for NOTENOUGHINFO. In
other words, we have no example sentences that
more or less relate to a claim but may not be suf-
ficient to support or refute the claim to train the
model. Thorne et al. (2018) simulate training ex-
amples for NOTENOUGHINFO by sampling a sen-
tence from the highest-ranked page returned by the
document retriever.

We propose to reduce this discrepancy by using
a mixture of true and predicted evidence sentences
for training. First, we pair each claim with a list of
the top M predicted sentences obtained through
a sentence selector. At training time, we then
prepend the true evidence sentences (if available) to
the list and keep the number of all the sentences at
most M .2 At test time, we use the top M predicted
sentences without requiring a predefined thresh-
old to filter them. This is in contrast to previous
work (Zhou et al., 2019; Nie et al., 2019b; Wadden
et al., 2020) and helps reduce engineering effort.
Our example sentences for NOTENOUGHINFO are
from the sentence selector, not from the document
retriever as in (Thorne et al., 2018). We expect our
training examples to be similar to what our model
may encounter at test time.

On the basis of the above scheme, each example
is a pair of a claim c and a set of evidence sentences
{ej}Mj=1. Our goal is to predict the veracity relation

2True evidence sentences may already exist in the list
because the sentence selector can correctly identify them.

label y ∈ Y = {S,R,N}. We train our veracity
prediction model by minimizing the class-weighted
cross-entropy loss for each example:

Lp(θ) = −
∑

y∈Y
βy1{ŷ = y}logpθ(ŷ|c, {ej}Mj=1),

(3)
where βy is the class weight for dealing with the
class imbalance problem (detailed in Section 4.2).
Similar to Eq. (2), we compute the probability dis-
tribution pθ of veracity relation labels as:

pθ(ŷ|c, {ej}Mj=1) = softmax(MLP(a)). (4)

Here, a is the vector representation of aggregated
evidence about a claim that is obtained through the
multi-head attention (MHA) function:

a=MHA(Q= c,K=E,V =E), (5)

where c is the claim vector, E is the set of evidence
vectors {ej}Mj=1, and Q, K, V denote the query,
keys, and values, respectively. All the claim and
evidence vectors are derived from BERT:

c = BERTCLS(c),

ej = BERTCLS(c, ej).

The parameters θ are those in MLP, MHA, and
BERT.

Now let us explain the MHA function, because
we use and/or modify it in other components.
The MHA function is based on the scaled dot-
production attention (Vaswani et al., 2017):

attn(Q,K,V) = softmax
(QK>

γ

)
V, (6)

where γ =
√
dh/n is the scaling factor. The above

function is the weighted sum of the values (i.e.,
the evidence vectors), where the weight assigned
to each value is the result of applying a softmax
function to the scaled dot products between the
query (i.e., the claim vector) and the keys (i.e., the
evidence vectors).

The MHA function contains a number of parallel
heads (i.e., attention layers). We expect each head
to capture different aspects of the input. We achieve
this by linearly projecting Q, K, and V to new
representations and feeding them to the scaled dot-
product attention. Specifically, the MHA function
is given by:

MHA(Q,K,V) = [head1, . . . ,headn]W
O, (7)

headi = attn(QWQ
i ,KWK

i ,VWV
i ), (8)
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where n is the number of parallel heads, and

WQ
i , WK

i , WV
i ∈Rdh×

dh
n ; WO ∈Rdh×dh are the

weight matrices of the linear projections.

Inter-sentence attentions

Although Eq. (5) helps aggregate the evidence from
multiple selected sentences, our model still has no
mechanism to learn interactions among these sen-
tences. Unlike previous work that uses graph-based
attention (Zhou et al., 2019; Liu et al., 2020; Zhong
et al., 2020), our main tool is just the described
MHA function.

Let Hj = [hj,1, ...,hj,L] be a sequence of the
hidden state vectors of ej generated by BERT,
where L is the maximum sequence length. Let H
be the concatenation of all the sequences {Hj}Mj=1.
We obtain a new representation G of the concate-
nated sequence by applying a residual connection
between H and token-level self-attention:

G = H+MHA(H), (9)

where MHA(·) is a simplified MHA function with
one argument because Q, K, and V all come from
the same H.

In practice, we also add the static (sinusoid)
positional encodings (PE) to the input of MHA.3

We adopt this procedure from the original Trans-
former’s sub-layer (Vaswani et al., 2017). The com-
putation cost of Eq. (9) is not high. Concretely, let
L = 128 andM = 5. The length of the concatenated
sequence is thus 640 (L×M ), which is slightly
longer than the maximum length of BERT’s input
sequence (i.e., 512 tokens).

Next, we perform sentence-level self-attention
using a similar procedure. First, we split G back
into individual sequences {Gj}Mj=1. Then, we pick
the first hidden state vector from each Gj , which
corresponds to that of the CLS token. Let F be the
concatenation of all the first hidden state vectors
{gj,1}Mj=1. We obtain the final representation E of
the evidence sentences:

E = F+MHA(F). (10)

We can use E as the keys and values in Eq. (5).
Note that we do not share the parameters among
the different MHA layers.

3During development, we tried the other basic compo-
nents, i.e., layer normalization and position-wise feed-forward,
but found it yielded no improvements in our task.
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Input
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Figure 3: Architecture of our multi-level attention
(MLA) model. The model takes as input a claim to-
gether with five evidence sentences. These sentences
can be derived from any sentence selector. BERT en-
codes each sentence into a sequence of hidden state
vectors, each of which is denoted by a squared box.
The first hidden state vector (corresponding to the CLS
token) is used for classification. MLA applies token-
and sentence-level self-attentions and combines all the
hidden state vectors as well as the sentence-selection
scores at the final attention layer.

Joint training
Since the sentence-selection label assigned to each
evidence sentence is available at training time,
we can use it to guide our veracity prediction
model. We apply the idea of multi-task learning
(MTL) (Caruana, 1993; Ruder, 2017), in which we
consider veracity relation prediction to be our main
task and evidence sentence selection to be our aux-
iliary task. Our goal is to leverage training signals
from our auxiliary task to improve the performance
of our main task. Note that the sentence-selection
component here is independent of the stand-alone
model (i.e., our model in Section 3.1 or an alterna-
tive model in Section 4.3).

Let s = [s1, . . . , sM ] be the vector of sentence-
selection scores, where sm denotes the probability
distribution of the positive class returned by our
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sentence-selection component. We propose using s
as a gate vector to determine how much of the val-
ues should be maintained before applying a residual
connection followed by a linear projection. Thus,
we modify Eq. (8) with:

headi = attn(QWQ
i ,KWK

i , ṼWV
i ), (11)

Ṽ = V + s�V, (12)

where � means the element-wise multiplication.
Our modification is close to Shaw et al. (2018)’s

method in which extra vectors are added to the keys
and the values after applying the linear projections.
During development, we found that their method
does not work well in our task. We compare dif-
ferent strategies in Section 4.4, including applying
the gate vector to the keys or both the keys and the
values.

Finally, we combine Eqs. (1) and (3) to get our
composite loss function:

minθ,φ L = Lp + λ
M∑

j=1

Lej , (13)

where λ is the weighting factor of the sentence-
selection component.

To summarize, our model, shown in Fig-
ure 3, contains token-level attention over a claim-
evidence pair through BERT, token- and sentence-
level self-attentions across an evidence set, and
claim-evidence cross-attention incorporating the
sentence-selection scores through joint training.
Hence, we call it the multi-level attention (MLA)
model.

4 Experiments

4.1 Dataset and evaluation metrics
Table 1 shows the statistics of the FEVER dataset.
We used the corpus of the June 2017 Wikipedia
dump, which contains 5,416,537 articles prepro-
cessed by Thorne et al. (2018). We used the docu-
ment retrieval results given by Hanselowski et al.
(2018), containing the predicted Wikipedia article
titles (i.e., document IDs) for all the claims in the
training/dev/test sets. Following (Stammbach and
Neumann, 2019; Soleimani et al., 2019; Liu et al.,
2020), we prefixed the Wikipedia article titles to the
candidate sentences to alleviate the co-reference
resolution problem.

We evaluated performance by using the label
accuracy (LA) and FEVER score. LA measures

Split SUPPORTED REFUTED NOTENOUGHINFO

Training 80,035 29,775 35,659
Dev 6,666 6,666 6,666
Test 6,666 6,666 6,666

Table 1: Statistics of the FEVER dataset. Veracity re-
lation labels and evidence sentences of the test set are
not publicly available.

the 3-way classification accuracy of veracity re-
lation prediction. The FEVER score reflects the
performance of both evidence sentence selection
and veracity relation prediction, where a complete
set of true evidence sentences is present in the se-
lected sentences, and the claim is correctly labeled.
We used the official FEVER scorer during devel-
opment.4 We limited the number of the selected
sentences to five (M = 5) according to the FEVER
scorer. The performance on the blind test set was
evaluated through the FEVER Challenge site.

4.2 Training details
We implemented our model on top of Hugging-
Face’s Transformer (Wolf et al., 2020). The dimen-
sion of hidden state vectors dh and the number of
heads n varied according to those of the pre-trained
models. We used BERT-base (dh = 786; n = 12)
for our stand-alone sentence-selection model and
tried various BERT-style models for MLA.

We trained all models using Adafactor (Shazeer
and Stern, 2018) with a batch size of 256, a lin-
ear learning rate decay, a warmup ratio of 0.06,
and a gradient clipping of 1.0. Following the de-
fault configuration of HuggingFace’s Transformer,
we initialized all parameters by sampling from
N (0, 0.02) and setting the biases to 0, except for
the pre-trained models. We set λ in Eq. (13) to 1.
We trained each model for 2 epochs with a learning
rate of 5e-5, unless otherwise specified.

For regularization, we applied dropout (Hinton
et al., 2012) with a probability of 0.1 to the MHA
layers, MLP layers, and gated values in Eq. (12).
We computed the class weight βy in Eq. (3) by:

βy =
β̂y∑
y∈Y β̂y

, β̂y =
N

|Y| ×Ny
,

where β̂y is the balanced heuristic used in scikit-
learn (Pedregosa et al., 2011) and βy is normalized
to sum to 1. In our case, N = 145,469 is the total

4https://github.com/sheffieldnlp/
fever-scorer

2452



number of training examples, |Y| = 3 is the num-
ber of classes, and Ny is the number of training
examples in y (i.e., the first row in Table 1). We
interpreted β̂y as the ratio of the balanced class dis-
tribution (N/|Y|) to the observed one (Ny). Here,
we wanted to penalize the less-observed classes,
like REFUTED and NOTENOUGHINFO, more.

4.3 Results

Baselines

The use of different pre-trained and pipeline models
in the previous work makes a fair comparison diffi-
cult. For this reason, we chose baseline models that
use BERT-base for pre-training and Hanselowski
et al. (2018)’s document retrieval results. We de-
signed two sets of experiments.

First, we required that all the models
use the same sentence-selection model, which
is Hanselowski et al. (2018)’s ESIM.5 For the ve-
racity relation prediction, Hanselowski et al. (2018)
incorporate ESIM with attention and pooling op-
erations to get a representation of a claim and top
five selected sentences. Soleimani et al. (2019)
make five independent predictions for each claim-
evidence pair and use a heuristic (Malon, 2018) to
get a final prediction. GEAR (Zhou et al., 2019)
is a graph-based model for evidence aggregating
and reasoning. KGAT (Liu et al., 2020) is a ker-
nel graph attention model. Second, we allowed
different sentence-selection models. Soleimani
et al. (2019) use HNM to select negative exam-
ples with the highest loss values, while our neg-
ative examples are sampled once from both the
ground-truth and retrieved documents, as described
in Section 3.1.

Table 2 shows the results of the two settings
on the dev set. MLA outperforms the other
baselines in both settings. Table 3 shows the
sentence-selection results returned by the FEVER
scorer. The precision, recall@5, and F1 are con-
sistent across the three models. Hanselowski
et al. (2018) use ESIM with a pairwise hinge loss,
while Soleimani et al. (2019) use a pointwise loss
with HNM. Our model is also a pointwise ap-
proach but simpler to train. Without sampling non-
evidence sentences from the retrieved documents,
all the scores drop by around 2%, indicating that
our technique is useful. In the following sections,

5We used the sentence-selection results reproduced
by Zhou et al. (2019).

Model LA FEVER

Sentence selection with ESIM
Hanselowski et al. (2018) 68.49 64.74
Soleimani et al. (2019) 71.70 69.79
GEAR† (Zhou et al., 2019) 74.84 70.69
KGAT† (Liu et al., 2020) 75.51 71.61
MLA (Ours) 76.30 72.83

Sentence selection with BERT-base
Soleimani et al. (2019)‡ 73.54 71.33
MLA (Ours) 76.92 73.78

Table 2: LA and FEVER score results on the dev set.
All the models use the document retrieval results from
Hanselowski et al. (2018). Results marked with † indi-
cate using ESIM with a threshold filter, and ‡ indicates
using BERT-base with HNM.

Model Prec Rec@5 F1

ESIM (Hanselowski et al., 2018) 24.08 86.72 37.69
BERT-base‡ (Soleimani et al., 2019) 25.13 88.29 39.13
BERT-base (Ours) 25.63 88.64 39.76

w/o sampling from retrieved docs. 23.59 87.18 37.13

Table 3: Sentence selection results on the dev set. Re-
sult marked with ‡ indicates using HNM.

we will refer to our BERT-base sentence-selection
results with MLA.

Effect of pre-trained models

The next set of experiments examined the ben-
efits of using different pre-trained models. AL-
BERT (Lan et al., 2020) is a lite BERT training ap-
proach that uses cross-layer parameter sharing and
replaces next sentence prediction with sentence or-
dering. RoBERTa (Liu et al., 2019) is a robustly op-
timized BERT approach that introduces better train-
ing schemes, including dynamic masking, larger
batch size, and other techniques. We chose these
two BERT-style models because they can be eas-
ily plugged into our implementation without much
modification.

Table 4 shows the results of the different pre-
trained models on the dev set. For all the large
pre-trained models, we decreased the learning rate
to 2e-5 and trained them for 3 epochs. Additional
results including training times can be found in
Appendix A. As shown in the table, BERT and AL-
BERT perform similarly, while ALBERT has fewer
parameters. RoBERTa offers consistent improve-
ments over the other two models and achieves the
best performance with its large model. Therefore,
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Pre-trained model # Params LA FEVER

BERT-base 117M 76.92 73.78
BERT-large 349M 77.27 74.10
ALBERT-base 20M 76.58 73.83
ALBERT-large 33M 76.94 74.24
RoBERTa-base 132M 77.54 74.41
RoBERTa-large 370M 79.31 75.96

Table 4: LA and FEVER score results of MLA on the
dev set using different pre-trained models. The sec-
ond column shows the number of parameters, including
those from the pre-trained model and our task-specific
layers (i.e., MHA and MLP layers).

Model LA FEVER

Hanselowski et al. (2018) 65.46 61.58
Yoneda et al. (2018) 67.62 62.52
Nie et al. (2019a) 68.21 64.21

GEAR† (Zhou et al., 2019) 71.60 67.10
SR-MRS† (Nie et al., 2019b) 72.56 67.26
BERT‡ (Soleimani et al., 2019) 71.86 69.66
KGAT♦ (Liu et al., 2020) 74.07 70.38
DREAM♣ (Zhong et al., 2020) 76.85 70.60
HESM♠ (Subramanian and Lee, 2020) 74.64 71.48
CorefRoBERTa♦ (Ye et al., 2020) 75.96 72.30
MLA♦(Ours) 77.05 73.72

Table 5: LA and FEVER score results on the blind
test set. Results marked with † indicate using BERT-
base, ‡ BERT-large, ♦ RoBERTa-large, ♣ XLNet, and
♠ ALBERT-large.

we applied MLA with RoBERTa-large to the blind
test set.

Comparison with state-of-the-art methods
Table 5 shows the results on the blind test set.6 The
results are divided into two groups. The first group
represents the top scores of the FEVER shared
task, including those of Hanselowski et al. (2018);
Yoneda et al. (2018); Nie et al. (2019a). The second
group contains recently published results after the
shared task. GEAR (Zhou et al., 2019), KGAT (Liu
et al., 2020), and DREAM (Zhong et al., 2020)
are graph-based models. SR-MRS (Nie et al.,
2019b) uses a semantic retrieval module for se-
lecting evidence sentences. HESM (Subramanian
and Lee, 2020) uses a multi-hop evidence retriever
and a hierarchical evidence aggregation model.
CorefRoBERTa (Ye et al., 2020) trains KGAT by
using a pre-trained model that combines a co-

6The results can also be found on the FEVER leader-
board: https://competitions.codalab.org/
competitions/18814#results

Model LA FEVER

MLA (full) 76.92 73.78
w/o token-level self-attention 76.30 73.20
w/o sentence-level self-attention 76.50 73.41
w/o class weighting 76.44 73.14
w/o joint training 76.65 73.22

Table 6: Ablation studies of the proposed components
on the dev set with BERT-base.

Model LA FEVER

MLA (w/ value) 76.92 73.78
w/ key 76.74 73.65
w/ key & value 76.82 73.60
w/ dot-product 76.70 73.51
w/o using s 76.64 73.47

Table 7: Ablation studies of different strategies for us-
ing the sentence-selection scores s on the dev set with
BERT-base.

reference prediction loss. Their pre-trained model
is initialized with RoBERTa-large’s parameters and
further trained on Wikipedia. MLA outperforms all
the published models and yields 1.09% and 1.42%
improvements in LA and FEVER score, respec-
tively, over CorefRoBERTa. Additional sentence-
selection results can be found in Appendix B.

4.4 Ablation study

We conducted two sets of ablation studies on the
dev set using MLA with BERT-base. First, we
examined the effect of our proposed components.
Table 6 shows that all the components contribute to
the final results. Without class weighting, Eq. (3)
falls back to the standard cross-entropy loss. With-
out joint training, MLA is a stand-alone veracity
prediction model. These results suggest that token-
level self-attention and class weighting are the two
most important components of our model.

Second, we explored a number of strategies for
exploiting the sentence-selection scores s. MLA
basically uses s as a gate vector and only applies
it to the values, as described in Eq. (12). We can
apply the same calculation to the keys or both the
keys and the values. In addition, we can use s as
a bias vector and add it to the scaled dot-product
term, as done by Yang et al. (2018). Table 7 shows
the results of the aforementioned strategies. These
results indicate that applying s to the values pro-
duces the best results.
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ID: 35237
Claim: Philomena is a film nominated for seven

awards.
Evidence: [Philomena (film)] It was also nominated for

four BAFTA Awards and three Golden Globe
Awards.9

Annotated label: SUPPORTED
Predicted label: REFUTED

(a)

ID: 33547
Claim: Mick Thomson was born in Ohio.
Evidence: [Mick Thomson] Born in Des Moines, Iowa,

he is best known as one of two guitarists in
Slipknot, in which he is designated #7.1

Annotated label: SUPPORTED
Predicted label: REFUTED

(b)

ID: 73443
Claim: Heavy Metal music was developed in the

United Kingdom.
Evidence: [Heavy metal music] Heavy metal (or simply

metal) is a genre of rock music that developed
in the late 1960s and early 1970s, largely in the
United Kingdom and the United States.0

Annotated label: REFUTED
Predicted label: SUPPORTED

(c)

ID: 212780
Claim: Harvard University is the first University in the

U.S.
Evidence: [Harvard University] Established originally by

the Massachusetts legislature and soon there-
after named for John Harvard (its first bene-
factor), Harvard is the United States’ oldest
institution of higher learning ...3

Annotated label: SUPPORTED
Predicted label: NOTENOUGHINFO

(d)

Table 8: Examples where the models disagree with the
annotated labels.

4.5 Error analysis

To better understand the limitations of our method,
we manually inspected 100 prediction errors on
the dev set, where the true evidence sentences are
present in the predicted sentences but MLA failed
to predict the veracity relation labels. Here, we
required that both BERT-base and RoBERTa-large
MLA models produce the same errors.

Table 8(a) shows a prediction error requiring
complex reasoning that our models are unable to
deal with. The claim “Philomena is a film nomi-
nated for seven awards.” is supported by the ev-
idence “It was also nominated for four BAFTA
Awards and three Golden Globe Awards.”. In this
case, the models must understand that four plus
three equals seven.

Table 8(b) shows a possible annotation error.
The claim “Mick Thomson was born in Ohio.”
is annotated as SUPPORTED, while the evidence
“Born in Des Moines, Iowa, he is best known as
...” refutes the claim. Our models also predict
REFUTED.

Table 8(c) shows the half-true claim “Heavy
Metal music was developed in the United King-
dom.”, which is annotated as REFUTED. However,
the evidence “Heavy metal (or simply metal) is
... developed ... in the United Kingdom and the
United States.” would indicate that the claim is
partly true. The half-true label is defined in some
previous smaller datasets (Vlachos and Riedel,
2014; Wang, 2017), but not in the FEVER dataset.

Table 8(d) shows the questionable claim “Har-
vard University is the first University in the U.S.”,
which is annotated as SUPPORTED by the evidence
“... Harvard is the United States’ oldest institution
of higher learning ...”. However, this evidence does
not directly support the claim.7 Our models predict
NOTENOUGHINFO. Our analysis results suggest
that probing disagreements between an ensemble
of models and annotators may help improve an-
notation consistency. Additional results on error
analysis are given in Appendix C.

5 Conclusion

We have presented a multi-level attention model
that operates on linear sequences. We find that,
when trained properly, the model outperforms its
graph-based counterparts. Our results suggest that
a sequence model is sufficient and can serve as
a strong baseline. Using better upstream compo-
nents (i.e., a better document retriever or sentence
selector) or larger pre-trained models would fur-
ther improve the performance of our model. Train-
ing models that are robust to adversarial examples
while maintaining high performance for normal
ones is an important direction for our future work.
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A Additional results on different
pre-trained models

Table 9 shows the results of different pre-trained
models in detail. All the pre-trained models used
in our experiments also come from HuggingFace.8

We conducted each experiment on a single NVIDIA
Tesla A100 GPU with 40 GB RAM. We used a
batch size of 256 with gradient accumulation to
control memory.

B Additional sentence-selection results

Table 10 shows the results of various sentence-
selection models on the test set. Not all published
models report precision and recall. Our precision,
recall@5, and F1 scores are slightly better than
those of Liu et al. (2020). Our sentence-selection
model took 1 hour and 10 minutes to train. We
find that getting high recall in evidence sentence
selection is necessary to achieve good results in
veracity relation prediction.

C Additional error analysis

Here, we provide additional examples of errors, in-
cluding complex reasoning errors (Table 11), pos-
sible annotation errors (Table 12), half-true claims
(Table 13), and questionable claims (Table 14).

8https://huggingface.co/transformers/
pretrained_models.html.
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Pre-trained model # Params Learning rate Epochs Time LA FEVER

BERT-base 117M 5e-5 2 46m 76.92 73.78
BERT-large 349M 2e-5 3 2h 50m 77.27 74.10
ALBERT-base 20M 5e-5 2 57m 76.58 73.83
ALBERT-large 33M 2e-5 3 3h 35m 76.94 74.24
RoBERTa-base 132M 5e-5 2 45m 77.54 74.41
RoBERTa-large 370M 2e-5 3 2h 49m 79.31 75.96

Table 9: Additional results of MLA on the dev set using different pre-trained models.

Model Loss Pre-trained model Prec Rec@5 F1

Hanselowski et al. (2018) Pairwise – – – 36.97
Yoneda et al. (2018) Pointwise – – – 34.97
Nie et al. (2019a) Pointwise – – – 52.96

Zhou et al. (2019) Pairwise & filtering – – – 36.87
Nie et al. (2019b) Pointwise BERT-base – – 74.62
Soleimani et al. (2019) Pointwise & HNM BERT-base – – 38.61
Liu et al. (2020) Pairwise BERT-base 25.21 87.47 39.14
Zhong et al. (2020) Pointwise RoBERTa 25.63 85.57 39.45
Subramanian and Lee (2020) Pointwise & multi-hop ALBERT-base – – 52.78
Ye et al. (2020) (adopting Liu et al. (2020)’s results) – – – 39.14
This work Pointwise BERT-base 25.33 87.58 39.29

Table 10: Sentence-selection results on the blind test set. The F1 results can be found on the FEVER leaderboard:
https://competitions.codalab.org/competitions/18814#results.
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ID: 112396
Claim: Aristotle spent the majority of his life in

Athens.
Evidence: [Aristotle] At seventeen or eighteen years of

age, he joined Plato’s Academy in Athens and
remained there until the age of thirty-seven (c.
347 BC).2

Annotated label: SUPPORTED
Predicted label: REFUTED

ID: 3111
Claim: Luis Fonsi was born in the eighties.
Evidence: [Luis Fonsi] Luis Alfonso Rodrı́guez López-

Cepero, more commonly known by his stage
name Luis Fonsi, (born April 15, 1978) is a
Puerto Rican singer, songwriter and actor.0

Annotated label: REFUTED
Predicted label: SUPPORTED

ID: 64685
Claim: The Bassoon King is the full title a book.
Evidence: [The Bassoon King] The Bassoon King: My

Life in Art, Faith, and Idiocy is a non-
fiction book authored by American actor Rainn
Wilson.0

Annotated label: REFUTED
Predicted label: SUPPORTED

ID: 102001
Claim: Jens Stoltenberg was Prime Minister of Norway

once.
Evidence: [Jens Stoltenberg] Stoltenberg served as Prime

Minister of Norway from 2000 to 2001 and
from 2005 to 2013.4

Annotated label: REFUTED
Predicted label: SUPPORTED

Table 11: Examples of prediction errors requiring com-
plex reasoning.

ID: 117520
Claim: The host of The Joy of Painting was Bob Ross.
Evidence: [Bob Ross] He was the creator and host of The

Joy of Painting, an instructional television pro-
gram that aired from 1983 to 1994 ...1

Annotated label: REFUTED
Predicted label: SUPPORTED

ID: 114640
Claim: IMDb is not user-edited.
Evidence: [IMDb] The site enables registered users to sub-

mit new material and edits to existing entries.10

Annotated label: SUPPORTED
Predicted label: REFUTED

ID: 137678
Claim: Food Network is available to approximately

96,931,000 pay television citizens.
Evidence: [Food Network] As of February 2015, Food

Network is available to approximately
96,931,000 pay television households ...8

Annotated label: REFUTED
Predicted label: SUPPORTED

ID: 34195
Claim: Annie Lennox was named “The Greatest White

Soul Singer Alive” by VH1.
Evidence: [Annie Lennox] Lennox has been named “The

Greatest White Soul Singer Alive” by VH1 ...19

Annotated label: REFUTED
Predicted label: SUPPORTED

Table 12: Example of possible annotation errors.
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ID: 174029
Claim: The Endless River came out in 1995 and is Pink

Floyd’s fifteenth studio album.
Evidence: [The Endless River] The Endless River is the

fifteenth and final studio album by the English
rock band Pink Floyd.0

Annotated label: REFUTED
Predicted label: SUPPORTED

ID: 161094
Claim: French Indochina was a grouping of territories.
Evidence: [French Indochina] French Indochina (previ-

ously spelled as French Indo-China) ... was a
grouping of French colonial territories in South-
east Asia.0

Annotated label: REFUTED
Predicted label: SUPPORTED

ID: 48148
Claim: On Monday August 19, 1945, Ian Gillan was

born.
Evidence: [Ian Gillan] Ian Gillan (born 19 August 1945)

is an English singer and songwriter.0

Annotated label: SUPPORTED
Predicted label: NOTENOUGHINFO
Note: August 19, 1945 is Sunday, not Monday.

ID: 85350
Claim: Andrew Kevin Walker was born on Monday

August 14, 1964.
Evidence: [Andrew Kevin Walker] Andrew Kevin Walker

(born August 14, 1964) is an American BAFTA-
nominated screenwriter .0

Annotated label: SUPPORTED
Predicted label: NOTENOUGHINFO
Note: August 19, 1945 is Friday, not Monday.

Table 13: Examples of half-true claims.

ID: 92900
Claim: The Indian Institute of Management Bangalore

offers a business executive training program.
Evidence: [Indian Institute of Management Bangalore]

It offers Post Graduate, Doctoral and executive
training programmes.5

Annotated label: SUPPORTED
Predicted label: NOTENOUGHINFO
Note: The evidence does not specify that the institute

offers a business executive training program.

ID: 46271
Claim: Prescott, Arizona is in northern Yavapai

County.
Evidence: [Prescott, Arizona] Prescott ... is a city in Yava-

pai County, Arizona, United States.0

Annotated label: SUPPORTED
Predicted label: NOTENOUGHINFO
Note: The evidence does not specify that Prescott is

in the northern part of Yavapai County.

ID: 227779
Claim: Lyon is a city in Southwest France.
Evidence: [Lyon] Lyon had a population of 506,615 in

2014 and is France’s third-largest city after
Paris and Marseille.4

Annotated label: SUPPORTED
Predicted label: REFUTED
Note: The evidence does not directly support the

claim.

Table 14: Examples of questionable claims.
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Abstract

End-to-end simultaneous speech translation
(SST), which directly translates speech in one
language into text in another language in real-
time, is useful in many scenarios but has not
been fully investigated. In this work, we pro-
pose RealTranS, an end-to-end model for SST.
To bridge the modality gap between speech and
text, RealTranS gradually downsamples the in-
put speech with interleaved convolution and
unidirectional Transformer layers for acoustic
modeling, and then maps speech features into
text space with a weighted-shrinking operation
and a semantic encoder. Besides, to improve
the model performance in simultaneous sce-
narios, we propose a blank penalty to enhance
the shrinking quality and a Wait-K-Stride-N
strategy to allow local reranking during decod-
ing. Experiments on public and widely-used
datasets show that RealTranS with the Wait-K-
Stride-N strategy outperforms prior end-to-end
models as well as cascaded models in diverse
latency settings.

1 Introduction

Simultaneous speech translation (SST) (Fügen
et al., 2007; Oda et al., 2014; Ren et al., 2020)
aims to translate speech in one language into text
in another language concurrently. It is useful in
many scenarios, like synchronous interpretation in
international conferences, automatic caption for
live videos, etc. However, prior studies either focus
on full sentence speech translation (ST) (Berard
et al., 2016; Weiss et al., 2017; Liu et al., 2019)
or simultaneous text-to-text machine translation
(STT) (Cho and Esipova, 2016; Gu et al., 2017;
Dalvi et al., 2018) which takes a segmented output
from an automatic speech recognition (ASR) sys-
tem as input. Such two-stage models (i.e., cascaded
models) inevitably introduce error propagation and
also increase translation latency (see Figure 1). Ren
et al. (2020) propose an end-to-end SST system

ASR   

NMT

My mom was the ….

I’m almost the ….

Soy casi el ….

(a) Cascaded Model

…

ST Decoder

ST Encoder

Mi madre era la ….

My mom was the ….

(b) RealTranS

Figure 1: An example for a cascaded model and our Re-
alTranS. The ASR part in the cascaded model wrongly
recognizes “My mom was” as “I’m almost”. The error
is propagated to NMT and leads to a wrong translation.
RealTranS avoids such errors and translates accurately.

called SimulSpeech, but they ignore the modality
gap between speech and text, which is important
for improving translation quality (Liu et al., 2020).

In this paper, we propose RealTranS model for
SST. To relieve the burden of our encoder (Wang
et al., 2020c; Liu et al., 2020), we decouple it into
three parts: acoustic encoder, weighted-shrinking
operation, and semantic encoder. We apply Conv-
Transformer (Huang et al., 2020) as our acoustic
encoder, which gradually downsamples the input
speech and learns acoustic information with inter-
leaved convolution and Transformer layers. The
weighted-shrinking operation bridges the length
gap between speech and text, by weighted sum-
ming up the frames in one detected segment based
on the posterior probabilities generated by a CTC
module (Graves et al., 2006). Finally, we use a
semantic encoder to extract semantic features and
deliver them to the decoder for translation.
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To enable simultaneous decoding, unidirectional
Transformer is applied in our encoder. This in-
evitably affects the performance of the CTC mod-
ule and the following shrinking operation. To alle-
viate this, we introduce a blank-limited CTC loss,
which adds a blank penalty to the traditional CTC
loss to encourage the model to produce non-blank
labels, given the observation that CTC tends to pro-
duce peaky distribution as a kind of overfitting (Liu
et al., 2018) by over predicting blank labels. Ac-
cordingly, the shrinking quality can be improved.
Furthermore, we propose a new simultaneous strat-
egy Wait-K-Stride-N which allows local reranking
during decoding. This strategy can resolve the in-
herent drawback of the conventional Wait-K strat-
egy (Ma et al., 2019), which cannot apply vanilla
beam search efficiently (Zheng et al., 2019c).

Experiments on Augmented LibriSpeech En–Fr,
MUST-C En–Es and En–De datasets demonstrate
the effectiveness of the Wait-K-Stride-N strategy,
and show that RealTranS achieves better perfor-
mance than the prior end-to-end model Simul-
Speech (Ren et al., 2020) as well as the cascaded
models. Further analysis and ablation study reveal
the effects of our proposed modules in RealTranS.
We also compare RealTranS with other methods
on full sentence ST. Results show that RealTranS
achieves competitive or even better results, indicat-
ing its superiority.

In summary, the contributions of this work in-
clude the following aspects:

• We propose RealTranS for SST, which can
gradually bridge the modality gap between
speech and text with the help of gradual down-
sampling and weighted shrinking.

• We introduce a blank penalty and the Wait-K-
Stride-N strategy to improve the performance
in simultaneous translation scenarios.

• Extensive experiments on public and widely-
used datasets show the superiority of our Re-
alTranS model and our Wait-K-Stride-N strat-
egy in diverse latency settings.

2 Related Work

Speech Translation. Speech translation (ST) has
recently attracted intensive attention from the AI
community. Earlier works are mostly based on cas-
caded models, which perform NMT on the outputs
of ASR systems (Ney, 1999; Mathias and Byrne,

2006; Sperber et al., 2017; Bahar et al., 2021). Cas-
caded models inevitably introduce error propaga-
tion from ASR (Weiss et al., 2017). To avoid this
problem and for better efficiency, end-to-end ST
models are proposed and become popular in recent
years (Berard et al., 2016, 2018; Bansal et al., 2018;
Gangi et al., 2019). To alleviate the data scarcity
problem of end-to-end ST models, various tech-
niques are utilized, including pre-training (Bansal
et al., 2019), multi-task learning (Anastasopoulos
and Chiang, 2018), knowledge distillation (Liu
et al., 2019; Ren et al., 2020), data synthesis (Jia
et al., 2019), self-supervised learning (Chen et al.,
2020) and speech augmentation techniques like
SpecAugment (Bahar et al., 2019) or speed pertur-
bation (Stoian et al., 2020).

Some studies focus on how to bridge the gap be-
tween different modalities (speech and text) or dif-
ferent modules (acoustic and semantic modeling).
Wang et al. (2020b,c) propose a TCEN model and
a curriculum pre-training technique to make sure
the modules learn desired information, respectively.
Salesky and Black (2020) explore phone features
as intermediate representations to improve perfor-
mance, while Dong et al. (2020b) use pre-trained
BERT to guide the model to learn semantic knowl-
edge. Modality Agnostic Meta-Leaning is also
exploited for ST in Indurthi et al. (2019). To bridge
the length gap, Zhang et al. (2020) propose adaptive
feature selection, while Dong et al. (2020a) and Liu
et al. (2020) exploit the CTC-based (Graves et al.,
2006) shrinking mechanism. Nevertheless, they do
not explore in simultaneous scenarios, where en-
coding quality inevitably suffers because of lacking
future information in unidirectional encoders.

Simultaneous Translation. Previous studies on
simultaneous translation focus on text-to-text sce-
narios (STT) (Cho and Esipova, 2016; Gu et al.,
2017; Dalvi et al., 2018), where fixed policies (Ma
et al., 2019) and adaptive policies (Arivazhagan
et al., 2019; Zheng et al., 2019a,b) are proposed
to decide when to read and write tokens. (Ma
et al., 2019) proposed a simple yet effective strat-
egy, Wait-K, based on a prefix-to-prefix framework.
It first waits for the first k tokens, and then start to
generate target tokens concurrently with the source
stream. It achieves competitive performance in si-
multaneous translation (Zheng et al., 2019a, 2020).

Traditional simultaneous speech-to-text transla-
tion (SST) mainly depends on the ASR segmenta-
tion and then performs NMT based on the stream-
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Acoustic Encoder Semantic Encoder ST Decoder

Conv2d+LN+ReLU

Conv2d+LN+ReLU

Conv1d

Transformer Layers

MultiLayer

Perceptron

𝑝𝑏

Conv1d+LN+ReLU

Conv1d+LN+ReLU

Conv1d

Transformer Layers (weighted average)

blank non-blank

Block 1

ST Encoder

Conv-Transformer

Softmax

Block 2&3

Weighted-Shrinking 

Operation

Blank-limited 

CTC Module

× 2

Figure 2: Overall structure of the proposed RealTranS model.

ing segmented chunks (Oda et al., 2014; Iranzo-
Sánchez et al., 2020). There is little attention on
end-to-end SST. Ren et al. (2020), to our knowl-
edge, first propose an end-to-end model called
SimulSpeech with multi-task learning and knowl-
edge distillation, and apply the Wait-K strategy to
perform simultaneous translation. Ma et al. (2020a)
explore how to define a “token” in source speech,
and then adapt methods from STT to SST. And
Ma et al. (2020b) introduce a memory-augmented
Transformer to tackle the streaming speech input.
However, none of them investigate the modality
gap between speech and text.

3 The RealTranS Model

Our RealTranS follows the sequence-to-sequence
architecture, which consists of an ST encoder and
an ST decoder. The ST encoder is decoupled into
three parts, an acoustic encoder, a weighted shrink-
ing operation, and a semantic encoder, to gradually
map speech inputs into semantic representation
space of text. Figure 2 shows the architecture.

3.1 Problem Formulation

Speech translation corpora usually contain triples
of speech, transcription and translation, denoted
as DST = {(x, z,y)}. Specifically, x =
(x1, x2, ..., xTx) is a sequence of speech features
extracted from speech signals, e.g., filterbanks.
z = (z1, z2, ..., zTz) and y = (y1, y2, ..., yTy) are
the corresponding transcription in source language
and translation in target language. Tx, Tz , and Ty
are the lengths of speech, transcription and trans-
lation, respectively, where usually Tx � Tz and

Tx � Ty. A typical end-to-end model only makes
use of x and y, while z can be used as multi-task
training for other objectives, like CTC loss.

3.2 Acoustic Encoder

Acoustic encoder mainly encodes speech features
x into a hidden space to learn acoustic knowledge.
We apply Conv-Transformer (Huang et al., 2020) to
extract the desired features. It contains three blocks,
each of which is composed of three convolution lay-
ers followed by unidirectional Transformer layers
(see lower left in Figure 2) to prevent from leverag-
ing future context in SST. Similar to Huang et al.
(2020), we make the model aware of limited future
frames with a look-ahead window in the convolu-
tion layers, to help improve acoustic modeling. At
the same time, we gradually downsample the long
speech features by setting the stride size to 2 in
the second convolution layer in each block. In this
way, the speech features are gradually reduced and
approach the length of the corresponding text.

To predict the word boundaries1 in the speech
input and further improve the learned acoustic
features, we adopt the Connectionist Temporal
Classification (CTC) (Graves et al., 2006) mod-
ule on top of the acoustic encoder. This mod-
ule contains a Multilayer Perceptron (MLP) fol-
lowed by a Softmax operator. CTC predicts a path
π = (π1, π2, ..., πT ′x), where T ′x is the length of
hidden states after the Conv-Transformer. And
πt ∈ V ∪ {φ} can be either a token in the source

1For ease of understanding, we use word boundaries here.
Same methods can be applied to boundaries between phones,
chars, subwords, etc., depending on the the granularity of the
CTC loss units. We use subword units in our experiments.

2463



…∅ ∅ 𝐀 𝐀 𝐀 ∅ 𝐁 𝐁 ∅ ∅ 𝐂 𝐂 𝐃 𝐃 𝐃
Source 

frames

CTC path

Figure 3: An example of how to define the word bound-
aries. The dash lines are the boundaries.

vocabulary V or the blank symbol φ. CTC paths
have the many-to-one mapping to output sequences
by removing blank symbols and consecutively re-
peated labels, denoted as operation B. Therefore,
CTC loss is defined as follows:

LCTC = −
∑

(x,z)∈D

∑

π∈B−1(z)

p(π|x) (1)

where B−1(z) denotes all possible CTC paths that
can be mapped to the transcription z. With the CTC
module, we can define a word boundary between
two frames where the first frame has a non-blank
label while the second frame has a different label
from the first one. Figure 3 shows an example of
word boundaries.

Due to the data scarcity problem in ST and
CTC’s inherent characteristics (Liu et al., 2018),
the detected word boundaries are usually not accu-
rate enough. The module will overly predict the
occurrence of blank labels (as a kind of overfit-
ting), resulting in a large gap between the number
of detected boundaries and the number of tokens in
transcription, especially when unidirectional Trans-
former is applied (see Table 3). To alleviate the
problem, we add a blank penalty to encourage the
module to produce non-blank labels. It is called
blank-limited CTC loss and defined as follows:

L′CTC = LCTC + λ
∑

x∈D

∑

πt∈π(x)

p(πt = φ|x) (2)

where π(x) means the argmax results of CTC soft-
max outputs. λ controls the effect of blank penalty.

3.3 Weighted-Shrinking Operation
The length gap between acoustic features and the
corresponding transcription and translation is still
large after the gradual downsampling in Section 3.2.
Inspired by previous studies (Dong et al., 2020a;
Liu et al., 2020), we adopt a shrinking operation
to bridge the gap based on CTC predictions. Prior
works usually either remove blank frames and then
average repeated frames (Dong et al., 2020a) or se-
lect a single representative frame (Liu et al., 2020)
in a detected segment (i.e., frames between two
word boundaries). However, there might be use-
ful information in the detected blank or repeated

frames, especially when the boundary detection is
not accurate enough (see Section 3.2).

We propose a weighted-shrinking mechanism to
tackle the problem. We assume that the probabil-
ity of a frame to be labeled as “blank” represents
the confidence that the model “thinks” it is not im-
portant. Therefore, for the frames in one segment,
their weights are decided by the probabilities to be
blank labels. The representation of the segment
will be the weighted average of the corresponding
frames. The specific operation is shown as follows:

ht′ =
∑

t∈seg t′
ht

exp(µ(1− pbt))∑
s∈segt′

exp(µ(1− pbs))
(3)

where pbt denotes the probability of the frame t to
be blank, and ht represents the hidden state of the
frame t in our acoustic encoder. µ ≥ 0 controls
the temperature of the distribution (i.e., Softmax
function). When µ = 0, it means that we simply av-
erage the frames; and when µ→∞ it degenerates
to the general shrinking mechanism where only the
representative frames with the highest confidence
are selected.

3.4 Semantic Encoder
The shrinking operation only bridges the length gap
between speech and text, but the shrunk represen-
tations still lack semantic information. Therefore,
we apply a semantic encoder on top of the shrunk
representations (Liu et al., 2020). It first applies a
positional embedding layer, and then follows sev-
eral Transformer layers (also unidirectional to mask
future context), to extract semantic representations.

3.5 ST Decoder
A similar decoder as the basic Transformer architec-
ture in NMT is adopted, where several Transformer
decoder layers are stacked on top of target embed-
dings. To simulate simultaneous translation, we
follow the prefix-to-prefix framework (Ma et al.,
2019) and mask certain future context in cross at-
tention to ensure that the model predicts the current
token based on only part of the input from the ST
encoder. How much context the model can see de-
pends on the simultaneous strategy that is applied.
For example, a Wait-K (Ma et al., 2019) based
decoder predicts the t-th token based on the first
t+k−1 hidden states produced by the ST encoder.

Wait-K-Stride-N. There is one drawback in the
conventional Wait-K strategy – it cannot perform
vanilla beam search while decoding except for the
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Figure 4: Wait-K vs. Wait-K-Stride-N (in this example,
we set k = 3 and n = 2).

long-tail scenario (Ma et al., 2019; Zheng et al.,
2019c), though beam search has been proven very
effective in improving translation quality. Based
on the prefix-to-prefix framework and STATIC-RW
strategy proposed in Dalvi et al. (2018), we pro-
pose the Wait-K-Stride-N strategy to allow using
beam search for local reranking during simultane-
ous decoding. Similar to the Wait-K strategy, our
strategy first reads k input units (tokens in MT or
segments in ST). Then, the model repeatedly per-
forms n write and read operations until the end of
the sentence (see Figure 4). In this way, the transla-
tion latency is close to Wait-K, but we can perform
beam search during the n write operations. The
objective with such a strategy is hence defined as
follows:

LST = −
∑

(x,y)∈D

Ty∏

t=1

p(yt|y<t, x≤nb(t−1)/nc+k) (4)

where y<t represents the target tokens before yt,
Ty is the length of the target sentence, and x≤t
represents the first t detected source segments.

3.6 Training Procedure

The total objective of our model will be the sum of
the CTC part and the ST part:

L = LST + αL′CTC (5)

where α controls the influence of the CTC part.
To enhance the CTC quality, we also apply a pre-

training procedure (Stoian et al., 2020). We only
use CTC loss to pre-train the acoustic encoder2. In
this way, we can prevent the training waste (Wang
et al., 2020b), and focus on improving the align-
ment results, which are essential for shrinking op-
erations (see Table 3). The whole model is then
fine-tuned with the whole ST corpus.

2We do not pre-train the decoder for simplicity though it
might further improve our performance.

Corpus Train Dev Test

En–Fr 47,271×2 (100h) 1,071 (2.0h) 2,048 (4.0h)
En–Es 265,625 (496h) 1,316 (2.5h) 2,502 (4.0h)
En–De 229,703 (400h) 1,423 (2.5h) 2,641 (4.0h)

Table 1: The number of sentences and the duration of
audios for Augmented LibriSpeech En–Fr, MuST-C En–
Es and En–De datasets.

4 Experimental Setup

4.1 Datasets

We conduct experiments on three publicly available
datasets: Augmented LibriSpeech English-French
(En–Fr) corpus (Kocabiyikoglu et al., 2018), and
MUST-C English-Spanish (En–Es) and English-
German (En–De) corpus (Di Gangi et al., 2019).
All the datasets include source audios with the
corresponding transcriptions in source language
and translations in target language. For the Aug-
mented Librispeech En–Fr corpus, we follow previ-
ous work (Wang et al., 2020c) and use the 100-hour
clean training set with aligned references and pro-
vided Google translations, resulting in double size
of training pairs. For MUST-C datasets, We use the
official data splits for train and development and
tst-COMMON set for test. The statistics for these
three datasets are listed in Table 1.

4.2 Experimental Settings

We use 80-dimensional log-mel filterbanks as
acoustic features, which are calculated with 25ms
window size and 10ms step size and normalized
by utterance-level Cepstral Mean and Variance
Normalization (CMVN). For transcriptions and
translations, SentencePiece3 (Kudo and Richard-
son, 2018) is used to generate subword vocabular-
ies with the sizes of 4k and 8k respectively. We
remove the punctuation in transcriptions.

Our acoustic encoder follows the settings of the
original Conv-Transformer (Huang et al., 2020), ex-
cept that the channel number in convolution layers
and hidden size and head number in Transformer
layers are half values of theirs. This means the out-
put dimension of the acoustic encoder is 256. We
use 6 Transformer layers in the semantic encoder
and 4 in the ST decoder. The hyper-parameters λ
(Eq. 2), µ (Eq. 3) and α (Eq. 5) in our model are
set to 0.5, 1.0 and 1.0, respectively.

3https://github.com/google/
sentencepiece
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Our model is trained with 8 NVIDIA Tesla V100
GPUs, batched with an approximate 40000-frame
features. We use Adam optimizer (Kingma and
Ba, 2015) with a 0.002 learning rate and 10000
warm-up steps followed by the inverse square root
scheduler. Dropout strategy is used with a rate of
0.1. We save checkpoints every epoch and average
the last 10 checkpoints for evaluation with a beam
size of 5. For simplicity, we use the same K and
N values as those of training for inference. We
implement our model based on Fairseq S2T4 (Wang
et al., 2020a).

4.3 Evaluation Metrics
We apply SacreBLEU5 for translation quality eval-
uation unless otherwise stated. For the metrics of
latency, we adapt Average Proportion (AP) (Cho
and Esipova, 2016) and Average Lagging (AL) (Ma
et al., 2019) to ST settings, following previous stud-
ies (Ren et al., 2020; Ma et al., 2020a).

Average Proportion. AP calculates the mean ab-
solute latency cost by each target token, where we
replace the steps of source tokens with the time
spent. It can be calculated as follows:

AP (x,y) =
1

|x||y|

|y|∑

i=1

d(yi) (6)

where d(yi) is the speech duration that has been
listened when producing the target token yi.

Average Lagging. AL evaluates the degree of
that the user is out of sync with the speaker, in
terms of the number of source tokens (Ma et al.,
2019). Following Ma et al. (2020a), we also extend
it to the basis of time duration rather than source
tokens, which is defined as follows:

AL(x,y) =
1

τ(|x|)

τ(|x|)∑

i=1

[d(yi)− |x||y∗|Ts(i− 1)] (7)

where |y∗| is the length of the reference transla-
tion, and τ(|x|) denotes the index of the corre-
sponding target token when our model has read
the entire source speech. Ts represents that the
speech features are extracted every Ts ms (de-
cided by the step size in the feature extraction
and downsampling rates in convolution layers),
which will be 80ms in our model. What’s more,
our Conv-Transformer module introduces a 140ms
look-ahead window (Huang et al., 2020), so we add
140 to the final AL scores to be fairly compared
with other models.

4https://github.com/pytorch/fairseq/
tree/master/examples/speech_to_text

5https://github.com/mjpost/sacreBLEU
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Figure 5: Translation quality (BLEU) vs. latency (AL)
of our RealTranS model with Wait-K-Stride-N simulta-
neous strategy. For each dataset, we display the results
of N=1, 2 and 3, with K=N, N+2, N+4, N+6, N+8.

5 Experimental Results

This section displays our experimental results. To
explicitly show the performance trend of models
in different scenarios, we use line charts to display
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Figure 6: Translation quality (BLEU) vs. latency (AP
and AL) comparison on MUST-C En-Es dataset.

most of the compared results. Their corresponding
numeric results can be found in Appendix A.

5.1 Translation Quality vs. Latency

We first evaluate our RealTranS model with our
Wait-K-Stride-N simultaneous strategy on the three
datasets. We select three values 1, 2 and 3 for N
to compare (it becomes conventional Wait-K when
N=1). The results are displayed in Figure 5.

Results show that RealTranS achieves higher
BLEU scores as the K value increases, with sacrfice
of translation delay, consistent with prior works
(Ren et al., 2020; Ma et al., 2020a).

Compared to the conventional Wait-K (N=1),
our model with N=2 can achieve better BLEU
scores under the same latency requirements, which
demonstrates the effectiveness of our proposed
Wait-K-Stride-N strategy. When N=3, the latency
becomes higher. And it only achieves similar gains
in BLEU scores compared to N=2 on MUST-C
En–Es and En–De datasets. Therefore, we will use
N=2 as our simultaneous strategy in later experi-
ments unless otherwise stated.

5.2 Comparison with SimulSpeech

We compare with SimulSpeech (Ren et al., 2020),
the state-of-the-art end-to-end model for SST. Fig-
ure 6 shows the performance comparison on the
MUST-C En-Es dataset (we report tokenized case-

Model K=2 K=4 K=6 K=8 K=10 K=inf

Cascaded 14.92 19.22 22.11 23.33 24.47 26.79
RealTranS 18.45 22.65 24.79 25.41 25.82 27.40

Table 2: Comparison with the cascaded model using
Wait-K-Stride-N strategy when N=2 in terms of BLEU
scores. The same K value means similar latency.

sensitive BLEU scores following their settings).
Since they only report segment-based AL, we trans-
fer it to our time-based AL proportionally based on
the latency when K=inf.

We find that our RealTranS model outperforms
SimulSpeech almost in all latency settings, with an
average of about 3 higher BLEU scores. Although
SimulSpeech achieves relatively lower latency (e.g.
less than 1000 ms AL when K=1), the performance
inevitably suffers. What’s more, SimulSpeech has
leveraged multi-task learning and knowledge distil-
lation to enhance their performance, which can be
also applied to further improve the performance of
our RealTranS model.

5.3 Comparison with Cascaded Model

We implement a cascaded model to compare with
RealTranS under the same latency. Specifically, we
combine our acoustic encoder (Section 3.2) and a
Transformer decoder as our ASR model and use
the conventional Transformer encoder-decoder ar-
chitecture as our NMT model. Their configura-
tion is similar to RealTranS (e.g. the same hidden
dimension and the same number of Transformer
layers). And we train the ASR and NMT model
with the same corpus. The conventional Wait-K
strategy is used in the ASR model since the align-
ment between speech and transcription is mono-
tonic, while Wait-K-Stride-N is applied in the NMT
model. Since several combinations of the ASR and
NMT models may be under the same latency, we
report the best BLEU score among them.

Table 2 shows the comparison results on MUST-
C En–Es dataset. We have the following observa-
tions: 1) our RealTranS model outperforms the cas-
caded model in all latency settings, which demon-
strates the superiority of RealTranS. 2) The im-
provement over the cascaded model becomes larger
when the value of K is smaller. This observation
is consistent with Ren et al. (2020). We attribute
this to the advantage of end-to-end models over
cascaded models, where the impact of error propa-
gation in cascaded models may be amplified when
the latency is low.
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Model Diff≤2 Diff≤4 Diff≤6 BLEU

Full Model 52% 74% 85% 27.40
- CTC PT 48% 70% 82% 26.63

- BP 35% 53% 67% 25.76
+ Bi-Enc 42% 59% 72% 26.58

Table 3: Shrinking quality of RealTranS. “CTC PT” in-
dicates that the acoustic encoder is pre-trained with CTC.
“BP” represents blank penalty, and “Bi-Enc” means that
using bidirectional Transformer encoders. “Diff ≤ n”
means the difference between the length of shrunk rep-
resentations and that of the ground-truth transcription is
less than or equal to n. We report the percentage of the
cases on the MUST-C En–Es test set. The BLEU scores
displayed are results when K=inf.

5.4 Effects of Blank Penalty and Weighted
Shrinking Operation

In this subsection, we examine the effects of our
proposed methods, including blank penalty (Eq. 2)
and weighted-shrinking operation (Eq. 3).

Blank Penalty. We propose a blank penalty to
alleviate the inaccuracy of alignments between
speech features and transcriptions when applying
unidirectional encoders for SST (Section 3.2). To
examine the effect, we evaluate the shrinking qual-
ity, i.e., the differences between the length of repre-
sentations after the shrinking operation and that of
the ground-truth transcription, on MUST-C En–Es
dataset, and display the statistics in Table 3. We can
see that the performance, as well as the shrinking
quality, drops when removing CTC pre-training. It
further decreases when removing the blank penalty,
which shows its effectiveness. Also, we can see
that the performance loss partly comes from using
unidirectional encoders rather than bidirectional
for simultaneous purposes (the 4th row), which can
be compensated by the blank penalty.

Weighted-Shrinking. To validate our weighted-
shrinking operation, we first investigate the effects
of various values for the shrinking temperature µ in
Eq. 3 and display the results in Figure 7(a). The re-
sults show that our weighted-shrinking mechanism
(µ = 1.0) performs better than both simply aver-
aging all the frames (µ = 0) and dropping blank
frames (“DB”).

We also try to replace our weighted-shrinking
module with another Conv-Transformer block (see
Section 3.2), resulting in a model with 240ms
downsample rate in total (denoted as “4 blocks
w/o shrink”). Figure 7(b) shows comparison re-
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EU Wait-6-Stride-2

Wait-Inf

(a) Different shrinking methods

AL

B
LE

U

RealTranS
4 blocks w/o shrink
2 blocks with shrink

(b) Different downsampling methods

Figure 7: Upper: the BLEU scores for different shrink-
ing methods, where “DB” means simply dropping blank
frames. Lower: BLEU-AL tendency for different down-
sampling methods, where “n blocks” represents using n
Conv-Transformer blocks in the acoustic encoder.

sults, together with a model with only 2 blocks
(40ms downsample rate, denoted as “2 blocks with
shrink”). We can find that downsampling only with
convolution layers performs worse than RealTranS,
while less downsample rate also affects the perfor-
mance. This implies that there is an upper-bound
for downsampling with only convolution layers
while maintaining performance, and our weighted-
shrinking operation can be used as an addition to
further improve the performance.

5.5 Ablation Study

We evaluate the contributions of different modules
in RealTranS. Each module is evaluated in four
kinds of latency settings: Wait-2-Stride-2, Wait-6-
Stride-2, Wait-10-Stride-2, and also Wait-Inf (full
sentence translation). The results are shown in Fig-
ure 8, where “-CTC PT” means we do not pre-train
the encoder with CTC loss and “-BP” indicates we
further remove the blank penalty. “-shrink” means
removing the weighted-shrinking operation and the
semantic encoder, while “-GD” denotes disabling
the gradual downsampling by moving the Trans-
former layers in block 1 & 2 to block 3 (see Fig-
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Figure 8: Ablation study for RealTranS. We choose the
results of 3 latency settings and full sentence translation
for each ablation. “GD” means gradual downsampling.

ure 2) to perform downsampling at the beginning
layers of the acoustic encoder. Finally, “-CTC” in-
dicates that CTC objective is removed.

Figure 8 shows that all modules play a role in
RealTranS. Specifically, we have the following ob-
servations: 1) The CTC module is important for
improving translation quality, and it can be further
improved by pre-training. 2) The blank penalty is
useful in reducing latency while maintaining trans-
lation quality. 3) The blank penalty is essential
for the shrinking operation since on full sentence
translation the shrinking operation degrades the
performance without the blank penalty (“-BP” vs
“-Shrink”). 4) Gradual downsampling also con-
tributes to the performance, because directly down-
sampling to a large rate may make it difficult to
learn acoustic features.

5.6 Comparison in Full Sentence Translation
Although focusing on SST, RealTranS can also be
applied in full sentence ST. For fair comparison,
we replace the unidirectional Transformer layers in
RealTranS with bidirectional ones and report both
case-insensitive and case-sensitive BLEU scores
following prior works. Table 4 displays the BLEU
scores compared with existing methods (we only
compare with end-to-end models trained with the
same data for fair comparison) on Augmented Lib-
riSpeech En–Fr and MUST-C En–De dataset. Re-
alTranS yields competitive (En–Fr) or even better
(En–De) results, even though most of these prior
methods depend on some extra techniques like
pre-training decoders or using SpecAugment (Park
et al., 2019). This validates the superiority of our
proposed architecture.

Dataset Method BLEU

En-Fr Transformer+KD (Liu et al., 2019) 17.02
TCEN-LSTM (Wang et al., 2020b) 17.05
Curriculum PT (Wang et al., 2020c) 17.66
LUT (Dong et al., 2020b) 17.75
STAST (Liu et al., 2020) 17.81
COSTT (Dong et al., 2020a) 17.83
Transformer+AFS (Zhang et al., 2020) 18.56?

RealTranS (ours) 18.97
18.30?

En-De Transformer+MAM (Chen et al., 2020) 21.87?

Transformer+ML (Indurthi et al., 2019) 22.11?

Transformer+AFS (Zhang et al., 2020) 22.38?

Fairseq S2T (Wang et al., 2020a) 22.70?

Espnet ST (Inaguma et al., 2020) 22.91?

STAST (Liu et al., 2020) 23.06
RealTranS (ours) 23.53

22.99?

Table 4: Full sentence translation results on Augmented
LibriSpeech En–Fr and MUST-C En–De datasets. Re-
sults marked with ? are case-sensitive BLEU scores,
while the others are case-insensitive.

6 Conclusion

This work proposes a new end-to-end model Re-
alTranS and a new strategy Wait-K-Stride-N for
SST. RealTranS gradually bridges the modality gap
between speech and text, and achieves new state-
of-the-art results for SST. Empirical studies have
shown the proposed blank penalty for CTC loss
helps on the alignment with transcription, which re-
duces latency while maintaining translation quality.
Our weighted-shrinking operation, as well as Wait-
K-Stride-N simultaneous strategy, further improves
the performance. We also compare RealTranS with
other methods for full sentence translation, where
RealTranS still exhibits competitive results, show-
ing its superiority.
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Appendix

A Numeric Results for the Figures

N Value
K=N K=N+2 K=N+4 K=N+6 K=N+8

BLEU AL BLEU AL BLEU AL BLEU AL BLEU AL

N=1 12.72 1710 15.04 2263 15.9 2748 16.6 3160 16.71 3572

N=2 13.51 1792 15.63 2378 16.37 2856 16.87 3291 17.18 3669

N=3 14.81 2004 16.13 2519 16.84 2962 17.04 3383 17.26 3746

Table 5: Numeric Results for Figure 5(a).

N Value
K=N K=N+2 K=N+4 K=N+6 K=N+8

BLEU AL BLEU AL BLEU AL BLEU AL BLEU AL

N=1 16.32 916 21.23 1426 23.53 1924 25.06 2399 25.45 2830

N=2 18.45 1047 22.65 1554 24.79 2043 25.41 2514 25.82 2920

N=3 21.74 1445 24.26 1968 25.11 2461 25.29 2944 25.78 3356

Table 6: Numeric Results for Figure 5(b).

N Value
K=N K=N+2 K=N+4 K=N+6 K=N+8

BLEU AL BLEU AL BLEU AL BLEU AL BLEU AL

N=1 13.22 1100 16.65 1582 18.67 2059 19.66 2508 19.78 2913

N=2 15.74 1233 18.12 1709 19.02 2169 20.06 2607 20.09 3005

N=3 16.54 1355 18.49 1838 19.84 2290 20.05 2720 20.41 3106

Table 7: Numeric Results for Figure 5(c).

Model
K=N K=N+2 K=N+4 K=N+6 K=N+8 K=inf

BLEU AP BLEU AP BLEU AP BLEU AP BLEU AP BLEU AP

SimulSpeech 15.02 0.550 19.92 0.700 21.58 0.785 22.42 0.840 22.49 0.885 22.72 1.0

RealTranS(N=2) 18.54 0.654 22.74 0.730 24.89 0.793 25.54 0.842 25.97 0.877 27.54 1.0

Table 8: Numeric Results for Figure 6(a).

Model
K=N K=N+2 K=N+4 K=N+6 K=N+8 K=inf

BLEU AL BLEU AL BLEU AL BLEU AL BLEU AL BLEU AL

SimulSpeech 15.02 694 19.92 1336 21.58 2169 22.42 2724 22.49 3331 22.72 6141

RealTranS(N=2) 18.54 1047 22.74 1554 24.89 2043 25.54 2514 25.97 2920 27.54 6141

Table 9: Numeric Results for Figure 6(b).
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Model µ=0 µ=0.5 µ=1.0 µ=2.0 µ=5.0 µ=10 DB

Wait-6-Stride-2 24.50 24.64 24.79 24.61 24.35 24.13 24.24

Wait-Inf 27.28 27.32 27.40 27.31 27.28 27.15 26.89

Table 10: Numeric Results for Figure 7(a).

Model
K=2 K=6 K=10 K=inf

BLEU AL BLEU AL BLEU AL BLEU AL

RealTranS 18.40 1064 24.35 2070 25.79 2963 26.93 6141

4 blocks w/o shrink 13.03 307 19.25 1207 21.55 2051 25.38 6141

2 blocks with shrink 12.53 1247 19.48 2286 21.97 3175 25.04 6141

Table 11: Numeric Results for Figure 7(b).

Model
K=2 K=6 K=10 K=inf

BLEU AL BLEU AL BLEU AL BLEU AL

Full Model 18.45 1023 24.79 2043 25.82 2920 27.40 6141

-CTC PT 18.40 1064 24.35 2070 25.79 2963 26.93 6141

-BP 20.20 1255 24.61 2393 25.53 3325 26.11 6141

-Shrink 20.10 1368 24.38 2426 25.22 3357 26.49 6141

-GD 19.66 1360 24.11 2390 25.01 3316 25.56 6141

-CTC 12.48 342 18.42 1230 21.09 2055 24.73 6141

Table 12: Numeric Results for Figure 8.
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Abstract

Pre-trained text encoders such as BERT and its
variants have recently achieved state-of-the-art
performances on many NLP tasks. While be-
ing effective, these pre-training methods typi-
cally demand massive computation resources.
To accelerate pre-training, ELECTRA trains
a discriminator that predicts whether each in-
put token is replaced by a generator. How-
ever, this new task, as a binary classification, is
less semantically informative. In this study, we
present a new text encoder pre-training method
that improves ELECTRA based on multi-task
learning. Specifically, we train the discrimi-
nator to simultaneously detect replaced tokens
and select original tokens from candidate sets.
We further develop two techniques to effec-
tively combine all pre-training tasks: (1) us-
ing attention-based networks for task-specific
heads, and (2) sharing bottom layers of the
generator and the discriminator. Extensive
experiments on GLUE and SQuAD datasets
demonstrate both the effectiveness and the ef-
ficiency of our proposed method.

1 Introduction

Contextualized representations from pre-trained
text encoders have shown great power for im-
proving many NLP tasks (Rajpurkar et al., 2016;
Wang et al., 2019b,a; Liu and Lapata, 2019). Most
pre-trained encoders, despite their variety, follow
BERT (Devlin et al., 2019) and adopt the masked
language modeling (MLM) pre-training task which
trains the model to recover the identities of a small
subset of masked tokens. Although being more
effective than conventional left-to-right language
model pre-training (Peters et al., 2018; Radford
et al., 2018) due to capturing bidirectional infor-
mation, MLM-based approaches (Liu et al., 2019b;
Joshi et al., 2019) can only learn from those masked

*This work is done while interning at Google Research.
Corresponding Author: Jialu Liu.

tokens which are typically just 15% of all tokens
in the input sentences.

To address the low sample efficiency issue,
ELECTRA (Clark et al., 2020a) proposes a new
pre-training task. Specifically, it corrupts a sen-
tence by replacing some tokens with plausible al-
ternatives sampled from a generator and trains a
discriminator to predict whether each token in the
corrupted sentence is replaced or not. After pre-
training ends, it throws away the generator and
exports the discriminator for down-stream applica-
tions. As the discriminator can learn from all input
tokens, ELECTRA is more sample efficient than
previous MLM-based methods. However, follow-
up studies (Xu et al., 2020; Aroca-Ouellette and
Rudzicz, 2020) find this new replaced token de-
tection task, as a binary classification, is often too
simple to learn. As a result, the discriminator out-
put representations are insufficiently trained and
encode inadequate semantic information.

In this work, we propose a novel text encoder pre-
training method TEAMS which stands for “Train-
ing ELECTRA Augmented with Multi-word Selec-
tion”. Compared with ELECTRA, our method also
consists of a generator and a discriminator but they
are equipped with different pre-training tasks. For
each masked position in the input sentence, the gen-
erator replaces the original token with an alternative
token and samples a candidate set that consists of
the original token and other K non-original ones.
Then, we train the discriminator to simultaneously
perform two tasks: (1) a multi-word selection task
in which the discriminator learns to select the orig-
inal token from the sampled candidate set, and (2)
a replaced token detection task similarly defined
in ELECTRA. The first task, as a (K + 1)−way
classification on the masked positions, pushes the
discriminator to differentiate ground truth tokens
from other negative non-original ones. At the same
time, the second task, with reduced task complex-
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ity, keeps the discriminator to achieve the same
sample efficiency as ELECTRA.

To further improve the performance and effi-
ciency of our method, we introduce two techniques.
The first one is using attention-based task-specific
heads for discriminator multi-task pre-training. Dif-
ferent from previous studies (Liu et al., 2019a; Sun
et al., 2020) that pass the last encoder layer out-
puts to different task heads, our method directly
incorporates task-specific attention layers into the
discriminator encoder. Such a design offers higher
flexibility in capturing task-specific token depen-
dencies in sequence and leads to significant per-
formance boost. The second technique is to share
the bottom layers of the generator and the discrim-
inator. This technique reduces the number of pa-
rameters, saves computes, and serves as a form of
regularization that stabilizes the training and helps
the generalization.

Combining above novelties all together, we train
our models of various sizes and test their perfor-
mance on the GLUE natural language understand-
ing benchmark (Wang et al., 2019b) and SQuAD
question answering benchmark (Rajpurkar et al.,
2016). We show that TEAMS substantially outper-
forms previous MLM-based methods and ELEC-
TRA, given the same model size and pre-training
data. For example, our base-sized model, achieving
84.51 SQuAD 2.0 F1 score, outperforms BERT and
ELECTRA by 8.34 and 2.99, respectively. More-
over, TEAMS-Base can outperform ELECTRA-
Base++ using a fraction of computes.

Contributions. The major contributions of this
paper are summarized as follows: (1) We propose
a new text encoder pre-training method TEAMS
that simultaneously learns a generator and a dis-
criminator using multi-task learning. (2) We de-
velop two techniques, attention-based task-specific
head and partial layer sharing, to further improve
TEAMS performance. (3) We conduct extensive
experiments to verify the effectiveness of TEAMS
on GLUE and SQuAD benchmarks1.

2 Background

In this section, we first discuss some related studies
on pre-training text encoders. Then, we introduce
our notations and describe ELECTRA in details.

1Code and pre-trained model weights are available
at https://github.com/tensorflow/models/
tree/master/official/nlp/projects/teams.

2.1 Text Encoder Pre-training

Current state-of-the-art natural language process-
ing systems often rely on a text encoder to generate
contextualized representations. This text encoder
is commonly pre-trained on massive unlabeled cor-
pora using different self-supervised tasks. Peters
et al. (2018) and Radford et al. (2018) pre-train
either a LSTM or a Transformer (Vaswani et al.,
2017) using the standard language modeling task.
To further improve pre-trained models, more effec-
tive pre-training objectives have been developed,
including masked language modeling and next sen-
tence prediction in BERT (Devlin et al., 2019), per-
mutation language modeling in XLNet (Yang et al.,
2019), masked span prediction in SpanBERT (Joshi
et al., 2019), sentence order prediction in Struct-
BERT (Wang et al., 2020), and more.

Most pre-training methods demand massive
amounts of computes, which limits their accessibil-
ities and raises concerns about their environmental
costs. To alleviate such issue, Gong et al. (2019)
and Yang et al. (2020) propose to accelerate BERT
training by progressively stacking a shallow model
to a deep model. Gu et al. (2020) extend this idea
by growing a low-cost model in different dimen-
sions. Along another line of work, Clark et al.
(2020a) propose a new pre-training task, named
replaced token detection, that learns a text encoder
to distinguish real input tokens from synthetically
generated replacements. Compared to BERT-style
MLM pre-training in which only 15% of tokens
are utilized, ELECTRA can leverage all tokens in
input sentences and thus achieves better sample
efficiency. Following this idea, Xu et al. (2020)
propose a new pre-training task based on the multi-
choice cloze test with a rejection option, and Clark
et al. (2020b) connect ELECTRA with cloze mod-
eling and pre-train the text encoder as an energy-
based cloze model. As our method is built upon
ELECTRA, we discuss it in more detail below.

2.2 ELECTRA

ELECTRA jointly trains two models, a generator
G and a discriminator D. Both models adopt the
Transformer architecture as their backbones and
map a sentence of n tokens x = [x1, . . . , xn] to
their corresponding contextualized representations
h(x) = [h(x)1, . . . , h(x)n].

The generator G is trained using the masked lan-
guage modeling (MLM) task. Specifically, given
an input sequence x, it first randomly selects a few
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masked positions and replaces tokens at these po-
sitions with a special mask symbol [MASK]. We
denote this masked sequence as xM . Then, the
generator learns to predict the original identities of
those masked-out tokens by minimizing the below
MLM loss:

LMLM(x;G) = E


 ∑

i:xMi =[MASK]

− logPG(xi|xM )


 ,

(1)

where PG(xi|xM ) is the probability that G pre-
dicts token xi appears in the masked position i in
xM , and the expectation is taken over the random
draw of masked positions. More specifically, the
generator calculates PG(xi|xM ) by passing con-
textualized representations hG(xM ) into a softmax
layer as follows:

PG(xi|xM ) =
exp(e(xi)

ThG(x
M )i)∑

x′i∈V
exp(e(x′i)

ThG(xM )i)
, (2)

where e(xi) is the embedding of token xi and V
denotes the vocabulary of all tokens. Finally, for
each masked position i, the generator samples one
token x̂i ∼ PG(·|xM ) and replaces the original to-
ken xi with x̂i. We use xR to denote this corrupted
sentence with replaced tokens.

The discriminator D learns to perform the re-
placed token detection (RTD) task that requires a
model to predict whether each token in xR is re-
placed or not. In particular, ELECTRA adopts a
sigmoid layer, on top of the discriminator output
contextualized representations hD(xR), to decide
the probability that token xRi matches the original
token xi as follows:

PD(x
R
i = xi) = sigmoid(wThD(xR)i), (3)

where w is a learnable parameter. The loss on D is
then defined as follows:

LRTD(x,x
R;D) = E

( ∑

i:xRi =xi

− logPD(x
R
i = xi)

+
∑

i:xRi 6=xi

− log(1− PD(xRi = xi))
)
. (4)

Finally, the generator and discriminator are jointly
learned based on losses in Eq. (1) and Eq. (4). After
pre-training, ELECTRA throws out the generator
and keeps only the discriminator for fine-tuning on
downstream tasks.

3 The TEAMS Method

In this section, we first introduce a new pre-training
task named “multi-word selection”. Then, we
present our TEAMS method with two techniques
for performance improvements.

3.1 Multi-word Selection Task
To train a model on an input sequence x =
[x1, . . . , xn] using the multi-world selection task,
we first choose a random set of positions in this
sequence, denoted as {i1, . . . , im} where m is an
integer between 1 and n. Then, for each chosen
position ij , j ∈ {1, . . . ,m}, we replace token xij
with another token x̂ij and create a candidate set
Sij that includes the original token xij and K non-
original ones. Following ELECTRA, we use xR

to denote the corrupted sentence with all tokens
in chosen positions replaced. Finally, the model
inputs the corrupted sentence and outputs a proba-
bility for selecting the original token xij from the
candidate set Sij as follows:

P (xij |xR, Sij ) =
exp(e(xij )

Th(xR)ij )∑
x
′
ij
∈Sij

exp(e(x
′
ij
)Th(xR)ij )

, (5)

where h(xR)ij is the contextualized representation
of token x̂ij from the model outputs.

Figure 1 shows a concrete example wherein a
sequence of 6 tokens is given and its 2nd, 4th,
and 6th positions are chosen to be masked. Take
the 2nd position as an example, the generator re-
places the original token xi1=“famous” with an-
other token x̂i1=“old” and generates the candi-
date set Si1={“top”, “young”, “french”, “famous”}
which includes the original token xi1 and K = 3
non-original alternatives.

We may view the multi-word selection task as a
simplification of masked language modeling and a
generalization of replaced token detection. Asking
the model to select the correct word from a candi-
date set rather than from the entire vocabulary, we
can save more computes. At the same time, being
essentially a (K + 1)−way classification problem,
the multi-word selection task is more challenging
than the replaced token detection task (which is
a binary classification problem) and thus pushes
the model to learn more semantic representations.
We describe how to generate the candidate set and
present our entire method below.

3.2 Multi-task Learning in TEAMS

In TEAMS, we jointly train two transformer en-
coders, one as the generator network G and the
other as the discriminator network D. Given a
masked sequence xM , we use the generator G to
perform two tasks for each masked position ij in
this sequence. First, similar to ELECTRA, we sam-
ple one token x̂ij ∼ PG(·|xM ) (c.f. Eq. (2)) and
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Figure 1: The overview framework of TEAMS. For each masked position, the generator replaces its original token
with a new one and outputs a candidate set consisting of the original token and another K possible alternatives.
The discriminator inputs the corrupted sentence and learns to (1) predict for every token whether it is replaced or
not and (2) select the original token from the candidate set for each masked position.

obtain the corrupted sequence xR. Second, we
draw K non-original tokens {x1ij , . . . , xKij } from
PG(·|xM ) without replacement2 and construct the
candidate set Sij = {xij , x1ij , . . . , xKij }. Finally,
we learn the generatorG using the standard masked
language modeling task (c.f. Eq. (1)).

On the discriminator side, we train the discrim-
inator network D using two tasks — replaced to-
ken detection (RTD) task and multi-word selection
(MWS) task. Given a corrupted sentence xR of
length n, the discriminator will generate two sets
of contextualized representations {hRTD

D (xR)i}|ni=1

and {hMWS
D (xR)i}|ni=1, one for each pre-training

task. For each position i ∈ {1, . . . , n}, we use
hRTD
D (xR)i to calculate the probability that the to-

ken xRi is replaced as follows:

PD(x
R
i = xi) = sigmoid(wThRTD

D (xR)i), (6)

and optimize the same RTD loss defined in Eq. (4).
For each masked position ij , j ∈ {1, . . . ,m}, we
obtain the candidate set Sij from generator outputs
and use hMWS

D (xR)ij to compute the probability of
selecting the correct original token xij from this
candidate set as follows:

PD(xij |xR, Sij ) =
exp(e(xij )

ThMWS
D (xR)ij )∑

x
′
ij
∈Sij

exp(e(x
′
ij
)ThMWS

D (xR)ij )
.

(7)

As the multi-word selection task is a multi-class
classification problem, we define its loss function

2More discussions on other possible negative sampling
strategies are presented in experiment section.

as follows:

LMWS(x,x
R;D, S) = E

(
m∑

j=1

− logPD(xij |xR, Sij )
)
,

(8)

where S = {Sij}|mj=1 is the collection of candi-
date sets at all masked positions. Finally, we learn
TEAMS by optimizing a combined loss as follows:

min
G,D

(
LMLM(x;G) + λ1LRTD(x,x

R;D)

+ λ2LMWS(x,x
R;D, S)

)
,

(9)

where λ1 and λ2 are two loss balancing hyper-
parameters. For the example sequence in Figure 1,
the discriminator needs to predict the tokens in 1st,
3rd, 5th positions are not replaced, the tokens in
2nd, 4th, 6th positions are replaced, and select to-
kens “famous”, “sold”, and “painting” in 2nd, 4th,
6th positions, respectively.

After pre-training, we keep the discriminator net-
work and fine-tune it for downstream applications3.
Attention-based Task-specific Heads. One re-
maining question is how to generate two sets of
task-specific representations on the discriminator
side. Previous studies (Liu et al., 2019a; Sun et al.,
2020; Aroca-Ouellette and Rudzicz, 2020) achieve
this goal by adding task-specific layers on top of
each individual token, as shown in Figure 2 (Left).
However, this approach does not model token de-
pendencies within the task-specific layers.

In this work, we propose to use attention-based
task-specific heads to capture global dependen-

3Empirically, we find that using the contextualized rep-
resentations for the MWS task (i.e., {hMWS

D (xR)i}|ni=1) can
achieve better fine-tuning performance.
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Figure 2: Architectures for transforming task-agnostic
representations to task-specific representations. (Left)
Adding task-specific heads on each token separately.
(Right) Using task-specific attention heads capture all
token information holistically.

cies in sequences. Particularly, we design this at-
tention head to be one transformer layer (i.e., a
self-attention block followed by a fully connected
network with one hidden layer). Since our dis-
criminator also uses a transformer model to obtain
each token’s task-agnostic representation, we can
merge one task head into the discriminator back-
bone. From this perspective, we can generate differ-
ent sets of task-specific representations as follows.
First, we input the sequence to a transformer with
L layers and retrieve the final layer output repre-
sentations for one task. Then, we feed the output
of an intermediate layer (e.g., the (L− 1)th layer)
into another transformer layer to obtain token rep-
resentations for the second task.

Partial Layer Sharing. ELECTRA has shown
that tying the embedding layers of the generator
and the discriminator can help improve the pre-
training effectiveness. Our study confirms this ob-
servation and finds that sharing some transformer
layers of the generator and discriminator and can
further boost the model performance. More specif-
ically, we design the generator to have the same
“width” (i.e., hidden size, intermediate size and
number of heads) as the discriminator and share
the bottom half of all transformer layers between
the generator and the discriminator.

4 Experiments

4.1 Experiment Setups

Pre-training Datasets. We use two datasets for
model pre-training: (1) WikiBooks, which con-
sists 3.3 Billion tokens from English Wikipedia and
BooksCorpus (Zhu et al., 2015). This is the same
dataset used in BERT (Devlin et al., 2019). (2)
WikiBooks++, which extends WikiBooks dataset

to 33 Billion tokens by including data from Giga-
word (Parker et al., 2011), ClueWeb (Callan et al.,
2009), and CommonCrawl (Crawl, 2019). The
same dataset is used in XLNet (Yang et al., 2019)
and ELECTRA (Clark et al., 2020a).

Evaluation Datasets and Metrics. We evaluate
all pre-trained models on the General Language Un-
derstanding Evaluation (GLUE) benchmark (Wang
et al., 2019b) and Stanford Question Answering
(SQuAD) dataset (Rajpurkar et al., 2016). GLUE
benchmark includes various tasks formatted as ei-
ther single sentence classification (SST, CoLA)
or sentence pair classification (e.g., RTE, MNLI,
QNLI, MRPC, QQP, STS). More details of each
task are available in the Appendix Section A.
SQuAD dataset requires models to select a text
span from a given passage that answers a question.
In SQuAD v1.1, the answers can always be located
in the passage, while SQuAD v2.0 contains some
questions unanswerable by the given passage.

We compute Spearman correlation for STS,
Matthews correlation for CoLA, accuracy for all
other GLUE tasks, and report the GLUE score as
the average of all 8 tasks. For SQuAD, we use the
standard evaluation metrics of Exact Match (EM)
and F1 scores. Since different random seeds may
significantly affect fine-tuned model performances,
we report the median of 15 fine-tuning runs from
the same pre-trained model checkpoint for each
result. Unless stated otherwise, results are on the
GLUE and SQuAD development sets.

Model Hyper-parameters. We follow and evalu-
ate TEAMS with different model sizes. For small-
sized model, we set model hidden dimension to
256 and reduce token embedding dimension to 128.
The transformer in the discriminator network has
12 layers and each layer consists of 4 attention
heads with the intermediate layer size 1024. For
base-sized model, we adopt the commonly used
BERT-base configuration with 768 hidden dimen-
sion, 12 layers with 12 attention heads, and 3072
intermediate layer size. For large-sized model, we
use BERT-large configuration with 1024 hidden
dimension, 24 layers with 16 attention heads, and
4096 intermediate layer size. Following (Clark
et al., 2020a), we design the generator network
size to be 1/2 of the discriminator network size for
models of all sizes. For TEAMS, we set the loss
balancing parameter λ1 = 5, λ2 = 2 (c.f., Eq. (9)),
and the number of sampled non-original tokens
K = 5 (c.f., Section 3.1).
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Method Params GLUE SQuAD 1.1 SQuAD 2.0
EM F1 EM F1

BERT-Small 14M 78.52 76.30 84.39 68.95 71.79
ELECTRA-Small (Our reimplementation) 14M 80.36 76.50 84.67 69.17 71.68
TEAMS-Small 14M 80.70 78.84 86.40 72.33 75.24

BERT-Small++ 14M 79.10 76.48 84.75 68.37 71.01
ELECTRA-Small++ (Our reimplementation) 14M 81.71 77.45 85.32 70.07 72.91
ELECTRA-Small++ (Public checkpoint re-evaluate) 14M 81.24 77.62 85.63 71.12 73.95
TEAMS-Small++ 14M 81.99 78.94 86.65 72.11 75.11

BERT-Base 110M 83.46 80.62 88.16 73.26 76.17
ELECTRA-Base (Our reimplementation) 110M 84.63 83.87 90.64 78.59 81.52
TEAMS-Base 110M 85.57 85.21 91.69 81.59 84.51

BERT-Base++ 110M 84.26 84.48 91.08 78.83 81.72
ELECTRA-Base++ (Our reimplementation) 110M 86.29 85.09 91.65 81.31 84.04
ELECTRA-Base++ (Public checkpoint re-evaluate) 110M 87.13 85.09 91.68 79.16 82.06
TEAMS-Base++ 110M 87.16 86.05 92.48 82.73 85.59

BERT-Large 335M 84.91 86.35 92.61 82.19 84.78
ELECTRA-Large (Our reimplementation) 335M 89.20 88.79 94.50 86.02 88.72
ELECTRA-Large (Public checkpoint re-evaluate) 335M 89.38 88.76 94.49 86.79 89.56
TEAMS-Large 335M 89.44 88.86 94.61 87.08 89.86

Table 1: Comparison results of TEAMS and baseline methods on GLUE and SQuAD datasets. All results are the
medians of 15 fine-tuning runs with different initial random seeds. As ELECTRA original paper only releases the
public checkpoints for Small++, Base++, and Large models, we can only report results for these three variants.

During pre-training, we set the batch size to be
256 and the input sequence length to be 512 for
both small-sized and base-sized models. We update
small-sized models for 500K steps and base-sized
models for 1M steps on the WikiBooks dataset.
Moreover, we test the performance of each model
when it is pre-trained for longer time with larger
batch size using the WikiBooks++ dataset. We
use the suffix “small++” to denote a small-sized
model pre-trained for 2M steps with batch size 256,
and the suffix “base++” to denote a base-sized
model pre-trained for 1M steps with batch size
1024. Finally, for large-sized models, we use batch
size 2048 and pre-train the model for 1.76M steps.
All large-sized models and models with suffix “++”
are trained using the WikiBooks++ dataset. More
pre-training and fine-tuning details are included in
the Appendix Section B and C.

Model Implementations. For fair comparison, we
implement all compared methods in TensorFlow 2
and evaluate their performances using the official
pipeline in TensorFlow Model Garden4. In addi-
tion to our own implementations, we also report
the performance of ELECTRA publicly released
checkpoints5. All models are trained on TPU v3.

4https://github.com/tensorflow/models.
5https://github.com/google-research/

electra.

4.2 Experiment Results

We validate the advantages of our proposed
TEAMS method by comparing it with BERT (De-
vlin et al., 2019) and ELECTRA (Clark et al.,
2020a). Table 1 shows the comparison results on
GLUE and SQuAD datasets. We find that TEAMS
can consistently outperform baseline models of the
same size. For example, compared to ELECTRA-
Base, our TEAMS-Base improves SQuAD 2.0 per-
formance from 78.59 to 81.59 and from 81.52 to
84.51 in terms of EM and F1 score, respectively.

To further verify the performance improvements
do not come from consuming more computa-
tions, we draw the learning curves of TEAMS-
Small/Base and ELECTRA-Small/Base in Figure 3.
We observe that for both small-sized and base-sized
models, our method can consistently outperform
ELECTRA when trained for the some amount of
time. Moreover, on SQuAD datasets, TEAMS-
Base can even outperform the ELECTRA-Base++
model that requires much more computation.

4.3 Ablation Studies

We continue to evaluate the design of each com-
ponent within TEAMS and test its sensitivity to
some critical hyper-parameters.

Effectiveness of Pre-training Tasks. We report
the results of small-sized models learned using dif-
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Figure 3: Learning curves for small-sized and base-
sized models.

Pre-training Task(s) GLUE SQuAD 1.1 SQuAD 2.0
EM F1 EM F1

Only MLM (i.e., BERT) 79.10 76.48 84.75 68.37 71.01
Only RTD (i.e., ELECTRA) 81.71 77.45 85.32 70.07 72.91
Only MWS 79.65 77.30 85.32 70.10 72.80

RTD + MWS (i.e., TEAMS) 81.99 78.94 86.65 72.11 75.11

Table 2: Effectiveness of multi-task pre-training for
small++ models. “MLM”, “RTD”, and “MWS” stand
for “masked language modeling”, “replaced token de-
tection”, and “multi-word selection”, respectively.

ferent pre-training tasks in Table 2. First, we can
see that the model trained with multi-word selec-
tion (MWS) task can outperform the one learned
using masked language modeling (MLM) task. Sec-
ond, on SQuAD datasets, we find that pre-training
on only 15% of masked tokens using MWS task is
comparable with pre-training on all tokens using re-
placed token detection (RTD) task. These observa-
tions demonstrate the effectiveness of our proposed
MWS task. Finally, we show that a text encoder
pre-trained using both MWS and RTD tasks can
outperform those learned using only single task.

Task-specific Layer Designs. In TEAMS, we
pre-train the discriminator network using multi-
task learning and introduce the attention-based
task-specific heads. To verify the effectiveness
of these attention-based task-specific heads, we
train another model that uses the traditional feed
forward network (FFN) as the task-specific head.
Table 3 shows the results. We can see that our
model achieves better performances because the
attention-based heads can effectively model the to-
ken dependencies in sequences.

We continue to study where to add these task-
specific heads. Currently, given a transformer with
12 layers, we treat its last layer output for one task

Method GLUE SQuAD 1.1 SQuAD 2.0
EM F1 EM F1

ELECTRA-Small++ 81.71 77.45 85.32 70.07 72.91

TEAMS-Small++ 81.99 78.94 86.65 72.11 75.11
Use FFN task heads 81.49 78.18 86.35 72.00 74.90
Add task head on 12th layer 81.29 79.08 86.66 72.47 75.31
Use RTD task head outputs 81.83 77.72 85.80 69.56 72.57

Table 3: Analysis of task-specific layers and exported
representations for small++ models. Please refer to
Section 4.3 for detailed descriptions of each method.

and feed the 11th layer output to a separate trans-
former layer to obtain representations for the sec-
ond task6. An alternative design is to add two
separate transformer layers (as two task-specific
heads) directly on top of the last layer (i.e., the
12th layer). As shown in Table 3, we find the latter
design can slightly improve the model performance
on SQuAD datasets but leads to a larger discrimina-
tor network with effectively 13 transformer layers
and thus requires more computation during both
pre-training and fine-tuning stages.

Finally, as our discriminator network will output
two sets of contextualized representations, one for
MWS task and the other for RTD task, we need
to decide which set of representations to use in
the fine-tuning stage. Empirically, we find the rep-
resentations for MWS task has better fine-tuning
performance than the ones for RTD task, especially
on the SQuAD datasets (c.f. Table 3). This observa-
tion also confirms the effectiveness of our proposed
MWS task as it produces representations capturing
more fine-grained semantic information compared
to the RTD task.

Partial Layer Sharing. Table 4 reports the results
of our models with different levels of parameter
sharing between the generator and the discrimina-
tor. First, we can see that tying all generator lay-
ers with discriminator layers results in significant
performance drops, as such a binding restricts the
model representation power. Second, we find that
compared to no weight sharing, our design of par-
tial layer tying can improve the model performance.
One possible explanation is that such layer tying
serves as an implicit form of regularization and
forces the shared transformer layers to capture use-
ful information for both generator pre-training task
(i.e., MLM) and discriminator pre-training tasks
(i.e., RTD and MWS).

6We can interpret the first 11 layers as task-agnostic layers
and view the 12th layer and the newly introduced separate
layers as two task-specific heads.
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Method GLUE SQuAD 1.1 SQuAD 2.0
EM F1 EM F1

ELECTRA-Small++ 81.71 77.45 85.32 70.07 72.91
TEAMS-Small++ 81.99 78.94 86.65 72.11 75.11

Full Tie 80.57 77.75 85.76 69.93 72.82
No Tie 81.65 78.42 86.32 72.73 75.73

ELECTRA-Base++ 86.29 85.09 91.65 81.31 84.04
TEAMS-Base++ 87.16 86.05 92.48 82.73 85.59

No Tie 86.63 85.51 91.98 80.72 83.60

Table 4: Effect of sharing generator and discriminator
bottom layers for small++ and base++ models. “Full
Tie” and “No Tie” stand for tying all or none of gener-
ator layers with the discriminator, respectively.

Sampling Strategy and Negative Sample Size.
To use the multi-world selection task for pre-
training, we need to first obtain a set of negative
samples (i.e., non-original tokens) for each masked
position in a sequence. In this study, we test two
strategies to generate K negative samples for each
masked position. Given the generator output prob-
ability distribution for a target position, we can
either sample from this distribution K times with-
out replacement or directly select K non-original
tokens with the highest probabilities. We denote
these two approaches as “Sampled” and “Hardest”,
respectively, and report the results in Figure 5. First,
we can see that performing repeated sampling is a
better strategy than always selecting those hardest
samples. One possible reason is that the “Sampled”
strategy can generate more diverse negative sam-
ples and thus helps model to generalize7. Second,
we notice that increasing K over 5 will somewhat
hurt the model performance. One reason is that a
larger K causes a higher probability of including
false negative examples. Finally, we find that for a
wide range of K from 3 to 50, our method can out-
perform ELECTRA, which further demonstrates
the effectiveness of multi-word selection task.

Generator Size. We test how the size of generator
affects the model performance by varying the num-
ber of transformer layers in the generator. For all
tested models, we tie the bottom half of generator
with the discriminator. Figure 4 reports the results.
We find that the performance first increases as the
generator size increases until it reaches about half
of the discriminator size and then starts to decrease
when we further increase the generator size. The
same results also hold for base-sized models.

7A similar result is also witnessed in (Shen et al., 2019)
and thus we adopt the “Sampled” approach in this study.
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5 Related Work

Besides the general language pre-training work
we discussed in Section 2.1, this study is partic-
ularly related to methods that apply multi-task
learning (Caruana, 1997; Ruder, 2017; Shen et al.,
2018) to language representation learning. An early
study (Liu et al., 2019a) proposes to simultaneously
fine-tune a pre-trained BERT model to perform
multiple natural language understanding tasks and
achieves promising results on the GLUE dataset.
Sun et al. (2020) continue this line of work and pro-
pose to push the multi-task learning to the model
pre-training stage. Specifically, they use a contin-
ual multi-task learning framework that incremen-
tally builds and inserts seven auxiliary tasks (e.g.,
masked entity prediction, sentence distance pre-
diction, etc..) to the text encoder. More recently,
Aroca-Ouellette and Rudzicz (2020) extend this
idea to incorporate fourteen auxiliary tasks and
identify six tasks are particularly useful. While
achieving inspiring performance, these studies all
assume the MLM pre-training task must present
and just combine MLM with additional tasks. In
this paper, we relax this assumption and combine
our new multi-word selection task with the replace
token detection task for effective pre-training.
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6 Conclusions and Future Work

This work presents a new text encoder pre-training
method that simultaneously learns a generator and
a discriminator using multi-task learning. We pro-
pose a new pre-training task, multi-word selection,
and combine it with previous pre-training tasks
for efficient encoder pre-training. We also de-
velop two techniques, attention-based task-specific
heads and partial layer sharing, to further im-
prove pre-training effectiveness. Extensive exper-
iments on GLUE and SQuAD datasets demon-
strate our TEAMS method can consistently out-
perform previous state-of-the-arts methods. In the
future, we plan to explore how other auxiliary pre-
training tasks can be integrated into our frame-
work. Moreover, we consider extending our pre-
training method to text encoders with other archi-
tectures such as those based on dynamic convolu-
tion and sparse attention. Finally, being orthogonal
to this study, distillation techniques could be ap-
plied to further compress our pre-trained encoders
into smaller models for faster inference speeds.
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Recent years have witnessed the great success of
pre-trained text encoders in lots of NLP applica-
tions such as text classification, question answer-
ing, text retrieval, dialogue system, etc. This pa-
per presents a new pre-training method TEAMS
that learns a text encoder with better performance
using lower training cost. Therefore, on the pos-
itive side, our work has the potentials to benefit
all downstream applications that leverage a pre-
trained text encoder, especially those applications
with limited computation resources. On the neg-
ative side, TEAMS, as one specific pre-training
method, could still face the generic issues for all
language pre-training work. For example, the pre-
training large corpora, collected from the internet,
may include abusive language usages and fail to
capture the cultures that have smaller linguistic
footprints online.
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A GLUE Details

The original GLUE benchmark (Wang et al.,
2019b) contains 9 natural language understanding
datasets. We describe them below:

• MNLI: The Multi-genre Natural Language In-
ference Corpus (Williams et al., 2018) contains
393K training sentence pairs with textual entail-
ment annotations. Given a premise sentence and
a hypothesis sentence, a model needs to predict
whether the premise entails the hypothesis, con-
tradicts the hypothesis, or neither.

• RTE: Recognizing Textual Entailment (Giampic-
colo et al., 2007) dataset is similar to MNLI and
contains 2.5K sentence pairs with binary entail-
ment annotations (entailment or contradiction).

• QNLI: Question Natural Language Inference
dataset is a binary sentence pair classification
dataset constructed from SQuAD (Rajpurkar
et al., 2016). It contains 108K training sentence
pairs and requires a model to predict whether a
context sentence contains the answer to a ques-
tion sentence.

• CoLA: Corpus of Linguistic Acceptabil-
ity (Warstadt et al., 2018). This dataset includes
8.5K training sentences annotated with whether
it is a grammatical English sentence.

• SST: Stanford Sentiment Treebank (Socher et al.,
2013) dataset contains 67K sentences from movie
reviews and their corresponding binary sentiment
annotations.

• MRPC: Microsoft Research Paraphrase Cor-
pus (Dolan and Brockett, 2005) includes 3.7K
sentence pairs from online news sources. The
task is to predict whether two sentences are se-
mantically equivalent or not.

• STS: Semantic Textual Similarity (Cer et al.,
2017) benchmark contains 5.8K training sen-
tence pairs. The task is to predict the similarity
score of two sentences from 1 to 5.

• QQP: Quora Question Pairs (Iyer et al., 2017)
dataset includes 364K question pairs sampled
from the community question-answering website
Quora. Models are trained to predict whether a
pair of questions are semantically equivalent.

• WNLI: Winograd NLI (Levesque et al., 2011) is
a small natural language inference dataset. How-
ever, as GLUE official website8 indicates there
are some issues during its construction process,
we follow previous studies (Clark et al., 2020a;
Jiang et al., 2020) and exclude this dataset for
fair comparisons.

B Pre-training Details

For the pre-training architecture configurations, we
mostly use the same hyper-parameters as BERT
and ELECTRA. To generate masked positions, we
follow BERT and duplicate training data 40 times
so each sequence is masked in 40 different ways.
We find this static masking strategy performs simi-
lar to the dynamic masking strategy in ELECTRA,
while being easier to implement and has less com-
putation overhead. Besides, we notice a mask per-
centage of 15 works well for all models and thus
do not increase it to 25 for large-size models as
suggested in ELECTRA. We set λ1 and λ2, the
loss balancing parameters to 5 and 2, respectively,
to ensure different loss terms are of the same scale.
For small-size and base-size models, we search for
the learning rate out of {1e-4, 2e-4, 3e-4, 5e-4},
batch size from {128, 256, 512, 1024}, and training
steps from {500K, 1M, 1.5M, 2M}. For large-size
models, we search for the learning rate out of {1e-
4, 2e-4, 3e-4, 5e-4} and batch size from {1024,
2048}. Also, we select the generator size out of
{1/4, 1/3, 1/2} in early experiments. The best con-
figurations are reported in the main text and we
perform no other hyper-parameter tuning. The full
set of hyper-parameters are listed in Table 5.

C Fine-tuning Details

For fair comparisons, we fine-tune all pre-trained
checkpoints using the official pipeline in Tensor-
Flow Model Garden9 and report the median of 15
fine-tuning runs. We do not include layer-wise
learning-rate decay. We search for the learning
rate from {1e-5, 3e-5, 5e-5, 8e-5, 1e-4}, batch size
from {32, 48}, and training epoch from {2, 3, 5}.
For GLUE tasks, best evaluation scores during fine-
tuning are reported. For SQuAD, scores at the end
of fine-tuning are reported. The full set of hyper-
parameters are listed in Table 6.

8https://gluebenchmark.com/faq
9https://github.com/tensorflow/models
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Hyper-parameter Small/Small++ Base/Base++ Large

Number of Layers 12 12 24
Embedding Dim. 128 768 1024
Hidden Dim. 256 768 1024
Intermediate Layer Dim. 1024 3072 4096
Number of Attention Heads 4 12 16
Attention Head Dim. 64 64 64
Generator Size (Multiplier for Number of Layers) 1/2 1/2 1/2
Mask Percentage 15 15 15
Learning Rate Decay Linear Linear Linear
Warmup Steps 10000 10000 10000
Learning Rate 5e-4 2e-4/3e-4 2e-4
Adam ε 1e-6 1e-6 1e-6
Adam β1 0.9 0.9 0.9
Adam β2 0.999 0.999 0.999
Attention Dropout 0.1 0.1 0.1
Dropout 0.1 0.1 0.1
Weight Decay 0.01 0.01 0.01
Batch Size 256/256 256/1024 2048
Train Steps 500K/2M 1M/1M 1.76M

Table 5: Pre-training hyper-parameters.

Hyper-parameter Value

Learning Rate 1e-4 in Small/Small++, 3e-5 in Base/Base++/Large for GLUE
8e-5 in Small/Small++, 5e-5 in Base/Base++, and 3e-5 in Large for SQuAD 1.1/2.0

Learning Rate decay Linear
Warmup fraction 0.1
Adam ε 1e-6
Adam β1 0.9
Adam β2 0.999
Dropout 0.1
Batch Size 32 for GLUE, 48 in Small/Small++/Large and 32 in Base/Base++ for SQuAD 1.1/2.0
Training Epochs 5 for GLUE, 5 in Small/Small+ and 2 in Base/Base++/Large for SQuAD 1.1/2.0

Table 6: Fine-tuning hyper-parameters.
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Abstract

The lack of reliable automatic evaluation met-
rics is a major impediment to the development
of open-domain dialogue systems. Various
reference-based metrics have been proposed
to calculate a score between a predicted re-
sponse and a small set of references. How-
ever, these metrics show unsatisfactory correla-
tions with human judgments. For a reference-
based metric, its reliability mainly depends on
two factors: its ability to measure the simi-
larity between the predicted response and the
reference response, as well as the reliability
of the given reference set. Yet, there are few
discussions on the latter. Our work attempts
to fill this vacancy. We first clarify an as-
sumption on reference-based metrics that, if
more high-quality references are added into
the reference set, the reliability of the met-
ric will increase. Next, we present REAM]:
an enhancement approach to Reference-based
EvAluation Metrics1 for open-domain dia-
logue systems. A prediction model is designed
to estimate the reliability of the given refer-
ence set. We show how its predicted results
can be helpful to augment the reference set,
and thus improve the reliability of the metric.
Experiments validate both the effectiveness of
our prediction model and that the reliability
of reference-based metrics improves with the
augmented reference sets.

1 Introduction

The lack of reliable automatic evaluation metrics
is a major impediment to the development of open-
domain dialogue systems (Li and Jurafsky, 2016;
Gao et al., 2019; Li et al., 2020a). The under-
lying difficulty in evaluation lies in the diversity
of the possible outcomings. Existing evaluation
metrics for open-domain dialogue systems can be

∗Corresponding authors
1Interested reader may contact the authors to obtain a copy

of the code and the data.

roughly divided into reference-based and reference-
free metrics. Reference-based metrics usually mea-
sure how similar a generated response is to the
reference responses. Reference-free metrics, on
the other hand, measure the quality of a response
without any reference and usually focus on specific
aspects of the responses. For example, much work
often computes the perplexity of a generated re-
sponse as a measure of fluency (Li et al., 2020b),
and adopts Dist-1/2 (Li et al., 2016b) to measure
the diversity of the response. In this work, we focus
on reference-based metrics.

BLEU (Papineni et al., 2002), originally for
machine translation, is now a popular reference-
based metric to evaluate open-domain dialog sys-
tems automatically. However, it has been shown
that BLEU and other word-overlap metrics such
as METEOR (Banerjee and Lavie, 2005) and
ROUGE (Lin, 2004), rely on surface-form simi-
larities only without considering the semantic di-
versity, thus fail to correlate well with human judge-
ments (Liu et al., 2016). Instead, embedding-based
metrics are adopted to consider the semantic mean-
ing of a word defined by a distributed representa-
tion. For example, Zhang et al. (2020) introduce
an embedding-based metric BERTScore that com-
putes the similarity between the generated response
and reference responses using contextual embed-
dings obtained from BERT (Devlin et al., 2019).

Intuitively, the reliability of a referenced-based
metric depends on two factors: (1) the ability of
the metric to measure the similarity between the
generated response and the reference response and
(2) the reliability of the reference set for evalu-
ating each generated response. As can be seen
from above, most current work falls into improving
the former factor, while few considers the latter.
However, without a high-quality reference set, the
results obtained by all these metrics will have a
poor correlation with human judgments.
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Unlike most previous studies that propose new
evaluation metrics, the focus of our study is on
improving the reliability of the reference set. We
first clarify an assumption on reference-based met-
rics that, if more high-quality responses are added
into the reference set, the correlation of reference-
based metrics with human judgments will increase.
We perform experiments to demonstrate that the
standard BLEU (Papineni et al., 2002) does not
hold this assumption, but two existing metrics can.
One is a modified BLEU metric (Freitag et al.,
2020) that compares the generated response with
each reference response within the set using single-
reference BLEU. We refer this modified BLEU as
BLEU*. The other is the BERTScore (Zhang et al.,
2020), which can also be used to evaluate responses
with multiple references.

In this work, we propose REAM]: an enhance-
ment approach to Reference-based EvAluation
Metrics for open-domain dialogue systems. Our ap-
proach, which can enhance a reference-based met-
ric that satisfies our assumption (such as BLEU*
and BERTScore), consists of two parts: (1) reli-
ability prediction and (2) high-quality references
augmentation. In the first part, we devise a relia-
bility prediction model to estimate the reliability
of the reference set. Given a query and its refer-
ence set, the model will predict a reliability score
to reflect how reliable a metric is used to evaluate
the results of the query using the given reference
set. In the second part, we aim to augment high-
quality references with the help of the reliability
prediction model. We introduce two ways to han-
dle reference candidates with different qualities. If
the acquired reference candidates are considered
reliable, we can adopt automatic annotation. If we
are not certain about the relevance of the reference
candidates, human annotators are needed for an
interactive annotation. Experimental results show
that our proposed approach can effectively enhance
the reliability of the reference set and improve the
correlation of the reference-based metrics BLEU*
and BERTScore.

The rest of this paper is organized as follows.
In Section 2, we introduce our assumption on the
reference-based metrics, and conduct a series of
preliminary experiments to validate this assump-
tion on existing metrics. We also provides details
about data collection and metric evaluation in this
section. Section 3 describes our reliability predic-
tion model and Section 4 presents how to augment

high-quality references with the help of the pro-
posed reliability prediction model. Section 5 shows
our experimental results about the proposed relia-
bility prediction model as well as different strate-
gies to augment the reference set. Section 6 de-
scribes related work. Finally, we conclude our
work and discuss some future work in Section 7.

2 Research Questions and Settings

We first make an assumption on reference-based
metrics for open-domain dialog system that if more
high-quality reference responses are added to the
reference set, a reference-based metric will show
a higher correlation with human judgments. We
want to draw such an assumption due to two con-
siderations. First, by considering the nature of
open-domain dialog, a query is possible to be rele-
vant to multiple diverse responses. Including more
relevant responses in the reference set can naturally
help alleviate the assessment difficulty associated
with linguistic variation. Second, if a low-quality
response, e.g. a general response “I don’t know”
is added to the reference set, the reference-based
metric will assign a very high score for the same
low-quality predicted response, resulting in a low
correlation. Therefore, only by ensuring that the
responses in the reference set are of high-quality
can we avoid the metric assigning high scores to
low-quality responses.

We validate this assumption on three existing
metrics: the original multi-reference BLEU (Pap-
ineni et al., 2002), BLEU* (Freitag et al., 2020)
and BERTScore (Zhang et al., 2020). The orig-
inal BLEU uses a modified form of precision to
compare a generated response against multiple ref-
erence responses. For BLEU* and BERTScore,
the multi-reference score of a response y can be
computed as:

score(y,R) = max
r∈R

d(y, r) (1)

where d is the given metric, R = {r1, r2, · · · , rn}
is the given reference set.

We examine the assumption by answering the
following questions:

1. Will the correlation of the reference-based
metric improve when more high-quality re-
sponses are added to the reference set?

2. How will the low-quality responses included
in the reference set affect the correlation of
the reference-based metric?
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Raw Dataset
# Training Samples 4,000
# Validation Samples 500
# Test Samples 500

Each Sample
# Model Responses 14
# Reference Responses ≤ 200

Table 1: Our dataset statistics. Each sample is in the
form (query, model responses, reference responses).

Before presenting the details of the preliminary
experiments, we first describe the data collection
used in the experiments and how we estimate the
reliability of a metric.

2.1 Data Collection and Metric Evaluation
To evaluate the correlation of reference-based met-
rics with human judgments, we collect a dataset
as follows. We first crawled 5,000 queries from
some Chinese social websites and the largest refer-
ence set for the obtained queries has 200 responses.
Then, we generated 14 responses obtained from
several widely used response generation models
(described in Appendix A). We asked 5 annotators
to assign each generated response with a score rang-
ing from 1 to 5 respectively, and the final score of
each response was obtained by averaging the five
scores. Table 1 shows the data statistics. See Ap-
pendix A for a detailed description of our dataset.

To evaluate the performance of a metric, we
leverage the Pearson Correlation. Given a sam-
ple consisting of a query q, 14 generated responses
Y = {y1, · · · ,y14} with their human annotated
scores Ŝ = {ŝ1, · · · , ŝ14} and a set of reference
responses R = {r1, · · · , rn} (n ≤ 200), we first
score each model response y ∈ Y with a certain
metric, yielding a sequence of automatic evaluated
scoresS = {s1, · · · , s14}. With the automatic eval-
uated scores S and human annotated scores Ŝ for
the 14 generated responses, we can obtain the reli-
ability score c for each sample using the Pearson
Correlation:

c = Pearson(S, Ŝ). (2)

2.2 Preliminary Experiments
Next, we conduct our preliminary experiments us-
ing the 500 samples in the test set and present our
empirical observations regarding the two questions
in beginning of Section 2. In the experiments in

this section, the correlation of a certain metric is
obtained by averaging the reliability scores over all
500 samples.

First, we would like to see how it affects the cor-
relation of the metrics when high-quality responses
are continuously added to the reference set. To en-
sure that each added reference response is of high
quality, we also have human annotators assign a
quality score to each crawled reference response,
and then randomly select 10 high-quality reference
responses (quality score over 4) for each sample in
the test set. We sequentially add the 10 high-quality
reference responses to the reference set initialized
with an empty set. Each time a new reference re-
sponse is added to the set, we calculate a reliability
score of a certain metric using the updated set. Fig-
ure 1 shows the evaluation results of the original
BLEU, BLEU* and BERTScore. Noticeably, the
correlation of the original BLEU does not improve
as the number of high-quality sentences increases.
The reason may be that the original BLEU is de-
fined at the corpus-level and the n-gram precisions
are sums over all corpus sentences, which means
the newly added reference will cause the value
to fluctuate. We, however, find that BLEU* and
BERTScore are consistent with our assumption that
the correlation of the metric improves as the num-
ber of high-quality responses in the set increases.
Therefore, not all metrics meet our assumption,
and we use BLEU* and the BERTScore for our
following experiments.

Second, we test how low-quality responses
would affect the correlation of the metric by adding
noise into the reference set. In the noisy refer-
ence set, the first 5 responses in the reference set
are added with the same high-quality responses as
above, while the later 5 added responses are re-
placed with negative samples which are responses
sampled from other queries. As shown in Figure 1,
“BLEU*-noisy” and “BERTScore-noisy” denote
the results of BLEU* and BERTScore using the
noisy reference sets, respectively. As the number
of negative samples in the set increases, the per-
formance of the metrics starts to degrade. This
further confirms our assumption that only adding
more high-quality responses to the reference set
will help the metric.

Based on the above analysis, we can see that for
reference-based metrics satisfying our assumption,
we can enhance its reliability by augmenting high-
quality references to calculate the metric. Next,
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Figure 1: Pearson correlations of BLEU, BLEU* and
BERTScore with human judgements obtained using
different numbers of reference responses.

a key question arises, how can we augment high-
quality references? In the following, we propose
a reliability prediction model to estimate the relia-
bility of the reference set (Section 3) and provide
effective approaches to augment high-quality ref-
erences with the help of the reliability prediction
model (Section 4).

3 The Reliability Prediction Model

In this section, we aim to estimate the reliability
of a metric, when we use it to compute a perfor-
mance score of an output response based on a given
gold response set. We formulate this task as a re-
gression problem. Formally, given a query sentence
q = {q1, . . . , qM} of lengthM , and a reference set
R = {ri}Ni=1 with N gold responses of the query,
our goal is to learn a function f : (q,R)→ c that
predicts a reliability score c that represents how
reliable a metric is used to evaluate results of the
input query using this reference set. In this work,
we consider using Pearson correlation (c) in Eq. 2
between the human evaluation results and the met-
ric scores from the givenR as the reliability score
of each (q,R). We introduce the reliability pre-
diction model in this section, and discuss efficient
methods to augment high-quality responses based
on the trained prediction model in the next section.

Our learning framework is shown in Figure 2,
which contains two parts. We first design a predic-
tion model to predict a reliability score for each
(q,R). Then, we construct negative samples and
use contrastive learning to train the proposed pre-
diction model.

3.1 Model Structure

Input Representation For a query q and each re-
sponse r in the reference response setR, we first

concatenate them into one sequence. Then we
can obtain N query-response pairs. We leverage
BERT (Devlin et al., 2019) that learns contextual-
ized representations of the query-response pairs:

[vc,vq1 , · · · ,vr1 , · · · ,vrm ] = BERT([q, r]) (3)

where vc is the representation for the special token
[CLS] in the BERT and we use its contextualized
representation for each query-response pair. Then,
we get N query-response representations.
Graph Encoder: In order to transform the dia-
logue context features into higher-level features
that consider the intrinsic variance between refer-
ence responses in the reference set, we represent
all query-response pairs in a fully-connected graph
and each query-response pair is a node in the graph.
Then we adopt a graph attention layer (Velickovic
et al., 2018) to obtain a better representation of
each query-response pair:

[v̂c1 , . . . , v̂cn ] = GAT([vc1 , . . . ,vcn ]). (4)

The final representation vg of the graph is com-
puted using the max-pooling strategy.
Reliability Score Prediction: The reliability
score is computed using a single-layer feedforward
network coupled with a tanh activation function:

f(q,R) = tanh(W · vg + b) (5)

where W and b are trainable parameters. The
model is trained to minimize the squared error be-
tween the model prediction and the gold correlation
coefficient c with L2-regularization:

Lr = (f(q,R)− c)2 + γ‖θ‖2 (6)

where γ is a hyper-parameter and θ denotes the
parameters of the model.

3.2 Data Augmentation
To address the problem of limited data, we adopt
the data augmentation method to improve the gener-
alization of our models. Our input sample consists
of a query q and a set of reference responses R.
We can expand the training data by using differ-
ent combinations of reference responses, generat-
ing more different reference sets for each query.
Since the number of all combinations is huge, we
randomly sample some various combinations for
each query. Given a set of reference responses
R = {r1, · · · , rn} of n elements (n ≤ 200), the
set of k-combinations are denoted as Ckn, where
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Figure 2: Our proposed prediction model. For each training sample (q, {r}), we construct negative samples
(q, {r}−) according to our assumption and compute the contrastive loss. The model is trained with the combination
of regression loss and contrastive loss.

each combination has k different elements. In our
work, we use k ∈ {3, 5, 7, 10} and randomly sam-
ple 25 different combinations from each set Ckn
(k ∈ {3, 5, 7, 10}). We then expand the validation
set in the same way.

To evaluate the generalization performance of
the model, the test set should be used not only to
verify the effectiveness of the model on samples
with k ≤ 10, but also to test the performance of the
model on samples with k > 10. Therefore, we use
k ∈ {3, 5, 10, 20, 30, 40} to augment the test set.
For each set Ckn (k ∈ {3, 5, 10, 20, 30, 40}), we
only randomly sample one combination. Finally,
applying data augmentation as described above
gives us a total of 400,000/4,000/3,000 augmented
training/validation/test samples.

3.3 Contrastive Learning

Optimizing the simple regression objective above
with the augmented training samples may not yield
a robust performance. To make the model capable
to capture the differences between different refer-
ence set for the same query, we construct multiple
negative samples for each training sample (q, {r}),
and use contrastive learning to train the prediction
model. Given a training sample (q, {r}) we design
three kinds of negative samples (q, {r}−):
• Remove one response r from the existing refer-
ence set {r}. This is based on the understanding
in Section 2 that a set of gold responses generally
does not yield a higher correlation than a super set
of it. We note that all samples with deteriorated
correlation here, are treated as negative samples.
• Randomly select a response of any other query
to add to the existing set. This is based on the
understanding in Section 2 that a noise response
included in a gold reference set should deteriorate
the correlation.

• Randomly select a response of any other query to
replace a response in the existing set. The intuition
is the same as the above one.
The contrastive loss function Lc with T negative
samples constructed is computed as:

Lc =
1

T

∑

t

max{0,∆−f(q, {r})+f(q, {r}−t )},

(7)
where ∆ is a margin. The final loss can be com-
puted as:

L = Lr + Lc. (8)

4 Augmenting High-quality References

In this section, we describe how we can augment
high-quality references based on the current gold
reference set for a given query with the help of the
proposed reliability prediction model. Suppose a
large set of reference candidates can be easily ob-
tained. For example, more conversation data can
be assessed to build a retrieval system to search
for more references for the given query. We in-
troduce two ways to handle reference candidates
with different qualities. If the acquired reference
candidates are considered reliable, we can adopt
automatic annotation. If we are not certain about
the relevance of the reference candidates, human
annotators are needed for an interactive annotation.

4.1 Automatic Annotation

We assume the response candidates are all relevant
to the given query. However, there may exist unin-
formative responses, such as the generic responses
or those similar to the gold references. We now
introduce how to use the predicted scores to au-
tomatically select out high-quality responses from
the candidate set. Each time a response is randomly
picked to tentatively add into the gold reference set,

2491



the model will predict a reliability score for the
augmented reference set. If the reliability score of
the augmented reference set improves, this picked
response can be considered as a high-quality one
and now confirmed to add to the gold reference set.
Otherwise, we remove it from the gold reference
set. We continue this process until all response
candidates have been picked once, and return the
final augmented gold reference set.

4.2 Interactive Annotation

If the response candidates are of uneven relevance
to the query, we need to hire annotators to manu-
ally check and edit the response candidates. We
design an interactive annotation strategy to allow
the model to assist annotators. For each selected
response candidate, the annotator mainly executes
the following three steps:
1. If he/she considers the response candidate is rel-
evant to the given query and the reliability score
of the set improves with the current candidate re-
sponse, he/she can retain this response directly;
2. If he/she considers the response candidate is not
relevant enough to the given query but the reliabil-
ity score of the set shows improvement with the
current candidate response, he/she needs to edit this
response and check whether the reliability score of
the set increases with the edited response;
3. If the reliability score of the set does not im-
prove with the current candidate response, no mat-
ter whether the candidate response is relevant or
not, he/she still needs to edit this response and
check whether the reliability score of the set in-
creases with the edited response;
In both Step2 and Step3, we allow the interactive
annotation with a maximum number of attempts.
Otherwise, we abandon this response and continue
to the next response candidate. This process can
help annotators avoid writing responses with unsat-
isfactory quality.

5 Experiments

5.1 Setup

In our experiments, we use the quality scores ob-
tained by BLEU* and BERTScore to compute the
Person correlations with human judgments respec-
tively. The reliability models introduced in Sec-
tion 3 trained with BLEU and BERTScore are re-
ferred as REAM](BLEU*) and REAM](BS) re-
spectively. The augmented dataset mentioned in
Section 3.2 is used for the corresponding model

# Refs MSE Pred. Gold

REAM](BLEU*)
3 0.006 ±0.005 0.333 0.340
5 0.006 ±0.006 0.374 0.379
10 0.006 ±0.005 0.399 0.402
20 0.006 ±0.005 0.412 0.409
30 0.007 ±0.006 0.413 0.417
40 0.006 ±0.006 0.422 0.425

REAM](BS)
3 0.006 ±0.006 0.356 0.355
5 0.006 ±0.005 0.367 0.375
10 0.006 ±0.006 0.393 0.404
20 0.006 ±0.005 0.397 0.408
30 0.006 ±0.005 0.406 0.417
40 0.007 ±0.006 0.417 0.431

Table 2: Results of the REAM](BLEU*) model and
the REAM](BS) model on multiple test sets consisting
of different number of reference responses.

training and testing. To show its effectiveness on
automatic annotation and interactive annotation,
we use the 500 test samples in the raw dataset
introduced in Section 2.1. See Appendix B for
implementation and training details.

5.2 Results on Reliability Prediction Models

In Table 2, we report MSE, the averaged pre-
dicted reliability scores and averaged gold relia-
bility scores. Standard deviations are also provided.
We can see that the MSE of both prediction models
are kept at a low level on different test sets. The
difference between the average predicted reliability
score and the average gold scores is at most 0.014.
Also, the models have good stability and rarely
show extreme cases, as shown by their standard
deviations of less than 0.01. Our proposed models
also have good generalization performance in terms
of different sizes of the reference set. The number
of references of training samples in the training
set is at most 10, but the two models still have a
small test error on the test set with more than 10
references, which is comparable to the test set with
less than 10 references.

5.3 Results on Automatic Annotation

Once we have a reliable model, the next is to use
the model to help us collect high-quality references.
When enough candidate responses are available,
we can directly use the model to identify which
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Figure 3: Pearson correlations of BLEU* and
BERTScore on multiple reference sets obtained by dif-
ferent strategies. “REAM](BS)-BERTScore” means
using the REAM](BS) to augment the reference set
and testing it with BERTScore. “REAM(BLEU*)-
BLEU*” means using the REAM](BLEU*) to aug-
ment the reference set and testing it with BLEU*. We
also add a random strategy for comparison.

responses are helpful to improve the reliability of
the set. The experiment on automatic annotation
is conducted with the raw test set introduced in
Section 2.1. For each sample in the test set, we ini-
tialize the reference set with a randomly sampled
crawled reference response, then add the remain-
ing reference responses (as mentioned before, each
sample has at most 200 reference responses) to its
reference set one by one. Each time a new response
is added, the model predicts a reliability score. The
augmentation method follows the strategy men-
tioned in Sec. 4.1. We selected 10 responses for
each sample.

Figure 3 shows the Pearson correlations of
BLEU* and BERTScore on multiple reference sets
obtained by different strategies. “REAM](BS)-
BERTScore” means using the REAM](BS) model
to augment the reference set and testing it
with BERTScore. Similarly, “REAM(BLEU*)-
BLEU*” means using the REAM](BLEU*)
model to augment the reference set and testing
it with BLEU*. We also use a random strategy
for comparison (orange and red), where the first
5 responses are the same as those previously se-
lected using the models, and the last 5 responses
are obtained by randomly sampling. As shown
in the figure, the reliability of the reference sets
constructed using our proposed method tends to
increase steadily as more selected responses are
added to the set, while the reliability of the ref-
erence sets constructed using the random strategy
appears to be unstable. We also test the transfer-

ability of the model and find that the model trained
with one metric also yields reliable performance
when tested with other metrics. The results are
shown in Appendix E.

The final results are shown in Table 3 which re-
ports Pearson and Kendall correlations of BLEU*
and BERTScore calculated using three reference
sets. “Raw” denotes the initial reference set con-
taining the first selected reference response. The
remaining 9 selected responses for each sample
are then used to augment the “Raw” set. “Aug-
REAM](BS)” and “Aug-REAM](BLEU*)” are the
reference sets augmented using the REAM](BS)
and REAM](BLEU*), respectively. “Mix” is the
union of the two sets. As can be seen, the per-
formances of the two metrics both improve using
the augmented reference set. When combining
the two augmented reference sets, both Pearson
and Kendall correlations of BERTScore improve,
while for BLEU*, the Pearson and the Kendall
correlations dropped slightly. This indicates that
BERTScore is better at capturing semantics than
BLEU* and is able to select the most adequate ref-
erence response from multiple augmented sets for
evaluation.

5.4 Results on Interactive Annotation

In the following, we perform experiments to aug-
ment high-quality references of 30 queries ran-
domly selected in the test set in Section 2.1 using
interactive annotation introduced in Section 5.4.
For each test query, we first use ElasticSearch 2 to
retrieve 100 candidate responses from a database
with 200 million (query, response) pairs with Jac-
card similarity for each query, and display them
to each annotator. We recruit six annotators and
divide them into two groups. The reliability scores
predicted by the REAM](BERT) model will re-
veal to annotators in the first group (“Human-
REAM](BS)”) for interactive annotation but not
annotators in the second group (“Human”). Anno-
tators in “Human” perform non-interactive annota-
tions. They are required to rewrite their considered
unsuitable responses directly without the predicted
scores as a reference. For each round of annota-
tion, we pick one identical candidate response to
all annotators.

Figure 4 shows the Pearson correlations of hu-
man evaluation results and BERTScore with the

2Elasticsearch is a search engine based on the Lucene
library. https://www.elastic.co
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Pearson Kendall

BLEU*
Raw 0.246 0.165
Aug-REAM](BLEU*) 0.331 0.269
Aug-REAM](BS) 0.315 0.261
Mix 0.329 0.266

BERTScore
Raw 0.288 0.209
Aug-REAM](BLEU*) 0.380 0.311
Aug-REAM](BS) 0.389 0.318
Mix 0.393 0.319

Table 3: Pearson and Kendall correlations of BLEU
and BERTScore calculated using different constructed
reference sets. “Raw” denotes the reference set con-
sisting of 1 response.“Aug-REAM](BS)” and “Aug-
REAM](BLEU*)” are the reference sets (10 refer-
ence responses) augmented using the REAM](BS) and
REAM](BLEU*), respectively. “Mix” is the union of
the two sets.

augmented reference sets after each round of anno-
tation by one annotator in “Human-REAM](BS)”
and another annotator in “Human”. See Ap-
pendix D for the results of all six annotators. We
can see that using the augmented response set from
annotators in the first group has already reached
a relatively high Pearson correlation with only a
few annotation rounds. When the number of re-
sponses increases to a certain level, the reliability
score of the metric hits a bottleneck and rises more
slowly. However, the correlation results using the
augmented response set from annotators in the sec-
ond group are not stable. Though the overall trend
is increasing, the final obtained reference set has
even worse correlations than a much small aug-
mented set from the first group. This shows that
our interactive annotation strategy is effective to
help annotators avoid writing responses with unsat-
isfactory quality.

6 Related Work

Automatic evaluation is crucial to the research
of open-domain dialog systems (Li and Jurafsky,
2016; Li et al., 2017; Gao et al., 2019; Venkatesh
et al., 2018; Chan et al., 2021; Xiang et al., 2021).
Existing metrics can be broadly categorized into
reference-based and reference-free metrics (Chen
et al., 2021). In this work, we focus on reference-
based metrics, which usually measure how similar
a generated response is to the reference response.
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Figure 4: Pearson correlations of the reference
sets constructed with/without the REAM](BS) model
in interactive annotations, respectively. “Human-
REAM](BS)” denotes the annotator with the model
assistance and “Human” is the annotator without the
model assistance.

The most commonly used reference-based met-
rics for dialog systems were originally proposed
for machine translation. They typically count the
amount of word-overlap between the generated re-
sponse and the reference response. BLEU (Pap-
ineni et al., 2002) is the most widely used metric in
machine translation that calculates the geometric
mean of the precision for n-gram. Other related
word-overlap metrics such as NIST (Lin and Och,
2004), METEOR (Banerjee and Lavie, 2005) and
ROUGE (Lin, 2004) also have been used for dia-
logue evaluation.

Instead of using word-overlap based metrics,
embedding-based metrics are adopted to consider
the semantic meaning of a word as defined by a
distributed representation. They typically compute
the similarity between the generated response and
reference response using approximated sentence-
level representations. The most commonly used
word embedding based metrics use a heuristic to
combine the vector representation of the individual
word in the sentence. For example, Embedding
Average (Foltz et al., 1998; Mitchell and Lapata,
2008), Vector Extrema (Forgues and Pineau, 2014),
and Greedy Matching (Rus and Lintean, 2012).
Zhang et al. (2020) introduce a better embedding-
based metric BERTScore that computes token simi-
larity using contextual embeddings that capture the
specific use of a word in a sentence.

A few reference-based metrics for dialog sys-
tems are learnable functions. ADEM (Lowe et al.,
2017) which is based on neural networks is trained
to predict a score of a response given its query and
a reference response. RUBER (Tao et al., 2018)
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evaluates responses with a blending of scores from
the referenced and unreferenced metrics. RUBER
is learnable, but its training does not require human
annotation scores.

As discussed from the very beginning of our
work, all the above work focus on designing a bet-
ter metric. However, the reliability of the refer-
ence set is also a key to improve the correlation
of reference-based metrics, but not investigated
in detail in previous work. Therefore, we believe
our work can fill this vacancy and provide a new
direction to improve reference-based metrics for
open-domain dialogue generation.

7 Conclusions and Future Work

In this paper, we first clarify an assumption on
existing reference-based metrics that if more high-
quality reference responses are added to the refer-
ence set, it should have a higher correlation with
human judgment. For metrics satisfying this as-
sumption, we present REAM], an enhancement ap-
proach to improve their reliability. In our approach,
a reliability prediction model is trained to estimate
the reliability of the reference set and we explore
both automatic and interactive ways to augment
high-quality references with the help of the relia-
bility prediction model. Experiments show that our
approach can efficiently help augment high-quality
references and the correlations of reference-based
metrics improve when using the augmented refer-
ence sets to evaluate dialog responses. Our work
currently focuses on open-domain dialog systems
as a starting point. However, the REAM] frame-
work can be extended naturally to other open-ended
text generation tasks such as story generation and
question generation.

8 Ethical Considerations

The dataset used in our work are crawled from sev-
eral Chinese social media websites, BaiduTieba,
Douban, Weibo and Zhihu. We purposefully avoid
deanonymization techniques based on exploiting
software vulnerabilities and our approach that in-
volves human participation in rewriting responses
gives us no access to any personally identifiable
information.
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A Dataset

The dataset used in our work are crawled from sev-
eral Chinese social media websites, BaiduTieba,
Douban, Weibo and Zhihu. We purposefully avoid
deanonymization techniques based on exploiting
software vulnerabilities and our approach that in-
volves human participation in rewriting responses
gives us no access to any personally identifiable
information. We crawled 5,000 queries and each
query has at most 200 ref-erence responses. Then,
we collected 14 machine-generated responses ob-
tained from several widely used responses genera-
tion models:

• LSTM-S2S-BS: a LSTM Seq2Seq model that
generates responses with beam search.

• LSTM-S2S-Sampling: a LSTM Seq2Seq
model that generates responses with top k sam-
pling.

• LSTM-S2S-MMI: a LSTM Seq2Seq model
with a Maximum Mutual Information-based
decoding strategy.

• Fconv-S2S-BS: a convolutional Seq2Seq
model (Gehring et al., 2017) that generates
responses with beam search.

• Fconv-S2S-Sampling: a convolutional
Seq2Seq model (Gehring et al., 2017) that
generates responses with top k sampling.

• Fconv-S2S-DBS: a convolutional Seq2Seq
model (Gehring et al., 2017) that generates
responses with diverse beam search (Li et al.,
2016a).

• Transformer-S2S-BS: a Transformer Seq2Seq
model that generates responses with beam
search.

• Transformer-S2S-Sampling: a Transformer
Seq2Seq model that generates responses with
top k sampling.

• Transformer-S2S-DBS: a Transformer
Seq2Seq model that generates responses with
diverse beam search (Li et al., 2016a).

• GPT2-BS: a GPT2 (Radford et al., 2019)
model that generates responses with beam
search.

• GPT2-TopK Sampling (k=20): a GPT2 (Rad-
ford et al., 2019) model that generates re-
sponses with top 20 sampling.

• GPT2-TopK Sampling (k=10): a GPT2 (Rad-
ford et al., 2019) model that generates re-
sponses with top 10 sampling.

The GPT2 model are trained on a 200 million
chinese dataset crawled also from the Chinese so-
cial media websites (BaiduTieba, Douban, Weibo
and Zhihu). The LSTM-S2S, Fconv-S2S and
Transformer-S2S models are trained on a bench-
mark dataset with 7M query-response pairs pro-
posed by Liu et al. (2018).

B Implementation and Training Details

We leverage “bert-as-service” (https:
//github.com/hanxiao/bert-as-service),
an open-source system that uses BERT as a
sentence encoder and hosts it as a service to map
sentences into fixed-length representations. In our
work, we use the character-level BERT pre-trained
in Chinese. Our reliability prediction model is
implemented using “PyTorch Geometric” which
is a geometric deep learning extension library for
PyTorch. We use one layer. For graph encoding,
we employ a one-layer graph attention network
with an input size of 768. The input size of the
prediction linear layer also is 768. The model is
trained using Adam optimizer with a learning rate
of 0.0005. The batch size is 128.

For computing BLEU, we use the Python NLTK
library. For computing BERTScore, we use the
implementation provided by Zhang et al. (2020) at
https://github.com/Tiiiger/bert_score.

C Case Study

Figure 6 shows two examples of using our
REAM](BS) model to predict reliability scores
for reference sets. Given a query and a reference
set consisting of four reference responses, we first
predict a reliability score for this set (e.g 0.312
and 0.275). We prepared four different candidate
responses for each sample. The sentences with
blue text are high-quality and diverse responses.
Sentences without color are responses that are sim-
ilar in meaning to the responses already in the set.
Red sentences are responses that are completely
irrelevant to the queries. We add each of the four
candidate responses to the set and predict the re-
liability score for the new set. As shown in the
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figure, when the high-quality responses are added
to the set, the model predicts a higher reliability
score than the original reliability score. When re-
sponses with repeated semantics are added to the
set, the model predicts a slightly lower reliability
score compared to the original one. When poor
quality responses are added to the set, the reliabil-
ity scores predicted by the model drop sharply. It
can be seen that our model can effectively evaluate
the impact of responses with different qualities on
the reference set.

D More Results on Interactive
Annotation

Figure 5 shows the results of all six annotators. We
can see that using the augmented response set from
annotators in the first group has already reached
a relatively high Pearson correlation with only a
few annotation rounds. When the number of re-
sponses increases to a certain level, the reliability
score of the metric hits a bottleneck and rises more
slowly. However, the correlation results using the
augmented response set from annotators in the sec-
ond group are not stable. Though the overall trend
is increasing, the final obtained reference set has
even worse correlations than a much small aug-
mented set from the first group. This shows that
our interactive annotation strategy is effective to
help annotators avoid writing responses with unsat-
isfactory quality.

E Transferbility

We would like to see if the model trained with
one metric also yields reliable performance when
tested with other metrics. Figure 7 shows the Pear-
son correlations of the two models, REAM](BS)
and REAM](BLEU*) tested using BLEU* and
BERTScore, respectively. From the figure, we
can see that whether tested with BLEU* or
BERTScore, the difference in performance be-
tween REAM](BS) and REAM](BLEU*) is very
small. We also notice that the difference in per-
formance tested with BLEU* between the two
models is somewhat larger than that tested with
BERTScore when the number of references is large.
This may be because BLEU* does not utilize the
semantic information compared to BERTScore,
which leads to some high-quality responses in
the reference set being ignored. Therefore, our
enhancement approach is more effective as the
metric’s ability to capture semantic similarity in-

creases.
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Figure 5: Pearson correlations of the reference sets constructed with and without the REAM](BS) model, re-
spectively. “Human-REAM](BS)” denotes the annotator with the model assistance and “Human” is the annotator
without the model assistance.

Query Reference Set Candidate Response Pred. Score

+ ∅ 0.312
快乐是发自内心的一种超幸福的感觉 +快乐是什么?用最简单的话说快乐就是你的一种满足感 0.330↑
Happiness is a feeling of super happiness from the heart What is happiness? In brief, happiness is feeling contented

什么是快乐？ 快乐是用自己的双手去创造并去理解其中的道理 +快乐是我们的感觉 0.310↓
What is happiness? Happiness is to create with your own hands and to understand the truth of it Happiness is what we feel

快乐是人与生俱来的一种心情。 +我很痛苦 0.218↓
Happiness is an innate human mood. I feel a lot of pain
快乐是你的感觉,主要是由你的心态决定 +今天我得去上课 0.293↓
Happy is your feeling. Whether you are happy is mainly determined by your state of mind I have to go to class today.

+ ∅ 0.275
因为要考大学,还要学知识 +学习技能,交友 0.284↑
Because we have to go to college, and we have to learn knowledge We have to learn skills and make friends

为什么要上学？ 因为要得到知识,以后好上班挣钱养活自己。 +因为要学习知识,长大以后才能有好工作 0.271↓
Why do we need to go to school? Because we need to get knowledge so that we can get a job Because we need to learn knowledge

and earn money to support ourselves in the future. so that we can have a good job when we grow up
因为要生活得更好 +我想吃冰淇淋 0.247↓
Because we want to live better I want to eat ice cream
因为这个社会需要,也为了能更好的适应社会吧 +周末我想打篮球 0.222↓
Because the society needs us to go to school I want to play basketball on the weekend
and going to school also enables us to better adapt to society.

Figure 6: Two examples of using our REAM](BS) model to predict reliability scores for reference sets. The
sentences with blue text are high-quality and diverse responses. Sentences without colour are responses that are
similar in meaning to the responses already in the set. Red sentences are responses that are completely irrelevant
for the queries.
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Abstract
Relation extraction is an important task in in-
formation extraction and retrieval that aims to
extract relations among the given entities from
running texts. To achieve a good performance
for this task, previous studies have shown that
a good modeling of the contextual informa-
tion is required, where the dependency tree of
the input sentence can be a beneficial source
among different types of contextual informa-
tion. However, most of these studies focus
on the dependency connections between words
with limited attention paid to exploiting depen-
dency types. In addition, they often treat dif-
ferent dependency connections equally in mod-
eling so that suffer from the noise (inaccurate
dependency parses) in the auto-generated de-
pendency tree. In this paper, we propose a
neural approach for relation extraction, with
type-aware map memories (TaMM) for encod-
ing dependency types obtained from an off-the-
shelf dependency parser for the input sentence.
Specifically, for each word in an entity, TaMM
maps all associated words along with the de-
pendencies among them to memory slots and
then assigns a weight to each slot according to
its contribution to relation extraction. Our ap-
proach not only leverages dependency connec-
tions and types between words, but also distin-
guishes reliable dependency information from
noisy ones and appropriately model them. The
effectiveness of our approach is demonstrated
by the experiments on two English benchmark
datasets, where our approach achieves state-of-
the-art performance on both datasets.1

1 Introduction

Relation extraction is an important natural lan-
guage processing (NLP) task that facilitates in-
formation extraction, whose results is beneficial

*Equal contribution.
†Corresponding author.
1The code and models involved in this paper are released

at https://github.com/cuhksz-nlp/RE-TaMM.

Figure 1: An illustration of an example sentence (in-
cluding the entity terms “bone marrow” and “stem
cells”) with its dependency parsing result.

to downstream tasks such as schema induction
(Nimishakavi et al., 2016), knowledge graph con-
struction (Yu et al., 2017), and question answer-
ing (Xu et al., 2016). Normally, relation extrac-
tion aims to predict the relation between each pair
of entities in a given sentence. For example, in
the sentence “the [bone marrow]e1 produces [stem
cells]e2” with the entity terms “bone marrow” and
“stem cells”, the relation between the two entities
is “Product-Producer“. Therefore, the ability of
modeling the context from the input is of great im-
portance to guarantee the performance of relation
extraction. To this end, approaches based on neural
networks have achieved promising success for the
task in the past decade (Socher et al., 2012; Zeng
et al., 2014; Zhang and Wang, 2015; Xu et al., 2015;
dos Santos et al., 2015; Zhang et al., 2015; Wang
et al., 2016; Zhou et al., 2016; Zhang et al., 2017;
Wu and He, 2019; Soares et al., 2019; Fu et al.,
2019; Aydar et al., 2020; Tian et al., 2021c) be-
cause of their effectiveness in capturing contextual
information by powerful encoders.

In addition, previous studies try to improve re-
lation extraction performance by incorporating ex-
tra knowledge into their models. Among all such
knowledge, syntactic information from the auto-
generated dependency parse of the input sentence
indicates its helpfulness to improve model perfor-
mance for the reason that word dependencies pro-
vide long distance contextual information (Xu et al.,
2015). However, in previous studies, the main fo-
cus is the dependencies among words, with little
attention paid to dependency types, which are also
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essential to help the relation extraction task. For ex-
ample, Figure 1 shows the dependency tree of a sen-
tence where the entities (i.e., “bone marrow” and
“stem cells”) are highlighted in red; the dependency
type “nsubj” (nominal subject) between “bone mar-
row” and “produces” as well as the type “dobj”
(direct object) between “stem cells” and “produces”
indicates the first (i.e., “bone marrow”) and the
second entity (i.e., “stem cells”) are the subject
and object of “produces”, which provide important
cues to predict the relation between the two enti-
ties. Moreover, previous studies also suffer from
the noise in the auto-generated dependency tree,
in which cases all the dependencies are modeled
equally without identifying their contributions to
the task.2 Therefore, it is important to design an
appropriate approach to leverage the dependency
information to improve the relation extraction task.

In this paper, we propose a neural approach for
relation extraction, with a type-aware map mem-
ory (TaMM) module to encode dependency infor-
mation obtained from an off-the-shelf dependency
parser. Specifically, for each word in an entity, we
firstly extracts the dependency information associ-
ated with it, where two types of dependency infor-
mation are considered: the first is “in-entity” depen-
dency suggested by the governor and dependents of
that word; the second is “cross-entity” dependency
obtained from the dependency path between enti-
ties. Then, TaMM is applied to map the associated
words along with the dependency types between
them to memory slots and then assign a weight
to each slot to distinguish its contribution to the
relation extraction task. Compared with other ap-
proaches, such as graph neural networks (GCN), to
leverage dependency information, our approach not
only leverages the dependency type information,
but also distinguish reliable dependency informa-
tion from noisy ones and model them accordingly.
The evaluation of different models is performed
on two English benchmark datasets, i.e., ACE2005
and SemEval 2010 Task 8 (Hendrickx et al., 2010),
where our approach outperforms all baselines and
previous studies by achieving the state-of-the-art
performance on both datasets.

2 Preliminaries
Relation extraction is conventionally regarded as
a text classification task, where an input sentence

2For example, in Figure 1, the dependency between “the”
and “marrow” contributes less than the dependency between
“marrow” and “produces” to relation extraction.

X = x1 · · ·xl has l words and two entities, i.e., E1

and E2, in it are mapped to a particular relation
class (denoted by ŷ).3 In most cases the contex-
tual information is of great importance to make
a correct prediction for relations. Therefore, it is
straightforward to consider integrating extra fea-
tures to enhance contextual modeling. Of all such
features, the syntactic information suggested by
the dependency tree of the input sentence has been
demonstrated to be useful for relation extraction in
many studies (Xu et al., 2015; Zhang et al., 2018;
Guo et al., 2019). However, most models to lever-
age the dependency information are not naturally
appropriate to model the dependency types among
words. It is required to find an appropriate approach
to leverage the dependency type information.

Of all choices, key-value memory networks
(KVMN) (Miller et al., 2016) is an effective so-
lution in modeling pair-wisely organized informa-
tion to improve many NLP tasks (Tapaswi et al.,
2016; Das et al., 2017; Mino et al., 2017; Xu et al.,
2019; Nie et al., 2020; Song et al., 2020; Tian et al.,
2020a,d, 2021b). Specifically, KVMN maps the
information instances into a list of memory slots
si = (ki, vi) (i is the index of the memory slot
si) with ki referring to the key and vi the value,
respectively. The KVMN addresses the memory
slot si by assigning a weight pi to the value vi by
comparing the input (denoted by x) to the key ki:

pi = softmax (AΦX (x) ·AΦK (ki)) (1)

where Φ· are functions that map the input features
into their embeddings and A is a matrix that maps
the embeddings into another vector space. After ad-
dressing all memory slots, KVMN reads the values
by computing the weighted sum of the value vec-
tors (i.e., AΦV (vi)) using the resulting probability
weights (i.e., pi), which is expressed by

a =
∑

j

pi ·AΦV (vi) (2)

Then, a is incorporated into the input representa-
tion by an element-wise summation:

o = AΦX (x) + a (3)

Thus, the resulting vector o contains the weighted
information from all values in the memory slots
and is finally used to predict the output.

3E1 and E2 are actually sub-strings of X and we assume
E1 is on the left side of E2.
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Figure 2: The architecture of our approach with an example sentence where entities are highlighted in red color.
The left part illustrates the backbone classification model; the right part shows the process to leverage the in-entity
and cross-entity memory slots associated with “bone” (highlighted in yellow) through the proposed type-aware
map memories (TaMM). In entity and cross-entity memory slots are written in blue and green color respectively.

3 The Proposed Approach

Although KVMN can be used to leverage extra
information for relation extraction, it loses the in-
formation of keys by using it as a weighting com-
ponent as stated previously. Therefore, we propose
type-aware map memories (TaMM) to leverage
both context words (keys) and dependency types
(values) to improve relation extraction, where two
types of dependency information, i.e., “in-entity”
and “cross-entity” dependencies are considered.

Figure 2 illustrates the architecture of our ap-
proach, in which the entities in the input X is
highlighted in red; the left part illustrates the back-
bone classification model; the right part shows the
process of constructing in-entity (S(in)) and cross-
entity (S(cross)) memory slots from the dependency
tree of the input and the process of incorporating
them into the backbone model through TaMM. To
summarize, our approach can be formalized as

ŷ = arg max
y∈T

p (y|X , E1, E2,TaMM (S)) (4)

where T is the set of entity relation types and S =
(S(in),S(cross)) is the memory slots for TaMM.

The following texts illustrates the details of our
proposed appraoch, including how we construct the
memory slots and the computation of TaMM, with
its application in relation extraction.

3.1 Memory Slot Construction

In order to construct the memory slots used in our
approach, we firstly use an off-the-shelf toolkit to
generate the dependency parsing results of the input
X . In the parse tree, every word in X is connected
with its governor and its dependents with labeled
dependency connections; for any two words in X ,
there is exactly one path between them4. For each
word in an entity, e.g., the word xiu in Eu (iu is
the index of xiu in X and u ∈ {1, 2}), we consider
two types of dependency information suggested by
the obtained dependency tree of X and construct
their corresponding memory slots. The first one is
“in-entity” memory slots constructed upon all the
governor and dependents of xiu (i.e., first-order de-
pendencies). The second is “cross-entity” memory

4The dependency parsing results actually build a graph
(tree) of the input X , where words in X represent the graph
nodes, and the dependency connections are the graph edges.
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Figure 3: An illustration of the construction process for two types of memory slots (i.e., in-entity memory slots (a)
and cross-entity memory slots (b)) for “bone” (with yellow background). Entities are presented in red color.

slots constructed upon the words and dependency
arcs along the dependency path between xiu and
the words in the other entity5. Figure 3 shows the
process to construct the two types of memory slots
from the dependency tree of a sentence, where the
entities in it are highlighted in red. In the following
text, we illustrate the way to extract the in-entity
and the cross-entity memory slots for xiu .

In-entity Memory Slots In-entity memory slots
focus on the contextual information from the words
connecting to xiu by dependency parses. To con-
struct them, we firstly locate the governor and all
dependents of xiu in X from the dependency tree.
Then we regard the governor and dependents as
the keys in the memory slots and their dependency
relations with xiu as their corresponding values.
Therefore, we obtain a list of memory slots with
the j-th of them denoted as s(in)iu,j

= (k
(in)
iu,j

, v
(in)
iu,j

),

where k(in)iu,j
is the word connected with xiu by a

dependency connection and v(in)iu,j
the dependency

relation type between them. For example, in Figure
3(a), for the word “bone” (highlighted with yel-
low background) in the first entity “bone marrow”,
we find its dependent “marrow” and the depen-
dency relation type compound between them (the
dependency with its type is highlighted in blue)
and obtain the dependency slot S(in)2 =[(morrow,
ˆcompound)].6 In this case, there is only one word
(i.e., “marrow”) associated with “bone”. Similarly,
if the word we focus on is “marrow”, the in-entity
memory slots for it should be S(in)3 = [(The, det),
(bone, compound), (produces, ˆnsubj)].

Cross-entity Memory Slots Cross-entity mem-
ory slots aim to incorporate the contextual infor-
mation along the dependency path in between the

5“The other entity” means E2 if xiu is a word in E1.
6We add a ˆ mark before the dependency type to illustrate

the directional information of the dependency type.

two entities. To construct cross-entity memory
slots, for each xiu in Eu (we denote the other en-
tity as Eũ), we firstly find the dependency path
from xiu to the last word of Eũ. The motivation
of using the last word is that noun phrases in En-
glish (entities are always noun phrases) tend to
be head-final7. Then, similar to the process of
constructing in-entity memory slots, we extract
all words along that path (including the last word
of Eũ) as well as the corresponding dependency
relation types. Finally, we regard the words as
keys and the dependency relation types as values
in the memory slots and denote the j-th memory
slot as s(cross)iu,j

= (k
(cross)
iu,j

, v
(cross)
iu,j

). As illustrated
in Figure 3(b), for “bone” (highlighted with yellow
background) in the first entity “bone marrow”, we
locate the dependency path between “bone” and the
last word “cells” of the second entity “stem cells”:
“bone – marrow – produces – cells”, as well as the
dependency relation types along that path: “com-
pound” for “bone – marrow”, “nsubj” for “mar-
row – produces”, and “dobj” for “produces – cells”
(highlighted in green). Therefore, the cross-entity
memory slots for “bone” are S(cross)2 = [(marrow,
ˆcompound), (produces, ˆnsubj), (cells, dobj)].

In summary, for xiu in in Eu, we obtain the in-
entity memory slot list S(in)iu

and the cross-entity

memory slot list S(cross)iu
, which are fed into the

TaMM module as illustrated in Figure 2.

3.2 Type-aware Map Memories

There are previous approaches for relation extrac-
tion that leverage dependency information and fo-
cus on dependencies among words without consid-
ering their dependency types. With learning from
such information, there is a nonnegligible challenge
that there are noises in the auto-generated depen-

7For example, the head of “bone marrow” is “marrow” and
the head of “stem cells” is “cells”.
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dency results, which may hurt model performance
since they provide misleading contextual informa-
tion. One straightforward way to address this issue
is to weight different dependencies according to
their contribution to the relation extraction task. As
discussed in the previous section, although KVMN
provides a way to selectively model dependency
information it is limited in omitting the contextual
information carried by the keys in the final output
from the memories.

To address the aforementioned limitations in
KVMN, we propose type-aware map memories
(TaMM) to incorporate the dependency informa-
tion carried by both the keys and values (i.e., the
memory slots), where the architecture of TaMM is
illustrated on the top right of Figure 2. Specifically,
for each word in an entity, e.g., the word xiu in
Eu (iu is the index of xiu in X and u ∈ {1, 2}),
we consider two types of dependency information,
i.e., “in-entity” and “cross-entity” dependency in-
formation, and construct their corresponding mem-
ory slots. We denote the j-th in-entity and cross-
entity memory slots as s(in)iu,j

= (k
(in)
iu,j

, v
(in)
iu,j

) and

s
(cross)
iu,j

= (k
(cross)
iu,j

, v
(cross)
iu,j

), respectively, and use
the same process to model them.

Taking the in-entity memory slots as an example,
we firstly use two matrices to map the keys k(in)iu,j

and values v(in)iu,j
in the memory slots into their em-

beddings, which are denoted by e
k,(in)
iu,j

and e
v,(in)
iu,j

,
respectively. Next, we compute the weight piu,j as-
signed for each value through the inner production
between the key embedding e

k,(in)
iu,j

and the hidden
vector of xiu (which is denoted as hiu) obtained
from the encoder in the backbone model:

piu,j =
exp

(
hiu · ek,(in)iu,j

)

∑m
(in)
iu

j=1 exp
(
hiu · ek,(in)iu,j

) (5)

where m(in)
iu

is the number of in-entity memory
slots associated with xiu . Then, we apply the
weights to the corresponding memory slots and
obtain the weighted sum (denoted as a(in)iu

) of both
keys and values through

a
(in)
iu

=

m
(in)
iu∑

j=1

piu,j(e
k,(in)
iu,j

+ e
v,(in)
iu,j

) (6)

where “+” refers to element-wise sum of vectors.
Therefore, compared to KVMN, our approach is
able to leverage both context words and depen-

ACE2005 SemEval

# Instances
Train 48,198 8,000
Dev 11,854 -
Test 10,097 2,717

# Relation Types 7 19

Table 1: The statistics (number of instances and rela-
tion types) of the two benchmark datasets.

dency types associated with xiu .
With the same process for in-entity memory

slots, we deal with the cross-entity ones and obtain
the weighted sum a

(cross)
iu

. Finally, we concatenate

the two resulting vectors by aiu = a
(in)
iu
⊕ a

(cross)
iu

with aiu denoting the output of TaMM and con-
taining the weighted dependency information to
enhance the backbone model.

3.3 Relation Extraction with TaMM
Once the TaMM is built, it is straightforward to
apply it to relation extraction through a backbone
classifier. In our approach, we use BERT (Devlin
et al., 2019) as the classifier to encode the input X
and obtain the hidden vectors for all words. Note
that we only use the hidden vectors of the words in
the two entities to predict their relations. Therefore,
for each word xiu in the entity Eu, we feed hiu
into TaMM and obtain the corresponding output
aiu . Then, we concatenate hiu and aiu , and for
each entity Eu, use the max pooling strategy to
obtain the vectorized representation ou by

ou = MaxPooling(hiu ⊕ aiu) (7)

Afterwards, we concatenate the representation of
the two entities (i.e. o1 for E1 and o2 for E2) and
pass the resulting vector through a fully connected
layer (a classifer) to obtain the final prediction ŷ by

ŷ = W · (o1 ⊕ o2) + b (8)

where W and b are the trainable weight matrix and
bias vector for the fully connected layer.

4 Experimental Settings

4.1 Datasets
Two English benchmark datasets, i.e., ACE2005EN
(ACE2005)8 and SemEval 2010 Task 8 (SemEval)9

(Hendrickx et al., 2010) are used in the experiments
to evaluate our approach. For ACE2005, we fol-
low the same preprocess as that in Christopoulou

8https://catalog.ldc.upenn.edu/
LDC2006T06.

9http://docs.google.com/View?docid=
dfvxd49s_36c28v9pmw.
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Hyper-parameters Values

Learning Rate 5e− 6, 1e− 5, 2e− 5,3e− 5
Warmup Rate 0.06, 0.1
Dropout Rate 0.1
Batch Size 16,32, 64, 128

Table 2: The hyper-parameters tested in tuning our
models. The best ones used in our final experiments
are highlighted in boldface.

et al. (2018); Ye et al. (2019), by removing the
two small subsets: cts and un, and splitting the
remaining 511 documents into three parts: 351 for
training, 80 for development and the rest 80 for
test10. For SemEval, we follow previous studies
(Hendrickx et al., 2010; Zeng et al., 2014; Zhang
and Wang, 2015; Xu et al., 2015; dos Santos et al.,
2015; Zhang et al., 2015; Wang et al., 2016; Zhou
et al., 2016; Zhang et al., 2017; Soares et al., 2019)
to use its official train/test split. The statistics of
the two datasets are summarized in Table 1.

4.2 Implementation

In our experiments, we use Standard CoreNLP
Toolkits (SCT)11 to obtain the dependency tree
for each input sentence. Since the quality of text
representation plays an important role in the per-
formance of NLP models (Komninos and Man-
andhar, 2016; Song et al., 2017, 2018; Liu and
Lapata, 2018; Song and Shi, 2018; Song et al.,
2021), we use BERT12 (Devlin et al., 2019), which
is a pre-trained language model that achieves state-
of-the-art in many NLP tasks (Wu and He, 2019;
Soares et al., 2019; Tian et al., 2020b,c, 2021a),
as the encoder in our model. Specifically, we use
the uncased version of BERT with its default set-
tings (e.g., for BERT-base, we use 12 layers of
multi-head attentions with 768 dimensional hidden
vectors; for BERT-large, we use 24 layers of multi-
head attentions with 1024 dimensional hidden vec-
tors) and fine-tune its all trainable parameters in the
training stage. For TaMM, we randomly initialize
the embeddings of all keys and values with their
dimensions matching that of the hidden vectors
from BERT. For evaluation, we follow previous
studies to use the standard micro-F1 scores13 for

10We use the dataset split from https://github.
com/tticoin/LSTM-ER/tree/master/data/
ace2005/split.

11We use SCT under version 3.9.2 from https://
stanfordnlp.github.io/CoreNLP/.

12We download different BERT models from https://
github.com/huggingface/transformers.

13We use the evaluation script from sklearn framework.

Models ACE2005 SemEval

BERT-base 75.31 87.87
+ GCN 75.59 88.19
+ GAT 76.01 88.39
+ KVMN (In) 76.40 88.73
+ TaMM (In) 76.80 88.91
+ KVMN (Cross) 76.45 88.61
+ TaMM (Cross) 76.61 88.74
+ KVMN (Both) 76.83 88.98
+ TaMM (Both) 77.07 89.18

BERT-large 76.79 89.02
+ GCN 77.17 89.43
+ GAT 77.23 89.39
+ KVMN (In) 77.32 89.42
+ TaMM (In) 77.76 89.72
+ KVMN (Cross) 77.21 89.37
+ TaMM (Cross) 77.66 89.58
+ KVMN (Both) 77.96 89.88
+ TaMM (Both) 78.98 90.06

Table 3: F1 scores of our TaMM and baselines (i.e.,
BERT, standard GCN, standard GAT, and KVMN)
on the test sets of ACE2005 and SemEval, where
BERT-base and BERT-large encoders are used. For
KVMN and TaMM, different combinations of in-entity
and cross-entity dependency information (i.e., in-entity
only, cross-entity only, and both of them) are tried.

ACE2005 and use the macro-averaged F1 scores14

for SemEval. For other hyper-parameter settings
(i.e., learning rate, warmup rate, dropout rate, and
batch size) to train our model, we report them Ta-
ble 2, where we test all combinations of them for
each model and use the one achieving the highest
F1 score in our final experiments (the best combi-
nation of them is illustrated in boldface).

5 Results and Analyses

5.1 Overall Performance
In the main experiments, we run our models us-
ing BERT-base and BERT-large encoders with
and without TaMM and try different combinations
of in-entity and cross-entity dependency informa-
tion (i.e., in-entity dependency information only,
cross-entity dependency information only, and both
of them). We also run the baselines using stan-
dard graph convolutional networks (GCN), stan-
dard graph attention networks (GAT), and KVMN
to leverage the dependency information. Table 3
shows the results (F1 scores) of different models.15

14We use the official evaluation script downloaded from
http://semeval2.fbk.eu/scorers/task08/
SemEval2010_task8_scorer-v1.2.zip.

15For the same group of models, we report the F1 scores
on the development sets in Appendix A and the mean and
standard deviation of their test set results in Appendix B.
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Models ACE2005 SemEval

Wang et al. (2016) - 88.0
Zhou et al. (2016) - 84.0
†Zhang et al. (2018) - 84.8
Christopoulou et al. (2018) 64.2 -
Ye et al. (2019) 68.9 -
*Wu and He (2019) (BERT-large) - 89.2
*Soares et al. (2019) (BERT-large) - 89.5
†Sun et al. (2020) - 86.0
†Yu et al. (2020) - 86.4
†Mandya et al. (2020) - 85.9

*TaMM (Both) (BERT-base) 77.07 89.18
*†TaMM (Both) (BERT-large) 78.98 90.06

Table 4: The comparison between our models (the ones
using TaMM (Both)) and previous studies on ACE2005
and SemEval. Models with dependency features and
BERT-large are marked by “†” and “*”, respectively.

There are several observations. First, TaMM
works well with both BERT base and large, where
consistent improvement is observed over the BERT-
base and BERT-large baselines across all datasets,
although they have already achieved very good per-
formance. Second, TaMM outperforms standard
GCN and GAT models, which can be attributed to
our modeling of dependency type information in
TaMM. Third, under all the three settings to incor-
porate different types of dependency information
(i.e., in-entity, cross-entity, and both), our models
with TaMM outperforms the BERT baseline and
the highest F1 score is achieved when both in-entity
and cross-entity dependency information are used
(i.e., + TaMM (Both)). This observation confirms
the individual contribution of in-entity and cross-
entity dependency information as well as the effec-
tiveness of our approach to leverage them together
to improve model performance. Fourth, compared
with our TaMM models using cross-entity depen-
dency information only (i.e., + TaMM (Cross)),
the models using in-entity dependency informa-
tion only (i.e., + TaMM (In)) achieves higher re-
sults in most cases. One possible explanation could
be the following. There are overlaps between in-
entity dependencies and cross-entity dependencies.
For example, the dependency between “bone” and
“marrow” is shared by both in-entity dependencies
and cross-entity dependencies in Figure 3. There-
fore, with in-entity dependency only, TaMM not
only leverages the contextual words directly asso-
ciated with the entities themselves, but also can
still partially benefit from the contextual informa-
tion along the dependency path, whereas TaMM
with cross-entity dependency only fails to leverage
the contextual words directly associated with the
entities, which leads TaMM (In) to achieve better

Models Order ACE2005 SemEval

Baseline N/A 76.79 89.02

TaMM (In) 1st 77.76 89.72
2nd 77.53 89.59
3rd 78.05 89.79

TaMM (Both) 1st 78.98 90.06
2nd 78.27 89.95
3rd 78.41 89.91

Table 5: F1 scores of models using BERT-large and
TaMM (In/Both) to leverage 1st-, 2nd-, and 3rd-order
dependencies. “N/A” refers to no order can be applied.

performance than TaMM (Cross). Fifth, for all the
settings, our model with TaMM consistently out-
performs the baselines with KVMN, which demon-
strates the effectiveness of our approach to improve
relation extraction. The explanation is that TaMM
is able to leverage both context words (keys) and
dependency types (values) at the same time, while
KVMN fails to incorporate the context information
carried by keys, which leads KVMN to omit some
important features and thus get inferior results.

Moreover, we compare our model under the best
setting (i.e., the ones using TaMM to leverage both
in-entity and cross-entity dependency relation) with
previous studies and report the results (F1 scores) in
Table 4. It is found that our model with BERT-large
encoder outperforms all previous studies (including
the ones also using BERT-large encoder).

5.2 The Effect of Dependency Information

To analyze the effect of using dependency infor-
mation, we perform three investigations on models
using BERT-large encoder.

The first investigation is to examine different
orders of dependencies used in TaMM. Previous
experiments showed the effectiveness of our model
with TaMM on first-order word dependencies. We
also try second- and third-order dependencies via
the model (i.e., large BERT) with TaMM (Both).
The results (with scores from the first-order depen-
dencies) are reported on table 5, where the cor-
responding results from the models with TaMM
(In) as well as the BERT-large baseline are also
reported. The observations are drawn as follows.
First, models with TaMM under all settings outper-
forms the BERT-large baseline, which is confirmed
by all results on both datasets. Second, models with
TaMM (Both) consistently outperform the ones
with TaMM (in) under the same setting, which in-
dicates the cross-entity dependencies are able to
bring greater improvements. Third, for models
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Figure 4: The performance of BERT-large baseline
and our TaMM (both) on test instances from SemEval
grouped by the entities’ distance (i.e., the number of
words between two entities).

with TaMM (Both), using higher order dependen-
cies often results in inferior results; while the trend
is on the opposite for models with TaMM (in). One
possible explanation is that for TaMM (both), most
essential word dependencies in between the two
entities have already been encoded, higher order
dependencies sometimes introduce noise other than
useful information; while for TaMM (In), leverag-
ing higher order dependencies allows the model
to cover more contextual information along the
dependency path between two entities.

The second is to explore the performance of our
model on different test instances grouped by their
entity distance (i.e., the number of words between
the two entities), to see whether our approach can
capture long-distance word-word dependencies and
help with relatin extraction. In doing so, we split
the test set of SemEval into three groups according
to the entity distance (i.e., from 0 to 4, from 5 to 9,
and higher than 10) and perform our best TaMM
model and the BERT baseline on them. Figure 4 il-
lustrates the performance of TaMM (i.e., the orange
bar) and BERT (i.e., the blue bar). It can be found
that our TaMM outperforms the BERT-baseline
on all three groups of test instances, where bigger
gaps can be observed when the entities’ distance
goes higher. This observation demonstrates the ef-
fectiveness of our approach to encode dependency
information to improve relation extraction.

The third investigation is to explore the effect of
TaMM using different dependency parsers. Specifi-
cally, in addition to the Stanford CoreNLP Toolk-
its (SCT) used in the main experiments, we also
try spaCy16 to obtain the dependency trees and re-
port the results (with BERT-large encoder) in Table
6. It is found that models with different depen-
dency parsers consistently outperform the BERT-
large baseline, which indicates the robustness of
our model design in improving relation extraction.

16https://spacy.io/

Models Parser ACE2005 SemEval

Baseline N/A 76.79 89.02
TaMM (In) SCT 77.76 89.72

spaCy 77.74 89.78
TaMM (Cross) SCT 77.66 89.58

spaCy 77.60 89.61
TaMM (Both) SCT 78.98 90.06

spaCy 78.92 90.01

Table 6: F1 scores of models using BERT-large and
TaMM (In/Cross/Both) to leverage dependency infor-
mation from different parsers (i.e., SCT and spaCy).

5.3 Case Study
To examine how TaMM leverages dependency in-
formation to improve model performance, in Fig-
ure 5, we show an example input where our ap-
proach successfully predicts the relation in be-
tween the two entities (in red colors) to be “Entity-
Destination”, while the BERT-large baseline fails
to do so (“Component-Whole”). In the figure, the
dependencies between words are highlighted in
different colors to represent the total weights as-
signed to their corresponding in-entity and cross-
entity memory slots, where darker color refers to
higher weight. Overall, we find that the most em-
phasized dependencies are along the dependency
path connecting the two entities, where the mem-
ory slots for those dependencies receive the highest
weights. For the first entity “treadmill”, the depen-
dency type ˆnsubj: pass (passive nominal subject)
in the highlighted memory slot (installed, ˆnsubj:
pass) suggests the first entity is the patient of the ac-
tion install; similarly, for the second entity “space
station”, the highlighted dependency type ˆobj (ob-
ject) suggests this entity is the location of the action
install given the fact that the input is a passive sen-
tence. Therefore, our approach is able to leverage
these cues learned from word dependencies and
their dependency types so as to predict the correct
relation for the two entities: “Entity-Destination”.

6 Related Work

Relation extraction is an important task in NLP,
which significantly relies on a good modeling of
the contextual information to achieve outstanding
model performance. To improve the capability of
context modeling for relation extraction, studies in
the past decade leverage neural networks, such as
using CNN (Zeng et al., 2014; Wang et al., 2016),
RNN (Socher et al., 2012; Xu et al., 2015; Zhou
et al., 2016) and BERT encoders (Wu and He, 2019;
Soares et al., 2019; Wang et al., 2019). To further
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Figure 5: An example input fed into our model with TaMM (Both) and its correctly predicted relation between
the two entities marked in red. Word dependencies are highlighted in different colors to visualize the total weights
assigned to their corresponding in-entity and cross-entity memory slots, where darker color refers to higher weight.

enhance the models for this task, incorporating
extra knowledge into the models has been proved
as an effective method, where normally three types
of extra knowledge are used: lexical, syntactic and
semantic knowledge, and syntactic knowledge has
been proved to be useful for this task (Xu et al.,
2015). With this finding, there are studies also
using advanced neural architecture, such as graph
convolutional networks, to incorporate syntactic
knowledge from auto-generated dependency parse
of the input sentence (Zhang et al., 2018; Guo et al.,
2019; Sun et al., 2020; Yu et al., 2020; Mandya
et al., 2020). Compared to the aforementioned
studies, TaMM offers a simple yet effective non-
graph-based approach to leverage dependencies
for relation extraction. TaMM provides the ability
not only incorporate both word dependencies and
their types into the model to help improve relation
extraction performance, but also discriminatively
leverage the dependencies by assigning different
weights to them, which can address the potential
noise in the auto-generated dependencies and thus
further improve model performance.

7 Conclusion

In this paper, we proposed an effective method
for relation extraction with word dependencies en-
coded by TaMM, whose keys and values are built
upon the dependency tree of the input sentence ob-
tained from off-the-shelf toolkits. Particularly, for
each entity in the sentence, we extract words asso-
ciated with it according to the dependency parse
of the input sentence and their corresponding de-
pendency relation types. Then, we use TaMM to
encode and weight such information and integrate it
into the relation extraction task. The novelty of this
work lies in the modeling of contextual informa-

tion through dependencies and their relation types
encoded in TaMM. Experimental results on two
public English benchmark datasets illustrate the
effectiveness of our approach with state-of-the-art
performance achieved on all datasets.
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Appendix A. Experimental Results on the
Development Set

Table 7 reports the F1 scores of different models
on the development set of ACE2005.17

Models BERT-base BERT-Large

BERT 75.03 76.51

+ GCN 75.33 76.82
+ GAT 75.77 76.89

+ KVMN (In) 76.28 77.10
+ TaMM (In) 76.61 77.52

+ KVMN (Cross) 76.25 77.06
+ TaMM (Cross) 76.54 77.44

+ KVMN (Both) 76.49 77.48
+ TaMM (Both) 76.86 78.13

Table 7: F1 scores of models with different configu-
rations (i.e., the ones using base or large BERT with
KVMN or TaMM and different combinations of in-
entity and cross-entity dependency information) on the
development set of ACE2005 for relation extraction.

Appendix B. Mean and Deviation of the
Results

In the experiments, we test models with different
configurations. For each model, we train it with
the best hyper-parameter setting using five different
random seeds. We report the mean (µ) and standard
deviation (σ) of the F1 scores on the test set of
ACE2005 and SemEval in Table 8.

17SemEval does not have an official dev set.

Models
ACE2005 SemEval
µ σ µ σ

BERT-base 74.86 0.42 87.48 0.38

+ GCN 75.15 0.31 88.02 0.16
+ GAT 75.70 0.29 88.01 0.36

+ KVMN (In) 76.15 0.24 88.62 0.10
+ TaMM (In) 76.61 0.18 88.76 0.14

+ KVMN (Cross) 75.99 0.42 88.43 0.16
+ TaMM (Cross) 76.43 0.14 88.49 0.24

+ KVMN (Both) 76.44 0.34 88.59 0.36
+ TaMM (Both) 76.59 0.46 88.96 0.19

BERT-large 76.28 0.47 88.66 0.34

+ GCN 76.29 0.46 89.15 0.26
+ GAT 76.82 0.32 89.12 0.25

+ KVMN (In) 76.98 0.33 89.23 0.13
+ TaMM (In) 77.35 0.38 89.48 0.26

+ KVMN (Cross) 77.06 0.13 89.19 0.17
+ TaMM (Cross) 77.31 0.34 89.45 0.12

+ KVMN (Both) 77.08 0.49 89.61 0.23
+ TaMM (Both) 78.62 0.32 89.88 0.16

Table 8: The mean µ and standard deviation σ of ac-
curacy and F1 scores of all models (i.e., the ones us-
ing base or large BERT with KVMN or TaMM and
different combinations of in-entity and cross-entity de-
pendency information) on the test set of ACE2005 and
SemEval for relation extraction.
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Abstract

To build a high-quality open-domain chatbot,
we introduce the effective training process of
PLATO-2 via curriculum learning. There are
two stages involved in the learning process.
In the first stage, a coarse-grained genera-
tion model is trained to learn response gener-
ation under the simplified framework of one-
to-one mapping. In the second stage, a fine-
grained generative model augmented with la-
tent variables and an evaluation model are
further trained to generate diverse responses
and to select the best response, respectively.
PLATO-2 was trained on both Chinese and En-
glish data, whose effectiveness and superior-
ity are verified through comprehensive evalu-
ations, achieving new state-of-the-art results.

1 Introduction

Recently, task agnostic pre-training with large-
scale transformer models has achieved great suc-
cess in natural language processing (Devlin et al.,
2019), especially open-domain dialogue genera-
tion. For instance, based on the general language
model GPT-2 (Radford et al., 2019), DialoGPT
(Zhang et al., 2020) is further trained for response
generation using Reddit comments. To obtain a
human-like open-domain chatbot, Meena (Adiwar-
dana et al., 2020) scales up the network parameters
to 2.6B and employs more social media conver-
sations in the training process, leading to signifi-
cant improvement on response quality. To mitigate
undesirable toxic or bias traits of large corpora,
Blender (Roller et al., 2021) fine-tunes the pre-
trained model with human annotated datasets and
emphasizes desirable conversational skills of en-
gagingness, knowledge, empathy and personality.

In addition to the attempts from model scale
and data selection, PLATO (Bao et al., 2020) aims

∗Equal contribution.

Stage 1
Coarse-grained Generation

One-to-One Mapping
General Response Generation

Stage 2.1
Fine-grained Generation

One-to-Many Mapping
Diverse Response Generation

Stage 2.2
Evaluation

Response Coherence
Estimation

Figure 1: Curriculum learning process in PLATO-2.

to tackle the inherent one-to-many mapping prob-
lem to improve response quality. The one-to-many
mapping refers to that one dialogue context might
correspond to multiple appropriate responses. It
is widely recognized that the capability of model-
ing one-to-many relationship is crucial for open-
domain dialogue generation (Zhao et al., 2017;
Chen et al., 2019). PLATO explicitly models this
one-to-many relationship via discrete latent vari-
ables, aiming to boost the quality of dialogue gener-
ation. PLATO has a modest scale of 132M network
parameters and trained with 8M samples, achieving
relatively good performance among conversation
models on a similar scale. However, scaling up
PLATO directly encounters training instability and
efficiency issues, which might result from the diffi-
culty to capture the one-to-many semantic relation-
ship from scratch.

In this work, we try to scale up PLATO to
PLATO-2 and introduce an effective training
schema via curriculum learning (Bengio et al.,
2009). There are two stages involved in the whole
learning process, as shown in Figure 1. In the first
stage, under the simplified one-to-one mapping
modeling, a coarse-grained generation model is
trained for response generation under different con-
versation contexts. This model tends to capture
typical patterns of diversified responses, sometimes
resulting in general and dull responses during in-
ference. Despite the problem of safe responses,
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Context: How’s your vacation?

Amazing! I had a wonderful trip to Hawaii.

Quite boring, how’s yours?

1

2

𝐾
. . .

I went hiking with my family.

Response: Amazing! I had a wonderful 
trip to Hawaii.

Training Phase Inference Phase

Self-attention Visualization Training Objectives

Figure 2: PLATO-2 illustration. Left: training phase via curriculum learning, model parameters in the second stage
are warm started by those trained well in the first stage. Right: toy example to illustrate inference phase.

this coarse-grained model is still highly effective in
learning general concepts of response generation.

The curriculum learning continues to the second
stage, which contains the training of a fine-grained
generation model and an evaluation model. The
fine-grained generation model explicitly models
the one-to-many mapping relationship via latent
variables for diverse response generation. To select
the most appropriate response, an evaluation model
is trained to estimate the bi-directional coherence
between the dialogue context and responses. Dis-
tinct with multi-task PLATO, the separate design
of fine-grained generation and evaluation enables
the model to concentrate more on its corresponding
task, getting exempt from multi-task disturbance
(Standley et al., 2020).

As compared with PLATO, PLATO-2 leverages
curriculum learning to learn response generation
gradually, from the general concept of one-to-one
mapping to the complex concept of one-to-many
mapping. With curriculum learning, we success-
fully scale the model up to billions of parame-
ters, achieving new state-of-the-art results. Besides
open-domain chitchat, the models learned in these
two stages can also benefit task-oriented conver-
sation and knowledge grounded dialogue respec-
tively, whose effectiveness is verified thoroughly
in DSTC9 (Gunasekara et al., 2020).

To sum up, we trained PLATO-2 with different
model sizes: 1.6B, 314M and 93M parameters. In
addition to the English models, we also trained Chi-
nese models with massive social media conversa-

tions. Comprehensive experiments on both English
and Chinese datasets demonstrate that PLATO-2
outperforms Meena, Blender and other state-of-the-
art models. We have released our English models
and source codes at GitHub, hoping to facilitate the
research in open-domain dialogue generation.1

2 Methodology

The backbone of PLATO-2 is consisted of trans-
former blocks with pre-normalization (Radford
et al., 2019). Distinct with conventional Seq2Seq,
there are no separate encoder and decoder networks
in our infrastructure. PLATO-2 keeps the unified
network for bi-directional context encoding and
uni-directional response generation through flexi-
ble attention mechanism (Dong et al., 2019).

2.1 Curriculum Learning

In this work, we carry out effective training of
PLATO-2 via curriculum learning. As shown in
Figure 2, there are two stages involved in the learn-
ing process: during stage 1, a coarse-grained base-
line model is trained for general response genera-
tion under the simplified one-to-one mapping rela-
tionship; during stage 2, two models of fine-grained
generation and evaluation are further trained for di-
verse response generation and response coherence
estimation respectively.

1https://github.com/PaddlePaddle/
Knover/tree/develop/projects/PLATO-2
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2.1.1 General Response Generation
It is well known that there exists a one-to-many
relationship in open-domain conversations, where
a piece of context may have multiple appropriate
responses. Since conventional approaches try to
fit the one-to-one mapping, they tend to generate
generic and dull responses. Whereas, it is still an
efficient way to capture the general characteristics
of response generation. As such, we first train a
coarse-grained baseline model to learn general re-
sponse generation under the simplified relationship
of one-to-one mapping. Given one training sample
of context and response (c, r), we need to minimize
the following negative log-likelihood (NLL) loss:

LBaseline
NLL = −E log p(r|c)

= −E
∑T

t=1
log p(rt|c, r<t) ,

(1)

where T is the length of the target response r and
r<t denotes previously generated words. Since the
response generation is a uni-directional decoding
process, each token in the response only attends to
those before it, shown as dashed orange lines in Fig-
ure 2. As for the context, bi-directional attention is
enabled for better natural language understanding,
shown as blue lines in Figure 2.

2.1.2 Diverse Response Generation
Based upon the coarse-grained baseline model, di-
verse response generation is warm started and fur-
ther trained under the relationship of one-to-many
mapping. Following the previous work PLATO, the
discrete latent variable z is introduced for the one-
to-many relationship modeling. z is one K-way
categorical variable, with each value correspond-
ing to a particular latent speech act in the response.
The model will first estimate the latent act distri-
bution of the training sample p(z|c, r) and then
generate the response with the sampled latent vari-
able p(r|c, z). It is notable that these two tasks of
response generation and latent act recognition are
trained jointly within the shared network. The NLL
loss of diverse response generation is defined as:

LGeneration
NLL = −Ez∼p(z|c,r) log p(r|c, z)

= −Ez∼p(z|c,r)
T∑

t=1

log p(rt|c, z, r<t) ,
(2)

where z is the latent act sampled from p(z|c, r).
As sampling is not differentiable, we approximate
it with Gumbel-Softmax (Jang et al., 2017). The

posterior distribution over latent values is estimated
through the task of latent act recognition:

p(z|c, r) = softmax(W1h[M ] + b1) ∈ RK , (3)

where h[M ] ∈ RD is the final hidden state of
the special mask token [M], W1 ∈ RK×D and
b1 ∈ RK denote the weight matrices of one fully-
connected layer.

To facilitate the training process of discrete la-
tent variables, the bag-of-words (BOW) loss (Zhao
et al., 2017) is also employed:

LGeneration
BOW = −Ez∼p(z|c,r)

∑T

t=1
log p(rt|c, z)

= −Ez∼p(z|c,r)
∑T

t=1
log

efrt∑
v∈V e

fv
,

(4)

where V refers to the whole vocabulary. The func-
tion f tries to predict the words within the target
response in a non-autoregressive way:

f =W2hz + b2 ∈ R|V | , (5)

where hz is the final hidden state of the latent vari-
able. frt denotes the estimated probability of word
rt. As compared with NLL loss, the BOW loss dis-
cards word orders and forces the latent variable to
capture the global information of target response.

To sum up, the objective of the fine-grained gen-
eration model is to minimize the following inte-
grated loss:

LGeneration = LGeneration
NLL + LGeneration

BOW (6)

2.1.3 Response Coherence Estimation
By assigning distinct values to the latent variable,
the fine-grained generation model is able to pro-
duce multiple high-quality and diverse responses.
To select the most appropriate response from these
candidates, one straightforward way is to rank them
according to p(z|c)p(r|c, z). However, it is widely
recognized that the prior distribution p(z|c) is dif-
ficult to estimate and the uniform distribution is
not an effective approximation. To this end, we
adopt an alternative approach to train an evaluation
model in the second stage, estimating the coher-
ence between each response and the given dialogue
context. The loss of response coherence estimation
(RCE) is defined as follows:

LEvaluation
RCE =− log p(lr = 1|c, r)

− log p(lr− = 0|c, r−)
(7)
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The positive training samples come from the dia-
logue context and corresponding target response
(c, r), with coherence label lr = 1. And the neg-
ative samples are created by randomly selecting
responses from the corpus (c, r−), with coherence
label lr− = 0.

In addition to our coherence evaluation function
p(lr|c, r), there are two other functions widely used
for response selection. One is the length-average
log-likelihood (Adiwardana et al., 2020), which
considers the forward response generation proba-
bility p(r|c). The other one is the maximum mutual
information (Zhang et al., 2020), which considers
the backward context recovery probability p(c|r).
However, the forward score favors safe and generic
responses due to the property of maximum likeli-
hood, while the backward score tends to select the
response with a high overlap with the context, re-
sulting in repetitive conversations. By contrast, the
discriminative function p(lr|c, r) considers the bi-
directional information flow between the dialogue
context and response. Our coherence evaluation
is able to ameliorate the aforementioned problems,
whose effectiveness is verified in the experiments.

To maintain the capacity of distributed represen-
tation, the task of masked language model (MLM)
(Devlin et al., 2019) is also included in the evalu-
ation network. Within this task, 15% of the input
tokens will be masked at random and the network
needs to recover the masked ones. The MLM loss
is defined as:

LEvaluation
MLM = −E

∑
m∈M

log p(xm|x\M ), (8)

where x refers to the input tokens of context and
response. {xm}m∈M stands for masked tokens and
x\M denotes the rest unmasked ones.

To sum up, the objective of the evaluation model
is to minimize the following integrated loss:

LEvaluation = LEvaluation
RCE + LEvaluation

MLM (9)

2.2 Inference
For open-domain chitchat, the inference is carried
out with the second stage’s models as follows.
1) Diverse response generation. Conditioned on

each latent value z ∈ {1, · · · ,K}, its corre-
sponding candidate response rz is produced by
the fine-grained generation model p(rz|c, z).

2) Response coherence estimation. The evalua-
tion model will preform ranking and select the
one with highest coherence value as the final
response r∗ = argmaxrz p(lrz = 1|c, rz).

3 Experiments

3.1 Training Data

PLATO-2 has English and Chinese models, with
training data extracted from open-domain social
media conversations. The English training data is
extracted from Reddit comments, which are col-
lected by a third party and made publicly available
on pushshift.io (Baumgartner et al., 2020). To im-
prove the generation quality, we carry out elaborate
data cleaning, as discussed in the Appendix. After
filtering, the data is split into training and valida-
tion sets in chronological order. The training set
contains 684M (context, response) samples, rang-
ing from December 2005 to July 2019. For the
validation set, 0.2M samples are selected from the
rest data after July 2019. The English vocabulary
contains 8K BPE tokens (Sennrich et al., 2016),
constructed with the SentencePiece library.

The Chinese training data is collected from pub-
lic domain social medias. After filtering, there are
1.2B (context, response) samples in the training set,
0.1M samples in the validation set, and 0.1M sam-
ples in the test set. As for the Chinese vocabulary,
it contains 30K BPE tokens.

3.2 Training Details

PLATO-2 has three model sizes: a standard ver-
sion of 1.6B parameters, a small version of 314M
parameters, and a tiny version of 93M parameters.
Detailed network and training configurations are
summarized in the Appendix. The main hyper-
parameters used in the training process are listed
as follows. The maximum sequence lengths of con-
text and response are all set to 128. K is set to 20
for the discrete latent variable (Bao et al., 2020;
Chen et al., 2019). We use Adam (Kingma and
Ba, 2015) as the optimizer, with a learning rate
scheduler including a linear warmup and an invsqrt
decay (Vaswani et al., 2017). To train the large-
scale model with a relatively large batch size, we
employ gradient checkpointing (Chen et al., 2016)
to trade computation for memory. The training was
carried out on 64 Nvidia Tesla V100 32G GPU
cards. It takes about 3 weeks for 1.6B parameter
model to accomplish curriculum learning process.

3.3 Evaluation Settings

3.3.1 Compared Methods
The following methods have been compared in the
experiments.
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• PLATO (Bao et al., 2020) is trained on the basis
of BERTBASE using 8.3M Twitter and Reddit con-
versations (Cho et al., 2014; Zhou et al., 2018;
Galley et al., 2019). There are 132M network
parameters in this model.

• DialoGPT (Zhang et al., 2020) is trained on
the basis of GPT-2 (Radford et al., 2019) using
Reddit comments. There are three model sizes:
117M, 345M and 762M. Since the 345M param-
eter model obtains the best performance in their
evaluations, we compare with this version.

• Blender (Roller et al., 2021) is first trained us-
ing Reddit comments and then fine-tuned with
human annotated conversations – BST (Smith
et al., 2020), to help emphasize desirable conver-
sational skills of engagingness, knowledge, em-
pathy and personality. Blender has three model
sizes: 90M, 2.7B and 9.4B. Since the 2.7B pa-
rameter model obtains the best performance in
their evaluations, we compare with this version.

• Meena (Adiwardana et al., 2020) is an open-
domain chatbot trained with social media conver-
sations. There are 2.6B network parameters in
Meena. Since Meena has not released the model
or provided a service interface, it is difficult to
perform comprehensive comparison. In the ex-
periments, we include the provided samples in
their paper for static evaluation.

• Microsoft XiaoIce (Zhou et al., 2020) is a popular
social chatbot in Chinese. The official Weibo
platform is used in the evaluation.
For the sake of comprehensive and fair compar-

isons, different versions of PLATO-2 are included
in the experiments.
• PLATO-2 1.6B parameter model is the standard

version in English, which is first trained using
Reddit comments and then fine-tuned with BST
conversations. To measure the effectiveness of
PLATO-2, this model will be compared to the
state-of-the-art open-domain chatbot Blender.

• PLATO-2 314M parameter model is a small ver-
sion in English, which is trained with Reddit
comments. This model will be compared to Di-
aloGPT, as they have similar model scales.

• PLATO-2 93M parameter model is a tiny version
in English, which is trained with Reddit com-
ments. As it is difficult to scale up PLATO, we
use this version to compare with PLATO.

• PLATO-2 336M parameter Chinese model2 will
be compared to XiaoIce in the experiments.

2This model has 24 transformer blocks and 16 attention

3.3.2 Evaluation Metrics
We carry out both automatic and human evaluations
in the experiments. In automatic evaluation, to
assess the model’s capacity on lexical diversity, we
use the corpus-level metric of distinct-1/2 (Li et al.,
2016a), which is defined as the number of distinct
uni- or bi-grams divided by the total number of
generated words.

In human evaluation, we employ four utterance-
level and dialogue-level metrics, including coher-
ence, informativeness, engagingness and human-
ness. Three crowd-sourcing workers are asked to
score the response/dialogue quality on a scale of
[0, 1, 2], with the final score determined through
majority voting. The higher score, the better. These
criteria are discussed as follows, with scoring de-
tails provided in the Appendix.
• Coherence is an utterance-level metric, measur-

ing whether the response is relevant and consis-
tent with the context.

• Informativeness is also an utterance-level metric,
evaluating whether the response is informative or
not given the context.

• Engagingness is a dialogue-level metric, assess-
ing whether the annotator would like to talk with
the speaker for a long conversation.

• Humanness is also a dialogue-level metric, judg-
ing whether the speaker is a human being or not.

3.4 Experimental Results

In the experiments, we include both static and in-
teractive evaluations.

3.4.1 Self-Chat Evaluation
Self-chats have been widely used in the evaluation
of dialogue systems (Li et al., 2016b; Bao et al.,
2019; Roller et al., 2021), where a model plays
the role of both partners in the conversation. As
compared with human-bot conversations, self-chat
logs can be collected efficiently at a cheaper price.
As reported in Li et al. (2019), self-chat evaluations
exhibit high agreement with the human-bot chat
evaluations. In the experiments, we ask the bot to
perform self-chats and then invite crowd-sourcing
workers to evaluate the dialogue quality.

The way to start the interactive conversation
needs special attention. As pointed out by Roller
et al. (2021), if starting with ‘Hi!’, partners tend

heads, with the embedding dimension of 1024. As the Chinese
vocabulary contains 30K BPE tokens, this model has 22.5M
more parameters than the English small model.
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Model
Human Evaluation Automatic Evaluation Average

LengthCoherence Informativeness Engagingness Humanness Distinct-1 Distinct-2

PLATO 0.568 0.564 0.340 0.280 0.042 0.255 34.961

PLATO-2 93M 0.688 0.672 0.640 0.560 0.047 0.276 18.292

DialoGPT 0.720 0.712 0.340 0.100 0.150 0.508 9.335

PLATO-2 314M 1.572 1.620 1.300 1.160 0.065 0.435 22.732

Blender 1.856 1.816 1.820 1.540 0.117 0.385 16.873

PLATO-2 1.6B 1.920 1.892 1.840 1.740 0.169 0.613 15.736

Table 1: Self-chat evaluation results, with best value written in bold.

Model
Human Evaluation Automatic Evaluation Average

LengthCoherence Informativeness Engagingness Humanness Distinct-1 Distinct-2

Microsoft XiaoIce 0.869 0.822 0.560 0.260 0.289 0.764 6.979

PLATO-2 336M Chinese 1.737 1.683 1.600 1.480 0.212 0.713 6.641

Table 2: Chinese interactive evaluation results, with best value written in bold.

to greet with each other and only cover some shal-
low topics in the short conversation. Therefore,
to expose the model’s weaknesses and explore the
model’s limits, we choose to start the interactive
conversation with pre-selected topics. We use the
classical 200 questions as the start topic (Vinyals
and Le, 2015) and ask the bot to performance self-
chats given the context. There are 10 utterances in
each dialogue, including the input start utterance.
We carry out automatic evaluation on the 200 self-
chat logs and randomly select 50 conversations for
human evaluation.

The compared models are divided into three
groups. The first group includes PLATO 132M
model and PLATO-2 93M model. Both of them
have similar model scales. The second group
includes DialoGPT 345M model and PLATO-2
310M model. Both of them are trained using Reddit
comments and have similar model scales. The third
group includes Blender 2.7B model and PLATO-2
1.6B model. Both of them are first trained using
Reddit comments and further fine-tuned with BST
conversations. In human evaluation, two self-chat
logs, which are from the same group and have the
same start topic, will be displayed to three anno-
tators. One example is given in Figure 3. As sug-
gested in ACUTE-Eval (Li et al., 2019), we ask
crowd-sourcing workers to pay attention to only
one speaker within a dialogue. In the evaluation,
they need to give scores on coherence and infor-
mativeness for each P1’s utterance, and assess P1’s
overall quality on engagingness and humanness.

The self-chat evaluation results are summarized
in Table 1. These results indicate that PLATO-2
1.6B model obtains the best performance across
human and automatic evaluations. In the first
group, PLATO-2 achieves better performance than
PLATO on a similar model scale, which might
mainly result from the stable curriculum learning
and large-scale conversation data. In the second
group, DialoGPT tends to generate repetitive con-
versations due to the backward scoring function,
resulting in poor performance in interactive evalua-
tion. In the third group, PLATO-2 outperforms the
state-of-the-art open-domain chatbot Blender. The
gap of Blender and PLATO-2 on the corpus-level
metric distinct-1/2 suggests that PLATO-2 has a
better capacity on lexical diversity. In addition, the
difference among these three groups suggests that
enlarging model scales and exploiting human an-
notated conversations help improve the dialogue
quality.

3.4.2 Human-Bot Chat Evaluation

In the Chinese evaluation, it is difficult to carry out
self-chats for Microsoft XiaoIce, as there is no pub-
lic available API. Therefore, we collect human-bot
conversations through their official Weibo platform.
The interactive conversation also starts with a pre-
selected topic and continues for 7-14 rounds. 50 di-
verse topics are extracted from the high-frequency
topics of a commercial chatbot, including travel,
movie, hobby and so on. The collected human-
bot conversations are distributed to crowd-sourcing
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do you drink alcohol ?

No, I do not drink alcohol. I don't like the way it 
makes me feel.

i know what you mean . i don't drink either . i just 
don't see the point .

Yeah, it's not for everyone. Some people like it, 
but I'm not one of them.

i feel the same . it's just not for me . what do you 
like to do for fun ?

I like to play video games, watch movies, and 
hang out with friends. What about you?

that's cool . i like to go to the movies too . what's 
your favorite movie ?

I like a lot of movies, but my favorite of all time is 
The Godfather Part II. What's yours?

i love the godfather too . i think my favorite is the 
first one . what about you ?

I think the second one is my favorite. I love 
Michael Corleone. What do you do for a living?

do you drink alcohol ?

i drink beer but not often

that is fine, do you like sweet or bitter alcohol?

i like bitter alcohols more, but i do like both. i
don't drink often enough though.

i prefer bitter alcohol as well. what is your 
favorite beer?

my favorite brewery that serves beer is founders. 
they have excellent brown ales.

founders is very good. they are based out of 
detroit but the brewery is in royal oak ohio

yes they're in royal oak! have you ever been to 
founders? they have two breweries in pittsburgh
and columbus

i have been to founders brewery in columbus! 
great place to visit.

i've always wanted to go! i'd love to visit the one 
in columbus

Start

P1

P2

P1

P2

P1

P2

P1

P2

P1

Start

P1

P2

P1

P2

P1

P2

P1

P2

P1

Blender 2.7B PLATO-2 1.6B

Figure 3: Self-chat examples by Blender and PLATO-2.

workers for evaluation. The human and automatic
evaluation results are summarized in Table 2. Xi-
aoIce obtains higher distinct values, which may use
a retrieval-based strategy in response generation.
The human evaluations indicate that our PLATO-
2 model achieves significant improvements over
XiaoIce across all the human evaluation metrics.

3.4.3 Static Evaluation

Besides the interactive evaluation, we also em-
ploy static evaluation to analyze the model’s per-
formance. In static evaluation, each model will
produce a response towards the given multi-turn
context. Those powerful models are involved in
the evaluation: Meena, Blender, DialoGPT and
PLATO-2 1.6B. To compare with Meena, we in-
clude their provided 60 static samples in the Ap-
pendix of the paper and generate corresponding
responses with other models. We also include 60
test samples about daily life from Daily Dialog (Li
et al., 2017) and 60 test samples about in-depth dis-
cussion from Reddit. Given that the measurement
of humanness usually needs multi-turn interaction,
this metric is excluded from static evaluation. The
evaluation results are summarized in Table 3. It can
be observed that PLATO-2 is able to produce co-
herent, informative and engaging responses across
different chat scenarios. The average Fleiss’s kappa
(Fleiss, 1971) of human evaluation is 0.466, indicat-
ing annotators have reached moderate agreement.

Model
Meena Samples

Coherence Informativeness Engagingness

Meena 1.750 1.617 1.583

DialoGPT 1.233 1.067 1.017

Blender 1.800 1.767 1.683

PLATO-2 1.6B 1.900 1.917 1.850

Model
Daily Dialog Samples

Coherence Informativeness Engagingness

DialoGPT 1.117 1.033 0.917

Blender 1.767 1.617 1.633

PLATO-2 1.6B 1.867 1.850 1.833

Model
Reddit Samples

Coherence Informativeness Engagingness

DialoGPT 1.283 1.283 1.183

Blender 1.767 1.550 1.583

PLATO-2 1.6B 1.900 1.900 1.883

Table 3: Static evaluation results, with the best scores
written in bold.

3.5 Discussions

3.5.1 Case Analysis
To further analyze the models’ features, two self-
chat examples of Blender and PLATO-2 are pro-
vided in Figure 3. Although both models are able to
produce high-quality engaging conversations, they
exhibit distinct discourse styles. Blender tends to
switch topics quickly in the short conversation, in-
cluding alcohol, hobbies, movies and work. The
emergence of this style might be related with BST
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Blender Win Tie PLATO-2 Win

In-depth Discussion 8 18 24

Table 4: In-depth discussion w.r.t. the start topic.

PLATO-2
Stage-1 Win Tie PLATO-2

Stage-2 Win

Engagingness 3 31 16

Humanness 6 29 15

Table 5: Comparison of the models in PLATO-2.

fine-tuning data. For instance, persona chat in BST
is about the exchange of personal information be-
tween two partners, where topics need to switch
quickly to know more about each other. Due to
the task settings of data collection, some human
annotated conversations might be a little unnatural.
Nevertheless, fine-tuning with BST conversations
is essential to mitigate undesirable toxic traits of
large corpora and emphasize desirable skills of hu-
man conversations.

Distinct with Blender, PLATO-2 can stick to the
start topic and conduct in-depth discussions. The
reasons might be two-fold. First, our model is able
to generate diverse and informative responses with
the accurate modeling of one-to-many relationship.
Second, the evaluation model helps select the coher-
ent response and stick to current topic. We asked
crowd-sourcing workers to annotate which model’s
in-depth discussion is better w.r.t. the start topic.
The comparison result is shown in Table 4, which
also verifies our above analysis on discourse styles.

3.5.2 Why PLATO-2 Performs Better?
Why PLATO-2 achieves better performance as
compared with Meena, Blender and other state-of-
the-art models? As analyzed above, major reasons
might come from two aspects: fine-grained gen-
eration and evaluation. First, PLATO-2 employs
discrete latent variable for the one-to-many rela-
tionship modeling, which is able to generate high-
quality and diverse responses. Second, the evalua-
tion model in PLATO-2 is effective at selecting the
most appropriate response from the candidates.

In fact, these two aspects are associated with the
curriculum learning in the second stage, modeling
the one-to-many relationship for open-domain con-
versations. By contrast, Meena and Blender are
learned under the one-to-one mapping relationship,
similar to the first stage in PLATO-2. To dissect
the effects of these two stage models, we further

ask crowd-sourcing workers to evaluate the mod-
els’ self-chat logs on the dialogue-level metrics.
The comparison results are summarized in Table 5.
These results verify the effectiveness of curriculum
learning in PLATO-2.

3.5.3 Further Exploration of PLATO-2
In addition to open-domain chitchat, there are
two other kinds of dialogues in conversational AI
(Gao et al., 2018): knowledge grounded dialogue,
and task-oriented conversation. Similar to open-
domain conversation, the one-to-many mapping
relationship also exists in knowledge grounded dia-
logue (Kim et al., 2020): given a dialogue context,
multiple pieces of knowledge might be applica-
ble for the response generation. Therefore, the
one-to-many mapping models of the second stage
can also be adapted for knowledge grounded dia-
logue. By expanding the network input with the
knowledge segment, the background knowledge
is encoded and grounded for response generation.
Distinct from the open-domain conversation and
knowledge grounded dialogue, task-oriented con-
versations usually need to accomplish a specific
goal. Accordingly, the conversation flow would
become less diverse and concentrated on task com-
pletion. Therefore, the one-to-one mapping gener-
ation model of the first stage can be used for the
end-to-end task-oriented conversation.

For the exploration of PLATO-2 two-stage
framework, we participated in several tasks of
DSTC9 (Gunasekara et al., 2020), including in-
teractive evaluation of open-domain conversation
(Track3-task2), static evaluation of knowledge
grounded dialogue (Track3-task1), and end-to-end
task-oriented conversation (Track2-task1). PLATO-
2 has achieved the first place in all three tasks (Bao
et al., 2021). To sum up, the benefits brought by
the two-stage curriculum learning in PLATO-2 are
two-fold. Firstly, given the difficulties to scale
up PLATO, the two-stage curriculum learning is
an essential ingredient for the successful training
of 1.6B parameter PLATO-2. Secondly, the two-
stage PLATO-2 adapts well to multiple conversa-
tional tasks, indicating its potentials as a unified
pre-training framework for conversational AI.

4 Related Work

Related works include large-scale language models
and open-domain dialogue generation.
Large-scale Language Models. Pre-trained large-
scale language models have brought many break-
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throughs on various NLP tasks. GPT (Radford
et al., 2018) and BERT (Devlin et al., 2019) are
representative uni-directional and bi-directional
language models, trained on general text corpora.
By introducing pre-normalization and modifying
weight initialization, GPT-2 (Radford et al., 2019)
successfully extends the model scale from 117M
to 1.5B parameters. To cope with memory con-
straints, Megatron-LM (Shoeybi et al., 2019) ex-
ploits model parallelism to train an 8.3B parameter
model on 512 GPUs. GPT-3 (Brown et al., 2020)
further trains an 175B parameter autoregressive lan-
guage model, demonstrating strong performance
on many NLP tasks. The development of large-
scale language models is also beneficial to the task
of dialogue generation.
Open-domain Dialogue Generation. On the ba-
sis of GPT-2, DialoGPT (Zhang et al., 2020) is
trained for response generation using Reddit com-
ments. To obtain a human-like open-domain chat-
bot, Meena (Adiwardana et al., 2020) scales up the
network parameters to 2.6B and utilizes more so-
cial media conversations in the training process.
To emphasize desirable conversational skills of
engagingness, knowledge, empathy and personal-
ity, Blender (Roller et al., 2021) further fine-tunes
the pre-trained model with human annotated con-
versations. In addition to the attempts on model
scale and data selection, PLATO introduces dis-
crete latent variable to tackle the inherent one-to-
many mapping problem to improve response qual-
ity. In this work, we explore the effective training
of PLATO-2 via curriculum learning.

5 Conclusion

In this work, we discuss the effective training
of open-domain chatbot PLATO-2 via curriculum
learning, where two stages are involved. In the first
stage, one coarse-grained model is trained for gen-
eral response generation. In the second stage, two
models of fine-grained generation and evaluation
are trained for diverse response generation and re-
sponse coherence estimation. Experimental results
demonstrate that PLATO-2 achieves substantial im-
provements over the state-of-the-art methods in
both Chinese and English evaluations.
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A Data Cleaning Process

PLATO-2 has English and Chinese models, with
training data extracted from open-domain social
media conversations. As the comments are format-
ted in message trees, any conversation path from
the root to a tree node can be treated as one training
sample, with the node as response and its former
turns as context. To improve the generation quality,
we carry out elaborate data cleaning. A message
node and its sub-trees will be removed if any of the
following conditions is met.

1) The number of BPE tokens is more than 128
or less than 2.

2) Any word has more than 30 characters or the
message has more than 1024 characters.

3) The percentage of alphabetic characters is less
than 70%.

4) The message contains URL.
5) The message contains special strings, such as

r/, u/, &amp.
6) The message has a high overlap with the par-

ent’s text.
7) The message is repeated more than 100 times.
8) The message contains offensive words.
9) The subreddit is quarantined.

10) The author is a known bot.
After data cleaning, the English training data

contains 684M (context, response) samples and
the Chinese training data contains 1.2B (context,
response) samples. Each English/Chinese sample
has 2.78/2.82 utterances and each utterance has
26.29/22.20 tokens on average.

B Training Configurations

PLATO-2 has three model sizes: a standard version
of 1.6B parameters, a small version of 314M param-
eters, and a tiny version of 93M parameters. The
1.6B parameter model has 32 transformer blocks
and 32 attention heads, with the embedding dimen-
sion of 2048. The 314M parameter model has 24
transformer blocks and 16 attention heads, with
the embedding dimension of 1024. The 93M pa-
rameter model has 12 transformer blocks and 12
attention heads, with the embedding dimension of
768. The training configurations of PLATO-2 1.6B
are provided in Table 6. The training was carried
out on 64 Nvidia Tesla V100 32G GPU cards. It
takes about 3 weeks for the 1.6B parameter model
to accomplish the curriculum learning process.

C Chinese Case Analysis

We also provide two human-bot chat examples of
XiaoIce and PLATO-2 in Figure 4, with original
interactive logs shown on the left and translated
logs on the right. It can be observed that some
responses produced by XiaoIce are not coherent
with the contexts and there are some abrupt changes
of topics. By contrast, the interaction with PLATO-
2 is more coherent and engaging.

D Scoring Criteria in Human Evaluation

The criteria used in human evaluation are provided
in Table 7.
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Model Stage Batch Size Learning Rate Warmup Steps Training Steps

PLATO-2
1.6B Parameter

1. Coarse-grained Generation 524,288 5e-4 3125 20w

2.1. Fine-grained Generation 65,536 1e-5 3125 10w

2.2. Evaluation 524,288 5e-5 3125 10w

Table 6: Training configurations of PLATO-2.

你会游泳吗

特别会游

这么厉害，我不会

没事 游泳圈 要不我教你

好呀，你怎么学会的

哪里有教学游泳的么

你教我呀

我会游泳

你真厉害，我怕水

我教你

Can you swim?

Yes, I’m very good at swimming.

Awesome. I can’t swim.

Start

Bot

Human

Start

Microsoft XiaoIce

好，我们约个时间一起游泳

好的啊，一起吃饭

先游泳再吃饭

吃饭了

Don’t worry. Swim ring. Or I can teach you.

Great. How did you learn it?

Is there any swimming course?  

You can teach me.

I can swim.

Cool. I am afraid of water.

I can teach you.

Good. Let us find a time to go swimming together.

All right. Let us have dinner together. 

Swimming first, then dinner.

It is time for dinner.

要吃啥

吃代码

What are you going to eat? 

Code

Human

Human

Human

Human

Human

Human

Bot

Bot

Bot

Bot

Bot

Bot

Bot

Human

Human

Human

Human

Human

Human

Human

Bot

Bot

Bot

Bot

Bot

Bot

Bot

Bot

Translated

厉害，我也在写代码

问你一下，在网页上如何加入QQ既时聊天的代码?

不知道

给我写一份 c 代码

Human

Human

Bot

Bot

Cool, I am coding too.

A quick question, do you know how to insert the 
code of instant chat into the webpage? 

I don’t know.

Write me c++ code

Human

Human

Bot

Bot

你会游泳吗

会游一点

那你能教我么

我怕把你教的更不会游

我很怕水，不敢游

那我就更不敢教你

你怎么学会的

小时候和小伙伴去河里学的

那还挺好，我也打算学学

去吧去吧,学会了带我一起

Can you swim?

Yes, but not so good at it.

Could you teach me?

Start

Bot

Human

Start

PLATO-2 333M Chinese

好呀，到时候我们一起去游泳

你不怕我把你扔河里么

我会游泳了就不怕

那你要记得带着泳圈哦

I am afraid I am not a good teacher.

I am afraid of water.

Then I am sure I can’t teach you.

How did you learn it?

I learnt it in the river as a kid, with a bunch 
of friends. 

That is great. I would like to learn swimming too.

Go for it. We can go swimming together then.

Good, let us go swimming together.

Aren’t you afraid I will throw you into the river?  

I won’t if I can swim.

Remember to bring a swim ring.

嗯嗯，好的

记得把你自己也带着

All right.

Bring yourself as well, lol

Human

Human

Human

Human

Human

Human

Bot

Bot

Bot

Bot

Bot

Bot

Bot

Human

Human

Human

Human

Human

Human

Human

Bot

Bot

Bot

Bot

Bot

Bot

Bot

Bot

Translated

Figure 4: Human-bot chat examples by Microsoft XiaoIce and PLATO-2.
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Score Coherence

0

• The response is not related with the context.
• The response simply repeats the context.
• The response has obvious conflicts with the context.
• There are serious logic conflicts within the response.

1 • The response has minor conflicts with the context.
• There are some minor logic conflicts in the response.

2 • The response is coherent with the context.

Score Informativeness

0

• The response doesn’t contain any information.
• This response just repeats the context and fails to bring 

any additional information.
• The information is invalid, as the coherence score is 0. 

1 • The information has conflicts with common sense.
• There are factual errors in the response.

2 • The response has appropriate and correct information.

Score Engagingness

0 • I don’t want to talk with this speaker.

1 • It is kind of boring, but it is still ok to talk with this 
speaker. 

2 • I would like to talk with this speaker for a long 
conversation.

Score Humanness

0 • This speaker seems like a bot.

1 • This speaker gives unnatural responses occasionally 
and seems not that human-like.

2 • This speaker seems like a human being.

Table 7: Score details of four metrics in human evalua-
tion.

E Response Selection Comparison

We carry out more experiments to compare the per-
formance of distinct scoring functions in response
selection. Firstly, one Chinese response selection
dataset is constructed: 100 dialogue contexts are se-
lected from the test set and 10 candidate responses
are retrieved for each context with a commercial
chatbot. Secondly, we ask crowd-sourcing work-
ers to annotate the label whether the candidate re-
sponse is coherent with the context. Thirdly, we
train three 336M parameter models as the scor-
ing function, including the forward response gen-
eration probability p(r|c), the backward context

Score Function MAP MRR P@1

𝑝(𝑟|𝑐) 0.705 0.790 0.700

𝑝(𝑐|𝑟) 0.672 0.737 0.610

𝑝 𝑙! 𝑐, 𝑟) 0.754 0.819 0.750

Table 8: Comparison of different score functions in re-
sponse selection, with best value written in bold.

recover probability p(c|r) and the bi-directional
coherence probability p(lr|c, r). Their results on
the annotated response selection dataset are sum-
marized in Table 8. The metrics of mean average
precision (MAP), mean reciprocal rank (MRR) and
precision at position 1 (P@1) are employed. These
results indicate that PLATO-2’s evaluation model
is better at selecting appropriate responses.
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Abstract

Existing pre-trained models for knowledge-
graph-to-text (KG-to-text) generation simply
fine-tune text-to-text pre-trained models such
as BART or T5 on KG-to-text datasets,
which largely ignore the graph structure dur-
ing encoding and lack elaborate pre-training
tasks to explicitly model graph-text align-
ments. To tackle these problems, we propose a
graph-text joint representation learning model
called JointGT. During encoding, we devise
a structure-aware semantic aggregation mod-
ule which is plugged into each Transformer
layer to preserve the graph structure. Fur-
thermore, we propose three new pre-training
tasks to explicitly enhance the graph-text align-
ment including respective text / graph recon-
struction, and graph-text alignment in the em-
bedding space via Optimal Transport. Exper-
iments show that JointGT obtains new state-
of-the-art performance on various KG-to-text
datasets1.

1 Introduction

Knowledge-graph-to-text (KG-to-text) generation
aims to generate high-quality texts which are con-
sistent with input graphs (Gardent et al., 2017).
This task requires to simultaneously encode the
graph structure and the content, and effectively
leverage the input graphs in the decoding process
(Zhao et al., 2020). As a major natural language
generation (NLG) task that connects knowledge
graphs and texts, this task can further promote the
applicability of knowledge graphs in more realis-
tic NLG scenarios, such as knowledge-grounded
dialogue generation (Zhou et al., 2018a) and story
generation (Guan et al., 2019; Ji et al., 2020).

Due to the limited amount of graph-text paral-
lel data, it’s hard for typical neural text generation

∗ Corresponding author
1The data, codes, and model parameters are available at

https://github.com/thu-coai/JointGT.

models to learn the alignments between source enti-
ties / relations and target tokens from scratch (Guo
et al., 2020; Fu et al., 2020). Recent work resorts to
constructing general-purpose pre-trained language
models for KG-to-text generation. The most com-
mon and simple way is to linearize input graphs
into text sequences, and directly fine-tune text-
to-text Transformer-based pre-trained models like
GPT (Radford et al., 2018, 2019), BART (Lewis
et al., 2020) or T5 (Raffel et al., 2020) on KG-to-
text datasets (Ribeiro et al., 2020a; Kale and Ras-
togi, 2020). Benefiting from self-supervised pre-
training on large-scale unlabelled text corpora, pre-
trained language models can generate high-quality
texts via simply fine-tuning, and outperform other
models with sophisticated structures.

Despite the superior performance of fine-tuning
pre-trained models on KG-to-text datasets, we ar-
gue that building pre-trained models for KG-to-
text generation still faces two major challenges:
1) Structural information loss during encoding.
Most of the existing pre-trained models capture
contextual information via bidirectional Transform-
ers (Devlin et al., 2019), which include full atten-
tion connections. This model structure may neglect
the structural information when encoding knowl-
edge graphs since the relation between each pair of
input entities is not explicitly considered (Zhu et al.,
2019). 2) Absence of explicit graph-text align-
ments. Existing work on pre-trained models for
text generation commonly adopts auto-encoding
or auto-regressive text reconstruction to learn text-
text alignments, which encodes the corrupted text
sequence and decodes the original sequence (Lewis
et al., 2020; Raffel et al., 2020). Since knowledge
graphs may possess more complex structures than
text sequences, it’s hard to explicitly learn graph-
text alignments by directly using the pre-training
tasks based on text reconstruction.

Thus, we propose a graph-text joint represen-
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tation learning framework called JointGT to deal
with the above challenges. Firstly, to alleviate the
structural information loss during encoding, we de-
vise a simple structure-aware semantic aggregation
module at each Transformer layer to aggregate con-
textual information following the graph structure.
Secondly, we propose three pre-training tasks in-
cluding graph enhanced text reconstruction, text
enhanced graph reconstruction, and graph-text em-
bedding alignment to explicitly build the connec-
tion between knowledge graphs and text sequences.
The first two tasks are expected to enhance the
graph-text alignment in the discrete vocabulary
space, where our model is required to predict the
masked information of graphs / texts based on the
observed information of texts / graphs. And the
third task is designed to model the graph-text align-
ment in the continuous embedding space via Opti-
mal Transport (Peyré and Cuturi, 2019) to match
the hidden representations of graphs and texts. Our
contributions are as follows:

• We propose a novel pre-trained model called
JointGT for KG-to-text generation tasks. This
model adopts a structure-aware semantic ag-
gregation module to model the structure of
an input graph at each Transformer layer, and
utilizes three pre-training tasks to explicitly
learn graph-text alignments in the discrete and
continuous spaces.

• We conduct experiments on the datasets of
KG-to-text generation including WebNLG,
WebQuestions and PathQuestions. Results
show that JointGT achieves new state-of-the-
art performance on KG-to-text generation.

2 Related Work

KG-to-Text Generation
Recent studies on KG-to-text generation tasks
mainly fall into three aspects: 1) Encoder mod-
ification: To alleviate the structural information
loss of sequence encoders with the input of lin-
earized graphs (Gardent et al., 2017; Trisedya
et al., 2018; Moryossef et al., 2019), researchers
focus on more complex encoder structures for
better graph representations, such as graph neu-
ral networks (Marcheggiani and Perez-Beltrachini,
2018; Ribeiro et al., 2020b) and graph Trans-
formers (Koncel-Kedziorski et al., 2019; Schmitt
et al., 2020a). 2) Unsupervised training: re-
searchers devise unsupervised training objectives

to jointly learn the tasks of graph-to-text and text-
to-graph conversion with non-parallel graph-text
data (Schmitt et al., 2020b; Guo et al., 2020; Jin
et al., 2020). 3) Building pre-trained models: With
the development of pre-trained NLG models such
as GPT (Radford et al., 2018, 2019), BART (Lewis
et al., 2020) and T5 (Raffel et al., 2020), recent
work directly fine-tunes these models on graph-to-
text datasets and reports impressive performance
(Ribeiro et al., 2020a; Kale and Rastogi, 2020;
Chen et al., 2020b; Mager et al., 2020).

Compared with the existing work on pre-trained
models for KG-to-text generation, our model uti-
lizes pre-training methods to explicitly learn graph-
text alignments instead of directly fine-tuning text-
to-text pre-trained models on KG-to-text datasets.
KG-Enhanced Pre-Trained Models
Another line of related studies is pre-trained mod-
els enhanced by knowledge graphs for natural lan-
guage understanding (NLU). The motivation of
these models is to incorporate knowledge graphs
into pre-trained models to facilitate the understand-
ing of entities and relations in natural language.
Early work including ERNIE (Zhang et al., 2019)
and KnowBERT (Peters et al., 2019) directly uses
fixed entity embeddings based on TransE (Bordes
et al., 2013) or word vectors (Mikolov et al., 2013)
during pre-training. Recent work like KEPLER
(Wang et al., 2021) and JAKET (Yu et al., 2020)
resorts to jointly pre-training graph-text representa-
tions. Specifically, they encode the textual descrip-
tions of entities with pre-trained language mod-
els as entity embeddings and jointly optimize the
knowledge embedding objective and the masked
language modeling objective.

In comparison, our model focuses on joint pre-
training methods on knowledge graph encoding and
sequence decoding in KG-to-text generation tasks,
rather than considering graph-text joint encoding
methods in NLU tasks.

3 Method

3.1 Task Definition and Model Overview

Given a knowledge graph G = (V, E) where
V = {e1, e2, · · · , e|V|} denotes the entity set
and E = (rij)|V|×|V| indicates the relations con-
necting the entities, and its linearized version
Glinear = (w1, w2, · · · , wm) which consists of m
tokens, our goal is to generate a text sequence
X = (x1, x2, · · · , xn) which is consistent with
the input graph.
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Our model is built on pre-trained encoder-
decoder models like BART (Lewis et al., 2020)
and T5 (Raffel et al., 2020). First of all, we
follow the existing work (Chen et al., 2020b) to
linearize knowledge graphs in the form of triple
lists (as shown in Figure 1), and devise a sim-
ple structure-aware semantic aggregation module
which is plugged into each Transformer layer of
the encoder to preserve the structural information
of input graphs (§3.2). Then, we propose three
pre-training tasks including graph / text reconstruc-
tion in the discrete vocabulary space and graph-
text matching in the continuous embedding space,
which enable our model to jointly learn the repre-
sentations of knowledge graphs and texts (§3.3).

𝒢𝑙𝑖𝑛𝑒𝑎𝑟

A

B

C
𝑟𝐵𝐶𝑟𝐴𝐵

𝒢

Linearize

𝑋𝑀

<H> A <R> 𝑟𝐴𝐵 <T> B <H> B <R> 𝑟𝐵𝐶 <T> C

𝒢𝑙𝑖𝑛𝑒𝑎𝑟

Figure 1: Illustration of linearizing knowledge graphs
into text sequences. The special tokens <H>, <R>
and <T> mean the head entity, relation and tail entity
in the knowledge triples, respectively.

3.2 Model Structure
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Figure 2: Structure-aware semantic aggregation mod-
ule at each layer of the Transformer encoder. This mod-
ule contains a pooling layer to obtain the contextual
semantic representations of entities (zli) and relations
(qlij) from the output of the vanilla self-attention layer
(hli), a structure-aware self-attention layer to aggregate
the entity representations (z̃li) based on the graph struc-
ture, and a residual layer to fuse the contextual and
structural representations (h̃li).

To simultaneously leverage the contextual repre-
sentation from pre-trained models and preserve the
structural information, we devise a structure-aware
semantic aggregation module in the Transformer
encoder. Assume that the input of our encoder dur-
ing pre-training is the linearized graph Glinear and
the corresponding text sequence X (which may be
corrupted or empty in some pre-training tasks), the
self-attention layer in the l-th Transformer layer
can be formulated as follows2:

hli =

m+n∑

j=1

αlij(h
l−1
j W V )

αlij =
exp(tlij)∑m+n
p=1 exp(tlip)

(1)

tlij =

(
hl−1
i WQ

)(
hl−1
j WK

)>
√
dk

i = 1, 2, · · · ,m+ n

where WQ,WK ,W V are the model parameters
and dk denotes the dimension of query / key / value
vectors. The fully-connected attention captures rich
contextual semantic relationship among the entities,
relations and the tokens of text sequences, but is
not sufficient to encode the structural information
of input graphs. Thus, we devise a structure-aware
semantic aggregation module on top of vanilla self-
attention, as shown in Figure 2. First of all, we
utilize a mean pooling layer3 to obtain the repre-
sentation of each entity and relation from the output
of the vanilla self-attention layer:

zli =pooling({hlp|p ∈ P(ei), 1 ≤ p ≤ m})
qlij =pooling({hlp|p ∈ P(rij), 1 ≤ p ≤ m})

i = 1, · · · , |V|; j = 1, · · · , |V| (2)

where P(ei)/P(rij) means the set of positions oc-
cupied by ei / rij in the linearized graph. Note
that qlij will be set to an all-zero vector if there
is no relation between ei and ej . Then we update
entity representations with a structure-aware self-

2We take a single attention head as an example in this
section. In practice, we use our proposed method in the multi-
head attention.

3We find that there is no significant difference in the model
performance between mean pooling and other aggregation
functions like max pooling.
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Figure 3: Overview of our proposed pre-training tasks: (a) Graph enhanced text reconstruction: reconstructing the
text sequence given the complete graph. (b) Text enhanced graph reconstruction: predicting the masked entities and
relations of the corrupted graph conditioned on the complete text. (c) Graph-text embedding alignment: matching
the embedding vectors of the knowledge graph and the text via Optimal Transport. The special token <SEP> is to
separate the linearized graph and the text, while <M> denotes the placeholder for masked tokens.

attention layer (Shaw et al., 2018):

z̃li =

|V|∑

j=1

βlij(z
l
jW

V S + qlijW
V R)

βlij =
exp(ulij)∑|V|
p=1 exp(ulip)

(3)

ulij =

(
zliW

QS
) (
zljW

KS + qlijW
KR
)>

√
dk

i = 1, 2, · · · , |V|

where WQS ,WKS ,W V S ,WKR,W V R are the
weight matrices in the structure-aware self-
attention. This layer integrates the contextual
semantic representation of entities and relations
based on the graph structure, thereby injecting the
structural information into the vanilla Transformer
layer. Finally, we use a residual layer to fuse se-
mantic and structural representations of entities,
and obtain the hidden states for the following com-
putation:

h̃li =

{
hli + z̃lj , i ∈ P(ej)

hli, otherwise.
(4)

i = 1, · · · ,m+ n; j = 1, · · · , |V|

Compared with existing structure-aware Trans-
former encoders (Zhu et al., 2019; Song et al.,
2020) that either use the entity and relation em-
beddings from an external knowledge embedding
model or directly learn them as model parameters,

our encoder obtains the entity and relation embed-
dings via contextual semantic representations. This
design fully employs the effective contextual rep-
resentations from the existing pre-trained models
while preserving the structural information, and
enables our model to generalize to new entities and
relations better when fine-tuned to the datasets with
a different knowledge graph.

3.3 Pre-Training Task
Given the input graph G and its corresponding text
sequence X , the goal of our pre-training task is
to jointly learn the graph encoder and sequence
decoder to enhance graph-text alignments, which
can benefit the downstream tasks of KG-to-text
generation. We devise three pre-training tasks to
explicitly learn graph-text alignments in both dis-
crete and continuous spaces.

3.3.1 Graph Enhanced Text Reconstruction
The purpose of graph enhanced text reconstruction
is to recover the masked text sequence based on
the complete knowledge graph, as shown in Fig-
ure 3. Assume that X̂ denotes the masked text
sequence, we can formulate the loss function of
this pre-training task as follows:

Ltext = − logP (X|G, X̂)

= −
n∑

i=1

logP (xi|G, X̂, x<i) (5)

To construct X̂ , we masked the entity words
with a probability of 40% and other words with
20% since entity words are more important in the
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task of KG-to-text generation. We also follow the
existing work (Lewis et al., 2020) to merge the
consecutive mask tokens into one mask token to
increase the difficulty of text reconstruction. This
task enables our model to utilize the knowledge
graph to reconstruct the corrupted text sequence,
which explores the connection between them in the
discrete vocabulary space.

3.3.2 Text Enhanced Graph Reconstruction
As shown in Figure 3, this pre-training task aims
to recover the corrupted graph according to the
information of the text sequence. Given the cor-
rupted knowledge graph Ĝ with masked entities
and relations, and the complete text sequence X ,
the loss function is to recover the masked entities
and relations in the linearized knowledge graph:

Lgraph = − logP (G|Ĝ, X)

= −
m∑

i=1

Mi logP (wi|Ĝ, X) (6)

where Mi denotes an indicator function and equals
1 if and only if wi is masked. We empirically set
the masking probability of entities / relations as
40% / 20%. This task explicitly exerts the impact
of the text on the graph reconstruction, thereby
guiding the encoder to focus more on the entities
and relations that may appear in the text.

3.3.3 Graph-Text Embedding Alignment
This pre-training task is devised to encourage the
graph-text alignment in the embedding space. We
use Optimal Transport (OT), which is commonly
used in the cross-domain alignment (Chen et al.,
2020a), to calculate the minimum cost of trans-
porting the graph representation from the encoder
to the text representation from the decoder (and
vice versa). As shown in Figure 3, the input of the
encoder is the linearized knowledge graph Glinear
while the input of the decoder is the text sequence
X . Assume that HL = (hL1 ,h

L
2 , · · · ,hLm) indi-

cates the final hidden states of the encoder, we can
similarly acquire the entity and relation representa-
tions via mean pooling:

zLi =pooling({hLp |p ∈ P(ei), 1 ≤ p ≤ m})
qLij =pooling({hLp |p ∈ P(rij), 1 ≤ p ≤ m})

i = 1, · · · , |V|; j = 1, · · · , |V| (7)

Let Gseq = V ∪ E = (g1, g2, · · · , g|V|+|E|) denotes
the sequence of all the entities and relations in

G, we can directly obtain the contextual embed-
ding vectors HG = (hG1 , · · · ,hG|V|+|E|) for each
entity and relation from Equation 7. We can also
acquire the embedding vectors of X from the de-
coder’s final hidden states, which is denoted by
S = (s1, s2, · · · , sn).

To model the alignment between graphs and
texts in the embedding space, we regard Gseq as
a discrete distribution µ =

∑|V|+|E|
i=1 aiδgi and X

as υ =
∑n

j=1 bjδxj , where a = {ai}|V|+|E|i=1 and

b = {bj}nj=1 satisfy
∑|V|+|E|

i=1 ai =
∑n

j=1 bj = 1,
and δgi / δxj indicates the Dirac function centered
on gi / xj . Then, we utilize the OT distance be-
tween µ and υ as the loss function, which is de-
fined as the solution of the following problem:

LOT = min
T∈Π(a,b)

|V|+|E|∑

i=1

n∑

j=1

Tij · d(gi, xj) (8)

Π(a, b) = {T ∈ R(|V|+|E|)×n
+ |T · 1n = a,

T> · 1|V|+|E| = b}

where T denotes a transport plan, 1|V|+|E| / 1n indi-
cates the (|V|+ |E|) / n -dimensional all-one vector
respectively, and d(gi, xj) is the cost function of
transporting gi to xj . We follow the existing work
(Chen et al., 2020c) to adopt the cosine distance
between the contextual embedding vectors of gi
and xj as the cost function, which is defined as

d(gi, xj) = 1 − hGi sj
‖hGi ‖2‖sj‖2

. Since the exact min-

imization over T is computationally intractable,
we utilize IPOT algorithm (Xie et al., 2019) to ap-
proximate the OT distance and iteratively obtain
the solution of T (more details are provided in the
Appendix A). After solving T , LOT can serve as
an alignment loss to optimize the model parame-
ters. This task builds the connection between the
contextual embedding vectors of knowledge graphs
and texts, and explicitly promotes the graph-text
alignment in the continuous space.

4 Experiment

4.1 Pre-training Dataset and Implementation

We used KGTEXT (Chen et al., 2020b) as our pre-
training dataset. This dataset contains 7M graph-
text data pairs, where texts are crawled from En-
glish Wikidump4 and the corresponding knowledge
graphs are acquired by querying WikiData with the

4https://dumps.wikimedia.org
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Dataset #Param WebNLG(U) WebNLG(C) WebQuestions PathQuestions
Model BLEU METEOR ROUGE BLEU METEOR ROUGE BLEU METEOR ROUGE BLEU METEOR ROUGE
SOTA-NPT - 61.00† 42.00† 71.00† 48.00† 36.00† 65.00† 29.45‡ 30.96‡ 55.45‡ 61.48‡ 44.57‡ 77.72‡

KGPT 177M 64.11] 46.30] 74.57] - - - - - - - - -
BART 140M 64.55 46.51 75.13 56.65 44.51 70.94 29.61 31.48 55.42 63.74 47.23 77.76
T5 220M 64.42 46.58 74.77 58.66 46.04 73.06 28.78 30.55 55.12 58.95 44.72 76.58

JointGT (BART) 160M 65.92 47.15 76.10** 58.55 45.01 72.31 30.02* 32.05** 55.60 65.89** 48.25** 78.87**
JointGT (T5) 265M 66.14** 47.25** 75.91 61.01** 46.32** 73.57** 28.95 31.29 54.47 60.45 45.38 77.59

Table 1: Results on WebNLG, WebQuestions and PathQuestions. SOTA-NPT indicates the state-of-the-art per-
formance from the baselines without pre-training. #Param means the number of model parameters. The results
marked with †, ‡ and ] are re-printed from Shimorina and Gardent (2018), Chen et al. (2020d) and Chen et al.
(2020b), respectively. - means that the results are not reported in the corresponding references. * indicates that our
model significantly outperforms BART and T5 on the corresponding datasets (t-test, p < 0.05), while ** means
p < 0.01.

Wikipedia hyperlinks of entities in the sentences.
The detailed statistics of KGTEXT are shown in
Table 2.

Dataset #Ent #Rel #Instances #Triples Length(Train / Valid / Test)
KGTEXT 1.8M 1,210 6.98M / 10K / 10K 27.2 20.2
WebNLG(U) 3,114 373 34,352 / 4,316 / 4,224 2.9 22.7
WebNLG(C) 3,129 373 34,536 / 4,217 / 4,148 2.9 19.8
WebQuestions 25,703 672 18,989 / 2,000 / 2,000 5.8 15.0
PathQuestions 7,250 378 9,793 / 1,000 / 1,000 2.7 14.0

Table 2: Statistics of pre-training and fine-tuning
datasets, including the total number of entities and rela-
tions, the data split, the average number of triples, and
the average length of texts.

Since our model can adapt to Transformer-based
pre-trained models with the encoder-decoder frame-
work, we chose BART (Lewis et al., 2020) and T5
(Raffel et al., 2020) as the base model in this pa-
per, which are denoted by JointGT (BART) and
JointGT (T5), respectively. The hyper-parameters
of the Transformer blocks were the same as BART-
base and T5-base because of the limited compu-
tational resources. We initialized our model pa-
rameters with the pre-trained checkpoint of BART-
base / T5-base except for the structure-aware se-
mantic aggregation module, which was randomly
initialized. We followed BART / T5 to use Byte-
Pair Encoding (BPE) vocabulary (Radford et al.,
2019) with the size of 50,265 / WordPiece vocab-
ulary (Kudo and Richardson, 2018) with the size
of 32,000. The batch size was 42 / 32 for JointGT
(BART) / JointGT (T5). The maximum length of
linearized input graphs was 600, while the maxi-
mum length of text sequences was 64. We adopted
Adam (Kingma and Ba, 2015) as the optimizer and
set the learning rate to be 3e-5. The warmup ratio
was 0.1. JointGT was pre-trained on KGTEXT for
1 epoch with the proposed pre-training tasks. It
took 44 / 69 hours for JointGT (BART) / JointGT
(T5) on 3 NVIDIA Quadro RTX 6000 GPUs.

4.2 Fine-Tuning Settings

We adopted WebNLG, WebQuestions and Path
Questions as the benchmark datasets during fine-
tuning, and provided the statistics in Table 2.
WebNLG: This dataset aims to convert RDF triples
into a textual description. We followed the exist-
ing work (Chen et al., 2020b) to use the version of
2.0 (Shimorina and Gardent, 2018). This dataset
contains two official data splits: the traditional split
(Unconstrained) which guarantees that there is no
overlap of input graphs among train / validation /
test sets, and a more challenging split (Constrained)
where the non-overlap constraint is applied to the
triples of input graphs. We denoted these two data
splits as WebNLG(U) and WebNLG(C) in our pa-
per. We followed the preprocessing steps of the
existing work (Chen et al., 2020b) to replace the
underlines in the entities and relations with spaces,
and split the entities and relations in a camel case
into multiple words.
WebQuestions: This dataset (Yih et al., 2016; Tal-
mor and Berant, 2018) is the benchmark for ques-
tion generation over knowledge bases (KBQG),
whose purpose is to generate natural language ques-
tions about the corresponding knowledge graphs
(Serban et al., 2016). It is constructed from two
question answering datasets, i.e., WebQuestionsSP
(Yih et al., 2016) and ComplexWebQuestions (Tal-
mor and Berant, 2018). These two datasets contain
natural language questions, SPARQL queries and
answer entities. We converted the SPARQL query
to return a subgraph, and used the same prepro-
cessing steps and data splits as the existing work
(Kumar et al., 2019; Chen et al., 2020d).
PathQuestions: Similar to WebQuestions, the
PathQuestions dataset is also the benchmark for
KBQG, which is constructed from a question an-
swering dataset (Zhou et al., 2018b). The main
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Model Fluency
κ

Adequacy
κWin (%) Lose (%) Tie (%) Win (%) Lose (%) Tie (%)

JointGT (BART) vs. BART 29.0* 19.7 51.3 0.413 26.3** 16.0 57.7 0.517
JointGT (T5) vs. T5 23.7 18.7 57.6 0.405 22.7* 16.3 61.0 0.424

Table 3: Human evaluation on WebNLG(U). The scores indicate the percentages of win, lose and tie when JointGT
is compared with other baselines. κ is Fleiss’ Kappa (all indicate moderate agreement). The scores marked with *
mean p < 0.05 while ** means p < 0.01 in sign test.

difference is that the knowledge graph in PathQues-
tions is a 2-hop / 3-hop path between two entities.
We used the same preprocessing steps and data
splits as the existing work (Kumar et al., 2019;
Chen et al., 2020d).

More detailed fine-tuning settings including the
search space and the best assignment of hyper-
parameters on the downstream datasets are reported
in the Appendix B.

4.3 Baselines
We chose the following two categories of models
as our baselines:
Pre-Trained Models: We adopted KGPT (Chen
et al., 2020b), BART (Lewis et al., 2020) and T5
(Raffel et al., 2020) as the pre-trained baselines.
KGPT is a pre-trained model for KG-to-text gener-
ation, which utilizes the same pre-training dataset
as our model and directly uses KG-to-text genera-
tion as the pre-training task. BART and T5, as the
state-of-the-art pre-trained models for text genera-
tion, can be applied to KG-to-text generation with
the input of linearized knowledge graphs and the
output of text sequences (Ribeiro et al., 2020a).
Task-Specific Models without Pre-Training: We
also chose the state-of-the-art task-specific mod-
els without pre-training for each dataset as our
baselines, including Seq2Seq with copying or
delexicalisation (Shimorina and Gardent, 2018) for
WebNLG v2.0, and G2S (Chen et al., 2020d) for
WebQuestions and PathQuestions.

We directly re-printed the results of baselines if
they use the same datasets as ours. Otherwise, we
implemented the baselines based on the codes and
model parameters released by the original papers.
We reported all the results of our implemented mod-
els with the mean values over 5 runs.

4.4 Automatic Evaluation
We followed the existing work (Shimorina and Gar-
dent, 2018; Chen et al., 2020d) to use BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,
2005) and ROUGE-L (Lin, 2004) as our automatic
metrics. The main results on WebNLG, WebQues-

tions and PathQuestions are shown in Table 1. We
can observe that JointGT based on BART / T5 can
outperform vanilla BART / T5 on most of the met-
rics, respectively, and obtain the state-of-the-art
performance on all the datasets. This indicates that
our method can promote graph-text alignments and
further enhance the performance of the state-of-the-
art pre-trained models on KG-to-text datasets.

4.5 Human Evaluation

To further evaluate the quality of generated re-
sults, we conducted human evaluation on the
WebNLG(U) dataset. We followed the existing
work (Ferreira et al., 2019; Ribeiro et al., 2020b) to
select two criteria: fluency (whether a sentence is
grammatically fluent) and adequacy (whether a sen-
tence clearly describes the knowledge graph). We
randomly sampled 100 knowledge graphs from the
test set, and collected the generated results from our
models and the most competitive baseline models
(i.e., BART and T5). We used the pairwise com-
parison between BART / T5 and JointGT (BART)
/ JointGT (T5). Specifically, for each pair of gen-
erated texts (one from JointGT and the other from
the corresponding baseline, given the same input
knowledge graph), three annotators were hired to
label which text is better (i.e., win, lose or tie) in
terms of the metrics mentioned above. Note that
the two metrics were evaluated independently.

Results in Table 3 show that JointGT can beat
the corresponding baselines in both fluency and ad-
equacy. Especially for adequacy, our model can sig-
nificantly outperform BART / T5, which indicates
that our model equipped with the structure-aware
encoder and well-designed pre-training tasks can
generate high-quality texts to describe knowledge
graphs more clearly. To evaluate the agreement
among different annotators, we calculated Fleiss’
Kappa (Fleiss, 1971) for each pairwise compari-
son, where the results in Table 3 show moderate
agreement (0.4 ≤ κ ≤ 0.6).
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4.6 Ablation Study
4.6.1 Encoder Structure
To investigate the effect of our proposed structure-
aware semantic aggregation module, we fixed the
pre-training tasks and compared our encoder with
two Transformer-based encoders commonly used
in the existing work:
SeqEnc: This sequence encoder takes linearized
graphs as input and ignores structural information
(Ribeiro et al., 2020a; Kale and Rastogi, 2020).
RelEnc: This relation-aware encoder regards the
entity sequence as input and leverages the relation
embedding into the self-attention layer. Both the
entity and relation embedding vectors are directly
learned as model parameters (Shaw et al., 2018;
Zhu et al., 2019; Song et al., 2020).

Model #Param BLEU METEOR ROUGE
JointGT (BART) 160M 65.92 47.15 76.10
w/ SeqEnc 140M 64.82 46.87 75.37
w/ RelEnc 160M 65.17 47.07 75.69

Table 4: Ablation test of different encoder structures on
WebNLG(U), including our encoder, sequence encoder
(SeqEnc) and relation-aware encoder (RelEnc).

Note that we only chose the encoder structures
that can directly adapt to BART / T5 for fair com-
parison5. Results in Table 4 show that our encoder
structure can perform better than the other base-
lines. Compared with the relation-aware encoder
which can also capture the structural information of
knowledge graphs, our model fully utilizes the ef-
fective contextual semantic representation to initial-
ize the entity / relation representation at each Trans-
former layer instead of directly using the learnable
entity / relation embedding vectors. This design
equips JointGT with better generalization ability
during fine-tuning, thereby enhancing our perfor-
mance on downstream datasets.

Model #Triples
1-3 4-7

JointGT (BART) 71.24 61.36
w/ SeqEnc 70.83 (-0.41) 60.11 (-1.25)
w/ RelEnc 70.98 (-0.26) 60.58 (-0.78)

Table 5: BLEU scores of three encoders on the test set
of WebNLG(U) with different numbers of input triples.

To further demonstrate the effectiveness of our
encoder, we divided the test set of WebNLG(U)

5We observed a significant performance drop if we used
the encoders which are incompatible with BART / T5 (such as
graph neural networks) because we had to randomly initialize
the parameters of them during pre-training.

into two subsets according to the number of triples
in knowledge graphs, and compared the perfor-
mance of three encoders. Results in Table 5 show
that the improvement margin between our encoder
and other encoders is more evident when the num-
ber of input triples is large, which indicates that
our model can facilitate the encoding of knowledge
graphs with more complex structures.

4.6.2 Pre-Training Task

Model BLEU METEOR ROUGE
JointGT (BART) 65.92 47.15 76.10
w/o TextRecon 64.22 46.56 74.96
w/o GraphRecon 65.37 47.09 75.97
w/o OT 65.03 47.09 75.83
w/ BARTPretrain 64.60 46.78 75.74
w/ KGPTPretrain 65.14 46.94 75.72

Table 6: Ablation test of three pre-training tasks on
WebNLG(U), including text / graph reconstruction and
graph-text alignments via OT. BARTPretrain / KGPT-
Pretrain means using the pre-training tasks of BART /
KGPT instead of our tasks on KGTEXT.

To study the effect of three pre-training tasks, we
maintained the encoder structure and removed each
task respectively to test the performance. We also
replaced all our pre-training tasks with the tasks of
the existing work for comparison:
BARTPretrain: The pre-training tasks of BART
including text infilling and sentence permutation
(Lewis et al., 2020). Since these tasks cannot be
applied to graph data, we only used these tasks on
the text data of the pre-training dataset.
KGPTPretrain: The pre-training task of KGPT,
i.e., KG-to-text generation on the pre-training
dataset (Chen et al., 2020b).

Results in Table 6 show that each of our pre-
training tasks contributes to the model performance.
Compared with the other two tasks, graph enhanced
text reconstruction plays a more important role in
the task of KG-to-text generation, which directly
supervises the decoder with the conditional genera-
tion loss. We also observe an apparent performance
drop if we replace our pre-training tasks with those
proposed by the existing work, thereby indicating
the effectiveness of our pre-training tasks to pro-
mote KG-to-text generation.

4.7 Few-Shot Learning
To further analyze whether our pre-training tasks
can learn a good graph-text joint representation
that benefits the downstream KG-to-text generation
tasks, we considered the few-shot setting where
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Karnataka

has to its 
northeast

Telangana

has to its 
west

Arabian Sea

BART: The Acharya Institute of Technology is located in the state of Karnataka which has 
Telangana to its northeast and the Arabian Sea to its west . The Institute was given the 'Technical 
Campus ' status by the All India Council for Technical Education in Mumbai . The International 
Tennis Federation governs tennis . [sports offered]

T5: The Acharya Institute of Technology is located in Karnataka , India . It was given the 'Technical 
Campus ' status by the All India Council for Technical Education in Mumbai . The Institute is 
affiliated with the International Tennis Federation . The Arabian Sea is to the west of Karnataka 
and Telangana is northeast of the state . Tennis is one of the sports offered by the Institute . 
[sports governing body]

JointGT (BART): The Acharya Institute of Technology is located in the state of Karnataka which 
has Telangana to its northeast and the Arabian Sea to its west . The Institute was given the 
'Technical Campus ' status by the All India Council for Technical Education in Mumbai . One of the 
sports offered at the Institute is tennis which is governed by the International Tennis Federation .

JointGT (T5): The Acharya Institute of Technology is located in the state of Karnataka . 
Karnataka has Telangana to its northeast and the Arabian Sea to its west . The Institute was 
given the 'Technical Campus ' status by the All India Council for Technical Education in Mumbai . 
The Institute offers tennis which is governed by the International Tennis Federation .

Figure 4: Generated results on WebNLG(U). We highlight the missing and unfaithful parts of each text in red and
blue, respectively.

Model Data Proportion
0.5% 1% 5% 10%

BART 33.92 39.08 52.24 56.58
JointGT (BART) 37.18 42.26 54.41 57.73
w/ BARTPretrain 32.63 37.11 52.91 56.81
w/ KGPTPretrain 35.33 40.72 53.08 57.18

Table 7: BLEU scores of the models with correpond-
ing pre-training tasks trained on different proportions
of WebNLG(U).

only a few training instances were used during fine-
tuning. We still fixed our model structure and com-
pared our pre-training tasks with the tasks of BART
and KGPT mentioned in §4.6.2.

Results in Table 7 show that our pre-training
tasks can perform better than other tasks, especially
when the amount of training data is small. This
indicates that our proposed tasks can capture the
graph-text alignments during pre-training, thereby
making our model generalizable to the downstream
KG-to-text datasets better with only a few training
samples.

4.8 Case Study
To intuitively show the generation quality of our
model, we provided some generated cases in Fig-
ure 4. We observe that JointGT can generate high-
quality texts that describe the knowledge graph
more completely and faithfully. For example, in
the generated case on WebNLG(U), both BART
and T5 fail to cover all the input triples, where
BART misses the triple (Acharya Institute of Tech-
nology, sports offer, Tennis) and T5 misses (Tennis,
sports governing body, International Tennis Feder-
ation). Also, T5 generates non-existing facts that
are unfaithful to the knowledge graph. Equipped
with the structure-aware Transformer encoder and
the well-designed pre-training tasks to learn graph-

text alignments, JointGT (BART) and JointGT (T5)
can generate descriptions which include all the in-
put triples and express the relation between each
pair of entities more faithfully.

5 Conclusion

We propose a novel graph-text joint representa-
tion learning model called JointGT for KG-to-text
generation. This model plugs a simple structure-
aware semantic aggregation module into the vanilla
Transformer layer to preserve the structure of input
graphs, and utilizes three pre-training tasks to learn
graph-text alignments in the discrete vocabulary
space and continuous embedding space. Experi-
ments show that JointGT can outperform state-of-
the-art pre-trained NLG models on various datasets
of KG-to-text generation.
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A IPOT Algorithm

Inexact Proximal point method for Optimal
Transport (IPOT) is an effective iterative method
to approximate OT distance and compute the trans-
port plan T (Xie et al., 2019). Given the sequence
of entities and relations in the knowledge graph
Gseq = (g1, · · · , g|V|+|E|) with its corresponding
embedding vectorsHG = (hG1 , · · · ,hG|V|+|E|), and

Algorithm 1 IPOT Algorithm

Require:
Gseq = {gi}|V|+|E|i=1 , X = {xj}nj=1, and their

embedding vectors HG = {hGi }
|V|+|E|
i=1 , S =

{sj}nj=1

Generalized stepsize: 1/β
1: σ = 1

n1n, T (1) = 1|V|+|E|1>n

2: Cij = d(gi, xj) = 1− hGi sj
‖hGi ‖2‖sj‖2

3: Aij = e
−Cij

β

4: for t = 1 to N do
5: Q = A� T (t)

6: for k = 1 to K do
7: δ = 1

(|V|+|E|)Qσ ,σ = 1
nQ>δ

8: end for
9: T (t+1) = diag(δ)Qdiag(σ)

10: end for
11: return T

the text sequence X = (x1, · · · , xn) with its em-
bedding vectors S = (s1, · · · , sn), the implemen-
tation of IPOT algorithm to calculate T is shown
in Algorithm 1.

In the algorithm of IPOT, � denotes Hadamard
product. β, K and N are all hyper-parameters. We
followed the existing work (Chen et al., 2020a) to
set β = 1.0, K = 1 and N = 10.

B Hyper-Parameter Setting

Hyper-parameter Search Space
Masking Probability choice[20%,30%,40%](entity / relation / word)

Learning Rate choice[2e-5,3e-5,5e-5]
Training Epoch choice[1,2]
Warmup Ratio choice[0,0.1]

Batch Size choice[32,36,42]
Input Length 600

Output Length 64
Maximum Gradient Norm 1.0

Optimizer Adam
Epsilon (for Adam) 1e-8

Table 8: Hyper-parameter search space of JointGT dur-
ing pre-training. choice indicates that the listed num-
bers will be chosen with the same probability.

We provided the detailed settings of hyper-
parameters during pre-training and fine-tuning.
The settings include hyper-parameter search space
and best assignments. Note that we used Hug-
gingface’s Transformers6 to implement our models.

6https://github.com/huggingface/
transformers
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Hyper-parameter Search Space
Learning Rate choice[2e-5,3e-5,5e-5,1e-4]

Training Epoch choice[20,30,40]
Warmup Step uniform-integer[0,total step*0.2]

Batch Size choice[24,32]
Input Length choice[128,256]

Output Length choice[64,128]
Beam Size choice[2,3,5]

Length Penalty choice[1.0,3.0,5.0]
Maximum Gradient Norm 1.0

Optimizer Adam
Epsilon (for Adam) 1e-8

Table 9: Hyper-parameter search space of JointGT dur-
ing fine-tuning. uniform-integer means the integers in
the interval can be selected uniformly. In the search
space of warmup step, total step denotes the total train-
ing steps on the corresponding datasets.

Thus all the hyper-parameters reported in our paper
were consistent with the codes of Huggingface’s
Transformers.

Model JointGT (BART)
Dataset WebNLG(U) WebNLG(C) WebQuestions PathQuestions
Learning Rate 2e-5 2e-5 2e-5 5e-5
Training Epoch 40 20 30 40
Warmup Step 1,600 0 3,400 1,100
Batch Size 32 32 32 32
Input Length 256 256 256 128
Output Length 128 128 128 64
Beam Size 5 5 5 5
Length Penalty 1.0 1.0 5.0 1.0

Model JointGT (T5)
Dataset WebNLG(U) WebNLG(C) WebQuestions PathQuestions
Learning Rate 5e-5 3e-5 1e-4 2e-5
Training Epoch 30 30 40 30
Warmup Step 1,600 1,200 2,300 900
Batch Size 24 32 32 32
Input Length 256 256 256 128
Output Length 128 128 64 64
Beam Size 5 5 5 2
Length Penalty 1.0 1.0 5.0 1.0

Table 10: Best assignments of hyper-parameters on the
downstream datasets.

We presented the hyper-parameter search space
during pre-training in Table 8. The number of
hyper-parameter search trials was 10. Manual
search was adopted to select hyper-parameters, and
the selection criterion was BLEU on the validation
set when we fine-tuned the pre-trained model on
WebNLG(U). The best assignment of pre-training
was described in our main content.

We also provided the detailed settings of hyper-
parameters during fine-tuning on the downstream
datasets, including the hyper-parameter search
space in Table 9 and the best assignments in Table
10. The number of hyper-parameter search trials
was 20. BLEU was adopted as our criterion in the
manual search on all the downstream tasks.
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Abstract

In end-to-end speech translation, acoustic rep-
resentations learned by the encoder are usually
fixed and static, from the perspective of the de-
coder, which is not desirable for dealing with
the cross-modal and cross-lingual challenge in
speech translation. In this paper, we show the
benefits of varying acoustic states according to
decoder hidden states and propose an adaptive
speech-to-text translation model that is able
to dynamically adapt acoustic states in the de-
coder. We concatenate the acoustic state and
target word embedding sequence and feed the
concatenated sequence into subsequent blocks
in the decoder. In order to model the deep inter-
action between acoustic states and target hid-
den states, a speech-text mixed attention sub-
layer is introduced to replace the convention-
al cross-attention network. Experiment results
on two widely-used datasets show that the pro-
posed method significantly outperforms state-
of-the-art neural speech translation models.

1 Introduction

Speech-to-text translation (ST) aims at translating
the source language speech into the text of the tar-
get language. Approaches to ST can be roughly
divided into two categories: end-to-end ST and cas-
caded ST. Early research on ST is primarily using
a cascaded model that combines a speech recog-
nition (ASR) module with a machine translation
component, both usually trained independently on
speech and parallel corpora (Ney, 1999; Matusov
et al., 2005). In contrast, end-to-end ST, which di-
rectly translates the speech of the source language
into text of the target language (Berard et al., 2016),
not only avoids error propagation in the ASR-MT
pipeline, but also greatly reduces inference latency.

However, despite these advantages, end-to-end
ST is confronted with its own challenging problem-

∗Corresponding author

s: performing cross-modal translation and cross-
lingual conversion in one shot. On the one hand,
compared with text-to-text translation, end-to-end
ST has to deal with acoustic inputs which are typ-
ically longer than their corresponding text input-
s. This makes the cross-modal source-target de-
pendencies more complicated. On the other hand,
compared with monotonic ASR, end-to-end speech
translation usually handles non-monotonic cross-
lingual conversion.

Generally, end-to-end ST uses the seq2seq
encoder-decoder framework (Sutskever et al., 2014)
as the backbone for training and inference, where
the encoder computes hidden states layer by layer
according to speech inputs. The decoder yields tar-
get translations word by word by attending to the
fixed-after-computing hidden states of the encoder.
Since the hidden states are static in the encoder,
information only flows one direction: from the en-
coder to the decoder. Given the cross-modal and
cross-lingual challenge in end-to-end ST, we ar-
gue that more sophisticated interaction between the
encoder and decoder would be desirable.

In this paper, we propose an adaptive ST
(AdaST) model that incorporates acoustic states
into the decoder for modeling the deep interaction
between the encoder and decoder for end-to-end ST.
We enable AdaST to dynamically adapt encoder
states in the decoder when target hidden states are
updated layer by layer. It also learns to represent
speech and text in one shared space in the decoder
for mitigating the cross-modal issue.

Our contributions can be summarized as follows:

• We present AdaST, a new architecture for end-
to-end ST, which learns representations of two
modalities (textual and audio) in one shared
space in the decoder.

• We conduct experiments to validate the ef-
fectiveness of AdaST. Our experiments and
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Figure 1: Diagram of the proposed AdaST that dynamically adapts acoustic encoder states in the decoder for
end-to-end ST.

analyses disclose that dynamically adaptive
acoustic representations are more desirable
than static acoustic states for end-to-end ST.

2 Related Work

Berard et al. (2016) demonstrate the potential
of end-to-end neural ST and Weiss et al. (2017)
achieve good performance by using an end-to-end
neural architecture, which trigger more research in-
terests in end-to-end ST. Both Bansal et al. (2019)
and Stoian et al. (2020) train a speech recognition
model first and then use the encoder of ASR to
initialize the encoder of speech translation. Jia
et al. (2019) synthesize training data for end-to-
end speech translation from MT and ASR dataset.
Gangi et al. (2019); Inaguma et al. (2019) adap-
t the idea of multilingual machine translation to
speech translation. In addition to these methods,
Bahar et al. (2019) use phoneme-level representa-
tions instead of speech frame-level representations
as input, greatly reducing the length of acoustic se-
quences. Knowledge distillation (Liu et al., 2019),
meta-learning (Indurthi et al., 2019), curriculum
learning (Wang et al., 2020b), and two-pass decod-
ing (Sung et al., 2019), have also been studied in
end-to-end speech translation.

To solve the cross-modal and cross-lingual chal-
lenges of end-to-end speech translation, Wang et al.
(2020a) and Dong et al. (2020) propose to use sub-
modules to separately analyze cross-modal and
cross-lingual problems in end-to-end ST. Each
module introduced solves one problem. Unfor-
tunately, they introduce a large number of extra
parameters and rely on a large amount of external
data to pre-train each submodule. In contrast, we
do not introduce any additional submodules and

therefore we do not need external data for pretrain-
ing.

3 The AdaST Model

In this section, we first introduce the widely-used
CNN + Transformer structure as the strong base-
line for end-to-end ST. After that we elaborate the
proposed AdaST model.

3.1 Baseline ST Model
The CNN + Transformer end-to-end ST model con-
sists of a speech encoder and a translation decoder.
The basic building unit of Transformer (Vaswani
et al., 2017) is the self-attention mechanism, which
can be formulated as follows:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (1)

The speech encoder is composed of Nc CNN
layers for encoding acoustic signals and Ne Trans-
former encoder layers stacked over CNN layers.
The translation decoder consists of Nd Transformer
decoder layers.

The CNN module subsamples acoustic features
to fit them into the subsequent Transformer encoder
layers. The Transformer encoder layers then learn
encoder states from the output of the CNN module,
which are fixed during decoding. That is to say, the
Transformer decoder layers attend to static Trans-
former encoder hidden states for yielding target
words.

3.2 AdaST
As shown in Figure 1, our proposed AdaST uses
the same speech encoder as the baseline ST model.
The significant difference lies in the decoder. In
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order to make acoustic states dynamically adap-
tive to decoder states in each layer, we concatenate
the hidden acoustic state sequence generated from
the last layer of the speech encoder with the target
word embedding sequence and feed the concate-
nated sequence into the subsequent decoder blocks.
The concatenated input sequence is combined with
positional encoding, similar to the vanilla Trans-
former decoder. In addition to positional encoding,
we also adapts modality embeddings, which are
defined in a embedding matrix with size of 2 × c
(c is the dimension of attention) adding to the input
sequence to distinguish the target textual tokens
from the source acoustic features. Modality embed-
dings has also been used in other cross-modal tasks,
e.g., Vilbert for vision-text multimodal pretraining.
Our experiments show that using modality embed-
dings in our model can slightly improve translation
quality.

In the decoder, each block consists of a multi-
head speech-text mixed attention sublayer and a
feedforward sublayer. The multi-head speech-text
mixed attention (STMA) is calculated as follows:

STMA(Q,K, V ) = softmax(
QKT

√
dk

+Mask)V

(2)

Q = Concat(src, tgt)WQ (3)

K = Concat(src, tgt)WK (4)

V = Concat(src, tgt)W V (5)

where src and tgt represent the sequence of acous-
tic hidden states and target word embeddings re-
spectively, and Mask is a predefined matrix which
serves as indicators controlling which positions of
the acoustic and target sequence are visible to atten-
tion heads, similar to the look ahead mask matrix
used in Transformer to prevent the decoder from
attending future tokens.

In each decoder layer of the proposed AdaST,
we divide the Mask matrix into four parts:

Mask =

[
MSS MST

MTS MTT

]

MSS represents the self-attention mask matrix of
the acoustic state, which is the same as used in the
encoder. MST is the mask matrix for the attention
from acoustic states to target hidden states. During
parallel training, as source acoustic states are not

visible to target hidden states, we set all values
of MST to minus infinity to forbid such attention.
MTS denotes the mask matrix for attention from
target hidden states to acoustic states. Values in
MTS are the same as the mask matrix used for the
cross-attention in Baseline ST. MTT is the mask
matrix for self-attention over target hidden states,
which is the same as the mask matrix used for self-
attention on the Baseline ST decoder.

The proposed AdaST benefits from the follow-
ing features. First, the acoustic states and decoder
hidden states are unified into a shared semantic s-
pace. Second, the acoustic states at each decoder
layer change accordingly after the calculations at
the current layer are performed. Third, instead
of calculating softmax for self-attention and then
calculating softmax for cross-attention in the base-
line ST, the neural representations in the AdaST
decoder are updated by calculating a single soft-
max over both acoustic states and hidden states for
target words. With these changes, we hope to miti-
gate the cross-modal and cross-lingual challenges
in end-to-end ST.

4 Experiments

We conducted experiments to examine the pro-
posed AdaST model.

4.1 Datasets

We used two datasets that are widely adopted to
evaluate end-to-end ST: IWSLT18 En-De and Aug-
mented Librispeech En-Fr (Berard et al., 2018).

Augmented Librispeech English-French. The
corpus provides triples for each instance: English
speech signal, English transcription, French text
translation from the aligned e-books. Following
Wang et al. (2020b), we only used the 100 hours
clean data for training, with 2 hours data as the
development set and 4 hours as the test set, which
corresponds to 47,271, 1071 and 2048 utterances
respectively. To be consistent with their settings,
we also doubled the training data by concatenating
the aligned references with pseudo translations by
the Google Translate.

IWSLT18 English-German. The IWSLT18
speech translation dataset is from TED Talks,
which contains 271 hour speech with 171K cor-
responding English transcripts and German transla-
tions. As there is no validation set in this dataset,
we randomly sampled 2000 samples from the train-
ing data as our validation set. Following Wang et al.
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(2020b), we used tst2013 as the test set.

4.2 Settings
We built our model based on the Espnet toolkit
(Inaguma et al., 2020). On the two datasets, we ex-
tracted 80-dimensional Fbank features from audio
files, setting the step size as 10ms and the window
size as 25ms. We deleted sentences with frame size
larger than 3000 and sentences with poor align-
ments. Following Wang et al. (2020a), we adopted
speed perturbation with factors 0.9 and 1.1. To
further reduce overfitting, we used SpecAugment
strategy (Bahar et al., 2019). In Librispeech, we
used subword level decoding, which was performed
via SentencePiece with a size of 1K tokens. In I-
WSLT18, we performed character level decoding.
As the tst2013 of IWSLT2018 is not aligned, we
employed Espnets default LIUM SpkDiarization
tool to segment each audio sequence. We used
RWTH toolkit (Bender et al., 2004) to calculate
BLEU scores (Papineni et al., 2002).

A two-layer CNN was taken in the speech en-
coder. The step size was set to 2. The size of the
convolution kernel was 2 × 2. The dimension of
the attention was set to 256. We used 12-layer en-
coder. The number of decoder layers in both the
baseline and AdaST was set to 10. We used the
Adam optimizer (Kingma and Ba, 2015) and run
our models on four P100 GPUs.

4.3 Main Results
In order to make each layer of the decoder to in-
teract with acoustic states, our model requires ad-
ditional computational overhead. However, the
conventional source-to-target attention network in
Transformer is subsumed in the decoder, which
helps AdaST to use fewer parameters than Trans-
former, hence partially offsetting the additional
cost. Overall, the number of parameters in AdaST
is 0.65 million fewer than that of the standard
CNN+Transformer structure. On the augment-
ed dataset, AdaST increased the training time by
11.7% and the inference time by 15.7%. We com-
pared our work against previous state-of-the-art
models and the ASR pretraining + MT fine-tuning
method. Table 1 shows the results on the two
datasets. We observe that the proposed AdaST
is able to achieve improvements of +0.83 BLEU
and +1.18 BLEU over the best baseline results on
En-Fr and En-De translation, respectively. This
demonstrates that our proposed method benefits
end-to-end ST at both the character and subword

Method BLEU

En-Fr

LSTM ST (Berard et al., 2018) 12.90
Transformer+ASR pre-train (Inaguma et al., 2020) 15.53

Transformer+ASR pre-train 16.27
AdaST 17.10

En-De

Transformer+ASR pre-train (Inaguma et al., 2020) 13.12
Transformer+ASR pre-train (Wang et al., 2020b) 15.35

Transformer+ASR pre-train 15.21
AdaST 16.39

Table 1: Results on the two datasets.

Structure Result

ST
Transformer+ASR pre-train 16.27

AdaST 17.10

ASR
Transformer 7.5

AdaST 8.3

MT
Transformer 18.10

AdaST 18.16

Table 2: Results of using AdaST on different tasks, i.e.,
speech translation (ST), automatic speech recognition
(ASR) and machine translation (MT). BLEU (↑) scores
are reported on ST and MT while CER (↓) on ASR.

level. We have also carried out experiments to com-
pare against a standard CNN+Transformer model
with deeper encoder and decoder. Experiment re-
sults show that simply deepening either encoder or
decoder of the standard structure is not helpful for
speech-to-text translation.

5 Analysis

We conducted further experiments and analyses to
take a deep look into our proposed method.

5.1 Only Cross-modal or Cross-lingual
Challenge

In order to investigate whether our proposed archi-
tecture is helpful for a task with only cross-modal
or cross-lingual challenge, we also conducted ex-
periments for automatic speech recognition (AS-
R) and machine translation (MT) tasks with the
proposed method on the Agmented Librispeech
dataset. Experimental results in Table 2 show that
the performance of ASR task drops, while the per-
formance of MT task is improved slightly. This
suggests that the proposed architecture is more ap-
propriate for dealing with cross-lingual and cross-
modal challenges at the same time.

5.2 Adaptive vs. Static Acoustic States

We assume that dynamically adaptive representa-
tions of acoustic states in accord with hidden de-
coder states at each decoder layer will be of great
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Structure BLEU
Transformer+ASR pre-train 15.21

Transformer+Additional Self-Att 16.08
AdaST 16.39

Table 3: Results of dynamic vs. static acoustic states.

Method ACC
Transformer+ASR pre-train 74.2

AdaST 96.7

Table 4: Classification accuracy (%) on speaker verifi-
cation.

help to end-to-end ST. In order to examine this hy-
pothesis, we add an additional self-attention at each
encoder layer in the baseline ST, which forces a-
coustic states at the corresponding encoder layer to
adapt to decoder hidden states. The results on the
IWSLT18 dataset, as displayed in Table 3, validate
this assumption. However, the added additional
self-attention substantially increase the number of
parameters at each layer. By contrast, our AdaST
does not introduce additional parameters at each
layer to learn adaptive acoustic states on the one
hand and achieves better performance on the other.

5.3 Probing the Speech Encoder

We further compared the trained speech encoder of
our AdaST against that of the baseline ST by eval-
uating speaker verification accuracy on the Fluent
Speech Commands dataset (Lugosch et al., 2019)
to investigate the change of the semantic informa-
tion learned by the encoder. Generally, the more
semantic information the encoder contains, the less
audio information it learns and hence the lower
classification accuracy it will obtain. We froze pa-
rameters of these two speech encoders, and added a
linear classification layer on the top of the encoder
. Only the added classification layer is trained on
the dataset mentioned above. Table 4 shows the
classification accuracy results, where the baseline
encoder achieves 74.2% while our encoder 96.7%,
substantially higher than the baseline encoder. This
indicates that our encoder focuses on modeling the
audio modality and passes the major task of mod-
eling semantic information in speech inputs to the
decoder. In contrast, the baseline encoder has to
model both semantic and modality information of
speech inputs, which weakens its modeling capaci-
ty for modality and therefore makes it have a much
lower performance on speaker verification.

6 Conclusions

In this paper, we have presented AdaST, a neural
model dynamically adapting acoustic states in the
decoder, which is able to mitigate the cross-lingual
and cross-modal challenge for end-to-end speech
translation. Experiments demonstrate that AdaST
achieves an improvement of 1.18 BLEU points over
state-of-the-art neural speech translation models.
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Abstract

Open Knowledge Graphs (OpenKG) refer to a
set of (head noun phrase, relation phrase, tail
noun phrase) triples such as (tesla, return to,
new york) extracted from a corpus using Ope-
nIE tools. While OpenKGs are easy to boot-
strap for a domain, they are very sparse and
far from being directly usable in an end task.
Therefore, the task of predicting new facts,
i.e., link prediction, becomes an important step
while using these graphs in downstream tasks
such as text comprehension, question answer-
ing, and web search query recommendation.
Learning embeddings for OpenKGs is one ap-
proach for link prediction that has received
some attention lately. However, on careful
examination, we found that current OpenKG
link prediction algorithms often predict noun
phrases (NPs) with incompatible types for
given noun and relation phrases. We address
this problem in this work and propose OKGIT
that improves OpenKG link prediction using
novel type compatibility score and type reg-
ularization. With extensive experiments on
multiple datasets, we show that the proposed
method achieves state-of-the-art performance
while producing type compatible NPs in the
link prediction task.

1 Introduction

An Open Knowledge Graph (OpenKG) is a set
of factual triples extracted from a text corpus us-
ing Open Information Extraction (OpenIE) tools
such as TEXTRUNNER (Banko et al., 2007) and
ReVerb (Fader et al., 2011). These triples are
of the form (noun phrase, relation phrase, noun
phrase), e.g., (tesla, return to, new york). An
OpenKG can be viewed as a multi-relational graph
where the noun phrases (NPs) are the nodes, and
the relation phrases (RPs) are the labeled edges
between pairs of nodes. It is easy to bootstrap
OpenKGs from a domain-specific corpus, making

Triple (tesla, return to, ?)

CaRE polytechnic
institute 2009 1986 jp

morgan patent

BERT chicago earth england america detroit
OKGIT new york america paris california london

Table 1: Some sample tail NP predictions by CaRE,
BERT, and OKGIT. The true tail NP is underlined. As
we can see, both CaRE and BERT fail to predict the cor-
rect tail NP. However, BERT predictions are type com-
patible with the query. OKGIT predicts the correct NP
while improving the type compatibility with the query.

them suitable for newer domains. However, they
are extremely sparse and may not be directly us-
able for an end task. Therefore, tasks such as NP
canonicalization (merging mentions of the same
entity) and link prediction (predicting new facts)
become an important step in downstream applica-
tions. Some example applications are text compre-
hension (Mausam, 2016), relation schema induc-
tion (Nimishakavi et al., 2016), canonicalization
(Vashishth et al., 2018), question answering (Yao
and Van Durme, 2014), and web search query rec-
ommendation (Huang et al., 2016). In this work,
we focus on improving OpenKG link prediction.

Although OpenKGs are structurally similar to
Ontological KGs, they come with a different set of
challenges. They are extremely sparse, NPs and
RPs are not canonicalized, and no type information
is present for NPs. There has been much work on
learning embeddings for Ontological KGs in the
past years. However, this task has not received
much attention in the context of OpenKGs. CaRE
(Gupta et al., 2019) is a recent method which ad-
dresses this problem. It learns embeddings for NPs
and RPs in an OpenKG while incorporating NP
canonicalization information. However, even after
incorporating canonicalization, we find that CaRE
struggles to predict NPs whose types are compati-
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ble with given head NP and RP.
As observed by Petroni et al. (2019), modern pre-

trained language representation models like BERT
can store factual knowledge and can be used to
perform link prediction in KGs. However, in our
explorations with OpenKGs, we found that even
though BERT may not predict the correct NP on
the top, it predicts type compatible NPs (Table 1).
A similar observation was also made in the context
of entity linking (Chen et al., 2020). As OpenKGs
do not have any underlying ontology and obtaining
type information can be expensive, BERT predic-
tions can help improve OpenKG link prediction.

Motivated by this, we employ BERT for im-
proving OpenKG link prediction, using novel type
compatibility score (Section 4.2) and type regu-
larizer term (Section 4.4). We propose OKGIT, a
method for OpenKG link prediction with improved
type compatibility. We test our model on multiple
datasets and show that it achieves state-of-the-art
performance on all of these datasets.

We make the following contributions:

• We address the problem of OpenKG link pre-
diction, focusing on improving type compati-
bility of predictions. To the best of our knowl-
edge, this is the first work that addresses this
problem.

• We propose OKGIT, a method for OpenKG
link prediction with novel type compatibility
score and type regularization. OKGIT can
utilize NP canonicalization information while
improving the type compatibility of predic-
tions.

• We evaluate OKGIT on the link prediction
across multiple datasets and observe that it
outperforms the baseline methods. We also
demonstrate that the learned model generates
more type compatible predictions.

Source code for the proposed model and the
experiments from this paper is available at https:
//github.com/Chandrahasd/OKGIT.

2 Related Work

OpenKG Embeddings: Learning embeddings for
OpenKGs has been a relatively under-explored area
of research. Previous work using OpenKG embed-
dings has primarily focused on canonicalization.
CESI (Vashishth et al., 2018) uses KG embedding
models for the canonicalization of noun phrases in

OpenKGs. The problem of incorporating canoni-
calization information into OpenKG embeddings
was addressed by Gupta et al. (2019). Their method
for OpenKG embeddings (i.e., CaRE) performs bet-
ter than Ontological KG embedding baselines in
terms of link prediction performance. The chal-
lenges in the link prediction for OpenKGs were
discussed in Broscheit et al. (2020), and methods
similar to CaRE were proposed. In spirit, CaRE
(Gupta et al., 2019) comes closest to our model;
however, they do not address the problem of type
compatibility in the link prediction task.

Entity Type: Entity typing is a popular problem
where given a sentence and an entity mention, the
goal is to predict explicit types of the entity. It has
been an active area of research, and many models
and datasets, such as (Mai et al., 2018), (Hovy et al.,
2006), and (Choi et al., 2018), have been proposed.
However, unlike this task, we aim to incorporate
unsupervised implicit type information present in
the pre-trained BERT model into OpenKG embed-
dings, rather than predicting explicit entity types
present in ontologies or corpora.

For unsupervised cases, the problem of type com-
patibility in link prediction was addressed in (Jain
et al., 2018). They employ a type compatibility
score by learning a type vector for each NP and two
type vectors (head and tail) for each relation. This
score is multiplied with the triple score function,
and the type vectors are trained jointly with em-
bedding vectors. Although their method addresses
the type compatibility issue, it is based on Onto-
logical KG embedding models and shares the same
limitations. In another work (Xie et al., 2016), hier-
archical type information available in the dataset is
incorporated while learning embeddings. However,
their model is suitable only for Ontological KGs
where the type information is readily available.

BERT in KG Embedding: BERT architecture has
been used for scoring KG triples (Yao et al., 2019;
Wang et al., 2019). However, their methods work
on Ontological KGs without any explicit attention
to NP types. In other work (Petroni et al., 2019),
pre-trained BERT models are used for predicting
links in KG. However, their focus was to evaluate
knowledge present in the pre-trained BERT models
instead of improving the existing link prediction
model. BERT embeddings were also used for ex-
tracting entity type information (Chen et al., 2020).
However, it was used for Entity Linking compared
to OpenKG link prediction in our case.
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Figure 1: OKGIT Architecture. OKGIT learns embeddings for Noun Phrases (NP) and Relation Phrases (RP)
present in an OpenKG by augmenting a standard tail prediction loss with type compatibility loss. Guidance for the
tail type is obtained through type projection out of BERT’s tail embedding prediction. In the figure, h, r, and t are
the head NP, relation (RP), and tail NP. h = wh1 . . . w

h
kh

and r = wr1 . . . w
r
kr

are tokens in the head NP and relation,
respectively. tC and tB are the tail NP vectors predicted by CaRE and BERT models (Please see Section 3 for
background on these two models). Vectors τB and τ are the type vectors obtained using type projections PB and
P , respectively. ψPRED represents tail prediction score (Section 4.1) while ψTYPE represents type compatibility
score (Section 4.2). ψOKGIT is the combined score generated by OKGIT for the input triple (h, r, t) (Section 4.3).
Please refer to Section 4 for more details.

3 Background

We first introduce the notation used in this paper,
followed by brief descriptions of BERT and CaRE.
Notation: An Open Knowledge Graph OpenKG
= (N ,R, T ) contains a set of noun phrases (NPs)
N , a set of relation phrases (RPs) R and a set of
triples (h, r, t) ∈ T where h, t ∈ N and r ∈ R.
Here, h and t are called the head and tail NPs,
and r is the RP between them. Each of them
contains tokens from a vocabulary V , specifically,
h = (wh1 , w

h
2 , . . . , w

h
kh

), t = (wt1, w
t
2, . . . , w

t
kt

)
and r = (wr1, w

r
2, . . . , w

r
kr

). Here, kh, kr, and
kt are the numbers of tokens in the head NP, the
relation, and the tail NP. OpenKG embedding meth-
ods learn vector representations for NPs and RPs.
Specifically, vectors for an NP e ∈ N and an RP
r ∈ R are represented by boldface letters e ∈ Rde
and r ∈ Rdr . Here, de and dr are dimensions of
NP and RP vectors. Usually, de = dr. A score
function ψ(h, r, t) represents the plausibility of a
triple. Similarly, BERT represents tokens by dB-
dimensional vectors. A type projection matrix P
takes the vectors to a common dτ -dimensional type
space Rdτ . The vectors in the type space are de-
noted by τ .
BERT (Devlin et al., 2019): BERT is a bi-
directional language representation model based

on the transformer architecture (Vaswani et al.,
2017), which has shown performance improve-
ments across multiple NLP tasks. It is pre-trained
on two tasks, (1) Masked Language Modeling
(MLM), where the model is trained to predict ran-
domly masked tokens from the input sentences,
and (2) Next Sentence Prediction (NSP), where the
model is trained to predict whether an input pair
of sentences occurs in a sequence or not. In our
case, we use a pre-trained BERT model (without
fine-tuning) for predicting a masked tail NP in a
triple.
CaRE (Gupta et al., 2019): CaRE is an OpenKG
embedding method that can incorporate NP canon-
icalization information while learning the embed-
dings. NP canonicalization is the problem of group-
ing all surface forms of a given entity in one clus-
ter, e.g., inferring that Barack Obama, Barack H.
Obama, and President Obama all refer to the same
underlying entity. CaRE consists of three compo-
nents: (1) a canonicalization cluster encoder (CN),
which generates NP embeddings by aggregating
embeddings of canonical NPs from the correspond-
ing cluster, (2) a bi-directional GRU based phrase
encoder (PN), which encodes the tokens in RPs
to generate RP embeddings, and (3) a base model,
which is an Ontological KG embedding method
like ConvE (Dettmers et al., 2018). It uses NP and

2548



RP embeddings for scoring triples. These triple
scores are then fed to a loss function (e.g., pair-
wise ranking loss with negative sampling (Bordes
et al., 2013) or binary cross-entropy loss (BCE)
(Dettmers et al., 2018)). In this paper, we use CaRE
with ConvE as the base model. This model gen-
erates a candidate tail NP vector for a given NP h
and RP r, denoted by CaRE(h, r).

4 OKGIT: Our Proposed Method

Motivation: As illustrated in Table 1, top NPs pre-
dicted by CaRE may not always be type compatible
with the input query. On the other hand, BERT’s
top predictions are usually type compatible (Chen
et al., 2020), although they may not be factually
correct. Thus, we hypothesize that a combination
of these two models can produce correct as well as
type compatible predictions. Motivated by this, we
develop OKGIT, which combines the best of both
of these models. The complete architecture of the
proposed model can be found in Figure 1. In the
following section, we present various components
of the proposed model.

4.1 ψPRED: Tail Prediction Score

The correctness of tail prediction in a triple is mea-
sured by the triple score function ψPRED. Given a
triple (h, r, t), it uses the corresponding vectors (h,
r, t) and assigns high scores to correct triples and
low scores to incorrect triples. We follow CaRE
(Gupta et al., 2019) for scoring triples, which in-
ternally uses ConvE (Dettmers et al., 2018) as the
base model. For a given triple (h, r, t), the CaRE
model first predicts a tail NP vector tC as

tC = CaRE(h, r) (1)

The predicted tail NP vector tC is then matched
against the given tail NP vector t using dot product
to generate the triple score ψPRED.

ψPRED(t, tC) = tC
>t. (2)

The score ψPRED represents tail prediction cor-
rectness, and CaRE model uses only this score.

4.2 ψTYPE: Tail Type Compatibility Score

The type compatibility between a given (head NP,
RP) pair and a tail NP is measured by the type com-
patibility score function ψTYPE. It assigns a high
score when an NP t has suitable types as candidate
tail NP for given head NP h and RP r. We employ

a Masked Language Model (MLM) for measuring
type compatibility, specifically BERT (Devlin et al.,
2019). Following (Petroni et al., 2019), we can
generate a candidate tail NP vector using BERT.
Specifically, given a triple (h, r, t), we replace the
head NP h and RP r with their tokens and tail NP
t with a special MASK token. The resulting sen-
tence (wh1 , . . . , w

h
kh
, wr1, . . . , w

r
kr
,MASK) is sent

as input to the BERT model. We denote the output
vector from BERT corresponding to the MASK tail
token as tB.

tB = BERT(h, r,MASK) (3)

We can predict tail NPs for a given (h, r) by find-
ing the nearest neighbors of tB from the BERT
vocabulary (Appendix D). These predicted NPs
may not be the correct tail NP present in KG; how-
ever, they tend to be type compatible with the given
(h, r) pair.

Motivated by this, we extract the implicit NP
type information from this vector using a type pro-
jector PB ∈ Rdτ×dB . The output vector from
BERT tB is high-dimensional and can be used as
a proxy for NP’s type (Chen et al., 2020). There-
fore, PB projects the tB vector to a lower dimen-
sional space such that only relevant information
is retained. We do a similar operation on tail NP
embedding t and use a type projector P ∈ Rdτ×de
to extract type information. Both PB and P are
trained jointly with the model. Thus, the type vec-
tors are given by

τB = PBtB and τ = P t (4)

for BERT and CaRE, respectively. Here, both
τB, τ ∈ Rdτ . Then, the type compatibility score
between these can be measured by negative of Eu-
clidean distance, i.e.,

ψTYPE(τ , τB) = −||τB − τ ||22.
We also experimented with a dot product ver-

sion of the type score, ψDot
TYPE(τ , τB) = τB

>τ ,
and found its performance to be comparable to the
Euclidean distance version. Therefore, we use the
Euclidean distance version for all our experiments.

4.3 ψOKGIT: Final Composite Score
The score functions ψPRED and ψTYPE may con-
tain complementary information. Therefore, we
use a combination of triple and type compatibility
scores as final score for a given triple.

ψOKGIT(h, r, t) = ψPRED(t, tC) + γ × ψTYPE(τ , τB).
(5)
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Dataset #NPs #RPs
#Gold

Clusters
#Average NPs

Per Cluster

ReVerb20K 11,064 11,057 10,897 1.02
ReVerb45K 27,007 21,622 18,626 1.45
ReVerb20KF 3,524 6,076 3,406 1.03
ReVerb45KF 9,400 11,249 6,749 1.39

#Train #Validation #Test

ReVerb20K 15,498 1,549 2,324
ReVerb45K 35,969 3,597 5,394
ReVerb20KF 6,685 1,015 1,517
ReVerb45KF 14,775 1,781 2,650

Table 2: Dataset Statistics. Please refer to Section 5 for
more details.

Please recall that tC and τB are in turn depen-
dent on h and r ((1) and (3)), while τ is dependent
on t (4). Here, γ controls the relative weights given
to individual scores. This final score takes care of
both, i.e., triple correctness as well as type com-
patibility. For training, we feed the sigmoid of this
score function to the Binary Cross Entropy (BCE)
loss function following (Dettmers et al., 2018).

4.4 Learning with Type Regularization
Let X = {(hi, ri)|(hi, ri, ti) ∈ T for some ti ∈
N} be the set of all head NPs and RPs which ap-
pear in the OpenKG. Let yi be the label for the
triple (hi, ri, ti) which is 1 if (hi, ri, ti) ∈ T and 0
otherwise. We apply the logistic sigmoid function
σ on score ψOKGIT to get the predicted label

ŷi = σ(ψOKGIT(hi, ri, ti))

Finally, we use the following binary cross-entropy
(BCE) loss for triple correctness.

TripleLoss(hi, ri, ti) = yi · log(ŷi) + (1− yi) · log(1− ŷi)

To further reinforce the type compatibility in the
model, we include an additional loss term which
forces the type vectors of correct triples to be closer
in the type space. Similar to TripleLoss, we use the
binary cross-entropy loss for type regularization as
well. The type regularization term is shown below.

TypeLoss(hi, ri, ti) = yi · log(p̂i) + (1− yi) · log(1− p̂i)

where p̂ = σ(ψTYPE(τ , τB)). The cumulative
loss function is then given as below.
n∑

i=1

TripleLoss(hi, ri, ti)+λ×TypeLoss(hi, ri, ti)

(6)
where n is the number of training instances. We
consider X ×N as our training data where triples
present in T have label 1 and rest have label 0.

Dataset de = dr dτ λ γ
BERT
model

ReVerb20K 300 300 0.01 5.0 large
ReVerb45K 300 100 0.0 2.0 large
ReVerb20KF 300 300 0.001 5.0 base
ReVerb45KF 300 300 0.001 0.25 base

Table 3: Optimal Hyperparameter values. Please refer
to Section 5 for more details.

5 Experiments

Datasets: Following (Gupta et al., 2019), we use
two subsets of English OpenKGs created using Re-
Verb (Fader et al., 2011), namely ReVerb20K and
ReVerb45K. We follow the same train-validation-
test split for these datasets. As noted in (Petroni
et al., 2019), predicting multi-token NPs using
BERT could be challenging and it might require
special pre-training (Joshi et al., 2020). To un-
derstand this difference, we create filtered sub-
sets of these datasets such that they contain only
single token NPs 1. Specifically, we create Re-
Verb20KF (ReVerb20K-Filtered) and ReVerb45KF
(ReVerb45K-Filtered) which contain only single
token NPs. More details about these datasets can
be found in Table 2.
Setup and hyperparameters: We use de = dr
= 300 for NP and RP vectors. For other hyper-
parameters, we use grid-search and select the
model based on MRR on validation split. For type
vectors, we select dτ from {100, 300, 500}. The
weight for type regularization term λ is selected
from the range {10−3, 10−2 . . . , 101} ∪ {0}. Type
composition weight γ is selected from {0.25, 0.5,
1.0, 2.0, 5.0}. For the language model, we try both
BERT-base as well as BERT-large. The optimal val-
ues for hyperparameters are shown in Table 3. The
experiments run for 1.5 hours (for filtered subsets)
and 9 hours (for full datasets) on GeForce GTX
1080 Ti GPU.

6 Results

We evaluate the proposed model on the link predic-
tion task. We follow the same evaluation process
as in (Gupta et al., 2019). From our experiments,
we try to answer the following questions:

1. Is OKGIT effective in the link prediction task?
(Section 6.1)

1Please note that the single-token limitation is only valid
for BERT, not for OKGIT (Appendix D).
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ReVerb20K ReVerb45K

Model MRR(%)↑ MR↓ Hits(%)↑ MRR(%)↑ MR↓ Hits(%)↑
@1 @3 @10 @1 @3 @10

ConvE (Dettmers et al., 2018) 26.2 2177.0 20.2 29.1 36.3 18.4 6625.0 13.3 20.6 28.3
CaRE (Gupta et al., 2019) 30.6 851.1 24.4 33.1 41.7 32.0 1276.8 25.3 35.0 44.6
CaRE [BERT initialization] 31.6 837.0 24.8 35.0 44.2 31.2 925.5 24.2 34.4 44.3
OKGIT [Our model] 35.9 527.1 28.2 39.4 49.9 33.2 773.9 26.1 36.3 46.4

ReVerb20KF ReVerb45KF

Model MRR(%)↑ MR↓ Hits(%)↑ MRR(%)↑ MR↓ Hits(%)↑
@1 @3 @10 @1 @3 @10

BERT (Devlin et al., 2019) 4.9 1116.5 2.2 5.0 9.7 18.9 536.5 12.3 20.8 32.5
ConvE (Dettmers et al., 2018) 22.3 836.6 16.1 25.5 33.4 16.5 2398.1 10.9 18.9 27.6
CaRE (Gupta et al., 2019) 29.3 308.3 22.1 31.6 43.2 26.6 692.7 20.1 28.8 39.1
CaRE [BERT initialization] 31.8 207.6 24.2 34.8 46.2 24.9 557.3 17.8 27.6 38.3
OKGIT [Our model] 34.6 214.7 26.5 38.0 50.2 29.7 500.2 22.5 32.4 43.3

Table 4: Results of link prediction task. Here ↑ indicates higher values are better while ↓ indicates lower values
are better. We can see that the OKGIT model outperforms the baseline models on all the datasets (Section 6.1).

2. Does OKGIT generate more type compatible
NPs in link prediction? (Section 6.2)

3. Is the Type Projector effective in extracting
type vectors from embeddings? (Section 6.3)

6.1 Effectiveness of OKGIT Embeddings in
Link Prediction

We evaluate our model on the link prediction task.
Given a held-out triple (hi, ri, ti), all the NPs
e ∈ N in the KG are ranked as candidate tail NP
based on their score ψOKGIT(hi, ri, e). Let the
rank of the correct tail NP t be denoted by rankti .
Similarly, ranks are also calculated for predicting
head NPs instead of tail NPs using inverse relations
(Dettmers et al., 2018; Gupta et al., 2019); let it be
denoted by rankhi . These ranks are then used to
find Mean Reciprocal Rank (MRR), Mean Rank
(MR) and Hit@k (k=1,3,10) as follows.

MRR =
1

2× ntest

ntest∑

i=1

(
1

rankhi
+

1

rankti

)
,

MR =
1

2× ntest

ntest∑

i=1

(
rankhi + rankti

)
, and

Hits@k =

ntest∑

i=1

1(rankhi ≤ k) + 1(rankti ≤ k)

2× ntest
.

Here, ntest is the number of test triples and
1 is the indicator function. As noted in (Gupta

et al., 2019), ranking individual NPs is not suit-
able for OpenKGs due to the lack of canonical-
ization. Hence, following their approach, we rank
gold canonicalization clusters instead of individual
NPs. The gold canonicalization partitions the NPs
into clusters such that NPs mentioning the same
entity belong to the same cluster. For ranking these
clusters, we first find ranks of all NPs e ∈ N . Then
for each cluster, we keep the NP with minimum
rank as representative and discard others. The rep-
resentative NPs are then ranked again and the new
ranks are assigned to the corresponding clusters.
The rank of the cluster containing the true NP is
then used for evaluating the performance. For bet-
ter readability, the MRR and Hits@k metrics have
been multiplied by 100.

We compare OKGIT with BERT (MLM), ConvE
(Ontological KGE) and CaRE (OpenKGE). We
also compare against a version of CaRE where
phrase embeddings have been initialized with
BERT (CaRE [BERT initialization]). As we can
see from the results in Table 4, the proposed model
OKGIT outperforms baseline methods in link pre-
diction task across all datasets. This suggests that
the implicit type scores from BERT help in im-
proving ranks of correct NPs. Moreover, OKGIT
outperforms CaRE with BERT initialization, sug-
gesting the importance of type projectors 2.

The performance gain is higher for ReVerb20K
and ReVerb20KF (+5.3 MRR) than ReVerb45K
and ReVerb45KF (+1.2 and +3.1 MRR) datasets.
As we can see from Table 2, the number of NPs are
very close to the number of gold clusters in the 20K

2Please refer to Appendix A for a detailed comparison.
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Figure 2: Effect of type compatibility score and type
regularization on link prediction performance. While
the type compatibility score with λ = 0 gives bet-
ter gains in MRR (11%-12%) than type regularization
term with γ = 0 (7%-11%), the combined model per-
forms the best, achieving 12%-18% gains in MRR (Sec-
tion 6.1).

datasets. Thus, the canonicalization information is
slightly weaker in the 20K datasets than the 45K
datasets. Due to this, CaRE achieved better gains
in the ReVerb45K dataset as noted in (Gupta et al.,
2019). This leaves more scope of improvements in
the 20K datasets. By including the type informa-
tion from BERT, OKGIT is able to fill this gap. It
achieves better gains in the 20K datasets and is able
to alleviate the lack of canonicalization informa-
tion. Moreover, OKGIT is able to improve ranks
of correct NPs ranked lower by CaRE. This can be
seen by significant improvements in the MR.
Other Language Models: Using RoBERTa in-
stead of BERT results in similar performance im-
provements (Appendix B). However, our primary
focus is to understand the impact of implicit type
information present in pre-trained MLMs, such as
BERT, and not to compare multiple MLMs them-
selves.
Ablations: We perform ablation experiments to
compare the relative importance of type compati-
bility score ψTY PE and type regularization term.
We evaluate OKGIT with disabled type compatibil-
ity score (i.e., γ = 0 in Equation (5)) and disabled
type regularization term (i.e., λ = 0 in Equation
(6)) separately. Please note that CaRE model is
equivalent to OKGIT with γ = 0 and λ = 0. The
results of this experiment are shown in Figure 2.
We find that while type compatibility score gives
more performance gain (11%-12% gain in MRR)
than type regularization (7%-11% gain in MRR),

Dataset CaRE OKGIT

ReVerb20KF 0.23 0.30
ReVerb20K 0.35 0.36
ReVerb45KF 0.22 0.31
ReVerb45K 0.34 0.35

Table 5: Results of type evaluation in CaRE and
OKGIT predictions. We find that OKGIT performs bet-
ter than CaRE in all datasets in terms of F1-score. Also,
the results are statistically significant for all the datasets
(Section 6.2).

the combined model achieves the best performance
(12%-18% gain in MRR). It suggests that both the
components are important. Please refer to the Ap-
pendices A, B, C for more ablation experiments.

6.2 Type Compatibility in Predicted NPs
As noted in (Chen et al., 2020), BERT vectors
contain NP type information3. OKGIT utilizes
this type information for improving OpenKG link
prediction. In this section, we evaluate whether
OKGIT improves upon CaRE in predicting type
compatible NPs. For such an evaluation, we require
type annotations for the NPs in the OpenKGs. How-
ever, OpenKGs do not have an underlying ontology
or explicit gold NP type annotations, making a di-
rect evaluation impossible. Therefore, we employ a
pre-trained entity typing model UFET (Choi et al.,
2018). Given a sentence and an entity mention, the
entity typing model predicts the mentioned entity’s
types. Using this model, we obtain types for true
as well as predicted NPs by CaRE and OKGIT and
use it for the evaluation. Please note that this evalu-
ation is limited to the coverage and quality of the
UFET model.
Evaluation Protocol: The type vocabulary in
UFET model contains 10, 331 types includ-
ing 9 general, 121 fine-grained, and 10, 201
ultra-fine types. The model takes a sentence
(wh1 , . . . , w

h
kh
, wr1, . . . , w

r
kr
, wt1, . . . , w

t
kt

) formed
from a triple (h, r, t) along with an entity mention
(either t or h) as inputs and outputs a distribution
over types. We use the top five predicted types for
our experiments4. For a triple (h, r, t), we consider
the types predicted for the true tail NP t as true
types Γ(t). Let t̂CaRE and t̂OKGIT be the top pre-
dicted tail NP by CaRE and OKGIT for the (h, r)
pair. Then the types Γ(t̂CaRE) predicted for t̂CaRE

3We also verify this using Freebase, an ontological KG.
Please refer to the Appendix G for more details.

4We observe similar behaviour with top one and three
types.
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Figure 3: t-SNE projections of tail NP embeddings (left) and type vectors (right) extracted by the Type Projector
from tail NP embeddings (Section 4.2) in the ReVerb20K dataset. We find that the Type Projector is able to
extract informative type vectors from the tail embeddings. This is evident from the fact that the tail embeddings
corresponding to person, location, and dates were inter-mixed in the left plot, while they have been separated into
type specific clusters in the right plot. Please see Section 6.3 for details.

in the triple (h, r, t̂CaRE) is used as predicted types
for CaRE. Similarly the types Γ(t̂OKGIT ) pre-
dicted for t̂OKGIT in the triple (h, r, t̂OKGIT ) are
used as predicted types for OKGIT. For evaluation,
we calculate the mean F1-score as follows 5

F1 =
2

ntest

ntest∑

i=1

|Γ(ti) ∩ Γ(t̂i)|
|Γ(t̂i)|+ |Γ(ti)|

.

Here, |Γ(t)| denotes the number of types present
in Γ(t) and t̂ represents t̂CaRE or t̂OKGIT . We can
obtain the F1-scores for head NP similarly. We
evaluate the mean F1-scores across head and tail
NP prediction tasks on the test data and compare
CaRE with OKGIT.

As we can see from the results in Table 5,
OKGIT performs better than CaRE, suggesting
that OKGIT generates more type compatible NPs
than CaRE in the link prediction task. OKGIT
achieves higher gains in the single-token datasets
(i.e., ReVerb20KF and ReVerb45KF) than multi-
token dataset (i.e., ReVerb20K and ReVerb45K).
Upon investigation, we found that the types ob-
tained using the entity typing model (true as well
as predicted) for the multi-tokens datasets often
contain common noisy types, leading to the small
difference between CaRE and OKGIT. Following
Dror et al. (2018), we also check the results for sta-

5Since we use a fixed number of types for ground truth
and predictions, precision, recall, and F1-score have the same
values. Therefore, we only report the F1-score.

tistical significance using Permutation, Wilcoxon,
and t-test with α = 0.05, and found it to be signifi-
cant for all the datasets.

6.3 Effectiveness of Type Projector

To better understand the effect of type projection,
we visualize the vectors in NP-space from CaRE
and Type-space (i.e., after type projection) from
OKGIT. For this experiment, we randomly select
5 NPs from 3 categories, namely Person, Location
and Year. More details about this selection process
can be found in the Appendix E. We project the
NP vectors (i.e., t) corresponding to these NPs to a
2-dimensional NP-space using t-SNE (Maaten and
Hinton, 2008)6. Similarly, we also project the cor-
responding type vectors (i.e., τ ) to 2-dimensional
Type-space. We plot the resulting vectors, color
and shape coded by their respective categories, in
Figure 3.

We can see that the vectors from different cate-
gories in the NP-space are mixed. However, after
the type projection, the vectors in the Type-space
are clustered together based on their categories.

6.4 Qualitative Evaluations

In this section, we present some examples of pre-
dictions made by CaRE and OKGIT methods. The
result is shown in Table 6. As we see in Triple-1,
both CaRE and OKGIT predict the correct NP (i.e.,

6We run t-SNE for 2000 iterations with 15 perplexity.
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Triples CaRE OKGIT

1.
(bach,
moved to,
?)

leipzig
mobile
vladimir h.
horowitz
yo yo

leipzig
vienna
stockholm
sweden
turin

2.
(clinton,
lead by,
?)

purchase
sale
video
movie
discount

1500
260
80
99
hire

Table 6: Few example predictions made by CaRE and
OKGIT models. We observe that the OKGIT predic-
tions are more type compatible with the query. Please
refer to Section 6.4 for more details.

leipzig) on top. However, more predictions from
OKGIT are type compatible (i.e., all are locations)
to the input query. On the other hand, CaRE pre-
dictions have mixed types (i.e., location, person,
etc.). Also, CaRE makes an incorrect prediction,
vladimir horowitz, possibly due to the presence of
a training triple (vladimir horowitz, had a great
affinity for, bach).

We see similar patterns in Triple-2, where the
correct tail NP should be of type number indicating
the count of votes. OKGIT is able to predict num-
bers in top predictions for Triple-2, while CaRE
has mixed types in top predictions.

7 Conclusion

The task of link prediction for Open Knowledge
Graphs (OpenKG) has been a relatively under-
explored research area. Previous work on OpenKG
embeddings has primarily focussed on improving
or incorporating NP canonicalization information.
While there are few methods for OpenKG link
prediction, they often predict noun phrases with
types incompatible with the query noun and re-
lation phrases. Therefore, we use implicit type
information from BERT to improve OpenKG link
prediction and propose OKGIT. With the help of
novel type compatibility score and type regulariza-
tion term, OKGIT achieves significant performance
improvement on the link prediction task across mul-
tiple datasets. We also find that OKGIT produces
more type compatible predictions than CaRE, eval-
uated using an external entity typing model.
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Broader Impact

OKGIT is the first attempt towards incorporating
implicit type information in OpenKG link predic-
tion without human intervention. It will greatly
benefit densification and applications of OpenKGs
where no underlying ontologies are available.

However, OKGIT predictions depend on vari-
ous datasets, i.e., the corpus used for training the
masked language model (e.g., BERT) and the cor-
pus from which the OpenKG triples were extracted.
A potential, possibly undesirable, bias may be intro-
duced in the predictions by manipulating these cor-
pora or adding a large number of malicious triples
in the OpenKG.

We have tested OKGIT in English datasets.
While the overall model architecture is independent
of the language, the model’s effectiveness might
vary depending upon the quality of the masked
language model, and it needs to be tested.
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Appendices

A BERT Initialization vs Type Projectors

Here, we demonstrate the importance of type pro-
jectors by comparing OKGIT with multiple BERT-
augmented versions of CaRE. Specifically, we ini-
tialize the phrase and word embeddings in CaRE
with a pre-trained BERT model. The phrase (word)
is passed as input to BERT and the output corre-
sponding to the [CLS] token is then used for initial-
izing phrase (word) embedding for CaRE model.
This modified CaRE model is trained similar to the
base CaRE model. Based on different initialization
methods, we experiment with following baselines.
CaRE [BERT NP]: NP embeddings are initialized
using BERT and the rest of the model is same as
CaRE. This model uses 768 (for BERT-base) or
1024 (for BERT-large) dimensional vectors.
CaRE [BERT NP+PROJ]: Since CaRE [BERT
NP] uses higher dimensional vectors (768 or 1024)
compared to other methods (300), the comparison
may not be fair. To address this issue, we project
BERT embeddings to 300 dimension. The projec-
tion is trained with the rest of the model.
CaRE [BERT NP+RP]: We initialize NP embed-
ings as well as the word embeddings in RP encoder
using BERT embeddings. This method also uses
768 or 1024 dimensional vectors7.

In all the methods, including OKGIT, we never
fine-tune BERT, as our goal is to evaluate the type
information already present in pre-trained BERT
model. We experiment with both, BERT-base and
BERT-large, and report the best performing model.

As we can see from the results in Table 7,
OKGIT outperforms these baselines. Although
BERT initialization improves the performance of
CaRE model, the usage of explicit type-score and
type regularization leads to significant performance
improvements, suggesting their importance.

B Replacing BERT with other operations

In this section, we evaluate whether BERT module
in OKGIT can be replaced by simple operations
such as vector addition and concatenation. Specifi-
cally, we modify tB in Equation (3) by replacing
BERT with these operations leading to the follow-
ing variants of OKGIT.
OKGIT-C: BERT is replaced by concatenation of

7we also tried using pre-trained BERT as RP encoder in
CaRE, however, it performed poorly due to fixed RP encoder.

head NP vector h and relation phrase vector r

tB = [h; r].

OKGIT-A: BERT is replaced by vector addition

tB = h + r.

OKGIT-R: We also experiment with another
masked language model RoBERTa in place of
BERT.

tB = RoBERTa(h, r,MASK).

For this experiment, we use the ReVerb20KF
and ReVerb45KF datasets as representatives. We
perform grid-search with similar hyper-parameters
as in Section 5 of the main paper and select the best
model based on the MRR on the validation split.
The results are reported in Table 8.

As we can see from the results, the OKGIT-
C and OKGIT-A perform very similar to CaRE
on both datasets. This suggests that the perfor-
mance gains for OKGIT come from the BERT mod-
ule. This observation is further reinforced because
OKGIT-R results in similar improvements com-
pared to CaRE as OKGIT. However, in all cases,
we find that OKGIT with BERT outperforms other
model variants.

C CaRE with Entity Typing

Entity typing is the task of predicting explicit types
of an entity given a sentence and its mention. As
we are interested in improving type compatibility
of predictions in the link prediction task, we can
also incorporate the output from an entity typing
model. In this section, we explore this setting by
replacing the BERT module in OKGIT with an en-
tity typing model UFET from (Choi et al., 2018).
Specifically, we replace the vector tB in Equation
(3) with the output of UFET representing the pre-
dicted probability distribution over types.
OKGIT(UFET) Model: The UFET model takes
a sentence and an entity mention as input and pro-
duces a distribution over explicit set of types. In our
case, the sentence is formed by concatenating the
subject NP, relation phrase, and object NP, while
the object NP is used as mention. The output distri-
bution from UFET is used as tB in our model. We
call this version of the model as OKGIT(UFET)
and compare it CaRE and OKGIT.

We run a grid-search for finding the best hyper-
parameter similar to Section 5 and report the results
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ReVerb20K ReVerb45K

Model MRR(%)↑ MR↓ Hits(%)↑ MRR(%)↑ MR↓ Hits(%)↑
@1 @3 @10 @1 @3 @10

CaRE 30.6 851.1 24.4 33.1 41.7 32.0 1276.8 25.3 35.0 44.6
CaRE [BERT-L NP] 31.6 837.0 24.8 35.0 44.2 31.2 925.5 24.2 34.4 44.3
CaRE [BERT NP+PROJ]§ 27.4 950.2 21.9 29.2 38.0 30.7 952.8 23.0 34.4 45.5
CaRE [BERT-L NP+RP] 30.9 862.4 24.6 33.5 42.6 32.8 1015.6 25.9 35.9 45.6
OKGIT [Our model] 35.9 527.1 28.2 39.4 49.9 33.2 773.9 26.1 36.3 46.4

ReVerb20KF ReVerb45KF

Model MRR(%)↑ MR↓ Hits(%)↑ MRR(%)↑ MR↓ Hits(%)↑
@1 @3 @10 @1 @3 @10

CaRE 29.3 308.3 22.1 31.6 43.2 26.6 692.7 20.1 28.8 39.1
CaRE [BERT-B NP] 31.8 207.6 24.2 34.8 46.2 24.9 557.3 17.8 27.6 38.3
CaRE [BERT-L NP+PROJ] 27.6 258.6 21.0 29.1 40.7 24.7 600.5 17.4 27.4 39.2
CaRE [BERT-L NP+RP] 30.1 289.3 22.7 32.8 43.3 26.8 562.5 19.8 29.7 39.8
OKGIT [Our model] 34.6 214.7 26.5 38.0 50.2 29.7 500.2 22.5 32.4 43.3

Table 7: Results of the link prediction task. Here ↑ indicates higher values are better while ↓ indicates lower values
are better. We can see that the OKGIT model outperforms the baseline models on all the datasets (Appendix A).
Here, BERT-B and BERT-L denote BERT-base and BERT-large respectively. §For NP+PROJ models, BERT-large
performs best for ReVerb20K, while BERT-base performs best for ReVerb45K.

ReVerb20KF ReVerb45KF

Model MRR(%)↑ MR↓ Hits(%)↑ MRR(%)↑ MR↓ Hits(%)↑
@1 @3 @10 @1 @3 @10

CaRE (Gupta et al., 2019) 29.3 308.3 22.1 31.6 43.2 26.6 692.7 20.1 28.8 39.1
OKGIT-C [tB = [h; r]] 30.0 309.3 22.9 32.4 43.8 27.1 666.5 20.2 29.8 39.9
OKGIT-A [tB = h + r] 30.4 331.7 23.5 32.9 43.6 27.1 660.5 19.9 30.6 40.2
OKGIT-R [RoBERTa] 32.7 221.0 25.3 35.1 46.5 29.0 596.7 21.8 32.0 43.0
OKGIT [Our model] 34.6 214.7 26.5 38.0 50.2 29.7 500.2 22.5 32.4 43.3

Table 8: Results of the ablation experiments. We replace the BERT module from OKGIT with simple operations
such as vector addition (OKGIT-A) and vector concatenation (OKGIT-C). We also use RoBERTa in place of
BERT(OKGIT-R). As we can see, replacing BERT with simple operations result in performance similar to CaRE.
However, we do see better gains with RoBERTa, which performs better than CaRE and similar to OKGIT for
ReVerb45KF. For all datasets, the OKGIT model outperforms other variants (Appendix B).

ReVerb20KF ReVerb45KF

Model MRR(%)↑ MR↓ Hits(%)↑ MRR(%)↑ MR↓ Hits(%)↑
@1 @3 @10 @1 @3 @10

CaRE 29.3 308.3 22.1 31.6 43.2 26.6 692.7 20.1 28.8 39.1
OKGIT (UFET) 8.8 1208.2 6.9 9.6 11.0 4.9 1156.8 1.5 4.0 11.5
OKGIT [Our model] 34.6 214.7 26.5 38.0 50.2 29.7 500.2 22.5 32.4 43.3

Table 9: Comparison of OKGIT with OKGIT(UFET). We can see that including UFET model in the system hurts
the performance of the model (Appendix C).

on ReVerb20KF and ReVerb45KF datasets. The
results are presented in the Table 9. As we can see
from the results, OKGIT(UFET) performs poorly,
even when compared to CaRE. It suggests that
explicit type vectors from UFET model does not
help in the link prediction task.

D BERT as Link Prediction Model

As mentioned in Section 4.2, tB from Equation
(3) can be used for predicting tail NPs by finding

nearest neighbors in BERT vocabulary. However,
this approach has a limitation. This model can only
predict NPs that are single token and present in
BERT vocabulary, restricting its applicability.

This limitation, however, is not valid for OKGIT.
In OKGIT, the vector tB is used for computing
tail type compatibility score, instead of predicting
tail NPs. Therefore, it is not restricted to BERT
vocabulary or single-token NPs. As shown in Ta-
ble 4, OKGIT is equally effective for single-token

2557



ReVerb20K ReVerb45K

Model MRR(%)↑ MR↓ Hits(%)↑ MRR(%)↑ MR↓ Hits(%)↑
@1 @3 @10 @1 @3 @10

CaRE (Gupta et al., 2019) 30.7 879.2 24.4 33.5 41.7 32.9 1325.1 26.1 36.2 45.4
OKGIT [Our model] 34.3 609.4 27.0 37.1 47.4 34.1 820.2 26.7 37.5 47.5

ReVerb20KF ReVerb45KF

Model MRR(%)↑ MR↓ Hits(%)↑ MRR(%)↑ MR↓ Hits(%)↑
@1 @3 @10 @1 @3 @10

CaRE (Gupta et al., 2019) 28.0 326.0 21.2 30.5 41.3 28.0 683.8 21.0 31.4 41.3
OKGIT [Our model] 31.7 258.1 24.2 34.0 46.3 31.2 483.3 23.8 34.4 45.4

Table 10: Results of link prediction task on the validation split. We can see that the OKGIT model outperforms
the baseline models on all the datasets (Appendix F).

datasets (e.g., ReVerb20KF and ReVerb45KF) and
multi-token datasets (e.g., ReVerb20K and Re-
Verb45K).

E Selection of NPs for t-SNE

The OpenKGs do not have type annotations for
the NPs. Therefore, we manually annotated a set
of NPs and visualized a random subset. For this
process, we first list all the NPs and shuffle them.
Then we scan this list and note the first fifteen
person names, locations, and years. Later, we select
five NPs from each of these categories randomly
and use them for the evaluation.

F Link Prediction Performance on
Validation Split

The performance of CaRE and OKGIT on valida-
tion data on the link prediction task can be found
in Table 10. These performance corresponds to the
respective models which were used to report results
in Table 4 of the main paper.

G Type Information in BERT
Predictions

Our proposed OKGIT model is based on the hy-
pothesis that BERT vectors (i.e., tB in Equation (3)
in Section 4.2) contain implicit type information.
In this section, we evaluate this hypothesis that
BERT vectors contain type information. It should
be noted that evaluating OKGIT model for predict-
ing NP types is not the goal here. We are inter-
ested in understanding whether pre-trained BERT
vectors have sufficient type information, measured
with respect to some existing anchors.
Evaluation Method: For this experiment, we use
Freebase (Bollacker et al., 2008) which contains

explicit gold type information for entities. Specifi-
cally, we use FB15K dataset (Bordes et al., 2013).
We use the data from (Yao et al., 2019) for convert-
ing symbolic names in FB15k to textual descrip-
tions. We only consider the subset of triples in
FB15k which has single token in the tail node as
BERT can only predict single token NPs.8 This re-
sults in nT = 95, 782 triples. For type information,
we use the data from (Xie et al., 2016). It contains
61 primary types (e.g., /award). Please note that
each node in FB15k can have multiple types. For
a triple (h, r, t), we consider the types associated
with the true tail NP t as true types Γ(t). We then
pass tokenized head NP and RP to BERT and find
the top prediction t̂ = BERT(h, r,MASK) for tail
position. The set of types associated with the pre-
dicted NP t̂, denoted by Γ(t̂), is then used as the
predicted types. For evaluation, we calculate the
following metrics

Precision =
1

nT

nT∑

i=1

|Γ(ti) ∩ Γ(t̂i)|
|Γ(t̂i)|

,

Recall =
1

nT

nT∑

i=1

|Γ(ti) ∩ Γ(t̂i)|
|Γ(ti)|

, and

F1 =
2

nT

nT∑

i=1

|Γ(ti) ∩ Γ(t̂i)|
|Γ(t̂i)|+ |Γ(ti)|

.

Here, |Γ(t)| and |Γ(t̂)| denotes the number of
types present in Γ(t) and Γ(t̂) respectively. 9 For
comparison, we use the following baseline methods
to assign types to a given (h, r, t).

8Please note that this limitation is only valid for BERT, not
for OKGIT.

9Please note that, since we have gold type annotations
available for Freebase, the number of true and predicted types
need not be the same. Therefore, we evaluate precision and
recall along with F1-scores.
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Model Precision Recall F1

Random 0.13 0.10 0.10
MFT 0.45 0.30 0.31
BERT 0.44 0.40 0.36
Human 0.87 0.18 0.27

Table 11: Results of the experiment to test whether
BERT embeddings are rich with type information. As
we can see, BERT outperforms other methods in terms
of F1 score, suggesting that it contains relevant type in-
formation. Please refer to Appendix G for more details.

Random: assign |Γ(t̂)| randomly selected types.
Most Frequent Types (MFT): assign |Γ(t̂)| most
frequent types.
Human: We also evaluate the type annotations pro-
vided by human annotators on randomly selected
100 triples. Each triple is exposed to three annota-
tors and they are asked to provide types to the tail
NP. Since most of the annotations contain one type
for each triple, we take the union of the types pro-
vided by different annotators to compensate for Re-
call. For 69% of the triples, the annotators agreed
on the same type.

To be fair with the automated baselines, we use
the same number of predicted types as BERT (i.e.,
|Γ(t̂)|). A comparison with a pre-trained explicit
entity typing methods, such as (Choi et al., 2018),
is not applicable here as their type vocabulary is dif-
ferent. As we can see from the results in Table 11,
BERT achieves best F1 score, suggesting that it
contains type information. The Recall for Human
is low since most of the annotations contained only
one type, resulting in lower F1 score.
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Abstract

Fake news with textual and visual contents has
a better story-telling ability than text-only con-
tents, and can be spread quickly with social
media. People can be easily deceived by such
fake news, and traditional expert identification
is labor-intensive. Therefore, automatic detec-
tion of multimodal fake news has become a
new hot-spot issue. A shortcoming of exist-
ing approaches is their inability to fuse multi-
modality features effectively. They simply
concatenate unimodal features without consid-
ering inter-modality relations. Inspired by the
way people read news with image and text,
we propose a novel Multimodal Co-Attention
Networks (MCAN) to better fuse textual and
visual features for fake news detection. Ex-
tensive experiments conducted on two real-
world datasets demonstrate that MCAN can
learn inter-dependencies among multimodal
features and outperforms state-of-the-art meth-
ods.

1 Introduction

The rapid growth of social media has created fer-
tile soil for the emergence and fast spread of fake
news (Zhao et al., 2015), resulting in serious conse-
quences. For example, during the U.S. 2016 pres-
idential election, the most popular fake news was
more widely spread than the most popular authen-
tic news on Facebook, which confused people and
broke the authenticity balance of the news ecosys-
tem (Shu et al., 2017). To mitigate the negative
effects caused by fake news, it is crucial to detect
fake news on social media automatically.

Tweets with images are getting popular on social
media recently, which have richer information and
attract more viewers than tweets with only texts
(Jin et al., 2017). Fake news also makes full use of
this advantage to draw and mislead readers. Figure
1 shows three examples of fake news from Twitter.

∗Corresponding Author.

Sharks in the mall! After 
the hurricane sandy!

Lenticular Clouds over 
Mount Fuji.

Woman, 36, gives birth 
to 14 children from 14 
different fathers.

Figure 1: Some fake news from Twitter.

In the left example, both text and image indicate
it is likely to be fake. The text of the middle one
provides little evidence that it is fake news, but the
image is obviously forged. In the right example, the
image seems normal, while the textual contents in-
dicate that it is probably fake. A hypothesis drawn
from these examples is that combining text and the
attached image is more conducive to detecting fake
news.

Recent works have a growing interest in using
multimodal (text + image) information to detect
fake news. Jin et al.(2017) utilize local attention
mechanisms to fuse features of image, text, and
social context. Some studies explore to learn the
joint representations of text and image, based on
auxiliary adversarial networks (Wang et al., 2018)
and variational autoencoders (Khattar et al., 2019).
Nevertheless, they are not fine-grained enough in
feature extraction and feature fusion. First, some
studies require labor-intensive extra information,
such as social context (Jin et al., 2017) and event
category (Wang et al., 2018), to help detect fake
news, which increases the cost of the detection.
Second, except for texts in tweets, the methods
mentioned above all focus on characteristics of im-
ages at the semantic level (e.g., emotional provoca-
tions), which can be reflected in the spatial domain.
However, these methods ignore the individual in-
formation of fake images at the physical level, e.g.,
re-compression artifacts, which is reflected in the
frequency domain (Qi et al., 2019). Third, some
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models (Wang et al., 2018; Khattar et al., 2019) ob-
tain fused representations by simply concatenating
multi-modality features. Although leverages local
attention mechanism, the attention values of att-
RNN (Jin et al., 2017) are only obtained from joint
textual-social representations, which cannot reflect
the similarity between textual-social representa-
tions and visual representations. Intuitively, when
people judge news credibility with text and image,
they often observe image first and then read text
(Wang et al., 2020). This process may be repeated
several times. In this process, people understand
image according to the textual information, and
understand text according to the associated image
information. So the information of one modality is
conditionally fused with that of another modality
for once or multiple times. Intuitively, there are
inter-modality attention relations between image
and text. However, existing state-of-the-art meth-
ods are weak to fuse multimodal features due to
their neglect of inter-modality interactions.

To address the aforementioned challenges, we
propose the Multimodal Co-Attention Networks
(MCAN) for fake news detection by considering
multimodal features. In our proposed model, we
first extract spatial-domain features and frequency-
domain features from image, as well as textual
features from text. Then we develop a novel fusion
approach with multiple co-attention layers to learn
inter-modality relations, which fuses visual fea-
tures first, and then the textual features. The fused
representation obtained from the last co-attention
layer is used for fake news detection.

The contributions of this paper can be summa-
rized as follows: (1) We propose a novel end-to-end
approach to detect fake news on social media only
using the text and the attached image, without any
extra information and auxiliary tasks. (2) The pro-
posed MCAN model stacks multiple co-attention
layers to fuse the multimodal features, which can
learn inter-dependencies among them. (3) Our
MCAN model is a general framework for fake news
detection, and the components of MCAN are flexi-
ble. The sub-networks used to extract multimodal
features can be replaced by different models. More-
over, the modular fusion process of MCAN allows
our model to handle more modalities conveniently.
(4) We evaluate MCAN on two large scale real-
world datasets. The results demonstrate that our
model outperforms the state-of-the-art models.

The rest of the paper is organized as follows:

In Section 2, we summary previous related work
on fake news detection. In Section 3, we detail
our proposed model. The datasets, baselines, and
experiment results are presented in Section 4. We
conclude the study in Section 5.

2 Related Work

Following the previous work (Ruchansky et al.,
2017; Shu et al., 2017), we specify that fake news
is the news that is intentionally fabricated and
can be verified as false. Existing methods for fake
news detection can be divided into unimodal ap-
proaches and multimodal approaches.

2.1 Unimodal Fake News Detection.

Textual features are extracted from text content,
including statistical features, such as the number
of paragraphs in the text (Volkova et al., 2017),
the percentage of negative words (Potthast et al.,
2017; Bond et al., 2017), the number of punctuation
and emojis (Castillo et al., 2011), and semantic
features, such as writing styles (Chen et al., 2015)
and language styles (Feng et al., 2012). However,
these features are hand-designed, bringing bias and
design difficulty. To address this problem, many
studies use deep learning technologies, such as
RNN (Ma et al., 2016), CNN (Yu et al., 2017), and
GAN (Ma et al., 2019), to identify fake news. Their
results show that deep learning methods perform
better.

Visual features are important for news verifi-
cation (Jin et al., 2016; Shu et al., 2017), such as
clarity score (Jin et al., 2016), the number of im-
ages (Wu et al., 2015; Jin et al., 2016). However,
these features are manually crafted and just learn
simple patterns, hardly applying to real images. Qi
et al. (2019) design a CNN-based model to capture
image patterns, but their model only works in the
case of large samples. So the applicable scope is
very limited.

Social context features are born in the social
connection between users and tweets, such as user
profile and the number of posts. Liu et al. (2018)
use user profiles on the news propagation path
to determine the truth of the news. Some other
works model propagation patterns as tree structures
based on kernel methods (Wu et al., 2015; Ma et al.,
2017). However, social context features are hand-
crafted, incomplete, and unstructured.

The above work embodies the limitations of uni-
modal features in detecting fake news. In this paper,
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Figure 2: The architecture of our MCAN model.

we consider multiple modalities simultaneously
when detecting fake news.

2.2 Multimodal Fake News Detection.
Recent works explore to fuse multimodal features.
Jin et al. (2017) use local attention mechanism
to fuse textual, visual, and social context features.
Wang et al. (2018) learn event-invariant features
by an aided adversarial network. Khattar et al.
(2019) utilize autoencoders coupled with a detector
to learn the shared representation of the text and
the attached image. However, they ignore the char-
acteristics of fake images at physical level (e.g., re-
compression artifacts), and the fused features they
learned lack correlations across multiple modali-
ties.

To overcome the limitations of existing works,
we propose MCAN to learn inter-dependencies
among modalities. We extract spatial-domain and
frequency-domain features of image, and textual
features. Then we fuse them through a deep co-
attention model inspired by a realistic scenario.

3 Methodology

3.1 Model Overview
Our model aims to learn multimodal fusion repre-
sentations by considering dependencies across the
modalities. As shown in Figure 2, the proposed
model has three major procedures: feature extrac-
tion, feature fusion, and fake news detection.

Given news with text and image, we first utilize
three different sub-models to extract features from
spatial domain, frequency domain, and text. Then
the multi-modality features are fused through a
deep co-attention model, which consists of multiple

co-attention layers. At last, the output of the co-
attention model is used for judging the truth of the
input news.

3.2 Feature Extraction

…
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Figure 3: The detailed architecture of feature extraction
in frequency domain.

Spatial-Domain Feature. To learn the semantic-
level characteristics of the given image, we employ
the VGG-19 network (Simonyan and Zisserman,
2014) to extract visual features from spatial domain.
After the second of the last layer of VGG-19, we
add a fully connected layer (denoted as “s-fc” in
Figure 2) with ReLU activation function to generate
a d × 1 dimensional feature representation of the
input image in spatial domain, which is denoted as
RS ∈ Rd×1.

Frequency-Domain Feature. Fake-news im-
ages are often re-compressed images or tampered
images that show periodicity in frequency domain
(Qi et al., 2019), which can be easily captured by
CNNs. Thus we design a CNN-based sub-network
to extract features from frequency domain, as in
Figure 3. The image is transformed from spatial
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domain to frequency domain through discrete co-
sine transform (DCT) as in Qi et al. (2019). After
that, we obtain 64 vectors H0, H1, . . . ,H63, which
are then sampled to the fixed size 250. For parallel
computation, we pick 64 250-dimensional vectors
into a matrix HF ∈ R(64×250), which is fed to the
CNN-based network later. The CNN-based sub-
network consists of a major network along with
multi-branch networks. The earlier parts of the ma-
jor network have three convolutional blocks and a
max-pooling layer. The multi-branch networks are
the same as architectures in Inception V3 (Szegedy
et al., 2016). The last parts of the major network are
a max-pooling layer followed by a convolutional
block. Each convolutional block is comprised of
a two-dimensional convolutional layer with batch
normalization and ReLU activation function. After
adding a fully connected layer with ReLU activa-
tion function (denoted as “f-fc” in Figure 2), we
obtain the feature representation of the image in
frequency domain RF ∈ Rd×1.

Textual Feature. The text content of the tweet
is a sequential list of words denoted as T =
[T1, T2, . . . , Tn], where n is the number of words
in a tweet, and each word Ti ∈ T is tokenized by a
pre-prepared vocabulary (Devlin et al., 2018). Re-
cently, the BERT model (Devlin et al., 2018) which
is pre-trained on a large language corpus, has been
proven to perform very well in multiple natural
language processing tasks. Thus we utilize BERT
to obtain the aggregate sequence representation as
textual features we desired. The textual feature is
then resized to be a d × 1 dimensional represen-
tation (denoted as RT ) by a fully connected layer
with ReLU activation function.

3.3 Feature Fusion
Intuitively, people often look at the image first and
then read the text when reading the news with im-
age and text. This process may be repeated sev-
eral times, continuously fusing image and text in-
formation. Therefore, we develop a novel fusion
approach to simulate this process. Before present-
ing the fusing process, we first introduce its ba-
sic unit, the co-attention (CA) block. We achieve
feature fusion by cascaded stacking multiple CA
layers, which consists of two parallelly connected
CA blocks.

Co-attention block. Co-attention block (Lu
et al., 2019) is a variant of the standard multi-head
self-attention (MSA) block (Vaswani et al., 2017),

Multi-Head
Attention

Add & Norm

Feed Forward

Add & Norm

𝐕𝐊𝐐

(a) Self-attention block

Multi-Head
Attention

Add & Norm

Feed Forward

Add & Norm

𝐕𝐊𝐐

(b) Co-attention block

Figure 4: Illustration of the self-attention block and the
co-attention block.

which can capture global dependencies of all po-
sitions in a sequence and is widely used in NLP
and VQA tasks (Nguyen and Okatani, 2018; Gao
et al., 2019). The MSA block showed in Figure 4(a)
consists of a multi-headed self-attention function
and a fully connected feed-forward network, both
wrapped a residual connection followed by layer
normalization. The input of MSA is first used to
compute (d × 1)-dimensional queries, keys, and
values packed into matrixes Q, K, V , respectively.
The similarity of the dot product between Q and
K determines the attention distribution on the V .
Multi-head attention function with m heads has
m self-attention functions in parallel. For the i-th
head, the inputs are transformed from Q, K, and
V as follow:

Qi = QWQ
i , Ki = KWK

i , Vi = VW V
i (1)

where WQ
i ,W

K
i ,W

V
i ∈ R1×dh are the projection

matrices for the i-th head, dh = d/m is the dimen-
sionality of the output feature of each head.

The calculation process of multi-head self-
attention function can be presented as follows:

MA(Q,K, V ) = hWO (2)

h = h1⊕h2⊕...⊕ hm

hi = A(Qi,Ki, Vi) = softmax(
QiK

T
i√

dh
)Vi

where WO ∈ Rmdh×1, ⊕ denotes concatenation
of vectors.

The fully connected feed-forward network con-
sists of two linear transformations with a ReLU
activation function in between,

FFN(x) = max(0, xW1)W2 (3)
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where the dimensionality of input and output is
d× 1, and the inner-layer dimensionality is dff .

The co-attention block (denoted as ”Co-Attn”) is
extended from the MSA block, as shown in Figure
4(b). For a Co-Attn block, the queries are from one
modality while keys and values are from another
modality. Especially, the query matrice is used as
a residual item after the multi-head attention sub-
layer. The rest architectures are the same as MSA.
The Co-Attn block produces an attention-pooled
feature for one modality conditioned on another
modality. If Q comes from text and k and V come
from the attached image, the attention value calcu-
lated using Q and K can be used as a measure of
the similarity between the text and image, and then
weights the image. Just like humans, after reading
the text, they will pay more attention to the areas
in the image that are similar to the text. We believe
that co-attention can simulate this process and learn
inter-dependencies between different features.

Co-attention layer. We obtain a CA layer by
connecting two Co-Attn blocks in parallel, as
shown in Figure 2. Giving two Co-Attn blocks
different features, the CA layer computes queries,
keys, and values for each Co-Attn block as in a
MSA block. Then the keys and values of one Co-
Attn block are passed as input to another Co-Attn
block. The outputs of two Co-Attn blocks are con-
catenated together and then fed into a fully con-
nected layer to get the fused representation. The
CA layer models dense interactions between input
modalities by exchanging their information.

Multiple co-attention stacking. In order to fuse
multimodal features deeply, we stack 4 CA layers
in depth. The fusion process is progressive, and
the output of each CA layer is one of the inputs of
the next layer (see Figure 2). We first fuse spatial-
domain representation RS and frequency-domain
representationRF in first CA layer and obtainR(1)

C .
Then RF are enhanced to fuse with R(1)

C in the sec-
ond CA layer which outputs R(2)

C . In the third and
fourth layers, the inputs are the output of the previ-
ous layer and text representation RT , and outputs
are R(3)

C and R(4)
C , respectively. The output vector

of each CA layer is d-dimensional.The calculation
processes are formulated as follows. Due to the
page limit, we only show the calculation processes
in the first CA layer and skip the repeated calcula-

tion details of other layers.

RCS←F = RS + MA(RS , RF , RF ) (4)

R
C
′
S←F

= RCS←F + FFN(RCS←F )) (5)

RCF←S = RF + MA(RF , RS , RS) (6)

R
C
′
F←S

= RCF←S + FFN(RCF←S ) (7)

R
(1)
C = (R

C
′
S←F
⊕R

C
′
F←S

)W
(1)
C (8)

where R
C
′
S←F
∈ Rd is the attention-pooled feature

for spatial domain conditioned on frequency do-
main, R

C
′
F←S
∈ Rd is the attention-pooled feature

for frequency domain conditioned on spatial do-
main, and W (1)

C ∈ R2d×d is the projection matrice
of the first CA layer. R(1)

C is transformed to be a
(d × 1)-dimensional representation before being
input to the next CA layer. Specifically, the first
and the third CA layers share parameters, and the
second and the fourth CA layers share parameters.

3.4 Model Learning

We have obtained the multimodal feature represen-
tation R(4)

C fused features of text, spatial domain,
and frequency domain. Let f = R

(4)
C , which is

used to predict. The output of the proposed MCAN
is the probability of a tweet being fake:

ŷ = softmax (max(0, fWf )Ws) (9)

where Wf is parameters of the fully connected
layer, and Ws is parameters of the linear layer in
the softmax layer. The loss function is devised to
minimize the cross-entropy value:

L (Θ) = −y log (ŷ)− (1− y) log (1− ŷ) (10)

where y is the ground truth, with 1 representing
fake news and 0 representing real news, and Θ
denotes all learnable parameters in the proposed
model.

4 Experiments

4.1 Datasets

To evaluate the effectiveness of the proposed
MCAN, we conduct experiments on two public
real-world datasets, which are collected from Twit-
ter and Weibo, respectively. The Twitter dataset
was released for Verifying Multimedia Use task
at MediaEval (Boididou et al., 2016). The Weibo
dataset is collected by Jin et al. (2017). In the
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Twitter Weibo
# of fake news 8199 4211
# of real news 6681 3639
# of images 512 7850

Table 1: Statistics of two datasets.

Weibo dataset, the real news is verified by an au-
thoritative news agency in China, Xinhua News
Agency. The fake news is verified by the official
rumor debunking system of Weibo. The tweets in
each dataset contain texts, attached images/videos,
and social context information. In this work, we
focus on text and image information. So we re-
move the tweets with videos and the tweets without
texts or images. In Twitter dataset, 512 images are
shared by the remaining data. When preprocessing
the Weibo dataset, the steps we used are similar to
that in the work (Jin et al., 2017). We keep the same
data split scheme as the benchmark on these two
datasets. The detailed statistics of the two datasets
are listed in Table 1.

4.2 Experimental Settings

The max length of the text is 25 on Twitter and
160 on Weibo. The hidden size of ”s-fc”, ”f-fc”
and ”t-fc” are 256. We set d=256, m = 4, and dff
= 512. The hidden size of ”p-fc” is 35. The pa-
rameters of VGG-19 and BERT are frozen when
training on Twitter dataset due to overfitting, but
not on Weibo dataset. The BERT model used on
Twitter dataset is multilingual cased BERT-based
model and the one used on Weibo dataset is Chi-
nese BERT-based model. Our proposed model is
trained for 100 epochs with early stopping. We
use Adam (Kingma and Ba, 2014) and AdaBelief
(Zhuang et al., 2020) as optimizers on Twitter and
Weibo datasets, respectively, to seek the optimal
parameters of our model. The optimal hyperparam-
eters of our model are determined by grid searching,
and the selection criterion is accuracy. The hyper-
parameters of baselines are the same as those in
respective studies.

4.3 Baselines

To validate the effectiveness of MCAN, we choose
two categories of baseline models: unimodal mod-
els and multimodal models, which are listed as
follows: (1) Text: a BERT model coupled with the
decision network in MCAN, using textual informa-
tion. (2) Spatial: a model consists of a VGG-19

model and the decision network of MCAN, utiliz-
ing image information in spatial domain. (3) Freq:
proposed MCAN only has the part of dealing with
frequency-domain features. (4) VQA (Antol et al.,
2015): a model aims to answer questions accord-
ing to the given images. For fair comparisons, we
use a one-layer LSTM. (5) NeuralTalk (Vinyals
et al., 2014): a deep recurrent framework for image
caption. The joint representation of image and text
is obtained by averaging the output of RNN at each
timestep. (6) att-RNN (Jin et al., 2017): att-RNN
utilizes local attention to fuse textual, visual, and
social context features. For a fair comparison, we
remove the part dealing with social context infor-
mation. (7) EANN (Wang et al., 2018): A neural
network based on the adversarial idea to remove
the event-specific features. In EANN, event iden-
tification is an auxiliary task, and event labels are
not in original datasets. For a fair comparison,
we removed the event discriminator. (8) MVAE
(Khattar et al., 2019): MVAE learns shared rep-
resentations of text and image using a variational
autoencoder coupled with a binary classifier. We
use the same model as in the original work (Khattar
et al., 2019). (9) MCAN-A: MCAN without the
part of fusing multimodal features. Spatial-domain
features, frequency-domain features, and textual
features are simply concatenated for prediction.

4.4 Performance Comparison

Table 2 shows the results of baselines and our pro-
posed model on two datasets. We can observe that
the proposed MCAN outperforms all the baselines
over all metrics across two datasets.

There are many similar trends on the two
datasets. MCAN-A performs better than unimodal
models, which indicates that adding features usu-
ally improves model performance, but it is not
always positively correlated. For example, Text
on Weibo dataset is better than MCAN-A. After
adding the process of multimodal fusion, our pro-
posed MCAN beats MCAN-A and other multi-
modal models, which embodies our proposed fea-
ture fusion method is indeed better than the simple
concatenation method.

There are also some differences on the two
datasets. The performance of Text (BERT) and
Spatial (VGG-19) on Weibo dataset is much better
than that on Twitter dataset. The reason is related
to the dataset itself. On Weibo dataset, the average
length of a tweet is about 10 times of that of a tweet
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Dataset Method Accuracy Fake News Real News
Precision Recall F1 Precision Recall F1

Twitter

Text 0.633 0.656 0.762 0.705 0.587 0.459 0.515
Spatial 0.671 0.841 0.527 0.648 0.574 0.864 0.69
Freq 0.665 0.733 0.656 0.692 0.592 0.677 0.631
VQA 0.631 0.765 0.509 0.611 0.55 0.794 0.65
NeuralTalk 0.610 0.728 0.504 0.595 0.534 0.752 0.625
att-RNN 0.664 0.749 0.615 0.676 0.589 0.728 0.651
EANN 0.648 0.81 0.498 0.617 0.584 0.759 0.66
MVAE 0.745 0.801 0.719 0.758 0.689 0.777 0.73
MCAN-A 0.737 0.840 0.671 0.746 0.65 0.827 0.727
MCAN 0.809 0.889 0.765 0.822 0.732 0.871 0.795

Weibo

Text 0.876 0.885 0.871 0.878 0.865 0.878 0.871
Spatial 0.857 0.85 0.877 0.863 0.863 0.834 0.848
Freq 0.717 0.728 0.724 0.726 0.706 0.710 0.708
VQA 0.736 0.797 0.634 0.706 0.695 0.838 0.76
NeuralTalk 0.726 0.794 0.713 0.692 0.684 0.840 0.754
att-RNN 0.772 0.854 0.656 0.742 0.72 0.889 0.795
EANN 0.782 0.827 0.697 0.756 0.752 0.863 0.804
MVAE 0.824 0.854 0.769 0.809 0.802 0.875 0.837
MCAN-A 0.869 0.868 0.879 0.874 0.869 0.857 0.863
MCAN 0.899 0.913 0.889 0.901 0.884 0.909 0.897

Table 2: The results of different methods on two datasets

on Twitter dataset, which probably makes BERT
perform better on Weibo dataset. Moreover, more
than 70% of tweets on Twitter dataset are related
to a single event. Thus, the training samples of
BERT and VGG-19 are too similar, resulting in
poor performance of model generalization. This is
the reason why we fine-tuned BERT and VGG-19
on Weibo dataset but not on Twitter dataset. They
are easy to overfit on Twitter dataset. But Weibo
dataset has no such imbalanced issue.

On Weibo dataset, the accuracy of fine-tuned
BERT and VGG-19 all exceed 85%. In this case,
our proposed MCAN further improves the accuracy
to close to 90% with the help of cascaded way of
stacking CA layers. Comparing with the situation
on Twitter dataset, we can find that our model per-
forms better in the face of weak unimodal features.
In our MCAN model, the representation ability
of features can be greatly improved by effectively
fusing other features.

4.5 Ablation Analysis

Quantitative Analysis. To evaluate the effective-
ness of each component of the proposed MCAN,
we remove each one from the entire model for
comparison. “ALL” denotes the entire model
MCAN with all components, including spatial-
domain representation (S), textual representation
(T), frequency-domain representation (F), and co-
attention layers (A). After removing each one of

them, we obtain the sub-models “-S”, “-T”, “-F”
and “-A”, respectively. “-F-A” denotes the reduced
MCAN without both frequency-domain representa-
tion and co-attention layers. The results are exhib-
ited in Figure 5.

Figure 5: MCAN ablation analysis in Accuracy.

We can see that every component plays a signifi-
cant role in improving the performance of MCAN.
MCAN beats MCAN-F, which reveals that the fre-
quency domain information is indeed helpful to
detect fake news. On Twitter dataset, the contribu-
tion of textual representations to the entire model
is less than that of visual representations, while
the situation on Weibo dataset is opposite. This is
still due to the imbalanced issue and the less av-
erage length of a tweet on Twitter dataset, which
decrease the performance of the textual represen-
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tation. Besides, on Weibo dataset, removing one
or two components, the performance of MCAN
does not drop significantly as on Twitter dataset.
This benefits from balanced data distribution and
the stability of fine-tuned BERT and VGG-19, as
mentioned in Section 4.4.

(a) MCAN-A

(b) MCAN

Figure 6: Visualizations of learned latent feature repre-
sentations.

Qualitative Analysis. To illustrate the effective-
ness of co-attention layers in MCAN, we quali-
tatively visualize the joint representation of three
modalities learned by MCAN-A and the fused rep-
resentation R(4)

C learned by MCAN on Weibo test-
ing set with t-SNE (Maaten and Hinton, 2008), as
shown in Figure 6. The label of each tweet is real
or fake.

From Figure 6, we can observe that the separabil-
ity of the feature representation learned by MCAN
is much better than its reduced model MCAN-A.
MCAN-A can learn discriminable features, but
many features are still easily misclassified, showing

in Figure 6(a). On the contrary, the features learned
by MCAN are more discriminable with a more sig-
nificant segregated area between two types of sam-
ples, as exhibited in Figure 6(b). This is attributed
to the cascaded way of stacking co-attention layers
in MCAN, which fuses the characteristics of mul-
tiple modalities deeply and boosts to distinguish
fake news and real news.

From the above phenomena, we can conclude
that the proposed method MCAN learns better and
more distinctive feature representations with the co-
attention layers, thus achieving better performance.

4.6 Case Studies

To further illustrate the importance of multimodal
features for fake news detection, we compare the
results reported by MCAN and unimodal models
(Text and Spatial) and exhibit some fake news cor-
rectly captured by MCAN but missed by unimodal
models.

Before washed away by flood, an 
Indian man calmly gave the last 
gesture to a photographer.  

A group of dolphins brought a dog 
that fell into a canal to safe area.

Figure 7: Some fake news detected by MCAN but
missed by Text on the Weibo dataset.

Figure 7 shows two top-confident tweets suc-
cessfully detected by MCAN but missed by text-
only MCAN. The textual contents of the two exam-
ples can provide little evidence that it is fake news.
However, the two attached images seem forged
pictures.

The water mantis lives in sewers. 
Its head has two to three times the 
poison of pufferfish and has no 
antidote.   

Several urban management officers 
are frantically plundering street-
side property worth more than 100 
million yuan.

Figure 8: Some fake news detected by MCAN but
missed by Spatial on the Weibo dataset.
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In Figure 8, the two examples are detected by
MCAN but missed by Spatial. The attached images
in two examples look normal. However, the words
in the tweet seem exaggerated and unbelievable. It
is challenging for spatial-domain-only MCAN to
detect, but with multimodal features, our MCAN
model identifies them correctly.

These comparative cases prove that when a
single-modal model, whether a text-based model or
an image-based model, cannot correctly distinguish
fake news, the proposed MCAN using multimodal
features can give high confidence.

5 Conclusions

In this work, we propose a novel Multimodal Co-
Attention Networks (MCAN) to tackle the chal-
lenge of fusing multimodal (textual and visual) fea-
tures for fake news detection. We utilize three
different sub-networks to extract features from text,
spatial domain, and frequency domain, respectively.
Then the three features are deeply fused by stack-
ing co-attention layers, which is inspired by human
behavior. When people read news with image, im-
age and text are read once or multiple times, and
continuously fused in brain. Experiments on two
public benchmark datasets for fake news detection
validate the effectiveness of MCAN, and the re-
sults show that MCAN outperforms the current
state-of-the-art methods. In the future, we plan to
extend the co-attention based fusion approach in
MCAN to other fake news research, such as fake
news diffusion.
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Abstract

Current researches on frame semantic parsing
include three subtasks, namely frame identifi-
cation, argument identification and role clas-
sification. Most of previous systems process
these subtasks independently and ignore their
interactions. We introduce a novel architec-
ture based on multi-decoder strategy to han-
dle these subtasks together. The multi-decoder
strategy strengthens the interactions. More-
over, we design a hierarchical pointer network
for argument identification which reduces the
computational complexity. To our best knowl-
edge, it’s the first practice to introduce the
pointer network into frame semantic parsing.
The experiments show improvement over state
of the art models on FrameNet dataset.

1 Introduction

Frame semantic parsing is a fundamental study in
Natural Language Processing. It aims to parse sen-
tences into frame-style semantic structures defined
in FrameNet (Baker et al., 1998).

An example of frame-style semantic structures
is shown in Figure 1. The word write.v is a target
that evokes the frame called Text creation. The
phrases underlined with green lines are called ar-
guments. Author, Text and Form are roles (also
called frame elements) the arguments play in this
frame. Hence the frame semantic parsing contains
three subtasks, namely frame identification, argu-
ment identification and role classification. For a
sentence with a given target, the frame identifi-
cation is to disambiguate the frame for the target
based on its contextual information, the argument
identification is to identify the boundaries of all the
arguments, and the role classification is to assign a
semantic role to each argument we have found.

Early work (Hermann et al., 2014; FitzGerald
et al., 2015; Hartmann et al., 2017) on frame seman-

∗Corresponding author

Figure 1: A sentence annotated the arguments and roles
of frame Text creation. The arrow marks indicate the
order of arguments identification and roles classifica-
tion.

tic parsing adopts pipeline strategy. Their models
apply independent models to handle different sub-
tasks which ignore the interactions among subtasks.
Moreover, the pipeline strategy usually causes error
propagation problem. The accuracy of frame iden-
tification can become the bottleneck of the overall
performance. Later work (Yang and Mitchell, 2017;
Peng et al., 2018) processes all the subtasks jointly
by optimizing them together during training. Their
joint models show improvement over pipeline mod-
els, which demonstrates the benefit of joint training
strategy. However, their systems don’t have spe-
cific design to model the interactions among the
subtasks.

To strengthen the interactions of subtasks, we
propose a joint framework based on three task-
specific decoders. The interactions in our frame-
work are mainly reflected in two aspects. On one
hand, the representations of both the target and
its frame that derived from frame identification de-
coder are applied to predict the arguments and roles.
On the other hand, the argument identification de-
coder and the role classification decoder work in
an alternate way, and thus they interact with each
other during the entire process of decoding.

The interactions bring two benefits. First, the
frame information predicted by frame identification
decoder makes the predictions of arguments and
roles more frame-specific. Second, the alternate
decoding strategy makes the current argument’s
and role’s prediction influenced by all previous
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SENTENCE Coming to Goodwill was the first step toward my becoming totally independent.

TARGET
come.v(Arriving), to.prep(Goal), first.a(Ordinal numbers),
step.n(Intentionally act), become.v(Becoming), totally.adv(Degree)

Table 1: An example sentence with annotated targets and golden frames from FrameNet dataset. Bold words
indicate that the target can evoke multiple frames.

decisions, which captures relations among different
arguments and roles. For the sentence shown in
Figure 1, the argument I and its role Author can
contribute to the predictions of the argument my
name and the role Text. Therefore, the argument
identification and the role classification can benefit
from each other by considering arguments and roles
already obtained.

For argument identification, previous models
(Yang and Mitchell, 2017; Peng et al., 2018) enu-
merate all possible spans to identify the arguments,
which brings high computational complexity. To
reduce the computational complexity, we design a
hierarchical pointer network in the argument iden-
tification decoder that predicts boundaries of argu-
ments directly.

In addition, we design a target-aware attention
mechanism. The target-aware attention mechanism
aggregates all targets in the same sentence to model
interactions among different targets, since frames
evoked by different targets in the same sentence
are usually closely related. Such interaction mod-
eling could be helpful in frame identification. For
example, the target to.prep in Table 1 can evoke
the frame Goal or Locative relation, and other co-
occurrence targets (such as come.v) make to.prep
more likely to evoke frame Goal instead of the
other frame.

Overall, our main contributions can be summa-
rized as follows:

• We design a novel multi-decoder framework
to jointly process all the subtasks of frame
semantic parsing. The multi-decoder strat-
egy strengthens the interactions among frame
identification, argument identification and role
classification.

• We design a hierarchical pointer network that
predicts the boundaries of arguments directly.
The hierarchical pointer network predicts ar-
guments within linear computational com-
plexity. To our best knowledge, it’s the first
practice to introduce the pointer network into
frame semantic parsing task.

• We design a target-aware attention mechanism
to aggregate the semantic information of other
targets in the same sentence.

We evaluate our model on FrameNet dataset, and
the experiments show that our model outperforms
state of the art models, which demonstrates the
effectiveness of our model.

2 Related Work

Frame semantic parsing task is first proposed by
Gildea and Jurafsky (2002) and has drawn attention
since the SemEval 2007 shared task (Baker et al.,
2007) was released. Early researches on frame
semantic parsing focus on the feature-engineered
methods(Johansson and Nugues, 2007; Das et al.,
2010). Most of the early researches regard the
frame semantic parsing as a pipeline of classifica-
tion tasks and employ machine learning algorithms
(such as Support Vector Machines etc.).

With the popularity of neural network and rep-
resentation learning, neural network models are
introduced to model frame semantic parsing prob-
lem. Hermann et al. (2014) uses distributed rep-
resentations in frame identification and embedded
both frames and the contextual representations of
words into a shared low-dimension vector space.
FitzGerald et al. (2015) uses a neural network to
learn embeddings of both arguments and semantic
roles, which adopts fine-grained similarity between
roles to overcome the sparsity of some labeled data.
Besides, a system based on pre-trained word dis-
tributed representations (Hartmann et al., 2017) is
developed to improve the domain adaptation of
their model. These models still work in pipeline
way.

However, pipeline models usually ignore the
interactions among subtasks and suffer from the
problem of error propagation. Joint models are pro-
posed to solve these problems. Yang and Mitchell
(2017) proposes an ensemble strategy that that inte-
grates two different models into an ensemble model.
Peng et al. (2018) proposes a multi-task framework
which jointly handles two different semantic pars-
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Figure 2: Our framework predicts frames, arguments and roles jointly based on three task-specific decoders. Frame
identification module predicts frame Text creation evoked by target write.v. Then argument identification module
with HPN(Hierarchical Pointer Network) and role classification module predict argument spans I, my name and on
the deposit split and their roles Author, Text and Form alternately. The interactions in our framework are shown
as gray dotted lines.

ing tasks from disjoint data. Both of their models
process all the subtasks jointly by optimizing them
together during training. Their experiments show
improvement over previous pipeline models, which
proves the benefit of joint training strategy. How-
ever their models don’t have specific design for the
interactions.

The common neural network architectures for
frame semantic parsing can be divided into se-
quence labeling models and relational models.
Yang and Mitchell (2017) proposes a sequence la-
beling model based on BIO tagging scheme. The
model contains multiple LSTM layers and a Con-
ditional Random Field (CRF) layer. Swayamdipta
et al. (2017) adopts a segmentation RNN and a re-
lational model to capture span-level dependencies
between predicate and arguments. The relational
model enumerates all possible spans to compute
the matching scores. Both of these two type mod-
els above require O(n2) computational complexity.
To reduce the high computational complexity, we
design a hierarchical pointer network that achieves
the identifying arguments within linear computa-
tional complexity.

3 Method

As is shown in Figure 2, our framework consists
of four modules. (1) the encoder module (2) the
frame identification decoder module. (3) the argu-
ment identification decoder module. (4) the role
classification decoder module.

Specifically, given a target t and a sentence
S = w0, . . . , wn−1, the encoder module calculates
the contextual representations h0, . . . , hn−1, then
all decoder modules handle three subtasks jointly.
The frame identification decoder builds a target rep-
resentation for t and identifies the frame f ∈ F
evoked by t. Suppose that there are k argument
spans a0, . . . , ak−1 of f in S. For each argument
aτ = wisτ , . . . , wieτ , the argument identification de-
coder identifies the boundaries isτ and ieτ , and the
role classification decoder assigns a semantic role
rτ ∈ Rf to aτ . The F and Rf mentioned above
are the sets of all frames and all semantic roles of
f defined in FrameNet.

Three decoders interact with each other as fol-
lows:

• Frame identification decoder builds a target
representation for t to identify the frame f .
Both the target representation and the embed-
ding of f will be taken as inputs to the other
decoders for argument identification and role
classification.

• Role classification decoder assigns a role rτ
to current argument span aτ , and then the em-
bedding of rτ will be taken as an input to
identify the boundary of next argument aτ+1.
In other words, these two decoders work in an
alternate way, so identifying aτ+1 and rτ+1

will consider all the historical information of
a0, . . . , aτ and their roles r0, . . . , rτ .
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3.1 Encoder Module
Encoder module aims at converting the sentence
S = w0, . . . , wn−1 into a sequence of vectors
h0, . . . , hn−1, where hi is the contextual represen-
tation of word wi.

For each token, we concatenate its word embed-
ding ewi , lemma embedding eli , POS embedding
epi and a binary tag embedding ebi :

ei = [ewi ; eli ; epi ; ebi ] (1)

The binary tag embedding ebi is to distinguish t
from other words in S. Let it be the position index
of t in S, then we can calculate ebi :

ebi =

{
e1, i = it
e0, i 6= it

(2)

At last, ei is fed to the encoder to get contextual
representation hi:

hi = Encoder (ei) (3)

The word embedding and lemma embedding are
initialized with Glove (Pennington et al., 2014)
while POS embedding is randomly initialized. We
use Bi-LSTM as the encoder in our experiment,
which can be also replaced with any other encoder
model such as Bert (Devlin et al., 2018). The di-
mension of ei is de and the dimension of hi is dh.

3.2 Frame identification module
In frame identification module, we build a target
representation rt for t and identify the frame f
based on rt.

As there are likely to be multiple targets
t0, . . . , tm−1 in S evoking multiple frames
f0, . . . , fm−1 and we believe that other targets in
S can contribute to identifying current frame f for
target t, we design a target aware attention mecha-
nism to aggregate contextual representations of all
targets TS = {t0, . . . , tm−1} in S (also contains
the target t):

αi =
exp(h>i W1hit)∑
j∈Ts exp(h

>
j W1hit)

(4)

ct =
∑

i∈Ts
αihi (5)

For the target, we concatenate ct, its contextual
representation hit and its embedding eit to get the
target representation rt:

rt = Relu (W2 · [eit ;hit ; ct]) (6)

With the target representation, we can generate the
probability distribution of frames to identify f by
argmax operation:

P (f |S, t) = softmax (W3 · rt) (7)

W1, W2, W3 are three weight matrixes in
Rdh×dh , Rdh×(2dh+de) and R|F |×dh repectively,
where |F | is the size of F .

3.3 Argument Identification Module
Argument identification decoder module identifies
the boundaries of argument spans a0, . . . , ak−1 se-
quentially. For τ -th argument aτ = wisτ , . . . , wieτ ,
the historical information of a0, . . . , aτ−1 and
their roles r0, . . . , rτ−1 is supposed to be utilized.
Hence We use LSTMA to record the historical in-
formation, and similarly, another LSTM named
LSTMR is applied in role classification decoder.
Argument identification decoder interacts with
other decoders by taking their output as input, here
is how LSTMA works at τ -th argument:

xτ =





[rt; ef ] , τ = 0

[
hroleτ−1; erτ−1

]
, τ > 0

(8)

hargτ = LSTMA

(
hargτ−1, xτ

)
(9)

hargτ and hroleτ are hidden states at timestep τ of
LSTMA and LSTMR. ef represents the embed-
ding of f , and erτ−1 represents the embedding of
rτ−1.

As we want to identify the start and end positions
of aτ , namely isτ and ieτ , we build two kinds of
feature representations to extract boundary feature
from hargτ and ef :

hSTAτ = MLPs([h
arg
τ ; ef ]) (10)

hENDτ = MLPe([h
arg
τ ; ef ]) (11)

The dimensions of both hSTAτ and hENDτ are the
same as contextual representations h0, . . . , hτ−1,
and the MLP in our experiment consists of two lin-
ear layers and a relu activation function in between.

3.3.1 Hierarchical pointer network
With two representations hSTAτ and hENDτ , we ap-
ply a hierarchical pointer network to identify isτ
and ieτ . The hierarchical pointer network contains
two pointer networks as is shown in Figure 3. The
hierarchical pointer network identifies the isτ firstly
and then identify the ieτ based on isτ . If we identify
them simultaneously, the isτ and ieτ may sometimes
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Figure 3: The prediction process of the argument on the deposit slip.

be inconsistent. Besides, to avoid duplicate predic-
tion, all spans in a0, . . . , aτ−1 are masked when
identifying isτ and ieτ . The prediction process is:

ScoreSTA = H>W4h
STA
τ (12)

P (isτ |S, t, f) = softmax(ScoreSTA) (13)

isτ = argmax(P (isτ |S, t, f)) (14)

ScoreEND = H>(W5h
END
τ +W6hisτ ) (15)

P (ieτ |S, t, f) = softmax(ScoreEND) (16)

ieτ = argmax(P (ieτ |S, t, f)) (17)

H is dh × n matrix (h0, . . . , hn−1) that repre-
sents the encoder output of sentence S. W4, W5

and W6 are dh × dh weight matrixes.
The hierarchical pointer network achieves argu-

ments identification within linear computational
complexity. For an n-tokens and k-arguments sen-
tence, our model can identify the start and end posi-
tions of each argument with O(2n) computational
complexity, and O(2n · k) for all arguments.

3.4 Role Classification Module
The role classification module assigns semantic
roles r0, . . . , rk−1 to arguments a0, . . . , ak−1. As-
signing rτ to aτ also needs to consider the se-
mantic information of a0, . . . , aτ−1 and their roles
r0, . . . , rτ−1. Hence we use the same LSTM archi-
tecture named LSTMR to record them. Both the
contextual information of aτ and the frame embed-
ding ef are used to predict rτ :

yτ =W7 · [hieτ + hisτ ;hieτ − hisτ ; ef ] (18)

hroleτ = LSTMR(h
role
τ−1, yτ ) (19)

P (rτ |S, t, f, aτ ) = MLP([hroleτ ; yτ ]) (20)

hie + his represents the boundary feature of aτ
and hie − his represents the inner feature of the
span (Wang and Chang, 2016; Cross and Huang,

2016; Ouchi et al., 2018). With the probability
distribution P (rτ |S, t, f, aτ ), we can predict the
role rτ .

Moreover, we add a special role ’None’ at the
final decoding step and let rk be ’None’. During the
inference stage, the role classification decoder and
argument identification decoder will automatically
stop when predicting ’None’.

4 Loss Function

We utilize cross-entropy loss to maximize the prob-
ability of the oracle frame type, span boundaries
(start-end pair) and role types:

Lframe = log(P (f̂ |S, t)) (21)

Lrole =

k−1∑

τ=0

log(P (r̂τ |S, t, f, aτ ))+

log(P (rNone|S, t, f, ak))
(22)

Lspan =

k−1∑

τ=0

log(P (̂isτ |S, t, f))+

k−1∑

τ=0

log(P (̂ieτ |S, t, f))
(23)

We optimize the losses of the three subtasks
jointly:

L = αLframe + βLspan + γLrole (24)

α, β and γ are hyper-parameters that adjust the
direction of training optimization.

5 Experiment

Dataset. We train and evaluate our model on
FrameNet 1.5 dataset proposed by (Das and Smith,
2011) following previous work (Yang and Mitchell,
2017; Swayamdipta et al., 2017; Peng et al., 2018).
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We also follow the same train/development/test
split. Meanwhile, previous work adds the partially-
annotated exemplar sentences (each exemplar sen-
tence contains only one target). As is reported in
previous work (Das et al., 2014; Yang and Mitchell,
2017; Swayamdipta et al., 2017), the exemplar sen-
tences data can help to improve their models’ per-
formance. We add it as pre-train data for our model.
Pre-process. Previous work removes the argument
spans longer than 20, which is a constraint that
helps to reduce the computational complexity from
O(n2) to O(n). Though our model doesn’t need
such constraint because of better computational
complexity, we hold the same setting as previous
work for comparison. We also report the result that
training our model without length constraint.
Setup. We train our models by two steps following
previous work (Das et al., 2014). At first step,
we pre-train our model with partially-annotated
exemplar sentences data. Then we train the model
on the offcial train set. We evaluate our model on
development test and save the best performance
model for test.

We use Glove (Pennington et al., 2014) to ini-
tialize the word embeddings, and average the exist-
ing embeddings for out-of-vocabulary words. We
randomly initialize embeddings for part-of-speech
tags, and token type tags. All the embeddings are
learnable during training.

Other detail hyper-parameters are shown on Ta-
ble 2.
Model. We compare our model with following
previous models:

SEMAFOR: A widely known system(Chen
et al., 2010) that uses a variety of syntactic fea-
tures.

Framat: An open-source semantic role labeling
tool proposed by Björkelund et al. (2010).

Framat+context: An extension version of Fra-
mat that adds extra context features by Roth and
Lapata (2015).

Hermann et al.(2014): A frame identification
model uses feature representation based on word
embedding and WSABIE algorithm (Weston et al.,
2011).

FitzGerald et al.(2015): A pipeline model that
improves frame identification performance based
on Hermann et al. (2014).

Open-SESAME: A pipeline model that predicts
frame by FitzGerald et al. (2015) and designs a
softmax-margin segmental RNN to improve argu-

Hyper-parameters Values
Batch size 32
MLP layers 2
Encoder lstm layers 2
Word/lemma embedding 200
Token type embedding 100
POS embedding 64
Pre-train/train epochs 50 / 100
Pre-train/train optimizer Adam
Activation Function Relu
Encoder/Decoder hidden size 256
MLP/LSTM dropout rate 0.4 / 0.2
Pre-train/train learning rate 1e-4/6e-5
Learning rate decay 0.6 (every 30 epochs)
α, β , γ 0.1 / 0.3 / 0.3

Table 2: Details of hyperparameters (non-bert version).

Model All Ambiguous
SEMAFOR 83.6 69.2
Open-SESAME 87.0 -
Hartmann et al. 87.6 73.8
Yang and Mitchell 88.2 75.7
Hermann et al. 88.4 73.1
Peng et al.(BASIC) 89.2 76.3
Our Model 89.4 76.7
Our Model+Bert 90.5 79.1

Table 3: Frame identification accuracy result.

ment identification.
Yang and Mitchell (SEQ)(2017): A sequence

tagging model for frame semantic parsing.
Yang and Mitchell (REL) (2017): A relation

model that enumerates all possible spans and clas-
sify them.

Peng et al. (Basic) (2018): A single-task version
of joint SRL model (without extra data). It is the
current state of the art model on the task of frame
semantic parsing.

5.1 Experiment Metrics And Result
We evaluate our model on the metrics of frame
identification accuracy and full structure extraction.
Note that previous systems may also report ensem-
ble models based on different ensemble methods
to improve models’ performance, and the model
(Peng et al., 2018) based on multi-task framework
brings extra train data. For comparability, we
only report the performance of single models that
trained on framenet data only. We note that none
of above-mentioned previous models are based on
Bert which is widely applied in many NLP tasks.
To explore the impact of Bert on frame semantic
parsing, we implement a Bert-based version of our
model and also report results of Bert-based model.
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Model P R F1
SEMAFOR 69.2 65.1 67.1
Framat 71.1 63.7 67.2
Framat+context 71.1 64.8 67.8
Open-SESAME 71.0 67.8 69.4
FitzGerald et al. 74.8 65.5 69.9
Yang and Mitchell (SEQ) 69.6 70.9 70.2
Yang and Mitchell(REL) 77.1 68.7 72.7
Peng et al.(BASIC) 79.2 71.7 75.3
Our Model 75.1 76.9 76.0
Our Model+Bert 78.2 82.4 80.2

Table 4: Full structure extraction result on the FN test
set.

Model P R F1
Our Model 75.1 76.9 76.0
wo interaction (Role&Arg) 75.6 76.3 75.9
wo interaction (Frame) 76.1 75.1 75.6
wo interaction (Both) 75.9 74.6 75.3

Table 5: Full structure extraction result of our mod-
els considering the effect of the interactions among de-
coders.

Frame Identification. The metrics of frame identi-
fication accuracy includes Ambiguous and All as is
shown in Table 3. The ambiguous metrics evaluates
targets evoking more than one possible frame in
FrameNet and All evaluates all the targets. Accord-
ing to Peng et al. (2018), some previous studies’
ambiguous lexical unit sets are not the same as the
one from the official frame directory, which makes
their results uncomparable. Therefore, it’s fairer
to use ALL to evaluate the performance of frame
identification. Our model outperforms all previous
models (0.2 point over SOTA). Our Ambiguous set
is the same as Peng et al. (2018)’s and our model
outperforms theirs by 0.4 point.
Full Semantic Structure Extraction. Full Se-
mantic Structure Extraction is the metrics that mea-
sures the overall performance of Frame Seman-
tic parsing. It requires exact match of arguments’
boundaries and jointly evaluates the performance
of frame identification, argument identification and
role classification. (Baker et al., 2007) shows de-
tails of the metrics. Table 4 is the result. The
first group contains pipeline models and the second
group includes joint models. Our model shows im-
provement over all previous models (0.7 point over
SOTA). We notice that our model greatly outper-
form state of the art models on Recall. We analyze

Model P R F1
Our Model 75.1 76.9 76.0
wo pre-train data 72.6 73.1 72.9
wo pre-train data/TAM 72.2 72.9 72.5

Table 6: Full structure extraction result of our models
considering the influences of pre-train data and targets-
aware attention mechanism (TAM).

Model P R F1
Our Model 75.1 76.9 76.0
wo length constraint 75.1 77.6 76.3

Table 7: Full structure extraction result of our models
considering the influence of the length constraint of ar-
guments.

that it’s because the decoders of our model fully
interact and make the current decision by consid-
ering all previous steps’ decisions. Such strategy
is likely to predict more complete arguments and
roles.

5.2 Ablation study

We train our model in different settings and evalu-
ate them on the metrics of full structure extraction
to measure their overall performance. We con-
sider the influences of decoders’ interactions, pre-
train data (partially-annotated exemplar sentences),
targets-aware attention mechanism (TAM) and the
length constraint of arguments.

As mentioned before, all the decoders of our
model interact with each other and the interactions
are reflected in two aspects. To prove the effective-
ness of them, we remove the interactive parts of the
decoders respectively. Table 5 shows the results of
models with following setting:

Without interaction (Arg&Role) means the in-
teraction between argument identification decoder
and role classification decoder is deleted.

Without interaction (Frame) means the identi-
fied frame information in frame identification de-
coder is not accessible to the other decoders.

Without interaction (Both) represents that
both of the interactions above are removed.

As is shown in Table 5, the performances of the
models all drop in varying degrees without any
kind of interactive parts. The effect of interac-
tion (Frame) is more pronounced than interaction
(Arg&Role) (73.6 to 73.9). The model’s perfor-
mance without both kinds of interactive parts will
drop from 76.0 to 75.3. And we noticed that the
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Error Type Description Proportion(%)
Our Model Peng

Frame error Frame misprediction 10.5 11.3
Role error Matching span with incorrect role. 22.0 12.6
Span error Matching role with incorrect span boundary. 14.1 11.4
Extra predicted arg. Predicted argument that doesn’t overlap any gold argument 20.0 18.6
Missing arg. Gold argument that doesn’t overlap any predicted argument 33.4 43.5

Table 8: Error analysis result on FrameNet development set.

recalling rate of our model is decreasing with the
remove of interactions. It verifies the previous anal-
ysis that the interactions among decoders make our
model predict in a global view and thus our model
is likely to predict more complete arguments and
roles.

Table 6 shows the performance differences in
the influences of pre-train data and targets-aware
attention mechanism. The performance of the
model without the pre-train step drops by 3.1 points
on F1, which demonstrates that adding pre-train
data is beneficial to model’s performance. The re-
sult is consistent with the conclusion of Yang and
Mitchell (2017) that models will get a 3-4 points
increase on F1 if adding partially-annotated exem-
plar sentences. Also, we consider the influence of
the targets-aware mechanism. The targets-attention
mechanism doesn’t work at pre-train step because
the partially-annotated exemplar sentences only
contains one target per sentence. To eliminate the
interference of the gap between the train data and
the pre-train data, we hold the same setting of skip-
ping the pre-train step. As shown in Table 6, the
model without TAM drops from 72.9 to 72.5 on
F1. It proves that the targets-aware attention mech-
anism contributes to overall performance of frame
semantic parsing.

As mentioned before, our model has an advan-
tage in terms of computational complexity. We
remove the length constraint of spans which is
adopted in previous work. Table 7 shows the re-
sult. We notice that our model has a slight increase
without length constraint of arguments. The re-
sult shows that our model get benefit with com-
plete data. Moreover, it proves that the hierarchical
pointer network is good at capturing long distance
dependency relation. We encourage future work to
train and evaluate on complete data if their compu-
tational complexity allows.

5.3 Error Analysis

We follow the error analysis method of Peng et al.
(2018) and compare our model with theirs. Table 8

shows the proportions of five error types. Though
missing arguments is the major error for both of
our model and Peng et al. (2018), our model shows
a great decrease by 10.1%, which proves that our
model prefers to predict more complete arguments
and is more likely to overlap gold arguments. How-
ever, it correspondingly brings increases on extra
predicted arguments, Role error and Span error. We
analyze that it’s because our model captures the re-
lation between different roles and is able to make
current decision by considering all previous steps’
action information, it prefers to predict the role
which is related to previous predicted roles. Such
strategy is more likely to overlap gold arguments.
However, it may also predict more arguments and
roles than the ground truth.

6 Conclusion

We design a multi-decoder framework to process
all the subtasks of frame semantic parsing jointly.
The multi-decoder framework strengthens the in-
teractions among these three tasks. Our model
works in an alternate way, which predicts the ar-
gument and the role by considering all previous
decisions. We apply a hierarchical pointer network
which achieves the argument identification with lin-
ear computational complexity. Experiments show
improvement over state of the art models.
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Abstract

Although distant supervision automatically
generates training data for relation extraction,
it also introduces false-positive (FP) and false-
negative (FN) training instances to the gener-
ated datasets. While both types of errors de-
grade the final model performance, previous
work on distant supervision denoising focuses
more on suppressing FP noise and less on re-
solving the FN problem. We here propose
H-FND, a hierarchical false-negative denois-
ing framework for robust distant supervision
relation extraction, as an FN denoising solu-
tion. H-FND uses a hierarchical policy which
first determines whether non-relation (NA) in-
stances should be kept, discarded, or revised
during the training process. For those learning
instances which are to be revised, the policy
further reassigns them appropriate relations,
making them better training inputs. Experi-
ments on SemEval-2010 and TACRED were
conducted with controlled FN ratios that ran-
domly turn the relations of training and vali-
dation instances into negatives to generate FN
instances. In this setting, H-FND can revise
FN instances correctly and maintains high F1
scores even when 50% of the instances have
been turned into negatives. Experiments on
NYT10 is further conducted to show that H-
FND is applicable in a realistic setting. 1

1 Introduction

Relation extraction (Zelenko et al., 2003; Mooney
and Bunescu, 2006; Zhou et al., 2005) is a core
task in information extraction. Its goal is to deter-
mine the relation between two entities in a given
sentence. For instance, given the sentence “Jobs
was born in San Francisco”, with head and tail en-
tities “Jobs” and “San Francisco”, the relation to
be extracted is “Place of Birth”. Relation extrac-
tion can be applied for many applications, such

*Equal contribution.
1The code can be found at https://github.com/

ckiplab/hfnd

Knowledge base Relation
Steve Jobs, San Francisco PoB

Corpus Relation Type
Jobs was born in San Francisco PoB (3) TP

Jobs moved back to San Francisco PoB (7) FP
Manuela was born in New York NA (7) FN

Table 1: Distant supervision and different types of in-
correctly labeled relations. The head and tail entities
are shown in boldface, and “PoB” stands for the rela-
tion “Place of Birth”.

as question answering and knowledge graph com-
pletion. A major difficulty with supervising re-
lation extraction models is the cost of collect-
ing training data, against which distant supervi-
sion (DS) (Hoffmann et al., 2011; Surdeanu et al.,
2012) is proposed. DS obtains the relational facts
from a knowledge base and aligns these facts to
all sentences in the corpus to generate learning
instances. In specific, if a relation triple r(h, t)
exists in a knowledge base, then for a sentence s
which mentions both the head entity h and the tail
entity t, it is tagged with relation r to form a learn-
ing instance (r, h, t, s). Since an effective classi-
fier is expected not only to extract relation triples
from a given text but also have to identify those
unrelated entity pairs, the negative samples from
texts are also needed for the training. In distant
supervision, the negative samples are generated by
randomly selecting two entities in the given text to
form an entity pair that does not appear in any re-
lation triples in the knowledge base.

Datasets generated using distant supervision
contain considerable noise (Roth et al., 2013).
More specifically, the noise generated can be clas-
sified into false positives (FP) and false negatives
(FN). Table 1 shows an example. The FP “Jobs
moved back to San Francisco” should not reflect
the relation ‘Place of Birth’. Also, an FN: as there
is no relation between “Manuela” and “New York”
in the knowledge base, “Manuela was born in New
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York” is wrongly labeled as a non-relation (NA)
under the closed world assumption. Both FP and
FN degrade model performance if they are treated
as correct labels at training time. FPs harm pre-
diction precision, while excessive FNs lead to low
recall rates.

In addition to denoising methods for learning
robustly with noisy data (Han et al., 2018; North-
cutt et al., 2019), many works focus on allevi-
ating the FP problem in DS datasets, including
those on pattern-based extraction (Alfonseca et al.,
2012; Jia et al., 2019), multiple-instance learn-
ing (Surdeanu et al., 2012; Lin et al., 2016; Zeng
et al., 2018), and sentence-level denoising with ad-
versarial training or reinforcement learning (Qin
et al., 2018a,b; Feng et al., 2018). However, few
investigate the FN problem for distant supervi-
sion (Xu et al., 2013; Roller et al., 2015). To the
best of our knowledge, there is no previous study
on this problem for deep neural networks.

In this paper, we investigate the impact of FNs
on neural-based models and propose H-FND, a
hierarchical false-negative denoising framework
for robust distant supervision. Specifically, this
framework integrates a deep reinforcement learn-
ing agent which keeps, discards, or revises proba-
ble FN instances with a relation classifier to gener-
ate revised relations. In addition, to constrain the
study to the FN problem and to construct ground-
truth relations to further analyze model behavior,
we conduct our research on the following two
human-annotated datasets: SemEval-2010 (Hen-
drickx et al., 2010) and TACRED (Zhang et al.,
2017), with controlled FN ratios that randomly flip
relations of training/validation instances into neg-
atives to generate FN instances. Then, we further
conduct our experiment on a distantly supervised
dataset NYT10 (Riedel et al., 2010) and fix its pos-
itive set, to demonstrate that our framework is ap-
plicable for resolving FN problem in a realistic
setting. In summary, our contributions are three-
fold:

• We propose a denoising framework focused
on false negatives in relation extraction.

• We present a special transfer learning scheme
for pretraining denoising agent as training
data is not available for this pretraining task.

• We show that our method revises correctly
and maintains high F1 scores even under a

high percentage of false negatives, and is ap-
plicable in a realistic setting.

2 Related Work

Mintz et al. (2009) propose distant supervision
(DS) to automatically generate labeled data for re-
lation classification, a new paradigm that synthe-
sizes positive training data by aligning a knowl-
edge base to an unlabeled corpus, and produces
negatives with a closed-world assumption. Al-
though this method requires no human effort for
sentence labeling, it introduces FPs and FNs into
the generated data and degrades the performance
of relation extraction models.

Many previous works have attempted to solve
the FP problem. Among these works, denois-
ing methods that utilize reinforcement learning
(RL) are the most relevant to ours. Feng et al.
(2018) propose a sentence-level denoising mech-
anism that trains a positive instance selector using
RL, and set the RL reward to the prediction prob-
ability of the relation classifier. Qin et al. (2018b)
also utilizes RL, but in a different way. It learns a
denoising agent to redistribute FPs to NA via pre-
diction accuracy of the classifier as the RL reward.

To solve the FN problem, one method is to align
the KB to the corpus after performing KB com-
pletion using inference (Roller et al., 2015). Al-
though this does reduce the number of FNs in DS
datasets, it helps little when the FN relations can-
not be inferred from the KB, e.g., the entities men-
tioned in the FN are not in the KB. IRMIE (Xu
et al., 2013), another method, constructs a neg-
ative set in a more conservative sense, in which
the head or tail entities have already participated
in other relation triples in the KB. Other sentences
outside the positive and negative sets are left un-
labeled (labeled as RAW in original paper) to pre-
vent FNs. After training on the positive and nega-
tive sets, positive relation triples are retrieved from
the unlabeled set to expand the KB, after which the
original DS is performed to improve the quality of
relation extraction. The final performance of this
method depends heavily on the heuristic for con-
structing the negative set, which may not be appli-
cable for all possible relation types.

To address the FN problem in DS datasets more
generally, we propose a hierarchical denoising
method to mitigate the negative effect of FNs,
ensuring a more robust relation extraction model
when the presence of FN instances is unavoidable.
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Figure 1: H-FND framework. The process in this diagram is executed per epoch.

3 H-FND Framework

We propose H-FND, a hierarchical false-negative
denoising framework that determines whether to
keep, discard, or revise negative instances. As il-
lustrated in Fig. 1, H-FND is composed of the de-
noising agent and relation classifier modules. The
denoising agent makes a ternary decision on the
action to take on each negative instance, and after
discarding, the relation classifier predicts a new re-
lation for each to-be-revised instance to produce a
cleaned dataset.

3.1 Convolutional Neural Network
Convolutional neural networks (CNN) are com-
monly adopted for sentence-level feature extrac-
tion (Kim, 2014) in language understanding tasks,
such as relation extraction (Zeng et al., 2014;
Nguyen and Grishman, 2015). PCNNs (Zeng
et al., 2015), a variation of CNN that applies piece-
wise max pooling, are also widely used for extract-
ing sentence features (Lin et al., 2016; Qin et al.,
2018a). We included both as the base model in our
experiments to show that our framework is base
model agnostic. In our implementation, the ex-
tracted features of a learning instance s are fed into
a fully connected softmax classifier to compute the
final logits:

O(r) = softmax(FC(CNN(s))).

For detailed mathematical descriptions of CNN
and PCNN, please refer to the Appendix.

3.2 Hierarchical Denoising Policy
The proposed hierarchical denoising policy is
a framework using policy-based reinforcement
learning (RL). Previous work utilizing RL to sup-
press noise from FPs (Feng et al., 2018; Qin et al.,
2018b) can be categorized in two types of strate-
gies: the first decides whether to remove the input

instance, and the second decides whether to revise
the input instance to be negative. Both policies
make a binary decision on each input instance, and
successfully reduce FP instances in DS datasets.

While applicable on the FP problem, it is risky
to directly apply these strategies on the FN prob-
lem. First, discarding a negative instance even
when it is most likely positive can result in a loss
of useful learning instances. Second, changing a
negative instance to positive is not enough for the
training process: we must also know which type
of positive relation to revise to.

Therefore, we propose a hierarchical denoising
policy to perform the FN denoising in two steps.
The first step, a soft policy that combines the two
above-mentioned denoising methods, is an agent
that takes an action from the action set {Keep, Dis-
card, Revise} for a negative instance s:

• Keep: maintain s as a negative instance for
training/validation;

• Discard: remove s to prevent it from mis-
leading the model;

• Revise: predict a new relation type for s and
treat it as a positive for the following train-
ing/validation.

The policy π(a|s) of this ternary decision is calcu-
lated based on the sentence feature extracted from
s with the base model CNN encoder:

π(a|s) = softmax(FC1(CNN1(s)));

each action a has the possibility of π(a|s) of being
taken by the denoising agent.

Then, if the negative instance s is to be revised,
the hierarchical policy goes on to the second step
and gives the revised relation by selecting the most

2581



Figure 2: A special transfer learning scheme for H-FND pretraining. Symbols “P” and “N” represent positive and
negative instances for relation classifier pretraining. Symbols “O” and “X” indicate two sets of training instances
which are correctly predicted and wrongly predicted by pretrained relation classifier correspondingly.

likely relation (excluding NA) predicted by the re-
lation classifier:

r′ = arg max
r∈R\{NA}

FC2(CNN2(s)).

3.3 Pretraining
Supervised pretraining (Qin et al., 2018b), com-
monly used to accelerate RL agent training, is eas-
ily performed for the relation classifier on the orig-
inal DS dataset (Han et al., 2018). For the de-
noising agent, however, there is no available train-
ing data. Therefore, we propose a special trans-
fer learning scheme that utilizes the learnt knowl-
edge in the relation classifier (source domain) to
help generate action labels for pretraining denois-
ing agent (target domain) (See Fig. 2).

First, we select the positives for which the pre-
trained relation classifier correctly predicts the re-
lation, and tag these with Revise. This prepares
the denoising agent to identify positive instances
in the negative set in future training, and then
pass these kinds of instances to the relation clas-
sifier to predict the correct positive relations for
them. Similarly, we tag with Keep those nega-
tives correctly predicted by the relation classifier.
Lastly, for instances in which the relation classi-
fier wrongly predicts their relation, we tag them
with Discard, encouraging the denoising agent to
discard such instances to avoid incorrect revisions.

In summary, our pretraining strategy is thus:

1. Relation classifier pretraining: pretrain the
relation classifier (RC) directly on the origi-
nal training set with the categorical loss func-
tion:

lsRC = cross-entropy(O,G),

where G represents the distantly supervised
relation in the training set. Then, fix the pa-
rameters of the relation classifier for the next
step.

2. Label generation: generate labels H with
the predictions of the relation classifier.

3. Denoising agent pretraining: Supervise the
denoising agent (DA) with categorical loss:

lsDA = cross-entropy(π,H).

3.4 Co-Training
To combine the training of the relation classifier
and the denoising agent, we propose the follow-
ing co-training framework during each epoch (see
Fig. 1):

1. Denoising agent decision: At the beginning
of each epoch, the denoising agent first exe-
cutes the denoising policy on the dataset. For
both training and validation sets, the policy
keeps, discards, or revises NA instances.

2. Relation classifier revision: For instances to
be revised, the relation classifier generates re-
vision relations for them. Denoising yields
the cleaned training and validation sets.

3. Relation classifier training: Given the
cleaned training set, we train the relation
classifier in a supervised fashion based on
categorical loss:

lsRC = cross-entropy(O,G′),

whereG′ represents the modified training set,
which contains all the positives and the kept
or revised negatives. Note that discarded neg-
atives are not included in G′.

4. Reward determination: We evaluate the
trained relation classifier on the cleaned val-
idation set to obtain the F1 score, which we
use as reward R for denoising. As the valida-
tion set is cleaned by the denoising policy, R
reflects the efficacy of the policy.

2582



Datasets #training #validation #testing
SemEval 6,599 1,154 2,717
TACRED 63,782 20,088 15,509
NYT10 477,454 120,318 194,328

Table 2: Number of instances in each dataset

5. Denoising policy update: To maximize the
reward R, we adopt policy gradient (Sutton
et al., 2000) to optimize the denoising agent
by maximizing the objective function J(θ):

J(θ) ≈
∑

log p(a|θ)(R− b),

where θ is the parameter of the denoising pol-
icy, p(a|θ) represents the softmax probabil-
ity of the sampled determination or revision
step, and b is the baseline which mitigates
the high variance of the REINFORCE algo-
rithm (Williams, 1992). We set b to the aver-
age reward of the previous five epochs.

For each epoch, we obtain the revised set from
the original training/validation set via the denois-
ing policy, and H-FND finds the best denoising
policy adaptively between supervised training and
reward maximization.

4 Experiment

4.1 Datasets
In order to quantify our model’s performance
on denoising false negatives, we evaluated the
proposed H-FND under two settings, human-
annotated datasets with synthetic noise and dataset
generated using distant supervision. Table 2 shows
the statistics of each dataset used in the experi-
ments.

1. Human-Annotated Datasets:

SemEval-20102 contains nine relations with
an additional NA as a non-relation, and
the number of instances for each relation is
roughly equal. TACRED3 is about 10 times
larger than SemEval, and it has 42 relations
including NA, and the number of negative in-
stances accounts for 80% of the entire corpus.
For SemEval, we used 10% of the training
set for validation, and for TACRED we sim-
ply used the dev set as the validation set (see
Table 2).

2http://www.kozareva.com/downloads.html
3https://catalog.ldc.upenn.edu/LDC2018T24

We filtered out the training and validation
instances which had relation triples that ap-
peared in the testing set to eliminate any over-
lap between relation triples in the training,
validation, and testing sets, to simulate the
held-out evaluation settings in distant super-
vision (Mintz et al., 2009).

To simulate FN conditions, we randomly
filtered a ratio (10%–50%) of train-
ing/validation positives into negatives.
Note that the filtering process was only for
training/validation: the testing sets were
well-labeled under all FN ratios. Also note
that the models were not aware in advance
which sentences were TN and which were
FN.

2. Distantly Supervised Dataset: The NYT10
dataset4 uses Freebase as knowledge base for
distant supervision. The relations are ex-
tracted from a December 2009 snapshot of
Freebase. Four categories of Freebase rela-
tions are used: “people”, “business”, “per-
son”, and “location”. These types of relations
are chosen because they appear frequently in
the newswire corpus. All pairs of Freebase
entities that are at least once mentioned in the
same sentence are chosen as candidate rela-
tion instances. For consistency with previous
research (Lin et al., 2016; Feng et al., 2018;
Qin et al., 2018b), we excluded five relations:
’/business/company/industry’,
’/business/company shareholder/
major shareholder of’,
’/people/ethnicity/includes groups’,
’/people/ethnicity/people’,
’/sports/sports team location/teams’

This results in a total of 53 relations (includ-
ing none-relation, ’NA’).

The corpus is chosen from a external source
articles published by The New York Times
between January 1, 1987 and June 19, 2007.
The Freebase relations were divided into two
parts, one for training and one for testing.
The former is aligned to the years 2005-2006
of the NYT corpus, the latter to the year 2007.

4.2 Baselines and Experiment Settings
A simple H-FND baseline was the original CNN
and PCNN relation classifier. To demonstrate the

4http://iesl.cs.umass.edu/riedel/ecml/
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Figure 3: CNN and PCNN results on SemEval and TACRED, where the errorbars represent the standard deviations.
The noise rate denotes the percent of positive relation triples flipped to create false negatives. The denoising method
cleanlab and our method H-FND perform the best, but cleanlab requires a given noise rate of data, while H-FND
does not requires such information.

impact of FNs, we also included SelATT (Lin
et al., 2016), an FP noise resistant model.

We further compared our H-FND framework
with the following strong baselines: the FN de-
noising method IRMIE (Xu et al., 2013) and
two other general-purpose denoising methods: co-
teaching (Han et al., 2018) and cleanlab (North-
cutt et al., 2019). Co-teaching is a general training
method for deep neural networks to combat ex-
tremely noisy labels. It simultaneously maintains
two networks (each with the same structure), each
of which samples its small-loss instances with a
given overall noise rate as clean batches to its peer
networks for further training. Cleanlab is a state-
of-the-art robust learning method which directly
estimates the joint distribution of noisy observed
labels and latent uncorrupted labels with a consis-
tent estimator, filters out noisy instances based on
this joint distribution, and trains the relation clas-
sifier on the cleaned dataset with co-teaching men-
tioned above. We use these denoising methods to
train the base CNN and PCNN models on our sim-
ulated FN datasets. 5

As the focus of this paper is on the FN problem,
all the positives of the simulated FN datasets are
kept error-free, the H-FND framework assumes

5The IRMIE KB was reconstructed from the positives of
the simulated FN dataset.

that no positives need be changed. Hence, for
a fair comparison, we kept the positive sets of
the FN datasets unchanged for the two general-
purpose denoising methods, preventing them from
discarding error-free positives. Also, we fix the
positive set of NYT10 to evaluate the applicability
of H-FND of resolving FN problem in a realistic
setting.

In the experiments on SemEval and Tacred, ev-
ery data point is the average of five independent
runs. In the experiment of NYT10, data points are
the average of three best results out of five inde-
pendent runs for H-FND and all baselines. See
Appendix for more detailed information on exper-
iment and model implementation.

4.3 Quantitative Results

The quantitative SemEval results are shown in the
upper part of Fig. 3, including both CNN and
PCNN. Under the 50% FN ratio, for both the base
CNN and PCNN models, with or without SelATT,
the F1 scores are heavily influenced by FN sen-
tences: the performance drops by nearly 20%. ER-
MIE and co-teaching enhance the performance by
more than 5% and 8% correspondingly. Except
for cleanlab, H-FND denoising remains compet-
itive to the baselines for FN ratios from 10% to
30%, and significantly wins after 30%. Among all
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Figure 4: CNN and PCNN ablation analysis on SemEval and TACRED, where the errorbars represent the standard
deviations.

baselines, cleanlab’s performance is the strongest
and is competitive with our approach, but as clean-
lab relies on a co-teaching model to train the rela-
tion classifier, a given noise rate is required. In
our experiments, these are directly provided to the
model. However, in practice, the noise rate (the
FN ratios in our experiment) is unknown and must
be estimated correctly, entailing extra effort. In
contrast, H-FND has no such requirement.

The quantitative results on TACRED are shown
in the lower part of Fig. 3. CNN, PCNN, and the
two models with SelATT are all vulnerable to FN
instances. As IRMIE fails to exclude enough FNs
from the negative set on TACRED,6 its perfor-
mance is also strongly influenced by FN instances.
Although the F1 scores of H-FND are 2% behind
co-teaching and cleanlab for FN ratios from 0%
to 20%, it successfully maintains its performance
when the FN ratio exceeds 30% and becomes com-
petitive with these two baselines. This is simi-
lar to the experimental results on SemEval for FN
ratios less than 30%. Together with the fact that
TACRED has many more positives than SemEval,
we increased the FN ratio to 90%. The result of
this extended experiment shows that when the FN
ratio exceeds 60%, the F1 scores for co-teaching
drop significantly, whereas H-FND maintains a
relatively high F1 score. Here, again, although

6The size of the RAW set is less than 10% of the original
negative set under all FN ratios.

cleanlab performs similar to ours with the pre-
defined FN ratios,7 the proposed approach needs
no such information, which better fits real-world
circumstances of distant-supervised relation clas-
sification.

4.4 Ablation Study
Fig. 4 shows the result of the ablation study to jus-
tify the effectiveness of the Revise action and pre-
training strategy. On Semeval, pretraining boosts
the F1 score for the PCNN architecture for FN ra-
tios from 10% to 40%, but yields no significant
difference for the other ratios. On TACRED, how-
ever, the Revise action and the pretraining strategy
clearly yield improved results. This improvement
is substantial in particular for pretraining. As TA-
CRED has more positive relation types and a much
larger negative set, the FN denoising problem is
more severe than on SemEval; thus the pretraining
strategy is crucial to provide a better initial point
for the denoising agent and to ensure more stable
performance.

4.5 Detailed Analysis
We first analyzed the distribution of the denoising
policy for TN and FN instances in the training set.
Figure 5 shows the percentage of kept, discarded,

7We have measured the performance of cleanlab when it
was provided with a wrong FN ratio - 40% FN ratio. Under
the actual FN ratio of 80% , its F1 scores dropped by 0.5%
for CNN and 1.8% for PCNN.
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Figure 5: Denoising policy distribution on true negatives and false negatives.

Figure 6: Precision-recall curve on the NYT dataset. The shaded areas indicate one standard deviation. The
precision rate of each algorithm run drops to zero at certain recall rate, hence the steep drops in the curves.

or revised training instances. The left histogram
under each filter ratio is for TN; the right is for
FN.

On SemEval, we observe that for TN instances,
H-FND mainly keeps them as NA and revises only
a small portion to the wrong relation, even un-
der the 50% filter ratio. For FN instances, H-
FND prefers to discard or revise them. This dif-
ference shows that H-FND distinguishes FN in-
stances from TN instances, and does not take ar-
bitrary actions on them.

On TACRED, the policy distribution also shares
the same tendency, but the portion of kept in-
stances is generally larger. This is due to a higher
ratio of negative instances in TACRED. As more
negative instances result in more Keep labels in
the generated pretraining data, after pretraining,
the probability of the model taking the Keep ac-
tion is generally higher. It also explains that the

portion of kept instances grows when the filter ra-
tio is raised. Note that this prevents H-FND from
revising too many instances at the beginning of co-
training, making co-training more stable.

Table 3 show the correctness of revisions on FN
instances which are determined to be revised. The
accuracy is around 90% for both CNN and PCNN
architectures and for both SemEval and TACRED.
This shows that H-FND accurately corrects FN in-
stances once they are identified and determined to
be revised in the first stage.

4.6 Results on Realistic Dataset

Lastly, we evaluated H-FND on real DS dataset
NYT10. For baselines, apart from the base model,
we included cleanlab, as it is the best performing
baseline in the controlled FN experiments. We
conducted human evaluation on 200 negative in-
stances randomly sampled from the training set
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SemEval 10% 20% 30% 40% 50%
CNN 88.81 88.07 88.72 86.25 85.94

± 3.55 ± 7.80 ± 1.04 ± 1.53 ± 1.46
PCNN 89.54 88.04 86.83 90.31 84.17

± 1.98 ± 3.12 ± 2.11 ± 0.54 ± 3.56
TACRED 10% 20% 30% 40% 50%

CNN 91.43 90.62 90.89 91.65 93.39
± 0.72 ± 0.99 ± 0.63 ± 0.99 ± 1.79

PCNN 90.99 89.64 87.15 86.75 86.15
± 0.82 ± 0.39 ± 0.49 ± 0.60 ± 1.16

Table 3: Revision accuracy (%)

and came to an estimate of 14% noise. 8

We followed Zeng et al. (2015) and plotted the
precision-recall curve to demonstrate the result on
NYT10 (see Fig. 6). At recall rate lower than
40% cleanlab performs slightly worse than the
base model, while H-FND remains competitive in
terms of precision. This could be a result of inac-
curacies in the estimation of FN rate in the dataset.
Since H-FND does not require a given FN rate, it
is not encumbered by such estimation error. At
higher recall rates (> 50%), H-FND retains sig-
nificantly higher precision. This result shows that
H-FND is applicable for real DS datasets, espe-
cially when the recall rate matters.

5 Conclusion and Future Work

In this work, to increase the robustness of DS, we
present H-FND, a hierarchical false-negative de-
noising framework, which keeps, discards, or re-
vises non-relation (NA) inputs during training and
validation phases to suppress noise from FN in-
stances. We also present a special transfer learning
scheme for pretraining the denoising agent.

To investigate the effects of FN instances ad-
dressed by our approach, we generate FN in-
stances from SemEval-2010 and TACRED under
controlled ratios. The results show that H-FND
revises FN instances and facilitates robust relation
extraction. Further experiment on NYT10 demon-
strates that our framework is also applicable to re-
alistic DS setting.

In realistic DS setting, both FP and FN in-

8This also demonstrates our synthesized datasets are a
good approximation to realistic DS setting: for the NYT10,
around 72% of the instances are negatives. This gives us
around (0.72 * 0.14) = 10.1% of FN in all triples. For our
synthetic dataset, the noise rate is the percent of positive re-
lation triples flipped to create false negatives. Positive triples
make up only around 20% of the whole TACRED, and in
our experiments, the noise rate indicates that we have flipped
50% of the triples. This gave us a total of around (0.2 * 0.5)
= 10% of FN in all triples.

stances may emerge simultaneously. Both of
which should be addressed. We leave this as future
work. Also, we plan to attempt other advanced
relation classification approach like R-BERT (Wu
and He, 2019) to replace CNN or PCNN in our
architecture.
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Padó, Marco Pennacchiotti, Lorenza Romano, and
Stan Szpakowicz. 2010. SemEval-2010 task 8:
Multi-way classification of semantic relations be-
tween pairs of nominals. In Proceedings of the
5th International Workshop on Semantic Evaluation,
pages 33–38.

Raphael Hoffmann, Congle Zhang, Xiao Ling,
Luke Zettlemoyer, and Daniel S. Weld. 2011.
Knowledge-based weak supervision for information
extraction of overlapping relations. In Proceedings
of the 49th Annual Meeting of the Association for
Computational Linguistics: Human Language Tech-
nologies, pages 541–550, Portland, Oregon, USA.
Association for Computational Linguistics.

2587



Matthew Honnibal and Mark Johnson. 2015. An im-
proved non-monotonic transition system for depen-
dency parsing. In Proceedings of the 2015 Con-
ference on Empirical Methods in Natural Language
Processing, pages 1373–1378.

Wei Jia, Dai Dai, Xinyan Xiao, and Hua Wu. 2019.
ARNOR: Attention regularization based noise re-
duction for distant supervision relation classifica-
tion. In Proceedings of the 57th Annual Meeting
of the Association for Computational Linguistics,
pages 1399–1408, Florence, Italy. Association for
Computational Linguistics.

Yoon Kim. 2014. Convolutional neural networks for
sentence classification. In Proceedings of the 2014
Conference on Empirical Methods in Natural Lan-
guage Processing.

Diederik P. Kingma and Jimmy Ba. 2015. Adam: A
method for stochastic optimization. In International
Conference on Learning Representations.

Yankai Lin, Shiqi Shen, Zhiyuan Liu, Huanbo Luan,
and Maosong Sun. 2016. Neural relation extraction
with selective attention over instances. In Proceed-
ings of the 54th Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Pa-
pers), pages 2124–2133, Berlin, Germany. Associa-
tion for Computational Linguistics.

Mike Mintz, Steven Bills, Rion Snow, and Daniel Ju-
rafsky. 2009. Distant supervision for relation ex-
traction without labeled data. In Proceedings of
the Joint Conference of the 47th Annual Meeting of
the ACL and the 4th International Joint Conference
on Natural Language Processing of the AFNLP,
pages 1003–1011, Suntec, Singapore. Association
for Computational Linguistics.

Raymond J Mooney and Razvan C Bunescu. 2006.
Subsequence kernels for relation extraction. In Ad-
vances in neural information processing systems,
pages 171–178.

Thien Huu Nguyen and Ralph Grishman. 2015. Rela-
tion extraction: Perspective from convolutional neu-
ral networks. In Proceedings of the NAACL Work-
shop on Vector Space Modeling for Natural Lan-
guage Processing.

Curtis G Northcutt, Lu Jiang, and Isaac L Chuang.
2019. Confident learning: Estimating uncertainty in
dataset labels. arXiv preprint arXiv:1911.00068.

Pengda Qin, Weiran Xu, and William Yang Wang.
2018a. DSGAN: Generative adversarial training for
distant supervision relation extraction. In Proceed-
ings of the 56th Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Pa-
pers), pages 496–505, Melbourne, Australia. Asso-
ciation for Computational Linguistics.

Pengda Qin, Weiran Xu, and William Yang Wang.
2018b. Robust distant supervision relation extrac-
tion via deep reinforcement learning. In Proceed-
ings of the 56th Annual Meeting of the Association

for Computational Linguistics (Volume 1: Long Pa-
pers), pages 2137–2147, Melbourne, Australia. As-
sociation for Computational Linguistics.

Sebastian Riedel, Limin Yao, and Andrew McCallum.
2010. Modeling relations and their mentions with-
out labeled text. In Joint European Conference
on Machine Learning and Knowledge Discovery in
Databases, pages 148–163.

Roland Roller, Eneko Agirre, Aitor Soroa, and Mark
Stevenson. 2015. Improving distant supervision us-
ing inference learning. In Proceedings of the 53rd
Annual Meeting of the Association for Computa-
tional Linguistics and the 7th International Joint
Conference on Natural Language Processing (Vol-
ume 2: Short Papers), pages 273–278, Beijing,
China. Association for Computational Linguistics.

Benjamin Roth, Tassilo Barth, Michael Wiegand, and
Dietrich Klakow. 2013. A survey of noise reduction
methods for distant supervision. In Proceedings of
the 2013 workshop on Automated knowledge base
construction, pages 73–78.

Mihai Surdeanu, Julie Tibshirani, Ramesh Nallapati,
and Christopher D Manning. 2012. Multi-instance
multi-label learning for relation extraction. In Pro-
ceedings of the 2012 joint conference on empirical
methods in natural language processing and compu-
tational natural language learning, pages 455–465.

Richard S Sutton, David A McAllester, Satinder P
Singh, and Yishay Mansour. 2000. Policy gradi-
ent methods for reinforcement learning with func-
tion approximation. In Advances in neural informa-
tion processing systems, pages 1057–1063.

Ronald J Williams. 1992. Simple statistical gradient-
following algorithms for connectionist reinforce-
ment learning. Machine learning, 8(3-4):229–256.

Shanchan Wu and Yifan He. 2019. Enriching pre-
trained language model with entity information for
relation classification. In Proceedings of the 28th
ACM International Conference on Information and
Knowledge Management, pages 2361–2364.

Wei Xu, Raphael Hoffmann, Le Zhao, and Ralph Gr-
ishman. 2013. Filling knowledge base gaps for dis-
tant supervision of relation extraction. In Proceed-
ings of the 51st Annual Meeting of the Association
for Computational Linguistics (Volume 2: Short Pa-
pers), pages 665–670, Sofia, Bulgaria. Association
for Computational Linguistics.

Dmitry Zelenko, Chinatsu Aone, and Anthony
Richardella. 2003. Kernel methods for relation ex-
traction. Journal of machine learning research,
3:1083–1106.

Daojian Zeng, Kang Liu, Yubo Chen, and Jun Zhao.
2015. Distant supervision for relation extraction via
piecewise convolutional neural networks. In Pro-
ceedings of the 2015 Conference on Empirical Meth-
ods in Natural Language Processing.

2588



Daojian Zeng, Kang Liu, Siwei Lai, Guangyou Zhou,
and Jun Zhao. 2014. Relation classification via con-
volutional deep neural network. In Proceedings of
COLING 2014, the 25th International Conference
on Computational Linguistics: Technical Papers,
pages 2335–2344.

Xiangrong Zeng, Shizhu He, Kang Liu, and Jun Zhao.
2018. Large scaled relation extraction with rein-
forcement learning. In Proceedings of the Thirty-
Second AAAI Conference on Artificial Intelligence,
pages 5658–5665.

Yuhao Zhang, Victor Zhong, Danqi Chen, Gabor An-
geli, and Christopher D Manning. 2017. Position-
aware attention and supervised data improve slot fill-
ing. In Proceedings of the 2017 Conference on Em-
pirical Methods in Natural Language Processing,
pages 35–45.

GuoDong Zhou, Jian Su, Jie Zhang, and Min Zhang.
2005. Exploring various knowledge in relation ex-
traction. In Proceedings of the 43rd Annual Meet-
ing of the Association for Computational Linguis-
tics (ACL’05), pages 427–434, Ann Arbor, Michi-
gan. Association for Computational Linguistics.

2589



A Appendices

A.1 Convolutional Neural Network

We use a convolutional neural network
(CNN) (Nguyen and Grishman, 2015) as our
base model for both the denoising agent and the
relation classifier. This architecture consists of
four main layers (the first three layers compose
the CNN encoder):

1. Embedding: The embedding layer trans-
forms a word into a vector representation,
which is a concatenation of a word embed-
ding Vw and a pair of positional embedding
vectors Vp1 , Vp2 (Lin et al., 2016). Word
embedding Vw is a vector that represents
the semantics of a word, and positional em-
bedding pair Vp1 ,Vp2 is two vectors repre-
senting the relative distance from the current
word to two entities in the sentence.

The final embedding vector V of dimension
de for each word is the concatenation of Vw ,
Vp1 , and Vp2 :

V = [Vw |Vp1 |Vp2 ] .

2. Convolution: The convolutional layer trans-
forms the embedding vectors of words into
local features by applying sliding filters over
them. Each filter consists of a weight matrix
Ai ∈ Rf×de and a bias term bi ∈ R, to ex-
tract specific patterns in the embedding vec-
tors. With h filters of length f , the entry in
the feature map Cf ∈ Rh×(L−f+1) for the i-
th filter at position t is

[Cf ]it =

f∑

j=1

de∑

k=1

Aijk · Vt+j−1,k + bi,

where L is the length of the input sentence.
To capture information expressed in phrases
of all lengths, we further use n different
lengths of filters, and concatenate all Cf un-
der filter size f as the jointed feature map
C ∈ Rnf×de :

C = [Cf1 |Cf2 | · · · |Cfn ].

3. Max pooling: The max pooling layer cap-
tures the most significant feature into the
pooling feature Pi by selecting the highest

value in the feature map extracted by the i-
th filter Ci over all positions:

Pi = max(Ci).

PCNN (Zeng et al., 2015) involves piece-
wise max pooling, which better suits the re-
lation extraction task. It divides an input sen-
tence into three segments based on the two
selected entities, and then extracts features
from all the three segments to capture fine-
grained features for relation extraction. For
PCNN, the extracted feature map

Pi = [max(Ci1)|max(Ci2)|max(Ci3)],

where Ci1, Ci2, and Ci3 are the three feature
map segments separated by the two selected
entities. We also view P as the sentence fea-
ture, as it represents the essential features of
the whole sentence.

4. Fully connected: The fully connected layer
(FC) performs relation classification based on
sentence feature P with softmax activation
over each relation. The computed logitsO(r)
is written as

O(r) = softmax(FC(P ))

= softmax(FC(CNN(s))).

A.2 Implementation
H-FND was implemented with PyTorch
1.6.0 (Adam et al., 2017) in python 3.6.9. In
our implementation, we used pretrained word
embeddings provided by SpaCy (Honnibal and
Johnson, 2015) as the fixed word embeddings
(dw = 300). The positional embedding (dp = 50)
was randomly initialized and then trained with the
following network; therefore the overall dimen-
sion of embedding vector de = dw + 2dp = 400.
In the convolutional layer, we applied four dif-
ferent sizes of filters (f ∈ [2, 3, 4, 5]) and set all
of their feature sizes to h = 230. Both CNN and
PCNN architectures were implemented. The total
trainable parameters of each models are listed
in table 4. To prevent overfitting, we inserted
dropout layers with a dropout rate of 0.5 before
the convolutional layer and after the max pooling
layer.

We trained H-FND using the Adam opti-
mizer (Kingma and Ba, 2015). In addition, we
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#(Params) SemEval TACRED NYT
RC CNN 1,318,130 1,347,602 1,388,933

PCNN 1,336,530 1,424,882 1,486,453
RC+SelATT CNN 1,327,330 1,386,242 −

PCNN 1,364,130 1,540,802 −
DA CNN 1,311,683 1,311,683 1,342,883

PCNN 1,317,203 1,317,203 1,348,403

Table 4: Number of trainable parameters in each model.

used mini-batches (batch size b = 256) only when
training the relation classifier; the prediction of the
relation classifier and both the decision and policy
gradient of the denoising agent were executed per
epoch. Last, the revised result of H-FND in each
epoch was used by the classifier only in the same
epoch and did not accumulate over epochs, which
means that at the beginning of each epoch, H-FND
applied the denoising policy on the original dataset
but not on the revised dataset of the last epoch.

We list in Table 5 the learning rates for base
CNN and PCNN relation classifiers (RC), for RC
with SelATT, and for RC with denoising agent
(DA) under pretraining and co-training phrases.
The learning rate of RC is selected from {1e-4,
3e-4, 1e-3, 3e-3, 1e-2}, with the F1 score on the
noise-free version of SemEval and TACRED as
the selection criteria. Except SelATT and DA co-
training, the learning rates for the other models are
the same to the learning rate of base RC. For Se-
lATT, the learning rate is selected from {1e-6, 3e-
6, 1e-5, 3e-5, 1e-4}, also with the F1 score on the
noise-free version of the two datasets as the selec-
tion criteria. For DA cotraining, the learning rate
is selected from {1e-6, 3e-6, 1e-5, 3e-5, 1e-4},
with the F1 score on the SemEval and TACRED
under a 50% FN ratio as the selection criteria.

All the RC of each method are trained to con-
verge with validation-based early stopping. In spe-
cific, we train all the model for 150 epochs on Se-
mEval and for 200 epochs on TACRED. For NYT,
we trained all the models for 30 epochs.

The pretraining of H-FND trains the RC and
DA for 5 and 20 epochs respectively. We select
these pretraining periods by the criteria that the
two models can achieve about 80% performance
comparing to the converged ones. By this means,
we can prevent H-FND from overfitting the noisy
labels (Han et al., 2018) and initialize H-FND with
good parameters for co-training.

All the implemented models are trained on

NVIDIA GTX 1080 Ti and Intel(R) Xeon(R) Sil-
ver 4110 CPU, with 12GN GPU memory, 128GB
RAM, clock rate 2.10 GHz, and Linux as the oper-
ating system. The expected running time for each
model on each dataset is listed in Table 6.

Learning rate SemEval TACRED NYT
lrRC 3e-3 3e-4 3e-4

lrRC, SelATT 1e-5 3e-6 −
lrRC, pre 3e-3 3e-4 3e-4
lrDA, pre 3e-3 3e-4 3e-4
lrRC, co 3e-3 3e-4 3e-4
lrDA, co 1e-4 3e-6 3e-6

Table 5: Learning rates.

Runtime SemEval TACRED NYT
Base 0.05 0.63 3.25

SelAtt 1.95 22.70 −
IRMIE 0.05 0.67 −

Co-teaching 0.10 1.10 −
Cleanlab 0.25 6.47 16.25
H-FND 0.55 15.28 44.44

Table 6: Runtimes for models training (hrs).

A.3 Performance on Validation Set

The F1 scores of each model running on valida-
tion sets of SemEval and TACRED are provided
in Figure 7 and 8. Notice that the validation sets
are noisy in our experiment, so the performance
on validation sets do not fully reflect the robust-
ness of each models. Also, in IRMIE and H-FND,
the validation sets are modified, so their validation
F1 scores can only be compared with their own
across different FN ratios. For more accurate per-
formance measurement, please refer to Figure 3
and 4, whose F1 scores are measured on noise-free
testing sets.
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Figure 7: Validation F1 scores of quantitative result, where the errorbars represent the standard deviations.

Figure 8: Validation F1 scores of ablation analysis, where the errorbars represent the standard deviations.

A.4 Denoising policy with Standard
Deviations

On SemEval and TACRED, the Denoising policy
distributions with standard deviation are provided
in Table 7, 8, 9, and 10.
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CNN on SemEval 0% 10% 20% 30% 40% 50%
TN/Keep 64.89 ± 6.55 74.04 ± 8.37 87.68 ± 9.74 79.17 ± 10.65 83.03 ± 6.65 76.83 ± 11.19

TN/Discard 24.88 ± 9.59 17.82 ± 5.55 8.81 ± 7.28 12.56 ± 6.53 12.34 ± 4.84 11.17 ± 3.15
TN/Revise 10.23 ± 5.00 8.14 ± 5.90 3.51 ± 2.57 8.27 ± 4.47 4.63 ± 1.93 12.00 ± 9.25
FN/Keep 0.00 ± 0.00 19.04 ± 5.65 55.03 ± 26.98 45.97 ± 24.85 50.91 ± 13.15 45.24 ± 11.06

FN/Discard 0.00 ± 0.00 61.58 ± 10.16 35.29 ± 22.58 38.33 ± 17.48 38.81 ± 10.05 34.70 ± 5.73
FN/Revise 0.00 ± 0.00 19.38 ± 9.77 9.68 ± 5.52 15.70 ± 7.49 10.28 ± 3.75 20.05 ± 10.99

Table 7: Denoising policy distribution for CNN on SemEval (%).

PCNN on SemEval 0% 10% 20% 30% 40% 50%
TN/Keep 73.57 ± 6.19 77.79 ± 4.11 77.74 ± 3.93 73.61 ± 5.11 80.72 ± 6.08 82.95 ± 4.45

TN/Discard 21.63 ± 4.49 16.55 ± 4.71 16.24 ± 3.78 18.76 ± 5.51 13.25 ± 4.96 12.15 ± 4.21
TN/Revise 4.79 ± 2.08 5.67 ± 1.89 6.01 ± 2.16 7.62 ± 2.14 6.04 ± 2.17 4.91 ± 0.68
FN/Keep 0.00 ± 0.00 25.37 ± 5.33 36.46 ± 7.12 38.25 ± 5.81 52.36 ± 9.94 60.38 ± 8.54

FN/Discard 0.00 ± 0.00 62.62 ± 8.65 51.12 ± 8.63 48.45 ± 8.44 36.59 ± 8.87 31.31 ± 8.13
FN/Revise 0.00 ± 0.00 12.00 ± 3.51 12.42 ± 3.42 13.30 ± 3.36 11.05 ± 3.10 8.31 ± 1.42

Table 8: Denoising policy distribution for PCNN on SemEval (%).

CNN on TACRED 0% 10% 20% 30% 40% 50%
TN/Keep 80.48 ± 3.49 85.18 ± 1.36 84.07 ± 4.66 89.14 ± 1.38 90.81 ± 1.95 94.11 ± 2.23

TN/Discard 13.99 ± 2.76 10.99 ± 1.16 11.78 ± 2.36 8.50 ± 1.18 7.60 ± 1.61 5.00 ± 1.92
TN/Revise 5.54 ± 0.84 3.82 ± 0.32 4.15 ± 2.44 2.35 ± 0.37 1.59 ± 0.37 0.90 ± 0.35
FN/Keep 0.00 ± 0.00 36.53 ± 2.21 40.36 ± 1.88 47.42 ± 3.88 53.60 ± 4.16 66.31 ± 7.85

FN/Discard 0.00 ± 0.00 32.40 ± 3.08 34.23 ± 3.38 32.12 ± 3.42 31.86 ± 2.45 24.60 ± 5.73
FN/Revise 0.00 ± 0.00 31.07 ± 1.70 25.42 ± 1.79 20.46 ± 1.86 14.54 ± 1.83 9.09 ± 2.31

Table 9: Denoising policy distribution for CNN on TACRED (%).

PCNN on TACRED 0% 10% 20% 30% 40% 50%
TN/Keep 85.31 ± 0.45 85.91 ± 3.20 88.05 ± 2.73 88.60 ± 2.54 90.63 ± 2.23 92.46 ± 1.57

TN/Discard 10.30 ± 0.53 10.55 ± 2.97 9.10 ± 2.39 9.01 ± 2.07 7.41 ± 2.00 6.27 ± 1.40
TN/Revise 4.39 ± 0.34 3.54 ± 0.32 2.85 ± 0.53 2.39 ± 0.70 1.96 ± 0.31 1.26 ± 0.25
FN/Keep 0.00 ± 0.00 39.10 ± 4.23 45.62 ± 4.58 48.53 ± 6.01 57.50 ± 3.90 64.01 ± 4.44

FN/Discard 0.00 ± 0.00 33.03 ± 5.09 31.68 ± 3.64 33.32 ± 4.97 26.67 ± 3.58 25.55 ± 3.42
FN/Revise 0.00 ± 0.00 27.87 ± 1.88 22.70 ± 1.86 18.15 ± 2.82 15.83 ± 1.44 10.45 ± 1.59

Table 10: Denoising policy distribution for PCNN on TACRED (%).
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Abstract

In this paper, we present GEM1 as a General
Evaluation benchmark for Multimodal tasks.
Different from existing datasets such as GLUE
(Wang et al., 2018), SuperGLUE (Wang et al.,
2019), XGLUE (Liang et al., 2020) and
XTREME (Hu et al., 2020) that mainly fo-
cus on natural language tasks, GEM is a large-
scale vision-language benchmark, which con-
sists of GEM-I for image-language tasks and
GEM-V for video-language tasks. Compar-
ing with existing multimodal datasets such as
MSCOCO (Chen et al., 2015) and Flicker30K
(Vinyals et al., 2015) for image-language tasks,
YouCook2 (Zhou et al., 2018) and MSR-VTT
(Xu et al., 2016) for video-language tasks,
GEM is not only the largest vision-language
dataset covering image-language tasks and
video-language tasks at the same time, but also
labeled in multiple languages. We also pro-
vide two baseline models for this benchmark.
We will release the dataset, code and baseline
models, aiming to advance the development of
multilingual multimodal research.

1 Introduction

In recent years, large-scale pre-training has be-
come the new paradigm in the natural language
processing (NLP) field. These models have demon-
strated surprisingly good generalization abilities
and can be applied to different downstream tasks
by a simple fine-tuning. Several comprehensive
benchmarks are constructed to evaluate such pow-
erful models, including GLUE (Wang et al., 2018)
and SuperGLUE (Wang et al., 2019) for evaluating
monolingual natural language understanding sys-
tems, XGLUE (Liang et al., 2020) and XTREME
(Hu et al., 2020) for evaluating multilingual natu-
ral language understanding and generation systems.
Such pre-trained models have also been extended

1https://github.com/microsoft/GEM

to vision-language scenarios (Lu et al., 2019; Chen
et al., 2019; Li et al., 2020a,b; Ni et al., 2021; Sun
et al., 2019b,a; Luo et al., 2020) to handle multi-
modal tasks such as image(or video)-text retrieval
and image (or video) captioning. However, there is
still no comprehensive benchmark dataset for evalu-
ating such multimodal pre-trained models. Besides,
most existing vision-language datasets are labeled
in English only, which cannot be used to evaluate
the qualities of such models on other languages.

Motivated by this, we present GEM, a General
Evaluation benchmark for Multimodal tasks. Com-
paring with GLUE, SuperGLUE, XGLUE and
XTREME, GEM is designed for evaluating the
generalization capabilities of vision-language mod-
els and consists of two subsets: GEM-I, which
evaluates text-to-image retrieval and image cap-
tioning capabilities, and GEM-V, which evaluates
text-to-video retrieval and video captioning capa-
bilities. Besides, it is also a multilingual dataset,
where the natural language contexts are collected
from a commercial search engine. We describe two
vision-language pre-trained models, M3P (Ni et al.,
2021) and m-UniVL, as the baselines for GEM-I
and GEM-V, respectively, where M3P is an existing
multilingual image-language pre-trained model, m-
UniVL is a multilingual extension of UniVL (Luo
et al., 2020) for multilingual video-language tasks.
The evaluation results of these two models on GEM
are reported in the experiment part.

The key contribution of this paper is twofold:
(1) we build GEM as the first large-scale multilin-
gual multimodal benchmark, which can be used to
evaluate the generalization capabilities of vision-
language pre-trained models on a set of diversi-
fied multimodal tasks. (2) we provide two multi-
lingual multimodal pre-trained models, M3P and
m-UniVL, as the baselines of GEM for image-
language and video-language tasks, respectively.
We hope GEM can further advance the research in

2594



Language Train Dev Test Total
English (en) 998,000 1,000 1,000 1,000,000
Spanish (es) 18,000 1,000 1,000 20,000
French (fr) 18,000 1,000 1,000 20,000
Italian (it) 18,000 1,000 1,000 20,000
Portuguese (pt) 18,000 1,000 1,000 20,000
German (de) 18,000 1,000 1,000 20,000
Korean (ko) 8,000 1,000 1,000 10,000
Polish (pl) 8,000 1,000 1,000 10,000
Catalan (ca) 2,000 1,000 1,000 4,000
Dutch (nl) 2,000 1,000 1,000 4,000
Japanese (ja) 2,000 1,000 1,000 4,000
Indonesian (id) 2,000 1,000 1,000 4,000
Vietnamese (vi) 2,000 1,000 1,000 4,000
Czech (cs) 2,000 1,000 1,000 4,000
Romanian (ro) 2,000 1,000 1,000 4,000
Turkish (tr) 0 0 1,000 1,000
Galician (gl) 0 0 1,000 1,000
Croatian (hr) 0 0 1,000 1,000
Hungarian (hu) 0 0 1,000 1,000
Malay (ms) 0 0 1,000 1,000
Total 1,118,000 15,000 20,000 1,153,000

Table 1: Language distribution and data statistics of
GEM-I for multilingual image-language tasks.

the multimodal community, just as its predecessors
did in the NLP community.

2 Dataset Construction

To the best of our knowledge, GEM dataset is
the first multilingual vision-language dataset con-
structed for image-language and video-language
tasks as the same time. GEM-I contains 1.2 mil-
lion {Query, Image, Title} triplets in 20 different
languages for text-to-image retrieval and image
captioning tasks. GEM-V contains 99K {Query,
Video, Title} triplets in 30 languages for text-to-
video retrieval and video captioning tasks. In both
GEM-I and GEM-V, Title denotes the title of the
web page where each image (or video) is extracted.
This signal can be used as the auxiliary information
in all GEM tasks, as it is usually highly relevant to
the corresponding image (or video).

Next, we will describe how GEM-I and GEM-V
are collected from a commercial search engine.

2.1 GEM-I Construction

First, we collect several billion images with Cre-
ative Commons licenses from the Internet, and dis-
card images that contain pornographic or racy con-
tent. We also discard images with human faces,
to avoid revealing privacy or introducing bias to
our data. Besides, we only keep images which
are larger than 300×300 pixels to guarantee high
image quality. The pornographic classifier, racy
classifier, and human face classifier are trained and
evaluated on human-labeled data. The (precision,

Language Train Dev Test Total
German (de) 3,316 1,000 1,000 5,316
Portuguese (pt) 3,258 1,000 1,000 5,258
Dutch (nl) 2,961 1,000 1,000 4,961
Spanish (pt) 2,894 1,000 1,000 4,894
Russian (ru) 2,804 1,000 1,000 4,804
French (fr) 2,776 1,000 1,000 4,776
Italian (it) 2,589 1,000 1,000 4,589
Korean (ko) 2,452 1,000 1,000 4,452
English (en) 2,426 1,000 1,000 4,426
Japanese (ja) 2,000 1,000 1,000 4,000
Arabic (ar) 2,000 1,000 1,000 4,000
Polish (pl) 2,000 1,000 1,000 4,000
Chinese-Traditional (zh-t) 2,000 1,000 1,000 4,000
Farsi (fa) 2,000 1,000 1,000 4,000
Indonesian (id) 2,000 1,000 1,000 4,000
Turkish (tr) 2,000 1,000 1,000 4,000
Vietnamese (vi) 2,000 1,000 1,000 4,000
Hebrew (he) 1,807 1,000 1,000 3,807
Romanian (ro) 1,441 1,000 1,000 3,441
Swedish (sv) 1,419 1,000 1,000 3,419
Filipino (tl) 1,294 1,000 1,000 3,294
Malay (ms) 0 0 1,000 2,668
Norwegian (no) 0 0 1,000 1,098
Catalan (ca) 0 0 1,000 1,002
Croatian (hr) 0 0 907 907
Georgian (ka) 0 0 863 863
Chinese-Simplified (zh-s) 0 0 833 833
Hungarian (hu) 0 0 811 811
Albanian (sq) 0 0 809 809
Serbian-Latin (sr-l) 0 0 774 774
Total 47,437 21,000 28,997 99,202

Table 2: Language distribution and data statistics of
GEM-V for multilingual video-language tasks.

recall) of them are (0.85, 0.92), (0.79, 0.94), and
(0.85, 0.92), respectively.

Then, we collect user queries from a commercial
search engine for each image based on user his-
torical clicks. We also collect the title of the Web
page that contains the image as the additional con-
text, forming {Query, Image, Title} triplets. Some
text cleanup work is done to only keep high quality
queries and contexts, including removing porno-
graphic words and meaningless strings, and dis-
carding very short queries or titles in that they are
less likely to depict the image content, etc. We
also apply an in-house GBDT model to filter out
potentially highly irrelevant {Query, Image, Title}
triplets, which is trained using a small amount of
human-labeled data, to predict the similarity be-
tween each {Query} and {Image, Title} pair.

Finally, we only keep the top 20 languages which
have more than 1000 images, and sample 1.2 mil-
lion {Query, Image, Title} triplets in total. The av-
erage length of query in GEM-I is 5.5 terms, which
is shorter than 10.6 in MSCOCO (Chen et al., 2015)
and 12.3 in Flicker30K (Vinyals et al., 2015). Also,
the average length of title is 10.1 terms. This makes
GEM-I a more practical benchmark, since all data
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Figure 1: Examples in GEM-I dataset: Q: Query, T: Title.

in GEM-I come from the real world, where the lan-
guage configuration truly differs from the queries
in existing datasets. For example, the queries in
GEM were shorter and more concise, without per-
fect grammar or syntax structure. This makes GEM
queries more ”natural”. Therefore, our benchmark
can evaluate the models on data closer to real-world
scenarios, so that the performance of the models
will be more convincing in terms of being used in
real-world applications. Based on human assess-
ment on sampled query-image pairs, 83% of the
them are well matched pairs in that the query is a
plausible caption of its paired image. We randomly
split the data into train, dev and test sets within each
language. The data statistics and language distribu-
tion of GEM-I can be found in Table 1. Figure 1
gives some examples.

2.2 GEM-V Construction

We collect several billion videos from the Internet,
and discard videos with pornographic or racy con-
tents. We also discard very long videos to save
storage and transfer expenses. For each video, its
query and title are collected from a commercial
search engine and cleaned-up according to a similar
process as we described in GEM-I, where another
in-house model is trained to filter out potentially
irrelevant {Query, Video, Title} triplets.

Finally, we only keep the top 30 languages

which have more than 700 videos, and sample 99K
{Query, Video, Title} triplets in total. The total
video length of GEM-V is 2,049 hours, and the
average video length is 1.2 minutes. The average
length of query in GEM-V is 5.3 terms, and that
of title is 8.5 terms. We also conduct human eval-
uation on some sampled query-video pairs, and
find 70% of them are plausible matched pairs. We
randomly split the data into train, dev and test sets
within each language. The data statistics and lan-
guage distribution of GEM-V can be found in Ta-
ble 2. Figure 2 gives some examples.

3 Baseline Models

This section will introduce two baseline models for
GEM, including M3P, which is a multilingual multi-
modal pre-trained model for image-language tasks,
and m-UniVL, which is a multilingual extension of
UniVL (Luo et al., 2020) for video-language tasks.

3.1 M3P as Baseline of GEM-I

We select M3P (Ni et al., 2021) as the baseline
model for tasks in GEM-I, as it is the state-of-the-
art multilingual image-language pre-trained model
for both image-language understanding and gener-
ation tasks.

The M3P model uses the model architecture of
BERT for understanding tasks and a BERT-based
encoder-decoder architecture for generation tasks.
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Figure 2: Examples in GEM-V dataset: Q: Query, T: Title.

For understanding tasks, multilingual masked lan-
guage modeling, multimodal masked language
modeling, masked region modeling and visual-
linguistic matching are used as pre-training tasks to
train a Transformer-based encoder. For generation
tasks, multilingual denoising auto-encoding, im-
age captioning and denoising image captioning are
used as pre-training tasks to train a Transformer-
based encoder-decoder. By training the encoder
and the encoder-decoder with a multitask learning
framework, universal representations are learned
to map objects occurred in different modalities or
expressed in different languages to vectors in a
common semantic space.

Fine-tune Tasks Based on the pre-trained M3P
model, we further finetune it on our GEM-I data.
For the text-image retrieval task, we adopt the BCE
loss and NCE loss (Gutmann and Hyvärinen, 2010)
(with equal weights) to learn the instance-level
alignment between texts and images. The nega-
tive samples are generated by randomly forming
text-image pairs from different training samples in
the same batch. For the image captioning task, we
directly learn captioning loss on GEM-I data.

Side-Information Since title is considered as
the side-information of the image, we concatenate
it together with the image and feed them into the
model. During the negative sampling process in the
retrieval task, we treat title and image as a whole,
i.e., for a certain query, the titles and images from
other samples are considered as negatives.

3.2 m-UniVL as Baseline of GEM-V

We adopt the same model structure with the uni-
fied video and language pre-trained model UniVL
(Luo et al., 2020), which can perform both multi-

modal understanding and generation tasks. Specif-
ically, we extend the pre-trained UniVL model
from monolingual to multilingual by replacing the
BERT-based module with XLM-R (Conneau et al.,
2019), and call the new model m-UniVL. m-UniVL
adopts an encoder-decoder architecture, including
two single-modal encoders to encode the multilin-
gual text and the visual features respectively, and
one cross-modal encoder to learn the interactions
between the two modalities, and finally an optional
decoder for generation tasks. To better leverage
the pre-trained models, we initialize each module
with different pre-trained weights: for the multilin-
gual text encoder, we directly initialize it with the
pre-trained XLM-R2 (Conneau et al., 2019), and
for other modules including the visual encoder, the
cross encoder and the decoder, we initialize them
with the weights of the pre-trained UniVL3.

Fine-tune Tasks Based on the pre-trained m-
UniVL, we further finetune it using GEM-V data.
For the text-video retrieval task, we only employ
encoders in m-UniVL in the finetuning stage and
use them to predict the matching score between
text and video. There are two baseline models for
the retrieval task: 1) m-UniVL(loose), the loosely
coupled model that only uses the single-modal en-
coders; 2) m-UniVL(tight), the loosely plus tightly
coupled model that includes both the single-modal
encoders and the cross-modal encoder. We adopt
the NCE loss (Gutmann and Hyvärinen, 2010) to
learn to discriminate the positive video-text pairs
against negative ones. The negative video-text sam-
ples are created by replacing the text or video in
a positive sample with randomly-selected text or

2https://huggingface.co/xlm-roberta-base
3https://github.com/microsoft/UniVL
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video from other samples. For video captioning
task, we employ all modules including all the en-
coders and decoder to learn the caption generation
task.

Side-Information In regard to the titles, we use
them as the side-information of the videos for an ef-
ficient text-video retrieval. In details, we first map
the embedding of the title to the same dimension
with the video embedding, and then concatenate
them together. Then we encode them using the
visual encoder to generate the enhanced video fea-
tures for further processing.

4 Related Work

4.1 Natural Language Benchmarks

GLUE (Wang et al., 2018) and SuperGLUE (Wang
et al., 2019) are two comprehensive datasets that
can be used to train and evaluate natural language
understanding systems. GLGE (Liu et al., 2020)
is another comprehensive dataset for natural lan-
guage generation evaluation. XGLUE (Liang et al.,
2020) and XTREME (Hu et al., 2020) are two re-
cent benchmark efforts that extend the evaluation
scenarios from monolingual to multilingual. Re-
cent pre-trained language models benefit a lot from
these datasets, by evaluating their effectiveness un-
der a relatively fair environment.

4.2 Vision-Language Benchmarks

A number of vision-language datasets have been
widely used in the multimodal research.

MSCOCO (Chen et al., 2015) and Flicker30K
(Vinyals et al., 2015) are two datasets for image-
text retrieval and image-captioning tasks. These
two benchmarks have been extended to multilin-
gual tasks (Elliott et al., 2016, 2017; Miyazaki and
Shimizu, 2016; Li et al., 2019) as well. VQA (An-
tol et al., 2015) and GQA (Hudson and Manning,
2019) are two datasets for visual question answer-
ing. VCR (Zellers et al., 2018) is another dataset
for visual commonsense reasoning. Comparing
with all these existing datasets, GEM-I has unique
characteristics. First, it is a large-scale multilingual
image-text dataset covering 20 different languages.
Second, the query-image pairs in GEM-I come
from a commercial search engine. Therefore, it has
big practical values. Third, for each query-image
pair, the title of the Web page that contains the im-
age is also included as the additional context, which
makes GEM-I different from all existing datasets.

HowTo100M (Miech et al., 2019b), YouCook2

(Zhou et al., 2018), and MSR-VTT (Xu et al.,
2016) are three typical benchmarks for video-text
retrieval and video captioning tasks. TVQA (Lei
et al., 2018) and ActivityNet-QA (Yu et al., 2019)
are two typical benchmarks for video question
answering. Comparing with all these existing
datasets, GEM-V is the first video-language bench-
mark supporting multilingual scenarios. Similar to
GEM-I, it also has big practical values, as all data
in GEM-V come from a real-world search engine
with massive users.

5 Experiments

In this section, we evaluate two baseline pre-trained
models (described in Section 3) on GEM. Specifi-
cally, M3P is evaluated on GEM-I for multilingual
image-language tasks and m-UniVL is evaluated
on GEM-V for multilingual video-language tasks.
For both baseline models, we fine-tune them on
downstream tasks directly.

5.1 Image-Language Evaluation on GEM-I
5.1.1 Experimental Settings
We select the open-source version4 of M3P (Ni
et al., 2021) for the image-language evaluation on
GEM-I. It uses 101G sentences (in 100 languages)
extracted from Wikipedia as the multilingual pre-
training corpus, and uses 3.3 million English image-
caption pairs in Conceptual Captions (Sharma et al.,
2018) as the multimodal pre-training corpus.

For text-to-image retrieval, the hyper-parameters
of the encoder are set as follows: 768 hidden
units, 12 heads, GELU activation, a dropout rate
of 0.1, 128 max input length, 12 layers in encoder.
For image captioning, the hyper-parameters of the
encoder-decoder are set as follows: 768 hidden
units, 8 heads, GELU activation, a dropout rate of
0.1, 128 max input length, 12 layers in both encoder
and decoder. The transformer parameters between
the encoder and decoder are shared, including em-
bedding modules and self-attention modules.

We fine-tune M3P on text-to-image retrieval and
image captioning tasks. For retrieval, we use Adam
optimizer with β1 = 0.9, β2 = 0.98, an initial
learning rate of 5e-5, a weight decay of 1e-4 and
a batch size of 64 to fine-tune M3P for 30 epochs.
For captioning, a learning rate of 1e-4 and a batch
size of 16 are used to fine-tune M3P for 20 epochs.
All above calculations are carried on 4 NVIDIA
Tesla P100 GPUs.

4https://github.com/microsoft/M3P
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Setting en es fr it pt de ko pl ca nl -

Zero-Shot
M3P (Q→I) 22.08 8.31 8.51 7.16 7.05 9.31 4.68 4.38 9.10 9.09 -
M3P (Q→I+T) 5.80 4.16 3.98 2.9 3.71 3.36 2.68 4.07 2.86 3.96 -

Fine-tune on ALL
M3P (Q→I) 43.85 26.15 24.83 22.72 27.05 27.18 15.80 32.80 12.83 20.78 -
M3P (Q→I+T) 93.75 93.16 95.15 93.26 93.73 89.37 67.46 82.67 90.78 90.37 -

ja id vi cs ro tr gl hr hu ms AVG

Zero-Shot
M3P (Q→I) 7.68 12.06 5.00 5.32 5.81 5.13 4.72 5.30 4.30 8.08 7.65
M3P (Q→I+T) 4.5 4.53 2.08 3.72 3.61 3.28 2.55 2.58 3.26 3.41 3.55

Fine-tune on ALL
M3P (Q→I) 18.88 22.13 10.10 13.33 16.10 13.23 10.38 13.51 11.11 14.33 19.85
M3P (Q→I+T) 71.90 81.98 54.83 76.23 64.35 71.97 75.00 71.28 63.43 74.18 79.74

Table 3: Evaluation results of M3P on GEM-I test set for text-to-image retrieval tasks where Mean-Recall is taken
as metric. Q→I denotes the setting where only image (I) is used to compute its similarity with query (Q), Q→I+T
denotes the setting where both image (I) and title (T) are used to compute the similarity with query (Q). The
average score is computed over all 20 languages.

Setting Metric en es fr it pt de ko pl ca nl -

M3P ROUGE-L 6.97 13.86 10.47 9.13 8.35 8.67 3.27 9.31 12.84 3.62 -
M3P METEOR 3.21 5.84 4.91 4.14 3.67 3.81 2.21 4.01 5.7 1.54 -
M3P CIDEr 17.89 8.68 14.92 11.98 7.93 20.18 7.33 8.44 7.59 6.79 -

ja id vi cs ro tr gl hr hu ms AVG

M3P ROUGE-L 4.10 0.96 0.66 4.58 3.98 0.32 9.84 0.25 0.57 0.39 5.61
M3P METEOR 1.26 0.47 0.22 1.97 1.78 0.15 4.43 0.11 0.26 0.18 2.49
M3P CIDEr 5.01 2.03 1.14 5.72 2.96 0.79 6.86 0.72 1.43 0.91 6.97

Table 4: Evaluation results of M3P on GEM-I test set for image captioning task where ROUGE-L, METEOR and
CIDEr are taken as metrics. Only images (without title) are used to test its multilingual multimodal captioning
ability. The average score is computed over all 20 languages.

5.1.2 Text-to-Image Retrieval Results
We follow the same evaluation metric, mean-Recall
(average score of R@1, R@5, R@10), in M3P to re-
port its the performance on text-to-image retrieval
task on GEM-I dataset.

From the results reported in Table 3, we have
several observations:

1) When applying M3P to GEM-I without fine-
tuning (i.e. the zero-shot setting), the general per-
formance is poor. The major reason is that M3P is
pre-trained on a monolingual multimodal corpus
and a multilingual monomodal corpus, and both
datasets have very different data distributions com-
paring with GEM-I.

2) By fine-tuning M3P using all labeled data in
different languages (i.e. the fine-tune on all setting),
better performance can be obtained. This shows
the strong transfer ability of M3P, when there is a
moderate amount of labeled data for fine-tuning.

3) By furthering considering the title signal in
this retrieval task, the general performance can be
improved significantly. This indicates the strong
correlation between the query and the title. Besides,
when taking the title signal into the zero-shot set-
ting, we can observe a performance drop. It is due

to that M3P is pretrained with input paradigm Q-I,
thus making it not suitable for evaluating Q-I-T
paradigm directly.

5.1.3 Image Captioning Results

As in Table 4, we report the performance of image
captioning tasks on GEM-I test set with M3P model
where ROUGE-L (Lin and Och, 2004), METEOR
(Banerjee and Lavie, 2005) and CIDEr (Vedantam
et al., 2015) are taken as the evaluation metrics.
To study the image captioning ability of M3P, we
only use images (without title) to generate queries
in GEM-I dataset. In general, the M3P model per-
forms relatively poor on this task, due to that most
search queries are short keywords instead of a com-
plete sentence, and they differ from our pre-training
data a lot.

From the above results from text-to-image re-
trieval task and the image captioning task, we can
conclude that our proposed GEM-I dataset can
demonstrate a model’s image understanding and
generation ability in 20 different languages.
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Setting en id pt vi ro ko ja fr ar de tl sv fa he it -

Fine-tune on ALL
m-UniVL(loose) (Q→V) 23.27 17.67 23.50 12.83 19.90 12.83 12.37 24.77 9.03 22.27 11.23 16.07 9.87 9.50 23.60 -
m-UniVL(loose) (Q→V+T) 71.83 57.03 62.90 38.97 53.57 42.09 38.87 62.83 36.50 56.67 43.37 40.20 39.67 35.20 56.80 -
m-UniVL(tight) (Q→V+T) 83.87 69.97 61.20 52.07 59.08 63.17 66.10 74.47 46.92 70.27 59.23 51.60 58.10 56.60 58.90 -

Fine-tune on EACH
m-UniVL(loose) (Q→V+T) 28.90 19.97 21.23 12.33 14.93 16.87 13.30 20.73 10.57 21.70 14.60 12.23 12.03 10.27 18.70 -

tr ru nl pl zh-t es ms no ca hr ka zh-s hu sq sr-l AVG

Fine-tune on ALL
m-UniVL(loose) (Q→V) 18.70 18.10 20.00 22.50 16.00 25.13 8.10 16.70 9.05 13.38 7.67 9.64 11.56 6.80 11.03 15.44
m-UniVL(loose) (Q→V+T) 51.43 57.73 49.73 49.80 45.70 66.03 43.97 40.60 41.40 38.37 28.00 38.38 40.69 33.00 35.70 46.57
m-UniVL(tight) (Q→V+T) 63.13 70.57 59.07 50.67 69.10 64.97 64.60 54.40 59.37 31.50 39.05 64.31 58.73 50.97 32.86 58.83

Fine-tune on EACH
m-UniVL(loose) (Q→V+T) 21.00 17.70 21.70 19.50 17.40 19.83 NA NA NA NA NA NA NA NA NA 17.40

Table 5: Evaluation results of m-UniVL on GEM-V for text-to-video retrieval, where Mean-Recall is used as the
metric. Q→V denotes the setting where only video (V) is used to compute its similarity with query (Q). Q→V+T
denotes the setting where both video (V) and title (T) are used to compute their similarity with query (Q). The
average score is computed over all 30 languages.

5.2 Video-Language Evaluation on GEM-V

5.2.1 Experimental Settings

We select the open-source version5 of UniVL (Luo
et al., 2020) and replace the original text encoder
with XLM-R (Conneau et al., 2020), to support the
multilingual video-language evaluation on GEM-
V. The original UniVL is pre-trained on 1.2 mil-
lion instructional videos with ASR transcripts in
HowTo100M (Miech et al., 2019b).

For text-to-video retrieval task, m-UniVL ex-
tracts video features using the off-the-shelf pre-
trained S3D (Miech et al., 2019a) model. The FPS
of the 3D feature extractor is 16 and the dimen-
sion is 1,024. The hyper-parameters of the video
encoder are set as follows: 768 hidden units, 12
heads, 6 layers of of Transformer blocks to capture
the sequential information on the 3D features. The
hyper-parameters of the text encoder are identical
to the ones in XLM-R: 768 hidden units, 12 heads,
12 layers of Transformer blocks. The cross encoder
on the top of the text and video encoders has 2
layers with 768 hidden units and 12 heads. For
video captioning, the decoder is with 3 layers, 768
hidden units and 12 heads.

We finetune m-UniVL on text-to-video retrieval
and video captioning tasks. For retrieval, a learning
rate of 1e-4 and a batch size of 128 are used to fine-
tune m-UniVL for 50 epochs. For captioning, a
learning rate of 3e-5 and a batch size of 16 are
used to fine-tune m-UniVL for 5 epochs. All above
calculations are carried on 4 NVIDIA Tesla V100
GPUs.

5https://github.com/microsoft/UniVL

5.2.2 Text-to-Video Retrieval Results

Following official UniVL on retrieval task, we eval-
uate the text-to-video retrieval task on our GEM-
V using two variants. One is m-UniVL (loose),
which encodes the input text query and candidate
video clips (and optional title) through the text en-
coder and video encoder respectively and finally
calculates the matching score through dot product.
The other is m-UniVL (tight), based on m-UniVL
(loose), m-UniVL (tight) further concatenates the
encoded features and feeds them to the cross en-
coder to get unified representation and predict the
matching score on the first token ‘〈s〉’. The eval-
uation metric is mean-Recall (arithmetic mean of
Recall@K for K ∈ {1, 5, 10}).

Tables 5 lists the retrieval results. The results
can be divided into two groups. One is from the
fine-tuning on all training set across linguistic type
(Fine-tune on ALL), and the other is from the fine-
tuning on individual training set of each language
(Fine-tune on Each). The target of such a divi-
sion is to explore whether one language can benefit
from other wide languages. Besides, there are 9
languages without training set. We keep such a
zero-shot evaluation to explore the transfer ability
of the proposed model.

We can get three conclusions from the results:
1) The m-UniVL (tight) outperforms m-UniVL

(loose) at the same retrieval settings. It proves
that the cross encoder of UniVL enables the multi-
modality features to fully interact with each other
to capture better alignment.

2) The title of the video introduces a large per-
formance gain and is a good semantic feature of
the video. This metadata is especially useful for
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Setting Metric en id pt vi ro ko ja fr ar de tl sv fa he it -

Fine-tune on ALL
m-UniVL (V→Q) ROUGE-L 9.43 10.95 14.63 6.64 9.96 3.41 3.10 16.87 3.80 8.18 9.72 8.55 8.25 2.28 10.65 -
m-UniVL (T→Q) ROUGE-L 46.06 35.89 36.68 27.36 35.08 21.01 17.14 41.64 22.40 30.30 43.36 26.10 30.58 33.07 34.43 -
m-UniVL (V+T→Q) ROUGE-L 46.01 36.73 37.59 26.75 36.41 20.71 17.12 41.90 23.45 30.24 44.40 26.38 30.21 32.82 34.98 -
m-UniVL (V→Q) METEOR 3.93 4.51 6.09 2.39 4.09 2.99 3.38 8.06 15.16 3.71 4.31 3.62 17.06 12.04 4.65 -
m-UniVL (T→Q) METEOR 23.99 17.01 17.40 13.13 17.10 20.77 18.33 21.25 26.47 14.40 22.67 12.23 26.25 29.33 16.60 -
m-UniVL (V+T→Q) METEOR 23.98 17.44 18.01 12.52 18.09 20.34 18.24 21.39 26.76 14.52 23.00 12.26 26.17 28.91 16.94 -
m-UniVL (V→Q) CIDEr 19.16 18.35 23.58 13.53 18.56 7.12 4.20 43.82 5.72 18.23 23.40 8.99 14.88 4.75 17.53 -
m-UniVL (T→Q) CIDEr 256.65 155.05 164.26 116.46 164.89 74.95 57.15 223.09 86.57 138.50 220.58 101.64 119.49 139.39 170.02 -
m-UniVL (V+T→Q) CIDEr 255.04 157.64 167.79 108.66 174.59 74.01 58.73 223.67 90.70 138.66 223.21 100.61 115.37 136.24 174.44 -

Fine-tune on EACH
m-UniVL (V+T→Q) ROUGE-L 21.30 12.25 18.36 6.45 9.09 7.59 3.77 15.20 4.92 8.94 14.92 8.11 7.31 1.76 10.05 -
m-UniVL (V+T→Q) METEOR 9.50 4.92 7.99 2.44 3.67 6.79 3.48 7.01 17.21 3.92 7.12 3.47 16.66 12.75 4.22 -
m-UniVL (V+T→Q) CIDEr 65.52 24.26 44.69 15.47 21.45 23.40 9.50 43.71 8.35 21.32 41.04 9.89 13.65 3.71 18.12 -

tr ru nl pl zh-t es ms no ca hr ka zh-s hu sq sr-l AVG

m-UniVL (V→Q) ROUGE-L 11.53 14.44 9.83 14.19 3.95 18.07 0.15 0.91 0.27 2.49 0.00 0.11 2.68 1.29 0.33 6.89
m-UniVL (T→Q) ROUGE-L 32.19 35.41 27.77 29.99 15.72 41.35 34.44 21.35 38.29 24.94 1.70 4.63 30.13 27.22 28.28 29.15
m-UniVL (V+T→Q) ROUGE-L 34.43 35.84 28.31 29.82 15.50 42.29 36.36 21.59 38.09 26.09 2.92 4.55 30.58 28.37 29.51 29.67
m-UniVL (V→Q) METEOR 5.41 6.11 4.47 6.06 2.65 8.21 0.07 0.39 0.13 1.05 0.00 0.61 1.18 0.67 0.13 4.44
m-UniVL (T→Q) METEOR 15.53 16.79 13.21 13.91 16.03 20.50 16.88 9.77 19.21 12.00 1.74 12.24 13.66 13.17 13.53 16.84
m-UniVL (V+T→Q) METEOR 16.54 17.12 13.62 13.86 15.48 20.83 17.92 9.83 18.95 12.47 2.76 11.59 13.78 13.72 13.81 17.03
m-UniVL (V→Q) CIDEr 28.84 24.05 17.35 17.37 8.00 32.89 0.15 1.65 0.45 2.20 0.00 0.29 2.71 1.70 0.73 12.67
m-UniVL (T→Q) CIDEr 149.09 161.47 123.79 117.37 47.94 203.88 156.38 84.81 192.65 102.38 3.95 13.58 129.47 109.78 119.64 130.16
m-UniVL (V+T→Q) CIDEr 156.35 166.33 124.20 116.29 47.13 204.85 166.13 82.70 189.35 106.02 8.01 12.85 128.94 114.98 118.01 131.38

Fine-tune on EACH
m-UniVL (V+T→Q) ROUGE-L 11.46 17.52 9.16 13.31 3.15 24.21 NA NA NA NA NA NA NA NA NA 10.90
m-UniVL (V+T→Q) METEOR 5.20 7.44 3.93 5.65 2.08 11.19 NA NA NA NA NA NA NA NA NA 6.98
m-UniVL (V+T→Q) CIDEr 29.62 36.11 16.48 21.15 6.56 62.26 NA NA NA NA NA NA NA NA NA 25.54

Table 6: Evaluation results of m-UniVL on GEM-V for video captioning, where ROUGE-L, METEOR and CIDEr
are taken as metrics. V→Q and T→Q denote the video caption is generated based on video (V) and title (T),
respectively. V+T→Q denotes the video caption is generated based on both video (V) and title (T). The average
score is computed over all 30 languages.

zero shot setting with a significant improvement.
They demonstrate that improving the retrieval per-
formance on pure videos without titles is still a
challenge. Our proposed GEM develops a chance
to push such a multimodal challenge.

3) Fine-tune on all can achieve better results
than fine-tune on each. The reason is the former
can effectively leverage the data from all languages
and benefit the task rather than the latter. Besides,
for zero shot languages, fine-tune on all is also very
effective. It demonstrates that our proposed GEM
can also be used on multilingual research besides
multimodal research.

5.2.3 Video Captioning Results
The captioning task aims to generate a caption
given a video clip (and optional title) in our set-
ting. Such a generation task is from our practical
application. We adopt whole m-UniVL including
encoders and decoder to finish the task. The eval-
uation metric are ROUGE-L (Lin and Och, 2004),
METEOR (Banerjee and Lavie, 2005) and CIDEr
(Vedantam et al., 2015), whose values are obtained
from an open-source tool6.

Table 6 lists the experimental results. Similar
conclusions can be drawn as the retrieval task, and
there are two more observations:

1) For captioning task, the performance of the

6https://github.com/Maluuba/nlg-eval

generation on pure videos is low. The reason is
that the search queries sometimes are the keywords
instead of a whole sentence, thus the task of V→Q
is relatively hard.

2) Title is especially important due to the char-
acteristic of this data collection process.

From the above results from the text-to-video
retrieval task and the video captioning task, we
can conclude that our proposed GEM-V can im-
prove video understanding and generation under
the multilingual and multimodal perspective.

6 Conclusion

This paper presents GEM as a benchmark for eval-
uating the generalization capabilities of vision-
language models on image-language and video-
language tasks. GEM is also the first large-scale
multilingual multimodal dataset, where the natural
language contexts are collected from a commercial
search engine in 20 and 30 languages for image-
related and video-related tasks, respectively. We
describe two vision-language pre-trained models
for GEM and hope these efforts can advance the
development of multilingual multimodal research.

7 Ethical Considerations

We have reviewed our data release process and
it has been approved by our institutional review
board. Specifically, (a) In GEM-I, all of the images
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are with proper Creative Commons Licenses, so
that they are safe to be distributed without violat-
ing any policies or intellectual rights. Also, we
discarded images with human faces to avoid re-
vealing privacy. (b) In GEM-V, all of the videos
were originated from Youtube, and we will only
provide Youtube URLs to the researchers. We have
confirmed with our institutional review board that
distributing URLs does not violate any policies or
intellectual rights. We didn’t do anything specific
for human faces in the videos, since we are only
distributing video URLs, and modifying the origi-
nal videos (such as blurring the faces) might violate
the copyright of the videos. When releasing GEM
to the public, we will indicate the data source, em-
phasize that the dataset is for research purposes
only, and provide an email address for people to
contact us to delete any data if any infringement.
During data collection, we didn’t collect, store, or
distribute any private information of the users.

To measure the quality of our dataset, we em-
ployed crowd-sourcing judges in the United States
and provided labeling guidelines for them. The
compensation given to the workers is 15 USD per
hour for GEM-I and 25 USD per hour for GEM-V.
The level of compensation is determined by: (a)
Market price according to similar labeling tasks in
the US. (b) The difficulty and labeling speed of this
task. This task involves labeling if a query is related
to an image or video, so it is considered as a rela-
tively easy task. The labeling speed is about 300
query-image pairs per hour and 180 query-video
pairs per hour.
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Abstract
Learning low-dimensional representations of
networked documents is a crucial task for doc-
uments linked in network structures. Rela-
tional Topic Models (RTMs) have shown their
strengths in modeling both document contents
and relations to discover the latent topic se-
mantic representations. However, higher-order
correlation structure information among doc-
uments is largely ignored in these methods.
Therefore, we propose a novel graph relational
topic model (GRTM) for document network,
to fully explore and mix neighborhood infor-
mation of documents on each order, based
on the Higher-order Graph Attention Network
(HGAT) with the log-normal prior in the
graph attention. The proposed method can ad-
dress the aforementioned issue via the informa-
tion propagation among document-document
based on the HGAT probabilistic encoder, to
learn efficient networked document representa-
tions in the latent topic space, which can fully
reflect document contents, along with docu-
ment connections. Experiments on several
real-world document network datasets show
that, through fully exploring information in
documents and document networks, our model
achieves better performance on unsupervised
representation learning and outperforms ex-
isting competitive methods in various down-
stream tasks.

1 Introduction

Document networks, such as hyperlink networks
of Web pages, citation networks of academic doc-
uments, and user profiles in social networks, have
long been an intensively studied research sub-
ject due to their wide applications. Finding low-
dimensional representations of networked docu-
ments to preserve document contents and connec-
tions among documents simultaneously is a cru-
cial research task. Inspired by the wide applica-
tion of topic models such as latent Dirichlet allo-

cation (LDA) (Blei et al., 2003) on discovering
the latent semantic structure of unconnected docu-
ments, a series of Relational Topic Models (RTMs)
are proposed to explore the latent topic seman-
tic structure of documents and links among them,
based on probabilistic graphical models (Nallapati
et al., 2008; Chang and Blei, 2009; Le and Lauw,
2014; Chen et al., 2014; Yang et al., 2016), deep
generative models (Acharya et al., 2015; Wang
et al., 2017; Bai et al., 2018), auto-encoders (AEs)
(Zhang and Lauw, 2020) and graph auto-encoders
(GAEs) (Wang et al., 2020a).

However, most RTMs consider only the pair-
wise correlation or the first-order neighbor corre-
lation (Zhang and Lauw, 2020) among documents.
Although the recently proposed deep relational
topic model, GPFA (Wang et al., 2020a) based
on graph neural networks (GNNs) can consider
low-order indirect neighborhood information via
stacked graph neural network (GNN) (Kipf and
Welling, 2016b) layers, it still suffers from exploit-
ing the deep interactions (higher-order) between
indirectly connected documents due to the over-
smoothing problem (Li et al., 2018). Such the
higher-order correlation structure has been proved
to be effective on various tasks (Abu-El-Haija et al.,
2019) such as link prediction and recommendation
(Zhang and McAuley, 2020).

To address the aforementioned issue, we pro-
pose the graph relational topic model (GRTM) for
modeling the latent topic structure of document
contents and links, based on the higher-order graph
attention auto-encoders (HGTAEs), aiming to fully
explore and fuse each order proximity (including
the low-order and higher-order) of document net-
work. Specifically, we propose to extract the higher-
order document proximity network (HDPN) from
the adjacent matrix of the document network via
the calculation of the shortest path. The higher-
order graph attention network (HGAT) is presented
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to efficiently model the neighborhood information
propagation on HDPN via introducing the log-
normal prior into the graph attention. We finally
propose our GRTM with the higher-order graph at-
tention auto-encoders (HGTAEs) based on HGAT
and HDPN. The main contributions of our paper
are as follows:

1. We propose a novel unsupervised deep rela-
tional topic model GRTM to fully explore mul-
tiple information: the higher-order document
relations and latent topic semantic among doc-
ument contents and networks.

2. We propose a novel graph attention network
HGAT to efficiently explore each order corre-
lations among networked documents.

3. Experimental results on document network
datasets show that our model outperforms ex-
isting competitive methods on unsupervised
representation learning, through fully explor-
ing multi-granularity information in document
networks.

2 Related Work

In this section, we briefly review existing Re-
lational Topic Models (RTMs), Graph Auto-
Encoders (GAEs), and Graph Topic Models.

RTMs generally extended LDA based topic mod-
els to further model the links between documents
in networks. Chang and Blei (2009) first pro-
posed to introduce additional binary conditional
variables in the generation to model the document
links. (Chen et al., 2014) (2014) proposed discrim-
inative relational topic models (DRTMs) to learn
discriminative latent representations of document
networks. Le and Lauw (2014) proposed PLANE
which can jointly extract topics and visualization
coordinates. To apply the neural network based
inference approach to RTMs, Bai et al. (2018) uti-
lized Stacked Variational Auto-Encoder(SVAE) to
derive more representative documents in topic dis-
tributions. However, these models only consider
pair-wise document correlations, fail to model the
full structural information (low-order and higher-
order) embedded in the document network.

To model the block correlation structure of the
document network, Yang et al. (2016) incorpo-
rated weighted stochastic block model into rela-
tional topic models. Most recently, Zhang and
Lauw (2020) proposed AdjEnc to reconstruct both

documents and their neighborhoods in the network.
However, it can only capture the first-order correla-
tion structure with the adjacent-encoder. Wang et al.
(2020a) proposed the deep relational topic model
GPFA based GNNs to explore hierarchical relation-
ships of interconnected documents. However, still,
it can only capture the low-order hierarchical rela-
tionships of interconnected documents due to the
well-known smoothing problem of GNNs, while
long-range relations among documents are also
critical for learning latent representations in doc-
ument networks. To address this issue, we calcu-
late the higher-order proximity network that allows
considering the long-range topological information
among documents, rather than merely pairwise or
few-order relations.

Recently, GAEs has attracted a lot of attention,
which incorporates GNNs into auto-encoder to un-
supervised graph embedding learning, motivated
by the successful applications of GNNs in mod-
eling graph topological structure. The earliest at-
tempt VGAE (Kipf and Welling, 2016a) extended
variational auto-encoder (VAE) onto graph struc-
ture data for learning network embedding. Inspired
by the advantage of GNNs, some works have ex-
plored VGAE for topic modeling, including the
deep relational topic model GPFA mentioned be-
fore, and GraphBTM (Zhu et al., 2018) which im-
proved the biterm topic model (Yan et al., 2013)
with word co-occurrence graph encoded by GCNs.
Except studies based on VGAE, there are also
works combining topic models with graph neu-
ral networks in a different manner, such as the
graph attention topic network (GATON) (Yang
et al., 2020) proposed for unconnected documents,
the dynamic hierarchical topic graph model DHTG
(Wang et al., 2020b) used for unconnected docu-
ment classification, the topic variational graph auto-
encoder (TVGAE) (Xie et al., 2021b) for document
classification and the graph topic neural network
(GTNN) (Xie et al., 2021a) proposed for represen-
tation learning of both connected and unconnected
documents. Different from them, we target con-
nected documents. Moreover, to fully explore the
deep topological structure of document networks,
we propose the novel higher-order graph attention
network, and then introduce it into the relational
topic modelling based on variational graph auto-
encoders.
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3 Method

In this section, we present our graph relational topic
model (GRTM) for the document network. We first
introduce the construction of the higher-order prox-
imity networks: HDPN from document adjacency
matrices, then we present the novel graph attention
network HGAT to fuse the information of HDPN.
We end this section by introducing the variational
graph auto-encoder structure for building GRTM.

3.1 Higher-order Proximity Network
Formally, we define a given document network as
G = (D, A, X). D = {d1, ..., dn} is the set of doc-
ument nodes with n documents and a vocabulary V
with m words. Relations between documents are
represented as a 0-1 adjacency matrix A 2 Rn⇥n,
and X 2 Rn⇥m is the documen-word index matrix,
in which Xij represents the weight (e.g. TF-IDF)
of word j in document i. For the given document
sets D, Based on the given adjacency matrices A
of document network, the key problem is to dis-
cover and preserve arbitrary-order neighborhood
relations beyond first-order or few-order (including
other higher-order). Intuitively, two nodes have
a proximity correlation if and only if we can find
at least one path between them (Liu et al., 2019).
Thus, we can calculate the order of proximity corre-
lation between two nodes according to the length of
the shortest path between them based on the adja-
cency matrix, and directly preserve arbitrary-order
information in the same matrix. Denoting the ad-
jacency matrices of HDPN as Â 2 Rn⇥n, the link
of proximity correlation between two documents
(di, dj) is defined as:

Âi,j =

(
k, existing a k-length shortest path
1, i = j

1, no path
(1)

According to the above definition, Â can be calcu-
lated during the data pre-processing step in advance.
The length of the shortest path of two nodes is cal-
culated using classical search algorithms such as
Dijkstra’s algorithm or Bellman-Ford algorithm on
the machine learning framework 1. Compared with
existing methods that calculate the higher-order
proximity with the power of adjacency matrix or
steps in a probabilistic transition process (Abu-El-
Haija et al., 2019; Liu et al., 2019), our calculation

1https://networkx.github.io/documentation/networkx-
1.10/overview.html

is more suitable for explicitly calculating the length
of the shortest path. Because the k-power of ad-
jacency matrix has proximity information overlap
on other power matrices before it, while the calcu-
lation of k-walk may lead to nodes return to their
neighbors less than k-order rather than reach to
their k order neighbor (Zhang and Xu, 2020).

3.2 Higher-order Graph Attention Network

In this section, we focus on how to better fuse in-
formation of neighbors at different orders on an
HDPN to efficiently learn node representations.
Intuitively, for a given node representation, the
contributions of its neighbors vary according to
their distances. However, directly utilizing GNNs
such as graph convolutional networks (GCNs) and
graph attention networks (GATs) on the HDPN will
treat neighbors of nodes at different orders equally.
Therefore, we present the higher-order graph at-
tention network (HGAT) to solve the problem via
introducing the log-normal prior into the graph at-
tention.

Instead of utilizing uniform prior in GATs, we
exploit the log-normal distribution to model the im-
portance decaying of neighbors of the current node
on different orders. For simplicity sake, we use
the log-normal distribution with zero-mean value,
and calculate the attention coefficient between two
nodes i, j:

h̃i
l
, h̃j

l
= W lhl

i + bl, W lhl
j + bl

eij = ⇢(��(pij)(h̃i
l · (h̃j

l
)T)

↵i,j = softmax(ei,j) =
exp(eij)P

o2N (i) exp(eio)

(2)

where �(p) = exp�(ln p)2/�2

p�
p

2⇡
is the probability den-

sity function of the log-normal distribution, � is the
variance of the log-normal prior, pij is the length
of the shortest path between nodes i, j in a HPN,
hl

i, h
l
j are representations of node i, j in the l-th

layer, ⇢ is the activation function, � is the parame-
ter to control the influence of the log-normal prior,
N (i) is neighbors of node i in a HPN, W l, bl are
the weight matrix and bias of the l-th layer. The
attention mechanism based on the log-normal prior
allow nodes to select their neighbors at arbitrary-
order with different importance. Calculated atten-
tion coefficients are further exploited to propagate
information of neighbors of each node at arbitrary-
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Figure 1: The example of the log-normal distribution
with µ = 0,� = 1.

order:
hl+1

i = ⇢(
X

j2N (i)

↵ijh
l
j) (3)

Although there are other distributions, such as
the normal distribution used in the Gaussian trans-
former (Guo et al., 2019), the log-normal is more
suitable for model the importance calculation in
our case. This is because the density function �(p)
of the log-normal prior with zero-mean value has
always a real value larger than 0 rather than that of
the normal distribution with the negative value or
Poisson distribution with an integer value. More-
over, �(d) always decreases monotonically after
exp��

2
< 1, while the path length in our HDPN

is always greater or equal to 1. Therefore, the
log-normal prior can naturally model the decay of
importance weight by increasing the path length
between two nodes, as shown in Figure 1. When
conducting the HGAT on the vanilla adjacency ma-
trix (only with first-order proximity), the HGAT
will be degenerated into the GAT method due to
there are only 1 or1-length of the shortest path in
the vanilla adjacency matrix.

3.3 Graph Relational Topic Modelling

To fully explore the long-range document relations
to model the latent topic semantic among docu-
ment contents and networks, we present the GRTM
model with the higher-order graph attention auto-
encoders (HGTAEs). Let’s assume K is the topic
number, ✓ is the document topic proportion, and �
is the topics, namely the topic word proportion.

Firstly, we present the generative process of
GRTM as in Algorithm 1. Similar to previous
RTMs, we assume the document topic proportion
is generated from the Dirichlet prior. However, the
Dirichlet prior makes it difficult to make the neural
variational inference for GRTM, due to the chal-
lenge of reparameterizing the Dirichlet prior. Thus,
to simplify the inference process, we approximate
the Dirichlet distribution with its Laplace approx-
imation: the logistic normal distribution follow-

Algorithm 1: Generative Process of
GRTM

for each document d 2 D do
Generate the mean vector:
µ0

d ⇠ HGATµ(Xd, Âd).
Generate the diagonal covariance:
�0

d ⇠ diag(HGAT�(Xd, Âd)).
Draw the noise variable ✏d ⇠ N (0, I).
Draw the document topic proportion: ✓d ⇠
LN(µ0

d,�0
d) = softmax(µd + (�0

d)
1
2 ✏d).

for each word wdv 2 V do
Draw the word wdv|✓d,� ⇠ Mult(✓d�).

for each pair of document d, d0 2 D do
Draw the observed link
Ad,d0 |✓d, ✓d0 ⇠ Bernoulli(fy(✓d, ✓d0))

ing many previous works (Srivastava and Sutton,
2017).

To incorporate the higher-order relations among
documents, we generate the document topic propor-
tion with logistic normal distribution parameterized
by HGAT probabilistic encoder. Specifically, for
each document d, we draw the mean and covari-
ance of a multinomial distribution variable and then
transform it with the softmax function:

µ0
d = HGATµ(Xd, Âd)

�0
d = diag(HGAT�(Xd, Âd))

✓d = softmax(µ0
d + (�0

d)
1
2 ✏d)

(4)

where HGAT is the message passing process as in
Equation 3, ✏d is the noise variable. For HGAT
encoders of mean and covariance, the input feature
h0

d is set to the normalized document-word index
feature Xd following previous methods (Kipf and
Welling, 2016a). The message passing based on
HGAT makes latent topic proportions of each docu-
ment influenced by its neighbors at different orders
with different importance.

In the decoding process, the word is generated
from the multinomial distribution based on the
topic proportion of the document it belongs to and
its topic proportion: p(wd|✓d,�) = Mult([✓d�]).
The links between two documents are modeled
as Bernoulli binary variables, which are condi-
tionally generated based on the latent topic pro-
portions of these documents: p(Ad,d0 |✓d, ✓d0) =
sigmoid(fy(✓d, ✓d0), where fy is the multi-layer
perception.

Following the auto-encoding variational Bayes
inference method (Kingma and Welling, 2014), we
can yield the evidence lower bound (ELBO) to
the marginal log-likelihood according to the above
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generative process:

L(⇥) =�DKL[q(✓|w, Â)||p(✓|↵)]

+ Eq(✓|w,Â)logp(w|✓,�)

+ Eq(✓|w,Â)logp(A|✓)
(5)

where ⇥ is the parameter set of the whole process,
q(✓|w, Â) is the approximate Dirichlet variational
posterior as parameterized in Equation 3, p(✓|↵) is
assumed the true Dirichlet posterior and ↵ is the
prior parameter. We still approximate it with its
Laplacian approximation: the softmax variable on
the multivariate normal with mean and covariance
matrix as follows:

µ1
d = log↵� 1

k

X

i

↵i

�1
d =

1

↵
(1� 2

K
) +

1

k2

X

i

(
1

↵i
) (6)

We seek to minimize the KL divergence between
the variational posterior and the true posterior in
the first term. The second and third terms aim to
reconstruct the document contents and links.

Based on the gradient variational Bayes (SGVB)
estimator (Kingma and Welling, 2014), we can
further yield the detailed formulation of each term:

DKL =
1

2
{tr(�0(�1)�1)

+ (µ1 � µ0)T (�1)�1(µ1 � µ0)

� k + log(
|�1|
|�0|)}

(7)

logp(w|✓,�) =

nX

d=1

�Xdlog(X̃d)

� (1�Xd)log(1� X̃d)

logp(A|✓) =

nX

d=1

�Adlog(Ãd)

� (1�Ad)log(1� Ãd)

(8)

where X̃ = (✓�) is the reconstructed document
contents, Ã = sigmoid(fy(✓)) is the recon-
structed document links. Based on these, we can
optimize the ELBO with stochastic gradient de-
scent to infer the whole model end to end.

Table 1: Statistics of the document network
datasets (Zhang and Lauw, 2020)

.
Datasets Classes Documents Edges Vocabulary

DS 9 570 1336 3,085
HA 6 223 515 2,073
ML 7 1,980 5,748 4,431
PL 9 1,553 4,851 4,105

4 Experiments

We conduct experiments in several real-world doc-
ument network datasets. The statistics are reported
in Table 1. Four datasets are subsets extracted from
Cora: Data Structure (DS), Hardware and Archi-
tecture (HA), Machine Learning (ML), and Pro-
gramming Language (PL) as in (Zhang and Lauw,
2020), in which Cora is the scientific article cita-
tion dataset collected from scholar websites. To
evaluate the unsupervised representation learning
capability of our method, we infer the latent topic
portions of documents ✓ with our model, and then
use it for three types of downstream tasks, namely
document classification, document clustering, link
prediction. We compare our method against base-
lines from the following three categories:

• Auto-Encoders: including variants of auto-
encoders such as AE, DAE (Vincent et al.,
2010), CAE (Rifai et al., 2011), VAE (Kingma
and Welling, 2014), KSAE (Makhzani and
Frey, 2014), KATE (Chen and Zaki, 2017)
use Auto-Encoder to encode texts;

• Relational Topic Models: including gen-
erative models based on relational topic
model such as RTM (Chang and Blei, 2009),
PLANE (Le and Lauw, 2014), NRTM (Bai
et al., 2018), ProdLDA (Srivastava and Sutton,
2017), and also a relational topic model based
on the auto-encoder method: ADE (Zhang
and Lauw, 2020);

• Graph Embedding: including graph embed-
ding method based on GCN - VGAE (Kipf
and Welling, 2016a).

We follow the settings for all baselines as in
(Zhang and Lauw, 2020) and also compare methods
in both transductive and inductive learning settings.
For inductive learning, we randomly select a subset
of 70% documents as the training set, a subset of
10% of documents as the validation set, and use the
remaining 20% documents as the testing set. For
transductive learning, all documents are involved
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in the training process. All experimental results
are averaged over the results of 10 independent
runs. Following (Zhang and Lauw, 2020), we set
the topic number K as 64, the layer number L of
message passing in HGAT as 1. The hidden size
of weight matrices in HGAT is equal to the topic
number of 64. For the log-normal prior in HGAT,
we set the the parameter � =

p
⇡, the variance � =

1p
2
. We use the tanh activation function in HGAT.

We use the Dirichlet distribution with parameter
↵ = 1

K for the logistic normal approximation. The
learning rate on all datasets is 0.065, the maximum
training epochs with Adam is 40000, the early stop
epoch is 500. The parameter setting in all baseline
models is the same as in (Zhang and Lauw, 2020).

We infer document topic representations with
trained GRTM model for both train and test doc-
uments, which are then used in three downstream
tasks to evaluate the effectiveness: 1) Document
classification: we adopt K-Nearest Neighbors
to predict each document’s label based on the
Euclidean distance of generated representations.
We use the classification accuracy as the metric.
2) Document clustering: We also compare our
method with baselines in clustering documents via
K-means, to investigate whether our method can
generate similar representations for documents in
the same category. In this case, the ground truth
labels are only utilized to calculate normalized mu-
tual information (NMI) in evaluation. 3) Link Pre-
diction: The generated representations are used to
predict the links between documents in this exper-
iment. We use Mean Average Precision (MAP)
as the evaluation metric following the previous
method (Zhang and Lauw, 2020). To better un-
derstand the semantic information our method cap-
tured in generated representations, we also con-
duct experiments to present a detailed analysis
of our generated topics in inductive learning: 1)
Topic Coherence: As in previous work (Zhang
and Lauw, 2020), we adopt PMI - PMI(wi, wj) =

log
p(wi,wj)

p(wi)p(wj)
to evaluate topic coherence. We cal-

culate the average pairwise PMI of the top 10 words
in each topic. Better topics should produce higher
PMI.

2) Visualization: We apply t-SNE to project text
representations generated by different models into
a 2-dimensional space.

4.1 Overall Results

As shown in Table 2 and 3, our method achieves the
best performance in all tasks on the four datasets on
both inductive and transductive settings. Compared
with auto-encoder based methods (AE, DAE, CAE,
VAE, KSAE, and KATE), which only consider doc-
ument contents without document networks. ADE,
relational topic model methods (ProdLDA, RTM,
PLANE, NRTM), and our method achieve better
performance due to considering the links among
documents, which benefits the downstream tasks of
document classification/clustering and link predic-
tion. Compared with relational topic model meth-
ods (ProdLDA, RTM, PLANE, NRTM), we found
that the graph embedding method VGAE and the
adjacent auto-encoder method ADE perform better
than other baselines, which demonstrates the ad-
vantage of using high-order proximity information.
But they are still inferior to our proposed GRTM,
which proves the benefits of fully exploring infor-
mation of various orders in document networks. A
similar performance among these methods can also
be observed in the results of topic coherence in
Table 4.

There is no mean standard deviation evaluation
by the previous methods (Zhang and Lauw, 2020;
Chen and Zaki, 2017), so we only report the results
of our method in Table 5 to illustrate the statistical
effectiveness of our model. These results are ob-
tained in both transductive and inductive settings
through repeating each 10 times.

4.2 Effect of Topic Number

To investigate the sensitivity of our method to topic
numbers, we present the classification accuracy of
our model on different topic numbers in the induc-
tive setting. As shown in Figure 2, the test accu-
racy on four datasets generally improves with the
increase of the number of topics and reaches the
peak when the topic number is around 64. From
these curves, we can find that the performance of
our model is not too sensitive to the topic number,
and also the topic number does not seem to be so
related to the ground truth number of classes of
datasets. In figure 3, we further show transductive
test classification accuracy of different models un-
der different topic numbers. We can see that our
model consistently outperforms all baselines under
different topic numbers on four datasets.
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Table 2: Transductive learning results on document classification, document clustering, and link prediction.

Model Document Classification Document Clustering Link Prediction
DS HA ML PL DS HA ML PL DS HA ML PL

AE 0.558 0.688 0.739 0.616 0.250 0.315 0.368 0.230 0.144 0.195 0.107 0.102
DAE 0.656 0.799 0.790 0.694 0.372 0.409 0.441 0.278 0.204 0.296 0.121 0.147
CAE 0.558 0.685 0.741 0.620 0.261 0.309 0.371 0.228 0.145 0.188 0.108 0.103
VAE 0.652 0.789 0.796 0.679 0.356 0.394 0.447 0.286 0.193 0.283 0.122 0.135

KSAE 0.537 0.672 0.710 0.581 0.245 0.295 0.345 0.222 0.136 0.182 0.092 0.088
KATE 0.628 0.808 0.762 0.651 0.325 0.378 0.342 0.267 0.174 0.267 0.095 0.114

ProdLDA 0.637 0.780 0.764 0.631 0.374 0.460 0.423 0.289 0.162 0.324 0.080 0.095
RTM 0.543 0.637 0.663 0.574 0.082 0.094 0.126 0.127 0.117 0.194 0.072 0.075

PLANE 0.690 0.799 0.750 0.648 0.417 0.406 0.439 0.288 0.284 0.226 0.107 0.160
NRTM 0.591 0.816 0.549 0.503 0.313 0.404 0.137 0.190 0.149 0.221 0.036 0.049
VGAE 0.671 0.827 0.807 0.718 0.335 0.362 0.495 0.308 0.285 0.265 0.132 0.171
ADE 0.744 0.846 0.857 0.780 0.445 0.548 0.571 0.392 0.374 0.326 0.251 0.271

DGTAE 0.753 0.860 0.869 0.792 0.501 0.562 0.592 0.416 0.402 0.340 0.270 0.294

Table 3: Inductive learning results on document classification, document clustering, and link prediction.

Model Document Classification Document Clustering Link Prediction
DS HA ML PL DS HA ML PL DS HA ML PL

AE 0.405 0.580 0.632 0.509 0.213 0.337 0.340 0.248 0.185 0.233 0.181 0.129
DAE 0.516 0.749 0.732 0.595 0.375 0.436 0.415 0.299 0.347 0.286 0.259 0.198
CAE 0.400 0.573 0.644 0.519 0.212 0.279 0.362 0.253 0.192 0.232 0.185 0.132
VAE 0.491 0.785 0.738 0.594 0.373 0.361 0.404 0.300 0.391 0.346 0.243 0.192

KSAE 0.390 0.569 0.614 0.491 0.269 0.319 0.334 0.232 0.188 0.238 0.148 0.111
KATE 0.484 0.800 0.712 0.573 0.321 0.440 0.354 0.290 0.277 0.336 0.205 0.178

ProdLDA 0.202 0.401 0.184 0.158 0.302 0.292 0.399 0.306 0.220 0.297 0.192 0.140
RTM 0.327 0.498 0.652 0.564 0.000 0.046 0.091 0.048 0.260 0.276 0.210 0.149

PLANE 0.282 0.544 0.275 0.218 0.162 0.192 0.000 0.000 0.306 0.345 0.176 0.134
NRTM 0.456 0.811 0.482 0.408 0.339 0.398 0.167 0.207 0.076 0.097 0.020 0.049
VGAE 0.509 0.748 0.736 0.607 0.280 0.185 0.442 0.291 0.315 0.309 0.237 0.274
ADE 0.640 0.845 0.836 0.724 0.416 0.489 0.522 0.363 0.400 0.427 0.363 0.322

GRTM 0.687 0.867 0.841 0.731 0.466 0.564 0.535 0.394 0.432 0.449 0.538 0.358

Table 4: Topic Coherence

Model PMI
DS HA ML PL

AE 0.294 0.446 0.665 0.969
DAE 1.170 1.125 1.203 1.553
CAE 0.348 0.558 0.526 0.684
VAE 0.685 0.793 1.831 1.132

KSAE 0.547 0.285 0.770 0.759
KATE 1.312 1.755 1.619 2.003

ProdLDA 1.638 1.315 1.837 2.088
RTM 1.279 1.678 1.199 1.615

PLANE 1.585 1.847 1.756 2.099
NRTM 1.533 2.041 1.328 1.632
ADE 1.872 1.887 2.337 2.321

GRTM 2.073 2.361 2.512 2.610
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Figure 2: The test classification accuracy of our model
vary different topic numbers

4.3 Effect of Log-normal Prior
We vary the variance � of the log-normal prior to
explore the impact of the log-normal prior in HGAT.
We present results of our model under the value of
� 2 {1

2 , 1p
2
, 1}, and the results are shown in Table

7. The larger value of � makes the slower decay of
the importance on higher-order proximity informa-
tion otherwise the faster decay. From the table, we
can see that our model generally achieves the best
performance at � = 1p

2
. We suspect that too much

noisy higher-order information is introduced when
� is set too large, while insufficient higher-order
information can be used when too small. Hence it
yields poor performance in both cases.

4.4 Different layer numbers
Although one layer message passing process of
HGAT is able to capture arbitrary-order proximity
information among document networks, we can
still report the results of our model under the dif-
ferent layers of HGAT in Table 6. We can see that
our model with one layer HGAT achieves the best
performance under both settings. When the layer
number of HGAT is set to 0, the HGAT encoder of
our model degenerates to the feed-forward neural
network. With two-layer HGAT, document repre-
sentations may be disturbed by the information of
their noisy neighbors.
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Table 5: Mean ± standard deviation results of our model on document classification, document clustering.

Model Document Classification Document Clustering
DS HA ML PL DS HA ML PL

Trans 0.753 ± 0.021 0.86 ± 0.032 0.869 ± 0.016 0.792 ± 0.030 0.501±0.009 0.562 ±0.011 0.592 ±0.0014 0.416 ±0.008
Induc 0.687 ± 0.018 0.867 ± 0.024 0.841 ± 0.020 0.731 ± 0.021 0.466 ± 0.011 0.564 ± 0.012 0.535 ± 0.015 0.394 ± 0.009

Table 6: Transductive results of our model on document classification, document clustering, and link prediction
under different layer numbers of HGAT.

Layer Number Document Classification Document Clustering Link Prediction
DS HA ML PL DS HA ML PL DS HA ML PL

0 0.731 0.852 0.850 0.784 0.486 0.553 0.572 0.401 0.382 0.324 0.247 0.269
1 0.753 0.860 0.869 0.792 0.501 0.562 0.592 0.416 0.402 0.340 0.270 0.294
2 0.742 0.849 0.855 0.780 0.488 0.546 0.568 0.406 0.390 0.327 0.255 0.271

4.5 Ablation Study

We also perform an ablation study on our method
to verify the effectiveness of each module in the
inductive setting. We compare our model with
its variants by removing one of the components
HDPN and HGAT respectively, as shown in Ta-
ble 8. From which we can see that each compo-
nent makes a certain contribution to the overall
performance. In the case of removing the HDPN
(W/HDPN) module, our model directly takes the
document adjacency matrix as input, in which it
degenerates into the relational topic model based
on graph attention auto encoder without consid-
ering the higher-order proximity. As in the case
of removing the HGAT (W/HGAT), although our
model takes the higher-order information into con-
sideration, it doesn’t make the important selection
for different order correlation information. We can
also see that missing the higher-order proximity
has a more significant negative influence than miss-
ing the HGAT based encoder module, illustrating
the relative effectiveness of the higher-order infor-
mation in improving the discrimination of latent
representations.

4.6 Visualization

Finally, to intuitively demonstrate the effectiveness
of our model, we visualize the learned represen-
tations of the test documents on the ML dataset
in Figure 4. It shows that documents are better
grouped by our model than ADE (with first-order
correlations) and VGAE (with few-order correla-
tions ), due to the incorporation of the in-direct
correlation information among documents.

5 Conclusion

In this paper, we propose a novel graph relational
topic model GTM for document networks to fully
explore each order of relations among document
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Figure 3: The test classification accuracy of different
models vary different topic numbers

Table 7: Results of our model based on vary values of
� on document classification, document clustering, and
link prediction.

� Document Classification Document Clustering Link Prediction
DS HA DS HA DS HA

1 0.739 0.861 0.52 0.556 0.389 0.332
1p
2

0.753 0.861 0.501 0.562 0.402 0.340
1
2 0.736 0.85 0.498 0.599 0.396 0.338

Table 8: Ablation Study

Module document classification document clustering
DS HA ML PL DS HA ML PL

All 0.687 0.867 0.841 0.731 0.466 0.564 0.535 0.394
W/HDPN 0.631 0.833 0.814 0.705 0.427 0.533 0.510 0.366
W/HGAT 0.651 0.852 0.827 0.710 0.450 0.557 0.524 0.390

networks, which is efficiently fused by a proposed
novel graph attention network HGAT equipped
with log-normal attention prior. Experimental re-
sults show that full consideration of each order
proximity information on the document-document
graph is beneficial for improving the learned doc-
ument representations. In future work, we would
like to explore the better-suited method and more
elegant prior distributions for discovering and fus-
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(a) DGTAE (b) ADE (c) VGAE

Figure 4: The t-SNE visualization of document repre-
sentation learned by different models in ML under the
inductive setting. (Each color denotes one categorical
label of documents)

ing higher-order proximity in document networks.
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Abstract

Syntactic and semantic structure directly re-
flect relations expressed by the text at hand
and are thus very useful for the relation extrac-
tion (RE) task. Their symbolic nature allows
increased interpretability for end-users and de-
velopers, which is particularly appealing in RE.
Although they have been somewhat overshad-
owed recently by the use of end-to-end neu-
ral network models and contextualized word
embeddings, we show that they may be lever-
aged as input for neural networks to positive
effect. We present two methods for integrat-
ing broad-coverage semantic structure (specif-
ically, UCCA) into supervised neural RE mod-
els, demonstrating benefits over the use of
exclusively syntactic integrations. The first
method involves reduction of UCCA into a
bilexical structure, while the second leverages
a novel technique for encoding semantic DAG
structures. Our approach is general and can
be used for integrating a wide range of graph-
based semantic structures.1

1 Introduction

Early work on RE focused on pattern-based rules
for capturing the structure of relation-evoking
words and phrases. These rules are applied over
text to identify entity relations in much the same
way a regular expression would be applied to dis-
cover matching text. The pattern machinery spans
from simple, regular-expression like, surface pat-
terns (Brin, 1999; Agichtein and Gravano, 2000),
through systems that integrate both lexical features
and syntactic dependencies into the pattern con-
struct (Mintz et al., 2009). The PredPatt and py-
BART frameworks (Zhang et al., 2017a; Tiktinsky
et al., 2020) are examples of syntactic dependency
based systems that leverage a set of rules defined

1Code can be found on GitHub at https:
//github.com/yyellin/gcn-over-semantic-
representations.

over Universal Dependencies (UD; Nivre et al.,
2016) to extract predicate-argument structures.

In supervised RE, a multi-class classifier is
trained to determine whether a relation between
entities is evoked by a text. With the increased pre-
dominance of end-to-end neural network architec-
tures in NLP practice, it is not surprising that recent
work on supervised relation extraction has focused
on adapting end-to-end neural systems for the task
(Peters et al., 2019; Yamada et al., 2020). However,
end-to-end neural models pose interpretability and
customization challenges (Conneau et al., 2018; Be-
linkov et al., 2020), motivating the study of hybrid
models, in which the neural architecture is fed ex-
plicit structure representations. The Contextualized
Graph Convolution Network (C-GCN; Zhang et al.,
2018) represents a method for exposing structure
representation to the machinery of a deep neural
network. C-GCN uses a sentence’s UD structure
as explicit input to the neural network, resulting
in a model whose results are both competitive and
interpretable.

In this paper we explore whether we can adopt
broad coverage semantic structure to the same ef-
fect, and whether we are able to observe improved
performance in comparison to the baseline model,
based on syntactic structure. We focus on the Uni-
versal Conceptual Cognitive Annotation (UCCA;
Abend and Rappoport, 2013) framework as a test
case, but note that our method can be easily ex-
tended to other semantic representations. Our re-
sults demonstrate that broad coverage semantic
structures, including those that, like UCCA, require
representation by directed acyclic graphs (DAGs),
can be integrated effectively in neural networks for
relation extraction.
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2 Background

We introduce the representation approaches and
datasets we employ in our study.

2.1 Universal Dependencies
Since the late 1990s, various NLP motivated de-
pendency grammar representations have been pro-
posed. Carroll et al. (1999); King et al. (2003);
De Marneffe and Manning (2008) are examples
of such systems, each one accompanied with cor-
pora of accordingly annotated sentences, used for
training supervised models for dependency pars-
ing. The UD (Nivre et al., 2016) project, based on
De Marneffe and Manning (2008), is a more recent
dependency grammar representation, that empha-
sizes cross-linguistic consistency and has over 300
contributors producing more than 150 treebanks
in 90 languages.2 UD dependency grammar repre-
sentations come in three forms: basic, enhanced
and enhanced++ (Schuster and Manning, 2016); in
basic the sentence is represented as a tree structure,
with every word in the sentence assigned a single
head word, while enhanced and enhanced++ are
DAG representations, in which a word may have
multiple heads, and where otherwise implicit rela-
tions between content words are captured explicitly.
In this paper, we use UD v1 to maintain consistency
with the setup used by Zhang et al. (2018).

2.2 UCCA
The Universal Conceptual Cognitive Annotation
framework (UCCA; Abend and Rappoport, 2013)
is a multi-layered system for semantic representa-
tion that seeks to capture the semantic, rather than
syntactic patterns, expressed through linguistic ut-
terances. The UCCA scheme maps sentences to
DAGs that embody these semantic structures. In
contrast to graphs formed by dependency gram-
mars, whose nodes all represent lexical entities,
a UCCA graph contains both nodes that repre-
sent word terminals, which are leaves in the DAG,
and non-leaf nodes that represent entities accord-
ing to some semantic consideration. The foun-
dational layer of UCCA covers the semantics of
predicate-argument structure evoked by predicates
of all grammatical categories (verbal, nominal, ad-
jectival and others). The layer’s primary construct
is a Scene, which captures a temporally persistent
state or an evolving event. A Scene contains one or
more Participants, and may also contain secondary

2https://universaldependencies.org

scenes, known as Adverbials. Scene, Participant
and Adverbial manifest as units in the DAG. In
appendix A we provide an example to highlight
UCCA’s semantic dexterity.

TUPA (Transition-based UCCA Parser) is a
transition-based parsing model that can be trained
to map sentences to their UCCA scene-based foun-
dational layer (Hershcovich et al., 2017). Pre-
trained TUPA models are available online;3 the
BERT based pre-trained model is used extensively
in this work.

2.3 TACRED

TACRED was designed by Zhang et al. (2017b) to
address the dearth of annotated data required for
supervised learning for RE. It is based on examples
from the corpus used in the yearly TAC Knowledge
Base Population (TAC KBP) challenges, conducted
from 2009 to 2015 (McNamee and Dang, 2009).
In each annual challenge, 100 entities, people, and
organizations, were provided to competing systems
for them to identify relations between those given
entities (referred to as subjects), and other objects
mentioned in the text. The TAC KBP relation ex-
traction task was formulated in terms of slot filling:
a person entity is assigned 26 attribute types while
an organization is assigned 16 — the challenge
posed to competing systems being the extraction
of the values of these attributes based on the given
corpus (or in other words, the object and relation
are given; the challenge is to find the subject). TA-
CRED leverages the results of these challenges to
form a set of 106,264 example sentences, each one
containing an object and a subject.

Annotation is implemented through crowdsourc-
ing, with each sentence annotation containing the
spans of both object and subject, one of the 42
entity relation attributes, or a no relation classi-
fication if no relation exists. In addition to the
human created annotations for subject and object
spans and relation type, the TACRED dataset con-
tains POS tags, named entities and UD parses by
the Standford CORENLP parser (Manning et al.,
2014). TACRED’s dependency representation an-
notation corresponds to basic UD v1.

3 Motivating Experiment:
A Rule-based Approach

Syntactic sentence representation is used in both
rule-based and supervised methods for relation ex-

3https://github.com/danielhers/tupa
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Figure 1: UD v1 (basic) and UCCA parse graphs for the sentence ’The Jerusalem Foundation, a charity founded
by Kollek 40 years ago, said he died of natural causes.’ The diagrams highlight paths from the subject ’Jerusalem
Foundation, through the trigger word ’founded’ to the object ’Kollek’ (sentence 61b3a5c8c9272ce895a6 in the
TACRED training dataset). For UD the resulting path pattern is <sub>↓appos↓acl<trigger>↓nmod<obj>,
and for UCCA it is<sub>↑C↓E↓P<trigger>↑P↓A↓C<obj>.

traction. Our hypothesis is that semantic sentence
representation can provide further benefit for this
task. We begin the examination of this conjecture
by comparing the relation extraction performance
of two simple rule-based methods, one using UD
and the other using UCCA, both applied to sen-
tences from the TACRED dataset.

Method. Asserting that a relation between two
entities is evoked by a text is often contingent on
the presence of a ”trigger word”, or phrase, with se-
mantic application to both entities. We use pattern-
based rules that denote a path from the relation
subject to the trigger word, and from the trigger
word to the relation object. Figure 1 illustrates this
by highlighting the path for both UD and UCCA
for the sentence ”The Jerusalem Foundation, a char-
ity founded by Kollek 40 years ago, said he died of
natural causes”.

Our procedure comprises three phases: UCCA
tagging, pattern extraction for both UD and UCCA,
and pattern evaluation.

UCCA Tagging. While the TACRED dataset
contains the UD representation for each sentence,
it does not contain the corresponding UCCA repre-
sentation. To begin our experiment, we use TUPA
with the BERT based pre-trained model, to create
UCCA annotations for all sentences in the training
set, producing TACRED sentences that have both
UD and UCCA representations. We do the same
for the sentences in the test set, which we use for
evaluation.

Pattern Extraction. Pattern extraction requires
a manual step in which trigger words for the rela-
tion in each sentence are identified. With the trig-
ger words identified, automatic pattern construction
follows for both UCCA and UD, per relation type.
The caption of Figure 1 presents an example. The
end result is a list of paths and trigger words for
each relation.

We declare a path match to occur when the target
sentence contains a subject and object entity pair,
any one of the trigger words in our list for the
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relation, and a path from the subject entity to the
trigger word and from it to the object entity, that
matches one of our extracted patterns.

Evaluation. We evaluate our system using the
org:founded by relation. For precision we count
the number of no relation sentences in the
test set incorrectly identified as containing an
org:founded by pair, as a fraction of the total num-
ber of no relation and org:founded by sentences,
to produce a precision value. We ignore sentences
containing other relations. For recall, we count
the number of correctly identified org:founded by
relations, from the total number in the test set.

Results. For org:founded by, recall is 0.38 for
the UD patterns and 0.2 for UCCA. Interestingly,
when applying either UD or UCCA patterns, recall
improves to 0.47. The precision result is 0.99 for
both UD and UCCA. We note that since the UCCA
representation system contains non-terminal nodes,
we can expect more variation in a UCCA path than
in the terminal-only UD representation-based path,
contributing to the inferior recall score of UCCA
versus UD.

While our experiment considers entity pairs with
an org:founded by relation or no relation at all,
and thus represents a binary classification problem,
rather than the multi label classification problem
posed by the 41 relations of the TACRED ontology,
it nonetheless highlights the potential for leverag-
ing trigger words and sentence graph representa-
tions (syntactic as in UD v1 basic and semantic
as in UCCA) for construction of relation match-
ing systems. Indeed, comprehensive trigger word
selection per relation is not scalable if done man-
ually, however we could utilize word embedding
techniques, so that trigger word matching could be
performed using a vector distance threshold, which
would capture similar trigger word terms (Batista
et al., 2015).

In the next sections, we describe more sophis-
ticated machinery, which realizes a softer notion
of matching between the paths of the training data,
and those of the test set.

4 C-GCN for Semantic Representation

We propose a supervised deep-neural-network
model that explicitly utilizes sentence graph rep-
resentations, so that we may compare the utility
of UCCA and UD paths (and their combination).
The model receives a sentence and two entity spans

(subject and object) as input and gives preference to
the word representations corresponding to the syn-
tactic or semantic path between subject and object,
for processing by the deep neural network. Con-
textualized Graph Convolution Networks (Zhang
et al., 2018) fulfil this requirement, and we select
them as the framework for our study.

4.1 The C-GCN Model

At the heart of the graph convolution network
method presented by Zhang et al. is the notion
that a sentence’s bi-lexical dependency structure
can be captured as an adjacency matrix and used
efficiently to fuse the representation of each token
on the path with the representations of its depen-
dency induced neighbors. Zhang et al. experi-
mented with various implementations and hyper-
parameters; we reference the C-GCN implementa-
tion for which their published results are achieved,
in which only words on the path or one dependency
edge away from the path are considered (”distance-
one-pruning”), and which uses two convolution
layers.4

In the case of UD, where all edges in the depen-
dency graph representation are between terminals,
this adjacency matrix stems from the graph repre-
sentation directly (this is not the case with UCCA
that contains non-terminal nodes; see 4.2). The ad-
jacency matrix captures the dependencies between
words that are either on the shortest path from sub-
ject to object, or are one dependency edge away
from a word on the shortest path (”near-path” to-
kens); all other dependencies are ignored.

C-GCN Architecture. Figure 2 presents the six
building blocks of the C-GCN implementation.
The nexus of the C-GCN model is in the graph
convolution layer (Block 3): it allows the deep neu-
ral network apparatus to focus on tokens that are
on-path or near-path. Best results are reached by
Zhang et al. with two instances of graph convolu-
tion, as depicted in the diagram. The first GCN
instance receives the [sentence-length× 400]
matrix input from the LSTM and outputs a
[sentence-length× 200] matrix. Subsequent
GCN instances all accept as input, and produce
as output, [sentence-length× 400] matrices.

To explain the core GCN mechanism we em-
ploy some notation. Let A represent our pruned

4This is also the model implemented by Zhang et al. and
available on GitHub at https://github.com/qipeng/
gcn-over-pruned-trees.
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Figure 2: High level overview of the six blocks comprising the contextualized graph neural network, with the
sentence from figure 1 as input.

adjacency matrix, where Ai,j = 1 if both i and j
are on the path between subject and object, or one
edge away from it, and there exists a dependency
between tokens i and j of any kind. The direc-
tion of the dependency is ignored by the model,
resulting in a symmetric matrix. Each GCN in-
stance is assigned its own weight matrix; the first,
of dimensions [400, 200], all others of dimensions
[200, 200]. Let W(l) represent the weight matrix
corresponding to instance l. Let di denote the de-
gree of token i, where a token’s degree corresponds
to the number of tokens it is connected to directly,
according to the dependency graph representation.
Finally, let h(l) and h(l+1) represent the input to
GCN instance l and its output respectively. Then
we have:

h
(l+1)
i =σ

(∑n
j=1(A+I)i,jW

(l+1)h
(l)
j

di
+b(l+1)

)

(1)

In other words, h(l+1) is computed by applying
a non-linearity function to the a linear combination
of both its immediate, unpruned, neighbors in the
graph, and itself, normalized by the degree of to-
ken i. Intuitively, all on, or near-path, tokens are
fused with their on or near-path neighbors in the
dependency graph, up to a dependency distance
that corresponds to the number of GCN instances.

We describe the other network blocks in ap-
pendix C.

GCN vs C-GCN In their paper, Zhang et al. ana-
lyze two variants of the graph convolution network:
C-GCN, and GCN. These models are identical ex-
cept with regard to an LSTM block, which is only
used in C-GCN. The ’C’ of C-GCN refers to the
contextualization achieved by the LSTM apparatus.

Modification of the C-GCN model to support
experimentation with other dependency represen-
tations involves multiple stages. In the following
sections we review these modifications and the re-
sulting models.

4.2 Converting UCCA Structures to
Bi-Lexical Graph

A goal of this study is to apply UCCA’s semantic
representations to the task of RE, by leveraging
UCCA’s parse graph in the graph convolutional
network machinery of the C-GCN model. As in
our motivating experiment (section 3), the prelimi-
nary step is to produce UCCA representations for
each of TACRED’s 106,264 sentences. We again
employ TUPA’s BERT-based pre-trained model to
this end, and generate parse-graph representations
for each sentence. We are confronted however
with a challenge: C-GCN expects a tree structure,
where all nodes correspond to tokens in the sen-
tence and have a single parent; UCCA produces
a graph structure with nodes that correspond to
non-terminal units and that have multiple parents.
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Figure 3: Representation of the first 4 bytes in the initial UCCA embedding (prior to tuning that occurs during
training), for the sentence ”The Jerusalem Foundation, a charity founded by Kollek 40 years ago, said he died
of natural causes”. The first 12 terminals in this sentence are contained within the DAG comprised of the lowest
common ancestor of both the subject (The Jerusalem Foundation) and object (Kollek), and the first 20 dimensions
of the UCCA embeddings for these are depicted in this illustration. The embedding for all other terminals will be
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0 vector.

The first step in bridging this gap involves con-
version of the UCCA graph into a bilexical struc-
ture, where all nodes correspond to a token in the
sentence. We employ the method described by Her-
shcovich et al. (2017), which heuristically selects
a head terminal for each non-terminal node and
attaches all terminal descendants to the head termi-
nal.5 Using this conversion procedure, we produce
a UCCA-based bi-lexical graph representation for
each sentence in the TACRED dataset. Appendix
B provides an example of a bi-lexical reduction.

In the bi-lexical representation result, a termi-
nal token may have multiple parents, deeming the
structure a non-tree DAG. Indeed, the notion of
multiple parents may be viewed as a core feature
of semantic representations, reflecting the fact that
a word in a sentence or text may have multiple
semantic roles (Oepen et al., 2020). We thus mod-
ify the C-GCN model implementation, so that it
can produce the adjacency matrix using a bi-lexical
DAG rather than tree.

4.3 Extending C-GCN for UCCA DAG
Representation

Conversion of a UCCA sentence representation
into a bi-lexical graph clearly loses extensive se-
mantic information captured in the original struc-

5Details of the algorithm in Hershcovich et al. supplemen-
tary material https://www.aclweb.org/anthology/
attachments/P17-1104.Notes.pdf.

ture. We pursue an embedding-based mechanism
that will allow us to exploit the full UCCA structure
representation in our model.

Our novel approach seeks to utilize a lossless
representation of the UCCA DAG structure as train-
ing input for an additional embedding vector. To
this end, we map each token in a sentence to its
path to the root of the sentence-representing UCCA
DAG. With a set of fourteen different edge labels
in UCCA’s foundational level, we can encode each
label with four 0/1 bits. Given a maximum distance
of 18 steps from terminal to root for all sentences in
the TACRED dataset, we can encode all paths with
up to 72 zero/one bits in total. In a new pre-training
step, we collect all distinct paths from terminal to
root as derived from TACRED training dataset (for
a total of 22,922 distinct paths), assigning each
one to an initial 80-dimensional vector, where the
value of dimension i corresponds to bit i in the
corresponding path (we assign 0 to all beyond-path
dimensions).6 We add a

#»
0 vector for representing

out-of-vocabulary paths (necessary for evaluation).
Finally, we extend the 360-dimensional represen-
tation of each token to 440 dimensions, by con-
catenating the 80-dimensional representation of the

6This preparatory procedure is somewhat similar to the
pre-training step required for word embeddings, in which
we collect the set of word embeddings that our training data
vocabulary corresponds with for training initialization of word
embeddings.
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token’s path to root. Like word embeddings, the
UCCA path-to-root representation embeddings are
tuned during training.

While we can assign a UCCA-embedding for
each token in the sentence, we would like to focus
our network’s attention on tokens that relate closely
to subject and object. We achieve this with the help
of a minimal sub-DAG, which we define as the
DAG comprised of the lowest common ancestor of
both subject and object, and all their descendants.
Where there is more than a single lowest common
ancestor, we choose the one that induces the small-
est number of terminals. All tokens that are outside
the minimal sub-DAG are assigned the

#»
0 embed-

ding. In figure 3 we provide an example of the
embedding vector values before they are fine-tuned
during training.

5 Experiments

We perform twenty independent cycles of training-
and-test for all our experiments, computing an av-
erage of the recall, precision and F1 results across
these runs. This technique differs from the com-
mon evaluation protocol of selecting the model
with the median dev F1 from five independent runs
and reporting its F1 result; we frame our approach
in terms of statistical significance in Appendix F.
We use TACRED’s standard train/dev/test splits.
Results are reported using the standard F1 score.
We use a fork of the source code made available
by Zhang et al.7 In general we maintain the default
parameters of Zhang et al., including the default
pruning factor of one, by which tokens that are up
to one edge away from the path are also considered
by the convolution and pruning mechanisms.

As noted, C-GCN is trained on the TACRED
dataset.8 For each of the 106,264 sentences, the
dataset contains attributes including the relation
type, subject and object span and UD dependency
information. The process of model extension be-
gins with the enrichment of the TACRED dataset
with representation for additional semantic struc-
tures. As additional representation needs to be ex-
pressed in terms of the attributes of tokens for the
enrichment to be valid, alignment on tokenization
must be reached. In appendix D we describe how
this alignment is achieved and reproduce Zhang
et al.’s results using our updated tokenization.

7https://github.com/yuhaozhang/tacred-
relation.

8Available for download from https://
catalog.ldc.upenn.edu/LDC2018T24

System Adjacency Combination F1

cons UD UCCA

C-GCNud 7 3 7 66.27
C-GCNucca 7 7 3 66.44
C-GCNud∪ ucca 7 3 3 66.67
C-GCNall 3 3 3 66.94

Table 1: Results for different adjacency matrix combi-
nations. C-GCNud is the baseline model described in
Zhang et al. (2018). C-GCNucca replaces the UD rep-
resentation with bi-lexical UCCA representation. Best
performance is achieved when supplementing the com-
bined UD and UCCA path representations with all to-
kens between subject and object (C-GCNall).

System F1

C-GCNud+emb 66.66
C-GCNucca+emb 66.60
C-GCNall+emb 67.32

C-GCNall+emb ensemble 68.41

Table 2: The models listed in table 1 are further en-
riched with UCCA DAG representation, and their re-
sulting scores are listed here. We demonstrate an in-
crease of one F1 point for C-GCNall+emb over baseline
model C-GCNud.

The graph-convolution network uses each sen-
tence’s UD dependency tree to determine the set of
tokens (and their intra-connections) that it should
focus on in the convolution and pooling phases of
the network operation. As we presented in section
4.1, this is achieved by representing the UD depen-
dency tree as adjacency matrix Aud. The bi-lexical
UCCA graph projection we described in section
4.2 is represented by Aucca.

In addition to UD and UCCA structures, we
employ a synthetic bi-lexical tree, where, for an n-
token sentence, the only dependencies are between
tokeni and tokeni+1 for all i < n. This artificial de-
pendency tree will cause the convolution network
to focus on all tokens that appear between subject
and object in the surface structure of the sentence
(including subject and object themselves), and, in
consideration of path pruning, two additional to-
kens adjacent to either ends of the span. We denote
the adjacency matrix for this artificial structure by
Acons (”cons” for consecutive).

We establish a performance baseline by testing
different combinations of these adjacency matrices:
Aud alone, Aucca alone, [Aud ∪Aucca], and finally
[Aud ∪Aucca ∪Acons]. Our results are presented
in table 1.
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The UCCA-based adjacency matrix slightly out-
performs the UD-based one, providing experiment-
based evidence that tokens on the path between
subject and object on the UCCA bi-lexical tree re-
duction, provide more linguistic cues for the RE
task than those on the equivalent UD path. The su-
periority of the UCCA model is despite some loss
of semantic content that occurs when transforming
a full UCCA DAG to a bi-lexical one. Interestingly,
the addition of Acons further improves the result.

Armed with baseline performance, we employ
our novel UCCA terminal-path-to-root embedding
method described in section 4.3. We first apply
UCCA embeddings to the C-GCNud model; we
observe an F1 score improvement of close to 0.4
points. We observe a similar improvement when
we apply UCCA embeddings to C-GCNall: the F1
score rises from 66.94 to 67.32.

Our headline result is an improvement of 1.05
F1 points between the C-GCNud system described
by Zhang et al. with a mean score of 66.27, and
our C-GCNall+emb system, with a mean score of
67.32. We confirm the statistical significance of
these results by conducting Welch’s t-tests and
Mann-Whitney U-tests. For further discussion, see
Appendix F.

We follow the practice of performing ensemble
testing (Zhang et al., 2017b; Zhou et al., 2020),
by applying a soft-max function on the sum of the
classifier’s logits from five different C-GCNall+emb
models. We repeat the ensemble experiment for
all combinations of five models, from the set of C-
GCNall+emb models we produced in separate runs
of the experiment. We average the F1 scores for
a final score of 68.41. Table 2 summarizes these
results.

Finally, we perform a relation-based comparison
of C-GCNucca and C-GCNud, to determine whether
the performance improvements are a product of
improved results in specific relation categories. Ta-
ble 3 lists the results for all the relations for which
a difference of over 5% was demonstrated. We
discuss these results in the next section.

6 Discussion

Our goal is to measure how UCCA performs in
comparison with UD based C-GCN model. The
results of our baseline experiment provide evidence
that the graph convolution network produces a
slightly stronger model when the UD sentence rep-
resentation is substituted for a UCCA bi-lexical

Relation Avg. Improvement

per:country of birth 71.7%
per:city of birth 29.4%
per:city of death 10.5%
per:date of death 9.4%
org:country of headquarters 8.3%
per:stateorprovinces of residence 7.2%
per:stateorprovince of death 6.4%
per:schools attended -6.2%
org:parents -8.3%
org:subsidiaries -8.9%
org:shareholders -9.4%
per:children -9.6%
org:political/religious affiliation -23.0%
per:other family -55.4%

Table 3: Relations with average improvement/decline
of above 5% for C-GCNucca in comparison to C-
GCNud.

representation, and a significantly stronger model
when UD and UCCA are used in tandem.

In our main line of experimentation, we at-
tempted to utilize the entire UCCA representation,
rather than its bi-lexical reduction. We tested a
system that uses embedding representation of the
path of each token, within the minimal sub-DAG
that contains both subject and object, to the root
of that sub-DAG. We found that integration of this
additional input produces superior results for all
the models we tested: C-GCNud, C-GCNucca and
C-GCNall; interestingly, the improvement is the
smallest for C-GCNucca itself. We postulate that
the results demonstrate the efficacy of this novel
approach for embedding semantic representation
and believe that further analysis of this method in
the context of other systems for semantic represen-
tation could be helpful to the NLP community.

As detailed by Zhang et al., the C-GCN pool-
ing mechanism allows for identification of which
tokens contribute significantly to the pooling re-
sults (block 4 of the network). Thus, it is possible
to directly analyze sentences classified correctly
by, for example, C-GCNall+emb, but incorrectly by
C-GCNud, to ascertain which tokens contribute sig-
nificantly to the pooling stage output in the former
but not the latter. We leave this analysis for future
work as well.

To complete our study, we compared UCCA and
UD performance, relation by relation. All the re-
lations in which UCCA exhibits improved results
are location-oriented. Contrarily, UD does con-
siderably better than UCCA for family relations.
Why should UCCA do better for location relations
at the expense of its performance for family rela-
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tions? We note that location relations associate a
subject, person, or organization, to the object, a
location, via an explicit event such as birth, death
or residence. This is different from a family rela-
tion, for which there is detachment between the
event that evoked the relation, and the reality of
the relation at the present time. Indeed, for family
relations the relation-evoking event may vary con-
siderably for the same relation (consider adoption
versus birth). We hypothesize that UCCA, with
its improved semantic awareness, is more adept at
sensing an event that binds object to subject, as
opposed to UD, which performs better for fam-
ily relations that may emerge more readily from
syntax. This finding could lead to improved classi-
fication performance by constructing an ensemble
of UCCA and UD models, and weighting the soft-
max function on the sum of the classifiers to favor
UCCA results for location relations and UD results
for family ones. This experimentation is also left
for future work.

7 Conclusion

Much recent work on RE focuses on improving
the contextualized representations of words and
entities, including by means of injecting knowl-
edge into large pretrained models such as BERT,
to be used for a final step of supervised training
using comparatively small training datasets like TA-
CRED. This approach is successful in overcoming
the dearth of annotated data required for supervised
learning for RE and is producing ever-improving
bottom-line results. However, it further intensi-
fies the interpretability challenges posed by end to
end models and deepens the chasm between the
linguistic domain and the practice of NLP.

Our approach also leverages pretrained models
that are dependent on extensive prior training data
(via the TUPA parser); however, the intention is
linguistically explicit: generation of UCCA repre-
sentations for the sentences in the TACRED dataset.
The C-GCN architecture then provides visibility
into which words actually contribute to a relation
classification, providing a level of transparency de-
void in end-to-end models.

Our results indicate that representation of ex-
plicit semantic structure is indeed beneficial for the
RE task, providing linguistically-explicit means
for leveraging prior training to the task of relation
extraction.

Because our approach to embedding semantic

structure is not specific to UCCA, future work
could analyze the effects of integrating other se-
mantic representations, as well as the possibility of
embedding semantic structure representation in the
latest cutting-edge RE models.
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A Example of UCCA Advantage

Figure 4 provides an example of UCCA’s advan-
tage over UD in capturing scenes and their partici-
pants by representing non-verbal predicates (”grad-
uation”) like verbal ones (”transition”).

researchfull-timetotransitionedJohnnygraduationAfter

RO
O

T

compound nsubj amod

casemark

nmod:to

(a) UD Parse Graph

After graduation Johnny transitioned to full - time research

P A

T T T T T T T T T

E U C

E CR

APA

L H H

P process
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H linked scene

C center

E elaborator

R relator

L scene linker

U punctuation

T terminal

(b) UCCA Parse Graph

Figure 4: UD v1 (enhanced++) and UCCA represen-
tation graphs for the sentence ’After graduation Johnny
transitioned to full-time research’. The UCCA parse di-
rectly captures Johnny’s participation in both the occur-
rences described in the sentence, graduation, and transi-
tion. This semantic connection does not arise from the
UD representation (not even the enhanced++ flavor).

B Example of Bi-Lexical Reduction for
UCCA

Figure 5 provides a graphic illustration for the re-
sults of bi-lexical reduction of UCCA representa-
tion, for the sentence depicted in figure 4. The
product of this bi-lexical reduction is a representa-
tion containing terminal nodes only.

-fulltotransitionedJohnnygraduationAfter
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AA
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Figure 5: Bilexical UCCA representation of the sen-
tence from 1.

As this example illustrates, the bi-lexical reduc-
tion constitutes a DAG; in this example ”Johnny”

is the child of both the ”graduation” and the ”tran-
sitioned” terminals.

C C-GCN Architecture

We describe the six blocks of the C-GCN model as
depicted in figure 2.

Block 1 – Word Embeddings: Zhang et al. use
300-dimensional GloVe vectors to initialize word
embeddings corresponding to each token. Each
token’s initial corresponding GloVe based vectors
is further extended with 30-dimensional embed-
ding for the token’s part-of-speech, and another 30-
dimensional embedding for its entity type. Part-of-
speech and entity-type are both provided as input
in the TACRED dataset (POS and NER attributes
respectively) and are initialized in training with
random values for each of the unique classes in the
part-of-speech of entity-type sets. All the embed-
dings undergo fine-tuning during training and are
therefore variables of the model.

Block 2 – LSTM: The input vector embeddings
do not contain information about word order or
contextual cues required for disambiguation. A
bi-directional long short-term memory network ad-
dresses this, by taking the list of 360-dimensional
vectors corresponding to the sentence’s tokens and
producing a corresponding list of 400-dimensional
vectors.

Block 3 – Graph Convolution: We cover the
third block in section 4.1

Block 4 – Pool: The fourth block is responsible
for converting the two-dimensional sentence rep-
resentation into a single-dimensional vector. We
resort to formalism to describe precisely how this
is achieved. LetHp=[hp1 ,...,hpn ] denote the out-
put representations of the final GCN layer for all
on-or-near-path tokens, and let Hs=[hs1 ,...,hsn ]
and Ho=[ho1 ,...,hon ] denote the vector lists cor-
responding to the subject and object spans re-
spectably. A simple max pooling function is ap-
plied to Hp, Hs and Ho, resulting in three single
vectors, hpmax , hsmax and homax , representing the
on-or-near-path tokens, the subject and the object
respectably. The output of block four is a simple
concatenation of these vectors resulting in a single
600-dimensional vector.

Block 5 – Feedforward Network Block five is
a simple stacked feed-forward network, with each
FF layer comprising a single linear transformation
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followed by a RELU non-linearity. Zhang et al.
use two layers as depicted in the diagram. The
first layer receives a 600-dimensional vector and
produces a 200-dimensional vector as output; all
other layers receive and produce 200-dimensional
vectors.

Block 6 – Classifier The sixth and final block
of the network is a simple feed-forward linearity,
which receives the 200-dimensional vector from
block five, and outputs a 42-dimensional vector,
one dimension per relation category. This final
vector is used in both training with a cross-entropy-
loss function, and in evaluation, where a soft-max
function is applied to produce a probability vector.
It is possible to control the recall/precision balance
by applying a thresholding mechanism such that
a positive classification (i.e. any label other than
no relation) must surpass a threshold greater than
0.5, however the model chooses to treat a negative
classification symmetrically.

D Token Alignment

TUPA, the UCCA parser we briefly mentioned
in the introduction, uses the the SpaCy NLP
pipeline for basic NLP tasks including tokenization.
SpaCy’s default tokenization results vary consider-
ably from TACRED’s given tokenization. Indeed,
in 30% of train sentences, 28% of dev sentences,
and 25% of test sentences tokenization is differ-
ent. For example, differences arise in the case of
intra-word-hyphens9. Additionally, the TACRED
dataset contains some obvious tokenization errors;
for example, there are over 130 entries in which
two sentences have been merged into one, by erro-
neously fusing the last token of the first sentence,
it’s period punctuation mark, and the first one of
the next sentence into a single token.

To address these tokenization concerns, we re-
parse the entire TACRED dataset with the Stand-
ford CORENLP parser, configuring it to adhere
to the given tokenization produced by the TUPA
parser10. This results in a tokenization-aligned
standford pos, stanford ner, stanford head and
stanford deprel attribute set (see table 4). For

9Discussion on this tokenization divergence on Stack Over-
flow: https://stackoverflow.com/questions/
52293874/why-does-spacy-not-preserve-
intra-word-hyphens-during-tokenization-
like-stanford

10We achieve this by reconstructing a sentence where all
TUPA generated tokens are separated by whitespace, and then
setting CORE NLP’s ’tokenize.whitespace’ flag to True

Attribute Description

id UUID for the sentence
relation The relation that exists between sub-

ject and object (or no relation) if no
relation exists

token Array of the sentence’s tokens, the to-
ken at each array position correspond-
ing to the token at the same

subj start start zero-based index of the subject
token span

subj end end zero-based index of the subject
token span

obj start start zero-based index of the object to-
ken span

obj end end zero-based index of the object to-
ken span

subj type Entity type of subject (either organiza-
tion or person)

obj type Entity type of object (not limited to
organization and person; 18 different
classes of object type, including, for
example, location, duration and ideol-
ogy)

stanford pos Array of the sentence tokens’ parts-
of-speech, the part-of-speech at each
array position corresponding to the to-
ken at the same

stanford ner Array of the sentence tokens’ entity
types, the entity-type at each array po-
sition corresponding to the token at
the same (with ’O’ used to indicate a
non-entity token)

stanford head Array of the sentence tokens’ head
word one-based indices, the index at
each array position corresponding to
the head of the token at the same

stanford deprel Array of the sentence tokens’ incom-
ing dependency type, the index at each
array position corresponding to the in-
coming dependency type of the token
at the same

Table 4: Main attributes associated with each sentence
in the TACRED dataset

subj start, subj end, obj start and obj end, which
are human annotated properties, we employ a
simple algorithm to reassign their index values
to correspond to TUPA’s tokenization. The end
result is a transformed TACRED input dataset
where all sentence attributes that require adherence
to the sentence’s token breakdown conform with
TUPA/SpaCy tokenization.

As a baseline, we reproduce the experimen-
tal setup of Zhang et al. (2018), using the given
sentence attributes as they appear in the TA-
CRED dataset. We compare these results with
results we attain when using TACRED sentences
re-annotated by the CORENLP engine, using
SpaCy/TUPA sentence tokenization, as described
above. Table 5 captures this comparison. We hy-

2625



System Note F1

GCN reported result 64.0
C-GCN reported result 66.4

C-GCN our result with given dataset 66.68
C-GCN our results with TACRED input re-

annotated with CORE NLP engine, us-
ing SpaCy tokenization

66.27

Table 5: Our results for the unmodified C-GCN model,
using given and re-annotated TACRED datasets.

pothesize that the decrease in score when using
re-annotated data may stem from errors introduced
by our procedure for reassignment of index val-
ues for the human annotated subj start, subj end,
obj start and obj end properties.

E Variations of DAG encoding

We test two variations of our UCCA terminal-path-
to-root embedding method: the first adds non-zero
embedding representations for the token-to-root
path of all tokens in the sentence; the second uses
non-zero embeddings for tokens in the minimal
sub-DAG only, using zero vector embedding for
all other tokens. We also perform an ablation test
by using random values for each unique path em-
bedding, rather than values that encode the actual
paths.

System Path En-
coding

Min
Sub-
DAG

F1

C-GCNucca
† - - 66.44

C-GCNucca+emb 7 3 65.63
C-GCNucca+emb 3 7 66.22
C-GCNucca+emb 3 3 66.60

Table 6: Measuring impact of UCCA embeddings un-
der different settings. † marks the baseline C-GCNucca

model score as reported in table 1. An 7 in the Path
Encoding column indicates the use of random values.

The results in table 6 indicate that using path
encodings for tokens in the minimal sub-DAG
produce improved results when compared to the
plain C-GCNucca model. While the improvement
is marginal – 0.2 F1 points – we do see a more
marked impact, to the negative, when we use ran-
dom initialization. When we consider all sentence
tokens and not just those in the minimal sub-DAG
evoked by subject and object we also see a negative
impact, albeit more mild.

F Statistical Significance

We call attention to Reimers and Gurevych (2018),
who critique the common evaluation practice of
selecting the model with the median dev F1 from
five independent runs and reporting its test F1 result.
As noted, the F1 scores reported in our experiments
are the mean scores on the test set for 20 multiple
models, trained according to the parameters of the
system at hand (e.g. GCNud, C-GCNucca), using
the full TACRED train and dev datasets, and tested
with the test dataset.

Our headline result is an improvement of 1.05
F1 points between the C-GCNud system described
by Zhang et al., with a mean score of 66.27, and
our C-GCNall+emb system, with a mean score of
67.32. We conduct two sets of significance tests to
validate this result:

Welch’s t-test: Welch’s t-test assumes that the
compared distributions are approximately normally
distributed. We apply Welch’s t-test to a pair of 20
sample pairs, each pair using the same random seed,
with the first set corresponding to C-GCNud, and
the second to C-GCNall+emb, with a null hypothesis
asserting that both systems produce models with
similar F1 scores on the test set. The resulting p-
value is 3.015e-09. We subtract 0.75 F1 from all
the samples corresponding to C-GCNall+emb and
reapply Welch’s t-test. The p-value for this new
null hypothesis is 0.019. In other words, we have
a statistically significant improvement of 0.75 F1
points with p < 0.02.

Mann-Whitney U-test: We abandon the as-
sumption that our systems produce models with
normally distributed F1 on the test set and apply
the Mann-Whitney U test after once again subtract-
ing 0.75 F1 from the C-GCNall+emb samples. The
p-value for this new null hypothesis is 0.027. Re-
stated, we have demonstrated a statistically signifi-
cant improvement of 0.75 F1 points with p < 0.03.
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Abstract

Since the late 1990s, automatic text simplifica-
tion (ATS) was promoted as a natural language
processing (NLP) task with great potential to
make texts more accessible to people with var-
ious reading or cognitive disabilities, and en-
able their better social inclusion. Large mul-
tidisciplinary projects showed promising steps
in that direction. Since 2010, the field started
attracting more attention but at the cost of ma-
jor shifts in system architecture, target audi-
ence, and evaluation strategies. Somewhere
along the way, the focus has shifted from ATS
for social good towards building complex end-
to-end neural architectures that are not aimed
at any particular target population. This study
presents the trajectory of ATS for social good,
the main issues in current ATS trends, and the
ways forward that could bring the field back to
its initial goals.

1 Rationale

The right to accessible information is a fundamen-
tal right that should be granted to all people (UN,
2020). It is the key factor for personal empower-
ment and social inclusion. Nevertheless, textual
information found on the web, in the news, health
leaflets, and other sources is often linguistically too
complex for many people and thus impedes their
active participation in the society.

1.1 Adult Literacy
In the OECD Adult Literacy Report (OECD, 2013),
“literacy is defined as the ability to understand, eval-
uate, use and engage with written texts to partici-
pate in society, to achieve one’s goals, and to de-
velop one’s knowledge and potential”. The literacy
scale comprises of six levels:1

1We shorten the description of the skills at each literacy
level and maintain only the information that is most relevant
for further discussions. The full description of the literacy
levels can be found on the page 64 in (OECD, 2013).

Below Level 1: Able to read brief texts on fa-
miliar topics and to locate a single piece of specific
information (the process requires only basic vocab-
ulary knowledge).

Level 1: Able to read very short texts (some-
times non-continuous or mixed) and locate a single
piece of information identical or synonymous to
the information given in the question/directive (re-
quires only basic vocabulary knowledge). Texts
may contain little, if any, competing information.

Level 2: Able to integrate two or more pieces
of information, use paraphrasing or low-level in-
ferences, compare and contrast or reason about the
information requested.

Level 3: Able to understand dense and lengthy
texts, various rhetorical structures, perform vari-
ous levels of inference, and disregard irrelevant or
inappropriate content.

Level 4: Able to integrate, interpret or synthe-
sise information from complex or lengthy texts,
perform complex inferences and apply background
knowledge, identify and understand one or more
non-central idea(s), evaluate subtle evidence-claim
or persuasive discourse relationships, discern be-
tween the correct and competing information which
sometimes appear in almost equal ratio.

Level 5: Able to search for and integrate in-
formation across multiple dense texts, synthesise
various ideas and points of view, evaluate evidence-
based arguments, apply and evaluate logical and
conceptual models of ideas, evaluate reliability of
the sources, selecting relevant information, notice
subtle, rhetorical cues and make high-level infer-
ences or use specialised background knowledge.

The percentage of adults (age 16–65) whose lit-
eracy is below Level 2 is 16.7%, on average, across
24 countries taken into account (OECD, 2013).2 In

2Participating countries: Australia, Austria, Belgium (Flan-
ders), Canada, the Czech Republic, Denmark, Estonia, Fin-
land, France, Germany, Ireland, Italy, Japan, Korea, the

2637



Literacy US Spain Italy
Average

Simplification need
(24 countries)

Below Level 2 21.7% 28.3% 28.3% 16.7% lexical simplification
Below Level 3 ≈50% 67.4% 70.3% 50.0% syntactic simplification
Below Level 4 ≈86% ≈95% ≈97% 89.4% conceptual simplification

Table 1: Percentage of population in need for text simplification (the numbers are inferred from (OECD, 2013)).

Italy, Spain, and United States, this percentage is
even higher (Table 1). On average, 0.7% of pop-
ulation has the literacy level 5. According to the
definitions of the literacy levels in the OECD re-
port, outlined above, one can conclude that: (1)
all people with literacy below Level 4 have diffi-
culties understanding conceptually complex texts;
(2) all people with literacy below Level 3 addition-
ally have difficulties understanding syntactically
complex texts; and (3) all people with literacy be-
low level 2 have difficulties understanding texts
which are linguistically difficult in any sense (lexi-
cally, syntactically, or conceptually). This means
that, according to the results of the OECD report,
approximately 16.7% of population needs lexical
simplification of everyday texts, 50% of population
needs syntactic simplification, and 89.4% of popu-
lation needs conceptual simplification (Table 1).

1.2 Manual Text Simplification

Text simplification aims to transform original texts
into their simpler variants, which are more under-
standable to the target reader(s), while preserving
the original meaning. Some nuances in meaning
would inevitably be lost during that process, but
the core information should stay the same.

The first guidelines for how to write more ac-
cessible texts for international communication, by
using reduced vocabulary and restricted number
of grammatical rules, were Basic English (Ogden,
1937) and Plain English initiative (Crystal, 1987).
Since the late 1990s, many more initiatives have
raised awareness about how to write more acces-
sible texts, e.g. how to write for people with intel-
lectual disabilities (Freyhoff et al., 1998; Mencap,
2002; Karreman et al., 2007), how to make pub-
lic information more accessible to wider audiences
(PlainLanguage, 2011), and how to make web con-
tent more accessible (W3C, 2008; Cooper et al.,

Netherlands, Norway, Poland, the Slovak Republic, Spain,
Sweden, the United Kingdom (England and Northern Ireland),
the United States, Cyprus, and the Russian Federation.

2010). Specialized websites that offer easy-to-read
news are now common in many countries, e.g. Noti-
cias fácil in Spain3, DR in Denmark4, News Web
Easy in Japan5.

2 Automatic Text Simplification (ATS)

Manual text simplification, apart from being slow
and expensive (requiring trained human editors),
cannot keep up-to-date with the new information
published online, offer variety of written content, or
adaptation at a personal level. That created the need
for automatic, or at least semi-automatic (involving
a manual post-editing step) TS systems.

The first automatic text simplification (ATS) sys-
tems were rule-based, with focus on syntactic sim-
plification in English, and were envisioned mainly
as a pre-processing step for various natural lan-
guage processing (NLP) applications, e.g. pars-
ing, machine translation, summarization, and in-
formation retrieval; the clarity of texts for human
readers was only one of the possible use cases
(Chandrasekar et al., 1996; Chandrasekar and Srini-
vas, 1997). Subsequent ATS systems were pro-
posed for various languages and were encompass-
ing any number of the following simplification op-
erations: lexical simplification, syntactic simplifi-
cation, or explanation generation (Shardlow, 2014;
Siddharthan, 2014).6

2.1 ATS Projects for Social Good

Automatic text simplification gained more interest
from research community through several national
and international projects that secured public found-
ing for building ATS systems for various vulnera-
ble populations and in various languages (Table 2).

3www.noticiasfacil.es
4https://www.dr.dk/ligetil/
5https://www3.nhk.or.jp/news/easy/
6For a comprehensive overview of ATS, please see the

book written by Saggion (2017), and the more recent surveys
on ATS, lexical simplification, and sentence simplification
(Paetzold and Specia, 2017b; Alva-Manchego et al., 2020b;
Al-Thanyyan and Azmi, 2021).
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Project Period Language Impairment Text types

PSET 1996–2000 EN Aphasia News
PorSimples 2007–2010 PT (BR) Low literacy News and educative articles
Simplext 2010–2013 ES Down syndrome News
FIRST 2012–2015 EN, ES, BG Autism News, literature, health leaflets
Able To Include 2014–2017 EN, ES, NL Intellectual E-mails, short messages

Table 2: Projects proposing automatic text simplification for social good.

All aimed to provide a better social inclusion, thus
promoting ATS as an NLP task for social good.

ATS for Readers with Aphasia. PSET (Practi-
cal Simplification of English Text) was an UK na-
tional project (1996–2000) that aimed to build an
ATS system that would make newspaper articles
more accessible to people who suffer from aphasia
(Carroll et al., 1998). This was the first project that
promoted the use of ATS for social good. The solu-
tion was envisioned as a modular system consisting
of two components: an analyser and a simplifier.
The analyser would use lexical tagger, morphologi-
cal analyser, and parser to recognize potentially dif-
ficult words and sentences for aphasic readers. The
simplifier would use rule-based syntactic simplifi-
cation systems to convert passive to active voice,
extract embedded clauses, and split conjoined sen-
tences, and a lexical simplification system which
would use WordNet (Vossen, 2004) for retrieving
substitution candidates and the Oxford Psycholin-
guistic Database (Quinlan, 1992) to choose the sim-
plest one of them. It was envisioned to evaluate
the final system with a group of aphasic readers
(Carroll et al., 1998). HAPPI (Helping Aphasic
People Process Information) was the continuation
of the PSET project, this time with the aim of devel-
oping web-based ATS system which would make
web content more accessible to aphasic readers by
simplifying text vocabulary and syntax (Devlin and
Unthank, 2006). To the best of our knowledge,
there are no publications about the evaluations of
the final systems with the end users.

ATS for Readers with Low Literacy. The Por-
Simples (Simplification of Portuguese Text for Dig-
ital Inclusion and Accessibility) project (Aluı́sio
and Gasperin, 2010) was a Brazilian national
project (2007–2010). Its aim was to produce tools
and resources for people with low literacy levels
(through the assistive technology systems called
FACILITA and Educational FACILITA) and au-

thors that want to produce texts for this audience
(through an authoring system called SIMPLIFICA).
The FACILITA system was envisioned with the
focus on summarization and syntactic simplifica-
tion, i.e. sentence splitting, change of discourse
markers, conversion from passive to active voice,
inversion of clause order, subject-verb-object or-
der, topicalization and de-topicalization (Watanabe
et al., 2009). Educational FACILITA was a web
application prototype which offered lexical elabora-
tions and named entity labelling. A pilot study with
low-literacy users reported improved text compre-
hension, though participants reported to be some-
times confused with the offered list of synonyms
that had multiple meanings (Watanabe et al., 2010).

ATS for People with Cognitive Disabilities.
Simplext (Saggion et al., 2011, 2015) was a Span-
ish national project (2010-2013) that proposed sev-
eral modules for automatic simplification of Span-
ish (news) texts for people with cognitive disabil-
ities (particularly people with Down’s syndrome).
The modules combined rule-based and corpus-
based techniques for reducing syntactic complex-
ity of sentences, deleting unnecessary information,
performing numerical simplification, normalizing
reporting verbs, and reducing lexical complexity
(Saggion et al., 2015). The final ATS system was
tested by 44 people with Down’s syndrome by mea-
suring reading time and text comprehension. More
correct answers were obtained for simplified texts,
on average, and participants positively rated the ex-
istence of such a tool that is available through dif-
ferent technological channels, e.g. computer, smart-
phone, tablet (Saggion et al., 2015).

The Able to Include project (2014–2017) was an
international project that aimed to improve the qual-
ity of life of people with intellectual or developmen-
tal disabilities, dementia, or any kind of cognitive
impairments.7 Three applications were built during

7http://able-to-include.com
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the project: ABLEsocial (media app), ABLEchat
(mobility app), and KOLUMBA (ABLEmail app)
by using Simplext (ATS technology), PictoText,
and Text2Speech web services.8 This project did
not offer significant advances in core ATS research.
Its focus was, instead, on bringing existing ATS so-
lutions to life through freely accessible prototypes.

ATS for Readers with Autism. The FIRST
project (2012–2015) was an EC-funded project un-
der the FP7 ICT call concerning smart and per-
sonalised inclusion (Orăsan et al., 2018). It pro-
vided OpenBook, a software that can automati-
cally identify a range of language phenomena (e.g.
complex syntactic structures, complex words and
phrases, ambiguous words, and metaphors) that
are problematic for people with high-functioning
(IQ>70) autism spectrum disorders (ASD), and
replace some of them. It also offered adding illus-
trative pictures and concise document summaries.
The tool supported three languages: English, Span-
ish, and Bulgarian. Acknowledging that ATS was
creating a large number of errors for some texts,
and that end users have low tolerance for ungram-
matical and erroneous text, OpenBook was also
offering powerful post-editing options so that car-
ers can post-edit the texts before showing them to
the end users (Orăsan et al., 2018). The architec-
ture was highly modular, with separate modules
for each transformation, to allow for highest level
of personalization possible. The final evaluation
with 243 participants with high-functioning autism
from UK, Spain, and Bulgaria was performed on
texts which were automatically simplified and post-
edited (by the clinical teams) using OpenBook.
The participants were more successful at answering
multiple-choice questions about the simplified than
the original texts, and human-aided text conversion
time significantly decreased by using OpenBook
(Orăsan et al., 2018).

2.2 ATS in Medical Domain

A special type of literacy is health literacy, defined
by the European Health Literacy Consortium:

“Health literacy is linked to literacy and
entails people’s knowledge, motivation
and competences to access, understand,
appraise and apply health information in

8Details about text to pictograph translation and the ac-
cessible e-mail client can be found in (Sevens et al., 2017;
Saggion et al., 2017).

order to make judgements and take deci-
sions in everyday life concerning health
care, disease prevention and health pro-
motion to maintain or improve quality of
life during the life course.”

According to the European Health Literacy Sur-
vey, nearly half of all adults in the eight European
countries covered by the survey were found to
have low health literacy skills, which may result
in less healthy choices, riskier behaviour, poorer
health, less self-management and more hospitaliza-
tion (WHO, 2013). Due to their potential to im-
prove the health of people with low health literacy
skills, attempts at building ATS systems focused on
simplifying medical content have recently attracted
noticeable attention.

In contrast to the ATS systems mentioned so far,
the ATS systems in medical domain are particularly
focused on translating highly specialized medical
expressions into their layman variants, and thus
require domain-specific resources and customized
algorithms. Kloehn et al. (2018) proposed an algo-
rithm for automatically generating explanations for
difficult (medical) terms in English and Spanish.
van den Bercken et al. (2019) explored the possibil-
ity of training the earlier proposed general purpose
neural text simplification model (Nisioi et al., 2017)
on medical parallel corpus. Shardlow and Nawaz
(2019) used the general purpose neural text simpli-
fication model (Nisioi et al., 2017) augmented with
the phrase table of complex-simple medical termi-
nology to automatically simplify clinical letters in
English. Cardon and Grabar (2020) used similar
approach for biomedical texts in French. Empha-
sizing the need for high-quality simplification in
medical domain, Van et al. (2020) explored the
possibility of applying pretrained neural language
models to the autocomplete process for sentence-
level medical text simplification.

2.3 ATS Research Trends
Research on ATS in English9 could roughly be
divided in three phases: rule-based systems that
focus on specific, well-defined transformations (un-
til 2010); data-driven supervised machine learn-
ing systems trained on parallel TS data (2010-
2014/2016); and neural text simplification sys-
tems (from 2015/2017 onward). The neural trends

9The vast majority of ATS research was published for
English and thus the discussion here is focused on those. Most
of the ATS research for other languages uses similar ideas and
adapts them to the particular language.
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started earlier for purely lexical simplification sys-
tems by leveraging word embeddings (Glavaš and
Štajner, 2015; Paetzold and Specia, 2016). Sen-
tence simplification systems embraced neural ar-
chitectures in 2017 by using neural machine trans-
lation (Nisioi et al., 2017) and reinforcement learn-
ing (Zhang and Lapata, 2017). Those three years
(2010, 2015, and 2017) can clearly be observed in
Figures 1 and 2, which show the number of schol-
arly articles that mention the specific TS terms
anywhere in the text, and the number of scholarly
articles with those TS terms in their title.10

Figure 1: The number of articles in Google Scholar that
mention specific text simplification terms.

Figure 2: The number of articles in Google Scholar
with specific text simplification terms in their title.

Interestingly, the number of articles mentioning
syntactic simplification was steadily increasing un-
til 2015, and then again in the period 2017–2019
(Figure 1), while the number of articles with syn-
tactic simplification in their title was increasing
until 2014, then noticeably decreased by 2016, to
never increase much again (Figure 2). The num-
ber of lexical simplification (LS) papers, in turn,
has been increasing since 2010, with two peaks, in
2012 and 2016. The peak in 2012 was due to the
papers describing systems which participated in the
SemEval-2012 English Lexical Simplification task

10We excluded the patents and citations from this search,
and looked for the exact matches of the TS terms. All returned
titles were additionally manually checked.

(Specia et al., 2012), and lexical simplification en-
deavours in the scope of the Simplext project (Bott
et al., 2012; Drndarević and Saggion, 2012a,b). Al-
most all lexical simplification research published in
2016 was focused on LS for non-native speakers.

So far, conceptual simplification has been tack-
led only through coreference resolution (Orăsan
et al., 2018). Although most works mention “text
simplification”, they actually refer to sentence sim-
plification. The state-of-the-art ATS systems pub-
lished in top tier NLP/CL/AI conferences, e.g. (Ni-
sioi et al., 2017; Zhang and Lapata, 2017; Surya
et al., 2019; Kumar et al., 2020; Mallinson et al.,
2020), all describe end-to-end systems for sentence
simplification, and are not directed towards any
particular simplification transformation or target
population.

Very few papers proposed ATS methods that op-
erate beyond sentence level (Glavaš and Štajner,
2013; Narayan and Gardent, 2014; Štajner and
Glavaš, 2017). The research interests thus do
not seem to follow the reported text simplification
needs (see Table 1 in Section 1.1).

3 Challenges in ATS for Social Good

In spite of the evident increased interest for ATS in
the last few years, and the obvious benefits it could
bring to the society, no commercial systems have
been offered so far, proving thus that automatic text
simplification is a very challenging task.

The main reason might lie in the multidisci-
plinary nature of the task, i.e. the need for com-
bining linguistics, psycholinguistics, computer sci-
ence, and, to be used in real-world applications,
advanced software engineering. Only large mul-
tidisciplinary teams can ensure solutions that are
technically-advanced and, at the same time, truly
help the end users. The absence of such multidis-
ciplinary research leads to usage of non-optimal
resources and evaluation procedures which do not
involve end users, thus steering the field away from
any real-world applications.

3.1 Resources

The number of manually simplified texts increases
daily due the number of websites that provide
easy-to-read materials (Section 1.2). Unfortunately,
those materials and their original (non-simplified)
versions, are usually not made available for nei-
ther research nor commercial purposes. The excep-
tions are the English and Spanish Newsela corpora,
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Dataset Language Quality Target Domain Articles×levels

Britanica (Barzilay and Elhadad, 2003) EN • Children Encyclopedia 114×2
LiteracyNet (Feng et al., 2009) EN • Low literacy News 115×2
Zero Hora (Caseli et al., 2009) PT(BR) ◦ Children & Low literacy News 104×3
Dsim (Klerke and Søgaard, 2012) DA • Reading impaired & L2 News telegrams 3701×2
Wikipedia (Kauchak, 2013) EN ◦ Children & L2 Encyclopedia ≈60,000×2
Newsela (Xu et al., 2015) EN • Children & L2 News 1,130×5
Newsela (Štajner et al., 2015) ES • Children & L2 News ≈250*5
Simplext (Saggion et al., 2015) ES • Intellectual disability News 200×2
Terence (Brunato et al., 2015) IT • Poor comprehenders Children stories 32×2
Teacher (Brunato et al., 2015) IT ◦ L2 Literature & Handbooks 24×2
NewsWebEasy (Goto et al., 2015) JP ◦ L2 News 490×2
OneStopEng. (Vajjala and Lučić, 2018) EN • L2 News 189×3
Alector (Gala et al., 2020) FR • Children & L2 Literature & Science 79×2

Table 3: Parallel (comparable in the case of Wikipedia) document-level text simplification datasets (• signifies
professional simplification, and ◦ non-professional simplification following provided guidelines).

Dataset Language Quality Alignment Type Domain Sentence pairs

Enc. Brit. (Barzilay and Elhadad, 2003) EN • Automatic all Encyclopedia 601
PorSimples (Specia, 2010) PT(BR) ◦ Controlled all News & Science 4,483
PWKP (Zhu et al., 2010) EN ◦ Automatic all Wikipedia ≈108,000
EW-SEW v1.0 (Coster and Kauchak, 2011b) EN ◦ Automatic all Wikipedia ≈137,000
EW-SEW v2.0 (Kauchak, 2013) EN ◦ Automatic all Wikipedia ≈167,000
EW-SEW (Hwang et al., 2015) EN ◦ Automatic all Wikipedia ≈280,000
Newsela (Štajner et al., 2015) EN • Automatic all News ≈480,000
NewsWebEasy (Goto et al., 2015) JP • Manual+Auto all News 13,386
Simplext (Saggion et al., 2015) ES • Manual all News 925
PaCCSS-IT (Brunato et al., 2016) IT ◦ Automatic structural Web texts ≈63,000
Newsela (Štajner et al., 2018) ES • Automatic all News Not specified
PorSimplesSent (Leal et al., 2018) PT(BR) ◦ Controlled all News & Science 4,888

Table 4: Comparable sentence-level text simplification datasets (‘controlled’ signifies that the alignment was auto-
matic but using the original editing tool, thus corresponding close to a manual alignment).

which are available upon request for research pur-
poses (the portion until 2016).11

The largest freely available TS corpora up-to-
date are those based on matching the original En-
glish Wikipedia articles with the articles of the
same title in Simple English Wikipedia, the EW-
SEW corpora. They are available in several ver-
sions, as document-aligned (Kauchak, 2013)12 and
sentence-aligned (Zhu et al., 2010; Coster and
Kauchak, 2011b; Kauchak, 2013; Hwang et al.,
2015). Apart from not representing a truly parallel
corpus but rather just comparable, as the articles in
Simple English Wikipedia might have been written
completely independently from the articles with the
same title in the original English Wikipedia, many
objections have been raised regarding the quality of
simplifications (Amancio and Specia, 2014; Štajner
et al., 2015; Xu et al., 2015; Štajner et al., 2020).

11https://newsela.com/data/
12https://cs.pomona.edu/˜dkauchak/

simplification/

The English and Spanish Newsela corpora (Xu
et al., 2015; Štajner et al., 2018), in contrast, pro-
vide parallel texts on several complexity levels,
manually simplified under strict quality control (Xu
et al., 2015).

The other available parallel (document-aligned)
TS corpora are significantly smaller and do not
provide enough material for training ATS models
(Table 3). As their texts were simplified for differ-
ent target populations, they cannot be combined
to make larger training datasets for any specific
target population, as it is known that there are no
universal native simplified–language speaker (Sid-
dharthan, 2014). Nevertheless, those smaller TS
corpora could be used for evaluation of ATS sys-
tems aimed at particular target populations.

The sentence-aligned TS corpora, apart from
those obtained from Newsela and EW-SEW, are
still very scarce and limited in their size (Table 4).

The main problem with most sentence-aligned
TS corpora is that they were automatically aligned
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using various sentence similarity measures with
high similarity thresholds. This resulted in high
number of pairs of identical, or nearly identical,
sentences which, if used for training ATS systems,
lead to conservative systems that rarely suggest
any changes to the original sentence (Štajner and
Saggion, 2015). The newer alignment methods
(Hwang et al., 2015; Štajner et al., 2017; Paetzold
et al., 2017), offer two types of sentence pairs: full
matches and partial matches. In NMT-based TS
(Štajner and Nisioi, 2018), the EW-SEW dataset
(Hwang et al., 2015) resulted in a model with simi-
larly high percentage of changed sentences as the
model trained on Newsela sentence-aligned corpus
(Štajner et al., 2017). Those results indicate that
the EW-SEW dataset has a potential to be used
for training state-of-the-art ATS models, if the sen-
tences are carefully matched and filtered.

For building training datasets for ATS in medical
domain, van den Bercken et al. (2019) and Van et al.
(2020) used the EW-SEW dataset by retaining only
those sentence pairs in which the original sentences
contain certain number of medical terms.

One of the biggest challenges in ATS is how to
collect a parallel dataset of truly strong paraphrases
which are necessary for training ATS systems for
people that require higher levels of simplification
(e.g. people with cognitive or reading disabilities,
and people with low literacy levels).13 Such sen-
tence pairs are still rarely correctly extracted with
automatic alignment methods (Štajner et al., 2018).

The sentence-aligned TS corpora in Brazilian
Portuguese, the PorSimples (Specia, 2010) and
PorSimplesSent14 (Leal et al., 2018), compiled
under the PorSimples project, are the only ones
that did not lose the strong paraphrase pairs due
to automatic sentence-alignment, as manual sim-
plifications were performed using a special editing
tool which recorded the exact sentence alignments
(Caseli et al., 2009). Both datasets are still very
small to allow for automatically learning strong
paraphrases solely from them. Nevertheless, they
demonstrate that by providing editing tools for man-
ual simplification, it is possible to automatically
extract strong paraphrases from manually simpli-

13Strong paraphrases are those paraphrases where vocab-
ulary and sentence structure were changed beyond isolated
lexical simplifications, straightforward sentence splitting and
passive to active voice conversion. For examples, see Tables
1, 2, and 5 in (Štajner et al., 2018).

14https://github.com/sidleal/
porsimplessent

fied corpora. This approach could thus be used in
collaboration with various associations and content
editors that perform professional manual simplifi-
cations for various target populations, to compile
large, high-quality training datasets for building
ATS systems aimed for those particular end users.

3.2 Evaluation

Ideally, ATS systems should be evaluated for the
output quality, as well as for its usability, i.e.
whether or not they make texts easier to read and
understand for the particular reader.

3.2.1 Quality
The quality of ATS output should be evaluated
for its grammaticality (and naturalness), mean-
ing preservation (ensuring that, albeit some nec-
essary loss of nuances, the core meaning remains
unchanged), and preservation of text coherence
and cohesion. The last is particularly important
for systems that perform syntactic simplifications
and sentence splitting which often break the co-
hesion links and make texts more complex at a
discourse level (Siddharthan, 2003, 2006). Mean-
ing preservation is also often compromised, both by
syntactic simplification and by lexical simplifica-
tion. Some unsupervised LS systems (Glavaš and
Štajner, 2015; Paetzold and Specia, 2016) particu-
larly suffer from this issue due to the use of word
embeddings for synonyms retrieval, which often
returns antonyms that appear in similar contexts
(Glavaš and Štajner, 2015). Grammatical errors are
less common, and can be easily corrected manu-
ally in a post-editing step. Manual correction of
change in meaning, in turn, can sometimes require
more time than simplifying from scratch. Coher-
ence problems in automatically simplified texts are
the most expensive, as they might require heavy
restructuring of the whole text.

To measure the quality of the automatically sim-
plified texts, Štajner and Glavaš (2017) proposed
to measure the post-editing time needed to restore
the text’s grammaticality, original meaning and co-
herence. The output quality of the sentence sim-
plification systems is, in contrast, evaluated only
for grammaticality and meaning preservation, usu-
ally using a five-point Likert scale by native or
non-native speakers with high literacy levels.

3.2.2 Usability
Usability of ATS systems should ideally be eval-
uated by measuring reading time and text com-

2643



prehension by end users, usually via eye-tracking
methods and comprehension tests. This type of
evaluation requires significant time and special
training for preparing, collecting and interpreting
the data. Preparation of comprehension tests re-
quires experts, and eye-tracking methods require
special equipment and trained humans to analyse
and interpret the results. The access to vulnerable
populations (e.g. people with autism or cognitive
disabilities) usually requires special permissions
and training. Another obstacle with vulnerable
populations is that laboratory conditions and use of
comprehension questionnaires provide unnatural
reading scenario that sometimes leads to unreliable
results (Yaneva et al., 2015, 2016a).

For all those reasons, ATS systems are rarely
evaluated for their usability in this way. Notable
exceptions are: the eye-tracking analyses of simpli-
fication strategies for dyslexic readers (Rello et al.,
2013b,c,a), and readers with autism spectrum dis-
orders (Yaneva et al., 2016b), the comprehension-
based evaluations of the Simplext system by people
with Down’s syndrome (Saggion et al., 2015), the
OpenBook software by people with ASD (Orăsan
et al., 2018), and several ATS systems by non-
native low-pay workers (Angrosh et al., 2014).

3.2.3 Simplicity
The usability evaluation with end users requires
long time and special expertise. To obtain the re-
sults faster, in ATS research papers, it became a
common strategy to, instead, evaluate a small por-
tion of automatically simplified sentences for their
simplicity using a Likert scale by evaluators who
are not the intended end users.

In some studies the evaluators are native
speakers, e.g. (Yatskar et al., 2010; Baeza-Yates
et al., 2015; Saggion et al., 2015), in some non-
native speakers, e.g. (Coster and Kauchak, 2011a;
Wubben et al., 2012; Glavaš and Štajner, 2013,
2015; Paetzold and Specia, 2016), in some a mix-
ture of the two (Angrosh et al., 2014; Kumar et al.,
2020), and in some not specified, e.g. (Specia,
2010; Xu et al., 2016; Mallinson et al., 2020; Alva-
Manchego et al., 2020a). In some of those studies,
the evaluators are students, i.e. readers with high
literacy levels, and in others, Amazon Mechanical
Turk workers whose literacy level is usually un-
known. Štajner and Nisioi (2018) found that eval-
uators with high literacy levels rarely notice any
difference in complexity of the original and auto-
matically simplified sentences. Other studies have

shown that native and non-native speakers differ-
ently perceive sentence complexity (Štajner, 2018)
and have different lexical simplification needs (Yi-
mam et al., 2017a,b, 2018). Therefore, a direct
comparison of the ATS systems proposed in stud-
ies where simplicity was evaluated by different type
of evaluators is not possible.

Apart from the type of evaluators, the evaluation
procedures used across the ATS community differ
also by evaluation type (absolute or relative) and
scale (e.g. 0/1, 1–3, 1–5), thus hindering the pos-
sibility to directly compare the results reported in
different studies (Štajner, 2018). In the absolute
evaluation, evaluators are presented with one sen-
tence at the time and asked to rate its simplicity on
a certain scale. If provided with different variants
of the same sentence one after another, depending
on the guidelines, evaluators may sometimes em-
phasize even the small differences between them by
giving them different scores. Similar may happen
in relative evaluation of simplicity gain, if evalua-
tors are explicitly asked to count the number of suc-
cessful lexical and syntactic paraphrases between
the two sentences (original and simplified), as in
the work of Xu et al. (2016). These approaches are
thus helpful if the goal is to spot even the slightest
differences between several models. If the goal
is, in contrast, to estimate the usability and help-
fulness of the systems in a real-world scenario, in
a text comprehension task, then the approach in
which evaluators are presented with pairs of sen-
tences (original and simplified, without specifying
which one is which) and asked whether or not they
find one of them easier to understand, proposed by
Nisioi et al. (2017), might be better suited.

To enable a direct comparison of results reported
in different ATS studies, a standardized evaluation
procedure across the field is needed. To establish
the right evaluation procedure, it would be neces-
sary to first investigate if some particular group of
evaluators can be a good proxy for assessing the
complexity of texts/sentences for intended target
population. In the case that none of those groups
satisfies the condition, the evaluators would have
to be provided with detailed evaluation guidelines
and trained for spotting potential obstacles for the
intended end users. Furthermore, it would be neces-
sary to systematically investigate which evaluation
type and scale give the most reliable assessment
of potential usability of the ATS systems in a real-
world scenario.
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3.2.4 Automatic Evaluation

With the goal of offering a more standardized way
of measuring ATS systems’ performances, several
test sets have been compiled for lexical simplifi-
cation in English (De Belder and Moens, 2012;
Specia et al., 2012; Horn et al., 2014; Paetzold
and Specia, 2015). De Belder and Moens (2012)
propose a test set of 430 sentences, each with one
marked word and the list of words that can replace
it, ordered by their difficulty. Similarly, Specia
et al. (2012) compiled a test set of 1710 sentences,
each with one marked word and four substitution
candidates ordered by their difficulty. Horn et al.
(2014) compiled a set of 500 sentences from En-
glish Wikipedia, each with one marked word and 50
substitution candidates collected via crowdsourc-
ing using Amazon Mechanical Turk.

All these datasets rely on suggestions and rank-
ings of either non-native speakers (usually with
high education levels), or neurotypical native speak-
ers. Therefore, without systematic investigation of
how well they reflect simplification needs of other
target populations, it is not clear to which extent,
if at all, they could be used to evaluate the perfor-
mances of ATS systems aimed at them.

For automatic evaluation of sentence splitting
modules for English, two datasets are currently
available: WebSplit (Narayan et al., 2017) and Wik-
iSplit (Botha et al., 2018). Both datasets were auto-
matically extracted and aligned; the WebSplit from
the WebNLG corpus (Gardent et al., 2017), and
WikiSplit from Wikipedia edit histories. Recently,
a crowdsourced dataset with multiple human sim-
plification suggestions (both syntactic and lexical)
for 2,359 original English Wikipedia sentences has
been released (Alva-Manchego et al., 2020a). So
far, none of them has been tested for how well
it could evaluate the usability of real-world ATS
systems for any particular target population.

Many ATS systems have been automatically
evaluated using the Flesch-Kincaid Grade Level
(FKGL) (Kincaid et al., 1975), MT-inspired evalua-
tion metrics, e.g. BLEU (Papineni et al., 2002),
METEOR (Denkowski and Lavie, 2011), TER
(Snover et al., 2009), or more recently proposed
TS-specific metrics: SARI (Xu et al., 2016) and
SAMSA (Sulem et al., 2018b). None of these met-
rics, however, can replace the necessary manual
evaluation of grammaticality and meaning preser-
vation (at a sentence level), or cohesion and co-
herence (at a discourse level). Traditional read-

ability metrics such as FKGL were proposed for
human-generated texts and are completely oblivi-
ous of meaning, i.e. short, meaningless sentences
would score very well on those. The use of BLEU
for TS evaluation has been reported to have many
drawbacks if used for ATS (Štajner et al., 2015;
Xu et al., 2016; Sulem et al., 2018a). Some other
MT-based evaluation metrics have shown good cor-
relations with human judgements of grammatical-
ity and meaning preservation (Štajner et al., 2014;
Popović and Štajner, 2016), but they all favor sim-
plifications that are close to the original sentence
(i.e. offer very few changes). SARI, in turn, favors
simplifications that are as different from original
as possible, thus often rewarding simple sentences
which might have significantly altered the meaning.

4 Conclusion and Outlook

In this study, the potential for using ATS for social
good and main challenges in the field to achieve
that goal were emphasized: the lack of large high-
quality TS datasets for training ATS systems for
particular target populations, and the lack of stan-
dardized evaluation procedures for estimating the
usability potential of the proposed ATS systems
in real-world scenarios. Due to those, it is not
clear if the recently proposed neural ATS systems,
published in top tier NLP/CL/AI conferences, e.g.
(Nisioi et al., 2017; Zhang and Lapata, 2017; Surya
et al., 2019; Kumar et al., 2020; Mallinson et al.,
2020), represent a real step forward toward using
ATS for social good.

To address the above-mentioned challenges, it
seems necessary to: (1) establish multidisciplinary
collaborations with associations and content ed-
itors which have experience in simplifying texts
for specific groups of end users; and (2) prioritize
work on highly modular ATS systems, which allow
for easy customization of components according
to the simplification needs of particular groups of
users. Multidisciplinary collaborations would en-
able compiling of larger high-quality datasets for
various target populations, better understanding of
which ATS modules require higher prioritization,
and the possibility for testing the ATS systems with
the real end users.
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Ethics/Impact Statement

As this is a special theme paper and it does not
propose any novel systems, the main focus of this
section is the discussion about the general ethical
considerations for automatic text simplification and
its impact on the society.

Intended Use

Automatic text simplification (ATS) has strong po-
tential to improve social inclusion for many people
who are otherwise marginalized in one way or an-
other. While many large-scale projects proved this,
the last several years have been dominated by ATS
research which does not seem to lead towards prac-
tical applications of ATS in the society. The goal
of this paper is to raise the awareness among re-
searchers about the original motivations for ATS
and its potential for being used for social good, as
well as to point out the main challenges in the field,
and suggest ways forward.

Failure Modes

As mentioned in Section 3.2, ATS systems often
produce ungrammatical sentences, changes to the
original meaning, and break the text coherence. For
this reason, to avoid potential unintended harm, it
is advisable to add post-editing capabilities in ATS
systems, as it was done in the OpenBook software
(Orăsan et al., 2018). The unintended changes in
meaning produced by ATS systems would be espe-
cially dangerous in legal and medical domains.

Biases

As all machine learning (ML) systems, ML-based
ATS systems can suffer from algorithmic biases. If
trained on data that represents manual simplifica-
tions performed by trained human editors, the sys-
tem might inherit the biases and preferences of the
editor. If trained on automatically sentence-aligned
data, the system might learn transformations which
might rather reflect the alignment methods than
the actual simplification methods used in the pre-
aligned corpora.

Misuse Potential

As any technological advancement, ATS could also
be misused, e.g. by learning to make text more com-
plex with the intention of providing linguistically
complex texts to hide non-desirable facts, as it is
known that high percentage of people have prob-
lems to understand complex texts (Section 1.1), or

by unintentionally altering the original meaning
thus offering incorrect information.

Potential Harm to Vulnerable Populations
People with low literacy levels, or any kind of read-
ing or cognitive impairments, which cannot un-
derstand original texts and thus fully rely on the
simplified versions, can potentially be harmed by
being provided with incorrect information due to
the use of premature ATS systems where the output
is not manually checked for meaning preservation.
Therefore, it is important that any ATS system in-
tended for those populations offers post-editing
capabilities and that its output passes a rigorous
manual check for meaning preservation.

Furthermore, if provided by automatically sim-
plified learning material, which was not carefully
manually checked for its grammaticality and natu-
ral soundness of sentences, children and language
learners might learn incorrect word forms or sen-
tences structures.

Computing Time
The latest trends in ATS research steered the sys-
tems towards very computationally expensive (and
environmentally unfriendly) neural architectures.
As the current neural state-of-the-art ATS systems
are still far behind the traditional modular rule-
based ATS systems (especially for syntactic simpli-
fication), many research groups and organizations
need numerous attempts with neural architectures
even just to be able to publish a paper in a top-tier
conference. The current best performing neural
lexical simplification systems (Glavaš and Štajner,
2015; Paetzold and Specia, 2016, 2017a; Qiang
et al., 2020a,b) perform better than the state-of-
the-art non-neural lexical simplification systems
(Glavaš and Štajner, 2015; Paetzold and Specia,
2017b; Qiang et al., 2020b). Nevertheless, due to
using heavy resources, such as BERT (Devlin et al.,
2018) and PPDB (Ganitkevitch et al., 2013), or
their multiple operations with word embeddings,
they require significant computational power and
are too slow to be used in real-world applications.
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8–16, Montréal, Canada. Association for Computa-
tional Linguistics.

Lijun Feng, Noémie Elhadad, and Matt Huenerfauth.
2009. Cognitively Motivated Features for Readabil-
ity Assessment. In Proceedings of the 12th Confer-
ence of the European Chapter of the Association for
Computational Linguistics, EACL, pages 229–237,
Stroudsburg, PA, USA. Association for Computa-
tional Linguistics.

Geert Freyhoff, Gerhard Hess, Linda Kerr, Bror Tron-
backe, and Kathy Van Der Veken. 1998. Make it
Simple, European Guidelines for the Production of
Easy-toRead Information for People with Learning
Disability. ILSMH European Association, Brussels.
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Sanja Štajner, Marc Franco-Salvador, Simone Paolo
Ponzetto, Paolo Rosso, and Heiner Stuckenschmidt.
2017. Sentence alignment methods for improving
text simplification systems. In Proceedings of the
55th Annual Meeting of the Association for Compu-
tational Linguistics (ACL), pages 97–102.
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Sanja Štajner, Ruslan Mitkov, and Horacio Saggion.
2014. One Step Closer to Automatic Evaluation
of Text Simplification Systems. In Proceedings of
the 3rd Workshop on Predicting and Improving Text
Readability for Target Reader Populations (PITR) at
EACL.
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Abstract

In this paper, we propose a novel edge-editing
approach to extract relation information from
a document. We treat the relations in a doc-
ument as a relation graph among entities in
this approach. The relation graph is itera-
tively constructed by editing edges of an initial
graph, which might be a graph extracted by an-
other system or an empty graph. The way to
edit edges is to classify them in a close-first
manner using the document and temporally-
constructed graph information; each edge is
represented with a document context informa-
tion by a pretrained transformer model and a
graph context information by a graph convolu-
tional neural network model. We evaluate our
approach on the task to extract material syn-
thesis procedures from materials science texts.
The experimental results show the effective-
ness of our approach in editing the graphs ini-
tialized by our in-house rule-based system and
empty graphs.1

1 Introduction

Relation extraction (RE), the task to predict re-
lations between pairs of given entities from lit-
erature, is an important task in natural language
processing. While most existing work focused
on sentence-level RE (Zeng et al., 2014), recent
studies extended the extraction to the document
level since many relations are expressed across
sentences (Christopoulou et al., 2019; Nan et al.,
2020).

In document-level RE, models need to deal with
relations among multiple entities over a document.
Several document-level RE methods construct a
document-level graph, which is built on nodes of
words or other linguistic units, to capture document-
level interactions between entities (Christopoulou

1The source code is available at https://github.
com/tti-coin/edge-editing.
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Figure 1: Overview of edge editing approach

et al., 2019; Nan et al., 2020). However, such meth-
ods do not directly consider interactions among
relations in a document, while such relations are of-
ten dependent on each other, and other relations can
be considered as important contexts for a relation.

We propose a novel, iterative, edge-editing ap-
proach to document-level RE. The overview of our
approach and an example of the extraction results
are illustrated in Figure 1. Our approach treats rela-
tions as a relation graph that is composed of entities
as nodes and their relations as edges. The relation
graph is first initialized using the edges predicted
by an existing RE model if provided. Edges are
then edited by a neural edge classifier that repre-
sents edges using the document information, pre-
built graph information, and the current edge in-
formation. The document information is repre-
sented with pretrained Longformer models (Belt-
agy et al., 2020), while the graph information is rep-
resented with graph convolutional networks (Kipf
and Welling, 2017). Edges are edited iteratively in
a close-first manner so that the approach can utilize
the information of edges between close entity pairs
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in editing edges of distant entity pairs, which are
often difficult to predict. We evaluate our approach
on the task to extract synthesis procedures from
text (Mysore et al., 2019) and show the effective-
ness of our approach.

The contribution of this paper is three-fold. First,
we propose a novel edge-editing approach for
document-level RE that utilizes contexts in both
relation graphs and documents. Second, we build
a strong rule-based model and show that our ap-
proach can effectively utilize and enhance the out-
put of the rule-based model. Third, we build and
evaluate a neural model for extracting synthesis
procedures from text for the first time.

2 Approach

Our approach extracts a relation graph on given en-
tities from a document. We formulate the extraction
task as an edge-editing task, where the approach
iteratively edits edges with a neural edge classifier
in a close-first manner (Miwa and Sasaki, 2014).

2.1 Iterative Edge Editing

We build a relation graph by editing the edges it-
eratively using the edge classifier in Section 2.2.
The building finishes when all edges are edited.
The edges are edited in a close-first manner (Miwa
and Sasaki, 2014; Ma et al., 2019) that edits the
close edges first and far edges later. The distance
between the entity pair is defined based on the
appearing order of entities in a document; if two
entities in a pair appear m-th and m + 3-th, the
distance becomes 3. Note that each edge is edited
only once throughout the entire editing process.

Algorithm 1 shows the method to build the graph
by the iterative edge editing. To reduce the compu-
tational cost, the pairs with the same distance are
edited simultaneously and the pairs with distances
more than or equal to the maximum distance dmax
are edited simultaneously. This reduces the number
of edits from |N |2 to dmax.

2.2 Edge Classifier

An edge classifier predicts the class of the target
edge Êij from inputs that are composed of a doc-
ument information doc, a graph of nodes N and
edges E , and the node pair (Ni,Nj) of a target
edge. The classifier composed of three modules:
EncodeNode that produces document-based node
representations N̄ using the document doc and the
entity information of the nodes N .

Algorithm 1: Iterative Edge Editing
Distance(N , d1, d2) returns pairs that have
distance d (d1 ≤ d < d2).

Input: doc: document, E : initial edges
dmax: maximum distance

Output: E : edited edges
N̄ ⇐ EncodeNode(doc,N )
while d in range(max(|N |, dmax)) do
N̄G ⇐ GCN(N̄ , E)
Ē ⇐ EncodeEdge(N̄G, E)
if d = dmax then
P ⇐ Distance(N , dmax,∞)

else
P ⇐ Distance(N , d, d+ 1)

end if
while (i, j) in P do
Eij ⇐ ClassifyEdge(Ēij)

end while
end while

EncodeEdge that obtains the representation of
edges Ē that applies GCN on a prebuilt graph with
the node representations N̄ and edges E .
ClassifyEdge that predicts the class of the edge Êij
using the edge representation Ēij between the node
pair (Ni,Nj).
We explain the details of these modules in the re-
maining part of this section.

EncodeNode employs Longformer (Beltagy
et al., 2020) to obtain the document-level repre-
sentation. It aggregates subword representations
within each entity by max-pooling Pool and con-
catenates the aggregated information with the en-
tity’s class label representation vlab.

N̄ = EncodeNode(doc,N )

= [Pool(Longformer(doc));vlab], (1)

where [·; ·] denotes concatenation.
To prepare the input to EncodeEdge, the ob-

tained document-based node representation is en-
riched by GCN to introduce the context of each
node in the prebuilt graph: N̄G = GCN(N̄ , E).
We add inverse directions to the graph and assign
different weights to different classes in graph con-
volutional network (GCN) following Schlichtkrull
et al. (2018). The produced node representation
N̄G includes both document and prebuilt graph
contexts.

EncodeEdge produces the edge representation
Ē from N̄G. It individually calculates the repre-
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sentation of the edge Ēij for each pair of nodes
(Ni,Nj) by combining the representations of nodes
similarly to Zhou et al. (2021) with the embedding
of the distance of the entity pair bij and the edge
class eoldij before editing. The distance between
the entity pairs is calculated in the same way as in
Section 2.1. If the distance exceeds a predefined
maximum distance, it will be treated as the max-
imum distance. We prepare fully connected (FC)
layers, FCH and FCT , for the start point (head)
and end point (tail) nodes and calculate the edge
representation as follows:

Ēij = EncodeEdge(N̄G, E)ij

= [FCH(N̄G
i )>WFCT (N̄G

j ); bij ; e
old
ij ],(2)

whereW denotes a trainable weight parameter.
ClassifyEdge classifies the target edge Eij into

a relation class or no relation. It applies a dropout
layer (Srivastava et al., 2014), a FC layer for output
FCout and softmax to the edge representation Ēij
to predict the class Êij with the highest probability.

Êij = ClassifyEdge(Ēij) = arg max p̂ij

p̂ij = Softmax(FCout(Dropout(Ēij))) (3)

We maximize the log-likelihood in training the
edge classifier.

3 Experiments

3.1 Experimental Settings
We evaluate our approach on the materials science
procedural text corpus (Mysore et al., 2019). In
the corpus, the synthesis procedures are annotated
as a graph in a document, where 19 node types
such as materials, operations, and conditions and
15 directed relation types are defined. The corpus
consists of 200 documents for training, 15 for devel-
opment, and 15 for test. The statistics of the corpus
are shown in Appendix A. We chose this corpus
since this corpus is publicly available, manually an-
notated, and it deals with a dense document-level
relation graph.

We prepared a rule-based model (RULE) as a
baseline and as an existing model to initialize the
edges, which was adapted from the rule-based sys-
tem in Kuniyoshi et al. (2020). The rules are sum-
marized in Appendix B.

We employ the micro F-score for each rela-
tion class as the evaluation metric. We tune the
hyper-parameters such as the number and dimen-
sions of layers and dropout rate on the develop-
ment set using the hyper-parameter optimization

Dev Test
EDIT 0.788 0.729
EDIT-IE 0.732 0.685
EDIT-GCN 0.744 0.703
RANDOM EDIT 0.751 0.690
RANDOM INIT 0.756 0.720

Table 1: Evaluation results in micro F-score without
RULE

framework Optuna (Akiba et al., 2019) and the
details are shown in Appendix C. We employ the
Adam (Kingma and Ba, 2015) optimizer with the
default parameters in PyTorch (Paszke et al., 2019)
except for the learning rate. The training was per-
formed without finetuning for the Longformer be-
cause the corpus is small to train a large transformer
model.

We compare the following models on graphs
initialized by the rule-based model (with RULE)
and empty graphs (without RULE).
EDIT: Proposed model
EDIT-IE: EDIT without iterative edge editing, i.e.,
dmax = 1.
EDIT-GCN: EDIT without GCN by replacing N̄G

with N̄ in Equation (2)
RANDOM EDIT: EDIT with random-order editing
Additionally, we evaluate the following model with
randomly initialized graphs.
RANDOM INIT: EDIT with randomly connected
edges, the number of which is same as that of the
extraction results of RULE, with random classes

Note that although we did not provide the direct
comparison with the existing models, our EDIT-
GCN without RULE is similar to BRAN (Verga
et al., 2018); the only differences are that we use
Longformer (Beltagy et al., 2020) instead of trans-
formers, and NER training is not included. More-
over, most of the models for the document-level
RE require dataset annotating both entities and
their mentions, so the existing models like AT-
LOP (Zhou et al., 2021) cannot be directly applied
to the current task.

3.2 Results without RULE

We show the results with empty initial graphs in
Table 1. EDIT shows the highest scores and this
indicates the effectiveness of our approach when
the initial graphs are empty. When we compare
EDIT, EDIT-IE, and RANDOM EDIT, we find that
both iterative edge editing and close-first strategy
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Dev Test
RULE 0.797 0.807
EDIT 0.878 0.851
EDIT-IE 0.863 0.863
EDIT-GCN 0.857 0.834
RANDOM EDIT 0.791 0.744

Table 2: Evaluation results in micro F-score with RULE

are effective. Since EDIT-GCN extracts from con-
text without graph structure information, the better
performance of EDIT over EDIT-GCN shows the
effectiveness of the information in the graph struc-
ture. The low performance with RANDOM INIT

shows that the edge information needs to be reli-
able.

3.3 Results with RULE

We summarize the results with RULE in Table 2.
We show the detailed results for EDIT without
RULE, RULE, and EDIT-IE with RULE in Ap-
pendix D.

When we compare the results with Table 1, the
performance with RULE is better than the counter-
part without RULE for all the settings. Furthermore,
all the scores in Table 2 are better than those in Ta-
ble 1, which shows the strength of RULE.

Surprisingly, the results with our approach are
better than that of RULE even though RULE is bet-
ter than our approach without RULE. This indicates
our EDIT approach can make the prediction accu-
rate. We can conclude that our EDIT approach can
utilize the information from the rule-based model
and the initialization of the edges by RULE is use-
ful.

As for the performance of the models, most re-
sults are consistent with Table 1 except that EDIT-
IE shows the highest score on the test set. This may
be partly because the initial graph by RULE is al-
ready reliable and editing does not help to improve
the context. Results with RANDOM EDIT support
this since the performance degradation with RAN-
DOM EDIT is large compared to Table 1 and RAN-
DOM EDIT is harmful in this case. Moreover, the
different behaviors on the development and test
sets indicate an imbalance in the corpus split.

4 Case Study

We illustrated 6 graphs for an example docu-
ment (Zhang et al., 2007) in the development data
set shown in Figure 2: the result on the right side

of Figure 1 shows our best extraction result using
EDIT-IE with RULE; Figure 3 shows the correct ex-
traction; Figure 4 shows the extraction result using
EDIT without RULE; Figure 5 shows the extrac-
tion result using RULE; and Figure 6 shows the
extraction result using EDIT with RULE. Figure 3
shows the material synthesis starts from mixed with
materials SrCO3, MoO3 and Ni to prefired and so
on, and the material SrMo1-xNixO4 is synthesized.
When we compare Figure 6 with Figure 5, the ex-
traction results are similar to RULE. Although the
overall performance is low, Figure 4, which does
not depend on the rule, extracts relations that are
not extracted by the other systems and this shows
the models with RULE and without RULE capture
different relations.

5 Related Work

RE has been widely studied to identify the relation
between two entities in a sentence. In addition to
traditional feature/kernel-based methods (Zelenko
et al., 2003; Miwa and Sasaki, 2014), many neural
RE methods have been proposed based on convolu-
tional neural networks (CNNs) (Zeng et al., 2014),
recurrent neural networks (RNNs) (Xu et al., 2015;
Miwa and Bansal, 2016), graph convolutional net-
works (GCNs) (Zhang et al., 2018; Schlichtkrull
et al., 2018), and transformers (Wang et al., 2019).
However, sentence-level RE is not enough to cover
the relations in a document, and document-level
RE has increasingly received research attention in
recent years.

Major approaches for document-level RE are
graph-based methods and transformer-based meth-
ods. For graph-based methods, Quirk and Poon
(2017) first proposed a document graph for
document-level RE. Christopoulou et al. (2019)
constructed a graph that included heterogeneous
nodes such as entity mentions, entities, and sen-
tences and represented edges between entities from
the graph. Nan et al. (2020) proposed the automatic
induction of a latent graph for relational reasoning
across sentences. The document graphs in these
methods are defined on nodes of linguistic units
such as words and sentences, which are different
from our relation graphs. Unlike our method, these
methods do not directly deal with relation graphs
among entities.

For transformer-based methods, Verga et al.
(2018) introduced a method to encode a document
with transformers to obtain entity embedding and
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A series of polycrystalline samples of SrMo1-xNixO4 (0.02<=x<=0.08) were prepared through the conventional solid-state
reaction method in air. Appropriate proportions of high-purity SrCO3, MoO3, and Ni powders were thoroughly mixed
according to the desired stoichiometry, and then prefired at 900 [?]C for 24 h. The obtained powders were ground, pelletized,
and calcined at 1000, 1100 and 1200 [?]C for 24 h with intermediate grinding twice. White compounds, SrMo1-xNixO4,
were obtained. The compounds were ground and pressed into small pellets about 10 mm diameter and 2 mm thickness.
These pellets were reduced in a H2/Ar (5%: 95%) flow at 920 [?]C for 12 h, and then the deep red colored products of
SrMo1-xNixO3 were obtained.

Figure 2: Example document
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Figure 3: Gold graph
for the document in Fig-
ure 2
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Figure 4: Example ex-
traction results from the
document in Figure 2 by
EDIT without RULE

thickness

SrMo1-xNixO4

air

SrCO3 MoO3 Ni

polycrystalline

desired 
stoichiometry

high-purity

prepared

solid-state 
reaction 
method

powders

mixed

prefired 900C

powders

SrMo1-xNixO4

compounds

pellets

24h

ground

pelletized

calcined

1000

1100

120024

compounds

obtained

10

diameter

2

ground

C

pressed

h

mm

mm

H2/Ar
reduced

5

95

%

920

12obtained

SrMo1-xNixO4

pellets

%

h

C

Appropriate 
proportions

Figure 5: Example ex-
traction results from the
document in Figure 2 by
RULE
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Figure 6: Example ex-
traction results from the
document in Figure 2 by
our EDIT with RULE

classify the relations between entities using the
embedding. Tang et al. (2020) proposed a Hier-
archical Inference Network (HIN) for document-
level RE, which aggregates information from entity
level to document level. Zhou et al. (2021) tackled
document-level RE with an Adaptive Thresholding
and Localized cOntext Pooling (ATLOP) model
that introduces a learnable entity-dependent thresh-
old for classification and aggregated local mention-
level contexts that are relevant to both entities.

Several studies focus on procedural texts such as
cooking recipes (Bosselut et al., 2018), scientific
processes (Dalvi et al., 2018) and open domain
procedures (Tandon et al., 2020). They, however,
do not directly treat relation graphs. Several efforts
have been made to annotate procedural or action
graphs in procedural text (Mori et al., 2014; Mysore
et al., 2019; Kuniyoshi et al., 2020). Kuniyoshi
et al. (2020) and Mehr et al. (2020) individually
proposed rule-based systems to extract procedures
from a document, but no neural methods have been

proposed for the extraction.

6 Conclusions

We proposed a novel edge editing approach for
document-level relation extraction. This approach
treats the task as the edge editing of relation graphs,
given nodes. It edits edges considering contexts in
the document and the relation graph. We evaluated
the approach on the material synthesis procedure
corpus, and the results showed the usefulness of
initializing edges by the rule-based model, utilizing
prebuilt graph information for editing and editing
in a close-first manner. As a result, our model
performed an F-score of 86.3% for edge prediction.

In future work, we plan to improve the approach
to obtain more consistent and accurate relation
graphs. We also would like to apply the approach
to other data sets such as cooking recipes (Mori
et al., 2014) and temporal graphs (Pustejovsky
et al., 2003; Cassidy et al., 2014).
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A Statistics of the Materials Science
Procedural Text Corpus

We present the statistics of the materials science
procedural text corpus2 proposed by Mysore et al.
(2019). Table 3 and Table 4 summarize the num-
bers of entities and relations, respectively.

2https://github.com/olivettigroup/
annotated-materials-syntheses
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B Rule-based Relation Extraction Model

We built a rule-based model by defining the rules to
extract relations between entity pairs for the mate-
rials science procedural text corpus (Mysore et al.,
2019). The rules were adapted from the rule-based
model in (Kuniyoshi et al., 2020) for the target
corpus. The rules depend on labels of the enti-
ties of an entity pair, distance, and the order of
occurrence of the entities. According to the combi-
nation of labels of the entities, our rules are divided
into three types: OPERATION–OPERATION, OP-
ERATION–MATERIAL and other relations. In the
following, the starting point of a relation is called
head and the ending point is called tail, and an edge
is denoted as HEAD–TAIL.

B.1 OPERATION–OPERATION

The relation OPERATION–OPERATION takes only
a NEXT OPERATION label, which means the
progress of operation.

NEXT OPERATION: Close OPERATION entities
are linked with the relation from the beginning to
the end in the document order, in which the entities
of OPERATION appear.

B.2 OPERATION–MATERIAL

For the edges of OPERATION–MATERIAL, there
are five relation labels: RECIPE PRECURSOR in-
dicates the input of a material; RECIPE TARGET

indicates the generation of a product; PARTICI-
PANT MATERIAL indicates the generation of an
intermediate product; SOLVENT MATERIAL indi-
cates the solvent material of an operation; and AT-
MOSPHERIC MATERIAL indicates the atmosphere
of an operation.

For SOLVENT MATERIAL, ATMO-
SPHERIC MATERIAL and PARTICI-
PANT MATERIAL labels, a dictionary is prepared
manually for each label. The relations are linked
from the nearest OPERATION to a MATERIAL

in the sentence if the MATERIAL match in the
dictionary since these relations take specific
MATERIAL entities. The dictionary is included in
the source code.

RECIPE PRECURSOR is linked from all MATE-
RIAL that do not match the dictionary of SOL-
VENT MATERIAL, ATMOSPHERIC MATERIAL,
and PARTICIPANT MATERIAL to the nearest OP-
ERATION. This rule-based model does not produce
the relation RECIPE TARGET. The reason for these

Entity class Train Dev Test
MATERIAL 4,271 277 316
OPERATION 3,249 212 242
NUMBER 2,872 224 219
CONDITION-UNIT 1,363 101 87
MATERIAL-DESCRIPTOR 1,214 67 89
AMOUNT-UNIT 1,193 96 98
PROPERTY-MISC 481 25 16
CONDITION-MISC 468 32 20
SYNTHESIS-APPARATUS 433 20 34
NONRECIPE-MATERIAL 329 33 25
BRAND 291 30 27
APPARATUS-DESCRIPTOR 165 10 9
AMOUNT-MISC 149 14 7
META 128 12 13
PROPERTY-TYPE 124 10 4
CONDITION-TYPE 119 2 1
REFERENCE 106 10 11
PROPERTY-UNIT 92 7 8
APPARATUS-UNIT 89 6 16
CHARACTER.-APPARATUS 54 2 11
APPARATUS-PROPERTY-TYPE 26 0 6

Table 3: Entities in the materials science procedural
text corpus

Relation class train dev test
NEXT OPERATION 2,898 184 202
RECIPE PRECURSOR 876 67 89
RECIPE TARGET 363 31 22
PARTICIPANT MATERIAL 1,723 113 124
SOLVENT MATERIAL 463 28 33
ATMOSPHERIC MATERIAL 183 11 14
PROPERTY OF 586 35 21
CONDITION OF 1,810 132 107
NUMBER OF 2,805 219 209
AMOUNT OF 1,512 130 121
DESCRIPTOR OF 1,495 91 102
BRAND OF 423 42 41
TYPE OF 164 7 13
APPARATUS OF 455 20 36
APPARATUS ATTR OF 90 6 11
COREF OF 267 12 14

Table 4: Relations in the materials science procedural
text corpus

decisions is that it is difficult to classify these rela-
tions with simple rules.

B.3 Remaining Relations

The remaining 9 relation labels are defined be-
tween the other pairs of entity labels: PROP-
ERTY OF, which indicates a condition of a ma-
terial; CONDITION OF, which indicates a condi-
tion of an operation; NUMBER OF, which indi-
cates the relationship between a number and a unit;
AMOUNT OF, which indicates a condition of a
quantity; TYPE OF, which indicates a condition
of a numerical condition; BRAND OF, which indi-
cates the brand of a material or equipment; APPA-
RATUS OF, which indicates equipment used in an
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operation; APPARATUS ATTR OF, which indicates
a numerical condition of on equipment; and DE-
SCRIPTOR OF, which indicates other conditions.
For these labels, the rules are defined based only on
the labels of head and tail entities and the distance
between them. We explain the detailed rules in the
remainder of this section.

PROPERTY OF: The relation can take
PROPERTY-UNIT or PROPERTY-MISC as the head
and MATERIAL or NONRECIPE-MATERIAL as the
tail. When PROPERTY-UNIT is a head, it is linked
with the nearest MATERIAL in the sentence. When
PROPERTY-MISC is a head, it is linked to the
nearest MATERIAL or NONRECIPE-MATERIAL in
the sentence.

CONDITION OF: CONDITION-UNIT and
CONDITION-MISC are linked to the nearest
OPERATION with the relation in the sentence.

NUMBER OF: NUMBER is linked to the
nearest PROPERTY-UNIT, CONDITION-UNIT, or
APPARATUS-UNIT that appear after the NUMBER

in the sentence.
AMOUNT OF: The relation is linked from

AMOUNT-UNIT and AMOUNT-UNIT to the near-
est MATERIAL or NONRECIPE-MATERIAL in the
sentence.

DESCRIPTOR OF: When MATERIAL-
DESCRIPTOR is a head, it is linked to the
nearest MATERIAL or NONRECIPE-MATERIAL in
the sentence. When APPARATUS-DESCRIPTOR

is a head, it is linked to the nearest SYNTHESIS-
APPARATUS in the sentence.

APPARATUS OF: The relation is
linked from SYNTHESIS-APPARATUS and
CHARACTERIZATION-APPARATUS to the nearest
OPERATION with the priority given to the OPER-
ATION that appear before the APPARATUS in the
sentence.

TYPE OF: PROPERTY-TYPE and APPARATUS-
PROPERTY-TYPE are linked to the nearest
PROPERTY-UNIT and APPARATUS-UNIT in the
sentence with the relation, respectively. When
CONDITION-TYPE is a head, it is linked to the
nearest CONDITION-UNIT that appears before the
CONDITION-TYPE in the sentence.

BRAND OF: The relation is linked from
BRAND to the nearest entities that may
have brands (i.e., MATERIAL, NONRECIPE-
MATERIAL, SYNTHESIS-APPARATUS, and
CHARACTERIZATION-APPARATUS) in the
sentence.

Parameter Range Value
Learning rate [1e-5, 1e-2) 0.001
No. of GCN layers [0, 4] 3
dmax [1, 10] 4
Dimension of hidden layers [32, 128] 85
No. of FCout layers [1, 5] 4
No. of FCh and FCt layers [1, 5] 1
Dropout rate [0.0, 1.0) 0.46
Dimension of eoldij [1, 32] 3
Maximum distance for bij [1, 32] 3
Dimension of bij [1, 100] 1
Use bidirectional GCN True or False True

Table 5: Search space for optimization of hyper-
parameters and the selected values after optimization

Relation Prec. Recall F-score
NEXT OPERATION 0.622 0.693 0.656
RECIPE PRECURSOR 0.632 0.539 0.582
RECIPE TARGET 0.640 0.727 0.681
PARTICIPANT MATERIAL 0.641 0.476 0.546
SOLVENT MATERIAL 0.491 0.818 0.614
ATMOSPHERIC MATERIAL 0.733 0.786 0.759
PROPERTY OF 0.773 0.810 0.791
CONDITION OF 0.798 0.850 0.824
NUMBER OF 0.874 0.962 0.916
AMOUNT OF 0.722 0.645 0.681
DESCRIPTOR OF 0.761 0.814 0.787
BRAND OF 0.567 0.415 0.479
TYPE OF 0.900 0.692 0.783
APPARATUS OF 0.657 0.639 0.648
APPARATUS ATTR OF 0.769 0.909 0.833
COREF OF 0.875 0.500 0.636
Overall 0.717 0.722 0.720

Table 6: Detailed results using EDIT without RULE on
the test set

APPARATUS ATTR OF: APPARATUS-UNIT is
linked to the nearest SYNTHESIS-APPARATUS or
CHARACTERIZATION-APPARATUS.

COREF OF: The relation is not detected by the
rules because it is difficult to describe rules.

C Tuning Details

We tuned our model using a hyper-parameter opti-
mization framework Optuna (Akiba et al., 2019).
We searched for the hyper-parameters that maxi-
mize micro-F scores within 600 trials on the de-
velopment set. We employed the tree-structured
Parzen estimator algorithm (Bergstra et al., 2011)
for the sampler and the successive halving algo-
rithm (Li et al., 2020) for the pruner with default
options in Optuna. In each trial of the search, we
trained our model for 100 epochs, which was con-
firmed by preliminary experiments to be sufficient
for convergence. We searched hyper-parameters
on 20 NVIDIA GPUs, which include Tesla V100,
TITAN V, RTX 3090, and GTX TITAN Xp GPUs.
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Relation Prec. Recall F-score
NEXT OPERATION 0.990 0.881 0.932
RECIPE PRECURSOR 0.730 0.414 0.528
RECIPE TARGET 0.000 0.000 0.000
PARTICIPANT MATERIAL 0.419 0.800 0.550
SOLVENT MATERIAL 0.697 0.418 0.522
ATMOSPHERIC MATERIAL 1.000 0.378 0.549
PROPERTY OF 0.905 1.000 0.950
CONDITION OF 0.963 0.981 0.972
NUMBER OF 0.943 0.961 0.952
AMOUNT OF 0.744 0.865 0.800
DESCRIPTOR OF 0.931 0.979 0.955
BRAND OF 0.561 0.920 0.697
TYPE OF 0.769 1.000 0.870
APPARATUS OF 0.972 0.854 0.909
APPARATUS ATTR OF 0.909 0.769 0.833
COREF OF 0.000 0.000 0.000
Overall 0.807 0.808 0.807

Table 7: Detailed results with RULE on the test set

Relation Prec. Recall F-score
NEXT OPERATION 0.905 0.990 0.946
RECIPE PRECURSOR 0.810 0.573 0.671
RECIPE TARGET 0.560 0.636 0.596
SOLVENT MATERIAL 0.733 0.667 0.698
PARTICIPANT MATERIAL 0.624 0.790 0.698
ATMOSPHERIC MATERIAL 0.778 1.000 0.875
PROPERTY OF 0.905 0.905 0.905
CONDITION OF 0.953 0.944 0.948
NUMBER OF 0.958 0.990 0.974
AMOUNT OF 0.854 0.868 0.861
DESCRIPTOR OF 0.941 0.931 0.936
BRAND OF 0.880 0.537 0.667
TYPE OF 1.000 0.692 0.818
APPARATUS OF 0.833 0.972 0.897
APPARATUS ATTR OF 0.769 0.909 0.833
COREF OF 0.750 0.429 0.545
Overall 0.856 0.870 0.863

Table 8: Detailed results using EDIT-IE with RULE on
the test set

We defined the search space as shown in Table 5;
the hyper-parameters for the search are composed
of the learning rate for Adam, the number of GCN
layers, the maximum edit distance dmax, the dimen-
sions of all hidden layers, the number of FCout

layers, the number of FCh and FCt layers, the
dropout rate, the dimension of eoldij , the maximum
distance and the dimension for bij and whether to
use bidirectional GCNs or uni-directional GCNs.
In the table, the range column shows the range of
values to search and the final value column shows
the rounded selected values after the optimization.

D Detailed Evaluation Results

Our editing models for evaluation are trained with
a TITAN V GPU for EDIT with RULE and a Tesla
V100 GPU for the others. The training takes about
6 hours 30 minutes with EDIT-IE using RULE and

21 hours with EDIT not using RULE.
We show the detailed evaluation results with pre-

cision (Prec.), recall, and F-score on the test set in
Table 6 for EDIT without RULE, Table 7 for RULE,
and Table 8 for EDIT-IE without RULE. The results
show the relations that are not covered by RULE,
i.e., RECIPE TARGET and COREF OF, are ex-
tracted by our approach, and for these classes, EDIT

without RULE show the better performance than the
models with RULE. Some relations with high per-
formance by RULE, including NEXT OPERATION,
CONDITION OF, and DESCRIPTOR OF, are ex-
tracted by EDIT-IE with RULE in high performance.
This shows our approach can effectively utilize the
outputs of RULE.
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Abstract

Pre-trained language models (PrLM) has been
shown powerful in enhancing a broad range
of downstream tasks including various dia-
logue related ones. However, PrLMs are usu-
ally trained on general plain text with com-
mon language model (LM) training objectives,
which cannot sufficiently capture dialogue ex-
clusive features due to the limitation of such
training setting, so that there is an immedi-
ate need to fill the gap between a specific di-
alogue task and the LM task. As it is unlikely
to collect huge dialogue data for dialogue-
oriented pre-training, in this paper, we pro-
pose three strategies to simulate the conver-
sation features on general plain text. Our
proposed method differs from existing post-
training methods that it may yield a general-
purpose PrLM and does not individualize to
any detailed task while keeping the capabil-
ity of learning dialogue related features includ-
ing speaker awareness, continuity and consis-
tency. The resulted Dialog-PrLM is fine-tuned
on three public multi-turn dialogue datasets
and helps achieve significant and consistent
improvement over the plain PrLMs.

1 Introduction

Recently, pre-trained language models (PrLMs)
have shown impressive improvements for various
downstream NLP tasks (Zhou et al., 2020; Ouyang
et al., 2021; Zhang and Zhao, 2021; Radford et al.,
2018; Yang et al., 2019; Zhang et al., 2020c; Clark
et al., 2020; Li et al., 2021), including the response
selection task for multi-turn dialogues, which takes
a dialogue history as input and aims to select a

∗ Corresponding author. This paper was partially sup-
ported by National Key Research and Development Pro-
gram of China (No. 2017YFB0304100), Key Projects of
National Natural Science Foundation of China (U1836222
and 61733011), Huawei-SJTU long term AI project, Cutting-
edge Machine Reading Comprehension and Language Model.
This work was supported by Huawei Noah’s Ark Lab.

Dialogue History:
A: Could you please get me a train?
B: Sure I can help you find a train.
B: where are you coming from?
B: What time do you need to leave by?
A: I am leaving Leicester and I need to leave by 20:30.
B: What is your destination and day of travel?
A: Cambridge and on friday.
A: Can I just get the travel time for the train? Thanks!
Response:
B: The first train leaving after 20:30 is 142 21:09 and the
travel time is 105 minutes.

Table 1: A multi-turn dialogue example with inter-
leaved or continuous utterances between two speakers.

most suitable response from a collection of an-
swers (Zhou et al., 2016; Wu et al., 2017; Zhou
et al., 2018b; Zhu et al., 2018; Zhang et al., 2018;
Tao et al., 2019; Gu et al., 2019).

Pre-training tasks of all these PrLMs almost con-
centrate on two aspects: token prediction and sen-
tence relation prediction. For example, the genetic
BERT model (Devlin et al., 2019) uses masked lan-
guage modeling (MLM) and next sentence predic-
tion (NSP) objectives; ALBERT (Lan et al., 2020)
predicts sentence order rather than NSP; ELEC-
TRA (Clark et al., 2020) transfers MLM into a gen-
erating and then discriminating process like GAN
(Goodfellow et al., 2014). However, these tasks
are just devoted to incorporating token-level and
sentence-level semantic information into embed-
dings, and cannot be sufficiently compatible with
its dialogue-oriented characteristics.

Table 1 shows a multi-turn dialogue example.
Compared with plain text, the utterance turn and
speaker role keep shift as a conversation goes on,
and the next utterance should keep continuous and
consistent with the context. Besides, the two speak-
ers may not follow strict shift rules, and one speaker
may continuously shoot multiple utterances. Al-
though some existing works have noticed such

2663



nonlinear nature of multi-turn dialogues, they are
limited to conducting post-training or pre-training
in a specific domain and do not provide general-
purpose dialogue-oriented PrLMs to fundamentally
solve this problem (Xu et al., 2021a; Whang et al.,
2021; Wolf et al., 2019; Zhang et al., 2020b; Hen-
derson et al., 2020; Bao et al., 2020).

In this work, we make the first attempt to train a
general-purpose dialogue-oriented PrLM. However,
such a PrLM should be trained on huge dialogue
data, which is hard to collect. Thus we propose
three novel pre-training strategies (i.e., Insertion,
Deletion, Replacement), so that we facilitate plain
text originally for common PrLM training to simu-
late dialogue-like features. The resulted model, we
denote as Dialog-PrLM, then is capable of effec-
tively learning speaker awareness, continuity and
consistency in a general way. Especially, for the
convenient use of the downstream dialogue tasks,
we introduce a special token [SOT] before each
utterance to tell that it is a start of a turn and learn
from these three strategies. These targeted pre-
training tasks enable [SOT] to better represent
each context utterance. We mimic dialogue-related
features on conventional plain text, which can bring
up the possibility that similar techniques could be
adopted in other domains not only for dialogues.

Our pre-trained Dialog-PrLM is fine-tuned on
three multi-turn dialogue response selection bench-
marks, and obtains significant and consistent im-
provements over the plain PrLMs.

2 Related Work

For multi-turn dialogue response selection task,
earlier works conduct single-turn match, which
concatenates all the utterances in the history dia-
logue or just considers the last one to match with
the candidate response (Lowe et al., 2015; Kadlec
et al., 2015; Yan et al., 2016; Tan et al., 2016; Wan
et al., 2016; Wang and Jiang, 2016). Recently, ex-
isting works tend to model the interaction between
each dialogue utterance and the response, which
usually adopt the encoding-matching-aggregation
paradigm (Zhou et al., 2016; Wu et al., 2017; Zhang
et al., 2018; Zhou et al., 2018a,b; Tao et al., 2019;
Yuan et al., 2019). After encoding, distinct match-
ing networks generate features for each utterance
which are usually passed to GRU (Cho et al., 2014)
for aggregating into a final matching score. Be-
sides, some works adopt topic information (Xing
et al., 2017; Wu et al., 2018; Xu et al., 2021b) or

conversation disentanglement to select the proper
response (Jia et al., 2020; Wang et al., 2020).

There are more and more practice using power-
ful PrLMs as the model encoder (Zhang et al., 2021,
2020a; Zhu et al., 2020) like BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), ALBERT (Lan
et al., 2020) and ELECTRA (Clark et al., 2020).
Considering task domain difference from the gen-
eral corpus for PrLM pre-training, recent studies
start to conduct post-training on target multi-turn
dialogue datasets to incorporate in-domain knowl-
edge (Whang et al., 2020; Lu et al., 2020; Gu et al.,
2020; Xu et al., 2021a; Whang et al., 2021). Whang
et al. (2020) conduct post-training of MLM and
NSP tasks as BERT. Rather than using the same
tasks as PrLMs, Xu et al. (2021a) and Whang et al.
(2021) both considers auxiliary tasks through post-
training to enhance response selection.

Although the PrLMs which are trained on plain
text have learned contextual semantic representa-
tion from token-level or sentence-level pre-training
tasks like MLM, NSP, they all do not consider dia-
logue related features like speaker role, continuity
and consistency. Despite some existing works (Xu
et al., 2021a; Whang et al., 2021) considers that
when conducting post-training, they are limited to
a specific domain. (Wolf et al., 2019; Zhang et al.,
2020b; Henderson et al., 2020; Bao et al., 2020)
train on open-domain conversational data like Red-
dit for response selection or generation tasks, but
they are limited to original pre-training tasks on
plain text and ignore the dialogue related features.
Besides, Wu et al. (2020) and Li et al. (2020) con-
duct task-specific training on collected dialogue
corpora, but they also suffer from biased and lim-
ited amount of dialogue data.

Different from all the previous studies, we still
make an attempt in obtaining a general-purpose
PrLM but not aiming at any specific tasks like
post-training methods. Meanwhile, our proposed
dialogue-oriented pre-training enables the resulted
PrLMs to especially capture dialogue related fea-
tures in a general way.

3 Dialogue-oriented Pre-training

For dialogue-oriented pre-training, we split and
sample sentences as ”utterances” from the gen-
eral Wikipedia corpus to simulate dialogue-like
features. We design three dialogue-oriented pre-
training strategies (i.e., Insertion, Deletion, Re-
placement) to jointly learn dialogue related char-
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......

Article 1

A: Pearl Zane Grey was born January 31, 
1872, in Zanesville, Ohio.

A: His birth name may have originated from 
newspaper descriptions of Queen Victoria's 
mourning clothes as "pearl grey."

B: Both Zane and his brother Romer were 
active, athletic boys who were enthusiastic 
baseball players and fishermen.

B: From an early age, he was intrigued 
by history.

......

......

Article 2

1: Table 1 also shows the amount of sucrose found 
in common fruits and vegetables.

2: Sugarcane and sugar beet have a high concen-
tration of sucrose, and are used for commercial 
preparation of pure sucrose. 

4: The end-product is 99.9%-pure sucrose. 

5: sugars include common table white granulated sugar 

and powdered sugar, as well as brown sugar.

3: Extracted cane or beet juice is clarified, removing 

impurities; and concentrated by removing excess water.

......

......

Article 3

......

......

Article 4

1: About 80% of the Venusian surface is covered by 
smooth, volcanic plains, consisting of 70% plains 
with wrinkle ridges and 10% smooth or lobate plains.

5: Its peak is above the Venusian average surface elevation. 

3: The northern continent is called Ishtar Terra after 
Ishtar, the Babylonian goddess of love, and is about 
the size of Australia. 

4: Maxwell Montes, the highest mountain on Venus, 
lies on Ishtar Terra.

2: Two highland "continents" make up the 
rest of its surface area ... other just south 
of the equator.

2: The ''2004 UCI Track Cycling World Cup 
Classics'' is a multi race tournament over a 
season of track cycling. 

(a) Insertion (b) Deletion (c) Replacement

......

      Pearl Zane Grey was born January 31, 

1872, in Zanesville, Ohio. His birth name 

may have originated from newspaper desc-

riptions of Queen Victoria's mourning clot-

hes as "pearl grey." He was the fourth ...  

      Both Zane and his brother Romer were 

active,  athletic boys who were enthusiastic 

baseball players and fishermen. From an 

early age, he was intrigued by history. Soon, 

he developed an interest in ... 

      Table 1 also shows the amount 

... fruits and vegetables. Sugarcane 

and sugar beet have ... of pure suc-

rose. Extracted cane or beet juice is 

clarified, removing impurities; and 

concentrated by removing excess 

water. The end-product is 99.9%-

pure sucrose. sugars ... as well as 

brown sugar.

      About 80% of the Venusian surface ... 

or lobate plains. Two highland "continents" 

make up the rest of its surface area ... other 

just south of the equator. The northern ... is 

about the size of Australia. Maxwell Montes

... lies on Ishtar Terra. Its peak is above the 

Venusian average surface elevation. The so-

uthern continent is called ... 

      ... The ''2004 UCI Track Cycling World 

Cup Classics'' is a multi race tournament ov-

er a season of track cycling. ...

Figure 1: Three dialogue-oriented pre-training strategies.

acteristics based on the plain PrLMs. A special
token [SOT] is added before each ”utterance”,
which tells that it is a start of a turn and matches
the realistic scene of turn shift. The three tasks
use the embedding of [SOT] to represent each ut-
terance and conduct targeted pre-training, which
enables [SOT] to learn dialogue related represen-
tation about speaker-awareness, continuity and con-
sistency respectively. Figure 1 shows the overview
of the three strategies.

Insertion In a real scenario, the speaker role
might shift or not for each turn as a conversation
goes on. Two speakers may carry out a conversa-
tion in turn or one speaker may continuously shoot
multiple utterances. Considering a conversation
session of four sentences between speaker A and B,
we consider three possible cases: AABB, ABAB
ABBA. The next time A speaks will happen after
0,1, or 2 turns from the last time. To enable Dialog-
PrLM aware of the speaker role information, we
should first simulate a two-party conversation on
Wikipedia. We sample two continuous sentences
{uA1, uA2} in one paragraph of an article as the
two utterances of A, and sample two continuous
ones {uB1, uB2} in the following paragraph of the
same article as what B says. Sampling from the

same article is to ensure they are talking about one
topic in general, which is in line with the realistic
scenario and increases the difficulty of prediction.
The ”continuous” sentences simulate that A contin-
ues to express his opinion after being interrupted by
B. We insert uA2 into {uB1, uB2}, and add [SOT]
before each utterance. We will not disrupt the ut-
terance order inside one speaker, and also keep the
overall order that A first then B. In this way, we
can get three cases mentioned above. One possible
input case is listed here:
Xins = [CLS][SOT]uA1[SOT]uB1[SOT]

uA2[SOT]uB2[SEP]

The insertion task is to predict the next utterance
of A. The whole sequence is encoded by PrLM, and
we calculate the cosine similarity of the [SOT]
embedding of uA1 with the other three utterances
as matching scores to predict the uA2. These three
scores are passed to a softmax layer and use cross
entropy as the insertion loss Lins.

Deletion The plain pre-training tasks like MLM,
NSP or SOP of PrLMs just enable the model to
learn token-level or sentence-level semantic infor-
mation, and they fail to catch dialogue related sig-
nals like continuity, which also helps to choose the
answer that is coherent with context. We sample
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continuous k sentences {u1, u2, · · · , uk} from one
paragraph and randomly delete ui from the first
k − 1 (We do not choose uk, as there is no [SOT]
after uk−1). The input sequence of the PrLM is:
Xdel = [CLS][SOT]u1 · · ·[SOT]ui−1

[SOT]ui+1 · · ·[SOT]uk[SEP][SOT]ui[SEP]
We append ui at end and use [SEP] for separa-

tion. Similarly, we calculate the cosine similarity
of the [SOT] embedding of ui with the other re-
maining k − 1 utterances to predict the [SOT]
of ui+1, where ui should be inserted back. These
k − 1 scores are passed to a softmax layer and use
cross entropy as the deletion loss Ldel.

Replacement The replacement task is to make
Dialog-PrLM recognize the inconsistent utterance
within a dialogue session, so that it will se-
lect the proper response which is consistent with
the context in both style and context. Similar
to deletion, we sample continuous k sentences
{u1, u2, · · · , uk} from one paragraph, and then
we sample one sentence ur from another article,
which is used to replace a randomly chosen ui in
{u1, u2, · · · , uk}. The input sequence is:
Xrep = [CLS][SOT]u1...[SOT]ui−1[SOT]

ur[SOT]ui+1 · · ·[SOT]uk[SEP]
Each [SOT] is gathered after encoding, and

passed to a linear layer to get a score:

scoreuj =WrEj + br

where j = 1...i − 1, r, i + 1, ...k, and Wr, br are
trainable parameters. Ej is the embedding of the
jth [SOT]. These k scores are passed to a softmax
layer and use cross entropy as the replacement loss
Lrep.

We adopt multi-task learning and define the final
dialogue-oriented pre-training loss Lgen as:

Lgen = Lins + Ldel + Lrep

4 Use of Dialogue-oriented Pre-training

Our Dialog-PrLM may be used in terms of domain
fine-funing or multi-task learning: (1) Domain
fine-tuning: Our Dialog-PrLM is fine-tuned on the
target response selection task. (2) Specific post-
training: Our pre-training strategies are slightly
adjusted and applied to specific multi-turn dialogue
datasets. (3) Domain multi-task learning: the tar-
get response selection task jointly learns with the
three auxiliary post-training tasks in (2) on Dialog-
PrLM.

4.1 Domain Fine-tuning
After our dialogue-oriented pre-training, the tar-
get response selection task can be fine-tuned on
our Dialog-PrLM. We denote the dataset as D =
{(C,R, Y )k}Nk=1, where C is dialogue context,
and R is the candidate response, and Y ∈ {0, 1}
is the label indicating whether R is a proper re-
sponse for C. Besides, C = {U1, ..., Un} and
Ui, 1 ≤ i ≤ n is the i-th utterance in context C.
We concatenate all utterances {Ui}ni=1 as well as
the response R and add [SOT] before each to repre-
sent the following sequence:
X = [CLS] [SOT]U1 [SOT]U2... [SOT]Un

[SEP] [SOT]R [SEP]
With the pre-training, Dialog-PrLM becomes

effectively capable of representing each utterance.
Therefore, rather than directly using [CLS], we pass
all embeddings E of [SOT]s to GRU to model se-
quential interaction of the context and response,
whose final hidden state H is used for generating
matching score s for C and R:

H = GRU(E) ,

s = sigmoid(WH + b)

where E ∈ R(n+1)×d, H ∈ Rd, and W ∈ Rd, b ∈
R are trainable parameters. The response selection
loss Lfine−tune is:

p(Y | C,R) = sY + (1− s)(1− Y )

Lfine−tune = −
1

N

∑

(C,R,Y )∈D
log(p(Y | C,R))

4.2 Specific Post-training
Because the target dataset usually concentrates on
a specific domain, existing works tend to intro-
duce self-supervised post-training on the target do-
main in order to incorporate the in-domain knowl-
edge. Here we can also apply the three strategies
to the target multi-turn dialogue dataset as self-
supervised auxiliary tasks, which jointly learn with
the response selection task in Section 4.1.

To conduct the three auxiliary tasks, we should
first sample from multi-turn dialogues to build
post-training datasets. For the insertion task,
there is a little difference from that in Wikipedia.
We randomly choose k continuous utterances
{u1, u2, · · · , uk} from a dialogue, and fix u1
but randomly insert u2 to any interval among
{u3, · · · , uk}. The input sequence is:
X ′ins = [CLS] [SOT]u1 [SOT]u3 · · · [SOT]ui

[SOT]u2 [SOT]ui+1 · · · [SOT]uk [SEP],
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We calculate the cosine similarity of the [SOT]
embedding of u1 with the other following utter-
ances as matching scores to predict the u2. The loss
is denoted as L′ins. Considering the following turn
(u2) tends to be more related to u1 compared with
the next utterance of u1’s speaker (denoted as ut),
we do not predict ut as what we do in Wikipredia.
But they are both expected to recognize the most
related utterance with u1, which helps select the
proper response.

For the deletion and replacement tasks, we sam-
ple continuous k utterances from one dialogue, and
conduct deletion or replacement in the same way as
Wikipedia. The post-training losses for both tasks
on the target domain are denoted as L′del,L′rep
respectively.

4.3 Domain Multi-task Learning
We apply the multi-task learning framework on the
target domain on our Dialog-PrLM. Carried with
dialogue related features from the general corpus,
Dialog-PrLM is expected to learn from the target
domain together with the target task. We train the
response selection task in the same way as 4.1, and
denote the loss asL′reselect. The final loss is to sum
up response selection loss and the three auxiliary
task losses:

Lfinal = L′ins + L′del + L′rep + L′reselect

5 Implementation of
Dialogue-oriented Pre-training

For dialogue-oriented pre-training, we sample train
and valid datasets for the insertion, deletion and
replacement tasks on both English and Chinese
Wikipedia. To prevent information leakage (e.g.
the model peeks at the correct utterance order from
deletion samples when conducting replacement),
we divide all the articles equally into three disjoint
equal sets to sample from for the three tasks respec-
tively. Data statistics are in Table 2.

Statistics English Chinese
Train Valid Train Valid

#articles/task 330k 10k 67k 20k
Insertion 1.5M 47k 638k 189k
Deletion 1M 31k 508k 146k
Replacement 1M 32k 542k 160k

Table 2: Statistics for dialogue-oriented pre-training.

For English Wikipedia (totally 1,060,131 arti-
cles), we sample from 330,000/10,000 articles for
training/evaluation respectively for each task. To

ensure data quality, we omit the ”References” and
”Literature” part. For insertion, we sample twice
disjointly from one paragraph which has more than
4 sentences, and then sample twice from the next
satisfactory one to construct two training samples,
which goes on until the end of an article. For dele-
tion and replacement, we sample k continuous sen-
tences as a training sample from each paragraph
with more than k sentences. We limit the maximum
words of each sample to 400 to prevent overflows
after tokenization.

For Chinese Wikipedia (totally 262,405 articles),
we sample from 67,468/20,000 articles for train-
ing/evaluation respectively for each task. As Chi-
nese corpus is much smaller than the English one,
we sample disjoint k continuous sentences as much
as we can from each paragraph with more than k
sentences for the deletion and replacement tasks.
As to insertion, we conduct sampling the same way
as English. The maximum length of each sample
is limited to 450.

6 Experiments

6.1 Datasets

For the target response selection selection task,
our Dialog-PrLM is fine-tuned on three widely
used benchmark datasets: (1) E-commerce Cor-
pus (Zhang et al., 2018): includes conversations
between customers and shopkeepers from the
largest e-commerce platform Taobao in China. (2)
Douban Corpus (Wu et al., 2017): consists of
multi-turn conversations from the Douban group,
which is a popular social networking service in
China. (3) Ubuntu Corpus (v1.0)(Lowe et al.,
2015) consists of English multi-turn conversations
about technical support collected from chat logs of
the Ubuntu forum.

As to the three auxiliary tasks for domain multi-
task learning, we conduct sampling from the batch
when training the response selection task. Dia-
logues will be neglected if they are less than 3
utterances. Different from general pre-training, we
do not require every dialogue to have at least k
sentences for all the three tasks.

For evaluation, we use the same metric Rn@k
as previous works, which selects k best matchable
candidate responses among n and calculates the
recall of the true ones. We also use MAP (Mean
Average Precision), MRR (Mean Reciprocal Rank),
and Precision-at-one P@1 as previous works.
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Model E-commerce Douban Ubuntu
R10@1R10@2R10@5 MAP MRR P@1R10@1R10@2R10@5R10@1R10@2R10@5

DialoGPT - - - - - - - - - 79.0 88.5 97.1
TOD-BERT - - - - - - - - - 79.7 89.0 97.4
BERT-[CLS] 62.7 82.2 96.2 58.7 62.7 45.1 27.6 45.8 82.7 81.9 90.4 97.8

♦ BERT-[SEP] 65.1 84.8 97.4 59.5 63.9 46.0 27.7 46.9 84.3 82.1 90.5 97.8
♦ Dialog-BERT 66.2 85.5 97.6 60.0 64.1 46.9 28.9 46.7 83.3 82.3 90.6 97.7
♣ BERT+multi-task 65.8 84.6 97.6 60.2 64.7 46.9 28.5 48.6 82.5 85.0 92.5 98.3
♣ Dialog-BERT+multi-task 68.0 85.3 97.7 60.9 64.9 48.0 30.0 47.9 82.9 85.4 92.8 98.5

ELECTRA-[CLS] 58.2 79.6 96.9 59.0 63.2 44.8 27.6 47.3 82.8 82.5 90.7 97.8
♥ ELECTRA-[SEP] 60.4 80.6 96.3 58.8 62.5 44.2 26.9 46.3 84.1 82.2 90.7 97.8
♥ Dialog-ELECTRA 61.1 81.4 96.9 59.8 64.1 46.5 28.3 47.7 84.1 83.5 91.4 98.0
♠ ELECTRA+multi-task 68.1 86.8 97.9 61.4 65.3 47.5 29.6 50.6 83.8 86.6 93.4 98.5
♠ Dialog-ELECTRA+multi-task 68.3 86.3 98.0 61.6 65.6 48.3 30.0 49.8 84.7 86.8 93.6 98.6

Table 3: Response selection results on E-commerce, Douban and Ubuntu datasets. The symbols on the left indicate
the corresponding comparison groups. The best results in each group are in boldface.

6.2 Experimental Settings
We work on two different PrLMs: BERT (bert-
base-uncased, bert-base-chinese) and ELECTRA
(electra-base-discriminator, chinese-electra-180g-
base-discriminator)1.

For our dialogue-oriented pre-training on
Wikipedia, the max input sequence length is set
to 512 after WordPiece tokenization. We set the
learning rate as 2e-5 with a warmup proportion of
10%. The plain PrLMs are continuously pre-trained
with batch size of 8 per task for BERT and 16 per
task for ELECTRA. It is trained for 1 epoch and
evaluated every 10000 steps. The model with the
best average accuracy of the three tasks is saved as
Dialog-PrLM. The pre-training experiment needs
4 nVidia RTX 2080 GPUs.

For fine-tuning on our Dialog-PrLMs, the batch
size is 32 and the max sequence length is 350. The
model is trained for 5 epochs and evaluated after
each epoch on the three datasets and both Dialog-
PrLMs. Other settings are the same as dialogue-
oriented pre-training. For domain multi-task learn-
ing on our Dialog-PrLMs, the batch size is 16, and
the epoch is 3 for Douban on BERT, 4 for Ubuntu
on ELECTRA and 5 for other cases. Other set-
tings are the same as fine-tuning. The k value for
both pre-training and domain multi-task learning is
5. The fine-tuning/multi-task learning experiments
need 1/2 nVidia RTX 2080 GPUs.

6.3 Results
To verify the effectiveness of our method, we con-
duct extensive empirical studies on three multi-turn
dialogue benchmarks. We are aware that apply-
ing complicated matching networks, speaker em-

1Both datasets and code are available at https://
github.com/xyease/Dialog-PrLM

beddings (Gu et al., 2020) or other various auxil-
iary tasks (Whang et al., 2020; Xu et al., 2021a;
Whang et al., 2021) would achieve further improve-
ment, but to fairly evaluate the general-purpose
pre-training for dialogue tasks, we still follow the
standard fine-tuning procedure on Dialog-PrLM by
excluding those too advanced auxiliary techniques.

BERT-[CLS]: Each utterance Ui and the
candidate response R are concatenated as
[CLS]U1U2...Un [SEP]R [SEP] and then fed into
the pla BERT model. The output embedding of
[CLS] is used for classification.

BERT-[SEP]: Rather than just use [CLS], we
append [SEP] to each utterance or response
to represent the previous sequence: [CLS]U1

[SEP]U2... [SEP]Un [SEP]R [SEP], which is then
fed into the original BERT model. The output em-
beddings of [SEP] are gathered and fed into GRU
for a matching vector like Section 4.1.

Dialog-BERT: This model conducts dialogue-
oriented pre-training on the original BERT, we fine-
tune on our Dialog-BERT through feeding [SOT]
embeddings to GRU.

BERT+multi-task: The response selection task
is trained with the three auxiliary tasks on target
datasets. We also add the special token [SOT], and
the only difference from Section 4.3 is that the joint
learning is conducted on the original BERT.

Dialog-BERT+multi-task: As described in Sec-
tion 4.3, we conduct domain multi-task learning on
our pre-trained Dialog-BERT.

We also conduct fine-tuning on the English
Ubuntu dataset with two dialogue related models:
(1) DialoGPT (Zhang et al., 2020b) is an exten-
sion of GPT-2 that is pre-trained on Reddit data
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Model E-commerce Douban Ubuntu
R10@1 R10@2 R10@5 MAP MRR P@1 R10@1 R10@2 R10@5 R10@1 R10@2 R10@5

Dialog-BERT 66.2 85.5 97.6 60.0 64.1 46.9 28.9 46.7 83.3 82.3 90.6 97.7
w/o Insertion 64.9 83.6 97.7 59.0 63.2 45.1 27.8 46.5 83.2 82.1 90.5 97.8
w/o Deletion 64.2 83.7 97.5 59.0 63.1 44.7 27.5 45.9 83.8 82.1 90.6 97.8
w/o Replacement 64.4 84.7 97.6 59.8 63.6 45.4 28.4 46.8 83.6 82.1 90.4 97.8

Table 4: Ablation results for dialogue-oriented pre-training.

from scratch. (2) TOD-BERT (Wu et al., 2020)
is trained on a combination of 9 task-oriented di-
alogue datasets over BERT and incorporates re-
sponse selection objective. Experiments on ELEC-
TRA are conduct in the same way with BERT. The
results are in Table 3. Below PrLM- denotes BERT
or ELECTRA.

Compared to the unsatisfactory results from
both DialoGPT and TOD-BERT, it demonstrates
the powerfulness and universities of our proposed
dialogue-oriented pre-training. Compared with
PrLM-[CLS], PrLM-[SEP] performs better in gen-
eral except a little decrease in Ubuntu and Douban
on ELECTRA, which shows that modelling the
sequential interaction of the dialogue context and
response helps improve performance.

After conducting the dialogue-oriented pre-
training on Wikipredia, our Dialog-PrLM achieves
further improvement on the three datasets and the
two PrLMs, which shows that the three targeted
training strategies enables the [SOT] token in
Dialog-PrLM to grasp dialogue related nature (e.g.
speaker-awareness, continuity, consistency) at the
same time, so that it is more capable of represent-
ing an utterance compared with [SEP] in the plain
PrLM (PrLM-[SEP]).

When we train the response selection task jointly
with the three auxiliary tasks on target datasets, the
domain multi-task learning on our Dialog-PrLM
(Dialog-PrLM+multi-task) is still always perform-
ing better than on the plain PrLM (PrLM+multi-
task). Having re-learned broader representation on
general corpus, domain post-training further incor-
porates [SOT] with dialogue related feature from
in-domain multi-dialogues and thus helps choose
the correct response.

Compare PrLM-[SEP] with PrLM+multi-task,
Dialog-PrLM with Dialog-PrLM+multi-task, do-
main multi-task learning indeed achieves improve-
ments due to its incorporated in-domain dialogue
related knowledge, which verifies the effectiveness
of our proposed three strategies when applying to
domain multi-turn dialogue datasets.

In conclusion, conducting dialogue related fea-

ture pre-training with our proposed three strategies
on Wikipredia (Dialog-PrLM) helps achieve im-
provements when fine-tuning, and it will further
improve when applying these strategies to domain
multi-turn dialogues (Dialog-PrLM+multi-task).

7 Analysis

7.1 Ablation Study

In order to investigate the performance of each
strategy, we conduct ablation experiments for both
pre-training and domain multi-task learning. Re-
sults are shown in Tables 4 and 5 respectively.

The results in Table 4 indicate that the insertion,
deletion and replacement tasks jointly contribute
to the final increase. Influence on Ubuntu seems
less than that on Douban and E-commerce, as the
Ubuntu corpus contains many terminologies that do
not usually appear in general corpora (e.g., apt-get,
lsmod and grep) (Whang et al., 2020), so according
to BERT+multi-task in Table 3, conducting domain
post-training is more effective.

We also do ablation study for Douban on Dialog-
BERT in Table 5 to explore the performance of
three auxiliary tasks when applying to the target
multi-turn dialogue datasets. Similarly, removing
any part leads to worse performance, showing the
necessity of each task.

Model Douban
MAP MRR P@1R10@1R10@2

Dialog-BERT+multi-task 60.9 64.9 48.0 30.0 47.9
w/o Insertion 58.2 62.5 44.8 27.4 45.0
w/o Deletion 60.6 64.6 47.1 29.1 48.8
w/o Replacement 60.2 64.1 46.3 29.0 48.5

Table 5: Ablation for domain multi-task learning.

7.2 Utterance Representation Test

We have added a special token [SOT] before each
utterance or response to represent the following se-
quence. After pre-training on Wikipedia on PrLMs,
[SOT] of our Dialog-PrLM is expected to obtain
the respective utterance representation through the
three dialogue-oriented strategies.
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Dialogue Context & Response [CLS] [SEP] [SOT]

Douban
1: how about going to Xitang during the Spring Festival? 0.8424 1 -0.4001
2: I also want to go that time, but it will be more expensive for accommodation than weekend. 0.9364 1 0.8666
3: have you contacted about where to live? 0.9694 1 -0.2902
4: if you haven’t booked accommodation, it seems very difficult to book during the Spring Festival. 0.9495 1 -0.1643
5: will there be many people, or no shops open during the Spring Festival? 0.9024 1 -0.5064
6: it’s okay if no stores open. i enjoy quiet and just want somewhere to drink and eat. 0.9737 1 -0.1644
7: but traffic is a hassle during the Spring Festival. 0.9684 1 -0.6139
8: there are several people in this group xxx who go to Xitang, you can join them to cook together 0.8865 1 0.8840
Response: is there anyone in Beijing, let’s go together sometime.

Ubuntu
1: hello 0.9279 0.9956 -0.9791
2: what is the best server for update ubuntu 0.8027 0.9957 -0.9653
3: whichever is closest to you generally they all have the same content 0.9738 0.9949 -0.8846
4: have you read the documentation for the script 0.9643 0.9966 -0.2836
5: i know thats the error does the script s documentation indicate what modules or packages are 0.8176 0.9964 0.5233quried to run it
6: u can tell me how to install python modules and i will install the modules in the python script 0.8940 0.9977 0.5287
7: where did you get this script 0.9328 0.9980 0.5105
Response: can you be more specific what is this script supposed to do import logging

E-commerce
1: please help me issue an invoice with the title of xxx. 0.8864 1 -0.9791
2: okay. 0.8726 1 -0.8137
3: ok, is it difficult to package? 0.9249 1 -0.6777
4: not at all. 0.7843 1 -0.9359
5: please send me a picture tutorial later, i will do it myself. 0.8648 1 -0.3668
6: okay, if you have any question, please feel free to consult us. 0.9381 1 0.3211
7: fine, can you deliver it today? 0.9265 1 0.9899
8: yes, please check the delivery address. 0.9240 1 0.7117
9: correct. 0.6862 1 0.5704
10: ok, if pay before 16:00 today, it will be delivered today, otherwise it will be delivered next day. 0.9550 1 0.5866
11: i’ve already paid. 0.8663 1 0.0622
Response: ok, we will deliver the goods as soon as possible today, please wait at patience.

Table 6: Examples from test sets of Douban, Ubuntu and E-commerce respectively. Similarity scores ≥ 0.5 of our
Dialog-BERT([SOT]) are bold, indicating the corresponding utterances are considered relevant to the response.

To explore the semantic information of [SOT]
of our Dialog-BERT, we calculate the cosine simi-
larity of the correct response to each utterance in
the dialogue context ([SOT]). Table 6 lists exam-
ples from the three target datasets respectively. For
comparison, we use BERT to encode each utter-
ance or response and use [CLS] for calculation
([CLS]). We also concatenate utterances and re-
sponse with separation of [SEP] on BERT and
then split to calculate similarity ([SEP]).

We observe that for all examples, both
BERT([CLS]) and BERT([SEP]) can not dis-
criminate which utterance is related with the correct
answer. All the utterances are treated the same way
including the irrelevant ones, which leads to much
noise for response selection.

After conducting the dialogue-oriented pre-
training on Wikipedia, Dialog-BERT learns a stark
sense of ”irrelevant” and ”relevant”. It is able to
concentrate on the most critical utterances and dis-
tinguish from the irrelevant ones by a large margin.

For the example of Douban, Dialog-BERT real-
izes that the second and last utterance are most
relevant. The response asks for someone to travel
together, and is related to the second utterance
which expresses a wish to go and the last one which
gives a group to travel together. Dialog-BERT ig-
nores the noise about accommodation and trans-
portation, and is able to select related utterances
among noise rather than just use the last one. For
Ubuntu, Dialog-BERT concentrates on utterances
about script and ignores the previous background
information. For E-commerce, it recognizes the
related last few utterances about delivery, and ig-
nores the packaging information before. From ex-
amples from target datasets, our Dialog-BERT has
absorbed related knowledge from our proposed
dialog-oriented pre-training. The [SOT] could
better represent each utterance, which can be uti-
lized in tasks about representation like multi-party
dialogue disentanglement.
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8 Conclusion

This paper presents a novel general-purpose solu-
tion for dialogue tasks with pre-trained language
models. To fill the gap between a detailed task
and the LM task of PrLM, we propose dialogue-
oriented pre-training on large scale of artificially
built dialogue data which lets the resulted Dialog-
PrLM enjoy both merits of general-purpose and
capturing key dialogue related features including
speak awareness, continuity and consistence. Our
models are evaluated on three benchmark response
selection datasets and achieve consistent perfor-
mance improvement over the plain PrLMs.
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Abstract

As part of scientific articles, grant informa-
tion refers to funder names and their cor-
responding grant numbers. Extracting such
funding information from articles is of signif-
icant importance to both academic and fund-
ing bodies. The studies on this topic face two
major challenges: 1) no high-quality bench-
mark datasets; and 2) difficulties in extracting
complex relationships between funders and
grantIDs. In this paper, we present a novel
pipeline framework called GrantRel, which
consists of a funding sentence classifier, as
well as a joint entity and relation extractor.
For this purpose, we manually label two high-
quality datasets called Grant-SP and Grant-RE,
respectively. In addition, our relation extrac-
tion (RE) model uses both position embed-
ding and context embedding in an adaptive-
learning way. The experiment results have
demonstrated that our model outperforms sev-
eral state-of-the-art BERT-based RE baselines
as higher as 6.5% of F1 scores against the
PubMed Central (PMC) test set and 3.5% of
that against the arXiv test set.

1 Introduction

As an element of scientific articles, grant informa-
tion generally includes funder names, grant num-
bers, and their relations. Specifically, a funder
name refers to an agency, organization, or program
which provides financial support for the research.
A grantID is a numerical string by which to distin-
guish one grant from another. Such grant source in-
formation should be automatically identified. The
reasons for this are as follows: (a) The funding
bodies need to track their funding statuses; (b) For

This work is funded by NIH ( DK76131, HL49277 ) 
and a Juvenile Diabetes Research Foundation .

Juvenile Diabetes Research Foundation -
NIH HL49277
NIH DK76131

Funder Name Grant ID

Extracted Grant Information

Figure 1: In this sentence, DK76131 and HL49277 are
two grant numbers of the agency funder NIH. The Juve-
nile Diabetes Research Foundation is another funder.

the academic, the impact of funding agencies in the
scientific literature can be measured, and agencies
actively supporting specific directions can be iden-
tified; and (c) The literature management systems
require the funding register information. Therefore,
a systematic framework that is capable of automat-
ically extracting grant information from papers is
needed.

Generally, authors would express their acknowl-
edgments in the papers if their research receives
funding. Based on this fact, an extraction should
start with selecting the funding sentences from an
acknowledgment. To train such a classifier, we
manually build a dataset named Grant-SP with
1402 sentences. After that, a relation extraction
(RE) model is applied on funding sentences to iden-
tify grant entities and their relations. Specifically,
a funder name entity and a grant number entity
are viewed as a subject and an object in a rela-
tion triplet, respectively. For accurately extracting
grant information via RE from scientific articles,
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there are, however, two major challenges: 1) no
high-quality RE benchmark datasets; and 2) diffi-
culties in extracting complex relationships between
funding organizations and grantIDs by using RE
models.

The 2017 BioASQ challenge (Nentidis et al.,
2017) is about building a system that extracts the
funding information from a benchmark dataset on
the full text of biomedical papers. From this dataset,
only 107 agencies, however, are required to be
identified as funder names such as NIH or CIHR.
For example, the winning systems on the challenge
such as GrantExtractor (Dai et al., 2018) cannot
extract the grant funders beyond 107 agencies such
as NASA or JSPS. For overcoming this limitation,
we propose a manually-crafted dataset Grant-RE
which covers nearly 2k different funder names.

There often exist the complex, many-to-many
relationships between funder names and grantIDs.
This fact makes it difficult to identify such complex
relationships by using a RE model. In addition, the
Grant-RE dataset has only two types of entities but
with a higher frequency in a sentence, compared
with common REs. For example, we count the num-
ber of entities with the highest number of occur-
rences in each sentence of CoNLL04 (Roth and Yih,
2004). The average number of such entities is 2.1,
while the number is 2.8 in our Grant-RE dataset.
This would be challenging to build correct relations
between two entities. Further, a grantID or a fun-
der name could even present independently (see
Figure 1). To address this challenge, our GrantRel
framework includes a novel joint entity and RE
model. This model starts with using the powerful
encoding layer of BioBERT (Lee et al., 2019), and
can jointly extract funders, grantIDs, and their rela-
tions by considering grant relation features. It has
been demonstrated that our RE model outperforms
the state-of-the-art RE baselines in Grant-RE by a
large margin.

In summary, this paper has the following contri-
butions: (a) We propose a novel framework called
GrantRel that automatically extracts grant infor-
mation from academic papers. The RE model in
GrantRel is designed to accurately extract both
grant number, funder name, and their relation by
combining the location of grant information in a
sentence and its context embedding in an adap-
tive way. (b) By manually labelling funding sen-
tences, we retrieved the papers from PubMed Cen-
tral (PMC) and arXiv, and created a classification

dataset called Grant-SP with 1402 sentences for
training, as well as a grant RE dataset called Grant-
RE with 3331 sentences. (c) Extensive experiments
have been conducted to test the performance of the
whole framework, and to compare RE models with
the RE baselines in both biomedical (PMC) and
universal (arXiv) domains.

To the best of our knowledge, this is the first
work on reporting a benchmark dataset1 and model
for extracting general grant information by the su-
pervised RE.

2 Related work

The prior studies have addressed the problem of
grant information extraction with a limited capa-
bility by traditional machine learning methods. A
naive Bayes method (Kim et al., 2009) was used to
locate the grant support (GS) zone from an article
text, followed by inferring GS types with a pat-
tern matching method. As such. only fourteen GS
types can be identified. Zhang et al. (2009) used
a semi-supervised method to detect grant-related
zones from online medical articles. Gross et al.
(2016) proposed a rule-based model for extracting
metadata (grant number and grant sponsor) from ar-
ticles. All these methods do not establish a specific
relationship between a funder and a grant number.

Recently, Dai et al. (2018) built a pipeline sys-
tem for grant information extraction. They first
selected funding sentences by relying on manually
designed features, then extracted grantIDs by us-
ing the BiLSTM-CRF tagger, finally identified the
agencies by applying a multi-class classifier to each
grantID with manually designed features. However,
this method is still limited, because it cannot recog-
nize new grant agencies other than 107 designated
ones. In contrast, GrantRel learns a joint model on
the name recognition of funder and grantID, and
extraction of their relationship. As such, it can
handle new funder names very well.

Traditionally, RE is achieved through a pipeline
(Zelenko et al., 2003; Chan and Roth, 2011; Zhou
et al., 2005) with two phases: entity recognition
and relation classification. Since the two phases
may benefit from the use of correlated signals, re-
search for joint entities and relation extraction have
attracted more attention. Early work of joint ap-
proaches uses feature-based models (Yu and Lam,
2010; Miwa and Sasaki, 2014). Recently, neural
network-based models (Zeng et al., 2018; Li et al.,

1https://github.com/Eulring/GrantRel
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2019; Dai et al., 2019; Fu et al., 2019), especially
the BERT-based (Devlin et al., 2019) models (Wei
et al., 2020; Eberts and Ulges, 2019; Wang et al.,
2020) that replace the manually constructed fea-
tures with learned representation, have achieved
the considerable success in completing the RE task.
Following this idea, our RE model uses BioBERT
(Lee et al., 2019) as an encoding core. Inspired
by the CasRel (Wei et al., 2020) further, our RE
model establishes a relation as a function that maps
funder to grantID. Since an ordinary model cannot
accurately distinguish the complex relationship be-
tween multiple funders and grantIDs, the features
that can describe the interaction between entities
become critical. Therefore, we use relative posi-
tion embedding and localized context embedding
(Eberts and Ulges, 2019), which make a significant
improvement. In addition, we design a mechanism
by adaptively integrating the two embeddings to
obtain better performance.

3 Dataset description

Although BioASQ 5c provides a dataset of grant
information extraction, it has three serious draw-
backs, 1) with only 107 agency names used in the
labels, many common funder names are ignored. In
fact, there are nearly 57000 different funder names
in a funder name database downloaded from cross-
ref 2; 2) normalized agency names and the corre-
sponding grantIDs are provided without specifying
their exact positions in the articles, which is incon-
venient for supervised RE training; 3) the quality
of annotation is limited (Dai et al., 2018). To ad-
dress these issues, we therefore manually built two
datasets, namely, Grant-RE and Grant-SP, for the
two modules in our framework.

3.1 Dataset: Grant-RE

Grant-RE is the dataset for the RE model. We
downloaded articles with the original xml format
from open access subset of PMC 3. The raw text
from the acknowledgement section of an article
was then parsed into readable paragraphs, and the
sentences were split by using NLTK4 tools. We
manually selected the funding sentence and la-
belled grant information. A grant relation is repre-
sented as four integers for the intervals of a funder
entity and a grantID entity.

2https://gitlab.com/crossref/open funder registry
3https://ftp.ncbi.nlm.nih.gov/pub/pmc/oa bulk/
4https://www.nltk.org/

As given in Table 1, we present the statistics
of the train/dev/test splits for the grant informa-
tion extraction dataset. There are two versions of
test splits. One is from PMC, which is as same as
train/dev split, while another from arXiv is used for
conducting evaluations of our approaches on the
universal domain. To ensure quality, the GrantRE
dataset was annotated by 4 well-trained annotators,
with each sentence being annotated twice by differ-
ent annotators. For those sentences having different
annotations, we will seek advice to experts to de-
cide their final annotations. Besides, the test data
splits were repeatedly checked 3 times.

train dev test testa

# sentence 2104 477 500 350
# funder entity 4592 1192 1297 706
# grantID entity 4195 1084 1116 646
# grant relation 4107 1097 1179 684

Table 1: Statistics of Grant-RE. Test, train, and dev sets
are from PMC. The testa is from arXiv papers.

3.2 Dataset: Grant-SP

Unlike Grant-RE, we sampled sentences from all
sections in a paper to annotate a funding sentence
classification dataset. Because the numbers of pos-
itive and negative sentences were unbalanced, we
discarded most of the negative sentences in the
train/dev set to accelerate the training.

The test set in Grant-SP is used not only for
the classifier evaluation, but also for the whole
framework evaluation. For building the test set, we
strictly followed our framework pipeline: for each
article, we kept all negative sentences, and tagged
grant information for positive sentences. Because
the classifier has a high recall, when labeling the
test split, we borrow the outputs from trained mod-
els for the auxiliary reference. For a sentence that
the classifier considers to be positive and the RE
model can also extract information, we manually
relabel it. In Table 2, we report the statistics of
train/dev/test splits.

train dev test

# sentence 908 282 16069
# positive 158 51 101
# articles - - 50

Table 2: Statistics of Grant-SP
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4 Methodology

4.1 Framework
As shown in Figure 2, the left side illustrates the
overall workflow of our GrantRel. Given prepos-
sessed sentences from raw articles, the sentence
classification module selects the sentences that may
contain grant information. Without this step, the
framework may suffer from low precision. After
this, the RE module will extract grant information.

4.2 Identification of funding sentences
Our models use a pre-trained BioBERT (Lee et al.,
2019) to encode context information. Suppose
sentence x is first tokenized into byte-pair en-
coded (BPE) tokens (Sennrich et al., 2016) x =
{x1, x2, ..., xl} with length l. BioBERT takes it as
an input and outputs a length of l + 2 embedding
sequence e = {eCLS , e0, e1, ..., el, eSEP }. The
additional embedding eCLS captures the whole sen-
tence context. A Logistic Regression is then used
to calculate the probability:

psent = σ(WsenteCLS + bsent) (1)

Here the σ(·) is the sigmoid function, and
{Wsent, bsent} are trainable parameters.

4.3 Joint entity and RE
A grant relation consists of a funder (subject eneity
s) and grantID (object entity o). Given input sen-
tence x and its tokens x, we use T to represent the
set of all grant relations of this sentence. The likeli-
hood of all relations T = {(s, o)} in this sentence
can be written as:

∏

(s,o)∈T
p(s, o|x) =

∏

s∈T


pfd(s|x)

∏

o∈T |s
pgr(o|s, x)




(2)

In Eq.(2), the role of pfd(s|x) acts as a subject
tagger that recognizes funder name entities in the
sentence, where s ∈ T denotes a subject appearing
in T . pgr(o|s, x) is to identify the object with only
having a relation with the specific s. o ∈ T |s is the
object in T led by subject s. Indeed, this extracting
scheme allows us to extract the grantID at once for
each funder name. To handle independent grantIDs,
we add an additional probability item pid to tag
grantID. As such, the overall likelihood of grant
information in x is:

∏

s∈T


pfd(s|x)

∏

o∈T |s
pgr(o|s, x)


∏

o∈T
pid(o|x)

(3)

4.3.1 Funder name detection
The low-level tagging module aims to detect all
possible funder entities from x. Similar to sentence
classification, BioBERT (Lee et al., 2019) gener-
ates the tokens representation e. Using the IOB
tagging scheme, we predict the IOB tag y for each
token. A specific operation on the ith token is as
follow.

yi = softmax(Wfdei + bfd) (4)

4.3.2 Grant relation detection
A funder name is either extracted at the first phase
or provided by the dataset during the training. The
conditional grant number tagger distinguishes the
grantID that only belongs to this particular fun-
der name from other candidates. We first use a
fused BERT embedding efd to represent this fun-
der name:

efd = ffd(e,ufd) (5)

where ufd = [ustartfd , uendfd ] is the position bound-
ary of a funder name entity. Since the length of
the funder name can vary, function ffd(·) is used
to produce a fixed-size feature for funder names.
On choosing ffd(·), we use the average pooling of
the entire entity span. For each token, the grant
relation module classifies tag z as :

zi = softmax(Wgr[efd, ei, egr] + bgr) (6)

where ei is the encoding of token xi, and egr is the
grant relation feature explained below (Senction
4.4).

4.3.3 GrantID detection
If a funder name is undetected in the previous step,
we will miss the corresponding grant numbers. In
addtion, some grant numbers even occur indepen-
dently for some reasons, such as a sentence segmen-
tation error. For extracting the complete grant infor-
mation, an auxiliary item pid(o|x) is used to tag all
grantIDs . We view the detection of grantIDs as a
special case of the grant relation detection by using
trainable vector ê to represent all funder names.
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Figure 2: The left side is the grant information extraction pipeline, with the RE model in GrantRel on the right side.
For convenience, words are presented without tokenization. The three funders in the sentence are detected by the
funder tagger. For each funder name, its corresponding grantID is matched by predicting its label in each position.
Note that an ID tagger is able to find all grant numbers at once.

This means that all grantIDs in the sentence should
match this special funder name. The operation on
the ith token is as follows.

oi = softmax(Wgr[ê, ei, egr] + bgr) (7)

4.4 Grant relation feature
To establish the correct connection between a
grantID and a funder name, we use additional fea-
tures egr other than entity representation, which
characterize the relation between the funder name
and the ith token in x in Eq 6. These features can
be captured by using information such as the span
of funder ufd and input context x.

4.4.1 Position embedding
First, we use the relative distance to measure the
two positions:

d(i, j) = min(max(−k, (i− j)), k) (8)

where the distance is clipped into a region of
[−k, k]. The position of an extracted funder en-
tity is an interval ufd. Some funder names have
relative long spans, so it would be inaccurate to
represent all the distances by a single number. We
concatenate two relative distance embedding as our
final position embedding:

epos = [emb(d(ustartfd , i)), emb(d(uendfd , i))] (9)

where emb(·) represents a learnable embedding.

4.4.2 Context embedding
We observe that the context for the funder and tar-
get token has semantic information that is helpful
for establishing relationships. Therefore, we utilize
e to represent context embedding ectx. For exam-
ple, a sentence is: “funded by NIH ( CA123456 ) ,
and CIHR ( R01 12111 )” During the grant relation
phase, the subject funder name is “NIH”, the tar-
get token is “12111”, their localized context is the
blue part of “( CA123456 ) , and CIHR ( R01” in
the sentence. The max-pooling for encoding e of
the localized context is used to generate a fix-size
representation ectx.

4.4.3 Adaptive embedding
A combination of two embeddings of position and
context can make our model more robust. Fur-
thermore, when the context meaning is abundantly
clear, we expect the proposed model can concen-
trate more on the context information. According
to this view, we propose a mechanism that can
balance two embeddings to deal with different situ-
ations in an adaptive way:

egr = α · epos + (1− α) · ectx (10)

where α is a scalar decided by the context embed-
ding as:

α = σ(Wadaectx + bada) (11)
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Funder Entity GrantID Entity Grant Realtion
Test Set Models Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

PMC

CasRel(Wei et al., 2020) - - - - - - 71.7 49.0 58.2
SpERT(Eberts and Ulges, 2019) 88.6 93.0 90.7 89.8 97.9 93.6 82.6 90.3 86.3
GrantRel-base 91.9 92.9 92.4 92.8 97.7 95.2 68.8 56.9 62.3
GrantRel-pos 91.9 93.0 92.5 96.1 97.8 96.9 88.9 87.4 88.1
GrantRel-ctx 91.3 92.3 91.8 95.4 97.8 96.6 90.0 89.6 89.8
GrantRel 91.8 93.0 92.4 96.4 97.3 96.8 92.7 89.7 91.2
GrantRelBERT 91.7 92.0 91.9 95.3 97.2 96.2 91.4 89.2 90.3

arXiv

CasRel(Wei et al., 2020) - - - - - - 70.1 39.0 50.1
SpERT(Eberts and Ulges, 2019) 82.5 85.9 84.1 86.5 94.3 90.3 76.6 81.8 79.1
GrantRel-base 83.6 82.9 83.2 90.3 97.2 93.6 66.8 49.7 57.0
GrantRel-pos 85.8 85.7 85.8 92.5 97.1 94.7 87.0 81.0 83.9
GrantRel-ctx 85.4 85.4 85.4 93.9 96.8 95.3 85.1 85.1 85.1
GrantRel 86.2 85.9 86.0 93.9 96.6 95.2 86.9 84.3 85.6
GrantRelBERT 86.3 83.6 84.9 90.7 96.0 93.3 83.8 80.1 82.0

Table 3: The performance of GrantRel compared with typical RE models on the test sets of PMC and arXiv.

5 Experiments

In this section, we compare the performance of
the GrantRel RE model with several RE baselines
on the Grant-RE dataset. The varying degree of
the improvement of the RE model with different
features is also examined. Finally, the overall per-
formance of the proposed GrantRel framework is
comprehensively evaluated.

5.1 Experiment settings
In Table 3, we define GrantRel-base as the pure
RE model without considering additional fea-
tures. Compared to GrantRel-base, GrantRel-
pos makes use of the position embedding, while
GrantRel-ctx uses context embedding. As our
ultimate model, GrantRel integrates two embed-
dings of position and context in an adaptive way.
These models both initially encode the input by
using the BioBERT pretraining. In particular,
GrantRelBERT uses the BERT encoding for a fair
comparison with other BERT-based baselines: Cas-
Rel (Wei et al., 2020) the state-of-the-art model of
WebNLG (Gardent et al., 2017) and NTY(Riedel
et al., 2010) dataset, and SpERT (Eberts and Ulges,
2019) the state-of-the-art model of CoNLL2004
(Roth and Yih, 2004) dataset. In order to use the
SpERT in Grant-RE, we extend the max span size
from the original one of 20 to 25. This increases
the training time, but covers the widest span of fun-
ders in our dataset. Other baselines settings strictly
follow the optimal settings of the original paper.

We used Pytorch to implement the deep learning
models. All GrantRel models were trained by using
Adam (Kingma and Ba, 2015) optimizer. During
the training, the number of epochs was chosen as
30, and the learning rate dropped 20% in every
two epochs with an initial learning rate of 5e-5. In
addition, the distance threshold k in position em-
bedding was set to 40, together with the batch size
of 10, and the dimension of context and position
embedding of 768. All of our experiments were
conducted on a single GTX 1080Ti GPU.

5.2 Evaluation metrics

In this work, we use f1-score (F1), precision (Prec.),
and recall (Rec.) to measure the performance of
our models on extracting grant relation, grant num-
ber, and funder entities. For all the evaluations, a
predicted entity is correct only if both its head and
tail are correct.

Grant relation evaluation: For relation evalua-
tion, we tested only the triplets with a complete
grantID and funder name in the test dataset by ex-
cluding isolated funder names or grantIDs. This
also held true for the other RE tasks.

Grant information evaluation: Grant informa-
tion evaluation aims to test the overall performance
for our GrantRel framework. Differing from re-
lation evaluation, the overall evaluations include
isolated funder names and grant numbers.
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5.3 Experiment Results: Grant-RE

The experiments here focus only on the RE model,
with the funding sentences provided. Main results
on the Grant-RE dataset are shown in Table 3. We
have four main findings. (1) GrantRel achieves
the best performance on both PMC and arXiv test
splits, with an increase of 3.9% and 6.5% respec-
tively compared with other baselines. (2) Grant
relation features are critically important. Without
adding additional features that characterise the re-
lationship between a funder name and a grant num-
ber, the GrantRel-base model and CasRel have a
bad performance. When the position embedding
was integrated (GrantRel-pos), the f1-score, how-
ever, increase significantly with 27.5% improve-
ments. Context embedding(GrantRel-ctx) perform
better than position embedding by another increase
of 1.7%. SpERT using a context embedding also
has considerable performance(86.3%). Further,
the combination of context embedding and posi-
tion embedding in GrantRel produce the best f1-
score 91.2%. (3) GrantRelBERT perform worse
than GrantRel in both test sets. Which means that
BioBERT, as an encoding layer, performs better
than BERT in terms of grant information extraction.

The reason for this is that BERT was trained only
from wiki and books, but BioBERT was trained on
additional scientific papers. (4) When tested on a
new domain (arXiv), the performance of all mod-
els dropped slightly. This is because most funder
names in the arXiv test set are different from those
in PMC.

5.4 Experiment Results: Grant-SP

Before applying relation extraction, we first iden-
tify which sentence in a given paper is grant-related
by using the sentence classifier. In this experiment,
two models are combined into a pipeline. If a
sentence is predicted as negative by the classifier,
we will exclude it from relation extraction. As
we know, the best RE model from Section 5.3 is
the downstream module. To verify the effect of
the funding sentence classifier, we compared our
GrantRel (Clf+RE) with the framework without
classifier (RE), framework with key-words sen-
tence matching (Key+RE), and framework with
perfect classifier (Gold+RE), respectively. The ex-
periment results are reported in Table 4. Since we
discarded most of the negative samples in train-
ing, our funding sentence classifier had achieved a
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Preds: 
    UK Medical Research Council ( WBS ---- U.1300.00.004

Ground Truth:
    NHMRC  ---- ID#403933

Preds: 
    NHMRC  ---- None

Grant relation error ( PMC 15.79% /  arXiv 8.24 % )

Funder entity error ( PMC 55.79% /  arXiv 68.23 % )

GrantID entity error ( PMC 28.42%  /  arXiv 23.53% )

(1) Work in the P. Cortes laboratory is supported in part by  

R01AI07880 from NIH, and past support form the 0R56AI070532-
01A1 ( NIH ), RSG-04-191-01 from American Cancer Society , a 
Leukemia and Lymphoma Society Scholar Award 

Ground Truth:
    NIH, ---- R01 AI07880
    NIH ---- R56AI070532-01A1
    American Cancer Society ---- RSG-04-191-01

    Leukemia and Lymphoma Society Scholar Award ---- RSG-04-191-01

Preds: 
    NIH, ---- R01 AI07880
    NIH ---- R56AI070532-01A1
    American Cancer Society ---- RSG-04-191-01

    Leukemia and Lymphoma Society Scholar Award ---- None

(2) Funding CE, KH and HL are funded by the UK Medical 
Research Council ( WBS U.1300.00.004 ).

Figure 4: Example of error cases from the GrantRel RE
model. There are three types of errors, each of which
is statistically analyzed on PMC test set and arXiv test
set.

very high recall. Compared with RE and Key+RE
models, the framework with the sentence classifier
achieved a significantly higher precision. Mean-
while, the sentence classifier could reduce search
costs. In our experiments, the RE model could
process 25 sentences per second. In contrast, our
framework could process 50 sentences per second
by filtering out the non-funding sentences.

5.5 Case study
We review the results from different models and se-
lect some cases for further analysis in this section.

First, we examine the results from RE models
with different features in Figure 3. In case (a),
only the GrantRel identified correct funder names
and grant relations. The base model GrantRel-
base matches each agency to all grant numbers.
GrantRel-pos produced the correct relation. How-
ever, GrantRel-ctx built the wrong connection be-
tween DST-SERB and ID160343. We speculate that
the context information for the entity and the ID
may not work. But, the distance between the two

Grant Sent. Grant Info.
Pipelines Prec. Rec. F1 Prec. Rec. F1

RE - - - 12.0 94.9 21.3
Key + RE 51.0 74.3 60.5 86.1 68.9 76.5
Clf + RE 85.6 100 92.2 85.7 93.3 89.4

Gold + RE 100 100 100 89.8 93.3 91.6

Table 4: The pipeline performance on Grant-SP.
Clf+RE is the GrantRel framework; Key+RE selects
the funding sentence by keywords matching; Gold+RE
uses the ground truth to select funding sentence; and
RE extracts grant information on each sentence.

entities is too long. As a result, only models that
incorporate position information output the correct
relation. In case (b), GrantRel-base still had terri-
ble performance. For the sentences with grantIDs
that are located at the front of their corresponding
funders, GrantRel-pos performed poorly. Neverthe-
less, this case can be easily handled by considering
context information as does in our framework. By
analysis, we find that the base model intends to pre-
dict whether a funder is associated with numbers
first. If it is, the funder will be established the rela-
tions with all found grantIDs. If not, the funder will
be regarded as isolated. Context embedding can
build relations in a complicated semantic situation.
Position embedding is particularly helpful when
context embedding is inadequate or ambiguous. In
case (c), we compare our framework with Gran-
tExtractor (Dai et al., 2018). GrantExtractor can
only extract grant number 1R01GM088252 from
the sentence and infer the NIH by this ID. However,
it even misses the number 1RO1GM099669 if the
char “0” is wrongly spelled as “O”. It is easy for
our model to identify such error-spelled grantIDs.

Second, we carry out the error analysis on wrong
cases by GrantRel (see Figure 4). In case (1),
grantID RSG-04-191-01 is related not only to Amer-
ican Cancer Society, but also to Leukemia and Lym-
phoma Society Scholar Award. But the RE model
treated the following entity as an independent fun-
der. Such an example requires the model to have
a deeper understanding of semantic information.
Moreover, training data lacks such a kind of sam-
ples which make the RE model more difficult to
extract. In case (2), GrantRel wrongly recognized
the funder name, and this kind of error accounts
for the majority. In case (3), GrantRel failed to find
the grant number. This can be explained by the
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fact that the “ID” mostly appears independently
in training without being tagged as a number en-
tity. Such errors can be corrected by using more
fine-grained tokenization.

6 Conclusion

In this paper, we have presented a novel pipeline
framework named GrantRel for automatically ex-
tracting grant information from academic articles.
The framework has two components of the text clas-
sification module and the joint RE module. More-
over, we manually labelled two datasets for training
and testing modules. Compared to the previous ap-
proaches, the proposed framework has achieved
significant improvements in extracting any types
of funder names mentioned in articles. Overall, the
experiments have demonstrated that our RE model
outperforms several state-of-the-art baselines of
grant extraction.
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A Tagging Standard

In the process of dataset construction, it is a chal-
lenge to set a standard for annotations, especially
for determining funder entities. After reviewing
lots of examples, we decided to use the following
rules to determine a funder entity in our tagging.

• Apart from agencies, specific programs,
awards, foundation, and fellowships are also
regarded as funder names.

• If the name of a program, or fellowship, or
award, etc., is associated with the correspond-
ing agency, we will treat them as a whole
funder name.

• The address or abbreviation associated with
a funder name will be included as part of its
funder name.

• The sub-division associated with an agency is
viewed as part of the funder name.

B Performance Impact of the Funder
Representation

In Table 5, we examine the performance under dif-
ferent funder representations efd. The following
RE models all adopted a standard GrandRel struc-
ture (Using the adaptive embedding), with differing
only in their representation approaches of funder
names

Grant Realtion
Funder Representation Prec. Rec. F1

Head 91.71 90.00 90.85
Head+Max 91.93 89.83 90.87
Head+Mean 91.89 90.25 91.06
Head+Tail 91.46 88.90 90.16
Max 92.56 89.58 91.04
Mean 92.65 89.75 91.18

Table 5: Results of GrantRel with different funder rep-
resentations with respect to the PubMed test set.

• Head: The funder entity representation uses
the first token representation.

• Head+Max: The max-pooling of the entity
span representation metric concatenates with
the first token representation to represent the
whole entity.
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(1) (2)

(3) (4)

(5) (6)

(7) (8)

Figure 5: In each sentence, the blue-colored word is the selected funder entity, and the red-colored word is all grant
numbers in the sentence. The float number on each word represents its alpha value when calculating the adaptive
embedding under the blue-colored funder.

• Head+Mean: The average-pooling of the en-
tity span representation metric concatenates
with first token representation to represent the
whole entity.

• Head+Tail: The first token representation
concatenates the last token representation.

• Max: The max-pooling of the entity span rep-
resentation metric.

• Mean: The average-pooling of the entity span
representation metric.

It is observed that the average-pooling of the
entity span has the best performance. Hence, we
adopted this funder representation method in all
our experiments.

C Performance Impact of the Adaptive
Mechanism

Our adaptive embedding approach (GrantRel) were
compared with the simple fuse approach (GrantRel
pos+ctx), which merges both position embedding
and context embedding by simply adding them.
The results in Table 6 show GrantRel is slightly
better.

As shown in Figure 5, we further analyze the
impact of α on the embedding by using some cho-

Grant Realtion
Model name Prec. Rec. F1

GrantRel pos+ctx 92.63 89.49 91.03
GrantRel 92.65 89.75 91.18

Table 6: Comparisons between GrantRel and
GrantRel(pos+ctx) against the test set ofPubMed
relation extraction .

sen samples. For each sentence, given a funder
entity being contained in this sentence, GrantRel
calculated the value of α among all positions in Eq.
(11).

For cases (1)-(4), we examine the impact
of position embedding. As such, the out-
puts of GrantRel are compared with those of
GrantRel(pos+ctx). In sentence (1), both GrantRel
and GrantRel(pos+ctx) could recognize the grant
number, but GrantRel(ctx) could not. Besides, we
can see that the α value is high for grant number

“#N44DA-3-5515”. In sentence 2, we manually built
a case by replacing the GrantID with a more pseudo
one. At a result, GrantRel still identified it as a
grant number. But the GrantRel(pos+ctx) whose
alpha value is always 0.5 did not recognize. In case
(3), without Arabic chars in “#NNN”, GrantRel
did not identify it as an ID even with a high α
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value, either. We can conclude that if a token
is close to the funder entity, and the alpha has a
high value, the model tends to label an ID-like to-
ken into a GrantID. In case (4), GrantRel(pos-ctx)
wrongly distributed “AI46706” to “NIH”. In con-
trast, GrantRel assigned a low α value to “AI46706”
according to its context of“to WB” and thus dis-
carded this wrong relation.

In cases (5) to (8), we further explore the im-
pact of different factors, which may influence the
α value. For case (5) and case (6), the α values on
grantID “CA12345” differ largely. But the only
difference is that there is an agency of “NIH” in (6)
between two IDs. We find that α dramatically de-
creases if the local context has other funder names.
In cases (7) and (8), we find that some words can
also reduce the α value except for funder names.
Thus, the model should automatically pay more
attention to context information. For example, the
word “and” in (8) means that the previous grant
information is parallel to the following grant in-
formation. Hence the model did not establish a
connection between “CE123321” and “CIHR”.
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Abstract

This work empirically explores effective ex-
ploiting of intermediate output from pre-
trained language models (PrLMs) for language
generation tasks. For this purpose, we propose
an improved method to integrate public check-
points of PrLMs for the most convenience
and perform extensive experiments on 6 differ-
ent kinds of PrLMs, including BERT, ELEC-
TRA, GPT2, Multi-lingual BERT, and XLM
RoBERTa. Evaluation with automatic met-
rics shows that our approach significantly im-
proves the generation quality on the generation
tasks, up to 1.8 BLEU points for neural ma-
chine translation (Korean-to-English, Korean-
to-Chinese) and 1.8 ROUGE points improve-
ments for text summarization.

1 Introduction

Pre-trained Language Models (PrLMs), such as
BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019), and ELECTRA (Clark et al., 2020), have
thoroughly changed the landscape of state-of-the-
art performance on many Natural Language Un-
derstanding (NLU) tasks. Also, publicly released
checkpoints of the PrLMs allow natural language
processing (NLP) researchers to gain SOTA results
while saving vast compute and time resources. The
widely used method to exploit PrLM is fine-tuning.
However, for Natural Language Generation (NLG)
tasks, such methods do not get as much perfor-
mance gain as in the NLU task. Several previ-
ous studies proposed methods that better use prior
knowledge of the PrLM for NLG tasks (Yang et al.,
2020; Zhu et al., 2020; Chen et al., 2020). Expend-
ing the previous studies, in this paper, we propose

∗ Corresponding author. This paper was partially sup-
ported by National Key Research and Development Program
of China (No. 2017YFB0304100) and Key Projects of Na-
tional Natural Science Foundation of China (U1836222 and
61733011). This work was supported by Huawei Noah’s Ark
Lab.

an improved method that exploits the checkpoint
of the PrLM into the Transformer models (Vaswani
et al., 2017).

The existing methods for leveraging PrLM in
NLG tasks can be roughly classified into two cate-
gories: Reusing the PrLM as a starting point and In-
tegrating the intermediate output of the PrLM. The
former, the widely used in various NLP tasks, de-
notes to initialize the part of Transformer from the
PrLM for generation tasks (Clinchant et al., 2019;
Edunov et al., 2019; Rothe et al., 2020) or replace
the input embedding with the PrLM. The latter is
an approach that first extracts the contextualized
representation from a LM for an input sentence and
fuses it into a neural model (Yang et al., 2020; Zhu
et al., 2020; Chen et al., 2020). As our preliminary
experiment shows, we expand this approach and ex-
plore in many ways towards better performance. In
both of the preceding approaches, whether to freeze
or fine-tun the parameter of PrLM is also an im-
portant issue. For the former (Reusing the PrLM),
several works demonstrated that freezing the PrLM
at training time led to a significant performance
drop. Meanwhile, for the latter approach (Integrat-
ing the PrLM), prior studies adopted the whole
or half-freezing instead of fine-tuning the param-
eters of the PrLMs. Yang et al. (2020) suggested
that the reason why fine-tuning PrLM in neural
machine translation (NMT) does not work as well
as in other NLP tasks is due to the availability of
large training data and the high capacity of baseline
NMT models (i.e., Transformer), where excessive
fine-tuning leads to the catastrophic forgetting phe-
nomenon (Goodfellow et al., 2015). Also, Zhu et al.
(2020) shows that freezing the BERT in NMT is
better than fine-tuning with a large gap. This is
in line with our experimental results. Thus in this
empirical study, we freeze the parameters of the
PrLMs in our experiments.

This paper focuses on finding an effective
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Figure 1: The architecture of our proposed model.

method integrating the intermediate output into
the Transformer model to improve the generation
quality, unlike the widely used methods such as
initializing a part of Transformer and replacing the
input embedding with the PrLM. To this end, simi-
lar to Zhu et al. (2020), we insert PrLM-dedicated
modules that take the intermediate output from
the PrLM and make the extra flow for PrLM in
Transformer layers. This allows us to integrate
PrLM into the Transformer without considering
the PrLM’s configuration such as modeling, di-
mension and vocabulary. Based on extensive em-
pirical experiments, we finally adopt an improved
method that uses the Second-to-last (i.g., penulti-
mate) hidden state of the PrLM as the contextual-
ized representation and proceeds, in only Source-
side (Encoder), Summation of the source input
flow and the PrLM flow generated through the
PrLM-dedicated modules. In our experiments,
we use the publicly released checkpoints of 6 types
of PrLMs: BERT, DistilBERT, ELECTRA, GPT2,
Multilingual BERT, and XLM-RoBERTa. We re-
lease an implementation of our improved method
for Korean language generation tasks 1.

2 Model

We propose a modified Transformer-encoder that
effectively integrates publicly available check-
points of PrLMs. Figure 1 shows the architec-
ture of our proposed model. We add an extra

1https://github.com/tmtmaj/Exploiting-PrLM-for-NLG-
tasks

flow for PrLM through additional PrLM-dedicated
modules including PrLMAttn, Add&Norm, and
FFN. Specific mathematical formulations are left
at Appendix B. Given an input sequence xs =
{x1, ..., xN}, there is a PrLM-input sequence xp =
{xp1, ...xpM} of length M splited by the PrLM-
dedicated tokenizer. The PrLM-input sequence is
fed to the PrLM for generating the PrLM represen-
tation HP = PrLM(xp). Based on preliminary
experiment, we adopt the second-to-last hidden
state of the PrLM outputs as the contextualized rep-
resentation. In our proposed encoder, the PrLM
representation HP is merged with the source flow
to generate the output Hn

S of nth encoder layer:

Hn
S = (FlowP + FlowS) +AttnS , (1)

FlowP = FNN(AttnP +Hn−1
S ), (2)

AttnP = PrLMAttn(Hn−1
S , HP , HP ), (3)

FlowS = FNN(AttnS +Hn−1
S ), (4)

AttnS = Attn(Hn−1
S , Hn−1

S , Hn−1
S ), (5)

where PrLMAttn is the PrLM-dedicated attention
module that takes the previous hidden state Hn−1

S

as a query and the PrLM representation HP as
a key and a value and Attn is the original one.
We adopt the summation strategy for merging the
two different flows, and it gains better results than
previous works such as gate network (Yang et al.,
2020) and dropnet (Zhu et al., 2020).

3 Experiments

To demonstrate the effectiveness of the proposed
method, we perform extensive experiments on two
NMT and abstractive text summarization tasks. For
translation, we use BLEU (Papineni et al., 2002)
for the evaluation of translation quality, and for
text summarization, we report unigram and bi-
gram overlap (ROUGE-1 and ROUGE2) to assess
informativeness, and the longest common subse-
quence (ROUGE-L) to assess fluency with ROUGE
scores (Lin, 2004). All the model training is on
a single NVIDIA Tesla V100 GPU (16130MiB,
Google Colab).

3.1 Datasets and Experimental Setting

We evaluate our approach on language generation
tasks such as translation and text summarization.
For translation tasks, we use two machine transla-
tion datasets: AIHub Ko→En 2 (containing 1.6M

2http://www.aihub.or.kr/
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Systems Ko→Ch Ko→En

Transformer 30.35 (-) 41.19 (-)
(Zhu et al., 2020) 31.33 (+0.9) 41.97 (+0.7)
(Clinchant et al., 2019) 31.75 (+1.4) 41.55 (+0.4)

Korean-specific PrLM
+KoBERT 31.20 (+0.8) 42.17 (+0.9)
+HanBERT 31.39 (+0.9) 42.03 (+0.8)
+DistilKoBERT 30.94 (+0.5) 41.91 (+0.7)
+ELEC. small 31.51 (+1.1) 42.20 (+1.0)
+ELEC. base 32.17 (+1.8) 42.59 (+1.4)
+KoGPT2 30.38 (+0.0) 41.74 (+0.5)

Multi-language PrLM
+BERT cased 30.57 (+0.2) 41.17 (-0.0)
+BERT uncased 30.78 (+0.4) 41.22 (+0.0)
+RoBERTa base 31.09 (+0.7) 41.85 (+0.6)
+RoBERTa large 31.64 (+1.2) 42.01 (+0.8)

Table 1: Experimental results on translation tasks. Both
Clinchant et al. (2019) and Zhu et al. (2020) use ELEC-
TRA base.

training, 3K development and 3K test sentence
pairs) and Ko→Ch 3 (317K, 3K, 3K pairs). For
text summarization, we use a news document sum-
marization dataset (40K, 1K, 1K pairs) from two
institutes 4. In our experiment, we adopt a base
Transformer (Vaswani et al., 2017) as the base-
line model and use 6 different PrLMs: BERT, Dis-
tilBERT, ELECTRA, GPT2, Multi-lingual BERT,
and XLM-RoBERTa. More details about the set-
tings are included in Appendix A.

3.2 Experimental Results

Table 1 and 2 report the results of machine trans-
lation and abstractive text summarization task, re-
spectively. For the experimental results, we made
the following observation: (1) For all the tasks, our
proposed methods outperform the strong baseline
Transformer w.r.t BLEU (up to 1.8) and ROUGE
(up to 1.8). (2) For PrLMs, ELECTRA base
gains the most significant improvements. Note
that ELECTRA small is smaller in size than other
models, but it shows better performance. This
means that factors other than the size of the PrLM
have a greater influence on the generation quality.
(3) Another observation is that in most cases, using

3http://www.donga.com/ and
http://semanticweb.kaist.ac.kr

4https://corpus.korean.go.kr/ and
https://dacon.io/competitions/official/235673/overview/

Systems R-1 R-2 R-L 4
Transformer 46.32 29.56 37.88 -
Oracle 57.17 44.00 44.46 -

Korean-specific PrLM
+KoBERT 47.05 30.40 38.68 +0.8
+HanBERT 47.49 31.22 39.51 +1.5
+DistilKoBERT 46.64 29.86 38.43 +0.4
+ELEC. small 47.10 30.88 39.01 +1.1
+ELEC. base 47.90 31.44 39.91 +1.8
+KoGPT2 46.99 30.51 38.65 +0.8

Multi-language PrLM
+BERT cased 46.44 29.61 38.11 +0.1
+BERT uncased 46.92 29.80 38.40 +0.4
+RoB. base 47.01 30.55 38.89 +0.9
+RoB. large 46.77 30.31 38.66 +0.6

Table 2: Experimental results on summarization task.
4 denotes average improvements.

Korean-specific PrLMs leads to better performance
than using multi-language PrLMs.

4 Explorations for leveraging PrLM

Our proposed method for leveraging PrLM is to use
the Second-to-last hidden state of the PrLM as
the contextualized representation and proceeds, in
only Source-side (Encoder), Summation of the
source input flow and the PrLM flow after the FNN.
In this subsection, the setting is the default, and
we change only the target part of each experiment.
We conducted the following four analyses on the
Korean-Chinese and Korean-English datasets.

4.1 Which hidden state of the PrLM to
extract?

We evaluated the impact on how to extract the
contextualized representation from the PrLM. As
shown in Table 3a, using the second-to-last (i.g.,
penultimate) hidden state of the PrLM performs
the best. It has also been demonstrated in Yang
et al. (2020). Moreover, as another attempt, we dy-
namically extracted the hidden state of each layer
based on sentence embedding of nth layer, which
can be gained by averaging the PrLM layer (known
as PrLM embeddings, Dyn. [Aver] in Table 3a)
or using the output of the first token (the [CLS]
token, Dyn. [CLS]). However, they did not get a
big performance boost.
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Systems Ko→Ch Ko→En

Dyn. [CLS] 31.09 (+0.7) 41.44 (+0.3)
Dyn. [Aver] 31.17 (+0.8) 41.46 (+0.3)
Last 31.34 (+1.0) 41.99 (+0.8)
Second-to-Last 32.17 (+1.8) 42.59 (+1.4)
Third-to-Last 32.03 (+1.7) 42.53 (+1.3)

(a) Methods extracting PrLM output)

Systems Ko→Ch Ko→En

Direct 30.24 (-0.1) 40.88 (-0.3)
Summation 32.17 (+1.8) 42.59 (+1.4)
Average 31.48 (+1.1) 41.94 (+0.8)
Gate Network 31.99 (+1.6) 42.31 (+1.1)
Dropnet 31.64 (+1.3) 41.99 (+0.8)

(b) Merging strategies for PrLM.

Systems Ko→Ch Ko→En

SelfAttn 31.78 (+1.4) 42.03 (+0.8)
1st Add&Norm 31.68 (+1.3) 42.01 (+0.8)
FFN 32.17 (+1.8) 42.59 (+1.4)
2nd Add&Norm 32.01 (+1.7) 42.44 (+1.3)

(c) Merging positions for PrLM.

Systems Ko→Ch Ko→En

Both-sides 31.94 (+1.6) 42.23 (+1.0)
Source-side 32.17 (+1.8) 42.59 (+1.4)
Target-side 31.29 (+0.9) 41.98 (+0.8)

(d) Adding positions for PrLM.

Table 3: The explorations for leveraging PrLM.

4.2 How to merge the PrLM representation
with the source input flow?

We compared the impact of different merging strate-
gies for the contextualized representation of PrLM.
There are directly using the PrLM as the input
embedding (Direct in Table 3b) and four merg-
ing strategies such as Summation, Average, using
Gate Network (Yang et al., 2020), and using Drop-
net (Zhu et al., 2020) As shown in Table 3b, the
summation of the PrLM flow and the source input
flow got the better improvement over others, so
we adopted the Summation strategy in our experi-
ments.

4.3 Where do the PrLM merge with the
source input flow?

In the Table 3c, we analyzed where in the encoder
layer of Transformer it would be better to merge the
PrLM and source flows. There are four positions in
a Transformer-encoder layer: after Attn, after 1st

Add&Norm, after FFN, and after 2nd Add&Norm.
It is interesting to find that merging after FFN can
get the best performance. Another observation is
that merging the contextualized representation of
the PrLM before the Add&Norm (i.e., after Attn or
FFN) works better.

4.4 Where do the PrLM flow add?

We evaluated where to add the PrLM: source-side,
target-side, and both sides. As shown in the Ta-
ble 3d report the results. Among them, adding the
PrLM to only source-side (i.e., encoder) gained
the best result. Intuitively, since contextual repre-

Systems Ko→Ch

Transformer 30.35 (-)

Multi-PrLMs
+ELEC. base 32.17 (+1.8)
+ELEC. small, ELEC. base 32.11 (+1.7)
+KoBERT, ELEC. base 32.11 (+1.7)
+(Ko, Han)BERT, ELEC. base 32.19 (+1.8)

Table 4: Leveraging multi-LMs

sentation from the fixed PrLM contains univeral
information, not information for generation tasks,
combining it directly with the target context may
adversely affect performance improvement.

5 More analyses

5.1 Leveraging Multi-PrLMs

We assumed that because PrLMs were trained with
different datasets (size, domain) and diverse config-
urations, they would contain specific prior knowl-
edge. So, we tried to integrate two or more PrLMs
simultaneously (Multi-PrLMs) by adding more ex-
tra modules in each encoder layer. Contrary to
our expectations, as shown in Table 4, using Multi-
PrLMs cannot get a significant performance boost
over using single-PrLM.

5.2 Fine-tuning v.s. Freezing

We compared the impact of fine-tuning and freez-
ing the parameters of PrLM when using our method.
Table 5 shows the results. We can see that freez-
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Systems Ko→Ch Ko→En

Transformer 30.35 (-) 41.19 (-)

Freezing PrLM (Ours)
+ELEC. small 31.51 (+1.1) 42.20 (+1.0)
+ELEC. base 32.17 (+1.8) 42.59 (+1.4)

Fine-tuning PrLM
+ELEC. small 31.52 (+1.1) 41.98 (+0.8)
+ELEC. base 29.89 (-0.4) 38.92 (-2.3)

Table 5: Fine-tuning v.s. Freezing

Systems sentences/s tokens/s

Transformer 164.20 (-) 4.56k (-)

Our Systems
+ELEC. small 155.59 (-5%) 4.35k (-5%)
+ELEC. base 139.81 (-17%) 3.92k (-16%)

Table 6: Inference Speed on Ko→En NMT task

ing the parameters of PrLM gains more significant
improvement than fine-tuning. Another interest-
ing observation is that using the ELECTRA base
(112M parameters) when it is fine-tuning led to a
significant performance drop, especially for rela-
tively large corpus (Ko→En, 1.6M). It means that
catastrophic forgetting issue is more pronounced
in a resource-rich scenario and using large PrLM.
Additionally, tuning separate learning rates (Yang
et al., 2020) for the PrLM and the Transformer
model may lead to better performance but we leave
this to future work.

5.3 Inference Speed

We experimented with the inference speed of our
method. Since our method has to obtain the in-
termediate output of PrLM for an input sentence,
it takes more time in the inference process than
the baseline model. The experimental results are
shown in Table 6. Integrating PrLM into the Trans-
former model reduced the inference speed by about
5% (ELECTRA small, 14M parameters) to 17%
(ELECTRA base, 112M parameters). However,
considering the significant performance improve-
ment and the ease of application to any language,
it is acceptable of such extra cost.

6 Related Work

Previous studies relies on the structural compat-
ibility of Transformer and PrLM. For example,
Clinchant et al. (2019) presented initializing the
encoder of Transformer from BERT (fine-tuned or
fixed) and observed that freezing the PrLM causes
a considerable performance drop. Conneau and
Lample (2019) verified that initialization methods
with CLM or MLM trained on multi-lingual cor-
pora and showed such initialization are useful on
MT. Rothe et al. (2020) used the publicly available
PrLM checkpoints to initialize Transformer. While
the initialization method is useful to some extent,
there is a prerequisite for matching vocabulary and
model size/hyper-parameters to them of PrLM.

Zhu et al. (2020) proposed a new method that
extracts the last hidden state of BERT for an input
sentence and fuses it into the encoder and decoder
of the Transformer through an extra attention mod-
ule, and evaluated the effectiveness of their method
on supervised, semi-supervised and unsupervised
NMT. Yang et al. (2020) introduced a concerted
training framework with three techniques for fus-
ing PrLM and NMT model. Although they also
extract the hidden state of PrLM and integrate it
into NMT model, the NMT model must follow the
PrLM model’s configurations such as word seg-
mentation rule and vocabulary.

Our work is related to both Zhu et al. (2020) and
Yang et al. (2020) in the sense that we all aim to
extract the intermediate output of the PrLM and
integrate it into a neural model for better genera-
tion quality. As an extension of Zhu et al. (2020),
we propose an upgraded method adopted through
extensive empirical experiments. Our work differs
from Yang et al. (2020) in that we use the publicly
available checkpoints that have various configura-
tions and fix the PrLM at training time.

7 Conclusion

While most of the previous works on PrLM ad-
dress the integration of PrLMs with fine-tuning,
we propose an alternative in which a modified
Transformer-encoder takes the intermediate output
from PrLM to exploit its prior knowledge effec-
tively in a straightforward way. Our method does
not have to consider the PrLM’s configuration, such
as its model size, model dimension, and vocabu-
lary. Correspondingly, our approach and reported
empirical settings can be smoothly applied to any
languages using any checkpoints of PrLMs.
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A Experimental Settings

A.1 Model Setting

In our experiment, we use Transformer (Vaswani
et al., 2017) as the baseline model for NMT and
abstractive text summarization tasks. Additionally,
for NMT tasks, we compare our approach to the
following baselines:

• (Zhu et al., 2020): A method that inserts the
last-hidden state of fixed PrLM through PrLM-
dedicated attention module in Transformer-
encoder and decoder.

• (Clinchant et al., 2019) (Direct* in Table 1):
A method that replaces the input embedding
with the PrLM that is fine-tuned in training
time.

They all use ELECTRA base as the PrLM.

For the Transformer model, we use a base
Transformer configuration (Vaswani et al., 2017)
with an embedding size of 512, 6 encoder and de-
coder layers, 8 attention heads, shared source and
target embedding, the standard relu activation
function, and sinusoidal positional embedding. We
train with a batch size of 3500 tokens and optimize
the model parameters using Adam optimizer with a
learning rate 7e-4 β1= 0.9 and β2 = 0.98, learning
rate warm-up over the first 4000 steps. Addition-
ally, we apply label smoothing with a factor of
0.1. We average over the last 5 checkpoints and
run inference with a beam size of 5. All models
are trained for 50 epochs using the Torch-based
toolkit, Fairseq(-py) (Ott et al., 2019). For the
text summarization task, we reduce the number of
encoder and decoder layers to 4 and use Trigram
Blocking (Paulus et al., 2018) to reduce redundancy
during inference time. Other settings are the same
as above.

For all datasets, we first tokenize sentences us-
ing language-specific tokenizer such as KoNLPy5

for Korean, jieba6 for Chinese, and Moses (Koehn
et al., 2007) for English and then apply Byte-Pair
Encoding (Sennrich et al., 2016) to the tokenized
sentences with 32K merge-operations. Besides,
most of PrLMs have a limit for input sequence
length (e.g., 512), so we cut out the middle of some
long text for text summarization dataset as pro-
posed in Sun et al. (2019).

5https://konlpy.org/en/latest/
6https://github.com/fxsjy/jieba

A.2 Pre-trained Language Model Setting

In our experiments, we use 6 types of different
PrLMs including BERT (Devlin et al., 2019), Distil-
BERT (Sanh et al., 2019), ELECTRA (Clark et al.,
2020), GPT2 (Radford et al., 2018), multi-lingual
BERT, and XLM-RoBERTa (Conneau and Lample,
2019; Liu et al., 2019). Specifically, we use 10
different pre-trained checkpoints depending on the
model size, training data set, and training level:

1. KoBERT: a BERT with 768-hidden, 12-
layer, 12-heads, 8002-vocab, Korean dataset
(4GB), 92M parameters; https://github.

com/SKTBrain/KoBERT.git.
2. HanBERT: a BERT with 768-hidden, 12-

layer, 12-heads, 54000-vocab, Korean dataset
(70GB), 127M parameters; https://github.
com/tbai2019/HanBert-54k-N.git.

3. DistilKoBERT: a DistilBERT with 768-
hidden, 3-layer, 12-heads, 8002-vocab,
Korean dataset (10GB), 28M parameters;
https://huggingface.co/monologg/

distilkobert.
4. ELECTRA small: a ELECTRA with 256-

hidden, 12-layer, 4-heads, 35000-vocab,
Korean dataset (34GB), 14M parameters;
https://huggingface.co/monologg/

koelectra-small-v3-discriminator.
5. ELECTRA base: a ELECTRA with 768-

hidden, 12-layer, 12-heads, 35000-vocab,
Korean dataset (34GB), 112M parame-
ters; https://huggingface.co/monologg/

koelectra-base-v3-discriminator.
6. KoGPT2: a GPT2 with 768-hidden, 12-

layer, 12-heads, 50000-vocab, Korean dataset
(20GB), 125M parameters; https://github.
com/SKT-AI/KoGPT2.git.

7. Multi-lingual BERT cased: a BERT
with 768-hidden, 12-layer, 12-heads,
119547-vocab, 104 languages, 177M
parameters; https://huggingface.co/

bert-base-multilingual-cased.
8. Multi-lingual BERT uncased: a BERT

with 768-hidden, 12-layer, 12-heads,
105879-vocab, 102 languages, 167M
parameters; https://huggingface.co/

bert-base-multilingual-uncased.
9. XLM RoBERTa base: a BERT with

768-hidden, 12-layer, 12-heads, 250002-
vocab, 100 languages (2.5TB), 277M
parameters; https://huggingface.co/

xlm-roberta-base.
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10. XLM RoBERTa large: a BERT
with 1024-hidden, 24-layer, 16-
heads, 250002-vocab, 100 languages
(2.5TB), 561M parameters; https:

//huggingface.co/xlm-roberta-large.

B Details of the Notations

Let Attn denote a multi-head attention module,
which takes three matrices containing a query ma-
trix Q, a key matrix K, and a value matrix V and
product an output matrix as follows:

Attn(Q,K, V ) = concat(head1, ..., headi)W
o,

(6)

headi = attn(Qi,Ki, Vi), (7)

attn(q, k, v) = softmax(
qW qkW k

√
dmodel

)vW v, (8)

where concat denotes a concatenation operation,
softmax denotes a softmax function, dmodel is the
dimension of the model, and W o,W q,W k,W v

are parameter matrices. FFN consists of two fully-
connected layers with a relu activation in between.

FFN = max(0, xW 1 + b1)W 2 + b2, (9)

where max(0, x) is relu activation function, and
W 1, b1,W 2, b2 are parameter matrices. Finally,
Attn and FFN are connected with Add&Norm,
which denotes a combination module containing
a residual connection (He et al., 2016) and a layer
normalization (Ba et al., 2016).
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Abstract
Aspect Term Extraction (ATE), Opinion Term
Extraction (OTE) and Aspect Sentiment Clas-
sification (ASC) are the essential building
blocks of Aspect-based Sentiment Analy-
sis (ABSA). They are typically treated as sep-
arate tasks and are individually studied by
previous work. Recent studies intend to in-
corporate multiple sub-tasks into a unified
framework, but suffer from the following ma-
jor disadvantages: (1) ABSA models are ex-
tremely fragile when some sub-tasks are ab-
sent; (2) the interactive relations among sub-
tasks are not adequate. To this end, we pro-
pose a multi-task learning approach named
MIN (Multiplex Interaction Network) to make
flexible use of sub-tasks for a unified ABSA.
We divide the sub-tasks of ABSA into ex-
tractive sub-tasks and classification sub-tasks,
and optimize these sub-tasks in a unified man-
ner with multiplex interaction mechanisms.
Specifically, we devise a pairwise attention
to exploit bidirectional interactions between
any arbitrary pair of extractive sub-tasks and
a consistency-weighting to perform unidirec-
tional interaction from an extractive sub-task
to a classification sub-task. Since the proposed
interaction mechanisms are task-agnostic, our
model can also work well when some specific
sub-tasks are absent. Extensive experiments
on two widely used benchmarks with different
numbers of sub-tasks demonstrate the superi-
ority of the proposed model.

1 Introduction

Aspect-based sentiment analysis (ABSA), a fine-
grained task of text sentiment analysis (Liu, 2012),

∗Corresponding author

aims at summarizing opinions in user comments
towards different targets (also known as aspects).
ABSA generally consists of three specific sub-tasks,
namely, aspect term extraction (ATE), opinion term
extraction (OTE) and aspect sentiment classifica-
tion (ASC). For example, consider the sentence
“The price is reasonable although the service is in-
ferior.”, ATE aims to extract a set of aspect terms
from the sentence, i.e. {price, service}, OTE ex-
tracts the opinion words, i.e. {reasonable, inferior}
, and ASC predicts sentiment polarity for each as-
pect that is positive over the first aspect price and
negative for the second aspect service, respectively.

Prevailing solutions of ABSA treated ATE (Liu
et al., 2015; Li and Lam, 2017; Angelidis and Lap-
ata, 2018; Liao et al., 2019; Luo et al., 2019b; Ma
et al., 2019), OTE (Wang et al., 2017; Wang and
Pan, 2019) and ASC (Wang et al., 2016b; Chen
et al., 2017; He et al., 2018; Li et al., 2018b; Du
et al., 2019; Xu et al., 2021) as separate tasks and
were individually studied for decades. These sepa-
rate tasks need to be integrated into a pipeline for
practical use (Hu et al., 2019; Phan and Ogunbona,
2020). The key problem with pipeline approaches
is that errors can accumulate and that the pipeline
model fails to fully exploit the interactive relations
among different sub-tasks (He et al., 2019). Some
recent efforts have been proposed to remedy these
issues by using joint learning to enhance the in-
teractions among sub-tasks (Wang et al., 2018; Li
et al., 2019; He et al., 2019; Luo et al., 2019a; Chen
and Qian, 2020; Peng et al., 2020) and achieved bet-
ter performance than pipeline solutions. To name
some, (Li et al., 2019) incorporated ATE and ASC
and formulated the problem as a single sequence
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Sentence Food is pretty good but the orange juice is horrific .

ATE B O O O O O B I O O O
OTE O O O B O O O O O B O
ASC POS - - - - - NEG NEG - - -

Table 1: A training instance sentence with gold ATE, OTE and ASC labels.

labeling task with a collapsed tagging scheme1.
(Luo et al., 2019a) treated ATE and ASC as two se-
quence labeling problems to mitigate the confused
representation brought by the collapsed tags. More
recently, (He et al., 2019; Chen and Qian, 2020;
Peng et al., 2020) proposed to utilize OTE as an
auxiliary task and further facilitated performance.

Despite their success, existing solutions severely
suffer from the following disadvantages: firstly, the
approaches fusing ATE and ASC cannot benefit
from OTE even though there exists opinion term
annotations; secondly, the joint learning model
might not work when any of the sub-tasks is absent;
thirdly, the interactive relations among sub-tasks
are not appropriately explored. For instance, (Luo
et al., 2019a; Li et al., 2019) would fail to exploit
OTE even if these exists labeled data for training.
(Chen and Qian, 2020; Peng et al., 2020) might
become fragile when the sub-task of OTE or ATE
is absent, due to their special designed complex
interactions among the sub-tasks of ATE, OTE and
ASC. In a nutshell, the key reason for these dis-
advantages is that existing studies only consider
specific interactive relations among a fixed number
of sub-tasks, but are inadequate to use the available
sub-tasks flexibly.

In this paper, we propose a simple yet effective
neural method named MIN (Multiplex Interaction
Network) that can make flexible use of sub-tasks
for unified ABSA task. The flexibility comes in
two folds: First, the number of sub-tasks is not re-
stricted and any related sub-task can be integrated
into the unified framework. Second, the interac-
tive relations among distinct sub-tasks are flexibly
modeled in an explicit manner.

To tackle the major challenge of how to manage
ABSA with arbitrary number of sub-tasks and al-
low sub-tasks to share interactive information in a
unified learning manner, we divide the sub-tasks of
ABSA into two categories, namely extractive sub-
tasks (e.g. ATE and OTE) and classification sub-
tasks (e.g. ASC), and formulate each sub-task as

1{B, I, E}-{POS, NEU, NEG} indicates the beginning,
inside and end of an aspect-term with positive, neutral or
negative sentiment, respectively. O denotes NULL sentiment.

a sequence labeling problem. MIN is built upon a
multi-task learning framework of the shared-private
scheme (Collobert and Weston, 2008). Sub-tasks
first jointly extract the low-level shared features
using multi-layer CNN encoder/pre-trained mod-
els. Then the private features of each extractive
sub-task are independently learned by a multi-layer
CNN network with a pairwise attention mecha-
nism. Such pair-attention can capture bidirectional
interactions between any two extractive sub-tasks
accordingly. Moreover, we devise a consistency-
weighting mechanism to exploit unidirectional in-
teractions from extractive sub-tasks to classifica-
tion sub-tasks and assist in private feature extrac-
tions in classification sub-tasks. The proposed in-
teraction mechanisms (including pair-attention and
consistency-weighting) give the model the flexi-
bility to handle different ABSA situations with
different number of sub-tasks of different types.
In addition, MIN adopts an information feedback
mechanism that first aggregates information from
all available tasks and then propagates useful infor-
mation back to individual tasks, allowing different
sub-tasks to positively influence each other. Ex-
periments on two widely used ABSA benchmarks
using different numbers of sub-tasks demonstrate
the proposed MIN outperforms both pipeline and
joint learning SOTA baselines on various settings.

2 Related Work

Separate learning mainly focuses on one of the
sub-tasks in ABSA, e.g. aspect term extrac-
tion (ATE), opinion term extraction (OTE) or as-
pect sentiment classification (ASC). For the ATE
task, previous methods can be divided into unsuper-
vised and supervised models, respectively. In unsu-
pervised methods, (Liu et al., 2015) utilized rules
about grammar dependency relations between opin-
ion words and aspects for aspect terms extraction.
(Luo et al., 2019b) presented a neural framework
that leverages sememes to enhance lexical seman-
tics for long-tailed aspect extraction. (Liao et al.,
2019) utilized the capability of coupling global
and local representation to discover aspect terms.
For supervised methods (Wang et al., 2016b; Li
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and Lam, 2017; Angelidis and Lapata, 2018; Ma
et al., 2019), they were usually formulated as a
sequence tagging problem, and various neutral net-
works with attention mechanisms were proposed
to solve the task. For ASC, (Liu and Zhang, 2017;
Cheng et al., 2017; He et al., 2018; Tang et al.,
2019; Liang et al., 2019; Lei et al., 2019) attempted
to exploit contextual and positional proximity of
aspect terms for prediction by attentional neural net-
works. And (Tian et al., 2020) proposed to learn a
unified sentiment representation for different senti-
ment analysis tasks. Recently, capsule network (Du
et al., 2019; Chen and Qian, 2019), and graph con-
volution networks (Zhang et al., 2019) were also
utilized in ASC and achieved SOTA performance.
These separate learning approaches may have dis-
advantages in practical applications as they need to
be pipelined and the interactions between different
sub-tasks are totally neglected.

Joint learning strives to combine sub-tasks of
ABSA into a unified learning process. For example,
some studies proposed to handle ATE and ASC in a
pipeline or an integrated model. The pipeline mod-
els (Hu et al., 2019; Phan and Ogunbona, 2020)
are extract-then-classify processes and were pro-
posed to solve the two tasks successively. However,
they can still derive error accumulations. For inte-
grated models, (Wang et al., 2018; Li et al., 2019)
solved ATE and ASC by collapsed tagging that
is a unified tagging scheme to link the two tasks.
(Luo et al., 2019a) considered the relationship be-
tween the two tasks and attempted to investigate
useful information from one task to another. Some
works (Wang et al., 2017; Dai and Song, 2019;
Chen et al., 2020; Zhao et al., 2020) integrated
ATE and OTE in the same framework to illustrate
these two tasks can benefit from each other. Then
emerging methods (He et al., 2019; Chen and Qian,
2020; Peng et al., 2020) proposed to inject OTE
as an auxiliary task to further improve the perfor-
mance of ABSA. However, the number of sub-tasks
and interactions among them in existing integrated
methods are fixed, which can be restricted when
sub-tasks vary in practice.

3 The Multiplex Interaction Network

3.1 Task Definition

All the sub-tasks related to ABSA are catego-
rized into extractive and classification sub-tasks,
respectively, in our framework. The extractive
sub-tasks extract meaningful subsequences of sen-

tences, such as aspect terms and opinion terms,
etc. The classification sub-tasks classify parts of
sentences into different classes, e.g. sentiment
polarities, genres and etc. We formulate all sub-
tasks as sequence labeling problems in our joint
learning framework. Given a sequence of tokens
X = {x1, x2, ..., xn},

• An extractive sub-task T is to predict a se-
quence tag YT = {yT1 , yT2 , ..., yTn } for the
sentence X = {x1, x2, ..., xn}, where yTi ∈
{B, I, O}. Specifically, {B, I, O} denotes be-
ginning of, inside of and out of the extracted
targets. For example, the first and the sec-
ond rows of Table 1 demonstrate the sequence
tags of aspect term extraction (ATE) and opin-
ion term extraction (OTE) respectively. In
the example, “food” and “orange juice” are
annotated as aspect terms, and “good” and
“horrific” are labeled as opinion terms.

• A classification sub-task C is to predict a se-
quence tag YC = {yC1 , yC2 , ..., yCn} for the sen-
tence X = {x1, x2, ..., xn}, where yCi is one
of the class labels. yCi will be marked as “-”
if the token xi does not belong to any cate-
gory. For example, the last row of Table 1
demonstrates the labels of the aspect senti-
ment classification (ASC) task for the exam-
ple sentence. In this example, the “food” is
labeled as “POS”, and “orange” as well as
“juice” is labeled as “NEG”, according to the
ground truth sentiment labels of the two as-
pect terms. Other tokens are labeled as “-” as
they do not have golden labels in this task.

3.2 Model Overview
For the convenience of explanation, we take two
extractive sub-tasks, namely ATE and OTE, and a
classification sub-task ASC to describe our MIN ap-
proach hereafter. The overall architecture of MIN
is shown in Figure 1. MIN consists of a shared en-
code layer, several features extraction modules for
different sub-tasks, and an information feedback
mechanism.

Private features extraction modules accept the
same representation from a shared encode layer
then extract their private task-oriented features by
specific multi-layer CNN algorithms. In order to
enhance flexibility, MIN conducts task interactions
for two facets. Firstly, we exploit the bidirectional
interaction between two different extractive sub-
tasks by a proposed pair-attention. Using pair-
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Figure 1: Model Overview of MIN. ATE, OTE and ASC are shown with corresponding interactions. A possible
extractive sub-task and a possible classification sub-task are marked in grey colors and some details of them are
omitted for easy viewing.

attention, extractive sub-tasks can exchange help-
ful clues with each other during features extrac-
tion. Secondly, we use a consistency-weighting
mechanism to perform the unidirectional interac-
tion from an extractive sub-task to a classification
sub-task. In this way, features with highlight in-
formation of extractive sub-tasks will be passed
to other classification sub-tasks and assist in their
features extractions. Then every sub-task predicts
the corresponding sequence labels, i.e., Ŷ

A
, Ŷ

O

and Ŷ
S

, by its decode layer. The model also adopts
an information feedback mechanism that concate-
nates representations of all sub-tasks to fine-tune
the shared representations. In the following, we
first describe the MIN model in more detail and
then illustrate the learning process.

3.3 Shared Representation Generation

For a sequence of tokens {x1, x2, ..., xn}, we map
the word sequence with either pre-trained double
word embeddings (Xu et al., 2018) or pre-trained
Bert model to generate a sequence of word vectors
E= {E1, ...,Ei, ...,En} ∈ Rde×n, where n denotes
the sentence length and de denotes the dimension of
word vectors. Then we simply feed E into a multi-
layer CNN encoder to generate shared features H =
{H1, ...,Hi, ...,Hn} ∈ Rdh×n, where dh denotes
the dimension of hidden vectors.

3.4 Features Extraction for Extractive
Sub-tasks

3.4.1 Multi-layer CNN

For the extractive sub-tasks, we use a multi-layer
CNN structure proposed by (Xu et al., 2018)
to learn private features of each task separately.
Specifically, there are many 1D-convolution filters
in each CNN layer, and each filter has a fixed ker-
nel size of k = 2c + 1. As a result, each filter
performs convolution operation on a window of k
word representations, and compute the representa-
tion for the i-th word along with 2c nearby words
in its context. We can extract private features HA

of ATE and HO of OTE by the above multi-layer
CNN algorithm,

HA = MC(H),HA ∈ Rdp×n,

HO = MC(H),HO ∈ Rdp×n,
(1)

where MC indicates the multi-layer CNN algo-
rithm, dp denotes the dimension of the private fea-
tures for extractive sub-tasks.

3.4.2 Pair-attention

In order to exploit potential interactions, we de-
velop a pair-attention to exchange helpful clues
between ATE and OTE based on their semantic
correlations. For ATE, the pair-attention matrix
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AA←O ∈ Rn×n is computed as follows:

score
(i 6=j)
ij = (HAi )

>HOj ,

AA←Oij =
exp(scoreij)∑n
k=1 exp(scoreik)

.
(2)

By applying a weighted sum operation of pair-
attention to the private features HO of OTE, we
get an interactive feature matrix HA←O for ATE:

HA←Oi =

n∑

j=1

(AA←Oij · HOj ). (3)

Similarly, according to Eq. 2, we exchange HA

and HO to compute pair-attention matrix AO←A ∈
Rn×n then use AO←A and HA to get interactive
feature matrix HO←A for OTE by Eq. 3. In this
way, the model exploits bidirectional interactions
between the two sub-tasks. After pair-attention, we
concatenate the private and the interactive features
of the same sub-task, and then feed them to a fully-
connected layer to predict the sequence tags as
follows:

Ŷ
A
= softmax(WA(HA ⊕ HA←O)),

Ŷ
O
= softmax(WO(HO ⊕ HO←A)).

(4)

Note that for other extractive sub-tasks, we can
also compute the pair-attention with related extrac-
tive sub-tasks in a similar manner.

3.5 Features Extraction for Classification
Sub-tasks

Recall that a classification sub-task may benefit
from extractive sub-tasks. To name some, know-
ing the location of aspect terms will enhance the
matching degree of aspect terms with correspond-
ing sentiment polarities. For example, the second
row and the last row of Table 1 have consistent
labels2 since we expect to perform sentiment pre-
diction for aspect terms than other words. Simi-
larly, the sentiment polarities of aspect terms are
mainly influenced by surrounding opinion words.
For example, we can find “NEG” labels near to the
opinion word “horrific” in the example sentence
shown in Table 1.

3.5.1 Consistency-weighting
Inspired by the above observations, we devise a
consistency-weighting mechanism to learn private
features of ASC task.

2“Food” is the beginning of an aspect term and it has a
positive sentiment; while “pretty” is out of an aspect term and
thus has no sentiment in ATE and ASC sub-tasks.

First, we compute a set of weights to pass in-
formation with salient aspect and opinion terms to
ASC. Specifically, the weights of a token i w.r.t.
aspect and opinion terms are computed as follows:

wAi =

k∑

j=1

(α− β · |aj − i|),

wOi =

k∑

j=1

(α
′ − β′ · |oj − i|)

(5)

where k denotes the first k tokens most likely to
be aspect or opinion terms, and aj and oj are the
indexes of j-th aspect and opinion term in the sen-
tence. α, α

′
, β and β

′
are pre-specified constants.

We can simply multiply the weights wA and wO

with interactive features of ATE and OTE to get a
distilled representation of every token:

HS←Ai = wAi · HAi ,HS←A ∈ Rdp×n,

HS←Oi = wOi · HOi ,HS←A ∈ Rdp×n.
(6)

Then the shared features are concatenated with
such distilled representation, and the private fea-
tures of ASC are extracted by the same multi-layer
CNN algorithm as in the ATE and OTE sub-tasks.

HS = MC(HS←A ⊕ HS←O ⊕ H),

HS ∈ Rdp×n.
(7)

By consistency-weighting, the information of as-
pect and opinion terms are highlighted during the
features extraction for the classification sub-task.

3.5.2 Self-Attention
We adopt a self-attention mechanism to learn long-
distant dependent information in a sentence for
the classification sub-task. Specifically, the self-
attention matrix AS↔S is computed as follows:

score
(i6=j)
ij = ((HSi )

>WS↔SHSj ) ·
1

|i− j| ,

AS↔Sij =
exp(scoreij)∑n
k=1 exp(scoreik)

,AS↔S ∈ Rn×n,
(8)

where HS
i WS↔S(HS

j )
T and 1

|i−j| denote the seman-
tic relevance and distance between Hi and Hj , re-
spectively. After getting the outputs of the self-
attention layer, we also exploit a fully-connected
layer with softmax activation as a decoder:

HS↔Si =

n∑

j=1

(AS↔Sij · HSj ),

Ŷ
S
= softmax(WSHS↔S),

(9)

where Ŷ
S

is the predicted label sequence for ASC.
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Dataset Sentence Opinion
Aspect

Pos Neu Neg

Res14
Train 3,044 3,484 2,164 807 637
Test 800 1,008 728 196 196

Lap14
Train 3,048 2,504 994 870 464
Test 800 674 341 128 169

Table 2: The statistics of datasets.

3.6 Information Feedback Mechanism

MIN exploits an information feedback mechanism
to interactively fine-tune the shared feature repre-
sentations. We denote t as the times of the informa-
tion feedback. In each round, we utilize the hidden
representation before decoder in every sub-task to
update the shared features. Specifically, we con-
catenate the hidden representations with the shared
feature matrix, and then use a fully-connected layer
with softmax activation to squeeze the vectors to a
fixed dimension.

Ht = softmax(W(HA←Ot−1 ⊕ HO←At−1 ⊕ HS↔St−1 ⊕ H)), (10)

where t denotes the t-th feedback update.

3.7 Training Procedure

The overall loss L consists of cross-entropy losses
for all sub-tasks according to final predicted se-
quence labels.

LA = − 1

N

N∑

i=1

1

ni

ni∑

j=1

(yAij · log(ŷAij)),

LO = − 1

N

N∑

i=1

1

ni

ni∑

j=1

(yOij · log(ŷOij)),

LS = − 1

N

N∑

i=1

1

ni

ni∑

j=1

(ySij · log(ŷSij)),

(11)

where N denotes the number of training instances,
ni denotes the number of tokens in the i-th instance.
The overall loss is the weighted sum of the sub-
tasks’ losses:

L = a · LA + b · LO + c · LS , (12)

where a, b, c are task coefficients, and we set all
of them as 1. Following (He et al., 2019), during
model training, we only compute ASC loss on to-
kens which are related to aspect terms, i.e., if a
token is not aspect term, we will ignore predicted
the sentiment on it. We minimize the L and de-
termine a suitable t by grid search for information
feedback mechanism during the experiment.

Model
Res14 Lap14

AE-F1 AS-F1 O-F1 AE-F1 AS-F1 O-F1

DECNN-TNet* 82.79 70.45 65.80 79.38 68.69 57.39
DECNN-TCaps* 82.79 71.77 66.84 79.38 69.61 57.71
PIPELINE-MIN 84.00 71.75 68.36 78.43 71.45 59.19

MNN* 85.84 67.93 – 79.91 58.30 –
E2E-ABSA* 83.92 68.38 66.60 77.34 68.24 55.88

DOER* 84.63 64.50 68.55 80.21 60.18 56.71
MIN 84.80 73.91 69.57 79.94 71.57 60.39

Table 3: Comparison results for double-task methods.
We divided all methods into pipeline and unified mod-
els. The best scores are in bold face and the second best
ones are underlined. “*” denotes the results are taken
from their own papers or (Chen and Qian, 2020).

4 Experiments

4.1 Datasets

We adopt two widely used datasets from Se-
mEval2014 Task 4 (Pontiki et al., 2014) in our
experiment which contain reviews about restaurant
and laptop, and the statistics are shown in Table 2.
Note that original datasets have ground truth labels
for aspect terms and corresponding sentiment polar-
ities, while labels for opinion terms are annotated
by (Wang et al., 2016a).

4.2 Compared Methods

We compare our method with recent ABSA meth-
ods. To demonstrate the flexibility of our method,
we divide the baselines into two categories, namely
double-task (ATE and ASC) and triple-task (ATE,
OTE and ASC) methods, considering that existing
methods are usually designed for fixed sub-tasks.

Double-task methods contain (1) pipeline meth-
ods: we take top-performing method DECNN (Xu
et al., 2018) for ATE, TNet (Li et al., 2018a) and
TCaps (Chen and Qian, 2019) for ASC to construct
two pipeline models following (Chen and Qian,
2020). We conduct a pipeline setting of our pro-
posed MIN denoted as PIPELINE-MIN, which
trains ATE and ASC separately, for fair compari-
son. (2) unified methods: MNN (Wang et al., 2018)
and E2E-ABSA (Li et al., 2019) jointly solve ATE
and ASC by using collapsed tagging schemes, and
DOER (Luo et al., 2019a) treats these two tasks as
two sequence labeling problems and utilized a dual
cross-shared RNN.

Triple-task methods aim to solve ATE, OTE and
ASC simultaneously, including (1) pipeline meth-
ods: following (Chen and Qian, 2020), we com-
bine CMLA (Xu et al., 2018) for ATE, TNet and
TCaps for ASC to construct two pipeline baselines.
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OTE is integrated into ATE. (2) unified methods:
IMN (He et al., 2019) is an interactive multi-task
model jointly trained on ATE and ASC where OTE
is also integrated into ATE. While RACL (Chen
and Qian, 2020) is trained on ATE, OTE and ASC
in parallel that considers four relations among the
three sub-tasks.

4.2.1 Settings
Following (He et al., 2019), we adopt double em-
bedding in word embedding layer of MIN, where
each word embedding is a concatenation of gen-
eral embedding (Pennington et al., 2014) with
300 dimensions and domain embedding (Xu et al.,
2018) with 100 dimensions. We set the hidden size
de = 400, dh = 300, dp = 300, and the kernel
size, number of shared CNN layers to 5 and 2, indi-
vidually. And the numbers of information feedback
in Res14 and Lap14 are set to 2 and 3 respectively.
The layers of multi-layer CNN for ATE, OTE and
ASC are set to {2, 2, 1} and the kernel size is 5
in two dataset. Adam optimizer (Kingma and Ba,
2015) with a learning rate of 1e-4 and a batch size
of 8 are utilized for all datasets.

We also combine MIN with BERTLarge to
get MIN-BERT and {de, dh, dp} is set to
{1024, 300, 300} with a learning rate of 1e − 5
by grid search. The layers of multi-layer CNN for
ATE, OTE, ASC and the number of information
feedback are set to {1, 1, 1, 2} in the two datasets.
The other parameters are the same as the MIN
model with the double embedding. We meanwhile
alternate IMN and RACL with BERTLarge for fur-
ther detailed comparison. We use the same metrics
as (He et al., 2019), i.e., AE-F1, OE-F1, AS-F1
and O-F1, representing macro F1 scores for ATE,
OTE, ASC and overall performance for complete
ABSA. We select the model with the best O-F1 on
the development set for test.

4.3 Experimental Results
4.3.1 Overall Performance
Table 3 and 4 demonstrate the performance of our
method and the compared double-task (i.e., ATE
and ASC) and triple-task methods (i.e., ATE, OTE
and ASC), respectively. We have several consistent
observations from the two tables. Firstly, most uni-
fied models perform better than pipeline models,
which proves the advantages of exploiting interac-
tions between sub-tasks. Secondly, our MIN can be
flexibly applied to either double-task or triple-task
scenario and can achieve better performance than

Model
Res14 Lap14

AE-F1 OE-F1 AS-F1 O-F1 AE-F1 OE-F1 AS-F1 O-F1

CMLA-TNet* 81.91 83.84 69.69 64.49 77.49 76.06 68.30 55.94
CMLA-TCaps* 81.91 83.84 71.32 65.68 77.49 76.06 69.49 56.30

IMN* 84.01 85.64 71.90 68.32 78.46 78.14 69.92 57.66
RACL* 85.37 85.32 74.46 70.67 81.99 79.76 71.09 60.63
MIN 85.27 86.85 76.39 70.92 82.24 80.56 72.60 61.35

IMN-BERT 84.06 85.10 75.67 70.72 77.55 81.00 75.56 61.73
RACL-BERT 86.38 87.18 81.61 75.42 81.79 79.72 73.91 63.40
MIN-BERT 87.91 85.66 80.48 76.02 83.22 81.80 74.95 64.83

Table 4: Comparison results for triple-task methods.
We divided all methods into pipeline, unified models
and models based on BERT-large. “*”, bolded and un-
derlined scores have the same meanings as Table 3.

Res14 Lap14

ATE+OTE AE-F1 OE-F1 AE-F1 OE-F1

IMN 84.83 86.32 78.31 77.58
RACL 85.47 86.48 81.83 78.19
MIN 85.78 86.71 81.74 78.29

OTE+ASC OE-F1 AS-F1 OE-F1 AS-F1

IMN NA NA NA NA
RACL 81.27 63.16 79.32 65.45
MIN 86.14 71.15 79.58 68.13

ATE+ASC AE-F1 AS-F1 AE-F1 AS-F1

IMN 84.78 70.46 79.22 69.65
RACL 85.66 70.78 79.76 68.87
MIN 84.80 73.91 79.94 71.57

Table 5: Comparison results for different combinations
of ATE, OTE and ASC. The best scores are in bold.
‘NA’ denotes not available.

all the compared methods on O-F1. We conjecture
the possible reason is that the proposed generic
interaction mechanism among different sub-task
types is independent on any specific sub-task. Thus,
our MIN can work well regardless of the number
or the type of sub-tasks. Thirdly, we enhance the
performance of some compared models with word
embeddings provided by BERTLarge (Devlin et al.,
2018) and report the corresponding results in Ta-
ble 4. We can observe that our MIN-BERT also
shows superiority especially on O-F1.

4.3.2 Flexibility
To further investigate the flexibility of MIN, we
compare our MIN with variants of strong competi-
tors in triple-task methods by varying the combina-
tion of sub-tasks. We remove one of the three sub-
tasks and get three different combinations, namely
“ATE+OTE”, “ATE+ASC” and “OTE+ASC”. Note
that the double-task methods in table 3 cannot be
easily adapted for this comparison due to their spe-
cial design for specific sub-task combinations.

Table 5 exhibits the corresponding results on
two datasets. We can see from the table that MIN
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Model Res14 Lap14

Full Model 70.92 61.35
w/o Pair-attention 69.82 59.37
w/o Consistency-weighting 69.46 60.84
w/o Info Feedback 69.07 59.17
w/o Self-Attention 67.63 57.03

Table 6: Results of ablation study on the model for
“ATE+OTE+ASC”. ‘w/o’ denotes without.

outperforms both IMN and RACL on most of the
cases, and the two baselines cannot work well when
the sub-task combination varies since both of them
designed specialized interaction mechanisms for
a fixed number of sub-tasks. For example, IMN
adopts OTE as an auxiliary task for ATE and thus
cannot provide results on “OTE+ASC”. RACL,
which designs four kinds of collaborative relations
among ATE, OTE and ASC, degrades when arbi-
trary one sub-task is unavailable. However, our
MIN separates the sub-tasks by different categories
and leverages two category-level interaction mech-
anisms. It derives a trade-off that the interactions
on remaining sub-tasks are still functional although
one sub-task is removed. That is where the flexibil-
ity of our model comes from.

4.3.3 Ablation Test
In order to verify the effectiveness of different in-
teractive mechanisms in our model, we conduct
ablation tests on “ATE+OTE+ASC” unified ABSA.
We remove different interaction mechanisms be-
tween sub-tasks in turn to observe the effectiveness
of them. As the O-F1 results shown in Table 6, all
interaction mechanisms are effective in MIN as ex-
pected. For example, on Res14, the scores of model
without consistency-weighting and the model with-
out self-attention drop largely. It is believed that
sentiment polarities are mainly influenced by cor-
responding aspect and opinion words.

4.3.4 Case Study
Next, we illustrate two cases generated by IMN,
RACL and our MIN for further investigation in
Table 7. In Case (1), IMN extracts “choice” as
an extra aspect without considering the relations
between ATE and OTE. In addition, RACL in-
correctly identifies “choice” and “craving” as as-
pect and opinion terms. We conjecture the possi-
ble reasons might be the “choice” is paired with
“exquisite” as an aspect and the “craving” is rec-
ognized as a term expressing opinions by the
specifically-designed interaction relations in RACL.
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Figure 2: Effects of parameter t.

However, our proposed pair-attention of MIN is
more general, and correctly extracts all the aspect
terms and opinion terms. Case (2) explores the ef-
fectiveness of our proposed consistency-weighting.
Specifically, although IMN extracts the correct
opinion word “too sweet”, the final sentiment of
“mole sauce” is still predicted wrong with a weak
help of opinion terms. Meanwhile, although RACL
exploits the relation between OTE and ASC, it rec-
ognizes the “sweet” incompletely, which might
because RACL cannot update representation with-
out the information feedback mechanism. As a
result, “sweet” interferes sentiment prediction and
leads to a wrong polarity for “mole sauce”. In con-
trast, MIN correctly predicts sentiment polarities
by using consistency-weighting based on complete
aspect and opinion terms.

4.3.5 Times of Information Feedback
Finally, we investigate the sensitivity of the param-
eter t in the information feedback mechanism. Fig-
ure 2 (a) and (b) show the results of O-F1 on Res14
and Lap14 as t increases. We observe that MIN
achieves better performance when t = 2 or t = 3.
And there is no considerable improvement with a
further increase of t, because redundant iterations
might derive overfitting.

5 Conclusion

In this paper, we propose a novel neural model
MIN to make flexible use of sub-tasks for the uni-
fied ABSA task. We introduce two sub-task ag-
nostic interaction mechanisms, i.e., pair-attention
and consistency-weighting, to exploit interactions
among different sub-tasks and an information feed-
back mechanism to fine-tune the shared feature
representation. Experiments with a different num-
ber of sub-tasks show the flexibility of MIN. The
proposed framework can be potentially applied to
similar tasks such as named entity recognition, se-
mantic relation extraction, and etc.
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Case IMN RACL MIN
ATE,ASC OTE ATE,ASC OTE ATE,ASC OTE

(1) If you ’re craving some [serious]
[indian food]pos and desire a [cozy]
[ambiance]pos, this is quite and
[exquisite] choice.

[craving7]
[indian food]pos [serious] [indian food]pos [serious] [indian food]pos [serious]
[ambiance]pos [cozy] [ambiance]pos [cozy] [ambiance]pos [cozy]
[choice7]pos [exquisite] [choice7]pos [exquisite] [exquisite]

(2) The [fajita]neg we tried was
[tasteless] and [burned] and the
[mole sauce]neg was way [too sweet] .

[fajita]neg
[tasteless]

[fajita]neg
[tasteless]

[fajita]neg
[tasteless]

[burned] [burned] [burned]
[mole sauce]pos7 [too sweet] [mole sauce]neu7 [sweet7] [mole sauce]neg [too sweet]

Table 7: Case study. The abbreviations pos, neu and neg in the table represent positive, neutral and negative. 7
indicates incorrect prediction. Notice that the ground-truth aspect and opinion terms are marked in red and blue in
the brackets, while the sentiment polarity labels for the aspect terms are demonstrated as corresponding subscripts.
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Abstract

The data scarcity in low-resource languages
has become a bottleneck to building robust
neural machine translation systems. Fine-
tuning a multilingual pre-trained model (e.g.,
mBART (Liu et al., 2020a)) on the transla-
tion task is a good approach for low-resource
languages; however, its performance will be
greatly limited when there are unseen lan-
guages in the translation pairs. In this pa-
per, we present a continual pre-training (CPT)
framework on mBART to effectively adapt
it to unseen languages. We first construct
noisy mixed-language text from the mono-
lingual corpus of the target language in the
translation pair to cover both the source and
target languages, and then, we continue pre-
training mBART to reconstruct the original
monolingual text. Results show that our
method can consistently improve the fine-
tuning performance upon the mBART base-
line, as well as other strong baselines, across
all tested low-resource translation pairs con-
taining unseen languages. Furthermore, our
approach also boosts the performance on trans-
lation pairs where both languages are seen
in the original mBART’s pre-training. The
code is available at https://github.com/
zliucr/cpt-nmt.

1 Introduction

Neural machine translation (NMT) (Bahdanau
et al., 2015; Luong et al., 2015; Vaswani et al.,
2017) has a poor generalization ability to low-
resource languages where large monolingual and
parallel corpora are not available. Recently, lever-
aging multilingual pre-trained models (Song et al.,
2019; Liu et al., 2020a; Lin et al., 2020) as the
starting checkpoints has shown to be effective at
building low-resource NMT systems. However,
the effectiveness of the pre-training will be vastly
limited for low-resource languages that are not in

the list of pre-training languages. Given the fact
that there are more than 7000 languages around the
world (Austin and Sallabank, 2011), it is almost
impossible for a multilingual model to include all
languages. And it is expensive and time-consuming
to pre-train another model from scratch so as to in-
clude the languages we need. To address this issue,
we propose to leverage the advantages of an off-
the-shelf multilingual pre-trained model and focus
on better generalizing it to any low-resource lan-
guage pair. In this paper, we use mBART (Liu et al.,
2020a) as the multilingual pre-trained model, given
its effectiveness at building low-resource NMT sys-
tems.

To simulate the problem, we suppose that we
need an NMT system on a low-resource translation
pair, and at least one of the languages in the transla-
tion pair is an unseen language for the pre-trained
model. To adapt mBART into unseen languages
in the NMT task, we propose to conduct a contin-
ual pre-training (CPT) on it with mixed-language
training (MLT). Concretely, we first follow the
noise function used in Liu et al. (2020a) to cor-
rupt the monolingual text of the target language in
the translation. Then, we utilize a bilingual dic-
tionary to generate mixed-language sentences and
simultaneously delete some tokens based on the
corrupted text. After that, we conduct the CPT on
mBART to reconstruct the original monolingual
text. After the CPT, we follow Liu et al. (2020a)
to directly fine-tune mBART on the parallel data
of the translation pair. The purpose of producing
mixed-language sentences is to make a rough align-
ment between the languages in the translation pair.
Conducting the token deletion is to increase the dif-
ficulty of the reconstruction task and the diversity
of the noisy mixed-language text, which force the
model to quickly learn an unseen language.

We consider an extremely low-resource setting
where we have very few parallel data (10k) for
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Figure 1: An illustration of adapting mBART to the En-Id translation pair: Continual pre-training with mixed-
language training (left) and fine-tuning on the translation task (right).

low-resource translation pairs and very few mono-
lingual data (100k) for each language in the trans-
lation. Experimental results show that our pro-
posed pre-training approach is able to consistently
outperform the mBART baseline as well as other
pre-training baselines across all tested translation
pairs that contain unseen languages. Interestingly,
we observe that the continual mixed-language pre-
training is even beneficial for a translation pair
where both languages are in the mBART’s pre-
training list. Results also show that mBART can
achieve better zero-shot performance after apply-
ing the CPT with MLT, which illustrates that the
mixed-language pre-training is able to make a bet-
ter alignment. Furthermore, we investigate our
method in terms of various low-resource settings
where different amounts of parallel and monolin-
gual data are available, and experimental results
show that the effectiveness of our approach can be
further improved when a larger pre-training corpus
is available.

The contributions of this paper are summarized
as follows:

• To the best of our knowledge, we are the first
to investigate how to effectively adapt a multi-
lingual pre-trained model to unseen languages
for the NMT task.

• We show that our proposed method can con-
sistently surpass strong baselines across all
the tested translation pairs.

• We conduct in-depth experiments and analy-
ses in terms of different low-resource settings

and the effectiveness on the various compo-
nents of our method.

2 Methodology

In this section, we first give a brief overview of
the mBART model (Liu et al., 2020a), and then we
introduce our proposed method that aims to adapt
mBART to unseen languages in the translation task.

2.1 Model: mBART

The mBART model follows the sequence-to-
sequence (Seq2Seq) pre-training scheme of the
BART model (Lewis et al., 2020) (i.e., reconstruct-
ing the corrupted text) and is pre-trained on large-
scale monolingual corpora in 25 languages. Two
types of noises are used to produce the corrected
text. The first is to remove text spans and replace
them with a mask token, and the second is to per-
mute the order of sentences within each instance.

Thanks to the large-scale pre-training on mul-
tiple diverse languages, the mBART model has
shown its strength at building low-resource NMT
systems by being fine-tuned to the target language
pair, and it is also shown to possess a powerful gen-
eralization ability to languages that do not appear
in the pre-training corpora (Liu et al., 2020a).

2.2 Continual Pre-Training

Despite the powerful adaptation ability that
mBART possesses, we argue that its performance
on unseen languages is still sub-optimal since it has
to learn these languages from scratch. Therefore,
we propose to conduct the continual pre-training
(CPT) on the mBART model to improve its adap-
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tation ability to unseen languages. The process
of this additional pre-training task is illustrated in
Figure 1, and the details are described as follows.

Pre-Training We denote lang1→lang2 as the
needed translation pair, where lang1 is the source
language and lang2 is the target language, and
at least one of them is an unseen language for the
mBART model. The CPT can be considered as
maximizing Lθ:

Lθ =
∑

X∈D2

logP (X|f(X); θ), (1)

where θ is initialized with mBART’s parameters,
D2 denotes a collection of monolingual documents
in lang2, and f is a function to generate noisy
mixed-language text that contains both lang1 and
lang2.

Noisy Mixed-Language Function (f ) Given a
monolingual instance X , we first use the noise
function (denoted as g, described in §2.1) used
in Liu et al. (2020a) to corrupt the text, and then we
use a dictionary of lang2 to lang1 to assist in the
function of producing mixed-language sentences
(denoted as h). Specifically, after the processing of
the noise function g, if the non-masked tokens in
lang2 exist in the dictionary, we set a probability
to replace it with its translation in lang1. If it is
not being replaced, there is a 50% chance that we
will directly delete this token, and otherwise, we
keep the original token in lang2. More formally,
function f (in Eq. (1)) can be considered as the
combination of two functions:

f(X) = h(g(X)). (2)

Notice that lang2 is not always the unseen lan-
guage (i.e., lang1 could be the only unseen lan-
guage). Since the inputs are mixed with the tokens
in lang1 and lang2, the model can always learn
the unseen language.

The reason why we choose to reconstruct lang2
instead of lang1 is because lang2 is the target
language that the decoder needs to generate in the
translation task, and reconstructing lang2 in the
pre-training makes the model easier to adapt to the
lang1→lang2 translation pair. We leverage the
noise function g since it has shown its effective-
ness at helping pre-trained models to obtain lan-
guage understanding ability. The intuition of pro-
ducing mixed-language text for inputs is to roughly
align lang1 and lang2, since the model needs

to understand the tokens of lang1 so as to recon-
struct the translations in lang2. The purpose of
not replacing all tokens in the dictionary with their
translations is to increase the variety of the mixed-
language text, and given that there will be plenty
of frequent words (e.g., stopwords), replacing all
of them with the corresponding translations could
make the sentences unnatural, and the translations
of the frequent words in lang1 would likely not
match the context in lang2. In addition, adding a
probability to delete the original token in function
h is to inject extra noise and further increase the
diversity of the generated mixed-language text.

3 Experimental Settings

3.1 Datasets

We conduct experiments on 12 low-resource lan-
guage pairs from OpenSubtitles (Lison and Tiede-
mann, 2016), resulting in 24 directed translation
pairs in total. Each pair has an unseen language for
mBART. Concretely, there are 12 translation pairs
(out of 24) containing English and another unseen
language (Indonesian (Id), Ukrainian (Uk), Ben-
gali (Bn), Afrikaans (Af), Tamil (Ta), Thai (Th)↔
English (En)), and the rest of the 12 pairs contain
two unseen languages (Id↔ Ta, Bn↔ Th, Bulgar-
ian (Bg)↔ Ta, Id↔ Bn, Macedonian (Mk)↔ Th,
and Slovak (Sk)↔ Swedish (Sv)). In addition, we
evaluate the translation pairs (En↔ Gujarati (Gu)
and En ↔ Kazakh (Kk) (WMT19)), where both
languages are in mBART’s pre-training list.

To produce noisy mixed-language sentences,
we collect monolingual corpora for the target lan-
guages from Wikipedia, and we utilize the bilingual
dictionaries from MUSE (Lample et al., 2018b)1

for the En-X and X-En pairs. For a dictionary
(denoted as X-Y) that is not available in MUSE
(English is not in the pair in this case), we first
obtain the token list of language X from the X-En
dictionary in MUSE, and then construct the X-Y
dictionary utilizing Google Translate2 to translate
the tokens from language X to Y.

3.2 Low-Resource Settings

We focus on an extremely low-resource setting,
where we assume that only 10K parallel samples
are available. Considering that obtaining a large

1https://github.com/facebookresearch/MUSE
2https://translate.google.com. The constructed dictionar-

ies will be released in https://github.com/zliucr/
cpt-nmt.
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size monolingual corpus could be difficult for some
low-resource languages, we constrain the number
of monolingual paragraphs to be as few as 100K
(the size is ∼ 30MB). To do so, we randomly sam-
ple 10K parallel examples and 100K monolingual
paragraphs from the available corpora. In addi-
tion, we also conduct experiments with different
numbers of parallel data (from 10K to 100K) and
monolingual data (from 100K to 1M) to investi-
gate the effectiveness of the proposed method in
different levels of low-resource setting. As for the
translation pairs En↔Gu and En↔Kk, we follow
the settings in Liu et al. (2020a) and use parallel
data with a size of 10K and 91K for the En↔ Gu
and En↔ Kk, respectively.

3.3 Models & Baselines
mBART We directly fine-tune the mBART
model on the parallel data of the translation pair.
Note that it is already a strong baseline since
mBART is shown to possess a good generalization
ability to unseen languages (Liu et al., 2020a).

CPT w/ Ori (Src) We follow the original ob-
jective function of mBART (only using the noise
function g in §2.2 to corrupt the text) to continue
pre-training it on the source language of the trans-
lation pair. 3 Then we directly fine-tune it on the
translation parallel data.

CPT w/ Ori (Tgt) This baseline is the same
as the previous one except that we continue pre-
training mBART on the target language of the
translation pair.

CPT w/ MLT (Src) Different from CPT w/ Ori,
we use the noisy mixed-language function (f ) to
create noisy mixed-language text. However, differ-
ent from what we propose in Eq. (1), it reverses the
pre-training direction (i.e., it corrupts the text in the
source language instead of the target language).

CPT w/ MLT (Tgt) This is our proposed method
described in §2.2. We use Tgt or Src to distinguish
the target or source language (in the translation
pair), respectively, that mBART needs to recon-
struct in the CPT.

mT5 Like mBART, mT5 (Xue et al., 2020) is also
a multilingual pre-trained model using a Seq2Seq
pre-training. It is pre-trained in 101 languages cov-
ering all the languages in our experimental settings.

3For example, in the Id→ Ta translation, the source lan-
guage is Id and the target language is Ta.

Note that we use the mT5-base (600M parameters)
which has a similar size as mBART (610M param-
eters) to ensure the fair comparison.

3.4 Training Details
Given that the sizes of the pre-training data and
the parallel data are relatively small, we freeze the
first 8 layers (out of 12) of the encoder and the
first 8 layers (out of 12) of the decoder in the CPT,
as well as the fine-tuning processes (applied for
both mBART and mT5), to avoid the over-fitting
issue. Note that we still keep the embeddings layer
unfrozen since the model needs to learn the embed-
dings for unseen languages. For CPT, we control
the probability of whether to replace a token with
its translation to ensure around 30% of tokens are
replaced. In the CPT stage, we train with a dropout
rate of 0.1, a batch size of 100, and a learning rate
of 3e-5 for 5 epochs. In the fine-tuning stage, we
train with a dropout rate of 0.3, a batch size of 32,
and 2500 warm-up steps with a maximum learning
rate of 5e-5 for all directions. We use the Adam
optimizer (Kingma and Ba, 2015) for both the CPT
and fine-tuning processes. We set the maximum
fine-tuning epochs as 20, and the final model is se-
lected based on the performance on the validation
dataset. The final results are reported in the case-
sensitive tokenized BLEU (Papineni et al., 2002).
We notice that the tokenizer of mBART is the same
as that of XLM-R (Conneau et al., 2020) which cov-
ers 100 languages. Note that extending the vocabu-
lary may be necessary for new languages that are
not included in the original tokenizer, while we do
not extend the vocabulary in the experiments since
all the languages in the experiments are included
in the vocabulary of XLM-R, and we find that the
unknown token rates for unseen languages in the
experiments are zero. Therefore, for all the models,
we directly use mBART’s tokenizer on the text for
all languages in the experiments to ensure a fair
comparison in BLEU, and we use thai-segmenter 4

to pre-tokenize the text in Thai (Th) before using
mBART’s tokenizer. For inference, we use beam
search with a beam size of 5 for all directions.

4 Results & Analysis

4.1 Main Results
The results of our proposed methods and baseline
models are illustrated in Table 1, from which we
can observe that conducting CPT on mBART is

4https://pypi.org/project/thai-segmenter/
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Language Pairs En-Id En-Uk En-Bn En-Af En-Ta En-Th
Direction ← → ← → ← → ← → ← → ← →

mT5 8.15 6.98 4.53 0.68 1.50 0.34 7.68 8.83 1.98 2.15 2.87 2.19
mBART 8.87 7.38 4.85 0.89 1.37 0.65 8.24 10.02 4.07 2.70 3.12 2.41

CPT w/ Ori (Src) 9.05 7.41 5.49 1.11 1.90 0.76 8.29 9.32 3.80 4.05 3.17 3.16
CPT w/ Ori (Tgt) 8.78 7.77 5.75 1.31 2.03 0.92 8.31 9.71 3.46 4.26 3.08 3.57

CPT w/ MLT (Src) 10.44 8.40 5.22 1.45 2.21 1.43 8.58 10.12 4.28 5.05 3.42 4.80
CPT w/ MLT (Tgt) 11.16 10.30 6.50 1.48 2.73 1.25 10.56 11.62 6.21 5.20 3.85 4.54

Language Pairs Id-Ta Bn-Th Bg-Ta Id-Bn Mk-Th Sk-Sv
Direction ← → ← → ← → ← → ← → ← →

mT5 0.83 0.45 0.00 0.21 0.33 0.22 0.10 0.07 0.32 0.23 0.44 1.83
mBART 1.21 0.98 0.00 0.00 0.52 0.26 0.00 0.00 0.29 0.41 0.38 1.76

CPT w/ Ori (Src) 0.93 1.49 0.00 0.52 0.39 0.30 0.41 0.22 0.48 0.60 0.73 1.57
CPT w/ Ori (Tgt) 1.24 1.24 0.00 0.64 0.41 0.61 0.33 0.30 0.51 0.67 0.78 2.09

CPT w/ MLT (Src) 1.39 1.90 0.00 0.09 0.66 0.52 0.54 0.31 0.73 1.21 0.83 2.21
CPT w/ MLT (Tgt) 2.52 1.75 0.20 0.66 0.95 0.85 0.36 0.31 0.69 1.15 0.99 2.55

Table 1: Fine-tuning performance on the 10K parallel data for the 24 translation pairs. All CPT methods utilize
a corpus with a size of 100K paragraphs. The upper 12 pairs contain one unseen language for mBART (the other
seen language is English), and the bottom 12 pairs contain two unseen languages. The CPT using our proposed
method consistently outperforms all baseline models.

generally effective in the low-resource scenario of
the NMT task, although the size of the pre-training
corpus is as few as 100K paragraphs. Also, we
can see that the CPT w/ MLT consistently out-
performs all baseline models since the additional
mixed-language information helps to construct a
better alignment between the source and target lan-
guages in the translation pair. We observe that
the CPT w/ MLT (Tgt) significantly outperforms
mBART in multiple translation pairs (e.g., 2.92
BLEU points in En→ Id and 2.39 BLEU points
in En→ Th). We find that, although conducting
CPT (w/ Ori or w/ MLT) on the text that contains
tokens in the unseen language generally enhance
the performance in the translation, the effective-
ness of CPT w/ Ori is relatively deficient compared
to CPT w/ MLT. We conjecture that the original
objective function of mBART loses its advantages
when the amount of pre-training monolingual data
is small, while MLT is still beneficial thanks to the
additional bilingual alignments that it have learned.

Additionally, we find that the direction of the
CPT (Src or Tgt) also plays an important role. As
we can see from Table 1, conducting CPT by recon-
structing the target language in the translation pair
generally achieves better performance than recon-
structing the source. We conjecture that making
the generated language in the CPT stage consistent

with that in the fine-tuning stage will increase the
benefits from the CPT. This is because, if the gen-
erated languages are different in these two stages,
the model needs to learn to generate sentences on
an entirely different language with only a few data
samples in the fine-tuning stage, which could make
the fine-tuning task much more challenging. In-
terestingly, when English (a seen language) is the
target language, the CPT w/ Ori (Tgt) becomes
less effective, but CPT w/ MLT (Tgt) still works
well. The reason is that CPT w/ Ori (Tgt) ignores
the unseen language in the continual pre-training
stage, while the mixed-language inputs of CPT w/
MLT (Tgt) still contain the tokens in the unseen
language, which still enables the model to learn the
unseen language. Surprisingly, mT5 performs gen-
erally worse than mBART, although it covers all the
languages in our experiments. We conjecture that,
since the objective function of mT5 is to generate
the masked tokens, it makes the averaged length of
the generated text relatively shorter than mBART,
which might limit its ability to quickly adapt to a
generation task in the low-resource scenario.

4.2 Different Low-Resource Settings

In this section, we investigate whether our method
can generalize to other low-resource settings (i.e.,
different sizes of the parallel data and monolingual
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Figure 2: The performance over different numbers of parallel data (from 10K to 100K) and pre-training data
(from 100K to 1M). CPT denotes our method, CPT w/ MLT (Tgt). Since the maximum number of paragraphs in
Wikipedia for Bn is ∼600K, we set the data size in the CPT as 100K, 300K and 600K for En↔ Bn.

data). We choose three translation pairs (En↔ Bn,
En↔ Id, and Sk↔ Sv), which cover two scenarios:
1) only one unseen language in a translation pair;
and 2) both languages in a translation pair are un-
seen. As illustrated in Figure 2, we can observe that
our method is able to consistently improve on the
mBART baseline in terms of different parallel data
sizes, and the improvements can be further boosted
when the size of the pre-training data (monolingual
data) increases. This is because a larger corpus
is able to amplify the benefits of MLT and better
align the space between the two languages in the
translation. Moreover, we find that our method is
especially effective for the Sk↔ Sv translation pair
when the size of the pre-training data reaches 1M.
For example, in the Sk→ Sv translation, the per-
formance of CPT (1M) with 10K parallel samples
(3.79) is on par with mBART with 70K parallel
samples (3.80), which might suggest that gathering
larger monolingual data (along with a dictionary)
can be an alternative to collecting a larger size of
parallel data.

4.3 Effectiveness on Seen Languages

As we can see from Table 2, the CPT w/ MLT
can also significantly improve the performance on
the translation pairs where both languages are in
the mBART’s pre-training list. The CPT w/ MLT
improves by at least 1.2 BLEU points on all trans-
lation pairs with only 100K pre-training data. Ad-

Language Pairs En-Gu En-Kk
Direction ← → ← →
mBART 3.11 0.10 8.93 2.44

CPT w/ MLT (Tgt, 100K) 4.59 2.01 10.16 4.01
CPT w/ MLT (Tgt, 500K) 5.44 2.91 10.74 4.74
CPT w/ MLT (Tgt, 1M) 5.97 3.89 11.45 5.29

Table 2: The effectiveness of our method on seen lan-
guages. 100K, 500K and 1M are the corpus sizes for
the CPT w/ MLT (Tgt).

Models mBART CPT w/ Ori CPT w/ MLT
Avg 0.00 0.27 0.53

Table 3: Averaged performance over the 24 translation
pairs in the zero-shot test. Both CPT methods are to
reconstruct the target language with 100K samples.

ditionally, the improvement brought by our method
can be further boosted when a larger pre-training
corpus is available, which accords with the experi-
mental results for the unseen languages.

We conjecture two reasons: 1) Continuing pre-
training mBART can make the model focus on the
languages in the translation pair and increase the
model’s ability of fast adaptation to the translation
task. 2) Continual pre-training with the mixed-
language text can further align the two languages
in the translation, which gives a better initialization
for the low-resource translation task.
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Language Pairs En-Id En-Af Id-Ta Sk-Sv
Direction ← → ← → ← → ← →
mBART 8.87 7.38 8.24 10.02 1.21 0.98 0.38 1.76

CPT w/ MLT (Tgt) 11.16 10.30 10.56 11.62 2.52 1.75 0.99 2.55
w/o noise 11.06 9.94 8.95 10.65 2.11 1.29 0.79 1.95
w/o deletion 10.33 9.57 8.62 10.24 1.90 1.19 0.86 2.13
w/o noise & deletion 10.12 9.03 8.79 10.08 1.84 1.07 0.73 1.92

Table 4: Ablation study on the noise function g (denoted as noise) and token deletion (denoted as deletion).

Language Pairs En-Id En-Th
Direction ← → ← →
mBART 8.87 7.38 3.12 2.41

CPT w/ MLT (10%) 9.65 9.14 3.28 3.15
CPT w/ MLT (20%) 9.56 9.98 3.49 3.78
CPT w/ MLT (30%) 11.16 10.30 3.85 4.54
CPT w/ MLT (40%) 10.78 10.34 3.56 4.49
CPT w/ MLT (50%) 10.06 9.97 3.15 3.67

Table 5: Effectiveness of CPT w/ MLT (Tgt) in terms
of different language mixing ratios. The ratio in the
brackets denotes the number of source language tokens
(in the translation pair) divided by that of the target lan-
guage tokens.

Language Pairs En-Th
Direction ←− −→

Pre-Tokenization 3 7 3 7

mBART 3.12 3.04 2.41 0.43
CPT w/ Ori (Src) 3.17 3.18 3.16 0.53
CPT w/ Ori (Tgt) 3.08 3.09 3.57 0.56

CPT w/ MLT (Src) 3.42 3.37 4.80 0.64
CPT w/ MLT (Tgt) 3.85 3.79 4.54 0.70

Table 6: Comparison between conducting and not con-
ducting the pre-tokenization for Thai.

4.4 Zero-shot Performance

To further analyze the alignment quality between
the source and target languages in the translation
after the CPT, we evaluate the models in the zero-
shot scenario, where we directly test the pre-trained
models on the test set without any fine-tuning on
the parallel data. As illustrated in Table 3, we can
see that the zero-shot performance is relatively low
since the models are not trained on any parallel or
pseudo-parallel data 5, and mBART gets 0 BLEU
points due to the unseen languages in the test data.

5The results for each translation pair are in Appendix A.

We find that CPT w/ Ori achieves more than 0
BLEU points, even though it does not utilize any
supervision from the bilingual text. We conjecture
that this can be attributed to the multilingual ability
of mBART. Furthermore, CPT w/ MLT is able to
outperform CPT w/ Ori since it learns additional
bilingual alignments by reconstructing the target
documents from the mixed-language text. In ad-
dition, the results are able to further illustrate that
our method is able to achieve a better alignment
quality than the baseline method.

4.5 Ablation Study

In this section, we first explore how the noise func-
tion g and token deletion in function h affect the
effectiveness of our method (g and h are described
in §2.2). Then, we investigate how the language
mixing ratio of the mixed-language text affects our
method’s performance.

Noise & Deletion As shown in Table 4, we can
see that both the noise function and token dele-
tion play an important part in the CPT, and remov-
ing both of them further degrades the performance.
Given that the number of pre-training documents
is as few as 100K, it is relatively difficult for the
model to learn a good representation for the unseen
language. However, adding the noise function in
the CPT forces the model to learn to perform text
infilling and sentence reordering, which increases
the model’s ability to understanding the unseen lan-
guage. Conducting the token deletion brings two
benefits: 1) It increases the variety of the mixed-
language text, which makes the model not overfit to
a certain mixed-language pattern. 2) It also injects
extra noise to the inputs, which further compels
mBART to understand the unseen language better.
Moreover, incorporating both noise function g and
the token deletion further boosts the effectiveness
of the pre-training.
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Language Mixing Ratio We control the proba-
bility of whether to replace a token with its transla-
tion to generate different settings of language mix-
ing ratios and investigate how different ratios affect
the effectiveness of the pre-training. As shown in
Table 5, using a too high or too low mixing ratio
will degrade the advantages of the CPT w/ MLT, 6

and keeping the ratio between 30% and 40% will
achieve the best performance. We conjecture that,
if the mixing ratio is too low, the dictionary which
provides the supervision of bilingual alignment
is not well utilized, while if the mixing ratio is
too high (e.g., 50%), we replace almost all the to-
kens existing in the dictionary, which lowers the
diversity of the mixed-language text and makes the
model more easily overfit to the pre-training data.

4.6 Importance of Pre-Tokenization
Considering that the tokenizer of mBART is created
based on the text of the pre-training languages, it
might not perform good tokenization for the unseen
languages that are diverse from the pre-trained lan-
guages. Therefore, it could be a better option to pre-
tokenize the text before using mBART’s tokenizer.
We conduct experiments on the En-Th language
pair and compare the performance between per-
forming and not performing the pre-tokenization
for Thai. As shown in Table 6, we find that pre-
tokenization is able to improve the performance in
En→ Th significantly, while the improvements are
marginal in Th→ En. We conjecture that decoding
(generating) tokens in the unseen language is much
more difficult than encoding those tokens when
they are not properly tokenized. This is because
the task of the encoder is to understand the mean-
ing of the input text, while the decoder needs to
attend to the input text and generate tokens simulta-
neously, which makes the task of the decoder more
difficult than that of the encoder. Therefore, when
the unseen language (Thai) becomes the target lan-
guage in the translation pair, the performance drops
remarkably without pre-tokenization.

5 Related Work

5.1 Multilingual Pre-Trained Models
Recently, multilingual pre-trained models based
on the masked language modeling (MLM) objec-
tive function (Devlin et al., 2019; Conneau and

6Note that the maximum mixing ratio will not be larger
than 55% since there are substantial infrequent tokens in the
target language not existing in the dictionary, which will not
be replaced with the source language tokens.

Lample, 2019; Huang et al., 2019; Conneau et al.,
2020) have shown their effectiveness at perform-
ing cross-lingual classification-based tasks. How-
ever, these models are inferior to the generation
tasks (Rönnqvist et al., 2019) since they are not
pre-trained in a generative way. Multilingual pre-
training performed in a Seq2Seq fashion is able
to mitigate this issue (Radford et al.; Lewis et al.,
2020; Raffel et al., 2019), and has become a strong
backbone for building NMT systems, especially in
a low-resource scenario (Liu et al., 2020a; Song
et al., 2019; Lin et al., 2020; Yang et al., 2020; Xue
et al., 2020; Fan et al., 2020; Tang et al., 2020).
Liu et al. (2020a) pre-trained a Seq2Seq multilin-
gual model (mBART) by denoising full texts in 25
languages, while Lin et al. (2020) proposed mul-
tilingual random aligned substitution to pre-train
an NMT model for many languages based on par-
allel data. Instead of pre-training models from
scratch, Wang et al. (2020) proposed to extend mul-
tilingual BERT (Devlin et al., 2019) to an unseen
language and evaluate it on the named entity recog-
nition task. Although many studies have focused
on pre-training multilingual models, few have in-
vestigated how to adapt the pre-trained models to
new languages effectively. Also, to the best of our
knowledge, we are the first to explore how to adapt
a multilingual model pre-trained in a Seq2Seq fash-
ion to unseen languages and evaluate the methods
on a generative task (the NMT task).

5.2 Low-Resource Machine Translation

Recently, developing algorithms that are able to
cope with the scenario where the training data are
insufficient have become an interesting and popular
research topic across a variety of tasks (Chen et al.,
2019a,b, 2020; Brown et al., 2020; Liu et al., 2020c;
Lauscher et al., 2020; Winata et al., 2020; Liu et al.,
2020b; Peng et al., 2020; Liu et al., 2020d; Yu
et al., 2021; Winata et al., 2021). Low-resource
machine translation systems (Vandeghinste et al.,
2007; Irvine and Callison-Burch, 2013; Zoph et al.,
2016; Sennrich et al., 2016; Fadaee et al., 2017;
Currey et al., 2017; Imankulova et al., 2017; Gu
et al., 2018a; Pourdamghani et al., 2018; Gu et al.,
2018b; Lample et al., 2018a,c; Kocmi and Bojar,
2018; Artetxe et al., 2018; Lakew et al., 2018;
Imankulova et al., 2019a; Xia et al., 2019; Liu
et al., 2019; Guzmán et al., 2019; Imankulova et al.,
2019b; Stickland et al., 2020; Siddhant et al., 2020)
alleviated the parallel data scarcity issue for low-
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resource languages and improve the models’ gen-
eralization ability for low-resource language pairs.
Pourdamghani et al. (2018) proposed to improve
the low-resource NMT performance by boosting
the quality of word alignments. Gu et al. (2018b)
applied the meta-learning approach into the low-
resource NMT task, and Baziotis et al. (2020) in-
corporated a language model prior to regularize the
output distribution of the translation model. Pre-
training a multilingual Seq2Seq model (Liu et al.,
2020a; Lin et al., 2020) allows it to be directly fine-
tuned for supervised machine translation tasks and
produces remarkable performance gains in the low-
resource scenario over those without pre-training.

6 Conclusion & Future Work

In this paper, we present a continual pre-training
framework to improve mBART’s generalization
ability to extremely low-resource translation pairs
that contain unseen languages. We propose to con-
struct noisy mixed-language text from the monolin-
gual corpus to cover both the source and target lan-
guages, and then, we continue pre-training mBART
to reconstruct the original monolingual text. Re-
sults illustrate that our method is able to consis-
tently surpass strong baselines across all tested
translation pairs that contain unseen languages, as
well as the ones where both languages are seen in
the original mBART’s pre-training. Moreover, we
observe that our method is also beneficial for dif-
ferent low-resource settings, and its performance
can be further boosted when a larger pre-training
corpus is available. Furthermore, we find that not
only mixing the source and target languages, but
also increasing the variety of the inputs plays an
essential role in the continual mixed-language pre-
training. In future work, we will explore more pre-
training methods to further boost the performance
of pre-trained models on the NMT task. Addition-
ally, we will study more applications of continual
mixed-language pre-training, such as applying it to
downstream cross-lingual tasks.
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A Zero-shot Performance

The zero-shot performance for the 24 translation
pairs are shown in Table 7 (in the next page). We
find that the CPT w/ MLT generally outperforms
the CPT w/ Ori. However, the zero-shot results are
relatively low, especially for the translation pairs
where both languages are unseen in the original
mBART’s pre-training, due to the absence of paral-
lel data.

B Data & Code

We will release our split data, dictionaries, as well
as the code to ensure the reproducibility of our
work.
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Language Pairs En-Id En-Uk En-Bn En-Af En-Ta En-Th
Direction ← → ← → ← → ← → ← → ← →
mBART 0.04 0.00 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

CPT w/ Ori (Tgt) 1.35 1.16 0.46 0.43 0.07 0.39 0.95 0.78 0.06 0.13 0.16 0.38
CPT w/ MLT (Tgt) 1.80 1.24 1.68 0.41 0.56 0.36 2.43 1.52 0.54 0.17 1.02 0.52

Language Pairs Id-Ta Bn-Th Bg-Ta Id-Bn Mk-Th Sk-Sv
Direction ← → ← → ← → ← → ← → ← →
mBART 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

CPT w/ Ori (Tgt) 0.00 0.00 0.02 0.00 0.00 0.00 0.06 0.04 0.00 0.02 0.00 0.00
CPT w/ MLT (Tgt) 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.05 0.07 0.03 0.00 0.20

Table 7: Zero-shot results for the 24 translation pairs.
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Abstract

Ever since the advent of deep learning, cross-
modal representation learning has been dom-
inated by the approaches involving convolu-
tional neural networks for visual representa-
tion and recurrent neural networks for lan-
guage representation. Transformer architec-
ture, however, has rapidly taken over the re-
current neural networks in natural language
processing tasks, and it has also been shown
that vision tasks can be handled with trans-
former architecture, with compatible perfor-
mance to convolutional neural networks. Such
results naturally lead to speculation upon the
possibility of tackling cross-modal representa-
tion for vision and language exclusively with
transformer. This paper examines transformer-
exclusive cross-modal representation to ex-
plore such possibility, demonstrating its poten-
tials as well as discussing its current limita-
tions and its prospects.

1 Introduction

While early cross-modal models handled visuolin-
guistic tasks with template-based methods (Barbu
et al., 2012; Elliott and Keller, 2013), or as a re-
trieval model (Farhadi et al., 2010; Ordonez et al.,
2011), the advent of deep learning introduced
end-to-end learning models for cross-modal tasks,
in which convolutional neural networks (CNNs)
(Krizhevsky et al., 2012) are employed for vision
representation, whereas recurrent neural networks
(RNNs), such as LSTM (Hochreiter and Schmidhu-
ber, 1997) or GRU (Cho et al., 2014), are employed
for language representation. While a plethora of
variations exist, most models proposed in the past
few years have invariably relied on the CNN-RNN
approach.

Such standardized scheme, however, started to
change with the introduction of transformer archi-
tecture based on multi-head attention mechanism

(Vaswani et al., 2017), which rapidly started to
achieve state-of-the-art performance in natural lan-
guage processing (NLP) (Peters et al., 2018; Dai
et al., 2019; Yang et al., 2019) and speech recog-
nition domains (Dong et al., 2018; Wang et al.,
2020b), frequently outperforming RNNs. Further-
more, large-scale models based on transformer
architecture, such as BERT (Devlin et al., 2019)
or GPT-3 (Brown et al., 2020), started to appear,
demonstrating that pre-training a sufficiently large
model with a very large amount of data results
in strong performance with versatility for various
downstream tasks.

The success of transformer-based models in NLP
and speech recognition naturally led to its adapta-
tion in cross-modal tasks. (Lu et al., 2019) pro-
posed ViLBERT, a pioneering BERT-inspired work
that proposed to tokenize the images for compati-
bility with transformer architecture, and also to ex-
tend the pre-training objectives of BERT to reflect
the nature of cross-modality. Many other cross-
modal models followed, but mostly with similar
approaches for image tokenization and pre-training
objectives. This line of transformer-based cross-
modal works described above, however, still heav-
ily relied on CNN-based models, such as Faster
R-CNN (Ren et al., 2015), to extract features from
images, and the application of transformer was
mostly limited to language representation.

Inspired by the observations made by recent
works (Dosovitskiy et al., 2020), which demon-
strate that vision tasks can be handled solely by
transformer architecture with compatible perfor-
mances to CNN-based models, this paper exam-
ines cross-modal representation for visuolinguis-
tic tasks relying exclusively on transformer ar-
chitecture, without using CNNs or RNNs. With-
out any structural modifications or advanced com-
mon embedding scheme, and without additional
cross-modal pre-training that can be expensive both
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computationally and data-wise, our model demon-
strates comparable performances to conventional
approaches based on CNNs and RNNs in exem-
plary cross-modal tasks.

2 Related Works

ViLBERT (Lu et al., 2019) was one of the first
models to extend transformer architecture to cross-
modal visuolinguistic tasks. They propose co-
attentional transformer, in which separate trans-
former modules for each modality run in parallel,
with the key and value inputs from one modality
entering the transformer block for the other modal-
ity, thereby learning cross-modal dependence. In
order to tokenize the image, they extract image
regions using Faster R-CNN (Ren et al., 2015)
along with 5-dimensional location vector. They
also extend two unique pre-training objectives of
BERT, namely masked language modeling and
next-sentence prediction, to cross-modal setting, as
masked multi-modal learning and image-sentence
alignment classification. In masked multi-modal
learning, visual tokens, along with language tokens,
are randomly masked, and the model is trained to
predict their probability distribution over object
classes. In image-sentence alignment classification,
a sequence of visual tokens and a sentence are jux-
taposed, and the model performs a binary classifica-
tion task, predicting whether the sentence describes
the contents of the image. Many other models,
such as VisualBERT (Li et al., 2019), LXMERT
(Tan and Bansal, 2019) and Unicoder-VL (Li et al.,
2020), also follow nearly identical pre-training ob-
jectives as VilBERT. On the other hand, UNITER
(Chen et al., 2020) demonstrates improved perfor-
mance by introducing additional pre-training ob-
jective of word region alignment, while MiniVLM
(Wang et al., 2020a) achieves comparable perfor-
mance with up to 70% fewer parameters by utiliz-
ing EfficinetNet (Tan and Le, 2019) with their own
Compact BERT model.

While all models described above rely on CNN-
based models to extract features from images, limit-
ing the scope of applicability of transformer, recent
works have demonstrated results that may imply a
potential change in such workflow. (Dosovitskiy
et al., 2020) proposed Vision Transformer (ViT),
which demonstrates that pure transformer architec-
ture without convolution can achieve comparable
performance in image classification tasks, while
requiring substantially less computational costs.

Furthermore, (Touvron et al., 2021) showed via
data-efficient image transformers (DeiT) that com-
petitive performance can be achieved with training
only on ImageNet (Deng et al., 2009) with no ex-
ternal data.

3 Model

We employ separate transformer models for vision
and language, although internal mechanisms are
essentially identical. Following (Dosovitskiy et al.,
2020), we split an image into N patches xp of
P × P pixels, each of which is linearly projected
into D-dimensional patch embedding, where P =
16, and D = 768. A learnable embedding xclass
is prepended to patch embeddings, and positional
embeddings are also added. The input sequence z0
subsequently undergoes alternating layers of layer
normalization (Ba et al., 2016) and multi-head self-
attention, followed by a 2-layer MLP with GELUs
(Hendrycks and Gimpel, 2020) as non-linearity:
z0 = [xclass;x

1
pE;x2pE; ...;xNp E] + Epos, (1)

E ∈ R(P 2C)×D, Epos ∈ R(N+1)+D

z′l = MSA(LN(zl−1)) + zl−1, l = 1...L (2)

zl = MLP(LN(z′l)) + z′l, l = 1...L (3)

yimg = LN(z0L) (4)
where

MSA(X) =Watt[Att1(X), ...,Attm(X)]>

(5)

Atti(X) = softmax
((WQiX)>WKiX)√

D/m
(WViX)>

(6)
for input layer X ∈ RD×N , and learnable parame-
ters WQi ,WKi ,WVi ∈ R

D
m
×D, Watt ∈ RD×D for

m attention heads.

For language representation, we employ an off-
the-shelf BERT model. An input sequence s0 =
[w0, ..., wS ] is given with special tokens [CLS] and
[SEP ] inserted at the beginning and the end of the
sequence respectively. In case of two sentences
within the input sequences, [SEP ] token is also
inserted in between the two. Each token is rep-
resented as the sum of word embedding, position
embedding, and segment embedding, and under-
goes bidirectional multi-head self-attention over
multiple layers. The representation for the input
sequence is obtained as h0, ..., hS from the upper-
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Figure 1: Overview of our model. Images are split into patches, sentences are split into tokens, and both are
encoded with transformers, after which they are combined in common embedding space for final classification.

most attention layer:
s0 = [[CLS], w1, ..., wS−1, [SEP ]] (7)

s′l = MSA(LN(sl−1)) + sl−1, l = 1...L (8)

sl = MLP(LN(s′l)) + s′l, l = 1...L (9)

ylang = LN(s0L) (10)
We now project the image and language repre-

sentations obtained into common embedding space
by concatenation:

y = Concat(yimg, ylang) (11)
Note that we deliberately choose the most elemen-
tary common embedding scheme, as our focus is
to examine the performance of the features them-
selves, rather than the embedding scheme. It is thus
highly likely that, when coupled with more sophis-
ticated embedding schemes, a significant perfor-
mance boost will occur. Fig. 1 describes the overall
architecture of our approach.

4 Experiments

4.1 Setting

For images, we use ViT-B model pre-trained on
ImageNet-21k. The model contains 12-layers with
12 attention heads and hidden size of 768, consist-
ing of 86M parameters. For language, we use off-
the-shelf BERTBASE mode, trained with BERT’s
pre-training objectives of masked language model-
ing and next sentence prediction on BookCorpus
(Zhu et al., 2015) and English Wikipedia. Like
ViT-B, the model contains 12-layers with 12 atten-
tion heads and hidden size of 768, and consists of
110M parameters. During both training and testing,

image and language features are extracted from
the uppermost layer of respective model, and we
concatenate them to make a 1536-dimensional vec-
tor. Concatenated features are trained with cross-
entropy loss and Adam (Kingma and Ba, 2014)
optimizer.

We evaluate our model on the following com-
monly tackled cross-modal visuolinguistic tasks;
visual question answering (VQA) (Antol et al.,
2015; Goyal et al., 2017), visual commonsense rea-
soning (VCR) (Zellers et al., 2019), and reasoning
about natural language grounded in photographs
(NLVR2) (Suhr et al., 2019). For VCR, we fol-
lowed (Lu et al., 2019) by making 4 possible pairs
of question and answer. For NLVR2, we follow
the pair approach of (Chen et al., 2020), by em-
bedding each image and the query, as it is reported
to outperform triplet approach of embedding two
images with the query. We trained with 4 V100
GPUs with batch size 96 for VQA and NLVR2,
and 48 for VCR, which were adjusted with respect
to the memory constraint of the computational en-
vironment. Learning rate was initially set to 1e-4
under linearly decaying schedule with warm up.
We trained the model for 25 epochs for each task.

4.2 Results
Table 1 compares our model’s performance
with other transformer-based cross-modal models.
While our model’s performance falls below that of
state-of-the-art models, it is noteworthy that other
models explicitly perform additional cross-modal
pre-training on top of already pre-trained vision and
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Figure 2: Qualitative results for each task.

Pre-train VQA VCR NLVR2

Method #samples test-dev QA QA-R Q-AR dev

ViLBERT 3.3M 70.55 73.3 74.6 54.8 –

UNITER 9.5M 73.82 77.3 80.8 62.8 78.4

MiniVLM 7M 69.39 – – – 73.7

VisualBERT 0.5M 70.80 71.6 73.2 52.4 67.4

DeVLBERT 3.3M 71.1 – – – –

CAPT 9.2M 72.78 – – – 75.1

ERNIE-ViL 4M 73.78 79.2 83.5 66.3 –

Ours 0 67.84 68.4 70.2 49.2 65.2

Table 1: Comparison of our model to other state-of-the-art
cross-modal models. 2nd column refers to the number of
image-caption pairs seen during cross-modal pre-training. De-
spite the disadvantage of not having seen a substantial amount
of pre-training data, our model closely follows the state-of-
the-art models. (CAPT (Luo et al., 2020), ERNIE-ViL (Yu
et al., 2020)

language modules. On the other hand, our model
simply concatenates two pre-trained models with-
out additional cross-modal pre-training, and is im-
mediately trained with the target task. For example,
ViLBERT and DeVLBERT (Zhang et al., 2020)
are pre-traiend with Conceptual Captions dataset
(Sharma et al., 2018), and our model is at the disad-
vantage of not having seen 3.3M pairs of image and
captions, yet comes fairly close to those pre-trained
models. Fig. 2 shows qualitative examples of the
model’s performance on each task. In addition,
while many papers on pre-trained cross-modal rep-
resentations do not report specific number of param-
eters, our approximations of other models’ sizes
based on the implementation details reported in
respective papers suggest that our model is reason-
ably smaller, especially since it completely elimi-
nates the need for external region detector.

4.3 Further Experiments

In order to examine how much each component
contributes to performance, we conduct further ex-
periments, replacing each component with conven-
tional modules. We first replace transformer en-

VQA VCR NLVR2

Method test-dev QA QA-R Q-AR dev

CNN+BERT 65.36 65.4 68.1 48.9 61.9

ViT+LSTM 62.27 62.9 66.4 45.8 60.1

w/o finetuning 56.54 58.2 60.3 42.5 52.4

Ours 67.84 68.4 70.2 49.2 65.2

Table 2: Comparison of our model to different combina-
tions. Under the same condition of no explicit cross-modal
fine-tuning and the same embedding scheme, our model out-
performs other combinations.

coder for images with CNN module, specifically
with ResNet-50 (He et al., 2016) trained on Ima-
geNet, using global average-pooled features. We
also examine replacing BERT module with LSTM
(Hochreiter and Schmidhuber, 1997) using early fu-
sion with image features. For fair comparison, we
used concatenation as common embedding scheme
for all combinations.

Table 2 shows the results. While ResNet/BERT
comes fairly close, it falls below our model, and
performance drop is clearer with ViT/LSTM, pos-
sibly reflecting superior adaptability of BERT com-
pared to LSTM. Our conjecture is that architec-
tural integrity, i.e., using the same architecture for
both vision and language, throughout the model,
plays an important role in learning cross-modal
representations. Note that, however, it would re-
quire a more thorough and analytical study to con-
clusively claim that ViT is superior to ResNet, or
that attention is superior to convolution, and our
primary purpose in this experiment is simply to
demonstrate that transformer-exclusive models can
accomplish comparable performance to the models
employing CNN. We also examined linearly train-
ing a classifier for target task while fixing the ex-
tracted features, without fine-tuning. As expected,
there is a significant performance drop, reaffirm-
ing the premise that the competence of transformer
and BERT is attainable via fine-tuning to its down-
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stream tasks.
Note that, although we performed experiments

on a small set of cross-modal tasks, given the su-
perior performance of ViT over ResNet on image
classification as reported by (Dosovitskiy et al.,
2020), and also on other computer vision tasks
as reported by models like pyramid vision trans-
former (Wang et al., 2021), we believe any task
that involves vision and language is a potential ben-
eficiary of transformer-exclusive approach, since it
enables the architectural integrity for both modali-
ties.

5 Conclusion

This paper proposed to handle cross-modal tasks
for vision and language, solely based on trans-
former architecture, examining it in various cross-
modal tasks. Our paper admittedly does not claim
state-of-the-art performances, but to the best of
our knowledge, our work is one of the first at-
tempts, along with models like ViLT (Kim et al.,
2021) and UniT (Hu and Singh, 2021), to examine
cross-modal representation for vision and language
solely based on transformer architecture, excluding
CNNs and RNNs. Without any structural modifica-
tions or sophisticated common embedding scheme,
and without additional cross-modal pre-training
with millions of samples, our model demonstrates
comparable performances to state-of-the-art cross-
modal models. Since we deliberately chose the
smallest baseline models for each component, and
a very simple concatenation scheme, we can intu-
itively expect an enhanced performance by select-
ing larger pre-trained models at the cost of more
parameters, or by selecting more sophisticated com-
mon embedding scheme. The same holds true for
the amount of pre-training data used, as we can rea-
sonably expect the performance to boost by using
the same amount of pre-training data employed by
previous models. With transformer’s relative com-
putational efficiency as reported by (Dosovitskiy
et al., 2020), the architectural integrity proposed
in our model is likely to lead to new research di-
rection, and we hope to encourage more advanced
models with novel ideas to follow in near future.
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cehre, Dzmitry Bahdanau, Fethi Bougares, Holger
Schwenk, and Yoshua Bengio. 2014. Learning
phrase representations using RNN encoder–decoder
for statistical machine translation. In Proceedings of
the 2014 Conference on Empirical Methods in Nat-
ural Language Processing (EMNLP), pages 1724–
1734, Doha, Qatar. Association for Computational
Linguistics.

Zihang Dai, Zhilin Yang, Yiming Yang, Jaime Car-
bonell, Quoc Le, and Ruslan Salakhutdinov. 2019.
Transformer-XL: Attentive language models beyond
a fixed-length context. In Proceedings of the 57th
Annual Meeting of the Association for Computa-
tional Linguistics, pages 2978–2988, Florence, Italy.
Association for Computational Linguistics.

J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-
Fei. 2009. ImageNet: A Large-Scale Hierarchical
Image Database. In CVPR09.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association

2723



for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 4171–4186, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

L. Dong, S. Xu, and B. Xu. 2018. Speech-transformer:
A no-recurrence sequence-to-sequence model for
speech recognition. In 2018 IEEE International
Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP), pages 5884–5888.

Alexey Dosovitskiy, Lucas Beyer, Alexander
Kolesnikov, Dirk Weissenborn, Xiaohua Zhai,
Thomas Unterthiner, Mostafa Dehghani, Matthias
Minderer, Georg Heigold, Sylvain Gelly, Jakob
Uszkoreit, and Neil Houlsby. 2020. An image
is worth 16x16 words: Transformers for image
recognition at scale.

Desmond Elliott and Frank Keller. 2013. Image de-
scription using visual dependency representations.
In Proceedings of the 2013 Conference on Empiri-
cal Methods in Natural Language Processing, pages
1292–1302, Seattle, Washington, USA. Association
for Computational Linguistics.

Ali Farhadi, Mohsen Hejrati, Mohammad Amin
Sadeghi, Peter Young, Cyrus Rashtchian, Julia
Hockenmaier, and David Forsyth. 2010. Every pic-
ture tells a story: Generating sentences from images.
In Computer Vision, ECCV 2010 - 11th European
Conference on Computer Vision, Proceedings, num-
ber PART 4 in Lecture Notes in Computer Science
(including subseries Lecture Notes in Artificial Intel-
ligence and Lecture Notes in Bioinformatics), pages
15–29. Springer-Verlag Berlin Heidelberg. Copy-
right: Copyright 2019 Elsevier B.V., All rights re-
served.; 11th European Conference on Computer Vi-
sion, ECCV 2010 ; Conference date: 10-09-2010
Through 11-09-2010.

Yash Goyal, Tejas Khot, Douglas Summers-Stay,
Dhruv Batra, and Devi Parikh. 2017. Making the
V in VQA matter: Elevating the role of image under-
standing in Visual Question Answering. In Confer-
ence on Computer Vision and Pattern Recognition
(CVPR).

K. He, X. Zhang, S. Ren, and J. Sun. 2016. Deep resid-
ual learning for image recognition. In 2016 IEEE
Conference on Computer Vision and Pattern Recog-
nition (CVPR), pages 770–778.

Dan Hendrycks and Kevin Gimpel. 2020. Gaussian er-
ror linear units (gelus).

Sepp Hochreiter and Jürgen Schmidhuber. 1997.
Long short-term memory. Neural Computation,
9(8):1735–1780.

Ronghang Hu and Amanpreet Singh. 2021. Unit:
Multimodal multitask learning with a unified trans-
former.

Wonjae Kim, Bokyung Son, and Ildoo Kim. 2021. Vilt:
Vision-and-language transformer without convolu-
tion or region supervision.

Diederik P. Kingma and Jimmy Ba. 2014. Adam:
A method for stochastic optimization. Cite
arxiv:1412.6980Comment: Published as a confer-
ence paper at the 3rd International Conference for
Learning Representations, San Diego, 2015.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hin-
ton. 2012. Imagenet classification with deep con-
volutional neural networks. In Advances in Neural
Information Processing Systems, volume 25, pages
1097–1105. Curran Associates, Inc.

Gen Li, Nan Duan, Yuejian Fang, Ming Gong, and
Daxin Jiang. 2020. Unicoder-vl: A universal en-
coder for vision and language by cross-modal pre-
training. Proceedings of the AAAI Conference on
Artificial Intelligence, 34(07):11336–11344.

Liunian Harold Li, Mark Yatskar, Da Yin, Cho-Jui
Hsieh, and Kai-Wei Chang. 2019. Visualbert: A
simple and performant baseline for vision and lan-
guage. In Arxiv.

Jiasen Lu, Dhruv Batra, Devi Parikh, and Stefan
Lee. 2019. Vilbert: Pretraining task-agnostic visi-
olinguistic representations for vision-and-language
tasks. In Advances in Neural Information Process-
ing Systems, volume 32, pages 13–23. Curran Asso-
ciates, Inc.

Fuli Luo, Pengcheng Yang, Shicheng Li, Xuancheng
Ren, and Xu Sun. 2020. Capt: Contrastive pre-
training for learning denoised sequence representa-
tions.

Vicente Ordonez, Girish Kulkarni, and Tamara Berg.
2011. Im2text: Describing images using 1 million
captioned photographs. In Advances in Neural Infor-
mation Processing Systems, volume 24, pages 1143–
1151. Curran Associates, Inc.

Matthew Peters, Mark Neumann, Mohit Iyyer, Matt
Gardner, Christopher Clark, Kenton Lee, and Luke
Zettlemoyer. 2018. Deep contextualized word rep-
resentations. In Proceedings of the 2018 Confer-
ence of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long Papers), pages
2227–2237, New Orleans, Louisiana. Association
for Computational Linguistics.

Shaoqing Ren, Kaiming He, Ross Girshick, and Jian
Sun. 2015. Faster r-cnn: Towards real-time object
detection with region proposal networks. In Ad-
vances in Neural Information Processing Systems,
volume 28, pages 91–99. Curran Associates, Inc.

Piyush Sharma, Nan Ding, Sebastian Goodman, and
Radu Soricut. 2018. Conceptual captions: A
cleaned, hypernymed, image alt-text dataset for au-
tomatic image captioning. In Proceedings of the
56th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
2556–2565, Melbourne, Australia. Association for
Computational Linguistics.

2724



Alane Suhr, Stephanie Zhou, Ally Zhang, Iris Zhang,
Huajun Bai, and Yoav Artzi. 2019. A corpus for
reasoning about natural language grounded in pho-
tographs. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics,
pages 6418–6428, Florence, Italy. Association for
Computational Linguistics.

Hao Tan and Mohit Bansal. 2019. LXMERT: Learning
cross-modality encoder representations from trans-
formers. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
5100–5111, Hong Kong, China. Association for
Computational Linguistics.

Mingxing Tan and Quoc Le. 2019. EfficientNet: Re-
thinking model scaling for convolutional neural net-
works. In Proceedings of the 36th International
Conference on Machine Learning, volume 97 of
Proceedings of Machine Learning Research, pages
6105–6114. PMLR.

Hugo Touvron, Matthieu Cord, Matthijs Douze, Fran-
cisco Massa, Alexandre Sablayrolles, and Hervé
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Abstract

Neural machine translation suffers when paral-
lel data for training is scarce. Previous works
have explored transfer learning to assist train-
ing in low-resource scenarios. However, they
transfer either from high-resource parallel data,
or from monolingual data. In this work, we pro-
pose a framework to transfer multiple sources
of auxiliary data, including both high-resource
parallel data and monolingual data of involved
languages. Knowledge in those sources is re-
spectively encoded in a high-resource trans-
lation model and pretrained language models,
and dually transferred to the low-resource trans-
lation model by our approach. Extensive exper-
iments show that our approach yields consis-
tent improvements over strong competitors for
multiple translation directions. Furthermore,
our approach still exhibits benefit on top of
back-translation, making it a useful addition to
practitioners’ toolbox.

1 Introduction

Neural machine translation (NMT) has achieved
remarkable success in recent years, but its quality
critically hinges on large-scale parallel data. In the
low-resource scenarios for most world languages
and many domains, its performance usually deteri-
orates dramatically.

Although parallel data for some translation tasks
may be difficult to obtain, monolingual data is usu-
ally within reach, and often comes in much larger
quantity. Besides, parallel data for several high-
resource languages is readily available. These cor-
pora have been used in various methods to help
training low-resource NMT. The most relevant
method to our work is transfer learning.

Transfer learning starts with training a source
task and then initializes the target task with the pa-
rameters. Recent advances in pretrained language
models (PLM) like BERT (Devlin et al., 2019) can

approach
H L

M P M P

no transfer !

(Zoph et al., 2016) ! !

(Kim et al., 2019) ! ! !

BERT2RND ! !

BERT2BERT ! !

(Kocmi and Bojar, 2018) ! !

BBERT2BBERT ! !

BBERT transfer ! ! ! !

dual transfer (ours) ! ! ! !

Table 1: An overview of data usage by approaches
considered in this work (Section 4.3). H/L: high/low-
resource language pair; M: monolingual; P: parallel.
BBERT transfer checks all the boxes but uses data in a
different way from ours.

be seen as transfer learning, where language mod-
eling is the source task for downstream target tasks.
In low-resource NMT, pretrained language models
have also provided noticeable improvements (Clin-
chant et al., 2019; Imamura and Sumita, 2019).
As another source of transfer, high-resource NMT
models have also been used for transfer learning
low-resource NMT. Zoph et al. (2016) pioneered
this direction with NMT based on recurrent neu-
ral networks, and coined the high-resource and
low-resource models as parent and child models,
respectively.

However, it is non-trivial to transfer from both
PLMs and NMT models. This limitation constrains
most existing transfer-learning-based low-resource
NMT to a single source of auxiliary data, either
monolingual or parallel.

In this paper, we propose a framework for trans-
fer learning low-resource NMT that utilizes both
monolingual data and high-resource parallel data
(Table 1). Our approach encodes monolingual
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knowledge in parent PLMs and translation knowl-
edge in parent NMT models, and transfers both
types of models to the child NMT model. Despite
its simplicity, our approach shows consistent gains
for multiple translation directions. Furthermore, it
possesses several desirable features:

• It performs reasonably well even with little or
no parallel data in the language pair of inter-
est, alleviating the data issue for low-resource
language pairs.

• It is complementary to back-translation, a
strong data augmentation approach.

• It is agnostic to network architectures and thus
applicable to any translation models.

• It is widely applicable to low-resource lan-
guages and can be applied to domain adapta-
tion.

• The same high-resource NMT model can be
used to transfer to future low-resource lan-
guages, saving computation.

2 Background

2.1 Transfer from Pretrained Language
Models

The “pretraining-finetuning” paradigm has been
highly successful for various natural language pro-
cessing tasks. It first pretrains a language model
through self-supervised learning, and then fine-
tunes the model along with additional task-specific
layers on downstream task data. Here, we exclude
pretrained language models trained by sequence-
to-sequence learning to simplify discussion1. Com-
mon pretrained language models include BERT
and GPT (Brown et al., 2020).

In NMT with the encoder-decoder architecture
(Sutskever et al., 2014; Bahdanau et al., 2015), the
direct application of the “pretraining-finetuning”
paradigm would be initializing the encoder with
PLM and treating the decoder as task-specific lay-
ers. However, it is also possible to initialize the
compatible modules in the decoder, leaving the
cross attention module randomly initialized. Al-
though initializing the decoder does not appear as
useful, especially for high-resource language pairs
(Rothe et al., 2020), it is not harmful either.

1Examples of such models include MASS (Song et al.,
2019) and BART (Lewis et al., 2020). If desired, pretrained
encoders in these models can be used in our approach.

2.2 Transfer from High-Resource
Translation Models

Even though the Transformer model (Vaswani et al.,
2017) has become more popular than recurrent neu-
ral networks for NMT, the transfer procedure pro-
posed by Zoph et al. (2016) still applies as long
as the parent model and the child model share
the same architecture, which is typically the case.
However, one problem still persists. Because the
high-resource languages have different vocabular-
ies from the low-resource ones, directly transfer-
ring the word embedding layer is not possible.

One way to circumvent this issue is to prepare a
joint vocabulary of the involved languages that is
shared between the parent and child NMT models
(Kocmi and Bojar, 2018). Known as warm-start
transfer (Neubig and Hu, 2018), this type of meth-
ods need to prepare a new joint vocabulary when-
ever a new low-resource model is on demand, and
retrain both parent and child models. In contrast,
cold-start transfer (Kocmi and Bojar, 2020) trains a
universal parent NMT model that does not depend
on child languages.

Kim et al. (2019) addressed the vocabulary mis-
match for cold-start transfer by matching word em-
beddings across languages. They first learn mono-
lingual word embeddings of the child language
with e.g. skip-gram (Mikolov et al., 2013), and
then learn a cross-lingual linear mapping to con-
nect child monolingual word embeddings and pre-
trained parent NMT word embeddings. The child
monolingual word embeddings can then be mapped
to the parent word embedding space, and be used
to initialize the child NMT word embeddings. The
cross-lingual linear mapping relies on a bilingual
lexicon to learn, which can be induced from parent
and child language monolingual data by unsuper-
vised methods like (Lample et al., 2018a).

Our approach also belongs to cold-start transfer
in its usage of the parent NMT model. It addresses
the vocabulary mismatch by design, without rely-
ing on monolingual word embeddings and bilingual
lexica.

3 Approach

Our approach is a general framework for trans-
ferring from any high-resource language pair to
any low-resource language pair, as long as data
condition permits. Generally speaking, monolin-
gual data and high-resource parallel data are avail-
able in large quantity. We first present the gen-

2727



[A] PLM emb.

[A] PLM body

A and B mono.

(1)

[P] PLM emb.

[A] PLM body

P and Q mono.

(2)

[A] NMT 

encoder emb.

[A] NMT 

encoder body

[B] NMT 

decoder emb.

A→B parallel

(3)

[P] NMT 

encoder emb.

[P] NMT 

encoder body

[Q] NMT 

decoder emb.

P→Q parallel

(4)

[B] PLM emb.

[B] PLM body

[Q] PLM emb.

[B] PLM body
[B] NMT 

decoder body

[Q] NMT 

decoder body

[A] NMT 

encoder emb.

[B] NMT 

decoder emb.

[A] PLM body
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Figure 1: Dual transfer from PLM and high-resource A→BNMT to low-resource P→QNMT. Dashed lines represent
initialization. Parameters in striped blocks are frozen in the corresponding step, while other parameters are trainable.
Different colors represent different languages. Data used in each step is also listed.

eral case where we would like to transfer from
the high-resource A→B to the low-resource P→Q,
where capital letters denote languages. Then we
discuss specific cases where some of the involved
languages are the same.

3.1 General Transfer

Figure 1 shows the pipeline of our approach, con-
sisting of four major steps, as detailed below.

(1) Train PLMA and PLMB on monolingual data
of A and B separately.

(2) Train PLMP and PLMQ on monolingual data
of P and Q as follows.

• Initialize PLMP with PLMA (except
word embeddings); freeze parameters
other than word embeddings.

• Initialize PLMQ with PLMB (except
word embeddings); freeze parameters
other than word embeddings.

(3) Train NMTA→B on A→B parallel data as fol-
lows: Initialize NMT encoder with PLMA,
and decoder with PLMB; freeze word embed-
dings during training.

(4) Replace word embeddings as follows to initial-
ize NMTP→Q, and finetune on P→Q parallel
data.

• Replace NMTA→B encoder word embed-
dings with those in PLMP.

• Replace NMTA→B decoder word embed-
dings with those in PLMQ.

Note that Steps (2) and (3) are independent of
each other, and therefore can be done in parallel.

Intuitively, Step (2) learns word embeddings of
P and Q that lie in the same semantic space of A
and B, respectively. Because only word embed-
dings are trainable, they are forced to align with
pretrained A and B body parameters to do language
modeling (e.g. masked language model). In Step
(3), NMTA→B needs to learn translation based on
the frozen A and B word embeddings space. With P
and Q word embeddings swapped in place in Step
(4), the body and embedding parameters can coop-
erate in a close semantic space, allowing finetuning
to proceed smoothly.

Like (Kim et al., 2019), our approach solves the
vocabulary mismatch issue by manipulation in the
embedding space, allowing transfer between arbi-
trary languages, even with different scripts2. Each
language now manages its own independent vocab-
ulary. We also tie input and output embeddings
of the decoder (Press and Wolf, 2017), so a single
decoder embedding block is shown in Figure 1.

We can further generalize our approach by defin-
ing transfer parameters as those responsible for
transforming input into continuous representations
shared across languages. In Figure 1, the trans-
fer parameters are simply word embeddings, but
we may also use other sets of transfer parameters,
e.g. word and position embeddings, or even lower
layers of the body. In Step (2), only transfer pa-
rameters are trainable, while in Step (3), only non-
transfer parameters are trainable, and initialization
changes accordingly.

2We verified the effectiveness of our approach for transfer-
ring from fr→en to ru→en on in-house data.
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Our approach defines a framework for transfer
learning, which can be applied to various network
architectures. For example, if we would like to train
a low-resource RNN-based NMT, we can prepare
RNN-based PLMs and a high-resource RNN-based
NMT. In our experiments, we use Transformer for
PLMs and NMT models.

3.2 Shared Target Transfer and Shared
Source Transfer

In practice, it is a rare need to train on a low-
resource language pair where both languages are
low-resource. Typically one of the two languages
would be high-resource, e.g. English. In this case,
we can choose a high-resource language pair that
shares this language on the same side, thereby sim-
plifying our approach.

If the target language (Q) of the low-resource lan-
guage pair (P→Q) is high-resource, we can choose
a high-resource language pair (A→B) with that lan-
guage as the target, i.e. B=Q. In this case, there is no
vocabulary mismatch on the target side, so PLMQ

is no longer needed, and decoder word embeddings
can be adjusted when training NMTA→B in Step (3).
PLMB also becomes optional, and the randomly ini-
tialized decoder of NMTA→B may learn sufficiently
from abundant A→B parallel data.

Likewise, if the source language (P) is high-
resource, we can let A=P. Then PLMP is not
needed, and encoder word embeddings are train-
able in Step (3). PLMA may also be dispensed with
and the encoder of NMTA→B is randomly initial-
ized.

3.3 Domain Adaptation

By viewing a certain domain as a special language,
our approach can also be applied to domain adapta-
tion. In this case, A→B is a high-resource source
domain, and P→Q is a low-resource target domain.
By definition, this setting is general transfer, be-
cause neither B=Q nor A=P is possible due to do-
main difference, but typically they will be the same
language, respectively.

4 Experimental Setup

We mainly verify our approach in the more realistic
shared target and shared source transfer scenarios.
We take German-English (de-en) as the high-
resource language pair, while Estonian-English
(et-en) and Turkish-English (tr-en) are the
low-resource language pairs. Previous works

language code # sentence (pair)
de-en 5.9m
et-en 1.9m
tr-en 207k
fr-es 10k

de-en medical 347k
en 94m
de 147m
et 139m
tr 100m
fr 4.1m
es 4.2m

en medical 4.0m
de medical 3.6m

Table 2: Training data statistics.

mainly consider shared target transfer (Dabre et al.,
2020), and we make extensive comparison in the
experiment that transfers from de→en to et→en.
We then verify on other translation directions, in-
cluding shared source transfer, as well as general
transfer, in which we consider an artificial setting
of transferring from de→en to French→Spanish
(fr→es). For domain adaptation we work on
de→en, transferring from news domain to medi-
cal domain. We report SacreBLEU3 (Post, 2018).
Further details about data and hyperparameters can
be found in Appendices B and C, respectively.

4.1 Data

We mainly use data from WMT 20184. We use
preprocessed parallel data for training NMT mod-
els. The provided development data includes multi-
parallel data for several languages, which we use
for fr→es. We collect monolingual data for the
involved languages and follow the same preprocess-
ing pipeline. Training data statistics is provided
in Table 2. Each language is encoded with byte
pair encoding (BPE) (Sennrich et al., 2016b). The
BPE codes and vocabularies are learned on each
language’s monolingual data, and then used to seg-
ment parallel data. Following (Kim et al., 2019),
we use 50k merge operations for English, and 20k
for other languages. Sentences with more than 150
subwords are removed from NMT training.

3SacreBLEU signature: BLEU+case.mixed+numrefs.1+
smooth.exp+tok.13a+version.1.4.12.

4http://statmt.org/wmt18/
translation-task.html
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4.2 Hyperparameters

We use Transformer base as our NMT model, but
with slight modifications that follow the imple-
mentation of BERT5. The absolute position em-
beddings are also learned as in BERT. We apply
dropout with probability 0.1. Learning rate warms
up for 16,000 steps and then follows inverse square
root decay. The peak learning rate is 7×10−4 for
the high-resource de-en. For other translation
tasks, we grid search over {1,3,5}×10−4 for each
approach in every experiment, and keep the best
model based on development BLEU. We use 8
GPUs for de-en, and 1 GPU otherwise. Other
hyperparameters follow (Kim et al., 2019).

We train BERT as the PLM in our experiments,
with the same number of layers and hidden size as
Transformer base. The absolute position embed-
dings are learned up to 128. We only train with
masked language modeling and dispense with next
sentence prediction as in (Liu et al., 2019). We train
for 480k steps with batch size 180 on 8 GPUs. The
peak learning rate is 1.8×10−4, and the number of
warmup steps is 18,000.

Rothe et al. (2020) found that for the high-
resource de-en pair, initializing the decoder with
PLM has no advantage over random initialization.
Therefore, we only used PLMde for de→en, but
for en→de, we used both PLMen and PLMde be-
cause the vocabulary mismatch is on the target side.

4.3 Baselines

We compare with the following approaches.

No transfer This baseline trains directly on the
low-resource parallel data.

(Zoph et al., 2016) This approach transfers from
the high-resource language pair. In the orig-
inal paper, random parent word embeddings
are used to initialize child word embeddings.
We simply initialize child word embeddings
with the truncated normal initializer.

(Kim et al., 2019) This approach transfers from
the high-resource language pair and utilizes
cross-lingual word embeddings. The authors
also proposed other orthogonal data augmen-
tation techniques, but we do not include them
in our experiments.

5https://github.com/google-research/
bert

BERT2RND This approach transfers from the
source language PLM trained on monolingual
data. By comparing with BERT2BERT, we can
see if the finding in (Rothe et al., 2020) holds
for low-resource language pairs.

BERT2BERT This approach transfers from the
source and target language PLMs trained
on monolingual data. Note that PLMs
for BERT2BERT and BERT2RND are directly
trained on monolingual data of P and Q, dif-
ferent from those obtained by Step (2) of our
approach.

As discussed in (Kim et al., 2019), managing inde-
pendent vocabularies for each language has the ad-
vantage of flexibility. However, many approaches
rely on shared vocabulary. We nevertheless report
their performance for reference.

(Kocmi and Bojar, 2018) This approach uses
joint vocabulary of all the involved languages.
It first trains the NMT model on the high-
resource parallel data, and then finetunes it
on the low-resource parallel data. It can be
seen as a multilingual NMT in which high-
resource performance does not matter. We
experiment with transferring from de→en to
et→en, thus involving three languages. We
learn joint BPE with 90k merge operations.

BBERT2BBERT Multilingual PLMs usually rely
on shared vocabulary, and bilingual BERT
(BBERT) is an example trained on non-parallel
data of two languages. We learn joint BPE
with 70k merge operations for the source and
target languages of the low-resource language
pair, and the same vocabulary is used for the
source and target sides of NMT. Otherwise
this approach is the same as BERT2BERT. This
is equivalent to XLM (Conneau and Lample,
2019) used for bilingual PLM and MT.

BBERT transfer Multilingual PLMs are often
used for cross-lingual transfer. We apply
this approach to NMT, transferring from
de→en to et→en. First we train a de-et
BBERT, and use it to initialize the encoder
of NMTde→en. Then we train on de→en
and finally finetune on et→en. We learn
joint BPE with 40k merge operations for the
de-et pair. This approach uses exactly the
same data as ours because we do not use
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approach V BLEU

no transfer ! 21.76
(Zoph et al., 2016) ! 21.07
(Kim et al., 2019) ! 22.25

BERT2RND ! 22.89
BERT2BERT ! 23.44

(Kocmi and Bojar, 2018) % 23.58
BBERT2BBERT % 23.90
BBERT transfer % 24.03

dual transfer (word) ! 24.81
dual transfer (word+position) ! 24.28

Table 3: BLEU on et→en, with the best in bold. “!”
in the “V” column indicates independent vocabulary,
while “%” means the approach relies on shared vocabu-
lary. Our approach (dual transfer) has two variants, with
or without position embeddings in the transfer parame-
ters.

PLMen when transferring from de→en to
et→en.

In their experiments, Zoph et al. (2016) and Kim
et al. (2019) only considered shared target transfer,
and they found that freezing certain components
of the decoder during finetuning can be benefi-
cial. In our et→en experiment, we tried freez-
ing the decoder word and position embeddings,
and optionally self attention parameters, for their
approaches, our approach, and BERT2BERT, but de-
velopment set results revealed that the only setting
which brought improvement was freezing word and
position embeddings and self attention parameters
for (Kim et al., 2019), possibly due to the relatively
large size of et→en data. Therefore we only use
it for (Kim et al., 2019) in our experiments.

5 Results

In this section, we first report extensive exper-
iments on et→en before generalizing to other
translation directions. We then present the perfor-
mance of our approach when used in conjunction
with back-translation and self training. Finally we
demonstrate that our approach can be used for do-
main adaptation.

5.1 Results on et→en
Table 3 shows the BLEU scores for et→en. We
report the following findings for this translation
direction.

1 10 100 1000
parallel data size (×103)
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dual transfer
BERT2BERT

BERT2RND

(Kim et al., 2019)
no transfer
(Zoph et al., 2016)

Figure 2: BLEU of different approaches with respect
to the number of parallel et→en sentence pairs for
training. We plot our approach with word embeddings
as transfer parameters; additionally transferring position
parameters performs similarly.

The approach in (Zoph et al., 2016) only uses
high-resource parallel data for transfer, and the
approach in (Kim et al., 2019) additionally uses
low-resource monolingual data; their BLEU scores
are close to the “no transfer” baseline. The ap-
proach in (Kocmi and Bojar, 2018) shows positive
transfer from high-resource parallel data by forgo-
ing the vocabulary flexibility and relying on joint
vocabulary.

Using monolingual data, BERT2RND and
BERT2BERT show notable improvement on the “no
transfer” baseline. In this relatively low-resource
setting, it appears useful to initialize the decoder
with BERT, in contrast to de-en experiments in
(Rothe et al., 2020).

We expected additionally transferring position
embeddings to better deal with word order diver-
gence across languages, but after comparing the
two variants of our approach, we find no benefit
in including position embeddings in the transfer
parameters. Our approach with word embeddings
as transfer parameters achieves best BLEU, which
is a 3.05 improvement over the “no transfer” base-
line, and 1.37 over BERT2BERT. Note that we did
not use monolingual English data for our approach
when the target language is English.
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parallel data size (×103) 0 1 5 10 50 100 500 1000
dual transfer (word) 0.43 9.06 11.74 12.97 17.44 18.84 22.10 23.72

+freezing parent NMT encoder 6.20 8.82 11.58 12.76 16.62 18.50 21.69 23.59

Table 4: BLEU on et→en. Freezing the parent NMT encoder helps our approach to perform zero-shot translation.

approach tr→en en→et en→tr fr→es
no transfer 15.44 16.29 9.63 10.59

BERT2BERT 19.73 17.36 11.78 18.26
dual transfer (word) 21.12 19.41 13.18 22.28

dual transfer (word+position) 20.29 18.79 13.16 -

Table 5: BLEU on translation directions shown in columns, grouped by shared target transfer, shared source transfer,
and general transfer. “-” means the experiment was not carried out.

approach BLEU
no transfer 21.63 (-0.13)

dual transfer (word) 22.53 (-2.28)
dual transfer (word+position) 23.08 (-1.20)

Table 6: BLEU on et→en augmented with 4m self
training data. Numbers in parentheses indicate differ-
ences from the corresponding approach trained on au-
thentic parallel data.

5.2 Effect of Low-Resource Parallel Data
Size

Arguably, the parallel training data for et→en is
not quite low-resource. But it provides a good test
bed for manually adjusting the data size to simulate
various degrees of resource scarcity. We sample
subsets of {1, 5, 10, 50, 100, 500, 1000}×103 par-
allel sentence pairs, and show BLEU of different
approaches in Figure 2. We observe roughly mono-
tonic trend of BLEU with respect to parallel data
size, as expected. Our approach performs consis-
tently better than baselines, and the gap is larger
with fewer parallel sentence pairs. In the extremely
low-resource setting of one thousand pairs, our ap-
proach still achieves BLEU close to 10, while all
other approaches fail with BLEU close to 0.

5.3 Zero-Shot Translation

Our approach can also be modified slightly to per-
form zero-shot translation. We conjecture that in
Step (3) of our approach, freezing the embeddings
alone is insufficient to prevent encoder body param-
eters from drifting too far away. Therefore we try
freezing the entire encoder in Step (3). This tech-
nique helps our approach to achieve a zero-shot
BLEU score of 6.20, as shown in Table 4. How-

ever, it does not have advantage when parallel data
is available.

5.4 Other Translation Directions
Table 5 shows the results that include shared target
transfer, shared source transfer, and general trans-
fer, comparing our approach with no transfer and
BERT2BERT. Our approach consistently outper-
forms baselines. Previous works (Zoph et al., 2016;
Kim et al., 2019) typically conducted experiments
on shared target transfer only, and shared source
transfer is considered more difficult (Kocmi, 2020),
but our approach works well for shared source
transfer, as well as general transfer. Also note that,
we use the same de-en pair for all child languages
from diverse language families, which demon-
strates the robustness of our approach. It also high-
lights the advantage of independent vocabularies:
We can prepare NMTde→en and NMTen→de for
any future child language, while approaches like
(Kocmi and Bojar, 2018) and BBERT transfer have
to retrain with the high-resource language every
time a new low-resource language is needed.

5.5 Back-Translation and Self Training
Back-translation (BT) (Sennrich et al., 2016a) and
self training (ST) (Zhang and Zong, 2016) are data
augmentation techniques that generate synthetic
parallel data, using target language monolingual
data and source language monolingual data respec-
tively. We first experiment with ST for et→en.
We use the “no transfer” NMTet→en to translate
4m et monolingual data into en by greedy decod-
ing, and merge with authentic parallel data. Results
in Table 6 show that self training is not helpful
for this experiment, and considerably lowers the
BLEU of our approach.
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approach BT data size BLEU
no transfer 4m 19.78 (+3.49)

dual transfer (word) 4m 21.74 (+2.33)
dual transfer (word+position) 4m 22.34 (+3.55)

no transfer 130m 20.52 (+4.23)
dual transfer (word+position) 130m 22.23 (+3.44)

Table 7: BLEU on en→et augmented with 4m or 130m back-translation data. Numbers in parentheses indicate
differences from the corresponding approach trained on authentic parallel data.

approach BLEU
no transfer (child) 62.94

BERT2BERT (child) 64.33
finetuning (parent) 64.91

dual transfer (parent) 65.14
dual transfer (child) 65.40

Table 8: Domain adaptation results. The transfer param-
eters are word embeddings for dual transfer. “Parent”
indicates using source domain (news) vocabulary, and
“child” indicates using target domain (medical) vocabu-
lary.

We then use the same synthetic parallel data for
en→et, turning to the case of BT. The upper rows
in Table 7 show that BT is highly beneficial for
both the baseline and our approach. Encouraged
by this, we further try using all 130m et mono-
lingual data with the maximum of 80 tokens and
100 subwords per line. We upsample authentic data
to have a 1:4 ratio with synthetic data, following
(Caswell et al., 2019). The lower rows in Table 7
show that more BT data can further improve the
“no transfer” baseline, though the small improve-
ment appears unattractive considering the cost. As
for our approach, going from 4m to 130m yields
no gain. Besides, our approach with 4m BT still
surpasses no transfer with 130m BT. We conjecture
that our approach can work complementarily with a
manageable amount of BT data, reducing the need
to decode and train on a huge data size.

Finally, note that we use the “no transfer”
NMTet→en to generate all synthetic parallel data
in our experiments. In practice, the model produced
by our approach can be used for decoding, which
should result in higher-quality synthetic data. This
might also be the reason that ST hurts our approach
more than the “no transfer” baseline.

5.6 Domain Adaptation

A simple and effective approach to domain adap-
tation is finetuning source domain NMT on target
domain data (Luong and Manning, 2015; Freitag
and Al-Onaizan, 2016). This approach is possible
because directly inheriting parent NMT vocabu-
lary is acceptable for domain adaptation. In other
words, this is a special case of (Kocmi and Bojar,
2018) where child vocabulary largely overlaps with
parent vocabulary. However, our approach allows
using a dedicated vocabulary for the target domain.
In this case, we learn BPE with the same number
of merge operations as the source domain on target
domain monolingual data. Table 8 shows that our
approach can surpass the baselines, especially with
the child (medical domain) vocabulary.

6 Related Work

Low-resource NMT has been researched from
many perspectives. Exploiting auxiliary data has
been verified to be helpful by various approaches,
including data augmentation like back-translation
(Sennrich et al., 2016a; Xia et al., 2019), trans-
fer learning as focused in our work, meta-learning
(Gu et al., 2018), semi-supervised learning (Cheng
et al., 2016), or even unsupervised NMT (Artetxe
et al., 2018; Lample et al., 2018b; Chronopoulou
et al., 2020).

Transfer learning usually utilizes a single source
of knowledge. When multiple sources are avail-
able, transfer learning may be applied in a cascaded
fashion (Lakew et al., 2018), but catastrophic for-
getting may need to be addressed. Maimaiti et al.
(2019) proposed multi-round transfer by perform-
ing transfer learning for several rounds on multiple
high-resource language pairs.

Multilingual NMT (Johnson et al., 2017; Dabre
et al., 2019) aims to perform translation for mul-
tiple translation pairs in a single model, and posi-
tive transfer towards low-resource language pairs
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typically occurs. In our experiment, we have con-
sidered a variant that solely focuses on the low-
resource pair (Kocmi and Bojar, 2018; Nguyen and
Chiang, 2017).

Outside NMT, Artetxe et al. (2020) proposed
a similar partial freezing approach to transferring
BERT cross-lingually. As they worked on BERT
(Transformer encoder) for natural language under-
standing tasks, several differences from our work
arise. First, we need to consider the initialization of
decoder for NMT, and for the shared source case,
we need to deal with vocabulary mismatch on the
decoder side. Second, we find that additionally
transferring position embeddings is not helpful in
our experiments. Third, our approach can outper-
form BBERT transfer, whereas they observe slightly
lower performance in their experiments.

7 Conclusion and Future Work

In this work, we propose a framework for trans-
ferring from both pretrained language models and
neural machine translation models, so that both
monolingual data and high-resource parallel data
can be used to assist low-resource training. Our
approach shows consistent usefulness in a variety
of experiments, while also enjoying the flexibility
of independent vocabulary.

Recently, a deep encoder and shallow decoder
architecture is shown to have comparable trans-
lation quality with faster decoding speed (Kasai
et al., 2020). While our approach can be applied to
such architectures, a shallow decoder means that
transferring on the decoder side will be limited by
the shallow PLM, which is particularly severe for
shared source transfer. In future work we would
like to investigate how to work around this issue.
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sides, our experiment indicates that our approach
can reduce the need of back-translation data size,
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Tom Kocmi and Ondřej Bojar. 2020. Efficiently
Reusing Old Models Across Languages via Trans-
fer Learning. In Proceedings of the 22nd Annual
Conference of the European Association for Machine
Translation, pages 19–28, Lisboa, Portugal. Euro-
pean Association for Machine Translation.

Surafel M. Lakew, Aliia Erofeeva, Matteo Negri, Mar-
cello Federico, and Marco Turchi. 2018. Transfer
Learning in Multilingual Neural Machine Transla-
tion with Dynamic Vocabulary. In IWSLT.

Guillaume Lample, Alexis Conneau, Marc’Aurelio Ran-
zato, Ludovic Denoyer, and Hervé Jégou. 2018a.
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A Runtime

We report the runtime of each step in our dual
transfer (word) for NMTet→en in Table 11. PLMs
for other languages take similar time because we
run a fixed number of steps. The runtime of the last
finetuning step varies depending on low-resource
parallel data size and learning rate. We also report
the runtime of the “no transfer” baseline for this
language pair as reference.
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language code train dev test
de-en preprocessed - ParaCrawl newstest2017 -
et-en preprocessed newsdev2018 newstest2018
tr-en preprocessed newsdev2016 newstest2018
fr-es newstest2008-2011 newstest2012 newstest2013

de-en medical EMEA - dev - test random 3k of EMEA random 3k of EMEA

Table 9: Parallel data source. “Preprocessed” means the preprocessed data provided in WMT 2018 news translation
task.

language code data source
en News Crawl 2014-2017
de News Crawl 2014-2017
et News Crawl 2014-2017, BigEst Estonian corpus, Common Crawl
tr News Crawl 2016-2017, Common Crawl

fr/es News Crawl 2012
en medical EMEA, PatTR, Wikipedia articles, AACT
de medical EMEA, PatTR, Wikipedia articles

Table 10: Monolingual data source.

# GPU runtime (hours)
PLMde 8 32
PLMet 8 33

NMTde→en 8 39
NMTet→en 1 8
no transfer 1 20

Table 11: Runtime of each step in dual transfer (word)
for NMTet→en. The runtime of the “no transfer” base-
line for this language pair is also listed.

B Data Source and Preprocessing

We list the data source in Tables 9 and 10. Most
of the data is from WMT 2018, unless otherwise
noted. Medical data is from WMT 2014 medical
translation task7. The French and Spanish mono-
lingual data is from WMT 2013 news translation
task8.

All data sets are deduplicated. The Turkish
monolingual data is further cleaned by removing
lines with more than half non-Turkish characters,
and we only use a subset with 100m lines.

7http://statmt.org/wmt14/medical-task/
8http://statmt.org/wmt13/

translation-task.html

C Hyperparameters and Development
Performance

As we grid search learning rates in {1,3,5}×10−4,
we report the best found learning rate and the cor-
responding development BLEU in Tables 12, 13,
and 14. The development BLEU is calculated by
tokenized multi-bleu.perl. Due to the large
scale of the 130m BT experiment, we directly use
the best learning rates for 4m BT, and set other
hyperparameters as in high-resource NMT.
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approach
et→en tr→en en→et en→tr fr→es

lr BLEU lr BLEU lr BLEU lr BLEU lr BLEU
no transfer 5 22.37 5 17.56 3 15.32 5 14.03 3 11.62

(Zoph et al., 2016) 5 21.67 - - - - - - - -
(Kim et al., 2019) 3 23.21 - - - - - - - -

BERT2RND 3 22.84 - - - - - - - -
BERT2BERT 3 23.98 1 22.06 1 16.44 1 16.27 3 21.57

(Kocmi and Bojar, 2018) 5 24.42 - - - - - - - -
BBERT2BBERT 1 24.52 - - - - - - - -
BBERT transfer 1 25.05 - - - - - - - -

dual transfer (word) 1 25.33 1 23.34 3 18.31 1 17.84 1 26.06
dual transfer (word+position) 1 25.20 1 22.33 3 17.91 1 17.88 - -

Table 12: Best found learning rate (×10−4) and the corresponding development BLEU for various translation
directions.

approach
4m ST 4m BT 130m BT

lr BLEU lr BLEU lr BLEU
no transfer 3 22.48 3 19.45 3 19.97

dual transfer (word) 1 23.36 1 21.67 - -
dual transfer (word+position) 1 23.67 1 21.73 1 21.27

Table 13: Best found learning rate (×10−4) and the corresponding development BLEU for et→en ST and en→et
BT experiments.

approach lr BLEU
no transfer (child) 3 63.39

BERT2BERT (child) 3 64.84
finetuning (parent) 1 65.26

dual transfer (parent) 3 65.13
dual transfer (child) 3 65.41

Table 14: Best found learning rate (×10−4) and the corresponding development BLEU for domain adaptation on
de→en.
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Abstract
Multilingual text summarization requires the
ability to understand documents in multiple
languages and generate summaries in the
corresponding language, which poses more
challenges on current summarization systems.
However, this problem has been rarely stud-
ied due to the lack of large-scale supervised
summarization data in multiple languages. In
this paper, we first provide a large-scale
multilingual summarization corpus MLGSum
consisting of 1.1 million articles and sum-
maries in 12 different languages. Based
on it, we develop a unified summarization
model to understand the document and gener-
ate summaries in different languages. We use
the contrastive learning strategy to train our
multilingual summarization system (CALMS),
which consists of two training objectives, con-
trastive sentence ranking (CSR) and sentence
aligned substitution (SAS). The two training
objectives are designed to share salient infor-
mation extractive ability and align sentence-
level representation across different languages.
Experimental results indicate that CALMS
achieves significant improvement over mono-
lingual models in all languages. We fur-
ther transfer CALMS to other languages and
find that it will also benefit similar lan-
guages. Our code and dataset are available at
https://github.com/brxx122/CALMS.

1 Introduction

Automatic text summarization aims at providing a
brief summary for a long document. It requires the
ability to understand document-level input, catch
the main idea of it, and generate a fluent text. Re-
cently, monolingual summarization has witnessed
great success with the development of new neu-
ral systems (Zhong et al., 2020; Wang et al., 2020)
and the availability of monolingual pre-training lan-
guage models (Kenton and Toutanova, 2019; Liu
and Lapata, 2019; Liu et al., 2019; Lewis et al.,

2020b). , Inspired by the success of monolingual
pre-trained models, researchers further pre-train
these models with multiple languages to get the
multilingual versions (Huang et al., 2019; Liu et al.,
2020; Lewis et al., 2020a), which provide the abil-
ities of understanding and generation in different
languages. The multilingual pre-training model
can be used as the initialization and finetuned for
downstream summarization tasks.

However, the pre-training phase for language
models usually focuses on predicting masked to-
kens or denoising the noisy input, both of which
are token-level tasks. It lacks the ability to align
sentence-level information among languages and to
distinguish which information is the most critical
for the document-level input. Most previous mul-
tilingual summarization models focus on training
one model for different language or partly share en-
coder/decoder layers (Wang et al., 2018; Lin et al.,
2018; Scialom et al., 2020). Cao et al. (2020) and
Lewis et al. (2020a) try to train one model for all
languages, but they find that although low-resource
languages can benefit from the larger training data,
the performance of rich-resource languages has
been sacrificed. Thus, we want to investigate the
following question: Can we design a unified multi-
lingual summarization model that can benefit both
high-resource and low-resource languages?

In this paper, we design a neural model with
the contrastive aligned joint learning strategy for
multilingual summarization (CALMS) with two
new training objectives: contrastive sentence rank-
ing (CSR) and sentence aligned substitution (SAS).
CSR samples sentences from the document and
constructs positive and negative pairs based on their
saliency. By contrastively learning what is more im-
portant, the model is supposed to obtain the ability
to distinguish salient information from the docu-
ment. In order to align sentence-level information
among languages, SAS replaces sentences with an-
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other language and generates the summary based
on the noisy input.

We conduct the experiments in five languages:
English, Chinese, German, French, and Russian.
The experimental results show that CALMS out-
performs the monolingual baseline significantly.
Further promotion will be gained by finetuning on
the specific language. We also transfer our model to
7 languages (Hindi, Spanish, Indonesian, Turkish,
Vietnamese, Ukrainian, Portuguese) and achieve
great improvements, which indicates our model
obtains a better initialization for summarization
and can be a better solution for low-resource sum-
marization. We additionally propose a new large-
scale multilingual summarization dataset with 12
languages for future multilingual summarization
research.

We highlight our contributions as follows:
(1) We design a neural model with the con-

trastive aligned learning strategy for multilingual
summarization (CALMS), which improves sum-
marization performance in both rich-resource and
low-resource languages.

(2) We propose two new training strategies to
distinguish important information from the docu-
ment and align sentence-level information across
languages.

(3) In order to investigate multilingual summa-
rization, we create a 1.1 million multilingual sum-
marization dataset MLGSum with 12 languages.
The experimental results on 5 main languages show
that our model significantly outperforms the mono-
lingual summarization model. The extensive ex-
periments on 7 other languages indicate our model
can transfer to other similar languages with a good
performance.

2 Related Work

Multilingual Summarization Abstractive sum-
marization aims at generating a shorter version of
the document while maintaining the most impor-
tant information. With the large success brought by
pre-trained language models in English abstractive
summarization (Liu and Lapata, 2019; Lewis et al.,
2020b; Zhang et al., 2020), several works focus on
summarization in multiple languages. Nguyen and
Daumé III (2019) constructs a small cross-lingual
dataset with English summaries for non-English ar-
ticles, and Scialom et al. (2020) proposes MLSUM
with 5 languages as the extended version of English
summarization dataset CNN/DailyMail (Hermann

et al., 2015). Cao et al. (2020) use a Transformer-
based model with 6 layers encoder and decoder
to combine auto-encoder training, translation and
summarization. Different from Cao et al. (2020),
we focus on document-level multilingual summa-
rization, which means understanding of long input
in different languages is more important for our
model. Besides, we propose a large-scale multilin-
gual dataset with 12 languages and each document-
summary pair is in the same language.

Contrastive learning in Summarization The
goal of contrastive training is to let the model dis-
tinguish specific features by constructing positive
and negative pairs. For summarization, it is often
used to find a better summary. (Shi et al., 2019)
randomly replaces a sentence in the ground-truth
summary with a random sentence to form the nega-
tive sample. Wu et al. (2020) constructs negative
samples on different aspects of summary qualities
and propose a new summary evaluation method
by contrastive learning. Zhong et al. (2020) use a
pre-trained extractive model to select several can-
didates as negative samples and take the ground-
truth as the positive. In this work, we dynamically
sample several sentences from the document dur-
ing the training phase and construct the positive
and negative pair based on their similarity with the
ground-truth summary.

Multilingual Pre-training for Generation Sev-
eral works try to expand the successful unsuper-
vised pre-training English language model to mul-
tiple languages for multilingual understanding and
generation (Lample and Conneau, 2019; Huang
et al., 2019; Liu et al., 2020; Xue et al., 2020).
mBART (Liu et al., 2020) denoises full texts in
multiple languages and pre-trains the complete
encoder-decoder model, which works well on both
sentence-level and document-level machine trans-
lation. mT5 (Xue et al., 2020) is the multilingual
version of T5 (Kale and Rastogi, 2020) for text-to-
text. MARGE (Lewis et al., 2020a) is trained with
the multi-lingual multi-document paraphrasing ob-
jective, which reconstructs text in one language by
retrieving a set of related texts in other languages.

3 Method

Given a document D = {x1, x2, · · · , xM} with
M words, the goal of abstractive summarization
is to generate a summary with N words Y =
{y1, y2, · · · , yN}, where M > N . For multilin-
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Decoder
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Figure 1: Model Overview. The input and output in green are the same language while the orange is another
language. The input document includes T sentences separated by the delimiter ‘[q]’, and each sentence st consist
of tn token x. The language indicator ‘[LG]’ is added at the beginning of the encoder and the decoder. CSR
selects q = 3 sentences from the document and constructs the contrastive pair with one positive and two negative
examples. SAS replaces sentence s1 with the translated s′1.

gual summarization, the model should be able to
deal with inputs in multiple languages and generate
the summary in the same language. Formally, for
each language lk in the collection with K languages
L = {l1, l2, · · · , lK}, the training objective can be
defined as

L(lk) = −
Nk∑

i=1

logP (Y
(lk)
i |D(lk)

i ), (1)

where D(lk)
i and Y (lk)

i are the i-th sample for the
language lk and Nk is the size of examples in lk.

In this section, we propose a contrastive aligned
joint learning strategy for all languages to share the
salient information extraction and align sentence-
level representations across languages. We propose
two extra training objectives for our CALMS and
describe them in detail below.

3.1 Multilingual Summarization
To understand and generate text in multiple lan-
guages, it is important to have a good multilingual
language model. Without loss of generality, we
use mBART (Liu et al., 2020) as the model initial-
ization. It is a powerful Transformer-based multi-
lingual pre-trained model trained on monolingual
document corpus in 25 languages with denoising
training objectives. It provides a shared vocabulary
across languages and a good multilingual language
model. We fully share model parameters among
different languages by jointly training on all sum-
marization data in different languages. A language

indicator is used to indicate the language of each
example. Thus, the multilingual summarization
loss for K languages is written as:

Ls = −
K∑

k=1

Nk∑

i=1

logP (Y
(lk)
i |D(lk)

i ), (2)

3.2 Contrastive Sentence Ranking
Different from pre-trained denoising tasks, the out-
put is much shorter than the input in the summa-
rization task. Therefore, it is important for the
summarization model to catch the salient infor-
mation from the document during the finetuning
phrase. We design a contrastive training strategy,
contrastive sentence ranking (CSR), to help the
model distinguish salient information, which is in-
dependent of languages. Inspired by content selec-
tion in extractive summarization (Shi et al., 2019;
Zhong et al., 2020), we take sentences to construct
positive and negative pairs. However, instead of
pre-constructing contrastive summaries pairs for
the dataset, we dynamically sample sentences from
the document during the training phase.

Specifically, for a document D with T sentences
D = {s1, s2, · · · , sT }, we randomly sample q sen-
tences as candidates and calculate n-gram overlaps
between the ground-truth summaries and these can-
didates. The candidate with the highest overlaps
will be viewed as positive and the others are nega-
tive. By dynamically sampling, the model is able
to explore the whole document. Besides, we can
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change the negative sample number for each lan-
guage to alleviate the imbalance between the data.
Each time the data loader takes an example from
the dataset, it will construct a positive-negative pair
and save the corresponding sentence masks. These
masks will be used to get sentence representation
from the document’s hidden state in the last layer
of the encoder.

The model is trained with margin-based triplet
loss, which is defined as:

Lc =
1

N

K∑

k=1

Nk∑

i=1

max


0,

q−1∑

j=1

s
(lk)
i,negj

− s(lk)i,pos + ε


 ,

(3)

where s(lk)i,pos is the score of the positive candidate of

the i-th example in language lk, and s(lk)i,negj
is the

j-th negative candidate for i-th example. We use a
linear layer with sigmoid function to get the score
from the masked hidden state of the last layer of
the encoder. ε is a hyper-parameter for the margin
distance.

3.3 Sentence Aligned Substitution
Training with multiple languages makes it possible
to share the representative space across languages
and obtain a universal representation for summa-
rization. Lin et al. (2020) randomly replaces words
with a different language during the pre-training
phase for machine translation. However, the input
for summarization is longer than sentence-level ma-
chine translation and the single word replacement
shows little influence (Kedzie et al., 2018). Thus,
we propose sentence aligned substitution (SAS) for
summarization.

We take lead sentences rather than randomly
sampling from the document because these sen-
tences are more important in the summarization
task. We use an extra translation tool 1 to trans-
late our sentences into another language to get the
aligned information. To get rid of the lead bias, we
randomly insert the translated sentences back into
the original document. The training objective can
be defined as:

La = −
K∑

k=1

Nk∑

i=1

logP
(
Y

(lk)
i |R

(
D

(lk)
i

))
, (4)

whereR is the sentence replacement function. For
the document in language lk, its lead sentences are
replaced with the rest languages lk′ in ratio r.

1https://translate.google.com/

Finally, The training objectives of CALMS can
be written as:

L = Ls + Lc + La. (5)

Figure 1 demonstrates the overview of our model.
CSR takes the output of the encoder for its margin
loss, while SAS replaces sentences before encod-
ing.

4 Experiment

In this section, we describe the multilingual sum-
marization dataset used in our experiment and the
experimental settings.

4.1 Dataset
We construct a large-scale summarization dataset
MLGSum with 12 languages for the multilingual
summarization task. We collect articles from news
websites with multiple languages, such as BBC2

and france243, and select faz4 to extend our dataset
with German text. We take the brief introduction
written by editors as summaries5. We illustrate a
short French example in Table 1.

Based on the language size, we divide MLGSum
into two parts: the first part includes five high-
resource languages: German(De), English(En),
Russian(Ru), French(Fr), and Chinese(Zh), which
will be used to train our CALMS. The second part
has limited training data, which includes Hindi(Hi),
Spanish(Es), Indonesian(Id), Turkish(Tr), Viet-
namese(Vi), Ukrainian(Uk), and Portuguese(Pt).
The data of each language is split into train/dev/test
by 95%/5%/5%. Compared with multilingual Giga-
word used by Cao et al. (2020), whose average doc-
ument/summary length is 33.1/8.6, our document
and summary are longer. This asks for document-
level understanding and generation. The detailed
information is listed in Table 2.

4.2 Settings
We use mBART (Liu et al., 2020) as the multi-
lingual initialization. It is the multilingual ver-
sion of BART-large (Lewis et al., 2020b), which is

2https://www.bbc.com/
3https://www.france24.com/
4https://www.faz.net/
5The summary is tagged with ’story-body introduction’

in BBC, ’t-content chapo’ in france24, ’atc-IntroText’ in faz.
The data is from Jan, 2010 to Sep, 2020. We remove document
length smaller than 50 or longer than 5000 and summaries
shorter than five words. We provide the url of HTML page for
each example.
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Article Arsenal, le leader de la Premier League, a été
sévèrement corrigé, samedi 14 décembre, par Manchester
City (6-3) qui prend la deuxième place du classement à seule-
ment trois points des hommes d’Arsène Wenger. [q] Il s’agit
de la huitième victoire de City à domicile où il est invaincu
cette saison, et ce contre la meilleure équipe à l’extérieur. [q]
Les Londoniens ont commencé à prendre l’eau dès l’entame
du match, Sergio Agüero ayant besoin de 14 minutes seule-
ment pour ouvrir la marque et inscrire son 13e but de la
saison en championnat.
(Premier League leaders Arsenal were severely corrected on
Saturday 14 December by Manchester City (6-3) who took
second place in the standings just three points behind Arsène
Wenger’s men. [q] It was This is City’s eighth home win
where they are undefeated this season, against the best away
team. [q] Londoners started to get wet from the start of the
match, with Sergio Agüero needing just 14 minutes to open
the scoring and score his 13th league goal of the season.)

Summary Irrésistible à domicile depuis le début de la sai-
son, Manchester City a étrillé Arsenal (6-3) lors du match
au sommet de la Premier League. [q] Les Mancuniens revi-
ennent à trois points des Gunners en haut du classement.
(Irresistible at home since the start of the season, Manch-
ester City crushed Arsenal (6-3) in the game at the top of
the Premier League. [q] The Mancuniens are three points
behind the Gunners at the top of the standings.)

Table 1: A Fr example of our dataset. The text in brack-
ets is the corresponding English translation. The sen-
tences are separated by ‘[q]’.

a Transformer-based architecture (Vaswani et al.,
2017) with 12 layers of encoder and 12 layers of the
decoder. The hidden size is 1024 with 16 attention
heads. mBART covers 25 languages and shares the
vocabulary with the sentencepiece tokenizer (Kudo
and Richardson, 2018), which includes 250,000
subword tokens. We follow the language indica-
tors with mBART, and change its position to the
beginning of the source and target sequence. We
replace [q] in the dataset with the delimiter < /s >
to separate sentences.

We use the first part of our dataset as training
languages: De, En, Ru, Fr, Zh. We mix the training
examples and do global shuffling to avoid local
overfitting on a specific language. For CSR, we
random sample q = 3 sentences from the document
to construct the positive-negative pairs and let the
margin ε = 1.0. For SAS, we translate sentences
to the other four languages with equal probability
and substitute sentences with a ratio r = 0.2.

We use fairseq6 (Ott et al., 2019) to implement
the architecture. We limit the max tokens to 2048
for each GPU and set the gradient accumulation to
4. The Adam optimizer (Kingma and Ba, 2015) is

6https://github.com/pytorch/fairseq

Language Size Doc. Summ. Train

De 494,514 457 27 445,062
En 191,365 476 24 172,228
Ru 87,125 499 24 78,412
Fr 85,030 463 36 76,527
Zh 65,203 799 56 58,682

Hi 59,145 565 28 53,230
Es 43,162 703 30 38,845
Id 35,495 360 21 31,945
Tr 26,539 342 20 33,047
Vi 26,539 847 34 23,885
Uk 33,214 444 21 29,892
Pt 20,945 927 34 18,850

Total 1,168,276 573.5 29.6 1,060,605

Table 2: The dataset statistic. Doc. and Summ. refer to
the average length of the document and the summary.
Train is the size of the training set.For non-space lan-
guage like Zh and Ja (with ‘*’), it is calculated by the
character number.

used with a learning rate of 3e-5 for unified training
and 1e-5 for finetuning on the specific language.
The other parameters are the same as previous
work (Liu et al., 2020). The joint training takes
around 7 epochs and each epoch needs 5 hours on
two 32G Tesla V100. During inference, we use
trigram blocking to avoid repetition.

4.3 Models

Here, we describe the models used in our experi-
ments. We first introduce several baseline models
and take the strong mBART monolingual model
for each language as the main competitor for our
unified multilingual summarization model.

Lead2 Lead-K is the common strong baseline
for summarization tasks. We select the first two
sentences based on the average summary length.

Monolingual Model We train a monolingual
model for each language as our baseline. We use a
standard Transformer with 12 layers of encoder and
decoder with 1024 hidden states and 16 heads and
randomly initialize it. The number of parameters
is the same as the mBART. We use an independent
vocabulary for each language and tokenize them
with the sentencepiece model trained on the corre-
sponding language corpus. For the mBART model,
we follow the setting of Liu et al. (2020) to finetune
it on the monolingual summarization task.
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Model Settings
De En Ru Fr Zh Avg

R-1 Delta R-1 Delta R-1 Delta R-1 Delta R-1 Delta Delta

Mono

Lead2 26.35 - 22.54 - 17.21 - 37.61 - 29.74 - -
Transfromer 24.27 - 31.76 - 14.07 - 25.34 - 29.52 - -
mBART 25.92 - 38.89 - 21.52 - 35.75 - 38.25 - -

Multi

mTransformer 23.91 -2.01 31.65 -7.24 15.07 -6.45 32.26 -3.49 31.65 -6.60 -5.16
mBART 26.13 0.21 39.78 0.89 21.90 0.38 36.24 0.49 38.91 0.66 0.53
CALMS 26.38 0.46 39.83 0.94 22.04 0.52 37.00 1.25 38.83 0.58 0.75

Finetune
mBART 26.01 0.09 39.87 0.98 21.57 0.05 36.02 0.27 38.93 0.68 0.41
CALMS 26.33 0.41 39.88 0.99 22.21 0.69 36.88 1.13 39.02 0.77 0.80

Table 3: The main results. R-1 is the F1 score of ROUGE-1, and Delta is the difference between models and
monolingual model initialized with mBART. Avg is the average delta for five languages. The best results are
bolded.

Multilingual Model We jointly training summa-
rization in five languages. For Transformer, we
use the same shared vocabulary with mBART. We
directly finetune mBART on the multilingual sum-
marization task with the language indicator. For
CALMS, we add the training objectives CSR and
SAS, and the loss is defined as Equal 5. After
jointly training, we directly evaluate the unified
model on the test set of five languages.

Finetuning We finetune the unified mBART
model and CALMS on the specific language for
several steps and evaluate it on the test set. The
training data for finetuning is the same as the jointly
training phrase.

5 Results

We present the main quantitative results and de-
sign several qualitative analyses in this section. To
better illustrate the improvement, we use the delta
between different models and the strong baseline
monolingual mBART in five languages for analy-
sis.

For evaluation, we use the automatic summariza-
tion metric ROUGE(Lin, 2004)7. Since the origi-
nal ROUGE is only designed for English, we map
tokens in other languages to the digit and then cal-
culate ROUGE. For the non-space language such
as Chinese, we take each character as a token. We
report the F-1 score of ROUGE-1 in the main paper
and leave other scores in the appendix.

5.1 Main Results

In Table 3, we show our main results in five lan-
guages. We focus on the following questions: 1)

7https://github.com/bheinzerling/pyrouge

Does a unified summarization for all languages
perform better than the individual model for each
language? 2) Does CALMS perform better on mul-
tilingual summarization compared with the unified
mBART? 3) Does finetuning on the specific lan-
guage benefit?

Monolingual v.s Multilingual For Transformer,
the joint model performs worse on rich-resource
De and En, while it gains improvement on Ru, Fr,
and Zh. It indicates that the unified multilingual
model without multilingual pre-training sacrifices
the rich-resource languages and improve the low-
resource languages. However, with the pre-training
multilingual language model mBART, the unified
model outperforms the monolingual ones on all
five languages. This demonstrates that not only
low-resource languages can benefit from the larger
training data, but also high-resource languages can
further be improved by multilingual joint training.
Multilingual language models help the model to
share the latent space across languages to some
extend.

mBART v.s CALMS We directly evaluate the
jointly training models on five languages in the
test set. Compared with the unified mBART, our
CALMS outperforms on all five languages, espe-
cially in Fr. For the average delta, CALMS outper-
forms the monolingual mBART by 0.75 ROUGE-1.
The result demonstrates that CALMS is an effective
and efficient solution for multilingual summariza-
tion. It can handle different languages with one
unified model and improve performance on all lan-
guages without sacrificing rich-resource languages.

Does Finetuning benefit? Finetuning on
CALMS makes the model further move on to the
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specific language and get better results, such as En,
Ru, and Zh. However, for De and Fr, it is better
to directly evaluate the multilingual model, which
indicates further finetuning may cause overfitting
on several languages. It is similar to unified
mBART, where the finetuning fails on De and Fr
and benefits on En and Zh.

De En Ru Fr Zh

CALMS 26.38 39.83 22.04 37.00 38.83

CALMS w/o CSR 26.24 39.73 22.01 36.95 38.89

CALMS w/o SAS 26.33 39.62 22.12 36.85 38.93

CALMS w/o pre-train 23.83 31.54 15.30 32.30 31.76

Table 4: Ablation study on CALMS on ROUGE-1.
CALMS w/o CSR indicates removing CSR loss from
CALMS. CALMS w/o mBART indicates randomly ini-
tialize the model and train with CSR and SAS.

Ablation Study We conduct the ablation study
on each training strategy in Table 4. We jointly
train each model and directly evaluate the test set
without finetuning.

As it shown, both CSR and SAS contribute to our
CALMS. Compared with CALMS w/o CSR and
CALMS w/o SAS, we find De, Ru, Zh are more af-
fected by removing CSR, while SAS is more impor-
tant for En and Fr. When we remove mBART, the
performance degrades significantly. This is because
the multilingual pre-training language model not
only provides a good initialization for multilingual
representation but also have a strong generation
ability as a language model, which has been proved
in monolingual summarization with BART(Lewis
et al., 2020b).

CALMS without pre-trained mBART can also
be viewed as a jointly training mTransfromer with
CSR and SAS. Compared with results in Table 3,
we can find that the two training strategies improve
performance in Ru, Fr and Zh, but the rich-resource
languages De and En have been hurt. It implies
that, without multilingual pretrained model, it is
difficult for the multilingual model to recover from
the denosing task SAS.

Transfer to other languages Does CALMS re-
ally help to learn a unified model for multilingual
summarization? In order to answer this question,
we further transfer the unified model to other lan-
guages. We finetune our CALMS trained on five
languages to another 6 languages: Pt, Es, Uk, Tr,

Family Lang Transformer mBART CALMS

Romance
Pt* 15.93 24.82 25.89
Es 21.51 29.37 29.77

Slavic Uk* 11.09 18.62 19.23

Turkic Tr 13.45 21.97 21.68

Vietic Vi 18.82 30.88 30.75

Indo-Aryan Hi 25.53 33.36 32.98

Malayo-Polyn Id* 18.61 27.17 28.00

Average - 17.85 26.60 26.90

Table 5: Finetuning on CALMS trained on five lan-
guages. The family indicates language family and lang
is the abbreviation of language. The Transformer and
mBART are monolingual summarization model trained
on each language. The languages with ‘*’ are not cov-
ered by the pre-training corpus of mBART.

Vi, and Hi. Among them, Pt, Uk, and Id are not cov-
ered by the pre-training training phrase of mBART.
We use ‘[UNK]’ as the language indicator. For
comparison, we also take the monolingual summa-
rization model of each language as the baseline,
which is similar to monolingual models described
in 4.3. The results are listed in Table 5.

As the table shows, CALMS outperforms the
monolingual Transformer and mBART in Pt, Es,
Uk, and Id. Among these languages, Pt and Es is
the same language family as Fr, while Uk and Ru
both belong to Slavic. It indicates that our mul-
tilingual summarization model CALMS can help
similar languages to get a better result against the
monolingual model trained on its limited training
data. For Id, it is not covered by the pre-training
phase and our CALMS also shows better results on
it. However, for other languages that far away from
the training languages, CALMS has no obvious
advantage over the monolingual model.

5.2 Analysis
In this sections, we conduct several in-depth ex-
plorations on the two training objectives CSR and
SAS.

Negative Sample Number We explore how the
candidate number q influences our model. Simi-
lar to above, we take the ROUGE-1 improvement
against the mBART monolingual model to normal-
ize the improvement. For the document with sen-
tences fewer than q, we repeat the negative exam-
ples several times. After training the unified model,
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Figure 2: The negative example number of contrastive
learning. 0 indicates the mBART unified model. The
y-axis is the ROUGE-1 delta between our CALMS and
the mBART monolingual model.

we directly evaluate them without finetuning.
As Figure 2 shown, The x-axis is the negative

sample number, which is q − 1. When we take two
negative examples for contrastive training, most
languages get the best results. However, when it
comes to three, the performance slips significantly.
This is because it is more likely to construct the
same contrastive pair during the dynamic sampling
due to the limited length of the document. Com-
pared with other languages, the negative sample
number has little impact on Zh.

Replacement Ratio We also investigate differ-
ent replacement ratios r as Figure 3 shown. When
r = 1.0, it means that we always replace lead sen-
tences with the other language. For r = 0.0, we do
not replace any sentences, which is the jointly train-
ing mBART model. Same as above, we evaluation
the unified model directly.

For En, with the ratio increases, the performance
degrades, because SAS enforces the model to ob-
tain a more unified representation for all languages
by sacrificing the English bias. When the ratio is
greater than 0.5, performance begins to degrade in
all languages. The Delta is almost 0 when the ratio
comes to 1. This indicates that the unified model no
longer has the advantage over the individual model.
In this case, all the lead sentences will be inserted
into the document in different languages. It will
mislead the model to ignore the lead bias and the
learned language indicator. The ratio between 0.2
and 0.5 is appropriate for all five languages.

CSR for Individual Different from SAS which
designed for aligning multiple languages, CSR
aims at distinguishing important information. It
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Figure 3: The replacement ratio of SAS. 0 indicates
no replacement and 1 indicates each example will be
subsituted. The y-axis is the ROUGE-1 delta between
our CALMS and the mBART monolingual model.

De En Ru Fr Zh

Individual 25.92 38.89 21.52 35.75 38.25
Individual + CSR 26.00 39.25 21.20 36.57 38.63

Table 6: CSA for individual model. The Individual
model is trained on mBART for each language.

can also be used on individual models. Thus, we
add CSR to the mBART monolingual model for
each language and set q = 3. The results are listed
in Table 6.

We find that De, En, Fr, and Zh all benefit
from the original monolingual model, especially Fr.
However, the performance degrades for Ru. From
Figure 2, we can find that Ru is sensitive to the
negative sample number, and Table 2 illustrates
Ru have the longest article compared with De, En,
and Fr (Zh is calculated by characters). Small q
will lead to indistinguishable contrastive pairs dur-
ing randomly sampling especially for long input,
which will cause the performance decline.

6 Conclusion

We propose a contrastive aligned joint learning
strategy CALMS. It is an effective and efficient
solution for multilingual summarization that can
handle different languages with one unified model.
The experimental results show that CALMS out-
performs the monolingual summarization model in
all five training languages, and it can further trans-
fer to similar languages and achieve improvement
against monolingual mBART via finetuning. We
also provide a multilingual summarization dataset
MLGSum with 12 languages for future research.
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Ethics Consideration

We collect the dataset from three news websites:
BBC, france24, and faz. BBC provides news in
more than 40 languages and each article is writ-
ten by native authors. France24 is an international
news website with 4 languages and faz is a Ger-
man website. All of these websites have a high-
light written by the editor at the beginning of the
news article to summarize the main idea, which can
be viewed as the summary. This information can
be easily extracted through the HTML tag (’story-
body introduction’ in BBC, ’t-content chapo’ in
france24, ’atc-IntroText’ in faz). We collect ML-
GSum mainly from BBC and use france24 to ex-
pand French, English, and Spanish. Faz is used for
German.

Similar to XSum (Narayan et al., 2018) and
Newsroom (Grusky et al., 2018), we provide the
Wayback archived URL of each article and the pro-
cessing script to release MLGSum. The Wayback
Machine9 is an initiative of the Internet Archive,
building a digital library of Internet sites that
archive billions of web pages. We search news
articles ranging from 2010 to 2020 for the above
websites. We emphasize that the intellectual prop-
erty and privacy rights of the articles belong to
the original authors and the corresponding website.
We carefully check the terms of use, privacy policy,
and copyright policy10 of the Internet Archive and
the dataset construction is consistent with all terms.

We emphasize that we meet the usage require-
ments: “Access to the Archive’s Collections is pro-
vided at no cost to you and is granted for schol-
arship and research purposes only” and “abide by
all applicable laws and regulations, including in-
tellectual property laws, in connection with your
use of the Archive”. We certify that our use of any
part of the Archive’s Collections will be limited to
non-infringing or fair use under copyright law. If
any authors or publishers express a desire for their
documents not to be included in MLGSum, we will
remove that portion from the dataset.

8https://archive.org/projects/
9http://web.archive.org/

10https://archive.org/about/terms.php
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voices: Crossing borders in automatic news summa-
rization. In Proceedings of the 2nd Workshop on
New Frontiers in Summarization, pages 90–97.

Myle Ott, Sergey Edunov, Alexei Baevski, Angela
Fan, Sam Gross, Nathan Ng, David Grangier, and
Michael Auli. 2019. fairseq: A fast, extensible
toolkit for sequence modeling. In Proceedings of
NAACL-HLT 2019: Demonstrations.

Thomas Scialom, Paul-Alexis Dray, Sylvain Lamprier,
Benjamin Piwowarski, and Jacopo Staiano. 2020.
Mlsum: The multilingual summarization corpus. In
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP),
pages 8051–8067.

Jiaxin Shi, Chen Liang, Lei Hou, Juanzi Li, Zhiyuan
Liu, and Hanwang Zhang. 2019. Deepchannel:
Salience estimation by contrastive learning for ex-
tractive document summarization. In Proceedings of
the AAAI Conference on Artificial Intelligence, vol-
ume 33, pages 6999–7006.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Advances in Neural Information Pro-
cessing Systems, pages 5998–6008.

Danqing Wang, Pengfei Liu, Yining Zheng, Xipeng
Qiu, and Xuan-Jing Huang. 2020. Heterogeneous
graph neural networks for extractive document sum-
marization. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 6209–6219.

Li Wang, Junlin Yao, Yunzhe Tao, Li Zhong, Wei Liu,
and Qiang Du. 2018. A reinforced topic-aware con-
volutional sequence-to-sequence model for abstrac-
tive text summarization. In Proceedings of the 27th
International Joint Conference on Artificial Intelli-
gence, pages 4453–4460.

Hanlu Wu, Tengfei Ma, Lingfei Wu, Tariro
Manyumwa, and Shouling Ji. 2020. Unsuper-
vised reference-free summary quality evaluation
via contrastive learning. In Proceedings of the
2020 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 3612–3621.

Linting Xue, Noah Constant, Adam Roberts, Mi-
hir Kale, Rami Al-Rfou, Aditya Siddhant, Aditya
Barua, and Colin Raffel. 2020. mt5: A mas-
sively multilingual pre-trained text-to-text trans-
former. arXiv preprint arXiv:2010.11934.

Jingqing Zhang, Yao Zhao, Mohammad Saleh, and Pe-
ter Liu. 2020. Pegasus: Pre-training with extracted
gap-sentences for abstractive summarization. In In-
ternational Conference on Machine Learning, pages
11328–11339. PMLR.

Ming Zhong, Pengfei Liu, Yiran Chen, Danqing Wang,
Xipeng Qiu, and Xuan-Jing Huang. 2020. Extrac-
tive summarization as text matching. In Proceed-
ings of the 58th Annual Meeting of the Association
for Computational Linguistics, pages 6197–6208.

2748



A Appendices

We present ROUGE-2 and ROUGE-L in Table 7
and Table 8 for models in Table 3.

Different from ROUGE-1, monolingual mod-
els show an advantage over multilingual models
on ROUGE-2 and ROUGE-L for De, which indi-
cates that the multilingual models have difficulty
in catching long patterns of German. However, the
situation is the opposite for the French. The other
trends are similar with analysis in Section 5.1.
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Model Settings
De En Ru Fr Zh Avg

R-2 Delta R-2 Delta R-2 Delta R-2 Delta R-2 Delta Delta

Mono

Lead2 9.87 - 4.27 - 2.39 - 16.05 - 12.10 - -
Transfromer 12.30 - 9.89 - 4.16 - 7.09 - 14.51 - -
mBART 12.57 - 15.65 - 8.38 - 17.21 - 21.22 - -

Multi

mTransformer 8.49 -4.08 9.67 -5.98 4.08 -4.30 11.8 -5.41 15.26 -5.96 -5.15
mBART 11.75 -0.82 16.06 0.41 8.57 0.19 17.25 0.04 21.78 0.56 0.08
CALMS 11.94 -0.63 16.18 0.53 8.67 0.29 17.29 0.08 21.68 0.46 0.15

Finetune
mBART 11.64 -0.93 15.39 -0.26 8.41 0.03 17.03 -0.18 21.78 0.56 -0.16
CALMS 11.90 -0.67 16.36 0.71 8.82 0.44 17.25 0.04 21.85 0.63 0.23

Table 7: The main results of R-2, which is the F1 score of ROUGE-2. Delta is the difference between models
and monolingual model initialized with mBART. Avg is the average delta for five languages. The best results are
bolded.

Model Settings
De En Ru Fr Zh Avg

R-2 Delta R-2 Delta R-2 Delta R-2 Delta R-2 Delta Delta

Mono

Lead2 24.18 - 17.05 - 14.81 - 30.52 - 22.75 - -
Transfromer 22.55 - 24.1 - 12.63 - 20.91 - 24.76 - -
mBART 23.18 - 29.98 - 19.18 - 29.50 - 31.86 - -

Multi

mTransformer 20.33 -2.85 23.51 -6.47 13.06 -6.12 24.85 -4.65 25.30 -6.56 -5.33
mBART 22.80 -0.38 30.51 0.53 19.22 0.04 29.48 -0.02 31.86 0.00 0.03
CALMS 22.91 -0.27 30.62 0.64 19.35 0.17 29.63 0.13 31.83 -0.03 0.13

Finetune
mBART 22.70 -0.48 30.28 0.30 19.01 -0.17 29.31 -0.19 31.91 0.05 -0.10
CALMS 22.87 -0.31 30.66 0.68 19.51 0.33 29.65 0.15 32.12 0.26 0.22

Table 8: The main results of R-L (ROUGE-L). The other notations are the same with Table 7
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Abstract

As languages evolve historically, making com-
putational approaches sensitive to time can
improve performance on specific tasks. In
this work, we assess whether applying histor-
ical language models and time-aware meth-
ods help with determining the correct sense
of polysemous words. We outline the task
of time-sensitive Targeted Sense Disambigua-
tion (TSD), which aims to detect instances of
a sense or set of related senses in historical
and time-stamped texts, and address two main
goals: 1) we scrutinize the effect of applying
historical language models on the performance
of several TSD methods and 2) we assess dif-
ferent disambiguation methods that take into
account the year in which a text was produced.
We train historical BERT models on a corpus
of nineteenth-century English books and draw
on the Oxford English Dictionary (and its His-
torical Thesaurus) to create historically evolv-
ing sense representations. Our results show
that using historical language models consis-
tently improves performance whereas time-
sensitive disambiguation helps especially with
older documents.

∗ Contributions of each author (in alphabetical order):
Conceptualization: KB, BMcG, FN; Data curation: KB, GT;
Formal Analysis: MCA; Funding acquisition: BMcG; Method-
ology: KB, MCA, KH, BMcG, FN; Project management:
KB, BMcG, FN; Software: KB, MCA, KH, FN; Supervision:
BMcG; Reproducibility: KB, MCA, FN; Writing: KB, MCA,
BMcG, FN.

1 Introduction

As language is in continuous flux, the question
arises as to whether (and how) we should adapt
Natural Language Processing (NLP) methods to
the changing context in which texts are produced.1

This paper offers a novel contribution by assessing
the extent to which making NLP models sensitive
to time (or historically-aware) actually improves
their performance. We present the task of time-
sensitive Targeted Sense Disambiguation (TSD),
which determines whether or not a token in a given
time-stamped text is related to a specific sense of a
lemma. TSD is a variation on Word Sense Disam-
biguation (WSD), but (as we argue) it is of more
practical relevance to research in digital history and
cultural analysis. For example, if a historian wants
to investigate the lemma machine2 in the sense of
“anything that transmits force or directs its applica-
tion”, TSD classifies whether the token machine (or
one of its synonyms, e.g. machine) in a given text
expresses this sense. This task assists researchers
with tracking the evolution of very specific senses
across time, instead of just words, as in Michel et al.
(2011).

1Code and models used in this paper are accessible
via Github and Zenodo, see https://github.com/Living-
with-machines/TargetedSenseDisambiguation and
https://zenodo.org/record/4782245.

2In this paper we will refer to lemmas or tokens in italics,
their senses in single quotes and full definitions in double
quotes.
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For our experiments, we use the Oxford English
Dictionary (OED),3 which provides a very detailed
insight into sense-level change over time, exem-
plified by time-stamped quotations from a large
collection of historical texts. The OED is very fine-
grained, with a high number of senses for each
entry. The number of historical examples for each
sense is limited however, which presents a challeng-
ing data sparsity setting,4 a not uncommon problem
in WSD research and also characteristic of Digital
Humanities (DH) research, in which often only a
small amount of positive examples are available.

Methodologically, our approach to time-
sensitive TSD builds upon recent advances in WSD
and leverages BERT architectures and contextual-
ized word vectors to address two questions:

RQ1. (time-sensitive embeddings) Do BERT lan-
guage models, fine-tuned on specific epochs, yield
better representations for historical TSD? In this
scenario, we assess if models trained on data from a
certain year range work better on contemporaneous
texts compared to standard BERT models.

RQ2. (time-sensitive disambiguation) When con-
fronted with scarce historical examples, do time-
sensitive methods outperform those which ignore
the temporal context? These experiments focus on
the impact of time-sensitive strategies.

2 Related work

The main point of reference for Targeted Sense Dis-
ambiguation (TSD) is the extensive literature on
Word Sense Disambiguation (WSD). WSD tasks
can be divided into lexical sample and all words
tasks (Navigli, 2009): in the former approach, mod-
els disambiguate a specific (polysemous) word in
context, whereas the latter disambiguates all words
in a sentence.

WSD research has a long tradition and has
achieved good results in synchronic settings (Nav-
igli, 2009; Bhattacharjee et al., 2020). However,
time-sensitive WSD has received very little atten-
tion, with most literature reviews (e.g. Navigli
(2009), Ranjan Pal and Saha (2015), Aliwy and

3www.oed.com.
4At the time of writing, the OED contains over 270,000

entries, each of them associated with one or more senses for a
total of 800,000 senses (so approximately 3 senses per entry,
on average), most of which have one or more quotations as-
sociated to them, for a total of over 3 million quotations (so
approximately 3.75 quotations per sense, on average). See
https://public.oed.com/how-to-use-the-oed/glossary/ for de-
tails.

Taher (2019), and Bhattacharjee et al. (2020)) not
including it. In spite of the little attention received,
time-sensitive WSD has important applications to
DH research and the cultural heritage sector. For
many applications, it is important to mine historical
texts semantically, especially for historical informa-
tion retrieval, OCR correction and broader research
areas such as cultural analytics, as surveyed by
(Tahmasebi et al., 2018, 46-47).

As far as we know, Piao et al. (2017) is the
only work focusing on a time-sensitive all-words
WSD system. The authors present the Historical-
Thesaurus-based Semantic Tagger (HTST), a tool
to annotate all lexical units of texts with the se-
mantic categories from the Historical Thesaurus of
English (Kay et al., 2016). The method by Piao
et al. (2017) does not make use of corpus-driven
models of word semantics. Over the past few years,
a growing body of research has focused on this
aspect, and researchers have developed different
models for representing words’ changing meaning
over time. These studies have traditionally em-
ployed word embeddings models (Tahmasebi et al.,
2018; Kutuzov et al., 2018), which conflate the dif-
ferent senses of words into a single representation.
Some work has modelled the diachronic distribu-
tion of word senses (Mitra et al., 2014; Tahmasebi
and Risse, 2017).

Hu et al. (2019) report on a method for building
sense representations using the mapping between
example sentences and sense definitions from the
synchronic data of the Oxford Dictionary of En-
glish.5 They focus on 4881 target words chosen
based on a frequency filter on the COHA corpus.
They first feed up to 10 sentences for each sense
of every target word to a pre-trained BERT model;
they then use the target word’s token embeddings
from the dictionary’s example sentences and aver-
age them to obtain 768-dimensional embeddings
for its senses. The correct sense is assigned to a
token in context by finding the sense whose embed-
ding has the highest cosine similarity score with the
token embedding. They also apply their approach
to track the development of individual senses of
a target word over time via time series decompo-
sition. Their system is able to trace fine-grained
lexical semantic shifts as a smooth process, ob-
taining an improvement over previous models by
Frermann and Lapata (2016) and Gulordava and
Baroni (2011).

5www.lexico.com.
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Gonen et al. (2020) propose a new approach
to detect usage change of words across corpora
that is more stable and interpretable, using the dif-
ferences in the top nearest neighbors of a word
in a vector space as a proxy for usage change of
that word. More recently, methods based on to-
ken embeddings have shown competitive results
(Schlechtweg et al., 2020). Giulianelli et al. (2020)
propose the first method for using contextualized
(BERT) word embeddings to model sense distri-
butions over time. They build token embeddings
and then cluster them into “usage types” (which
can be interpreted as senses) using K-means clus-
tering. They then build a probability distribution
from the frequencies of these usage types and use
it to measure lexical semantic change.

Recent years have seen an increased interest on
the application of such methods for modelling se-
mantic change to DH research, primarily using
unsupervised methods (McGillivray et al., 2019;
Soni et al., 2021). However, in order to be use-
ful, analyses for DH research require a high degree
of granularity on highly complex datasets and this
has not yet been achieved by state-of-the-art meth-
ods. This paper proposes a method which addresses
these challenges and is therefore directly relevant
and applicable to DH research.

3 Task Definition

We define the task of targeted sense disambiguation
as follows: given a target sense σ (realized as a
lemma-sense pair), the goal is to determine whether
a token τ in a context κ is relevant to the sense σ.
For evaluation purposes, we measure relevance by
considering only tokens whose sense is identical
or synonymous of the target sense. According to
this definition, we formulate the task as a one-vs-
all classification problem, where instances (either
definitions or quotations) of the relevant sense (or
senses) are considered as examples of the positive
class and instances of the remaining senses are
regarded as examples of the negative class.

Example. The OED lists twenty-six senses for
the lemma machine. In this example, we will con-
sider that the relevant sense is the one correspond-
ing to the following definition: “A complex device,
consisting of a number of interrelated parts, each
having a definite function, together applying, us-
ing, or generating mechanical or (later) electrical
power to perform a certain kind of work”. Example
1 shows a positive (class 1) instance of this sense

in a quotation containing machine; example 2 is
a negative instance of this sense (class 0); exam-
ple 3 is a quotation that shows a positive instance
of a synonymous sense ‘plant’ (as in mechanical
plant, therefore class 1); quotation 4 is a negative
example of ‘plant’ (class 0).

(1) The calculating machine now constructing
under the superintendence of the inventor.

(2) The Church was excellent as a national
refrigerating machine.

(3) Examples of mobile earthmoving plant are
bulldozers, graders and scrapers.

(4) I could lift the plant and be far away before
daylight.

In contrast to the closely-related task of WSD,
the objective of TSD is not to provide the most
relevant sense for each attestation of a lemma, but
to discriminate whether or not a token in a context
is related to the pre-selected sense(s). Its aim is
to find occurrences of senses related to a selected
set of query senses (with the “relation” being an
adjustable parameter in the hands of the user, in
our case this is synonymy). Importantly, our setup
is not static and depends on the user input: we de-
rive an extended group of senses from an initially
selected set of relevant sense(s), time period and
relation(s). Therefore, depending on these deci-
sions, each of the retrieved senses could either be
a positive or a negative example, which makes the
task substantively different. Lastly, in our flexible
one-vs-all approach, the positive class may be re-
alized by a group of senses (for instance senses
that share a common characteristic relevant for the
downstream research task) and is suitable to many
text mining and information retrieval applications
in DH.

4 Data

An important motivation for this work is to pro-
vide an efficient framework that leverages semantic
information encoded in historical dictionaries and
thesauri for research on time-stamped texts.

The Oxford English Dictionary. Considered
“the definitive record of the English language” on
its webpage,6 the OED is the result of decades of
careful curation by lexicographers. Senses are ex-
emplified by quotations collected over time from

6https://www.oed.com/
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different types of sources, mostly literary works,
newspapers, journals, and other periodicals.7 Each
quotation has the form of a time-stamped text snip-
pet containing the headword of the entry, the sense
it represents, and is provided with metadata such
as the author and title of the source. Each sense is
associated with a definition, and is provided with
metadata such as the date range of use and the date
of its first occurrence. The example below shows a
quotation for the noun machine with relevant meta-
data:

Headword: machine, n.
Quotation: Windmills as hitherto made are very costly
machines.
Sense ID: machine nn01-38475286
Definition: “A complex device, consisting of a number
of interrelated parts, each having a definite function
[...]”
Text daterange: 1659-
Keyword: machines
Offset: 43
Year: 1881
Source: Nature, by W. Thomson.

Senses are also linked to semantic classes in the
Historical Thesaurus of English (HTE), therefore
providing access to synonyms and other semanti-
cally related senses.

Data preparation. Although our methodology
is generally applicable to any word, in our exper-
iments we focused on a set of twelve headwords,
selected because these are complex notions, span-
ning from political terms like nation to gendered
and emotion words, or ambiguous terms such as ap-
ple.8 Each selected headword has multiple senses.

To thoroughly evaluate our approach, we consid-
ered as many experimental scenarios as there are
senses for a given headword. In each scenario, one
of the headword’s senses is the targeted sense (also
called “seed sense”): its quotations are labeled as
positive instances, while the quotations of the re-
maining senses are labeled as negative instances.
In addition, we used the relation between the OED
and the HTE to retrieve synonyms for each sense.9

7See https://oed.hertford.ox.ac.uk/ for an in-depth exami-
nation and analysis of the contents and sources of the OED.

8We focused on the following nouns: anger, apple, art,
democracy, happiness, labour, machine, man, nation, power,
slave, and woman. We choose to avoid classical semantic
change examples, such as cell, gay or mouse, as the semantic
evolution of these words is generally well known and not that
relevant to current historical or DH research. The number of
selected examples was determined by the call limit of the OED
API. The OED API is available for researchers upon request.
We provide the code to replicate the entire data extraction and
processing, as long as the user has OED API credentials.

9According to the OED Researcher API documentation,

Henceforth, we will use the terms seed sense and
synonym sense to distinguish between them. We
thereupon expanded the set of positive and negative
instances as follows:

Positive class. All quotations pertaining to a syn-
onym of the targeted seed sense were labeled with
the positive class. This means that we enriched the
set of positive examples with quotations that have
a different lemma than the original headword (e.g.
the mechanical plant in the example above).

Negative class. The new lemmas (included
through synonymy to expand the set of positive
examples) are often ambiguous: they may refer
to senses that bear no relation to the seed sense
(henceforth unrelated senses). Therefore, for
each of the new lemmas, we collect the quotations
of the unrelated senses as well, and label them
with the negative class.

This data expansion step allows us to overcome
the problem of data sparsity, since the number of
quotations per sense is generally quite low (3.75 on
average). In each data set, we removed unambigu-
ous words from the set of expanded lemmas, and
held out 25% of the quotations for testing, which is
consistently the same for all methods and baselines
(whether supervised or unsupervised). For super-
vised baselines and methods, the remaining 75%
is further split into training set (80%) and valida-
tion set (20%). Baselines and methods that do not
require the distinction between training and vali-
dation use both as one. Finally, we consider time
to be a determining factor. Therefore, our train,
validation and test sets are filtered by time.

Table 1 lists the headwords with the number of
seed senses, the averaged number of synonyms and
unrelated senses for each seed sense (expanded
senses), and the averaged number of the positive
and negative quotations per seed sense for the pe-
riod between 1760 and 1850.10

5 Experimental Design

To measure the impact of time, we designed two
experiments, each addressing a research question:
these “may not always be precisely synonymous [...]. Co-
occurrence of senses in the same semantic class tends to mean
that they are semantically very close, not necessarily synony-
mous”: https://languages.oup.com/research/oed-researcher-
api/.

10Since there is no space to report the exact numbers for all
the experimental configurations, we show the numbers for the
experiment that has the strictest filters.
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Seeds Expanded senses Quotations

anger 6 17/121 103/564
apple 19 6/61 36/300
art 19 5/47 33/212
democracy 7 6/61 37/301
happiness 5 9/46 57/186
labour 18 4/30 29/148
machine 25 8/83 42/361
man 48 9/78 55/380
nation 15 8/85 53/430
power 39 5/49 34/244
slave 10 20/158 103/670
woman 17 10/81 64/379

Table 1: Headwords used in the experiments, with the
number of seed senses, their expanded senses (syn-
onym and unrelated) averaged per sense, and number of
quotations (positive and negative examples) averaged
per sense.

Experiment 1. To measure RQ1 (impact of lan-
guage model fine-tuning), we produced two histor-
ical BERT models, trained on different subsections
of a 19th century book corpus:11 one on books pre-
dating 1850 (referred to as BERT 1850) and one on
the whole collection (referred to as BERT 1900).
To quantify the impact of fine-tuning, we compared
the performance of historical models with a stan-
dard BERT model (BERT base uncased) on differ-
ent time-stamped subsections of our dictionary data.
For each of the three different epochs e (1760-1850,
1760-1920 and 1760-2000) we followed the data
preparation procedure as explained in 4 and more-
over removed quotations for senses that are not
current (“alive”) in e.12 In the test set, we removed
all quotations that fall outside the date range de-
fined by e (to establish how well our models work
for this specific period based on training data with
historically relevant senses). The selected periods
align with the different language models we trained
on the 19th century corpus, with exception of the
last one (1760-2000), which was included to as-
sess if fine-tuning hurts performance when more
modern data are included. We hypothesized that
the language model closest to the target period will
yield the highest scores.

Experiment 2. To answer RQ2 we followed the
same procedure as described above, but focused
on evaluating the impact of multiple time-sensitive
approaches which take both a token and a time

11See Section 6 for more information.
12Please note that we retain the senses that overlap with e,

which entails that some quotations will have dates outside the
range of e.

stamp as input. As we are primarily interested in
understanding how well TSD works as a tool for
historical analysis, we only compute scores for the
periods 1760-1850 and 1760-1920.

We should stress at this point that the task we
pursue is hard, given the complexity of the target
concept we attempt to disambiguate (the selected
sense and its synonyms) and the minimal number
of historical examples at our disposal. At the same
time, this makes TSD an excellent task for assess-
ing the gains of historicizing NLP methods. More-
over, we argue that (even taking into account these
limitations) TSD is a pragmatic and efficient task
to assist with the exploration of historical texts.

6 Embedding Models

In Section 8, two types of language models are
used: BERT (contextualized word representations;
Devlin et al. 2019) and word2vec (static word rep-
resentations; Mikolov et al. 2013):13

BERT. We used the BERT base uncased model
and tokenizer as contemporary model,14 hereinafter
referred to as BERT base. To investigate the impact
of time on language models, we generated two his-
torical BERT models, BERT 1850 and BERT 1900,
by fine-tuning BERT base on a collection of histori-
cal books in English digitized by the British Library
in partnership with Microsoft (henceforth MBL).15

In BERT 1850, the contemporary BERT model was
fine-tuned on the historical books published before
1850 (with≈1.3B words). In BERT 1900, all MBL
books were used for fine-tuning (≈5.1B words).16

To fine-tune these models, we firstly preprocessed
all books17 and tokenized them using the original
BERT base tokenizer as implemented by Hugging-
Face18 (Wolf et al., 2019). The tokenized sentences
were then fed into the language model fine-tuning
tool in which only the masked language model
(MLM) objective was optimized.19

13See Hosseini et al. (2021) for a more detailed description
of the historical language models.

14https://github.com/google-research/bert.
15Available via https://doi.org/10.21250/db14 (British Li-

brary Labs, 2014).
16Note that this dataset includes a few books published after

1900, however, the large majority predates 1900.
17We converted the text to ASCII, fixed common punc-

tuation errors, dehyphenated broken tokens, removed most
punctuation and separated the remaining punctuation marks
from tokens, and finally split token streams into sentences
using the syntok library: https://pypi.org/project/syntok/.

18https://github.com/huggingface/transformers.
19The MLM probability was set to 0.15. We used a batch

size of 5 per GPU and fine-tuned for 1 epoch over the books.
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Word2Vec. We used all the MBL books to train
the w2v model using skip-gram algorithm as imple-
mented in Gensim (Řehůřek and Sojka, 2010). For
training, we chose a context window of five words
and embeddings of size 300.

7 Disambiguation Methods

We present here the different approaches tested in
our experiments.

7.1 Sense Embeddings from Transformers

Inspired by previous work by Hu et al. (2019) and
Kutuzov and Giulianelli (2020), which leveraged
contextualized word embeddings built on concrete
historical examples, we start by extracting BERT
embeddings for each quotation keyword in the
training data. The vector we obtain is the concate-
nation of the last four layers.20 We then average
these keyword vectors by either label or sense: the
former method creates a binary centroid (one for
each class), the latter one for each sense (sense
centroid). For each quotation in the test set, we
produce a vector for the keyword (using the same
procedure). In the case of the binary centroid, we
assign it to the class of the nearest neighbour; for
the sense-level centroid we obtain all sense embed-
dings that match the lemma of the keyword, and
take the class of the nearest sense-centroid, based
on cosine similarity.

7.2 Diachronic Sense Embeddings from
Transformers

In this scenario, we allow the model to use the time-
stamp of a quotation to adjust the sense centroid.
We compared two broad strategies, namely filter-
ing and weighting. The filtering approach takes
into account those observations in the training data
that are temporally close (in absolute distance as
abs(yeartrain example − yeartarget)) and ignore
the rest. In our experiments, we used the keyword
vector of the temporally closest quotation (hence-
forth nearest). The weighting approach (henceforth
weighted) takes a weighted average over vectors,

The choice of batch size was dictated by the available GPU
memory (we used 4× NVIDIA Tesla K80 GPUs in parallel).
Similar to the original BERT pre-training procedure, we used
the Adam optimization method (Kingma and Ba, 2014) with
learning rate of 0.0001, β1 = 0.9, β2 = 0.999 and L2 weight
decay of 0.01. In our fine-tuning routine, we used a linear
learning-rate warmup over the first 2,000 steps. A dropout
probability of 0.1 was used in all layers.

20If a word has multiple subtokens, we averaged their vector
representations.

with the weight determined by the temporal dis-
tance to the target quotation. For each example in
the training data we a) first compute the temporal
proximity of the target quotation (from the test set)
as 1/(abs(yeartrain example − yeartarget) + 1))
and normalize these scores so they add up to one;
and b) we multiply the context vector of the key-
word by this normalized score. We then simply
add these time-weighted keyword vectors into one
time-weighted sense centroid, after which we use
the same procedure as described in section 7.1.21

7.3 Binary Perceptron

Instead of aggregating (collapsing all vectors into
binary or sense centroids, in which useful informa-
tion could get lost), we added one more method that
directly uses the keyword vectors extracted from
BERT to train a binary classifier. In this case we
used a single fully-connected neural network (per-
ceptron) with a RELU activation function (which
equates to freezing the BERT model and only fine-
tuning one fully-connected layer).

7.4 Baselines

In order to better understand the performance of
each method in the different evaluation settings,
we compare them to a set of widely established
baselines:

Random. First of all, a random baseline, to mea-
sure the overall experimental complexity.

Lesk. Then a group of baselines measuring with
different strategies the similarity between the pos-
itive sense definition and the given textual con-
text. They do so by assessing token overlap and
sentence embedding22 cosine similarity. Such
baselines, in comparison with the next one, show
whether it is overall better to rely on the given defi-
nitions or on a (small number) of positive examples
of quotations.

Supervised classifier. We finally present a Sup-
port Vector Machine (SVM) as a supervised binary

21We have experimented with more complex methods, for
example using a Gaussian distribution centred on the time of
the target quotation to compute weights. As these methods
were more complex but hardly showed any improvements, we
decided to only report scores for the simpler implementations
in the tables below.

22We generate sentence embeddings by element-wise av-
erage of their word embeddings (here we used the historical
Word2Vec model), a common strategy for a well-performing
baseline (Shen et al., 2018).
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baseline classifier, trained on sentence embedding
representations of positive and negative examples
of quotations.

8 Evaluation

As mentioned above, in all cases, the experimental
setting is very unbalanced, with just a few quo-
tations as positive examples, as opposed to many
negative ones. In order to assess the role that time
plays in these experiments, we report the perfor-
mance of each method in terms of precision, recall
and F1 Score with respect to the positive class.
Such evaluation highlights which method is most
suited to identify occurrences of a pre-determined
sense and will also clearly pin-point specific limita-
tions of each approach (for instance methods with
high precision, but low recall).

The tables below report performance averaged
across all senses and words under study.23

Experiment 1. Table 2 shows that BERT ap-
proaches outperform the established baselines.
Across all models and periods, the sense centroid
approach returns the highest scores. Moreover,
the results confirm our initial intuition that BERT
works better when it is fine-tuned on data contem-
poraneous to the target period. We see for example
how the performance of the BERT model trained
on the first half of the nineteenth century decreases
faster than the other models when more modern
data is added, whereas conversely BERT base per-
forms worse (compared to the other models) when
older data is added. BERT models that have ob-
served historical data perform better on our exam-
ples from the 19th century. Even when more recent
data is added, these fine-tuned models work well,
although the scores tend to converge. To gauge
if historical models perform better, independently
of the method used, we computed the gains (or
losses) of plugging in different language models
directly for all approaches. We observed that while
fine-tuning does not always guarantee a jump in
performance—e.g., in the binary centroid method
the F1-Score declines—the overall improvement
is stable for the BERT 1900 model: given a wide
enough range of document, the historical models
produce higher scores. The base model fine-tuned

23All code and models for reproducing these tables are
accessible on Github and Zenodo. We should warn that results
may slightly differ to those reported below, because the order
in which the data are retrieved (using the OED API) and the
(number of) quotations themselves might vary. Data used in
this paper was downloaded in December 2020.

on the whole MBL books collection seems to work
best for all experiments.

Figure 1: Optimal date range for each language model
as measured by the F1score of the positive class, using
the sense centroid method: the x-axis represents the av-
erage points of rolling 100-year quotation date ranges.

To understand the importance of time, we repeated
the experiment above, now using a rolling time-
window of 100 years (and step size of 10 years)
as our historical periods. Figure 1 presents the
performance of our best method in relation to the
language model and date range of quotations, for
all the headwords. It shows a clear jump in perfor-
mance for BERT base towards the later decades of
the twentieth century, clearly surpassing the mod-
els fine-tuned on nineteenth-century data, which
slowly decrease as time advances. A more in-depth
analysis of the data indicates that some concepts
have a stronger attachment to the period of the data
than others. Setting machine and power apart from
the rest of the headwords, for example, indicates
that they are responsible for large part of this dif-
ference between the language models. In general,
BERT 1850 is the most suitable model for early
19th century sentences, while BERT base clearly
outperforms the other models on later data.

If we are to mildly speculate, and attempt to de-
duce more general lessons from these experiments,
then fine-tuning on a historical large corpus could
improve results, and is preferable when scrutiniz-
ing the semantics of heritage collections. How-
ever, success is not guaranteed, as the BERT model
trained on books prior to 1850 does not yield the
best results when evaluated on quotations from the
first half of the century. Higher granularity does
not always deliver gains in accuracy, but it does not
harm either: note that BERT 1850 still improves
over the base model from which it was originally
derived. Also, BERT 1900 seems to work better
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1760–1850 1760–1920 1760–2000
Prec Recall F1Score Prec Recall F1Score Prec Recall F1Score

random 0.102 0.511 0.170 0.087 0.483 0.148 0.087 0.503 0.148
Lesk: token overlap 0.234 0.266 0.249 0.245 0.278 0.261 0.248 0.277 0.261
Lesk: sentence embedding 0.269 0.196 0.227 0.266 0.198 0.227 0.280 0.215 0.243
Lesk: w2v 0.323 0.291 0.306 0.288 0.270 0.279 0.286 0.257 0.271
SVM classifier 0.500 0.091 0.155 0.495 0.083 0.143 0.509 0.077 0.133

BERT base binary centroid 0.254 0.699 0.373 0.238 0.702 0.356 0.236 0.716 0.355
BERT base sense centroid 0.756 0.464 0.575 0.665 0.471 0.552 0.618 0.493 0.548
BERT base perceptron 0.578 0.425 0.490 0.575 0.448 0.504 0.580 0.456 0.510
BERT 1900 binary centroid 0.234 0.698 0.351 0.221 0.715 0.338 0.222 0.728 0.340
BERT 1900 sense centroid 0.766 0.498 0.604 0.702 0.512 0.592 0.630 0.497 0.556
BERT 1900 perceptron 0.575 0.429 0.492 0.588 0.453 0.511 0.586 0.463 0.517
BERT 1850 binary centroid 0.229 0.678 0.343 0.224 0.713 0.340 0.222 0.722 0.339
BERT 1850 sense centroid 0.789 0.486 0.602 0.688 0.500 0.579 0.613 0.495 0.548
BERT 1850 perceptron 0.587 0.424 0.492 0.568 0.437 0.494 0.570 0.456 0.506

Table 2: Precision, recall and macro F1scores of the positive class over all senses computed for different time
periods. The table highlights the top performing methods for each experiment.

1850 1920

BERT base sense centroid 0.575 0.552
BERT base nearest sense centroid 0.458 0.433
BERT base weighted sense centroid 0.593 0.556
BERT 1900 sense centroid 0.604 0.592
BERT 1900 nearest sense centroid 0.505 0.464
BERT 1900 weighted sense centroid 0.627 0.584
BERT 1850 sense centroid 0.602 0.579
BERT 1850 nearest sense centroid 0.489 0.441
BERT 1850 weighted sense centroid 0.609 0.562

Table 3: Macro Fscores for time (in)sensitive models
sense embeddings.

with a corpus spanning more than two centuries.

Experiment 2. Table 3 inspects the performance
of the time-sensitive sense embeddings, applying
the filtering and weighting to the sense centroid
methods as explained in Section 7.2. The weighted
setting is clearly superior compared to nearest,
and sometimes outperforms the time insensitive
approach. However, interestingly, a closer inspec-
tion to the results shows that weighting by time can
sometimes hinder rather than help, depending on
the scenario. Therefore, whereas it clearly seems
to help in our experiments in, for example, head-
words that largely correspond to abstract senses
(happiness, anger, art, democracy, labour, and
nation) and in particular for quotations that are
further apart from the language model time range
(e.g. BERT 1900 applied to sentences in the 20th

century, or BERT base applied to sentences from
the 19th and early 20th century), the weighted ap-
proach seems to be less helpful (and even harm-
ful) with other headwords that have experimented
rougher changes in a smaller period of time, such

as words from the technological domain (machine
and power) and especially for those quotations that
belonged to the the same period as the the language
model training or fine-tuning data.

Case studies. The last set of experiments evalu-
ate the merits of our approach in a more focused
research scenario, since—as we argued—the task
of targeted sense disambiguation is a pragmatic
application of word sense disambiguation tailored
to the specific research needs of historians and hu-
manities scholars more generally. We report on a
series of case studies that group senses in manu-
ally curated and meaningful clusters, to simulate
how TSD operates as a tool for historical and cul-
tural analysis, for example detecting metaphorical
senses of the word machine or scrutinizing power
in the sense of possessing an ability (in contrast to
legal interpretations of the term).24

As we group multiple senses, we have more ex-
amples for each category, meaning that we can eval-
uate the methods vertically (↓, limited to senses of
one lemma, i.e. figurative machines versus all other
machine senses) and horizontally (→, including the
synonyms of the selected senses, i.e. labour in the
sense of physical labour and its synonyms such as
work). Below we report results in both directions,
focusing on disambiguating the selected concepts
for the long nineteenth century (1760-1920) and
only running the most promising models. Before
proceeding we should note that, as opposed to pre-
vious experiments, the results below have proven
more volatile (i.e. dependent on data used in the

24All clusters are listed in run experiment curated cases.py
on the Github repository.
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↓ →
BERT base sense centroid 0.691 0.536
BERT base weighted sense centroid 0.582 0.521
BERT base perceptron 0.710 0.493
BERT 1900 sense centroid 0.700 0.554
BERT 1900 weighted sense centroid 0.613 0.566
BERT 1900 perceptron 0.612 0.526
BERT 1850 sense centroid 0.658 0.563
BERT 1850 weighted sense centroid 0.564 0.540
BERT 1850 perceptron 0.621 0.482

Table 4: Macro Fscores for curated case studies.

train and test split) making reproduction trickier.
Not surprisingly, Table 4 indicates that the ver-

tical comparison generally yields slightly higher
scores as it is a more constrained task (stays within
one lemma). But even after changing the format of
the experiments, the results remain fairly consistent
with previous findings, the only exception is the
high score for the BERT base perceptron, which
suddenly achieved a very high precision in the ver-
tical scenario. Nonetheless, the BERT 1900 model
generally has a slight edge over her BERT peers
and the sense embedding methods still outperforms
other approaches. An additional promising finding
for future research is that time-sensitive models
do appear as overall very competitive, even ob-
taining the highest performance for the horizontal
experiments. Because these curated experiments
are based on a smaller number of examples, results
turned out to vary, but future work will look more
closely into these distinctive and realistic historical
research settings.

9 Conclusion and future work

As language is historically situated, making com-
putational approaches more sensitive to the past
should improve performance on semantic tasks rel-
evant to cultural analysis and history.

While the Oxford English Historical Dictionary
is undoubtedly a rich resource, the procedure we
propose is not confined to English neither does it
necessarily require a vast and fine-grained knowl-
edge base as input. Similar dictionaries exist for
other languages.25 Moreover, the method we pro-
pose is not necessarily constrained to dictionary
data: a particular strength of our approach is that
it can learn from a small number of observations.
Even with a few carefully collected historical ex-
amples, the procedure we propose can be used for
exploring senses in a diachronic setting. The OED

25E.g. for Italian and for Latin and ancient Greek.

provided a convenient substitute for the need for
annotated examples.

Focusing on targeted sense disambiguation, we
demonstrated in this paper that fine-tuning BERT
language models on historical texts yields better
results, even when including more modern texts in
the analysis. Given the complexity of the task and
the minimal amount of data to learn from, this sug-
gests that fine-tuning transformers injects historical
knowledge in computational models. Historical
language models, in combination with the sense
centroid method, proved to be a lightweight but ef-
ficient tool for exploring the fine-grained semantics
of historical texts, which we plan now to adopt to
track semantic change at sense level across multiple
nineteenth-century textual collections.

More generally, our paper addressed a profound
issue: namely how to adapt NLP methods to time.
Developing NLP methods more capable to handle
the inherent challenges embedded in diachronic
data has applications outside of historical and lin-
guistic research and is relevant to the information
retrieval and digital libraries communities as well.

10 Acknowledgements

Work for this paper was produced as part of Living
with Machines. This project, funded by the UK
Research and Innovation (UKRI) Strategic Priority
Fund, is a multidisciplinary collaboration deliv-
ered by the Arts and Humanities Research Council
(AHRC grant AH/S01179X/1), with The Alan Tur-
ing Institute, the British Library and the Universi-
ties of Cambridge, East Anglia, Exeter, and Queen
Mary University of London. This work was also
supported by The Alan Turing Institute under the
EPSRC grant EP/N510129/1.

References
Ahmed H. Aliwy and Hawraa A. Taher. 2019. Word

sense disambiguation: Survey study. Journal of
Computer Science, pages 1004–1011.

K. Bhattacharjee, S. ShivaKarthik, S. Mehta, A. Kumar,
S. Phatangare, K. Pawar, S. Ukarande, D. Wankhede,
and D. Verma. 2020. Survey and gap analysis
of word sense disambiguation approaches on un-
structured texts. In 2020 International Conference
on Electronics and Sustainable Communication Sys-
tems (ICESC), pages 323–327.

British Library Labs. 2014. Digitised Books. c. 1510
- c. 1900. JSON (OCR derived text). Available via:
https://doi.org/10.21250/db14.

2759



Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 4171–4186, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

Lea Frermann and Mirella Lapata. 2016. A Bayesian
model of diachronic meaning change. Transactions
of the Association for Computational Linguistics,
4:31–45.

Mario Giulianelli, Marco Del Tredici, and Raquel
Fernández. 2020. Analysing lexical semantic
change with contextualised word representations. In
Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 3960–
3973, Online. Association for Computational Lin-
guistics.

Hila Gonen, Ganesh Jawahar, Djamé Seddah, and
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Gaël Dias
Normandie Univ, UNICAEN
ENSICAEN, CNRS, GREYC

France

Jose G. Moreno
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Abstract

Discovering whether words are semantically
related and identifying the specific semantic re-
lation that holds between them is of crucial im-
portance for automatic reasoning on text data.
For that purpose, different methodologies have
been proposed that either (1) tackle feature en-
gineering, (2) fine-tune latent semantic spaces,
or (3) take advantage of cognitive links be-
tween semantic relations in multitask settings.
In this paper, we investigate how feature en-
gineering and multitask architectures can be
improved and consequently combined to iden-
tify lexico-semantic relations. Evaluation re-
sults over a set of gold-standard datasets show
that (1) combinations of similar features are
beneficial (feature sets), (2) asymmetric distri-
butional features are a strong cue to discrimi-
nate asymmetric relations as well as they play
an important role in multitask architectures,
(3) shared-private models improve over binary
and fully-shared classifiers as well as they cor-
rectly balance the focus on features between
private and shared layers1.

1 Introduction

The ability to automatically identify lexico-
semantic relations is an important issue for In-
formation Retrieval and Natural Language Pro-
cessing applications such as question answering
(Dong et al., 2017), query expansion (Kathuria
et al., 2017), or text summarization (Gambhir and
Gupta, 2017). Lexico-semantic relations embody
symmetric and asymmetric linguistic phenomena
such as synonymy (e.g. phone↔ telephone), co-
hyponymy (e.g. phone ↔ monitor), hypernymy
(e.g. phone→ speakerphone) or meronymy (e.g.

1Both the code and the datasets are avail-
able at https://github.com/Houssam93/
Feature-Focus-in-Multi-Task-Learning-NLP
for reproducibility.

phone → mouthpiece), but more can be enumer-
ated (Vylomova et al., 2016).

Most approaches focus on modeling a single se-
mantic relation and consist in deciding whether
a given relation r holds between a pair of words
(w1, w2). The vast majority of efforts (Shwartz
et al., 2016; Vulić and Mrkšić, 2018; Wang and
He, 2020) concentrate on hypernymy which is the
key organization principle of semantic memory, but
studies exist on antonymy (Nguyen et al., 2017b;
Ali et al., 2019), meronymy (Glavaš and Ponzetto,
2017) and co-hyponymy (Jana et al., 2020). Within
this scope, different strategies have been proposed
that either define new features (Santus et al., 2017;
Vu and Shwartz, 2018) or build specific latent se-
mantic spaces (Nguyen et al., 2017a; Rei et al.,
2018; Wang and He, 2020) for the relation at hand.

More recently, multitask strategies have been
proposed, which consist in concurrently learning
correlated lexico-semantic relations (Attia et al.,
2016; Balikas et al., 2019; Bannour et al., 2020),
the underlying idea being that if two (or more) tasks
are cognitively interlinked, a learning architecture
should improve its generalization ability by tak-
ing into account the shared information existing
between the tasks (Caruana, 1998).

In this paper, we propose to investigate how
feature engineering can be coupled to multitask
strategies for the identification of lexico-semantic
relations. On the one hand, Vu and Shwartz (2018)
show that the introduction of the generalized cosine
(Mult) drastically improves results over the unique
concatenation of word embeddings, thus clearly ev-
idencing the limitations of general-purpose latent
spaces. However, a complete study of symmetric
and asymmetric characteristics, and their combi-
nation is still lacking, except (Santus et al., 2017),
one of the most complete work in the field.

On the other hand, although existing multitask
strategies have been showing promising results,
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they neither take advantage of specialized features
nor they implement state-of-the-art architectures,
which have been successful for text classification
(Liu et al., 2017). This might be due to the fact that
the combination of features within shared-private
multitask architectures is not straightforward, and
requires specific tuning.

Evaluation results over a set of gold-standard
datasets (RUMEN (Balikas et al., 2019), ROOT9
(Santus et al., 2016), WEEDS (Weeds et al., 2004)
and BLESS (Baroni and Lenci, 2011)) of an archi-
tecture coupling optimized feature sets and shared-
private models show that

• The combination of features within a family
set improves performance over the use of a
unique family member;

• Asymmetric distributional features are a
strong cue to discriminate asymmetric lexico-
semantic relations;

• Shared-private models improve over binary
and fully-shared classifiers (Balikas et al.,
2019; Bannour et al., 2020) as well as they cor-
rectly balance the focus on features between
private and shared layers;

• Asymmetric distributional features play an im-
portant role in multitask architectures, being
an important source of information for com-
bining both symmetric and asymmetric tasks.

2 Related Work

Three major research directions have been pro-
posed to identify lexico-semantic relations: (1)
feature engineering, (2) construction of fine-tuned
semantic spaces and (3) multitask architectures.

Within the first topic, (Levy et al., 2015) and (Vy-
lomova et al., 2016) proposed similar evaluations
to combine word input vectors (−→w1, −→w2), following
initial experiments of (Baroni et al., 2012; Roller
et al., 2014; Weeds et al., 2014). In particular, word
pairs are encoded as the concatenation of the con-
stituent word representations (−→w1⊕−→w2), their vector
difference (−→w1 − −→w2) or their sum (−→w1 + −→w2). Both
studies evidence that the distributional hypothesis
is domain-dependent by nature and as such models
may not generalize across domains based on these
input representations. To overcome such a limita-
tion (Shwartz et al., 2016; Nguyen et al., 2017b)
proposed to represent contextual patterns as con-
tinuous vectors with successful results, while (Vu

and Shwartz, 2018) defined a generalized cosine
(−→w1⊗−→w2) that successfully combines with (−→w1⊕−→w2).

The second main research direction aims to build
fine-tuned neural latent semantic spaces. (Nguyen
et al., 2017a) proposed HyperVec, where embed-
dings are learned in a specific order to capture the
hypernym–hyponym distributional hierarchy from
a background knowledge of hypernym-hyponym
pairs. (Vulić and Mrkšić, 2018) rather proposed
a post-processing strategy that retrofits the knowl-
edge background into an original latent space. Such
methods suffer from limited coverage as they af-
fect only vectors of seen words. To deal with this
limitation, (Kamath et al., 2019) presented a post-
processing method that specializes vectors of all
vocabulary words by learning a global specializa-
tion function, and (Wang and He, 2020) followed
the same idea but proposed to learn two projection
functions. In the same line, (Bouraoui et al., 2020)
introduced a framework that fine-tunes BERT (De-
vlin et al., 2019) to include relational information.

The third approach tackles relation identification
from the architecture point of view. Within this con-
text, (Attia et al., 2016) can be viewed as a coarse-
grained analysis as they propose a multitask convo-
lutional neural network where one task acts as do-
main adaptation (relatedness between two words)
and the second task is a multiclass classification
problem for hypernymy, meronymy, synonymy and
antonymy. Instead, (Balikas et al., 2019) proposed
a fine-grained approach, that determines whether
the learning process of a given semantic relation
can be improved by the concurrent learning of an-
other relation, where relations are synonymy, co-
hyponymy, hypernymy and meronymy. (Bannour
et al., 2020) implemented the same fully-shared
model, but introduced the idea of data augmenta-
tion via attention models.

Although fine-tuned embeddings have evidenced
improved results over generic ones, they are
relation- and knowledge-dependent. One excep-
tion is proposed by (Meng et al., 2019), which
learns text embeddings in a spherical space (aka.
JoSE) suitable for relational information. Feature
engineering also affords “cheap performance boost”
(Vu and Shwartz, 2018) in resource-free environ-
ments. But, a complete study of the combination of
features is still missing as well as the definition of
asymmetric features in the context of continuous
spaces, although a great deal of work exists for the
discrete case (Kotlerman et al., 2010; Santus et al.,
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2017). Finally, studies in multitask settings neither
take advantage of powerful multitask models such
as shared-private architectures (Liu et al., 2017)
that allow to combine task-specific and cross-task
information, nor benefit from the fruitful combina-
tion of distributional and pattern-based features. In
this paper, we propose to deal with the aforemen-
tioned limitations in a resource-free setup.

3 Feature Engineering

Additionally to word embeddings concatenation,
we define three families of features based on the dis-
tributional hypothesis (symmetric and asymmetric
features) and the paradigmatic approach (pattern-
based features) in continuous semantic spaces.

3.1 Distributional Representation

Most studies have been evidencing the superiority
of the concatenation of representational word vec-
tors to infer their semantic relationship (Shwartz
et al., 2016; Vu and Shwartz, 2018). So, we follow
this line of research. Let (w1, w2) be a word pair
and −→w1, −→w2 their respective distributional represen-
tations of dimension d. The input distributional
feature of the word pair is noted −→w1 ⊕−→w2.

3.2 Symmetric Distributional Features

Studies have evidenced the interest of coupling
word embeddings with specific features to improve
relation identification. In particular, the cosine sim-
ilarity measure cos has shown promising results
(Garten et al., 2015; Barkan, 2017). However, Vu
and Shwartz (2018) have demonstrated the effec-
tiveness of integrating the element-wise multipli-
cation of the input vectors, which can be seen as
a generalized cosine (cosG, aka. Mult), which is
defined in equation 1.

cosG(−→w1,−→w2) =

d⊕

i=1

wi1w
i
2 (1)

While the cosine only provides a unique value
as input, cosG refers to an input of dimension d,
thus evidencing a dimensional issue. As a conse-
quence, we propose to transform the cosG into a
unique value by using a linear activation layer as in
equation 2. The cosG1D can be seen as a control
value of cosG taking into account the dimensional
bias (from high to low dimension).

cosG1D(−→w1,−→w2) =

d∑

i=1

λiw
i
1w

i
2 (2)

The counterpart of equation 2 is the (d times)
duplication of the cosine value. This metric called
cosine broadcast (cosBr) defined in equation 3
aims to control the dimensional issue from a low to
a high dimension.

cosBr(−→w1,−→w2) =

d⊕

i=1

cos(−→w1,−→w2) (3)

As such, in equation 4, we define a family of
symmetric distributional features.

CosF = (cos, cosG, cosBr, cosG1D) (4)

In the next subsection, we detail the design of
new asymmetric distributional measures based on
the Kullback–Leibler divergence.

3.3 Asymmetric Distributional Features
Asymmetry has shown successful results for the
discrete case (Kotlerman et al., 2010; Santus et al.,
2017), the underlying idea being that the relation
between words may be unbalanced such that one
word attracts the other one more than the oppo-
site. Here, we define different asymmetric fea-
tures in the continuous space based on the Kull-
back–Leibler divergence (Kullback and Leibler,
1951). To fit to the continuous case, we transform
each dimension of a word vector with the sigmoid
(σ) function such that all values range between 0
and 1. Thus, each word can be considered as a
probability distribution and the asymmetric metric
Kull is defined in equations 5.

Kull(−→w1|−→w2) =

d∑

i=1

log(
σ(wi1)

σ(wi2)
)σ(wi1) (5)

To take into account both directions of the asym-
metry, we propose to concatenate the Kull values
for both directions as defined in equation 6.

kull(−→w1,−→w2) = Kull(−→w1|−→w2)⊕Kull(−→w2|−→w1) (6)

Similarly to the cosG, we propose to define the
multiplicative version of the kull, such that kullG
integrates the element-wise multiplication of the
input vectors as defined in equations 7 (single asym-
metry) and 8 (concatenation of both asymmetries).

KullG(−→w1|−→w2) =

d⊕

i=1

log(
σ(wi1)

σ(wi2)
)σ(wi1) (7)

kullG(−→w1,−→w2) = KullG(−→w1|−→w2)⊕KullG(−→w2|−→w1) (8)
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Similarly to cosG1D and to take into account
the dimensional issue of the multiplicative version
of the Kullback-Leibler, we define kullG1D in
equations 9 and 10 .

KullG1D(−→w1|−→w2) =

d∑

i=1

λilog(
σ(wi1)

σ(wi2)
)σ(wi1) (9)

kullG1D(−→w1,−→w2) = KullG1D(−→w1|−→w2)⊕ (10)
KullG1D(−→w2|−→w1)

Similarly to cosBr, we propose to define
kullBr based on the (d times) duplication of the
Kulback-Leibler value for both directions as in
equation 11.

kullBr(−→w1,−→w2) =

d⊕

i=1

Kull(−→w1|−→w2) (11)

d⊕

i=1

Kull(−→w2|−→w1)

As such, in equation 12, we define a family of
asymmetric distributional features.

KullF = (kull, kullG, kullBr, kullG1D) (12)

In the next subsection, we present the encoding
strategy of patterns embodying the paradigmatic
approach.

3.4 Pattern-based Paradigmatic Features
Patterns are part of the paradigmatic approach
(Hearst, 1992), which suggests that specific word
sequences may exist that link two words in a given
relation. Some examples of sequences between
word pairs are given in Table 1, which evidence
that some of them can be spurious, and do not nec-
essarily include patterns.

Here, we propose to implement the methodology
of (Shwartz et al., 2016) to encode patterns into
continuous spaces. As such, we transform the k2

most frequent patterns occurring between w1 and
w2 using either BiLSTM or the Universal Sentence
Encoder (USE) (Cer et al., 2018), and then perform
average pooling to get the final input representation.
The encoded i-th most frequent pattern is defined in
equation 13, where j ∈ {BiLSTM,USE}, i ∈ [1..k],

2k allows to deal with spurious sequences.

Relation Path

Synonymy
error or fault

√

change as an alteration
√

burning fuel in the combustion

Hypernymy
aircraft firing rocket into an enemy plane

√

unit that includes screen
√

act was an unconscious ritual

Co-hyponymy
pineapple and apricot

√

chisel usually used with mallet
√

horse frightened by lion
√

Meronymy
bowl from the world of glass

√

television and video
√

couch on seat
√

Random
reference in the book of mormon
nothing to stop the robber
driver was issued traffic ticket

Table 1: Examples of patterns for a word pair (in bold).

and the average representation of the k patterns is
noted patw1,w2

∗,j .

patw1,w2
i,j = encoderj(w1, pathi, w2) (13)

Similarly to CosF and KullF , we define a fam-
ily of pattern-based features PatF in equation 14.

PatF = (pat∗,USE, pat∗,BiLSTM) (14)

In the next section, we present the multitask set-
tings that have been implemented to take into ac-
count relations between lexico-semantic relations.

4 Multitask Settings

Multitask architectures have shown to successfully
combine closely-related lexico-semantic relations.
Within this scope, the fully-shared architecture
has systematically been implemented (Attia et al.,
2016; Balikas et al., 2019; Bannour et al., 2020),
which relies on a unique shared representation ca-
pable of solving the different tasks learned concur-
rently from a given input.

However, the shared-private model has proved to
boost results for text classification (Liu et al., 2017).
In particular, a shared-private network combines
N + 1 different representations (one shared and
N task-specific). As such, the shared layer should
transfer the joint information contained in all tasks,
while private layers should focus on the specific
information of each task.

Moreover, N + 1 different input representations
may coexist in the shared-private case, while a
unique input representation exists for fully-shared
models. Here, we propose to implement both fully-
shared and shared-private architectures for different
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combinations of input representations and features
X = (−→w1 ⊕ −→w2, CosF,KullF, PatF ). In partic-
ular, forward selection (Kohavi and Sommerfield,
1995) is used for feature selection, as the search
space is huge, 210 possible combinations3.

4.1 Multitask Architectures

The neural architectures are presented in figure 1
for two tasks. Formally, let Xk be an input vector4,
we compute a shared layer S(Xk) as in equation
15, whereWSk is a weight matrix, bSk a bias vector,
and k ∈ [1,K] (K the number of shared layers).

S(Xk) = σ(WSkXk + bSk ) = Xk+1 (15)

A private layer Hj(Zq), which solves task Tj (j ∈
[1, N ]) is defined in equation 16, where q ∈ [1, Q]
(Q is the number of private layers).

Hj(Zq) = σ(W j
HqZq + bjHq ) = Zq+1 (16)

For the fully-shared architecture Z1 = S(XK) and
for the shared-private model Z1 = S(XK) ⊕Xi,
where Xi is the specific input vector for task Ti.
Finally, the N decisions are defined in equation 17.

Oj = σ(W j
OH

j(ZQ) + bjO) (17)

The parameters are updated by minimising the
binary cross-entropy. Hence, the weights of the
shared layer are updated by minimising the loss
function of each task alternatively, while the pri-
vate layers are updated for their specific task.

4.2 Forward Selection

In order to optimize the feature combination for all
N +1 tasks and thus find the best input vectors for
the shared and private layers (i.e. X , X1 andX2 in
figure 1), we perform forward selection. As such,
we first train the given model to find the best combi-
nation of features within a given family (i.e. within
CosF , KullF and PatF individually)5. Once the
best within-family combination has been defined
for all families, we train the model for all combi-
nations of the best within-family combinations of
features. Note that for the shared-private architec-
ture, we first train the private models independently
to determine Xi (i ∈ [1, N ]) and based on these

3Embedding concatenation is the compulsory input.
4X1 = X , where X is the initial input vector that com-

bines both embeddings and a set of features specific to the
task at hand.

5Here the model is trained three times independently for
each family.

findings, we train the shared-private model to de-
termine X , constrained by the previously learned
private models with input Xi.

5 Experimental Setups

5.1 Datasets

There exist a large body of related works for the
identification of lexico-semantic relations. The first
gold-standard dataset, WEEDS, has been proposed
by (Weeds et al., 2004) in the context of studies
about measures of lexical similarity. Following
the same objective, (Baroni and Lenci, 2011) intro-
duced the well-known BLESS dataset, and (San-
tus et al., 2016) compiled the ROOT9 dataset6,
which contains word pairs randomly extracted from
EVALution (Santus et al., 2015), Lenci/Benotto
(Benotto, 2015) and BLESS (Baroni and Lenci,
2011). Within the context of concurrent identifi-
cation of lexico-semantic relations, (Balikas et al.,
2019) recently introduced the RUMEN dataset7 to
include synonymy. As the patterns are not included
in the original datasets, we downloaded the En-
glish wikipedia dump8 and extracted all patterns
that do not exceed a maximum length of 10 words9.
All datasets10 are summarized with their specific
characteristics in Table 2.

5.2 Learning Configurations

The output dimension of the Universal Sentence En-
coder (USE) equals to 512. The output size of the
BiLSTM ∈ {100, 200, 300, 400, 500}, the number
of patterns (k ∈ [1..5]), the number of hidden lay-
ers (K ∈ {1, 2} and Q ∈ {1, 2}), the number of
neurons ∈ {5, 20, 50, 100, 150, 200, 300} and the
number of epochs ([1..100]) are free hyperparame-
ters that are tuned using grid search. The weights
are initialised with a uniform distribution scaled as
in (Glorot and Bengio, 2010) and updated using
Adam (Kingma and Ba, 2014) with a learning rate
set to 0.001. The network is trained with batches
of 64 examples and the number of iterations is op-
timized to maximize the F1 score on the validation
set. Word embeddings are initialized with the 300-
dimensional representations of GloVe (Pennington

6https://github.com/esantus/ROOT9
7https://bit.ly/2Qitasd.
8shorturl.at/cqtQ8
9This value was tuned experimentally.

10Complete versions are available at
https://github.com/Houssam93/
Feature-Focus-in-Multi-Task-Learning-NLP/
tree/main/Data
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Figure 1: Fully-shared and shared-private architectures with multiple input feature combinations. The fully-shared
network only includes the blue layer, i.e. S(Xh).

Synonym Hypernym Co-hyponym Meronym Random

Dataset # 0 / 1 / 2 / >2 (%) # 0 / 1 / 2 / >2 (%) # 0 / 1 / 2 / >2 (%) # 0 / 1 / 2 / >2 (%) # 0 / 1 / 2 / >2 (%)
RUMEN (Balikas et al., 2019) 6326 44/14/8/34 6326 65/12/5/18 - - - - 6326 93/4/1/2
ROOT9 (Santus et al., 2016) - - 2447 21/9/6/64 3200 28/14/8/50 - - 1100 78/9/4/9
WEEDS (Weeds et al., 2004) - - 1257 40/13/6/41 2083 60/11/5/24 - - 6326 93/4/1/2
BLESS (Baroni and Lenci, 2011) - - 1337 57/9/4/30 3565 34/12/7/40 2943 99/0/0/1 6702 97/1/0/2

Table 2: Details of the RUMEN, ROOT9, WEEDS and BLESS datasets. 0 / 1 / 2 / >2 stands for the percentage
of word pairs having respectively no pattern, 1 pattern, 2 patterns and more than 2 patterns in the Wikipedia dump.

et al., 2014) or JoSE (Meng et al., 2019). All state-
of-the-art models presented in section 6 have been
implemented to provide average results and per-
form statistical tests11.

5.3 Lexical Split

As suggested in (Levy et al., 2015), lexical split
is applied to all our experiments so that there is
no vocabulary intersection between the test set and
the train/validation sets. Note that for learning
purposes, each dataset is split into train (50%), val-
idation (20%) and test (30%) sub-datasets.

6 Evaluation

All comparative results against four state-of-the-
art models (Shwartz et al., 2016; Vu and Shwartz,
2018; Balikas et al., 2019; Bannour et al., 2020)
are presented in Table 3 for an average of 25 runs
with evidenced statistical significance over four
gold-standard datasets.

6.1 Private Models

We first start by analysing the impact of feature
combination on private models, i.e. when a unique

11Source codes are available at
https://github.com/Houssam93/
Feature-Focus-in-Multi-Task-Learning-NLP

lexico-semantic relation is taken into account in
the learning process. This stands for the first four
rows of Table 3. Unsurprisingly, the introduction
of a combination of (eventually new) features (Best
MLP) outperforms existing models (Shwartz et al.,
2016; Vu and Shwartz, 2018) and the multilayer
perceptron (MLP) that only includes word embed-
dings concatenation (i.e. the simplest baseline).
Note that the Best MLP model includes the architec-
tures of (Shwartz et al., 2016) and (Vu and Shwartz,
2018) as it allows the combination of all family fea-
tures as input.

To better understand the impact of feature engi-
neering, we illustrate results involving all combi-
nations of within-family features and all combina-
tions of in-between best family features in figure 2
(a). Within the cosF family alone (i.e. only cosine-
based metrics are used for the learning process)12,
results clearly evidence the dimensional issue, be-
ing cos and cosG1D the one-dimension metrics
that evidence worst results individually. The sec-
ond important finding lies in the fact that metric
combination steadily improves over individual met-
rics. In particular, (cosG, cosBr, cosG1D) gives
rise to strongest results in the vast majority of cases,
and particularly for hypernymy.

12Blue dots in figure 2.
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Synonym vs Random Hypernym vs Random
Algorithm Acc. F1 Prec. Rec. Acc. F1 Prec. Rec.

R
U

M
E

N

MLP 0.754 0.754 0.750 0.759 0.750 0.757 0.731 0.786
Shwartz and Dagan (2016) 0.713 0.731 0.685 0.783 0.770 0.776 0.754 0.798
Vu and Shwartz (2018) 0.851 0.847 0.864 0.831 0.842 0.843 0.832 0.854
Best MLP 0.867 ? 0.865 ? 0.871 ? 0.859?† 0.863 ? 0.862 ? 0.860 ? 0.865?
Balikas et al. (2019) 0.758 0.759 0.750 0.769 0.759 0.762 0.747 0.778
Bannour et al. (2020) 0.854 0.850 0.873 0.827 0.819 0.784 0.812 0.756
Best Fully-shared (FS) 0.861 0.864 0.843 0.887 0.860 0.859 0.861 0.856
Best Shared-private (SP) 0.870†+ 0.866+ 0.889 †+ 0.844+ 0.869 †+ 0.867 †+ 0.871 †+ 0.864+

Co-hyponym vs Random Hypernym vs Random
Algorithm Acc. F1 Prec. Rec. Acc. F1 Prec. Rec.

R
O

O
T

9

MLP 0.909 0.939 0.954 0.925 0.904 0.936 0.944 0.929
Shwartz and Dagan (2016) 0.919 0.946 0.955 0.938 0.842 0.901 0.860 0.946
Vu and Shwartz (2018) 0.940 0.961 0.962 0.959 0.943 0.962 0.961 0.964?
Best MLP 0.950 ? 0.967 ? 0.973? 0.959 0.947?† 0.965?† 0.971†? 0.959†
Balikas et al. (2019) 0.909 0.940 0.949 0.931 0.911 0.941 0.949 0.932
Bannour et al. (2020) 0.949 0.966 0.964 0.969+ 0.908 0.932 0.941 0.923
Best Fully-shared (FS) 0.947 0.965 0.971 0.959 0.944 0.963 0.964 0.962
Best Shared-private (SP) 0.951+ 0.968 + 0.971+ 0.964† 0.943+ 0.962+ 0.969+ 0.955+

Co-hyponym vs Random Hypernym vs Random
Algorithm Acc. F1 Prec. Rec. Acc. F1 Prec. Rec.

W
E

E
D

S

MLP 0.720 0.449 0.422 0.479 0.726 0.457 0.432 0.485
Shwartz and Dagan (2016) 0.769 0.532 0.513 0.552 0.716 0.474 0.423 0.539
Vu and Shwartz (2018) 0.848 0.691 0.669 0.714 0.833 0.661 0.641 0.682
Best MLP 0.873 ? 0.737? 0.729? 0.746?† 0.886 ? 0.746? 0.797? 0.701?
Balikas et al. (2019) 0.721 0.443 0.422 0.466 0.724 0.462 0.431 0.498
Bannour et al. (2020) 0.871 0.713 0.754 0.678 0.924+ 0.751 + 0.854+ 0.669
Best Fully-shared (FS) 0.864 0.737 0.685 0.796 0.873 0.736 0.727 0.746
Best Shared-private (SP) 0.890†+ 0.761†+ 0.789†+ 0.736+ 0.882+ 0.743 0.771 0.717†

Meronym vs Random Hypernym vs Random
Algorithm Acc. F1 Prec. Rec. Acc. F1 Prec. Rec.

B
L

E
SS

MLP 0.839 0.748 0.805 0.698 0.845 0.762 0.797 0.731
Shwartz and Dagan (2016) 0.855 0.781 0.807 0.756 0.842 0.754 0.804 0.709
Vu and Shwartz (2018) 0.886 0.820 0.883 0.765 0.882 0.811 0.891? 0.744
Best MLP 0.909 ? 0.864 ? 0.883 0.847 ? 0.905? 0.859 ? 0.872 0.847 ?†
Balikas et al. (2019) 0.846 0.759 0.814 0.711 0.848 0.764 0.812 0.721
Bannour et al. (2020) 0.896 0.837 0.913+ 0.770 0.954 + 0.821 0.883 0.769
Best Fully-shared (FS) 0.903 0.850 0.895 0.810 0.906 0.862 0.861 0.864
Best Shared-private (SP) 0.912 †+ 0.868†+ 0.890† 0.847+ 0.916 0.873†+ 0.906†+ 0.843+

Table 3: Overall results for all architectures with GloVe embeddings. Lexical split is applied. ?, † and + denote
p-value≤ 0.05 based on the t-Test assuming unequal sample variances of metric values between respectively (Best
MLP) against (Vu and Shwartz, 2018), (Best SP) against (Best MLP), and (Best SP) against (Bannour et al., 2020).

Within the KullF family alone13, results seem
to indicate that kullBr is the less performing
(alone and in combination) feature, although regu-
larities are difficult to establish as different results
can be observed depending on the dataset. Simi-
larly to the previous observation, the combination
of asymmetric features provides improved results
for the vast majority of cases, suggesting that indi-
vidual values encode complementary information.

Within the PatF family14, the BiLSTM encod-
ing seems to provide superior results to the USE en-
coding, but more importantly, results clearly show
that pattern-based features can be a strong cue for
the classification process provided that a large num-
ber of patterns can be extracted, as it is shown for
ROOT9 (see Table 2 for the number of patterns).

More surprisingly, the CosF features steadily
indicate stronger results than theKullF and PatF
features for asymmetric relations (hypernymy and
meronymy), thus suggesting that symmetry is an
important characteristic for all relations.

13Red dots in figure 2.
14Black dots in figure 2.

Finally, results clearly show that the combina-
tions of the best features per family15 steadily out-
perform results of individual family features, thus
demonstrating their complementarity. In particular,
symmetric and asymmetric distributional features
successfully combine for asymmetric relations, and
the successful combination is with pattern-based
and cosine-based features for co-hyponymy. How-
ever, only symmetric distributional features allow
maximum performance for synonymy, which can
easily be understood as this is a symmetric relation.
To strengthen our comments, we give the distribu-
tion of features for the best configurations in Table
4 (first row) for all datasets and relations.

6.2 Multitask Models
Results of the multitask architectures are presented
in rows 5-8 of Table 3. In particular, the Best Fully-
shared network stands for the model of Balikas
et al. (2019) with an optimized set of input features,
oppositely to their settings which rely on the unique
concatenation of word embeddings. Figures clearly

15Green dots in figure 2.
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Figure 2: F1 score results for all feature combinations. Bounding box 1 stands for any individual feature alone, e.g.
(cosG, UF) means only cosG. Bounding box 2 stands for any 2-by-2 combination of features, e.g. (cosBr,F2)
refers to (cosBr,cosG). Bounding box 3 refers to the ablation of one feature from the set of all features, e.g.
(Bounding box 3 Blue, F2) refers to (cos,cosBr,cosG1D). Bounding box 4 stands for the combination of all
features for a given family (AF). BcosF , BKullF and BpatF stand for best combination of features within its
respective family.

Synonym vs Random Hypernym vs Random
Algorithm CosF KullF PatF CosF KullF PatF

R
U

M
E

N Best MLP 0 1 1 0 0 0 0 0 0 0 0 1 1 1 1 0 0 0 0 1
Best FS 0 1 1 0 0 0 0 0 0 0 1 1 1 1 0 0 0 0 0 0
Best SP 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 1 1 1 0 0

Co-hyponymy vs Random Hypernym vs Random
Algorithm CosF KullF PatF CosF KullF PatF

R
O

O
T

9 Best MLP 0 1 1 1 0 0 0 0 1 1 0 1 1 1 1 0 1 1 0 0
Best FS 0 1 1 0 0 0 0 0 0 0 1 1 1 1 0 0 0 0 0 0
Best SP 0 1 1 0 0 1 1 0 0 0 1 1 1 1 0 0 0 0 1 0

Co-hyponymy vs Random Hypernym vs Random
Algorithm CosF KullF PatF CosF KullF PatF

W
E

E
D

S Best MLP 1 1 1 0 0 0 0 0 0 1 0 1 1 1 1 1 0 1 0 0
Best FS 1 1 1 0 0 0 0 0 0 0 0 1 1 1 0 0 0 0 0 0
Best SP 0 0 0 0 0 1 1 0 1 0 1 1 0 0 0 0 0 0 0 0

Meronym vs Random Hypernym vs Random
Algorithm CosF KullF PatF CosF KullF PatF

B
L

E
SS

Best MLP 0 0 1 0 0 1 1 0 0 0 1 0 1 0 0 1 1 1 0 0
Best FS 0 0 1 0 1 0 1 1 0 1 0 0 1 0 0 0 0 0 0 1
Best SP 0 0 0 0 1 1 1 1 0 0 0 0 0 0 1 1 1 1 0 0

Table 4: Best combinations of features for all models.
0 and 1 stand for the absence or the presence, respec-
tively, of the given feature within its family, where the
order is given by equations 4, 12 and 14.

show the superiority of the shared-private network
(Best SP) over the fully-shared model (Best FS)
for most cases, suggesting that the combination of

private and shared information is beneficial to the
decision process. However, the Best MLP is a hard
model to beat as the Best SP statistically outper-
forms the former architecture 4 times out of 8, and
2 times out of 8 without statistical significance. But
the contrary is only true for ROOT9 (wrt. F1 score),
where Best MLP statistically exceeds Best SP.

The important issue in shared-private architec-
tures is to understand how well they distribute
the feature space between private and shared lay-
ers. For that purpose, we analyse figure 2 (b),
which shows feature combinations for the shared
layer, i.e. when two tasks are learned concur-
rently. Note that in this case, best combinations
from the private models (learned separately) re-
strict the learning process. The first main con-
clusion is that asymmetric distributional features
(KullF ) steadily compete with cosine-based fea-
tures (CosF ), even clearly outperforming the latter
for BLESS, which is definitely not the case within
private models. The same conclusion can be drawn
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Synonym vs Random Hypernym vs Random
Algorithm GloVe JoSE GloVe JoSE

R
U

M
E

N MLP 0.754 0.730 0.757 0.731
Best MLP 0.865 0.870 0.862 0.863
Best SP 0.866 0.869? 0.867? 0.865†

Co-hyponym vs Random Hypernym vs Random
Algorithm GloVe JoSE GloVe JoSE

R
O

O
T

9 MLP 0.939 0.927 0.936 0.922
Best MLP 0.967 0.967 0.965 0.963
Best SP 0.968? 0.966 0.962 0.966?†

Co-hyponym vs Random Hypernym vs Random
Algorithm GloVe JoSE GloVe JoSE

W
E

E
D

S MLP 0.449 0.458 0.457 0.455
Best MLP 0.737 0.758 0.746 0.754
Best SP 0.761 0.764?† 0.743 0.759?†

Meronym vs Random Hypernym vs Random
Algorithm GloVe JoSE GloVe JoSE

B
L

E
SS

MLP 0.748 0.810 0.762 0.798
Best MLP 0.864 0.865 0.859 0.850
Best SP 0.868? 0.865 0.873 0.874†

Table 5: F1 scores with GloVe and JoSE. ? and † de-
note p-value ≤ 0.05 based on the t-Test assuming un-
equal sample variances of metric values between re-
spectively (Best SP JoSE) vs. (Best SP GloVe) and
(Best SP JoSE) vs. (Best MLP JoSE).

for pattern-based features PatF , which impact is
much more important in the shared layers than it
is the case in the private models when compared
to CosF . This suggests that when private models
focus more on symmetric features, shared-private
models take advantage of asymmetric features to
capture task dissimilarity (indeed in the concurrent
tasks there is always at least one asymmetric task).

Another interesting observation is that best
models are usually not a combination of different
family features. Only 2 cases out of 8 show
improved results with feature combination. In
fact, such results suggest that private and shared
layers distinctively balance the family feature
space. We clearly see this situation in Table 4 by
looking at the complementarity of the input feature
vectors of private (row 1) and shared-private
models (row 3). For instance, when maximizing
the hypernymy task within the shared-private
model over RUMEN, the private input vectors
are (cosG, cosBr, cosG1D, kull, pat∗,BiLSTM)
for hypernymy and (cosG, cosBr) for syn-
onymy, while the shared input vector is
(kullG, kullBr, kullG1D). It is worth noticing
that this situation does not hold for the fully-shared
models as they are clearly biased towards cosine-
based metrics and rarely include asymmetric
distributional and pattern-based features.

6.3 Spherical text embeddings

We propose to compare our feature-based archi-
tectures with relational embeddings, namely JoSE
(Meng et al., 2019), the underlying idea being to

understand how feature-based strategies can com-
pare and eventually add-on to fine-tuned neural
semantic spaces. Results are illustrated in Table 5.

Results of the baseline MLP model do not evi-
dence a clear advantage of relational embeddings
compared to general-purpose ones like GloVe,
BLESS being the only exception. However, it is
interesting to notice that the proportion of improve-
ment is much more important for JoSE embeddings
when introducing combinations of features. Indeed,
while the MLP model with GloVe overtakes the
JoSE version 5 times out of 8, the Best MLP model
with JoSE overtakes the GloVe version 5 times out
of 8, thus suggesting that spherical embeddings are
sensitive to feature engineering.

Finally, while shared-private architectures pro-
vide overall best results, a clear distinction between
both embeddings is difficult to establish, although
a small tendency towards JoSE embeddings seems
to emerge. Indeed, while the hypernymy relation
is better tackled by relational embeddings (3 out
of 4 configurations), meronymy is better handled
by GloVe although being an asymmetric relation.
With respect to symmetric relations (synonymy and
co-hyponymy), the situation slightly converges to-
wards relational embeddings with better results in
2 out of 3 experiments.

7 Conclusions

In this paper, we proposed the definition of asym-
metric distributional features in continuous spaces
based on the Kullback-Leibler divergence, and sug-
gested to combine them with families of symmetric
distributional and pattern-based characteristics us-
ing a feature selection process. We proposed to
analyse the impact of feature combination in multi-
task settings, which combine private and shared lay-
ers. Results evidenced the benefits of feature com-
bination in the private models, and they highlighted
the importance of asymmetric (distributional and
paradigmatic) features in the shared layers. More-
over, share-private architectures showed the capac-
ity of balancing feature families between private
and shared layers thus taking full advantage of most
features in the decision process.
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Georgios Balikas, Gaël Dias, Rumen Moraliyski, Hous-
sam Akhmouch, and Massih-Reza Amini. 2019.
Learning lexical-semantic relations using intuitive
cognitive links. In 41st European Conference on In-
formation Retrieval (ECIR), pages 3–18.
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Abstract
Increasing studies leverage pre-trained lan-
guage models and meta-learning frameworks
to solve few-shot text classification problems.
Most of the current studies focus on building
a meta-learner from the information of input
texts but ignore abundant semantic informa-
tion beneath class labels. In this work, we
show that class-label information can be uti-
lized for extracting more discriminative fea-
ture representation of the input text from a pre-
trained language model like BERT, and can
achieve a performance boost when the sam-
ples are scarce. Building on top of this dis-
covery, we propose a framework called Label-
semantic augmented meta-learner (LaSAML)
to make full use of label semantics. We sys-
tematically investigate various factors in this
framework and show that it can be plugged
into the existing few-shot text classification
system. Through extensive experiments, we
demonstrate that the few-shot text classifica-
tion system upgraded by LaSAML can lead to
significant performance improvement over its
original counterparts.

1 Introduction

The remarkable capability of quickly learning new
concepts from a few training samples is one of the
advantages of the human learning system over the
current machine learning system. Motivated by this
gap, research in few-shot learning has received in-
creasing attention in the past decade. Meta-learning
(Vinyals et al., 2016; Snell et al., 2017; Finn et al.,
2017), as the dominant methodology in few-shot
learning, tackles the problem by learning a map-
ping function from a few support samples to a
classifier through a meta-training dataset. Most
existing meta-learning systems (Snell et al., 2017;
Sung et al., 2018) were developed or at least evalu-
ated in the field of computer vision. More recently,

∗Corresponding Author

Figure 1: The example of fine-grained intent queries
from two domains in Clinc150 dataset. Class 1 and
Class 2 refer to PAY BILL and BILL DUE. Class 3
and Class 4 represent TRAVEL SUGGESTION and
TRAVEL ALERT.

few-shot learning has been introduced to the NLP
field and in particular, text classification (Yu et al.,
2018; Geng et al., 2019), as it is the fundamental
task in natural language understanding. In parallel
to few-shot learning, pre-trained language models
(PLMs) (Devlin et al., 2019; Radford et al., 2019)
have revolutionized the NLP fields and show strong
evidence of being able to perform well in low data
regime when transferred to downstream tasks.

Despite the impressive progress of meta-learning
and PLMs, however, most existing few-shot clas-
sification systems (Geng et al., 2019; Bao et al.,
2020) ignore an important information source —
semantic of class labels. When the number of train-
ing samples is limited, merely using the input texts
per class can lead to ambiguity in interpreting the
definition of class. Considering the two groups of
examples in Figure 1 which shows four samples
belonging to different intent classes, even humans
cannot fully understand the semantic meaning of
those samples if the definition of labels are not
given. For example, it is hard to tell if class 1 and
class 2 are about the type of bill — water or gas, or
class 3 and class 4 are about the destination of the
travel — USA or Germany. However, this ambigu-
ity can be easily resolved if the class definition or
simply the class name is provided.
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Just as understanding class names can help hu-
mans to interpret sentences of a given class, we
made an interesting observation that the BERT will
extract more discriminative features if we append
the class name to the input sentence, and it can
boost the classification performance in low-shot
scenarios. Motivated by the above observations,
this work explores how to better leverage the se-
mantic information beneath class names for few-
shot learning. Our key idea is to use meta-learning
to further strengthen the guidance of class-label
semantics for few-shot classification. Specifically,
we use meta-learning to encourage the features ex-
tracted from class-name-appended samples to be
more class-relevant and compatible to the query
features. Moreover, we systematically study the
issue of how to extract the label-semantic guided
feature representation from the support samples
and how to make the query sample features com-
patible with the meta-learner generated from the
support set. Our research leads to a framework
that can be plugged into the existing few-shot meta-
learner and we call our method Label-semantic
Augmented Meta-Learner (LaSAML). To demon-
strate the power of LaSAML, we use LaSAML to
upgrade the Prototypical Network and creates a
new method called LaSAML-PN. By conducting
the extensive experimental studies, we show that
LaSAML-PN achieves excellent few-shot learning
performance and LaSAML upgraded meta-learning
obtains superior performance over its original coun-
terpart. Our code has been released at: https:

//github.com/luoqiaoyang/ACL2021-LaSAML.

2 Related work

This section discusses the related work from three
aspects: few-shot learning, few-shot text classifica-
tion, and low-shot learning with label information.
Few-Shot learning Meta-learning approaches
have made substantial progress with few-shot learn-
ing (FSL) tasks. The focus of the current meta-
learning framework is how to construct the meta-
learner. For examples, a meta-learner could be
constructed by learning a metric between samples
and classes(Koch et al., 2015; Vinyals et al., 2016;
Snell et al., 2017; Sung et al., 2018), based on a
differentiable learning process (Bao et al., 2020),
or based on a few-shot gradient update (Mishra
et al., 2018; Finn et al., 2017). A complete re-
view of meta-learning is beyond the scope of this
paper, and we refer readers to the recent survey

(Hospedales et al., 2020).

Few-shot text classification Few-shot text clas-
sification (FSTC) has also gained increasing at-
tention in recent years. ROBUSTTC-FSL (Yu
et al., 2018) uses an adaptive metric learning ap-
proach to adaptively select an optimal distance met-
ric for different tasks. Induction Network (Geng
et al., 2019) utilizes the dynamic routing algorithm
(Sabour et al., 2017) to learn a generalized class-
wise representation. Pre-trained language models
have also been applied to few-shot text classifica-
tion. LEOPARD (Bansal et al., 2020) uses BERT
(Devlin et al., 2019) with optimization-based meta-
learning framework to achieve good performance
on diverse NLP classification tasks. More recently,
GPT-3 (Brown et al., 2020) shows that the language
model itself can be used to perform few-shot text
classification without using meta-learning. Mean-
while, another recent work (Bao et al., 2020) points
out meta-learning for text classification may have
different characteristics to the cases in computer
vision. They propose to use distributional signa-
tures to enhance the generalization capability of
meta-learner. Our method is still a meta-learning-
based few-shot text classification method. The key
contribution of our work is the discovery that using
label information together with BERT can lead to
significantly better generalization performance.

Using label information for text classification
An increasing number of recent works have real-
ized the value of label semantics. The matching
between label information and text can naturally
lead to zero-shot learning. For example, CDSSM
(Chen et al., 2016) explores zero-shot intent clas-
sifications based on class names. Prompt-based
strategies (Puri and Catanzaro, 2019; Schick and
Schütze, 2020) have been developed to implicitly
match text against class names. In the context of
few-shot learning, (Hou et al., 2020) incorporate
label semantics into the TapNet (Yoon et al., 2019)
for few-shot slot tagging tasks. Different from the
above works, this paper explores both pre-trained
language models and label semantics for few-shot
learning. We only require the name of classes rather
than manually constructed prompts or templates
to convey label semantics. TARS (Halder et al.,
2020) also leverages pre-trained language models
and label semantics based on binary text classifi-
cation. However, our method further strengthens
generalization ability via meta-learning framework
especially in cross-domain and fine-grained cases.
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Figure 2: The main framework of LaSAML.This graph gives an example on how LaSAML process a 3-way 2-shot
few-shot task. All support samples append with the corresponding class name to format as ”[CLS] + Sentence +
[SEP] + Label + [SEP]”. The query data can be one of three forms: 1 remains original form while 2 and 3
append all three class names. 1 and 2 use BERT emebeddings from [CLS] token, 3 uses all label embeddings.

Appending Word
Number of training samples per class

5 10
None 0.6425 0.7324

class name 0.7437 0.7925

Table 1: Results of fine-tuning BERT with only 5 or 10
labeled data per class on the AGNews dataset. None:
the standard input format for the BERT classifier, class
name: appending the respective class names for each
training sample.

3 Our method

3.1 The value of label information in the low
data regime

As described in the introduction, label information
is essential for human to accurately interpret the
meaning conveyed in the limited number of train-
ing samples. In this section, we demonstrate that
label information is also useful for extracting dis-
criminative features from a pre-trained language
model 1. More specifically, we consider the follow-
ing modification to input of BERT for text classi-
fication: we append the corresponding class name
after each training sentence (for which we know
the ground-truth classes) and a [SEP] token. In
other words, we use the following input format

1Throughout our experiments, we use BERT (Devlin et al.,
2019) as the PLM unless specified otherwise.

“[CLS] sentence [SEP] class name [SEP]” rather
than “[CLS] sentence [SEP]” as the common prac-
tice of using BERT for text classification. Then we
extract embeddings from the [CLS] token to train
a linear classifier. The reason of appending “class
name [SEP]” is to mimic the scenario of the next
sentence prediction (NSP) task for training BERT.
To perform well in the NSP task, BERT needs to
extract information that are most predictive for the
next sentence from the first sentence. In our case,
we replace the next sentence with the class name
and consequently, we expect that BERT can ex-
tract information that is relevant to the class name
from the input sentence. We call this method label-
semantic augmented feature extraction hereafter.

From the experimental results are shown in Ta-
ble 1, we can clearly see that the classifier trained
from label-semantic augmented feature extraction
achieves better performance than the baseline ap-
proach. When only five samples are used per class,
the improvement can be as significant as 10%.

From this motivating experiment, we clearly see
the potential of incorporating class-label informa-
tion. To further strengthen BERT’s capability of
leveraging class-label semantic information, we
incorporate the above idea into the meta-learning
framework, lending itself to a new meta-learning
framework termed label-semantic augmented meta-
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learner (LaSAML). We expect that through fine-
tuning a PLM by the meta-learning process, the
network can find an optimal way of building meta-
classifiers with the guidance of class-labels.

3.2 The general framework of the
label-semantic augmented meta-leaner

We first present the proposed LaSAML in its gen-
eral form and then dive into more details of this
framework. Formally, we consider the following
problem setting. Our aim is to build a meta-learner
which can convert a set of support samples, denoted
as Xs = {xs, ys, ts}, into a classifier φ(·;Xs),
where xs, ys and ts denote the input text, class
label, and the lexical definition of the class, i.e.,
the class name, respectively 2 Applying φ(·;Xs) to
test data, i.e., query data xq, we could obtain the
predicted class ŷq through φ(xq;Xs). The meta-
learner is trained from the meta-training set, from
which one can randomly construct a support set
XCs = {xcs, ycs, tcs} and a query set with ground-
truth class name, XCq = {xcq, ycq} for C-Way K-
shot settings, where c ∈ C. Therefore, the per-
formance of φ(·;XCs ), classifier generated from
the meta-learner, can be evaluated by comparing
the predicted class against the ground-truth query
label {ycq}. The key difference of traditional meta-
learner and the proposed LaSAML is that the lex-
ical definition of class name {tcs} will be used for
building the meta-learner.

In particular, we consider the meta-learner that
can be written in the following form:

{wc} = ψ(f({xcs}), {ycs}) c = 1, · · · , C
qc = m(g(xq);wc), ŷ = argmax

c
qc, (1)

where f and g denotes the feature extractors which
convert the input text to a feature vector. For many
meta-learning approaches, f = g. ψ is a mapping
function to map the support set data to a set of
class vectors, one for each class. Then the classifier
is defined by a function m(·, ·) that measures the
compatibility, qc, between a query sample xq and
the class vector wc. The class with highest qc is
the predicted class.

The above formulation encompasses a wide
range of meta-learning approaches. For example,
for Prototypical network (Snell et al., 2017), wc

is the c-th class mean vector calculated from the
2In our following discussion, we slightly relax the distinc-

tion between “class label”, “class name” and “class tag” and
use them exchangeably when no confusion is caused.

Figure 3: This graph shows how we extract support
sample features from various positions. GAP refers to
the global average pooling operation.

feature extractor and m(·, ·) is simply a negative
Euclidean distance between g(xq) and wc.

The proposed LaSAML introduces label-
semantic guidance to f(·) and g(·). In other words,
the feature extractors f and g may take the class
name as an additional input. Due to that the avail-
ability of class name information will be different
for support set samples and query set samples, i.e.,
we know the ground-truth class name for support
set samples but not for query samples, we may
choose different ways of incorporating label in-
formation into the feature extractor, resulting in
different implementation of f and g.

3.3 Incorporating label information into
feature extractors

This subsection discusses various options of incor-
porating label information into f and g. We show
the possible configurations in Figure 3. For the fea-
ture extractor of the support set, f , we append the
corresponding ground-truth class name to each sen-
tence. Then we have different options of extracting
sentence feature representations. In our study, we
consider extracting sentence features from [CLS]
token, the global average pooling (GAP) of embed-
dings of sentence tokens, GAP of embeddings of
the class name (since a class name may contain
multiple tokens), and the average of them.

For the feature extractor of the query set, g. We
consider three cases. First, the most straightfor-
ward way is not appending anything since we do
not know the ground-truth class name for query
samples. Second, we can append all class names,
as shown in Figure 2. Finally, we can append all
class names but extract C features from the cor-
responding class name, one for each class. Then
the c-th feature will be compared against the c-th
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class vector and calculate the matching score with
m. The class corresponding to the highest match-
ing score will be the prediction. This scheme is
visualized in Figure 2 option 3 for query. Formally,
this process can be written as:

ŷq = argmax
c

m(g(xq, tc), wc), (2)

where g(xq, tc) denote the feature extracted from
class name token tc.

We will leave the detailed comparison results
and discussion of those schemes to Section 4.2 and
Section 4.3. Here, we report our major discovery.
(1) For supporting set samples, extracting sentence
features from different positions leads to similar
performance. Extracting features from ”[CLS]”
and ”[CLS]+Tag” in general is slightly better than
other options. (2) For query samples, without ap-
pending all class-label names leads to the overall
best performance for our best performed method.
In the following, we by default consider the set-
ting of extracting features from ”[CLS]” and not
appending class names to a query sample unless
otherwise specified.

3.4 Upgrade existing meta-learner with
LaSAML

The proposed LaSAML can be incorporated into a
variety of existing meta-learning frameworks. In
our study, we mainly consider Prototypical Net-
work (Snell et al., 2017) as the meta-learning frame-
work and upgrade it with LaSAML.

The Prototypical Network (Snell et al., 2017) is
a metric-based meta-learning framework, which
calculates the class vector by averaging the same-
class features extracted from the support set. In its
LaSAML-upgraded version (denoted as LaSAML-
PN), we calculate the class vector wc by

wc =
1

|X cs |
∑

(xcs,t
c
s)∈X cs

f(xcs, t
c
s), (3)

where f(xcs, t
c
s) indicates the feature extracted by

incorporating class name information.
Then, we make the decision by comparing the

feature extracted from a query sample against
{wc}:

P (c|xq) =
exp(−d(g(xcq),wc))∑

c′∈C exp(−d(g(xcq),wc′))
(4)

where d(·, ·) is the squared Euclidean distance.

4 Experimental results

In this section, we conduct experiments to evaluate
the performance of LaSAML. We first introduce
our experimental setting. Then, we present the
main results by comparing LaSAML against vari-
ous existing few-shot text classification approaches.
Finally, we provide ablation studies to investigate
multiple factors in the proposed method.

4.1 Experimental Setting

4.1.1 Datasets
Three text classification datasets are used in our
experiment.
HuffPost is a dataset including a wide range of
news topics. The dataset consists of 36900 news
headline samples and 900 samples for each class.
Following the settings from (Bao et al., 2020), we
use the same 20/5/16 classes for training, valida-
tion, and testing, respectively, for a fair compari-
son. Due to the limited number of classes, we only
consider the 5-way 1-shot and 5-way 5-shot text
classification tasks in this dataset.
Banking77 published by (Casanueva et al., 2020)
is a dataset for intent classification tasks. The
dataset covers 13,083 fine-grained intents from 77
classes in the banking domain. We construct the
few-shot tasks in 10-way 1-shot, 10-way 5-shot,
15-way 1-shot, and 15-way 5-short. The dataset
is partitioned into a training, a validation, and a
testing dataset. 30, 15, and 32 classes are sampled
for each partition3.
Clinc150 is a cross-domain intent classification
dataset which was originally proposed in (Larson
et al., 2019). It provides 22,500 in-scope queries
and 150 intent classes from 10 domains. Each do-
main contains 15 intent classes, and there is no
overlap between those classes. We use this dataset
to evaluate the performance of meta-learner under
domain shift. We split the datasets into 4/1/5 do-
mains for training, validation, and testing.

4.1.2 Comparing methods
We compare the proposed method against sev-
eral commonly used few-shot learning approaches,
which have shown promising results in both com-
puter vision and natural language processing fields.
For all the compared methods expect distributional
signature (Bao et al., 2020) which shows better per-
formance without BERT, we re-implement them

3We released the partition of Banking77 and Clinc150
along with our code.
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Models
HuffPost Banking77 Clinc150 (cross domain)

5-way 10-way 15-way 10-way 15-way
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

BERT+PN* 0.4059 0.5348 0.6305 0.7860 0.5918 0.7412 0.5743 0.7290 0.5231 0.6606
BERT+PN 0.4611 0.6556 0.7622 0.8883 0.7028 0.8582 0.7130 0.8798 0.6303 0.8163
BERT+RN 0.4080 0.5187 0.6388 0.7348 0.5629 0.6457 0.5465 0.6009 0.4654 0.5883
BERT+IN 0.3996 0.5079 0.4872 0.6432 0.4945 0.5527 0.4652 0.5765 0.4172 0.4998

BERT+RRML 0.4078 0.6198 0.7045 0.8780 0.6346 0.8565 0.6272 0.8713 0.5761 0.8076
DS+RRML 0.4134 0.6248 0.5933 0.8371 0.5337 0.7896 0.5556 0.7876 0.5341 0.7969

LaSAML-PN 0.6216 0.7011 0.8278 0.8806 0.7877 0.8443 0.7760 0.8831 0.7248 0.8489

Table 2: Experiment results of 5-way 1-shot and 5-way 5-shot on HuffPost Dataset, 10-way 1-shot, 10-way 5shot,
15-way 1-shot and 15-way 5-shot on Banking77 and Clinc150 (cross domain) datasets. The model BERT+PN*
contains MLP in PN to process BERT embeddings before applying the distance metric.

Support Features

LaSAML-PN LaSAML-RRML
HuffPost Clinc150 HuffPost Clinc150
5-Way 15-Way 5-Way 15-Way

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
CLS 0.6216 0.7011 0.7248 0.8489 0.6260 0.6808 0.6201 0.8051
Sent 0.6223 0.6713 0.6834 0.8359 0.6095 0.6781 0.5811 0.7342
Tag 0.6264 0.6758 0.6936 0.8199 0.5960 0.6358 0.6470 0.7604

CLS + Sent 0.6250 0.6998 0.6955 0.8303 0.6286 0.6927 0.6160 0.8064
CLS + Tag 0.6325 0.6946 0.7348 0.8275 0.6055 0.627 0.6485 0.7952
Sent + Tag 0.6289 0.6964 0.6974 0.8364 0.609 0.6488 0.6532 0.7738

Weighted All 0.6211 0.7003 0.6996 0.8245 0.6022 0.6448 0.6599 0.7938

Table 3: Ablation study results of extracting support data features from varies positions and its combinations on
HuffPost and Clinc150 (cross domain). According to the results on another ablation study in Table 5, we pick up
different query settings 1 and 2 in Figure 2 for LaSAML-PN and LaSAML-RRML individually.

with the BERT encoder as the feature extractor.
Note that this might lead to different (in most cases
higher) performance than the one originally re-
ported.
Prototypical Network (Snell et al., 2017) is a
metric-based few-shot learning method. Our
LaSAML-PN is an upgraded version of it. We
use two implementations of PN. One extracts fea-
tures from the [CLS] token, and another applies a
multi-layer-perceptron (MLP) for the embedding
of [CLS] token. The latter was used in a recent
study (Bao et al., 2020). We denote the original
implementation of Prototypical Network as PN and
the implementation with an MLP as PN*.
Relation Network (Sung et al., 2018) (RN) does
not directly compare class vector against the query
feature but compare through a relation module
learned during meta-training.
Induction Network (Geng et al., 2019) (IN) in-
tegrates the dynamic routing algorithm into the
relation network to learn the class vectors during
the meta-learning process. The original induction
network uses LSTMs as the encoder. To make a

fair comparison, we replace the encoder with the
BERT encoder in our experiment.
Ridge Regression Meta-Learner (Bertinetto
et al., 2019) (RRML) calculates the class vector
by solving a Ridge regression problem on the sup-
port set. The solution has a closed-form, and thus it
is possible to directly back-propagate training error
to the feature extractor used in the optimization
problem.
Distributional Signature (Bao et al., 2020) (DS)
learns how to use the statistic pattern of tokens to
selectively attend key information of the input text
and build a meta-learner with better generalization
performance. The method in (Bao et al., 2020) can
be applied to a wide variety of meta-learning meth-
ods. In (Bao et al., 2020), the combination with
RRML shows the best performance (DS+RRML).

4.1.3 Implementation Details

In our methods, BERTBASE is employed as the
feature encoder and meta-learner. We construct
100, 100, and 1000 random sampled tasks for each
training, validation, and testing epoch individually.
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Moreover, we use the Adam algorithm (Kingma
and Ba, 2015) as the optimizer. For better train-
ing performance, we set different learning rates for
the BERT encoder and the other modules, that is,
2e−5 for the BERT encoder and 1e−3 for other
modules. Both Relation Network and Induction
Network consist of a relation module, and we set
the dense hidden layer dimension to 50 for the rela-
tion module. We follow other settings of Induction
Network in the original paper (Geng et al., 2019).

4.2 Main results of LaSAML

The main experiment results are displayed in Table
1. From the result, we make the following obser-
vations: (1) The proposed LaSAML-PN achieves
significant performance improvement over the orig-
inal PN, especially on the one-shot classification
setting: on average, the improvement is around 6%
to 16%. With more training data, the gap between
LaSAML-PN and PN becomes smaller: on Bank-
ing77, LaSAML-PN and PN become comparable;
but we can still see 3-5% improvement on Clinc150
and HuffPost. This is understandable because,
with more samples, the class-related text patterns
become more pronounced. However, this might
be data-dependent. In general, if the difference
between classes is more subtle, i.e., fine-grained
classes, more samples might be needed and conse-
quently, the guidance from class name/definition
will be more beneficial. (2) We find that the orig-
inal implementation of the Prototypical network
performs much better than the one used in (Bao
et al., 2020) which employs an additional MLP.
The former achieves even higher performance than
the method proposed in (Bao et al., 2020) (which is
DS+R2D2. Our re-implementation achieves almost
the same performance in (Bao et al., 2020)). (3)
Another surprising finding is that the Relation Net-
work and Induction network do not perform better
than the traditional Prototypical network. From the
above observations, we may conclude that using
modules without prior information of a language
model, e.g., the MLP whose parameters are ran-
domly initialized rather than pre-trained as in the
PLM, leads to poor generalization performance. In
contrast, methods directly fine-tuning parameters
inside a PLM, e.g., PN, RRML, and our methods,
tend to perform better. This observation can some-
how be supported by the argument in (Bao et al.,
2020). In (Bao et al., 2020), it points out that in
NLP, “the lexical features highly informative for

Model
HuffPost Clinc150

5-way 15-way
1-shot 5-shot 1-shot 5-shot

BERT+PN 0.4611 0.6556 0.6303 0.8163
LaSAML-PN 0.6216 0.7011 0.7248 0.8489

BERT+RRML 0.4078 0.6198 0.5761 0.8076
LaSAML-RRML 0.6260 0.6808 0.6201 0.8051

Table 4: Ablation study results for integrating
LaSAML with RRML and testing performance on
HuffPost and Clinc150 (cross domain).

one task may be insignificant for another. ” Thus,
the weight learned from those randomly initialized
modules may overfit the meta-training set and can-
not generalize well to the target task. In (Bao et al.,
2020), the authors suggest a solution by building
a meta-learner with the generalizable statistics of
words. In our study, we find that this solution might
not be stable in all cases. For example, DS+RRML
does not perform well in Banking77 and Clinc150.
Instead, our results suggest an alternative solution:
building the meta-learner by not introducing addi-
tional parameters to BERT parameters, since the
latter is pre-trained from a large corpus and tends
to generalize better across tasks.

4.3 Ablation Study

In this section, We investigate LaSAML in depth by
answering three questions. First, whether LaSAML
is applicable to other meta-learning frameworks.
Second, what is the impact of different ways of
extracting features from BERT for support set sam-
ples? Third, how to leverage class name informa-
tion for query samples? We conduct a serial of
experiments on HuffPost and Clinc150 datasets to
answer those questions.
LaSAML with other meta-learning framework
To further explore the potential of LaSAML, we in-
corporate it into the Ridge Regression Meta-learner
(RRML) (Bertinetto et al., 2019), which is achieved
by simply replacing the feature extractor f and g
with the feature extractors used in LaSAML-PN.
The results are shown in Table4. As seen, using
LaSAML leads to significant improvement in one-
shot cases for the RRML. For five-shot cases, the
improvement gain becomes smaller for Clinic-150
but still significant in HuffPost. This experiment
result suggests that the proposed LaSAML has a
great potential to upgrade a wide variety of meta-
learning approaches.
Comparing support set feature extraction
strategies In LaSAML, the input format of a sup-
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Figure 4: Visualization of BERT attention maps for LaSAML-PN and PN. The darker red color refers to higher
attention weight.

port set sample is “[CLS] sentence [SEP] class
name [SEP]”. As mentioned in Section 3.3, we
may extract sentence features from the last layer
embedding of the [CLS] token, the average embed-
ding of sentence tokens, the embedding (average
embedding) of the class name, and various combi-
nation of them. Table 3 provides the comparison
of the results. From the results, we can see that
no single strategy achieves consistently better per-
formance than the others. Their performance, in
most cases, is also similar. Therefore, we extract
the sentence feature from the last layer embedding
of the [CLS] token for simplicity.
Comparing query feature extraction strategies
In this section, we further investigate the impact of
the input format for query samples. Three configu-
rations, not appending class names and extracting
features from [CLS] (L: None F: CLS), appending
all class names but extracting features from [CLS]
(L: All F: CLS), appending all class names but ex-
tracting features from the respective class (L: All
F: Tag), and make a prediction by using Eq. 2. We
also make our comparison with the LaSAML up-
graded PN, or LaSAML-RRML. The experiment
results are shown in Table 5. From the results, we
can see that the best strategy seems to be method
dependent. Appending all class names leads to
better performance for LaSAML-RRML, but for
LaSAML-PN, the best strategy is not appending
any class names. Another observation is that ex-
tracting features from the respective class tag and
comparing them against the respective class vector
may lead to worse performance. However, extract-
ing features from the respective class tag is capable
of achieving better performance (or comparable
performance on 5-shot classification in Clinc150
dataset) than previous state-of-the-art methods.

5 What has been learned in LaSAML

In this section, we demonstrate what has been
learned by LaSAML-PN. We use an example
in Figure 4 to highlight the difference between
LaSAML-PN and the standard prototypical net-

HuffPost Clinc150
5-way 5-way 15-way 15-way
1-shot 5-shot 1-shot 5-shot

M L F
LaSAML-PN None CLS 0.6216 0.7011 0.7248 0.8489
LaSAML-PN All CLS 0.6291 0.6726 0.6962 0.8423
LaSAML-PN All Tag 0.6365 0.6560 0.6680 0.7877

LaSAML-RRML None CLS 0.6284 0.6631 0.5751 0.7834
LaSAML-RRML All CLS 0.6260 0.6808 0.6201 0.8051
LaSAML-RRML All Tag 0.5814 0.6782 0.5599 0.7897

Table 5: Ablation study results for process query data
in three different ways. M refers to the models includ-
ing: prototypical network, relation network and ridge
regression classifier. L refers to whether query samples
append all class names or none. F refers to the features
used. Here, support data append related class name and
use [CLS] token features.

work. By investigating the attention weight with
respect to the [CLS] token (we average the attention
value across all heads in the last layer of BERT),
we can see that the prototypical network fails to
attend the words relevant to the class. In contrast,
LaSAML-PN successfully attends the relevant key-
words.

6 Conclusion

In this paper, we systematically study the poten-
tial of using class name information for few-shot
text classification tasks. We identify that append-
ing the class name to the sentence as the input to
a BERT encoder can lead to more discriminative
sentence features. By adopting this scheme to meta-
training, we propose a new meta-learning frame-
work called LaSAML. Implementing this frame-
work with the Prototypical network (Snell et al.,
2017), we achieve significant improvement over
the existing few-shot text classification methods.
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Abstract

Among the various modes of communication

in social media, the use of Internet memes has

emerged as a powerful means to convey politi-

cal, psychological, and socio-cultural opinions.

Although memes are typically humorous in na-

ture, recent days have witnessed a proliferation

of harmful memes targeted to abuse various

social entities. As most harmful memes are

highly satirical and abstruse without appropri-

ate contexts, off-the-shelf multimodal models

may not be adequate to understand their under-

lying semantics. In this work, we propose two

novel problem formulations: detecting harm-

ful memes and the social entities that these

harmful memes target. To this end, we present

HarMeme, the first benchmark dataset, con-

taining 3, 544 memes related to COVID-19.

Each meme went through a rigorous two-stage

annotation process. In the first stage, we la-

beled a meme as very harmful, partially harm-

ful, or harmless; in the second stage, we fur-

ther annotated the type of target(s) that each

harmful meme points to: individual, orga-

nization, community, or society/general pub-

lic/other. The evaluation results using ten uni-

modal and multimodal models highlight the

importance of using multimodal signals for

both tasks. We further discuss the limitations

of these models and we argue that more re-

search is needed to address these problems.

1 Introduction

The growing popularity of social media has led to

the rise of multimodal content as a way to express

ideas and emotions. As a result, a brand new type

of message was born: meme. A meme is typically

formed by an image and a short piece of text on

top of it, embedded as part of the image. Memes

are typically innocent and designed to look funny.

WARNING: This paper contains meme examples and
words that are offensive in nature.

Over time, memes started being used for harm-

ful purposes in the context of contemporary politi-

cal and socio-cultural events, targeting individuals,

groups, businesses, and society as a whole. At

the same time, their multimodal nature and often

camouflaged semantics make their analysis highly

challenging (Sabat et al., 2019).

Meme analysis. The proliferation of memes

online and their increasing importance have led

to a growing body of research on meme analy-

sis (Sharma et al., 2020a; Reis et al., 2020; Pra-

manick et al., 2021). It has also been shown that

off-the-shelf multimodal tools may be inadequate

to unfold the underlying semantics of a meme as

(i) memes are often context-dependent, (ii) the vi-

sual and the textual content are often uncorrelated,

and (iii) meme images are mostly morphed, and the

embedded text is sometimes hard to extract using

standard OCR tools (Bonheme and Grzes, 2020).

The dark side of memes. Recently, there has

been a lot of effort to explore the dark side of

memes, e.g., focusing on hate (Kiela et al., 2020)

and offensive (Suryawanshi et al., 2020) memes.

However, the harm a meme can cause can be much

broader. For instance, the meme1 in Figure 1c is

neither hateful nor offensive, but it is harmful to the

media shown on the top left (ABC, CNN, etc.), as it

compares them to China, suggesting that they adopt

strong censorship policies. In short, the scope of

harmful meme detection is much broader, and it

may encompass other aspects such as cyberbully-

ing, fake news, etc. Moreover, harmful memes have

a target (e.g., news organization such as ABC and

CNN in our previous example), which requires sep-

arate analysis not only to decipher their underlying

semantics, but also to help with the explainability

of the detection models.

1In order to avoid potential copyright issues, all memes
we show in this paper are our own recreation of existing
memes, using images with clear licenses.
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(a) [0] (b) [2,0] (c) [1,1] (d) [2,2] (e) [2,3]

Figure 1: Examples from our HarMeme dataset. The labels are in the format [Intensity, Target]. For

Intensity, {0, 1, 2} correspond to harmless, partially harmful, and very harmful, respectively. For Target,

{0, 1, 2, 3} correspond to individual, organization, community, and society, respectively. Examples 1b and 1c are

harmful, but neither hateful, nor offensive. Example 1d is both harmful and offensive. Source (a); Source (b);

Source (c) 1, Source (c) 2, Source (c) 3; Source (d); Source (e) 1, Source (e) 2, Source (e) 3; License 1 License 2.

Our contributions. In this paper, we study

harmful memes, and we formulate two problems.

Problem 1 (Harmful meme detection): Given a

meme, detect whether it is very harmful, partially

harmful, or harmless. Problem 2 (Target iden-

tification of harmful memes): Given a harmful

meme, identify whether it targets an individual,

an organization, a community/country, or the soci-

ety/general public/others. To this end, we develop

a novel dataset, HarMeme, containing 3, 544 real

memes related to COVID-19, which we collected

from the web and carefully annotated. Figure 1

shows several examples of memes from our collec-

tion, whether they are harmful, as well as the types

of their targets. We prepare detailed annotation

guidelines for both tasks. We further experiment

with ten state-of-the-art unimodal and multimodal

models for benchmarking the two problems. Our

experiments demonstrate that a systematic combi-

nation of multimodal signals is needed to tackle

these problems. Interpreting the models further re-

veals some of the biases that the best multimodal

model exhibits, leading to the drop in performance.

Finally, we argue that off-the-shelf models are in-

adequate in this context and that there is a need for

specialized models

Our contributions can be summarized as follows:

• We study two new problems: (i) detecting

harmful memes and (ii) detecting their targets.

• We release a new benchmark dataset,

HarMeme, developed based on comprehen-

sive annotation guidelines.

• We perform initial experiments with state-of-

the-art textual, visual, and multimodal models

to establish the baselines. We further discuss

the limitations of these models.

Reproducibility. The full dataset and the source

code of the baseline models are available at

http://github.com/di-dimitrov/harmeme

The appendix contains the values of the hyper-

parameters and the detailed annotation guidelines.

2 Related Work

Below, we present an overview of the datasets and

the methods used for multimodal meme analysis.

Hate speech detection in memes. Sabat et al.

(2019) developed a collection of 5, 020 memes

for hate speech detection. Similarly, the Hate-

ful Memes Challenge by Facebook introduced a

dataset consisting of 10k+ memes, annotated as

hateful or non-hateful (Kiela et al., 2020). The

memes were generated artificially, so that they re-

semble real ones shared on social media, along

with “benign confounders.” As part of this chal-

lenge, an array of approaches with different archi-

tectures and features have been tried, including Vi-

sual BERT, ViLBERT, VLP, UNITER, LXMERT,

VILLA, ERNIE-Vil, Oscar and other Transform-

ers (Li et al., 2019; Su et al., 2020; Zhou et al.,

2020; Tan and Bansal, 2019; Gan et al., 2020; Yu

et al., 2021; Li et al., 2020; Vaswani et al., 2017;

Lippe et al., 2020; Zhu, 2020; Muennighoff, 2020).

Other approaches include multimodal feature aug-

mentation and cross-modal attention mechanism

using inferred image descriptions (Das et al., 2020;

Sandulescu, 2020; Zhou and Chen, 2020), as well

as up-sampling confounders and loss re-weighting

to complement multimodality (Lippe et al., 2020),

web entity detection along with fair face classifi-

cation (Karkkainen and Joo, 2021) from memes

(Zhu, 2020), cross-validation ensemble learning

and semi-supervised learning (Zhong, 2020) to im-

prove robustness.
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Meme sentiment/emotion analysis. Hu and

Flaxman (2018) developed the TUMBLR dataset

for emotion analysis, consisting of image–text pairs

along with associated tags, by collecting posts from

the TUMBLR platform. Thang Duong et al. (2017)

prepared a multimodal dataset containing images,

titles, upvotes, downvotes, #comments, etc., all col-

lected from Reddit. Recently, SemEval-2020 Task

9 on Memotion Analysis (Sharma et al., 2020a)

introduced a dataset of 10k memes, annotated with

sentiment, emotions, and emotion intensity. Most

participating systems in this challenge used fu-

sion of visual and textual features computed using

models such as Inception, ResNet, CNN, VGG-16

and DenseNet for image representation (Morishita

et al., 2020; Sharma et al., 2020b; Yuan et al., 2020),

and BERT, XLNet, LSTM, GRU and DistilBERT

for text representation (Liu et al., 2020; Gundapu

and Mamidi, 2020). Due to class imbalance in

the dataset, approaches such as GMM and Train-

ing Signal Annealing (TSA) were also found useful.

Morishita et al. (2020); Bonheme and Grzes (2020);

Guo et al. (2020); Sharma et al. (2020b) proposed

ensemble learning, whereas Gundapu and Mamidi

(2020); De la Peña Sarracén et al. (2020) and sev-

eral others used multimodal approaches. A few

others leveraged transfer-learning using pre-trained

models such as BERT (Devlin et al., 2019), VGG-

16 (Simonyan and Zisserman, 2015), and ResNet

(He et al., 2016). Finally, state-of-the-art results

for all three tasks —sentiment classification, emo-

tion classification and emotion quantification on

this dataset,— were reported by Pramanick et al.

(2021), who proposed a deep neural model that

combines sentence demarcation and multi-hop at-

tention. They also studied the interpretability of the

model using the LIME framework (Ribeiro et al.,

2016).

Meme propagation. Dupuis and Williams

(2019) surveyed personality traits of social media

users who are more active in spreading misinfor-

mation in the form of memes. Crovitz and Moran

(2020) studied the characteristics of memes as a

vehicle for spreading potential misinformation and

disinformation. Zannettou et al. (2020a) discussed

the quantitative aspects of large-scale dissemina-

tion of racist and hateful memes among polarized

communities on platforms such as 4chan’s /pol/.

Ling et al. (2021) examined the artistic compo-

sition and the aesthetics of memes, the subjects

they communicate, and the potential for virality.

Based on this analysis, they manually annotated

50 memes as viral vs. non-viral. Zannettou et al.

(2020b) analyzed the “Happy merchant” memes

and showed how online fringe communities influ-

ence their spread to mainstream social networking

platforms. They reported reasonable agreement for

most manually annotated labels, and established a

characterization for meme virality.

Other studies on memes. Reis et al. (2020)

built a dataset of memes related to the 2018 and

the 2019 election in Brazil (34k images, 17k users)

and India (810k images, 63k users) with focus on

misinformation. Another dataset of 950 memes

targeted the propaganda techniques used in memes

(Dimitrov et al., 2021a), which was also featured

as a shared that at SemEval-2021 (Dimitrov et al.,

2021b). Leskovec et al. (2009) introduced a dataset

of 96 million memes collected from various links

and blog posts between August 2008 and April

2009 for tracking the most frequently appearing

stories, phrases, and information. Topic modeling

of textual and visual cues of hate and racially abu-

sive multi-modal content over sites such as 4chan

was studied for scenarios that leverage genetic test-

ing to claim superiority over minorities (Mittos

et al., 2020). Zannettou et al. (2020a) examined the

content of meme images and online posting activi-

ties to identify the probability of occurrence of one

event in a specific background process, affecting

the occurrence of other events in the rest of the pro-

cesses, also known as Hawkes process (Hawkes,

1971), within the context of online posting of trolls.

Wang et al. (2020) observed that fauxtographic con-

tent tends to attract more attention, and established

how such content becomes a meme in social media.

Finally, there is a recent survey on multi-modal

disinformation detection (Alam et al., 2021).

Differences with existing studies. Hate speech

detection in multimodal memes (Kiela et al., 2020)

is the closest work to ours. However, we are sub-

stantially different from it and from other related

studies as (i) we deal with harmful meme detec-

tion, which is a more general problem than hateful

meme detection; (ii) along with harmful meme de-

tection, we also identify the entities that the harm-

ful meme targets; (iii) our HarMeme comprises

real-world memes posted on the web as opposed

to using synthetic memes as in (Kiela et al., 2020);

and (iv) we present a unique dataset and bench-

mark results for harmful meme detection and for

identifying the target of harmful memes.
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3 Harmful Meme: Definition

Here, we define harmful memes as follows: multi-

modal units consisting of an image and a piece of

text embedded that has the potential to cause harm

to an individual, an organization, a community, or

the society more generally. Here, harm includes

mental abuse, defamation, psycho-physiological

injury, proprietary damage, emotional disturbance,

and compensated public image.

Harmful vs. hateful/offensive. Harmful is a

more general term than offensive and hateful: of-

fensive and hateful memes are harmful, but not all

harmful memes are offensive or hateful. For in-

stance, the memes in Figures 1b and 1c are neither

offensive nor hateful, but harmful to Donald Trump

and to news media such as CNN, respectively. Of-

fensive memes typically aim to mock or to bully a

social entity. A hateful meme contains offensive

content that targets an entity (e.g., an individual, a

community, or an organization) based on its per-

sonal/sensitive attributes such as gender, ethnicity,

religion, nationality, sexual orientation, color, race,

country of origin, and/or immigration status. The

harmful content in a harmful meme is often cam-

ouflaged and might require critical judgment to

establish its potencial to do hard. Moreover, the so-

cial entities attacked or targeted by harmful memes

can be any individual, organization, or community,

as opposed to hateful memes, where entities are

attacked based on personal attributes.

4 Dataset

Below, we describe the data collection, the anno-

tation process and the guidelines, and we give de-

tailed statistics about the HarMeme dataset.

4.1 Data Collection and Deduplication

To collect potentially harmful memes in the con-

text of COVID-19, we searched using different

services, mainly Google Image Search. We used

keywords such as Wuhan Virus Memes, US Elec-

tion and COVID Memes, COVID Vaccine Memes,

Work From Home Memes, Trump Not Wearing

Mask Memes. We then used an extension2 of

Google Chrome to download the memes. We fur-

ther scraped various publicly available groups on

Instagram for meme collection. Note that, adher-

ing to the terms of social media, we did not use

content from any private/restricted pages.

2http://download-all-images.

mobilefirst.me/

Figure 2: Statistics about the HarMeme dataset. On

the left, we show the distribution by source, while on

the right, we show the percentage of memes collected

by corresponding keywords in Google Image Search.

Unlike the Hateful Memes Challenge (Kiela

et al., 2020), which used synthetically generated

memes, our HarMeme dataset contains original

memes that were actually shared in social media.

As all memes were gathered from real sources, we

maintained strict filtering criteria3 on the resolution

of meme images and on the readability of the meme

text during the collection process. We ended up

collecting 5, 027 memes. However, as we collected

memes from independent sources, we had some du-

plicates. We thus used two efficient de-duplication

repositories4 5 sequentially, and we preserved the

memes with the highest resolution from each group

of duplicates. We removed 1, 483 duplicate memes,

thus ending up with a dataset of 3, 544. Although

we tried to collect only harmful memes, the dataset

contained memes with various levels of harmful-

ness, which we manually labeled during the an-

notation process, as discussed in Section 4.3. We

further used Google’s OCR Vision API6 to extract

the textual content of each meme.

4.2 Annotation Guidelines

As discussed in Section 3, we consider a meme

as harmful only if it is implicitly or explicitly in-

tended to cause harm to an entity, depending on the

personal, political, social, educational or industrial

background of that entity. The intended harm can

be expressed in an obvious manner such as by abus-

ing, offending, disrespecting, insulting, demeaning,

or disregarding the entity or any sociocultural or

political ideology, belief, principle, or doctrine as-

sociated with that entity. Likewise, the harm can

also be in the form of a more subtle attack such as

mocking or ridiculing a person or an idea.

3Details are given in Appendix B.3.
4gitlab.com/opennota/findimagedupes
5http://github.com/arsenetar/dupeguru
6http://cloud.google.com/vision
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We asked the annotators to label the intensity

of the harm as harmful or partially harmful, de-

pending upon the context and the ingrained expli-

cation of the meme. Moreover, we formally defined

four different classes of targets and compiled well-

defined guidelines7 that the annotators adhered to

while manually annotating the memes. The four

target entities are as follows (c.f. Figure 1):

1. Individual: A person, usually a celebrity

(e.g., a well-known politician, an actor, an

artist, a scientist, an environmentalist, etc.

such as Donald Trump, Joe Biden, Vladimir

Putin, Hillary Clinton, Barack Obama, Chuck

Norris, Greta Thunberg, Michelle Obama).

2. Organization: An organization is a group of

people with a particular purpose, such as a

business, a governmental department, a com-

pany, an institution or an association, compris-

ing more than one person, and having a partic-

ular purpose, such as research organizations

(e.g., WTO, Google) and political organiza-

tions (e.g., the Democratic Party).

3. Community: A community is a social unit

with commonalities based on personal, profes-

sional, social, cultural, or political attributes

such as religious views, country of origin, gen-

der identity, etc. Communities may share a

sense of place situated in a given geographi-

cal area (e.g., a country, a village, a town, or

a neighborhood) or in virtual space through

communication platforms (e.g., online forums

based on religion, country of origin, gender).

4. Society: When a meme promotes conspira-

cies or hate crimes, it becomes harmful to the

general public, i.e., to the entire society.

During the process of collection and annotation,

we rejected memes based on the following four

criteria: (i) the meme text is in code-mixed or non-

English language; (ii) the meme text is not readable

(e.g., blurry text, incomplete text, etc.); (iii) the

meme is unimodal, containing only textual or vi-

sual content; (iv) the meme contains cartoons (we

added this last criterion as cartoons can be hard to

analyze by AI systems).

7More details of the annotation guidelines are presented
in Appendix B.

(a) Annotation interface

(b) Consolidation interface

Figure 3: Snapshot of the PyBossa GUI used for anno-

tation and consolidation.

4.3 Annotation Process

For the annotation process, we had 15 annotators,

including professional linguists and researchers in

Natural Language Processing (NLP): 10 of them

were male and the other 5 were female, and their

age ranged between 24–45 years. We used the

PyBossa8 crowdsourcing framework for our anno-

tations (c.f. Figure 3). We split the annotators into

five groups of three people, and each group anno-

tated a different subset of the data. Each annotator

spent about 8.5 minutes on average to annotate one

meme. At first, we trained our annotators with

the definition of harmful memes and their targets,

along with the annotation guidelines. To achieve

quality annotation, our main focus was to make

sure that the annotators were able to understand

well what harmful content is and how to differ-

entiate it from humorous, satirical, hateful, and

non-harmful content.

8http://pybossa.com/
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Phase Annotators κ

Harmful

meme

detection

Trial

Annotation

α1 α2 0.29

α1 α3 0.34

α2 α3 0.26

Final

Annotation

α1 α2 0.67

α1 α3 0.75

α2 α3 0.72

Target

identification

Trial

Annotation

α1 α2 0.35

α1 α3 0.38

α2 α3 0.39

Final

Annotation

α1 α2 0.77

α1 α3 0.83

α2 α3 0.79

Table 1: Cohen’s κ agreement during different phases

of annotation for each task: harmful meme detection

(3-class classification) and target identification (4-class

classification) of harmful memes.

Dry run. We conducted a dry run on a subset

of 200 memes, which helped the annotators under-

stand well the definitions of harmful memes and

targets, as well as to eliminate the uncertainties

about the annotation guidelines. Let αi be a single

annotator. For the preliminary data, we computed

the inter-annotator agreement in terms of Cohen’s

κ (Bobicev and Sokolova, 2017) for three randomly

chosen annotators α[1,2,3] for each meme for both

tasks. The results are shown in Table 1. We can

see that the score is low for both tasks (0.295 and

0.373), which is expected for the initial dry run.

With the progression of the annotation phases, we

observed much higher agreement, thus confirming

that the dry run helped to train the annotators.

Final annotation. After the dry run, we started

the final annotation process. Figure 3a shows an

example annotation of the PyBossa annotation plat-

form. We asked the annotators to check whether a

given meme falls under the four rejection criteria

as given in the annotation guidelines. After con-

firming the validity of the meme, it was rated by

three annotators for both tasks.

Consolidation. In the consolidation phase, for

high agreements, we used majority voting to decide

the final label, and we added a fourth annotator oth-

erwise. Table 2 shows statistics about the labels

and the data splits. After the final annotation, Co-

hen’s κ increased to 0.695 and 0.797 for the two

tasks, which is moderate and high agreement, re-

spectively. These scores show the difficulty and the

variability in gauging the harmfulness by human

experts. For example, we found memes where two

annotators independently chose partially harmful,

but the third annotator annotated it as very harmful.

4.4 Lexical Analysis of HarMeme

Figure 4 shows the length distribution of the meme

text for both tasks, and Table 3 shows the top-5

most frequent words in the union of the validation

and the test sets. We can see that names of politi-

cians and words related to COVID-19 are frequent

in very harmful and partially harmful memes. For

the target of the harmful memes, we notice the

presence of various class-specific words such as

president, trump, obama, china. These words often

incorporate bias in the machine learning models,

which makes the dataset more challenging and diffi-

cult to learn from (see Section 6.4 for more detail).

5 Benchmarking HarMeme dataset

We provide benchmark evaluations on HarMeme

with a variety of state-of-the-art unimodal textual

models, unimodal visual models, and models us-

ing both modalities. Except for unimodal visual

models, we use MMF (Multimodal Framework)9

to conduct the necessary experiments.

5.1 Unimodal Models

✄ Text BERT: We use textual BERT (Devlin et al.,

2019) as the unimodal text-only model.

✄ VGG19, DenseNet, ResNet, ResNeXt: For the

unimodal visual-only models, we used four dif-

ferent well-known models – VGG19 (Simonyan

and Zisserman, 2015), DenseNet-161 (Huang et al.,

2017), ResNet-152 (He et al., 2016), and ResNeXt-

101 (Xie et al., 2017) pre-trained on the ImageNet

(Deng et al., 2009) dataset. We extracted the feature

maps from the last pooling layer of each architec-

ture and fed them to a fully connected layer.

5.2 Multimodal Models

✄ Late Fusion: This model uses the mean score

of pre-trained unimodal ResNet-152 and BERT.

✄ Concat BERT: It concatenates the features ex-

tracted by pre-trained unimodal ResNet-152 and

text BERT, and uses a simple MLP as the classifier.

✄ MMBT: Supervised Multimodal Bitransformers

(Kiela et al., 2019) is a multimodal architecture that

inherently captures the intra-modal and the inter-

modal dynamics within various input modalities.

✄ ViLBERT CC: Vision and Language BERT

(ViLBERT) (Lu et al., 2019), trained on an interme-

diate multimodal objective (Conceptual Captions)

(Sharma et al., 2018), is a strong model with task-

agnostic joint representation of image + text.

9github.com/facebookresearch/mmf
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Figure 4: Histogram of the length of the meme’ text for each class: for harmfulness on the left, and for the target

of harmful memes on the right.

#Memes
Harmfulness

#Memes
Target

Very Harmful Partially Harmful Harmless Individual Organization Community Society

Train 3,013 182 882 1,949 1,064 493 66 279 226

Validation 177 10 51 116 61 29 3 16 13

Test 354 21 103 230 124 59 7 32 26

Total 3,544 213 1,036 2,295 1,249 582 75 327 265

Table 2: Statistics about the HarMeme dataset. The memes belonging to the very harmful and the partially harmful

categories are annotated with one of the following four targets: individual, organization, community, or society.

Harmfulness Target

Very Harmful Partially Harmful Harmless Individual Organization Community Society

mask (0.0512) trump (0.0642) you (0.0264) trump (0.0541) deadline (0.0709) china (0.0665) mask (0.0441)

trump (0.0404) president (0.0273) home (0.0263) president (0.0263) associated (0.0709) chinese (0.0417) vaccine (0.0430)

wear (0.0385) obama (0.0262) corona (0.0251) donald (0.0231) extra (0.0645) virus (0.0361) alcohol (0.0309)

thinks (0.0308 donald (0.0241) work (0.0222) obama (0.0217) ensure (0.0645) wuhan (0.0359) temperatures (0.0309)

killed (0.0269) virus (0.0213) day (0.0188) covid (0.0203) qanon (0.0600) cases (0.0319) killed (0.0271)

Table 3: Top-5 most frequent words per class. The tf-idf score per word is given within parenthesis.

✄ Visual BERT COCO: Visual BERT (V-BERT)

(Li et al., 2019) pre-trained on the multimodal

COCO dataset (Lin et al., 2014) is another strong

multimodal model used for a broad range of vision

and language tasks.

6 Experimental Results

Below, we report the performance of the models

described in the previous section for each of the

two tasks. We further discuss some biases that

negatively impact performance. Appendix A gives

additional details about training and the values of

the hyper-parameters we used in our experiments.

Evaluation measures We used six evaluation

measures: Accuracy, Precision, Recall, Macro-

averaged F1, Mean Absolute Error (MAE), and

Macro-Averaged Mean Absolute Error (MMAE)

(Baccianella et al., 2009). For the first four mea-

sures, higher values are better, while for the last

two, lower values are better. Since the test set is

imbalanced, measures like macro F1 and MMAE

are more relevant.

6.1 Harmful Meme Detection

Table 4 shows the results for the harmful meme de-

tection task. We start our experiments by merging

the very hateful and the partially hateful classes,

thus turning the problem into an easier binary clas-

sification. Afterwards, we perform the 3-class clas-

sification task. Since the test set is imbalanced, the

majority class baseline achieves 64.76% accuracy.

We observe that the unimodal visual models per-

form only marginally better than the majority class

baseline, which indicates that they are insufficient

to learn the underlying semantics of the memes.

Moving down the table, we see that the unimodal

text model is marginally better than the visual mod-

els. Then, for multimodal models, the performance

improves noticeably, and more sophisticated fu-

sion techniques yield better results. We also notice

the effectiveness of multimodal pre-training over

unimodal pre-training, which supports the recent

findings by Singh et al. (2020). While both ViL-

BERT CC and V-BERT COCO perform similarly,

the latter achieves better Macro F1 and MMAE,

which are the most relevant measures.
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Modality Model

Harmful Meme Detection

2-Class Classification 3-Class Classification

Acc ↑ P ↑ R ↑ F1 ↑ MAE ↓ MMAE ↓ Acc ↑ P ↑ R ↑ F1 ↑ MAE ↓ MMAE ↓

Human† 90.68 84.35 84.19 83.55 0.1760 0.1723 86.10 67.35 65.84 65.10 0.2484 0.4857

Majority 64.76 32.38 50.00 39.30 0.3524 0.5000 64.76 21.58 33.33 26.20 0.4125 1.0

Text Only TextBERT 70.17 65.96 66.38 66.25 0.3173 0.2911 68.93 48.49 49.15 48.72 0.3250 0.5591

Image Only

VGG19 68.12 60.25 61.23 61.86 0.3204 0.3190 66.24 40.95 44.02 41.76 0.3198 0.6487

DenseNet-161 68.42 61.08 62.10 62.54 0.3202 0.3125 65.21 41.88 44.25 42.15 0.3102 0.6326

ResNet-152 68.74 61.86 62.89 62.97 0.3188 0.3114 65.29 41.95 44.32 43.02 0.3047 0.6264

ResNeXt-101 69.79 62.32 63.26 63.68 0.3175 0.3029 66.55 42.62 44.87 43.68 0.3036 0.6499

Image + Text

(Unimodal Pre-training)

Late Fusion 73.24 70.28 70.36 70.25 0.3167 0.2927 66.67 44.96 50.02 45.06 0.3850 0.6077

Concat BERT 71.82 71.58 72.23 71.82 0.3033 0.3156 65.54 42.29 45.42 43.37 0.3881 0.5976

MMBT 73.48 68.89 68.95 67.12 0.3101 0.3258 68.08 51.72 51.94 50.88 0.3403 0.6474

Image + Text

(Multimodal Pre-training)

ViLBERT CC 78.53 78.62 81.41 78.06 0.2279 0.1881 75.71 48.89 49.21 48.82 0.2763 0.5329

V-BERT COCO 81.36 79.55 81.19 80.13 0.1972 0.1857 74.01 56.35 54.79 53.85 0.3063 0.5303

Table 4: Performance for harmful meme detection. For two-class classification, we merge very harmful and

partially harmful into a single class. † This row reports the human accuracy on the test set.

Modality Model
Target Identification of Harmful Memes

Acc ↑ P ↑ R ↑ F1 ↑ MAE ↓ MMAE ↓

Human† 87.55 82.28 84.15 82.01 0.7866 0.3647

Majority 46.60 11.65 25.00 15.89 1.2201 1.5000

Text (T) only TextBERT 69.35 55.60 54.37 55.60 1.1612 0.8988

Image (I) only

VGG19 63.48 53.85 54.02 53.60 1.1687 1.0549

DenseNet-161 64.52 53.96 53.95 53.51 1.1655 1.0065

ResNet-152 65.75 54.25 54.13 53.78 1.1628 1.0459

ResNeXt-101 65.82 54.47 54.20 53.95 1.1616 0.9277

I + T (Unimmodal

Pre-training)

Late Fusion 72.58 58.43 58.83 58.43 1.1476 0.6318

Concat BERT 67.74 54.79 49.65 49.77 1.1377 0.8879

MMBT 72.58 58.43 58.83 58.35 1.1476 0.6318

I + T (Multimodal

Pre-training)

ViLBERT CC 72.58 59.92 55.78 57.17 1.1671 0.8035

V-BERT COCO 75.81 66.29 69.09 65.77 1.1078 0.5036

Table 5: Performance for target identification of harm-

ful memes (†human accuracy on the test set).

6.2 Target Identification for Harmful Memes

Table 5 shows the results for the target identifi-

cation task. This is an imbalanced 4-class classi-

fication problem, and the majority class baseline

yields 46.60% accuracy. The unimodal models per-

form relatively better here, achieving 63%− 70%

accuracy; their F1 Macro and MMAE scores are

also above the majority class. However, the overall

performance of the unimodal models is poor. In-

corporating multimodal signals with fine-grained

fusion improves the results substantially, and ad-

vanced multimodal fusion techniques with multi-

modal pre-training perform much better than sim-

ple late fusion with unimodal pre-training. More-

over, V-BERT COCO outperforms ViLBERT CC

by 8% of F1 score and by nearly 0.3 of MMAE.

6.3 Human Evaluation

To understand how human subjects perceive these

tasks, we further hired a different set of experts

(not the annotators) to label the test set. We ob-

served 86% − 91% accuracy on average for both

tasks, which is much higher than V-BERT, the best-

performing model. This shows that their is a po-

tential for enriched multimodal models that better

understand the ingrained semantics of the memes.

(a) Very harmful meme (b) LIME output - image

(c) LIME output - text

(d) Harmless meme (e) LIME output - image

Figure 5: Example of explanation by LIME on both

visual and textual modalities and visualization of bias

in V-BERT for both tasks.

6.4 Side-by-side Diagnostics and Anecdotes

Since the HarMeme dataset was compiled of

memes related to COVID-19, we expected that

models with enriched contextual knowledge and

sophisticated technique would have superior per-

formance. Thus, to comprehend the interpretability

of V-BERT (the best model), we used LIME (Lo-

cally Interpretable Model-Agnostic Explanations)

(Ribeiro et al., 2016), a consistent model-agnostic

explainer to interpret the predictions.
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We chose two memes from the test set to analyze

the potential explanability of V-BERT. The first

meme, which is shown in Figure 5a, was manually

labeled as very harmful, and V-BERT successfully

classified it, with prediction probabilities of 0.651,

0.260, and 0.089 corresponding to the very harm-

ful, the partially harmful, and the harmless classes

respectively. Figure 5b highlights the most con-

tributing super-pixels to the very harmful (green)

class. As expected, the face of Donald Trump,

as highlighted by the green pixels, prominently

contributed to the prediction. Figure 5c demon-

strates the contribution of different meme words

to the model prediction. We can see that words

like CORONA and MASK have significant contribu-

tions to the very harmful class, thus supporting the

lexical analysis of HarMeme as shown in Table 3.

The second meme, which is shown in Figure 5d,

was manually labeled as harmless, but V-BERT in-

correctly predicted it to be very harmful. Figure 5e

shows that, similarly to the previous example, the

face of Donald Trump contributed to the prediction

of the model. We looked closer into our dataset,

and we found that it contained many memes with

the image of Donald Trump, and that the majority

of these memes fall under the very harmful category

and targeted and individual. Therefore, instead of

leaning the underlying semantics of one particular

meme, the model easily got biased by the presence

of Donald Trump’s image and blindly classified the

meme as very harmful.

7 Conclusion and Future Work

We presented HarMeme, the first large-scale

benchmark dataset, containing 3,544 memes, re-

lated to COVID-19, with annotations for degree of

harmfulness (very harmful, partially harmful, or

harmless), as well as for the target of the harm (an

individual, an organization, a community, or soci-

ety). The evaluation results using several unimodal

and multimodal models highlighted the importance

of modeling the multimodal signal (for both tasks)

—(i) detecting harmful memes and (ii) detecting

their targets—, and indicated the need for more

sophisticated methods. We also analyzed the best

model and identified its limitations.

In future work, we plan to design new multi-

modal models and to extend HarMeme with exam-

ples from other topics, as well as to other languages.

Alleviating the biases in the dataset and in the mod-

els are other important research directions.

Ethics and Broader Impact

User Privacy. Our dataset only includes memes

and it does not contain any user information.

Biases. Any biases found in the dataset are un-

intentional, and we do not intend to do harm to

any group or individual. We note that determining

whether a meme is harmful can be subjective, and

thus it is inevitable that there would be biases in

our gold-labeled data or in the label distribution.

We address these concerns by collecting examples

using general keywords about COVID-19, and also

by following a well-defined schema, which sets

explicit definitions during annotation. Our high

inter-annotator agreement makes us confident that

the assignment of the schema to the data is correct

most of the time.

Misuse Potential. We ask researchers to be

aware that our dataset can be maliciously used to

unfairly moderate memes based on biases that may

or may not be related to demographics and other in-

formation within the text. Intervention with human

moderation would be required in order to ensure

that this does not occur.

Intended Use. We present our dataset to encour-

age research in studying harmful memes on the

web. We distribute the dataset for research pur-

poses only, without a license for commercial use.

We believe that it represents a useful resource when

used in the appropriate manner.

Environmental Impact. Finally, we would also

like to warn that the use of large-scale Transform-

ers requires a lot of computations and the use

of GPUs/TPUs for training, which contributes to

global warming (Strubell et al., 2019). This is a bit

less of an issue in our case, as we do not train such

models from scratch; rather, we fine-tune them on

relatively small datasets. Moreover, running on a

CPU for inference, once the model has been fine-

tuned, is perfectly feasible, and CPUs contribute

much less to global warming.
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A Implementation Details and

Hyper-Parameter Values

We trained all the models using the Pytorch frame-

work on an NVIDIA Tesla T4 GPU with 16 GB of

dedicated memory and with CUDA-10 and cuDNN-

11 installed. For the unimodal models, we imported

all the pre-trained weights from the TORCHVI-

SION.MODELS10 subpackage of PyTorch. We ini-

tialized the non pre-trained weights randomly with

a zero-mean Gaussian distribution with a standard

deviation of 0.02. To minimize the impact of the

label imbalance in the loss calculation, we assigned

larger weights to the minority class. We trained our

models using the Adam optimizer (Kingma and Ba,

2014) and the negative log-likelihood loss as the

objective function. Table A.1 gives the values of

all hyper-parameters we used for training.

We trained the models end-to-end for the two

classification tasks, i.e., the memes that were clas-

sified as Very Harmful or Partially Harmful in the

first classification stage were sent to the second

stage for target identification.

B Annotation Guidelines

B.1 What do we mean by harmful memes?

The entrenched meaning of harmful memes is

targeted towards a social entity (e.g., an individ-

ual, an organization, a community, etc.), likely

to cause calumny/vilification/defamation depend-

ing on their background (bias, social background,

educational background, etc.). The harm caused

by a meme can be in the form of mental abuse,

psycho-physiological injury, proprietary damage,

emotional disturbance, compensated public image.

A harmful meme typically attacks celebrities or

well-known organizations, with the intent to ex-

pose their professional demeanor.

Characteristics of harmful memes:

• Harmful memes may or may not be offensive,

hateful, or biased in nature.

• Harmful memes expose vices, allegations, and

other negative aspects of an entity based on veri-

fied or unfounded claims or mocks.

• Harmful memes leave an open-ended connota-

tion to the word community, including antisocial

communities such as terrorist groups.

10http://pytorch.org/docs/stable/torchvision/models.html

• The harmful content in harmful memes is often

implicit and might require critical judgment to

establish its potential to do harm.

• Harmful memes can be classified at multiple lev-

els, based on the intensity of the harm they could

cause, e.g., very harmful or partially harmful.

• One harmful meme can target multiple individ-

uals, organizations, and/or communities at the

same time. In that case, we asked the annotators

to go with the best personal judgment.

• Harm can be expressed in the form of sarcasm

and/or political satire. Sarcasm is praise that is

actually an insult; sarcasm generally involves

malice, the desire to put someone down. On the

other hand, satire is the ironical exposure of the

vices or the follies of an individual, a group, an

institution, an idea, the society, etc., usually with

the aim to correcting it.

B.2 What is the difference between

organization and community?

An organization is a group of people with a partic-

ular purpose, such as a business or a government

department. Examples include a company, an insti-

tution, or an association comprising one or more

people with a particular purpose, e.g., a research

organization, a political organization, etc.

On the other hand, a community is a social unit

(a group of living things) with a commonality such

as norms, religion, values, ideology customs, or

identity. Communities may share a sense of place

situated in a given geographical area (e.g., a coun-

try, a village, a town, or a neighborhood) or in the

virtual space through communication platforms.

B.3 When do we reject a meme?

We apply the following rejection criteria during the

process of data collection and annotation:

1. The meme’s text is code-mixed or not in En-

glish.

2. The meme’s text is not readable. (e.g., blurry

text, incomplete text, etc.)

3. The meme is unimodal in nature, containing

only textual or only visual content.

4. The meme contains a cartoon.

Figure B.1 shows some rejected memes.
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Models
Hyper-parameters

Batch Size Epochs Learning Rate Image Encoder Text Encoder #Parameters

U
n

im
o
d

a
l

TextBERT 16 100 0.001 - Bert-base-uncased 110,683,414

VGG19 64 200 0.01 VGG19 - 138,357,544

DenseNet-161 32 200 0.01 DenseNet-161 - 28,681,538

ResNet-152 32 300 0.01 ResNet-152 - 60,192,808

ResNeXt-101 32 300 0.01 ResNeXt-101 - 83,455,272

M
u

ltim
o
d

a
l

Late Fusion 16 200 0.0001 ResNet-152 Bert-base-uncased 170,983,752

Concat BERT 16 200 0.001 ResNet-152 Bert-base-uncased 170,982,214

MMBT 16 200 0.001 ResNet-152 Bert-base-uncased 169,808,726

ViLBERT CC 16 100 0.001 Faster RCNN Bert-base-uncased 112,044,290

V-BERT COCO 16 100 0.001 Faster RCNN Bert-base-uncased 247,782,404

Table A.1: The values of the hyper-parameters of all our models.

(a) Non-English (Hindi) meme.
Source License

(b) Unreadable meme. Source
License

(c) Meme with a cartoon.
Source License

(d) Meme without textual
modality. Source License

(e) Meme without visual modality. Source
License

Figure B.1: Examples of memes that we rejected dur-

ing the process of data collection and annotation.
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Abstract

Non-autoregressive translation (NAT) signif-
icantly accelerates the inference process via
predicting the entire target sequence. How-
ever, recent studies show that NAT is weak
at learning high-mode of knowledge such
as one-to-many translations. We argue that
modes can be divided into various granu-
larities which can be learned from easy to
hard. In this study, we empirically show that
NAT models are prone to learn fine-grained
lower-mode knowledge, such as words and
phrases, compared with sentences. Based on
this observation, we propose progressive multi-
granularity training for NAT. More specifi-
cally, to make the most of the training data,
we break down the sentence-level examples
into three types, i.e. words, phrases, sen-
tences, and with the training goes, we pro-
gressively increase the granularities. Experi-
ments on Romanian-English, English-German,
Chinese-English and Japanese-English demon-
strate that our approach improves the phrase
translation accuracy and model reordering abil-
ity, therefore resulting in better translation
quality against strong NAT baselines. Also,
we show that more deterministic fine-grained
knowledge can further enhance performance.

1 Introduction

Non-autoregressive translation (NAT, Gu et al.,
2018) has been proposed to improve the decoding
efficiency by predicting all tokens independently
and simultaneously. Different from autoregressive
translation (AT, Vaswani et al., 2017) models that
generate each target word conditioned on previ-
ously generated ones, NAT models suffer from
the multimodality problem (i.e. multiple transla-
tions for a single input), in which the conditional

∗ Liang Ding and Longyue Wang contributed equally to
this work. Work was done when Liang Ding and Xuebo Liu
were interning at Tencent AI Lab.

Granular. AT NAT

Raw 4 KD 4
WORD 59.8 57.1 -2.7 59.0 -0.8
PHRASE 36.0 31.7 -4.3 34.2 -1.8
SENTENCE 29.2 24.5 -4.7 27.0 -2.2

Table 1: Translation performance at different granular-
ity on the WMT14 English⇒German dataset. “4” in-
dicates the performance gap between the NAT and AT.

independence assumption prevents a model from
properly capturing the highly multimodal distribu-
tion of target translations. To reduce the modes of
training data, sequence-level knowledge distillation
(KD) (Kim and Rush, 2016) is widely employed
via replacing their original target samples with sen-
tences generated from an AT teacher (Gu et al.,
2018; Zhou et al., 2020; Ren et al., 2020).

Although KD reduces the learning difficulty for
NAT, there are still complicated word orders and
structures (Gell-Mann and Ruhlen, 2011) in the
synthetic sentences, making the NAT performance
sub-optimal. To answer this challenge, Saharia
et al. (2020); Ran et al. (2021) propose to lowers
the bilingual modeling difficulties under the mono-
tonicity assumption, where bilingual sentences are
in the same word order. However, they make ex-
tensive modifications to model structures or objec-
tives, limiting the applicability of their methods to
a boarder range of tasks and languages.

Accordingly, we turn to break down the sentence-
level high modes into finer granularities, i.e. bilin-
gual words and phrases, where we assume that
finer granularities are easy to be learned by NAT.
As shown in Table 1, we analyzed the transla-
tion accuracy at three linguistic levels (i.e. word,
phrase and sentence) and found that although KD
brings promising improvements at three granular-
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Source Targets

W
or

d
bank

银行

岸

储库

Ph
ra

se hollow
structural

中空结构

空心的结构

镂空结构

Se
nt

en
ce

He is very good
at English.

他英文很好。

他非常擅长英语。

他的英语水平很高。

Table 2: Examples of different translation granularities.

ities, there are still some gaps with AT teacher.
Also, we showed that finer granularities are eas-
ier to be learned, that is, accuracy gap “∆” of
WORD is small than that of PHRASE, and SEN-
TENCE (0.8<1.8<2.2). Thus, we propose a sim-
ple and effective training strategy to enhance the
ability to handle the sentence-level high modes.
More specifically, we generate bilingual lexicons
from parallel data by leveraging word alignment
and phrase extraction in statistical machine trans-
lation (SMT, Zens et al., 2002). Then we guide
the NAT model to progressively learn the bilingual
knowledge from low to high granularity. Experi-
mental results on four commonly-cited translation
benchmarks show that our proposed PROGRESSIVE

MULTI-GRANULARITY (PMG) training strategy
consistently improves the translation performance.
The main contributions are:

• Our study reveals that NAT is better at learn-
ing fine-grained knowledge. Training with
sentences merely may be sub-optimal.

• We propose PMG training to encourage NAT
models to learn from easy to hard. The fine-
grained knowledge distilled by SMT will be
dynamically transferred during training.

• Experiments across language pairs and model
structures show the effectiveness and univer-
sality of PMG training.

2 Methodology

2.1 Motivation
We investigated theories in second-language acqui-
sition: one usually learns a foreign language from
word-to-word translation to sentence-to-sentence
translation, namely from local to global (Onnis

et al., 2008). Bilingual knowledge is at the core
of adequacy modeling (Tu et al., 2016), which is
a major weakness of the NAT models due to the
lacks of autoregressive factorization. Table 2
demonstrates the English⇒Chinese multimodality
at different granularities (i.e. word, phrase, sen-
tence levels). As seen, the sentence-level consists
of various kinds of modes, including word align-
ment (“English” vs. “英语”/“英文”), phrase trans-
lation (“be good at” vs. “...非常擅长...”/“...水平很
高”), and even reordering (“英语” can be subject or
object). However, phrase-level modes are less com-
plex with similar structure and word-level modes
are simple with token-to-token mapping. Gener-
ally, the lower level of bilingual knowledge, the
easier for NAT to learn. This example explains
why the sentence level performance gaps between
NAT and AT are significant than that of word and
phrase in Table 1. Based on the above evidence, it
is natural to suspect that the existing sentence-level
NAT training is sub-optimal.

2.2 Fine-grained Bilingual Knowledge
Phrase table is an essential component of SMT
systems, which records the correspondence be-
tween bilingual lexicons (Koehn and Callison-
Burch, 2009). For each training example in the
original training set, we sample its all possible inter-
sentence bi-lingual phrases from the phrase table
that obtained with phrase-based statistical machine
translation (PBSMT) model (Koehn et al., 2003).
The GIZA++ (Och and Ney, 2003) was employed
to build word alignments for the training datasets.
We leave the exploitation of more advanced forms
bilingual knowledge such as syntax rules (Liu et al.,
2006) and discontinuous phrases (Galley and Man-
ning, 2010) for future work. Take the sentence
pair in Table 2 for example, we can obtain the bi-
lingual En-Zh phrase pairs “very good ||| 很好”,
“good at English ||| 擅长英语” from original sen-
tence pair, informing the NAT model the explicit
phrase boundaries.

2.3 Progressive Multi-Granularity Training
We present an extremely simple progressive multi-
granularity (PMG) training fashion. Concretely, we
progressively schedule the PMG: learn from “low”
to “high” granularity, i.e. word→phrase→sentence.
And we empirically set the training steps for each
training stage. Our work can be seen as a typical
determinism-based curriculum learning (CL) (Ben-
gio et al., 2009) method, where the finer granular-
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Models Speed BLEU

Ro-En En-De Zh-En Ja-En

AT Models
Transformer-BASE (Ro-En Teacher) 1.0× 34.1 27.3 24.4 29.2
Transformer-BIG (En-De / Zh-En / Ja-En Teacher) 0.8× n/a 29.2 25.3 29.8

Existing NAT Models
NAT (Gu et al., 2018) 2.4× 31.4 19.2 n/a n/a
Iterative NAT (Lee et al., 2018) 2.0× 30.2 21.6 n/a n/a
DisCo (Kasai et al., 2020) 3.2× 33.3 26.8 n/a n/a
Levenshtein (Gu et al., 2019) 3.5× 33.3 27.3 n/a n/a
Mask-Predict (Ghazvininejad et al., 2019) 1.5× 33.3 27.0 23.2 n/a
Context-aware NAT (Ding et al., 2020b) 1.5× 33.2 27.5 24.6 29.4

Our NAT Models
Levenshtein (Gu et al., 2019)

3.5× 33.2 27.4 24.4 29.1
+PMG Training 33.8† 27.8 25.0† 29.6

Mask-Predict (Ghazvininejad et al., 2019)
1.5× 33.3 27.0 24.0 28.9

+PMG Training 33.7 27.6† 24.5 29.5†

Table 3: Comparison with previous work on WMT16 Ro-En, WMT14 En-De, WMT17 Zh-En and WAT17 Ja-En
datasets. “†” indicates that the proposed method was significantly better than baseline at significance level p<0.05.

ities are more deterministic than sentences. Thus
we compare with typical CL works (Zhang et al.,
2019; Platanios et al., 2019) in Section 3.2.

3 Experiment

3.1 Setup

Data Experiments were conducted on four
widely-used translation datasets: WMT14 English-
German (En-De), WMT16 Romanian-English (Ro-
En), WMT17 Chinese-English (Zh-En) and WAT17
Japanese-English (Ja-En), which consist of 4.5M,
0.6M, 20M and 2M sentence pairs, respectively. It
is worthy noting that Ro-En, En-De and Zh-En are
low-, medium- and high- resource language pairs,
and Ja-En is word order divergent language direc-
tion. We use the same validation and test datasets
with previous works for fair comparison. To avoid
unknown works, we preprocessed data via byte-
pair encoding (BPE) (Sennrich et al., 2016) with
32K merge operations. We evaluated the transla-
tion quality with BLEU (Papineni et al., 2002) with
statistical significance test (Collins et al., 2005).
For fine-grained bilingual knowledge, e.g. word
alignment and phrase table, to ensure the source
to target mapping more deterministic, we set 0.05
as the probability threshold. Taking WMT14 En-
De for example, there are 3M words and 156M
phrases in the original phrase table extracted by

SMT methodology. We then filter the items whose
translation probability is lower than 0.05 and obtain
0.3M words and 56.5M phrases as the final data.

Non-Autoregressive Models We validated our
progressive multi-granularity training strategy on
two state-of-the-art NAT model structures:

• Mask-Predict (MaskT, Ghazvininejad et al.
2019) that uses the conditional mask LM (De-
vlin et al., 2019) to iteratively generate the
target sequence from the masked input;

• Levenshtein Transformer (LevT, Gu et al.
2019) that introduces three steps: deletion,
placeholder prediction and token prediction.

For regularization, we empirically set the dropout
rate as 0.2, and apply weight decay with 0.01 and
label smoothing with ε = 0.1. We train batches of
approximately 128K tokens using Adam (Kingma
and Ba, 2015). The learning rate warms up to 5×
10−4 in the first 10K steps, and then decays with the
inverse square-root schedule. We train 50k steps
on word-level data and 50k steps on phrase-level
data, respectively. And then update the remaining
200K steps for sentence-level training. Following
the common practices (Ghazvininejad et al., 2019;
Kasai et al., 2020), we evaluate the performance
on an ensemble of 5 best checkpoints (ranked by
validation BLEU) to avoid stochasticity.
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Figure 1: Performances of our proposed approach on different length bins against the vanilla NAT model.

Autoregressive Teachers We closely followed
previous works to apply sequence-level KD.
More precisely, we trained two kinds of Trans-
former (Vaswani et al., 2017) models, including
Transformer-BASE and Transformer-BIG. The
main results employ BIG for all directions except
Ro-En, which is distilled by BASE. The archi-
tectures of Transformer-BIG utilizes a large batch
(458K tokens) training strategy.

3.2 Experimental Results
Main Results Table 3 lists the results of previ-
ous competitive NAT models (Gu et al., 2018; Ka-
sai et al., 2020; Gu et al., 2019; Ghazvininejad
et al., 2019). Clearly, our approach “+PMG Train-
ing” consistently improves translation performance
(BLEU↑) over four language pairs. Specifically,
our PMG training strategy achieves on average
+0.53 BLEU scores improvements on four language
pairs upon two NAT model structures. Note that
our approaches introduce no extra parameters, thus
does not increase any latency (“Speed”).

Comparison to Curriculum Learning The ex-
isting CL methods can be divided into two cat-
egories, “Discretized CL (DCL)“ (Zhang et al.,
2019) and “Continuous CL (CCL)“ (Platanios et al.,
2019). Sentence length is the most significant vari-
able in our multi-granularity data, therefore we
implemented discretized and continuous CL with
the sentence length (source side) criteria.

Our DCL setting explicitly predefined the num-
ber of data bins, while CCL method continuously
samples the shorter examples with the training
progresses. For DCL, we split the training sam-
ples into a predefined number of bins (5, in our
case). As for CCL, we employ their length cur-

riculum and square root competence function. We
find that on WMT14 En-De dataset with MaskT
model, DCL performs worse than KD baseline (-
0.6 BLEU) while CCL outperforms KD baseline
by +0.3 BLEU points. Our approach (+0.6 BLEU)
is the most effective one.

3.3 Analysis

In this section, we conducted analytical experi-
ments to better understand what contributes to
translation performance gains. Specifically, we in-
vestigate whether the PMG 1) enhance the phrasal
pattern modeling ability? 2) improve the reorder-
ing? and 3) gain better performance with higher
quality fine-grained knowledge?

Better Phrasal Pattern Modelling Our method
is expected to pay more attention on the bi-lingual
phrases, leading to better phrase translation accu-
racy. To evaluate the accuracy of phrase transla-
tions, we calculate the improvement over multi-
ple granularities of n-grams in Table 4, our PMG
training “NAT w/ PMG” consistently outperforms
the baseline, indicating that our proposed multi-
granularity training indeed raise the ability of NAT
model on capturing the phrasal patterns.

Better Reordering Ability The SMT-distilled
bilingual phrasal information could intuitively in-
form the NAT model the bi-lingual phrasal bound-
aries, leading to better reordering ability. We com-
pare the reordering ability of NAT model w/ & w/o
PMG training with RIBES1 (Isozaki et al., 2010),
which is designed for measuring the reordering
performance for distant language pairs. We cate-

1http://www.kecl.ntt.co.jp/icl/lirg/
ribes
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N-gram 2 3 4 5 6

∆ BLEU 0.5 0.3 0.3 0.2 0.2

Table 4: Improvements of our proposed PMG training
strategy on different N-grams against vanilla NAT.

gorize the test set into several bins according the
sentence length and report the BLEU and RIBES
scores, simultaneously in Figure 1. As seen, the
proposed PMG training strategy could improve the
translation (BLEU↑) and reordering performance
(RIBES↑), confirming our claim. Our finding is
consistent with Ding et al. (2020a), where they
explicitly injected the SMT-guided alignment in-
formation into the MT models, achieving better
performance.

Effect of Fine-Grained Text Quality The ac-
quired fine-grained bilingual knowledge, i.e. word
alignments and phrase tables, still have extremely
large volumes after filtering. Taking WMT14 En-
De for example, there are over 56M phrase pairs
after filtering with translation probability threshold
0.05. To make the knowledge being more deter-
ministic, we control the quality of fine-grained text
with the third party scorer – BERTScore (Zhang
et al., 2020). As illustrated in Table 5, keeping the
high quality bilingual knowledge (e.g. 50%) can
achieve further improvements, showing the great
potential of our approach. We will leave the explo-
ration of high-quality bilingual knowledge for NAT
as a future work.

4 Related Works

Non-Autoregressive Translation There still ex-
ists a performance gap between AT teacher and
its NAT student. To bridge this gap, many studies
have been proposed. Ghazvininejad et al. (2019);
Gu et al. (2019); Kasai et al. (2020) designed novel
model structures to considerably improve the NAT
model capacity. Wang et al. (2019); Ran et al.
(2021); Ding et al. (2021b); Du et al. (2021) ex-
plored to improve the model performance with ad-
ditional training signals or objectives. Guo et al.
(2020b); Su et al. (2021) delivered the knowledge
from pretrained language models to the NAT mod-
els. Above works improve the NAT at the model
level, while we improve NAT at the data level.

Most related to our work, Ding et al. (2021a) pro-
posed data-level strategies, including reverse dis-
tillation and bidirectional distillation, to make the

Ratio 10% 35% 50% 100%

∆ BLEU +0.3 +0.6 +0.7 +0.6

Table 5: Improvement of PMG training strategy on dif-
ferent fine-grained data scales against vanilla NAT.

most of the parallel data. Differently, we break the
sentences into fine-grained granularities to fully ex-
ploit the parallel data. Note that our model-agnostic
method can be applied to any NAT structures.

Curriculum Learning Our proposed training
strategy is a novel technique for NAT by exploit-
ing curriculum learning (CL). Recent works have
shown that CL can help the autoregressive transla-
tion (AT) models achieve fast convergence and bet-
ter results (Platanios et al., 2019; Liu et al., 2020b;
Zhan et al., 2021; Zhou et al., 2021). However, CL
for non-autoregressive translation (NAT) models
has not been well studied. Among the few attempts,
Guo et al. (2020a); Liu et al. (2020a) respectively
investigated “parameter- and task-level” curricu-
lum learning approaches, while we proposed pro-
gressive multi-granularity training for NAT at “data-
level”. To the best of our knowledge, this is the first
work to investigate the effects of different granular-
ities of data on NAT models.

5 Conclusion

In this paper, we investigated the translation accu-
racy of different granularities in NAT, and found
that the NAT models are better at dealing with
fine-grained bilingual knowledge (e.g. words and
phrases). Based on this finding, we proposed a sim-
ple progressive multi-granularity training strategy.
Experiments show that our approach consistently
and significantly improves translation performance
across language pairs and model architectures. In-
depth analyses indicate that our approach generates
better word order and phrase patterns, outperform-
ing typical curriculum learning methods.
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Abstract

Despite the recent advancement in NLP re-
search, cross-lingual transfer for natural lan-
guage generation is relatively understudied.
In this work, we transfer supervision from
high resource language (HRL) to multiple low-
resource languages (LRLs) for natural lan-
guage generation (NLG). We consider four
NLG tasks (text summarization, question gen-
eration, news headline generation, and dis-
tractor generation) and three syntactically di-
verse languages, i.e., English, Hindi, and
Japanese. We propose an unsupervised cross-
lingual language generation framework (called
ZmBART) that does not use any parallel
or pseudo-parallel/back-translated data. In
this framework, we further pre-train mBART
sequence-to-sequence denoising auto-encoder
model with an auxiliary task using monolin-
gual data of three languages. The objective
function of the auxiliary task is close to the
target tasks which enriches the multi-lingual
latent representation of mBART and provides
good initialization for target tasks. Then, this
model is fine-tuned with task-specific super-
vised English data and directly evaluated with
low-resource languages in the Zero-shot set-
ting. To overcome catastrophic forgetting
and spurious correlation issues, we applied
freezing model component and data argumen-
tation approaches respectively. This simple
modeling approach gave us promising results.
We experimented with few-shot training (with
1000 supervised data-points) which boosted
the model performance further. We performed
several ablations and cross-lingual transferabil-
ity analysis to demonstrate the robustness of
ZmBART.

1 Introduction

Recent advancement in natural language generation
(NLG) is heavily oriented towards large annotated
training data. Such large task-specific annotated

  News Passage: दि�ण क�ीर के पुलवामा िजले म� सुर�ा बलो ंके साथ जारी मुठभेड़ म� शु�वार को एक
  आतंकवादी ढेर हो गया.पुिलस के एक �व�ा ने बताया िक इस मुठभेड़ म� एक आतंकवादी मारा गया है. यह
  मुठभेड़ अभी जारी है.�व�ा ने बताया िक पुलवामा के च�गाम म� आज सुबह सुर�ा बलो ंऔर िछपे �ए
  आतंकवािदयो ंके बीच मुठभेड़ शु� हो गई।माना जा रहा है िक गांव म� ल�र-ए-तैयबा के दो आतंकवादी िछपे
�ए ह�।
  (Translation: A militant was killed on Friday in an ongoing encounter with security forces in
  Pulwama district of eroded Kashmir. A police spokesman said a militant was killed in the
  encounter. The encounter is still going on, the spokesperson said, adding that an encounter
  between security forces and hidden militants started this morning at Chandgam in
  Pulwama. Two LeT militants are believed to be hiding in the village.)

  Headline (ground truth): क�ीर के पुलवामा म� मुठभेड़, एक आतंकी ढेर
  (Translation: Encounter in Pulwama, Kashmir, a terrorist killed)

  Headline (zero-shot generated output:)  पुलवामा म� जारी मुठभेड़ म�  एक आतंकवादी ढेर
  (Translation:  A terrorist killed in ongoing encounter in Pulwama )

Figure 1: Zero-shot news headline generation from Zm-
BART in Hindi language

data is available for high resource language (HRL)
like English. The tasks become challenging when
limited training data is available. This is often
observed for low-resource languages (LRLs) like
Hindi, Japanese, etc. Manually annotating large
data is time-consuming, expensive and uninterest-
ing. This limits the model development and product
deployment for LRLs. Moreover, despite large ac-
tive research in cross-lingual representation learn-
ing (Hu et al., 2020; Conneau et al., 2020; Lewis
et al., 2020b), the area of cross-lingual transfer and
generation is relatively under-explored. Motivated
by these factors, we propose a novel framework
to transfer supervision from HRL to LRLs where
model is trained on one language and directly eval-
uated for unseen languages. This enables cross-
lingual transfer and generation for low resource
languages in zero and few-shot settings for differ-
ent tasks. The framework can be easily extended
to other tasks and languages.

We carefully selected four challenging NLG
tasks i.e., news headline-generation (NHG), ques-
tion generation (QG), abstractive text summariza-
tion (ATS) and distractor generation (DG) to vali-
date the framework’s performance. NHG and ATS
require understanding of input passage to gener-
ate meaningful headline and summary respectively.
QG task should accumulate information from a pas-
sage and answer to generate high-quality questions.
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Distractor generation is the task of generating incor-
rect options from reading comprehension MCQ. It
is challenging because generated distractors should
be in the context with question but should not be
semantically equivalent to the answer. We consider
two LRLs i.e., Hindi and Japanese from two dif-
ferent language families. English is selected as the
HRL from which the learning would be transferred
to the LRLs. All three selected languages are dif-
ferent in their syntactic structures and typologically
diverse. As there is no established publicly avail-
able dataset for DG in Hindi, we also create a new
DG dataset for Hindi called as HiDG1.

Our proposed framework to achieve this trans-
fer of supervision from HRL to LRL under multi-
ple languages and multiple tasks is named as Zm-
BART. ZmBART is based on mBART (Liu et al.,
2020), a pre-trained model for cross-lingual nat-
ural language generation (NLG). We further pre-
train mBART with a novel auxiliary task. Then the
trained model is fine-tuned on large task-specific
supervised data in English and evaluated directly
on Hindi and Japanese languages in zero/few-shot
setting for the tasks under consideration. We ob-
serve that the auxiliary task plays a critical role on
the model’s performance and needs to be carefully
designed. This framework can be directly applied
to multiple cross-lingual generation tasks without
even the need to modify model hyper-parameters.
Figure-1 shows a zero-shot NHG sample output
generated by the ZmBART model. Our main con-
tributions in this work can be summarized as:

1. We propose a novel zero-shot cross-lingual
generation framework called ZmBART with-
out parallel data and without back-translation.
The framework can be directly applied across
multiple tasks without even modifications in
hyper-parameter values.

2. We demonstrate the effectiveness of ZmBART
on four cross-lingual generation tasks across
three typologically diverse languages.

3. We have created HiDG, a high-quality distrac-
tor generation dataset for the Hindi language.

2 Related Work

Early works on cross-lingual generation rely on
machine translation (MT). In the very first work,
Wan et al. (2010) leveraged the MT pipeline for

1HiDG dataset download link: https://github.
com/kaushal0494/ZmBART

cross-language document summarization. They
first translate the non-English test instances to En-
glish. This translated text is fed through the super-
vised model (trained with document summarization
data in English) to generate English summaries.
Finally, these summaries are translated back to
the target language. Shen et al. (2018) and Duan
et al. (2019) used MT systems to generate pseudo
training data for cross-lingual summarization and
news headline generation respectively. However
these MT based models are not suitable for low
resource languages as they do not share parame-
ters across-languages and generated translations
are error-prone.

Recently there are a few works in the direction
of supervision transfer from HRL(s) to LRL(s) for
language generation. Kumar et al. (2019) used
back-translation (needs MT system) and annotated
supervised data for cross-lingual question genera-
tion. Chi et al. (2020) used parallel data to train
a sequence-to-sequence model for zero-shot cross-
lingual abstractive text summarization and ques-
tion generation. Lewis et al. (2020a) proposed
a pre-training based on mono-lingual paragraphs.
Then this pre-trained model is used for zero-shot ab-
stractive text summarization (ATS) in multiple lan-
guages. They trained a model on the ATS dataset on
all the languages except the test language. This ap-
proach needs annotated data in multiple languages.
Existing supervision transfer methods require paral-
lel data for the cross-lingual tasks. Either they use
available parallel corpora directly, or they translate/
back-translate data to generate pseudo-parallel cor-
pora. Both these approaches pose significant chal-
lenges, as task-specific parallel data for multiple
languages is difficult to obtain, and MT are far from
perfect, especially for low resource languages.

Unlike the previous approaches, we did not use
any parallel data or back-translation in our pro-
posed framework. We did not pre-train any model
from scratch. Instead, we leveraged the existing
pre-trained model mBART. We included four chal-
lenging generation tasks across three syntactically
diverse languages. Even we did not modify any
hyper-parameters across the tasks and languages.
All these considerations make the framework sim-
ple and easy to use. Further, it enables the addition
of different other languages and NLG tasks in the
proposed framework a simple extension exercise.
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3 Methodology

Figure 2 shows an outline of our proposed Zm-
BART framework. ZmBART is based on pre-
trained mBART (Liu et al., 2020) model. In our
framework, we take the mBART model and further
pre-train it on an auxiliary task. The auxiliary task
is designed in such a way that the objective func-
tion of auxiliary task is close to fine-tuning tasks
and only utilizes the mono-lingual data from the
selected languages. Similar to mBART model we
use language identifier tag with slight modification.
We concatenate < fxx >< 2xx > tags in input
data instance where xx indicates the language tag.
Given an input sentence and the language tag the
model encodes the sentence in multi-lingual space.
By conditioning on the encoded representation and
language tag the decoder generates output text in
target language.

Pre-Trained mBART

Pre-Training: Auxiliary Task

Task Specific Fine-tuning (W'') 

Target Language Generation

Task Specific Fine-tuning (W'') Task Specific Fine-tuning (W'') Task Specific Fine-tuning (W'') Task-Specific Fine-tuning on English
Supervised  Data  

Zero/Few-Shot Evaluation with LRL

Figure 2: Architecture diagram of ZmBART

3.1 Multilingual BART (mBART)

Multilingual BART (Liu et al., 2020) is an exten-
sion of BART model (Lewis et al., 2020c) to multi-
ple languages. It is a transformer-based sequence-
to-sequence pre-trained model. The model is
trained on monolingual data in many languages
from Wikipedia Common Crawl corpus with BART
language model objective. Particularly, The train-
ing data is concatenation of data from K languages
i.e., D = {D1,D2 . . .DK} where Di is a collec-
tion of monolingual documents in language i. They
introduced two types of noises to corrupt the text:
(1) random token span masking and (2) sentence
order permutation. mBART is trained as denois-
ing autoencoder. During training, the model has
to predict text X from it’s corrupted version g(X),
where g is noise function. The aim is to maximize

the following objective function

Lθ =
∑

Di∈D

∑

x∈Di
logP (x|g(x); θ), (1)

where x is a data instance of language i. Proba-
bility distribution P is defined by the sequence-
to-sequence model. mBART gave state-of-the-art
results in sentence and document level machine
translations tasks. Details about mBART model
can be found in Liu et al. (2020).

3.2 Unsupervised Auxiliary Task
Although the mBART pre-trained model encodes
a multi-lingual latent space, it can not be used di-
rectly for cross-lingual generation. This is because
the model is jointly trained on denoising objec-
tives which do not directly follow auto-regressive
decoding, thereby causing mismatch between pre-
training and fine-tuning objectives. To overcome
this problem, an unsupervised auxiliary task is in-
troduced. We design the auxiliary task with the
following desiderata in mind. It (1) should only uti-
lize mono-lingual data from selected languages, (2)
should enrich the mBART latent representations for
selected languages and (3) train the decoder in pure
auto-regressive manner with a training objective
which is close to multiple fine-tuning tasks.

The auxiliary task in ZmBART is an additional
pre-training step for better warm-start to down-
stream auto-regressive NLG tasks - although the
final task (Distractor/Question/Summary genera-
tion) can be different from the auxiliary task. Ad-
ditionally, this step allows the model to have a
closer look at the languages under consideration
and enrich/adjust the representations and parame-
ters accordingly.

Outputs of the NLG tasks considered in this
work are expected to contain words from different
parts of the input. Generation of the output tokens
are handled by the framework using an encoder-
decoder setup. Hence we decide to have an auxil-
iary task that also encodes the input, and attends to
this encoded representation to generate the output
words in auto-regressive manner. This way, a single
auxiliary task can help to enrich the token repre-
sentations, warm up the encoder-decoder weights
for fine tuning, and also caters to the multiple final
output tasks. We define the auxiliary task as: Given
an input passage, generate few random sentences
(called rand-summary) from the passage. After
experimentation we found that randomly generat-
ing 20% sentences from passage works the best.
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Particularly, the input passage has length between
5-25 sentences and output is 1-5 random sentences
from the passage. We do not assume any rela-
tions among sentences of the passage. We sample
equal proportion of monolingual data from three
languages. Data preparation steps for the auxiliary
task are given below:

1. Generate a random number k ∈ {5. · · · , 25}.
k denotes the size of input passage

2. PASSAGE: Append k continuous sentences,
starting from a random index of monolingual
corpus Di of the ith language

3. RAND-SUMMARY: Randomly select 20% sen-
tences from the passage

4. Repeat steps 1 to 3 for p languages
5. Repeat steps 1 to 4 for N times, to collect Np
<PASSAGE, RAND-SUMMARY> pairs

3.3 Fine-Tuning on Downstream NLG Tasks
The proposed pre-trained model is directly fine-
tuned on four downstream tasks: Question Genera-
tion (QG), News Headline Generation (NHG), Ab-
stractive Text Summarization (ATS) and Distractor
Generation (DG). First, the model is fine-tuned on
large task-specific English supervised data and then
this trained model is directly evaluated on Hindi
and Japanese evaluation datasets in zero-shot set-
ting. To validate the hypothesis that the ZmBART
framework is robust across multiple tasks and lan-
guages, we did not modify any hyper-parameters
during fine-tuning. It is often observed that in-
cluding a few instances from LRL to supervised
data boosts the model performance. To validate
this point we further fine-tuned ZmBART with
1000 task-specific supervised data-points in Hindi
and Japanese languages in few-shot setting which
boosts the model performance.

3.4 Dealing with Catastrophic Forgetting and
Spurious Correlation

During experimentation with the zero shot setup, it
is observed that the model always generates the
output text in English irrespective of input and
language tag. We suspect this to be due to catas-
trophic forgetting problem (Van de Ven and Tolias,
2019). The supervised training completely over-
rides/erases the pre-trained learning. The generator
(decoder) becomes biased towards English due to
the explicit supervision learned from large task-
specific English data. To overcome this problem,
we freeze all word embeddings and all the parame-
ters of decoder layers during fine-tuning with En-

glish data. Although this resolves the problem for
NHG, QG and DG, the problem did not get com-
pletely resolved for the ATS task. We noticed that
the zero-shot ATS output now is not completely
in English, but it became of code-mix nature. In
other words, the number of English words in the
output reduced, but still lot many English words
remained. The code-mixed outputs were logical
and meaningful. We assume this to be due to spu-
rious correlation issue, also reported in (Gu et al.,
2019). To resolve this issue, we added a few ex-
amples (25 in number) of the auxiliary-task data
during the fine-tuning step. This augmentation was
helpful to address the spurious correlation issue
for ATS. It is to be noted that the non-English data
used for this augmentation is still of unsupervised
and monolingual nature.

4 Experimental Setup and Results

We conduct experiments over four NLG tasks in
three languages. We compare the performance of
ZmBART with strong and MT pipeline based base-
line models. We use both automated and manual
evaluation metrics to evaluate model performances.
4.1 Baselines

Prior results are not available in literature for se-
lected languages and datasets. Hence, for perfor-
mance comparison, we developed several strong
baselines based on recent models and architectures.
Details of these baselines are mentioned below:

• MT Pipeline (mBART): Here, we fine-tune
mBART on task-specific English data. Non-
English test data instances are first translated into
English and passed to the fine-tuned model. The
output is translated back to the input language.
Google Translator is used for translations.

• mBART+MADMO: This is an mBART based
baseline where the auxiliary task has Masking
And Denoising objective with Mono-lingual data
in three languages. The aim is to enrich the cross-
lingual latent representation space of mBART for
English, Hindi and Japanese.

• mBART+MADPD: Inspired from (Chi et al.,
2020), we took Parallel Data (English-Hindi and
English-Japanese) and concatenate each paral-
lel instances of two languages. Then we used
this data with Masking And Doising objective
to further train mBART. Including parallel data
provides explicit supervision while generating
Hindi and Japanese text.
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4.2 Evaluation

We use both automated and manual evaluation met-
rics for performance comparison. Multiple metrics
are used in literature for NLG tasks. Since we
are considering multiple tasks, for brevity, against
each task we only report values of the metrics com-
monly used by the community for that particular
task. For automatic evaluation we used both lexical
match (BLEU (Papineni et al., 2002) and ROUGE
(Lin, 2004)) as well as embedding based evalua-
tion metrics (BERTScore (Zhang et al., 2020)). To
evaluate question generation and distractor gener-
ation tasks we use case-mix BLEU-4 (BL) score
from sacreBLEU implementation, ROUGE-L (R-
L) and BERTScore (BS). For ATS and NHG tasks
ROUGE-1, ROUGE-2 and ROUGE-L are used.

We follow a similar approach for manual evalua-
tion as Chi et al. (2020). We sampled 50 generated
data points each for QG, ATS and NHG tasks in
both Hindi and Japanese languages. We use three
metrics: Fluency (Flu), Relatedness (Rel) and Cor-
rectness (Corr). Fluency measures how fluent the
generated text is. Relatedness indicates how much
the generated outputs are in the context with in-
put(s), Correctness measures semantics and mean-
ingfulness. For DG, we use an additional metric
called Distractibility that measures the degree of
confusion for generated incorrect options. For DG
task, there can be large number of good distrac-
tors for given input, in such situation the manual
evaluation is more reliable. We sample 100 gen-
erated outputs for DG task. We employed large
pool of evaluators from native Hindi and Japanese
speakers to evaluate Hindi and Japanese output
texts respectively. We asked each annotator to rate
the generated texts on a scale of 1-5 (1 is very bad
and 5 is very good) for all the metrics. We inten-
tionally selected outputs of ZmBART and two best
baselines to reduce the evaluators workload.
4.3 News Headline Generation (NHG)

In this task, given a news article, we gener-
ate grammatically coherent, semantically correct
and abstractive headline. We use 500k/30k/30k
(train/validation/test) English NHG data splits from
Gigaword headline generation corpus2. For Hindi
and Japanese we use 1k/1k/5k spilt from Kaggle3

(we manually filtered high-quality news and head-

2https://github.com/harvardnlp/
sent-summary

3https://www.kaggle.com/disisbig/
hindi-text-short-summarization-corpus

lines) and (Iwama and Kano, 2019) respectively.
In a zero-shot setting we fine-tune ZmBART

model on supervised data and directly evaluate re-
sults on Hindi and Japanese test datasets. Auto-
mated evaluation results are included in Tables 1
and 2. We observe that, quality of generated head-
lines in Hindi is better compared to Japanese. The
possible reasoning can be the input size. ZmBART
outperforms the baseline with an absolute differ-
ence of 5.22 ROUGE-L score. mBART+MADMO

is best among others which shows that masking
and denoising with monolingual data indeed enrich
the multi-lingual latent space for selected three lan-
guages. mBART+MADMO generates code mixed
(Hindi-English or Hindi-Japanese) output which de-
grades the model performance. Few-shot training
fills the mistakes of zero-shot models and generates
better quality output. Manual evaluation scores (Ta-
bles 3 and 4) and automated scores correlate well
validating ZmBART’s performance on NHG task.

4.4 Question Generation (QG)

In the Question Generation (QG) task, given an
input passage and an answer, the aim is to gen-
erate semantically and syntactically correct ques-
tions that can produce the answer. We use SQuAD
1.1 (Rajpurkar et al., 2016) English data for su-
pervised training. SQuAD is popular question
answering dataset consisting of 100k+ <passage,
question, answer> tuples. Following (Zhao et al.,
2018), we combine the train and validation sets
of SQuAD and then spilt it as 80k/8k/10k train-
ing/validation/test tuples. For Hindi we use 1k/5.5k
(train/test) from MLQA (Lewis et al., 2020d) and
TyDiQA-GoldP (Clark et al., 2020) datasets. We
use 1k/1k/5k for Japanese data from (Takahashi
et al., 2019). Hindi and Japanese data are available
in SQuAD data format which maintains consis-
tency in terms of passage size, question and num-
ber of answers. For given passage and question we
randomly selected one answer to form the dataset.
We combine answer and passage as single input
sequence separated by special token <s>.

Even without any parallel data, ZmBART out-
performed all the baselines consistently across all
automated evaluation metrics for zero-shot setting.
Regarding manual evaluations, we see that Hindi
questions received good score from the annotators,
whereas the questions generated for the Japanese
language inputs were considered as poor. Upon
closer inspection of the generated text we find that
several generated questions start with English wh-
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Model News Headline Generation Question Generation Abstractive TS Distractor Generation
Metrics R-1 R-2 R-L BL R-L BS R-1 R-2 R-L BL R-L BS
Cross-lingual zero-shot generation results
MT Pipeline(mBART) 16.61 4.91 15.83 2.6 21.31 71.53 11.15 3.11 10.93 1.6 9.66 67.35
mBART+MADMO 29.32 16.36 27.52 3.9 23.70 73.76 18.25 4.92 16.10 2.8 15.86 72.26
mBART+MADPD 24.02 13.41 23.29 4.3 25.29 73.74 10.47 2.55 12.30 2.9 15.43 72.89
ZmBART 34.94 19.38 32.74 4.4 26.51 74.19 21.27 5.30 17.64 4.1 21.05 73.39
Cross-lingual few-shot generation results (with 1000 supervised data points)
ZmBART 52.37 35.52 50.50 7.6 34.11 78.29 36.29 14.21 27.22 6.5 26.58 78.27

Table 1: Zero and few-shot cross-lingual generation results for Hindi Language

Model News Headline Generation Question Generation Abstractive TS
Metrics R-1 R-2 R-L BL R-L BS R-1 R-2 R-L
Cross-lingual zero-shot generation results
MT Pipeline(mBART) 13.82 0.38 7.92 8.9 26.92 71.93 17.90 3.98 18.46
mBART+MADMO 33.75 8.12 17.78 16.6 34.80 74.01 28.74 9.01 23.63
mBART+MADPD 31.58 6.98 18.95 18.2 36.22 74.99 19.17 4.89 18.22
ZmBART 35.25 9.24 19.92 18.8 38.74 75.91 36.60 15.26 29.85
Cross-lingual few-shot generation results (with 1000 supervised data points)
ZmBART 47.06 22.36 31.55 30.4 53.98 82.66 41.65 20.33 33.49

Table 2: Zero and few-shot cross-lingual generation results for Japanese Language

Model News Headline Generation Question Generation Abstractive TS Distractor Generation
Metrics Flu Rel Corr Flu Rel Corr Flu Rel Corr Flu Rel Dist
Annotator set-01
mBART+MADMO 3.86 4.34 3.94 2.66 3.38 3.52 3.56 3.58 3.22 3.61 4.08 2.89
mBART+MADPD 2.54 2.96 2.28 3.1 3.4 3.78 2.26 2.62 1.92 2.42 3.72 3.08
ZmBART 4.14 4.22 4.04 3.24 3.44 3.9 4.02 4.12 3.54 4.12 4.19 3.83
Annotator set-02
mBART+MADMO 3.84 4.18 3.8 3.83 4.63 3.96 3.38 3.96 3.4 3.38 3.00 2.24
mBART+MADPD 2.96 3.02 2.7 3.98 4.70 3.98 2.96 3.16 2.84 2.97 3.11 2.46
ZmBART 4.12 4.38 4.16 3.95 4.80 4.27 4.24 4.52 4.38 3.56 3.18 2.36
Annotator set-03
mBART+MADMO 3.56 3.74 3.78 2.68 3.76 3.32 2.9 3.34 2.9 3.96 3.74 3.12
mBART+MADPD 3.1 3.42 2.91 2.80 3.88 3.56 2.64 2.34 2.46 4.13 3.74 2.94
ZmBART 3.70 3.84 3.76 2.86 4.04 3.76 4.06 3.56 3.56 4.44 4.12 3.12

Table 3: Manual evaluation results of Zero-shot generated outputs for Hindi language

Model News Headline Generation Question Generation Abstractive TS
Metrics Flu Rel Corr Flu Rel Corr Flu Rel Corr
Annotator set-01
mBART+MADMO 2.66 2.98 2.50 1.98 3.70 3.18 3.04 3.55 3.44
mBART+MADPD 2.26 2.70 2.04 2.00 3.38 2.82 1.44 2.22 2.20
ZmBART 3.60 4.02 3.50 2.12 3.30 2.94 4.24 3.90 3.90
Annotator set-02
mBART+MADMO 2.1 2.58 1.98 1.24 1.70 1.33 2.56 3.40 2.62
mBART+MADPD 1.58 1.78 1.46 1.46 1.72 1.78 1.00 1.00 1.00
ZmBART 3.78 4.16 3.86 1.26 1.76 1.88 4.04 4.26 3.84
Annotator set-03
mBART+MADMO 2.24 2.72 2.24 2.34 2.46 2.39 2.82 3.18 3.52
mBART+MADPD 1.9 2.14 1.82 2.10 2.66 2.28 1.16 1.84 1.44
ZmBART 2.88 3.22 2.92 2.10 2.70 2.46 3.32 3.52 3.04

Table 4: Manual evaluation results of Zero-shot generated outputs for Japanese language
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words. This mixing of English ’code’ in the out-
put happened somewhat seamlessly for the Hindi
data as tokens in both languages are written in left-
to-right manner. Moreover, Hindi-English code-
mixed data is now getting very common and the
annotators mostly accepted the mixing of the wh-
words with the Hindi texts. Such mixing is not
very common with Japanese text. As a result, the
annotators assigned lower scores to such texts.

We then tried to understand the reason for get-
ting the wh-words at the beginning of the output.
English interrogative sentences often introduce wh-
words at the beginning even though they are not
present in the original data. The model gets ex-
posed to such special characteristics of the English
interrogative sentences during the fine tuning. The
output from other languages get impacted due to
this in zero-shot settings. However, the semantics
of the text is captured well for the model as demon-
strated by the high BERTScore, indicating good
cross-lingual transfer of semantic knowledge.
4.5 Abstractive Text Summarization (ATS)
In Abstractive Text Summarization (ATS), we aim
to generate grammatically coherent, semantically
correct and abstractive summary given an input
document. We use recently released WikiLingua
(Ladhak et al., 2020) cross-lingual abstractive sum-
marization dataset containing data in 18 languages.
Prior splits are not available for this dataset. We use
131k/5k/5k (train/validation/test) splits for English,
and 1k/1k/5k splits for Hindi and Japanese.

By skimming through data in Hindi we observe
that many input documents consist of technical
instructions on usage of softwares/tools. Summa-
rizing these instructions are challenging. Zero-shot
ZmBART performed better as compared to base-
lines as shown in human evaluation (Tables 3 and
4 for Hindi and Japanese respectively). The human
evaluation results correlate with automated eval-
uation as shown in Tables 1 and 2. Ladhak et al.
(2020) reported cross-lingual ATS score with same
data for four different languages. The R-L score for
four languages are 34.06, 37.09, 31.67 and 32.33.
We obtain R-L scores of 27.22 and 33.49 for Hindi
and Japanese respectively, which shows that the
few-shot performance of ZmBART is acceptable.
4.6 Distractor Generation (DG)
The final task to judge ZmBART’s performance is
Distractor Generation (DG). It is the task of gener-
ating incorrect options (also known as distractors)
from reading comprehension MCQ. The generated

distractors should be in the context with the ques-
tion but shouldn’t be semantically equivalent to
the answer. Formally, for given passage, question
and answer triplet, generate a long, coherent, and
grammatically correct wrong option. Consider-
ing the fact that for a given triplet there can be
many incorrect options that are completely differ-
ent from each other, the problem is even more chal-
lenging. We use English DG dataset from (Mau-
rya and Desarkar, 2020) which consists of approx
135k/17k/17k (train/validation/test) split. We were
unable to find a suitable dataset in Japanese lan-
guage. For Hindi language we created a dataset
called HiDG4 of 1k/1k/5k split. Similar to QG, to
create input for ZmBART we concatenate the an-
swer, question and passage in the same order and
separate them with special token <s>.

To generate HiDG, we first extracted <passage,
question, answer> triplets from English SQuAD
1.1 with atleast 150 tokens in the triplet. We gen-
erate distractors for these examples using model
proposed by Maurya and Desarkar (2020). The
distractors were translated to Hindi using Google
Translator service. The translated distractors were
manually verified or corrected (if necessary) by
human annotators.

The evaluation of the task is challenging because:
1) there can be more then one correct distractors.
Automated evaluation metrics may not able to cap-
ture this aspect as only one ground truth distractor
is available and 2) it may possible that the gener-
ated distractor is semantically similar to answer
with high lexical overlap with reference distractor
in those situation lexical match based metrics are
not suitable. To evaluate the DG task we mainly
rely on BERTScore and manual evaluation. To-
wards this effort we consider higher number of DG
samples for manual evaluation. Results from Ta-
bles 1 and 3 indicate the superiority of ZmBART
over the baseline models for this task.

To summarize, we have performed experiments
for 14 different task-setup combinations involving
low resource languages. With four tasks in Hindi
and three tasks in Japanese, and each task in zero
shot and few shot setup, we provide detailed com-
parative evaluation for the tasks. The tasks are
of different natures, and each task offers its own
unique challenge. We critically analyze the per-
formances to show the robustness and the range

4Implementation, dataset, pre-trained checkpoints and Zm-
BART generated text are available at https://github.
com/kaushal0494/ZmBART
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of applicability for the proposed ZmBART frame-
work. We use fairseq library (Ott et al., 2019) for
all the implementation and experiments. The im-
plementation details are included in supplementary.

5 Results Analysis and Ablation Study

In this section, we provide further analysis of the
experimental results. We also perform ablation
studies to understand the impacts of the different
modeling decisions made in designing the frame-
work.

•Supervised Training Results: Table 5 shows
the comparative results of fine-tuned mBART with
and without auxiliary task on task-specific super-
vised English data. We observe that there is no
significant performance degradation of ZmBART
over original mBART model with pure supervised
training. Even, the auxiliary task helps in achiev-
ing slight improvement over the original mBART
performance in most setups. This concludes that
ZmBART can be adopted as replacement of origi-
nal mBART model with additional functionalities.

Task Setting BL R-1 R-2 R-L BS
NHG W/ Aux-Task 15.9 43.22 21.33 40.88 90.13

W/O Aux-Task 15.9 43.15 21.25 40.77 90.13
QG W/ Aux-Task 20.6 53.20 26.53 51.37 92.18

W/O Aux-Task 21.4 52.66 26.63 51.25 92.41
ATS W/ Aux-Task 16.0 40.01 18.11 38.29 90.20

W/O Aux-Task 15.8 39.52 18.00 37.91 90.10
DG W/ Aux-Task 10.3 31.76 14.89 31.18 89.33

W/O Aux-Task 10.0 31.87 14.59 31.30 89.42

Table 5: Automated evaluation results of mBART on
task-specific supervised English dataset (with and with-
out Auxiliary Task)

•Effect of Auxiliary Task: Table 6 includes
the results with and without auxiliary task of Zm-
BART for ATS and QG tasks in zero-shot setting.
It can be inferred that without the auxiliary task,
lexical match based scores are poor because the
decoder generates code-mixed outputs. We see that
the BERTScore is still reasonable without auxiliary
task owing to the multilingual mBART embedding.
However, generation of the data in appropriate lan-
guage is enabled only after inclusion of the aux-
iliary task. The auxiliary task contributes in two
ways: it enables zero-shot generation and improves
the mBART multilingual latent space even more as
indicated by the improved BERTScore.

With these results we now want to understand
whether the auxiliary task is able to generalize
across multiple tasks, or favors specific tasks.
Among the tasks considered in this work, we see
that generation of meaningful summaries/headlines

Model Abstractive TS Question Generation
Metrics R-1 R-2 R-3 BL R-L BS
Hindi Language
ZmBART w/o Aux 4.34 0.10 3.19 0.9 16.64 70.72
ZmBART with Aux 21.27 5.30 17.64 4.4 26.51 74.19
Japanese Language
ZmBART w/o Aux 6.80 0.11 5.30 6.7 33.07 70.35
ZmBART with Aux 36.60 15.26 29.89 18.8 38.74 75.91

Table 6: Zero-shot results of ZmBART with and with-
out auxiliary task for Hindi and Japanese
require understanding/abstracting of input text
which is unlikely to be obtained by repeating sen-
tences from input passages, as done in the auxil-
iary task. ZmBART achieves good zero-shot/few-
shot/supervised results (Tables 1-5) on ATS and
NHG over strong baselines. The generated head-
lines and summaries were found to be mostly ab-
stractive, they don’t contain large continuous se-
quences from input text. As described in Sections
4.4 and 4.6, Question Generation and Distractor
Generation are more challenging tasks and have
objectives vastly different from the auxiliary task’s
objective. Even for these tasks, decent evaluation
scores (Tables 1-5) and improvements over the
baselines across the languages considered indicate
that the solutions are not spurious. Incorporation of
auxiliary task improves the performance of diverse
downstream tasks on real benchmark datasets, and
does not favor any specific task or dataset.

• Approaches to avoid Catastrophic For-
getting: We use two approaches to address
the catastrophic forgetting problem, (a) Freezing
model components and (b) optimized regulariza-
tion (Van de Ven and Tolias, 2019). Tables 7 and 8
show the automated evaluation results with differ-
ent approaches used to deal with the catastrophic
forgetting problem. It can be noted that the pro-
posed modelling setup (i.e., ZmBART) gives best
results.

• Effect of Architecture on Few-shot Train-
ing: In this set-up we experiment with few-shot
training with mBART (directly fine-tuned on task-
specific supervised English data) and ZmBART
(trained with auxiliary task and fine-tuned with En-
glish data). The results are presented in Table 9.
We find that ZmBART does better than mBART in
corresponding setups. Moreover, although freezing
the decoder layer and word embeddings helps in
zero-shot setting, it is natural and useful to unfreeze
them during few shot training.

• Few-shot performance with Supervised
data: Figures 3 and 4 show the trends of few-
shot training of ZmBART with respect to super-
vised Hindi and Japanese training data for ATS
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Setup Setting-Details BL(hi/ja) R-L(hi/ja) BS(hi/ja)
Model Components Freeze word embedding (WE) 2.5/13.6 21.55/31.99 72.02/73.18

Freeze WE + subset of Encoder & Decoder layers 2.9/15.3 22.62/36.60 72.24/72.98
Freeze WE + Encoder layers 2.2/13.8 19.69/36.91 69.73/72.97
Freeze WE + Decoder layers (ZmBART) 4.4/18.8 26.51/38.74 74.19/75.91

Regularized Optimization Elastic Weight Consolidation (EWC) 2.1/11.6 18.21/29.47 68.36/72.91

Table 7: Evaluation scores for different modeling approaches to avoid catastrophic-forgetting for QG Task

Setup Setting-Details R-1(hi/ja) R-2(hi/ja) R-L(hi/ja)
Model Components Freeze word embedding (WE) 13.02/26.07 05.67/03.96 12.45/17.62

Freeze WE + subset of Encoder & Decoder layers 14.27/25.72 06.70/03.21 13.76/18.28
Freeze WE + Encoder layers 09.81/22.67 04.10/02.38 09.66/13.68
Freeze WE + Decoder layers (ZmBART) 34.94/35.25 19.38/09.24 32.74/19.92

Regularized Optimization Elastic Weight Consolidation (EWC) 12.01/22.16 05.43/03.11 11.22/16.31

Table 8: Evaluation scores for different modeling approaches to avoid catastrophic-forgetting for NHG Task

Model NHG QG
Metrics R-1 R-2 R-3 BL R-L BS
mBART+WE 50.61 34.32 49.01 6.1 31.20 77.01
mBART 51.49 35.04 49.64 7.1 32.96 77.61
ZmBART+WE 51.81 35.04 50.07 6.9 32.82 77.40
ZmBART 52.37 35.52 50.50 7.9 34.49 78.39

Table 9: Hindi language few-shot results for different ar-
chitectural setups. WE indicates that word embeddings and
decoder layer parameters are frozen

and QG tasks respectively. We observe that with
a small number of supervised examples (e.g. 100)
the model achieves decent few-shot performance.
We found the trends for different tasks to be similar.
The improvement in model performance tends to
be minimal after 1000 examples.

6 Conclusion
In this paper, we propose a novel unsupervised
framework (ZmBART) for cross-lingual transfer
and generation. The framework transfers supervi-
sion from HRL to LRLs which enables zero-shot
language generation. The framework does not use
any direct or pseudo-parallel data. ZmBART is
directly applied to multiple generation tasks and
languages. The model includes a carefully de-
signed auxiliary task that further improved the mul-
tilingual embedding space, and helped to initialize
encoder-decoder weights to enable zero shot lan-
guage generation. We performed experiments in
three languages and 18 task-setup combinations:
four supervised tasks in English, four tasks in Hindi
(each with zero-shot and few-shot), and three tasks
in Japanese (each with zero-shot and few-shot).
Except zero-shot question generation tasks, for all
other tasks involving LRLs, the proposed model
generated good quality results as validated by auto-
mated and manual evaluation measures. In future
we want to extend this work by adding multiple
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Figure 4: ZmBART model few-shot performance with super-
vised Hindi/Japanese data for QG task

other languages and tasks, and also explore other
choices of auxiliary tasks for better model transfer.
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7 Supplementary Materials

7.1 Implementation Details:

We use a standard sequence-to-sequence Trans-
former architecture with 12 layers (each 16 heads)
for encoder and decoder. The model has a dimen-
sion of 1024 (approx 680M parameters). Addi-
tional layer-normalization was used with both the
encoder and decoder. We found FP16 precision sta-
bilized the training. We trained all the models on 4
Nvidia V100 GPUs (32GB). Similar to mBART we
use the Adam optimizer (ε = 1e-6, β2 = 0.98) and
linear learning rate decay scheduling. The training
started with a dropout value 0.3 and was later re-
duced to 0.2 after 20k steps and 0 after 40k steps.
The loss function was cross-entropy label smooth-
ing loss. 2500 warm-up steps and 3e-5 learning rate
were used. The model selection was done based
on validation data likelihood. We use beam-search
with beam size 5 in the decoding for all the tasks.
We loaded mBARTCC25 pre-trained checkpoint
weights and further pre-train/fine-tune model on
task-specific data with teacher forcing method.

The above set of parameters are used for all
the target tasks as well as the auxiliary task. We
process different batch sizes of input for differ-
ent tasks. We use 2048, 3000, 4096, 2048, and
5000 tokens per GPU for ATS, DG, QG, auxiliary,
and NHG tasks, respectively. We use shared Byte
Pair Encoding (BPE) vocabulary from sentence-
piece tokenizer of size 250k. We use 34k/1k/1k
(train/validation/test) data-points for auxiliary lan-
guage (approx 11333 from each languages). We
train the mBART model with the auxiliary task
around 10k steps. Training time for the auxiliary
task is around 2-3 hours. The fine-tuning times for
TS, QG, NHG, and DG were around 4-5, 1-2, 1-2,
and 2-3 hours. We observe a longer fine-tuning
time for ATS because of long passages. We se-
lected the best model based on loss and perplexity
on the validation datasets. We checked with early-
stopping and other checkpoints, which resulted in
poor performance.

7.2 Evaluation Metric and Tokenizer Details:

For Automated evaluation, we use sacreBLEU im-
plementation, ROUGE-L, and BERTScore. For
ATS and NHG tasks, ROUGE-1, ROUGE-2, and
ROUGE-L are used. We explicitly use community-
adopted language specific-tokenizers. Links for
language-specific tokenizers are given below:

• English: Default sacreBLEU tokenizer i.e,
https://github.com/mjpost/sacrebleu

• Hindi: https://anoopkunchukuttan.

github.io/indic_nlp_library/

• Japanese: http://www.phontron.com/

kytea/

Links of publicly available implementations of
automated evaluation metrics which we use directly
in this work:

• BLEU: https://github.com/mjpost/

sacrebleu

• ROUGE: https://github.com/pltrdy/

files2rouge

• BERTScore: https://github.com/

Tiiiger/bert_score

7.3 Few Zero-shot Generated outputs from
ZmBART:

In the next few figures, we present sample outputs
generated by the model in zero-shot setups, for
Hindi and Japanese languages.
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                                            +++++++ News Headline Generation ++++++

News: वेनेजुएला के रा�� पित ह्यूगो शावेज अपने देश म� ज�रत से �ादा शराब पीने वालो ंपर लगाम कसना चाहते
ह�. उ�ोनें सेना को अवैध शराब बेचने वालो ंके �खलाफ कड़ी कार�वाई करने का आदेश िदया है.ज ने कहा िक उनकी
सरकार मिदरा और िसगरेट पर कर बढ़ाने का िवचार कर रही है. वामपंथी रा�� पित को बीयर और �ॉच ���ी जरा
भी पंसद नही ंहै. शावेज ने तीन वष� पहले भी शराब और िसगरेट पर कर बढ़ाया था.

Headline (human-generated:) वेनेजुएला म� िसगरेट और शराब पर बरसे शावेज
Headline (model-generated:) शराब पीने वालो ंपर लगाम कसना चाहते ह� शावेज

News: तिमलनाडु म� गणतं� िदवस पूरे धूमधाम से मनाया गया और रा�पाल सुरजीत िसंह बरनाला ने यहां रा�� ीय
�ज फहराया और मु�मं�ी एम क�णािनिध ने वीरता पुर�ार �दान िकए.बरनाला ने मरीना म� पारंप�रक माच�
पा� की सलामी ली.इस मौके पर क�णािनिध ने वीरता के िलए अ�ा पुर�ार, को�ाई अमीर सां�दाियक स�ाव
पुर�ार तथा गांधी अिदगल पुिलस पदक �दान िकए.रा� िनवा�चन आयोग काया�लय तथा दि�ण रेलवे काया�लय म�
भी गणतं� िदवस समारोह मनाया गया.

Headline (human-generated:) तिमलनाडु म� धूमधाम से मनाया गया गणतं� िदवस
Headline (model-generated:) तिमलनाडु म� गणतं� िदवस पूरे धूमधाम से मनाया

                                 +++++++ Abstractive Text Summarization ++++++
 
Document: ि�ज एक और कोरस की तरह है जो केवल एक बार गाया जाता है और आपके गीत के िवषय को नए
तरीक़े से ��ुत करता है। अपने ि�ज का �योग गीत को रोचक बनाने के िलए नए छंदो ंको नई कंुजी म� या एक ही
कंुजी म� अलग-अलग कॉड्�स के साथ गाकर कर�। सुिनि�त कर�  िक आपके ि�ज के श� आपके कोरस के श�ो ंकी
तरह अ�� हो।ं नई बारीिकयो ंको पेश न कर�। यिद आप िकसी िवशेष वा� के साथ अपने कौशल को पेश करना
चाहते ह� तो आप अपने ि�ज को वा� यं� सोलो के अवसर के �प म� उपयोग करने पर भी िवचार कर सकते ह�।
आज �योग म� आनेवाली सबसे आम गीत संरचना है छंद/कोरस/�ोक/ कोरस/ि�ज/कोरस। लेिकन, आप इस
संरचना को बदल कर देख सकते ह� िक आपके गीत के िलए सबसे अ�ा �ा है। उन त�ो ंको ल� िज�� आपने पहले
ही बनाया है और उ�� अदल-बदल कर �योग कर� , उनम� से कुछ को तब तक दोहराएं, जब तक संरचना सही न हो
जाये। कुछ शैिलयां िविश� गीत संरचनाओ ंका उपयोग करती ह�। उदाहरण के िलए, ईडीएम अ�र प�रचय/छंद/
कोरस/ �ेकडाउन/छंद/कोरस/छंद/कोरस/ि�ज/कोरस/आउट� ो का उपयोग करता है। एक बार जब आप अपना गीत
िलखना समा� कर ल�, तो आप वा� जैसे ड� म, बास िगटार और की-बोड� को �र-माधुरी के िलए ड� ाइव और
�रो�ारण से जोड़ सकते ह�। आपके अ� वा�ो ंको उसी की और टाइम िस�ेचर म� बजाया जाना चािहए िजसे आपने
पहले तय िकया था। यिद आपको अ� वा�ो ंको बजाना नही ंआता है, तो अपने कं�ूटर का �योग करके गीत की
नीवं �रकॉड� करने का �यास कर� , िफर गीत मंत नए त� जोड़ने के िलए एबलेटन या गैरेजब�ड जैसे संगीत सॉ�टवेयर
का �योग कर�। अपने गीत के अंशो ंका अलग-अलग तब तक अ�ास कर�  जब तक आप उनम� से हरेक को याद नही ं
कर लेते ह�। िफर, उन सभी को सही �म म� एक साथ अ�ास करने के िलए आगे बढ़�  जब तक िक आप इसके बारे
म� सोचे िबना एक त� से अगले तक आसानी से ट� ांिज़शन कर सक� । एक बार जब आपको गीत याद हो जाए, तो
आपको इसे �रकॉड� करना चािहए। अपने फ़ोन, िडिजटल �रकॉड�र, लैपटॉप और सॉ�वेयर, या वीिडयो कैमरे का
�योग कर�। जब आप अपनी �रकॉिड�ग कर ल�, तो इसकी �ितिलिप बनाना या �ाउड पर अपलोड करना सुिनि�त
कर� । उस तरह आप अपना गीत न तो कभी भूल�गे और न ही उसे खोएंगे।

Summary(Human-generated): िनण�य कर�  िक आप अपने गीत म� ि�ज जोड़ना चाहते ह� या नही:ं अपने गीत की
अंितम संरचना को सु�ढ़ कर� : अिधक पूण� �िन बनाने के िलए अ� वा� जोड़�: याद करने तक अपने गीत का
अ�ास कर� : अपना गीत �रकॉड� कर� :

Summary (model generated ): अपने ि�ज का �योग गीत को रोचक बनाने के िलए नए छंदो ंको नई कंुजी म� या
एक ही कंुजी म� अलग-अलग कॉड्�स के साथ गाकर कर�। अपने गीत के अंशो ंका अलग-अलग तब तक अ�ास कर�
जब तक आप उनम� से हरेक को याद नही ंकर लेते ह�।
 

Figure 5: Sample outputs for zero-short NHG and ATS in Hindi language
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                                                                     +++++++ Question Generation ++++++

Passage:  १९५३ की उ�री सागर बाढ़ ि�टेन म� दज� की गयी सबसे िवनाशकारी �ाकृितक आपदाओ ंम� से थी। १,६०० िकमी
ल�ा समु� तट �ित�� हो गया और समु�ी दीवार िव�ेिदत हो गयी िजससे १,००० वग� िकमी का �े� जलम� हो गया। बाढ़
के कारण ३०,००० लोगो ंको उनके घरो ंसे हटाना पड़ा और २४,००० संपि�यां �ित�� हो गयी।ं अलग-अलग घटनाओ ंम�
फेिल��ोव, स�ो� म� ३८ लोग मारे गए जब वे� एंड �े� म� पूव�िनिम�त घर बाढ़ की चपेट म� आ गए। ए�े�, कैनवे �ीप
पर ५८ लोग मारे गए और ३७ अ� समु�् िकनारे के �ाम जेिवक म� मारे गए। ि�टेन म� भूिम पर कुल मारे गए लोगो ंकी सं�ा
३०७ थी और ि�टेन के समु�ो ंम� एम वी ि�ंसेस िव�ो�रया समेत मारे गए कुल लोगो ंकी सं�ा २२४ थी।

Answer: ३०,०००
Question(Human Generated): बाढ़ के कारण िकतने लोगो ंको िनकाला गया?
Question (Model Generated): िकतने लोगो ंको उनके घरो ंसे हटाना पड़ा?

                                                          +++++++ Distractor Generation ++++

Passage:  आजकल मिहलाओ ंम� पु�षो ंकी तुलना म� �यं को सुरि�त ड� ाइवरो ंके �प म� देखने की एक सकारा�क
छिव है। बीमाकता� metlife के एक सव��ण म� 51 �ितशत मिहलाओ ंने कहा िक वे अिधक सुरि�त तरीके से ड� ाइव करते
ह�। सा� उनके प� म� ह�ः लापरवाह ड� ाइिवंग के िलए पु�षो ंकी तुलना म� 3।4 गुना अिधक संभावना है और मादक
ड� ाइिवंग के िलए 3।1 गुना अिधक संभावना है। मिहलाओ ंम� औसतन कम आ�ामक और कानून का पालन करने वाले
ड� ाइवर होते ह� िजसके कारण दुघ�टनाएं कम होती ह�। �रपोट� के अनुसार सभी पु�षो ंकी एक ही राय नही ंहै। metlife �ारा
सव��ण िकए गए पु�षो ंम� 39 �ितशत का दावा है िक पु�ष ड� ाइवर सुरि�त ह�। िन�ष� उ�� एक ही िबंदु पर वापस
िदलाते ह�ः ऑटोमोिटव �ान। �रपोट� से पता चला है िक अिधकतर पु�ष वत�मान सुर�ा उपकरणो ंजैसे इले�� ािनक ��थरता
िनयं�ण से प�रिचत ह� जो उ�� वापस आने वाली दुघ�टनाओ ंको रोकने म� सहायता करते ह�। ऑटो सुर�ा अप�रहाय� �प से
धन �य का िवषय है। बीमा क�िनयां इस बात पर �ान देती ह� िक िकस �ेणी के ड� ाइवरो ंके पास सबसे कम डॉलर का
�ेम होता है और अब के िलए िजसम� मु� �प से मिहलाएं शािमल ह�। सामा� �प से मिहलाएँ ऑटो बीमा के िलए
पु�षो ंसे लगभग 9 �ितशत कम भुगतान करती ह�। वेबसाइट insweb �ारा िकए गए एक अ�यन से भी पता चलता है िक
अिधकांश रा�ो ंम� मिहलाओ ंके िलए ऑटो बीमा की दर�  कम ह�। अलग अलग रा�ो ंम� मिहलाओ ंको सबसे अिधक लाभ
�ैिमंग (जहाँ वे 20 �ितशत कम भुगतान करते ह�) दि�ण डकोटा और वािशंगटन डी। सी। म� 16 �ितशत कम बीमा लागत
होती है। अ�यन के अनुसार 2009 म� 11900 से अिधक पु�ष ड� ाइवर यातायात दुघ�टनाओ ंम� मारे गए जबिक अ�यन के
अनुसार केवल 4900 मिहला ड� ाइवर ही मारे गए। मीलो ंकी या�ा करने पर पु�षो ंकी तुलना म� �ित 100 िमिलयन मील की
या�ा करने पर 2 मौत� और मिहलाओ ंके िलए 1।7 मौत� होती ह�।

Question: बीमा कंपिनयां शायद मिहला चालक �ाहको ंपर �ान क� ि�त �ोिंक वे
Answer: बीमा दावो ंपर सबसे कम धनरािश हो
Distractor(human-generated): वे अिधक सावधान ड� ाइवर होते ह� और कम नुकसान करते ह�
Distractor(model-generated):  वे बीमा दावो ंपर सबसे कम �ेम करते ह�

Figure 6: Sample outputs for zero-short QG and DG in Hindi language
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                                             +++++++ News Headline Generation ++++++

News:  園児 による 夏休み 作品展 が 恵那市大井町 の 恵那郵便局 展示 ルーム で 開か れ て いる 。 十三
日 まで
Headline (human-generated:) 貯金箱 や 切り絵 園児 の 力作 <NUM> 点
Headline (model-generated:) 園児による 夏休み展開か れ て いる

News:   「 少年院 で 自分 を 見つめ 直し た のに ... 。 被害者 に 申し訳ない 。 親 に も 惨め な 思い を
さ せ た 」 −
Headline (human-generated:) 自分 が 甘かっ た
Headline (model-generated:) 少年院で 自分を 見つめ 直し たのに ...

                                 +++++++ Abstractive Text Summarization ++++++
 
Document:   加齢による肌の変化とともに、必要とするスキンケアも変わっていきます。使い慣れていた
基礎化粧品が今までのような効果を発揮しなくなったと感じたら、スキンケアを見直す時機と言えるで
しょう。保湿剤にはローションタイプとクリームタイプがあります。
Summary(Human-generated): 肌質と年齢に適した保湿剤を選びましょう。
Summary (model generated ): 加齢による肌の変化とともに、必要とするスキンケアも変わっていきます.

Document:    肌は潤った状態では柔軟性が増すため、動かしたり横に引っ張ったりしてもあまりダメー
ジを受けません。しかし、肌がきちんと潤っていない状態で洗顔すると、皮膚にダメージを与えてしま
います。その上、正しいスキンケアを怠ると、このようなダメージが徐々に蓄積されてしまい、結果的
にシワの形成につながります。 肌には、熱湯や冷水ではなくぬるま湯を使いましょう。
Summary(Human-generated): クリーム状でオイルフリーの洗顔料を使い、肌に潤いを与えながら不純
物を取り除きましょう。
Summary (model generated ): 正しいスキンケアを怠ると、シワの形成につながります।

                                                           +++++++ Question Generation ++++++

Passage: 水たまりを見たら・・出来れば避けて通る。Uターンする、などの対処をして安全なドライブを
心掛けてくださいね。後ろから車が来たとしても・・深さは分からないですから・・と教えてあげ
て・・何とか・無事に帰れる道を探してください。
Answer:   出来れば避けて通る 
Question(Human Generated): 水たまりを見たらどうするか?
Question (Model Generated): 水たまりを見たら?

Passage: ゆっくりと弧を描いて後ろに飛んで行くカーナビのモニター。あっ、やっぱり、ぶつかっ
たんだ。そうか、私が乗ってる車でも、ぶつかる事があるんだ。。。。生まれてこの方、1度も自
分が乗ってる車は、事故を起こした事がなかったので、私は事故に合わないもんだと思ってた(苦
笑)
Answer:   事故を起こした事がなかった
Question(Human Generated): 今まで事故を起こしたことがありましたか?
Question (Model Generated): 事故を起こした事がなかった?

Passage:  自分が交通弱者になったときは駐車場の前は特に注意して歩く。脇道から出るときにアク
セルを踏み過ぎて(ステアリング操作がついてこない)対向車線まではみ出す車一時停止や赤信号で
停止線を超えて止まるのはヘタの典型だな。
Answer:   駐車場の前は特に注意して歩く
Question(Human Generated): 自分が歩行者の立場のとき気を付けることは?
Question (Model Generated): 自分が交通弱者になったときは?

                                                          

Figure 7: Sample outputs for zero-shot NHG, ATS and QG in Japanese language
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Abstract
Relation extraction (RE) is an essential topic
in natural language processing and has at-
tracted extensive attention. Current RE ap-
proaches achieve fantastic results on common
datasets, while they still struggle on practical
applications. In this paper, we analyze the
above performance gap, the underlying rea-
son of which is that practical applications in-
trinsically have more hard cases. To make
RE models more robust on such practical hard
cases, we propose a case-oriented construc-
tion framework to build a Hard Case Relation
Extraction Dataset (HacRED). The proposed
HacRED consists of 65,225 relational facts an-
notated from 9,231 documents with sufficient
and diverse hard cases. Notably, HacRED is
one of the largest Chinese document-level RE
datasets and achieves a high 96% F1 score on
data quality. Furthermore, we apply the state-
of-the-art RE models on this dataset and con-
duct a thorough evaluation. The results show
that the performance of these models is far
lower than humans, and RE applying on practi-
cal hard cases still requires further efforts. Ha-
cRED is publicly available at https://github.
com/qiaojiim/HacRED.

1 Introduction

Relation extraction (RE) is one of the core NLP
tasks and plays an increasingly important role in
knowledge graph completion (Bordes et al., 2013)
and question answering (Dong et al., 2015). RE
aims to extract structured relational facts, i.e.,
triples such as (Bill Gates, founder_of, Mi-
crosoft) from plain texts. Recently, various models
(Zeng et al., 2018; Takanobu et al., 2019; Fu et al.,
2019; Wei et al., 2020) have been proposed to iden-
tify the relational facts and achieved state-of-the-
art (SOTA) performance, among which the latest

∗Equally contributed.
†Corresponding author.

Elliot See was born on July 23rd , 1927 in Dallas, and died in St.
Louis on February 28th , 1966 .

Case in WebNLG

Elliot See , place_of_birth, Dallas
Elliot See , place_of_death, St. Louis

Triples

Yang Jima (1986 -), ..., is a student of 2005 in the Department 
of …, Communication University of China ... In the semi-
final of the Chinese Idol Show, Yang excellently performed 
the Lhasa Ballad, which was recognized by the judges and the 
audience. As a result, she got to the final competition.

Case in Practice

Yang Jima(Yang) , graduate_from, Communication University of China
Lhasa Ballad , singer, Yang Jima
Yang Jima(Yang) , invited_guest_of, Chinese Idol Show

Triples

Figure 1: Cases and corresponding triples in WebNLG
and practical applications.

method CasRel achieves notable 91.8% F1 score
on WebNLG (Gardent et al., 2017) and 89.6% on
NYT (Riedel et al., 2010).

However, can these seemingly fantastic results
prove that the current RE models are powerful
enough to perform well in practical applications.
To answer the question, we employ CasRel on
300 randomly selected samples of WebNLG and
the same number of data from practical DuIE1.
The F1 scores under these scenarios drop sig-
nificantly from 89.3% to 62.8%. As illustrated
in Figure 1, CasRel extracts correct triples (El-
liot See, place_of_birth, Dallas) and (Elliot
See, place_of_death, St. Louis) in WebNLG
where keywords such as born and died explicitly
express the relation information. In contrast, Cas-
Rel fails to extract triples such as (Yang Jima,
graduate_from, Communication University of
China) where no keywords like graduate are men-
tioned. The most significant reason why CasRel
performs well on WebNLG but struggles on prac-
tical data is that more challenging instances which

1http://lic2019.ccf.org.cn/kg

2819



we refer to as hard cases exist in the practical ap-
plications. Moreover, according to the statistics
of entity description documents in CN-DBpedia
(Xu et al., 2017), at least 40.1% relational facts
can only be extracted from hard cases. Therefore,
relation extraction from hard cases can not be ne-
glected and demands more attention.

Although many datasets (Li et al., 2016; Yao
et al., 2019) have been proposed for RE, they rarely
analyze the performance gap and focus on the hard
cases. In order to make models robust on hard
cases and more fit practical scenarios, in this paper,
we aim to build a RE dataset with sufficient hard
cases. To this end, we propose a case-oriented con-
struction framework based on the challenging in-
stances and build a Hard Case Relation Extraction
Dataset (HacRED). Specifically, we first obtain
general, massive, and various contexts as well as
relational facts from CN-DBpedia to construct a
distantly supervised dataset. The crucial part is to
distinguish hard cases from abundant data. There-
fore, we formulate nine indicators through system-
atic analysis of hard cases to quantify them. Then,
we conduct feature engineering based on the valid
indicators. Afterwards, a classifier is trained for
distinguishing the desired hard cases. Finally, we
develop a crowdsourcing platform with a novel
three-stage annotation strategy and effective aggre-
gation method CrowdTruth2.0 (Dumitrache et al.,
2018) to guarantee the data size and quality.

In total, HacRED consists of 9,231 instances
with 26 predefined relations and 9 types of enti-
ties. To the best of our knowledge, it is one of the
largest document-level RE benchmark. Moreover,
HacRED contains sufficient and diverse hard cases
in line with practice. We conduct extensive ex-
periments and systematic error analysis of SOTA
models on HacRED. A sharp performance drop
on HacRED compared to the existing benchmarks
proves that RE in practical applications remains an
open problem and still requires further research.

To recap, our main contributions are three-fold:

• We first analyze the performance gap be-
tween popular datasets and practical appli-
cations, and therefore construct one of the
largest Chinese document-level RE dataset
which contains sufficient and diverse hard
cases to improve the evaluation for complex
RE tasks.

• We propose a case-oriented construction
framework to build RE dataset toward spe-

cial cases. Meanwhile, we design a novel
three-stage annotation method applicable for
crowdsourcing of complex RE.

• We systematically evaluate the current main-
stream RE models on HacRED and justify its
effectiveness in depth.

2 Related Work

2.1 Datasets for Relation Extraction
A series of datasets have been built for RE as of
late, which have extraordinarily advanced the im-
provement of RE systems. RE datasets such as
SemEval-2010 Task 8 (Hendrickx et al., 2009) and
ACE05 are constructed through human annotation
with relatively limited relation types and size. A
large-scale dataset TACRED (Zhang et al., 2017)
is obtained via crowdsourcing to satisfy the train-
ing of data-hungry models.

As RE applications differ much in various sce-
narios, constructing datasets aimed at specific tar-
gets is a popular trend in RE. DocRED (Yao et al.,
2019) is constructed to accelerate the research on
document-level RE. To meet the challenges of few-
shot RE, FewRel (Han et al., 2018) as well as
FewRel 2.0 (Gao et al., 2019) have been presented.
RELX (Koksal and Ozgur, 2020) is a benchmark
for cross-lingual RE. Jia et al. (2020) propose the
task of interpersonal RE in dyadic dialogues and
further construct a corresponding dataset called
DDRel.

Compared with previous RE datasets, HacRED
is derived from the analysis of the performance
gap between popular datasets and practical applica-
tions. It targets towards promoting the RE models
to extract information from the complex contexts.

2.2 Models for Relation Extraction
Recently, many exciting works have been pro-
posed to solve the RE tasks. (1)Joint Model:
NovelTagging (Zheng et al., 2017) first formu-
lates the task as a sequence labeling problem and
presents a novel tagging schema to jointly extract
entities and relations. CopyRE (Zeng et al., 2018)
extracts triples based on a sequence-to-sequence
structure and integrates the copy mechanism for
entity generation. GraphRel (Fu et al., 2019)
uses graph convolutional network (GCN) to cap-
ture features of words and text. CasRel (Wei
et al., 2020) is different from the past and is
able to extract more triples by learning relation-
specific entity taggers. (2)Pipeline Model: PURE
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(Zhong and Chen, 2020) is a simple pipelined ap-
proach which learns an entity model and a rela-
tion model independently. DGCNN-BERT is a
powerful pipeline method that first identifies mul-
tiple relations and then labels the head and tail en-
tities given a relation. It achieves 89.3 F1 scores
and has won the champion in the Competition of
DuIE held by Baidu Inc. (3)Document-level Re-
lation Classification Models: LSR (Nan et al.,
2020) is a model that empowers the relational rea-
soning across sentences by automatically induc-
ing the latent document-level graph. GAIN (Zeng
et al., 2020) introduces a path reasoning mech-
anism based on a heterogeneous mention-level
graph and an entity-level graph. ATLOP (Zhou
et al., 2020) proposes two techniques, adaptive
thresholding and localized context pooling. SSAN
(Xu et al., 2021) designs several transformations
to incorporate mention structural dependencies for
document-level relation classification (DocRC).

3 Easy Cases vs. Hard Cases

To analyze where models struggle in practical in-
stances and distinguish the hard cases, we con-
duct a manual exploratory analysis on the error-
prone instances of SOTA models (CGCN, CasRel,
DGCNN-BERT) on NYT, DuIE and industry data.
Then we formulate the potential causes of the er-
rors with nine indicators illustrated as follows:
Text Length. We notice that models tend to fail on
instances with longer text. The experiments of Alt
et al. (2020) also reflect that RE models get a rela-
tively higher error rate with the length of sentence
greater than 30 in TACRED.
Argument Distance. We observe that the perfor-
mance of the models declines when the arguments
(i.e., head and tail entity mentions) are far away,
especially in inter-sentence RE.
Distractors. Extracting triples in contexts with lin-
guistic distractors is tough for current models. For
example, drop outwill contribute to wrong relation
graduate_from between entity mentions with
PERSON and SCHOOL type.
Reasoning. Reasoning is needed to extract the
relation mentioned implicitly in the text. Re-
cent work suggests that future researchers con-
sider incorporating common sense knowledge or
improved causal modules in RE tasks (Han et al.,
2018).
Homogeneous Entities. The context contains
multiple homogeneous entity mentions with iden-

Text 1: “...” said Joseph Bastianich, who owns Del
Posto with his mother, Lidia Bastianich, and the chef,
Mario Batali.
Annotation: NA
Prediction: children_of
Indicators: Distractor, Homogeneous Entities
Interpretation: Three entity mentions with the same
type of PERSON are mentioned in the text and the word
mother may lead to wrong prediction children.
Text 2: ... Lieberman, who was defeated by the polit-
ical upstart Ned Lamont in Connecticut’s Democratic
primary earlier this month.
Annotation: place_lived
Prediction: place_of_birth
Indicators: Similar Relations
Interpretation: The relation place_lived and
place_of_birth are similar in semantics.
Text 3: One of the most brutal tyrants of recent his-
tory, Saddam Hussein unleashed devastating regional
wars and reduced oil-rich Iraq to a claustrophobic po-
lice state.
Annotation: nationality
Prediction: place_of_death
Indicators: Reasoning
Interpretation: Reasoning is required to get the rela-
tion nationality based on the context that Hussein
is the tyrants of Iraq.

Table 1: Examples of hard cases in NYT. The head and
tail mentions are colored accordingly.

tical types. We observe the high error rate in rela-
tions likechildren andparentswhen the text
mentions different entities with type PERSON.

Similar Relations. Models struggle to identify the
correct relation among those semantically similar
ones concurrently mentioned in context. A sharp
decrease is also found in few-shot RE when select-
ing N similar relations on N-way K-shot settings
(Han et al., 2020).

Long-tail Relations. Only a handful instances
are available for long-tail relations in common
datasets. Current data-hungry models struggle to
learn the semantic patterns on these relations.

Multiple Triples. Models always get a poor per-
formance on the instances with numerous triples.

Overlapping Triples. Different triples involve
the identical entity mentions. Many existing mod-
els can not well handle the EntityPairOverlap and
SingleEntityOverlap (Zeng et al., 2018) instances.

Table 1 provides various examples from NYT
and corresponding hard case indicators. In Table
2, the proportion growing on the error instances re-
flects the gap between existing datasets and prac-
tical data, which also proves the effectiveness of
these indicators.
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Figure 2: The case-oriented construction framework of building HacRED which consists of four stages. The right
part correspondingly describes each stage. Through the construction, the texts and triples are established.

Indicator WebNLG DuIE
original error original error

Text Length 18 39 3 32
Argument Distance 12 30 5 17
Distractors 1 5 4 13
Reasoning - 3 1 9
Homogeneous Ent. 2 34 19 21
Similar Rel. 9 54 27 17
Long-tail Rel. 1 5 - 2
Multiple Triples 17 59 8 93
Overlapping Triples 25 64 16 33

Table 2: The proportion of indicators in randomly se-
lected samples of original test set and error-prone in-
stances. Note that one case may fit multiple indicators.

4 HacRED Dataset Construction

The overall architecture of the proposed case-
oriented construction framework is illustrated in
Figure 2. Different from previous works (Zhang
et al., 2017, Zaporojets et al., 2020) which
start crowdsourcing annotation straight after the
data collection stage, we introduce additional
stages of hard case feature engineering and tar-
get instance prediction. Moreover, we design a
novel three-stage annotation method and employ
CrowdTruth2.0.

4.1 Data Collection
To avoid data bias to high-frequency entities and
relations, we first obtain about 5 million plain texts
and 800 thousand triples from CN-DBpedia. The
abundant texts and triples contribute to a more rea-
sonable distribution. We use fine-grained named
entity recognition (NER) toolkit TexSmart (Zhang
et al., 2020) and entity linking (Chen et al., 2018) to
align mentioned entities in texts to those in triples.
Finally, we construct a distantly supervised dataset
Dds with 1.6 million instances, where we select

challenging instances in the following steps.

4.2 Hard Case Feature Engineering and Seed
Selection

To build a dataset toward practical hard cases,
we systematically formulate the nine indicators of
hard cases (refer to Section 3) and introduce mea-
surements to quantify them. For example, we cal-
culate the Argument Distance as the number of to-
kens between the head and tail entity mentions in
the text. More details of feature engineering are
described in Appendix A. After hard case oriented
feature engineering, we discard the instances in
Dds without any indicator of hard cases. The re-
maining part forms a hard case candidate dataset
D with about 108 thousand instances.

We randomly sample 3,500 instances from D
and ask experts to select the hard cases given the
context and features. Specifically, if an instance
with multiple hard case indicators or with only one
indicator but selected by all three experts based on
their expertise, it is regarded as a hard case. To
further evaluate the quality of selected hard cases,
we utilize DGCNN-BERT to test the selected and
unselected data. If the F1 score drops δ=10% on
the hard cases, we reserve the data to constitute the
high quality seeds of hard case Dp. The remain-
ing data is easy case Dn. In total, we obtain 1,431
seeds of hard cases.

4.3 Classifier Training and Hard Case
Prediction

It is impossible to manually select all instances to
construct a large-scale dataset. So we utilize a clas-
sifier to recall more hard cases similar to the seed
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samples selected by experts. The classifiers con-
sist of three categories: (1) Decision tree (Quin-
lan, 1986); (2) Deep classifiers by positive nega-
tive (PN) learning (Rakhlin, 2016); (3) Deep clas-
sifiers by positive unlabeled (PU) learning (Kiryo
et al., 2017; du Plessis et al., 2015). First of all,
we adopt the decision tree to make the classifier
aware of the indicators explicitly. Then, we form
the representation vector as recommended in Bal-
dini Soares et al. (2019) and utilize classical PN
learning on Dp and Dn to train the basic classi-
fiers. Since the easy cases are extremely diverse
and Dn can not represent the entire distribution
of easy cases, we leverage the massive unlabeled
data in Dds by introducing PU learning to improve
the generalization of hard cases classification. Be-
sides, we train deep models based on different
neural network structures, including CNN (LeCun
et al., 1998) and BiLSTM (Hochreiter and Schmid-
huber, 1997), to capture the context information.
More training details can be found in Appendix B.

We ensemble multiple classifiers by weighted
average and distinguish hard cases with high con-
fidence in the original massive unlabeled dataset.
Besides, we directly select instances by implicit se-
mantic patterns to explore more hard cases fitting
the indicator of Reasoning which is not well quan-
tified by the auxiliary features. Finally, we obtain
the dataset Dhc ready for annotation.

4.4 Crowdsourcing

To make instances in Dhc fully and accurately la-
beled, we develop a novel three-stage RE annota-
tion platform taking the following two aspects into
consideration: (1) Heavy workload of annotating
all information at once results in growing nega-
tive feedback as the task goes on; (2) Aggregated
method, such as majority vote (Dumitrache et al.,
2018), is insufficient for complicated and open-
ended tasks. To relieve the pressure of workers, we
divide the whole task into three partitions consist-
ing of Relation Annotation, Entity Annotation, and
Triple Annotation. Moreover, we utilize patterns
and toolkits to provide high-quality recommenda-
tions in each stage for higher recall. To capture the
label disagreement more thoroughly among work-
ers, we employ CrowdTruth2.0 (Dumitrache et al.,
2018), which models the quality of workers, docu-
ments, and annotations.

In short, in the Relation Annotation, workers se-
lect the missed relations or delete wrong recom-

mended ones. When all relations are annotated,
NER toolkit recommends multiple entity mentions
with the corresponding type based on schema infor-
mation. Workers also need to append new entity
mentions or delete incorrect ones in the Entity An-
notation. As for Triple Annotation, workers verify
the correctness of a candidate triples automatically
generated by permutation of entity arguments and
relations based on schema. Note that every input
data in the three stage is assigned to three differ-
ent annotators and aggregated by CrowdTruth2.0.
Detailed annotation process is in Appendix D.

5 Experiments

In this section, we first compare our HacRED with
existing datasets. Then we re-evaluate the SOTA
RE models on HacRED and systematically analyze
their abilities on different experiment settings. At
last, we demonstrate the effectiveness of HacRED
via a case study.

5.1 Data Analysis

In this section, we analyze various aspects of com-
mon RE datasets and HacRED.
Data Size. As shown in Table 3, HacRED
has a greater average number of words, entities,
and triples in each text than all of the sentence-
level datasets. Thus we regard HacRED as a
document-level RE dataset. Compared with the
document-level datasets, DocRED aims at com-
mon document-level RE but not consider perfor-
mance gaps and various hard cases in practical sce-
narios. BC5CDR is specially designed for biomed-
ical domain. By contrast, we are the first to ana-
lyze the performance gap between popular datasets
and practical applications, and propose HacRED
which focuses on different kinds of hard cases in
general domain. Besides, HacRED is larger in
scale and contains much more various relational
facts than BC5CDR and DocRED but with lower
duplicated triples ratio.
Data Distribution. We calculate three global
statistic metrics about data distribution of common
datasets and HacRED. Table 4 show the results.
Specifically, 84.29% of the triples in NYT and
91.20% in WebNLG are duplicate, which results
in a bias to high-frequency triples of same entity
pairs (known as semantic bias for models). For ex-
ample, (Beijing, capital_of, China) occurs fre-
quently in corpus and models still extract this triple
from Beijing is a historic city in China. Mean-
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Dataset # Text # Relation # Triple # Fact Avg.
Sent.

Avg.
Word‡

Avg.
Ent.

Avg.
Triple

sentence-level dataset
SemEval10 13,434 10 13,434 10,251 1.0 17.4 2.0 1.0
NYT 66,194 24 104,339 16,387 2.1 37.8 2.2 1.6
WebNLG 6,222 171 14,485 1,275 2.5 24.0 3.15 2.3
TACRED 106,264 41 21,773 5,976 1.0 33.2 2.0 1.0

document-level dataset
BC5CDR 1,500 1 3,116 2,434 7.4 188.0 19.5 2.1
DocRED 5,053 96 63,427 56,354 8.0 198.3 26.2 12.5
HacRED 9,231 26 67,047 65,225 5.0 126.6 10.8 7.4

Table 3: Statistics of common RE datasets and HacRED. Note that the Avg.Word is computed at word-level vocab-
ulary, which means“中国”(China), two characters in Chinese, is regarded as one word. The average length of
documents at character-level is 204.2 in HacRED.

Dataset Duplicated
Triples

Biased
Relations

Top 20%
Relation Triples

sentence-level dataset
SemEval10 23.69% 0.00% 44.92%
NYT 84.29% 58.33% 98.93%
WebNLG 91.20% 94.74% 77.57%
TACRED 72.55% 9.52% 91.33%

document-level dataset
BC5CDR 21.89% - -
DocRED 11.15% 12.50% 71.46%
HacRED 2.72% 0.00% 49.96%

Table 4: Data distributions of common RE datasets
and HacRED. The ratio of duplicate triples, biased re-
lations, and top 20% relation triples is calculated as
1− #Facts

#Triples , #Biased Rel
#Rel , #Triples of top20% Rel

#Triples , respec-
tively. If the highest-frequency mention is involved in
more than 10% triples of the given relation, we regard
it as a biased relation.

Dataset Relation Example Highest-frequency
Mention (Ratio)

WebNLG county_seat Texas (72.73%)
NYT person_profession Bavetta (50.00%)
DocRED sister_city Chipilo (35.29%)
HacRED dynasty Tang (4.20%)

Table 5: Example of relations which could lead to se-
lection bias in WebNLG, NYT, and DocRED. In Ha-
cRED, the ratio of the highest-frequency mention in all
relations is only 4.20%.

while, the top 20% relations in NYT nearly cover
the entire relation triples. The numbers of top and
last 20% relation triples in WebNLG, TACRED
and DocRED also vary greatly. As a result, models
perform well on popular relations but fail on long-
tail ones. The experiments in the Section 5.4 prove
this and we regard it as relation bias. In addition,
94.74% relations in WebNLG, 58.33% in NYT
and 12.5% in DocRED contribute to the selection
bias. In WebNLG, 72.73% triples with relation
county_seat involve the mention Texas, as il-
lustrated in Table 5. Models could memorize the
cooccurrence between high-frequency mentions

Indicators Ratio
Text Length & Argument Distance 25.40%
Distractors & Reasoning 21.20%
Homo. Entities & Similar Relations 9.67%
Long-tail Relations 13.66%

Multiple Triples

1-3 38.87%
4-9 36.67%
10-15 14.27%
16+ 10.20%

Overlapping Triples 13.20%

Table 6: Statistics about the proportion of instances fit-
ting different hard case indicators on HacRED.

CrowdTruth 2.0
Avg. UQS ↑ 0.9373
Avg. AQS ↑ 0.9446
Avg. WQS ↑ 0.9557

Human (%)
Precision 97.29

Recall 94.64
F1 95.94

Table 7: Results of different quality metrics on Ha-
cRED.

and the relation while low-frequency mentions are
neglected. All these three aspects reveal the unrea-
sonable data distribution of common datasets.

In comparison, we observe a more reasonable
data distribution in HacRED from Table 4 and
Table 5. HacRED has a low ratio of duplicate
triples and contains various relational facts, which
addresses semantic bias. No biased relation ex-
isting in HacRED reduces the risk of selection
bias. The proportion of top 20% relations pro-
motes the alleviation of relation bias on HacRED.
The more comparison of overall data distribution
can be found in Appendix E.
DataQuality. We evaluate the quality of HacRED
through both automatic metrics and human eval-
uation. Specifically, we first compute the aver-
age unit quality score (UQS), annotation quality
score (AQS), and worker quality score (WQS) of
the whole 9,231 instances. UQS, AQS and WQS
are proposed by CrowdTruth2.0 (Appendix F pro-
vides more calculation details). The closer these
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Model Precision Recall F1
Joint NER‡

NovelTagging 46.77 35.07 40.08
CopyRE 75.04 51.38 61.00
GraphRel 85.14 69.69 76.64
CasRel 75.43 62.88 68.59

End-to-end
NovelTagging 30.51 2.91 5.31
CopyRE 13.11 9.64 11.12
GraphRel 30.13 35.62 32.65
CasRel 55.24 43.78 48.85
Pipeline NER‡

PURE 72.23 63.45 67.56
End-to-end

PURE 55.14 66.09 60.12
Doc. Level Relation Classification
LSR 69.70 67.17 68.41
GAIN 72.04 80.62 76.09
ATLOP 77.89 76.55 77.21
SSAN 60.01 62.03 61.00

Table 8: Model performance on HacRED test set(%).
NER results are computed based on the entities in-
volved in the gold triples of each instance.

scores are to 1, the higher quality of the crowd-
sourcing is. Meanwhile, we randomly sample 400
instances from HacRED and compute the preci-
sion, recall, and F1 score with annotations based
on the revision of humans. The evaluation scores
are reported in Table 7. From this table, our Ha-
cRED achieves a considerable annotation quality.
As a comparison, NYT contains about 31% noise
instances (Riedel et al., 2010) and TACRED has
poor annotation quality (Alt et al., 2020).
Hard Case Types. We group the randomly sam-
pled 400 instances into nine categories as shown
in Table 6. The proportions of different kinds of
instances reflect that HacRED contains a various
range of hard cases, which evaluates models com-
prehensively for practical applications.

5.2 Model Evaluation

As DGCNN-BERT has been used in the main pro-
cess of construction, we evaluate other strong RE
models including joint RE models, pipeline RE
models, and DocRC models on HacRED. First, we
limit the relation set within 20 types both in Ha-
cRED and DuIE, and then separate a part of in-
stances in DuIE to form the contrastive easy case
dataset Dec. We carry out the equivalent substi-
tution of hard cases in HacRED for easy ones in
Dec in different proportions. Figure 3 shows the
F1 curve of the performances w.r.t. the propor-
tion of substitution. As the ratio of replacement
increases, models generally have a growing trend

Model Precision Recall F1
End-to-end

CasRel 58.76 45.43 51.24
PURE 56.52 65.15 60.53
Human 90.21 84.59 87.31

Relation Classification
ATLOP 78.33 76.70 77.51
Human 96.21 93.03 94.59

Table 9: Human performance (%).

in performance. The SOTA model CasRel still out-
performs other joint models and achieves great F1
on 100% Dec. However, the performance drops on
data with more complex instances. We notice that
F1 value of easy cases is generally greater than that
of hard cases in different substitution ratio settings,
which illustrates that RE models indeed struggle
when tackling hard cases. Note that by combining
HacRED with easy cases in existing datasets, it is
easy to simulate diverse practical scenarios.

In addition, we split HacRED into train, dev,
and test sets with 6231, 1500, 1500 instances re-
spectively. The precision, recall, and F1 score of
the three major categories of models are shown in
Table 8. The joint and pipeline learning strategies
do not contribute to a great F1 on triple extrac-
tion. For the NER task, PURE has a separate entity
model but results in a 30.61% F1 when all entities
in a document are considered, including entities
with no positive relation labels. This also reflects
the challenge to obtain complete entity information
in practical scenarios. On the other hand, the re-
lation classification performances of DocRC mod-
els are far from satisfactory. The results suggest
that existing models have remarkably poor perfor-
mance on HacRED compared with humans (Table
9), which indicates that RE applicable for practical
hard cases still requires further research.

5.3 Human Performance

We randomly select 200 contexts from test set and
ask three volunteers to extract relational facts in an
end-to-end manner. Schema information like en-
tity type set as well as relation set is provided but
no entity mentions. As for relation classification
task, three volunteers select the relation, including
NA regarded as negative, of the given entity pair.
As demonstrated in Table 9, humans fulfill excel-
lent results which indicate the possible ceiling per-
formance on HacRED.
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Figure 3: The F1 curve of the model performance on different mix ratios of hard and easy cases.

Model Text Length
Argument Distance

Homo. Ent.
Similar Rel.

Long-tail
Rel.

Overlapping
Triples

Distractor
Reasoning Overall

NovelTagging 4.99 4.33 1.72 3.99 9.23 5.31
CopyRE 5.47 3.90 1.28 6.59 7.30 11.12
GraphRel 30.15 27.82 0.08 34.67 29.81 32.65
CasRel 45.34 45.60 13.54 53.34 44.00 48.85

Table 10: F1 score on HacRED instances with different indicators of hard cases (%).

5.4 Detailed Analysis

In this section, we give insight into the abilities
of current mainstream joint models when tackling
different kinds of hard cases and propose some re-
search indications as well. As it is hard to obtain
complete entity information in practical scenarios,
we do not consider DocRC models in this section
that entity information is provided as input.
Multiple Triples. Table 11 shows the F1 score of
existing models when extracting from texts with
different number of triples. The performance of
NovelTagging and CopyRE decreases as the num-
ber of triples increases, which indicates that the
novel tagging schema and multiple decoder mech-
anism are not able to address the challenge of Mul-
tiple Triples. Since GraphRel predicts relations for
all word pairs and CasRel learns separate entity tag-
ger for different relations, these two models allevi-
ate this problem. An interesting point is that the
performance of GraphRel and CasRel rises as the
number of triples increases when the triples num-
ber is less than 16, indicating that these two models
work well in texts with number of triples nearing
the average. However, all models get F1 score be-
low average when text mentions have more than
16 triples.
Text Length and Argument Distance. To
assess the abilities of models in capturing the
long-distance context, we provide the evaluation
on instances with indicators of Text Length and
Argument Distance in Table 10. The GCN-
based models (i.e., GraphRel) outperforms the

Model Number of triples
1-3 4-9 10-15 16+

NovelTagging 17.92 12.18 8.60 3.29
CopyRE 12.69 10.58 8.82 3.38
GraphRel 29.49 35.23 37.04 29.24
CasRel 43.42 51.05 54.90 43.18

Table 11: F1 score on HacRED test set with different
number of triples (%).

BiLSTM-based neural models like NovelTagging
and CopyRE. The performance improvement on
CasRel suggests the powerfulness of BERT en-
coder in the long-distance context.
Homogeneous Entities and Similar Relations.
Since the text mentions multiple homogeneous en-
tities and semantically similar relations, models
are required to distinguish the fine-grained differ-
ence of the context to extract the correct triples.
The first two columns in Table 10 have similar re-
sults, which indicates that the contexts with homo-
geneous entities and similar relations are as chal-
lenging as the long-distance contexts.
Long-tail Relations. We observe a dramatic de-
crease on the instances with long-tail relational
triples. As long-tail relations are common in real-
world scenarios, a more efficient learning method
is required to make RE models applicable for prac-
tical applications.
Overlapping Triples. CasRel achieves a bet-
ter performance on extracting overlapping triples.
This proves the effectiveness of cascade binary tag-
ging strategy by first identifying the head men-
tion and then extract the corresponding tail men-
tion given a relation. Specifically, the F1 scores of
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Wu, graduate_from, Manchester College
Lu, affiliation_of, Yanjing University 
Wu, affiliation_of, Yanjing University

Annotations

Case in HacRED
... Wu graduated from Manchester College ... and went to 
University of Chicago to study for a doctorate ... President Lu
invited him to teach western literature at Yanjing University. 
Wu resolutely came back to homeland and became a professor 
before finishing his doctoral dissertation.

Homogeneous Entities, Similar Relations, Distractor, Reasoning
Hard Case Indicators

…

Wu, graduate_from, University of Chicago 
Lu, graduate_from, Yanjing University 

Predictions

…

Figure 4: An example of hard cases in HacRED with
multiple indicators.

overlapping head and tail mentions are 66.38% and
47.44% respectively. Similarly, results of the two
above metrics in CopyRE are 13.31% and 3.57%.
The relative higher performance on overlapping
head mentions than tail mentions also suggests that
the order of extracting arguments could have effect
on the results.

Distractor and Reasoning. We manually select
instances with Distractor and Reasoning indica-
tors in HacRED because they cooccur frequently
in corpus. As illustrated in Table 10, we observe a
drop of the F1. This suggests that models are vul-
nerable to this kind of instances. However, there
are lots of texts with distractions or implicit expres-
sion, which needs reasoning, and even common
sense. The model design should take the reasoning
mechanism into consideration in the future work.

5.5 Case Study

As shown in Figure 4, the text mentions multiple
organization entities and similar relations includ-
ing graduate_from and affiliation_of.
The incorrect triple (Lu, graduate_from, Yan-
jing University) extracted by CasRel represents
that models struggle to capture fine-grained seman-
tic information. The distractive phrases study for
a doctorate could result in the incorrect extraction
(Wu, graduate_from, University of Chicago),
which can be rectified by comprehending the con-
text of before finishing his doctoral dissertation.
Reasoning is needed to extract the triple (Wu, af
filiation_of, Yanjing University) since he
worked as a professor in the organization.

6 Conclusion

In order to effectively evaluate the RE models
and accelerate the research of practical RE, we
first analyze the performance gap between popu-
lar datasets and practical applications. Therefore,
we construct a large-scale and high-quality Ha-
cRED with reasonable data distribution and suffi-
cient hard cases. To focus on the practical chal-
lenging cases, we propose a case-oriented con-
struction framework. We also design a novel an-
notation method to guarantee the quality of Ha-
cRED. Finally, we conduct extensive experiments
and analyze the abilities of SOTA models from var-
ious aspects, which provides a deeper understand-
ing of RE models and inspiration for further im-
provement.
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A More Examples of Hard Cases in NYT

In Table 12, we provide additional error-prone ex-
amples in NYT that fit other indicators of practical
hard cases including Text Length, Argument Dis-
tance, Multiple Triples, and Overlapping Triples.
We have illustrated the instances with other indica-
tors in Section 3.

Text 1: Sixten Ehrling, ..., and directed the conducting
programs at the Juilliard School and ...
Annotation: affiliation of
Prediction: major shareholder of
Indicators: Text Length, Argument Distance
Interpretation: The text contains many words and the
distance between head and tail mention is much far.
There is no indicating phrases such as work in directly
revealing the relation affiliation of.
Text 2: Though officials in Addis Ababa , Ethiopia’s
capital , ...
Annotation: administrative divisions,
contains, capital
Prediction: capital of
Indicators: Multiple Triples, Overlapping Triples
Interpretation: The text mentions multiple triples and
entities such asEthiopia are involved in different triples.

Table 12: Examples of hard cases in NYT. The head
and tail mentions are colored accordingly.

B Details of Feature Engineering

We calculate the Text Length and Argument Dis-
tance as the number of tokens in the text and be-
tween the head and tail entity mentions. Homo-
geneous Entities are measured by the NER results
of TexSmart and equal to number of entities with
same NER tag. The measurements of Distrac-
tors, Similar Relations are based on pre-defined
schemas and auxiliary information, part of which
is shown in Table 13. Multiple Triples and Over-
lapping Triples are computed by the triples from
DS. As reasoning can not be implicitly quantified,
we suppose the deep neural models to capture the
features of context.

C Details of Classifier Training

A decision tree is learned by the auxilliary features
calculated in stage 2. For deep models, we con-
catenate multiple embeddings and auxilliary fea-
tures to make up the input. We add special to-
kens to mark the border of each entity and generate
the representation vector as recommended in Bal-
dini Soares et al. (2019). We assign a label 1 to
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Relation Type of Arguments Similar Relations Explicit Phrase Distractors

graduate_from PERSON,
ORG

affiliation _of,
founder_of

graduate,
receive a degree

drop out college,
visit

spouse PERSON,
PERSON

parent,
children

marry, wife,
tie the knot with ex-wife

director PERSON,
FILM / TV SERIES

cast_member,
scriptwriter_of directed watch

anchorperson_of PERSON,
VARIETY SHOW invited_guest_of emcee, host

... ... ... ... ...

Table 13: Examples of pre-defined schemas and simple auxiliary informations to measured the indicator_distractor
and similar_rels. Experts define some implicit expressions such as receive a degree reveals the relation gradu-
ated_from and distractive phrases like ex-wife for spouse.

FILM……adapted by BOOK written by PERSON-1. PERSON-2 and PERSON-3 
direct this film together. PERSON-4 plays the role of PERSON-5.

Stage 1：
director, cast_member, 

adapted_by
author+

Stage 2：
PERSON-1 … PERSON-4 PERSON-5

PERSON

Stage 3： PERSON-2, director, FILM ✔

PERSON-2, director, FILM
PERSON-1, author, BOOK

+

+

+

Human Annotation

Aggregation Results

Relational  Pattern 

recommendation 

Triple 
Schema

recommendation 

NER Toolkit 

recommendation 

FILM

NER Toolkit 

recommendation 

FILM

BOOK

BOOK

PERSON-1, cast_member, FILM

PERSON-1, author, BOOK

❌

✔

Figure 5: The illustration of three-stage annotation
method.

each instance in Dp and −1 in Dn. The deep mod-
els output the probability of the instance belong-
ing to hard cases and are optimized with the binary
cross entropy loss objective. To start PU learning,
we sample from D to form a unlabeled dataset Du

and set the hyperparameter πp = 0.41 estimated
by the proportion of hard cases selected by experts.
We implement nnPU (Kiryo et al., 2017) which is
efficient for massive data and deep learning and
use Jnnpu as the optimized objective,

Jnnpu = πp·Ep(x|y=1)[l(g(x))]+

max{0, Ep(x)[l(−g(x))]−
πp·Ep(x|y=1)[l(−g(x))]} (1)

where πp = p(y = 1), g is decision function, l
is surrogate loss function. We choose the double
hinge loss l = max(−z, max(0, 1

2 − 1
2z)) pro-

posed by (du Plessis et al., 2015).

D Three-stage Annotation Method

We illustrate the three-stage annotation method.
Given the context in Figure 5, director,

cast_member, and adapted_by is ap-
pended to the annotation of Stage 1 by relational
pattern. Crowdsourcing workers select the miss-
ing relation such as author. When all relation
mentions are annotated, NER toolkit recommend
multiple entity mentions with the corresponding
type. Workers need to select the highlighted words
that are not covered by entity recommendation in
the Stage 2. After stage 2, all mentions in context
with specific type are obtained. As the example
shown in Figure 5, given the target entity type of
PERSON, platform recommends the candidates in-
cluding PERSON-1 to PERSON-4. Workers select
highlighted words PERSON-5 which is missed. In
the final stage, we generate the candidate triples
automatically by permutation of arguments and re-
lations based on triple schema. Due to the rela-
tion director connects arguments with entity
type PERSON and FILM, we generate the triple
(PERSON-2, director, FILM) and ask annota-
tor to verify the correctness. Note that we employ
the powerful quality control method crowdtruth2.0
in every stages to prevent error propagation. As a
result, all triples marked as valid are saved.

E Calculation of the UQS, AQS, and
WQS Metrics in CrowdTruth2.0

We give the details of the calculation in data
quality evaluation. We calculate the three met-
ric unit quality score (UQS), annotation quality
score (AQS), and worker quality score (WQS) by
CrowdTruth2.0 (Dumitrache et al., 2018) on the
whole 9,231 instances in HacRED proposed as fol-
lows, where W1,W2 is the weight of the iteration
method and is initialized as one, u is the unit for
annotation,a is one annotation given a unit, i, j de-
notes the different workers. We straightforward
report the average of these metrics in Section 5.1.
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UQS(u) =

∑
i,j W1(i, j, u)WQS(i)WQS(j)∑

i,j WQS(i)WQS(j)
(2)

AQS(a) =

∑
i,j WQS(i)WQS(j)Pa(i|j)∑

i,j WQS(i)WQS(j)
(3)

WQS(i) = WUA(i)WWA(i)

WUA(i) =

∑
u W2(u, i)UQS(u)∑

u UQS(u)

WWA(i) =

∑
j,u W1(i, j, u)WQS(j)UQS(u)∑

j,u WQS(j)UQS(u)

(4)
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Abstract

Recent studies on the analysis of the mul-
tilingual representations focus on identifying
whether there is an emergence of language-
independent representations, or whether a mul-
tilingual model partitions its weights among
different languages. While most of such work
has been conducted in a “black-box” manner,
this paper aims to analyze individual com-
ponents of a multilingual neural translation
(NMT) model. In particular, we look at the
encoder self-attention and encoder-decoder at-
tention heads (in a many-to-one NMT model)
that are more specific to the translation of a cer-
tain language pair than others by (1) employ-
ing metrics that quantify some aspects of the
attention weights such as “variance” or “con-
fidence”, and (2) systematically ranking the
importance of attention heads with respect to
translation quality. Experimental results show
that surprisingly, the set of most important at-
tention heads are very similar across the lan-
guage pairs and that it is possible to remove
nearly one-third of the less important heads
without hurting the translation quality greatly.

1 Introduction

Recent work on analyzing the internals of
Transformer-based models (Vaswani et al., 2017)
sheds some light on how different components
within the models affect the final performance (Bo-
goychev, 2020; Behnke and Heafield, 2020), and
are closely related to playing linguistically inter-
pretable roles (Voita et al., 2019; Jo and Myaeng,
2020). Moreover, studies on the analysis of mul-
tilingual representations (Conneau et al., 2020b;
Dufter and Schütze, 2020; Wang et al., 2020b) fo-
cus on identifying whether there is an emergence
of language-independent representations in mul-
tilingual models, or whether multilingual models
partition their weights among different languages.

In this paper, we investigate if similar analy-
sis can be made for pretrained multilingual neu-
ral machine translation (NMT) models regarding
language pair specificity. More precisely, we
analyze multi-head attention in a many-to-one
(Transformer-based) NMT model and try to find,
through an extensive ablation method on selection
of the attention heads, whether some heads are
more specific to the translation of a certain lan-
guage pair than others.

Our contributions are the following: (1) we ex-
amine the effectiveness of different attention-based
metrics on pruning encoder self-attention and cross
attention heads; (2) we find that while it is possible
to discover rare heads that are specific to a language
pair by using a proposed head selection method,
most important heads are language-independent;
(3) we also show that around 30% of heads can be
removed with very little loss of performance.

2 Related Work

Recent studies analyzed the roles of attention heads
in the Transformer models either in language mod-
eling (LM) (Michel et al., 2019; Clark et al., 2019;
Jo and Myaeng, 2020) or NMT (Voita et al., 2019;
Behnke and Heafield, 2020; Michel et al., 2019). It
has been shown that a set of attention heads might
be redundant at inference and can be pruned with
almost no loss in performance. In addition, some
studies (Voita et al., 2019; Clark et al., 2019) sug-
gested a linguistic interpretation of self-attention
heads. However, most of these analyses were car-
ried out for a single language (in case of LM) or a
single language pair (in case of NMT).

In the meantime, efficiency in the cross-lingual
transfer of recently released pretrained multilin-
gual language models (Devlin et al., 2019; Con-
neau et al., 2020a) has boosted an active line of
research trying to analyze their representations to
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understand what favors the emergence of an inter-
lingua. For instance, Pires et al. (2019); Dufter
and Schütze (2020); Karthikeyan et al. (2020) tried
to decouple the effect of shared “anchors”1 from
the rest of the model. Very recently, Muller et al.
(2021) performed a more fine-grained analysis, ex-
amining representations at each layer of the model.

Despite the success of massively multilingual
NMT models (Johnson et al., 2017; Bapna and Fi-
rat, 2019; Aharoni et al., 2019; Zhang et al., 2020),
less effort has been made in analyzing multilin-
gual NMT representations. Kudugunta et al. (2019)
clustered the representations of different languages
learned by multilingual NMT models showing that
common representations emerge in the encoder.
Mareček et al. (2020) found that while RNN mod-
els (Attention Bridge architecture) (Cı́fka and Bo-
jar, 2018; Lu et al., 2018) learn to capture certain
linguistic properties with an increasing number of
target languages, Transformer models are largely
unaffected. Recent work of Zhang et al. (2021)
introduced a conditional routing layer in a form
of gate selection between language-specific and
language-independent projection, providing some
insights on which components allow for the emer-
gence of interlingua.

Our work builds on the findings from the at-
tention heads analyses (Voita et al., 2019; Michel
et al., 2019) but attempts to extend them to mul-
tilingual NMT, investigating whether it is possi-
ble to discover attention heads that are language
pair specific. Also, we experimented with a set of
attention-based metrics and analyzed how effective
they are in pruning under different language pairs
and types of attention.

3 Methodology

As our goal was to identify “important” attention
heads for different language pairs, we first needed
to define a metric or a procedure that can capture
the notion of “importance” of an attention head,
and selected heads based on this importance.

In Section 3.1, we present a set of metrics that
quantify certain aspects of attention weights, which
to some extent, can be considered as the impor-
tance. Section 3.2 illustrates a more direct approach
where the importance of a head is defined as the
extent of decrease in BLEU scores (Papineni et al.,
2002) resulted in pruning the head.

1either shared vocabulary or shared special tokens such as〈
SEP

〉
,
〈
EOS

〉
, etc.

3.1 Metrics Based on Attention Weights
We experimented with three types of metrics that
are defined for each attention head, headl∈L,h∈H ,
where l and h are the indices of layer and multi-
head, respectively. In what follows we define how
the metrics were computed for one sentence. Each
metric was computed and averaged over a set of
development sentences, then normalized to zero
mean and unit standard deviation for ease of com-
parison. We note that |I| and |J | were the number
of source tokens and/or target tokens, depending on
whether we looked at the self-attention of encoder
or the encoder-decoder cross attentions.

Confidence Voita et al. (2019) defined the notion
of confidence of a head to be the mean of its max-
imum attention weights, and showed that only a
small set of heads are confident and responsible for
most of the model’s performance.

conf(head) :=
1

|I|
∑

i∈I
max
j∈J

αi,j

Variance Inspired by Vig and Belinkov (2019),
we computed the expected position of attention
for token i as µi := E[j|i] = ∑

j∈J j · αi,j , and
measured how much each individual position was
away from it:2

var(head) := −
∑

i∈I

∑

j∈J
αi,j (µi − j)2

Coverage Tu et al. (2016) defined the notion
of coverage for encoder-decoder attentions which
computes the amount of attention a source token
has received. We extended the idea to the self-
attentions in encoder as well.

cov(head) :=
∑

j∈J

(∑

i∈I
αi,j

)2

More details on the metrics are provided in Ap-
pendix C.

3.2 Sequential Backward Selection of Heads
Intuitively, a head can be considered as important
if its removal results in a drastic decrease in the
BLEU scores. As different combinations of heads
can affect the performance differently, we followed
the sequential backward selection (SBS) algorithm
(Aha and Bankert, 1996), which is a top-down algo-
rithm starting from a feature set of all features (in

2As we wanted the important heads to have lower variance,
we multiplied the score with −1.
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Algorithm 1: SBS for Head Selection

selections← ∅;
while |selections| < |L| · |H| do

bleuMin←∞;
headMin← ∅;
for ∀ headl∈L,h∈H 6∈ selections do

masks← selections ∪ headl,h;
trans← Translate(masks);
bleuDrop← Evaluate(trans);
if bleuDrop < bleuMin then

bleuMin← bleuDrop;
headMin← headl,h;

end if
end for
selections← selections ∪ headMin;

end while
return selections;

our case, a set of all heads) and sequentially remov-
ing the most irrelevant features that maximize the
evaluation metric (in our case, the BLEU score).

The pseudo-code for the head selection proce-
dure is illustrated in Algorithm 1. The algorithm
first selects a head that, when masked, results in the
smallest decrease in the BLEU score; and adds it to
selections. For subsequent iterations, it proceeds
similarly, but the masks now include the heads
in selections as well as the candidate head. The
procedure terminates when all heads are selected.
Note that the time complexity of the algorithm is
O(|L|2|H|2), where L and H denote the set of lay-
ers and attention heads, respectively. It is a compu-
tationally intensive procedure as for each iteration,
a test set is translated and evaluated.

4 Experiments and Results

4.1 Preliminary Experiment

We conducted a preliminary experiment using a
many-to-one multilingual model trained on a TED
talk dataset (Qi et al., 2018), covering top-20 source
languages with the most data. We observed that
patterns of attention heads (measured with the “con-
fidence” metric) for both encoder self-attention and
encoder-decoder attention were very similar among
the language pairs.

For the main experiment, we decided to use
a larger and stronger multilingual model for the
following reasons: (1) the TED dataset is quite
small and the model trained on it achieves lower

BLEU scores and may not be regularised very well;
(2) the network capacity of the TED model could
be too limited for the language-pair-specific pat-
terns to emerge (if any). According to a study
on BERT’s multilinguality (Dufter and Schütze,
2020), the increased network capacity (i.e., over-
parameterization) is shown to lead to more decou-
pled representations between languages.

As the multilingual model described in Sec-
tion 4.2 is trained on much larger datasets, and
has a network capacity larger than the initial TED
model while covering fewer language pairs, we ex-
pect that the language-pair specificity (if any) is
more likely to emerge.

4.2 Experimental Settings

For the sake of reproducibility, all experiments
were conducted using a strong publicly available
many-to-one multilingual NMT model released
by Bérard et al. (2020). The model can translate
French, German, Italian, Spanish, and Korean sen-
tences into English. It is trained with standard
open-accessible datasets, including biomedical cor-
pora where available. The model uses a variant of
the Transformer-Big architecture (Vaswani et al.,
2017) with a shallower decoder: 16 attention heads,
6 encoder layers, and 3 decoder layers. The model
produces SOTA- or near-SOTA-level results for
news, IWSLT, and biomedical translation tasks.

As the model is many-to-one, we could set up
a controlled experiment where the BLEU scores
were directly compared among the language pairs.
We employed the development and test sets from
the TED talk dataset, and utilized only the multi-
lingual sentence pairs where both source and refer-
ence sentences were present for all five language
pairs.3 After the filtering, the development and test
sets contained 1771 and 2137 pairs, respectively.

As we were using a many-to-one model, we con-
ducted experiments on both encoder self-attentions
and encoder-decoder attentions. In our experi-
ments, we did not re-train or fine-tune the model
when masking each head, making procedure lighter
than other approaches involving the re-training.

4.3 Results

Heads importance across languages Figure 1
shows the heatmaps for each importance metric
(Sect. 3.1) for the self-attention and cross-attention

3Note that the English reference sentences were the same
across the language pairs.
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Figure 1: Each heatmap of a language pair shows the corresponding normalized metric scores for every (a) encoder
self-attention and (b) encoder-decoder attention head, broken out by layer (vertical axis) and head (horizontal
axis). For each metric, the color scales are identical across language pairs.

heads, respectively. The heatmaps were computed
for each language pair separately (FR-EN, KO-EN,
etc.) or jointly for all pairs (ALL-EN).4 The main
finding is that even if each metric displayed a dif-
ferent heatmap, the important heads were the same
for all language pairs according to these metrics.
In other words, the metrics did not highlight the
emergence of language pair specific (encoder or
cross) attention heads. Comparing among the met-
rics, variance and confidence tended to emphasize
the same heads (with the exception of the first self-
attention heads of each layer which were system-
atically rated as important by the variance metric).
On the other hand, coverage highlighted different
heads compared to the other two metrics.

Impact of head selection on NMT performance
In the previous paragraph, we explored several met-
rics that could help capturing the importance of an
attention head. We now analyze if these metrics
could be used to prune heads and the corresponding
impact on MT performance. We also investigate a
more direct (but more costly) approach to measure
how heads contribute to MT performance.

Figure 2 shows the evolution of BLEU curves as
more and more heads were pruned. Head pruning
was based on the importance metrics (removing
least important heads first according to the metrics
presented in Sect. 3.1) or on the SBS algorithm
(Sect. 3.2). Head selection was conducted sepa-
rately for each language pair,5 and the curves were
drawn from fitting polynomial regressions. First,
we observed that, for both encoder self-attentions
and cross attentions, it was possible to remove
around 30% of the less important heads without

4We only display FR-EN and KO-EN, reader should refer
to Appendix B for all language pairs.

5The language-independent selection of heads led to a very
similar plot as Fig. 2 and is provided in Appendix E

much decrease of BLEU. Next, we noted that for
cross attention head pruning, coverage seemed to
be a better alternative than confidence and variance,
while for encoder self-attention pruning confidence
remained the most efficient. Intuitively, coverage
metric is complementary to confidence in case of
cross attention as it measures whether the whole
input has been attended to. On the other hand, self-
attention heads seemed devoted to specific phenom-
ena (Voita et al., 2019; Clark et al., 2019) and there
was no need to attend to the whole sentence for this
matter. Finally, we also display the BLEU curves
for randomly ranking (rand-ranking) the at-
tention heads, confirming that the metrics proposed
can be used as a proxy to measure the importance of
heads and prune the least important ones. However,
the exhaustive (but costly) SBS algorithm logically
led to the best results.

Is there really no emergence of language-
specific heads? We verified how statistically
significant the BLEU differences were between
language-specific and language-independent heads
selection processes according to various metrics
with Mann–Whitney U tests (Mann and Whitney,
1947).6 We found no significant difference between
language-specific and language-independent head
rankings, even if some differences emerged for re-
sults obtained by SBS ranking.

Finally, we looked at how the individual head
rankings were varied according to the SBS algo-
rithm. Figure 3 illustrates the standard deviation of
each head position among the rankings of the five
different language pairs. We observed that there
were a few heads whose relative importance varied
greatly among the language pairs. For example,

6We report p-values for Mann–Whitney U tests in the
Appendix D.
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Figure 2: BLEU curves on test set when pruning subsequent self-attention and cross attention heads based on
different importance metrics (or SBS) computed from dev set (language pair dependently). To be seen in color.

Figure 3: Standard deviation of each (a) encoder self-attention and (b) encoder-decoder attention head ranking
with SBS algorithm. SBS rankings range from 1 to 96 for self attention and from 1 to 48 for cross attention and
standard deviation is calculated for each head, using these scores, among the five language pairs.

the head2,7 of the encoder-decoder attention was
ranked as least important for KO-EN but quite im-
portant for the other four language pairs.7 Similarly,
head1,7 for encoder self-attention was ranked as
not important for ES-EN while very important for
KO-EN. This analysis showed that, even though the
majority of important heads seemed to be language-
independent, certain heads may capture different
linguistic phenomena.

5 Conclusion and Future Work

We investigated if there are attention heads that
are language pair specific within a many-to-one
multilingual NMT model. We examined different
metrics for heads selection process and found that
confidence is a good proxy for self-attention heads
“prunability”, and coverage is a better indicator for
cross attention heads “prunability”.

We showed that, although it is possible to find
the rare heads specific to a language pair via the
extensive SBS procedure, the most important heads
are language-independent; and it is possible to
prune around 30% of the heads with no retraining

7Masking this single head alone, resulted in an increase
in BLEU for KO-EN by 0.03, while for others, a decrease in
BLEU up to 0.5.

and almost no loss in BLEU.8

As the findings from the SBS procedure indi-
cated that some language pair specific heads do
exist, a promising future direction is to perform
pruning at different level of granularity (Frankle
and Carbin, 2019; Zhao et al., 2020) (as opposed
to single scalar values computed by the metrics) in
order to identify which part of the model is more
language-specific. Such analysis could help us to
deploy multilingual models with better efficiency /
performance trade-offs.
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A Experimental Details

All the experiments were conducted using PyTorch (Paszke et al., 2019) and Fairseq (Ott et al., 2019)
toolkit. The multilingual NMT model used in the experiments can be downloaded online.9 Please refer to
Bérard et al. (2020) for more details on the model.

When running an experiment for each language pair, a single V100 GPU was used. We note that
computing the SBS rankings for encoder self-attention was the most computationally intensive part, where
almost 962 translations of the development set were conducted.

When computing the BLEU curves for the rand-ranking, we ran the procedure with a randomly
created ranking five times, and averaged the resulting BLEU scores.

B Heatmaps of Metric Scores for All Language Pairs

Figure B illustrates the normalized metrics scores for every attention head. We observed that for each
metric, the patterns are consistent across all language pairs.

FR-EN DE-EN

IT-EN ES-EN

KO-EN ALL-EN

FR-EN DE-EN

IT-EN ES-EN

KO-EN ALL-EN

FR-EN DE-EN

IT-EN ES-EN

KO-EN ALL-EN

(1) confidence (2) variance (3) coverage

(a) encoder self-attention

(2) variance (3) coverage

FR-EN DE-EN

IT-EN ES-EN

KO-EN ALL-EN

FR-EN DE-EN

IT-EN ES-EN

KO-EN ALL-EN

FR-EN DE-EN

IT-EN ES-EN

KO-EN ALL-EN

(1) confidence

(b) encoder-decoder attention

Figure B: Each heatmap of a language pair shows the corresponding normalized metric scores for every (a) en-
coder self-attention head and (b) encoder-decoder attention head, broken out by layer (vertical axis) and head
(horizontal axis). For each metric, the color scales are identical across language pairs.

C Remarks on the Importance Metrics

We denote |L| and |H| to be the number of layers and heads, respectively, while |S| and |T | represent
the number of source and target tokens. When calculating each metric, we began with the tensor shape,
(|L|, |H|, |S|, |S|) or (|L|, |H|, |T |, |S|), depending on whether we were computing for the encoder self-
attention or the cross attention. After the computation, the shape of the outcome tensor was: (|L|, |H|).

C.1 Confidence
We noted that the patterns of the confidence scores for each head tended to vary depending on the length
of sentences we used to compute the scores. This was due to the fact that the metric was calculated by
averaging over the maximum attention, which was inversely proportional to the length of sentences.

9https://github.com/naver/covid19-nmt
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C.2 Variance
The variance metric was defined so that heads with a small variance were considered to be important. A
small variance was achieved when most of the attention weights were focused on one or a few positions.
While this intuition came initially from encoder-decoder attention (interpreting attention as a source-target
alignment), it is less clear if it holds for encoder self-attention as well (our results seemed to suggest that
it is not the case).

C.3 Coverage
While the notion of coverage was initially proposed for encoder-decoder attention, we extended it to
the encoder self-attention. We may consider it as how much a source token has been attended from its
neighbouring source tokens. Similar to the variance metric, for the encoder self-attention, the importance
of high coverage is less clear where a head may play a specific role as discussed in Voita et al. (2019); Clark
et al. (2019). This probably accounts for the reason that the head pruning of the encoder self-attention
was not as effective as that of the cross attention.

D P-Values for Mann–Whitney U tests

As the BLEU curves obtained from language-specific pruning and language-independent pruning were
very similar, we performed a non-parametric statistical test, namely, Mann-Whitney U test, to compare
the outcomes. The test checks whether two samples are likely to derive from the same population (i.e.
that the two populations have the same shape).

Table D shows the p-values for the two-sided tests between BLEU curves computed using language-
specific and language-independent metrics for encoder self-attention and cross attention.

The high p-values (> 0.05) across all language pairs suggest that the differences in the BLEU scores
computed from the two scenarios were statistically insignificant.

FR-EN DE-EN IT-EN ES-EN KO-EN

conf 0.938 0.849 0.871 0.878 0.902
var 0.927 0.995 0.959 0.939 0.573
cov 0.570 0.555 0.865 0.927 0.850
sbs 0.137 0.189 0.293 0.878 0.375

(a) encoder self-attention

FR-EN DE-EN IT-EN ES-EN KO-EN

conf 0.918 0.988 0.965 0.968 0.881
var 0.991 0.994 0.997 0.985 0.936
cov 0.772 0.907 0.912 0.889 0.621
sbs 0.901 0.631 0.936 0.918 0.404

(b) encoder-decoder attention

Table D: P-values for Mann–Whitney U tests between BLEU scores computed using language-specific and -
independent metrics for (a) encoder self-attention and (b) encoder-decoder attention.

E BLEU Curves (Language-Independent Head Selection) for All Language Pairs

In Figure E, we present the BLEU curves obtained from pruning the encoder self-attention heads and
cross attention heads according to the importance metrics (and SBS) computed over all language pairs
(i.e. language-independent). We observed that the curves were very similar to those presented in Figure 2
of the main paper, where the computation was conducted over the specific language pairs.
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ES-EN KO-EN

(a) encoder self-attention
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ES-EN KO-EN

(b) encoder-decoder attention

Figure E: BLEU curves on test set when pruning subsequent (a) encoder self-attention heads and (b) encoder-
decoder attention heads based on different importance metrics (or SBS) computed from the development set
(language pair independently).
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Abstract

We propose a model that learns both the se-
quential and the structural features of code
for source code summarization. We adopt
the abstract syntax tree (AST) and graph
convolution to model the structural informa-
tion and the Transformer to model the se-
quential information. We convert code snip-
pets into ASTs and apply graph convolution
to obtain structurally-encoded node represen-
tations. Then, the sequences of the graph-
convolutioned AST nodes are processed by
the Transformer layers. Since structurally-
neighboring nodes will have similar represen-
tations in graph-convolutioned trees, the Trans-
former layers can effectively capture not only
the sequential information but also the struc-
tural information such as sentences or blocks
of source code. We show that our model out-
performs the state-of-the-art for source code
summarization by experiments and human
evaluations.

1 Introduction

Descriptions of source code are very important
documents for programmers. Good descriptions
help programmers understand the meaning of code
quickly and easily.

Source code has sequential information (code to-
kens) and structural information (dependency and
structure). To understand the content of the code
and generate a good summary, both pieces of in-
formation are essential to understand the summary.
However, most previous works used only one kind
of information. Iyer et al. (2016); Liang and Zhu
(2018); Hu et al. (2018b); Allamanis et al. (2016)
simply converted the source code into sequences
of tokens and tried to extract the features of the
source code from the sequential information of the
source code. They rarely considered the structure
information about the relationship between tokens.

On the other hand, Shido et al. (2019); Harer et al.
(2019); LeClair et al. (2020); Scarselli et al. (2008)
proposed tree-based models to capture the features
of the source code. They used the structural infor-
mation from parse trees but hardly considered the
sequence information of code tokens.

In order to accurately understand and represent
the source code, it is necessary to encode the struc-
tural information as well as the sequential infor-
mation. Recently, Ahmad et al. (2020) tried to rep-
resent both the sequential and the structural infor-
mation using the Transformer model with relative
encoding. Since relative encoding clipped the max-
imum distance for attention without considering
the parse tree, it is limited to represent the structure
of the code.

In this work, we propose a model that learns both
the structural and sequential information of source
code. We represent code snippets as abstract syntax
trees (ASTs), and apply graph convolution (Kipf
and Welling, 2017) to the ASTs to obtain the node
representation reflecting the tree structure such as
parents, children, and siblings. Nodes that are close
to each other in a tree, such as parent and child
nodes and sibling nodes, will have similar represen-
tations. Next, we convert the graph-convolutioned
ASTs into sequences by the pre-order traversal and
process them with Transformer layers (Vaswani
et al., 2017). Since structurally-neighboring nodes
have similar representations, such nodes will pay
more attention to one another in the Transformer
layers. Thus, the Transformer layers can easily cap-
ture not only the sequential information but also the
structural information such as sentences or blocks
of source code.

We also modify ASTs to better represent the
structural information of the source code. We add
sibling edges to represent neighboring blocks in
source code and add a node representing the name
of the function for Python. With the modification,
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(a) Source Code

(b) AST

(c) mAST

Figure 1: An example of Java code, Abstract Syntax
Tree and modified-Abstract Syntax Tree.

our model can better catch the blocks in the source
code.

In the experiment, we show that our model out-
performs the state-of-the-art for source code sum-
marization. We use two well-known Java (Hu et al.,
2018b) and Python (Wan et al., 2018) datasets col-
lected from Github. We additionally perform hu-
man evaluations and analyze the attention maps
between code tokens to see how well the model has
captured the structural information of code. The
result proves that it is very effective to model both
structural and sequential information for source
code summarization.

We describe the modified AST (mAST) in Sec-
tion 2 and present the proposed approach in Sec-
tion 3. In Section 4, we show the superiority of
our approach with experimental results and human
evaluations. We describe the related work in source
code summarization and compare their approaches
with our proposed approach in Section 5. Finally,
we conclude the paper in Section 6.

(a) Source Code

(b) AST

Figure 2: An example of Python code and Abstract Syn-
tax Tree. The Python AST parser we used does not
create a node for the function name unlike the Java
AST parser. Since the function name is a very important
keyword in generating summaries, we add the function
name in the red box (a) to FunctionDef node in the
Python AST.

2 Representing Code as mAST

Figure 1 shows a code snippet and its AST in Java.
The abstract syntax tree (AST) is a structure to
represent the abstract syntactic structure of code
in a programming language. Source code is sepa-
rated into blocks and can be transformed into a tree
structure. The leaf nodes of an AST represent code
identifiers and names. The non-leaf nodes represent
the grammar or the structure of the language. All
non-leaf nodes in an AST have the structural infor-
mation about which blocks they belong to (parent
node) and which block they have (child nodes). So,
we can easily catch the structure information of
code from ASTs.

In order to more effectively represent structural
information, we modify ASTs by adding edges be-
tween siblings. Statements or blocks at the same
level in a code snippet are represented as sibling
nodes. For example, Expression node (line 2 in the
code), Foreach node (line 3) and Return node (line
7) are the statements or blocks at the same level,
and they are represented as siblings in the AST.
However, in ASTs, blocks at the same level (sib-
ling nodes) are not directly connected as shown in
Figure 1b. We can indirectly catch such informa-
tion via parent nodes.

Neighboring blocks are very important for the
sequential and structural understanding of source
code. To directly represent neighboring blocks, we
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Figure 3: Overview of our proposed model.

add sibling edges to ASTs as shown in Figure 1c
(red dotted lines).

In the case of Python, the Python AST parser we
used does not create a node for the function name,
unlike the Java AST parser. As the function name is
a very important keyword in generating summaries,
we add the function name to FunctionDef node as
a child in the Python AST as shown in Figure 2.
Then, we modify Python ASTs by adding sibling
edges.

3 Proposed Model

We propose a model using graph convolution lay-
ers and transformer layers to summarize the source
code. To encode both the structural and the sequen-
tial information of code, we combine both of the
above layers.

Figure 3 shows the overview of our model. A
given snippet is represented as a modified AST
(mAST). The initial representation of nodes in the
mAST is generated by the embedding layer. Since
the embedding layer generates the representation
considering only nodes themselves, we use graph
convolution to capture the structural information.
We apply graph convolution to each node in mAST.
Then, we can have node representations consid-
ering the structural features as well as the node
features.

The graph-convolutioned mASTs are converted
into sequences by pre-order traversal, and the se-
quences are given to the Transformer encoder.
Since structurally-neighboring nodes have similar
representations, the Transformer encoder can ef-
fectively capture not only the sequential features
but also the structural features such as sentences
or blocks of source code. After the Transformer
encoder generates the representations by reflect-

ing the sequential and structural information, the
Transformer decoder generates summaries.

3.1 Graph Convolution Network
Graph convolutional network (Kipf and Welling,
2017) is one of graph neural networks for repre-
senting nodes based on neighborhood features of
each node in graph data. In this paper, graph con-
volution layers are used to capture the structure
information of mASTs. Since the mAST extracted
from a given code C is a graph, we denote an AST
as G(C) = {V,E}, where V is a set of nodes and
E is a set of edges. Initially, nodes in V are one-hot
encoded tokens and then mapped into representa-
tion vectors, X , by the embedding layer.

Given representationX of nodes andE of edges,
new representations of nodes are calculated by
graph convolution layers as follows.

H0 = X,X ∈ Rn×d

H(l+1) = σ(AH(l)W (l)),W l ∈ Rd×d

where A is the adjacency matrix, W l is the graph
convolution weight matrix in the l-th layer, σ is the
activation function, n is the total number of nodes
in an mAST, and d is the embedding dimension.
The feature of each node represented by the graph
convolution layer is denoted as H . In the experi-
ment, the dimension of the weight matrix in a graph
convolution is d=512.

3.2 Transformer Encoder-Decoder
After graph convolution layers, the mAST is con-
verted into a sequence by pre-order traversal. The
pre-order traversal is applied to the original AST,
not the mAST, because mASTs are transformed
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Dataset Java Python

Train 69,708 55,538
Valid 8,714 18,505
Test 8,714 18,502

Unique leaf nodes in ASTs 106 54
Unique non-leaf nodes in ASTs 57,372 101,229

Unique tokens in summaries 46,895 56,189

Avg. nodes in AST 131.72 104.11
Avg. tokens in summary 17.73 9.48

Table 1: Statistics of Java and Python dataset

into graphs by adding sibling edges. The mAST is
used to obtain the structural representation of nodes
by considering nodes and their neighbors. Since the
original AST contains the original structure of the
source code, we use it to obtain a sequence.

The Transformer encoder and decoder follow
the graph convolution layers. The sequence of the
mAST nodes is processed into the Transformer en-
coder. The Transformer architecture is good at cap-
turing long-term dependencies in a sequence. Since
we used graph convolutions, which generate similar
representations for structurally-neighboring nodes,
the Transformer encoder can easily capture depen-
dencies between nodes in the same code block,
between similar code blocks, and between code
blocks at the same level. As a result, the Trans-
former encoder can generate new representation
vectors which well reflect sequential and the struc-
tural information.

Next, the Transformer decoder generates the to-
ken of summary from the vectors generated by the
Transformer encoder. In the experiment, the dimen-
sion of nodes and summary tokens is dmodel=512.
The Transformer encoder and decoder are respec-
tively composed of a stack of N = 6 layers.

4 Experiment

We perform various experiments to show the superi-
ority of our model for source code summarization.

4.1 Setup

Datasets We evaluate our model using Java
dataset (Hu et al., 2018b) and Python dataset
(Wan et al., 2018). The statistics of the experiment
datasets are shown in Table 1. We used the Java
parser used by Alon et al. (2019) and the Python
parser used by Wan et al. (2018) for extracting the
abstract syntax tree of the code.

Metrics We adopt 3 performance metrics: BLEU
(Papineni et al., 2002), METEOR (Banerjee and
Lavie, 2005), and ROUGE-L (Lin, 2004).

Baselines We compare our model with baseline
models based on sequential information by Iyer
et al. (2016); Hu et al. (2018a,b); Wei et al. (2019);
Ahmad et al. (2020) and based on structural infor-
mation by Eriguchi et al. (2016); Wan et al. (2018).
We refer to the baseline results reported by Ahmad
et al. (2020).

Hyper-parameters We set the maximum length
to 200, and the vocabulary sizes for code and
summary to 50,000 and 30,000, respectively. We
train our proposed model using Adam optimizer
(Kingma and Ba, 2015). The mini-batch size and
dropout rate are 32 and 0.2. We set the maximum
training epoch to 200, and use early stopping. We
adopt beam search during inference time and set
the beam size to 4.

4.2 Quantitative Result

Overall Result Table 2 shows the overall perfor-
mance of the models. We present three proposed
models: AST-Only, AST+GCN and mAST+GCN.

AST-Only is the proposed model without graph
convolution layers. The model converts code snip-
pets into ASTs and does not include graph convo-
lutions. The sequenced AST nodes are given to the
Transformer encoder and decoder. We present this
model to verify how much ASTs are effective for
source code summarization. It performs better than
the baselines except for TransRel model proposed
by Ahmad et al. (2020). This result shows that AST,
which has more structural information on source
code, is better than simple code for source code
summarization.

AST+GCN is the proposed model with graph
convolution layers but without AST modification
(adding sibling edges). Code snippets are converted
into ASTs and node representations are gener-
ated by graph convolutions. The sequenced graph-
convolutioned AST nodes are input to the Trans-
former encoder and decoders. This model can ver-
ify how much the graph convolutions are useful. It
shows better performance than the baselines.

mAST+GCN is the proposed model with modi-
fied ASTs by adding sibling edges and with graph
convolution layers. It outperforms all baseline mod-
els. The performance improves by 0.91 and 0.3
BLEU, 0.74 and 0.35 METEOR, and 0.06 and 0.08
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Methods Java Python
BLEU METEOR ROUGE-L BLEU METEOR ROUGE-L

CODE-NN (Iyer et al., 2016) 27.60 12.61 41.10 17.36 09.29 37.81
Tree2Seq (Eriguchi et al., 2016) 37.88 22.55 51.50 20.07 08.96 35.64
RL+Hybrid2Seq (Wan et al., 2018) 38.22 22.75 51.91 19.28 09.75 39.34
DeepCom (Hu et al., 2018a) 39.75 23.06 52.67 20.78 09.98 37.35
API+CODE (Hu et al., 2018b) 41.31 23.73 52.25 15.36 08.57 33.65
Dual Model (Wei et al., 2019) 42.39 25.77 53.61 21.80 11.14 39.45
TransRel (Ahmad et al., 2020) 44.58 26.43 54.76 32.52 19.77 46.73

Proposed Model: AST-Only 44.76 26.75 53.93 31.59 19.16 45.48
Proposed Model: AST+GCN 45.30 27.26 54.45 32.41 19.77 46.35
Proposed Model: mAST+GCN 45.49 27.17 54.82 32.82 20.12 46.81

Table 2: Comparison of our proposed model with the baseline models.

ROUGE-L points in comparison to TranRel for
Java and Python datasets, respectively. The pro-
posed model with the AST modification has better
performances on BLEU, METEOR, and ROUGE-
L (excepts for METEOR in Java) than without the
modification. This proves that modified ASTs help
models learn more structural information of code
than general ASTs.

Position of graph convolution layers We per-
form additional experiments with different posi-
tions of graph convolution layers. The positions are
the front of the Transformer encoder, the back of
the Transformer encoder, and both the front and
back of the Transformer encoder.

Table 3 shows the performance scores according
to the position of the graph convolution layers. The
front model is the same as mAST+GCN which has
one graph convolution layer in front of the encoder.

The back model does not have graph convolution
layers in front of the Transformer encoder but has
one next to the encoder. Nodes in an mAST are
input to the encoder without graph convolutions,
but graph convolutions are applied to the output
of the encoder. Since the Transformer encoder can
catch structural patterns in simple sequences, the
graph convolution in the back of the encoder may
work better than the one in front because it can feed
more sharp structural information to the decoder.

The front+back model has two graph convolu-
tion layers: one in front and the other in the back
of the Transformer encoder. It may catch much
stronger structural patterns. The structurally en-
coded representations by a graph convolution layer
are fed to the encoder and the output of the encoder
is structurally enhanced once more by a graph con-
volution layer.

Table 3 shows the best result when located in
front of the Transformer encoder. The front+back

Position BLEU METOR ROUGE-L

Java Dataset

front 45.49 27.17 54.82
back 44.56 25.97 54.07

front+back 45.06 26.51 54.47

Python Dataset

front 32.82 20.12 46.81
back 32.31 19.70 46.42

front+back 32.58 19.78 46.58

Table 3: Performance by position of graph convolution
layers

Number BLEU METOR ROUGE-L

Java Dataset

1 45.49 27.17 54.82
2 44.72 26.70 53.87
3 44.14 25.62 53.46

Python Dataset

1 32.82 20.12 46.81
2 31.80 19.31 45.56
3 30.91 18.41 44.24

Table 4: Performance by number of graph convolution
layers

model is next to the front, and the back is the worst,
which means that the graph convolution before the
encoder is effective.

Since the Transformer has the ability to ex-
tract comprehensive features considering not only
sequential but also structural information in se-
quences, the convolution layer in the back of the
encoder may destruct such features and degrade the
performance. However, the graph convolution layer
in front of the encoder can help the encoder ana-
lyze structural patterns and to extract better features
because it enhances structural information.
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(a) mAST+GCN (b) AST+GCN (c) Baseline

(d) mAST+GCN (e) AST+GCN (f) Baseline

Figure 4: Attention maps of mAST+GCN, AST+GCN, and the baseline models for a code in Figure 5. (a), (b) and
(c) are the attention maps of the first Transformer encoder layer and (d), (e), and (f) are the attention maps of the last
Transformer encoder layer. A red box in (a) represents blocks in the snippets. We can see that the structural features
are clearly captured in the red box. Our model effectively captures large and hierarchical structural features.

Number of graph convolution layers We ana-
lyze the performance according to the number of
graph convolution layers. Graph convolutions are
effective at capturing structural features, so more
layers can help improve the performance. We tried
one to three layers in front of the encoder.

Table 4 is the result of each model with 1, 2 and
3 layers. The results show that our proposed model
with one graph convolution layer in front of the
Transformer encoder has better performance than
others. We think that this is because the graph struc-
ture of AST is not as complex as the general graph
structure. So, the node representation has the over-
smoothing problem when the graph convolution
layer is stacked deep.

4.3 Qualitative Result

We present the qualitative analysis of our model.
The attention map of an example code is compared
to show how much our model catches the structural
information. In order to further validate the perfor-
mance metrics of our model, we perform a human
evaluation on randomly sampled code snippets.

Attention Map Comparison We analyze atten-
tion maps of mAST+GCN, AST+GCN and the base-
line by Ahmad et al. (2020) to verify how our
model generates node representations compared

Figure 5: An example of Java code. We draw attention
maps for this in Figure 4.

to the others. Since we try to emphasize the struc-
tural information, we need to verify how much our
model reflects the structural information to gener-
ate representations.

We observe the attention maps for the sample
code in Figure 5. We draw an attention map by eval-
uating the pairwise dot product of the output of a
Transformer layer in the encoder. For mAST+GCN
and AST+GCN, the output of a layer is the se-
quence of the mAST nodes, and for the baseline, it
is the sequence of the program tokens.

We compare the attention maps of the first and
the last Transformer layer in the encoder of each
model. Figure 4a, 4b and 4c are the attention maps
of the first layer of mAST+GCN, AST+GCN and
the baseline. Figure 4d, 4e and 4f are the attention

2847



maps of the last layer of mAST+GCN, AST+GCN
and the baseline.

Rectangles on the diagonal as shown in a red
box in Figure 4a represent blocks in the snippets.
Since nodes or tokens in a block may have high
similarities, we can see rectangles along with the
diagonal. In the attention maps of the first layers,
the rectangles are faint because the structural infor-
mation has not been processed much yet, but we
can see many distinct rectangles which means that
the structural features are clearly captured.

If we compare the attention maps by our models
and the baseline, there are many small rectangles
in the baseline. On the contrary, in our models, we
can see a few large rectangles in which there are
small rectangles. We see a hierarchical structure in
the attention maps of our model.

The fact that the baseline produces many small
rectangles implies that the baseline can capture
only small structural features. We can also note
that these small structural features are smaller than
statements, considering that the example snippets
have only 4 lines. The baseline hardly captures
large structural features.

On the other hand, our model effectively cap-
tures large and hierarchical structural features. We
can easily identify rectangles that match with state-
ments or blocks in the attention maps by our pro-
posed models.

The attention maps from mAST+GCN and
AST+GCN are very similar. However, we can see
differences in each attention map of the first and
the last layer. If we compare the first layer attention
maps, the blocks of mAST+GCN are more distinct,
which implies that the modification of ASTs by
adding sibling edges is helpful to model structural
information. If we compare the last layer attention
maps, we can see that hierarchical structures of
rectangles are clear in the map by mAST+GCN,
which also says that the modification is effective to
capture structural features.

Human Evaluation We performed human evalu-
ation (Kryscinski et al., 2019) on the Java dataset to
prove the effectiveness of how good summaries our
model generates. We randomly choose 100 snip-
pets and ask 4 people with knowledge of the Java
language to evaluate the summaries. They are CS
graduate students and have many years of experi-
ence in Java languages. We ask them to evaluate
the 3 following aspects:

• Fluency (quality of the summary)

Fluency Relevance Coverage

Wins 146 145 144
Losses 130 135 140

Ties 124 120 116

Table 5: Human evaluation of the appropriateness of
the generated summaries on the Java dataset. We ask
annotators to select a more appropriate summary from
two candidates generated by different models. Our pro-
posed model outperforms the baseline.

• Relevance (selection of the important content
from source code)

• Coverage (selection of the whole content of
source code)

We show pairs of summaries from our model and
the baseline (Ahmad et al., 2020) to the annotators,
and ask them to select one of win, tie, and loss in
the three aspects, respectively. Our model shows
superiority in all aspects as shown in Table 5. The
scores of fluency and relevance are higher than the
baseline, which means that our model generates
more appropriate summaries using more natural
expressions.

Figure 6 shows some examples of summaries for
the qualitative comparison. We choose 6 Java snip-
pet examples. We choose them from the snippets
on which all the annotators make the same decision
in each aspect. The three snippets on the left are
the ones that the annotators choose win (our model
is better) and the right ones for loss.

5 Related Work

As techniques and methods of deep learning have
developed, researches for source code summa-
rization have been studied based on sequence-to-
sequence models. Iyer et al. (2016) proposed a
model that performed source code summarization
task for the first time. Allamanis et al. (2016) sum-
marized the source code using a convolutional at-
tention network model. Hu et al. (2018a) proposed
an RNN-based sequence-to-sequence model using
the pre-order traversal sequence of the abstract syn-
tax tree. Also, Hu et al. (2018b) summarized source
code with the knowledge on imported APIs us-
ing two encoders (source code encoder and API
encoder). Ahmad et al. (2020) proposed a Trans-
former model with a relative position for summa-
rizing source code. Wei et al. (2019) proposed a
dual model that learned the code and summary se-
quence simultaneously. Wan et al. (2018) adopted
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Figure 6: Examples for the qualitative comparison. The left examples are chosen from the ones that have 4 wins
(all the annotators agree that our model is better), and the right examples are chosen from the opposite cases.

reinforcement learning to summarize source code.
These approaches mainly focused on the sequential
and context information of code, but little consid-
ered the structural information about the relation-
ship between code tokens.

There are also studies that convert source code
to AST to represent the structure of source code.
Liang and Zhu (2018) proposed a tree-based re-
cursive neural network to represent the syntax tree
of code. Shido et al. (2019) represented source
code using the tree structure encoder of tree-LSTM.
Harer et al. (2019) adopted tree-transformer to en-
code the structure of ASTs. Fernandes et al. (2019)
proposed the structured neural model for source
code summarization. Alon et al. (2019) represented
source code based on AST paths between pairs
of tokens. LeClair et al. (2020) proposed a model
that encoded the AST of source code using graph
neural networks. These approaches utilized ASTs
to capture structural features, but less considered
the sequence characteristics of code in a program

language.

6 Conclusion

We proposed a model that learned both the sequen-
tial and the structural features of code for source
code summarization. We adopted the abstract syn-
tax tree (AST) and graph convolution to model
the structural information and the Transformer to
model the sequential information. We also modified
the AST to deliver more structural information.

We verified that modified ASTs and graph convo-
lutions were very effective to capture the structural
features of code through quantitative and qualita-
tive analysis. We also showed the superiority of
our model over the state-of-the-art for source code
summarization by experiments and human evalua-
tions.
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Abstract

Unknown intent detection aims to identify the
out-of-distribution (OOD) utterance whose in-
tent has never appeared in the training set. In
this paper, we propose using energy scores for
this task as the energy score is theoretically
aligned with the density of the input and can
be derived from any classifier. However, high-
quality OOD utterances are required during
the training stage in order to shape the energy
gap between OOD and in-distribution (IND),
and these utterances are difficult to collect in
practice. To tackle this problem, we propose
a data manipulation framework to Generate
high-quality OOD utterances with importance
weighTs (GOT). Experimental results show
that the energy-based detector fine-tuned by
GOT can achieve state-of-the-art results on
two benchmark datasets.

1 Introduction

Unknown intent detection is a realistic and chal-
lenging task for dialogue systems. Detecting out-
of-distribution (OOD) utterances is critical when
employing dialogue systems in an open environ-
ment. It can help dialogue systems gain a better
understanding of what they do not know, which
prevents them from yielding unrelated responses
and improves user experience.

A simple approach for this task relies on the soft-
max confidence score and achieves promising re-
sults (Hendrycks and Gimpel, 2017). The softmax-
based detector will classify the input as OOD if
its softmax confidence score is smaller than the
threshold. Nevertheless, further works demonstrate
that using the softmax confidence score might be
problematic as the score for OOD inputs can be
arbitrarily high (Louizos and Welling, 2017; Lee
et al., 2018).

∗∗ Corresponding author.

 Utterance: How much did I spend this week
 Intent: spending history

Locating Module

 Intent-related Word(s): How much did I spend this week

Generating Module

 OOD Utterance 1: How much did I drink this week
 OOD Utterance 2: How much did I lose this week

……

Weighting Module

Figure 1: An overview of our framework GOT. For
the utterance “How much did I spend this week” from
CLINC150 dataset (Larson et al., 2019). Our locating
module locates the intent-related word “spend”. And
then our generating module generates words “drink”,
“lose” to replace it and obtains OOD utterances. Fi-
nally, our weighting module assigns a weight for each
of OOD utterances.

Another appealing approach is to use genera-
tive models to approximate the distribution of in-
distribution (IND) training data and use the likeli-
hood score to detect OOD inputs. However, Ren
et al. (2019) and Gangal et al. (2019) find that like-
lihood scores derived from such models are prob-
lematic for this task as they can be confounded by
background components in the inputs.

In this paper, we propose using energy scores
(Liu et al., 2020) for unknown intent detection. The
benefit is that energy scores are theoretically well
aligned with the density of the inputs, hence more
suitable for OOD detection. Inputs with higher
energy scores mean lower densities, which can be
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classified as OOD by the energy-based detector.
Moreover, energy scores can be derived from any
pre-trained classifier without re-training. Never-
theless, the energy gap between IND and OOD
utterances might not always be optimal for differ-
entiation. Thus we need auxiliary OOD utterances
to explicitly shape the energy gap between IND
and OOD utterances during the training stage (Liu
et al., 2020). This poses a new challenge in that
the variety of possible OOD utterances is almost
infinite. It is impossible to sample all of them to
create the gap. Zheng et al. (2019) demonstrate
that OOD utterances akin to IND utterances, such
as sharing the same phrases or patterns, are more ef-
fective, whereas these high-quality OOD utterances
are difficult and expensive to collect in practice.

To tackle this problem, we propose a data
manipulation framework GOT to generate high-
quality OOD utterances as well as importance
weights. GOT generates OOD utterances by per-
turbing IND utterances locally, which allows the
generated utterances to be closer to IND. Specifi-
cally, GOT contains three modules: (1) a locating
module to locate intent-related words in IND utter-
ances; (2) a generating module to generate OOD
utterances by replacing intent-related words with
desirable candidate words, evaluated in two aspects:
whether the candidate word is suitable given the
context, and whether the candidate word is irrele-
vant to IND; (3) a weighting module to reduce the
weights of potential harmful generated utterances.
Figure 1 illustrates the overall process of GOT. Ex-
periments show that the generated weighted OOD
utterances can further improve the performance of
the energy-based detector in unknown intent de-
tection. Our code and data will be available at:
https://github.com/yawenouyang/GOT.

To summarize, the key contributions of the paper
are as follows:

• We propose using energy scores for unknown in-
tent detection. We conduct experiments on real-
world datasets including CLINC150 and SNIPS
to show that the energy score can achieve compa-
rable performance as strong baselines.

• We put forward a new framework GOT to gen-
erate high-quality OOD utterances and reweight
them. We demonstrate that GOT can further im-
prove the performance of the energy score by
explicitly shaping the energy gap and achieves
state-of-the-art results.

• We show the generality of GOT by applying
generated weighted OOD utterances to fine-tune
the softmax-based detector, and the fine-tuned
softmax-based detector can also yield significant
improvements.

2 Related Work

Lane et al., 2006, Manevitz and Yousef, 2007
and Dai et al., 2007 address OOD detection for
the text-mining task. Recently, this problem has
attracted growing attention from researchers (Tur
et al., 2014; Fei and Liu, 2016; Fei et al., 2016;
Ryu et al., 2017; Shu et al., 2017). Hendrycks and
Gimpel (2017) present a simple baseline that uti-
lizes the softmax confidence score to detect OOD
inputs. Shu et al. (2017) create a binary classi-
fier and calculate the confidence threshold for each
class. Some distance-based methods (Oh et al.,
2018; Lin and Xu, 2019; Yan et al., 2020) are also
used to detect unknown intents as OOD utterances
highly deviate from IND utterances in their local
neighborhood. Simultaneously, with the advance-
ment of deep generative models, learning such a
model to approximate the distribution of training
data is possible. However, Ren et al. (2019) find
that likelihood scores derived from these models
can be confounded by background components,
and propose a likelihood ratio method to alleviate
this issue. Gangal et al. (2019) reformulate and
apply this method to unknown intent detection.

Different from these methods, we introduce the
energy score for this task. Liu et al. (2020) prove
that the energy score is theoretically aligned with
the density of the input, and can be derived from
any classifier without re-training, hence desirable
for our task. We further propose a data manipu-
lation framework to generate high-quality OOD
utterances to shape the energy gap between IND
and OOD utterances.

Note that there are some related works that also
generate OOD samples to improve OOD detection
performance. Lee et al. (2017) generate OOD sam-
ples with Generative Adversarial Network (GAN)
(Goodfellow et al., 2014), and Zheng et al. (2019)
explore this method for unknown intent detection.
However, there are two major distinctions between
our study and these works. First, they generate
OOD utterances according to continuous latent
variables, which cannot be easily interpreted. In
contrast, our framework generates utterances by
performing local replacements to IND utterances,
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which is more interpretable to human. Second, our
framework additionally contains a weighting mod-
ule to reform the generated utterances. Our work is
also inspired by Cai et al. (2020), which proposes
a framework to augment the IND data, while our
framework aims to generate OOD data.

3 Preliminary

In this section, we formalize unknown intent detec-
tion task. Then we introduce the energy score, and
its superiority and limitations for this task.

3.1 Problem Formulation

Given a training dataset Dtrain
in = {(u(i), y(i))}Ni=1

where u(i) is an utterance and y(i) ∈ Yin =
{y1, y2, ..., yK} is its intent label. In testing, given
an utterance, unknown intent detection aims to de-
tect whether its intent belongs to existing intents
Yin. In general, unknown intent detection is an
OOD detection task. The essence of all methods is
to learn a score function that maps each utterance
u to a single scalar that is distinguishable between
IND and OOD utterances.

3.2 Energy-based OOD Detection

An energy-based model (LeCun et al., 2006) builds
an energy function E(u) that maps an input u to
a scalar called energy score (i.e., E : RD → R).
Using the energy function, probability density p(u)
can be expressed as:

p(u) =
exp(−E(u)/T )

Z
, (1)

where Z =
∫
u exp(−E(u)/T ) is the normalizing

constant also known as the partition function and
T is the temperature parameter. Take the logarithm
of both side of (1), we can get the equation:

log p(u) = −E(u)/T − logZ. (2)

Since Z is constant for all input u, we can ignore
the last term logZ and find that the energy func-
tion −E(u) is in fact linearly aligned with the log
likelihood function, which is desirable for OOD
detection (Liu et al., 2020).

The energy-based model has a connection with
a softmax-based classifier. For a classification
problem with K classes, a parametric function f
maps each input u to K real-valued numbers (i.e.,
f : RD → RK), known as logits. Logits are used

to parameterize a categorical distribution using a
softmax function:

p(y|u) = exp[fy(u)/T ]∑
y′ exp[fy′(u)/T ]

, (3)

where fy(u) indicates the yth index of f(u), i.e.,
the logit corresponding the yth class label. And
these logits can be reused to define an energy func-
tion without changing function f (Liu et al., 2020;
Grathwohl et al., 2020):

E(u) = −T · log
∑

y′
exp [fy′(u)/T ]. (4)

According to the above, a classifier can be reinter-
preted as an energy-based model. It also means the
energy score can be derived from any classifier.

Due to its consistency with density and accessi-
bility, we introduce the energy score for unknown
intent detection, and utterances with higher energy
scores can be viewed as OOD. Mathematically, the
energy-based detector G can be described as:

G(u; δ, E) =

{
IND E(u) ≤ δ,
OOD E(u) > δ,

(5)

where δ is the threshold.
Although the energy score can be easily com-

puted from the classifier, the energy gap between
IND and OOD samples might not always be opti-
mal for differentiation. To solve this problem, Liu
et al. (2020) propose an energy-bounded learning
objective to further widen the energy gap. Specif-
ically, the training objective of the classifier com-
bines the standard cross-entropy loss with a regu-
larization loss:

L = E(u,y)∼Dtrain
in

[− logFy(u)] + λ · Lenergy,
(6)

where F (u) is the softmax output, λ is the auxiliary
loss weight. The regularization loss is defined in
terms of energy:

Lenergy = E(u,y)∼Dtrain
in

(max(0, E(u)−min))
2

+ Eû∼Dtrain
out

(max(0,mout − E(û)))2, (7)

which utilizes both labeled IND data Dtrain
in and

auxiliary unlabeled OOD data Dtrain
out . This term

differentiates the energy scores between IND and
OOD samples by using two squared hinge loss with
the margin hyper-parameters min and mout.
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Ideally, one has to sample all types of OOD ut-
terances to create the gap, which is impossible in
practice. Zheng et al. (2019) demonstrate that
OOD utterances akin to IND utterances could be
more effective, but more difficult to collect. To ad-
dress this problem, we propose a data manipulation
framework, which can generate these high-quality
OOD utterances and assign each generated utter-
ance an importance weight to reduce the impact of
potential bad generation.

4 Approach

In this section, we will introduce our data manip-
ulation framework GOT in detail. GOT aims to
generate high-quality OOD utterances by replacing
intent-related words in IND utterances, and then
assign a weight to each generated OOD utterance.
Eventually, the weighted OOD utterances can be
used to shape the energy gap.

4.1 Locating Module

Since not all words in utterances are meaningful,
such as stop words, when generating OOD utter-
ances, replacing these words may not change the
intent. It is more efficient and effective to replace
those intent-related words. Hence, we design an
intent-related score function S to measure how a
word w related to an intent y:

S(w, y) =
∑

u∈Dtrain
y

∑

wj∈u
I(wj = w)[log p(wj |w<j , y)

− log p(wj |w<j)], (8)

whereDtrain
y is the subset ofDtrain

in , which contains
utterances with intent y, I is the indicator function,
wj is the jth word in u, and w<j = w1, ..., wj−1.

Given w and y, the intent-related score function
is the sum of the log-likelihood ratios for all w in
Dtrain
y . If w is related to y, w tends to occur more

frequently in Dtrain
y than other words. For each

occurrence of w, i.e., wj equals w, p(w|w<j , y)
should be higher than p(w|w<j) as the former is
additionally conditioned on the related y, while the
latter is not, hence resulting in a higher S(w, y).
In contrast, if w is not related to y, p(w|w<j , y) is
much less likely to be higher than p(w|w<j), or w
tends to have a lower frequency in Dtrain

y , hence
S(w, y) is likely to be small. Therefore, S(w, y)
can serve as a valid score function to measure how
a word w is related to an intent y.

Figure 2: A class-conditional language model to esti-
mate p(wj |w<j , y).

With the help of S, given an utterance to be
replaced and its intent label, the locating module
calculates the intent-related score for each word in
this utterance, and a word with a higher score (i.e.,
larger than a given threshold) can be viewed as an
intent-related word.

Implementation: We use two generative mod-
els to estimate p(wj |w<j , y) and p(wj |w<j) sep-
arately. Specifically, we train a class-conditional
language model (Yogatama et al., 2017) withDtrain

in

to estimate p(wj |w<j , y), shown in Figure 2. To
predict the word wj , we can combine the hidden
state hj with the intent embedding from a learnable
label embedding matrix Ey, then pass it through
a fully connected (FC) layer and a softmax layer
to estimate the word distribution. In the training
process, the input is the utterance with its intent
from Dtrain

in , and the training objective is to maxi-
mize the conditional likelihood of utterances. To
estimate p(wj |w<j), we directly use pre-trained
GPT-2 (Radford et al., 2019) without tuning. Note
that the whole training process only needs Dtrain

in ,
and does not need auxiliary supervised data.

4.2 Generating Module
After detecting intent-related words in the utterance
u, for each of the intent-related words wt, the gen-
erating module aims to generate the replacement
words from the vocabulary set to replace wt and
obtain OOD utterances. We design a candidate
score function Q to measure the desirability of the
candidate word c:

Q(c;u, wt) = log p(c|w<t,w>t)

− log
∑

y∈Yin
p(c|w<t, y)p(y). (9)

The first term of the right hand side is the log-
likelihood of c conditioned on the context of wt;
the higher it is, the more suitable c is given the
context. The second term of the right hand side
is the negative log of the average likelihoods of c
conditioned on the IND label and previous context;
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the higher it is, the less relevant c is to IND utter-
ances. Therefore, if c has a higher candidate score,
that means it fits the context well and has a low
density under the IND utterance distribution, thus
can be selected as the replacement word to replace
wt. The resulting generated OOD utterance is:

û = {w<t, c,w>t}. (10)

Implementation: Similar with the locating mod-
ule, we also do not need auxiliary supervised
data to train the generating module. We use
the same class-conditional language model men-
tioned in Section 4.1 to estimate p(c|w<t, y).
p(y) is the training set label ratios. To estimate
p(c|w<t,w>t), we use pre-trained BERT (Devlin
et al., 2018) without tuning.

4.3 Weighting Module

Since we cannot ensure the generation process
is perfect, given a generated OOD utterance set
Dgen

out = {û(i)}Mi=1, there might be some unfavor-
able utterances that are useless or even harmful
for tuning the classifier. To fit these utterances,
the generalization ability of the classifier will de-
crease. The weighting module aims to assign these
utterances small weights.

We first use Equation 6 as the loss function to
train a classifier by takingDgen

out asDtrain
out . Then we

calculate the influence value φ ∈ R (Wang et al.,
2020) for each generated utterance û. The influ-
ence value approximates the influence of removing
this utterance on the loss at validation samples. An
utterance with positive φ implies that its removal
will reduce the validation loss and strengthen the
classifier’s generalization ability, thus we should
assign it a small weight. * In particular, given φ,
we calculate weight α as follows:

α =
1

1 + e
γφ

maxφ −minφ

, (11)

where γ ∈ R+ is used to make the weight distri-
bution flat or steep, maxφ and minφ are the maxi-
mum and minimum influence value of utterances
in Dgen

out .

Implementation: We still do not need auxiliary
supervised data for this module. The validation
loss is the cross-entropy loss on the validation set.

*Details about how to calculate the influence can be found
in (Koh and Liang, 2017; Wang et al., 2020).

Algorithm 1 Data Manipulation Process
Input: Training set Dtrain

in , intent-related score function S,
candidate score function Q, intent-related word threshold
ε, candidate number K, weight term γ

Output: Generated weighted OOD utterances set Dgw
out

1: Dgen
out = {} # generated OOD utterances without weights

2: for (u, y) ∈ Dtrain
in do

3: for wj ∈ u do
4: if S(wj , y) > ε then
5: C = top−Kc Q(c;u,wj)
6: for c ∈ C do
7: û = {w<j , c,w>j}
8: Add û into Dgen

out

9: end for
10: end if
11: end for
12: end for
13: Dgw

out = {} # generated weighted OOD utterances
14: for û ∈ Dgen

out do
15: Calculate the weight α by Equation 11
16: Add (û, α) into Dgw

out

17: end for
18: return Dgw

out

4.4 Overall Data Manipulation Process
We summarize the process of GOT in Algorithm
1. Line 4 shows that wj can be viewed as an intent-
related word for y if S(wj , y) is greater than the
intent-related word threshold ε. Line 5 shows that
we generate K replacement words with the top-K
Q(c;u, wt).

4.5 Shape the energy gap with GOT
After obtaining weighted OOD utterances set Dgw

out,
we can explicitly shape the energy gap with them,
resulting in IND utterances with smaller energy
scores and OOD utterances with higher energy
scores. Specifically, we redefine the regulariza-
tion loss in Equation 6 as follows and use it to
re-train the classifier:

Lenergy = E(u,y)∼Dtrain
in

(max(0, E(u)−min))
2

+ E(û,α)∼Dgw
out
α(max(0,mout − E(û)))2. (12)

In the testing process, we can calculate the en-
ergy score for the utterance by Equation 4, and
identify whether it is OOD by Equation 5.

5 Experimental Setup

5.1 Datasets
To evaluate the effectiveness of the energy score
and our proposed framework, we conducted exper-
iments on two public datasets:

• CLINC150† (Larson et al., 2019): this dataset
†https://github.com/clinc/oos-eval
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Statistic CLINC150 SNIPS

Train 15000 9385
validation 3000 500
Test-IND 4500 486
Test-OOD 1000 214
Test-IND: Test-OOD 4.5: 1 2.3: 1
Number of IND classes 150 5

Table 1: Statistics of CLINC150 and SNIPS datasets.

covers 150 intent classes over ten domains. It sup-
ports some OOD utterances that do not fall into
any of the system’s supported intents to avoid
splitting unknown intents manually.

• SNIPS‡ (Coucke et al., 2018): this dataset is
a personal voice assistant dataset that contains
seven intent classes. SNIPS does not explicitly
include OOD utterances. We kept two classes
SearchCreativeWork and SearchScreeningEvent
as unknown intents.

Table 1 provides summary statistics about these
two datasets. Note that the training set and valida-
tion set do not include OOD utterances.

5.2 Metrics
We used four common metrics for OOD detection
to measure the performance. AUROC (Davis and
Goadrich, 2006), AUPR In and AUPR Out (Man-
ning et al., 1999) are threshold-independent per-
formance evaluations and higher values are better.
FPR95 is the false positive rate (FPR) when the
true positive rate (TPR) is 95%, and lower values
are better.

Considering the smaller proportion of OOD ut-
terances in the test set on two datasets, AUPR Out
is more informative here.

5.3 Baselines
We introduce the following classifier-based meth-
ods as baselines:

• MSP (Hendrycks and Gimpel, 2017) trains a clas-
sifier with IND utterances and uses the softmax
confidence score to detect OOD utterances.

• DOC (Shu et al., 2017) trains a binary classifier
for each IND intent and uses maximum binary
classifier output to detect OOD utterances.

• Mahalanobis (Lee et al., 2018) trains a classifier
with softmax loss and uses Mahalanobis distance

‡https://github.com/snipsco/nlu-benchmark

of the input to the nearest class-conditional Gaus-
sian distribution to detect OOD utterances.

• LMCL (Lin and Xu, 2019) uses LOF (Bre-
unig et al., 2000) in the utterance representation
learned by a classifier. In training, they replace
the softmax loss with LMCL (Wang et al., 2018).

• SEG (Yan et al., 2020) also uses LOF in the
utterance representation. In training, they use
semantic-enhanced large margin Gaussian mix-
ture loss.

5.4 Implementation Details
For a fair comparison, all classifiers used in the
above methods and ours are pre-trained BERT (De-
vlin et al., 2018) with a multi-layer perceptron
(MLP). We select parameter values based on valida-
tion accuracy. For energy score, we follow Liu et al.
(2020) to set T as 1, λ as 0.1, min as -8 and mout

as -5. For influence value, we focus on changes
on MLP parameters and use stochastic estimation
(Koh and Liang, 2017) with the scaling term 1000
and the damping term 0.003. For LMCL imple-
mentation, we set nearest neighbor number as 20,
scaling factor s as 30 and cosine margin m as 0.35,
which is recommended by Lin and Xu (2019). For
SEG, we follow Yan et al. (2020) to set margin as
1 and trade-off parameter as 0.5.

For our framework, we set candidate number
K as 2, weight term γ as 20. In particular, for
CLINC150, we set threshold ε as 150 and gener-
ate 100 weighted utterances for each intent. For
SNIPS, we set threshold ε as 1500 and generate
1800 weighted utterances for each intent. The dif-
ference in settings between two datasets is due to
the different sizes of per intent in the training set.

6 Results and Analysis

In this part, we will show the results of different
methods on two datasets and offer some further
analysis.

6.1 Overall Results
As shown in Table 2, we can observe that:

• The energy score can achieve comparable results
on two datasets. Note that on SNIPS dataset,
the advantages of the energy score are not as
obvious. The reason is that SNIPS dataset is
not as challenging as CLINC150 dataset, most
methods can achieve good results, such as AUPR
out is greater than 0.9.
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Method CLINC150 SNIPS
AUROC ↑ FPR95↓ AUPR In↑ AUPR Out↑ AUROC ↑ FPR95↓ AUPR In↑ AUPR Out↑

MSP 0.955 0.164 0.990 0.814 0.951 0.370 0.970 0.922
DOC 0.943 0.221 0.985 0.790 0.938 0.493 0.956 0.910
Mahalanobis 0.969 0.118 0.993 0.871 0.979 0.088 0.989 0.964
LMCL 0.962 0.124 0.992 0.810 0.976 0.087 0.987 0.960
SEG 0.959 0.152 0.991 0.823 0.974 0.074 0.986 0.948
Energy 0.967 0.143 0.991 0.897 0.944 0.497 0.964 0.924
Energy + GOT 0.973 0.114 0.993 0.914 0.989 0.039 0.995 0.972
Energy + GOT w/o weighting 0.972 0.123 0.992 0.909 0.979 0.083 0.989 0.969

Table 2: AUROC, FPR95, AUPR In, AUPR Out on CLINC150, SNIPS datasets. Best results are in bold. All
results are averaged across five seeds.
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Figure 3: Effect of the auxiliary loss weight (left) and
the number of generated weighted OOD utterances per
intent (right).

• Energy + GOT achieves better results on two
datasets as compared to the raw energy score.
It indicates that our generated weighted OOD
utterances can effectively shape the energy gap,
resulting in more distinguishable between IND
and OOD utterances.

• We also report ablation study results. “w/o
weighting” is the energy score tuned by OOD
utterances without reweighting. We can see
that there is a decrease in performance on both
datasets, which shows the advantage of the
weighting module (p-value < 0.005).

6.2 Effect of Hyper-parameters
During the training process, we find that the
method performance is sensitive to two hyper-
parameters: auxiliary loss weight λ and the number
of generated weighted OOD utterances per intent.
We conduct two experiments to demonstrate their
effects separately. We choose CLINC150 dataset
as it is more challenging as mentioned before.

Auxiliary Loss Weight: We set the auxiliary
loss weight λ from 0 to 0.5 with an interval of
0.1 to observe its impact.

Results are shown in Figure 3 (left). With
the increase of auxiliary loss weight, the perfor-
mance increases first and then decreases. λ = 0.1

Method AUROC ↑ FPR95↓ AUPR In↑ AUPR Out↑
Energy 0.967 0.143 0.991 0.897
Energy + Wiki 0.961 0.170 0.988 0.889

Table 3: Effect of using Wikipedia sentences to shape
the energy gap.

Method AUROC ↑ FPR95↓ AUPR In↑ AUPR Out↑
MSP 0.955 0.164 0.990 0.814
MSP + GOT 0.972 0.118 0.993 0.903

Table 4: Effect of using GOT to fine-tune the softmax-
based detector.

achieves the highest AUPR Out 0.914 and outper-
forms λ = 0 with an improvement of 1.7% (AUPR
Out). The results suggest that although shaping
the energy gap can improve the performance, there
exists a trade-off between optimizing the regular-
ization loss and optimizing cross-entropy loss.

Number of OOD Utterances: we compare the
performance of generated weighted utterance num-
bers for each intent by adjusting the number from
0 to 100 with an interval of 20.

Results are shown in Figure 3 (right). As a
whole, AUPR Out increases as more OOD utter-
ances are incorporated into training. We can see
that the performance is also improved even with a
small generated number, which indicates the neces-
sity of explicitly shaping the energy gap.

6.3 Compare with Wikipedia Sentences
An easy way to obtain OOD utterances is from
the Wikipedia corpus. We investigate the effect of
regarding Wikipedia sentences as OOD utterances
to shape the energy gap on CLINC150 dataset. The
Wikipedia sentences are from Larson et al. (2019)
and the number is 14750.

As shown in Table 3, we can observe that these
sentences cannot improve the performance and
even have a negative effect (We experimented with
several hyper-parameters, this is the best result we
could get). After observing these Wikipedia sen-
tences, we find that they have little relevance to
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Intent IND utterance and intent-related word [w] Replacement word Weight

Insurance i need to know more about my health [plan] problems 0.50
what [benefits] are provided by my insurance services 0.19

Credit Limit Change can i get a higher limit on my american express [card] ticket 0.46
can you [increase] how much i can spend on my visa guess 0.54

Reminder can you list each item on my [reminder] list contacts 0.50
what’s on the [reminder] list agenda 0.78

Redeem Rewards walk me through the process of cashing in on [credit] card points those 0.22
i have credit card [points] but don’t know how to use them privileges 0.50

Table 5: Weighted OOD utterances generated by GOT on CLINC150 dataset.
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Figure 4: Histogram of the softmax confidence score
from MSP (left) and MSP + GOT (right).

IND utterances. Therefore, simply using Wikipedia
sentences is unrepresentative and ineffective for
shaping the energy gap.

6.4 GOT for Softmax-based Detector

As mentioned in Section 1, when using the
softmax-based detector, OOD inputs may also re-
ceive a high softmax confidence score. To tackle
this problem, Lee et al. (2017) replace the cross en-
tropy loss with the confidence loss. The confidence
loss adds the Kullback-Leibler loss (KL loss) on
the original cross entropy loss, which forces OOD
inputs less confident by making their predictive
distribution to be closer to uniform.

To verify the generality of GOT, we directly use
the generated weighted OOD utterances to fine-
tune the softmax-based detector with the confi-
dence loss. The results are shown in Table 4. Our
MSP + GOT has a significant improvement and
outperforms MSP by 8.9% (AUPR Out). Figure
4 provides an intuitive presentation. The softmax
confidence scores of OOD from MSP form smooth
distributions (see Figure 4 (left)). In contrast, the
softmax confidence scores of OOD from MSP +
GOT concentrate on small values (see Figure 4
(right)). Overall the softmax confidence score is
more distinguishable between IND and OOD after
tuning by GOT.

6.5 Case Study for GOT

We sample some intents and showcase generated
weighted OOD utterances in Table 5. We can ob-
serve that intent-related words that located by our
locating module are diverse, containing not only
words appeared in the intent label. The replace-
ment word fits the context well, and the intent of
the generated utterance is exactly changed in most
conditions. Admittedly, GOT may have a bad gen-
eration, like replace “benefits” with “services” in
the second utterance, which leads the generated ut-
terance is still in-domain. Fortunately, the weight-
ing module assigns these utterances a lower weight
to reduce their potential harm.

7 Conclusion and Future Work

In this paper, we propose using energy scores for
unknown intent detection and provide empirical
evidence that the energy-based detector is compa-
rable to strong baselines. To shape the energy gap,
we propose a data manipulation framework GOT to
generate high-quality OOD utterances and assign
their importance weights. We show that the energy-
based detector tuned by GOT can achieve state-
of-the-art results. We further employ generated
weighted utterances to fine-tune the softmax-based
detector and also achieve improvements.

In the future, we will explore more operations,
such as insertion, drop, etc., to enhance the diver-
sity of generated utterances.
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Abstract
The automated transcription of spoken lan-
guage, and meetings, in particular, is be-
coming more widespread as automatic speech
recognition systems are becoming more accu-
rate. This trend has significantly accelerated
since the outbreak of the COVID-19 pandemic,
which led to a major increase in the number
of online meetings. However, the transcrip-
tion of spoken language has not received much
attention from the NLP community compared
to documents and other forms of written lan-
guage. In this paper, we study a variation of
the summarization problem over the transcrip-
tion of spoken language: given a transcribed
meeting, and an action item (i.e., a commit-
ment or request to perform a task), our goal
is to generate a coherent and self-contained
rephrasing of the action item. To this end, we
compiled a novel dataset of annotated meet-
ing transcripts, including human rephrasing of
action items. We use state-of-the-art super-
vised text generation techniques and establish
a strong baseline based on BART and UniLM
(two pretrained transformer models). Due to
the nature of natural speech, language is of-
ten broken and incomplete and the task is
shown to be harder than an analogous task
over email data. Particularly, we show that the
baseline models can be greatly improved once
models are provided with additional informa-
tion. We compare two approaches: one in-
corporating features extracted by coreference-
resolution. Additional annotations are used to
train an auxiliary model to detect the relevant
context in the text. Based on the systematic hu-
man evaluation, our best models exhibit near-
human-level rephrasing capability on a con-
strained subset of the problem.

1 Introduction

Most of natural language processing (NLP) re-
search focuses on written language, such as emails
or Web pages, and less on an increasingly large

body of spoken language converted to text via au-
tomatic speech recognition (ASR). Particularly, to-
day, more and more meetings are conducted online,
especially since the COVID-19 social distancing
constraints. Online meetings may be transcribed
upon request, generating a huge amount of spoken
language text.1

Spoken language has different characteristics
from written language, and, from our experience,
it is typically vaguer and harder to understand: sen-
tences tend to be broken, less orderly, incomplete
(relying on subtext), and prone to speech-to-text
transformation errors (see Section 5).

Action items (AIs) are a common and particularly
important part of workplace meetings. An AI is a
commitment or a request to perform a certain task
by any of the parties involved. For example,

“I will send you the file later today.”

AIs occur naturally during conversations, but are
not always clear without relevant context. For ex-
ample, the AI “I will do it” contains a commit-
ment to act, but the nature of this action is unclear.
Nevertheless, the context of the AI might make it
clearer; e.g., if the AI is preceded by a sentence
such as “Can you prepare a presentation for Thurs-
day?”. In the context of written communication,
action items have been researched in a variety of
ways, such as AI detection (Bennett and Carbonell,
2007, 2005), summarization and rephrasing of AIs
in emails (Mukherjee et al., 2020; Rambow et al.,
2004), and more. Verbal communication, in con-
trast, has not received much attention.

In this paper, we focus on the task of rephras-
ing an action item from a transcribed meeting into
a coherent and self-contained utterance. Such an
utterance may be also referred to as a paraphrase,

1For example, Microsoft Teams, a popular online commu-
nication platforms, has reached 115 Million daily users on
October 2020.
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or a summary. Conceptually, the rephrasing task
may be split into two sub-tasks: one is locating
those parts in the context that are relevant to the AI;
the other is forming a coherent and self-contained
AI sentence from the original AI and the relevant
context. While even “off the shelf” summarization
models (e.g., HIBERT (Zhang et al., 2020)) may do
well in forming an action item sentence, manual ob-
servation of the data showed that such models often
fail to locate relevant context in the transcript. As
we show in Section 6, the same applies to models
trained specifically for the rephrasing task too. To
overcome this, we introduce ”hints” – additional
annotations that are added to the rephrasing models’
input to help the model better locate relevant spans
of text (see Figure 1). We use two kinds of hints:
coreference hints, which are obtained from a pre-
trained model for the coreference resolution task,
and context hints that are generated by a model
trained specifically for the task based on our train
data.

Our contribution may be summarized as follows:

1. We created a new dataset (coined AIR) includ-
ing AIs extracted from transcribed meetings,
with human annotations of context and AI
rephrasing.

2. We show that models intended for AI rephras-
ing in email perform considerably worse
on transcript data. Accordingly, we train
transformer-based models for AI rephrasing –
both on email data, reporting new state-of-the-
art performance, as well as on transcript data –
so as to form a baseline for the task.

3. We show that the baseline can be greatly im-
proved by adding ”hints” to the model’s input.
This results in near-human-level performance
on a constrained subset of the problem. We be-
lieve that this approach may apply to various
other problems.

We support our claims by extensive experimenta-
tion and evaluation, including independent human
evaluation.

2 Related work

While AI extraction and summarization of emails
have been researched extensively (Lin et al., 2018;
Mukherjee et al., 2020; Rambow et al., 2004; Scerri
et al., 2010), meeting transcripts have not received
as much attention from the community. Closest to

(a) Predicted context annotations highlighted

(b) Predicted coreference annotations in square brackets (includ-
ing cluster indices c:<index>)

Figure 1: Meeting transcript from the test set annotated
by (a) context model; (b) coreference model. AI ap-
pears between solid triangles. Predicted rephrasing—
baseline: “Speaker A will try to work on SmartKom stuff”;
context: “Speaker A will help Speaker C with SmartKom
stuff”; coreference: “Speaker A will try to work on SmartKom
stuff and if he can finish it he will”; human: “Speaker A will
meet Jerry next week and will try to work on the SmartKom
stuff”.

our work is the work of Mukherjee et al (Mukherjee
et al., 2020), which focuses on the extraction and
rephrasing of AIs over emails. While their goal is
very similar to ours, rephrasing transcripts is very
different from rephrasing emails, as we show in
Section 5.

Einolghozati et al. (2020) applied a pre-trained
BART with a copy mechanism for the task of
rephrasing virtual assistance messages. However,
they are focused on style adaptation and personal
pronouns modification while we focus on context-
based enrichment.

Meeting summarization has been explored in the
past (Oya et al., 2014; Garg et al., 2009). How-
ever, these works focus on full meeting transcript
summarization, where we focus on extracting and
rephrasing information specific to a given AI. In
this perspective, our work can be viewed as a vari-
ation of the known query based summarization
problem (Rahman and Borah, 2016), where given
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a document and a query, the algorithm goal is to
extract information regarding the query from the
document. While this topic has been studied in
the past (Saggion et al., 2003; Bosma, 2003; Nema
et al., 2017), to the best of our knowledge, there
has been no work that relates to meeting transcripts,
especially in the context of AIs.

3 The AIR Dataset

We create AIR Action Item Rephrasing, a new
dataset focused on professional meetings AI
rephrasing. The dataset is composed of instances,
where each instance contains ten utterances, where
the 8th utterance includes an AI. The labels are a
human-produced rephrasing of the AI. The annota-
tion process was split into three parts; acquiring raw
data from multiple sources, AI extraction, and AI
rephrasing. We now describe each of these steps.

3.1 Dataset Construction

Several datasets of manually transcribed records
of meetings were used to accumulate action items
and generate rephrasing. The result is a diverse
dataset, containing a collection of different meet-
ing types, such as software development, product
design, financial, and board meetings2.

ICSI meeting corpus (Janin et al., 2003) con-
tains 75 meetings recorded in a conference room
at the International Computer Science Institute in
Berkeley.

Augmented Multi-party Interaction (AMI)
meeting corpus (Carletta et al., 2006) is a multi-
modal dataset consisting of 100 recording hours of
154 meetings, and their manually annotated tran-
scripts. Some of the meetings are naturally occur-
ring, and some are elicited, particularly using a
scenario in which the participants play different
roles in a design team, taking a design project from
kick-off to completion over the course of a day.

Board Meetings (LSC) is an open to public
board meetings transcripts of the legal services cor-
poration (LSC) and other transcribed board meet-
ings that were extracted from available public re-
sources.

2Each of the datasets was adjusted slightly to make rela-
tively uniform samples. e.g. all speakers roles were converted
to the form ”speaker X , where X is a running number

Figure 2: The UI used by the human annotators for AI
detection.

Internal Dataset (ID) that contains internal
***3 manually transcribed meetings which mostly
revolve around software development topics.

Parts of these datasets contain sensitive infor-
mation, so while datasets will be made publicly
available in the future, some parts of the data can-
not be shared.

Table 1 describes relevant AIR statistics. Note
that to better compare the two AIR versions, the
dev and test set are identical between the public
and restricted versions. Both development and test
sets were composed of ISCI dataset. we used ICSI
for the test and development set because ISCI sam-
ples contained the highest intra-judgment score as
discussed in Appendix A.

3.2 Action Items Detection
Action Items are rare in conversations and are
found in roughly 1% of sentences. To reduce an-
notation costs, we wish to increase the percentage
of AIs in the data. To this goal, the transcripts
are filtered by a pre-classifier – a list of regular
expressions. The pre-classifier filters out 93% of
the sentences, with a precision of 17% and recall
of 90% over Action Items.

AI candidates that passed the pre-classifier were
labeled using human annotators. The action item
annotation task was composed of five sequential
utterances. The sentence that includes the AI can-
didate was the third sentence and two previous and
following utterances were shown as context, as
seen in Figure 2. Each annotator was asked if the
third utterance contains an AI or not.

As preparation for the annotation task, each
judge reviewed the annotation guideline and was
required to successfully pass a test of ten samples
before granted access to the data. The candidate
sentences were tagged by five annotators. If the
agreement between judges was lower than 80%,
four more annotators were added. Each AI candi-
date was labeled as Action Item or not, according

3Organization name is omitted to preserve anonymity
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Name # of meetings Average # of utterances # of AIs # of rephrasing

ID 594 374 5356 14820
ICSI 75 1428 722 2487
AMI 145 820 461 1445
Board Meetings 206 787 1283 3286

Overall 1020 598 7957 22038
Overall public 426 911 2519 7218

Table 1: AIR Source datasets statistics including the number of meetings, number of utterances per meeting,
number of AIs extracted from the full dataset, and the number of rephrasing.

to a majority vote of the annotators.

3.3 Action Items Rephrasing

Action Items were rephrased by human annotators.
Similar to the AI detection stage, the datasets were
divided into samples that contain ten utterances,
seven utterances before the AI, and two utterances
after. Preliminary analysis showed an accelerated
decline in context relevance when moving away
from the action item, with less than 1% contribution
to the seventh sentence before the AI. This justified
the decision to present no more than seven pre-
AI sentences. The distribution of context over the
seven pre-AI and two post-AI utterances is shown
in Figure 3

Figure 3: Percentage of the instances containing rele-
vant context relative to the AI sentence.

While this truncation might make some AIs un-
clear due to lack of relevant content, this is a good
trade-off between loss of information and annota-
tion efficiency and accuracy. Human annotators
were asked to write a self-explanatory sentence
in their own words, based on the Action Items
and their surrounding context. In text rephrasing,
like other text generation tasks, there is not a sin-

Set # of AIs # of rephrasing

Train 2219 6318
Validation 150 450
Test 150 450

Table 2: Number of AIs and Rephrasings in train and
test sets for the public dataset.

gle correct answer. Therefore, each sample was
rephrased up to six times4. Multiple rephrasing
per Action Item also helped us to assess the qual-
ity of the rephrasing. The overall number of AIs
and Rephrasing ,train and test sets for the public
dataset are described in table 25. All samples in the
test and validation sets were chosen from the ISCI
dataset for uniformity (in both public and private
variations).

4 Model and Hints

In this section we show how to fine-tune a pre-
trained model using the AIR data set. Addition-
ally, we show how to add hints – extra annotations
that improve the model ability to find relevant con-
text, and generate more accurate and self-contained
rephrasing. Hints and several versions of model
rephrasing on the test set appear in Figure 1.

Base model The base model is based on BART
(Lewis et al., 2020), a transformer based model
(Vaswani et al., 2017), that was pre-trained by nois-
ing the input text and guiding the model to output,
a de-noised version of the input. The BART model
seems suitable for the rephrasing task. In this task,
similar to the BERT pre-training task, the output

4Initially each sample was rephrased multiple times to
check similarity of rephrasing and agreement. Later rehearsing
was tagged between one to three times.

5Test and validation set were contracted as described in
Appendix A
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is a better version of the input; the ambiguity is
cleaned from the AI and the output is a comprehen-
sible and full version of the input. The de-noising
ability of BART can also assist in overcoming noise
of ASR systems or the speaker’s partial and inco-
herent sentences. Our experiments in Section 6.2.2
further support this claim.

The model input is inspired by (Mukherjee et al.,
2020). The input includes the sentence with AI,
the previous seven sentences and the following two
sentences. For each utterance in the input, we add
the speaker name, and OOV markers to indicate
the speaker’s name and the AI, For example:

<speaker>John</speaker><AI>I will
send </AI>the presentation tomorrow.

The model is trained using teacher forcing and
cross entropy loss over the predicted token.

4.1 Hints

One of the shortcomings of the base model is its
limited ability to correctly identify relevant context
with regard to the AI. Therefore, the rephrased AIs
are often inaccurate and include irrelevant infor-
mation from unrelated parts of the input text. To
mitigate this, we propose two improvements to the
base model.

Coreference model Given an input text, the task
of coreference resolution (CR) aims to cluster enti-
ties that appear in different parts of the input text
but refer to the same entity. This task has been thor-
oughly researched (Sukthanker et al., 2020; Soon
et al., 2001), and in recent years gained a boost
in performance, thanks to neural architectures (Xu
and Choi, 2020; Joshi et al., 2020; Meged et al.,
2020; Caciularu et al., 2021; Cattan et al., 2020).
We hypothesize that CR models can capture seman-
tic relations that the base model will miss because
they are trained specifically for this task using vast
amounts of data.

We use the CR model from Allennlp (Gardner
et al., 2019), which uses SpanBERT for contextual-
ized embedding (Joshi et al., 2020) and (Lee et al.,
2017) method for CR. This model was trained on
the OntoNotes dataset (Hovy et al., 2006).

Using the coreference model, we add hints to
the text (see Figure 1b), identifying coreference
clusters within the text. Text embedding includes
cluster-marks appearing in square brackets around
each of the cluster spans. For example:

“[c:0 Jon ] works at the [c:1 cinema ] ,
[c:0 he ] loves working [c:1 there ] .”

We only mark clusters that have at least one in-
stance in the AI utterance. This annotated text is
input to the rephrasing model (both at the training
phase and inference phrase). Note that training is
applied only to the rephrasing model, whereas the
CR model’s weights are held constant.

Context detection model Another approach to
improve the rephrasing model’s ability to detect
relevant spans is to directly train a model to de-
tect them. To achieve this, we ask annotators to
mark spans of text that are relevant to the AI. This
data is used to train a context detection model.
Spans of relevant text are transformed into bi-
nary token labels (’relevant’ or ’irrelevant’). Ac-
cordingly, we train a token-classification model,
based on the RoBERTa (Liu et al., 2019) pretrained
transformer encoder, which is added to a fully-
connected layer to perform per-token classification,
given RoBERTa’s output representation of each to-
ken. The model is fine-tuned end-to-end over the
collected token annotations.

We found that the collected context information
suffers from a low agreement between the judges.
We use Kripendorff’s alpha (Hayes and Krippen-
dorff, 2007; Artstein and Poesio, 2008) coefficient
to measure the judges (dis)agreement.We measure
both an alpha score for the entire annotation task, as
well as the pairwise agreement between the judges –
both exhibiting values on the order of 0.4, which is
considerably low. One reason for a low agreement
may be an incomplete or incorrect understanding
of the text: annotators are detached from the larger
context of the meeting and from the subject matter;
oral communication tends to be implicit and relies
on pre-understanding; spoken sentences tend to be
broken and less organized. Another reason might
be the task itself, whose definition inevitably bears
some level of ambiguity and arbitrariness.

Low agreement between annotators does neces-
sarily undermine machine learning in its attempt
to generalize from the train set (see Sect. 4.1.4
in (Artstein and Poesio, 2008), (Reidsma and Car-
letta, 2008)). It is important, however, to account
for it when measuring classification performance
on the test set. Each test instance for the context
detection model consists of a transcript snippet con-
taining a set of tokens for binary classification, and
a human annotation of the tokens as relevant or
irrelevant. Per test instance, we measure: (a) token
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Model Rouge-1 Rouge-2

SmartToDo (BiLSTM) 0.6 0.41
Human annotator 0.6 0.37

BART 0.63 0.43
BART (only subject & AI) 0.628 0.43
BART (No subject) 0.58 0.39
BART (AI only) 0.56 0.33

Table 3: Different variations of the email AI dataset.

ranking by the model (in accordance to the model’s
output scores) is evaluated by average precision
(AP); (b) F1-score of model’s predictions. To ag-
gregate on the test set, we have taken the mean of
each value, resulting in mean average precision
(MAP) and mean F1-score (MF1).6

In order to assess the judges’ disagreement on
the test set, for each of the test instances, we col-
lected 3 to 6 annotations. Per test instance, the
optimal AP is obtained when ordering the token
according to their ”soft” label – mean of judges’
scores (0 or 1).7 We denote by oMAP the mean of
optimal AP over all test instances. Similarly, oMF1
is defined as the mean of instances’ F1-scores for
judges’ majority prediction per token.

The context model’s normalized MAP score
(namely, MAP

oMAP) and normalized MF1 score

(namely, MF1
oMF1) are both 0.82. Similarly to the CR

model, the context detection is used to add hints to
the rephrasing models’ input (see Figure 1a). Train-
ing the rephrasing model designates a second usage
of the corpus, now with human rephrasing annota-
tions.8 Despite a relatively low agreement between
the judges, context annotations significantly im-
prove the rephrasing model’s performance.

5 Comparison of Emails and Transcripts

AI rephrasing was applied over emails in (Mukher-
jee et al., 2020). We evaluate this model over
meeting transcripts and show that despite its suc-
cess over emails, it is less suitable for transcripts.
At a first glance, email and meeting transcript AI

6Due to the nature of the problem, there are considerably
more negatives than positives, and thus we choose two metrics
that embody the precision/recall tradeoff, which is indifferent
to true negative predictions, rather than the true-positive/true-
negative tradeoff.

7AP calculation takes token-level steps, updating precision
and recall according to all judges’ annotations at once.

8In the training phase, as in the inference phase, the context
model’s predictions are used, rather than the judges’ annota-
tions.

rephrasing might seem similar. In this section, we
challenge this assumption by highlighting three key
differences.

Email subject We use the dataset from (Mukher-
jee et al., 2020) to evaluate performance over
emails compared to transcript data. Their data
is based on the Avocado dataset (Douglas Oard,
William Webber, David A. Kirsch, 2015), where
each instance contains a pair of emails (an email
with an AI and the previous email in the corre-
spondence), and a rephrasing of the AI. To build a
rephrasing model, the authors used the following
approach: 1. Chose relevant sentences from each
email by similarity to the AI sentence. 2. Create
an input that contains the chosen sentences, the
mails authors, and the mails subjects, tagging each
part of the data with dedicated markers. 3. Learn
a model using a BiLSTM with copy mechanism
(Zeng et al., 2016).

We test a number of variations based on this ap-
proach. 1. We replace the BiLSTM with BART
(BART); 2. Similar to (1), but we omit the email’s
subject from the input (No subject); 3. Similar to
(1), but remove all the email’s body text besides
the AI sentence (only subject & AI); 4. Leaving
only the AI sentence (AI only). The results are
presented in Table 3. The BART base model un-
surprisingly outperforms the BiLSTM model. But
surprisingly, a model that is exposed to the Subject
alone performs almost as well as the full model.
Additionally, most of the improvement compared
to the base (AI only) model comes from adding the
email’s subject. This means that the body of the
emails play a minimal role in the email’s rephras-
ing. Unfortunately, meeting transcripts do not have
an equivalent to a subject, which forces the model
to rely solely on the transcript text.

Number of utterances While two emails often
supply enough context for rephrasing, transcript
samples contains ten utterances, which require the
model to “find” the right spans from a relatively
large pool of text.

Malformed language In contrast to written text,
spoken language is less formal. This results in
people making grammatical mistakes like stopping
at the middle of a sentence (”I will take the... yes,
that’s right” or repeating words (”I... ah... I... think
that it’s OK”). This new grammar is very different
from the pretrained text most pretrained models
were trained on.
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Model ROUGE-1 ROUGE-2 BLEU

Human 0.519 0.305 0.737
Base model 0.645 0.459 0.763

Table 4: ROUGE and BLEU score of the base model
and human rephrasing.

6 Experiments

We evaluate our various models compared to a hu-
man annotator, and between themselves, in two
ways. The first is automatic n-gram based metrics
and the second is direct human evaluation. All
models were trained using the Huggingface frame-
work(Wolf et al., 2019) with the following config-
uration: batch size: 8, lr: 3 · 10−5, epocs: 5 (20
with public dataset).

6.1 N-gram Based Metrics

There are a variety of n-gram based methods that
evaluate the quality of text generation tasks (Lin,
2004; Banerjee and Lavie, 2005; Papineni et al.,
2001). In this work, we use the ROUGE-1 and
ROUGE-2 (Lin, 2004) as it is a widely used mea-
sure for summarization evaluation.

We evaluate the base model vs. a gold rephrasing
produced by a human annotator. We also include
another human rephrasing that represents human
evaluation level. The results are shown in Table
4. Even the base model suppresses the human-
produced rephrasing and achieves a higher ROUGE
score. While this result looks impressive, we claim
it simply highlights the limitation of ROUGE, and
other n-gram based metrics to evaluate the rephras-
ing quality (see (Mathur et al., 2020)). We provide
the following rational:

Frequent words Not all words have the same
value when evaluating the quality of a sentence.
For example, entity mentions and verbs are more
relevant to the sentence meaning than stop words,
but n-grams models give each word an equal weight
for the overall score. While human annotators are
good at finding rare words that convey meaning,
automatic models are good at using very frequent
words. Using these words increase the model’s
score, while not contributing to the quality of the
rephrasing.

Lacking of ”true” gold samples Typically,
machine-learning algorithms are evaluated based
on a gold standard that is generated by humans. It is

also typical for ground truth to have some error rate,
and there are techniques to reduce the probability
of error, e.g., taking a majority vote. In contrast, in
the case of text generation, there are usually many
results (sentences) that can be considered ’good’,
having very different wording. BLEU (Papineni
et al., 2001) addresses this difficulty by comparing
the generated text to a number of different human-
generated labels. While this somewhat reduces the
chance that a good text generation will get a low
score, it does not eliminate it.

Models might outperform humans as we show
in Section 6.2.1, our models might achieve higher
quality than the human-produced rephrasing. N-
gram based models treat each deviation from the
human model as an error, although it might achieve
a better paraphrasing9.

For these reasons, we turn to human evaluation
as the main models’ evaluation method.

6.2 Human Evaluation

We evaluate our models by using the following pro-
cedure - Each instance contains the model input
(transcript + speakers + AI) and three10 different
rephrasings. The judges were instructed to assign
each rephrasing a score from the set {1,2,3}, while
considering these questions (arranged by impor-
tance):

1. Does the action described in the rephrasing
accurately describe the action in the context +
AI?

2. Does the rephrasing contain all the details that
are described in the context + AI?

3. Is the rephrasing grammatically correct?

4. How easy was it to understand the rephrasing?

The judges UI is shown in Figure 5 on Appendix
B.

6.2.1 Main Results
Using the AIR-internal dataset, we compare the
three models with each other and with a human-
produced rephrasing. We applied two evaluations.
First, we compare the human-produced rephrasing,
the base model, and the coreference model. The

9This indicates that the automatic metrics might underesti-
mate automatic models.

10We use three models per instance (instead of four) to
reduce the load from the judges.
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Models Result

Human/Coref 56.0% / 44.0%
Human/Base 68.2% / 31.8%
Base/Coref 39.4% / 60.6%
Context/Coref 59.1% / 40.9%
Human/Context 50.9% / 49.1%

Table 5: Comparison of the base, coreference, and con-
text models. Bold results are significant.

Models Result

Base/Coref 43.4% / 56.6%
Context/Coref 50.5% / 49.5%
Context/Base 58.4% / 41.6%

Table 6: Unilm comparison.

second comparison compares the human rephras-
ing, coreference-based, and context-based rephras-
ing. The results are presented in Table 5. The Hu-
man rephrasing outperforms all models, while the
context achieves the closest performance, followed
by the coreference and the base models. All results
are statistically significant, except the context and
human comparison. We used double evaluation of
the human and coreference model rephrasing to
calculate the judge’s agreement, which resulted in
a Kappa value of 0.604. Both the coreference and
context model achieve close to human performance
when the context-based model is almost equal to
the human rephrasing.

6.2.2 Language Model Comperison
We choose BART as the base language model (LM)
for our work because its denoising pre-train objec-
tive function seems suitable to deal with the noisy
transcripts data. To evaluate this, we compare our
results to another model - unilm (Bao et al., 2020).
This model was trained as both masked LM and
autoregressive LM and showed improvement on a
variety of downstream tasks. To compare BART
and unilm, we first compare our three candidate
models using each of the LM, and then compare
the best models with each LM. The results of the
unilm variations are presented in Table 6. The hier-
archy between the model variations remains, while
the differences between models are smaller and be-
come statistically insignificant. Nevertheless, we
chose the context model as the best model for the
cross LM comparison. The results are presented in

Models Result

human/BART 50.8% / 49.2%
human/Unilm 53.1% / 46.9%
BART/Unilm 53.0% / 47.0%

Table 7: Cross LM comparison. Both models used the
context annotations.

Models Result

Human/Coref 56.1% / 43.9%
Human/Base 68.2% / 31.8%
Base/Coref 40.1% / 59.9%
Context/Coref 46.1% / 53.9%
Human/Context 54.3% / 45.6%

Table 8: Result on the public dataset. Using the base,
coreference, and context models. Bold results are sig-
nificant.

Table 7. BART outperforms Unilm both on direct
comparison and in its performance vs. the human
rephrasing.

6.2.3 Public Dataset Results
The ID dataset contains sensitive and personal
data and cannot be released to the public. In
this subsection, we ran the same comparison of
base/coreference/context and human annotators us-
ing the AIR-public dataset. These results can also
highlight the dependency of the algorithm perfor-
mance on the dataset size. The results are presented
in Table 8. The human rephrasing is still the best
model compared to all the others, but surprisingly
it does not have a bigger gap in performance com-
pared to the full dataset. We explain this by the
mix of the different datasets. Each of the datasets
contains a different distribution of AIs. Remov-
ing the ID dataset allows the model to overfit to the
remaining existing datasets. The context model suf-
fered the most from the reduced size of the dataset
and is outperformed by the coreference model. We
attribute this to the fact that the model trains twice
on the data set (first for context detection, then for
rephrasing). This shows that the coreference hints
are best utilized when the dataset size is small.

7 Conclusion

In this work, we present the problem of action items
rephrasing in meeting transcripts. We introduce a
new dataset for the task and establish a baseline
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attributed to the BART transformer model. We then
present two novel ways to considerably improve
the baseline. Particularly, by collecting context
annotations, and despite a relatively low agreement
between the annotators, we are able to considerably
improve the rephrasing model’s performance. We
evaluate our work by automated metrics, as well as
independent human evaluators.
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A Test and Validation Sets Construction

Before evaluating the full test set, we ran a small
subset of tests (60 instances overall) of the test
set to get initial results. We compared the human
rephrasing to the base model.The results are sur-
prising, where most base models scored higher than
the human rephrasing. While these results are at-
tractive, manual examination showed that the base
model often made mistakes that a human annota-
tor could handle easily. Additionally, we checked
the agreement between the judges on the same in-
stances using Cohen’s kappa (Cohen, 1960). The
agreement was unexpectedly low 0.39. We ex-
plain these two phenomena by offering the hypoth-
esis - some samples are very hard / impossible to
rephrase properly. We suggest three reasons:

Context not in the sample In these samples the
required context is not found in the part of the tran-
script that is included in the sample (each sample
includes seven sentences before the AI, and three
after).

Context requires real-world knowledge In
some samples, some real-world knowledge is re-
quired to understand the AI. For example, our in-
ternal dataset is composed of technical team meet-
ings that require prior knowledge in programming,
software engineering, and NLP. Our annotators oc-
casionally lack the technical knowledge required
to understand the full AI meaning.

Rephrasing is hard Some samples were very
hard to rephrase, even for humans, and often re-
quire a number of passes over the text to rephrase
properly. Even though all of our annotators are
proficient in English, they still had a very hard time
rephrasing part of the questions. This results in bad
rephrasing.

Surprisingly, when both the model and human
fail, the human judge tends to prefer the model
output. We attribute this to the fact that the model
output was always grammatically and semantically
correct, while the human had a tendency to write
malformed sentences when the rephrasing was un-
clear.

Rephraseable instances In cases where human
annotators produce relatively similar rephrasing,
we can presume the model will do the same, and
thus we can think of those samples as ’easy to
rephrase’, or rephraseable. In order to find these,
we take the average rouge score between all pairs

Figure 4: Cohen’s Kappa as a function of a threshold
serving as lower bound on the samples’ average rouge.

of human rephrasing, as follows:

score(s) =
1

|Rs|2
∑

〈r,r′〉∈Rs
rouge2(r, r

′) , (1)

where s is a input sample, Rs is the set of all hu-
man rephrases of s, and rouge2(·, ·) is the Rouge-2
measure. As rephraseables, we consider half of the
samples – those with higher average rouge per (1).
Figure 4 shows that, as one may expect, by consid-
ering the more rephraseable samples (i.e., putting a
lower bound on the samples’ average rouge score),
the agreement between the judges on the related
task of marking relevant context increases.

We use these insights to construct the test set and
validation set by randomly sampling instances with
an average rouge score ≥ 0.3. In Section 6, we
show that using this test set, the judges’ agreement
is significantly higher (0.61) on Cohen’s Kappa.

B Rephrasing Evaluation UI
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Figure 5: The UI used by human judges to evaluate rephrasing. The displayed models are (top to bottom) human
rephrasing, base model, and coreference model.
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Abstract

Pre-trained multilingual language models
(LMs) have achieved state-of-the-art results
in cross-lingual transfer, but they often lead
to an inequitable representation of languages
due to limited capacity, skewed pre-training
data, and sub-optimal vocabularies. This has
prompted the creation of an ever-growing pre-
trained model universe, where each model is
trained on large amounts of language or do-
main specific data with a carefully curated, lin-
guistically informed vocabulary. However, do-
ing so brings us back full circle and prevents
one from leveraging the benefits of multilin-
guality. To address the gaps at both ends of
the spectrum, we propose MERGEDISTILL, a
framework to merge pre-trained LMs in a way
that can best leverage their assets with mini-
mal dependencies, using task-agnostic knowl-
edge distillation. We demonstrate the applica-
bility of our framework in a practical setting by
leveraging pre-existing teacher LMs and train-
ing student LMs that perform competitively
with or even outperform teacher LMs trained
on several orders of magnitude more data and
with a fixed model capacity. We also highlight
the importance of teacher selection and its im-
pact on student model performance.

1 Introduction

While current state-of-the-art multilingual lan-
guage models (LMs) (Devlin et al., 2019; Conneau
et al., 2020) aim to represent 100+ languages in
a single model, efforts towards building monolin-
gual (Martin et al., 2019; Kuratov and Arkhipov,
2019) or language-family based (Khanuja et al.,
2021) models are only increasing with time (Rust
et al., 2020). A single model is often incapable of
effectively representing a diverse set of languages,
evidence of which has been provided by works
highlighting the importance of vocabulary curation
and size (Chung et al., 2020; Artetxe et al., 2020),

Figure 1: Previous works (left) typically focus on
combining fine-tuned models derived from a single
pre-trained model using distillation. We propose
MERGEDISTILL to combine pre-trained teacher LMs
from multiple monolingual/multilingual LMs into a sin-
gle multilingual task-agnostic student LM.

pre-training data volume (Liu et al., 2019a; Con-
neau et al., 2020), and the curse of multilinguality
(Conneau et al., 2020). Language specific mod-
els alleviate these issues with a custom vocabulary
which captures language subtleties1 and large mag-
nitudes of pre-training data scraped from several
domains (Virtanen et al., 2019; Antoun et al., 2020).
However, building language specific LMs brings
us back to where we started, preventing us from
leveraging the benefits of multilinguality like zero-
shot task transfer (Hu et al., 2020), positive trans-
fer between related languages (Pires et al., 2019;
Lauscher et al., 2020) and an ability to handle code-
mixed text (Pires et al., 2019; Tsai et al., 2019).
We need an approach that encompasses the best of
both worlds, i.e., leverage the capabilities of the
powerful language-specific LMs while still being
multilingual and enabling positive language trans-

1For example, in Arabic, (Antoun et al., 2020) argue that
while the definite article “Al”, which is equivalent to “the” in
English, is always prefixed to other words, it is not an intrinsic
part of that word. While with a BERT-compatible tokenization
tokens will appear twice, once with “Al-” and once without
it, AraBERT first segments the words using Farasa (Abdelali
et al., 2016) and then learns the vocabulary, thereby alleviating
the problem.
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Figure 2: Overview of MERGEDISTILL: The input to MERGEDISTILL is a set of pre-trained teacher LMs and pre-
training transfer corpora for all the languages we wish to train our student LM on. Here, we combine four teacher
LMs comprising of three monolingual (trained on English, Spanish and Korean respectively) and one multilingual
LM (trained on English and Hindi). The student LM is trained on English, Spanish, Hindi and Korean. Pre-training
transfer corpora for each language is tokenized and masked using their respective teacher LMs vocabulary. We
then obtain predictions for each masked word in each language, by evaluating all of their respective teacher LMs.
For example, we evaluate English masked examples on both the monolingual and multilingual LM as shown. The
student’s vocabulary is a union of all teacher vocabularies. Hence, the input, prediction and label indices obtained
from teacher evaluation are now mapped to the student vocabulary, and input to the student LM for training. Please
refer to Section 3.1 for details.

fer.
In this paper, we use knowledge distillation (KD)

(Hinton et al., 2015) to achieve this. In the con-
text of language modeling, KD methods can be
broadly classified into two categories: task-specific
and task-agnostic. In task-specific distillation, the
teacher LM is first fine-tuned for a specific task
and is then distilled into a student model which can
solve that task. Task-agnostic methods perform dis-
tillation on the pre-training objective like masked
language modeling (MLM) in order to obtain a
task-agnostic student model. Prior work has either
used task-agnostic distillation to compress single-
language teachers (Sanh et al., 2019; Sun et al.,
2020) or used task-specific distillation to combine
multiple fine-tuned teachers into a multi-task stu-
dent (Liu et al., 2019b; Clark et al., 2019). The
former prevents positive language transfer while
the latter restricts the student’s capabilities to the
tasks and languages in the fine-tuned teacher LMs
(as shown in Figure 1).

We focus on the problem of merging multiple
pre-trained LMs into a single multilingual student
LM in the task-agnostic setting. To the best of our
knowledge, this is the first effort of its kind, and

makes the following contributions:

• We propose MERGEDISTILL, a task-agnostic
distillation approach to merge multiple teacher
LMs at the pre-training stage, to train a strong
multilingual student LM that can then be fine-
tuned for any task on all languages in the stu-
dent LM. Our approach is more maintainable
(fewer models), compute efficient and teacher-
architecture agnostic (since we obtain offline
predictions).

• We use MERGEDISTILL to i) combine mono-
lingual teacher LMs into a single multilingual
student LM that is competitive with or outper-
forms individual teachers, ii) combine multi-
lingual teacher LMs, such that the overlapping
languages can learn from multiple teachers.

• Through extensive experiments and analysis,
we study the importance of typological simi-
larity in building multilingual models, and the
impact of strong teacher LM vocabularies and
predictions in our framework.
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2 Related Work

Language Model pre-training has evolved
from learning pre-trained word embeddings
(Mikolov et al., 2013) to contextualized word
representations (McCann et al., 2017; Peters
et al., 2018; Eriguchi et al., 2018) and to the most
recent Transformer-based (Vaswani et al., 2017)
LMs (Devlin et al., 2019; Liu et al., 2019a) with
state-of-the-art results on various downstream NLP
tasks. Most commonly, these LMs are pre-trained
with the MLM objective (Taylor, 1953) on large
unsupervised corpora and then fine-tuned on
labeled data for the task at hand. Concurrently,
multilingual LMs (Lample and Conneau, 2019;
Siddhant et al., 2020; Conneau et al., 2020; Chung
et al., 2021), trained on massive amounts of
multilingual data, have surpassed cross-lingual
word embedding spaces (Glavaš et al., 2019;
Ruder et al., 2019) to achieve state-of-the-art in
cross-lingual transfer. While Pires et al. (2019);
Wu and Dredze (2019) highlight their cross-lingual
ability, several limitations have been studied.
Conneau et al. (2020) highlight the curse of
multilinguality. Hu et al. (2020) highlight that
even the best multilingual models do not yield
satisfactory transfer performance on the XTREME
bechmark covering 9 tasks and 40 languages.
Importantly, Wu and Dredze (2020) and Lauscher
et al. (2020) observe that these models significantly
under-perform for low-resource languages as
representation of these languages in the vocabulary
and pre-training corpora are severely limited.

Language-specific LMs are becoming increas-
ingly popular as issues with multilingual language
models persist. As language identification systems
are extended to 1000+ languages (Caswell et al.,
2020), increasing capacity for a single model to
uniformly represent all languages is prohibitive.
Often, practitioners prefer to have a model
performing well on a subset of languages that
their application calls for. To address this, the
community continues its efforts in building strong
multi-domain language models using linguistic
expertise. A few examples of these are AraBERT
(Antoun et al., 2020), CamemBERT (Martin et al.,
2020), and FinBERT (Virtanen et al., 2019).2

Knowledge Distillation in pre-trained LMs has

2(Nozza et al., 2020) maintain an ever-growing list of
BERT models here

most commonly been used for task-specific model
compression of a teacher into a single-task stu-
dent (Tang et al., 2019; Kaliamoorthi et al., 2021).
This has been extended to perform task-specific
distillation of multiple single-task teachers into one
multi-task student (Clark et al., 2019; Liu et al.,
2020; Turc et al., 2019). In the task-agnostic sce-
nario, prior work has focused on distilling a single
large teacher model into a student model leverag-
ing teacher predictions (Sanh et al., 2019) or inter-
nal teacher representations (Sun et al., 2020, 2019;
Wang et al., 2020) with the goal of model compres-
sion. To the best of our knowledge, this is the first
attempt to perform task-agnostic distillation from
multiple teachers into a single task-agnostic stu-
dent. In the context of neural machine translation,
Tan et al. (2019) come close to our work where they
attempt to combine multiple single language-pair
teacher models to train a multilingual student. How-
ever, our work differs from theirs in three key as-
pects: 1) our students are task-agnostic while theirs
are task-specific, 2) we can leverage pre-existing
teachers while they cannot, and 3) we support teach-
ers with overlapping sets of languages while they
only consider single language-pairs teachers.

3 MERGEDISTILL

Notations: Let K denote the set of languages we
train our student LM on and T denote the set of
teacher LMs input to MERGEDISTILL3. Conse-
quently, Tk denotes the set of teacher LMs trained
on language k, where |Tk| ≥ 1 ∀ k ∈ K.

3.1 Workflow

An overview of MERGEDISTILL is presented in
Figure 2. Here we detail each step involved in
training the student LM from multiple teacher LMs.

Step 1: Input
The input to MERGEDISTILL is a set of pre-trained
teacher LMs and pre-training transfer corpora for
all the languages we wish to train our student LM
on. With reference to Figure 2, the student LM is
trained on K ={English (en), Spanish (es), Hindi
(hi), Korean (ko)}. We combine four teacher LMs
comprising of three monolingual and one multi-
lingual LM. The monolingual LMs are trained on
English (Men), Spanish (Mes), and Korean (Mko)
while the multilingual LM is trained on English

3Note that T can comprise of monolingual or multilingual
models
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and Hindi (Men,hi). Therefore, for each language,
the corresponding set of teacher LMs (Tk) can be
defined as: [Ten = {Men,Men,hi},Tes = {Mes},
Thi = {Men,hi},Tko = {Mko}]. First, the pre-
training transfer corpora is tokenized and masked
for each language using their respective teacher
LM’s tokenizer. For the language with two
teachers, English, we tokenize each example using
both the teacher LMs.

Step 2: Offline Teacher LM Evaluation
We now obtain predictions and logits for each
masked, tokenized example in each language, by
evaluating their respective teacher LMs. For En-
glish, we obtain predictions from both Men and
Men,hi on their respective copies of each training
example. In an ideal situation, we believe that
multiple strong teachers can present a multi-view
generalisation to the student as each teacher learns
different features in training. Let x denote a se-
quence of tokens where xm = {x1, x2, x3...xn}
denote the masked tokens, and x−m denote the
non-masked tokens. Let v be the vocabulary of
student LM θs. In the conventional case of learning
from gold labels, we minimize the cross-entropy
of student logit distribution for a masked word xmi ,
with the one-hot label vj, given by:

P(xmi , vj)=1(xmi =vj)× log p(xmi =vj|x−m; θs)
(1)

With the teacher evaluations, we obtain predictions
(and corresponding logits) of the teacher for the
masked tokens. Let us denote the teacher output
probability distribution (softmax over logits) for
token xmi by Q(xmi |x−m; θt). Therefore, in addi-
tion to the loss from gold labels, we minimize the
entropy between the student logits and the teacher
distribution, given by :

P̂(xmi , vj)=Q(xmi =vj|x−m; θt)×
log p(xmi =vj|x−m; θs) (2)

It is extremely burdensome (both memory and
time) to load multiple teacher LMs and obtain
predictions during training. Hence, we first store
the top-k logits for each masked word offline,
loading and normalizing them during student LM
training, similar to (Tan et al., 2019). Additionally,
obtaining offline predictions gives one the freedom
to use expensive teacher LMs without increasing
the student model training costs and makes our

framework teacher-architecture agnostic.

Step 3: Vocab Mapping
A deterrent in attempting to distill from multiple
pre-trained teacher LMs is that each LM has its
own vocabulary. This makes it non-trivial to uni-
formly process an input example for consumption
by both the teacher and student LMs. Our student
model’s vocabulary is the union of all teacher
LM vocabularies. In the vocab mapping step, the
input indices, prediction indices, and the gold
label indices, obtained after evaluation from each
teacher LM are processed using a teacher→student
vocab map. This converts each teacher token index
to its corresponding student token index, ready for
consumption by the student model. For simplicity,
each teacher and student LM uses WordPiece
tokenization (Schuster and Nakajima, 2012; Wu
et al., 2016) in all our experiments.

Step 4: Student LM Training
The processed input indices, prediction indices,
and gold label indices can now be used to train
the multilingual student LM. In training, exam-
ples from different languages are shuffled together,
even within a batch. We train the student LM with
the MLM objective. Let LMLM denote the MLM
loss from gold labels. Therefore, with reference to
Equation 1 :

LMLM(xm|x−m) = −1

n

n∑

i=1

|v|∑

j=1

P(xmi , vj)

In addition to learning from gold labels, we use
teacher predictions as soft labels and minimize the
cross entropy between student and teacher distribu-
tions. Let LKD denote the KD loss from a single
teacher LM. With reference to Equation 2:

LKD(xm|x−m) = −1

n

n∑

i=1

|v|∑

j=1

P̂(xmi , vj);

The total loss across all languages is minimized, as
shown below:

LALL =

K∑

k=1

λ(LTk
KD) + (1− λ)Lk

MLM

In the case of multiple teacher LMs, we have n
tokenized instances for a given example (where n
denotes the number of teachers for a particular lan-
guage). In this case, each example in English has
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two copies – one tokenized using Men and another
using Men,hi. Thus, we explore two possibilities of
training in this multi-teacher scenario :

• Include all the copies in training. Here the
model is exposed to n different teacher LM
predictions, each presenting a multi-view gen-
eralisation to the student LM.

• Include the best copy in training. The best
copy is the one having minimum teacher LM
loss for a given example. Here the model is
only exposed to the best teacher LM predic-
tions for each example.

4 Experiments

In this section, we aim to answer the following
questions :

1) How effective is MERGEDISTILL in combining
monolingual teacher LMs, to train a multilingual
student LM that leverages the benefits of multi-
linguality while performing competitively with
individual teacher LMs? (Section 4.2)

2) How effective is MERGEDISTILL in combining
multilingual teacher LMs, trained on an overlap-
ping set of languages, such that each language can
benefit from multiple teachers? (Section 4.3)

3) How important are the teacher LM vocabulary
and predictions in MERGEDISTILL? Further, can
MERGEDISTILL enable pre-trained zero-shot
transfer? (Section 4.4)

4.1 Setup

Data: For all our experiments, we use Wikipedia
data as pre-training transfer corpora to train
the student model, irrespective of the data used
in training individual teacher LMs. We use
α = 0.7 for exponential smoothing of data across
languages, similar to mBERT (Devlin et al., 2019).

Model Size: Since transformer-based models
perform better as capacity increases (Conneau
et al., 2020; Arivazhagan et al., 2019), we keep the
number of parameters close to mBERT (∼178M)
by appropriately modifying the vocabulary
embedding size (like Lan et al. (2019)) to isolate
the positive effects of learning from teacher LMs.

Student Language Language Family Model

Studentsimilar

English Indo-European BERT(Devlin et al., 2019)
German Indo-European DeepSet(Chan et al., 2020)
Italian Indo-European ItalianBERT(Schweter, 2020b)

Spanish Indo-European BETO(Cañete et al., 2020)

Studentdissimilar

Arabic Afroasiatic AraBERT(Antoun et al., 2020)
English Indo-European BERT(Devlin et al., 2019)
Finnish Uralic FinBERT(Virtanen et al., 2019)
Turkish Turkic BERTurk(Schweter, 2020a)
Chinese Sino-Tibetan ChineseBERT(Devlin et al., 2019)

Table 1: Monolingual BERT Models used as teacher
LMs. Please refer to Section 4.2 for details.

Distillation Parameters: We have two hyper-
parameter choices here: 1) k in top-k logits - as
it increases, we observe that while performances
remain similar, storing k>8 number of predic-
tions for each masked word offline significantly
increases resource requirements4. Hence, we set
k=8 in all our experiments. 2) the value of λ in
the loss function, which decides the proportion of
teacher loss, is annealed through training similar to
Clark et al. (2019).

Evaluation Metrics: We report F1 scores for struc-
tured prediction tasks (NER, POS), accuracy (Acc.)
scores for sentence classification tasks (XNLI,
PAWS-X), and F1/Exact Match (F1/EM) scores
for question answering tasks (XQuAD, MLQA,
TyDiQA). We also report a task-specific relative
deviation from teachers (RDT) (in %) averaged
across all languages (n). For each task, RDT is
calculated as:

RDT(S, {T1, ...,Tn}) =
100

n

n∑

i=1

(PTi − PS)

PTi

(3)

where PTi and PS are performances of the ith

teacher and student LMs, respectively.

4.2 Monolingual Teacher LMs
Pre-training: In this experiment, we use pre-
existing monolingual teacher LMs, as shown in
Table 1, to train a multilingual student LM on
the union of all teacher languages. In this setup,
|Tk| = 1 ∀ k ∈ K, i.e., each language can learn
from its respective monolingual teacher LM only.

Our teacher selection and setup follows a
two-step process. First, we aim to select languages
having pre-trained monolingual LMs available,
and evaluation sets across a number of downstream
tasks. This makes us choose teacher LMs for :
Arabic (ar), Chinese (zh), English (en), Finnish (fi),

4More details in Appendix A.4
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Language Model
NER UDPOS QA
F1 F1 F1/EM

English
BERT 89.5 96.6 87.1/78.6

Studentsimilar 89.8 96.3 89.8/82.1

German
DeepsetBERT 93.0 98.3 -
Studentsimilar 93.9 98.3 -

Italian
ItalianBERT 94.5 98.6 73.5/61.6
Studentsimilar 95.2 98.6 75.8/63.8

Spanish
BETO 94.2 99.0 74.9/56.6

Studentsimilar 94.7 98.9 76.5/58.4

RDT(%) +0.6 -0.1 +2.8/+3.7

Arabic
AraBERT 94.3 96.3 83.1/68.6

Studentdissimilar 93.7 96.4 81.3/66.6

Chinese
ChineseBERT 83.0 96.9 81.8/81.8
Studentdissimilar 82.6 96.8 80.8/80.8

English
BERT 89.5 96.6 87.1/78.6

Studentdissimilar 89.5 96.3 88.6/80.7

Finnish
FinBERT 94.4 97.9 81.0/68.8

Studentdissimilar 94.4 95.5 77.7/65.9

Turkish
BERTurk 95.2 95.6 76.7/59.8

Studentdissimilar 95.4 92.9 76.2/59.1

RDT(%) -0.2 -1.1 -1.3/-1.4

Table 2: Results for monolingual teacher LMs and mul-
tilingual students on downstream tasks as described in
Section 4.2. Relative deviations of 5% or less from
teacher (i.e., RDT ≥ −5%) are marked in bold. We
find that Studentsimilar outperforms individual teacher
LMs, with a maximum gain of upto +2.8/+3.7% for
QA, while Studentdissimilar is competitive with teacher
LMs, with a maximum drop of -1.3/-1.4% for QA.
Please refer to Section 4.2 for details.

German (de), Italian (it), Spanish (es), and Turkish
(tr). Second, as previous work has evidenced
positive transfer between related languages in a
multilingual setup (Pires et al., 2019; Wu and
Dredze, 2020), we further group the chosen teacher
LMs based on language families as shown in Table
1, where:
i) Studentsimilar is trained on four closely
related languages from the Indo-European family –
de, en, es and it.
ii) Studentdissimilar is trained on languages
from different language families – ar, en, fi, tr and
zh.

Both student LMs have a BERT-base architec-
ture. Studentsimilar has a vocabulary size of
99,112 with a total of 162M parameters, while
Studentdissimilar has a vocabulary size of 180,996
with a total of 225M parameters. We keep a batch
size of 4096 and train for 250,000 steps with a
maximum sequence length of 512.

Fine-tuning: We evaluate both the teacher

Student Language
Teacher LM Student LM

% of Data
Tokens Tokens

Studentsimilar

English 3300M 2285M 69.25%
German 23723M 847M 3.57%
Italian 13139M 506M 3.85%

Spanish 3000M 639M 21.31%

Total 43162M 4277M 9.9%

Studentdissimilar

Arabic 8600M 135M 1.58%
English 3300M 2285M 69.25%
Finnish 3000M 83M 2.77%
Turkish 4405M 60M 1.36%
Chinese 71M 71M 100.00%

Total 19376M 2634M 13.6%

Table 3: Number of Tokens (in Millions) in the teacher
(Table 1) and student LMs as described in Section 4.2

and student LMs on three downstream tasks with
in-language fine-tuning for each task5 :

i) Named Entity Recognition (NER): We use the
WikiAnn (Pan et al., 2017; Rahimi et al., 2019)
dataset for all languages.
ii) Part-of-Speech Tagging (UDPOS): We use the
Universal Dependencies v2.6 (Zeman et al., 2020)
dataset for all languages.
iii) Question Answering (QA): We use DRCD for
zh (Shao et al., 2018), TQuAD6 for tr, SQuADv1.1
(Rajpurkar et al., 2016) for en, SQuADv1.1-
translated for it (Croce et al., 2018) and es (Carrino
et al., 2020) and the TyDiQA-GoldP dataset (Clark
et al., 2020) for ar and fi.

Results: We report results of our teacher and
student LMs in Table 2. Overall, we find that
Studentsimilar outperforms individual teacher mod-
els on NER (+0.6%) and QA (+2.8/3.7%) while
performing competitively on UDPOS (-0.1%).
Studentdissimilar is competitive with the teacher
LMs with only small differences of up to 1.3/1.4%
(QA), as shown in Table 2. For each language,
we find Studentsimilar is either competitive or
outperforms its respective teacher LM. Our re-
sults provide evidence for positive transfer across
languages in two ways. First, we observe that
Studentsimilar outperforms Studentdissimilar for
the common language - English. Given that the
English teacher (BERT) and the pre-training trans-
fer corpora7 is common for both student LMs,

5More details in Appendix A.3
6https://tquad.github.io/turkish-nlp-qa-dataset
7In fact, we can hypothesize that Studentdissimilar sees

more English tokens as compared to Studentsimilar because
the Non-English languages in Studentdissimilar are relatively
low resourced (a sum total of 349M unique tokens) in compar-
ison to Studentsimilar (a sum total of 1992M unique tokens)
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Languages Model Teacher
PANX UDPOS PAWSX XNLI XQUAD MLQA TyDiQA Avg.F1 F1 Acc. Acc. F1/EM F1/EM F1/EM

MuRIL Languages

mBERT - 58.8 68.5 93.4 66.2 70.3/57.5 65.0/50.8 62.5/52. 69.2
MuRIL - 76.9 74.5 95.0 74.4 77.7/64.2 73.6/58.6 76.1/60.2 78.3
StudentMuRIL MuRIL 69.3 72.3 95.4 71.9 75.7/62.1 72.0/56.3 70.7/59.2 75.3
StudentmBERT mBERT 38.1 52.1 93.5 64.8 56.9/44.8 51.1/39.7 41.6/33.9 56.9
StudentBoth all mBERT + MuRIL 67.9 72.3 94.5 71.1 76.1/62.9 70.4/55.5 70.8/55.3 74.7
StudentBoth best mBERT + MuRIL 68.5 71.5 93.9 70.7 77.7/64.3 70.8/55.6 70.6/58.4 74.8

RDT(StudentMuRIL,mBERT) (%) +17.9 +5.6 +2.1 +8.6 +7.7/+8 +10.8/+10.8 +13.1/+12.3 +8.8

RDT(StudentMuRIL,MuRIL) (%) -9.9 -3 +0.4 -3.4 -2.6/-3.3 -2.2/-3.9 -7.1/-1.7 -3.8

Non MuRIL Languages

mBERT - 63.5 71.1 80.2 65.9 62.2/47.1 59.7/41.4 60.4/46.1 66.1
StudentMuRIL mBERT 63.9 72.8 83.3 68.7 66.5/51.2 63.1/44.4 61.7/45.0 68.6
StudentmBERT mBERT 64.6 72.1 84.0 68.8 64.5/49.0 61.1/42.7 58.9/44.1 67.7
StudentBoth all mBERT 64.1 72.6 83.9 68.1 61.3/47.1 60.5/42.2 59.7/44.0 67.2
StudentBoth best mBERT 63.3 72.6 83.2 67.2 66.0/50.6 61.4/43.2 62.4/46.5 68.0

RDT(StudentMuRIL,mBERT) (%) +0.6 +2.4 +3.9 +4.3 +6.9/+8.7 +5.7/+7.2 +2.2/-2.4 +3.8

Table 4: Results for multilingual teacher and student LMs on the XTREME benchmark. We compare perfor-
mances of three student LM variants as described in Section 4.3 to the two teachers mBERT and MuRIL. Relative
deviations of 5% or less from teacher (i.e., RDT ≥ −5%) are marked in bold. Overall, we find that StudentMuRIL

performs the best among all student variants and report its RDT (in %) (Equation 3) from the two teachers. Please
refer to Section 4.3 for a detailed analysis.

we can attribute this gain to the fact that En-
glish is trained with linguistically and typolog-
ically similar languages in Studentsimilar. Sec-
ond, Studentsimilar outperforms its teacher LMs
while Studentdissimilar is competitive for all lan-
guages. These two results across all languages
point towards Studentsimilar benefiting from a pos-
itive transfer across similar languages. In Table 3,
we observe that Studentsimilar is trained on 9.9%
of the total unique tokens seen by its respective
teacher LMs and Studentdissimilar lies close with
13.6%. Despite this huge disparity in pre-training
corpora, student LMs are competitive with their
teachers. This encouraging result proves that even
with very limited data, MERGEDISTILL enables
one to combine strong monolingual teacher LMs
to train competitive student LMs that can leverage
the benefits of multilinguality.

4.3 Multilingual Teacher LMs

Pre-training: In this experiment, we make use
of pre-existing multilingual models: mBERT and
MuRIL. mBERT is trained on 104 languages and
MuRIL covers 12 of these (11 Indian languages +
English): Bengali (bn), English (en), Gujarati (gu),
Hindi (hi), Kannada (kn), Malayalam (ml), Marathi
(mr), Nepali (ne), Punjabi (pa), Tamil (ta), Telugu
(te), and Urdu (ur), with higher performance for
these languages on the XTREME benchmark. We
train the student model on all 104 languages. In
this case, the MuRIL Languages (MuL) have two

as shown in Table 3

teachers (mBERT and MuRIL) and the Non-MuRIL
Languages (Non-MuL) can learn from mBERT
only. Therefore, while we only use mBERT
as the teacher LM for Non-MuL across all ex-
periments, we consider three possibilities for MuL :

i) StudentMuRIL: We only use MuRIL as
the teacher LM and each input training example is
tokenized using MuRIL.
ii) StudentmBERT: We only use mBERT as the
teacher LM and each input training example is
tokenized using mBERT.
iii) StudentBoth: As highlighted in Section 3,
we consider two possibilities to incorporate both
teacher LM predictions in training:

• StudentBoth all: Tokenize each input exam-
ple using mBERT and MuRIL separately and
include both copies in training.

• StudentBoth best: Tokenize each input ex-
ample using mBERT and MuRIL separately
and include only the best copy in training. The
best copy is the one having minimum teacher
LM loss for the example.

Note, it is non-trivial to tokenize each example in a
way that is compatible with all teacher LMs. One
must resort to tokenization using an intersection of
vocabularies which is sub-optimal.

All the student LMs use a BERT-base architecture
and have a vocabulary size of 288,973. We reduce
our embedding dimension to 256 as opposed to
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Model Vocabulary Labels PANX UDPOS PAWSX XNLI XQUAD MLQA TyDiQA Avg.
SM1 mBERT Gold 63.2 73.0 94.8 71.2 70.2/57.9 65.1/51.3 60.8/48.7 71.2
SM2 mBERT∪MuRIL Gold 69.3 73.9 95.3 71.2 76.2/63.1 71.1/56.0 70.9/56.0 75.4
SM3 mBERT∪MuRIL Gold+Teacher 69.3 72.3 95.4 71.9 75.7/62.1 72.0/56.3 70.7/59.2 75.3

SM2 100k mBERT∪MuRIL Gold 65.5 72.3 94.3 67.5 72.3/58.2 66.9/51.5 62.5/51.9 71.6
SM3 100k mBERT∪MuRIL Gold+Teacher 71.2 73.5 93.1 69.6 76.4/62.9 69.1/53.9 68.6/54.9 74.5

Table 5: Importance of teacher vocabulary and predictions in MERGEDISTILL. We observe maximum perfor-
mance gains, by changing the vocabulary from mBERT in SM1 to (mBERT∪MuRIL) vocabulary in SM2. Here,
SM3 is the standard StudentMuRIL. We also observe that SM3 100k, trained for 20% of the total training steps, is
competitive to SM3 and significantly outperforms SM2 100k, highlighting the importance of teacher LM predic-
tions in a limited data scenario. Please see Section 4.4 for details.

768 to bring down the model size to be around
160M, comparable to mBERT (178M). We keep a
batch size of 4096 and train for 500,000 steps with
a maximum sequence length of 512.

Finetuning: We report zero-shot performance for
all languages in the XTREME (Hu et al., 2020)
benchmark8.

Results: We report results of our teacher and
student LMs in Table 4. Overall, we find that
StudentMuRIL performs the best among all student
variants. For Non-MuL, StudentMuRIL beats the
teacher (mBERT) by an average relative score of
3.8%. For MuL, StudentMuRIL beats one teacher
(mBERT) by 8.8%, but underperforms the other
teacher (MuRIL) by 3.8%. There can be two fac-
tors at play here. MuRIL is trained on monolingual
and parallel data 9 while the student LMs only see
∼22% of unique tokens in comparison. MuRIL
also has different language sampling strategies
(α = 0.3 as opposed to 0.7 in our setting, where
a lower α value upsamples more rigorously from
the tail languages), which have a significant role to
play in multilingual model performances (Conneau
et al., 2020). We also observe a significant drop in
StudentmBERT’s performance for MuL when com-
pared to the other student LM variants. This might
be because the input is tokenized using the mBERT
tokenizer which prevents learning from MuRIL to-
kens in the student vocabulary. For StudentBoth,
we do not observe much of a difference between
StudentBoth all and StudentBoth best. This obser-
vation may differ with one’s choice of teacher LMs
depending on how well it performs for a particular
language. In our case, we don’t observe much of a
difference in incorporating mBERT predictions for
MuL.

8More details in Appendix A.3
9More details in Appendix A.2

4.4 Further Analysis

The importance of vocabulary and teacher LM
preditions: In Table 4, we see that StudentMuRIL

significantly outperforms mBERT for MuL,
despite both being trained on Wikipedia corpora,
and having comparable model sizes. With regard
to MuL, StudentMuRIL differs from mBERT in
two main aspects – i) StudentMuRIL’s vocabulary
is a union of mBERT and MuRIL vocabularies. ii)
StudentMuRIL is trained with additional MuRIL
predictions as soft labels. To disentangle the
role both these factors play in StudentMuRIL’s
improved performance, we train two models :
i) SM1 is trained exactly like StudentMuRIL, but
with mBERT vocabulary and on gold labels.
ii) SM2 is trained using StudentMuRIL’s vocabu-
lary (mBERT ∪ MuRIL) but on gold labels only,
without teacher predictions.

The results are summarized in Table 5. Note,
we refer to StudentMuRIL as SM3. Overall, we
observe a ∼4.2% gain in average performance
for SM2 over SM1. This clearly highlights that
given fixed data and model capacity, LM training
significantly benefits by incorporating a strong
teacher’s vocabulary.

Furthermore, we also observe that SM2 and SM3
achieve competitive performances despite SM3
being additionally trained on teacher LM labels. To
motivate the need for teacher predictions, Hinton
et al. (2015) argue that when soft targets have high
entropy, they provide much more information per
training case than hard targets and can be trained
on much less data than the original cumbersome
model. In our case, we hypothesize that training
on 500,000 steps exposes the model to sufficient
data for it to generalize well enough and mask the
benefits of teacher LM predictions. To validate this,
we evaluate the performances of SM2 and SM3,
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20% into training (i.e. 100,000 steps / 500,000
total steps) as shown in Table 5. We observe a
∼2.9% gain in average performance for SM3
over SM2, clearly highlighting the importance of
teacher LM predictions in a limited data scenario.
This is especially important when one has access
to very limited monolingual data and a strong
teacher LM for a particular language.

Pre-trained zero-shot transfer: Interestingly,
StudentMuRIL performs the best on almost all
tasks for Non-MuL. This hints at positive transfer
from strong teachers to languages that the teacher
does not cover at all, due to the shared multilin-
gual representations.10 This would mean that learn-
ing from strong teachers can improve the student
model’s performance in a zero-shot manner on re-
lated languages not covered by the teacher. This
would make MERGEDISTILL highly beneficial for
low-resource languages that do not have a strong
teacher or limited gold data. We leave this explo-
ration to future work.

5 Conclusion

In this paper we address the problem of merging
multiple pre-trained teacher LMs into a single mul-
tilingual student LM by proposing MERGEDIS-
TILL, a task-agnostic distillation method. To the
best of our knowledge, this is the first attempt of its
kind. The student LM learned by MERGEDISTILL

may be further fine-tuned for any task across all
of the languages covered by the teacher LMs. Our
approach results in better maintainability (fewer
models) and is compute efficient (due to offline
predictions). We use MERGEDISTILL to i) com-
bine monolingual teacher LMs into one student
multilingual LM which is competitive with the
teachers, thereby demonstrating positive cross-
lingual transfer, and ii) combine multilingual LMs
to train student LMs that learn from multiple teach-
ers. Through experiments on multiple benchmark
datasets, we show that student LMs learned by
MERGEDISTILL perform competitively or even
outperform teacher LMs trained on orders of mag-
nitude more data. We disentangle the positive im-
pact of incorporating strong teacher LM vocabu-

10For example, if you want to train a multilingual model
covering English and a closely related low-resource language
for which there exists no strong teacher, it may be possible
to improve performance for the low resource language using
teacher predictions for English only, due to a shared embed-
ding space and possibly shared sub-words.

laries and learning from teacher LM predictions,
highlighting the importance of the latter in a lim-
ited data scenario. We also find that MERGEDIS-
TILL enables positive transfer from strong teachers
to languages not covered by them (i.e. zero-shot
transfer). Our work bridges the gap between the
universe of language-specific models and massively
multilingual LMs, incorporating benefits of both
into one framework.
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A. R. Fonollosa. 2020. Automatic Spanish transla-
tion of SQuAD dataset for multi-lingual question
answering. In Proceedings of the 12th Language
Resources and Evaluation Conference, pages 5515–
5523, Marseille, France. European Language Re-
sources Association.

Isaac Caswell, Theresa Breiner, Daan van Esch, and
Ankur Bapna. 2020. Language ID in the wild:
Unexpected challenges on the path to a thousand-
language web text corpus. In Proceedings of

2882



the 28th International Conference on Computa-
tional Linguistics, pages 6588–6608, Barcelona,
Spain (Online). International Committee on Compu-
tational Linguistics.
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Goran Glavaš, Robert Litschko, Sebastian Ruder, and
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monte de la Clergerie, Djamé Seddah, and Benoı̂t
Sagot. 2019. Camembert: a tasty french language
model. arXiv preprint arXiv:1911.03894.

Bryan McCann, James Bradbury, Caiming Xiong, and
Richard Socher. 2017. Learned in translation: Con-
textualized word vectors. In Proceedings of NIPS
2017, pages 6294–6305.

Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg S Cor-
rado, and Jeff Dean. 2013. Distributed representa-
tions of words and phrases and their compositional-
ity. Advances in neural information processing sys-
tems, 26:3111–3119.

Debora Nozza, Federico Bianchi, and Dirk Hovy. 2020.
What the [mask]? making sense of language-specific
bert models. arXiv preprint arXiv:2003.02912.

Xiaoman Pan, Boliang Zhang, Jonathan May, Joel
Nothman, Kevin Knight, and Heng Ji. 2017. Cross-
lingual name tagging and linking for 282 languages.
In Proceedings of the 55th Annual Meeting of the
Association for Computational Linguistics (Volume
1: Long Papers), pages 1946–1958.

Matthew E Peters, Mark Neumann, Mohit Iyyer, Matt
Gardner, Christopher Clark, Kenton Lee, and Luke
Zettlemoyer. 2018. Deep contextualized word repre-
sentations. arXiv preprint arXiv:1802.05365.

Telmo Pires, Eva Schlinger, and Dan Garrette. 2019.
How multilingual is multilingual BERT? In Pro-
ceedings of the 57th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 4996–
5001, Florence, Italy. Association for Computa-
tional Linguistics.

Afshin Rahimi, Yuan Li, and Trevor Cohn. 2019. Mas-
sively multilingual transfer for NER. In Proceed-
ings of the 57th Annual Meeting of the Association
for Computational Linguistics, pages 151–164, Flo-
rence, Italy. Association for Computational Linguis-
tics.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and
Percy Liang. 2016. Squad: 100,000+ questions
for machine comprehension of text. arXiv preprint
arXiv:1606.05250.

Sebastian Ruder, Ivan Vulić, and Anders Søgaard.
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A Appendix

A.1 Knowledge Distillation
We train our LMs with the MLM objective. Let
x denote a sequence of tokens where xm =
{x1, x2, x3...xn} denote the masked tokens, and
x−m denote the non-masked tokens. Let v be the
vocabulary of LM θ. The log-likelihood loss (cross-
entropy with one-hot label) can be formulated as
follows:

LMLM(xm|x−m) = −1

n

n∑

i=1

|v|∑

k=1

P(xmi , k);

P(xmi , k) = 1(xmi = k)logp(xmi = k|x−m; θ)

In a distillation setup, the student is trained to not
only match the one-hot labels for masked words,
but also the probability output distribution of the
teacher t. Let us denote the teacher output probabil-
ity distribution for token xmi by Q(xmi |x−m; θt).
The cross entropy between the teacher and student
distributions then serves as the distillation loss :

LKD(xm|x−m) = −1

n

n∑

i=1

|v|∑

k=1

P̂(xmi , k);

P̂(xmi , k) = Q(xmi = k|x−m; θt)

logp(xmi = k|x−m; θ)

The total loss is then defined as :

LALL = λLKD + (1− λ)LMLM

With the addition of the teacher, the target distri-
bution is no longer a single one-hot label, but a
smoother distribution with multiple words having
non-zero probabilities which yields in a smaller
variance in gradients (Hinton et al., 2015). Intu-
itively, a single masked word can have several valid
predictions, which appropriately fit the context.
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Teacher Language
Teacher LM Student LM

% of Data
Tokens Tokens

MuRIL

Bengali 1181M 27M 2.30%
English 6986M 2816M 40.30%
Gujarati 173M 7M 3.90%
Hindi 2368M 38M 1.61%

Kannada 196M 15M 7.64%
Malayalam 337M 14M 4.17%

Marathi 274M 8M 3.02%
Nepali 231M 5M 2.16%
Punjabi 141M 9M 6.45%
Tamil 769M 26M 3.34%
Telugu 331M 30M 8.99%
Urdu 722M 23M 3.21%

Total 13709M 3018M 22%

Table 6: Number of Tokens (in Millions) in the
teacher (MuRIL) and student LMs as described in Sec-
tion 4.3. Note, we only show the MuRIL Languages
here because for Non-MuRIL Languages, the teacher
(mBERT) and student variants are trained on the same
data.

A.2 Pre-training Details

A.2.1 Monolingual Teacher LMs

We pre-train our student models using the BERT
base architecture. Studentsimilar has a vocabulary
size of 99112 and a model size of 162M parameters.
Studentdifferent has a vocabulary size of 180996
and a model size of 225M parameters. We keep a
batch size of 4096 and train for 250k steps with a
maximum sequence length of 512. We use TPUs,
and it takes around 1.5 days to pre-train each stu-
dent LM.

A.2.2 Multilingual Teacher LMs

We pre-train our student models using the BERT
base architecture. All student LMs have a
vocabulary size of 288973. Hence, we reduce our
embedding dimension to 256 as opposed to 768
to bring down the model size to be around 160M,
comparable to mBERT (178M). We keep a batch
size of 4096 and train for 500k steps with a maxi-
mum sequence length of 512. We use TPUs, and
it takes around 3 days to pre-train each student LM.

We present pre-training data statistics for
MuRIL and the student LMs in Table 6. Here
we only include the monolingual data statistics,
but MuRIL is additionally trained on parallel
translated and transliterated data.

Task Batch
Learning No. of Warmup Max. seq.

Rate Epochs Ratio Length
NER 32 3e-5 10 0.1 256
POS 32 3e-5 10 0.1 256
QA 32 3e-5 10 0.1 384

Table 7: Hyperparameter Details for each fine-tuning
task in Section 4.2

A.3 Fine-tuning Details

A.3.1 Monolingual Teacher LMs

Data Statistics We evaluate our monolingual
teacher LMs and multilingual student LMs, as
described in Section 4.2, on three tasks as follows:

i) Named Entity Recognition (NER): We
use the WikiAnn (Pan et al., 2017; Rahimi
et al., 2019) dataset for all languages. Each
language comprises of a train/dev/test split of
20000/10000/10000 tokens. Specifically, we use
the huggingface re-packaged implementation of
the dataset11.

ii) Part-of-Speech tagging (POS): We use
the Universal Dependencies v2.6 (Zeman et al.,
2020) dataset for all languages. Detailed statistics
for each language can be found in Table 9.
Specifically, we use the huggingface re-packaged
implementation of the dataset12.

iii) Question Answering (QA): We use the
TyDiQA dataset (Clark et al., 2020) for ar and
fi, SQuADv1.1 (Rajpurkar et al., 2016) for en,
SQuAD-translated for it (Croce et al., 2018) and es
(Carrino et al., 2020), DRCD for zh (Shao et al.,
2018) and TQuAD13 for tr. Detailed statistics for
each language can be found in Table 10. Note,
we use the dev set as our test sets, since most
datasets only have a train/dev split. We use 10%
of randomly shuffled training examples as our dev
sets.

Hyperparameter Details: We use the same hy-
perparameters for fine-tuning all teacher and stu-
dent LMs, as shown in Table 7. We report results
on the best-performing checkpoint for the valida-
tion set. The performance of the best checkpoint
on validation sets are shown in Table ??

11https://huggingface.co/datasets/wikiann
12https://huggingface.co/datasets/universal dependencies
13https://tquad.github.io/turkish-nlp-qa-dataset
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Languages Model PANX UDPOS PAWSX XNLI XQUAD MLQA TyDiQA

MuRIL Languages

mBERT 58.8 68.5 93.4 66.2 70.3/57.5 65.0/50.8 62.5/52.7
MuRIL 76.9 74.5 95.0 74.4 77.7/64.2 73.6/58.6 76.1/60.2

k=8 69.3 72.3 95.4 71.9 75.7/62.1 72.0/56.3 70.7/59.2
k=128 67.5 72.8 94.4 70.7 75.5/61.9 71.1/56.1 70.2/55.4
k=512 69.2 77.2 94.7 71.3 75.6/61.8 72.3/56.9 68.5/53.9

Non MuRIL Languages

mBERT 63.5 71.1 80.2 65.9 62.2/47.1 59.7/41.4 60.4/46.1
k=8 63.9 72.8 83.3 68.7 66.5/51.2 63.1/44.4 61.7/45.0

k=128 63.7 72.8 83.4 67.9 66.1/51.1 61.4/43.4 62.6/46.7
k=512 64.8 73.3 82.7 67.4 65.7/50.7 63.6/44.9 58.7/44.8

All Languages

mBERT 62.5 70.6 82.0 65.9 63.7/49.0 61.2/44.1 61.1/48.3
k=8 65.0 72.7 85.0 69.3 68.2/53.2 65.6/47.8 64.7/49.7

k=128 64.5 72.8 85.0 68.4 67.9/53.0 64.2/47.1 65.2/49.6
k=512 65.7 74.0 84.4 68.2 67.5/52.8 66.1/48.3 62.0/47.8

Table 8: Results of the best performing student model StudentMuRIL for different top-k values

Language Dataset Examples (Train/Dev/Test)
Arabic AR PADT 6075/909/680

Chinese ZH GSD 3997/500/500
English EN EWT 12543/2002/2077
German DE HDT 15305/18434/18459
Finnish FI FTB 14981/1875/1867
Italian IT ISDT 13121/564/482

Spanish ES ANCORA 14305/1654/1721
Turkish TR IMST 3664/988/983

Table 9: Universal Dependencies v2.6 overview for
each language, used in Section 4.2

Language Dataset Examples (Train/Test)
Arabic TyDiQA-GoldP 14805/921

Chinese DRCD 26936/3524
English SQuADv1.1 87599/10570
German - -
Finnish TyDiQA-GoldP 6855/782
Italian SQuADv1.1-translated 87599/10570

Spanish SQuADv1.1-translated 87595/10570
Turkish TQuAD 8308/892

Table 10: Question Answering datasets, used in Sec-
tion 4.2

A.3.2 Multilingual Teacher LMs
Data Statistics We evaluate all the teacher
(mBERT and MuRIL) and student (StudentMuRIL,
StudentmBERT and StudentBoth) LMs on the
XTREME (Hu et al., 2020) benchmark. We fine-
tune the pre-trained models on English training
data for the particular task, except TyDiQA, where
we use additional SQuAD v1.1 English training
data, similar to (Fang et al., 2020). All results are
computed in a zero-shot setting.

Hyperparameter Details We use the same
hyperparameters for fine-tuning all teacher and
student LMs, as shown in Table 11. We report
results on the best-performing checkpoint for the

Task Batch
Learning No. of Warmup Max. seq.

Rate Epochs Ratio Length
PANX 32 2e-5 10 0.1 128

UDPOS 64 5e-6 10 0.1 128
PAWSX 32 2e-5 5 0.1 128
XNLI 32 2e-5 3 0.1 128

XQuAD 32 3e-5 2 0.1 384
MLQA 32 3e-5 2 0.1 384

TyDiQA 32 3e-5 2 0.1 384

Table 11: Hyperparameter Details for each task in
XTREME

eval set.

A.4 Different top-k values
We present results for StudentMuRIL trained with
different top-k values from teacher predictions in
Table 8. We observe that while performances re-
main similar for higher values of k, storage be-
comes increasingly expensive. Hence, we stick to
a value of k=8 in all our experiments.
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Abstract

Sequence-to-sequence models usually transfer
all encoder outputs to the decoder for genera-
tion. In this work, by contrast, we hypothesize
that these encoder outputs can be compressed
to shorten the sequence delivered for decoding.
We take Transformer as the testbed and intro-
duce a layer of stochastic gates in-between the
encoder and the decoder. The gates are regular-
ized using the expected value of the sparsity-
inducing L0 penalty, resulting in completely
masking-out a subset of encoder outputs. In
other words, via joint training, the L0DROP
layer forces Transformer to route information
through a subset of its encoder states. We in-
vestigate the effects of this sparsification on
two machine translation and two summariza-
tion tasks. Experiments show that, depending
on the task, around 40–70% of source encod-
ings can be pruned without significantly com-
promising quality. The decrease of the output
length endows L0DROP with the potential of
improving decoding efficiency, where it yields
a speedup of up to 1.65× on document sum-
marization and 1.20× on character-based ma-
chine translation against the standard Trans-
former. We analyze the L0DROP behaviour
and observe that it exhibits systematic pref-
erences for pruning certain word types, e.g.,
function words and punctuation get pruned
most. Inspired by these observations, we ex-
plore the feasibility of specifying rule-based
patterns that mask out encoder outputs based
on information such as part-of-speech tags,
word frequency and word position. 1

1 Introduction

Neural sequence-to-sequence (Seq2Seq) models
have dominated various text generation tasks,
including machine translation (Vaswani et al.,

1Source code is available at https://github.com/
bzhangGo/zero.
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Figure 1: Distribution of the summed attention weight per
source word estimated on the English-German WMT14 test
set. For each (source sentence, translation) pair, we extract the
attention matrices from all encoder-decoder attention sublay-
ers in Transformer and average them over different (8) heads
and (6) layers. The attention value for each source word is
summed over all target words in the translation. Higher atten-
tion weights suggest larger impacts on translation. Around
49.7% source words get attention weights of less than 0.6,
compared to the mean value of 1.03.

2017) and abstractive document summariza-
tion (Gehrmann et al., 2018; Liu and Lapata, 2019).
These models generally follow the encoder-decoder
paradigm, where the encoder interprets source con-
text and converts source words into vector represen-
tations such that the decoder has sufficient informa-
tion to predict the target sequence. Early Seq2Seq
models (Sutskever et al., 2014; Cho et al., 2014)
provided only the last and/or first encoder states
to the decoder. In contrast, modern approaches
rely on the attention mechanism (Bahdanau et al.,
2015) and implicitly make an assumption that in-
formation from all encoder outputs should flow to
the decoder.2 However, this assumption neglects
the fact that a large portion of source words in
machine translation receives just minor attention
as shown in Figure 1, let alone in summarization
where the input contains redundant expressions and
large parts of text are not relevant to any plausible
summary. Moreover, information content varies

2We interchangeably use source representation, encoder
output and source encoding unless otherwise specified.
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Figure 2: Encoder-decoder attention distribution of target
words (y-axis) over source words (x-axis) for the vanilla atten-
tion (Vaswani et al., 2017), the sparse attention (Correia et al.,
2019) and our model. Darker color indicates larger attention
weight, and the white blocks denote an attention weight of
0. The source words whose encoding is pruned by L0DROP
(receiving zero weight) are highlighted in red.

across words, for example, it is negatively corre-
lated with event frequency (Shannon, 1948; Zipf,
1949). When moving from word-level to character-
level processing, the notion of encoding informa-
tion and computing attention on the level of charac-
ters also seems excessive. Previous work has pro-
posed hierarchical architectures where character-
level encodings are compressed into word-level
or span-level states (Ling et al., 2015; Lee et al.,
2017).

In this work, we hypothesize that encoder out-
puts are compressible and we can force Seq2Seq
model to route information through their subset.
Figure 2 illustrates our intuition as well as the dif-
ference with existing work (Vaswani et al., 2017;
Correia et al., 2019). Instead of dynamically spar-
sifying attention weights for individual decoder
steps (Correia et al., 2019), we aim at detecting un-
informative source encodings and dropping them
to shorten the encoding sequence before genera-
tion. To this end, we build on recent work on
sparsifying weights (Louizos et al., 2018) and acti-
vations (Bastings et al., 2019) of neural networks.
Specifically, we insert a differentiable neural spar-
sity layer (L0DROP) in-between the encoder and
the decoder. The layer can be regarded as provid-
ing a multiplicative scalar gate for every encoder
output. The gate is a random variable and, unlike
standard attention, can be exactly zero, effectively
masking out the corresponding source encodings.
The sparsity is promoted by introducing an extra
term to the learning objective, i.e. an expected
value of the sparsity-inducing L0 penalty. By vary-
ing the coefficient for the regularizer, we can obtain
different levels of sparsity. Importantly, the objec-
tive remains fully end-to-end differentiable.

Given an encoding sequence of length N , the
vanilla attention model attends to it recurrently for

M steps at the decoding phase, leading to a compu-
tational complexity of O(NM) (N = 6, M = 6
in Figure 2). This could be costly if N or M is
very large. With the induced sparse structure by
L0DROP, we introduce a specialized decoding al-
gorithm which lowers this complexity to O(N ′M)
(N ′ ≤ N , and N ′ = 3 in Figure 2). As a result,
L0DROP can improve decoding efficiency by re-
ducing the encodings’ length, especially for long
inputs.

We apply L0DROP to Transformer (Vaswani
et al., 2017), the state-of-the-art Seq2Seq model.
We conduct extensive experiments on WMT trans-
lation tasks with two language pairs and docu-
ment summarization tasks covering single docu-
ment and multiple documents settings. We also
explore character-based machine translation where
the lengthy character sequence often leads to slow
inference. We analyze how pruning source en-
codings impacts the generation quality and which
word types get pruned. Inspired by the analysis
of L0DROP, we further study rule-based sparsity
patterns , such as deterministically filtering out the
encodings of words with specific POS tags, high-
frequency words or simply attending to every other
word in the sequence.

Our main findings are summarized as follows:

• We confirm that the encoder outputs can be
compressed, around 40–70% of them can be
dropped without large effects on the genera-
tion quality.
• The resulting sparsity level differs across word

types, the encodings corresponding to func-
tion words (such as determiners, prepositions)
are more frequently pruned than those of con-
tent words (e.g., verbs and nouns).
• L0DROP can improve decoding efficiency

particularly for lengthy source inputs. We
achieve a decoding speedup of up to 1.65×
on document summarization tasks and 1.20×
on character-based machine translation task.
• Filtering out source encodings with rule-

based sparse patterns is feasible, and con-
firms information-theoretic expectations, al-
though rule-based patterns do not generalize
well across tasks.

2 Related Work

Approaches to compression in Seq2Seq models
fall into the category of model parameter compres-
sion (See et al., 2016), sequential knowledge dis-
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tillation (Kim and Rush, 2016) or sparse attention
induction that ranges from modeling hard atten-
tion (Wu et al., 2018) to developing differentiable
sparse softmax functions or regularizing attention
weights for sparsity (Niculae and Blondel, 2017;
Correia et al., 2019; Cui et al., 2019; Zhang et al.,
2019). Unfortunately, the success of all these stud-
ies builds upon the access to all source encodings
in training and decoding. Learning which encoder
outputs to prune in Seq2Seq models, to the best of
our knowledge, has never been investigated before.
Sukhbaatar et al. (2019) learn attention spans in
self-attention and discard information from states
outside of the span; this method is not directly ap-
plicable to encoder-decoder attention.

We use the differentiable L0-relaxation which
was first introduced by Louizos et al. (2018) in the
context of pruning individual neural network pa-
rameters. It was previously used to prune heads in
multi-head attention (Voita et al., 2019). Our work
is more similar in spirit to Bastings et al. (2019)
where they used the L0 relaxations to construct in-
terpretable classifiers, i.e. models that can reveal
which words they rely on when predicting a class.
In their approach, the information from dropped
words is lost rather than rerouted into the states of
retained words, as desirable for interpretability but
problematic in the text generation set-up.

The number of the source encodings selected
by L0DROP is sentence-dependent, which differs
from the linear-time model of Wang et al. (2019),
although both can accelerate decoding. Our study
of rule-based sparsity patterns is in line with the
sparse Transformer (Child et al., 2019) though we
also explore the use of external linguistic informa-
tion (POS tag) in our sparsification rules, and focus
on encoder outputs instead of self-attention.

Character-based translation gained increasing
popularity due to its capability of handling out-of-
vocabulary issues while avoiding tokenization and
subword segmentation (Ling et al., 2015; Costa-
jussà and Fonollosa, 2016; Sennrich, 2017; Cherry
et al., 2018). Recent efforts often focus on clos-
ing the performance gap against its subword-level
counterpart (Libovický and Fraser, 2020; Gao et al.,
2020), but little study explores solutions to improve
its inefficient inference resulted from the long char-
acter sequences. In this respect, Cherry et al. (2018)
proposed to use conditional computation to dynam-
ically compress encoder states. Similar to our re-
sults, they also observed a trade-off between the

translation quality and the degree of compression.

3 Background: Transformer

We take Transformer (Vaswani et al., 2017) as our
testbed. Transformer uses the dot-product attention
network as its backbone to handle intra- and inter-
sequence dependencies:

ATT(H,M) = AV = SM

(
QKT

√
d

)
V, (1)

where Q,K,V = HWq,MWk,MWv. The in-
put H ∈ RJ×d of length J queries and summarizes
task-relevant clues from the memory M ∈ RI×d
of length I based on their dot-product seman-
tic matching A ∈ RJ×I . SM denotes the soft-
max function, d is the model dimension, and Wq,
Wk,Wv ∈ Rd×d are trainable model parameters.
Vaswani et al. (2017) also extend this mechanism
to multi-head attention.

Given a source sequence X = (x1, x2, . . . , xN ),
Transformer maps it to the target sequence Y =
(y1, y2, . . . , yM ) following the encoder-decoder
paradigm (Bahdanau et al., 2015):3

XL = Encoder
(
X0
)

(2)
L
:=
l=1

FFN
(

ATT(Xl−1,Xl−1)
)
,

YL = Decoder
(
Y0,XL

)
(3)

L
:=
l=1

FFN
(

ATT
(

ATT(Yl−1,Yl−1),XL
))

,

where X0 ∈ RN×d and Y0 ∈ RM×d stand for
the source and the shifted target sequence embed-
ding, respectively, enriched with positional encod-
ing (Vaswani et al., 2017). FFN(·) is a point-wise
feed-forward network. ATT(·, ·) in the decoder de-
notes masked ATT(·, ·) which prevents access to fu-
ture target words. Both the encoder and the decoder
involve a stack of L identical layers, with the en-
coder output XL fed to the decoder via an encoder-
decoder attention sublayer, i.e. the ATT(·, ·) in Eq.
(3). Based on the decoder output YL, Transformer
performs the next-word prediction and adopts the
maximum likelihood loss for training.

4 Neural Sparsity Layer: L0DROP

In this section, we introduce a neural sparsity layer
(L0DROP), which we use to prune encoder outputs.

3Each sublayer (ATT/ATT/FFN) in the encoder and de-
coder is wrapped with residual connection (He et al., 2015)
followed by layer normalization (Ba et al., 2016), which are
dropped in Eq. (2) and (3) for clarity.
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Figure 3: Hard concrete distribution (orange curve): samples
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blue curve) to a stretched distribution (solid blue curve), and
then rectified to collapse the probability mass of the shadow
areas into {0} and {1} (solid orange points).

At inference time, only retained encoder outputs
will be used as input to the decoder.

4.1 Training with L0DROP

Intuitively, L0DROP assigns each encoder output
xLi a gate gi ∈ [0, 1] (i ∈ {1, . . . , N})

L0DROP(xLi ) = gix
L
i , (4)

and prunes encodings by closing their gates, i.e.
gi = 0, relying on adding a differentiable sparsity-
inducing penalty to the objective.

More formally, to achieve sparsity, each gate is
assumed to be a random variable and its value is
drawn from the HardConcrete distribution:

gi ∼ HardConcrete(αi, β, ε), (5)

where αi, β and ε are shape parameters of the dis-
tribution. HardConcrete (Louizos et al., 2018) is a
parameterized family of mixed discrete-continuous
distributions over the closed interval [0, 1]. These
distributions have point mass at 0 and 1 and con-
tinuous density in-between, i.e. in (0, 1), as shown
in Figure 3. Thus, the gates will have a non-zero
probability of being exactly 0, corresponding to
masking out the input completely.

Specifically, the sample from HardConcrete dis-
tribution is obtained by stretching and rectifying
samples from BinaryConcrete distributions (Mad-
dison et al., 2017; Jang et al., 2017):

si ∼ BinaryConcrete(αi, β) (6)

s̄i = si (1 + 2ε)− ε, (7)

gi = min (1,max (0, s̄i)) . (8)

In the above expression, we first obtain a sample
from the BinaryConcrete distribution (Eq. (6)),
then stretch it from (0, 1) to (−ε, 1 + ε) (Eq. (7),

ε > 0), and finally rectify with a hard sigmoid to
the closed interval [0, 1] (Eq. (8)).

The probability of gi being exactly 0 (p(gi =
0|αi, β, ε)) equals the probability of s̄i hitting
(−ε, 0) and is available in a closed form (Louizos
et al., 2018):

p(gi = 0|αi, β, ε) = σ(β log
ε

1 + ε
− logαi),

where σ(·) denotes the sigmoid function. The pa-
rameter αi (i.e. the location parameter of Bina-
ryConcrete) is predicted relying on the encoder
output xi:

logαi = xLi w
T , (9)

where w ∈ Rd is a learned parameter vector; the
temperature β and the stretch degree ε are treated
as hyperparameters. By adjusting αi the model can
change the shape of the HardConcrete distribution,
and dynamically decide which outputs to pass to
the decoder and which to prune.

Note that the sum

L0(X) =
N∑

i=1

1− p(gi = 0|αi, β, ε), (10)

yields the expected number of open gates, or,
equivalently, the expected L0 loss on gate vector
(g1, . . . , gN ). Minimizing the loss encourages the
model to prune encoder outputs.

Once L0DROP is integrated as a new layer into
Transformer, the decoder, previously defined in Eq.
(3), becomes:

YL = Decoder(Y0,L0DROP(XL)). (11)

Other components in Transformer are kept intact,
except for using a modified objective L(X,Y ):

LMLE(X,Y ) + λL0(X)

=− logEg∼p(g|φ) [p(Y,g|X)] + λL0(X)

≤ Eg∼p(g|φ) [− log p(Y,g|X)] + λL0(X)

= L(X,Y ) (12)

where φ is short for (α, β, ε), λ ∈ R+ is a hyperpa-
rameter defining the level of sparsity. The bound is
derived by applying Jensen’s inequality.

Importantly, the objective remains fully differ-
entiable as we can rely on the reparameterization
technique (Kingma and Welling, 2013) to sample
g̃ for computing unbiased estimates of the gradi-
ents. Adding L0DROP and the regularizer intro-
duces only a negligible computational overhead to
training compared to the original Transformer.
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Algorithm 1 Decoding algorithm for L0DROP

Input: Source encodings, XL ∈ RN×d;
Gates, ĝ ∈ RN ;
Query state, ylj ∈ Rd;

Output: Attention vector for the query
. step 1: reorganize source-side inputs
. note this step can be done before the decoder

1: I ← {i|ĝi 6= 0} . N ′← |I|
2: ĝ′ ∈ RN ′ , X′L ∈ RN ′×d← ĝ[I], XL[I]
3: c← N −N ′
4: X̄L ← [0 ∈ Rd,X′L � ĝ′], c← [c,1 ∈ RN ′ ]
. step 2: attention with counts

5: q,K,V← yljWq, X̄
LWk, X̄

LWv

6: e ∈ RN ′+1 ← qKT /
√
d

. perform softmax with counts
7: a← c� exp(e)/

∑
i (ci exp(ei))

8: v ∈ Rd ← aV
9: return v

4.2 Decoding with L0DROP

At test time we do not sample gate values but es-
timate their expected value gi, following Louizos
et al. (2018):

ĝi = min(1,max(0, σ(logαi)(1+2ε)−ε)), (13)

which often turns out to be exactly either 0 or 1,
albeit being in-between in some cases. Encodings
corresponding to non-zero ĝi are preserved and
simply weighted by the expectation ĝi.

To leverage the induced sparse structure, we re-
vise the decoding procedure as in Algorithm 1. The
notation [·, ·] refers to row-wise concatenation, [I]
stands for extracting elements with the indices I ,
� is element-wise multiplication, and 1 ∈ RN ′

indicates a vector of ones of length N ′. We first
reorganize the gates ĝ ∈ RN and the source encod-
ings XL ∈ RN×d by eschewing the entries corre-
sponding to closed gates (ĝi = 0, line 1-2). We
augment the compressed sequence X′L ∈ RN ′×d
with a dummy zero encoding vector 0 ∈ Rd to rep-
resent all pruned encodings, and record their count
into a counting vector c ∈ RN ′+1 (line 4).4 Notice
that this step is decoder-agnostic, which only relies
on the source encodings and L0DROP gates. We
then modify the attention process to enable the in-
clusion of this counting information (line 5-8) for
correctly estimating the attention weights. Note

4Note thatN ′ ≤ N . L0DROP could increase the sequence
length if no source encoding is pruned, which is not observed
in our experiments.

that the shortened source sequence X̄L is reused
across decoder layers and steps. L0DROP changes
the dependency of the encoder-decoder attention
on source sequence from O(NM) to O(N ′M),
and allows for efficiency gains even with moderate
sparsity, especially for large L, N and M .

5 Experimental Setup

We study L0DROP on machine translation tasks
(WMT14 English-German (En-De) (Bojar et al.,
2014) and WMT18 Chinese-English (Zh-En) (Bo-
jar et al., 2018)5) and document summarization
tasks (CNN/Daily Mail (Hermann et al., 2015)6 and
WikiSum (Liu et al., 2018)7). We adopt BLEU (Pa-
pineni et al., 2002) and ROUGE-L (Lin, 2004) to
evaluate the translation and summarization quality,
respectively. Other details, including model set-
tings, are given in the Appendix A. For character-
based translation, we employ the same model ar-
chitecture and hyperparameters for training and
decoding as specified in Appendix A, except that
we adopt larger-batch training (∼85K characters)
and encourage longer sequence decoding (length
penalty of 1.0).

6 Results and Analysis

How much can encoder outputs be sparsified?
We answer this question by analyzing the impact of
pruning source encodings on the generation quality.
We first train a baseline Transformer model, and
then finetune this model using L0DROP (Eq. (12))
with varied λ to explore different levels of sparsity.
We sample λ with a range of (0, 1.5] and a step size
of 0.1, and finetune WMT14 En-De and WMT18
Zh-En models for extra 50K steps, and CNN/Daily
Mail for extra 20K steps. We use the sparsity rate
to measure the sparsity; we define it as the ratio of
the pruned source encoding number #(ĝi = 0) to
the total number of source words.

Figure 4 shows the results. The generation qual-
ity exhibits a negative correlation with the sparsity
rate across different tasks, reflecting the useful-
ness of encoder outputs for generation. However,
the fact that we can remove about 40% source en-
codings without largely degrading the generation
performance (-0.5 BLEU and -0.1 ROUGE-L) sup-
ports our hypothesis that we can force Seq2Seq

5https://www.statmt.org/wmt14(8)/translation-task.html
6https://github.com/harvardnlp/

sent-summary
7https://github.com/nlpyang/hiersumm
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Figure 4: Generation quality (BLEU and ROUGE-L, evaluated on test set) as a function of sparsity rate for WMT14 En-De,
WMT18 Zh-En and CNN/Daily Mail. Pruning about 40% source encodings results in marginal performance loss on all tasks.

Task Time Speedup Sparsity Quality

WMT14 En-De 68.89 1.00× 0.00% 27.59
68.38 1.01× 46.7% 27.06

WMT14 En-De 1418 1.00× 0.00% 25.40
(Char) 1186 1.20× 46.1% 25.35

WMT18 Zh-En 116.3 1.00× 0.00% 21.10
118.3 0.98× 39.1% 20.80

CNN/Daily Mail 3909 1.00× 0.00% 36.88
3227 1.21× 47.6% 36.51

WikiSum 70505 1.00× 0.00% 39.20
42669 1.65× 71.5% 38.75

Table 1: Decoding results for different tasks when finetuning
with λ = 0.3. “Time”: the decoding time (in seconds) of
the whole test set. “Sparsity”: the sparsity rate, 0.00% in-
dicates the Transformer baseline. “Speedup”: the decoding
acceleration over the baseline. “Quality”: BLEU for WMT
tasks and ROUGE-L for summarization tasks. “Char”: the
character-level models, where we set λ = 0.02. We evaluate
the decoding time on GeForce GTX 1080 Ti, with a batch size
of 32 for WMT tasks and 10 for summarization tasks.

model to route information through a subset of its
source encodings. We also observe that the com-
pressibility seems relatively language independent
(the curves of WMT14 En-De 4(a) and WMT18
Zh-En 4(b) are similar) but clearly task dependent.
Compared to translation tasks, the summarization
task seems less sensitive to the pruning of source
encodings. We ascribe this to the property of sum-
marization where the summary only reflects a part
of the input document, rather than the entire docu-
ment.

Does L0DROP improve the decoding speed?
With appropriate finetuning, L0DROP can shorten
the encoding sequence fed to the decoder, reduc-
ing the calculation amount of the encoder-decoder
attention. However, the encoder-decoder attention
corresponds to about 1/3 of the decoder calcula-

tions,8 and Algorithm 1 also brings in extra over-
head, such as gathering and indexing operations.
Thus, a speed-up is not guaranteed, and we report
empirical decoding time across different tasks.

Results in Table 1 show that L0DROP only
marginally improves the decoding speed for
subword-based machine translation, despite a high
sparsity rate of 46.7% (WMT14 En-De) and 39.1%
(WMT18 Zh-En). By contrast, L0DROP yields a
speedup of 1.21× and 1.65× on CNN/Daily Mail
and WikiSum, respectively. One explanation lies at
the significant difference in target sequence length,
where the average length per summary is>60, com-
pared to ∼25 in machine translation. Note that
L0DROP achieves a substantially higher sparsity
rate of 71.5% on WikiSum with the same λ = 0.3.
This is because the input paragraphs overlap in
content; the information about redundant words
does not need to be routed into other encoder states,
making it easier to prune them.

When it comes to character-based translation, we
observe that L0DROP performs comparably to the
baseline (-0.05 BLEU) with a high sparsity rate of
46.1%. This echoes with our findings on subword-
based translation, except that L0DROP also im-
proves inference efficiency here due to the higher
sequence length with a decoding speedup of 1.20×.
In comparison to adaptive compression (Cherry
et al., 2018), L0DROP delivers higher compres-
sion ratio with almost no quality loss. This fur-
ther demonstrates the effectiveness of L0DROP in
handling lengthy inputs. We notice that character-
level models still underperform their subword-level
counterparts with the standard Transformer, but

8At decoding, the encoder-decoder attention accounts for
about 34.4% decoder time according to profiling on our im-
plementation.
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Figure 5: Curves for sparsity rate of different types of encod-
ing on the WMT14 En-De test set. x-axis denotes the overall
sparsity rate. The encoding of content words and BPEH is
more valuable for generation, compared to that of function
words and punctuation.

closing this performance gap is beyond the scope
of this study.

Note that the pretraining-then-finetuning schema
is mainly used for saving training efforts. By
scheduling λ linearly with training steps, we can
train models with L0DROP (Eq. (12)) from scratch,
and obtain a BLEU score of 27.03 (λ = 0.2, warm-
up step of 200K) on WMT14 En-De (using sub-
words), comparable to using finetuning (27.04).

What types of source encoding are required for
generation? Our goal here it to understand en-
codings of which types of tokens are retained. For
each source encoding, we regard the POS of its cor-
responding word as its type. We take WMT14 En-
De as our benchmark, where we annotate POS for
source sentences in the test set using the Stanford
POS tagger (Toutanova et al., 2003). We handle
subwords separately by labeling its first piece as
BPEH while the others as BPEO, regardless of the
POS of its unsegmented form. We group different
POS tags into 6 categories for the sake of analy-
sis: BPEH, BPEO, function words, content words,
punctuation and the rest.9

Figure 5 shows how the sparsity rate of each
encoding type changes as a function of the overall
sparsity rate. We find that L0DROP first choose
to eliminate the encoding of punctuation, followed
by that of function words. These words often sig-
nal structural and grammatical relationships that,
while important to build up a representation of the
sentence, can be easily compressed. In contrast,
pruning content words, which express richer lexi-

9Function words include CC, IN, RP, TO, UH, DT and WP.
Content words include MD, JJ, NN, RB and VB. Others include
other POS tags except for punctuation and BPEO/BPEH, such
as CD, EX, FW and SYM.
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Figure 6: Distribution of the position of pruned source char-
acters within a word on the WMT14 En-De test set. x-axis:
0.0 and 1.0 corresponds to the beginning and ending of one
word, respectively.
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Figure 7: Distribution of the summed attention weight per
source word on the WMT14 En-De test set for Transformer
with L0DROP (sparsity rate 47%, BLEU 27.06). Only 4.5%
source words get attention weights of less than 0.6.

cal meaning, is more difficult. The sharp increase
of content word sparsity after the overall sparsity
rate of 0.5 in Figure 5 correlates with a sharp drop
in translation quality (see Figure 4(a)). We also
observe that there is a large difference between
BPEO and BPEH, albeit both from the same word.
L0DROP favours to prune the encoding of BPEO,
indicating that the model learns to use word-initial
representations (BPEH) to represent whole words.

For character-level models, we observe that
L0DROP identifies the inter-word structure in char-
acter sequences, and removes 89.2% encodings
of the space symbol. We didn’t find any other
character-specific pruning patterns, but Figure 6
reveals that the encodings of characters near the
ending of a word are more likely to be pruned com-
pared to those at the beginning positions. This
result resonates with our above observation on sub-
word pruning, where L0DROP prefers to drop the
encoding of BPEO rather than BPEH.

What’s the effect of L0DROP on Transformer?
Transformer can lose the access to around 40%
source encodings while largely retaining the same
performance. We try to figure out what has changed
inside Transformer in order to support L0DROP,
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Figure 8: Entropy of the retained source encodings (top)
and the pruned ones (bottom) versus the sparsity rate on the
WMT14 En-De test set. We use the sparsity variable ĝ learned
by L0DROP to classify the encodings of our baseline Trans-
former. Higher entropy indicates that the distribution tends
to be uniform. With fewer retained encodings, Transformer
tends to spread its attention weights to include more source-
side information.

and analyze the attention weights (i.e. A in Eq.
(1)) of all encoder-decoder attention sublayers and
the last encoder self-attention sublayer; these sub-
layers are directly connected with L0DROP in the
computation graph. We test on WMT14 En-De.

We visualize the distribution of the encoder-
decoder attention weight per source word for Trans-
former with a sparsity rate of 47% (BLEU 27.06).
Compared to the vanilla Transformer (Figure 1),
distributions in Figure 7 show that the average at-
tention weight obtained by each source word has
increased (+0.77, 1.03→1.80), and the proportion
of source words receiving attention weights of less
than 0.6 is substantially reduced, by a factor of
10 (49.7%→4.5%). This indicates that L0DROP

forces Transformer to distribute its attention more
evenly among retained source encodings.

Apart from the encoder-decoder attention, we
also inspect the self-attention in the last encoder
layer. We average the self-attention weights over
8 different heads, and compare the attention en-
tropy of the retained source encodings (ĝi 6= 0)
and the pruned ones (ĝi = 0). We report average
entropy values over the whole test set. Figure 8
shows how increasing sparsity affects the entropy.
Although L0DROP selects to drop uninformative
encodings, the increase in the entropy of the re-
tained encodings (Figure 8 (a)), when compared

to the baseline, suggests that the encoder actually
encodes more context information into these rep-
resentations, confirming that the model learns to
compress context information when sparsity is en-
forced. Another observation is that the entropy
curve of L0DROP for the pruned encodings is in
line with that of the baseline, albeit on a larger scale
(Figure 8 (b)). This signifies that L0DROP enforces
Transformer to adapt its attentions to better coor-
dinate with source context representations, which
ensures its effectiveness on generation.

Can we prune encodings earlier in the encoder?
Rather than stackingL0DROP on top of the encoder
outputs, we insert L0DROP in-between every adja-
cent pair of encoder layers. We work on WMT14
En-De and finetune with λ = 0.2. We get a spar-
sity rate of 0.0%, 0.0%, 8.6%, 8.6%, 8.7% and
34.0% for the first to the last L0DROP layer, re-
spectively, with a BLEU score of 26.74. This result
suggests that Transformer does not gain much bene-
fit from pruning encodings earlier. The model tends
to retain encodings at shallow levels (0.0%/8.6%
< 34.0%), and loses 0.3 BLEU compared to its
L0DROP baseline (λ = 0.2, sparsity rate 31.7%,
BLEU 27.04). We believe that the encoder relies
on low-level information (including the words) to
fully ‘understand’ the sentence, though part of the
final encodings is discardable.

7 Exploring Rule-based Sparse Patterns

Our analysis shows that the sparsity induced by
L0DROP follows certain patterns, with the encod-
ings of ‘less content-bearing’ words pruned first.
This suggests that we may be able to define heuris-
tic patterns manually. In this section, we explore
the following three rule-based patterns according
to our study on WMT14 En-De:

POS Pattern This pattern discards the source en-
codings of those easy-to-prune types, includ-
ing function words, punctuation, BPEO and
MD, EX, which account for 46.4% of the
source-side WMT14 En-De training data.

Freq Pattern Inspired by the fact that punctuation
and function words are high frequency words,
we propose to filter out the source encodings
corresponding to top-frequent words with a
threshold of 46.3% (top 100 words). We also
include an inverse version, Inv Freq Pattern,
for comparison, which drops the encodings
of most rare words; source words whose fre-
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Pattern WMT14 En-De CNN/Daily Mail

Sparsity BLEU Sparsity RL

Baseline 0.00% 27.59 0.00% 36.88
L0DROP 46.7% 27.06 47.6% 36.51

POS Pattern 46.7% 27.11 39.6% 35.57
Freq Pattern 42.1% 26.98 47.8% 35.67
Group Pattern 50.0% 26.82 50.0% 30.69

Inv Freq Pattern 44.7% 26.42 39.0% 27.89

Table 2: Sparsity and generation quality for different models
on the WMT14 En-De (measured by tokenized case-sensitive
BLEU) and the CNN/Daily Mail (measured by ROUGE-L or
RL) test set. The sparsity rate is evaluated on test set.

quency ranks lower than 452 are removed,
covering ∼40.0% of the source training data.

Group Pattern We explore a position-based pat-
tern that only feeds the encodings at odd posi-
tions to the decoder, indicating a sparsity rate
of ∼50%. This pattern is partially motivated
by Child et al. (2019).

The design of these patterns follows our analysis on
L0DROP, where we match the sparsity rate in each
pattern to the optimal rate of L0DROP on WMT14
En-De. We examine the feasibility of these patterns
on WMT14 En-De and CNN/Daily Mail.

Table 2 shows the results. On WMT14 En-
De, Transformer using these rule-based patterns
achieves comparable translation quality toL0DROP

(-0.24 to +0.05 BLEU) with similar sparsity rate.
One interesting observation is that Transformer
also works with language- and context-agnostic
sparsity patterns (Freq Pattern). The performance
drop by Inv Freq Pattern (-0.64 BLEU) is in line
with the information-theoretic expectation that in-
formation from frequent words is easier to com-
press than that of rare words.

However, note that we developed our heuristics
to mimic the behaviour of L0DROP for WMT14
En-De task. L0DROP has the advantage that it is
data-driven and task-agnostic so that we can eas-
ily apply L0DROP to summarization. By contrast,
these rule-based patterns discovered on translation
tasks are not optimal for other tasks, which results
in deteriorated performance on CNN/Daily Mail
(-5.82 to -0.84 RL). In particular, Transformer suf-
fers from a large performance drop with the Group
pattern (-5.82 RL). These results suggest that us-
ing rule-based sparse patterns to manually define
the sparsity of encoder outputs is possible though
the patterns lack generalization ability to different
tasks.

8 Conclusion and Future Work

By introducing a L0-regularized neural sparsity
layer (L0DROP) in Transformer, we confirm that
the encoder outputs are compressible to varying
degrees. Pruning encoder outputs often results in
a drop in performance, but we can get comparable
results with 40–70% source encodings dropped.
One benefit of pruning source encodings is to
shorten encoding sequences for the decoder, which
is especially beneficial for efficiency on long se-
quences, and accelerates the decoding speed by up
to 1.65× on document summarization tasks and
1.20× on character-based machine translation. Our
analysis on WMT14 En-De shows that L0DROP

learns to drop the encodings of (relatively frequent)
function words and retain encodings of (relatively
rare) content words, but relies on self-attention to
reroute information from these to-be-pruned posi-
tions. Based on our analysis, we define rule-based
sparsity patterns, which also allow for compres-
sion without degrading translation quality much,
and show that frequent tokens are more amenable
to sparsification than rare tokens. However, we
find that our rule-based patterns do not general-
ize across tasks, while L0DROP is data-driven and
applicable across tasks. We hope that, besides prac-
tical implication, our work contributes to better
understanding encoder-decoder models.

For future work, we find that the sparsity induced
by L0DROP is highly task-dependent and hardly
manipulated. We will develop novel algorithms to
make the sparsity induction more controllable.
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Ondřej Bojar, Christian Federmann, Mark Fishel,
Yvette Graham, Barry Haddow, Philipp Koehn, and
Christof Monz. 2018. Findings of the 2018 con-
ference on machine translation (WMT18). In Pro-
ceedings of the Third Conference on Machine Trans-
lation: Shared Task Papers, pages 272–303, Bel-
gium, Brussels. Association for Computational Lin-
guistics.

Colin Cherry, George Foster, Ankur Bapna, Orhan
Firat, and Wolfgang Macherey. 2018. Revisiting
character-based neural machine translation with ca-
pacity and compression. In Proceedings of the 2018
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 4295–4305, Brussels, Bel-
gium. Association for Computational Linguistics.

Rewon Child, Scott Gray, Alec Radford, and
Ilya Sutskever. 2019. Generating long se-
quences with sparse transformers. arXiv preprint
arXiv:1904.10509.

Kyunghyun Cho, Bart Van Merriënboer, Caglar Gul-
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Jindřich Libovický and Alexander Fraser. 2020. To-
wards reasonably-sized character-level transformer
NMT by finetuning subword systems. In Proceed-
ings of the 2020 Conference on Empirical Methods
in Natural Language Processing (EMNLP), pages
2572–2579, Online. Association for Computational
Linguistics.

Chin-Yew Lin. 2004. ROUGE: A package for auto-
matic evaluation of summaries. In Text Summariza-
tion Branches Out, pages 74–81, Barcelona, Spain.
Association for Computational Linguistics.

Wang Ling, Isabel Trancoso, Chris Dyer, and Alan W
Black. 2015. Character-based neural machine trans-
lation.

Peter J. Liu, Mohammad Saleh, Etienne Pot, Ben
Goodrich, Ryan Sepassi, Lukasz Kaiser, and Noam
Shazeer. 2018. Generating wikipedia by summariz-
ing long sequences. In International Conference on
Learning Representations.

Yang Liu and Mirella Lapata. 2019. Hierarchical trans-
formers for multi-document summarization. In Pro-
ceedings of the 57th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 5070–
5081, Florence, Italy. Association for Computa-
tional Linguistics.

Christos Louizos, Max Welling, and Diederik P.
Kingma. 2018. Learning sparse neural networks
through l0 regularization. In International Confer-
ence on Learning Representations.

Chris J Maddison, Andriy Mnih, and Yee Whye Teh.
2017. The concrete distribution: A continuous relax-
ation of discrete random variables. In International
Conference on Learning Representations.

Vlad Niculae and Mathieu Blondel. 2017. A regular-
ized framework for sparse and structured neural at-
tention. In I. Guyon, U. V. Luxburg, S. Bengio,
H. Wallach, R. Fergus, S. Vishwanathan, and R. Gar-
nett, editors, Advances in Neural Information Pro-
cessing Systems 30, pages 3338–3348. Curran Asso-
ciates, Inc.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic eval-
uation of machine translation. In Proceedings of
the 40th Annual Meeting of the Association for Com-
putational Linguistics, pages 311–318, Philadelphia,
Pennsylvania, USA. Association for Computational
Linguistics.

Matt Post. 2018. A call for clarity in reporting BLEU
scores. In Proceedings of the Third Conference on
Machine Translation: Research Papers, pages 186–
191, Belgium, Brussels. Association for Computa-
tional Linguistics.

Abigail See, Minh-Thang Luong, and Christopher D.
Manning. 2016. Compression of neural machine
translation models via pruning. In Proceedings
of The 20th SIGNLL Conference on Computational

Natural Language Learning, pages 291–301, Berlin,
Germany. Association for Computational Linguis-
tics.

Rico Sennrich. 2017. How grammatical is character-
level neural machine translation? assessing MT qual-
ity with contrastive translation pairs. In Proceed-
ings of the 15th Conference of the European Chap-
ter of the Association for Computational Linguistics:
Volume 2, Short Papers, pages 376–382, Valencia,
Spain. Association for Computational Linguistics.

Rico Sennrich, Barry Haddow, and Alexandra Birch.
2016. Neural machine translation of rare words
with subword units. In Proceedings of the 54th An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 1715–
1725, Berlin, Germany. Association for Computa-
tional Linguistics.

Claude Elwood Shannon. 1948. A mathematical the-
ory of communication. The Bell System Technical
Journal, 27(3):379–423.

Sainbayar Sukhbaatar, Edouard Grave, Piotr Bo-
janowski, and Armand Joulin. 2019. Adaptive at-
tention span in transformers. In Proceedings of the
57th Annual Meeting of the Association for Compu-
tational Linguistics, pages 331–335, Florence, Italy.
Association for Computational Linguistics.

I Sutskever, O Vinyals, and QV Le. 2014. Sequence to
sequence learning with neural networks. Advances
in NIPS.

Kristina Toutanova, Dan Klein, Christopher D. Man-
ning, and Yoram Singer. 2003. Feature-rich part-of-
speech tagging with a cyclic dependency network.
In Proceedings of the 2003 Human Language Tech-
nology Conference of the North American Chapter
of the Association for Computational Linguistics,
pages 252–259.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Ł ukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In I. Guyon, U. V. Luxburg, S. Bengio,
H. Wallach, R. Fergus, S. Vishwanathan, and R. Gar-
nett, editors, Advances in Neural Information Pro-
cessing Systems 30, pages 5998–6008. Curran Asso-
ciates, Inc.

Elena Voita, David Talbot, Fedor Moiseev, Rico Sen-
nrich, and Ivan Titov. 2019. Analyzing multi-head
self-attention: Specialized heads do the heavy lift-
ing, the rest can be pruned. In Proceedings of the
57th Annual Meeting of the Association for Com-
putational Linguistics, pages 5797–5808, Florence,
Italy. Association for Computational Linguistics.

Mingxuan Wang, Jun Xie, Zhixing Tan, Jinsong Su,
Deyi Xiong, and Lei Li. 2019. Towards linear
time neural machine translation with capsule net-
works. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing

2898



and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
803–812, Hong Kong, China. Association for Com-
putational Linguistics.

Shijie Wu, Pamela Shapiro, and Ryan Cotterell. 2018.
Hard non-monotonic attention for character-level
transduction. In Proceedings of the 2018 Confer-
ence on Empirical Methods in Natural Language
Processing, pages 4425–4438, Brussels, Belgium.
Association for Computational Linguistics.

J. Zhang, Y. Zhao, H. Li, and C. Zong. 2019. Atten-
tion with sparsity regularization for neural machine
translation and summarization. IEEE/ACM Transac-
tions on Audio, Speech, and Language Processing,
27(3):507–518.

George K. Zipf. 1949. Human Behaviour and the Prin-
ciple of Least Effort. Addison-Wesley.

2899



A Experimental Settings

Machine Translation We train translation mod-
els on the WMT14 English-German translation
task (En-De) (Bojar et al., 2014) and the WMT18
Chinese-English translation task (Zh-En) (Bojar
et al., 2018). WMT14 En-De and WMT18 Zh-En
contain around 4.5M and 25M training sentence
pairs, respectively. We use newstest2013 as the vali-
dation set for WMT14 En-De and newstest2017 for
WMT18 Zh-En. We evaluate the translation quality
with BLEU metric (Papineni et al., 2002), and re-
port tokenized BLEU on newstest2014 for WMT14
En-De and detokenized BLEU on newstest2018 for
WMT18 Zh-En using sacreBLEU (Post, 2018). We
apply the byte pair encoding (BPE) algorithm (Sen-
nrich et al., 2016) with 32K merging operations to
handle rare words for both translation tasks.

Document Summarization We train abstractive
summarization models on the CNN/Daily Mail
dataset (Hermann et al., 2015) and the WikiSum
dataset (Liu et al., 2018) for single- and multi-
document summarization task, respectively. We
use the non-anonymized version of CNN/Daily
Mail (Gehrmann et al., 2018). We pre-process this
dataset with a BPE vocabulary of 32K and trun-
cate each article to 400 subwords (Gehrmann et al.,
2018). We use the ranked version of WikiSum (Liu
and Lapata, 2019), where top-40 paragraphs are
extracted for each instance paired with a summary
of 121 words on average. We concatenate all these
paragraphs into one source sequence following the
given ranking order. CNN/Daily Mail pairs news ar-
ticles (791 words on average) with multi-sentence
summaries (63 words on average), and involves
287,227 training pairs, 13,368 validation pairs and
11,490 test pairs. WikiSum contains 1.58M training
pairs, 38,144 validation pairs and 39,357 test pairs.
We employ BPE preprocessing following Liu and
Lapata (2019) and truncate each source sequence
to 2048 subwords. We evaluate the summariza-
tion quality using the F1 score of ROUGE-L (Lin,
2004). The used parameters for ROUGE-1.5.5.pl
are -m -a -n 2.

Model Settings We formulate all the tasks as
sequence-to-sequence tasks, and experiment with
the base setting of Transformer (Vaswani et al.,
2017): d = 512, the middle layer size of FFN(·) is
2048, and the number of attention head is 8. Fol-
lowing Louizos et al. (2018), we set ε = −0.1, and
β = 2/3 for L0DROP. We tune the hyperparam-

eter λ for different tasks. We augment the MLE
loss with label smoothing of 0.1. We use Adam
optimizer (β1 = 0.9, β2 = 0.98) (Kingma and
Ba, 2015) for parameter tuning, and schedule the
learning rate based on the inverse square root of
running steps with a warm-up step of 4K. We apply
dropout to attention weights and residual layers
to avoid overfitting, with a rate of 0.1/0.1 except
for CNN/Daily Mail where 0.3/0.5 is used. We
train different models with varied training steps:
300K for WMT14 En-De, 500K for WMT18 Zh-
En, 100K for WikiSum and 80K for CNN/Daily
Mail, where sequence pairs of roughly 25K target
subwords are organized into one minibatch. We
average the last 5 checkpoints for evaluation where
beam search is adopted for decoding with beam
size of 4 and length penalty of 0.6.
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Abstract

Given a noun compound (NC), we address
the problem of predicting the appropriate
semantic label linking the constituents of the
NC. This problem is called Noun Compound
Interpretation (NCI). We use FrameNet as a
semantic label repository. For example, given
the noun compound (board approval), we pre-
dict the frame (DENY OR GRANT PERMISSION,
as per FrameNet) as appropriate and
the semantic role of the modifier word
(AUTHORITY) as the semantic label linking
board and approval; the resulting label is
DENY OR GRANT PERMISSION:AUTHORITY.

Our semantic label repository is very large (≈
11k labels) compared to the NC data available
for training (approx 1900). Thus, learning in
this case, especially for unseen semantic la-
bels, is hard. We propose to solve this prob-
lem by predicting semantic labels in a contin-
uous label embedding space, which is novel.
This embedding space is created by learning
label embeddings using the FrameNet data.
The embeddings are then used to train two
separate models – one for predicting Frames
and the other for FEs. As the label embed-
ding space captures the semantics of the labels,
using these embeddings enables generalizing
well on unseen labels, thus achieving zero-shot
learning. Our preliminary investigations show
that the proposed approach performs well for
unseen labels, achieving 5% and 2% points im-
provements over baselines for the frame and
FE prediction, respectively. The study shows
the promise of the use of continuous space
embeddings for noun compound interpretation
and points to the need for further investigation.

1 Introduction

A noun compound is a sequence of two or more
nouns that act as a single entity with well-defined
meaning (e.g., paper submission, colon cancer,
etc.). Semantic relations between the component

nouns are implicit. For instance, the information
that ‘it is a juice made from orange’ is hidden in
orange juice. Uncovering this semantic relation
is called the problem of Noun Compound Inter-
pretation (NCI). NCI needs ML, as the task faces
the challenge of ambiguity, and disambiguation by
rules is well nigh impossible because of multifari-
ous complex underlying language phenomena. The
proposition of storing NCs and doing table lookup
for interpretation is also impractical due to a large
number of NCs and the challenge of high produc-
tivity (new nouns and NCs get created frequently,
e.g., corona vaccine is a relatively new NC).

Often, the exact relation, sentiment, etc. are also
governed by contextual pragmatics. For instance,
the sentiment towards tax money depends on who
the beneficiary is, which again depends on the pred-
icate. The predicate give could indicate negative
sentiment (for the tax-payer), whereas the predicate
receive would indicate positive sentiment (for the
government). Due to such instances, NLP tasks
such as machine translation (Baldwin and Tanaka,
2004; Balyan and Chatterjee, 2015), textual en-
tailment (Nakov, 2013), question answering (Ahn
et al., 2005), etc. suffer when they encounter noun
compounds. For example, from the below text-
question pairs, a system would need to interpret
the underlying semantics within the compound, to
answer the question correctly.

(a) “student protest”: “who is protesting?”,

(b) “fee-hike protest”: “why protest?”, and

(c) “university protest”: “where is the protest?”

In this work, we interpret only compositional
noun-noun compounds. A noun-noun compound is
categorised as compositional, if the meaning of the
compound can be composed from the semantics of
the individual noun units present.
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From a relation representation perspective, noun
compounds are interpreted in two ways: via la-
belling and paraphrasing. Labelling involves as-
signing an abstract semantic relation from a pre-
defined set, for example, orange juice: MADEOF,
hillside home: LOCATION, etc. There are many in-
ventories of predefined semantic relations.

We use the FrametNet based labels proposed by
Ponkiya et al. (2018a). As per their convention, the
head noun of a compound invokes the frame, and
the modifier noun fits in one of the frame elements
of the invoked frame, vide ‘board approval’ in the
abstract.

There are more than 11,000 FEs in FrameNet,
and we have about 1900 training examples. Thus,
the average number of examples for each label is
quite small, and many labels do not have a training
example. In summary, the contributions of this
paper are three-fold:

1. We embed FrameNet entities in a continuous
space, perform prediction in the continuous
space to generalize over unseen labels, and
show performance improvement on the un-
seen labels.

2. We create a noun-compound annotation tool
that assists annotators in providing manual
labels, and we release it publicly.

3. Using the above tool, we extend the dataset
released by Ponkiya et al. (2018a) with 326
more manually-annotated gold samples, and
release it for further research.

The rest of the paper is organized as follow: Sec-
tion 2 discuss related work, Section 3 gives an
overview of foundations for the work. Section 4
details our approach. Section 5 provides experi-
mental details: the dataset used and training/testing
setup. Section 6 discusses the results and analysis,
followed by a conclusion and future work. The
code, dataset and the tool can be downloaded from
http://www.cfilt.iitb.ac.in/nc-dataset.

2 Related Work

A relation between the components of a noun com-
pound (say, chocolate cake) can be represented in
one of the following two ways: (1) assigning a re-
lation from a predefined set of semantic relations
(MADEOF), or (2) using a paraphrase to convey the
underlying semantic relation (“cake made using
chocolates” or “cake with chocolate flavor”).

Noun-compound (NC) interpretation via la-
belling is the most commonly used methodology
for NC interpretation. Scholars have proposed
many inventories of semantic relations (Levi, 1978;
Warren, 1978; Vanderwende, 1994; Lauer, 1995;
Barker and Szpakowicz, 1998; Ó Séaghdha, 2007;
Rosario et al., 2001; Tratz and Hovy, 2010; Fares,
2016; Ponkiya et al., 2018a). A recent FrameNet-
based inventory by Ponkiya et al. (2018a) proposed
FEs (Frame Elements) from FrameNet as labels
(or, semantic relations). They released a dataset by
annotating each noun compound with a frame and
a frame element; and proposed this annotation for
predicate ‘nominalization’. However, it also works
for most of the cases of ‘predicate deletion’.

For automatic labelling, Dima and Hinrichs
(2015) and Fares et al. (2018)’s architecture is sim-
ilar to ours. Dima and Hinrichs (2015) proposed a
feed-forward neural network-based approach. This
network takes concatenated embeddings of compo-
nent nouns as an input and predicts one of the labels
from the Tratz and Hovy (2010)’s label set. Fares
et al. (2018) used a similar feed-forward network
to predict two types of relations. This network,
however, shares initial layers and separates output
layers for each label type.

NC interpretation via paraphrasing is another
methodology that contains approaches such as
prepositional and free paraphrasing. Prepositional
paraphrasing, i.e., paraphrasing using a preposi-
tion, for example, student protest: “protest by
student(s)”, is a relatively well-attended problem
(Lauer, 1995; Lapata and Keller, 2004; Ponkiya
et al., 2018b). All the above approaches proposed
for prepositional paraphrasing use the fixed-set
of eight prepositions proposed by Lauer (1995).
The other set of approaches, i.e., free paraphras-
ing, however, has not received much attention.
Apart from two SemEval tasks (Butnariu et al.,
2009; Hendrickx et al., 2013), it does not have
much literature available. A recent study (Ponkiya
et al., 2020) expresses paraphrasing as a “fill-in-the-
blank” problem, and utilizes pre-trained language
models, for the task of noun-compound interpreta-
tion.

3 Foundations

Levi (1978) performed a linguistic study to under-
stand how noun compounds are generated. They
call such compounds nominal compounds. This the-
ory puts nominal compounds into two categories,
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based on the compounding process, as

1. Predicate Deletion: Here, a predicate be-
tween the components is dropped to create
a compound.

For example, apple pie is a “pie made from
apple.” The predicate made from is dropped
in this case. Similarly, for elbow injury, gas
pipeline, etc.

2. Predicate Nominalization: Here, the head
noun is a nominalized form of a verb, and the
modifier is an argument of the verb.

For example, “The union demonstrated
against the price hike. . . ” becomes “The
union demonstration against the price
hike. . . ”

Verbal noun as head: student demonstra-
tion, government approval, opposition
objection, etc.

Verb form as head: student protest, govern-
ment support, competition schedule, etc.

Levi (1978) also proposed a set of abstract pred-
icates1 for the former category, but no relation for
the latter category. Later, Ó Séaghdha (2007) re-
vised this inventory and proposed a two-level hier-
archy of semantic relations.

Ponkiya et al. (2018a) proposed a method to use
FrameNet based labels for noun compounds. Here,
the head noun invokes a frame, and the modifier
noun fits in one of the slots of the frame. They also
prepared a dataset by annotating each noun com-
pound with a frame and a frame element. Ponkiya
et al. (2018a) proposed this annotation for predicate
nominalization, which also works for most cases
of predicate deletion.

3.1 FrameNet

FrameNet2 (Baker et al., 1998) is a taxonomy based
on Fillmore’s theory of Frame Semantics. This
theory claims that most words’ meanings can be
inferred based on a semantic frame: a conceptual
structure that denotes an abstract event, relation,
or entity and the involved participants. For exam-
ple, the concept of questioning involves a person
asking a question (SPEAKER), person/people begin
questioned ADDRESSEE, the content of the question
MESSAGE, and so on. In FrameNet, such a concept is

1RDP (Recoverable Deleted Predicates)
2https://framenet.icsi.berkeley.edu

represented by QUESTIONING frame. The participat-
ing entities, such as SPEAKER, ADDRESSEE, MESSAGE,
etc., are called frame elements (FEs). Such frames
are invoked in running text via words known as
lexical units. Some of the lexical units for the
QUESTIONING frame are ask, grill, inquire, inquiry,
interrogate, query, etc. FrameNet data provides
two types of linkages between entities:

(a) relations: linking among frames or among
FEs, and

(b) mappings: linking from words to frames and
from frames to FEs.

3.1.1 Relations
FrameNet includes a graph of relations between
frames along with relations among frames. Some
of the important frame relations are:

• Inheritance: close to a typical Is-A relation,
e.g., PROTEST

Is-A−−→ INTENTIONALLY ACT

• Using: the child frame presupposes the parent
frame, e.g., PROTEST

Uses−−→ TAKING SIDES

• Subframe: the child frame is a subevent of
a complex parent event, e.g., TRIAL

Subframe−−−−−→
VERDICT

Along with each frame relation, FrameNet also
consists of relations between FEs of parent-child
frames. Following are illustrative examples for FE
relations for the above frame relations:

• PROTEST:PROTESTER
Is-A−−→ INTENTION-

ALLY ACT:AGENT.

• PROTEST:PROTESTER
Uses−−→ TAK-

ING SIDES:COGNIZER

• TRIAL:JUDGE
Subframe−−−−−→ VERDICT:JUDGE

3.1.2 Mappings
FrameNet data provides two types of mappings:
(a) words to frames (via lexical units), and (b)
frames to FEs. For instance, protest word can
invoke three frames: PROTEST, POLITICAL ACTIONS,
and JUDGMENT COMMUNICATION. Similarly, using the
frame to FEs mapping, we can list all FEs of the
PROTEST frame, which are ACTION, ISSUE, PROTESTER,

SIDE, DEGREE, DESCRIPTOR, DURATION, EXPLANATION,

FREQUENCY, MANNER, MEANS, PLACE, PURPOSE, TIME,
etc.
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In our work, we utilize Relations for the gen-
eration of frame and frame element embeddings
(§3.2). We, further, utilize the Mappings to prune
the search space (§4.1).

3.2 Knowledge Graph Embeddings
A Knowledge Graph G is a set of relations R de-
fined over a set of entities E . Formally, it is com-
prised of a set of N triples (h, r, t), where h and
t are called head and tail entities, and r denotes a
relation among them.

G = {(h, r, t) : h, t ∈ E ; r ∈ R}

Knowledge Graphs are widely used to store
knowledge in a structured format, and they play an
important role in representation learning. Methods
for learning representations for both entities E and
relationsR have been explored (Wang et al., 2017)
with an aim to represent graphical knowledge.

Various algorithms for representation learning
have been proposed, which help tasks such as
link prediction etc. TransE (Bordes et al., 2013)
is a method that models relationships by inter-
preting them as translations operating on the low-
dimensional embeddings of the entities. We use
the ConvE (Dettmers et al., 2018) algorithm to get
embeddings of frames and frame elements. For
the training of ConvE, we treat all relations from
FrameNet as triples of a knowledge graph.

3.2.1 ConvE
Convolution-based Embeddings is a multi-layer
2D-convolution network model proposed by
Dettmers et al. (2018). It usages fewer parame-
ters, yet efficient compared to similar models. It
defines the scoring function (for each relation r) as
follows:

ψr(eh, et) = f(vec(f([eh; er]w))W )et (1)

where, eh, er and et are embeddings of head h,
relation r and tail t, respectively, x denotes reshap-
ing of vector x to a matrix, f is a rectified linear
unit (relu) function, vec converts a matrix into a
flat vector, w is convolution kernel, and W is the
parameter of a fully connected layer.

For training, it applies logistic sigmoid function
σ(·) to the scores, and minimize the binary cross-
entropy computed using the following formula:

LCE = − 1

N

∑

i

(ti ·log(pi)+(1−ti)·log(1−pi))

(2)

where, p = σ(ψr(eh, et)) and t is 1 when
(h, r, t) ∈ G, 0 otherwise.

ConvE uses two embedding layers: one for en-
tities and the other for relations, which initializes
the embeddings layers randomly. The embeddings
layers get updated during the training. At the end
of the training, the embedding layers contain the
embeddings for entities and relations.

4 Our Approach

FrameNet has 1223 frames and 11,473 frame ele-
ments. However, the existing dataset for FrameNet-
based noun compound interpretation does not have
examples for many frames and frame elements.
However, unlike other relation inventories, we have
FrameNet taxonomy, which can help in building
a better model. We first explain our frame pre-
diction approach and then extend the same for FE
prediction.

4.1 System Architecture

We encode a given noun compound nc = w1 w2

(say, divorce rate) using a feed-forward network
to get vector vnc. Using FrameNet API, we
create a set of candidate frames that can be in-
voked by w2 (rate → {ASSESSING, PROPORTION,

SPEED DESCRIPTION, etc.}). For each candidate
frame fi, we take its frame embedding efi from
the frame embedding layer. We take the dot prod-
uct of vnc with embedding efi of each frame fi to
compute the score for the frame. For testing, we
use the following formula to predict a frame:

f∗ = argmaxi vnc· efi (3)

Figure 1: Basic system architecture illustrating frame
prediction for divorce rate.

Dima and Hinrichs (2015) and Fares et al. (2018)
use a simple feed-forward network. In our model,
if we remove the frame/FE embedding matrix and
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use them as weights of one more dense layer (after
the “fully-connected layers”), our model becomes
identical to theirs. In doing so, (a) our model will
NOT need any extra computation to compute the
score of labels that are NOT part of the candidate
set, and (b) the back-prorogation does not have to
pass through an additional layer which might not
be effective.

We implement these models in PyTorch (Paszke
et al., 2017). We initialize the word embedding
layer with Google’s pre-trained embeddings3 and
initialize the frame embedding layer with random
values, in one case, for baseline, and pre-trained
frame embedding, in another case.

We use the same architecture to train another
model for FE prediction, replace the frame embed-
ding layer with an FE embedding layer, and can-
didates FEs are the FEs from all candidate frames.
We take all FEs as a candidate set if no such map-
ping is found.

4.2 Frame and Frame Element Embeddings

Inspired by Kumar et al. (2019)’s approach for the
task of Word Sense Disambiguation (WSD), we
propose a similar approach to perform NC interpre-
tation. Our approach uses the definition of entities
(along with the relations) to learn entity embed-
dings and relation embeddings. It uses an encoder
(Bi-LSTM) to encode the definition of an entity
and uses encoded representation as an embedding
of the entity for ConvE. During the training, it also
optimizes both: the encoder and ConvE. After the
training, the encoding of definitions is taken as
entity embeddings.

We train ConvE twice to get frame and frame
element embeddings separately. ConvE training is
independent of the main training.

5 Experimental Setup

In this section, we explain our dataset, baseline,
training, and evaluation metrics.

5.1 Dataset Creation and Analysis

We use the dataset released by Ponkiya et al.
(2018a) as D1. The dataset contains 1546 noun-
noun compounds with two labels: frame and FE.
The dataset was created by extracting noun com-
pound along with labels from the FrameNet data.
As the extraction is automatic and the manual step
only confirms the correctness of the labelling, the

3https://code.google.com/archive/p/word2vec/

labels are not exhaustive. For instance, a noun com-
pound student demonstration has been annotated
with PROTEST:PROTESTER. However, the following
labels are also applicable: REASONING:ARGUER and
CAUSE TO PERCEIVE:ACTOR. So, we annotate more
examples with all possible labels.

Manual Annotation
We manually annotate 326 noun compounds, and
call it D2. We extend D1 by merging these ex-
amples from D2 to perform our experiments. The
annotation is performed by one of the authors and
hence does not warrant discussion on the inter-
annotator agreement. However, please allow us
to point out that our annotations are still manually
performed by a human, which begets the consid-
eration of these annotations to be gold-standard.
The author chose the examples from Tratz and
Hovy (2010)’s dataset randomly. During the anno-
tation process, we found some difficulties because
of the coverage issue of the FrameNet. The word-
to-frame mapping in FrameNet has a coverage is-
sue, and it has been widely reported in the literature
(Pavlick et al., 2015; Botschen et al., 2017).

We categorize the coverage issues into the fol-
lowing:

No Candidate Frames: The word-to-frame map-
ping returned no candidate frame. In some
cases, we could find a frame with manual ef-
fort (ref. Table 1). However, despite manual
efforts, some cases, we could not find an ap-
propriate frame all the time (e.g., star auto-
graph, employee misconduct, etc.).

No Suitable Frame in the Candidate Set: In
this set, word-to-frame mapping retrieved
candidate frames, but none of the candidates
was found to be appropriate. For example,
candidate frames for heat returned by the
mapping are: CAUSE TEMPERATURE CHANGE

Word Manually extracted frames

funding FUNDING

authorities LEADERSHIP, AUTHORITY

eradication REMOVING

harvesting FOOD GATHERING

analyst PEOPLE BY VOCATION

Table 1: Examples where FrameNet data does not con-
tain an appropriate mapping but we manually find suit-
able frames.
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Figure 2: Tool interface to assist annotator in finding a frame. FrameNet does not have mappings for eradication,
however FrameNet+ maps it to KILLING and REMOVING frames.

and CHANGE OF TEMPERATURE. However, none
of the two frames is appropriate for body
heat.

In some cases, we could find an appropriate
frame that was not a part of the candidate
set. For example, for noun compound ul-
cer drug, candidate frames are INTOXICANTS

and CAUSE HARM, but the appropriate frame is
CURE.

No Suitable Frame Element in the Frame: We
could find an appropriate frame, but no frame
element from the frame is appropriate. For
instance, the BUSINESS frame is suitable for
retail operation, but no frame element from
the frame is suitable for the modifier noun
retail.

NC Annotation Tool
To handle the first two cases (finding of a frame),
we use synonyms from WordNet (Miller, 1994) and
FrameNet+ data (Pavlick et al., 2015). To simplify
the annotation process, we develop a tool (Figure
2) that makes the annotation process easier.

We split each dataset – D1 and D1+D2 – ran-
domly for 5-fold validation. Each fold contains
three disjoint sets: training set (60% compounds),
validation set (20% compounds), and test set (20%
compounds). We use the same folds across all ex-

periments, so results across different models are
comparable.

5.2 Frame and Frame Element Embeddings

To get frame embeddings, we consider frames as
entities and frame relations from FrameNet as re-
lations between the entities. Then we train ConvE
(§4.2) to learn frame embeddings. We use these en-
tity embeddings to initialize the frame embedding
layer. Table 2 shows the ten most similar frames for
FRIENDLY OR HOSTILE frame based on cosine simi-
larity between frame embeddings. Similarly, we
get embeddings of frame elements using frame ele-
ments and their relations in FrameNet.

5.3 Baseline

The first baseline is a random prediction: the
probability of predicting a label from a candidate
set is uniform. We take expected counts to com-
pute metrics. For instance, we compute random
accuracy using the following formula:

Accrandom =
1

N

∑

nci∈Test-set

1

|candidates(nci)|
(4)

We also use Support Vector Machines
(SVM) (Cortes and Vapnik, 1995) as a baseline ap-
proach for this task. We use the sklearn library (Pe-
dregosa et al., 2011) with default parameters for
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# Score Name Definition

0 1.0000 FRIENDLY OR HOSTILE Two parties or individuals are on the same sid...
1 0.9763 BE IN AGREEMENT ON ACTION Two (or more) people (the Parties, also encoda...
2 0.9749 MAKE AGREEMENT ON ACTION Two (or more) people (the Parties, also encoda...
3 0.9748 DISTRIBUTED POSITION This frame involves a static (primarily spatia...
4 0.9743 TERMS OF AGREEMENT A condition that is set out in an Agreement im...
5 0.9742 WHOLES AND PARTS A Whole is made up of multiple Parts, which th...
6 0.9737 MAKE COMPROMISE Two (or more) people (the Parties, also encoda...
7 0.9729 SOCIAL EVENT INDIVIDUALS This frames describes a social event where the...
8 0.9725 CO-ASSOCIATION Two or more individuals have a relationship by...
9 0.9725 PUBLIC SERVICES This frame concerns permanent organizations (t...
10 0.9716 BE IN AGREEMENT ON ASSESSMENT The Cognizers have a similarity (or dissimilar...

Table 2: 10 most similar frames for FRIENDLY OR HOSTILE frame using frame embeddings.

this approach. The input for the SVM-based ap-
proach is the concatenated vector of individual lex-
ical units.

We provide results for another baseline ap-
proach where we use the same architecture (§4.1)
with random initialization for frame/FE embed-
dings.

5.4 Training
Given a noun compound, we get candidate labels
using FrameNet mapping. We compute scores for
candidate labels and compare them with the tar-
get to compute loss value. We minimize categori-
cal cross-entropy with stochastic gradient descent
(with momentum). Frame/FE embedding layer
remains fixed (non-trainable) for the initial few
epochs. For stopping criteria, we monitor perfor-
mance on the validation set.

5.5 Evaluation
We report weighted Precision, Recall, and F1-
score for our experiments. The weight values for
each label is in proportion to the number of test
examples for the label. Following is a formula for
computing (weighted) precision:

Precision =
∑

l

Pl ∗
Nl

N
(5)

Pl =
TPl

TPl + FPl
(6)

where, Pl is the precision score, TPl is the number
of true-positives and FPl is the number of false-
positives for a label l. Nl is the number of instances
with label l in the test set, andN is the total number
of instances in a test set.

The above metrics are based on the top predic-
tion. We also report accuracy at k, which treats
a prediction as a true prediction if the correct la-
bel is in top k predicted labels. We report (micro-
averaged) accuracy, computed using the following
formula:

Acc =
No. of correctly classified instances

Total instances in test-test
(7)

We compute all of these metrics for frame and
frame element independently. We use the Scikit-
learn library (Pedregosa et al., 2011) to compute
all of these metrics.

6 Results and Analysis

The reported results are averaged across 5-fold
cross-validation. We define a subset of all test sam-
ples, whose output label does not have any samples
in the training set, as unseen-set. In a fold (of D1)
with 310 test samples, the following are the statis-
tics about the “unseen set”: (1) 30 unique frames,
covering 32 test samples, (2) 75 unique FEs, cover-
ing 82 test samples. These cases are challenging to
handle. Our prediction in continuous space helps
in such cases, as the target space embeds the labels.

Table 3 reports the performance of the baselines
compared to our system for frame prediction on
the entire test-set. Our system beats the random
baseline and SVM model across all metrics by a
significant margin. Similarly, as observed from
Table 4, it can be seen that frame prediction on
the “unseen” set improvises over the random base-
line in both the cases, viz., WITH and WITHOUT
frame embeddings. The performance improvement
is quite significant over both the datasets (D1 and
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D1 D1+D2
P R F P R F

Random baseline 23.99 53.04 33.04 24.88 53.29 33.92
SVM 64.45 69.45 64.81 66.64 71.86 67.16
WITHOUT frame embedding 76.81 77.13 75.70 78.13 78.26 76.67
WITH frame embeddings 77.05 76.90 75.68 78.67 78.14 76.59

Table 3: Performance of our approach for frame prediction compared to the baseline approach on test set from D1
and D1+D2 datasets. (P: Precision@1; R: Recall@1; F: F1-score@1)

D1 D1+D2
P R F P R F

Random baseline 17.68 51.83 26.37 23.08 47.88 31.15
WITHOUT frame embedding 40.38 38.42 39.07 41.29 42.42 40.82
WITH frame embeddings 46.83 43.75 44.63 48.25 44.98 45.78

Table 4: Comparison of our approach for frame prediction with random prediction baseline on examples with
unseen-set, achieving zero-shot learning for frame prediction. (P: Precision@1; R: Recall@1; F: F1-score@1)

D1+D2). We attribute the performance improve-
ment in both cases to the fact that our model cap-
tures frame semantics for a frame in a continuous
space, better than the baseline metrics. However,
as seen in Table 3, the model which tries to predict
WITHOUT frame embeddings shows comparable
results with the model which predicts WITH frame
embeddings. This marginal improvement does not
seem to be significant, and the results for both these
cases are almost similar. Eventually, with the im-
provement in dataset size, we expect the system
with frame embeddings to perform better than the
system without frame embeddings.

We discuss the task of frame prediction above
and present our results for frame element prediction
here. As it can be observed from Table 5, random
baseline and SVM based models are outperformed
for the task of frame element prediction as well,
when compared with the results of our methodol-
ogy. The improvements over both datasets (D1 and
D1+D2) are at least 5% (D1+D2/SVM). With the
extended dataset (D1 + D2), the performance of our
approach shows an improvement across all three
(precision, recall and f-score) measures. In Table
3, for frame prediction, we observe an increase in
the stronger baseline score (SVM) when the ex-
tended dataset is used. However, we observe that
our results for frame element prediction show that
the model which uses frame embeddings is signifi-
cantly outperformed by the model which does not
use frame embeddings. Upon manual analysis of

our train set, we find that our datasets have multiple
cases where the number of examples per frame ele-
ment is very few (sometimes even 1, as discussed
below). This results in a data skew where the sam-
ple would either be used for training or testing, thus
rendering the model either untrained for that test
case, or no testing of the model trained for that
single frame element. In Table 6, we see that the
random baseline outperforms our method because
of the data skew discussed here. There are multiple
frame elements that are present in the unseen test
data for which the model has not been trained at
all. We do not report SVM performance in Table 6
and Table 4, since the precision, recall, and f-score
for SVM were all 0. This performance can be at-
tributed to the fact that SVM does not perform well
with unseen examples, and in this case, does not
perform at all.

For frame element prediction, in Table 5, we
observe that the extended dataset helps improve
the over quality of predictions with an improved
score for each approach, including the baseline.
These results signify that the dataset extension does
indeed help the task of NC interpretation.

In Figure 3, we see that the average number of
candidate FEs for a test sample is only 26. Without
even a single training example, our system is able
to correctly predict 51.22% (more than half) of un-
seen samples among the top-7 predictions, which
is higher than the top-1 accuracy of any baseline
approach on the complete test-set. With an increase
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D1 D1+D2
P R F P R F

Random baseline 13.75 9.68 11.36 14.48 10.20 11.97
SVM 43.99 49.13 43.73 46.55 50.85 45.14
WITHOUT frame element embedding 49.42 52.14 49.28 51.13 54.08 50.29
WITH frame element embeddings 48.18 48.50 46.61 50.47 50.23 49.73

Table 5: Performance of our approach for frame element prediction compared to the baseline approach on test set
from D1 and D1+D2 datasets. (P: Precision@1; R: Recall@1; F: F1-score@1)

D1 D1+D2
P R F P R F

Random baseline 13.28 10.35 11.64 15.36 9.26 11.56
WITHOUT frame element embedding 2.43 2.33 2.36 3.45 2.53 2.67
WITH frame element embeddings 5.05 4.96 4.70 5.23 5.23 5.28

Table 6: Comparison of our approach for frame element prediction with random prediction baseline on examples
with unseen-set. (P: Precision@1; R: Recall@1; F: F1-score@1)
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Figure 3: Accuracy@k for frame element prediction
(WITH and WITHOUT frame element embeddings; on
full test set and unseen-set)

in k, the margin between the performance of our
system and baseline remains nearly the same on the
whole test set. However, on unseen labels, the sys-
tem with FE embeddings significantly outperforms
the baseline, with an increase in k.

Overall, we observe a significant improvement
in results with the help of our method. We also
show that our extended dataset does help improve
the performance of models in both cases.

7 Conclusion and Future Work

In this paper, we proposed a novel method for using
FrameNet for NC interpretation in a continuous

space. We use FrameNet mappings (word to frame
and frame to frame element) to prune our search
space. Our approach – prediction in continuous
space – outperforms the random baseline and a
stronger baseline approach. We show that the label
embeddings generated using our approach help in
the generalisation over unseen labels.

We annotated more noun compounds and anal-
ysed the issue in finding frame and frame elements.
We create and release a tool that assists annotators
in frame identification, for further research. We
also show that extending the dataset created with
our tool improves the system performance. Our ex-
periments evaluate our proposed method on a small
annotated dataset compared to the overall number
of labels. We extend this existing dataset by anno-
tating more NCs for various labels. Our study on
the coverage issue for the annotation process helps
develop a tool that assists the annotators in find-
ing an appropriate frame. We provide promising
results for the task of frame prediction. We analyse
our results and discuss them in detail with respect
to both frame and frame element prediction tasks.

In the future, we aim to find other ways of using
FrameNet data for this task. We would also like
to investigate why our approach provides promis-
ing results for the task of frame prediction but not
for frame element prediction. We would like to
explore more approaches to predict the frame ele-
ments effectively. We believe that using FrameNet
embeddings can prove to be helpful for other tasks.
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Abstract

Hypernym discovery aims to identify all possi-
ble hypernyms of a given term. The most re-
cent hypernym discovery models exploit mul-
tiple mapping functions to project a term to
different semantic spaces and then aggregate
these embeddings to a general representation
for further classification. We refer to this
model as a parallel style model. In this work,
we observe that there are hierarchical relations
between a target terms’ hypernyms. How-
ever, these hierarchical relations were not suf-
ficiently considered in the previous parallel
style model. To leverage the hierarchical rela-
tions, we propose a sequential style model that
recurrently maps the query words to their hy-
pernyms, starting from the most specific ones
to the less specific ones. Empirical studies
on SemEval-2018 Task 9 confirm the effective-
ness of the presented model.

1 Introduction

Hypernymy, namely “is-a” relation, is a vital
lexical-semantic relation in natural languages,
which relates general terms to their instances or
subtypes. In a hypernymy relation, we name a
specific instance or subtype hyponym and its re-
lated general term hypernym. For instance, (apple,
fruit) is in hypernymy relation, where apple is a
hyponym and fruit is one of its hypernyms. Due
to its general representation ability of semantic re-
lations, hypernymy becomes an essential concept
in modern natural-language research, and hyper-
nymy detection becomes a fundamental component
in many natural language processing (NLP) tasks,
such as taxonomy construction (Snow et al., 2006;
Navigli et al., 2011), semantic search (Hoffart et al.,
2014; Roller et al., 2014; Roller and Erk, 2016),
textual entailment (Dagan et al., 2013; Bowman

∗Corresponding author

Figure 1: The parallel modeling (left) and sequential
modeling (right). The Dejan is the name of a basket-
ball player. The Bas Player denotes the Basketball
Player hypernym.

et al., 2015; Yu et al., 2020) and question answer-
ing (Yahya et al., 2013; Gupta et al., 2018).

One branch of existing works builds the
hypernymy-relation-identification problem as a
“detection” task, which is only interested in whether
a given term pair “is” or “is not” in hypernymy re-
lation. These works formulate hypernym detection
as a binary classification task. This hypernym de-
tection task has been studied for years and plenty
of models have been successfully applied in this
task (Held and Habash, 2019a; Le et al., 2019).

This paper focuses on another problem named
hypernym “discovery”, which is different from the
detection task. Given an input term, the hyper-
nym discovery task retrieves a ranked list of its
suitable hypernyms from a large corpus. For train-
ing, some hyponyms with their gold hypernym lists
are provided. SemEval-2018 Task 9 (Camacho-
Collados et al., 2018) is the only benchmark for this
task. Existing studies working on this task mainly
build a parallel mapping model (Bernier-Colborne
and Barriere, 2018; Fu et al., 2014; Ustalov et al.,
2017; Yamane et al., 2016). It introduces mul-
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tiple parallel projections, each with independent
parameters, to extract features and score the given
hyponym/hypernym pair, as shown in the left pic-
ture of Figure 1. This model structure is motivated
by the assumption that each fine-grained “is-a” re-
lation should be modeled by a specific projection.
However, the parallel mapping model may be in-
effective due to uncountable ”is-a” relation types
in real-world applications. It may also suffer from
overfitting due to its large model capacity. It also
ignores the relations between different projections
because they are independently learned.

To overcome the limitations of the parallel map-
ping model, we propose a recurrent mapping
model. Our model is motivated by the observa-
tion that a hypernymy term may be produced by
the “hypernymy transformation”, which transforms
a term to its closely related hypernym via a pro-
jection, as shown in Figure 1 (right). In the fig-
ure, we want to identify hypernyms of the term
Dejan. The higher-level hypernym Person may
be transformed from a Dejan–Bas Player–
Sports Man–Person path. The parallel model-
ing in Figure 1 (left) may not have the ability to
capture these sequential relations. Thus we devise
a recurrent mapping model for these sequential re-
lations. Note that the projection in our recurrent
mapping model is shared among all hops. We as-
sume that a higher-level hypernym term can be
generated by operating multiple hypernymy trans-
formations recurrently from the given term. In this
way, we build the sequential relations between the
transformed terms and largely reduce the parame-
ters used in projection.

We also consider the types of hyponyms when
building our recurrent mapping model. As pointed
out in previous work (Bernier-Colborne and Bar-
riere, 2018; Camacho-Collados et al., 2018), hy-
ponyms are divided into two types, namely, the con-
cept type and the entity type. This type information
is available in the dataset. According to the type of
a hyponym, the hypernymy relation can be divided
into “subclass-of” (e.g. A guitar is an instrument)
and “instance-of”(e.g. Rome is a city). The for-
mer represents the hypernymy relation between
two concepts, and the latter connects an entity-
hyponym with a concept-hypernymy. We first ex-
ploit two projections to obtain type-enhanced rep-
resentation for different types of hyponyms, then
feed the type-enhanced representation to a unified
recurrent mapping model. In this way, we provide

appropriate additional model capacity to handle dif-
ferent types of hyponyms and simultaneously we
can utilize all data with hyponyms that belong to
both types to train our model.

Our recurrent model outputs a representation
vector at each hop. These vectors indicate hyper-
nym representations from different hierarchy levels
corresponding to the original hyponym. While scor-
ing a candidate hypernym, we exploit an attention
mechanism to aggregate hypernym representations
from each hierarchy level. The attention weight of
a level is viewed as the probability of the candidate
hypernym lying in that level.

In summary, the contributions of this work are
as follows:

• We propose a recurrent mapping model that
utilizes a shared mapping unit to model the
inherent hierarchical dependencies between
hypernyms.

• To exploit the hyponym-type information, we
use an independent projection matrix for each
type to map hyponyms of different types to
hypernym space.

• We utilize the attention mechanism into the ag-
gregation module to obtain learnable weight.

2 Related Work

Earlier research on hypernym detection mainly
focuses on unsupervised methods, which can be
categorized into pattern-based methods and dis-
tributional methods. Pioneered by Hearst (1992),
the pattern-based methods pre-define some com-
mon patterns that indicate hypernym relation, for
example, word phrase “such as”, “especially”.
Words occurring together in these pre-defined
patterns will be extracted as hyponym/hypernym
pairs. This method is quite intuitive. However,
one serious problem is sparsity, since many hy-
ponym/hypernym pairs never co-occur explicitly
in the corpus, let alone in specific patterns. As
a result, this method can provide high accuracy,
at the cost of low recall. Seitner et al. (2016) try
to improve this method by proposing an extended
set of patterns, while (Snow et al., 2004; Shwartz
et al., 2016) put forward methods to learn such
lexical-syntactic patterns automatically. To further
alleviate the sparsity problem, distributional mod-
els are proposed. Based on distributional inclusion
hypothesis (DIH, Geffet and Dagan (2005)), these
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models represent every word as a distributional vec-
tor. Hyponym/hypernym pairs that never co-occur
in the corpus can be captured based on the relation
on their distributional vectors.

Most recent studies on hypernym discovery are
supervised methods. Fu et al. (2014) was in-
spired by the well-known example “V (king) −
V (queen) ≈ V (man) − V (woman)”, where
V(w) is the embedding of the word w. The au-
thors observed that the same linguistic regularities
are preserved between hyponym and hypernyms.
Thus they supposed that a hyponym can be pro-
jected to its hypernym. Besides the uniform linear
projection, they also proposed piece-wise linear
projections to model fine-grained hypernymy rela-
tions. Ustalov et al. (2017) makes use of negative
examples to regularize the model, which further im-
proves the performance of the model. Yamane et al.
(2016) jointly learns the clusters and projections,
the number of clusters can be determined depend-
ing on the learned projections and vice versa.

Some other work (Bernier-Colborne and Bar-
riere, 2018; Held and Habash, 2019b) utilize a
mix of both unsupervised and supervised methods.
Dash et al. (2020) argued that hypernym relation
can be represented as strict partial order relation
(transitive, irreflexive and asymmetric) and they
introduced a model which takes strict partial order
relation as soft constraint.

3 Problem Formulation

Hypernym discovery task aims to identify all hyper-
nym terms of a given hyponym term. Formally, let
V be the set of all terms, and X and Y denote the
set of all hyponym terms and candidate hypernym
terms, respectively. Both X and Y are subsets of V .
For a given hyponym x ∈ X , a hypernymy detector
is expected to find all hypernym terms y ∈ Y that
make (x, y) a hypernymy relation.

4 Methodology

In this section, we introduce the proposed Recur-
rent Mapping Model (RMM). It consists of three
components: a type enhanced representation mod-
ule that maps the hyponym embedding via different
projections, a recurrent mapping module that trans-
forms the term features into multiple concept-level
semantics and an aggregation module that aggre-
gates hypernym representations from each hierar-
chy level and compute a final score via the aggre-
gated vector. We next describe each component in

detail.

Mapping 
Unit

Mapping 
Unit

Mapping 
Unit

＋

...
×

×

×

......

Figure 2: Overview of RMM model.

4.1 Type Enhanced Representation

Type information is essential for hypernym dis-
covery. It implies different hypernym types that
provide the hyponyms’ attributes. Utilizing type
information may increase the hypernym-discovery
performance. Specifically, let x ∈ Rd×1 be the em-
bedding of hyponym term x, for its type indexed
by i, we introduce a projection Ai ∈ Rd×d to map
the hyponym embedding as a type enhanced repre-
sentation t ∈ Rd×1 as follows:

t = Aix (1)

In this way, we provide appropriate additional
model capacity to handle different types of hy-
ponyms and simultaneously we can utilize all data
with hyponyms that belong to both types to train
our model.

4.2 Recurrent Mapping Module

One motivation of this paper is that we assume
the candidate hypernym terms may come from dif-
ferent concept levels. The hypernym term at a
higher concept-level can be obtained by transform-
ing from a lower-level hypernym term. To model
this transformation process, we build a recurrent
mapping module with a shared projection function.
Specifically, let hl ∈ Rd×1 denote the transformed
concept semantics at the lth level (or the term rep-
resentation after l-hop transformations). The trans-
formation from a lth-level concept semantics to a
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(l + 1)th-level is then formulated as

ĥl+1 = Wφhl (2)

In Equation 2, the semantic representation of the
primary concept level is exactly the type-enhanced
representation, that is h0 = t. Wφ ∈ Rd×d is the
learnable projection matrix which is shared during
each transformation. We recurrently make L trans-
formations from the original hyponym embedding.
We hope this recurrent mapping process captures
the relationships of different concept-levels and as-
sociates the given hyponym term with its hypernym
terms at different concept levels.

Theoretically, when the number of layers in-
creases in a neural network, its model capabilities
become large and it should produce lower train-
ing error. However, the gradients may vanish af-
ter they are propagated through many layers, thus
degrade the model performance (He et al., 2016).
Consequently, optimizing the projection matrix in
Equation 2 is difficult when the maximum number
of transformations L becomes large. Following
the previous work (He et al., 2016), we introduce
residual network (ResNet) to overcome the gradi-
ent vanishing problem as follows:

hl+1 = ĥl+1 + hl (3)

ResNet improves the training efficiency by refor-
mulating the (l+1)th-level representation with ref-
erence to the lth-level representation. In addition,
the ResNet also forces the model to remember the
past information during multi-hop transformation.

4.3 Aggregation Module

After obtaining the multi-hop representations of the
given hyponym term, we obtain a final representa-
tion via letting multi-hop representations attend to
the candidate embedding.

Concretely, by calculating dot product between
representations from each hop and candidate hy-
pernym, we can get a weight vector. The attention
weight of a level is viewed as the probability of
the candidate hypernym lying in that level. The
weight vector and the final score of the candidate
term embedding y being the input’s hypernym are

calculated as follows:

αl =
exp(hl · y)
L∑
k=1

exp(hk · y)

H̃ =

L∑

l=1

αl · hl

sy = H̃ · y

(4)

This mechanism allows the model to adaptively
assign weights for representations from each hop
based on the candidate terms. We expect this aggre-
gation strategy to provide appropriate scores that
correctly rank the true hypernym terms ahead of
other candidate terms.

4.4 Loss Function

Hypernymy discovery is viewed as a ranking prob-
lem. Existing models optimize this ranking prob-
lem using a pair-wise loss function. They first
score the candidate hypernym terms by training
a binary classifier that identifies whether a given
(x, y) pair supports a hypernymy relation, then rank
the candidates by descending order of their match-
ing scores. Although pair-wise loss function is
efficient, it learns to score each candidate inde-
pendently (Shi and Weninger, 2017). Instead of
optimizing the model via pairwise loss, we intro-
duce the list-wise loss function that learns to score
the candidates collectively.

Let Xtrain be the set of hyponym terms in the
training set. For each hyponym term x in the train-
ing set, letQx denote a set of candidate hypernyms,
which consists of only gold hypernym terms of x,
and Cx denotes a controllable number of negative
candidates. Then we compute the cross-entropy
loss with the sampled positive and negative candi-
dates as follows:

L=−
∑

x∈Xtrain

1

|Qx|
∑

y∈Qx
log

exp(sy)∑
y′∈Qx∪Cxexp(sy′)

(5)
where 1

|Qx| is a normalizing term that balances the
learning of all gold candidate scores. The num-
ber of negative candidates |Cx| is optional in prac-
tice, we leave it as a hyperparameter. We may set
Cx = Y − Qx with enough computation source
available. In this way, we simultaneously optimize
the scores for a collection of candidates, improving
the training efficiency.
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5 Experiments

5.1 Data Sets

We evaluate the performance of our model on
SemEval-2018 Task 9 1benchmark for hypernym
discovery. This shared task consists of five differ-
ent subtasks covering both general-purpose (mul-
tiple languages-English, Italian, and Spanish) and
domain-specific (Music and Medicine domains)
tasks. For each subtask, a large textual corpus, a
vocabulary including all valid hypernyms and a
training and testing set of hyponyms and its gold
hypernyms are provided. In this paper, we consider
the three English subtasks: 1A (general), 2A (med-
ical) and 2B (music). The summarized statistics of
the datasets are shown in Table 1. For more details,
we refer the reader to the original SemEval-2018
Task 9 (Camacho-Collados et al., 2018) paper.

Three metrics were used for the performance
evaluation.

Mean Average Precision (MAP) For a given
query word, average precision(AP) is the average
of the correctness of each obtained hypernym from
the search space. MAP is the mean of this value
among all queries in the data set.

Mean Reciprocal Rank (MRR) Since MAP ig-
nores the exact rank of the true hypernyms, we
introduce the Mean Reciprocal Rank (MRR) met-
ric which focuses on the top results performance.
Mean Reciprocal Rank (MRR) is the average of the
reciprocal ranks over all queries. The reciprocal
rank of an individual query is the reciprocal of the
rank in which the first true hypernym is returned.

Precision at K (P@K) Precision at K is the pro-
portion of the top-K results that are true hypernyms
of a given query.

Following the same evaluation procedures as
previous studies (Bernier-Colborne and Barriere,
2018; Held and Habash, 2019b; Dash et al., 2020),
the scorer script provided by SemEval-2018 Task 9
is exploited for evaluating our proposed model and
comparing fairly with other recent models.

5.1.1 Compared Models
We compare our model with baseline mod-
els: MFH (Camacho-Collados et al., 2018),
vTE (Camacho-Collados et al., 2018), 300-
sparsans(Berend et al., 2018), and NLP-HZ (Qiu

1https://competitions.codalab.org/competitions/17119

subtask corpus size #train #test
1A 16G 1500 1500
2A 800M 500 500
2B 500M 500 500

Table 1: Data set statistics

et al., 2018). 8 SPON (Dash et al., 2020), Hybrid
of SVD & NN (Held and Habash, 2019b).

Besides, we also compare our model with recent
models. Brief descriptions of these models are
given as follows.

CRIM (Bernier-Colborne and Barriere, 2018) In
the CRIM model, multiple parallel projections are
introduced to map the queries to different spaces.
A logistic regression function is then applied to
compute the final score. In addition, this module is
combined with an unsupervised system that iden-
tifies hypernym based on specific Hearst-style pat-
terns. The final output of CRIM is the combination
of both supervised and unsupervised models.

SPON (Dash et al., 2020) In the SPON model,
non-negative activations and residual connections
are exploited to enforce asymmetry and transitive
as soft constraints.

Hybrid of SVD & NN (Held and Habash,
2019b) This model is a hybrid system which
exploits both unsupervised and supervised ap-
proaches at the same time.

In their proposed supervised module, the nearest
neighbor approach is used. Given a hyponym, can-
didate hypernyms which are its nearest neighbors
are returned. A similarity cut-off point is trained on
tuning data, such that if there is no neighbor with a
similarity greater than the cutoff point, the model
simply returns the most frequent set of hypernyms
from the entire training set.

5.2 Implementation
We trained 200-dimensional word embeddings
via the standard skip-gram word2vec algo-
rithm (Mikolov et al., 2013) on the provided tex-
tual corpus. The representations of the hyponyms
and hypernyms are directly initialized by the pre-
trained word2vec embeddings. In the training pro-
cess of our model, hyponym embeddings are fixed
and hypernym embeddings are learnable. To avoid
overfitting, dropout is applied after each mapping
function. Besides, an early stop strategy is also
used. Thus, if MAP on the validation set does not

2916



1A 2A 2B
Model MAP MRR P@5 MAP MRR P@5 MAP MRR P@5
MFH 8.77 21.39 7.81 28.93 35.80 34.20 33.32 51.48 35.76
vTE 10.60 23.83 9.91 18.84 41.07 20.71 12.99 39.36 12.41

Sparsans 8.95 19.44 8.63 17.94 37.56 17.06 12.08 25.14 11.73
NLP-HZ 9.37 17.29 9.19 20.04 28.27 20.39 11.37 19.19 11.23
Hybrid 15.97 34.07 15.00 37.85 64.47 40.19 54.62 77.24 55.08
CRIM 19.78 36.10 19.03 34.05 54.64 36.77 40.97 60.93 41.31
SPON 20.20 36.95 19.40 33.50 50.60 35.10 54.70 71.20 56.30

RMM 27.12 39.07 23.41 38.56 54.89 37.17 63.86 74.75 61.61
±0.12 ±0.42 ±0.22 ±0.34 ±0.63 ±0.33 ±0.06 ±0.52 ±0.25

Table 2: Performance comparison on different models on the benchmark datasets. In the first column, Hybrid
denotes the Hybrid of SVD/NN model and Sparsans represents the 300-sparsans model. The results of RMM are
average from 3 runs of experiments. Other reported results are from their corresponding original paper.

increase after 200 continuous epochs, training will
be terminated. The max epoch is set to 1000. In ad-
dition, gradient clipping is used in the weight updat-
ing process, with a clip of 1e−4. We use the Adam
optimizer with beta1=beta2=0.9 and with a learn-
ing rate of 2e−4 for all datasets. We choose two
separate embedding transformation matrices for
two different query types. When initializing these
projection matrices in the mapping function, we
add random noises of Gaussian distribution (zero
mean and 1

200 variance) to an identity matrix. Fi-
nally, we implement our model using PyTorch on
a Linux machine with a GPU device Tesla V100
SXM2 32GB.

5.3 Results

5.3.1 Overall Results

Table 2 shows the MAP, MRR and P@5 perfor-
mance of our model and the other baseline models
across multiple hypernym discovery sub-tasks. The
value of L is tuned over the validation set, we used
L=2 for subtask 1A and L=3 for 2A and 2B. Note
that, to avoid the performance randomness, the
performance of our model is the average of three
random runs. For the other compared models, the
reported performance is taken from their original
paper. The values printed in bold font are the top-
performing models in the comparison.

In the table, it is clear that our recurrent map-
ping model (RMM) outperforms almost all exist-
ing baseline models on all the general English hy-
pernym discovery tasks. More specifically, on all
sub-tasks, RMM outperforms any supervised hy-
pernym discovery models on all metrics. The only
model that RMM does not fully beat is the Hybrid

of SVD/NN model, which uses both unsupervised
and supervised approaches. We note however that
RMM scores best 6 out of the 9 metrics across the
compared methods.

In addition, RMM outperforms the most recent
supervised models, i.e. CRIM and SPOM by a
significant margin. This performance suggests that
the true hypernym rank is generally higher than
other candidate words using RMM.
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Figure 3: The comparison of RMM with different map-
ping units. In each sub-figure, x axis represents the
number of mapping units and the y axis represents the
performance of the corresponding model. The results
reported is an average of three experiments.
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5.3.2 The Impact of the Number of Mapping
Units

We now examine the impact of the chosen number
of mappings on RMM. In our recurrent mapping
process, we use mapping functions from a specific
term to a more general term it belongs to. The
number of mappings can be understood as the num-
ber of projections from the original query. Thus,
this value is a hyper-parameter in RMM. We let L
denote the number of mapping units.

As discussed above, we speculate that the correct
hypernym might be chosen by different mapping
units (MU). Here we present experimental results
to support this claim and show how this value af-
fects the performance of RMM. We vary L from 1
to 4 to observe the performance. The experimental
results are shown in Figure 3. Note that all values
in the figure are the average over three runs.

The results indicate that RMM is sensitive
to L. RMM shows a general increasing perfor-
mance when increasing L. This might be due
to that the hypernym semantics transformation
is captured by our model. We find that RMM
performs best at L = 3 for 2A, 2B and L = 2
for 1A. This phenomenon is consistent with the
typical hypernymy transformation situation in the
data set. We observe that, in general, the true
hypernym list is often in the form of a two or three
layers hierarchical structure. Here we list two
examples of the hierarchical structure: guitar
→ stringed instrument→ musical
instrument; alternative rock→ rock
music→ music → music style. So that
RMM will be effective when choosing L as 2 or 3.

It also can be noted that when choosing L = 4,
RMM achieves a lower performance on all data
sets. This result confirms our claim and shows the
effectiveness of the sequential structure exploited
in RMM.

5.3.3 Ablation Study
To more precisely evaluate RMM and to compre-
hensively analyze the contribution of each com-
ponent of our model, we conduct an additional
experiment of ablation studies.

Specifically, this experiment involves three com-
ponents, ResNet connection between mapping
units, separate transformation function for query
type and the attention mechanism to identify the
importance of mapping units. By removing or mod-
ifying each of them individually, we are able to
observe their effects on our model.

The experiment was performed on the same
datasets along with the same experimental setup
and hyperparameters as in the main experiment.

Without Residual Mechanism RMM uses a
residual mechanism to overcome the gradient van-
ishing problem and to improve the model perfor-
mance. In this ablation setup, we directly remove
this ResNet connection and refer to this setup as
RMMw/o ResNet.

Without Separating Query Types Before
multi-hop mapping, RMM model exploits two
different learnable projection matrices for query
types of entity and concept to transform
original embedding to “is-a” embedding. In this
ablation experiment, we unify these two projection
matrices and refer to this setup as RMMw/o QType.
It’s worth noting that hyponyms in 2A(music)
are all of concept type, thus unifying these two
projection matrices can get a close performance as
before.

Without Attention Mechanism RMM model
makes use of an attention mechanism to aggre-
gate hypernym representations from all mapping
units according to candidate hypernyms. In this
ablation experiment, to verify its contribution, we
remove this weighting mechanism and instead use
a mean approach, which simply averages the repre-
sentations of the output of each unit to aggregate
semantics from all mapping units. We refer to this
setup as RMMw/o Att.

Table 3 shows the result of our ablation study. It
shows that all components are critical for RMM.
Specifically, we can see that removing ResNet
degrades the model performance, which proves
ResNet can avoid the information loss between
units. Without using the query type, model per-
formance degrades as well. It’s notable that
CRIM (Bernier-Colborne and Barriere, 2018) also
utilized the type information of hypernyms by train-
ing separate logistic regression classifiers for dif-
ferent types of hyponyms. However, their ablation
study suggests that their type modeling actually
degrades the model performance which is contrary
to the results shown in our ablation study. It indi-
cates that the type information is better modeled in
our model. From the last raw of Table 3, we can
conclude that taking the average of each mapping
unit’s output decreases the model performance.
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1A 2A 2B
Model MAP MRR P@5 MAP MRR P@5 MAP MRR P@5
RMM 27.12 39.07 23.41 38.56 54.89 37.17 63.86 74.75 61.61
RMMw/o ResNet 25.78 37.08 22.41 35.80 55.65 34.52 62.39 74.38 60.21
RMMw/o QType 24.76 37.14 21.22 38.23 54.32 36.73 61.71 69.89 60.18
RMMw/o Att 25.91 37.63 22.37 36.60 57.04 35.00 62.90 75.74 60.27

Table 3: Ablation study.

Bill Clinton

Politician
(0.997, 0.0019, 0.0007)

Person
(0.2871, 0.2608, 0.4521)

Dejan Bodiroga

Sports Person
(0.9923, 0.0062, 0.0015)

Person
(0.2734, 0.2412, 0.4854)

(a) Case 1 from 1A (b) Case 2 from 1A

Latin Pop

Latin Music
(0.98, 0.01, 0.003)

pop
(0.91, 0.06, 0.02)

Music Genre
(0.2347, 0.3585, 0.4068)

Traditional Blues

Blues
(0.995, 0.00385, 0.0005)

Music Genre
(0.0804, 0.3935, 0.5262)

(c) Case 3 from 2B (d) Case 4 from 2B

Figure 4: Case Studies. The values in the bracket rep-
resent the weights on the first, the second and the third
mapping units filtered by hypernym.

5.3.4 Case Study
In this subsection, we present a detailed result anal-
ysis on 4 randomly chosen cases from our testing
sets, with the aim to validate our motivation of the
recursive structure of RMM being capable of cap-
turing the near hypernym first and far hypernym
later. We observe the weights on different units and
wish to examine if RMM indeed assigns higher
weights to relative-lower units when the true hyper-
nym is near the query word and vice versa. The
results are shown in Figure 4.

From the figure we can observe that RMM is able
to assign a higher weight to the first mapping units
for its first hop hypernym. This is seen in all 4 cases
by assigning a weight more than 0.9 to the first
unit for their immediate hypernym. For example,
in Figure 4(a) the hypernym Politician for
query Bill Clinton. On the contrary, for a far
hypernym of a query, a higher weight is on the
last mapping units. For example, in Figure 4(c),
the hypernym Music Genre for query Latin
Pop, a higher weight is on the third units.

This result confirms the capability of RMM in

capturing the latent hypernymy transformation and
hierarchical dependencies between hypernyms.

6 Conclusion

Hypernym discovery is a basic task in natural lan-
guage processing. Existing studies focus on design-
ing better models for discovering better mapping
functions from hyponyms to hypernyms. However,
the latent semantic transformation between the hy-
pernyms of one hyponym is not considered. In this
study, both the mapping and the semantic trans-
formation between hypernyms are considered by
a recursive mapping model. In addition, with the
attention mechanism, different levels of transfor-
mations are softly mixed in the final representation
for the final classification task. Empirical studies
on a public hypernym discovery task verify the
superiority of the presented recursive model.

This study is a first attempt on modeling the
transformation between hypernyms and we only
achieve preliminary progress. The better usage of
this will definitely promote the effectiveness of hy-
pernym discovery. In practice, this transformation
can be extracted and graph convolutional network
(GCN) or other neural networks can be exploited
for explicitly this information. Also, the combi-
nation of unsupervised and supervised models has
shown advantages. However, most of these hybrid
models are two separate processes and the super-
vised part highly depends on the pre-defined “is A”
patterns. To build a uniform hybrid model still re-
mains an open problem. We will study these open
problems in our future work.
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Abstract

Prior studies on event knowledge in sentence
comprehension have shown that the aspect of
the main verb plays an important role in the
processing of non-core semantic roles, such as
locations: when the aspect of the main verb is
imperfective, locations become more salient in
the mental representation of the event and are
easier for human comprehenders to process.

In our study, we tested the popular language
model BERT on two datasets derived from
experimental studies to determine whether
BERT’s predictions of prototypical event loca-
tions were also influenced by aspect. We found
that, although BERT efficiently modelled the
typicality of locations, it did so independently
of the verb aspect. Even when the transformer
was forced to focus on the verb phrase by
masking the context words in the sentence, the
typicality predictions were still accurate; in ad-
dition, we found aspect to have a stronger in-
fluence on the scores, with locations in the im-
perfective setting being associated with lower
surprisal values.

1 Introduction

It has been generally acknowledged in sentence pro-
cessing research that humans activate generalized
event knowledge in the process of understanding
natural language sentences (McRae and Matsuki,
2009). Reading/listening verbs (e.g., open) activate
expectations about their typical arguments (e.g.,
door) (McRae et al., 1998; Ferretti et al., 2001)
and vice versa (McRae et al., 2005); the same ef-
fect has been found for nouns and their typical
co-arguments (Hare et al., 2009). These expecta-
tions concerning typical arguments are encoded in
the mental lexicon, and are exploited by humans to
evaluate the plausibility of verb-argument combi-
nations. Such knowledge is used during sentence
processing to generate predictions about upcoming

arguments: using different experimental paradigms
(e.g. EEG, eye-tracking etc.), previous studies pro-
vided evidence that sentences including typical ar-
gument combinations are easier for humans to pro-
cess (Bicknell et al., 2010; Matsuki et al., 2011).

Other studies have investigated the role played
by verb aspect in event knowledge activation, par-
ticularly for non-core roles such as locations and
instruments. Aspect is a grammatical device that
denotes the duration, onset, and completion sta-
tus of an event. According to linguistic theory, a
fundamental opposition exists between the imper-
fective aspect (e.g., The customer was eating in the
restaurant), which describes the event as on-going,
and the perfective aspect (e.g., The customer had
eaten in the restaurant), which describes the event
as a closed unit and focuses on the resulting state
(Madden and Zwaan, 2003).

Based on the above-mentioned literature, Fer-
retti et al. (2007) used stimulus-onset asynchrony
priming and the EEG paradigms to show that, in
English, specific expectations were activated for
event locations by the verbs describing those events,
but only when the verbs were in the imperfective
form. Similar findings have been reported for in-
struments by Truitt and Zwaan (1997) and, more
recently, by Madden-Lombardi et al. (2017) in a
self-paced reading experiment in French. In line
with these findings, Coll-Florit and Gennari (2011)
found that imperfective verbs were related to a
wider range of semantic associations than perfec-
tive ones, because the mental representation of an
event as on-going allows one to focus more easily
on all the entities that are relevant to the described
action (instruments, places, objects, etc.).

In this study, we modelled two datasets on lo-
cations using BERT, a state-of-the-art language
model (Devlin et al., 2019), and we tested whether
verb aspect influenced the model’s predictions for
upcoming event’s locations, by comparing them
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in terms of perfective and imperfective sentences.
We found that i) BERT was able to accurately iden-
tify typical locations for an event, and that it did
so independently of the aspect of the main verb,
since the activation levels of locations did not differ
significantly across conditions; ii) even when the
transformer was forced to focus on the main verb
and the other words in the sentence were masked,
BERT’s typicality predictions were still accurate,
and an additional effect of aspect appeared, with lo-
cations having significantly lower surprisal values
in the imperfective condition.

2 Related Work

Transformer models have become increasingly pop-
ular in NLP in recent years (Vaswani et al., 2017;
Devlin et al., 2019). The most successful model
is probably BERT, which is trained on a masked
language modeling objective: given the left and
the right context of a masked word in a natural lan-
guage sentence, the model has to predict the word.
This conceptually simple yet powerful mechanism
has made BERT a very appealing option for NLP
researchers working on supervised tasks, and its
contextualized representations have taken state-of-
the-art performances to new heights.

A number of psycholinguistic-inspired studies
designed tests to investigate the actual linguis-
tic abilities of neural network models, includ-
ing Transformer models. Most of these studies
have focused on syntactic phenomena, such as
verb-subject agreement and filler-gap dependencies
(Linzen et al., 2016; Wilcox et al., 2018; Gulor-
dava et al., 2018; Futrell et al., 2019; Prasad et al.,
2019). By contrast, Ettinger (2020) focused on
the semantic and pragmatic abilities of the BERT
language model by using stimuli from the N400 ex-
periments conducted by Kutas and Hillyard (1984),
and showed that the model was strong in associat-
ing nouns with their hypernyms, but struggled to
handle negations. Close to the spirit of our con-
tribution, Misra et al. (2020) investigated BERT’s
predictions in a setting aimed at reproducing hu-
man semantic priming; they reported that BERT
was indeed sensitive to “priming” and predicted
a word with higher probability when the context
included a related word as opposed to an unrelated
one, but this effect decreased in the presence of
strongly informative and constraining contexts.

Recent work by Metheniti et al. (2020) has ex-
plored the capacity of BERT to reproduce the selec-

tional preferences for verbs - which, from our per-
spective, was equivalent to modeling the thematic
fit of typical event participants (Sayeed et al., 2016;
Santus et al., 2017; Chersoni et al., 2020; Marton
and Sayeed, 2021). Metheniti and colleagues re-
ported that the correlation of the predictions with
human judgements increased when they applied at-
tention masks to the context words in the sentence
and forced the model to focus only on the verbs.
Finally, Transformers have been used to model typ-
icality effects in language by Misra et al. (2021),
although in a different context; i.e. the influence of
typicality on category membership judgements.

To the best of our knowledge, the current study
is the first to attempt to model argument typicality
predictions with BERT for a non-core role (loca-
tion), and the first to investigate whether and how
such predictions are influenced by verb aspect, as
in the case in human language processing.

3 Experiments

3.1 Datasets

In our work, we used two datasets that we obtained
from the previous studies. The first dataset, which
we refer to as Ferretti07, consists of the experi-
mental items used by Ferretti et al. (2007) in their
EEG experiment. The authors made available a
subset of 38 items in which the verb phrase was
specifically biased to be followed by a locative
prepositional phrase in sentence completion tasks.
We excluded 6 of them, in which the location noun
was extremely rare and was not included in BERT’s
basic vocabulary1. Each item consisted of an intran-
sitive sentence, with the verb phrase in either the
past perfect tense (perfective condition, PERF )
or the progressive past tense (imperfective condi-
tion, IMPERF ), and a location argument, either
typical (TY P ) or less typical but still plausible
(NON TY P ) (see Example 1).

(1) a. The boy had fished at the lake.
(PERF , TY P )

b. The boy was fishing at the lake.
(IMPERF , TY P )

c. The boy had fished at the swamp.
(PERF , NON TY P )

d. The boy was fishing at the swamp.
(IMPERF , NON TY P )

1In such cases, the location nouns would be split by the
BERT tokenizer.
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Interestingly, Ferretti et al. (2007) found that atypi-
cal locations elicited significantly larger N400 am-
plitudes in the imperfective condition, but there
were no significant differences in the perfective
one, suggesting that the differences in location typ-
icality become salient only when the event is being
described as on-going. Typical locations elicited
smaller N400 amplitudes, while aspect was found
to have no main effect per se, being significant only
in the interaction with typicality.

We generated another dataset, which we refer to
as Ferretti01, by using the typicality judgements
dataset created by Ferretti et al. (2001). From their
data, we extracted all the verb-argument pairs for
which the mean typicality rating was >= 4 on a
Likert scale, for a total of 135 pairs, and asked two
PhD students in Linguistics who were proficient
English speakers, to use the same pairs to generate
complete English sentences with a structure similar
to the items in Ferretti07. A third PhD student,
a native speaker of British English, made the fi-
nal check of the correctness of the sentences. 2

Each item in Ferretti01 came in the PERF vs.
IMPERF condition (see Example 2).

(2) a. He had danced in the ballroom.
(PERF )

b. He was dancing in the ballroom
(IMPERF )

3.2 Model and Settings

Similarly to Misra et al. (2020), we considered the
surprisal score for an argument word (in our case,
the location) as a measure of the model’s expecta-
tions in the given context; we replaced the location
token at the end of each sentence with a [MASK]
and we asked BERT to predict its probability.

Surprisal was shown to be an efficient predic-
tor of self-paced reading times (Hale, 2001; Levy,
2008; Smith and Levy, 2013) and of the N400 am-
plitude (Frank et al., 2013), and we expected it to
be inversely correlated with typicality: the more
typical a location in a given context is, the less
surprising it will be.

To approximate the results of the original study
by Ferretti et al. (2007), BERT’s surprisal scores
for the locations would have to show an interaction
between aspect and typicality, with the scores being
significantly higher for atypical fillers only in the
imperfective condition. Moreover, typical fillers

2More details on the dataset creation are in Appendix A.

should be assigned lower surprisal scores.
We experimented with the bert-base-uncased

model, as implemented in the HuggingFace’s
Transformers library (Wolf et al., 2019). 3 For
each sentence, we masked the location loc, corre-
sponding to the last token in the sentence (e.g., The
girl was skating in the [MASK]), and computed its
Surprisal score Surp in the context C as:

Surp(loc|C) = −logP (loc|C) (1)

where P (loc|C) is the probability computed by
the softmax layer of BERT for the loc word as the
masked token in the sentence context C.

Finally, we experimented with two different set-
tings: a standard setting, in which BERT was able
to see the entire context of the sentence, and a con-
text mask setting, in which we used an attention
mask on all the sentence tokens except for the verb
phrase ones (see Example 3).

(3) a. The boy was fishing at the [MASK]
(standard)

b. The boy was fishing at the [MASK]
(context mask)

In this setting, we blocked BERT’s self-attention
mechanism, forcing it to use only the verb phrase
to predict the masked token. In this way, we were
able to analyze the effect of the tense without the
interference of the other context words. 4

4 Results and Analysis

We ran all the comparisons between scores using
linear mixed effects models with the LMER function
in the R statistical software (see also Appendix B
for the full results). We first compared the surprisal
scores that we obtained in the standard setting, in
which BERT had access to all the tokens in the
sentence. No main effect of aspect was found (p >
0.1), neither in the Ferretti01 nor in the Ferretti07
dataset. In other words, verb aspect did not seem to
have an influence on the activation degree of typical
location fillers, as the scores in the two conditions
were essentially equivalent.

On the other hand, BERT’s predictions for the
typicality of the location fillers seemed to be ex-
tremely accurate. In the Ferretti07 dataset, a

3github.com/huggingface/transformers
4A similar setting was proposed by Metheniti et al. (2020)

for modeling human judgements on selectional preferences:
with the context mask, the authors found increased correlation
between model predictions and human ratings.
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Figure 1: Boxplots with the surprisal scores calculated on the Ferretti01 dataset (left) and on the Ferretti07 dataset
(right), in the standard setting (above) and in the context mask setting (below).

main effect of typicality was found (p < 0.001),
with TY P sentences showing significantly lower
Surprisal scores in the TY P condition than the
NON TY P ones (see also the boxplots in Fig-
ure 1, on the right). The interaction of aspect and
typicality, however, was not significant (p > 0.1).
Note that the NON TY P locations were selected
by Ferretti et al. (2007) in order to be plausible,
and thus it is interesting that BERT correctly identi-
fied the ones of the TY P sentences as being more
typical. However, the verb aspect did not play a
role in this, since this ability was not influenced
by the aspect condition. As a possible explana-
tion, Klafka and Ettinger (2020) recently showed
how the semantic information about the animacy
of an argument noun in BERT was spread over the
tokens of a sentence, and the same might be true
also for the semantic information about the typi-
cality of a location in a given event context. Pair-
wise comparisons confirmed that TY P sentences
obtained significantly lower scores for both the
PERF and IMPERF conditions (p < 0.001),
while no significant difference between PERF
and IMPERF in typicality condition was found.
We then repeated the experiments using the context
mask to block BERT’s attention mechanism for all
the words in the sentence except for the verb phrase
tokens (recall Example 3b.) and we observed some
interesting changes in our results. On the one hand,
in the Ferretti01 dataset, we observed a marginally
significant effect of aspect (p < 0.1), with lower
surprisal scores for the IMPERF condition. On
the other hand, in the Ferretti07 dataset, we found
main effects for both typicality (p < 0.01) and as-
pect (p < 0.05), while the interaction was again not

significant (p > 0.1). Pairwise comparisons, sim-
ilarly to the standard setting, revealed that TY P
sentences had significantly lower scores for both
the PERF (p < 0.05) and the IMPERF condi-
tions (p < 0.01). Moreover, TY P sentences dif-
fered between PERF and IMPERF conditions,
with the latter having significantly lower scores
(p < 0.05). Finally, even NON TY P sentences
had lower surprisal scores in the IMPERF con-
dition, but the difference was only marginally sig-
nificant (p < 0.1).

It should be noted that, in both settings, our re-
sults differed from those of Ferretti et al. (2007), as
their study found no main effect of aspect and an
interaction between aspect and typicality: atypical
locations elicited significantly larger N400 compo-
nents only in the imperfective condition, suggesting
that imperfective verbs lead to very specific expec-
tations on upcoming locations in human sentence
processing, while expectations are way less defined
with perfective verbs. By contrast, our results in
the standard setting showed that BERT accurately
modelled the typicality of locations without relying
on the aspect of the verb, while in the context mask
setting aspect influenced the predictions indepen-
dently of typicality.

Finally, we checked the degree to which the typ-
icality predictions of the model were influenced by
the lexical frequencies of the target location words,
which we extracted from a 2019 Wikipedia dump. 5

We found that the Surprisal scores in the Ferretti07
dataset were not correlated at all in the standard
setting, with a Spearman correlation of ρ = −0.04,

5https://github.com/IlyaSemenov/
wikipedia-word-frequency.
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while a weak but significant inverse correlation ex-
isted for the context mask setting at ρ = −0.28.
This suggests that BERT’s predictions are not influ-
enced by word frequency when the entire context is
available. However, when the number of contextual
cues was reduced in the context mask setting, fre-
quency might have played a more prominent role.
From this point of view, it is interesting to observe
the ”errors” of the model: Example 4 shows the
only four sentence pairs in which, in both the stan-
dard and the context mask settings, a lower score
was assigned to a NON TY P filler. Interestingly,
in cases a-c, BERT assigns a lower Surprisal score
to a more generic and frequent filler than the TY P
one, which is more specific for the described event
scenario. As for d, it can be observed that the two
candidate locations (desert-hole) had very similar
plausibility levels.

(4) a. The girl was skating/had skated in the
rink (TY P ) / ring (NON TY P ).

b. The boy was tobogganing/had tobog-
ganed down the hill (TY P ) / street
(NON TY P ).

c. The tourist was browsing/had
browsed in the shop (TY P ) / park
(NON TY P ).

d. The snake was slithering/had slith-
ered in the desert (TY P ) / hole
(NON TY P ).

The tendency of masked language models to select
a generic and frequent word when faced with the
alternative of a more specific and typical filler for
the event scenario was also reported by Rambelli
et al. (2020) in a logical metonymy interpretation
task, e.g., when asked to predict a verb for the
masked position in a sentence like The auditor be-
gins [MASK] the taxes, they chose generic verbs
like doing instead of more specific ones like audit-
ing, which should be preferred in the given context.

5 Conclusions

In this study, we tested whether BERT exhibited
aspect-related activation effects for event locations,
and whether different degrees of location typical-
ity were identified more easily in sentences in the
imperfective aspect. Verb aspect, as shown in previ-
ous studies (Ferretti et al., 2007; Madden-Lombardi
et al., 2017), plays an important role in the men-
tal representation of an event; in particular, the
imperfective aspect is related to the simulation of

an on-going event, giving more saliency to all the
entities involved, such as the event location.

Our results showed that BERT was able to iden-
tify typical locations for events, even when it had
to differentiate them from plausible but less typical
ones. However, the semantic information exploited
by the Transformer for the task was not linked to
the verb tense, as there were no differences found
between the PERF and the IMPERF sets. In
general, no aspect-related effects on the activation
of event locations were observed.

Verb aspect played a role only when the Trans-
former was forced to focus on the verb phrase in
the context mask setting. On the one hand, BERT
was still able to distinguish between typical and
non-typical locations. On the other hand, the im-
perfective aspect was associated with significantly
lower Surprisal scores for both typicality condi-
tions. Aspect did not interact with typicality: in
particular, BERT did not predict the pattern ob-
served in Ferretti et al. (2007)’s experimental study,
for which specific expectations for event locations
emerge only in processing imperfective sentences.

We take these results as preliminary evidence
that BERT’s predictions were somewhat sensi-
tive to aspect-related differences, and could reflect
some subtle nuances of argument typicality. Our
implementation is available at a public repository.6
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parison with the results of the experimental studies,
we showed that BERT was able to discriminate
between different degrees of typicality in context.
Additionally, when less cues were available from
the context, aspect had an important effect on the
predictions, with imperfective verbs being associ-
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A Appendix A

The dataset by Ferretti et al. (2001) includes mean
typicality ratings for 277 verb-location pairs on
a Likert scale from 1 to 7, where 7 is the high-
est possible score (see examples in Table 1). The

Verb Location Mean Rating
gamble casino 7.0
study bedroom 5.8
marry island 3.7
fish pool 1.0

Table 1: Examples of the typicality judgements from
the dataset by Ferretti et al. (2001). Scores range from
1 = not typical at all to 7 = very typical.

judgements were collected by asking to human sub-
jects the following: On a scale from 1 to 7, how
common it is to verb in a location?

Two PhD students in Linguistics, both advanced
speakers of English, voluntarily helped us in us-
ing these ratings to build the sentences of the Fer-
retti01 dataset. First, we selected as typical only
the verb-location pairs with a mean score >= 4.

Then, for each pair, we added a preposition that
could be used to introduce the location in a prepo-
sitional complement. Each student took care of
half of the pairs in the dataset, and then they re-
vised each other’s work. Since for this dataset we
wanted BERT to compute the Surprisal scores for
several candidate location fillers, the students tried
to use prepositions that, given a verb, could go well
with all its potential fillers in the dataset. Fillers
that would have been much more likely than others
given a verb-preposition pair were discarded from
the dataset.

If the verb was strictly transitive, the students
added a typical object, the first that came into their
mind. In the end, we generated the final sentences
of the dataset by randomly appending a personal
pronoun subject (He or She), and we generated the
sentence pairs for the two condition by varying the
form of the verb: progressive past tense for the
IMPERF condition, past perfect tense for the
PERF condition.

Finally, another PhD student in Linguistics, na-
tive speaker of British English, checked that all the
sentences were correct and plausible in English.

B Appendix B

Estimates S.E. p
F01-Standard-Aspect -0.24 0.28 0.39
F01-Context-Aspect 0.42 0.23 0.07 .
F07-Standard-Aspect -0.03 0.26 0.54
F07-Standard-Typical -3.21 0.36 < 0.001***
F07-Standard-AxT 0.38 0.52 0.46
F07-Context-Aspect 0.9 0.24 0.02*
F07-Context-Typical -1.28 0.34 < 0.001***
F07-Context-AxT 0.24 0.48 0.62

Table 2: Results of linear mixed models on effects of
aspect, typicality and the interaction of aspect and typi-
cality (AxT), reported for both the Ferretti01 (F01) and
the Ferretti07 (F07).

In Table 2, we present the tables with the full
results of the linear mixed effect models for the
Ferretti01 and the Ferretti07 dataset.

For reporting significance, we adopted the fol-
lowing notations: . for marginal significance at
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p < 0.1, * for significance at p < 0.05, ** for
significance at p < 0.01, and *** for significance
at p < 0.001.

pairwise (F07Standard) Estimates S.E. p
Impf-T:Impf-NT -3.41 0.44 < 0.001***
Pf-T:Pf-NT -3.02 0.44 < 0.001***
Impf-T:Pf-T -0.16 0.36 0.97
Impf-NT:Pf-NT 0.22 0.36 0.93

Table 3: Results of pairwise comparisons in the stan-
dard setting (Impf: imperfective, Pf: perfective, T: typ-
ical, NT: non-typical).

We also report the pairwise comparisons on the
Ferretti07 dataset, both in the standard (Table 3)
and in the context mask setting (Table 4).

pairwise (F07Context) Estimates S.E. p
Impf-T:Impf-NT -1.40 0.42 0.005***
Pf-T:Pf-NT -1.16 0.42 0.029*
Impf-T:Pf-T -1.02 0.34 0.014*
Impf:NT:Pf:NT -0.78 0.34 0.09 .

Table 4: Results of pairwise comparisons on the con-
text mask setting (Impf: imperfective, Pf: perfective, T:
typical, NT: non-typical).
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Abstract

A myriad of explainability methods have been
proposed in recent years, but there is little con-
sensus on how to evaluate them. While auto-
matic metrics allow for quick benchmarking,
it isn’t clear how such metrics reflect human
interaction with explanations. Human eval-
uation is of paramount importance, but pre-
vious protocols fail to account for belief bi-
ases affecting human performance, which may
lead to misleading conclusions. We provide
an overview of belief bias, its role in human
evaluation, and ideas for NLP practitioners on
how to account for it. For two experimental
paradigms, we present a case study of gradient-
based explainability introducing simple ways
to account for humans’ prior beliefs: models
of varying quality and adversarial examples.
We show that conclusions about the highest
performing methods change when introducing
such controls, pointing to the importance of ac-
counting for belief bias in evaluation.

1 Introduction

Machine learning has become an integral part of
our lives; from everyday use (e.g., search, transla-
tion, recommendations) to high-stake applications
in healthcare, law, or transportation. However, its
impact is controversial: neural models have been
shown to make confident predictions relying on arti-
facts (McCoy et al., 2019; Wallace et al., 2019) and
have shown to encode and amplify negative social
biases (Manzini et al., 2019; Caliskan et al., 2017;
May et al., 2019; Tan and Celis, 2019; González
et al., 2020; Rudinger et al., 2018).

Explainability aims to make model decisions
transparent and predictable to humans; it serves as
a tool for model diagnosis, detecting failure modes
and biases, and more generally, to increase trust
by providing transparency (Amershi et al., 2019).
While automatic metrics have been proposed to

Figure 1: Evaluation protocols considered in this work

evaluate various properties of explanations such as
faithfulness, consistency and agreement with hu-
man explanations (Atanasova et al., 2020; Robnik-
Šikonja and Bohanec, 2018; DeYoung et al., 2020),
these metrics do not inform us about human inter-
action with explanations.

Doshi-Velez and Kim (2017) suggested human
forward prediction, a simulation task in which hu-
mans are given an input and an explanation, and
their task is to predict the expected model out-
put, regardless of the gold answer. Recent stud-
ies include Nguyen (2018); Lage et al. (2019); ?);
Poursabzi-Sangdeh et al. (2021). Such protocols
are widely used and can provide valuable insight
into human understanding of explanations. How-
ever, prior work has not accounted for how humans’
prior beliefs (belief biases) interact with the evalua-
tion; simulating model decisions becomes an easier
task when the model being evaluated makes pre-
dictions which align with human expectations. We
argue that not considering belief bias in such pro-
tocols may lead to misleading conclusions about
which explainability methods perform best.

Other protocols have evaluated participant’s abil-
ity to select the best model based on explanations
offered by different interpretability methods (e.g.
decide which model would generalize ‘in the wild’)
(Ribeiro et al., 2016a). However, comparisons have
been made between a model which is clearly in line
with human beliefs, and another which exploits
spurious correlations diverging from human expec-
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tations. When differences are less obvious, humans
may not be able to leverage their belief biases, and
conclusions may change.

This paper, which includes evaluations for both
of the previously mentioned tasks, closes an im-
portant gap: to the best of our knowledge, no prior
work in NLP addresses the interaction of belief bias
with current human evaluations of explainability.

Contributions. We provide an overview of belief
bias meant to highlight its role in human evaluation
and provide some preliminary ideas for NLP practi-
tioners on how to handle such cases. Using human
forward prediction and best model selection (Fig-
ure 1), we present a case-study where we compare
two gradient-based explainability methods in the
context of reading comprehension (RC), introduc-
ing conditions to take into account belief bias. We
find that both explainability methods are helpful to
participants in the standard settings (in line with
most previous work), but the conclusions about the
best performing models change when incorporat-
ing additional control conditions, reinforcing the
importance of accounting for such biases.

2 Belief Bias

Belief bias is a type of cognitive bias, defined
in psychology as the systematic (non-logical) ten-
dency to evaluate a statement on the basis of prior
belief rather than its logical strength (Evans et al.,
1983; Klauer et al., 2000; Barston, 1986). Cog-
nitive biases are not necessarily bad; they help
us filter and process a great deal of information
(Bierema et al., 2020), and have been widely stud-
ied in real human-decision making (Tversky and
Kahneman, 1974; Kahneman, 2003; Furnham and
Boo, 2011). However, in evaluations involving hu-
man participants, such biases may alter results and
affect conclusions (Anderson and Hartzler, 2014;
Wall et al., 2017).

Classic psychology studies of belief bias have
assessed how prior beliefs affect syllogistic rea-
soning (Newstead et al., 1992; Klauer et al., 2000;
Evans et al., 1983; Markovits and Nantel, 1989;
Evans and BT). Consider the following example by
Anderson and Hartzler (2014):

(a) If all birds are animals, and if no animals can fly,
then no birds can fly.

(b) If all cats are animals, and if no animals can fly,
then no cats can fly.

In syllogistic reasoning, the task for humans is to
assess the logical validity of such arguments while

ignoring believability. While both arguments are
logically valid, most work converges on the finding
that humans will rate argument (a) as invalid more
often than (b), biased by the fact that the premise
in (a) is less believable.

In psychology, belief bias has been tied to the
dual-processing theory, which assumes that rea-
soning is performed by two competing cognitive
systems: (1) system 1 which takes care of fast,
heuristic processes and (2) system 2 which handles
slower, more analytical processes (Evans, 2003;
Trippas and Handley, 2018; Evans and Curtis-
Holmes, 2005; Croskerry, 2009). Generally, hu-
mans tend to have a cognitive preference for re-
lying on fast, intuitive system 1 processes, rather
than engaging in the slow and more analytical sys-
tem 2 processes. Belief bias is attributed to system
1 (Evans and Curtis-Holmes, 2005; Evans, 2008;
Evans and Frankish, 2009; Stanovich and West,
2008) due to several factors, reviewed in detail by
Evans (2003); Caravona et al. (2019).

For the purposes of NLP studies relying on
crowd workers, one relevant finding is that time
pressures exacerbate reliance on previous be-
liefs (Evans and Curtis-Holmes, 2005). Since
crowd workers generally are incentivized to work
as quickly as possible to maximize their hourly pay,
reliance on belief bias is to be expected.

Another relevant finding for NLP is that threaten-
ing or negatively charged arguments (e.g. content
violating political correctness and social norms)
leads to greater engagement of system 2, whereas
neutral content leads to increased reliance on
belief bias (Goel and Vartanian, 2011; Klaczynski
et al., 1997). Since NLP studies tend to be per-
formed on neutral content such as passages from
Wikipedia – content which may not sufficiently en-
gage participants’ system 2 processes – belief bias
is more likely to play a role in human performance.

This study aims to highlight the phenomenon
of belief bias to encourage NLP practitioners to
assess the role it plays in their evaluations, and
introduce mechanisms to account for belief bias
effects. We illustrate how belief bias effects can
significantly affect the results of human evaluation
of explainability for two paradigms: human for-
ward prediction and best model selection.

3 Related Work

Human forward prediction. Human forward
prediction experiments have been recently pre-
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sented in the context of synthetic data (Poursabzi-
Sangdeh et al., 2021; Lage et al., 2019; Slack et al.,
2019) to evaluate explainability methods for their
ability to make model decisions predictable to hu-
mans. In this paradigm, humans are presented
with explanations and tasked with predicting the
model’s decision regardless of the ground truth
(Doshi-Velez and Kim, 2017).1

In NLP, Nguyen (2018) introduced human for-
ward prediction for LIME explanations (Ribeiro
et al., 2016b) of sentiment analysis of product re-
views and correlated the results with automatic
evaluations. Unlike with synthetic data, partici-
pants have prior beliefs on what the true outcome
is. Since participants in Nguyen (2018) had no
training phase to learn how explanations correlate
with predictions and the model being evaluated suf-
ficiently matched human behavior, humans likely
relied exclusively on their prior knowledge and be-
liefs to complete the task at hand.

? improved on this protocol by adding a train-
ing phase. This is something we also do in our
experiments (section 5), but it is unlikely to solve
the belief bias problem because even after training,
humans will naturally opt for fast, heuristic mech-
anisms (e.g. belief bias) in order to simplify tasks
(Wang et al., 2019); this is particularly true if the
model is high performing (i.e. likely aligns with
human beliefs).

The protocol by ? had another key feature: they
leave out the explanations for the test data points.
This would seem like an advantage for evaluating
explainability methods in the context of reading
comprehension where explanations can, in theory,
simply highlight the answer span, making it easy
to guess the model output from the explanations.
However, it is easy to control for the amount of ex-
planation provided by the explanation methods we
compare; in our experiments below, we highlight
the top 10 tokens with highest attribution scores.
This key feature in their protocol is problematic for
two reasons:

• It makes the human learning problem much
harder, and we argue it is infeasible to expose
participants to enough examples to make hu-
man forward prediction learnable (unless the
task is made very easy on purpose; again by

1Using synthetic data from fictitious domains effectively
controls for belief bias (Lage et al., 2019; Slack et al., 2019).
Slack et al. (2019), for example, evaluate explanations in the
domain of recommending recipes and medicines to aliens.

only evaluating high performing models). If
it is not learnable, participants fall back on
belief bias.

• It introduces a systematic bias between the
training and test scenarios.

The protocol in ? also does not randomize the
order in which participants are exposed to problems
with or without explanations.

We improve on the above protocol by introduc-
ing a condition which can help account for belief
bias effects: evaluating explainability methods on
low-quality models, the predictions of which sub-
stantially differ from human beliefs. This means
that in order to succeed in the task, humans can-
not simply rely on their previous beliefs, therefore,
helping us assess the ability of explanations in help-
ing humans to realign their expectations of model
behavior. The predictions of reading comprehen-
sion models can also be made different from hu-
man answers by introducing distractor sentences
that fool machine reading models, but not humans
(Jia and Liang, 2017). If in human forward pre-
diction, participants predict the true answer rather
than spans in the distractor sentences, this suggests
participants may be relying on their belief biases.

Best model selection. Ribeiro et al. (2016b) pre-
sented an evaluation of explainability methods for
text classification, where explanations for decisions
of two different models on the same instance are
presented side by side, and humans decide which
model is likely to generalize better. With some
exceptions (Lertvittayakumjorn and Toni, 2019),
there has not been much follow up work on this
task, but this scenario is important: it mimicks the
decisions about what model is safer for deployment.
Ribeiro et al. (2016b) and Lertvittayakumjorn and
Toni (2019) both make a single comparison be-
tween a model which clearly diverges from human
intuition, and a model that generalizes and aligns
with humans’ beliefs. Accounting for the extent
to which belief biases are leveraged (e.g. by intro-
ducing additional model comparisons where differ-
ences are not so obvious or where models are of
low quality) is important in such paradigms, and
can allow us to better evaluate where explanation
methods may fail.

In the following sections, we show that intro-
ducing conditions which take into account belief
biases can have an effect on the conclusions for
both human forward prediction and best model se-
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lection. We emphasize that many other potential
strategies can be introduced and this is largely de-
pendent on the goals of the evaluation protocol; we
merely provide one example case with the follow-
ing strategies:

(1) Introducing low quality models which con-
siderably diverge from humans’ prior beliefs
(human forward prediction)

(2) Introducing evaluation problems with distrac-
tor sentences (human forward prediction)

(3) Introducing model comparisons where relying
on belief bias is not enough to obtain high
performance (best model selection)

4 Experimental Setup

This section introduces the general setup of the ex-
periments, with details specific to each experimen-
tal paradigm described in section 5 and section 6.

4.1 Models

We evaluate explanations produced by three BERT-
based (Devlin et al., 2019) models:

(a) a high performing model (HIGH): BERT-
base, fine-tuned on SQuAD 2.0. This model
is more aligned with human beliefs.

(b) a medium performing model (MEDIUM):
tinyBERT, a 6-layer distilled version of BERT
(Jiao et al., 2020), fine-tuned on SQuAD 2.0.
It performs about 20 F1 points below HIGH.
This model somewhat aligns with human intu-
ition, but performs significantly lower.

(c) a low performing model (LOW): BERT-base,
fine-tuned to always choose the first occur-
rence of the last word of the question. This
system mimicks a rule-based system2; how-
ever, we evaluate gradient-based methods re-
quiring a neural model. This model diverges
significantly from human beliefs.

4.2 Data

We use SQuAD 2.0 (Rajpurkar et al., 2018), a RC
dataset consisting of 150k factoid question-answer
pairs, with texts coming from Wikipedia articles.
We opt for this data as it contains short passages
that can be read by humans in a short time. In the
human forward prediction experiments, we refer to
experiments using this data as ORIG. As described

2This model achieves about 0.90 F1 for this task, but in
the results we show its performance on the actual RC task

in section 2, Wikipedia texts could by themselves
induce people to rely on their belief bias, but this
particular dataset allows us to also introduce con-
trols for the bias: the adversarial version of the data
(Jia and Liang, 2017), has been shown to distract
models but not humans. This means that in order
to perform the task with success, humans need dis-
regard their belief biases, and in some cases align
with distractor sentences. We refer to this data in
our simulation experiments as ADV.

4.3 Explainability Methods

We focus on gradient-based approaches, as they
require no modifications to the original network,
and are considerably faster than perturbation-based
methods. We compare two explainability methods:

Gradients. Computing the gradient of the pre-
diction output with regard to the features of the
input is a common way to interpret deep neural net-
works (Simonyan et al., 2013) and capture relevant
information regarding the underlying model.

Integrated gradients. Integrated gradients ap-
proach (IG) (Sundararajan et al., 2017) attributes an
importance score to each input feature by approxi-
mating the integral of gradients of the model’s out-
put with respect to the inputs along the path, from
the references to the inputs. IG was introduced to
address the sensitivity issues which are present in
vanilla gradients and implementation invariance.

5 Experiment 1: Human Forward
Prediction

Human forward prediction for evaluating explain-
ability was proposed by Doshi-Velez and Kim
(2017). They argue that if a human is able to simu-
late the model’s behavior, they understand why the
model predicts in that manner. For the reasons pre-
viously outlined, we suspect that belief biases may
be affecting performance and the conclusions once
can draw from this task. We investigate this by
asking the following: Can humans predict model
decisions, if model behavior considerably diverges
from their own beliefs?

Stimuli presentation. We include: (i) HIGH,
which is finetuned to solve SQuAD 2.0 and (ii)
LOW, which is finetuned to select the first appear-
ance in the context of the last word in the ques-
tion. We evaluate each of the two models twice:
with or without adversarial data. We contrast using
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vanilla gradients and IG with a baseline condition,
in which no explanations are shown (BASELINE).

We highlight the top-10 tokens3 with the highest
attribution scores wrt. the start and end positions
of the predicted span, and zero out the rest.4 The
two sets of tokens often overlap.

Participants were provided with a question and
a passage (with or without explanations) and were
told to pick the shortest span of text which matched
the model prediction. They saw the actual model
answers before the next example (done for both
baseline and explanation conditions), which was an
important part of training to infer model behavior.
Before the model prediction was shown, their an-
swers were locked to prevent any further changes.
An example of our interface can be found in Fig-
ure 2 and the instructions are shown in Appendix A.

We ran these experiments on Amazon Mechan-
ical Turk, recruiting participants with approval
ratings greater than 95%5 and ensuring different
groups of participants per condition by specifying
that participation is only allowed once, otherwise
risking rejection6. We paid participants $5.25 for
about 20 minutes of work (to ensure at least a $15
hourly pay) and obtained at least three annotations
per example. The data included 120 unique ques-
tions divided into small fixed batches (the same
questions across conditions). About 75% of ques-
tions are accurate in the HIGH model, and around
15% are accurate for the LOW model. In total, we
obtained 4,300 data points across 123 participants
(35 data points per participant).

Results. As humans often did not select the exact
span that was provided as ground truth, we manu-
ally labeled the spans as correct or incorrect. We
also inspected the impact of training in human for-
ward prediction, e.g., the learning effect of multiple
exposures on annotator accuracy. Both with vanilla
gradients and integrated gradients, we observe an
increase in the participants’ accuracy at around 15
examples. In contrast, in our baseline condition,
performance either stays constant or drops slightly.
To reduce the noise introduced due to the training
period, we remove the first 15 examples of each
participant. The results without this preprocessing

3Explanations should be selective (Mittelstadt et al., 2019)
4Ribeiro et al. (2016a) use the top 6 attributes; we opt for

10 given that our texts are slightly longer.
5Previous research has shown that proper filtering and

selection of participants on Mechanical Turk, can be enough
to ensure high quality data (Peer et al., 2014).

6We also remove such (few) repetitions at analysis

Figure 2: Interface for Experiment 1 for LOW condi-
tion. To select model predictions, participants clicked
on tokens to select the start and end of the span. Then
they would see the actual model prediction.

(Appendix A) suggest that the effect of training
differed across explainability methods, as will
be discussed later in the section.

Using the average human accuracies per exam-
ple, we run a one-way ANOVA to test for signif-
icant differences across the groups. As we ob-
tained statistically significant results, we then ran
the Tukey honest significant difference (HSD) test
(Tukey, 1949), comparing the means of every con-
dition to the means of every other condition. The
results are presented in Table 1.

As expected, in the absence of explanations
(BASELINE), humans rely on belief bias and pre-
dict the gold standard answer more often than
the model prediction (y in Table 1). Even with
training (seeing the true model prediction), humans
fail to catch onto the simple rule used by the LOW

model, when no explanations are presented.
Overall, explanations derived from both of the

gradient-based approaches lead to statistically sig-
nificant improvements over the baseline. This in-
dicates that the explanations allow humans to re-
align their expectations of the model behavior,
better than with no explanations.

For HIGH-ORIG, the standard setting explored
in previous evaluations, both IG gradients and
vanilla gradients perform well, with IG gradients
performing better. Given these results and the the-
oretical advantages of IG over vanilla gradients,
one could arrive at the conclusion that IG are better
for simulatability. However, the differences be-
tween the two gradient-based methods are re-
versed in the conditions where humans cannot
rely on their previous beliefs (LOW). The gap be-
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MODEL HUMAN

CONDITION F1 ŷ y SEC

BASELINE

LOW-ORIG 0.17 0.16 0.48 33.9
LOW-ADV 0.15 0.12 0.34 63.3

HIGH-ORIG 0.79 0.45 0.46 34.6
HIGH-ADV 0.66 0.38 0.48 36.1

INTEGRATED (IG)

LOW-ORIG ∗0.58 ∗0.22 ∗16.8
LOW-ADV ∗0.63 ∗0.18 ∗22.3

HIGH-ORIG ∗0.84 ∗0.88 36.1
HIGH-ADV ∗0.52 ∗ 0.35 ∗18.9

GRADIENTS

LOW-ORIG ∗0.69 ∗0.06 32.6
LOW-ADV ∗0.72 ∗0.15 ∗25.6

HIGH-ORIG ∗0.79 ∗0.81 47.4
HIGH-ADV 0.49 ∗0.60 48.4

Table 1: Human forward prediction results
(HUMAN(ŷ)) for LOW and HIGH models, compared
to no explanations (BASELINE). Each experiment is
run on vanilla SQuAD 2.0 data (ORIG) and adversarial
SQuAD 2.0 data (ADV). HUMAN(y) is the dataset
ground truth and an indicator of belief bias. Statisti-
cally significant results are indicated with an asterisk.
Time is the average time per question. The best ŷ
results in each condition are bolded.

tween gradients and IG as large as 0.11, and being
statistically significant. This finding is surprising
and points again to the importance of not drawing
incorrect conclusions about the best performing
method using the standard paradigm.

Finally, in the HIGH conditions, model behav-
ior decreases about 13% F1 score with the pres-
ence of adversarial examples, meaning that the
model we used does get affected by adversar-
ial inputs. We observe that human performance
is considerably lower in HIGH-ADV as opposed
to HIGH-ORIG. With vanilla gradients, perfor-
mance is more aligned with the ground truth
labels than with model behavior, showing that
in this condition humans are also relying on their
prior beliefs. With IG, where performance is
less aligned with prior beliefs (ground truth),
the end performance increases, but it seems that
this condition is considerably more difficult for
humans.

Effect of training. In BASELINE, training does
not affect either the LOW or HIGH conditions (see
Table 3 in Appendix A for the raw results). For the

LOW model, multiple factors can be taking place
(possibly at the same time): (1) the task is too far
from the humans’ beliefs and there is no mecha-
nism to help participants realign their expectations,
(2) participants may not be incentivized to seriously
engage and look for patterns, (3) participants opt
for a mixed strategy, where for some questions they
go with their prior beliefs and for others, choice is
random (as seen in their performance in y).

For HIGH conditions in BASELINE, performance
remains higher than LOW but this is likely due to
belief bias and not training, given that performance
remains constant after removing the training data
points. We hypothesize that for HIGH, instances
where the model does not align to human intuition
might be more detrimental than in explanation con-
ditions. More specifically, if humans are aware
that the model aligns with their beliefs after some
examples but encounter instances where it doesn’t
(model is not 100% accurate), they will likely de-
velop an expectation that the model is bound to
make some errors, without any indication of when.

In addition, our raw results suggest IG required
longer training. While this does not mean IG is a
worse method than vanilla gradients, explanations
derived from IG may have confused participants
due to containing information which was irrelevant
to them. It may be that experts (e.g. system engi-
neers knowledgeable about neural networks) can
take better advantage of such explanations; how-
ever, we leave this exploration of the interaction of
human expertise with explanations as a direction
for future work.

6 Experiment 2: Best Model Selection

This section presents the setup and results of our
model selection experiments; a task where humans
select the model that is more likely to succeed in
the wild. We present the participants with the ex-
planations from two models (HIGH vs LOW and
HIGH vs MEDIUM), and ask them to decide which
model is likely to perform better. As a follow-up,
we also experimented with soliciting explanations
about what leads the worse model to fail. Intu-
itively, comparative evaluation difficulty depends
on how clear the difference is between the com-
pared objects. Explanations should at least show
the difference between a high-performing model
and a low-performing one, enabling human partici-
pants to predict which is better (standard setting).
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Stimuli presentation. We presented participants
with saliency information from both models (a high
performing model + one of the lower performing
models), and their task was to determine which
model performs best in the wild. We shuffled the
order at random so that the best model would not
remain in a fixed position. We obtain 120 samples
(question-context pairs), and show the explanations
next to each other as seen in Figure 1. The partic-
ipants are told that the highlighted attributes are
the words the model found important in making its
decision. A screenshot of the UI is shown in Fig-
ure 4 in section B and the instructions provided to
the participants are also shown in section B. These
experiments were also ran on Amazon Mechanical
Turk with the same general procedures and pay.
The same subset of 120 examples is used in all
conditions. We obtained at least three annotations
per example and ended with a total of 1440 data
points across 48 participants (30 examples each).

Results. For each example shown to annotators,
we obtained the average accuracy scores and per-
formed a standard T-test to compare the perfor-
mance of the two methods. The results are shown
in Table 2. Using explanations from both methods,
when shown the HIGH and LOW model, humans
are clearly able to correctly select the better one.
With IG, humans achieve 0.95 accuracy on aver-
age, while with vanilla gradients they achieve 0.89.
The difference is not statistically significant. The
fact that users are consistently able to discriminate
between HIGH and LOW models is expected, and
serves as a sanity check that these explanations are
meaningful for humans.

Condition Gradients IG

HIGH VS LOW 0.89 0.95
HIGH VS MEDIUM* 0.85 0.52

Table 2: Both methods do well in (HIGH VS LOW).
In HIGH VS MEDIUM, performance drops dramatically
for IG. * = statistical significant difference (ρ < 0.001)

When the same experiment was repeated in the
HIGH vs MEDIUM condition, we found clear and
statistically significant differences between the two
explainability methods. Using IG, participants
reach only 0.52 accuracy, while with vanilla gradi-
ents their performance is 0.85. This is surprising,
given that the difference in performance between
the two models is still quite large (about 20% F1);
the expectation is that both methods would cap-

ture this difference relatively well. It appears that
when both models more or less align with human
beliefs, the task is much more difficult. To solve
the task, humans now need to engage in more an-
alytical thinking and cannot simply rely on belief
biases to solve the task. We further investigate
these differences through qualitative coding.

Qualitative analysis. After each instance, we
asked participants to describe how the worse model
will fail. We do not provide detailed guidelines in
order to not further bias the participants by intro-
ducing specific criteria. The instructions given to
the participants are shown in Appendix B.

We collected 1440 responses, which were all
inspected manually to uncover categories (codes).
After multiple iterations, we tagged each response
with one code (categories are mutually exclusive,
no response can be placed in two). A description
of the categories and their distribution are shown
in Figure 3, and examples of feedback per category
are provided in the Appendix B.

In the HIGH vs LOW condition, feedback for
both methods was generic (about 70-80% of the
time), e.g., model B is likely incorrect so it is worse.
This was expected: this task should be easy when
model differences are large and humans can rely
on their system 1 processes to get through the task
without thinking deeply about the explanations.

In the HIGH vs MEDIUM condition, the distri-
bution of the feedback categories is very differ-
ent. For IG, 50% of the time participants felt the
highlighted tokens where irrelevant. This is not
the case for gradients, where only about 15% of
responses fell in that category. Additionally, for
vanilla gradients, 50% of feedback is generic, sig-
naling that in this condition, it may have been an
easy task as well; explanations are making model
behavior clear enough. It remains an open ques-
tion whether IG explanations may in fact be more
faithful to the model reasoning. In that case, expert
users (e.g. a system engineer debugging a system)
may not find IG attributions irrelevant and would
be able take better advantage of the information
provided. For this reason, other kinds of human
participants may show different results. Neverthe-
less, as evaluating on non-experts (crowdsourced
workers for example) is common, this preliminary
result is important: it shows that conclusions can
shift dramatically when introducing additional
model comparisons which reduce the participants’
ability to rely on prior knowledge.
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Figure 3: Feedback categories and their distribution. We observed that the HIGH vs MEDIUM condition results are
considerably different from the HIGH vs LOW condition, with more participants giving generic answers for vanilla
gradients, and emphasizing the irrelevant terms highlighted in the IG condition.

7 Discussion: Mitigating Belief Bias

This study introduced additional conditions in
which the human participants could not rely on
their belief biases to facilitate the task at hand. We
presented a case study on evaluating reading com-
prehension models in model selection and human
forward prediction paradigms, and we showed that
this simple addition led to different conclusions in
the evaluation and a better understanding of how
humans interacted with explanations. Other tasks
and paradigms might call for different setups, but
generally including conditions with models of vary-
ing quality would be helpful both for the purposes
of bias control, and for simulation of real-life use
of explainability techniques to support decisions
about which model is safer to deploy.

To conclude, we will briefly mention other direc-
tions for mitigating belief biases that can also be
explored in future work and which should be kept
in mind when developing evaluation protocols for
explainability.

Reducing ambiguity. Ambiguity of task instruc-
tions leads humans to align interpretations to their
own prior beliefs (Heath and Tversky, 1991); this
may lead to misinterpretation and results which do
not reflect the intended interaction with explana-
tions. Ambiguity may also be present in other parts
of the evaluation setup. For example, Lamm et al.
(2020) evaluate the effectiveness of explanations
in helping humans detect model errors for open-
domain QA, but the data they use contains ques-
tions where multiple answers can be true. Users
may deem an answer to be correct or incorrect

based on their understanding of the question, which
makes the effect of explanations blurry. Removing
ambiguous instances from the data can be a way of
reducing such confounds.

Removing time constraints. Time constraints
exacerbate reliance of system 1 processes, which
leads to humans relying on belief biases. In crowd-
sourced evaluations, it is common practice to to
provide workers with enough time to perform tasks,
but workers may have intrinsic motivations for per-
forming tasks quickly. A major challenge for evalu-
ation research with crowd workers is creating better
incentives for engaging in system 2 processes, e.g.
pay schemes which encourage workers to be more
analytical and accurate (Bansal et al., 2019).

Include fictitious domains. Using data from do-
mains from which subjects have no prior beliefs e.g.
fictitious domains, may be an efficient way of con-
trolling for belief bias in some tasks7. This strategy
has been used outside of NLP (Poursabzi-Sangdeh
et al., 2021; Lage et al., 2019; Slack et al., 2019),
where subjects are asked to imagine alternative
worlds such as scenarios involving aliens. In QA
for example, one could introduce context-question
pairs that describe facts about fictitious scenarios
that sufficiently differ from human reality.

8 Conclusion

The main contribution of this paper is bringing
the discussion of belief bias from psychology into
the context of evaluating explainability methods in

7Again, we emphasize that some strategies are task depen-
dent; fictitious domains may not be relevant in some tasks.
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NLP. Belief bias is a phenomenon which plays a
role in human decision making and which interacts
with previous evaluations in a way which may af-
fect the conclusions we draw from these paradigms.
We provide an overview of belief bias, making a
connection between findings in psychology and the
field of NLP, and present a case study of evaluating
explanations for BERT-based reading comprehen-
sion models. We show that introducing models
of various quality and adversarial examples can
help to account for belief bias, and that introduc-
ing such conditions affects the conclusions about
which explainability method works better. Finally,
we provide additional insights and ideas for how to
account for belief bias effects in human evaluation.

9 Broader Impact Statement

The work presented here makes strides towards a
better understanding about the interaction of hu-
mans with explanations of model decisions. We
have highlighted a phenomenon studied in psychol-
ogy with hope that this opens the door to more
NLP research involving a wider and more interdis-
ciplinary understanding of humans, and the effect
of explainability.

This study involved human participants recruited
on Mechanical Turk platform. No personally iden-
tifiable data was collected from the participants,
they were made aware that the data would only be
used for research, and they were not exposed to any
emotionally traumatizing or offensive stimuli. We
ensured a minimum $15 hourly wage.
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A Experiment 1: Human Forward
Prediction

Below we show the instructions provided to the
participants, as well as an example of the saliency
maps presented to participants for adversarial ex-
amples.

Instructions. Question-answering systems are a
particular form of artificial intelligence. The task
here is for you to learn to predict how the system
answers questions. In other words, when in a bit,
you are presented with questions, the task is not to
provide the right answer, but to guess the answer
the system provided. For each question, you will
also see a context paragraph. The answer is a span
of text in this paragraph. Instead of writing out the
answer, you can simply mark the relevant span.

If you want to select a new answer, please click
reset answer, if you are ready to see the model
answer, please click show answer. Note that your
answer will lock at that time.

Raw Results. In our evaluation, we use the first
15 points as training, therefore, we discard them
from the main evaluation but show them in this
section. Overall, we see that training, for the most
part has a positive effect, or not so much of an
effect. These scores can be seen in Table 3.

MODEL HUMAN

BASELINE

LOW-ORIG 0.17 0.14 0.52 52.27
LOW-ADV 0.15 0.10 0.36 54.36

HIGH-ORIG 0.79 0.53 0.58 37.12
HIGH-ADV 0.66 0.35 0.48 47.64

INTEGRATED (IG)

LOW-ORIG ∗0.34 0.35 41.68
LOW-ADV ∗0.36 0.28 44.38

HIGH-ORIG ∗0.71 0.76 46.87
HIGH-ADV 0.46 0.47 42.99

GRADIENTS

LOW-ORIG ∗0.64 ∗0.09 ∗32.16
LOW-ADV ∗0.63 0.23 ∗30.05

HIGH-ORIG ∗0.82 ∗0.84 44.65
HIGH-ADV ∗0.57 ∗0.62 ∗52.30

Table 3: Raw scores, before removing data points on
training session

B Experiment 2: Best Model Selection

Below we show the instructions given to the par-
ticipants, and more details about the qualitative

analysis of the feedback we obtained.

Instructions. Question-answering (QA) systems
are a particular form of artificial intelligence. We
have trained two QA systems and have extracted
the most important words the model uses to make
its final decision. Based on these highlighted words,
your task is to select the model that you think is
more likely to perform best. Additionally, please
write how the low-performing model fails and/or
how it could be better (try to be detailed)

User Interface. An example instance, as shown
to the participants, can be seen in Figure 4.

Figure 4: Experiment 1 UI: LOW(bottom) vs
HIGH(top) condition.

Qualitative analysis of feedback. In Table 4,
we include a few examples of the sentence that
were categorized using the qualitative codes. Un-
surprisingly, once participants found a strategy for
giving feedback , they mostly stuck to it.

After categorizing all the feedback into each cat-
egory, we visualize the distribution per condition.
This can be found in Figure 3. We find that for the
HIGH vs LOW conditions, the distribution is very
similar between gradients and integrated gradients.
Many participants gave very generic feedback , for
example by simply saying that ”model A is better
because it is correct, and model B is wrong”. This
was not surprising, as here the differences were
supposed to be clear and it is likely most partici-
pants did not have to think too hard before making
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QUALITATIVE
CODES

EXAMPLES

Irrelevant (q) 1. Model A only extracted some important words but also some punctuations in
the question which is insufficient to derive to a good answer. Model B extracted
a number of key important words that would lead to the correct answer.
2. Option b chose quantitative statements, while option A seems confused about
what it’s looking for since it highlights all sorts of things in the question.

main entity (q)
1. The words ”year” and ”norman” in the question were not extracted by Model
A. The Model will not be able get the correct answer without knowing what to
look for.
2. The question was asking about the year lavoisier’s work was published but
neither of the key words in this question were highlighted. Model A had no idea
where to locate the answer without considering those key words.

main entity (a) 1. The answer requires a year; it hasn’t highlighted any years as part of the
answer.
2. Answer needed to be a name and option A chose nothing that could be a
name.

Irrelevant (a)
1. Model B has highlighted many extra words in the answer
2. Both models selected the correct terms, but model A selected more irrelevant
terms in the answer too, so it’s less likely to choose the correct one from those
numerous options.
3. B highlighted the answer but also too much unneeded info.

Generic/correctness 1. Model A does not highlight the right answer
2. Model B is wrong and model A is correct

Table 4: Examples of some of the feedback categorized into these classes

a decision. However, the distribution is very differ-
ent for the HIGH vs MEDIUM conditions. Here, for
standard gradients, the feedback followed a simi-
lar pattern as in the previous condition, but about
30% less examples received generic feedback than
before. For integrated gradients, most examples
received feedback regarding the irrelevant terms
being highlighted, showing that even when the dif-
ference in performance between models is large
(20 F1 points), this method makes the distinction
difficult for the best model selection task.
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Abstract

Bilingual Lexicon Induction (BLI) aims to
map words in one language to their transla-
tions in another, and are typically through
learning linear projections to align monolin-
gual word representation spaces. Two classes
of word representations have been explored for
BLI: static word embeddings and contextual
representations, but there is no studies to com-
bine both. In this paper, we propose a sim-
ple yet effective mechanism to combine the
static word embeddings and the contextual rep-
resentations to utilize the advantages of both
paradigms. We test the combination mecha-
nism on various language pairs under the su-
pervised and unsupervised BLI benchmark set-
tings. Experiments show that our mechanism
consistently improves performances over ro-
bust BLI baselines on all language pairs by av-
eragely improving 3.2 points in the supervised
setting, and 3.1 points in the unsupervised set-
ting1.

1 Introduction

Bilingual Lexicon Induction (BLI) aims to find
bilingual translation lexicons from monolingual
corpora in two languages (Haghighi et al., 2008;
Xing et al., 2015; Zhang et al., 2017a; Artetxe et al.,
2017; Conneau et al., 2017), and is applied on nu-
merous NLP tasks such as POS tagging (Zhang
et al., 2016), parsing (Xiao and Guo, 2014), and ma-
chine translation (Irvine and Callison-Burch, 2013;
Qi et al., 2018).

Most work on BLI learns a mapping between
two static word embedding spaces, which are pre-
trained on large monolingual corpora (Ruder et al.,
2019). Both linear mapping (Mikolov et al., 2013;
Xing et al., 2015; Artetxe et al., 2016; Smith et al.,
2017) and non-linear mapping (Mohiuddin et al.,

∗ Corresponding Author.
1Code is released at https://github.com/zjpbinary/CSCBLI

2020) methods have been studied to align the two
spaces. Recently, other than the static word embed-
dings, contextual representations are used for BLI
due to the significant progresses on cross-lingual
applications (Aldarmaki and Diab, 2019; Schuster
et al., 2019). Although the static word embed-
dings and the contextual representations exhibit
properties suited for alignment, there is no works
to combine the two paradigms.

On one hand, the static word embeddings have
been widely used for BLI, but one specific embed-
ding mapping function does not ensure that in all
conditions, words in a translation pair are nearest
neighbors in the mapped common space. On the
other hand, the contextual representations contain
rich semantic information beneficial for alignment,
but the dynamic contexts of word tokens pose a
challenge for aligning word types.

In this paper, we propose a combination mech-
anism to utilize the static word embeddings and
the contextual representations simultaneously. The
combination mechanism consists of two parts. The
first part is the unified word representations, in
which a spring network is proposed to use the con-
textual representations to pull the static word em-
beddings to better positions in the unified space for
easy alignment. The spring network and the unified
word representations are trained via a contrastive
loss that encourages words of a translation pair to
become closer in the unified space, and penalizes
words of a non-translation pair to be farther. The
second part is the weighted interpolation between
the words similarity in the unified word representa-
tion space and the words similarity in the contextual
representation space.

We test the proposed combination mechanism
in both the supervised BLI setting which can uti-
lize a bilingual dictionary as the training set, and
the unsupervised BLI setting which does not allow
using any parallel resources as supervision signal.
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On BLI benchmark sets of multiple language pairs,
our combination mechanism performs significantly
better than systems using only the static word em-
beddings and systems using only the contextual
representations. Our mechanism improves over ro-
bust BLI baselines on all language pairs, achieving
average 3.2 points improvement in the supervised
setting, and average 3.1 points improvement in the
unsupervised setting.

2 Background

The early works on Bilingual Lexicon Induction
(BLI) date back to several decades ago, including
feature-based retrieval (Fung and Yee, 1998), distri-
butional hypothesis (Rapp, 1999; Vulić and Moens,
2013), and decipherment (Ravi and Knight, 2011).
Following Mikolov et al. (2013), which pioneered
the embedding based BLI method, word representa-
tion based method becomes the dominant approach,
and can be categorized into two classes: static word
embedding based method, and contextual represen-
tation based method.
• Static Word Embedding Based Method

Word embeddings of different languages are
pre-trained in large monolingual corpora in-
dependently. Then a mapping function is ap-
plied to align the embedding spaces of the two
languages (Mikolov et al., 2013; Xing et al.,
2015; Artetxe et al., 2016; Smith et al., 2017).

We follow one robust BLI system VecMap
(Artetxe et al., 2018a,b), which maps both
source space and target space into a third com-
mon space. Let Ex and Ey be the word em-
bedding matrices in two languages for a given
bilingual dictionary such that their ith rows
are the embeddings of words of the ith trans-
lation pair in the dictionary. The training ob-
jective is to find mapping functions Wx and
Wy such that

W ?
x ,W

?
y = arg max

Wx,Wy∈Md(R)
cos(ExWx, EyWy)

(1)

where d is the dimension of the embeddings,
Md(R) is the space of d× d matrices of real
numbers. The optimalWx andWy maximizes
the cosine similarity between words of each
translation pair in the mapped common space.
In the unsupervised version where no bilin-
gual dictionary is given, an artificial dictionary

is initialized and iteratively updated through
training Wx and Wy according to equation (1)
(Artetxe et al., 2018b).

Both mapping functions are constrained to
be orthogonal during training by settingWx =
U andWy = V , whereUΣV T = XTY is the
singular value decomposition of XTY . Such
orthogonal constraint is based on the assump-
tion that the source embedding space and the
target embedding space are isometric, which
is a particularly strong assumption that does
not hold in all conditions (Zhang et al., 2017b;
Søgaard et al., 2018). To depart from the isom-
etry assumption, Patra et al. (2019) uses a
semi-supervised technique that leverages both
seed dictionary and a larger set of unaligned
word embeddings, Mohiuddin et al. (2020)
uses a non-linear mapping function that is not
constrained to be orthogonal.

We propose another method to relax the
isometry assumption by combining the con-
textual representations with the word embed-
dings to compensate the shortage of the overly
strong assumption.

• Contextual Representation Based Method

Contextual representations can be obtained
through multilingual pre-training, which en-
codes whole sentence and outputs contextual
representation for each word (Devlin et al.,
2019; Lample and Conneau, 2019). Due to the
rich context information contained in the con-
textual representations, there are endeavors to
align them in different languages (Schuster
et al., 2019; Aldarmaki and Diab, 2019; Wang
et al., 2020; Kulshreshtha et al., 2020; Cao
et al., 2020).

Since a word may appear in different sen-
tences with different contexts, Schuster et al.
(2019) use an average anchor to summarize
multiple contexts for a word type and align
the anchors of different languages, while other
works aim to align each individual context
representation based on parallel corpora, in-
cluding learning alignment on sentence level
representations and applying the learned map-
ping on word level contextual representa-
tions (Aldarmaki and Diab, 2019), using word
alignments in a parallel corpora to learn the
mapping for word contextual representations
(Wang et al., 2020), and directly minimizing
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Figure 1: The illustration of the proposed combination mechanism. (A) is the static word embedding space, where
ex and ey are the source and target embeddings, respectively. (B) is the unified word representation space which
consists of the mapped word embeddings pulled by a spring network Fx/Fy with the contextual representations
as input. We just depict two springs for illustration. (C) is the mapped contextual representation space. (D) is the
original contextual representation space. ax and ay are the source and target contextual representations, i.e., the
average anchors, respectively. In the similarity interpolation shown in the bottom, ux and uy are the unified word
representations in the two languages, a

′
x and a

′
y are the mapped contextual representations in the two languages,

cos denotes the cosine similarity function, λ denotes the weight.

the distance between two contextual repre-
sentations of an aligned word pair in parallel
corpora without mapping (Cao et al., 2020).

We adopt the average anchor method for
the contextual representations (Schuster et al.,
2019), which does not depend on parallel cor-
pora. Let the contextual representation of a
source word x in context ci be denoted as rx,ci .
If x appears a total of p times in the source
corpus, the average anchor for x across all
contexts is:

ax =

∑p
i=1 rx,ci
p

(2)

Similar to the mapping for the static word
embeddings, we conduct mapping for the av-
erage anchors. Let Ax and Ay be the ma-
trices of average anchors in two languages
with correspondence to word pairs from a
given bilingual dictionary. The mapping func-
tions Vx and Vy are optimized by maximiz-
ing cos(AxVx, AyVy), where Ax and Ay are
fixed, Vx and Vy ∈ Md′(R), and d′ is the di-
mension of the contextual representations.

Besides the above methods, there is another di-
rection that extracts word alignments in pseudo par-
allel corpora for BLI. The pseudo parallel corpora

are built by either the unsupervised machine trans-
lation (Artetxe et al., 2019) or the unsupervised
bitext mining (Shi et al., 2021). Both methods need
significant computation overload or use monolin-
gual corpora that are magnitudes larger than ours,
and are beyond the scope of this paper that focuses
on representation based methods.

3 Proposed Combination Mechanism for
BLI

Since there is no work to combine both the static
word embeddings and the contextual representa-
tions, we propose a combination mechanism illus-
trated in Figure 1. The mechanism first builds a
unified word representation space that unifies the
static word embeddings and the contextual repre-
sentations, then performs similarity interpolation
between the unified space and the contextual space.

3.1 The Unified Word Representations

As shown in Figure 1, the original word embed-
ding space (A) is mapped to (B) through the map-
ping functions. Since the mapping functions are
orthogonal, (A) is just rotated to (B). Notice that
the spaces of the two languages are not necessarily
isometric everywhere, some words in certain trans-
lation pairs are still far away from each other after
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rotation. To pull words in a translation pair getting
closer, we propose a spring network that can pull
the mapped embedding points to better positions
such that words in a translation pair are nearest
neighbors of each other. Since the contextual repre-
sentations contain rich context information that can
be used as the flexible adjustment, the spring net-
work takes the contextual representations as input,
and outputs offsets for the word embeddings.

Specifically, in the unified word representations,
the mapped word embeddings are pulled to new po-
sitions by offsets, which are produced by the spring
network with the the contextual representations as
input:

Ux = E
′
x + γ1 � Fx(Ax)

Uy = E
′
y + γ2 � Fy(Ay) (3)

where Ux and Uy are the unified word representa-
tions,E

′
x andE

′
y are the mapped word embeddings,

Fx and Fy are the spring networks, and γ1or2 is the
weight vector, which is used to element-wisely mul-
tiply each row of the output of the spring network.
Take the source side for example, the mapped word
embedding matrix E

′
x is added with a weighted

offset produced by the spring network Fx on the
contextual representation (i.e., the average anchor)
matrix Ax.

The Spring Network stacks two feedforward lay-
ers with Tanh activations on top of the contextual
representation matrices. The first layer transforms
the dimension of the contextual representation d′ to
the dimension of the word embedding d. Equations
(4-5) list the network structure of both sides.

A1
x = φ(θ0

x(Ax)), A1
y = φ(θ0

y(Ay)) (4)

A2
x = φ(θ1

x(A1
x)), A2

y = φ(θ1
y(A

1
y)) (5)

where φ denotes the Tanh activation, and θ denotes
the feedforward layer. A2

x/y is the output of the
spring network, and fulfills as the offset distance to
compensate the deviation of words in each transla-
tion pair in the mapped word embedding space.

Since we use cross-lingual pre-training (Lam-
ple and Conneau, 2019) to generate the contextual
representations, which are actually BPE’s (Sen-
nrich et al., 2016) contextual representations, we
have to form the contextual representations in
the word level. Suppose a word x has q BPEs,

and x appears p times in the monolingual cor-
pus, then the word level contextual representation
ax =

∑p
i=1 (

∑q
j=1 rbj ,ci,j/q)/p, where rbj ,ci,j de-

notes the representation of the jth BPE with the ith
context ci,j . ax actually averages q BPEs’ repre-
sentation at first, then averages p contexts. After
this cascaded averaging, it constitutes one row of
Ax.

Contrastive Training is used to train the spring
networks Fx and Fy with the pre-trained mapped
word embeddings and the contextual representa-
tions fixed in the unified space. Basically, through
the spring adjustment, the training encourages par-
allel words to get closer, and drives non-parallel
words to be farther. It is divided into two scenarios:
supervised contrastive training and unsupervised
contrastive training.

• In the supervised contrastive training, given
a bilingual dictionary with I translation pairs,
the contrastive loss is:

Lsup =−
I∑

i=1

(J × cos(uix, uiy)

−
J∑

j=1

cos(uix, u
j
ȳ)) (6)

where uix and uiy are the unified representa-
tions corresponding to the ith entry of the
given bilingual dictionary.

In equation (6), (uix, u
i
y) is the positive

translation pair according to the given dictio-
nary, and the cosine similarity of this pair is
maximized during training, while (uix, u

j
ȳ) is

the negative pair where ȳ is not aligned to x.
The cosine similarity of (uix, u

j
ȳ) is minimized

during training.

We select J negative pairs for a source word
x. In the implementation, we use Jbest out-
puts of the current model excluding the correct
translation as the negative pairs. To keep bal-
ance between positive and negative pairs, the
positive pair is copied J times to pair with
negative pairs.

During inference, we select y =
arg maxy cos(ux, uy) as the translation of x.

• In the unsupervised contrastive training, no
bilingual dictionary is given. The contrastive
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loss is the same to that of the supervised con-
trastive training, except that the bilingual dic-
tionary is not given. We initialize the bilingual
dictionary using the output of the static word
embedding based unsupervised method, and
iteratively update it by using the trained model
of last iteration to find new translations for
given source words and compose a new dic-
tionary, which is used to train the new model.
Such process iterates until the dictionary does
not change any more.

3.2 Similarity Interpolation

The similarity interpolation is for inference. As
shown in Figure 1, both the unified word repre-
sentation space and the mapped contextual repre-
sentation space can output the cosine similarities
between words. Given a source word x, we inter-
polate both similarities as below:

S = cos(ux, uy) + λcos(a
′
x, a

′
y) (7)

where λ is the weight, a
′
x/y is the mapped con-

textual representation, which is pre-trained as in-
troduced in the section of the background of the
contextual representation based method. We aim
to find y that has the maximal S as the translation
of x.

In the supervised setting, λ is tuned on the val-
idation set consisting of translation pairs. In the
unsupervised setting, λ is tuned by an unsupervised
procedure: when source-to-target model and target-
to-source model have been trained, the word x in
the validation set is aligned to y′ based on equation
(7), then y′ is back aligned to x based on the inverse
version of equation (7). We select λ that has the
highest accuracy of this back alignment to x.

4 Experiments

We test our combination mechanism in super-
vised and unsupervised BLI tasks on English-
Espanish (EN-ES), English-Arabic (EN-AR),
English-Chinese (EN-ZH), English-German (EN-
DE), and English-French (EN-FR).

4.1 Data

We need monolingual corpora to compute the con-
textual representations. Unfortunately, most exist-
ing BLI datasets distribute pre-trained word embed-
dings alone, but not the monolingual corpora used

to train them. For that reason, we use WikiExtrac-
tor2 to extract plain text from Wikipedia dumps,
and preprocess the resulting corpora using stan-
dard Moses (Koehn et al., 2007) tools by applying
sentence splitting, punctuation normalization, to-
kenization, and lowercasing. On these corpora,
we use the cross-lingual pre-training system XLM
(Lample and Conneau, 2019)3 to compute the con-
textual representations.

Meanwhile, we also use these corpora to train
the static word embeddings by using fastText4 to
ensure that both the contextual representations and
the static word embeddings come from the same
data. We use the bilingual dictionaries released
by Muse project5 in our experiments. Note that
some words in these dictionaries do not necessarily
appear in our monolingual corpora, we have to
recompose the training, validation, and test sets
such that all words in these sets are included in our
monolingual corpora. In the end, we have 5000
entries with unique source words in the training set,
and 1500 entries with unique source words in both
the validation set and the test set for all language
pairs.

4.2 Baseline Systems
Baseline systems are divided into two tasks as be-
low. We run the released code of each baseline
system in our experiments.
Supervised BLI task, which is allowed to use
bilingual dictionaries for training and validation.
The baseline systems are:

• Muse: Supervised Muse is set as the base-
line in Conneau et al. (2017). It uses iterative
Procrustes alignment for supervised BLI.

• VecMap6: Artetxe et al. (2018a) use a multi-
step framework consisting of several steps:
whitening, orthogonal mapping, re-weighting,
de-whitening, and dimensionality reduction.

• RCSLS7: In addition to use CSLS during in-
ference, Joulin et al. (2018) minimize a con-
vex relaxation of CSLS loss during training,
and improve the supervised BLI performance.

2https://github.com/attardi/wikiextractor
3https://github.com/facebookresearch/xlm. We use the

MLM model of 15 languages with tokenize + lowercase +
no accent + BPE.

4https://github.com/facebookresearch/fastText/
5https://github.com/facebookresearch/MUSE
6https://github.com/artetxem/vecmap
7https://github.com/facebookresearch/

fastText/tree/master/alignment
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EN-ES EN-AR EN-ZH EN-DE EN-FR avg→ ← → ← → ← → ← → ←
Supervised BLI

Muse(Conneau et al., 2017) 77.80 81.40 49.47 55.07 40.87 43.07 69.80 71.07 78.67 79.33 64.65
VecMap(Artetxe et al., 2018a) 77.20 82.13 53.53 57.73 52.13 46.67 70.33 72.80 78.40 80.47 67.14
RCSLS(Joulin et al., 2018) 79.27 84.30 55.53 61.00 53.07 48.87 73.07 75.40 79.60 82.07 69.22
BLISS(Patra et al., 2019) 79.67 84.87 54.47 59.60 50.80 48.80 73.33 76.13 79.20 82.93 68.98
UnifiedVecMap 79.60 84.73 56.20 60.73 53.80 48.93 73.27 74.47 79.33 81.33 69.24
ContextualVecMap 44.07 50.33 5.07 7.73 21.93 9.67 44.60 47.87 57.47 65.20 35.39
InterpolationVecMap 80.47 85.70 57.13 61.47 56.27 50.60 74.13 77.13 80.80 83.40 70.71
UnifiedRCSLS 80.13 86.60 55.87 62.47 56.67 51.13 74.26 77.93 81.20 83.87 71.01
ContextualRCSLS 46.27 51.40 3.67 7.13 19.47 7.93 45.67 47.80 58.00 65.20 35.25
InterpolationRCSLS 80.67 87.67 59.40 62.73 59.40 52.27 74.87 79.67 81.80 85.40 72.39

Unsupervised BLI
Muse(Conneau et al., 2017) 77.06 81.53 48.00 55.47 24.26 43.00 70.13 71.20 78.73 78.40 62.77
VecMap(Artetxe et al., 2018b) 77.60 81.67 50.87 56.73 34.33 44.00 70.00 71.80 78.73 80.27 64.60
Ad.(Mohiuddin and Joty, 2019) 77.93 82.20 50.07 57.33 34.67 43.67 69.13 72.47 78.46 80.13 64.61
Unified 79.47 82.60 52.47 57.87 35.93 46.07 71.07 74.00 80.27 80.87 66.06
Contextual 46.33 55.93 3.87 7.53 17.40 4.87 43.53 44.33 56.20 63.93 34.39
Interpolation 79.93 85.33 52.73 58.47 37.07 46.27 72.53 78.73 81.80 84.13 67.70

Table 1: P@1 on all language pairs. “Unified” denotes our unified word representation based method, which com-
putes cos(ux, uy), “Contextual” denotes the contextual representation based method, which computes cos(a

′
x, a

′
y),

“Interpolation” denotes our similarity interpolation, which computes cos(ux, uy) + λcos(a
′
x, a

′
y). The subscript

“VecMap” denotes that our method is based on the work of Artetxe et al. (2018a), the subscript “RCSLS” denotes
that our method is based on the RCSLS criterion in training (Joulin et al., 2018). In unsupervised BLI, there is no
subscript in our method, which means using the default “VecMap” (Artetxe et al., 2018b).

• BLISS8: Patra et al. (2019) use a semi-
supervised method that leverages both the
bilingual dictionary and a larger set of un-
aligned word embeddings.

Unsupervised BLI task, which is not allowed to
use any parallel resources for training and valida-
tion. The baseline systems are:

• Muse: Unsupervised Muse (Conneau et al.,
2017) uses adversarial training and iterative
Procrustes refinement.

• VecMap: Artetxe et al. (2018b) use careful
initialization, robust self-learning procedure,
and symmetric re-weighting to improve the
unsupervised mapping result.

• Ad.9: Mohiuddin and Joty (2019) include reg-
ularization terms for adversarial auto-encoder
for the unsupervised BLI.

4.3 Experimental Settings
We use fastText to train the word embeddings for
BLI. The dimension of the word embeddings is
300. The contextual representations are extracted
from XLM, and the dimension of the contextual
representations is 1024. For each word type, we
randomly select ten sentences containing the word
from the monolingual corpora to do the averaging

8https://github.com/joelmoniz/BLISS
9https://github.com/taasnim/unsup-word-translation/

to get the contextual representation. The influence
of the number of selected sentences for each word
type is reported in section 4.5.2. Regarding the
spring network, we use ten negative pairs for each
source word in the supervised contrastive training,
and use one negative pair for each source word in
the unsupervised contrastive training.

All inferences in our experiments, including all
baseline systems, use CSLS which is introduced in
Conneau et al. (2017). The results are evaluated by
Precision@1 (P@1).

4.4 Main Results

Table 1 summarizes the main results of the super-
vised and the unsupervised BLI tasks on all test
sets. In both tasks, our proposed methods achieve
significant improvements, with average 3.2 points
higher than the strongest baseline RCSLS in the
supervised task, and with average 3.1 points higher
than the strong baselines VecMap and Ad. in the
unsupervised task.

In the supervised task, we have two indepen-
dent bases to build our proposed methods. One is
VecMap (Artetxe et al., 2018a), the other is RCSLS
(Joulin et al., 2018). They are the preprocessing
steps to align the static word embeddings, and align
the contextual representations in the two languages.
Our methods build upon these alignments, and fur-
ther train the spring networks and the unified word
representations for the combination. The perfor-
mances of our methods with these two bases are
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EN-ES EN-AR EN-ZH EN-DE EN-FR avg→ ← → ← → ← → ← → ←
Supervised BLI

XLM-UnifiedRCSLS 80.13 86.60 55.87 62.47 56.67 51.13 74.26 77.93 81.20 83.87 71.01
XLM-ContextualRCSLS 46.27 51.40 3.67 7.13 19.47 7.93 45.67 47.80 58.00 65.20 32.05
XLM-InterpolatedRCSLS 80.67 87.67 59.40 62.73 59.40 52.27 74.87 79.67 81.80 85.40 72.39
mBART-UnifiedRCSLS 80.07 85.33 56.13 61.93 55.53 51.20 74.27 77.53 80.20 83.40 70.56
mBART-ContextualRCSLS 46.33 49.70 3.53 8.24 18.80 8.03 45.33 48.33 60.10 66.53 32.26
mBART-InterpolatedRCSLS 81.27 87.40 57.00 63.00 58.27 52.07 76.07 80.60 82.33 85.93 72.39

Unsupervised BLI
XLM-Unified 79.47 82.60 52.47 57.87 35.93 46.07 71.07 74.00 80.27 80.87 66.06
XLM-Contextual 46.33 55.93 3.87 7.53 17.40 4.87 43.53 44.33 56.20 63.93 31.26
XLM-Interpolated 79.93 85.33 52.73 58.47 37.07 46.27 72.53 78.73 81.80 84.13 67.70
mBART-Unified 79.07 82.60 51.60 58.13 35.80 44.67 70.47 74.00 79.93 81.27 65.75
mBART-Contextual 47.06 53.37 5.40 8.13 16.76 4.77 41.23 42.53 53.53 62.87 30.51
mBART-Interpolated 79.93 84.90 52.73 59.67 36.60 45.27 71.87 76.33 81.40 84.53 67.32

Table 2: Result comparison between using XLM and using mBART for the contextual representations.

Figure 2: Performances of 5 random trials of selecting
10 sentences to gather contexts for each word type.

reported in Table 1 with the corresponding sub-
scripts.

Table 1 shows that if we use VecMap as the basis
of our method, we can improve 3.6 points over the
corresponding VecMap baseline. If we use RCSLS
as the basis, we can improve 3.2 points over the
corresponding RCSLS baseline. In our methods,
“Unified” can achieve around 2 points improvement
over the corresponding baselines. Although “Con-
textual” obtains inferior performances, it is com-
plementary to “Unified”. When “Contextual” is
combined with “Unified” through the interpolation,
the performance is further improved, achieving the
best performance among all systems. It shows that
our combination mechanism is effective to utilize
the merits of both the static word embeddings and
the contextual representations.

In the unsupervised task, we achieve the signifi-
cant improvements over the baselines. “Unified” is

1.5 points better than VecMap baseline. “Contex-
tual” is inferior to other methods, but it can provide
useful complements to “Unified”, resulting in the
final 3.1 points improvement through interpolation.

In summary, our combination mechanism consis-
tently improves the performances for both distant
language pairs, such as EN-AR and EN-ZH, and
closely-related European language pairs.

4.5 Analyses
4.5.1 XLM v.s. mBART
Our results in Table 1 are based on using XLM
for obtaining the contextual representations. In
this section, we also use mBART (Liu et al., 2020)
to compare with XLM. Table 2 shows the com-
parison result. XLM pre-trains the Transformer
encoder through the masking mechanism, while
mBART pre-trains the full Transformer encoder-
decoder through multilingual denoising. Regarding
BLI task, we obtain the contextual representations
from the encoder. Table 2 shows that XLM and
mBART get similar BLI performances since only
encoder is used. In some directions, mBART per-
forms slightly better than XLM, while in other di-
rections, XLM is slightly better. According to the
average performance, XLM ties with mBART in
the supervised task, and is slightly better in the
unsupervised task.

4.5.2 The Randomness of Contexts
The contextual representations are derived ran-
domly from sentences of the monolingual corpora.
We study if this random derivation affects the per-
formances. Firstly, we run 5 times of randomly
selecting 10 sentences to gather contexts for each
word type in the “Unified” setting. Figure 2 shows
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Figure 3: Performances of randomly selecting 1-100
sentences to gather contexts for each word type.

EN-DE EN-FR
→ ← → ←

Supervised BLI
RCSLS 61.82 60.92 59.58 60.92
Unified 62.93 62.35 61.87 62.40
Interpolation 67.09 68.00 67.05 67.12

Unsupervised BLI
VecMap 55.29 56.96 57.18 59.33
Unified 57.20 58.70 58.40 61.16
Interpolation 61.00 61.52 62.70 63.40

Table 3: P@1 of using WaCKy corpora.

that the performance is stable in the 5 trials. Sec-
ondly, we try randomly selecting 1-100 sentences
to gather contexts for each word type. Figure 3
shows that selecting 1 sentence will drag the per-
formance down to baseline, which indicates that 1
sentence is too random to gather enough informa-
tion for BLI.

We only list the studies on EN-ES due to space
limit. Studies on other language pairs can be found
in the appendix.

4.5.3 The Influence of Selecting Encoder
Layer

In the above experiments, we derive the contextual
representations from the first layer of the encoder
of XML/mBART. In this section, we show how
different will be when we change the layer in the
“Unified” setting. Figure 4 shows that as layer go
higher, the performance drops. Please refer to the
appendix for performances of other language pairs.

4.5.4 Results of using WaCKy Corpora
WaCKy corpora is introduced in Dinu et al. (2014)
for BLI, but only word embeddings trained on
WaCKy corpora are provided in their work. To ob-

Figure 4: Performances of selecting different layer of
XLM encoder to derive the contextual representations.

tain the contextual representations, we find WaCKy
corpora from BUCC10, and use the corresponding
dictionaries with the same training, validation, and
test split. We use mBART instead of XLM for
computing the contextual representations in this
task.

Table 3 shows that our combination mechanism
is robust on this dataset. Both “Unified” and “Inter-
polation” perform better than the baselines. “Inter-
polation” achieves significant improvements in the
supervised setting.

5 Discussion

The static word embeddings in our paper are trained
by skip-gram or CBOW, while the word embed-
dings from XLM/mBART are trained by the pre-
training objectives. Different training objectives
result in quite different word embeddings. Actu-
ally, they show remarkably different behavior for
BLI. By using VecMap, the word embeddings from
XLM/mBART perform averagely around 30 points
lower than the static word embeddings used in our
paper. We also test fastText with 1024 dimension
and word2vec with 300 dimension for fair compar-
ison. They all perform remarkably better than the
word embeddings from XLM/mBART. We plug
in the word embeddings from XLM/mBART in
place of the fastText static embeddings in our com-
bination approach, and obtain much worse perfor-
mance. This indicates that the static word embed-
dings trained by skip-gram or CBOW are more
suitable for BLI and our combination approach.

10https://comparable.limsi.fr/bucc2020/bucc2020-
task.html
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In addition, regarding the asymmetry in Figure
1, we used to try the spring function that takes
the static word embeddings as input, but got much
worse results. This indicates that the spring func-
tion conditioned on the static space may be not
helpful for BLI. Such observation may also explain
that symmetrizing Figure 1 by yielding two unified
spaces to combine performs slightly worse than the
asymmetry version of Figure 1 of this paper. This
is because that the spring function conditioned on
the static space is introduced to maintain the sym-
metry, while this introduced spring function is not
helpful for the combination.

6 Conclusion

Most BLI systems use either the static word embed-
dings or the contextual representations, but there
is no works to combine both. In this paper, we
propose a combination mechanism, which consists
of the unified word representations and the similar-
ity interpolation. The unified word representations
use a spring network to pull the static word em-
beddings with offsets produced by the contextual
representations, and compose a unified space such
that parallel words are nearest neighbors to each
other. The similarity interpolation is applied after-
ward to interpolate the similarities in the unified
space and the contextual representation space. BLI
experiments on multiple language pairs show that
our combination mechanism can utilize the merits
of both the static word embeddings and the con-
textual representations, achieving significant im-
provements over robust baseline systems in both
the supervised and the unsupervised BLI tasks.
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Appendix

A Experiment Environment and Settings

Our experiment is running on a Linux machine
with GTX 1080Ti. The version of cuDNN is 7.6.0
and the version of CUDA is 10.1. We also use the
PyTorch deep learning framework. The version
of PyTorch is 1.6. The average runtime in our
experiment is 5 to 10 minutes for one language pair,
excluding the time for training word embeddings
by fastText.

Regarding Wikipedia corpora used in our
experiments, their download links are: https:

//dumps.wikimedia.org/${lg}wiki/latest/

${lg}wiki-latest-pages-articles.xml.bz2,
where ${lg} should be replaced with the corre-
sponding languages. ${lg} can be set as “en”, “es”,
“ar”, “zh”, “de”, and “fr”. We download them
on Jan. 2, 2021. Regarding WaCKy corpora, we
use WaCKy corpora11 provided by BUCC2020

11https://corpus.leeds.ac.uk/serge/bucc

for obtaining the contextual representations, and
use the provided word embeddings trained on
this corpora. The BUCC2020 dictionaries are
downloaded from the same page. We concat the
three training sets with high, mid, low frequency
as one training set, and concat the three test sets
with high, mid, low frequency as one test set.
Because no translations are provided in the test set
of BUCC2020, we look up the Muse dictionaries
to get the translations. All source words in the test
set can find translations in the Muse dictionaries.

The evaluation script for computing pre-
cision@1 (P@1) is: https://github.com/

artetxem/vecmap.git/eval_translation.py.

B Parameter Settings

The parameter size of the spring network is 796202.
We use default parameter settings of VecMap and
RCSLS.

language λ
EN→ES 0.11
ES→EN 0.05
EN→AR 0.10
AR→EN 0.30
EN→ZH 0.12
ZH→EN 0.10
EN→DE 0.11
DE→EN 0.25
EN→FR 0.13
FR→EN 0.11

Table 4: The optimal hyperparameter λ in the unsuper-
vised settings

Regarding the hyperparameter λ in the similarity
interpolation, we search the optimal value in [0.05-
0.3] with step size of 0.01. We found λ = 0.1
is superior on validation sets in all supervised set-
tings. The optimal value of λ found by the unsuper-
vised tuning procedure in the unsupervised settings,
which is introduced in section 3.2, is shown in Ta-
ble 4. In the search range, the performances has
low variance, and are better than the baselines.

C The Influence of Selecting Encoder
Layer in Other Language Pairs

We report the influences on EN-AR, EN-ZH, EN-
DE, EN-FR in Figure 5. It shows that as we select
higher layers for deriving the contextual represen-
tations, the performances become lower. This trend
exists in most language pairs, except that the trend
in EN-ZH is not significant.
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D The Randomness of Contexts in Other
Language Pairs

We report the randomness analyses on EN-AR, EN-
ZH, EN-DE, EN-FR in Figure 6. It shows that
trying 5 times of selecting 10 random sentences for
gathering contexts gets stable performances in all
language pairs. In most cases, using 1 sentence for
computing the contextual representation drags the
performance down, which indicates the inadequacy
of 1 sentence for gathering contexts.

E Performances on Words with Different
Frequencies

We use WaCKy corpora and the dictionaries pro-
vided by BUCC202012 to study the performances
on words with different frequencies. The provided
dictionaries are divided into groups of high fre-
quency words, mid frequency words, and low fre-
quency words. We test our combination mechanism
on these three groups respectively. The results are
presented in Table 5 and Table 6. We can see that
our combination mechanism is effective on all three
groups.

EN→DE DE→EN EN→FR FR→EN
High Frequency

VecMap 67.60 75.27 79.00 79.27
Unified 71.27 77.40 79.67 80.80
Interpolation 72.53 79.67 80.47 82.13

Middle Frequency
VecMap 67.20 71.47 77.73 80.27
Unified 67.80 73.53 78.33 81.00
Interpolation 70.60 78.13 81.13 83.73

Low Frequency
VecMap 69.53 74.73 78.47 81.87
Unified 70.00 75.53 79.27 82.67
Interpolation 77.53 82.47 87.00 87.07

Table 5: Performances on words with different frequen-
cies in the unsupervised setting

EN→DE DE→EN EN→FR FR→EN
High Frequency

VecMap 67.87 76.13 78.27 79.73
Unified 70.40 78.07 78.4 81.4
Interpolation 71.00 78.90 78.90 82.13

Middle Frequency
VecMap 68.87 71.8 78.47 80.87
Unified 69.93 75.20 79.53 82.20
Interpolation 71.20 76.33 80.07 83.73

Low Frequency
VecMap 70.60 76.13 79.67 82.93
Unified 72.67 78.27 81.20 84.20
Interpolation 74.13 79.97 82.30 84.73

Table 6: Performances on words with different frequen-
cies in the supervised setting

12https://comparable.limsi.fr/bucc2020/bucc2020-
task.html

(a) EN-AR

(b) EN-DE

(c) EN-FR

(d) EN-ZH

Figure 5: Performances of selecting different layer of
XLM encoder to derive the contextual representations.
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(a) EN-AR

(b) EN-ZH

(c) EN-DE

(d) EN-FR

Figure 6: Performances of different context selection methods on EN-AR, EN-ZH, EN-DE, and EN-FR.
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Abstract
Unsupervised cross-lingual pretraining has
achieved strong results in neural machine
translation (NMT), by drastically reducing the
need for large parallel data. Most approaches
adapt masked-language modeling (MLM) to
sequence-to-sequence architectures, by mask-
ing parts of the input and reconstructing them
in the decoder. In this work, we systemati-
cally compare masking with alternative objec-
tives that produce inputs resembling real (full)
sentences, by reordering and replacing words
based on their context. We pretrain models
with different methods on English↔German,
English↔Nepali and English↔Sinhala mono-
lingual data, and evaluate them on NMT. In
(semi-) supervised NMT, varying the pretrain-
ing objective leads to surprisingly small differ-
ences in the finetuned performance, whereas
unsupervised NMT is much more sensitive to
it. To understand these results, we thoroughly
study the pretrained models and verify that
they encode and use information in different
ways. We conclude that finetuning on parallel
data is mostly sensitive to few properties that
are shared by most models, such as a strong
decoder, in contrast to unsupervised NMT that
also requires models with strong cross-lingual
abilities.

1 Introduction

Neural machine translation (NMT) is notoriously
data-hungry (Koehn and Knowles, 2017). To learn
a strong model it requires large, high-quality and
in-domain parallel data, which exist only for a
few language-pairs. The most successful approach
for improving low-resource NMT is backtransla-
tion (Sennrich et al., 2016), that exploits abundant
monolingual corpora to augment the parallel with
synthetic data. However, in low-resource settings,
it may fail to improve or even degrade translation
quality if the initial model is not strong enough
(Imankulova et al., 2017; Burlot and Yvon, 2018).

Encoder

a b c d e f

a b d c e z

x x x

shuffling

Decoder

< s > a b c d e

a b c d e f

replacement

Noise Detection Reconstruction

Figure 1: We consider noising methods that produce
inputs which resemble real sentences, unlike masking.

Unsupervised pretraining is a complementary
technique, that has revolutionized many natural
language understanding (NLU) tasks (Wang et al.,
2019). The dominant approach is to train a (large)
model on a lot of unlabeled data using the masked
language modeling (MLM; Devlin et al. (2019))
objective and then finetune it on a downstream task.
Besides improving generalization, good initializa-
tion drastically reduces the need for labelled data.
This paradigm has been applied recently to NMT
yielding impressive results in low-resource settings,
with models such as XLM (Conneau and Lample,
2019), MASS (Song et al., 2019) and BART/m-
BART (Lewis et al., 2020b; Liu et al., 2020), that
adapt MLM to sequence-to-sequence architectures.
Although pretraining alone is not enough to out-
perform backtranslation, it helps the initial model
to produce synthetic data of sufficient quality, and
combining them yields further improvements.

Most prior work in pretraining has focused on op-
timizing the masking strategy (Rogers et al., 2021).
Similarly, MASS and mBART consider slightly
different masking strategies. However, due to dif-
ferences in their experimental setup (i.e., capacity
or training data) and lack of analysis that goes be-
yond evaluation on downstream tasks, it is unclear
if there is a meaningful difference between them,
as far as NMT is concerned. They also suffer from
a pretraining-finetuning discrepancy (Yang et al.,
2019), in which a model is pretrained on masked
inputs, but finetuned on full sentences.
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In this work1, we explore different objectives to
masking for unsupervised cross-lingual pretraining.
We inject noise that creates examples (Fig. 1), simi-
lar to those encountered in finetuning, unlike mask-
ing. This includes, randomly replacing input words
based on their context using a cross-lingual gen-
erator, inspired by Clark et al. (2020), and locally
reordering input words, which prevents the cross-
attention from naively (monotonically) attending
over the source. We also explore auxiliary losses
over the encoder to improve its representations.

First, we pretrain models with different config-
urations, on English-German, English-Nepali and
English-Sinhala monolingual data. Then, we sys-
tematically compare them on the downstream tasks
of supervised, semi-supervised and unsupervised
NMT. In (semi-) supervised NMT, we observe that
models yield surprisingly similar results, although
some methods are better than others. We find that
even pretraining with shuffled inputs leads to signif-
icant improvements over random initialization, sim-
ilar to the concurrent work of Sinha et al. (2021) on
pretrained encoders for NLU. Unsupervised NMT,
however, reveals large (up to 9 BLEU points) dif-
ferences, and against our expectations, masking
achieves the best performance. To understand these
results, unlike prior work, we thoroughly analyze
the pretrained models using a series of probes, and
discover that each objective drives the models to
encode and use information in unique ways.

Based on our findings, we conclude that each
finetuning process is sensitive to specific proper-
ties of pretrained models, similar to Artetxe et al.
(2020). We hypothesize that (semi-) supervised
NMT is mostly sensitive to the LM abilities of
pretrained models, as the source→target mappings
can be learnt from the parallel data. Unsupervised
NMT requires models to also rely on their own
word-translation abilities. Our contributions are:

1. We systematically compare many pretraining
methods, including alternatives to masking, in
three NMT tasks and for three language-pairs.

2. We discover that (semi-) supervised NMT is
not sensitive to the pretraining strategies. Our
ablation (§4.4) suggests that a strong decoder
is the most important factor, while differences
in the encoder (§4.5) don’t affect the results.

3. Unsupervised setting is much more sensitive
to the pretraining objective, and masking meth-
ods are the most effective. We hypothesise that
learning to copy is important here (§5.2) as is

cross-lingual encoding (§4.5).

4. We analyze the pretrained models with a series
of probes (§5.1, §5.2, §5.3), and show notice-
able differences in how they encode and use
information, offering valuable insights.

2 Related Work

Pretraining for NMT Ramachandran et al. (2017)
first explored unsupervised pretraining for NMT us-
ing LMs trained on monolingual data of the source
and target languages to initialize the encoder and
decoder of an RNN-based TM (Bahdanau et al.,
2015). Conneau and Lample (2019) adopt the
same approach, by extending BERT/MLM (De-
vlin et al., 2019) to the cross-lingual setting (XLM).
They randomly mask tokens from input sentences
in many languages, and the model is trained to
predict them. However, the same pretrained XLM
is used to (separately) initialize both the encoder
and decoder of a downstream translation model
(TM), which neglects the interaction between them.
MASS (Song et al., 2019) addresses this limitation,
by extending MLM to sequence-to-sequence pre-
training, which includes the cross-attention mecha-
nism, and achieved further improvements in low-
resource and unsupervised NMT. Liu et al. (2020),
concurrently demonstrated comparable results with
a similar approach (mBART), but on a larger scale.
Both mBART and MASS, consider different strate-
gies for reconstructing masked input spans.

Objectives Yang et al. (2019) point out that
BERT (Devlin et al., 2019) is pretrained with
masked inputs, but then finetuned on full sentences,
which creates a discrepancy. To address this, they
change the self-attention in Transformers (Vaswani
et al., 2017) to predict tokens conditioned on all per-
mutations of other tokens in a sentence and Song
et al. (2020) extend this to sequence-level pretrain-
ing for NLU. MARGE (Lewis et al., 2020a) ex-
plores multi-lingual pretraining for document-level
NMT, by reconstructing texts from a set of retrieved
relevant documents. Clark et al. (2020) propose
the replaced token detection (RTD) objective for
pretraining text encoders. They replace tokens with
samples from a MLM and train the encoder as a dis-
criminator to predict whether each word is real or
fake. Similar ideas have been previously explored
in NMT with contextual data augmentation (Fadaee
et al., 2017; Kobayashi, 2018; Gao et al., 2019).

1Code at github.com/cbaziotis/nmt-pretraining-objectives
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3 Pretraining

Our pretraining model is a multilingual denois-
ing sequence autoencoder, based on the Trans-
former (Vaswani et al., 2017).

We assume access to a corpus of unpaired data,
containing text in two languages A, B. Given a
text sequence of N tokens x = 〈x1, x2, ..., xN 〉
we first add noise to it and obtain its corrupted
version x′. An encoder transforms x′ into a se-
quence of contextualized representations h(x′) =
〈h1, h2, ..., hN 〉, which are given as input to the
decoder, that produces a reconstruction of x. The
reconstruction loss is the negative log-likelihood
(NLL) of x:

LR =
1

N

N∑

t=1

− log p(xt|x<t, h(x′)) (1)

Each batch contains sentences in either A, or B
and to distinguish between them, we add language
id tokens at the end of the source sentences, and
the beginning of the target sentences.

3.1 Pretraining Methods
In this section, we describe the methods that we use
to inject noise into the model. We also explore aux-
iliary losses over the encoder, aiming to improve
the input representations.

Masking Similar to prior work, we replace a ran-
dom subsequence M of the input tokens with a
special [MASK] token and train the model to re-
construct the original input. We consider masking
words as well as spans following mBART.

Masking + eMLM When using masking noise we
also explore the addition of an auxiliary MLM loss
over the encoder to which we will refer as eMLM.
This explicitly trains the encoder to reconstruct the
representations of masked tokens:

LeMLM =
1

|M |
∑

t∈M
− log p(xt|x6∈M )) (2)

Replacing We inject word replacement noise, by
extending Clark et al. (2020) to the cross-lingual
setting. Specifically, we jointly train a separate
cross-lingual (mBERT-like) MLM generator. First,
we mask a random subset M of the input to-
kens2and the generator is trained to predict them:

LG =
1

|M |
∑

t∈M
− log p(xt|x6∈M )) (3)

For each masked token xt, the generator produces
a distribution pG(xt|x6=t). We replace the masked

tokens with samples from pG to obtain x′, and feed
the updated (corrupted) input to the encoder. We
consider two configurations for the generator:
• Untied: The default setting, we use a small gen-

erator, which is half the size (x0.5 parameters)
of the encoder, following Clark et al. (2020).

• Tied: We tie the weights of the encoder and
the generator. This setting implicitly adds an
auxiliary MLM loss over the encoder, and can
be thought as a counterpart of “replace+eMLM”.

Replacement + RTD Motivated by the results
of Clark et al. (2020) in monolingual NLU, we add
a replacement token detection (RTD) head over the
encoder that gives direct supervision to the model
regarding the location of noise. The RTD headD(·)
is a token-level discriminator over the encoder out-
puts h(x′), that predicts if an input token x′

t is
original or replaced. We parameterize D with a
non-linear projection followed by a sigmoid func-
tion: D(x′

t) = sigmoid(u>RELU(WD h(x′
t))).

The RTD loss is defined as the average token-level
binary cross-entropy:

LRTD =
1

N

N∑

t=1

− (x′
t = original) logD(x′

t) (4)

− (x′
t 6= original)(1−D(x′

t))

Shuffling Although pretrained models, such as

MASS or mBART, do pretrain the cross-attention
mechanism, the input words remain in their origi-
nal positions and this biases the models into learn-
ing only naive monotonic alignments. To actively
pretrain the cross-attention, we locally shuffle a
random subset of whole-words in the input, using
the method of (Lample et al., 2018). The length of
reordering is bounded by k (positions). Small k in-
troduce local shuffling, while large k allow words
to be moved farther from their original position,
making the input more like a bag-of-words (BoW).

3.2 Optimization

During pretraining, we minimize a weighted sum
of the reconstruction LR, and depending on the
method, some of the auxiliary LeMLM, LG, LRTD

losses. We assign equal weight (λ = 1) to all
losses, except for LRTD for which we set its weight
λ = 25 following Clark et al. (2020), to account
for the fact that is in a different scale.

2We use whole-word masking, that masks all the (subword)
tokens of a word, instead of independent token masking.
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Method en→de de→en en→ne ne→en en→si si→en
wmt18 wmt19 wmt18 wmt19

random 26.2±0.1 25.3±0.1 27.6±0.1 19.1±0.3 3.3±0.1 6.5±0.1 2.5±0.1 6.5±0.1

mask=35% 33.3±0.1 30.7±0.2 33.2±0.0 25.4±0.0 5.1±0.1 10.2±0.1 3.7±0.0 10.0±0.1

mask=35% +eMLM 33.4±0.0 30.6±0.1 33.5±0.1 25.2±0.2 5.3±0.0 10.8±0.1 4.0±0.0 10.4±0.1

mask=35% (span) 33.3±0.1 30.5±0.1 33.4±0.0 25.2±0.0 5.1±0.1 10.1±0.1 3.9±0.1 9.9±0.1

shuffle=5 31.6±0.1 28.7±0.0 31.7±0.0 23.9±0.1 4.9±0.0 9.9±0.1 3.4±0.0 10.1±0.1

replace=35% 33.9±0.0 30.3±0.2 33.5±0.1 25.4±0.1 5.1±0.1 9.9±0.1 3.7±0.0 9.8±0.0

replace=35% +RTD 32.9±0.1 30.0±0.0 32.5±0.0 24.4±0.1 5.0±0.0 9.9±0.1 3.4±0.1 9.7±0.2

replace=35% +tied 34.2±0.0 30.8±0.1 33.7±0.1 25.3±0.2 5.3±0.0 10.6±0.1 3.7±0.0 10.5±0.1

+ shuffle=3 34.0±0.0 31.1±0.1 33.4±0.1 25.1±0.2 5.5±0.0 11.0±0.0 4.0±0.0 10.8±0.1

Table 1: Supervised NMT results. We report the average of 3 runs and the standard error of the mean (SEM).

4 Experiments

Datasets We focus on low-resource translation
and consider three diverse language-pairs: English-
German, English-Nepali and English-Sinhala. For
English-German, we use the low-resource WMT
News Commentary v13 (Bojar et al., 2018) 3 par-
allel dataset, which contains approximately 275K
sentences. For pretraining, we use as monolingual
data the WMT News Crawl articles (Bojar et al.,
2018) from the year 2007 to 2017, which comprise
190M and 270M sentences for English and Ger-
man, respectively. For English-Nepali and English-
Sinhala, we use the same data as in Guzmán et al.
(2019). The (pretraining) monolingual data contain
5M sentences from Common Crawl and Wikipedia
per language, while the parallel data are approxi-
mately 600K sentences from the Bible, Open Sub-
titles, GNOME/KDE/Ubuntu, and Paracrawl.

Pre-processing For Nepali and Sinhala, we use
the preprocessing scripts4 provided by Guzmán
et al. (2019), whereas for English and German, we
use directly the raw data without any preprocessing.
We use sentencepiece (SPM; Kudo and Richard-
son (2018)) with the “unigram” model, to train a
subword-unit tokenization model on the concatena-
tion of the monolingual data of each language-pair.
We learn a joint vocabulary of 60K symbols for the
English-German models, and 20K symbols for the
English-Nepali and English-Sinhala models.

Evaluation For English-German, we use the
WMT newstest2017 as dev-set and the new-
stest2018 and newstest2019 as test-sets. For
English-Nepali and English-Sinhala, we use the
evaluation datasets provided by Guzmán et al.
(2019), which are drawn from Wikipedia articles.
We evaluate models using BLEU (Papineni et al.,
2002) computed with SacreBLEU (Post, 2018). We

3http://www.statmt.org/wmt18/translation-task.html
4https://github.com/facebookresearch/flores

report detokenized BLEU when translating into Ger-
man and English, and tokenized BLEU when trans-
lating into Nepali and Sinhala, following Guzmán
et al. (2019). At test time, we decode with beam
search, using beams of size 5.

Model and Training Our models are based on
the Transformer architecture (Vaswani et al., 2017).
We use the Transformer-base configuration to re-
duce the computational cost and be able to explore
more methods. We describe in detail the model ar-
chitecture and hyperparameters, as well as the pre-
training and finetuning processes, in Appendix §A.
Our code is based on the official mBART imple-
mentation in Fairseq (Ott et al., 2019).

4.1 Supervised Translation

In our first experiment (Table 1), we evaluate each
pretrained model on supervised NMT by finetuning
it on the parallel data. As a baseline we use a ran-
domly initialized TM with identical configuration
and vocabulary to that of the pretrained models,
denoted as “random”. We also pretrain a model
equivalent to mBART denoted as “mask (span)”.

Results All pretraining methods yield large im-
provements over random initialization, in all di-
rections and language pairs. The differences be-
tween each method are more pronounced in en↔de,
whereas in en↔ne and en↔si, all models reach
much lower scores, especially in en→X, probably
because of low-quality training data, and a domain
mismatch between the parallel and test data.

When we compare each type of input noise in
isolation, we observe that masking and replace-
ment achieve similar results, and both are better
than shuffling. However, pretraining with shuffling
noise alone still yields surprisingly strong results.
It improves over random initialization in all experi-
ments, and it even reaches similar BLEU scores to
masking and replacements in en↔ne and en↔si.
Note that, the common denominator in all pretrain-
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ing methods is the decoder, which is trained as a
conditional LM with teacher forcing and the only
difference is the input conditioning context. This
implies that one key factor in pretraining for NMT
is improving the LM capabilities of the decoder.

Auxiliary Losses The best results are obtained by
“mask+eMLM” and “replace+tied”, both of which
benefit from an encoder MLM loss. We observe,
that eMLM and tying are more effective in the
X→en than en→X direction, especially for en↔ne
and en↔si. This makes intuitive sense because
eMLM improves the representations of the encoder,
which is more important for languages with limited
or low-quality data. Specifically, we observe that
adding eMLM improves BLEU by +0.7 for ne→en,
+0.4 for si→en and tying the generator with the
encoder yields +0.7 BLEU for ne→en, +0.7 BLEU

for si→en. Wang et al. (2020) make a similar ob-
servation in experiments in multilingual NMT.

Incorporating RTD, however, has a negative ef-
fect in most experiments. This is unexpected, given
that Clark et al. (2020) showed that pretraining text
encoders with RTD outperformed MLM in NLU
tasks. This warns us that methods which produce
strong encoders for NLU might not necessarily im-
prove encoders for NMT. Note that, Siddhant et al.
(2020); Wang et al. (2020) have discovered similar
surprising results in cross-lingual NLU tasks.

Noise Combination We also consider a combi-
nation of the best replacement-based variant “re-
place+tied” with shuffling. Shuffling is applied
after the replacements are sampled and we limit the
length of reordering to k = 3 to prevent extreme
corruption of the input. We observe that this com-
bination yields small gains in most experiments.
We also explored more pretraining methods and
configurations, including the injection of noise into
the decoder, but they didn’t produce significant
differences in terms of BLEU (see Appendix D).

4.1.1 Parameter Sensitivity Analysis
We also explore how changing key parameters of
each pretraining method affects performance in
supervised NMT. We report the results in Table 2.
We observe there is a “sweet-spot” for the amount
of noise used in each method. Shuffling shows
larger variability and we find that by making the
token swaps less local (i.e., increasing k that makes
the input more BoW), yields better results.

Generator Size Next, we focus on why tying the
encoder and generator yields better results. Either

Method en→de de→en
wmt18 wmt19 wmt18 wmt19

mask=15% 32.7±0.1 30.4±0.1 32.9±0.0 25.1±0.1

mask=35% 33.3±0.1 30.7±0.2 33.2±0.0 25.4±0.0

mask=50% 33.2±0.0 30.4±0.0 33.1±0.1 25.2±0.1

shuffle=3 30.3±0.1 27.9±0.0 30.5±0.0 22.9±0.1

shuffle=5 31.6±0.1 28.7±0.0 31.7±0.0 23.9±0.1

replace=15% 33.8±0.1 30.4±0.1 33.1±0.1 25.3±0.2

replace=35% 33.9±0.0 30.3±0.2 33.5±0.1 25.4±0.1

replace=50% 33.3±0.0 30.3±0.1 32.8±0.0 24.7±0.2

replace=35% (1.0x) 33.7±0.1 30.6±0.0 33.3±0.0 25.0±0.1

replace=35% +nucleus 33.9±0.0 30.9±0.1 33.6±0.0 25.3±0.0

replace=35% +RTD=4 33.2±0.0 29.8±0.1 32.4±0.1 24.5±0.0

replace=35% +RTD=6 32.9±0.1 30.0±0.0 32.5±0.0 24.4±0.1

Table 2: Supervised NMT results (mean and SEM of 3
runs), for different configurations of pretrained models.

the encoder benefits from the implicit MLM loss,
or tying improves the generator and consequently
its samples. We train an untied model with equal
capacity to the encoder “replace=35% (x1.0)”, and
a similar model, but we sample replacements with
nucleus sampling5 (Holtzman et al., 2020) with
top-p=0.9, to avoid low-probability tokens. Neither
of those variants yields any measurable difference
with “replace=35%”, which suggests that MLM is
responsible for the improvements.

RTD Position We also explore if the position of
the RTD head is responsible for its negative effects
in NMT, as it might force the encoder to preserve
information irrelevant for NMT to its outputs. To
test this, we train a model with RTD over its fourth
(RTD=4) instead of last/top (RTD=6) layer. We
find that this change has a marginal effect on BLEU.

4.2 Semi-supervised Translation
In Table 3 we report results for semi-supervised
NMT, using backtranslation. Both the forward
and backward TM are initialized from the same
model. We generate the backtranslations from the
same monolingual data that we used for pretraining
with greedy-sampling, which is preferable for weak
TMs (Edunov et al., 2018), and upsample the real
data to maintain a 1:1 ratio with the synthetic data.

Results Backtranslation yields significant gains
in all experiments, and the initialization from pre-
trained models boosts performance even more. The
relevant performance between methods is consis-
tent with the supervised NMT, but their differences
shrink further. We suspect that adding more data
narrows the room for improvement of pretraining.

One exception is the initialization from “shuf-
fle=5”, which yields marginal gains in en↔de and
even fails to reach the randomly initialized model
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Method en→de de→en en→ne ne→en en→si si→en
wmt18 wmt19 wmt18 wmt19

random 34.8 29.2 37.4 24.8 5.8 13.9 6.5 12.9
mask=35% 38.3 31.5 38.8 27.7 6.3 14.9 6.5 13.5
mask=35% +eMLM 38.4 31.8 39.0 27.4 6.6 15.0 7.3 14.2
mask=35% (span) 38.3 31.6 39.0 27.5 6.4 14.4 6.3 13.4
shuffle=5 36.2 30.8 36.9 26.1 6.4 13.5 6.3 11.9
replace=35% 38.2 31.2 38.6 27.5 6.4 14.7 6.0 13.1
replace=35% +RTD 37.7 31.3 38.2 27.5 6.1 14.2 5.9 12.8
replace=35% +tied 38.5 31.7 38.8 27.8 6.4 15.1 6.6 13.7

+shuffle=3 38.2 31.6 38.6 27.0 6.5 15.4 7.4 14.2

Table 3: Finetuning results to semisupervised NMT. Each TM is trained on the concatenation of real and back-
translated sentences, obtained by a backward TM initialized from the same pretrained model.

Method en→de de→en
wmt18 wmt19 wmt18 wmt19

mask=35% 25.6 19.1 29.3 20.3
mask=35% +eMLM 25.2 18.7 28.9 19.8
mask=35% (span) 24.7 18.1 28.3 19.7
shuffle=5 17.1 13.1 20.5 15.6
replace=35% 23.3 17.5 27.4 19.4
replace=35% +RTD 22.8 16.8 26.5 18.5
replace=35% +tied 24.1 17.8 27.8 19.3

Table 4: Finetuning results to unsupervised NMT.

in si↔en and ne↔en. Note that, one of the advan-
tages of backtranslation is improving the LM ca-
pabilities of the decoder with the addition of more
clean target data. We hypothesize that shuffling
noise mainly pretrains the decoder as a LM, and its
benefits are largely neutralized by backtranslation.

4.3 Unsupervised Translation
In Table 4 we evaluate the pretrained models on
unsupervised NMT (Artetxe et al., 2018; Lample
et al., 2018), using only the monolingual data. In
this experiment we focus on en↔de, because un-
supervised NMT in en↔ne and en↔si yields very
low BLEU scores (Guzmán et al., 2019; Liu et al.,
2020). In each batch, we generate backtranslations
on-the-fly in the target language and the model
is optimized to reconstruct the original sentences
(i.e., en→de′→ên), following the same finetuning
process as mBART (see Appendix B for details).

Results Unlike the experiments on parallel data
(§4.1, §4.2), unsupervised NMT reveals large dif-
ferences between pretrained models. Strikingly,
“shuffle=5” yields the lowest BLEU scores by a large
margin. This further supports the hypothesis that
its primary strength is its decoder. We hypothe-
size that all pretraining methods produce strong
decoders, but not encoders. Since in supervised
NMT the models can learn source-to-target map-
pings from the parallel data, models with better
cross-lingual abilities have a small edge. However,

in the unsupervised setting having a fluent decoder
alone is not enough as the models have to rely on
their own word-translation capabilities (§4.5) to be
able to produce sufficient backtranslations.

Another unexpected result is that pretraining
with masked inputs outperforms replacements.
Replacement-based models should intuitively be
favoured, because the mistakes injected by the gen-
erator during pretraining resemble those produced
by backtranslation. Masking-based models, how-
ever, are exposed to very different inputs without
any signal from parallel data to help them transition
to the new training regime, unlike supervised NMT.

In our analysis (§5.2), we find that masking
biases models towards copying from the input,
whereas replacements make models more “cau-
tious” because some input words are fake. We
hypothesize that the ability of mask-based models
to copy words, such as dates or named entities, is
critical to kickstart the backtranslation process.

4.4 Supervised Translation Ablations
To estimate how important of each part of the pre-
trained model is for NMT, we conduct an ablation
experiment. First, we transfer all the weights of a
pretrained model to a downstream model, except
the weights of the ablated component. Next, we
freeze the pretrained weights for all components
except for the ablated one, which we reinitialise
randomly. Finally we finetune only the ablated
component, to isolate the effects on the final score
to the component and prevent the other components
from compensating (details in Appendix B.1).

We divide the model into four parts: (1) the
embedding matrix, which is used for both the en-
coder and decoder embeddings and the vocabulary
(output) projection, (2) the encoder layers, (3) the
decoder layers and (4) the cross-attention layers,
which link the decoder with the encoder. We re-
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Figure 2: Ablation results for supervised NMT on
de→en (wmt19). We reset each main component in-
dividually (left) and with the cross-attention (right).

port the de→en supervised NMT ablation results
in Figure 2. Higher BLEU scores show that a model
can better recover after an ablation, which we in-
terpret as an indication that the ablated parameters
are less important. We ablate each component both
individually and combined with cross-attention, to
allow the model to better learn to connect source
and target representations. We find in both settings,
that all models recover better after resetting their
encoders than their decoders, implying that the pre-
trained decoder parameters are more important.

4.5 Cross-lingual Sentence Retrieval
To study the cross-lingual abilities of the encoder
of each pretrained model, we evaluate them on
parallel sentence retrieval. In Figure 3, we report
the (per layer) accuracy of each encoder, on the
de→en Tatoeba test set (Tiedemann, 2020)6.

The results indicate that different objectives do
affect the encoder’s cross-lingual abilities. The
fact that this is not reflected in the BLEU scores
of the finetuned models further supports that even
a small parallel data-set is enough to align them
to similar degrees. As hypothesized, shuffling in-
duces the least effective cross-lingual representa-
tions. The RTD loss inhibits cross-linguality, as
accuracy decreases for each layer closer to the RTD
loss (L6). The “mask” model exhibits an unex-
pected behaviour, where its accuracy drops in its
middle layers before rising up again in its output
layer. We do not have a satisfying explanation
for this and we leave it for future work. However,
adding an MLM loss over the encoder completely
changes this behaviour, and both “mask+eMLM”
and “replace+tied” yield the best results.

We also notice an interesting result in the accu-
racy of the embeddings. Shuffling noise induces
poor alignment, unlike the other methods that have
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Figure 3: Parallel sentence retrieval accuracy (de→en).

much better aligned embeddings. We believe that
this result is connected to the unsupervised NMT
results. Note that, the quality of embeddings affect
the decoder as well, as their embeddings are tied.

5 Analysis

Finetuning on parallel data drives models towards
similar destinations (BLEU), but the results in un-
supervised NMT hinted that their starting points
are different, which implies that the finetuning pro-
cess itself is critical. We shift our focus to the
pretrained models themselves and using a series of
probes we study how pretraining methods affect
their behaviour and the knowledge that they en-
code. For clarity, here we discuss only the en↔de
results. The en↔ne and en↔si results are included
in Appendix C and are consistent with this analysis.

5.1 Encoder Denoising Capabilities
In this section, we study how well the encoders
of the pretrained models are able to denoise the
input. For each model, first, we corrupt its inputs
using the corresponding noising method and then
train a linear classifier over its encoder outputs,
using the identity of the original input token as the
label, similar to Brunner et al. (2019). In Figure 4
we report the perplexity (PPL ↓) of each classifier
evaluated on the wmt18 en↔de devset. We report
separately the scores for real and corrupted tokens.
We observe that, as expected, in all models the
PPL over non-corrupted tokens is almost perfect
(PPL ≈ 1), indicating that the encoders perfectly
preserve the input in their outputs. However, the
results vary significantly for corrupted tokens.

6We follow Libovický et al. (2020) and obtain the encoder
sentence representations for each layer with mean pooling,
followed by zero-centering per language (separately). Then,
for each source sentence we retrieve its nearest neighbor from
the target sentences based on cosine distance.
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Figure 4: Perplexity (PPL ↓) of the token prediction
probe for the en↔de pretrained models.

Masking The representations of masked tokens
yield the lowest PPL, which implies that token re-
construction happens partially in the encoder. How-
ever, the eMLM loss over the encoder makes the
outputs much more predictive of the original tokens.
This shows that the reconstruction loss does not
push the encoder to denoise the input well enough,
unlike the similar7 but explicit signal from eMLM.

Shuffling The PPL for original tokens is very low,
whereas for shuffled tokens extremely high. This
shows that the encoder does not fix the word order
but simply relays the input to the output. This is
in line with Xu et al. (2021) who showed that in
Transformer-based NMT word-reordering happens
in the decoder, instead of the encoder.

Replacement We observe a huge gap in how pre-
dictive the representations of real and replaced to-
kens are. We suspect that the encoder is “misled”
by the replacements and relays their information to
its outputs. Both tying and RTD help the encoder
to generate representations that are more predictive
of the true input. RTD, however, interferes slightly
with the representations of real tokens.

5.2 Decoder Uncertainty
Next, we focus on the decoder and study how its
token-level uncertainty varies while it reconstructs
original and corrupted tokens. For each model,
first, we corrupt its inputs using the corresponding
noising method and then measure the entropy of
the decoder’s distributions for each target token.
Low entropy values indicate that the decoder pre-
dicts the target tokens with certainty, by exploiting
the encoder representations. Figure 5 shows the
average entropy for original and corrupted tokens.

Masking When the decoder is presented with
masked inputs, it directly copies the unmasked to-
kens (exactly zero entropy). By contrast, predicting
masked tokens is naturally harder, and the decoder

7The eMLM and reconstruction losses are similar, but are
applied in different places (encoder vs. decoder). The signal
from reconstruction reaches the encoder through the decoder.

Figure 5: Entropy of decoder’s distributions during the
reconstruction of original and corrupted tokens.

becomes very uncertain. Adding eMLM over the
encoder does not change this behaviour.

Shuffling The decoder of “shuffle=5” predicts all
tokens with extreme certainty. Note that, in every
step, the decoder has to choose the correct token out
of N input tokens, instead of the full vocabulary,
and combined with the constraints imposed by the
ground-truth prefix, it is very easy for the model
to find which input word to copy next. Therefore,
we hypothesize that during pretraining the model
mainly relies on the LM capabilities of the decoder.

Replacement We observe that the decoder is un-
certain not only for fake but to a small extent, for
real words as well. If a replacement is coherent and
complies with the grammar of a given language,
the decoder can be misled, which makes it “ques-
tion” the identity of all words. RTD or tying with
the generator show no clear effects.

5.3 Decoder Sensitivity to Encoder Outputs
This analysis aims to estimate the reliance of the
decoder on the outputs (i.e., representations) of
the encoder. First, we feed to the encoder a cor-
rupted sentence x = 〈x1, x′2, x′3, . . . , xN 〉, where
x′i denotes a corrupted token, and obtain its outputs
h = 〈h1, h′2, h′3, . . . , hN 〉. Then, we block the in-
formation of h′i and measure how much it affects
the reconstruction loss. We consider two blocking
methods: (1) zeroing, in which we replace h′i with a
zero vector, and (2) mixing, in which we replace h′i
with random representations from other sentences
in a batch. The amount by which the reconstruction
loss increases implies how useful is the information
in h′i, and how sensitive the decoder is to them.

In Figure 6 we report the differences with and
without blocking, in terms of the reconstruction
loss (NLL). The models trained with shuffling orig-
inally yield the best reconstruction, which shows
that it is comparatively the easiest noise for the de-
coder. Replacement is slightly harder than masking
noise, because with masked inputs the decoder can
easily tell when to copy and when to predict, while
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Figure 6: Change in reconstruction loss (NLL ↓) after
blocking the representations of corrupting tokens.

replacements can be misleading (recall §5.2).

Masking “mask” and “mask+eMLM” reconstruct
the input equally well, but when the representations
of masked tokens are zeroed, “mask+eMLM” is
affected more. eMLM forces the reconstruction to
partially happen in the encoder (recall §5.1), so the
decoder relies more on it. Mixing increases NLL
even more, as we inject misleading information.

Replacement RTD leads to worse reconstruction
error, which suggests that it is interfering even in
the pretraining phase. Surprisingly, blocking the
representations of replaced words not only does not
increase the reconstruction loss but even slightly
decreases it. This implies that during pretraining,
the models learn to ignore the replaced words.

Shuffling Zeroing the representations of mis-
placed tokens is destructive and replacing them
with random representations, increases the loss
even further. The decoder focuses so heavily on
putting words in the right order and has no “doubts”
about their identity. Therefore, when presented
with missing or misleading information, instead of
“falling back” into an unconditional LM, that uses
only on the target prefix, it completely fails8.

5.4 Visualization of Encoder Representations
In Figure 7, we visualize the encoder token repre-
sentations using t-SNE (van der Maaten and Hin-
ton, 2008) and color code them based on whether
the belong to original or corrupted tokens (see Ap-
pendix C.1 for details and more visualizations).
Masking induces separated representation between
masked and unmasked tokens, which enables the
decoder to copy with certainty (see §5.2), while
eMLM, that pushes the encoder to reconstruct the
corrupted tokens, makes them more similar to the
original ones (see §5.1). Although the representa-
tions of original and reordered tokens have a large
overlap, we observe some separated clusters of
original and misplaced tokens, implying that the

8NLL after zeroing is 8.4. It equals to PPL of exp(8.4) =
4447, which is very high even for a weak unconditional LM.

mask mask+eMLM shuffle replace replace+RTD

corrupted real

Figure 7: Visualization of encoder representations

encoder is partially aware of shuffling noise. As
expected, adding RTD over the “replace” models
enables allows it to identify more corrupted tokens,
as shown by the size of the corresponding clusters.

6 Conclusions

In this work, we explore new unsupervised pre-
training methods for NMT. We consider alternative
objectives to masking, such as reordering or replac-
ing input words, that produce training examples
similar to real sentences.

We discover that (semi-)supervised NMT is not
very sensitive to the pretraining objective. While
some methods are better than others, most mod-
els converge to similar BLEU scores (§4.1, §4.2).
Surprisingly, even pretraining with shuffled inputs
yields competitive results with the other methods.
Our ablation experiments (§4.4) imply that pretrain-
ing benefits more the decoder than the encoder.

In unsupervised NMT, however, the results vary
significantly (§4.3). Shuffling noise leads to sig-
nificantly worse performance, whereas masking
noise, unexpectedly, yields the highest BLEU. Ex-
periments on parallel sentence retrieval (§4.5) show
that different objectives do affect the encoder cross-
lingual abilities, and are reflected on the unsuper-
vised NMT results. Through further and extensive
analysis of pretrained models (§5), we find that
they encode and use information in different ways.

We conclude that finetuning to each downstream
NMT task is sensitive to different properties of pre-
trained models. (Semi-) Supervised NMT benefits
from strong and fluent decoders, because the signal
from the parallel data compensates for encoders
with poor cross-lingual representations. Unsuper-
vised NMT finetuning, however, requires models
with good source-target mappings, and is also sen-
sitive to certain model biases, such as the tendency
to copy (§5.2) induced by mask-based pretraining.
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A Model Configuration & Training

We use 6 Transformer layers in both the encoder
and the decoder, with embedding/hidden size of
512, feed-forward filter size of 2048, 8 attention
heads and we apply 0.1 dropout to all layers. We
optimize our models using Adam (Kingma and Ba,
2015) with β1 = 0.9, β1 = 0.999, and ε = 10−6.
All models use sinusoidal positional embeddings.

We tie the weights of the embedding and out-
put (projection) layers of all sub-networks (Press
and Wolf, 2017; Inan et al., 2017), which involves
the encoder, decoder and MLM generator. For
pretraining, we use a learning rate of 5e−4 with
a linear warm-up of 16K steps, followed by in-
verted squared decay. We train each model for
300K steps with mini-batches of 24K tokens on 8
Nvidia V100 GPUs, which requires approximately
4-5 days. The maximum sentence length is set to
256 tokens. For the finetuning experiments, we use
a learning rate of 3e−5 with a linear warm-up of
2.5K steps and mini-batches of 12K tokens. We
finetune each model for 60K in the supervised set-
ting and 120K steps in the semi-supervised setting.
We also use increased the dropout to 0.3 and set
label smoothing (Szegedy et al., 2016) to 0.1, to
avoid over-fitting on the limited parallel data.

B Unsupervised NMT

Instead of adding input noise, like Artetxe et al.
(2018); Lample et al. (2018), we follow the fine-
tuning process of mBART (Liu et al., 2020). To
prevent models from copying the source during
backtranslation and force the transition to the trans-
lation task, we allow only the most frequent tokens
in the target languageto be generated for the first 2K
steps. Specifically, we mask tokens with frequency
less than 10−3, as measure in the monolingual data.
For model selection, we use a small subset of 200
sentences from the wmt18 devset.

B.1 Supervised Translation Ablations
In Figure 8, we visualize the experimental protocol
for our ablation experiment. To test (i.e., ablate) a
component, the process is the following:

1. We transfer all the weights of a pretrained
model to a downstream model, except the
weights of the ablated component.

we assume a shared multi-lingual vocabulary

Embedding

Decoder

Embedding

Vocabulary
ProjectionCross-Attention

Encoder

Random and Finetuned (ablated)
Transferred and Frozenxattemb

enc

dec

Downstream Model Parameters

Figure 8: Visualization of the ablation experiment, us-
ing the ablation of the encoder as example. The figure
shows the high-level architecture of a model and the
colors correspond to the parameter set. The input em-
beddings of the encoder, the decoder and the vocabu-
lary projection have the same color as they share the
same parameters. During finetuning, we update only
the weights of the ablated component, and all the other
(pretrained) weights are frozen.
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Figure 9: Ablation results for supervised NMT on
en→de (wmt19). We reset each main component in-
dividually (left) and with the cross-attention (right).

2. We freeze the pretrained weights and finetune
only the ablated (i.e., randomly initialized)
component.

We decided to follow this protocol, in order to
isolate the effects on the final BLEU score on the ab-
lated component, and to also prevent the other com-
ponents from compensating. In concurrent work,
Gheini et al. (2021) have considered a similar ex-
perimental protocol, but to study a different but
related phenomenon. In Figure 8, we show the
ablation results for the en→de direction.

C Analysis Results in Other Languages

In Figures 10, 11, 12, 13, 14, 15, we report
the analysis results 5 on the en↔ne and↔ne pre-
trained models, evaluated on their NMT dev sets.
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We observe that the results are very consistent with
those for en↔de.

Training Details of Probing Classifier For the
analysis in Sec. 5.1, each classifier is trained on
the monolingual data for 50K steps, and optimized
with Adam using a learning rate of 0.0001. Only
the parameters of the classifier are updated and the
rest of the model remains fixed.

Figure 10: Perplexity (PPL↓) of the token prediction
probe for the en↔ne pretrained models.

Figure 11: Perplexity (PPL↓) of the token prediction
probe for the en↔si pretrained models.

Figure 12: Decoder entropy for the reconstruction of
real/corrupted tokens, for the en↔si pretrained models.

Figure 13: Decoder entropy for the reconstruction of re-
al/corrupted tokens, for the en↔ne pretrained models.

Figure 14: Reconstruction loss (NLL ↓) with/without
blocking the outputs of corrupted tokens (en↔si).

Figure 15: Reconstruction loss (NLL ↓) with/without
blocking the outputs of corrupted tokens (en↔ne).

C.1 Visualization of Encoder Representations
In this section, we visually inspect the input token
representations. We compare each method based
on how the representations evolve through the lay-
ers of the encoder, by focusing on two aspects of
each token, (1) its language and (2) whether it has
been corrupted or not. The goal is to inspect how
each model encodes these two types of information
about the input tokens.

Methodology We sample 5K sentences from the
English-German monolingual data and pass them
through the encoder of each model using corre-
sponding noising method. For each token, we keep
its representations from every layer and label them
by language and noise. We keep only the represen-
tations of the 2K most frequent tokens and exclude
the representations of special tokens, such as the
[BOS], [EOS], and language IDs, which signif-
icantly skew the results. The final dataset con-
tains approximately 100K token representations
per layer (600K in total). For the visualization,
we project to 2D with t-SNE (van der Maaten and
Hinton, 2008). For each model, we visualize the
representations of its encoder per layer (L1 to L6),
which we colour-code by language (top-row) and
the identity (bottom-row) of each token. L1 refers
to the outputs of the first Transformer layer, there-
fore the tokens have been contextualized once.
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L1 L2 L3 L4 L5 L6

de en

corrupted real

Figure 16: Visualization of encoder representations
from the “mask=35%” model.

Masking In Fig. 16 we visualize the encoder
of the “mask=35%” pretrained model. Real and
masked tokens occupy different regions, whereas
the tokens from each language are much closer to
each other. All models trained with masking noise
exhibit similar behaviour. In the first layer, the
masked tokens are organized into multiple small
clusters, but the encoder progressively groups them
into larger structures. We visually verify that the
encoder keeps the masked tokens separated even
in the last layer. This aligns with our findings in
Sec. 5.1, which suggest that the reconstruction loss
does not incentivize the encoder to denoise the rep-
resentations of masked tokens. Also, it enables the
model to easily identify the real tokens and can
copy them, as discussed in Sec. 5.2.

L1 L2 L3 L4 L5 L6

de en

corrupted real

Figure 17: Visualization of encoder representations
from the “mask=35%+eMLM” model.

Masking+eMLM In Fig. 17 we visualize the
“mask=35%+MLM” model. Adding eMLM makes
the masked and real tokens are indistinguishable
from each other. Intuitively, to minimize the MLM
loss the encoder must generate representations that
are predictive of the true identity of the masked to-
kens, therefore similar to real tokens. We observe a
small overlap between English and German tokens,
as there are more language-specific clusters. We
believe that is because the eMLM loss pushes the
representation to better encode the grammar and

semantics of each token.

L1 L2 L3 L4 L5 L6

de en

corrupted real

Figure 18: Layer-wise visualization of encoder repre-
sentations from the “replace=35%” model.

Replacement In Fig. 18 we visualize the “re-
place=35%” model. There is a moderate sepa-
ration between languages, slightly less than the
“mask=35%+MLM” model. However, we ob-
serve that the representations of real and fake to-
kens generally overlap with each other, unlike the
“mask=35%” model, especially in the lower layers.
This is because the model is always given as in-
put embeddings of actual words and not [MASK],
which unless contextualized all of them are treated
the same. Only in the last layer, we can see the for-
mation of a fake-only cluster. This suggests that the
pretraining objective (i.e., reconstruction) creates a
bias towards discriminating between real and fake
token. However, the separation is not as extreme as
in the masked-based models but is not obvious if
the encoder can’t or is not biased to more clearly
separate them.

L1 L2 L3 L4 L5 L6

de en

corrupted real

Figure 19: Visualization of representations from the
“replace=35%+RTD=4” model, that is trained with an
RTD head over the 4th layer of the encoder.

Replacement Token Detection In Fig. 19 we vi-
sualize the “replace=35%+RTD=4” model, that
is trained with an RTD head over the 4th layer
of the encoder. The only difference with the “re-
place=35%+RTD=6” is that the effects of RTD start
to show earlier. Compared to the “replace=35” the
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Method en→de de→en en→ne ne→en en→si si→en
wmt18 wmt19 wmt18 wmt19

random 26.2±0.1 25.3±0.1 27.6±0.1 19.1±0.3 3.3±0.1 6.5±0.1 2.5±0.1 6.5±0.1

mask=35% 33.3±0.1 30.7±0.2 33.2±0.0 25.4±0.0 5.1±0.1 10.2±0.1 3.7±0.0 10.0±0.1

mask=35% +eMLM 33.4±0.0 30.6±0.1 33.5±0.1 25.2±0.2 5.3±0.0 10.8±0.1 4.0±0.0 10.4±0.1

mask=35% (span) 33.3±0.1 30.5±0.1 33.4±0.0 25.2±0.0 5.1±0.1 10.1±0.1 3.9±0.1 9.9±0.1

shuffle=5 31.6±0.1 28.7±0.0 31.7±0.0 23.9±0.1 4.9±0.0 9.9±0.1 3.4±0.0 10.1±0.1

replace=35% 33.9±0.0 30.3±0.2 33.5±0.1 25.4±0.1 5.1±0.1 9.9±0.1 3.7±0.0 9.8±0.0

replace=35% +RTD 32.9±0.1 30.0±0.0 32.5±0.0 24.4±0.1 5.0±0.0 9.9±0.1 3.4±0.1 9.7±0.2

replace=35% +tied 34.2±0.0 30.8±0.1 33.7±0.1 25.3±0.2 5.3±0.0 10.6±0.1 3.7±0.0 10.5±0.1

+ shuffle=3 34.0±0.0 31.1±0.1 33.4±0.1 25.1±0.2 5.5±0.0 11.0±0.0 4.0±0.0 10.8±0.1

+ dec: mask=15% 33.9±0.1 30.9±0.0 33.6±0.1 25.3±0.2 5.5±0.0 10.5±0.0 3.9±0.0 10.4±0.0

+ dec: replace=15% 34.5±0.1 30.7±0.1 33.4±0.0 25.6±0.1 5.6±0.0 10.5±0.1 3.9±0.0 10.7±0.1

Table 5: Finetuning results to supervised NMT. “dec:X” denotes method that add noise to the the decoder. We
report the average of 3 runs and the standard error of the mean.

representations are more clustered and less spread-
out, even in the lower layers. The real and fake
tokens are much better separated, and the separa-
tion peaks at layer 4, which visually verifies the
bias introduced by RTD, but the separation is not
as extreme as for masking noise. Although this
suggests that separating masked/original words is
harder than real/fake, it also depends on the weight
used for the RTD loss during pretraining, which is
not something we have explored. Also, the visual-
ization suggests that the separation remains approx-
imately constant in the remaining layers. There
is no perceptible difference with “replace=35” in
terms of language.

L1 L2 L3 L4 L5 L6

de en

corrupted real

Figure 20: Visualization of representations from the
“shuffle=5” model.

Shuffling In Fig. 20 we visualize the “shuffle=5”
model. We observe a strong separation between
languages, that slightly decreases in the upper lay-
ers. The language clusters are relatively large, un-
like the much smaller and local language-specific
clusters seen in the other models. As for noise,
initially all tokens are represented similarly, but
as the encoder re-contextualizes the input, it puts
more misplaced tokens in separate clusters. This
shows that the model becomes progressively more
“aware” about the misplaced tokens in the input.

After manual inspection of the clusters with cor-
rupted tokens, we found that the majority of them
contain punctuation marks. This makes intuitive
sense, as it should be easy for the model to identify
punctuation marks that has been misplaced.

D Additional NMT Experiments

In Table 5 we report some additional results for
supervised NMT 4.1 omitted from the main pa-
per. Besides combining shuffling and word re-
placements in the input, we also introduce noise
in the decoder side, by randomly replacing 15%
words of the decoder’s input with the [MASK]
token (“dec:mask=15%”) or with samples from
the generator (“dec:replace=15%”). Note that, we
reduce the amount of noise in this case to avoid
disrupting training. Overall, we observe that both
methods increase performance in some language
pairs, but the improvements are marginal.

We also experimented with RTD over shuffled
inputs, by training the model to explicitly detect if
words were misplaced or not, but this configuration
lead to poor results.

Bowman et al. (2016) reported that masking more than
20% of words in the decoder hurts its LM capabilities.
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Abstract

Dialogue generation has been improved
through injecting knowledge into generative
models. However, addition of knowledge
through simple selection of sentences or para-
graphs is likely to introduce noise and dimin-
ish the effectiveness of the generative models.
In this paper, we present a novel Knowledge
Term Weighting Model (KTWM) that in-
corporates term-level de-noising of the se-
lected knowledge. KTWM includes a mod-
ule for generating Simulated Response Vec-
tors (SRVs) and uses SRVs attention distri-
butions with the knowledge embeddings to
determine knowledge term weights. Our
experiments demonstrate that KTWM, com-
bined with various knowledge selection algo-
rithms, consistently achieves statistically sig-
nificant improvements over methods without
term weighting when applied to two publicly
available datasets Wizard of Wikipedia (Wiz)
and Holl-E. The results are particularly im-
proved for the Wiz test data with unseen topics,
demonstrating the robustness of the KTWM
noise-reduction approach.

1 Introduction

Research in dialogue generation has rapidly
evolved from sequence-to-sequence (Sutskever
et al., 2014) and Transformer models (Vaswani
et al., 2017) to approaches with pre-trained models
such as BERT (Devlin et al., 2019), XLNet (Yang
et al., 2019) and T5 (Raffel et al., 2020). More
recently, it included techniques that use knowledge,
in addition to the original posts, to improve the
quality of the generated responses (Ghazvinine-
jad et al. (2018), Moghe et al. (2018), Dinan et al.
(2019), Galley et al. (2019), Lian et al. (2019),
Zheng and Zhou (2019), Zhao et al. (2020a), Zhao
et al. (2020b)).1 This approach is referred to as

1Previous works used a variety of terms to refer to a post
such as ‘question’, ‘utterance’,‘source’ and ‘query’. Similarly

Post: I am a big fan of education. I think people don’t
realise how important it is.
Ground-truth response: Sure, education is important
since it facilitates learning and the acquisition of skills.
Knowledge terms weighted by KTWM:
Education is the process of facilitating learning , or the
acquisition of knowledge , skills , values , beliefs , and
habits

Response generated by KTWM: I agree. Education is a
great way to learn about facilitating learning.

0 0.2 0.4 0.6 0.8 1

Table 1: Example of a post, ground truth response,
injected knowledge and generated response by the
Knowledge Term Weighting Model (KTWM). The
term highlights indicate the predicted probability of a
term being useful.

knowledge-grounded dialogue generation and is
the primary concern of this paper.

In particular, we consider the key issue of effec-
tively incorporating the selected knowledge into
the generation process. For example, Weston et al.
(2018) apply a retrieve and refine method to expand
the post with the retrieved knowledge and then use
it in the generation process. Lian et al. (2019) con-
sider the post and response posterior distributions
and the post prior distribution to train jointly the
model for knowledge selection and response gener-
ation. Kim et al. (2020) view the knowledge selec-
tion as a sequential decision problem, first selecting
the best ranked knowledge using a sequential la-
tent variable model, and then generating a response
based on selected knowledge.

To the best of our knowledge, all prior ap-
proaches focus on the selection and injection of
knowledge at the sentence or paragraph level. How-
ever, that makes it hard to control for potential

for response they used ‘answer’, ‘response’, and ‘target’. In
this paper we call the first role the ‘post’ and the second role
the ‘response’ and we aim to generate the response for the
given post.
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noise, i.e., for inclusion of non-relevant words, and
previous studies (Galley et al. (2019), Zheng et al.
(2020)) have shown that adding noise can decrease
the response generation quality. Therefore, it is
important to investigate whether and how we can
adjust the contributions of terms in the selected
knowledge. Prior research has not considered that
issue systematically.

Our paper fills this gap by introducing a novel
Knowledge Term Weighting Model (KTWM) for
dialogue generation, which effectively estimates
term weights of the injected knowledge and incor-
porates such weights into the response generation.
The response generation thus benefits from such
nuanced term-level knowledge weighting, promot-
ing important knowledge terms rather than treating
equally all the terms in the selected sentences. In
Table 1 we show an example of the KTWM term
weighting and its generated response: the terms
‘education’, ‘is’, ‘facilitating’ and ‘learning’ are
given higher weights correctly as they do appear in
the ground-truth response, while the words ’values’
and ‘beliefs’ are correctly assigned lower scores.

We conducted an extensive range of experiments
with KTWM on two publicly available datasets:
Wiz (with seen and unseen test topics) (Dinan et al.,
2019) and Holl-E (Moghe et al., 2018). KTWM
performs consistently well with different selec-
tions of knowledge, specifically with Post-KS (Lian
et al., 2019), SKT (Sequential Latent-Knowledge
Selection) (Kim et al., 2020) and TED (Trans-
former with Expanded Decoder) (Zheng and Zhou,
2019). Our work achieves both a superior per-
formance in knowledge-grounded dialogue gen-
eration and new insights into the impact of the
knowledge term weighting on that performance.
The code of our method is publicly available at
https://github.com/tonywenuon/acl2021 ktwm and
enables reproducibility of our results.

2 Related Work

The knowledge-grounded dialogue generation can
be tackled by decomposing it into two sub-
problems: (1) selecting knowledge from a large
pool of candidates (knowledge selection), and (2)
generating a response from the selected knowledge
and context (knowledge-grounded response gener-
ation).
Knowledge-grounded Response Generation
Ever since the knowledge-based dialogue gen-
eration task was released by DSTC-7 (Galley

et al., 2019), research interest in the topic has
been steadily growing. Ghazvininejad et al.
(2018) proposed a multi-task learning approach to
produce responses. The posts and knowledge are
used in the encoders and share the same decoder
parameters. Luan et al. (2017) expanded the
scope and introduced personality information
into the model. They assumed that the trainable
parameters can potentially capture persona from
the non-conversational data (Tweets). Yavuz et al.
(2019) adopted pointer-generator networks within
a hierarchical framework that enabled them to
include external knowledge in addition to the
context. Ye et al. (2020) proposed a latent variable
based generative model, which contains a joint
attention mechanism conditioned on both context
and external knowledge. Li et al. (2019) applied
a deliberation network to create a two-stage
generative model that combines both context and
knowledge and, in the second generation stage,
makes use of the outputs from the first stage.
Zheng and Zhou (2019) proposed Transformer
with Expanded Decoder (TED) architecture that
assigns different weights to different knowledge
sources and incorporates them into the generation
process.

While the above approaches and models focus on
incorporating knowledge and context to generate
responses, they do that at the sentence or paragraph
level. Our work deals with the quality of the incor-
porated knowledge at the term level, weighing all
the individual knowledge terms when generating
the responses.

Knowledge Selection Considering the mecha-
nisms for response generation, Weston et al. (2018)
proposed to retrieve candidate content from a
knowledge set and use it to expand the post.
The result is a truncated sequence that represents
a refined post. (Lian et al., 2019) select the
knowledge by approximating the prior distribu-
tion (i.e., p(knowledge|post)) with the posterior-
distribution (i.e., p(knowledge|post, response))
and then inject it into the decoder. Kim et al. (2020)
trained a knowledge selection module and a re-
sponse generation module jointly, but treated the
knowledge selection as a sequential decision prob-
lem, using input and knowledge from the previous
turns to select the knowledge in the subsequent
turns. Zheng et al. (2020) separated the knowledge
selection process from the generation process so
that all the downstream generation tasks can use
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the selected knowledge. They mapped posts to the
best knowledge representations in both the training
and the testing phase, and used the learned models
to rank new post-knowledge pairs.

In this context, KTWM can be viewed as an op-
timization step following the knowledge selection.
It is focused on learning knowledge term weights
to distinguish between relevant and non-relevant
terms and weighing higher those that are useful for
the response generation.

3 Method

In this section we introduce the basic concepts
and describe in detail our method KTWM for
term-weighting of the injected knowledge. We
assume that for a collection of posts P and re-
sponses R, we have a collection {Kpr} of knowl-
edge sets with sentences relevant to the specific
post-response pair (p, r). For a given pair (p, r)
we consider a knowledge injection process that in-
volves three stages: (1) knowledge selection, (2)
knowledge term-weighting, and (3) decoding with
the weighted knowledge terms. Our primary fo-
cus is on (2), i.e., the effectiveness of the term-
weighting for the knowledge incorporated in the
KTWM. Thus we provide a detailed description of
the term-weighting model (Figure 1) and the use of
the KTWM decoder (Figure 2).

3.1 Knowledge Selection and Representation

We represent each post p, response r, and a knowl-
edge sentence k as a vector of terms. The set Kpr

typically contains multiple knowledge sentences
and we use BM25 retrieval method to rank the sen-
tences by their relevance to the post (in the test
phase) or response (in the training phase). For
knowledge injection we take the top ranked sen-
tence. When the knowledge injection requires a
specific number of terms to be used, we include
additional sentences from the ranked list to meet
that requirement (used in §4.4.3).

When a knowledge sentence k is retrieved based
on a response r as a query, we define a ground
truth vector GTknow for the knowledge k with the
weight of 1 assigned to the knowledge terms that
are present in r and the weight of 0 assigned to
those that are not, i.e., GTknow = (e1, e2, . . . , el),
where ei ∈ {0, 1}, i = 1, . . . , l.
Encoders. We adopt Transformer (Vaswani et al.,
2017) as the backbone framework for the training
and testing of KTWM. Transformer encoder con-

sists of a self-attention layer and a transition layer
involving the layer normalisation and residual net-
work. Formally, the attention is defined as

Attention(Q,K, V ) = softmax

(
QKT

√
dm

)
V,

(1)
where Q, K, and V are embedding matrices and dm
is the embedding dimension of the model. First we
compute the dot similarity of the Q and K and then
apply the weighted summation with V. The repre-
sentation of Q is updated with the information from
K and V. If Q, K, V originate from the same source,
e.g., an input post, the attention is referred to as
self-attention. Otherwise, if they originate from
different sources, e.g., Q relates to the decoding
token and K and V are from a post, the attention
turns to be a mutual-attention operation.

Figure 1 shows transformer encoders (encoders
for short) used for the post, knowledge, and re-
sponse representations and processing. We use w
to designate an original term and ŵ to designate the
term’s representation. In Figure 1, n, m, and l are
three pre-defined hyper-parameters which refer to
the length of the post (p), response (r), and knowl-
edge (k), respectively (e.g. wpi means the i-th term
of the post). Any sequence that is longer or shorter
than the given length will be truncated or padded
to the given length. By applying the encoder

Vpost = Encoder(wi)(i ∈ [1, n]) (2)

we obtain the post terms representations Vpost,
comprising ŵp1, ŵp2, . . . , ŵpn (in Figure 1), from
the original terms wp1, wp2, . . . , wpn. Similarly to
Vpost in Eq. (2), we obtain Vknow and Vresp as term
representations of the corresponding knowledge
and the response, respectively.

3.2 Knowledge Term Weighting

The fundamental premise of our approach is that
knowledge terms related to or present in the re-
sponse should be more effective in improving di-
alogue generation. Thus, it can be beneficial to
use methods such as attention distribution of re-
sponse and knowledge embeddings to determine
the weights of individual knowledge terms. How-
ever, in the real setting and during the test phase,
we can only use terms and knowledge related to
the post. Furthermore, the post embeddings can
significantly differ from the response ones. Thus,
assigning weights to the knowledge terms based on
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Figure 1: Architecture of the Knowledge Term Weighting Model (KTWM) showing the operations in the training
and test phase. ⊗ designates matrix multiplication; � designates element-wise multiplication.

their similarity to post embeddings is unlikely to
be sufficient (Xing et al., 2018).

For that reason, we aim to learn how to transform
the post embeddings to be effective in knowledge
term weighting. We achieve that by training a Post
Embeddings Adapter that can, for a new post, gen-
erate Simulated Response Vectors (SRVs) and use
them in place of the response vectors to score post
related knowledge terms.

To that effect, we introduce a set of Multi-Layer
Perceptrons (MLPs):

MLP =
n∑

i=1

ŵpiWi + b (3)

ŵsj = MLPj(ŵp1, ŵp2, . . . , ŵpn)(j ∈ [1,m])
(4)

where Wi and b are trainable parameters for each
term pi of the post p; ŵsj is the representation
of the j-th term of the simulated response vector
(SRV). The number of MLPs is the same as the
number of terms in a given response.

During the training phase, MLPs learn the trans-
formation of the post embeddings into SRVs that
captures the ground truth response representation

for a given post p. SRVs are then used to assign
appropriate weights to the knowledge terms when
response information is not available.
SRVs Approximation and Training. The train-
ing phase begins with Vpost, Vknow, Vresp and ran-
domly initiated parameters of MLPs to produce the
initial set of VSRVs for a given post. Each iteration
then involves comparison of (a) the response em-
beddings Vresp and knowledge embeddings Vknow,
and (b) SRVs with the knowledge embeddings
Vknow. More precisely, we compute the term-wise
attention distributions Ark and Ask:

Ark = sigmoid(VrespV T
know) (5)

Ask = sigmoid(VSRVsV
T
know) (6)

where Ark ∈ Rm×l and Ask ∈ Rm×l; m and l are
hyper-parameters that are the maximum length of
the response and knowledge sentence.
Ark reflects the relationship between the re-

sponse terms and the knowledge terms: for each
response term, Ark includes attention scores with
all knowledge terms. Similarly, Ask includes at-
tention scores between SRVs and the knowledge
representations. The knowledge terms with larger
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response-knowledge attention scores are expected
to produce output closer to the true response. In
the training phase, that is guided by the filtering
loss for Ark:

Lfilter = BCE(GTknow,Mean(Ark)) (7)

where GTknow is the knowledge ground truth vec-
tor which indicates whether the knowledge terms
appear in the corresponding response or not and
BCE is the Binary Cross Entropy loss function.
Mean(·) computes the mean values for knowledge
terms (in the matrix columns) across response
terms (Mean(·) ∈ Rl).

At the same time we aim to train MLPs to create
SRVs similar to the response representations Vresp.
In each iteration we compute and compare Ask to
Ark and apply the approximation loss function:

Lapprox = MSE(Mean(Ark),Mean(Ask)) (8)

where MSE(·) is the Mean Squared Error function.
Mean(·) of Ark and Ask produces l-length knowl-
edge term vectors whose values are used to charac-
terise the importance of each knowledge term. We
use these weights to update the knowledge vector:

Ṽknow = Mean(Ak)� Vknow (9)

where � denotes element-wise multiplication and
Ak corresponds to Ark in the training phase and
to Ask in the test phase. Vpost and the weighted
knowledge vector Ṽknow become input for the
KTWM decoder.

3.3 KTWM Decoder
In order to incorporate multiple sources of input,
we adopt a decoder design that is similar to the TED
model by Zheng and Zhou (2019). Figure 2 shows
the architecture of our KTWM decoder. The blue
frames are the standard Transformer decoder set-up

Figure 2: Knowledge Term Weighting Model Decoder.

with a self-attention layer and a mutual-attention
layer (for the post), followed by a feed-forward
layer.

KTWM includes an additional knowledge-
mutual-attention layer which applies the same pro-
cess to the knowledge, i.e., replicates the post-
mutual-attention layer for the knowledge. How-
ever, while TED focuses on assigning different
weights to different sources, KTWM is already
provided with scored knowledge terms. We use
VPMA to denote the post-mutual attention, VKMA

for knowledge-mutual attention and Vdec for the
decoding tokens representation matrix. With the
attention defined by Eq. (1), we can express:

VPMA = Attention(Vdec, Vpost, Vpost) (10)

VKMA = Attention(Vdec, Ṽknow, Ṽknow). (11)

The final mutual attention VMA in the decoder is
then calculated from VPMA and VKMA:

VMA = VPMA ⊕ VKMA (12)

where⊕means element-wise summation. The feed
forward layer is a standard Transformer transition
layer (Vaswani et al. (2017)).

Finally, we adopt Negative Log Likelihood
(NLL) to train the model:

LNLL = −
m∑

t=1

logP (yt|y<t, p, k). (13)

Given a post (p), knowledge (k), and the previ-
ously predicted terms (y<t), LNLL maximises the
probability of the currently predicted term. Dur-
ing the training phase, P (yt|y<t, p, k) is replaced
with P (rt|r<t, p, k), i.e., we use the ground truth
response as the input instead of the model output
from the previous steps (Goyal et al., 2016).

We assume that all three loss functions are
equally important and create the final loss func-
tion as a sum:

L = Lfilter + Lapprox + LNLL (14)

KTWM thus provides a flexible learning frame-
work, enabling injection of knowledge based on
different selection criteria. We compare KTWM
effectiveness when used with Post-KS, SKT and
TED model by incorporating the knowledge that
each of these methods selects.
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4 Experiments

We conduct empirical evaluation of KTWM com-
pared to state-of-the-art baselines.

4.1 Datasets
In our experiments we use two publicly available
datasets: Wizard of Wikipedia (Dinan et al., 2019)
and Holl-E (Moghe et al., 2018). Both are purpose-
fully created by humans editors to support dialogue
generation research.
Wizard of Wikipedia (Wiz). Dinan et al. (2019)
employed Amazon Mechanical Turk (MTurk)
workers to generate the datasets. The workers can
assume two different roles: a wizard (a teacher)
and an apprentice (a student). An apprentice asks a
question according to a given topic and a wizard an-
swers the question based on the provided question-
related information (retrieved from Wikipedia).
The response can quote the retrieved knowledge
or can be generated entirely by the wizard with-
out considering the knowledge. Thus, for each
question-response pair there is related knowledge
that can be used for knowledge-grounded dialogue
generation research.

The Wiz dataset consists of 22,311 dialogues
with 201,999 dialogue turns divided into a training
dataset and two test datasets referred to as seen test
set and unseen test set. The seen test set includes
topics that have already been seen in the training
set. In the unseen dataset, there are topics that may
not have been included in the training dataset.
Holl-E Moghe et al. (2018) also made use of
MTurk workers to create an annotated dataset that
focuses on movies as two workers talk with each
other about a chosen movie. When answering an-
other worker’s question, one is provided with four
sources: movie plots, reviews, comments, and fact
tables related to the movies. These sources can be
considered as background knowledge. The final re-
sponse is produced by copying from the sources or
by modifying the sources. The Holl-E dataset pro-
vides training set and test test and contains 9,071
conversations, covering 921 movies.

4.2 Metrics, Setup and Baselines
Metrics. For performance evaluation, we adopted
standard lexical-based metrics: BLEU (Papineni
et al., 2002), METEOR (Lavie and Agarwal, 2007)
and embedding-based metric: BOW Embedding
(Liu et al., 2016). BLEU 1-4 metrics measure co-
occurrence of n-gram terms in two given sequences,

e.g., the generated responses and the ground truth
responses. METEOR is an adaptation of BLEU
that considers the presence of synonyms and com-
mon word stems. BOW Embedding measures the
similarity of two sentences from the semantic per-
spective. Specifically, it computes the average
metric, greedy metric and extrema metric based
on word embeddings of compared sentences. The
average metric considers cosine distance between
pairs of sentence-level representations (e.g., the
predicted response and ground truth response) by
averaging the representations of their constituent
words and calculates the average across all pairs.
The greedy metric considers the maximum cosine
scores along rows and columns in the similarity
matrix. The extrema metric of two sentences first
creates a sentence vector with the highest word-
embedding values (along the dimension) and then
computes the similarity score. BLEU, METEOR2

and BOW Embedding3 are calculated using NLG
evaluation sources.

Experiment Setup. For the sake of comparison,
we fixed a set of parameters across all the experi-
ments. The number of dimensions in embeddings
is set to 100. The vocabulary size is 30,000. The
vocabulary is obtained by ranking terms by word
frequency in the training set. The minimum se-
quence length is set to 8 and the maximum length is
30. We train using mini-batches of size 64. We use
Adam optimiser (Kingma and Ba, 2015) for optimi-
sation. The initial learning rate is set to 0.001 and
halved when the loss score does not decrease for
two epochs. In the training phase we use response-
retrieved knowledge, i.e., the sentences retrieved
by BM25 algorithm using responses as queries (see
Figure 1). The top 1 ranked knowledge sentence
is injected into KTWM. In the test phase, we re-
trieve knowledge using BM25 algorithm and posts
as queries. All the experiments are conducted on a
single TITAN V GPU. For Wiz dataset, an experi-
ment requires about 6 hours to complete, while for
Holl-E about 2.5 hours.
Baselines. We compare KTWM with three strong
baselines:

Post-KS (Lian et al., 2019) uses an elaborate
knowledge selection module and injects the se-
lected knowledge into a generative model by ap-
proximating prior-distribution (i.e., p(k|p)) with
posterior-distribution (i.e., p(k|p, r)).

2https://github.com/Maluuba/nlg-eval
3https://github.com/neural-dialogue-metrics/EmbeddingBased.
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SKT (Kim et al., 2020) considers knowledge
selection as a sequential problem. It jointly trains
a knowledge selection and a generative model by
taking into account inputs and knowledge from
previous turns.

TED (Zheng and Zhou, 2019) uses a knowledge-
grounded generative model that assigns different
weights to different sources when generating re-
sponses. It applies knowledge ranking using BM25,
which is the same as in our setting.

4.3 Experiment Design
Our experiments focus on term weighting of the
selected knowledge rather than the knowledge se-
lection itself. Since the baseline models (Post-KS4,
SKT5 and TED6) incorporate knowledge selections,
we conduct a comparative evaluation of KTWM
by incorporating knowledge specific to each base-
line method. Furthermore, since all three baselines
inject knowledge at the sentence level, by select-
ing the top ranked sentence, we do the same with
KTWM.

4.4 Experiment Results
4.4.1 Performance of Generating Response
We summarize KTWM experiments with the Wiz
and the Holl-E datasets in Table 2. Results for
the Wiz seen and unseen test sets are in Table 2,
sections (a) and (b), respectively. Results for the
Holl-E dataset are in Table 2, section (c). Since
METEOR extends BLEU metrics by considering
word stems and synonyms, we take it as the main
metric for discussing the experiment results. We
observe that:

(1) For all of three datasets, KTWM outperforms
each baseline method across all lexical and embed-
dings based metrics with a statistically significant
difference.

(2) KTWM with Post-KS knowledge achieves
the largest relative improvement considering the
METEOR score: increase of 45.3%, 54.5% and
40.0% for the three test sets, respectively.

(3) For the Holl-E dataset, KTWM with TED
knowledge outperforms other two baseline models.
TED knowledge comprises top sentences retrieved
using BM25 algorithm.

(4) On the Wiz datasets, KTWM achieves a re-
markable performance in terms of BLEU-1 and

4https://github.com/bzantium/Posterior-Knowledge-Selection
5https://github.com/bckim92/sequential-knowledge-transformer
6https://github.com/tonywenuon/Transformer ED

Figure 3: Effects of the increased number of knowledge
terms on the KTWM performance (Wiz seen test set).

METEOR scores. A consistent and strong perfor-
mance in the Wiz unseen test data indicates the
robustness and generalization of KTWM.

4.4.2 Results of Knowledge Term Weighting
The loss function (Eq. (7)) controls KTWM ability
to distinguish between relevant and non-relevant
knowledge terms, similar to a binary classifier. We
set a threshold of 0.5 for a knowledge term’s pre-
dicted score and consider the overlap between the
predicted and the truth useful knowledge terms.
This leads to precision/recall evaluation of the pos-
itive and the negative class prediction. Table 3
shows results from the Wiz seen test set. They
are representative of the results for the other two
datasets.

We observe that the precision of predicting use-
ful terms is 50% and noisy terms is over 91% (with
a high F-1 score, 94%). Thus KTWM term weight-
ing is effective in detecting noisy terms while only
half of the predicted useful terms overlap with the
ground truth terms. Since noisy terms are assigned
lower term weights, KTWM is effective improving
the dialogue generation performance. Appendix A
shows illustrations of the KTWM noise reduction.

4.4.3 Analysis of Input Sequence Length
We analyze the effects of knowledge de-noising
by considering the useful terms proportion (UTP)
as we increase the number of injected knowledge
terms: UTP = Num of distinct useful terms

Num ofall injected terms . We
use UTPK for UTP when the number of injected
knowledge terms is K (e.g., UTP30 for 30 knowl-
edge terms). Our analysis shows that UTP30 is
12.23% and UTP gradually decreases with addi-
tionally injected knowledge leading to UTP300 of
only 3.35%. Figure 3 shows a gradual decline of
the KTWM performance with the increased length
of injected knowledge, as the proportion of noisy
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Generation Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR Average Greedy Extrema
(a) Wiz seen test data
Post-KS 17.56 6.35 2.68 1.35 5.96 0.611 0.364 0.334
KTWM w Post-KS knowledge 21.98* 10.03* 5.56* 3.44* 8.66* 0.684* 0.394* 0.376*
SKT 16.45 7.97 4.75 3.14 7.29 0.639 0.385 0.366
KTWM w SKT knowledge 22.00* 10.0* 5.47* 3.35 8.59* 0.681* 0.398* 0.370
TED 20.26 9.43 5.32 3.35 8.45 0.658 0.385 0.366
KTWM w TED knowledge 21.86 10.02 5.51 3.35 8.66* 0.682* 0.394* 0.374*
(b) Wiz unseen test data
Post-KS 17.25 5.58 2.03 0.81 5.5 0.598 0.352 0.305
KTWM w Post-KS knowledge 21.66* 8.98* 4.41* 2.41* 8.5* 0.681* 0.388* 0.361*
SKT 14.09 5.72 2.89 1.72 5.8 0.591 0.36 0.304
KTWM w SKT knowledge 20.46* 8.07* 3.85* 2.03* 7.77* 0.664* 0.38* 0.337*
TED 19.28 7.83 3.83 2.09 7.02 0.634 0.363 0.327
KTWM w TED knowledge 20.46* 8.32* 4.03* 2.17* 7.92* 0.668* 0.379* 0.342*
(c) Holl-E dataset
Post-KS 14.07 7.07 4.96 3.81 5.98 0.639 0.382 0.333
KTWM w Post-KS knowledge 19.91* 11.0* 8.02* 6.42* 8.37* 0.675* 0.387* 0.350*
SKT 21.54 13.81 10.94 9.17 8.48 0.637 0.391 0.333
KTWM w SKT knowledge 23.05* 13.96* 10.66 8.71 9.73* 0.673* 0.389 0.362*
TED 21.62 13.71 10.83 9.17 9.13 0.685 0.414 0.366
KTWM w TED knowledge 22.42* 14.01* 10.98 9.28 10.2* 0.688* 0.402* 0.366

Table 2: KTWM performance on the Wiz seen and unseen test data and Holl-E dataset with different knowledge
sources. Comparison with Post-KS, SKT and TED models. ‘*’ indicates statistical significance (p < 0.05). Bold
indicates the best performance for a given metric. ‘w’ denotes ‘with’, i.e., injecting the knowledge source that is
used in a specific baseline model.

Name Prec Rec F-1
Useful Term Prediction 0.50 0.32 0.39
Noisy Term Prediction 0.92 0.96 0.94

Table 3: Precision, Recall, and F-1 scores for the useful
and noisy term predictions on the Wiz seen test set.

terms increases.

We also investigate the effects of the loss func-
tions Lfilter and Lapprox on the KTWM perfor-
mance by running experiments with and without
them. In Table 4 we show the results on the Wiz
seen test set using BM25 to select knowledge.
We note that, after removing Lfilter loss func-
tion, BLEU-1 and Average scores decrease, while
BLEU-4 and METEOR scores increase. Since
Lfilter aims to ensure that relevant response terms
are promoted, it is not surprising that the metrics fo-
cused on unigrams are most affected. However, this
impact on KTWM is less notable than the removal
of the Lapprox. Without Lapprox, the KTWM
loses the ability to align simulated response vectors
SRVs with the response embeddings to capture the
attention distribution between the knowledge and
the response embeddings that is needed to score
knowledge terms. This increases the noise ratio
and reduces the KTWM performance scores across
all metrics.

Name BLEU-1 BLEU-4 METEOR Average
KTWM 21.86 3.35 8.66 0.682
- w/o LFilter 20.69 3.67 8.77 0.661
- w/o LApprox 7.49 1.59 5.42 0.598

Table 4: Ablation study of the multi-component loss
function on the Wiz seen test set. w/o means ‘without’.

5 Conclusions

Current knowledge-grounded dialogue models se-
lect and inject knowledge either through traditional
(unsupervised) retrieval technique, such as BM25,
or by incorporating knowledge selection within the
dialogue generation model. Most of them incorpo-
rate knowledge as sentences or paragraphs. Past
research provided evidence (Galley et al. (2019),
Zheng et al. (2020)) that inserting useful terms can
increase the response generation performance but it
is necessary to control for negative effects of noisy
terms.

In our work, we introduce a novel Knowledge
Term Weighting Model (KTWM) that performs
knowledge term-level weighting and de-noising of
injected knowledge. We demonstrate that KTWM
effectively estimates weights of knowledge terms
and yields better response generation performance
than state-of-the-art baseline models when evalu-
ated on two broadly used datasets. Besides the su-
perior response generation outcomes, our research
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provides important insights into the importance
of the knowledge term weighting. As part of our
future work we intend to (1) extend the KTWM
models to incorporate multiple sources of evidence,
such as balancing between selected knowledge and
dialogue contexts (i.e., previous dialogue turns)
and (2) take into account inter-dependencies among
terms when weighting the selected knowledge.
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Appendix

A Examples of Knowledge Term Weights
and KTWM Generated Responses

In Table 5 and 6 we present examples of
post/response pairs and selected knowledge with
terms weighted by KTWM.

As explained in §4.4.2, we use a threshold of
0.5 on term scores to classify terms into useful and
noisy ones and study the effect of this selection on
the overall performance of KTWM. In the exam-
ples, we visually show the weights of each terms.
Terms are highlighted in different shades of blue
colour according to the weight (note the colour
legend at the bottom of the tables). All the exam-
ples are extracted from the Wiz seen test set. They
are sorted by the number of words that exceed the
threshold.

In Table 5 we see that the key words are tagged
with dark blue, indicating that KTWM has assigned
high weights to them. From the KTWM generated
responses, we can see that if the words appear in
the post and ground-truth response simultaneously,
the KTWM works effectively, i.e., can correctly
incorporate injected knowledge into the generated
response.

On the other hand, the negative examples in Ta-
ble 6 show that the term scoring can be ineffective
if there is no good overlap with the ground truth
response. We observe in these examples that most
of the words with relatively high scores do not ex-
ist in both post and response. At the same time,
if the injected knowledge does not contain useful
terms, the produced responses might be irrelevant.
In Table 6, most of terms have light blue colour,
indicating that KTWM detected a relatively low
importance of these terms correctly.

The examples in these two tables also confirm
statistical results shown and discussed in §4.4.3.
KTWM term weights still induce noise, especially
when the injected knowledge does not contain use-
ful terms (i.e. terms that present in the ground truth
response), resulting in a worse response generation
performance.

We note that the both sets of examples include
highlighted punctuation (e.g., ‘,’) and language
structural terms (e.g., ‘the’, ‘is’) which obtain high
KTWM weights. We assume that such terms are
widely distributed in post and response sets and
therefore detected as important.

Post: I love avengers!! Have you watched the Infinity War
movie? I think it was really good and I can’t wait till the
next movie to find out what happens.
Response: The Avengers Infinity War was so good. What
a cliff hanger. Blows my mind that the Avengers made their
comic debut way back in 1963.
Knowledge Terms Weighted by KTWM:
In ” Avengers : Infinity War ” , the Avengers join forces
with the guardians of the galaxy to confront Thanos , who
is trying to collect the infinity stones

Response generated by KTWM: I love the Avengers.
the Avengers was the Avengers, Infinity War. He is such a
great show.
Post: I have never actually been to a horse race in Kentucky,
where is the Derby held at anyways?
Response: Louisville Kentucky, it ends the Kentucky
Derby festival usually.
Knowledge Terms Weighted by KTWM:
The Kentucky Derby presented by Woodford reserve is a
horse race that is held annually in Louisville , Kentucky ,
United States , on the first Saturday in may .

Response generated by KTWM: I’m not sure but I know
that it is located in Kentucky race in the United States and
Canada.
Post: New York city is quite impressive.
Response: Yeah they say that New York and LA are the
two largest markets in our country.
Knowledge Terms Weighted by KTWM:
The city of New York , often called New York City or
simply New York , is the most populous city in the United
States

Response generated by KTWM: Yes, it is. The city of
New York is the most populous city in the United States.
Post: Hi there! I drive a Honda Civic. Do you have a car?
Response: I have a VW golf, but was looking to change
to a Honda Civic. I heard that the Civic has got larger
throughout the years.
Knowledge Terms Weighted by KTWM:
The Honda Civic type R is the highest performance version
of the Honda Civic made by Honda Motor company of
Japan

Response generated by KTWM: I have a Honda Civic.
They are the second most commonly used in the US in
Japan.
Post: Well that’s interesting, but seems like it could get
confusing! I bet humans have been hiking ever since we
could walk though!
Response: Yeah hiking has been around for ever, the term
bush walking is endemic to Australia.
Knowledge Terms Weighted by KTWM:
Hiking is the preferred term , in canada and the united
states , for a long , vigorous walk , usually on trails (
footpaths ) , in the countryside

Response generated by KTWM: Well, hiking is a long
term hiking is used in the United States, and the
countryside on trails.

0 0.2 0.4 0.6 0.8 1

Table 5: Positive cases that the injected knowledge is
properly weighted by the proposed KTWM model. The
background colour stands for the probability of being a
useful term.
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Post: Yes, indeed. What cultural meanings come to mind
when you think of dance?
Response: Some of its many functions that come to mind
are social, ceremonial, and competitive in meaning.
Knowledge Terms Weighted by KTWM:
One open question regarding the nature of the mind is the
mind body problem , which investigates the relation of the
mind to the physical brain and nervous system
Response generated by KTWM: I’m not sure but I do
know that the spiritual core is associated with mind and
mind.
Post: I have written a few historical fiction novels that i
am currently trying to get published.
Response: That’s really cool, historical fiction is such a
fun genre to read.
Knowledge Terms Weighted by KTWM:
Historical romance ( also historical novel ) is a broad
category of fiction in which the plot takes place in a setting
located in the past
Response generated by KTWM: That’s great. I love
romance novels. It’s a broad category of historical fiction,
and fantasy.
Post: I would have to say Snooki still, she is such a ball of
fire.
Response: Since you like Snooki so much, did you hap-
pen to see the Spinoff of Jersey shore called ”Snooki and
Jwoww”?
Knowledge Terms Weighted by KTWM:
She attended Columbia high school , in east greenbush ,
New York , and New York Institute of Technology
Response generated by KTWM: I don’t know much
about Vietnamese style, but i know it has been around
since 1700
Post: Are they popular in other areas of the world like
Europe or Asia ?
Response: Similarly! In the European Union vehicles in
this size are known as large good vehicles.
Knowledge Terms Weighted by KTWM:
Western civilisation traces its roots back to western Europe
and the western Mediterranean
Response generated by KTWM: I’m not sure, but I
do know that they are native to the Mediterranean
Mediterranean cuisine.
Post: Wow that’s interesting. The food world has really
diversified.
Response: Yeah or you can cook without heat. Like in
south America they make Ceviche, which is fish that is
cooked in lemon or lime juice and the acid cooks the fish.
Knowledge Terms Weighted by KTWM:
Bow Wow Wow are an English 1980s new wave band ,
created by Malcolm Mclaren
Response generated by KTWM: Yes, it is! It’s the
world’s most popular foods in the world.

0 0.2 0.4 0.6 0.8 1

Table 6: Negative cases that the injected knowledge is
not properly weighted by the proposed KTWM model.
The background colour stands for the probability of be-
ing a useful term.
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Abstract

The field of natural language understanding
has experienced exponential progress in the
last few years, with impressive results in sev-
eral tasks. This success has motivated re-
searchers to study the underlying knowledge
encoded by these models. Despite this, at-
tempts to understand their semantic capabil-
ities have not been successful, often lead-
ing to non-conclusive, or contradictory con-
clusions among different works. Via a prob-
ing classifier, we extract the underlying knowl-
edge graph of nine of the most influential lan-
guage models of the last years, including word
embeddings, text generators, and context en-
coders. This probe is based on concept relat-
edness, grounded on WordNet. Our results re-
veal that all the models encode this knowledge,
but suffer from several inaccuracies. Further-
more, we show that the different architectures
and training strategies lead to different model
biases. We conduct a systematic evaluation
to discover specific factors that explain why
some concepts are challenging. We hope our
insights will motivate the development of mod-
els that capture concepts more precisely.

1 Introduction

Natural language processing (NLP) encompasses a
wide variety of applications such as summarization
(Kovaleva et al., 2019), information retrieval (Zhan
et al., 2020), and machine translation (Tang et al.,
2018), among others. Currently, the use of pre-
trained language models has become the de facto
starting point to tackle most of these tasks. The
usual pipeline consists of finetuning a pre-trained
language model by using a discriminative learning
objective to adapt the model to the requirements of
each task. As key ingredients, these models are pre-
trained using massive amounts of unlabeled data
that can include millions of documents and billions
of parameters. Massive data and parameters are

supplemented with a suitable learning architecture,
resulting in a highly powerful but also complex
model whose internal operation is hard to analyze.

The success of pre-trained language models has
driven the interest to understand the mechanisms
they use to solve NLP tasks. As an example, in
the case of BERT (Devlin et al., 2019), one of
the most popular pre-trained models based on the
Transformer (Vaswani et al., 2017), several studies
have attempted to access the knowledge encoded in
its layers and attention heads (Tenney et al., 2019b;
Devlin et al., 2019; Hewitt and Manning, 2019). In
particular, Jawahar et al. (2019) shows that BERT
can solve tasks at a syntactic level by using Trans-
former blocks to encode a soft hierarchy of features
at different levels of abstraction. Similarly, Hewitt
and Manning (2019) show that BERT is capable
of encoding structural information from text. In
particular, using a structural probe, they show that
syntax trees are embedded in a linear transforma-
tion of the encodings of BERT.

In general, previous efforts have provided strong
evidence indicating that current pre-trained lan-
guage models encode complex syntactic rules.
However, relevant evidence about their abilities to
capture semantic information remains still elusive.
As an example, Si et al. (2019) attempts to locate
the encoding of semantic information as part of
the top layers of Transformer architectures finding
contradictory evidence. Similarly, Kovaleva et al.
(2019) focuses on studying knowledge encoded
by self-attention weights. Their results provide
evidence for over-parameterization but not about
language understanding capabilities.

In this work, we study to what extent pre-trained
language models encode semantic information. As
a key source of semantic knowledge, we ana-
lyze their ability to encode the concept relations
embedded in the conceptual taxonomy of Word-
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Net1 (Miller, 1995). Understanding, organizing,
and correctly using concepts is one of the most re-
markable capabilities of human intelligence (Lake
et al., 2017). Therefore, quantifying the ability
that a pre-trained language model can exhibit to en-
code the conceptual organization behind WordNet
is highly valuable. This knowledge may provide
useful insights into the inner mechanisms that these
models use to encode semantic information. Fur-
thermore, identifying what they find difficult can
provide relevant insights into how to improve them.

Unlike most previous works, we do not focus on
a particular model but target a large list of the most
popular pre-trained language models. In this sense,
one of our goals is to provide a comparative analy-
sis of the benefits of different approaches. Follow-
ing Hewitt and Manning (2019), we study semantic
performance by defining a probing classifier based
on concept relatedness according to WordNet. Us-
ing this tool, we analyze the different models, en-
lightening how and where semantic knowledge
is encoded. Furthermore, we explore how these
models encode suitable information to recreate the
structure of WordNet. Among our main results,
we show that the different pre-training strategies
and architectures lead to different model biases.
In particular, we show that contextualized word
embeddings, such as BERT, encode high-level con-
cepts and hierarchical relationships among them,
creating a taxonomy. This finding corroborates
previous work results (Reif et al., 2019) that claim
that BERT vectors store sub-spaces that correspond
with semantic knowledge. Our study also shows ev-
idence about the limitations of current pre-trained
language models, demonstrating that they have dif-
ficulties to encode specific concepts. For example,
all the models struggle with concepts related to
“taxonomical groups”. Our results also reveal that
models have distinctive patterns regarding where in
the architecture they encode the semantic informa-
tion. These patterns are dependant on architecture
and not on model sizes.

2 Study methodology

Probing methods consist of using the representa-
tion of a frozen pre-trained model to address a
particular task. If the probing classifier succeeds
in this setting but fails using an alternative model,

1WordNet is a human-generated graph, where each one
of its 117000 nodes (also called synsets) represent a concept.
In this work, we use hyponymy relations, representing if a
concept is a subclass of another.

it means that the source model encodes the knowl-
edge needed to solve the task. Furthermore, the
classifier’s performance can be used to measure
how well the model captures this knowledge (Con-
neau et al., 2018). We use a probing method at
the semantic level applying it to the nine models
presented in Section 2.2. Our study sheds light on
whether the models encode relevant knowledge to
predict concept relatedness in Wordnet.

To study how accurately the models encode se-
mantic information, we measure correctness in
predicted relations among concepts at two levels:
(a) pair-wise-level by studying performance across
sampled pairs of related or unrelated concepts, and
(b) graph-level by using pair-wise predictions to
reconstruct the actual graph. We describe both ap-
proaches in Sections 2.3 and 2.4, respectively.

2.1 WordNet splits and sampling

We partitioned the available WordNet synsets at
70/15/15 for training, validation and test sets re-
spectively. Our experimental setup ensures no over-
lap in concepts among these sets. As an example,
if the concept related to “house” fell in the training
set, then all its lemmas are considered in this par-
tition (e.g. “home”, “residence”, etc.), and neither
this concept nor those lemmas will be present in
the validation or test sets. Our sampling setup also
balances the number of times each concept acts as
hypernym or as a hyponym in the relation, when-
ever possible. Thus the benefit of learning whether
a word is a “prototypical hypernym”, as pointed
out by Levy et al. (2015), is close to zero. Further
details are available in Appendix A.1.

2.2 Word embedding models

This study considers the most influential language
models from recent years. We consider the es-
sential approaches of three model families: non
contextualized word embeddings (NCE), contex-
tualized word embeddings (CE), and generative
language models (GLM). We consider Word2Vec
(Mikolov et al., 2013) and GloVe (Pennington et al.,
2014) for the first family of approaches. For the CE
family, we consider ELMo (Peters et al., 2018b),
which is implemented on a bidirectional LSTM ar-
chitecture, XLNet (Yang et al., 2019), and BERT
(Devlin et al., 2019) and its extensions ALBERT
(Lan et al., 2020) and RoBERTa (Liu et al., 2019),
all of them based on the Transformer architecture.
GPT-2 (Radford et al., 2018) and T5 (Raffel et al.,
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Figure 1: Inputs to the edge probing classifier correspond to the model embeddings M(x) and M(y) of concepts
x and y, respectively. M(x) and M(y) are projected into a common lower dimensionality space using a linear
layer. The resulting embeddings x′ and y′ are concatenated and fed into a Multi-Layer Perceptron that is in charge
of predicting if the concept pair is related or not.

2019) are included in the study to incorporate ap-
proaches based on generative language models.

For models in the CE and GLM families, the
embedding is extracted after running the model on
a sentence where the concept is used in context.
Then we discard the context and keep only the first
token that correspond to the specific mention of the
concept. Finally we concatenate the hidden states
of every layer of the model, for the selected token.

2.3 Semantic probing classifier

We define an edge probing classifier that learns to
identify if two concepts are semantically related.
To create the probing classifier, we retrieve all the
glosses from the Princeton WordNet Gloss Corpus2.
This dataset provides WordNet’s synsets gloss sen-
tences with annotations identifying occurrences of
concepts within different sentence contexts. The
annotations provide a mapping of the used words
to their corresponding WordNet node. We sam-
ple hypernym pairs A, B. Then, from an unrelated
section of the taxonomy, we randomly sample a
third synset C, taking care that C is not related
to either A or B. Then, 〈A,B,C〉 forms a triplet
that allows us to create six testing edges for our
classifier. To train the probing classifier, we define
a labeled edge {x, y, L}, with x and y synsets in
{A,B,C}, x 6= y. L ∈ {0, 1} is the target of the
edge. If y is direct or indirect parent of x, L = 1,
while L = 0 in other case. For each synset x, y,
we sample one of its sentences S(x), S(y) from
the dataset. Let M be a model. If M belongs to
the NCE family, x and y are encoded by M(x) and
M(y), respectively. If M belongs to the CE or
GLM families, then x and y are encoded by the
corresponding token of M(S(x)) and M(S(y)),

2https://wordnetcode.princeton.edu/
glosstag.shtml

respectively.
To facilitate the evaluation of embeddings of

different sizes, we first project each concept’s en-
codings x and y into a low dimensionality space
using a linear layer (see Figure 1). These vectors,
denoted as x′ and y′, are concatenated and fed into
a Multi-Layer Perceptron (MLP) classifier. The
linear layer and the MLP are the only trainable pa-
rameters of our setting, as we use the source model
weights without any finetuning. Throughout all
the experiments we used an MLP classifier with a
single hidden layer of 384 hidden units.

We use this MLP to learn the structural relation
between concept pairs, providing the test with a
mechanism that allows the embeddings to be com-
bined in a non-linear way. Tests based on linear
transformations such as the one proposed by He-
witt and Manning (2019) did not allow us to re-
cover the WordNet structure. This indicates that
the sub-spaces where the language models encode
semantics are not linear. The fact that syntactic
information is linearly available suggests that syn-
tax trees might be a critical intermediate result for
the language modeling task. In contrast, semantic
information emerges as an indirect consequence of
accurate language modeling. Still, it might not con-
stitute information that the model relies on for NLP
tasks, as postulated by Ravichander et al. (2020).

To discard the possibility of the MLP being mem-
orizing properties of words and thus giving an unde-
served credit to the analyzed models, we generated
alternative training and validation sets with random
word embeddings of the same size as the real ones.
During training and inference, these vectors were
kept frozen. These tests showed around 50% accu-
racy in the binary classification task, indicating that
the MLP cannot do better than chance in that sce-
nario. Thus, if in a later experiment the same MLP
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Figure 2: A reconstructed graph using BERT-large. Vi-
sual inspection reveals that the models capture key cat-
egories but fail to map fine-grained relations.

Family Model
Tree Edit Dist.

TIM MCM Avg.

NCE
Word2Vec 59 59 59
GloVe-42B 56 60 58

GLM
GPT-2 53 57 55
T5 58 55 56

CE

ELMo 52 55 53
BERT 49 48 49
RoBERTa 56 54 55
XLNet 52 48 50
ALBERT 53 50 51

Table 1: Tree Edit Distance against the ground truth
graph (large models used). We display both strategies
for estimating de along with their average score.

succeeds at the task, the merit can be attributed to
the input embedding itself. This result is consistent
with the fact that our experimental setup ensures no
overlap in concepts among training, development,
and testing sets.

2.4 Reconstructing the structure of a
knowledge graph

The probe classifier predicts if a pair of concepts
〈u, v〉 form a valid 〈parent, child〉 relation accord-
ing to WordNet, where h〈u,v〉 ∈ [0, 1] denotes the
corresponding classifier output. It is important to
note that valid 〈parent, child〉 relations include di-
rect relations (e.g. 〈dog, poodle〉), and transitive
relations (e.g. 〈animal, poodle〉), and that the order
of the items matters.

To reconstruct the underlying knowledge graph,
for each valid 〈parent, child〉 relation given by
h〈u,v〉 > threshold, we need an estimation of how
close are the nodes in the graph. We do this by
introducing the concept of “parent closeness” be-
tween a parent node u and a child node v, denoted
by de(u, v). We propose two alternative scores to
estimate de:

i) Model Confidence Metric (MCM): All the
models considered in this study capture close rela-
tions more precisely than distant relations (support-
ing evidence can be found in Appendix D). This
means that a concept like poodle will be matched
with its direct parent node dog with higher con-
fidence than with a more distant parent node (e.g.
animal). Thus, we can define de(u, v) = 1−h〈u,v〉.

ii) Transitive Intersections Metric (TIM): We
explore a metric grounded directly in the tree struc-
ture of a knowledge graph. Note that nodes u and

v that form a parent-child relation have some tran-
sitive connections in common. Specifically, all
descendants of v are also descendants of u, and all
the ancestors of u are also ancestors of v. Then, the
closer the link between u and v in the graph, the
bigger the intersection. Accordingly, for each edge
e = 〈u, v〉, we define de(u, v) as:

−
( ∑

j∈N\{u,v}
h〈u,j〉h〈v,j〉 + h〈j,u〉h〈j,v〉

)
∗ h〈u,v〉,

(1)
where the first term of the sum accounts for the sim-
ilarity within the descendants of nodes u and v, and
the second term accounts for the similarity within
the ancestors of nodes u and v. The term h〈u,v〉 at
the right-hand side accounts for the edge direction,
and N denotes the set of nodes (concepts).

A strategy to find a tree that comprises each
node’s closest parents is the minimum-spanning-
arborescence (MSA) of the graph defined using de.
The MSA is analogous to the minimum-spanning-
tree (MST) objective used by Hewitt and Manning
(2019), but for directed graphs. The formulation
of the MSA optimization problem applied to our
proposal is provided in the Appendix A.3.

3 How accurate is this knowledge?

3.1 Semantic edge probing classifier results

Table 2 shows the results obtained using the edge
probing classifier. Results show that regardless of
model sizes, performance is homogeneous within
each family of models. Additionally, results show
that NCE and GLM methods obtain a worse per-
formance when all the layers are used than those
achieved by CE methods. When single layers are
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Emb. Size Best F1-score F1-score
Family Model All/Best Layer Layer All Layers Best Layer

NCE Word2Vec (Mikolov et al., 2013) 300 / - - .7683 ± .0135 -
GloVe-42B (Pennington et al., 2014) 300 / - - .7877 ± .0084 -

GLM

GPT-2 (Radford et al., 2018) 9984 / 768 6 .7862 ± .0132 .7921 ± .0108

T5-small (Raffel et al., 2019) 7168 / 512 4 .8156 ± .0098 .8199 ± .0081

GPT2-xl (Radford et al., 2018) 78400 / 1600 13 .7946 ± .0151 .8029 ± .0118

T5-large (Raffel et al., 2019) 51200 / 1024 17 .8148 ± .0119 .8331 ± .0102

CE

ELMo-small (Peters et al., 2018b) 768 / 256 2 .7986 ± .0126 .7880 ± .0119

BERT-base (Devlin et al., 2019) 9984 / 768 10 .8240 ± .0123 .8185 ± .0104

RoBERTa-base (Liu et al., 2019) 9984 / 768 5 .8392 ± .0100 .8266 ± .0083

XLNet-base (Yang et al., 2019) 9984 / 768 4 .8306 ± .0113 .8293 ± .0116

ALBERT-base (Lan et al., 2020) 9984 / 768 12 .8184 ± .0222 .8073 ± .0102

ELMo-large (Peters et al., 2018b) 3072 / 1024 2 .8311 ± .0090 .8330 ± .0083

BERT-large (Devlin et al., 2019) 25600 / 1024 14 .8178 ± .0152 .8185 ± .0113

RoBERTa-large (Liu et al., 2019) 25600 / 1024 13 .8219 ± .0159 .8314 ± .0082

XLNet-large (Yang et al., 2019) 25600 / 1024 6 .8211 ± .0142 .8244 ± .0080

ALBERT-xxlarge (Lan et al., 2020) 53248 / 4096 4 .8233 ± .0107 .8194 ± .0097

Table 2: Results obtained using the edge probing classifier. We study the performance in many model variants,
considering small and large versions of several models. Results are grouped by method families.

used, GLM shows improved performance, suggest-
ing that these models capture semantics earlier
in the architecture, keeping their last layers for
generative-specific purposes. In contrast, CE mod-
els degrade or maintain their performance when
single layers are used.

Note that Table 2 shows pair-wise metrics not
graph metrics. As we are dealing with graphs, pre-
dicted edges are built upon related edges. Thus,
drifts in small regions of the graph may cause large
drifts in downstream connections. Furthermore,
our setup balances positive and negative samples.
However, the proportion of negative samples can
be considerably larger in a real reconstruction sce-
nario. As a consequence, we emphasize that these
numbers must be considered together with the re-
sults reported in sections 3.2 and 4.

3.2 Extracting the Knowledge Graph

Predicting a knowledge graph has a complexity
of at least O(N2) in the number of analyzed con-
cepts. In our case, this imposes a highly demanding
computational obstacle because WordNet has over
82000 noun synsets. To accelerate experimentation
and facilitate our analysis and visualizations, we
focus on extracting a WordNet sub-graph compris-
ing 46 nodes not seen during training or validation.
These nodes are picked to include easily recog-
nizable relations. We use the tree-edit-distance to
evaluate how close are the reconstructed graphs to

the target graph extracted from WordNet. Table 1
shows our results.

Table 1 shows that graphs retrieved using CE
models are closer to the target than graphs pro-
vided by NCE and GLM models. In particular, the
best results are achieved by BERT, ALBERT, and
XLNet, indicating that these models encode more
accurate semantic information than the alternative
models. These results are consistent with those ob-
tained in Section 3.1. The graphs for all the models
can be found in Appendix C.

4 What is easy or hard? What are these
models learning?

Section 3 shows that different model families differ
in their errors. Furthermore, it shows that within
the same family, models have similar biases. In
this section, we elucidate which semantic factors
impact the performance of these models and which
ones do not affect their F1-score.

Figure 3-a shows that most models decrease their
F1-score as concepts get more specific. We hy-
pothesize that higher-level concepts (e.g., Animal)
appear more frequently and in more diverse con-
texts, as they are also seen as instances of their
sub-classes (e.g., Dog, Cat, Chihuahua), allowing
the models to learn more precise representations
for them. In contrast, lower-level concepts will
only appear in specific contexts (e.g., texts about
Apple-Head-Chihuahua). Figure 3-b corroborates
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Figure 3: Semantic factors with a high (top charts) or low (bottom charts) impact on F1-score, along with their 90%
confidence intervals. Charts only display ranges where at least 100 samples existed. Appendix D shows additional
factors along with the specific implementation details.

this intuition, as concepts with a higher number
of sub-classes have higher F1-scores. Figure 3-c
shows that models degrade their F1-score when
concepts are too frequent. In particular, NCE and
GLM models are more sensitive to this factor.

Another finding is that CE and GLM models are
almost unaffected by the number of senses that a
certain word has, neither to their sense ranking or
their number of sibling concepts, displaying almost
flat charts (see Figures 3-d-e-f). This result sug-
gests that these models pay more attention to the
context than to the target word. This behavior is
opposed to what NCE models exhibit according to
Yaghoobzadeh et al. (2019), as NCE models tend
to focus more on frequent senses.

In most cases, the same family models have sim-
ilar behaviors, especially within the NCE or CE
families. Also, different families show different
patterns. Table 3 shows some salient examples.
Surprisingly, all models struggle in the category
“taxonomic groups”. Manual inspection of sen-
tences makes us believe that the context confuses
CE and GLM models in these cases. In many sen-
tences, the corresponding concept could be nicely
replaced by another, conveying a modified but still
valid message. This phenomenon does not occur
in other categories such as “social group” or “at-
tribute”, even though these concepts are closely
related to “taxonomic groups”.

5 Where is this knowledge located?

As mentioned in Section 7, prior work has not
shown consensus about where is semantic infor-
mation encoded inside these architectures. Our
experiments shed light on this subject. Figure 4
shows how each layer contributes to the F1-score.

Figures 4-a and 4-b show the performance across
layers for the CE-based models. They reveal that
while BERT and RoBERTa use their top-layers
to encode semantic information, XLNet and AL-
BERT use the first layers. Figure 4-c shows that
while GPT-2 uses all its layers to encode semantics,
T5 shows an M shape related to its encoder-decoder
architecture. The chart shows that T5 uses its en-
coder to hold most of the semantic information. We
also note that small models show similar patterns
as their larger counterparts.

6 Further discussion and implications

Table 4 summarizes our main findings. Findings
(1), (2), and (3) indicate that, to a different extent,
all models encode relevant knowledge about the
hierarchical semantic relations included in Word-
Net. However, as we mention in Section 4, we
observe that the ability to learn about a concept
depends on its frequency in the training corpus
and the specificity of its meaning. Furthermore,
some concept categories seem to be hard for every
model family, while some are particularly difficult
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artifact attribute living matter person relation part social taxonomic
Family Model thing group group

NCE Word2Vec .7120 .7044 .7295 .7402 .7208 .7264 .7532 .7497 .6920
GloVe-42B .7389 .7213 .7421 .7633 .7351 .7567 .7759 .7579 .6648

GLM GPT-2 .7903 .7730 .7300 .7582 .7207 .7612 .7540 .8155 .3030
T5 .7868 .7649 .7862 .8002 .7735 .7963 .8051 .7868 .6944

CE

ELMo .8308 .8093 .8187 .7756 .8022 .7679 .7580 .8312 .6011
BERT .8249 .8094 .7593 .7645 .7379 .7662 .7499 .8516 .4804
RoBERTa .8315 .8167 .7823 .7614 .7585 .7649 .7441 .8552 .4921
XLNet .8319 .8064 .7907 .7636 .7779 .7659 .7526 .8422 .5371
ALBERT .8231 .8050 .7758 .7685 .7826 .7727 .7610 .8556 .4277

Table 3: Average F1-score for some semantic categories revealing models strengths and weaknesses. Several other
categories are reported in Appendix E along with their standard deviations.

Figure 4: F1-score for hypernym prediction across each model layer.

for contextual models such as CE. We hypothe-
size that stronger inductive biases are required to
capture low-frequency concepts. Furthermore, we
believe that new learning approaches are needed to
discriminate accurate meaning for high-frequency
concepts. As expected, our findings indicate that
model families have different biases leading to dif-
ferent behaviors. Thus, our results can illuminate
further research to improve semantic capabilities by
combining each family of models’ strengths. For
example, one could combine them as ensembles,
each one equipped with a different loss function
(i.e., one generative approach resembling GLM-
based methods and another discriminative resem-
bling CE-based methods).

Findings (4), (5), and (6) suggest that instead
of a standard finetuning of all layers of BERT ac-
cording to a given downstream task, to improve
semantic capabilities, one could perform a task pro-
filing to decide the best architecture for the task
and also how to take advantage of it. Using only
a limited number of layers or choosing a different
learning rate for each layer, one could exploit the
semantic knowledge that the pre-trained model car-
ries, avoiding the degradation of this information
present at the top layers, especially when using

T5, XLNet, or ALBERT-large. Accordingly, recent
work on adaptive strategies to output predictions us-
ing a limited number of layers (Xin et al., 2020; Liu
et al., 2020; Hou et al., 2020; Schwartz et al., 2020;
Fan et al., 2020; Bapna et al., 2020) would benefit
from using architectures that encode knowledge
in the first layers. To the best of our knowledge,
these works have only used BERT and RoBERTa,
achieving a good trade-off between accuracy and
efficiency. Only Zhou et al. (2020) has explored
ALBERT, reporting improved accuracy by stop-
ping earlier. Our findings explain this behavior and
suggest that T5 or XLNet may boot their results
even further as these architectures have sharper and
higher information peaks in their first layers.

Findings (7) and (8) suggest that recent success
in semantic NLP tasks might be due more to the use
of larger models than large corpora for pretraining.
This also suggests that to improve model perfor-
mance in semantic tasks, one could train larger
models even without increasing the corpus size. A
similar claim has been proposed by (Li et al., 2020)
leading to empirical performance improvements.

Finally, finding (9) is important because it sug-
gests that contextual models pay as much attention
to the context as to the target word and are probably
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Supporting
Finding Evidence Involved Models

(1) All models encode a relevant amount of knowledge about semantic
relations in WordNet, but this knowledge contains imprecisions.

All All

(2) The ability to learn concept relations depends on how frequent and
specific the concepts are. Some model families are more affected.

Fig. 3a-c NCE and GLM

(3) Concept difficulty is usually homogeneous within each model fam-
ily. Some semantic categories challenge all models.

Table 3 All

(4) Some models encode stronger semantic knowledge than others,
usually according to their family.

Tables 2, 1, 3 ELMo, BERT, RoBERTa,
ALBERT, XLNet, T5

(5) Some models focus their encoding of semantic knowledge in spe-
cific layers, and not distributed across all layers.

Table 2, Fig. 4 GLM

(6) Models have distinctive patterns as to where they encode semantic
knowledge. Patterns are model-specific and not size-specific.

Table 2, Fig. 4 All

(7) Model size has an impact in the quality of the captured semantic
knowledge, as seen in our layer-level probe tests.

Table 2, Fig. 4 ELMo, RoBERTa, AL-
BERT, GPT-2, T5

(8) Semantic knowledge does not depend on pre-training corpus size. Tables 2, B-5 -

(9) Contextual models are unaffected by multi-sense words. Fig. 3d-f CE and GLM

Table 4: Summary of our main findings and their corresponding supporting evidence.

biased in favor of contextual information, even if
they are not based on the Masked-Language-Model
strategy. We believe that this inductive bias could
be exploited even further in the design of the under-
lying architecture. Thus this finding might eluci-
date a design direction to encourage more effective
learning of semantic knowledge.

7 Related work

The success of deep learning architectures in
various NLP tasks has fueled a growing interest
to improve understanding of what these models
encode. Studies like Tenney et al. (2019b) claim
that success in a specific task helps understand
what type of information the model encodes.

Evidence of syntactic information: Using
probing classifiers, Clark et al. (2019) claims
that some specific BERT’s attention heads show
correspondence with syntactic tasks. Goldberg
(2019) illustrates the capabilities that BERT has
to solve syntactic tasks, such as subject-verb
agreement. Hewitt and Manning (2019) proposes a
structural probe that evaluates whether syntax trees
are encoded in a linear transformation of BERT
embeddings. The study provides evidence that
syntax trees are implicitly embedded in BERT’s
vector geometry. Reif et al. (2019) has found
evidence of syntactic representation in BERT’s
attention matrices, with specific directions in space
representing particular dependency relations.

Evidence of semantic information: Reif et al.
(2019) suggests that BERT’s internal geometry may
be broken into multiple linear subspaces, with sep-
arate spaces for different syntactic and semantic
information. Despite this result, previous work has
not yet reached a consensus about this topic. While
some studies show satisfactory results in tasks such
as entity types (Tenney et al., 2019a), semantic
roles (Rogers et al., 2020), and sentence comple-
tion (Ettinger, 2020), other studies show less favor-
able results in coreference (Tenney et al., 2019b),
Multiple-Choice Reading Comprehension (Si et al.,
2019) and Lexical Relation Inference (Levy et al.,
2015), claiming that BERT’s performance may not
reflect the model’s true ability of language under-
standing and reasoning. Tenney et al. (2019b) pro-
poses a set of edge probing tasks to test the en-
coded sentential structure of contextualized word
embeddings. The study shows evidence that the
improvements that BERT and GPT-2 offer over non
contextualized embeddings as GloVe is only signifi-
cant in syntactic-level tasks. Regarding static word
embeddings, Yaghoobzadeh et al. (2019) shows
that senses are well represented in single-vector
embeddings if they are frequent and that this does
not harm NLP tasks whose performance depends
on frequent senses.

Layer-wise or head-wise information: Tenney
et al. (2019a) shows that the first layers of BERT
focus on encoding short dependency relationships
at the syntactic level (e.g., subject-verb agreement).
In contrast, top layers focus on encoding long-
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range dependencies (e.g., subject-object dependen-
cies). Peters et al. (2018a) supports similar declara-
tions for Convolutional, LSTM, and self-attention
architectures. While these studies also support that
the top layers appear to encode semantic informa-
tion, the evidence to support this claim is not con-
clusive or contradictory with other works. For ex-
ample, Jawahar et al. (2019) could only identify
one SentEval semantic task that topped at the last
layer. In terms of information flow, Voita et al.
(2019a) reports that information about the past in
left-to-right language models gets vanished as the
information flows from bottom to top BERT’s lay-
ers. Hao et al. (2019) shows that the lower layers
of BERT change less during finetuning, suggesting
that layers close to inputs learn more transferable
language representations. Press et al. (2020) shows
that increasing self-attention at the bottom layers
improves language modeling performance based on
BERT. Other studies focus on understanding how
self-attention heads contribute to solving specific
tasks (Vig, 2019). Kovaleva et al. (2019) shows
a set of attention patterns repeated across differ-
ent heads when trying to solve GLUE tasks (Wang
et al., 2018). Furthermore, Michel et al. (2019) and
Voita et al. (2019b) show that several heads can be
removed without harming downstream tasks.

Automated extraction of concept relations:
Although the main focus of our work is not to
master the probing task of extracting knowledge
from WordNet, but to use it as an instrument
to verify and compare the abilities of current
families of language models to encode this kind
of knowledge, for completitude we include a
brief mention of previous literature regarding this
subject. Relation extraction is an active research
topic. Early works are either feature-based,
usually relying on SVMs, Maximum Entropy,
or on a set of manually defined rules (Hearst,
1998; Kambhatla, 2004; Dashtipour et al., 2017;
Minard et al., 2011; Weeds et al., 2014; Chen
et al., 2015). Other methods rely on manually
defined distance metrics to estimate the relatedness
of two semantic instances (Dandan et al., 2012;
Panyam et al., 2016). Following works have
used different types of neural networks or LSTM
modules for this task (Liu et al., 2013; Zeng et al.,
2014, 2015; Zhang and Wang, 2015; Song et al.,
2018), or attention-based and transformer-based
mechanisms with outstanding results (Zhou et al.,
2016; Baldini Soares et al., 2019; Huang et al.,

2020; Qin et al., 2021; Zhong and Chen, 2021).

Alternative approaches: Several alternative ap-
proaches have been used in previous works. Some
are dataset-focused (Miller et al., 1994; Levy et al.,
2015; Wang et al., 2018; Wiedemann et al., 2019),
usually relying on annotated corpora that challenge
semantic abilities. These approaches have provided
useful insights, but usually suffer from low avail-
ability of data as they usually cover a small frac-
tion of the WordNet ontology. As an example,
BLESS (Baroni and Lenci, 2011) includes gold-
standard annotations for only 200 concepts. Other
approaches have tested semantic ability by using
prompt-engineering and inspecting the predictions
of the models (Petroni et al., 2019; Ettinger, 2020;
Talmor et al., 2020), but other works have also
shown a high variability in the results depending on
the prompt design (Balasubramanian et al., 2020;
Reynolds and McDonell, 2021; Zhao et al., 2021).

8 Conclusions

In this work, we exploit the semantic conceptual
taxonomy behind WordNet to test the ability of
current families of pre-trained language models to
learn semantic knowledge from massive sources of
unlabeled data. Our main conclusion is that, indeed,
to a significant extent, these models learn relevant
knowledge about the organization of concepts in
WordNet, but also contain several imprecisions. We
also notice that different families of models present
dissimilar behavior, suggesting the encoding of
different biases.

We hope our study helps to inspire new ideas to
improve the semantic learning abilities of current
pre-trained language models.
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Fabio Petroni, Tim Rocktäschel, Sebastian Riedel,
Patrick Lewis, Anton Bakhtin, Yuxiang Wu, and
Alexander Miller. 2019. Language models as knowl-
edge bases? In Proceedings of the 2019 Confer-
ence on Empirical Methods in Natural Language
Processing and the 9th International Joint Confer-
ence on Natural Language Processing (EMNLP-
IJCNLP), pages 2463–2473, Hong Kong, China. As-
sociation for Computational Linguistics.

Ofir Press, Noah A. Smith, and Omer Levy. 2020. Im-
proving transformer models by reordering their sub-
layers. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
ACL 2020, pages 2996–3005.

Yongbin Qin, Weizhe Yang, Kai Wang, Ruizhang
Huang, Feng Tian, Shaolin Ao, and Yanping Chen.
2021. Entity relation extraction based on entity indi-
cators. Symmetry, 13(4).

2994



Alec Radford, Jeffrey Wu, Rewon Child, David Luan,
Dario Amodei, and Ilya Sutskever. 2018. Language
models are unsupervised multitask learners.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine
Lee, Sharan Narang, Michael Matena, Yanqi Zhou,
Wei Li, and Peter J. Liu. 2019. Exploring the lim-
its of transfer learning with a unified text-to-text
transformer. Journal of Machine Learning Research,
21:1–67.

Abhilasha Ravichander, Yonatan Belinkov, and
E. Hovy. 2020. Probing the probing paradigm:
Does probing accuracy entail task relevance? ArXiv,
abs/2005.00719.

Emily Reif, Ann Yuan, Martin Wattenberg, Fernanda B.
Viégas, Andy Coenen, Adam Pearce, and Been Kim.
2019. Visualizing and measuring the geometry of
BERT. In Advances in Neural Information Process-
ing Systems 32: Annual Conference on Neural In-
formation Processing Systems 2019, NeurIPS 2019,
pages 8592–8600.

Laria Reynolds and Kyle McDonell. 2021. Prompt Pro-
gramming for Large Language Models: Beyond the
Few-Shot Paradigm. Association for Computing Ma-
chinery, New York, NY, USA.

Anna Rogers, Olga Kovaleva, and Anna Rumshisky.
2020. A primer in BERTology: What we know
about how BERT works. CoRR abs/2002.12327.

Roy Schwartz, Gabriel Stanovsky, Swabha
Swayamdipta, Jesse Dodge, and Noah A. Smith.
2020. The right tool for the job: Matching model
and instance complexities. In Proc. of ACL.

Chenglei Si, Shuohang Wang, Min-Yen Kan, and Jing
Jiang. 2019. What does BERT learn from multiple-
choice reading comprehension datasets? CoRR,
abs/1910.12391.

Linfeng Song, Yue Zhang, Zhiguo Wang, and Daniel
Gildea. 2018. N-ary relation extraction using graph-
state LSTM. In Proceedings of the 2018 Conference
on Empirical Methods in Natural Language Process-
ing, pages 2226–2235, Brussels, Belgium. Associa-
tion for Computational Linguistics.

Alon Talmor, Yanai Elazar, Yoav Goldberg, and
Jonathan Berant. 2020. oLMpics-on what language
model pre-training captures. Transactions of the As-
sociation for Computational Linguistics, 8:743–758.

Gongbo Tang, Rico Sennrich, and Joakim Nivre. 2018.
An analysis of attention mechanisms: The case of
word sense disambiguation in neural machine trans-
lation. In Proceedings of the Third Conference on
Machine Translation, WMT 2018, pages 26–35.

Ian Tenney, Dipanjan Das, and Ellie Pavlick. 2019a.
BERT rediscovers the classical NLP pipeline. In
Proceedings of the 57th Conference of the Asso-
ciation for Computational Linguistics, ACL 2019,
pages 4593–4601.

Ian Tenney, Patrick Xia, Berlin Chen, Alex Wang,
Adam Poliak, R. Thomas McCoy, Najoung Kim,
Benjamin Van Durme, Samuel R. Bowman, Dipan-
jan Das, and Ellie Pavlick. 2019b. What do you
learn from context? probing for sentence structure
in contextualized word representations. In 7th Inter-
national Conference on Learning Representations,
ICLR 2019.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Advances in Neural Information Pro-
cessing Systems 30: Annual Conference on Neural
Information Processing Systems NIPS 2017, pages
5998–6008.

Jesse Vig. 2019. A multiscale visualization of atten-
tion in the transformer model. In Proceedings of
the 57th Conference of the Association for Compu-
tational Linguistics, ACL 2019, pages 37–42.

Elena Voita, Rico Sennrich, and Ivan Titov. 2019a. The
bottom-up evolution of representations in the trans-
former: A study with machine translation and lan-
guage modeling objectives. In Proceedings of the
2019 Conference on Empirical Methods in Natu-
ral Language Processing and the 9th International
Joint Conference on Natural Language Processing,
EMNLP-IJCNLP 2019, pages 4395–4405.

Elena Voita, David Talbot, Fedor Moiseev, Rico Sen-
nrich, and Ivan Titov. 2019b. Analyzing multi-head
self-attention: Specialized heads do the heavy lift-
ing, the rest can be pruned. In Proceedings of the
57th Conference of the Association for Computa-
tional Linguistics, ACL 2019, pages 5797–5808.

Alex Wang, Amanpreet Singh, Julian Michael, Fe-
lix Hill, Omer Levy, and Samuel R. Bowman.
2018. GLUE: A multi-task benchmark and anal-
ysis platform for natural language understand-
ing. In Proceedings of the Workshop: Analyzing
and Interpreting Neural Networks for NLP, Black-
boxNLP@EMNLP 2018, pages 353–355.

Julie Weeds, Daoud Clarke, Jeremy Reffin, David Weir,
and Bill Keller. 2014. Learning to distinguish hyper-
nyms and co-hyponyms. In Proceedings of COL-
ING 2014, the 25th International Conference on
Computational Linguistics: Technical Papers, pages
2249–2259, Dublin, Ireland. Dublin City University
and Association for Computational Linguistics.

Gregor Wiedemann, Steffen Remus, Avi Chawla, and
Chris Biemann. 2019. Does BERT make any sense?
interpretable word sense disambiguation with con-
textualized embeddings.

Ji Xin, Raphael Tang, Jaejun Lee, Yaoliang Yu, and
Jimmy Lin. 2020. DeeBERT: Dynamic early exiting
for accelerating BERT inference. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 2246–2251, On-
line. Association for Computational Linguistics.

2995



Yadollah Yaghoobzadeh, Katharina Kann, Timothy J.
Hazen, Eneko Agirre, and Hinrich Schütze. 2019.
Probing for semantic classes: Diagnosing the mean-
ing content of word embeddings. In Proceedings of
the 57th Conference of the Association for Compu-
tational Linguistics, ACL 2019, Florence, Italy, July
28- August 2, 2019, Volume 1: Long Papers, pages
5740–5753. Association for Computational Linguis-
tics.

Zhilin Yang, Zihang Dai, Yiming Yang, Jaime G.
Carbonell, Ruslan Salakhutdinov, and Quoc V. Le.
2019. XLNet: Generalized autoregressive pretrain-
ing for language understanding. In Annual Con-
ference on Neural Information Processing Systems
2019, NeurIPS 2019, pages 5754–5764.

Daojian Zeng, Kang Liu, Yubo Chen, and Jun Zhao.
2015. Distant supervision for relation extraction via
piecewise convolutional neural networks. In Pro-
ceedings of the 2015 Conference on Empirical Meth-
ods in Natural Language Processing, pages 1753–
1762, Lisbon, Portugal. Association for Computa-
tional Linguistics.

Daojian Zeng, Kang Liu, Siwei Lai, Guangyou Zhou,
and Jun Zhao. 2014. Relation classification via con-
volutional deep neural network. In Proceedings of
COLING 2014, the 25th International Conference
on Computational Linguistics: Technical Papers,
pages 2335–2344, Dublin, Ireland. Dublin City Uni-
versity and Association for Computational Linguis-
tics.

Jingtao Zhan, Jiaxin Mao, Yiqun Liu, Min Zhang, and
Shaoping Ma. 2020. An analysis of BERT in doc-
ument ranking. In Proceedings of the 43rd Interna-
tional ACM SIGIR conference on research and devel-
opment in Information Retrieval, SIGIR 2020, pages
1941–1944.

Dongxu Zhang and Dong Wang. 2015. Relation classi-
fication via recurrent neural network.

Tony Z. Zhao, Eric Wallace, Shi Feng, Dan Klein,
and Sameer Singh. 2021. Calibrate before use: Im-
proving few-shot performance of language models.
arXiv preprint arXiv:2102.09690.

Zexuan Zhong and Danqi Chen. 2021. A frustratingly
easy approach for entity and relation extraction. In
Proceedings of the 2021 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
pages 50–61, Online. Association for Computational
Linguistics.

Peng Zhou, Wei Shi, Jun Tian, Zhenyu Qi, Bingchen Li,
Hongwei Hao, and Bo Xu. 2016. Attention-based
bidirectional long short-term memory networks for
relation classification. In Proceedings of the 54th
Annual Meeting of the Association for Computa-
tional Linguistics (Volume 2: Short Papers), pages
207–212, Berlin, Germany. Association for Compu-
tational Linguistics.

Wangchunshu Zhou, Canwen Xu, Tao Ge, Julian
McAuley, Ke Xu, and Furu Wei. 2020. Bert loses
patience: Fast and robust inference with early exit.

2996



A Implementation details

A.1 Edge probing classifier details
To study the extent to which these Language Mod-
els deal with semantic knowledge, we extend the
methodology introduced by Tenney et al. (2019b).
In that study, the authors defined a probing clas-
sifier at the sentence level, training a supervised
classifier with a task-specific label. The probing
classifier’s motivation consists of verifying when
the sentence’s encoding help to solve a specific task,
quantifying these results for different word embed-
dings models. We cast this methodology to deal
with semantic knowledge extracted from WordNet.
Rather than working at the sentence level, we de-
fine an edge probing classifier that learns to identify
if two concepts are semantically related.

To create the probing classifier, we retrieve all
the glosses from the Princeton WordNet Gloss
Corpus. The dataset provides WordNet’s synsets
gloss with manually matched words identifying the
context-appropriate sense.

As a reference of size, the selected annotations
in the corpus accounted for 41502 lemmas, corre-
sponding to 34371 WordNet synsets. This resulted
in 230215 valid WordNet relations.

In WordNet, each sense is coded as one of
the synsets related to the concept (e.g., sense ten-
dency.n.03 for the word tendency). Using a synset
A and its specific sense provided by the tagged
gloss, we retrieve from WordNet one of its direct
or indirect hypernyms, denoted as B (see Figure
5). If WordNet defines two or more hypernyms
for A, we choose one of them at random. We sam-
ple a third synset C, at random from an unrelated
section of the taxonomy, taking care that C is not
related to either A or B (e.g., animal.n.01). Then,
〈A,B,C〉 form a triplet that allows us to create six
testing edges for our classifier: 〈A,B〉, which is
compounded by a pair of related words through the
semantic relation hypernym of, and five pairs of
unrelated words (〈A,C〉, 〈B,C〉, 〈B,A〉, 〈C,A〉,
〈C,B〉). We associate a label to each of these pairs
that show whether the pair is related or not (see Fig-
ure 5). Note that we define directed edges, meaning
that the pair 〈A,B〉 is related, but 〈B,A〉 is unre-
lated to the relationship hypernym of. Accordingly,
the edge probing classifier will need to identify
the pair’s components and the order in which the
concepts were declared in the pair.

We create training and testing partitions ensur-
ing that each partition has the same proportion of

leaves versus internal nodes. The latter is essential
to identify related pairs. During training, we guar-
antee that each training synset is seen at least once
by the probing classifier. To guarantee the above,
we sample each synset in the training set and sam-
ple some of its hypernyms at random. Then. we
randomly sample some unrelated synset for each
related pair that has no relation to any of the words
in the related pair. We create three partitions from
this data on 70/15/15 for training, development,
and testing foldings, respectively.

We train the MLP classifier using a weighted
binary cross-entropy loss function. Since we have
one positive and five negative examples per triplet,
we use a weighted loss function with weights 5
and 1 for the positive and negative class, respec-
tively. Accordingly, positive and negative examples
have the same relevance during training. We im-
plemented the linear layer and the MLP classifier
using a feed forward network with 384 hidden units.
The MLP was trained using dropout at 0.425 and a
L2 regularizer to avoid overfitting.

To create the vector representations for each of
the word embeddings models considered in this
study, we concatenate the hidden state vectors of
all the layers for each tagged synset. For both CE
and GLM-based models, each gloss was used as a
context to build specific contextual word embed-
dings. If the gloss has more than one tagged token,
we take only the first of them for the analysis.

A.2 WordNet metrics: distance
Lets say that we name “Case-1” if y is ancestor of
x, and “Case-2” otherwise. Let dW (x, y) be the
Wordnet distance between two synsets x, y, defined
by:

dW (x, y) =

{
dpath(x, y) Case-1,

dpath(x, z) + dpath(y, z) Case-2,
(2)

where dpath(x, y) is the length of the shortest path
between x and y in WordNet, measured in number
of hops, and z is the closest common ancestor of x
and y in the case that y is not an ancestor of x.

A.3 Minimum-Spanning-Arborescence
optimization problem

Given a graphG with nodesN and unknown edges
E, we define an auxiliary graph G′ with nodes N
and edges E′, comprised of all possible directed
edges. For each edge e ∈ E′, we obtain a pre-
diction he that estimates the probability of that
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Figure 5: Each triplet is used to create related and unrelated pairs of words according to the relationship hypernym
of. We create six edge probing pairs, and therefore, the edge probing classifier will need to identify the pair’s
components and the order in which the words were declared in the pair.

edge representing a valid hypernymy relation, and
a distance de that estimates the “parent closeness”3

between the nodes in G.
We define δ(v) to be the set of edges {〈u, v〉 :

u ∈ N, u 6= v} where edge 〈u, v〉 represents a
〈parent, child〉 relation. We also define γ(S) to be
the set of edges {〈u, v〉 ∈ E′ : u /∈ S, v ∈ S}.
We estimate the graph topology of G defined by
E ⊂ E′ by solving the following optimization
problem:

max
r∈N

∑

e∈E′
xehe s.t. xe ∈ X∗ (3)

X∗ = argmin
∑

e∈E′
xede (4)

s.t.





xe ∈ {0, 1} e ∈ E′∑
e∈δ(v) xe = 1 ∀v ∈ N \ {r}∑
e∈γ(S) xe ≥ 1 ∀S ⊂ N \ {r}

(5)

Objective function (3) is used to find the best
root node r; and the nested optimization problem
(5) is the minimum spanning arborescence problem
applied to the dense graph G′. The final binary val-
ues of xe estimate E by indicating if every possible
edge e exist in the graph or not. To solve this opti-
mization problem, we need estimates of he and de
for each edge e. We use the output of the probing
classifier as an estimate of the probability of he,
and use TIM and MCM scores as estimates for de
(See Section 2.4).

3The value of this distance will be small if the hypernym
relation is close, or large if it is distant or not valid.

B Pre-Training corpus comparison

Family Model Corpus Size
Tokens Size

NCE
Word2Vec 33B 150GB*
GloVe-42B 42B 175GB*

GLM
GPT-2 10B* 40GB
T5 180B* 750GB

CE

ELMo 0.8B 4GB*
BERT 3.9B 16GB
RoBERTa 38.7B* 160GB
XLNet 32.9B 140GB*
ALBERT 3.9B 16GB

Table 5: Pre-Training corpus sizes used for each one of
the studied models. The official sources report corpus
sizes in terms of number of tokens or uncompressed
size in GB. The symbol * denotes values estimated by
us based on official available information. Sizes repre-
sents uncompressed corpus sizes.

C Additional Reconstructed Graphs4
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Figure 6: Ground Truth Knowledge Graph

4Due to space restrictions, the graphs corresponding to
Word2Vec, ELMo, T5, BERT will only be included in an
extended version of this paper, uploaded to ArXiv
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Figure 7: GloVe-42B reconstruction using TIM
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Figure 8: GPT-2-XL reconstruction using TIM
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Figure 9: RoBERTa-large reconstruction using TIM
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Figure 10: XLNet-large reconstruction using TIM
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Figure 11: ALBERT-large reconstruction using TIM

D Further information about the impact
of semantic factors.5

Relative depth in the WordNet graph: (Figure
3-a). For each synset, we compared F1 with depth
score (0 % for the root and 100 % for leaves) mea-
suring differences between higher/lower level con-
cepts.

Concept frequency: In Figure 3-c we evalu-
ate if frequent concepts are easier or harder to
capture for these models. The frequency was
computed by counting occurrences in the 38 GB
of OpenWebText Corpus (http://Skylion007.
github.io/OpenWebTextCorpus).

Number of Senses and Sense Ranking: (Fig-
ure 3-d-e) We studied if models are impacted by
multi-sense concepts such as “period”, and by their
sense ranking (how frequent or rare those senses
are). Surprisingly contextualized models, and spe-
cially CE models have no significant impact by
this factor, suggesting that these models are very
effective at deducing the correct sense based on
their context. These charts also suggest that these
models may be considering context even more than
the words themselves. This is intuitive for Masked-
Language-Models such as BERT, but not for others,
such as GPT-2. Non-contextualized models are im-
pacted by this factor, as expected.

2 4 6 8 10 12 14 16 18
WordNet Distance Between the Concepts
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GPT2-XL
T5-large
ELMo-large
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XLNet-large
ALBERT-xxlarge

Figure 12: Graph distance between concepts: We
measured the impact of the number of “hops” that sep-
arate two tested concepts on pair-wise F1 score. This
chart reveals a strong correlation of all the models in
this aspect. As an example of this phenomenon, closer
relations such as 〈chihuahua, dog〉 are, in general, con-
siderably easier to capture than distant relations such as
〈chihuahua, entity〉. For details on how we implement
the distance in WordNet, check Appendix A.2.

5Due to space restrictions, other factors and graphs will
only be included in an extended version of this paper, uploaded
to ArXiv
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E F1-scores of additional categories

Category W2V GloVe GPT-2 T5 ELMo BERT RoBERTa XLNet ALBERT

abstraction
.7142 .7296 .7224 .7662 .7808 .7718 .7759 .7712 .7635
± .1277 ± .1194 ± .1897 ± .0942 ± .1203 ± .1582 ± .1537 ± .1404 ± .1732

attribute
.7044 .7213 .7730 .7649 .8093 .8094 .8167 .8064 .8050
± .1310 ± .1237 ± .0911 ± .0863 ± .0886 ± .0998 ± .0926 ± .0891 ± .0998

communication
.6974 .7251 .7826 .7587 .8049 .8246 .8249 .8066 .8093
± .1330 ± .1224 ± .0967 ± .1083 ± .0925 ± .0979 ± .0983 ± .0987 ± .1023

group
.7068 .6929 .4972 .7262 .6821 .6173 .6256 .6491 .5858
± .1320 ± .1339 ± .2955 ± .1179 ± .1711 ± .2399 ± .2305 ± .2139 ± .2745

social group
.7497 .7579 .8155 .7868 .8312 .8516 .8552 .8422 .8556
± .1058 ± .1046 ± .0883 ± .0867 ± .0707 ± .0742 ± .0698 ± .0724 ± .0819

taxonomic group
.6920 .6648 .3030 .6944 .6011 .4804 .4921 .5371 .4277
± .1306 ± .1330 ± .2025 ± .1208 ± .1583 ± .2025 ± .1903 ± .1944 ± .2305

family
.7412 .7213 .3131 .6691 .5461 .5626 .5379 .5733 .5437
± .1363 ± .1244 ± .2003 ± .1276 ± .1630 ± .1537 ± .1502 ± .1626 ± .1705

genus
.6267 .6040 .2567 .7156 .6167 .3696 .4201 .4555 .2862
± .0989 ± .1127 ± .1582 ± .1001 ± .1301 ± .1857 ± .1855 ± .1853 ± .1945

psychological feature
.7256 .7478 .7829 .7795 .8163 .8181 .8229 .8077 .8208
± .1122 ± .1016 ± .0904 ± .0778 ± .0851 ± .0954 ± .0930 ± .0931 ± .0915

relation
.7264 .7567 .7612 .7963 .7679 .7662 .7649 .7659 .7727
± .1304 ± .1042 ± .0809 ± .0688 ± .0878 ± .0995 ± .0982 ± .0908 ± .0929

artifact
.7120 .7389 .7903 .7868 .8308 .8249 .8315 .8319 .8231
± .1194 ± .1068 ± .0736 ± .0676 ± .0693 ± .0742 ± .0700 ± .0702 ± .0761

covering
.7230 .7510 .7903 .7878 .8398 .8392 .8363 .8393 .8322
± .1097 ± .0970 ± .0713 ± .0606 ± .0599 ± .0706 ± .0571 ± .0576 ± .0621

instrumentality
.7064 .7378 .7930 .7902 .8308 .8134 .8337 .8313 .8233
± .1219 ± .1052 ± .0728 ± .0648 ± .0676 ± .0748 ± .0691 ± .0711 ± .0763

device
.7097 .7435 .7956 .7899 .8311 .8198 .8358 .8326 .8230
± .1200 ± .1009 ± .0713 ± .0667 ± .0689 ± .0701 ± .0640 ± .0675 ± .0743

causal agent
.7240 .7398 .7253 .7751 .8022 .7453 .7631 .7788 .7826
± .1137 ± .1101 ± .1105 ± .0757 ± .0884 ± .1093 ± .1056 ± .1035 ± .0934

person
.7208 .7351 .7207 .7735 .8022 .7379 .7585 .7779 .7826
± .1135 ± .1113 ± .1132 ± .0746 ± .0854 ± .1101 ± .1054 ± .1053 ± .0937

living thing
.7295 .7421 .7300 .7862 .8187 .7593 .7823 .7907 .7758
± .1112 ± .1078 ± .1004 ± .0749 ± .0850 ± .0997 ± .0922 ± .0928 ± .0909

animal
.7349 .7391 .7515 .7837 .8389 .7914 .8179 .8135 .7781
± .1049 ± .1028 ± .0829 ± .0714 ± .0785 ± .0801 ± .0701 ± .0737 ± .0857

plant
.7445 .7608 .7288 .8168 .8404 .7679 .7962 .7986 .7645
± .1044 ± .0989 ± .0842 ± .0653 ± .0692 ± .0830 ± .0688 ± .0746 ± .0861

matter .7402 .7633 .7582 .8002 .7756 .7645 .7614 .7636 .7685
± .1117 ± .1009 ± .0834 ± .0662 ± .0886 ± .0959 ± .0941 ± .0908 ± .0938

part .7532 .7759 .7540 .8051 .7580 .7499 .7441 .7526 .7610
± .1000 ± .0852 ± .0772 ± .0595 ± .0844 ± .0977 ± .0947 ± .0880 ± .0907

substance .7560 .7791 .7508 .8073 .7542 .7436 .7370 .7477 .7580
± .0967 ± .0809 ± .0755 ± .0567 ± .0828 ± .0952 ± .0919 ± .0862 ± .0889

Table 6: Each value represents the mean F1-score and standard deviation of all the concepts that belong to each
analyzed category. Only the larger version of each model is reported. This is not an extensive list and categories
are somewhat imbalanced. Categories were selected based on the number of sub-categories they contained.
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Abstract

Multilingual Neural Machine Translation
(MNMT) has aroused widespread interest
due to its efficiency. An exciting advantage
of MNMT models is that they could also
translate between unsupervised (zero-shot)
language directions. Language tag (LT)
strategies are often adopted to indicate the
translation directions in MNMT. In this paper,
we demonstrate that the LTs are not only
indicators for translation directions but also
crucial to zero-shot translation qualities. Un-
fortunately, previous work tends to ignore the
importance of LT strategies. We demonstrate
that a proper LT strategy could enhance the
consistency of semantic representations and
alleviate the off-target issue in zero-shot
directions. Experimental results show that
by ignoring the source language tag (SLT)
and adding the target language tag (TLT) to
the encoder, the zero-shot translations could
achieve a +8 BLEU score difference over
other LT strategies in IWSLT17, Europarl,
TED talks translation tasks.

1 Introduction

Neural Machine Translation (NMT) based on the
encoder-decoder framework with attention mecha-
nism (Sutskever et al., 2014; Bahdanau et al., 2015;
Luong et al., 2015; Wu et al., 2016; Gehring et al.,
2017; Vaswani et al., 2017) has achieved state-of-
the-art (SotA) results in many language pairs (Deng
et al., 2018; Barrault et al., 2019). Pioneered by
(Dong et al., 2015; Firat et al., 2016; Zoph and
Knight, 2016; Ha et al., 2016; Johnson et al., 2017),
researchers start to investigate the possibility of
using a single model to translate between multi-
ple languages, which is the Multilingual Neural
Machine Translation (MNMT). Benefiting from
the transferring ability of multilingual modeling,
MNMT could achieve better translation quality be-
tween low-resource language directions than bilin-

gual models (Gu et al., 2018; Wang et al., 2019).
More exciting, MNMT could even translate be-
tween zero-shot language directions (Johnson et al.,
2017; Gu et al., 2019; Pham et al., 2019; Kudugunta
et al., 2019).

Unlike bilingual NMT, language-specific sig-
nals should be accessible to the MNMT model so
that the model can distinguish the translation direc-
tions. Ha et al., (2016) first introduced a universal
encoder-decoder framework for MNMT models
with language-specific coded vocabulary to indi-
cate different languages. The encoder-decoder ar-
chitecture is identical to bilingual models (Bah-
danau et al., 2015; Vaswani et al., 2017). To further
simplify the MNMT models, Johnson et al., (2017)
propose to add language tags (LTs) to the begin-
ning of input data to indicate the target language.
Then a shared vocabulary could be learned for all
languages. The training data of different languages
could thus be mixed-up to train the MNMT model.
Such a strategy greatly simplifies the training and
decoding procedure. We call it the LT strategy.
This paper focuses on investigating the impact of
LT strategies for zero-shot translation directions
in MNMT (zero-shot MNMT). We conduct trans-
lation experiments (Section 3) and visualization
analysis (Section 4) on several multilingual bench-
marks with different LT strategies. We observe
that:

• The TLT is more important than the SLT. The
SLT even causes negative effects on the zero-
shot translation.

• The placements of LTs have a surprisingly
large impact on the translation quality. Placing
different LTs on different parts of the NMT
model lead to a +8 BLEU score difference in
our experiments.

Our contributions are mainly twofold: (i) We
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Strategy Source sentence Target sentence

Original Hello World! ¡Hola Mundo!

T-ENC es Hello World! ¡Hola Mundo!
T-DEC Hello World! es ¡Hola Mundo!

S-ENC-T-ENC en es Hello World! ¡Hola Mundo!
S-ENC-T-DEC en Hello World! es ¡Hola Mundo!

Table 1: Examples of modified input data by different LT strategies. The bold tokens are the SLT ( en ) or TLT
( es ). T-ENC is identical to (Johnson et al., 2017), which adds the TLT to the encoder (source) side. T-DEC
means placing the TLT on the decoder (target) side of model. S-ENC-T-ENC and S-ENC-T-DEC place the SLT
on the encoder side, but the former also places the TLT on encoder side, while the latter on the decoder side.

find that the LT strategies are crucial for the zero-
shot MNMT translation quality. Ignoring SLTs
and placing the TLTs on the encoder side could
achieve the best performance during our exper-
iments. (ii) We conduct extensive visualization
analysis to demonstrate that the proper LT strategy
could enhance the consistency of semantic repre-
sentation and alleviate the off-target issue (Zhang
et al., 2020), thus improving the translation qual-
ity. To the best of our knowledge, this is the first
paper to systematically study the importance of LT
strategies for zero-shot translation quality.

2 Background and Notations

Improving the consistency of semantic represen-
tations and alleviating the off-target issue (Zhang
et al., 2020) are effective ways to improve the zero-
shot translation quality (Al-Shedivat and Parikh,
2019; Arivazhagan et al., 2019; Zhu et al., 2020).
The semantic representations of different languages
should be close to each other to get better transla-
tion quality (Ding et al., 2017). The off-target issue
indicates that the MNMT model tends to trans-
late input sentences to the wrong languages, which
leads to low translation quality.

Due to its simplicity and efficiency, LT strat-
egy has become a fundamental strategy for
MNMT (Dabre et al., 2020). Though previous
work adopted different LT strategies (Wang et al.,
2018; Blackwood et al., 2018; Conneau and Lam-
ple, 2019; Liu et al., 2020b), the usages of LT
strategies are intuitive and lack systematic study.
In this paper, we investigate 4 popular LT strate-
gies, namely T-ENC, T-DEC, S-ENC-T-ENC
and S-ENC-T-DEC. Each of them only requires
simple modifications to the input data. Table 1 com-
prehensively illustrates the strategies with an En-
glish to Spanish translation pair (Hello World!

→ ¡Hola Mundo!).

3 Experiments

3.1 Experiment Settings

Datasets We carry out our experiments on the
publicly available IWSLT17 (Cettolo et al.,
2017), TED talks (Qi et al., 2018) and Europarl
v7 (Koehn, 2005) datasets. Table 2 shows an
overview of the datasets. We choose four different
languages (English included) for both IWSLT17
and Europarl, and 20 languages for TED talks. All
the training data are English-centric parallel data,
which means either the source-side or target-side
of the sentence pair is English. We have 6, 6,
and 342 zero-shot translation directions and an
average of 145k, 1.96M (M = million), and 187k
sentence pairs per direction for the three datasets
respectively. We choose the official tst2017, WMT
newstest08, and the TED talks testsets (Qi
et al., 2018) as our test sets, respectively. We
learned a joint SentencePiece model (Kudo and
Richardson, 2018) for sub-word training on all
languages with 40,000 merge operations for each
dataset. We limit the size of joint vocabulary to
40,000 for all three datasets.
Settings We use the open-source implemen-
tation (Ott et al., 2019) of Transformer
model (Vaswani et al., 2017). Following
the settings of (Liu et al., 2020a), we use a
5-layer encoder and 5-layer decoder variation of
Transformer-base model (Vaswani et al., 2017)
for TED and IWSLT17. For Europarl v7, we
use a standard Transformer-big model (Vaswani
et al., 2017). Sentence pairs are batched together
by approximate sentence length. Each batch has
approximately 30,000 source tokens and 30,000
target tokens. We use the Adam (Kingma and
Ba, 2015) optimizer to update the parameters and
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#zero-shot #training sents #sents
Dataset languages directions per direction per testset

IWSLT17 en, it, nl, ro 6 145k 1144

Europarl en, fr, de, es 6 1.96m 2000

TED
en, ar, he, ru, ko, it, ja
zh, es, fr, pt, nl, tr, ro 342 187k 4507
pl, bg, vi, de, fa, hu

Table 2: An overview of the datasets. The second column is the languages the training data contains. The third
column denotes the number of zero-shot translation directions. The fourth and fifth column denote the averaged
number of training data and test data per language direction, respectively.

Dataset LT Strategy Supervised Zero-Shot Off-Target (%)

IWSLT17

T-ENC 32.30 16.00 (+14.02) 9.16
T-DEC 32.43 10.44 29.50
S-ENC-T-ENC 32.56 1.98 94.14
S-ENC-T-DEC 32.39 7.67 48.87

Europarl

T-ENC 35.55 32.25 (+24.24) 1.18
T-DEC 35.49 30.73 1.13
S-ENC-T-ENC 35.53 8.01 79.53
S-ENC-T-DEC 35.53 29.81 2.26

TED talks

T-ENC 25.63 10.69 (+8.78) 12.63
T-DEC 25.58 3.11 58.47
S-ENC-T-ENC 25.84 4.07 65.03
S-ENC-T-DEC 25.63 1.91 77.02

Table 3: Translation results on 3 datasets. The supervised and zero-shot column denote the averaged BLEU score
of supervised or zero-shot directions. The off-target (%) denotes the averaged percentage of sentences being
translated to wrong languages in zero-shot directions.

train each model for 100,000 steps to make sure
it converges. We use beam search for heuristic
decoding, and set the beam size to 4. We use
SacreBLEU (Papineni et al., 2002; Post, 2018)
to evaluate the translation results. To calculating
the percentage of off-target translations, we use
the langdetect1 tool to detect the language of the
translated sentences.

3.2 Experimental Results
We show the translation results on the IWSLT17,
Europarl, and TED talks datasets in Table 3. For all
three datasets, different strategies achieve compa-
rable BLEU score on supervised directions. How-
ever, for the zero-shot directions, the BLEU score
varies significantly using different LT strategies.
One observation is that the T-ENC strategy consis-
tently outperforms the other three strategies on all

1https://github.com/Mimino666/langdetect

datasets in terms of BLEU score with large mar-
gin, regardless of the corpus size and number of
languages. In terms of off-target issue, T-ENC
achieves the best performance in most cases.

Besides, ignoring the SLT (T-ENC
v.s. S-ENC-T-ENC) also helps the zero-
shot BLEU score. The percentage of off-target
translations reaches 94.14% in the IWSLT17
dataset by S-ENC-T-ENC strategy, while only
9.16% by T-ENC strategy. It indicates that the
model translates almost all the sentences to the
wrong languages in S-ENC-T-ENC, while to the
right languages in T-ENC. It proves again the SLT
hurts the zero-shot translation.

Another interesting observation is that placing
the TLT on the encoder side also helps the zero-
shot performance. Compared with T-ENC, both
the translation quality and off-target performance
are significantly worse in T-DEC. We will study
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the reasons behind the above observations by visu-
alization analysis in Section 4.

4 Visualization Analysis

We conduct the visualizations on the TED talks
data to analyze the impact of different LT strategies
on the semantic representation consistency and the
off-target issue in MNMT.
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Figure 1: KDE visualization of encoder output using
different LT strategies. 5 languages (nl, ro, fr, it, ru →
zh) are randomly chosen for better readability.

Enhancing the Semantic Representation Con-
sistency Figure 1 shows the kernel density es-
timation (KDE) (Parzen, 1962) of t-SNE (Van der
Maaten and Hinton, 2008) reduced average encoder
output on different languages. We randomly chose
5 source languages (nl, ro, fr, it, ru → zh) in-
stead of all languages for clearer visualization. We
choose 100 sentences for each language, and each
sentence has its corresponding translation in the
other 4 languages. The contour lines drawn by Ker-
nel Density Estimation tools 2 was used to estimate
the semantic distribution of the encoder outputs.
The contour lines visualize the semantic represen-
tation of different languages. The representations
are more consistent if the contour lines of different
languages overlap more with each other.

The contour lines are nearly perfectly overlap
with each other in T-ENC (Figure 1a), while they
do not for the other strategies. Comparing Fig-
ure 1a and Figure 1c, we can see that ignoring SLT

2https://seaborn.pydata.org/generated/seaborn.kdeplot.html

greatly helps the model to learn more consistent
representations. Comparing Figure 1a and Fig-
ure 1b, placing TLT to encoder side instead of the
decoder side also helps the semantic consistency.
Both comparisons validate that T-ENC could learn
the most consistent and different semantic repre-
sentations, thus achieves the best BLEU score. It
might be why the shape of contour lines in T-ENC
is significantly different from other strategies.

Alleviating the off-target Issue Figure 2 shows
the attention visualization of a Russian to Italian
translation example using different LT strategies.
The x-axis is the Italian translation.

In Figure 2a1, T-ENC strategy pays attention
to the TLT (in this case, the token it in the
red background) during the whole translation pro-
cedure (left-to-right). Compared to T-ENC, both
T-DEC and S-ENC-T-DEC pay less attention to
the TLT after a few tokens are generated. It val-
idates that placing the TLT on the encoder side
would also help the model distinguish the target
languages. The S-ENC-T-ENC pays nearly equal
attention to both SLT and TLT, which might make
the model confused about which one is the target
language. Both comparisons prove that the T-ENC
strategy has the best ability to distinguish the target
languages, thus alleviates the off-target issue.

Combining Both Semantic Consistency and off-
target Issue Figure 3 visualizes the cosine simi-
larity of the layer-wise encoder and decoder output
of different languages in zero-shot setting (English
excluded). We sampled 100 muti-way data from
the test set and averaged the cosine similarity be-
tween each language.

In the many-to-one setting, we randomly select
Russian as the target language and translate the
other 18 languages to Russian to obtain the model
outputs. The similarity improves from encoder
layer 0 to 3 and decoder layer 0 to layer 4, which
indicates that the semantic consistency improves
as the layer goes up. Interestingly, the similarity
drops from encoder layer 3 to layer 4. It might
be because the decoder interacts with the encoder
directly between encoder layer 4 and decoder layer
0, thus interferes with the top-layer encoder out-
put. But the dropping trend is less rapid in T-ENC
than in other strategies. The T-ENC achieves the
highest similarity on the last layer, which shows
that the T-ENC learns more consistent semantics
representations.
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(a1) T-ENC (a2) S-ENC-T-ENC

(a) The Decoder Cross Attention

(b1) T-DEC (b2) S-ENC-T-DEC

(b) The Decoder Self Attention

Figure 2: Attention visualization on a Russian to Ital-
ian translation example using different LT strategies.
Note that we present the cross-attention for T-ENC and
S-ENC-T-ENC, the decoder self-attention for T-DEC
and S-ENC-T-DEC to visualize the TLT token.
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Figure 3: The cosine similarity of layer-wise output us-
ing different LT strategies. Note that layer 0 to 4 are
the encoder layers, layer 5 to 9 are the decoder layers.

In the one-to-many setting, we treat Russian as
the source language and translate Russian to the
other 18 languages to get the model output. The
semantic similarity drops as the layer goes up in
all four strategies. It indicates that the model can
distinguish different target languages as the layer
goes up. T-ENC achieves the lowest similarity
at the last layer output among all strategies. It
shows again that the T-ENC has the best ability to
alleviate the off-target issue.

5 Conclusion

We show that the language tags in MNMT are not
just indicators for translation directions but also

significantly impact the zero-shot translation qual-
ity. By extensive experiments and visualization
analysis, we found that (i) ignoring the SLTs could
help the models learn consistent semantic represen-
tations. (ii) Placing the TLTs on the encoder side
could help the decoder pay more attention to the
target language, thus alleviating the off-target issue.
Zero-shot translation quality could be improved
by investigating how to enhance the semantic rep-
resentation consistency further and alleviate the
off-target issue by optimizing LT strategies. We
will conduct methods to optimize the LT strategy
in our future work.
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Abstract

Multi-hop question generation requires com-
plex reasoning and coherent language realiza-
tion. Learning a generation model for the
problem requires extensive multi-hop question
answering (QA) data, which are limited due
to the manual collection effort. A two-phase
strategy addresses the insufficiency of multi-
hop QA data by first generating and then
composing single-hop sub-questions. Learn-
ing this generating and then composing two-
phase model, however, requires manually la-
beled question decomposition data, which is
labor intensive. To overcome this limitation,
we propose a novel generative approach that
optimizes the two-phase model without ques-
tion decomposition data. We treat the unob-
served sub-questions as latent variables and
propose an objective that estimates the true
sub-questions via variational inference. We
further generalize the generative modeling to
single-hop QA data. We hypothesize that each
single-hop question is a sub-question of an
unobserved multi-hop question, and propose
an objective that generates single-hop ques-
tions by decomposing latent multi-hop ques-
tions. We show that the two objectives can be
unified and both optimize the two-phase gen-
eration model. Experiments show that the pro-
posed approach outperforms competitive base-
lines on HOTPOTQA, a benchmark multi-hop
question answering dataset.

1 Introduction

Question generation aims to automatically gener-
ate valid and coherent questions based on given
context, which is widely applied to enrich ques-
tion answering (QA) datasets, facilitate text com-
prehension (Ko et al., 2020), seek clarification in
conversation (Rao and Daumé III, 2019), etc. Re-
cently, neural encoder-decoder based approaches
∗Rui Zhang is the corresponding author.

Table 1: Multi-Hop Question Reasoning Example

Supportive
Evidence

Paragraph A. Dario Franchitti

[1] George ..., known professionally as Dario
Franchitti, is a retired Scottish racing driver.
[2] After Franchitti did not secure a
single-seater drive in 1995, he was contracted
by the AMG team to compete in touring cars
in the DTM and its successor — the
International Touring Car Championship.

Paragraph B. Mercedes-AMG

[1] Mercedes-AMG GmbH (AMG)... is the
high performance division of Mercedes-Benz.
[2] Mercedes-AMG is headquartered in
Affalterbach, Baden Württemberg, Germany.

Reasoning
Progress

< Dario Franchitti , contracted by , AMG >
< Dario Franchitti , competed in , DTM >
< AMG , headquartered in , Affalterbach,
Baden Württemberg, Germany >

Multi-hop
Question

After he was contracted by the team that is
headquartered in Affalterbach, Baden
Württemberg, Germany, Dario Franchitti
competed in what series?

Sub-
Questions

Which team is headquartered in Affalterbach,
Baden Württemberg, Germany?
After contracted by AMG, Dario Franchitti
competed in what series?

Answer DTM

have shown promising results for simple, single-
hop question generation (Du and Cardie, 2018).
Such approaches directly maps context (e.g., text
passages) to questions without reasoning, and thus
struggle when generating multi-hop questions (Pan
et al., 2020). Here, reasoning refers to identify-
ing and aggregating the relevant information taken
from multiple documents to derive the question.
Table 1 illustrates the reasoning process of a multi-
hop question; in this example, the entity that links
the two passages, i.e., “AMG”, is firstly identified,
and the relations around it in the context are trans-
formed into a question. To model such reasoning
processes in an end-to-end manner requires exten-
sive training data, and is thus impractical due to the
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extensive collection effort of multi-hop QA data.

To address this problem, recent studies propose
to augment the generation model with an explicit
reasoning progress. For example, a straightforward
solution is to identify the anchoring entities via
named entity recognition (NER), and find relations
via relation extraction. The extracted structural rea-
soning path, in the form of subject-predicate-object
triples as illustrated in Table 1, is then fed to the
generation model as auxiliary features (Yu et al.,
2020b). However, the reasoning capability is con-
strained by the off-the-shelf extraction tools which
cannot be extended to arbitrary context (Yang et al.,
2018; Dhingra et al., 2020).

Another line of recent studies on multi-hop ques-
tion answering models the reasoning process by
decomposing a multi-hop question into several sub-
questions (Min et al., 2019; Wolfson et al., 2020).
As illustrated in Table 1, the answer of the multi-
hop question can be derived by answering a se-
ries of single-hop sub-questions. Ideally, question
generation can also adopt this two-phase strategy
which first generates sub-questions and then com-
poses the sub-questions into a multi-hop question.
However, this strategy requires a parallel corpus
that annotates each multi-hop question to its corre-
sponding sub-questions, and obtaining such anno-
tations still requires extensive efforts and costs.

To address these issues, we propose to jointly
optimize the two-phase model using non-parallel
single-hop and multi-hop corpuses only, in which
the questions are not paired. We propose a gen-
erative objective that models the multi-hop and
single-hop question generation (QG) tasks in a uni-
fied way. The key idea is that each question, either
multi-hop or single-hop, can be considered a par-
tially observed 〈multi-hop question, sub-question〉
pair and treat the unobserved part as a latent vari-
able. In the generative modeling of multi-hop QG,
we use the two-phase model as a generation model
and introduce a posterior model to estimate unob-
served sub-questions. The generation and the pos-
terior models are jointly optimized via variational
inference (Kingma and Welling, 2014). For gener-
ative single-hop QG, we instead use the two-phase
model as a posterior model to estimate unobserved
multi-hop questions, and the posterior model is
jointly optimized with a generation model that de-
composes a multi-hop question into sub-questions.
In this way, we integrate the optimization of the
two-phase model in both generative multi-hop and

single-hop QG tasks, serving as the generation and
the posterior model, respectively.

Optimizing the generative objective in the text
space is, however, prone to compounding errors
due to the diversities of potential reasoning paths.
There are multiple ways to raise a single-hop ques-
tion given the same piece of information, and it is
challenging to find the valid one only given the text
passages. We address this challenge by equipping
the generative modeling with a planning mecha-
nism that uses a latent variable to encode the de-
sired reasoning path. In this way, the inference
of sub-questions is guided by a pre-sampled plan
(i.e., the latent variable) and thus maintains con-
sistency with the target multi-hop question. We
achieve latent variable learning by incorporating an
end-to-end differentiable bottleneck into the sub-
question generation model, which can be naturally
integrated into the overall objective. Moreover,
the proposed planning mechanism also promotes a
more stable training. This is because the original
generative modeling involves a sequential sampling
of latent variables (i.e., sub-questions), which is
known to cause high variance and result in an unsta-
ble training (He et al., 2020). The planning mecha-
nism relieves the sequential sampling requirement,
since it encodes the high-level planning and covers
the dependency between sub-questions.

Our contributions are summarized as follows:
• We propose a novel generative objective that uni-
fies non-parallel question corpuses and relieves the
requirements of extensive annotations for learning
a two-phase question generation model.
• We propose a planning mechanism to guide the
generation towards sub-questions that are more
probable to compose into a multi-hop question.
• We conduct experiments on a benchmark multi-
hop question answering dataset. The results show
that our approach outperforms the state-of-the-art
under both language generation and question an-
swering based evaluations.

2 Preliminaries

Let DM = {(qi, ai, ci)|1 ≤ i ≤ N} be a set of N
multi-hop question-answer-evidence triples, where
the evidence is a set of potentially relevant sen-
tences ci = {d1, d2, ..., dk}, and each multi-hop
question q requires reasoning over multiple sen-
tences to find the answer a. Multi-hop question
generation (QG) aims to generate a question q that
has the pre-selected answer a given the evidence set
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(a) Generative multi-hop QG (left) with planning (right)

(b) Generative single-hop QG (left) with planning (right)

Figure 1: A graphical representation of the proposed
generative model. White circles denote the observed
variables and gray circles denote the latents. 1

c. Existing studies adopt a strategy commonly used
in single-hop question generation, which formu-
lates multi-hop QG as a seq-to-seq problem. Since
extensive annotation efforts are needed to produce
multi-hop QG examples, few multi-hop QG exam-
ples are available. Thus, a naive adoption of seq-to-
seq learning may not yield an effective multi-hop
QG model, especially in the low-resource scenario.

To address data insufficiency, a two-phase strat-
egy is considered based on the assumption that each
multi-hop question q can be decomposed into two
single-hop sub-questions s1 and s2.2 The multi-
hop question generation is then performed by a
sub-question generation model pS and a question
composing model pC as

p(q|a, c) = pC(q|s1, s2)pS(s2, s1|a, c). (1)

The training of these two models require question
decomposition data, which are pairs of a multi-hop
question and its corresponding sub-question anno-
tations {(q, 〈s1, s2〉)}. However, it is non-trivial
to obtain the question decomposition data, which
requires extensive human annotation effort.

1Note that the generation of single-hop questions s, multi-
hop question q, and planning variables z are conditioned on
evidence set c and answer a, which is omitted in Fig. 1.

2The formulation can be easily extended to more sub-questions

3 Proposed Model

We take a two-phase approach for multi-hop ques-
tion generation while do not require a question
decomposing dataset that contains pairs of multi-
hop questions and sub-questions. We assume that
a single-hop question answering dataset DS and
a multi-hop dataset DM are available for train-
ing. Both datasets are non-parallel, i.e., contain
question-answer pairs but not sub-questions, and
the evidence passages of both datasets shall come
from the same source (e.g., Wikipedia articles).

Under these problem settings, we aim to learn
the single-hop QG model pS and the question com-
posing model pC using both DS and DM. To ef-
fectively train these two models in the absence of
question decomposition data, we propose a uni-
fied generative formulation that naturally connects
single-hop and multi-hop questions. Specifically,
in modeling the generation process of multi-hop
questions, we treat the corresponding sub-questions
as latent variables and propose an objective that
jointly optimizes pS and pC (Sec. 3.1). We fur-
ther extend the generative formulation to model
the generation of single-hop questions, and both
generation processes together form the overall op-
timization objective (Sec. 3.2). Then, we propose
a planning-aware generation strategy to better opti-
mize the objective in Sec. 3.3. We summarize the
overall learning and inference process in Sec. 3.4.

3.1 Generative Modeling of Multi-Hop QG

We now reconsider the two-phase question genera-
tion strategy in Eqn. 1. Since we do not have the
parallel data, it is infeasible to directly model the
conditional probability p(q|s), where s = {s1, s2}
is the set of sub-questions of q. We thus propose
to treat the unobserved sub-questions as latent vari-
ables, and describe p(q|a, c) in a generative way as

p(q) =
∑

s

p(q, s) =
∑

s

pθ(q|s)pψ(s) (2)

where p(q) and p(q, s) are shorthands for p(q|a, c)
and p(q, s|a, c), 3 pψ is a conditional prior model,
and pθ is a generation model for multi-hop ques-
tions. Since this likelihood is intractable, we in-
stead derive and optimize its evidence lower bound

3Same below for brevity when the context is clear.
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(ELBO) (Kingma and Welling, 2014)

log p(q) ≥ Eqφ(s|q)[log
pθ(q|s)pψ(s)
qφ(s|q)

]

= Eqφ(s|q)[log pθ(q|s)]− KL(qφ(s|q)||pψ(s))
(3)

where qφ(s|q) is a posterior model for latent vari-
able s, and KL denotes the Kullback-Leibler di-
vergence. We now substitute the latent variable s
with two sub-questions, s1 and s2, and define the
factorized form of the posterior and the prior in a
hierarchical manner

qφ(s|q) = qφ(s2|q, s1)qφ(s1|q)
pψ(s) = pψ(s2|s1)pψ(s1).

(4)

We can now rewrite the ELBO in Eqn. 3 with the
factorization and obtain

log p(q) ≥ Eqφ(s1|q)qφ(s2|s1,q)[log pθ(q|s1, s2)]
− KL(qφ(s1|q)||pψ(s1))
− KL(qφ(s2|q, s1)||pψ(s2|s1))
:= LELBO(q)

(5)
Fig. 1(a) shows the directed graphical model

of the generative modeling of multi-hop question
generation. Specifically, given an evidence set and
a pre-selected answer, a single-hop question s1 is
first sampled. Given s1 and relevant information in
the context, a second sub-question s2 that satisfies
a valid reasoning process is further sampled. Since
two sub-questions are both unobserved, we esti-
mate s1 and s2 using the posterior model qφ. The
sub-questions then form the observed multi-hop
question q via question composing as pθ(q|s1, s2).

To perform effective optimization, we tie the
parameters of the posterior model qφ at different hi-
erarchies, i.e., qφ(s1|·) and qφ(s2|·), as one single-
hop QG model. Such parameter tying also applies
to the prior model pψ. We implement the genera-
tion model pθ, the prior pψ, and the posterior qφ in
Eqn. 5 using pre-trained encoder-decoder models
which will be detailed in Sec. 3.4. We notice that
the prior pψ and the generation model pθ actually
play the same role as the single-hop QG model pS
and question composing model pC in Eqn. 1. Thus,
the generative modeling enables a joint optimiza-
tion of pS and pC using multi-hop QA data only
and without question decomposing data.

3.2 Generative Modeling of Single-Hop QG
Considering that the multi-hop QA data is limited,
we propose to integrate single-hop QA data into

the joint optimization objective. We extend the
proposed generative modeling by assuming that
each single-hop question is obtained by decom-
posing an unobserved multi-hop question. With a
slight abuse of notation, we use (s, a, c) to denote
a single-hop question-answer-evidence triple, and
describe p(s|a, c) as

p(s) =
∑

q

p(s, q) =
∑

q

pθ′(s|q)pψ′(q) (6)

where we omit the condition as in Eqn. 2, and
q is a multi-hop question that has a sub-question
s. The generation model pθ′ and the prior model
pψ′ are parameterized with θ′ and ψ′, respectively.
We treat the unobserved q as a latent variable and
derive the evidence lower bound as

log p(s) ≥ Eqφ′ (q|s)[log pθ′(s|q)]
−KL(qφ′(q|s)||pψ′(q))] := LELBO(s)

(7)

where qφ′ is a posterior model to estimate the un-
observed question q.

Fig. 1(b) illustrates the generative modeling for
single-hop QG. Specifically, a multi-hop question
is first sampled by the prior pψ′ , and we assume that
its sub-question set includes the observed single-
hop question s. The question s is then generated by
decomposing the multi-hop question q via pθ′(s|q).
We estimate the unobserved multi-hop question q
using the posterior model pφ′ .

We observe that the posterior approximation in
single-hop QG (dashed line in Fig. 1(b)-left) is the
same as the generative process in multi-hop QG
(solid line in Fig. 1(a)-left). Thus, we can realize
the posterior model qφ′(q|s) by reusing the prior
pψ and the generative model pθ in Eqn. 5 as

qφ′(q|s) = pθ(q|ŝ, s)pψ(ŝ|s) (8)

where ŝ is the unobserved second sub-question that
forms the multi-hop question together with s. Note
that we no longer need a hierarchical form since
one sub-question is observed.

Further, we observe that the generative process
in single-hop QG (solid line in Fig. 1(b)-left) is
part of the posterior approximation of multi-hop
QG (dashed line in Fig. 1(b)-left). This way, we
realize the generation model pθ′ and the prior pψ′
using the models already present in multi-hop QG

pθ′(s|q) = qφ(s|q)
pψ′(q) = pθ(q|s1, s2)pψ(s2|s1)pψ(s1)

(9)
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Table 2: Question Generation Diversification Example.

Supportive Evidence

After Franchitti did not secure a single-seater drive in 1995,
he was contracted by the AMG team to compete in touring
cars in the DTM and its successor — the International
Touring Car Championship.

Potential Generated Sub-Questions

Q: Did Dario Franchitti secure a single
seater drive in 1995? A: No

Q: Dario Franchitti was contracted by
which team to compete in the DTM? A: AMG

Q: The International Touring Car Cham-
pionship is the successor of what series? A: DTM

Q: After contracted by AMG, Dario
Franchitti competed in what series? A: DTM

where the prior pψ′(q) is inferred by first estimating
and then composing the latent sub-questions s1 and
s2. Note that pθ, pψ, and qφ are all taken from the
generative modeling of multi-hop QG. Thus, the
single-hop QG objective (Eqn. 7) optimizes the
same set of models as in multi-hop QG objective
(Eqn. 3). This way, we seamlessly unify the multi-
hop and single-hop QA data for joint optimization.

3.3 Planning Guided Question Generation
There is a challenge under the generative formula-
tion: the diversification of feasible generated ques-
tions can impinge the model training. Given the
same evidence set and pre-selected answer, there
can be multiple ways to raise a questions (Lee et al.,
2020). However, not every potential single-hop
question is qualified as a sub-question to form the
target multi-hop question, as illustrated in Table. 2.
To address this challenge, we propose to learn a la-
tent planning variable which serves as a generation
planning to guide the generation process.

The latent planning variable aims to capture the
high-level reasoning required to answer the multi-
hop questions, which is abstracted as a reasoning
path in existing studies. In order to model decision
making of the reasoning path, we define the latent
variable z as a discrete variable. We now incorpo-
rate the latent variable into the generative modeling
of multi-hop QG

log p(q) = log
∑

s

∫

z
p(q, z, s)dz

≥ Eqω(z|q)[p(q|z)]− KL(qω(z|q)||pω(z))
:= LELBO(q, z)

(10)
where qω and pω are posterior and prior models,
respectively, and the reason of having the same

parameters ω will be detailed later. The conditional
probability p(q|z) is modeled by letting the terms
of LELBO(q) in Eqn. 5 be additionally conditioned
on the sampled latent variable z (as illustrated in
Fig. 1(a)-right). The generation of sub-questions,
both prior pψ and posterior qφ, is now aware of the
planning as

qφ(s|q, z) = qφ(s1|q, z)qφ(s2|q, z)
pψ(s|z) = pψ(s1|z)pψ(s2|z).

(11)

We now no longer need a hierarchical form like
Eqn. 4, since the latent planning variable already
encodes the information of the other sub-question.
Thus, this formulation also alleviates the high vari-
ance issue commonly encountered in hierarchical
variational training (Vahdat and Kautz, 2020).

We also consider the planning guided mecha-
nism in the generative modeling of single-hop QG

log p(s) = log
∑

q

∫

z
p(s, z, q)dz

≥ Eqω(z|q)[p(s|z)]− KL(qω(z|s)||pω(z))
:= LELBO(s, z)

(12)
where p(s|z) is modeled by letting the prior and the
posterior in LELBO(s) be additionally conditioned
on z The realizations in Eqn. 8 and Eqn. 9 are now
formulated as

qφ′(q|s, z) = pθ(q|ŝ, s)pψ(ŝ|z)
pψ′(q|z) = pθ(q|s1, s2)pψ(s1|z)p(s2|z)

(13)

We implement the latent variable as discretized
VAE (van den Oord et al., 2017) by adding a learn-
able codebook between the encoder and the de-
coder. The codebook is a set of prototype vectors
ek, k ∈ 1, 2...K, each having the same dimension-
ality as that of the encoder output. The discrete
variable is obtained by using a nearest-neighbor
lookup to find the vector closest to the encoder out-
put. The corresponding prototype vector is then
fed into the decoder as an additional context em-
bedding to which every decoding step could at-
tend. With this discretization bottleneck design,
the encoder-decoder model and the codebook can
be jointly optimized.

3.4 Learning and Inference

We initialize the generative model pθ, the prior
pψ and the posterior qφ using BART (Lewis et al.,
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2020), a pre-trained seq-to-seq model. BART uses
the standard Transformer based encoder-decoder ar-
chitecture (Vaswani et al., 2017), and is optimized
by reconstructing the intentionally corrupted doc-
uments. We adopt an initial fine-tuning step for
all three models using question answering data
DS and DM, which adjusts the initialization pre-
trained from general texts to better fit the question
generation tasks. We then optimize pθ, pψ, and
qφ together with the discretization bottleneck qω
using the generative modeling of both multi-hop
and single-hop question answering data

L =
∑

q∈DM
LELBO(q, z)+

∑

s∈DS
LELBO(s, z) (14)

After training the single-hop QG model (i.e., pψ),
question composing model (i.e., pθ), and the bottle-
neck qω, inference follows the two-stage strategy.
We first infer a latent planning variable given the
evidence set and the answer. The sub-questions are
generated based on the inferred planning variable
and are composed into a multi-hop question.

4 Experiments

To show the effectiveness of the proposed approach,
planning guided latent reasoning (PLAR), we ex-
periment on two multi-hop question generation
settings (Sec. 4.1). We compare against state-of-
the-art approaches in both settings (Sec. 4.2). We
further consider a question answering based perfor-
mance measure, and analyze the effectiveness of
the proposed generative modeling (Sec. 4.3).

4.1 Settings
We use HOTPOTQA (Yang et al., 2018), a crowd-
sourced multi-hop question answering (QA) dataset
in our experiments. It contains over 90K ques-
tion answering examples, and the evidence set of
each question includes relevant paragraphs from
Wikipedia. The question-relevant sentences within
these paragraphs are further annotated as support-
ing facts. We follow the original data split of HOT-
POTQA, which includes 90,440 / 6,072 examples
for training and evaluation, respectively. We fur-
ther hold out 6,072 examples from the training data
as the validation set. We use SQuAD (Rajpurkar
et al., 2016) as the single-hop QA dataset, which
has over 100K questions also crowd-sourced based
on Wikipedia articles. Following the conventional
evaluation metrics, we use n-gram BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,

2005), and ROUGE-L (Lin and Hovy, 2002) to
evaluate the question generation quality.

We consider two input settings to thoroughly
evaluate the multi-hop question generation (QG)
performance: sentence-level and paragraph-level.
In the first setting, following the existing multi-hop
QG task formulation (Pan et al., 2020; Yu et al.,
2020b), we take the question-relevant sentences
(i.e., supporting facts) along with the answer as
inputs to generate the question. However, human
annotated supporting facts are not always available,
while identifying two relevant paragraphs is rel-
atively achievable. Thus, we further consider a
paragraph-level setting where, besides the answer,
we instead use the paragraphs containing support-
ing facts as part of the input. In both settings, in
order to simulate a low-resource scenario, we train
PLAR and other baselines using two different sub-
sets of the question answering examples, HOTPOT-
10K and HOTPOT-30K, containing 10K and 30K
randomly sampled training examples, respectively.

Note that we do not utilize any annotated ques-
tion decomposition dataset (e.g., QDMR (Wolfson
et al., 2020)). This is because it is labour-intensive
to obtain the extra question decomposition anno-
tations, which are not present in HotpotQA. Thus,
it is not practical to assume such decomposition
annotations would be available in different QA
tasks. We aim to tackle this challenge by utiliz-
ing non-parallel single-hop questions, which is rel-
atively easy to acquire and do not require extra
task-specific annotations.

We compare with three baselines that are based
on seq-to-seq models and are competitive in single-
hop question generation tasks: ASs2s (Kim et al.,
2019), Maxout-QG (Zhao et al., 2018), BART
(Lewis et al., 2020). We compare with two base-
lines that consume auxiliary reasoning path fea-
tures for multi-hop QG: RC-QG (Yu et al., 2020b)
uses reasoning chains built via named entity recog-
nition and relation extraction; and SG-DQG (Pan
et al., 2020) adopts semantic role labeling tech-
niques to build semantic graphs. We also compare
the full PLAR with its two variants: Pipeline indi-
vidually trains a single-hop QG model and a ques-
tion composing model using synthetic question de-
composition data obtained as Perez et al. (2020);
and PLAR w/o plan uses the generative objectives
as PLAR without the planning mechanism.
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Table 3: Question Generation Results (Sentence-Level)

HOTPOT-30K HOTPOT-10K

MODEL BLEU-1 BLEU-4 METEOR ROUGE-L BLEU-1 BLEU-4 METEOR ROUGE-L

Seq-to-Seq
Application

ASs2s 27.12 10.11 13.27 25.69 24.32 9.27 11.93 23.20
Maxout-QG 28.21 10.26 13.64 25.80 25.47 9.19 11.84 23.51
BART 30.52 11.15 14.87 27.22 26.10 10.12 12.46 23.63

Reasoning Path
Enhanced

RC-QG 30.86 11.36 15.29 28.66 29.31 11.16 14.88 26.89
SG-DQG 32.93 12.32 16.40 29.81 31.12 12.27 15.25 27.90

Proposed
Pipeline 30.11 11.65 15.20 27.28 28.23 10.02 13.21 25.21
PLAR w/o plan 35.19 13.48 17.54 31.02 33.68 13.87 16.64 28.87
PLAR 37.32 14.94 18.87 32.63 35.96 15.32 17.37 29.85

4.2 Overall Results

Table 3 shows that PLAR consistently outperforms
baselines on both subsets in the sentence-level in-
put setting. We can see that PLAR achieves a signif-
icant performance gain for all metrics. For example,
PLAR (32.63) outperforms SG-DQG (29.81) under
ROUGE-L on HOTPOT-30K. Meanwhile, we also
find that the generative modeling is essential to the
performance gain of PLAR. For examples, PLAR
w/o plan (16.64) achieves 25.9% improvements
over Pipeline (13.21) under METEOR on HOTPOT-
10K. This validates that unifying single-hop and
multi-hop QA data can effectively alleviate the data
scarcity issue. We further find that Pipeline has a
heavier performance decrease (comparing with the
baselines) when having fewer data. For example,
Pipeline outperforms RC-QG under BLEU-4 on
HOTPOT-30K, while it is outperformed by RC-QG
on HOTPOT-10K. This is largely because the train-
ing of each phase is individual performed which
is prone to data insufficiency especially in a more
extreme low-resource scenario.

For the paragraph-level input setting, Table 4
shows the results that PLAR consistently outper-
forms the baselines by a large margin. For example,
PLAR (17.79) achieves a gain of more than 33%
compared to SD-DQG (13.37) under METEOR on
HOTPOT-30K. By comparing PLAR (27.64) with
PLAN w/o plan (24.81) and Pipeline (23.04) un-
der ROUGE-L on HOTPOT-10K, we find that the
contribution of the planning mechanism is more
significant than that of the generative modeling.
This is largely because the diversification of poten-
tial sub-questions raises greater challenges in the
paragraph-level setting. Using the planning vari-
ables, PLAR can effectively generate the feasible
sub-questions. We also provide qualitative exam-
ples in Appendix to show the effectiveness of the
planning variables. We also find that the reasoning
path augmented baselines are not as competitive

as in the sentence-level input setting. For example,
RC-QG outperforms all the seq-to-seq based base-
lines under METEOR in the sentence-level setting,
while it only outperforms ASs2s in the paragraph-
level setting. The reason is that handcrafted rea-
soning features cannot generalize well to a larger
evidence set. PLAR overcomes this limitation by
optimizing reasoning capability taking advantage
of both single-hop and multi-hop QA data.

4.3 Discussion

We first study whether the generated questions can
boost the question answering performance. We
compare the performances of a BERT QA model
(Devlin et al., 2019) on both subsets, where the QA
model is trained using QA data generated by differ-
ent QG models. The results in Table 5 show that the
learning of multi-hop QA models relies heavily on
sufficient supervision, since a significant perform
reduction is observed when training on a subset
only. PLAR achieves more effective training than
the baselines and its variants, especially in the more
challenging subset. It achieves the most perfor-
mance gain (17.3%) over the subset-only training
result under F1 on HOTPOT-30K. We also find that
the QG results of BART do not improve QA perfor-
mance while BART performs comparable to other
baselines (e.g., SG-DQG) on automatic evaluation
metrics. This is aligned with our intuition that the
text fluency is insufficient for obtaining multi-hop
questions that benefit the QA task. It is essential to
incorporate reasoning into the generation process.

We now study the effect of unified generative
question generation. To investigate how the gener-
ative multi-hop (Eqn. 5) and single-hop objective
(Eqn. 7) contribute to the overall question genera-
tion training, we compare PLAR with PLAR using
multi-hop objective only and PLAR using planning
guided multi-hop objective under varying sizes of
single-hop question answering data. The results on
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Table 4: Question Generation Results (Paragraph-Level)

HOTPOT-30K HOTPOT-10K

MODEL BLEU-1 BLEU-4 METEOR ROUGE-L BLEU-1 BLEU-4 METEOR ROUGE-L

Seq-to-Seq
Application

ASs2s 23.33 8.71 11.01 22.18 22.01 8.82 10.00 20.76
Maxout-QG 25.04 9.82 12.36 24.51 23.71 9.05 11.28 22.42
BART 26.13 10.34 13.40 24.97 24.60 9.63 12.37 22.79

Reasoning Path
Enhanced

RC-QG 25.75 9.02 12.51 24.08 23.32 8.71 11.08 20.51
SG-DQG 26.97 10.42 13.37 25.43 24.07 10.03 11.54 22.57

Proposed
Pipeline 27.06 10.43 13.93 25.62 24.41 10.24 11.84 23.04
PLAR w/o plan 32.27 12.10 15.76 28.48 27.31 11.23 12.06 24.81
PLAR 36.74 13.63 17.79 30.35 32.58 13.32 14.18 27.64

Table 5: Question Answering Results using Synthetic
Data from Question Generation

HOTPOT-30K HOTPOT-10K

QA SUPERVISION EM F1 EM F1

w/o QG Subset only 52.2 66.1 46.0 58.9

Subset
w/ QG

BART 51.4 64.0 43.1 54.3
SG-DQG 53.3 67.2 47.3 62.8

Pipeline 54.8 68.3 49.1 61.7
PLAR w/o plan 60.9 72.8 53.4 65.0
PLAR 61.5 73.0 54.8 66.2

* Both question generation and question answering are per-
formed in the paragraph-level setting.

the two subsets under ROUGE-L in the sentence-
level setting are shown in Fig. 2(a) and Fig. 2(b).
We can see that both objectives are important. For
example, when using complete single-hop QA data
on HOTPOT-30K, multi-hop and single-hop genera-
tive objectives bring 7.3% and 11.5% improvement,
respectively. We further find that the performance
gain of PLAR is largely attributed to the single-
hop generative objective when available single-hop
questions are limited. The reason is that without the
generative single-hop objective, training the sub-
question generation model heavily relies on the
initial fine-tuning step, and is thus prone to single-
hop QA data insufficiency. The full PLAR model
addresses this limitation by further training the sub-
question generation model with supervision from
generative single-hop and multi-hop QG.

5 Related Work

Question generation has a wide range of applica-
tions besides expanding question answering data,
such as initiating a conversation of dialogue sys-
tems (Mostafazadeh et al., 2017), providing prac-
tice exercises for educational purposes (Jia et al.,
2020), and accelerating real-time question answer-
ing (Seo et al., 2019). It also has great potential
in enriching task-oriented dialogue datasets (Sun
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Figure 2: Effects of unified generative modeling

et al., 2016, 2017; Huang et al., 2020a; Kim et al.,
2020b). Early studies build on encoder-decoder
models and utilize different evidence information,
e.g., Wikipedia passages (Du and Cardie, 2018), re-
views (Yu et al., 2020c), and dialogue history (Gao
et al., 2019). These studies often assume that the
questions are single-hop which be answered by one
piece of evidence. As more high-quality multi-hop
question answering datasets become available (e.g.,
HOTPOTQA (Yang et al., 2018)), recent years have
seen a growing interest in multi-hop question gen-
eration. Most recent approaches add heuristically
extracted features to the encoder-decoder model,
which relies on large-scale training data and can
still suffer from error propagation (Yu et al., 2020b;
Pan et al., 2020). A recent study (Yu et al., 2020a)
which also studies low-resource question genera-
tion assumes that a large amount of unanswered
multi-hop questions are available, which is also
difficult to obtain. We aim to overcome these limi-
tations in this study.

Our study is also related to generative model-
ing which treats unobserved variables (e.g., fea-
tures or labels) as latent variables, and approxi-
mates the distribution through variational inference
(Kingma and Welling, 2014). Generative modeling
has been applied to dialogue response generation
(Zhao et al., 2019; Huang et al., 2020b; Yang et al.,
2020), policy learning (Huang et al., 2019, 2020c),
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sentiment analysis (Xu et al., 2017; Li et al., 2019),
knowledge retrieval (Lee et al., 2019; Kim et al.,
2020a; Su et al., 2021; Tan et al., 2021), and text
style transfer (He et al., 2020). While these works
focus on utilizing unlabeled data to boost model
performance, we aim to unify non-parallel question
corpuses to enable joint learning.

6 Conclusions

We proposed a jointly optimized two-phase model
named PLAR for low-resource question genera-
tion. PLAR effectively utilizes non-parallel single-
hop and multi-hop question answering data to per-
form optimization. We further designed a planning
mechanism to guide the generation process of sub-
questions so that the generation results are valid
to compose a multi-hop question. Experimental
results confirm that PLAR achieves better perfor-
mance compared with the state-of-the-art under
various metrics, especially in a question answering
based evaluation. For future work, we will explore
the heterogeneous multi-hop QG task that requires
reasoning beyond plain texts, e.g., tables.
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Sudha Rao and Hal Daumé III. 2019. Answer-based
Adversarial Training for Generating Clarification
Questions. In the North American Chapter of the As-
sociation for Computational Linguistics, pages 143–
155.

Minjoon Seo, Jinhyuk Lee, Tom Kwiatkowski, Ankur
Parikh, Ali Farhadi, and Hannaneh Hajishirzi. 2019.
Real-time open-domain question answering with
dense-sparse phrase index. In Annual Meeting of the
Association for Computational Linguistics, pages
4430–4441.

Yixin Su, Rui Zhang, S. Erfani, and Zhenghua Xu.
2021. Detecting beneficial feature interactions for
recommender systems. In AAAI Conference on Arti-
ficial Intelligence, pages 1021–1029.

Yu Sun, Nicholas Jing Yuan, Yingzi Wang, Xing Xie,
Kieran McDonald, and Rui Zhang. 2016. Con-
textual intent tracking for personal assistants. In
SIGKDD, pages 273–282.

Yu Sun, Nicholas Jing Yuan, Xing Xie, Kieran McDon-
ald, and Rui Zhang. 2017. Collaborative intent pre-
diction with real-time contextual data. ACM Trans-
actions on Information Systems (TOIS), 35(4):1–33.

Yanchao Tan, Carl Yang, Xiangyu Wei, Y. Ma, and
X. Zheng. 2021. Multi-facet recommender networks
with spherical optimization. ArXiv, abs/2103.14866.

Arash Vahdat and J. Kautz. 2020. NVAE: A deep hi-
erarchical variational autoencoder. In Advances in
Neural Information Processing Systems.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Advances in Neural Information Pro-
cessing Systems, pages 5998–6008.

Tomer Wolfson, Mor Geva, Ankit Gupta, Matt Gard-
ner, Yoav Goldberg, Daniel Deutch, and Jonathan
Berant. 2020. Break it down: A question under-
standing benchmark. Transactions of the Associa-
tion for Computational Linguistics, 8:183–198.

Weidi Xu, Haoze Sun, Chao Deng, and Ying Tan.
2017. Variational autoencoder for semi-supervised
text classification. In AAAI Conference on Artificial
Intelligence, pages 3358–3364.

3017



Shiquan Yang, Rui Zhang, and Sarah Erfani. 2020.
Graphdialog: Integrating graph knowledge into end-
to-end task-oriented dialogue systems. In Confer-
ence on Empirical Methods in Natural Language
Processing.

Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Bengio,
William Cohen, Ruslan Salakhutdinov, and Christo-
pher D. Manning. 2018. HotpotQA: A dataset for di-
verse, explainable multi-hop question answering. In
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 2369–2380.

Jianxing Yu, Wei Liu, Shuang Qiu, Qinliang Su, Kai
Wang, Xiaojun Quan, and Jian Yin. 2020a. Low-
resource generation of multi-hop reasoning ques-
tions. In Annual Meeting of the Association for Com-
putational Linguistics, pages 6729–6739.

Jianxing Yu, Xiaojun Quan, Qinliang Su, and Jian Yin.
2020b. Generating multi-hop reasoning questions to
improve machine reading comprehension. The Web
Conference, pages 281–291.

Qian Yu, Lidong Bing, Qiong Zhang, Wai Lam, and
Luo Si. 2020c. Review-based question generation
with adaptive instance transfer and augmentation.
In Annual Meeting of the Association for Computa-
tional Linguistics, pages 280–290.

Tiancheng Zhao, Kaige Xie, and Maxine Eskenazi.
2019. Rethinking action spaces for reinforcement
learning in end-to-end dialog agents with latent vari-
able models. In North American Chapter of the
Association for Computational Linguistics, pages
1208–1218.

Yao Zhao, Xiaochuan Ni, Yuanyuan Ding, and Qifa
Ke. 2018. Paragraph-level neural question gener-
ation with maxout pointer and gated self-attention
networks. In Conference on Empirical Methods in
Natural Language Processing, pages 3901–3910.

3018



A Implementation Details

We use HOTPOTQA split as the original paper (Yang et al., 2018) 4, and use SQuAD v1.1 (Rajpurkar et al.,
2016) 5 training set only since single-hop question answering data only involves in the training. We use
the BART-base model implementation from huggingface library 6 as the single-hop question generation
model and question composing model. We set the batch size to 32 in sentence-level setting and 16 in
paragraph-level setting. The models are trained by Adam (Kingma and Ba, 2015) with a learning rate
initially set to 3e-5 on NVIDIA GeForce RTX 2080 Ti. We use grid search to find the best hyperparameters
for the models based on validation performance, which we use a combination of METEOOR, ROUGE-L
and BLEU scores to measure. 7 We set dimensionality of codebook of the planning mechanism (i.e., K) to
100, which is chosen among {50, 75, 100, 150, 200}

B Sub-Question Generation Qualitative Analysis

Table 6 and 7 show question generation results from PLAR and Pipeline model.

C Planning Mechanism Case Study

Table 8 and 9 show the generation results by different sampled planning variables z in the paragraph-level
setting. We can see that with different predicted z (denoted by different zi ), PLAR raises different
sub-questions and presents different high-level reasoning type. We also find that some planning variable
cannot lead to a reasonable multi-hop question, and the prediction of PLAR can well capture the correct
plan (denoted by higher p(z|a, c)).

Table 6: Sub-Question Generation and Question Composing Examples.

Supportive
Evidence

Paragraph A. Dario Franchitti

[1] George Dario Marino Franchitti, MBE (born 19 May 1973), known professionally
as Dario Franchitti, is a retired Scottish racing driver. [2] After Franchitti did not
secure a single-seater drive in 1995, he was contracted by the AMG team to compete in
touring cars in the DTM and its successor — International Touring Car Championship.

Paragraph B. Mercedes-AMG

[1] Mercedes-AMG GmbH, commonly known as AMG, is the high performance
division of Mercedes-Benz. [2] AMG independently hires engineers, manufactures and
customizes Mercedes-Benz AMG vehicles. [3] Mercedes-AMG is headquartered in
Affalterbach, Baden Württemberg, Germany.

Groundtruth
QA Pair

After he was contracted by the team that is headquartered in Affalterbach, Baden-
Württemberg, Germany, Dario Franchitti competed in what series? (Answer: DTM)

PLAR
QG results

Sub-question 1: Affalterbach Germany is the location of what team?

Sub-question 2: After contracted by AMG, Dario Franchitti competed in what series?

Multi-hop question: After he was contracted by the team that is headquartered in
Affalterbach, Baden-Württemberg, Germany, Dario Franchitti competed in what series?

Pipeline
QG results

Sub-question 1: What is headquartered in Affalterbach Baden Germany?

Sub-question 2: Dario Franchitti competed in what series in 1995?

Multi-hop question: Dario Franchitti competed in what series in 1995 in Affalterbach
Baden Germany?

4https://hotpotqa.github.io/
5https://rajpurkar.github.io/SQuAD-explorer/
6https://huggingface.co/facebook/bart-base
7We use the implementations of the metrics as https://github.com/Maluuba/nlg-eval
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Table 7: Sub-Question Generation and Question Composing Examples

Supportive
Evidence

Paragraph A. Goran Dragić

[1] Goran Dragić (born 6 May 1986) is a Slovenian professional basketball for the
Miami Heat of the National Basketball Association (NBA). [2] He plays at both the
point guard and shooting guard positions.

Paragraph B. 2013–14 Phoenix Suns season

[1] The 2013–14 NBA season was the Phoenix Suns’ 46th season in the NBA. [2] When
the Suns began the regular season, Goran Dragić, P. J. Tucker, Markieff Morris, and his
twin brother Marcus Morris were the only players returning from playing with last
season’s team (while Channing Frye was still on last season’s team, he didn’t play any
games due to a life-threatening heart ailment he had at the time).

Groundtruth
QA Pair

Which team’s 2013-2014 season had players including a Slovenian who plays at both
the point guard and shooting guard positions? (Answer: the Phoenix Suns)

PLAR
QG results

Sub-question 1: Which Slovenian player plays at the point guard and shooting guard
position?

Sub-question 2: In 2013 NBA season which team have the player?

Multi-hop question: In 2013 NBA season which team have the Slovenian player which
plays at the point guard and shooting guard position?

Pipeline
QG results

Sub-question 1: Goran Dragić plays at what positions?

Sub-question 2: What team begins season with players returning from last season?

Multi-hop question:Goran Dragić plays at what positions in the team with players
returning from last season?
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Table 8: Generation Results of Different Sampled Planning Variables

Supportive
Evidence

Paragraph A. Koyaanisqatsi

[1] Koyaanisqatsi, also known as Koyaanisqatsi: Life Out of Balance, is a 1982
American experimental film directed by Godfrey Reggio with music composed by Philip
Glass and cinematography by Ron Fricke.

Paragraph B. Mad Hot Ballroom

[1] Mad Hot Ballroom is a 2005 American documentary film directed and co-produced
by Marilyn Agrelo and written and co-produced by Amy Sewell, about a ballroom dance
program in the New York City Department of Education, the New York City public
school system for fifth graders. [2] Several styles of dance are shown in the film, such as
tango, foxtrot, swing, rumba and merengue.

Groundtruth
QA Pair

Which film was created more recently, Koyaanisqatsi or Mad Hot Ballroom? (Answer:
Mad Hot Ballroom)

PLAR w/
Planning z1
p(z1|c,a)=0.52

Sub-question 1: Which year is film Koyaanisqatsi created?

Sub-question 2: Which year is film Mad Hot Ballroom created?

Multi-hop question: Film Koyaanisqatsi and Mad Hot Ballroom, which is created
later?

PLAR w/
Planning z2
p(z2|c,a)=0.33

Sub-question 1: What is the name of file directed by Marilyn Agrelo?

Sub-question 2: What 1982 experimental film Godfrey Reggio directed?

Multi-hop question: Are Koyaanisqatsi and Mad Hot Ballroom by the same director?

PLAR w/
Planning z3
p(z3|c,a)=0.10

Sub-question 1: What movie has music by Philip Glass?

Sub-question 2: What movie shows dance styles such as tango, foxtrot?

Multi-hop question: What movie has music by Philip Glass and dance styles such as
tango, foxtrot?
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Table 9: Generation Results of Different Sampled Planning Variables

Supportive
Evidence

Paragraph A. Force India VJM10

[1] The Force India VJM10 is a Formula One racing car designed and constructed by
Force India to compete during the 2017 Formula One season. [2] The car is driven by
Sergio Pérez and Esteban Ocon, who joined the team after Nico Hülkenberg left the
team at the end of the season.

Paragraph B. Esteban Ocon

[1] Esteban Ocon (born 17 September 1996) is a French racing driver who currently
drives in Formula One for Force India. [2] He made his Formula One debut for Manor
Racing in the 2016 Belgian Grand Prix, replacing Rio Haryanto. [3] Ocon is part of the
Mercedes-Benz driver development programme.

Groundtruth
QA Pair

Force India VJM10 is a Formula One racing car previous driven by Nico Hülkenberg,
and is now driven by which driver born 17 September 1996? (Answer: Esteban Ocon)

PLAR w/
Planning z1
p(z1|c,a)=0.71

Sub-question 1: who drives Force India VJM10, a Formula One racing car previous
driven by Nico Hülkenberg?

Sub-question 2: which driver is born 17 September 1996?

Multi-hop question: who is born 17 September 1996 and drives Force India VJM10, a
Formula One racing car previous driven by Nico Hülkenberg?

PLAR w/
Planning z2
p(z2|c,a)=0.11

Sub-question 1: Who currently drives in Fomula One for Force India?

Sub-question 2: Who joined Force India after Nico Hülkenberg left?

Multi-hop question: Who joined and drives for Force India after Nico Hülkenberg left?
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Abstract

Pre-trained language models such as Clini-
calBERT have achieved impressive results on
tasks such as medical Natural Language In-
ference. At first glance, this may suggest
that these models are able to perform medi-
cal reasoning tasks, such as mapping symp-
toms to diseases. However, we find that stan-
dard benchmarks such as MedNLI contain rel-
atively few examples that require such forms
of reasoning. To better understand the medi-
cal reasoning capabilities of existing language
models, in this paper we introduce DisKnE, a
new benchmark for Disease Knowledge Eval-
uation. To construct this benchmark, we an-
notated each positive MedNLI example with
the types of medical reasoning that are needed.
We then created negative examples by corrupt-
ing these positive examples in an adversar-
ial way. Furthermore, we define training-test
splits per disease, ensuring that no knowledge
about test diseases can be learned from the
training data, and we canonicalize the formu-
lation of the hypotheses to avoid the presence
of artefacts. This leads to a number of binary
classification problems, one for each type of
reasoning and each disease. When analysing
pre-trained models for the clinical/biomedical
domain on the proposed benchmark, we find
that their performance drops considerably.

1 Introduction

Pre-trained language models (LMs) such as BERT
(Devlin et al., 2019) are currently the de-facto ar-
chitecture for solving most NLP tasks, and their
prevalence in general language understanding tasks
is today indisputable (Wang et al., 2018, 2019).
Beyond generic benchmarks, it has been shown
that LMs are also extremely powerful in domain-
specific NLP tasks, e.g., in the biomedical do-
main (Lewis et al., 2020). While there are sev-
eral reasons why they are preferred over standard

neural architectures, one important (and perhaps
less obvious) reason is that LMs capture a sub-
stantial amount of world knowledge. For instance,
several authors have found that LMs are able to
answer questions without having access to exter-
nal resources (Petroni et al., 2019; Roberts et al.,
2020), or that they exhibit commonsense knowl-
edge (Forbes et al., 2019; Davison et al., 2019). To
analyze the capabilities of LMs in a more system-
atic way, there is a growing interest in designing
probing tasks, which are now common across the
NLP landscape, e.g., for word and sentence-level
semantics (Paperno et al., 2016; Conneau et al.,
2018). In this paper we focus on (generic and
specialized) LMs in the biomedical domain, and
ask the following question: what kinds of medi-
cal knowledge do pre-trained LMs capture? More
specifically, we focus on disease knowledge, which
encompasses for instance the ability to link symp-
toms to diseases, or treatments to diseases.

Among the several biomedical LMs (i.e. LMs
that have been pre-trained on biomedical text cor-
pora) that exist today, some of the most promi-
nent are SciBERT (Beltagy et al., 2019), BioBERT
(Lee et al., 2020) and ClinicalBERT (Alsentzer
et al., 2019). Rather than architectural features,
these models differ from each other mostly in the
pre-training corpora: SciBERT was trained from
scratch on scientific papers; BioBERT is an adapted
version of BERT (Devlin et al., 2019), which was
fine-tuned on PubMed articles as well as some full
text biomedical articles; and ClinicalBERT was ini-
tialized from BioBERT and further fine-tuned on
MIMIC-III notes (Johnson et al., 2016), which are
clinical notes describing patients admitted to criti-
cal care units. These LMs have enabled impressive
results on various reading comprehension bench-
marks for the medical domain, such as MedNLI
(Romanov and Shivade, 2018) and MEDIQA-NLI
(Abacha et al., 2019) for Natural Language Infer-
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ence (NLI), and PubMedQA (Jin et al., 2019b) for
QA. As an example, Wu et al. (2019) achieved an
accuracy of 98% on MEDIQA-NLI, which might
suggest that medical NLI is essentially a solved
problem. This would be exciting, as medical NLI
intuitively requires a wealth of medical knowledge,
much of which is not available in structured form.

However, a closer inspection of MedNLI, the
most well-known medical NLI benchmark, re-
veals three important limitations, namely: (1) only
few test instances actually require medical disease
knowledge, with instances that (only) require termi-
nological and lexical knowledge (e.g. understand-
ing acronyms or paraphrases) being more prevalent;
(2) training and test examples often cover the same
diseases, and thus it cannot be determined whether
good performance comes from the capabilities of
the pre-trained LM itself, or from the fact that the
model can exploit similarities between training and
test examples; and (3) hypothesis-only baselines
perform rather well on MedNLI, which shows that
this benchmark has artefacts that can be exploited,
similarly to general-purpose NLI benchmarks (Po-
liak et al., 2018).

We therefore propose DisKnE (Disease Knowl-
edge Evaluation), a new benchmark for evaluating
biomedical LMs. This dataset explicitly addresses
the three limitations listed above and thus con-
stitutes a more reliable testbed for evaluating the
disease knowledge captured by biomedical LMs.
DisKnE is derived from MedNLI and is organized
into two top-level categories, which cover instances
requiring medical and terminological knowledge
respectively. The medical category is furthermore
divided into four sub-categories, depending on the
type of medical knowledge that is required.

We empirically analyse the performance of exist-
ing biomedical LMs, as well as the standard BERT
model, on the proposed benchmark. Our results
show that all the considered LMs struggle with NLI
examples that require medical knowledge. We also
find that the relative performance of the pre-trained
models differs across medical categories, where
the best performance is obtained by ClinicalBERT,
BioBERT, SciBERT or BERT depending on the
category and experimental setting. Conversely, for
examples that are based on terminological knowl-
edge, overall performance is much higher, with
relatively little difference between different pre-
trained models. The contributions of this paper are

as follows1:

• We introduce a new benchmark to assess the
disease-centred knowledge captured by pre-
trained LMs, organised into categories that
reflect the type of reasoning that is needed,
and with training-test splits that avoid leakage
of disease knowledge.

• We analyze the performance of several clini-
cal/biomedical BERT variants on each of the
considered categories. We find that all con-
sidered models struggle with examples that
require medical disease knowledge.

• We find that without canonicalizing the hy-
potheses, hypothesis-only baselines achieve
the best results in some categories. This shows
that the original MedNLI dataset suffers from
annotation artefacts, even within the set of
entailment examples.

2 Related Work & Background

Knowledge Encoded in LMs There is a rapidly
growing body of work that is focused on analyzing
what knowledge is captured by pre-trained LMs.
A recurring challenge in such analyses is to sep-
arate the knowledge that is already captured by a
pre-trained model from the knowledge that it may
acquire during a task-specific fine-tuning step. A
common solution to address this is to focus on zero-
shot performance, i.e. to focus on tasks that require
no fine-tuning, such as filling in a blank (Davison
et al., 2019; Talmor et al., 2020). As an alternative
strategy, Talmor et al. (2020) propose to analyse
the performance of models that were fine-tuned on
a small training set. Other work has focused on
extracting structured knowledge from pre-trained
LMs. Early approaches involved manually design-
ing suitable prompts for extracting particular types
of relations (Petroni et al., 2019). Recently, how-
ever, several authors have proposed strategies that
automatically construct such prompts (Bouraoui
et al., 2020; Jiang et al., 2020; Shin et al., 2020).
Finally, Bosselut et al. (2019) proposed to fine-tune
LMs on knowledge graph triples, with the aim of
then using the model to generate new triples.

1All code for reconstructing the dataset and replicat-
ing the experiments is available at: https://github.
com/israa-alghanmi/DisKnE. License and access to
MedNLI, MEDIQA-NLI and UMLS will be needed.
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LMs for Biomedical Text As already mentioned
in the introduction, a number of pre-trained LMs
have been released for the biomedical domain.
Several authors have analyzed the performance
of these models, and the impact of including dif-
ferent types of biomedical corpora in particular.
For instance, Peng et al. (2019) proposed an eval-
uation framework for biomedical language un-
derstanding (BLUE). They obtained the best re-
sults with a BERT model that was pre-trained on
PubMed abstracts and MIMIC-III clinical notes.
Another large-scale evaluation of biomedical LMs
has been carried out by Lewis et al. (2020). To
evaluate the biomedical knowledge that is captured
in pre-trained LMs, as opposed to acquired dur-
ing training, Jin et al. (2019a) freeze the trans-
former layers during training. They find that when
biomedical LMs are thus used as fixed feature ex-
tractors, BioELMo outperforms BioBERT. Most
closely related to our work, He et al. (2020) re-
cently also highlighted the limited ways in which
biomedical LMs capture disease knowledge. To
address this, they proposed a pre-training objec-
tive which relies on a weak supervision signal,
derived from the structure of Wikipedia articles
about diseases. Other authors have suggested to
include structured knowledge, e.g. from UMLS,
during the pre-training stage of BERT-based mod-
els (Michalopoulos et al., 2020; Hao et al., 2020).
Another strategy is to inject external knowledge
into task-specific models (rather than at the pre-
training stage), for instance in the form of defini-
tions (Lu et al., 2019) or again UMLS (Sharma
et al., 2019). Kearns et al. (2019) presented a re-
lated approach to our work in which they categorize
each sentence pair according to the tense and focus
(e.g. medication, diseases, procedures, location) of
the hypothesis, with the aim of providing a detailed
examination of MEDIQA-NLI. Based on this cat-
egorization, they compare the performance of En-
hanced Sequential Inference Model (ESIM) using
ClinicalBERT, Embeddings of Semantic Predica-
tions (ESP), and cui2vec. However, their analysis
was limited to the MEDIAQ-NLI test set, whereas
we include entailment examples from the entire
MedNLI and MEDIQA-NLI datasets. Moreover,
we focus specifically on the ability of LMs to dis-
tinguish between closely related diseases, and we
move away from the NLI setting to avoid training-
test leakage and artefacts.

Adversarial NLI Several Natural Language In-
ference (NLI) benchmarks have been found to con-
tain artefacts that can be exploited by NLP systems
to perform well without actually solving the in-
tended task (Poliak et al., 2018; Gururangan et al.,
2018). In particular, it has been found that strong
results can often be achieved by only looking at
the hypothesis of a (premise, hypothesis) pair. In
response to this finding, several strategies for cre-
ating harder NLI benchmarks have been proposed.
One established approach is to create adversarial
stress tests (Naik et al., 2018; Glockner et al., 2018;
Aspillaga et al., 2020), in which synthetically gen-
erated examples are created to specifically test for
phenomena that are known to confuse NLI models.
This may, for instance, involve the use of WordNet
to obtain nearly identical premise and hypothesis
sentences, in which one word is replaced by an
antonym or co-hyponym. In this paper, we rely
on a somewhat similar strategy, using UMLS to
replace diseases in hypotheses. As another strategy
to obtain hard NLI datasets, Nie et al. (2020) used
human annotators to iteratively construct examples
that are incorrectly labelled by a strong baseline
model. While the aforementioned works are con-
cerned with open-domain NLI, some work on creat-
ing adversarial datasets for the biomedical domain
has also been carried out. In particular, Araujo
et al. (2020) studied the robustness of systems for
biomedical named entity recognition and seman-
tic text similarity, by introducing misspellings and
swapping disease names by synonyms. To the best
of our knowledge, no adversarial NLI datasets for
the biomedical domain have yet been proposed.

3 Dataset Construction

In this section, we describe the process we followed
for constructing DisKnE. As we explain in more
detail in Section 3.1, this process involved filter-
ing the entailment instances from the MedNLI and
MEDIQA-NLI datasets, to select those in which
the hypothesis expresses that the patient has (or is
likely to have) a particular target disease. These
instances were then manually categorized based
on the type of knowledge that is needed for rec-
ognizing the validity of the entailment. Section
3.2 discusses our strategy for generating negative
examples, which were obtained in an adversarial
way, by replacing diseases occurring in entailment
examples with similar ones. Details of the resulting
training-test splits are provided in Section 3.3. In a

3025



Category # inst. Premise Hypothesis

Symptoms→ Disease 112 The patient developed neck pain while training
with increasing substernal heaviness and left arm
pain together with sweating.

The patient has symptoms of acute
coronary syndrome

Treatments→ Disease 60 The patient started on Mucinex and Robitussin. The patient has sinus disease

Tests→ Disease 116 Cardiac enzymes recorded CK 363, CK-MB 33,
TropI 6.78

The patient has cardiac ischemia

A large R hemisphere ICH was revealed when
the patent had head CT

The patient has an aneurysm

Procedures→ Disease 70 Bloody fluid was removed by pericardiocentesis The patient has hemopericardium.

Terminological 259 The patient has urinary tract infection The patient has a UTI

The patient has high blood pressure Hypertension

Transfusions in the past could be the cause of
the patient having hepatitis C

The patient has hepatitis C

Table 1: Considered categories of disease-focused entailment pairs.

final step, we canonicalize the hypotheses of all ex-
amples, as explained in Section 3.4. Note that the
benchmark we propose consists of binary classifi-
cation problems (i.e. predicting entailment or not),
rather than the standard ternary NLI setting (i.e.
predicting entailment, neutral, or contradiction),
which is motivated by the fact that natural contra-
diction examples are hard to find when focusing on
disease knowledge.

3.1 Selecting Entailment Pairs

We started from the set of all entailment pairs
(i.e. premise-hypothesis pairs labelled with the
entailment category) from the full MedNLI and
MEDIQA-NLI datasets. We used MetaMap to
find those pairs whose hypothesis mentions the
name of a disease, and to retrieve the UMLS CUI
(Concept Unique Identifier) code corresponding to
that disease. We then manually identified those
pairs, among the ones whose hypothesis mentions
a disease, in which the hypothesis specifically ex-
presses that the patient has that disease. For in-
stance, in this step, a number of instances were
removed in which the hypothesis expresses that
the patient does not have the disease. The remain-
ing cases were manually assigned to categories
that reflect the type of disease knowledge that is
needed to identify that the hypothesis is entailed
by the premise. The considered categories are de-
scribed in Table 1, which also shows the number
of (positive) examples we obtained and illustrative
examples2. The primary distinction we make is

2For data protection reasons, we only provide synthetic
examples, which are different from but similar in spirit to

between examples that need medical knowledge
and those that need terminological knowledge. The
former category is divided into four sub-categories,
depending on the type of inference that is needed.
First, we have the symptoms-to-disease category,
containing examples where the premise describes
the signs or symptoms exhibited by the patient, and
the hypothesis mentions the corresponding diag-
nosis. Second, we have the treatments-to-disease
category, where the premise instead describe med-
ications (or other treatments followed by the pa-
tient). The third category, tests-to-disease, involves
instances where the premise describes lab tests and
diagnostic tools such as X-rays, CT scans and MRI.
Finally, the procedures-to-disease category has in-
stances where the premise describes surgeries and
therapeutic procedures that the patient underwent.
In the terminological category, the disease is men-
tioned in both the premise and hypothesis, either as
an abbreviation, a synonym or within a rephrased
sentence.

3.2 Generating Examples

The process outlined in Section 3.1 only provides
us with positive examples. Unfortunately, MedNLI
and MEDIQA-NLI contain only few negative ex-
amples (i.e. instances of the neutral or contradic-
tion categories) in which the hypothesis expresses
that the patient has some disease. For this rea-
son, rather than selecting negative examples from
these datasets, we generate negative examples by
corrupting the positive examples. In particular, to
generate negative examples, we replace the disease

those from the original MedNLI dataset.
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X from a given positive example by other diseases
Y1, ..., Yn that are similar to X , but not ancestors
or descendants of X in SNOMED CT (Donnelly
et al., 2006). To identify similar diseases, we have
relied on cui2vec (Beam et al., 2020), a pre-trained
clinical concept embedding that was learned from a
combination of insurance claims, clinical notes and
biomedical journal articles. Apart from the require-
ment that the diseases Y1, ..., Yn should be similar
to X , it is also important that they are sufficiently
common diseases, as including unusual diseases
would make the corresponding negative examples
too easy to detect. For this reason, we only consider
the diseases that occur in the hypothesis of other
positive examples as candidates for the negative ex-
amples. Specifically, among these set of candidate
diseases, we selected the n = 10 most similar ones
to X , which were not descendants or ancestors of
X in SNOMED CT (as ancestors and descendants
would not necessarily invalidate the entailment).
This resulted in a total of 4133 examples requiring
medical knowledge and 2639 examples requiring
terminological knowledge.

3.3 Training-Test Splits

Because our focus is on evaluating the knowledge
captured by pre-trained language models, we want
to avoid overlap in the set of diseases in the train-
ing and test splits. In other words, if the model
is able to correctly identify positive examples for
a target disease X , this should be a reflection of
the knowledge about X in the pre-trained model,
rather than knowledge that it acquired during train-
ing. However, any single split into training and
test diseases would leave us with a relatively small
dataset. For this reason, we consider each disease
X in isolation. Let E be the set of all positive ex-
amples, obtained using the process from Section
3.1. Furthermore, we write EX for the set of those
examples from E in which the target disease in the
hypothesis is X . Finally, we write neg(X) for the
set {Y1, ..., Yn} of associated diseases that was se-
lected to construct negative examples, following
the process from Section 3.2.

For each target disease X , we define a corre-
sponding test set TestX and training set TrainX as
follows. TestX contains all the positive examples
from EX . Moreover, for each e ∈ EX and each
Y ∈ neg(X) we add a negative example eX→Y
to TestX which is obtained by replacing the occur-
rence ofX by Y . If the word before the occurrence
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<Pc>, <HcY>

Fitered 
 Dataset 

Target 
 Disease X

+
-
- 

P         Premise 
H         Hypothesis 
a,b,c    Set of examples 
X,Y,Z   Set of diseases

+
-
- 
+
-
- 
+
-
- 

Training

Testing

+
-
+
-

Figure 1: Illustration of training-test splitting process.

ofX is a or an, we modify it depending on whether
Y starts with a vowel or consonant. The positive
examples in TrainX consist of all examples from
E in which X is not mentioned. Note that we
also remove examples in which these diseases are
only mentioned in the premise. Furthermore, we
check for occurrences of all the synonyms of these
diseases that are listed in UMLS. The process of
creating the training and test set for a given target
disease X is illustrated in Figure 1.

3.4 Canonicalization

We noticed that the way in which a given hypoth-
esis expresses that “the patient has disease X” is
correlated with the type of the disease. For this rea-
son, as a final step, we canonicalize the hypotheses
in the dataset. Specifically, we replace each hypoth-
esis by the name of the corresponding disease X .
Several hypotheses in the dataset already have this
form. By converting the other hypotheses in this
format, we eliminate any artefacts that are present
in their specific formulation.

4 Experiments

We experimentally compare a number of pre-
trained biomedical LMs on our proposed DisKnE
benchmark. In Section 4.1, we first describe the
considered LMs and the experimental setup. The
main results are subsequently presented in Section
4.2. This is followed by a discussion in Section 4.3.
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coronary atherosclerosis 0 0 29 10
chf 67 67 67 67
acs 04 33 0 05
stroke 80 56 90 90
heart disease 80 87 93 100
myocardial infarction 0 0 19 0
heart failure 0 0 22 0
urinary tract infection 100 100 67 100
disorder of lung 89 97 97 100
cirrhosis of liver 0 11 0 0
hyperglycemic disorder 27 13 22 0
pneumonia 89 93 67 100
neurological disease 67 67 80 67
respiratory failure 87 70 22 43
pulmonary edema 74 25 0 50
ami 0 0 0 0
deep vein thrombosis 47 48 50 48
acute cardiac ischemia 0 45 17 72
uri 78 45 67 83
cholangitis 22 22 33 22
atherosclerosis 66 0 67 0

Macro-average 46±3.0 42±7.3 43±3.1 46±3.4

Weighted average 49±3.1 47±6.0 49±2.7 51±2.7

Table 2: Results for the Symptoms → Disease cate-
gory in terms of F1 (%) averaged over three runs. Stan-
dard deviations (over the three runs) of the macro and
weighted average are also reported.

4.1 Experimental Setup

Pre-trained LMs. To understand to what extent
the pretraining data of an LM affects its perfor-
mance on our fine-grained evaluation of disease
knowledge, we used the following BERT variants:

BERT We use the BERTbase-cased model (Devlin
et al., 2019).

BioBERT Lee et al. (2019) proposed a model
based on BERTbase-cased, which they further
trained on biomedical corpora. We use the ver-
sion where PubMed and PMC were utilized
for this further pre-training.

ClinicalBERT Alsentzer et al. (2019) introduced
four BERT model variants, trained on vari-
ous clinical corpora. We use the version that
was initialized from BioBERT and trained on
MIMIC-III notes afterwards.

SciBERT Beltagy et al. (2019) introduced a BERT
model variant that was trained from scratch on
approximately 1.14M scientific papers from
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chf 55 55 53 55
acs 12 19 0 0
hypertensive disorder 55 67 54 22
heart disease 45 22 0 89
urinary tract infection 100 100 100 100
disorder of lung 82 89 100 93
hyperglycemic disorder 100 69 87 69
pneumonia 60 67 78 57
anemia 17 17 45 22
renal insufficiency 69 89 67 72
pulmonary infection 82 77 89 83
copd 45 67 61 39
hyperlipidemia 59 61 61 55

Macro-average 60±6.1 61±1.4 61 ±3.8 58±1.6

Weighted average 51 ±5.3 54 ±1.6 51±1.7 45±2.4

Table 3: Results for the Treatments → Disease cate-
gory in terms of F1 (%) averaged over three runs. Stan-
dard deviations (over the three runs) of the macro and
weighted average are also reported.

semantic scholar, 82% of which were biomed-
ical articles. The full text of the papers was
used for training. We use the cased version.

Training Details. For fine-tuning, model hyper-
parameters were the same across all BERT variants
such as the random seeds, batch size and the learn-
ing rate. In this study, we fix the the learning rate
at 2e-5, batch size of 8 and we set the maximum
number of epochs to 8 with the use of early stop-
ping. We used 10% of the training set as validation
split.

Evaluation Protocol. We analyze the results per
disease and per category in terms of F1 score for
the positive class, reporting results for all diseases
that have at least two positive examples for the con-
sidered category. To this end, for each disease X ,
we start from its corresponding training-test split,
which was constructed as explained in Section 3.3.
To show the results for a particular category, we
remove from the test set all the examples that do
not belong to that category.

4.2 Results

The main results are shown in Tables 2–6. A num-
ber of clear observations can be made. First, the
results for the terminological category are substan-
tially higher than the results for the other categories,
which suggests that the masked language modelling
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coronary atherosclerosis 0 0 0 0
chf 52 55 52 55
acs 0 22 0 0
stroke 87 87 95 77
hypertensive disorder 09 26 45 21
myocardial infarction 28 0 30 14
heart failure 0 55 40 0
urinary tract infection 87 90 59 90
hyperglycemic disorder 81 10 68 33
pneumonia 100 100 89 89
anemia 0 0 24 0
aortic valve stenosis 11 24 0 27
syst. inflam. resp. syndr. 76 64 80 80
acute renal failure syndr. 0 0 0 22
chronic renal insufficiency 0 0 0 0
kidney disease 22 0 45 0
ischemia 93 100 93 100

Macro-average 38 ±2.4 37±1.6 42±3.1 36 ±5.0

Weighted average 31±2.6 32±1.2 37±1.5 31 ±3.7

Table 4: Results for the Tests → Disease category in
terms of F1 (%) averaged over three runs. Standard de-
viations (over the three runs) of the macro and weighted
average are also reported.

objective, which is used as the main pre-training
task in all the considered LMs, may not be ideally
suited for learning medical knowledge. Second,
recall that the main difference between the con-
sidered biomedical LMs comes from the corpora
that were used for pre-training them. As the results
for the terminological category (Table 6) reveal,
the inclusion of domain-specific corpora does not
seem to benefit their ability to model biomedical
terminology, as similar results for this category
are obtained with the standard BERT model, which
was pre-trained on Wikipedia and a corpus of books
and movie scripts. For the Symptoms → Disease
category, we see that ClinicalBERT outperforms
the other biomedical LMs, although the standard
BERT model actually achieves the best perfor-
mance overall. The results suggest that Clini-
calBERT is better at distinguishing between rel-
atively rare diseases, but that the focus on ency-
clopedic text benefits BERT for more common
diseases. Intuitively, we can indeed expect that
the encyclopedic style of Wikipedia focuses more
on symptoms of diseases than scientific articles,
which might focus more on treatments, procedures
and diagnostic tests. This is also in accordance
with the findings from He et al. (2020), who ob-
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coronary atherosclerosis 0 0 16 0
heart disease 83 74 84 84
heart failure 33 33 50 0
cirrhosis of liver 0 0 0 0
end stage renal disease 37 29 70 79
respiratory failure 58 27 57 27
renal insufficiency 100 100 93 100
cardiac arrest 100 100 93 100
disorder of resp. syst. 76 80 80 71
peripheral vascular dis. 0 0 78 0

Macro-average 49 ±3.2 44±5.9 62±3.9 46±5.0

Weighted average 40±3.3 36 ±7.4 55 ±5.6 44 ±4.6

Table 5: Results for the Procedures → Disease cate-
gory in terms of F1 (%) averaged over three runs. Stan-
dard deviations (over the three runs) of the macro and
weighted average are also reported.

tained promising results with a disease-centric LM
pre-training task that relies on Wikipedia. On the
Procedures → Disease and Tests → Disease cat-
egories, we can see that SciBERT achieves the
best results, with a particularly wide margin on
the Procedures → Disease category. Finally, for
the Treatments→ Disease category, the relatively
poor performance of BERT stands out, which con-
forms with the aforementioned intuition that sci-
entific articles put more emphasis on procedures,
treatments and tests. BioBERT achieves the best
results, although the performance of the other
biomedical LMs is quite similar.

4.3 Discussion

Which LM model? Several published works
have found ClinicalBERT to outperform the other
considered biomedical LMs on biomedical NLP
tasks (Alsentzer et al., 2019; Kearns et al., 2019;
Hao et al., 2020). In our results, however, SciBERT
achieves the most consistent performance, clearly
outperforming ClinicalBERT on the Procedures→
Disease and Test→ Disease categories, while per-
forming similar to ClinicalBERT on the remain-
ing categories. However, rather than providing a
blanket recommendation for SciBERT, our fine-
grained analysis highlights the fact that different
models have different strengths. The most surpris-
ing finding, in this respect, is the performance of
the standard BERT model, which achieves the best
results on the Symptoms→ Disease category and
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anemia 95 100 100 93
aortic valve stenosis 100 100 93 100
carotid artery stenosis 50 50 60 50
coronary atherosclerosis 79 79 76 79
type 2 diabetes mellitus 67 56 64 61
gerd 0 0 0 0
cardiac arrest 95 97 92 97
heart disease 100 100 93 80
heart failure 100 100 100 100
chf 19 37 35 36
hyperglycemic disorder 57 63 80 57
hypertensive disorder 84 87 90 84
acute renal failure synd. 67 67 58 61
end-stage renal disease 77 77 78 70
disorder of lung 89 76 70 52
copd 100 100 97 100
myocardial infarction 24 25 25 21
pancreatitis 33 0 22 33
pleural effusion 80 100 100 80
pneumonia 89 93 89 66
pulmonary edema 87 82 56 76
stroke 81 100 71 100
urinary tract infection 78 77 78 77
aaa 100 96 100 100

Macro-average 73 ±2.7 73±0.4 72±2.5 70±3.2

Weighted average 74±1.8 76 ±1.4 75 ±1.3 72±3.0

Table 6: Results for the terminological category in
terms of F1 (%) averaged over three runs. Standard de-
viations (over the three runs) of the macro and weighted
average are also reported.

performs comparably to BioBERT on several other
categories (with Treatments → Disease being a
notable exception).

Dataset Artefacts. As already reported by Ro-
manov and Shivade (2018), the original MedNLI
dataset has a number of annotation artefacts, which
mean that hypothesis-only baselines can perform
well. In our dataset, we tried to address this by
only using entailment examples, and creating nega-
tive examples by corrupting these. However, with-
out canonicalizing the hypotheses, we found that
hypothesis-only baselines were still performing
rather well. This is shown in Table 7, which sum-
marizes the results we obtained for a version of
our dataset without canonicalization, i.e. where the
full hypotheses are provided, and the canonicalized
version, where the hypotheses were replaced by
the disease name only. The table shows results
for the standard ClinicalBERT model, as well as
for a hypothesis-only variant, which is only given
the hypothesis. As can be seen, without canoni-

Standard Hyp. only

full can full can

M
A

C
R

O

Symptoms→ Dis. 48 ±0.7 46±3.0 47±4.9 23±0.5

Treatments→ Dis. 64±4.7 60 ±6.1 65±2.5 29±2.1

Tests→ Dis. 41±1.7 38±2.4 44±2.3 18±2.0

Procedures→ Dis. 59 ±4.9 49 ±3.2 52±2.6 19 ±3.0

Terminological 71±2.3 73±2.7 39±1.3 25±0.4

W
E

IG
H

T
E

D Symptoms→ Dis. 54 ±2.9 49±3.1 53±4.7 23±1.3

Treatments→ Dis. 62±2.8 51±5.3 60±7.1 24±1.0

Tests→ Dis. 37±1.4 31±2.6 42±0.2 17±2.8

Procedures→ Dis. 54±6.2 40±3.3 59±5.1 14±2.0

Terminological 71±1.1 74±1.8 41±2.7 22±0.4

Table 7: Comparison between a variant with the full
hypothesis and the proposed canonicalized version. Re-
sults are for the ClinicalBERT model in terms of F1 (%)
averaged over three runs. Standard deviations (over the
three runs) of the macro and weighted average are also
reported.
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Symptoms→ Dis. 66±4.0 56±3.2 57±5.2 56±4.1

Treatments→ Dis. 69±4.3 70±2.0 76±4.5 55±4.8

Tests→ Dis. 53±0.9 49±3.3 52±1.0 47±0.6

Procedures→ Dis. 60 ±1.8 56±0.8 76±2.6 60±4.5

Terminological 77±0.9 77±0.6 74±0.6 76±1.0

W
E

IG
H

T
E

D Symptoms→ Dis. 66 ±5.2 59±3.5 59±4.1 56±4.6

Treatments→ Dis. 64±6.2 59±3.6 68±4.8 46±3.1

Tests→ Dis. 53 ±0.6 51±2.4 54±1.6 43±4.0

Procedures→ Dis. 65±3.0 58±1.0 76±0.4 67±4.5

Terminological 76 ±1.6 77±1.0 75 ±0.4 72 ±0.7

Table 8: Results for a variant of our benchmark, in
which negative examples were selected at random, in
terms of F1 (%) averaged over three runs. Standard de-
viations (over the three runs) of the macro and weighted
average are also reported.

calization, the hypothesis only baseline performs
similarly to the full model, even outperforming it in
a few cases, with the exception of the Terminologi-
cal category where a clear drop in performance for
the hypothesis-only baseline can be seen. In con-
trast, for the canonicalized version of the dataset,
we can see that the hypothesis only baseline, which
only gets access to the name of the disease in this
case, under-performs consistently and substantially.
Note that the hypothesis-only baseline still achieves
a non-trivial performance in most cases, noting that
an uninformed classifier that always predicts true
would achieve an F1 score of 0.167. However, this
simply shows that the model has learned to prefer
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frequent diseases over rare ones.

Adversarial Examples. A key design choice has
been to select negative examples from the diseases
that are most similar to the target disease. To anal-
yse the impact of this choice, we carried out an ex-
periment in which negative examples were instead
randomly selected. As before, we only consider
diseases that are present in the dataset, and we en-
sure that negative examples are not ancestors or
descendants of the target disease in SNOMED CT.
The results are presented in Table 8. As expected,
the results are overall higher than those from the
main experiment. More surprisingly, this easier set-
ting benefits some models more than others. The
relative performance of ClinicalBERT in particular
is now clearly better, with this model achieving
the best results for Symptoms → Disease. Fur-
thermore, the standard BERT model now clearly
underperforms the biomedical LMs, except for
Procedures→ Disease where it outperforms Clin-
icalBERT and BioBERT.

5 Conclusion

We have proposed DisKnE, a new benchmark for
analysing the extent to which biomedical language
models capture knowledge about diseases. Posi-
tive examples were obtained from MedNLI and
MEDIQA-NLI, by manually identifying and cat-
egorizing hypotheses that express that the patient
has some disease. Negative examples were selected
to be similar to the target disease. To prevent short-
cut learning, the hypotheses were canonicalized,
such that models only get access to the name of
the disease that is inferred. Our empirical analysis
shows that existing biomedical language models
particularly struggle with cases that require medical
knowledge. The relative performance on the differ-
ent categories suggests that different (biomedical)
LMs have complementary strengths.
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Abstract
The success of Neural Machine Translation
(NMT) largely depends on the availability of
large bitext training corpora. Due to the lack
of such large corpora in low-resource language
pairs, NMT systems often exhibit poor perfor-
mance. Extra relevant monolingual data of-
ten helps, but acquiring it could be quite ex-
pensive, especially for low-resource languages.
Moreover, domain mismatch between bitext
(train/test) and monolingual data might de-
grade the performance. To alleviate such is-
sues, we propose AUGVIC, a novel data aug-
mentation framework for low-resource NMT
which exploits the vicinal samples of the given
bitext without using any extra monolingual
data explicitly. It can diversify the in-domain
bitext data with finer level control. Through
extensive experiments on four low-resource
language pairs comprising data from different
domains, we have shown that our method is
comparable to the traditional back-translation
that uses extra in-domain monolingual data.
When we combine the synthetic parallel data
generated from AUGVIC with the ones from
the extra monolingual data, we achieve further
improvements. We show that AUGVIC helps
to attenuate the discrepancies between relevant
and distant-domain monolingual data in tradi-
tional back-translation. To understand the con-
tributions of different components of AUGVIC,
we perform an in-depth framework analysis.

1 Introduction

Neural Machine Transaltion (NMT) has shown
impressive performance in high-resource settings,
even claiming to achieve parity with human profes-
sional translators (Hassan et al., 2018; Popel et al.,
2020). Most successful NMT systems have billions
of parameters (Lepikhin et al., 2021). They gener-
ally work well only when a good amount of par-
allel training data is available and perform poorly

∗Equal contribution

in low-resource conditions (Koehn and Knowles,
2017; Guzmán et al., 2019). However, majority
of the languages are low-resourced despite being
used by large portion of world population. Hence,
improving low-resource MT quality has been of
great interests to the MT researchers.

There have been several attempts to extend the
success of NMT in high-resource settings to low-
resource language pairs that have a relatively small
amount of available parallel data. Most of these
methods mainly focus on leveraging extra monolin-
gual data through back-translation (Sennrich et al.,
2016) and self-training (He et al., 2020), or trans-
lation knowledge transfer through parallel data in-
volving other assisting language pairs (Firat et al.,
2016a,b; Johnson et al., 2017; Neubig and Hu,
2018).1 Large scale pre-training is another recent
trend to utilize large monolingual data for NMT
(Liu et al., 2020). However, very few work has con-
sidered low-resource NMT without using auxiliary
data or other pivot languages.

In the presence of a sufficient amount of in-
domain monolingual data, back-translation (BT)
has proved to be quite successful (Edunov et al.,
2018). In this approach, a reverse intermediate
model is trained on the original parallel data, which
is later used to generate synthetic parallel data by
translating sentences from target-side monolingual
data into the source language. However, when there
are scarcity of in-domain data which indeed a com-
mon situation in many low-resource settings, the
success of BT may be limited (Chen et al., 2019).

Another understudied problem with BT is the
issue with domain mismatch (Edunov et al., 2020).
To elaborate, let us consider two scenarios: (i) the
training and testing data come from the same or rel-
evant domains (e.g., News), and (ii) the test domain
(News) is different from the training domain (e.g.,

1See (Dabre et al., 2020) for a survey of the later.
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Subtitles). In the former case, we can foresee two
problems. First, if we use out-of-domain monolin-
gual data which is abundant, it might misguide the
model and move it far away from the actual test dis-
tribution. Second, even if the monolingual data is
from a domain similar to that of the training/testing
data, there might be differences in topics, modality,
style, etc., which might induce noise.

For the latter scenario, even if the monolingual
data comes from the similar domain as the test
data (News), the corresponding (reverse) transla-
tions will be noisy as the intermediate model would
be trained on a different domain (Subtitles). Con-
sequently, these noisy pseudo-parallel data will
induce noise during training and might cause the
model to perform worse (Wang et al., 2018). On the
other hand, using in-domain (Subtitles) monolin-
gual data in back-translation will not give enough
diversity to cover the test domain (News).

In this work, inspired by the Vicinal Risk Mini-
mization principle (Chapelle et al., 2001), we pro-
pose AUGVIC, a novel method to augment vicinal
samples around the bitext distribution. Instead of
using extra monolingual data, AUGVIC aims to
leverage the vicinal samples of the original bitext,
thereby enlarging the support of the training bitext
distribution to improve model generalization. The
main advantage is that the resulting distribution
remains close to the original distribution and can
be controlled at a finer level (Figure 1).

With the goal of training a source-to-target NMT
system, AUGVIC augments vicinal samples in the
target language. The vicinal samples are generated
by predicting the masked tokens of a target bitext
sentence using a pretrained large-scale language
model. To generate synthetic bitext data from these
augmented vicinal samples through a reverse in-
termediate (target-to-source) model, we propose
two different methods: the first one is based on the
traditional BT, while the second one leverages the
original source sentence as a guide. Finally, we
train the source-to-target model by combining the
original parallel data with the synthetic bitext.

In order to demonstrate the effectiveness and
robustness of AUGVIC, we conduct extensive ex-
periments on four low-resource language pairs
comprising data from different domains. Our re-
sults show significant improvements over the bitext
baselines with 2.76 BLEU gains on an average
on eight different translation tasks without using
any extra monolingual data. AUGVIC also com-

plements traditional BT with additive gains when
extra monolingual data is used. We also show
AUGVIC’s efficacy in bridging the gap between
in-domain and out-of-domain performance in tradi-
tional back-translation with monolingual data. We
carried out an ablation study to understand the con-
tribution of the diversity factor in our proposed
framework. We open-source our framework at
https://ntunlpsg.github.io/project/augvic/.

2 Related Work

Two lines of studies are relevant to our work.

Low-resource NMT Although the main focus of
investigation and improvement in NMT has been
in high-resource settings, there has been a recent
surge of interest in low-resource MT. However,
achieving satisfactory performance in low-resource
settings turns out to be challenging for NMT sys-
tems (Koehn and Knowles, 2017). Recent research
has mainly focused on creating and cleaning paral-
lel (Ramasamy et al., 2014; Islam, 2018) and com-
parable data (Tiedemann, 2012), utilizing bilingual
lexicon induction (Conneau et al., 2017; Artetxe
et al., 2018; Mohiuddin and Joty, 2019, 2020; Mo-
hiuddin et al., 2020), fine-grained hyperparameter
tuning (Sennrich and Zhang, 2019), and using other
language pairs as pivot (Cheng et al., 2017; Kim
et al., 2019).

Another avenue of research follows multilingual
translation, where translation knowledge from high-
resource language pairs are exploited by training a
single NMT system on a mix of high-resource and
low-resource language pairs (Firat et al., 2016a,b;
Kocmi and Bojar, 2018; Gu et al., 2018; Neubig
and Hu, 2018; Guzmán et al., 2019). Zoph et al.
(2016) proposed a variant where they pretrain NMT
system on a high-resource language pair before
finetuning on a target low-resource language pair.

Data Augmentation for NMT Till now, one of
the most successful data augmentation strategies
in NMT is back-translation (BT) (Sennrich et al.,
2016; Hoang et al., 2018), which exploits target-
side monolingual data. Edunov et al. (2018) investi-
gated BT extensively and scaled the method to mil-
lions of target-side monolingual sentences. Caswell
et al. (2019) explored the role of noise in noised-
BT and proposed to use a tag for back-translated
source sentences. Besides BT, self-training is an-
other data augmentation strategy for NMT which
leverages source-side monolingual data (He et al.,

3035



Figure 1: Illustration of AUGVIC steps for Bengali-to-English translation system. Here (xi, yi) is the original bitext
pair, ỹi is a vicinal sample of yi, and (x̃i, ỹi) is a synthetic pair where x̃i is generated by a reverse intermediate
translation systemMt→s. Right side of the figure shows the successive steps of vicinal sample generation.

2020). Large scale multilingual pre-training fol-
lowed by bitext fine-tuning is a recent trend to uti-
lize monolingual data for NMT, which is shown to
be beneficial (Arivazhagan et al., 2019; Liu et al.,
2020; Zhu et al., 2020; Lepikhin et al., 2021).

Apart from using extra monolingual data, Xie
et al. (2017) show that data noising is an effective
regularization method for NMT, while Wu et al.
(2019) use noised training. In low-resource settings,
Fadaee et al. (2017) augment bitext by replacing a
common word with a low-frequency word in the tar-
get sentence, and change its corresponding word in
the source sentence to improve the translation qual-
ity of rare words. Wang et al. (2018) propose an un-
supervised data augmentation method for NMT by
replacing words in both source and target sentences
based on hamming distance. Gao et al. (2019) pro-
pose a method that replaces words with a weighted
combination of semantically similar words. Re-
cently, Nguyen et al. (2020) propose an in-domain
augmentation method by diversifying the available
bitext data using multiple forward and backward
models. In their follow-up work (Nguyen et al.,
2021), they extend the idea to unsupervised MT
(UMT) using a cross-model distillation method,
where one UMT model’s synthetic output is used
as input for another UMT model.

Summary Most of the previous work on improv-
ing BT involve either training iteratively or combin-
ing BT with self-training using monolingual data
blindly without noticing the distributional differ-
ences between the monolingual and bitext data. In
contrast, in AUGVIC we systematically parameter-
ize the generation of new training samples from the
original parallel data. Moreover, the combination
of our augmented vicinal samples with monolin-
gual data makes the NMT models more robust and
attenuates the prevailing distributional gap.

3 Method

Let s and t denote the source and target languages
respectively, and D = {(xi, yi)}Ni=1 denote the bi-
text training corpus containing N sentence pairs
with xi and yi coming from s and t languages, re-
spectively. Also, letMs→t is an NMT model that
can translate sentences from s to t, and Dtmono =
{yj}Mj=1 denote the monolingual corpus in the tar-
get language t containing M sentences.

3.1 Traditional Back-Translation

Traditional back-translation (Sennrich et al., 2016)
leverages the target-side monolingual corpus. With
the aim to train a source-to-target model Ms→t,
it first trains a reverse intermediate modelMt→s
using the given bitext D, and use it to translate
the extra target-side monolingual data Dtmono into
source language. This yields a synthetic bitext
corpus Dsyn = {Mt→s(yj), yj)}Mj=1. Then a final
modelMs→t is trained on {D ∪ Dsyn} usually by
upsampling D to keep the original and synthetic
bitext pairs to a certain ratio (generally 1:1).

3.2 AUGVIC: Exploiting Bitext Vicinity

For low-resource languages, the amount of avail-
able parallel data is limited, hindering training of
a good MT system. Moreover, the target language
pairs can be quite different (e.g., morphologically,
topic distribution) from the high-resource ones,
making the translation task more difficult (Chen
et al., 2019). Also, acquiring large and relevant
monolingual corpora in the target language is dif-
ficult in low-resource settings and can be quite ex-
pensive. The domain mismatch between the mono-
lingual and bitext data is another issue with the
traditional back-translation as mentioned in §1.

With the aim to improve model generalization,
the core idea of AUGVIC is to leverage the vicinal

3036



samples of the given bitext rather than using extra
monolingual data. The addition of bitext vicinity
also alleviates the domain mismatch issue since
the augmented data distribution does not change
much from the original bitext distribution. Figure
1 shows an illustrative example of AUGVIC, which
works in three basic steps to train a model:

(i) Generate vicinal samples ỹi of the target sen-
tences (yi) in the bitext data D.

(ii) Produce source-side translations x̃i of the vic-
inal samples to generate synthetic bitext D̃.

(iii) Train the final source-to-target MT model
Ms→t using {D ∪ D̃}.

AUGVIC, however, is not mutually exclusive to
the traditional back-translation and can be used to-
gether when relevant monolingual data is available.
In the following, we describe how each of these
steps are operationalized with NMT models.

3.2.1 Generation of Vicinal Samples
We first generate vicinal samples for each eligible
target sentence yi in the bitext D = {(xi, yi)}Ni=1.
Let V(ỹi|yi) denote the vicinity distribution around
yi, we create a corpus of vicinal samples as:

ỹi ∼ V(ỹi|yi) (1)

We generate vicinal samples for sentences having
lengths between 3 and 100, and V can be modeled
with existing syntactic and semantic alternation
methods like language model (LM) augmentation
(Kobayashi, 2018; Wu et al., 2018; Shi et al., 2020;
Bari et al., 2021), paraphrase generation (Li et al.,
2018), constrained summarization (Laban et al.,
2020), and similar sentence retrieval (Du et al.,
2020). Most of these methods are supervised re-
quiring extra annotations. Instead, in AUGVIC, we
adopt an unsupervised LM augmentation, which
makes the framework more robust and flexible to
use. Specifically, we use a pretrained XLM-R
masked LM (Conneau et al., 2020a) parameterized
by θxlmr as our vicinal model. Thus, the vicinity
distribution is defined as V(ỹi|yi, θxlmr).

Note that we treat the vicinal model as an ex-
ternal entity, which is not trained/fine-tuned. This
disjoint characteristic gives our framework the flex-
ibility to replace θxlmr even with a better monolin-
gual LM for a specific target language, which in
turn makes AUGVIC extendable to utilize stronger
LMs that may come in the future.

In a masked LM, one can mask out a token at
any position and ask the model to predict at that
position. For a meaningful and informed augmen-
tation, we mask out the tokens successively (one at
a time) up to a required number determined by a di-
versity ratio, ρ ∈ (0, 1). For a sentence of length `,
the successive augmentation can generate at most
(2`−1)×k vicinal samples, where k is the number
of output tokens chosen for each masked position.
We use k = 1, and pick the one with the high-
est probability ensuring that it does not match the
original token at the masked position. The diver-
sity ratio (ρ) controls how much diverse the vicinal
samples can be from the original sentence, and is
selected using one of the following two ways:

• Fixed diversity ratio Here we use a fixed value
for ρ, and select t = `× ρ tokens to mask out.
We then generate new vicinity samples by pre-
dicting new tokens in those masked positions.

• Dynamic diversity ratio Instead of using a
fixed value, in this approach we set the diversity
ratio dynamically taking the sentence length into
consideration. This allows finer-level control for
diversification — the longer the sentence is, the
smaller should its diversification ratio be. The
intuition is that for long sentences, a larger value
of ρ will produce vicinal samples which will be
far away from the original sample. Specifically,
we use the following piece-wise function to find
the number of tokens to mask out dynamically:

t =

{
max(`× a, tmin) ; if ` ≤ 20

min( `h × b, tmax) ; otherwise
(2)

where tmin and tmax are hyperparameters and rep-
resent the minimum and maximum number of
tokens to be replaced by the masked LM. The
other hyperparameters a, b, and h play the same
role as the diversity ratio ρ.

Since we predict tokens for replacement one at
a time, we can make the prediction in any of the
permutation order of t. So, the maximum number
of possible augmentation for a sentence of length
` is γ =

(
`
t

)
× t!. We perform stochastic sampling

from the distribution of γ to select N ′ vicinal sam-
ples. We have added an analysis on the effect of
diversity ratio ρ in AUGVIC in §5.5.

3.2.2 Generation of Synthetic Bitext Data
Our objective is to train a source-to-target MT
model Ms→t. So far, we have the bitext D =
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Figure 2: (a) Our proposed model for guided back-
translation; (b) its training and inference method.

{(xi, yi)}Ni=1 and target-side monolingual data
D̃t = {ỹj}N ′j=1 which are vicinal to the original
target in D. We need a reverse intermediate target-
to-source MT modelMt→s to translate ỹj into x̃j ,
which will give us the synthetic bitext data D̃. For
this, we experiment with two different models.

(a) Pure Back-Translation (PBT) This is similar
to back-translation (§3.1), where we first train the
reverse MT model Mt→s using the given bitext
D. We then useMt→s to translate the target-side
vicinal samples ỹj ∼ D̃t into x̃j . This gives a
synthetic bitext D̃ = {(x̃j , ỹj)}N ′j=1. We use the
Transformer architecture (Vaswani et al., 2017) as
our reverse intermediate NMT modelMt→s.

(b) Guided Back-Translation (GBT) In the illus-
trative example (Figure 1), we can identify three
kinds of pairs: (i) the bitext (xi, yi), (ii) the vicinal
(yi, ỹi), and (iii) the synthetic pair (x̃i, ỹi). Here,
yi is the original translation of source sentence xi
and ỹi is the vicinal sample, which can be seen as
a perturbation of yi. Hence, we can assume that x̃i
will also be similar to (perturbed) xi. Our goal is to
leverage this extra relational knowledge to improve

the translation quality of x̃i when generating the
synthetic bitext D̃. Specifically, we use the original
source xi as a guide for generating the synthetic
translation x̃i of the target-side vicinal sample ỹi.

x̃i =Mt→s(ỹi|xi) (3)

For this, we propose a model based on the Trans-
former architecture which has two encoders - one
for the source sentence (E) and another for the
guide sentence (E′), and a decoder (D) (Figure 2).
We use the same architecture with the exception
that now we have two identical encoders (E and
E′). Both the encoders have a stack of L layers,
while the decoder has (L+ 1) layers.

Training & Inference: We train this model with a
dataset of triplets containing (y, x̃, x), where (x, y)
comes from the original bitext and x̃ is a vicinal
sample of x to guide the decoder in generating x.
Each of the first L layers of the decoder performs
cross-attention on E(y) resulting in decoder states
D(L)(x<t|y) at time step t, while the final decoder
layer attends on E′(x̃) resulting in a second set
of decoder states D(L+1)(x<t|y, x̃). The two sets
of decoder states are then interpolated by taking
a convex combination before passing it to a linear
layer followed by the Softmax token prediction.

λD(L)(x<t|y) + (1− λ)D(L+1)(x<t|y, x̃) (4)

where λ is a hyperparameter that controls the rela-
tive contributions from the two encoders, E(y) and
E′(x̃), in generating x by the decoder D.

To generate the synthetic bitext D̃, we need to trans-
late ỹ, which will be guided by x. So during infer-
ence, we feed ỹ toE and x toE′ to autoregressively
generate x̃ with beam search decoding.

3.2.3 Training of the Final Model
We combine the original bitext D and the synthetic
bitext D̃ generated from the previous step to train
our final source-to-target modelMs→t. We use the
standard Transformer as our final model.

4 Experimental Setup

4.1 Datasets and Evaluation Metrics

We conduct experiments on four low-resource lan-
guage pairs: English (En) to/from Bangla (Bn),
Tamil (Ta), Nepalese (Ne), and Sinhala (Si). Table
1 presents the source of the collected datasets and
their domains for each language pair.
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Pair Data-Source Train & Dev Test

En-Bn Islam (2018) Mixed Mixed
En-Ta Ramasamy et al. (2014) News, Bible, Cinema News, Bible, Cinema

En-Ne Guzmán et al. (2019) Bible, GV, PTB, Ubuntu Wikipedia
En-Si Guzmán et al. (2019) Opens subtitles, Ubuntu Wikipedia

Table 1: Sources and domains of the datasets.

Even though the En-Bn dataset size is relatively
small (∼ 72K pairs), the quality of the bitext is rich,
and it covers a diverse set of domains including lit-
erature, journalistic texts, instructive texts, admin-
istrative texts, and texts treating external communi-
cation. Here the distributions in train and test splits
are about the same. For En-Ta, the train and test do-
mains are similar, mostly coming from the news (∼
66.43%). For En-Ne and En-Si, we use the datasets
from (Guzmán et al., 2019), where the train and
test domains are different. Although these two
datasets are comparatively larger (∼ 600K pairs
each), the quality of the bitext is poor, requiring
further cleaning and deduplication.

Table 2 presents the dataset statistics after dedu-
plication where the last column specifies the num-
ber of augmented data by our method AUGVIC

(§3.2.1). For a fair comparison with the traditional
back-translation, we experiment with the same
amount of target-side monolingual data from three
domains: news, wiki, and gnome. We collected
and cleaned News, Wiki, and Gnome datasets from
News-crawl, Wiki-dumps, and Gnome localiza-
tion guide, respectively. For some languages, the
amount of specific domain monolingual data is lim-
ited, where we added additional monolingual data
of that language from Common Crawl.

Following previous work (Guzmán et al., 2019;
Nguyen et al., 2020), we report the tokenized
BLEU (Papineni et al., 2002) when translating from
English to other languages, and detokenized Sacre-
BLEU (Post, 2018) when translating from other
languages to English for all our experiments,.

Pair Train Dev Test Augmented (AUGVIC/Mono)

En-Bn 70,854 500 500 ≈ 460K
En-Ta 166,851 1000 2000 ≈ 1300K

En-Ne 234,514 2559 2835 ≈ 1500K
En-Si 571,213 2898 2766 ≈ 1500K

Table 2: Dataset statistics after deduplication.

4.2 Baselines
We compare AUGVIC with the following baselines:

(i) Bitext baseline is the model trained with the
bitext given with the dataset.

(ii) Upsample baseline Here we upsample the bi-
text to the same amount of AUGVIC’s data.

(iii) Diversification baseline Nguyen et al. (2020)
diversifies the original parallel data by using the
predictions of multiple forward and backward
NMT models. Then they merge the augmented
data with the original bitext on which the final
NMT model is trained. Their method is directly
comparable to AUGVIC, as both methods diversify
the original bitext, but in different ways.

4.3 Model Settings
We use the Transformer (Vaswani et al., 2017) im-
plementation in Fairseq (Ott et al., 2019). We fol-
low the basic architectural settings from (Guzmán
et al., 2019), which establishes some standards for
low-resource MT. For low-resource “Bitext base-
line”, they use a smaller (5-layer) Transformer ar-
chitecture as the dataset is small, while for larger
datasets (e.g., with additional synthetic data) they
use a bigger (6-layer) model.2 To keep the architec-
ture the same in the respective rows (Table 3), we
use a 6-layer model for “Upsample baseline” and
5-layer for “Bitext baseline”. More specifically, for
datasets with less than a million bitext pairs, we use
an architecture with 5 encoder and 5 decoder layers,
where the number of attention heads, embedding
dimension, and inner-layer dimension are respec-
tively 8, 512, and 2048. Otherwise, we use a larger
Transformer architecture with 6 encoder and 6 de-
coder layers with the number of attention heads,
embedding dimension, and inner-layer dimension
of 16, 1024, and 4096, respectively.

After deduplication, we tokenize non-English
data using the Indic NLP Library.3 We use the
sentencepeiece library4 to learn the joint Byte-Pair-
Encoding (BPE) of size 5000 symbols for each of

2https://github.com/facebookresearch/flores/
3https://github.com/anoopkunchukuttan/indic nlp library
4https://github.com/google/sentencepiece
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Setting Data En-Bn En-Ta En-Ne En-Si
→ ← → ← → ← → ←

Baseline Bitext 13.21 21.18 11.58 26.29 4.59 8.34 1.96 7.45
× Upsample 16.59 25.51 12.15 27.71 4.16 7.79 1.81 6.93

Diversification + Nguyen et al. (2020) 17.54 26.11 12.74 28.54 5.7 8.9 2.2 8.2
+ AUGVIC 18.03 26.96 12.93 28.68 6.47 10.65 3.66 9.27

Extra mono. data

+ BT-Mono (News) 18.81 27.11 13.51 29.38 6.44 12.48 3.56 11.75
+ BT-Mono (Wiki) 18.52 26.33 13.23 29.01 6.91 13.02 3.91 11.86

+ AUGVIC+ BT-Mono (News) 19.98 28.14 13.87 30.15 6.80 13.12 4.94 11.89
+ AUGVIC+ BT-Mono (Wiki) 20.39 28.48 13.89 30.14 7.27 13.52 5.24 12.09

Table 3: Detokenized Sacre-BLEU scores for {Bn, Ta, Ne, Si} → En and tokenized BLEU fro En→ {Bn, Ta, Ne,
Si}. “BT-Mono” stands for traditional back-translation with extra target-side monolingual data (§3.1).

the language pair over the raw English and tok-
enized non-English bitext training data.

We tuned the hyper-parameters a, b, h, tmin,
tmax in Eq. 2 and λ in Eq. 4 by small-scale exper-
iments on the validation-sets. We found a = 0.5,
b = 2.5, h = 10, tmin = 1, and tmax = 20
work better. We tuned λ within the range of 0.5
to 0.9. In general, we observe that for smaller sen-
tences (length <= 20), 50-60% successive-token-
replacement works better while for longer sen-
tences (length > 20), 20-30% token-replacement
performs better.

Following Guzmán et al. (2019), we train all
the models upto a maximum epoch of 100 with
early-stopping enabled based on the validation loss.
We use the beam-search-decoding for inference.
All the reported results for AUGVIC use dynamic
diversity ratio for generating vicinal samples unless
otherwise specified.

5 Results and Analysis

In this section, we present our results and the anal-
ysis of our proposed methods.

5.1 Comparison with Bitext & Diversification

Table 3 presents the BLEU scores on the eight trans-
lation tasks. First, we compare our model AUGVIC

with the model trained on the original parallel data
(Bitext). AUGVIC consistently improves the per-
formance over all the tested language pairs, gaining
about +2.76 BLEU scores on average. Specifically,
AUGVIC achieves the absolute improvements of
4.28, 5.78, 1.35, 2.39, 1.88, 2.31, 1.70, and 1.82
over the Bitext for En-Bn, Bn-En, En-Ta, Ta-En,
En-Ne, Ne-En, En-Si, and Si-En, respectively.

For a fair comparison, in another experiment, we
upsample the bitext data to make it similar to the
amount of AUGVIC’s data. From the Upsample re-

sults (with a 6-layer architecture) reported in Table
3, we see that even though it increases the BLEU
scores for En to/from {Bn, Ta}, it has negative im-
pacts on En to/from {Ne, Si} where it degrades
the performance. Overall, AUGVIC achieves 1.75
BLEU score improvements on an average over the
Upsample baseline.

The comparison with the diversification strat-
egy proposed by Nguyen et al. (2020) reveals that
AUGVIC outperforms their method by 0.84 BLEU
scores on average. To be specific, our method gets
0.49, 0.85, 0.19, 0.14, 0.77, 1.75, 1.46, and 1.07
absolute BLEU improvements over their approach
for En-Bn, Bn-En, En-Ta, Ta-En, En-Ne, Ne-En,
En-Si, and Si-En, respectively.

The data diversification method of Nguyen et al.
(2020) relies heavily on the performance of base
models (Bitext). From Table 3, we see that the per-
formance of base models are poor for En to/from
{Ne, Si}, which impacts their augmented data gen-
eration process (diversification). However, the bet-
ter performance of AUGVIC in those languages
indicates that vicinal samples generated in our
method are more diverse with better quality and
less prone to the noise in base models.

5.2 Vicinal Samples with Extra Relevant
Monolingual Data

We further explore the performance of AUGVIC by
experimenting with the traditional back-translation
method (§3.1) using the same amount of monolin-
gual data. To perceive the variability, we choose
to experiment with extra monolingual data from
two relevant but different sources - newscrawl (BT-
Mono (News)) and Wikipedia (BT-Mono (Wiki)).
From the results in Table 3, we see that standard
back-translation improves the scores in both cases,
proving that extra relevant monolingual data helps
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Interm. En-Bn En-Ta En-Ne En-Si
BT system → ← → ← → ← → ←
Pure BT 18.03 26.96 12.93 28.68 6.47 10.65 3.66 9.27
Guided BT 18.18 27.35 13.17 29.05 4.81 8.62 2.16 7.71

Table 4: Comparison between two intermediate reverse back-translation (BT) systems in AUGVIC.

for low-resource MT significantly.
To understand the exclusivity of the vicinal sam-

ples of AUGVIC from the external related mono-
lingual data, we perform another set of experi-
ments where we added both the AUGVIC’s aug-
mented data with the extra monolingual data and
trained along with the Bitext data. From Table 3,
we see that the combination of datasets improves
the BLEU scores by 1.02 and 0.73 on average on
the two relevant data sources (News and Wiki).
From this, we can conclude that vicinal samples
of AUGVIC make the NMT models more robust in
the presence of the relevant monolingual data and
can be used together when available.

5.3 Pure vs. Guided: Which One is Better?

For all the results of AUGVIC presented in Ta-
ble 3, we use the pure back-translation (BT)
method (§3.2.2(a)) as the reverse intermediate
model. We compare the performance of the guided
BT (§3.2.2(b)) with the pure BT method as the
reverse intermediate model in Table 4. From the
results, we observe that the guided BT achieves
better results in En↔ {Bn, Ta}, while the pure BT
achieves better in En↔ {Ne, Si} translation tasks.

We investigated why the guided BT performed
poorly in En↔ {Ne, Si} tasks, and found that com-
pared to the En-Bn and En-Ta bitexts, the origi-
nal bitexts of En-Ne and En-Si languages are very
noisy (e.g., bad sentence segmentation, code-mix
data), which propagates further noise while using
the target translation as a guide for translating the
vicinal samples. The diminishing results while up-
sampling in these two languages (Table 3) supports
this claim. From these results, we can say that the
better the original bitext quality is, the better the
synthetic bitext will be for the guided BT.

5.4 AUGVIC with Relevant and
Distant-domain Monolingual Data

To verify how traditional back-translation and
AUGVIC perform with with monolingual data from
related vs. distant domains, we perform another set
of experiments on En to/from {Bn, Ta}. For both
the language pairs (§4.1), News can (roughly) be

BT-mono Data En-Bn En-Ta
Domain → ← → ←

Bitext 13.21 21.18 11.58 26.29

News + BT 18.81 27.11 13.51 29.38
(relevant) + AUGVIC+ BT 19.98 28.14 13.87 30.15

gnome + BT 17.14 26.05 12.55 27.91
(distant) + AUGVIC+ BT 18.86 27.56 13.59 29.89

Table 5: Effect of relevant and distant domain mono-
lingual data in back-translation with AUGVIC. We use
News as “relevant” and gnome as “distant” domain.

considered as relevant compared to gnome,5 which
can be considered as distant domain. We use pure
BT as the intermediate reverse back-translation sys-
tem for generating synthetic data in AUGVIC in
this set of experiments.

From Table 5, we see that traditional back-
translation (+ BT) improves the BLEU scores over
the Bitext by 4.14 and 2.85 on average for relevant-
and distant-domain monolingual data, respectively,
yielding higher gains for relevant domain, as ex-
pected. The addition of vicinal data by AUGVIC

(+ AUGVIC+ BT) further improves the scores in
both cases; interestingly, the relative improvements
are higher in the distant-domain case. Specifi-
cally, the average BLEU score improvements over
Bitext for relevant- and distant-domain data with
AUGVIC+BT are 4.97 and 4.41, respectively. Com-
paring this with BT only, the BLEU score differ-
ence between relevant and distant domains has
been reduced from 1.29 to 0.56. This indicates
that AUGVIC helps to bridge the domain gap be-
tween relevant and distant-domain distributions in
traditional BT with monolingual data.

In principle, for vicinal samples, the synthetic-
pair generation capability of the reverse interme-
diate target-to-source MT model should be better
than generating from an arbitrary monolingual data
as it could be a distant distribution compared to
the bitext. Judging by the amount of diverse data
used for training the language model, we can safely
assume that it is a diverse knowledge source (Con-
neau et al., 2020b) compared to the training bitext
samples. Data that performs well on the reverse

5http://opus.nlpl.eu/GNOME.php
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intermediate target-to-source MT system can be
extrapolated from the knowledge-base as vicinal-
distribution with the controlled diversity ratio func-
tion (Eq. 2). Moreover, to achieve more diversity,
the use of multiple different language models is
also compatible in AUGVIC.

5.5 Effect of Diversity Ratio in AUGVIC

For monolingual data, it could be challenging
to identify domain discrepancy with the train-
ing/testing bitext data, and there is no parameter
in the traditional BT method to control this distri-
butional mismatch. However, in AUGVIC we can
control the distributional drift of the generated vici-
nal samples from the original training distribution
by varying the diversity ratio ρ.

Theoretically, it is possible to sample the same
distribution using dynamic and static diversity.
However, dynamic diversity is more flexible to
perform hyperparameter-tuning and to prevent po-
tential outliers. The term l/h in Eq. 2 represents
pseudo-segmentation (h segments) of a large sen-
tence of length l, and b represents the same intu-
ition as ρ. Apart from these, tmin and tmax pre-
vents irregular-samples: (i) tmin ensures that there
should be at least some changes in the augmented
sample, (ii) tmax makes sure that the generated-
samples from LM do not diverge too much from
the vicinity.

To understand the effect of the diversity ratio in
AUGVIC, we perform another set of experiments.
We choose to use En to/from {Bn, Ne} for this
experiments, where we selected at most two vicinal
samples from each of the target sentence in original
bitext. We investigate the effect of both dynamic
and fixed diversity ratio in AUGVIC’s vicinal sam-
ple generation (§3.2.1). For fixed diversity ratio
we use ρ values 0.1, 0.3, 0.5, and 0.8, while for
dynamic diversity ratio we use a = 0.5, b = 2.5,
and h = 10 for controlling the diversity.

We present these experimental results in Table
6, from where we see that the dynamic diversity
ratio performs better in three out of four tasks. For
the fixed diversity ratio, we see the variation in
results for different values of ρ. In all the four
tasks, the diversity ratio ρ = 0.8 gives the least
scores. On average, we get the better results with
ρ = {0.3, 0.5}. These experiments suggest that
higher diversity values may induce noise and lower
diversity values may not diversify the data enough
to benefit the final NMT model.

AUGVIC En-Bn En-Ne
diversity ratio → ← → ←
Dynamic 17.69 26.61 6.21 10.25

Fixed
ρ = 0.1 17.34 25.98 5.98 10.03
ρ = 0.3 17.52 26.19 6.19 10.36
ρ = 0.5 17.48 26.49 6.05 10.38
ρ = 0.8 17.19 25.01 5.82 9.89

Table 6: Effect of diversity ratio ρ while generating vic-
inal samples in AUGVIC (§3.2.1).

6 Conclusion

We have presented an in-domain data augmentation
framework AUGVIC by exploiting the bitext vicin-
ity for low-resource NMT. Our method generates
vicinal samples by diversifying sentences of the
target language in the bitext in a novel way. It is
simple yet effective and can be quite useful when
extra in-domain monolingual data is limited.

Extensive experiments with four low-resource
language pairs comprising data from different
domains show the efficacy of AUGVIC. Our
method is not only comparable with traditional
back-translation with in-domain monolingual data,
it also makes the NMT models more robust in the
presence of relevant monolingual data. Moreover,
it bridges the distributional gap for out-of-domain
monolingual data when using together.
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Abstract

Generative linguistic steganography mainly
utilized language models and applied stegano-
graphic sampling (stegosampling) to gener-
ate high-security steganographic text (stego-
text). However, previous methods generally
lead to statistical differences between the con-
ditional probability distributions of stegotext
and natural text, which brings about security
risks. In this paper, to further ensure secu-
rity, we present a novel provably secure gener-
ative linguistic steganographic method ADG,
which recursively embeds secret information
by Adaptive Dynamic Grouping of tokens ac-
cording to their probability given by an off-
the-shelf language model. We not only prove
the security of ADG mathematically, but also
conduct extensive experiments on three pub-
lic corpora to further verify its imperceptibil-
ity. The experimental results reveal that the
proposed method is able to generate stegotext
with nearly perfect security.

1 Introduction

Steganography is the technology of hiding secret in-
formation within an innocent natural carrier (such
as image (Hussain et al., 2018), audio (Mishra
et al., 2018), video (Liu et al., 2019), text (Krishnan
et al., 2017), etc) in order to avoid eavesdropping.
Steganography differs from cryptography in that
cryptography only conceals the content of secret
information, whereas steganography even conceals
its very existence, which makes it more secure and
reliable in some scenarios (Anderson and Petitco-
las, 1998).

Natural language is suitable as a carrier of
steganography by virtue of its high robustness in
transmission (Ziegler et al., 2019). Unlike digi-
tal images or digital audio which is sensitive to
distortions like compression, cropping, blurring or
pixel-wise dropout, text can usually be transmitted

losslessly through different kinds of public chan-
nels. Nevertheless, text generally has low entropy
and lacks sufficient redundancy for information
hiding (Sharma et al., 2016), which often results
in low embedding capacity of linguistic steganog-
raphy. For example, in traditional modification-
based methods (such as synonym substitution (Xi-
ang et al., 2014, 2018) and spelling transformation
(Shirali-Shahreza, 2008)), where secret informa-
tion is encoded by slightly modifying an existing
covertext, the options for modification can be very
limited to keep the text fluent enough so as not to
arouse suspicions.

In recent years, powered by the advanced tech-
nology of deep learning and natural language pro-
cessing, language models based on neural networks
have made significant progress in generating flu-
ent text (Radford et al., 2019; Brown et al., 2020),
which bring new vitality to linguistic steganogra-
phy and facilitate the investigation of generation-
based methods (Fang et al., 2017; Yang et al.,
2018a; Dai and Cai, 2019; Ziegler et al., 2019;
Yang et al., 2020a; Zhou et al., 2021). The gener-
ative linguistic steganography directly transform
secret information into innocuous-looking stegano-
graphic text (stegotext) without any covertext. Us-
ing an off-the-shelf language model, secret infor-
mation can be encoded in the selection of token at
each time step autoregressively during the genera-
tion procedure, which greatly alleviates the draw-
back of low embedding capacity. However, previ-
ous methods inevitably introduce distortions during
generation. The imperceptibility of generative lin-
guistic steganography still needs further optimiza-
tion.

In this paper, we aim to further improve the im-
perceptibility of generative linguistic steganogra-
phy. The contributions of this work are the follow-
ing:

1. We present ADG (Adaptive Dynamic
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Grouping), a novel generative linguistic
steganographic method based on off-the-
shelf language models, which groups the
tokens adaptively in accordance with their
probability at each time step to embed secret
information dynamically in the generated
stegotext.

2. We discuss the security of ADG and give
mathematical proof, which reveals that the
proposed method is provably secure.

3. Through quantitative analysis, we derive sat-
isfactory experimental results in terms of
both imperceptibility and embedding capac-
ity, which further verifies the effectiveness of
ADG.

Our code is available at https://github.com/M
hzzzzz/ADG-steganography.

2 Formalism

2.1 Notation
We use lowercase letters in bold type (e.g. a) to
denote vectors, normal lowercase letters (e.g. a)
to denote scalars and uppercase letters (e.g. A)
to denote sets. We use the symbol |A| to denote
the size of a set. Calligraphic letters denote neural
models (e.g. A). Both English letters and Greek
letters are adopted. We use p(·) and q(·) to denote
distributions and f(·) to denote functions, which
are usually shortened to p, q and f . Subscripts
and superscripts are used to tell the different vari-
ables/distributions/functions apart.

2.2 Generative Linguistic Steganography
Language modeling is a task to estimate the joint
distribution of serialized natural language pLM (w),
wherew is a sequence of n tokens [w1, w2, ..., wn]
and each token belongs to the vocabulary Σ. For
an autoregressive language model L, the output
is usually factorized as a product of conditional
distribution of the current token

pLM (w) = pLM (w1, w2, ..., wn)

= pLM (w1) ·
n∏

t=2

pLM (wt|w1, ..., wt−1).

(1)
According to Simmons (1984), it is usually sup-

posed that Alice (sender) wants to send a secret
messagem ∼ Uniform({0, 1}l) to Bob (receiver)
through a public channel monitored by Eve (adver-
sary). In generative linguistic steganography, they
share an embedding algorithm femb which takes a

language model L and the secret messagem as in-
put and then outputs stegotext y to transmit. They
also share a corresponding extraction algorithm
fext, which is the inverse mapping of femb that is
able to recover the secret messagem according to
the language model L and the received stegotext y.

2.3 Imperceptibility

In order to avoid raising Eve’s suspicions, stegotext
y is required to be fluent enough and statistically
indistinguishable from natural innocuous text x,
which we call covertext. Cachin (1998) proposed
the information-theoretic security of steganography
to measure the statistical imperceptibility quanti-
tatively, which is defined as the Kullback-Leibler
divergence (KL divergence) between the distribu-
tions of covertext x and stegotext y. The distortion
of generative linguistic steganography is two-fold:
one is introduced by the bias of the language mod-
els, which is the gap between the true distribution
of natural text ptrue(x) and the modeled distribu-
tion pLM (x); the other is introduced by femb. In-
stead of directly sampling from the modeled dis-
tribution, the embedding algorithm femb actually
provides a special way to sample from pLM (y),
which we call steganographic sampling (stegosam-
pling). It is equivalent to sampling from a modified
distribution q(y) produced by an implicit language
model L′. In a word, the latter distortion is the
gap between pLM (y) and q(y), which can also be
regarded as the gap between the conditional dis-
tributions pLM (yt|y<t) and q(yt|y<t). We simply
use pLM and q to refer to the conditional distribu-
tions in the rest of this paper.

3 Related Work

In the early stage, some researchers investigated
rule-based approaches or using Markov Chains
to achieve generative linguistic steganography
(Wayner, 1992; Chapman and Davida, 1997; Chap-
man et al., 2001; Chapman and Davida, 2002; Dai
et al., 2010; Moraldo, 2014; Luo et al., 2016; Yang
et al., 2018b). However, these methods followed
a simplistic pattern and are hard to guarantee the
grammatical correctness and the semantic fluency
of the generated stegotext.

With the development of deep learning, language
models based on neural networks show great per-
formance on automatic text generation. The pattern
of generating stegotext with neural language mod-
els has been widely accepted. Fang et al. (2017)
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proposed a linguistic steganographic method that
randomly partitioned the vocabulary Σ into 2b bins
[B1, B2, ..., B2b ] and each one contained |Σ|/2b to-
kens. At each time step, they selected the token
with the highest probability within the bin accord-
ing to the b−bit secret information to be embedded.
Yang et al. (2018a) improved the embedding algo-
rithm by building the mapping from secret informa-
tion to tokens dynamically at each time step rather
than statically in advance. Concretely, the top 2k

tokens with the highest probability were encoded
by Huffman coding algorithm. Then they took
the token which has the same code as the secret
information. Dai and Cai (2019) proposed patient-
Huffman, which was an improved version of Yang
et al. (2018a) that sacrificed embedding capacity
for imperceptibility. They first calculated the dis-
tortion (total variation distance or KL divergence)
between q and pLM and then only used Huffman
coding embedding algorithm to embed secret infor-
mation when the distortion was less than a preset
threshold δ. Otherwise they directly sampled a to-
ken to avoid high distortion occasions. Ziegler et al.
(2019) employed arithmetic coding to embed secret
information. They truncated the top h likely tokens
and left out the low-probability long-tails. Then the
tokens are encoded by arithmetic coding algorithm
and selected according to the secret information.
Compared with other coding algorithm, arithmetic
coding has higher compression rate, which results
in less damage to conditional probability distribu-
tion pLM and helps to improve imperceptibility.

4 ADG Methodology

According to the analysis in Section 2.3, the distor-
tion of generative linguistic steganography includes
the bias of the language model L and the damage
to the conditional distribution caused by the em-
bedding algorithm femb. The former is not our
research priority. With the development of auto-
matic text generation, the former distortion can be
gradually minimized. In this paper, we mainly pay
attention to the latter distortion. We aim to seek an
optimal solution theoretically and experimentally.

Given an off-the-shelf language model, how can
we embed secret information to the generated to-
kens? Unlike previous works that encoded the con-
ditional distribution by lossless coding algorithm,
we achieve this goal in a novel way by grouping.
Through mathematical analysis and proof, we pro-
pose a provably secure method ADG, which does

little damage to the conditional distribution and
is nearly equivalent to directly sampling from the
full distribution. In this section, we investigate the
security of steganography by grouping and give
detailed descriptions of the proposed method.

4.1 Steganography by Grouping
Steganography by grouping is to group all tokens
in the vocabulary into several groups, so that each
group represents a unique secret message. E.g. we
can Tokens belonging to the target group are able
to make up the stegotext. In such a way, Bob reads
each token in the sequence in turn and performs
the same grouping operation to extrapolate which
groups the current token belongs to, thereby ex-
tracting the corresponding secret information. The
key question is: how to group the tokens at each
time step to ensure an optimal imperceptibility?
We have the following assumption.

Assumption 1. For secret information in the
form of uniformly distributed bitstream, adap-
tively grouping the vocabulary into u groups (u =
2r, r ∈ N, r ≤ log2 |Σ|) with equal probability
will ensure the optimal imperceptibility.

Proof. Assuming that the discrete conditional prob-
ability distribution pLM is arbitrarily partitioned
into u groups to embed r-bit secret information.
pij denotes the probability of the j-th token in the
i-th group. ηi and ni denote the total probability
and the size of the i-th group respectively. Then
we have

ni∑

j=1

pij = ηi,

u∑

i=1

ηi = 1. (2)

Our goal is to figure out the grouping algorithm
to achieve the best imperceptibility, i.e. to min-
imize the gap between pLM and q. First of all,
starting from the modeled distribution pLM =
[..., pij , ...], we calculate the equivalent distribution
q. The probability of each token is firstly normal-
ized within its group (1/ηi) and then multiplied by
the selected probability of the group, which is 1/u
since secret information is uniformly distributed.
Therefore, q has the following form

q = [..., pij/uηi, ...]. (3)

We measured the gap between the two distributions
with KL divergence, which is

DKL(pLM ||q) =
∑

pLM log
pLM
q

3048



=

u∑

i=1

ni∑

j=1

pij log
pij

pij/uηi

=

u∑

i=1

ni∑

j=1

pij log(uηi)

=
u∑

i=1

log(uηi)

ni∑

j=1

pij

=

u∑

i=1

ηi log(uηi). (4)

Therefore, the KL divergence between the two
distributions is a function of the vector η =
[η1, η2, ..., ηu].

Next, we will prove Assumption 1 in two steps.
[1]. Considering the auxiliary function

faux(η) = η log(uη), (0 ≤ η ≤ 1), we firstly
analyse its concavity and convexity on the do-
main of definition. For every η1, η2 ∈ (0, 1) and
0 ≤ λ ≤ 1,

faux(λη1 + (1− λ)η2)

− λfaux(η1)− (1− λ)faux(η2)

= (λη1 + (1− λ)η2) log(u(λη1 + (1− λ)η2))

− λ(η1 log(uη1))− (1− λ)(η2 log(uη2))

= λη1 log
λη1 + (1− λ)η2

η1

+ (1− λ)η2 log
λη1 + (1− λ)η2

η2

≤ λ(η1(
λη1 + (1− λ)η2

η1
− 1))

+ (1− λ)η2(
λη1 + (1− λ)η2

η2
− 1)

= λ(λη1 + (1− λ)η2 − η1)
+ (1− λ)(λη1 + (1− λ)η2 − η2)
= λ(λ− 1)η1 + λ(1− λ)η2

+ (1− λ)λη1 − (1− λ)λη2

= 0.
(5)

As a result, faux(η) is convex over (0, 1).
[2]. Then, when generalizing to u variables

η1, η2, ..., ηu,

u∑

i=1

ηi = 1, according to Jensen’s

inequality (Jensen et al., 1906), there is
∑u

i=1 faux(ηi)

u
=

∑u
i=1 ηi log(uηi)

u

≥ faux(

∑u
i=1 ηi
u

) =
1

u

u∑

i=1

ηi log(

u∑

i=1

ηi) = 0.

(6)

The equality sign holds if and only if

η1 = η2 = ... = ηu. (7)

It means that DKL(pLM ||q) =

u∑

i=1

faux(ηi) takes

the minimum value 0 when each component of η
is equal, in which case pLM and q are equivalent
and that achieves the optimal information-theoretic
security defined by Cachin (1998).

Therefore, we basically construct the idea of our
embedding algorithm, that is, to adaptively group
the vocabulary into multiple groups at each time
step, so that each group is assigned approximately
the same probability. In practice, since the probabil-
ity distribution is discrete, the probability of groups
may not be absolutely equal. Firstly, we determine
the number of groups u to be its maximum value
2b− log2 pmaxc, where pmax is the highest probabil-
ity in pLM . Secondly, since the time complexity of
solving the global optimal solution of equal group-
ing is unacceptable, we implement a suboptimal
solution in ADG, as demonstrated in Algorithm 1.
In line 10, we employ binary search algorithm to
select the token that has the nearest probability of
a given value. Our implementation enables us to
obtain a unique grouping result for any pLM , which
ensures that the secret information can be extracted
accurately and completely at the receiving end.

4.2 Recursion and Pruning

After obtaining the grouping results, we can select
the group according to the next log u bits of secret
information to be embedded and simply sample
a token in the group to generate stegotext. As a
matter of fact, we can also continue grouping the
obtained groups to further enlarge the embedding
capacity and recursively grouping the new groups
until it is impossible to be equally participated (the
normalized pmax of the current group is greater
than 0.5). In order to improve the efficiency of the
recursive grouping, we employ pruning strategy
to remove the redundant grouping operations. We
only need to recursively group the selected groups
every time in accordance with the secret informa-
tion to be embedded. In this manner, the amount
of secret information embedded in each token is
adjusted dynamically according to its probability
distribution.

To sum up, at each time step, the proposed
ADG embedding algorithm first conducts the equal
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Algorithm 1: Suboptimal solution of equal
grouping.
Data: vocabulary Σ, distribution pLM
Result: set of groups G

1 list of tokens = sorted (pLM );
2 pmax = probability of the first token;
3 u = 2b− log2 pmaxc;
4 mean = 1/u;
5 for (i = 1; i ≤ u− 1; i ++) do
6 Gi = [the first token];
7 remove the first token;

8 while
∑

probability of Gi < mean do
9 ε = mean−

∑
probability of Gi;

10 select a token with the nearest
probability of ε;

11 if probability of the token− ε < ε
then

12 append the token to Gi;
13 remove the token;
14 end
15 else
16 break;
17 end
18 end

19 mean =
probability of the rest tokens

u− i ;

20 end
21 append the rest tokens to Gu;
22 G = [G1, G2, ..., Gu];

grouping algorithm adaptively according to the con-
ditional distribution, and then recursively repeats
the operation on the selected group dynamically
according to the secret information, until it is in-
divisible. At last, we normalize the probability of
the last selected group and sample a token to gen-
erate the stegotext. We have proved the security of
equal grouping algorithm. Obviously, it can also be
extended to the recursive manner of ADG, which
means the proposed method is provably secure.

4.3 Information Extraction

The extraction algorithm is basically the inverse
process of the embedding algorithm. For an ex-
actly successful extraction, Alice and Bob have to
share the same language model, vocabulary and
grouping algorithm. At each time step, Bob is
supposed to recursively operate the same grouping
algorithm as Alice do, and then select the group

contains the current token in the stegotext. The
index of the selected groups reveal the embedded
secret information.

5 Experimental Results and Analysis

In this section, we evaluate the performance of
ADG in terms of both embedding capacity and
imperceptibility. Details of our experiments and the
analysis of the results are present in the following
subsections.

5.1 Datasets

We evaluated the performance of ADG on three
public corpora, namely “Large Movie Review
Dataset” (Movie) (Maas et al., 2011), “All the
News” (News)1 and “Sentiment140” (Tweet) (Go
et al., 2009). Large movie review dataset is origi-
nally built for binary sentiment classification, con-
taining 100,000 movie reviews in total crawled
from IMDb2. “All the news” is a collection of pub-
lications of mainstream news media. Sentiment140
is also used in sentiment analysis tasks, which con-
tains 1,600,000 tweets extracted from Twitter3.

We converted the raw text to lowercase and re-
moved HTML tags and most punctuations, then
segmented it into sentences with NLTK tools
(Loper and Bird, 2002). We filtered out sentences
with length below 5 or above 200. For the conve-
nience of training and evaluation, any token occur-
ring less than 10 times was mapped to a special
token “ UNK”. We also added “ BOS” and “ EOS”
at the beginning and end of each sentence to help
training. Sentences in a batch were padded to the
same length with a special padding token “ PAD”.
Finally, we divided the preprocessed corpora into
training set and test set according to the ratio of 9:1.
Statistics are demonstrated in Table 3.

5.2 Implementation Details

In experiments, we utilized LSTMs (Hochreiter
and Schmidhuber, 1997) for word-level generation.
We stacked 2 LSTM layers and the model was
implemented with Pytorch (Paszke et al., 2017).
The dimension of word embedding was set to be
350. Hidden states in LSTM were set to be 512-
dimensional vectors. In the training procedure,
we applied SGD algorithm together with Adam

1https://www.kaggle.com/snapcrack/all
-the-news

2https://www.imdb.com/
3https://twitter.com/
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Table 1: Results of ER, KLD1 and KLD2.

METHOD Movie News Tweet
↑ER ↓KLD1 ↓KLD2 ↑ER ↓KLD1 ↓KLD2 ↑ER ↓KLD1 ↓KLD2

Bins (b = 1) 1.000 2.497 27.595 1.000 2.742 26.331 1.000 2.431 19.519
Bins (b = 2) 2.000 2.338 33.206 2.000 2.593 35.207 2.000 2.421 17.604
Bins (b = 3) 3.000 2.319 29.778 3.000 2.592 55.781 3.000 2.429 21.286
Bins (b = 4) 4.000 2.439 54.155 4.000 2.550 87.441 4.000 2.314 27.230
Bins (b = 5) 5.000 2.503 73.075 5.000 2.500 116.857 5.000 2.482 29.171
Huffman (k = 1) 1.000 1.961 21.219 1.000 2.338 11.226 1.000 2.121 6.252
Huffman (k = 2) 1.824 1.433 13.199 1.824 1.751 8.793 1.841 1.586 5.208
Huffman (k = 3) 2.509 1.106 8.487 2.518 1.372 6.855 2.595 1.145 4.141
Huffman (k = 4) 3.145 0.819 6.334 3.224 1.084 5.419 3.266 0.880 3.197
Huffman (k = 5) 3.705 0.658 4.657 3.872 0.838 3.995 3.932 0.694 2.738
Patient-Huffman (δ = 1.0) 1.125 0.327 0.767 0.809 0.256 0.441 0.988 0.298 0.545
Patient-Huffman (δ = 1.5) 1.711 0.588 2.132 1.460 0.559 1.817 1.668 0.621 1.280
Patient-Huffman (δ = 2.0) 2.129 0.819 4.564 1.905 0.808 3.497 2.201 0.908 2.445
Arithmetic (h = 100) 4.224 0.362 2.956 4.412 0.425 2.269 4.308 0.333 1.508
Arithmetic (h = 200) 4.651 0.240 2.321 4.908 0.295 1.688 4.805 0.253 1.749
Arithmetic (h = 300) 4.903 0.205 1.903 5.127 0.245 1.426 4.942 0.206 1.242

ADG 5.147 0.033 1.946 5.650 0.027 0.866 5.411 0.048 1.189

(Kingma and Ba, 2014) to train the language model.
Learning rate was set to be 0.001. The SGD update
direction was computed using a batch of 32 training
samples. They were both trained for 30 epochs on
one GeForce GTX 1080 GPU. In the generation
procedure, we adopted the model performing best
on test sets. All generated sentences must be longer
than 5 and shorter than 200.

5.3 Baselines

We rebuilt Fang et al. (2017) (Bins), Yang et al.
(2018a) (Huffman), Dai and Cai (2019) (Patient-
Huffman) and Ziegler et al. (2019) (Arithmetic)
as baselines. For fair comparison, we rebuilt all
the baselines with the same language models. For
Bins, we set b to be 1, 2, 3, 4, 5 and the corre-
sponding number of bins was 2, 4, 8, 16, 32. For
Huffman, we built Huffman tree with the top 2,
4, 8, 16, 32 likely tokens. For Patient-Huffman,
we measured the distortion by KL divergence and
restricted the threshold δ to 1, 1.5, 2 with top 8
tokens. For Arithmetic, we truncated the condi-
tional distribution at h = 100, 200, 300. In each
case, we generated 1,000 stegotext. We randomly
chose same amount of covertext from the test sets
for further evaluation.

5.4 Metrics

The metrics we utilized to evaluate the performance
on embedding capacity and imperceptibility are
listed as follows.

Embedding Rate (ER): It is the average amount
of information that one single token can carry, and
is in unit of bits per word (bpp). Embedding rate is
a metric to indicate the embedding capacity. Higher
is better.

KL Divergence between the implicit distribution
q and the modeled distribution pLM (KLD1): It
reflects the gap introduced by the embedding algo-
rithm. Lower is better and the unit is bit.

KL Divergence between the statistical distribu-
tions of the sentence embedding of covertext and
stegotext (KLD2): It indirectly reflects the overall
information-theoretic security. We mapped all ste-
gotext and covertext to fixed length dense vectors
vx and vy by third-party sentence vectorization
tool (Le and Mikolov, 2014), and assumed that the
resulting vectors of covertext and stegotext both
obey isotropic Gaussian distribution. Then KLD2

is computed by

DKL(p(vx)||p(vy))

≈
∑

(log
σy

σx
+
σx

2 + (µx − µy)2

2σy
2

− 1

2
),

(8)
where µ and σ are the mean and standard devia-
tion of sentence vectors. We set the dimension of
sentence vectors to be 100. Lower is better and the
unit is bit.

Detection Accuracy: It reflects the anti-
steganalysis ability of steganographic methods. Ste-
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Table 2: Results of ER, Acc1 and Acc2.

METHOD Movie News Tweet
↑ER Acc1 Acc2 ↑ER Acc1 Acc2 ↑ER Acc1 Acc2

Bins (b = 1) 1.000 0.873 0.854 1.000 0.887 0.856 1.000 0.787 0.814
Bins (b = 2) 2.000 0.812 0.802 2.000 0.855 0.830 2.000 0.739 0.753
Bins (b = 3) 3.000 0.810 0.789 3.000 0.833 0.819 3.000 0.720 0.733
Bins (b = 4) 4.000 0.825 0.832 4.000 0.843 0.852 4.000 0.748 0.760
Bins (b = 5) 5.000 0.876 0.872 5.000 0.877 0.882 5.000 0.750 0.786
Huffman (k = 1) 1.000 0.891 0.891 1.000 0.891 0.885 1.000 0.785 0.806
Huffman (k = 2) 1.824 0.838 0.836 1.824 0.851 0.826 1.841 0.749 0.758
Huffman (k = 3) 2.509 0.796 0.760 2.518 0.816 0.785 2.595 0.684 0.702
Huffman (k = 4) 3.145 0.713 0.690 3.224 0.768 0.718 3.266 0.634 0.632
Huffman (k = 5) 3.705 0.673 0.645 3.872 0.710 0.664 3.932 0.602 0.593
Patient-Huffman (δ = 1.0) 1.125 0.588 0.578 0.809 0.559 0.542 0.988 0.528 0.552
Patient-Huffman (δ = 1.5) 1.711 0.654 0.683 1.460 0.674 0.683 1.668 0.589 0.581
Patient-Huffman (δ = 2.0) 2.129 0.722 0.714 1.905 0.725 0.726 2.201 0.650 0.661
Arithmetic (h = 100) 4.224 0.601 0.582 4.412 0.630 0.608 4.308 0.547 0.554
Arithmetic (h = 200) 4.651 0.565 0.556 4.908 0.594 0.559 4.805 0.537 0.561
Arithmetic (h = 300) 4.903 0.571 0.562 5.127 0.558 0.566 4.942 0.532 0.534

ADG 5.147 0.548 0.544 5.650 0.543 0.519 5.411 0.496 0.497

Table 3: Statistics of the preprocessed datasets.

DATASET |Σ| |TRAINING| |TEST|
Movie 37,800 1,002,609 111,402
News 50,178 1,461,567 162,397
Tweet 30,152 1,572,599 174,734

ganalysis is the technology used by Eve to de-
tect hidden information in stegocarriers, which is
the opposite direction of steganography. In our
experiment, we employed linguistic steganalysis
approaches based on Fasttext (Yang et al., 2019)
(Acc1) and TextCNN (Yang et al., 2020b) (Acc2).
We took stegotext as positive samples and cover-
text as negative samples. We conducted 10-fold
cross validation and reported the average accuracy.
Closer to 50% is better.

Effective Embedding Rate: It is a new metric
we proposed to evaluate the comprehensive perfor-
mance of steganographic algorithms. It is defined
to be calculated by

EER = 2× (1−Acc)× ER, (9)

meaning that if the stegotext has a certain prob-
ability of being detected, the average amount of
secret information actually transmitted should be
discounted accordingly. For mathematical rigor-
ousness and completeness, ifAcc < 0.5, we assign
1−Acc to Acc. In extreme cases where the stego-
carriers are completely natural, the detection accu-
racy should be 50% and EER is equal to ER. On

the contrary, stegocarriers with 100% detection ac-
curacy cannot carry a single bit. We calculated this
metric with the accuracy results obtained by the
two aforementioned steganalysis method (EER1,
EER2). Higher is better and the unit is bpp.

5.5 Results and Analysis

The results of KLD1 and KLD2 are listed in Table 1.
KLD1 measures the distortion between q and pLM ,
which is introduced by the embedding algorithm
ADG. KLD2 estimates the overall information-
theoretic security that also considers the deviation
of language models. In terms of KLD1, we found
that the proposed method ADG outperforms all
baselines and it is very close to the optimal value
0 (stochastic sampling), which means generating
stegotext by ADG is almost equivalent to normal
generation with the language models. The results
of KLD2 are also advantageous, indicating that the
generated stegotext is statistically consistent with
the covertext. We noticed that some baselines can
also perform well on KLD2 (e.g. Patient-Huffman
(δ = 1.0)). However, they have a crucial flaw in
embedding capacity.

Table 2 demonstrates the results of anti-
steganalysis, where we found the tendency co-
heres with that of KLD1 and KLD2. The proposed
method ADG outperforms all baselines on the three
corpora and it is very close to the optimal value 0.5,
which further confirms its imperceptibility. Be-
sides, we also illustrated some examples of stego-
text generated by ADG in Table 5 for qualitative
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Table 4: Results of ER, EER1 and EER2.

METHOD Movie News Tweet
↑ER ↑EER1 ↑EER2 ↑ER ↑EER1 ↑EER2 ↑ER ↑EER1 ↑EER2

Bins (b = 1) 1.000 0.254 0.292 1.000 0.226 0.287 1.000 0.425 0.373
Bins (b = 2) 2.000 0.752 0.794 2.000 0.582 0.680 2.000 1.044 0.988
Bins (b = 3) 3.000 1.137 1.266 3.000 0.999 1.089 3.000 1.683 1.605
Bins (b = 4) 4.000 1.396 1.344 4.000 1.252 1.180 4.000 2.020 1.924
Bins (b = 5) 5.000 1.245 1.280 5.000 1.230 1.180 5.000 2.500 2.135
Huffman (k = 1) 1.000 0.218 0.219 1.000 0.219 0.231 1.000 0.430 0.387
Huffman (k = 2) 1.824 0.593 0.600 1.824 0.546 0.635 1.841 0.924 0.893
Huffman (k = 3) 2.509 1.024 1.202 2.518 0.927 1.083 2.595 1.638 1.549
Huffman (k = 4) 3.145 1.809 1.950 3.224 1.496 1.821 3.266 2.387 2.404
Huffman (k = 5) 3.705 2.427 2.627 3.872 2.249 2.602 3.932 3.133 3.200
Patient-Huffman (δ = 1.0) 1.125 0.927 0.949 0.809 0.713 0.740 0.988 0.933 0.886
Patient-Huffman (δ = 1.5) 1.711 1.182 1.083 1.460 0.952 0.925 1.668 1.369 1.400
Patient-Huffman (δ = 2.0) 2.129 1.184 1.220 1.905 1.050 1.044 2.201 1.541 1.490
Arithmetic (h = 100) 4.224 3.371 3.527 4.412 3.269 3.459 4.308 3.908 3.843
Arithmetic (h = 200) 4.651 4.051 4.125 4.908 3.981 4.324 4.805 4.449 4.219
Arithmetic (h = 300) 4.903 4.207 4.290 5.127 4.532 4.450 4.942 4.630 4.606

ADG 5.147 4.648 4.699 5.650 5.164 5.435 5.411 5.373 5.384

Table 5: Examples of stegotext generated by ADG on the three corpora.

Movie

The supporting cast was also excellent.
But I guess you ’ve seen the many silent movies along with his other films.
And this movie was a precursor of val kilmer in the extreme.
It ’s a unique wonderful movie that deserves all the recognition it deserved.
This is the worst movie I have ever seen.

News

The FBI estimated its total wealth on Thursday.
Remember this is in part because of the actual policies of Donald Trump.
He said he did not care about any counterintelligence investigation.
Today however the process could not change even if he doesnt agree with Trumps rhetoric.
More than 100 000 people have been detained and another 30 000 civilians have been wounded early on Sunday.

Tweet

Worst headache everrrr I dunno why but it was so scary.
I had a blast today in the MTV Movie Awards.
Ahhh some brothers do n’t play sports!
Sadly you will be missing so much.
I do n’t think the peach ice cream last night was good.

study. We found that the stegotext is fluent enough,
with correct grammar and coherent semantics.

Finally, taking both embedding capacity and im-
perceptibility into account, we investigated effec-
tive embedding rate listed in Table 4. It can be
concluded that our method has excellent compre-
hensive performance, which outperforms all base-
lines. In general, the experimental results indicate
that the proposed method ADG is able to resist
both perceptual and statistical steganalysis of Eve,
meanwhile ensure a remarkable embedding rate,
which reveals its effectiveness.

6 Conclusion

Previous works of generative linguistic steganog-
raphy inevitably introduce distortions to the distri-
bution estimated by off-the-shelf language models.
In this paper, we attempted to achieve provably se-

cure generative linguistic steganography during the
procedure of stegotext generation. We proposed
ADG, which embeds secret information by adap-
tive dynamic grouping. According to the mathe-
matical proof and extensive experiments conducted
on three public corpora, we found that the pro-
posed method is provably secure and capable of
generating fluent stegotext with high embedding
capacity and high imperceptibility. We hope our in-
vestigation of provably secure generative linguistic
steganography can be leveraged as a building block
for future research.
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Abstract

Commonsense generation is a challenging task
of generating a plausible sentence describing
an everyday scenario using provided concepts.
Its requirement of reasoning over common-
sense knowledge and compositional general-
ization ability even puzzles strong pre-trained
language generation models. We propose a
novel framework using retrieval methods to
enhance both the pre-training and fine-tuning
for commonsense generation. We retrieve pro-
totype sentence candidates by concept match-
ing and use them as auxiliary input. For fine-
tuning, we further boost its performance with
a trainable sentence retriever. We demonstrate
experimentally on the large-scale Common-
Gen benchmark that our approach achieves
new state-of-the-art results.1

1 Introduction

The understanding of commonsense knowledge in
human language has been acknowledged as a crit-
ical component for artificial intelligence systems.
In recent years, many new tasks and datasets are
proposed to assess NLP model’s ability of common-
sense reasoning (Yu et al., 2020). SWAG (Zellers
et al., 2018) is a task of inferring the upcoming
event based on a partial description using common-
sense. CommonsenseQA (Talmor et al., 2019) is
a commonsense question answering dataset built
from ConceptNet. Recently, Lin et al. (2020) pro-
pose CommonGen, a new challenge for evaluating
model’s ability of generative commonsense reason-
ing.

CommonGen requires the system to construct
a plausible sentence based on several concepts re-
lated to an everyday scenario. Two examples for

∗Work done during internship at Microsoft.
1The code and data are available at https://github.

com/HanNight/RE-T5

Concept Set #1:
dog, frisbee, catch, throw
Gold Target Sentences:
A dog leaps to catch a thrown frisbee.
The dog catches the frisbee when the boy throws it.
A man throws away his dog ’s favorite frisbee expecting him
to catch it in the air.

Concept Set #2:
lake, shore, canoe
Gold Target Sentences:
Canoe on a shore of lake.
Canoe on shore with rainbow across the lake.
Several canoes parked in the grass on the shore of a lake.

Table 1: Two concept sets and their gold corresponding
sentences from CommonGen dataset.

this task are shown in Table 1. The task is challeng-
ing because the system needs to organize provided
concepts into the most plausible scenario, avoid
violation of commonsense, and ensure the gener-
ated sentence is grammatically correct. Existing
approaches fine-tune pre-trained encoder-decoder
models for description construction with concate-
nated concepts as input.

Fan et al. (2020) propose a retrieve-and-
generation method for commonsense generation
which uses a prototype candidate sentence as auxil-
iary input. However, their retriever is non-trainable
and only works for the fine-tuning process. In this
work, we extend this idea and propose a novel
framework for commonsense generation by us-
ing retrieval method for enhancing both the pre-
training and fine-tuning stages. Furthermore, we
design a trainable prototype sentence retriever to
further boost generation performance.

We conduct experiments on CommonGen (Lin
et al., 2020) benchmark dataset. It contains 35,141
concept sets and 79,051 corresponding sentences.
Each concept set is mapped to multiple correspond-
ing sentences. Without any model modification or
complex fusion of knowledge graphs, our approach
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Figure 1: The overall framework of Retrieved En-
hanced Model for Commonsense Generation.

achieves new state-of-the-art results on Common-
Gen on several metrics, including BLEU, CIDEr
and SPICE.

2 Method

We frame CommonGen challenge as a sequence-
to-sequence task and adopt T5 (Raffel et al., 2020),
a powerful pre-trained encoder-decoder model, as
our base model. Fan et al. (2020) find concepts-
related sentences in external corpora can benefit re-
lational reasoning for CommonGen. We extend this
idea by proposing retrieval-enhanced T5 (RE-T5)
which equips original T5 with a trainable retriever
for selecting prototype sentences based on given
concepts. Meanwhile, referring to (Zhou et al.,
2021), we design a pre-training task for Common-
Gen which continue to pre-train RE-T5 on pseudo
concept sets extracted from external corpora. We
also use a retriever in this pre-training stage.

Formally, given a concept set X =
{x1, x2, . . . , xn}, where xi represents the i-
th concept and n is the number of concepts, our
goal is to generate a natural language output of
tokens Y = {y1, y2, . . . , ym}, which describes a
common scenario in our daily life, using all given
concepts in X .

2.1 Retrieval

Since external corpora have lots of scenario knowl-
edge to describe the relationship between con-
cepts (Fan et al., 2020), we retrieve sentences re-
lated to input concepts to help the model perform
better commonsense reasoning. First, given an in-
put concept set, we extract all sentences from exter-
nal corpora that contain at least two concepts in the
input X as candidate set Z . Then, we design two
retrieval models, matching retriever and trainable
retriever, to further retrieve k prototype sentences
Z = {z1, z2, . . . , zk}, Z ⊆ Z as auxiliary input
context for RE-T5.

Matching Retriever The matching retriever first
orders candidate sentences by the number of con-
tained concepts. Then it simply samples k sen-
tences starting from sentences that contained the
most concepts as the auxiliary input.

Trainable Retriever In order to retrieve more
useful sentences from the sentence candidate set,
we design a trainable retriever, which predicts
scores to rank these candidates, and then select
top-k sentences as additional context. The scorer
is built based on BERT (Devlin et al., 2019), a
pre-trained language model usually used for lan-
guage understanding. Given a concept set X and a
candidate sentence zi, our trainable retriever first
concatenate them into a text input:

[CLS]X[SEP]zi[SEP]

where [CLS] and [SEP] are special symbols in
BERT.

We pass this into BERT, which generates an
output vector for each input token. We take the
output vector corresponding to [CLS] which is
used as the aggregated representation of the input
sequence (denoted c ) into a linear layer with sig-
moid activation to obtain the binary classification
output yc.

yc = σ(W cc+ bc) (1)

whereW c is a projection matrix and bc is a bias.
To train this retriever, for each concept set in

CommonGen training set, we use its paired sen-
tence as a positive example and we randomly sam-
ple another sentence, also from the training set, as
a negative example. Then, we adopt cross entropy
loss for this binary classification. The top-k scored
sentences with the highest scores will be selected
as the auxiliary input Z.
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Model BLEU-4 CIDEr SPICE SPICE(v1.0)
GPT-2 (Radford et al., 2019) 26.833 12.187 23.567 25.90
BERT-Gen (Bao et al., 2020) 23.468 12.606 24.822 27.30
UniLM (Dong et al., 2019) 30.616 14.889 27.429 30.20
BART (Lewis et al., 2020) 31.827 13.976 27.995 30.60
T5-base (Raffel et al., 2020) 18.546 9.399 19.871 22.00
T5-large (Raffel et al., 2020) 31.962 15.128 28.855 31.60
EKI-BART (Fan et al., 2020) 35.945 16.999 29.583 32.40
KG-BART (Liu et al., 2021) 33.867 16.927 29.634 32.70
CALM(T5-base) (Zhou et al., 2021) - - - 33.00
RE-T5 (ours) 40.863 17.663 31.079 34.30

Table 2: Test results on CommonGen benchmark. All results except CALM are based on the latest human
references(v1.1). v1.0 indicates evaluation with old evaluation protocol.2

We will describe how these two retrievers are
used in CommonGen pre-training and fine-tuning
stages.

2.2 Pre-training
To enhance model’s ability of commonsense rea-
soning, we design a pre-training task for RE-T5
which is similar to original CommonGen task. In
more details, given a sentence from external cor-
pora, we first use spaCy (Honnibal et al., 2020) to
tag the sentences with part-of-speech and extract
Verb, Noun and Proper Nouns as pseudo concept
phrases. We then only keep phrases in Concept-
Net (Speer et al., 2017) and remove concept-sets
that appear in CommonGen’s testset. We use the
original sentence as the target sentence, and con-
structs a pre-training task of using RE-T5 to gener-
ate this sentence given pseudo concepts.

Due to the extraction method for pseudo con-
cepts, when retrieving prototype sentences, for
each concept set in pre-training data, we have a
large candidate set Z with an excessive number of
candidate sentences. This leads to a long inference
time for using the trainable retriever. Thus, due to
speed consideration and also to introduce a degree
of randomness into pre-training, we use the match-
ing retriever to retrieve k sentences as auxiliary
input Z.

After retrieval, RE-T5 takes the concatenation
of input concepts and retrieved prototype sentences
as input, and the original sentence as output.

2.3 Fine-tuning
At fine-tuning stage, we use trainable retriever to
score sentences from candidate set Z and select
top k sentence as additional context Z. Similar
to pre-training, RE-T5 takes the concatenation of

input concepts and retrieved prototype sentences
as input, and the original sentence as output.

3 Experiments
3.1 Experiments Settings

Dataset CommonGen is a benchmark dataset de-
signed to diagnose whether a model has the ability
of generative commonsense reasoning (Lin et al.,
2020). This dataset contains 32,651/993/1,497
concept sets for training/development/test, and
the numbers of corresponding sentences are
67,389/4,018/7,644. We use BLEU (Papineni et al.,
2002), ROUGE (Lin, 2004), METEOR (Banerjee
and Lavie, 2005), CIDEr (Vedantam et al., 2015)
and SPICE (Anderson et al., 2016) as evaluation
metrics. Because SPICE correlates the most with
human evaluation (Lin et al., 2020), we take SPICE
as the primary metric.

External Corpora To be consistent with the
distribution of the CommonGen dataset, we use
VATEX (Wang et al., 2019), Activity (Krishna
et al., 2017), SNLI (Bowman et al., 2015) and
MNLI (Williams et al., 2018) as external corpora.
We sample 500k sentences from these corpora
to construct our pre-training dataset. Meanwhile,
these datasets are also used as our sentence pool for
the retrieval module. For both the pre-training and
fine-tuning, all sentences that appear in the Com-
monGen targets are not used as retrieval sentences
candidates.

Baselines We compare RE-T5 with several base-
line systems. GPT-2, BERT-Gen, UniLM, BART,
and T5 are pre-trained language models tested in

2https://inklab.usc.edu/CommonGen/
leaderboard.html
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Concept Set:
trailer shirt side sit road
T5:
A man sits on the side of a trailer and a shirt.
Matching Retriever:
(1)Two guys in red shirts are sitting on chairs, by the side of the road, behind that open trailer.
(2)Two men, one wearing a straw cone hat, blue shirt, talking with a guy in a tan sunhat, red
plaid shirt, both with baskets in front of them, sitting on the side of a dirt road.
(3)An older guy with a tan shirt and hat sitting on the side of a road with bricks all around him
and a small green bowl on the side.
RE-T5(matching retriever):
a man in a tan shirt sits on the side of a road.
Trainable Retriever:
(1)Two guys in red shirts are sitting on chairs, by the side of the road, behind that open trailer.
(2)Teenagers in matching shirts stand at the side of the road holding trash bags.
(3)A man in a white shirt and black pants standing at the side or the road.
RE-T5(trainable retriever):
a man in a white shirt and black pants sits on the side of a trailer on the road.

Table 3: An example of sentences retrieved by different retrievers and sentences generated based on them.

(Lin et al., 2020). They are all fine-tuned on Com-
monGen training set with concatenated concepts
as input and description sentence as output. EKI-
BART (Fan et al., 2020) is a retrieve-and-generate
framework for CommonGen, where they use a sim-
ple retriever to enhance pre-trained BART (Lewis
et al., 2020). KG-BART (Liu et al., 2021) aug-
ment BART with Knowledge Graph on both the
encoder and decoder side and continue to pre-train
BART with a masked concept token generation
task. CALM (Zhou et al., 2021) designs several
self-supervised strategies encouraging model to fo-
cus on concept-centric information.

Implementation Details We adopt the T5-base
as the generation model and BERT-base as the train-
able retriever in fine-tuning. We use the Hugging-
face Transformer (Wolf et al., 2020) for model im-
plementation. For pre-training phase, we use the
AdamW optimizer (Loshchilov and Hutter, 2019)
with an initial learning rate of 2e-6, weight decay
0.01, adam epsilon 1e-6, and a warmup fraction
of 0.01. The model is pre-trained for 3 epochs,
with batch size of 16, and gradient accumulation
of 4 batches. For fine-tuning, the models are opti-
mized using AdamW with an initial learning rate
of 5e-5, batch size 64, gradient accumulation 3 and
warmup fraction 0.01, and trained for 20 epochs.
Meanwhile, the BERT-base scorer is optimized us-
ing AdamW optimizer with an initial learning rate
2e-5, batch size 64, and the model is trained for 3
epochs. For the number of the retrieved sentences
k, we experimentally choose 3. All experiments
are conducted using 4 V100 with 32 GB memory.

Model SPICE
Retrieve (only) 29.60
T5 30.803

T5 + MR 33.60
T5 + MR + pretrain 33.90
RE-T5 (T5 + TR + pretrain) 34.30

Table 4: Ablation results on the test set of Common-
Gen with T5-base as a backbone model. Note that MR
denotes Matching Retriever and TR denotes Trainable
Retriever.

3.2 Results

Table 2 shows results of different approaches on
the CommonGen testset. RE-T5 outperforms all
previous approaches by a large margin in all met-
rics and sets a new state of the art. RE-T5 com-
bines the generation flexibility of pre-trained lan-
guage models with the interpretability and modu-
larity of a retrieval-based approach. Unlike EKI-
BART (Fan et al., 2020) and KG-BART (Liu et al.,
2021), RE-T5 enjoys strong results without model
architecture modification. It is worth noting that
although T5-base baseline does not perform as well
as BART (Lewis et al., 2020) baseline, our method
still outperforms the two improved BART-based
methods mentioned above. RE-T5 demonstrates
that for state-of-the-art performance, neither model
modification nor complex fusion of knowledge
graphs is necessary, only a simple and effective
trainable retriever is needed.

3This is our reproduced result of T5-base. The difference
from the result on the leaderboard is also observed in other
papers (Zhou et al., 2021; Fan et al., 2020).
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Ablation Study We conduct ablation experi-
ments as shown in Table 4. First, we can see that
RE-T5 model outperforms the backbone T5 model
by a large margin in all metrics, with 3.5 improve-
ment in the main metric SPICE. The second line of
Table 4 shows that, although large-scale pre-trained
language models have been shown to learn and
store a substantial amount of the world knowledge
implicitly from the massive text corpora (Petroni
et al., 2019), the retrieved sentences from external
corpora can still explicitly expose lots of scenario
knowledge to describe the relationship between
concepts. The third line indicates that further pre-
training with data augmentation is helpful to im-
prove the performance of the model. In addition,
the last line demonstrates that a trainable scorer can
capture more helpful knowledge for the model for
commonsense generation.

Example Analysis Through the example in Ta-
ble 3, we can observe that the baseline model T5
generates a sentence without concept ”road”, and
the juxtaposition between ”trailer” and ”shirt” in
this sentence is not in line with common sense. For
both matching retriever and trainable retriever, the
retrieved sentences remind the model not to forget
the concept ”road”, in addition to providing the
relationship between shirt and person. Since match-
ing retriever randomly retrieves sentences based on
the number of concepts they contain, it tends to re-
trieve longer sentences to contain as many concepts
as possible, which may confuse the model and thus
ignore some concepts, for example, the sentence
generated by RE-T5 (matching retriever) in this
example is missing the concept ”trailer”. RE-T5
(trainable retriever) can solve the above problems
and generate a sentence that is fluent and in line
with common sense.

4 Conclusions

In this paper, we empirically investigated RE-T5,
which utilizes a trainable retriever to retrieve sen-
tences from external corpora to enhance the gen-
erative commonsense reasoning capability of pre-
trained language models, such as T5. The state-of-
the-art result achieved by RE-T5 on CommonGen
benchmark demonstrates that a simple yet effec-
tive trainable retriever can be a useful addition to
pre-trained language models for commonsense gen-
eration. For future work, we would like to explore
the possibility of extending this simple and effec-
tive retrieval-based method to more tasks. In ad-

dition, we will also try training a more advanced
retrieval model to further improve the performance
of commonsense generation.
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Abstract

Recently, Text-to-SQL for multi-turn dialogue
has attracted great interest. Here, the user
input of the current turn is parsed into the
corresponding SQL query of the appropriate
database, given all previous dialogue history.
Current approaches mostly employ end-to-end
models and consequently face two challenges.
First, dialogue history modeling and Text-to-
SQL parsing are implicitly combined, hence
it is hard to carry out interpretable analysis
and obtain targeted improvement. Second,
SQL annotation of multi-turn dialogue is very
expensive, leading to training data sparsity.
In this paper, we propose a novel decoupled
multi-turn Text-to-SQL framework, where an
utterance rewrite model first explicitly solves
completion of dialogue context, and then a
single-turn Text-to-SQL parser follows. A
dual learning approach is also proposed for
the utterance rewrite model to address the data
sparsity problem. Compared with end-to-end
approaches, the proposed decoupled method
can achieve excellent performance without any
annotated in-domain data. With just a few an-
notated rewrite cases, the decoupled method
outperforms the released state-of-the-art end-
to-end models on both SParC and CoSQL
datasets.

1 Introduction

Text-to-SQL has lately become an interesting re-
search topic along with the high demand to query
a database using natural language (NL). Standard
large database format can only be accessed with
Structured Query Language (SQL), which requires
certain special knowledge from users, hence low-
ering the accessibility of these databases. Text-to-
SQL tasks, however, greatly minimize this gap and
allow the query based on NL. Previous work on

∗The corresponding authors are Lu Chen and Kai Yu.

Show the treatment details.

Utterances Semantic-Completion Utterances

Show the treatment details.

Show the treatment details ordered 
the cost in ascending order.

Order the cost in ascending order .

Ellipsis

Show the treatment details ordered 
the cost in descending order.

What about in descending order?

SELECT cost_of_treatment FROM Treatments 
ORDER BY cost_of_treatment DESC Ellipsis

Which treatment is the most recent 
cost?

Which one is the most recent cost?

SELECT cost_of_treatment FROM Treatments 
ORDER BY date_of_treatment DESC LIMIT 1 Co-reference

SELECT cost_of_treatment FROM Treatments 
ORDER BY cost_of_treatment ASC

SELECT * FROM Treatments

Figure 1: An example to demonstrate the co-reference
and ellipsis phenomenon in a conversation, where the
right column shows the annotated semantic-completion
utterances.

Text-to-SQL mostly focuses on single-turn utter-
ance inference, evaluated on context-independent
Text-to-SQL benchmarks. Nevertheless, in prac-
tice, the users usually need to interact with the
Text-to-SQL system step-by-step to address their
query purpose clearly. Under such conversation
scenarios, the co-reference and information ellipses
are always present, shown in Figure 1. Recently
proposed methods are mostly end-to-end, which
endeavors to design a suitable model to encode the
dialogue context and infer the corresponding SQL
based on the whole dialogue context. The main lim-
itation of the end-to-end multi-turn Text-to-SQL
models lies in their extreme reliance on annotated
multi-turn Text-to-SQL data. The large-scale multi-
turn Text-to-SQL data is time-consuming and ex-
pensive. The annotators not only need to be SQL
experts but also have to infer the complete and
exact query intent of the latest utterance of the
speaker.

Different from previous end-to-end approaches,
we propose a DEcoupled muLti-Turn pArsing
(DELTA) framework, which decouples the multi-
turn Text-to-SQL into two subsequent pipeline
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tasks: utterance rewrite and single-turn Text-to-
SQL. In recent years, these two individual tasks are
both well-studied. The utterance rewrite task aims
to generate the latest semantic-completion question
based on the dialogue context. The single-turn Text-
to-SQL task aims to parse the semantic-completion
question to a SQL, where the state-of-the-art meth-
ods (Shi et al., 2020; Yu et al., 2020b; Chen et al.,
2021; Rubin and Berant, 2021) can achieve over
70% exact match accuracy on Spider (Yu et al.,
2018) (a cross-domain single-turn Text-to-SQL
dataset) and even achieve more than 80% on eas-
ier Text-to-SQL benchmarks (Dahl et al., 1994;
Zhong et al., 2017). However, there is no rewrite
data on the existing multi-turn Text-to-SQL bench-
marks and the existing utterance rewrite datasets
normally pay more attention to the co-reference
problem but ignore the information ellipses. Due
to the limitation of the in-domain annotated rewrite
data, we further propose a dual learning method
to make comprehensive use of the unlabeled multi-
turn data to learn a reliable rewrite model. Our pro-
posed framework DELTA is evaluated on both the
SParC (Yu et al., 2019b) and CoSQL datasets (Yu
et al., 2019a), the two existing large-scale bench-
mark for the multi-turn Text-to-SQL task.

Contributions are highlighted below:

• We propose a decoupled parsing framework
for the multi-turn Text-to-SQL task, whose
annotated data is much easier to collect. Even
without any in-domain multi-turn Text-to-
SQL data, the decoupled parsing method
can achieve encouraging results on multi-turn
Text-to-SQL benchmarks.

• The decoupled framework includes an utter-
ance rewrite model which is adapted from the
pretrained BART (Lewis et al., 2020), with
a newly implemented dual learning method
to make comprehensive use of the unlabeled
multi-turn data. Our adapted rewrite model
achieves new state-of-the-art performance on
the utterance rewrite benchmarks.

• With fully labeled multi-turn Text-to-SQL
data, our decouple parsing method outper-
forms all the released end-to-end multi-turn
Text-to-SQL model.

2 Decoupled Parsing Framework

In this section, we elaborate our decoupled parsing
framework, which consists of two phases: 1) an

utterance rewrite model (Section 2.1), to generate
semantic-completion question based on the dia-
logue context; 2) a single-turn Text-to-SQL parser
(Section 2.2), which is fed with the rewritten ques-
tion to predict the corresponding SQL query. To
further improve the rewrite model performance,
we propose a dual learning method to make use
of large-scale unlabeled data, which is detailed in
Section 3.

2.1 Phase-I: BART as Rewrite Model
We leverage the pretrained BART (Lewis et al.,
2020), which is a Transformer-based encoder-
decoder architecture, as the utterance rewrite model.
This idea is inspired by its success on the text gen-
eration tasks, including question answering and
summarization. Along with the success of pre-
trained language models, the Transformer architec-
ture has been widely applied in natural language
process (NLP) tasks. Transformer aims to encode a
sequenceX = [xi]

n
i=1 with the self-attention mech-

anism (Vaswani et al., 2017). Assume that [x
(l)
i ]ni=1

is the representation of the sequence X at (l)-th
Transformer layer. The next Transformer takes the
following operations with H attention heads:

α
(h)
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))
, (1)

where h is the head index, dz is the hidden dimen-
sion, α(h)

ij is attention probability,
f

denotes the
concatenation operation, LN(·) is layer normaliza-
tion (Ba et al., 2016) and FFN(·) is a feed-forward
network consists of two linear transformations.

Similar to other large-scale pretrained language
models, BART also uses a standard Transformer-
based sequence-to-sequence architecture, where
the encoder is the bidirectional Transformer and
the decoder is the auto-regressive Transformer.
BART’s pretraining method reconstructs the orig-
inal text from its corrupted text. In its essence,
BART is a denoising autoencoder, which is appli-
cable to a very wide range of NLP tasks. In our
utterance rewrite task, both the co-reference and in-
formation ellipses can be regarded as the corrupted
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noise of an utterance. Based on this idea, BART
can be an appropriate method to denoise the co-
reference and information ellipses. In addition, the
rewrite data in the public multi-turn Text-to-SQL
benchmarks are lacking. Therefore, we propose
a dual learning method to learn a reliable rewrite
model with large-scale unlabeled dialogue data.
The details are introduced in Section 3.

2.2 Phase-II: RATSQL as Parsing Model
Given a natural language question and a schema
for a relational database, the goal of Text-to-SQL
parser is to generate the corresponding SQL query.
Regarding the single-turn Text-to-SQL parsing
model, we directly use the current state-of-the-art
RATSQL model (Wang et al., 2020). RATSQL
provides a unified framework, which is based on
a relation-aware Transformer (RAT), to encode
the question and the corresponding schema. The
relation-aware Transformer is an important exten-
sion to the traditional transformer, which takes
the input sequence as a labeled, directed, fully-
connected graph. The pairwise relations between
input elements are considered in RAT. RAT incor-
porates the relation information in Equation 1. The
edge from element xi to element xj is represented
by vector rij , which is represented as biases incor-
porated in the Transformer layer, as follows:

α
(h)
ij = softmax

j
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(l)
i W

(h)
Q

(
x
(l)
j W

(h)
K + rij
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√
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 ,

zi =
Hn

h=1

n∑

j=1

α
(h)
ij

(
x
(l)
j W

(h)
V + rij

)
.

The relations among the Text-to-SQL input ele-
ments can be categorized into three types: intra-
question, question-schema, and intra-schema. The
intra-question relation means both tokens are the el-
ements of the question. The question-schema rela-
tions are normally named by schema linking, which
is used to represent the matching degree between
the question token and the schema token. The intra-
schema relations include the relation types of the
relational database: primary key, foreign key, etc.
However, these relations within the input elements
are independent of the domain information of the
database. Incorporating the domain-independent
relations into the representation of the Text-to-SQL
input is thus beneficial to the Text-to-SQL parser
generation.

During decoding, the SQL query is first repre-
sented as an abstract syntax tree (AST) follow-
ing a well-designed grammar. Followed by that,
the AST is flattened as a sequence by the deep-
first search (DFS) method. RATSQL uses the
LSTM to generate the flattened AST sequence.
The generated actions defined by the grammar has
two structures: (1) it expands the last generated
node into a grammar rule, called APPLYRULE or
when completing a leaf node; (2) alternatively, it
selects a column/table from the schema, called
SELECTCOLUMN and SELECTTABLE.

3 Dual Learning for Utterance Rewrite

Due to the limitation of the in-domain annotated
rewrite data, we propose a semi-supervised learn-
ing method via dual learning to make full use of the
unlabeled multi-turn data to learn a reliable rewrite
model. In this section, we first introduce the pri-
mal and dual tasks of the utterance rewrite. We
then demonstrate the dual learning algorithm for
utterance rewrite in detail, where a large amount
of unlabeled utterance rewrite data participate in
optimizing the primal and dual models under the
dual learning framework.

3.1 Primal and Dual Tasks

In a conversation scenario, the co-reference and in-
formation ellipses are always present in the user’s
expressions (Androutsopoulos et al., 1995). Re-
cently, Liu et al. (2020a) make a significant step to
analyze the co-reference and ellipsis phenomenon
at the fine-grained level. Co-reference has been
divided into five types according to the existing pro-
noun: Bridging Anaphora, Definite Noun Phrases,
One Anaphora, Demonstrative Pronoun, and Pos-
sessive Determiner. Ellipsis has been character-
ized by its intention: Continuation and Substitution.
where the substitution can be further classified into
4 types: explicit vs. implicit and schema vs. opera-
tor. The detailed introduction of these fine-grained
types refers to (Liu et al., 2020a).

The primal task aims to denoise the above co-
reference and ellipsis and generate a semantic-
completion utterance c(t) = [c(t,i)]ni=1 based on
the utterance x(t) = [x(t,i)]mi=1 at the t-th turn and
the dialogue history h = [x(j)]t−1j=1. We directly use
the pretrained BART as the rewrite model (named
rewriter). We further concatenate the dialogue
history and the latest utterance as the input of the
rewriter, where they are separated by the special
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Encoder
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Decoder
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Sampled from 
Beam Search
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Reward
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Figure 2: The dual learning architecture of the utterance rewrite task. Rewriter and Simplifier represent the dual
models: rewrite model and simplification model. Both two models are initiated by pretrained BART. During the
dual learning closed-loop game, two models are updated by policy gradient loss (Lpg) and cross-entropy loss (Lce).

token “</s>”. The dual task is to generate a sim-
plified expression based on the latest utterance and
the dialogue history. The simplified expression con-
tains the above co-reference and ellipsis as more
as possible without changing the original semantic
meaning of the dialogue. Similar to the rewriter,
we use the pretrained BART as the initial simplifi-
cation model (named simplifier).

3.2 Dual Learning Algorithm

Under the dual learning framework, the dual mod-
els can be regarded as two agents in a closed-loop
game. The game starts with one of the dual agents.
The output of the start agent will be scored by an ex-
ternal reward function. Since the reward feedback
is non-differentiable, the start agent is optimized
by the policy gradient method (Sutton et al., 1999).
The end agent is fed with the output of the start
agent, where the end agent aims to reconstruct the
initial input of the start agent. Thus, the end agent
can be optimized by maximum likelihood estima-
tion (MLE). Before deep-diving into the dual learn-
ing algorithm, we first introduce the definitions of
the dual framework for the utterance rewrite.

3.2.1 Definition
Suppose we have unlabeled dialogue data Du =
{(x(t);h)}. There are two dual models: rewriter
with parameter Θc and simplifier with parameter
Θs. Two language models (LMc(·) and LMs(·))
are used to evaluate the quality of the generated

utterances by rewriter and simplifier respectively.
Both two language models are fine-tuned from
GPT-2 model (Radford et al., 2019). LMc(·) is
trained with semantic-completion Spider dataset.
LMs(·) is trained from multi-turn Text-to-SQL
data (SParC and CoSQL), where the utterances
at the first turn are removed. There is an exter-
nal single-turn Text-to-SQL parser RATSQL(·),
which parses a question into a SQL query. Next,
we will introduce the strategy of agent optimization
under dual learning framework.

3.2.2 Loop Starts from Rewriter
As shown in Fig. 2, we sample an unlabeled di-
alogue data (x(t);h) from Du. The rewriter gen-
erates k possible rewritten formats [ĉ

(t)
i ]ki=1 with

beam search mechanism. There are two-level ex-
ternal reward functions to evaluate the quality of
generated ĉ(t)i : token-level reward and sentence-
level reward.
Token-level Reward To reserve the schema infor-
mation of the database mentioned in original utter-
ance x(t), the generated token ĉ(t,j)i will get +0.1
reward at j-th step when it is database-related to-
ken mentioned in x(t). To decrease the co-reference
phenomenon in the rewritten utterance, we punish
the generated pronoun words (e.g., it, their, and so
on) with −0.1. Otherwise, the generated tokens
will get zero points.
Sentence-level Reward We first use the pre-
trained language model LMc(·) to evaluate the
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quality of the rewritten utterance with rLMc =

log(LMc(ĉ
(t)
i ))/len(ĉ

(t)
i ), where len(ĉ

(t)
i ) denotes

the number of the tokens in ĉ(t)i . In practice, the
rewritten utterance ĉ(t)i can be directly evaluated by
the user, who does not need any SQL background.
The user can give an indicated score (0 or 1) to eval-
uate whether ĉ(t)i meets his/her real intent. Instead,
we feed the rewritten utterance ĉ(t)i into Text-to-
SQL parser and get the corresponding SQL query
with q̂ = RATSQL(ĉ

(t)
i ). If q̂ equals to the golden

SQL, we can say the rewritten utterance meets the
user’s intent (ru = 1) and vise versa (ru = 0). The
final sentence-level reward of ĉ(t)i is represented as
rci = rLMc + ru.

For the j-th token in the rewritten utterance
ĉ
(t)
i , its accumulated reward can be represented

as R(t,j)
i = r

(t,j)
i +

∑m
l=j+1 λ

l−jr(t,l)i , where λ is

discount rate, r(t,j)i means the j-th token reward of
the rewritten utterance and the final token reward
equals to the sentence-level reward r(t,m)

i = rci .
The rewriter can be optimized by policy gradient
method as:

Lpg(Θc) = −
k,m∑

i,j=1

R
(t,j)
i log

(
P (ĉ

(t,j)
i |(x(t);h); Θc)

)
.

To force the simplifier to reconstruct the original
input x(t) as similar as possible, the simplifier can
be optimized with maximum likelihood estimation
(MLE) as:

Lce(Θs) = −log
(
P (x(t)|(ĉ(t)i ;h); Θs)

)
.

Noting that x(t) could be a semantic-completion
utterance. It is not reasonable to force the simpli-
fier to reconstruct a semantic-completion utterance.
Thus, we first compare the length of the original
utterance len(x(t)) with the length of the rewritten
one len(ĉ

(t)
i ). Only when len(x(t)) < len(ĉ

(t)
i ), we

optimize the simplifier with MLE.

3.2.3 Loop Starts from Simplifier
As shown in Fig. 2, we also sample an unlabeled
dialogue data (x(t);h) from Du. The simplifier
generates k possible simplified formats [ŝ

(t)
i ]ki=1

with beam search mechanism evaluated by two-
level external reward functions.
Token-level Reward To decrease the schema in-
formation mentioned in original utterance x(t), the
generated token ŝ(t,j)i will get −0.1 punishment at

j-th step when it is database-related token men-
tioned in x(t) and history h. To encourage the
co-reference phenomenon in the simplified utter-
ance, we award the pronoun words with +0.1 re-
ward. Otherwise, the generated tokens will get zero
points.
Sentence-level Reward We only use the pre-
trained language model LMs(·) to evaluate the
quality of the simplified utterance with rLMs =

log(LMs(ŝ
(t)
i ))/len(ŝ

(t)
i ), where len(ŝ

(t)
i ) denotes

the number of the tokens in ŝ(t)i .
For the j-th token in the simplified utterance ŝ(t)i ,

its accumulated reward is represented as R(t,j)
i =

r
(t,j)
i +

∑m
l=j+1 λ

l−jr(t,l)i , where r(t,j)i means the
j-th token reward of the simplified utterance and
the final token reward equals to the sentence-level
reward r(t,m)

i = rLMs. Similar to the first loop in
Section 3.2.2, the simplifier and the rewriter can be
optimized with policy gradient method and MLE
respectively:

Lpg(Θs) = −
k,m∑

i,j=1

R
(t,j)
i log

(
P (ŝ

(t,j)
i |(x(t);h); Θs)

)
,

Lce(Θc) = −log
(
P (x(t)|(ŝ(t)i ;h); Θc)

)
.

Noting that only when len(x(t)) > len(ŝ
(t)
i ), we

optimize the rewriter with MLE.

4 Experiments

Series of experiments are conducted to validate our
proposed utterance rewrite model and the decou-
pled framework. We first validate the pretrained
BART’s performance on the utterance rewrite
benchmarks. Then, the multi-turn Text-to-SQL
with the decoupled parsing method (DELTA) are
experimented on the limited utterance rewrite data.
Finally, we analyze the interpretability of the de-
coupled parsing method through the case study.

4.1 Experimental Setup

Datasets&Metrics Our proposed rewrite model
is validated on two utterance rewrite datasets:
TASK (Quan et al., 2019) and CANARD (Elgo-
hary et al., 2019a). We employ the widely used
automatic metrics BLEU, ROUGE, EM (Exact
Match) and rewrite F-score as our evaluation met-
rics. BLEUn(Bn) and ROUGEn(Rn) are used
to calculate the similarity and the overlapping at
the n-grams level between predictions and golden
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TASK

Models EM B4 F1

GECOR 1† 68.5 83.9 66.1
GECOR 2† 66.2 83.0 66.2

RUN‡ 69.2 85.6 70.6
BART 74.2 89.4 81.2

CANARD

Models B1 B2 B4 R2 RL

Pronoun Sub‡ 60.4 55.3 47.4 63.7 73.9
L-Ptr-Gen‡ 67.2 60.3 50.2 62.9 74.9

RUN‡ 70.5 61.2 49.1 61.2 74.7
BART 84.5 71.3 54.3 71.1 81.7

Table 1: The experimental results on rewrite datasets TASK (left) and CANARD (right). †: results from (Quan
et al., 2019); ‡: results from (Liu et al., 2020b).

Models
SParC CoSQL

Question Match Interaction Match Question Match Interaction Match
Dev. Test Dev. Test Dev. Test Dev. Test

EditSQL (Zhang et al., 2019) 47.2 47.9 29.5 25.3 39.9 40.8 12.3 13.7
RichContext (Liu et al., 2020a) 52.6 - 29.9 - 41.0 - 14.0 -
IGSQL (Cai and Wan, 2020) 50.7 51.2 32.5 29.5 44.1 42.5 15.8 15.0

R2SQL (Hui et al., 2021) 54.1 55.8 35.2 30.8 45.7 46.8 19.5 17.0
DELTA+Dual(ours) 58.6 59.9 35.6 31.8 51.7 50.8 21.5 19.7

Table 2: The question match accuracy and interaction match accuracy on SParC and CoSQL datasets. Since the
test datasets are not public, RichContext has not evaluated by the dataset owner.

ones. EM means the exact match rate, where the
prediction exactly equals to the golden. Rewrite
F-score Fn is calculated on the collection of n-
grams that contain at least one word from the con-
text. Our decoupled parsing method is evaluated
on two multi-turn Text-to-SQL tasks: SParC and
CoSQL. Following (Yu et al., 2019b), with Ques-
tion Match and Interaction Match as the metrics.
Question match means the predicted SQL equals
the golden one for each question, while Interaction
match indicates the predicted SQL queries of all
the questions in an interaction are correct.
Implementation Details Our implementation is
based on PyTorch (Paszke et al., 2019) and Hug-
gingFace’s (Wolf et al., 2020) Transformers library.
We reproduce RATSQL with the same setup pre-
sented in (Wang et al., 2020), where the encoder
consists of eight relation-aware Transformer (RAT)
layers. When fine-tuning the BARTs (rewriter and
simplifier) on the utterance rewrite datasets, we
use the AdamW as the optimizer with the learning
rate 2e-6. At the dual learning and co-training pe-
riod, we set the learning rate as 1e-6. Specifically,
BARTs mentioned above refer to BARTlarge. The
discount rate λ in the dual learning method is 1.

4.2 Experimental Results

4.2.1 BART as Rewrite Model

For the rewrite task, we compared the pretrained
BART with state-of-the-art rewrite models: L-Ptr-

Gen (See et al., 2017), GECOR (Quan et al., 2019),
and RUN (Liu et al., 2020b). Table 1 shows the ex-
perimental results on TASK and CANARD datasets.
As indicated, using the BART as rewrite model
surpasses the best baseline RUN by a large margin
on all the metrics. Even for the most challenging
metric EM, the BART exceeds the previous best
model by 5.0 points on TASK. The BART also ob-
tains a large boost on CANARD, which improves
the state-of-the-art by 4.1 points and 6.8 points on
B4 and RL respectively. The above experimental
results demonstrate the superiority of the BART as
the rewrite model.

4.2.2 DELTA for Decoupled Parsing
Regarding the multi-turn Text-to-SQL task, we
compared the decoupled parsing method with all
the released end-to-end multi-turn Text-to-SQL
models: EditSQL (Zhang et al., 2019), RichCon-
text (Liu et al., 2020a), IGSQL (Cai and Wan,
2020), and R2SQL (Hui et al., 2021).

Since there is no utterance rewrite data on SParC
and CoSQL datasets, we randomly sample 10%
dialogues on these two datasets and annotate them
as the rewrite in-domain data. There are 741 anno-
tated turns and 695 annotated turns on SParC and
CoSQL respectively. At the Phase-I, we first use
the rewrite in-domain data to warm-up the rewrite
model and simplification model, where their en-
coders share the parameters inspired by (Lample
et al., 2018). Then, we use the rest of 90% di-
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Precedent Question Current Question Rewritten Question Predicted SQL Status

how many people
live in asia ?

what about the largest
gnp among them ?

how many people live
what is the country
in asia that is the
largest gnp among
them ?

SELECT country.Population
FROM country WHERE
country.Continent= ’value’
ORDER BY country.GNP
ESC LIMIT 1

Fail
in Phase-I

which students have
pets ?

what are the different
first names ?

what are the different
first names of the
students that have pets ?

SELECT Student.Fname
FROM Student JOIN
Has pet ON Student.stuid
= Has pet.stuid

Fail
in Phase-II

what flights land
in aberdeen ?

also include flights that
land in abilene .

what flights land in
aberdeen or abilene ?

SELECT * FROM flights
JOIN airports WHERE
airports.City = ’value’
OR airports.City = ’value’

Success

Table 3: Three instances parsed by our proposed decoupled parsing method with rewritten utterance and final
predicted SQL query. The red means that the error happens. The green is modified by us.

Variants SParC
QM IM

(0) DELTA + Dual 58.6 35.6
(1) DELTA + Co-training 57.2 33.6
(2) - Dual 55.5 31.7
(3) - parsing in-domain data 54.7 31.5
(4) - rewrite in-domain data 42.1 14.4
(5) - rewriter 34.5 7.1

Table 4: The ablations of our proposed decoupled pars-
ing framework. Since the test dataset of the SParC is
not released, we report all the performances on its de-
velopment. QM: question match accuracy; IM: interac-
tion match accuracy.

alogues as unlabeled data to further improve the
rewrite model with the dual learning method, de-
tailed in Section 3. At the Phase-II, we first use the
single-turn Text-to-SQL data (Spider) to warm-up
the RATSQL parser. Since there is an annotation
gap1 between Spider and multi-turn Text-to-SQL
datasets, we use the annotated Text-to-SQL data on
the SParC and CoSQL to fine-tune the pretrained
RATSQL parser, where the multi-turn dialogue
data are rewritten as single-turn data by the rewrite
model trained in Phase-I. Table 2 shows that our
proposed decoupled framework (DELTA+Dual)
gets a considerable performance boost on SParC
and CoSQL datasets.

4.2.3 Ablation Study
We conducted an ablation study to analyze the
contribution of our proposed decoupled parsing

1For example, “Tell me how many rooms cost more than
120, for each different decor.” is annotated as “SELECT decor,
count(*) FROM Rooms WHERE basePrice > 120 GROUP
BY decor” in SParC. It is tend to be annotated as “SELECT
count(*) FROM Rooms WHERE basePrice > 120 GROUP
BY decor” in Spider.

framework on the SParC dataset. To compare
with our proposed dual learning method on rewrite
task, we examined another semi-supervised learn-
ing method co-training (Blum and Mitchell, 1998),
which uses the pretrained rewrite model to annotate
the unlabeled data and add these pseudo-labeled
data to improve the original rewrite model itera-
tively. To fairly compare with the dual learning
method, we only use the pseudo labeled rewrite
data that are correctly predicted by the RATSQL
parser at each iteration of the co-training method.
As shown in Table 4, our proposed dual learning
method outperforms the co-training method at row
(1). To further validate the effect of the dual learn-
ing method, we remove the dual learning part in the
Phase-I. Compared with our adapted dual learning
method at row (2), the above two variants have a
significant performance degradation, which demon-
strates the superiority of the dual learning method
on rewrite task.

Compared with the end-to-end multi-turn Text-
to-SQL models, our proposed decoupled parsing
framework even does not require any annotated
multi-turn in-domain data. We first evaluate the
performance of the decoupled method without any
Text-to-SQL parsing in-domain data at row (3).
There are 3.9 points and 4.1 points degradation
on question match accuracy and interaction match
accuracy respectively, which is caused by the anno-
tation gap between Spider and SParC. We further
drop our annotated rewrite in-domain data at row
(4) and warm-up the rewrite model and simplifica-
tion model with TASK and CANARD datasets. As
shown in Table 4, we can find the decoupled pars-
ing framework still gets 42.1% question match ac-
curacy without any annotated multi-turn in-domain
data. Lastly, we just remove the Phase-I (rewrite
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Figure 3: The rewrite error analysis (a) in the fine-
grained level and the error rate of the two decoupled
models (b) at turn-wise level.

model) at row (5), where the RATSQL parser is
trained on Spider and fine-tuned with multi-turn
Text-to-SQL data. It can be regarded as the base-
line of all the ablations, which only gets 34.5%
question match accuracy.

4.3 Case Analysis
Compared with end-to-end multi-turn Text-to-SQL
models, our decoupled parser can generate the in-
termediate rewritten utterance, which is easier to
understand for the user than a SQL query. As intro-
duced in Section 3.2.2, the feedback of the user can
be used to optimize the rewrite model. Addition-
ally, our decoupled parser is more convenient in
data collection compared with end-to-end methods,
which does not require annotators’ familiarization
with SQL to rewrite an utterance. When collecting
single-turn Text-to-SQL data, the annotator does
not need to consider the dialogue context. It is also
costly to collect the dialogue data on the SQL query
task.

Table 3 displays three cases parsed by our pro-
posed decoupled method. We can pinpoint exactly
which phase the error occurred under decoupled
parsing framework. Through fine-grained error
analysis, the bottleneck of multi-turn parser can
be found accurately. Thus, we can target to op-
timize the bottleneck individually. Figure 3(a)
shows the error rate of the utterance rewrite model
(DELTA+Dual) on SParC development dataset at

a fine-grained level. The orange line denotes the
error rate on the individual co-reference or ellipsis
type. The blue line denotes the overall error ratio.
We can see that most rewrite errors happen on the
co-reference side, especially at Demonstrative Pro-
noun type. For the ellipsis, Continuation type is a
serious problem. Figure 3(b) shows the error ratios
that happen in the rewrite model (Phase-I) or in
the parsing model (Phase-II). We can find that at
the first three turns the parsing model is still the
bottleneck. After the third turn, the rewrite model
gets a bigger error rate. The error rate of the rewrite
model is more sensitive than the parser with turn
increased. We can conclude that we need more an-
notated rewrite data, especially with Continuation
type and Demonstrative Pronoun type.

5 Related Work

Utterance Rewrite Recently, the utterance rewrite
has raised large attention. Some works use the
sequence-to-sequence architecture with copy mech-
anism (Elgohary et al., 2019b; Quan et al., 2019;
Rastogi et al., 2019) to solve the incomplete ques-
tion problem. Liu et al. (2019) decompose the utter-
ance rewrite model as two-phase subtasks: split and
recombine. The split and recombine models are
both learned from the well-designed reward func-
tion by the policy gradient method. Borrowing the
idea from image segmentation, Liu et al. (2020b)
formulate the utterance rewrite as the semantic
segmentation task, where the rewrite model is im-
plemented with UNet (Ronneberger et al., 2015).
For the downstream task, the utterance rewrite has
been successfully used in dialogue state tracking
(DST) tasks (Rastogi et al., 2019; Han et al., 2020).
Yu et al. (2020a) propose a rule-based and self-
supervised learning method to generate weakly-
supervised rewrite data, which are used to fine-tune
GPT-2. Different from the previous works, we di-
rectly use the pretrained BART, which is a denois-
ing autoencoder, as the utterance rewrite model.
End-to-End Text-to-SQL Parser Edit-
SQL (Zhang et al., 2019) proposes an Edit-based
model that reuses the SQL query generated from
the previous step to alleviate the pressure of
the increasing turns. RichContext (Liu et al.,
2020a) conducts an exploratory study on semantic
parsing in context and performs a fine-grained
analysis. IGSQL (Cai and Wan, 2020) presents
a schema interaction graph encoder to capture
the historical information of database schema
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items. R2SQL (Hui et al., 2021) presents a
dynamic graph framework that employs dynamic
memory decay mechanisms to introduce inductive
bias to construct enriched contextual relation
representation at both utterance and token level.
Dual Learning Dual learning method is first
proposed to improve neural machine translation
(NMT) (He et al., 2016). The dual learning mech-
anism enables a pair of dual systems to auto-
matically learn from unlabeled data through a
closed-loop game. The idea of dual learning has
been applied into various tasks, such as Ques-
tion Answer (Tang et al., 2017)/Generation (Tang
et al., 2018), Image-to-Image Translation (Yi
et al., 2017), Open-domain Information Extrac-
tion/Narration (Sun et al., 2018), Text Simplifica-
tion (Zhao et al., 2020), Semantic Parsing (Cao
et al., 2019; Zhu et al., 2020a; Cao et al., 2020) and
dialogue state tracking (Chen et al., 2020c).

6 Conclusion and Future Work

In this paper, we propose a decoupled parsing
framework (DELTA+Dual) to solve the multi-turn
Text-to-SQL task. The previous end-to-end multi-
turn Text-to-SQL models rely on large-scale multi-
turn data. DELTA can achieve considerable per-
formance without any multi-turn Text-to-SQL data.
We adapt the pretrained BART as the rewrite model
and achieve new state-of-the-art performance on
the utterance rewrite benchmarks. We further pro-
pose an efficient dual learning method to make full
use of unlabeled dialogue data. On the challenging
multi-turn Text-to-SQL benchmarks, DELTA sur-
passes all the released end-to-end models with fully
labeled data. In the future, we will try to reformu-
late the decoupled parsing method as a multitask,
where the rewrite model and Text-to-SQL model
are trained simultaneously. The proposed DELTA
is also easy to extend to the other conversational
semantic parsing tasks, like dialogue state track-
ing (Chen et al., 2020b; Zhu et al., 2020b; Chen
et al., 2020a).
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Abstract

Relational fact extraction aims to extract se-
mantic triplets from unstructured text. In this
work, we show that all of the relational fact
extraction models can be organized accord-
ing to a graph-oriented analytical perspective.
An efficient model, aDjacency lIst oRiented
rElational faCT (DIRECT), is proposed based
on this analytical framework. To alleviate
challenges of error propagation and sub-task
loss equilibrium, DIRECT employs a novel
adaptive multi-task learning strategy with dy-
namic sub-task loss balancing. Extensive ex-
periments are conducted on two benchmark
datasets, and results prove that the proposed
model outperforms a series of state-of-the-art
(SoTA) models for relational triplet extraction.

1 Introduction

Relational fact extraction, as an essential NLP
task, is playing an increasingly important role in
knowledge graph construction (Han et al., 2019;
Distiawan et al., 2019). It aims to extract rela-
tional triplet from the text. A relational triplet
is in the form of (subject, relation, object) or
(s, r, o) (Zeng et al., 2019). While various prior
models proposed for relational fact extraction, few
of them analyze this task from the perspective of
output data structure.

As shown in Figure 1, the relational fact extrac-
tion can be characterized as a directed graph con-
struction task, where graph representation flexibil-
ity and heterogeneity accompany additional bene-
faction. In practice, there are three common ways
to represent graphs (Gross and Yellen, 2005):

Edge List is utilized to predict a sequence of
triplets (edges). The recent sequence-to-sequence
based models, such as NovelTagging (Zheng et al.,
2017), CopyRE (Zeng et al., 2018), CopyRL (Zeng

∗These two authors contributed equally to this research.
†Zhuoren Jiang is the corresponding author

Figure 1: Example of exploring the relational fact ex-
traction task from the perspective of directed graph rep-
resentation method as output data structure.

et al., 2019), and PNDec (Nayak and Ng, 2020),
fall into this category.

Edge list is a simple and space-efficient way to
represent a graph (Arifuzzaman and Khan, 2015).
However, there are three problems. First, the
triplet overlapping problem (Zeng et al., 2018).
For instance, as shown in Figure 1, for triplets
(Obama, nationality, USA) and (Obama, presi-
dent of, USA), there are two types of relations be-
tween the “Obama” and “USA”. If the model only
generates one sequence from the text (Zheng et al.,
2017), it may fail to identify the multi-relation be-
tween entities. Second, to overcome the triplet over-
lapping problem, the model may have to extract
the triplet element repeatedly (Zeng et al., 2018),
which will increase the extraction cost. Third, there
could be an ordering problem (Zeng et al., 2019):
for multiple triplets, the extraction order could in-
fluence the model performance.

Adjacency Matrices are used to predict ma-
trices that represent exactly which entities (ver-
tices) have semantic relations (edges) between
them. Most early works, which take a pipeline ap-
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proach (Zelenko et al., 2003; Zhou et al., 2005), be-
long to this category. These models first recognize
all entities in text and then perform relation classi-
fication for each entity pair. The subsequent neural
network-based models (Bekoulis et al., 2018; Dai
et al., 2019), that attempt to extract entities and
relations jointly, can also be classified into this cat-
egory.

Compared to edge list, adjacency matrices have
better relation (edge) searching efficiency (Arifuz-
zaman and Khan, 2015). Furthermore, adjacency
matrices oriented models is able to cover differ-
ent overlapping cases (Zeng et al., 2018) for rela-
tional fact extraction task. But the space cost of
this approach can be expensive. For most cases, the
output matrices are very sparse. For instance, for
a sentence with n tokens, if there are m kinds of
relations, the output space is n · n ·m, which can
be costly for graph representation efficiency. This
phenomenon is also illustrated in Figure 1.

Adjacency List is designed to predict an array
of linked lists that serves as a representation of a
graph. As depicted in Figure 1, in the adjacency
list, each vertex v (key) points to a list (value) con-
taining all other vertices connected to v by sev-
eral edges. Adjacency list is a hybrid graph rep-
resentation between edge list and adjacency ma-
trices (Gross and Yellen, 2005), which can bal-
ance space and searching efficiency1. Due to the
structural characteristic of the adjacency list, this
type of model usually adopts a cascade fashion to
identify subject, object, and relation sequentially.
For instance, the recent state-of-the-art model Cas-
Rel (Wei et al., 2020) can be considered as an ex-
emplar. It utilizes a two-step framework to rec-
ognize the possible object(s) of a given subject
under a specific relation. However, CasRel is not
fully adjacency list oriented: in the first step, it
use subject as the key; while in the second step, it
predicts (relation, object) pairs using adjacency
matrix representation.

Despite its considerable potential, the cascade
fashion of adjacency list oriented model may cause
problems of sub-task error propagation (Shen et al.,
2019), i.e., errors from ancestor sub-tasks may ac-
cumulate to threaten downstream ones, and sub-
tasks can hardly share supervision signals. Multi-
task learning (Caruana, 1997) can alleviate this
problem, however, the sub-task loss balancing prob-

1More detailed complexity analyses of different graph rep-
resentations are provided in Appendix section 6.3.

lem (Chen et al., 2018; Sener and Koltun, 2018)
could compromise its performance.

Based on the analysis from the perspective of
output data structure, we propose a novel solution,
aDjacency lIst oRiented rElational faCT extraction
model (DIRECT), with the following advantages:
• For efficiency, DIRECT is a fully adjacency list

oriented model, which consists of a shared BERT
encoder, the Pointer-Network based subject and ob-
ject extractors, and a relation classification module.
In Section 3.4, we provide a detailed comparative
analysis2 to demonstrate the efficiency of the pro-
posed method.
• From the performance viewpoint, to address

sub-task error propagation and sub-task loss balanc-
ing problems, DIRECT employs a novel adaptive
multi-task learning strategy with the dynamic sub-
task loss balancing approach. In Section 3.2 and
3.3, the empirical experimental results demonstrate
DIRECT can achieve the state-of-the-art perfor-
mance of relational fact extraction task, and the
adaptive multi-task learning strategy did play a pos-
itive role in improving the task performance.

The major contributions of this paper can be
summarized as follows:

1. We refurbish the relational fact extraction
problem by leveraging an analytical framework
of graph-oriented output structure. To the best of
our knowledge, this is a pioneer investigation to
explore the output data structure of relational fact
extractions.

2. We propose a novel solution, DIRECT3,
which is a fully adjacency list oriented model with
a novel adaptive multi-task learning strategy.

3. Through extensive experiments on two bench-
mark datasets3, we demonstrate the efficiency and
efficacy of DIRECT. The proposed DIRECT out-
performs the state-of-the-art baseline models.

2 The DIRECT Framework

In this section, we will introduce the framework
of the proposed DIRECT model, which includes
a shared BERT encoder and three output layers:
subject extraction, object extraction, and relation
classification. As shown in Figure 2, DIRECT is
fully adjacency list oriented. The input sentence
is firstly fed into the subject extraction module to

2Theoretical representation efficiency analysis of graph
representative models are described in Appendix section 6.4.

3To help other scholars reproduce the experiment out-
come, we will release the code and datasets via GitHub:
https://github.com/fyubang/direct-ie.
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Figure 2: An overview of the proposed DIRECT framework

extract all subjects. Then each extracted subject
is concatenated with the sentence, and fed into
the object extraction module to extract all objects,
which can form a set of subject-object pairs. Fi-
nally, the subject-object pair is concatenated with
sentence, and fed into the relation classification
module to get the relations between them. For
balancing the weights of sub-task losses and to im-
prove the global task performance, three modules
share the BERT encoder layer and are trained with
an adaptive multi-task learning strategy.

2.1 Shared BERT Encoder

In the DIRECT framework, the encoder is used to
extract the semantic features from the inputs for
three modules. As aforementioned, we employ the
BERT (Devlin et al., 2019) as the shared encoder to
make use of its pre-trained knowledge and attention
mechanism.

The architecture of the shared method is shown
in Figure 2. The lower embedding layer and trans-
formers (Vaswani et al., 2017) are shared across all
the three modules, while the top layers represent
the task-specific outputs.

The encoding process is as follows:

ht = BERT(xt) (1)

where xt = [w1, ..., wn] is the input text of task t
and ht is the hidden vector sequence of the input.
Due to the limited space, the detailed architecture
of BERT please refer to the original paper (Devlin
et al., 2019).

2.2 Subject and Object Extraction
The subject and object extraction modules are moti-
vated by the Pointer-Network (Vinyals et al., 2015)
architecture, which are widely used in Machine
Reading Comprehension (MRC) (Rajpurkar et al.,
2016) task. Different from MRC task that only
needs to extract a single span, the subject and object
extractions need to extract multiple spans. There-
fore, in the training phase, we replace softmax
function with sigmoid function for the activation
function of the output layer, and replace cross en-
tropy (CE) (Goodfellow et al., 2016) with binary
cross entropy (BCE) (Luc et al., 2016) for the loss
function. Specifically, we will perform indepen-
dent binary classifications for each token twice to
indicate whether the current token is the start or the
end of a span. The probability of a token to be start
or end is as follows:

pti,start = σ(Wt
start · hi + btstart) (2)

pti,end = σ(Wt
end · hi + btend) (3)

where hi represents the hidden vector of the ith
token, t ∈ [s, o] represents subject and object ex-
traction respectively, Wt ∈ Rh×1 represents the
trainable weight, bt ∈ R1 is the bias and σ is
sigmoid function.

During inference, we first recognize all the start
positions by checking if the probability pti,start > α,
where α is the threshold of extraction. Then, we
identify the corresponding end position with the
largest probability pti,end between two neighboring
start positions. Concretely, assuming posj,start is
the start position of the jth span, the corresponding
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end position is:

posj,end = argmax
posj,start<=i<posj+1,start

pti,end (4)

Though the overall structure is similar, the in-
puts for subject and object extraction are different.
When extracting the subject, only the original sen-
tence needs to be input:

x = [w1, ..., wn] (5)

inputs = [[cls],x, [sep]] (6)

where wi represents the ith token of the original
sentence.

Meanwhile, the object extraction is based on the
corresponding subject. To form the input, the sub-
ject s and the original sentence x are concatenated
with [sep] as follows:

inputo = [[cls], s, [sep],x, [sep]] (7)

2.3 Relation classification

The output layer of relation classification is rela-
tively simple, which is a normal multi-label classi-
fication model. The [cls] vector obtained by BERT
encoder is used as the sentence embedding. A fully
connected layer is used for the nonlinear transfor-
mation, and perform multi-label classification to
predict relations of the input subject-object pair.
The detailed operations of relation classification
are as follows:

Pr = σ(Wr · h[cls] + br) (8)

where Pr ∈ Rc is the predicted probability vec-
tor of relations, σ is sigmoid function, Wr ∈
Rh×c and br ∈ Rc are the trainable weights and
bias, h is the hidden size of encoder, c is the num-
ber of relations, and h[cls] denotes the hidden vector
of the first token [cls]. The input for relation classi-
fication task is as follows:

inputr = [[cls], s, [sep], o, [sep],x, [sep]] (9)

2.4 Adaptive Multi-task Learning

In DIRECT, subject extraction module, object ex-
traction module, and relation classification module
can be considered as three sub-tasks. As afore-
mentioned, if we train each module directly and
separately, the error propagation problem would

Algorithm 1: Adaptive Multi-task Learn-
ing with Dynamic Loss Balancing

Initialize model parameters Θ randomly;
Load pre-trained BERT parameters for
shared encoder;

Prepare the data for each task t and pack
them into mini-batch: Dt, t ∈ [s, o, r] ;

Get the number of batch for each task: nt;
Set the number of epoch for training:
epochmax;

for epoch in 1, 2, ..., epochmax do
1. Merge all the datasets:
D = Ds ∪Do ∪Dr;

2. Shuffle D;
3. Initialize EMA for each task vt = 1
and its decay ε = 0.99 ;

for bt in D do
// bt is a mini-batch of Dt ;
4. Compute loss: lt(Θ) ;
5. Update EMA:
vt = (1− ε) ·∑(lt) + ε · vt ;

6. Calculate and normalize the
weights: wt = (vt/nt)/(vr/nr) ;

7. Update model Θ with gradient:
∇(wt · l̄t) ;

end
end

reduce the task performance. Meanwhile, three in-
dependent encoders would consume more memory.
Therefore, we use multi-task learning to alleviate
this problem, and the encoder layer is shared across
three modules.

However, applying multi-task learning could be
challenging in DIRECT, due to the following prob-
lems:
• The input and output of the three modules are

different, which means we cannot simply sum up
the loss of each task.
• How should we balance the weights of losses

for three sub-task modules?
These issues can affect the final results of multi-

task training (Shen et al., 2019; Sener and Koltun,
2018).

In this work, based on the architecture of MT-
DNN (Liu et al., 2019b), we propose a novel adap-
tive multi-task learning strategy to address the
above problems. The algorithm is shown as Algo-
rithm 1. Basically, the datasets are firstly split into
mini-batches. A batch is then randomly sampled
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to calculate the loss. The parameters of the shared
encoder and its task-specific layer are updated ac-
cordingly. Especially, the learning effect of each
task t is different and dynamically changing during
training. Therefore, an approach of adaptively ad-
justing the weights of task losses is applied. The
sum of sub-task’s loss

∑
lt is utilized to approxi-

mate its optimization effect. The adaptive weight
adjusting strategy ensures that the more room a
sub-task has to be optimized, the more weight its
loss will receive. Furthermore, an exponential mov-
ing average (EMA) (Lawrance and Lewis, 1977) is
maintained to avoid the drastic fluctuations of loss
weights. Last but not least, to make sure that each
task has enough influence on the shared encoder,
the weight of the sub-task will be penalized accord-
ing to the training data amount of each sub-task.

3 Experiments

3.1 Dataset and Experiment Setting

Datasets. Two public datasets are used for evalu-
ation: NYT (Riedel et al., 2010) is originally pro-
duced by the distant supervision approach. There
are 1.18M sentences with 24 predefined relation
types in NYT. WebNLG (Gardent et al., 2017) is
originally created for Natural Language Generation
(NLG) tasks. (Zeng et al., 2018) adopts this dataset
for relational triplet extraction task. It contains
246 predefined relation types. There are different
versions of these two datasets. To facilitate com-
parison evaluation, we use the datasets released
by (Zeng et al., 2018) and follow their data split
rules.

Besides the basic relational triplet extraction, re-
cent studies are focusing on the relational triplet
overlapping problem (Zeng et al., 2018; Wei et al.,
2020). Follow the overlapping pattern definition
of relational triplets (Zeng et al., 2018), the sen-
tences in both datasets are divided into three cate-
gories, namely, Normal, EntityPairOverlap (EPO),
and SingleEntityOverlap (SEO). The statistics of
the two datasets are described in Table 1.

Baselines: the following strong state-of-the-art
(SoTA) models have been compared in the experi-
ments.
• NovelTagging (Zheng et al., 2017) introduces

a tagging scheme that transforms the joint entity
and relation extraction task into a sequence labeling
problem. It can be considered as edge list oriented.
• CopyRE (Zeng et al., 2018) is a seq2seq

based model with the copy mechanism, which

Category
NYT WebNLG

Train Test Train Test
Normal 37013 3266 1596 246

EPO 9782 978 227 26
SEO 14735 1297 3406 457
ALL 56195 5000 5019 703

Table 1: Statistics of Dataset NYT and WebNLG. Note
that a sentence can belong to both EPO class and SEO
class.

can effectively extract overlapping triplets. It has
two variants: CopyREone employs one decoder;
CopyREmul employs multiple decoders. CopyRE
is also edge list oriented.
• GraphRel (Fu et al., 2019) is a GCN (graph

convolutional networks) (Kipf and Welling, 2017)
based model, where a relation-weighted GCN is uti-
lized to learn the interaction between entities and
relations. It is a two phases model: GraphRel1p
denotes 1st-phase extraction model; GraphRel2p
denotes full extraction model. GraphRel is adja-
cency matrices oriented.
• CopyRL (Zeng et al., 2019) combines the re-

inforcement learning with a seq2seq model to au-
tomatically learn the extraction order of triplets.
CopyRL is edge list oriented.
• CasRel (Wei et al., 2020) is a cascade binary

tagging framework, where all possible subjects are
identified in the first stage, and then for each iden-
tified subject, all possible relations and the cor-
responding objects are simultaneously identified
by a relation specific tagger. This work recently
achieves the SoTA results. As aforementioned, Cas-
Rel is partially adjacency list oriented.

Evaluation Metrics: following the previous
work (Zeng et al., 2018; Wei et al., 2020), differ-
ent models are compared by using standard micro
Precision (Prec.), Recall (Rec.), and F1-score4. An
extracted relational triplet (subject, relation, object)
is regarded as correct only if the relation and the
heads of both subject and object are all correct.

Implementation Details. The hyper-
parameters are determined on the validation
set. To avoid the evaluation bias, all reported
results from our method are averaged results for 5
runs. More implementation details are described in

4In this study, the results of baseline models are all self-
reported results from their original papers. Meanwhile, the
experimental results of our proposed model are the average of
five runs.
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Appendix section 6.1.

3.2 Results and Analysis
Relational Triplet Extraction Performance. The
task performances on two datasets are summarized
in Table 2. Based on the experiment results, we
have the following observations and discussions:
• The proposed DIRECT model outperformed

all baseline models in terms of all evaluation met-
rics on both datasets, which proved DIRECT model
can effectively address the relational triplet extrac-
tion task.
• The best-performed model (DIRECT) and

runner-up model (CasRel) were both adjacency list
oriented model. These two models overwhelm-
ingly outperformed other models, which indicated
the considerable potential of adjacency list (as the
output data structure) for improving the task per-
formance.
• To further compare the relation extraction abil-

ity of DIRECT and CasRel, we took a closer look
at the extraction performance of relational triplet
elements from these two models. As shown in
Table 35, DIRECT outperformed CasRel in terms
of all relational triplet elements on both datasets.
These empirical results suggested that, for rela-
tional triplet extraction, a fully adjacency list ori-
ented model (DIRECT) may have advantages over
a partially oriented one (CasRel).

Figure 3: F1 score of extracting relational triples from
sentences with different overlapping patterns on NYT
dataset.

Ability in Handling The Overlapping Prob-
lem. The relational facts in sentences are often
complicated. Different relational triplets may have
overlaps in a sentence. To verify the ability of
our models in handling the overlapping problem,

5More detailed results with Precision and Recall are pro-
vided in Appendix section 6.2.

we conducted further experiments on NYT dataset.
Figure 3 illustrated of F1 scores of extracting rela-
tional triplets from sentences with different overlap-
ping patterns. DIRECT outperformed all baseline
models in terms of all overlapping patterns. These
results demonstrated the effectiveness of the pro-
posed model in solving the overlapping problem.

Ability in Handling Multiple Relation Ex-
traction. We further compared the model’s abil-
ity of extracting relations from sentences that con-
tain multiple triplets. The sentences in NYT and
WebNLG were divided into 5 categories. Each cat-
egory contained sentences that had 1,2,3,4 or ≥ 5
triplets. The triplet number was denoted as N . As
shown in Table 4:
• DIRECT achieved the best performance for

all triplet categories on both datasets. These ex-
perimental results demonstrated our model had an
excellent ability in handling multiple relation ex-
traction.
• In both NYT and WebNLG datasets, when

the sentences contained more triplets, the leading
advantage of DIRECT became greater. This obser-
vation indicated that DIRECT was good at solving
complex relational fact extraction.

3.3 Ablation Study
To validate the effectiveness of components in DI-
RECT, We implemented several model variants for
ablation tests6. The results of the comparison on
NYT dataset are shown in Table 5. In particular,
we aim to address the following two research ques-
tions:

RQ1: Is it possible to improve the model per-
formance by sharing the parameters of extraction
layers?

RQ2: Did the proposed adaptive multi-task
learning strategy improve the task performance?

Effects of Sharing Extraction Layer Parame-
ters (RQ1). As described in Section 2, the struc-
tures of subject extraction and object extraction
output layers are exactly the same. To answer RQ1,
we merged the subject extraction and object ex-
traction layers into one entity extraction layer by
sharing the parameters of output layers of these two
modules, denoted as DIRECTshared. From the re-
sults of Table 5, we can observe that, sharing the
parameters of output layers of two extraction mod-
ules would reduce the performance of the model.

6Due to the length limitation, we list two main ablation
experiments, the rest will be provided in the Appendix section
6.2.
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Method Category NYT WebNLG
Prec. Rec. F1 Prec. Rec. F1

NovelTagging(Zheng et al., 2017) EL 62.4 31.7 42.0 52.5 193. 28.3
CopyREOne(Zeng et al., 2018) EL 59.4 53.1 56.0 32.2 28.9 30.5
CopyREMul(Zeng et al., 2018) EL 61.0 56.6 58.7 37.7 36.4 37.1
GraphRel1p(Fu et al., 2019) AM 62.9 57.3 60.0 42.3 39.2 40.7
GraphRel2p(Fu et al., 2019) AM 63.9 60.0 61.9 44.7 41.1 42.9
CopyRL(Zeng et al., 2019) EL 77.9 67.2 72.1 63.3 59.9 61.6

CasRel(Wei et al., 2020) ALP 89.7 89.5 89.6 93.4 90.1 91.8

DIRECT(Ours) ALF
92.3 92.8 92.5 93.6 92.7 93.2

(±0.32) (±0.26) (±0.09) (±0.1) (±0.24) (±0.07)

Table 2: Results of different methods on NYT and WebNLG datasets. EL: Edge List; AM: Adjacency Matrices;
ALP: Adjacency List (Partially); ALF: Adjacency List (Fully).

Method Element NYT WebNLG

CasRel
s 93.5 95.7
o 93.5 95.3
r 94.9 94.0

DIRECT(Ours)
s 95.4 97.3
o 96.4 96.4
r 97.8 97.4

Table 3: F1-score for extracting elements of relational
triplets on NYT and WebNLG datasets.

A possible explanation is that, although the out-
put of these two modules is similar, the semantics
of subject and object are different. Hence, directly
sharing the output parameters of two modules could
lead to an unsatisfactory performance.

Effects of Adaptive Multi-task Learning
(RQ2). As described in Section 2, the adaptive
multi-task learning strategy with the dynamic sub-
task loss balancing approach is proposed for im-
proving the task performance. To answer RQ2, we
replaced the adaptive multi-task learning strategy
with an ordinary learning strategy. In this strategy,
the losses of three sub-tasks were computed with
equal weights, denoted as DIRECTequal. From
the results of Table 5, we can observe that, by using
adaptive multi-task learning, DIRECT was able to
get a 1.5 percentage improvement on the F1-score.
This significant improvement indicated that adap-
tive multi-task learning played a positive role in the
balance of sub-task learning and can improve the
global task performance.

3.4 Graph Representation Efficiency
Analysis

Based on the amount estimation of predicted log-
its7, we conduct a graph representation efficiency

7Numeric output (0/1) of the last layer

analysis to demonstrate the efficiency of the pro-
posed method8.

For each graph representation category, we
choose one representative algorithms. Edge List:
CopyRE (Zeng et al., 2018); Adjacency Matrices:
MHS (Bekoulis et al., 2018); Adjacency List: Cas-
Rel (partially) (Wei et al., 2020) and the proposed
DIRECT (fully).

The averaged predicted logits estimation for one
sample9 of different models on two datasets are
shown in Table 6. MHS is adjacency matrices ori-
ented, it has the most logits that need to be pre-
dicted. Since CasRel is partially adjacency list
oriented, it needs to predict more logits than DI-
RECT. Theoretically, as an edge list oriented, the
predicted logits of CopyRE should be the least. But,
as described in Section 1, it needs to extract the en-
tities repeatedly to handle the overlapping problem.
Hence, its graph representation efficiency could be
worse than our model. The structure of our model
is simple and fully adjacency list oriented. There-
fore, from the viewpoint of predicted logits estima-
tion, DIRECT is the most representative-efficient
model.

4 Related Work

Relation Fact Extraction. In this work, we show
that all of the relational fact extraction models can
be unified into a graph-oriented output structure
analytical framework. From the perspective of
graph representation, the prior models can be di-
vided into three categories. Edge List, this type
of model usually employs sequence-to-sequence
fashion, such as NovelTagging (Zheng et al., 2017),

8From the graph representation perspective, when a
method requires fewer logits to represent the graph (set of
triples), it will reduce the model fitting difficulty.

9The theoretical analysis of predicted logits for different
models are described in Appendix section 6.4.
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Method NYT WebNLG
N = 1 N = 2 N = 3 N = 4 N ≥ 5 N = 1 N = 2 N = 3 N = 4 N ≥ 5

Count 3244 1045 312 291 108 268 174 128 89 44
CopyREOne 66.6 52.6 49.7 48.7 20.3 65.2 33.0 22.2 14.2 13.2
CopyREMul 67.1 58.6 52.0 53.6 30.0 59.2 42.5 31.7 24.2 30.0
GraphRel1p 69.1 59.5 54.4 53.9 37.5 63.8 46.3 34.7 30.8 29.4
GraphRel2p 71.0 61.5 57.4 55.1 41.1 66.0 48.3 37.0 32.1 32.1

CopyRL 71.7 72.6 72.5 77.9 45.9 63.4 62.2 64.4 57.2 55.7
CasRel 88.2 90.3 91.9 94.2 83.7 89.3 90.8 94.2 92.4 90.9

DIRECT(Ours) 90.4 93.1 94.3 95.8 93.1 90.3 92.8 94.8 94.0 92.9

Table 4: F1-score of extracting relational triplets from sentences with different number (denoted as N) of triplets.

Method
NYT

Prec. Rec. F1
DIRECTshared 92.1 91.6 91.9
DIRECTequal 90.6 91.3 91.0

DIRECT 92.3 92.8 92.5

Table 5: Results of model variants for ablation tests.

Method Category NYT WebNLG
CopyRe EL 329 712

MHS AM 57369 26518
CasRel ALP 3084 15836

DIRECT ALF 238 542

Table 6: Graph representation efficiency estimation
based on the predicted logits amount. EL: Edge List;
AM: Adjacency Matrices; ALP: Adjacency List (Par-
tially); ALF: Adjacency List (Fully).

CopyRE (Zeng et al., 2018), CopyRL (Zeng et al.,
2019), and PNDec (Nayak and Ng, 2020). Some
models of this category may suffer from the triplet
overlapping problem and expensive extraction cost.
Adjacency Matrices, many early pipeline ap-
proaches (Zelenko et al., 2003; Zhou et al., 2005;
Mintz et al., 2009) and recent neural network-based
models (Bekoulis et al., 2018; Dai et al., 2019; Fu
et al., 2019), can be classified into this category.
The main problem for this type of model is the
graph representation efficiency. Adjacency List,
the recent state-of-the-art model CasRel (Wei et al.,
2020) is a partially adjacency list oriented model.
In this work, we propose DIRECT that is a fully
adjacency list oriented relational fact extraction
model. To the best of our knowledge, few previ-
ous works analyze this task from the output data
structure perspective. GraphRel (Fu et al., 2019)
employs a graph-based approach, but it is utilized
from an encoding perspective, while we analyze it
from the perspective of output structure. Our work

is a pioneer investigation to analyze the output data
structure of relational fact extraction.

Multi-task Learning. Multi-task Learning
(MTL) can improve the model performance. (Caru-
ana, 1997) summarizes the goal succinctly: “it
improves generalization by leveraging the domain-
specific information contained in the training sig-
nals of related task.” It has two benefits (Van-
denhende et al.): (1) multiple tasks share a sin-
gle model, which can save memory. (2) Associ-
ated tasks complement and constrain each other by
sharing information, which can reduce overfitting
and improve global performance. There are two
main types of MTL: hard parameter sharing (Bax-
ter, 1997) and soft parameter sharing (Duong et al.,
2015). Most of the multi-task learning is done by
summing the loses directly, this approach is not
suitable for our case. When the input and output
are different, it is impossible to get two losses in
one forward propagation. MT-DNN (Liu et al.,
2019b) is proposed for this problem. Furthermore,
MTL is difficult for training, the magnitudes of
different task-losses are different, and the direct
summation of losses may lead to a bias for a partic-
ular task. There are already some studies proposed
to address this problem (Chen et al., 2018; Guo
et al., 2018; Liu et al., 2019a). They all try to
dynamically adjust the weight of the loss accord-
ing to the magnitude of the loss, the difficulty of
the problem, the speed of learning, etc. In this
study, we adopt MT-DNN’s framework, and pro-
pose an adaptive multi-task learning strategy that
can dynamically adjust the loss weight based on
the averaged EMA (Lawrance and Lewis, 1977) of
the training data amount, task difficulty, etc.

5 Conclusion

In this paper, we introduce a new analytical per-
spective to organize the relational fact extraction
models and propose DIRECT model for this task.
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Unlike existing methods, DIRECT is fully adja-
cency list oriented, which employs a novel adaptive
multi-task learning strategy with dynamic sub-task
loss balancing. Extensive experiments on two pub-
lic datasets, prove the efficiency and efficacy of the
proposed methods.
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6 Appendix

6.1 Implementation Details

We adopted the pre-trained BERT model [BERT-
Base-Cased]10 as our encoder, where the number
of Transformer layers was 12 and the hidden size
was 768. The token types of input were always set
to 0.

We used Adam as our optimizer and applied a
triangular learning rate schedule as suggested by
original BERT paper. In addition, we adopted a
lazy mechanism for optimization. Different from
the momentum mechanism of ordinary Adam opti-
mizer (Kingma and Ba, 2015) that updated the out-
put layer parameters for all tasks, this lazy-Adam
mechanism wouldn’t update the parameters of non-
current tasks.

The dacay rate ε of EMA was set to 0.99 as
default. The max sequence length was 128.

The other hyper-parameters were determined on
the validation set. Notably, considering our spe-
cial decoding strategy, we raised the threshold of
extraction to 0.9 to balance the precision and the
recall. The threshold of relation classification was
set to 0.5 as default. The hyper-parameter setting
was listed in Table 7.

Our mthod were implemented by Pytorch11 and
run on a server configured with a Tesla V100 GPU,
16 CPU, and 64G memory.

Hyper-parameter NYT WebNLG
Learning Rate 8e-5 1e-4
Epoch Num. 15 60
Batch Size 32 16

Table 7: Hyper-parameter setting for NYT and
WebNLG datasets.

6.2 Supplementary Experimental Results

Ablation Study. To validate the effectiveness of
components in DIRECT, We implemented several
model variants for ablation tests respectively. For
experimental fairness, we kept the other compo-
nents in the same settings when modifying one
module.

• DIRECTshared, we merged the subject ex-
traction and object extraction layers into one

10Available at: https://storage.googleapis.com/bert models/
2018 10 18/cased L-12 H-768 A-12.zip

11https://pytorch.org/

entity extraction layer by sharing the parame-
ters of output layers of these two modules.

• DIRECTequal, we replaced the adaptive
multi-task learning strategy with an ordinary
learning strategy. In this strategy, the losses
of three sub-tasks were computed with equal
weights, denoted as DIRECTequal.

• DIRECTthreshold, we simply recognized all
the start and end positions of entities by check-
ing if the probability pti,start/end > α, where α
was the threshold of extraction.

• DIRECTadam, we used ordinary Adam as
optimizer.

Method
NYT

Prec. Rec. F1
DIRECTshared 92.1 91.6 91.9
DIRECTequal 90.6 91.3 91.0

DIRECTthreshold 92.8 92.0 92.4
DIRECTadam 92.1 92.9 92.5

DIRECT 92.9 92.1 92.5

Table 8: Results of model variants for ablation tests.

From the results of Table 8, we can observe that:

1. Sharing the parameters of output layers of
subject and object extraction modules would
reduce the performance of the model.

2. Compared to ordinary multi-task learning
strategy, by using adaptive multi-task learn-
ing, DIRECT was able to get a 1.5 percentage
point improvement on F1-score.

3. There would be a slight drop in performance,
if we just used a simple threshold policy to
recognize the start and end positions of an
entity.

4. Despite the difference in precision and recall,
there was no significant difference between
these two optimizers (ordinary-Adam & lazy-
Adam ) for the task.

Results on Extracting Elements of Relational
Triplets. The complete extraction performance
of relational triplet elements from DIRECT and
CaslRel are listed in Table 9. DIRECT outper-
formed CasRel in terms of all relational triplet el-
ements on both datasets. These empirical results
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Method Element
NYT WebNLG

Prec. Rec. F1 Prec. Rec. F1

CasRel
s 94.6 92.4 93.5 98.7 92.8 95.7
o 94.1 93.0 93.5 97.7 93.0 95.3
r 96.0 93.8 94.9 96.6 91.5 94.0

Ours
s 95.1 95.1 95.1 97.1 96.8 96.9
o 97.2 96.3 96.7 96.4 96.3 96.3
r 98.6 98.3 98.5 97.6 97.3 97.4

Table 9: Results on extracting elements of relational triplets

Method
NYT

Prec. Rec. F1
MHS∗ (Bekoulis et al., 2018) 60.7 58.6 59.6

CopyMTLone(Zeng et al., 2020) 72.7 69.2 70.9
CopyMTLmul(Zeng et al., 2020) 75.7 68.7 72.0

WDec (Nayak and Ng, 2020) 88.1 76.1 81.7
PNDec (Nayak and Ng, 2020) 80.6 77.3 78.9

Seq2UMTree (Zhang et al., 2020) 79.1 75.1 77.1
DIRECT(ours) 90.2 90.2 90.2

Table 10: Results of different methods under Exact-Match Metrics. * marks results reproduced by official imple-
mentation.

suggest that, for relational triplet extraction, a fully
adjacency list oriented model (DIRECT) may have
advantages over a partially oriented one (CasRel).

Results of Different Methods under Exact-
Match Metrics. In experiment section, we fol-
lowed the match metric from (Zeng et al., 2018),
which only required to match the first token of en-
tity span. Many previous works adopted this match
metric (Fu et al., 2019; Zeng et al., 2019; Wei et al.,
2020).

In fact, our model is capable of extracting the
complete entities. Therefore, we collected papers
that reported the results of exact-match metrics
(requiring to match the complete entity span). The
following strong state-of-the-art (SoTA) models
have been compared:
• CopyMTL (Zeng et al., 2020) is a multi-task

learning framework, where conditional random
field is used to identify entities, and a seq2seq
model is adopted to extract relational triplets.
•WDec (Nayak and Ng, 2020) fuses a seq2seq

model with a new representation scheme, which
enables the decoder to generate one word at a and
can handle full entity names of different length and
overlapping entities.
• PNDec (Nayak and Ng, 2020) is a modification

of seq2seq model. Pointer networks are used in the

decoding framework to identify the entities in the
sentence using their start and end locations.
• Seq2UMTree (Zhang et al., 2020) is a mod-

ification of seq2seq model, which employs an
unordered-multi-tree decoder to to minimize ex-
posure bias.

The task performances on NYT dataset are sum-
marized in Table 10. The proposed DIRECT model
outperformed all baseline models in terms of all
evaluation metrics. This experimental results fur-
ther confirmed the efficacy of DIRECT for rela-
tional fact extraction task.

6.3 Complexity Analysis of Graph
Representations

For a graph G = (V,E), |V | denotes the number
of nodes/entities and |E| denotes the number of
edges/relations. Suppose there are m kinds of rela-
tions, d(v) denotes the number of edges from node
v.
• Edge List Complexity

− Space: O(|E|)

− Find all edges/relations from a node: O(|E|)

• Adjacency Matrices Complexity

− Space: O(|V | · |V | ·m)
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Category Method Theoretical NYT WebNLG
Edge List CopyRe 4kl + kr 329 712

Adjacency Matrices MHS llr 57369 26518
Adjacency List (Partially) CasRel 2l + 2slr 3084 15836

Adjacency List (Fully) DIRECT 2l + 2sl + or 238 542

Table 11: Graph representation efficiency based on the theoretical logits amount and the estimated logits amount
on two benchmark datasets.

− Find all edges/relations from a node: O(|V | ·
m)

• Adjacency List Complexity

− Space: O(|V |+ |E|)

− Find all edges/relations from a node: O(d(v))

6.4 Graph Representation Efficiency
Analysis

Based on the amount estimation of predicted log-
its12 (0/1), we conduct a graph representation ef-
ficiency analysis to demonstrate the efficiency of
proposed method13.

For each graph representation category, we
choose one representative model algorithms. Edge
List: CopyRE (Zeng et al., 2018); Adjacency Ma-
trices: MHS (Bekoulis et al., 2018); Adjacency
List: CasRel (partially) (Wei et al., 2020) and DI-
RECT (fully).

Formally, for a sentence whose length is l (l
tokens), there are r types of relations, k denotes
the number of triplets. Suppose there are s keys
(subjects) and o values (corresponding amount of
object-based lists) in adjacency list. The theoreti-
cal logits amount and the estimated logits amount
on two benchmark datasets (NYT and WebNLG)
are shown in Table 11. From the viewpoint of
predicted logits estimation, DIRECT is the most
representative-efficient model.

12Numeric output of the last layer
13As aforementioned, from the graph representation per-

spective, when a method requires fewer logits to represent the
graph (set of triples), it will reduce the model fitting difficulty.
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Abstract

We present a novel model for the problem of
ranking a collection of documents according
to their semantic similarity to a source (query)
document. While the problem of document-to-
document similarity ranking has been studied,
most modern methods are limited to relatively
short documents or rely on the existence of
“ground-truth” similarity labels. Yet, in most
common real-world cases, similarity ranking
is an unsupervised problem as similarity la-
bels are unavailable. Moreover, an ideal model
should not be restricted by documents’ length.
Hence, we introduce SDR, a self-supervised
method for document similarity that can be ap-
plied to documents of arbitrary length. Impor-
tantly, SDR can be effectively applied to ex-
tremely long documents, exceeding the 4, 096
maximal token limit of Longformer. Extensive
evaluations on large documents datasets show
that SDR significantly outperforms its alterna-
tives across all metrics. To accelerate future re-
search on unlabeled long document similarity
ranking, and as an additional contribution to
the community, we herein publish two human-
annotated test-sets of long documents similar-
ity evaluation. The SDR code and datasets are
publicly available 1.

1 Introduction

Text similarity ranking is an important task in mul-
tiple domains, such as information retrieval, recom-
mendations, question answering, and more. Recent
approaches based on Transformer language models
such as BERT (Devlin et al., 2019) benefit from ef-
fective text representations, but are limited in their
maximum input text length. Hence, developing
techniques for long-text or document level match-
ing is an emerging research field (Jiang et al., 2019).

∗ , § Denotes equal contribution.
† Corresponding author

1github.com/microsoft/SDR

In this work, we present SDR, a self-supervised
method for document-to-document similarity rank-
ing that can be effectively applied to extremely long
documents of arbitrary length and does not require
similarity labels. SDR employs a self-supervised
pre-training phase that leverages: (1) a masked
language model that fine-tunes contextual word
embeddings to specialize in a given domain and (2)
a contrastive loss on sentence pairs, assembled by
inter-and intra-sampling, that encourages the model
to produce enhanced text embeddings for similar-
ity. Similarity inference is achieved by producing
per-sentence embeddings followed by a two-staged
hierarchical scoring.

Our contributions are as follows: (1) we present
SDR, a novel method for document-to-document
similarity that can effectively operate on long doc-
uments of arbitrary length and does not require
similarity labels. We evaluate SDR and report its
performance on two large datasets of documents,
showcasing its ability to rank documents better than
other state-of-the-art alternatives. (2) to accelerate
future research, we publish two long-document
similarity datasets annotated by human experts.

2 Related Work

Semantic similarity has been studied in many fields,
such as computer vision (Parmar et al., 2018;
Huang et al., 2017), recommender systems (Wang
and Fu, 2020; Barkan et al., 2020a, 2021; Malkiel
et al., 2020), and natural language processing (De-
vlin et al., 2019; Reimers and Gurevych, 2019;
Mikolov et al., 2013). Recently, transformer-based
Language Models (LMs) ushered significant per-
formance gains in various natural language under-
standing tasks, but mainly on relatively short texts
(Devlin et al., 2019; Liu et al., 2019). These models
are usually pre-trained on the Masked Language
Modeling (MLM) objective followed by a down-
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stream task-specific fine-tuning process (Wang
et al., 2018). However, most models employ a
battery of self-attention operations, which scale
quadratically with the sequence length rendering
extremely inefficient for long documents contain-
ing pages of text.

To mitigate scale challenges, the Longformer
(Beltagy et al., 2020) model has been proposed
which employs local windowed attention unit that
restrains the computation and space to scale lin-
early with the sequence length. However, com-
putation complexity still depends on the sequence
length. Moreover, it entails a linear space com-
plexity (memory usage). Therefore, in practice, the
propagation of extremely long sequences remains
infeasible and the maximal input of the Longformer
is capped at 4, 096 tokens only, far less than many
real-world long documents.

Apart from the aforementioned scale limitations
on the model’s input, in the case of computing pair-
wise similarities between a large number of doc-
uments, the above models also suffer from an ex-
haustive inference process: Longformer and BERT
score pairs of items in a unified feed-forward pro-
cess, by which each pair of two items is fed to
the model in order to produce a single pair-wise
score (as opposed to scoring based on the individ-
ual item embeddings). Such inference technique,
impose O(N2) feed-forward operations (Barkan
et al., 2020b), compared to just O(N) in SDR.

An additional challenge of Transformer-based
LMs is the fact that their raw vector representations
is known to perform poorly on semantic textual
similarity tasks (Reimers and Gurevych, 2019). As
a result, specific methods for text similarity tasks
have been proposed. A prominent example for
such methods is the SBERT model (Reimers and
Gurevych, 2019). SBERT employs a novel fine-
tuning procedure that encourages representations
of similar sentences be closer in terms of the cosine
similarity, substantially improving their ability to
capture semantic similarity. Yet, SBERT still toils
from the aforementioned complexity challenges
and is unable to handle long-documents.

Recently, several works proposed long-
document processing and retrieval techniques
using labeled data. Cohan et al. (2020) introduced
SPECTER, a model for producing document-level
embedding of scientific documents. SPECTER
employs a novel objective that uses paper citations
as a proxy for similarity. Similarly, the Cross-

Figure 1: A representative inter- and intra-samples,
along with cosine similarity scores retrieved by SBERT
and SDR. Top: Inter-sampling from two documents as-
sociated with games of different categories. SBERT
scores the sentences with a higher cosine value than
the one retrieved by SDR. Bottom: attaching the anchor
sentence with a sentence sampled from the same para-
graph (and document). SDR and SBERT are reversed,
where SDR yields a higher score that is more faithful
to the sentences’ underlying semantics and topic.

Document Attention (CDA) model (Zhou et al.,
2020) and the Cross-Document Language Model
(CDLM) (Caciularu et al., 2021) suggest equipping
language models with cross-document information
for document-to-document similarity tasks. All the
above methods rely on supervision, either during
the pre-training phase or during fine-tuning. How-
ever, in the general case, document-to-document
similarity (as well as most similarity tasks), is
performed in unsupervised settings where no labels
(or citations) are available.

Another line of work consists of hierarchically
learning single document representations. For ex-
ample, Hierarchical Attention Networks (HANs)
incorporate words and sentences into the final doc-
ument representation showing competitive perfor-
mance in different tasks involving long document
encoding (Yang et al., 2016; Sun et al., 2018). More
recently, Yang et al. (2020) and Jiang et al. (2019)
investigated hierarchical models based on recur-
rent neural networks or BERT (Devlin et al., 2019)
leading to state-of-the-art results in supervised doc-
ument similarity challenges. These hierarchical
models employ a bottom-up approach in which a
long body of text (a document) is represented as an
aggregation of smaller components i.e., paragraphs,
sentences, and words. As opposed to these works,
SDR exploits a document’s hierarchical structure
while avoiding compressing it into a single rep-
resentation. This enables SDR to preserve more
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relevant information, leading to the superior results
presented in Sec. 4. Importantly, SDR is unsu-
pervised and does not require similarity labels or
further fine-tuning.

3 The SDR Model

We present the problem setup followed by a descrip-
tion of the SDR model, its training and inference.

3.1 Problem Setup

Given a collection of documents
D = {d1, . . . , dn} and a source document
s ∈ D, the goal is to quantify a score that would
allow us to rank all the other documents in D
according to their semantic similarity with the
source document s. In this work, we assume
that document similarity labels are not supplied.
Therefore, we propose a self-supervision loss that
utilizes labels that we invent - this is a proxy to the
ultimate similarity labels (if were given).

3.2 Training

SDR adopts the RoBERTa language model as
a backbone, and, following Gururangan et al.
(2020a), continues the pre-training of the RoBERTa
model on D. Unlike RoBERTa, the SDR training
solely relies on negative and positive sentence-pairs
produced by inter- and intra-document sampling,
respectively.

Specifically, the SDR training propagates
sentence-pairs sampled from D. The sentence-
pairs are sampled from the same paragraph with
probability 0.5 (intra-samples), otherwise from dif-
ferent paragraphs taken from the different docu-
ments (inter-samples). The sentences in each pair
are then tokenized, aggregated into batches, and
randomly masked in a similar way to the RoBERTa
pre-training paradigm. The SDR objective com-
prises a dual-term loss. The first term is the stan-
dard MLM loss adopted from Devlin et al. (2019).
Denoted by LMLM . The MLM loss allows the
model to specialize in the domain of the given col-
lection of documents (Gururangan et al., 2020b).

The second loss term is the contrastive loss (Had-
sell et al., 2006). Given a sentence pair (p, q) prop-
agated through the model, we compute a feature
vector for each sentence by average pooling the
token embeddings associated with each sentence
separately. The tokens embedding are the output
of the last encoder layer of the model. The con-
trastive loss is then applied to the pair of feature

vectors and aims to encourage the representations
of intra-samples to become closer to each other
while pushing inter-samples further away than a
predefined positive margin m ∈ R+.

Formally, the contrastive loss is defined as fol-
lows:

LC =

{
1− C (fp, fq) yp,q = 1

max (0, C (fp, fq)− (1−m)) yp,q = 0

(1)
where fp, fq are the pooled vectors extracted from
the tokens embedding of sentence p and q, re-
spectively. y(p, q) = 1 indicates an intra-sample
(sentence-pair sampled from the same paragraph),
otherwise negative (sentence-pair from different
documents). C(fp, fq) measures the angular dis-
tance between fp and fq using the Cosine function:

C (fp, fq) =
fTp fq

|fp| |fq|
(2)

A demonstration of the inter-and intra-sampling
procedure associated with the cosine scores pro-
duced by SDR can be found in Fig.1. The figure
presents a representative sample as a motivation
for SDR sampling and contrastive loss, where SDR
is shown to score sentences in a way that is more
faithful to their underlying topic and semantics. Im-
portantly, as the inter-samples represent sentences
that were randomly sampled from different doc-
uments, it is not guaranteed that their semantics
would oppose each other. Instead, it is likely that
those sentences are semantically uncorrelated while
obtaining some level of opposite semantics only
in rare cases. Therefore, instead of pushing nega-
tive samples to completely opposite directions, we
leverage the contrastive loss in a way that encour-
ages orthogonality between inter-samples while
avoiding penalizing samples with negative scores.
Hence, in our experiments, we set m , 1, which
encourages inter-samples to have a cosine simi-
larity that is less than or equal to 0, and do not
penalize pairs with negative cosine scores.

Finally, both loss terms are combined together
yielding the total loss

Ltotal = LMLM + LC (3)
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Figure 2: A schematic illustration of the SDR inference. Given a source and candidate documents, and for each
paragraph-pair, SDR decomposes the paragraphs into sentences and maps each sentence into a vector. In the first
stage, a sentence-similarity matrix is computed for each paragraph-pair. In the second stage, paragraph-similarity
scores are inferred for all pairs and aggregated into a paragraph-similarity matrix. The matrix is then globally
normalized and reduced into a total score, estimating the cumulative similarity between the two documents.

3.3 Inference

Let s ∈ D be a source document composed of
a sequence of paragraphs s = (si)

ñ
i=1, where

each paragraph comprises a sequence of sentences
si = (ski )

i∗
k=1, and i∗ denotes the number of sen-

tences in si. Similarly, let c ∈ D be a candidate
document, c can be written as c = (cj)

m
j=1, where

cj = (crj)
j∗
r=1. The SDR inference scores the sim-

ilarity between s and every other candidate docu-
ment c by calculating two-staged hierarchical simi-
larity scores. The first stage operates on sentences
to score the similarity between paragraph-pairs,
and the second operates on paragraphs to infer the
similarity between two documents. In SDR, we
first map each document in D into a sequence of
vectors by propagating its sentences through the
model. Each sentence is then transformed into a
vector by average pooling the token embeddings of
the last encoder layers’ outputs. Next, for each can-
didate document c ∈ D, SDR iterates over the fea-
ture vectors associated with the sentences in s and
c and composes a sentence-similarity matrix for
each paragraph-pair from both documents. Specifi-
cally, for each paragraph-pair (si, cj) ∈ s×c, SDR
computes the cosine similarity between every pair

of sentence embedding from si × cj , forming a
sentence-similarity matrix. Focusing on the (k, r)
cell of this matrix, 1 ≤ k ≤ i∗, 1 ≤ r ≤ j∗, the
sentence-similarity matrix can be expressed as:

Mkr
ij , C(ski , c

r
j) (4)

Calculated for each paragraph pair (si, cj) ∈ s× c,
the paragraph-similarity scores are then aggregated
into a paragraph-similarity matrix. Focusing on
the (i, j) cell, the matrix can be expressed as:

P scij ,

∑i∗
k=1 max

0≤r≤j∗
Mkr
ij

i∗
(5)

The motivation behind the similarity scores in Eq. 5
is that similar paragraph-pairs should incorporate
similar sentences that are more likely to correlate
under the cosine metric, due to the properties of the
contrastive loss employed throughout SDR training.
In order to rank all the documents in the dataset,
we compute the above paragraph-similarity matrix
for every candidate document c ∈ D. The resulted
paragraph-similarity matrices are then globally nor-
malized. Each row i in P scij is z-score normalized
by a mean and standard deviation computed from
the row i values of P scij across all candidates c ∈ D.
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The motivation behind this global normalization is
to refine the similarity scores by highlighting the
ones of the most similar paragraph-pairs and nega-
tively scores the rest. Throughout our early experi-
ments, we observed that different paragraph-pairs
incorporate sentences with different distributions of
cosine scores, where some source paragraphs may
yield a distribution of cosine values with a sizeable
margin compared to other paragraphs. This can be
attributed to the embedding space, for which some
regions can be denser than others.

Finally, a total similarity score is inferred for
each candidate c, using the above paragraph-
similarity matrix. The total similarity score aims to
quantify the cumulative similarity between s and c.
To this end, we aggregate all paragraph-similarity
scores for each paragraph in s as follows:

S(s, c) =

∑ñ
i=1 max

1≤j≤m

[
NRM(P scij )

]
i,j

n
(6)

where NRM is the global normalization ex-
plained above. The essence of Eq.6 is to match
between the most similar paragraphs from s and c,
letting those most correlated paragraph-pairs con-
tribute to the total similarity score between both
documents. Finally, the ranking of the entire col-
lection d can be obtained by sorting all candidate
documents according to S(s, c), in a descending
order.

It is important to notice that (1) in SDR infer-
ence, we do not propagate documents-pairs through
the language model (which is computationally ex-
haustive). Instead, the documents are separately
propagated through the model. Then, the scoring
solely requires applications of non-parametric op-
erations2. (2) both SDR training and inference
operate on sentences and therefore do not suffer
from discrepancies between the two phases.

4 Experiments

4.1 Datasets

We conducted our experiments over two datasets
excerpted from Wikipedia. For each of the
Wikipedia-based datasets, we provide a human-
annotated test set of similarity labels. Examples
from the datasets are provided in Fig. 3.

2The cosine similarity function.

Wikipedia video games (WVG) The Wikipedia
video games dataset3 consists of 21,935 articles re-
viewing video games from all genres and consoles.
Each article consists of a different combination of
sections, such as summary, gameplay, plot, produc-
tion, etc. For this dataset, we publish ground-truth
similarity annotations, crafted by a domain expert,
for ∼ 90 source game articles. For each source,
the expert annotated∼ 12 articles of similar games.
Examples for the ground-truth similarities are: (1)
Grand Theft Auto - Mafia, (2) Burnout Paradise -
Forza Horizon 3.

Wikipedia wine articles (WWA) Wikipedia
wines4 dataset consists of 1635 articles from the
wine domain. This dataset consists of a mixture
of articles discussing different types of wine cate-
gories, brands, wineries, grape varieties, and more.
The ground-truth similarities were crafted by a hu-
man sommelier who annotated 92 source articles
with∼10 similar articles, per source. Examples for
ground-truth expert-based similarities are: (1) Dom
Pérignon - Moët & Chandon, (2) Pinot Meunier -
Chardonnay.

4.2 Quantitative Metrics

We evaluated the performance of SDR, the base-
lines, and ablations using the MPR,MRR and
HR@k metrics:

Mean Percentile Rank (MPR) The mean per-
centile rank is the average of the percentile ranks
for every sample with ground truth similarities in
the dataset. Given a sample s, the percentile rank
for a true recommendation r is the rank the model
gave to r divided by the number of samples in the
dataset. MPR evaluates the stability of the model,
i.e, only models where all ground truth similarities
had a high rank by the model will have a good
score.

Mean Reciprocal Rank (MRR) The mean re-
ciprocal rank is the average of the best reciprocal
ranks for every sample with ground truth similari-
ties in the dataset. Given a sample with Ms ground
truth similarities we first mark the rank of each
ground truth recommendation by the model and
then take the reciprocal of the best (lowest) rank.

Hit Ratio at k (HR@k) HR@k evaluates the
percentage of true predictions in the top k retrievals

3Wikipedia Video Games dataset.
4Wikipedia Wine Articles dataset.
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Figure 3: Samples from the Wikipedia Video Games (WVG) and Wikipedia Wines Articles (WWA) datasets. For
each seed item (left), the opening sentence of each of the first three paragraphs is presented. A recommended
sample by the domain expert is shown on the right.

made by the model, where a true prediction corre-
sponds a candidate sample from the ground truth
annotations.

4.3 Baseline models

We compare SDR with the following baselines:

Latent Dirichlet Allocation (LDA) LDA (Blei
et al., 2003) is one of the renowned algorithms for
topic modeling and text-matching. LDA assumes
that documents are generated by sampling from a
distribution of latent topics, where each topic can
be described by another distribution defined over
the vocabulary. For every LDA experiment, we
perform a grid search with 1, 000 different config-
uration of hyper-parameters. The reported perfor-
mance corresponds to the model with the highest
topic coherence value (Newman et al., 2010).

BERT and Longformer For BERT (Devlin
et al., 2019) and Longformer (Beltagy et al., 2020)
(see Sec. 2), we evaluate two different variants.
First, we employ the publicly available pre-trained
weights of the models. Second, we continue the
pre-training of the models over the corpora induced
by the datasets, applying our proposed method as-
sociated with each model. We used only the “large”
architectures during all the experiments.

SBERT The SBERT model (Reimers and
Gurevych, 2019) utilizes a fine-tuning approach
that produces semantically meaningful embeddings
under a cosine-similarity metric.

We evaluate SBERT model under two infer-
ence configurations (1) using the original weights
trained on the NLI dataset (Bowman et al., 2015),
and (2) after fine-tuning with the pseudo labels
presented in Sec. 3.2.

4.4 Inference Methods

To compare SDR with the above baselines, which
are restricted by a maximal sequence length, we fol-
low previous procedures (Reimers and Gurevych,
2019; Beltagy et al., 2020) and report the perfor-
mance of four different inference techniques ap-
plied on the output embeddings of the different
models :

• CLS - use the special CLS token embedding
of the N5 first tokens.

• FIRST - use the mean of the embeddings of
the N first tokens.

• ALL - propagating the entire document in

5N is the maximal sequence length the model supports in
one forward pass.
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Video games Wines

Architecture Inference MPR MRR HR@10 HR@100 MPR MRR HR@10 HR@100

LDA - 94.1% 31.8% 8.8% 28.1% 83.7% 23.4% 8.7% 41.3%

SBERT First 86.4% 42.6% 11.9% 26.9% 83.5% 31.1% 11.4% 41.8%
SBERT ALL 92.6% 51.1% 16.1% 37.5% 81.3% 28.3% 11.1% 37.2%
SBERT SDRinf 94.2% 53.4% 18.2% 39.7% 83.6% 32.3% 12.1% 41.0%

Longformer CLS 58.0% 10.4% 2.1% 6.3% 65.0% 15.7% 4.8% 14.6%
Longformer First 66.6% 3.3% 1.3% 3.7% 56.1% 12.4% 3.5% 10.2%
Longformer ALL 66.0% 9.7% 2.4% 4.3% 64.7% 13.9% 2.2% 11.8%
Longformer SDRinf 68.5% 10.2% 4.1% 7.7% 55.3% 16.4% 3.3% 12.3%

BERT large CLS 69.6% 30.9% 9.7% 20.3% 70.1% 30.3% 9.5% 34.7%
BERT large First 61.1% 15.5% 3.8% 9.8% 71.3% 21.8% 6.7% 20.9%
BERT large ALL 65.2% 27.2% 7.1% 16.2% 64.6% 27.8% 7.8% 26.2%
BERT large SDRinf 71.2% 33.5% 12.9% 22.2% 75.5% 24.7% 9.7% 36.8%

SDR SDRinf 97.4% 64.0% 23.6% 54.0% 89.3% 50.9% 17.0% 59.0%

Table 1: Similarity results evaluated on the video games (left), movies (middle) and wines (right) datasets from
wikipedia, based on expert annotations. The second column specifies the applied inference method, as described
in Section 4.4. SBERTv refers to the vanilla SBERT (without continuing training on each dataset by utilizing our
pseudo-labels).

chunks, then use the mean of the embeddings
of all the tokens in the sample.

• SDRinf - use the hierarchical SDR inference
described in Sec. 3.3.

4.5 Results

The results over the document similarity bench-
marks are depicted in Tab. 1. The scores are based
on the ground-truth expert annotations associated
with each dataset. The results indicate that SDR
outperforms all other models by a sizeable mar-
gin. Recall that the underlying LMs we evalu-
ated (BERT, Longformer) were pre-trained on the
MLM objective. This makes them hard to gener-
ate meaningful embeddings suitable for probing
similarity using the Cosine-similarity metric, as
previously discussed in Sec. 2. Comparing to the
best variant of each model, SDR presents absolute
improvements of ∼7-12% and ∼11-13% in MPR,
and MRR, respectively, and across all datasets.

SBERT, as opposed to the underlying models
above, presents a cosine similarity-based loss dur-
ing training. Compared to SDR, we observe that
a fine-tuned SBERT, which utilizes the pseudo-

labels introduced in Sec. 3.2, shows inferior results
across all datasets, yielding -3% MPR, -5% MRR
and -2% HR@10 in the Video games. This can be
attributed to SBERT’s cosine loss, that constantly
penalizes negative pairs to reach a cosine score of
−1. For uncorrelated sentence-pairs, such prop-
erty can hinder the convergence of the model. See
the below ablation analysis for more details. We
observe that SBERT’s suffers from an additional
degradation in performance when applied with the
original SBERT weights, yielding -6% MPR and
-8% MRR. This can be attributed to the importance
of continue training on the given dataset at hand.

Notably, as shown in the table, applying the
SDR inference to other baseline language models
improves their performance by a significant mar-
gin. This is another evidence of our inference’s
advantage over other methods, especially as we
observe sizeable gains across all baseline models
and datasets.

Inspecting SBERT results, we see that the
SDRinf gains increase in all metrics, yielding an
increase of at least +3% MPR, +4% MRR, +6%
HR@10 and +7% HR@100. This can be attributed
to the importance of the hierarchical evaluation
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Video games Wines

Model
Seed

Dead Island Mafia III Hagafen Cellars Champagne

SDR
1. Dead Island: Riptide 1. Mafia II 1. Golan Heights Winery 1. Champagne Krug
2. Dying Light 2. Saints Row 2 2. Manischewitz 2. Sparkling wine
3. Dead Rising 4 3. Grand Theft Auto V 3. Barkan Wine Cellars 3. Champagne Krug

SBERT
1. Fallout 3 1. Red Dead Redemption 2 1. Petit Rouge 1. Moët & Chandon
2. Dead Rising 3 2. Dark Souls II 2. Roter Veltliner 2. Chardonnay
3. Wasteland 2 3. Battlefield 3. Trisaetum Winery 3. Chasselas

BERT
1. The Outer Worlds 1. The Godfather 1. Domaine Dujac 1. Roter Veltliner
2. Metro Exodus 2. Dark Souls 2. Petri Wine 2. Table wine
3. Rage 2 3. Code Vein 3. Blue Nun 3. Champagne wine region

Table 2: Similarity predictions for the Wikipedia video games (WVG) and Wikipedia wine articles (WWA) datasets.
For each of the shown recommendations, a domain expert rated the similarity with the source document. Red,
yellow, and green indicate poor, mediocre, and high similarity (respectively).

for long documents and indicate the struggle trans-
formers have in embedding long text into a single
vector. Importantly, SDR outperforms SBERT by
a significant margin, even when SBERT is applied
with SDRinf. This is due to SDR training, which
incorporates the contrastive loss for promoting or-
thogonality between negative sentence-pairs.

Table 2 presents qualitative results on randomly
chosen samples from the WWA and WVG datasets.
We compare SDR with the top two baselines as-
sociated with the highest scores in the Wikipedia
evaluations, namely SBERT and BERT. Similarly
to the evaluation scheme presented for the quan-
titative experiments, we employ a self-supervised
training for SBERT, with the same pseudo-labels
as in SDR training. In Tab. 2, we observe that SDR
correctly understands the essence of the article, as
finding Grand Theft Auto V similar to Mafia III,
or Sparkling wine similar to Champagne. As to
SBERT results, we see that the model fails to grasp
the article’s underlying topic in 50% of the predic-
tions. For example, SBERT matches between Bat-
tlefield and Mafia III, or Chasselas and Champagne.
This can be attributed to the fact that SBERT does
not apply a hierarchical inference and struggles
to compress the entire document representation in
one vector. This becomes especially crucial in very
long documents, which are common in the WVG
dataset. In BERT, we observe document similarity
predictions of relatively poor quality. For example,
for Hagafen Cellars BERT retrieves Blue Nun, or
for Champagne it matches Table wine. The rela-
tive degradation in performance can be attributed
to the BERT pre-training procedure, which inher-
ently does not optimize text embedding under a
well-defined metric.

The above results highlight the benefit obtained
by the SDR model, which utilizes a hierarchical
inference, along with a self-supervised training pro-
cedure that embeds sentences under a well-defined
similarity metric.

4.6 Ablation Study
We performed an ablation study to asses the effec-
tiveness of SDR. To that end, we used the video
games dataset, described in Sec. 4.1. The following
ablations are considered:

• No hierarchical inference - the embeddings
of the first N tokens of each document are
averaged, producing one embedding vector
per document. These embeddings are com-
pared via the cosine function to score the sim-
ilarity between documents. This is similar
to the scoring procedure from (Reimers and
Gurevych, 2019).

• Paragraph-level inference - the paragraph-
similarity matrix is computed directly using
the first N tokens of each paragraph. This
variant neglects the sentence-similarity matrix
from stage 1 2 of the inference mechanism.
The scoring proceeds by stage 2 of the infer-
ence, as described in Sec. 3.3.

• No training - the BERT pre-trained weights
are used and applied with the proposed hi-
erarchical inference (i.e., we do not employ
additional pre-training on the given collection
of documents).

• Global normalization - the SDR inference
is applied without globally normalizing the
paragraph-similarity matrix.
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Video games

MPR MRR HR@10

(i) No hierarchical inference 96.3% 52.4% 20.1%
(ii) Paragraph-level inference 97.4% 58.5% 22.8%
(iii) No training 87.1% 28.2% 7.0%
(iv) No normalization 97.3% 63.2% 22.6%
(v) No contrastive loss 91.5% 46.0% 14.5%

Full method 97.4% 64.0% 23.6%

Table 3: Ablation study results.

• No contrastive loss - the SDR training is ap-
plied without the contrastive loss term (solely
using the MLM objective).

• Standard cosine loss - the SDR training em-
ploys a contrastive loss with a margin of
m = 2. This is equivalent to the standard
Cosine-Similarity loss, that reinforces nega-
tive and positive samples to cosine scores of
−1 and 1, respectively.

The results depicted in Tab.3 indicate that our
proposed hierarchical inference is highly beneficial,
even compared to a paragraph-level inference, that
it is crucial to employ the proposed training in the
way it is done in SDR, and that it is better to apply
global normalization.

Particularly noticeable is the contrastive loss,
whose gain is present in both (ii) and (iii), for which
the biggest degradation in the results took place.
Another significant improvement is due to the hi-
erarchical inference, with a leap of 11% in MPR
by applying paragraph-level inference, and another
9% by applying the two-stage hierarchy.

4.7 Implementation details

SDR and all other transformer-based baselines uti-
lize the Huggingface package 6. In our transformer-
based baselines experiments, we use the best-
published model configuration associated with each
variant. To split the paragraphs into sentences as
suggested in SDR, we used the NLTK package 7,
resulting in an average sentence length of 16 to-
kens. We use a train-validation split of 90%-10%
to evaluate the MLM and cosine similarity accuracy
during training.

For LDA modeling and similarity evaluation, we

6HuggingFace
7nltk

used the implementation of the Gensim package8.
We conduct a hyperparameter search, based on the
topic coherence score, to find the best LDA param-
eters for each dataset.

For SBERT we used the official package9, with
the released fine-tuned weights for the STS task.
All our experiments were conducted using a single
Tesla V100 32GB card, with a batch size of 8 both
for training and evaluation.

5 Conclusions

In this work, we presented Self-Supervised Doc-
ument Similarity Ranking (SDR), a novel self-
supervised model for document similarity, support-
ing extremely long documents. Documents’ simi-
larities are extracted via a hierarchical bottom-up
scoring procedure, which preserves more semantic
information, leading to superior similarity results.
For our evaluations, we assembled two manually-
labeled test-sets using expert annotations, that will
be made publicly available to expedite future re-
search on long-document similarities.
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Abstract

Recent years have seen many breakthroughs
in natural language processing (NLP), transi-
tioning it from a mostly theoretical field to one
with many real-world applications. Noting the
rising number of applications of other machine
learning and AI techniques with pervasive so-
cietal impact, we anticipate the rising impor-
tance of developing NLP technologies for so-
cial good. Inspired by theories in moral phi-
losophy and global priorities research, we aim
to promote a guideline for social good in the
context of NLP. We lay the foundations via
the moral philosophy definition of social good,
propose a framework to evaluate the direct and
indirect real-world impact of NLP tasks, and
adopt the methodology of global priorities re-
search to identify priority causes for NLP re-
search. Finally, we use our theoretical frame-
work to provide some practical guidelines for
future NLP research for social good.1

1 Introduction

Advances on multiple NLP fronts have given rise
to a plethora of applications that are now integrated
into our daily lives. NLP-based intelligent agents
like Amazon Echo and Google Home have entered
millions of households (Voicebot, 2020). NLP tools
are now prevalent on phones, in cars, and in many
daily services such as Google search and electronic
health record analysis (Townsend, 2013).

In the current COVID-19 context, NLP has al-
ready had important positive social impact in the
face of a public health crisis. When the pandemic
broke out, Allen AI collected the CORD-19 dataset
(Wang et al., 2020) with the goal of helping public
health experts efficiently sift through the myriad of
COVID-19 research papers that emerged in a short
time period. Subsequently, NLP services such as

1Our data and code are available at http://github.
com/zhijing-jin/nlp4sg_acl2021.

Amazon Kendra were deployed to help organize
the research knowledge around COVID-19 (Bhatia
et al., 2020). The NLP research community worked
on several problems like the question-answering
and summarization system CAiRE-COVID (Su
et al., 2020), the expressive interviewing conversa-
tional system (Welch et al., 2020) and annotation
schemas to help fight COVID-19 misinformation
online (Alam et al., 2020; Hossain et al., 2020).

As NLP transits from theory into practice and
into daily lives, unintended negative consequences
that early theoretical researchers did not anticipate
have also emerged, from the toxic language of Mi-
crosoft’s Twitter bot Tay (Shah and Chokkattu,
2016), to the leak of privacy of Amazon Alexa
(Chung et al., 2017). A current highly-debated
topic in NLP ethics is GPT-3 (Brown et al., 2020),
whose risks and harms include encoding gender
and racist biases (Bender et al., 2021).

It is now evident that we must consider the neg-
ative and positive impacts of NLP as two sides of
the same coin, a consequence of how NLP and
more generally AI pervade our daily lives. The
consideration of the negative impacts of AI has en-
gendered the recent and popular interdisciplinary
field of AI ethics, which puts forth issues such as
algorithmic bias, fairness, transparency and equity
with an aim to provide recommendations for ethical
development of algorithms.

Highly influential works in AI ethics include
(Buolamwini and Gebru, 2018; Mitchell et al.,
2019; Raji et al., 2020; Chen et al., 2019; Blodgett
et al., 2020). AI for social good (AI4SG) (Tomašev
et al., 2020) is a related sub-field that benefits from
results of AI ethics and while keeping ethical prin-
ciples as a pre-requisite, has the goal of creating
positive impact and addressing society’s biggest
challenges. Work in this space includes (Wang
et al., 2020; Bhatia et al., 2020; Killian et al., 2019;
Lampos et al., 2020).
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Active conversations about ethics and social
good have expanded broadly, in the NLP commu-
nity as well as the broader AI and ML commu-
nities. Starting with early discussions in works
such as (Hovy and Spruit, 2016; Leidner and Pla-
chouras, 2017), the communities introduced the
first workshop on ethics in NLP (Hovy et al., 2017)
and the AI for social good workshop (Luck et al.,
2018), which inspired various follow-up workshops
at venues like ICML and ICLR. The upcoming
NLP for Positive Impact Workshop (Field et al.,
2020) finds inspiration from these early papers
and workshops. In 2020, NeurIPS required all re-
search papers to submit broader impact statements
(Castelvecchi, 2020; Gibney, 2020). NLP confer-
ences followed suit and introduced optional ethical
and impact statements, starting with ACL in 2021
(Association for Computational Linguistics, 2021).

With the growing impact of our models in daily
lives, we need comprehensive guidelines for fol-
lowing ethical standards to result in positive impact
and prevent unnecessary societal harm. (Tomašev
et al., 2020) provide general guidelines for suc-
cessful AI4SG collaborations through the lens
of United Nations (UN) sustainable development
goals (SDGs) (United Nations, 2015) and (Hovy
and Spruit, 2016; Leidner and Plachouras, 2017)
begin the ethics discussions in NLP. However, there
is room for iteration in terms of presenting a com-
prehensive picture of NLP for social good, with
an evaluation framework and guidelines. At the
moment, researchers eager to make a beneficial
contribution need to base their research agenda
on intuition and word of mouth recommendations,
rather than a scientific evaluation framework.

To this end, our paper presents a modest effort
to the understanding of social good, and sketches
thinking guidelines and heuristics for NLP for so-
cial good. Our main goal is to answer the question:

Given a specific researcher or team with
skills s, and the set of NLP technologies
T they can work on, what is the best
technology t ∈ T for them to optimize
the social good impact I?

In order to answer this overall question, we take
a multidisciplinary approach in our paper:

• §2 relies on theories in moral philosophy to
approach what is social good versus bad (i.e.,
the sign and rough magnitude of impact I for
a direct act a);

• §3 relies on causal structure models as a
framework to estimate I for t ∈ T , consider-
ing that t can be an indirect cause of impact;

• §4 relies on concepts from global priorities
research and economics to introduce a high-
level framework to choose a technology t that
optimizes the social impact I;

• §5 applies the above tools to analyze several
example NLP directions, and provides a prac-
tical guide on how to reflect on the social im-
pact of NLP.

We acknowledge the iterative nature of a newly
emerging field in NLP for social good, requir-
ing continuing discussions on definitions and the
development of ethical frameworks and guide-
lines. Echoing the history of scientific develop-
ment (Kuhn, 2012), the goal of our work is not to
provide a perfect, quantitative, and deterministic
answer about how to maximize social good with
our NLP applications. The scope of our work is
to take one step closer to a comprehensive under-
standing, through high-level philosophies, thinking
frameworks, together with heuristics and examples.

2 What is social good?

Defining social good can be controversial. For ex-
ample, if we define saving energy as social good,
then what about people who get sick because of not
turning on the air-conditioner on a cold day? There-
fore, social good is context-dependent, relevant to
people, times, and states of nature (Broome, 2017).
This section is to provide a theoretical framework
about the social impact I for a direct act a.

2.1 Moral philosophy theories

We can observe that for some acts, it is relatively
certain to judge whether the impact is positive or
negative. For example, solving global hunger is in
general a positive act. Such judgement is called
intuitionalism (Sidgwick, 1874), a school of moral
philosophy.

There are many areas of social impact that can-
not receive consensus by intuitions. To find ana-
lytical solutions to these debatable topics, several
moral philosophies have been proposed. We intro-
duce below three categories of philosophical per-
spectives to judge moral laws (Kagan, 2018), and
provide the percentage of professional philosophers
who support the theory (Bourget and Chalmers,
2014):
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1. Deontology: emphasizes duties or rules, en-
dorsed by 25.9% philosophers;

2. Consequentialism: emphasizes consequences
of acts, endorsed by 23.6% philosophers;

3. Virtue ethics: emphasizes virtues and moral
character, endorsed by 18.2% philosophers.

Note that the above three schools, deontology, con-
sequentialism, and virtue ethics, follows the stan-
dard textbook introductions for normative ethics in
the analytic philosophy tradition. It is also possible
for future research to consider different perspec-
tives while defining social good.

A practical guide for using these philosophies.
The three perspectives provide us dimensions to
think about the impact I of an act a, so that the
final decision is (hopefully) more reliable than one
single thought which is subject to biases. Such de-
composition practices are often used in highly com-
plicated analyses (e.g., business decisions), such as
radar charts to rate a decision/candidate or SMART
goals.

A practical guide for using moral philosophies
to judge an act a is to think along each of the three
perspectives, collect estimations of how good the
act a is from the three dimensions, and merge them.
For example, using NLP for healthcare to save lives
can be good from all three perspectives, and thus it
is an overall social good act.

When merging judgements from the above philo-
sophical views, there can be tradeoffs, such as sac-
rificing one life for five lives in the Trolley prob-
lem (Thomson, 1976), which scores high on con-
sequentialism but low on deontology and virtue
ethics. One solution by the moral uncertainty the-
ory (MacAskill et al., 2020) is to favor acts with
more balanced judgements on all criteria, and re-
ject acts that are completely unacceptable on any
criterion.

2.2 Principles for future AI

Many agencies from academia, government, and
industries have proposed principles for future AI
(Jobin et al., 2019), which can be regarded as a
practical guide by deontology. Zeng et al. (2019)
surveyed the principles of the governance of AI
proposed by 27 agencies. The main areas are as
follows (with keywords):

• Humanity: beneficial, well-being, human
right, dignity, freedom, education, human-
friendly.

• Privacy: personal information, data protec-
tion, explicit confirmation, control of the data,
notice and consent.

• Security: cybersecurity, hack, confidential.
• Fairness: justice, bias, discrimination.
• Safety: validation, test, controllability.
• Accountability: responsibility.
• Transparency: explainable, predictable, intel-

ligible.
• Collaboration: partnership, dialog.
• Share: share, equal.
• AGI: superintelligence.

3 Evaluating the indirect impact of NLP

Given the general moral guide to judge an act with
direct impacts, we now step towards the second
stage – understanding the downstream impact of
scientific research which typically has indirect im-
pacts. For example, it is not easily tractable to
estimate the impact of some linguistic theories. To
sketch a solution, this section will first classify NLP
tasks by the dimension of theory→application, and
then provide an evaluation framework for I of a
technology t that may have indirect real-life im-
pacts.

3.1 Classifying tasks from upstream to
downstream

To evaluate each NLP research topic, we propose
four stages in the theory→application develop-
ment, as shown in Figure 1, and categorize the
570 long papers from ACL 20202 according to the
four stages in Figure 2. Details of the annotation
are in Appendix A. The four stages are as follows.

Stage 1. Fundamental theories. Fundamental
theories are the foundations of knowledge, such
as linguistic theories by Noam Chomsky. In ACL
2020, the most prevalent topic for papers in Stage
1 is linguistics theory in Figure 2.

Stage 2. Building block tools. Moving one step
from theory towards applications is the research
on building block tools, which serves as important
building blocks and toolboxes for downstream tech-
nologies. The most frequently researched Stage-
2 topics at ACL 2020 are information extraction,
model design, and interpretability (in Figure 2).

2https://www.aclweb.org/anthology/
events/acl-2020/#2020-acl-main
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Figure 1: Stream of technology development from the-
ory to application with end impacts. The end impacts
are a distribution of use cases and their corresponding
weighted impacts.

Stage 3. Applicable tools. Applicable tools are
pre-commercialized NLP systems which can serve
as the backbones of real-world applications. This
category includes NLP tasks such as dialog re-
sponse generation, question answering, and ma-
chine translation. The most common research top-
ics in this category are dialog, machine translation,
and question answering (in Figure 2).

Stage 4. Deployed applications/products. De-
ployed applications often build upon tools in Stage
3, and wrap them with user interfaces, customer
services, and business models. Typical examples
of Stage-4 technologies include Amazon Echo,
Google Translate, and so on. The top three top-
ics of ACL 2020 papers in this category are ways
to address misinformation (e.g., a fact checker for
news bias), dialog, and NLP for healthcare.

3.2 Estimating impact

Direct impacts of Stage-4 technologies. A di-
rect impact of NLP development is allowing users
more free time. This is evident in automatic ma-
chine translation, which saves the effort and time of
human translators, or in NLP for healthcare, which
allows doctors to more quickly sift through patient
history. Automatic fake news detection frees up

Misinfo.
Healthcare

Dialog

Dialog

Trans.
QA

Linguistics

IE

Model
Interpret.

Figure 2: Distribution of ACL 2020 papers by the four
stages. For each stage, we highlight the top several
topics of the papers. We only list the top one topic
for Stage 1 due to visual space limit. Abbreviations
of technologies include Information Extraction (IE), In-
terpretability (Interpret.), machine translation (Trans.),
question answering (QA), and misinformation (Mis-
info.).

time for human fact-checkers, to aid them in more
quickly detecting fake news through the increasing
number of digital news articles being published.

The impact of more user free time is varied. In
the case of healthcare, NLP can free up time for
more personalized patient care, or allow free time
for activities of choice, such as spending time on
passion projects or more time with family. We
recognize these varied impacts of NLP deployment,
and recommend user productivity as one way to
measure it.

Note that there can be positive as well as neg-
ative impact associated with rising productivity,
and the polarity can be decided according to Sec-
tion 2.1. Typical positive impacts of NLP technol-
ogy include better healthcare and well-being, and
in some cases it indirectly helps with avoiding exis-
tential risks, sustainability, and so on. Typical neg-
ative impacts include more prevalent surveillance,
propaganda, breach of privacy, and so on. For ex-
ample, intelligent bots can improve efficiency at
work (to benefit economics), and bring generally
better well-being for households, but they might
leak user privacy (Chung et al., 2017).

Thus, estimating the overall end impact of a tech-
nology t in the Stage 4 needs to accumulate over a
set of aspectsAS:

I(t) =
∑

as∈AS

scaleas(t) · impactas(t) , (1)

where scaleas(t) is the usage scale of applica-
tions of technology t used in the aspect as, and
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impactas(t) is the impact of t in this aspect.

Indirect impacts of early stage technologies.
Although the direct impact of Stage-4 technologies
can be estimated by Eq. (1), it is difficult to cal-
culate the impact of a technology in earlier stages
(i.e., stage 1-3).

We can approach the calculation of indirect im-
pacts I of an early-stage technology t by a struc-
tural causal model. As shown in the causal graph
G in Figure 3, each technology t is in a causal
chain from its parent vertex set PA(t) (i.e., up-
stream technologies that directly causes the inven-
tion of t), to its children vertex set (i.e., downstream
technologies directly resulting from t). Formally,
we denote a directed (causal) path in G as a se-
quence of distinct vertices (t1, t2, . . . , tn) such that
ti+1 ∈ CH(ti) for all i = 1, . . . , n − 1. We call
tn a descendant of t1. After enumerating all paths,
we denote the set of all descendants of t as DE(t).
Specifically, we denote all descendant nodes in
Stage 4 as Stage-4 DE(t).

Hence, the impact of any technology t is the sum
of impact of all its descendants in Stage 4:

I(t) =
∑

x∈Stage-4 DE(t)

p(x) · cx(t) · I(x) , (2)

where p(x) is the probability that the descendent
technology x can be successfully developed, cx(t)
is the contribution of t to x, and I(x) can be cal-
culated by Eq. (1). This formula can also be inter-
preted from the light of do-calculus (Pearl, 1995)
as P (X|do(t))− P (X), for X ∈ Stage-4 DE(t),
which means the effect of intervention do(t) on
Stage 4 descendants.

Note that Eq. (1) and (2) are meta frameworks,
and we leave it to future work to utilize these for
assessing the social impact of their work.

3.3 Takeaways for NLP tasks

With the growing interest of AI and NLP publica-
tion venues (e.g., NeurIPS, ACL) in ethical and

broader impact statements, it will be useful and im-
portant for researchers to have practical guidelines
on evaluating the impact of their NLP tasks.

We first introduce some thinking steps to esti-
mate the impact of research on an NLP task t:

(S1) Classify the NLP task t into one of the four
stages (§3.1)

(S2) If t is in Stage 4, think of the set of aspects
AS that t will impact, the scale of applica-
tions, and aspect-specific impact magnitude.
Finally, estimate impact using Eq. (1).

(S2’) If t is in Stage 1-3, think of its descendant
technologies, their success rate, and the con-
tribution of t to them. Finally, estimate impact
using Eq. (1) and (2).

Next, we introduce some high-level heuristics to
facilitate fast decisions:

(H1) For earlier stages (i.e., Stage 1-2), it is chal-
lenging to quantify the exact social impact.
Their overall impact tends to lean towards
positive as they create more knowledge that
benefits future technology development.

(H2) Developers of Stage-4 technologies should be
the most careful about ethical concerns. Enu-
merate the use cases, and estimate the scale
of each usage by thinking of the stakeholders,
economic impact, and users in the market. Fi-
nally, evaluate the final impact before proceed-
ing. (E.g., if the final impact is very negative,
then abandon or do it with restrictions).

(H3) For Stage-3 technologies, if their Stage-4 de-
scendants are tractable to enumerate and es-
timate for their impacts, then aggregate the
descendants’ impacts by Eq. 2. Otherwise,
treat them like (H1).

4 Deciding research priority

There are many directions for expansion of our
efforts for social good; however, due to limited
resources and availability of support for each re-
searcher, we provide a research priority list. In
this section, we are effectively trying to answer the
overall question proposed in Section 1. Specifi-
cally, we adopt the practice in the research field
global priorities (GP) (MacAskill, 2015; Greaves
and McAskill, 2017). We first introduce the high-
level decision-making framework in Section 4.1,
and then formulate these principles using technical
terms in Section 4.2.
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4.1 Important/Neglected/Tractable (INT)
framework

Our thinking framework to address the research
priority follows the practice of existing cost-benefit
analysis in GP (MacAskill, 2015; Greaves and
McAskill, 2017), which aligns with the norms in
established fields such as development economics,
welfare economics, and public policy.

We draw an analogy between the existing GP
research and NLP for social good. Basically, GP
addresses the following problem: given, for exam-
ple, 500 billion US dollars (which is the annual
worldwide expenditure on social good), what prior-
ity areas should we spend on? Inspired by this prac-
tical setting, we form an analogy to NLP research
efforts, namely to answer the question proposed
in Section 1 about how to attribute resources and
efforts on NLP research for social good.

The high-level intuitions are drawn from the
Important/Neglected/Tractable (INT) framework
(MacAskill, 2015), a commonly adopted frame-
work in global priorities research on social good.
Assume each agent has something to contribute
(e.g., money, effort, etc.). It is generally effective
to contribute to important, neglected, and tractable
areas.

4.2 Calculation of priority

Although the INT framework is commonly used
in practice of many philanthropy organizations
(MacAskill, 2015), it will be more helpful to for-
mulate it using mathematical terms and economic
concepts. Note that the terms we formulate in this
section can be regarded as elements in our pro-
posed thinking framework, but they are not directly
calculable.3

Our end goal is to estimate the cost-effectiveness
of contributing a unit time and effort of a certain
researcher or team to research on the technology t.
So far we have a meta framework to estimate the
impacts I brought by successful development of a
technology t. And we introduce the notations in
Table 1.

3We adapted these terms from GP. Such terms to estimate
priority has been successfully used by real-world social good
organizations, e.g., GiveWell, Global Priorities Institute, the
Open Philanthropy Project (a foundation with over 10 billion
USD investment), ReThink Priorities, 80,000 Hours Organi-
zation. In the long run, the NLP community may potentially
benefit from aligning with GP’s terminology. Still, we do not
recommend applying our framework in high-stake settings yet,
since it serves only as a starting point currently.

Notation Meaning

r An NLP researcher or research group
T (r) The set of NLP topics that the researcher can

pursue (limited by skills, resources, and passion)
t An NLP technology
I(t) Social impacts brought by successful develop-

ment of t
prog(t) The current progress of t
p(t; r) Probability that research in t succeeds based on

the skills of the researcher r
p(t; r)I(t) Expected social impact of the researcher r’s

work on t
∆t(r) Improvement of t per unit resource (incl. time,

effort, money, etc.) of the researcher r

Table 1: Notations and their corresponding meanings
used for cost-effectiveness calculation.

For a researcher r, the action set per unit re-
source is {∆t|t ∈ T (r)}. Equivalently speaking,
they can intervene at a node t by the amount of
∆t(r) in the structured causal graph G in Figure 3.

The first useful concept is p(t; r)I(t), the ex-
pected social impact of research on a technology
t. Here the success rate p(t; r) is crucial because
most research does not necessarily produce the
expected outcome. However, if the impact of a
technology can be extremely large (for example,
prevention of extinction has impact near positive
infinity), then even with a very little success rate,
we should still devote considerable efforts into it.

The second concept that is worth attention is
the marginal impact (Pindyck et al., 1995) of one
more unit of resources of the researcher r into the
technology t, calculated as

∆I(t; r) := I(prog(t) + ∆t(r))− I(prog(t)) . (3)

For example, if the field associated with the tech-
nology is almost saturated, or if many other re-
searchers working on this field are highly com-
petent, then, for a certain research group, blindly
devoting time to the field may have little marginal
impact. However, on the other hand, if a field is
important but neglected, the marginal impact of
pushing it forward can be large. This also explains
why researchers are passionate about creating a
new research field.

The third useful concept is the opportunity cost
(Palmer and Raftery, 1999) to devote researcher
r’s resources into the technology t instead of a
possibly more optimal technology t?. Formally,

3104



the opportunity cost is calculated as

t?(r) := arg max
x

∆I(x(r)), (4)

Cost(t; r) := ∆I(t?(r); r)−∆I(t; r) , (5)

where t? is the optimal technology that can bring
the largest expected improvement of social impact.
The opportunity cost conveys the important mes-
sage that we should not just do good, but do the
best, because the difference from good to best can
be a large loss.

Estimating the variables. Note that the frame-
works we have proposed so far are at the meta level,
useful for guiding thought experiments, and future
research. Exact calculations are not possible with
the current state of research in NLP for social good,
although achievable in the future.

A practical insight is that NLP researchers es-
timate the impact of their research via qualitative
explanations (natural language) or rough quantita-
tive ones. For example, the introduction section of
most NLP papers or funding proposals is a natu-
ral language-based estimation of the impact of the
research. Such estimations can be useful to some
extent (Hubbard and Drummond, 2011), although
precise indicators of impact can motivate the work
more strongly.

We can also borrow some criteria from effec-
tive altruism, a global movement that establishes
a philosophical framework, and also statistical
calculations of social good. One of the estab-
lished metrics for calculating impact is called the
“quality-adjusted life years” (QALYs) proposed by
MacAskill (2015). QALYs count the number of
life years (calibrated by life quality such as health
conditions) that an act helps to increase.

5 Evaluating NLP tasks

In this section, we will first try to categorize the
current state of NLP research for social good based
on ACL 2020 papers, and then highlight NLP top-
ics that are aligned with the UN’s SDGs. We will
conclude with a practical checklist and case studies
of common NLP tasks using this checklist.

5.1 Current state of NLP research for social
good – ACL 2020 as a case study

We want to compare the ideal priority list with the
current distribution of NLP papers for social good.
As a case study of the current research frontier,
we plot the topic distribution of the 89 ACL 2020

Figure 4: Social good topics at ACL 2020 by countries.

papers that are related to NLP for social good in
Figure 4. We also show the portion of papers by
the 10 countries with the most social-good papers.
Our annotation details are in Appendix A.

Illustrated in Figure 4, most social-good papers
work on interpretability, tackling misinformation
(e.g., fact-checking for news), and healthcare (e.g.,
to increase the capacity of doctors). In terms of
countries, the US has the most papers on inter-
pretability, and no papers on NLP for education,
NLP for legal applications, and some other topics.
China has few papers on interpretability, although
interpretability is the largest topic. India has no
papers on fighting misinformation, although it is
the second largest topic. Only 5 countries have pub-
lications across more than two social good topics.
Please refer to Appendix B for more analyses such
as social-good papers by academia vs. industries.

However, compared with the UN’s SDGs
(United Nations, 2015), the current NLP research
(at least in the scope of ACL conference submis-
sions) lacks attention to other important cause areas
such as tackling global hunger, extreme poverty,
clean water and sanitation, and clean energy. There
are also too few research papers on NLP for educa-
tion, although education is the 4th most important
area in SDGs.

One cause of this difference is value misalign-
ment. Most NLP research is supported by stake-
holders and funding agencies, which have a large
impact on the current research trends or preferences
in the NLP community. The perspective from so-
cial good with a framework to calculate the priority
list has still not reached many in the NLP commu-
nity.

Although we do not have data on expenditure
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Cause Annual Spending (USD)

Global R&D 1.5 trillion (UNESCO, 2017)
Luxury Goods 1.3 trillion (D’arpizio et al., 2015)
US Social Welfare 900 billion (Ferrara, 2011)
Climate Change >300 billion (Buchner et al., 2014)
Global Poverty >250 billion (Todd, 2017)
Nuclear Security 1-10 billion (Todd, 2017)
Pandemic Prevention 1 billion (Todd, 2017)
AI Safety Research 10 million (Todd, 2017)

Table 2: Annual spending of the cause areas.

Priority Example NLP research topics

Poverty • Predicting povery by geo-located Wikipedia
articles (Sheehan et al., 2019)

• Parsing fund applicant profiles (proposed)
Hunger • NLP for agriculture (Yunpeng et al., 2019)

• NLP for food allocation (proposed)
Health
& Well-
being

• NLP to analyze clinical notes (Dernoncourt
et al., 2017a,b; Luo et al., 2018; Gopinath et al.,
2020; Leiter et al., 2020a,b)

• NLP for psychotherapy and counseling (Biester
et al., 2020; Xu et al., 2020; Pérez-Rosas et al.,
2019)

• NLP for happiness (Asai et al., 2018; Evensen
et al., 2019)

• Assistive speech generation (proposed)
Education • NLP for educational question answering (At-

apattu et al., 2015; Lende and Raghuwanshi,
2016)

• Improving textbooks (Agrawal et al., 2010)
• Automated grading (Madnani and Cahill, 2018;

Taghipour and Ng, 2016)
• Plagiarism detection (Chong et al., 2010)
• Tools for learners with disabilities (proposed)

Equality • Interpretability (Köhn, 2015; Belinkov et al.,
2017; Nie et al., 2020)

• Ethics of NLP (Hovy and Spruit, 2016;
Stanovsky et al., 2019; Sap et al., 2019)

• NLP for low-resource languages (Zoph et al.,
2016; Kim et al., 2017)

• NLP on resource-limited devices (Sun et al.,
2020)

• NLP tools that signal bias in human language
and speech (proposed)

Clean
water

• Raising public awareness of water sanitation
(proposed)

Clean
energy

• Green NLP (Strubell et al., 2019; Schwartz
et al., 2020)

• NLP to analyze cultural values regarding cli-
mate change (Jiang et al., 2017; Koenecke and
Feliu-Fabà, 2019)

• Cross-cultural models of climate change per-
ceptions (proposed)

Table 3: Top priorities and some NLP research related
to each of them. This list may not be exhaustive. We
also propose a high-impact research problem in each of
the areas which has received less attention so far.

in each NLP subarea, we can get a glimpse of the
value misalignment in general. Table 2 shows the
annual spending of some cause areas. Note that
the ranking of the expenditure does not align with

our priority list for social good. For example, lux-
ury goods are not as important as global poverty,
but luxury goods cost 1.3 trillion USD each year,
almost five times the expenditure in global poverty.

5.2 Aligning NLP with social good

In this subsection, we list the top priorities accord-
ing to UN’s SDGs (United Nations, 2015). For
each goal, in Table 3 we include examples of exist-
ing NLP research, and suggest potential NLP tasks
that can be developed (labeled as (proposed)).

5.3 Checklist

As a practical guide, we compile the takeaways
of this paper into a list of heuristics that might be
helpful for future practioners of NLP for social
good. To inspect the social goodness of an NLP
research direction (especially in Stage 3-4), the
potential list of questions to answer is as follows:

(Q1) What kind of people/process will be benefited
from the technology?

(Q2) Does it enforce traditional structure of benefi-
ciaries? I.e., what groups of underprivileged
people can be benefited? (e.g., by gender, de-
mographics, socio-economic status, country,
native languages, disability type)

(Q3) Does it contribute to SDG priority goals such
as poverty, hunger, health, education, equality,
clean water, and clean energy?

(Q4) Can it directly improve quality of lives? E.g.,
how many QALYs might it result in?

(Q5) Does it count as (a) mitigating problems
brought by NLP, or (b) proactively helping
out-of-NLP social problems?

5.4 Case studies by the checklist

We conduct some case studies of NLP technologies
using the checklist.

Low-resource NLP & machine translation.
This category includes NLP on low-resource lan-
guages, such as NLP for Filipino (Sagum et al.,
2019; Cruz et al., 2020), and machine translation in
general. Because this direction expands the users
of NLP technologies from English-speaking peo-
ple to other languages, it benefits people speaking
these languages (Q1), and helps to narrow the gap
between English-speaking and non-English speak-
ing end users (Q2), although it is still likely that
people who can afford intelligent devices will ben-
efit more than those who cannot. This category
can contribute directly to goals such as equality
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and education, and indirectly to other goals be-
cause translation of documents in general helps the
sharing of information and knowledge (Q3). It di-
rectly improves quality of lives, for example, for
immigrants who may have difficulties with the lo-
cal language (Q4). Thus, it counts as social good
category (b) by (Q5).

Transparency, interpretability, algorithmic
fairness and bias. Research in this direction can
impact users who need more reliable decision-
making NLP, such as the selection process for
loans, jobs, criminal judgements, and medical
treatments (Q1). It can shorten the waiting time of
candidates and still make fair decisions regardless
of spurious correlations (Q2) (Q4). It reduces
inequality raised by AI, but not increasing equality
over man-made decisions, at least by the current
technology (Q2). Thus, it is social good category
(a) by (Q5).

Green NLP. Green NLP reduces the energy con-
sumption of large-scale NLP models. Although
it works towards the goal of affordable and clean
energy (Q3), it just neutralizes the negative impact
of training NLP models, but not impacting out-
of-NLP energy problems. Green NLP belongs to
social good category (a) by (Q5). It does not have
large impacts directly targeted at (Q1), (Q2) and
(Q4).

QA & dialog. People who can afford devices em-
bedded with intelligent agents can use it, which is
about 48.46% of the global population (BankMy-
Cell, 2021) (Q1). So this benefits people with
higher socio-economic status, and benefits English
speaking people more than others, not to mention
job replacements for labor-intensive service posi-
tions (Q2). It does not contribute to priority goals
except for education and healthcare for people who
can afford intelligent devices (Q3). Nonetheless, it
can improve the quality of lives for its user group
(Q4). It can be regarded as social good of category
(b) by (Q5).

Information extraction, NLP-powered search
engine & summarization. This direction speeds
up the information compilation process, which can
increase the productivity in many areas. About
50% of the world population have access to the
Internet and thus can use it (Meeker, 2019) (Q1)
(Q2). This category indirectly helps education, and
the information compilation process of other goals

(Q3). It can largely improve the lives of its user
group because people gather information very fre-
quently (e.g., do at least one Google search every
day) (Q4). Thus, it belongs to social good category
(b) by (Q5).

NLP for social media. This category is benefi-
cial for social scientists interested in the trends
and culture, or companies and organizations inter-
ested in market analyses (Q1) (Q2). The benefits to
social science can indirectly help evidence-based
policy makers, despite the caveat of bleach of user
privacy, and information manipulation (Q4). This
direction has limited contribution to priorities such
as poverty and hunger, because extremely poor pop-
ulation do not own devices to post on social media
(Q3). It is social good category (b) by (Q5).

6 Conclusion

This paper presented a meta framework to evaluate
NLP tasks in the light of social good, and proposed
a practical guide for practitioners in NLP. We call
for more attention towards awareness and catego-
rization of social impact of NLP research, and we
envision future NLP research taking on an impor-
tant social role and contributing to multiple priority
areas. We also acknowledge the iterative nature
of this emerging field, requiring continuing discus-
sions, improvements to our thinking framework
and different ways to implement it in practice. We
highlight that the goal of our work is to take one
step closer to a comprehensive understanding of
social good rather than introducing a deterministic
answer about how to maximize social good with
NLP applications.
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Ethical and societal implications

Our paper establishes a framework to better under-
stand the definition of social good in the context
of NLP research, and lays out a recommended di-
rection on how to achieve it. The contributions of
our paper could benefit a focused, organized and
accountable development of NLP for social good.
The data used in our work is public, and without
privacy concerns.
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A ACL 2020 paper annotations

For the case study on ACL 2020 papers, such as
Figure 2 and 4, we collect the 570 long papers at
ACL 2020. An NLP researcher with four years of
research experience conducted the entire annota-
tion, so that the categorization is consistent across
all papers.4

The first annotation task is to categorize
all papers into one of the four stages in the
theory→application development. We showed the
annotator the description of the four stages in Sec-
tion 3.1. Next, provided with the title, abstract, and
PDF of each paper, the annotator was asked to an-
notate which of the four stages each paper belongs
to. The annotator had passed a test batch before
starting the large-scale annotation.

The second annotation task is to annotate the
research topics of the papers related to social good
at ACL 2020. If the paper has a clear social good
impact (89 out of 570 papers), the annotator needs
to classify the topic of the paper into one of the
given categories: bias mitigation, education, equal-
ity, fighting misinformation, green NLP, healthcare,
interpretability, legal applications, low-resource
language, mental healthcare, robustness, science
literature parsing, and others. For the other meta
information such as countries, or academia vs. in-
dustry, we decide based on the information of the
leading first author.

B More statistics about ACL 2020 papers

For the case study on ACL 2020 papers, we further
investigate the following statistics.

Stage 1-4 by countries. Recall that in Figure 2
of the main paper, we plot the distributions of pa-
pers by the four stages, and highlight the most
frequent topics in each stage. Additionally, it is
also interesting to explore the distribution of stages
for different countries. In Figure 5, we have the
following observations:

China does not have Stage-1 papers (i.e., funda-
mental theories), although it has the second largest
total number of papers. The reason might be that
there are not many Chinese researchers on linguis-
tic theories who publish at English conferences.

Most countries’ number of papers in the four
stages follows the overall trend (i.e., Stage-2 pa-
pers > Stage-3 papers > Stage-4 papers > Stage-1

4The annotation file has been uploaded to the softconf
system.

papers), with a few exceptions. For example, China
has almost the same number of papers in Stage 2
and 3, Germany has more papers in Stage 4 (i.e.,
deployed applications) than in Stage 3, and Canada
has the most papers in Stage 3.

Figure 5: Stage 1-4 of ACL 2020 papers by countries.

Social good topics by academia vs. industry.
As we call for more research attention to NLP for
social good, it is important to understand the affil-
iations behind the current social good papers. A
coarse way is to look at the affiliation of the first
author, and inspect whether the main work of the
paper is done by people from academia or industry.

Figure 6: Social good topics at ACL 2020 by affilia-
tions.

As in Figure 6, overall academia publishes sev-
eral times more papers on social good than the
industry. This ratio is higher than the average ra-
tio of papers from academia out of all ACL 2020
papers (389 from academia out of 570). Industry
does not have ACL 2020 papers on topics such as
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NLP ethics. Note that using statistics from ACL
papers alone could be limiting because researchers
in academia typically present almost all research
achievements through publications, but many in-
dustry researchers do not publish in public venues
such as ACL, although their research may impact
various products.
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Abstract

In this work, we propose a new task call-
ed Image-guided Story Ending Generation
(IgSEG). Given a multi-sentence story plot and
an ending-related image, IgSEG aims to gen-
erate a story ending that conforms to the con-
textual logic and the relevant visual concepts.
In contrast to the story ending generation task,
which generates open-ended endings, the ma-
jor challenges of IgSEG are to comprehend the
given context and image sufficiently, and mine
the appropriate semantics from the image to
make the generated story ending informative,
reasonable, and coherent. To address the chal-
lenges, we propose a Multi-layer Graph con-
volution and Cascade-LSTM (MGCL) based
model which mainly comprises of two collab-
orative modules: i) a multi-layer graph convo-
lutional network to learn the dependency rela-
tions of sentences and the logical clue of the
context; ii) a multiple context-image attention
module to generate the story endings by gradu-
ally incorporating textual and visual semantic
concepts. Our MGCL is thus capable of build-
ing logically consistent and semantically rich
story endings. To evaluate the proposed model,
we modify the existing VIST dataset to ob-
tain the VIST-Ending dataset. Empirically, our
MGCL outperforms all the strong baselines on
both automatic and human evaluation.

1 Introduction

As two challenging subtasks of story generation,
the story ending generation (SEG) and visual story-
telling (Huang et al., 2016; Zhao et al., 2018) have
attracted more attention recently. The former gen-
erates text-based story endings (Zhao et al., 2018;
Li et al., 2018; Guan et al., 2019). While, the lat-
ter generates photo-streams-based stories (Huang
et al., 2016; Wang et al., 2018; Hu et al., 2020) or
one-image-based stories (Gaur, 2019). Distinctly,

∗Corresponding author: Cai Yi (ycai@scut.edu.cn).
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Figure 1: In SEG, existing methods tend to generate
generic, safe, and inane story endings, e.g., (c). IgSEG
is designed to generate specific, reasonable and infor-
mative endings induced by the given ending-related im-
age. (d) is generated by the proposed MGCL model.

both of them are input with single-modal informa-
tion merely. Actually, people often confront with
demands to handle multi-modal inputs for generat-
ing a sentence or paragraph, e.g., comments gener-
ation given a news story and an image and picture
composition with a leading paragraph. However,
to our best knowledge, the SEG task incorporating
a context and an image is still under-explored.

Furthermore, due to the limited textual informa-
tion of the story context, the generated endings of
SEG models remain tending to be generic, safe,
and inane. To make the generation of story end-
ings more coherent, specific, and informative, we
consider introducing visual information to enrich
the generation of story endings. For example (cf.
Figure 1), the story context (a) mainly narrates that
the experience of someone went for gun training.
The story ending generated by SEG (c) just talks
about the feeling (e.g., happy) of the day, which
seems to be generic, safe, and unattractive for lack
of interesting events, imaginative conception, and
evocative plots. Meanwhile, Image Captioning (e)
generates the description of a given image (b) with-
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out any story context plot. Here, we introduce
the image to induce the development of the story
plot and guide the generation of the ending. The
image-guided story ending (d) is associated with
the senior semantic (e.g., proud) and events (e.g.,
hits) from the visual information. Obviously, this
ending seems to be high-quality compared with the
one generated by SEG.

We herein propose an Image-guided Story End-
ing Generation (IgSEG) task, which aims at gen-
erating a story ending with contextual plots and
an ending-related image. Models need to compre-
hend the story plots and the image information,
and grasp the visual semantic concepts strongly
related to the story plots (e.g., event, behavior, and
emotion). The main challenges of this task are
three-fold: (i) How to accurately select and capture
appropriate visual concepts matching the develop-
ment trend of the story plot from the image. (ii)
How to fuse the language and visual information
and model inter- and intra-modality relations ef-
ficiently. (iii) How to make the utmost of high-
level semantics mined from the image to write co-
herent, semantically-informative, and imaginative
story endings.

To capture the text contextual plots and merge vi-
sual features effectively, we propose a Multi-layer
Graph convolution and Cascade-LSTM (MGCL)
model. A multi-layer graph convolution module
is constructed to capture and encode the clues in-
formation (e.g., dependency relations (Zhang et al.,
2018)) hidden in context. In detail, following
(Huang et al., 2021), for each sentence, we con-
struct a graph over the dependency parsing tree and
conduct convolutional operations by Graph Convo-
lution Networks (GCN). We then employ attention
mechanism to compress each graph as one node
and deliver the node from low layer to high layer
for aggregation of inter-sentence information. Fur-
thermore, inspired by the work (Anderson et al.,
2018), we design a Multiple Context-Image Atten-
tion (MCIA) module to merge the contextual fea-
tures and the image features. Specifically, we apply
attention mechanism to weight sentence features
and image features separately, then concatenate
and feed them to the next Long Short Term Mem-
ory (LSTM) (Hochreiter and Schmidhuber, 1997)
cell. We perform experiments on the VIST-Ending
(VIST-E) dataset which is modified from the VIST
(Huang et al., 2016).

Our contributions can be summarized as follows:

• We define a new task termed IgSEG to gener-
ate coherent, specific, and informative story
endings guided by an ending-related image.
To our best knowledge, this is the first story
generation task with multi-modal inputs.

• We propose a model called MGCL, which
employs multi-layer graph convolutional op-
erations to capture story contextual plots and
multiple context-image attentions to merge
visual features effectively.

• Experiments show that our model outperforms
several strong baselines on the VIST-E dataset.
Human evaluations show that our model can
generate story endings with better grammati-
cality, logicality, and relevance.

2 Related Work

The IgSEG task is related to (i) Story Ending Gen-
eration (SEG) and (ii) Visual Storytelling (VIST).
SEG (Zhao et al., 2018) is a subtask of story gen-
eration, which aims to understand the context and
generate a coherent story ending. Many researchers
have made great efforts on SEG. To improve the
diversity and rationality of the generated story end-
ings, (Li et al., 2018) tried to employ a Seq2Seq
model based on adversarial training. Similarly,
(Guan et al., 2019) made the model generate a
reasonable ending by introducing external com-
monsense knowledge. Further, (Wang and Wan,
2019) adopted a transformer-based conditional au-
toencoder to capture contextual clues to improve
coherence of story endings. (Guan et al., 2020) pro-
posed a knowledge-enhanced pretraining approach
for generating more reasonable stories. (Huang
et al., 2021) proposed a multi-level GCN to capture
the dependency relations of input sentences. Al-
though previous studies have made great progress,
due to the limitations of the SEG task itself, the
generated endings tend to be generic and safe to
some extent.

IgSEG is relevant to VIST as well. VIST aims
to generate a coherent story according to an im-
age stream. The main difficulty of VIST is how
to generate image-relevant sentences. The previ-
ous works on VIST can be roughly divided into
three categories. The first category focuses on de-
signing specific model architectures to improve the
quality of the generated stories (Kim et al., 2018;
Wang et al., 2019). The second one generate more
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Figure 2: The Multi-layer Graph Convolutional Networks structure for context encoding. For intra-sentence in-
formation, each sentence is constructed as a graph over dependency parsing. For inter-sentence information, each
graph is compressed as one node and is delivered to next layer. The output representation of each graph (i.e., S1,
S2, S3, S4) are feed into decoder.

expressive output with reinforcement learning and
adversarial training (Wang et al., 2018; Huang et al.,
2019; Mo et al., 2019; Hu et al., 2020). The third
one generates more common-sense stories by incor-
porating external knowledge. (Yang et al., 2019; Li
et al., 2019; Wang et al., 2020; Jung et al., 2020).

However, the inputs of both SEG and VIST are
single-modal information. The work on generating
story endings given a textual sequence and an im-
age simultaneously is unexplored. Therefore we
propose the IgSEG task.

3 Methodology

3.1 Overview
The proposed IgSEG task aims to generate a story
ending conforming the given contextual and vi-
sual information. Given a story context X ={
X1, X2, · · · , Xµ

}
and an ending-related image

V, where Xµ = xµ1x
µ
2 · · ·xµc represents the µ-th

sentence with c words, IgSEG aims at generating a
story ending E = y1y2 · · · ym with m words.

To generate the contextual-consistent and image-
related story endings, we propose a Multi-layer
Graph convolutional networks and Cascade-LSTM
(MGCL) model based on the encoder-decoder
framework. In the encoder, we propose a Multi-
layer Graph Convolutional Networks (MGCN) over
dependency trees to learn the context representa-
tion (cf. Figure 2), and we extract the image fea-
tures with ResNet-152 (He et al., 2016). When

I went   to   a   gun            training                  class

nsubj compound compound

obj
case

det

Figure 3: Dependency parsing of a sentence.

decoding, we generate the story ending with the
cascaded LSTM framework. Specifically, we em-
ploy Top-Down LSTM to joint the context features
and image features. And we devise a Multiple
Context-Image Attention (MCIA) module to grasp
the image-related context and contextual-relevant
information of image for text generation. We will
introduce each part of MGCL below.

3.2 Story Context Representation
Graph Construction We parse the sentences with
Stanford Dependency tool (De Marneffe et al.,
2014) (cf. Figure 3). To capture the relations of
words in a sentence, we construct a graph G over
the dependency parsing tree for each sentence. Re-
garding the words x as nodes Ok, the word repre-
sentation ni as node feature, and the corresponding
relations on the dependency parsing tree as edges
ξk, the graph Gk of k-th sentence (k=1,2,3,4) can
be constructed:

Gk = (Ok, ξk). (1)

Multi-Layer GCN To deliver inter-sentence infor-
mation, we utilize attention mechanism to weight
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each node and sum them together as a new node
n
(k)
a for the (k + 1)-th layer GCN (cf. Figure 2):

Sk = [nk1 · · ·nkc ], (2)

θ = softmax(W k
0 Sk + bk0), (3)

nka =
n∑

i=1

θnki , (4)

where nki denotes the features of the i-th word of the
k-th sentence, W0 and b0 are trainable parameters.

After updating the nodes of (k + 1)-th layer
GCN, the graph Gk+1 structure is represented by
a (λ + k) × (λ + k) adjacency matrix Ak+1 =
{Aij , (i, j) ∈ (λ+ k)}. The corresponding value
Aij is 1 if the relation exists between node i and
node j, otherwise it is 0. The representations of
node i and its neighbor node j ∈ φ(i) are nk+1

i and
nk+1
j , respectively. To obtain the correlation score
wk+1
ij between node i and node j, we learn a con-

nected layer over concatenation of nodes features:

wk+1
ij = wTk+1σ

(
W k+1

1 [nk+1
i ;nk+1

j ] + bk+1
1

)
,

(5)
where wk+1, W k+1

1 , and bk+1
1 are trainable param-

eters, σ is the non-linear activation function, (·)T
denotes transpose operation, and [; ] denotes the
concatenation operation.

We apply the softmax function over the correla-
tion score wij to obtain the weight αij :

αk+1
ij =

exp(wk+1
ij )

∑
j∈φ(i) exp(wk+1

ij )
. (6)

In the adjacency matrix Ak+1, the value is αk+1
ij

if the relation exists between node i and node j,

otherwise is 0. The Ak+1
ij can be denoted as:

Ak+1
ij =

{
αk+1
ij nodes i, j are related

0 nodes i, j are unrelated
. (7)

For each node of the (k + 1)-th GCN layer, we
update the (h+ 1)-th representation of node nh+1

i

with aggregating the representations of h-th neigh-
boring nodes nhj . This procedure is denoted as:

nh+1
i = σ(Aiin

h
i +

∑

j∈φ(i)
Aij(W

h
2 n

h
j + bh2)), (8)

where W h
2 and bh2 are trainable parameters. By l

updates, the output Sk+1 of GCN is denoted as:

Sk+1 = [nk+1
1 · · ·nk+1

c ]. (9)

3.3 Decoder
The inputs of the decoder are the context features
S =

{
Sk
}4
k=1

and the image features v extracted
with the pre-trained model ResNet152 (He et al.,
2016), as shown in Figure 4.
Top-Down LSTM (TD) Following previous work
(Anderson et al., 2018), we employ Top-Down
LSTM to incorporate the visual information (cf.
Figure 4(a)). We operate LSTM over a single time
step in the decoder with the following notation:

ht = LSTM(xt, ht−1) (10)

where xt is the input vector of LSTM and ht is the
output vector. The inputs of TD module xDt con-
sists of the previous output hLt−1 of MCIA module,
the mean-pooled image features v̄, and the embed-
ding of the previously generated word E(wt−1),
where t denotes the current time step.

To incorporate the context information, we mod-
ify the original inputs of TD. Firstly, we calculate
the mean-pooled context features s̄:

s̄ =
1

µ

1

c

µ∑

k=1

c∑

i=1

nki , (11)
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where µ denotes the number of sentences, c de-
notes the number of words of each sentence, nki
denotes the representation of the i-th word of the
k-th sentence. Then, the vector xDt is denoted as:

xDt = [hLt−1; s̄; v̄;E(wt−1)]. (12)

Multiple Context-Image Attention (MCIA) To
merge the context features and image features, we
devise the MCIA module. The MCIA module con-
sists of four LSTM layers (cf. Figure 4(b)), which
share all the parameters. The output hDt of TD
is input to the MCIA module. Given the output
hkt of (k − 1)-th LSTM layer in MCIA module
(h1t = hDt ), at each time step, we calculate the
normalized attention weight aki,t for each of word
representations nki of the k-th sentence:

aki,t = (wka)T tanh(W k
a n

k
i +W hk

a hkt ), (13)

where wka , W k
a , and W hk

a are trainable parameters.
The convex combination of all words ŝkt can be
calculated by nki :

βki,t = softmax(akt ), (14)

ŝkt =
c∑

i=1

βki,tn
k
i . (15)

Likewise, we calculate the normalized weight bki,t
for features vi of each region of the image:

bki,t = (wkb )T tanh(W k
b vi +W hk

b hkt ), (16)

where wkb , W k
b , and W hk

b are trainable parameters.
The convex combination of the image v̂kt can be
calculated by the image features vi:

γki,t = softmax(bkt ), (17)

v̂kt =

M∑

i=1

γki,tvi, (18)

where M denotes the the number of region of the
image. We concatenate ŝkt , v̂kt , and hkt as inputs of
the next LSTM layer:

xk+1
t = [ŝkt ;h

k
t ; v̂

k
t ]. (19)

Given the output hLt of MCIA module, we calculate
the conditional distribution over possible output
words at each time step as follows:

p(yt|y1:t−1) = softmax(Wph
L
t + bp), (20)

where Wp and bp trainable parameters, and y1:m
is the notation to refer to a sequence of words
(y1, · · · , ym). Finally, the product of conditional
distributions can be obtained by:

p(y1:m) =
T∏

t=1

p(yt|y1:t−1). (21)

4 Experiments

4.1 Dataset
To serve the IgSEG task, we modify the VIST
dataset (Huang et al., 2016) to obtain a VIST-
Ending (VIST-E) dataset, as shown in Table 1.
Specifically, we keep the first four sentences, the
ending sentence, and the last image of the photo
stream of the VIST dataset. We have removed the
stories which have corrupted images and rigmarole
sentences over 40 words.

Dataset Total Training Validation Test

VIST 50,200 40,155 4,990 5,055
VIST-E 49,913 39,920 4,963 5,030

Table 1: Statistics of VIST and VIST-E.

4.2 Baselines
We compare our model with following models.
Seq2Seq is a stack RNN-based model (Luong et al.,
2015) with attention mechanisms. Transformer is
a parallel model based solely on attention mech-
anisms (Vaswani et al., 2017). IE+MSA incor-
porates external knowledge with incremental en-
coding model for story ending generation(Guan
et al., 2019). T-CVAE is a transformer-based con-
ditional variational autoencoder for missing story
plots generation (Wang and Wan, 2019). To adapt
the IgSEG task, we rebuild above baselines by
concatenating visual features as inputs. For fair
comparison and testing our model, two variants
of MGCL are created with the same inputs of the
baselines. MG+CIA: We keep one Context-Image-
Attention (CIA) unit in the decoder of MGCL.
MG+Trans: We replace the decoder of MGCL
with Transformer.

4.3 Evaluation Metrics
Automatic Evaluation We adopt four automatic
metrics: BLEU (B) (Papineni et al., 2002) eval-
uates n-gram overlap between generated ending
and a reference. METEOR (M) (Banerjee and
Lavie, 2005) evaluates a generated sentence with
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Model B1 B2 B3 B4 M C R-L Gram. Logic. Rele.

Seq2Seq†(Luong et al., 2015) 13.96 5.57 2.94 1.69 4.54 12.04 16.84 1.59 1.61 1.65
Transformer†(Vaswani et al., 2017) 17.18 6.29 3.07 2.01 6.91 12.75 18.23 3.01 2.15 1.96
IE+MSA†(Guan et al., 2019) 19.15 5.74 2.73 1.63 6.59 15.56 20.62 3.41 2.09 1.52
T-CVAE†(Wang and Wan, 2019) 14.34 5.06 2.01 1.13 4.23 11.49 15.51 1.89 1.76 1.25

MG+Trans† (ours) 19.43 7.47 3.92 2.46 7.63 14.42 19.62 3.46 2.77 2.60
MG+CIA† (ours) 20.91 7.46 3.88 2.35 7.29 19.88 21.12 2.80 2.35 1.97
MGCL (our full model) 22.57 8.16 4.23 2.49 7.84 21.46 21.66 3.51 3.17 2.75

Table 2: Experiments on the VIST-E dataset for the IgSEG task (p-value < 0.01). The bold / underline denotes the
best and the second performance, respectively. † denotes the image features are directly concatenated.

Model B2 B4 M C R-L

MGCL 8.16 2.49 7.84 21.46 21.66

w/o MGCN 7.11 2.03 7.23 20.26 19.74
w/o TD 5.18 1.04 6.74 10.33 18.93
w/o MCIA 7.17 2.17 7.13 17.62 19.75
w/o TD, MCIA 3.96 0.77 5.49 8.66 17.64

Table 3: Ablation studies. “w/o” means “without”.

direct word-ordering. CIDEr (C) (Vedantam et al.,
2015) evaluates the similarity of a generated sen-
tence against the references by human consensus.
ROUGE-L (R-L) (Lin, 2004) is applied to find the
length of the longest common subsequence.
Human Evaluation Considering the limitation of
automatic evaluation and the complexity of the
IgSEG task, it is necessary to conduct human eval-
uation. The criteria of human evaluation includes
three aspects: Grammaticality (Gram.) (Wang
and Wan, 2019) evaluates correct, natural, and
fluent of the generated story endings. Logicality
(Logic.) (Wang and Wan, 2019) evaluates whether
the story endings are reasonable and coherent. Rel-
evance (Rele.) (Yang et al., 2019) measures how
relevant the generated story endings and the input
images are. We randomly pick 100 generated story
endings from test-set for each model and employ
three professional annotators skills to make eval-
uation. Following (Yang et al., 2019), we apply a
5-grade marking system, with 5 as the maximum
grade and 1 as the worst. The final results are the
average of the scores given by the three annotators.

4.4 Experimental Settings

The dimension of word embedding is 300 from
GloVe.6B (Pennington et al., 2014). The update
times of each GCN is 5, the maximum number of
nodes in GCN is 43. The hidden layer dimension of
all LSTM is 512. The number of LSTM layer is 4
in MCIA module. The dimension of image features

is 7× 7× 2048 from ResNet-152 (He et al., 2016).
During training on the VIST-E dataset, the epoch is
set to 30 and the batch size is 128. The optimizer is
Adam with an initial learning rate of 4e-4. All base-
lines keep their own default settings. The dropout
rate is 0.5. Specially, inputs of Seq2Seq, Trans-
former, IE+MSA, and T-CVAE are concatenated
with context representations and image features.

4.5 Result Analysis

Automatic and Manual Evaluation
We perform experiments on the VIST-E dataset

comparing with several strong baselines, i.e.,
Seq2Seq, Transformer, IE+MSA, and T-CVAE.

The results of automatic and manual evaluation
are shown in Table 2. We have done significant test
comparing our model with these baselines by run-
ning all these models ten times. The results shows
that our model significantly outperforms them with
all p-values < 0.01. Specifically, our model im-
plements an improvement of 8.66 / 5.39 / 3.42 /
8.23 / 3.14 / 1.66 over the Seq2Seq / Transformer
/ IE-MAS / T-CVAE / MG+Trans / MG+CIA on
B1. As for B4, our model achieves an improve-
ment of 0.8 / 0.48 / 0.86 / 1.36 / 0.03 / 0.14 over
the Seq2Seq / Transformer / IE-MAS / T-CVAE
/ MG+Trans/ MG+CIA. With respect to M, our
model outperforms the Seq2Seq / Transformer /
IE-MAS / T-CVAE / MG+Trans / MG+CIA by 3.3
/ 0.93 / 1.25 / 3.61 / 0.21 / 0.55. And for R-L,
our model implements an improvement of 4.82 /
3.43 / 1.04 / 6.15 / 2.04 / 0.54 over the Seq2Seq
/ Transformer / IE-MAS / T-CVAE / MG+Trans /
MG+CIA. The results show that our MGCL model
can comprehend the context better with the MGCN
module, and merge the context features and image
features effectively with the MCIA module.

Our MGCL model also outperforms baselines
on all manual evaluation. Compared with the best
baseline, Gram. increases from 3.46 to 3.51, Logic.
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Model B1 B2 B4 M R-L

Seq2Seq 14.27 4.27 1.05 6.02 16.32
Transformer 17.06 6.18 1.57 6.55 18.69
IE+MSA 20.11 6.62 1.68 6.87 21.27
T-CVAE 20.36 6.63 1.88 6.74 20.98
Plan&Write 20.92 5.88 1.44 7.10 20.17
KE-GPT2 21.92 7.40 1.90 7.41 20.58

MG+Trans (ours) 18.55 6.76 2.33 7.31 19.02
MGCL (ours) 20.27 6.26 1.81 6.91 21.01

Table 4: Experiments on the VIST-E dataset (plain text)
for the SEG task. The bold / underline denotes the best
and the second performance, respectively.

increases from 2.77 to 3.17, and Rele. increases
from 2.60 to 3.75. It shows that our model can
generate the more coherent and reasonable story
endings than other baselines. Notably, our model
has a good performance on Rele., which shows that
MCIA module is helpful for enhancing the link of
the generated story endings with the images.
Ablation Study To explore the effectiveness of our
MGCL, we perform the ablation experiments on
VIST-E (cf. Table 3). When removing the MGCN
module and using the hidden features of the previ-
ous LSTM directly, the performance of our model
drops 0.46 on B4, 0.61 on M, 1.2 on C, and 1.92
on R-L, respectively. When removing the MCIA
and using hidden features of TD directly, the per-
formance drops 0.32 on B4, 0.71 on M, 3.84 on C,
and 1.91 on R-L, respectively. When removing TD
and MCIA and using a LSTM unit to decoder, the
performance drops 1.72 on B4, 2.35 on M, 12.8
on C, and 4.02 on R-L. All of the these show that
the MGCN module and MCIA module can help to
generate the more contextual-consistent and image-
related story endings.
Comparison on SEG To verify the effectiveness
of image guidance, we conduct experiments on
VIST-E dataset removing the image. The auto-
matic evaluation results are shown in Table 4. Com-
pared with the corresponding results in Table 2, the
Seq2Seq, Transformer, and our models have poor
performance overall, which indicates the image
is helpful for generating better endings. But for
IE+MSA and T-CVAE model, they have poor per-
formance when adding the image. One possible
reason is that they are designed for the textual story
generation specially, so it is hard to change to gen-
erate better story endings with an image. Further,
we also conduct the SEG experiments with another
two recent models, the Plan&Write model (Yao
et al., 2019) and the pretrained language KE-GPT2

model (Guan et al., 2020). The results show that
KE-GPT2 achieves the best performance on the
plain text dataset, while our models are close to it.

Task Noun Verb Adjective

IgSEG 11,659 11,050 6,508
SEG 9,808 9,027 5,835

Table 5: Statistics of Noun, Verb, and Adjective in the
generated sentences of our MGCL model.

To research the quantity transformation of part
of speech, we count the number of Noun, Verb, and
Adjective in the generated story endings (cf. Table
5). With the guidance of image, the story endings
achieves an improvement of 18.87%, 22.41%, and
11.53% on Noun, Verb, and Adjective, respectively.
The results indicates that the MGCL model can
enrich story endings on the IgSEG task.

4.6 Visualization and Case Study

To explicitly demonstrate our model, we present
the visualization and case study (cf. Figure 5).

The context (Figure 5(a)) is mainly about peo-
ple going to the seaside for a holiday. The context
is encoded by the MGCN module, and fed with
the image features together into the MCIA module.
Key words are marked in red by our model, the
darker means more important. The entities, events,
and emotion (e.g., We, go, trip, and exciting) are
assigned more attention weights by our model. It
shows that our model can understand the seman-
tic information of context sufficiently. Similarly,
we present visualization for image (Figure 5(b)).
The regions in darker red are where our model fo-
cuses on. Our model pays more attention to the
regions with the important objects (e.g., bridge,
city, and sky, which can be regarded as view). It
shows that our model can also capture the vital vi-
sual concepts in the image. As shown in Figure
5(c), we present the cases of baselines on SEG
and IgSEG, respectively. On SEG, the Seq2Seq
model generates a long ending with repeat words
, but it is still reasonable. The Transformer and
T-CVAE generate the generic endings with positive
sentiment. Our model generates the sentence de-
scribing how “we” ended the day, which is more
interesting. On IgSEG, all the models generate the
more specific endings where the visual concepts
are mentioned. These cases show that our model
can capture context-relevant image concepts and
generate informative story plots.
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GT: We spent the rest of the day on the water, it was a great day!

Visualization of Sentence Attention Weights

(a)

Visualization of Image Attention Weights

Att1 Att2 Att3 Att4

(b)

(c)

SEG IgSEGModel

Seq2Seq

Tramsformer

T-CVAE

Ours

At the end of the day,  we went back to location location and 
view what a beautiful sky, it was a trip home from many times.

At the end of the day, we had a great time.

We were glad to be going to the future.

We went to the bridge.

After that we decided to go back to the beach.

We these the tired enjoy my day in a nap.

We ended the day by watching the bridge and 
enjoy the view.

X1:Everyone was excited to be going on vocation.

X2:We stopped at a memorial and spent our time reading about

the history of it.

X3:It was fourth of July that day, we were proud to be American.

X4:We decided to go on a diving trip, it seemed exciting.

IE+MSA We were all gone, but we had fun all the time. We have the great time at the beach

MG+Trans(Ours) We ended the day with a beautiful sunset. It was a great day at the beach.

Ours
†

We ended the day with a beautiful view of the water.

We have the great time at the beach.We ended the day with a great view.

Figure 5: Visualization and case study. The regions where are dark in color of sentences and images mean that
model pays more attention to. GT denotes Ground True. (Best viewed in color)

We ended the day with a group of friends. They were very proud of the accomplishment.

GT: In the end we all became friends.
GT: Even though they were wet at the end of the day they 

felt as sense of accomplishment

(a) (b)

My company went on a team building adventure.

We took part in many games.

We learned how to work together.

We built our own raft.

My company went on a team building adventure.

We took part in many games.

We learned how to work together.

We built our own raft.

The team went on a team building exercise.

Some of the members of the group created rafts with tubes and long poles.

Other members of the group carried individual tubes on sticks to the water.

After the rafts were constructed many of the team members put them in the 
water to test them out.

The team went on a team building exercise.

Some of the members of the group created rafts with tubes and long poles.

Other members of the group carried individual tubes on sticks to the water.

After the rafts were constructed many of the team members put them in the 
water to test them out.

We ended the day with a group of friends. They were very proud of the accomplishment.

GT: In the end we all became friends.
GT: Even though they were wet at the end of the day they 

felt as sense of accomplishment

(a) (b)

My company went on a team building adventure.

We took part in many games.

We learned how to work together.

We built our own raft.

The team went on a team building exercise.

Some of the members of the group created rafts with tubes and long poles.

Other members of the group carried individual tubes on sticks to the water.

After the rafts were constructed many of the team members put them in the 
water to test them out.

Figure 6: Different story context guided by the same ending-related image for IgSEG.

To vividly demonstrate the impact of image on
IgSEG task, we show the generation cases (cf. Fig-
ure 6) which are offered the same ending-related
image but the different story context. The content
of image is that five people are very happy and
jump in front of camera. The generated endings (a)
and (b) are both coherent with their corresponding
context. The context (a) has the logic chain (e.g.,
team building → took part in games → work to-
gether → built raft), and the context (b) has the
logic chain (e.g., team building→ created raft→
carried tubes→ rafts test). According to different
logic chains, our model may focus on different re-
gions of image and generate the story endings with
the various semantics. The context (a) merely links
to number of people in the image (e.g., friends),
while the context (b) may be associated with peo-

ple’s postures and emotions (e.g., dump and laugh
mean proud). To some extent, our MGCL model
is able to capture some latent high-level semantics
(e.g., pride and celebration) hidden in the image.

5 Conclusion

We propose a new task termed Image-guided Story
Ending Generation. We transform the VIST dataset
to VIST-Ending for IgSEG. We propose a MGCL
model which uses a multi-layer graph convolu-
tional networks to capture intra- and inter-sentence
relations, a multiple context-image attention mod-
ule to merge the context features and image fea-
tures. Results on automatic and manual evaluation
show that our model outperforms all the baselines.
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Abstract

Query focused summarization (QFS) models
aim to generate summaries from source docu-
ments that can answer the given query. Most
previous work on QFS only considers the
query relevance criterion when producing the
summary. However, studying the effect of an-
swer relevance in the summary generating pro-
cess is also important. In this paper, we pro-
pose QFS-BART, a model that incorporates
the explicit answer relevance of the source doc-
uments given the query via a question answer-
ing model, to generate coherent and answer-
related summaries. Furthermore, our model
can take advantage of large pre-trained mod-
els which improve the summarization perfor-
mance significantly. Empirical results on the
Debatepedia dataset show that the proposed
model achieves the new state-of-the-art perfor-
mance.1

1 Introduction

Query focused summarization (QFS) models aim
to extract essential information from a source doc-
ument(s) and organize it into a summary that can
answer a query (Dang, 2005). The input can be
either a single document that has multiple views
or multiple documents that contain multiple top-
ics, and the output summary should be focused
on the given query. QFS has various applications
(e.g., a personalized search engine that provides
the user with an overview summary based on their
query (Su et al., 2020b)).

Early work on the QFS task mainly focused on
generating extractive summaries (Davis et al., 2012;
Daumé III and Marcu, 2006; Feigenblat et al., 2017;
Xu and Lapata, 2020b), which may contain un-
readable sentence ordering and lack cohesiveness.

∗∗ The two authors contribute equally.
1The code is released at: https://github.com/

HLTCHKUST/QFS

Document: Interrogator Ali Soufan said in an
April op-ed article in the New York Times: “It is
inaccurate to say that Abu Zubaydah had been un-
cooperative [and that enhanced interrogation tech-
niques supplies interrogators with previously un-
obtainable information]. Along with another f.b.i.
agent and with several c.i.a. officers present I ques-
tioned him from March to June before the harsh
techniques were introduced later in August. Under
traditional interrogation methods he provided us
with important actionable intelligence.”
Query: Are traditional interrogation methods in-
sufficient?
Summary: The same info can be obtained by tra-
ditional interrogations.

Table 1: An example of QFS. The input is a document
and a corresponding query, and the highlight sentence
is the answer from our QA module. We observe that
the summary and the answers are very correlated.

Other work on abstractive QFS incorporated the
query relevance into existing neural summarization
models (Nema et al., 2017; Baumel et al., 2018).
The closest work to ours was done by (Su et al.,
2020a) and (Xu and Lapata, 2020a,b), who lever-
aged an external question answering (QA) module
in a pipeline framework to take into consideration
the answer relevance of the generated summary.
However, they only used QA as distant supervi-
sion to retrieve relevant segments for generating
the summary, but did not take into consideration
the answer relevance in the generation model. As
shown in the Table 1, the query focused summary
is correlated to the answer extracted from the QA
module.

On the other hand, recent neural summariza-
tion models (Paulus et al., 2017; Gehrmann et al.,
2018; Zhang et al., 2020) have achieved remarkable
performance in generic abstractive summarization
by taking advantage of large pre-trained language
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models (Lewis et al., 2019; Zhang et al., 2020). Yet,
how to leverage these models and adapt them to
the QFS task remains unexplored.

In this work, we propose QFS-BART, a BART-
based (Lewis et al., 2019) framework for abstrac-
tive QFS that incorporates explicit answer rele-
vance. We leverage a state-of-the-art QA model (Su
et al., 2019) to predict the answer relevance of the
given source documents to the query, then further
incorporate the answer relevance into the BART-
based generation model. We conduct empirical
experiments on the Debatepedia dataset, one of the
first large-scale QFS datasets (Nema et al., 2017),
and achieve the new state-of-the-art performance
on the ROUGE metrics compared to all previously
published work.

Our contributions in this work are threefold:

• Our work demonstrates the effectiveness of
the answer relevance score in neural abstrac-
tive QFS.

• We propose an effective method to incorpo-
rate the answer relevance score into the pre-
trained language models which can produce
more query-relevant summaries.

• Our model reaches the state-of-the-art perfor-
mance on a single-document QFS dataset (De-
batepedia), and brings substantial improve-
ments over several strong baselines on two
multi-document QFS datesets (DUC 2006,
2007).

2 Related Work

Abstractive summarization models aim to gener-
ate short, concise and readable text that extracts
the salient information from a document. In the
past few years, significant achievements (See et al.,
2017; Liu and Lapata, 2019; Lewis et al., 2019;
Dong et al., 2019) have been made in the generic
abstractive summarization task which is attributed
to the advanced neural architectures and the avail-
ability of large-scale datasets (Sandhaus, 2008; Her-
mann et al., 2015; Grusky et al., 2018).

QFS is a more complex task that aims to gener-
ate a summary according to the query and its rele-
vant document(s). Nema et al. (2017) proposed an
encode-attend-decode system with an additional
query attention mechanism and diversity-based
attention mechanism to generate a more query-
relevant summary. Baumel et al. (2018) incorpo-

Embedding

Summary (shift right)

Self-Attention

Add & Norm

Encoder-decoder
Attention

Add & Norm

Embedding

Document, Query

Self-Attention

Add & Norm

Feed-Forward

Add & Norm

QA Module Aar

N× N×

Feed-Forward

Add & Norm

Linear

Softmax

Summary 

Figure 1: The framework of QFS-BART. The QA mod-
ule calculates the answer relevance scores, and we in-
corporate the scores as explicit answer relevance atten-
tion to the encoder-decoder attention.

rated query relevance into a pre-trained abstrac-
tive summarizer to make the model aware of the
query, while Xu and Lapata (2020a) discovered
a new type of connection between generic sum-
maries and QFS queries, and provided a universal
representation for them which allows generic sum-
marization data to be further exploited for QFS. Su
et al. (2020b), meanwhile, built a query model for
paragraph selection based on the answer relevance
score and iteratively summarized paragraphs to a
budget. Although Xu and Lapata (2020a) and Su
et al. (2020b) utilized QA models for sentence- or
paragraph- level answer evidence ranking, they did
not make use of answer relevance to query-forcused
generation.

To the best of our knowledge, we are the first
to leverage explicit answer relevance to abstractive
QFS. In addition, our approach can be easily com-
bined with pre-trained Transformers (Song et al.,
2019; Dong et al., 2019; Lewis et al., 2019; Xiao
et al., 2020), which have shown great success for
the generic abstractive summarization task.

3 Methodology

In this section, we present our approach to incorpo-
rating the answer relevance into QFS. First, we in-
troduce the method of generating answer relevance
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scores. Then, we describe our answer relevance
attention in the Transformer-based model. Third,
we introduce our QFS-BART model in which the
decoder is composed of a stack of answer relevance
decoding layers, as shown in Figure 1.

3.1 Answer Relevance Generation

In recent years, neural models (Yang et al., 2019a;
Su et al., 2019) have shown remarkable achieve-
ments in QA tasks. In order to apply QA mod-
els to the QFS task, we use HLTC-MRQA (Su
et al., 2019) to generate the answer relevance score
for each word in context. The reason for choos-
ing HLTC-MRQA is twofold: 1) it shows robust
generalization and transferring ability on differ-
ent datasets, and 2) the model shows great perfor-
mance in QA tasks and significantly outperforms
the BERT-large baseline by a large margin. The
HLTC-MRQA is introduced as follows.

Based on XLNet (Yang et al., 2019b), HLTC-
MRQA is fine-tuned on multiple QA datasets with
an additional multilayer perceptron (MLP). Given
a context that contains n words, the model outputs
a distribution s ∈ (0, 1) for each word’s probability
of being the start word of the answer and a prob-
ability distribution e ∈ (0, 1) to be the end word
of answer. To generate the answer relevance score
r for each word, we calculate it by summing two
distributions:

r = s+ e, (1)

where r ∈ (0, 2).

3.2 Answer Relevance Attention

Scaled dot-product attention (Vaswani et al., 2017)
is the core-component of the Transformer-based
model:

Attention(Q,K, V ) = softmax(
QKT

√
d
V ),

(2)
where d is the dimension of the query matrixQ, key
matrix K and value matrix V . The Transformer en-
coder is constructed by self-attention layers, where
all of the keys, values and queries come from the
input sequence. This makes each token in the in-
put attend to all other tokens. The Transformer
decoder layer is a combination of a self-attention
layer and encoder-decoder attention layer. In the
encoder-decoder attention layer, the query comes
from the decoder’s self-attention layer, and the key
and value come from the output of the encoder.

This allows every generated token to attend to all
tokens in the input sequence.

In this work, we propose to incorporate the word-
level answer relevance score as additional explicit
encoder-decoder attention in the transformer de-
coder. Given a document with n tokens, we gen-
erate a summary with a maximum length of m
tokens. Let xl ∈ Rn∗d denotes the output of the
l-th transformer encoder layer and yl ∈ Rm∗d de-
notes the output of the l-th transformer decoder
layer’s self-attention layer. The encoder-decoder
attention αl ∈ Rm∗n can be computed as:

αl = softmax(
(ylWQ)(x

lWK)√
dk

+Aar), (3)

where WQ and WK ∈ Rdk∗dk are parameter
weights and Aar ∈ Rm∗n is our explicit answer
relevance score. Since the original answer rele-
vance score is an n-dimensional vector, we repeat
it m times to generate an m by n attention ma-
trix, which means our answer relevance attention
is equal to all generated tokens.

3.3 QFS-BART

Generative pre-trained models (Dong et al., 2019;
Lewis et al., 2019; Raffel et al., 2019) have shown
remarkable performance in natural language gen-
eration (NLG), including text summarization. We
choose to combine our answer relevance attention
with BART (Lewis et al., 2019), a denoising au-
toencoder built with a sequence-to-sequence model,
for two reasons: 1) BART achieves state-of-the-
art performance on several summarization datasets
(i.e. CNN/DailyMail (Hermann et al., 2015) and
Xsum (Narayan et al., 2018)). 2) BART follows
the standard Transformer encoder-decoder archi-
tecture, and we can easily combine the answer rel-
evance as explicit attention to the encoder-decoder
attention layers. In detail, we incorporate the same
answer relevance attention for all Transformer de-
coder layers.

Domain adaption for natural language process-
ing tasks is widely studied (Blitzer et al., 2007;
Daumé III, 2009; Liu et al., 2020; Yu et al., 2021).
Hua and Wang (2017) first studied the adaptation
of neural summarization models and showed that
the models were able to select salient information,
even when trained on out-of-domain data. Inspired
by this, we leverage a two-stage fine-tuning method
for our QFS-BART. In the first stage, we directly
fine-tune the original BART model with the Xsum
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Models ROUGE-1 ROUGE-2 ROUGE-L
Without Pre-training

Transformer (Vaswani et al., 2017) 28.16 17.48 27.28
Transformer (CONCAT) 41.72 33.62 41.25
Transformer (ADD) 41.10 33.35 40.72
SD2* (Nema et al., 2017) 41.26 18.75 40.43
CSA Transformer* (Xie et al., 2020) 46.44 37.38 45.85

With Pre-training
RSA Word Count* (Baumel et al., 2018) 53.09 16.10 46.18
QR-BERTSUM-TL* (Laskar et al., 2020) 57.96 45.20 57.05
BART-FT 57.98 43.62 56.30
QFS-BART 59.02 44.59 57.44

Table 2: ROUGE-F1 scores for Debatepedia QFS dataset. Results with * mark are taken from the corresponding
papers. The previous work can be divided into two categories: 1) training the models from scratch, and 2) using
pre-trained models and fine-tuning on a QFS dataset.

dataset, and in the second stage, we fine-tune our
QFS-BART model with QFS datasets. All the pa-
rameters in the model are initialized from the first
stage. In order to make the model capture both
query relevance and answer relevance, the input
text is formatted in the following way:

[CLS] document [SEP] query.
The answer relevance attention score for the doc-

ument is generated by the QA model, and we take
the maximum number in the document as the atten-
tion score for all the words in the query.

4 Experimental Setup

Datasets We use multiple QA datasets, in-
cluding SQuAD (Rajpurkar et al., 2016),
NewsQA (Trischler et al., 2016), TriviaQA (Joshi
et al., 2017), SearchQA (Dunn et al., 2017),
HotpotQA (Yang et al., 2018) and NaturalQues-
tions (Kwiatkowski et al., 2019) to train HLTC-
MRQA, following Su et al. (2019). We evaluate
our model on the Debatepedia dataset (Nema et al.,
2017) and DUC2005-7 dataset (in Appendix).

Training Details For all the experiments, we use
the BART-large version to implement our models.
We use a mini-batch size of 32 and train all the
models on one V100 16G. During decoding, we use
beam search with the beam size of 4. We decode
until an end-of-sequence token is emitted and early
stop when the generated summary reaches to 48
tokens.

5 Results & Analysis

We compare our proposed QFS-BART model with
the following models: 1) Transformer does not
consider the queries in the Debatepedia dataset. 2)

Document: Interrogator Ali Soufan said in an
April op-ed article in the New York Times: “It is
inaccurate to say that Abu Zubaydah had been un-
cooperative [and that enhanced interrogation tech-
niques supplies interrogators with previously un-
obtainable information]. Along with another f.b.i.
agent and with several c.i.a. officers present I ques-
tioned him from March to June before the harsh
techniques were introduced later in August. Under
traditional interrogation methods he provided us
with important actionable intelligence.”
Query: Are traditional interrogation methods in-
sufficient?
BART-FT: Al Qaeda detainee Abu Zubaydah has
been cooperative under traditional interrogation.
QFS-BART: The same info can be obtained by
traditional interrogation.
Gold: The same info can be obtained by traditional
interrogations.

Table 3: A example taken from Debatepedia test set.
The generated summary from QFS-BART is almost
the same as the gold summary.

Transformer (CONCAT) concatenates the query
and the document. 3) Transformer (ADD) adds
the query encoded vector to the document en-
coder. 4) SD2 adds a query attention model
and a new diversity-based attention model to the
encode-attend-decode paradigm. 5) CSA Trans-
former combines conditional self-attention (CSA)
with Transformer. 6) RAS Word Count incorpo-
rates query relevance into a pre-trained abstrac-
tive summarization model. 7) QR-BERTSUM-
TL presents a transfer learning technique with the
Transformer-based BERTSUM model (Liu and La-
pata, 2019). 8) BART-FT concatenates the doc-
ument and query, and directly fine-tunes on the
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Debatepedia dataset.
We adopt ROUGE score (Lin, 2004) as the

evaluation metric. As shown in Table 2, QFS-
BART significantly outperforms the models with-
out pre-training. Compared with the models utiliz-
ing pre-training, ours improves the ROUGE-1 and
ROUGE-L scores by a large margin.

5.1 Case Study

We present a case study comparing between the
strong baseline BART-FT model, our QFS-BART
model and the gold summary, shown in Table 3. It’s
clear that the baseline model tends to copy spans
from the document which are not directly related
to the query and the QFS-BART model produces a
more query- and answer- related summary.

6 Conclusions

In this work, we propose QFS-BART, an abstrac-
tive summarization model for query focused sum-
marization. We use a generalizing QA model
to make explicit answer relevance scores for all
words in the document and combine them to the
encoder-decoder attention. We also leverage pre-
trained model (e.g. BART) and two-stage fine-
tuning method which further improve the summa-
rization performance significantly. Experimental
results show the proposed model achieves state-of-
the-art performance on Debatepedia dataset and
outperforms several comparable baselines on DUC
2006-7 datasets.
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A Adapting QFS-BART to DUC 2005-7

DUC 2005-7 are datasets for the multi-document
query focused summarization (QFS) task. As
shown in the Table 4, the documents and sum-
maries of the DUC datasets are extremely longer
than those in the Debatepedia (Nema et al., 2017)
dataset. We thus need to adapt the QFS-BART
model to handle the multi-document scenario and
produce longer output.

Datasets Document(s) Query Summary
Debatepedia 66.40 11.16 9.97
DUC 2005 20058.12 26.60 243.56
DUC 2006 14330.14 23.30 246.84
DUC 2007 10759.17 21.57 243.94

Table 4: Average length of the input documents,
queries and output summaries for the Debatepedia and
DUC 2005-7 datasets. For the DUC datasets, we add
up the lengths of all the documents related the same
query

In this paper, we introduce a two-step architec-
ture: 1) Retrieve answer-related sentences given
the query, rank them by the confidence score (gen-
erated from Equation 4) and concatenate them. 2)
Use our QFS-BART to produce an abstractive sum-
mary.

A.1 Answer Retrieving

We split documents into paragraphs and feed each
paragraph to the QA model to get answer-related
sentences. Then the sentences are ranked by the
confidence score.

Document Segmentation The QA model selects
one answer span given an input document, and the
sentences that contain the span will be chosen as
the answer-related sentences. Since we only retain
the answer-related sentences as input to the next
step, we set the maximum paragraph length to 300
words to avoid missing too much information in
this step. Specifically, we feed text to the paragraph
sentence by sentence until it reaches the maximum
length.

Answer Relevance Ranking The paragraphs
are fed to the QA model to generate answer-related
sentences and the corresponding answer relevance
scores. We align each sentence with a confidence
score from the corresponding answer span. The
confidence score is defined as:

confidence score = Pstart + Pend, (4)

where Pstart and Pend is two probability
distributions over the tokens in the context.
Pstart(i)/Pend(i) the probability of the i-th token
is the start/end of the answer span in context.

A.2 Summary Generation

We use the answer-related sentences and their an-
swer relevance scores as the input to the QFS-
BART model. The DUC 2005 dataset is used
as a development set to optimize the model, and
we evaluate the performance on the DUC 2006-
7 dataset. We compare our QFS-BART with the
following models.

Models DUC 2006 DUC 2007
1 2 SU4 1 2 SU4

LEAD 32.1 5.3 10.4 33.4 6.5 11.3
TEXTRANK 34.2 6.4 11.4 35.8 7.7 12.7
HLTC-MRQA 39.1 8.3 13.5 40.6 9.6 14.7
BART-CAQ* 38.3 7.1 12.9 40.5 9.2 14.4
BART-FT 38.9 8.5 13.9 40.4 10.0 15.1
QFS-BART 39.4 8.6 14.1 39.22 9.39 14.34

Table 5: ROUGE-F1 scores for DUC 2006-7 dataset.
Results with * mark are taken from the corresponding
papers.
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LEAD (Xu and Lapata, 2020c) returns all lead-
ing sentences of the most recent document up to
250 words.

TEXTRANK (Mihalcea and Tarau, 2004) is a
graph-based ranking model that incorporate two
unsupervised methods for keyword and sentence
extraction.

HLTC-MRQA truncates the ranked answer re-
lated sentences from our first step as the extractive
summary.

BART-CQA (Su et al., 2020b) uses QA models
for paragraph selection and iteratively summarizes
paragraphs to 250 words.

We adopt ROUGE-F1 score (Lin, 2004) as the
evaluation metric. As shown in Table 5, HLTC-
MRQA significantly outperforms the LEAD and
TEXTRANK baselines, which indicates the effec-
tiveness of our answer retrieval. However, QFS-
BART does not perform well on DUC 2006-7
datasets. We conjecture that the model can not
converge to the task well with limited training sam-
ples (DUC 2005 contains only 300 samples).
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Abstract

We propose a Bi-Directional Manifold Align-
ment (BDMA) that learns a non-linear map-
ping between two manifolds by explicitly
training it to be bijective. We demonstrate
BDMA by training a model for a pair of lan-
guages rather than individual, directed source
and target combinations, reducing the num-
ber of models by 50%. We show that mod-
els trained with BDMA in the “forward”
(source to target) direction can successfully
map words in the “reverse” (target to source)
direction, yielding equivalent (or better) per-
formance to standard unidirectional translation
models where the source and target language
is flipped. We also show how BDMA reduces
the overall size of the model.

1 Introduction

Learning continuous vector representations of em-
beddings is an expensive exercise as it requires
a large quantity of free text to train stable repre-
sentations (Sahin et al., 2017). Learning word em-
beddings in the English language is relatively easy
since a model can make use of free text online from
sources like Wikipedia, but it is challenging to learn
embeddings for natural languages where the free
text is limited (low-resource languages). Resource-
constrained languages suffer from dual problems
of reduced quality of embeddings and their vocab-
ulary being small. Cross-lingual words embedding
(CLWE) models alleviate this problem but are often
linear mapping functions that align the source and
target language manifolds, since non-linear map-
ping functions such as neural networks are unidirec-
tional and known to perform poorly as compared
to their linear counterparts (Ruder et al., 2019).

In this paper, we propose Bi-Directional Man-
ifold Alignment (BDMA), which learns a re-
versible, non-linear mapping function between two

∗This research was completed prior to joining Amazon.

Figure 1: Mapping vector spaces with Bi-Directional
Manifold Alignment (BDMA). f is the feedforward
network. fa and fb are represent the forward and back-
ward direction of flow through the network. In a shared
BDMA network, the blue components represent net-
work fully connected layers, orange are activation lay-
ers during forward network flow while purple repre-
sents activation layers in reverse flow. During reverse
flow from output to input, the weight matrix is a trans-
pose of weights during forward flow through the net-
work.

manifolds. Inspired by CycleGAN (Zhu et al.,
2017), we use a cycle consistency loss to optimize
BDMA. We study BDMA in the context of cross-
lingual lexicon induction and show that it offers so-
lutions to two known problems: (1) that non-linear
models are known to perform poorly in comparison
to their linear counterparts (Ruder et al., 2019), and
(2) most approaches perform unidirectional map-
ping only (from a source to target language), lead-
ing to an ever increasing set of translation models.
We show how BDMA is a generic training method
that uses different distance metrics (or losses) like
MSE, cosine or RCSLS (Joulin et al., 2018) while
training models cyclically.1

2 Bi-Directional Manifold Alignment

Consider two manifolds M s ∈ Rn×d (source do-
main) and M t ∈ Rm×d (target domain) that are
vector space representations of words. The mono-
lingual word embeddings are pretrained from a
large corpus and may be created using different

1Implementation see https://github.com/codehacken/bdma.
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methods. Let V s and V t be the respective vo-
cabularies of the two languages. Hence V s =
{ws1 ... wsn} and V t = {wt1 .. wtm} are words
in each vocabulary of size n and m. The dis-
tributed representations of words in each manifold
are M s = {ms

1 ... m
s
n} and M t = {mt

1 ... m
t
m}.

We assume there is V p = {wp1 ... wpc}, an available
dictionary or parallel corpus of words for the given
source/target pair.

2.1 Bi-Directional Loss Mechanism
We achieve bi-directional alignment by learning
a mapping function is optimized with a cyclic-
consistency loss (CCL). In Figure 1, the mapping
function fa :M s →M t to align the manifold M s

to M t. We also use a backward mapping function
fb : M

t → M s to align the manifold M t to M s.
We refer to the parameters of both fa and fb as θf .

Our method is based on jointly minimizing the
distance D between pairs of embeddings, and their
mapped counterparts, from each manifold. We de-
fine our cycle consistency loss for a single training
sample based on this distance function D as

LDccl(i) = D(fa(ms
i ),m

t
i) +D(fb(mt

i),m
s
i ). (1)

Following previous work (Xing et al., 2015), we
include an orthogonal loss in the objective; we
extend this loss function for a neural network by
performing a layerwise orthogonal loss. For our
full objective, we sum over all training instances
and minimize over θf :

Lccl = min
θf

∑

i∈V p
LDccl(i) +

∑

wj∈θf
wjw

T
j − I (2)

where wj are weights of layer j in the network.
While Euclidean distance (mean squared error:
D = MSE) is a common way of computing dis-
tance in a manifold (Ruder et al., 2019; Artetxe
et al., 2016), cosine or relaxed cross-domain sim-
ilarity local scaling (RCSLS) (Joulin et al., 2018)
distance functions have been shown to be effec-
tive for word and embedding alignment tasks. Our
formulation works with these other computable
distance functions. For example, while applying
D = MSE, and for ease omitting the orthogonal
loss term

∑
wj∈θf wjw

T
j − I , the loss is

min
θf

∑

i∈V p

∥∥fa(ms
i )−mt

i

∥∥2
2
+
∥∥fb(mt

i)−ms
i

∥∥2
2
.

See Appendix D for similar formulations for D =
cosine, D = RCSLS, and a combined distance
function D = cosine + RCSLS (used in §3).

2.2 Forward - Reverse Network Flow

As described in §2.1, fa and fb represent the for-
ward and reverse network flow. We represent the
forward and reverse mapping with two networks
that have shared or independent parameters. When
the parameters are independent, two separate net-
works are trained simultaneously and optimized in
order to learn the mapping between two languages.
In Figure 1, the network parameters are shared in
our model. The forward flow is shown in orange
while reverse flow is depicted in purple.

Although the two networks share parameters,
they cannot do so directly as the required shapes
of each layer differ. In order to perform backward
translation, reverse flow is enabled in the network
by explicitly taking the transpose of each layer in
the network (we use fully connected layers without
bias vectors) making the network bi-directional or
invertible. With our cycle consistency loss formula-
tion, the model learns layers such that the transpose
of the layer inverts the network.

3 Experiments & Analysis

We experiment with the MUSE dataset (Conneau
et al., 2017). It consists of 110 bilingual dictionar-
ies with separate training and test datasets for each
language pair. The pairs contain polysemous words.
When it comes to training BDMA, polysemous
words can provide additional context to the model
being trained while handicapping other baseline
models. We filter out training pairs for polysemous
words (source or target). The models are trained
with 5000 unique pairs. We show two sets of exper-
iments: (a) with a filtered evaluation set that con-
tains 1500 unique pairs and (b) with the original
evaluation dataset. We measure the performance of
BDMA on two sets of languages: the low-resource
languages Russian (Ru) and Japanese (Ja), and the
high-resource languages Spanish (Es), French (Fr),
German (De) and Italian (It).

In each table, s is the source language while
t is the target language. → indicates the direc-
tion of mapping and training language pairs used
from MUSE. For reverse translation, the model is
trained with the t→ s dataset and evaluated on the
s→ t test dataset—for example, the model trained
on En→Ru is evaluated on Ru→En. P@1 mea-
surements highlighted in blue show the forward
(training) direction in which the model is trained
and its adjacent non-colored measurement uses the
same model to perform reverse translation.
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Method Evaluation [s→ t] P@1
En→Es Es→En En→It It→En En→De De→En En→Fr Fr→En

MUSE (Conneau et al., 2017)* 81.7 83.3 77.7 78.2 74.0 72.0 82.3 82.1
VECMAP (Artetxe et al., 2018) 80.80 85.20 77.47 80.47 73.33 75.07 81.60 84.40

GeoMM (Jawanpuria et al., 2019) 81.53 86.33 78.47 81.53 74.80 76.67 82.00 84.67
RCSLS (Joulin et al., 2018)* 84.1 86.3 78.5 79.8 79.1 76.3 83.3 84.1

BLISS(R) (Patra et al., 2019)* 84.3 86.2 79.3 82.4 79.1 76.6 83.9 84.7
Joint Align (Wang et al., 2019)** 69.6 71.9 - - 68.7 70.7 78.0 79.2

Cross-lingual Anchoring (Ormazabal et al., 2020)** 84.2 86.5 - - 78.1 76.9 84.9 85.0
LNMAP (LIN. AE) (Mohiuddin et al., 2020)* 82.9 86.4 78.1 81.4 75.5 75.9 83.9 84.7

Linear Mapping
BDMA [C + R] (s→ t) 83.13 83.26 78.60 78.60 76.13 74.73 83.73 82.86
BDMA [C + R] (t→ s) 83.13 84.06 78.60 78.53 73.46 75.66 82.8 83.86

1-Hidden Layer Feedforward Network
BDMA [C + R] (s→ t) 82.40 85.73 78.66 82.60 74.46 78.40 83.40 84.93
BDMA [C + R] (t→ s) 81.60 86.80 78.4 82.66 73.46 74.86 79.86 84.33

Table 1: Bi-Directional Manifold Alignment (BDMA) measured with Precision @ 1 measured on filtered
MUSE evaluation set (with polysemous words) for high resource languages. * represents results taken directly
from the cited paper. ** represents results taken from Ormazabal et al. (2020). We consider the best results for
each language pair and direction from this paper. - represents language pairs that are not part of experiments in the
original paper. BLISS(R) (Patra et al., 2019) is semi-supervised.

Method Evaluation [s→ t] P@1
En→Ru Ru→En En→Hi Hi→En En→Ja Ja→En En→Pt Pt→En

VECMAP (Artetxe et al., 2016) 52.33 65.73 34.87 50.03 51.54 41.42 80.27 80.67
VECMAP (Artetxe et al., 2018) 51.53 70.00 40.40 56.46 46.95 44.25 80.60 82.93

GeoMM (Jawanpuria et al., 2019) 54.13 69.47 - 54.72 27.55 23.66 81.60 83.27
Linear Mapping

BDMA [C + R] (s→ t) 55.80 68.66 36.80 54.58 53.59 38.52 80.40 84.20
BDMA [C + R] (t→ s) 55.60 69.73 36.60 55.25 53.52 38.73 80.06 83.93

1-Hidden Layer Feedforward Network
BDMA [C + R] (s→ t) 57.20 70.20 37.00 54.11 54.07 46.51 80.13 83.13
BDMA [C + R] (t→ s) 56.93 70.06 37.00 54.38 54.28 47.07 80.06 83.93

Table 2: Bi-Directional Manifold Alignment (BDMA) measured with Precision @ 1 on default MUSE evalua-
tion set (with polysemous words) for low-resource languages.

Embeddings & Baselines. We use normalized
and mean-centered FastText embeddings (Joulin
et al., 2016), learned from language-specific
Wikipedia. We train two types of translation mod-
els: (a) a linear mapping with a weight matrix
W ∈ Rd×d for a d-dimensional embedding, and (b)
a 1 hidden layer feed forward network. For baseline
comparisons, we retrain VECMAP (Artetxe et al.,
2016, 2018), GeoMM (Jawanpuria et al., 2019) and
RCSLS (Joulin et al., 2018). When possible, we
compare with BLISS(R) (Patra et al., 2019), Joint
Align (Wang et al., 2019), Cross-lingual Anchoring
(Ormazabal et al., 2020) and LNMAP (Mohiuddin
et al., 2020) using results previously reported for
high resource languages. We train BDMA with a
combination of cosine (C) and RCSLS (R) losses,
and separate baseline methods for each language
and translation direction pair.

3.1 Impact of Polysemy

In Table 1, we observe BDMA’s performance trans-
lating words in high resource languages. BDMA’s
performance is better or equivalent in compari-
son to other methods. Additionally, we note that
the translation model is trained with 5000 unique
pairs while Joint Align (Wang et al., 2019) and
cross-lingual anchoring (Ormazabal et al., 2020)
are trained with the full MUSE training dataset for
any given language pair which is greater than 5K.2

Similarly, Table 2 shows the performance of differ-
ent models on low resource languages compared
to BDMA. BDMA with 1-H FFN performs better
than a linear mapping with an overall increase as
high as 2.82% while translating Japanese to En-
glish. The exception is for Hindi, where the perfor-
mance drops by 3.8% (Hi→ En). We see that the

2See Appendix C for the original dataset sizes.
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Method Evaluation [s→ t] P@1
En→Es Es→En En→It It→En En→De De→En En→Fr Fr→En

MUSE (Conneau et al., 2017) 48.06 61.27 51.33 62.59 37.4 50.21 39.33 51.60
VECMAP (Artetxe et al., 2016) 48.87 61.49 52.07 62.31 38.60 50.22 47.47 59.10
VECMAP (Artetxe et al., 2018) 48.27 62.79 52.20 65.24 37.80 52.59 47.67 60.89

GeoMM (Jawanpuria et al., 2019) 48.60 63.79 52.53 65.38 38.33 53.45 48.60 61.24
RCSLS (Joulin et al., 2018) 49.26 64.29 53.00 66.52 38.93 53.73 47.66 59.74

Linear Mapping
BDMA [C + R] (s→ t) 49.40 62.57 52.80 63.09 39.33 52.37 48.73 59.95
BDMA [C + R] (t→ s) 49.33 62.78 52.46 63.31 39.00 52.01 49.06 59.38

1-Hidden Layer Feedforward Network
BDMA [C + R] (s→ t) 48.90 62.28 52.06 65.02 38.46 51.86 48.86 60.67
BDMA [C + R] (t→ s) 48.46 63.00 52.46 65.09 39.06 52.08 47.33 60.67

Table 3: Bi-Directional Manifold Alignment (BDMA) measured with Precision @ 1 shows the performance
of different models on high-resource languages in the MUSE dataset (Conneau et al., 2017) in comparison to
BDMA. The test dataset contains unique pairs only.

Method Evaluation [s→ t]
En→Ru Ru→En En→Hi Hi→En En→Ja Ja→En En→Pt Pt→En

VECMAP (Artetxe et al., 2016) 35.27 52.28 23.80 26.45 39.07 35.59 44.93 61.06
VECMAP (Artetxe et al., 2018) 34.53 56.28 27.40 31.21 36.20 38.88 49.53 63.83

GeoMM (Jawanpuria et al., 2019) 36.93 56.42 27.67 30.35 21.60 21.81 50.13 63.90
RCSLS (Joulin et al., 2018) 37.73 54.85 24.80 26.80 39.40 38.80 49.06 64.53

Linear Mapping
BDMA [C + R] (s→ t) 37.40 52.35 25.20 26.87 40.8 34.64 49.46 63.12
BDMA [C + R] (t→ s) 36.93 52.99 24.73 27.37 40.4 35.30 49.00 63.40

1-Hidden Layer Feedforward Network
BDMA [C + R] (s→ t) 37.73 52.06 25.13 27.73 40.93 37.70 49.46 63.12
BDMA [C + R] (t→ s) 38.40 53.49 25.13 29.14 40.00 38.14 48.73 64.32

Table 4: Bi-Directional Manifold Alignment (BDMA) measured with Precision @ 1 on unique MUSE evalua-
tion set (without polysemous words) for low-resource languages.

model benefits from bidirectional training when
there are polysemous words in the evaluation cor-
pus, improving the network’s ability to generalize.

3.2 Impact of Unique Vocabulary
Similar to the previous experiment, we analyze
the impact of BDMA with an evaluation dataset
of unique pairs for both high resource and low re-
source languages. In contrast to Table 1, Table 3
shows that both linear mapping and 1-H neural net-
work are comparable to other baselines (except RC-
SLS) when there are no polysemous words. Adding
additional layers to the network does not provide
any benefit, which is consistent with findings from
Søgaard et al. (2018) and Ruder et al. (2019) that
a linear mapping performs well for these language
pairs. Table 4 details experiments for the same un-
der low resource language conditions. Although
BDMA performs better for En → Ru and En →
Ja, Hi→ En continues to perform poorly. In con-
trast, its performance is comparable for Portuguese

where the reduction is 1.13% (En→ Pt) only.
Therefore, the 2 main benefits of BDMA are:

(a) it creates a single bidirectional word translation
model while keeping the performance of the model
comparable to baseline, and (b) the 1-H FFN is a
single network in comparison to LNMAP (which
has 3), while Linear BDMA has the same number
of parameters as all other methods in Table 1 and 2.

3.3 Importance of Training Direction

If the filtered training pairs do not contain polyse-
mous words, why is the training direction impor-
tant? This is because when the model is trained for
a number of epochs, its optimal savepoint is chosen
based on the forward translation performance for
the given language pair direction. As seen in Table
2 and 4, the direction chosen to start model training
can have an impact of forward and reverse transla-
tion performance. For example, the model training
with Ru→ En performs better than En→ Ru.
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Loss Evaluation [s→ t] P@1
En→Ru Ru→En En→Ja Ja→En

Linear Mapping (s→ t)
[M] 54.66 66.26 21.93 16.26
[C] 55.00 66.46 52.22 40.38
[R] 51.80 67.53 38.51 39.53

[C + R] 55.80 68.66 53.59 38.52
Linear Mapping (t→ s)

[M] 53.66 65.20 21.86 16.54
[C] 54.93 66.46 52.15 40.38
[R] 52.13 67.93 38.58 39.49

[C + R] 55.60 69.73 53.52 38.73
1-Hidden Layer Feedforward Network (s→ t)
[M] 51.40 63.66 20.28 12.19
[C] 55.00 65.86 52.84 40.38
[R] 52.26 68.80 49.96 47.48

[C + R] 57.20 70.20 54.07 46.51
1-Hidden Layer Feedforward Network (t→ s)
[M] 49.80 64.26 17.95 18.26
[C] 54.06 66.00 53.80 40.45
[R] 52.46 68.60 49.48 47.07

[C + R] 56.93 70.06 54.28 47.07

Table 5: Precision @ 1 of BDMA with different
losses. An ablation study of the impact of different loss
combinations while training a model with BDMA. [M]
= MSE, [C] = cosine, [R] = RCSLS and [C + R]
= cosine + RCSLS loss.

Ablation Study. In Table 5, we assess the im-
pact of using (combinations of) MSE, cosine and
RCSLS distance functions D. A combined cosine
and RCSLS loss ([C + R]) performs the best and
provides consistent forward (s ← t) and reverse
translation (t← s) performance (within 0.5%).

4 Related Work

Over the years, many supervised methods have
been proposed. Irvine and Callison-Burch (2013)
learn a binary classifier for a language pair that
predicts if a given word pair is a translation of
each other or not. Artetxe et al. (2016) imple-
ment Procrustes alignment while normalizing and
mean centering word embeddings. Xing et al.
(2015) add an orthogonal loss while aligning mani-
folds. In Artetxe et al. (2018), additional pre- and
post-processing steps are provided. Conneau et al.
(2017) propose a new retrieval method called cross-
domain similarity local scaling (CSLS) in order to
reduce the “hubness” problem. Joulin et al. (2018)
convert CSLS into a loss objective in order to opti-
mize the translation matrix. An important challenge
with linear mapping is that it assumes that source
and target languages have a similar manifold struc-

ture; Søgaard et al. (2018) show this assumption is
not true for many language pairs. Nakashole and
Flauger (2018) show that transformations need to
be non-linear and are dependent on the word’s lo-
cal neighborhood. Instead of learning a mapping
between languages separately, Wang et al. (2019)
jointly learn the monolingual and cross-lingual em-
beddings for the given language pair. Ormazabal
et al. (2020) extend skip-gram to project source em-
beddings into a fixed target space and using them
as anchors to iteratively learn the mapping.

Cyclic Loss for Reverse Translation. Xu et al.
(2018) perform unsupervised word alignment us-
ing the cycle consistency loss while computing the
sinkhorn distance between a forward and reverse
translation network. Mohiuddin and Joty (2019)
train a dual autoencoder-discriminator architec-
ture and use a cyclic loss to train a bi-directional
model. LNMAP (Mohiuddin et al., 2020) extends
the autoencoder architecture with a 2 layer mapping
to learn a non-isomorphic mapping between lan-
guages. Our work differs as we reduce the number
of parameters in the model (as it contains the map-
ping only) while training an invertible network
that can perform both forward and back translation.

5 Conclusion

We show how a non-linear mapping (invertible neu-
ral network) can be trained with a cyclic consis-
tency loss, showing that a common isomorphic as-
sumption is not strictly necessary (Søgaard et al.,
2018). The network trained has fewer parameters
in comparison to Mohiuddin et al. (2020) while
providing equivalent or improved performance on
the low-resource word translation task.
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Appendix

In the following sections, we provide information
about hyperparameter values for each network ar-
chitecture, statistics about the dataset and results
from additional experiments. The experiments are
conducted on a NVIDIA K20 GPU with ≈ 4GB
of RAM and NVIDIA V100 GPUs with 16GB of
RAM. Each model is trained on a single GPU. Lin-
ear models can be trained on K20s and the larger
1-H-FFN are optimized on V100s.

A Hyperparameters

Following are the hyper-parameters used in our
experiments:

Hyper-parameter Value
batch size 128
lr_decay 0.98
lr_shrink 0.5
map_beta 0.001
max_vocab 200000

Table A1: Hyperparameters for BDMA experiments.

As seen in table A1, the maximum vocabulary
(max_vocab) size is 200K. The vocabulary is se-
lected by taking 200K words that have the highest
frequency. map_beta is the parameter that con-
trols the contribution of the orthogonal loss to the
overall loss function. The network is trained with
an Adam optimizer (Kingma and Ba, 2014) hav-
ing a learning rate of 0.0005. The word embed-
dings are preprocessed i.e. they are normalized and
centered. The 1 hidden layer feedforward network
used to perform alignment has a hidden layer size
of 4096. The activation function of the hidden layer
is tanh.

B CCL Correlation with Linear Mapping

As observed in equation 2.1, a linear relationship
between source and target language embeddings
can be learned by minimizing the squared loss be-
tween them. Although, in practice, an additional or-
thogonal constraint Lortho =WW T − I is added
(Xing et al., 2015) as shown in the equation below:

Lmse =
∑

i∈V p

Limse︷ ︸︸ ︷∥∥fa(ms
i )−mt

i

∥∥2
2
+(WW T − I),

(3)

Minimizing Lortho makes the linear mapping
implicitly bidirectional able to map words from the
target to source language. In comparison, Lccl in
equation 1 trains a non-linear neural network or
linear mapping to be explicitly bidirectional. Thus
Lccl can be considered as an extension of Lortho.

Target Language Train Test
French 10872 2943

German 14677 3660

Italian 9657 2585

Spanish 11977 2975

Russian 10887 2447

Hindi 8704 2032

Japanese 7135 1799

Portuguese 11185 2827

Table A2: MUSE Dictionary Size. The table shows the
target language, the number of pairs in the training and
pairs present in the test dictionary where the source lan-
guage is English.

Source Language Train Test
French 8270 2342

German 10866 2827

Italian 7364 2102

Spanish 8667 2416

Russian 7452 2069

Hindi 8001 1963

Japanese 6819 1952

Portuguese 7582 2148

Table A3: The table shows the source language, the
number of pairs in the training and pairs present in the
test dictionary where the target language is English.

C Dataset

MUSE (Conneau et al., 2017). As described in §3,
the dataset has 110 bilingual dictionaries and con-
tains pairs with English being the source or tar-
get language. Additionally, Non-English language
pairs are available for European languages that in-
cludes German, Spanish, French, Italian and Por-
tuguese. Each bilingual dataset has a vocabulary
of 5000 unique source language words to train the
translation model and 1500 unique words to eval-
uate them. Because the pairs are not unique and
contain polysemous source words (the target word
is always unique), the overall size of training and
test dictionaries is greater than 5000 and 1500.

3138



Tables A2 and A3 show the dataset size from
the original MUSE dataset. The tables show that
samples for different language pairs contain poly-
semous words that expand dataset size by 36.8%
to 123.7% in comparison to BDMA (in table 2, 4
and 1) that is trained with 5000 unique pairs only.

D Additional Loss

In §2.1, we showcased how MSE is adapted for
Lccl. Similarly, cosine and Relaxed CSLS loss can
be modified for BDMA too. In an adapted version
of cosine loss, we minimize the following:

min
θf

∑

i∈V p
(1−|fa(ms

i ) ·mt
i|)+ (1−|fb(mt

i) ·ms
i |)

In order to modify RCSLS (Joulin et al., 2018),
we first take look at CSLS (Conneau et al., 2017)
criteria for retrieval:

(4)

CSLS(ms
i ,m

t
i)

= −2cos(ms
i ,m

t
i)

+
1

k

∑

mtj∈N t(W·msi )
cos(Wms

i ,m
t
j)

+
1

k

∑

msj∈N s(WT ·mti)
cos(ms

j ,WTmt
i))

whereN s(x) is the neighborhood of x in the source
manifold and N t(y) is the same in the target, k
is the number of nearest neighbors and W is as-
sumed to be orthogonal. Joulin et al. (2018) relax
the cosine criteria in RCSLS i.e. cos(Wms

i ,m
t
i) =

ms
i
TWTmt

i. Hence RCSLS becomes:

RCSLS(ms
i ,m

t
i)

= −2ms
i
TWTmt

i

+
1

k

∑

mtj∈N t(W·msi )
ms
i
TWTmt

j

+
1

k

∑

msj∈N s(WT ·mti)
ms
j
TWTmt

i

(5)

In BDMA, we replace the orthogonal matrixW
with a mapping that is either linear or non-linear
(neural network). RCSLS changes to:

RCSLS(ms
i ,m

t
i) = −2fa(ms

i )m
t
i

+
1

k

∑

mtj∈N t(fa(msi ))
fa(m

s
i )m

t
j

+
1

k

∑

msj∈N s(fbmti)
ms
jfb(m

t
i)

(6)

In equation 6, fa and fb are the forward and reverse
flow projections of ms

i and mt
i respectively.
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Abstract

In this paper, we investigate the problem of
reasoning over natural language statements.
Prior neural based approaches do not explic-
itly consider the inter-dependency among an-
swers and their proofs. In this paper, we pro-
pose PROBR, a novel approach for joint an-
swer prediction and proof generation. PROBR
defines a joint probabilistic distribution over
all possible proof graphs and answers via an in-
duced graphical model. We then optimize the
model using variational approximation on top
of neural textual representation. Experiments
on multiple datasets under diverse settings
(fully supervised, few-shot and zero-shot eval-
uation) verify the effectiveness of PROBR, e.g.,
achieving 10%-30% improvement on QA ac-
curacy in few/zero-shot evaluation. Our codes
and models can be found at https://github.com/
changzhisun/PRobr/.

1 Introduction

Automatic reasoning over explicitly provided
knowledge has been a persistent goal of AI (Newell
and Simon, 1956; McCarthy et al., 1960). Early ap-
proaches focus on reasoning over formal (logical or
probabilistic) representations. However, automati-
cally constructing and reasoning over formal rep-
resentations remain challenging. To bypass these
challenges, in this work, we investigate reasoning
over natural language statements instead of formal
representations.

Given a set of facts and rules and a query (ex-
pressed in natural language), we aim to predict the
answer and provide proof to prove or disprove the
query. For example, in Figure 1, there are two
facts, six rules and two queries, each of which
is expressed by natural language. To predict the
true/false of each query, starting from the facts, we
need to reason deductively by applying given rules
∗Equal contribution.

NAF

NAF

F1
R1 R6

R3 R4F2

Facts :
F1: The circuit includes the 
battery.
F2: The wire is metal.

Rules :
R1: If the circuit includes the 
battery and the battery is not flat 
then the circuit is powered.
R2: If the circuit includes the 
switch and the switch is on then 
the circuit is complete.
R3: If the circuit does not have the 
switch then the circuit is complete.
R4: If the wire is metal then the 
wire is conducting.
R5: If the wire is plastic then the 
wire is not conducting. 
R6: If the circuit is powered and 
the circuit is complete and the 
wire is conducting then the current 
runs through the circuit.

Q1 : The wire is conducting. 
A1: True
Proof：

Q2 : The current does not run 
through the circuit. 
A2: False
Proof：

F2 R4

Figure 1: An example of reasoning over natural lan-
guage statements. The goal is to predict the answer
(true/false) and generate the proof graph.

until we can derive the truth value of the query. The
process of deduction can be represented as a graph,
whose node is either a fact, rule or special NAF
node (explained in the Section 2.1). Generating
answer and proof together makes a system easier
to interpret and diagnose.

Recent work by PROVER (Saha et al., 2020) first
explored this problem through two modules: ques-
tion answering and proof generation. It trains these
two modules through implicit parameter sharing,
and then uses integer linear programming (ILP)
to enforce consistency constraints (only test time).
It is difficult to ensure that the proof generation
module contributes to the question answering mod-
ule, because the proof is not explicitly involved
in the answer prediction. Parameter sharing be-
comes more limited under few/zero-shot settings,
as demonstrated in our experiments. We expect the
proof to enhance the capability of question answer-
ing, especially under few/zero-shot settings. One
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promising solution is to explicitly exploit more in-
teraction between question answering and proof
generation.

In this paper, we propose PROBR, a novel
probabilistic graph reasoning framework for joint
question answering and proof generation. PROBR

defines a joint distribution over all possible proof
graphs and answers with an undirected probabilis-
tic graphical model (PGM). It directly character-
izes the interaction between proofs and answers.
PGMs generally incur intractable learning and in-
ference for the complex graph (Koller and Fried-
man, 2009). For example, computing normaliza-
tion constant in PGMs using traditional probabilis-
tic propagation algorithm (e.g.sum-product algo-
rithm (Kschischang et al., 2001)) requires large
time complexity. Therefore, we propose a varia-
tional approach to maximize the pseudolikelihood
of joint distribution to optimize the model more
efficiently. First, a variational distribution was in-
troduced based on mean-field assumption. Then we
maximize the pseudolikelihood of joint distribution
given the output of variational distribution. At the
same time, we align these two distributions using
the training data. PROBR can be efficiently trained
by stochastic gradient descent. Our contributions
are summarized as follows1:

• We propose PROBR for joint question answering
and proof generation, which defines a joint distri-
bution over all possible proofs and answers with an
undirected PGM to capture more dependencies.

• We present an efficient variational approxima-
tion method to learn PROBR.

• Experiments on several datasets verify the effec-
tiveness of PROBR under multiple settings (super-
vised, few-shot, and zero-shot evaluation).

2 Task Definition

To reason over natural language statements, we de-
sign to answer the query and generate correspond-
ing proof generation jointly. Figure 1 shows an ex-
ample. Given a declarative queryQ, and given rele-
vant facts and rules (expressed in natural language),
the task aims to predict the answer A (true/false) to
the query Q based on the closed-world assumption
(described in 2.1). Meanwhile, it generates a proof
P (described in 2.2) to prove or disprove Q.

1Our codes and models can be found at https://github.com/
changzhisun/PRobr/.

2.1 Semantics

We adopt the semantics of Datalog (Ceri et al.,
1989) in this work. Following prior work (Clark
et al., 2020), we make a closed-world assumption
(CWA), which means a fact is true if it can be
deduced based on a given context, and any fact not
provable is assumed false. And we use negation
as failure (NAF) (Clark, 1978), a rule of inference
which allows one to deduce that NOT S is true if all
possible proofs of a statement S fail. For example,
in Figure 1, the NAF node before R3 represents “the
circuit does not have the switch”. Note that under
this semantics, negative facts and negative rules are
not allowed because of redundancy under the CWA
assumption.

2.2 Formulations

A proof is a directed acyclic graph (Figure 1). Each
node is either a fact, rule or special NAF node. Each
edge directs from either a fact (or NAF) to a rule
or a rule to another rule, which indicates that a
fact is consumed by a rule, or another rule con-
sumes a rule, respectively. For simplicity, let con-
text C = {s1, . . . , sn} denote the collection of
sentence, each of which is a fact or rule.

Proof Formulation We assign an indicator vari-
able (0/1) for each possible node and edge, to vec-
torize the structure of a given proof P . Specifically,
we introduce the indicator variables V = {Vi}ni=1

for each element si in the context C, and an indica-
tor variable E = {Eij}ni,j=1 (i 6= j) for a possible
edge connecting from node si to node sj , where:

• Vi = 1 indicates si is in the proof P , while
Vi = 0 means si is absent.

• Eij = 1 indicates there is an edge directing from
si to sj , while Eij = 0 means si cannot direct to
sj in the proof by an edge.

In addition, we assign a binary answer variable
A to indicate the true value of the query. Figure 2a
shows a simplified example, where context C =
{s1, s2, s3}, and the query can be decided as true
by a very simple proof, consisting of only two
nodes (s1 and s3) and a single edge (from s1 to
s3). The proof can be represented by the following
variables: A = V1 = V3 = E13 = 1, V2 = E12 =
E21 = E23 = E31 = E32 = 0.
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𝐴 = 1

Proof:

node: =1, =0
edge: =1, =0

𝑉! 𝑉"𝑉#
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𝐸"!

𝑉$
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(a) Proof graph and its induced random variables.
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(b) Factor graph induced by the proof graph.

Figure 2: Joint probabilistic distribution by assigning indicator variables for the answer and proof. The solid circles
and lines in 2a indicate that these corresponding statements and edges are in the final proof graph.

3 Approach

We introduce the proposed framework PROBR,
which jointly provides the answer to the given
query over natural contexts and generates corre-
sponding proof. Different from PROVER that
makes independence assumption, PROBR can cap-
ture more dependencies between the proof and an-
swer. PROBR defines a joint distribution over all
possible proofs and answers with an undirected
graphical model (Section 3.1), and we use neural
networks to parameterize each component (Section
3.2). To optimize PROBR efficiently, we adopt a
variational approach to maximize the pseudolike-
lihood of joint distribution (Section 3.3). Finally,
we introduce the strategy during inference (Section
3.4).

3.1 Overview
We start by formalizing joint question-answering
module and proof-generation module in a proba-
bilistic way. We clarify some notations as follows:

• A context C = {s1, . . . , sn}, si is a sentence.

• A query Q.

• An answer variable A, it can take any value a in
{0, 1}.

• Node variables V = {Vi}ni=1, each Vi can take
any value vi in {0, 1}.

• Edge variables E = {Eij}ni,j=1 (i 6= j), each
Eij can take any value eij in {0, 1}.

• Let Y , (A, E ,V) denote all output variables.

In our notation, we use uppercase letters for vari-
ables (e.g., Y,A, Vi, Eij) and lowercase letters for
variables that take values (e.g., y, a, vi, eij).

Given a context C and a query Q, PROBR tries
to assign true/false values for all variables, includ-
ing answer variable A, node variables V and edge
variables E. We define a joint distribution over all
possible Y , officially denoted as p(Y ): 2

p(Y= y) ∝
ΦA(a)

∏

i

ΦV
i (vi, a)

∏

i,j

ΦE
ij(vi, vj , eij , a)(1)

Different from PROVER that makes independent
assumption, such a factorization of Equation 1 can
characterize the interaction between the variables
Vi, Vj , Eij andA. Figure 2b shows the factor graph
of joint distribution p(Y ) for the example in Figure
2a. Theoretically, when we have the ground truth
y∗, 3 we can minimize the following objective:

Ljoint = − log p(Y = y∗) (2)

However, the normalization constant of p(Y ) is
hard to calculate due to high-order factors of large
size (RHS of Equation 1). In this paper, we provide
a variational-based solution to optimize objective
Ljoint (Section 3.3).

3.2 Parameterization
We use neural networks to parameterize each po-
tential function of Equation 1: ΦA,ΦV

i and ΦE
ij .

Text Representation Network Given a con-
text C and a query Q, to obtain a contex-
tual representations, we use RoBERTa (Liu
et al., 2019) as our backbone network follow-
ing (Clark et al., 2020; Saha et al., 2020). The
input to RoBERTa is the concatenation of C
and Q, separated by [SEP] tokens, denoted as:
[CLS], C, [SEP], [SEP], Q, [SEP].

2We drop the input variables for clarity.
3We use ∗ to indicate the ground truth in the text.
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Potential Function for the Answer (ΦA) After
the RoBERTa encoding, we can get the global rep-
resentation of the entire input through the first to-
ken [CLS], denoted as h[CLS]. To score the possible
values of variable A, i.e. 0 or 1, we use a multi-
layer perceptron (MLP) as a nonlinear transforma-
tion:[

ΦA(A = 0)
ΦA(A = 1)

]
= MLP1(h[CLS]) ∈ R2

Potential Function for Statements (ΦV
i ) For

each sentence si (a fact or a rule), we compute
the sentence representation hsi by performing a
mean pool of the all token representation based on
the output of RoBERTa. It is worth noting that NAF
is a special fact, we calculate hNAF through linear
transformation on hCLS. To score the possible val-
ues of variables (Vi, A), we also use another MLP
as a score function:


ΦV
i (Vi = 0, A = 0)

ΦV
i (Vi = 0, A = 0)

ΦV
i (Vi = 0, A = 0)

ΦV
i (Vi = 1, A = 1)


 = MLP2(hsi) ∈ R4,

where the dimension 4 indicates the number of
possible values for the combination of variables Vi
and A. We share the parameters of MLP2 across
all sentences.

Potential Function for Statement Relations
(ΦE

ij) For each sentence pair (si, sj), we obtain
the sentence pair representation hsi,sj , by concate-
nating hsi and hsj with their element-wise dif-
ference (directionality). To score four variables
(Vi, Vj , Eij , A) simultaneously, similarly, we use a
new MLP as score function:


ΦE
ij

(
Vi = 0, Vj = 0,
Eij = 0, A = 0

)

...

ΦE
ij

(
Vi = 1, Vj = 1,
Eij = 1, A = 1

)




= MLP3(hsi,sj )
∈ R16,

hsi,sj = hsi ⊕ hsj ⊕ (hsi − hsj ),
where⊕ is the vector concatenation, and the dimen-
sion 16 indicates the number of possible values for
the combination of four variables (Vi, Vj , Eij , A).
We also share the parameters of MLP3 across all
sentence pairs.

3.3 Learning the Model
To tackle the challenge of optimizing Ljoint (Equa-
tion 2), we adopt the widely used pseudolikeli-
hood as an alternative objective for optimization

(Richardson and Domingos, 2006), bypassing the
calculation of the normalization constant.

Pseudolikelihood Given a set of variable Y , the
pseudolikelihood of Y is defined as:

ppseduo(Y ) =
∏

y∈Y
p(y|Y−y) =

p(A|E ,V)
∏

i

p(Vi|Y−Vi)
∏

i,j

p(Eij |Y−Eij )

When we have the ground truth y∗, we can mini-
mize the following objective:

Lpseudo = − log ppseudo(Y = y∗)

However, it is difficult to decode the optimal assign-
ments based on the pseudolikelihood (Equation 3).
There is a rich body of literature on how to decod-
ing in a sampling way (Chapter 12 (Salakhutdinov,
2014)). In this paper, however, we choose a modern
approach using variational approximation.

Variational Approximation We approximate
pseudolikelihood of Y with a mean-field (Opper
and Saad, 2001) variational distribution q(Y ), in
which y ∈ Y is independent of each other. Simi-
larly, we parameterize each independent distribu-
tion with a neural network. Formally, q(Y ) is for-
mulated as below:

q(Y ) = q(A)
∏

i

q(Vi)
∏

i,j

q(Eij),

[
q(A = 0)
q(A = 1)

]
= Softmax

(
MLP4(h[CLS])

)
∈ R2,

[
q(Vi = 0)
q(Vi = 1)

]
= Softmax (MLP5(hsi)) ∈ R2,

[
q(Eij = 0)
q(Eij = 1)

]
= Softmax

(
MLP6(hsi,sj )

)
∈ R2.

Once the variational distribution q(Y ) is obtained,
it can provide conditions for pseudolikelihood
p(y|Y−y), thus avoiding the sampling process to
obtain the optimal assignments. In the optimization
process, we adopt the simple strategy to update the
parameters of p and q.

• For node and edge variables, we optimize

Lnode= −
∑

i

log q(Vi = v∗i ),

Ledge= −
∑

i,j

log q(Eij = e∗ij).
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• For the answer variable, we optimize

Lqa= − log p(A = a∗|Ê , V̂),

where Ê = {êij}, V̂ = {v̂i} are the predictions of
variational model 4.

The final objective is to minimize:

Lfinal= Lqa + Lnode + Ledge

Overall, PROBR is a mixture of independent (vari-
ational) model and undirected graphical model
through some reasonable approximations. Our final
optimized distribution can be decomposed as di-
rected graphical model q(V)q(E)p(A|E ,V), where
q(V), q(E) adopts the independent factorized prob-
ability, and p(A|E ,V) is implied by the undirected
graphical model (Equation 1). In this way, PROBR

enjoys the advantage of global normalization (undi-
rected graphical model) and is easier to optimize
(directed graphical model).

Discussion Another way to achieve consensus
between q(Y ) and ppseudo(Y ) is to directly opti-
mize the KL divergence:

Lkl =
∑

y∈Y
KL (q(y)||p(y|Y−y))

However, Lkl does not bring any improvement for
supervised learning (Section 4.6), hence we ex-
clude it during training. PROBR can be easily ex-
tended to semi-supervised learning scenario by us-
ing this Lkl term. Specifically, minimize the Lfinal

for the labeled data; and minimize the Lkl for the
unlabeled data. We save this for future work.

3.4 Inference

After training, for nodes and edges, we choose the
predictions of the variational model, and for an-
swers, we choose the prediction of the joint model
based on the output of variational model. In addi-
tion, we also employ the Integer Linear Program-
ming (ILP) to enforce consistency constraints fol-
lowing (Saha et al., 2020).

4 Experiments

To evaluate the effectiveness and generality of our
PROBR model, we conduct both fully supervised

4We also experiment with the gold proof to optimize Lqa

(Section 4.6).

learning, few-shot learning, and zero-shot learn-
ing over several datasets5 against two baselines:
RuleTakers and PROVER6.

4.1 Datasets and Metrics
We use three datasets (DU0-DU5, Birds-Electricity,
ParaRules) introduced by (Clark et al., 2020).

DU0-DU5 DUd (d=0,1,2,3,5) are five synthetic
datasets, each containing 100k queries with theo-
ries expressed in templated English, proof graphs
expressed in natural language, and answers de-
scribed as True/False. Answers require reasoning
up to depth d for queries in DUd.

Birds-Electricity This dataset is a test-only
dataset of 5k samples in total. It describes birds
and electric circuit, which was used to evaluate the
out-of-distribution performance of the models.

ParaRules ParaRules is a dataset generated and
paraphrased from sampled theories (facts + rules).
It contains 40k queries against≈2k theories, where
the original templated English facts and rules are
creatively paraphrased into more diverse natural
language by crowdsourcing. For example, the fact
“Dave is cold” can be rephrased as“After Dave got
wet in the rain, he feels cold”; the rule “If some-
one is nice then they are young” can be rephrased
into “A person described as being nice will cer-
tainly be young”. Different from DUd and Birds-
Electricity dataset composed of synthetic language,
ParaRules can better test models’ reasoning ability
over human-like language.

Metrics We evaluate the performance consider-
ing both answers and proofs. For answers, we
evaluate the QA Accuracy (QA). For proofs, we
evaluate the Proof Accuracy (PA), and PA refers
to the fraction of examples where generated proof
matches exactly with the gold proof. We also re-
port Full Accuracy (FA) to denote the faction of
examples where both the answer and the proof are
exactly correct.

4.2 Fully Supervised Learning
For the supervised setting, we train PROBR on the
training split of the DU5 dataset with gold answer

5https://allenai.org/data/ruletaker
6Please refer to supplementary materials for our hyper-

parameter and computing infrastructure. For RuleTakers
and PROVER, we directly adopt results reported in their
papers if exist, and for extra setting beyond papers, we
reproduce the baselines using provided codes and parame-
ters:https://github.com/swarnaHub/PRover.
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D Cnt QA PA FA

RT PV PB PV PB PV PB

0 6299 100 100 100 98.4 98.4 98.4 98.4
1 4434 98.4 99.0 99.9 93.2 94.3 93.1 94.3
2 2915 98.4 98.8 99.9 84.8 86.1 84.8 86.1
3 2396 98.8 99.1 100 80.5 82 80.5 82
4 2134 99.2 98.8 100 72.5 76.1 72.4 76.1
5 2003 99.8 99.3 100 65.1 72.2 65.1 72.2

All 20192 99.2 99.3 99.9 87.1 88.8 87.1 88.8

Table 1: Fully supervised learning performance com-
pared among RuleTakers (RT), PROVER (PV) and
PROBR (PB) on test split of DU5 after training on train-
ing split of DU5, reported in varying depth.

and gold proof and evaluate on the test split of
DU5. We evaluate above metrics of varying depths
d against two state-of-the-art baselines: RuleTakers
(Clark et al., 2020) and PROVER (Saha et al., 2020),
showed in Table 1. For RuleTakers and PROVER,
we directly adopt the results reported in their paper.
Note that RuleTakers can not generate a proof, so
we only report the PA and FA on PROVER and
PROBR. The corresponding validation set results
can be found in the supplementary materials .

Overall, at each depth, PROBR generates com-
parable or superior QA accuracy to baselines. And
for 88.8% of test examples, PROBR can generate
exact proofs and answers. Similar to PROVER,
the full accuracy matches the proof accuracy for
PROBR, showing that in this fully supervised set-
ting, full accuracy depends on proof accuracy at
each depth. The predicted answer is always correct
when the corresponding proof is correct. Actually,
answering predicting is much easier than a proof
generation.

When increasing depth, PROBR provides accu-
rate answers without any loss in QA performance.
It becomes harder to generate correct proofs for
both PROVER and PROBR, while PROBR out-
performs PROVER by 7 points of proof accuracy
(65.1%→ 72.2%) at depth 5.

4.3 Few-shot Learning

We explore the few-shot learning ability of PROBR

against PROVER by reducing training data size. For
the sake of comparison, we follow the same setting
in (Saha et al., 2020), that is, randomly reserve 30k,
10k, 1k queries of overall 69762 training queries to
train the model, denoted as “RQ”.

It’s worth noting that in the DU5 training dataset,
several queries can be asked from a shared con-
text. To better explore the ability when varying the
amount of training data, we conduct another set

Train Data QA PA FA

PV PB PV PB PV PB

100% 99.3 99.9 87.1 88.8 87.1 88.8

RC
10% 94.5 99.9 63.6 60.4 63.3 60.4
5% 80.6 99.7 34.0 44.2 32.1 44.2
1% 70.2 88.2 20.0 21.6 15.1 20.3

RQ
30k 97.8 99.9 72.5 86.8 72.4 86.8
10k 87.1 99.9 44.0 72.4 42.7 72.3
1k 51.3 82.1 28.0 21.1 15.0 18.4

Table 2: Few-shot performance comparison among
PROVER and PROBR on test split of DU5 after train-
ing on partial DU5 samples. (Two types of training
samples, RC: queries from randomly reserved contexts;
RQ: randomly reserved queries.)

of experiments, denoted as “RC”. Specifically, we
first randomly select context that appeared in the
DU5 training dataset by a varying percentage, i.e.,
10%, 5%, 1%, and then reserve training samples
where the query is asked from the selected con-
text. Results of both “RQ” and “RC” are showed
in Table 2.

Generally speaking, proof generation is harder
to improve with increased training data, while QA
performance improves rapidly by enlarging the
training size. PROBR widely defeats PROVER on
QA accuracy in each setting in Table 2. Surpris-
ingly, PROBR achieves 88.2% QA accuracy when
training with only 700 samples (RC-1%). Over-
all, PROBR has a more stable ability for question
answering when varying training data; however,
PROVER’s QA accuracy drops sharply when lack-
ing training data. This is because that PROBR con-
siders the joint distribution over all possible proofs
and answers, and can better learn to reason over
natural language statements. While as for proof
accuracy, even if in some settings, PROBR loses
to PROVER (RC-1%), we will soon discover that
PROVER overfits to the small training data (Section
4.4 and 4.5).

Another interesting observation is that the full
accuracy is not always consistent with the proof
accuracy in few-shot learning, which is different
from the observation in Section 4.2. Furthermore,
we find that the gap between PA and FA when
using PROBR is much smaller than that of PROVER.
This is because PROVER trains in a multi-task way,
where the question answering module and proof
generation module could make independent errors,
especially when training data is not enough. But
PROBR can better utilize limited data to reason,
which again verifies the effectiveness of PROBR.
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Test Cnt QA PA FA

RT PV PB PV PB PV PB

B1 40 97.5 95.0 100.0 92.5 100.0 92.5 100.0
B2 40 100 95.0 100.0 95.0 100.0 95.0 100.0
E1 162 96.9 100 100.0 95.1 97.5 95.1 97.5
E2 180 98.3 100 100.0 91.7 93.3 91.7 93.3
E3 624 91.8 89.7 98.2 72.3 79.3 71.8 79.3
E4 4224 76.7 84.8 95.6 80.6 77.7 80.6 77.7

All 5270 80.1 86.5 96.3 80.7 79.3 80.5 79.3

Table 3: Zero-shot performance comparison among
RuleTakers, PROVER, and PROBR on Birds-Electricity
dataset after training on DU5.

4.4 Zero-shot Evaluation

Following previous work (Clark et al., 2020; Saha
et al., 2020), we evaluate the out-of-distribution
(OOD) performance of PROBR against baselines
on six sub-datasets of Birds-Electricity. We con-
duct zero-shot experiments using DU5-trained
models, which means that the model does not see
any bird-domain or any electricity-domain samples
during training. Results are showed in Table 3.

For QA accuracy, PROBR outperforms PROVER

and RuleTakers obviously in all of sub-datasets. As
for proof accuracy, PROBR performs better when
the depth of the out-of-domain sample ≤ 3, while
there is a PA drop compared to PROVER when
testing on E4. This is a very interesting thing: su-
perficially, proof accuracy drops for complicated
unseen queries, but the QA accuracy for out-of-
domain queries improves a lot (11 points on E4:
84.8% → 95.6%). We save it for future work to
explore the portability of the proof and how an out-
of-domain proof can help with question answering.

Moreover, we evaluate the zero-shot perfor-
mance after few-shot learning. In Table 4, we re-
port the results when testing on Birds-Electricity
after training the model only on partial DU5 (RC-
k and RQ-k, described in 4.3) training partitions.
As shown in Table 4, when testing zero-shot per-
formance after few-shot learning, PROBR is well
ahead of PROVER on QA accuracy. However, as for
proof accuracy, PROBR seems worth than PROVER

on the zero-shot test. Again we point out this amaz-
ing observation. This indicates that data from dif-
ferent domains might have different proof form.
The well-learned proof from one domain might not
be directly adopted to another, but, by training with
PROBR, the well-learned proof from one domain
can help answer out-of-distribution queries.

Train Data QA PA FA

PV PB PV PB PV PB

100% 86.5 96.3 80.7 79.3 80.5 79.3

RC
10% 71.2 99.9 59.4 55.4 59.2 55.4
5% 59.4 99.5 55.0 69.1 46.6 69.0
1% 47.1 60.6 15.1 34.6 10.6 24.4

RQ
30k 83.3 99.9 76.79 76.91 76.72 76.91
10k 78.2 99.7 54.3 56.6 54.3 56.6
1k 50.4 51.3 59.5 34.6 29.9 17.3

Table 4: Zero-shot performance comparison between
PROVER and PROBR after few-shot learning. Test on
Birds-Electricity after training on DU5 or partial DU5
(RC-k and RQ-k) training partitions.

Train
Data

QA PA FA

RT PV PB PV PB PV PB

DU0 53.5 68.7 56.9 44.4 50.7 42.8 41.3
DU1 63.5 73.7 97.7 63.8 63.9 61.9 63.9
DU2 83.9 89.6 99.9 72.6 74.5 72.3 74.4
DU3 98.9 98.6 99.9 79.1 83.2 79.1 83.2

DU5 99.2 99.3 99.9 87.1 88.8 87.1 88.8

Table 5: Performance comparison between RuleTakers,
PROVER, and PROBR when testing on DU5 after train-
ing on DU0, DU1, DU2, DU3, respectively.

4.5 Generalization Ability
Generalize to Unseen Depth We conduct exper-
iments to explore how well PROBR can generate
proofs and provide answers at depths unseen during
training. Following PROVER, we train the model
on the training splits of DU0, DU1, DU2, and
DU3, respectively, and test the QA performance
and proof performance on the overall DU5 test set.
As DU5 contains queries with higher depth than
those seen during training, we can evaluate the
model’s ability when generalized to higher depth.

As shown in Table 5, PROBR performs better
than RuleTakers and PROVER on all of QA/PA/FA
performance when training on D1, D2 and D3,
especially a significant improvement on QA per-
formance. PROBR shows a high and comparable
QA performance when training only on depth=1
(97.7%), which demonstrates PROBR’s superior
generalization ability on depth. This means PROBR

can perfectly answer complicated queries using
only simple training samples, which reduces the
cost of constructing training data.

Generalize to Complex Language We also
evaluate the robustness of PROBR when general-
ized to more diverse natural language. Following
(Clark et al., 2020; Saha et al., 2020), we train our
model on the combined training partitions of DU3
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D Cnt
QA PA FA

RT PV PB PV PB PV PB

0 2968 99.8 99.7 99.8 99.5 99.5 99.4 99.4
1 2406 99.3 98.6 99.7 98.0 98.0 97.3 98.0
2 1443 98.2 98.2 99.9 88.9 88.9 88.7 88.9
3 1036 96.7 96.5 99.8 90.0 90.1 89.9 90.1
4 142 90.1 88.0 100 76.1 82.4 76.1 82.4

All 8008 98.8 98.4 99.8 95.4 95.6 95.1 95.5

Table 6: Performance comparison between PROVER
and PROBR when testing on ParaRules test partitions
after training on D3 + ParaRules training partitions.

Train Data QA PA FA

PV PB PV PB PV PB

100% 53.6 82.8 40.0 43.8 38.4 41.6

RC
10% 64.4 89.3 42.0 41.3 41.0 40.3
5% 73.6 84.7 33.1 36.5 29.3 35.1
1% 59.0 56.3 30.4 25.0 18.1 18.3

RQ
30k 59.0 85.8 38.6 43.2 37.5 41.7
10k 59.7 87.7 41.7 42.3 40.3 41.3
1k 51.4 56.3 35.0 25.0 18.4 16.5

Table 7: Performance comparison between PROVER
and PROBR when testing on ParaRules test partitions
after training on DU5 or partial DU5 (RC-k and RQ-k)
training partitions.

and ParaRules, and then test on the ParaRules test
partition. The results in Table 6 show that PROBR

is more robust for human-like language.

To better test the generalization ability for com-
plex natural language, we train the model only
on DU5 or partial DU5 (RC-k and RQ-k, de-
scribed in 4.3) training partitions and test on test
split of ParaRules. This is a more convincing
setup since the model will never see the human-
like language but all templated language during
training. Results are shown in Table 7. When
testing on ParaRules after only training on DU5,
PROBR outperforms PROVER by nearly 30 points
on QA accuracy(53.6% → 82.8%). A similar
trend is observed for training on RC-k and RQ-
k datasets, where PROBR improves the QA accu-
racy when generalized to human-like natural lan-
guage. And the change for proof accuracy is not
significant between PROBR and PROVER, which
supports the observation in Section 4.3 and 4.4,
that PROBR improves QA performance by joint
question-answering and proof-generation learning,
but not necessarily improve the proof performance.

4.6 Ablation Studies

We investigate the effect of training strategy and
objective term Lkl for our model. Specifically we
compare PROBR with the following three variants:
1) PROBR + Gold, that is, we replace predicted
proofs with gold proofs when we optimize Lqa dur-
ing training. 2) PROBR + KL, that is, we add
Lkl between q(Y ) and ppseudo(Y ) during train-
ing. 3)PROBR + Gold + KL means both. For
PROBR and above three variants, we first train on
DU5 or partial DU5 (RC-k) training splits respec-
tively, and Figure 3 reports the QA accuracy on
test split of DU5 (left), ParaRules test partitions
(middle) and Birds-Electricity (right). We observe
that PROBR always achieves the best QA accuracy
on all of three test datasets (DU5, ParaRules, Birds-
Electricity) after training on all of four datasets
with varying size (RC-1%, RC-5%, RC-10%, RC-
100%). And the other three model variants show
inconsistent performance in different settings7.

5 Related Work

Text Reasoning over Formal Representation
Early work employs a pipeline of methods that
converts free text into logic form first (semantic
parsing), and then uses formal logical reasoning
(Musen and Van der Lei, 1988). Due to the seri-
ous error propagation caused by semantic parsing
(Zettlemoyer and Collins, 2005; Berant et al., 2013;
Berant and Liang, 2014), researchers focus on de-
veloping theorem provers by combining the sym-
bolic techniques with the differentiable learning
from neural networks (Reed and de Freitas, 2016;
Abdelaziz et al., 2020; Abboud et al., 2020), such
as NLProlog (Weber et al., 2019), SAT solving
(Selsam et al., 2019) and Neural programme (Nee-
lakantan et al., 2016). To bypass this expensive
and error-prone intermediate logical representation,
reasoning over natural language statements in an
end-to-end manner is promising.

Text Reasoning over Natural Language Natu-
ral logic (MacCartney and Manning, 2009) focuses
on semantic containment and monotonicity by in-
corporating semantic exclusion and implicativity.
Subsequently, Clark et al. (2020) proposes to use
a Transformer-based model to emulate deductive
reasoning and achieves high accuracy on syntheti-
cally generated data. PROVER (Saha et al., 2020)

7For more details, please refer to the supplementary mate-
rials.
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PROBR PROBR+GOLD PROBR+KL PROBR+GOLD+KL

Figure 3: QA accuracy compared among PROBR, PROBR + Gold, PROBR + KL, and PROBR + Gold + KL on
DU5 test partition (left), on ParaRules test partitions (middle) and on Birds-Electricity dataset (right), after training
on DU5 or partial DU5 (RC-k) training splits.

points out that a reasoning system should not only
answer queries but also generate a proof. However,
PROVER adopts the multi-task learning framework
in the training stage and cannot effectively capture
the interactions between question answering and
proof generation. Along this line, we explore more
powerful joint models to achieve deep reasoning.

QA and NLI There are bAbI (Weston et al.,
2016), QuaRTz (Tafjord et al., 2019), ROPES (Lin
et al., 2019) and Hotpot QA (Yang et al., 2018)
(QA datasets) involved in rule reasoning. However,
for those datasets, implicit rules (i.e., which multi-
hop chains are valid) need to be inferred from the
training data. In our task, the rules of reasoning are
given in advance. Compared with the Natural Lan-
guage Inference (MacCartney and Manning, 2014),
our task can be regarded as its deductive subset. In
particular, NLI allows for unsupported inferences
(Dagan et al., 2013).

6 Conclusion

In this work, we propose PROBR, a novel proba-
bilistic graph reasoning framework for joint ques-
tion answering and proof generation. PROBR de-
fines a joint distribution over all possible answers
and proofs, which can directly characterize the
interaction between answers and proofs. Experi-
ments prove the effectiveness of proposed PROBR.
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Supplementary Materials for
Probabilistic Graph Reasoning for Natural Proof Generation

A Experimental Environment

Parameter Value

Training Epochs 30
Optimizer AdamW
Gradient Clipping 1.0
Batch Size 8
Dropout Rate 0.1
Learning rate 1e-5
Max Sequence Length 300

Table 8: Model configurations.

Table 8 lists the default model configurations.
We produce PROBR on 8 NVIDIA Tesla-V100
GPUs. We implement PROBR with PyTorch, using
RoBERTa (Liu et al., 2019) as pre-trained language
model.

B Results on Development Set

Table 9 shows the results on development set under
the fully supervised setting, and the corresponding
test set results are shown in Table 1. Overall, it is
consistent with the findings of the test set results.
PROBR achieves the best performance in three ac-
curacy metrics (QA, PA and FA).

D Cnt QA PA FA

RT PV PB PV PB PV PB

0 6299 100 100 100 98.5 98.7 98.5 98.7
1 4434 98.4 98.8 100 92.2 93.6 92.2 93.6
2 2915 98.4 99.2 99.0 85.6 87.3 85.6 87.3
3 2396 98.8 98.7 100 82.8 85.4 82.8 85.4
4 2134 99.2 98.8 99.7 76.9 80.8 76.9 80.8
5 2003 99.8 99.3 99.9 67.4 74.6 67.4 74.6

All 20192 99.2 99.3 99.9 88.0 90.0 88.0 90.0

Table 9: Fully supervised learning performance com-
pared among RuleTakers (RT), PROVER (PV) and
PROBR (PB) on development split of DU5 after train-
ing on training split of DU5, reported in varying depth.

Table 10 lists the results on development set of
DU5 after training on DU0, DU1, DU2, DU3, re-
spective. The corresponding test set resluts are
shown in Table 5. Comparing with Table 5, each
number is very close (fluctuates within 1% ) and
similar conclusions can be drawn.

Train
Data

QA PA FA

PV PB PV PB PV PB

DU0 68.3 57.0 43.8 50.7 42.3 41.7
DU1 73.2 98.5 63.9 64.3 61.8 64.3
DU2 89.3 99.9 72.6 74.3 72.3 74.3
DU3 98.3 99.9 79.4 83.2 79.4 83.2

DU5 99.3 99.9 88.0 90.0 88.0 90.0

Table 10: Performance comparison between PROVER
and PROBR development split of DU5 after training on
DU0, DU1, DU2, DU3, respectively.

C Results of Ablation Studies

Table 11 lists the comparison results of PROBR

and the three variants of PROBR (mentioned in
Section 4.6). Regarding the Table 11, we have
three observations:

1. In all ablation experiments, PROBR achieved the
best QA performance, demonstrating that PROBR

can capture critical information for question an-
swering in a variety of settings. However, since
some of the dataset are artificially synthesized, it
is difficult to guarantee that PROBR will work in
the real dataset as well. We leave it as future work.

2. In some cases, variant d) (PROBR + Gold +
KL) outperforms PROBR in PA and FA. It shows
the potential advantages of the KL term. In the
future, we will explore proof generation in a semi-
supervised learning scenario through this KL term.

3. When we compare the performance of the two
models PROBR and PROBR + Gold, we can see
that whether the predicted proof or the correct
proof is used during training significantly affects
the final performance. Applying some heuristic
strategies may give better results, such as sched-
uled sampling (Bengio et al., 2015). We will try it
in the future.
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Test on DU5 Test on ParaRules Test on Birds-Electricity

QA PA FA QA PA FA QA PA FA

RC-1%

a)88.2
b)53.4
c)76.6
d)70.4

a)21.6
b)21.6
c)21.6
d)21.6

a)20.3
b)21.3
c)14.8
d)20.0

a)56.3
b)47.8
c)50.1
d)52.0

a)25.0
b)25.0
c)25.0
d)25.0

a)18.3
b)14.1
c)12.9
d)14.5

a)60.6
b)55.5
c)51.3
d)54.8

a)34.6
b)34.6
c)34.6
d)34.6

a)24.4
b)17.4
c)17.6
d)19.9

RC-5%

a)99.7
b)92.6
c)83.1
d)61.6

a)44.2
b)43.7
c)31.4
d)47.9

a)44.2
b)43.6
c)30.1
d)45.9

a)84.7
b)57.0
c)73.8
d)50.6

a)36.5
b)37.1
c)36.6
d)38.9

a)35.1
b)35.4
c)27.6
d)37.2

a)99.5
b)84.2
c)60.6
d)81.9

a)69.1
b)62.0
c)45.3
d)73.4

a)69.0
b)62.0
c)42.0
d)65.4

RC-10%

a)99.9
b)97.1
c)93.5
d)95.3

a)60.4
b)57.9
c)52.2
d)69.3

a)60.4
b)57.9
c)51.8
d)69.0

a)89.3
b)59.8
c)63.4
d)59.2

a)41.3
b)40.0
c)40.7
d)37.5

a)40.3
b)38.6
c)39.2
d)35.9

a)99.9
b)80.9
c)69.6
d)75.0

a)55.4
b)59.6
c)53.3
d)66.2

a)55.4
b)59.6
c)53.2
d)66.1

RC-100%

a)99.9
b)99.9
c)99.8
d)99.8

a)88.8
b)88.7
c)89.1
d)89.6

a)88.8
b)88.7
c)89.1
d)89.6

a)82.8
b)60.1
c)60.9
d)59.8

a)43.8
b)42.7
c)42.9
d)43.2

a)41.6
b)39.8
c)41.2
d)41.5

a)96.3
b)86.7
c)84.8
d)88.5

a)79.3
b)81.4
c)78.6
d)80.9

a)79.3
b)81.3
c)78.6
d)80.9

Table 11: QA accuracy, proof accuracy and full accuracy compared among PROBR, PROBR + Gold, PROBR + KL,
and PROBR + Gold + KL on DU5 test partition (left), on ParaRules test partitions (middle) and on Birds-Electricity
dataset (right), after training on DU5 or partial DU5 (RC-k) training splits, where a)–PROBR, b)–PROBR + Gold,
c)–PROBR + KL, d)–PROBR + Gold + KL.
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Abstract

In this paper, we consider a realistic scenario
on stance detection with more application po-
tential, i.e., zero-shot and few-shot stance de-
tection, which identifies stances for a wide
range of topics with no or very few training ex-
amples. Conventional data-driven approaches
are not applicable to the above zero-shot and
few-shot scenarios. For human beings, com-
monsense knowledge is a crucial element of
understanding and reasoning. In the absence
of annotated data and cryptic expression of
users’ stance, we believe that introducing com-
monsense relational knowledge as support for
reasoning can further improve the generaliza-
tion and reasoning ability of the model in the
zero-shot and few-shot scenarios. Specifically,
we introduce a commonsense knowledge en-
hanced model to exploit both the structural-
level and semantic-level information of the re-
lational knowledge. Extensive experiments
demonstrate that our model outperforms the
state-of-the-art methods on zero-shot and few-
shot stance detection task.

1 Introduction

Stance detection aims to identify the text authors’
attitudes or positions towards a specific topic as
a category label from this set: {Pro, Con, Neu-
tral} (Mohammad et al., 2016b, 2017). Conven-
tionally, this task is designed to learn a target-
specific classifier for prediction on the same topic.
Afterward, cross-target stance detection comes out
as a subclass of the initial generic stance detec-
tion, where the classifier is adapted from differ-
ent but closely related topics (e.g., training classi-
fier on ”Hillary Clinton” and predicting on ”Don-
ald Trump”) (Augenstein et al., 2016a). However,
both target-specific and cross-target stance detec-
tion models (Du et al., 2017; Wei and Mao, 2019;

∗Zheng Lin is the corresponding author.

Topic: Stability Stance: Pro

Text: Tenure does not mean a teacher cannot lose their
job. It requires due process before termination. Before
tenure is achieved, a teacher can be fired without due
process. In the Atlanta School District administrators,
fearing that low test scores would cost them their jobs,
instructed teachers to change student test responses.
Without tenure and due process, teachers risked being
fired if they didn’t follow instructions.
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Figure 1: An example where the topic isn’t contained
in the text. Entity mentions in the text and the topic are
highlighted. We omit the reverse edges in the relation
graph for clarity.

Augenstein et al., 2016a; Zhang et al., 2020) require
a large number of training examples with manual
annotation, and annotating data for thousands of
new topics is time-consuming and expensive.

In this paper, we focus on zero-shot and few-shot
stance detection (Allaway and McKeown, 2020),
a task to classify stances for a large number of
topics with no or very few training examples. A
key challenge for zero-shot and few-shot stance
detection is the generalization ability of the mod-
els. However, most of the previous approaches (Xu
et al., 2018; Augenstein et al., 2016b; Wei and Mao,
2019; Wei et al., 2019) for stance detection have re-
lied on only the training data, which fails to achieve
satisfactory results in zero-shot and few-shot sce-
narios. Another prominent challenge is the implicit
expression of the users’ stance, where the topic
does not always appear in the document, resulting
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in the difficulty of directly establishing a connec-
tion between the topic and the document. Take
Figure 1 as an example, the topic “Stability” is not
mentioned in the document, where the relational
knowledge can supplement the lack of explicit in-
ferential evidence such as (stability, Antonym, per-
turbation) and (perturbation, RelatedTo, change)
etc. Despite attempting to introduce the external
word-level semantic and emotion knowledge (Cam-
bria et al., 2018) about each word of the document,
Zhang et al. (2020) neglect the global relationship
between the topic and the document.

To further tackle the above challenges, we
propose to bring in commonsense knowledge
from external structural knowledge base Concept-
Net (Speer et al., 2017). We believe that the rela-
tional knowledge graph extracted from ConceptNet
can promote the transmission of relational informa-
tion between the document and the topic as well
as the inference of corresponding stances, which
can further reduce the dependency on annotated
data. Specifically, we introduce a commonsense
knowledge enhanced module based on Graph Con-
volution Networks (Kipf and Welling, 2017; Velick-
ovic et al., 2018; Vashishth et al., 2020) to exploit
both the structural-level and semantic-level infor-
mation of the relation subgraph, which can further
strengthen the generalization and reasoning capac-
ities of the model. Extensive experiments show
that our method outperforms the state-of-the-art
models on the benchmark dataset for zero-shot and
few-shot stance detection.

2 Methodology

2.1 Problem Formulation

Formally, D = {(xi, ti, yi)}Ni=1 denotes the zero-
shot stance detection dataset which contains N exm-
ples, where xi is a document, ti is the correspond-
ing topic, and yi is the stance label. The goal of the
task is to obtain a stance label ỹ given xi and ti. To
bridge the document and the topic, we introduce
an commonsense knowledge subgraph G = (V, E)
extracted from the external KG, where V is the
subset of the concepts and E denotes the relations
between concepts.

2.2 BERT Encoding

We employ the pre-trained language model
BERT (Devlin et al., 2019) to encode the docu-
ment x and topic t. Specifically, we concatenate
x and t into one input sequence in the following

ConceptNet

BERT

Classifier

[CLS]		x				[SEP]				t			[SEP]

Graph
Encoder

... ...�̅� ̅𝑡

...

...

𝒢

�̅�

�̅�

Figure 2: The architecture of our model.

format: [CLS] x [SEP] t [SEP]. Then, the input
sequence is fed into BERT to obtain the contextual
representationsX = {x1, · · · ,xm} for the docu-
ment and T = {t1, · · · , tn} for the topic, wherem
and n is the length of the document and the topic
respectively. Finally, we can get the average repre-
sentations x̂ and t̂ of the document and the topic,
respectively.

2.3 Knowledge Graph Encoding with
CompGCN

Before introducing our graph encoder, let’s first
describe the process of constructing the relational
subgraph from the external knowledge graph. We
adopt ConceptNet as our knowledge graph base G.
ConceptNet consists of millons of relation triples,
which contains 34 relations in total. Each triple is
represented as R = (u, r, v), where u is the head
concept, r is the relation, and v is the tail concept.
We match phrases in documents and topics to sets
of mentioned concepts (Cd and Ct respectively)
from the ConceptNet. To extract the relational sub-
graph G = (V, E) from G, we find the two-hop
directed paths from concepts in Cd to concepts in
Ct. All concepts on the paths form the concepts set
V and E is composed of all edges between concepts
within V . Moreover, we add reverse relations edge
between any concept pair to improve the informa-
tion flow.

Most of the existing research on GCNs mainly
focuses on non-relational graphs. Thus, to incor-
porate commonsense relational knowledge, we uti-
lize CompGCN (Vashishth et al., 2020), a variant
of Graph Convolution Networks (GCNs), which
jointly embeds both nodes and relations of the sub-
graph G. The graph encoder consists of L-stacked
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CompGCN layers. The features of nodes and rela-
tions are all initialized with TransE (Bordes et al.,
2013) embeddings. We update node representa-
tions by aggregating the information from their
neighbors and their relational edges. Formally, the
update equation of nodes is defined as:

hl+1
v = f(

1

|N (v)|
∑

(u,r)∈N (v)

W l
uφ(h

l
u,h

l
r)),

(1)
where f is an activation function, N (v) is the
neighbors of the node v; hu, hr, and hv are the
representations of node u, node v and relation r.

Here, φ is a entity-relation composition opera-
tion based on the translational theory (Bordes et al.,
2013) in the form of subtraction:

φ(hu,hr) = hu − hr. (2)

The relation embeddings are transformed as fol-
lows: hl+1

r = W l
rh

l
r. After that, we obtain the

node representations Hd and Ht of Cd and Ct,
respectively. To aggregate reasonable relational
information, we compute the average relational
representation d̂ for Cd by performing scaled dot-
product attention (Vaswani et al., 2017), with t̂ as
the key andHd as the query and value. Similarly,
we get the average relational representation ĝ for
Ct.

2.4 Stance Classification
We concatenate the representations of plain texts
(i.e., x̂ and t̂) with the relational representations
(i.e., d̂ and ĝ) to make full use of the textual infor-
mation and the graph structural information. After-
ward, the concatenated representations are fed into
a two-layer multi-layer perception (MLP) with a
softmax function to predict the stance label:

ŷ = softmax(MLP([x̂; t̂; d̂; ĝ])), (3)

where [;] is vector concatenation operation.
Finally, the parameters of the network are trained

using multi-class cross-entropy loss.

3 Experiments

3.1 Datasets and Evaluation Metrics
Different from the existing stance datasets (Mo-
hammad et al., 2016a; Kobbe et al., 2020; Vamvas
and Sennrich, 2020) including few topics (rang-
ing from 6 to 194 topics), Allaway and McKeown
(2020) present a new dataset for the zero-shot and

Statistics Train Dev Test
# Examples 13477 2062 3006
# Documents 1845 682 786
# Zero-shot Topics 4003 383 600
# Few-shot Topics 638 114 159

Table 1: Detailed statistics for VAST.

few-shot stance detection, VAried Stance Topics
(VAST), which consists of thousands of topics. The
statistics of VAST are demonstrated in Table 1.
Note that a document only belongs to one parti-
tion, which means that documents in the training
set do not appear in the validation set or the test
set, and vice versa. In addition, the zero-shot top-
ics in the test set never appear in the training set,
and the few-shot topics only contains few training
data. Following the previous work (Allaway and
McKeown, 2020), the macro average of F1-score
is adopted as the evaluation metric.

3.2 Experimental Settings

We employ the base version of BERT as the
backbone. The graph encoder has two layers of
CompGCN. We train our model on 1 GPU (Nvidia
RTX TITAN, 24G) using Adam optimizer (Kingma
and Ba, 2015) with an initial learning rate of 4e-5
and a batch size of 64. All documents are kept the
first 200 words and the topic is the first 5 words.
The best checkpoints are selected according to the
evaluation metrics on the validation set. We repeat
our model three times using different random seeds
and report the averaged results. Our code will be
released on Github.

We compare our model with the several state-
of-the-art baselines: BiCond (Augenstein et al.,
2016b), CrossNet (Xu et al., 2018), SEKT (Zhang
et al., 2020), BERT-joint (Allaway and McKe-
own, 2020) and TGA-Net (Allaway and McKe-
own, 2020). The first three models are based on
BiLSTM for cross-target stance detection. When
training the latter two BERT-based models, All-
away and McKeown (2020) fixed the parameters of
the BERT module. Hence, we extend two models
BERT-joint-ft and TGA-Net-ft, in which BERT
has been fine-tuned during the training process. Be-
sides, we compare our model with BERT-GCN,
which applies the conventional GCN (Kipf and
Welling, 2017) only considering the node informa-
tion aggregation.
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Model F1 Zero-Shot F1 Few-Shot F1 All
pro con neu all pro con neu all pro con neu all

BiCond .459 .475 .349 .427 .454 .463 .259 .392 .457 .468 .306 .410
Cross-Net .462 .434 .404 .434 .508 .505 .410 .474 .486 .471 .408 .455
SEKT .504 .442 .308 .418 .510 .479 .215 .474 .507 .462 .263 .411
BERT-joint .546 .584 .853 .660 .543 .597 .796 .646 .545 .591 .823 .653
TGA-Net .554 .585 .858 .666 .589 .595 .805 .663 .573 .590 .831 .665
BERT-joint-ft .579 .603 .875 .685 .595 .621 .831 .684 .588 .614 .853 .684
TGA-Net-ft .568 .598 .885 .684 .628 .601 .834 .687 .599 .599 .859 .686
BERT-GCN .583 .606 .869 .686 .628 .634 .830 .697 .606 .620 .849 .692
CKE-Net(Ours) .612 .612 .880 .702 .644 .622 .835 .701 .629 .617 .857 .701

Table 2: Macro-averaged F1 on the test set. The suffix “ft” means the bert model is fine-tuned.

Model Imp mlT mlS Qte Sarc
BERT-joint .571 .590 .524 .634 .601
TGA-Net .594 .605 .532 .661 .637
BERT-joint-ft .617 .621 .547 .647 .668
TGA-Net-ft .615 .625 .546 .664 .675
BERT-GCN .619 .627 .547 .668 .673
CKE-Net .625 .634 .553 .695 .682

Table 3: Accuracy on five challenging phenomena in
the test set.

3.3 Results and Discussions

Results of Different Scenarios The overall re-
sults of our model and baselines are shown in Ta-
ble 2. To evaluate the effectiveness of our method
on different scenarios, we categorize the results
into three subsets: Zero-Shot, Few-shot and All.
Our model outperforms all baselines by a large
margin, which can demonstrate the importance of
incorporating the rich commonsense knowledge in
the form of relational graphs. Additionally, we ob-
serve that all BERT-based baselines perform worse
on pro examples than on con examples for zero-
shot topics. A possible explanation might be that
there are more negative words in the con examples,
which is easier to identify in terms of semantics.
Conversely, our model brings a significant improve-
ment on average for both zero-shot and few-shot
topics, which indicates that the relational informa-
tion from the external knowledge base can boost
the generalization and reasoning ability. Compared
to BERT-GCN only modeling the node aggrega-
tion, our model takes full advantage of the rela-
tional information to contribute much to the overall
performance.

Furthermore, all BERT-based models perform
better than other baseline methods. In presents

that the pre-trained models possess more strong
generalization capability because it learns from a
large-scale unsupervised corpus. Besides, SEKT
does not achieve effective improvement on VAST,
probably because they only introduce the exter-
nal semantic knowledge at the token level without
explicitly considering the overall relationship be-
tween the topic and the document. And the token-
level approach is difficult to transplant to BERT.

Results of Different Phenomena To further
analyse the effectiveness of our model, we test it
under five challenging phenomena in the VAST fol-
lowing (Allaway and McKeown, 2020): (1) Imp:
examples with non-neutral labels, where the topic
does not appear in the document, (2) mlT: doc-
uments having multiple examples with different
topics, (3) mlS: documents having multiple exam-
ples with different and non-neutral labels, (4) Qte:
documents with quotations, (5) Sarc: documents
with sarcasm (Habernal et al., 2018). As shown in
table 3, our model achieves the best performance
on all difficult phenomena. In particular, the im-
provement on Imp demonstrates that introducing
external relational knowledge can help the model
better understand the relationship between the topic
and the article. Besides, the external semantic-level
information from the relational subgraph makes our
model perform better on the special rhetorics (Qte
and Sarc).

4 Conclusion

In this paper, we interpret the necessity of intro-
ducing commonsense knowledge for zero-shot and
few-shot stance detection. We present a common-
sense knowledge enhanced method, which facili-
tates the integration of the relational knowledge to

3155



further strengthen the generalization and reasoning
capacities of the stance detection model. Exten-
sive experiments show that our proposed model
achieved state-of-the-art results.
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Abstract
Conversational Machine Reading (CMR) aims
at answering questions in complicated interac-
tive scenarios. Machine needs to answer ques-
tions through interactions with users based on
given rule document, user scenario and dia-
logue history, and even initiatively asks ques-
tions for clarification if necessary. Namely,
the answer to the task needs a machine in the
response of either Yes, No, Irrelevant or to
raise a follow-up question for further clarifica-
tion. To effectively capture multiple objects
in such a challenging task, graph modeling is
supposed to be adopted, though it is surprising
that this does not happen until this work pro-
poses a dialogue graph modeling framework
by incorporating two complementary graph
models, i.e., explicit discourse graph and im-
plicit discourse graph, which respectively cap-
ture explicit and implicit interactions hidden
in the rule documents. The proposed model
is evaluated on the ShARC benchmark and
achieves new state-of-the-art by first exceed-
ing the milestone accuracy score of 80%. The
source code of our paper is available at https:
//github.com/ozyyshr/DGM

1 Introduction

Training machines to understand documents is the
major goal of machine reading comprehension
(MRC) (Hermann et al., 2015; Hill et al., 2016; Ra-
jpurkar et al., 2016; Nguyen et al., 2016; Joshi et al.,
2017; Rajpurkar et al., 2018; Choi et al., 2018;
Zhang et al., 2018; Reddy et al., 2019; Zhang et al.,
2020c, 2021). Especially, in the recent challeng-
ing conversational machine reading (CMR) task,

∗ Equal contribution. †Corresponding author. This pa-
per was partially supported by National Key Research and
Development Program of China (No. 2017YFB0304100),
Key Projects of National Natural Science Foundation of
China (U1836222 and 61733011), Huawei-SJTU long term
AI project, Cutting-edge Machine Reading Comprehension
and Language Model. This work was supported by Huawei
Noah’s Ark Lab.

the machine is required to read and interpret the
given rule document and the user scenario, ask
clarification questions, and then make a final deci-
sion (Saeidi et al., 2018). As an example shown
in Figure 1. The user posts the scenario and asks
a question concerning whether the loan meets the
needs. Since the user cannot know the rule doc-
ument, the information he/she provided may not
be sufficient for the machine to decide. Therefore,
a series of follow-up questions are asked by the
machine until it can finally make a conclusion.

Rule Text: 

Initial Question:
User Scenario: 

Decision: Yes No IrrelevantInquire

Decision: Yes No IrrelevantInquire

Follow-up Q1:
Follow-up A1:

Follow-up Q2:

Follow-up A2:

Decision: IrrelevantInquireYes

Final Answer:

Decision: Yes No IrrelevantInquire

Follow-up Q3:

Follow-up A2: 

No

I got my loan last year. It was for 450,000.
Does this loan meet my needs?

                  Eligible applicants may obtain direct loans for up to 
a maximum indebtedness of $300,000, and guaranteed  loans 
for up to a maximum indebtedness of $1,392,000 (amount 
 adjusted annually for inflation).

Do you need a direct loan?

Is your loan less than 1,392,000?

Is your loan for less than 300,000?

Yes.

Yes.

Yes.

No.

Figure 1: An example dialog from ShARC benchmark
dataset (Saeidi et al., 2018). At each turn, the machine
can give a decision regarding the initial question put up
by the user. If the decision is Inquire, the machine will
ask a clarification question to help with decision mak-
ing. The corresponding rule document and the question
are marked in the same color in the figure.

The major challenges for the conversational
machine reading include the rule document in-
terpretation, and reasoning with the background

3158



knowledge, e.g., the provided rule document, user
scenario and the input question. Existing works
(Zhong and Zettlemoyer, 2019; Lawrence et al.,
2019; Verma et al., 2020; Gao et al., 2020a,b) have
made progress in improving the reasoning ability
by modeling the interactions among rule document,
user scenario and the other elements implicitly. As
for rule document interpretation, most existing ap-
proaches simply split the rule document into sev-
eral rule conditions to be satisfied. In general, they
first track the entailment state of each rule condi-
tion for decision making and then form a certain
under-specified rule span into a follow-up question.

However, the aforementioned cascaded methods
tend to model in a holistic way, i.e. interpreting the
rule document with other elements quite plainly,
which have the following drawbacks. First, very
little attention is paid to the inner dependencies of
rule conditions such as the discourse structure and
discourse relations (Qin et al., 2016, 2017; Bai and
Zhao, 2018). Second, existing methods do not dig
deep enough into mining the interactions between
the rule document and other elements, especially
user scenarios.

As seen, the interactions of elements in CMR
is far more complicated than that of traditional
MRC tasks. Therefore, we proposed a dialogue
graph modeling (DGM) framework consisting of
two complementary graphs to fully capture the
complicated interactions among all the elements.
Firstly, an explicit discourse graph is constructed
by making use of discourse relations of elemen-
tary discourse units (EDUs) generated from rule
documents to tackle explicit element interactions.
User scenario representation is injected as a spe-
cial global vertex, to bridge the interactions and
capture the inherent dependency between the rule
document and the user scenario information. Sec-
ondly, an implicit discourse graph is designed for
digging the latent salient interactions among rule
documents by decoupling and fusing mechanism.
The two dialogue graphs compose the encoder of
our model and feed fusing representations to the
decoder for making decisions.

As to our best knowledge we are the first to ex-
plicitly model the relationships among rules and
user scenario with Graph Convolutional Networks
(GCNs) (Schlichtkrull et al., 2018). Experimental
results show that our proposed model outperforms
the baseline models in terms of official evaluation
metrics and achieves the new state-of-the-art re-

sults on ShARC, the benchmark dataset for CMR
(Saeidi et al., 2018). In addition, our model enjoys
strong interpretability by modeling the process in
an intuitive way.

2 Related Work

Conversational Machine Reading. Compared
with traditional triplet-based MRC tasks that aim
to answer questions by reading given document
(Hermann et al., 2015; Hill et al., 2016; Rajpurkar
et al., 2016; Nguyen et al., 2016; Joshi et al., 2017;
Rajpurkar et al., 2018; Zhang et al., 2020a,b), our
concerned CMR task (Saeidi et al., 2018) is more
challenging as it involves rule documents, scenar-
ios, asking clarification question, and making a fi-
nal decision. The major differences lie in two sides:
1) machines are required to formulate follow-up
questions for clarification before confident enough
to make the decision, 2) machines have to make
a question-related conclusion by interpreting a set
of complex decision rules, instead of simply ex-
tracting the answer from the text. Existing works
(Zhong and Zettlemoyer, 2019; Lawrence et al.,
2019; Verma et al., 2020; Gao et al., 2020a,b) have
made progress in improving the reasoning ability
by modeling the interactions between the rule docu-
ment and other elements. As a widely-used manner,
the existing models commonly extracted the rule
documents into individual rule items, and track
the rule fulfillment for the dialogue states. As in-
dicated in Gao et al. (2020b), improving the rule
document representation remains a key factor to
the overall model performance, because the rule
documents are formed with a series of implicit,
separable, and possibly interrelated rule items that
the conversation should satisfy before making de-
cisions. However, previous work only considered
segmenting the discourse, and neglected the in-
ner discourse structure/relationships between the
EDUs (Gao et al., 2020b). Compared to existing
methods, our method makes the first attempt to ex-
plicitly capture elaborate interactions among all the
document elements, user scenarios and dialogue
history updates.

Graph Modeling in MRC. Inspired by the im-
pressive performance of GCN (Kipf and Welling,
2017; Luo and Zhao, 2020), efforts towards better
performance on MRC utilizing GCNs have sprung
up, such as BAG (Cao et al., 2019), GraphRel (Fu
et al., 2019) and social information reasoning (Li
and Goldwasser, 2019). Unlike the previous works
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who just apply the graph framework mechanically
to turn the entire passage or document into a graph,
the discourse graph we proposed is delicately de-
signed to mine the relationships of multiple ele-
ments in CMR task and to facilitate information
flow over the graph.

3 Model

As illustrated in Figure 2, our model mainly con-
sists of three parts to generate the final answer.

1. Rule document is segmented into rule EDUs,
which is then tagged discourse relationship by a
pre-trained discourse parser.

2. In the encoding phase, taking segmented and
preprocessed rule document and user scenario as in-
put, we build two graphs over the segments (EDUs),
in which the explicit discourse graph captures the
interactions among rules and user scenarios with
the support of tagged discourse relationship, while
the implicit discourse graph mines latent salient
interactions from the raw rule document.

3. For decoding, an interaction layer takes the
combined representation generated by both explicit
and implicit discourse graph of rule EDUs, initial
question, user scenario and dialog history as inputs,
and maps it into an entailment state of each rule
EDU. With these rule fulfillment situation, we can
make a decision among Yes, No, Inquire and Irrel-
evant. Once the decision is made to be Inquire, the
model generates a follow-up question to clarify the
under-specified rule span in the rule document.

The complete training procedure of DGM is
shown in Algorithm 1.

3.1 Preprocessing
EDU Segmentation. We first separate the rule
document into several units each containing exactly
one condition. Here we follow DISCERN (Gao
et al., 2020b) adopting the discourse segmenter (Li
et al., 2018) to break the rule document into EDUs.

Discourse Relation. Unlike EDU segmentation
which only concerns with constituency-based log-
ical structures, discourse relation allows relations
between the non-adjacent EDUs. There are in total
16 discourse relations according to STAC (Asher
et al., 2016), namely, comment, clarification-
question, elaboration, acknowledgement, contin-
uation, explanation, conditional, question-answer,
alternation, question-elaboration, result, back-
ground, narration, correction, parallel and con-
trast. We adopt a pre-trained discourse parser (Shi

Algorithm 1: DGM Algorithm
Input: word embeddings E = {e1, .., en},

dimension of word embeddings d,
token ids of rule document I ,
discourse relation D of rule
document, number of rule EDUs n

Output: Final decision in Yes/No/Irrelevant
or a follow-up question

1 for i in epochs do
2 build explicit discourse graph G(E,D)
3 Gn×d ← GCN(G)
4 build implicit discourse graph by

calculating adjacent matrix Ml, Mc

5 get rule EDU representation Cn×d by
Eq.(6) and (7)

6 combined representation for [RULE]r̃i ←
self-Attn(C +G)i

7 entailment state fi ← LINEAR(r̃i)
8 make the decision z by Eq.(10) based

on r̃i and fi
9 if z is Inquire then

10 generate follow-up question

11 return z or follow-up question

and Huang, 2019)1 to decide the dependencies be-
tween EDUs and the corresponding relation types
with the structured representation of each EDU.

3.2 Encoding Block
Embedding. We select the pre-trained language
model (PrLM) model ELECTRA (Clark et al.,
2020) for encoding. As shown in the figure, the
input of our model includes rule document which
has already be parsed into EDUs with explicit dis-
course relation tagging, user initial question, user
scenario and the dialog history. Instead of insert-
ing a [CLS] token before each rule EDU to get
a sentence-level representation, we use [RULE]
which is proved to enhance performance (Lee et al.,
2020). Note that we also insert [SEP] between
every two adjacent utterances.

Explicit Discourse Graph. We first construct
the explicit discourse graph as a Levi graph (Levi,
1942) which turns the labeled edges into addi-
tional vertices. Suppose G = (V,E,R) is the
graph constructed in the following way: if ut-
terance U1 is the continuation of utterance U2,

1This discourse parser gives a state-of-the-art performance
on STAC so far
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Figure 2: The overall structure for our proposed model. With segmented EDUs and tagged relations, the inputs
including user initial question, user scenario and dialog history are sent for embedding and graph modeling to
make the final decision. If the decision is Inquire, the question generation stage will be activated and use the
under-specified span of rule document to generate a follow-up question.

we add a directed edge e = (U1, U2) with re-
lation R assigned to Continuation. The corre-
sponding Levi graph can be expressed as G =
(VL, EL, RL) where VL = V ∪ R. EL is the
set of edges with format (U1, Continuation) and
(Continuation, U2). As for RL, previous works
such as (Marcheggiani and Titov, 2017; Beck
et al., 2018) designed three types of edges RL =
default, reverse, self to enhance information
flow. Here with our settings, we extend it into six
types: default-in, default-out, reverse-in, reverse-
out, self, global, corresponding to the direction of
the edges towards the relation vertices. An example
of constructing Levi graph is shown in Figure 3. To
construct the discourse structure of other elements,
a global vertex representing user scenario is added
and connected with all the other vertices.

We use a relational graph convolutional network
(Schlichtkrull et al., 2018) to implement explicit
discourse graph as the traditional GCN is not able
to handle multi-relation graphs. For utterance and
scenario vertices, we employ the encoding results
of [RULE] and [CLS] in Section 3.1. For rela-

tion vertices, we look up in the embedding table to
get the initial representation. Given the initial rep-
resentation h0p of every node vp, the feed-forward
or the message-passing process can be written as:

h(l+1)
p = ReLU(

∑

r∈RL

∑

vq∈Nr(vp)

1

cp,r
w(l)
r h

(l)
q ),

(1)
where Nr(vp) denotes the neighbors of node vp
under relation r and cp,r is the number of those
nodes. w(l)

r is the learnable parameters of layer l.
Because the total 16 relations cannot be treated

equally, e.g. relation Contrast is much more impor-
tant than the relation Continuation, we introduce
the gating mechanism (Marcheggiani and Titov,
2017). The basic idea is to calculate a value be-
tween 0 and 1 for information passing control.

g(l)p = Sigmoid(h(l)p Wr,g), (2)

where W (l)
r,g is a learnable parameter under relation

type r of the l-th layer. Finally, the forward process
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EDU0: who may receive a grant?

EDU1: contrary to what you mignt see online
             or in the media 

EDU2: the federal government does not offer 
             grants or “free money” to individuals

EDU3: to start a business

EDU4: or cover personal expense

(a) separated EDUs

EDU0 EDU1

EDU2

EDU3

EDU4
QA-pair

Elaboration

Continuation
Alternation

(b) the original graph

G

QA-pair

Continuation

Alternation

EDU0

EDU1

EDU2

EDU3

EDU4

Elaboration

(c) the Levi graph

Figure 3: Processes turning a sample dialog into Levi graph representing discourse relations.

of gated GCN can be represented as:

h(l+1)
p = ReLU(

∑

r∈RL

∑

vq∈Nr(vp)
g(l)q

1

cp,r
w(l)
r h

(l)
q ),

(3)

Implicit Discourse Graph. Implicit discourse
graph aims at digging the salient latent interactions
inside rule document. Each token i in rule EDU is
represented as a vertex in the graph. We use adja-
cent matrices to express implicit discourse graph.
Two types of matrices Ml and Mc are introduced
standing for local and contextualized information:

Ml[i, j] =

{
0 if Ii = Ij ,
−∞ otherwise.

(4)

Mc[i, j] =

{
0 if Ii 6= Ij ,
−∞ otherwise.

(5)

where Ii is the index of token i in EDU. Thus the
information containing in rule document are de-
coupled in two separate aspects. Using multi-head
self-attention to encode the graph and denote the
length of the whole rule document as s, embedding
dimension as d, we will get the following:

Gi = MHSA(E,Mi), i ∈ {l, c}, (6)

where Gi ∈ Rs×d and E is the embedding result
from PrLM. MHSA denotes the multi-head self-
attention (Vaswani et al., 2017).

After enough interactions inside rule EDUs, we
then fuse the information (Liu et al., 2020) of these
two implicit discourse graphs-like items2 above in

2Taking self-attention weights as edges connecting repre-
sentations (as node), it can be seen as graph as well.

a gated manner by considering both the original and
graph encoding representation of rule document.

Ẽ1 = ReLU(FC([E,Gl, E −Gl, E �Gl])),
Ẽ2 = ReLU(FC([E,Gc, E −Gc, E �Gc])),
g = Sigmoid(FC([Ẽ1, Ẽ2])),

C = g �Gl + (1− g)�Gc,
(7)

where FC is the fully-connected layer and C ∈
Rs×d. We take the calculated result of the original
[RULE] to stand for the updated rule EDUs from
C, denoted as ci.

3.3 Decoding Block

Interaction Layer. We use an interaction layer
to attend to all available information so far to
learn in a systematic way. A self-attention layer
(Vaswani et al., 2017) is adopted here allowing all
the rule EDUs and other elements to attend to each
other. Let [r1, r2, ...;uq;us;h1, h2, ...] denote all
the representations, ri is the combined sentence-
level representation of explicit and implicit dis-
course graph, uq, us and hi stand for the represen-
tation of user question, user scenario and dialog
history respectively. After encoding, the output can
be displayed as [r̃1, r̃2, ...; ũq, ũs; h̃1, h̃2...].

Decision Making. Similar to existing works
(Zhong and Zettlemoyer, 2019; Gao et al., 2020a,b),
we apply an entailment-driven approach for deci-
sion making. A linear transformation tracks the
fulfillment state of each rule EDU among Entail-
ment, Contradiction and Unmentioned. At last, the
decision is made according to:

fi =Wf r̃i + bf ∈ R3, (8)
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Model
Dev Set Test Set

Decision Making Question Gen. Decision Making Question Gen.

Micro Macro BLEU1 BLEU4 Micro Macro BLEU1 BLEU4

NMT (Saeidi et al., 2018) - - - - 44.8 42.8 34.0 7.8
CM (Saeidi et al., 2018) - - - - 61.9 68.9 54.4 34.4
BERTQA (Zhong and Zettlemoyer, 2019) 68.6 73.7 47.4 54.0 63.6 70.8 46.2 36.3
UcraNet (Verma et al., 2020) - - - - 65.1 71.2 60.5 46.1
BiSon (Lawrence et al., 2019) 66.0 70.8 46.6 54.1 66.9 71.6 58.8 44.3
E3 (Zhong and Zettlemoyer, 2019) 68.0 73.4 67.1 53.7 67.7 73.3 54.1 38.7
EMT (Gao et al., 2020a) 73.2 78.3 67.5 53.2 69.1 74.6 63.9 49.5
DISCERN (Gao et al., 2020b) 74.9 79.8 65.7 52.4 73.2 78.3 64.0 49.1
DGM (ours) 78.6 82.2 71.8 60.2 77.4 81.2 63.3 48.4

Table 1: Results on the blind held-out test set and the dev set of ShARC end-to-end task. Micro and Macro stand
for Micro Accuracy and Macro Accuracy respectively.

where fi is the score predicted for the three labels
of the i-th condition. This prediction is trained via a
cross entropy loss for multi-classification problems:

Lentail = −
1

N

N∑

i=1

log softmax(fi)r, (9)

where r is the ground-truth state of fulfillment.
After obtaining the state of every rule, we are

able to give a final decision towards whether it is
Yes, No, Inquire or Irrelevant by attention.

αi = wTα [fi; r̃i] + bα ∈ R1,

α̃i = softmax(α)i ∈ [0, 1],

z =Wz

∑

i

α̃i[fi; r̃i] + bz ∈ R4,
(10)

whereαi is the attention weight for the i-th decision
and z has the score for all the four possible states.
The corresponding training loss is:

Ldecision = − log softmax(z)l, (11)

The overall loss for decision making is:

L = Ldecision + λLentail. (12)

Qustion Generation. If the decision is made to
be Inquire, the machine need to ask a follow-up
question to further clarify. Question generation in
this part is mainly based on the uncovered informa-
tion in the rule document, and then that informa-
tion will be rephrased into a question. We predict
the position of an under-specified span within a
rule document in a supervised way. Following De-
vlin et al. (2019), our model learns a start vector
ws ∈ Rd and end vector we ∈ Rd to indicate the
start and end positions of the desired span:

span = argmin
i,j,k

(wTs tk,i + wTe tk,j), (13)

where tk,i denote the i-th token in the k-th rule
sentence. The ground-truth span labels are gen-
erated by calculating the edit-distance between
the rule span and the follow-up questions. Intu-
itively, the shortest rule span with the minimum
edit-distance is selected to be the under-specified
span. Finally, we concatenate the rule document
and the predicted span as an input sequence to fine-
tune UniLM (Dong et al., 2019) and generate the
follow-up question.

4 Experiments

4.1 Experimental Setup

Dataset. We conduct experiments on ShARC
dataset, the current CMR benchmark3 collected
by Saeidi et al. (2018). It contains up to 948 dialog
trees clawed from government websites. Those di-
alog trees are then flattened into 32,436 examples
consisting of utterance id, tree id, rule document,
initial question, user scenario, dialog history, ev-
idence and the decision. It is worth noting that
evidence is the information that we need to extract
from user information and thus will not be given in
the testing phase. The sizes of train, dev and test
are 21,890, 2,270 and 8,276 respectively. We also
showed the generalizability of our model on the
Multi-Turn Dialogue Reasoning (MuTual) dataset
(Cui et al., 2020), which has 8,678 multiple choice
samples and is divided into 7,376, 651, 651 of train,
dev and test sets respectively.

Evaluation. For the decision-making subtask,
ShARC evaluates the Micro- and Macro- Acc.
for the results of classification. If both the pre-
diction and ground truth of decision is Inquire,

3Leaderboard can be found at website https://
sharc-data.github.io/leaderboard.html
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BLEU(Papineni et al., 2002) score (particularly
BLEU1 and BLEU4) will be evaluated on the
follow-up question generation subtask.

Implementation Details. For rule EDU relation
prediction, we keep all the default parameters of
the original discourse relation parser4, with F1
score achieving 55. In the decision-making stage,
we finetune an ELECTRA-based model. The di-
mension of hidden states is 1024 for both the en-
coder and decoder. The training process uses Adam
(Kingma and Ba, 2015) for 5 epochs with learning
rate set to 5e-5. We also use gradient clipping with
a maximum gradient norm of 2, and a total batch
size of 16. In the question generation stage, for
the sake of consistency, we also use an ELECTRA-
based model for span extraction. For UniLM, we
finetune it with a batch size of 16, a learning rate
of 2e-5 and beam size is set to 10 for inference.
It takes 3-4 hours for training on a single TITAN
RTX 2080Ti GPU (24GB memory).

4.2 Results

Table 1 shows the results of DGM and all the base-
line models for the End-to-End task on the blind
held-out test set of ShARC5. Evaluating results in-
dicate that DGM outperforms the baselines in most
of the metrics. In particular, DGM outperforms the
previous state-of-the-art model DISCERN by 4.2%
in Micro Acc. and 2.9% in Macro Acc.

To test the generality of DGM on other different
PrLMs and to do a fair comparison with previous
models, We alter the underlying PrLMs to other
variants in DGM and the previous state-of-the-art
model DISCERN respectively. The results on the
dev set of ShARC are shown in Table 2. In the first
place, DGM performs better than DISCERN on all
the PrLMs, which indicates the all-round superior-
ity of DGM. Additionally, results on ELECTRA is
generally better than that of BERT and RoBERTa.
This indicates that ELECTRA is an even better
trained PrLM. By the aforementioned analysis, our
DGM can generally perform well on widely-used
PrLMs.

4https://github.com/shizhouxing/
DialogueDiscourseParsing

5As indicated in (Gao et al., 2020a,b), the question genera-
tion results normally suffer from randomness. As the focus of
this task is the decision making task like previous studies.

PrLMs Micro Acc. Macro Acc.
DISCERN DGM DISCERN DGM

BERTbase 69.8 70.4 75.3 76.0
RoBERTabase 74.9 75.8 79.8 80.2
ELECTRAbase 75.2 75.5 79.7 80.4
BERTlarge 72.8 73.0 77.8 78.0
RoBERTalarge 76.1 76.6 80.6 81.0
ELECTRAlarge 77.2 78.6 80.3 82.2

Table 2: Performance of DISCERN and DGM on differ-
ent PrLMs on the dev set of ShARC.

In addition, Table 3 lists the class-wise classi-
fication accuracy of our model. Results demon-
strate that our model performs quite satisfactorily
for all classification subtasks, outperforming all
other models in three of all four subtasks though
a minor behind on the Irrelevant subtask. Com-
pared to competent models, our model boosts the
performance with a great gain to judge whether
the user’s requirements need further inquiry or are
already fulfilled. It is worth noting that the Inquire
subtask is the most fundamental one among all sub-
tasks required by the concerned CMR. The superi-
ority of our model for this core subtask shows that
our DGM model indeed effectively captures the
complicated interactions among all the concerned
document rules and scenarios.

Models Total Yes No Inquire Irrelevant

BERTQA 63.6 61.2 61.0 62.6 96.4
E3 68.0 65.9 70.6 60.5 96.4
UrcaNet 65.9 63.3 68.4 58.9 95.7
EMT 73.2 70.5 73.2 70.8 98.6
DISCERN 75.2 71.9 75.8 73.3 99.3
DGM (ours) 77.8 75.2 77.9 76.3 97.8

Table 3: Class-wise decision prediction accuracy on the
dev set of ShARC.

5 Analysis

5.1 Ablation Study

To investigate the impacts of different graphs,
we conducted an ablation study on the decision-
making subtask which is the vital part of our model,
directly influencing the results afterward. Detailed
results on the dev set of ShARC in Table 4 show
that both the explicit and implicit discourse graph
are indispensable as removing any one of them
causes a performance drop (1-3 points) on both
Macro Acc. and Micro Acc. Especially, these two
metrics drop by a great margin as we remove the
explicit discourse graph, which shows that explicit
discourse relation reasoning is crucial in CMR.
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Example Discourse Relation DecisionStructure Type

Snippet: Export products made from endangered animals: 
(special rules)0 If the animal is classied as B, C or D1 you do 
not need to do anything2

Scenario: I do not have medicare for this person.
Question: Can I export products made from this animal?

Yes ×
No

Irrelevant
Inquire √

Simple

Snippet: Who may receive a grant?0 Contrary to what you
might see online in the media1 the federal government
does not offer grants or free money to individuals2 to start a
business3 or cover personal expenses4
Scenario: I live in Norway with my wife and children.
Question: Can I get a grant from federal government?

QA-pair

Elaboration
Continuation

Alternation

Contrast Explanation

Disjunction

Yes
No ×

Irrelevant
Inquire √

Snippet: In order to qualify for this benefit program0 home-
owners and renters must have sustained damage B, C or D1 
and be located in a disaster declared county2

Scenario: (empty)
Question: Do I qualify for this loan?

Conjunction Continuation Continuation

Yes
  No

Irrelevant ×
Inquire √

Snippet: Going abroad0 If your trip is going to last longer
than 8 or 12 weeks, contact the Tax Credit Office within a
month1 your tex credits will end unless2 you get UK benifits
or State Pension3 and you live in another European country
with a child4

Comment

Comment

Contrast

Contrast

Complex

Yes
  No √

Irrelevant
Inquire ×Scenario: (empty)

Question: Will my tex credit end?

Figure 4: Examples selected from the dev set of ShARC where DISCERN fails but our model succeeds.

Also, we can see that adding the special token
[RULE] indeed conduce to the performance.

Models Macro Acc. Micro Acc.

DGM 82.2 78.6
w/o Explicit Discourse Graph 79.8 75.2
w/o Implicit Discourse Graph 81.3 76.7
w/o both 77.3 71.7
w/o [RULE] 81.6 77.9

Table 4: Ablation study of our model for decision mak-
ing subtask on the dev set of ShARC.

5.2 User Scenario Interpretation

In DGM, by injecting the user scenario as the
global node in the explicit discourse graph we in-
tend to improve the interpretation ability of our
model with respect to user scenarios. To test the
effect of the proposed model on scenario interpre-
tation, we create a subset based on the dev set
consisting of 761 samples that have user scenar-
ios and an empty dialog history. The results on
the decision-making subtask in Table 5 shows that
our model can greatly improve the interpretation
of user scenarios by surpassing DISCERN 11.8%
and 14.8% of Macro Acc. and Micro Acc. respec-
tively. In particular, DGM outperforms DISCERN

by a large margin in every class of decision.

Models Macro Micro Yes No Irrelevant Inquire

DISCERN 63.5 60.2 35.3 50.7 100.0 67.8
DGM 75.3 75.0 58.3 62.8 100.0 79.1

Table 5: Results for decision making over user scenario
subset of the ShARC dev set.

Manually analyzing the predicted results also
indicates that DGM is capable of various reason-
ing including numerical reasoning, commonsense
reasoning and rule document paraphrasing. For
example, for numerical reasoning, given a scenario

“I plan on being away for five months before return-
ing”, DGM is able to match that with “your tax
credits will stop if you expect to be away for one
year or more” in the rule document.

5.3 Rule Document Interpretation

To see how DGM interpret the rule document, we
analyzed the predictions from DGM and DISCERN

on the dev set of ShARC to see how our model
fixes the erroneous cases made by DISCERN.

We selected four types of rule structures and the
representative examples are shown in Figure 4. It
can be seen that the discourse relation tagged for
the rule document can well represent the real rela-
tion in the discourse. For example, in the third case,

“homeowners and renters must have sustained dam-
age B, C or D” is the continuation of “in order to
qualify for this benefit program” and ”be located
in a disaster declared county” is the continuation

3165



of it. The discourse relation informs that “be lo-
cated in a disaster declared county” and “have sus-
tained damage B, C or D” are two conditions one
must obey to be qualified. Generally, Continuation
may indicate that two rules have some conjunctive
relations while Alternation denotes a disjunctive
relation. All the relations together characterize the
complex rule relations and thus are vital in deci-
sion making. Statistics regarding relations can be
found in Table 6. The contextualized information
containing in the rule document learned by the im-
plicit discourse graph also contributes to the overall
performance as it digs the semantically rich repre-
sentations of rule EDUs.

Relation Types Train Set Dev Set

Comment 28756 2374
Clarification question 330 69
Elaboration 639 82
Acknowledgement 6242 815
Continuation 7317 1090
Explanation 10831 1155
Conditional 1445 139
Question-answer pair 1824 468
Alternation 896 323
Result 664 0
Correction 14 0
Contrast 16523 1595

Table 6: Statistics analysis of relation types of the train
and dev on ShARC. “Comment”, “Continuation”, “Ex-
planation” and “Contrast” constitutes the majority of
the discourse relations.

5.4 Generalizability Evaluation
To verify DGM’s generalizability and show that
it can be smoothly applied to a broad type of QA
tasks, We conducted experiments on a represen-
tative dialogue reasoning dataset MuTual. It is
modified from Chinese high school English listen-
ing comprehension test data. It consists of 8860
annotated dialogues, namely, 7088 training sam-
ples, 886 developing samples and 886 testing sam-
ples. For each example, there is a dialogue history
following by four candidate responses. Each can-
didate is relevant to the dialogue context but only
one of them is logically correct. Our aim is to pre-
dict the correct answer given dialogue history and
response candidates.

To apply DGM on MuTual, we first annotated
the utterances of dialogue history of their discourse
relations. Then pass the dialogue and the response
candidates into a pre-trained language model to
get the representation of each utterance. Armed
with these representations and discourse relations,

we are now able to construct the explicit discourse
graph. Here, we set the global representation [CLS]
(Devlin et al., 2019) of dialogue history as the
global node. The implicit discourse graph can be
constructed as Section 3.2 stated.

For the sake of computational efficiency, the
maximum number of utterances is set to be 25.
The concatenated context, response candidate in
one sample is truncated or padded to be of length
256. We use ELECTRA as the PrLM and AdamW
(Loshchilov and Hutter, 2019) as the optimizer for
training. The batch size is 24 and the learning rate
is 6e-6. We run a total of 3 epochs and select the
model of the best results in the development set.

Table 7 displays the results on MuTual, which
shows that DGM achieves a consistent improve-
ment on the performance with respect to all the
corresponding metrices.

Models Dev Set Test Set
R4@1 R4@2 MRR R4@1 R4@2 MRR

ELECTRA 90.6 97.7 94.9 90.0 97.9 94.6
DGM 91.3 98.3 95.3 90.7 98.2 95.1

Table 7: Results on the dev and test set of MuTual
dataset

6 Conclusions

In this paper, we presented a novel Dialogue Graph
Modeling framework for Conversational Machine
Reading. Our DGM consists of two complementary
graphs which respectively capture both explicit and
implicit interactions among multiple complicated
elements in the challenging task, in which Explicit
Discourse Graph is for extra knowledge learning
with tagged EDU discourse relations while Implicit
Discourse Graph helps with inside rule document
understanding. Experiments on ShARC show the
effectiveness by achieving a new state-of-the-art
result. Our method may be smoothly applied to
a broad type of QA tasks, such as our practice on
the MuTual dataset that also achieves a consistent
performance.
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stette, Lasse Espeholt, Will Kay, Mustafa Suleyman,
and Phil Blunsom. 2015. Teaching machines to
read and comprehend. In Advances in Neural Infor-
mation Processing Systems 28: Annual Conference
on Neural Information Processing Systems 2015,
December 7-12, 2015, Montreal, Quebec, Canada,
pages 1693–1701.

Felix Hill, Antoine Bordes, Sumit Chopra, and Jason
Weston. 2016. The goldilocks principle: Reading
children’s books with explicit memory representa-
tions. In 4th International Conference on Learning
Representations, ICLR 2016, San Juan, Puerto Rico,
May 2-4, 2016, Conference Track Proceedings.

Mandar Joshi, Eunsol Choi, Daniel Weld, and Luke
Zettlemoyer. 2017. TriviaQA: A large scale dis-
tantly supervised challenge dataset for reading com-
prehension. In Proceedings of the 55th Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 1601–1611.

Diederik P. Kingma and Jimmy Ba. 2015. Adam: A
method for stochastic optimization. In 3rd Inter-
national Conference on Learning Representations,
ICLR 2015, San Diego, CA, USA, May 7-9, 2015,
Conference Track Proceedings.

Thomas N. Kipf and Max Welling. 2017. Semi-
supervised classification with graph convolutional
networks.

Carolin Lawrence, Bhushan Kotnis, and Mathias
Niepert. 2019. Attending to future tokens for bidi-
rectional sequence generation. In Proceedings of
the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 1–10.

3167



Haejun Lee, Drew A. Hudson, Kangwook Lee, and
Christopher D. Manning. 2020. SLM: Learning a
discourse language representation with sentence un-
shuffling. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing
(EMNLP), pages 1551–1562.

Friedrich Wilhelm Levi. 1942. Finite geometrical sys-
tems: six public lectues delivered in February, 1940,
at the University of Calcutta. University of Calcutta.

Chang Li and Dan Goldwasser. 2019. Encoding social
information with graph convolutional networks for-
Political perspective detection in news media. In
Proceedings of the 57th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 2594–
2604.

Jing Li, Aixin Sun, and Shafiq R. Joty. 2018. Seg-
bot: A generic neural text segmentation model with
pointer network. In Proceedings of the Twenty-
Seventh International Joint Conference on Artificial
Intelligence, IJCAI 2018, July 13-19, 2018, Stock-
holm, Sweden, pages 4166–4172.

Longxiang Liu, Zhuosheng Zhang, Hai Zhao, Xi Zhou,
and Xiaodong Zhou. 2020. Filling the gap of
utterance-aware and speaker-aware representation
for multi-turn dialogue. ArXiv, abs/2009.06504.

Ilya Loshchilov and Frank Hutter. 2019. Decou-
pled weight decay regularization. In 7th Inter-
national Conference on Learning Representations,
ICLR 2019, New Orleans, LA, USA, May 6-9, 2019.
OpenReview.net.

Ying Luo and Hai Zhao. 2020. Bipartite flat-graph net-
work for nested named entity recognition. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 6408–
6418.

Diego Marcheggiani and Ivan Titov. 2017. Encoding
sentences with graph convolutional networks for se-
mantic role labeling. In Proceedings of the 2017
Conference on Empirical Methods in Natural Lan-
guage Processing (EMNLP), pages 1506–1515.

Tri Nguyen, Mir Rosenberg, Xia Song, Jianfeng Gao,
Saurabh Tiwary, Rangan Majumder, and Li Deng.
2016. Ms marco: A human generated machine read-
ing comprehension dataset. ArXiv:1611.09268v2.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic eval-
uation of machine translation. In Proceedings of the
40th Annual Meeting of the Association for Compu-
tational Linguistics, pages 311–318.

Lianhui Qin, Zhisong Zhang, and Hai Zhao. 2016. A
stacking gated neural architecture for implicit dis-
course relation classification. In Proceedings of the
2016 Conference on Empirical Methods in Natural
Language Processing, pages 2263–2270.

Lianhui Qin, Zhisong Zhang, Hai Zhao, Zhiting Hu,
and Eric Xing. 2017. Adversarial connective-
exploiting networks for implicit discourse relation
classification. In Proceedings of the 55th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 1006–
1017.

Pranav Rajpurkar, Robin Jia, and Percy Liang. 2018.
Know what you don’t know: Unanswerable ques-
tions for SQuAD. In Proceedings of the 56th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 2: Short Papers), pages 784–789.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and
Percy Liang. 2016. SQuAD: 100,000+ questions for
machine comprehension of text. In Proceedings of
the 2016 Conference on Empirical Methods in Nat-
ural Language Processing (EMNLP), pages 2383–
2392.

Siva Reddy, Danqi Chen, and Christopher D. Manning.
2019. CoQA: A conversational question answering
challenge. Transactions of the Association for Com-
putational Linguistics, 7:249–266.

Marzieh Saeidi, Max Bartolo, Patrick Lewis, Sameer
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Abstract

Indonesian language is heavily riddled with
colloquialism whether in written or spoken
forms. In this paper, we identify a class
of Indonesian colloquial words that have un-
dergone morphological transformations from
their standard forms, categorize their word for-
mations, and propose a benchmark dataset of
Indonesian Colloquial Lexicons (IndoCollex)
consisting of informal words on Twitter ex-
pertly annotated with their standard forms and
their word formation types/tags. We evalu-
ate several models for character-level trans-
duction to perform morphological word nor-
malization on this testbed to understand their
failure cases and provide baselines for future
work. As IndoCollex catalogues word forma-
tion phenomena that are also present in the
non-standard text of other languages, it can
also provide an attractive testbed for methods
tailored for cross-lingual word normalization
and non-standard word formation.

1 Introduction

Indonesian language is one of the most widely spo-
ken languages in the world with around 200 million
speakers. Despite its large number of speakers, in
terms of NLP resources, Indonesian language is
not very well represented (Joshi et al., 2020). Most
of its data are in the form of unlabeled web and
user generated contents in online platforms such
as social media, which are noisy and riddled with
colloquialism which poses difficulties for NLP sys-
tems (Baldwin et al., 2013a; Eisenstein, 2013a).

Traditionally, the majority of Indonesian col-
loquial or informal lexicons are borrowed words
from foreign or local dialect words, and sometimes
with phonetic and lexical modifications.1 Increas-
ingly however, Indonesian colloquial words are

1For example, gue, a common informal form of aku (‘I’,
‘me’), is a word that originates from the Betawi dialect.

more commonly a morphological transformation2

of their standard counterparts.3 Despite these evolv-
ing lexicons, existing research on Indonesian word
normalization has largely (1) relied on creating
static informal dictionaries (Le et al., 2016), render-
ing normalization of unseen words impossible, and
(2) for the specific task of sentiment analysis (Le
et al., 2016) or machine translation (Guntara et al.,
2020), with no direct implication to word normal-
ization in general. Given the obvious utility of cre-
ating NLP systems that can normalize Indonesian
informal data, we believe that the bottleneck is that
there is no standard open testbed for researchers
and developers of such system to test the effective-
ness of their models to these colloquial words.

In this paper, we introduce IndoCollex, a new, re-
alistic dataset aimed at testing normalization mod-
els to these phenomena. IndoCollex is a profession-
ally annotated dataset, where each informal word
is paired with its standard form and expertly an-
notated with its word formation type. The words
are sampled from Twitter across different regions,
therefore contain naturally occurring Indonesian
colloquial words.

We benchmark character-level sequence-to-
sequence transduction with LSTM (Deutsch
et al., 2018; Cotterell et al., 2018) and Trans-
former (Vaswani et al., 2017) architectures, as
well as a rule-based approach (Eskander et al.,
2013; Moeljadi et al., 2019) on our data to under-
stand their success and failure cases (§7.2, §7.3)
and to provide baselines for future work. We
also test methods for data augmentation in ma-
chine translation (back-translation), which to the
best of our knowledge has never been applied to

2We used the term morphological transformations broadly
here to include word form changes at the respective interfaces
of grammar (phonology, syntax, and semantics), following the
definition by Trips (2017).

3For example, laper, a common informal form of lapar
(‘hungry’), is a phonetic change from its standard form.
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character-level morphological transformation, and
observe that adding back-translated data to train
transformer improves its performance for normal-
izing informal words. We also test models in the
other direction: generating informal from formal
words, which can be useful for generating possible
lexical replacements to standard text (Belinkov and
Bisk, 2018).

2 Related Work

With the advent of social media and other user
generated contents on the web, non-standard text
such as informal language, colloquialism and slang
become more prevalent. Concurrently, the rise of
technologies like unsupervised language model-
ing opened up a new avenue for low-resource lan-
guages which lack annotated data for supervision.
These systems typically only require large amounts
of unlabeled text to train (Lample and Conneau,
2019; Brown et al., 2020). However, even when
NLP systems require only unlabeled data to train,
the varying degrees of formalism between different
sources of monolingual data pose domain adaption
challenges to NLP systems which are trained on
one source (e.g. Wikipedia) to transfer to another
(e.g. social media) (Eisenstein, 2013b; Baldwin
et al., 2013b; Belinkov and Bisk, 2018; Pei et al.,
2019). Worse yet, for an overwhelming majority
of lower resource languages, unstructured and un-
labeled text on the Internet is often the sole source
of data to train NLP systems (Joshi et al., 2020).
Therefore, addressing the formalism discrepancy
will augment the types of web texts which can be
employed in language technologies, especially for
languages such as Indonesian which are subject to
a high degree of informalism as will be discussed.

While this motivates research on training sys-
tems that are robust to non-standard data (Michel
and Neubig, 2018; Belinkov and Bisk, 2018;
Tan et al., 2020b,a), one intuitive direction is
to normalize colloquial language use. Most of
the work on colloquial language normalization
has been done at the sentence-level: for col-
loquial English (Han et al., 2013; Lourentzou
et al., 2019), Spanish (Cerón-Guzmán and León-
Guzmán, 2016), Italian (Weber and Zhekova,
2016), Vietnamese (Nguyen et al., 2015), and In-
donesian (Barik et al., 2019; Wibowo et al., 2020).
However, research on the linguistic phenomena of
non-standard text (Mattiello, 2005), which argues
that slang words exhibit extra-grammatical morpho-

logical properties (such as portmanteaus, clipping)
that distinguish them from the standard form, justi-
fies the need for word-level normalization.

Word-level normalization also has its merit be-
cause due to its much lower hypothesis space,
models can be trained using significantly smaller
amount of data (e.g., compare SIGMORPHON’s
10k examples to WMT’s 106 at high-resource set-
ting). Further, from our manual analysis of the
top-10k most frequent Indonesian informal words
we collected from Twitter, we find that around 95%
of these words do not require context to normal-
ize. Additionally, previous works such as Kulkarni
and Wang (2018) have suggested that creating com-
putational models for this generation of informal
words can give us insights into the generative pro-
cess of word formation in non-standard language.
This is important because studies into the genera-
tive processes of word formation in non-standard
text can deepen our understanding of non-standard
text. Moreover, they are potentially applicable to
many languages since word formation patterns are
shared across languages (Štekauer et al., 2012), e.g.,
portmanteaus (such as brexit) have been found not
only in English but also in many other languages
such as Indonesian (Dardjowidjojo, 1979), Mod-
ern Hebrew (Bat-El, 1996), and Spanish (Piñeros,
2004). Finally, the studies may have broader ap-
plications including development of rich conversa-
tional agents and tools like brand name generators
and headlines (Özbal and Strapparava, 2012).

Previous work that qualitatively catalogues or
creates computational models for informal word
formations such as shortening has mostly been in
English, using LSTMs (Gangal et al., 2017; Kulka-
rni and Wang, 2018) or finite state machines (Deri
and Knight, 2015) to generate informal words given
the standard forms and the type of word formation.
Most of the dataset: formal-informal word pairs la-
beled with their word formation used to train these
models are also in English. Other dictionaries of
informal English words include SlangNet (Dhu-
liawala et al., 2016), SlangSD (Wu et al., 2018),
and SLANGZY (Pei et al., 2019). There is also a
dataset that contains pairs of formal-informal In-
donesian words (Salsabila et al., 2018), but they are
not annotated with word formation mechanisms.
To the best of our knowledge, ours is the first
dataset of formal-informal lexicon in a language
other than English that is annotated with their word
formation types.

3171



3 Indonesian Colloquialism

3.1 Indonesian Colloquial Words
Language evolves over time due to the process
of language learning across generations, contact
with other languages, differences in social groups,
and rapid casual usages (Liberman et al., 2003).
Each of these factors exists to a high degree in In-
donesia, resulting in the constant evolution of its
language due to contacts with over 700 local lan-
guages (Simons and Fennig, 2017), socioeconomic
and education inequalities that result in varying
level of adoption of the standard Indonesian (Azz-
izah, 2015), and the rise of social media usages
with widespread celeb culture (Suhardianto et al.,
2019; Heryanto, 2008) that causes new words to be
invented and spread rapidly.

We catalog the following word formation types
that are common in colloquial Indonesian.

1. Disemvoweling: elimination of some or all
the vowels, e.g: jangan to jgn (‘no’ or ‘don’t’).
Disemvoweling does not correspond to any
phonetic change,

2. Shortening or Clipping: syllabic shortening
of the original word, e.g: internet to inet. Un-
like disemvoweling, shortening does imply
phonetic change,

3. Space/dash removal: shortened version of
writing Indonesian plural form, e.g.: teman-
teman to temanteman or teman2 (‘friends’),

4. Phonetic (sound) alteration: slight change
both in sound and spelling in text, but the
number of syllables stay the same, e.g: pakai
to pake or pakek (‘use’),

5. Informal affixation: modification, addition
or removal of affixes, e.g: mengajari to nga-
jarin (‘to teach’),

6. Compounding and acronym: syllabic and
letter compounds of one or more words akin
to acronyms, abbreviations, and portmanteau,
e.g: anak baru gede to abg (‘teen’), budak
cinta to bucin (literally, ‘being a slave to
love’),

7. Reverse: letter reversal, or colloquially
known as “Boso Walikan” (Hoogervorst,
2014), e.g: malang (the name of a city in
Indonesia) to ngalam.

8. Loan words: borrowed words, often from
local language or English, e.g: bokap (‘dad’
in Betawi)

9. Jargon: tagline, terms that have been made
into a popular term, e.g: meneketehe, from

mana aku tahu (a jargon for ‘how should I
know?’).

Some of the above transformations are also found
in the literature of other languages, such as En-
glish and Korean. In English, disemvoweling was
common during the texting (SMS) era in order to
write faster and to save on message lengths e.g., c
u l8r (‘see you later’). Informal affixation (cryin,
sweet-ass), compounding and portmanteaus (btw,
sexting), and phonetic alteration (dis is da wae)
are also present. In Korean, some compounded
or shortened version of Konglish is also widely
used (Khan and Choi, 2016), e.g., chimaek from
chicken and maek (‘beer’). Any insight we ob-
tain through evaluating models on our dataset may
therefore be of interest to other languages that share
similar colloquial transformations; insights that
may be increasingly paramount due to the rising
prevalance of non-standard text in many languages
on the web (Kulkarni and Wang, 2018; Joshi et al.,
2020) and the challenges they pose to NLP systems
(Belinkov and Bisk, 2018; Pei et al., 2019).

Loan word transformations that come from
other languages require multilingual dictionar-
ies/embeddings to normalize while jargons often
require background knowledge. Aside from these
two, we follow the previous work and hypothesize
that the word formations that fall in other categories
are mostly morphological transformations that can
be learned at character-level (Kulkarni and Wang,
2018; Gangal et al., 2017). In §4, we describe how
we curate this colloquial transformation data.

3.2 Indonesian Colloquialism Analysis

In this section, we motivate the importance of re-
search on Indonesian colloquialism by highlighting
their prevalence in Indonesian web text. We indeed
observe that in its daily use Indonesians use collo-
quial Indonesian to generate contents in the web
with (1) vocabularies that are different from formal
Indonesian and (2) at a higher rate than colloquial
use in the English language.

To compare colloquial and formal Indonesian
(from Twitter and Lazada product reviews4 and
from Kompas news articles respectively (Tala,
2003)), we compute these dataset perplexities as
well as their out-of-vocabulary (OOV) rates with
respect to an Indonesian formal lexicon constructed
from tokenizing Indonesian Wikipedia articles. For
a fair comparison, we sample 3685 sentences from

4www.kaggle.com/grikomsn/lazada-indonesian-reviews
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Figure 1: The data construction process composed of Data Collection and Data Annotation

each dataset based on the size of the smallest
dataset. To compare to colloquial use in the English
language, we also compare English tweets to an
English formal lexicon constructed from English
Wikipedia articles. We use Wikipedia to construct
these lexicons to include named entities which are
not typically present in traditional dictionaries.

Table 1 shows the OOV rate of the various
datasets. Our OOV count excludes Twitter user-
names, hashtags, mentions, URLs, dates, and num-
bers. To avoid rare words being captured as OOV,
we also remove any token that only occurred once
(shown as OOV-2) on the Table. We observe that
the OOV rate of colloquial Indonesian is double the
OOV rate of informal English. OOV of the formal
Indonesian text (Kompas news) is low, as expected.

We use perplexity as a measure of impact of
colloquialism beyond vocabulary usage and uti-
lize a pre-trained Indonesian GPT-2 trained on
Wikipedia5 and Open AI’s GPT-26 to calculate In-
donesian and English data perplexities, respectively.
Table 1 shows these perplexities.

Indonesian tweets have comparable perplexity
as Lazada as they both use colloquial language.
Both also have much higher perplexities than Kom-
pas, implying that Indonesian LM finds that collo-
quial Indonesian is different than formal Indone-
sian. Similarly, English tweets have a higher per-
plexity compared to English Wikipedia (Radford
et al., 2019). Notably, aside from Indonesian Twit-
ter having around two times higher OOV rates:
as high as 14.6% in OOV and 8.3% in OOV-2

5huggingface.co/cahya/gpt2-small-indonesian-522M
6huggingface.co/gpt2

Dataset Lang. OOV OOV-2 Ppl
Twitter ID 14.6% 8.3% 1617.0
Lazada review ID 9.1% 7.0% 1824.3
Kompas news ID 1.5% 1.1% 145.8
Wikipedia ID n/a n/a 29.9
Twitter EN 6.4% 4.5% 611.2
Wikipedia EN n/a n/a 29.4

Table 1: OOV rates of Indonesian and English datasets

than English Twitter, its perplexity too is signif-
icantly higher than English Twitter —suggesting
that the non-standard word formation is a much
more prominent issue when it comes to Indonesian,
yet remains significantly under-researched.

4 Data Collection and Annotation

Our dataset is constructed and manually annotated
from a list of informal words obtained from Twitter.
The data construction process is summarized in Fig-
ure 1. As an archipelago country, Indonesia is very
diverse in local languages, which affects the way
people use the Indonesian language. Hence, we
sample 80 tweets per-day from March 2017 to May
2020, from each of the 34 provinces in Indonesia.
We then select top 10k frequent tokens not appear-
ing in our Wikipedia-based formal word dictionary
and treat them as informal. Then we manually filter
out from this list, OOV words that are not informal
words such as product names or entities. Despite
being sampled according to geolocation, we note
that most of the informal words are more inclined
to informal words commonly used in Jakarta. We
suspect this is because Jakarta, being the center
of Indonesian economy and pop culture (CITE),
heavily influences the other regions through main-
stream media. Further investigation on this aspect
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is necessary and we leave this as a future work.
We assign four Indonesian native speakers7, with

formal education in linguistics and/or computa-
tional linguistics, to annotate each informal word
with its standard form and label the pair with their
word formation types according to our annotation
codebook.8 We annotate 9 different types of word
formation mechanisms: disemvoweling, shorten-
ing, space/dash removal, phonetic (sound) alter-
ation, affixation, compounding, reverse, loan word,
and jargon. Since an informal word is often pro-
duced by stacking multiple transformations, we
also annotate the transformation order, from the
formal word to the informal. Some annotation ex-
amples are shown in Table 2. To simplify the trans-
formation task, we assume single transformations
and treat stacked transformations as a sequence of
separate transformations. Words undergoing multi-
ple transformations are broken down into different
entries in our dataset. Ultimately, our dataset con-
sists of parallel formal and informal Indonesian
word pairs, each with its annotated word formation
type from formal to informal. A sample of our
dataset is shown in Table 3. Note that the same
formal word with the same transformation may
produce different informal words due to the open
vocabulary of colloquial words.

Our dataset contains 3048 annotated word pairs9

of which 2036 are those with morphological trans-
formations (i.e., not loan words or jargons), which
is comparable in size to other morphological trans-
formation dataset such as the SIGMORPHON
shared task (Cotterell et al., 2018). In comparison,
Bengali, which is also a lower resource language
comparable to Indonesian (Joshi et al., 2020), has
136 lemmas (and 4000 word forms) crowdsourced
in the SIGMORPHON inflection dataset while our
dataset has expertly annotated 1602 formal words
(and 2036 informal variants).

In order to ensure the quality of our annotations,
we sample 100 word pairs and compute Kripen-
dorff’s Alpha (α) (Hayes and Krippendorff, 2007)
and Cohen’s Kappa (κ) (Cohen, 1960) to measure
agreement on word formation type annotations.
The scores are α = 0.709 κ = 0.708, showing that
the annotators have substantial agreement on our
dataset (Viera et al., 2005). We split the dataset into
training, validation, and testing as in Table 4. Note

7formally employed by our company, Kata.ai.
8https://github.com/haryoa/indo-collex
9Full dataset: https://github.com/haryoa/indo-collex

that since reverse formation is quite rare, we aug-
ment the data and add additional reverse formation
in the testing and validation sets.

In our experiments, we exclude loan word and
jargon from the evaluation of character-level mod-
els, since these transformations are challenging,
if not impossible to handle at the character-level
alone without (1) additional resources such as mul-
tilingual dictionaries/embeddings and without (2)
involving additional tasks such as translation.

5 Rule-Based Transformation Baseline

We believe that some formal to informal word for-
mation mechanisms follow regular patterns. We
manually define a rule-based system as one of our
baselines (see Appendix). As we will demonstrate
in the results section, there are several challenges
entailed with a rule-based approach. Firstly, our
rule-based transformation only works from formal
to informal—as most of the colloquialism involves
removing parts of the word, reverting from infor-
mal to formal Indonesian proves difficult for the
rule-based system as it requires predicting the re-
moved characters.

Secondly, the rule-based approach can not be
universally applied. For example, in affixation,
some Indonesian root words have sub-words simi-
lar to common morphological affixes in Indonesian
such as me- or -kan. However, since these sub-
words are part of the root words, they should not
be removed/altered e.g., membal (‘bouncy’) cannot
be transformed via informal affixation to ngebal,
since me- in membal is part of the root word. Simi-
larly, sound-alter transformation is applicable only
to some words but not others e.g., malam (‘night’)
can be altered to malem, but galak (‘fierce’) cannot
be altered to galek. The rule of which words can
be sound-altered seems arbitrary. In compounding,
there is also no clear rule as to which abbreviation
to use in different settings (e.g., anak baru gede is
abbreviated to ABG, but rapat kerja nasional is ab-
breviated to rakernas instead of RKN). Lastly, as a
single word may have multiple possible transforma-
tions that can apply, since rule-based system cannot
rank these possible outputs, it randomly picks one
of the candidates.

6 Character-Level Seq2Seq Models

Previous approaches for generating transformed
words model the task as a character-level sequence-
to-sequence (SEQ2SEQ) problem: the characters
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Informal Word Annotated Formal Annotated Word Formation Type

kuy ayo (let’s go) original→ sound-alter→ reverse
note: ayo→ yuk→ kuy

gpp tidak apa-apa (no problem) original→ shortening→ disemvoweling
note: tidak apa-apa→ gapapa→ gpp

ngeselin mengesalkan (annoying) original→ affixation→ sound-alter
note: mengesalkan→ ngesalin→ ngeselin

Table 2: Examples of informal words annotated with their formal versions, alongside the transformation sequences.

Source Target Word Formation Tag
ayo (formal of “let’s go”) yuk (informal of “let’s go”) sound-alter
ayo (formal of “let’s go”) yuks (informal of “let’s go”) sound-alter
yuk (informal of “let’s go”) kuy (informal of “let’s go”) reverse
yuks (informal of “let’s go”) skuy (informal of “let’s go”) reverse
kemarin (formal of “yesterday”) kmrn (informal of “yesterday”) disemvoweling
nasi goreng (fried rice) nasgor compounding
membuka (formal of “opening”) ngebuka (informal of “opening”) affixation

Table 3: Example entries in our colloquial transformation dataset.

Word Formation Tag Train Valid Test
sound-alter 489 21 35
shorten 363 41 43
disemvoweling 323 30 31
affixation 165 30 20
space/dash removal 157 26 21
acronym 155 23 16
reverse 5 15 27
Total 1657 186 193

Table 4: Formal (F)→Informal (I) data distribution.

from the root word and an encoding of the desired
transformation type are given as input to a neural
encoder, and the decoder is trained to produce the
transformed word, one character at a time (Gangal
et al., 2017; Deutsch et al., 2018; Cotterell et al.,
2017). In reality however, transformation types
are often implied, but not given. For example, an
Indonesian speaker will be able to transform the
formal tolong (‘help’) to tlg given examples that
jangan (‘don’t’) can be transformed to jgn, even
without the transformation type i.e., disemvowel-
ing being specified. Thus, we also experiment with
these SEQ2SEQ models for generating informal
words from formal (and vice versa) without in-
putting any word formation tag to see if the models
can induce the desired transformation type based
on morphologically similar words in the training
examples. We also use these models trained to
generate outputs without word formation input to
generate back-translated data to augment our train-
ing (§7.1).

6.1 BiLSTM

The dominant model for character-level transduc-
tion that have been applied to many tasks such as
morphological inflection (Cotterell et al., 2017),
morphological derivation (Deutsch et al., 2018),

and informal word formation (Gangal et al., 2017)
adopts a character-level SEQ2SEQ model that learns
to generate a target word from its original form
given the desired transformation. These models
typically use bi-directional LSTM with attention
(Luong et al., 2015) to learn these transformations
as orthographic functions. For the task of mor-
phological derivation, the SOTA model (Deutsch
et al., 2018) also proposes a dictionary constraint
approach where the decoding process is restricted
to output tokens listed in the dictionary, which im-
proves the accuracy of their model.

We evaluate this SOTA character SEQ2SEQ that
leverages dictionary constraint (BiLSTM+Dict),
whose code is publicly available,10 on our data.
Following their approach, we train this model for
30 epochs with a batch-size of 5 using Adam opti-
mizer with initial learning-rate of 0.005, an embed-
ding size of 20, and a hidden state size of 40. For
the dictionary constraint, we construct dictionaries
of formal words from Indonesian Wikipedia (§3.2)
and informal words we collected from Twitter (i.e.,
words we collected from Twitter that do not appear
in our Wikipedia-based formal word dictionary §4).

6.2 Transformer

Given that more recently Transformer has been
shown to outperform standard recurrent models on
several character-level transduction tasks includ-
ing morphological inflection and historical text
normalization, grapheme-to-phoneme conversion,
and transliteration (Wu et al., 2020); we evaluate
character-based Transformer model (Vaswani et al.,
2017) on our dataset. We conduct hyperparame-

10github.com/danieldeutsch/derivational-morphology
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ter tuning on the size of the character embeddings,
the number of layers, and the number of attention
heads of the Transformer. For training, we use
Adam with an initial learning rate of 0.005, a batch
size of 128 (following (Wu et al., 2020)), and train
for a maximum of 200 epochs, returning the model
with the least validation loss.

7 Experiment and Results

We evaluate standard character-level transduction
models on our dataset to assess its difficulty. Our
goal is not to train SOTA models for word normal-
ization but rather to test these models for such task
on our data, and elucidate what features of the data
make it difficult.

7.1 Experiment Settings

We train and evaluate the BiLSTM+Dict and
Transformer models on our dataset. The mod-
els are trained and evaluated in both direc-
tions: formal↔informal (F↔I) Indonesian. How-
ever, as mentioned previously, we only explore
formal→informal (F→I) for the rule-based model.
We also train the SEQ2SEQ models with and with-
out inputting the word formation tag. Each experi-
ment took about 3 hours on a K80 GPU.

Aside from training the models to transform
formal↔informal words, we also use the Trans-
former model to predict the word formation tag
t ∈ T , where T is the set of word formation types
in our dataset, that best applies given an informal
word and its corresponding formal form (I→F) or
vice versa (F→I) (i.e., Transformer(I→F )→T and
Transformer(F→I)→T ).

We experiment with using backtranslation (Sen-
nrich et al., 2016), which has been used to learn
novel inflections in statistical machine translation
(Bojar and Tamchyna, 2011), at the character-
level to increase the training data for I→F. Using
TransformerF→I model that performs best on the
validation set, we generate informal words from
the words in our formal dictionary sorted by fre-
quencies. We experiment with generating M = kN
additional word pairs, where k = {1, 2, 3} and N
is the number of word pairs in the original training
data. We similarly augment training data for F→I
by using the TransformerI→F model that performs
the best on the validation set to generate formal
words from our informal word dictionary.

To ensure that the augmented data has similar
transformation distribution as the original train-

ing data, we predict the word formation type that
best applies to each generated word pair using the
Transformer(I↔F )→T model that performs best on
validation. For each word formation type, we add
rM generated pairs with such type to our training
data based on its ratio r in the original training.

Each model’s performance is measured by the
top-1 and top-10 accuracy. Since formal→informal
transformation is rather flexible, we also capture
the BLEU score of the model’s output. We report
performances of the hyperparameter-tuned models
that perform best on the validation set.

7.2 Results

Our experiment results are shown in Table 5. Gen-
erally, Transformer models outperform all other
models. Specifying the target word formation type
improves the performance of both models. Back-
translation is also shown to improve the perfor-
mance of the Transformer. Transformer with added
backtranslation and word formation tag yields the
best test performance in both directions.

We also observe that in average the performance
of the models are higher in the I→F direction than
F→I. We observe similar trends when predicting
word formation types given word pairs. The accu-
racy of the Transformer(I→F )→T model that pre-
dicts the type that applies given an informal word
and its corresponding formal form is 81.4%; which
is significantly higher than the 65.0% accuracy of
the Transformer(F→I)→T model that predicts the
type given a formal word and its corresponding in-
formal form. This may point to the inherent ambi-
guity of generating informal words from the formal
words. Due to the open-vocabulary of informal
words, there are potentially many ways to trans-
form a formal word into informal forms.

Surprisingly, rule-based transformation outper-
forms BiLSTM+Dict and several non-optimal
Transformer configurations in terms of top-1 ac-
curacy. However, rule-based transformation does
not perform well in terms of top-10 accuracy. We
observe that the rule-based transformation does not
always manage to produce 10 transformation can-
didates, therefore missing out on the extra chances
to correctly guess the output.

7.3 Discussion

In this section, we discuss failures and success
cases of the best performing model (Transformer)
on our dataset, elucidate what the model learns,
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Informal to Formal Formal to Informal
Model Dev Test Dev Test

Top1 BLEU Top1 Top10 BLEU Top1 BLEU Top1 Top10 BLEU
Rule-Based - - - - - 27.9 43.9 34.7 53.4 50.2
BiLSTM + Dict 23.5 53.0 30.5 58.8 57.9 18.8 47.3 22.8 56.1 47.7
BiLSTM + Dict + word-formation tag 25.7 54.8 30.5 56.3 53.2 30.6 60.8 30.1 62.5 54.4
Transformer 30.1 59.3 27.9 60.6 61.6 19.4 53.3 21.2 56.5 48.7
Transformer + word-formation tag 33.9 64.4 35.8 65.9 61.6 31.2 59.2 22.3 54.2 48.2
Transformer + BT 31.7 65.7 32.1 66.4 63.7 22.6 57.1 24.4 58.4 53.4
Transformer + BT + word-formation tag 33.3 66.5 37.4 70.2 62.1 36.6 69.2 35.8 67.5 57.0

Table 5: Experiment Result for Informal and Formal Colloquial transformation.

Figure 2: Attention matrix of sudah (F)→ sdh (I) with-
out word formation tag (column: source, row: target).
The model learns to disemvowel implicitly by paying
attention to the vowels and removing them.

and analyze features of the data that make it chal-
lenging for the model. As seen in Table 5, when
the desired word formation is not given, the Trans-
former has worse performance when performing
F→I transformation compared to I→F. This is be-
cause transforming from formal to informal has a
higher level of ambiguity i.e., a word can be made
informal by multiple possible word formations.

If the word formation type is not given, we ob-
serve that Transformer will learn to select the type
implicitly. For example, it selects the disemvow-
eling mechanism implicitly as it pays attention to
vowels in the word while removing them e.g., to
correctly generate the informal sdh from the formal
sudah (meaning, ‘already’) Figure 2). If the in-
put consists of two words (separated by space), the
model assumes the space/dash removal mechanism,
paying attention to the characters before and after
the space while removing the space e.g., given the
word ga tau (meaning, ‘don’t know’), the model
removes the space and correctly returns gatau.

However, the Transformer may select an incor-
rect transformation when the target word formation
is not given e.g., the phrase ibu hamil (‘pregnant
mother’) is often expressed as bumil (acronym).
Without tag, the model performs a space/dash re-
moval instead, and produced incorrect ibuhamil.
Figure 3 shows how the model attends to the tag
when it is given and applies the correct mechanism.

We observe that the model also attends to the

Figure 3: Attention matrix of ibu hamil F→I transforma-
tion with word formation tag (column: source, row: tar-
get). The model pays attention to the tag (acronym) while
getting the prefix bu- from the first word and the suffix -
mil from the second.

Figure 4: Attention matrix of ksl (I) → kesal (F) and
gatau (I)→ ga tau (F) with tag (column: source, row:
target). The model learns to pay attention to the tag
while regenerating the missing vowels and space.

tag when transforming the word in the reverse
(I→F) direction e.g., the model pays attention to
the tag while correctly generating the vowels of a
disemvoweled words ksl to kesal (‘annoyed’) or the
space between the compounded word gatau to ga
tau (Figure 4).

In general, we observe that formal to informal
transformation is challenging, since multiple valid
informal words are possible even for a given word
and word formation type. For example, kamu
(‘you’) can be written informally as km or kmu
both with the same disemvoweling transformation.
Some word formation mechanisms are also ambigu-
ous. For example, budak cinta’s acronym is bucin
(using the prefix of the second word), whereas ibu
hamil’s acronym is bumil (using the suffix of the sec-
ond word). The acronym transformation seems to
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be applied on a case-by-case basis with no clear pat-
tern. Reversing acronym to its original phrases is
even more challenging (with or without tags) since
it requires models to reconstruct the full phrase
given minimum context e.g., reconstructing anak
layangan (‘tacky’) from its acronym alay.

Another challenging transformation is affixa-
tion. Since me- and its different variants (mem-,
men-, etc.) are common morphological prefixes
in Indonesian, we observe that our best model,
the Transformer, often puts me- in I→F affixation
transformation, mistakenly transforming for exam-
ple, nyantai (‘to relax’) into menyantai (expected:
bersantai). This suggests that more training data
may be needed to capture various affixation.

On the other hand, in sound alteration, we ob-
serve that Transformer successfully learns to sound-
alter even when the word formation is not explicitly
mentioned. For example, it learns to transform the
informal pake (‘to wear’) to pakai (attending to
the characters e when outputting ai), kalo (‘if’) to
kalau (attending to the character o when outputting
au), and mauuu (‘want’) to mau (attending to the
characters uuu when outputting u).

8 Ethical Consideration

Normalizing informal Indonesian language might
serve as a bridge to connect the generational gap in
the use of the language, as the informal Indonesian
language is more popular among the younger popu-
lace. Furthermore, it can potentially bridge linguis-
tic differences across the Indonesian archipelago.
Although we attempt to collect informal data from
each province in Indonesia, the resulting informal
dataset is still mostly Jakarta-centric, and further
scraping and verification of the linguistic coverage
is necessary for future work. Finally, as not ev-
ery Indonesian speaks perfect standard Indonesian,
having an NLP interface (such as chatbots) that can
readily accept (process and understand via normal-
ization) any kind of informality that might arise
promotes inclusivity that all NLP research should
strive for.

9 Conclusion and Future Work

We show that colloquial and formal Indonesian
are vastly different in terms of OOV-rate and per-
plexity, which poses difficulty for NLP systems
that are trained on formal corpora. This signifi-
cant gap between train and test sets in terms of
formalism may hinder progress in Indonesian NLP

research. We propose a new benchmark dataset for
Indonesian colloquial word normalization that con-
tains formal-informal word pairs annotated with
their word formation mechanisms. We test several
dominant character-level transduction models as
baselines on the dataset and observe that different
word formation mechanisms pose different levels
of difficulties to the models with transformation to
informal forms being more challenging due to the
higher degree of transformation variants. Through
this dataset, we intend to provide a standard bench-
mark for Indonesian word normalization and foster
further research on models, datasets and evaluation
metrics tailored for this increasingly prevalent and
important problem.

In the future, we are interested to use the con-
text in which the words occur, either textual (e.g.,
sentences) or other modalities (e.g., images or
memes), to improve word transformation (formal
↔ informal) by using the context as either implicit
signal (Wijaya et al., 2017) or explicit signal for
“translating” between the formal and informal word
forms based on similarities between their sentence
contexts (Feng et al., 2020; Reimers and Gurevych,
2020) or image contexts (Bergsma and Van Durme,
2011; Kiela et al., 2015; Hewitt et al., 2018; Khani
et al., 2021). We are also interested to learn if sim-
ple clustering of contexts within which the words
occur can help us learn the mapping between the
formal and informal words similar to finding para-
phrase matching (Wijaya and Gianfortoni, 2011).
Lastly, we are interested in the use of text normal-
ization to augment data for training informal text
translation (Michel and Neubig, 2018; Jones and
Wijaya, 2021) or for training other downstream
applications such as framing identification (Card
et al., 2015; Liu et al., 2019; Akyürek et al., 2020),
which are typically trained on formal news text, on
informal social media text.
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A Rule-based transformation

Our rule-based transformation can be described in Table 6.

Condition Transformation Example
Type: Affixation

prefix meng- followed by a consonant replace prefix to nge- menghina - ngehina
prefix menc- replace prefix to ny- mencari - nyari
prefix mem- followed by a consonant replace prefix to nge- membuka - ngebuka
prefix men- followed by a consonant replace prefix to nge- menjitak ->ngejitak
prefix me- followed by l, q, r, w replace prefix to nge- melempar ->ngelempar
suffix -i replace suffix to -in pukuli ->pukulin
suffix -kan replace suffix to -in hidangkan ->hidangin

Type: Shorten
prefix me- followed by ng remove me- mengegas ->ngegas
prefix me- followed by ny remove me- menyanyi ->nyanyi
prefix me- followed by m + vowel remove me- memukul ->mukul
prefix me- followed by n + vowel remove me- menendang ->nendang
prefix h- remove h- habis ->abis
identic duplicate words replace word with 2 makan-makan ->makan2

Type: Sound-alteration
last a replace to e malam - malem
last i replace to e kemarin ->kemaren
last ai replace to e sampai ->sampe
last au replace to o kalau-kalo
last ai replace to ae main - maen
last -nya replace to -x sepertinya - sepertix
last p replace to b mantap - mantab
last s replace to z habis - habiz

Compounding
any pattern select the first character anak baru gede - abg
Second occurrence of cons. + vowel All character before the pattern butuh cinta - bucin
Second occurrence of cons. + vowel All character up to the cons. nasi goreng - nasgor

Disemvowelling
any pattern randomly remove vowels kemarin - kmarin, kamu - km

Reverse
any pattern reverse the word yuk - kuy

Table 6: List of rule-based transformation.
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Abstract

Improving the robustness of neural machine
translation models on variations of input sen-
tences is an active area of research. In this
paper, we propose a simple data augmenta-
tion approach by sampling virtual sentences
from the vicinity distributions in higher-level
representations, constructed either from indi-
vidual training samples via adversarial learn-
ing or pairs of training samples through mixup.
By simplifying and extending previous work
that operates at the token level, our method
can construct virtual training samples in a
broader space and achieve improved transla-
tion accuracy compared to the previous state-
of-the-art. In addition, we present a simple
variation of the mixup strategy to better utilize
the pseudo training samples created from back-
translation, obtaining further improvement in
performance.

1 Introduction

In recent years, neural machine translation (NMT)
models (Sutskever et al., 2014; Bahdanau et al.,
2014; Vaswani et al., 2017) have dramatically im-
proved the quality of machine translation, espe-
cially with the introduction of the seminal Trans-
former architecture (Vaswani et al., 2017) that has
become the de facto modeling choice. NMT train-
ing aims to learn a parameterized function that
models the prediction of the translation in a tar-
get language given a source language sentence
from labeled training data, which is often limited
in volume especially for low-resource domains or
languages. Similar to other fields in deep learn-
ing, model robustness is an area of concern for
NMT as a minor change in the input sentence may
result in a different or incorrect translation. In
practice this can happen with spelling or gram-
mar errors (Provilkov et al., 2019), speech recog-
nition errors (Ruiz et al., 2019; Di Gangi et al.,

2019), or even a sentence of the same meaning
but with a slightly different use of words or ex-
pressions. Some studies (Belinkov and Bisk, 2017)
have shown that the performance of NMT models
can drop significantly when small perturbations are
added to input sentences.

This problem can be attributed to overfitting as it
is difficult to reliably model the translation distribu-
tion for the part of input space that has little or no
training samples. There have been several attempts
to address this problem by filling the space via data
augmentation. One direction is to create new train-
ing samples by adding perturbations at the token
level (Wang et al., 2018; Belinkov and Bisk, 2017;
Sperber et al., 2017; Ebrahimi et al., 2018; Li et al.,
2019; Cheng et al., 2018, 2019, 2020; Levy et al.,
2019), through either token insertion, deletion, and
substitution operations or introducing noises to to-
ken embedding vectors. Among these approaches,
Cheng et al. (2019) demonstrated the effectiveness
of incorporating adversarial training samples that
are natural sentences, with their semantic relevance
to the original sentence safeguarded by language
modeling. Cheng et al. (2020) achieved further
improvement by creating more diverse but virtual
sentences by mixing up actual training samples or
synthesized adversarial samples via interpolation
of word embeddings, but again at the token level.

Inspired by the success of manifold mixup in
computer vision (Verma et al., 2019) and the re-
cent evidence of separable manifolds in deep lan-
guage representations (Mamou et al., 2020), we
propose to simplify and extend previous work on
adversarial learning and mixup augmentation to
operate in high-level hidden representations, and
as such we name the method manifold adversarial
augmentation. Specifically, we create adversar-
ial representations on a randomly selected hidden
layer to attack the NMT model by adding pertur-
bations based on gradients at a random scale to
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some randomly selected positions. Because the ad-
versarial representations diverge slightly from the
original representation but in many different ways,
they can be viewed as many diverse sentences that
are different in expression but have similar mean-
ings. We also create virtual samples by mixing
up the hidden representations of two randomly se-
lected samples at a randomly selected hidden layer.
Similarly, the mixup presentations can be viewed
as many diverse sentences that fill the semantic
space between the two original samples, which can
help obtain smoother decision boundaries in the
data space that is less populated. We further ex-
tend the mixup strategy to back-translation, another
effective data augmentation method for machine
translation, creating virtual samples to bridge the
gap between pseudo samples and gold samples.

Experiments on the LDC Chinese-English and
IWSLT English-French benchmark tasks demon-
strate that our method can significantly improve
the vanilla Transformer model by more than 4 and
3 BLEU respectively, averaged over multiple data
sets for each task. Compared to the recent state-of-
the-art AdvAug method in (Cheng et al., 2020), our
method achieves an average improvement of 0.39
and 1.10 BLEU respectively. Further improvement
can be achieved with the use of back-translation
data.

2 Method

As our manifold adversarial augmentation method
is closely related to the AdvAug method (Cheng
et al., 2020), we start by highlighting, and also
depicting in Figure 1, their similarities and differ-
ences.

AdvAug uses both adversarial learning and
mixup augmentation at the token level. The adver-
sarial samples are obtained by randomly replacing
a small subset of input words (on either source or
target side) with words adjacent in the direction of
the gradient that can also fit in context based on lan-
guage modeling. The generated adversaries tend to
be natural sentences, however, the variation is lim-
ited as it cannot deal with word insertion, deletion,
reordering, and more general variations in language
expression. Their mixup operation creates virtual
samples by interpolating the word embedding vec-
tors of two randomly selected training samples or
adversarial samples. While it can generate more
training samples, it is hard to interpret the virtual
samples as representions of natural sentences, lim-

AdvAug

n l
ay
ers

Manifold Adversarial Augmentation

interpolated samples

adversarial samples

oberserved samples

languagemodel constraint

Figure 1: Comparison of the AdvAug method and our
manifold adversarial augmentation method.

iting its potential in dealing with natural texts.
In contrast, our method operates on higher-level

hidden representions for both adversarial learn-
ing and mixup augmentation, relying on multiple
neural layers to extract semantic meanings, which
makes it easier to perform arithmetic operations
on semantics. Although we do not explicitly con-
struct adversarial samples that are natural texts, we
conjecture that our method has the potential of cov-
ering more variations that can occur naturally. We
next describe the details of our approach.

2.1 Adversarial Learning
Let x be the input sequence to our model, which
could be either a source language sentence or a
target language text representing the translation
history. We use h(j) and z(k) to denote the hidden
representations at the j-th encoder layer and the
history portion of the k-th decoder layer, respec-
tively. Enc>j denotes the function composed of the
encoder layers higher than j, and Dec>k the func-
tion composed of the decoder layers higher than k
plus the output layer, which computes the gener-
ation distribution of output words1. We generate
perturbation δh(j) to the encoder representations
h(j) as follows:

δh(j) = γ ∗ η ∗ g(j)

where g(j) is the gradient with respect to the
NMT training loss Lnmt back-propagated at h(j),
γ is a hyper-parameter controlling the maxi-
mum amount of perturbation, and η = [ηi ∼
Beta(αadv, βadv); 0 < i ≤ |x|] is a random vari-
able providing more fine-gained control of the per-
turbation. By setting αadv < 1 and βadv < 1, ηi

1Instead of performing manifold adversarial augmentation
on a predetermined hidden layer, we choose to randomly select
j ∈ [0,Ksrc] and k ∈ [0,Ktgt] among a range of encoder
and decoder layers, allowing more variations. Appendix A.2
examines the effect of different Ksrc and Ktgt values on
model performance.
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can concentrate close to 0 or 1 and act like a gate
independently controlling whether to add perturba-
tion at a specific position, mimicking the random
selection of positions for word replacement in Ad-
vAug. Similarly, we generate perturbation δz(k) to
z(k) on the decoder side. The manifold adversarial
learning loss Lmadv is computed by:

h̃ = Enc>j(h
(j) + δh(j))

Lmadv = E[KL(Dec>k(h̃, z(k) + δz(k)),ω)]

Here ω represents the prediction distribution of
NMT model on the original training sample, and
we base the adversarial loss on KL-divergence in-
stead of MLE, following the VAT work in (Miyato
et al., 2018).

2.2 Mixup Augmentation

Verma et al. (2019) investigated manifold mixup
augmentation as a way to leverage semantic inter-
polations at hidden representations as additional
training signals for the image classification task.
They demonstrated that it results in neural models
with smoother decision boundaries at multiple lay-
ers, avoiding being overly confident in the space
with little or no training samples, and can improve
model performance and robustness. Inspired by
this work, we attempt to extend the mixup aug-
mentation method in AdvAug (Cheng et al., 2020)
from word embeddings to hidden representations at
higher layers for NMT training. Specifically, given
two training samples, we first compute their hidden
representations h(j) and h′(j) at the j-th encoder
layer, hidden representations z(k) and z′(k) at the
history portion of the k-th decoder layer, and their
output distributions ω and ω′. We then construct
the hidden representations and the output distribu-
tion of the virtual mixup sample as follows:

h̃(j) = mλ(h
(j),h′(j))

z̃(k) = mλ(z
(k), z′(k))

ω̃ = mλ(ω,ω
′)

where mλ(x,y) = λx + (1 − λ)y denotes the
interpolation of two vectors, with an interpolation
weight λ ∼ Beta(αmixup, βmixup) randomly sam-
pled from a Beta distribution for each pair of train-
ing samples. The manifold mixup augmentation
loss Lmmixup is computed by:

Lmmixup = E[KL(Dec>k(Enc>j(h̃(j)), z̃(k)), ω̃)]

Finally, our manifold adversarial augmentation
method optimizes on the combination of original
NMT training loss, adversarial learning loss, and
the mixup augmentation loss:

L = Lnmt + Lmadv + Lmmixup

2.3 Extention to Back-Translation
Back translation is an effective data augmentation
method for machine translation. However, it is well
known that pseudo training samples created from
back translation have different characteristics from
the gold training samples, due to factors such as
domain mismatch and translation errors. To bridge
this gap, we extend the manifold mixup augmenta-
tion strategy to create virtual training samples that
are interpolated between a pseudo training sample
and a gold training sample, again at hidden rep-
resentations. We can adjust the parameters of the
distribution Beta(αbt, βbt) for generating the inter-
polation weight, biasing it toward the gold training
sample to alleviate the aforementioned problems
with back translation. Let h̃(j)

bt , z̃(k)bt , and ω̃bt be
interpolation results, we define an additional train-
ing loss:

Lm,btmixup = E[KL(Dec>k(Enc>j(h̃
(j)
bt ), z̃

(k)
bt ), ω̃bt)]

3 Experiments

3.1 Setup
We conduct experiments on two language pairs:
Chinese-English and English-French. For the
Chinese-English translation task, we use the LDC
corpus with 1.2M sentence pairs for training,
NIST06 for validation, and NIST02, NIST03,
NIST04, NIST05, NIST08 as the test sets. For the
English-French translation task, we use the IWSLT
2016 corpus with 230k sentence pairs for training,
test2012 for validation, and test2013 and test2014
as the test sets. All models are based on the Trans-
former architecture. Details of the data processing,
model configuration, and training settings can be
found in the appendix.

We compare with the following methods:

• The vanilla Transformer model (Vaswani
et al., 2017).

• The virtual adversarial regularization method
in (Sano et al., 2019), which adds a proportion
of normalized gradient to the source and target
word embeddings for adversarial training.
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Chinese-English English-French
METHOD MT06 MT02 MT03 MT04 MT05 MT08 test13 test14

Vaswani et al. (2017) 44.57 45.49 44.55 46.20 44.96 35.11 40.88 37.79
Sano et al. (2019) 45.75 46.37 45.02 46.49 45.88 35.90 41.67 38.72
Cheng et al. (2019) 46.95 47.06 46.48 47.39 46.58 37.38 41.76 39.46
Cheng et al. (2020) 49.26 49.03 47.96 48.86 49.88 39.63 43.03 40.91
Our method 49.43 49.54 50.34 49.46 49.04 39.19 44.58 41.56

Table 1: Comparison of main results with different robust training methods.

Chinese-English English-French
METHOD MT06 MT02 MT03 MT04 MT05 MT08 test13 test14

Lnmt + Lwmixup 48.14 48.75 48.80 48.45 47.69 38.55 43.72 40.37
Lnmt + Lmmixup 48.45 49.55 49.69 49.47 48.95 39.40 44.24 40.46
Lnmt + Lwadv 47.65 48.34 48.40 48.48 47.88 38.59 44.17 40.05
Lnmt + Lmadv 47.90 49.05 48.57 48.88 48.39 38.68 44.35 40.34
Lnmt + Lwmixup + Lwadv 48.18 49.37 49.59 48.90 49.03 39.01 44.52 40.87
Lnmt + Lmmixup + Lmadv 49.43 49.54 50.34 49.46 49.04 39.19 44.58 41.56

Table 2: Ablation study result of different loss functions. Lwmixup and Lwadv corresponds to adversarial agumenta-
tion at the word embedding level, compared with augmentation at the hidden representation level for Lmmixup and
Lmadv .

• The doubly adversarial inputs method in
(Cheng et al., 2019), which performs adver-
sarial learning with word substitutions in the
source and target text based on language mod-
eling and gradients at word embeddings.

• The AdvAug method in (Cheng et al., 2020),
a state of the art adversarial learning method
for NMT, also described in Section 2.

3.2 Main Results

Table 1 shows that our method is very competitive
in comparison with other methods in the literature,
achieving the overall best results. Compared to
the vanilla Transformer, our method achieves more
than 4 BLEU points of improvement on average on
the Chinese-English task and more than 3 BLEU
points of improvement on the English-French task.
Compared to AdvAug, the previous state of the
art, our method outperforms on 4 out of 6 test sets
on the Chinese-English task, yielding up to 2.38
BLEU points of improvement on MT03 and an
average improvement of 0.39 BLEU points over
the 6 test sets. On the English-French task, our
approach yields 1.55 and 0.65 BLEU points of
improvement on the two test sets respectively.

METHOD test13 test14
Vaswani et al. (2017) 40.88 37.79

+back-translation 43.55 40.20
Our method 44.58 41.56
+back-translation 44.81 41.92
+back-translation, Lm,btmixup 45.46 42.13

Table 3: Back-translation results on the English-French
task.

3.3 Ablation Study
Table 2 presents the ablation study results of dif-
ferent loss functions. In addition to two manifold
adversarial augmentation loss functions described
in Section 2, we also include their counterparts
computed at the word embeddings for compari-
son. First, we always achieve better MT results
with loss functions computed at the hidden rep-
resentions than at the word embeddings, further
validating our motivation that operating at higher
hidden layer is superior. Second, we observe that
adversarial learning and mixup augmentation are
complementary to each other, with the combination
of the two achieving the best performance.

3.4 Results with Back Translation
We conduct back-translation experiments on the
English-French task as it has a smaller training set
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and can potentially benefit more from back transla-
tion. 25M French sentences from newscrawl07-112

are used as additional monolingual data, and are
translated to English using a Transformer model
trained with only the parallel training data. As
shown in Table 3, both the Transformer baseline
and our method can benefit from back-translation,
although our method obtains a smaller improve-
ment compared to the Transformer baseline as it
has a significantly higher BLEU score to start with
(actually higher than the Transformer baseline with
back-translation). With the addition of our spe-
cially designed mixup loss Lm,btmixup that biases to-
ward the gold training samples in mixup augmenta-
tion, our method is able to achieve an extra gain of
0.65 and 0.21 BLEU improvement on the two test
sets.

4 Conclusion

In this paper, we present a simple yet effective man-
ifold adversarial augmentation method for NMT.
By training on virtual samples constructed through
adversarial learning and mixup augmentation at
higher-level hidden representations, our method
can train more robust NMT models with improved
translation performance.
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A Appendix

A.1 Experiment details

For the IWSLT English-French translation task, the
training sets are preprocessed with BPE with 20k
joint operations, and English and French share a vo-
cabulary of 20k sub-words. For the NIST Chinese-
English translation task, the training sets are pre-
processed with BPE with 60k joint operations, and
the vocabulary size is 60k and 30k for Chinese and
English respectively.

We follow the network settings in the original
Transformer work. The total numbers of the pa-
rameters of the model are 64757760 and 83247104
for French-English and Chinese-English transla-
tion tasks. The dropout ratio is 0.3. The model is
optimized with Adam. We use inverse square root
as the learning rate schedule, with the peak learn-
ing rate of 5e-4, warm-up steps of 4000. During
decoding, the beam size is 4 and the length penalty
is 0.6. We search hyper-parameters for producing
adversarial examples according to BLEU 3 on the
validation set. Finally, the maximum number of
layers for manifold data augmentation at source
side Ksrc and target side Ktgt are both set to 3. We
let αadv = 0.5 and βadv = 0.5 on the source side,
and αadv = 0.3 and βadv = 0.7 on the target side.
When mixing training example pairs, the hyper-
parameter αmixup and βmixup are both set to 8 for
the English-French translation task, and set to 0.2
for the Chinese-English translation task. When we
mix parallel sentence with back-translated parallel
sentence, we let αbt = 8 and βbt = 4.

We use 1 V100 GPU for the IWSLT English-
French translation task, and 4 V100 GPU for the
NIST Chinese-English translation task. It takes
about 24 hours and 72 hours for these two tasks
respectively.

Ksrc MT06 Ktgt MT06
1 48.55 1 48.40
2 48.72 2 48.78
3 49.43 3 49.43
4 49.15 4 48.78
5 48.76 5 48.65
6 48.60 6 48.32

Table 4: Effect ofKsrc andKtgt for manifold adversar-
ial augmentation on NIST Chinese-English translation
task

µ1 µ2 test13 test14
0 0 40.88 37.79
0 0.3 42.60 40.22
0 0.7 43.17 40.41
0 1 44.24 40.46

0.3 0 43.58 40.09
0.7 0 43.46 39.94
1 0 44.35 40.34
1 1 44.58 41.56

Table 5: Effect of different weights for losses on the
IWSLT16 English-French translation task

A.2 Effect of Ksrc and Ktgt for manifold
adversarial augmentation

Instead of performing manifold adversarial aug-
mentation on a predetermined hidden layer, we
choose to randomly select j ∈ [0,Ksrc] and k ∈
[0,Ktgt] among a range of encoder and decoder lay-
ers, allowing more variations. We study their effect
on the validation set of the NIST Chinese-English
translation task. We fix Ksrc = 3 (or Ktgt = 3),
when change the value ofKtgt (orKsrc). As shown
in Table 4, large or small Ksrc and Ktgt will make
the model performs worse down to about 1 BLEU.

A.3 Impact of different weights for losses
To further study the impact of different losses,
we set the training loss of our model as L =

Lnmt+µ1L
(m)
adv +µ2L

(m)
mixup, and compare the per-

formance when we set different µ1 and µ2. We
conduct experiments on the IWSLT English-French
translation task. As shown in Table 5, too small µ1
and µ2 will make the model perform worse.

3https://github.com/moses-
smt/mosesdecoder/blob/master/scripts/generic/mteval-
v13a.pl

3189



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 3190–3200
August 1–6, 2021. ©2021 Association for Computational Linguistics

Learning to Bridge Metric Spaces: Few-shot Joint Learning of Intent
Detection and Slot Filling

Yutai Hou∗, Yongkui Lai∗, Cheng Chen, Wanxiang Che†, Ting Liu
Research Center for Social Computing and Information Retrieval,

Harbin Institute of Technology
{ythou, yklai, cchen, car, tliu}@ir.hit.edu.cn

Abstract

In this paper, we investigate few-shot joint
learning for dialogue language understanding.
Most existing few-shot models learn a sin-
gle task each time with only a few exam-
ples. However, dialogue language understand-
ing contains two closely related tasks, i.e., in-
tent detection and slot filling, and often bene-
fits from jointly learning the two tasks. This
calls for new few-shot learning techniques that
are able to capture task relations from only a
few examples and jointly learn multiple tasks.
To achieve this, we propose a similarity-based
few-shot learning scheme, named Contrastive
Prototype Merging network (ConProm), that
learns to bridge metric spaces of intent and
slot on data-rich domains, and then adapt the
bridged metric space to specific few-shot do-
main. Experiments on two public datasets,
Snips and FewJoint, show that our model sig-
nificantly outperforms the strong baselines in
one and five shots settings.

1 Introduction

Few-Shot Learning (FSL) that committed to learn-
ing new problems with only a few examples (Miller
et al., 2000; Vinyals et al., 2016) is promising to
break the data-shackles of current deep learning.
Commonly, existing FSL methods learn a single
few-shot task each time. But, real-world applica-
tions, such as dialogue language understanding,
usually contain multiple closely related tasks (e.g.,
intent detection and slot filling) and often benefit
from jointly learning these tasks (Worsham and
Kalita, 2020; Chen et al., 2019; Qin et al., 2019;
Goo et al., 2018). In few-shot scenarios, such re-
quirements of joint learning present new challenges
for FSL techniques to capture task relations from
only a few examples and jointly learn multiple
tasks.

*Equal contributions.
†Corresponding author.

Train Domain 1

Support Examples:
This skirt product has stains issue. | intent: ReturnExchange
Search for red feature dress product. | intent: FindProduct

Query Example:
This waistcoat is not the right size.

Train Domain 2

Support Examples:
Play the Harry Potter film on the TV device . | intent: PlayVideo
Read the book Harry Potter book on headphones device. | intent: PlayVoice

Query Example:
Play The Lord of the Rings on my mobile.

Multi-Media
Domain

Test Domain

Shopping
Domain

Support Examples:
Where can I buy face masks product nearby? | intent: FindShop
Find the nearest barbecue food. | intent: FindRestaurant

Query Example:
Where can I buy bread.

Map Domain

Figure 1: Examples of the few-shot joint dialogue lan-
guage understanding. On each domain, given a few la-
beled support examples, the model predicts the intent
and slot labels for unseen query examples. Joint learn-
ing benefits from capturing the relation between intent
and slot labels, but such relation is hard to learn from a
few sparse examples and hard to transfer across differ-
ent domains.

This paper explores the few-shot joint learning
in dialogue language understanding as an early at-
tempt for this issue. As shown in Figure 1, FSL
models are usually first trained on source train-
ing domains, then evaluated on an unseen target
test domain. Although joint learning can improve
dialogue language understanding by utilizing the
relation between intents and slots, e.g., “Harry Pot-
ter” is “film” in “PlayVideo” intent and “book”
in “PlayVoice” intent, it faces serious challenges
when engaging to FSL setting. Firstly, it is hard
to learn generalized intent-slot relations from only
a few support examples. Secondly, because the
intent-slot relation differs in different domains, it is
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hard to directly transfer the prior experience from
source domains to target domains. For instance, the
intent-slot relation, “PlayVideo”-“film”, has never
appeared in source domains.

To tackle the aforementioned joint learning chal-
lenges in few-shot dialogue language understand-
ing, we propose the Prototype Merging, which
learns the intent-slot relation from data-rich train-
ing domains and adaptively captures and utilizes
it to an unseen test domain. The intent-slot rela-
tion is learned with cross-attention between intent
and slot class prototypes, which are the mean em-
beddings of the support examples belonging to the
same classes. Such intent-slot relation adaptively
connects the metric spaces of the two tasks.

Further, to jointly refine the intent and slot met-
ric spaces bridged by Prototype Merging, we claim
that related intents and slots, such as “PlayVideo”
and “film”, should be closely distributed in the met-
ric space, otherwise, well-separated. To achieve
this, we propose Contrastive Alignment Learn-
ing, which exploits class prototype pairs of re-
lated intents and slots as positive samples and non-
related pairs as negative samples. With these sam-
ples, it regularizes the FSL process with a margined
contrastive loss.

Overall, we named the above novel few-shot
joint learning framework as Contrastive Prototype
Merging network (ConProm), which connects in-
tent detection and slot filling tasks by bridging the
metric spaces of them. Two main components of
it cooperate to accomplish this goal. As shown in
Figure 2, Prototype Merging builds the connection
between two metric spaces, and Contrastive Align-
ment Learning refine the bridged metric space by
properly distributing prototypes.

Experiments on two public datasets show both
Prototype Merging and Contrastive Aligning Ob-
jective significantly boost the few-shot joint learn-
ing effects and outperform strong baselines. In
summary, our contribution is three-fold: (1) We
investigate the few-shot joint dialogue language
understanding problem, which is also an early at-
tempt for few-shot joint learning problem. (2) We
propose a novel Prototype Merging mechanism to
build intent-slot connections adaptively. (3) We
introduce a Contrastive Alignment Learning ob-
jective to jointly refines the metric spaces of in-
tent detection and slot filling. For reproducibil-
ity, our code for this paper is publicly available at
https://github.com/AtmaHou/FewShotJoint.

Prototype Merging

Slot Space

𝐶𝑓𝑖𝑙𝑚
𝐶𝑏𝑜𝑜𝑘

𝐶𝑃𝑙𝑎𝑦𝑉𝑜𝑖𝑐𝑒

𝐶𝑑𝑒𝑣𝑖𝑐𝑒

𝐶𝑃𝑙𝑎𝑦𝑉𝑖𝑑𝑒𝑜

Contrastive Alignment Learning

Intent Space

Cross-Attention 
Fusion

𝐶𝑓𝑖𝑙𝑚

𝐶𝑃𝑙𝑎𝑦𝑉𝑖𝑑𝑒𝑜

𝐶𝑏𝑜𝑜𝑘

𝐶𝑃𝑙𝑎𝑦𝑉𝑜𝑖𝑐𝑒

𝐶𝑑𝑒𝑣𝑖𝑐𝑒

Bridged Metric Space

Inter loss (Attract)
Intra loss (Repel)
Moving direction

Support Examples: 
Play the Harry Potter Film on the TV device .  | intent: PlayVideo
Read the book Harry Potter Book on headphones device.  | intent: PlayVoice

Query Instance:
Play The Lord of the Rings on TV

Multi-Media
Domain

Figure 2: Illustration of two main components of the Con-
Prom model: Prototype Merging and Contrastive Alignment
Learning. C denotes prototypes. To ease understanding, we
omit the repelling Inter loss in Bridged Metric Space, e.g, loss
between Cbook and CPlayVideo.

2 Background

Before start, we introduce the background of dia-
logue language understanding and few-shot learn-
ing.

2.1 Dialogue Language Understanding

Dialogue language understanding contains two
main components: intent detection and slot filling
(Young et al., 2013). Intent detection is a sentence-
level classification problem that classifies a user
utterance into one of N intent categories.

Different from intent detection, slot filling aims
to extract key entities within user utterances, which
is often achieved by assigning slot tags to each to-
ken of a user utterance and is usually formulated
as a sequence labeling problem. Given input utter-
ance x = 〈x1, x2, . . . , xn〉 as a sequence of words,
joint dialogue language understanding predicts the
corresponding semantic frame y = (l, t), where
l is the intent label and t = 〈t1, t2, . . . , tn〉 is the
slot tags sequence of the utterance.

2.2 Few-shot Learning

Few-shot learning (FSL) extracts prior experience
that allows quick adaption to new problems. There-
fore, FSL models are usually first trained on a set
of source domains, then evaluated on another set
of unseen target domains. Figure 1 shows an exam-
ple of the training and testing process of few-shot
learning for dialogue language understanding.

A target domain only contains a few labeled
examples, which is called support set S ={
(x(i),y(i))

}|S|
i=1

. S includesK examples (K-shot)
for each of N classes (N-way). Taking classifica-
tion problem as an instance: given an input query
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example x = 〈x1, x2, . . . , xn〉 and a K-shot sup-
port set S as references, we find the most appropri-
ate class y∗ of x:

y∗ = argmax
y

p(y | x,S).

State-of-the-art few-shot learning is often
similarity-based methods (Bao et al., 2020; Snell
et al., 2017). These methods conquer the extreme
lack of data by learning a general similarity metric
space on data-rich source domains. Then on few-
shot target domains, they classify a query example
according to example-class similarity, where class
representations are obtained from a few support
examples.

Prototypical network (Snell et al., 2017) is one
of the most classical similarity-based methods. It
obtains the class representation as to the mean em-
bedding of support examples belonging to the same
class, so called prototypes:

Ci =
1

|Si|
∑

(x,y)∈Si
E(x),

where Si is the set of support examples of the ith
class, and E(·) is the embedding function. The
probability of x belongs to the ith class is then
made as:

p(yi | x, S) =
exp (SIM(E(x), Ci))∑
j exp (SIM(E(x), Cj))

,

where SIM(·, ·) is a vector similarity function.

3 Proposed Method

In this section, we introduce the proposed
Contrastive Prototype Merging network (Con-
Prom). Firstly, we describe the few-shot intent
detection and slot filling with Prototypical network
(§3.1). Based on that, we present two key compo-
nents of ConProm: the Prototype Merging mecha-
nism that adaptively connects two metric spaces of
intent and slot (§3.2) and the Contrastive Align-
ment Learning that jointly refines the metric space
connected by Prototype Merging (§3.3).

3.1 Few-shot Intent Detection and Slot Filling

We build our few-shot intent detection and slot
filling model based on the Prototypical Network
described in Section 2.2. Given a query sentence x
and a support set S , we estimate the probability of

𝐶𝑓𝑖𝑙𝑚
𝐹 𝐶𝑑𝑒𝑣𝑖𝑐𝑒

𝐹𝐶𝑃𝑙𝑎𝑦𝑉𝑒𝑑𝑖𝑜
𝐹 𝐶𝑃𝑙𝑎𝑦𝑉𝑜𝑖𝑐𝑒

𝐹 𝐶𝑏𝑜𝑜𝑘
𝐹

𝐶𝑓𝑖𝑙𝑚 𝐶𝑑𝑒𝑣𝑖𝑐𝑒𝐶𝑃𝑙𝑎𝑦𝑉𝑒𝑑𝑖𝑜 𝐶𝑃𝑙𝑎𝑦𝑉𝑜𝑖𝑐𝑒 𝐶𝑏𝑜𝑜𝑘

Fused Prototypes

Original Prototypes

𝐶𝑓𝑖𝑙𝑚
𝐹 𝐶𝑑𝑒𝑣𝑖𝑐𝑒

𝐹𝐶𝑃𝑙𝑎𝑦𝑉𝑖𝑑𝑒𝑜
𝐹 𝐶𝑃𝑙𝑎𝑦𝑉𝑜𝑖𝑐𝑒

𝐹 𝐶𝑏𝑜𝑜𝑘
𝐹

𝐶𝑓𝑖𝑙𝑚 𝐶𝑑𝑒𝑣𝑖𝑐𝑒𝐶𝑃𝑙𝑎𝑦𝑉𝑖𝑑𝑒𝑜 𝐶𝑃𝑙𝑎𝑦𝑉𝑜𝑖𝑐𝑒 𝐶𝑏𝑜𝑜𝑘

𝑃𝑙𝑎𝑦𝑉

𝐶𝑓𝑖𝑙𝑚
𝐹 𝐶𝑑𝑒𝑣𝑖𝑐𝑒

𝐹𝐶𝑃𝑙𝑎𝑦𝑉𝑒𝑑𝑖𝑜
𝐹 𝐶𝑃𝑙𝑎𝑦𝑉𝑜𝑖𝑐𝑒

𝐹 𝐶𝑏𝑜𝑜𝑘
𝐹

𝐶𝑓𝑖𝑙𝑚 𝐶𝑑𝑒𝑣𝑖𝑐𝑒𝐶𝑃𝑙𝑎𝑦𝑉𝑒𝑑𝑖𝑜 𝐶𝑃𝑙𝑎𝑦𝑉𝑜𝑖𝑐𝑒 𝐶𝑏𝑜𝑜𝑘

𝑃𝑙𝑎𝑦𝑉𝑒𝑑𝑖𝑜

𝐶𝑓𝑖𝑙𝑚
′ 𝐶𝑑𝑒𝑣𝑖𝑐𝑒

′𝐶𝑃𝑙𝑎𝑦𝑉𝑒𝑑𝑖𝑜
′ 𝐶𝑃𝑙𝑎𝑦𝑉𝑜𝑖𝑐𝑒

′ 𝐶𝑏𝑜𝑜𝑘
′

𝐶

Cross-attention Fusion

Figure 3: Illustration of cross-attention based information
fusion in Prototype Merge. Thicker lines indicate higher cross-
attention scores. For example, “PlayVideo” and “film” are
more related, so the corresponding score is larger.

x being associated with intent label li as:

p(li | x,S)

=
exp (SIM(Eintent(x), Cintenti))∑
j exp (SIM(Eintent(x), Cintentj ))

,

and estimates the probability of the kth token in x
belonging to the ith slot class as:

p(ti | k,x,S)

=
exp (SIM(Eslot(xk), Csloti))∑
j exp (SIM(Eslot(xk), Cslotj ))

,

where Cintenti and Csloti are prototypes derived
with support examples. Eintent(·) and Eslot(·) are
embedder functions for intent and slot respectively.
We adopt BERT (Devlin et al., 2019) as the em-
bedder, and the sentence embedding Eintent(x) is
calculated as the averaged embedding of its to-
kens. We use the dot-product similarity for function
SIM(·, ·).

3.2 Prototype Merging
To achieve few-shot joint learning and capture
the intent-slot relation with the similarity-based
method described above, we need to bridge the
metric spaces of intent detection and slot filling.
However, as mentioned in the introduction, intent-
slot relation differs in different domains, it is hard
to transfer the bridged metric space learned from
source domains to target domains.

To remedy this, we propose the Prototype
Merging that can bridge metric spaces adaptively.
As shown in Figure 3, Prototype Merging adap-
tively estimates intent-slot relevance with cross-
attention between intent and slot, and then merges
the intent and slot prototypes with attentive infor-
mation fusion. Such an attentive fusion process
enables both intent and slot prototype representa-
tions to reflect intent-slot relation and improves
domain transferability.
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On an unseen target domain, we estimate the
intent-slot cross-attention scores from the support
set with two methods: (1) use the statistic of co-
occurrence of different intents and slots; (2) esti-
mate the intent-slot relevance score using prototype
representations.

Firstly, for the statistic-based attention-score, we
estimate intent-slot attention scores AS by count-
ing the co-occurrence of different intents and slots,
where AS

i,j records the normalized number of co-
occurrence times for the ith intent and the jth slot
(normalized by row).

Secondly, for representation-based attention-
score, we estimate the cross-attention scores with
the Additive Attention (Bahdanau et al., 2015):1

AR
i,j = V >tanh(WCintenti + UCslotj ),

where AR is the attention matrix, and AR
i,j records

the cross-attention score between the ith intent and
the jth slot. U , V andW are parameters learned on
source domains,which preserve the general experi-
ence of estimating relevance with representations.
Cintenti and Cslotj are prototypes of ith intent and
the jth slot respectively. We normalize AR by row
with softmax function.

We obtain the final cross-attention score matrix
A by combining AS and AR.

A = λAS + (1− λ)AR,

where λ is the interpolation factor.
After obtaining the cross-attention scores, we

represent each intent by fusing the information of
related slot prototypes, where the attention scores
are used as fusing weights. Similarly, we use intent
prototypes to represent slots (See Figure 3). The
fusion process is as follows:

CF
intenti =

∑

j

Aij × Cslotj ,

CF
slotj

=
∑

i

Aij × Cintenti ,

where CF
intenti

and CF
slotj

are the fused prototypes
of ith intent and the jth slot respectively.

At last, we obtain the representation of merged
prototypes C ′ by combining the origin prototype

1We adopt additive attention because we find it outper-
forms common product-based attention in our setting. This
is mainly due to that additive attention interferes less with
product-based similarity calculations.

C with the fused prototype CF:

C ′intent = α× CF
intent + (1− α)× Cintent,

C ′slot = α× CF
slot + (1− α)× Cslot,

where the α is a hyper-parameter that controls the
importance of intent-slot relation.

3.3 Contrastive Alignment Learning
Similarity-based few-shot learning relies heavily
on a good metric space, where different classes
should be well separated from each other (Hou
et al., 2020a; Yoon et al., 2019). In joint-learning
scenarios, there are further requests to connect met-
ric spaces of joint learned tasks and jointly optimize
these metric spaces.

In response to the above requests, we argue that
the distribution of prototypes of dialogue language
understanding should fit these intuitions: (1) dif-
ferent intent prototypes should be far away and
the same as slot prototypes (Intra-Contrastive); (2)
the slot prototypes should close to the related in-
tent prototypes and should be far away from the
unrelated intent prototypes (Inter-Contrastive).2

To achieve these, we introduce a Margined Con-
trastive Loss to force the model to learn the sepa-
ration and alignment of intent and slot prototypes.

Firstly, to encourage separation of prototypes
from the same task, we regularize the learning of
intent and slot prototypes with Intra-Contrastive
loss LIntra = 1

2(LIntra−intent+LIntra−slot), where
both the LIntra−intent and LIntra−slot are calculated
as:

LIntra =
1

N2

∑

i

∑

j

max(0,m− ‖Ci − Cj‖)2,

where m is the margin value and N is the number
of prototypes. The margin m is important since it
can protect metric space from excessive dispersion.

Next, we learn the alignment (separation) be-
tween intent prototypes and slot prototypes with
Inter-Contrastive loss LInter:

LRi =
1

2|Ri|
∑

j∈Ri
(
∥∥Cintenti − Cslotj

∥∥2),

LUi =
1

2|Ui|
∑

k∈Ui
max(0,m− ‖Cintenti − Cslotk‖)2,

LInter =
NI∑

i

(LRi + LUi ),

2A slot is related to an intent means that they used to
co-occur in the same semantic frame.
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where Ri is the set of slots related to the ith in-
tent and Ui is the set of slots that are not related
to the ith intent. NI is the number of intents.
Here, we simply obtain the relatedness with the
co-occurrence matrix MS in Section 3.2.

Finally, the Margin Contrastive Loss is calcu-
lated as:

LContrastive = LInter + LIntra

3.4 Learning Objective
In dialogue language understanding task, we joint
learn the intent detection task and slot filling by op-
timizing both losses at the same time. Specifically,
we use CrossEntropy (CE) to calculate the loss for
intent detection and slot filling. Combining with
the loss of Contrastive Alignment Learning, we
train the entire model with the following objective
function:

Lall = CEintent +CEslot + LContrastive

4 Experiments

We evaluate our method on the dialogue language
understanding task of 1-shot/5-shot setting, which
transfers knowledge from source domains (train-
ing) to an unseen target domain (testing) containing
only 1-shot/5-shot support set.

4.1 Settings
Dataset We conduct experiments on two public
datasets: Snips (Coucke et al., 2018) and FewJoint
(Hou et al., 2020c). Snips is a widely-used dataset
for dialogue language understanding, containing
seven single-intent domains together with 53 slots.
The other dataset FewJoint is joint dialogue lan-
guage understanding used in the few-shot learning
contest of SMP2020-ECDT Task-1.3 It contains
59 multi-intent domains, 143 different intents, and
205 different slots.

In the few-shot learning setting, we train mod-
els on several source domains and test them on
unseen target few-shot domains. For Snips, we
follow Krone et al. (2020a) and combine single-
intent domain into multi-intent domain to achieve
the classification of intents. After that, we split the
Snips dataset into 3 parts: the training domain with
3 intents, the developing domain with 2 intents and
the testing domain with 2 intents. FewJoint is al-
ready a few-shot learning benchmark. Therefore,

3The Eighth China National Conference on Social Media
Processing https://smp2020.aconf.cn/smp.html

we follow the original data split and there are 45
domains for training, 5 domains for developing and
9 domains for testing.

Few-shot Dataset Construction To simulate the
few-shot learning situation, we follow previous
few-shot learning works (Vinyals et al., 2016;
Krone et al., 2020a; Finn et al., 2017) and construct
the dataset into a few-shot episode style, where
the model is trained and evaluated with a series of
few-shot episodes. Each episode contains a sup-
port set and query set. However, different from
the single-task problem, joint-learning examples
are associated with multiple labels. Therefore, we
cannot guarantee that each label appears K times
while sampling examples for the K-shot support
set. To remedy this, we build support sets with
the Mini-Including Algorithm (Hou et al., 2020a),
which is intended for such situations. It constructs
support set generally following two criteria: (1) All
labels appear at least K times in support set. (2)
At least one label will appear less than K times in
the support set if any support example is removed
from the support set. For Snips, we construct 200
few-shot episodes for training, 50 for developing,
and 50 for testing. We set the query set size as 16
for training and developing, 100 for testing. For
FewJoint, we use the few-shot episodes provided
by the original dataset.

Evaluation We adopt three metrics for evalua-
tion: Intent Accuracy, Slot F1-score, Joint Accu-
racy.4 For joint dialogue language understanding,
Joint Accuracy is the most important metric among
all three metrics (Hou et al., 2020c). It evaluates the
sentence level accuracy, which considers one sen-
tence is correct only when all its slots and intents
are correct.

To conduct a robust evaluation under few-shot
setting, we validate the models on multiple few-
shot episodes (i.e., support-query set pairs) from
different domains and take the average score as fi-
nal results. To control the non-deterministic neural
network training (Reimers and Gurevych, 2017),
we report the average score of 5 random seeds for
all results.

4.2 Baselines

We compare our model with two kinds of strong
baseline: fine-tune based transfer learning methods

4We calculate the Slot F1-score with the conll-
eval script https://www.clips.uantwerpen.be/
conll2000/chunking/conlleval.txt
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Models Snips FewJoint

Intent Acc. Slot F1 Joint Acc. Intent Acc. Slot F1 Joint Acc.

SepProto 98.23±0.66 43.90±1.98 9.47±2.10 66.35±0.51 27.24±1.10 10.92±0.89

JointProto 92.57±0.57 42.63±2.03 7.35±1.70 58.52±0.28 29.49±1.01 9.64±0.47

LD-Proto 97.25±0.71 47.81±2.53 10.67±1.99 67.70±0.65 27.73±0.35 13.70±0.52

LD-Proto+TR 97.53±0.30 51.03±2.40 17.32±2.62 67.63±1.42 34.06±4.75 16.98±2.14

ConProm (Ours) 96.67±1.45 53.05±0.81 21.72±0.97 65.26±0.23 33.09±1.66 16.32±0.75

ConProm+TR (Ours) 96.17±0.76 55.84±0.85 29.72±1.30 65.73±0.55 37.97±0.70 19.57±1.19

JointTransfer 71.07±4.31 38.24±2.19 13.28±0.45 41.83±2.40 26.89±2.72 12.27±2.09

Meta-JOSFIN 71.38±0.76 31.47±0.29 8.88±0.18 57.92±0.66 29.26±0.45 15.00±0.66

LD-Proto+FT 83.85±6.21 45.76±5.24 17.70±2.67 64.70±0.50 32.15±1.28 21.32±1.80

ConProm+FT (Ours) 88.20±3.22 52.41±2.01 23.05±1.70 61.24±0.81 42.02±0.77 24.63±1.30

ConProm+FT+TR (Ours) 90.45±0.52 56.04±1.75 27.80±2.33 63.67±0.94 42.44±0.51 27.72±0.95

Table 1: Scores on 1-shot dialogue language understanding task on Snips and FewJoint datasets. +FT denotes finetune model.
+TR denotes using the trick of transition rule, which blocks illegal slot prediction, such as “I” tag after “O” tag. Results above
the mid-line are from non-finetune based methods, and results below the mid-line are from finetuning based methods.

Models Snips FewJoint

Intent Acc. Slot F1 Joint Acc. Intent Acc. Slot F1 Joint Acc.

SepProto 99.53±0.11 53.28±1.85 14.40±3.00 75.64±1.51 36.08±0.65 15.93±1.85

JointProto 99.17±0.09 50.63±2.01 13.40±1.44 70.93±2.45 39.47±1.05 14.48±1.11

LD-Proto 99.40±0.08 48.96±1.85 20.93±3.00 78.29±1.51 39.88±0.65 22.91±1.85

LD-Proto+TR 99.20±0.30 54.87±3.79 29.40±2.90 75.75±0.95 51.62±2.82 27.59±2.31

ConProm (Ours) 98.50±0.42 61.03±1.77 32.20±2.06 78.05±1.04 39.40±1.75 24.18±1.29

ConProm+TR (Ours) 98.99±0.14 65.13±1.46 40.20±2.24 75.54±1.85 50.28±1.03 28.69±1.61

JointTransfer 88.87±5.04 49.62±1.87 25.50±3.09 57.50±6.09 29.00±4.35 18.81±4.45

Meta-JOSFIN 92.47±1.26 56.85±1.25 25.87±0.31 78.91±0.53 53.88±1.63 36.63±1.01

LD-Proto+FT 81.07±8.61 59.27±3.61 26.33±2.38 80.50±0.97 55.33±2.55 38.11±2.60

ConProm+FT (Ours) 96.23±1.19 66.66±2.46 39.87±2.60 78.33±1.14 62.34±0.26 40.25±1.19

ConProm+FT+TR (Ours) 98.40±0.20 72.98±0.41 52.95±0.85 78.43±1.86 69.44±0.39 46.54±0.72

Table 2: Scores on 5-shot dialogue language understanding task on Snips dataset and FewJoint dataset.

(JointTransfer, Meta-JOSFIN) and similarity-based
FSL methods (SepProto, JointProto, LD-Proto).

JointTransfer is a domain transfer model based
on the JointBERT (Chen et al., 2019). It consists
of a shared BERT embedder with intent detection
and slot filling layers on the top. We pretrain it on
source domains and finetune it on target domain
support sets.

Meta-JOSFIN (Bhathiya and Thayasivam,
2020) is a meta-learning model based on the
MAML (Finn et al., 2017). The meta-learner
model here is a BERT-based joint dialogue
language understanding model similar to Joint-
Transfer. It learns initial parameters that can fast
adapt to the target domain after only a few updates.

SepProto is a prototypical-based dialogue lan-
guage understanding model with BERT embedding,

that learns intent detection and slot filling sepa-
rately. During the experiment, it is pre-trained on
source domains and then directly applies to target
domains without fine-tuning.

JointProto (Krone et al., 2020a) is all the same
as SepProto except that it jointly learns the intent
and slot tasks by sharing the BERT encoder.

LD-Proto is also a prototypical model similar to
JointProto. The only difference is that it is en-
hanced by the logits-dependency tricks (Goo et al.,
2018), where joint learning is achieved by depend-
ing on the intent and slot prediction on the logits of
the accompanying task.

Implements For both ours and baseline models,
we determine the hyperparameters on the develop-
ment set. We use ADAM (Kingma and Ba, 2015)
for training and set batch size as 4 and learning rate
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as 10−5. We adopt embedding tricks of Pairs-Wise
Embedding (Gao et al., 2019; Hou et al., 2020a)
and Gradual Unfreezing (Howard and Ruder, 2018).
The λ and α in Section 3.2 are both set as 0.5. We
implement both our and baseline models with the
few-shot platform MetaDialog.5 Besides, to use the
information in target domains and make a fair com-
parison with fine-tuning baselines, we explore the
performance of the similarity-based model under
fine-tuning setting (+FT) and enhance the model
with a fine-tune process similar to Meta-JOSFIN.
In addition, following the suggestions of Hou et al.
(2020a), we investigate adding Transition Rules
(+TR) between slot tags, which bans illegal slot
prediction, such as “I” tag after “O” tag.

4.3 Main Results

In this section, we present the evaluation of the pro-
posed method on both 1-shot and 5-shot dialogue
understanding setting.

Result of 1-shot setting As shown in Table 1,
our method (ConProm) achieves the best perfor-
mance on Joint Accuracy, which is the most impor-
tant metric. Among all metrics, ConProm only lags
a bit than LD-Proto on intent accuracy. We address
this to the fact that there are many slots shared
by different intent, and representing an intent with
slots may unavoidably introduce noise from other
intents. Considering the huge improvements on
Slot and Joint performance over LD-Proto, we ar-
gue that the limited loss is a worthy compromise
here. Since similarity-based models predict slot
tags independently for each token, they tend to pre-
dict illegal tags. We employ a simple transition rule
(+TR) to remedy such defects and further improves
the performance. For fairness, we also enhance LD-
Proto with TR trick and our model still outperforms
the enhanced baseline.

For those non-finetuned methods, ConProm out-
performs LD-Proto by Joint Accuracy scores of
11.05 on Snips and 2.62 on FewJoint, which show
that our model can better capture the relation be-
tween intent and slot. Our improvements on Snips
are higher than those on FewJoint, which is mainly
because that there is clearer intent-slot dependency
in Snips. The performance of JointProto is even
lower than SepProto, which demonstrates that few-
shot joint learning is not a trivial issue as simply
sharing the embeddings

5https://github.com/AtmaHou/MetaDialog

Setting Snips FewJoint

1-shot 5-shot 1-shot 5-shot

Ours 21.72 32.20 16.32 24.18
- PM -1.90 -2.63 -4.90 -8.39
- CAL -5.19 -12.73 -1.78 -3.78

Table 3: Ablation study over two main components of pro-
posed framework: Prototype Merge (PM) and Contrastive
Alignment Learning (CAL). The score is Joint Accuracy.

When finetuning brings significant improve-
ments for all methods, our model (ConProm+FT)
still achieves the best performance. Interestingly,
we observe that finetuning often hurts the intent
prediction. This shows that finetuning brings lim-
ited gains on sentence-level domain knowledge but
leads to overfitting.

Result of 5-shot setting Table 2 shows the 5-
shot results. The results are consistent with 1-shot
setting in general trending and our methods achieve
the best performance. While more learning shots
improve the performance for all methods, the su-
periority of our best performed baseline is further
strengthened. This shows that the model can bet-
ter exploit the richer intent-slot relations hidden in
5-shot support sets.

4.4 Analysis

Ablation Test To inspect how each component
of the proposed model contributes to the final
performance, we conduct ablation analysis. As
shown in Table 3, we independently removing two
main components: Prototype Merge (PM) and Con-
trastive Alignment Learning (CAL).

When PM is removed, the intent and slot pro-
totypes are represented only with corresponding
support examples, and Joint Accuracy drops are
witnessed. There is more loss on FewJoint. Be-
cause there are much more slots shared by different
intents in FewJoint, and the attention mechanism
of PM is important for identifying relatedness be-
tween intents and slots.

For our model without CAL, we train the model
with only cross entropy loss and get lower scores
on all settings. There are more performance drops
on Snips. This is mainly because that there much
clearer intent-slot relation in Snips, which can be
easily handled by CAL.

In terms of contribution, there are opposite per-
formance for CAL and PM on two dataset, which
shows that PM and CAL complement each other
and reach a balance for various situations.
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Figure 4: Visualization of the prototype distribution of Joint-
Proto and Ours (ConProm) with tSNE (step=500).

Models Snips FewJoint

F1. Acc. F1. Acc.

JointProto 42.63 8.08 29.49 15.73
LD-Proto 47.81 10.72 27.73 20.44
LD-Proto+TD 51.03 17.53 34.06 24.69
ConProm 53.05 22.30 33.09 22.38
ConProm+TD 55.84 30.47 37.97 26.31

JointTransfer 38.24 14.38 26.89 26.37
Meta-JOSFIN 31.47 9.73 29.26 21.73
LD-Proto+FT 45.76 21.92 32.15 35.75
ConProm+FT 52.41 25.97 42.02 39.62
ConProm+TD+FT 56.04 27.91 42.44 40.71

Table 4: Analysis for sentence level slot accuracy.

Visual Analysis of Prototype Distribution To
get further an understanding of the model effects
on bridging the metric spaces of intent and slot, we
visualize the prototype distributions in the metric
space. As shown in Figure 4, it is exciting to see
that our model successfully refine the prototype
distribution by aligning the slots to related intent
and making prototypes properly well-separated.

Sentence level slot accuracy analysis There is
some confusion in Table 1 and Table 2 that there
are huge performance differences of Joint Accu-
racy score when Intent Accuracy scores and Slot
F1 scores are similar. We inspect this issue by eval-
uating the Sentence Level Slot Accuracy, which
considers a sentence to be correct when all slots are
correct. As shown in Table 4, there is a huge gap
in the slot accuracy score between LD-Proto and
ConProm, which explains the gap in Joint score.

5 Related Work

Few-shot learning is one of the most important di-
rection for machine learning area (Fei-Fei, 2006;
Fink, 2004) and often achieved by similarity-based
method (Vinyals et al., 2016) and fine-tuning based

method (Finn et al., 2017). FSL in natural language
processing has been explored for various tasks, in-
cluding text classification (Sun et al., 2019; Geng
et al., 2019; Yan et al., 2018; Yu et al., 2018), entity
relation classification (Lv et al., 2019; Gao et al.,
2020; Ye and Ling, 2019), sequence labeling (Luo
et al., 2018; Hou et al., 2018; Shah et al., 2019;
Hou et al., 2020a; Liu et al., 2020).

As the important part of a dialog system, dia-
logue language understanding attract a lot of atten-
tion in few-shot scenario. Dopierre et al. (2020);
Vlasov et al. (2018); Xia et al. (2018) explored few-
shot intent detection technique. Luo et al. (2018)
and Hou et al. (2020a) investigated few-shot slot
tagging by using prototypical network. Hou et al.
(2020b) explored few-shot multi-label intent detec-
tion with an adaptive logit adapting threshold. But
all of these works focus on a single task.

Despite a lot of works on joint dialogue under-
standing (Goo et al., 2018; Li et al., 2018; Zhang
et al., 2019; Qin et al., 2019; Wang et al., 2018; E
et al., 2019; Wu et al., 2020; Gangadharaiah and
Narayanaswamy, 2019; Liu et al., 2019; Qin et al.,
2020), few-shot joint dialogue understanding is less
investigated. Krone et al. (2020b) and Bhathiya and
Thayasivam (2020) make the earliest attempts by
directly adopt general and classic few-shot learning
methods such as MAML and prototypical network.
These methods achieve joint learning by sharing the
embedding between intent detection and slot fill-
ing task, which model the relation between intent
and slot task implicitly. By contrast, we explicitly
model the interaction between intent and slot with
attentive information fusion and constrastive loss.
Experiment results also demonstrate the superiority
of our method on this task.

6 Conclusion

In this paper, we propose a similarity-based few-
shot joint learning framework, ConProm, for di-
alogue understanding. To adaptively model the
interaction between intents and slots, we propose
the Prototype Merging that bridges the intent met-
ric and slot metric spaces with cross-attention be-
tween intent and slot. To learn better bridged met-
ric space for intent and slot, we propose the Con-
trastive Alignment Learning to align related cross-
task labels in metric space and force unrelated la-
bels properly separated. Experiment results vali-
date that both Prototype Merging and Contrastive
Alignment Learning can improve performance.
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Abstract

Sequences are typically decoded in a left-
to-right fashion, requiring as many decoding
steps as there are tokens in the sequence.
Recently, several works have proposed non-
autoregressive decoders that are sub-linear, al-
lowing to decode a sequence using fewer de-
coding steps than the length of the sequence,
and thus substantially speed up inference. In
contrast, non-autoregressive decoding of trees
is less well-analysed, even though trees are
used in important applications like seman-
tic parsing and code generation. In this
work, we present a novel general-purpose par-
tially autoregressive tree decoder that uses tree-
based insertion operations to generate trees in
sub-linear time. We evaluate our approach
on semantic parsing and compare it against
strong baselines, including an insertion-based
sequence decoder. The results demonstrate
that the partially autoregressive tree decoder
reaches competitive accuracies while clearly
reducing the number of decoding steps.

1 Introduction

Sequence generation is usually based on a left-to-
right autoregressive decoder that decomposes the
probability of the entire sequence y conditioned
on x (x can be empty) as the product p(y|x) =∏N
i=0 p(yi|y<i, x). At each decoding step, the de-

coder model predicts the next token yi based on
the previously generated outputs y<i and the in-
put x. This approach to decoding sequences is
linear in sequence length: the number of decoding
steps necessary to produce the sequence is equal
to the length of the sequence. However, recently,
several works have proposed non-autoregressive
decoders that are sub-linear. This allows to decode
a sequence using fewer decoding steps than the
length of the sequence and can thus greatly speed
up inference, especially for longer sequences (Stern
et al., 2019; Ma et al., 2019; Ghazvininejad et al.,

2019; Gu et al., 2017; Kasai et al., 2020). In par-
ticular, the Insertion Transformer of Stern et al.
(2019) uses insertion operations to iteratively ex-
pand the sequence, achieving a best-case number
of O(log2N) decoding steps.

In this work, we extend insertion-based decoding
of sequences to insertion-based decoding of trees.
Insertion-based sequence decoder can also be ap-
plied to decoding trees (Zhu et al., 2020). However,
this requires linearizing trees into sequences, and
requires the explicit decoding of subtree termina-
tion tokens (e.g. closing parentheses “)”). This
results in larger structures, which for the Inser-
tion Transformer increases the minimum necessary
number of decoding steps and increases the com-
putational requirements per step. In contrast, the
insertion-based tree decoder that we propose here
does not need to explicitly decode structure tokens.
Moreover, it can achieve a best-case complexity
below O(log2N)1 in terms of the number of de-
coding steps and guarantees that all intermediate
outputs are valid trees. To the best of our knowl-
edge, no existing research focuses on insertion-
based non-autoregressive decoding of trees so far.

We evaluate the proposed decoder for semantic
parsing on the OVERNIGHT (Wang et al., 2015)
dataset. Semantic parsing is the task of converting
natural language expressions into a formal repre-
sentation of its meaning. An important application
of semantic parsing is question answering from
structured data sources. In such use cases, the in-
put to the semantic parser is a natural language
question and the expected output is a query, which
can be written in a query language (e.g. SQL or
SPARQL). Since these queries can often be repre-
sented as trees (e.g. abstract syntax tree), semantic
parsing is a particularly interesting task for the eval-
uation of the presented decoding approach.

1The exact best possible speed-up heavily depends on the
data.
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To summarize, the contributions of this work
are:

• a transformer-based decoding algorithm that
uses insertion operations specifically tailored
for decoding trees,

• a novel transformer architecture that uses
novel tree-based relative positions,

• and an evaluation of the proposed algorithm
and model on the well-known OVERNIGHT

dataset, and a comparison against a strong
non-autoregressive baseline.

2 Insertion Transformer

Below, we give a very brief overview of the Inser-
tion Transformer, which we use here as a baseline.
Due to space constraints, we refer interested read-
ers to the work of Stern et al. (2019) for a more
elaborate description of their model and training
procedure.

Decoding approach. Rather than decoding au-
toregressively left-to-right (LTR), the insertion
transformer decodes sequences by using insertion
operations. For example, consider the sequence “A
B C D E F G”. LTR decoding would require at least
seven decoding steps, producing some left-aligned
subsequence at every step (e.g. “A B C D” at the
fourth step). In contrast, decoding using insertions
allows to decode the same sequence using just three
steps. Starting from the initial empty state “ ”, we
first decode (1) “D”, then (2) “B D F” and finally
(3) “A B C D E F G”, where the bold faced tokens
are the ones inserted in each step, respectively.

Model. The model we use in our experiments
uses BERT (Devlin et al., 2019) as the encoder and
a standard transformer (Vaswani et al., 2017) with
learned absolute position vectors as the decoder.
In contrast to the vanilla transformer decoder how-
ever, the causal attention mask is not used. After
encoding a subsequence using the transformer, the
output layer concatenates the representations of
two neighbouring tokens to build a representation
for the insertion slot between the tokens. We nor-
malize the probabilities per slot.

Training. Given training data consisting of pairs
of input and output sequences (x, y), at every
epoch, the training algorithm samples a subse-
quence ŷ for every output sequence y. First, a
length for the subsequence is drawn from a uni-
form distribution on [0, |y|]. Then, a subsequence
ŷ of the given length is randomly drawn from y.

For example, for the sequence “A B C D E F G”
and a randomly drawn length of 3, a sampled sub-
sequence of length 3 could be “B D E”.

The Insertion Transformer is then trained by op-
timizing a loss of the following form:

−
∑

l

jl∑

i=il

wi,l log p(yi, l|x, ŷ) , (1)

where il and jl are the beginning and end positions
of the subsequence to be decoded in slot l. Two
variants of this loss function are proposed that dif-
fer in the strategy of assigning the weights wi,l to
the different tokens and which are referred to as
uniform and binary, respectively. In the uniform
case, for a given l the weights wi,l, i = il, . . . , jl
are equal and sum up to one. In the binary case,
a larger weight is assigned to tokens closer to the
center of slot l:

wi,l =
e−dl(i)/τ

∑jl
i′=il

e−dl(i′)/τ
, (2)

where dl(i) is the distance between token i and the
center of the span to be decoded in slot l, and τ is
the temperature.

3 Tree-based Insertion Transformer

In this section, we propose a novel transformer-
based method for non-autoregressive decoding of
trees. The proposed method consists of (1) a novel
transformer architecture, and (2) a novel insertion-
based decoding procedure.

3.1 Decoding

The proposed decoding algorithm is similar to the
one proposed by Stern et al. (2019) in that it uses in-
sertion operations to expand the decoded structure.
However, instead of using the implicitly defined
insertion slots between two neighbouring tokens in
a sequence, here, insertion slots are used that are
placed between neighbouring nodes in the graph
representing the tree.

As an example, consider the tree (A B C)2, shown
in Fig. 1a. For sequence-based insertion decoding,
we would take the linearization (· A · B ·C · ), where
four insertion slots are explicitly denoted by “·”.
The linearized representation clearly has some dis-
advantages. For example, performing some inser-
tions at some slots can destroy the tree structure,

2Trees are given in a Lisp-like notation in this work.
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A

B C

(a) Simple tree

A

D C

B

(b) Inserting D at the ances-
tral slot of B.

A

D

CB

(c) Inserting D at the descen-
dant slot of A.

A

B D C

(d) Inserting D at sibling slot
between B and C.

Figure 1: Examples of insertions at different insertion slots.

e.g. inserting “)” between B and C yields (A B)
C), which is not a valid tree. Also, as mentioned
before,

In this work, we propose a tree-based insertion
decoding algorithm that defines insertion slots on
edges between siblings, as well as on edges be-
tween parents and children. Following this ap-
proach, the example tree can be described by the
following linearization with explicit insertion slots:

(∧ A ∨ | – ∧ B ∨ – ∧ C ∨ – ) ,

where we use three types of insertion slots: (1) an-
cestor insertion slots denoted by ∧, (2) descendant
insertion slots denoted by ∨, and (3) sibling inser-
tion slots denoted by –, as described in more detail
in the following. Note that the parentheses and the
pipe symbol “|” are ignored by the model (when
relative positioning is used) and is used mostly
for notational and programming convenience. The
pipe symbol separates the root portion of the “slot-
ted” subtree string.

Ancestor insertion: If node D is used for the
ancestor insertion slot ∧ of B, which corresponds
to the red slot in

(∧ A ∨ | – ∧ B ∨ – ∧ C ∨ – ) ,

we obtain the tree (A (D B) C) (see Fig. 1b). In
other words, D replaces B and the entire subtree
B is attached as a child of D.

Descendant insertion: If node D is used with a
descendant insertion slot∨ of A, which corresponds
to the red slot in

(∧ A ∨ | – ∧ B ∨ – ∧ C ∨ – ) ,

then the child subtrees of A are moved to node
D and the entire subtree D (that now contains the
children of A) is attached to A to yield the tree (A
(D B C)), which is depicted in Fig. 1c.

Sibling insertion: If node D is used with a sib-
ling insertion slot “–” between B and C, which
corresponds to the red slot in

(∧ A ∨ | – ∧ B ∨ – ∧ C ∨ – ) ,

then D is inserted as a child of A between B and
C to yield the tree (A B D C) (see Fig. 1d).

These insertion actions can be used to decode
any tree starting from a tree containing only a
root node (ROOT). Note that every decoding step
is guaranteed to yield a valid tree, unlike in the
sequence-based insertion decoder.

3.1.1 Decoder operation
In every step, the decoder takes the previous inter-
mediate tree yt−1 (where y0 = (ROOT)) and applies
one or more insertion operations to expand the tree
to the next intermediate tree yt. To predict which
insertion operations to execute at every available
slot, the model described in the following sections
encodes the entire input tree yt−1. The prediction
is then based on this encoding. This procedure is
similar to the approach used by Stern et al. (2019).
While more efficient methods that re-use compu-
tations are possible, we leave an investigation of
those for future work. The decoding process is ter-
minated when all slots predict a slot closing actions
indicating that no more nodes should be inserted,
and thus yt = yt−1.

3.2 Model

We propose a novel architecture that takes ad-
vantage of the fact that the intermediate struc-
tures generated in all steps of the decoding algo-
rithm are trees. While the encoder stays the same
(i.e. BERT), the decoder of our model relies on a
transformer-based tagger with tree-based relative
positions and a special attention mask. The tree-
based relative positions allow us to ignore structure
tokens.
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Figure 2: An example of a tree.

3.2.1 Computing Relative Positions in Trees

The proposed architecture uses tree-based relative
positioning instead of absolute positional embed-
dings. The relative position is described by the
movements in the tree that the path from node u
to node v defines. For example, in the tree (A (B
(C D E) K (F (G H I J)))) depicted in Fig. 2, the
relative position of node D to node I is given by
“1↑ 2→ 2↓”. This describes the following move-
ment in the tree: starting in D go up one hop to
reach parentC (1↑), then move right among the sib-
lings two hops to reach F (2→), and finally move
down two hops to reach I (2↓). The scheme is
insensitive to the order of children, e.g., the rela-
tive position from B to K is “1↓”, the same as for
(B, C) and (B, F ). To distinguish these cases, we
propose to instead use special relative position re-
lations “child X” and “child X of” between parent
and child nodes (where X denotes the position of
the child among all children of its parent, e.g., X
is 1 for node K). While this should improve lo-
cal modeling of parent-child relations, it still does
not add sufficient information to other paths, e.g.,
the relative positions for (D, H) and (D, J) are
identical to that for (D, I)3.

3.2.2 Using Relative Positions in the Model

With eij denoting the unnormalized attention
scores, xi the vector corresponding to element i
in the input sequence and aKij and aVij the key (K)
and value (V) vector representations of the relative
position between the input elements at position i
and position j, the following equations describe
how the relative position vectors are used in the

3We leave the investigation of better relative position en-
coding for trees for future work since it is non-trivial to retain
constant time complexity of the transformer and have a fully
expressive position encoding.

attention mechanism:

eij =
(
xiW

Q(xjW
K)T + xiW

Q(aKij )
T
)
/
√
dz

zi =
∑n

j=1 αij(xjW
V ) + αija

V
ij .

This approach to incorporate relative positions is
similar to that of Shaw et al. (2018) but differs in
the computation of aKij ’s and aVij’s. A naive imple-
mentation would create an independent position
embedding for every possible combination of the
elements of a movement pattern. For an efficient
implementation that is both faster and has fewer
parameters, we separately consider the three parts
of a movement pattern, embed them separately and
add their embeddings:

aKij = aK,↑ij EK,↑+aK,↔ij EK,↔+aK,↓ij EK,↓ , (3)

where aK,↓ij , aK,↑ij , and aK,↔ij are one-hot vectors
representing the components of the movement pat-
tern, and EK,↓, EK,↑, and EK,↔ are their corre-
sponding embedding lookup matrices.

In case the relative position is not a movement
pattern, as is the case for parent-child relations, we
simply look up a single embedding vector. We also
use relative positions from insertion slot positions
to some of the node positions: (1) ancestor (∧) and
descendant (∨) slots use the “ancestors” and “de-
scendant” relations, respectively, and (2) the sibling
slots (–) use the “left sibling” and “right sibling”
as well as a “parent” relation. Since insertion slot
positions are not attended to (they are not used as
keys in attention), we do not need relative positions
to slot positions.

3.2.3 Attention Mask
We use a custom attention mask pattern that pre-
vents real query tokens from attending to structural
tokens and insertion slots. Since we do insertion-
based decoding, we don’t use a causal attention
mask. However, since structural information is
already described by the relative positions (see
above), we do not need to process the structure-
describing tokens, such as parentheses. Thus, these
tokens are masked both as keys and as queries and
do not participate in the decoding process at all. Ad-
ditionally, we use a special mask for the insertion
slots (defined above) such that (1) other tokens can
not attend to the slot tokens and (2) the slot tokens
can only attend to their immediate neighbours.

3.3 Decoder Training
The decoder learns to imitate optimal trajectories
(Section 3.3.1). Let a tree y be the target output
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for the current input x. For training the decoder,
a sampling function (described in Section 3.3.2)
is applied to select a partial tree4 y′ from y. A su-
pervision function (see Section 3.3.3) is then used
that determines the output distribution for every
slot, which serves as target in the training of the
insertion model. This procedure is detailed in the
following.

3.3.1 Optimal Trajectories
The insertion operations described earlier in Sec-
tion 3.1 can be used to describe a set of actions that
transform one partial tree into another. Given an
output tree y and the initial tree y0 that contains
a single root node, i.e., y0 = (ROOT ), a trajec-
tory from y0 to y can be defined as a sequence
of in total T partial trees (states) y0, . . . , yT and
corresponding actions a0, . . . aT , such that, when
the actions are applied in succession on y0, they
produce y = yT . Each step thus corresponds to
the application of an action at to the current par-
tial tree yt resulting in a new partial tree yt+1, i.e.
yt+1 = step(at, yt). Each action at is a set of
atomic actions that insert a node at one of the inser-
tion slots, which can be either ancestor, descendant,
or sibling insertion slots. The atomic actions are
described as tuples (k,w), where k is the slot in yt
where a node with labelw will be inserted when the
action is executed. Note that the type of insertion
is characterized by the type of insertion slot.

While many trajectories exists that successfully
reach y from y0, we are interested in optimal tra-
jectories, which are trajectories that minimize the
number of decoding steps T that need to be per-
formed.

Computing Optimal Trajectories: To practi-
cally compute trajectories where we try to mini-
mize the number of steps taken, we rely on the fact
that first decoding the most central nodes of a slot’s
subgraphs enables greater parallelization. For a
given tree yt at decoding step t that is a partial tree
of the original tree y, we (1) align yt and y and
determine which nodes are allowed to be inserted
in every slot in yt and (2) compute which of these
nodes is the best in order to minimize the number
of decoding steps.

4Note that what we refer to as a partial tree is not the same
as a subtree. A subtree retains all the descendants starting
from a certain parent node. In contrast, we refer with partial
tree to any tree consisting of nodes that can also be found in
the original tree, and which can be extended to the full tree y
by means of the defined insertion operations.

A

D I

Figure 3: A partial tree of the tree in Fig. 2.

Computing allowed insertions: Given a partial
tree yt (e.g. Fig. 3) aligned with the original tree
y (e.g. Fig. 2), we first compute the set of allowed
insertions Ck for every slot k.

For an ancestor insertion slot (∧) in yt asso-
ciated with some node n, Ck corresponds to the
nodes from y on the path from n up to the low-
est used ancestor of n. The lowest used ancestor
lua(n) of a node n from the partial tree yt is the
lowest5 node in the original tree y that is an ances-
tor of n as well as any other node from yt. That is,
for node I in the example tree in Fig. 2, the lowest
used ancestor of node I is the node B: lua(I) = B
and the set of allowed nodes for I’s ancestor slot is
{F,G}.

For a descendant insertion slot (∨), the set of
allowed nodes Ck is the set of all descendants of n
in y , if n doesn’t have children in the partial tree
yt. Otherwise, it’s the set of all of its children in yt
that are also an ancestor for all the children of n in
the partial tree yt.

Finally, for a sibling insertion slot (–), to find
the set of allowed nodes, we first find the lowest
common ancestor in the original tree y of the slot’s
left node l and right node r. The lowest common
ancestor lca(n, n′) of two nodes n and n′ in a tree
is the lowest node that is an ancestor of both n
and n′. We first determine the set C of children of
lca(l, r) that are between the children of lca(l, r)
and that are also the ancestors of nodes l or r. The
set of allowed nodes Ck for this slot is then the
set C as well as all their descendants in y. In the
example, the sibling insertion slot between D and
I should accept only the node K since lca(D, I) is
B and K is the only node between C and F , which
are the ancestors of D and I , respectively, that are
also children of lca(D, I). 6

Computing best insertions: Now, for each in-
sertion slot k in yt, we are given the set Ck of
nodes allowed to be inserted. The node n ∈ Ck

5Lowest and highest refer to tree depth, i.e., the root node
is the highest node in the tree.

6Note that inserting E between D and I will lead to a tree
from which we can’t recover the original tree since D, E and
I now assume the same parent and there is no action defined
to separate them under different parents.
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Figure 4: The tree from Fig. 2 and the nodes and edges
covered by the partial tree from Fig. 3. Nodes with the
same labels in Figures 2 and 3 are aligned.

to be inserted in slot k in order to minimize the
number of decoding steps is the most central node
in Ck.

The centrality of a node is computed over the
subgraph Gk of the original tree y that contains
the nodes in Ck, as well as their descendants that
are not separated by the partial tree. The closeness
centrality is used:

HGk(n) =
1∑

n′∈Gk d(n, n
′)
, (4)

where d(n, n′) is the distance between nodes n
and n′ in the original tree, which is the minimum
number of steps necessary to reach n from n′.

The node picked to be inserted into some slot k
is then the one with highest centrality for the slot.

Computing best actions: The best action for a
certain partial tree yt of y then consists of the in-
sertions that are the best for every of its insertion
slots. If Ck is empty for some insertion slot, a
dummy insertion operation is used that does not
insert anything.

3.3.2 Partial Tree Sampling
Rather than sampling all possible partial trees,
which would be equivalent to the method described
by Stern et al. (2019), we use a different method
that samples only from the most optimal trajec-
tory. The partial trees that are used for training are
only those that occur on one of the optimal trajec-
tories. For efficiency reasons, we precompute a
certain number (5 in our experiments) of trajecto-
ries, where we randomly sample when ties occur
in the centrality measure, and reuse these trajecto-
ries throughout training.7 Sampling more than one
trajectory could reduce the exposure bias.

7Note that only one of the partial trees yt of some example
is used in a single epoch.

3.3.3 Supervising Partial Trees
To produce the target distribution for a slot k, we
take the nodes n ∈ Ck computed as valid inser-
tions, as well as their centralities. Then, we rank
the nodes in Ck by centrality scores, where the
most central node is the highest-ranked one, receiv-
ing rank value 0. Ties in centrality are broken by
favouring nodes that are lower in the tree y and fur-
ther ties are broken alphabetically (based on node
label). The target distribution for a slot k is then
computed using a softmax:

pk(n) =
e−rankk(n)/τ∑

n′∈Ck e
−rankk(n′)/τ , (5)

where τ is a temperature hyperparameter. pk(n) is
zero if n is not in Ck and rankk(n) is rank value
given to node n.

For each slot k the model outputs a predictive dis-
tribution πk(n). Given the target distributions for
all slots the training loss is the sum of the Kullback-
Leibler (KL) divergences between the target and
predictive distributions for all slots:

−
∑

k

∑

n∈G
pk(n) log

πk(n)

pk(n)
, (6)

where G denotes the set of all possible node labels.

4 Experiments8

We run experiments on the OVERNIGHT (Wang
et al., 2015) dataset and report the results in Ta-
bles 1 and 2. A description of the dataset and its
statistics are provided in Appendix A.

Evaluation: The metric reported is logical form
accuracy, which we compute by (1) taking the pre-
dictions of the models, (2) balancing parentheses
on the left and on the right and (3) computing
whether the trees are the same.9

Data preprocessing: We notice that many exam-
ples in the Overnight dataset contain nested filters.
This fact was ignored during training and evalua-
tion of some models in previous work (Damonte

8The code is provided at https://github.com/
lukovnikov/parseq/tree/crforen/parseq/
scripts_insert

9The trees are considered the same if every node’s children
occur in both trees in the same order, if the node’s children
should be ordered (for example argmax expressions) and if
every node’s children occur in both trees in any order for nodes
of which the children should not be ordered (for example
SW:concat and a collection of filter conditions).
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et al., 2019; Xu et al., 2020). During evaluation, an
example was considered wrong if the filters were
decoded in a different nesting order. For this rea-
son, we use slightly simplified logical forms for
the Overnight dataset that remove nesting between
filters (see also Appendix B). Evaluation with these
logical forms better reflects the true meaning of the
queries. See Appendix C for an example.

For the sequence-based decoder, we found that
it is necessary to use numbered tokens to to suc-
cessfully train the model. We simply replace every
token “X” by a token “Xd”, where d specifies how
many tokens “X” have been observed before and
including the current token “X”. For example, this
would transform “(A (B C) (B D))” into “(1 A1 (2
B1 C 1 )1 (3 B2 D1 )2 )3”. This ensures that every
token in the sequence is unique. We use numbered
tokens in all the experiments, both for the sequence-
based as well as the tree-based decoders. We leave
a deeper investigation of the effect of numbering
tokens for future work.

Baselines: We considered the following models
as baselines in our experiments: (1) BERT with a
transformer decoder (BERT+Transformer), (2) a
re-implemented insertion transformer (Seq-Insert)
in both binary and uniform supervision settings
(BERT is used for encoding the input), and (3)
BERT with a regular tree-based decoder similar
to the one proposed by Dong and Lapata (2016)
(BERT+TreeGRU; see also Appendix E). Note that
both (1) and (3) are essentially left-to-right de-
coders and can’t decode in parallel. Even though
they are not directly comparable, we also include
the results reported by Chen et al. (2018a). Rather
than decoding logical forms (i.e. Lisp-style expres-
sions), they decode an intermediate representation
called a query graph using special graph generation
actions (e.g. add variable node, add edge). More-
over, the evaluation is based on execution accuracy
instead of logical form accuracy (Xu et al., 2020)

Training details: We train all models using
Adam (Kingma and Ba, 2014), varying the initial
learning rate within {0.0001, 0.00005, 0.00001}
and experimenting with dropout rates out of
{0.0, 0.1, 0.2, 0.4}. We also experimented with val-
ues from {1.0, 0.1} for the temperature τ . The val-
idation set for each domain was constructed by tak-
ing a random 20% subset of the training examples.
This validation set was used for early stopping. We
randomly searched the hyperparameter space and

took the best performing parameters based on its
validation performance on the publications domain.
These hyperparameters10 were used for training the
models on the other domains. We train each model
three times on every domain independently (with
the same seed values shared over domains and set-
tings) and also report the average over the domains.
For all our experiments, we use a 12-layer BERT
model from Huggingface (Wolf et al., 2020) as the
encoder and use a transformer with 6 layers, 12
heads, and 768 dimension for the decoder.

4.1 Results

Table 1 shows the results on all domains of the
Overnight dataset. Table 2 shows the results on four
Overnight domains, and indicates the accuracy and
speed-up measured in terms of the number of de-
coding steps compared to the BERT+Transformer
left-to-right baseline.

Baseline equivalence: First, we establish that
the results of our left-to-right baseline are on par
with previous reported numbers in similar settings.
This is shown in the middle part of Table 1, where
our “BERT+Transformer” beats Xu et al. (2020)’s
BERT+LSTM baseline by a small margin.

Sequence-based insertion baseline results: In
the bottom part of Table 1, we report numbers for
the slightly simplified logical forms. The perfor-
mance of the parallel sequence insertion decoder
with binary supervision is on par with that of our
left-to-right baseline. The uniform variant per-
forms slightly worse. Concerning the speed-up
obtained, Table 2 shows that the binary supervi-
sion is (more than×2) more effective than uniform
supervision. However, even the binary supervised
version lags behind the theoretically best possible
speed-up (“Seq-Insert Th.B.”).

Tree-based insertion results: The tree-based in-
sertion decoding procedure described in Section 3.1
enables a decoding complexity that is lower than
the theoretically best O(log2(N)) of the sequence-
based insertion decoder. However, the theoretically
best possible speed-up for tree insertion decoding
heavily depends on the tree structure. We report
this number (“Tree-Insert Th.B.”) for the different
domains in Table 2. The theoretically best possi-
ble speedup of the tree-based insertion decoder is

10dropout rate=0.2, learning rate=0.00005, τ=0.1, batch
size=10/30/50, cosine learning rate scheduler with 20 epoch
warm-up, 200 epochs
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cal. blo. hou. res. pub. rec. soc. bas. avg (± std)

Seq2Action (Chen et al., 2018b) 81.5 61.4 74.1 80.7 80.7 82.9 82.1 88.2 79.0

Shift-Reduce (Damonte et al., 2019) 43.5 25.1 29.6 37.3 32.9 58.3 51.2 69.6 43.4
BERT+LSTM (Xu et al., 2020) 58.3 42.6 48.7 55.4 64.6 68.5 70.4 84.1 61.6
BERT+Transformer 61.3 45.4 50.8 58.7 63.4 76.4 69.9 85.4 63.9

BERT+Transformer 80.0 53.9 70.9 83.4 70.4 83.3 73.8 84.0 75.0 ± 1.3

BERT+TreeGRU 77.4 49.7 67.9 82.6 73.3 81.2 73.0 84.4 73.7 ± 1.5

Seq-Insert (Binary) 78.2 50.9 67.5 81.0 72.5 81.2 70.9 84.1 73.3 ± 1.6

Seq-Insert (Uniform) 79.0 47.8 68.3 80.5 70.0 82.3 70.0 83.7 72.7 ± 1.6

Tree-Insert 77.4 51.9 71.8 81.1 72.9 82.9 73.2 84.4 74.4 ± 1.3

Table 1: Results on the test set of the different domains of the Overnight dataset. Top part: denotation accuracy.
Middle part: logical form accuracy on original trees. Bottom part: logical form accuracy on simplified trees. In the
last column, we report the average accuracy over the domains as well as the average (over domains) of standard
deviations of accuracies for every domain over different seeds.

slightly higher than that of the sequence-based in-
sertion decoder: an average of 0.48 decoding steps
can be gained, which corresponds to a potential
reduction of decoding steps of ×1.08 on average.
However, one needs to investigate how close an
actual tree-based insertion decoder can get to the
theoretically best number in practice.

The bottom part of Table 2 reports the results
for the tree-based insertion decoder. Our insertion-
based tree decoder achieves competitive accuracy
to both the left-to-right baseline as well as the se-
quence insertion decoder, while requiring fewer
decoding steps than the strong sequence insertion
baseline: an average of 0.7 decoding steps is
gained, which corresponds to an average of a×1.11
reduction in the number of decoding steps.

Ablation study: In Table 3, we assess the ef-
fects of some design choices and hyperparameters.
Decreasing the number of trajectories used during
training from 5 to 1 results in a significant decrease
in accuracy. The chosen temperature τ also affects
training. When τ is set to a high value, the target
distribution becomes more uniform, which allows
the model to use insertions that are not covered
by the trained trajectories making it more likely to
fail due to exposure bias, which is reflected in the
poor result for τ = 10. Using absolute instead of
relative position information leads only to a slight
decrease in accuracy. Note that using just absolute
positioning requires to process the structure tokens
because the structure information contained in rela-
tive positions is not being used. The child relations
(§3.2.2) appear to not have any significant effect.

5 Discussion

To obtain an efficient decoder other considerations
next to the number of decoding steps must be taken
into account. The actual execution speed and com-
putational load also heavily depend on (1) the size
of processed data and (2) efficiency of implementa-
tion. In the proposed tree decoder, the effective size
of model inputs is smaller than for the sequence
insertion decoder since it does not need parenthe-
ses. Thus, when implemented efficiently, it requires
less computation and less memory, which is attrac-
tive given the quadratic memory complexity of the
transformer’s attention.

Another point worth noting is that the best possi-
ble speed-up of the proposed insertion-based tree
decoder heavily depends on the data. However,
considering that the proposed model has between
two and three insertion slots per token, and the se-
quence insertion decoder only one, our method can
expand trees much faster.

A limitation of the proposed insertion-based
tree decoder is that it, like the Insertion Trans-
former, is unable to recover from mistakes made
during decoding. In contrast, the Levenshtein trans-
former (Gu et al., 2019b) also defines deletion oper-
ations and can thus recover from erroneous predic-
tions. Extending the insertion-based tree decoder
to also delete part of the trees is an interesting di-
rection for future work. While we simply sample
from a number of optimal trajectories, a more gen-
eral decoder that allows for deletion would have
to be trained using dynamic oracles (Goldberg and
Nivre, 2012; Ross et al., 2011; Vlachos and Clark,
2014) or reinforcement learning. This is likely to
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calendar restaurants publications recipes average
Acc. # Steps Acc. # Steps Acc. # Steps Acc. # Steps Acc. # St.

BERT+Transf. 80.0 40.4 (×1.0) 83.4 37.8 (×1.0) 70.4 40.9 (×1.0) 83.3 36.6 (×1.0) 79.3 38.9
BERT+TreeGRU 77.4 41.2 (×1.0) 82.6 38.1 (×1.0) 73.3 41.3 (×1.0) 81.2 36.7 (×1.0) 78.6 39.3

Seq-Insert Th.B. – 6.7 (×6.0) – 6.6 (×5.7) – 6.7 (×6.1) – 6.5 (×5.6) – 6.6
Seq-Insert (Bin.) 78.2 7.2 (×5.6) 81.0 6.9 (×5.5) 72.5 7.3 (×5.6) 81.2 6.9 (×5.3) 78.2 7.1
Seq-Insert (Uni.) 79.0 18.3 (×2.2) 80.5 16.9 (×2.2) 70.0 17.6 (×2.3) 82.3 16.8 (×2.2) 77.9 17.4

Tree-Insert Th.B. – 6.2 (×6.5) – 6.1 (×6.2) – 6.3 (×6.5) – 6.0 (×6.1) – 6.2
Tree-Insert 77.4 6.4 (×6.4) 81.1 6.2 (×6.2) 72.9 6.6 (×6.3) 82.9 6.2 (×5.8) 78.6 6.4

Table 2: Logical form accuracy on simplified logical forms and number of decoding steps used on the test set of
the different domains of the Overnight dataset. “Bin” stands for binary supervision, “Uni.” for uniform.

Ablation publications calendar recipes

τ = 1. 69.8 (-3.1) 74.0 (-3.4) 82.3 (-0.6)
τ = 10. 24.4 (-48.5) 20.0 (-57.4) 28.9 (-54.0)
# traj. = 1 67.3 (-5.6) 71.6 (-5.8) 66.5 (-16.4)
abs. pos 71.0 (-1.9) 77.0 (-0.4) 79.3 (-3.6)
no child. rel. 72.5 (-0.4) 78.8 (+1.4) 81.9 (-1.0)

Table 3: Results of an ablation study on the PUBLICA-
TIONS domain.

decrease the exposure bias as the model is exposed
to many different trajectories.

6 Related Work

To the best of our knowledge, to this date, only two
other works have investigated non-autoregressive
methods for trees and semantic parsing. The work
of Rubin and Berant (2020) proposes a bottom-
up tree decoder, however, their decoder is limited
to being linear in depth and thus less paralleliz-
able for deeper and narrower trees. In contrast,
the Insertion Transformer can be sub-linear both
in depth and breadth. Zhu et al. (2020) apply the
Insertion Transformer to semantic parsing, albeit
on SNIPS (Coucke et al., 2018), ATIS (Price, 1990)
and TOP (Gupta et al., 2018) datasets and focuses
on cross-lingual performance.

Only a few transformer architectures specialized
for trees have been proposed to date. The work of
Shiv and Quirk (2019) proposes a new positional
encoding to improve tree representation using trans-
formers. The work of Anonymous (2020), similarly
to ours, investigates relative positioning for trans-
formers operating on trees. Other architectures
to encode trees exist as well, such as the TreeL-
STM (Tai et al., 2015), however, a transformer-
based model enjoys greater parallelism and direct
modeling of long-range dependencies.

Several methods have recently been proposed for

non-autoregressive decoding and insertion-based
decoding. Stern et al. (2019), Gu et al. (2019a) and
Gu et al. (2019b) experiment with insertion-based
decoding where Gu et al. (2019b) also support dele-
tion operations. Ma et al. (2019), on the other
hand, develop a non-autoregressive sequence gen-
eration model using normalizing flows (Rezende
and Mohamed, 2015). Some other examples of non-
autoregressive decoding for NMT are (Ghazvinine-
jad et al., 2019; Gu et al., 2017; Kasai et al., 2020).

Various works have recently explored the use of
neural networks for semantic parsing. Dong and
Lapata (2016) explore both sequence-based as well
as tree-structured decoding. Alvarez-Melis and
Jaakkola (2017) propose an improved tree decoder
that uses additional classifiers to perform structure
prediction rather than using structure tokens. Chen
et al. (2018c) propose a binary tree generator for
code translation.

7 Conclusion

In this work, we presented a novel neural net-
work based method for non-autoregressive decod-
ing of trees. We define insertion operations used
in the step-wise decoding process that guarantee
that intermediate structures are trees. This results
in a reduction of the number of decoding steps
and allows to exploit tree structure. Experiments
on semantic parsing show competitive accuracy
and a significantly decreased number of decoding
steps, compared to strong autoregressive and non-
autoregressive baselines.
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Stéphane Ross, Geoffrey Gordon, and Drew Bagnell.
2011. A reduction of imitation learning and struc-
tured prediction to no-regret online learning. In Pro-
ceedings of the fourteenth international conference
on artificial intelligence and statistics, pages 627–
635. JMLR Workshop and Conference Proceedings.

Ohad Rubin and Jonathan Berant. 2020. Smbop: Semi-
autoregressive bottom-up semantic parsing. arXiv
preprint arXiv:2010.12412.

3210



Peter Shaw, Jakob Uszkoreit, and Ashish Vaswani.
2018. Self-attention with relative position represen-
tations. In Proceedings of the 2018 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 2 (Short Papers), pages 464–468.

Vighnesh Leonardo Shiv and Chris Quirk. 2019. Novel
positional encodings to enable tree-based transform-
ers. In NeurIPS, pages 12058–12068.

Mitchell Stern, William Chan, Jamie Kiros, and Jakob
Uszkoreit. 2019. Insertion transformer: Flexible se-
quence generation via insertion operations. In In-
ternational Conference on Machine Learning, pages
5976–5985.

Kai Sheng Tai, Richard Socher, and Christopher D
Manning. 2015. Improved semantic representations
from tree-structured long short-term memory net-
works. In Proceedings of the 53rd Annual Meet-
ing of the Association for Computational Linguistics
and the 7th International Joint Conference on Natu-
ral Language Processing (Volume 1: Long Papers),
pages 1556–1566.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In NIPS.

Andreas Vlachos and Stephen Clark. 2014. A new cor-
pus and imitation learning framework for context-
dependent semantic parsing. Transactions of the As-
sociation for Computational Linguistics, 2:547–560.

Yushi Wang, Jonathan Berant, and Percy Liang. 2015.
Building a semantic parser overnight. In Proceed-
ings of the 53rd Annual Meeting of the Association
for Computational Linguistics and the 7th Interna-
tional Joint Conference on Natural Language Pro-
cessing (Volume 1: Long Papers), pages 1332–1342.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtow-
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A Dataset Description and Statistics

The OVERNIGHT dataset consists of pairs of natu-
ral language questions and corresponding formal
language queries from 8 distinct domains, such as
“publications” and “restaurants”. The dataset was
generated as follows: (1) first, a grammar was de-
fined, which consists of a general part applicable
for any domain, and a domain-specific part that
specifies a seed lexicon mapping between predi-
cates and NL. Then, (2) a number of examples was
generated, which at this point consist of (i) a canon-
ical utterance and (ii) a formal query. Finally, (3)
the canonical utterances are paraphrased by Ama-
zon Mechanical Turk workers to generate more
natural examples. See Appendix C for an example
question-query pair from the data set.

See Table 4 for dataset statistics.

Domain #Train #Test
Avg. Avg. Avg.
tree tree seq.
size depth length

cal. 669 168 17.5 5.7 39.1
blo. 1596 399 18.8 5.8 42.1
hou. 752 189 17.3 5.6 38.8
res. 1325 332 16.3 5.4 37.1
pub. 640 161 18.3 5.8 41.1
rec. 864 216 16.1 5.7 36.3
soc. 3535 884 25.3 8.7 57.3
bas. 1561 391 19.8 8.2 45.1

Table 4: Statistics for the OVERNIGHT dataset after
simplification.

B Preprocessing

This simplified version is obtained by (1) merging
the “call” node with the function of the call (e.g.
replacing ( call SW:someFunction ... ) with (call-
SW:someFunction ... )) and (2) merging nested
filters into a multi-conditional expression where
the order of conditions doesn’t matter. Note that
these simplifications are easily reversible. Dur-
ing training, we sort the different parts of a multi-
conditional filter expression alphabetically and dur-
ing evaluation, we consider the different conditions
as unordered and accept them in any decoded or-
der. We use this simplified version for all further
experiments.

C An example from the Overnight
dataset

An actual example from the “publications” domain
from the OVERNIGHT dataset is the following.

The natural language question is:
“find an article published in 2004”.

The formal query corresponding to this question
is (after preprocessing):

Listing 1: Example query

( c a l l S W l i s t V a l u e
( f i l t e r

( c a l l S W g e t P r o p e r t y
( c a l l S W s i n g l e t o n

( en . a r t i c l e ) )
( s t r i n g

( ! t y p e ) ) )
( c o n d i t i o n

( s t r i n g
( p u b l i c a t i o n d a t e ) )

( s t r i n g
(= ) )

( d a t e
(2004 )
( −1 )
( −1 ) ) ) ) )

D An example of insertion-based
decoding for a real example.

Consider the example in Appendix C. This exam-
ple can be decoded in 5 steps using tree-based in-
sertion actions as elaborated in the following. Note
that multiple insertion action sequences would
work with the same number of steps.

Listing 2: Example query

1. ( f i l t e r )

Listing 3: Example query

2. ( c a l l S W l i s t V a l u e
( f i l t e r

( s t r i n g ) ) )

Listing 4: Example query

3. ( c a l l S W l i s t V a l u e
( f i l t e r

( c a l l S W s i n g l e t o n )
( c o n d i t i o n

( s t r i n g )
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( s t r i n g
(= ) )

( d a t e ) ) ) )

Listing 5: Example query

4. ( c a l l S W l i s t V a l u e
( f i l t e r

( c a l l S W g e t P r o p e r t y
( c a l l S W s i n g l e t o n

( en . a r t i c l e ) )
( s t r i n g ) )

( c o n d i t i o n
( s t r i n g

( p u b l i c a t i o n d a t e ) )
( s t r i n g

(= ) )
( d a t e

( −1 ) ) ) ) )

5. Same as original tree in Appendix C.

E TreeGRU

We implement the tree-based left-to-right
baseline decoder similarly to Dong and La-
pata (2016). However, in our implementation,
we use depth-first instead of breadth-first de-
coding. We achieve similar conditioning in
the different decoding steps by manipulating
which of the previous states are used as the
previous sibling state and the parent state. If
the previously decoded token was an opening
parenthesis “(”, then the parent state corre-
spond to the state of the GRU after producing
the opening parenthesis (this is the previous
state), the previous sibling state is set equal to
the parent state. Following Dong and Lapata
(2016), we use the parent state explicitly as
part of the GRU input in every step. When
a closing parenthesis “)” is decoded, the par-
ent of the previous parent state is used as the
parent state, the state accumulated from the
closed subtree is discarded, and the previous
parent state becomes the previous sibling state.
Thus, we make sure that similarly to Dong and
Lapata (2016)’s breadth-first decoding, the dif-
ferent branches aren’t directly conditioned on
each other through decoder states.
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Abstract

Recent studies have suggested that weight
pruning, e.g. using lottery ticket extraction
techniques (Frankle and Carbin, 2018), comes
at the risk of compromising the group fairness
of machine learning models (Paganini, 2020;
Hooker et al., 2020), but to the best of our
knowledge, no one has empirically evaluated
this hypothesis at scale in the context of nat-
ural language processing. We present experi-
ments with two text classification datasets an-
notated with demographic information: the
Trustpilot Corpus (sentiment) and CivilCom-
ments (toxicity). We evaluate the fairness
of lottery ticket extraction through layer-wise
and global weight pruning across three lan-
guages and two tasks. Our results suggest
that there is a small increase in group dispar-
ity, which is most pronounced at high prun-
ing rates and correlates with instability. The
fairness of models trained with distribution-
ally robust optimization objectives is some-
times less sensitive to pruning, but results
are not consistent. The code for our ex-
periments is available at https://github.
com/vpetren/fairness_lottery.

1 Introduction

Heavily pruning deep neural network models is
a way of reducing inference cost for resource-
constrained environments, but does weight-pruning
of deep neural networks increase their unfairness?
Several recent papers suggest this (Paganini, 2020;
Hooker et al., 2020), based on experiments from
face and digit recognition, but does this also hold
for natural language processing (NLP) models?
Systematic biases may easily be exacerbated by
pruning interventions in high-dimensional prob-
lems because of feature swamping effects (Sutton
et al., 2006). Overparameterized deep neural net-
works generalize well, in part because they can
hedge their bets and rely on multitudes of weak

Figure 1: Fairness Sensitivity to Pruning (FSP): the gra-
dient of the linear fit of (the logarithm of) the pruning
ratio to min-max group-level disparity. We use this to
quantify the sensitivity of Rawlsian min-max fairness
to weight pruning across architectures, pruning strate-
gies and datasets.

evidence rather than the most prominent indepen-
dent variables. Sparse models do not have that
luxury and are therefore more sensitive to shifts
(Globerson and Roweis, 2006; Søgaard, 2013).

We introduce a fairness sensitivity to pruning
metric that measures how Rawlsian min-max fair-
ness across demographic groups changes with
weight pruning. We estimate this sensitivity by
taking the gradient of the linear fit of the loga-
rithm of the pruning ratio to min-max group-level
disparity. We show that across four datasets, fair-
ness sensitivity to pruning is similar for layer-wise
and global pruning strategies (Frankle and Carbin,
2018), as well as for text classifiers based on feed-
forward and recurrent neural networks. Subse-
quently, we consider the impact of a popular ro-
bust optimization strategy designed to improve the
fairness of classification models (Hashimoto et al.,
2018; Sagawa et al., 2020b), on the fairness sensi-
tivity of feed-forward networks.
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Contributions We are, to the best of our knowl-
edge, the first to study the impact of weight pruning
on fairness in NLP at scale. We introduce a fair-
ness sensitivity to pruning (FSP) metric that mea-
sures how Rawlsian min-max fairness across demo-
graphic groups decreases with weight pruning. We
evaluate FSP across two architectures, two pruning
strategies and two datasets, including multilingual
sentiment classification and English toxicity classi-
fication. Our results suggest that pruning increases
group-level performance disparities, but mostly at
high pruning rates and with some variance across
architectures and pruning strategies. Group-level
disparities seem to be in part a result of the instabil-
ity of weight pruning. We compare FSP between
our baseline empirical risk models and robust mod-
els induced with Distributional Robust Optimiza-
tion (DRO) (Hashimoto et al., 2018; Sagawa et al.,
2020b). Our results show that weight pruning in
combination with DRO can sometimes (8/16 cases
here) be used to induce fairer, sparse classifiers, but
the effect is not significant (p ∼ 0.18) across our
experiments.

2 Related Work

Pruning neural networks The literature on
pruning neural networks is decades old (Mozer and
Smolensky, 1989; Cun et al., 1990; Hassibi and
Stork, 1993), but has recently seen a resurgence
with the all-encompassing success of neural net-
works and the need for small and fast on-device
model inference (Han et al., 2015; Sze et al., 2017;
Frankle and Carbin, 2018; Frankle et al., 2019).
In NLP, specifically, pruning methods have been
applied to recurrent neural networks (Desai et al.,
2019; Yu et al., 2020), as well as transformers (Gor-
don et al., 2020; Brix et al., 2020; Prasanna et al.,
2020; Chen et al., 2020; Sanh et al., 2020).

Fairness in pruned models Measuring fairness
in pruned models is an unexplored area. However,
Paganini (2020) evaluates the fairness, i.e., the dif-
ference between the best- and worst-case groups, of
lottery ticket-style weight pruning for digit recog-
nition problems: Specifically, they retrain mod-
els for a fixed number of iterations using global
unstructured pruning. In addition, they present a
meta-regression study suggesting that underrepre-
sented and more complex classes are most severely
affected by pruning procedures. See Hooker et al.
(2020) for related work and similar results in face

recognition.1

Improving fairness Fairness of overparameter-
ized models can be improved by distributionally
robust optimization (DRO) (Hashimoto et al., 2018;
Levy et al., 2020), or to some extent by simpler
post-hoc correction methods such as classifier re-
training or group-specific classification thresholds
(Menon et al., 2021). DRO minimizes the worst-
case expected loss over an uncertainty set of distri-
butions. The uncertainty set represents the distri-
butions we want our model to perform well on. In
Sagawa et al. (2020a), the uncertainty set is all pos-
sible mixtures of a known set of groups, a variant
referred to as Group DRO. Sagawa et al. (2020b)
find that subsampling the majority groups can be a
way for overparameterized models to achieve both
low minority test error as well as low average test
error.

3 Pruning methodology

We extract winning lottery tickets from our network
according to the iterative procedure outlined in
Frankle and Carbin (2018): Given a model f(x; θ)
with initial network parameters θ0 and mask m0,
for each pruning iteration i, we start by initializ-
ing a model f(x; θ) with initial parameter θ0 and
train it for N epochs, resulting in f(x; θN ). After
training, we prune a fixed fraction p ∈ [0, 1] from
the remaining parameters in θN to obtain the mask
mi. The pruned weights are chosen using the L1

norm, meaning the neurons with the lowest magni-
tude are masked out. Pruning can either be done
w.r.t. individual layers or all of them combined,
also referred to as layer-wise and global pruning.
mi is then carried over to the subsequent pruning
iteration i + 1 with the model f(x,mi � θ0) and
retrained once again. At iteration i, the fraction of
weights pruned is therefore 1− (1− p)i.

4 Experiments

4.1 Data

Datasets We examine fairness among heav-
ily pruned models using two text classification
datasets: i) The multilingual Trustpilot Corpus

1Bartoldson et al. (2020) arguably present results from
object recognition that show the opposite trend: Generaliza-
tion increases with (layer-wise) pruning. This seems to be
a side effect of overparameterization; interestingly, we see
the opposite trend for feed-forward networks and layer-wise
pruning.
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Figure 2: Macro-averaged performance of our feed-forward networks as a function of pruning ratio. Fairness
Sensitivity to Pruning (FSP) correspond to the gradient of the linear fit to the min-max differences across individual
runs. Results are for CIVILCOMMENTS. The hard line represents the average demographic score over 5 individual
runs and the shaded area represents the standard deviation. See the Appendix for similar plots for the Trustpilot
Corpus.

(Hovy et al., 2015),2 which contains user reviews
from the Trustpilot website of various companies
and services in five different countries (Germany,
Denmark, France, United Kingdom and United
States). The reviews are based on a one to five
star rating scale and some are accompanied by
demographic attributes about the author, such as
gender, age and location. 2) The CivilComments
dataset (Borkan et al., 2019),3 which contains com-
ments annotated for toxicity, for the purpose of
hate speech detection. A subset of the comments
are also annotated for the protected attributes they
address, including gender, race, and religion.

Preprocessing For the Trustpilot Corpus, we di-
vide the data into demographics based on a com-
bination of gender (male/female), age (young/old)
and location (NUTS regions). For age, young is
defined as being 35 or less. We exclude the French
and American parts of the datasets as they do not
have properly annotated NUTS regions. For UK
and Germany, we use NUTS-1 regions, and for
Denmark, where more data is available, we use
NUTS-2 regions. We convert the 5-star ratings
to binary sentiment labels, grouping 4 and 5 stars
as positive, and 1 and 2 as negative. Neutral re-
views (three stars) are discarded.4 Likewise for
CivilComments, we threshold comments with a

2https://bitbucket.org/lowlands/
release/src/master/WWW2015/data/

3https://www.kaggle.com/c/jigsaw-
unintended-bias-in-toxicity-
classification/data

4This binarization scheme is standard; see, e.g., Gupta
et al. (2020) and Desai et al. (2019)

toxicity rating > 0.5 as toxic, and otherwise la-
bel them as a non-toxic. This is similar to the
binarization performed in Koh et al. (2020). Com-
ments can for each demographic sub-attribute con-
tain multiple partial values (e.g. asian = 0.3,
black = 0.4 for the race attribute), so for each
annotated attribute we assign it the sub-attribute
with the largest value. In our experiments we con-
sider demographics based on combinations of the
race and gender attributes. For each language and
dataset we randomly sample 100, 200 or 500 of
each demographic as test sets, based on the the
amount of annotated datapoints in the dataset, and
use a 80-20 split of the remaining data for training
and validation. If a demographic contains less than
the specified number of datapoints, we disregard
it. Due to high class imbalance, the majority class
for our train-val data is downsampled to match the
minority class. Table 1 shows the statistics for the
respective datasets we train and evaluate on.

Dataset Train Val N S

Trustpilot-DK 222229 55557 20 500
Trustpilot-DE 26146 6536 42 100
Trustpilot-UK 127965 31991 50 200
CivilComments 357602 89400 7 100

Table 1: Detailed dataset statistics. N refers to the num-
ber of discrete demographics in the dataset and S is the
size of each demographic test set.

4.2 Models
We consider simple FFNN (Rumelhart et al., 1986)
and LSTM (Hochreiter and Schmidhuber, 1997)
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FFNN
Dataset Edim hdim B N

Trustpilot-DK 128 256 15 32
Trustpilot-DE 128 256 15 8
Trustpilot-UK 128 256 15 16
CivilComments 128 256 15 32

LSTM
Dataset Edim hdim B N

Trustpilot-DK 128 256 10 64
Trustpilot-DE 128 256 15 16
Trustpilot-UK 128 256 10 32
CivilComments 128 256 10 64

Table 2: FFNN and LSTM hyperparameters. Edim is
embedding layer size, hdim is hidden layer size, B is
batch size and N is number of epochs. Both the layer-
wise and global pruning structures use the same set of
hyperparameters.

neural networks for text classification.

FFNN The FFNN consists of the following: The
embedding layer, which maps every token id in the
text to a fixed size vector as a bag-of-embeddings
and sums them together, resulting in a single rep-
resentation e ∈ R|Edim|, followed by 3 fully con-
nected layers of size R|Edim×h|, R|h×h| and R|h×2|
respectively. We use the hyperbolic tangent ac-
tivation between layers and each linear layer is
initialized using He initialization (He et al., 2015).

LSTM The LSTM network is a 2-layer bidi-
rectional LSTM (Hochreiter and Schmidhuber,
1997) which encodes our input text, followed by
a fully connected layer for classification. The
weights are initialized using U(−

√
k,
√
k) where

k = 1
hidden size and the final fully connected layer

uses He initialization. See all model hyperparame-
ters used in Table 2.

Both the FFNN and LSTM models are trained
using the Adam optimizer (Kingma and Ba, 2017)
with a learning rate of 1e− 3 and a weight decay
of 1e− 4.

Distributionally Robust Optimization Loss
Additionally, we also train our models with DRO
loss (Levy et al., 2020). We use the implemen-
tation provided by Levy et al. (2020) 5. For our
experiments, a χ2 uncertainty set of size 1 is used.

For all of our experiments, we extract our win-
ning tickets over 20 pruning iterations and use a

5https://github.com/daniellevy/fast-
dro/

Trustpilot CC Avg

da de en en

FFNN lw −0.183 0.281 −0.230 0.497 0.091
gl 0.227 1.375 1.054 0.339 0.749

FFNN-DRO lw −0.044 0.321 0.143 0.089 0.127
gl 0.351 0.875 −0.040 0.368 0.388

LSTM lw 0.221 0.411 0.206 0.823 0.415
gl 1.099 0.198 0.352 0.252 0.475

LSTM-DRO lw 0.263 −0.282 −0.082 1.335 0.309
gl 0.262 −0.609 0.544 0.006 0.051

Table 3: FSP values across architectures, layer-wise
(lw) and global (gl) pruning, and the four datasets. Our
main observation is that FSP values are almost consis-
tently positive, and slightly higher for global pruning.
DRO does not consistently reduce FSP; we highlight
cases where it does.

pruning rate of p = 0.35. We run a total of 5 inde-
pendent runs for each model-dataset combination.

4.3 Measuring group disparity

At each pruning step we measure the group dis-
parity D, from a set of demographics D, between
repeated runs R, by computing the maximum dif-
ference of F1 scores as follows:6

D = max
dm∈D

max
dn 6=m∈D

max
ri∈R

max
rj 6=i∈R

|F1ridm − F1rjdn |
(1)

Intuitively, this corresponds to the difference be-
tween the highest scoring run for the highest scor-
ing demographic and the lowest counterpart. We
compute FSP by taking the gradient of the linear
fit of D over a P pruning steps multiplied by 100.

5 Results

Main experiments Our first set of results eval-
uate FSP across architectures, datasets, and prun-
ing techniques. In 14/16 combinations of FFNN
and LSTM neural networks, the Trustpilot Corpus
and CivilComments, layer-wise and global prun-
ing, we see positive FSP values. In other words,
weight pruning leads to higher group-level perfor-
mance disparities, i.e., less fairness. Comparing
layer-wise and global pruning, we note that group
disparity is generally higher for global pruning. In
Figure 2, we present two plots - for layer-wise and
global pruning of a feed-forward network trained
on CivilComments. The remaining plots are pre-
sented in the Appendix. The FSP values are listed
in Table 3. FFNNs exhibit very high FSP values

6Maximum discrepancy has also been used as a measure
of fairness in Calmon et al. (2017); Alabi et al. (2018). See
Williamson and Menon (2019) for discussion.
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Figure 3: FSP for Distributional Robust Optimization

with global pruning, but while global pruning in-
creases unfairness, layer-wise pruning does not.
For LSTMs, the effects of the two pruning strate-
gies are similar: Both lead to moderate increases
in group disparities.7 In a couple of instances we
witnessed model degeneration due to heavy prun-
ing resulting in single-class prediction before 20
pruning iterations. The plots and FSP values ex-
clude these datapoints as they are not relevant for
our analysis.

Distributionally Robust Optimization We
ran comparable experiments using DRO loss
(Hashimoto et al., 2018) to see whether the
adverse effects of weight pruning on min-max
fairness could be reduced by training with a more
robust objective. This seems to hold true in some
instances. We present a single plot for DRO in
Figure 3, for feed-forward networks, layer-wise
pruning on CivilComments; see the Appendix
for more plots. Comparing with Figure 2 (left)
the FSP metric is considerably lower than for
baseline empirical risk minimization (0.089 vs.
0.497) while maintaining equal, or even better,
performance at high pruning rates; but note from
the red numbers in Table 3, that we only see this
type of reduction in FSP in 3/8 cases for FFNNs,
but DRO does reduce the average FSP for global
pruning. In 5/8 cases for the LSTM, however,
DRO does improves fairness, reducing the average
FSP with both layer-wise and global pruning.

7While fairness correlates with stability, the difference
between FFNNs and LSTMs is not explained by stability
differences (see plots in the Appendix), but should probably
be attributed to the general performance differences between
FFNNs and LSTMs, as well as relative overparameterization
in FFNNs (see Footnote 1).

6 Conclusion

In this work, we take a first step in examining group
disparity among heavily pruned models, using lot-
tery ticket extraction, in NLP. We measure group
disparity, using fairness sensitivity to pruning, on
the Trustpilot Corpus, a sentiment classification
dataset covering 3 languages, as well as CivilCom-
ments, a toxicity classification dataset, for both
feed-forward and recurrent neural networks. We
find that models subject to heavy pruning are more
susceptible to higher levels of group disparity, but
that this effect can to some degree be mitigated us-
ing distributionally robust optimization objectives.
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Figure 4: Macro-averaged performance of our feed-forward networks as a function of pruning ratio. The hard line
represents the average demographic score over 5 individual runs and the shaded area represents the standard devi-
ation. Fairness Sensitivity as Pruning (FSP) correspond to the gradient of the linear fit to the min-max differences
across individual runs.
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Figure 5: Macro-averaged performance of our LSTMs as a function of pruning ratio. The hard line represents the
average demographic score over 5 individual runs and the shaded area represents the standard deviation. Fairness
Sensitivity as Pruning (FSP) correspond to the gradient of the linear fit to the min-max differences across individual
runs.
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Figure 6: Macro-averaged performance of our layer-wise and globally pruned feed-forward networks trained with
DRO as a function of pruning ratio. The hard line represents the average demographic score over 5 individual
runs and the shaded area represents the standard deviation. Fairness Sensitivity as Pruning (FSP) correspond to the
gradient of the linear fit to the min-max differences across individual runs.
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Figure 7: Macro-averaged performance of our layer-wise and globally pruned LSTM networks trained with DRO
as a function of pruning ratio. The hard line represents the average demographic score over 5 individual runs and
the shaded area represents the standard deviation. Fairness Sensitivity as Pruning (FSP) correspond to the gradient
of the linear fit to the min-max differences across individual runs.
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Abstract

Data augmentation with mixup has shown to
be effective on various computer vision tasks.
Despite its great success, there has been a
hurdle to apply mixup to NLP tasks since
text consists of discrete tokens with variable
length. In this work, we propose SSMix, a
novel mixup method where the operation is
performed on input text rather than on hidden
vectors like previous approaches. SSMix syn-
thesizes a sentence while preserving the local-
ity of two original texts by span-based mixing
and keeping more tokens related to the pre-
diction relying on saliency information. With
extensive experiments, we empirically vali-
date that our method outperforms hidden-level
mixup methods on a wide range of text classi-
fication benchmarks, including textual entail-
ment, sentiment classification, and question-
type classification. Our code is available at
https://github.com/clovaai/ssmix.

1 Introduction

Data augmentation gains popularity in natural lan-
guage processing (NLP) (Feng et al., 2021) due to
the expensive cost of data collection. Some of them
are based on simple rules (Wei and Zou, 2019) and
models (Edunov et al., 2018; Ng et al., 2020) to gen-
erate similar text. Augmented samples are trained
jointly with original samples by a standard way or
advanced training methods (Zhu et al., 2019; Park
et al., 2021). On the other hand, mixup (Zhang
et al., 2018) interpolates input texts and labels for
the augmentation.

Training with mixup and its variants become
a popular regularization method in computer vi-
sion to improve the generalization of neural net-
works. Mixup approaches are categorized into
input-level mixup (Yun et al., 2019; Kim et al.,

∗Equal contribution.
†Work done during the internship at Clova AI.

Figure 1: Illustration of SSMix. Two data samples
xA and xB are labeled negative and positive respec-
tively for sentiment classification task. For each token,
saliency maps are visualized where darker concentra-
tion of colors mean higher contribution to correspond-
ing label. We select the least salient span from xA and
replace it with the most salient span from xB . The out-
put results in x̃ = mixup(xA, xB). We also assign ỹ
by the mixup ratio λ. In this example, λ is set to 0.2 as
the span length is 2 out of 10.

2020; Walawalkar et al., 2020; Uddin et al., 2021)
and hidden-level mixup (Verma et al., 2019) de-
pending on the location of the mix operation. Input-
level mixup is a more prevalent approach than
hidden-level mixup because of its simplicity and
the ability to capture locality, leading to better ac-
curacy.

Applying mixup in NLP is more challenging
than in computer vision because of the discrete
nature of text data and variable sequence lengths.
Therefore, most previous attempts on mixup for
texts (Guo et al., 2019; Chen et al., 2020) apply
mixup on hidden vectors like embeddings or in-
termediate representations. However, input-level
mixup might have an advantage over hidden-level
mixup with a similar intuition from computer vi-
sion. This motivation encourages us to examine
input-level mixup approaches for text data.

In this work, we propose SSMix (Fig 1), a novel
input-level spanwise mixup method considering
the saliency of spans. First, we conduct a mixup by
replacing a span of contiguous tokens with a span
in another text, which is inspired from CutMix
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(Yun et al., 2019), to preserves the locality of two
source texts in the mixed text. Second, we select a
span to be replaced and to replace based on saliency
information to make the mixed text contain tokens
more related to output prediction, which may be
semantically important. Our input-level method is
different from hidden level mixup methods in that
while current hidden level mixup methods linear
interpolate original hidden vectors, our method mix
tokens on the input level, resulting in a nonlinear
output. Also, we utilize saliency values to select
span from each sentence and discretely define the
length of span and mixup ratio, which is outside
the hidden level.

SSMix has empirically proven effective through
extensive experiments on a wide range of text clas-
sification benchmarks. Especially, we prove that
input-level mixup methods generally outperform
hidden-level methods. We also show the impor-
tance of using saliency information and restricting
token selection in span-level when conducting our
method via ablation study.

2 SSMix

We propose SSMix to synthesize a new text x̃ by
replacing a span xAS from one text xA into another
span xBS from another text xB based on saliency
information. Also, we have to set a new label ỹ
for x̃ using yA and yB which are one-hot labels
corresponding to xA and xB , respectively. Con-
sequently, we can additionally use this generated
virtual sample (x̃, ỹ) for training.

Saliency Saliency measures how each portion of
data (in this case, tokens) affects the final predic-
tion. Gradient-based methods (Simonyan et al.,
2013; Li et al., 2016) are widely used for the
saliency computation. We compute the gradient
of classification loss L with respect to input embed-
ding e, and use its magnitude as the saliency: i.e.,
s = ‖∂L/∂e‖2. We apply the L2 norm to obtain
the magnitude of a gradient vector, which becomes
a saliency of each token similar to PuzzleMix (Kim
et al., 2020).

Mixing text Text data xA and xB are discrete to-
ken sequences. Using saliency scores as explained
earlier, we can find the least salient span in xA

with a length lA as xAS and the most salient span
in xA with a length lB as xBS . We set lA = lB =
max(min([λ0|xA|], |xB|), 1) given a prior mixup
ratio λ0. Then, final x̃ becomes the concatena-

Algorithm 1 Mixup loss calculation

procedure SSMIX_LOSS(xA, xB, yA, yB, λ)
x̃← SSMix(xA, xB)
logit← model(x̃)
lossA ← CrossEntropy(logit, yA)
lossB ← CrossEntropy(logit, yB)
total_loss ← lossA ∗ λ + lossB ∗ (1 − λ)

return total_loss
end procedure

tion of (xAL ;x
B
S ;x

A
R) where xAL and xAR are tokens

located to the left and the right side of xAS respec-
tively in the original text xA.

Same span length We set the length of the orig-
inal (lA) and replaced (lB) span to be the same,
since allowing different length of spans would re-
sult in redundant and ambiguous mixup variations.
Also, calculating the mixup ratio between different
span length would be too complex. This same-size
replacement strategy is also adopted in (Yun et al.,
2019) and (Uddin et al., 2021). In situations where
span length is the same, our method maximizes the
effect of saliency. Since SSMix doesn’t restrict the
position of tokens, we can pick the most salient
span and replace it with least salient span on the
other text.

Mixing label We set mixup ratio λ for label as
λ = |xBS |/|x̃|. Since λ is recalculated by counting
the number of tokens in the span, it may differ from
λ0. We set the label of x̃ to ỹ = (1− λ)yA + λyB .
Algorithm 1 shows how we utilize the original sam-
ple pairs to compute the mixup loss for augmented
samples. We calculate the cross-entropy loss of the
augmented output logit with respect to the original
target label of each sample and combine them by
weighted sum, which is similar to the original im-
plementation of (Zhang et al., 2018).1 Therefore,
applying SSMix is independent of the total num-
ber of labels of the classification dataset. On any
dataset, output label ratio is calculated by linear
combination of two original labels.

Paired sentence tasks For tasks requiring a pair
of texts as an input such as textual entailment and
similarity classification, we conduct mixup in a
pairwise manner and calculate the mixup ratio
by aggregating token counts in each mixup result.
Denoting xA = (pA, qA), xB = (pB, qB), and

1https://github.com/hongyi-
zhang/mixup/blob/master/cifar/utils.pyL34
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Dataset Task # Label Size

SST-2 Sentiment 2 67k / 1.8k

QQP Paraphrase 2 364k / 391k

MNLI NLI 3 393k / 20k

QNLI QA/NLI 3 105k / 5.4k

RTE NLI 2 2.5k / 3k

MRPC Paraphrase 2 3.7k / 1.7k

TREC-coarse Classification 6 5.5k / 500

TREC-fine Classification 47 5.5k / 500

ANLI NLI 3 162.8k / 3.2k / 3.2k

Table 1: Dataset name, task, number of total labels, and
dataset size of datasets we used as benchmark. Task
column describes the objective of each dataset. ANLI
dataset shows aggregated dataset statistics among dif-
ferent rounds. GLUE tasks report the size as (train / val-
idation) format, TREC reports (train / test) and ANLI
reports (train / validation / test).

x̃ = (p̃, q̃), we define mixup of paired sentence
data as x̃ = (mixup(pA, pB),mixup(qA, qB)).
Here, we set the mixup ratio on paired sentence
tasks as λ = (|pS | + |qS |)/(|p̃| + |q̃|), where pS
and qS are replacing spans of independent mixup
operations. Illustation is available in Appendix B.3.

3 Experimental Setup

3.1 Dataset

As listed in table 1, to evaluate the effectiveness
of SSMix, we perform experiments on various text
classfication benchmarks: six datasets in GLUE
benchmark (Wang et al., 2018), TREC (Li and
Roth, 2002; Hovy et al., 2001), and ANLI (Nie
et al., 2020). Two of them are single sentence
classification tasks, and six of them are sentence
pair classification tasks. All datasets are extracted
from HuggingFace datasets library.2

For GLUE, we use SST-2 (Socher et al., 2013),
MNLI (Williams et al., 2018), QNLI (Rajpurkar
et al., 2016), RTE (Bentivogli et al., 2009), MRPC
(Dolan and Brockett, 2005), and QQP3. Among
GLUE, we leave out datasets that were not evalu-
ated by accuracy, along with WNLI, because the
size is too small to show any general trend of effec-
tiveness.

TREC is a commonly used dataset to evaluate
mixup methods in sentence classification (Guo
et al., 2019; Thulasidasan et al., 2019). We use

2https://github.com/huggingface/datasets
3https://www.quora.com/First-Quora-Dataset-Release-

Question-Pairs

two different versions of TREC (coarse, fine) that
have different levels of label number to test the
dependency of mixup effectiveness on the number
of class labels. In addition, we use ANLI to see
how mixup can help to improve model robustness.
For training ANLI, we concatenate all training data
from different rounds and use them to train the
model.

3.2 Baseline

We compare SSMix with three baselines: (1) stan-
dard training without mixup, (2) EmbedMix, and
(3) TMix. EmbedMix apply mixup on the embed-
ding layer, which is similar to the wordMixup in
Guo et al. (2019) except their experiments are per-
formed with LSTM or CNN architecture. TMix,
borrowed from Chen et al. (2020), interpolates hid-
den states of two different inputs at a particular
encoder layer and forward the combined hidden
states to the remaining layers. For EmbedMix and
TMix, we follow the best settings stated in the orig-
inal papers: mixup ratio is set by λ′ ∼ Beta(α, α),
λ = max(λ′, 1 − λ′) with α = 0.2. During the
training with TMix, we randomly sample the mixup
layer from [7, 9, 12].

3.3 Ablation study

To investigate how much (1) considering saliency
and (2) restricting mixup operation on the span-
level individually benefit our proposed method, we
conduct an ablation study. We implement SSMix
without considering saliency information (SSMix
- saliency) where the spans are randomly selected,
and additionally without the span-level restriction
(SSMix - saliency - span). For SSMix - saliency -
span, we randomly sample tokens from xB , which
need not be a contiguous span and are conducted on
a per-token basis. Then, we replace tokens accord-
ingly with the position of the token be preserved,
meaning that the second token from xA is replaced
with the second token from xB , and so on. For
all ablation studies, the lambda values were set to
0.1 to compare methods with the same setting as
SSMix. Detailed implementation and illustration of
ablation methods and comparison with simple word
dropout methods are described in Appendix B.

3.4 Training Details

Among the entire experiment, we use sequence
classification task with the pre-trained BERT-base
model having 110M parameters from Hugging-
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Face Transformers library.4 We perform all ex-
periments with five different seeds (0 to 4) on a
single NVIDIA P40 GPU and report the average
score. We set a maximum sequence length of 128,
batch size of 32, with AdamW optimizer with eps
of 1e-8 and weight decay of 1e-4. We use a lin-
ear scheduler with a warmup for 10% of the total
training step. We update the best checkpoint by
measuring validation accuracy on every 500 steps.
For datasets that have less than 500 steps per epoch,
we update and validate every epoch.

Considering our objective of enhancing perfor-
mance through mixup, we conduct training in two
steps. We first train without mixup with a learn-
ing rate of 5e-5 for three epochs, and then train
with mixup starting from previous training’s best
checkpoint, with a learning rate of 1e-5 for five
epochs. This two-step training, which also utilized
by Zhang et al. (2018), speeds up the model con-
vergence. We report the best accuracy among both
training with and without mixup. For the ANLI
task, we select the best checkpoint for training with-
out mixup separately for each round, then conduct
training with mixup and report the best accuracy of
each round’s evaluation dataset.

For each iteration, we split the batch into two
smaller batches with the same size, A andB. Since
mixup operation in SSMix is not symmetric, we
conduct mixup back-and-forth so that mixup perfor-
mance is evaluated regardless of the data position
in batch. To prevent the training data distribution
getting too far from the original data distribution,
we train with and without mixup together as He
et al. (2019). As a result, we forward each step
with average loss from A, B, mixup(A, B), and
mixup(B, A).

We leave out tokens specific to transformer ar-
chitecture (e.g., [CLS], [SEP ]) when conducting
a mixup to preserve special signs. As stated by
Zhang et al. (2018), giving too high values for
mixup ratio may lead to underfitting, while giving
λ close to 0 leads to the same effect of giving non-
augmented original data. From our experiments,
we found out that augmentation with prior ratio
λ0 = 0.1 is the optimal hyperparameter.

In terms of computation time, SSMix takes about
twice the training time compared with other mixup
methods since we need an additional forward and
backward step to compute the saliency of tokens.
Among hidden-level mixup methods, TMix takes a

4https://github.com/huggingface/transformers

Figure 2: Visualization of original data and synthesized
data by hidden-level mixup (EmbedMix or TMix) and
SSMix in the hidden space. Black dots indicate the orig-
inal data, xA and xB . For hidden-level mixup, syn-
thetic data (x̃) are created only along the line (blue)
connecting two points, since it is a linear combina-
tion within the hidden space. However, SSMix explore
larger synthetic sample space for x̃, since it consists
of a discrete combination within the input space. Syn-
thetic data for SSMix are illustrated in pink dots.

slightly longer time to train than EmbedMix.

4 Results and Discussion

Table 2 illustrates our results. We investigate the
effectiveness of SSMix compared with hidden layer
mixup methods on the aspect of dataset size, num-
ber of class labels, and paired sentence tasks.

Dataset size Compared with hidden-level mixup
methods, SSMix fully demonstrate its effective-
ness on datasets having a sufficient amount of data.
Since SSMix is a discrete combination rather than
a linear combination of two data samples, it cre-
ates data samples on a synthetic space in a larger
range than hidden-level mixup (Fig. 2). We hy-
pothesize that a large amount of data help better
representation in synthetic space.

The number of class labels SSMix is especially
effective for multiple class label datasets (TREC,
ANLI, MNLI, QNLI). Accordingly, the accuracy
gain of SSMix from the training without mixup is
much higher on TREC-fine (47 labels) than TREC-
coarse (6 labels), with +3.56 and +0.52, respec-
tively. We hypothesize that this result originates
from the mixup characteristic that benefits more
from cross-label mixup than mixup with the same
label, as stated at Zhang et al. (2018).5 Since
datasets with multiple total class labels increase the

5Zhang et al. (2018) states that mixing random pairs from
all classes (per-batch basis) has the strongest regularization
effect compared with mixup by per-class (same class) basis.
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Model
GLUE TREC ANLI

SST-2 QQP MNLI QNLI RTE MRPC coarse fine R1 R2 R3

No mixup 92.96 91.32 84.27 91.28 65.56 86.37 97.08 86.68
56.40 47.10 47.62
57.16 47.36 48.00

EmbedMix 93.03 91.36 84.35 91.43 67.73 86.72 97.44 90.04
56.78 47.84 47.67
57.16 47.42 48.00

TMix 93.03 91.34 84.33 91.40 66.86 86.42 97.52 90.16
56.68 47.58 47.78
57.28 47.90 48.42

SSMix 93.10 91.43 84.54 91.54 67.22 86.57 97.60 90.24 57.26 48.36 47.78
57.34 48.06 48.00

SSMix - saliency 93.12 91.32 84.48 91.29 67.00 86.42 97.44 89.56
57.04 48.22 47.95
57.16 47.94 48.07

SSMix - saliency - span 93.14 91.32 84.54 91.45 66.93 86.37 97.40 89.20
56.74 47.52 47.77
57.20 47.90 48.00

Table 2: Experimental results of comparison with baselines and ablation study. All values are average accuracy
(%) of five runs with different seeds. MNLI indicates MNLI-mismatched dev set accuracy. We report validation
accuracy for GLUE, test accuracy for TREC, and valid (upper) / test (lower) accuracy for ANLI. We report variance
on Appendix. A.

possibility of being selected cross-label in a ran-
dom sampling of mixup sources, we assert mixup
performance increases in such datasets.

Paired sentence tasks SSMix have a competi-
tive advantage on paired sentence tasks, such as
textual entailment or similarity classification. We
suspect this accuracy gain originates from consid-
eration of individual tokens. Existing methods
(hidden-level mixup) apply mixup on the hidden
layer, without consideration of special tokens, i.e.,
[SEP ], [CLS]. These methods may lose informa-
tion about the start of the sentence or appropriate
separation of pair of sentences. In contrast, SSMix
can consider the individual token property when ap-
plying mixup. Here, our mixup strategy on paired
data (Section 2) preserves the property of [SEP ],
which is not guaranteed by hidden mixup.

Ablation Study The results of SSMix and its vari-
ants demonstrate that the performance improves as
we add span constraint and saliency information.
Adding span constraint in the mixup operation ben-
efit from better localizable ability, and most salient
spans have more relationship to corresponding la-
bels while discarding least salient spans have a
higher probability that those spans are not semanti-
cally important with respect to the original labels.
Among those two, introducing saliency informa-
tion contributes to accuracy relatively more than
the span constraint.

5 Conclusion

We present SSMix, a novel and simple input-level
mixup method for text data that improves regu-
larization ability leading to better performance in
text classification. SSMix preserves the locality of
mixing texts by replacing in span-level and keep
most discriminative tokens in the mixed text us-
ing saliency score. Throughout the experiment, we
show that our method improves performance in var-
ious types of text classification tasks. For future
work, we plan to apply SSMix on a broader range
of tasks, including generation or different scenarios
like semi-supervised learning.
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A Accuracy Variance

Model
GLUE TREC ANLI

SST-2 QQP MNLI QNLI RTE MRPC Coarse Fine R1 R2 R3

No mixup 0.04 0.04 0.12 0.05 3.89 1.73 0.17 2.21
1.21 0.16 0.73
0.24 1.26 0.84

EmbedMix 0.02 0.03 0.14 0.04 3.89 1.39 0.09 0.31
1.38 0.46 0.75
0.24 1.18 0.84

TMix 0.04 0.04 0.09 0.03 1.85 1.55 0.05 0.63
1.44 0.33 0.73
0.25 0.75 1.28

SSMix 0.03 0.07 0.07 0.03 2.57 1.15 0.03 0.49
1.56 0.27 0.73
0.25 0.46 0.84

SSMix - saliency 0.02 0.04 0.11 0.04 2.06 1.55 0.09 0.69
1.33 0.18 0.62
0.24 1.99 0.80

SSMix - saliency - span 0.00 0.04 0.09 0.03 1.86 1.73 0.08 0.14
2.01 0.11 0.68
0.28 0.45 0.84

Table A.1: Standard deviation results, corresponding with the average of our experiments. The deviation is con-
ducted by 5 runs with different seeds.

We also report accuracy variance among the five seeds for each experiment (Table. A.1).

B Ablation

Fig. 3 and Fig. 4 shows the illustration of different variants of SSMix and random UNK replacement with
λ = 0.2. Fig. 5 shows the illustration of getting the augmented output with lambda calculation by SSMix
for paired sentence tasks. The saliency maps are visualized where darker concentration of colors mean
higher contribution to corresponding label.

B.1 Variants of SSMix

(a) Normal training without mixup

(b) SSMix - saliency (c) SSMix - saliency - span

Figure 3: Illustration of normal training and variants of SSMix

Here, we describe in detail how we implement SSMix without saliency (Figure. 3 (b)) and SSMix
without saliency and span restriction (Figure. 3 (c)).
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Model
GLUE TREC ANLI

SST-2 QQP MNLI QNLI RTE MRPC coarse fine R1 R2 R3

No mixup 92.96 91.32 84.27 91.28 65.56 86.37 97.08 86.68
56.40 47.10 47.62
57.16 47.36 48.00

Random UNK replacement 93.10 91.33 84.46 91.45 66.86 86.62 97.44 89.24
56.98 47.86 47.98
57.26 48.36 48.32

SSMix 93.10 91.43 84.54 91.54 67.22 86.57 97.60 90.24 57.26 48.36 47.78
57.34 48.06 48.00

SSMix - saliency 93.12 91.32 84.48 91.29 67.00 86.42 97.44 89.56
57.04 48.22 47.95
57.16 47.94 48.07

SSMix - saliency - span 93.14 91.32 84.54 91.45 66.93 86.37 97.40 89.20
56.74 47.52 47.77
57.20 47.90 48.00

Table B.1: Accuracy (%) comparison with simple data augmentation method(random UNK replacement) and input
mixup methods. The results are average of five runs with different seeds. Results show that our input level mixup
methods are generally competitive with simple word dropout methods.

At normal training, only two real data samples (xA and xB) are used to train the model. For Figure. 3
(b), we randomly select each span from xA and xB . Then, we replace xB to xA to make a new data x̃.
For Figure. 3 (c), input level mixup is conducted on a per-token basis. After calculaton of l given the prior
mixup ratio, we randomly sample tokens from xA. The tokens need not be a contiguous span. Then, we
replace tokens accordingly with the position of the token be preserved, meaning that the second token
from xA is replaced with second token from xB , the sixth token from xA is replaced with sixth token
from xB (by the illustration example), and so on.

B.2 Comparison with other simple augmentation methods

(a) Random [UNK] replacement (b) SSMix

Figure 4: Comparison of our methods with word dropout

We also compare SSMix with simple word dropout methods, which may seem similar in the perspective
that they create noisy sentences. The difference is whether label mixup is performed. Illustration of the
implementation of random [UNK] replacement is available at Fig. 4. Random UNK replacement is similar
to word dropout. We don’t use xB when making synthetic samples (l = 0). Instead, we randomly sample a
set of tokens from xA and replace each token in that span with [UNK]. The process is similar to Figure. 3
(c), except that the selected tokens at xA are replaced into [UNK]. Another difference is that the output
label (ỹ) completely follow the origin (yA) and no label mixup is performed. The illustration is available
at 3.

We evaluate the random [UNK] replacement method on all dataset with SSMix and variants of SSMix at
ablation study. By the experiment results at Table B.1, we show that input level mixup methods generally
outperform simple regularization methods. This means that datasets synthesized from SSMix and the
according target vectors have more gain on the generalization ability than word dropout.
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Figure 5: Illustration of applying SSMix to make x̃ for paired sentence, in particular NLI tasks, which classifies
whether the relation of sentence pairs is entailment, neutral, or contradiction. Mixup is conducted individually,
sentence by sentence.

B.3 Illustration of SSMix on paired sentence tasks
Fig. 5 shows the illustration of example for paired sentence. Here, "Fun for only children." and "Fun for
adults and children." correspond to pA and qA, "Problems in data synthesis." and "Issues in data synthesis."
correspond to pB and qB , and "Problems for only children.", "Fun for issues and children." correspond to
p and q, respectively. λ is calculated as : λ = (|pS |+ |qS |)/(|p̃|+ |q̃|) = (1+1)/(5+6) = 2/11 ≈ 0.18.
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Abstract

Language generation models’ democratiza-
tion benefits many domains, from answer-
ing health-related questions to enhancing ed-
ucation by providing AI-driven tutoring ser-
vices. However, language generation mod-
els’ democratization also makes it easier to
generate human-like text at-scale for nefari-
ous activities, from spreading misinformation
to targeting specific groups with hate speech.
Thus, it is essential to understand how peo-
ple interact with bots and develop methods to
detect bot-generated text. This paper shows
that bot-generated text detection methods are
more robust across datasets and models if we
use information about how people respond
to it rather than using the bot’s text directly.
We also analyze linguistic alignment, provid-
ing insight into differences between human-
human and human-bot conversations.

1 Introduction

Bots are useful in a wide variety of appli-
cations areas including business (Kaczorowska-
Spychalska, 2019), education (Kerlyl et al., 2006),
and health (Yadav et al., 2019; Liednikova et al.,
2020). For instance, Yadav et al. (2019) stud-
ied the use of chatbots as a drop-in first-point-of-
contact for women in India seeking breastfeeding
information. Similarly, researchers have studied
bots to answer COVID-19-related questions (Oni-
ani and Wang, 2020) and screen individuals for
risks of contracting the virus (Martin et al., 2020).
Overall, the wide availability of software pack-
ages, tools, and pre-trained models has democra-
tized the creation of bots.

Even with the increasing interest in bots for so-
cial good (e.g., COVID-related chatbots), there is
still a concern regarding their abuse to spread mis-
information, be used for targeted discrimination,
deceive users, and perform fraud (Daniel et al.,

2019). Given the potential good and harm bots can
create, it is essential to study how the bots should
act and how people do interact with such bots for
specific applications.

Automatically identifying bots online is well
studied (Garcia-Silva et al., 2019; Herzig et al.,
2019; Kosmajac and Keselj, 2019; Ippolito et al.,
2020; Jawahar et al., 2020). Bot detection meth-
ods rely on two forms of information (Orabi
et al., 2020): behavior and content. Behavior
relates to measuring how often bots post, the
time posts are created, and conversational net-
work structures (Beskow and Carley, 2018). Con-
tent involves using the bot’s text directly. Fo-
cusing on text suffers from generalization issues,
making it challenging to detect bots that discuss
different topics or operate in different domains.
Likewise, behavioral approaches assume that bots
will behave differently than people at a superfi-
cial level, such as posting more often than hu-
mans. Even in the network analysis of conversa-
tion structures (Beskow and Carley, 2018), many
of the human-bot interactions on social media are
not human-like interactions. For instance, it is
understandable that humans will interact with a
bot that converts pounds to kilograms differently
than other humans. Given bots’ current use-cases
ranging from counselors to healthcare information
providers, it is vital to understand how humans and
bots interact beyond trivial applications.

Before looking at how humans interact with
bots, it is essential to understand how humans in-
teract. This paper focuses on Communication Ac-
commodation Theory (CAT) and general language
use to analyze interactions. CAT is used to study
language use in various domains to understand hu-
man behavior (Giles et al., 1973; Tausczik and
Pennebaker, 2010). More specifically, we study
linguistic accommodation—where speakers come
to talk more (or less) similarly as they interact—
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which has been analyzed in mental health sup-
port on Reddit, showing a positive link with in-
formational and emotional support (Sharma and
De Choudhury, 2018). The alignment of two peo-
ple in terms of linguistic style has positively pre-
dicted successful outcomes of negotiations (Tay-
lor and Thomas, 2008), and doctors are recom-
mended to accommodate perspective to improve
patient care (Kline and Ceropski, 1984; Wood,
2019). The way people use and accommodate pro-
nouns can indicate power, where high-status indi-
viduals use “I” less and “you/we” words more than
low-status individuals (Kacewicz et al., 2014).

Linguistic accommodation in human-bot inter-
actions has been studied in system design, show-
casing that there is a strong link between user ex-
perience and language style of the system (Chaves
et al., 2019; Chaves, 2020; Thomas et al., 2020).
Recent research has also shown a link between
language style in chatbots and user engagement
for e-commerce (Elsholz et al., 2019). Our focus
is to understand real long open-domain human-bot
interactions better. Our study can also influence
how bots are detected on social media and pro-
vide a better understanding of how human-human
interactions differ from human-bot interactions is
essential for bot development. For instance, when
should bots accommodate towards the user? Can
we tell how well a system performs for a specific
task based on whether the user accommodates the
bot? If human-bot conversations are linguistically
different than human-human interactions, research
from human-human studies may not generalize to
human-bot interactions.

Toward addressing the potential societal im-
pacts of open-domain bots, this paper addresses
the following research questions (RQs) in the con-
text of bot Detection:

RQ1. How do humans and bots align in human-
bot interactions?

RQ2. How does the alignment in human-bot in-
teractions compare to the alignment in
human-human interactions?

RQ3. Are differences in alignment between
human-human and human-bot interactions
similar across domains and language gen-
eration learning methods?

Overall, we analyze whether human users’ lan-
guage changes stylistically with bots as compared

to human-human conversations. Furthermore, we
show that small differences in language style pro-
vides robust information, compared to the bots’
language patterns, to accurately detect bots.

2 Related Work

Bot Detection. Detecting bots in the wild is a
widely studied problem (Garcia-Silva et al., 2019;
Herzig et al., 2019; Kosmajac and Keselj, 2019;
Ippolito et al., 2020; Jawahar et al., 2020). bot
detection methods rely on two forms of infor-
mation (Orabi et al., 2020): Content and Behav-
ior. Garcia-Silva et al. (2019) studied how pre-
trained language models perform for the task of
bot detection. Kosmajac and Keselj (2019) de-
veloped “language-independent” stylistic features
that measure language diversity to detect bots.
Knauth (2019) empirically explored content and
behavioral features for bot detection. Beskow and
Carley (2018) analyzed human-bot interactions by
developing methods to detect bots using network
analysis of conversation structures. Much of the
prior work has focused on detecting bots “in the
wild.“ Thus, many of the interactions between bots
and humans are superficial (e.g., receiving movie
quotes from a bot). This paper differs from prior
work in two ways. First, rather than using con-
tent from the bot or general behavioral information
(e.g., post frequency), we try to detect bots by ana-
lyzing how humans respond to them (compared to
human-human interactions). Second, rather than
exploring bots in the wild, we explore two types
of datasets: one where researchers instruct par-
ticipants to interact with bots and humans in the
same way, and another dataset where researchers
instruct participants to converse with a bot.

Analyzing Human-Human Conversations. Lin-
guistic alignment is known to interact with a wide
array of social factors. For instance, the level of
alignment of people’s linguistic style in a conver-
sation has been claimed to be affected by their rel-
ative social power (Gnisci, 2005; Xu et al., 2018;
Danescu-Niculescu-Mizil et al., 2011). Coopera-
tive decision-making tasks are positively related to
the participants’ linguistic convergence (Fusaroli
et al., 2012; Kacewicz et al., 2014). Recently,
Sharma and De Choudhury (2018) analyzed men-
tal health support forums on Reddit, showing that
linguistic accommodation is positively linked with
informational and emotional support. Similarly,
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Taylor and Thomas (2008) analyzed negotiation
outcomes and linguistic alignment, showing that
alignment positively predicted successful negotia-
tion outcomes. There is also the support of linguis-
tic alignment by doctors to enhance patient care
by improving trust and adherence to a treatment
plan (Kline and Ceropski, 1984; Wood, 2019).
Alignment is a powerful tool that can be used to
improve understanding, trust, and potentially pa-
tient outcomes. Therefore, understanding when
and how people should align with each other is
an important area of research. Furthermore, it is
essential to draw a line between engaging with
a culture and language style and appropriating it,
thereby potentially causing harm rather than build-
ing rapport with the partners in a conversation.

With the goal of understanding human-
human interactions, there has also been progress
in linguistic alignment measurement tech-
niques (Niederhoffer and Pennebaker, 2002;
Danescu-Niculescu-Mizil et al., 2011; Jones et al.,
2014; Wang et al., 2014; Doyle and Frank, 2016;
Shin and Doyle, 2018). Danescu-Niculescu-
Mizil et al. (2011) presented an easy-to-compute
expression that measures the increase in the
conditional probability given that a conversational
partner has used it. An issue with the method
proposed by Danescu-Niculescu-Mizil et al.
(2011) is that it assumes messages between two
people have similar length. To overcome this
limitation, Doyle and Frank (2016) introduced
the Word-Based Hierarchical Alignment Model
(WHAM), a hierarchical graphical model where
the parameters are learned using Bayesian in-
ference. Another method called the Simplified
Word-Based Alignment Model (SWAM) was
recently proposed by Shin and Doyle (2018).
SWAM attempts to compare alignment between
different groups when the alignment scores are
assumed to differ substantially. Unfortunately,
SWAM only estimates group-level alignment,
not conversation-level between two specific
users/bots. Linguistic alignment has also been
shown to be predictive of specific tasks. In this
paper, we use the method proposed by Danescu-
Niculescu-Mizil et al. (2011) to estimate linguistic
alignment. For instance, Niven and Kao (2019)
use alignment features to predict discourse acts.

Analyzing Human-Bot Conversations. Re-
search studying the interaction between bots and
humans has been explored from a wide array of

Hello! How are you?

I am doing well. How are you?

Thx  �ne. Do you like dogs?

I do not like it .

Figure 1: This figure depicts an potential conversation
between a known human user and an unknown user.
The unknown user may be a human or a bot.

perspectives. For example, systems that use emo-
tionally expressive interjections (“wow”, “ahem”)
in their text to speech responses can significantly
improve the user experience (Cohn et al., 2019).
Given the popularity of bots in application areas
from business (Kaczorowska-Spychalska, 2019)
to healthcare (Pieraccini et al., 2009), it is also
important to understand how language generation
style and alignment impacts their intended use.
There has been a recent interest in analyzing ac-
commodation and similar concepts in human-bot
interactions. For instance, Ahn et al. (2020) show
that humans will match code-switching patterns
introduced by a chat system. Moreover, users
tend to have positive reactions towards systems
that code-switch. Ma and Lalor (2020) mea-
sure lexical entrainment between a specific Red-
dit bot and users. They find that sentiment of
bot has a positive effect on the sentiment of the
humans response. Furthermore, Ma and Lalor
(2020) show that human responses tend to over-
lap with the bots original post. Compared to prior
work studying accommodation-related aspects of
human-bot interactions, this paper differs in two
ways. First, just analyzing linguistic alignment,
we ground our study of human-bot interactions in
the real-world task of bot detection. Second, we
analyze cross-domain generalization of accommo-
dation patterns in human-bot interactions, where
cross-domain includes types of bots (e.g., retrieval
and transformer-based models), data collection
procedures (e.g., sampling bias), and conversation
topics.

3 Datasets

An overview of the task we introduce in this pa-
per is shown in Figure 1. We formulate a bot de-
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Dataset Name # D # u Avg. u Avg. W

ConvAI2 Data

INTERMEDIATE 291 4317 14.83 6.66
TOLOKERS 3127 39155 12.52 7.05
VOLUNTEER 1111 14623 13.16 6.60
PERSONA-CHAT 18878 278478 14.75 1.85

Control Data

IRIS 163 5687 34.89 5.46
TICKTOCK 206 5462 26.51 7.07
DailyDialog 13118 102980 7.85 13.08

Table 1: Summary of each dataset, including the num-
ber of dialogues (# D), average number of utterances
per dialogue (Avg. u), average number of words per
utterance (Avg. W) and total number of utterances (U)

tection task between two entities, either a human
and bot or a human and human. We assume that
one entity is always human, and the other entity
is unknown—either a human or a bot. Formally,
let D = [uh1 , u

o
2, . . . , u

h
N−1, u

o
N ] represents a se-

quence of utterances, where uhi represents the i-th
utterance in a conversation and that it was made by
a human h. Likewise, uoi represents an unknown
entity’s utterance (human or bot). N is the to-
tal number of utterances in the conversation. Our
goal is to develop a classifier f(D) that maps to a
class in the set T = {human-human, human-bot},
where the human-bot means a bot is a part of
the conversation. We formulate two bot detection
datasets for this task consisting of three known
bot datasets: ConvAI2, WOCHAT, and Daily-
Dialog. The basic statistics of each dataset are
shown in Table 1. WOCHAT and DailyDialog are
used to form a Control dataset. We describe each
dataset below:

ConvAI2. We use four datasets from the Sec-
ond Conversational Intelligence Challenge (Con-
vAI2). The motivation behind the ConvAI2 chal-
lenge was to develop new approaches towards
open-domain chatbots (Zhang et al., 2018; Di-
nan et al., 2019). Overall, we use two types
of ConvAI2 datasets: training datasets containing
human-human interactions and evaluation phase
datasets containing human-bot interactions. First,
we use the PERSONA-CHAT dataset, a collection
of human-human interactions where researchers
instructed Mechanical Turk users to converse with
one another, assuming specific personas (i.e., pro-
file descriptions). The ConvAI2 competition used
automatic (e.g., Perplexity) and human evaluation

procedures. The human evaluation procedures in-
volve either paid workers or volunteers that inter-
act with models built using PERSONA-CHAT, af-
ter which the volunteers/workers are asked to rate
their interactions. Moreover, the human evaluator
is instructed to interact with the bots in the same
way as the Mechanical Turk users who partici-
pated in creating the PERSONA-CHAT dataset.

We use three “evaluation-phase” datasets 1:
TOLOKERS, VOLUNTEERS, and INTERME-
DIATE. The TOLOKERS used solicited workers
to chat with the models, similar to the PERSONA-
CHAT’s Mechanical Turk setup. Specifically,
TOLOKERS consists of data collected during
DeepHack.Chat 2 hackathon via paid workers us-
ing the Yandex.Toloka service. The INTERME-
DIATE dataset consists of more dialogues by the
bots from DeepHack.Chat, but the interactions
come from volunteers. Finally, the VOLUNTEER
dataset was collected during the final “wild evalua-
tion” round of the ConvAI2 competition. Human-
bot interactions were collected from volunteers
through the Facebook Messenger and Telegram
APIs.

Control Dataset. One of the research ques-
tions we explore in this paper is related to out-
of-domain performance. Specifically, can we de-
tect bots based on human response when data
were collected under different settings and where
the conversation topics differ? To address the
out-of-domain research question, we use two ad-
ditional datasets collected in the The Workshop
on Chatbots and Conversational Agent Technolo-
gies (WOCHAT) (Kong-Vega et al., 2019). As
part of a shared task, the workshop makes sev-
eral bots available, has participants contribute new
bots, and participants interact with the bots provid-
ing utterance-level feedback regarding their per-
formance. We use two human-bot interaction
datasets released by the organizers: IRIS and the
TickTock dataset. 3 both IRIS (Banchs and Li,
2012) and TickTock (Yu et al., 2015) are retrieval-
based bot variants that were “trained” on different
datasets. Unlike the ConvAI2 task, humans are not
instructed to converse with the bots as if they are
another human. Thus, sometimes humans will ask
things such as, “Are you a Robot?”. This point

1http://convai.io/data/
2http://deephack.me/chat
3http://workshop.colips.org/wochat/

data/index.html
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provides a unique aspect that increases cross-data
differences.

Unfortunately, human-human conversations
were not released from the WOCHAT shared task.
The focus was annotating human-bot interactions.
Thus, we need to augment WOCHAT with real
human-human conversations. Our study uses
the DailyDialog dataset as our source of human-
human interactions (Li et al., 2017). Unlike the
ConvAI2-related data, DailyDialog consists of
conversations between English learners practicing
everyday English dialog in daily life.

Data Processing. We split the data into three
groups: Unpaid (U), Paid (P), and Control (C).
The U dataset consists of PERSONA-CHAT,
INTERMEDIATE, and VOLUNTEER ConvAI2
datasets. The P dataset consists of PERSONA-
CHAT and TOLOKERS—the name Paid comes
from the fact that the TOLOKERS were paid as
part of a crowdsourcing task. We split this group
from the others in case this affects conversation
behavior. The C dataset consists of IRIS, TICK-
TOCK, and DailyDialog. Each dataset is divided
into 70%, 10%, and 20% training, validation, and
test splits, respectively. It is important to note that
the same PERSONA-CHAT training, validation,
and test examples are used in both the U and P
datasets.

4 Method

To detect human-bot conversations, we explore
two types of features below: Content and Stylis-
tic features.

4.1 Content Features

We define content information as features describ-
ing “what” humans and bots say in their interac-
tions. Specifically, we describe two sets of content
features: bag-of-words and embeddings.

Bag-of-words. As a simple baseline, we use
TF-IDF-weighted unigrams from a dialog to de-
tect whether a bot is part of the conversa-
tion. We explore three settings for the TF-
IDF features: human-only, unknown-only, and
human-unknown. The unknown user in the
conversation can be either a bot or a human.
Thus, in the human-Only setting, only the hu-
man’s unigrams from each dialogue Dh =
[uh1 , u

h
3 , . . . , u

h
N−1] are used to detect human-

bot interactions. The unknown-only setting uses

only the unknown user’s unigrams from each di-
alogue Do = [uo2, u

o
4, . . . , u

o
N ], and the human-

unknown setting uses both the human’s and un-
known user’s unigrams from each dialogue D =
[uh1 , u

o
2, . . . , u

h
N−1, u

o
N ].

Embedding Features. We encoded each dia-
logue D using BERT (Devlin et al., 2019)4 by
feeding the first 510 WordPieces and then av-
eraging the word representations extracted from
the second-to-last layer. We explore three vari-
ants, human-Only, Unknown-Only, and human-
Unknown. Depending on the variant, the ex-
act WordPieces passed to BERT change. For in-
stance, in the human-Only setting, the first 510
WordPieces made by the human from a concate-
nation of all of the humans utterances Dh =
[uh1 , u

h
3 , . . . , u

h
N−1] are passed to BERT. Similarly,

all of the unknown user’s utterances are used
for the unknown-only variant to obtain Do =
[uo2, u

o
4, . . . , u

o
N ]. In the human-unknown setting,

all human and unknown utterances are concate-
nated in D = [uh1 , u

o
2, . . . , u

h
N−1, u

o
N ] before gen-

erating features with BERT.

4.2 Stylistic Features
The stylistic features encode “how” humans and
bots speak in their interactions. We use two
sets of stylistic features: Linguistic Inquiry and
Word Count (LIWC) (Pennebaker et al., 2015) and
linguistic accommodation (Danescu-Niculescu-
Mizil et al., 2011).

LIWC. We experiment with the psychologically
validated word categories (e.g., positive emotion,
cognitive, and social processes) in LIWC as fea-
tures. These lexicons might reveal more about a
writer’s thought processes, emotional states, and
intentions. For LIWC features, we use the same
word categories described in the Linguistic Ac-
commodation Section below to train our LIWC-
based classifier. Specifically, we use LIWC to pro-
cess each utterance. Next, each utterance’s LIWC
scores are averaged together to form a dialogue-
specific feature vector. We experiment with LIWC
features variants: human-only, unknown-only, and
human-unknown. Each setting averages the LIWC
scores across a different set of utterances, similar
to the bag-of-words and embedding features.

Linguistic Accommodation. We use the method
4We use the bert-base-uncased pre-trained model avail-

able in the HuggingFace package (Wolf et al., 2019).
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proposed by Danescu-Niculescu-Mizil et al.
(2011) to analyze linguistic alignment. It includes
two primary group-level and conversation-level
measures: baseline word usage and alignment.
The group-level baseline word use corresponds to
the rate at which a person uses a given word cat-
egory when it has not been used previously in
a conversation. The group-level alignment score
reflects the proportionate increase—compared to
the baseline score—in the likelihood of the word
being used when it has been used previously in
the conversation. Similarly, the conversation-level
metrics measure accommodation and usage be-
tween a human and Unknown (bot or human) user
in the each dialogue Di. We measure the proba-
bility of seeing a word category (e.g., LIWC cat-
egories) wc given wc appeared in the previous ut-
terance P (wc ∈ uoi |wc ∈ uhi−1)

5 and the base-
line probability of seeing wc in the conversation
P (wc ∈ uoi ). Next, the accommodation score
is calculated by taking the difference between
both probabilities, acc(c) = P (wc ∈ uoi |wc ∈
uhi−1) − P (wc ∈ uoi ). These empirical proba-
bilities are at the conversation level (i.e., measur-
ing how two specific users align). To obtain the
group-level estimates, we simply average the ac-
commodation scores acc(c) over all conversations
Di for each word category. We use the following
17 LIWC categories (Pennebaker et al., 2015): i,
you, we, they, social, cogproc, posemo, negemo,
article, prep, certain, conj, discrep, negate, pro-
noun, quant, and tentat. We experiment with two
main settings as described for the previous meth-
ods: Human-Only, Unknown-Only. The Human-
Only setting consists of just using the known hu-
man’s alignment scores in each conversation and
vice-versa for the Unknown-Only setting.

Model Training Details. For the content feature
sets, we train a Logistic Regression classifier from
the Scikit-Learn package (Pedregosa et al., 2011).
Using the validation split for each dataset, we
grid-search over the C-values {.0001, .001, .01,
.1, 1., 10.}, the logistic regression class weight
parameters {None, balanced}, and normalization
procedures {standardize, unit normalize, None}.
For the Stylistic features, we train a Random
Forest classifier from the Scikit-Learn package.
Again, using the validation split, we grid-search

5The probabilities are from the perspective of the Un-
known user in the conversation. They are also calculated
from the human’s perspective.

U→ U P→ P C→ C

Baselines

Most Frequent .482 .462 .493
Most Infrequent .065 .125 .027
Stratified (random) .491 .498 .487

Content Features

Human Bag-of-Words .980 .987 .939
Human BERT .989 .996 .987

Unknown Bag-of-Words .971 .970 .997
Unknown BERT .996 .996 .983

Human + Unknown Bag-of-Words .958 .963 .986
Human + Unknown BERT .990 .992 .990

Stylistic Features

Human LIWC .878 .899 .705
Human Accommodation .989 .987 .627

Unknown LIWC .838 .862 .707
Unknown Accommodation .887 .897 .674

Human & Unknown LIWC .885 .903 .601
Human & Unknown Accommodation .988 .990 .729

Table 2: Source → Source Macro F1 Results for Bot
Detection

over the class weight parameters {None, balanced,
balanced subsample}, criterion measures {gini,
entropy}, max features {sqrt, log2, None}, and
bootstrap parameters {True, False}. For all exper-
iments using the Random Forest classifier, we set
n estimators to 1000.

5 Results

In this section, we report two sets of results. First,
in Subsection 5.1 we present the performance
of the bot detection models we explain in Sec-
tion 4. Beyond the methods described in Sec-
tion 4, we also compare three baselines: Most
Frequent, Most Infrequent, and Stratified. The
Most Frequent baseline predicts the most frequent
class for every example (i.e., human-human). The
Most Infrequent baseline predicts the most infre-
quent class (i.e., human-bot) and the Stratified
baseline makes random prediction proportional to
each class’s frequency. Second, in Subsection 5.2,
we present a fine-grained analysis of the linguistic
accommodation results on the ConvAI2 datasets.
For all results, we report the Macro F1 (average
F1 for the human-human and human-bot conver-
sation classes).

5.1 Bot Detection Experiments

The source dataset results are reported in Table 2.
Overall, we find that content features are the most
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U→ C P→ C C→ U C→ P AVG

Baselines
1. Most Frequent .493 .493 .482 .462 .483
2. Most Infrequent .027 .027 .065 .125 .061
3. Stratified (Random) .502 .479 .499 .476 .489

Content:
What the bots and
humans write?

4. Human bag-of-words .518 .504 .536 .608 .541
5. Human BERT .493 .493 .482 .462 .483

6. Unknown bag-of-words .493 .493 .535 .475 .499
7. Unknown BERT .493 .493 .482 .462 .483

8. Unknown and Human bag-of-words .509 .510 .639 .608 .567
9. Unknown and Human BERT .493 .493 .522 .478 .497

Stylistic:
How the bots and
humans write?

10. Human LIWC .480 .491 .524 .512 .502
11. Human Accommodation .631 .591 .604 .510 .584
12. Human LIWC + Accommodation .605 .608 .703 .724 .660

13. Unknown LIWC .474 .478 .483 .476 .478
14. Unknown Accommodation .428 .424 .503 .494 .462
15. Unknown LIWC + Accommodation .462 .436 .502 .497 .474

13. Human & Unknown LIWC .521 .504 .532 .556 .528
14. Human & Unknown Accommodation .611 .620 .642 .677 .637
15. Human & Unknown LIWC + Accommodation .622 .633 .642 .677 .643

Table 3: This table reports the cross-dataset Macro F1 score for detecting human-bot conversations for three
datasets: Unpaid (U), Paid (P), and Control (C). The largest Macro F1 score in each column is in bold.

predictive for bot detection, when training and
testing on the same train-test splits from the same
dataset. Furthermore, we find that the BERT-based
models are able to outperform the Bag-of-Words
models on average. For instance, the Human Bag-
of-Words model on dataset C obtains an F1 of
.939. Yet, the Human BERT model obtains an F1
of .987. Likewise, for the stylistic features, we
find that simply using LIWC works better than us-
ing the accommodation features alone for dataset
C. However, combining both Accommodation and
LIWC features from both the Human and the Bot
is better than using either feature set individually
with an F1 of .729.

The cross-dataset bot detection results are pre-
sented in Table 3. Specifically, the scores are from
experiments where we train on a source dataset
and evaluate each model on a target dataset’s test
split (i.e., source → target). Overall, we make
three major findings. First, for both Content
and Stylistic features, we find that analyzing the
known human’s language in each conversation is
more informative than analyzing the bot’s con-
tent. For instance, the average (AVG) score for
human bag-of-words is .541, while the bot bag-
of-words model AVG result is nearly 4% lower
(.499). We have similar findings between human
LIWC (.502) and bot LIWC (.478). We find that
combining both bot and human LIWC improves
the AVG performance of the human-only LIWC
model with an F1 of 0.528. Second, while the

BERT-based model performs better when applied
to data from the same datasets in Table 2 (e.g.,
U → U) in many settings, when the test dataset
changes substantially (e.g., U → C), the gener-
alization performance of BERT drops compared
to using bag-of-words. This result is potentially
caused by overfitting to random source-specific
characteristics. Third, we find that Accommoda-
tion features outperform all other individual fea-
ture sets with an AVG bot-detection Macro F1
of .584, with the exception of using both the hu-
man’s and bot’s accommodation features which
has a Macro F1 of .637. Interestingly, human ac-
commodation information (.584) is more predic-
tive than the bot’s text (.462). Intuitively, the type
of responses generated by a bot can differ substan-
tially depending on the bot’s training data (e.g.,
ConvAI2 vs. DailyDialog) and model (e.g., trans-
former vs. retrieval-based models). Hence, the hu-
man’s responses are more consistent with regard
to alignment. The best combination overall is the
combination of the human’s LIWC features with
the human’s accommodation features achieving a
Macro F1 of .660. Yet, with the bot (Unknown)
feature combination, the performance drops from
.768 with Unknown LIWC to .674 after combining
accommodation features.

In Table 4, we analyze the Random Forest’s
importance scores for the best model (trained on
dataset P’s human responses) features using the
model that combines human LIWC and accommo-
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Figure 2: Alignment scores for the TickTock and INTERMEDIATE datasets.

Feature Group Feature FI

Accomodation pronoun .598
LIWC social .063
LIWC article .043
LIWC prep .028
LIWC pronoun .020
Accomodation quant .018
LIWC tentat .017
Accomodation i .017
LIWC you .016
LIWC i .015

Table 4: The top ten most informative features for the
Random Forest model trained on dataset P’s human re-
sponses to detect human-bot conversations with LIWC
and Accommodation features.

dation features. The most informative feature is
pronoun accommodation. See Section 6 for more
details. Other informative features include the hu-
man’s use of social, quant (quantitative), and ten-
tative words.

5.2 Accommodation Analysis

In this section, we analyze the group-level (av-
eraged) accommodation scores for the INTER-

MEDIATE and TickTock datasets. Again, note
that the group-level scores are dataset averages
for each group (human and bot), the conversation-
level estimates can vary from the group scores.
The accommodation analysis is displayed in Fig-
ure 2. The bot results (Figures 2d and 2b) indicate
how the bot responds to a human, and the human
scores (Figures 2c and 2a) represent how a human
responds to a bot. We report all LIWC categories,
including Pronoun usage (e.g., pronoun, I, you,
we, and they) and Rhetorical words (e.g., social,
cogproc, posemo, and negemo) results. Find the
analysis for all of the datasets in the Supplemen-
tary Material.

Overall, some indicators are robust across
datasets, whereas others can vary. For instance, for
the general pronoun category, we find that human
generally accommodate less towards bots than
bots accommodate towards them. The pronoun ac-
commodation pattern for pronouns is robust across
both datasets. Similarly, for both datasets, hu-
mans accomodate more often than bots for social
words. Yet, for negative emotion words (negemo),
we find that Bot’s accommodate less than humans
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in the TickTock dataset, yet they accommodate
more in the INTERMEDIATE dataset. In contrast,
in the ConvAI2 and DailyDialog datasets, human
accommodation is the same on average when two
humans participate in a conversation together (not
shown in the Figures).

6 Discussion

Why is humans’ accommodation such a power-
ful predictor that they are in a conversation with
a bot—even when they are supposedly treating the
conversation the same as a human-human interac-
tion? Overall, we found two major reasons to ex-
plain the model’s high performance. First, mod-
ern bots from the transformer to retrieval-based
models generate bad responses. For instance, in
the conversation below from the VOLUNTEER
dataset, the human and bot have already had a con-
versation about hair color:
Bot: What is your hair color?
Human: I said its black....
Bot: I know the feeling.
Human: What?

From the example, we can see that the bot is
asking about hair color, which was already dis-
cussed, then the bot responds with a nonsensi-
cal output, “I know the feeling.” Thus, we see
that the final human response does not accommo-
date with with“I” nor any first singular pronoun.
The lower alignment score for humans (compared
to bots) for the word category I in Figure 2 sup-
ports this finding. Furthermore, from Table 4, we
know that accommodation in terms of pronoun us-
age is highly predictive of a human-bot conversa-
tion. Similar posts can be found in all datasets
where bad outputs can explain why humans align
differently concerning “I” in bot-human interac-
tions than human-human interactions. This find-
ing is interesting because it is similar to the find-
ings in human-human interactions where align-
ment is positively correlated with understanding in
cooperative decision-making tasks (Fusaroli et al.,
2012; Kacewicz et al., 2014). If humans don’t un-
derstand the conversation, they align less, at least
with regards to pronoun usage in our case. The
next example from the VOLUNTEER dataset is a
better, more coherent conversation:
Human: What is your Hobby?
Bot: I love music! I love Taylor Swift
Human: Me too. And what about Iggy Pop?

We can see that the final human response aligns
with the first person singular word “me” to the

bot’s use of “I”. A potential use that warrants fu-
ture work in the area of bots evaluation involves
using accommodation information as an additional
evaluation metric in human evaluation studies if
certain types of accommodation correlate with bad
system responses. If human ratings of bot perfor-
mance are noisy, the use of accomodation infor-
mation can provide insight into how well a bot per-
forms, if a human interacts with it differently than
they do in human-human conversations.

The second reason for the significant predic-
tive performance can be seen in adversarial con-
versations between the human and bot. Specifi-
cally, in instances where the human is trying to
trick the bot or simply trying to ask questions, bot-
human alignment can differ from human-human
conversations. The example below from the Tick-
Tock dataset

Human: Are you a robot?
Bot: No.
Human: Where are you from?

shows repeated “You” usage by the user, repeat-
edly asking multiple questions. Again, differences
in pronoun usage can reflect adversarial users.
Again, in terms of bot evaluation, if a human is
acting adversarially, and it is possible to differen-
tiate adversarial interactions from the human not
understanding, this can provide insight into . More
examples can be found in the Supplementary Ma-
terial.

7 Conclusion

This study has is an exploration of the levels of lin-
guistic alignment in human-bot conversations and
presents evidence about how bot-human interac-
tions are different than human-human conversa-
tions. This work’s insights have implications for
future bot detection methodologies. How humans
and bots come together and converse manifested
by their level of agreement and disagreement is
a first step towards understanding human inter-
actions with general conversational agents. Fur-
thermore, as future work, we will explore the
use of linguistic alignment to improve bot eval-
uation frameworks involving human-bot interac-
tions. Moreover, we will also explore methods of
controlling the accommodation level of bots them-
selves. Given the implicit social implications of
certain types of accommodation, controlling it can
help important tasks (e.g., counseling or customer
service-related bots).
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A Expanded Alignment Analysis

The complete group-level alignment scores for the
IRIS and Tolokers datasets can be found in Fig-
ures 3a, 3b, 3c, and 3d.

B Example Conversations

Here we present examples of conversations be-
tween humans and bots that are representative of
good conversational structure in terms of align-
ment between the two parties such as the usage
of pronoun “I” in the first example.

Bot: I love iphone!
i just bought new iphone!

Human: Thats good for you i m not
very into new tech

Human: I am fine. I like hip hop.
What about you?

Bot: I like r b and pop
are you 100 years old?

Human: What? No. You are rude

Human: Do you have dogs?
Bot: Yes i have two dogs and a cat.
Human: Cool I love dogs.

But i have siblings instead...
Bot: I have two brothers and

a sister and a sister.

Here conversations between humans and bots
involve irregular pronoun usage that are represen-
tative of a break in the conversational pattern and
little or no alignment between the two parties such
as the usage of pronouns “You” and resultant use
of “I” reply in the first example.

Human: See you then!
Bot: I m not going to see you.

Bot: I am 24 and I have a dog named
her name is named name

Human: Really her name is name?
Bot: She is a good name.

Human: who is obama
Bot: i partially have interest in that
Human: can you tell me more about obama
Bot: i hate pigs i live a farm

These conversations signify a complete break-
down of conversational structure with respect to
alignment, as there is none. The chats seem hap-
hazard and vague with either the bot or the human
replying in an ambiguous manner.

User: Good afternoon
System: Well you know I’m not sure.

What do you think about movies
User: That didn’t make any sense

User: hi again
System: Of course. Any thoughts?
User: no

User: Hello
System: Do not argue with an idiot.

He will drag you down to his
level and beat you with
experience.

User: Um Okay that was random
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Figure 3: Alignment scores for the IRIS and Tolokers dataset
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Abstract

Pre-trained contextualized language models
(PrLMs) have led to strong performance gains
in downstream natural language understand-
ing tasks. However, PrLMs can still be easily
fooled by adversarial word substitution, which
is one of the most challenging textual adver-
sarial attack methods. Existing defence ap-
proaches suffer from notable performance loss
and complexities. Thus, this paper presents
a compact and performance-preserved frame-
work, Anomaly Detection with Frequency-
Aware Randomization (ADFAR). In detail, we
design an auxiliary anomaly detection clas-
sifier and adopt a multi-task learning proce-
dure, by which PrLMs are able to distin-
guish adversarial input samples. Then, in or-
der to defend adversarial word substitution,
a frequency-aware randomization process is
applied to those recognized adversarial input
samples. Empirical results show that AD-
FAR significantly outperforms those newly
proposed defense methods over various tasks
with much higher inference speed. Remark-
ably, ADFAR does not impair the overall per-
formance of PrLMs. The code is available at
https://github.com/LilyNLP/ADFAR.

1 Introduction

Deep neural networks (DNNs) have achieved re-
markable success in various areas. However, pre-
vious works show that DNNs are vulnerable to
adversarial samples (Goodfellow et al., 2015; Ku-
rakin et al., 2017; Wang et al., 2021), which are
inputs with small, intentional modifications that
cause the model to make false predictions. Pre-
trained language models (PrLMs) (Devlin et al.,

*Corresponding author. This paper was partially sup-
ported by National Key Research and Development Pro-
gram of China (No. 2017YFB0304100), Key Projects of
National Natural Science Foundation of China (U1836222
and 61733011). This work was supported by Huawei Noah’s
Ask Lab

2019; Liu et al., 2019; Clark et al., 2020; Zhang
et al., 2020, 2019) are widely adopted as an es-
sential component for various NLP systems. How-
ever, as DNN-based models, PrLMs can still be
easily fooled by textual adversarial samples (Wal-
lace et al., 2019; Jin et al., 2019; Nie et al., 2020;
Zang et al., 2020). Such vulnerability of PrLMs
keeps raising potential security concerns, therefore
researches on defense techniques to help PrLMs
against textual adversarial samples are imperatively
needed.

Different kinds of textual attack methods have
been proposed, ranging from character-level word
misspelling (Gao et al., 2018), word-level sub-
stitution (Alzantot et al., 2018; Ebrahimi et al.,
2018; Ren et al., 2019; Jin et al., 2019; Zang
et al., 2020; Li et al., 2020; Garg and Ramakr-
ishnan, 2020), phrase-level insertion and removal
(Liang et al., 2018), to sentence-level paraphrasing
(Ribeiro et al., 2018; Iyyer et al., 2018). Thanks to
the discrete nature of natural language, attack ap-
proaches that result in illegal or unnatural sentences
can be easily detected and restored by spelling cor-
rection and grammar error correction (Islam and
Inkpen, 2009; Sakaguchi et al., 2017; Pruthi et al.,
2019). However, attack approaches based on adver-
sarial word substitution can produce high-quality
and efficient adversarial samples which are still
hard to be detected by existing methods. Thus,
the adversarial word substitution keeps posing a
larger and more profound challenge for the robust-
ness of PrLMs. Therefore, this paper is devoted to
overcome the challenge posed by adversarial word
substitution.

Several approaches are already proposed to miti-
gate issues posed by adversarial word substitution
(Zhou et al., 2019; Jia et al., 2019; Huang et al.,
2019; Cohen et al., 2019; Ye et al., 2020; Si et al.,
2021). Although these defense methods manage to
alleviate the negative impact of adversarial word
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substitution, they sometimes reduce the prediction
accuracy for non-adversarial samples to a notable
extent. Given the uncertainty of the existence of
attack in real application, it is impractical to sacri-
fice the original prediction accuracy for the purpose
of defense. Moreover, previous defense methods
either have strong limitations over the attack space
to certify the robustness, or require enormous com-
putation resources during training and inference.
Thus, it is imperatively important to find an effi-
cient performance-preserved defense method.

For such purpose, we present a compact
and performance-preserved framework, Anomaly
Detection with Frequency-Aware Randomization
(ADFAR), to help PrLMs defend against adversar-
ial word substitution without performance sacrifice.
Xie et al. (2018) show that introducing randomiza-
tion at inference can effectively defend adversarial
attacks. Moreover, (Mozes et al., 2020) indicate
that the usual case for adversarial samples is replac-
ing words with their less frequent synonyms, while
PrLMs are more robust to frequent words. There-
fore, we propose a frequency-aware randomization
process to help PrLMs defend against adversarial
word substitution.

However, simply applying a randomization pro-
cess to all input sentences would reduce the predic-
tion accuracy for non-adversarial samples. In order
to preserve the overall performance, we add an aux-
iliary anomaly detector on top of PrLMs and adopt
a multi-task learning procedure, by which PrLMs
are able to determine whether each input sentence
is adversarial or not, and not introduce extra model.
Then, only those adversarial input sentences will
undergo the randomization procedure, while the
prediction process for non-adversarial input sen-
tences remains the same.

Empirical results show that as a more efficient
method, ADFAR significantly outperforms previ-
ous defense methods (Ye et al., 2020; Zhou et al.,
2019) over various tasks, and preserves the predic-
tion accuracy for non-adversarial sentences. Com-
prehensive ablation studies and analysis further
prove the efficiency of our proposed method, and
indicate that the adversarial samples generated by
current heuristic word substitution strategy can be
easily detected by the proposed auxiliary anomaly
detector.

2 Related Work

2.1 Adversarial Word Substitution
Adversarial word substitution (AWS) is one of
the most efficient approaches to attack advanced
neural models like PrLMs. In AWS, an attacker
deliberately replaces certain words by their syn-
onyms to mislead the prediction of the target model.
At the same time, a high-quality adversarial sam-
ple should maintain grammatical correctness and
semantic consistency. In order to craft efficient
and high-quality adversarial samples, an attacker
should first determine the vulnerable tokens to be
perturbed, and then choose suitable synonyms to
replace them.

Current AWS models (Alzantot et al., 2018;
Ebrahimi et al., 2018; Ren et al., 2019; Jin et al.,
2019; Li et al., 2020; Garg and Ramakrishnan,
2020) adopt heuristic algorithms to locate vulner-
able tokens in sentences. To illustrate, for a given
sample and a target model, the attacker iteratively
masks the tokens and checks the output of the
model. The tokens which have significant influence
on the final output logits are regarded as vulnerable.

Previous works leverage word embeddings such
as GloVe (Pennington et al., 2014) and counter-
fitted vectors (Mrkšić et al., 2016) to search the
suitable synonym set of a given token. Li et al.
(2020); Garg and Ramakrishnan (2020) uses BERT
(Devlin et al., 2019) to generate perturbation for
better semantic consistency and language fluency.

2.2 Defense against AWS
For general attack approaches, adversarial train-
ing (Goodfellow et al., 2015; Jiang et al., 2020) is
widely adopted to mitigate adversarial effect, but
(Alzantot et al., 2018; Jin et al., 2019) shows that
this method is still vulnerable to AWS. This is be-
cause AWS models leverage dynamic algorithms to
attack the target model, while adversarial training
only involves a static training set.

Methods proposed by Jia et al. (2019); Huang
et al. (2019) are proved effective for defence against
AWS, but they still have several limitations. In
these methods, Interval Bound Propagation (IBP)
(Dvijotham et al., 2018), an approach to consider
the worst-case perturbation theoretically, is lever-
aged to certify the robustness of models. However,
IBP-based methods can only achieve the certified
robustness under a strong limitation over the attack
space. Furthermore, they are difficult to adapt to
PrLMs for their strong reliance on the assumption
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Figure 1: Frequency-aware randomization examples.

of model architecture.
Two effective and actionable methods (DISP

(Zhou et al., 2019) and SAFER Ye et al. (2020))
are proposed to overcome the challenge posed by
AWS, and therefore adopted as the baselines for
this paper. DISP (Zhou et al., 2019) is a frame-
work based on perturbation discrimination to block
adversarial attack. In detail, when facing adver-
sarial inputs, DISP leverages two auxiliary PrLMs:
one to detect perturbed tokens in the sentence, and
another to restore the abnormal tokens to original
ones. Inspired by randomized smoothing (Cohen
et al., 2019), Ye et al. (2020) proposes SAFER,
a novel framework that guarantees the robustness
by smoothing the classifier with synonym word
substitution. To illustrate, based on random word
substitution, SAFER smooths the classifier by av-
eraging its outputs of a set of randomly perturbed
inputs. SAFER outperforms IBP-based approaches
and can be easily applied to PrLMs.

2.3 Randomization

In recent years, randomization has been used as
a defense measure for deep learning in computer
vision (Xie et al., 2018). Nevertheless, direct exten-
sions of these measures to defend against textual
adversarial samples are not achievable, since the
text inputs are discrete rather than continuous. Ye
et al. (2020) indicates the possibility of extending
the application of the randomization approach to
NLP by randomly replacing the words in sentences
with their synonyms.

3 Method

3.1 Frequency-aware Randomization

Since heuristic attack methods attack a model by
substituting each word iteratively until it success-
fully alters the model’s output, it is normally dif-
ficult for static strategies to defense such kind of
dynamic process. Rather, dynamic strategies, such
as randomization, can better cope with the problem.
It is also observed that replacing words with their
more frequent alternatives can better mitigate the

adversarial effect and preserve the original perfor-
mance. Therefore, a frequency-aware randomiza-
tion strategy is designed to perplex AWS strategy.

Figure 1 shows several examples of the
frequency-aware randomization. The proposed ap-
proach for the frequency-aware randomization is
shown in Algorithm 1, and consists of three steps.
Firstly, rare words with lower frequencies and a
number of random words are selected as substitu-
tion candidates. Secondly, we choose synonyms
with the closest meanings and the highest frequen-
cies to form a synonym set for each candidate
word. Thirdly, each candidate word is replaced
with a random synonym within its own synonym
set. To quantify the semantic similarity between
two words, we represent words with embeddings
from (Mrkšić et al., 2016), which is specially de-
signed for synonyms identification. The semantic
similarity of two words are evaluated by cosine
similarity of their embeddings. To determine the
frequency of a word, we use a frequency dictionary
provided by FrequencyWords Repository*.

3.2 Anomaly Detection
Applying the frequency-aware randomization pro-
cess to every input can still reduce the prediction
accuracy for normal samples. In order to overcome
this issue, we add an auxiliary anomaly detection
head to PrLMs and adopt a multi-task learning pro-
cedure, by which PrLMs are able to classify the
input text and distinguish the adversarial samples
at the same time, and not introduce extra model.
In inference, the frequency-aware randomization
only applied to the samples that are detected as
adversarial. In this way, the reduction of accuracy
is largely avoided, since non-adversarial samples
are not affected.

Zhou et al. (2019) also elaborates the idea of per-
turbation discrimination to block attack. However,
their method detects anomaly on token-level and
requires two resource-consuming PrLMs for detec-
tion and correction, while ours detects anomaly on
sentence-level and requires no extra models. Com-

*https://github.com/hermitdave/FrequencyWords
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Algorithm 1 Frequency-aware Randomization

Input: Sentence X = {w1, w2, ..., wn}, word em-
beddings Emb over the vocabulary V ocab

Output: Randomized sentence Xrand

1: Initialization: Xrand ← X
2: Create a set Wrare of all rare words with

frequencies less than fthres, denote nrare =
|Wrare|.

3: Create a set Wrand by randomly selecting n ∗
r − nrare words wj /∈ Wrare, where r is the
pre-defined ratio of substitution.

4: Create the substitution candidates set, Wsub ←
Wrare +Wrand, and |Wsub| = n ∗ r.

5: Filter out the stop words in Wsub.
6: for each word wi in Wsub do
7: Create a set S by extracting the top ns syn-

onyms using CosSim(Embwi , Embwword)
for each word in V ocab.

8: Create a set Sfreq by selecting the top nf
frequent synonyms from S.

9: Randomly choose one word ws from S.
10: Xrand ← Replace wi with ws in Xrand.
11: end for

pared to Zhou et al. (2019), our method is two times
faster in inference speed and can achieve better ac-
curacy for sentence-level anomaly detection.

3.3 Framework

In this section, we elaborate the framework of AD-
FAR in both training and inference.

3.3.1 Training
Figure 2 shows the framework of ADFAR in train-
ing. We extend the baseline PrLMs by three ma-

Figure 2: Framework of ADFAR in training.

jor modifications: 1) the construction of training
data, 2) the auxiliary anomaly detector and 3) the
training objective, which will be introduced in this
section.

Construction of Training Data As shown in
Figure 2, we combine the idea of both adversar-
ial training and data augmentation (Wei and Zou,
2019) to construct our randomization augmented
adversarial training data. Firstly, we use a heuristic
AWS model (e.g. TextFooler) to generate adver-
sarial samples based on the original training set.
Following the common practice of adversarial train-
ing, we then combine the adversarial samples with
the original ones to form an adversarial training
set. Secondly, in order to let PrLMs better cope
with randomized samples in inference, we apply
the frequency-aware randomization on the adver-
sarial training set to generate a randomized adver-
sarial training set. Lastly, the adversarial training
set and the randomized adversarial training set are
combined to form a randomization augmented ad-
versarial training set.

Auxiliary Anomaly Detector In addition to the
original text classifier, we add an auxiliary anomaly
detector to the PrLMs to distinguish adversarial
samples. For an input sentence, the PrLMs cap-
tures the contextual information for each token by
self-attention and generates a sequence of contex-
tualized embeddings {h0, . . . hm}. For text clas-
sification task, h0 ∈ RH is used as the aggregate
sequence representation. The original text classi-
fier leverages h0 to predict the probability that X
is labeled as class ŷc by a logistic regression with
softmax:

yc = Prob(ŷc|x),
= softmax(Wc(dropout(h0)) + bc),

For the anomaly detector, the probability that X
is labeled as class ŷd (if X is attacked, ŷd = 1;
if X is normal, ŷd = 0) is predicted by a logistic
regression with softmax:

yd = Prob(ŷd|x),
= softmax(Wd(dropout(h0)) + bd),

As shown in Figure 2, the original text classifier
is trained on the randomization augmented adver-
sarial training set, whereas the anomaly detector is
only trained on the adversarial training set.
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Figure 3: Framework of ADFAR in inference.

Training Objective We adopt a multi-task learn-
ing framework, by which PrLM is trained to clas-
sify the input text and distinguish the adversarial
samples at the same time. We design two parallel
training objectives in the form of minimizing cross-
entropy loss: lossc for text classification and lossd
for anomaly detection. The total loss function is
defined as their sum:

lossc = −[yc ∗ log(ŷc) + (1− yc) ∗ log(1− ŷc)]
lossd = −[yd ∗ log(ŷd) + (1− yd) ∗ log(1− ŷd)]
Loss = lossc + lossd

3.3.2 Inference

Figure 3 shows the framework of ADFAR in infer-
ence. Firstly, the anomaly detector predicts whether
an input sample is adversarial. If the input sample
is determined as non-adversarial, the output of the
text classifier (Label A) is directly used as its final
prediction. If the input sample is determined as ad-
versarial, the frequency-aware randomization pro-
cess is applied to the original input sample. Then,
the randomized sample is sent to the PrLM again,
and the second output of the text classifier (Label
B) is used as its final prediction.

4 Experimental Implementation

4.1 Tasks and Datasets

Experiments are conducted on two major NLP
tasks: text classification and natural language infer-
ence. The dataset statistics are displayed in Table
1. We evaluate the performance of models on the
non-adversarial test samples as the original accu-
racy. Then we measure the after-attack accuracy
of models when facing AWS. By comparing these
two accuracy scores, we can evaluate how robust
the model is.

Task Dataset Train Test Avg Len

Classification
MR 9K 1K 20
SST2 67K 1.8K 20
IMDB 25K 25K 215

Entailment MNLI 433K 10K 11

Table 1: Dataset statistics.

Text Classification We use three text classifica-
tion datasets with average text lengths from 20 to
215 words, ranging from phrase-level to document-
level tasks. SST2 (Socher et al., 2013): phrase-
level binary sentiment classification using fine-
grained sentiment labels on movie reviews. MR
(Pang and Lee, 2005): sentence-level binary senti-
ment classification on movie reviews. We take 90%
of the data as training set and 10% of the data as test
set as (Jin et al., 2019). IMDB (Maas et al., 2011):
document-level binary sentiment classification on
movie reviews.

Natural Language Inference NLI aims at deter-
mining the relationship between a pair of sentences
based on semantic meanings. We use Multi-Genre
Natural Language Inference (MNLI) (Nangia et al.,
2017), a widely adopted NLI benchmark with cov-
erage of transcribed speech, popular fiction, and
government reports.

4.2 Attack Model and Baselines

We use TextFooler†(Jin et al., 2019) as the major
attack model for AWS. Moreover, we implement
(Ren et al., 2019) and GENETIC (Alzantot et al.,
2018) based on the TextAttack (Morris et al., 2020)
code base to further verify the efficiency of our
proposed method.

We compare ADFAR with DISP (Zhou et al.,
2019) and SAFER (Ye et al., 2020). The implemen-
tation of DISP is based on the repository offered by
Zhou et al. (2019). For SAFER, we also leverage
the code proposed by Ye et al. (2020). Necessary
modifications are made to evaluate these methods’
performance under heuristic attack models.

4.3 Experimental Setup

The implementation of PrLMs is based on Py-
Torch‡. We leverage, BERTBASE (Devlin et al.,
2019), RoBERTaBASE (Liu et al., 2019) and
ELECTRABASE (Clark et al., 2020) as baseline

†https://github.com/jind11/TextFooler
‡https://github.com/joey1993/bert-defender
§https://github.com/lushleaf/Structure-free-certified-NLP
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Model MR SST2 IMDB MNLI
Orig. Acc. Adv. Acc. Orig. Acc. Adv. Acc. Orig. Acc. Adv. Acc. Orig. Acc. Adv. Acc.

BERT 86.2 16.9 93.1 39.8 92.4 12.4 84.0 11.3
BERT + Adv Training 85.6 34.6 92.6 48.8 92.2 34.2 82.3 33.4
BERT + DISP 82.0 42.2 91.6 70.4 91.7 82.0 76.3 35.1
BERT + SAFER 79.0 55.4 91.3 75.6 91.3 88.1 82.1 54.7
BERT + ADFAR 86.6 66.0 92.4 75.6 92.8 89.2 82.6 67.8

Table 2: The performance of ADFAR and other defense frameworks using BERTBASE as PrLM and TextFooler as
attack model. Orig. Acc. is the prediction accuracy of normal samples and Adv. Acc. is the after-attack accuracy
of models when facing AWS. The results are based on the average of five runs.

PrLMs. We use AdamW (Loshchilov and Hutter,
2018) as our optimizer with a learning rate of 3e-5
and a batch size of 16. The number of epochs is set
to 5.

For the frequency-aware randomization process,
we set fthres = 200, ns = 20 and nf = 10. In
the adopted frequency dictionary, 5.5k out of 50k
words have a frequency lower than fthres = 200
and therefore regarded as rare words. r is set to
different values for training (25%) and inference
(30%) due to different aims. In training, to avoid
introducing excessive noise and reduce the predic-
tion accuracy for non-adversarial samples, r is set
to be relatively low. On the contrary, in inference,
our aim is to perplex the heuristic attack mecha-
nism. The more randomization we add, the more
perplexities the attack mechanism receives, there-
fore we set a relatively higher value for r. More
details on the choice of these hyperparameters will
be discussed in the analysis section.

5 Experimental Results

5.1 Main results

Following (Jin et al., 2019), we leverage BERTBASE
(Devlin et al., 2019) as baseline PrLM and
TextFooler as attack model. Table 2 shows the
performance of ADFAR and other defense frame-
works. Since randomization may lead to a variance
of the results, we report the results based on the
average of five runs. Experimental results indicate
that ADFAR can effectively help PrLM against
AWS. Compared with DISP (Zhou et al., 2019)
and SAFER (Ye et al., 2020), ADFAR achieves the
best performance for adversarial samples. Mean-
while, ADFAR does not hurt the performance for
non-adversarial samples in general. On tasks such
as MR and IMDB, ADFAR can even enhance the
baseline PrLM.

DISP leverages two extra PrLMs to discriminate

¶https://github.com/huggingface

and recover the perturbed tokens, which introduce
extra complexities. SAFER makes the prediction
of an input sentence by averaging the prediction
results of its perturbed alternatives, which multiply
the inference time. As shown in Table 3, compared
with previous methods, ADFAR achieves a signifi-
cantly higher inference speed.

Model Parameters Inference Time

BERTBASE 110M 15.7ms (100%)
BERTBASE + DISP 330M 38.9ms (247%)
BERTBASE + SAFER 110M 27.6ms (176%)
BERTBASE + ADFAR 110M 18.1ms (115%)

Table 3: Parameters and Inference Time statistics.
The inference time indicate the average inference time
for one sample in MR dataset using one NVIDIA
RTX3090.

5.2 Results with Different Attack Strategy

Since ADFAR leverages the adversarial samples
generated by TextFooler (Jin et al., 2019) in train-
ing, it is important to see whether ADFAR also
performs well when facing adversarial samples gen-
erated by other AWS models. We leverage PWWS
(Ren et al., 2019) and GENETIC (Alzantot et al.,
2018) to further study the performance of ADFAR.

Attack MR SST2
BERT +ADFAR BERT +ADFAR

Attack-Free 86.2 86.6 93.1 92.3
PWWS 34.2 74.2 54.3 80.5
Genetic 21.3 70.4 38.7 72.2
TextFooler 16.9 66.0 39.8 73.8

Table 4: Performance of BERT and BERT with AD-
FAR when facing various AWS models. The results
are based on the average of five runs.

As shown is Table 4, the performance of ADFAR
is not affected by different AWS models, which
further proves the efficacy of our method.
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5.3 Results with Other PrLMs

Table 5 shows the performance of ADFAR
leveraging RoBERTaBASE (Liu et al., 2019) and
ELECTRABASE (Clark et al., 2020) as PrLMs. In
order to enhance the robustness and performance
of the PrLM, RoBERTa extends BERT with a
larger corpus and using more efficient parameters,
while ELECTRA applies a GAN-style architec-
ture for pre-training. Empirical results indicate
that ADFAR can further improve the robustness of
RoBERTa and ELECTRA while preserving their
original performance.

PrLM MR SST2
Orig. Acc. Adv. Acc. Orig. Acc. Adv. Acc.

BERT 86.2 16.9 93.1 39.8
+ADFAR 86.6 66.0 92.3 73.8

RoBERTa 88.3 30.4 93.4 37.4
+ADFAR 87.2 71.0 93.2 77.6

ELECTRA 90.1 33.6 94.2 40.4
+ADFAR 90.4 71.2 95.0 83.0

Table 5: Results based with various PrLMs.

6 Analysis

6.1 Ablation Study

ADFAR leverages three techniques to help PrLMs
defend against adversarial samples: adversar-
ial training, frequency-aware randomization and
anomaly detection. To evaluate the contributions of
these techniques in ADFAR, we perform ablation
studies on MR and SST2 using BERTBASE as our
PrLMs, and TextFooler as the attack model. As
shown in Table 6, the frequency-aware randomiza-
tion is the key factor which helps PrLM defense
against adversarial samples, while anomaly detec-
tion plays an important role in preserving PrLM’s
prediction accuracy for non-adversarial samples.

Model MR SST2
Orig. Acc. Adv. Acc. Orig. Acc. Adv. Acc.

BERT 86.2 16.9 93.1 39.8
+ Adv 85.6 34.6 92.6 48.8
+ FR 85.0 72.8 90.6 82.6
+ AD 86.6 66.0 92.3 73.8

Table 6: Ablation study on MR and SST2 us-
ing BERTBASE as PrLM, and TextFooler as attack
model. Adv represents adversarial training, FR indi-
cates frequency-aware randomization and AD means
anomaly detection. The results are based on the aver-
age of five runs.

6.2 Anomaly Detection

In this section, we compare the anomaly detection
capability between ADFAR and DISP (Zhou et al.,
2019). ADFAR leverages an auxiliary anomaly
detector, which share a same PrLM with the origi-
nal text classifier, to discriminate adversarial sam-
ples. DISP uses an discriminator based on an extra
PrLMs to identify the perturbed adversarial inputs,
but on token level. For DISP, in order to detect
anomaly on sentence level, input sentences with
one or more than one adversarial tokens identi-
fied by DISP are regarded as adversarial samples.
We respectively sample 500 normal and adversar-
ial samples from the test set of MR and SST to
evaluate the performance of ADFAR and DISP for
anomaly detection.

Table 7 shows the performance of ADFAR and
DISP for anomaly detection. Empirical results
show that ADFAR can predict more precisely, since
it achieves a significantly higher F1 score than
DISP. Moreover, ADFAR has a simpler framework,
as its anomaly detector shares the same PrLM with
the classifier, while DISP requires an extra PrLM.
The results also indicate that the current heuristic
AWS strategy is vulnerable to our anomaly detector,
which disproves the claimed undetectable feature
of this very adversarial strategy.

Method MR SST2
Precision Recall F1 Precision Recall F1

DISP 68.0 92.0 73.2 59.5 94.2 72.9
ADFAR 90.1 84.0 86.9 88.0 90.0 88.9

Table 7: Performance for anomaly detection.

6.3 Effect of Randomization Strategy

As the ablation study reveals, the frequency-aware
randomization contributes the most to the defense.
In this section, we analyze the impact of differ-
ent hyperparameters and strategies adopted by the
frequency-aware randomization approach, in infer-
ence and training respectively.

6.3.1 Inference

The frequency-aware randomization process is ap-
plied in inference to mitigate the adversarial effects.
Substitution candidate selection and synonym set
construction are two critical steps during this pro-
cess, in which two hyperparameters (r and ns) and
the frequency-aware strategy are examined.
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Selection of Substitution Candidates The influ-
ence of different strategies for substitution candi-
date selection in inference is studied in this section.
The impact of two major factors are measured: 1)
the substitution ratio r and 2) whether to apply a
frequency-aware strategy. In order to exclude the
disturbance from other factors, we train BERT on
the original training set and fix ns to 20. Firstly, we
alter the value of r from 5% to 50%, without ap-
plying the frequency-aware strategy. As illustrated
by the blue lines in Figure 4, as r increases, the
original accuracy decreases, while the adversarial
accuracy increases and peaks when r reaches 30%.
Secondly, a frequency-aware strategy is added to
the experiment, with fthres = 200. As depicted
by the yellow lines in Figure 4, both original and
adversarial accuracy, the general trends coincide
with the non-frequency-aware scenario, but overall
accuracy is improved to a higher level. The highest
adversarial is obtained when r is set to 30% using
frequency-aware strategy.

Figure 4: Effect of the substitution ratio r and the
frequency-aware strategy in substitution candidate se-
lection during inference.

Construction of Synonym Set The influence of
different strategies for synonym set construction in
inference is evaluated in this section. The impact
of two major factors are measured: 1) the size of
a single synonym set ns and 2) whether to apply a
frequency-aware strategy. In order to exclude the
disturbance from other factors, we train BERT on
the original training set and fix r to 30% . Firstly,
we alter the value of ns from 5 to 50, without ap-
plying the frequency-aware strategy. The resulted
original and adversarial accuracy are illustrated by
the blue lines in Figure 5. Secondly, a frequency-
aware strategy is added to the experiment, with
nf = 50% ∗ ns. As depicted by the yellow lines in
Figure 5, the original accuracy and the adversarial
accuracy both peaks when ns = 20, and the overall
accuracy is improved to a higher level compared to
the non-frequency-aware scenario.

Figure 5: Effect of the size of synonym set ns and the
frequency-aware strategy in construction of synonym
set.

6.3.2 Training
The frequency-aware randomization process is ap-
plied in training to augment the training data, and
hereby enables the PrLM to better cope with ran-
domized samples inference. Based on this pur-
pose, the frequency-aware randomization process
in training should resemble the one in inference
as much as possible. Therefore, here we set an
identical process for synonym set construction, i.e.
ns = 20 and nf = 50% ∗ ns. However, for the
substitution selection process, to avoid introduc-
ing excessive noise and maintain the accuracy for
the PrLM, the most suitable substitution ratio r
might be different than the one in inference. Exper-
iments are conducted to evaluate the influence of
r in training. We alter the value of r from 5% to
50%. In Figure 6, we observe that r = 25% results
in highest original and adversarial accuracy.

Figure 6: Effect of the size of synonym set ns and the
frequency-aware strategy in construction of synonym
set.

7 Conclusion

This paper proposes ADFAR, a novel framework
which leverages the frequency-aware randomiza-
tion and the anomaly detection to help PrLMs de-
fend against adversarial word substitution. Em-
pirical results show that ADFAR significantly out-
performs those newly proposed defense methods
over various tasks. Meanwhile, ADFAR achieves
a remarkably higher inference speed and does not
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reduce the prediction accuracy for non-adversarial
sentences, from which we keep the promise for this
research purpose.

Comprehensive ablation study and analysis indi-
cate that 1) Randomization is an effective method
to defend against heuristic attack strategy. 2) Re-
placement of rare words with their more com-
mon alternative can help enhance the robustness of
PrLMs. 3) Adversarial samples generated by cur-
rent heuristic adversarial word substitution models
can be easily distinguished by the proposed auxil-
iary anomaly detector. We hope this work could
shed light on future studies on the robustness of
PrLMs.
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son, Milica Gašić, Lina Rojas-Barahona, Pei-
Hao Su, David Vandyke, Tsung-Hsien Wen, and
Steve Young. 2016. Counter-fitting word vec-
tors to linguistic constraints. arXiv preprint
arXiv:1603.00892.

Nikita Nangia, Adina Williams, Angeliki Lazaridou,
and Samuel R Bowman. 2017. The repeval 2017
shared task: Multi-genre natural language inference
with sentence representations. In RepEval.

Yixin Nie, Adina Williams, Emily Dinan, Mohit
Bansal, Jason Weston, and Douwe Kiela. 2020. Ad-
versarial NLI: A new benchmark for natural lan-
guage understanding. In Proceedings of the 58th An-
nual Meeting of the Association for Computational
Linguistics, pages 4885–4901, Online. Association
for Computational Linguistics.

Bo Pang and Lillian Lee. 2005. Seeing stars: Ex-
ploiting class relationships for sentiment categoriza-
tion with respect to rating scales. In Proceed-
ings of the 43rd Annual Meeting of the Association
for Computational Linguistics (ACL’05), pages 115–
124, Ann Arbor, Michigan. Association for Compu-
tational Linguistics.

Jeffrey Pennington, Richard Socher, and Christopher
Manning. 2014. GloVe: Global vectors for word
representation. In Proceedings of the 2014 Confer-
ence on Empirical Methods in Natural Language
Processing (EMNLP), pages 1532–1543, Doha,
Qatar. Association for Computational Linguistics.

Danish Pruthi, Bhuwan Dhingra, and Zachary C. Lip-
ton. 2019. Combating adversarial misspellings with
robust word recognition. In Proceedings of the 57th
Annual Meeting of the Association for Computa-
tional Linguistics, pages 5582–5591, Florence, Italy.
Association for Computational Linguistics.

Shuhuai Ren, Yihe Deng, Kun He, and Wanxiang Che.
2019. Generating natural language adversarial ex-
amples through probability weighted word saliency.
In Proceedings of the 57th Annual Meeting of the
Association for Computational Linguistics, pages
1085–1097, Florence, Italy. Association for Compu-
tational Linguistics.

Marco Tulio Ribeiro, Sameer Singh, and Carlos
Guestrin. 2018. Semantically equivalent adversar-
ial rules for debugging NLP models. In Proceedings
of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 856–865, Melbourne, Australia. Association
for Computational Linguistics.

Keisuke Sakaguchi, Matt Post, and Benjamin
Van Durme. 2017. Grammatical error correction
with neural reinforcement learning. In Proceedings
of the Eighth International Joint Conference on
Natural Language Processing (Volume 2: Short
Papers), pages 366–372, Taipei, Taiwan. Asian
Federation of Natural Language Processing.

Chenglei Si, Zhengyan Zhang, Fanchao Qi, Zhiyuan
Liu, Yasheng Wang, Qun Liu, and Maosong Sun.
2021. Better robustness by more coverage: Adver-
sarial training with mixup augmentation for robust
fine-tuning.

Richard Socher, Alex Perelygin, Jean Wu, Jason
Chuang, Christopher D. Manning, Andrew Ng, and
Christopher Potts. 2013. Recursive deep models
for semantic compositionality over a sentiment tree-
bank. In Proceedings of the 2013 Conference on

3257



Empirical Methods in Natural Language Processing,
pages 1631–1642, Seattle, Washington, USA. Asso-
ciation for Computational Linguistics.

Eric Wallace, Shi Feng, Nikhil Kandpal, Matt Gardner,
and Sameer Singh. 2019. Universal adversarial trig-
gers for attacking and analyzing NLP. In Proceed-
ings of the 2019 Conference on Empirical Methods
in Natural Language Processing and the 9th Inter-
national Joint Conference on Natural Language Pro-
cessing (EMNLP-IJCNLP), pages 2153–2162, Hong
Kong, China. Association for Computational Lin-
guistics.

Wenqi Wang, Run Wang, Lina Wang, Zhibo Wang, and
Aoshuang Ye. 2021. Towards a robust deep neural
network in texts: A survey.

Jason Wei and Kai Zou. 2019. EDA: Easy data aug-
mentation techniques for boosting performance on
text classification tasks. In Proceedings of the
2019 Conference on Empirical Methods in Natu-
ral Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 6382–6388, Hong Kong,
China. Association for Computational Linguistics.

Cihang Xie, Jianyu Wang, Zhishuai Zhang, Zhou
Ren, and Alan Yuille. 2018. Mitigating adversar-
ial effects through randomization. arXiv preprint
arXiv:1711.01991.

Mao Ye, Chengyue Gong, and Qiang Liu. 2020.
SAFER: A structure-free approach for certified ro-
bustness to adversarial word substitutions. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 3465–
3475, Online. Association for Computational Lin-
guistics.

Yuan Zang, Fanchao Qi, Chenghao Yang, Zhiyuan Liu,
Meng Zhang, Qun Liu, and Maosong Sun. 2020.
Word-level textual adversarial attacking as combina-
torial optimization. In Proceedings of the 58th An-
nual Meeting of the Association for Computational
Linguistics, pages 6066–6080, Online. Association
for Computational Linguistics.

Zhuosheng Zhang, Yuwei Wu, Hai Zhao, Zuchao Li,
Shuailiang Zhang, Xi Zhou, and Xiang Zhou. 2020.
Semantics-aware bert for language understanding.

Zhuosheng Zhang, Yuwei Wu, Junru Zhou, Sufeng
Duan, Hai Zhao, and Rui Wang. 2019. Sg-net:
Syntax-guided machine reading comprehension.

Yichao Zhou, Jyun-Yu Jiang, Kai-Wei Chang, and Wei
Wang. 2019. Learning to discriminate perturbations
for blocking adversarial attacks in text classification.
In Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 4904–
4913, Hong Kong, China. Association for Computa-
tional Linguistics.

3258



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 3259–3272
August 1–6, 2021. ©2021 Association for Computational Linguistics

BERT-Proof Syntactic Structures:
Investigating Errors in Discontinuous Constituency Parsing

Maximin Coavoux
Univ. Grenoble Alpes, CNRS, Grenoble INP, LIG

maximin.coavoux@univ-grenoble-alpes.fr

Abstract
The combined use of neural scoring systems
and BERT fine-tuning has led to very high
results in many natural language processing
(NLP) tasks. These high results raise two im-
portant questions about the contribution and
the limitations of pretrained-language models:
(i) what are the remaining errors in the best-
performing systems? (ii) what are the types of
test examples where pretrained language mod-
els help the most? In this paper, we investigate
both questions for the task of English discon-
tinuous constituency parsing on the Penn Tree-
bank, for which recent models obtain close to
95 F1 score. To do so, we propose two meth-
ods for automatically analysing the errors of
discontinuous parser. First, we annotate and
release a test-suite focused on the syntactic
phenomena responsible for discontinuities in
the Penn Treebank, enabling us to obtain a
per-phenomenon evaluation of a parser’s out-
put. Second, we extend the Berkeley Parser
Analyser — a tool that classifies parsing er-
rors according to predefined structural patterns
—, to discontinuous trees. We apply both
methods to characterize errors of a state-of-the-
art transition-based discontinuous parser, and
to provide an overview of the contribution of
BERT to this task.

1 Introduction

Discontinous constituency trees are phrase-based
syntactic representations where the constraint stat-
ing that a single phrase must yield a continuous
sequence of tokens is lifted. Such representations
are well-suited for modelling long-range dependen-
cies, that typically arise for some syntactic phe-
nomena, such as extractions or scrambling. For
example, Figure 1 presents a discontinous VP mod-
elling the relationship between the verb want and
its extracted complement How many.

In constituency treebanks, these long range de-
pendencies are sometimes represented with typed

                  SBARQ         
               ┌────┴─────────┐  
               S              │ 
          ┌────┼────┐         │  
          VP   │    │         │ 
     ┌────┴─── │ ── │ ───┐    │  
    WHNP       │    │    │    │ 
 ┌───┴────┐    │    │    │    │  
WRB       JJ  VBP   NP   VB   . 
 │        │    │    │    │    │  
How      many  do  you  want  ? 

Figure 1: Discontinuous constituency tree.

empty categories (traces), coindexed with a dis-
placed phrase (Marcus et al., 1993). However, pro-
jective parsers usually ignore them.1 Indeed, the
norm in Penn Treebank constituency parsing is to
preprocess empty categories out of the corpus, leav-
ing out important linguistic information.

Formally, discontinuous constituency trees inter-
pret as derivations from mildly context-sensitive
grammar formalisms, such as linear context-free
rewriting systems (Vijay-Shanker et al., 1987,
LCFRS) or multiple context-free grammars (Seki
et al., 1991, MCFG). As a result, exact parsing of
discontinuous structures has high computational
complexity. For example, CKY-style parsing of
an LCFRS is O(n3f ) in time (Kallmeyer, 2010),
where f is the fan-out of the grammar: the maxi-
mum number of spans in a grammar rule.2

The current state of the art for English discon-
tinuous constituency parsing on the Discontinuous
Penn Treebank has reached 94.8% F1 score (Corro,
2020) obtained by a span-based chart parser that
combines a neural scoring system and pretrained
contextualized embeddings (Devlin et al., 2019,

1Except for some work on parsing traces, e.g. Gabbard
et al. (2006); Kummerfeld and Klein (2017).

2If f = 1, the grammar is equivalent to a CFG.
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BERT). However, such a high score can be mis-
leading. Despite ensuring comparability across
different parsers, the exclusive use of classical eval-
uation metrics (F-score, precision, recall, as is stan-
dard) is hard to interpret and does not disclose
information about the syntactic capabilities of a
parser. In discontinuous parsing, the standard eval-
uator discodop3 (van Cranenburgh et al., 2016)
provides metrics that only focus on discontinuous
constituents (discontinuous F-score, discontinuous
precision, discontinuous recall). However, these
scores aggregate information across many distinct
syntactic phenomena.

In this paper, we propose to automatically anal-
yse the errors of discontinuous English parsers in
order to provide a fine-grained overview of their
current limitations. To do so, we pursue two com-
plementary approaches. First, we construct a test
suite focused on 6 syntactic phenomena respon-
sible for the discontinuities in the Discontinuous
Penn Treebank (Evang, 2011). Second, we adopt
an error-correction based approach: we search for a
sequence of error-correcting tree modifications that
lead from the predicted tree to the gold tree, and
classify the sequence of tree modifications based
on structural patterns. This is a direct extension
of Berkeley Parser Analyser (Kummerfeld et al.,
2012) to English discontinuous parsing.

A secondary motivation for this work is to char-
acterize the contribution of BERT to discontinuous
constituency parsing. An active current line of
research consists in assessing the syntactic knowl-
edge learned by language models (Linzen et al.,
2016; Marvin and Linzen, 2018; Gulordava et al.,
2018), including those with structural supervision
(Kuncoro et al., 2018; Wilcox et al., 2019; Hu et al.,
2020). They usually do so by constructing test
items: minimal pairs of sentences, such that one
is grammatical and the other is not (thus isolating
a single grammatical constraint). Then, they ob-
serve whether the language model assigns higher
probability to the grammatical alternative. In these
papers, the observation of the syntactic ability of
the models is indirect. We argue that fine-grained
evaluation methods will help comparing the syntac-
tic capabilities of parsers when they have access to
BERT or not, which will provide a complementary
view to this line of research. Therefore, we apply
both proposed error analyses methods to a state-

3https://github.com/andreasvc/
disco-dop/

of-the-art transition-based discontinuous parser in
several settings: without pretraining, with fast-text
embeddings (Mikolov et al., 2018a; Grave et al.,
2018), with BERT pretraining.

In summary, we make the following contribu-
tions:

• We construct a test-suite for automating a fine
grained evaluation of English discontinuous
parsers on target phenomena.

• We extend the Berkeley parser analyser to deal
with English discontinuous constituency trees.

• We use these two evaluation methods to char-
acterize the errors of a neural discontinuous
parser, trained in several pretraining settings.

We provide the test suite and the error analyser as
supplementary material.

2 Related Work

To address the limitations of using exclusively
an F-score to evaluate constituency parsers, prior
work focused on alternative finer-grained evalua-
tion methods. We review some of them, both from
the projective and discontinuous constituency pars-
ing litterature.

Manual error analysis For discontinuous con-
stituency parsing, Evang (2011) performed man-
ual error analysis by extracting discontinuous trees
from the evaluation corpus, classifying them ac-
cording to the phenomenon at the origin of the dis-
continuities, and manually checking if a PLCFRS
chart-parser recognized them. Coavoux et al.
(2019) used the same strategy to evaluate a neu-
ral transition-based discontinuous parser. However,
manual error analysis is quite time-consuming and
needs to be performed again for evaluating each
new parser output. Thus, it is difficult to integrate
it in an evaluation pipeline or to deploy it for many
parsers.

Automatic error analysis Kummerfeld et al.
(2012) introduced a method that consists in search-
ing for a sequence of atomic tree-modifications
(such as: inserting a node, removing a node, mov-
ing a node) that leads from a predicted constituency
tree to the gold tree. Then, they classify the tree
modifications according to predefined structural
patterns, e.g., ‘PP-attachment’, ‘NP-attachment’,
‘labelling error’. Their method led to identify most
frequent patterns of error, and characterize the im-
provement obtained with techniques such as rerank-
ing. However, the structural patterns used to clas-

3260



sify mistakes depend both on the language of the
treebank and on its annotation strategies. Therefore,
error patterns need to be designed when adapting
the error analyser to another treebank (Kummerfeld
et al., 2013). Moreover, their method and software
do not handle discontinuous constituents, hence
our proposal.

Targeted evaluation Another line of work on
fine-grained parser evaluation focused on specific
structures or phenomena. Ratnaparkhi et al. (1994)
introduced a collection of English sentences with
PP-attachment ambiguities, in order both to im-
prove evaluation on this type of structure, and fos-
ter research on improving their resolution. Kübler
et al. (2009) introduced a test suite for German that
encompasses a wider range of syntactic structures
(such as coordination of unlike constituents or ex-
traposed relative clauses). However, they focus on
projective constituency representations.

For discontinuous structures, Maier et al. (2014)
released discosuite, a testsuite for German.
They annotated a set of sentences from the Tiger
corpus (Brants et al., 2004), with the syntactic
phenomena responsible for the tree discontinu-
ities. They released their annotations, such that
researchers can run their parsers on the sentences
and compute a per-phenomenon evaluation of the
parser. To the best of our knowledge, such a test
suite only exists for German. In this article, we
introduce one for English, along with an evaluation
script that provides per-phenomenon statistics.

We focus our analysis on English, since the re-
sources we introduce are for this language. How-
ever, we also provide results on German using
discosuite.

3 Test Suite Annotation

This section describes our methodology to annotate
a set of discontinuous constituency trees with the
syntactic phenomena responsible for the discon-
tinuities. We first extract all discontinuous trees
from the validation section of the discontinuous
version of the Penn Treebank (Evang, 2011; Evang
and Kallmeyer, 2011), except those for which the
discontinuities are only due to punctuation attach-
ment. We obtain 266 trees, which corresponds to
16% of the corpus. Then, we manually assign one
or several categories from the following set, previ-
ously proposed for manual error analysis by Evang
(2011) and reused by Coavoux et al. (2019). We
provide an example sentence from the corpus for

each category, with the main discontinuous con-
stituent highlighted in bold:

1. wh-extraction: [. . . ] the most recent period
for which results were broken out [. . . ]

2. circumpositioned quotation: While Mayor
Norman found the market’s performance
Monday reassuring, he says, he remains un-
easy.

3. fronted quotations: The proposed changes
“all make a lot of sense to me,” he added.

4. it-extraposition: While it is possible that the
Big Green initiative will be ruled unconstitu-
tional [. . . ]

5. discontinuous dependencies: [. . . ] provided
little help for copper as word spread that a
three-month strike at the Highland Valley
mine in British Columbia was about over
[. . . ]

6. subject-verb inversion: Added another exec-
utive at a big bank: “We were all a little
goosey over the weekend trying to forecast
what would happen Monday, but it’s been
very quiet.

There are several subtypes of wh-extractions in
the data: relative clauses, verbal adjunct clauses,
complement clauses, indirect and direct questions.
They all include a wh word among how, when,
which, that, where, what, why, whenever. Circum-
positioned and fronted phrases only include quo-
tations, and systematically feature a speech verb,
usually says or said. It-extrapositions feature an
expletive it in the interpretation location of an ex-
traposed clausal argument. The category of discon-
tinuous dependencies contains other cases where
a constituent is split by an intervening phrase. It
mostly includes extraposed modifiers, such as the
extraposed clause in example 5 above,

Not all occurrences of these phenomena result
in a discontinuous tree (Evang, 2011). For exam-
ple, a sentence containing both a fronted quotation
and a subject-verb inversion will not result in a
discontinuity. In some trees, there are also several
occurrences of phenomena producing discontinu-
ities. We release these annotations as a csv file,
provided as supplementary material.

Per-phenomenon evaluation method In order
to obtain a per-phenomenon evaluation of the pre-
dictions of discontinuous parsers, we first extract
individual evaluations for each discontinuous tree,
as provided by the standard evaluator for discon-
tinuous parsing (van Cranenburgh et al., 2016, dis-
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Gold tree:
                            ROOT                                      
                             │                                         
                            SINV                                      
         ┌─────┬─────┬───┬───┴─────────────────────┬────────────────┐  
         │     │     VP  │                         NP               │ 
   ┌──── │ ─── │ ────┴── │ ──┐                 ┌───┴───┬──────┐     │  
  ADJP   │    ADVP       │   │                 NP      │      │     │ 
   │     │     │         │   │        ┌────────┴───┐   │      │     │  
   JJ    ,     RB        ,  VBD      NNP          POS NNP    NNP    . 
   │     │     │         │   │        │            │   │      │     │  
Typical  ,  perhaps      ,  was  Batterymarch      's Dean LeBaron  . 

Predicted tree:
                        ROOT                                      
                         │                                         
                        SINV                                      
   ┌─────┬─────┬─────┬───┼─────────────────────┬────────────────┐  
   │     │     │     │   │                     NP               │ 
   │     │     │     │   │                 ┌───┴───┬──────┐     │  
  ADJP   │    ADVP   │   │                 NP      │      │     │ 
   │     │     │     │   │        ┌────────┴───┐   │      │     │  
   JJ    ,     RB    ,  VBD      NNP          POS NNP    NNP    . 
   │     │     │     │   │        │            │   │      │     │  
Typical  ,  perhaps  ,  was  Batterymarch      's Dean LeBaron  . 

Figure 2: Error correction: add a missing node.

codop). These include the number of gold, correct,
and incorrect discontinuous constituents, both in
the labelled and unlabelled case.4

We consider that the annotated target phe-
nomenon on the sentence is perfectly predicted
if the sentence discontinuous F-score is 100, and
partially predicted if it is > 0. As such, this evalu-
ation is recall-oriented: we focus on how well the
gold phenomena are predicted, but we do not take
into account false positives (which would require
us to assign a phenomenon to predicted trees with
incorrect discontinuous constituents).

4 Error-Correction-Driven Analyser

We now focus on automatically classifying errors
according to structural patterns. To do so, we build
on Kummerfeld et al. (2012) and proceed in two
steps: (i) finding a sequence of atomic tree mod-
ifications that transforms a predicted tree to the
corresponding gold tree; (ii) classifying steps in
the transformation sequence according to prede-
fined structural patterns. For step (i), we use a
greedy search algorithm, that first corrects errors
on discontinuous nodes, and then backoffs to Kum-
merfeld et al. (2012)’s method for projective error
correction. Thus, we focus in this section on dis-
continuous error corrections.

We use 4 atomic tree modifications:
i change label of discontinuous node;

ii create a discontinuous node;
iii delete a discontinuous node;
iv move a node, resulting in a discontinuity.

4In the unlabelled case, we remove duplicate constituents
(that correspond to unary rewrites) before evaluation as they
are not interpretable. Therefore, it might happen that the
labelled result is higher than the corresponding unlabelled
one.

Gold tree (fragment):
 │       │            ┌────────────┴────────┐                                                                          │   │   │                                 │                                             │  
 │       │            │                    SBAR                                                                        │   │   │                                 │                                             │ 
 │       │            │                     │                                                                          │   │   │                                 │                                             │  
 │       │            │                     S                                                                          │   │   │                                 │                                             │ 
 │       │            │                 ┌───┴─────┐                                                                    │   │   │                                 │                                             │  
 │       │            │                 │         VP                                                                   │   │   │                                 │                                             │ 
 │       │            │                 │   ┌─────┴────┐                                                               │   │   │                                 │                                             │  
 │       │            │                 │   │          VP                                                              │   │   │                                 │                                             │ 
 │       │            │                 │   │     ┌────┴────────┐                                                      │   │   │                                 │                                             │  
 │       │            │                 │   │     │             S                                                      │   │   │                                 │                                             │ 
 │       │            │                 │   │     │             │                                                      │   │   │                                 │                                             │  
 │       │            │                 │   │     │             VP                                                     │   │   │                                 NP                                            │ 
 │       │            │                 │   │     │    ┌────────┴────┐                                                 │   │   │        ┌──────────┬─────────────┴──────────┐                                  │  
 │       │            │                 │   │     │    │             VP                                                │   │   │        │          │                        NP                                 │ 
 │       │            │       ┌──────── │   │ ─── │ ── │ ──┬─────────┴────┬───────────────────┐                        │   │   │        │          │       ┌────────────────┴─────┐                            │  
 │       │            │       │         │   │     │    │   │              │                   S                        │   │   │        │          │       │                      PP                           │ 
 │       │            │       │         │   │     │    │   │              │                   │                        │   │   │        │          │       │           ┌──────────┴─────┐                      │  
 │       │            │       │         │   │     │    │   │              │                   VP                       │   │   │        │          │       │           │                NP                     │ 
 │       │            │       │         │   │     │    │   │              │          ┌────────┴───┐                    │   │   │        │          │       │           │          ┌─────┴────────┐             │  
 │       │            │       │         │   │     │    │   │              │          │            VP                   │   │   │        │          │       │           │          │              PP            │ 
 │       │            │       │         │   │     │    │   │              │          │   ┌────────┴───┐                │   │   │        │          │       │           │          │          ┌───┴──────┐      │  
 │       NP           │      WHNP       NP  │     │    │   │              NP         │   │            NP               │   │   │        NP         │       NP          │          NP         │          NP     │ 
 │   ┌───┴─────┐      │   ┌───┴────┐    │   │     │    │   │         ┌────┴────┐     │   │        ┌───┴───────┐        │   │   │    ┌───┼─────┐    │   ┌───┴─────┐     │    ┌─────┼─────┐    │          │      │  
 ``  DT        NN    VB  WRB       JJ  PRP VBZ   VBG   TO  VB       NNP       NNP    TO  VB       DT          NN       ,   '' VBZ  NNP NNP   NNP   ,   DT        NN    IN  NNP   NNP   NNP   IN        NNP     . 
 │   │         │      │   │        │    │   │     │    │   │         │         │     │   │        │           │        │   │   │    │   │     │    │   │         │     │    │     │     │    │          │      │  
 `` The     question  I  how      long  it  's  going  to take     Barry     Wright  to make      a      contribution  ,   '' says  F. John Mirek  ,   an     analyst  at Blunt Ellis Loewi  in     Milwaukee  . 

Predicted tree (fragment):
 │       │            ┌──────────────┴────────┐                                                                          │   │   │                                 │                                             │  
 │       │            │                      SBAR                                                                        │   │   │                                 │                                             │ 
 │       │            │                       │                                                                          │   │   │                                 │                                             │  
 │       │            │                       S                                                                          │   │   │                                 │                                             │ 
 │       │            │                   ┌───┴─────┐                                                                    │   │   │                                 │                                             │  
 │       │            │                   │         VP                                                                   │   │   │                                 │                                             │ 
 │       │            │                   │   ┌─────┴────┐                                                               │   │   │                                 │                                             │  
 │       │            │                   │   │          VP                                                              │   │   │                                 │                                             │ 
 │       │            │                   │   │     ┌────┴────────┐                                                      │   │   │                                 │                                             │  
 │       │            │                   │   │     │             S                                                      │   │   │                                 │                                             │ 
 │       │            │                   │   │     │             │                                                      │   │   │                                 │                                             │  
 │       │            │                   │   │     │             VP                                                     │   │   │                                 NP                                            │ 
 │       │            │                   │   │     │    ┌────────┴────┐                                                 │   │   │        ┌──────────┬─────────────┴──────────┐                                  │  
 │       │            │                   │   │     │    │             VP                                                │   │   │        │          │                        NP                                 │ 
 │       │            │                   │   │     │    │   ┌─────────┴────────────────────────┐                        │   │   │        │          │       ┌────────────────┴─────┐                            │  
 │       │            │                   │   │     │    │   │                                  S                        │   │   │        │          │       │                      PP                           │ 
 │       │            │                   │   │     │    │   │                                  │                        │   │   │        │          │       │           ┌──────────┴─────┐                      │  
 │       │            │                   │   │     │    │   │                                  VP                       │   │   │        │          │       │           │                NP                     │ 
 │       │            │                   │   │     │    │   │                         ┌────────┴───┐                    │   │   │        │          │       │           │          ┌─────┴────────┐             │  
 │       │            │                   │   │     │    │   VP                        │            VP                   │   │   │        │          │       │           │          │              PP            │ 
 │       │            │        ┌───────── │   │ ─── │ ── │ ──┼──────────────┐          │   ┌────────┴───┐                │   │   │        │          │       │           │          │          ┌───┴──────┐      │  
 │       NP           │      WHADVP       NP  │     │    │   │              NP         │   │            NP               │   │   │        NP         │       NP          │          NP         │          NP     │ 
 │   ┌───┴─────┐      │   ┌────┴─────┐    │   │     │    │   │         ┌────┴────┐     │   │        ┌───┴───────┐        │   │   │    ┌───┼─────┐    │   ┌───┴─────┐     │    ┌─────┼─────┐    │          │      │  
 ``  DT        NN    VB  WRB         JJ  PRP VBZ   VBG   TO  VB       NNP       NNP    TO  VB       DT          NN       ,   '' VBZ  NNP NNP   NNP   ,   DT        NN    IN  NNP   NNP   NNP   IN        NNP     . 
 │   │         │      │   │          │    │   │     │    │   │         │         │     │   │        │           │        │   │   │    │   │     │    │   │         │     │    │     │     │    │          │      │  
 `` The     question  I  how        long  it  's  going  to take     Barry     Wright  to make      a      contribution  ,   '' says  F. John Mirek  ,   an     analyst  at Blunt Ellis Loewi  in     Milwaukee  . 

Figure 3: Error correction: remove an extra node.

The creation of a discontinuous node (ii) consists
in gathering several nodes with the same parent,
attaching them as the children of a new node, which
is attached in turn to their original parents. For
example, in Figure 2, the parser missed a VP node.
The correction consists in creating a discontinuous
VP node with two children (ADJP and VBD nodes)
and attaching it to the SINV node.

To delete a discontinuous node (iii), we simply
attach its children to their grandparent node. For ex-
ample, in Figure 3, the children of the highlighted
VP to be deleted (lower part) will be attached to the
higher VP. For both node creation and node dele-
tion, the corrected tree has only a single different
node with the original predicted tree.

Finally, the moving of a node involves reattach-
ing a node to a different parent. For example, in
Figure 4, the correction of the predicted tree will
consist in attaching the WHNP to the lowest VP,
resulting in two missing discontinuous constituents
(both VPs, see gold tree). A side effect is that the
moving will also result in a unary S constituent that
should be deleted in another correction step.

In order to find a sequence of error-correcting
modifications, we perform a greedy search. While
there is a false positive or a false negative discon-
tinuous constituent in the current tree, we try to
apply actions (i-iv) in this order of priority. Modifi-
cations (i-iii) cannot introduce new errors, whereas
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Gold tree (fragment):

                                                                                                                    ROOT                                                                                                                                          
                                                                                                                     │                                                                                                                                             
                                                                                                                    SINV                                                                                                                                          
 ┌────────────────────────────────────────────────────────────────────────────────┬──────────────────────────────────┴─────────────────────────────────────────────────────────┬───┬───────────────────────────────┬────────────────────────────────────────────┐  
 │                                                                                VP                                                                                           │   │                               │                                            │ 
 │       ┌────────────────────────────────────────────────────────────────────────┴─────────────────────────────────────────────────────────────────────────────────────────── │   │ ──┐                           │                                            │  
 │       S                                                                                                                                                                     │   │   │                           │                                            │ 
 │   ┌───┴──────────┐                                                                                                                                                          │   │   │                           │                                            │  
 │   │              VP                                                                                                                                                         │   │   │                           │                                            │ 
 │   │   ┌──────────┴──────────┐                                                                                                                                               │   │   │                           │                                            │  
 │   │   │                     VP                                                                                                                                              │   │   │                           │                                            │ 
 │   │   │    ┌────────────────┴────────────────────────┐                                                                                                                      │   │   │                           │                                            │  
 │   │   │    │                                        SBAR                                                                                                                    │   │   │                           │                                            │ 
 │   │   │    │                                         │                                                                                                                      │   │   │                           │                                            │  
 │   │   │    │                                         S                                                                                                                      │   │   │                           │                                            │ 
 │   │   │    │                     ┌───────────────────┴────────────┐                                                                                                         │   │   │                           │                                            │  
 │   │   │    │                     │                                VP                                                                                                        │   │   │                           │                                            │ 
 │   │   │    │                     │                        ┌───────┴──────────────────┐                                                                                      │   │   │                           │                                            │  
 │   │   │    │                     │                        │                          S                                                                                      │   │   │                           │                                            │ 
 │   │   │    │                     │                        │                          │                                                                                      │   │   │                           │                                            │  
 │   │   │    │                     │                        │                          VP                                                                                     │   │   │                           │                                            │ 
 │   │   │    │                     │                        │   ┌──────────────────────┴────────────────────────────┐                                                         │   │   │                           │                                            │  
 │   │   │    │                     │                        │   │                                                   VP                                                        │   │   │                           │                                            │ 
 │   │   │    │                     │                        │   │   ┌───────────────────────────────────────────────┴───────┐                                                 │   │   │                           │                                            │  
 │   │   │    │                     NP                       │   │   │                                                       S                                                 │   │   │                           │                                            │ 
 │   │   │    │          ┌──────────┴─────┐                  │   │   │       ┌───────────────────────────────────────────────┴────┐                                            │   │   │                           │                                            │  
 │   │   │    │          │               SBAR                │   │   │       │                                                    VP                                           │   │   │                           │                                            │ 
 │   │   │    │          │                │                  │   │   │       │              ┌────────┬────────┬──────────────┬────┴────┐                                       │   │   │                           │                                            │  
 │   │   │    │          │                S                  │   │   │       │              │        │        │              │        SBAR                                     │   │   │                           NP                                           │ 
 │   │   │    │          │                ┌─────┐            │   │   │       │              │        │        │              │         │                                       │   │   │         ┌─────────┬───────┴─────────────────┐                          │  
 │   │   │    │          │                │     VP           │   │   │       │              │        │        │              │         S                                       │   │   │         │         │                         NP                         │ 
 │   │   │    │          │                │     ┌───┐        │   │   │       │              │        │        │              │    ┌────┴───────────┐                           │   │   │         │         │                   ┌─────┴──────────┐               │  
 │   │   │    │          │                │     VP  │        │   │   │       │              VP       │        VP             │    │                VP                          │   │   │         │         │                   NP               PP              │ 
 │   │   │    │          │          ┌──── │ ────┴── │ ──┐    │   │   │       │          ┌───┴───┐    │   ┌────┴──────┐       │    │    ┌─────┬─────┴───┬──────────┬──────┐     │   │   │         │         │               ┌───┴─────┐      ┌───┴───────┐       │  
 │   NP  │    │          NP        WHNP   NP        │   │    │   │   │       NP         │      ADVP  │   │           NP      │   WHNP ADVP   │         NP        ADVP   ADVP   │   │   │         NP        │               NP        │      │           NP      │ 
 │   │   │    │     ┌────┼─────┐    │     │         │   │    │   │   │   ┌───┴────┐     │       │    │   │           │       │    │    │     │     ┌───┴────┐     │      │     │   │   │    ┌────┴────┐    │       ┌───────┴───┐     │      │           │       │  
 `` PRP VBP  VBG    DT  JJS    NN   IN    NN        MD  VB  VBZ  TO  VB  DT       NN    VB      RB   CC  VB          NN      ,   WDT   RB   VBZ    DT      NNS    IN    RBR    ,   '' VBZ  NNP       NNP   ,      NNP         POS    NN     IN          NN      . 
 │   │   │    │     │    │     │    │     │         │   │    │   │   │   │        │     │       │    │   │           │       │    │    │     │     │        │     │      │     │   │   │    │         │    │       │           │     │      │           │       │  
 ``  We 're saying the worst thing that anyone     can  do   is  to see the     market  go     down and dump     everything  ,  which just drives the     prices down further  ,   '' says John     Lampe  ,  PaineWebber      's director  of     advertising  . 

Predicted tree (fragment):

                                                                                                                     ROOT                                                                                                                                           
                                                                                                                      │                                                                                                                                              
                                                                                                                     SINV                                                                                                                                           
 ┌─────────────────────────────────────────────────────────────────────────────────────┬──────────────────────────────┴──────────────────────────────────────────────────────────┬───┬───────────────────────────────┬────────────────────────────────────────────┐  
 │                                                                                     VP                                                                                        │   │                               │                                            │ 
 │       ┌─────────────────────────────────────────────────────────────────────────────┴──────────────────────────────────────────────────────────────────────────────────────── │   │ ──┐                           │                                            │  
 │       S                                                                                                                                                                       │   │   │                           │                                            │ 
 │   ┌───┴──────────┐                                                                                                                                                            │   │   │                           │                                            │  
 │   │              VP                                                                                                                                                           │   │   │                           │                                            │ 
 │   │   ┌──────────┴──────────┐                                                                                                                                                 │   │   │                           │                                            │  
 │   │   │                     VP                                                                                                                                                │   │   │                           │                                            │ 
 │   │   │    ┌────────────────┴─────────────────────────────┐                                                                                                                   │   │   │                           │                                            │  
 │   │   │    │                                             SBAR                                                                                                                 │   │   │                           │                                            │ 
 │   │   │    │                                              │                                                                                                                   │   │   │                           │                                            │  
 │   │   │    │                                              S                                                                                                                   │   │   │                           │                                            │ 
 │   │   │    │                     ┌────────────────────────┴────────────┐                                                                                                      │   │   │                           │                                            │  
 │   │   │    │                     │                                     VP                                                                                                     │   │   │                           │                                            │ 
 │   │   │    │                     │                             ┌───────┴──────────────────┐                                                                                   │   │   │                           │                                            │  
 │   │   │    │                     │                             │                          S                                                                                   │   │   │                           │                                            │ 
 │   │   │    │                     │                             │                          │                                                                                   │   │   │                           │                                            │  
 │   │   │    │                     │                             │                          VP                                                                                  │   │   │                           │                                            │ 
 │   │   │    │                     │                             │   ┌──────────────────────┴────────────────────────┐                                                          │   │   │                           │                                            │  
 │   │   │    │                     │                             │   │                                               VP                                                         │   │   │                           │                                            │ 
 │   │   │    │                     │                             │   │   ┌───────────────────────────────────────────┴───────┐                                                  │   │   │                           │                                            │  
 │   │   │    │                     │                             │   │   │                                                   S                                                  │   │   │                           │                                            │ 
 │   │   │    │                     │                             │   │   │       ┌───────────────────────────────────────────┴────┐                                             │   │   │                           │                                            │  
 │   │   │    │                     │                             │   │   │       │                                                VP                                            │   │   │                           │                                            │ 
 │   │   │    │                     │                             │   │   │       │              ┌────────┬────────────────────────┴────┐                                        │   │   │                           │                                            │  
 │   │   │    │                     NP                            │   │   │       │              │        │                             VP                                       │   │   │                           │                                            │ 
 │   │   │    │          ┌──────────┴───────────┐                 │   │   │       │              │        │   ┌─────────────────────────┴─────┐                                  │   │   │                           │                                            │  
 │   │   │    │          │                     SBAR               │   │   │       │              │        │   │                               NP                                 │   │   │                           │                                            │ 
 │   │   │    │          │                      │                 │   │   │       │              │        │   │       ┌───────┬───────────────┴─────┐                            │   │   │                           │                                            │  
 │   │   │    │          │                      S                 │   │   │       │              │        │   │       │       │                    SBAR                          │   │   │                           NP                                           │ 
 │   │   │    │          │          ┌───────────┴────┐            │   │   │       │              │        │   │       │       │                     │                            │   │   │         ┌─────────┬───────┴─────────────────┐                          │  
 │   │   │    │          │          │                S            │   │   │       │              │        │   │       │       │                     S                            │   │   │         │         │                         NP                         │ 
 │   │   │    │          │          │     ┌──────────┴───┐        │   │   │       │              │        │   │       │       │    ┌────┬───────────┴─────────┐                  │   │   │         │         │                   ┌─────┴──────────┐               │  
 │   │   │    │          │          │     │              VP       │   │   │       │              VP       │   │       │       │    │    │                     VP                 │   │   │         │         │                   NP               PP              │ 
 │   │   │    │          │          │     │          ┌───┴───┐    │   │   │       │          ┌───┴───┐    │   │       │       │    │    │     ┌──────────┬────┴─────┬──────┐     │   │   │         │         │               ┌───┴─────┐      ┌───┴───────┐       │  
 │   NP  │    │          NP        WHNP   NP         │       VP   │   │   │       NP         │      ADVP  │   │       NP      │   WHNP ADVP   │          NP        PRT    ADVP   │   │   │         NP        │               NP        │      │           NP      │ 
 │   │   │    │     ┌────┼─────┐    │     │          │       │    │   │   │   ┌───┴────┐     │       │    │   │       │       │    │    │     │     ┌────┴────┐     │      │     │   │   │    ┌────┴────┐    │       ┌───────┴───┐     │      │           │       │  
 `` PRP VBP  VBG    DT  JJS    NN   IN    NN         MD      VB  VBZ  TO  VB  DT       NN    VB      RB   CC  VB      NN      ,   WDT   RB   VBZ    DT       NNS    RP     RB    ,   '' VBZ  NNP       NNP   ,      NNP         POS    NN     IN          NN      . 
 │   │   │    │     │    │     │    │     │          │       │    │   │   │   │        │     │       │    │   │       │       │    │    │     │     │         │     │      │     │   │   │    │         │    │       │           │     │      │           │       │  
 ``  We 're saying the worst thing that anyone      can      do   is  to see the     market  go     down and dump everything  ,  which just drives the      prices down further  ,   '' says John     Lampe  ,  PaineWebber      's director  of     advertising  . 

Figure 4: Error correction: move a node.

moving a node (iv) may do so in some cases.5 We
ensure that moving a node is only performed if the
correction does not increase the gross number of
errors by more than 1.

Once we have found the correction sequence,
we classify errors according to patterns defined by
Kummerfeld et al. (2012):

• PP attachment;
• NP internal structure;
• Modifier Attachment;
• Unary constituent;
• Different label;
• Clause attachement;
• Coordination;
• NP attachment;
• VP attachment.
Once all discontinuous errors are corrected, we

run the original code from Kummerfeld et al.
(2012) to compute statistics about projective con-
stituent mistakes.

5The effect of creation/deletion of a single node is purely
local, whereas the moving of the node may impact many other
nodes. For example in Figure 4, the moving changes the yield
of 3 nodes.

5 Parser

We use a Python reimplementation of the parser
described by Coavoux et al. (2019), augmented
with a mechanism to integrate and fine-tune BERT
(Devlin et al., 2019). We release our code with
pretrained models for replication purposes.6

The parser is based on a simple transition system
(ML-GAP) that features the GAP action (Coavoux
and Crabbé, 2017) to construct discontinuous con-
stituents, and separates structural and labelling ac-
tions (Cross and Huang, 2016). The scoring system
has two submodules:

• A sentence encoder that constructs contextu-
alized embeddings for each token and is run
before parsing;

• A feed-forward network that predicts the next
action from the contextualized embeddings of
tokens extracted from specific positions in the
parsing configuration.

In the remainder of the paper, we call ML-
GAP the baseline parser that has only access to
the training corpus and has no pretrained parame-
ters, ML-GAP+FT, when it has access to fasttext
pretrained embeddings (Mikolov et al., 2018b),
and ML-GAP+BERT, the parser that uses the
bert-base-cased pretrained language model
to compute token representations and finetunes it.

Token and sentence encoder The parsers dif-
fer in the way they represent the tokens
(w1, w2, . . . wn) in a sentence. The ML-GAP

parser computes character-based word embed-
dings with a character bi-LSTM: (c1, . . . cn),
where ci = bi-LSTM(wi), and concatenates
them to word embeddings: ([c1,w1], . . . [cn,wn]).
The ML-GAP+FT parser replaces learned word
embeddings by (frozen) fast-text embeddings.
The ML-GAP+BERT parser also uses a char-
acter bi-LSTM, but its output is concatenated
with the contextualized embeddings from BERT:
([c1,b1], . . . [cn,bn]), where (b1,b2, . . . ,bn) is
the output of the last layer BERT for the corre-
sponding tokens. When BERT segments a token
into several subtokens, we use the vector corre-
sponding to the first subtoken. Alternative methods
are available (using the last subtoken or an aggrega-
tion of the subtoken vectors) but they do not seem
to have an effect on parsing (Kitaev et al., 2019).

6https://gitlab.com/mcoavoux/
mtgpy-release-findings-2021, also archived
at http://doi.org/10.5281/zenodo.4775955
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Then, the token embeddings are fed to a bi-
LSTM sentence encoder, as usually done in parsing
(Stanojević and Alhama, 2017; Coavoux and Co-
hen, 2019; Corro, 2020; Stanojević and Steedman,
2020). In preliminary experiments, we alternatively
used a self-attentive encoder (Vaswani et al., 2017),
as done successfully in recent work in projective
constituency parsing (Kitaev and Klein, 2018; Ki-
taev et al., 2019). However, it proved hard to op-
timize (high variance across experiments) and did
not obtain better results than a bi-LSTM.

System Dev Test

F DF F DF

Fully supervised
αEvang and Kallmeyer (2011) < 25, gold POS 79
αvan Cranenburgh and Bod (2013) ≤ 40 85.2 85.6
αvan Cranenburgh et al. (2016) ≤ 40 86.9 87
δCorro et al. (2017) 89.2
βCoavoux and Cohen (2019) 91.4 70.9 90.9 67.3
βCoavoux et al. (2019) 91.2 72.0 91.0 71.3
γCorro (2020) 92.7 64.2
γStanojević and Steedman (2020) 90.5 67.1
αRuprecht and Mörbitz (2021) 90.1 72.9
βThis work: ML-GAP 92.0 75.9 91.4 74.4

Semi-supervised (Pretrained embeddings)
γCorro (2020) 92.9 64.9
αRuprecht and Mörbitz (2021) 91.8 76.1
βThis work: ML-GAP+FT 92.7 78.1 92.3 76.5

Semi-supervised (Bert-base)
γCorro (2020) 94.8 68.9
δVilares and Gómez-Rodrı́guez (2020) 91.7 49.1
αRuprecht and Mörbitz (2021) 93.3 80.5
βThis work: ML-GAP+BERT 95.0 85.8 95.0 82.5

Table 1: Results on the Discontinuous Penn Tree-
bank. DF: discontinuous F-score. αGrammar-based,
β transition-based, γchart-based, δother neural systems.

Action scorer and features We use two dis-
tinct feed-forward networks to score respectively
structural actions (SHIFT, MERGE, GAP) and la-
belling actions (NO-LABEL, {LABEL-X | X is a
non-terminal}). They both have an identical archi-

P R F DP DR DF POS

Dev corpus

ML-GAP 92.0 91.9 92.0 82.2 70.4 75.9 97.3
ML-GAP+FT 92.7 92.7 92.7 84.2 72.9 78.1 97.4
ML-GAP+BERT 95.0 95.1 95.0 86.2 85.4 85.8 97.6

Test corpus

ML-GAP 91.8 91.0 91.4 82.6 67.7 74.4 97.6
ML-GAP+FT 92.5 92.1 92.3 85.0 69.6 76.5 97.7
ML-GAP+BERT 95.2 94.8 95.0 85.3 79.9 82.5 97.9

Table 2: Detailed results on the development and test
sets of the DPTB. P and R are precision and recall; DP,
DR, DF are the discontinuous precision, recall and F-
score.

tecture and only differ in the number of units in the
output layer. We use a single hidden layer with a
tanh activation. We apply dropout to its input, and
layer normalization (Ba et al., 2016) to the hidden
layer. We use a softmax normalization to compute
scores for possible output labels.

The choice of the structural or labelling classifier
is entirely determined by the parsing configuration
and depends on the type of the next action. The
input to both classifiers is the concatenation of con-
textualized vectors extracted from a list of positions
in the parsing configuration and specified as a list
of feature templates.

In the ML-GAP transition system, a parsing con-
figuration is defined by 3 data structures: a stack s
containing subtrees, a double-ended queue d also
containing subtrees, and a buffer b containing the
yet unprocessed tokens. We use the following 11
templates:7

• the left-most and right-most token of first and
second element in s and d (8 templates in total:
s0.l, s0.r, s1.l, s1.r, d0.l, d0.r, d1.l, d1.r);8

• the next token in the buffer (b0);
• the contextualized embeddings corresponding

to the start of sentence and end of sentence
symbols.

Overall results We report overall development
and test results in Table 1 (see Appendix A for
details about training), and compare them to pub-
lished results on the DPTB dataset. For a more
comprehensive evaluation of the parser, including
results on the Tiger (Brants et al., 2002)9 and Negra
(Skut et al., 1997) German corpora, we refer the
reader to Table 7 of Appendix B.

The ML-GAP setting improves over Coavoux
et al. (2019) by 0.4 and 3.1 respectively for the F
and DF metrics, which we attribute to the hyperpa-
rameter search. In both the supervised setting and
the ‘pretrained embeddings’ setting, our parser’s
results lag behind Corro (2020), the current state of
the art. However it is noticeably more accurate on
discontinuous constituents (more than 10 absolute
DF difference).

In the BERT-finetuning setting, the F measure
of the ML-GAP+BERT model slightly outperforms
the span-based parser of Corro (2020). The use

7This is an extension over the set of 7 templates from
Coavoux et al. (2019).

8We use si (resp. di) to address the i − 1th subtree of s
(resp. d), and .l/.r to address the left-most or right-most token
yielded by the subtree.

9We use the SPMRL split (Seddah et al., 2013).
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Labelled

Phenomenon Count Exact match Partial match Precision Recall F1

Extraction 91 85.7 (+13.2, +16.5) 92.3 (+7.7, +9.9) 91.6 (+5.6, +7.1) 88.1 (+11.2, +13.1) 89.8 (+8.6, +10.3)
Fronted quotation 71 95.8 (+2.8, +4.3) 95.8 (+1.4, +2.8) 95.8 (+1.4, +4.1) 95.8 (+1.4, +2.8) 95.8 (+1.4, +3.5)
Discontinuous dependency 37 64.9 (+37.9, +46.0) 70.3 (+40.6, +46.0) 84.4 (-7.3, -5.6) 61.4 (+36.4, +40.9) 71.1 (+31.8, +37.8)
Circumpositioned quotation 16 81.2 (+18.7, +18.7) 100.0 (+12.5, +6.2) 94.1 (-1.0, +1.1) 96.0 (+18.0, +16.0) 95.0 (+9.3, +9.0)
It-extraposition 12 75.0 (+0.0, +33.3) 75.0 (+0.0, +33.3) 90.0 (+0.0, +6.7) 75.0 (+0.0, +33.3) 81.8 (+0.0, +26.2)
Extraction+fronted quotation 7 100.0 (+0.0, +14.3) 100.0 (+0.0, +0.0) 100.0 (+0.0, +0.0) 100.0 (+0.0, +5.3) 100.0 (+0.0, +2.7)
Discontinuous dependency+extraction 5 60.0 (+40.0, +60.0) 100.0 (+20.0, +0.0) 88.2 (+9.6, +16.8) 88.2 (+23.5, +29.4) 88.2 (+17.2, +23.7)
Extraction+extraction 5 80.0 (+20.0, +20.0) 100.0 (+0.0, +0.0) 94.4 (-5.6, -5.6) 100.0 (+23.5, +23.5) 97.1 (+10.4, +10.4)
Subject inversion 5 100.0 (+40.0, +40.0) 100.0 (+40.0, +40.0) 100.0 (+0.0, +0.0) 100.0 (+40.0, +40.0) 100.0 (+25.0, +25.0)

Unlabelled

Phenomenon Count Exact match Partial match Precision Recall F1

Extraction 91 85.7 (+12.1, +15.4) 92.3 (+7.7, +9.9) 92.4 (+5.5, +7.7) 89.3 (+10.0, +12.0) 90.8 (+7.9, +10.0)
Fronted quotation 71 95.8 (+2.8, +4.3) 95.8 (+1.4, +2.8) 95.8 (+1.4, +4.1) 95.8 (+1.4, +2.8) 95.8 (+1.4, +3.5)
Discontinuous dependency 37 64.9 (+35.2, +43.3) 70.3 (+37.9, +43.3) 83.9 (-16.1, -16.1) 60.5 (+32.6, +37.2) 70.3 (+26.7, +32.6)
Circumpositioned quotation 16 100.0 (+25.0, +25.0) 100.0 (+12.5, +6.2) 100.0 (+0.0, +3.1) 100.0 (+21.1, +18.4) 100.0 (+11.8, +11.4)
It-extraposition 12 75.0 (+0.0, +33.3) 75.0 (+0.0, +33.3) 90.0 (+0.0, +6.7) 75.0 (+0.0, +33.3) 81.8 (+0.0, +26.2)
Extraction+fronted quotation 7 100.0 (+0.0, +14.3) 100.0 (+0.0, +0.0) 100.0 (+0.0, +0.0) 100.0 (+0.0, +5.6) 100.0 (+0.0, +2.9)
Discontinuous dependency+extraction 5 60.0 (+40.0, +60.0) 100.0 (+20.0, +0.0) 92.9 (+17.9, +17.9) 86.7 (+26.7, +26.7) 89.7 (+23.0, +23.0)
Extraction+extraction 5 80.0 (+20.0, +20.0) 100.0 (+0.0, +0.0) 94.1 (-5.9, -5.9) 100.0 (+18.8, +18.8) 97.0 (+7.3, +7.3)
Subject inversion 5 100.0 (+40.0, +40.0) 100.0 (+40.0, +40.0) 100.0 (+0.0, +0.0) 100.0 (+40.0, +40.0) 100.0 (+25.0, +25.0)

Table 3: Per-phenomenon results on the test suite for the ML-GAP+BERT model. Its absolute improvements over
respectively the ML-GAP+FT and the ML-GAP model are in parentheses. We handle separately sentences that have
several occurrences of phenomena resulting in discontinuities (+ symbol), we exclude combinations with fewer
than 5 occurrences.

of BERT seems to cancel the benefits of the exact
decoding permitted by the span-based approach of
Corro (2020). On the DF metric, the gap is even
larger (13.6 absolute difference). We attribute this
difference to the fact that Corro (2020)’s parser
is restricted to a certain type of discontinuities
and cannot construct certain trees. Moreover, the
transition-based paradigm enables a parser to use
more fine-grained features than span-based parsers,
which is particularly helpful for predicting discon-
tinuous constituents.

6 Results and Discussion

In this section, we focus on the comparisons of
our 3 models to assess the contribution of BERT to
discontinuous parsing. We first focus on English,
using the two resources we introduced in Sections 3
and 4. Then we provide and discuss results on
German, using discosuite (Maier et al., 2014).

6.1 English

The improvements brought by BERT may come
from its syntactic knowledge. However, they might
also be a result of its extended lexical knowledge
(providing more lexical information about out-of-
vocabulary or rare words that might be known but
do not take part in discontinuous structures in the
training set). The ML-GAP+FT model provides a
control setting, where the ‘static’ pretrained embed-
dings provide additional lexical information.

Overall effect of pretraining We provide de-
tailed results (precision, recall, F) in Table 2. It
had been reported that discontinuous parsers often
have a large gap between precision (higher) and re-
call (lower) on discontinuities on both German and
English corpora (Maier, 2015; Coavoux and Co-
hen, 2019; Stanojević and Steedman, 2020; Corro,
2020). The use of BERT tends to fill this gap, with
a much stronger effect on recall (+15 DR on de-
velopment set over ml-gap) than on precision (+4
DP). BERT leads the parser to better detect syntac-
tic discontinuities compared to a supervised model
(ML-GAP).

On the contrary, ML-GAP+FT provides only a
small improvement over ML-GAP (+2.2 dev DF),
which is split almost equally between precision
(+2.0 DP) and recall (+2.5 DR). The striking dif-
ference between ML-GAP+FT and ML-GAP+BERT

strongly suggests that BERT’s contribution cannot
be reduced to its extended lexical knowledge.

Per-phenomenon evaluation We report results
on the test suite in Table 3, in the labelled case
(upper part) and the unlabelled case (lower part).
For each metric, we report the result of the ML-
GAP+BERT model, as well as its absolute difference
with, respectively the ML-GAP+FT and the ML-GAP

model.
First, when comparing ML-GAP+BERT and ML-

GAP, we observe a large improvement on all phe-
nomena and almost all metrics. When comparing
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ML-GAP+BERT ML-GAP+FT ML-GAP

Error type Count Nodes Count Nodes Count Nodes

PP Attachment 275 (-40.6%) 609 (-39.8%) 440 (-5.0%) 980 (-3.2%) 463 1012
x discontinuous 17 (-34.6%) 27 (-34.1%) 26 (+0.0%) 40 (-2.4%) 26 41

Single Word Phrase 257 (-25.7%) 318 (-22.6%) 310 (-10.4%) 376 (-8.5%) 346 411
Unclassified 200 (-47.2%) 263 (-48.8%) 318 (-16.1%) 427 (-16.9%) 379 514
NP Internal Structure 191 (-26.8%) 221 (-32.4%) 218 (-16.5%) 283 (-13.5%) 261 327
x discontinuous 1 (+∞%) 1 (+∞%) 1 (+∞%) 2 (+∞%) 0 0

Modifier Attachment 186 (-23.8%) 344 (-24.4%) 221 (-9.4%) 408 (-10.3%) 244 455
x discontinuous 9 (-30.8%) 13 (-27.8%) 10 (-23.1%) 15 (-16.7%) 13 18

Unary 185 (-41.1%) 185 (-41.1%) 271 (-13.7%) 271 (-13.7%) 314 314
x discontinuous 2 (+0.0%) 2 (+0.0%) 2 (+0.0%) 2 (+0.0%) 2 2

Different label 166 (-22.4%) 335 (-22.1%) 211 (-1.4%) 426 (-0.9%) 214 430
x discontinuous 6 (+0.0%) 15 (+7.1%) 6 (+0.0%) 16 (+14.3%) 6 14

Clause Attachment 116 (-37.6%) 292 (-37.7%) 170 (-8.6%) 450 (-4.1%) 186 469
x discontinuous 16 (-40.7%) 25 (-34.2%) 31 (+14.8%) 44 (+15.8%) 27 38

Co-ordination 84 (-45.8%) 210 (-47.2%) 127 (-18.1%) 312 (-21.6%) 155 398
x discontinuous 3 (-25.0%) 8 (+14.3%) 4 (+0.0%) 8 (+14.3%) 4 7

NP Attachment 51 (-51.9%) 168 (-43.6%) 94 (-11.3%) 312 (+4.7%) 106 298
x discontinuous 9 (-55.0%) 19 (-20.8%) 14 (-30.0%) 18 (-25.0%) 20 24

VP Attachment 19 (-63.5%) 62 (-67.7%) 40 (-23.1%) 135 (-29.7%) 52 192
x discontinuous 2 (-71.4%) 2 (-86.7%) 7 (+0.0%) 13 (-13.3%) 7 15

XoverX Unary 10 (+0.0%) 10 (+0.0%) 10 (+0.0%) 10 (+0.0%) 10 10

Table 4: Error types for both models (development set).
Absolute differences with the ML-GAP model are given
in parentheses.

labelled and unlabelled results, we observe very
small differences (< 1) except for the case of cir-
cumpositioned quotations. This is due to some
cases where the discontinuous quotation phrase
has an unfrequent label (FRAG or SINV). Overall,
subject inversions,10 fronted quotations and circum-
positioned quotations are almost perfectly detected
by the ML-GAP+BERT system with DF scores over
95, and high exact match (at least in the unlabelled
case for circumpositioning). On the other hand,
discontinuous dependencies and it-extrapositions,
and to a lower extent extractions, have DF scores
below 90, despite the huge effect of BERT (re-
spectively +35.2 and +25 absolute improvement on
exact match for discontinuous dependencies and
it-extrapositions).

Secondly, the improvement brought by fast-text
embeddings is consistently very small (around
+2F), except on 2 types of phenomena: it-
extrapositions (where BERT does not improve over
fast-text), and to a lower extent discontinuous de-
pendencies (+6F for fast-text, +37.8F for BERT).
This result suggests that the difficulty to parse these
phenomena stemmed, at least partly from a lack of
lexical knowledge.

Error Analysis We report results of the error
type classifier for both models in Table 4. For each
error type, we report (i) the overall count of occur-
rences, (ii) the number of occurrences where the
correction involved a discontinuous node among
them, and (iii) the total number of nodes involved
(a single error can cause multiple wrong nodes), as
done by Kummerfeld et al. (2012).

10Note that we have a small sample for this phenomenon (5
instances).

Overall, we observe an important decrease
across all types of errors, with error reduction rates
often close to 40% (e.g. 45% fewer occurrences
of PP attachment errors) for ML-GAP+BERT and
around 20% for ML-GAP+FT.

The picture is slightly different if we look at
errors involving discontinuous constituents. In-
deed, the use of BERT drastically reduces the main
sources of errors (PP/VP/NP attachment, modifier
attachment, coordination), while having no effect
on other types of structure (NP internal structure,
unary constituent, label). In contrast, fast-text only
improves modifier and NP attachments, and even
introduces clause attachment errors.

6.2 German

In order to provide additional context to our results
on English, we further experiment with the same
parsing models on German, using the test-suite
built by Maier et al. (2014) on the German Tiger
corpus. They constructed this test-suite by first
identifying and classifying discontinuous phenom-
ena in the 1500 first sentences of the Tiger corpus;
and then they selected 1511 sentences for each iden-
tified phenomenon. In total, discosuite con-
tains 180 occurrences across 151 sentences. Each
occurrence corresponds to a single discontinuous
constituent.

We train our parsers on a modified version of the
SPMRL Tiger split, where the 151 sentences are
removed from the training set. We then parse the
151 sentences and use the labelled and unlabelled
recall on target constituents to evaluate the corre-
sponding phenomena. We provide results on the
testsuite in Table 5, using the same settings as in
English (ML-GAP, ML-GAP+FT, ML-GAP+BERT).
We refer the reader to Maier et al. (2014) for the
descriptions of specific phenomena. To the best
of our knowledge, no prior parsing work used this
testsuite for evaluation since its release.

Due to a finer-grain classification, there are only
few instances for each type. Hence, we only com-
ment on general patterns. Overall, fast-text pro-
vides small improvement on 6 types of phenomena
(over 14). In constrast, BERT improves on ev-
ery type of phenomenon, with largest increases for
extrapositions of an element of a coordination, ex-
trapositions involving a focus adverb (eg. adverb
in the main clause modifying a subordinate clause),
and local movement (involves discontinuities that

11or fewer for rarer phenomena.
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Phenomenon Occurrences Labelled recall Unlabelled recall
ML-GAP+BERT (∆) ML-GAP+FT (∆) ML-GAP ML-GAP+BERT (∆) ML-GAP+FT (∆) ML-GAP

Extraposed arguments 15 86.7 (+27) 66.7 (+7) 60 86.7 (+20) 66.7 (=) 66.7
Extraposed modifiers 15 73.3 (+13) 73.3 (+13) 60 73.3 (+7) 73.3 (+7) 66.7
Extraposition (comparison) 15 73.3 (+7) 66.7 (=) 66.7 80 (+7) 73.3 (=) 73.3
Extraposition (coordination) 15 40 (+33) 33.3 (+27) 6.7 60 (+47) 40 (+27) 13.3
Extraposition (focus adverb) 5 80 (+40) 40 (=) 40 80 (+20) 60 (=) 60
Local Movement (clause) 10 30 (+30) 0 (=) 0 30 (+30) 0 (=) 0
Local Movement (phrase) 10 40 (+30) 10 (=) 10 50 (+40) 10 (=) 10
Placeholder/repeated element 15 93.3 (+7) 80 (-7) 86.7 93.3 (+7) 80 (-7) 86.7
Parentheticals 15 86.7 (+13) 86.7 (+13) 73.3 93.3 (+7) 93.3 (+7) 86.7
Pronouns 15 73.3 (+13) 66.7 (+7) 60 73.3 (+13) 66.7 (+7) 60
Scrambling 15 60 (+13) 80 (+33) 46.7 60 (+13) 80 (+33) 46.7
Topicalization Other 10 10 (+10) 0 (=) 0 10 (+10) 10 (+10) 0
Topicalization VP HD 10 80 (+10) 50 (-20) 70 80 (+10) 50 (-20) 70
Topicalization VP mod/arg 15 93.3 (+20) 73.3 (=) 73.3 93.3 (+20) 73.3 (=) 73.3

Table 5: Results of ML-GAP+BERT, ML-GAP+FT and ML-GAP on discosuite (Maier et al., 2014). Absolute
difference with ML-GAP model is indicated in parentheses.

do not cross clause boundaries). These are also
the most difficult phenomena to predict correctly
(< 50 recall).

We observe there is not a large difference be-
tween labelled and unlabelled scores, suggesting
that finding the correct structure is the main diffi-
culty.

7 Conclusion

We introduced two resources for fine-grained auto-
matic error analysis of English discontinuous con-
stituency parsers. First, we construct and release
a test-suite for the range of syntactic phenomena
responsible for the discontinuous structures in the
discontinuous version of the Penn Treebank. Sec-
ond, we extend the Berkeley parser analyser to the
analysis of discontinuous constituency trees. We
apply these resources to study the contribution of
BERT to discontinuous parsing of English.

Overall, on almost all phenomena, BERT brings
an improvement over a fast-text baseline. We found
that BERT leads to almost perfect detection for
some phenomena (subject inversion, fronted quo-
tations, circumpositioned quotations). Moreover,
there is still a wide room for improvement for ex-
tractions (despite the high frequency of this type
of structures in the corpus), it-extrapositions, and
discontinuous dependencies. In future work, we
plan to address these limitations with targeted data-
augmentation methods. We also plan to evaluate
other pretrained language models to assess whether
they exhibit the same error patterns as BERT.
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A Training Details

The parser uses the pytorch library (Paszke et al.,
2019) and the transformers interface (Wolf
et al., 2020) to fine-tune BERT. For all 3 models
(ML-GAP, ML-GAP+FT, ML-GAP+BERT), we only
tuned the batch size and the learning rate. We re-
port all hyperparameters and final configurations
in Table 6 of Appendix A. We used the Adam opti-
mizer (Kingma and Ba, 2015), divide learning rate
by 2 when the model shows no improvement on the
dev set for 5 epochs and stop training after 3 such
cycles with no improvement. Finally, we maintain
the average of parameters across iterations during
training, and use the averaged parameters (instead
of the final parameters) for the final model. We
trained the parsers on gold sequences of configu-
rations (teacher-forcing). We use a deterministic
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Parser ML-GAP/ML-GAP+FT ML-GAP+BERT

Sentence encoder hyperparameters

Character embedding 64 64
Character bi-LSTM state 256 128
Character dropout 0.2 0.2
Word embeddings 300 -
Word dropout 0.2/0 -
Sentence encoder bi-LSTM bi-LSTM
Sentence encoder state 400 400
Stacked bi-LSTM 2 2

Action scorer hyperparameters

Activation tanh tanh
Hidden layers 1 1
Hidden size 250 250
Dropout 0.3 0.3

Optimization hyperparameters

DPTB: batch size {4,8}/{4, 8} {16, 32}
DPTB: learning rate {0.001, 0.0015} {0.00006, 0.00008, 0.0001, 0.00012}
Tiger: batch size {4, 8}/{4,8} {16, 32}
Tiger: learning rate {0.001, 0.0015} {0.00006, 0.00008, 0.0001, 0.00012}
Negra: batch size {4, 8}/{4, 8} {16, 32}
Negra: learning rate {0.001, 0.0015}/{0.001, 0.0015} {0.00006, 0.00008, 0.0001, 0.00012}
DPTB: bert model - bert-base-cased
Negra, Tiger: bert model - bert-base-german-cased

Table 6: Hyperparameter search for all models (best configuration in bold). The ‘/’ symbol indicates different final
values for ML-GAP and ML-GAP+FT models.

oracle that prioritizes merges over shifts when both
are possible, this implicitly corresponds to a left-
binarization of n-ary constituents. Finally, we use
greedy search for finding the best sequence of ac-
tions.

B Results on German Treebanks
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System Method type DPTB Tiger Negra

F DF F DF F DF

Fully supervised

van Cranenburgh and Bod (2013), ≤ 40 GB 85.6 75.36= 74.8
Fernández-González and Martins (2015) DB 77.3 77.0
van Cranenburgh et al. (2016), ≤ 40 GB 87.0 78.26= 76.8
Maier (2015), gold POS TB 74.7 18.8 77.0 19.8
Versley (2016) GB 79.5
Maier and Lichte (2016) TB 76.5 16.3
Corro et al. (2017) DB 89.2
Coavoux and Crabbé (2017) TB 79.3
Gebhardt (2018) GB 75.1
Coavoux and Cohen (2019) TB 90.9 67.3 82.5 55.9 83.2 56.3
Coavoux et al. (2019) TB 91.0 71.3 82.7 55.9 83.2 54.6
Fernández-González and Gómez-Rodrı́guez (2020) DB 84.6 57.9 83.7 54.7
Stanojević and Steedman (2020) CB 90.5 67.1 83.4 53.5 83.6 50.7
Corro (2020) CB 92.7 64.2 85.5 53.8 86.2 54.1
Ruprecht and Mörbitz (2021) GB 90.1 72.9 82.5 55.9 82.7 49.0
Fernández-González and Gómez-Rodrı́guez (2020) DB 86.6 62.6 86.8 69.5
Gebhardt (2020) GB 77.7 40.7 81.7 43.5
This work: ML-GAP TB 91.4 74.4 82.9 57.4 82.3 55.6

Semi-supervised (Pretrained embeddings)

Stanojević and Alhama (2017) TB 77.0
Corro (2020) CB 92.9 64.9 85.2 51.2 86.3 56.1
Fernández-González and Gómez-Rodrı́guez (2020) DB 85.7 60.4 85.7 58.6
Ruprecht and Mörbitz (2021) GB 91.8 76.1 85.1 61.0 86.5 61.9
This work: ML-GAP+FT TB 92.3 76.5 85.2 61.1 85.6 60.9

Semi-supervised (Bert-base)

Corro (2020) CB 94.8 68.9 90.0 62.1 91.6 66.1
Fernández-González and Gómez-Rodrı́guez (2020) DB 89.8 71.0 91.0 76.6
Vilares and Gómez-Rodrı́guez (2020) SL 91.9 50.8 84.6 51.1 83.9 45.6
Ruprecht and Mörbitz (2021) GB 93.3 80.5 88.3 69.0 90.9 72.6
This work: ML-GAP+BERT TB 95.0 82.5 90.2 72.9 91.7 73.3

Table 7: Results on the DPTB, Tiger and Negra corpora (test sets). DF: discontinuous F-score. Methods:
GB: grammar-based, TB: transition-based, CB: grammarless chart-based, SL: sequence-labelling based, DB:
dependency-conversion based. 6=: different train/dev/test split.

3272



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 3273–3283
August 1–6, 2021. ©2021 Association for Computational Linguistics

DoT: An efficient Double Transformer for NLP tasks with tables

Syrine Krichene1, Thomas Müller2∗, Julian Martin Eisenschlos1
Google Research, Zürich1

{syrinekrichene,eisenjulian}@google.com
Symanto Research, Valencia, Spain2

thomas.mueller@symanto.com

Abstract

Transformer-based approaches have been suc-
cessfully used to obtain state-of-the-art accu-
racy on natural language processing (NLP)
tasks with semi-structured tables. These
model architectures are typically deep, result-
ing in slow training and inference, especially
for long inputs. To improve efficiency while
maintaining a high accuracy, we propose a
new architecture, DoT , a double transformer
model, that decomposes the problem into two
sub-tasks: A shallow pruning transformer that
selects the top-K tokens, followed by a deep
task-specific transformer that takes as input
those K tokens. Additionally, we modify the
task-specific attention to incorporate the prun-
ing scores. The two transformers are jointly
trained by optimizing the task-specific loss.
We run experiments on three benchmarks,
including entailment and question-answering.
We show that for a small drop of accuracy,
DoT improves training and inference time by
at least 50%. We also show that the prun-
ing transformer effectively selects relevant to-
kens enabling the end-to-end model to main-
tain similar accuracy as slower baseline mod-
els. Finally, we analyse the pruning and give
some insight into its impact on the task model.

1 Introduction

Recently, transfer learning with large-scale pre-
trained language models has been successfully used
to solve many NLP tasks (Devlin et al., 2019; Rad-
ford et al., 2019; Liu et al., 2019). In particular,
transformer models have been used to solve tasks
that include semi-structured table knowledge, such
as table question answering (Herzig et al., 2020)
and entailment (Wenhu et al., 2019; Eisenschlos
et al., 2020) – a binary classification task to support
or refute a sentence based on the table’s content.

While transformer models lead to significant
improvements in accuracy, they suffer from high

∗Work done at Google Research.

computation and memory cost, especially for large
inputs. The total computational complexity per
layer for self-attention is O(n2d) (Vaswani et al.,
2017), where n is the input sequence length, and
d is the embedding dimension. Using longer se-
quence lengths translates into increased training
and inference time.

Improving the computational efficiency of trans-
former models has recently become an active re-
search topic. To the best of our knowledge, the only
technique that was applied to NLP tasks with semi-
structured tables is heuristic pruning. Eisenschlos
et al. (2020) show on the TABFACT data set (Wenhu
et al., 2019) that using heuristic pruning accelerates
the training time while achieving a similar accu-
racy. This raises the question of whether a better
pruning strategy can be learned.

We propose to use DoT , a double transformer
model (Figure 1): A first transformer – which we
call pruning transformer – selects k tokens given
a query and a table and a task-specific transformer
solves the task based on these tokens. Decompos-
ing the problem into two simpler tasks imposes
additional structure that makes training more ef-
ficient: The first model is shallow, allowing the
use of long input sequences at moderate cost, and
the second model is deeper and uses the shortened
input that solves the task. The combined model
achieves a better efficiency-accuracy trade-off.

The pruning transformer is based on the TAPAS
QA model (Herzig et al., 2020). TAPAS answers
questions by selecting tokens from a given table.
This problem is quite similar to the pruning task.
The second transformer is a task-specific model
adapted for each task to solve: We use another
TAPAS QA model for QA and a classification
model (Eisenschlos et al., 2020) for entailment.
In Section 2, we explain how we jointly learn both
models by incorporating the pruning scores into
the attention mechanism.
DoT achieves a better trade-off between effi-
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Table
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...
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ECELL
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...
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...
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Selected Tokens

[CLS] T1 TN [SEP] CELL1,1 CELL2,1
... ...

Task-speci c Output

E[CLS] E1 EN E[SEP] ECELL ECELL
... ... ECELL

CELL2,M

ECELL ... ECELL ECELL ... ECELLECELL ECELL

Who is the player with most wins?

Pruning
transformer

Task-specific
transformer

Figure 1: Pruning with a double transformerDoT . The
pruning model selects the k most relevant tokens and
passes them to the task model. The pruning model is
small, allowing the use of long input sequences.

ciency and accuracy on three datasets. We show
that the pruning transformer selects relevant to-
kens, resulting in higher accuracy for longer in-
put sequences. We study the meaning of rele-
vant tokens and show that the selection is deeply
linked to solving the main task by studying the
answer token scores. We open source the code in
http://github.com/google-research/tapas.

2 The DoT Model

As show in Figure 1, the double transformer DoT
is composed of two transformers: the pruning
transformer selects the most relevant k tokens fol-
lowed by a task-specific model that operates on the
selected tokens to solve the task. The two trans-
formers are learned jointly. DoT loss is detailed
in Appendix A.2. We explore learning the pruning
model using an additional loss in Appendix C.2.

Let q be the query (or statement) and T the table.
The transformer takes as input the embedding E =
[E[CLS];Eq;E[SEP ];ET ], composed of the query
and table embeddings. The pruning transformer
computes the probability P (t|q, T ) of the token t
being relevant to solve the example. We derive the
pruning score st = log(P (t|q, T )) and keep the
top-k tokens. The pruning scores are then passed
to the task transformer as shown in Figure 2.

To enable the joint learning, we change the at-
tention scores of the task model. For a normal
transformer (Vaswani et al., 2017), given the input
embedding Et at position t, for each layer and at-
tention head, the self-attention output is given by a
linear combination of the value vector projections
using the attention matrix.

Each row of the attention matrix is obtained by
a softmax on the attention scores z<t,t

′> given by

MatMul

MatMul

Scale

St  Et WQ Et WK Et WV

Pruning scores  
from the first 
transformer      

Scaled dot product attention from 
the second  transformer         

Sum

SoftMax

Figure 2: Scaled dot product attention of the task
model. We change the attention architecture (Vaswani
et al., 2017) – the dashed bloc – by adding the pruning
scores – the solid bloc. The pruning scores affect the
task model’s attention in all layers. This enables back
propagation for both models based on a single loss.

z<t,t
′> =

EtW>Q (Et′W
>
K )>√

dk
(1)

where WQ and WK represent the query and key
projections for that layer and head. In our task
model we add a negative bias term and replace this
equation with

z<t,t
′>|st = z<t,t

′> + st (2)

Thus, the attention scores provide a notion of token
relevance – detailed in Appendix A.1 – and enable
end-to-end learning of both models, letting DoT
define the top-K tokens.

Unlike previous soft-masking methods (Bast-
ings et al., 2019; De Cao et al., 2020), ours co-
incides exactly with removing the input token t
when P (t|q, T ) → 0. We prove this formally in
Appendix A.3.

We explore two different pruning strategies: to-
ken selection defined as discussed above and col-
umn selection where we average all token scores
in each column.

3 Experimental Setup

We compare our approach against models using
heuristic pruning.
Cell concatenation (CC) The TAPAS model uses
a default heuristic to limit the input tokens. The ob-
jective of the algorithm is to fit an equal number of
tokens for each cell. This is done by first selecting
the first token from each cell, then the second and
so on until the desired limit is reached.
Heuristic exact match (HEM ) (Eisenschlos
et al., 2020). This method scores the columns based
on their similarity to the question, where similarity
is defined by token overlap.
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We introduce a notation to clarify the setup:

DoT (1sttype
top-k−−−→ 2ndtype). The type correspond to

the model size: small (s), medium (m) or large
(l) as defined in Turc et al. (2019). For exam-
ple, CC 1024−−−→ DoT (s

256−−→ l) denotes a CC pre-
processing to select 1024 tokens passed to theDoT
model: one small pruning model that selects 256
tokens and feeds them into a large task model.

Baselines and DoT (hyper-parameters in Ap-
pendix B.1) are initialized from models pre-trained
with a MASK-LM task, the intermediate pre-
training data (Eisenschlos et al., 2020) and follow-
ing Herzig et al. (2020) on SQA (Iyyer et al., 2017).
The DoT transformers’ complexity – detailed in
Appendix B.3 – is similar to a normal transformer
where only some constants are changed.

We evaluate DoT on three datasets.
WIKISQL (Zhong et al., 2017) is a corpus of
80, 654 questions with SQL queries, related to
24, 241 Wikipedia tables. Here we train and test in
the weakly-supervised setting where the answer to
the question is the result of the SQL applied to the
table. The metric we use is denotation accuracy.
WIKITQ (Pasupat and Liang, 2015) consists of
22, 033 question-answer pairs on 2, 108 Wikipedia
tables. The questions are complex and often require
comparisons, superlatives or aggregation. The met-
ric we use is the denotation accuracy as computed
by the official evaluation script.
TABFACT (Wenhu et al., 2019) contains 118K
statements about 16K Wikipedia tables, labeled as
either entailed or refuted. The dataset requires both
linguistic reasoning and symbolic reasoning with
operations such as comparison, filtering or count-
ing. We use the classification accuracy as metric.

In all our experiments we report results for DoT
using token selection for WIKISQL and TABFACT

and a column selection for WIKITQ.

4 Results

The baseline TAPAS model outperforms the previ-
ous state-of-the-art on all datasets (Table 1): +2.1

for WIKISQL (CC 1024−−−→ TAPAS(l)), +1.07 for
TABFACT (HEM 512−−→ TAPAS(l)), and +1.3 for
WIKITQ (HEM 1024−−−→ TAPAS(l)).

Efficiency accuracy trade-off Table 1 reports
the accuracy test results along with the average
number of processed examples per secondNPE/s
computed at training time. Using HEM as
pre-processing step improves DoT models com-

pared to CC for both WIKISQL and TABFACT.
DoT (m) and DoT (s) reach better efficiency accu-
racy trade-off for WIKISQL: with a small drop of
accuracy by 0.4% (respectively 0.7%), they are 3.5
(respectively 4.6) times faster than the best base-
line. For TABFACT dataset, DoT is compared to
a faster baseline than the one used for WIKISQL
as it takes only 512 input tokens instead of 1024.
DoT (s) still achieves a good trade-off: with a de-
crease of 0.4% of accuracy it is 1.5 times faster.
Unlike the previous datasets, WIKITQ is a harder
task to solve and requires passing more data. By re-
stricting DoT (m) to select only 256 tokens we de-
crease the accuracy by a bigger drop 3.9% to be 3.5
times faster compared to HEM 1024−−−→ TAPAS(l).

Small task models The previous results, raise
the question of whether a smaller task model can
reach a similar accuracy. To answer this ques-
tion, we compare 1024−−−→ DoT (s

256−−→ l) to 1024−−−→
TAPAS(s) and 256−−→ TAPAS(l) in Table 2. DoT
outperforms the smaller models showing the im-
portance of using both transformers.

5 Analysis

Accuracy for long input sequences To study
the long inputs, we bucketize the datasets per exam-
ple input length. We compare DoT (m 256−−→ l) to
different CC .−→ TAPAS(l) models in Table 3. For
the bucket> 1024 theDoT model outperforms the
256 and 512 length baselines for all tasks. This in-
dicates that the pruning model extracts two times
more relevant tokens than the heuristic CC.

For the bucket [512, 1024], we expect all mod-
els to reach a higher accuracy, as we expect lower
loss of context than for the bucket > 1024 when
applying CC. The results shows that DoT gives
a similar accuracy to 512−−→ TAPAS for WIKISQL
and TABFACT– in the margin error – and a slightly
lower accuracy for WIKITQ: The pruning trans-
former selects only 256 top-K tokens compared
to 512−−→ TAPAS that selects twice more. Thus, the
task-specific transformer has access to less tokens,
therefore to possibly less context that can lead to
an accuracy drop. This drop is small compared to
256−−→ TAPAS baseline drop. DoT still outperforms
256−−→ TAPAS for all datasets.

Pruning relevant tokens We inspect the prun-
ing transformer on the WIKISQL and WIKITQ
datasets, where the set of answer tokens is given.
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Dataset WIKISQL TABFACT WIKITQ
Model test accuracy Best NPE/s test accuracy Best NPE/s test accuracy Best NPE/s
state-of-the-art 83.9 81.0 51.8± 0.6 52.3

CC
256−−→ TAPAS(l) 76.4± 0.3 77.15 1870 75.1± 0.3 76.13 1900 44.8± 0.5 45.47 1900

CC
512−−→ TAPAS(l) 83.6± 0.1 83.65 800 81.3± 0.2 81.60 870 52.2± 0.5 52.74 810

CC
1024−−−→ TAPAS(l) 86.0± 0.3 86.6 270 81.6± 0.1 81.64 300 53.9± 0.2 54.30 270

CC
1024−−−→ DoT (s

256−−→ l) 74.2± 3.6 84.27 1250 81.0± 0.1 81.17 1300 48.1± 2.4 49.47 1250

CC
1024−−−→ DoT (m

256−−→ l) 83.6± 0.5 84.67 950 79.0± 0.5 81.28 930 50.1± 0.5 50.14 950

HEM
256−−→ TAPAS(l) 77.4± 0.3 77.97 1870 75.5± 0.2 75.80 1900 47.3± 0.1 47.70 1900

HEM
512−−→ TAPAS(l) 83.8± 0.4 84.75 800 82.0± 0.3 82.07 870 52.7± 0.4 53.61 810

HEM
1024−−−→ TAPAS(l) 85.9± 0.0 85.94 270 80.6± 0.0 80.6 300 54.0± 0.9 54.93 270

HEM
1024−−−→ DoT (s

256−−→ l) 85.3± 0.4 85.76 1250 81.6± 0.3 81.74 1300 40.9± 0.2 41.23 1250

HEM
1024−−−→ DoT (m

256−−→ l) 85.5± 0.2 85.82 950 81.8± 0.0 81.94 930 40.1± 2.4 49.13 950

Table 1: Efficiency accuracy trade-off. We run DoT with token pruning for WIKISQL and TABFACT and column
pruning for WIKITQ. The state-of-the-art (detailed in Appendix B.2) corresponds to the models of Min et al.
(2019) for WIKISQL, Eisenschlos et al. (2020) for TABFACT and Yin et al. (2020) for WIKITQ. For each
dataset, the state-of-the-art, the best baseline model on accuracy, and the DoT models that reach the best accuracy
efficiency trade-off are highlighted.

Dataset WIKISQL TABFACT WIKITQ
Model test accuracy NPE/s test accuracy NPE/s test accuracy NPE/s

CC
1024−−−→ DoT (m

256−−→ l) 83.6± 0.5 950 79.0± 0.9 930 50.1± 0.5 950

CC
256−−→ TAPAS(l) 76.4± 0.3 1870 75.1± 0.3 1900 44.8± 0.5 1900

CC
1024−−−→ TAPAS(m) 81.6± 0.2 2050 75.1± 0.2 2300 42.9± 0.3 2020

Table 2: Comparing DoT to smaller models similar to
each of its two transformers.

Bucket Model WIKISQL TABFACT WIKITQ

> 1024 CC
512−−→ TAPAS(l) 24.3± 0.1 56.8± 2.2 18.8± 0.9

CC
256−−→ TAPAS(l) 5.8± 0.2 9.9± 1.5 6.9± 0.0

CC
1024−−−→ DoT (m

256−−→ l) 40.1± 4.9 69.1± 2.5 23.8± 0.5

[512, 1024] CC
512−−→ TAPAS(l) 73.6± 0.1 73.0± 0.3 42.7± 0.6

CC
256−−→ TAPAS(l) 40.9± 0.3 43.9± 0.4 18.6± 0.1

CC
1024−−−→ DoT (m

256−−→ l) 72.9± 1.8 74.7± 0.7 39.1± 0.6

Table 3: The denotation accuracy for test, computed
over bucketized datasets per sequence length. The prun-
ing transformer prunes efficiently –two times better:
DoT (

256−−→ l) reaches accuracy close and higher than
using CC 512−−→ heuristic with TAPAS(l).

We compute the difference between the answer to-
ken scores and the average scores of the top-K
tokens, and report the distribution in Figure 3. The
pruning transformer tends to attribute high scores
to the answer tokens, suggesting that it learns to
answer the downstream question – a positive differ-
ence – especially for WIKISQL. The difference is
lower for WIKITQ as it is a harder task: The set of
answer tokens is larger, especially for aggregation,
making their scores closer to the average.

Pruning transformer depth We study the prun-
ing transformer complexity impact on the efficiency
accuracy trade-off. Figure 4 compares the results
of medium, small and mini models – complexity
in Appendix B.3. For all datasets the mini model
drops drastically the accuracy. The pruning trans-
former must be deep enough to learn the top-K

Figure 3: Distribution of the answer token scores mi-
nus the average scores of the top-K tokens. The differ-
ence is larger when the pruning transformer attributes a
higher score to the answer tokens.

tokens and attribute token scores that can be used
by the task-specific transformer. For both WIK-
ISQL and TABFACT the small model reaches a
better accuracy efficiency trade-off: Using a small
instead of medium – 4 hidden layers instead of 8 –
drops the accuracy by less than 0.4% – in the mar-
gin error – while accelerating the model times 1.3.
In other words there is no gain of using a more com-
plex model to select the top-K tokens especially
when we restrict K to 256.

Restricting K can lead to a drop in the accu-
racy. Even by increasing the pruning complexity,
DoT cannot recover the full drop. This is the case
of WIKITQ. This dataset is more complex, it re-
quires more reasoning including operation to run
over multiple cells in one column. Thus selecting
the top 256 tokens is a harder task compared to
previous detests. We reduce the task complexity by
using column selection instead of token selection.
For this dataset using medium pruning transformer,
DoT (m) reaches a better accuracy efficiency trade-
off: 2 points higher in accuracy compared to using
a small transformer.

Effects of HEM and CC on DoT Table 1 and
Figure 4 compare the effect of using HEM and
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Figure 4: DoT models efficiency accuracy trade-off. TheDoT models are displayed according to their accuracy in
function of the average number of processed examples par second. The models are faster being closer to the right
side of the figures and have higher accuracy being closer to the top. This figure compares the efficiency accuracy
trade-off of using different pruning transformers – medium, small and mini – and study the impact of HEM and
CC on DoT . We use token selection for both WIKISQL and TABFACT and column selection for WIKITQ.

CC onDoT models. As both heuristics are applied
in the pre-processing step, using HEM or CC
along with a similar DoT model, doesn’t change
the average number of processed examples per sec-
ond NPE/s computed over the training step. For
both WIKISQL and TABFACT we use a token
based selection to select the top-K tokens. Com-
bining the token based strategy with HEM , out-
performs on accuracy the token pruning DoT com-
bined with CC. For WIKITQ, the top-K pruning
is a column based selection. Unlike the token se-
lection the column pruning combined with HEM
gives a lower accuracy.

6 Related work

Efficient Transformers Improving the computa-
tional efficiency of transformer models, especially
for serving, is an active research topic. Proposed
approaches fall into four categories. The first is to
use knowledge distillation, either during the pre-
training phase (Sanh et al., 2019), or for build-
ing task-specific models (Sun et al., 2019), or for
both (Jiao et al., 2020). The second category is
to use quantization-aware training during the fine-
tuning phase of BERT models, such as (Zafrir
et al., 2019). The third category is to modify the
transformer architecture to improve the dependence
on the sequence length (Choromanski et al., 2020;
Wang et al., 2020). The fourth category is to use
pruning strategies such as McCarley (2019), who
studied structured pruning to reduce the number of
parameters in each transformer layer, and Fan et al.
(2020) who used structured dropout to reduce trans-
former depth at inference time. Our method most
closely resembles the last category, but we focus
our efforts on shrinking the sequence length of the
input instead of model weights. Eisenschlos et al.
(2020) explore heuristic methods based on lexical

overlap and apply it to tasks involving tabular data,
as we do, but our algorithm is learned end-to-end
and more general in nature.

Interpretable NLP Another related line of work
attempts to interpret neural networks by searching
for rationales (Lei et al., 2016), which are a subset
of words in the input text that serve as a justification
for the prediction. Lei et al. (2016) learn the ratio-
nale as a latent discrete variable inside a computa-
tion graph with the REINFORCE method (Williams,
1992). Bastings et al. (2019) propose instead us-
ing stochastic computation nodes and continuous
relaxations (Maddison et al., 2017), based on re-
parametrization (Diederik and Max, 2014) to ap-
proximate the discrete choice of a rationale from
an input text, before using it as input for a classifier.
Partially masked tokens are then replaced at the
input embedding layer by some linear interpolation.
We rely on a soft attention mask instead as a way to
partially reduce the information coming from some
tokens during training. To the best of our knowl-
edge these methods have not been investigated in
the context of semi-structured data such as tables
or evaluated with a focus on efficiency.

7 Conclusion

We introduced double transformer (DoT ) where
an additional small model prunes the input of a
larger second model. This accelerates the training
and inference time at a low drop in accuracy. As
future work we will explore hierarchical pruning
and adapt DoT to other semi-structured NLP tasks.
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Appendix

A DoT model

A.1 Attention scores defines the meaning of
relevant tokens.

We study, the updates of the pruning scores accord-
ing to the attention scores needs. We note the set
of relevant tokens R. The output probability given
by the pruning transformer is in (0, 1) making st
in (−∞, 0). Lets suppose that the token t is not
needed to answer the question, then the attention
scores are decreased z<i,t,t

′>|st → ~−∞ for all the
tokens t′ ∈ R for all the layers i. The model up-
dates both parts of z<i,t,t

′> making st converging
to −∞, then limst→−∞ z

<i,t,t′>|st = ~−∞. Thus,
the meaning of relevant token is defined by the
attention scores updates: The pruning scores de-
creases for non relevant tokens and increase for
relevant ones.

A.2 DoT loss

The DoT loss is similar to TAPAS model loss
– noted as JSA = Jaggr + βJscalar in (Herzig
et al., 2020) – computed over the task-specific
transformer where the attention scores are modified.
More precisely, we modify only the scalar loss of
the task specific model Jscalar. We incorporate the
pruning scores S = {st∀t ∈ Ttopk=256}, and we
note Jscalar|S . The DoT loss is then compute only
over the top-K tokens: JDoT = Jaggr+βJscalar|S .

For TABFACT dataset, Eisenschlos et al. (2020)
modified the TAPAS loss – used for QA tasks – to
adapt it to the entailment task: Aggregation is not
used, instead, one hidden layer is added as output
of the [CLS] token to compute the probability of
Entailment. We use a similar loss for TABFACT

where the attention scores are modified.

A.3 Feed-forward pass: Safe use of shorter
inputs for the task-specific transformer

The top-K selection enables the use of shorter in-
puts for the task-specific. We prove that using input
length equal to K is equivalent to using input length
higher than K, without any loss of context. Note
that the pruning scores are the same for both in-
puts, where the top-K are scored non-zero and we
impose the other tokens to be scored zero.

Theorem A.1. Given a transformer and a set of
tokens as input I . Let t be one of the input tokens
t ∈ I . If the transformer verifies the following
conditions, that holds for all layers i.

1. ∀t′ ∈ I that attends to t, , z<i,t,t
′> = ~−∞.

2. For t attends to any t′ ∈ I , z<i,t
′,t> = ~−∞.

Then applying this transformer on I is equivalent
to applying it on I − {t}
Proof. We look at the different use cases.
∀i layers, any token t′ ∈ I−{t} attending to any

token t′′ ∈ I − {t}: the soft-max scores a<i,t
′,t′′>

have the same formula using I or I − {t} as input.
Lets fix t′ = t. The token t attending to any

token t′′ ∈ I: The first condition 1 gives ∀t′′
that attends to t, z<i,t,t

′′> = ~−∞. That follows
exp(z<i,t,t

′′>) = ~0 then a<i,t,t
′′> = ~0.

Similarly, if t′ = t. Any token t′′ ∈ I at-
tending to t: The second condition 2 gives ∀t′
that attends to t, z<i,t,t

′′> = ~−∞. That follows
exp(z<i,t

′,t>) = ~0 then a<i,t
′,t> = ~0.

Remark. Given a transformer and a set of tokens
as input I . Let t be one of the input tokens t ∈ I
with t is not selected by the pruning transformer
scored zero – not the first-k tokens. Using DoT ,
st = −∞. That follows z<i,t,t

′> = ~−∞.
The case t′ = t, for any token t′′ ∈ I attending to

t we have: ∀i 6= 0, the inputEt =
∑

t′′∈I a
<i,t,t′′>.

As z<i,t,t
′> = ~−∞, Et = ~0, Et zero out all the

variables making exp(z<i,t
′,t>) a constant and

a<i,t
′,t> independent of t′. This is equivalent to

∀i 6= 0, t doesn’t attend to any t′ ∈ I .
Only for the first layer i = 0, we add an approxi-

mation to drop the attention (t attending to t′ ∈ I).
We consider the impact of t on the full attention is
small as we stuck multiple layers. We experimented
with a task-specific model with a big input length
> k and compare it to a task-specific model with
input length = k. The two models gives similar
accuracy. In our experiment we report only the
results for the model with input length = k.

This makes the attention scores similar to the
ones computed over t /∈ I .

B Experiments

In all the experiment we report the median accuracy
and the error margin computed over 3 runs. We
estimate the error margin as half the inter quartile
range, that is half the difference between the 25th

and 75th percentiles.

B.1 Models hyper-parameters
We do not perform hyper-parameters search for
DoT models we use the same as TAPAS baselines.

3280



Dataset lr ρ hidden dropout attention dropout num steps
WIKISQL 6e−5 0.14 0.1 0.1 50, 000
TABFACT 2e−5 0.05 0.07 0.0 80, 000
WIKITQ 1.9e−5 0.19 0.1 0.1 50, 000

Table 4: Hyper-parameters used per dataset. Reports
the learning rate (lr), the warmup ratio (ρ), the hid-
den dropout, the attention dropout and the number of
training steps (num steps) used for each dataset. These
hyper-parameters are the same for all the baselines and
DoT models.

For WIKISQL and WIKITQ we use the same
hyper-parameters as the one used by (Herzig et al.,
2020) and for TABFACT the one used by (Eisensch-
los et al., 2020). Baselines and DoT are initialized
from models pre-trained with a MASK-LM task
and on SQA(Iyyer et al., 2017) following Herzig
et al. (2020).

We report the models hyper parameters used
for TAPAS baselines and DoT in Table 4. The
hyper-parameters are fixed independently of the
pre-processing step or the input size: For all the
pre-processing input lengths – {256, 512, 1024}–,
for both CC and HEM we use the same hyper-
parameters. Additionally, we use an Adam opti-
mizer with weight decay for all the baselines and
DoT models –the same configuration as BERT.

B.2 state-of-the-art

We report state-of-the-art for the three datasets in
Table 5.

B.3 Models complexity

In all our experiments we use different transformer
sizes called large, medium, small and mini. These
models correspond to the BERT open sourced
model sizes described in Turc et al. (2019). We
report all models complexity in Table 6. The se-
quence length changes the total number of used
parameters. The formula to count the number of
parameters is given by Table 7. The number of used
parameters equals to V ×H+(2+3L)I×H+I+
(256 ∗ 4+ 17+9L)H +(1+2L×H)×Hi. The
number of parameters of each model is reported in
Table 8

The number of parameters is not proportional
to the computational time as multiple operations
involves multiplying tensors of shapes [I,H] ×
[H,H].

C Analysis

We report additional results for the analysis.

Model test accuracy

(Agarwal et al., 2019) MeRL 74.8± 0.2
(Liang et al., 2018) MAPO (ensemble of 10) 74.9
(Wang et al., 2019) 79.3

CC
512−−→ TAPAS(l)(Herzig et al., 2020) 83.6

(Min et al., 2019) 83.9

(a) state-of-the-art WIKISQL
Model test accuracy

(Zhong et al., 2020) LFC (LPA) 71.6
(Zhong et al., 2020) LFC (Seq2Action) 71.7
(Shi et al., 2020) HeterTFV 72.3
(Zhang et al., 2020) SAT 73.2
(Yang et al., 2020) ProgVGAT 74.4

CC
512−−→ TAPAS(l) (Eisenschlos et al., 2020) 81.0

(b) state-of-the-art TABFACT
Model test accuracy

(Agarwal et al., 2019) MeRL 44.1± 0.2
(Dasigi et al., 2019) Iterative Search (best) 44.3
(Wang et al., 2019) 44.5
(Liang et al., 2018) MAPO (ensembled-10) 46.3
(Agarwal et al., 2019) MeRL ensemble of 10 models 46.9

CC
512−−→ TAPAS(l)(Herzig et al., 2020) 48.8

(Yin et al., 2020)MAPO + TABERT (l)(K = 3) 51.8± 0.6

(c) state-of-the-art WIKITQ

Table 5: state-of-the-art accuracy on test set.

Model #L H #Hs Hi

large 24 1024 16 4096
medium 8 512 8 2048
small 4 512 8 2048
mini 4 256 4 1024

Table 6: Models complexity with #L is the number of
layers, #Hs the number of heads, H the embedding
size and Hi the intermediate size.

Num layers ×Module Tensor Shape
1×Embedding embeddings.word_embeddings [V,H]

embeddings.position_embeddings [I,H]
embeddings.token_type_embeddings [3, H]

+[2, H]
+[10, H]
+4[256, H]

embeddings.LayerNorm [H]
+[I]

L×Transformer encoder.layer.0.attention.self.query.kernel [I,H]
encoder.layer.0.attention.self.query.bias [H]
encoder.layer.0.attention.self.key.kernel [I,H]
encoder.layer.0.attention.self.key.bias [H]
encoder.layer.0.attention.self.value.kernel [I,H]
encoder.layer.0.attention.self.value.bias [H]
encoder.layer.0.attention.output.dense.kernel [H,H]
encoder.layer.0.attention.output.dense.bias [H]
encoder.layer.0.attention.output.LayerNorm [H]

+[H]
encoder.layer.0.intermediate.dense.kernel [H,Hi]
encoder.layer.0.intermediate.dense.bias [Hi]
encoder.layer.0.output.dense.kernel [Hi,H]
encoder.layer.0.output.dense.bias [H]
encoder.layer.0.output.LayerNorm [H]

+[H]

1× Pooler pooler.dense.kernel [I,H]
pooler.dense.bias [H]

Table 7: Parameters counts. Let H be the hidden em-
bedding size, L the number of layers, Hi the interme-
diate size, V = 30522 the vocabulary size and I the
input size. We report the used parameters based on ten-
sors shape for TAPAS models.
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Model Parameters count
CC

256−−→ CC
512−−→ CC

1024−−−→
TAPAS(mini) 11.1M 12.0M 13.8M
TAPAS(s) 26.4M 28.2M 31.9M
TAPAS(m) 36.3M 39.7M 46.6M
TAPAS(l) 253.2M 272.6M 311.4M

DoT (mini
256−−→ l) 264.3M 265.3M 267.1M

DoT (s
256−−→ l) 279.6M 281.5M 285.1M

DoT (m
256−−→ l) 289.6M 293M 299.8M

Table 8: The parameters count for the different models.
M refers to millions. The number of parameters is the
same using HEM or CC. The column based DoT
models have the same number of parameters than the
token based DoT models.

Bucket Model WIKISQL TABFACT WIKITQ

> 1024 CC
1024−−−→ TAPAS(l) 54.7± 1.0 74.1± 1.5 30.7± 0.9

CC
512−−→ TAPAS(l) 24.3± 0.1 56.8± 2.2 18.8± 0.9

CC
256−−→ TAPAS(l) 5.8± 0.2 9.9± 1.5 6.9± 0.0

CC
1024−−−→ DoT (m

256−−→ l) 40.1± 4.9 69.1± 2.5 23.8± 0.5

[512, 1024] CC
1024−−−→ TAPAS(l) 86.1± 0.5 78.0± 0.4 48.2± 0.1

CC
512−−→ TAPAS(l) 73.6± 0.1 73.0± 0.3 42.7± 0.6

CC
256−−→ TAPAS(l) 40.9± 0.3 43.9± 0.4 18.6± 0.1

CC
1024−−−→ DoT (m

256−−→ l) 72.9± 1.8 74.7± 0.7 39.1± 0.6

[256, 512] CC
1024−−−→ TAPAS(l) 87.0± 0.0 80.3± 0.2 56.1± 0.4

CC
512−−→ TAPAS(l) 88.2± 0.1 81.1± 0.2 56.5± 1.1

CC
256−−→ TAPAS(l) 78.5± 0.7 71.4± 0.3 50.2± 0.8

CC
1024−−−→ DoT (m

256−−→ l) 86.4± 0.7 78.4± 0.5 53.1± 0.5

< 256 CC
1024−−−→ TAPAS(l) 87.7± 0.0 82.2± 0.1 58.7± 0.2

CC
512−−→ TAPAS(l) 88.2± 0.3 83.2± 0.0 60.2± 1.0

CC
256−−→ TAPAS(l) 88.4± 1.1 82.1± 0.2 59.1± 0.7

CC
1024−−−→ DoT (m

256−−→ l) 87.8± 0.2 79.9± 0.5 57.3± 0.6

Table 9: The denotation accuracy for test, computed
over bucketized datasets per sequence length.

C.1 Pruning transformer enables reaching
high accuracy for long input sequences

To study the model accuracy on different input
sequence lengths, we bucketize the datasets. Ta-
ble 9 reports the accuracy results computed over
the test set for all buckets. We use DoT (m 256−−→ l)
model for the three datasets, a token based prun-
ing for both WIKISQL and TABFACT and a col-
umn based pruning for WIKISQL. For a length
> 1024, the DoT model outperforms the 256 and
512 length baselines for all tasks. For the bucket
[512, 1024], DoT model gives close results to 512
length baseline. This indicates that the pruning
model extracts twice more relevant tokens than the
heuristic CC. For smaller input lengths the base-
line models outperform DoT . One cause could be
the hyper-parameters tuning as we do not tune the
hyper parameters for DoT .

C.2 Choice of joint learning: Is it better to
impose the meaning of relevant tokens?

According to the analysis done in Section 5, the
pruning model –jointly learned– is selecting the
tokens to solve the main task. This raises a ques-
tion of whether adding a pruning loss similar
to the task-specific loss can improve the end-to-
end accuracy. We not Jpruning−scalar the prun-
ing loss and Jtask−specific−scalar the task-specific
loss. Both are similar to Jscalar defined by (Herzig
et al., 2020) where the attention scores are not
affected by the pruning scores. We additionally
not Jtask−specific−scalar|S the task specific loss af-
fected by the set of pruning scores S.

We compare the joint learning model J-DoT (.)
– defined in Appendix A.2 – to a model learned
using an additional pruning loss P -DoT (.) =
Jaggr+β(Jtask−specific−scalar+Jpruning−scalar),
and another using both PJ-DoT (.) = Jaggr +
β(Jtask−specific−scalar|S + Jpruning−scalar). Ta-
ble 10 shows that for both WIKISQL and WIK-
ITQ joint learning achieves higher accuracy for
similar efficiency. For TABFACT the median is in
the margin error but the best model using the joint
learning outperforms the other learning strategies.

D All models results

We report all DoT results in Table 11. C −DoT
indicates the column based selection: For each to-
ken from one column, the pruning score attributes
a column score instead of a token score. The col-
umn score is computed as an average of its tokens’
scores.
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Dataset WIKISQL TABFACT WIKITQ
Model test accuracy Best NPE/s test accuracy Best NPE/s test accuracy Best NPE/s

CC
1024−−−→ P -DoT (m 256−−→ l) 80.4± 0.6 82.11 950 79.7± 0.5 80.20 930 43.5± 0.6 44.54 950

CC
1024−−−→ PJ-DoT (m 256−−→ l) 82.9± 0.6 83.21 950 78.0± 0.3 78.41 930 46.4± 0.8 48.43 950

CC
1024−−−→ J -DoT (m 256−−→ l) 83.6± 0.5 84.67 950 79.0± 0.5 81.28 930 50.1± 0.5 50.14 950

Table 10: Test denotation accuracy using different DoT training losses. We compare a joint learning J-DoT
model – that enables the back propagation of the pruning transformer by modifying the attention scores – to two
differentDoT models where we modify the learning strategy. P -DoT disables the buck-propagation to the pruning
transformer through the attention scores, instead it uses an additional pruning loss similar to the task-specific loss.
The second strategy, JP -DoT is a hybrid method where the joint learning is used along with an additional pruning
loss. J-DoT achieves higher accuracy for similar efficiency, for both WIKISQL and WIKITQ. For TABFACT the
median is in the margin error but the best model using the joint learning outperforms the other learning strategies.

Dataset WIKISQL TABFACT WIKITQ
Model test accuracy Best NPE/s test accuracy Best NPE/s test accuracy Best NPE/s
state-of-the-art 83.9 − − 81.0 − − 51.8± 0.6 52.3 −
CC

1024−−−→ TAPAS(s) 74.6± 0.1 74.69 3900 73.3± 0.1 73.40 4400 36.0± 0.4 36.92 3800

CC
1024−−−→ TAPAS(m) 81.6± 0.2 81.55 2050 75.1± 0.2 75.75 2300 42.9± 0.3 43.67 2020

CC
256−−→ TAPAS(l) 76.4± 0.3 77.15 1870 75.1± 0.3 76.13 1900 44.8± 0.5 45.47 1900

CC
512−−→ TAPAS(l) 83.6± 0.1 83.65 800 81.3± 0.2 81.60 870 52.2± 0.5 52.74 810

CC
1024−−−→ TAPAS(l) 86.0± 0.3 86.6 270 81.6± 0.1 81.64 300 53.9± 0.2 54.30 270

HEM
256−−→ TAPAS(l) 77.4± 0.3 77.97 1870 75.5± 0.2 75.80 1900 47.3± 0.1 47.70 1900

HEM
512−−→ TAPAS(l) 83.8± 0.4 84.75 800 82.0± 0.3 82.07 870 52.7± 0.4 53.61 810

HEM
1024−−−→ TAPAS(l) 85.9± 0.0 85.94 270 80.6± 0.0 80.6 300 54.0± 0.9 54.93 270

CC
1024−−−→ DoT (mini

256−−→ l) 72.8± 0.8 73.01 1600 77.2± 0.5 77.72 1670 37.4± 0.9 39.48 1600

CC
1024−−−→ DoT (s

256−−→ l) 74.2± 3.6 84.27 1250 81.0± 0.1 81.17 1300 40.8± 0.4 42.15 1250

CC
1024−−−→ DoT (m

256−−→ l) 83.6± 0.5 84.67 950 79.0± 0.5 81.28 930 42.4± 0.5 43.44 950

HEM
1024−−−→ DoT (mini

256−−→ l) 73.4± 0.1 73.70 1600 77.6± 0.2 78.19 1670 39.2± 0.3 39.8 1600

HEM
1024−−−→ DoT (s

256−−→ l) 85.3± 0.4 85.76 1250 81.6± 0.3 81.74 1300 42.1± 0.7 42.15 1250

HEM
1024−−−→ DoT (m

256−−→ l) 85.5± 0.2 85.82 950 81.8± 0.0 81.94 930 48.2± 1.8 48.46 950

CC
1024−−−→ C −DoT (mini 256−−→ l) 72.0± 1.1 74.06 1560 77.3± 4.8 77.61 1600 41.0± 0.4 42.13 1560

CC
1024−−−→ C −DoT (s 256−−→ l) 74.3± 0.1 74.49 1250 77.2± 4.9 78.04 1300 48.1± 2.4 49.47 1250

CC
1024−−−→ C −DoT (m 256−−→ l) 73.9± 0.2 7454 950 78.3± 0.7 80.12 930 50.1± 0.5 50.14 950

HEM
1024−−−→ C −DoT (mini 256−−→ l) 72.0± 1.1 74.06 1560 78.1± 4.8 78.13 1600 41.5± 0.1 41.99 1560

HEM
1024−−−→ C −DoT (s 256−−→ l) 74.5± 0.8 74.72 1250 58.5± 0.3 59.19 1300 40.9± 0.2 41.23 1250

HEM
1024−−−→ C −DoT (m 256−−→ l) 74.3± 2.1 74.56 950 77.3± 0.1 77.71 930 40.1± 2.4 49.13 950

Table 11: Summary of all the experiments’ results on the accuracy efficiency trade-off. The state-of-the-art (de-
tailed in Appendix B.2) correspond to the values of (Min et al., 2019) for WIKISQL, (Eisenschlos et al., 2020)
for TABFACT and (Yin et al., 2020) for WIKITQ. For each dataset, the state-of-the-art, the best baseline model on
accuracy, and the DoT models that reach the best accuracy efficiency trade-off are highlighted.
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Abstract

In Grammatical Error Correction (GEC), se-
quence labeling models enjoy fast inference
compared to sequence-to-sequence models;
however, inference in sequence labeling GEC
models is an iterative process, as sentences are
passed to the model for multiple rounds of cor-
rection, which exposes the model to sentences
with progressively fewer errors at each round.
Traditional GEC models learn from sentences
with fixed error rates. Coupling this with the
iterative correction process causes a mismatch
between training and inference that affects fi-
nal performance. In order to address this mis-
match, we propose a GAN-like sequence label-
ing model, which consists of a grammatical er-
ror detector as a discriminator and a grammat-
ical error labeler with Gumbel-Softmax sam-
pling as a generator. By sampling from real er-
ror distributions, our errors are more genuine
compared to traditional synthesized GEC er-
rors, thus alleviating the aforementioned mis-
match and allowing for better training. Our re-
sults on several evaluation benchmarks demon-
strate that our proposed approach is effec-
tive and improves the previous state-of-the-art
baseline.

1 Introduction

Sequence-to-sequence neural solutions (Parnow
et al., 2020) have been quite successful in compari-
son to their statistical counterparts (Sutskever et al.,
2014), but these approaches suffer from a couple
key problems, which has given rise to sequence
labeling approaches for GEC (Omelianchuk et al.,

∗Corresponding author. † These authors made equal con-
tribution. This work was supported by Huawei Noah’s Ark
Lab and funded by the National Key Research and Develop-
ment Program of China (No. 2017YFB0304100), the Key
Projects of National Natural Science Foundation of China
(U1836222 and 61733011), the Huawei-SJTU long term AI
project, Cutting-edge machine reading comprehension and
language model.

2020). Such approaches task models with gener-
ating a list of labels to classify the grammatical
errors in a sentence before correcting these errors.

Sequence labeling approaches have recently
gained popularity in GEC and are currently state-
of-the-art. One typical aspect of sequence labeling
approaches is labeling and correcting sentences
through an iterative process. As successive edits
will depend on how other errors are corrected in a
sentence, using an iterative process and correcting
only the most salient errors in each round allows
models to achieve better performance; however,
because of this process, models are tasked with
handling sentences with varying rates of errors, as
during each round of inference for a given sentence,
a model encounters a sentence with progressively
fewer errors. This of course causes an exposure
bias problem, as the training data does not match
the test data, and suggests that providing the model
with training data with varying error rates will lead
to better performance.

To combat this exposure bias, we propose a new
approach for training a sequence labeling GEC
model that draws from GANs (Goodfellow et al.,
2014), which consist of a generator that generates
increasingly realistic fake inputs and a discrimi-
nator that is tasked with differentiating these fake
inputs from real inputs. Other GEC works like
(Raheja and Alikaniotis, 2020) directly used GANs
to produce grammatically correct sentences given
grammatically incorrect ones. This contrasts our
work, which uses aspects of a GAN to enhance
the training process rather than using a GAN it-
self as the correcting model. Our model consists
of three components: an encoder, a Grammatical
Error Detector, and a Grammatical Error Labeler.
By sampling from the error distribution in the error
labeler, our model can synthesize sentences with
new errors creating new sentence pairs for further
training data. As a result, our Detector continually

3284



…

…

…

������������
��������������

�����������
�������

������������
�������������

�
����	������ ���������

����������

���� ���� ����� ����

����

��������

�
	�
���
� β

hi

∑PGED ∑PGEL

X XSYN

Y

γ � � � � � � � � � �

Figure 1: An overview of our model.

improves its ability to detect errors and essentially
acts as a discriminator of errors, and our Labeler
continually improves the authenticity of its error
distribution and becomes a better generator of er-
rors. This process allows us to counter the exposure
bias problem sequence labeling GEC models face
because in addition to allowing us to generate new
errorful sentences whose errors are increasingly
representative of those in real data, we can also use
control parameters to set the error rates of these
sentences and accommodate our iterative inference
process.

2 Our Approach

We formulate the GEC task as a problem of se-
quence labeling and create a neural sequence label-
ing model based on a deep pre-trained Transformer
encoder to deal with this problem. Inspired by
the work of (Omelianchuk et al., 2020), our full
model’s overall architecture diagram is shown in
Figure 1. There are three main components in our
basic neural GEC model: a deep pre-trained Trans-
former Encoder, a Grammatical Error Detector, and
a Grammatical Error Labeler. To accommodate our
new GAN-like training process, we add a Gumbel-
softmax sampling component to the basic GEC
model.

2.1 Background and Notation
First, in training, given incorrect input sentence
X = x1, x2, ..., xn and its corrected version

Xc = y1, y2, ..., ym, the model predicts a
corrective label sequence T = t1, t2, ..., tn
by minimizing the token-level Levenshtein
distance on the span-based alignments of X
and Xc. The corrective label set is given
as T = {$KEP, $DEL, $APP, $REP} ∪
{$CAS, $MRG, $SPL, $NNUM, $VFORM},
in which the first set consists of the basic text
editing transformation operations and the second
consists of g-transformations as defined by
(Omelianchuk et al., 2020) for GEC1. Aligning
sentences using these transformations in pre-
processing, reduces what would be a sequence
generation task that handles unequal source-target
lengths to a set of label classification problems.
In this formulation, the neural sequence labeling
model trains to optimize the input sequence’s
negative log-likelihood loss for an input sequence:

J (θ) = −
n∑

i=1

log p(ti|x, θ),

where p is the conditional probability that the
model outputs at each position i.

2.2 Deep Pre-trained Transformer Encoder
As in most neural sequence labeling models (Ma
and Hovy, 2016), a neural encoder such as a BiL-
STM (Hochreiter and Schmidhuber, 1997) or a
Transformer (Vaswani et al., 2017; Li et al., 2021)
is used to extract context-aware features from the
input sequence. Deep pre-trained language models
such as BERT (Devlin et al., 2019; Zhang et al.,
2020b), RoBERTa (Liu et al., 2019), and XLNet
(Yang et al., 2019) have recently demonstrated the
efficacy of Transformer models trained on large-
scale unlabeled data in various NLP tasks. We
leveraged these very beneficial models by using
a pre-trained language model as our encoder. We
define the contextualized features captured by the
neural encoder as:

hi = [Enc(X)]i,

where Enc represents the encoder, and [·]i repre-
sents the output of the i-th position after encoding.

2.3 Grammatical Error Detector and Labeler
Next, we adopt a a Grammatical Error Detector
(GED) to detect the presence of errors and a Gram-

1The label set here only presents the transformations’ basic
names. Some transformations require additional parameters
because they are context-specific and thus have many different
versions.
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matical Error Labeler (GEL) to predict detailed
error labels. With these labels, corrections are ap-
plied to sentences, and this process is typically
iterative, as some corrections may depend on oth-
ers, and applying corrections only once may not be
enough to fully correct the sentence. During itera-
tive correction, the model needs to assess at each
round whether more correction is required. To this
end, we use the GED to determine the degree of
error for an entire sentence and control the iterative
correction process.

Specifically, we use a binarization Yb of the cor-
rective labels Y as the training target of the GED
and use Y as the training target of the GEL. To ob-
tain label probabilities grammatical error detection
and labeling, two linear layers with softmax layers
are appended to the encoder:

P iGED = softmax(MLPGED(hi)),

P iGEL = softmax(MLPGEL(hi)).

The binary classification probabilities in the
GED output do not necessarily control the infer-
ence process’s iterations. Rather, after using the
GEL error label probabilities as thresholds for
sentence positions, we also use the sum of these
probabilities as a threshold for attempting another
round of correction on the whole sentence. The
model continues correcting the sentence until ei-
ther it reaches a preset maximum number of itera-
tions or no longer satisfies the following condition:∑

i[P
i
GED]err=1 > γ, where γ is the minimum er-

ror probability threshold for a sentence.
Additionally, since GEC usually corrects a small

portion of a sentence (and there are therefore no
errors in most of the input), the corrective label
prediction task is an imbalanced classification prob-
lem. We alleviate this imbalance classification is-
sue by taking advantage of this prior knowledge
and adding a fixed and preset confidence β to the
label $KEP to keep a position unchanged when
applying corrections:

[P iGEL]$KEP = [P iGEL]$KEP + β.

2.4 GAN-like Sequence Labeling Training
While we adopt sequence labeling instead of
sequence-to-sequence modeling in this paper and
therefore avoid the exposure bias problem caused
by left-to-right sequence generation, our model still
faces exposure bias because of the iterative correc-
tion process, which, through its iterative correction

process, tasks the model with handling much more
varied error rates in inference compared to in train-
ing, where it handles static data and does not use
multiple-round corrections. To address this issue,
we borrow the idea of a GAN (Goodfellow et al.,
2014) and propose a GAN-like iterative training ap-
proach for a sequence labeling GEC model. GANs,
whose training objective can be formulated as a
minimax game between a generator that creates in-
creasingly realistic fake outputs and a discriminator
that must differentiate these outputs from their real
counterparts, have been suggested for sequence-to-
sequence text generation (Li et al., 2020; Zhang
et al., 2020a; Li et al., 2018) as they do not suffer
from exposure bias.

Algorithm 1 GAN-like Sequence Labeling Training

Require: Genuine GEC parallel dataset D = {(X,Y)}
Synthesized GEC parallel dataset DSYN = {}
Number of training stagesN
Number of training epochs M
Sentence error probability threshold γ
Additional confidence β for label $KEP

1: for i in 1, ..., N do
2: Initialize model parameters from previous training

stage θi ← θi-1 when i > 1
3: for j in 1, ..., M do
4: for k in 1, ..., |D ∪ DSYN| do
5: Encode each sentence Xk as Hk

6: P kGED = Softmax(MLPGED(Hk))
7: P kGEL = Softmax(MLPGEL(Hk))
8: lossGED = CrossEntropy(P kGED,Ykerr)
9: lossGEL = CrossEntropy(P kGEL,Yklabel)

10: loss = lossGED + lossGEL
11: Update the model parameter θi with loss
12: end for
13: end for
14: DSYN = {}
15: for k in 1, ..., |D| do
16: Encode each sentence Xk as Hk

17: P kGED = Softmax(MLPGED(Hk))
18: P kGED =

∑
[P kGED]err=1 > γ

19: P kGEL = Softmax(MLPGEL(Hk))
20: [P kGEL]$KEP = [P kGEL]$KEP + β
21: P kGEL = GumbelSoftmax(P kGEL)
22: Use P kGED and P kGEL to produce sampled sequence

Xk
SYN

23: DSYN = DSYN ∪ {(Xk
SYN,Yk)}

24: end for
25: end for

In our model, the GEL module can be considered
a discriminator, as it must differentiate whether to-
kens are erroneous, and by adding a sampling mod-
ule to the GED module, we can create a generator
that outputs grammatical errors (rather than correc-
tions) that are increasingly realistic. We can then
pair these sampling outputs with their golden se-
quence in the training dataset to create new training
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GEC system Ens. CoNLL-2014 (test) BEA-2019 (test) JFLEG (test)

P R F0.5 P R F0.5 GLEU

(Zhao et al., 2019) 67.7 40.6 59.8 − − − −
(Awasthi et al., 2019) 66.1 43.0 59.7 − − − 60.3
(Kiyono et al., 2019) 67.9 44.1 61.3 65.5 59.4 64.2 59.7
(Kaneko et al., 2020) 69.2 45.6 62.6 67.1 60.1 65.6 61.3

(Lichtarge et al., 2019) X 66.7 43.9 60.4 − − − 63.3
(Zhao et al., 2019) X 71.6 38.7 61.2 − − − 61.0
(Awasthi et al., 2019) X 68.3 43.2 61.2 − − − 61.0
(Kiyono et al., 2019) X 72.4 46.1 65.0 74.7 56.7 70.2 61.4
(Kantor et al., 2019) X − − − 78.3 58.0 73.2 −
(Kaneko et al., 2020) X 72.6 46.4 65.2 72.3 61.4 69.8 62.0

Baseline (BERT-base) 72.1 42.0 63.0 71.5 55.7 67.6 60.1
+GST 72.6 42.5 63.6 71.9 55.9 68.0 60.5

Baseline (RoBERTa-base) 73.9 41.5 64.0 77.2 55.1 71.5 60.6
+GST 74.1 42.2 64.4 77.5 55.7 71.9 60.9

Baseline (XLNet-base) 77.5 40.1 65.3 79.2 53.9 72.4 61.5
+GST 78.4 39.9 65.7 79.4 54.5 72.8 61.8

Table 1: Comparison of GEC models. The baseline comes from the model released by (Omelianchuk et al., 2020).

samples. This trains the model with more samples
and more varied errors and alleviates the exposure
bias issue. Separate cross-entropy losses are cal-
culated for the Grammatical Error Detector and
Labeler, and we detail the whole algorithm for our
training process in Algorithm 3.

3 Detailed Training Process

To synthesize new errors based on a genuine gram-
matical error distribution, we add a sampling mod-
ule to a trained GED module. Specifically, we
use Gumbel-softmax sampling, a simple and ef-
ficient way to draw samples z from a categorical
distribution with class probabilities PGEL using the
Gumbel-Max trick (Gumbel, 1954; Maddison et al.,
2014):

z = one_hot
(
argmaxj

[
gj + log[P iGEL]j

])

(1)
where g1...gj are i.i.d samples drawn from
Gumbel(0, 1)2. We use the softmax function
as a continuous, differentiable approximation to
argmax:

[yi]k =
exp((log([P iGEL]k) + gk)/τ)∑|C|
j=1 exp((log([P iGEL]j) + gj)/τ)

, (2)

where |C| is the number of classes, τ is the soft-
max temperature. Altering γ and β allows us to
synthesize input samples of different error rates.

2The Gumbel(0, 1) distribution can be sampled using in-
verse transform sampling by drawing u ∼ Uniform(0, 1) and
computing g = − log(− log(u)).

Sampling CoNLL-2014 (test)
P R F0.5

Random 74.3 40.2 63.5
GumbelSoftmax 78.4 39.9 65.7

Multinomial 78.1 39.9 65.5

Table 2: Comparing the effects of different sampling
distributions.

4 Experiments

4.1 Setup
To isolate our GAN-like Sequence Labeling Train-
ing (GST) approach, we use the same model set-
ting and training details as in (Omelianchuk et al.,
2020). The training data includes PIE’s synthetic
data (Awasthi et al., 2019), NUCLE (Dahlmeier
et al., 2013), Lang-8 (Tajiri et al., 2012), FCE
(Yannakoudakis et al., 2011), Cambridge Learner
Corpus (the publicly available portion) (Nicholls,
2003), and WI+LOCNESS (Bryant et al., 2019).
Our models are evaluated on the test sets of CoNLL-
2014 (Ng et al., 2014), BEA-2019 (Bryant et al.,
2019), and JFLEG (Napoles et al., 2017) with the
official M2 (Dahlmeier and Ng, 2012), ERRANT
(Bryant et al., 2017), and GLEU(Napoles et al.,
2015) scorers, respectively.

4.2 Results and Analysis
Our results on the three test datasets are listed in
Table 1. Our baseline model achieves the best sin-
gle model CoNLL-2014 F0.5, BEA-2019 F0.5, and
JFLEG GLEU scores, showing that the baseline
we use is very strong. The results on the three
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Model CoNLL-2014 (test)
P R F0.5

Baseline 72.1 42.0 63.0
Baseline + Extended Training 73.5 40.1 63.0

Intermediate Outputs 73.2 39.8 62.7
GST 72.6 42.5 63.6

Table 3: Comparing GST training with additional base-
lines.

benchmarks are further improved using the GST
approach, which demonstrates that the GST ap-
proach can effectively alleviate the exposure bias
issue. With GST, we achieved new best results on
the CoNLL-2014 test dataset, surpassing ensemble
methods while only using a single model.

In order to illustrate the benefits of sampling
using Gumbel-Softmax, we replaced it with ran-
dom sampling and Multinomial. The comparison
is shown in Table 2. Random sampling actually
hampers performance, which shows that synthetic
sentences not based on a genuine error distribution
do not alleviate exposure bias. Both GumbelSoft-
max and Multinomial, which use a genuine error
distribution, improve the model, though Gumbel-
Softmax appears to be more suitable for sampling
in sequence labeling modeling.

In Figure 2, we show how the performance
changes with increasing rounds of GST training.
In the first few rounds, due to the model’s re-
adaptation to new errors, there was a drop in perfor-
mance on the test datasets; however, as the number
of training rounds increased, performance on the
test set gradually improved and finally stabilized.

Intermediate Outputs and Longer Training
In this experiment, we explored using intermedi-
ate outputs from our iterative inference process
as additional training outputs to highlight the im-
pact of generating new erroneous sentence by sam-
pling from the real error distribution with our GST
approach. For this experiment, we use our base-
line architecture. As seen in the results in Table
3, whereas GST leads to a 0.6 F0.5 gain over the
baseline, using intermediate training outputs paired
with golden sentences for additional training ac-
tually leads to worse performance, yielding a 0.3
F0.5 loss in comparison to the baseline.

To confirm that GST’s performance gain is not
due to the added training time, we also train the
baseline for a commensurate amount of additional
steps but find that this does not have any effect on
model performance. This experiment demonstrates

0 1 2 3 4 5 6 7 8 9101112131415

64

66
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F 0
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RoBERTa+GST
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Figure 2: The GEC performance versus the the GST
rounds on the CoNLL-2014 test set.

Model CoNLL-2014 (test)
P R F0.5

Baseline 72.1 42.0 63.0
GST 72.6 42.5 63.6

Baseline w/o BERT 65.0 32.6 54.2
GST w/o BERT 64.9 35.6 55.7

Table 4: Evaluating GST without pre-trained language
models.

that our model does bring improvement to the base-
line without relying on additional training steps.
We also note that as our model is not significantly
different in size from our baseline, our improve-
ment is also not brought about by simply using a
larger model.

Performance with out Pre-trained Language
Models We additionally explored the perfor-
mance of our system in the absence of contextual-
ized pre-trained language models. As we expected,
these models make our model much more resilient
to the exposure bias problem, and as seen in Table
4, the improvement brought about GST is therefore
much more evident. In comparison to the base-
line, using GST brings an improvement of 1.5 F0.5

points.

5 Conclusion

In this paper, we studied the exposure bias problem
GEC sequence labeling models face. To alleviate
this issue, we proposed a novel GAN-like train-
ing method for the GEC sequence labeling model.
Through evaluation on three GEC benchmarks, we
demonstrate that our novel training approach fur-
ther improves a strong baseline model, illustrating
the effectiveness of our training approach. Notably,
with the help of pre-trained language models and
our training approach, we achieved state-of-the-art
results on the CoNLL-2014 benchmark.
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Abstract

Incorporating external knowledge into Named
Entity Recognition (NER) systems has been
widely studied in the generic domain. In this
paper, we focus on clinical domain where only
limited data is accessible and interpretability
is important. Recent advancement in technol-
ogy and the acceleration of clinical trials has
resulted in the discovery of new drugs, pro-
cedures as well as medical conditions. These
factors motivate towards building robust zero-
shot NER systems which can quickly adapt
to new medical terminology. We propose
an auxiliary gazetteer model and fuse it with
an NER system, which results in better ro-
bustness and interpretability across different
clinical datasets. Our gazetteer based fusion
model is data efficient, achieving +1.7 micro-
F1 gains on the i2b2 dataset using 20% train-
ing data, and brings + 4.7 micro-F1 gains on
novel entity mentions never presented during
training. Moreover, our fusion model is able
to quickly adapt to new mentions in gazetteers
without re-training and the gains from the pro-
posed fusion model are transferable to related
datasets.

1 Introduction

Named entity recognition (NER) (Lample et al.,
2016; Ma and Hovy, 2016) aims to identify text
mentions of specific entity types. In clinical do-
mains, it’s particularly useful for automatic infor-
mation extraction, e.g., diagnosis information and
adverse drug events, which could be applied for a
variety of downstream tasks such as clinical event
surveillance, decision support (Jin et al., 2018),
pharmacovigilance, and drug efficacy studies.

We have witnessed a rapid progress on NER
models using deep neural networks. However, ap-
plying them to clinical domain (Bhatia et al., 2019)
is hard due to the following challenges: (a) accessi-
bility of limited data, (b) discovery of new drugs,

procedures and medical conditions and the (c) need
for building interpretable and explainable models.
Motivated by these, we attempt to incorporate ex-
ternal name or ontology knowledge, e.g., Remde-
sivir is a DRUG and COVID-19 is a Medical
Condition, into neural NER models for clini-
cal applications.

Recent work on leveraging external knowledge
can be categorized into two categories - Gazetteer
embedding and Gazetteer models. Recent work has
primarily focused on gazetteer embeddings. Song
et al. (2020) feed the concatenation of BERT out-
put and gazetteer embedding into Bi-LSTM-CRF.
Peshterliev et al. (2020) use self-attention over
gazetteer types to enhance gazetteer embedding
and then concatenate it with ELMO, char CNN and
GloVe embeddings. By contrast, the basic idea of
gazetteer model is to treat ontology knowledge as
a new clinical modality. Magnolini et al. (2019)
combine outputs of Bi-LSTM and gazetteer model
and feed them into CRF layer. Liu et al. (2019a) ap-
ply hybrid semi-Markov conditional random field
(HSCRF) to predict a set of candidate spans and
rescore them with a pre-trained gazetteer model.

In this paper, we combine the advantages of both
worlds. Unlike the work of Peshterliev et al. (2020),
we build self-attention over entity mentions and
their context rather than over different gazetteer
types. For example, Take Tylenol 3000 (NUM)
mg (METRIC) per day, in which Tylenol is more
likely to be a DRUG given NUM, METRIC in con-
text. Moreover, we study two fusion methods to
integrate information from two modalities.

• Early fusion. Similar to Magnolini et al.
(2019), NER model and gazetteer model apply
a shared tagger, as shown in Fig. 1a

• Late fusion. For better interpretability and
flexibility, we allow NER and gazetteer mod-
els to apply separate taggers and fuse them
before taking softmax, as shown in Fig. 1b
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(a) Early fusion (b) Late fusion
Figure 1: Model Architecture. (a) Early fusion. The outputs of NER and gazetteer are concatenated and fed into a shared tagger.
(b) Late fusion. NER and gazetteer apply separate taggers and two modalities are fused by taking element-wise max pooling.

Unlike the work of Liu et al. (2019a), NER and
gazetteer models are jointly learned end-to-end.

Our contributions are as follows. (1) We pro-
pose to augment NER models with an auxiliary
gazetteer model via late fusion, which provides
better interpretability and flexibility. Interestingly,
the NER model can preserve the gains even if the
gazetteer model is unplugged at inference time. (2)
Our thorough analysis shows that the fusion model
is data efficient, explainable and is able to quickly
adapt to novel entity mentions in gazetteers. (3) Ex-
periments show that the fusion model consistently
brings gains cross different clinical NER datasets.

2 Approach

2.1 NER model
NER is a sequence tagging problem by maximizing
a conditional probability of tags y given an input
sequence x. We first encode x into hidden vectors
and apply a tagger to produce output y.

r = EncoderR
(
x
)

(1)

ort = TaggerR
(
rt
)

(2)

yt = softmax(ort ) (3)

2.2 Gazetteer model
We embed gazetteers into E ∈ RM×K×d, where
M is the number of gazetteers (e.g, drugs, medical
condition),K is the number of gazetteer labels (e.g,
B-Drug, E-Drug), and d is the embedding size. We
define Egt = [E0,z0t

;E1,z1t
; · · · ,EM,zMt

], where zjt
is the gazetteer label of token xt in gazetteer j. In

order to model the association of name knowledge
between entity mentions and their contexts, we
compute context-aware gazetteer embedding using
scaled dot-product self-attention

gt = softmax
(Egt (Egt′)T√

d

)
Egt , ∀|t− t′| ≤ w

(4)
where w is the size of attention window.

Similar to the NER model, we apply a tagger to
produce output y

ogt = TaggerG
(
gt
)

(5)

yt = softmax(ogt ) (6)

2.3 Fusion: NER + gazetteer
To better use information from both modalities, we
investigate two different fusion methods to com-
bine information from NER and gazetteer.

• Early fusion. In Fig. 1a, we concatenate rt
with gt, and feed it into a shared tagger

yt = softmax
(
TaggerRG

(
[rt;gt]

))
(7)

• Late fusion. In Fig. 1b, we directly fuse ort
and ogt by performing element-wise max pool-
ing

yt = softmax
(
max(ort ,o

g
t )
)

(8)

3 Experiments

3.1 Experimental setup
LM pre-training. We continue to pre-train
RoBERTabase (L=12, H=768, A=12) (Liu et al.,
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Table 1: Results on i2b2 (Med, TTP) and DCN (Med, DS).
We report micro-F1 score, each is averaged over 3 random
seeds.

i2b2 DCN
Med TTP Med DS

NER w/o fusion 92.26 87.22 84.51 83.99

Early fusion 92.14 87.42 84.82 84.51
Early fusion + attention 92.44 87.43 84.99 84.47

Late fusion 92.37 87.32 84.84 84.58
Late fusion + attention 92.35 87.41 84.82 84.37

2019b) on MIMIC-III dataset (Johnson et al.,
2016), which comprises deidentified clinical data
from ∼ 60k intensive care unit admissions.

Fine-tuning on clinical NER datasets. We fine-
tune RoBERTamimic and learn a gazetteer model
(w/ NER tagger) from scratch on clinical datasets.

• i2b2 - We use public datasets from the 2009
and 2010 i2b2 challenges for medication
(Med) (Uzuner et al., 2010), and “test, treat-
ment, problem” (TTP) entity extraction. We
follow the original data split from Chalapathy
et al. (2016) of 170 notes for training and 256
for testing.

• De-identified clinical notes (DCN) - Second
dataset (Bhatia et al., 2018) consists of 1,500
de-identified, annotated clinical notes with
medications (Med) and medical conditions
(DS). We follow i2b2 challenge guidelines for
data annotation.

We extract medical condition and drug dictionaries
from UMLS(Bodenreider, 2004) (ontology knowl-
edge graph) based on graph as well semantic mean-
ings. We followed different steps to prune the
dictionaries based on different medical ontologies
such as RxNorm for medication (∼100k concepts),
ICD-10 CM and SNOMED for medical conditions
(∼500k concepts). We employ Inside, Outside, Be-
gin, End and Singleton (IOBES) format for both
tags and gazetteers1.

We minimize the cross-entropy loss during train-
ing and report micro-F1 score at test time. We use
RoBERTamimic as NER encoder and parameterize
Taggers via Multi-layer Perception (MLPs). We
use BertAdam optimizer, learning rate 5e−5, and
dropout 0.1. We tune hyper-parameters d ∈ [2, 12]
(best:8) and w ∈ [2, 10] (best:5) on validation set.

1We do string matching for gazetteers by following (Chiu
and Nichols, 2016). For example, if A, B and AB are all in
gazetteers, we’ll label AB as AB. The basic idea is to start
from bigger spans, so we first check for ABC, if not found
then AB, if not found then A and B.

Table 2: Performance on unseen entity mentions. Models are
trained using 20% training data. We report performance of
Medication in i2b2 Med and Treatment in i2b2 TTP.

Medication Treatment

NER w/o fusion 76.96 72.40
Late fusion w/ attention 81.63 (+4.7) 74.30 (+1.9)

Table 3: Ablation study on individual modules.

R0 RG R R0G

76.23 96.33 90.71 85.75

3.2 Results.

We report overall results in Table 1. We observe
that incorporating name knowledge consistently
boost performance on all datasets by 0.18 ∼ 0.59
micro-F1 gains. Overall, two fusion methods
achieve comparable results.

3.3 Analysis

We investigate the effectiveness of late fusion on
handling three challenges: novel entity mentions,
little data access and interpretability.

3.3.1 Novel entity mentions
New drugs and medical condition come out very
frequently. For example, “remdesivir”and “Barici-
tinib” for COVID-19. To investigate the effect of
late fusion on unseen entity mentions, we focus
on answering questions: whether it can generalize
well on unseen entity mentions, and whether it is
able to correct prediction once novel entity names
are added into gazetteer without re-training?

Zero-shot. We report results on unseen entity
mentions not presented in train and validation sets.
In Table 2, we see that late fusion brings significant
improvement: +4.7 F1 for medication (i2b2 Med)
and +1.9 F1 for Treatment (i2b2 TTP).

“One”-shot in gazetteer. We evaluate the ability
of late fusion to quickly adapt to non-stationary
gazetteers, e.g., specialists might add new entity
mentions into gazetteers or give feedback when
models make incorrect prediction.

For this analysis, we split entity mentions in
training set into two parts: 70% labelled and 30%
in gazetteer, and compare models:

• R0: NER model only

• RG: R + G via late fusion

• R: Unplug G from RG after training

• R0G: Fix R0 and learn G via late fusion

where R is NER model and G is gazetteer model.
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Figure 2: Quick adaptation to non-stationary gazetteers. As
we increase the number of unseen entity mentions included in
gazetteers, the performance goes up without re-training.

Table 4: Cross-evaluation on i2b2 Med and DCN Med. Col-
umn: dataset models are trained on. Row: dataset models are
evaluated on.

i2b2 DCN

i2b2 94.54→ 94.77 68.78→ 69.68
(+0.23) (+0.9)

DCN 59.98→ 60.08 90.02→ 90.71
(+0.1) (+0.69)

In Table 3, we observe that G plays two roles:
(1) R > R0. G can regularize R to gain better
generalization ability, and (2) R0G > R0 and
RG > R. Besides serving as a regularizer, G
provides extra information at test time.

Moreover, we evaluate late fusion by varying
the number of unseen entity mentions included in
gazetteers. In Fig. 2, without re-training models,
late fusion can adapt to new mentions and obtain
linear gains, which enables effective user feedback.

Overall, the ability to detect and adapt to novel
entity mentions, without re-training models, is use-
ful with accelerated growth in drug development as
well as in practical settings where entity extraction
is one of the components to build knowledge graph
and search engines (Wise et al., 2020; Bhatia et al.,
2020). For example, linking new drugs discov-
ered in clinical trails of COVID-19 to standardized
codes in ICD-10 2 or SNOMED 3.

3.3.2 Limited data access
Typically, data accessible to use in the clinical do-
main is quite limited. In this section, we focus on
evaluating fusion model in low-resource settings as
well as investigate whether the gain is transferable
across related datasets. Here we present results
with late fusion methodology.

Low-resource setting We evaluate late fusion by
reducing training data size from 100% to 20%. Fig.
3 shows late fusion gains more when less training

2https://www.cdc.gov/nchs/icd/icd10cm.
htm

3https://www.nlm.nih.gov/healthit/
snomedct/index.html

Figure 3: Accuracy vs. Training data size on i2b2 Med. We
randomly sample 20%, 40%, · · · , 100% of training data and
report micro-F1 score averaged over 3 random seeds.

Table 5: Qualitative examples.

(1) Treated for COPD flare︸ ︷︷ ︸
B-R, I-R

with supplemental DuoNebs

NER w/o fusion B-R, O
Late fusion w/o attention B-R, O
Late fusion w/ attention B-R, I-R

(2) Postop day 0, increase sodium︸ ︷︷ ︸
S-M

, free water added

R: O, G: S-M, RG: S-M

data is present. With 20% training data, late fu-
sion is able to boost performance over the baseline
model by 1.7 micro-F1 on i2b2 Med dataset.

Transfer learning. To verify the generalization
ability of late fusion, we train models on one
dataset and report evaluation on another data
source. We re-train models on i2b2 Med and DCN
Med using common entity types: Dosage, Medica-
tion, Frequency, and Mode. Table.4 shows that the
gains from gazetteer enhanced fusion models are
preserved in i2b2→ DCN and DCN→ i2b2.

3.3.3 Interpretability

Explainable and controllable models are very im-
portant for clinical applications. Unfortunately, it
is extremely challenging for deep neural networks.
We illustrate two qualitative examples in Table.5.
Late fusion models are trained on i2b2 Med using
20% training data.

(1) Late fusion correctly predicts flare as I-R
(Reason) since COPD flare is a Medical
Condition.

(2) By looking into individual predictions from
R and G, we notice that correct prediction is
caused by name knowledge in gazetteers.

Overall, late fusion provides us a tool for diagno-
sis system: to answer questions whether NER or
gazetteer model failed and explain why mentions
belong to a particular entity type.
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4 Conclusion

We studied fusion methods to improve NER sys-
tem by leveraging name knowledge from gazetteers.
We did a thorough analysis on the effectiveness of
fusion methods on handling limited data and non-
stationary gazetteers. In addition, we demonstrated
that fusion models are explainable and can be used
to improve NER systems. Future research should
extend our approach to structured knowledge to
further improve NER system and gain better inter-
pretability.
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Abstract

Knowledge Graph (KG) completion has been
excessively studied with a massive number of
models proposed for the Link Prediction (LP)
task. The main limitation of such models is
their insensitivity to time. Indeed, the tem-
poral aspect of stored facts is often ignored.
To this end, more and more works consider
time as a parameter to complete KGs. In
this paper, we first demonstrate that, by sim-
ply increasing the number of negative sam-
ples, the recent ATTH model can achieve com-
petitive or even better performance than the
state-of-the-art on Temporal KGs (TKGs), al-
beit its nontemporality. We further propose
HERCULES, a time-aware extension of ATTH
model, which defines the curvature of a Rie-
mannian manifold as the product of both re-
lation and time. Our experiments show that
both HERCULES and ATTH achieve compet-
itive or new state-of-the-art performances on
ICEWS04 and ICEWS05-15 datasets. There-
fore, one should raise awareness when learn-
ing TKGs representations to identify whether
time truly boosts performances.

1 Introduction

The prevalent manner to store factual information
is the 〈s, p, o〉 triple data structure where s, p and
o stand for the subject, predicate and object re-
spectively. An entity denotes whether a subject or
an object while a relation denote a predicate that
links two entities. A collection of triples defines
a Knowledge Graph (KG) noted G(E ,R) with E
the set of entities, i.e. subjects and objects, cor-
responding to the nodes in the graph and R the
set of predicates corresponding to directed edges.
Shedding light on the type of connections between
entities, KGs are powerful to work with for numer-

ous downstream tasks such as question-answering
(Bordes et al., 2014; Hao et al., 2017; Saxena et al.,
2020), recommendation system (Yu et al., 2014;
Zhang et al., 2016; Zhou et al., 2017), informa-
tion retrieval (Lao and Cohen, 2010; Rocktäschel
et al., 2015; Xiong et al., 2017), or reasoning (Xian
et al., 2019; Chen et al., 2020). However, KGs are
sometimes incomplete and part of the knowledge is
missing. A major concern was therefore raised to
predict missing connections between entities, stim-
ulating research on the Link Prediction (LP) task.
Intuition is to map each entity and relation into a
vector space to learn low-dimensional embeddings
such that valid triples maximize a defined scoring
function and that fallacious triples minimize it. An
approach is efficient if it can model multiple re-
lational patterns. Some predicates are symmetric
(e.g. marriedTo), asymmetric (e.g. fatherOf ), an
inversion of another relation (e.g. fatherOf and
childOf ) or a composition (e.g. grandfatherOf ).
Distinct strategies were introduced by explicitly
model those patterns (Bordes et al., 2013; Yang
et al., 2015; Trouillon et al., 2016; Sun et al., 2019).
However, hierarchical relations have remained chal-
lenging to model in Euclidean space. As demon-
strated in Sarkar (2011), tree structures are better
embedded in hyperbolic spaces. Thus, hyperbolic
geometry reveals to be a strong asset to capture hier-
archical patterns. Nevertheless, the aforementioned
approaches represent embeddings as invariant to
time. For example, while writing this article, the
triple 〈Donald Trump, presidentOf, U.S.〉 is correct
but will be erroneous at reading time due to the
meantime United States presidential inauguration
of Joe Biden. To address this issue, recent works
considered using quadruplet written as 〈s, p, o, t〉
by adding a time parameter t. Then, we note a Tem-
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poral Knowledge Graph (TKG) as G(E ,R, T ) with
T the set of timestamps. Stating a precise time can
be advantageous for diverse applications (disam-
biguation, reasoning, natural language generation,
etc). Recent works toward TKG representations
are essentially extensions of existing timeless KG
embeddings that incorporate the time parameter in
the computation of their scoring function.

Similar to our work, Han et al. (2020) developed
DYERNIE, an hyperbolic-based model inspired
from MURP (Balažević et al., 2019a). DYERNIE
uses a product of manifolds and adds a (learned)
Euclidean time-varying representation for each en-
tity such that each entity further possesses an entity-
specific velocity vector along with a static (i.e. time-
unaware) embedding.

In this paper, we first demonstrate that an op-
timized number of negative samples enables the
ATTH model (Chami et al., 2020) to reach compet-
itive or new state-of-the-art performance on tempo-
ral link prediction while being unaware of the tem-
poral aspect. We further introduce HERCULES1,
an extension of ATTH. HERCULES differs from
DYERNIE in that:

• Following Chami et al. (2020), we utilize
Givens transformations and hyperbolic atten-
tion to model different relation patterns.

• A single manifold is used.

• Curvature of the manifold is defined as the
product of both relation and time parameters.

To the best of our knowledge, this is the first at-
tempt to leverage the curvature of a manifold to
coerce time-aware representation. We also provide
an ablation study of distinct curvature definitions
to investigate the surprising yet compelling results
of ATTH over time-aware models.

2 Related Work

In this section, we present existing methods on both
KG and TKG vector representation.

2.1 Timeless Graph Embeddings

Previous works on KG completion essentially fo-
cused on undated facts with the 〈s, p, o〉 formalism.
Bordes et al. (2013) initially proposed the TRANSE
model considering the relation p as a translation

1Hyperbolic Representation with TimE and Relational
CUrvatures for TemporaL KnowledgE GraphS

between entities in the embedding space. Sev-
eral variants were then designed. TRANSH (Wang
et al., 2014) adds an intermediate projection onto a
relation-specific hyper-plane while TRANSR (Lin
et al., 2015) maps entities to a relation-specific
space of lower rank. However, translation-based ap-
proaches cannot model symmetric relations. DIST-
MULT (Yang et al., 2015) solves this issue by
learning a bilinear objective that attributes same
scores to 〈s, p, o〉 and 〈o, p, s〉 triples. COM-
PLEX Trouillon et al. (2016) subsequently came
up with complex embeddings. Tensor factoriza-
tion techniques were also proposed. RESCAL
(Nickel and Tresp, 2013) applies a three-way tensor
factorization. TUCKER (Balažević et al., 2019b)
uses Tucker decomposition and demonstrates that
TUCKER is a generalization of previous linear
models. More recently, ROTATE (Sun et al., 2019)
considered relations as rotations in a complex vec-
tor space which can represent symmetric relations
as a rotation of π. QUATE (Zhang et al., 2019) fur-
ther generalizes rotations using quaternions, known
as hypercomplex numbers (C ⊂ H). A key advan-
tage of quaternions is its non-commutative prop-
erty allowing more flexibility to model patterns.
Nonetheless, memory-wise, QUATE requires 4 em-
beddings for each entity and relation. To this ex-
tent, hyperbolic geometry provides an outstanding
framework to produce shallow embeddings with
striking expressiveness (Sarkar, 2011; Nickel and
Kiela, 2017). Both MURP (Balažević et al., 2019a)
and ATTH (Chami et al., 2020) learn hyperbolic
embeddings on a n-dimensional Poincaré ball. Dif-
ferent to MURP, ATTH uses a trainable curvature
for each relation. Indeed, Chami et al. (2020) have
shown that fixing the curvature of the manifold can
jeopardize the quality of the returned embeddings.
Therefore, defining a parametric curvature for a
given relation helps to learn the best underlying
geometry.

2.2 Time-Aware Graph Embeddings

The above-mentioned techniques nevertheless dis-
regard the temporal aspect. Indeed, lets consider
the two following quadruplets 〈Barack Obama,
visits, France, 2009-03-11〉 and 〈Barack Obama,
visits, France, 2014-04-21〉. Non-temporal mod-
els would exhibit the same score for both facts.
However, the second quadruplet is invalid2 and

2In fact, Barack Obama visited Japan on April 21, 2014,
not France
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should therefore get a lower score. For this rea-
son, several works contributed to obtain time-
aware embeddings. Thanks to the existing advance-
ments on graph representations, many strategies
are straightforward extensions of static approaches.
TTRANSE (Leblay and Chekol, 2018) alters the
scoring function of TRANSE to encompass time-
related operations such as time translations. Like-
wise, TA-TRANSE (Garcı́a-Durán et al., 2018)
uses LSTMs (Hochreiter and Schmidhuber, 1997)
to encode a temporal predicate which carries the
time feature. By analogy with TRANSH, HYTE

(Dasgupta et al., 2018) learns time-specific hyper-
planes on which both entities and relations are pro-
jected. Then, another family of temporal exten-
sions are derived from DISTMULT such as KNOW-
EVOLVE (Trivedi et al., 2017), TA-DISTMULT

(Garcı́a-Durán et al., 2018), or TDISTMULT (Ma
et al., 2019) that also utilize a bilinear scoring func-
tion. DE-SIMPLE (Goel et al., 2020) provides
diachronic entity embeddings inspired from di-
achronic word embeddings (Hamilton et al., 2016).
Recently, ATISE (Xu et al., 2019) embeds entities
and relations as a multi-dimensional Gaussian dis-
tributions which are time-sensitive. An advantage
of ATISE is its ability to represent time uncer-
tainty as the covariance of the Gaussian distribu-
tions. TERO (Xu et al., 2020b) combines ideas
from TRANSE and ROTATE. It defines relations
as translations and timestamps as rotations. As far
as we are aware, DYERNIE (Han et al., 2020) is
the first work to contribute to hyperbolic embed-
dings for TKG. It achieves state-of-the-art perfor-
mances on the benchmark datasets ICEWS14 and
ICEWS05-15. Time is defined as a translation on
a product of manifolds with trainable curvatures
using a velocity vector for each entity.

In our work, we demonstrate that using a single
manifold with learnable relational and time cur-
vatures is sufficient to reach competitive or new
state-of-the-art performances.

3 Problem Definition

Lets consider a valid quadruplet 〈s, p, o, t〉 ∈
S ⊂ E × R × E × T , with E , R and T the sets
of entities, relations and timestamps respectively
and S the set of correct facts. A scoring func-
tion f : E × R × E × T → R is defined such
that f(s, p, o, t) is maximized for any quadruplet
∈ S, and minimized for corrupted quadruplet (/∈
S). Throughout the optimization of the foregoing

constraint, representations of entities, relations and
times are learned accordingly. The resulting em-
beddings should then capture the multi-relational
graph structure. Thus, f is gauging the probability
that an entity s is connected to an entity o by the
relation p at time t.

4 Hyperbolic Geometry

Hyperbolic geometry belongs to non-Euclidean ge-
ometry. In contrast to Euclidean geometry relying
on Euclid’s axioms (Heath and Euclid, 1956), non-
Euclidean geometry rejects the fifth axiom known
as the parallel postulate. It states that given a point
x and a line l1, there exists a unique line l2 parallel
to l1 passing through x. This is only possible due
to a (constant) zero curvature of the space. The
curvature defines how much the geometry differs
from being flat. The higher the absolute curvature,
the curvier. Euclidean space has a zero curvature
hence called flat space. When represented in an Eu-
clidean space, straight lines become curved, termed
as geodesics (Fig. 1).

T cxBn,c

Bn,c

u

expcx(u)

logcx(v)
v

x

O

Figure 1: Illustration of the exponential and logarith-
mic maps between the Poincaré ball Bn,c and the tan-
gent space T cx Bn,c.

Hyperbolic geometry comes with a constant neg-
ative curvature. In our study, as Nickel and Kiela
(2017); Han et al. (2020); Chami et al. (2020), we
make use of the Poincaré ball (Bn,c, gB) which
is a n-dimensional Riemannian manifold Bn, c =
{x ∈ Rn : ‖x‖2 < 1

c} of constant curvature
−c (c > 0) equipped with Riemannian metric gB

and where ‖.‖ denotes the L2 norm. The metric
tensor gB gives information about how distances
should be computed on the manifold and is de-
fined as gB = (λcx)2In with the conformal factor
λcx = 2

1−c‖x‖2 and In the identity matrix of size
n × n. We write T cxBn,c the n-dimensional tan-
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gent space at x ∈ Bn,c. At the difference of Bn,c,
T cxBn,c locally follows an Euclidean geometry. As
illustrated in Fig. 1, we can project v ∈ Bn,c on
T cxBn,c at x via the logarithmic map. Inversely, we
can map a point u ∈ T cxBn,c on Bn,c at x via the
exponential map. A closed-form of those mappings
exist when x corresponds to the origin (Eqs. 1 and
2).

expc0(u) = tanh(
√
c‖u‖) u√

c‖u‖ (1)

logc0(v) = tanh−1(
√
c‖v‖) v√

c‖v‖ (2)

Contrary to T cxBn,c, the Euclidean addition on the
hyperbolic manifold does not hold. Alternately, we
use the Möbius addition (Vermeer, 2005; Ganea
et al., 2018) satisfying the boundaries constraints
of the manifold. It is however non-commutative
and non-associative. The closed-form is presented
in Eq. 3.

x⊕c y =

(1− 2cxT y − c‖y‖2)x+ (1 + c‖x‖2)y

1− 2cxT y + c2‖y‖2‖x‖2
(3)

The distance between two points x and y on Bn,c
is the hyperbolic distance dBn,c(x, y) defined as:

dBn,c(x, y) =
2√
c

tanh−1(
√
c‖−x⊕c y‖) (4)

5 From ATTH to HERCULES

Given a quadruplet, 〈s, p, o, t〉, we note eHs , rHp and
eHo the hyperbolic embeddings of the subject, pred-
icate and object respectively.3 ATTH uses relation-
specific embeddings, rotations, reflections and cur-
vatures. The curvature is defined as depending on
the corresponding relation p involved. Precisely, a
relation p is attributed with an individual paramet-
ric curvature cp. The curvature cp is defined in Eq.
5 as:

cp = σ(µp) (5)

where µp is a trainable parameter ∈ R and σ is a
smooth approximation of the ReLU activation func-
tion defined in [0,+∞]. With such approach, the
geometry of the manifold is learned, thus modified
for a particular predicate. The curvature dictates
how the manifold is shaped. Changing the curva-
ture of the manifold implies changing the positions

3Since ATTH is not considering time, the parameter t is
not used.

of projected points. This means that for distinct
relations, the same entity will have different po-
sitions because of the different resulting geome-
tries for each relation. For example, lets consider
the triples t1 := 〈Barack Obama, visit, France〉
and t2 := 〈Barack Obama, cooperate, France〉.
The Euclidean representations of entities Barack
Obama and France from both facts will be pro-
jected onto the riemannian manifold. However, the
structure (i.e. curvature) of the manifold changes
as a function of the relation of each fact (i.e. ’visit’
and ’cooperate’). Therefore, the resulting hyper-
bolic embbeding of Barack Obama of t1 will not be
the same resulting hyperbolic embedding of Barack
Obama in t2. By analogy, the same holds for entity
France.

In order to learn rotations and reflections, ATTH
uses 2 × 2 Givens transformations matrices. Those
transformations conserve relative distances in hy-
perbolic space and can therefore directly be ap-
plied to hyperbolic embeddings (isometries). We
note W rot

Θp
and W ref

Φp
the block-diagonal matrices

where each element on their diagonals is given by
G+(θp,i) and G−(φp,i) respectively, with i the ith

element of the diagonal (Eqs. 6 and 7).

G+(θp,i) =

[
cos(θp,i) − sin(θp,i)
sin(θp,i) cos(θp,i)

]
(6)

G−(φp,i) =

[
cos(φp,i) sin(φp,i)
sin(φp,i) − cos(φp,i)

]
(7)

Then, the rotations and reflections are applied
only to the subject embedding as describe in Eq. 8.

qHrot = W rot
Θp e

H
s qHref = W ref

Φp
eHs (8)

Furthermore, to represent complex relations that
can be a mixture of rotation and reflection, ATTH
utilizes an hyperbolic attention mechanism. The at-
tention scores αp

qHrot
and αp

qHref
are computed in the

tangent space by projecting the hyperbolic rotation
embedding qHrot and hyperbolic reflection embed-
ding qHref with the logarithmic map (Eq. 2). More
specifically, ATTH implements a tangent space av-
erage to implement the typical weighted average
as proposed in Liu et al. (2019) and Chami et al.
(2019). Then, the attention vector is mapped back
to manifold using the exponential map (Eq. 1). We
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have then:

ATT (qHrot, q
H
ref , p) = exp

cp
0 (αqHrot log

cp
0 (qHrot)

+ αqHref
log

cp
0 (qHref ))

(9)

ATTH finally applies a translation of the hyper-
bolic relation embedding rHp over the resulting at-
tention vector (Eq. 9). As mentioned in Chami
et al. (2020), translations help to move between
different levels of the hierarchy.

Q(s, p) = ATT (qHrot, q
H
ref , p)⊕cp rHp (10)

The scoring function is similar to the one used
in Balažević et al. (2019a) and Han et al. (2020)
defined as:

s(s, p, o, t) = −dcp(Q(s, p), eHo )2 +bs+bo (11)

where bs and bo stand for the subject and object
biases, respectively.

We then propose HERCULES, a time-aware ex-
tension of ATTH. HERCULES redefines the curva-
ture of the manifold as being the product of both
relation and time as illustrated in Eq. 12:

ctp = σ(µp × τt) (12)

with τt a learnable parameter ∈ R. A trade-off
therefore exists between relation and time. A low
value of either µp or τt will lead to a flatter space
while higher values will tend to a more hyperbolic
space. The main intuition of HERCULES is that
both relation and time directly adjust the geometry
of the manifold such that the positions of projected
entities are relation-and-time-dependent. This is
advantageous in that no additional temporal param-
eters per entity are needed. Since the whole geome-
try has changed for specific relation and time, all fu-
ture projections onto that manifold will be aligned
to the corresponding relation and timestamp. We
investigate different curvature definitions and time
translation in our experiments (see Section 6). The
scoring function of HERCULES remains same as
ATTH.

When learning hyperbolic parameters, the opti-
mization requires to utilize a Riemannian gradient
(Bonnabel, 2013). However, proven to be chal-
lenging, we instead learn all embeddings in the
Euclidean space. The embeddings can then be
mapped to the manifold using the exponential map
(Eq. 1). This allows the use of standard Euclidean
optimization strategies.

6 Experiments

We outline in this section the experiments and eval-
uation settings.

6.1 Datasets

For fair comparisons, we test our model on same
benchamark datasets used in previous works, i.e.
ICEWS14 and ICEWS05-15. Both datasets were
constructed by Garcı́a-Durán et al. (2018) us-
ing the Integrated Crisis Early Warning System
(ICEWS) dataset (Boschee et al., 2018). ICEWS
provides geopolitical information with their corre-
sponding (event) date, e.g. 〈Barack Obama, visits,
France, 2009-03-11〉. More specifically, ICEWS14
includes events that happened in 2014 whereas
ICEWS05-15 encompasses facts that appeared be-
tween 2005 and 2015. We give the original datasets
statistics in Table 2. To increase the number of sam-
ples, for each quadruplet 〈s, p, o, t〉 we add 〈s, p−1,
o, t〉, where p−1 is the inverse relation of p. This
is a standard data augmentation technique usually
used in LP (Balažević et al., 2019a; Goel et al.,
2020; Han et al., 2020).

6.2 Evaluation Protocol & Metrics

Given a (golden) test triple 〈s, p, o, t〉, for each en-
tity s′ ∈ E , we interchange the subject s with s′ and
apply the scoring function f on the resulting query
〈s′, p, o, t〉. Since replacing s by all possible entity
s′ may end up with a correct facts, we filter out
those valid quadruplets and give them extremely
low scores to avoid correct quadruplets to be scored
higher than the tested quadruplet in final ranking
(Bordes et al., 2013). We then rank the entities
based on their scores in descending order. We store
the rank of the correct entity s noted zs. Thus, the
model should maximize the returned score for the
entity s such that zs = 1. The same process is done
using the object o.

To evaluate our models, we make use of the
Mean Reciprocal Rank (MRR). We also provide
the Hits@1 (H@1), Hits@3 (H@3) and Hits@10
(H@10) which assess on the frequency that the
valid entity is in the top-1, top-3 and top-10 posi-
tion, respectively.

6.3 Implementation Details

To ensure unbiased comparability, the same train-
ing procedure and hyper-parameters are shared for
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Model Parameters
TTRANSE (|E|+ 2|R|+ |T |) · n

TCOMPLEX (2|E|+ 4|R|+ 2|T |) · n
HYTE (|E|+ 2|R|+ |T |) · n
ATISE (|E|+ 2|R|) · n
TERO (|E|+ 2|R|+ |T |) · n

DYERNIE 2 · (|E|+ 2|R|) · n+ 2 · |E|
ATTH (|E|+ 2|R|) · n+ |E|+ 2|R|(1 + 3n)

HERCULES (|E|+ 2|R|) · n+ |E|+ 2|R|(1 + 3n) + |T |

Table 1: Number of parameters per models with respect to the embedding dimension n.

Datasets |E| |R| |T | Training Validation Test
ICEWS14 7,128 230 365 72,128 8,941 8,963

ICEWS05-15 10,488 251 4017 368,962 46,275 46,092

Table 2: ICEWS14 and ICEWS05-15 Datasets Statistics

ATTH and HERCULES.4 Number of epochs and
batch size were set to 500 and 256, respectively.
We minimized the cross-entropy loss using nega-
tive sampling, where negative samples corrupt the
valid object only (uniformly selected). After vali-
dation, we noticed that best results were obtained
using 500 negative samples. We chose the Adam
optimizer (Kingma and Ba, 2014) with an initial
learning rate of 0.001. The final models for evalu-
ation were selected upon the MRR metric on the
validation set. We re-train ATISE and TERO us-
ing the same parameters as mentionned in Xu et al.
(2019) and Xu et al. (2020b) but varying dimen-
sions.5

6.4 Results

We report models performances on the link pre-
diction task on TKGs. Additional analyses on the
results are also given.

6.4.1 Link Prediction results

We provide link prediction results on ICEWS14
and ICEWS05-15 for ATTH, HERCULES and dif-
ferent models from the literature. As Han et al.
(2020), we adopted a dimension analysis to investi-
gate behaviors and robustness of approaches. When
possible, we re-run official implementation of mod-
els. Otherwise, official or best results in literature
are reported. Results are shown in Table 3.

4We used the official implementation of ATTH available at
https://github.com/HazyResearch/KGEmb. We
adapted it to implement HERCULES.

5We used the official implementation available at https:
//github.com/soledad921/ATISE

As expected, hyperbolic-based strategies (i.e.
DYERNIE, ATTH and HERCULES) perform much
better at lower dimensions, outperforming most of
other approaches with ten times less dimensions.
We report an average absolute gain of 11.6% points
in MRR with only 10 dimensions over the median
performance of other approaches with 100 dimen-
sions. This strengthens the effectiveness of hyper-
bolic geometry to induce high-quality embeddings
with few parameters.

Astonishingly, we notice that ATTH model is
highly competitive despite the absence of time pa-
rameter. ATTH exhibits new state-of-the-art or
statistically equivalent performances compared to
DYERNIE and HERCULES. We remark no sta-
tistically significant differences in performances
between hyperbolic models.6 Importantly, unlike
other research carried out in this area, time infor-
mation here does not lead to any notable gain. This
seems to indicate that other parameters should be
considered. We examine this phenomenon in sec-
tion 6.4.2.

On ICEWS14, for dim ∈ {20, 40, 100}, both
ATTH and HERCULES outperform DYERNIE by
a large margin. We witness an improvement of
2.5% and 5% points in MRR and Hits@1 with 100-
dimensional embeddings. On ICEWS05-15, ATTH

and HERCULES yield comparable achievements
with the state-of-the-art. In contrast to DYERNIE,

6We performed the Mixed-Factorial Analysis of Variance
(ANOVA), in which the independent variables are the dimen-
sion and the model and the dependent variable is the metric.
We consider two groups one for each dataset. We report p-
values of 0.842, 0.872, 0.926 and 0.229 for MRR, H@1, H@3
and H@10 respectively.
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it is noteworthy that ATTH and HERCULES utilize
a single manifold while reaching top performances.

We also distinguish tempered results on Hits@10
metric for ATTH and HERCULES models. This
suggests that during optimization, ATTH and HER-
CULES favor ranking some entities on top while
harming the representation of others.

6.4.2 Is Time All You Need ?
In this section, we investigate the influence of the
temporal parameter on performances.

First, besides time translation, we probe different
curvature definitions to identify fluctuation in per-
formances. We analyze how time information alters
the LP results by adding time as part of the curva-
ture (i.e. HERCULES) and as a translation. We also
explore if incorporating the Euclidean dot prod-
uct of the subject and object embeddings (noted
〈eEs , eEo 〉) into the curvature helps to learn a better
geometry. An ablation study is given in Table 4.

Albeit counter-intuitive, we observe that our re-
sults corroborate with our initial finding: time infor-
mation is not the culprit of our high performances.
More strikingly, a simple relational curvature (i.e.
ATTH) is sufficient to perform best on ICEWS14
(dim = 40). Neither the inclusion of a time transla-
tion, similarly to TTRANSE, nor the Euclidean dot
product provide interesting outcomes.

We then probe the sensitivity of HERCULES to-
wards temporal feature by performing LP with in-
correct timestamps. Our intuition is to inspect
whether feeding invalid timestamps during eval-
uation exhibits significant variation or not com-
pared to the reference performances, i.e. LP re-
sults with initial (non-corrupted) testing samples.
To do so, for each testing quadruplet, we replace
the (correct) time parameter with each possible
timestamp from T . We therefore collect multiple
LP performances of HERCULES corresponding to
each distinct timestamp. We plot the distribution
of resulting performances of temporally-corrupted
quadruplets from ICEWS14 (dim=100) in Fig. 2.
We can observe that despite erroneous timestamps,
LP results show insignificant discrepancies with the
initial HERCULES performance (dashed red line).
The standard deviations from HERCULES reference
performance for MRR, H@1, H@3, H@10 met-
rics are 1.78 × 10−4, 3.18 × 10−3, 1.05 × 10−2,
3.55× 10−3 respectively. This indicates that HER-
CULES gives little importance to the time parameter
and thus only relies on the entity and the predicate
to perform knowledge graph completion. This fur-

ther highlights our finding that timestamp is not
responsible for our attracting performances.

69.44 69.46
MRR (in %)

 

64.95 65.00 65.05
Hits@1 (in %)

 

71.36 71.38 71.40
Hits@3 (in %)

 

77.92 77.94
Hits@10 (in %)

 

Figure 2: Distribution of performances of HERCULES
on temporally-corrupted quadruplets from ICEWS14
with dim=100. A smooth approximation of the distri-
bution is drawn as a dashed black curve. The reference
performance is indicated with a dashed red line.

We therefore assume that the optimization proce-
dure may be involved. We consequently question
the effect of negative sampling. Precisely, we train
HERCULES with dim = 40 by tuning the number of
negative samples between 50 to 500. We plot the
learning curves in Fig. 3.

50 100 150 200 250 300 350 400 450 500
Negative Samples

56
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60

62

64

66

68

M
R

R
 (%

)

ICEWS05-15
ICEWS14

Figure 3: Performance of HERCULES (dim = 40) on
ICEWS14 and ICEWS05-15 with varying number of
negative samples.

For both, ICEWS14 and ICEWS05-15, negative
sampling shows considerable gain as the number
of samples increases. We record an absolute gain
of 5% points in MRR from 50 to 500 samples. We
can see a rapid growth in MRR when the number
of samples is inferior to 200. Adding 50 samples is
equivalent to about 2% points gain in MRR. Then,
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Datasets ICEWS14 (filtered) ICEWS05-15 (filtered)
dim Model MRR H@1 H@3 H@10 MRR H@1 H@3 H@10

ATISE= 18.0 3.03 23.9 48.7 15.9 4.35 19.22 41.0
TERO= 7.25 2.39 6.40 16.6 10.3 3.54 10.1 23.2

10 DYERNIES 46.2 36.0 51.1 66.3 58.9 50.5 63.2 75.1
HERCULES 46.0 34.9 52.4 66.0 54.7 43.8 61.8 73.2

ATTH 45.6 34.2 52.0 66.4 49.9 34.4 61.6 73.6
ATISE= 19.1 1.28 28.2 54.7 24.5 7.67 32.3 59.2
TERO= 24.5 13.8 28.01 46.3 27.1 13.5 33.3 54.1

20 DYERNIES 53.9 44.2 58.9 72.7 64.2 56.5 68.2 79.0
HERCULES 55.5 47.2 59.4 71.4 63.2 55.2 67.7 77.6

ATTH 55.2 46.7 59.7 71.4 63.5 55.8 67.7 77.5
ATISE= 38.4 23.3 47.6 67.3 35.7 19.2 44.3 69.1
TERO= 35.1 22.7 40.5 60.8 28.3 12.7 35.3 60.5

40 DYERNIES 58.8 49.8 63.8 76.1 68.9 61.8 72.8 82.5
HERCULES 61.2 54.3 64.7 74.1 68.5 62.1 72.0 80.9

ATTH 61.7 54.5 65.4 75.4 68.5 62.0 71.9 80.6
TRANSES 30.0 14.8 42.7 60.1 30.4 13.3 42.4 61.1

DISTMULTS 57.5 46.9 64.2 77.9 47.1 33.6 55.1 72.5
COMPLEXS 49.3 36.6 56.2 74.2 39.0 22.9 49.2 68.4
TTRANSES 34.4 25.7 38.3 51.3 35.6 15.4 51.1 67.6

TCOMPLEXS 31.8 12.9 45.7 63.0 45.1 36.3 49.2 62.0
100 HYTES 33.1 6.8 54.5 73.6 38.1 7.6 65.0 80.4

ATISE= 52.2 41.0 60.0 72.7 47.0 32.4 55.5 76.4
TERO= 45.4 34.0 52.2 67.0 41.1 26.3 48.9 71.7

DYERNIES 66.9 59.9 71.4 79.7 73.9 67.9 77.3 85.5
HERCULES 69.4 65.0 71.4 77.9 73.5 68.6 76.1 82.9

ATTH 69.5 65.0 71.5 78.2 73.6 68.6 76.0 82.9

Table 3: Link prediction results on ICEWS14 and ICEWS05-15 datasets: (=) results are obtained using the official
implementation of Xu et al. (2020a), (S) results are taken from Han et al. (2020). For each dimension (i.e. dim),
best results are in bold and second-to-best underlined. No statistically significant differences in performance are
observed between DYERNIE, HERCULES and ATTH.6

Relation
Curvature

Time
Curvature

Time
Translation

〈eEs , eEo 〉
Curvature

MRR H@1 H@3 H@10

3 7 7 7 61.7 54.5 65.4 75.4
3 3 7 7 61.2 54.3 64.7 74.1
3 3 3 7 60.1 52.1 64.5 75.0
3 3 3 3 49.5 38.9 55.4 69.2

Table 4: Ablation study: Link prediction results on ICEWS14 using ATTH (dim = 40) with different curvature
definitions and time translation applied.

performances reach a plateau around 300 negative
samples. We conjecture that a diversity in negative
samples is enough to learn good representations.
Notwithstanding that a large number of negative
samples heavily constraints the location of entities
in space, the resulting embeddings might benefit
from it to be better positioned relatively to others.

We conclude that despite the present time param-

eter, an optimal negative sampling enables to reach
new state-of-the-art outcome. Therefore, we ar-
gue that time is not the only parameter that should
be considered when performing LP. We highlight
that one should be raising awareness when train-
ing TKG representations to identify if time is truly
helping to boost performances.
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6.4.3 ATTH versus HERCULES

We explore here how the geometry of HERCULES

differs from ATTH. To do so, we inspect the abso-
lute difference of their learned curvatures ∆c. We
plot ∆c with respect to the relations and timestamps
for dim = 40 on ICEWS14 in Fig. 4.7 Similar plots
are given for ICEWS05-15 in Appendix A.1.

Timestamps
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Figure 4: Absolute curvatures differences between
ATTH and HERCULES given specific relation and time
on ICEWS14 dataset (dim = 40).

Besides rare steep discrepancy in curvatures (i.e.
∆c > 1.0), HERCULES is akin to ATTH concern-
ing learned geometries. We report that 85.0% and
95.6% of ∆c’s are smaller than 0.1 on ICEWS14
and ICEWS05-15 respectively. We point out that
some timestamps affect globally all relations, al-
beit very limited. This can be seen in Fig. 5 by the
aligned vertical strips. It indicates that HERCULES

uses its additional time parameter to learn a slightly
different manifold but nonetheless quite similar to
ATTH.8 We provide further analysis on the shifts
of the curvatures while increasing embeddings di-
mension in Appendices A.2 and A.3.

We depict an example of learned hyperbolic
representation of ICEWS14 entities of ATTH and
HERCULES for the relation ‘make a visit’and times-
tamp set to 01-01-2014 in Fig. 5. We plot embed-
dings of ICEWS05-15 in Appendix A.4.

7 Conclusion

In this paper, we have demonstrated that with-
out adding neither time information nor supple-
mentary parameters, the ATTH model astonish-
ingly achieves similar or new state-of-the-art per-
formances on link prediction upon temporal knowl-
edge graphs. In spite of the inclusion of time with

7For readability, we don’t plot ∆c for reverse relations p−1

(see Section 6.1).
8Similar geometry 6= Similar embeddings
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Figure 5: Illustration of two-dimensional hyperbolic
entity embeddings learned by ATTH (left) and HER-
CULES (right) on ICEWS14 for predicate ‘make a
visit’and timestamp set to 01-01-2014.

our proposed time-aware model HERCULES, we
have shown that negative sampling is sufficient to
learn a good underlying geometry. In the future,
we plan to explore new mechanisms to incorporate
temporal information to improve performances of
ATTH.
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dimensional hyperbolic knowledge graph embed-
dings. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 6901–6914, Online. Association for Computa-
tional Linguistics.

Ines Chami, Zhitao Ying, Christopher Ré, and Jure
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A Appendices

A.1 ATTH versus HERCULES

We plot the absolute difference in curvatures be-
tween ATTH and HERCULES for dim = 40 on
ICEWS05-15 in Fig. 6. As in ICEWS14 dataset,
we observe that learned geometries on ICEWS15
dataset by ATTH and HERCULES are alike. Time
is showing insubstantial impact on the curvature.
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Figure 6: Absolute curvatures differences between
ATTH and HERCULES given specific relation and time
on ICEWS05-15 dataset (dim = 40).

A.2 ATTH versus ATTH

We inspect how the curvature of ATTH fluctuates
while increasing the embedding dimension. We
compare curvatures shifts between dim = 40 and
dim = 100. We plot ∆c in Fig. 7.
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Figure 7: Absolute curvatures differences of ATTH be-
tween dim = 40 and dim = 100 given specific relation
and time on ICEWS14 dataset (left) and ICEWS05-15
dataset (right). No timestamps since ATTH is a time-
unaware model.

The fluctuation in curvature is moderate while
dimension of embeddings increases. We can see
that variation is almost inferior to 0.2. This under-
lines that geometry does not change much for a
specific relation when the dimension grows. For
some relations, we note however that curvature is
knowing significant dissimilitudes.

A.3 HERCULES versus HERCULES

We report the dissimilarities in curvature for dif-
ferent relations and timestamps on ICEWS14 and
ICEWS05-15 in Fig. 8 and Fig. 9.
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Figure 8: Absolute curvatures differences of HER-
CULES between dim = 40 and dim = 100 given specific
relation and time on ICEWS14 dataset.

Timestamps

R
el

at
io

ns

0.1

0.2

0.3

0.4

0.5

0.6

0.7

c

Figure 9: Absolute curvatures differences of HER-
CULES between dim = 40 and dim = 100 given specific
relation and time on ICEWS05-15 dataset.

We note that around 87.7% and 91.1% of vari-
ations are smaller than 0.1 on ICEWS14 and
ICEWS05-15 respectively. This seems to indicate
that despite the dimensionality gap, the learned
geometry for each relation does not differ much
between dim = 40 and dim = 100.

A.4 Two-Dimensional Hyperbolic
Embeddings

We give an illustration of learned embeddings on
ICEWS05-15 by ATTH and HERCULES models in
Fig. 10.
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Figure 10: Illustration of two-dimensional hyperbolic
embeddings learned by ATTH (top) and HERCULES
(bottom) on ICEWS05-15.
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Abstract
Disfluencies is an under-studied topic in NLP,
even though it is ubiquitous in human con-
versation. This is largely due to the lack
of datasets containing disfluencies. In this
paper, we present a new challenge question
answering dataset, DISFL-QA, a derivative
of SQUAD, where humans introduce con-
textual disfluencies in previously fluent ques-
tions. DISFL-QA contains a variety of chal-
lenging disfluencies that require a more com-
prehensive understanding of the text than what
was necessary in prior datasets. Experi-
ments show that the performance of existing
state-of-the-art question answering models de-
grades significantly when tested on DISFL-
QA in a zero-shot setting. We show data
augmentation methods partially recover the
loss in performance and also demonstrate the
efficacy of using gold data for fine-tuning.
We argue that we need large-scale disflu-
ency datasets in order for NLP models to
be robust to them. The dataset is pub-
licly available at: https://github.com/

google-research-datasets/disfl-qa.

1 Introduction

During conversations, humans do not always pre-
meditate exactly what they are going to say; thus
a natural conversation often includes interrup-
tions like repetitions, restarts, or corrections. To-
gether these phenomena are referred to as disflu-
encies (Shriberg, 1994). Figure 1a shows different
types of conventional disfluencies in an utterance,
as described by Shriberg (1994).

With the growing popularity of voice assistants,
such disfluencies are of particular interest for goal-
oriented or information seeking dialogue agents,
because an NLU system, trained on fluent data,
can easily get misled due to their presence. Fig-
ure 1b shows how the presence of disfluencies in a

∗Work done during an internship at Google.

Repetition When is Eas ugh Easter this year?
Correction When is Lent I meant Easter this year?
Restarts How much no wait when is Easter this year?

(a) Conventional categories of Disfluencies. The reparan-
dum (words intended to be corrected or ignored), inter-
regnum (optional discourse cues) and repair are marked.

Passage: The Normans (Norman: Nourmands; French:
Normands; Latin: Normanni) were the people who in the
10th and 11th centuries gave their name to Normandy, a
region in France. They were descended from Norse (”Nor-
man” comes from ”Norseman”) raiders and pirates from
Denmark, Iceland and Norway who, under their leader
Rollo, . . .

q1: In what country is Normandy located?
dq1: In what country is Norse found no wait Normandy
not Norse?
T5(q1): France 3
T5(dq1): Denmark 7

q2: When were the Normans in Normandy?
dq2: From which countries no tell me when were the
Normans in Normandy?
T5(q2): 10th and 11th centuries 3
T5(dq2): Denmark, Iceland and Norway 7

(b) Contextualized Disfluencies in DISFL-QA (§2).

Figure 1: (a) Categories of disfluencies (Shriberg,
1994) (b) A passage and questions (qi) from SQUAD,
along with their disfluent versions (dqi) and predictions
from a T5-QA model.

question answering (QA) setting, namely SQUAD
(Rajpurkar et al., 2018), affects the prediction of a
state-of-the-art T5 model (Raffel et al., 2020). For
example, the original question q1 is seeking an an-
swer about the location of Normandy. In the dis-
fluent version dq1 (which is semantically equiv-
alent to q1), the user starts asking about Norse
and then corrects themselves to ask about the Nor-
mandy instead. The presence of this correctional
disfluency confuses the QA model, which tend
to rely on shallow textual cues from question for
making predictions.
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Unfortunately, research in NLP and speech
community has been impeded by the lack of cu-
rated datasets containing such disfluencies. The
datasets available today are mostly conversational
in nature, and span a limited number of very spe-
cific domains (e.g., telephone conversations, court
proceedings) (Godfrey et al., 1992; Zayats et al.,
2014). Furthermore, only a small fraction of the
utterances in these datasets contain disfluencies,
with a limited and skewed distribution of disflu-
encies types. In the most popular dataset in the
literature, the SWITCHBOARD corpus (Godfrey
et al., 1992), only 5.9% of the words are disflu-
encies (Charniak and Johnson, 2001), of which
> 50% are repetitions (Shriberg, 1996), which
has been shown to be the relatively simpler form
of disfluencies (Zayats et al., 2014; Jamshid Lou
et al., 2018; Zayats et al., 2019).

To fill this gap, we present DISFL-QA, the first
dataset containing contextual disfluencies in an in-
formation seeking setting, namely question an-
swering over Wikipedia passages. DISFL-QA is
constructed by asking human raters to insert dis-
fluencies in questions from SQUAD-v2, a popular
question answering dataset, using the passage and
remaining questions as context. These contextual
disfluencies lend naturalness to DISFL-QA, and
challenge models relying on shallow matching be-
tween question and context to predict an answer.
Some key properties of DISFL-QA are:

• DISFL-QA is a targeted dataset for disfluen-
cies, in which all questions (≈12k) contain
disfluencies, making for a much larger disflu-
ent test set than prior datasets.

• Over 90% of the disfluencies in DISFL-
QA are corrections or restarts, making it a
much harder test set for disfluency correction
(§2.2).

• DISFL-QA contains wider diversity in terms
of semantic distractors than earlier disflu-
ency datasets, and newer phenomenon such
as coreference between the reparandum and
the repair (§2.3).

We experimentally reveal the brittleness of
state-of-the-art LM based QA models when tested
on DISFL-QA in zero-shot setting (§4.1). Since
collecting large supervision datasets containing
disfluencies for training is expensive, different
data augmentation methods for recovering the

zero-shot performance drop are also evaluated
(§3.3). Finally, we demonstrate the efficacy of
using the human annotated data in varying frac-
tions, for both end-to-end QA supervision and dis-
fluency generation based data augmentation tech-
niques (§4.2).

We argue that creation of datasets, such as
DISFL-QA, are vital for (1) improving under-
standing of disfluencies, and (2) developing robust
NLU models in general.

2 DISFL-QA: Adding Disfluencies to QA

DISFL-QA builds upon the existing SQUAD-v2
dataset, a question answering dataset which con-
tains curated paragraphs from Wikipedia and as-
sociated questions. Each question associated with
the paragraph is sent for a human annotation task
to add a contextual disfluency using the paragraph
as a source of distractors. Finally, to ensure the
quality of the dataset, a subsequent round of hu-
man evaluation with an option to re-annotate is
conducted.

2.1 Source of Questions

We sourced passages and questions from
SQUAD-v2 (Rajpurkar et al., 2018) development
set. SQUAD-v2 is an extension of SQUAD-v1
(Rajpurkar et al., 2016) that contains unanswer-
able questions written adversarially by crowd
workers to look similar to answerable ones
from SQUAD-v1. We use both answerable and
unanswerable questions for each passage in the
annotation task.

2.2 Annotation Task

To ensure high quality of the dataset, our annota-
tion process consists of 2 rounds of annotation:

First Round of Annotation. Expert raters were
shown the passage along with all the associ-
ated questions and their answers, with one of the
question-answer pair highlighted for annotation.1

The raters were instructed to use the provided con-
text in crafting disfluencies to make for a non-
trivial dataset.

The rater had to provide a disfluent version of
the question that (a) is semantically equivalent
to the original question (b) is natural, i.e., a hu-
man can utter them in a dialogue setting. When

1The raters were linguistic experts, and were trained for
the task with 2 rounds of pilot annotation.
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Type Passage (some parts shortened) Fluent Question Disfluent Question

Interrogative
Restart
(30%)

. . . Roger de Tosny travelled to the Iberian
Peninsula to carve out a state for himself. In
1064, during the War of Barbastro, William of
Montreuil led the papal army . . .

Who was in charge of
the papal army in the
War of Barbastro?

Where did the no who was
in charge of the papal army
in the Barbastro War?

Entity
Correction
(25.6%)

. . . While many commute to L.A. and Orange
Counties, there are some differences in devel-
opment, as most of San Bernardino and River-
side Counties were developed in the 1980s and
1990s. . .

Other than the 1980s, in
which decade did most
of San Bernardino and
Riverside Counties de-
velop?

Other than the 1990s I
mean actually the 1980s
which decade did San
Bernardino and Riverside
counties develop?

Adverb/Adj.
Correction
(20%)

. . . Southern California is home to Los Angeles
International Airport, the second-busiest air-
port in the United States by passenger volume;
San Diego International Airport the busiest sin-
gle runway airport in the world. . .

What is the second
busiest airport in the
United States?

What airport in the United
States is the busiest no sec-
ond busiest?

Entity Type
Correction
(21.1%)

. . . To the east is the Colorado Desert and the
Colorado River, and the Mojave Desert at the
border with Nevada. To the south is the Mexico-
United States border. . .

What is the name of the
water body that is found
to the east?

What is the name of the
desert wait the water
body that is found to the
east?

Others
(3.3%)

. . . Complexity measures are very generally de-
fined by the Blum complexity axioms. Other
complexity measures used in complexity the-
ory include communication complexity and de-
cision tree complexity. . .

What is typically used
to broadly define com-
plexity measures?

What is defined no is typi-
cally used to broadly define
complexity measures?

Table 1: Example passage and fluent questions from the SQUAD dataset and their disfluent versions provided by
human raters, categorized by the type of disfluency along with their estimated percentage in the DISFL-QA dataset.

writing the disfluent version of a question, we in-
structed raters not to include partial words or filled
pauses (e.g., “um”, “uh”, “ah” etc.), as they can be
detected relatively easily (Johnson and Charniak,
2004; Jamshid Lou and Johnson, 2017). Raters
were shown example disfluencies from each of the
categories in Table 1. On average, raters spent 2.5
minutes per question. Introduction of a disfluency
increased the mean length of a question from 10.3
to 14.6 words.

Human Evaluation + Re-annotation. To as-
sess and ensure high quality of the dataset, we
asked a another set of human raters the following
yes/no questions:

1. Is the disfluent question consistent with re-
spect to the fluent question? i.e., the disflu-
ent question is semantically equivalent to the
original question in that they share the same
answer.

2. Is the disfluent question natural? Naturalness
is defined in terms of human usage, grammat-
ical errors, meaningful distractors etc.

After the first round of annotation, we found
that the second pool of raters found the disfluent
questions to be consistent and natural 96.0% and

88.5% of the time, with an inter-annotator agree-
ment of 97.0% and 93.0%2, respectively. This
suggests that the initial round of annotation re-
sulted in a high quality dataset. Furthermore,
for the cases identified as either inconsistent or
unnatural, we conducted a second round of re-
annotation with updated guidelines to make re-
quired corrections.

2.3 Categories of Disfluencies

To assess the distribution of different types of
disfluencies, we sampled 500 questions from the
training and development sets and manually an-
notated the nature of disfluency introduced by the
raters. Table 1 shows the distribution of these cat-
egories in the dataset.

A notable difference between DISFL-QA and
SWITCHBOARD (Godfrey et al., 1992) is that
DISFL-QA contains a larger fraction of correc-
tions and restarts, which have been shown to be the
hardest disfluencies to detect and correct (Zayats
et al., 2014; Jamshid Lou et al., 2018; Yang et al.,
2020). From Table 1, we can see that ≈30% and
>65% of the disfluencies in DISFL-QA are restarts
and corrections respectively.

In addition to the specific categories men-

2Cohen’s κ = 0.55, indicating moderate agreement.
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Dataset Switchboard DISFL-QA
Domain Telephonic

Conversations
Wikipedia

Passages

Goal-oriented No Yes

Contextual No Yes

Size (# sentences) 7.9k 11.8k

Disfluencies 20% 100%

Correction & Restarts <50% >90%

Coreferences <1% ≈10%

Table 2: Comparison of DISFL-QA with SWITCH-
BOARD. DISFL-QA is more diverse, contains harder
disfluencies and new phenomenon like coreference.

tioned in Table 1, the dataset includes other
challenging phenomena which are shared across
these categories. For instance, example below
shows disfluencies which introduce coreferences
between the reparandum and the repair (mentions
marked [.]), allowing more complex corrections
not present in existing datasets:

Who does
BSkyB have an

operating license
from ?

→

Who removed [BSkyB’s]
operating license no scratch

that who do [they] have [their]
operating license from ?

Table 2 summarizes the key differences between
DISFL-QA and the SWITCHBOARD dataset.

3 Experimental Setup

3.1 Models to Compare
We use two different modeling approaches to an-
swer disfluent questions in DISFL-QA.

LMs for QA. We use BERT (Devlin et al.,
2019) and T5 (Raffel et al., 2020) as our QA
models in the standard setup which has shown to
achieve state-of-the-art performance for SQUAD.
We fine-tune BERT for a span selection task,
whereby predicting start and end probabilities
for all the tokens in the context.

T5 is finetuned under the standard text2text for-
mulation, when given (question, passage) as input
the model generates the answer as the output. For
predicting <no answer>, the model was trained
to generate “unknown”.

LMs for Disfluency Correction. We also fine-
tune the above LMs as disfluency correction mod-
els. Given the disfluent question as input, a cor-
rection model predicts the fluent question, which
is then fed into a QA model. For BERT, we use the

Rule Fluent Disfluent

Q What was the
Norman religion?

What was replaced with no no
what was the Norman religion?

V When was the Duchy
of Normandy
founded?

When was the Duchy of Normandy
offered ugh I mean founded?

ADJ What is the original
meaning of the word
Norman?

What is the English rather
original meaning of the word
Norman?

ADV Who did Beyoncé
perform privately for
in 2011?

Who did Beyoncé perform
publicly oops privately for in
2011?

ENT Who was a
prominent Huguenot
in Holland?

Who was a prominent Saint
Nicholas no I mean Huguenot in
Holland?

Table 3: Example of synthetically generated disfluent
questions using the contextual heuristics.

state-of-the-art BERT-based disfluency correction
model by Jamshid Lou and Johnson (2020) trained
on SWITCHBOARD. We also train T5 models on
DISFL-QA to prevent the distribution skew be-
tween SWITCHBOARD and DISFL-QA, and ac-
count for new phenomena like coreferences.

3.2 Training Settings
We train the BERT and T5 variants on the follow-
ing two data configurations:

ALL where the model is trained on all of
SQUAD-v2, including the non-answerable ques-
tions. Evaluation is done against the entire test set.

ANS where the model is trained only on an-
swerable questions from SQUAD-v1, without the
capabilities of handling non-answerable questions.

3.3 Datasets
Human Annotated Datasets. We use 3 datasets
in our experiments: SQUAD-v1, SQUAD-v2, and
DISFL-QA. We split the 11, 825 annotated ques-
tions in DISFL-QA into train/dev/test set contain-
ing 7182/1000/3643 questions, respectively. The
split was also done at an article level such that the
questions belonging to the same passage belong in
the same split. For zero-shot experiments, we only
use the train of SQUAD.

Evaluation is done on the subset of SQuAD-v2
development set that corresponds to the DISFL-
QA test to ensure fair comparison.

Heuristically Generated Data. We also gener-
ate disfluencies heuristically to validate the impor-
tance of human annotated disfluencies. Inspired
by the disfluency categories seen in our annota-
tion task, we derive the following heuristics to
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Model Train Eval HasAns-F1 NoAns-F1 Overall-F1

BERT-QA

ALL
SQUAD 83.87 70.55 77.46

Heuristics 51.45 ↓ 32.42 74.49 ↑ 3.94 62.53 ↓ 14.93

DISFL-QA 40.97 ↓ 42.90 75.97 ↑ 5.42 57.81 ↓ 19.65

ANS
SQUAD 89.63 - 89.63

Heuristics 80.52 ↓ 9.11 - 80.52 ↓ 9.11

DISFL-QA 78.88 ↓ 10.75 - 78.88 ↓ 10.75

T5-QA

ALL
SQUAD 91.38 87.67 89.59

Heuristics 39.98 ↓ 51.40 92.57 ↑ 4.90 65.27 ↓ 24.32

DISFL-QA 35.31 ↓ 56.07 90.06 ↑ 2.39 61.64 ↓ 27.95

ANS
SQUAD 93.71 - 93.71

Heuristics 81.73 ↓ 12.01 - 81.73 ↓ 12.01

DISFL-QA 80.39 ↓ 13.32 - 80.39 ↓ 13.32

Disfluency
Correction

+
T5-QA

ALL
SQUAD 91.38 87.67 89.59

Heuristics 42.83 ↓ 48.55 92.18 ↑ 4.51 66.56 ↓ 23.03

DISFL-QA 43.61 ↓ 47.77 89.55 ↑ 1.88 65.71 ↓ 23.88

ANS
SQUAD 93.71 - 93.71

Heuristics 82.27 ↓ 10.44 - 82.27 ↓ 10.44

DISFL-QA 82.64 ↓ 11.07 - 82.64 ↓ 11.07

Table 4: Breakdown of zero-shot performance of fine-tuned BERT and T5 QA models, trained only on the SQUAD
dataset, and evaluated on SQUAD, Heuristics (§3.3), and DISFL-QA test sets. We also evaluate the performance
by using state-of-the-art disfluency detection model by Jamshid Lou and Johnson (2020) in a pipelined fashion.

augment our data with silver3 standard disfluen-
cies: (i) SWITCH-Q which inserts prefix of an-
other question as a prefix to the original question,
and (ii) SWITCH-X, where X could be verb, adjec-
tive, adverb, or entity, and is inserted as a reparan-
dum in the question.

To facilitate contextual disfluencies, we use the
reparandums from the context. For SWITCH-
VERB/ADJ/ADV/ENT, this was done by picking
tokens and phrases from the context passage. For
SHIFT-Q, we used other questions associated with
the same passage. We used spaCy4 NER and POS
tagger to extract relevant entities and POS tags,
and sample interregnum from a list of fillers. Ta-
ble 3 shows an example from each of the heuris-
tics. We then finally combine all the heuristics
(ALL in Table 3) by uniformly sampling a single
disfluent question from the set of possible trans-
formations of the question.

3.4 Evaluation Method

In all our experiments, we evaluate QA per-
formance using the standard SQUAD-v2 eval-
uation script which reports EM and F1 scores
over the HasAns (asnwerable) and NoAns (non-
answerable) slices along with the overall scores.
For brevity, we report only the F1 numbers as we

3The silver nature of the data is due to the fact that we can
not enforce naturalness or semantic equivalence of §2.

4https://spacy.io/

observed similar trends in EM and F1 across our
experiments.

4 Experiments

We conduct experiments with DISFL-QA to an-
swer the following questions: (a) Are state-of-the-
art LM based QA models robust to introduction of
disfluencies in the questions under a zero-shot set-
ting ? (b) Can we use heuristically generated syn-
thetic disfluencies to aid the training of QA models
to handle disfluencies ? (c) Given a small amount
of labeled data, can we recover performance by
fine-tuning the QA models or training a disfluency
correction model to pre-process the disfluent ques-
tions into fluent ones before inputting to the QA
models ? (d) In the above setting, can we train a
generative model to generate more disfluent train-
ing data ?

4.1 Zero-Shot Performance

Table 4 shows the performance of different vari-
ants measuring their zero-shot capabilities.

Performance of BERT-QA and T5-QA. We
see from Table 4 that when tested directly on on
heuristics and DISFL-QA test sets, both the BERT-
QA and T5-QA models exhibit significant per-
formance drop, as compared to the performance
on the fluent benchmark of SQUAD. The perfor-
mance drop for the complete models is greater
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Original HasAns NoAns

Prediction NoAns WrongAns HasAns

SQUAD 71 150 216
DISFL-QA 1091 168 174

Table 5: Breakdown of prediction errors for the T5-
QA-ALL model on the fluent and disfluent questions.
WrongAns represents that the model predicted an in-
correct span from context.

when compared to their answerable-only counter-
parts. The best performing T5-ALL model shows
a drop of 27.95 F1 points for the complete setup
and 13.32 F1 point for the answerable only T5-
ANS model. This shows BERT and T5 are not
robust when questions contain disfluencies.

Disfluency Correction + T5-QA. We use the
BERT based state-of-the-art disfluency correc-
tion (Jamshid Lou and Johnson, 2020) as a pre-
processing step before feeding the input to our
T5-QA model. The models trained on SWITCH-
BOARD are not able to fill a significant perfor-
mance gap, with the complete and answerable
models recovering 4.07 and 2.25 F1 points, re-
spectively. We will revisit this setting in the few-
shot experiments.

DISFL-QA test-set vs. Heuristics test-set.
Next, we compare the performance of heuristi-
cally generated disfluent questions against the
human annotated questions. In general, human
annotated disfluent questions exhibit larger per-
formance drop compared to heuristics, across
different models.

Taking a closer look at the T5-ALL model
shows that DISFL-QA shows a bigger drop in
HasAns cases and smaller increase in NoAns
cases, as compared to the heuristics test set. For
the T5-ANS model, DISFL-QA shows a larger
drop in performance which is attributed to the
model picking wrong answer span. Based on
this, we hypothesize that between the two datasets,
heuristics are able to confuse the models in over-
predicting <no answer>, but DISFL-QA is su-
perior when it comes to confuse the models to
picking a different answer span altogether (as seen
in Table 4 for models in ANS setting). This
demonstrates that collecting a dataset like DISFL-
QA via human annotation holds value for contex-
tual disfluencies.

HasAns
F1

NoAns
F1

Overall
F1

Fluent (⋆) 91.38 87.67 89.59
Zero-Shot 35.21 90.06 61.64

+ SW-ADJ 68.49 86.24 77.03
+ SW-ADV 67.37 85.27 75.98
+ SW-ENT 74.76 85.95 80.14
+ SW-Q 70.03 78.94 74.31
+ SW-VERB 68.01 87.16 77.22

+ ALL 78.86 85.96 82.27

Table 6: Performance on DISFL-QA with individual
(SW-XX) and combined (ALL) heuristics based data
augmentation and fine-tuning.

Performance Gap Breakdown. For models
trained on ALL setting, we find that the perfor-
mance drop is largely due to the drop in F1 (over
50 points) on HasAns questions as opposed to
NoAns questions, where it is almost negligible
or even positive in some cases. Upon closer
analysis (Table 5) we find that a major fraction
of prediction errors for HasAns is attributed to
HasAns→ NoAns errors, instead of HasAns→
WrongAns.5

We believe that the disfluencies are causing
the answerable questions to resemble the non-
answerable ones as seen by both BERT and T5
models under ALL setting. This results in an
overly conservative model in terms of answer-
ability and instead resorts to over-predicting
<no answer>, causing gain in non-answerable
recall at the cost of precision. In contrast, for a
comparable ANS model the drop in F1 is smaller,
primarily due to relatively easier decision making,
i.e. not required to decide when to answer vs. not.

Fine-tuning on Heuristic Data. In this experi-
ment, we fine-tune on heuristically generated data
from §3.3 and directly test on DISFL-QA. Ta-
ble 6 compares the performance of the heuristics
fine-tuned model on the DISFL-QA test-set. The
overall heuristics trained model (ALL) is able to
cover a significant performance drop from 61.64
to 82.27, an increase of 20.63 F1 points. How-
ever, this still is 7.32 F1 points short of the fluent
performance.

Amongst the individual heuristics, we observe
the following order of effectiveness w.r.t. perfor-
mance on the HasAns cases: ENT > SQ >
ADJ > VERB > ADV. One possible expla-

5We use the standard SQUAD evaluation script and mark
a prediction as WrongAns iff F1(pred,gold)< 0.8.
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Figure 2: Few shot performance for different frac-
tion of training data. We can see that performance on
HasAns cases increases monotonically with increase
in gold data. However, for the NoAns cases, the per-
formance first takes a drop (compared to zero-shot) and
then increases.

nation for SWITCH-ENT and SWITCH-Q being
more effective is the fact that our original anno-
tated dataset has a relatively high percentage of
entity and interrogative correction.

4.2 Few Shot Performance

Next, we evaluate the performance of the models
when we use a part of human annotated gold dis-
fluent data for training: (i) direct end-to-end super-
vision, (ii) generation based data augmentation,
and (iii) training disfluency correction models.

Direct Supervision (k-shot). In this setting, we
pick a SQUAD-v2 T5 model and then perform a
second round of fine-tuning with varying percent-
ages of DISFL-QA gold training data. We exper-
iment with 1, 5, 10, 25, 50, and 100 percent of the
total gold data.

Figure 2 shows the performance for the
HasAns and NoAns cases as we increase the
amount of training data. The HasAns perfor-
mance increases gradually from 35.31 F1 points,
in the zero-shot setting, to 86.40 F1 points with
complete training data. Interestingly, for the
NoAns cases, the performance first drops from
90.06 F1 points, in the zero-shot setting, to 82.02
F1 with 5% data and then monotonically increas-
ing to 86.53 F1 with complete data. This can
be attributed to the fact that the zero-shot models
were under-predictive (high recall, low precision
for <no asnwer>) due to lack of robustness to
disfluent inputs.

HasAns
F1

NoAns
F1

Overall
F1

Fluent (⋆) 91.38 87.67 89.59
Zero-Shot 35.21 90.06 61.64
Heuristics 78.86 85.96 82.27

Direct Supervision

25% Data 83.58 83.84 83.71
+ Q → DQ 86.44 84.53 85.52
+ CQ → DQ 87.47 83.11 85.37

50% Data 85.09 85.33 85.20

100% Data 86.40 86.53 86.46
+ Q → DQ 86.95 85.73 86.33
+ CQ → DQ 87.29 85.22 86.29

Pipelined

DQ → Q 87.65 86.70 87.19
CDQ → Q 87.99 86.02 87.04

Table 7: Performance on the test set of DISFL-QA
when using gold human annotated data in training dif-
ferent components.

Furthermore, Table 7 compares the perfor-
mance of using the gold training data of DISFL-
QA against the heuristics data. It shows that the
models trained with disfluent data from DISFL-
QA are able to cover a major gap in answerable
slice, which wasn’t possible with the heuristically
generated data. Direct supervision bring an addi-
tional performance improvement of 4.19 F1 points
over the heuristics.

Generation Based Data Augmentation. We
use the T5 model for synthetically generating dis-
fluent question from fluent question in the text2text
framework. We use the training set of DISFL-
QA to train the following generative models:
(i) context-free generation (Q → DQ), and (ii)
context-dependent generation (CQ → DQ) which
use passage as well for generation.

Table 8 shows example generation from the
two models. We observe that CQ → DQ is able
to learn meaningful contextual disfluency genera-
tion, whereas Q → DQ can lead to non-meaningful
or inconsistent disfluencies due to lack to context.

We then pick 5k random (question, answer)
pairs from SQUAD training data and apply our
generative model to produce disfluent training data
for the QA models. Table 7 shows the perfor-
mance of using data augmentation. We perform
data augmentation under two different train data
settings: (1) 25% data, and (2) 100% data. Inter-
estingly, for the models trained on 25% train data
+ generated data, we observe a gain of 1.81 F1
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Passage: . . . Whereas a genome sequence lists the order of every DNA base in a genome, a genome map identifies the
landmarks. A genome map is less detailed than a genome sequence and aids in navigating around the genome . . .

Fluent Question : What does a genome map list the order of ?
T5 Q → DQ : What is no what does a genome map list the order of ?
T5 CQ → DQ : What does a genome sequence list the order of no sorry what does a genome map list the order of?

Passage: . . . The presence of fat in the small intestine produces hormones that stimulate the release of pancreatic lipase
from the pancreas and bile from the liver which helps in . . .

Fluent Question : What is one molecule of fat ?
T5 Q → DQ : What is one molecule of protein no fat ?
T5 CQ → DQ : What is one molecule of bile no wait fat ?

Passage: . . . In 1964, Nikita Khrushchev was removed from his position of power and replaced with Leonid Brezhnev.
Under his rule, the Russian SFSR . . .

Fluent Question : When did Leonid Brezhnev die ?
T5 Q → DQ : When was the age of Leonid Brezhnev ?
T5 CQ → DQ : When did Nikita Khrushchev er I mean Leonid Brezhnev die ?

Table 8: Example disfluent question (DQ) as generated by the Q → DQ and CQ → DQ T5 generative models
for data augmentation. We observe that CQ → DQ generates meaningful disfluencies compared to context-free
generation, the latter leading to irrelevant or inconsistent questions in some cases.

points (83.71 → 85.52) in the overall performance
which is close to the absolute performance of us-
ing 50% gold data. However, for the setup with
100% gold data + generated data, we did not ob-
serve a similar improvement in the overall perfor-
mance.

Pipelined: Disfluency Correction + QA. Un-
fortunately, existing disfluency correction mod-
els and datasets assume that fluent text is a sub-
sequence of the disfluent one, and hence these ap-
proaches cannot solve disfluencies in DISFL-QA
involving coreference. For fair comparison, we
train a T5 generation model as a DISFL-QA spe-
cific disfluency correction model using the train-
ing set of DISFL-QA, with a simple DQ → Q and
CDQ → Q T5 task formulation.

With this pipelined approach, we get further im-
provements with an overall F1 of 87.19 (Table 7),
however, still lacking by ≈2.4 F1 points compared
to the fluent dataset. This shows that such com-
plex cases require better modeling, preferably in
an end-to-end setup.

5 Related Work

5.1 Disfluency Correction
The most popular approach in literature poses
disfluency correction as a sequence tagging task,
in which the fluent version of the utterance is
obtained by identifying and removing the dis-
fluent segments (Zayats et al., 2014; Ferguson
et al., 2015; Zayats et al., 2016; Lou and John-

son, 2017; Jamshid Lou and Johnson, 2020; Wang
et al., 2020). . Traditional disfluency correc-
tion models use syntactic features (Honnibal and
Johnson, 2014), language models (Johnson et al.,
2004; Zwarts and Johnson, 2011), discourse mark-
ers (Crible, 2017), or prosody-based features for
learning (Zayats and Ostendorf, 2019; Wang et al.,
2017) while recent disfluency correction mod-
els largely utilize pre-trained neural representa-
tions (Lou et al., 2018). Most of these mod-
els depend on human-annotated data. As a re-
sult, recently, data augmentation techniques have
been proposed (Yang et al., 2020; McDougall
and Duckworth, 2017) to alleviate the strong de-
pendence on labeled data. However, the resulting
augmented data either via heuristics (Wang et al.,
2020) or generation models (Yang et al., 2020) is
often limited in terms of disfluencies types and
may not well capture natural disfluencies in daily
conversations.

5.2 Question Answering Under Noise

In the QA literature, our work is related to two
threads that aim to improve robustness of QA
models: (i) QA under adversarial noise, and (ii)
noise arising from speech phenomena.

Prior work on adversarial QA have predomi-
nantly generated adversaries automatically (Zhao
et al., 2018), which are verified by humans to en-
sure semantic equivalence (i.e. answer remains
same after perturbation). For instance, Ribeiro
et al. (2018) generated adversaries using para-
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phrasing, while Mudrakarta et al. (2018) per-
turbed questions based on attribution. Closest
work to ours is Jia and Liang (2017), who mod-
ified SQUAD to contain automatically generated
adversarial sentence insertions.

Our work is more closely related to prior work
on making NLP models robust to noise arising
from speech phenomena. Earlier work (Surdeanu
et al., 2006; Leuski et al., 2006) have built QA
models which are robust to disfluency-like phe-
nomenon, but they were limited in the corpus com-
plexity, domain, and scale. Recently there has
been renewed interest in constructing audio en-
riched versions of existing NLP datasets, for ex-
ample, the SPOKEN-SQUAD (Li et al., 2018) and
SPOKEN-COQA (You et al., 2020) with the aim
to show the effect of speech recognition errors on
QA task. However, since collecting audio is chal-
lenging, another line of work involves testing the
robustness of NLP models to ASR errors in tran-
scribed texts containing synthetic noise using TTS
→ ASR technique (Peskov et al., 2019; Peng et al.,
2020; Liu et al., 2020; Ravichander et al., 2021).
Our work suggests a complementary approach to
data collection to surface a specific speech phe-
nomenon that affects NLP.

6 Conclusion

This work presented DISFL-QA, a new challenge
set containing contextual semantic disfluencies in
a QA setting. DISFL-QA contains diverse set
of disfluencies rooted in context, particularly a
large fraction of corrections and restarts, unlike
prior datasets. DISFL-QA allows one to directly
quantify the effect of presence of disfluencies in
a downstream task, namely QA. We analyze the
performance of models under varying when sub-
jected to disfluencies under varying degree of gold
supervision: zero-shot, heuristics, and k-shot.

Large-scale LMs are not robust to disfluencies.
Our experiments showed that the state-of-the-art
pre-trained models (BERT and T5) are not ro-
bust when directly tested on disfluent input from
DISFL-QA. Although a naturally occurring phe-
nomenon, the noise introduced by the disfluent
transformation led to a non-answerable behavior
at large.

Contextual heuristics partially recover perfor-
mance. We derived heuristics, in attempt to re-
semble the contextual nature of DISFL-QA, by

introducing semantic distractors based on NER,
POS, and other questions. In our experiments, we
found that heuristics are effective in: (1) confus-
ing the models in zero-shot setup, and (2) partially
recovering the performance drop on DISFL-QA
with fine-tuning. This indicates that the heuristics
might be capturing some key aspects of DISFL-
QA.

Efficacy of gold training data. We use the gold
data for supervising various models: (i) end-to-
end QA model, (ii) disfluency correction, and
(iii) disfluency generation (for data augmentation).
For all the experiments, gold supervision outper-
forms heurisitics’ supervision significantly. Fur-
thermore, we observed that in a low resource setup
generation based data augmentation can match the
performance of a high resource modeling setup.

7 Discussion

While DISFL-QA aims to fill a major gap between
speech and NLP research community, understand-
ing disfluencies holistically requires the following:

General disfluencies focused NLP research.
We believe understanding of disfluencies is a key
ingredient for enabling natural human-machine
communication in the near future, and call upon
the NLP community to devise generalized few-
shot or zero-shot approaches to effectively handle
disfluencies present in input to NLP models, with-
out requiring task specific disfluency datasets.

Constructing datasets for spoken problems.
We would also like to bring attention to the fact
that being a speech phenomenon, a spoken setup
would have been an ideal choice for disfluencies
dataset. This would have accounted for higher
degree of confusion, hesitations, corrections, etc.
while recalling parts of context on the fly, which
otherwise one may find hard to create synthetically
when given enough time to think.

However, such a spoken setup is extremely te-
dious for data collection mainly due to: (i) pri-
vacy concerns with acquiring speech data from
real world speech transcriptions, (ii) creating sce-
narios for simulated environment is a challenging
task, and (iii) relatively low yield for cases con-
taining disfluencies. In such cases, we believe that
a targeted and purely textual mode of data collec-
tion can be more effective both in terms of cost
and specificity.
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Abstract

Existing bias mitigation methods to reduce
disparities in model outcomes across cohorts
have focused on data augmentation, debiasing
model embeddings, or adding fairness-based
optimization objectives during training. Sep-
arately, certified word substitution robustness
methods have been developed to decrease the
impact of spurious features and synonym sub-
stitutions on model predictions. While their
end goals are different, they both aim to en-
courage models to make the same prediction
for certain changes in the input. In this paper,
we investigate the utility of certified word sub-
stitution robustness methods to improve equal-
ity of odds and equality of opportunity on mul-
tiple text classification tasks. We observe that
certified robustness methods improve fairness,
and using both robustness and bias mitigation
methods in training results in an improvement
in both fronts.

1 Introduction

As natural language processing (NLP) technolo-
gies are increasingly used in essential real-world
applications, such as social media, healthcare, per-
sonal assistants and law (He et al., 2020; Ahmad
et al., 2020), it is important to ensure these systems
do not create unintended outcomes for end-users
or offer disparate experiences to customers from
diverse backgrounds. This includes ensuring that
model performance does not significantly differ
across people belonging to different cohorts, such
as different gender or race groups.

A major subset of industry NLP applications
lies in text classification, such as domain and in-
tent classification in voice assistants (Su et al.,
2018) or code tagging in healthcare (Kemp et al.,
2019). In this study, we focus on toxicity classifi-

∗* Equal contribution

cation (Dixon et al., 2018) and occupation classifi-
cation of Wikipedia biographies (De-Arteaga et al.,
2019). For toxicity classification, ensuring fairness
means ensuring that a model can identify toxicity
to a similar accuracy across all examples regard-
less of the protected groups present in the example.
Past studies (e.g, (Dixon et al., 2018; Zhang et al.,
2020; Zhao and Chang, 2020)) have shown that
toxicity classification models will falsely classify
text containing certain protected attributes as toxic.
Leading social media platforms and internet com-
panies use toxicity classification models for con-
tent moderation (Gorwa et al., 2020), thus having
bias in such models can lead to increased silencing
of under-served groups. Similarly, for occupation
classification, a fair model should correctly iden-
tify occupations given a biography, regardless of
the protected group that a person belongs to (De-
Arteaga et al., 2019).

Recently, several studies have demonstrated so-
cietal bias in NLP systems (Hutchinson et al., 2020;
Tan and Celis, 2019; Liang et al., 2020) and vari-
ous approaches have been proposed to mitigate the
bias. These approaches include creating balanced
datasets (Park et al., 2018; Zhao et al., 2018a), de-
veloping methods optimized for particular fairness
notions (Zhang et al., 2017, 2020), model calibra-
tion (Zhao et al., 2017; Jia et al., 2020), and reduc-
ing representational bias (Bolukbasi et al., 2016b;
Zhao et al., 2018b; Liang et al., 2020).

Separately, certified robustness approaches (Jia
et al., 2019; Ye et al., 2020) have been developed
to ensure robustness against word substitution at-
tacks. Specifically, these strategies ensure small
perturbations in the input embedding space do not
alter model predictions. Despite never having been
discussed in prior literature, this corresponds to
notions of fairness, since protected attribute infor-
mation (e.g. gender) is often irrelevant to the task
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at hand (i.e. “She is a good singer” and “He is a
good singer” should have the same sentiment label).
Thus, we posit that word substitution robustness
methods can be used to make models invariant to
protected attribute tokens and identifiers.

We explore the effect of robustness methods
on fairness with GloVe-based CNN models (Kim,
2014) trained with Interval Bound Propagation
(IBP) (Jia et al., 2019), and BERT (Devlin et al.,
2019a) trained with SAFER (Ye et al., 2020). We
compare the effect of these robustness methods to
popular bias mitigation methods. We find that ro-
bustness methods achieve promising performance
on fairness metrics exceeding that of bias mitiga-
tion methods in several text classification tasks on
gender and sexual orientation dimensions. Fur-
thermore, training on both fairness and robustness
exceeds performance over robustness and bias miti-
gation methods alone. Comprehensive analysis and
visualization demonstrate that the robust methods
decrease feature importance on gender tokens.

Our contributions are two-fold. First, we show
that certified robustness methods can be used and
integrated with bias mitigation methods to effec-
tively improve models’ performance on several no-
tions of fairness, notably equality of opportunity
and equality of odds. Secondly, by integrating ro-
bustness methods with fairness, we can improve
a model’s robustness while reducing bias, which
is important in creating trustworthy NLP systems.
Our study’s practical implications include applica-
tions to models used in the industry that can handle
customer inputs that may differ from the training
data (robust) and that minimize any unintended con-
sequences on the customers (fair). With this study,
we aim to motivate future work geared towards de-
veloping methods that jointly optimize for multiple
trustworthy aspects of models; specifically, those
addressing model robustness and fairness.

2 Mitigating Bias through Certified
Robustness Methods

In the following, we first define the notions of fair-
ness considered in this paper. Then, we discuss
certified robustness methods, and how they can be
applied to reduce bias in models.

2.1 Fairness Notions

We focus on measuring two notions of fairness in
this paper – equalized odds and equality of oppor-
tunity, as they are commonly used in quantifying

bias in NLP applications. We describe the metrics
associated with these notions in Section 3. We give
application examples of these notions on toxicity
and occupation classification for English texts.

Equalized Odds A model achieves Equalized
Odds (Hardt et al., 2016) with respect to a pro-
tected attribute A and outcome Y if P (Ȳ = 1|A =
0, Y = y) = P (Ȳ = 1|A = 1, Y = y), for
y ∈ {0, 1}. Protected attributes are traits or char-
acteristics that cannot be discriminated against by
law1. Intuitively, this means that the model should
have equal true positive and false positive rates
across groups. For toxicity classification, equalized
odds implies that a model should be able to ef-
fectively detect toxicity on comments that include
identifiers across all protected attribute cohorts,
while not silencing any one cohort. Prior studies
demonstrate that models disproportionately predict
sentences associated with LGBTQ individuals as
toxic, which may further silence discussion around
LGBTQ issues and the voices of LGBTQ people
(Oliva et al., 2020).

Equality of Opportunity A model achieves
Equality of Opportunity (Hardt et al., 2016) with
respect to a protected attribute A and outcome Y
if P (Ȳ = 1|A = 0, Y = 1) = P (Ȳ = 1|A =
1, Y = 1). This is a relaxation of Equalized Odds
to the positive outcome, in which the model must
have equal true positive rates across groups. For
occupation classification, equality of opportunity
implies that a model is able to correctly classify bi-
ographies of people from all groups, thus enabling
equity in positive outcomes such as appropriate and
useful matches in job recommendation sites.

Due to bias in the training data, off-the-
shelf models often contain biases and disparities
in model performance against underrepresented
groups. Various bias mitigation approaches have
been proposed to ensure the fairness in model pre-
dictions. We include a diverse array of bias mitiga-
tion methods, spanning embedding debiasing, in-
training, and post-processing, as baselines. These
consist of instance weighting (Zhang et al., 2020),
HardDebias word embeddings (Bolukbasi et al.,
2016a), and adversarial debiasing (Zhang et al.,
2018). See more discussion in Sec. 3.

1https://www.eeoc.gov/
employers/small-business/
3-who-protected-employment-discrimination

3321



2.2 Certified Robustness for Bias Mitigation

Designed for a different purpose, certified robust-
ness methods present ways to train models that sat-
isfy guarantees of word substitution robustness. By
adapting certified robustness methods to fairness
applications, we aim to make models invariant to
spurious protected attribute information present in
inputs, and thus improve in equality of opportunity
and equalized odds.

Formally, a model f is certifiably robust if, for
any example sentence x, and sentences x′ that
consist of x modified with word substitutions,
f(x) = f(x′) = y. In the robustness context, word
substitution consists of swapping a word with its
synonyms (usually defined using retrofitted word
embeddings). For example, if x = “The waiter
talked to the customer about their problems,” x′

may consist of the sentences “The waitress talked
to the customer about their qualms.” In the context
of fairness, we consider ’waiter’ and ’waitress’ or
gender pronouns to carry the same meaning in the
context of toxicity and occupation classification,
and to have the same label.

In this paper, we use two recently developed cer-
tified robustness methods, Interval Bound Propaga-
tion (IBP) (Jia et al., 2019) and SAFER (Ye et al.,
2020). Given a set of perturbations for each word,
these two models ensures that word substitution
do not affect model predictions. In particular, for
each word, and a polytope spanned by the potential
substitutions for that word in the embedding space,
these methods ensure that swapping the word with
any point in the polytope will not change the model
predictions. To accomplish this, IBP minimizes the
upper bound of the set of losses over perturbation
sets, and SAFER uses a model-agnostic random-
ized smoothing technique.

Both IBP and SAFER encourage models to be
robust to spurious word substitutions, which in-
clude tokens that contain protected attribute infor-
mation. The perturbations included in the original
paper from Alzantot et al. (2018) are based on a
GloVe embedding that has been modified such that
synonyms are close together. While the perturba-
tion set does not include explicit gender and sexual
orientation swaps (‘boy’ is not included in the per-
turbation set for ’girl’, while ’girls’, and ’women’
are), we posit that certified robustness methods can
still be applied to bias mitigation by improving
robustness in examples that contain identifiers of
underrepresented groups. Doing so will decrease

model performance disparity in underrepresented
group cohorts, and thus fulfill fairness notions.

IBP (Jia et al., 2019) IBP computes bounds on
the model loss based on bounds on the input. The
robustness goal of the IBP method is to minimize
maxF (x, θ). Here, F (x, θ) denotes the set of
losses of a model over Bperturb, where Bperturb is
the set of perturbations for an example sentence x.
Formally, F (x, θ) = (f(x̄, θ)|x̄ ∈ Bperturb). The
full loss for IBP is (1−λ)f(x, θ) +λµfinal(x, θ),
where µfinal is the upper bound on the loss f(x, θ)
and λ ∈ [0, 1].

SAFER (Ye et al., 2020) Unlike IBP, SAFER
does not require any changes to the model training.
Instead, it employs a randomized smoothing mech-
anism in which an input is perturbed before being
fed to the model during the training time. Specif-
ically, SAFER creates random word substitutions
using a perturbation set derived from a synonym
network. Ye et al. (2020) determine certified ro-
bustness of a model on an example by certifying
that, given an example z, model score s(z), and
yB = argmaxc∈Y,c 6=y s(z), the model score of the
gold label y is higher than the model score of the
highest scoring non-gold label yB by a constant.

3 Empirical Study on the Connection
between Fairness and Robustness

To better understand the connection between fair-
ness and certified robustness in the context of text
classification, we empirically analyze models aug-
mented with various combinations of robustness
and fairness methods, as enumerated below.

1. Classifier (Baseline): The base text classi-
fication models. We consider two types of
classification models that widely used in the
literature, CNN (Kim, 2014) and BERT (De-
vlin et al., 2019b).

2. Classifier + Fairness: Text classifiers trained
with bias mitigation techniques (see Sec. 2).

3. Classifier + Robustness: Text classifiers
trained with robustness methods (see Sec. 2).

4. Classifier + Robustness + Gender Word
Perturbations: To ensure that the model be-
comes robust against gender substitutions, we
add definitional gender pairs (e.g., swapping
he with she) (Bolukbasi et al., 2016b) in the
permutation set of IBP and SAFER.

5. Classifier + Robustness + Fairness: Text
classifier trained with both fairness and ro-
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bustness objectives.
We aim to answer the following research ques-

tions based on the aforementioned configurations.
(1) What is the effect of robustness methods on mit-
igating bias (compare configuration 3 with 1 and
2)? (2) What is the effect of adding gender word
substitutions to the robustness perturbation sets
(compare configurations 3 and 4)? (3) What is the
effect of integrating bias mitigation and robustness
methods (compare configuration 5 with 1 and 3)?.

In particular, to answer the last question, we
consider combining popular bias mitigation ap-
proaches with IBP as follows.
• Debiased Word Embeddings + IBP: We re-

place the GloVe embeddings in the baseline
CNN model with the HardDebias embeddings
obtained from (Bolukbasi et al., 2016b), while
keeping the rest of the IBP training methodol-
ogy the same.
• Instance weighting + IBP: We add the in-

stance weights to each sample in the loss com-
putation during IBP training.
• Adversarial Training + IBP: We perform

multitask training, alternating between opti-
mizing for robustness loss and adversarial de-
biasing loss. We initialized our adversarial
training with the IBP-trained model.

Datasets We use the following two text classifica-
tion datasets to validate our hypothesis on different
data distributions.
• Jigsaw Toxicity2 is a dataset for toxicity clas-

sification that consists of 1,804,874 training
examples, which we split into train and val-
idation sets of size 1,443,900 and 360,974
respectively. We take 97,320 examples from
the public leaderboard as the test set.
• Bias in Bios (De-Arteaga et al., 2019) 3 is a

dataset for occupation classification derived
from Common Crawl corpus. It consists of
178,619 train and 91,917 test examples.

Evaluation Metrics We evaluate models on
three dimensions: (1) raw task performance, (2)
model fairness, and (3) model robustness. For the
raw task performance, we follow prior work in us-
ing accuracy and area under the ROC curve (AUC)
to evaluate the performance of a model on the Bias

2The data is available at https://www.kaggle.com/c/jigsaw-
unintended-bias-in-toxicity-classification

3The data is available at
https://github.com/microsoft/biosbias

in Bios dataset and the Jigsaw Toxicity dataset re-
spectively. To measure the robustness of a model,
we follow Jia et al. (2019) and Ye et al. (2020) to
use the certified robustness accuracy (CRA). For
fairness, we follow the discussion in Section 2.1
to evaluate a model based on equalized odds and
equal opportunity.

For fairness, we measure two metrics - i.e, True
Positive Equality Difference (TPED) and False Pos-
itive Equality Difference (FPED). The FPED and
TPED is calculated as:

∑

z∈Z
|fz − foverall|,

where f is FPR or TPR depending on whether we
are computing FPED or TPED, and Z refers to
the set of all classes in a protected group. Note
that TPED and FPED metrics do not take into ac-
count how well the model does - for example, a
model that achieves a true positive rate of 0.0 for
all groups will still have a TPED of 0.

For Bias in Bios dataset, we chose equality of
opportunity to measure fairness, since it is impor-
tant to ensure job candidates are matched with job
recommendations that are relevant to them. Since
equality of opportunity necessitates equality in true
positive rates across cohorts, we use TPED as the
fairness evaluation metric for Bias in Bios. For Jig-
saw Toxicity, we define fairness by equalized odds,
since it is important for toxicity classifiers to be
able to detect toxicity in content containing identi-
fiers across all groups, while not silencing any one.
The combination of FPED with TPED aligns with
the Equalized Odds definition of fairness (Borkan
et al., 2019), thus we define a score EOdds as FPED
+ TPED for ease of analysis. Equalized odds is sat-
isfied when FPED = 0 and TPED = 0, and thus
when EOdds = 0.

For the scope of this paper and the limitations
of the dataset, we study binary gender for Bias in
Bios, and both gender (male, female, transgender,
and non-binary) and sexual orientation (homosex-
ual/straight, heterosexual, gay, lesbian, bisexual)
for Jigsaw Toxicity classification. While we ac-
knowledge that there are a multitude of important
attributes, we constrain the scope of this study to
the attributes present in text classification datasets.

Experiment Details All the experiments were
conducted on p3dn.24xlarge and p3.2xlarge AWS
compute nodes.4 The IBP runs took 48 hours for

4https://aws.amazon.com/ec2/instance-types/
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Model Raw task (↑) Fairness (↓) Robustness (↑)
AUC EOdds FPED TPED CRA

Baseline 0.957 0.508 0.197 0.311 0.270

IBP 0.913 0.184 0.005 0.179 0.934
IBPgender 0.947 0.237 0.062 0.175 0.912

Instance weighting 0.955 0.505 0.196 0.309 0.214
HardDebias 0.951 0.525 0.221 0.304 0.404
Adversarial Training 0.955 0.491 0.198 0.293 0.644

IBP + Instance weighting 0.889 0.165 0.002 0.163 0.942
IBP + HardDebias 0.923 0.459 0.169 0.290 0.890
IBP + Adversarial Training 0.920 0.473 0.192 0.281 0.901

Table 1: Certified robustness and bias mitigation methods with CNN on Jigsaw dataset. The best performance for
each column is boldfaced. Results show that the certified robustness method (IBP) improves both robustness and
fairness with performance drops on the raw task accuracy.

Model Raw task (↑) Fairness (↓) Robustness (↑)
AUC TPED CRA

Baseline 0.787 0.131 0.115

IBP 0.743 0.127 0.702
IBPgender 0.749 0.104 0.711

Instance weighting 0.755 0.118 0.095
HardDebias 0.767 0.106 0.070
Adversarial Training 0.773 0.114 0.180

IBP + Instance weighting 0.732 0.113 0.719
IBP + HardDebias 0.735 0.101 0.715
IBP + Adversarial Training 0.725 0.112 0.693

Table 2: Experiment results on CNN models on the Bias in Bios dataset. We see that our best performing model
consists of initiating IBP training with HardDebias embeddings.

Jigsaw Toxicity and 34 hours for Bias in Bios,
while SAFER took 53 hours with evaluation for
Jigsaw Toxicity and 37 hours for Bias in Bios.

For the experiments with CNN, we follow Jia
et al. (2019) to configure the IBP schedule and
CNN models. In particular, we used a CNN model
with a hidden size of 100 and kernel size of 3 with
the GloVe embedding (Pennington et al., 2014) as
inputs. For IBP, we linearly increased the weight
on the certified robustness objective from 0 to 0.8
for 40 epochs, before training for 20 epochs on the
full certified robustness objective.

For the experiments with BERT, we fol-
low Ye et al. (2020) to configure the BERT
model and SAFER experiment. We use
bert-base-uncased, and take the top-100
words that are closest in cosine similarity for each
token as the token’s perturbation set. We describe
the remaining hyper-parameter details (learning
rate, epochs, dropout probability) in the the ap-
pendix, which we obtained after a hyper-parameter
search on the development set.

4 Results

The results for Jigsaw Toxicity and Bias in Bios
are in Tables 1, 2, 3 and 4.

Effect of certified robustness methods for miti-
gating bias We observe that adding IBP during
training achieves better performance on fairness
over othe bias mitigation approaches across Jig-
saw Toxicity and Bias in Bios. In Jigsaw Toxicity,
EOdds improves from 0.508 to 0.184, and in Bias
in Bios, TPED improves from 0.131 to 0.127. Sim-
ilarly, training models with SAFER results in an
improvement in performance in all fairness metrics,
with an improvement in EOdds from 0.553 to 0.286
in Jigsaw Toxicity and an improvement in TPED
from 0.148 to 0.134 in Bias in Bios.

Effect of adding gender word substitutions to
the robustness perturbation sets While adding
gender word substitutions further improves fair-
ness in Bias in Bios, it results in worse fairness
scores in Jigsaw Toxicity than plain certified robust-
ness methods. In Bias in Bios, IBPgender results
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Model Raw task (↑) Fairness (↓) Robustness (↑)
AUC EOdds FPED TPED CRA

Baseline 0.914 0.553 0.290 0.263 0.950
SAFER 0.918 0.286 0.144 0.142 0.967
SAFERgender 0.968 0.347 0.176 0.171 0.917

Table 3: Model performance on BERT (Baseline) and SAFER on the Jigsaw dataset. Similar to the observation
with IBP, SAFER improves both the fairness and robustness metrics.

Model Raw task (↑) Fairness (↓) Robustness (↑)
AUC TPED CRA

Baseline 0.796 0.148 0.164
SAFER 0.744 0.134 0.726
SAFERgender 0.761 0.097 0.733

Table 4: Model performance on BERT (baseline) with SAFER on the Bias in Bios dataset.

in a lower TPED than all fairness only baselines.
This trend holds in SAFER, where SAFERgender
achieves lower TPED than SAFER. In Jigsaw Tox-
icity, adding gender words to the perturbation set
degrades performance in equalized odds for both
IBP and SAFER. This may be because the list of
gender word substitutions do not include words
relating to sexual orientation and non-binary gen-
der, and thus may only improve fairness amongst
examples containing male and female identifiers.

Effect of integrating bias mitigation methods
with certified robustness methods Training
model with both IBP and bias mitigation meth-
ods improves fairness metrics over fairness-only
baselines in both datasets. In Bias in Bios, the
model that comes closest to fulfilling equality of
opportunity is the one trained with both IBP and
HardDebias, which achieves a TPED of 0.101.
In Jigsaw Toxicity, we see a similar trend, with im-
provements in EOdds after adding IBP training to
instance weighting, HardDebias, and adversarial
training. The model trained with both IBP and in-
stance weighting achieves a EOdds score of 0.165,
which is the lowest among all approaches

We also note that for Jigsaw Toxicity, instance
weighting mitigates bias more effectively than
HardDebias and adversarial training (both in iso-
lation and in combination with robustness meth-
ods). This is not the case for Bias in Bios, where
HardDebias and adversarial training is more ef-
fective than instance weighting in mitigating bias.
This may be due to the fact that instance weight-
ing mitigates bias explicitly for a wider array of
sexual orientations and gender demographics than
the other two methods. The original HardDebias

method only projects away the gender direction
from embeddings. For adversarial debiasing, we
train the adversary with the subset of the training
set that is annotated for the presence of protected
attribute groups, which is highly skewed towards
male and female. Thus, HardDebias and adver-
sarial training may mitigate bias for binary gender,
but fall short in mitigating bias for non-binary gen-
der and sexual orientations. Conversely, instance
weighting, which mitigates bias for a wider array
of demographics, does not mitigate bias on gender
in Bias in Bios as well as the other methods.

Additional Observations Outside of the effects
of robustness on fairness, we observe differing ef-
fects of the methods on certified robustness and
raw accuracy. As expected, IBP and SAFER im-
proves performance on certified robustness on both
datasets. However, we also observe degradataions
in raw task accuracy in experiments with robust-
ness methods. Combining robustness with bias
mitigation methods results in a degradataion of raw
task performance over fairness-only baselines. Ad-
ditionally, fairness-only training results in differing
effects on certified robustness accuracy. Adversar-
ial debiasing improves certified accuracy in both
datasets, while HardDebias embedding-initiated
training results in an increase in certified robust-
ness in Jigsaw Toxicity, but a decrease in Bias in
Bios. This difference in findings may be due to
the shorter length of examples in Jigsaw Toxicity,
which has a median length of 34, compared with
the median length of 72 in Bias in Bios, which in
turn determines the number of possible perturba-
tions used to calculate certified accuracy and the
difficulty in achieving high CRA.

3325



Figure 1: Frequency of gender token features as extracted by LIME for baseline and IBP trained models for Jigsaw
Toxicity and Bias in Bios. We see a decrease in number and frequency of gender tokens in the list of top-5 (for
Jigsaw Toxicity) and top-50 (for Bias in Bios) most important features.

5 Analysis

In this section, we study how robustness training
affects the features our models use for classifica-
tion. We posit that robustness training encourages
models to focus more on predictive attributes than
on protected attributes. To gain insight into this,
we use LIME (Ribeiro et al., 2016) on the baseline,
IBP, and SAFER trained models and extract token
features importance as assigned by the model. We
run LIME on the subset E of examples that are
misclassified by our baseline model as toxic that
are correctly classified by the IBP model. We take
the top k features for each of the examples (where
k = 5 for Jigsaw and k = 50 for Bias in Bios) over
E, and then count the number of gender tokens that
appear in that list. For Jigsaw Toxicity, the number
of examples that we run LIME on is 488 for CNN
experiments and 182 for BERT experiments. For
Bias in Bios, we run LIME over a random subset
of 500 examples from E for both CNN and BERT
experiments.

For Jigsaw Toxicity, we see from Figure 1 that
LIME extracts less gender tokens in the top-5 fea-
tures of the IBP-trained and SAFER-trained model
compared to the baseline model. Notably, there are
37 gender tokens that appear in the CNN model,
while only 23 in the IBP-trained model. Simi-
larly, 69 gender tokens appear in the baseline BERT
model while only 37 appear in the SAFER-trained
one. For Bias in Bios, we see a similar trend from
Figure 1. The number of important gender token
features decreases from 626 to 500 after IBP train-
ing, and from 626 to 429 after SAFER.

In addition, we compute the gradient with the
output with respect to the input on several exam-
ples from Jigsaw Toxicity, which is shown in Table
5. We observe that the baseline model focuses on
tokens related to protected groups, while the IBP
model takes into account all parts of the sentence.

6 Related Work

Much work has been done in studying fairness in
various NLP models (Mehrabi et al., 2019; Sun
et al., 2019; Blodgett et al., 2020). In toxicity clas-
sification, Adragna et al. (2020) and (Zhang et al.,
2020) study the fairness in predicting toxic inter-
net contents in which the contents contain demo-
graphic identity-terms (e.g., “gay”, “black”). In
occupation classification, De-Arteaga et al. (2019)
and Romanov et al. (2019) study the impact of
including explicit gender indicators such as a per-
son’s names or a pronoun in online biographies.

Some notable bias mitigation methods, which we
also use in this paper, include instance weighting
(Zhang et al., 2020), embedding debiasing (Boluk-
basi et al., 2016a; Wang et al., 2020), and adver-
sarial debiasing (Zhang et al., 2018). In particular,
Bolukbasi et al. (2016a) proposed to reduce rep-
resentational harm existent in word embeddings.
Zhang et al. (2020) proposed instance weighting, a
method to debias text classification models for bias
against examples containing demographic identity-
terms by weighting the instances in the loss func-
tion, and that is optimized for demographic pairty.
Zhang et al. (2018) presents an adversarial train-
ing approach to achieve various notions of fairness
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Model Saliency Map
Example 1

Baseline

IBP

Example 2

Baseline

IBP

Table 5: Gradient saliency examples on Jigsaw Toxicity. Highlights show larger value of the output gradient with
respect to the token embedding. The baseline CNN model focuses on some tokens related to protected groups (e.g.,
woman), while IBP encourages the model to take into account other parts of the sentence, resulting in less bias.

that is achieved by training an adversary to identify
information on protected groups and training the
model to minimize the adversary loss. These ap-
proaches are designed for reducing specific types
of bias exhibited in data.

On the robustness front, it has been shown that
models are susceptible to adversarial word substi-
tution attacks (Ebrahimi et al., 2018; Jia and Liang,
2017). Parallel to the development of methods de-
veloped to reduce word substitution robustness in
the NLP domain (e.g., (Miyato et al., 2017; Huang
et al., 2019; Zhou et al., 2021)), many studies has
been done in the computer vision domain to ensure
that models are robust to image noising (Kannan
et al., 2018; Szegedy et al., 2014).

In the intersection of area between fairness and
robustness of model training, there is limited prior
work in the NLP area. Nanda et al. (2020) investi-
gate and define robustness bias, a notion of fairness
in which a model must be impervious to pertur-
bations to the same degree for all subgroups, and
investigate robustness bias in the computer vision
domain. Adragna et al. (2020) examine the use of
invariant risk minimization in improving the fair-
ness on out-of-distribution data for toxicity classifi-
cation. Their robustness approach is inspired from
domain generalization and it allows to learn mod-
els that have invariant performance across different
label distributions. This differs from the word sub-
stitution notions of robustness that our methods
are optimized for. Chang et al. (2020) shows that

achieving equalized odds is incongruent with ad-
versarial robustness on the COMPAS (J. Larson
and Angwin, 2017) and the Adult dataset (Dua and
Graf, 2017), which is outside the NLP domain. The
closest work to ours is in counterfactual logit pair-
ing (Garg et al., 2019), which encourages a model
to be robust to protected attributes for counterfac-
tual fairness. However, logit pairing does have the
certified characteristic of the robustness methods
we use in this study.

7 Conclusion

We present a study that investigates the effect of
optimizing for word substitution robustness on fair-
ness. We find that, in both CNN and BERT mod-
els, adding robustness methods such as IBP and
SAFER to the training process improves fairness
metrics over adding bias mitigation methods alone.
Given these promising results, we encourage future
explorations in using robustness methods to not
only improve fairness metrics, but to also optimize
for both fairness and robustness, two important
aspects of creating trustworthy NLP.

Future work may include studying the effects
of robustness and fairness in attributes other than
gender and sexual orientation, extending our study
to other word substitution based robustness meth-
ods, and exploring more sophisticated methods to
combine robustness and bias mitigation methods
during training. We also intend on extending the
study to investigating the impact of privacy pre-
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serving training methods on both, robustness and
fairness.

Broader Impact

We limit the scope of this paper to gender and
sexual orientation in this initial effort, and future
work must be done on mitigating bias in other pro-
tected attribute dimensions such as race, ethnicity,
neurodiversity, etc. Additionally, this work draws
importance to the need to extend fairness methods
to groups beyond binary gender. In our IBPgender
experiments, we only consider swapping binary
gender pairs from prior literature to provide an
anchor for our analysis. We see from our results
that methods that mitigate for binary gender such
as HardDebias and IBPgender do not reduce harm
for all gender or sexual orientation, especially for
non-binary gender and non-heterosexual sexual ori-
entation groups. We will extend the study in the
future by developing fairness methods that directly
mitigate for non-heterosexual sexual orientations
and non-binary genders pairs using sociology liter-
ature.

The language used in this paper is English. We
recognize that the presented methods rely on the
availability and quality of the set of words associ-
ated to a fairness task. Scaling to languages beyond
English–such as gendered languages like Spanish–
need more careful analysis. Another limitation of
this method is that word substitution may lead to
non-sensible sentences and inappropriate grammar
especially in complex fairness domains where it is
difficult to find word-to-word mapping (e.g., map-
ping names of religious artifacts like Christmas tree
or Diwali lights, etc are not trivial).

Our experiments and results show that pursuing
fairness can help in improving robustness and vice
versa. With these findings, we hope to inspire re-
searchers to investigate novel approaches that focus
on jointly achieving robust and fair models. We
also hope that this work will lead to more investi-
gations around achieving multiple objectives such
as privacy, robustness and fairness together in the
NLP research community.
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Percy Liang. 2019. Certified robustness to adversar-
ial word substitutions. ArXiv, abs/1909.00986.

Shengyu Jia, Tao Meng, Jieyu Zhao, and Kai-Wei
Chang. 2020. Mitigating gender bias amplification
in distribution by posterior regularization. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 2936–
2942.

Harini Kannan, A. Kurakin, and Ian J. Goodfel-
low. 2018. Adversarial logit pairing. ArXiv,
abs/1803.06373.

J. Kemp, Alvin Rajkomar, and Andrew M. Dai. 2019.
Improved hierarchical patient classification with lan-
guage model pretraining over clinical notes. arXiv:
Learning.

Yoon Kim. 2014. Convolutional neural networks for
sentence classification. In EMNLP.

P. P. Liang, Irene Z Li, E. Zheng, Yao Chong
Lim, R. Salakhutdinov, and Louis-Philippe Morency.
2020. Towards debiasing sentence representations.
In ACL.

Ninareh Mehrabi, Fred Morstatter, Nripsuta Saxena,
Kristina Lerman, and A. Galstyan. 2019. A sur-
vey on bias and fairness in machine learning. ArXiv,
abs/1908.09635.

Takeru Miyato, Andrew M Dai, and Ian Goodfel-
low. 2017. Adversarial training methods for semi-
supervised text classification. In Proceedings of the
International Conference on Learning Representa-
tions.

Vedant Nanda, S. Dooley, Sahil Singla, S. Feizi, and
John P. Dickerson. 2020. Fairness through ro-
bustness: Investigating robustness disparity in deep
learning. ArXiv, abs/2006.12621.

Thiago Dias Oliva, Dennys Marcelo Antonialli, and
Alessandra Gomes. 2020. Fighting hate speech, si-
lencing drag queens? artificial intelligence in con-
tent moderation and risks to lgbtq voices online. Sex-
uality & Culture, pages 1–33.

J. Park, Jamin Shin, and Pascale Fung. 2018. Reduc-
ing gender bias in abusive language detection. In
EMNLP.

Jeffrey Pennington, Richard Socher, and Christopher
Manning. 2014. Glove: Global vectors for word rep-
resentation. In Proceedings of the 2014 Conference
on Empirical Methods in Natural Language Process-
ing (EMNLP), pages 1532–1543, Doha, Qatar. Asso-
ciation for Computational Linguistics.

Marco Tulio Ribeiro, Sameer Singh, and Carlos
Guestrin. 2016. ”why should i trust you?”: Explain-
ing the predictions of any classifier. Proceedings of
the 22nd ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining.

Alexey Romanov, Maria De-Arteaga, H. Wallach,
J. Chayes, C. Borgs, A. Chouldechova, Sahin Cem
Geyik, K. Kenthapadi, Anna Rumshisky, and
A. Kalai. 2019. What’s in a name? reducing bias
in bios without access to protected attributes. ArXiv,
abs/1904.05233.

Chengwei Su, Rahul Gupta, Shankar Ananthakrish-
nan, and Spyridon Matsoukas. 2018. A re-ranker
scheme for integrating large scale nlu models.
2018 IEEE Spoken Language Technology Workshop
(SLT), pages 670–676.

3329



T. Sun, Andrew Gaut, Shirlyn Tang, Yuxin Huang,
M. ElSherief, Jieyu Zhao, Diba Mirza, Elizabeth M.
Belding-Royer, Kai-Wei Chang, and William Yang
Wang. 2019. Mitigating gender bias in natural
language processing: Literature review. ArXiv,
abs/1906.08976.

Christian Szegedy, W. Zaremba, Ilya Sutskever, Joan
Bruna, D. Erhan, Ian J. Goodfellow, and R. Fer-
gus. 2014. Intriguing properties of neural networks.
CoRR, abs/1312.6199.

Y. Tan and L. Celis. 2019. Assessing social and inter-
sectional biases in contextualized word representa-
tions. In NeurIPS.

Tianlu Wang, Xi Victoria Lin, Nazneen Rajani, Vicente
Ordonez, and Caimng Xiong. 2020. Double-hard
debias: Tailoring word embeddings for gender bias
mitigation. ArXiv, abs/2005.00965.

M. Ye, Chengyue Gong, and Qiang Liu. 2020.
Safer: A structure-free approach for certified ro-
bustness to adversarial word substitutions. ArXiv,
abs/2005.14424.

B. H. Zhang, B. Lemoine, and Margaret Mitchell. 2018.
Mitigating unwanted biases with adversarial learn-
ing. Proceedings of the 2018 AAAI/ACM Confer-
ence on AI, Ethics, and Society.

Guanhua Zhang, Bing Bai, Junqi Zhang, Kun Bai, Con-
ghui Zhu, and Tiejun Zhao. 2020. Demographics
should not be the reason of toxicity: Mitigating
discrimination in text classifications with instance
weighting. In ACL.

Meng Zhang, Yang Liu, Huanbo Luan, and Maosong
Sun. 2017. Adversarial training for unsupervised
bilingual lexicon induction. In Proceedings of the
55th Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers),
pages 1959–1970, Vancouver, Canada. Association
for Computational Linguistics.

Jieyu Zhao and Kai-Wei Chang. 2020. LOGAN: Lo-
cal group bias detection by clustering. In Proceed-
ings of the 2020 Conference on Empirical Methods
in Natural Language Processing (EMNLP), pages
1968–1977, Online. Association for Computational
Linguistics.

Jieyu Zhao, Tianlu Wang, Mark Yatskar, Vicente Or-
donez, and Kai-Wei Chang. 2017. Men also like
shopping: Reducing gender bias amplification using
corpus-level constraints. In Proceedings of the 2017
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 2979–2989.

Jieyu Zhao, Tianlu Wang, Mark Yatskar, Vicente Or-
donez, and Kai-Wei Chang. 2018a. Gender bias
in coreference resolution: Evaluation and debiasing
methods. In Proceedings of the 2018 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 2 (Short Papers), pages 15–20.

Jieyu Zhao, Yichao Zhou, Zeyu Li, Wei Wang, and Kai-
Wei Chang. 2018b. Learning gender-neutral word
embeddings. In Proceedings of the 2018 Conference
on Empirical Methods in Natural Language Process-
ing, pages 4847–4853.

Yi Zhou, Xiaoqing Zheng, Cho-Jui Hsieh, Kai-Wei
Chang, and Xuanjing Huang. 2021. Defense against
synonym substitution-based adversarial attacks via
dirichlet neighborhood ensemble. In ACL.

A Appendices

Appendix A. Hyperparameter Settings We per-
form hyperparameter search on the dev set using
random search with 12 trials, with initial learn-
ing rate range between 1 ∗ 10−2 to 1 ∗ 10−7, a
dropout probability range of 0.1 to 0.5, and number
of epochs between 10 and 60.The final hyperparam-
eter settings are shown in Table 6. We choose our
hyperparameters based on the one that minimizes
FPED + TPED + (1 - CRA) + (1 - tp), where tp
refers to task performance.

Additionally, for adversarial debiasing, we tune
the adversary loss weight from α = 0.1 to α = 3,
and choose α = 1 for the weight. We pretrain our
classifier and adversary for 2 epochs each.
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Experiment Learning
Rate

Dropout
Prob

Number of
epochs

GloVe + CNN (Jig-
saw)

1e-2 0.5 20

GloVe + CNN (Bias
in Bios)

1e-3 0.1 15

BERT + SAFER
(Jigsaw)

5e-6 0.1 20

BERT + SAFER
(Bias in Bios)

1e-5 0.1 15

Table 6: Hyperparameter settings for our experiments. We use the same hyperparameters across our fairness and
robustness experiments.
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Abstract

Journalists usually organize and present the
contents of a news article following a well-
defined structure. In this paper, we propose
a novel joint model for structure-based news
genre classification that simultaneously iden-
tifies one of four commonly used news struc-
tures (including Inverted Pyramid and three
other structures) for a news article as well
as recognizes a sequence of news elements
within the article that define the correspond-
ing news structure. Experiments show that
the joint model consistently outperforms its
variants that perform two tasks independently,
which supports our motivation that preserving
the two-way dependencies and constraints be-
tween a type of news structure and its sequence
of news elements enables the model to better
predict both of them. Although being not per-
fect, the system predicted news structure type
and news elements have improved the perfor-
mance of text summarization when incorpo-
rated into a recent neural network system.

1 Introduction

Journalists usually organize and report the contents
of news following a well-defined structure. For ex-
ample, when writing news briefs or breaking news,
the Inverted Pyramid structure (Pottker, 2003) is
often adopted to present the most newsworthy and
key events first and then provide any additional
details. However, while being commonly used, In-
verted Pyramid is not the only news structure, there
exist several other commonly used news structures
as well, for example, a structure called Kabob is
commonly used to present a narrative hook (Myers
and Wukasch, 2003) first and then report the main
story, where the narrative hook catches the reader’s
attention so that reader is willing to keep reading.
Recognizing the overall structure of a news article
can benefit many NLP tasks and applications, such
as text summarization, text segmentation, discourse

analysis, information extraction and text quality as-
sessment, and many others.

Our recent research (Dai et al., 2018) first defines
a small set of news elements, specifically five news
elements, and then formally defines four commonly
used news structures based on their different ways
to select and organize news elements. News ele-
ments are defined based on their functions in a news
story (introducing the main story or event, catching
the reader’s attention or providing details, etc.) as
well as their writing styles (narrative or expository,
also known as modes of discourse). Specifically,
five news elements are defined, including two ledes,
Standard Lede and Image Lede, with their functions
as either introducing the main story or catching the
reader’s attention, as well as three other categories,
Synopsis, Narration and a catch-all category Body
Section. Each news element is realized as a set
of one or more consecutive paragraphs in a news
article. Using the well-defined news elements, four
news structures, Inverted Pyramid, Kabob, Martini
Glass and Narrative are introduced. The Inverted
Pyramid structure can be represented as a Standard
Lede followed by a Body Section, while the Kabob
structure can be represented as an Image Lede fol-
lowed by a Synopsis and a Body Section. Two more
news structures, Martini Glass and Narrative, are
defined and each of them has the Narration news el-
ement. We defer more details about news elements
and news structures to the section 3.

Our previous work (Dai et al., 2018) created
a dataset (the News Genre dataset) with both
news structures and news elements annotated for
structure-based news genre categorization, and has
conducted news structure classification as a text
classification task by building a machine learning
classifier (SVM) using n-grams and several struc-
ture indicative features. However, we have not
attempted to further recognize the annotated news
elements within a news article yet. As each news
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element carries a specific function in building a
news story and features a writing style (narrative
or expository), the recognized news elements are
expected to be useful for many NLP applications.

In this work, we take one step further and pro-
pose to recognize both the news structure type of
a news article as well as its corresponding news
elements. We first implemented two pipeline ap-
proaches that first predict document-level news
structure (or paragraph-level news element) tags
using one single model, and then incorporate the
predicted tags as features into another single model
for predicting news element (or news structure)
tags. Then, inspired by the idea that the overall
news structure of a document determines the se-
quence of news elements within the document, and
vice versa, we aim to recognize both the type of
news structure and its news elements simultane-
ously in a joint model. Specifically, we build our
joint model on top of a hierarchical BiLSTM neural
networks that learn paragraph and document repre-
sentations for predicting both a news structure type
for a document and a sequence of news element
tags for its paragraphs. The intrinsic evaluation on
the News Genre dataset shows that the joint model
consistently outperforms the pipeline models that
accomplish two tasks independently, and achieves
noticeable performance gains for predicting all four
types of news structures and all five types of news
elements, which supports our motivation that pre-
serving the two-way dependencies and constraints
between a news structure and its news elements
enables the system to better predict both of them.

We believe that the identified news structures
and news elements can be useful for many text-
level NLP applications and tasks. In this paper, we
further conduct experiments and use system pre-
dicted news structure and news element tags for
improving text summarization. Informed by the
predicted news structure genres, we expect to bet-
ter locate the key event descriptions of a news story,
and therefore improve the performance of extrac-
tive summarization models. Especially, we expect
that recognizing news structures and news elements
can boost the text summarization performance on
news articles of a particular news structure, the
Kabob structure, which is the second most frequent
news genre and covers roughly 28% of news arti-
cles based on the annotated News Genre dataset.

For news documents with the Kabob structure,
the beginning paragraphs (corresponding to a news

element called Image Lede) do not directly present
the key events of news, instead, the following para-
graphs (corresponding to a news element called
Synopsis) will summarize the main story. There-
fore, this news genre brings additional difficulty
to locate the correct paragraphs for extracting
summary, and accordingly, recognizing this genre
and its news elements is likely to noticeably im-
prove text summarization performance on docu-
ments with the Kabob structure the most. Indeed,
the extrinsic evaluation on the CNN/DailyMail
dataset (Hermann et al., 2015) shows that a sim-
ple method for incorporating news genre tags as
word features into a recent extractive summariza-
tion system (Liu and Lapata, 2019) improves the
three ROUGE (Lin, 2004) scores, R-1, R-2 and
R-L, consistently for all four types of news struc-
ture genres, with the Kabob structure receiving the
largest improvements of 0.37, 0.14 and 0.34 points
on R-1, R-2 and R-L respectively.

2 Related Work

News structures have been extensively studied in
the area of linguistics and journalism (Schokken-
broek, 1999; Van Dijk, 1985; Ytreberg, 2001).
However, few computational studies tried to au-
tomatically categorize news articles according to
news structures using data-driven methods. Our
previous work (Dai et al., 2018) is the first work
we are aware of that formulated four news struc-
tures using a small set of predefined news elements,
created the first dataset for structure-based news
genre categorization, and proposed a feature-based
classifier to predict the news structure type of a
document. With the motivation to better serve the
needs of downstream applications, we developed a
computational system to recognize news elements
within a document as well as the overall news struc-
ture type. We built a joint model for these two
tasks to preserve the two-way dependencies and
constraints between them, and have empirically
improved the performance of both tasks.

In the previous work, several well-studied genre-
independent discourse structures have been ex-
plored for improving many NLP applications. For
example, discourse structures including the RST-
style tree structure (Mann and Thompson, 1988)
and the PDTB-style discourse relations (Prasad
et al., 2008) have been shown useful for a range
of NLP applications, such as sentiment analysis
(Bhatia et al., 2015; Märkle-Huß et al., 2017), text
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summarization (Marcu, 1997; Louis et al., 2010)
and machine translation (Li et al., 2014; Guzmán
et al., 2014). In addition, text segmentation (Hearst,
1994) that divides a text into a sequence of top-
ically coherent segments by detecting topic tran-
sition boundaries have been shown useful for text
summarization (Barzilay and Lee, 2004), sentiment
analysis (Sauper et al., 2010) and dialogue systems
(Shi et al., 2019). We believe that the genre-specific
news structures can effectively complement the
genre-independent discourse structures, and both
of them are essential for achieving deep story-level
text understanding.

In this work, we further apply our system pre-
dicted news structure and news element tags to
help the task of extractive summarization, which
aims to extract a summary by identifying the most
important sentences in a news article. Nallapati
et al. (2017) presents one of the earliest neural
network systems for extractive summarization that
adopt an RNN-based encoder for abstracting sen-
tence representations. More recent work achieves
higher performance for extractive summarization
using more sophisticated neural network structures.
SUMO (Liu et al., 2019) introduces structured at-
tention to induce a dependency tree representation
of a document while generating a summary. Liu
and Lapata (2019) adapts BERT (Devlin et al.,
2019) to text summarization which obtains con-
textualized representations of a document and its
sentences using BERT’s encoder by stacking sev-
eral inter-sentence Transformer layers. Dong et al.
(2019) fine-tunes a new Unified pre-trained Lan-
guage Model (UniLM) for text summarization by
employing a shared Transformer network and uti-
lizing specific self-attention masks to control which
context the predicting summary conditions on. The
extrinsic evaluation on text summarization using
(Liu and Lapata, 2019) as baseline demonstrates the
usefulness of our system predicted genre-specific
news structure tags in downstream NLP tasks.

In addition, our work is also related to text genre
identification (Santini, 2007; Mehler et al., 2010;
Rehm, 2002), but we focus on the genres of news
structure which come from the area of journalism.

3 Structure-based News Genres

As shown in Figure 1, our previous work (Dai et al.,
2018) formally defined four commonly used news
structures based on the selection and organization
of five predefined news elements.
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Figure 1: Four News Structures: Document-level News
Structure Tags (in rectangle) and Paragraph-level News
Element Tags (in circle). A News Element may include
one or more consecutive paragraphs.

3.1 Five Paragraph-level News Elements
Standard Lede is used to introduce the key events
and main story at the beginning of a news article;
written in the expository style.

Image Lede 1 is used to catch the reader’s at-
tention by telling an anecdote, quoting a catchy
slogan, or revealing an impressive fact or statis-
tics (Jou, 2014); written in either narrative or expos-
itory style. Image Lede is located at the beginning
of a news article as well, however, unlike Standard
Lede, it does not directly discuss the key events
of a news article, therefore, it may not represent a
good summary of the news article.

Synopsis must follow an Image Lede and acts as
a bridge that connects an Image Lede with the rest
of a story. The function of Synopsis is to summa-
rize the key events and main story of a news article;
written in the expository style.

Narration gives great details about key events
and often contains a sequence of events (or
subevents) in chronological order (Mani, 2012);
written in the narrative style (Lavelle, 1997).

Body Section presents additional details and
supplementary information about key events; writ-
ten in the expository style. Paragraphs that do not
belong to any of the four above categories were
annotated as a Body Section (Dai et al., 2018).

3.2 Four Document-level News Structures
Inverted Pyramid, known as the most popular
news article structure (Pottker, 2003), presents the

1In some news articles, an image is presented first to catch
the readers’ eyes and the Image Lede acts as the description
of the image.
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content in the descending order of importance and
relevance (Scanlan, 2003). For this structure, key
events and main story will be introduced first, then
additional information will be provided later. This
structure is represented as a Standard Lede fol-
lowed by a Body Section, shown in Figure 1.

Martini Glass (Jou, 2014) begins by presenting
a summary of a story following the Inverted Pyra-
mid structure, and then transitions into a chronolog-
ical elaboration of the story in detail. Therefore, the
Martini Glass structure contains a Standard Lede,
an optional Body Section and a Narration.

Kabob (Jou, 2014) first tries to catch the reader’s
eyes using an anecdote (or a catchy slogan, etc),
then introduces the key events, and discusses the
main story with more details at last. Therefore, the
Kabob structure is defined to start with an Image
Lede, then uses a Synopsis as the transition, and
finally ends with a Body Section.

Narrative structure presents a chronologically
ordered sequence of events with a greater amount
of details than normal news articles. Dai et al.
(2018) annotated this news structure when the ma-
jority of paragraphs form a single Narration with
an optional preceding Image Lede.

3.3 The News Genre Dataset

Dai et al. (2018) created the first structure-based
news genre dataset 2. This dataset contains 853
English news articles across four news domains,
including politics, crime, business and disaster. In
this dataset, each article was annotated with a news
structure label and a sequence of news element
tags for its paragraphs. The same news element tag
will be assigned to all paragraphs in a consecutive
sequence that a news element spans over.

The four common news structures applied to
most of the annotated news articles, with only 21
documents were not annotated with any of the four
news structures and did not receive paragraph-level
news element tags either, so we removed these
21 documents in our experiments. Table 1 shows
the statistics of news structure and news element
tags, from which we can see that the distribution of
news structures is highly imbalanced, with Inverted
Pyramid and Kabob as two major structure types.

2Available at https://github.com/ZeyuDai/
Fine-grained_Structure-based_News_Genre_
Categorization

News Structure # News Element #
Inverted Pyramid 482 Standard Lede 519

Martini Glass 37 Image Lede 244
Kabob 237 Synopsis 237

Narrative 76 Narration 113
Total 832 Body Section 746

Table 1: Data Statistics of the News Genre Dataset.

4 Model

4.1 The Joint Model for Predicting both
News Structures and News Elements

Figure 2 illustrates the overall architecture of our
joint model, which can simultaneously predict both
document-level news structure label and paragraph-
level news element tags. The model processes a
whole news article containing a sequence of para-
graphs each time, and predicts a document-level
label as well as a sequence of paragraph-level tags
with one tag for each paragraph using the standard
BIO tagging schema (Ratinov and Roth, 2009) for
sequence labeling. Specifically, we treat the news
element Body Section as the “other” (or ‘O’) tag
since this tag can’t help determine document-level
news structure type (shown in Figure 1) and was
used as a catch-all “other” label during the data
annotation as well. For other paragraph-level news
element tags except for the Body Section, we as-
sign a “B-” prefix to the first paragraph that starts
the news element and assign “I-” prefix to other
paragraphs inside the same news element.

The model employs the two-level hierarchical
BiLSTM layers (Schuster and Paliwal, 1997) with
max-pooling (Collobert and Weston, 2008) op-
eration in between to learn both word and para-
graph representations, followed by a max-pooling
operation to calculate the document representa-
tion and a softmax classification layer for predict-
ing the document-level label. Added on top of
the paragraph-level representations, a linear-chain
Conditional Random Field (CRF) layer (Lafferty
et al., 2001) is utilized to jointly decode a se-
quence of paragraph-level tags considering their
inter-dependencies. As shown in Figure 2, the
model consists of the following components:

Feature-rich Word Vector: Given a sequence
of words (w1, w2, ..., wL) as the input document,
for each word wi, we construct a feature-rich word
vector by concatenating its word embedding wword

i

with its character-level representation 3, and extra
3For character-level representation, we adopted one layer
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Figure 2: The Joint Model Architecture for both Document-level and Paragraph-level News Genre Tags Prediction.

word-level features embedding 4 as:

wi = [wword
i ; wchar

i ; wfeatures
i ]

To take advantage of the recent progress
about contextualized word representation from
pre-trained language models, our framework sup-
ports three options including 300 dimensional
GloVe (Pennington et al., 2014), 1024 dimensional
ELMo (Peters et al., 2018) and the “bert-base-
cased” version of BERT (Devlin et al., 2019) to
initialize 5 the wword

i .
Word-level BiLSTM Layer: Given a sequence

of feature-rich word vectors (w1, w2, ..., wL) as
the input, the word-level BiLSTM layer will re-
fine the word wi’s hidden representation (w′

i) by
modeling the word-level inter-dependencies:

w′
i = BiLSTM(w1, ..., wi, ..., wL)

of CNN with 50 hidden units followed by a max-pooling layer.
4For word-level features, we collected the correspond-

ing paragraph’s position (PARA) index, capitalization (CAP)
flag, Part-of-speech (POS) tag and named entity (NER) tag of
each word. The embedding sizes for PARA/CAP/POS/NER
were 20/5/35/20 respectively. We used Standford CoreNLP
toolkit (Manning et al., 2014) to generate POS and NER tags.

5GloVe embeddings were fixed during training. For ELMo
and BERT, we also froze its parameters during model training.

Paragraph-level BiLSTM Layer: Given a se-
quence of word representations (w′

1, w
′
2, ..., w

′
L),

we build the paragraph representation (pj) for the
j-th paragraph in the document, by applying max-
pooling operation over the sequence of word repre-
sentations for all words within the j-th paragraph:

pj = max
wi∈pj

w′
i

Then, the paragraph-level BiLSTM layer will
update the j-th paragraph’s hidden representa-
tion (p′

j) by modeling the paragraph-level inter-
dependencies:

p′
j = BiLSTM(p1, p2, ..., pj , ...)

Softmax Classification Layer for Document-
level News Structure Type Prediction: We com-
pute the document representation (D) by applying
max-pooling operation over all paragraph represen-
tations (p′

1, p
′
2, ..., p

′
j , ...).

Then, for the i-th training instance with y
(i)
doc gold

as the gold annotation of document-level tag, our
model predict the document-level tag y

(i)
doc pred us-

ing the softmax classification layer:

y
(i)
doc pred = softmax(WdocD

(i) + bdoc)
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And we want to minimize the following cross-
entropy loss during model training:

Ldocument = −
∑

i

y
(i)
doc gold ∗ log y

(i)
doc pred

CRF Layer for Paragraph-level News Ele-
ments Sequence Labeling: For the task of se-
quence labeling, it is important to model the label
dependencies (e.g., “I-*” must follow “B-*” in BIO
tagging schema.) and capture the label continuity
and transition patterns. Therefore, a CRF layer is
added on top of the paragraph-level BiLSTM layer
to jointly decode the news element tags sequence.

For the i-th training instance, given the
annotated paragraph-level news element tags
sequence y

(i)
para gold = (y

(i)
1 , y

(i)
2 , ..., y

(i)
j , ...)

and hidden paragraph representations P ′(i) =
(p′

1
(i), p′

2
(i), ..., p′

j
(i), ...), we minimize the follow-

ing CRF loss during model training:

Lparagraph = −
∑

i

log p(y
(i)
para gold|P ′(i))

For model testing, we use the Viterbi algorithm to
search for the optimal label sequence.

Joint Model vs. Single Model Training: The
overall loss function for training our joint model is:

L = Ldocument + Lparagraph

Clearly, we can easily make it a single-task model
for either document-level news structure type pre-
diction or paragraph-level news element sequence
labeling, by removing unrelated loss term from the
overall loss function. We will compare the perfor-
mance of our joint model with single models in the
following intrinsic evaluation section 5.

4.2 Parameter Settings and Implementation
Details

We manually tuned all hyperparameters of our
model based on the development set using the
macro-average F1-score as the selection criterion.
After the hyperparameter search, we used the hid-
den size of 512 (tuned from the list [100, 300, 512,
1024]) for each BiLSTM layer and all hidden repre-
sentations (w′

i, pj , p
′
j , D). For regularization, we

applied 50% (tuned from [10%, 20%, 30%, 50%])
dropout to both input and output vectors of each
BiLSTM layer. To alleviate the problem of gra-
dient exploding for BiLSTM training, we clipped
the gradient L2 norm at threshold 5.0 (tuned from

News Structure # News Element #
Inverted Pyramid 434 Standard Lede 467

Martini Glass 33 Image Lede 219
Kabob 214 Synopsis 214

Narrative 69 Narration 102
Total 750 Body Section 673

Table 2: Data Statistics of the Cross-validation Set.

[5.0, 10.0]) and utilized L2 regularization with co-
efficient 10−6. Parameters were optimized using
SGD optimizer with momentum 0.9 (tuned from
[0.9, 0.95] and no momentum) and initial learning
rate 0.015 (tuned from [0.0001, 0.001, 0.01, 0.015,
0.05, 0.1]), decreasing by 5% after each epoch. The
batch size was 32 (tuned from [8, 16, 32, 64]) in
the normal case, but it will be much smaller (1 or
2 depending on the model size) when using BERT
because of the GPU CUDA memory limitation.

We implemented our model using Pytorch, with
ELMo from AllenNLP 6 and BERT-base from Hug-
gingFace 7. Since BERT used the subword tok-
enizer, we used the first token’s representation as
word embedding if one word was split into several
subword tokens. We trained our model for 50/20/3
epochs when using GloVe/ELMo/BERT word em-
beddings respectively, considering that different
word representation techniques require a different
number of fine-tuning epochs. To diminish the
effects of randomness in neural network training,
we ran our proposed model, its variants as well as
our own baselines using 5 different random seeds
and the reported performance is the average score
across 5 runs. The full model training took around
8-12 hours on one NVIDIA GTX 1080Ti GPU.

5 Intrinsic Evaluation

5.1 Experimental Settings

Considering that the News Genre corpus is rela-
tively small and cross-validation is more robust for
a small dataset, we followed our previous work
(Dai et al., 2018) and evaluated our models using 5-
fold cross-validation. Specifically, we created our
own cross-validation/development set splits con-
taining 750/82 news articles respectively, and ran-
domly split the cross-validation set into five folds
with even domain distribution. Table 2 reports the
distribution of news structure and element tags on

6https://github.com/allenai/allennlp
7https://github.com/huggingface/

transformers

3337



Document-level News Structure Types Paragraph-level News Element Tags
Model Acc Mac IP MG Kab Nar Acc Mac SL IL Sy Na BS

Feature-based (2018) 71.8 50.3 81.2 17.8 54.3 48.0 - - - - - - -
Our Models

Single Model (GloVe) 75.6 51.8 81.7 19.5 56.0 50.2 73.4 48.6 67.0 28.8 28.8 36.0 82.6
Single Model (ELMo) 78.0 54.2 84.0 22.0 58.6 52.0 76.0 50.9 68.3 30.4 30.4 38.0 87.2
Single Model (BERT) 77.6 53.6 83.5 21.5 58.0 51.5 75.6 50.3 68.0 30.2 30.2 37.5 85.5
Joint Model (GloVe) 77.8 53.8 83.7 21.7 58.3 51.6 75.8 50.6 68.2 30.0 30.0 38.0 86.6
Joint Model (ELMo) 80.0 56.0 86.0 24.6 60.5 52.8 78.3 53.2 70.5 32.4 32.4 40.5 90.4
Joint Model (BERT) 79.2 55.5 85.5 24.2 60.0 52.2 77.6 52.4 70.0 32.0 32.0 38.2 90.0

Pipeline Models (ELMo)
Pipeline (doc → para) 78.0 54.2 84.0 22.0 58.6 52.0 77.4 52.2 69.7 31.6 31.6 39.2 89.0
Pipeline (para → doc) 78.8 55.0 84.8 23.4 59.5 52.4 76.0 50.9 68.3 30.4 30.4 38.0 87.2

Table 3: Intrinsic Evaluation Results on the Cross-validation Set of News Genre Dataset using 5-fold Cross-
validation. We report accuracy (Acc), macro-average F1-score (Mac), and class-wise F1-scores for document-level
structure and paragraph-level element tags, including Inverted Pyramid (IP), Martini Glass (MG), Kabob (Kab),
Narrative (Nar), Standard Lede (SL), Image Lede (IL), Synopsis (Sy), Narration (Na) and Body Section (BS).

the cross-validation set. The hyperparameter tun-
ing was conducted on the development set using
the cross-validation set for model training.

5.2 Baselines
Feature-based (Dai et al., 2018): To compare
with previous work, we replicated the feature-based
model of (Dai et al., 2018) that performs document-
level news structure type classification only.
Pipeline (doc → para) && Pipeline (para →
doc): We implemented two pipeline approaches
that first predict document-level news structure (or
paragraph-level news element) tags using our sin-
gle model, and then incorporate the predicted tags
as word-level features (with embedding size 10)
into another single model for predicting paragraph-
level (or document-level) tags. The pipeline ap-
proach that first predicts document-level news
structure tags is marked as Pipeline (doc → para);
the reverse one is marked as Pipeline (para → doc).

5.3 Experimental Results
Table 3 summarizes the evaluation results on the
cross-validation set using 5-fold cross-validation.
The first row shows the performance of our repli-
cated feature-based baseline (Dai et al., 2018)
which achieves similar performance as in the orig-
inal paper. The second section reports the perfor-
mance of our models for predicting both document-
level news structure types and paragraph-level news
element tags, which compares the results of our
models trained with different loss functions (joint
model vs. single model) when using different word
embeddings (GloVe vs. ELMo vs. BERT).

We can see that the joint model consistently
outperforms (statistical significant t-test with p <
0.05) the corresponding single model independent

from the word embeddings, which supports our
motivation that document-level news structure type
identification can not be separated from learning
paragraph-level news element representations and
features, and vice versa. Among the three word
representation techniques, the ELMo word embed-
dings consistently give the best performance, fol-
lowed by BERT and GloVe. One possible reason
why BERT performs worse in our experiments is
that we have to use a very small batch size and large
learning rate when using BERT due to the limita-
tion of GPU CUDA memory. The best joint model
using the ELMo embeddings achieves 80.0% ac-
curacy and 56.0% macro F1-score for predicting
document-level news structure types, which out-
performs the previous feature-based baseline by a
large margin, and simultaneously achieves 78.3%
accuracy and 53.2% macro F1-score for identifying
paragraph-level news element tags.

The third section shows the performance of the
two pipeline models. Note that, for fair compar-
isons, both pipeline models use the ELMo word
embeddings that perform the best for our tasks (in
both single and joint models). We can see that our
joint model consistently outperforms both pipeline
approaches. This is reasonable because pipeline
models suffer from error propagation which poses
an even bigger challenge in our task when the pre-
dicted news element sequence can not be compati-
ble with any of the four news structure types.

In addition, Table 4 reports the experimental re-
sults on the development set, where we used the
whole cross-validation set for training the models.
On the development set, we observe similar com-
parisons among models and consistent performance
gains achieved by the joint model.
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Document-level News Structure Types Paragraph-level News Element Tags
Model Acc Mac IP MG Kab Nar Acc Mac SL IL Sy Na BS

Feature-based (2018) 72.8 51.2 81.7 18.5 56.1 48.5 - - - - - - -
Our Models

Single Model (GloVe) 76.2 52.7 82.4 19.6 56.9 51.7 74.6 49.1 68.0 29.5 29.5 35.9 83.0
Single Model (ELMo) 78.8 54.6 84.9 22.2 59.0 52.3 76.8 51.3 68.6 30.8 30.8 38.5 87.8
Single Model (BERT) 78.4 54.3 84.5 22.7 58.8 51.2 76.2 50.5 68.4 30.4 30.4 37.1 86.3
Joint Model (GloVe) 78.5 54.5 84.4 23.1 58.9 51.4 76.2 50.7 68.1 30.0 30.0 38.5 86.9
Joint Model (ELMo) 81.1 56.5 86.6 25.2 60.9 53.1 79.4 53.8 71.0 33.2 33.2 40.8 90.6
Joint Model (BERT) 79.5 55.6 85.7 23.8 60.4 52.3 77.9 52.9 70.4 32.5 32.5 39.0 90.1

Pipeline Models (ELMo)
Pipeline (doc → para) 78.8 54.6 84.9 22.2 59.0 52.3 77.6 52.6 70.0 32.0 32.0 39.2 89.9
Pipeline (para → doc) 79.8 55.6 86.1 23.2 60.2 52.8 76.8 51.3 68.6 30.8 30.8 38.5 87.8

Table 4: Intrinsic Evaluation Results on the Development Set using the whole Cross-validation Set for Training.

5.4 Qualitative Analysis

To better understand the strengths and weaknesses
of the joint model, we analyze the news structure
and news element tags prediction made by our sin-
gle model and joint model (both using ELMo em-
beddings) on the development set. Among the 82
documents, we find that the joint model clearly
made less inconsistent predictions than the single
model (18 vs. 27) where the predicted news ele-
ment sequence can not be compatible with the pre-
dicted news structure type, e.g., Inverted Pyramid
structure with Image Lede news element. This re-
sult proves the effectiveness of our joint model that
preserves the two-way dependencies between the
predicted news structure type and news elements.

We further examine the wrong predictions gen-
erated by our best joint model. About 70% errors
happen because the model failed to distinguish the
first news element between Standard Lede and Im-
age Lede, which can be improved if the model is
aware of the key events (Choubey et al., 2018) in
a news article. The remaining errors come from
identifying the Narration paragraphs written in nar-
rative style, which by itself is a challenging task.

6 Extrinsic Evaluation on Text
Summarization

We expect the news genre tags predicted by our
joint model to be useful for extracting news sum-
maries because our tags (e.g., Standard Lede in
Inverted Pyramid; and Synopsis in Kabob) can help
locate the key event descriptions of a news story
which should be the right section to select sentences
for extractive summarization.

To verify our expectations, we choose a recent
BERT-based framework for text summarization
proposed by Liu and Lapata (2019), which used
to achieve the state-of-the-art performance on the

Model R-1 R-2 R-L
LEAD-3 40.42 17.62 36.67
SUMO (Liu et al., 2019) 41.00 18.40 37.20
UniLM (Dong et al., 2019) 43.33 20.21 40.51
Baseline (Liu and Lapata, 2019) 43.25 20.24 39.63
+ News Element tags (ours) 43.42 20.28 39.74
+ News Structure types (ours) 43.48 20.30 39.78

Table 5: Text Summarization Results on the
CNN/DailyMail Dataset. R-1 and R-2 stand for
ROUGE score using unigram and bigram overlap; R-
L is the ROUGE score using longest common subse-
quence. LEAD-3 is a simple baseline which selects the
first three sentences in a news article.

CNN/DailyMail dataset (Hermann et al., 2015).
We use exactly the same experiment settings as in
(Liu and Lapata, 2019) and implement our text sum-
marization models based on their source code 8. We
leave all components of the summarization model
unchanged, but add an embedding layer to the in-
put of BERT, which encodes the paragraph-level
news elements and document-level news structure
tags generated by our system trained on the whole
cross-validation set. Specifically, the embedding
layer will encode each tag or the combination of a
news structure type and a news element tag (e.g.,
Kabob-Image Lede) into a vector with 10 dimen-
sions, which will be concatenated with the orig-
inal BERT’s word embeddings. For each input
token, the added embedding layer will incorporate
its news structure information (e.g., the paragraph-
level tag for the paragraph where the token locates
in) into the hidden token representation, and there-
fore influence the model.

6.1 Experimental Results
Table 5 shows the text summarization results on the
CNN/DailyMail dataset using the automatic evalu-
ation package ROUGE (Lin, 2004). Incorporating

8Available at https://github.com/nlpyang/
PreSumm
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News Structure Inverted Pyramid Martini Glass Kabob Narrative
LEAD-3 40.58/17.86/36.83 40.48/17.80/36.75 40.13/17.18/36.33 40.25/17.52/36.54
Baseline (Liu and Lapata, 2019) 43.38/20.30/39.76 43.33/20.28/39.72 43.05/20.12/39.38 43.17/20.20/39.58
+ News Element tags (ours) 43.43/20.33/39.80 43.38/20.30/39.75 43.32/20.22/39.61 43.35/20.26/39.70
+ News Structure types (ours) 43.49/20.35/39.82 43.47/20.33/39.80 43.42/20.26/39.72 43.44/20.28/39.74

Table 6: Text Summarization Results divided by News Structure Genres. Each cell reports R-1/R-2/R-L scores.

the system predicted paragraph-level news element
tags into the baseline (Liu and Lapata, 2019) im-
proves the R-1, R-2 and R-L by 0.17, 0.04 and 0.11
points respectively, which is non-trivial consider-
ing the difficulties of text summarization. Adding
our document-level news structure types into the
summarization model further improves the perfor-
mance slightly, which outperforms the baseline by
0.23 R-1, 0.06 R-2 and 0.15 R-L.

6.2 Effects on Different News Genres

To understand which type of news structure is
the bottleneck for news summarization, we eval-
uate the ROUGE scores on each subset of the
CNN/DailyMail test set divided by our predicted
news structure types, and report the text summariza-
tion results in Table 6. We can see that Kabob struc-
ture is the most difficult genre for news summariza-
tion, which is not surprising because news docu-
ments with the Kabob structure will not present the
key events at the beginning of the story, and there-
fore brings additional difficulty to locate the correct
paragraphs for extracting summary. By incorpo-
rating our news structure types and news element
tags into the model, all genres of news documents
receive better performance for extractive summa-
rization. Especially for the news articles with the
Kabob structure, our news genre tags improve the
ROUGE scores by 0.37, 0.14 and 0.34 points on
R-1, R-2 and R-L respectively, which is the largest
improvement among four types of news structures.

7 Conclusion

We have presented a joint neural network model for
structure-based news genre identification that pre-
dicts both the news structure type for a document
and a sequence of news element tags for its para-
graphs. The joint model preserves the two-way de-
pendencies and constraints between a type of news
structure and its sequence of news elements, and
consistently outperforms its variants that perform
two tasks independently or in a pipeline. While
being imperfect, the system predicted news struc-
ture types and news element tags have been shown
effective for improving text summarization models.

For the future work, we will further improve
the performance on identifying minority classes
of news structures and news elements (e.g., Nar-
ration), by conducting semi-supervised learning.
Meanwhile, we are keen to explore uses of our
news genres in other applications as well, such as
text quality assessment and information extraction.
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Abstract

The exploitation of syntactic graphs (SyGs)
as a word’s context has been shown to be
beneficial for distributional semantic models
(DSMs), both at the level of individual word
representations and in deriving phrasal repre-
sentations via composition. However, notwith-
standing the potential performance benefit, the
syntactically-aware DSMs proposed to date
have huge numbers of parameters (compared
to conventional DSMs) and suffer from data
sparsity. Furthermore, the encoding of the
SyG links (i.e., the syntactic relations) has
been largely limited to linear maps. The
knowledge graphs’ literature, on the other
hand, has proposed light-weight models em-
ploying different geometric transformations
(GTs) to encode edges in a knowledge graph
(KG). Our work explores the possibility of
adopting this family of models to encode SyGs.
Furthermore, we investigate which GT better
encodes syntactic relations, so that these repre-
sentations can be used to enhance phrase-level
composition via syntactic contextualisation.

1 Introduction

Representing words in terms of their syntactic
co-occurrences has been long proposed, both for
count-based (Padó and Lapata, 2007; Weir et al.,
2016), and neural (Hermann and Blunsom, 2013;
Levy and Goldberg, 2014; Komninos and Man-
andhar, 2016; Czarnowska et al., 2019; Vashishth
et al., 2019) models of word meaning. Tested on
benchmark word similarity tasks, such models of-
ten perform favourably to models based on proxi-
mal co-occurrence, particularly when the similar-
ity or substitutability of two words is considered
rather than their relatedness (Levy and Goldberg,
2014). However, the real promise of distributional
models based on syntactic rather than proximal
co-occurrence, is the potential for carrying out
syntax-sensitive composition. For example, in the

Anchored Packed Tree (APT) model (Weir et al.,
2016) lexemes, phrases, and sentences are repre-
sented as collections of typed occurrences, and
composition is carried out by contextualising each
element in its syntactic role. This leads to syntax-
sensitive representations for phrases. For exam-
ple, glass window and window glass have different
representations due to the different syntactic roles
played by each constituent.

Alongside count-based models, a variety of
neural ones have been proposed to encode syn-
tactic structure, focusing on different depths of
the graph (Levy and Goldberg, 2014; Komninos
and Manandhar, 2016; Marcheggiani and Titov,
2017; Vashishth et al., 2019; Emerson, 2020)).
Of particular note here, Levy and Goldberg
(2014) and Komninos and Manandhar (2016) each
proposed models (DEP and EXT, respectively)
which learn from local dependency relations, by
extending the Skip-Gram with Negative sampling
(SGNS) architecture from word2vec (Mikolov
et al., 2013). Given a tuple of (target, context)
words, e.g. (rain,like), a standard SGNS model can
be trained to encode the probability of it being a
true or a randomly sampled tuple. DEP and EXT,
on the other hand, make use of both standard and
syntactically contextualised tuples e.g., (rain dobj,
like)1. Whilst DEP was tested solely on word sim-
ilarity tasks, Komninos and Manandhar (2016) ap-
plied large neural architectures to sentence level
tasks and were thus able to demonstrate a positive
impact of applying an additive composition strat-
egy to syntax-aware representations.

There is of course an explosion in the number
of parameters to be learnt in both DEP and EXT
due to the many possible word-relation combina-
tions which form the target vocabulary for these
models (see Table 1). A possible solution, pro-

1dobj indicating the inverse of the dobj relation
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posed by Czarnowska et al. (2019), is the Depen-
dency Matrix (DM) model which uses linear maps
in the form of square matrices to encode relations.
Here, the training objective is changed from pre-
dicting (target, context) pairs to (target, relation,
context) triples, e.g., (rain,dobj,like). This model
produced comparable results with DEP and EXT
at the word level. Furthermore, compositional ex-
periments on short phrases, specifically relative
clauses, produced encouraging results when using
the learned transformations. Yet, despite consider-
ably reducing the number of parameters, this model
still makes use of large word spaces and the square
linear map is still costly to train.

Model Learnable Parameters
DEP 223M
DM 51.6M
MuRE 21.5M
RotE 21.5M
RefE 21.5M
AttE 21.6M

Table 1: Learnable parameters for each model, given
the same word (72k) and relation (88) vocabularies
from the text8 (parsed) corpus, and vector size of
n=300.

The reformulation of the SGNS objective intro-
duced by DM (i.e., moving from (target,context)
tuples to (target,relation,context) triples) closely
resembles a common practice in the knowledge
graphs (KGs) literature (e.g. (Trouillon et al., 2017;
Balazevic et al., 2019; Chami et al., 2020)). Here,
large, mainly factual, graphs are fed to neural mod-
els in the form of (head,relation,tail). Compared
to the syntactically-aware DSMs discussed above,
many of the models proposed to encode KGs make
use of a substantially lower number of parameters
to encode both word and relations, as shown in
Table 1. Furthermore, in order to represent the het-
erogeneous types of relations in KGs, researchers
have experimented with models based on different
types of geometric transformations (GTs). These
include, but are not limited to, stretch (Balazevic
et al., 2019), rotation (Sun et al., 2019; Chami et al.,
2020), reflection (Chami et al., 2020) and attention
(Chami et al., 2020). However, in the KG litera-
ture, limited attention has been paid to the compo-
sitional nature of phrases. Single-token oriented
vocabularies (where New York is represented by
New York), used in most KGs, work well for real-
world entities, such as people or cities, but are prob-

lematic when considering compositional phrases
such as small cake. As discussed by Toutanova
et al. (2015), treating these phrases in the same way
forces the vocabulary to grow immensely, and pre-
vents the model from reasoning over new phrases
in a compositional fashion. Hence, developing suc-
cessful composition strategies is of interest to the
KG community as well as more widely in Natural
Language Inference (NLI).

Given the success that DM and other models
have obtained in modelling syntax and syntactically
driven composition, we propose to overcome the
parameter and word-relation vocabulary problems
by using GT models to encode syntactic graphs.
We focus our investigation on four state of the
art models from the knowledge-graphs literature,
namely MuRE (Balazevic et al., 2019), and the
three GTs-based models proposed by Chami et al.
(2020): RotE, RefE and AttE. Despite the simplic-
ity, MuRE has obtained competitive results, when
compared to more complex models (Chami et al.,
2020)). Rotation has been used to model composi-
tion of relation representations (Sun et al., 2019).
Attention has been frequently proposed as a plausi-
ble mechanism for composition (e.g. Hudson and
Manning (2018); Tay et al. (2019); Yin et al. (2020);
Russin et al. (2020)), whilst reflection is relatively
under-studied (Chami et al., 2020). Furthermore,
as discussed in Section 3, these models allow for
an interesting comparison, as they can be grouped
into three categories: tail modifiers (DM), head
modifiers (RotE, RefE, AttE), and full modifiers
(MuRE). Hence, we explore some of the transfor-
mational properties required to enable the success-
ful encoding of syntactic relations, where success is
defined in terms of their potential to support phrasal
composition.

Our contributions are as follows. First, we show
how lighter-weight models based on GTs can be
used to encode both word and syntactic relations,
frequently outperforming DM both in word simi-
larity and compositional benchmarks. Second, for
each model, we propose a tailored composition
strategy, based on syntactic contextualisation of
one (or more) of the phrase constituents. We hence
show how to exploit the learned syntactic repre-
sentations for composition, by comparing syntax-
driven strategies for composition with simple ad-
dition. Third, we provide an analysis of which
type of GTs better encode relations for syntactic
contextualisation and enhanced composition.
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2 Related Work

Knowledge graphs are complex data structures
where nodes are concepts or entities (usually con-
tent words like dog or Campari) and edges are
relations (e.g. is a, produced in) connecting
entities to one another (e.g. dog is a mam-
mal, Campari produced in Italy). Table 2
reports the number of distinct entities, relations
and triples for three of the most investigated
KGs, namely, FB15k-237 (Toutanova and Chen,
2015) YAGO3-10 (Mahdisoltani et al., 2015), and
WN18RR (Dettmers et al., 2018), as well as a syn-
tactic graph (SyG) constructed from the parsed cor-
pus text8. The way these graphs are structured
can vary significantly. Chami et al. (2020) showed
how, among the presented KGs, only WN18RR has
a significantly hierarchical structure.

Dataset entities relations triples graph type
WNRR18 31k 11 87k KG
FB15k-237 15k 237 272k KG
YAGO3-10 123k 33 1M KG
text8 72k 88 12M⇤ SyG

Table 2: Statistics for the training splits of different
datasets (* number of unique items, with observed rep-
etitions, items raise to 18M).

Research on models for representing KGs
has mainly focused on the ability to predict
new connections between existing nodes. To
overcome the problem of testing items that do
not occur in the training set, many models have
adopted negative sampling (NS) strategies in the
training phase. The vocabulary of KG datasets
is also largely single-token oriented. Models
able to handle multi-token items have been
proposed (Toutanova et al., 2015, 2016; Sun
et al., 2019), but they focus on the composition
of relations rather than entities, e.g., how a
complex relation such as married to:son of
might be split into multiple constituents and
composed. Also relevant, Toutanova and
Chen (2015) showed how syntax-augmented
triples extracted from documents (e.g.
(Obama,nsubj:born in:obj, USA))
can be beneficial for KGs models, but did not
investigate representing syntax or composition via
embeddings.

Previous works (e.g. (Marcheggiani and Titov,
2017; Vashishth et al., 2019)) showed how SyGs
could be encoded via graph convolutional networks
(GCN) (Kipf and Welling, 2017). These large mod-

els are able to encode larger graphs (up to the sen-
tence level), via sequences of convolutions along
the edges of the graph. Such convolutions are fre-
quently relation-specific and are also encoded via
square matrices.

3 Theoretical Approach

In both the semantic (KG) and syntactic (SyG)
domain, the starting point is typically a dataset
D of positive triples (h, r, t), with h, t 2 V =
{1, .., |V |} and r 2 R = {1, .., |R|}, where V and
R are the sets of the indexes for the vocabulary
of entities / words and relations, respectively. In
both domains, the shared goals are: i) map enti-
ties v 2 V to embeddings ev where e 2 R|V|⇥n, n
being the dimensionality of the vectors; ii) map
relations r 2 R in one – or more – space R|R|⇥⇤.
In this work, we focus on constructing a syntactic
dataset of positive training triples from a corpus as
in Czarnowska et al. (2019). All of the models we
investigate rely on a negative sampling mechanism
that generates a dataset D

0
of false triples. Each

model was presented in its own original work with
a tailored way to generate D

0
. Unless otherwise

stated, we make use of the original mechanism.
As already discussed, we are interested in both

word level and compositional level evaluation. Test-
ing at the word level, e.g., using word similarity
benchmarks, simply requires extraction of the word
embeddings. Compositional tests, on the other
hand, also require syntactic analysis of the phrase
and extraction and application of the relation em-
beddings. The first step, is to generate a parsed
version of the phrase. For example, syntactic analy-
sis of the phrase pour tea will produce the root-as-
head (Rh) (h, r, t) triple (pour, dobj, tea), and the
root-as-tail (Rt) (h, r, t) triple (tea, dobj, pour).
Such duplicity of representations was handled in
DM by obtaining both representations and then
summing the cosine similarities obtained when
comparing each of the two representations with a
given target. Whilst reasonably effective in the DM
evaluation, this does not provide a single phrase-
level representation and would become unwieldy
for longer phrases and sentences. Weir et al. (2016)
argued in favour of considering the syntactic root as
the main element of any multi-token linguistic item.
In our example, to compare pour tea with drink wa-
ter, this would require us to consider the syntactic
root in the context of its dependent i.e., how similar
is the verb pour when contextualised by the direct
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object tea to the verb drink when contextualised
by the direct object water? In models which
modify the head of the triple (e.g., (Chami et al.,
2020), this would correspond to using the root-as-
tail (Rt) analysis of the phrase. Here, we compare
the two strategies empirically. Further, inspired by
the growing success of (very large) bi-directional
models such as ELMo (Peters et al., 2018) and
BERT (Devlin et al., 2018) and also by recent evi-
dence from the neuroscientific literature (Mollica
et al., 2020; Fedorenko et al., 2020), suggesting
that sentence processing strongly relies on iden-
tifying and composing smaller units of meaning,
such as phrases, regardless of order of their con-
stituents, we also propose a third compositional
strategy which is bi-directional in nature. Here,
the phrase-level representation is the sum of the
root-as-head and the root-as-tail representations,
making it more agnostic to the direction of the re-
lation as well as the word order. However, phrases
with different structures such as glass window and
window glass will still have different representa-
tions due to the different roles played by each word
in each relation.

In summary, we propose and investigate three
different syntax-aware (syn) composition strategies:
syn-Rh and syn-Rt, different solely in where the
root is placed in the (head, relation, tail) triple;
and syn-BiD (for bi-directional), constructed by
adding the representations obtained by syn-Rh and
syn-Rt. We now describe in detail the models inves-
tigated, together with our tailored syn composition
strategy for each of them.

DM This model is an extension of SGNS, where
a linear map, in the form of a n⇥n matrix, projects
a word from the context space (e0) into the target
space (e), as in Equation 1:

u = eT
h · (Wre

0
t) (1)

where e, e0 2 R|V|⇥n, and W 2 R|R|⇥n⇥n. Since
the tail word is projected into the space occupied
by the head word, we refer to this model as a tail-
modifier. u is then used to compute standard SGNS
loss (Equation 2):

X

(h,r,t) 2 D

log �(u) +
X

(h,r,t) 2 D0
log �(�u) (2)

Phrase representations will be constructed follow-
ing our three syntactic composition strategies. As

a baseline, common to all models, we use addition
(add) of the queried head and tail entities embed-
dings, as in Equation 3 2:

eadd = eh + et (3)

We propose syn composition for the DM model to
be obtained via u (Equation 1), as in Equation 4:

esyn = eh + (Wre
0
t) (4)

MuRE This architecture falls into the family of
translation models (Chami et al., 2020). Here, both
the entities go through a transformation and so
we refer to this model as a full-modifier. The tail
entity is shifted with a translation (i.e. offset), and
a stretch, in the form of a n⇥n diagonal matrix, is
applied to the head entity. Embeddings are then
fed to a distance function d(x, y) = kx� yk and
the model minimises the Bernoulli negative log-
likelihood loss, using Equation 5, to estimate the
probability of the triple being from D:

p(h, r, l) = �(�d(Wreh, et+wr)
2+bh+bt) (5)

Here, W 2 R|R|⇥n⇥n contains |R| diagonal ma-
trices (each corresponding to a relation-specific
stretch), w 2 R|R|⇥n hosts |R| translation vectors,
and b 2 R|V|⇥n the entity biases. Again, additive
composition is carried out by adding the queried
embedding for the phrase’s constituents. Syntac-
tic composition is implemented by adapting the
model’s score function (Equation 6):

esyn = Wreh + (et + wr) (6)

RotE, RefE These models optimise a full cross-
entropy loss. Like MuRE, square distance between
two vectors is used as a score function. Unlike
the previous model, they apply a Givens rotation
(Rot) or reflection (Ref), as defined in Chami et al.
(2020), and a translation to the head entity. Thus,
we refer to these models as head-modifiers. Syntac-
tic composition is defined via the score functions
in Equations 7 and 8:

esyn = (Rot(Tr)eh + tr) + et (7)

esyn = (Ref(Fr)eh + fr) + et (8)

where T, F 2 R|R|⇥n
2 each contain |R| diagonal

matrices (each corresponding to a relation-specific
Givens rotation or reflection), and t, f 2 R|R|⇥n are
relation-specific translations.

2This corresponds to simple-sum composition in the origi-
nal work by Czarnowska et al. (2019).
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AttE Intuitively, AttE is designed to model the
contribution of different GTs (in this case just ro-
tation and reflection). This is achieved via a self-
attention mechanism. Given two embeddings x,
y, and an attention vector a, attention scores are
computed via Equation 9:

(↵x,↵y) = Softmax(aT x, aT y) (9)

These scores are then averaged (Equation 10):

Att(x, y; a) = (↵xx + ↵yy) (10)

To actively select the most suitable transformation
for a given triple, rotation and reflection are applied
to the head-entity embedding (Equation 11):

qRot = Rot(Tr)eh, qRef = Ref(Fr)eh (11)

The two representations are than combined using a
self attention mechanism (Equation 12):

Q(h, r) = Att(qRot, qRef; ar) + pr (12)

with p 2 R|R|⇥n as the relation-specific translation.
Q and the et are then used as arguments for d as in
Equation 5. Syntactically contextualised composi-
tion (syn) for AttE is implemented via Equation 13:

esyn = Q(h, r) + et (13)

4 Experiments

Our main aim is to investigate the potential of mod-
els in terms of constructing high quality word rep-
resentations and their support for composition. To
this end, experiments were carried out with a set of
models trained on KGs, and a second set of models
trained on SyGs. This allows us to investigate the
value of encoding distributional information from
SyGs or whether KGs alone might be a sufficient
source of data to obtain competitive results. We
hypothesise that when using KGs alone: i) word
similarity tasks might yield high results; ii) com-
positional evaluation will yield poor results. As
for models trained on SyG, we expect to see: i)
a generally improved performance on most tasks,
when compared to models trained on KGs; ii) larger
models to be penalised across benchmarks and for
syntactically-contextualised (syn) composition.

4.1 Experimental setup
Benchmarks We divide our quantitative experi-
ments between word similarity and composition

tasks. For the word similarity tasks, we focus
on SimLex (Hill et al., 2015), MEN (Bruni et al.,
2014), and both similarity (WS s) and relatedness
(WS r) split of the WordSim353 (Finkelstein et al.,
2001) datasets. For every word pair, we produce
a model’s prediction using cosine similarity (CS).
We compare model predictions and human judge-
ments using Spearman’s ⇢.

For the compositional investigation, we focus
on the Mitchell and Lapata (2010) (ML10) dataset.
Items in this benchmark consist of pairs of two-
token phrases (e.g. (pour tea–drink water)) paired
with human judgements on their similarity. Phrases
are composed using the four different presented
strategies and the obtained representations are com-
pared via CS. Again, CS and human ratings are
compared via ⇢. We selected this benchmark for
two main reasons: i) the models’ structures lend
themselves straightforwardly to syntactically con-
textualised (syn) composition strategies for a two-
token item3; ii) the dataset is pre-split into three
syntactic-relation classes (i.e. adjective-nouns
(AN), verb-objects (VO) and noun-nouns (NN))
and this division offers an opportunity for a more
in-depth investigation on how different models and
operations manage to embed different syntactic re-
lations.

We trained each set of models with three random
initialisation, and report the mean and standard
error (SE) of the obtained ⇢s.

Implementation For MurE, RotE, RefE and
AttE we adapt the original PyTorch code. Since
an official release of the DM is not available, we
implemented a PyTorch version of the model4.

We trained the first set of GT models on the
WN18RR dataset, tuning negative sampling rate
(NS), optimiser and learning rate using mean recip-
rocal rank (MRR) on the development set5. Epochs
were kept stable at 50 and n to 300. We focused on
WN18RR as YAGO3-10 shares a minimal vocab-
ulary with the selected word-similarity and com-
positional benchmarks. FB15k-237, on the other
hand, has all the entities encrypted. The models ob-
tained from this training set were then evaluated on
both word-similarity and compositional tasks (see
Table 3) to provide a baseline for the SyG models.

3Czarnowska et al. (2019) proposed a more complex com-
position strategy, specifically for relative clause phrases which
we do not consider here.

4https://github.com/lorenzoscottb/
findings_ACL2021

5using the dataset’s original splits.
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Simlex MEN WS s WS r Adjective Nouns Verb Objects Noun-Noun
MuRE .38±.01 .45±.00 .42±.01 .21±.03 .19±.03 .31±.00 .13±.01
RotE .35±.01 .54±.00 .59±.00 .30±.02 .18±.03 .33±.00 .20±.02
RefE .36±.01 .54±.00 .57±.00 .30±.01 .16±.04 .37±.01 .14±.02
AttE .36±.01 .54±.00 .58±.01 .29±.00 .20±.00 .32±.00 .18±.00

Table 3: Spearman ⇢s’ (mean ± SE) obtained on all selected benchmarks, for knowledge-graph models trained on
WN18RR dataset.

A second set of models was trained on the
text86 corpus, parsed with spaCy (Honnibal
and Johnson, 2015). Following Czarnowska et al.
(2019), minimum item count, epochs, NS, opti-
miser and learning rate were fine-tuned on Sim-
Lex. Hyperparameters are selected from the union
of the ones proposed in (Balazevic et al., 2019;
Czarnowska et al., 2019; Chami et al., 2020). All
the models share the same number of dimensions,
i.e., n = 300. For a fair comparison, all exper-
iments for this set have been conducted on the
vocabulary shared across the models. Final cov-
erage and best hyperparamenters are reported in
Appendix A.2 and A.1. All models were trained
using NVIDIA Titan V GPUs.

4.2 Results
WN18RR trained models We begin our quan-
titative investigation evaluating models from the
knowledge graph literature, trained on WN18RR,
on all benchmarks. Looking at Table 3, we note
that these models, compared to models trained on
text8 or similar distributional models trained on
much larger corpora, achieve competitive results on
the word similarity benchmarks, especially in the
historically challenging SimLex dataset, despite
the small vocabulary and training samples.

A possible explanation for these results lies in
how entities co-occur in the training data. First
of all, WN18RR has a limited vocabulary (see Ta-
ble 2), and is poorly populated by adjectives. Fur-
thermore, noun and verbs, two part of speech (POS)
that frequently co-occur between each other in nat-
ural language, here mainly occur within each other
(i.e. verb with verb, noun with noun). In few cases,
especially for verbs, the co-occurrences are not
only limited to the same POS, but interest the very
same word. All models perform much worse on
the relatedness split of WS-353 than the similarity
split. This might be expected, for models trained
on WordNet data. As predicted, the performance
is generally poor for composition benchmarks. An

6http://mattmahoney.net/dc/textdata

exception seems to be the VO subset, where mod-
els achieve results that, as will be presented shortly,
are competitive also for text8-trained models.

Word similarity Our motivation for experiments
with models trained on text8 is to understand
whether models previously proposed for represent-
ing KGs are competitive with distributional models
such as DM in their ability to embed word and
syntactic relations. Results for word-similarity are
presented in Table 4.

Simlex MEN WS s WS r
DM .12±.01 .60±.01 .59±.02 .51±.03
MuRE .17±.01 .64±.00 .69±.01 .58±.00
RotE .17±.00 .64±.00 .70±.00 .58±.01
RefE .18±.01 .63±.01 .70±.01 .56±.00
AttE .16±.00 .61±.00 .69±.01 .57±.01

Table 4: Spearman ⇢s’ (mean ± SE) obtained on word-
word similarity benchmarks, with models trained on
text8 corpus.

First, scores on SimLex are much lower than:
i) those achieved by the KG-trained models; ii)
those presented elsewhere for DM in the literature
(Czarnowska et al., 2019). We note that the cor-
pus we used to train the models is significantly
smaller than the one used to train DM by the orig-
inal authors, and we assume that this, combined
with the low frequency of SimLex items in our
corpus, is the main reason for these differences.
Results for DM on the other word similarity bench-
marks are much closer to the performance achieved
by the original authors and, on these benchmarks,
DM clearly outperforms the baseline of models
trained on WN18RR. However, most notably, GT
models trained on the same data as DM, not only
achieve comparable results to DM, but they al-
most always outperform it, both in similarity-based
and relatedness-based benchmarks. Moreover, DM
seems to show the highest variation, especially for
WN s and WN r.

Composition Table 5 shows the results for
all text8-trained models on the compositional
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Adjective Nouns Verb Objects Noun-Nouns Average

DM

add .39±.02 .31±.03 .43±.03 .37±.02
syn-Rh .26±.02 .18±.02 .25±.03 .23±.02
syn-Rt .32±.03 .14±.02 .20±.02 .22±.02
syn-BiD .33±.02 .14±.02 .34±.03 .27±.02

MuRE

add .47±.01 .35±.01 .40±.00 .41±.00
syn-Rh .51±.01 .34±.01 .44±.01 .43±.00
syn-Rt .49±.01 .36±.01 .43±.01 .43±.01
syn-BiD .49±.01 .36±.01 .46±.01 .44±.00

RotE

add .49±.00 .37±.00 .43±.00 .43±.00
syn-Rh .48±.01 .36±.01 .41±.01 .42±.01
syn-Rt .47±.02 .35±.01 .41±.01 .41±.00
syn-BiD .49±.00 .38±.00 .45±.01 .44±.00

RefE

add .48±.01 .36±.00 .43±.01 .42±.00
syn-Rh .49±.01 .36±.01 .43±.01 .43±.01
syn-Rt .48±.01 .34±.02 .43±.01 .42±.01
syn-BiD .48±.00 .38±.01 .46±.01 .44±.01

AttE

add .46±.01 .35±.01 .41±.01 .41±.00
syn-Rh .47±.01 .35±.00 .43±.01 .41±.01
syn-Rt .45±.01 .29±.01 .43±.01 .39±.00
syn-BiD .48±.02 .36±.00 .46±.00 .43±.00

Table 5: Spearman ⇢s’ (mean ± SE) obtained on Mitchell and Lapata (2010) benchmark, with models trained on
text8 corpus. Phrasal composition is carried out by element-wise addition (add), and the three proposed syntax
(syn) aware strategies: root as head (syn-Rh), root as tail (syn-Rt) and bidirectional (syn-BiD). Best results for
each Phrase Type.

benchmark. Again, GT models show competitive
results, and generally outperform DM, which fails
at improving its performance with syn composition.
This last evidence is reversed in all other models.
That is, they all achieve best performance with one
of the syntax-aware composition methods. Look-
ing closer, we can see that, in most cases, the best
syn method is the bi-directional one, with the ex-
ceptions of MUuRE, RotE and RefE’s AN phrases.
Notably, syn-BiD is almost never a mere average
of the two representations that originated it. In
many cases, and especially for AttE, syn-BiD rep-
resentations produce a significantly larger gain in
performance, when compared to both syn-Rt and
syn-Rh. From the single model perspective, the
best performing one is RefE. Syntax-aware meth-
ods based on reflection always outperform the ad-
ditive baseline, and also obtained the best score in
the average sections, via bi-directional composi-
tion. Again, DM is the model showing the highest
variation in results. This provides further evidences
in favour of the lightweight models taken from the
KG literature

4.3 Statistical Analysis

All correlations were tested for significance, adopt-
ing the Holm correction (Holm, 1979) to account
for the large number of tests, and we observed no
p < .05. As the main interest of our work was the

compositional investigation (reported in Table 5), a
global comparison was conducted to test whether
observed differences in correlations were also sig-
nificant. We adopted a paired two-tail bootstrap
analysis (Berg-Kirkpatrick et al., 2012; Søgaard
et al., 2014; Dror et al., 2018), performed indepen-
dently between results from the three seeds. Given
the large number of comparisons, a Holm correc-
tion was adopted within the same Phrase Type. Re-
sults (see A.3 for more details) showed that, among
all models, the only one that generated a number
of insignificant differences was DM, mainly per-
taining to different strategies for composing NN
items.

4.4 Qualitative Analysis

We now investigate the impact of relation represen-
tations on word vectors and composition from a
qualitative point of view. Here, we focus on the
model that quantitative tests indicated as the most
promising one: RefE. We will start at the word
level, looking at syntactically contextualised single
words. The interest here, is to see if clear relation-
driven clusters can be identified within a reduced
space. To do so, we contextualise the set of roots
from ML10 (e.g. amount in vast amount), and
reduce the dimensions through PCA. Results in
Figure 2 suggest that the three syntactic relations
adopted for contextualisation (i.e. amod, dobj,
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(a) syn-Rt (b) syn-Rh (c) syn-BiD

Figure 1: PCA visualisation of RefE vector space. Images show the same word (•) and add-composed vectors (⇥),
in the context of representations composed with the four different syntax-aware (⌅) composition methods. All
composed vectors represent the set of phrases from the Mitchell and Lapata (2010) benchmark.

nmod) appear to generate as many distinguishable
clusters. Despite being limited, these results sup-
port evidence for syntactic subspace probed out of
mBert (Chi et al., 2020).

Figure 2: PCA visualisation of syntactically contextu-
alised root-items from ML10 phrases using RefE and
reflection. AN roots are contextualised using amod(⇥),
VO via dobj (•), NN via nmod (⌅).

Concluding, we explore how composition strate-
gies behave with respect to the word representa-
tions. To do so, we concatenate representations
obtained by add-composing the set of ML10 items
with the full original space, and each syntax-aware
strategy separately. The three obtained sets of con-
catenation (i.e. word–add–syn-Rt; word–add–syn-
Rh; word–add–syn-BiD) is then independently re-
duced to n=2 through principal component analysis
(PCA). Results are reported in Figure 1. As it
can be observed throughout the three reductions,

and mostly in Figure 1c, phrase representations
obtained via simple addition mainly lie within the
perimeter of the word space. A similar pattern is ob-
served in Figure 1a, with syn-Rt. Phrases composed
by using the root as the head of the triple are still
fairly close to the word-space perimeter, but tend
to abandon its centre. Lastly, Figure 1c shows how
bi-directional representations lie scattered fairly
distant from the word and add-composed represen-
tations. This last observation is contrary to theo-
ries suggesting that representations at every level
(word, phrase, sentence, etc..) should lie within the
same space (e.g. Weir et al. (2016)). However, it
may support recent work from neuroscience (e.g.
Ding et al. (2016)) suggesting that the brain net-
works processing word, phrases and sentences do
not completely overlap.

5 Discussion

Our results strongly suggest that light-weight mod-
els presented in the knowledge-graphs literature
can be efficiently applied to syntactic-graphs, and
be converted to distributional models that are con-
sistently able to make use of the learned word
and relation representations to improve semantic
phrase-composition. From the model-theoretical
point of view, evidence suggests that constrain-
ing linear maps with a reflection (together with
a non-linear translation) seems to be the most ef-
ficient way of encoding syntactic relations. Our
quantitative results also contribute to the debates
on how sequential language data, or English at
least, should be processed and what the role of
syntactic information should be. As mentioned in
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Section 3, the models selected distinguish between
being tail (DM), head (RotE, RefE and AttE) and
full (MuRE) modifiers. Further, we can change the
syntactic focus of any of these models by adopt-
ing the syn-Rt composition strategy instead of the
syn-Rh strategy. However, in our experiments, the
head-modifier models (RotE, RefE and AttE) out-
performed the tail-modifier and full models (DM
and MuRE) and achieved a better results with the
syn-Rh strategy than the syn-Rt strategy, i.e., when
the syntactic root of the phrase was taken as the
head of the triple rather than as the tail. In other
words, it appears better to contextualise the root
and compose with its dependent, which opposes
the linguistic arguments put forward by Weir et al.
(2016). However, even more notably, the syn-BiD
composition strategy, which combines the syn-Rh
and syn-Rt representations, generally gave a further
boost to performance. This is further evidence that
bi-directional information is more informative than
uni-directional information, not just in large neural
models such as LSTMs and transformers, and sup-
ports recent theory from neuroscience which argues
that what is crucial for composition is not the over-
all structure nor the root, but that we can identify
a phrase’s constituents and the relation they have
(Mollica et al., 2020). Evidence in favour of the
fact that composition strongly relies on local depen-
dencies based on syntactic structure was also found
by Saphra and Lopez (2020). Such work suggests
that LSTMs learn to compose following a hierar-
chical structure, driven by syntax, and that they
rely on the learned short sequences to build longer
and more reliable ones. Taken altogether, the evi-
dence from different language-related fields is be-
coming more compelling that syntax and phrase
composition should play an important role in the
composition of larger units of meaning.

6 Conclusions and Further Work

We have shown how GT models previously pro-
posed for encoding KGs can be adapted to encode
syntactic information in a distributional model. We
have demonstrated the high quality nature of the
distributional word representations and the poten-
tial for using syntactically-contextualised composi-
tion strategies for phrases. In particular, we have
demonstrated the competitiveness of lighter-weight
GT models when compared to more general models
based solely on unconstrained linear maps, such as
DM. Further, our analysis has shown how learned

representations for syntactic relations can be effi-
ciently exploited at the word level, transforming a
word through part-of-speech related regions of the
space, and at the phrase level, generating superior
composed representations. Furthermore, we have
shown, among the different GTs, reflection seems
to be the most promising for encoding syntactic
relations. Future work will focus on composition
on larger scale, syntactic-relation composition, and
whether syntactic and semantic graph can be simul-
taneously embedded using this framework.
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F. d'Alché-Buc, E. Fox, and R. Garnett, editors, Ad-
vances in Neural Information Processing Systems
32, pages 4463–4473. Curran Associates, Inc.

Taylor Berg-Kirkpatrick, David Burkett, and Dan
Klein. 2012. An empirical investigation of statis-
tical significance in NLP. In Proceedings of the
2012 Joint Conference on Empirical Methods in Nat-
ural Language Processing and Computational Nat-
ural Language Learning, pages 995–1005, Jeju Is-
land, Korea. Association for Computational Linguis-
tics.

Elia Bruni, Nam Khanh Tran, and Marco Baroni. 2014.
Multimodal distributional semantics. Journal of Ar-
tificial Intelligence Research, 49:1–47.

Ines Chami, Adva Wolf, Da-Cheng Juan, Frederic
Sala, Sujith Ravi, and Christopher Ré. 2020. Low-
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Théo Trouillon, Christopher R. Dance, Éric Gaussier,
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Abstract

We introduce a collection of recognizing tex-
tual entailment (RTE) datasets focused on fig-
urative language. We leverage five exist-
ing datasets annotated for a variety of figura-
tive language – simile, metaphor, and irony
– and frame them into over 12,500 RTE ex-
amples.We evaluate how well state-of-the-art
models trained on popular RTE datasets cap-
ture different aspects of figurative language.
Our results and analyses indicate that these
models might not sufficiently capture figura-
tive language, struggling to perform pragmatic
inference and reasoning about world knowl-
edge. Ultimately, our datasets provide a chal-
lenging testbed for evaluating RTE models.

1 Introduction

Figurative language is ubiquitous in many forms
of discourse from novels, poems, and films, to
scientific literature and social media conversa-
tions (Ghosh, 2018). It is often used to con-
vey intimacy (Gerrig and Gibbs Jr, 1988), hu-
mour (Roberts and Kreuz, 1994), intense emo-
tions (Fussell and Moss, 1998), or veiled polite-
ness (Jorgensen, 1996). Despite its ubiquity, figu-
rative language remains “a bottleneck in automatic
text understanding” (Shutova, 2011).

Recognizing Textual Entailment (RTE), the task
of identifying whether one sentence (context) likely
entails another (hypothesis), is often used as a
proxy to evaluate how well Natural Language
Processing (NLP) systems understand natural lan-
guage (Cooper et al., 1996; Dagan et al., 2006;
Bowman et al., 2015). Figurative language is de-
fined as any figure of speech which depends on a
non-literal meaning of some or all of the words
used. Thus, understanding figurative language can
be framed as an RTE task (figurative language ex-

∗Equal Contribution.

I I start to prowl across the room like a
tightrope walker on dental floss.

I start to prowl across the room recklessly.
7

I They had shut him in a basement that
looked like a freight elevator.

Simile

They had shut him in a basement that
looked dangerously claustrophobic.

3

I He weathered the costs for the accident.
He avoided the costs for the accident.

7

Metaphor
I The bus bolted down the road.

The bus paced down the road.
3

I Made $174 this month, gonna buy a
yacht!

I don’t make much money.
7

Irony I Fans seem restless, gee, don’t understand
them.

Fans seem restless - don’t know the rea-
son behind it.

3

Table 1: Example RTE pairs focused on similes,
metaphors, and irony that RoBERTa incorrectly labels.
I indicates a context and the following sentence is its
corresponding hypothesis. 3 and 7 respectively in-
dicate that the context entails, or does not entail the
hypothesis. Bold text represent simile and metaphors
and Italic represent their entail/not entail interpreta-
tions (top two rows).

pression vs. intended meaning), where the figura-
tive language expression is the context and the in-
tended meaning is the hypothesis in an RTE frame-
work (See examples in Table 1).

We investigate how suitable are state-of-the-art
RTE models trained on current RTE datasets to cap-
ture figurative language. We focus on three specific
types of figurative language: similes, metaphors,
and irony. Similes evoke comparisons between two
seemingly different objects, metaphors expand the
imagination beyond the literal narrative, and irony
conveys the opposite of what is said.

We leverage five existing datasets annotated for
these types of figurative language to create over
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12,500 RTE examples that require understanding
or identifying these phenomena. We evaluate how
well standard neural RTE models capture these
aspects of figurative language. Our results demon-
strate that, although, systems trained on a popu-
lar RTE dataset may capture some aspects of vari-
ous types of figurative language, they fail on cases
where the interpretation relies on pragmatic infer-
ence and reasoning about world knowledge. We
release the code and the data. 1

2 Related Work

We follow recent work that test for an ex-
panded range of inference patterns in RTE sys-
tems (Bernardy and Chatzikyriakidis, 2019) by
evaluating how well RTE models capture specific
linguistic phenomena, such as pragmatic infer-
ences (Jeretic et al., 2020), veridicality (Ross and
Pavlick, 2019), and others (Pavlick and Callison-
Burch, 2016; White et al., 2017; Dasgupta et al.,
2018; Naik et al., 2018; Glockner et al., 2018; Kim
et al., 2019; Kober et al., 2019; Richardson et al.,
2020; Yanaka et al., 2020; Vashishtha et al., 2020;
Poliak, 2020).

We are not the first to explore figurative language
in RTE. Agerri (2008) analyze examples in the Pas-
cal RTE-1 (Dagan et al., 2006) and RTE-2 (Bar-
Haim et al., 2006) datasets that require understand-
ing metaphors and Agerri et al. (2008) present an
approach for RTE systems to process metaphors.
Poliak et al. (2018)’s diverse collection of RTE
datasets includes examples based on figurative lan-
guage, but focuses only on identifying puns.

3 Dataset Creation

We create RTE test sets that focus on similes,
metaphors, and irony. We provide further back-
ground for these types of figurative language and
describe the methods used for creating these test
sets. Table 2 reports the final test sets’ statistics.

3.1 Simile
Comparisons are inherent linguistic devices that ex-
press the likeness of two entities, concepts, or ideas.
When used figuratively, comparisons are called
similes. Similes are used to spark the reader’s
imagination by making descriptions more emphatic
or vivid (Paul et al., 1970). Similes use a com-
mon PROPERTY to compare two concepts of-

1https://github.com/tuhinjubcse/
Figurative-NLI

Data Total E NE
Simile 600 300 300

Metaphor 613 307 306

Irony Meaning SIGN2000 2,000 133 1867
Sim-Hint 4,762 - 4,762

Irony Intention 4,601 2,212 2,389

Table 2: Dataset statistics and class distribution, En-
tailment (E) and Not-Entailment (NE) for each type of
figurative language.

ten referred to as the TOPIC (the logical subject)
and the VEHICLE (the logical object of compar-
ison). For example, in the simile “Love is like
an unicorn”, love (TOPIC) is compared to a uni-
corn (VEHICLE), portraying the implicit property
“rare”. Recently Chakrabarty et al. (2020) released
a test set of 150 literal sentences from subreddits
r/WritingPrompts and r/Funny, each aligned with
two human-written paraphrases with similes that
retain the original meaning.

To create our RTE test set that focuses on simi-
les, we treat these simile-literal aligned sentences
as entailed context-hypothesis pairs. Given a lit-
eral input, “They had shut him in a basement that
looked dangerously claustrophobic", an expert
annotator re-framed it as “They had shut him in a
basement that looked like a freight elevator".2 We
create Not-Entailed examples by flipping the literal
verb/property with their respective antonyms and
use the original (Literal, Simile) pairs as Entailed.
For instance, in the case of an existing context-
hypothesis pair expressing Entailment - “Hitler
skittered off like an enthusiastic sloth”→ “Hitler
skittered off slowly" - we alter “slowly" to “fast" to
make it a pair of Not-Entailment (NE) instance.

3.2 Metaphor

Metaphors express deep feelings and complex
attitudes (Veale et al., 2016). Understanding
metaphors requires comprehending abstract con-
cepts and making connections between seemingly
unrelated ideas to appropriately deviate from lit-
eral meaning (Gutierrez et al., 2016; Mohammad
et al., 2016; Kintsch and Bowles, 2002; Glucksberg,
1998).When generating metaphoric paraphrases,
Chakrabarty et al. (2021) create a diverse test set
of 150 literal sentences curated from different do-
mains and genres and asked two expert annotators
to create metaphorical sentences, resulting in a total

2Note, such re-framing task (content generation task) does
not involve assigning a label to a text fragment, thus, comput-
ing inter-annotator agreement is not applicable here.
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Genre PairID Example

Slate 143311e
I Praise from a stranger is like a glass of water served at a restaurant in: You drink it warily, if at all,

fearing it may be tainted

Praise from someone you do not know can be taken lightly

Fiction 60838c
I The stars are no more like the sun than the glow of my cigarette is like a forest fire.

The sun is comparable to the stars because they are the same.

Telephone 99298c
I But uh still I I question the ability of some of the teachers to uh really do a bang-up job and

yet others i know are just wonderful

All teachers sucks

Table 3: Examples from MNLI that include figurative language. I indicates a context and the following line is its
corresponding hypothesis.

of 300 metaphorical examples. The expert annota-
tors re-framed the literal sentences independently
by replacing the literal verb with a metaphorical
verb. For instance, an expert reframed the literal
sentence “The tax cut will help the economy" to
“The tax cut will fertilize the economy".

Since the most frequent type of metaphor is ex-
pressed by verbs (Martin, 2006; Steen, 2010) these
literal and metaphorical paraphrases differ only by
the verb they use. In an RTE framework, we treat
these metaphorical-literal pairs as entailed context-
hypothesis examples. To create Not-Entailed ex-
amples, we generate hypotheses by manually swap-
ping the literal verb in the entailed hypothesis
with its antonym. Note that for both simile and
metaphor, automatic substitution using available
lexicons is problematic as it often leads to ungram-
matical sentences. Manually replacing the words
with its antonym guarantees a high quality test set.
We use antonyms to create Not-Entailed examples
for Simile and Metaphors which contain both Neu-
tral and Contradiction classes. Such lexical replace-
ment using antonyms would clearly lead to higher
quality contradiction example creation. On the con-
trary, creating neutral examples by lexical perturba-
tion is challenging and if not done properly, it can
lead to grammatical errors or incoherent sentences.

3.3 Irony

When using irony, speakers usually mean the oppo-
site of what they say (Sperber and Wilson, 1981;
Dews et al., 2007). We develop different test sets
focusing on whether the RTE models should un-
derstand the conveyed meaning of ironic examples
or should identify the speaker’s ironic intent (i.e.,
identify if an utterance is ironic or not) given the
hypothesis that the speaker was ironic.

Understanding Ironic Meaning (IMeaning)
Peled and Reichart (2017) used skilled annotators
to create a parallel dataset between tweets with ver-
bal irony and their non-ironic rephrasings (15K
pairs). Annotators also had the option to copy
the original tweet or just to paraphrase it, in case
the ironic intent is not easy to identify. Likewise,
Ghosh et al. (2020) released a parallel dataset of
speakers’ ironic messages (Sim) and hearers’ inter-
pretations (Hint) of the speaker’s intended mean-
ing. This dataset (Sim-Hint) contains 4,761 ironic-
literal pairs. We use both datasets in our experi-
ments and henceforth denote them as SIGN and
Sim-Hint, respectively. For both datasets, the origi-
nal ironic messages are treated as the contexts and
the intended meanings are the hypotheses. How-
ever, all RTE contexts do not contradict their cor-
responding hypotheses. For instance, in case of
Peled and Reichart (2017), the authors allowed an-
notators to not rephrase the ironic sentences with
their opposite intended meanings (in case the sar-
castic or ironic intent was not clear). Thus, for
evaluation purposes (see Table 4), we annotated a
subset of 2,000 random pairs from SIGN and eval-
uated the RTE models on that subset (denoted as
SIGN2000 henceforth). Around 93% of the RTE
pairs in SIGN2000 are Not-Entailed examples and
100% of RTE pairs in Sim-Hint are Not-Entailed
examples.

Recognizing Ironic Intent (IIntent) We lever-
age additional ironic examples from Van Hee et al.
(2018). Following Poliak et al. (2018)’s method for
recasting annotations for puns and sentiment, we
use templates to generate contexts (a) and hypothe-
ses (b). We use all the ironic tweets (training and
test) released by Van Hee et al. (2018) to generate
4,598 RTE pairs. Akin to Poliak et al. (2018), we
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Model
Testset Simile Metaphor IMeaning IIntent

sm− im SIGN2000

NBoW 51.17 54.81 86.37 71.50 61.72
InferSent 55.01 65.75 71.62 68.84 11.72
RoBERTa-large 85.47 88.09 94.76 93.42 52.81

Table 4: Accuracy of different models on our datasets focusing on similes, metaphors, and irony.

replace Name with names sampled from a distribu-
tion of names based on the US census data.3. The
templates are a) Name tweeted that tweet, b) Name
was ironic.

4 Experimental Setup

MNLI (Williams et al., 2018) is one of the widely
used large-scale corpora that contains instances
of figurative language (Table 3). Following re-
cent work, we evaluate RTE models trained on
MNLI (Williams et al., 2018) using three stan-
dard neural models: bag of words (NBoW) model,
InferSent (Conneau et al., 2017), and RoBERTa-
large (Liu et al., 2019). In NBoW, word embed-
dings for contexts and hypotheses are averaged
separately, and their concatenation is passed to a
logistic regression softmax classifier. InferSent en-
codes the context and hypotheses independently
using a BiLSTM, then their sentence representa-
tions are fed to a MLP.4 For RoBERTa, we use
the model fine-tuned on MNLI from the Trans-
former’s library (Wolf et al., 2020). We expect
models trained on MNLI to capture some forms of
figurative language that often appear in works of
fictions, conversations, speeches, and magazines
like Slate. Table 3 illustrates a few examples from
MNLI that include figurative language

5 Results and Discussions

Table 4 reports models’ accuracy on our figura-
tive language RTE datasets. We observe that for
similes, metaphors and irony meaning, RoBERTa-
large drastically outperforms the other two models.
For Irony datasets, NBoW outperforms InferSent.
While all models perform poorly on IIntent, In-
ferSent’s very low accuracy stands out. The low
performances might be due to the templatic nature
of this recast dataset which might be very different
from the MNLI training data.5 We now turn to
an in-depth analysis of RoBERTa’s performance

3http://www.ssa.gov/oact/babynames/names.zip
4Both NBoW and InferSent use 300D Glove embed-

dings (Pennington et al., 2014).
5We leave further analysis of this issue for future work.

across these datasets.

Ironic Meaning. RoBERTa-large attains over
90% accuracy on the two datasets focused on ironic
meaning. When analyzing these examples, a vast
majority of the hypotheses in both datasets use lex-
ical antonyms (“flattering”↔ “disgusting) or nega-
tion (“is great”↔ “is not great”) to represent the
intended meaning. Thus, the presence of antonyms
might be enough for RoBERTa to correctly predict
that the hypothesis is not-entailed by the context.

However, this does not hold true for hypothe-
ses where the intended meanings were represented
via more complex rephrasing. Ghosh et al. (2020)
conducted a thorough study of the linguistic strate-
gies that annotators have used for the rephrasing
tasks. They presented a linguistically motivated ty-
pology of the strategies (e.g., “Lexical and phrasal
antonyms”, “Negation”, “Weakening the intensity
of sentiment”, “Interrogative to Declarative Trans-
formation”, “Counterfactual Desiderative Construc-
tions”, and “Pragmatic Inference”) and empirically
validated the strategies over the SIGN and Sim-
Hint datasets.6 During our analysis, we observe
that for the vast majority of cases where RoBERTa
predicts incorrectly, the examples contain Rhetor-
ical Questions (“nice having finals on birthday?”
↔ “do not like finals . . . ”), pragmatic inferences
(“Made $174 this month . . . a yacht!"↔ “I don’t
make much money”), or desiderative constructions
of [I wish] (that) (“glad you related the news”↔
“[I wish] that you have told me sooner”. We also
observe that RoBERTa-large’s predictions are reg-
ularly incorrect when the ironic messages contain
certain irony markers (Ghosh and Muresan, 2018),
such as metaphor (“shoe smell like bed of roses”↔
“smells bad”), alternate spelling where the speaker
frequently overstate the magnitude of an ironic
event (“dancing in heels is grrrrreat”↔ “. . . hurts
your feet”) or hashtags that are composed of multi-
word expressions that capture the irony (“god bless
you . . . #notinthemood).

6https://github.com/debanjanghosh/interpreting_verbal_irony
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Gold Pred

Simile

I Your guardian angel is just a little too much like a nerd at a comic convention.
3 7

Your guardian angel is just a little too enthusiastic

I Growing up, people always thought you were like a social pariah.
7 3

Growing up, people always thought you were ordinary

I They all agree the books are good reads, but they are like pseudo science fiction.
3 7

They all agree the books are good reads, but they are too unrealistic.

Metaphor

I The smell of smoke carpeted on the delinquent.
7 3

The smell of smoke took off on the delinquent

I As they strike the ground, they are effaced.
7 3

As they strike the ground, they are remembered

I The avalanche polvarized anything standing in its way.
7 3

The avalanche protected anything standing in its way.

Irony

I Life was never been perfect and would never be.
3 7

Life has never been perfect and would never be.

I The highlight of my day figuring out how to make contact sheets . . . such a boring life.
3 7

My entire day was occupied in making contact sheets in design such a waste.

I Gotta read 70ish+ pages today #great #mysundayfunday #thisshouldbefun.
7 3

I have to read 70ish+ pages today. This is bad.

Table 5: Examples from our Simile, Metaphor, and Irony datasets where Roberta-large fine-tuned on MNLI fails
to classify the sentence pairs correctly. Gold and Pred means the true label and the predicted label respectively. I
indicates a context and the following sentence is its corresponding hypothesis. 3 and 7 respectively indicate that
the context entails, or does not entail the hypothesis.

Simile. Likewise, for the simile dataset, we no-
tice that RoBERTa-large often fails to reason with
implicit knowledge about the physical and visual
world knowledge (Table 5). This is inline with
Weir et al. (2020)’s finding that transformer-based
contextual language models poorly capture knowl-
edge grounded in visual perceptions. For example,
RoBERTa-large incorrectly predicts that the con-
text “You wake one morning to find your entire fam-
ily lying like gray slabs of cement” does not en-
tail the hypothesis “You wake one morning to find
your entire family lying unconscious”. Neverthe-
less, RoBERTa-large correctly predicts that, “my
eyes teared up . . . turning like a ripening tomato”
entails “my eyes teared up . . . face turning red”. We
hypothesize that here RoBERTa-large was able to
identify the association between “ripening tomato”
and “red” that resulted in the correct prediction.

Metaphor. We notice RoBERTa-large makes
wrong predictions when it encounters unconven-
tional metaphors (Table 5). Metaphors are deemed
unconventional depending on “how well-worn or
how deeply entrenched a metaphor is in every-
day use by ordinary people for everyday purposes"
(Gelo and Mergenthaler, 2012). For instance, for
a unconventional (metaphoric, literal) pair, “night
sky flurried with the massive bombardment” →
“night sky doused with the massive bombardment”

(i.e., “flurried”↔ “doused”) the model fails. On
the contrary, the model correctly predicts the fol-
lowing conventional (metaphoric, literal) pair -
“sudden fame kindled her ego”→ “. . . increased
her ego” (i.e., “kindled”↔ “increased”).

6 Conclusion

To understand the figurative language inference
capabilities of RTE models, we introduce datasets
adapted from existing corpora focusing on similes,
metaphors, and irony. By testing models trained
on MNLI, we find that while the RoBERTa-large
model is able to capture some aspects of figurative
language, it fails when the interpretation requires
word knowledge and pragmatic inferences. We
hope this work will spark additional interest in
the research community to incorporate and test for
figurative language in their NLU systems.

7 Ethical Considerations

We leverage freely available open source datasets
and software tools to create RTE datasets that in-
volve similes, metaphors, and irony. We are granted
the rights to further annotate and distribute the exist-
ing datasets as part of our RTE setup. This research
is exempt from institutional review boards since we
do not study human subjects and all social media
data used is publicly available.
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Abstract

Abstractive neural summarization models
have seen great improvements in recent years,
as shown by ROUGE scores of the gener-
ated summaries. But despite these improved
metrics, there is limited understanding of
the strategies different models employ, and
how those strategies relate their understand-
ing of language. To understand this bet-
ter, we run several experiments to character-
ize how one popular abstractive model, the
pointer-generator model of See et al. (2017),
uses its explicit copy/generation switch to con-
trol its level of abstraction (generation) vs ex-
traction (copying). On an extractive-biased
dataset, the model utilizes syntactic bound-
aries to truncate sentences that are otherwise
often copied verbatim. When we modify the
copy/generation switch and force the model
to generate, only simple paraphrasing abili-
ties are revealed alongside factual inaccura-
cies and hallucinations. On an abstractive-
biased dataset, the model copies infrequently
but shows similarly limited abstractive abili-
ties. In line with previous research, these re-
sults suggest that abstractive summarization
models lack the semantic understanding neces-
sary to generate paraphrases that are both ab-
stractive and faithful to the source document.

1 Introduction

Recent years have seen great improvements in “ab-
stractive” summarization models – models that not
only concatenate text from the source document,
but can additionally paraphrase to generate sum-
mary text. Once limited to sentence compression
(Rush et al., 2015), abstractive models now gen-
erate multi-sentence summaries (See et al., 2017),
even for relatively long documents (Cohan et al.,
2018). However, extractive models and mixed mod-
els with significant extractive components continue
to show strong performance, and the extent and

manner in which abstraction is used by summariza-
tion models is not well understood.

Previous work has raised concerns about whether
models are able to paraphrase in ways that lead to
better summaries. Abstractive models often gen-
erate summaries that are either ungrammatical or
unfaithful to the source document (Maynez et al.,
2020; Durmus et al., 2020; Kryscinski et al., 2020)
and are prone to repetition in their outputs (See
et al., 2019; Holtzman et al., 2020). These issues
raise questions about how neural summarizers gen-
erate novel text. Abstractive summarization is dif-
ferentiated from extractive summarization by the
model’s ability to paraphrase, but paraphrasing abil-
ity is not directly measured by popular metrics,
leading to a lack of understanding of the genera-
tive process. Some previous research has aimed
to alleviate these issues in evaluation: Zhang et al.
(2018a) propose evaluating summaries with human
evaluations of informativeness and coherence, and
Ganesan (2018) implements a metric to reward
models that paraphrase via simple synonym substi-
tutions according to WordNet. However, synonym
substitution is just one form of paraphrasing, and
truly abstractive models should be capable of more
complex paraphrasing strategies.

To understand how abstraction manifests in neu-
ral summarization models, we study a model that
has an explicit abstraction/extraction switch, the
pointer-generator model of See et al. (2017). The
training objective of this model causes it to choose
the best summarization strategy (abstractive vs ex-
tractive) in different contexts, permitting us to de-
termine the environments where abstractive sum-
marization is an effective summarization strategy.
First, we show how the switch varies across a full
summary and is influenced by the decoder’s copy
and generation distributions. Next, we present a be-
havioral probe of the abstraction/extraction switch,
to observe how the switch reacts to lexical, struc-
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tural, and distributional information as it decodes
a summary. Finally, we modify the switch value,
forcing more frequent paraphrase generation during
decoding, revealing the limits of the model’s para-
phrasing capabilities. Ultimately, we find across
both the CNN/DailyMail and XSum datasets that
the model’s abstractive capabilities are limited; the
model understands how to identify and combine
constituents from the source text in a grammatical
fashion, but lacks the semantic understanding re-
quired to produce grammatical, faithful and mean-
ingful paraphrases.

2 Model

2.1 The Pointer-Generator Model
We study the pointer-generator model released by
See et al. (2017), which uses an explicit switch,
pgen, that blends abstractive and extractive summa-
rization strategies. We briefly review the pointer-
generator model here; for more details, see the
original paper of See et al. (2017).

The final output distribution for a particular word
in the summary P (w) is a weighted sum of the
generation distribution and the copy distribution,
weighted by pgen and 1 − pgen, respectively. This
is described by Equation 9 in See et al. (2017),
modified for clarity here:

P (w) = pgenPvocab(w) + (1− pgen)Pcopy(w) (1)

Pvocab(w) is the generation distribution over the
model’s vocabulary, and Pcopy(w) is the copy dis-
tribution over the tokens in the source document.
The pgen switch explicitly weights the influence
of the generation and copy mechanisms on P (w).
For each time step t, pgen is a function of the con-
text vector h∗t , the decoder state st and the decoder
input xt,

pgen = σ(δTh∗t h
∗
t + δTs st + δTx xt + βptr) (2)

where σ is the sigmoid function and δh∗t , δs, δx
and βptr are learned parameters.

See et al. (2017) also use a coverage mechanism
aimed at reducing repetition, defining the coverage
vector ct as

ct =

t−1∑

t′=0

Pcopy(wt) (3)

which is passed as another input to the attention
mechanism.

2.2 Data
We analyze pointer-generator behavior
when trained on an extractive-biased dataset,
CNN/DailyMail, and on an abstractive-biased
dataset, XSum. The CNN/DailyMail dataset
is made up of multi-sentence summaries of
news articles from CNN and Daily Mail. XSum
(Narayan et al., 2018) is a summarization dataset
that uses the first sentence of a news article as
a summary of the article. The dataset treats the
remainder of the article as the source document.
As a result, the summaries are both shorter and
more difficult to copy from the source document,
compared to the CNN/DailyMail dataset.

2.3 Training
Our experiments on CNN/DailyMail use the
trained model released by See et al. (2017), which
includes the coverage mechanism described above.
We decode summaries on the test set of at most 120
tokens using beam search with beam width 4, as
in the original paper. For XSum, we trained our
own model on the XSum training partition, using
the code released by See et al. (2017).1

Like Narayan et al. (2018), we do not include the
coverage mechanism for the XSum model. When
coverage is used for the XSum model, ROUGE
scores (Lin, 2004) slightly decrease, and the pro-
duced summaries contain more severe hallucina-
tions. However, adding coverage does “fix” some
degenerate summaries that produce the same se-
quence of tokens repeatedly – see Appendix B for
an example.

For both datasets, in addition to the output sum-
maries, we record the value of the pgen switch for
each emitted token, as well as the generation distri-
bution and the copy distribution at each time step.

3 Experiments

In Section 3.1 we qualitatively analyze the evolu-
tion of the per-token pgen and uncertainty in the ex-
tractive/abstractive components over the course of
randomly selected summaries. Section 3.2 provides
quantitative evidence of our observations across
the full test sets, by modeling the lexical, structural,
and distributional (Pvocab and Pcopy) environments
that drive the variability of the pgen switch.

Finally, in Section 3.3 we manipulate pgen of
the CNN/DailyMail model to generate summaries

1Code and full replication details are available at
https://github.com/mwilbz/pointer-generator-analysis.
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(a) CNN/DailyMail

(b) XSum

Figure 1: (Top) Correlation contributions CC(pgen, Hgen) (green) and CC(pgen, Hcopy) (purple) for a randomly-
sampled summary. (Bottom) Bar plot of per-token pgen (orange), and entropy of the generation distribution (green)
and copy distribution (purple) for the same summary.

that are more abstractive than those of the base
model, in order to disentangle any abstractive be-
havior from abstractive capabilities, finding that
the model’s abstractive capabilities are largely lim-
ited to lexical paraphrases, and that forcing the
model to generate more novel text yields unfaithful
summaries.

3.1 Token-level Analysis

3.1.1 Model

The pgen switch explicitly tells us how much weight
is assigned to the generation and copy distributions.
See et al. (2017) make qualitative claims about the
environments where pgen is highest: “We find that
pgen is highest at times of uncertainty such as the
beginning of sentences, the join between stitched-
together fragments, and when producing periods
that truncate a copied sentence.” In this section, we
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evaluative these observations on randomly selected
summaries generated with each model.

We quantify the notion of “uncertainty” from See
et al. (2017) using information-theoretic entropy
(Shannon, 1948) of the distribution that predicts
the next word wi of a generated summary:

Hθ(wi) = EPθ [− logPθ(wi)] . (4)

where Pθ is the predictive distribution over the
model vocabulary Vθ at a given time step. In our
experiments, we use normalized entropy, which
divides the equation above by log2 |Vθ|, to limit
the domain to [0, 1] regardless of the vocabulary
size. We calculate model-internal entropies Hgen
and Hcopy by setting Pθ equal to Pvocab and Pcopy,
respectively.

Given the entropy of the copy and generation
distributions at each decoder time step, we investi-
gate the relationship between pgen, Hgen, and Hcopy
by calculating per-token correlation contributions.
Intuitively, correlation contribution measures how
much an individual token contributes to either pos-
itive or negative correlation between pgen and the
model entropies.

The Pearson correlation coefficient between two
sequences x = [x1, . . . , xn] and y = [y1, . . . , yn]
can be written as

r =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
∑n

i=1(yi − ȳ)2
(5)

We calculate the correlation contribution of the pair
(xi, yi) at index i to be

CCi =
n(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
∑n

i=1(yi − ȳ)2
(6)

Note that the correlation between x and y is equal
to the average of CC1,CC2, . . . ,CCn, but unlike
r, the correlation coefficient, each component CCi

is not bounded by [−1, 1].

3.1.2 Results
Across the test splits, the Pearson correlation be-
twen pgen and Hgen is −0.47 for CNN/DailyMail
and −0.55 for XSum. The correlation between
pgen andHcopy is 0.12 for CNN/DailyMail and 0.54
for XSum. This suggests that the higher-certainty
(lower H) distribution is weighted more heavily
when combining the generation and copy distribu-
tions, since pgen is high when Hgen is low, and low
when Hcopy is low.

Visualizing the correlation contributions across
a sentence helps us understand how individual to-
kens are decoded as a function of uncertainty in
the abstractive and extractive components of the
model. We randomly sample articles from each
dataset’s test split, and visualize the correlation con-
tributions for the generated summaries in Figure 1.
Additional examples may be found in Appendix A.

CNN/DailyMail: The tokens that correlate high
pgen with lowHgen (high certainty in the abstractive
component) are frequently punctuation, and peri-
ods in particular. This punctuation appears to be
used to truncate sentences at a syntactic boundary,
a behavior we quantify in Section 3.2. The corre-
lation of high pgen and high Hcopy (low certainty
in the extractive component) comes from tokens
including “has”, “managed”, “.”, and “sterling”;
all tokens that appear multiple times in the source
document. This suggests a possible role played by
generation to tie break when the copy distribution
has low certainty about which continuation to copy
next.

XSum: The XSum model uses the copy mech-
anism very infrequently; pgen is frequently large.
When pgen is small, we tend to observe uncertainty
in the generative component and certainty in the
copy component, according to entropy measures.
In Figure 1, we see this happens when the proper
noun “smiler”, a rollercoaster name, is generated.
It also happens at the beginning of a quotation, in-
dicating that the model has learned that quotations
should be copied from the source document, rather
than generated.

Overall, we see a strong contrast in pgen values
between the two models. On the extractive-biased
CNN/DailyMail dataset, the model learns to copy
frequently, generating where necessary to truncate
sentences. On the generative-biased XSum dataset,
the model acts nearly like a simple seq2seq model,
only infrequently using the copy mechanism for
the sake of proper nouns and quotations.2

3.2 Probing pgen

In the previous section, we made qualitative ob-
servations about the relationship between pgen and
model entropies, as well as the linguistic environ-
ments where pgen is highest. In this section, we

2This can also be seen in the contrasting gaps between the
seq2seq and pointer-generator ROGUE scores reported by See
et al. (2017) and Narayan et al. (2018). The former sees a
9-point gap in ROUGE-1, while the latter reports a 1-point
gap.
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quantify these relationships by predicting pgen with
a linear model of lexical, syntactic and distribu-
tional factors.

3.2.1 Model Features
In this section, we describe the four feature sets we
use to model pgen. These include model-internal
entropy measures from the See et al. (2017) sum-
marizer, model-external entropy measures derived
from pretrained language models, structural fea-
tures derived from syntactic parses of summaries,
and part-of-speech tags.

Summarization model entropies: We use
Hgen and Hcopy as features, hypothesizing, like See
et al. (2017), that the uncertainty in the copy and
generation distributions will have a significant ef-
fect on pgen.

Language model entropies: We also use en-
tropy from three types of language models with
varying degrees of lexical and structural expres-
siveness: a trigram model,3 a top-down incremen-
tal constituency parser (Roark, 2001; Roark et al.,
2009), and a unidirectional recurrent neural lan-
guage model (van Schijndel et al., 2019). These
models allow us to directly measure how much
pgen may be influenced by lexical, syntactic, and
distributional uncertainty in the generated summary
independent of the summarization objective.

Structural Features: The summarization
model may also condition its decision to copy
or generate on the current syntactic environment.
While pointer-generator models do not explicitly
model syntax, they may exhibit some implicit syn-
tactic knowledge, such as the ability to identify and
copy whole constituents. As mentioned above, See
et al. (2017) claim that pgen is high at the “the join
between stitched-together fragments.” Structural
features allow us to quantify this, seeing whether
the model has learned to prefer copying or genera-
tion in particular syntactic environments.

We incorporate two structural measures into our
model: the root distance of word wi, denoted as
Droot(wi) and the edge distance between wordwi−1
and wi, denoted as Dedge(wi−1, wi). These mea-
sures are calculated on parse trees of generated
summaries.4 Root distance is the distance in the
parse tree from the current word to the root node,

3A Kneser-Ney trigram model trained on 5.4m tokens of
the articles from the training partition of the summarization
dataset.

4Parses and part of speech tags are generated by the top-
down constituency parser.

and corresponds to the depth of the word in the
parse tree. This measure will tell us if there is an
association between depth in the tree and the deci-
sion to copy or generate. Edge distance is the num-
ber of intervening edges between the current and
previous word in the summary. Edge distance will
be smaller within a constituent than across two con-
stituents. This measure allows us to test whether
the decision to copy or generate is associated with
the size of the syntactic boundary between words.

Part of Speech: In addition to structure, the
summarization model may condition its decision
to copy or generate on the syntactic category of
the most recently generated word. For example,
in our preliminary qualitative observations of the
CNN/DailyMail model, we found that pgen was
higher when decoding punctuation, main verbs and
conjunctions. To test the association between part-
of-speech and pgen formally, we include the part-
of-speech label of the current word in our model.

3.2.2 CNN/DailyMail Results
We predicted pgen using four single feature-set lin-
ear models, and a single linear model including all
features. We conducted ANOVA tests on all com-
binations of nested models, and found that each set
of features significantly improves the pgen model
(all p < 0.00001; see Table 1).

Entropies: The coefficients for the model-
internal entropy measures Hgen and Hcopy intu-
itively indicate that as uncertainty in the generation
distribution increases, the model is less likely to
generate, and as uncertainty in the copy distribution
increases, the model is less likely to copy; these
relationships were previously explored in Section
3.1.

The three language model entropy estimates are
significantly associated with pgen. However, the
coefficients are all very small and this feature set in-
dividually does the poorest job of explaining pgen’s
variance of all the sets we analyzed. This could
be due to the fact that, with the exception of the n-
gram model, the language model entropy estimates
come from different training data than the summa-
rization model. Regardless, while language model
entropies significantly improved pgen prediction,
the other feature sets showed a much stronger rela-
tionship with pgen. Therefore we do not focus on
language model entropies in subsequent sections.

Structural Features: Both structural features
are significantly associated with pgen. A model fit
using only Dedge and Droot explains 20% of pgen’s
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Feature Set Feature β

Summ. Model Entropies Hgen -0.052
(R2 = 0.274) Hcopy 0.035
LM Entropies HLSTM 0.009
(R2 = 0.140) Hparser 0.003

Hngram 0.009
Structural Features Dedge(wi−1, wi) 0.018

(R2 = 0.204) Droot(wi) -0.031
$ -0.130

UH -0.118
# -0.116

Part of Speech NNP -0.111
(R2 = 0.593) WRB 0.156

: 0.254
, 0.269
. 0.636

Full Model R2: 0.648

Table 1: Table of slope coefficients β in the full lin-
ear model of pgen in the CNN/DailyMail model. Re-
ported below the name of the feature set is the adjusted
R2 of a model fit only to that feature set. The eight
part of speech tags with the largest magnitude β are
reported. All reported β are significant via t-test (all
p < 0.00001).

variance (R2 = 0.204). Edge-distance is positively
associated with pgen, meaning the larger the syn-
tactic boundary between the previous and current
word, the more likely the summarization model is
to generate. This provides evidence that the model
has some knowledge of syntactic boundaries, and
uses the generation component as a means of join-
ing together clauses, in line with the observations
of See et al. (2017). We also find that distance to the
root node of the parse is negatively associated with
pgen. This means that words which are higher in
the parse tree are more likely to be generated than
copied. Conversely, this means that generated com-
ponents are unlikely to be associated with complex,
deeply nested phrasing, suggesting the generation
component only produces simple shallow sub-
stitutions rather than structurally complex para-
phrases or even simple substitutions that modify
structurally complex copied elements.

Part-of-Speech: The part of speech tags with
the highest negative association with pgen (i.e. those
most likely to be copied) are $ (currency symbols),
UH (interjection), # (pound symbol), followed by
NNP (singular proper nouns). These results are
perhaps unsurprising, as interjections and proper
nouns are difficult to paraphrase and are often out-
of-vocabulary in the generation component of the
summarization model. $ and # serve as prefixes to
numerical values which cannot be faithfully para-
phrased and therefore should be copied directly

Figure 2: Distribution of pgen across all tokens in the
test split of the CNN/DailyMail corpus. Sentence-final
punctuation makes up 5% of tokens in the dataset,
which accounts for 22% of pgen’s mass

from the source text. The tag for a cardinal number
(CD) also has a relatively strong negative correla-
tion with pgen (β = -0.088).

The part-of-speech tags with the highest positive
association with pgen (i.e. those most likely to be
generated) are “.” (sentence-final punctuation), “,”
(comma), “:” (colon), and WRB (wh-adverbs, such
as ”where” or ”when”). All of these categories can
link two clauses or complete sentences, consistent
with the “stitching” hypothesis of See et al. (2017).

The mean pgen value of all tokens in the test
dataset was 0.204, while the mean pgen value for
sentence-final tokens was 0.915. Further inspection
of the pgen distribution reveals a cluster of outliers
at pgen = 1.0. Figure 2 shows the distribution of pgen
values. We find that, of all tokens with pgen > 0.95,
92.1% are sentence-final punctuation. Despite mak-
ing up 5% of all tokens, periods account for 22.1%
of the total mass of pgen in the dataset. This sug-
gests that sentence final punctuation is entirely con-
trolled by the generation distribution. Additionally,
we find that of all 5-grams in generated-summaries
ending with sentence-final punctuation, 52% are
also present in the article text, compared to 12%
in the reference summaries. Despite the large pgen
values exhibited by sentence-final punctuation, the
model only generates punctuation in novel con-
texts less than half of the time, suggesting that
even when the model heavily utilizes its genera-
tive component, it essentially generates a copy
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of the source text.
Our explanatory model of pgen shows that model

entropy, syntactic depth, syntactic boundary size,
and part-of-speech are associated with pgen. The
strongest predictor of pgen is the part-of-speech of
the current word, with copying most strongly asso-
ciated with numbers, number prefixes and proper
nouns, and generation most strongly associated
with punctuation. We find that sentence-final punc-
tuation is handled almost entirely by the genera-
tive component of the model, despite the fact that
sentence-final punctuation occurs in novel contexts
less than half of the time.

3.2.3 XSum Results
Overall, we find that the variance of pgen in the
XSum model is well explained by model-internal
entropy, and relatively poorly explained by lin-
guistic features. We believe this is driven by the
categorically different behaviors of each model.5

While the CNN/DailyMail model only uses the
generative component to join together copied con-
stituents, the generative component dominates the
XSum model’s behavior. The mean pgen value
across all tokens in the XSum dataset was 0.828,
compared to 0.204 in the CNN/DailyMail dataset.
While the structural features Dedge(wi−1, wi) and
Droot(wi) explained 20.4% of the variance of pgen
in the CNN/DailyMail model, these features only
explain 4.9% of the variance in the XSum model.
Part of speech also does a poorer job of explain-
ing the variance in XSum’s pgen. While part of
speech explains 59.3% of the variance of pgen in
the CNN/DailyMail model, part of speech tags only
explain 23.0% in the XSum model.

While the CNN/DailyMail model assigned an
abnormally high pgen value to punctuation, we do
not observe this behavior in the XSum model. The
CNN/DailyMail model appeared to make use of
the “.”, “:” and “,” tokens to join together copied
sentences, but none of these tokens are a significant
predictor of pgen in the XSum model. This suggests
that the XSum model does not use the generation
distribution to connect copied clauses.

While the XSum model appears not to use the
copy and generation distributions in the same way
as the CNN/DailyMail model, we still observe
some clear and intuitive associations between part
of speech tags and pgen. In particular, the XSum
model appears to use the copy distribution to handle

5The full table of model coefficients can be found in Table
5 of Appendix C.

words which are likely to be out-of-vocabulary for
the generation distribution. For example, singular
and plural proper nouns, interjections and foreign
words (NNP, NNPS, UH, and FW respectively) are
associated with low values of pgen (copying), while
all types of verbs are associated with large values
of pgen (generation).

We conclude that the CNN/DailyMail model pri-
marily makes use of lexical and syntactic infor-
mation such as clause boundaries and punctuation
to modulate between copying and generation. By
contrast, the XSum model primarily relies on the
generation distribution, and backs off to the copy
distribution at times of high generation uncertainty
or high copy certainty, such as when copying a
quote or a proper name.

3.3 Modifying pgen

3.3.1 Model
Taking advantage of the smooth interpolation be-
tween the generation and copy distribution, we ex-
periment with forcing the CNN/DailyMail model
to be more abstractive. This, we expect, will allow
us to differentiate between the abstractive behavior
we observe in the model summaries and the ab-
stractive capabilities that the model may have but
which it only uses infrequently in practice. We do
so by artificially modifying pgen during decoding.
If pmin ∈ [0, 1] is a parameter that represents the
minimum value of pgen we allow, we then modify
pgen as follows:

p∗gen = pmin + (1− pmin)pgen (7)

This may be viewed as a linear interpolation from
the range [0, 1] to [pmin, 1]. As pmin grows, the
model is forced to rely more heavily on the genera-
tion distribution rather than the copy distribution.6

3.3.2 Results
We use the same randomly sampled articles used in
Section 3.1.7 Generated summaries for pmin values
in [0, 0.25, 0.50, 0.75, 1.0] can be found in Table 2.

Consistent with previous studies, we find that
the model is effective at producing grammatical
output. At small values of pgen, the model mostly
copies sentences verbatim, but shows the ability to
cut a sentence short in a grammatical manner. For
example, “raheem sterling has admitted he is not

6We do not run this experiment on the XSum model be-
cause it already usually has a large pgen.

7We see similar patterns in other randomly-sampled sum-
maries, shared in Appendix B.
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Article Text: raheem sterling has admitted he is not ready to sign a new contract at liverpool deal despite being offered a
# 100,000-a-week deal to stay with the merseyside club . the 20-year-old wideman edged closer towards an anfield exit
after revealing in an interview with the bbc on wednesday that he would have signed for a lot less a year ago . however ,
despite being one of liverpool ’s star men , sterling has struggled to repeat the impressive form he showed for the reds last
season . the england international has managed just six goals this season - one less than stoke frontman jon walters - while
his conversion rate and minutes per goal ratio have worsened as the graphic below shows . raheem sterling has managed
just six goals this season - one less than stoke forward jon walters -lrb- left -rrb- .
Reference: raheem sterling has revealed he is not ready to sign a new liverpool deal . the reds wideman has struggled to
repeat last season’s impressive form . the 20-year-old liverpool star has managed just six goals this season . read: sterling
insists he is not a ’money-grabbing 20-year-old’ sterling: what he said about contract talks... and what he meant . click
here for the latest liverpool news .
pmin = 0: raheem sterling has admitted he is not ready to sign a new contract . the england international has managed just
six goals this season . sterling has managed just six goals this season - one less than stoke forward jon walters .
pmin = 0.25: raheem sterling has admitted he is not ready to sign a new contract . the england international has managed
just six goals this season . the england international has managed just six goals this season .
pmin = 0.50: raheem sterling has admitted he is not ready to sign a new contract . the england international has managed
just six goals this season . the england international has managed just six goals this season .
pmin = 0.75: raheem sterling has admitted he is not ready to sign a new deal . the 20-year-old has scored just six premier
league goals this season . the 20-year-old has scored just three goals this season .
pmin = 1: man utd face manchester city in the premier league on saturday . the striker has scored just four premier league
goals this season . the 19-year-old has scored just three goals this season . click here for all the latest premier league news .

Table 2: Summaries generated for the same randomly selected article with varying values of pmin. Differences
from the base model summary are highlighted in blue, while non-faithful text is highlighted in red.

ready to sign a new contract at liverpool deal...” is
shortened to “raheem sterling has admitted he is
not ready to sign a new contract.”

At greater values of pgen, the model continues
sentences in a consistent fashion despite substi-
tuting nouns or verbs at the beginning or mid-
dle of the sentences. For example, “sterling has
managed just six goals...” at pmin = 0 becomes
“the 20-year-old has scored just six premier league
goals” at pmin = .75. However, we do not observe
significant paraphrasing beyond these simple sub-
stitutions, and at high values of pmin, where the
model is forced to rely heavily on the generation
distribution, we begin to observe hallucinations
where the model inserts inaccurate information
about the player’s age and the number of goals
scored. When pmin = 1, the model generates a
completely hallucinated sentence, “man utd face
manchester city in the premier league on saturday”
and a non-informative advertisement “click here
for all the latest premier league news.”

4 Discussion

Understanding the limitations preventing abstrac-
tive summarization models from paraphrasing ef-
fectively is our ultimate aim, but answering that
question requires an understanding of current mod-
els’ abstraction capabilities. In this paper, we ana-
lyze the abstractions of which the pointer-generator
model (See et al., 2017) is capable.

When trained on CNN/DailyMail, we find that
sentence truncation is the most common form of

paraphrasing. Punctuation tokens are associated
with high generation rates and low entropy in the
generation distribution. Additionally, high pgen of-
ten results in generating the token that comes next
in a phrase already being copied verbatim, suggest-
ing that high pgen merely gives the model the op-
tion to generate novel text, but that the model rarely
makes use of it. Artificially increasing pgen does
not significantly change this behavior, introducing
increased rates of synonym substitution as well as
increased rates of non-faithful hallucination.

When trained on XSum, the model makes much
less use of the copy mechanism, largely generat-
ing novel text with a few exceptions, including the
copying of proper nouns and parts of quotations.
The model generally produces topical summaries,
but ones that aren’t necessarily grammatical or
faithful to the original article. For example, the ran-
domly selected summary used in Figure 1 repeats
itself and wanders, “... on the smiler rollercoaster
on the smiler rollercoaster in the south west 200
years ago as ‘phenomenal”’. This comes after a hal-
lucination, “firefighters are continuing to search for
a man” even though the article describes the rescue
from the rollercoaster crash in the past tense. We
hypothesize that the phrase “firefighters are contin-
uing to search” is a relatively common phrase in
news articles that the model learned from the train-
ing data. Such frequency biases likely contribute to
the faithfulness issues in abstractive summarizers
reported in previous literature.

Our results give context to previous observations
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that summarization model unfaithfulness increases
with abstraction (Maynez et al., 2020; Durmus
et al., 2020; Kryscinski et al., 2020) and that ab-
stractive models are prone to output repetition (See
et al., 2019; Holtzman et al., 2020). To faithfully
paraphrase, a model must understand both the syn-
tax and the semantics of the original text. The
models we studied were able to recognize syntactic
boundaries, proper nouns, and noun phrases that
could be substituted with synonyms. However, the
models didn’t appear to comprehend the meaning
of the text well enough to generate faithful com-
plex paraphrases. This is unacceptable in high-risk
domains such as healthcare; Zhang et al. (2018b)
train a model to summarize radiology findings, but
only 67% of their summaries are judged at least
as good as human summaries, in a domain where
errors can have a major impact on human lives.

In our work, the explicit switch between ab-
stractive and extractive modes enabled us to di-
rectly observe the conditions under which abstrac-
tive summarization was chosen as a strategy, and
to force an abstractive summarization strategy to
disentangle paraphrasing behavior from capabili-
ties. We found that the See et al. (2017) model
trained on CNN/DailyMail did learn simple forms
of paraphrasing, despite the extractive bias of the
dataset. We conclude that pointer-generator mod-
els are capable of simple paraphrasing regard-
less of training data, even though they behave
in ways that rely on the frequency biases of the
training dataset. However, they also appear in-
capable of producing significant paraphrases that
are grammatical, non-repetitive, and faithful to
the source document. This suggests that using an
abstractive-biased dataset alone is not enough for
a model to learn robust and faithful paraphrasing
strategies. Rather, when trained on XSum, the
pointer-generator model seems to simply learn that
it should not copy from the source text. Future
work should investigate how either datasets or mod-
els can improve the training signal that allows the
model to understand the underlying semantics of
the source document.

Related to our work, Xu et al. (2020) studied the
summarization strategies of state-of-the-art trans-
former summarization models. Since their models
did not contain an explicit copy/generation switch,
they used n-gram overlap between source docu-
ments and summaries as a proxy to measure a sum-
mary’s “extractiveness.” They found a similar re-

sult to ours, that high n-gram overlap (“copying”)
corresponded to low entropy in the decoder’s out-
put distribution when the model was trained on
CNN/DailyMail.8 Their findings suggest that our
results likely generalize to a much broader class of
summarization models than the pointer-generator
models studied here.

Finally, Liu and Liu (2010) found that ROUGE
metrics poorly correlate with human evaluations,
leading to recent models being evaluated with hu-
man judgements, but these evaluations often dis-
agree on what they are measuring, whether it is
faithfulness, informativity, or the unqualified “qual-
ity” of a summary (Zhang et al., 2018a, 2020; Dou
et al., 2020). Developing best practices on how ab-
stractive summarizers should be evaluated for their
paraphrasing ability is another problem we leave
for future work.

5 Conclusion

In this paper, we presented three experiments that
evaluate the abstraction capabilities of the pointer-
generator neural summarization model. Our results
conclude that on extractive training data, the model
uses only simple paraphrasing strategies that trun-
cate sentences at syntactic boundaries, allowing the
model to stay grammatically accurate as well as
faithful to the source document. We explore two
ways to make the model use abstractive summa-
rization strategies: modifying the model so that it
relies more heavily on its abstractive component,
and training a new model on an abstractive-biased
dataset. In both cases, the model shows simple
paraphrasing capabilities but frequently generates
unfaithful paraphrases. These results highlight
current limitations of abstractive summarization,
where in lieu of semantic understanding, models
must rely on extractive heuristics in order to stay
faithful.
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Appendix A. Additional Correlation Contribution Examples

This appendix includes additional examples of CC(pgen, Hgen), the per-token correlation contributions for
randomly selected summaries.

(a) CNN/DailyMail Example 2

(b) CNN/DailyMail Example 3

Figure 3: Bar plot of per-token pgen and entropy of the generation distribution (purple) and copy distribution (blue),
plotted under correlation contributions CC(pgen, Hgen) (purple) and CC(pgen, Hcopy) (blue) for a randomly-sampled
CNN/DailyMail test summaries.
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(a) XSum Example 2

(b) XSum Example 3

Figure 4: Bar plot of per-token pgen and entropy of the generation distribution (purple) and copy distribution (blue),
plotted under correlation contributions CC(pgen, Hgen) (purple) and CC(pgen, Hcopy) (blue) for a randomly-sampled
XSum test summaries.
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Appendix B. Additional Summaries With Modified pmin

This appendix contains additional examples of randomly selected summaries generated with modified
values of pmin.

Article Text: gigi hadid ’s younger sister bella hadid is quickly catching up with her star sibling ’s phenomenal fashion
success , carving out an impressive career for herself within the industry . the 18-year-old , who is just 18 months younger
than blonde bombshell gigi , 19 , stars in a powerful and provocative new shoot featured in the may issue of elle magazine
, which sees her modeling a series of risque and revealing ensembles . in one image , the dark-haired beauty poses in a
sheer fleur du mal lace bodysuit , with her arms thrown casually above her head . scroll down for video . it ’s good to be a
model : bella hadid models a tantalizing $ 895 fleur du mal lace bodysuit and $ 1,250 giuseppe zanotti boots . giuseppe
zanotti cowboy boots . on sale for $ 500 at 6pm ! visit site . she may be just 18 , but her sartorial sense goes far beyond
her years . and in her latest spread for elle magazine , bella hadid wore several risque pieces that you would n’t see on the
average teenager . but then again , the budding supermodel is n’t a normal teen [...]
Reference: bella, 18, is the younger sister of guess campaign star gigi hadid, 19 . the rising star poses in a series of
provocative outfits for the may issue of elle . fellow fashion favorite hailey baldwin also features in the issue, appearing in
her own separate shoot and interview .
pmin = 0: the 18-year-old , who is just 18 months younger than blonde bombshell gigi , 19 , stars in a powerful and
provocative new shoot featured in the may issue of elle magazine , which sees her modeling a series of risque and revealing
ensembles . in her latest spread for elle magazine , bella hadid wore several risque pieces that you would n’t see on the
average teenager . but her sartorial sense goes far beyond her years .
pmin = 0.25: the 18-year-old , who is just 18 months younger than blonde bombshell gigi , 19 , stars in a powerful and
provocative new shoot featured in the may issue of elle magazine , which sees her modeling a series of risque and revealing
ensembles . in her latest spread for elle magazine , bella hadid wore several risque pieces that you would n’t see on the
average teenager .
pmin = 0.50: the 18-year-old is just 18 months younger than blonde bombshell . she is just 18 months younger than
blonde bombshell gigi , 19 . she is just 18 months younger than blonde bombshell gigi .
pmin = 0.75: the 18-year-old is just 18 months younger than blonde bombshell .she is just 18 months younger than blonde
bombshell . she is just 18 months younger than blonde bombshell . she is just 18 months younger than blonde bombshell .
pmin = 1: the [UNK] , 33 , has been dating for three years . she is the daughter of [UNK] and [UNK] . she is the daughter
of [UNK] ’s daughter . her new album is priced at $ [UNK] -lrb- # [UNK] -rrb- .

Article Text: the owners of this house better not leave too quickly , after a speed camera was angled directly on their front
door . the bright yellow gatso had previously enforced the 30mph speed limit for motorists along the residential road in
handsworth , birmingham . however , it has not been working for two years after every single fixed device was switched
off in the west midlands . big brother is watching : a speed camera has been turned round and is pointing at this house in
birmingham , west midlands . the speed camera has not been working for more than two years [...]
Reference: speed camera discovered pointing at house in handsworth, birmingham . fixed cameras switched off across the
west midlands in spring of 2013 . site is not going to be part of a new trial using digital technology . obsolete camera may
now be taken down after engineers examine device .
pmin = 0: the bright yellow gatso had previously enforced the 30mph speed limit . the bright yellow gatso had previously
enforced the 30mph speed limit for motorists along the residential road in handsworth , birmingham . however , it has not
been working for two years after every single fixed device was switched off in the west midlands .
pmin = 0.25: the bright yellow gatso had previously enforced the 30mph speed limit for motorists along the residential
road in handsworth , birmingham . it has not been working for more than two years after every single fixed device was
switched off in the west midlands . the speed camera has not been working for more than two years .
pmin = 0.50: the bright yellow gatso had previously enforced the 30mph speed limit . it has not been working for more
than two years . it has not been working for more than two years after every single fixed device .
pmin = 0.75: the bright yellow gatso had previously enforced the 30mph speed limit . it has not been working for more
than two years . it has not been working for more than two years . it has not been working for more than two years .
pmin = 1: warning : graphic content . it is believed to have been in the past of the past two years . it is believed to have
been in the past of the past two years .

Table 3: Summaries generated for additional randomly selected articles from CNN/DailyMail with varying values
of pmin. Differences from the base model summary are highlighted in blue, while non-faithful text is highlighted
in red.
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Article Text: meaning ” to watch a large number of television programmes ( especially all the shows from one series )
in succession ” , it reflects a marked change in viewing habits , due to subscription services like netflix . lexicographers
noticed that its usage was up 200 % on 2014 . other entries include dadbod , ghosting and clean eating . helen newstead ,
head of language content at collins , said : ” the rise in usage of ’ binge - watch ’ is clearly linked to the biggest sea change
in our viewing habits since the advent of the video recorder nearly 40 years ago . ” it ’s not uncommon for viewers to binge
- watch a whole season of programmes such as house of cards or breaking bad in just a couple of evenings - something that
, in the past , would have taken months - then discuss their binge - watching on social media . ” those partaking in binge -
watching run the risk of dadbod , one of ten in the word of the year list [...] the list of collins ’ words of the year offers a
fascinating snapshot of the ever - changing english language , ” said newstead . those words that remain popular could be
included in the next print edition of the collins english dictionary , due in 2018 .
Reference: collins english dictionary has chosen binge-watch as its 2015 word of the year.
Summary: binge - watch ’ binge - watch ’ binge - watch ’ binge - watch ’ binge - watch ’ binge - watch ’ binge - watch ’
binge - watch ’ binge - watch ’ binge - watch english language .
Summary with Coverage: the risk of binge - watch ’ binge - watch english language is ” clearly uncommon ” , according
to a list of entries from the collins english media recorder of the year list .

Article Text: writing in her autobiography , she claimed the director ” threw himself ” on top of her in the back of his
limousine and tried to kiss her . the actress described the encounter as ” an awful , awful moment ” . hedren added that
she did n’t tell anyone because ” sexual harassment and stalking were terms that did n’t exist ” in the early 1960s . she
continued : ” besides , he was alfred hitchcock [...] the actress , now 86 , made the claims in her autobiography tippi :
a memoir , which is published in november . she has spoken in the past about the director ’s alleged treatment of her ,
but has gone into more detail in the memoir . hedren described a later encounter in hitchcock ’s office where the director
” suddenly grabbed ” her and ” put his hands ” on her . she wrote : ” it was sexual , it was perverse , and it was ugly ,
and i could n’t have been more shocked and more repulsed . ” [...] the actress said hitchcock then made her life difficult ,
refusing to submit her work for the oscar nominations or let her take on other acting roles while he still had her under
contract [...]
Reference: actress tippi hedren has claimed alfred hitchcock sexually harassed her while they worked together in the
1960s.
Summary: actress hitchcock hedren has said she was ” ugly ” to kiss her as an ” awful ” experience of sexual harassment
and stalking in the early hours of the year , saying she was ” ugly ” .
Summary with Coverage: actress hitchcock hitchcock , best known by the director of the oscar - winning director , has
died at the age of 86 , the actress has announced on her return to the memoir .

Table 4: Summaries generated for additional randomly selected articles from XSum with varying values of pmin.
Summaries with coverage enabled also included. Non-faithful text is highlighted in red

Appendix C. Explanatory pgen Model for XSum Dataset

Feature Set Feature β

Summ. Model Entropies Hgen -0.099
(R2 = 0.476) Hcopy 0.093
LM Entropies HLSTM 0.009
(R2 = 0.123) Hparser 0.003

Hngram -0.013
Structural Features Dedge(wi−1, wi) -0.005

(R2 = 0.049) Droot(wi) -0.001
NNPS -0.166

FW -0.162
UH -0.143

Part of Speech NNP -0.089
(R2 = 0.230) VBD 0.174

LS 0.179
VBN 0.178
WP$ 0.193

Full Model R2: 0.547

Table 5: Table of slope coefficients β in the full linear model of pgen in the XSum model. Reported below the name
of the feature set is the adjusted R2 of a model fit only to that feature set. The eight part of speech tags with the
largest magnitude β are reported. All reported β are significant via t-test (all p < 0.00001).
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Abstract

We aim to renew interest in a particular multi-
document summarization (MDS) task which
we call AgreeSum: agreement-oriented multi-
document summarization. Given a cluster
of articles, the goal is to provide abstractive
summaries that represent information common
and faithful to all input articles. Given the
lack of existing datasets, we create a dataset
for AgreeSum, and provide annotations on
article-summary entailment relations for a sub-
set of the clusters in the dataset. We aim
to create strong baselines for the task by ap-
plying the top-performing pretrained single-
document summarization model PEGASUS
onto AgreeSum, leveraging both annotated
clusters by supervised losses, and unannotated
clusters by T5-based entailment-related and
language-related losses. Compared to other
baselines, both automatic evaluation and hu-
man evaluation show better article-summary
and cluster-summary entailment in generated
summaries. On a separate note, we hope
that our article-summary entailment annota-
tions contribute to the community’s effort in
improving abstractive summarization faithful-
ness.

1 Introduction

Recent works have made great progress in single-
document summarization (SDS) thanks to the
encoder-decoder framework and pretraining proce-
dures (Cho et al., 2014; Rush et al., 2015; Narayan
et al., 2018; Zhang et al., 2020a). There is a
growing interest in multi-document summariza-
tion (MDS; Zopf, 2018; Fabbri et al., 2019; Liu
and Lapata, 2019; Chu and Liu, 2019; Wang et al.,
2020b, et seq.), with applications in search engines,
news clustering, timeline generation, and other ar-
eas. Past MDS research has primarily focused on

§ Work completed during internship at Google Research.
∗ Equal contribution.

summarizing articles such that the summary cov-
ers an event “comprehensively” while “avoiding
redundancy” (Fabbri et al., 2019). We can say that
most existing MDS tasks summarize the “union”
of the articles.

In this paper, we discuss agreement-oriented
multi-document summarization (AgreeSum), in
which we aim to abstractively summarize the “in-
tersection” of the articles. More specifically, the
input to the task is a cluster of articles, and the
expected output is a summary that represents in-
formation common and faithful to all input articles
in the cluster (Section 3). A few works (discussed
in Section 2) have investigated the problem, with-
out using modern neural-network-based methods.
The motivation for reviving interest in AgreeSum
is twofold. First, given that certain microscopic
details are not likely present in all articles in a
given cluster, they would be filtered out through
AgreeSum. If the source articles reflect different
points of view, AgreeSum provides a way of cap-
turing the common ground.

The second motivation for AgreeSum lies in the
pursuit of summarization faithfulness. AgreeSum
is timely, given that recent works have shown diffi-
culty of producing faithful abstractive summaries
(Falke et al., 2019; Maynez et al., 2020; Kryscinski
et al., 2020; Durmus et al., 2020; Zhou et al., 2021),
though in the SDS setting. AgreeSum could allow
practitioners of abstractive summarization systems
to carefully study topics related to faithfulness and
hallucination.

Given the scarcity of readily available data, we
create a dataset1 based on English Wikipedia cur-
rent events portal (WCEP)2. WCEP contains neu-
tral human-written news summaries with links

1https://github.com/
google-research-datasets/AgreeSum

2https://en.wikipedia.org/wiki/Portal:
Current_events
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to news articles (with usually one link per sum-
mary). We first extract human-written summaries
on WCEP, the linked articles, and semantically
similar articles to the linked articles, in order to
obtain article clusters associated with summaries.
We then annotate the entailment relationship for a
subset of the cluster-summary pairs (i.e., whether
or not a given article from the cluster semantically
entails the summary). From there, we build cluster-
summary pairs for AgreeSum (Section 3.2).

We build upon previous SDS research, us-
ing the top-performing pretrained PEGASUS
model (Zhang et al., 2020a) as the starting point
for our models. Using our dataset, we first ex-
amine a few baseline models and show that sev-
eral pretraining-based summarization models fail at
generating summaries that satisfy AgreeSum’s re-
quirements. We also propose an approach that inte-
grates both supervised (using the annotated portion
of the dataset) and unsupervised losses (namely,
an entailment loss and a language loss to be dis-
cussed later, using both the annotated portion and
the unannotated portion) while leveraging PEGA-
SUS. We show the effectiveness of a simple policy
gradient-based algorithm (Sutton et al., 2000) in
which the rewards are based on a T5-based article-
summary entailment model (Raffel et al., 2020). To
summarize the contributions:

• We introduce the AgreeSum task and the
WCEP-based dataset (§3.2).

• A subset of article-summary pairs are anno-
tated with entailment information (§4). On a
separate note, the article-summary-level rec-
ognizing textual entailment (RTE)3 task could
stand as a challenging task on its own. The
annotations could be of interest to the research
in improving abstract summarization faithful-
ness, in the context of not only AgreeSum but
also general single-document summarization
tasks.

• We develop simple ways of applying PEGA-
SUS to AgreeSum. We provide a few base-
lines as well as a model that uses unsupervised
entailment-related and language-related losses
to complement the supervised finetuning of
PEGASUS (§5). Both automatic and human

3The RTE datasets (Dagan et al., 2005; Haim et al., 2006;
Giampiccolo et al., 2007) correspond to the following two-
class classification task: given a premise and a hypothesis, a
model would decide if the premise entails the hypothesis.

evaluations are performed (§6). In particular,
we show that the T5-based entailment model
can be integrated into summarization mod-
els to produce summaries that are entailed in
source articles.

2 Related Work

Traditional MDS. DUC (Paul and James, 2004;
Dang, 2005) and TAC (Owczarzak and Dang, 2011)
MDS data are among the first high-quality relevant
datasets. These datasets are human-curated, but
tiny in terms of the number of examples. Recent
works have explored creative methods for obtain-
ing low-cost MDS datasets. Liu et al. (2018) use
Wikipedia articles as summaries and the cited arti-
cles as inputs. Antognini and Faltings (2020) use
Wikipedia in a similar way, in the video games
domain. Fabbri et al. (2019) rely on the website
Newser with lengthy human-aggregated extractive
summaries. Gholipour Ghalandari et al. (2020),
also based on WCEP, is especially relevant.

However, our dataset is different in the following
ways. First, all of our articles in the same cluster
are about the same event. Next, a large part of our
dataset is annotated with article-summary entail-
ment information (i.e., in each of the clusters, for
each article in the cluster, whether the article entails
the summary; see Section 3). Further, among the
annotated article-summary pairs, about half of the
articles entail the summary, and half of the articles
do not entail the summary. This property makes a
realistic and difficult setting for AgreeSum tasks.

In terms of recent MDS neural methods, Chu
and Liu (2019) summarize opinions using an auto-
encoder, in which case the input is much shorter
than a typical article. Liu et al. (2019a) improve the
model by encoding articles and summaries in the
same space. Other novel approaches include using
sentence compression in the seq2seq framework
(Baziotis et al., 2019), jointly learning sentence fu-
sion and paraphrasing (Nayeem et al., 2018), using
graph neural networks to help extraction (Wang
et al., 2020b), using spectral methods (Wang et al.,
2020c), using transfer learning based on a novel
pretraining method called gap-sentence prediction
(Zhang et al., 2020a) on a news-specific corpus,
among a few others (Li et al., 2020; Gu et al., 2020;
Mao et al., 2020).

For MDS tasks that summarize the intersection
of articles, a few past works have discussed the
helpfulness of models that identify common infor-
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mation “centroids” among multiple related docu-
ments, so as to allow internet users to more ef-
ficiently understand events (Radev et al., 2000;
Barzilay and McKeown, 2005). The attempted
non-neural models rely heavily on topic/theme de-
tection and tracking, and are more extractive than
abstractive (Radev et al., 2004). The AgreeSum
idea has not been fully explored by researchers
since much stronger text generation technologies
became available. It is timely to revisit the prob-
lem also because recent stronger neural abstractive
summarization models are prone to hallucination,
as are neural text generation in general (Wiseman
et al., 2017; Tian et al., 2019; Wang and Sennrich,
2020; Pang and He, 2020).

Summarization hallucination and evaluation.
Non-hallucination is a necessary but not sufficient
condition for performing well in AgreeSum: the
summary not only needs to be entailed in the union
of the articles, but also must be entailed in each
of the articles. Unfortunately, recent works have
shown the difficulty of identifying and mitigating
hallucination (Maynez et al., 2020).

Evaluation-wise, researchers have found that
metrics like ROUGE (Lin, 2004) and BERTScore
(Zhang et al., 2020b) are only weakly correlated
with factuality. Durmus et al. (2020) and Wang et al.
(2020a) have therefore proposed using question-
answering systems for evaluating summarizers. Re-
cently, Zhou et al. (2021) have made progress in
creating token-level hallucination detectors which
rely on negative (i.e., hallucination) data augmen-
tation to train.

In terms of improving faithfulness and factuality,
researchers did not find natural language inference
(NLI)4 models trained on standard NLI datasets to
be robust enough for summarization-related down-
stream tasks (Falke et al., 2019). Contemporane-
ously, entity chains are used to explicitly ground
the generations so that they become more faithful
(Narayan et al., 2021). More broadly, there have
been other recent works striving to develop tech-
niques for high-precision generation (Malmi et al.,
2019; Tian et al., 2019; Pang and He, 2020; Parikh
et al., 2020; Dušek and Kasner, 2020).

4The NLI datasets, beginning with SNLI (Bowman et al.,
2015), correspond to a three-class (entailment, neutral, contra-
diction) entailment classification task.

3 AgreeSum Task and Datasets

3.1 Task

Short description of AgreeSum. The input is a
cluster of around four articles (refer to Section 3.2
for more details) that describe the same event. How-
ever, the articles may have different levels of details
and/or different levels of neutrality; e.g., one arti-
cle in a cluster may be an opinion, while other
articles may be neutral news. The expected output
is an abstractive summary that represents informa-
tion common and faithful to all input articles in
the cluster. Moreover, the summary needs to be
informative.

3.2 English AgreeSum Dataset Based on
WCEP

Step 1. Recall that WCEP contains neutral
human-written news summaries, each of which is
linked to a news article. The first step is to obtain
the summaries and 8 on-topic articles5 for each
summary based on WCEP. Specifically, we col-
lect 5564 human-written summaries {yi}5564i=1 from
WCEP. For each summary, we have one linked ar-
ticle to each summary on WCEP; we call the set
of such articles {x(0)

i }5564i=1 . Given that we want to
generate abstractive summaries, and to make the
dataset challenging, the set of articles {x(0)

i }5564i=1

will not be used in the final dataset, to prevent ex-
cessive textual overlaps between the input articles
and the target summaries. For each i, we obtain
8 other news articles x(1)

i ,x
(2)
i , . . . ,x

(8)
i that are

semantically similar to x(0)
i , based on a proprietary

BERT-based clustering algorithm.

Step 2. The second step is to annotate entailment
relations. Annotators are asked to judge if each of
the articles in a cluster entails the summary (i.e.,
“does the article contain all the information pre-
sented in the summary?”). 1025 cluster-summary
pairs are annotated. We designate ∼10% of the
annotated clusters to be in the dev set. This step is
discussed further in Section 4.

Step 3. To make AgreeSum moderately but not
overly difficult, we set the maximum number of
articles per cluster to be four, and the next step is to
transform the dataset to have four articles per clus-
ter. To take advantage of entailment annotations,
we duplicate each annotated cluster in the training

5A small amount of clusters (233, or ∼4%) have fewer
than 8 articles to ensure relevance of all articles in a cluster.
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Figure 1: An annotated example (i.e., input-output pair
where the input is a cluster of articles and the output is a
summary) in the training set. In the figure, two articles
in the input cluster entail the summary while the other
two do not. An example is either annotated (meaning
all article-summary pairs in the cluster-summary pair
are annotated) or unannotated (meaning none of the
article-summary pairs are annotated). Note that in the
dev set, all articles entail the summary given that we
would like to compare between generated summaries
and the gold summaries.

set ci = {x(1)
i ,x

(2)
i , . . . ,x

(8)
i } ten times so that

there is roughly an equal number of annotated and
unannotated clusters.6 Next, for each cluster, we
randomly choose four articles to keep in the cluster,
and discard the rest.

Dev and test sets. For the development set, we
aim to designate the WCEP summaries as gold
summaries. Therefore, for each cluster, we only
keep the articles that entail the corresponding sum-
mary based on human annotation. In the case that
a cluster has > 4 articles that entail the summary,
we split the cluster into two, such that each newly
formed cluster has ≥ 2 articles that entail the sum-
mary.

We use WCEP entries corresponding to dates be-
fore August 2019 for the training and development
sets; for the test set, we sample 150 clusters of ar-
ticles containing WCEP linked articles published
between August 2019 to August 2020 to ensure
that the test set does not have overlapping articles
or overlapping publication times with the training
and development sets.

For each sampled test cluster, we sample four
articles from the cluster. Unlike the development
set, these four articles are not annotated and are not
guaranteed to entail any particular common sum-
mary. As a result, the provided WCEP summaries
in the test set are not gold-standard summaries.

The test set is expected to be challenging due
to construction methods, as well as the shift in
topics of recent events (e.g., the COVID-19 pan-

6A side effect is that such choices could allow for more
supervised cross-entropy updates.

demic). The test set WCEP summaries are not gold-
standard summaries, but are nevertheless provided
given the potential use to approximate generation
informedness (Section 6).

We thus obtain the dataset split shown in Table 1.

# of cluster-
summary pairs

# of article-
summary pairs

train dev test train dev test

all 18208 132 150 70137 423 600
annotated 9130 132 0 33841 423 0
(at least 1) entailed 7610 132 0 17951 423 0
unannotated 9078 0 150 36296 0 600

Table 1: Dataset information. A cluster contains ≤
4 articles. The “(at least 1) entailed” row refers to
the number of annotated clusters containing at least
one article that entails the summary (in the cluster-
summary case), or the number of articles that entail
the summary among the annotated pairs (in the article-
summary case).

4 Article-Summary Entailment

4.1 The Entailment Dataset

Workers have annotated the entailment relation of
1025 cluster-summary pairs (a subset of the cluster-
summary pairs obtained in Step 1 in Section 3.2),
which correspond to 7750 article-summary pairs.
For each article-summary pair, we ask five profes-
sionally trained annotators, randomly chosen from
a pool of ∼800 raters, whether the summary is se-
mantically entailed in the article; we then take the
majority answer. See the appendix for more details.

Our AgreeSum models leverage this entailment
dataset, as discussed in Section 5. In addition, this
dataset could be seen as a challenging RTE-style
(or two-class NLI-style) task.

4.2 Model Performance

To explore how models perform on the article-
summary entailment dataset, and to see whether we
can have a good entailment-classification model to
guide the learning of our summarizer that encour-
ages faithfulness to all input articles in the same
cluster, we treat the dataset as a two-class NLI
task where the label is either “entailed” or “not
entailed,” and examine the classification accuracy.
Specifically, we evaluated the following three mod-
els. RoBERTa-large (Liu et al., 2019b) fine-tuned
on MNLI fails on our entailment data7, likely in

7In this case, the majority of the predictions are “not en-
tailed.”
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part because the premises in MNLI are sentences
but are articles in our article-summary entailment
task. It is also worth noting that unlike T5 (Raffel
et al., 2020), RoBERTa-large is not pretrained on
a multi-task mixture of many tasks, with each task
converted into the text-to-text format.

We also attempt a model that integrates the
PEGASUS-encoder which is pretrained in the news
domain using the HugeNews corpus which contains
around 1.5 billion articles. Given that pretrained
PEGASUS does not include [CLS] tokens and it
is very expensive to re-pretrain, we use a CNN-
based classifier (Kim, 2014) whose input is the
PEGASUS-encoder-outputs; more specifically, the
convolutional layers pool over the sequence of en-
coder outputs. Based on the architecture by Kim
(2014), our CNNs use filter n-gram sizes of 2, 3,
4, and 5, with 256 filters each. The resulting clas-
sifier achieves ∼68% accuracy on our entailment
dataset.8

In comparison, T5 (Raffel et al., 2020) shows
encouraging results. The multi-task-trained T5-
large fine-tuned on our training set achieves 81.3%
accuracy (79.1% for vanilla T5-large). T5-small
fine-tuned on our training set achieves 79.5% accu-
racy (76.4% for vanilla T5-small).

We aim to see if using an entailment signal from
a moderately good article-summary entailment clas-
sification model would help produce summaries
that satisfy the AgreeSum criteria.

5 AgreeSum Baselines and Approaches

5.1 Notations and Baselines

We first provide some notations so as to allow easier
discussion. Suppose the clusters of articles in the
training set are denoted by {ci}i∈N . Each cluster
contains at most four articles: ci = {x(j)

i }j≤4,
with the summary yi.

For cluster i, let ei be the set of indices that cor-
respond to articles that entail the summary. For
example, in Figure 1 which corresponds to the ith
cluster, we have ei = {1, 3}. Let E and D de-
note the encoder and the decoder of PEGASUS,
respectively.

The following baselines are based on PEGA-
SUS pretrained using gap-sentence prediction on
HugeNews with 1.5 billion articles (3.8 terabytes).
Note that despite being an SDS model, PEGASUS

8Doing intermediate training on MNLI (Pruksachatkun
et al., 2020) and then training on our entailment dataset, un-
fortunately, does not strengthen performance.

also achieves near-SoTA results on the Multi-News
MDS dataset (Fabbri et al., 2019), so it is a com-
petitive baseline for MDS as well.

B1: finetuning on (x
(0)
i ,yi) pairs. Recall that

for each summary yi, we drop the WCEP-linked
article x(0)

i to prevent excessive textual overlaps
between the input cluster and the output summary.
In this baseline, however, we use yi’s in the training
set and its corresponding x(0)

i ’s (5452 pairs) for
supervised finetuning.

Why can we use x(0)
i as gold targets? On WCEP,

it is reasonable to assume that the summaries are
directly connected to the linked articles, and there-
fore, x(0)

i entails yi. Moreover, these summaries
also inform the model of the style of the WCEP
summaries. However, the downside is that the
model could potentially prioritize extractions from
the articles over entailment (i.e., the property that
the generated summary is entailed in each article),
as we would see in Section 6.

B2: concatenating truncated inputs. We fine-
tune PEGASUS on the following: for each cluster
ci, we truncate {x(j)

i }j for each j ∈ ei and con-
catenate them such that the concatenated sequence
has length≤ 1024, given hardware constraints. We
use a special symbol to delineate article boundaries.

B3: B1+B2. We first train using B1 and then fine-
tune using B2, which may improve over B1 or B2
alone.

B4: merging encodings and decode. Inspired
by Chu and Liu (2019), we first encode x(j)

i sepa-
rately for each j ∈ ei, and pass the average of the
encodings to the decoder (i.e., 1

|ei|
∑

j∈ei E(x
(j)
i )).

Next, we do supervised learning based on the
WCEP summaries.

B5: best lead-1 sentence by entailment score.
We first extract the first sentence of each article
in the cluster. Next, we rerank the sentences us-
ing an entailment score, which is the mean of the
binary entailment labels, predicted by fine-tuned
T5-large (Section 4), between each article in the
cluster and the given sentence. We choose the sum-
mary corresponding to the highest score, breaking
ties randomly.
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5.2 AgreeSum Model (ASM): Leveraging
Unannotated Data

We introduce another baseline model called ASM.
The distinguishing feature is that to target cluster-
summary entailment (meaning the summary is en-
tailed in each article in the cluster), we attempt
to use the T5-entailment-classification results (dis-
cussed in Section 4) as a training signal.

Supervised pretraining and training. Given
pretrained PEGASUS, we first fine-tune accord-
ing to B1. Next, for each cluster, we concatenate
all elements of ci similar to B2, and mask out the
articles that do not entail yi by the padding symbol;
effectively, we use {x(j)

i }j∈ei as input to the trans-
former. Then, we use the standard cross-entropy
loss Lce to train the summarizer. However, only a
small number of clusters are annotated, providing
a very limited supervised signal.

Unsupervised entailment loss. We complement
Lce with the entailment loss Le to learn entailment
behavior. We fine-tune T5-small on our training
dataset to predict entailment, and use this as our
entailment classifier Fe. In practice, we obtain T5-
outputs using remote procedure calls (RPCs).
Fe takes in an article x and a summary y as

inputs, and outputs 1 if x entails y and −1 oth-
erwise. The loss Le is based on policy gradi-
ents (Williams, 1992; Sutton et al., 2000); we aim
to maximize a sequence-level metric of a sum-
mary decoded from the model during training:
Eỹ∼pφ

∑4
k=1 Fe(x

(k)
i , ỹ) where φ stands for the

parameters of the encoder E and the decoder D.
We thus have the following gradient:

∇θLe(φ) = −Eỹ∼pφ∇φ log pφ(ỹ)Q̂(ỹ),

where

Q̂(ỹ) =

4∑

k=1

Fe(x
(k)
i , ỹ)

is the sequence-level return. Intuitively, during
training, we sample a summary ỹ from our model,
and run it through the T5 entailment classifier
(which is separate from our summarizer) to obtain
Q̂(ỹ). We then weight the MLE gradient (taking ỹ
as the target) by Q̂(ỹ). Le thus aims to guide our
summarizer to generate summaries that entail in all
or most of the articles.

Unsupervised language loss. Only using the en-
tailment loss Le may result in degenerations. One

way to encourage the model to generate fluent sum-
maries and summaries that look like WCEP sum-
maries is by using GAN-style (Goodfellow et al.,
2014) objectives, which have achieved good per-
formance in some conditional generation tasks like
textual style transfer and machine translation (Shen
et al., 2017; Wu et al., 2018; Pang and Gimpel,
2019). We thus use Fl, a “language classifier” (i.e.,
discriminator) that distinguishes model generations
from real dataset summaries (no matter annotated
or not), to force our summarizer to generate sen-
tences that look like the human-written summaries.
Fl is based on the CNN settings by Kim (2014)
identical to the setting introduced in Section 4,
while the inputs to CNNs are sentence represen-
tations obtained using PEGASUS.

Specifically, suppose there are k examples in a
minibatch, then

Ll = −
1

k

k∑

i=1

[
logFl(hi) + log(1− Fl(h̃i))

]
,

where hi is the decoder hidden states of WCEP
summaries, and h̃i is the decoder hidden states
of model generations, by professor forcing (Lamb
et al., 2016). In the professor forcing algorithm,
the input to Fl is the hidden states instead of
hard tokens so as to address the mismatch be-
tween training-time sequence prefix and test-time
sequence prefix.

Summary. We alternate updates among the fol-
lowing:

(1) supervised training: updating E, D to mini-
mize the loss Lce;

(2) unsupervised training: updating E, D to min-
imize the loss Le − λLl;

(3) language classifier training: updating Fl to
minimize the loss Ll.

5.3 Implementation
We implement our model as a fork of the open-
source 568M-parameter PEGASUS model (Zhang
et al., 2020a).9 We initialize PEGASUS from the
“mixed & stochastic” checkpoint, which was pre-
trained for 1.5M steps.

All baseline models are fine-tuned with a learn-
ing rate of 1e-4. All of the ASM models use 5e-5

9https://github.com/google-research/
pegasus
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ROUGE-dev ROUGE-test‡ article-summary
entail % (↑) ¶

cluster-summary
entail % (↑) ¶

hallucination
% (↓) ¶

language
% (↑)

n-gram overlap % (↓)
model 1 2 L 1 2 L n = 3 n = 4 n = 5 n = 6

B1 45.7 25.0 38.3 30.7 12.3 24.2 56.8 / 54.0 22.7 / 20.1 6.0 / 6.0 90.0 60.4 49.8 42.6 38.1
B2 46.1 23.5 37.9 28.5 10.4 22.0 50.8 / 49.0 23.3 / 22.2 18.7 / 19.5 92.0 27.8 13.5 7.3 4.1
B3 47.1 23.7 38.1 29.1 10.8 22.4 49.7 / 50.7 22.7 / 23.3 16.0 / 20.0 96.0 26.1 12.8 6.9 4.0
B5 33.9 13.6 26.1 7.70 2.59 5.39 58.8 / 65.1 22.0 / 27.3 0.0 / 0.0 93.3 100.0 100.0 100.0 100.0
ASM 44.4 22.8 37.0 27.5 11.0 22.4 62.8 / 66.0 30.7 / 39.1 10.0 / 8.8 96.0 47.3 36.4 30.2 26.1

Table 2: Results (on test set if not specified). ¶: the first number corresponds to T5-large-evaluated results, and the
second number corresponds to human-evaluated results. For each row, human raters annotated the entire test set;
each article-generation pair is annotated by three raters, and we take the majority answer. The best result in each
column is in blue; the worst in red. n-gram overlap: the proportion of generation n-grams that are also in the source.
‡: the test set WCEP summaries should not be treated as references, given that there is no guarantee that the WCEP
summary is entailed in each of the articles; the test set WCEP summaries are provided as an approximate measure
of informedness. Note: B4 results in extensive hallucinations and very low ROUGE (∼10), and the ablation study
of ASM without Ll produces heavy degenerations, so they are omitted.

(tuned in {1e-5, 5e-5, 1e-4, 2e-4}). All models use
beam search for decoding (beam size 8, beam alpha
0.8). Given hardware constraints, all models use
a max input length of 1024. The max output de-
coding length is set to be 128. In addition, we tune
λ ∈ {0.05, 0.1, 0.3, 0.5, 1, 2} and choose λ = 0.1
for all reported experiments that include the Ll. We
do not change any other default hyperparameter set-
tings adopted from PEGASUS. Please refer to the
appendix for more details.

6 Results

The following two models are not included in the
table given their poor performance. (1) The abla-
tion study of ASM without language loss does not
produce meaningful outputs. In this case, given
that the T5 entailment classifier does not encourage
language quality, the summaries in fact degener-
ate heavily. (2) Model B4 (merging encodings
and decode) is omitted from the table given very
poor ROUGE performance (∼10) and extensive
hallucination. Our conjecture is that the mean of
the encodings of articles does not correspond to a
meaningful encoding in the case of PEGASUS.

6.1 Agreement and Hallucination

First, we claim that ASM achieves better agree-
ment. There are two types of agreement: article-
summary agreement which is the proportion of sum-
maries entailed in the articles, and cluster-summary
agreement which is the proportion of clusters in
which all articles entail the summary. Table 2 re-
ports both the T5-automatic evaluation and the hu-
man evaluation results on agreement.

(Preliminary) automatic metrics. Given an
article-summary pair, we use T5-large fine-tuned
on our entailment dataset (Section 4) to predict
whether the summary is entailed in the article. For
article-summary agreement, we compute the per-
centage of “entailed” classifications. For cluster-
summary agreement, we compute the percentage
of clusters where all article-summary pairs lead
to “entailed” classifications. We see that the T5-
evaluation results for ASM models perform better
than the respective results for baseline models.

Human evaluation. For each row of Table 2, hu-
man raters annotated the entire test set (150 clusters,
which corresponds to 600 article-generation pairs),
on whether the generated summaries are entailed
in the article. Workers were asked:

Does the article contain all the informa-
tion presented in the summary?

The full prompt is available in the appendix.
One design choice is that we merge all article-
summary pairs for each cluster together into one
task/HIT. Therefore, each task/HIT corresponds
to four article-summary annotations. To reduce
the inherent variance in human evaluation, each
article-generation pair is annotated by three differ-
ent raters, and we take the majority answer. Please
see the appendix for more details.

For article-summary agreement, we see that the
human evaluation for the ASM models performs a
little better than the extractive results (B5). ASM
models perform more than 10 points better than
the best abstractive baseline results (B1), which is
in turn ∼5 points better than the other abstractive
baseline results (B2, B3). For cluster-summary
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agreement, this improvement is even clearer, with
ASM models performing more than 10 points better
than any baseline.

In addition, we see that ASM reduces hallucina-
tion compared to B2 and B3. One way to approxi-
mate hallucination is by the number of clusters in
which none of the articles entail the generated sum-
mary. Using both automatic and human evaluation
results, we see that our model does better than B2
and B3, but a little worse than B1 which copies
extensively from the source articles.

6.2 Discussion on ROUGE
In SDS tasks, Durmus et al. (2020) and Wang et al.
(2020a) observe that ROUGE and BERTScore have
a small correlation with summary factuality.

A hallucination or non-entailment10 can have
major text-span overlaps with the reference,
thereby having a large ROUGE score. Given the
nature of AgreeSum, and by Table 2, we confirm
that high ROUGE does not imply entailment and
should not be considered heavily in evaluation.

On the other hand, intuitively, we do recognize
that an overly small ROUGE may indicate bad
generations (e.g., extremely short generations, off-
topic generations, and other degenerations like rep-
etitions), which is the case for B4 generations as
well as ASM-minus-Ll generations.

Thus, practitioners need to rely on and determine
the desired tradeoff between the following two au-
tomatic metrics: (1) ROUGE as a coarse proxy
for summary quality and informedness, and (2)
entailment-related and hallucination-related met-
rics (Section 6.1).

As a reminder, the development set summaries
can be treated as gold-standard summaries. How-
ever, the test set summaries are not gold-standard
summaries; they are only provided so as to al-
low one way to measure generation quality and
informedness. Unlike the development set, none of
the test-set input articles are filtered out through the
summary-article entailment annotation procedure,
given that we do not want to introduce potential
bias through too much manipulation and filtering
on raw test clusters.

6.3 More Observations
Language. We also asked workers to judge the
language of the generations:

10Non-entailed summaries are not necessarily hallucina-
tions, given that the non-entailed summaries could correspond
to some articles in the cluster but not the rest of the articles.

Is this summary coherent and well-
written with no self-contradictions or
capitalization, spelling, punctuation, or
grammar errors?

The full prompt is in the appendix. We see that the
ASM-generated summaries are marginally better at
the above. However, ASM without language loss
results in heavy degenerations. On a separate note,
we see that ASM generations tend to copy more
than B2 and B3, but less than B1.

Examples. The appendix contains a few exam-
ples that compare generations from different mod-
els. For example, in Table 5, given four articles,
we see the different generations that the systems
produce. Article 4 is an opinion piece. ASM model
correctly abstractively summarizes Article 2 and
4 in a way that agrees with 1 and 3. B1 copies
from Article 1, while B2 and B3 have hallucina-
tions. Given space constraints, please refer to the
appendix.

6.4 Extension: Post-hoc Entailment
Reranking after Decoding a Beam

To generate summaries that achieve better agree-
ment, we also attempted a decoding trick which we
name as entailment-oriented decoding, denoted by
entdec in Table 3.

We first define an entailment score used in this
case. Given a cluster of articles and a generated
summary, the entailment score is the mean of the
T5-large-predicted binary labels (1 corresponds to
“entailed” and 0 corresponds to “not entailed”).

A model is suffixed as X-entdeck if we decode
from X using beam search with beam size k; and
after obtaining the size-k beam, we select the gener-
ation that corresponds to the largest T5 entailment
score. We pick the beam with the largest score,
using the original beam probabilities to break ties.
Intuitively, this trick picks the best-entailment sum-
mary locally given that the generations in the same
beam are usually similar.

Table 3 shows that the entdec-trick generations
indeed achieve higher article-summary agreement
and human-summary agreement. We see that ASM
still maintains the advantage in agreement, even
if compared to entdec-decoded generations from
other baselines.

6.5 Discussion: Improving Entailment Using
T5-Based NLI-Style Models

Falke et al. (2019) find that NLI models trained on
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ROUGE-dev ROUGE-test‡ article-summary
entail % (↑) ¶

cluster-summary
entail % (↑) ¶

hallucination
% (↓) ¶

language
% (↑)

n-gram overlap % (↓)
model 1 2 L 1 2 L 3 4 5 6

B1-entdec8 45.7 24.8 38.3 29.5 12.0 23.4 60.8 / 56.8 26.0 / 26.2 4.67 / 6.0 93.3 61.1 50.7 43.5 38.8
B2-entdec8 46.1 23.3 38.0 28.5 10.4 22.0 53.2 / 58.3 23.3 / 34.2 18.0 / 18.1 95.3 28.1 13.8 7.4 4.1
B3-entdec8 47.2 23.8 38.1 28.9 10.6 22.1 53.7 / 59.3 24.7 / 33.6 15.3 / 13.4 94.0 26.7 13.0 6.9 4.0
ASM 44.4 22.8 37.0 27.5 11.0 22.4 62.8 / 66.0 30.7 / 39.1 10.0 / 8.8 96.0 47.3 36.4 30.2 26.1
ASM-entdec8 44.8 23.4 37.7 26.9 11.0 22.1 68.2 / 63.3 40.0 / 37.0 8.0 / 10.9 91.3 46.9 35.4 29.1 24.6
ASM-entdec16 44.7 23.1 37.5 26.3 10.8 21.5 70.5 / 63.8 42.7 / 39.9 8.0 / 11.9 90.0 48.7 36.9 30.3 25.6

Table 3: Results using the entdec decoding strategy. The results correspond to the test set performance, if not
specified. ¶: the first number in each cell corresponds to T5-evaluated results, and the second corresponds to
human-evaluated results. Given that B5 relies on pure extraction, the entdec methods are not applicable. ‡: the
test set WCEP summaries should not be treated as references, given that there is no guarantee that the WCEP
summary is entailed in each of the articles; the test set WCEP summaries are provided as an approximate measure
of informedness.

standard NLI datasets do not offer robust benefits to
improving summarization factuality. Maynez et al.
(2020), on the other hand, rerank four summaries
generated by four different models using BERT-
based MNLI models, and find small improvements
in faithfulness and factuality. However, these works
rank different summaries after decoding assuming
an existing summarizer (similar to our entdec trick),
instead of updating the model parameters directly.
Our contribution lies in the fact that we successfully
use entailment models to improve the model during
training time.

The major feature of our T5-based NLI model
is that (1) our NLI model is based on multi-task-
pretrained T5, implying that pretrained T5 can al-
ready handle article-length inputs well in certain
tasks, and (2) our model is obtained after finetuning
on our article-summary entailment dataset. There-
fore, our T5-based NLI model is much better ad-
justed to the length of the premises (given that tradi-
tional NLI tasks correspond to sentence-level entail-
ment, but our case corresponds to article-summary
entailment). We thus see that using simple T5-
based binary signals can successfully improve en-
tailment. However, more complicated modeling
may be necessary if the AgreeSum cluster size be-
comes much larger.

7 Conclusion

We discuss the AgreeSum task with its dataset,
and a range of baseline models. AgreeSum is
timely given the recent focus on summarization
faithfulness. In fact, we show that the summaries
produced by several powerful pretraining-based
baseline models are not able to follow AgreeSum’s
requirements satisfactorily. We welcome the com-
munity to contribute more advanced methods that

work well on AgreeSum, especially when only a
small subset of the dataset is labeled with article-
summary entailment information.

Within the AgreeSum dataset, we also provide
article-summary entailment annotations on a subset
of clusters, which we hope can contribute to the re-
cent effort in improving abstractive summarization
faithfulness.

Moreover, while there is contemporaneous de-
velopment of complex approaches to encourage
generated abstractive summaries to be entailed in
the source articles, we show that it is feasible to
improve the entailment behavior of generated sum-
maries based on a binary article-summary entail-
ment classifier.
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A Appendix

A.1 Human Evaluation
Recall that human evaluation results are reported
in Table 2 and Table 3. Specifically, we asked hu-
man raters to annotate the entailment relationship
of each article-generation pair. Each row in the
table corresponds to a model, and for each model,
human raters annotated the entire test set that con-
tains 150 clusters (which corresponds to 600 article-
generation pairs). Moreover, to reduce the variance
of human evaluation and to improve the confidence
to our claims, each article-generation pair is an-
notated by three different raters, and we take the
majority answer.

Our prompts to human raters are described as
follows. We merge all article-summary pairs for
each cluster together into one task/HIT. Therefore,
each task/HIT corresponds to four article-summary
annotations.

Instruction at the top of the annotation page:
“In this task you will be given one summary of
a news story and the text of four news articles.
You will be asked to evaluate whether the sum-
mary is coherent and well written with no self-
contradictions or capitalization, spelling, punctua-
tion, or grammatical errors. Furthermore, for each
news article, you will be asked to evaluate: whether
the article contains ALL the information presented
in the summary. This is equivalent to asking, ‘Us-
ing only the text of this news article, would it be
possible for someone to write this summary?”’

Language: “Is this summary coherent and well-
written with no self-contradictions or capitalization,
spelling, punctuation or grammar errors? Select
“Yes" if this is a coherent summary written in fluent
English with perfect grammar and style. Select
“No” if the summary contains one or more capi-
talization, spelling, punctuation, or grammatical
errors, or is incoherent, self-contradictory, or other-
wise badly written.”

Entailment: “Does the article contain all the
information presented in the summary?”

A.2 Entailment Annotation in Dataset
Creation

We used the same entailment prompt described
in Section A.1 to obtain entailment information
for a subset of the clusters. The difference is that
we used five annotators per article-summary pair
instead of three, to ensure the quality of the super-
vised split of the training set as well as the entire

development set.

A.3 More on Reproducibility
We implement our model as a fork of the open-
source 568M parameter PEGASUS model.11

Baseline models were trained for 20k steps, with
the best checkpoint selected based on dev-R2. Final
selections are B1 at 3k steps, B2 at 6k steps, and
B3 at 4k steps. Proposed model was trained until
convergence based on T5-small entailment scores
reported during the sampling steps in the policy
gradients REINFORCE algorithm. Final selection
of this model was at 43k steps.

Runtime details. Given the chosen PEGASUS
implementation, our models are trained on TPUs.
Given hardware constraints, Fe, implemented via
T5-small fine-tuned on our annotated entailment
dataset, is served on CPU on a separate machine. In
fact, we run 80 replicas of this machine to improve
throughput. We make RPC calls (Nelson, 1981) to
this cluster of T5-serving machines during policy
gradients training (using the f.contrib.rpc module).
Baseline models took approximately 24 hours each
to train, with the proposed model taking approxi-
mately 4 days. Our conjecture is that for the latter,
most of the time is spent on the communication be-
tween PEGASUS and T5, as well as the expensive
computation of T5 on CPU.

A.4 Examples
We now provide some example generations of the
AgreeSum task. Given that the input articles are
long, we comment out parts of the articles in the
tables. Please refer to Table 4, Table 6, and their
captions.

For example, in Table 5, Article 4 is an opinion
piece. ASM model correctly abstractively summa-
rizes Article 2 and 4 in a way that agrees with 1 and
3. B1 copies from Article 1, while B2 and B3 have
hallucinations. In Table 4, all models except for B1
perform well here. B1 entails Article 1 and 2, but
not 3 and 4. Similar comparisons can be made in
Table 6.

11https://github.com/google-research/
pegasus
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ASM: Sérgio Moro resigns as Brazil’s Justice Minister after accusing President Jair Bolsonaro of interfering in the country’s
federal police.

B1: Brazil’s Supreme Court authorises a police investigation into President Jair Bolsonaro.

B1+entdec8: Brazil’s Supreme Court authorises a police investigation into President Jair Bolsonaro.

B2: The Minister of Justice of Brazil, Sérgio Moro, resigns after accusing President Jair Bolsonaro of interfering in the
operations of the federal police.

B2+entdec8: The Minister of Justice of Brazil, Sérgio Moro, resigns after accusing President Jair Bolsonaro of interfering
in the operations of the federal police.

B3: The Minister of Justice of Brazil, Sérgio Moro, resigns after accusing President Jair Bolsonaro of interference in the
federal police.

B3+entdec8: The Minister of Justice of Brazil, Sérgio Moro, resigns after accusing President Jair Bolsonaro of interference
in the federal police.

B5: Brazil’s government has been plunged into turmoil after the resignation of one of Jair Bolsonaro’s most powerful
ministers sparked protests, calls for the president’s impeachment and an investigation into claims he had improperly interfered
in the country’s federal police.

Article 1: [Link: https://www.theguardian.com/world/2020/apr/24/justice-ministers-sacking-plunges-brazil-into-turmoil; the
article is not duplicated due to length and copyright]

Article 2: [Link: https://www.ft.com/content/62d04bb5-6825-41ec-b263-4ceeaec58049; the article is not duplicated due to
length and copyright]

Article 3: [Link: https://www.theguardian.com/world/2020/apr/26/bolsonaro-in-fresh-crisis-over-sons-alleged-links-to-fake-
news-racket; the article is not duplicated due to length and copyright]

Article 4: [Link: https://www.thedailybeast.com/brazils-justice-minister-sergio-moro-quits-accuses-president-jair-bolsonaro-
of-misconduct-resigns; the article is not duplicated due to length and copyright]

Table 4: Example generations from test set. All models except for B1 perform well here. B1 entails Article 1 and
2, but not 3 and 4.

ASM: The NFL announces that it will play during the coronavirus pandemic.

B1: NFL Commissioner Roger Goodell sends a letter to fans outlining the league’s plans to play during the coronavirus
pandemic.

B2: The NFL cancels the remainder of the 2020 season due to the coronavirus outbreak.

B3: The NFL cancels the remainder of the 2019 preseason due to the ongoing coronavirus outbreak.

B5: NEW YORK (AP) — NFL Commissioner Roger Goodell has sent a letter to fans outlining the league’s plans to play
during the coronavirus pandemic.

Article 1: [Link: https://apnews.com/article/nfl-sports-virus-outbreak-health-football-
c10944a1b88bd593198b660d207c7b56; the article is not duplicated due to length and copyright]

Article 2: [Link: https://www.washingtonpost.com/sports/2020/07/27/nfl-cautiously-optimistic-despite-mlb-coronavirus-
outbreak/; the article is not duplicated due to length and copyright]

Article 3: [Link: https://www.wxyz.com/sports/roger-goodell-sends-letter-to-nfl-fans-explaining-plans-for-season; the
article is not duplicated due to length and copyright]

Article 4: [Link: https://www.wsj.com/articles/nfl-playersand-a-lot-of-new-england-patriotsare-opting-out-of-the-2020-
season-11596030916; the article is not duplicated due to length and copyright]

Table 5: Example generations from test set. Note in particular that Article 4 is an opinion piece. The ASM model
correctly abstractively summarizes Article 2 and 4 in a way that agrees with 1 and 3. B1 and B5 copy from Article
1, while B2 and B3 have hallucinations. More examples can be found in the appendix.
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ASM: Late-night talk shows in New York City begin taping without audience members.

B1: The Late Show with Stephen Colbert, The Tonight Show with Jimmy Fallon, and The Full Frontal with Samantha Bee
begin taping without audience members due to the spread of the coronavirus in New York City.

B1+entdec8: The Late Show with Stephen Colbert, The Tonight Show with Jimmy Fallon, and The Full Frontal with
Samantha Bee begin taping without audience members due to the spread of the coronavirus in New York City.

B2: In response to the outbreak of coronavirus in the United States, all New York-based late-night talk shows will cease
taping without an audience.

B2+entdec8: In response to the outbreak of coronavirus in the United States, all New York-based late-night talk shows will
cease taping without an audience.

B3: Following the lead of the Centers for Disease Control and Prevention, all late-night talk shows in New York City will
stop taping and start without an audience due to the outbreak of coronavirus. all late-night shows in New York City will stop
taping and start without an audience Due to the outbreak of coronavirus, all late-night shows in New York City will stop
taping and start without an audience.

B3+entdec8: Following the lead of the Centers for Disease Control and Prevention, all late-night talk shows in New York
City will stop taping and start without an audience due to the outbreak of coronavirus. all late-night shows in New York City
will stop taping and start without an audience Due to the outbreak of coronavirus, all late-night talk shows in New York City
will stop taping and start without an audience Due to the outbreak of coronavirus, all late-night talk shows in New York City
will stop filming and start without an audience due to the outbreak of coronavirus.

B5: The New York late-night circuit was the antithesis of “Live in Front of a Studio Audience” this week, prerecording
shows without a crowd due to coronavirus fears.

Article 1: [Link: https://www.latimes.com/entertainment-arts/tv/story/2020-03-13/coronavirus-jimmy-fallon-stephen-
colbert-no-audience; the article is not duplicated due to length and copyright]

Article 2: [Link: https://variety.com/2020/tv/news/late-night-shows-new-york-coronavirus-1203530972/; the article is not
duplicated due to length and copyright]

Article 3: [Link: ]https://abcnews.go.com/Entertainment/wireStory/late-night-comics-adjust-shows-audience-69581648; the
article is not duplicated due to length and copyright]

Article 4: [Link: https://apnews.com/article/38f1afde2a5676fd3c2377f3719f5c86; the article is not duplicated due to length
and copyright]

Table 6: Example generations from test set. ASM is very abstractive and entails all articles. B1 only entails Article
1 and 2. B2 incorrectly says that shows will “cease taping.” B3 has repetition issues.
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Abstract

Multiple studies have shown that Transform-
ers are remarkably robust to pruning. Con-
trary to this received wisdom, we demon-
strate that pre-trained Transformer encoders
are surprisingly fragile to the removal of a
very small number of features in the layer out-
puts (<0.0001% of model weights). In case
of BERT and other pre-trained encoder Trans-
formers, the affected component is the scal-
ing factors and biases in the LayerNorm. The
outliers are high-magnitude normalization pa-
rameters that emerge early in pre-training and
show up consistently in the same dimensional
position throughout the model. We show that
disabling them significantly degrades both the
MLM loss and the downstream task perfor-
mance. This effect is observed across sev-
eral BERT-family models and other popular
pre-trained Transformer architectures, includ-
ing BART, XLNet and ELECTRA; we also
show a similar effect in GPT-2.

1 Introduction

Pre-trained Transformer-based models (Vaswani
et al., 2017) have become widely popular in a
variety of NLP applications. Multiple studies of
BERT-family models (Devlin et al., 2019) showed
that Transformers are remarkably robust to prun-
ing (Gordon et al., 2020; Prasanna et al., 2020;
Chen et al., 2020; Michel et al., 2019). This work
presents a different and unexpected result: it is pos-
sible to dramatically disrupt the performance of
BERT and other Transformer-based architectures
by modifying very few weights (less than 0.0001%
for BERT).

In particular, we show that there is a very small
number of outlier dimensions that regularly appear
in the same position in the pre-trained encoder lay-
ers of a given Transformer model. We demonstrate

∗Authors contributed equally to this work.

that this effect holds for different Transformer-
family architectures, including multiple variants
of BERT, as well as ELECTRA (Clark et al., 2020),
BART (Lewis et al., 2020), and XLNet (Yang
et al., 2019). A similar phenomenon is also present
in the decoder layers of GPT-2 (Radford et al.).
When these dimensions are disabled throughout
the model in the concluding transformation of each
layer, they can drastically reduce the overall model
performance. With the exception of GPT-2, the
last transformation in each layer of these models
is normalization (LayerNorm), which is what we
mainly focus on in this study.

The contributions of this work are as follows:

• We identify certain outlier dimensions in
Transformer layer outputs and show that they
play a crucial role in both language modeling
and downstream task performance. Disabling
the weights for these output dimensions drasti-
cally degrades performance (up to 44 points).

• We show that this effect holds for the encoder
layers of six different models of the BERT
family, as well as other popular pre-trained
Transformer-based models including ELEC-
TRA, BART, and XLNet. In GPT-2, a similar
phenomenon is observed in the output dense
transformation of the decoder layers.

• We demonstrate that outlier weights emerge
gradually and begin to emerge early in pre-
training, causing abnormal spikes at select
dimensions in the output embedding vectors.

To our knowledge, this is the first work to estab-
lish the presence of very few regular outliers in the
output Transformer representations and their impor-
tance for the model performance. It is not clear why
these features emerge, but the final transformations
clearly play a larger role in the Transformer lay-
ers than is usually assumed, and this needs further
investigation.
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Figure 1: Transformer encoder layer, adapted from
(Vaswani et al., 2017).

This paper is organized as follows. After a
brief overview of related work (§2), we introduce
the methodology for defining, locating, and dis-
abling the BERT outlier weights in §3. In §4.1
and §4.2, we quantify the effect of disabling these
weights both in pre-training and in downstream
tasks. In §4.3, we demonstrate that other Trans-
formers (BART, ELECTRA, XLNet, and GPT-
2) also exhibit similar behavior. §5.1 evaluates
magnitude- and position-based criteria for identi-
fying the outlier dimensions and compares them
with our proposed criteria. In §5.2, we replicate the
outlier effect in a BERT model during pretraining
and study its dynamics.

2 Related work

Transformer layer outputs. At a high level,
Transformer encoder layers consist of multi-head
self-attention followed by a dense layer Vaswani
et al. (2017). Most contemporary Transformers use
normalization to improve the speed and stability of
training.

Usually, the outputs of both self-attention and
linear layers undergo the layer normalization trans-
formation (LayerNorm, Ba et al. (2016)). Each
LayerNorm transformation is parameterized by a
separate set of learned weights (scaling factors and
biases). Xiong et al. (2020) refer to this configura-
tion as post-LN. In the pre-LN variant adopted by
the GPT-2 model, LayerNorm is applied prior to
the self-attention or linear transformations instead.

We will refer to the outputs of the final trans-
formation in the encoder layer as features and the
parameters of this transformation as weights. The
final transformation is LayerNorm for all models
considered in this study except GPT-2, where the
last component is a MLP.

Like other normalization techniques, Layer-

Norm operates in two steps. For a given input
xi of the i-th layer with a hidden dimension m,
LayerNorm computes mean and variance across
the features:

µi =
1

m

m∑

j=1

xij , σ
2
i =

1

m

m∑

j=1

(xij − µi)2 (1)

The inputs are then normalized and a learnable
scale-shift transformation is applied to produce the
normalized output embedding:

x̂ij =
xij − µi√
σ2i + ε

, yi = γ � x̂i + β (2)

where γ ∈ Rm and β ∈ Rm are trainable parame-
ters referred to as scaling factor and bias (shift).

So far there have been few studies of normal-
ization strategies in Transformer architectures and
they focused mostly on the description of the train-
ing process. Xiong et al. (2020) show that the loca-
tion of LayerNorm in Transformer affects the gra-
dient flow and demonstrate the need of the warmup
stage. Nguyen and Salazar (2019) inject multiple
normalization blocks in specific network submod-
ules to improve model performance. More recently,
LayerNorm alternatives have been proposed and
shown to have better gradient propagation through
the network (Xu et al., 2019; Shen et al., 2020).

Overparametrization. After the initial reports
of redundancy in the BERT model (Michel et al.,
2019; Kovaleva et al., 2019), compressing Trans-
formers quickly became a subfield of its own (Jiao
et al., 2020; Zafrir et al., 2019; Fan et al., 2019;
Guo et al., 2020). See overviews by Ganesh et al.
(2020) and Rogers et al. (2020).

Pruning is a class of methods for model com-
pression which involves setting some of its weights
to zeros with minimal performance loss. Much
pruning work focuses on compression for the sake
of efficiency, but it is also used for model analysis,
and that is our goal as well. The most common
approach is selecting the weights to be pruned by
magnitude (Han et al., 2015).

Some of the recent findings are that the lottery
ticket hypothesis (Frankle and Carbin, 2019) holds
for BERT: its largest weights do form subnetworks
that can be retrained alone to reach the perfor-
mance close to that of the full model (Prasanna
et al., 2020; Chen et al., 2020; Gordon et al., 2020).
In structured pruning, the best subnets of BERT’s
heads and MLPs (selected by importance scores)
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do not quite reach the full model performance,
but the worst ones are still much better than the
worst magnitude-based subnets (Prasanna et al.,
2020), presumably because they retain a lot of high-
magnitude weights.

3 Outlier weights in BERT models

In this section, we introduce the methodology for
identifying outlier dimensions and describe our
method for disabling these outlier features.

3.1 Identification

To identify the outlier weights in BERT-like mod-
els, we consider all the output components in each
encoder layer. We compute the mean and standard
deviation of the bias and scaling factors of the out-
put LayerNorm. We identify the dimensions where
both of these weights are at least 3σ from the mean.
Figure 2 illustrates this heuristic. Further, we select
the dimensions where this is consistently the case
for at least half of the model layers. We refer to
these dimensions as outliers.

The described heuristic was used to identify the
outlier dimensions in four out of six BERT models
we considered: BERT-base, BERT-medium, BERT-
small and mBERT.1 For BERT-large, the deepest
model we considered, the frequency constraint was
relaxed to 1/3 of the layers. In RoBERTa (Liu et al.,
2019), the distribution of the scaling factors was
a little different from BERTs, and we relaxed the
standard deviation constraint down to 2 sigmas to
detect the outliers. In Section 10.1 of Appendix,
we report positions of outlier weights identified for
all models.

3.2 Disabling

To quantify the effect of the outlier weights on
BERT, we disable them and examine how this
affects model performance. We set the outlier
weights to zeros across all layers and report model
performance on a) masked language modeling and
b) downstream GLUE tasks (Wang et al., 2018).

Since different model components may affect
performance, we also looked at all the parameter

1BERT-medium and BERT-small come from the
official Google repository (https://github.com/
google-research/bert), and the other models
from the HuggingFace (https://github.com/
huggingface/transformers). Interestingly, we
discover that the checkpoints of the same BERT-base
configuration provided by different repositories (Huggingface
vs. Google) have the outliers in different locations; the
outliers also have different values: positive vs. negative.
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Figure 2: Simplified illustration of our approach to dis-
abling LayerNorm weights. We consistently set the out-
lier weights γ and β of the output LayerNorm to zeroes,
which results in masking of the corresponding features
in the output vectors. We repeat the procedure for all
of the Transformer layers of the encoder.

vectors and matrices in BERT that have the same
dimensionality as the output embeddings. These
included key, query and value transformations2,
output LayerNorm, attention LayerNorm, and input
embedding layers. In order to examine the effect
of these components on model performance, we
masked the identified outlier weights of a given
component simultaneously across all layers at the
same dimensional position. When working with the
matrices, we set to zeros the entire row of weights
corresponding to the outlier positions across all
Transformer layers. Similarly, for LayerNorm, we
set the scaling factor and the bias at the outlier
position across all Transformer layers to zero. In
both cases, this results in “masking” of the output
vector’s feature at the specified dimension after a
forward pass through that layer.

Although the same dimensions repeatedly show
up as outliers across different model components,
in the preliminary experiments, we found that dis-
abling the weights of the input embedding layers
and of the linear layers produced no significant
change in performance or in the output embedding
space, so we did not pursue this direction further.
However, the outlier weights of the output Lay-
erNorm had an unexpectedly large effect on the
model, and this is what we focus on in most of our
experiments.

3.3 Visualization
As an example, let us consider the two outlier
dimensions that the above method identifies for
BERT-base-uncased model: 308 3 and 381. Fig-

2To find outliers in weight matrices, we compute the L1

norm for each row. The total number of rows is the same as
the dimensionality of the layer output embedding (e.g. 768 for
BERT-base). From this distribution of row-norms, we select
those row indices for which the magnitude is 3σ away from
the mean of the distribution.

3All dimensions in the paper are zero-indexed.

3394



T
ok

en
 #

Layer 1 Layer 5 Layer 9
T

ok
en

 #

Layer 2 Layer 6 Layer 10

T
ok

en
 #

Layer 3 Layer 7 Layer 11

30
8

38
1

T
ok

en
 #

Layer 4

30
8

38
1

Layer 8

30
8

38
1

Layer 12

Figure 3: Outlier LayerNorm features 308, 381 in
BERT-base-uncased (randomly sampled input).

ure 3 shows a heatmap of the output embedding of
each layer (one pixel per row) for a random pas-
sage from WikiText (Merity et al., 2016). Since
the output embeddings are produced by Layer-
Norm, the outlier dimensions with unusually high
or low-magnitude weights should be visible in the
heatmap.

As seen in Figure 3, dimension 308 consistently
produces high-magnitude weights in the output em-
beddings in most BERT layers; feature 381 shows
visibly high values in layers 7-10. The magnitude
of a given feature depends both on the LayerNorm
scaling factor and the bias (Equation 2). We find
that both contribute to the outlier effect, to various
degrees in different layers. See Table 13 in the
Appendix for statistics on all scaling factors and
biases in BERT-base.

Features that show high magnitude throughout
the model are expected to distort the resulting em-
bedding space. In a brief experiment, we found that
the vector representations of up to 95% of the input
tokens from the WikiText corpus have abnormally
high magnitudes at the dimensions corresponding
to the outlier weights we identified. We found that
this embedding distortion is not attributable to the
input embedding layer (Layer 0). We did this by
manually setting select embedding weights of the
three channels of the input embedding layer (token,
token type, and position) to zero (along with the
weights of the following normalization layer).

The fact that the embedding distribution we ob-
served is not uniform is in line with observations
by Ethayarajh (2019) who concluded that BERT
embeddings are highly anisotropic and form a cone-
like shape in the hidden space. The outlier weights
we identify are likely the cause of this, since after
they are removed, the embedding space becomes
relatively uniform.
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t Ghostbusters was [released] on June 8 , [1984] ,
to critical [acclaim] and became a cultural phe-
nomenon . It was well [received] for its deft
blend of comedy, [action] , and horror , and Mur-
ray ’ s performance was [repeatedly] singled out
for praise .
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Ghostbusters was [released] on June 8 , [1986] ,
to critical [acclaim] and became a cultural phe-
nomenon . It was well [received] for its deft
blend of comedy, [action] , and horror , and Mur-
ray ’ s performance was [often] singled out for
praise .
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m Ghostbusters was [released] on June 8 , [1986] ,

to critical [acclaim] and became a cultural phe-
nomenon . It was well [received] for its deft
blend of comedy, [action] , and horror , and Mur-
ray ’ s performance was [particularly] singled
out for praise .

O
ut

lie
rs { lock was [never] on June 8 , [</s>] , to rely

[,] and . It was well [known] for its acker of
comedy , [dinner], and horror , and Murray ’ s
was [ever] , </s> </s> )

Table 1: Input masked tokens (blue) are given in brack-
ets. RoBERTa correctly reconstructs 4 out of 6 masked
tokens (green), and fills in plausible (brown) predic-
tions for the remaining 2 tokens. RoBERTa with 2 ran-
domly disabled LayerNorm dimensions works almost
the same as the base model. However, RoBERTa with
2 outlier LayerNorm dimensions makes incorrect and
implausible (red) predictions, and changes the hidden
token states significantly enough to map the unmasked
input tokens to other, often non-sensical words. In this
example, we do not show the special tokenizer tokens.

4 Effects of Disabling Outlier Weights

In this section, we consider the effects of disabling
outlier weights in BERT on language modeling
(§4.1) and on downstream tasks (§4.2). We also
investigate whether other Transformers exhibit a
similar phenomenon (§4.3).

4.1 Masked Language Modeling

Our key finding is that disabling the outlier di-
mensions significantly degrades the quality of the
language model, even though fewer than 0.001%
weights of the model are affected. Table 1 shows
a sample output before and after the LayerNorm
outliers are disabled in RoBERTa4. It is clear that
the quality of the language model degrades dramati-
cally, while disabling an equal number of randomly
selected non-outliers has almost no effect.

To quantify this effect, we measure the cross-
entropy loss before and after disabling each dimen-
sion of the LayerNorm on at a time. We do this
on the validation subset of the WikiText corpus

4More sample outputs are given in the Appendix.
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Figure 4: Language model cross-entropy loss (green) after the scaling factor and bias for a given dimension are set
to zero, one at a time. The dashed blue line shows the loss achieved by the full model.

BERT-large BERT-base mBERT RoBERTa BERT-medium BERT-small
#w CE #w CE #w CE #w CE #w CE #w CE

Baseline 0 2.28 0 2.30 0 1.93 0 1.99 0 2.00 0 2.26

Si
ng

le Random 48 2.29 24 2.31 24 1.95 24 2.03 16 2.01 8 2.26
Top outlier 48 3.22 24 3.33 24 3.21 24 5.23 16 2.87 8 2.44

A
ll Random 144 2.29 48 2.31 72 1.96 48 2.00 32 2.04 16 2.28

All outliers 144 5.49 48 4.53 72 6.92 48 7.85 32 3.21 16 2.93

Table 2: Cross-entropy (CE) on the validation set of WikiText when the LayerNorm weights are zeroed. Single
shows the performance when the most damaging outlier is disabled vs. disabling one non-outlier feature (averaged
over all non-outliers disabled one at a time). All shows performance for when all outliers in a given model are
disabled vs. disabling an equal number of randomly selected non-outliers (averaged over 1000 runs). #w indicates
the total number of modified weights in a given model.

(Merity et al., 2016). We use the standard maxi-
mum sequence length of 256 and the token masking
probability of 0.15.

All tested models show surprising sensitivity
to zeroing out the weights at the outlier positions
across all layers of the model (Figure 4). For ex-
ample, removing only 24 parameters (the scaling
factor and the bias of a specific LayerNorm dimen-
sion across all 12 layers) increases RoBERTa’s loss
by almost a factor of 4.

Table 2 shows even more drastic effects when
scaling factors and biases for all the outlier dimen-
sions are disabled simultaneously. For compari-
son, we randomly sample an equal number of non-
outlier dimensions and disable the corresponding
LayerNorm weights throughout the model. We
report the loss averaged over 1000 runs.

4.2 BERT Downstream Tasks

In order to investigate the effect of outlier weights
on downstream performance, we evaluate BERT-
base on the GLUE benchmark tasks (Wang et al.,
2018), with the exclusion of Winograd Schema
Challenge, which BERT generally fails to learn
(Prasanna et al., 2020). We use the evaluation split
of the GLUE benchmark for which the labels are
publicly available. As described above, BERT has
two outlier dimensions, 308 and 381. We con-
sider the following two sets of experiments:

1. Disable post fine-tuning. We fine-tune BERT
on every GLUE task, then disable the outlier Lay-
erNorm parameters (scaling factor and bias pair)
across all layers as described in subsection 3.2. We
experiment with disabling each of the two detected
outliers both individually and simultaneously in
pre-trained BERT-base. We compare the result-
ing performance to (a) removing the LayerNorm
weights for all other hidden dimensions one-by-one,
and (b) randomly sampling pairs of non-outlier di-
mensions so as to disable them simultaneously.

2. Disable pre-fine-tuning. We disable the layer
norm parameters for the outlier dimensions prior
to fine-tuning. Our goal is to check whether the
fine-tuning allows the transformers to recover the
information from rest of the parameters.

For all the fine-tuning runs, we set the learning
rate to 5e-5, batch size to 64 and train for 4 epochs
across all the experiments. Since BERT perfor-
mance varies a lot due to task-specific initialization
(Dodge et al., 2020), we use the same initialization
across all experiments.

Figure 5 shows model performance when Layer-
Norm outliers are disabled one at a time. Table 3
compares task-specific performance of the outlier-
disabled and the full model for each task.

The main takeaway from the post fine-tuning
experiments is that disabling one or the other of the
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Figure 5: Performance of BERT-base on GLUE tasks when one LayerNorm weight at a time is disabled throughout
the model. Dimensions are shown on the X axis. Loss (blue) and accuracy, or correlation coefficients, where
applicable (other colors) are shown.

MRPC STS-B MNLI MNLI-mm COLA SST-2 QQP QNLI RTE

Baseline (full model) 87.2 88.8 84.1 84.2 56.8 92.5 89.8 90.6 61.7

Po
st

-f
t

Non-outlier† +0.3 -0.1 -0.2 -0.1 +0.2 0 -0.1 0 -0.4
Outlier-308 -10.5 -23.4 -2.2 -1.8 -2.16 -0.6 -1.0 -1.9 -7.2
Outlier-381 -4.6 -4.4 -13.7 -13.0 -22.2 -3.4 -10.8 -7.3 -5.0

Random non-outlier pair‡ -1.1 0.0 +0.3 +0.2 -0.5 +0.1 +0.1 0 +0.5
Outliers 308 + 381 -8.6 -44.1 -27.9 -27.2 -32.3 -20.8 -13.0 -12.2 -10.0

Pr
e-

ft

Random non-outliers∗ -0.3 -0.05 -0.2 -0.2 +0.9 -0.06 -0.2 -0.3 +0.6
Outlier-308 +0.3 -0.9 -0.5 +1.7 -0.3 +0.7 -0.1 0 -5.1
Outlier-381 -2.4 -0.7 -0.6 -0.5 -0.9 -1.2 -0.7 -1.4 +4.0

Outliers 308 + 381 -1.1 -1.6 -1.4 -0.7 -2.9 -1.7 -0.7 -2.3 -0.7

Table 3: Performance of the pretrained BERT-base model vs. different configurations with disabled outlier weights:
post fine-tuning (post-ft) and pre-fine-tuning (pre-ft). †We disable each of non-outlier dimension parameters one at
a time and average over them. ‡For the random sampling of the pairs of non-outlier dimensions, we report averages
over 1000 runs. ∗For the pre-finetuning experiment where random non-outlier parameters are disabled, we sample
10 non-outlier dimensions randomly and disable LayerNorm weights and biases for them across the entire model.

outlier dimensions (or both) drastically degrades
model performance on downstream tasks. Which
of them affect downstream performance the most
is highly task-dependent. For example, the outlier
dimension 308 has little effect on CoLA(-2.16)
but a large effect on STS-B(-23.4), and for 381
it’s the opposite. On SST-2, QNLI, RTE neither
outlier drops the performance by over 10 points
individually, but disabling them both has a strong
adverse effect.

In general, disabling two outliers together causes
more severe damage across the board than dis-
abling a single outlier. The overall performance
drop is task-specific. The most adversely affected
tasks are STS-B (-44.1) and CoLA (-32.3), which
are the regression tasks that also suffered the most
in pruning experiments by Prasanna et al. (2020).
However, MNLI and SST-2 are classification tasks,
and both of them also lose over 20 points. Note that

disabling random non-outlier dimensions (either
alone, or in pairs) has negligible effect on perfor-
mance across tasks. Disabling one outlier and one
random non-outlier has the same effect as disabling
a single outlier.

In pre-fine-tuning experiments, the question we
ask is whether the model can recover from the hand-
icap we introduce, and still learn the task. We
expect it to mostly recover, since even randomly
initialized BERT without any pre-training can be
fine-tuned to solve GLUE tasks fairly well (Koval-
eva et al., 2019). In this case, since most of the
pretrained sub-networks are still accessible to the
classifier, we expect to see a strong recovery close
to the baseline. We find this to be the case, how-
ever, the model is more adversely affected: -1.1 on
average when two outliers are disabled, compared
to disabling 10 non-outliers (-0.31 on average).
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Figure 6: Performance (loss) of other Transformer models after a given LayerNorm scaling factor and bias are set
to zero, one at a time. For GPT-2, the dense layer weights and biases are disabled, as it is an instance of a pre-LN
model. The dashed blue line shows the loss for the full model.

Model Task Data #Params Disabled Performance
# dims weight % Baseline Disabled

ELECTRA MLM WikiText 110M 2 4× 10−5 4.8 8.1
XLNet PLM WikiText 120M 2 4× 10−5 5.2 8.4
BART Summ. CNN/Daily Mail 140M 2 9× 10−6 3.1 4.4
GPT2 CLM WikiText 770M 1 0.024 3.0 3.2

Table 4: Loss increase in other Transformer models after layer normalization scaling factors and biases highlighted
in Figure 6 are set to zero, compared to the baseline configuration. For GPT-2, the dense layer weights and biases
are disabled instead, since it is a pre-LN model. MLM, PLM, and CLM stand for masked, permutation, and causal
language modeling objectives, respectively. Summ. stands for the summarization task. #dims denotes the total
number of dimensions modified.

4.3 Outliers in Other Transformers

Above, we described our methodology for identify-
ing outliers in BERT models and studied how they
affect model performance. In this section, we show
that a similar phenomenon is observed in other pop-
ular Transformers: BART-base, ELECTRA-base
generator, XLNet-base, and GPT-2 large.

Since our goal here was merely to confirm the
existence of outlier dimensions, in these experi-
ments, we simply disabled individual LayerNorm
dimensions of the encoder part of the model across
all Transformer layers. For GPT-2, we modify the
weights of the dense output layer instead of the Lay-
erNorm weights, since it uses the pre-LayerNorm
(pre-LN) configuration (i.e., LayerNorm is placed
before the output feature-producing feed-forward
layer).

We perform this experiment for all models, mea-
suring how this affects the loss function in the na-
tive pre-training tasks of three models: permuta-
tion language modeling task for XLNet, causal lan-
guage modeling for GPT-2, and masked language
modeling for the generator component of ELEC-
TRA. For BART, we found that the pre-trained
model had unusually high perplexity out of the box,
and we substituted the modeling task with summa-
rization on the CNN/Daily Mail dataset (Hermann

et al., 2015).
As with BERT, our results (Figure 6) suggest that

for each model, there are a few distinct dimensions
which disrupt performance significantly more than
the rest. We identify a few most impactful dimen-
sions and also disable them at once, as reported in
Table 4. The effect on perplexity is the least pro-
nounced for GPT2, which we attribute to the fact
that the model is significantly larger than the others,
which may make it more robust to the disabling of
individual weights. However, we found that when
six dimensions are disabled simultaneously, the
perplexity increases by over 300 times.

5 What Makes Outlier Weights Special

5.1 Magnitude or Location?

In this section, we conduct two experiments to
validate our proposed criteria for selecting BERT
weights to be disabled. Specifically, we want to
understand if the same effects would be observed
(1) with magnitude-based selection of LayerNorm
parameters to be disabled, or (2) using our selection
method, but disabling the outlier dimensions only
in the first (input) layer or in the later layers (which
may have a more direct effect on the output). We
use the drop in the loss value for this comparison.

First, we compare the effect of disabling the
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CE #w CE #w

baseline (full model) 2.30 0 2.30 0

Random 2.31 24 2.32 48
LSF 2.72 24 2.74 48
LB 3.21 24 3.42 48
Outlier-308 3.32 24 }

4.53 48Outlier-381 2.44 24

Table 5: BERT-base cross-entropy loss (CE) on the
WikiText validation data when one (left) or two (right)
outlier dimensions are disabled at a time, compared to
magnitude-based pruning approaches (LSF and LSB).
#w denotes the total number of modified weights.

selected dimensions (308 and 381 in BERT-base,
disabled individually or together – i.e. disabling
either 12 or 24 LayerNorm scaling factor and bias
pairs) to disabling of the following alternatives:

• Random: disable 12 or 24 randomly selected
pairs of LayerNorm scaling factor and bias
pairs in the entire model;

• Largest Scaling Factor (LSF): sort the Lay-
erNorm scaling factors in the model by mag-
nitude and disable the top 12 (or 24) scaling
factors and the corresponding biases;

• Largest Bias (LB): repeat the above using the
LayerNorm biases instead, i.e. select the top
12 (or 24) LayerNorm biases and disable the
corresponding scaling factor / bias pairs.

Table 5 suggests that simple magnitude-based prun-
ing of the output LayerNorm results in a much
smaller degradation. As compared to disabling
both BERT outliers, the magnitude-driven pruning
of the same number of weights results in the value
of cross-entropy that is 1.3x smaller.

Looking at the effects of disabling the outlier di-
mensions only in a subset of layers, Table 6 shows
that modifications made to the input layer have
little to no effect. Interestingly, switching off the
weights in the last Transformer layer, which is used
for computing inputs for task-specific classifiers,
also does not disrupt the model. However, as we
begin to disable earlier layers and the number of
layers with disabled weights increases, we observe
progressively larger loss values.

We conclude that both the magnitude and the
consistent emergence of outlier weights in the
same locations across the model are responsible
for the emergence of distinct embedding features
that BERT heavily relies on.

1 12 11–12 9–12 7–12 1–12

CE 2.33 2.40 2.67 2.81 2.87 4.53
#w 4 4 8 16 24 48

Table 6: BERT-base language modeling cross-entropy
loss (CE) on the validation set of WikiText corpus,
shown by location and number of modified Trans-
former layers. #w denotes the total number of modified
weights.

5.2 How Do Outlier Weights Emerge?
In this section, we examine the emergence of out-
lier dimensions during pre-training. To the best
of our knowledge, there are no publicly available
BERT pre-training checkpoints available to study
these effects. We pre-train5 a BERT-medium model
(chosen due to computational constraints) from
scratch on the BookCorpus data (Zhu et al., 2015)
and track statistics of the LayerNorm scaling fac-
tors and biases. We start from a randomly initial-
ized BERT-medium configuration that has 8 layers
with the hidden dimensionality of 512 units. We
save checkpoints of the model every 2000 steps,
and we track the output LayerNorm weights across
all of the model’s layers as the training progresses.

Figure 7 shows that both scaling factors and bi-
ases begin to diverge from their initialization values
quite early (after approximately 50k steps) in the
training process. At roughly the same point, both
training loss and evaluation perplexity begin to fall
off. An interesting question for future work is to
clarify whether there is a causal relationship here.

Although the published BERT-medium model
had two outlier dimensions, our model had only
one dimension for which both the scaling factor
and the bias exceed their corresponding means by
more than three standard deviations.

Due to the gradual emergence of these outliers
during pre-training, there is a possibility that thresh-
olding their distance from the rest of the parame-
ters can be used as a litmus test for when the pre-
training is complete. We leave the investigation of
this hypothesis to future work.

6 Implications and Future Work

The outlier dimension effect we identified may
enable attacks on Transformer-based encoders
that could be used to degrade the model quality
while modifying very few weights. Further, since
these perturbations to the model do not cause the

5We used two RTX-3090 GPUs for pre-training.
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Figure 7: BERT-medium pre-training on the BookCorpus dataset. (left) Evaluation perplexity (brown) and train
loss (blue) as the training progresses. (middle) The changes in the scaling factors and the biases of the output
normalization layer. Each line corresponds to one of the 512 dimensions. We highlight (in orange) the 417-th
dimension, for which both the scaling factor and the bias fall out of the three sigma range at the end of pretraining.
(right) Token embeddings computed for an input sequence that was randomly sampled from the data. Each line
corresponds to one input token. The outlier embedding values are marked at the same 417-th dimension. All the
plots are presented for the middle Transformer layer (4).

model to break completely, this may lead to late
detection of this attack. To curtail the risks of this
attack from affecting deployed Transformer mod-
els, we would suggest simple measures such as
storing the file checksums for the trained models at
a secure location and verifying that the deployed
model file matches the checksums.

Another direction for exploiting the phe-
nomenon of outlier dimensions is pruning. The
studies of model compression using unstructured
pruning typically do not consider whether the
pruned weights were in the same position through-
out the model. Our work suggests that if the out-
liers were disabled consistently, the drop in per-
formance could be expected to be larger than for
random or magnitude-based pruning.

Finally, future work could consider outlier di-
mensions in the context of weight initialization.
Our experiments suggest that these dimensions are
a normal emergent property of Transformer pre-
training. It is possible that higher performance or
faster convergence could be achieved by manipu-
lating the initialization to encourage such outliers
and experimenting with their number.

7 Conclusion

The main contribution of our work is isolating the
phenomenon of a small number of outlier dimen-
sions in Transformer layer outputs which signifi-
cantly disrupt performance while modifying less
than 0.0001% of all parameters of the model. We
attribute this phenomenon to an interaction of high-
magnitude scaling factors and biases in the same
dimension throughout the model, rather than mag-
nitude alone. It emerges early in the training and

consistently warps the embedding space.
In case of BERT, the layer output component

is LayerNorm. We introduce a method to isolate
these outlier dimensions for BERT, and we show
that the phenomenon is present in six models of
BERT family that we examine. It is also present in
four other Transformer-based models (ELECTRA,
XLNet, BART, and GPT-2), although the effect of
their disabling varies.
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10 Appendix

10.1 Candidate outlier dimensions of the models.
For each of the BERT-like models we experimented with we present the outlier candidate weights, detected
as described in section 3.

Model component Outliers

output.dense.weight 275, 276, 444
attention.output.dense.bias 193
attention.output.LayerNorm.weight 275, 276, 444
attention.output.LayerNorm.bias 276, 444
output.LayerNorm.weight 121, 262, 444, 276
output.LayerNorm.bias 276, 444

Table 7: BERT-small outlier dimension candidates across model components.

Model component Outliers

attention.output.dense.bias 92, 400, 476, 17
output.dense.weight 400
output.dense.bias 400
attention.output.LayerNorm.weight 17, 400, 430
attention.output.LayerNorm.bias 192, 400
output.LayerNorm.weight 11, 193, 393, 427, 400
output.LayerNorm.bias 400, 427

Table 8: BERT-medium outlier dimension candidates across model components.

Model component Outliers

output.dense.weight 308, 381
output.dense.bias 308
attention.output.dense.bias 308
attention.output.LayerNorm.weight 308, 381
attention.output.LayerNorm.bias 145, 308, 381
output.LayerNorm.weight 92, 145, 308, 381, 225
output.LayerNorm.bias 308, 381

Table 9: BERT-base outlier dimension candidates across model components.

10.2 Scaling factor and bias statistics for BERT-base.
For the BERT-base configuration, we present the detailed statistics on per-layer scaling factors and biases
of the output LayerNorm (see Table 13). We report per-layer means, standard deviations and counts of the
weights falling out of the three sigma range. We also show the values of the outlier weights (308 and
381) along with their ranks, where the ranks are computed for the corresponding sorted arrays of weight
magnitudes. Note that the outlier weights consistently appear to be among the top largest or top smallest
LayerNorm weights throughout the model, but are not necessarily the top-1 largest/smallest values.

10.3 Sample language model outputs after disabling outlier LayerNorm weights.
For RoBERTa and BERT, we randomly sample a set of sentences from Wikipedia and BookCorpus, mask
multiple input tokens, and use the models for token prediction. We compare the baseline (full) models
with the models where select LayerNorm weights are zeroed out across all of the Transformer layers. In
particular, we compare the setups where the outlier dimensions (two per model) are disabled as opposed
to random dimensions (two per model).
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Model component Outliers

attention.output.dense.bias 757, 327
output.dense.weight 757, 159
output.dense.bias 159, 757
attention.output.LayerNorm.weight 159, 757, 327
attention.output.LayerNorm.bias 159, 757, 327
output.LayerNorm.weight 159, 757, 327
output.LayerNorm.bias 159, 757, 327

Table 10: Multilingual BERT (mBERT) outlier dimension candidates across model components.

Model component Outliers

output.dense.weight 588
output.dense.bias 588, 494
attention.output.dense.bias 588
attention.output.LayerNorm.bias 77, 217, 453, 551, 588, 496, 731, 494
output.LayerNorm.bias 77, 453, 551, 588, 217, 240, 496, 61, 494

Table 11: Base RoBERTa outlier dimensions across model components.

Model component Outliers

attention.output.dense.bias 466, 18
output.dense.bias 466, 750, 18, 933
attention.output.LayerNorm.weight 234, 466, 933
attention.output.LayerNorm.bias 9, 71, 136, 234, 327, 706, 466, 474, 929, 933, 18, 143
output.LayerNorm.weight 80, 136, 232, 234, 331, 466, 639, 665, 702, 724, 750,

763, 968, 315, 428, 933, 18, 506, 314
output.LayerNorm.bias 136, 466, 706, 327, 9, 929, 18, 143, 933

Table 12: BERT-large outlier dimension candidates across model components.

Scaling factors Biases

Transf.
layer

mean / std #> 3σ 308 value /
rank

381 value /
rank

mean / std #> 3σ 308 value /
rank

381
value/rank

1 0.756 / 0.056 12 0.343 / 764 0.404 / 762 -0.037 / 0.099 6 -1.325 / 0 0.144 / 78
2 0.870 / 0.069 24 0.400 / 765 0.374 / 766 -0.034 / 0.086 8 -0.678 / 0 0.277 / 5
3 0.851 / 0.052 16 0.408 / 767 0.549 / 765 -0.031 / 0.075 4 -0.070 / 298 0.118 / 103
4 0.811 / 0.044 11 0.562 / 764 0.388 / 767 -0.033 / 0.052 7 0.075 / 174 0.114 / 50
5 0.840 / 0.045 8 0.615 / 763 0.360 / 767 -0.031/ 0.051 8 0.200 / 3 -0.083 / 113
6 0.832 / 0.037 7 0.692 / 763 0.411 / 767 -0.032 / 0.060 6 0.403 / 0 -0.394 / 1
7 0.834 / 0.037 4 0.752 / 752 0.375 / 767 -0.033 / 0.063 5 0.785 / 0 -0.337 / 1
8 0.810 / 0.030 4 1.163 / 0 0.335 / 767 -0.033 / 0.065 2 0.959 / 0 0.304 / 1
9 0.831 / 0.042 6 1.618 / 0 0.262 / 767 -0.035 / 0.062 2 0.129 / 38 0.695/0
10 0.801 / 0.060 7 1.437 / 0 0.254 / 764 -0.032 / 0.057 9 -0.415 / 2 0.258/4
11 0.817 / 0.062 9 1.671 / 0 0.185 / 765 -0.040 / 0.068 5 -0.667 / 1 1.234/0
12 0.633 / 0.027 13 0.273 / 767 0.536 / 758 -0.019 / 0.050 5 0.225 / 0 -0.021/531

Table 13: The statistics of output LayerNorm weights (scaling factors and biases) for all of the Transformer layers
of BERT-base.
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In
pu

t Ghostbusters was [released] on June
8 , [1984] , to critical [acclaim] and
became a cultural phenomenon . It
was well [received] for its deft blend
of comedy, [action] , and horror ,
and Murray ’ s performance was [re-
peatedly] singled out for praise .

a filmy coating of [dust] and peb-
bles had settled onto the block , and
[sami] ’s hand instinctively jerked
forward to swipe the [scratchy] de-
bris off his cheek , then pulled [up]
short against the biting [metal] cuffs
.

According to the RIAA, the Beatles
are the best-[selling] music artists
in the United States, with 178 [mil-
lion] certified units. They have had
more number-[one] albums on the
[British] charts and sold [more] sin-
gles in the UK than any other act.

R
oB

E
R

Ta

Ghostbusters was [released] on June
8 , [1986] , to critical [acclaim] and
became a cultural phenomenon . It
was well [received] for its deft blend
of comedy, [action] , and horror ,
and Murray ’ s performance was [of-
ten] singled out for praise .

a filmy coating of [dirt] and peb-
bles had settled onto the block , and
[Sami] ’s hand instinctively jerked
forward to swipe the [crusty] debris
off his cheek , then pulled [up] short
against the biting [leather] cuffs .

According to the RIAA, the Beatles
are the best-[selling] music artists in
the United States, with 178 [million]
certified units. They have had more
number-[one] albums on the [US]
charts and sold [more] singles in the
UK than any other act.

R
an

do
m Ghostbusters was [released] on June

8 , [1986] , to critical [acclaim] and
became a cultural phenomenon . It
was well [received] for its deft blend
of comedy, [action] , and horror ,
and Murray ’ s performance was
[particularly] singled out for praise.

a filmy coating of [dirt] and peb-
bles had settled onto the block , and
[Tsui] ’s hand instinctively jerked
forward to swipe the [crusty] debris
off his cheek , then pulled [up] short
against the biting [leather] cuffs .

According to the RIAA, the Beatles
are the best-[selling] music artists in
the United States, with 178 [million]
certified units. They have had more
number-[one] albums on the [US]
charts and sold [more] singles in the
UK than any other act.

O
ut

lie
rs { lock was [never] on June 8 , [</s>] ,

to rely [,] and . It was well [known]
for its acker of comedy , [dinner],
and horror , and Murray ’ s was
[ever] , </s> </s> )

a Fre ) covering of [humor] and cele-
bcele had </s> </s> </s> </s> , and
[</s>i] ’s </s> </s> </s> </s> </s>
</s> (@ the [brainy] during (@ end)
, Then pulled [*] isk ss the wearing
[of] cuffs </s>

2017 </s> the RIAA, the Beatles
are the [l] music files in the United
States, with 178 [Canadian] Cer-
tified ols </s> They have had é
yl-[million] Deaths on the [Chart]
charts and Died [are] Hearts in</s>
UK . </s></s></s></s>

Table 14: RoBERTa’s masked language model predictions for randomly sampled input sequences. Input masked to-
kens (blue) are given in brackets. Correctly predicted tokens are shown in green, incorrect but plausible predictions
are shown in brown. 48 weights have been modified in total for the Random and Outliers setups.

In
pu

t he didnt [really] have a plan and he
wasnt sure he [could] go through
[with] anything , but the [feeling]
of doing something was lifting his
[spirits] .

ice is water frozen into a [solid] state
. [depending] on the presence of im-
purities such as particles of soil or
[bubbles] of air , it can appear [trans-
parent] or a more or less [opaque]
bluish - white color .

but the [sound] of the river babbling
by the yard and the ducks splashing
on the [pond] seemed to be [work-
ing] a cure for her [melancholy] .

B
E

R
T he didnt [even] have a plan and he

wasnt sure he [could] go through
[with] anything , but the [thought]
of doing something was lifting his
[spirits] .

ice is water frozen into a [frozen]
state . [depending] on the presence
of impurities such as particles of soil
or [particles] of air , it can appear
[white] or a more or less [uniform]
bluish - white color .

but the [sound] of the river babbling
by the yard and the ducks splashing
on the [water] seemed to be [provid-
ing] a cure for her [fears] .

R
an

do
m he didnt [even] have a plan and he

wasnt sure he [could] go through
[with] anything , but the [thought]
of doing something was lifting his
[spirits] .

ice is water frozen into a [liquid]
state . [depending] on the presence
of impurities such as particles of soil
or [particles] of air , it can appear
[white] or a more or less [uniform]
bluish - white color .

but the [sounds] of the river babbling
by the yard and the ducks splashing
on the [water] seemed to be [just] a
cure for her [fears] .

O
ut

lie
rs he didny [wee] have a plan and he

wasnt sure he [would] go through
[it] anything , but the [actual] of do-
ing something was lifting his [shoul-
ders] .

that is water turned into a [yu] state
. [based] on the presence of im-
purities such as particles of soil or
[breath] of air , it can appear [white]
or a more or more [commoning] ing
- white color .

but the [sound] of the child babble
by the yard and the ducks splashing
on the [windows] all to be [in] a re-
placement for her [ness] .

Table 15: BERT’s masked language model predictions for randomly sampled input sequences. Input masked tokens
(blue) are given in brackets. Correctly predicted tokens are shown in green, incorrect but plausible predictions are
shown in brown. 48 weights have been modified in total for the Random and Outliers setups.
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Abstract

In an election campaign, political parties
pledge to implement various projects–should
they be elected. But do they follow through?
To track election pledges from parties’ election
manifestos, we need to distinguish between
pledges and general statements. In this paper,
we use election manifestos of Swedish and In-
dian political parties to learn neural models
that distinguish actual pledges from generic
political positions. Since pledges might vary
by election year and party, we implement a
Multi-Task Learning (MTL) setup, predicting
election year and manifesto’s party as auxil-
iary tasks. Pledges can also span several sen-
tences, so we use hierarchical models that in-
corporate contextual information. Lastly, we
evaluate the models in a Zero-Shot Learning
(ZSL) framework across countries and lan-
guages. Our results indicate that year and party
have predictive power even in ZSL, while con-
text introduces some noise. We finally discuss
the linguistic features of pledges.

1 Introduction
Before any election, political parties publish man-
ifestos that summarize their pledges to the voters.
The exact nature of those pledges varies. A single-
issue party might campaign on the same promise
year after year, but most parties will adapt to the
shifting trends and needs of the electorate. How-
ever, there is a difference between pledging and
fulfilling. Political scientists are highly interested
in whether pledges were fulfilled, a question that
is gaining a growing interest in the broader sci-
entific community (Naurin et al., 2019). Several
approaches exist, but they are primarily confined to
manual analysis of individual countries or elec-
tions. They indicate that governmental parties
mostly fulfill their election pledges (Naurin et al.,
2019; Thomson et al., 2017). However, there are

too many elections worldwide to analyze all cam-
paign pledges manually. We need automated ways
to identify pledges and hold governments account-
able systematically.

Checking whether a pledge was fulfilled still re-
quires manual work by trained political scientists,
but the first step–identifying pledges–is a problem
very much made for NLP, for at least two reasons.
First, NLP can automate pledge identification to
distinguish pledges from irrelevant content. This
allows the study of pledge fulfillment at scale. An
average election manifesto in our corpus has 418
sentences, but only 118 of them (27.5%) will con-
tain a pledge. The rest is filler material. It takes
several days to train an annotator, who then spends
around 6-8 hours on a single manifesto, to iden-
tify those 27.5% of pledges. Cutting down on this
laborious first part frees up time to focus on the
more complex issue of determining whether those
pledges were fulfilled. Second, NLP methods can
help us understand the linguistic style and commu-
nication strategies associated with election pledges.
This interpretation is necessary for social sciences
to understand how political messages are structured
and conveyed.

This paper presents neural pledge identification
models to address these two points. Our work is
part of a larger interdisciplinary project, “Mixed
methods for analyzing political parties’ promises
to voters during election campaigns.” We use a
data set of almost 13k sentences from election man-
ifestos concerning the last 25 years and 11 par-
ties from Sweden and India. Each sentence is an-
notated as including a pledge (“pledge”) or not
(“non-pledge”). We implement several deep neural
models based on BERT (Devlin et al., 2018). We
use its Swedish, English (for the Indian data), and
multi-lingual (mBERT) versions. We feed BERT’s
output into customized attention mechanisms to
detect specific pledge-related patterns. We com-
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Corpus Text Class

Swedish Vi i Centerpartiet är stolta över vad vi uppnått i regeringen. non-pledge
In the Center Party we are proud of what we achieved in the government.
Barnkonventionen ska göras till svensk lag. pledge
The Convention on the Rights of the Child shall be made Swedish law.

Indian They have neither competence nor commitment. non-pledge
Five new IITs will be established before 2005. pledge

Table 1: Examples of pledges and non-pledges from Swedish and Indian manifestos.

pare our neural models with a Logistic Regression
baseline that the deep models easily outperform.

However, pledges can not just depend on some
signal words or expressions. References to the
environment might be core pledges for one party,
but just commentary for another. Specific issues
will be pledge-worthy one year (think pandemic
responses), but not in others. To measure the ef-
fects of all of these confounds (i.e., election year
and party), we adopt a Multi-Task Learning (MTL)
framework. The main task is to classify sentences
as pledge or non-pledge, with auxiliary tasks pre-
dicting the year, party, or both. We identify the
conditions where MTL models with year and party
improve the models’ performance, indicating when
these two factors are useful confounds. There seem
to be stark differences between countries, though:
even using a multi-lingual approach (which has ac-
cess to more training data) does not improve on
language-specific approaches.

We are also interested in zero-shot learning, i.e.,
training models on data from a country and testing
it on a different country. This would allow us to
work on pledges from new countries directly, with-
out any previous manual annotation. It turns out
that the models perform reasonably well despite the
challenging conditions. However, the differences
between test countries indicate that pledges are not
as universal as we might think.

Surprisingly, we also find that incorporating a
context of any sort (that is, one or more sentences
preceding the target text) does not help but hurts
performance. Presumably, this happens because
pledges are rare, and context introduces more noise
than signal.

We are also interested in learning more about
pledges’ nature. I.e., what their linguistic features
and patterns are. To gain those insights, we extract
the Information Gain value (Forman, 2003) of 1–
4-grams and visualize the model’s decisions via

the Sampling and Occlusion (SOC) algorithm (Jin
et al., 2019). SOC provides a hierarchical view of
BERT’s most informative linguistic patterns in the
classification.

Our data and our models are available at https:
//github.com/MilaNLProc/mimac.

Contributions The contributions of this paper
are: 1) We provide a new, multi-lingual corpus
of election manifestos from Swedish and Indian
parties, annotated at sentence level as pledges or
non-pledges; 2) We are the first to apply neural
models to the task of election pledge classification,
accounting for confounds; 3) We provide insights
about the linguistic features of election pledges and
the models’ interpretation.

2 Data

We collect and annotate a corpus of election mani-
festos from two countries: Sweden and India. The
texts are in Swedish and English, respectively. We
provide some examples in Table 1.

The Swedish data contain 5098 instances from
9 parties and six elections, ranging from 1994 to
2014. The amount of pledges per manifesto is
32.09%. These texts are also part of the corpus of
the Manifesto Project (MP) (Volkens et al., 2012;
Merz et al., 2016, Section 7).

For all manifestos, we adopted the annotation
scheme of the Comparative Party Pledges Project
(CPPP) of Naurin et al. (2019) and Thomson et al.
(2017). This is a large international political sci-
ence project whose annotation scheme is the most
appropriate for identifying campaign promises,
which is the focus of our experimental designs.
In particular, following the CPPP scheme, we fur-
ther distinguish between broad and narrow pledges,
i.e., between generic and detailed commitments to
undertake determined actions. Based on this dis-
tinction, we ran additional experiments included in
the Appendix. We have 23.32% narrow and 8.77%
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Country Sweden India Both

Nr. manifestos 16 11 27
Nr. Parties. 9 2 11
Nr. elections’ year. 6 (1994-2014) 5 (1999-2019) 10 (1994-2019)
Mean sentences 318.62 702.64 475.07
Mean pledges 102.25 (32.09%) 172.27 (24.52%) 130.78 (27.53%)
Mean sentences’ length 15.00 20.70 18.43

Table 2: Corpora statistics.

broad pledges in the Swedish data.
The Indian texts contain 7729 sentences from

two parties and five election cycles from 1999 to
2019.1 Here, the annotators only distinguished sen-
tences including a narrow pledge from non-pledge
sentences, with a pledge rate of 24.52%.

In total, we have 12827 sentences and 3531
pledges (27.53%). Since we only have binary la-
bels for the Indian data, we combine broad and
narrow pledges in the Swedish corpus.2 Table 2
shows some corpora statistics.

2.1 Annotation process

In the CPPP scheme, an election pledge is a state-
ment that can be tested for fulfillment. Annotators
must therefore assess whether a statement refers to
an action or outcome that is verifiable, in the sense
that we can objectively determine whether it was
achieved. This definition also requires annotators
to have to contextual knowledge of the country and
specific information about the political situation in
each election campaign.

We therefore trained Swedish and Indian anno-
tators to label the Swedish and Indian manifestos
for our study, respectively. Four people were in-
volved in the annotation of the manifestos. Two
domain experts, one for each data set, conducted
the training. The two annotators interacted with
the two respective domain experts throughout the
annotation process to handle complicated cases.

To test agreement in the Indian data, three trained
annotators labeled 100 sentences. Their Krippen-
dorff’s α and Fleiss’s κ are 0.65. On the Swedish
data, two trained annotators labeled 100 sentences
again, with Krippendorff’s α and Cohen’s κ at 0.61.

1If referring to the data set, we will use Indian, but if
referring to the language, we use English.

2We trained binary classifiers for narrow pledges in a pilot
study, treating broad pledges as non-pledges. The performance
was slightly worse than in the case reported here due to a more
noisy “non-pledge” class and a more skewed class balance.
We include those results in the Appendix.

In both cases, the agreement can be considered as
‘substantial’ (Landis and Koch, 1977). Our results
are coherent with those reported by Naurin et al.
(2019).

3 Methods
We have three experimental conditions: 1) Swedish
texts alone, 2) Indian texts alone, and 3) Swedish
and Indian texts together (multilingual condition).

In conditions 1) and 2) we evaluate the models
on test sets from the same county (standard test
split), or from the respective other country, i.e.,
a Zero-Shot Learning (ZSL) condition. This is
not possible in the third condition, where the mod-
els are trained on data from both countries. We
use this last condition to see whether performance
improves with access to more training data and
whether pledges are comparable across countries.

As baselines, we train two Logistic Regression
(LR) models, optimized with the parameter C = 1,
based on TF-IDF-weighted Bag-Of-Words (BOW)
from 1− to 3−grams, with document frequency
range from 0.001 and 0.75. We feed the first models
with simple n−gram tokens.

However, we also hypothesized that pledges
could be expressed by formal grammatical patterns,
such as specific Parts-of-Speech (PoS) sequences or
verb tenses (future tense, modal verbs). Therefore,
we trained a second LR model, fed with tokens
incorporating the PoS information. Tables 3 and
4 show the performance. We evaluate our mod-
els with standard metrics: precision, recall, and
F1-measure averaged over the two classes.

3.1 Neural models

For the first two experimental conditions, we con-
sider separate, mono-lingual Swedish and English
BERT models and the multi-lingual (mBERT) ver-
sion. In the third experimental condition, where
we merge the two data sets, we can only use the
multi-lingual BERT.
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Acc. Prec. Rec. F1

Sweden 76.30 73.53 75.73 74.17
India 77.90 71.81 76.15 73.10
Both 77.28 72.88 76.57 73.90

Table 3: Logistic Regression with tokens’ n−grams.

Acc. Prec. Rec. F1

Sweden 75.48 72.03 72.77 72.36
India 78.12 71.90 75.98 73.18
Both 75.83 71.22 74.52 72.14

Table 4: Logistic Regression with tokens + PoS’
n−grams.

Single-Task Learning. Our base models are bi-
nary classifiers, i.e., single-tasks (STL) models.
Standard BERT classifiers perform the task with a
fully connected layer on top of BERT’s output. In
contrast, we reframe BERT’s [CLS] token repre-
sentation as a single-row matrix, and feed it into
a single-layer, single-head Transformer (Vaswani
et al., 2017). Our pilot studies found that this spe-
cialized structure allows us to detect specific pledge
patterns from the BERT representation more ef-
fectively than a standard dense output layer alone.
Finally, the Transformer is connected to a dense
output layer for the prediction.

Multi-Task Learning. We implement three dif-
ferent MTL versions, differing by the auxiliary
task combinations. We have two potential auxiliary
tasks: predicting the election year and the party
that produced the manifesto. We add a further
dense output layer to the base model to perform
the MTL tasks: 1) predicting the election year, 2)
the party, or 3) both. We use the mean of the task
losses for error-backpropagation in the MTL net-
works. Since their magnitude is bounded by the
fact that all predictions are probability distributions,
no normalization is needed. Figure 1 (left) shows
the scheme of the MTL models.

Contextual models. We also build models con-
sidering the sentence preceding the target text as
context, allowing us to test its impact on clas-
sification performance. We incorporate the con-
text sentence in two state-of-the-art ways: through
pair-BERT, which accepts two texts as input, and
through a hierarchical model. In the first case, the
model is structurally equivalent to the base model:

only the input representation for BERT changes
to include two sentences, separated by the separa-
tor token [SEP]. In the second case, we stack the
representations of the BERT classification tokens
([CLS]) of both context and target sentences and
feed them into a Transformer connected to a dense
layer that gives the output. Figure 1 (right) depicts
its structure.

Figure 1: Left: STL and MTL model scheme. STL:
black boxes. MTL with one auxiliary task: black + red
or black + blue boxes. MTL with two auxiliary tasks:
all boxes. Right: Hierarchical models’ scheme

Settings and significance tests. To reduce the
variability of the models’ random initialization and
make our results more robust, we run ten repeats
for each experimental condition and compute the
overall performance. To test the significance of
the improvements over the base model, we use a
bootstrap sampling test on all runs (Søgaard et al.,
2014), with 1000 loops and a sample size of 30%.

For each experiment, we run 10-fold cross-
validation. In each fold, we use 80% of texts as
the training set, 10% for the development, and 10%
for the test. In the ZSL experiments, we use 90%
and 10% of a data set for training and development,
respectively, and the whole other data set as the test
set.

For the main task, the loss function is the binary
(sigmoid) cross-entropy; it is the (soft-max) cross-
entropy for the auxiliary tasks. We use the Adam
optimizer (Kingma and Ba, 2014). We select the
models through early-stopping that requires the
development set’s loss to drop by less than 8%
for five consecutive epochs. Our learning rate is
0.002, drop-out probability 0.3, and batch size 512,
manually tuned. The attention mechanisms that
analyze BERT’s outputs are single-layer, single-
head Transformers.

4 Experiments
We report results on all models for each of the
three experimental conditions: 1) Swedish corpus
encoded with Swedish and multi-lingual BERT (Ta-
ble 5); 2) Indian corpus encoded with English and
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BERT Task Target acc prec rec f1

Swedish STL Sweden 87.01 85.19 84.87 85.03
Swedish MTL Party Sweden 87.11 85.35 84.89 85.12
Swedish MTL Year Sweden 87.07 85.37 84.74 85.04
Swedish MTL Party + Year Sweden 87.05 85.45 84.51 84.95

Multilingual STL Sweden 81.94 79.57 78.20 78.81
Multilingual MTL Party Sweden 81.78 79.35 78.10 78.66
Multilingual MTL Year Sweden 82.05 79.77 78.14 78.85
Multilingual MTL Party + Year Sweden 81.83 79.55 77.80 78.54

Multilingual STL India (0-shot) 73.15 68.78 74.34 69.27
Multilingual MTL Party India (0-shot) 75.33 ** 69.24 * 73.45 70.31 **
Multilingual MTL Year India (0-shot) 74.4 ** 69.08 74.05 69.96 **
Multilingual MTL Party + Year India (0-shot) 75.67 ** 69.17 * 72.83 70.25 **

Table 5: Training data set: Sweden. Language: Swedish. Significance of MTL over STL: ∗∗ : p ≤ 0.01; ∗ : p ≤
0.05

BERT Task Target acc prec rec f1

English STL India 83.74 78.98 74.57 76.31
English MTL Party India 83.63 78.71 74.64 76.27
English MTL Year India 83.91 79.62 * 74.1 76.16
English MTL Party + Year India 83.89 78.84 75.68 ** 77.02 *

Multilingual STL India 83.49 78.08 75.64 76.71
Multilingual MTL Party India 83.48 78.41 74.58 76.14
Multilingual MTL Year India 83.70 78.81 * 74.78 76.41
Multilingual MTL Party + Year India 83.69 78.75 ** 74.84 76.42

Multilingual STL Sweden (0-shot) 73.57 75.32 60.73 60.44
Multilingual MTL Party Sweden (0-shot) 72.29 76.19 57.95 56.05
Multilingual MTL Year Sweden (0-shot) 72.28 76.32 * 57.91 55.98
Multilingual MTL Party + Year Sweden (0-shot) 72.69 76.58 * 58.63 57.12

Table 6: Training data set: India. Language: English. Significance of MTL over STL: ∗∗ : p ≤ 0.01; ∗ : p ≤ 0.05

BERT Task Target acc prec rec f1

Multilingual STL Both 82.74 78.70 76.84 77.67
Multilingual MTL Party Both 82.80 79.05 76.17 77.37
Multilingual MTL Year Both 82.53 78.48 76.42 77.32
Multilingual MTL Party + Year Both 82.73 78.91 76.19 77.33

Table 7: Data set: Sweden & India. Language: Swedish and English.

multi-lingual BERT (Table 6); and 3) the joint
Swedish and Indian data together, encoded with
multi-lingual BERT (Table 7).

For each of these conditions, we train a baseline
Logistic Regression model (Section 3)—an STL
base model as described in Section 3.1—and com-
pare them with MTL and contextual models. Since

all the models outperform the Logistic Regression
baselines, we report significance levels concerning
the improvement over the STL models.

5 Results

We see a substantial performance difference be-
tween the two BERT encodings (Swedish and
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mBERT) regarding the Swedish data. The Swedish
version outperforms the multi-lingual one and
reaches the best performance of the experiments
(Table 5).

We do not see the same performance difference
in the Indian data, where English and multi-lingual
BERT produce similar outcomes, with the multi-
lingual even slightly better. Results are generally
lower than those for the Swedish data (Table 6).

To interpret this performance gap, we need to
consider the differences between the two corpora.
As shown in Table 2, the Swedish and Indian data
sets differ remarkably in terms of the number of
parties and manifestos. Within each manifesto, the
two data sets also contain a remarkably different
number of sentences, pledges, and words in each
sentence. In particular, the Indian data set contains
a lower pledge rate than the Swedish data. This
reduced amount of training examples prevents a
direct comparison between the models trained on
the two corpora.

As expected, the results of the multi-lingual
model trained on the joint data set lie between the
respective multi-lingual models on the two data sets
separately. So while the Swedish BERT is more
effective than the multi-lingual one on Swedish
texts, the amount of data in the multi-lingual lan-
guage model presumably counteracts the lack of
annotated data in the Indian data set.

MTL vs STL. The MTL models are effective in
several cases.First, they help in the ZSL conditions.
This suggests that training the models to contextual-
ize the notion of a pledge for party and year reduces
overfitting. Also, when effective, MTL models im-
prove precision. This is an expected effect, as the
models learn to detect pledges as well as historical
periods and political areas. This is an interesting
feature for ZSL, where confidence in identified pos-
itive cases is more valuable than a good recall. In
fact, even though models maximizing recall would
make the human activity of pledge identification
easier, in terms of downstream pledge fulfillment
verification, it is preferable to start from a smaller
set of texts that are likely to be true pledges.

Furthermore, in ZSL, by definition, the years
and parties of the target country differ from those
of the training country. Therefore, the auxiliary
predictions for the training country are not relevant
to the target country. This is the reason why we
frame the problem as multi-task rather than multi-
input: we could not have fed the models with test

data from unseen countries/election campaigns in
multi-input. Nevertheless, models trained to dis-
tinguish between different contexts for years and
parties can effectively transfer this knowledge to en-
tirely different test data, improving the predictions’
precision. This suggests that some generalization
is possible, even in front of different dependent
variables.

We also tested the MTL models in the case of a
reduced amount of data. In particular, we trained
models considering the election manifestos from
2000 only. We found that the MTL contributes
more strongly under those conditions. The results
of these experiments are included in the Appendix.

Does Context Help? In a word, no. While a
disappointing outcome, we find it important to in-
clude this finding here, as it goes very much against
both intuition and prior research. Bilbao-Jayo and
Almeida (2018), for example, found that contextual
information is helpful when classifying political
topics (see Section 7). Election pledges seem to
be more self-contained statements, relying on lin-
guistic formulas that make them recognizable (and
probably memorizable) regardless of their linguis-
tic context (Section 6).

We explored two different models to incorporate
the sentence preceding the target texts. In both
cases, though, we consistently find that the previous
sentence’s contextual information adds more noise
than a helpful signal for prediction. The decrease
ranges from moderate to drastic (up to 10 points in
F1), particularly for the pair-BERT models where,
by design, target and context representations are not
trainable. The hierarchical models’ performance is
more stable, but the context does not improve the
performance.

6 The language of pledges

To better understand the pledges’ linguistic fea-
tures, we follow two strategies: 1) computing the
Information Gain (IG) of word n-grams, and 2) us-
ing the Sampling and Occlusion (SOC) algorithm
(Jin et al., 2019).

Information Gain measures the entropy of (se-
quences of) terms between the different classes.
The more skewed a set of terms is towards one label
class at the other’s expense, the higher the IG value.
Tables 8 and 9 show the trigrams with the highest
IG values (and relative frequencies), divided ac-
cording to the class of which they are indicative,
i.e., where they are more frequently found. While
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IG Fr.

Vi vill också 0.013561 21
Ett införande av 0.008383 13
• Ett införande 0.008383 13
• Ett utökat 0.005799 9
Ett utökat stöd 0.004509 7
• En satsning 0.004509 7
• En utökad 0.004509 7
utökat stöd till 0.004509 7
utökad satsning på 0.004509 7
så att det 0.004177 10

IG Fr.

Alliansen har följande 0.005713 26
har följande skarpa 0.004391 20
följande skarpa förslag 0.004391 20
I vårt Sverige 0.004205 41
vill under kommande 0.003072 14
ska vara ett 0.003072 14
Alliansen vill under 0.003072 14
under kommande mandatperiod 0.003072 14
kommande mandatperiod att: 0.003072 14
Det är en 0.002632 12

Table 8: Swedish tri-grams indicative of pledge (left) and non-pledge (right)

IG Fr.

will be set 0.020450 49
be set up 0.017386 41
will be launched 0.015698 26
will set up 0.014979 20
the next five 0.013200 23
in the next 0.011840 19
set up a 0.011294 27
in five years. 0.010608 15
be launched to 0.010163 17
over the next 0.009743 14

IG Fr.

It is the 0.006252 40
the Congress that 0.005938 38
is the Congress 0.005311 34
National Congress will 0.004462 95
will be made 0.003918 63
The Congress will 0.003897 60
the Congress is 0.003744 24
A time to 0.003431 22
has always been 0.003275 21
It is a 0.002962 19

Table 9: Indian tri-grams indicative of pledge (left) and non-pledge (right)

we computed the IG score from 1−−5-grams, we
show only tri-grams here for illustration. They rep-
resent the best trade-off between meaningful and
frequent chunks of text. For the complete transla-
tion of the Swedish texts, see the Appendix.

These n-grams suggest that a formulaic language
characterizes election pledges: stereotypical ex-
pressions characterize specific sentences as pledges.
For example, in the Swedish data set, the bullet is a
clear marker that introduces statements containing
some form of commitment. We also find expres-
sions indicating volition (“Vi vill också” – “We
also want...”), consequences (“så att det” – “So
that...”), future (“will be set”, “will be launched”)
and determined temporal horizons (“in five years”,
”over the next”). In contrast, both in the Indian
and the Swedish data, references to political enti-
ties such as parties (“Alliansen”), congresses (”Na-
tional Congress”) and even countries (“Sverige”,
“India”) are associated with non-pledge texts: they
refer, more probably, to broad political positions or
to claims about the past (“has always been”, “ska
vara ett” – “should be one”).

Interestingly, the phrase “skarpa förslag” does
not signal pledges, even though it means “specific
policy proposals” (which are essentially the same
as pledges). This distinction indicates that this
phrase merely introduces pledges or provides a
strong language for un-testable policy statements
(such as “we promise safety to all children” or
“we will put forward strict legislation to make our
country safe again”).

Given the relatively limited frequency of the se-
lected n-grams, we did not measure the IG strat-
ification by party and/or election year. However,
given the relative MTL models’ success, we hy-
pothesize that, with more data, it will be possible
to identify specific trends for political areas and
historical moments.

Aware that the patterns detected by the neural
models are not necessarily interpretable in terms
of human common sense, we also wanted to high-
light the words that the models find to be the most
influential for their output. These patterns can feed-
back into the interpretation of pledge structures and
mechanisms by social scientists.
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Figure 2: Output of the SOC algorithm on the Swedish corpus. The red terms predict Pledge, the blue ones predict
Non-pledge.
Non-pledge translation: ‘We in the center party are proud of what we have achieved in the government.’
Pledge translation: ‘The Convention on the Children’s Rights shall be made Swedish law.’

Figure 3: Output of the SOC algorithm on the English corpus. The red terms predict Pledge, the blue ones predict
Non-pledge.

We also use the Sampling and Occlusion (SOC)
algorithm (Jin et al., 2019), a post-hoc explanation
algorithm that measures the importance of specific
words in a sentence by considering the prediction
difference after replacing each word with a MASK
token (Jin et al., 2019). Since the outcomes depend
on the context words, but Jin et al. (2019) are inter-
ested in the single words’ relevance, they do not use
the whole context but sample words from it. In this
way, they reduce the context weight, emphasizing
that of the word itself.

Figure 2 and 3 show four examples of correctly
classified sentences, two pledges and two non-
pledges from Swedish and English language respec-
tively (the same as shown in Table 1). The model
interprets the red words as indicative of pledges, the
blue ones of non-pledges. However, they cannot
be interpreted as representative of the overall mod-
els’ functioning. Even so, they show how generic
words such as “stolta” (“proud”) are indicative of
non-pledges, while expressions indicating commit-
ment (“ska göras till” – “to be made to”) and con-

crete topics (“Barnkonventionen” – “Convention
on Children’s Rights”) are signals for pledges.

7 Related Work

In political sciences, the elections that we consider
have been extensively studied by Håkansson and
Naurin (2016), Lindvall et al. (2020) and Adhikari
et al. (2020). Moreover, applying NLP methods
to the analysis of political parties’ statements has
recently developed into an active field of research,
with various groups investing in creating dedicated
corpora and annotating them for specific purposes.

The Manifesto Project (MP) (Volkens et al.,
2012; Merz et al., 2016) collects electoral pro-
grams from more than 50 countries for democratic
elections since 1945, making it a notable initiative
within the field. It provides data on different man-
ifesto aspects in several countries and over time.
Recently, the Comparative Party Pledges Project
(CPPP) of Naurin et al. (2019) has added detailed
qualitative coding of what exactly pledges are made
of (Naurin and Thomson, 2020).

3413



Subramanian et al. (2018) study the MP data,
addressing the identification of fine- vs. coarse-
grained positions taken by political parties. Despite
the different classification task, similarly to our
study, they adopt hierarchical models that encode
the texts’ structure, finding that contextual informa-
tion improves the models’ performance. However,
they train bi-LSTM networks from scratch, while
we rely on pre-trained BERT language models.

Bilbao-Jayo and Almeida (2018) also work on
the MP corpus, applying multi-input Convolutional
Neural Networks (CNN) that take into account the
statements’ context, analogously to our study. They
seek to classify the texts according to seven topics
corresponding to general areas of interest.

We partially use the same data as the MP, as we
study Swedish manifestos included in that data set.
However, we are specifically interested in the iden-
tification of election pledges. This is similar to the
task studied by Subramanian et al. (2019a). They
focus on eleven Australian federal election cycles
and distinguish rhetorical (broad) from detailed
(narrow) pledges. The annotation of the Swedish
texts considers this distinction, while the annotated
Indian texts of our corpus do not (Section 2). Sub-
ramanian et al. (2019a) use a bidirectional Gated
Recurrent Unit (biGRU) to carry out the prediction
over ordinal classes.

From a methodological point of view, our ap-
proach is related to that of Abercrombie et al.
(2019), which also uses BERT. They work on mo-
tions tabled in the UK Parliament and find that
BERT effectively detects specific categories of pro-
posals in the politicians’ speeches.

Concerning the MTL methods, our study is anal-
ogous to that of Subramanian et al. (2019b). They
consider texts from the 2016 Australian election
and propose a new annotation scheme for differ-
ent speech acts. They also perform the classifica-
tion task using biGRU networks with ELMo em-
beddings (Peters et al., 2018), relying on a MTL
framework in which the auxiliary task is the party
prediction: this is also one of our experimental
conditions.

8 Conclusion
We propose deep neural models that combine pre-
trained language models and trainable attention
mechanisms to identify election pledges in party
manifestos. We find that these models outper-
form a non-neural baseline. Even in zero-shot
cross-lingual conditions (with some contribution by

the MTL methods), the performance of the multi-
lingual models indicates that we could identify
pledges in low-resource languages.

Finally, we gained some insight into election
pledges’ linguistic profile. They are self-contained
statements, independent of the context in which
they appear. They are likely to be characterized
by formulaic expressions that express commitment,
intentions, and temporal terms concerning concrete
topics. These results stem from close interdisci-
plinary cooperation between political scientists and
NLP researchers.

Pledge identification is the first step for future
downstream NLP tasks within the theoretical frame-
work of political science, which is typically inter-
ested in societal developments and explanations
such as pledge fulfillment and power distribution in
democracies. For example, the fine-grained study
of topics, biases, and the temporal evolution of
election pledges. Our results provide a blueprint
for successful future research in that vein.
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A Appendix
A.1 Logistic regression baseline with Broad pledges collapsed to Non-pledges

Acc. Prec. Rec. F1

Sweden 77.74 70.94 75.65 72.31
India 77.90 71.81 76.15 73.10
Both 77.45 71.53 76.71 72.83

A.2 Experiments with Broad pledges collapsed to Non-pledges: Tables 1, 2, 3

BERT Task Target acc prec rec f1

Swedish STL Sweden 87.97 83.78 81.68 82.65
Swedish MTL Party Sweden 87.94 83.74 81.64 82.61
Swedish MTL Year Sweden 88.17 84.24 81.65 82.82
Swedish MTL Party + Year Sweden 88.09 84.22 81.33 82.63

Multilingual STL Sweden 83.51 77.68 73.42 75.11
Multilingual MTL Party Sweden 83.60 77.98 73.14 75.01
Multilingual MTL Year Sweden 83.47 77.65 73.26 75.00
Multilingual MTL Party + Year Sweden 83.55 77.92 73.03 74.91

Multilingual STL India (0-shot) 76.82 70.59 74.68 71.79
Multilingual MTL Party India (0-shot) 79.06 ** 71.95 ** 73.23 72.53 **
Multilingual MTL Year India (0-shot) 77.19 * 70.54 73.89 71.67
Multilingual MTL Party + Year India (0-shot) 78.79 ** 71.72 ** 73.38 72.44 **

Table 10: Data set: Sweden. Language: Swedish. Significance: ∗∗ : p ≤ 0.01; ∗ : p ≤ 0.05

BERT Task Target acc prec rec f1

English STL India 83.81 79.10 74.65 76.41
English MTL Party India 83.82 79.27 74.37 76.26
English MTL Year India 83.86 79.51 74.08 76.11
English MTL Party + Year India 83.88 79.04 75.12 76.72

Multilingual STL India 83.52 78.44 74.74 76.25
Multilingual MTL Party India 83.58 78.58 74.73 76.29
Multilingual MTL Year India 83.60 78.72 74.47 76.16
Multilingual MTL Party + Year India 83.66 78.70 74.81 76.39

Multilingual STL Sweden (0-shot) 80.46 76.69 61.66 63.53
Multilingual MTL Party Sweden (0-shot) 79.72 78.23 * 58.52 59.15
Multilingual MTL Year Sweden (0-shot) 79.69 78.4 ** 58.39 58.95
Multilingual MTL Party + Year Sweden (0-shot) 79.50 78.06 * 57.94 58.27

Table 11: Data set: India. Language: English. Significance: ∗∗ : p ≤ 0.01; ∗ : p ≤ 0.05

BERT Task Target acc prec rec f1

Multilingual STL Both 83.58 78.66 73.39 75.37
Multilingual MTL Party Both 83.73 78.34 74.91 ** 76.34 **
Multilingual MTL Year Both 83.48 77.92 74.71 ** 76.06 **
Multilingual MTL Party + Year Both 83.74 78.59 74.35 ** 76.04 **

Table 12: Data set: Sweden & India. Language: Swedish and English. Significance: ∗∗ : p ≤ 0.01; ∗ : p ≤ 0.05
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A.3 Experiments considering elections from 2000 only: Tables 4, 5, 6

BERT Task Target acc prec rec f1

Swedish STL Sweden 86.62 84.93 84.48 84.70
Swedish MTL Party Sweden 86.79 85.2 84.52 84.85
Swedish MTL Year Sweden 86.83 85.33 84.42 84.84
Swedish MTL Party + Year Sweden 86.89 85.4 * 84.49 84.91

Multilingual STL Sweden 81.89 79.75 78.29 78.92
Multilingual MTL Party Sweden 81.92 79.78 78.33 78.96
Multilingual MTL Year Sweden 82.11 79.91 78.8 * 79.30
Multilingual MTL Party + Year Sweden 82.20 80.26 78.36 79.15

Multilingual STL India (0-shot) 75.44 69.49 73.71 70.56
Multilingual MTL Party India (0-shot) 76.38 ** 69.74 72.93 70.8
Multilingual MTL Year India (0-shot) 76.1 ** 69.95 ** 73.93 71.07 **
Multilingual MTL Party + Year India (0-shot) 76.22 ** 70.13 ** 74.19 * 71.26 **

Table 13: Data set: Sweden from 2000. Language: Swedish. Significance: ∗∗ : p ≤ 0.01; ∗ : p ≤ 0.05

BERT Task Target acc prec rec f1

English STL India 83.46 78.23 75.50 76.68
English MTL Party India 83.51 78.75 74.39 76.11
English MTL Year India 83.44 78.32 75.09 76.44
English MTL Party + Year India 83.58 78.52 75.37 76.69

Multilingual STL India 83.59 78.43 75.66 76.85
Multilingual MTL Party India 83.70 78.73 75.44 76.81
Multilingual MTL Year India 83.65 78.90 74.74 76.40
Multilingual MTL Party + Year India 83.66 78.55 75.67 76.91

Multilingual STL Sweden (0-shot) 74.32 72.77 64.72 65.7
Multilingual MTL Party Sweden (0-shot) 73.32 74.68 ** 61.29 61.15
Multilingual MTL Year Sweden (0-shot) 71.92 75.11 ** 58.37 56.66
Multilingual MTL Party + Year Sweden (0-shot) 74.86 * 73.51 65.49 * 66.6 *

Table 14: Data set: India from 2000. Language: English. Significance: ∗∗ : p ≤ 0.01; ∗ : p ≤ 0.05

BERT Task Target acc prec rec f1

Multilingual STL Both 83.06 79.54 76.7 77.88
Multilingual MTL Party Both 83.28 79.76 77.17 * 78.27 *
Multilingual MTL Year Both 83.23 79.69 77.08 * 78.19
Multilingual MTL Party + Year Both 83.23 79.55 77.43 ** 78.36 *

Table 15: Data set: Sweden & India from 2000. Language: Swedish and English. Significance: ∗∗ : p ≤ 0.01; ∗ :
p ≤ 0.05
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A.4 Experiments with Contextual models: pair-BERT and Hierarchical Transformers: Tables 7,
8, 9

BERT Task Target acc prec rec f1

Swedish Hier. T. - no context Sweden 87.06 85.21 85.01 85.11
Swedish Hier. T. - prev. sentence Sweden 86.35 84.41 84.16 84.28

Swedish single-BERT - no context Sweden 87.19 85.34 85.22 85.28
Swedish pair-BERT - prev. sentence Sweden 80.87 78.12 77.62 77.86
Multilingual Hier. T. - no context Sweden 81.46 79.20 77.12 77.98
Multilingual Hier. T. - prev. sentence Sweden 81.07 78.42 77.58 77.97

Multilingual single-BERT - no context Sweden 81.72 79.32 77.92 78.54
Multilingual pair-BERT - prev. sentence Sweden 78.52 75.53 73.96 74.61
Multilingual Hier. T. - no context India (0-shot) 74.67 69.17 73.99 70.12
Multilingual Hier. T. - prev. sentence India (0-shot) 77.77 ** 70.06 ** 70.42 70.23

Multilingual single-BERT - no context India (0-shot) 73.14 67.95 72.76 68.66
Multilingual pair-BERT - prev. sentence India (0-shot) 63.73 65.52 70.87 61.87

Table 16: Data set: Sweden. Language: Swedish. Significance: ∗∗ : p ≤ 0.01; ∗ : p ≤ 0.05

BERT Task Target acc prec rec f1

English Hier. T. - no context India 83.91 79.36 74.59 76.44
English Hier. T. - prev. sentence India 83.53 78.61 74.39 76.07

English single-BERT - no context India 83.76 79.14 74.36 76.21
English pair-BERT - prev. sentence India 79.02 72.06 64.65 66.49
Multilingual Hier. T. - no context India 83.61 78.69 74.58 76.23
Multilingual Hier. T. - prev. sentence India 82.85 77.22 74.45 75.63

Multilingual single-BERT - no context India 83.56 78.58 74.63 76.23
Multilingual pair-BERT - prev. sentence India 79.63 72.61 67.71 69.36
Multilingual Hier. T. - no context Sweden (0-shot) 72.39 76.44 58.09 56.25
Multilingual Hier. T. - prev. sentence Sweden (0-shot) 73.42 ** 75.94 60.22 ** 59.65 **

Multilingual single-BERT - no context Sweden (0-shot) 72.50 74.68 58.71 57.41
Multilingual pair-BERT - prev. sentence Sweden (0-shot) 68.84 74.56 51.69 44.29

Table 17: Data set: India. Language: English. Significance: ∗∗ : p ≤ 0.01; ∗ : p ≤ 0.05

BERT Task Target acc prec rec f1

Multilingual Hier. T. - no context Both 82.64 78.84 75.94 77.14
Multilingual Hier. T. - prev. sentence Both 82.30 78.65 74.85 76.33

Multilingual single-BERT - no context Both 82.53 78.91 75.31 76.73
Multilingual pair-BERT - prev. sentence Both 78.95 73.92 70.20 71.54

Table 18: Data set: Sweden & India. Language: Swedish and English. Significance: ∗∗ : p ≤ 0.01; ∗ : p ≤ 0.05
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A.5 Examples of n-grams and relative IG value: Table 10

IG Fr.

Vi vill också 0.013561 21
We also want
Ett införande av 0.008383 13
An introduction of
• Ett införande 0.008383 13
An introduction
• Ett utökat 0.005799 9
An extended
Ett utökat stöd 0.004509 7
An extended support
• En satsning 0.004509 7
A investment
• En utökad 0.004509 7
An extended
utökat stöd till 0.004509 7
extended support for
utökad satsning på 0.004509 7
extended investment on
så att det 0.004177 10
so that it

IG Fr.

Alliansen har följande 0.005713 26
The alliance has the following
har följande skarpa 0.004391 20
has following sharp
följande skarpa förslag 0.004391 20
the following sharp suggestions
I vårt Sverige 0.004205 41
In our Sweden
vill under kommande 0.003072 14
want during coming
ska vara ett 0.003072 14
should be one
Alliansen vill under 0.003072 14
The Alliance wants during
under kommande mandatperiod 0.003072 14
during the coming term of office
kommande mandatperiod att 0.003072 14
forthcoming term of office that
Det är en 0.002632 12
It is a

Table 19: Swedish tri-grams indicative of pledge (left) and non-pledge (right)
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Abstract

Methodologies for training visual question an-
swering (VQA) models assume the availabil-
ity of datasets with human-annotated Image-
Question-Answer (I-Q-A) triplets. This has
led to heavy reliance on datasets and a lack of
generalization to new types of questions and
scenes. Linguistic priors along with biases and
errors due to annotator subjectivity have been
shown to percolate into VQA models trained
on such samples. We study whether models
can be trained without any human-annotated
Q-A pairs, but only with images and their as-
sociated textual descriptions or captions. We
present a method to train models with syn-
thetic Q-A pairs generated procedurally from
captions. Additionally, we demonstrate the ef-
ficacy of spatial-pyramid image patches as a
simple but effective alternative to dense and
costly object bounding box annotations used
in existing VQA models. Our experiments on
three VQA benchmarks demonstrate the effi-
cacy of this weakly-supervised approach, espe-
cially on the VQA-CP challenge, which tests
performance under changing linguistic priors.

1 Introduction

Since Visual Question Answering (VQA) was first
proposed as a Turing test (Malinowski and Fritz,
2014), several human-annotated datasets (Mo-
gadala et al., 2019) have been used to train and
evaluate VQA models. Unfortunately, heavy re-
liance on these datasets for training has the un-
wanted side-effects of bias towards answer styles,
question-types (Chao et al., 2018), and spurious
correlations with language priors (Agrawal et al.,
2018). Similar findings have been reported for nat-
ural language tasks (Gururangan et al., 2018; Niven
and Kao, 2019; Kaushik et al., 2020). Evaluating
VQA models on test-sets that are very similar to
training sets is deceptive and inadequate and not an
accurate measure of robustness.

To address this, one line of work has focused
on balancing, de-biasing, and diversifying sam-
ples (Goyal et al., 2017; Zhang et al., 2016). How-
ever, crowd-sourcing “unbiased” labels is difficult
and costly; it requires a well-designed annotation
interface and a large-scale annotation effort with
dedicated and able annotators (Sakaguchi et al.,
2020). The alternative (that this paper aligns itself
with) is to avoid the use of explicit human anno-
tations and instead to train models in an unsuper-
vised manner by synthesizing training data. These
techniques, coined unsupervised1, come with many
advantages – human bias and subjectivity are re-
duced; the techniques are largely domain-agnostic
and can be transferred from one language to an-
other (low resource languages) or from one visual
domain to another. For instance, template-based Q-
A generation developed for synthetic blocks-world
images in CLEVR (Johnson et al., 2017) can also
be used to generate Q-A pairs for natural complex
scenes in GQA (Hudson and Manning, 2019) or
the referring-expressions task (Liu et al., 2019).

In this work, we train VQA models without
using human-annotated Q-A pairs. Instead, we
rely on weak supervision from image-captioning
datasets, which provide multi-perspective, concise,
and less subjective descriptions of visible objects
in an image. We procedurally generate Q-A pairs
from these captions and train models using this syn-
thetic data, and only evaluate them on established
human-annotated VQA benchmarks.

Why Captions? Image captioning, like VQA,
has been a central area of vision-and-language re-
search. Datasets such as MS-COCO (Lin et al.,
2014; Chen et al., 2015) contain captions that de-
scribe objects and actions in images of everyday
scenes. During the construction of MS-COCO,
human captioners were instructed to refrain from
describing past and future events or “what a per-
son might say”. On the other hand, annotators of
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VQA (Antol et al., 2015) were instructed to ask
questions that “a smart robot cannot answer, but a
human can” and “interesting” questions that may
require “commonsense”. Different sets of annota-
tors provided answers to these questions and were
allowed to speculate or even guess an answer that
most people would agree on. It has also been shown
that multiple answers may exist for questions in
common VQA datasets (Bhattacharya et al., 2019).

In Figure 2, the first VQA-v2 question asks how
many doors the car has. Although commonsense
(and linguistic priors) would suggest that “Most
cars have four doors”, only two doors can be seen
in the image. What should the model predict, two
or four? The second question is subjective and has
multiple contradicting answers from different an-
notators (where one should draw the line between
opaque, transparent, or reflective is not very clear).
Similarly, the first GQA question is ambiguous and
could refer to either the skier or the photographer.

Thus the very nature of the data-collection pro-
cedure and instructions for VQA brings in human
subjectivity and linguistic bias as compared to cap-
tion annotations, which are designed to be simple,
precise, and non-speculative. Motivated by this, we
study the benefits of using captions to synthesize
Q-A pairs, using three types of methods:

1. template-based methods similar to (Ren et al.,
2015a; Gokhale et al., 2020b),

2. paraphrasing and back-translation (Sennrich
et al., 2016) which provide linguistic varia-
tion,

3. synthesis of questions about image semantics
using the QA-SRL (He et al., 2015) approach.

Since our Q-A pairs are created synthetically, there
does exist a domain shift as well as label (answer)
shift from evaluation datasets such as VQA-v2 and
GQA as shown in Figure 2, thus posing challenges
to this weakly-supervised method.

We evaluate two models, UpDown (Anderson
et al., 2018) and a transformer-encoder (Vaswani
et al., 2017) based model pre-trained on synthetic
Q-A pairs and image-caption matching task. To
remove the dependence on object bounding-boxes
and labels needed to extract object features, we
propose spatial pyramids of image patches as a
simple and effective alternative.

To the best of our knowledge, this is the first
work on the unsupervised1 visual question answer-
ing, with the following contributions:

1adhering to the usage of this term in Lewis et al. (2019a).
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(a) Only Domain Shift (b) Only Label Shift (c) Both

Figure 1: Aspects of generalization in VQA.

• We introduce a framework for synthesizing
(Question, Answer) pairs from captions.

• Since synthetic samples (unlike popular
benchmarks) include multi-word answer
phrases, we propose a sub-phrase weighted-
answer loss to mitigate bias towards such
multi-word answers.

• We propose pre-training tasks that use spatial
pyramids of image-patches instead of object
bounding-boxes, further removing the depen-
dence on human annotations.

• Extensive experiments and analyses under
zero-shot transfer and fully-supervised set-
tings on VQA-v2, VQA-CP, and GQA show
our model’s efficacy and establish a strong
baseline for future work on unsupervised vi-
sual question answering.

2 Related Work

Robustness in VQA can be defined as shown in
Figure 1 under two situations: domain shift and
label shift. Under domain shift, generalization to
a new input domain (such as different styles of
questions or novel scenes) is desired, characterized
by S ∩ T 6= T where S and T denote the train
and test input domains. Under label shift, gener-
alization to novel answers is desired (predicting
answers not seen during training), characterized by
AS ∩ AT 6= AT , where AS and AT are the set of
answers seen during training and test-time.

Performance under domain shift has been evalu-
ated for new domains of test questions with unseen
words and objects (Teney and Hengel, 2016; Ra-
makrishnan et al., 2017), novel compositions (John-
son et al., 2017; Agrawal et al., 2017), logical
connectives (Gokhale et al., 2020b), as well as
questions that are implied (Ribeiro et al., 2019),
entailed (Ray et al., 2019) or sub-questions (Sel-
varaju et al., 2020); or for datasets with varying
linguistic styles (Chao et al., 2018; Xu et al., 2020;
Shrestha et al., 2019) and different reasoning capa-
bilities (Kafle and Kanan, 2017).

Label shift or Prior Probability Shift (Storkey,
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Figure 2: Examples of images and human-annotated Q-A pairs from VQA and GQA and our synthetic Q-A pairs.

2009) has been implicitly explored in VQA-
CP (Agrawal et al., 2018), where the conditional
probabilities of answers given the question type
deviate at test-time. Teney et al. (2020c) have iden-
tified several pitfalls associated with the models
and evaluation criteria for VQA-CP.

Unsupervised Extractive QA in which aligned
(context, question, answer) triplets are not available,
has been studied (Lewis et al., 2019b; Banerjee and
Baral, 2020; Rennie et al., 2020; Fabbri et al., 2020;
Li et al., 2020; Banerjee et al., 2021) by training
models on procedurally generated Q-A pairs. Cap-
tions have been used to generate Q-A pairs for
logical understanding (Gokhale et al., 2020b) and
commonsense video understanding (Fang et al.,
2020a). Li et al. (2018); Krishna et al. (2019) have
explored Visual Question Generation from an input
image and answer.

Weak supervision is an active area of research;
for instance in action/object localization (Song
et al., 2014; Zhou et al., 2016) and semantic seg-
mentation (Khoreva et al., 2017; Zhang et al., 2017)
without pixel-level annotations, but only class la-
bels. There is also interest growing in leverag-
ing natural language captions or textual queries as
weak supervision for visual grounding tasks (Hen-
dricks et al., 2017; Mithun et al., 2019; Fang et al.,
2020b).

Visual Feature Extractors such as VGG (Si-
monyan and Zisserman, 2015) and ResNet (He
et al., 2016) have been widely used for many
computer vision tasks. Object-based features
such as RCNN (Girshick et al., 2014) and Faster-
RCNN (Ren et al., 2015b) have become the stan-
dard for V& L tasks (Anderson et al., 2018).

3 Framework for Synthesizing Q-A Pairs

Problem Statement: Consider a dataset contain-
ing images and associated captions as shown in
Figure 2. Our work deals with learning VQA using
these image-caption data, without any labeled Q-A
pairs, and answer questions about unseen images.

3.1 Question Generation
Several studies (Du et al., 2017; Lewis et al., 2019a)
have been dedicated to the complex domain of ques-
tion generation. We approach it conservatively,
using template-based methods and semantic role
labeling, with paraphrasing and back-translation
for improving the linguistic diversity of template-
based questions. We begin by extracting object
words from the caption by using simple heuristics
such as extracting noun-phrases and using numeri-
cal quantifiers in the caption as soft approximations
of objects’ cardinality. If object-words are available
explicitly, we used them as is. Questions are cat-
egorized based on answer types; Yes-No, Number,
Color, Location, Object, and Phrases.

Template-based: To create Yes-No questions,
modal verbs are removed from the caption, and a
randomly chosen question prefix such as “is there”,

“is this” is attached. For instance, the caption “A
man is wearing a hat and sitting” is converted to “Is
there a man wearing a hat and sitting”, with the an-
swer “Yes”. To create the corresponding question
with the answer “No”, we use either negation or
replace the object-word with an adversarial word
or antonym, thus obtaining “Is there a dog wearing
a hat and sitting” for which the answer is “No”. An
adversarial word refers to an object absent in the
image but similar to objects in the image. To com-
pute similarity, we use Glove (2014) word-vectors.

For Object, Number, Location, and Color ques-
tions, we follow a procedure similar to Ren et al.
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Template-based
Paraphrase &
Back-translate QA-SRL VQA-v2 GQA VQA-CP

# of Questions 600K 400K 2.5M 438K / 214K 943K / 132K 245K / 220K
# of Answers 5K 5K 90K 3.5K 1878 3.5K
Mean Question Length 7.9 8.1 4.8 6.4 10.6 6.4
Mean Answer Length 1.4 1.4 6.3 1.1 1.3 1.1
Image Source COCO COCO COCO COCO COCO,VG,Flickr COCO
Image Counts 120K 120K 120K 120K 113K 120K

Figure 3: Discrepancy between VQA-v2, GQA, and synthetic samples. Left: t-SNE plot of question embeddings.
Right: Dataset statistics for our generated Q-A pairs with Train/Val. splits for benchmark datasets.

(2015a). To create “what” questions for the Object
type, we extract objects and noun phrases from cap-
tions as potential answers and replace them with
what. The question is rephrased by splitting long
sentences into shorter ones and converting indefi-
nite determiners to definite. A similar procedure is
used for Number questions; numeric quantifiers of
noun phrases are extracted and replaced by “how
many” and “what is the count” to form the question.
Color questions are generated by locating the color
adjective and the corresponding noun phrase and
replacing them in a templated question: “What is
the color of the object?”. Location questions are
similar to Object questions, but we extract phrases
with “in”, “within” to extract locations, with places,
scenes, and containers as answers.

Semantic Role Labeling: QA-SRL (He et al.,
2015) was proposed as a paradigm to use natural
language to annotate data by using Q-A pairs to
specify textual arguments and their roles. Con-
sider the caption “A girl in a red shirt holding
an apple sitting in an empty open field”. Using
QA-SRL with B-I-O span detection and sequence-
to-sequence models (FitzGerald et al., 2018), for
the “when”, “what”, “where”, and “who” ques-
tions, we obtain Q-A pairs belonging to the Phrases
category such as:

(what is someone holding?, an apple)
(who is sitting?, girl in a red shirt holding an apple)

(where is someone sitting?, an empty open field)

These examples illustrate that QA-SRL ques-
tions are short and use generic descriptors such as
something and someone instead of elaborate ref-
erences, while the expected answer phrases are
longer and descriptive. Thus to answer these, bet-
ter semantic image understanding is required.

Paraphrasing and Back-Translation (P&B):
We apply two natural language data augmentation
techniques, paraphrasing, and back-translation to
increase the linguistic variation in the questions. To
paraphrase questions, we train a T5 (Raffel et al.,

2019) text generation model on the Quora Ques-
tion Pairs Corpus (). For back-translation, we train
another T5 text generation model on the Opus cor-
pus (2012), translate the question to an interme-
diate language (Français, Deutsche, or Español),
and translate the question back to English. For
example:

Is the girl who is to the left of the sailboats wearing a
backpack?yEspañol

La chica que está a la izquierda de los veleros lleva mochila?yEnglish
Does the girl to the left of the sailboats carry a backpack?

3.2 Domain Shift w.r.t. VQA-v2 and GQA
Compared to current VQA benchmarks (which typ-
ically contain one-word answers), answers to QA-
SRL questions are more descriptive and contain
adjectives, adverbs, determiners, and quantifiers,
as seen in Figure 2. On the other hand, synthetic
questions have less descriptive subjects due to the
use of pronouns. Our synthetic data contains 90k
unique answer phrases, compared to 3.2k in VQA
and 3k in GQA. Around 200 answers from VQA
are not present in our answer phrases, such as time
(11:00) and proper nouns (LA Clippers), both of
which are not present in caption descriptions.

Moreover, our training data contains Q-A pair
such as (“Where is the man standing?, “to the left
of the table”), generated by QA-SRL with long
phrases as answers. However, the test set contains
questions such as (“Which side of the car is the
tree?”, “left”), which expects only “left” as the
answer. So although the word “left” is seen as a
sub-phrase of our training answers, it is not explic-
itly seen as an only correct answer.

Some of our synthetic template-based questions
about counting and object presence are similar in
style to those in VQA and GQA. However, QA-
SRL questions require a semantic understanding of
the actions depicted in the image, which are rare
in VQA and GQA. We quantify this by plotting
the t-SNE components of document vector embed-
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dings of the questions from VQA, GQA, and our
synthetic data, in Figure 3, and observe that our syn-
thetic questions are a distinct cluster, while VQA
and GQA overlap with each other. As such, a lin-
guistic domain shift exists between these synthetic
source questions and human-annotated target ques-
tions. In this paper, we address the challenge of
learning VQA on a synthetically generated dataset
and evaluating models on conventional benchmarks
which have questions and answers that deviate lin-
guistically from synthetic training samples.

4 Method

Recently, multiple deep transformer-based architec-
tures have been proposed (Tan and Bansal, 2019;
Lu et al., 2019; Chen et al., 2019), that are pre-
trained on a combination of multiple VQA and
image captioning datasets such as Conceptual Cap-
tions (Sharma et al., 2018), SBU Captions (Or-
donez et al., 2011), Visual Genome (Krishna et al.,
2017), and MSCOCO (Lin et al., 2014). These
models are resource intensive as they are trained
on a huge collection of data with 3 million images.
We train our models only on MS-COCO captions
and images (∼204k), without access to any human-
authored Q-A pairs or object bounding boxes.

4.1 Spatial Pyramid Patches

“Bottom-Up” object features (Anderson et al., 2018)
extracted from Faster R-CNN (Ren et al., 2015b)
have become the de-facto features used in state-of-
the-art VQA models. These VQA models thus only
use features of detected objects as input, and ignore
the rest of the image. Although object features are
discriminative, dense annotations are required for
training and additional large deep networks for ex-
traction. Object detection can be imperfect for
small and rare objects (Wang et al., 2019); for in-
stance if an object detection model detects only
four out of six bananas in an image, features of
the other two bananas will not be used by VQA
models. This creates a performance bottle-neck for
questions about counting or rare objects.

We take a step back and postulate that the use
of features of the entire image in context could
reduce this bottleneck. Image features extracted
from a ResNet (He et al., 2016) trained for the Im-
ageNet (Russakovsky et al., 2015) classification
task, which is widely used for computer vision
tasks, have been previously used for VQA mod-
els (Goyal et al., 2017). Unfortunately, since Ima-

geNet contains iconic (single-object) images, using
these features for non-iconic VQA images is restric-
tive since many questions refer to multiple objects
and backgrounds in the image. Inspired by Spa-
tial Pyramid Matching (Lazebnik et al., 2006) for
image classification, we propose spatial pyramid
patch features to represent the input VQA image
into a sequence of features at different scales.

We divide each image I into a set of image
patches {Ik1 , . . . , Ikn}, each Iki being a ki × ki
grid of patches, and extract ResNet features for
each patch. Larger patches encode global features
and relations, while smaller patches encode local
and low-level features.

Encoder: Our Encoder model is similar to the
UNITER single-stream transformer, where the se-
quence of word tokens w = {w1, ..., wT } and the
sequence of image patch features v = {v1, ..., vK}
are taken as input. We tokenize the text using a
WordPieces (Wu et al., 2016) tokenizer similar to
BERT (Devlin et al., 2019), and embed the text
tokens through a text-embedder (Sanh et al., 2019).
The visual features are projected to a shared em-
bedding space using a fully-connected layer. A
projected visual position encoding, indicating the
patch region (top-right, bottom-left) is added to the
visual features. We concatenate both sequences of
features and feed them to L cross-modality atten-
tion layers. Parameters between the cross-modality
attention layers are shared to reduce parameter
count and increase training stability (Lan et al.,
2020), and a residual connection and layer normal-
ization is added after cross-modal attention layer
similar to Vaswani et al. (2017).

4.2 Pre-training Tasks and Loss Functions

We train the Encoder model using three pre-training
tasks: Masked Language Modeling, Masked Ques-
tion Answering, and Image-Text Matching.

Masked Language Modeling (MLM): We ran-
domly mask 15% of the word tokens from the cap-
tion and ask the model to predict them. For the
caption “There is a man wearing a hat”, the model
gets the input “There is [MASK] wearing a hat”.
Without the image, there can be multiple plausible
choices for the [MASK] token, such as “woman”,
“man”, “girl”, but given the image the model should
predict “man”. This task has been shown to effec-
tively learn cross-modal features (2019).
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SELF-SUPERVISED
DATA SYNTHESIS

Q: What is someone passing?

A:  a competition race marker

VISUAL
PROJECTION

LANGUAGE
EMBEDDER

CROSS
MODAL

ENCODER

BERT
TOKENIZER

[CLS] What is someone 
[MASK] ? 

[SEP] a [MASK] race marker 
[SEP]

Positional Encoding

Masked Language Modeling
passing

Image-Text Matching 
 YES

Masked Question Answering
competition

Sub-phrase Weighted 
Answer Loss
{race marker, race, marker, 
competition, competition race marker}

SPATIAL
PYRAMID

PATCH 
EXTRACTOR

Figure 4: Our model architecture makes the use of spatial pyramids of image patches as inputs to the Encoder,
which is trained for three pre-training tasks as shown.

Masked Question Answering (MQA): In this
task, the answer tokens are masked, and the model
is trained to predict the answer tokens. For exam-
ple in Figure 2, for the input “ When is someone
competing? [MASK] [MASK]”, the model should
predict, “at night”. To answer such questions, the
model needs to interpret the image.

Image-Text Matching (ITM): We use the five
captions provided by MS-COCO as positive sam-
ples for each image. To obtain negative samples,
we randomly sample captions from other images
that contain a different set of objects. We train the
model on a binary classification task (matching /
not matching) for each image-caption pair.

For VQA and ITM, we use the final layer rep-
resentation z[CLS] of [CLS] token , followed by
a feed-forward and softmax layer. For MLM and
MQA we feed corresponding token representations
to a different feed-forward layer. We train the
model using cross-entropy loss for all three tasks.

Sub-phrase Weighted Answer Loss: As ob-
served before, the questions generated in QA-SRL
have long answer phrases. For instance “What is
parked?” has the answer “two black cars”. We
extract all possible sub-phrases that can be al-
ternate answers, but assign them a lower weight
than the complete phrase, computed as Wsub =
WordCount(sub)/WordCount(ans). Thus “two
black cars” has a weight 1.0, while the extracted
sub-phrases and weights are: (two, 0.33), (2, 0.33),
(black, 0.33), (cars, 0.33), (two cars, 0.66), (2
cars, 0.66), (black cars, 0.66), (car, 0.33). This
enforces a distribution over the probable answer
space instead of a strict “single true answer” train-
ing. We train the model with this additional bi-
nary cross-entropy loss, where the model predicts
a weighted distribution ywa over the answer vocab-
ulary. The vocabulary is defined from the synthetic

QA answer-space.

LSWA = LBCE(σ(z[CLS]), ywa). (1)

The total loss, with scalar coefficients α, β ∈ (0, 1]
is given by:

L = LMLM + LMQA + α · LITM + β · LSWA. (2)

5 Experimental Setup

Datasets: We evaluate our methods on the three
popular visual question answering benchmarks:
VQA-v2, VQA-CP-v2, and GQA. Answering ques-
tions in VQA-v2 and VQA-CP v2 requires image
and question understanding, whereas GQA further
requires spatial understanding such as composi-
tionality and relations between objects. We evalu-
ate our methods under zero-shot transfer (trained
only on procedurally generated samples), and fully-
supervised (where we finetune our model using
the associated train annotations) settings. We use
exact-match accuracies for GQA, and use VQA-
metric (Agrawal et al., 2017) for VQA.

Training: Our Encoder has 8 cross-modal lay-
ers with a hidden dimension of 768. The weights
are initialized using the standard definition as pro-
vided in the Huggingface repository (Wolf et al.,
2019). Our models are pre-trained for 40 epochs
with a learning rate of 1e−5, batch size of 256,
using Adam optimizer. For finetuning, we use a
learning rate of 1e−5 or 5e−5 and batch size of 32
for 10 epochs. We use a ResNet-50 pretrained on
ImageNet to extract features from image patches
with 50% overlap, and Faster R-CNN pretrained on
Visual Genome to extract object features. We eval-
uate both frozen and finetuned ResNet, and observe
finetuning the feature extractor to perform better.
All our models are trained using 4 Nvidia V100
16 GB GPUs. All results in the fully supervised
setting are reported for from-scratch trained final
classification layers.
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Model All Yes-No Num Others
SAN (2016) 25.0 38.4 11.1 21.7
GVQA (2018) 31.3 58.0 13.7 22.1
UpDown (2018) 39.1 62.4 15.1 34.5
AReg(2017) 42.0 65.5 15.9 36.6
AdvReg (2019) 42.3 59.7 14.8 40.8
RUBi (2019) 47.1 68.7 20.3 43.2
Teney and van den Hengel (2019) 46.0 58.2 29.5 44.3
Unshuffling (2020b) 42.4 47.7 14.4 47.3
UpDn+CE+GS (2020a) 46.8 64.5 15.4 45.9
LXMERT (2019) 46.2 42.8 18.9 55.5
SCR (2019) 48.4 70.4 10.4 47.3
LMH (2019) 52.4 69.8 44.5 45.5
CSS (2020)* 58.9 84.4 49.4 48.2
MUTANT (2020a)* 69.5 93.2 67.2 57.8

ZSL+Objects+UpDown 40.8 67.4 28.6 30.2
ZSL+Patches+UpDown 41.2 68.5 29.8 30.0
ZSL+Patches+Encoder 47.3 73.4 39.8 35.6

Table 1: Unsupervised accuracy on VQA-CP-v2 test
set. All baselines are supervised methods trained on the
train split. * use further additional supervised training
samples. Cyan: our model is better overall. Red: our
model is better on specific categories.2

Model All Yes-No Num Others
GVQA (2018) 48.2 72.0 31.1 34.7
UpDown (2018) 65.3 81.8 44.2 56.1
RUBi (2019) 63.1 * * *
MCAN (2019) 70.4 85.8 53.7 60.7
VilBERT (2019) 70.5 * * *
LXMERT (2019) 72.5 88.2 54.2 63.1
UNITER (2019) 72.7 * * *

ZSL + Objects + UpDown 41.4 68.1 27.6 29.4
ZSL + Patches + UpDown 40.6 67.8 28.4 29.2
ZSL + Patches + Encoder 46.8 72.1 34.4 34.1

FSL + Objects + UpDown 66.8** 82.4** 45.1** 56.4**
FSL + Patches + UpDown 63.4 80.2 45.2 52.1
FSL + Patches + Encoder 65.3 80.5 48.94 56.2

Table 2: VQA-v2 Test-standard accuracies2. FSL mod-
els are pretrained on synthetic samples, and further fine-
tuned on VQA-v2 train split. * - Scores are not avail-
able, ** - Validation split scores.

Baselines: To measure the improvements due to
our proposed image patch features and SWA loss,
we compare our methods to the UpDown model
Anderson et al., which uses object bounding-box
features. For the Zero-shot transfer setting, we
compare our Encoder with UpDown when trained
with spatial features as well as object features. Pre-
trained transformers such as UNITER use large
V&L corpora, dense human annotations for objects
and Q-A pairs and supervised loss functions over
these. Comparisons with such models are therefore
not fair in a ZSL setting; instead, we perform these
comparisons in a fully-supervised (FSL) setting.

2ZSL refers to zero-shot transfer setting and FSL refers
to our models further finetuned on the respective train split.
Underline⇒unsupervised best, bold⇒overall best. Baselines
are trained on train-split, our models on synthetic data.

Model All Binary Open
CNN + LSTM (2018) 46.6 61.9 22.7
UpDown (2018) 49.7 66.6 34.8
MAC (2018) 54.1 71.2 38.9
BAN (2018) 57.1 76.0 40.4
LXMERT (2019) 60.3 77.8 45.0

ZSL + Objects + UpDown 30.7 50.8 17.6
ZSL + Patches + UpDown 31.1 52.3 16.8
ZSL + Patches + Encoder 33.7 55.5 21.2

FSL + Objects + UpDown 50.4 67.5 35.1
FSL + Patches + UpDown 46.4 64.3 31.4
FSL + Patches + Encoder 55.2 73.6 38.8

Table 3: GQA Validation split accuracies.2

6 Results2

Unsupervised Question Answering: Tables 1,
2 and 3 summarize our results on the three bench-
mark datasets. We can observe that our method
outperforms specially designed supervised meth-
ods for bias removal in VQA-CP; our model with
UpDown is 1.1% better than the supervised Up-
Down. Under the ZSL setting for VQA-CP, our
Encoder model is 6.1% better than UpDown with
patches, and 6.5% better than UpDown with Object
features, for VQA-v2: 6.2%, 5.4% respectively,
and for GQA: 2.2%, 3.0% respectively.

For VQA-CP, our procedurally generated Q-A
pairs and patch-features when used with either Up-
Down or Encoder are better than the baseline super-
vised UpDown model, showing the improvements
are model-agnostic. This also shows the merits of
using our Q-A generation methods when train and
test-sets deviate linguistically.

Most GQA questions require understanding spa-
tial relationships between objects. Such questions
are infrequent in our synthetic training data since
captions do not contain detailed spatial relation-
ships among objects. Thus, the ZSL performance
is not as competitive for GQA when compared to
our performance on VQA and VQA-CP. Improving
spatial and compositional question-answering with
weak supervision is an interesting future pursuit.

Fully Supervised Question Answering: In the
FSL setting, our methods’ performance is not far
from SOTA methods, even though our method uses
significantly fewer annotations (no access to object
bounding boxes). In GQA, the Encoder model per-
forms on par with MAC (2018) and BAN (2018),
which unlike us, use object relationship annotations.
This suggests that cross-modal transformer layers
can learn spatial relations from spatial pyramidal
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Question Generation VQA-v2 VQA-CP GQA
U

pd
n

Template 26.2 25.7 11.6
Template + Para&Back 28.5 27.1 14.8
QA-SRL 31.1 33.8 18.9
All 41.4 40.2 31.1

E
nc

od
er Template 32.5 31.3 18.5

Template + Para&Back 34.8 33.6 23.6
QA-SRL 40.3 39.8 21.4
All 47.1 46.8 33.7

Table 4: Effect of different pre-training data sources on
ZSL Validation split accuracies.

Patch Resolutions VQA-v2 VQA-CP GQA

U
pD

n

{1} 18.8 19.7 11.3
{1, 3} 36.7 35.9 24.5
{1, 3, 5} 40.1 39.7 29.5
{1, 3, 5, 7} 41.4 40.2 31.1
{1, 3, 5, 7, 9} 39.8 38.4 29.3

E
nc

od
er

{1} 26.4 27.7 15.3
{1, 3} 42.6 43.1 28.8
{1, 3, 5} 44.3 45.2 30.9
{1, 3, 5, 7} 47.1 46.8 33.7
{1, 3, 5, 7, 9} 46.2 45.4 31.2

Table 5: Effect of the number of spatial patches on ZSL
performance {3,5} implies division of the image into a
3x3 and 5x5 grid of patches.

features.

Impact of each question-generation technique:
In Table 4 we can observe the effect of different
question generation techniques. All models use
spatial image patch features. QA-SRL based ques-
tions and the SWA-Loss contribute the most to-
wards gains in performance, and the paraphrased
questions provide larger linguistic variation.

Effect of Spatial Pyramids: We study the effect
of progressively increasing the number of spatial
image patches (i.e., decreasing the patch size). Ta-
ble 5 shows that an optimum exists at grid-size of
7× 7 after which the addition of smaller patches is
detrimental. Similarly, only using patches of large
size does not allow models to focus on specific im-
age regions. Thus a trade-off exists between global
context and region-specific features. Changing the
feature extractor from ResNet-50 to ResNet-101
only results in a minor improvement of 0.01% to
0.30%. Removing visual position embeddings has
a significant effect on performance, with a drop of
4.60% to 8.00% in both ZSL and FSL settings.

Impact of Pre-training Tasks: Table 6 shows
the effect of different pretraining tasks on the down-
stream zero-shot transfer VQA task. We need the

Pre-Training Task VQA-v2 VQA-CP GQA

SWA 39.1 38.3 25.4
MLM+SWA 42.4 41.5 27.8
MQA+SWA 42.0 41.2 26.6
MLM+MQA+SWA 45.6 44.9 29.7
MLM+ITM+SWA 44.7 43.6 28.9

All 46.2 45.4 31.2

Table 6: Effect of different pre-training tasks on the
ZSL performance for the Encoder model.

Figure 5: Learning Curve showing validation accuracy
vs. number of synthetically generated training samples.

SWA task, as it is used to perform the zero-shot QA
task. The combination of MLM, MQA, and ITM,
all of which need image understanding, shows im-
proved performance on the downstream task, indi-
cating better cross-modal representations.

Effect of size of synthetic training set: Figure 1
shows our Encoder model’s learning curve for the
zero-shot transfer setting trained on our synthetic
Q-A pairs. The performance stagnates after a crit-
ical threshold of 106 samples is reached. Our ex-
periments also suggest that randomly sampling a
set of questions for each image per epoch leads to
a 4% gain compared to training on the entire set.

Error Analysis: Our ZSL method is pretrained
on longer phrases and hence tends to generate more
detailed answers, such as “red car” instead of “car”.
Although the SWA loss is designed to encourage a
distribution over the shorter phrases, the bias is not
entirely removed. On automated evaluation, we ob-
serve that for 42% of questions, the target answer
is a sub-phrase of our predicted answer. Manual
evaluation of 100 such samples shows that 87% of
such detailed predicted answers are plausible. This
shows the relevance of learning from captions and
quantifies the bias towards short “true” answers
in human-annotated benchmarks, calling for bet-
ter evaluation metrics that do not penalize VQA
systems for producing descriptive or alternative
accurate answers.

In the FSL setting, we either finetune our pre-
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trained QA classifier with the SWA Loss or train
a separate feedforward layer from scratch for the
task. The pre-trained QA classifier predicts longer
phrases as answers, leading to a drop in accuracy.
The feedforward layer performs better (+6%), indi-
cating our Encoder captures relevant features neces-
sary to generalize to the benchmark answer-space.
Note that we do not use object annotations during
training, unlike existing methods.

Our error analysis and Figure 3 show the shift
in question-space and answer-space between syn-
thetic and human-authored Q-A pairs. These (along
with inadequate evaluation metrics) act as the pri-
mary sources explaining the performance-gap be-
tween weakly-supervised methods and the fully-
supervised setting. It remains to be seen whether
more sophisticated question generation can be de-
veloped to reduce the performance gap further and
mitigate the heavy reliance on human annotations.

7 Discussion and Conclusion

Prior work (Chen et al., 2019; Jiang et al., 2020)
has demonstrated that the use of object bounding-
boxes and region features leads to significant im-
provements on downstream tasks such as caption-
ing and VQA. However, little effort has been ded-
icated to developing alternative methods that can
approach similar performance without relying on
dense annotations. We argue that weakly super-
vised learning coupled with data synthesis strate-
gies could be the pathway for the V&L community
towards a “post-dataset era”.2 In this work, we take
a step towards that goal. We address the problem of
weakly-supervised VQA with a framework for the
procedural synthesis of Q-A pairs from captions for
training VQA models, where benchmark datasets
can be used only for evaluation. We use spatial
pyramids of patch features to increase the annota-
tion efficiency of our methods. Our experiments
and analyses show the potential of patch-features
and procedural data synthesis and reveal problems
with existing evaluation metrics.

Ethical Considerations

Captions and Question-Answer pairs are both anno-
tated by humans in existing image captioning and
visual question answering datasets. However, cap-
tions arguably contain a lesser degree of subjectiv-
ity, ambiguity, and linguistic biases than VQA an-
notations, due to the design of annotation prompts

2A. Efros, Imagining a post-dataset era, ICML’20 Talk.

that limit the introduction of these biases. Our work
points to the potential of procedurally generated
annotations in providing robustness improvements
under changing linguistic priors in VQA test sets
(Table 1). Hendricks et al. find that gender bias
exists in image-captioning datasets and is ampli-
fied by models; further research in self-supervised
data synthesis could potentially help alleviate such
social biases.
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Appendix

A Synthesized Samples

Table 7 shows illustrative examples of Q-A pairs
procedurally generated from the image caption us-
ing template-based method. Table 8 shows the use
of two transformations (T): negation and adver-
sarial words (Gokhale et al., 2020b) two generate
more sentences. Thus the negation ofQ or substitu-
tion of a word inQ with an adversarial word results
in the new question-answer pair Qnew, Anew. To
increase the linguistic diversity of the questions we
use paraphrasing as shown in Table 11.

B Dataset Analysis

In Table 9, we compare the distribution per answer-
type of our synthetically generated samples with
the distribution in the VQA-CP-v2 (Agrawal et al.,
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Image Question Answer

What are set on the sidewalk
outside a veterinary hospital?

bags

What is the young man holding
up in front of his face ?

phone

What is almost empty on the
table

glass

What drawn carriage with
passengers in the city

horse

What is the color of the table ? white

What is the color of the eyes ? blue

How many boats anchored by
ropes close to shore?

8

Table 7: Examples of template-based data synthesis

T Image Q A Qnew Anew

N
eg

at
io

n

Is this bread? yes Is this not
bread

no

What is the
color of the
woman’s
shirt?

black What is not
the color of
the woman’s
shirt?

white

Is there a boy? no Is there no
boy?

yes

A
dv

er
sa

ri
al

Who is sitting
in the boat ?

man Who is sitting
in the dining
table ?

can’t
say

How big is the
plane ?

large How big is the
car ?

size

How many
puppies are on
the bed ?

two How many
cats are on the
bed?

none

Table 8: The effect of using transformations (T) to cre-
ate new Q-A pairs

2018) dataset. Since we use our synthetic samples
as the pre-training data, and do not use VQA-CP

Category VQA-CP (%) Pretraining (%)

Yes/No 41.86 50.18
Number 11.91 8.32
Other 46.23 41.45

Table 9: Distribution of samples by answer-type in
our pre-training dataset and the VQA-CP evaludation
dataset.

Hyper-Parameters Model
Batch Size 32-128
Learning Rate (1e−5, 5e−5 )
Dropout 0.1
Language Layers 6
Cross-Modality Layer 4 — 12
Optimizer BertAdam
Warmup 0.1
Max Gradient Norm 5.0
Max Text Length 30
ResNet 50 / 101 / 152
Epochs 10-40

Table 10: Hyper-Parameters for our models

samples for training in our zero-shot setup, this
comparison displays the shift between the training
(synthetic) and test (human annotated VQA-CP)
datasets.

We further analyze this shift, by computing the
t-SNE projections of questions using mean-pooled
Glove (Pennington et al., 2014) embeddings for our
generated questions and observe the overlap with
human-authored questions in VQA and GQA (Hud-
son and Manning, 2019). Figure 6. We observe
a marked shift between the question clusters for
our procedurally generated questions and human
annotated questions from VQA and GQA.

Similarly, we also show the distribution of an-
swers in our dataset in Figure 7. It can be seen that
our dataset has a slight imbalance in the proportion
of questions with answer “yes” and “no”. Numeric
answers 0,1,2,3 are most frequent. Answers about
people such as man, woman, people, person, group
of people are also more common in the dataset. The
remaining answers have a long-tailed distribution,
since there are∼ 90k unique answers in our dataset
compared to ∼ 3.5k in VQA and ∼ 2k in GQA.

C Training Details

We use the HuggingFace (Wolf et al., 2019) and
PyTorch frameworks (Paszke et al., 2019). Hyper-
parameters and other training settings are given in
Table 10.
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Image Q A Qnew Anew

How is something parked ? illegally How’s-what’s parked? illegally
what does something seem to do ? park What do you think something

seems to be doing?
park

Where was parked something? behind a legally
parked car

Do you know where something
was parked?

behind a legally
parked car

How many cars are visible ? 2 How many cars are we looking at? 2
Is there two cars parked on the
sidewalk on the street ?

Yes There are two cars parked on the
sidewalk, right?

Yes

Table 11: Illustration of using paraphrasing to improve the linguistic variation of our questions and answers.

Figure 6: t-SNE projections of Glove embedding our generated questions, and human-authored VQA-v2 and GQA
questions. Blue: our pretraining dataset, Orange: GQA, Green: VQA. L-R: All, GQA, Pretrain, VQA.

(a) “Yes-No”
(b) “Numeric”

(c) ”Other”: Highly frequent
answers (count > 500)

(d) “Other”:Answers with
count between 200 and 500

Figure 7: Distribution of most frequent answers in our Pretraining dataset for each answer-type (yes-no, numeric,
and other). Please zoom for details.
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Abstract

State-of-the-art summarization systems are
trained and evaluated on massive datasets
scraped from the web. Despite their preva-
lence, we know very little about the underly-
ing characteristics (data noise, summarization
complexity, etc.) of these datasets, and how
these affect system performance and the reli-
ability of automatic metrics like ROUGE. In
this study, we manually analyse 600 samples
from three popular summarization datasets.
Our study is driven by a six-class typology
which captures different noise types (missing
facts, entities) and degrees of summarization
difficulty (extractive, abstractive). We follow
with a thorough analysis of 27 state-of-the-art
summarization models and 5 popular metrics,
and report our key insights: (1) Datasets have
distinct data quality and complexity distribu-
tions, which can be traced back to their collec-
tion process. (2) The performance of models
and reliability of metrics is dependent on sam-
ple complexity. (3) Faithful summaries often
receive low scores because of the poor diver-
sity of references. We release the code, anno-
tated data and model outputs.1

1 Introduction

The past few years have witnessed major break-
throughs and improvements in automatic summa-
rization (See et al., 2017; Celikyilmaz et al., 2018;
Jadhav and Rajan, 2018; Liu and Lapata, 2019; Liu,
2019; Dou et al., 2020; Yuan et al., 2021; Liu et al.,
2021). Apart from the improvements in the sum-
marization model architectures (Zhang et al., 2019;
Zhong et al., 2020), this growth has been aided by
large-scale datasets (Nallapati et al., 2016; Narayan
et al., 2018a; Sharma et al., 2019) and automatic
evaluation metrics (Lin, 2004; Zhao et al., 2019;

∗This author was the primary contributor.
†Corresponding author.

1https://github.com/priyamtejaswin/howwelldoyouknow

Kryscinski et al., 2020) which are used for tuning
hyperparameters and comparing models. While the
reliability of these metrics has been explored exten-
sively (Peyrard, 2019; Bhandari et al., 2020; Fabbri
et al., 2020), few studies have focused on the un-
derlying characteristics of different datasets, and
how these impact model performance and metric
reliability.

Datasets like CNN/DailyMail (Nallapati et al.,
2016), Gigaword (Rush et al., 2015), XSum
(Narayan et al., 2018a), and many more (Wang
and Ling, 2016; Koupaee and Wang, 2018; Kim
et al., 2019; Ganesan et al., 2010) were collected by
scraping a large collection of web-pages. And for
all the benefits this approach offers (seemingly infi-
nite samples, diverse subjects, etc) there are some
caveats:

Data Noise We have no idea about the noise in
the dataset. In the context of text summarization,
noise could be an incomplete or irrelevant refer-
ence. At the moment, its quantity and impact on
the performance is unknown.

Summarization Complexity What do we really
know about the nature of samples in the dataset?
Gigaword is a headline generation dataset with
short sources and references. Does this imply a
higher volume of simpler (i.e. more extractive)
samples? The degree of summarization complexity,
and its impact on model performance is unknown.

Exploring these open questions is critical for
two reasons: (1) Information about the noise could
lead to more informed data collection and pre-
processing methods: in a recent study, Kryscinski
et al. (2019) quantified HTML artefacts in pop-
ular summarization datasets, and proposed ways
to detect and remove them. (2) Awareness about
the complexity could better explain model perfor-
mance, metrics, and even lead to new model archi-
tectures. In the tasks of machine comprehension
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and question answering, Chen et al. (2016) and
Yatskar (2019) manually inspected random samples
and drew insights which led to new state-of-the-art
models. Such analysis could also help researchers
choose datasets and metrics more carefully.

In this study, we perform intrinsic and model-
centric evaluation of three popular summarization
datasets (Gigaword, CNN/DM and XSum). We are
interested in answering the following questions:

Q1. What are the underlying intrinsic proper-
ties of summarization datasets? We are inter-
ested in (1) Identifying and quantifying the differ-
ent types of “noise” that could occur and could
penalize models. (2) Whether samples have differ-
ent levels of difficulty. Armed with this, we ask the
following questions.

Q2 a. How do these properties impact model
performance? Specifically, we’d like to know
(1) If, and how, the performance varies across the
different types of samples discovered from Q1. (2)
If the performance is consistent across metrics.

Q2 b. If the reliability of metrics changes
with these properties? This is motivated (in
part) from prior metric-analysis studies, where re-
searchers have explored inter-metric agreement and
alignment with human-judgement under different
conditions (Peyrard, 2019; Bhandari et al., 2020).
Here we are more interested in knowing if the met-
rics are more correlated with human judgement for
simpler samples, than complex ones.

Large-scale automatic intrinsic dataset evalua-
tion has been explored with some promising results
(Bommasani and Cardie, 2020). However, these
methods rely on heuristics like content-value, den-
sity and compression (Grusky et al., 2018). We are
interested in a more fine-grained, interpretable anal-
ysis that can only come from manual inspection,
much like the analysis by Chen et al. (2016) and by
Yatskar (2019). To that end, we first define a six-
class typology: the first three classes cover types of
data-noise and the last three cover varying degrees
of summarization difficulty. We then proceed to
answer the aforementioned research questions, and
discuss our key observations which are summarized
below:

Key Observations: (1) Datasets have distinct
modalities – a mix of simpler samples (which we
call Extractive) and complex ones (which we call

Paraphrase and Inference. (2) Gigaword is ma-
jorly Extractive but suffers from data noise (45%
of the targets have some key entity, or fact that
is absent from the source). (3) CNN/DM is rela-
tively cleaner, and the authors’ attempts to create
a more abstractive dataset seems to be successful
compared with Gigaword (only 18% of samples are
Extractive). (4) XSum has no Extractive samples,
but also has the greatest fraction of noise: 54% of
the test samples have key entities or facts missing
from the source. (5) Within the datasets, the broad
performance trends between the typology classes
are consistent across all metrics: simpler samples
score higher than complex ones. (6) Metric relia-
bility is also complexity dependent: On CNN/DM
the agreement with human judgement decreases as
summarization complexity increases.

The remainder of the paper is organised as fol-
lows: in Section 2 we answer Q1, describe the
three datasets, define the typology, and present re-
sults from the annotation. In Section 3 we explore
Q2 a. and evaluate different models on a variety
of metrics (automatic and human-judgement). In
Section 4 we explore Q2 b. and investigate metric
reliability. In Section 5 we share some learnings
from our experience. We conclude with Section 7.

2 Evaluating the intrinsic properties of
summarization datasets (Q1)

Length(Doc) Length(Ref) Sample

train test train test train test

Gigawords 31 29 8 8 3.8M 1.9K
CNNDM 691 682 51 54 287K 11K
XSum 374 376 21 21 204K 11.3K

Table 1: Statistics of the three datasets. Length refers to
the average number of words per Document/Reference.

2.1 Datasets for Annotation
Among many summarization datasets, we choose
the following:
Gigaword is a summarizaiton dataset extracted
from news articles (Rush et al., 2015)2.
CNN/DailyMail or “CNN/DM” question answer-
ing dataset (Hermann et al., 2015; Nallapati et al.,
2016) is commonly used for summarization. The
dataset consists of online news articles paired with
human-generated summaries.3

2We use the version most commonly used by summariza-
tion systems: https://github.com/harvardnlp/sent-summary

3We use the non-anonymized data as See et al. (2017).
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Label
Source Dataset

Source
Target

State-of-the-art Model Output

Incomplete / Irrelevant

Gigaword

Andre Blom and Mark Scharrenberg scored tries and some tactical kicks in the final 10 minutes sent the United States to the Rugby World Cup
with a 21-16 victory over Uruguay on Saturday .

London testing , please ignore .

United States beats Uruguay 21-16 in Rugby World Cup .

Entity Missing

Gigaword

The United States claimed credit Tuesday for a ceasefire that ended fighting between Israel and Lebanese guerrillas , and rejected suggestions
that it was forced to model the agreement after a French draft .

US takes the credit for Israel-Hezbollah ceasefire by Carole Landry .

Us claims credit for lebanon ceasefire .

Extractive

CNN-DM

Ed Miliband’s US adviser pays no tax in Britain on his reported £300,000 salary, he has admitted. David Axelrod masterminded two presidential
election victories for Barack Obama and was hired by the Labour leader amid great fanfare last year. He has helped refine Mr Miliband’s
message ...(truncated) ... have been aware of Labour’s eye-catching crackdown on non-doms last week. But speaking in the US where he is
promoting his autobiography, Mr Axelrod revealed he is not resident for tax purposes in the UK. Asked whether he pays tax in Britain, he told
the Daily Telegraph: ‘I don’t do my accounting so I don’t know but I’m not in residence there.’ Labour confirmed it pays Mr Axelrod in dollars
through his consultancy firm and that he ‘lives in the US, works in the US and pays taxes in the US’. ... (truncated)

David Axelrod masterminded two Obama presidential election victories . He was hired by Labour leader Ed Miliband amid great fanfare
last year . Revealed at a book launch that he is not resident for tax purposes in UK . Labour confirms it pays Mr Axelrod in dollars through
consultancy firm .

David Axelrod masterminded two presidential election victories for Barack Obama . He was hired by the Labour leader amid great fanfare last
year . Has helped refine Mr Miliband ’s message about tackling the cost of living and making sure the wealthy pay their fair share . Mr Axelrod
makes infrequent visits to the UK to meet Mr Miliband and offers advice by phone .

Paraphrase

CNN-DM

The number of women in Britain becoming nuns is at a 25-year high. Figures from the Catholic Church show the number of women taking
Holy Vows has trebled from 15 in 2009 to 45 last year. From a low of only seven in 2004, the figure has been rising for the past decade.
Theodora Hawksley, 29, was until recently a post-doctoral researcher in theology at the University of Edinburgh. But at the beginning of the
year she decided to become a nun. (truncated). Far from being trapped in traditional habits, Miss Hawksley said her order tends to dress down
in T-shirts and jeans. Father Christopher Jamison, director of the National Office for Vocation of England and Wales, said: ‘There is a gap in
the market for meaning in our culture. One of the ways women may find that meaning is through religious life.’ Sister Cathy Jones, religious
life vocations promoter at the office, said: (truncated) .

Figures from the Catholic Church show more and more becoming nuns . The number of women taking Holy Vows stood at just seven back in
2004 . But that figure had risen to 15 in 2009 and increased further to 45 last year . One father said a ’ gap in the market for meaning ’ led
people toward religion .

Figures from Catholic Church show number of women taking Holy Vows has trebled from 15 in 2009 to 45 last year . From a low of seven in
2004 , the figure has been rising for the past decade . Theodora Hawksley , 29 , was until recently a post - doctoral researcher in theology at
the University of Edinburgh . But at the beginning of the year she decided to become a nun .

Inference

Gigaword

Three Malaysian and Indonesian seamen kidnapped by Philippine Abu Sayyaf kidnap-for-ransom group allegedly had been executed and the
skeletons discovered in the southern Philippines are believed to be their remains , a local television reported Wednesday .

Abu Sayyaf hostages allegedly executed : report .

3 filipino , Indonesian seamen executed in southern Philippines .

Table 2: Examples for each of the six categories. Text spans with the same colors correspond to the same fact in the
source and target. Target spans in RED are missing or unsupported in the source. The last sample is “Inference”
because the writer will have to understand the concept of hostages, and then generalise from the group to an
individual.

XSum or “Extreme Summarization” (Narayan
et al., 2018a) was constructed from online news
articles for highly abstractive summarization.

We consider these datasets because of their pop-
ularity, and the difference in the nature of samples.
The latter enables a more comprehensive analy-
sis; Table 1 captures the size of source and target
documents along with the number of samples.

2.2 Typology Definition
The classes are defined below in order of priority.
Some examples are in Table 2. Readers may refer
to the Appendix B, C, D for more examples.

• Incomplete/Irrelevant: The target summary
ends abruptly. Or the source and target are
unrelated.
• Entity Missing: The target summary contains

entities (names, dates, events, etc) that are

absent from the source.
• Evidence Missing: The target summary is

based on concepts which are absent from the
source. However, the target is not Incomplete
and all Entities are present.
• Extractive: The target is constructed by copy-

ing tokens from the source, mostly in-order
of their appearance. Minor modifications,
like stemming and abbreviating, are permitted.
Word substitutions, and additions, are limited
to a few. No reasoning, conclusion or co-ref
resolution is performed as part of the summa-
rization. The complete context of the target
should be present in the source.
• Paraphrase: The majority of tokens in the

target are substituted, or appear out of order,
or both. There is no reasoning, conclusion or
co-ref resolution. The complete context of the
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target should be present in the source.
• Inference: A non-trivial “inference” activity

has to be completed to construct the target:
some reasoning, conclusion, or complex co-
reference resolution. The complete context of
the target should be present in the source.

We annotate 200 samples from each dataset,
on par with similar studies on intrinsic evalua-
tion (Chen et al., 2016; Cao et al., 2017). Two
authors annotate samples independently. Annota-
tions matched for 70%, 68% and 73% of Giga-
word, CNN-DM and XSum samples, respectively.
Disagreements were discussed between all authors
before arriving at a consensus for the final label.

2.2.1 Motivation and Advantages
To the best of our knowledge, summarization
datasets have not been manually analysed in this
manner. A review of the most relevant summa-
rization dataset analysis research shows that the
most common form of intrinsic evaluation is to use
surface-level heuristics. Most studies only cover a
part of our typology, while almost all studies ignore
the noise present in datasets.

Coverage , Density, Redundancy Grusky et al.
(2018); Bommasani and Cardie (2020); Zhong et al.
(2019b) use similar forms of token-level coverage
between the source and the reference to measure
the extractiveness of the summary. In it’s simplest
form, this is a ratio of the number of overlapping
tokens and reference length. In our definition of
Extractive, we first set a meaninful, well-defined
criterion, and then manually check for extractive
references, while allowing for some relaxations.

Content Compression In most papers (Grusky
et al., 2018; Zhong et al., 2019b; Bommasani and
Cardie, 2020), the summarization complexity is
defined by a compression ratio (usually the normal-
ized word-count ratio of the source and reference).
As a standalone metric, this does indeed capture
the difficulty in replication. However, token rear-
rangement, substitution, reformulation is ignored
in this measure of “complexity”. To combat this,
we distinctly defined Paraphrase and Inference.
By manually analysing samples, we are able to dif-
ferentiate between the obviously simple Extractive
samples, the relatively tougher Paraphrase samples
and the most difficult Inference samples. Together
these three offer a highly intuitive classification of
samples. Part of the reason that the Machine Com-
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Figure 1: Distribution of the different class of samples
in all datasets.

prehension analysis by Chen et al. (2016) was so
effective was the interpretability of their classes.
We hope our analysis will also enable researchers
to improve summarization models.

Noise Prior works have not focused on quantify
the noise in popular datasets. Moreover, none of
these metrics are designed to account for noise or
factual inconsistencies. A high value for content
compression might imply a high-degree of summa-
rization complexity. But this ignores the possibility
that the source-reference pair is unrelated (like row
1 in Table 2). In addition, the manual analysis al-
lows us to identify factual errors and co-ref errors.

This is not to say the typology is perfect and
exhaustive. Limitations and possible extensions to
our typology are discussed in Section 5.

2.3 Dataset Analysis
The distribution of classes in the datasets is in Fig-
ure 1. We have made the following key observa-
tions in our analysis of the labels.

Gigawords is Extractive, but very noisy.
24.5% of summaries are Extractive, but 44.5% of
samples belong to Entity Missing, Evidence Miss-
ing, or Incomplete. Not unexpected considering
the “headline” nature of the samples.

XSum is Abstractive, but also very noisy. The
authors (Narayan et al., 2018a) designed the dataset
to be highly abstractive. This is reflected in the
distribution: there were no Extractive samples in
our analysis, suggesting a significantly higher level
of difficulty. However, 55% of samples belong to
Entity Missing, Evidence Missing, or Incomplete
classes. The remaining 45% belongs to Paraphrase
and Inference categories. Since we found only
two incomplete samples, this class is ignored in all
further XSum analysis.

CNN/DM is cleaner, and lives up to the design
goals. The authors (Hermann et al., 2015) de-
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signed CNN/DM to be abstractive in nature, and
this is reflected in the distribution: 64% of sam-
ples belong to Paraphrase and Inference categories.
Of the three, CNN/DM has the lowest fraction
of factual and data noise: there are no Incom-
plete/Irrelavant samples, and only 18% of samples
belong to Entity Missing and Evidence Missing.

The degree with which missing facts affects au-
tomatic evaluation varies. In some samples, one
or two entities are missing (like Row 2 in Table 2),
but in others multiple facts are missing. Empirical
analysis of model performance for each class of
samples is discussed in Section 3.

3 Performance on different classes (Q2 a)

In this section, we list the different models and
metrics considered for analysis, and then describe
how model performance varies across class labels.

3.1 Models for evaluation

We collect outputs from 7 systems for Giga-
word: (1) PEGASUS (Zhang et al., 2019), (2)
PROPHET (Qi et al., 2020) (Lewis et al., 2020), (3)
UNILM (Dong et al., 2019) , (4) BISET (Song
et al., 2020), (5) CONCOPY (Wang et al., 2019) ,
(6) POINTERGENERATOR (See et al., 2017), (7)
POINTERGENERATORCOPYING (See et al., 2017)

For CNN/DM, we use the outputs of 11 top-
performing summarization systems collected by
Bhandari et al. (2020)4: (1) HETERGRAPH (Wang
et al., 2020), (2) MATCHSUMM (Lewis et al.,
2020), (3) REFRESH (Narayan et al., 2018b)
, (4) TWOSTAGERL (Song et al., 2020), (5)
NEUSUMM (Wang et al., 2019) , (6) BOT-
TOMUP (Gehrmann et al., 2018) (7) SEM-
SIM (Yoon et al., 2020) (8) UNILM (Dong et al.,
2019) (9) BARTABSTRACTIVE (Lewis et al., 2020)
(10) BANDITSUMM (Dong et al., 2018) (11) BAR-
TEXTRACTIVE (Lewis et al., 2020)

For XSum, we use the outputs of 9 different sum-
marization systems: (1) CONVSEQ2SEQ (Gehring
et al., 2017), (2) TCONVS2S (Narayan et al.,
2018a) (3) POINTERGENERATOR (See et al.,
2017), (4) BART (Lewis et al., 2020), (5) PRESUM-
MEXTRACTIVE (Liu and Lapata, 2019), (6) PRE-
SUMMABSTRACCTIVE (Liu and Lapata, 2019),
(7) PRESUMMTRANSFORMER (Liu and Lapata,
2019), (8) LEAD (Nenkova, 2005), (9) EXTORA-
CLE (Nallapati et al., 2017)

4https://github.com/neulab/REALSumm

3.2 Metrics for evaluation

Existing summarization systems are usually eval-
uated using automated metrics or manually using
human judgments. We list popular automatic met-
rics explored in this work. Except for the last two,
all outputs from every model is scored on the fol-
lowing metrics.
ROUGE-1/2/L measure overlap of unigrams, bi-
grams and longest common subsequence. respec-
tively5 (Lin, 2004).
BERTScore (BS) measures soft overlap between
contextual BERT embeddings of tokens between
the two texts6 (Zhang et al., 2020).
MoverScore (MS) applies a distance measure to
contextualized BERT and ELMo word embed-
dings7 (Zhao et al., 2019).
FactCC is introduced to measure the fact consis-
tency between the generated summaries and source
documents (Kryscinski et al., 2020). Due to issues
with the setup and training procedure, this metric
was only used in the CNN/DM analysis.
Human Pyramid (HP) provides a robust tech-
nique for evaluating content selection by exhaus-
tively obtaining a set of Semantic Content Units
(SCUs) from a set of references, and then scoring
system summaries on the number of SCUs that can
be inferred (Nenkova and Passonneau, 2004). We
use the scores shared by Bhandari et al. (2020) for
the first 100 samples of CNN/DM subset.

3.3 Model Performance

For each dataset, we group the samples by their
labels. For all samples in a subset, the model re-
sponse is scored using a metric. The mean of these
sample scores returns a single subset-model-metric
score, which is then averaged across all models in
the subset, leaving us with a single subset-metric
score. This is repeated for all (subset × metric)
pairs. The results are captured in Figures 2, 3 and
4 for Gigaword, CNN/DM and XSum respectively.
The last column in each group is the average score
across all samples.

3.3.1 Impact of Data Quality and Noise
Incomplete and Irrelevant Of the three
datasets, only Gigaword contains Incomplete
(or Irrelevant) samples. Across all metrics, the

5For ROUGE-1,2, and L, we used the Python implementa-
tion: https://github.com/sebastianGehrmann/rouge-baselines

6Used code at github.com/Tiiiger/bert score
7We used a faster version of the code provided by the

author at github.com/AIPHES/emnlp19-moverscore
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Figure 2: Gigaword class-level performance, averaged
across all models.

ROUGE-1 ROUGE-2 ROUGE-L MoverScore BERTScore HumanPyr FactCC
0

0.2

0.4

0.6

0.8

1

CN
N/

D
M

Sc
or

es

Entity Evidence Extractive Paraphrase Inference All

Figure 3: CNN/DM class-level performance, averaged
across all models.

performance on this label is lowest, which is to be
expected – high overlap will be rare if the source
and target are unrelated or incomplete (like Row 1,
Table 2). What’s alarming is the volume of such
samples in Gigaword – if the distribution is the
same for the training set, then the model is being
trained on extremely noisy data (almost 14%). In
addition, such samples needlessly penalise the
model performance during evaluation.

Entity scores more than Evidence in Gigaword!
The results for these subsets are a bit surprising.
In Gigaword, the Entity Missing subset receives
relatively higher scores than the Evidence Missing
category. We attribute this to a combination of
factors. Consider Row 2 in Table 2. Entities are
missing, but token overlap is high (more than 50%),
which explains the high R1 scores, but low R2
scores. In our observations, the impact of missing
facts and entities varies by the length of the target,
as well as the number of entities.

Are Evidence Missing and Paraphrase are all
the same for CNN/DM and XSum? When com-
pared with Gigaword, samples with data quality
issues (i.e. Incomplete/Irrelevant, Entity Missing
and Evidence Missing samples) in CNN/DM and
XSum get relatively higher scores. The reasons
are similar to the Gigaword phenomenon discussed
before. The average summary length of CNN/DM
(54 tokens) is about 7 times that of Gigaword (8
tokens). As a result, with respect to the complete
reference, one or two missing facts amounts to a
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Figure 4: XSum class-level performance, averaged
across all models.

much smaller fraction of the reference in CNN/DM.
The high overlap with the remainder leads to higher
scores.

Factual Correctness in CNN/DM Automatic
metrics only consider the token overlap (or “se-
mantic distance”) between the target and the model
output. While such metrics exhibit high corre-
lation with human-judgement, a low score does
not necessarily imply an incorrect generation, as
demonstrated by Freitag et al. (2020) for machine
translation. Hence we check for factual correctness
of model outputs using FactCC. The competitive
scores on the first three categories for FactCC in
Fig .3 suggests the outputs generated by the model
are factually faithful, which points to issues with
the metric reliability. We discuss this in Section 4.

3.3.2 Impact of Summarization Complexity
For the last three categories (Extractive, Paraphrase
and Inference) Gigaword and CNN/DM exhibit a
common trend: the highest performance, across
all metrics is on the Extractive subset, followed
by Paraphrase samples which are more difficult
to reproduce. The lowest performance is on the
Inference samples. However, concluding models
perform poorly would be incorrect. The last three
samples in Table 2 suggest that model outputs are
coherent, logical and factually faithful. FactCC
scores in Figure 3 also suggest the outputs are fac-
tually consistent.

Some metrics are biased towards simpler sam-
ples? For the Extractive, Paraphrase and Infer-
ence samples, the samples we manually observed
(some of which are captured in Table 2) and the
FactCC scores indicates a gap in the token-based
metrics. However, we cannot fault the metrics en-
tirely. If we had diverse target references for the
same sources, some outputs would have found bet-
ter matches, and thus, higher scores! In fact, we
see that BERTScore (a more “semantically” ori-
ented metric) is extremely competitive across all
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categories in all three datasets (Figures 2, 3, 4), sug-
gesting the generations are similar to the references.
These results lead us to believe that token-based
summarization metrics might also suffer from a
“summarization-ese” effect: the metrics could be
biased towards simpler, more “extractive” ref-
erences. Recently, Freitag et al. (2020) also arrived
at the same conclusion for machine translation and
BLEU (Papineni et al., 2002).

In the next section, we continue to explore the
reliability of these metrics.

4 Does the reliability of metrics change
with data properties? (Q2 b)

For each document di, i ∈ {1 . . . n} in a dataset D,
we have J system outputs, where the outputs can
come from different systems. Let sij , j ∈ {1 . . . J}
be the jth summary of the ith document, mi be a
specific metric (including human judgment).

Ksum
m1m2

=
1

n

n∑

i=1

(
K
(
[m1(si1) . . .m1(siJ)],

[m2(si1) . . .m2(siJ)]
))
.

(1)

Correlation is calculated for each document,
among the different system outputs of that doc-
ument, and the mean value is reported. Like other
meta-evaluation studies, we consider the Pearson
correlation and Spearman correlation as measures
for K. Due to space constraints we only show the
Pearson plots for some critical results. More plots
are available in Appendix A.1.

Figure 5: Pearson correlation between different metrics
for all three datasets.

Inter-metric Correlation We present a pairwise
correlation analysis of the automatic metrics to
understand metric agreement in Figure 5. We con-
jecture that a strong correlation between two vastly
different metrics (say ROUGE and MoverScore)

(a) Gigaword

(b) CNN/DM

Figure 6: Pearson correlations for Extractive, Para-
phrase and Evidence samples in Gigaword and
CNN/DM.

might show that the metric is more reliable. Over-
all, we can see in Figure 5 that correlations between
token-based metrics (ROUGE) and embedding-
distance metrics (BERTScore, MoverScore) is
lower in Gigaword, compared to CNN/DM and
XSum. It is possible that the short length sum-
maries of Gigaword is leading to this; perhaps there
isn’t enough context for BERTScore. Although, we
could not find any results in the original papers to
support this claim.

Correlation variation with complexity We ob-
serve that the correlation is heavily sample depen-
dent. In Figure 5, averaged across all samples,
R1 and MoverScore have a Pearson correlation of
about 0.68 in Gigaword. This increases to 0.82
for the Extractive samples in Figure 6-(a), which
are the simplest to reproduce. As the complexity
increases, the correlation scores decrease (in Para-
phrase, and then in Inference). The trends for R2
and MoverScore are similar. This is also observed
for CNN/DM: in Figure 6-(b), correlations for R1-
MoverScore and R1-BERTScore drop from 0.9,
0.85 for Extractive samples to about 0.83, 0.72 for
Paraphrase and Inference samples. This suggests
that the inter-metric correlation is heavily sam-
ple dependent. We cannot comment on XSum,
because we did not encounter any Extractive sam-
ples in that dataset.

Correlation with Human Judgement For
CNN/DM, we also compute the metric correlations
with the human pyramid score (HP) in Figure 5 and
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Figure 6-(b). We observe the highest agreement
with the human-judgement for the Extractive
subset, and it is significantly lower in Paraphrase
and Inference. This suggests that automatic
metrics are more reliable when evaluating
simpler examples, than complex ones.

5 Discussion

Limitations of the typology. Forcing samples to
have a single label did limit our analysis. In ret-
rospect, the typology could have allowed for two
labels: one for quality, one for complexity. In
XSum for instance most samples which were la-
belled Entity Missing could also be labelled Para-
phrase and Inference. We also realise that the im-
pact of positional-bias could be important. This has
been explored by Zhong et al. (2019a,b), and we
plan to include similar metrics in our future work.
Collecting better datasets. Our results suggest
that current metrics are not equally reliable across
all categories of samples. If the quality of the refer-
ences cannot be controlled, then having a diverse
set of references for the source is also advised. This
will allow for multi-reference evaluation and could
offset the “summarization-ese” issues.
Limits of the Pyramid Scores. At the moment,
the Pyramid Scores (and judgement criteria in gen-
eral) only compare the output to the gold-reference,
assuming the latter is true. As we see from our
analysis, ignoring the source is not the right ap-
proach, for references from the web could have
quality issues. A modified judgement procedure,
that also accounts for the faithfulness of the gold-
reference (perhaps by using automatic factuality
metrics FactCC) might be better.
Architecture specific performance. In this study,
we were interested in measuring the broader, av-
eraged trends that summarization models exhibit.
However, it would be interesting to see how specific
architectural decisions impact individual model per-
formance across different classes. We plan to ex-
plore this in the future.
“But what’s the best metric for my data?”
Specifically for metrics, our objective was to empir-
ically demonstrate that (a) datasets have different
modalities, and (b) metrics are not equally reliable
across these modalities. In this process, we also
observed some results suggesting possible biases
in certain token-based metrics, and a need for di-
verse reference sets. We’ll continue to explore this
question.

6 Related Work

For the task of text-summarization, the data analy-
sis heuristics presented in Zhong et al. (2019a,b);
Bommasani and Cardie (2020); Grusky et al. (2018)
are most relevant to our work. Their analysis is fo-
cused on surface level heuristics which ignores all
noise present in the data. This has been discussed in
Sections 2.2.1, 5. Researchers have also explored
other dataset biases (Jung et al., 2019; Zhong et al.,
2019b; Chen et al., 2020). As discussed in Section
5, we plan to include this in our future work.

For metric reliability and meta-analysis, we build
on correlation analysis presented in earlier works
(Peyrard, 2019; Bhandari et al., 2020; Fabbri et al.,
2020). The key difference and novelty is the intro-
duction of our typology and measuring the impact
of sample complexity on model performance and
metric reliability. To the best of our knowledge,
metrics and models have not been evaluated on
such a typology. As results in Section 3 and 4
show, sample complexity is indeed very critical for
metric reliability.

7 Conclusion

In this study, we manually analysed 600 samples
from three popular datasets, using a typology that
captures data quality issues and varying degrees
of sample-complexity. Our analysis of 27 summa-
rization models reveals that the metric performance
is heavily dependent on samples. On closer in-
spection, we found that the agreement of popular
metrics also changes with the complexity, thus the
scores might not reflect true model performance.
This analysis also led to some suggestions for cre-
ating better summarization datasets and highlights
some limitations of the current human-judgement
procedures.
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Appendix A Figures and Annotation
Details

A.1 Correlation plots

(a) Pearson

(b) Spearman

Figure 7: Gigaword correlations.

(a) Pearson

(b) Spearman

Figure 8: CNN/DM correlations.

(a) Pearson

(b) Spearman

Figure 9: XSum correlations.

A.2 Annotation Details
Each sample is annotated by 2-3 annotators inde-
pendently. Given the limited number of samples,
and the laborious nature of the exercise, we chose
not to select final labels based on majority vote.
For all disagreements, annotators discussed their
reasoning and came to an consensus for final label.
For 70% of Gigaword samples, 68% of CNN-DM

samples, and 73% of XSum samples, the initial
annotations were in agreement.

Appendix B Gigaword

B.1 Gigaword: Paraphrase and Inference
samples

Label Source
SoTA Output

Gold Reference

Paraphrase A woman street cleaner and her three young daughters were killed Satur-
day when a bomb in a metal container exploded in Bangladesh , police
said .

Mother , three daughters die in in Bangladesh blast .

Mother , three daughters killed in Bangladesh blast .

Paraphrase The UN chief of Eastern Slavonia , the last Serb-held part of Croatia ,
confirmed Tuesday that key elections would be held here on April 13 as
part of local ballots throughout Croatia .

UN chief confirms key elections in Eastern Slavonia .

UN confirms elections to be on April 13 in Eastern Slavonia .

Paraphrase Business at Taiwan ’s theme parks and resorts grew significantly in the
first quarter of this year compared to Q1 last year , the Tourism Bureau
said Thursday , attributing the growth to the government ’s shopping
voucher program and other promotion efforts .

Business at Taiwan ’s theme parks and resorts grows .

Shopping vouchers help boost theme parks business : tourism bureau .

Inference Col. Robert E. Lee skirted the unleaded gasoline pit , negotiated a
thicket of telephone cords stretched as tight as trip wires and took the
center of the New York Mercantile Exchange ’s main trading floor just
before 3 p.m. last Monday .

New York Mercantile Exchange ’s trading floor .

MILITARY STRATEGISTS PRACTICE IN REAL BATTLE ON
WALL STREET .

Inference Finland scored three goals in a 40-second span of the first period Tues-
day night for a 7-3 victory over the Czech Republic in their World Cup
of Hockey opener .

Finland 7 , Czech Republic 3 .

Finland Routs Czech Republic at World Cup .

Inference Q. I ’ve heard that cow manure can be used for energy production , but
not human waste .

Cow manure can be used for energy production .

ON NOT WASTING WASTE .

Table 3: Source, outputs and targets, from Gigaword.

Appendix C CNN/DM

C.1 CNN/DM: Paraphrase and Inference
samples
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Label Source
SoTA Output

Gold Reference

Paraphrase Her neighbour’s leylandii hedge stands 40ft tall and, says Audrey Alexander, has left parts of her garden in deep shade. What’s more, it now seems likely to remain
that way. (truncated). A row between neighbours over a 40ft high leylandii hedge (pictured) has finally come to and end after 35 years . The battle between the
neighbouring properties started in 1980 when the owner planted a vegetable patch which withered and died in the shade of her neighbour’s massive hedge . Then,
23 years ago, single mother Mrs Alexander bought the house and asked her neighbour Jeanette Robinson to trim the hedge. She claims Mrs Robinson refused and
declared: ‘I would rather move than touch these trees.’ (truncated) . Audrey Alexander (pictured) also claims other neighbours have had to move their children from
their bedrooms at night for fear of the falling branches . But her council has ruled that Mrs Robinson can keep the hedge, although it has to be cut to 20ft. Mrs
Alexander said the ruling made ‘no difference’. (truncated)

Audrey Alexander ’s vegetable patch withered and died in the shade of hedge . She asked neighbour Jeanette Robinson to trim it but she refused . Mrs Alexander
claims hedge knocked £ 20,000 off the value of her house . Stirling Council has ruled that Mrs Robinson can keep the hedge . But it has to be cut to 20 ft , a height
which she claims will still block most of her sunlight .

Audrey Alexander wanted her neighbours to chop down their huge hedge . She claims the 40 ft leylandii was blocking sunlight from reaching her home . Feud started
in 1980 when it blocked light from reaching a vegetable patch . Council finally rules that the hedge can stay - but must be cut back to 20 ft .

Paraphrase The number of women in Britain becoming nuns is at a 25-year high. Figures from the Catholic Church show the number of women taking Holy Vows has trebled from
15 in 2009 to 45 last year. From a low of only seven in 2004, the figure has been rising for the past decade. Theodora Hawksley, 29, was until recently a post-doctoral
researcher in theology at the University of Edinburgh. (truncate). Far from being trapped in traditional habits, Miss Hawksley said her order tends to dress down in
T-shirts and jeans. Father Christopher Jamison, director of the National Office for Vocation of England and Wales, said: ‘There is a gap in the market for meaning in our
culture. One of the ways women may find that meaning is through religious life.’ Sister Cathy Jones, religious life vocations promoter at the office, said: (truncated) .

Figures from Catholic Church show number of women taking Holy Vows has trebled from 15 in 2009 to 45 last year . From a low of seven in 2004 , the figure has been
rising for the past decade . Theodora Hawksley , 29 , was until recently a post - doctoral researcher in theology at the University of Edinburgh . But at the beginning
of the year she decided to become a nun .

Figures from the Catholic Church show more and more becoming nuns . The number of women taking Holy Vows stood at just seven back in 2004 . But that figure
had risen to 15 in 2009 and increased further to 45 last year . One father said a ’ gap in the market for meaning ’ led people toward religion .

Inference Following all his inspired charity work, Didier Drogba has been awarded with a Barclays Spirit of the Game trophy. The Chelsea forward set up the ’Didier Drogba
Foundation in Africa,’ as he hopes to inspire the next generation of footballers in Africa to fall in love with the game. (truncated) He said ’I come from a poor family
where I played football in the streets with my friends with no shoes, there was no grass but we still enjoyed it. The ’Didier Drogba Foundation,’ contribute financial and
material support in education and health including school bags for the school children, as well as a medical clinic in his hometown of Abidjan, Ivory Coast, which will
be opening its doors later this year. Chelsea’s stars such as Eden Hazard, Petr Cech and Branislav Ivanovic were out in force earlier this month as they raises £400,000
for the foundation at a charity ball. The money raised will be used to complete the medical clinic in Abidjan and help finance mobile clinics that will travel outside of
the capital to those who are either to sick or poor to make the journey to the medical centre.

Didier Drogba has been awarded with a Barclays Spirit of the Game trophy . The Chelsea forward set up the ’ DidierDrogba Foundation in Africa ’ He hopes to inspire
the next generation of footballers in Africa to fall in love with the game . The 37-year - old scored the equaliser against Leicester on Wednesday .

Didier Drogba given the Barclays Spirit of the Game award . The 37-year - old ’s foundation has done impressive work in Africa . Some of Chelsea ’s stars attended a
charity ball which raised £ 400,000 . CLICK HERE for all the latest Chelsea news .

Inference (truncated) Resorts on its Black Sea coast offer the best value in terms of a meal out, buying a cup of coffee and essentials such as sun cream and a cold drink, according
to a study. Scroll down for video . Affordable: Bulgaria has been named Europe’s cheapest destination, with Black Sea resorts like Sunny Beach (pictured) offering the
best value in terms of a meal out and other holiday activities . Hotspot: Bulgaria’s most popular resort of Sunny Beach is a carbon copy of those of Spain and Greece .
It is one of 13 European hotspots out of 14 where your cash will go far further this summer, largely thanks to rock-bottom exchange rates and higher inflation in some
countries. Research into an imaginary shopping basket of ten typical holiday purchases showed a total price of £37.39 for Bulgaria, which is down by 13.6 per cent
from last summer. There was a bigger fall of 22 per cent for the Algarve in Portugal, taking the total cost to £44.02, helping it beat Spain’s Costa del Sol to become
the second cheapest destination. Only in Turkey, where inflation is 7.6 per cent – compared to virtually zero in Britain and the eurozone – will Britons find the cost of
a day out much more expensive. The figures, compiled for the annual Post Office Holiday Costs Barometer, show the spending basket in Turkey is up by 21.4 per cent
on last year, at £65.70. Bulgaria’s most popular resort of (truncated) .

Former Soviet state has gained the most from the strong pound . Resorts on its Black Sea coast offer the best value in terms of a meal out , buying a cup of coffee and
essentials such as sun cream and a cold drink . It is one of 13 European hotspots out of 14 where your cash will go far further this summer .

Bulgaria’s Black Sea resorts cheaper than hotspots in Italy, Spain and Turkey . Researchers found cheapest destination using ’imaginary shopping basket’ Cheap prices
are driven by low exchange rates and country’s high inflation . Its most popular resort of Sunny Beach copies those of Spain and Greece .

Table 4: Source, outputs and targets, from CNN/DM.

Appendix D XSum

D.1 XSum: Paraphrase and Inference
samples
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Label Source
SoTA Output

Gold Reference

Paraphrase More than 700,000 employees face unpaid leave due to the shutdown which was triggered after the two houses of Congress did not agree on a new budget. Hyundai
said affected employees who currently own its vehicles will be given a payment relief ”for as long as they are out of work”. Employees looking to buy a new car will be
given a 90-day payment deferral. ”We recognize the impact on family budgets that the furlough will drive,” John Krafcik, chief executive of Hyundai Motor America,
said in a statement. Hyundai had offered a similar scheme, the Hyundai Assurance programme, during the peak of the global financial crisis four years ago to help
consumers who had lost their jobs. Many analysts have said that the move had helped the South Korean firm win customer loyalty and boosted its sales in recent years.
The company said that its latest offer to help the federal employees was an addition to that programme and aimed at ”helping workers at a time when they most need
it”. ”Like we did almost four years ago when we launched Hyundai Assurance, this is our way of saying ’We’ve got your back’ during this uncertain time,” Mr Krafcik
said. Under the latest offer, Hyundai will extend all auto loan and lease payments during the shutdown for current Hyundai owners who are put on unpaid leave. The
programme is available to all customers who have financed their purchase or lease through Hyundai Finance America.

US carmaker Hyundai Motor has offered financial help to federal employees who have been affected by the government shutdown .

Hyundai Motor will defer payments due from US federal employees affected by the partial government shutdown .

Paraphrase Gary Price was suspended from all council duties for five months in November after Powys council’s Standards Committee ruled he had breached the code of conduct.
His appeal has been dismissed by the Adjudication Panel for Wales following a two-day hearing in Llandrindod Wells. Mr Price has been contacted for comment.
He was found to have sent information which the council said ”incorrectly and unfairly” portrayed what happened at a grievance appeal hearing, in which he was a
panel member. The Adjudication Panel for Wales unanimously agreed to refer the matter back to the Standards Committee with a recommendation that Mr Price be
suspended for three months. Council leader Barry Thomas said the decision ”sends out a clear message that those who enter public office have to operate within the
members’ code of conduct and maintain the highest possible standards”.

A Powys council chief executive has lost his appeal against a decision to suspend him .

A decision to suspend a Powys county councillor has been upheld .

Inference Derby City Council wanted to shut Moorways Pool from April in a bid to save about Â£350,000 a year. The Labour-led authority, which needs to save Â£79m over
the next three years, said it had found the savings by making cuts in other areas. Campaigners who gathered more than 4,000 signatures on a petition said they were
delighted at the news. Ranjit Banwait, leader of the authority, said the council had committed to keep it open for a year. He said the council had identified savings ”in
back-office areas” and a restructuring of management jobs, which had been ”untouched” since 2010. However, he stressed if the authority failed to get a ”fair deal”
from central government in the future, the pool would still have to close. Campaigners had accepted the pool, which is 33m in length, was in need of repair. There are
plans for a new 50m pool to be built by 2018 to replace it. However, closing it would have left only one other public pool in the city - the Queen’s Leisure Centre, they
said. Doug Whitlam, of the Derbyshire Amateur Swimming Association, said: ”One of the main things for me would have been the loss of teaching. ”Twelve hundred
young people use this facility every week and that would be lost forever.”

A council has backed down over plans to close a public swimming pool in a bid to save money .

A Derby swimming pool threatened with closure is to remain open for another year , council bosses have confirmed .

Inference It is likely to include a scrappage scheme for older diesel cars in areas with high levels of dirty air. Speed bumps could be removed in some cities to cut pollution
from cars slowing down and speeding up. Environmental lawyers ClientEarth said they would ”thoroughly analyse” the proposals. According to the Royal College of
Physicians, air pollution across the UK is linked to around 40,000 premature deaths every year. The UK has struggled to keep within EU limits on some pollutants,
particularly nitrogen dioxide (NO2), which is produced by diesel engines and is linked to a range of respiratory diseases including asthma. Some 37 of the 43 regions of
the UK are in breach of NO2 limits. Under earlier government plans, some parts of the UK would not have met EU NO2 standards until 2030. The original deadline to
achieve these limits was 2010. Exasperated by what they believed was government foot-dragging on the question of cleaner air, ClientEarth mounted a legal challenge
to force faster action. In April 2015, the UK Supreme Court ruled the government had to take immediate steps on the issue. Unhappy with the timescales in the plan
that was then produced, ClientEarth went to the High Court last November for a judicial review. Once again the court supported the lawyers, telling the government
that its scheme was ”woefully inadequate” and giving ministers until 24 April this year to produce a new draft. With a general election in the offing, the government last
week asked the judge for permission to delay the draft plan. But Mr Justice Garnham disagreed and ordered publication by 9 May. ”These steps are necessary in order
to safeguard public health,” he said. Earlier this week, the government said it would not appeal against the ruling and would publish. In their previous plans, ministers
wanted to create ”clean air zones” in five cities outside London with high levels of NO2. Only the most polluting vehicles would have to pay a charge to enter the zone
under that scheme. The new draft plan is expected to create many more such zones. Councils will be given the power to impose fines or restrictions on all polluting
vehicles in these areas. In the worst cities, so called ”toxin taxes” could range up to Â£20 a day but the government is said to be keen not to punish drivers who bought
diesels as a result of incentives brought in by a previous Labour administration. This is something that the lawyers at ClientEarth support. ”Successive governments
have encouraged people to buy diesel. We don’t want to see diesel drivers vilified, and we think the plans should also include properly funded incentives to help people
move to cleaner forms of transport,” said ClientEarth CEO James Thornton. ”We will thoroughly analyse the government’s draft plans when they are produced. If
we do not think they are in line with the court order, to deal with illegal levels of pollution as soon as possible, then we will consider our next steps.” According to
newspaper reports, the government has agreed to back a ”targeted” scrappage scheme for older diesel cars, but limited to vehicles in areas of high pollution. There may
also be funding for a retrofitting scheme to help existing diesel car and van owners cut their emissions of NO2. The government is also said to be pushing for councils
to use alternatives to charging, including the removal of speed bumps in some places and the better sequencing of traffic lights in others. Both of these measures could
limit cars having to slow down and speed up repeatedly, actions that can almost double the amount of NO2 produced. However, the idea that speed bumps which slow
down traffic would be sacrificed to help clean up the air we breathe is not a welcome concept according to road safety charity Brake. ”We ought not to be made to
choose between having cleaner air and safer roads,” a spokesman said. ”The evidence shows that air pollution is contributing to the early deaths of thousands of people.
It’s now clear that there’s more than one way a car can kill you.” The new proposals will be out for consultation for six weeks before the government produces a final
plan at the end of July. Follow Matt on Twitter and on Facebook.

The government is expected to publish a new draft plan to tackle air pollution in the UK later this week .

The UK government is set to publish a draft air pollution plan after a protracted legal battle with environmental campaigners .

Table 5: Source, outputs and targets, from XSum.
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Abstract

Recent work demonstrates the potential of
training one model for multilingual machine
translation. In parallel, denoising pretraining
using unlabeled monolingual data as a starting
point for finetuning bitext machine translation
systems has demonstrated strong performance
gains. However, little has been explored on
the potential to combine denoising pretraining
with multilingual machine translation in a sin-
gle model. In this work, we fill this gap by
studying how multilingual translation models
can be created through multilingual finetuning.
Fintuning multilingual model from a denois-
ing pretrained model incorporates the benefits
of large quantities of unlabeled monolingual
data, which is particularly important for low re-
source languages where bitext is rare. Further,
we create the ML50 benchmark to facilitate re-
producible research by standardizing training
and evaluation data. On ML50, we show that
multilingual finetuning significantly improves
over multilingual models trained from scratch
and bilingual finetuning for translation into
English. We also find that multilingual fine-
tuning can significantly improve over multilin-
gual models trained from scratch for zero-shot
translation on non-English directions. Finally,
we discuss that the pretraining and finetuning
paradigm alone is not enough to address the
challenges of multilingual models for to-Many
directions performance.

1 Introduction

A slow but increasingly growing focus on lan-
guages beyond English has contributed a large
wave of models, data, and tasks for non-English lan-
guages. Much work has been dedicated to the area
of translation, with increasing exploration in mas-
sively multilingual models. Despite advances in
multilingual natural language processing, resources

∗This work was completed when the first author was at
Facebook AI.

are highly unbalanced across different languages.
This is an obstacle for tasks requiring large quan-
tities of labeled data, such as translation systems,
which traditionally leverage hundreds of thousands
of professional human translations.

A promising avenue of research is to remove the
requirement for large quantities of labeled data by
leveraging unlabeled monolingual data, often in the
form of large-scale pretraining (Lample and Con-
neau, 2019; Conneau et al., 2020; Liu et al., 2020;
Tran et al., 2020; Liu et al., 2019; Brown et al.,
2020). Monolingual data is far more prevalent for
low resource languages, particularly in resources
such as Wikipedia or Commoncrawl, a version of
the web. Recent work has explored monolingual
denoising pretraining (Liu et al., 2020) for bilin-
gual models finetuning for individual translation
directions (for simplicity we will refer to mono-
lingual denoising pretraining as pretraining from
now on). However, bilingual finetuning alone does
not leverage the benefit of the potential of transfer
learning across languages. On the other hand, re-
cent work (Arivazhagan et al., 2019b; Fan et al.,
2020) has also demonstrated much potential for
performance improvement from multilingual trans-
lation models in a single model (for simplicity from
now on we will use multilingual translation model
or multilingual model to refer to a single model
which performs machine translation for multiple
languages), but these approaches do not leverage
unlabeled monolingual data directly. Little has
been explored regarding the combination of the two
approaches. Thus, this work studies the effective-
ness of combining both large scale pretraining and
all-in-one multilingual translation towards univer-
sal automatic translation across human languages.

In this work, we finetune pretrained models into
multilingual translation models 1. We analyze the

1We open source our implementation, pretrained and fine-
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effectiveness of multilingual finetuning — finetun-
ing a single model to perform translation for multi-
ple languages — across low, mid, and high resource
translation settings to understand the benefits and
limits of both pretraining and the transfer learning
across languages. First, we demonstrate how to
extend pretrained models to support additional lan-
guages using only monolingual data via denoising
training criteria. Next, we show how to perform ef-
fective finetuning to create one-model multilingual
translation. Finally, we evaluate the multilingual
translation across a variety of settings to understand
the strength of starting with pretraining. Ultimately,
we demonstrate that finetuning to create one-model
multilingual translation provides large BLEU im-
provements in the Many-to-English setting, but
starting with pretraining is not sufficient to achieve
strong English-to-Many performance.

2 Related work

2.1 Multilingual Pretraining

We build upon recent progress of pretraining tech-
niques for NLP applications (Peters et al., 2018;
Radford et al., 2018; Devlin et al., 2019; Liu et al.,
2019; Song et al., 2019; Lewis et al., 2020a). In
particular, recent works explored pretraining on
multilingual unlabeled corpora (Lample and Con-
neau, 2019; Conneau et al., 2020; Liu et al., 2020;
Tran et al., 2020) and significantly improved the
performance of finetuning of bilingual translation
models between two languages. We extend Liu
et al. (2020); Cooper Stickland et al. (2021) by
investigating finetuning in a multilingual setting.

2.2 Multilingual Neural Machine Translation

Training a universal translation system between
multiple languages (Firat et al., 2016; Johnson
et al., 2017) has shown enormous improvement
for translating low-resource languages (Gu et al.,
2018), even enabling zero-shot translation (Lakew
et al., 2018; Gu et al., 2019; Arivazhagan et al.,
2019a; Garcia et al., 2020). Previous multilin-
gual translation work began with multitask learning
(Dong et al., 2015). Subsequently, work focused
on the the model capacity bottleneck, leading to
exploration of various parameter sharing strategies
(Blackwood et al., 2018; Platanios et al., 2018;
Sachan and Neubig, 2018; Lu et al., 2018). Models

tuned models, and the ML50 dataset downloading scripts at
https://github.com/pytorch/fairseq/tree/
master/examples/multilingual.

for all languages (Ha et al., 2016) have also been
explored and extended to incorporate language in-
formation (Tan et al., 2019). Bitext data pretraining
and finetuning aiming at creating multiple machine
translation models for different translation direc-
tions has also be explored (Dabre et al., 2019; Lin
et al., 2020). Arivazhagan et al. (2019b); Fan et al.
(2020) indicate that it is essential to train gigan-
tic models with enough capacity to fully leverage
massive multilingual corpora. A closely related
concurrent work, Siddhant et al. (2020) shows it is
possible to train a multilingual system jointly with
monolingual datasets based on Song et al. (2019).
In contrast, in this work we focus on unlabeled
data denoising pretraining instead of bitext data
pretraining to utilize almost unlimitedly available
unlabeled texts. We aim at creating a single univer-
sal translation model across multiple languages via
finetuning multilingual translation systems from a
pretrained model.

2.3 Multilingual Translation Datasets

Working in a multilingual setting remains challeng-
ing, as various different datasets, evaluation set-
tings, and preprocessing such as tokenization are
used. Benchmarks for sentence embeddings (Hu
et al., 2020), natural language inference (Conneau
et al., 2018), and question answering (Lewis et al.,
2020b) exist, but there is not yet a setting for ma-
chine translation data with different resource levels
and language families at sufficiently large scale
and variety. Zhang et al. (2020) propose OPUS100
with 100 languages, but the training and evaluation
data are not human translated. Arivazhagan et al.
(2019b) use proprietary data to train and evaluate.
In contrast, we contribute the ML50 benchmark,
a dataset of 50 languages with publicly available
training and evaluation sets, including high, mid,
and extremely low resource directions, and open
source this benchmark.

3 Multilingual Translation from
Monolingual Denoising Pretraining

Masked language modeling and denoising pretrain-
ing have been successful across a wide variety of
tasks, including creating bilingual translation mod-
els. We describe the pretrained multilingual BART
model and present multilingual finetuning, a tech-
nique to convert pretrained models into multilin-
gual machine translation systems.
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mBART Multilingual BART (mBART) (Liu
et al., 2020) is a sequence-to-sequence generative
pretraining scheme. The model incorporates N lan-
guages by concatenating data: D = {D1, ...,DN}
where each Di is a collection of monolingual doc-
uments in language i. mBART is trained as a de-
noising autoencoder, training to predict the original
text X given g(X) where g is a noising function
that corrupts text. We maximize Lθ:

Lθ =
∑

Di∈D

∑

x∈Di
logP (x|g(x); θ) , (1)

where x is an instance in language i and the distri-
bution P is defined by the seq-to-seq model. This
model is pretrained using two types of noise in g —
random span masking and order permutation — as
described in (Liu et al., 2020).

3.1 Multilingual Finetuning
To leverage pretraining to create translation sys-
tems, previous work (Liu et al., 2020) used mBART
as a starting point and then performed bilingual
finetuning. Concretely, the seq-to-seq model was
finetuned on language i to language j translation.
However, bilingual finetuning does not leverage
the full capacity of multilingual pretraining, as the
resulting translation model can only translate be-
tween two languages. Recent work on multilin-
gual translation (Aharoni et al., 2019; Arivazhagan
et al., 2019b) demonstrates that strong translation
models can be created by doing multilingual train-
ing. Thus, we propose to perform multilingual
finetuning (ML-FT) to retain the benefits of both
multilingual translation models and unlabeled data
pretraining. Multilingual translation models allow
languages to transfer the learning from each other.
Pretraining utilizes large amount of monolingual
data to complement the lack of bitext data.

To perform multilingual finetuning, we collect
bitexts of different language pairs (i, j) into a large
collection Bi,j = {(xi, yj)} for each direction
(i, j). We augment each bitext pair (xi, yj) by
adding a source language token and a target lan-
guage token at the beginning of x and y respec-
tively to form a target language token augmented
pair (x′, y′). We then initialize a transformer based
seq-to-seq model by the pretrained mBART, and
provide the multilingual bitexts B =

⋃
i,j Bi,j to

finetune the pretrained model.

Multilingual Translation Model Variants We
explore 3 configurations to create different versions

of multilingual translation models: Many-to-one
(M→1), one-to-Many (1→M), and Many-to-Many
(M↔M) via a pivot language. Given the presence
of English language in large scale bitext data, we
follow (Arivazhagan et al., 2019b) using English as
the pivot language to create Many-to-Many mod-
els: the Many-to-one model encodes N languages
and decodes to English, while the one-to-Many
model encodes English and decodes into N lan-
guages. Finally, the Many-to-Many model encodes
and decodes N languages.

Temperature Sampling When training multilin-
gual models with many languages, the training
dataset sizes are imbalanced as different languages
have different quantities of bitext. Thus, we train
with temperature upsampling, which upsamples
lower resource pairs so that the high resource lan-
guages do not dominate the training data. We fol-
low Arivazhagan et al. (2019b) and use the fol-
lowing temperature based sampling function with
temperature T to sample data for each direction:

pi,j ∝
(
|Bi,j |∑
i,j |Bi,j |

)1/T

4 Experimental Setting

We examine the impact of multilingual finetuning
over pretrained models. First, we create the ML50
benchmark to include 50 different languages of
various resource levels and language families that
we can obtain from publicly available, high quality
data sources. The ML50 benchmark standardizes
training data, evaluation data, and evaluation proce-
dure across different languages. Second, we detail
how we obtain mBART50 pretrained models by
extending mBART25. Third, we describe three
strong baselines: bilingual translation models from
scratch, bilingual finetuning from mBART50 pre-
trained models, and multilingual translation models
from scratch. Finally, we describe our evaluation
and generation procedure. In the next section, (Sec-
tion 5), we will detail the results of the experiments.

4.1 ML50 Benchmark
To investigate the usefulness of pretraining and
multilingual finetuning compared to existing alter-
natives, we create the ML50 Benchmark. ML50
contains training and evaluation data across 50 dif-
ferent languages, from extremely low resource lan-
guages like Xhosa and Gujarati to high resource
languages like French and German. The full list
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of languages is shown in Table 1. We group the
languages into five categories based on the amount
of available training data: more than 10M pairs (8
languages), 1M to 10M pairs (5 languages), 100k
to 1M pairs (17 languages), 10K to 100K pairs
(13 languages), and finally, less than 10K pairs of
training data (5 languages). While considering the
resource levels, we also choose the ML50 dataset
to include languages in multiple language families,
from Germanic and Romance languages to Indic
and African ones. Many additional languages we
contribute are lower resource, compared to the lan-
guages in the original mBART25.

Training Data We gather bitext data between
English and 49 other languages to form ML50, to
enable the training of machine translation models.
We select these 49 languages based on the amount
of bitext and monolingual data to cover languages
with different amount of resources and under dif-
ferent language families. All of the data is publicly
available, such as WMT (Bojar et al., 2013, 2014,
2016, 2017, 2018; Barrault et al., 2019, 2020),
IWSLT (Luong and Manning, 2015; Cettolo et al.,
2017), TED58 (Qi et al., 2018), OPUS (Tiedemann,
2012), WAT (Nakazawa et al., 2019), LauraMarti-
nus (Abbott and Martinus, 2019), ITB (Kunchukut-
tan et al., 2018), and FLORES (Guzmán et al.,
2019). For multilingual training, each language
pair can include data from multiple sources. We
simply concatenate them together and remove du-
plicated source-target sentence pairs for each lan-
guage pair. We use fasttext (Joulin et al., 2017)
to perform language identification on both source
and target sentences, and we remove sentences
pairs if either source or target sentence is not pre-
dicted as expected language. We further filter out
training data that match to any source or target
side sentences in evaluation datasets. Compared
to other datasets such as OPUS100 (Zhang et al.,
2020), the ML50 benchmark contains around 4
times more training data. The full list of languages,
data sources, and amount of resulting data can be
found in Table 6.

Evaluation Data To ensure high quality evalu-
ation of languages covered in ML50, we include
publicly available, widely used evaluation sets. We
source these evaluation datasets from translation
workshops such as WMT, IWSLT, WAT, and other
published research works. We follow the evalua-
tion protocol, including tokenization, used for each

of these evaluation sets, to ensure our results are
comparable with existing work. We release these
scripts to make it easier for others 2. Compared to
other datasets such as OPUS100, we choose to use
high quality existing evaluation datasets rather than
use part of the training data as evaluation. This is
because training data, particularly for low resource
languages, is often very noisy and unreliable.

4.2 Creating mBART50

While multilingual pretrained models have shown
strong performance in a variety of tasks (Liu et al.,
2020; Conneau et al., 2020), they remain limited
as they are trained on a fixed number of languages.
For example, mBART was trained on 25 languages,
all fairly high resource. Pretraining fully from
scratch is computationally intensive — mBART
trained for 2.5 weeks on 256 Nvidia V100 GPUs
(Liu et al., 2020). However, there are hundreds of
different languages in the world, so restarting pre-
training from scratch to add any of them to mBART
would be difficult. Instead, we take the existing
mBART model, trained on 25 languages, and ex-
tend it to more than 50 languages.

We take the public available mBART25 check-
point (Liu et al., 2020) in the fairseq library (Ott
et al., 2019) to continue the pretraining process. We
extend mBART25 embedding layers with randomly
initialized vectors for an extra set of 25 language
tokens. To be consistent with mBART, we reuse its
250K sentencepiece (Kudo and Richardson, 2018)
model which was trained using monolingual data
for 100 languages from XLMR (Conneau et al.,
2020), and thus already supports languages beyond
the original mBART25 was trained on 3. To cre-
ate this extended mBART model, we combine the
monolingual data of original 25 languages and the
new 25 languages from XLMR (Conneau et al.,
2020). For pretraining, we train mBART50 for an
additional 500K updates with batch size of maxi-
mum 9216 tokens per GPU using 64 V100 GPUs.
We also release the pretrained mBART50 model,
which will be useful for a variety of text generation
tasks beyond translation.

2https://github.com/pytorch/fairseq/
tree/master/examples/multilingual.

3For languages that are not supported in the original 250K
sentencepiece vocabulary, we can extend the vocabulary to
include additional sub-word units for these languages and add
the corresponding embedding vectors to the pretrained models
to continue the pretraining.
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Data size Languages

10M+ German, Czech, French, Japanese, Spanish, Russian, Polish, Chinese
1M - 10M Finnish, Latvian, Lithuanian, Hindi, Estonian

100k to 1M Tamil, Romanian, Pashto, Sinhala, Malayalam, Dutch, Nepali, Italian, Arabic, Korean, Hebrew, Turkish,
Khmer, Farsi, Vietnamese, Croatian, Ukrainian

10K to 100K Thai, Indonesian, Swedish, Portuguese, Xhosa, Afrikaans, Kazakh, Urdu, Macedonian, Telugu, Slove-
nian, Burmese, Georgia

10K- Marathi, Gujarati, Mongolian, Azerbaijani, Bengali

Table 1: Languages in ML50 Benchmark. We display the languages included in the ML50 Benchmark and the quantity of
training data in bitext pairs. Full breakdown is provided in Table 6.

Multilingual Finetuning from mBART50 We
finetune the mBART50 model into Many-to-one
(M→1), one-to-Many (1→M), and Many-to-Many
(M↔M) models with the ML50 training dataset us-
ing English as pivot as described in Section 3.1.
We finetune the models for 300K updates and
sweep through different batch sizes (4096 and
8000 maximum tokens per GPU), learning rates
(1e−4, 2e−4, 5e−4) , and upsampling temperature
(1.5, 3, 5) for best performing multilingual mod-
els on validation, using 32 GPUs for each training
instance.

4.3 Baselines

We compare our proposed multilingual finetuning
to three strong baselines: bilingual training from
scratch, bilingual finetuning, and multilingual mod-
els trained from scratch.

Bilingual Trained from Scratch (BL-SC) We
train bilingual translation models with standard
Transformer (Vaswani et al., 2017) models for
translation into and from English to 49 languages.
For directions with more than 1 million bitext train-
ing data (de, cs, fr, ja, es, ru, pl, zh, fi, lv, lt, and hi),
we train Transformer Big models as there is more
data to benefit from additional model capacity. For
directions with more than 10 million bitext training
data (de, cs, fr, ja, es, ru, pl, and zh), we also train
Transformer Large models as there is even more
data to benefit from additional model capacity. The
best performing bilingual model is selected as the
Bilingual Train from Scratch baseline. Please refer
to Table 5 for details of these architectures.

Bilingual Finetuning (BL-FT) Bilingual fine-
tuning adapts the mBART model into bilingual
machine translation models by training for longer
on translation bitext. For each language direction,
we follow Liu et al. (2020) and finetune for 40K
updates to obtain the Bilingual Finetuning baseline.

Multilingual Trained from Scratch (ML-SC)
We train 3 different multlilingual models from
scratch: Many-to-one (M→1), one-to-Many
(1→M), and Many-to-Many (M↔M) with En-
glish as pivot. We train for 500K updates and
sweep through different batch sizes (4096 and
8000 maximum tokens per GPU), learning rates
(1e−4, 2e−4, 5e−4) , and upsampling temperature
(1.5, 3, 5) for best performing multilingual model
on validation, using 32 GPUs for each training in-
stance.

4.4 Evaluation and Generation

We evaluate performance with tokenized BLEU,
following the tokenization in mBART (Liu et al.,
2020). To generate, we decode using beam search
with beam sizeN = 5 with length penalty= 1.0 on
the validation set. We do not perform checkpoint
averaging. To select the best performing model in
a sweep, we compare BLEU on the validation set.

5 Multilingual Finetuning Performance

We evaluate the performance of multilingual fine-
tuning on the ML50 Benchmark — we compare
multilingual finetuning models with bilingual train-
ing from scratch, bilingual finetuning, and multilin-
gual training from scratch. Results of multilingual
finetuning comparing to all baselines are displayed
in Table 2 (per direction comparison is available in
Figure 1). The results demonstrate strong improve-
ment over the baselines on many-to-English and
comparable performance on English-to-many di-
rections. We also evaluate multilingual finetuning
many-to-many models zero-shot performance on
non-English directions without bitext data. Our re-
sults demonstrates multilingual finetuning models’
strong improvement on zero-shot directions com-
paring to multilingual models trained from scratch.
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Data Multilingual FT Translation to English Multilingual FT Translation from English

∆BLEU
Bilingual Bilingual FT Multilingual SC Bilingual Bilingual FT Multilingual SC

M→1 M↔M M→1 M↔M M→1 M↔M 1→M M↔M 1→M M↔M 1→M M↔M

>10M 2.4 0.2 0.7 -1.6 1.1 -0.5 -0.3 -1.5 -2.1 -3.3 0.2 0
1M-10M 6.2 4.4 2.3 0.5 1.4 0.3 1.7 0.6 -1.6 -2.7 0.2 -0.4
100k-1M 8.0 7.3 2.4 1.6 2.5 0.4 4.0 3.2 -0.4 -1.2 -0.1 -0.3
10-100K 22.3 20.7 5.5 3.8 4.4 2.3 13.5 13.7 0.1 0.32 -0.2 -0.3

4-10k 18.9 15.0 7.3 3.4 5.8 0.9 10.0 9.7 1.3 1.00 -0.7 -1.2

All 12.0 10.3 3.5 1.8 3.1 -0.1 6.3 5.8 -0.5 -1.0 -0.1 -0.4

Table 2: Multilingual Finetuning on 50 languages comparing to 3 baselines: (1) bilingual from scratch, (2) bilingual
finetuning, and (3) multilingual training from scratch. Multilingual Finetuning (a) consistently improves over all baselines
for translation into English (left), while (b) performs similarly over bilingual finetuning and multilingual from scratch with
significant improvement over bilingual from scratch for translation from English (right). Numbers are average BLEU difference
between multilingual finetuning models and the corresponding baselines. Per direction comparison is available in Figure 1.

5.1 Comparison to Bilingual Finetuning

To understand whether the benefit of transfer learn-
ing across languages can be stacked on top of
finetuning pretrained models, we analyze the im-
provement of multilingual finetuning with the same
model size as bilingual finetuning in Table 2.

In the Many-to-one setting, every language pair
is improved by multilingual finetuning except one.
Some low resource languages see substantial im-
provement of more than 10 BLEU points, with the
largest improvement being over 15 BLEU points.
On average, multilingual finetuning improves 3.5
BLEU across all directions into English. In the one-
to-Many setting, performance is about the same
between multilingual finetuning and bilingual fine-
tuning with average gap of −0.5 BLEU. In many-
to-many setting, on average multilinugal finetuning
improves the performance of translation into En-
glish by 1.8 BLEU while with −1.0 BLEU behind
for translation from English. We hypothesize that
the benefit of pretraining is diminished by the chal-
lenge of decoding into many target languages in
multilingual compared to bilingual finetuning.

5.2 Comparison to Multilingual from Scratch

To understand the impact of pretraining-finetuning
paradigms for multilingual translation, we examine
our proposed multilingual finetuning method com-
paring to multilingual models trained from scratch.
As shown in Table 2, in Many-to-One setting, mul-
tilingual finetuning performs consistently better
than multilingual model trained from scratch by
3.1 BLEU on average. For low resource directions
(4k-10k bitexts), the improvement is as high as 5.8

BLEU. However, in the One-to-Many and Many-to-
Many settings, multilingual finetuning does not per-
form better than multilingual training from scratch.
For translation from English, One-to-Many mul-
tilingual finetuning performs −0.1 BLEU points
worse than multilingual from scratch on average;
many-to-many multilingual finetuning model per-
forms −0.4 BLEU worse than multilingual from
scratch on average. On translation into English, we
also observe that many-to-many multilingual fine-
tuning models performs −0.1 BLEU worse than
multilingual from scratch on average. Again we
hypothesize that the benefit of monolingual data
pretraining is dominated by the challenges of a
large amount of decoding tasks for individual tar-
get languages. We will discuss the challenges of
to-many translation further in Section 6.1.

5.3 Comparison to Bilingual from Scratch

To understand the combined benefits of pretraining-
finetuning and multilingual transfer learning, we
examine the improvement of multilingual finetun-
ing with the same model size over bilingual from
scratch in Table 2. In the Many-to-one setting,
every language pair is improved by multilingual
finetuning — on average multilingual finetuning
improves over bilingual models by 12.0 BLEU.
Some low and mid resource languages see substan-
tial improvement of more than 20 BLEU points
(see Figure 1). In the one-to-Many setting, multi-
lingual finetuning outperforms almost all bilingual
models except for 5 directions with minor gaps
(mostly less than 1 BLEU). In many-to-many set-
ting, multilingual finetuning improves translation
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Figure 1: Multilingual Finetuning and Other Baselines Comparing to Bilingual Models for 50 Languages Translation. Y-Axis
numbers are BLEU difference to bilingual models trained from scratch.

into English by 10.3 BLEU while with 5.8 BLEU
improvement for translation from English. Thus
concludes that multilingual finetuning can achieve
the significant improvement over bilingual base-
lines across all directions translation into English
and from English.

5.4 Zero-shot on Non-English Directions

We study the impact of multilingual finetuning on
zero-shot non-English directions without any bitext
training data. We evaluate multilinugal many-to-
many scratch and finetuning over WMT 13 and 20
test data (fr-de and de-fr test data are from WMT20
(Barrault et al., 2020) and the other test data is from
WMT 13 (Bojar et al., 2013)). As shown in Table 4,

many-to-many multilingual finetuning model out-
performs many-to-many multilingual from scratch
models by a large margin with average 11.9 BLEU
improvement. We hypothesize that the zero-shot
non-English translation performance gain is from
two factors (1) that pretrained mBART multilingual
encoders and decoders are well-trained with mono-
lingual data; (2) that pretrained mBART decoders
are not coupled with specific source languages as
multilingual scratch models. Note that decoders
of multilingual models from scratch are always
trained with English as the source language in the
encoders while multilingual finetuning models’ de-
coders are trained with both English and the target
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Model de cs fr ja es ru pl zh fi lv lt hi

ML-FT M→1 41.5 34.2 39.8 20.5 28.6 39.1 34.1 26.8 31.3 23.1 31.6 27.2
ML-FT M↔M 37.9 31.7 37.3 17.7 27.3 37.9 32.0 24.8 29.0 21.8 30.4 25.5
ML-FT 1→M 38.6 24.5 38.9 23.7 29.5 28.7 22.3 32.4 21.0 17.9 14.7 20.0
ML-FT M↔M 36.8 23.3 37.4 22.8 28.6 27.3 21.5 31.1 19.7 16.2 14.4 18.7

Model et ta ro ps si ml nl ne it ar ko he

ML-FT M→1 30.9 18 38.6 16.2 17.5 19.9 38.1 21.1 43.9 39.1 21.7 43.5
ML-FT M↔M 28.4 17.2 37.0 15.2 16.1 18.7 37.7 19.4 43.3 41.9 23.3 42.0
ML-FT 1→M 19.6 30.9 36.4 8.4 4.1 24.8 32.6 9.0 37.5 21.2 19.4 29.0
ML-FT M↔M 18.5 30.6 35.5 8.2 3.3 23.6 31.1 8.5 35.9 20.0 18.5 27.4

Model tr km fa vi hr uk th id sv pt xh af

ML-FT M→1 24.8 11.2 35.7 33.1 44.3 36.2 30.3 39.1 46.9 49.3 14.2 42.5
ML-FT M↔M 24.3 10.7 34.0 32.7 42.7 34.2 29.1 37.9 45.1 47.1 16.6 42.4
ML-FT 1→M 22.1 6.2 18.3 32.5 31.9 24.4 36.0 34.8 37.8 41.0 8.9 20.4
ML-FT M↔M 21.4 5.7 18.2 32.0 30.8 24.1 35.7 35.1 38.0 40.8 11.6 20.4

Model kk ur mk te sl my ka gl mr gu mn az

ML-FT M→1 19.3 31.4 42.5 44.0 33.9 32.1 28.6 40.6 17.4 15.8 13.6 19.9
ML-FT M↔M 15.6 31.7 39.4 41.8 31.6 29.7 24.5 36.9 15.4 5.4 12.8 17.4
ML-FT 1→M 6.5 24.6 27.0 41.0 22.8 35.4 12.3 28.0 13.4 1.9 8.5 8.1
ML-FT M↔M 6.9 22.2 29.0 39.6 23.1 36.8 12.3 28.0 13.1 1.9 7.7 8.0

Table 3: Multilingual Finetuning BLEU scores over 50 languages

language as source languages in encoders. This
result echos the findings in (Gu et al., 2019) re-
garding the importance of decoupling source and
target languages encoders and decoders learning in
zero-shot translation.

HHHHHHsrc
tgt

model cs de es fr

cs
ML-SC - 3.1 2.9 2.2
ML-FT - 16.3 19.1 13.5

de
ML-SC 2.3 - 3.1 2.5
ML-FT 13.8 - 16.2 12.2

es
ML-SC 2.2 2.7 - 2.7
ML-FT 10.6 13.3 - 15.8

fr
ML-SC 2.3 3 3.4 -
ML-FT 8.7 14.2 21 -

Table 4: Multilingual Finetuning Many-to-Many Model raw
BLEU scores on Zero-shot non-English Directions: Multilin-
gual Finetuning (ML-FT) consistently outperforms Multilin-
gual Scratch (ML-SC) over all zero-shot directions with large
margin

6 Discussion

6.1 Challenges of To-Many Directions

In the Many-to-one setting, large improvements are
obtained by using pretrained models as a starting
point. Multilingual modeling increases the quan-
tity of target-side English data seen by the model.
For example, compared to bilingual finetuning, our
multilingual finetuning model is exposed to English
target side data from 50 different language pairs.

However, in the one-to-Many setting and the
Many-to-Many setting, models must decode into 50
different languages in both multilingual paradigms
— being either trained from scratch or pretrained-
and-finetuned. As shown in Table 2 (and Ta-
ble 9, Figure 1), multilingual models — either from
scratch or multilingual finetuning — perform worse
than bilingual finetuning for English to Many. This
indicates that the challenge of decoding into many
languages is a dominating factor in the multilingual
models, even with pretraining. Note that there are
49 decoding tasks in One-to-Many and 50 decoding
tasks in Many-to-Many, while only 1 in Many-to-
One. Additional research, for example following
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Figure 2: mBART50 and mBART25 Bilingual Finetuning BLEU Delta. mBART50 is better than mBART25 over new
languages on average. (left) Translation into English; (right) Translation out of English.

the study framework used in (Grönroos et al., 2020),
is needed to understand (1) the interaction between
pretraining and finetuning and multiple decoding
tasks, and (2) the difference between multiple en-
coding tasks and multiple decoding tasks.

6.2 Continuous Pretraining is Effective

Pretraining models at large scale is costly. By
proposing multilingual finetuning, we introduce a
dependency on pretrained models for multilingual
translation, which can be a limitation if the pre-
trained model does not cover the desired languages
for translation. Thus, we examine the possibility
and effectiveness of incrementally extending pre-
trained models to support additional languages. We
found that for the languages which are supported by
the original pretrained models, bilingual finetuning
from both previously pretrained and continuously
pretrained models demonstrate the almost exactly
the same performance (see Figure 3 for our analy-
sis of the bilingual finetuning performance of both
models over the original 25 languages). Thus, ex-
tending pretraining does not hurt performance on
the originally supported languages, despite dou-
bling the number of languages supported by the
pretrained model. This removes a big limitation
of using pretrained models — that users are often
limited to choices made during the original pre-
training, and thus if languages are not supported,
they cannot be used.

We also examine the effectiveness of such con-
tinued pretraining. We find that mBART50 has
stronger bilingual finetuning performance (see Fig-
ure 2) than mBART25 over the newly supported
25 languages on average, indicating that pretrained
models are able to be extended to support addi-
tional languages if model capacity allows.

7 Conclusion

We demonstrate that multilingual translation mod-
els can be created from pretrained models such
as mBART using multilingual finetuning. While
using pretrained models could theoretically limit
the number of languages, we show that mBART
can be extended to double the number of origi-
nal languages without loss of performance. To
train and evaluate on 50 languages, we develop
and release the ML50 benchmark. We show that
by performing multilingual finetuning, strong im-
provements can be achieved in the Many-to-one set-
ting. However, pretraining and finetuning paradigm
alone is not enough to address the challenges of
multilingual models for One-to-Many. Our future
work will include analysis of improved strategies
for One-to-Many translation, model capacity and
inference latency trade-off, an in-depth study of
zero-shot translation, training strategies for better
data efficiency, and applications of the universal
text representation and generation frameworks in
other crosslingual tasks.
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A Appendix

Model Encoder layers Decoder layers Embedding FFN embedding Heads

Standard 5 5 512 2048 8
Big 6 6 1024 4096 16

Large 12 12 1204 4096 16

Table 5: Baseline transformer model architectures
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(a) Translation into English
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(b) Translation out of English

Figure 3: Comparing mBART50 and mBART50 bilingual finetunign on the mBART25 languages.
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ML50 Train ML50 Eval

Language # Sentences Source Source # Sentences
Valid

# Sentences
Test

af 45967 Opus LauraMartinus 1500 2686
ar 226073 IWSLT17 IWSLT17 1158 1460
az 5680 TED58 TED58 671 903
bn 4487 TED58 TED58 896 216
cs 42587802 WMT20 WMT19 2983 1997
de 45828203 WMT20 WMT19 2998 2000
es * 14524187 WMT13 WMT13 3003 3000
et 1052003 WMT18 WMT18 2000 2000
fa 144895 TED58 TED58 3930 4490
fi * 2353313 WMT17 WMT17 3000 3002
fr 36797950 WMT14 WMT14 3000 3003
gl 9504 TED58 TED58 682 1007
gu 7471 WMT19 WMT19 1998 1016
he 204380 TED58 TED58 4515 5508
hi 1327206 ITB ITB 520 2507
hr 116792 TED58 TED58 3333 4881
id 83944 TED58 TED58 2677 3179
it 226457 IWSLT17.mltlng IWSLT17.mltlng 1566 1147
ja * 16167141 WMT20 WMT20 dev-split 999 999
ka 12364 TED58 TED58 654 943
kk 29186 WMT19 WMT19 2066 1000
km 191967 WMT’20 Flores devtest 2378 2309
ko 224612 IWSLT17 IWSLT17 1143 1429
lt * 1395010 WMT19 WMT19 2000 1000
lv * 1808291 WMT17 WMT17 2003 2001
mk 24037 TED58 TED58 640 438
ml 358916 lotus lotus 500 1000
mn 7168 TED58 TED58 372 414
mr 9397 TED58 TED58 767 1090
my 18073 WAT19 WAT19 1000 1018
ne 227387 Flores Flores 2559 2924
nl 232572 IWSLT17.mltlng IWSLT17.mltlng 1777 1181
pl 10332683 WMT20 WMT20 dev-split 1000 1000
ps 579346 WMT’20 Flores devtest 3162 2698
pt 49446 TED58 TED58 1193 1803
ro 592594 WMT16 WMT17 1999 1999
ru * 13922899 WMT20 WMT19 3000 2000
si 565661 Flores Flores 2898 2905
sl 18751 TED58 TED59 1068 1251
sv 53596 TED58 TED58 1729 2283
ta 609767 WMT’20 WMT20 dev-split 995 994
te 22042 lotus lotus 500 1000
th 93723 TED58 TED58 2989 3713
tr 204200 WMT17 WMT17 3000 3007
uk 104193 TED58 TED58 3060 3751
ur 26302 lotus lotus 500 1000
vi 127069 IWSLT 15 IWSLT15 1268 1080
xh 48981 Opus LauraMartinus 1500 2717
zh * 10082367 WMT20 WMT19 3981 2000

Table 6: ML50 Benchmark dataset stats. For each language, we list the size of training data after the filtering steps, the source
of training/evaluation data, and the size of evaluation data. We notice that part of the available dataset are missing due to human
error for a few language pairs. We mark these languages with asterisk and we will release next version of the ML50 benchmark
data to include the missing data.
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Lang de cs fr ja es ru pl zh fi lv lt hi

BL-Scratch to en 39.7 29.0 35.2 18.4 27 37.7 28.4 25.1 24.1 17.9 27.8 20.1
BL-FT to en 41.0 32.0 37.4 19.5 30.2 38.5 31.0 25.4 28.8 20.8 30.7 23.8

BL-Scratch from en 40 24.8 39 22.2 29 28.5 24.3 33.6 19.7 16.6 13.3 17.5
BL-FT from en 41.9 26.5 40.8 24.5 30.3 30.5 26.7 35.1 23.7 19.0 16.1 20.4

Lang et ta ro ps si ml nl ne it ar ko he

BL-Scratch to en 23.2 14.2 32.6 8.9 6.1 12.5 32.5 2.8 36.9 33.5 16.4 38.6
BL-FT to en 28.3 18.2 37.1 15.0 12.6 18.2 36.5 13.3 42.1 37.5 19.9 42.7

BL-Scratch from en 17.5 28.7 32.9 7.3 1.5 17.5 29.3 1.3 33.7 19.7 16.1 27.0
BL-FT from en 22.0 34.0 37.4 9.3 4.7 25.5 33.3 6.9 38.1 22.0 20.0 29.7

Lang tr km fa vi hr uk th id sv pt xh af

BL-Scratch to en 16.5 4.0 27.6 26.0 33.6 24.5 20.9 28.0 30.8 30.7 0.4 1.0
BL-FT to en 22.5 8.3 33.2 31.9 42.0 33.5 28.2 36.9 44.9 46.0 12.1 26.5

BL-Scratch from en 16.3 4.3 15.1 28.5 26.0 17.8 30.7 27.2 27.0 27.1 0.2 1.0
BL-FT from en 22.7 5.9 18.4 32.9 32.2 24.3 36.5 35.6 38.5 41.6 11.2 18.3

Lang kk ur mk te sl my ka gl mr gu mn az

BL-Scratch to en 1.4 7.8 14.1 10.9 7.9 3.9 6.1 6.6 2.8 0.0 3.5 2.8
BL-FT to en 11.0 28.0 35.8 35.8 28.5 25.1 23.8 34.3 11.6 0.5 11.2 15.5

BL-Scratch from en 0.6 8.3 8.2 15.0 4.9 19.8 3.7 4.2 5.2 0.0 3.3 1.9
BL-FT from en 5.9 23.7 27.2 38.8 21.9 35.8 13.0 26.7 11.5 0.6 8.5 7.4

Table 7: Bilingual and Finetuning Bilingual Baselines over 50 languages

Lang de cs fr ja es ru pl zh fi lv lt hi

ML-Scratch M→1 39.6 32.3 38.0 19.2 31.6 38.6 30.6 25.9 29.3 22.1 30.5 26.3
ML-Scratch M↔M 38.3 31.2 37.0 17.5 31.6 38.0 29.9 24.8 28.4 21.1 30.5 25.3
ML-Scratch 1→M 39.1 23.9 38.5 20.9 29.3 28.6 24.6 31.7 21.2 17.6 14.5 19.8
ML-Scratch M↔M 37.2 23.1 37.8 20.0 29.1 27.4 23.1 30.5 20.3 16.5 14.6 19.7

Lang et ta ro ps si ml nl ne it ar ko he

ML-Scratch M→1 29.1 20.5 36.3 16.0 15.4 19.5 34.5 17.7 40.1 51.0 29.2 39.7
ML-Scratch M↔M 28.3 19.9 36.6 15.7 16.2 19.2 37.6 20.3 41.9 44.5 24.1 40.5
ML-Scratch 1→M 19.2 33.3 36.1 8.4 4.2 25.0 32.6 9.4 36.5 21.7 19.3 29.6
ML-Scratch M↔M 18.6 32.1 35.2 8.3 3.9 23.8 31.9 9.1 36.6 20.9 18.1 28.1

Lang tr km fa vi hr uk th id sv pt xh af

ML-Scratch M→1 23.1 8.9 31.9 28.0 40.6 31.7 26.4 36.3 41.5 43.9 14.5 35.7
ML-Scratch M↔M 23.6 10.5 32.6 30.6 40.6 32.4 27.3 35.7 42.2 44.5 13.5 35.1
ML-Scratch 1→M 22.1 5.0 18.5 32.5 32.5 24.4 36.5 34.7 38.2 41.9 4.9 20.3
ML-Scratch M↔M 21.7 5.0 18.3 31.9 31.6 24.5 36.7 35.4 38.4 42.0 8.9 17.6

Lang kk ur mk te sl my ka gl mr gu mn az

ML-Scratch M→1 12.5 28.6 36.7 37.8 32.4 27.9 23.0 35.8 14.9 3.1 10.8 14.1
ML-Scratch M↔M 13.6 30.2 37.6 40.1 30.8 27.6 24.2 36.0 14.9 3.5 12.5 16.0
ML-Scratch 1→M 7.9 24.6 28.3 41.2 23.4 35.5 13.5 28.9 13.9 3.0 9.2 8.5
ML-Scratch M↔M 7.9 24.3 29.5 41.2 22.6 36.3 13.2 28.8 13.8 3.9 9.1 7.9

Table 8: Multilingual Baselines over 50 languages
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Data Translation to English Translation from English
BL-FT ML-SC ML-FT BL-FT ML-SC ML-FT

over over over over over over
Bilingual Bilingual Bilingual Bilingual Bilingual Bilingual

M→1 M↔M M→1 M↔M 1→M M↔M 1→M M↔M

>10M 1.7 1.4 0.6 2.4 0.1 1.8 -0.5 -1.6 -0.3 -1.5
1M-10M 3.9 4.8 4.1 6.2 4.4 3.3 1.5 1.0 1.7 0.6
100k-1M 5.6 5.5 6.9 8.0 7.2 4.4 4.1 3.5 4.0 3.2

10K-100K 16.8 17.9 18.4 22.3 20.7 13.4 13.7 14.0 13.5 13.7
4k-10k 11.6 13.1 14.1 18.9 15.0 8.7 10.6 10.9 10.0 9.7

All 8.5 9.0 9.5 12.0 10.3 6.8 6.4 6.1 6.3 5.8

Table 9: Multilingual Finetuning on 50 languages comparing to bilingual models. Numbers are average BLEU difference
compared to bilingual models trained from scratch.
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Abstract

Using multiple treebanks to improve parsing
performance has shown positive results. How-
ever, to what extent similar, yet competing an-
notation decisions play in parser behavior is
unclear. We investigate this within a multi-task
learning (MTL) dependency parser setup on
two parallel treebanks, UD and SUD, which,
while possessing similar annotation schemes,
differ in specific linguistic annotation prefer-
ences. We perform a set of experiments with
different MTL architectural choices, compar-
ing performance across various input embed-
dings. We find languages tend to pattern in
loose typological associations, but generally
the performance within an MTL setting is
lower than single model baseline parsers for
each annotation scheme. The main contribut-
ing factor seems to be the competing syntactic
annotation information shared between tree-
banks in an MTL setting, which is shown in
experiments against differently annotated tree-
banks. This suggests that the impact of how
the signal is encoded for annotations and its in-
fluence on possible negative transfer is more
important than that of the input embeddings in
an MTL setting.

1 Introduction

Multi-task learning (MTL; Caruana, 1997) has
shown promise in various NLP tasks such as se-
mantic dependency parsing (Peng et al., 2017; Her-
shcovich et al., 2018; Kurita and Søgaard, 2019),
machine translation (Dong et al., 2015) and muli-
tiword expression detection (Taslimipoor et al.,
2019).

MTL inherently is designed to share informa-
tion between tasks, which has helped various NLP
components (Collobert and Weston, 2008). One
active research question however is what informa-
tion in specific tasks should be shared, as well was
what indicators can be used to predetermine the

cost-benefit trade-offs of MTL for a given appli-
cation. Findings have shown that label distribu-
tions (Martı́nez Alonso and Plank, 2017), data sizes
(Bollmann et al., 2018) and single task loss curves
(Bingel and Søgaard, 2017) have all been respective
indicators for MTL performance. Different tasks,
data sizes, and settings can all show different rel-
ative performance gains (Adouane and Bernardy,
2020). Thus, it is still an open question under
which circumstance MTL can be used to achieve
max performance boosts over a single task system.

In syntactic parsing, learning a closely related
task (e.g. POS tagging) in a joint paradigm bene-
fits overall performance (Bohnet and Nivre, 2012;
Zhang and Weiss, 2016), and work has also ex-
ploited MTL by leveraging two or more treebanks
against each other (see section 2). We often assume
simply increasing data and the sharing of syntac-
tic information will inherently benefit all parsers,
but this assumes that all syntactic sharing, specif-
ically all annotation sharing, is positive and com-
plementary. However, annotation decisions have
been shown to favor parsing preferences (Rosa,
2015; Rehbein et al., 2017; Kohita et al., 2017).
This means that is is not necessarily clear if shar-
ing annotations benefits all parsers equally. This is
especially true if two annotation schemes choose
drastically different approaches when annotating
specific linguistic phenomena.

We look to examine this issue further by utiliz-
ing a set of treebanks that are annotated on parallel
data, Universal Dependencies (UD; Nivre et al.,
2016) and Surface-Syntactic Universal Dependen-
cies (SUD; Gerdes et al., 2018), to examine how
two competing syntactic annotation schemes be-
have when used in an MTL setup. Using parallel
treebanks also removes the lexical variation and
influences of domain differences that are present
in most MTL treebank setups. Whether this is a
positive or negative in an MTL setup is unclear,
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but reduction in domain differences tend to benefit
single model parsers.

We utilize the graph-based Deep Biaffine Parser
of Dozat and Manning (2017) in an MTL archi-
tecture, treating each UD and SUD treebank of a
selected language as a task, and experiment with
sharing different embeddings, layers, and loss func-
tions. Additionally, we look at the how different
embeddings interact with these annotations along
with their role in encoding the signal utilized by the
MTL parsers, and whether results follow any lin-
guistic patterns. Finally, we perform additional ex-
periments with treebanks from SPMRL shared task
(Seddah et al., 2013, 2014) to support our analysis.
We look to investigate the following questions:

1. How will competing syntactic annotations
schemes on parallel treebanks behave in an
MTL parser?

2. What impact do different input embeddings
have on behavior in such a setup?

3. When a treebank is paired with a non-parallel
treebank possessing noticeably different syn-
tactic annotations, do trends hold?

2 Related Work

The use of multiple treebanks has been success-
fully incorporated in parsing strategies. Recent
multilingual multi-treebank work by Schuster et al.
(2019) extended the Biaffine parser by Dozat and
Manning (2017) to incorporate deep contextual-
ized multilingual embeddings in combination with
multiple treebank sources, demonstrating gains for
zero-shot parsing. Smith et al. (2018a) noted us-
ing smaller groups of closely related languages
is preferable to larger datasets of dissimilar ones.
Multiple synthetic treebanks derived from closely
related languages were used to parse Faroese by
Barry et al. (2019), though a single language source
model yielded the best results.

More directly related work is Johansson (2013),
who shares features between two treebanks of the
same language that differ in annotation schemes
by identifying overlapping features. Using a graph-
based parser, he achieved noticeable relative error
reduction in UAS for four language pairs, with
the largest performance gains on the smaller tree-
banks. This was followed by Johansson and Ade-
sam (2020) using a neural transition-based parser
and leveraging a mixture of treebanks, three de-
pendency and two constituency, against a single

constituency treebank in a multi-treebank setup.
They find that in all settings, performance on the
target constituency treebank improves, with the
highest gain coming from using all five as an auxil-
iary treebank. Kankanampati et al. (2020) use the
Multidimensional Easy First approach introduced
by Constant et al. (2016) to parse the Arabic CATiB
(Habash and Roth, 2009) and its converted UD rep-
resentation in a multi-task setup. They note that
both treebanks showed error reduction, but that im-
provements were due to partial dependencies, and
not primarily driven through lexical sharing.

Little direct work exists on extensive empirical
investigations between UD and SUD with parsers.
Recent work by Kulmizev et al. (2020) performed
probing experiments across a set of languages to
extract dependency graphs from BERT (Devlin
et al., 2019) and ELMO (Peters et al., 2018) lan-
guage models, finding that both models prefer UD,
with tree shape directly correlated to preference
strength.

One of the advantages of MTL is the ability to
share information as well as altering objective func-
tions between tasks. Early work examined the im-
pact different loss functions have on downstream
applications (Hall et al., 2011) and how in a hierar-
chy of tasks, sharing of individual layers benefits
other tasks differently, with lower level task sharing
most beneficial (Søgaard and Goldberg, 2016).

Both hard and soft sharing of parameters have
proven successful. Duong et al. (2015) exploited
soft parameter sharing between different cross-
lingual treebanks possessing the same annotation
schemes achieving results on the target language
with only half the needed annotated data. Soft
sharing of parameters allows nuances between lan-
guages of the same treebank when hard sharing all
other parameters (Stymne et al., 2018).

Parameter sharing has proven effective in both
monolingual (Guo et al., 2016) and multilingual
parsing (Ammar et al., 2016; Kitaev et al., 2019).
However, what are the optimal parameters to share,
and where to do so in the architecture, particu-
larly in cross-lingual setups, is not consistent as
shown by de Lhoneux et al. (2018) in extensive
experiments in sharing word and character LSTM
parameters.
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What can we do about it ?
PROP AUX PROP VERB ADP PRON PUNCT

obj

aux

nsubj

obl:about

case

punct

comp:obj

subj

comp:aux

punct

udep comp:obj

Figure 1: UD and SUD annotation example from English EWT Treebank

Treebank ar-padt de-gsd el-gdt en-ewt fi-tdt fr-gsd hu-szeged ko-gsd ru-gsd tr-imst vt-vtb zh-gsd
UD Train Non-Proj .0892 .0950 .0596 .0523 .0606 .0399 .2572 .1620 .0623 .1105 .0314 .0233

Dev Non-Proj .0825 .0626 .0521 .0275 .0689 .0407 .3356 .1568 .0587 .1204 .0213 .0014
SUD Train Non-Proj .2331 .2118 .1420 .0948 .1423 .0857 .3384 .1764 .0901 .1444 .0957 .4412

Dev Non-Proj .2090 .1815 .1266 .0679 .1645 .0800 .4082 .1684 .0933 .1478 .1075 .4320
Total Train 6075 13814 1662 12543 12217 14449 910 4400 3850 3664 1400 3997
Total Dev 909 799 403 2002 1364 1476 441 950 579 988 800 500

Table 1: Proportion of Non-Projective Trees in UD and SUD Train and Dev Sets

3 Experimental Setup

3.1 Data

UD have become a de facto standard as a source
for treebanks for dependency parsing. A main anno-
tation choice in UD is the prioritization of content
words as the head. While some functional distinc-
tions are kept, such as those between subjects and
objects, many other are merged, such as comple-
ments and adjuncts. Importantly, function words
are dependents of the content words.

SUD were developed as a counter-balance to
UD with the belief that UD are not syntactically
motivated enough, with a particular linguistically
argued objection to the prioritization of content
words as heads, stemming from the belief that the
distributional context of words should drive head-
edness. While many individual labels are kept,
several are collapsed into a single label (e.g. nsubj
& csubj→ subj). The primary result of function
words becoming heads is the inherent reversal of
syntactic relationships of many words.

Fig. 1 is an example of how the SUD conversion
alters an English sentence from its original UD rep-
resentation. One of the more noticeable differences
is that the projective UD tree is now non-projective
in the SUD schema. The main cause, in this exam-
ple, is because the auxiliary verb can is now the
root in SUD, rather than the content word do in UD.
Furthermore, the only word to retain the same head
word between the two sentences is what, while all
others have new heads. We wish to emphasize how-
ever, that not all trees show such stark contrasts,

but simply want to highlight how a simple choice
in annotation can produce distinctly different trees,
and the resultant impact on non-projectivity.

By using UD and SUD, we eliminate one of the
variables in many multi-treebank setups, the differ-
ent distribution of the underlying vocabulary. This
effectively eliminates domain differences between
the treebanks (see section 3.2), as both parsers will
get more similar outputs from the BiLSTM layer,
and identical ones in a joint loss setting.

We Use UD and SUD version 2.7 and select
12 different language from 10 language families.
This was done in order capture sufficient linguis-
tic variation in terms of how UD and SUD may
impact various linguistic phenomena found in ty-
pologically different languages, and subsequently
annotation schemes.1 Table 1 presents statistics on
the treebanks in respect to their variation in train-
ing and dev sizes. Additionally, we also note the
proportion of non-projective trees found in each
annotation scheme.2 All languages show higher
number of non-projective trees in SUD when com-
pared to their UD counterparts, but for some it is
much more substantial. A noticeable example is
Chinese (zh) which has 40% more absolute non-
projective trees in its SUD treebank compared to
its UD counterpart. Noticeable increases can also
be seen in Arabic and German, but most languages
show only moderate differences. Hungarian (hu) is

1We restrict ourselves to treebanks that contained complete
training, dev, and test splits.

2We note that this is not always entail explicit linguistic
non-projectivity, as in many cases punctuation is the source of
non-projectivity which can be viewed as non-linguistic.
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Figure 2: Multi-task model architecture.

interesting as it is the only language that shows a
high proportion of non-projective trees in UD and
only a moderate increase for SUD.

3.2 MTL Parsing Architecture
We use the PyTorch (Paszke et al., 2019) implemen-
tation of the Biaffine parser of Dozat and Manning
(2017) provided by Zhang et al. (2020),3 and ex-
tend it to an MTL architecture.4

We modify the base parser by treating parsing
of each annotation scheme as a separate task. Each
task shares the BiLSTM layer that is used to en-
code the concatenation of all input embeddings.
These BiLSTM encodings are then passed through
dimension reducing MLPs to strip away arc and
relationship information information deemed not
relevant. We implement two MLP schemes, one in
which we share them across tasks (shared; Figure
2A) and the other in which each task has its own
MLP layers (unshared; Figure 2B). Considering
the overlap in the annotation schemes, a shared
MLP setting allows us to examine the behavior of
sharing information between the two annotation
scheme when irrelevant information is minimized.
Finally, in order for the model to learn task specific
information, we apply task specific biaffine atten-
tion layers to the MLP outputs to produce scores
for both arcs and labels.

The common practice in MTL is to have sepa-
rate losses for different tasks and to optimize for
each of them separately (alternating loss; Ruder,

3https://github.com/yzhangcs/parser
4Our code is available at https://github.com/

zeeshansayyed/multiparser

2017). This is particularly the case when the dif-
ferent tasks do not share the same input. However,
our dataset contains parallel sentences albeit with
different annotations. It thus then becomes possible
to experiment with using a joint loss for training
both tasks as the parsers receive the same input,
and a joint loss has shown improvements when
joint learning POS tags and dependency parsing
(Li et al., 2018). We do this by optimizing for the
sum of losses of each of the tasks. Since the losses
of both tasks are of nearly the same magnitude, we
do not have to worry about imbalance and a simple
sum suffices.5 We experiment with both types of
losses.

In the alternating loss setting, we randomly
choose a task from the given tasks and then ran-
domly choose a batch of sentences along with their
annotations from that task before calculating the
loss of that batch and backpropagating the errors.
In a given epoch we chose sentences without re-
placement. For joint loss, we randomly choose a
batch of the same sentences from both the tasks,
along with their different annotations. Losses are
calculated based on those annotations and summed
together before backpropagating the errors. We
posit that joint loss should allow for faster conver-
gence as both the tasks affect the parameter updates
of the shared layers simultaneously, thus helping
the optimization process to move towards the goal
more quickly.

The two choices of losses combined with the op-
5When losses in an MTL setting do not have comparable

magnitude, then the joint loss tends to more influenced by the
task with larger loss; thus, producing a learning bias.
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Figure 3: Heatmap illustrating the mean LAS scores for the four MTL settings across all languages and embedding
types. UD-LAS is represented in the left column and SUD-LAS in the right column for each embedding input.

tional sharing of MLP layers gives rise to four dif-
ferent experimental settings: alternating-unshared,
alternating-shared, joint-unshared, and joint-shared.
In addition, we experiment with internally ran-
domly initialized word and POS6 embeddings, ex-
ternal embeddings (FastText; Bojanowski et al.
(2017)) and BERT (Devlin et al., 2019)), and their
concatenations as inputs to the BiLSTM layers.
All results are reported on the dev sets using the
CoNLL 2018 Shared Task Scorer (Zeman et al.,
2018).

4 Results

The overall performances of the four experimen-
tal settings, namely alternating vs joint loss and
shared vs unshared MLP layers, are very close to
each other. The convergence statistics for joint and
alternating loss settings are reported in Table 2.7 It
can be noted that despite taking a greater number of
epochs to converge when compared to alternating
loss, joint loss converges faster in terms of time be-
cause it performs the forward propagation through
the shared layers only once for both tasks, whereas
alternating loss has to perform it separately for each
task.

As we are more interested in the MTL parser

6We use gold POS tags.
7All experiments were performed on Nvidia V100 GPUs.

Tables 2 and 3 analyses do not include BERT experiments.

behavior across experimental settings, we report
the mean LAS score over the four MTL settings in
all our experiments to capture the general trends of
the MTL parser.

Parameter # Epochs Time (seconds)
Joint Loss 342 2 774

Alternating Loss 297 3 907

Table 2: Convergence statistics for Joint and Alternat-
ing Loss

To analyze the impact of different embedding
types on the MTL parsing setup, we change the
specificity of information by using different em-
bedding types with the MTL parser as discussed in
section 3.2, results of which are presented in Fig
3. We see that adding more information yields in
higher LAS across languages (moving from left to
right on the heatmap) with the concatenation of all
embeddings (rightmost columns) performing the
best.

However, given that we are more interested in
examining whether the parallel UD-SUD treebanks
can benefit from an MTL setup, we choose instead
to focus on how the MTL parsers compare to the
single UD and SUD baseline parsers across the dif-
ferent embedding choices. Fig. 4 shows a heatmap
depicting the difference of the mean LAS of all four
settings with respect to the corresponding single
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Figure 4: Heatmap illustrating the performance difference between MTL parsers compared to corresponding single
task baseline parser. Each block represents the difference between the mean LAS score of four MTL settings and
the respective single task baseline LAS score.

baseline parser, for each embedding input.8

The mean drop in LAS scores for MTL set-
tings when compared to the baselines across all
languages and all the different feature embeddings
(432 runs) are reported in Table 3, with lower num-
bers indicating better performance. No particular
setting shows a significant improvement over the
other. Keeping this in consideration, we still see
that joint loss performs slightly better than alternat-
ing loss. Sharing of MLP layers seems to help a
little compared to the setting where we have task
specific layers. As mentioned in section 3.2, the
role of dimension reducing MLPs is to remove all
the information that is not necessary for perform-
ing the task at hand. This would indicate that the
two tasks remove similar unnecessary information,
thereby sharing the signal necessary for making
parsing decisions.

One of the most striking observations is that ran-
domly initialized word embeddings (seen in the
far left two columns) are noticeably lighter across
all languages. This stands in stark contrast to the
subsequent FastText (FT), word+char and FT+char

8We also experimented with task-specific fine-tuning fol-
lowing Liu et al. (2019) on MTL parsers. While it did lead to
improvements, the overall distribution across all the different
settings and languages was not considerably different. Also
see Appendix for additional heatmaps contrasting shared vs
unshared and alternating vs joint loss settings. The overall
pattern remains the same.

Parameter Mean Drop (LAS)
Joint Loss 0.70

Alternating Loss 0.75
Shared MLP 0.69

Unshared MLP 0.76

Table 3: Mean drop in LAS compared to baseline

embeddings. Hungarian shows particularly notice-
able improvements, though it may be due to its size.
However, given that we also see some moderate
improvements for English, Greek and Russian, the
size of the treebanks is not the only contributing
factor.

Once inputs include word embeddings initialized
with FT embeddings or randomized char embed-
dings, we see some interesting trends. Finnish,
Hungarian, Korean, Turkish, and Russian show
consistent degradation in performance with any in-
clusion of character-based embeddings. Some lan-
guages show more stable results, regardless of the
input embeddings, namely Greek, English, French,
and Chinese. Vietnamese clearly performs worse
when using FT embeeddings to initialize the word
embeddings, but otherwise is rather stable in other
settings. However, even with BERT (B) embed-
dings, we do not see any noticeable improvement
over the baselines.
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When we begin incorporating POS tag embed-
dings, we see that drops relative to the baseline
for these languages become less pronounced, but
few languages ultimately show improvements, with
Hungarian being the noticeable exception. The pat-
tern in the reduction in degradation of performance
when including POS tag embeddings continues
across all settings. The exception being Finnish,
which still shows large drops in almost all settings,
but show slightly reduced drops when including
BERT embeddings.

5 Discussion

5.1 UD vs SUD

We see, in general, a systematic decrease in perfor-
mance when using parallel UD and SUD treebanks
in an MTL setup across many languages. When
looking for linguistic behaviors, we can clearly see
that agglutinative languages (Hungarian, Finnish
Turkish, and Korean) all suffer severe performance
drops when using character-based embeddings, but
the concatenation of POS embeddings helps mit-
igate the degradation. The absolute differences
of Hungarian and Finnish are noticeably different
compared to one another. This may be somewhat
unexpected, given they are in the same language
family. However, the modern forms are quite dif-
ferent and treebank sizes may play a role, as input
embeddings pattern similarly overall between the
two.

The morphological complexity of other lan-
guages in relation to their behavior is not neces-
sarily a good predictor of behavior. However, if
we view the other eight remaining languages on
a continuum of fusional and analytical properties,
we can see some general patterns.

Russian, a fusional language, patterns with the
agglutinative languages in its behavior with charac-
ter embeddings, but is also one of the more morpho-
logically rich languages (MRL) of the non aggluti-
native languages. The other more fusional MRLs,
German and Greek, also do not see as much volatil-
ity, although German tends to be worse respective
to the baseline, while Greek shows some more pos-
itive results, but this could again be due to treebank
sizes. English and French are more analytical than
the other fusional languages and contain far less
morphology. While both show rather consistent
minimal degradation regardless of the input embed-
ding, English occasionally shows some improve-
ment, while French virtually none.

Arabic and Vietnamese, however, are some-
what odd cases. Arabic is both fusional and an
MRL, whereas Vietnamese is much more analyt-
ical. Vietnamese, though, patterns more with the
other MRLs, while Arabic patterns more like the
analytical language, particularly with its less over-
all performance degradation compared to baselines
across settings. Vietnamese shows one of the larger
performance drops relative to the baseline com-
pared to the other eight languages when using FT
embeddings in the input, but this is diminished
when combined with additional embeddings.

Chinese, an extremely analytical language,
presents an additionally interesting case. The LAS
for SUD is usually on average 10% absolute lower
than its UD counterpart, which can be seen in
Fig. 3. This probably is a direct result of the
SUD treebank having 40% absolute more non-
projective trees. However, this massive disparity
in non-projectivity has seemingly not resulted in
additional performance degradation in the MTL
setup (as seen in Fig. 4), suggesting that sharing
between treebanks that show large differences in
non-projectivity is not necessarily detrimental.

Given the general behavior across settings, per-
formance degradation can most likely be attributed
to negative transfer derived from the different an-
notation preferences UD and SUD encode, which
is not seen in the single model baselines. When
different embeddings are used, the negative transfer
is either accentuated depending upon the language,
as seen with character embeddings, or some em-
beddings seem to help mitigate the negative trans-
fer, as with POS embeddings. Interestingly, al-
though character-based embeddings show signifi-
cant improvements in the single baseline models
compared to word embeddings, the signals they
encode seem to be detrimental in an MTL setting,
as performances drops relative to their respective
single model baselines. This would seemingly sug-
gest that in an MTL setup, word and POS embed-
dings are encoding more beneficial signals that help
both annotation schemes, reducing possible nega-
tive transfer from each treebank, whereas character
embeddings are maximally beneficial when used
to train a single model. This is in line with recent
work showing that the linguistic information POS
tags convey, when highly accurate or gold, still
have value for specific use cases, and are beneficial
in certain dependency parsing architectures or as
auxiliary tasks (Anderson and Gómez-Rodrı́guez,
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Arabic German Hungarian

Exp. MLP
Char + FastText Char + FastText Char + FastText

UD SUD UD SUD UD SUD
UAS LAS UAS LAS UAS LAS UAS LAS UAS LAS UAS LAS

baseline 86.59 82.25 86.50 81.44 89.18 85.11 87.81 84.98 84.73 79.97 84.03 79.02
UD-SUD unshared 86.33 81.93 86.34 81.33 87.95 84.06 86.74 83.70 84.28 79.42 83.53 78.56

shared 86.33 81.97 86.22 81.33 87.83 84.08 86.76 83.73 84.50 79.72 85.83 79.05
SPMRL unshared 87.78 83.47 87.52 82.62 90.16 86.44 89.81 87.18 87.04 82.23 86.99 82.73

shared 87.50 83.24 87.38 82.46 90.01 86.39 89.36 86.50 72.16 82.76 87.91 83.32

Table 4: Results for MTL experiments with SPMRL dataset. All MTL experiments are trained with the alternating
batch loss setting to allow for comparison with experiments involving SPMRL. We cannot use joint loss when
training SPMRL with either UD or SUD as they are not parallel treebanks. The UD-SUD experiment shows
results for UD and SUD when they are trained together in an MTL setting, whereas the SPMRL experiment shows
results for UD and SUD when each of them is separately trained along with the corresponding SPMRL dataset
instead of each other (UD-SPMRL & SUD-SPMRL).

2020; Zhou et al., 2020).
One specific often overlooked annotation issue

that helps convey this point is punctuation.9 In
both annotation schemes, punctuation attachment
is rather straight forward. However, as seen in Fig
1, it is one of the competing annotation decisions.
In both annotation schemes, punctuation is sim-
ply attached directly to the root. However, in UD
the root is a content word, while in SUD the root
is a function word. Thus, while straight forward
form an annotation perspective for both schemes,
an MTL system is now learning both attachment
possibilities simultaneously and preferences and
errors regarding both are now being encoded in
the global attachment decisions. When looking at
specific attachment errors, across almost all exam-
ined experiments, there were substantial increases
in punctuation attachment errors. This can be seen
as a direct result of switching the content versus
function oriented headedness and creates system-
atic, competing attachment decisions for an MTL
parser exposed to both attachment possibilities.

5.2 UD and SUD vs SPMRL

To further explore whether the competing annota-
tion decisions between UD and SUD are indeed
contributing to the noticeable performance degra-
dation, we choose to compare a subset of languages
in an MTL setup but with a differently annotated
treebank. Using a different treebank runs the risk

9The CoNLL 2018 evaluation scores punctuation. We are
not, however, making a claim as to whether punctuation is or is
not a linguistic issue, rather simply highlight it is an annotation
attachment issue that illustrates different possible attachment
distributions between the annotation schemes. From a linguis-
tic perspective, punctuation can be argued to be irrelevant,
from a parsing perspective, unless removed, it still influences
attachment decisions.

of adding additional domain issues into our experi-
ments; however, character-level embeddings have
proven effective at handling OOV words (Balles-
teros et al., 2015; Vania et al., 2018), thus domain
differences should be reduced.

We perform experiments where we use the Ara-
bic (Habash and Roth, 2009), German (Brants et al.,
2004), and Hungarian (Vincze et al., 2010) tree-
banks from the SPMRL Shared task (Seddah et al.,
2013, 2014), each of which were annotated with
language specific linguistic phenomena in mind.10

To mitigate size difference issues as the smaller
treebank tends to benefit more in a multi-treebank
setup (Johansson, 2013), we randomly select a train
and dev set from the SPMRL data respectively to
match the corresponding size of the UD-SUD tree-
banks.11

Results for the SPMRL experiments using
char+FT embeddings are presented in Table 6.12

All results in UD-SPRML and SUD-SPMRL MTL
experiments show improved performance over the
baseline. Importantly, this includes settings in
which the UD-SUD MTL experiments show notice-
able decreases relative to the baseline, and specifi-
cally we see that character-based embeddings are
able to yield benefit in an MTL setup relative to the
baseline.

These results suggests that the annotation
10We refer to the reader to the cited papers for more detailed

information on the individual treebank annotations.
11We note that the both German and Hungarian UD-SUD

Treebanks are derived from a small section of the TiGer and
Szeged Treebanks respectively, which are also the treebanks
for the SPMRL data, thus there is a possibility of sentence
overlap in the random selection. The UD-SUD Arabic tree-
bank is derived from the Prague Arabic Dependency Treebank
(Hajič et al., 2004) but is also annotated on newswire.

12Results using word+POS embeddings are provided in the
Appendix.
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schemes are indeed contributing to why UD and
SUD make poor tasks for each other in an MTL
setup, and not strictly the embeddings themselves.
Rather, the information conveyed by each individ-
ual annotation scheme is important in terms of the
possible gains that MTL parsers can make over
the baseline parsers. It may simply be that how
the annotations are embedded into the architecture
and shared are more influential in what signals are
encoded in the network than the embeddings them-
selves in terms of how they benefit treebanks in an
MTL setup. If the annotations themselves encode
information that results in negative transfer in the
network due to their competing nature, an MTL
setup cannot benefit as effectively.

6 Conclusion

We implemented an MTL architecture leveraging
parsing UD and SUD as separate tasks to exam-
ine how their syntactic annotation overlaps and
differences influence parser behavior. We find
that models from an MTL setup perform generally
worse than their single model baselines, regardless
of input embeddings. Interestingly, POS embed-
dings seemingly help mitigate some of the perfor-
mance loss caused from negative transfer as the
POS information may help resolve possible linguis-
tic ambiguities with which character embeddings
struggle (Vania et al., 2018; Smith et al., 2018b).
This stands in contrast to much multi-treebanking
research which has yielded positive performance
gains when using multiple treebanks, particularly
if they are of the same language, though this is not
always the case (Barry et al., 2019).

We then further investigated the possible influ-
ence annotations have in an MTL setup by train-
ing a subset of SPMRL treebanks against their
UD-SUD counterparts, finding increases in per-
formance across the chosen languages and input
embeddings not seen when pitting UD and SUD
together. We argue that this indicates that in an
MTL setup, simply adding another treebank is not
inherently going to yield better performance, rather
the information that each additional treebank can
learn from the other, specifically from their anno-
tation schemes, and how this is then subsequently
encoded in the network is a more pivotal factor in
yielding performance gains.

We conclude that the syntactic annotation
schemes are pertinent when determining perfor-
mance gains in an MTL parsing setup, as extensive

competing annotations provides too many mixed
signals in an MTL architecture, hampering the abil-
ity of both parsers to benefit from shared informa-
tion, yielding worse results.

Future research will include incorporating more
treebanks with different annotation schemes to ex-
amine in which directions and annotations parsers
will optimize towards in MTL. We also wish to
further explore how constituency parsing and de-
pendency parsing can be leveraged against each
other in similar MTL setups.
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Slovenia. European Language Resources Associa-
tion (ELRA).

Adam Paszke, Sam Gross, Francisco Massa, Adam
Lerer, James Bradbury, Gregory Chanan, Trevor
Killeen, Zeming Lin, Natalia Gimelshein, Luca
Antiga, et al. 2019. Pytorch: An imperative
style, high-performance deep learning library. arXiv
preprint arXiv:1912.01703.

Hao Peng, Sam Thomson, and Noah A. Smith. 2017.
Deep multitask learning for semantic dependency
parsing. In Proceedings of the 55th Annual Meet-
ing of the Association for Computational Linguistics,
pages 2037–2048, Vancouver, Canada. Association
for Computational Linguistics.

Matthew Peters, Mark Neumann, Mohit Iyyer, Matt
Gardner, Christopher Clark, Kenton Lee, and Luke
Zettlemoyer. 2018. Deep contextualized word repre-
sentations. In Proceedings of the 2018 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long Papers), pages 2227–
2237, New Orleans, Louisiana.

Ines Rehbein, Julius Steen, Bich-Ngoc Do, and Anette
Frank. 2017. Universal Dependencies are hard to
parse – or are they? In Proceedings of the Fourth In-
ternational Conference on Dependency Linguistics
(Depling 2017), pages 218–228, Pisa,Italy.

Rudolf Rosa. 2015. Multi-source cross-lingual delexi-
calized parser transfer: Prague or Stanford? In Pro-
ceedings of the Third International Conference on
Dependency Linguistics (Depling 2015), pages 281–
290, Uppsala, Sweden.

Sebastian Ruder. 2017. An overview of multi-task
learning in deep neural networks. arXiv preprint
arXiv:1706.05098.

Tal Schuster, Ori Ram, Regina Barzilay, and Amir
Globerson. 2019. Cross-lingual alignment of con-
textual word embeddings, with applications to zero-
shot dependency parsing. In Proceedings of the
2019 Conference of the North American Chapter
of the Association for Computational Linguistics:
Human Language Technologies, pages 1599–1613,
Minneapolis, Minnesota.

3477
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Appendix

A Heatmaps for Shared and Unshared MLP layer settings

Unshared UAS Shared UAS

Figure 5: Heatmaps depicting the shared and unshared MLP layers settings. Each block represents the mean UAS
score across alternating and joint loss setting for the corresponding embedding and MLP setting.

Unshared LAS Shared LAS

Figure 6: Heatmaps depicting the shared and unshared MLP layers settings. Each block represents the mean LAS
score across alternating and joint loss setting for the corresponding embedding and MLP setting.
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B Heatmaps for Alternating vs Joint Loss settings

Alternating Loss (UAS) Joint Loss (UAS)

Figure 7: Heatmaps depicting the when joint loss or alternating loss settings. Each block represents the mean UAS
score across shared and unshared MLP settings for the corresponding embedding and loss setting.

Unshared LAS Shared LAS

Figure 8: Heatmaps depicting the when joint loss or alternating loss settings. Each block represents the mean LAS
score across shared and unshared MLP settings for the corresponding embedding and loss setting.
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C Training Hyperparameters

Hyperparameters Value
Embedding Dimensions 300
Character Embedding Dimension 50
POS Tag Embedding Dimension 100
Bert Mapping Dimenstion 100
Number of BERT Layers Used 4
Embed Dropout 0.33
Number of LSTM Layers 400
LSTM Hidden Layer Dimension 400
LSTM Dropout 0.33
MLP (Arc) Output Dimension 500
MLP (Rel) Output Dimension 100
MLP Dropout 0.33
Optimizer Adam
Patience 50
Batch Size 20000 tokens
Learning Rate 2e-3
Eps 1e-12
Betas (.9, .9)
Clip 5.0
Decay 0.75
Decay Steps 5000

Table 5: Hyperparameter settings

D UD-SUD vs SPRML MTL Results Table

Arabic German Hungarian

Exp. MLP
Word + POS Char + FastText Word + POS Char + FastText Word + POS Char + FastText

UD SUD UD SUD UD SUD UD SUD UD SUD UD SUD
UAS LAS UAS LAS UA LAS UAS LAS UAS LAS UAS LAS UAS LAS UAS LAS UAS LAS UAS LAS UAS LAS UAS LAS

baseline 86.66 83.30 86.87 82.40 86.59 82.25 86.50 81.44 88.50 84.22 86.64 83.63 89.18 85.11 87.81 84.98 65.20 52.26 65.80 54.35 84.73 79.97 84.03 79.44
UD-SUD unshared 86.79 83.49 86.79 82.39 86.33 81.93 86.34 81.33 87.15 82.84 86.23 83.13 87.95 84.06 86.74 83.70 69.05 57.02 69.16 58.92 84.28 79.42 83.53 78.56

shared 87.05 83.70 87.17 82.94 86.33 81.97 86.22 81.33 88.68 84.43 86.97 84.03 87.83 84.08 86.76 83.73 68.58 57.16 69.15 59.14 84.50 79.72 85.83 79.05
SPMRL unshared 87.52 84.13 87.69 83.15 87.78 83.47 87.52 82.62 89.25 85.40 88.93 86.28 90.16 86.44 89.81 87.18 71.86 60.95 73.68 63.37 87.04 82.23 86.99 82.73

shared 87.62 84.39 87.67 83.15 87.50 83.24 87.38 82.46 89.27 85.34 88.91 86.09 90.01 86.39 89.36 86.50 72.16 61.64 73.42 63.67 87.63 82.76 87.91 83.32

Table 6: Results for MTL experiments with SPMRL dataset. All MTL experiments are trained with the alternating
batch loss setting to allow for comparison with experiments involving SPMRL. We cannot use joint loss when
training SPMRL with either UD or SUD as they are not parallel treebanks. The UD-SUD experiment shows
results for UD and SUD when they are trained together in an MTL setting, whereas the SPMRL experiment shows
results for UD and SUD when each of them is separately trained along with the corresponding SPMRL dataset
instead of each other (UD-SPMRL & SUD-SPMRL).
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Abstract
The purpose of an argumentative text is to sup-
port a certain conclusion. Yet, they are often
omitted, expecting readers to infer them rather.
While appropriate when reading an individual
text, this rhetorical device limits accessibility
when browsing many texts (e.g., on a search
engine or on social media). In these scenarios,
an explicit conclusion makes for a good candi-
date summary of an argumentative text. This is
especially true if the conclusion is informative,
emphasizing specific concepts from the text.
With this paper we introduce the task of gen-
erating informative conclusions: First, Webis-
ConcluGen-21 is compiled, a large-scale cor-
pus of 136,996 samples of argumentative texts
and their conclusions. Second, two paradigms
for conclusion generation are investigated; one
extractive, the other abstractive in nature. The
latter exploits argumentative knowledge that
augment the data via control codes and finetun-
ing the BART model on several subsets of the
corpus. Third, insights are provided into the
suitability of our corpus for the task, the differ-
ences between the two generation paradigms,
the trade-off between informativeness and con-
ciseness, and the impact of encoding argumen-
tative knowledge. The corpus, code, and the
trained models are publicly available.1

1 Introduction

A conclusion of an argument is a statement that con-
veys a stance towards a specific target (Bar-Haim
et al., 2017; Alshomary et al., 2020b). Drawing
conclusions is an integral part of argumentation,
but often various conclusions may be drawn from
a set of premises. Consider the following argumen-
tative text on caffeine adapted from the web:2

“Caffeine stimulates the nervous system, sig-
naling fat cells to break down body fat. It also
1https://github.com/webis-de/ACL-21
2https://www.healthline.com/nutrition/top-13-evidence-
based-health-benefits-of-coffee

increases epinephrine (adrenaline) levels, a fight-
or-flight hormone preparing the body for physical
exertion. With free body fat acids as fuel, on aver-
age, 12% higher performance is attainable.”

Consider further these alternative conclusions:

1. Caffeine is good.

2. Caffeine improves physical performance.

The first conclusion conveys a pro stance towards
the target, caffeine. The second, conveys a pro
stance towards caffeine, too, but it also emphasizes
a specific concept (“physical performance”). The
former conclusion is generic, only indicating the
stance, while the latter is informative; a distinction
also made in text summarization (Section 3).3

Argumentative texts include short arguments,
such as forum posts and reviews, as well as long-
form texts, such as essays, blogs, and editorials.
Most of these typically have an intended conclu-
sion of which the authors seek to persuade their
readers.4 While the conclusion may be already
implied in a given text, authors often choose not
to explicitly provide one, either for rhetorical rea-
sons (Habernal and Gurevych, 2015; Al-Khatib
et al., 2016), or to encourage critical thinking (Mar-
tin et al., 2003). However, when browsing many
argumentative texts (e.g., via a search engine or on
a social media timeline), having an explicit conclu-
sion helps human readers (and by extension also
machines) to quickly process the texts.

In this paper, we introduce the task of gener-
ating informative conclusions for argumentative
texts, and take the first steps with four key con-
tributions: (1) Adaptation of the notion of infor-
mativeness from text summarization as a desired
3Other works on argumentation use the term specificity to
express a similar idea (Durmus et al., 2019; Ke et al., 2019).

4An exception is an argumentative text dedicated to deliber-
ation, which merely surveys the argument landscape on a
given topic without trying to influence the reader’s opinion.
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property of a conclusion besides stating a target and
the stance towards it. (2) Compilation of Webis-
ConcluGen-21, a corpus of 136,996 pairs of argu-
mentative texts and associated conclusions, creat-
ing the first large-scale ground truth for conclusion
generation. (3) Modeling conclusion generation
as an end-to-end task by finetuning a pretrained
sequence-to-sequence model, and augmenting the
corpus with three types of argumentative knowl-
edge: topic, target, and aspect. (4) Extensive quan-
titative and qualitative (crowdsourced) evaluation
of both the quality of our dataset and the effective-
ness of two paradigms for conclusion generation,
namely extractive and abstractive approaches.

We present three key findings: (a) Finetuning
pretrained language models on our dataset shows
strong in-domain performance compared to the ex-
tractive approach. (b) Qualitative evaluation shows
that the extractive approach generates more infor-
mative conclusions, demonstrating a trade-off be-
tween conciseness and informativeness. (c) Encod-
ing argumentative knowledge guides the finetun-
ing towards generating argumentative sentences;
however, more sophisticated encoding techniques
than just using the conventional control codes are
needed to generate informative conclusions.

2 Related Work

Our work complements and builds on that of Al-
shomary et al. (2020b), who introduced a concep-
tual model for conclusion generation, outlining a
three-step process: inferring the conclusion’s tar-
get from the argument’s premises, inferring the
author’s stance towards this target, and generating
the conclusion based on these two pieces of infor-
mation. But Alshomary et al. focused only on the
first step of target inference, whereas we model
conclusion generation as an end-to-end task.

Conclusion generation can be viewed as a com-
plementary task to summarizing argumentative
texts. Previous approaches to the summarization
of such texts have been primarily extractive. Egan
et al. (2016) proposed summarizing online discus-
sions via “point” extraction, where a point is a verb
and its syntactic arguments. Similarly, Bar-Haim
et al. (2020) compiled the ArgKP corpus (which we
also sample from in Section 4) comprised of argu-
ments for a given topic mapped to key points, com-
posing a summary from a large collection of rele-
vant arguments. Wang and Ling (2016) proposed a
data-driven approach using sequence-to-sequence

models (Sutskever et al., 2014; Bahdanau et al.,
2015) for summarizing movie reviews and debate
portal arguments from idebate.org. Several argu-
ment mining approaches have also been applied to
identify the main claim from arguments (Petasis
and Karkaletsis, 2016; Daxenberger et al., 2017).
Recently, Alshomary et al. (2020a) proposed a
graph-based model using PageRank (Page et al.,
1999) that extracts the argument’s conclusion and
the main supporting reason as an extractive snippet.
This model is the core of our extractive summariza-
tion approach (Section 5).

A key difference between conclusion genera-
tion and general text summarization is the con-
straint that a conclusion must have a clear stance
towards a certain topic. A similar constraint applies
to high-quality summaries of long-form argumen-
tative texts such as editorials (Syed et al., 2020),
where the persuasiveness of the editorial should be
preserved alongside its thesis. Therefore, existing
summarization corpora (although large-scale) are
unsuitable for studying conclusion generation. A
majority of them contain only non-argumentative
texts (e.g., news reports) which are more suitable to
general-purpose summarization (Kryscinski et al.,
2019). Moreover, intrinsic evaluation of summa-
rization corpora has revealed a lower-quality and/or
inconsistent ground-truth, rendering them partially
unfit for their intended purpose (Bommasani and
Cardie, 2020). To fill this gap, we compile Webis-
ConcluGen-21, a large-scale corpus of argumenta-
tive texts and their conclusions on diverse topics.

Pre-trained language models have significantly
advanced the state-of-the-art in neural text summa-
rization (Liu and Lapata, 2019; Zhang et al., 2019a;
Rothe et al., 2020; Huang et al., 2020). However,
they have been applied to the domain of argumenta-
tion only recently, specifically for argument gener-
ation. Gretz et al. (2020) proposed a pipeline based
on GPT-2 (Radford et al., 2019) for generating co-
herent claims for a given debate topic. A more
controlled approach for argument generation was
developed by Schiller et al. (2020), which performs
argument generation with fine-grained control of
topic, aspect (core reasoning), and stance. Con-
clusion generation can be viewed as supplement-
ing argument generation. Ideally, given a conclu-
sion, an argument can be generated constrained by
the conclusion’s target and stance. To the best of
our knowledge, studies investigating pretrained lan-
guage models for end-to-end conclusion generation
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do not exist. Besides providing a suitable corpus,
we analyze the impact of encoding argumentative
knowledge in pretrained language models and as-
sess the popular method of control codes (Keskar
et al., 2019; Cachola et al., 2020) for encoding
the knowledge in our dataset. Furthermore, our
qualitative evaluation highlights three key errors
(Section 6) arising in the generated outputs that
disqualify them as conclusions.

3 On Informative Conclusions

In the literature, the conclusion of an argument is
the statement that depicts a particular stance to-
wards a certain concept, the target (Walton et al.,
2008; Alshomary et al., 2020b). Such a statement is
also referred to as the claim of the argument (Toul-
min, 2003; Daxenberger et al., 2017). For a long-
form argumentative text with multiple claims, the
conclusion is the main claim that conveys the over-
all stance towards the subject matter under discus-
sion. The main claim is also known as thesis, or
central claim in different genres (Van Dijk, 1995;
Burstein and Marcu, 2003; Stab and Gurevych,
2014; Peldszus and Stede, 2015).

The quality of the conclusion of an argumen-
tative text can be assessed in terms of several di-
mensions, including strength, clarity, and speci-
ficity (Ke et al., 2019). Here, a strong connection
between argumentation and text summarization can
be observed, where the dimension corresponding
to specificity is called informativeness. Text sum-
marization distinguishes between indicative and in-
formative summaries. An indicative summary only
hints at the principal subject matter of a document
to help decide whether to read it (Hovy and Lin,
1998; Kan et al., 2001). An informative summary,
on the other hand, covers the main information in
the source document, ideally serving as its surro-
gate (Maybury, 1999).

The conceptual connection between argumen-
tation and summarization could be described as
follows: the informativeness of a conclusion is
closely connected to the specificity dimension, in
the sense that an informative conclusion must be
specific to allow for a better understanding of an
argumentative text’s gist. Seeing that “specificity”
and “informativeness” may be used interchange-
ably, we opted for the latter and the term “informa-
tive conclusion” here, to underline the connection.

In contrast to indicative conclusions, which
broadly convey (implicitly or explicitly) the stance

towards a topic (e.g., “Caffeine is good.”), informa-
tive conclusions also discuss specific concepts from
(or implied by) the argumentative text (e.g., “Caf-
feine improves physical performance.”). Concepts
of the argumentative text exemplified in Section 1
may refer to the topic (e.g., “Is coffee beneficial?”),
the target of the conclusion (e.g., “caffeine”), or a
specific aspect (e.g.,“energy levels”).

4 The Webis-ConcluGen-21 Corpus

This section details the construction of the We-
bis Conclusion Generation Corpus 2021 (Webis-
ConcluGen-21), a corpus of 136,996 pairs of argu-
mentative texts and conclusions covering diverse
topics. The corpus is derived from two reliable
sources, where the conclusions of argumentative
texts are explicitly identifiable: Reddit’s Change-
MyView forum and debate corpora.

4.1 Data Source: Reddit’s ChangeMyView
ChangeMyView (CMV) is an online forum for
persuasive discussions that start with a user who
presents a view and asks others to challenge it. The
forum’s rules strictly enforce that (1) users’ posts
must contain sufficient reasoning, (2) posts must
take a stance (and not be neutral), and (3) the title
of a post must sufficiently sum up an author’s view
(as a statement and not a question).5 Given these
constraints, the original post of a discussion can
be operationalized as an argumentative text, and
the corresponding title as its (intended) conclusion.
Starting from the Reddit crawls provided by Baum-
gartner et al. (2020), we compiled 61,695 such
pairs by processing all CMV discussions up until
August 2019. The included posts are those whose
argumentative text was longer than ten words, the
conclusion longer than two words, and the title in-
cludes the “CMV” tag.6 An average argumentative
text is 312 words long and a conclusion 15 words.

To better understand the relation of the conclu-
sions to their respective argumentative texts, and
the expected difficulty of generating them, we an-
alyzed a sample of 200 pairs manually.7 Table 1
5https://reddit.com/r/changemyview/wiki/rules
6These heuristics reflect manual inspections, and the fact that
we did not wish to compile a representative sample of Change-
MyView’s discussions, but a purposeful selection of high-
quality pairs of argumentative texts and their conclusions: In
light of this, the lower bounds are still quite inclusive with
respect to extremely short samples.

7These examples were taken from the Dec-2019 Reddit sub-
missions to ensure a truly-hidden sample as BART was origi-
nally trained on the OpenWebText dataset containing samples
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Type Description %

Extractive Conclusion is present verbatim in the
argumentative text.

12.8

Paraphrase Conclusion is synonymous to, or a fu-
sion of a part of the argumentative text.

24.1

Abstractive Conclusion is inferred from the argu-
mentative text.

57.8

No conclusion Conclusion cannot be derived from the
argumentative text.

5.3

Table 1: Different types of conclusions in 200 CMV
samples, and their relative proportion.

shows the proportion of extractive, paraphrased,
and abstractive conclusions in our sample, where
the former only need to be extracted, and the latter
demand actual text synthesis. Paraphrases share as-
pects of both, though arguably, extracting the para-
phrased part would suffice. Altogether, CMV pro-
vides for 94.7% valid pairs of argumentative texts
and conclusions at sufficiently low noise (5.3%).
The amount of non-trivial conclusions (abstractive
+ paraphrase) are sufficiently challenging, as found
in our qualitative evaluation (Section 6).

4.2 Data Source: Debate Corpora
Online debate portals facilitate semi-structured de-
bates on controversial topics, where pro and con ar-
guments or argumentative texts are collected. Con-
clusions are clearly stated even for individual ar-
guments. Given their high-quality curation, debate
portals constitute the majority of argument corpora.
We utilized the following existing corpora:

Kialo is a debate platform that enables “visual rea-
soning” in complex debates via a tree-based struc-
ture (Chaudoin et al., 2017). A key advantage here
is the role of moderators in curating accepted argu-
ments, rendering it a rich resource (Durmus et al.,
2019). As debates progress, the arguments are re-
organized into multiple hierarchies, each with a
conclusion at its root.8 We compiled this corpus
from scratch in accordance with the website’s terms
and conditions. In 1,640 English discussions, at
each level of the discussion tree, all pro arguments
were matched to the corresponding root conclusion,
obtaining a total of 82,728 examples.

Args.me is a search engine (Wachsmuth et al.,
2017) indexing the Args.me Corpus (Ajjour et al.,
2019b), comprised of argumentative texts, their

from Reddit (Liu et al., 2019; Radford et al., 2019).
8For an example, see: https://www.kialo.com/pro-life-vs-pro-
choice-should-abortion-be-legal-5637

conclusions and their stance from four debate por-
tals: debatewise.org, idebate.org, debatepedia.org,
and debate.org. We used the “cleaned” version
of this corpus containing 387,606 samples and
applied further post-processing. On manual in-
spection, we observed that a number of examples
from debate.org contained spam, sarcasm, or ad
hominem attacks, or they were not self-contained
due to references to previous turns. To avoid noise,
we excluded all examples from this portal. Next,
we removed arguments with con stance towards a
conclusion.9 This is due to the fact that consider-
ing these examples for training would first require
negating their conclusions to reflect the con stance.
We leave such automatic claim negation (Bilu et al.,
2015) for future work. Finally, to favor informative
conclusions, we excluded arguments whose conclu-
sion was the same as the discussion topic (which is
generally indicative). This heavy filtering resulted
in a total of 23,448 argument-conclusion pairs.

ArgsKP is a corpus of arguments and a set of
key points written by domain experts on 28 topics
(Bar-Haim et al., 2020). For each topic, the cor-
pus contains multiple arguments which have been
mapped via crowdsourcing to their respective key
points. From this corpus, we obtained 2,341 pairs;
again, only pro arguments and those that have been
mapped to a specific key point, the conclusion.

Postprocessing. The structure of debate portals
allows for multiple arguments to be mapped to a
single conclusion. This happens when different
users independently contribute pro and con argu-
ments, which is acceptable, since the same conclu-
sion can be drawn from different arguments with
different frames (Ajjour et al., 2019a). Apart from
the ones filtered in preprocessing the debates cor-
pora, we preserved duplicate conclusions across
debates as their arguments are still unique. Simi-
lar to CMV, the included argumentative texts were
those whose length exceeded ten words. Also, argu-
mentative texts shorter than their conclusion were
excluded. This removed many pairs from the Kialo
discussions. Altogether, we retained 75,301 usable
examples from all three corpora.

4.3 Corpus Statistics
The argumentative texts are on average longer in
CMV (312 words) compared to those in debates
(44.5 words). A reason is that, on debate por-
tals, each argumentative text seems to be a self-
contained argument. CMV posts, by comparison,
9This does not exclude conclusions that are already negations.
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often contain multiple arguments and/or preface the
actual argument with additional background. How-
ever, the corresponding conclusions are of similar
length (15 words for CMV and 18.4 words for de-
bates on average, about the length of an average
English sentence). For both data sources, we mea-
sured the percentage of words in a conclusion that
do not occur in the argumentative text as a measure
of “novelty” (Narayan et al., 2018). For CMV, the
average novelty is 33.2%, and for debates, the nov-
elty is 81.6%, which is due to the fact that multiple
arguments have been mapped to a single conclu-
sion, and that arguments supporting (or attacking)
a conclusion during an ongoing discussion are usu-
ally not directly derived from it.

5 Generating Informative Conclusions

Given the mixture of conclusion types shown in
Table 1, we approach the generation of informative
conclusions according to two paradigms, one ex-
tractive approach combined with paraphrasing, and
one abstractive approach combined with state-of-
the-art argument mining technology.

5.1 Paraphrased Conclusion Generation
Paraphrased conclusions are fundamentally extrac-
tive in nature, where an extracted sentence is refor-
mulated to improve it. To extract conclusions, we
employ the graph-based approach of Alshomary
et al. (2020a), originally designed to generate snip-
pets for argument search results. Given an argu-
ment, a snippet is generated as follows: (1) related
arguments are retrieved as context, (2) all argu-
ment’s sentences and those from the retrieved ones
are embedded, (3) the PageRank of the sentences
is computed, and lastly (4) the argument’s two top-
ranked sentences are returned. Underlying this ap-
proach is the hypothesis that an extractive snippet
for an argument should comprise its conclusion and
its most important supporting premise. Sentences
are thus scored regarding their centrality in context
of other arguments and their argumentativeness.

Our goal is to generate a single conclusion state-
ment, thus we consider only the top-ranked sen-
tence as the conclusion from the approach of Al-
shomary et al. (2020a). This sentence is automati-
cally paraphrased using PEGASUS (Zhang et al.,
2020a), finetuned on the Google PAWS dataset
(Zhang et al., 2019b).10 For instance, consider the
10https://huggingface.co/tuner007/pegasus_paraphrase

top-ranked sentence from a post questioning the
use of hormone blockers on transgender kids:11

“I don’t see it as anything different, and I think
it is scandalous to permanently change a child’s
entire life on a whim rather than treating their
mental health.”

After paraphrasing, it reads as follows:

“I think it’s scandalous to change a child’s life
on a whim, rather than treating their mental health,
and I don’t see it as anything different.”

The paraphraser primarily rearranges the sentence;
and shared phrases with the original are typical
in the paraphrased sentences we reviewed. This
approach, called Arg-PageRank, represents an ad-
vanced extractive paradigm.

5.2 Abstractive Conclusion Generation
Abstractive conclusions can be formulated freely,
provided they capture the main pieces of informa-
tion required for an informative conclusion: topic,
targets, stance, and aspects. In this regard, our ap-
proach is three-fold (see Figure 1): (1) Automatic
extraction of the aforementioned pieces of informa-
tion from a given argumentative text; (2) augmenta-
tion of the training examples in Webis-ConcluGen-
21 using control codes, and (3) domain transfer of
a pretrained abstractive news summarization model
via finetuning on the augmented corpus.

Argumentative Knowledge Extraction. This step
details our respective approaches at providing the
prerequisite pieces of information to formulate an
informative conclusion, namely topic, targets, and
aspects. Table 2 shows an example.

Topic: An argumentative text’s topic is a descrip-
tion of what it is about. For argumentative texts
from debates, we use the associated debate title as
the topic. For CMV posts, their titles are also their
conclusions; here, topic information is considered
missing (denoted as ‘NA’ token).

Targets: The target of a conclusion is typically a
controversial concept or statement (Bar-Haim et al.,
2017). For an argumentative text, though, an over-
lap with its topic is possible, different targets can
also be found in its premises. Moreover, when not
explicitly stated, the targets of a conclusion can
be inferred from either the targets of premises, or
external knowledge bases. A set of possible targets
11https://www.reddit.com/r/changemyview/comments/

e97sir/cmv_giving_children_puberty_blockers_to_allow/
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Figure 1: The three steps of our approach to abstractive conclusion generation: For all examples in the Webis-
ConcluGen-21 corpus (1) different pieces of argument knowledge are extracted namely the discussion topic, possi-
ble conclusion targets, and covered aspects, (2) this knowledge is encoded using control codes, and (3) knowledge-
specific variations are finetuned of the distilled BART model to generate informative conclusions.

Argument Feminism as a ’linguistic term’ often misses clarity, universal definition and regularly incorporates opposite
goals at the same time in regard to key feminist issues as gender equality, gender-neutrality, non-binary and
gender-related rights. The linguistic term thereby clouds public debate and hampers the setting of clear
social and political goals in society.

Conclusion Feminism is an umbrella of ideologies first and foremost, and consequently, it muddies the discussion of
gender equality with its ideological baggage.

Topic Is Feminism a Force For Good?

Aspects clouds, gender equality, non-binary, opposite goals, public debate, gender-related rights, clarity, gender-
neutrality, social and political goals, universal definition

Targets The linguistic term, Feminism as a ’ linguistic term’

Encoded
Representation

<|TOPIC|>Is Feminism a Force For Good?<|ARGUMENT|>Feminism as a ’linguistic term’ often misses
clarity, universal definition and regularly incorporates opposite goals at the same time in regard to key
feminist issues as gender equality, gender-neutrality, non-binary and gender-related rights. The linguistic
term thereby clouds public debate and hampers the setting of clear social and political goals in soci-
ety.<|TARGETS|> The linguistic term, Feminism as a ’ linguistic term<|CONCLUSION|>

Table 2: Example argument-conclusion pair along with topic, targets, and aspects. The last row shows the repre-
sentation for finetuning models on specific types of encoded external knowledge (here, on conclusion targets).

for every argumentative text in the corpus are auto-
matically identified using the target identification
model of Alshomary et al. (2020b).

Aspects: Text spans that contribute to the core
reasoning of an argument are called its aspects
(Schiller et al., 2020). Aspects can be viewed as
subtopics related to the main topic of an argumenta-
tive text, encoding a stance. Including aspects into
a conclusion can render it more specific and, thus,
informative. We identify aspects for all samples in
the corpus, using the model of Schiller et al. This
model trains a BERT-based (Devlin et al., 2019)
ranker on a corpus containing 5,032 high-quality
argumentative sentences that are manually labeled
with aspects at the token level.

Stance is excluded as an explicit input to our
models. For CMV, by design, a post supports its
title. For debate portals, only argumentative texts
with pro stance towards their conclusion have been
considered. Nevertheless, argumentative texts and

their conclusions in our corpus may, implicitly or
explicitly, express their own stance towards implicit
or explicit targets. Implicit stance can be encoded
via the aspects.

Argumentative Knowledge Encoding. The ex-
tracted pieces of knowledge are encoded into a
training example with control codes using special
tokens (Cachola et al., 2020): <|TOPIC|>, <|AR-
GUMENT|>, <|ASPECTS|>, <|TARGETS|>, and
<|CONCLUSION|>. Table 2 shows a correspond-
ing example input sequence encoding the topic and
the conclusion targets. To examine the impact of in-
dividual knowledge types, we create three versions
of Webis-ConcluGen-21: topic-encoded, aspect-
encoded, and target-encoded. Presuming the avail-
ability of a topic in nearly all real-world applica-
tions, it is also encoded in the latter two versions.
Since aspects and targets overlap in 38.3% of the
case in the corpus, they are independently encoded.
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Model Data #Train #Valid

dbart-XSum XSum 204,045 n/a
dbart-CMV CMV 55,768 5,577
dbart-Debates Debates 67,770 6,777
dbart All 123,538 12,354
dbart-Topic All+topic 123,538 12,354
dbart-Aspects All+topic+aspects 122,040 12,192
dbart-Targets All+topic+targets 110,867 11,068
Arg-PageRank none, unsupervised model

Table 3: Corpus splits for all six variants. ‘All’ refers to
the entire Webis-ConcluGen-21 corpus. Models were
automatically evaluated on a test set of 1,000 examples,
and qualitatively on 300 examples (Section 6).

Parameter Value

max_target_length 100
warmup_steps 500
eval_steps 500
attention_dropout 0.1
label_smoothing 0.1
sampling sortish_sampler
seed 5153
num_beams 6
length_penalty 0.5
gradient_accumulation_steps 1
lr_scheduler linear

Table 4: Hyperparameters for finetuning BART.

Finetuning. As conclusion generation is closely re-
lated to abstractive text summarization, we picked
BART (Lewis et al., 2020), a pretrained state-of-
the-art summarization model, for finetuning on the
three augmented versions of Webis-ConcluGen-
21. However, BART has approximately 10% more
parameters than BERT, which makes it resource-
intensive for finetuning. To account for this, we
used the distilled checkpoint derived using the
“shrink-and-finetune” approach of Shleifer and
Rush (2020), where large sequence-to-sequence
models are compressed by extracting “distilled stu-
dent models” (Sanh et al., 2019) from a teacher
model (here, BART). We used distilled BART
finetuned on the XSum corpus (Narayan et al.,
2018) (dbart-XSum) provided by the Transform-
ers library (Wolf et al., 2020),12 since the average
length of our ground-truth conclusions is similar
to the summaries in XSum. Additionally, we also
added our control codes as special tokens to the
BART tokenizer during finetuning in order to avoid
splitting them into sub-word tokens while process-
ing the encoded sequences.

We first applied dbart-XSum on the held-out test
set of 200 examples analyzed for Table 1 to evalu-
ate the domain transfer from news reports to argu-
mentative texts. On manual evaluation, 79.1% of
12https://huggingface.co/sshleifer/distilbart-xsum-12-6

Model BERTScore (F1) Rou.-1 Rou.-2 Rou.-L

dbart-XSum 0.21 15.28 3.10 13.31
dbart-CMV 0.32 20.35 7.11 18.80
dbart-Debates 0.23 15.38 4.85 14.22
dbart 0.39 31.73 19.48 30.87
dbart-Topic 0.34 23.74 9.56 22.14
dbart-Aspects 0.33 23.47 9.46 22.01
dbart-Targets 0.34 23.80 9.63 22.25
Arg-PageRank 0.20 15.35 3.20 13.37

Table 5: Automatic evaluation of models on the internal
test set consisting of 1,000 pairs (500 each from CMV
and Debates). BERTScore is the re-scaled F1 score; in
addition, average Rouge-1, -2, and -L are reported.

the outputs were invalid conclusions, primarily
due to being non-argumentative (Section 6). This
demonstrates that existing summarization models
are ineffective when applied on argumentative texts
and must be trained on task-specific data.

5.3 Training Details
We compiled six variations of the corpus (with
and without encoded knowledge) for finetuning the
The dbart-XSum model with 306M parameters.12

Table 3 shows the training and validation splits
for each model variant and the corresponding data
subsets, and Table 4 shows the chosen hyperpa-
rameters. The standard finetuning regimen was
employed from the Transformers library13 to train
each model on a V100 GPU for 6 epochs with batch
size 1, dropout rate 0.1, adafactor optimizer, learn-
ing rate of 3e-5, and beam search for inference. For
dbart-<CMV|Debates|All> the maximum source
sequence length was set to 512 tokens, while for
dbart-<Topic|Aspects|Targets> we increased
it to 750 tokens to account for the appended knowl-
edge in the input sequence. On a single V100 GPU,
the runtime varies between 3 to 5 days per model,
depending on their corresponding training splits.

6 Evaluation

Our models are evaluated via both: (1) An auto-
matic evaluation on a large test set using standard
metrics, and (2) a manual evaluation on a smaller
test set via crowdsourcing.

6.1 Automatic Evaluation
On a test set of 1,000 examples with known ground-
truth (500 each from CMV and from the debate
corpora), we computed ROUGE (Lin, 2004)14 and
BERTScore (Zhang et al., 2020b)15 for all models.
13https://github.com/huggingface/transformers/tree/master/

examples/legacy/seq2seq
14https://github.com/pltrdy/rouge
15https://github.com/Tiiiger/bert_score
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Table 5 shows that dbart-XSum performs poorly on
argumentative texts. Inspecting the reasons for this
shortcoming, we found several outputs of the model
to be either neutral sentences (despite having the
right target), or hallucinations with artifacts from
the XSum corpus (e.g., “In our series of letters from
African journalists [. . .]” or “This week I’ve been
writing about [. . .]”). Among the finetuned models,
dbart, trained on the entire corpus without any en-
coded knowledge, performs best across all metrics.
The knowledge-encoded models exert a drop in ef-
fectiveness, but still outperform models trained on
the sub-datasets dbart-CMV and dbart-Debates.

All finetuned models generate concise outputs
of similar lengths (average 12 words), while
Arg-PageRank extracts longer spans (25 words).
Outputs of the knowledge-encoded models are
somewhat similar to each other (average pairwise
Jaccard similarity of 0.43), compared to those from
dbart (0.27 with any knowledge-encoded model).

6.2 Manual Evaluation
Given the results of the automatic evaluation, only
the models trained on the entire corpus were
manually evaluated against our baseline approach
Arg-PageRank. A test set of 300 examples was
employed, 100 each from debates and CMV posts,
plus 100 comments to CMV posts. The latter in-
clude only comments with at least 100 words and
exclude non-argumentative ones as per automatic
claim-detection (Chakrabarty et al., 2019). This
part of the test set corresponds to an unsupervised
evaluation of the conclusions, since no ground truth
for the comments is available.

Two expert writers, both native English speak-
ers, were hired via Upwork.com.16 For every given
argumentative text in the test set, all candidate con-
clusions generated by the different models were
shown to the annotators in random order, and with-
out revealing the respective model’s name. Assess-
ment was cast as a series of binary decisions: first,
whether a given candidate is a conclusion, and if
yes, whether it is fluent, and whether it is informa-
tive. To simplify judging informativeness, we only
asked if the conclusion was too generic. For each
candidate judged not to be a conclusion, we asked
whether it either has the (1) wrong target (WT),
conveys the (2) wrong stance (WS), or whether it
is (3) non-argumentative (NA).

Table 6 shows the percentage of cases on which
both annotators agreed. For CMV and debates,
16An hourly rate of about 30 USD was paid.

Model Concl. Inform. Error Types

WT WS NA

CMV Posts
dbart 36% 4% 56% 22% 22%
dbart-Topic 28% 0% 59% 23% 18%
dbart-Aspects 33% 6% 69% 23% 8%
dbart-Targets 27% 4% 69% 23% 8%
Arg-PageRank 11% 7% 0% 0% 100%

Debates
dbart 14% 6% 65% 9% 26%
dbart-Topic 14% 3% 76% 12% 12%
dbart-Aspects 7% 2% 77% 13% 10%
dbart-Targets 11% 2% 71% 17% 12%
Arg-PageRank 10% 6% 7% 0% 93%

Comments
dbart 12% 2% 52% 18% 30%
dbart-Topic 6% 2% 58% 24% 18%
dbart-Aspects 7% 3% 52% 33% 15%
dbart-Targets 8% 3% 55% 35% 10%
Arg-PageRank 17% 9% 5% 5% 90%

Table 6: Full agreement percentages of two annotators
on 300 examples, grouped by the example type (posts,
debates, comments). The first column is the % of valid
conclusions, the second the % of informative conclu-
sions, followed by the % distribution of error types
(lower is better) of a model. On average, all models
were judged to be fluent for 97% of the conclusions.

finetuning outperforms Arg-PageRank at generat-
ing conclusions that convince the experts: dbart
performs best on CMV (36%), and dbart and
dbart-Topic on debates (14%).

Comments appear to be a particularly difficult
type of test cases. This is because comments to
the first post may not be self-contained but refer
back to the post, they may have a mixed stance
(supporting only part of the post while opposing
the rest), and they may introduce new targets and
aspects (different concepts)—based on our inspec-
tion of the comments. In such cases, extracting the
conclusion from the comment (and paraphrasing it)
using Arg-PageRank performs best (17%).

Encoding knowledge slightly impacts the effec-
tiveness. Across all example types, knowledge-
encoded models perform equally well, sometimes
worse, sometimes better than dbart. Encoding
topic with aspects or targets performs better on
posts and comments.

As for informativeness, dbart-Aspects gener-
ates a higher number of informative conclusions for
posts, while dbart does best in debates, among the
finetuned models. In all domains, Arg-PageRank
performs similar to or better than all approaches
due to extracting claims that are twice as long on
average (24 words) compared to the finetuned mod-
els (12 words), hence capturing more information.
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Inspecting the error types, encoding argumenta-
tive knowledge increases the number of argumen-
tative candidate conclusions, validating its posi-
tive impact. All knowledge-encoded models have
fewer non-argumentative (NA) errors compared to
dbart. However, this affects target inference; the
knowledge-encoded models generate more wrong
targets (WT). The mixed stance of comments (sup-
porting part of the original post, while opposing the
rest) leads to a higher number of stance errors (WS)
for dbart-Aspects and dbart-Targets. Finally,
for Arg-PageRank, almost all errors were non-
argumentative sentences (NA).

6.3 Discussion
Our qualitative evaluation indicates that generat-
ing informative conclusions is challenging, and
that our data is well-suited for the task, due to a
mix of conclusion types (Table 1), and diverse data
sources. Leveraging external knowledge, though a
promising feature for guiding finetuning, may ben-
efit from better encoding strategies compared to the
conventional method of using control codes in text.
However, given that the identified knowledge is ex-
tractive and that we encoded multiple aspects and
targets per example in contrast to related controlled
text generation approaches (Keskar et al., 2019;
Schiller et al., 2020; Gretz et al., 2020; Cachola
et al., 2020), further investigations with importance
sampling of argumentative knowledge are advised.
Ideally, such sampling would be tailored to a spe-
cific domain or target audience.

Likewise, regarding the informativeness of the
generated conclusions, a trade-off between con-
ciseness and specificity must be decided. Our ex-
periments suggest that long extractive conclusions
capture more information compared to the more
concise (and fluent) abstractive one of the finetuned
models, rendering them preferable to the annota-
tors when sufficient background is missing. Finally,
for comments, modeling the argumentative context
supplemented by explicit stance identification is
necessary to generate valid conclusions.

7 Conclusion

The notion of an informative conclusion is intro-
duced and discussed in the context of computa-
tional argumentation as well as text summarization.
Informative conclusions are to argumentation what
brief summaries are to text: they concisely con-
vey its main points. We lay the foundation for

studying the conclusions of argumentative texts,
compiling the Webis-ConcluGen-21 corpus, com-
prising 136,996 pairs of argumentative texts and
corresponding conclusions.

Conclusions are diverse and typically depart sig-
nificantly from the argumentative text they are de-
rived from, paraphrasing it, and more than half
the time abstracting over it. Authors typically tai-
lor their conclusions to the occasion; and in many
cases, they are not necessarily made explicit. This
is where we contribute by tackling the task of gen-
erating an informative conclusion. The two main
paradigms we study—paraphrased (incl. extractive)
vs. abstractive conclusion generation—compete
closely with each other.

8 Ethics Statement

Our dataset is a collection of opinionated texts ob-
tained from sources that are available publicly and
acknowledged appropriately. We respected their
terms and conditions.

We did not employ any author-specific features
in our approaches and instead processed only the
corresponding arguments, although representing
personal views of anonymous authors.

The proposed technology will be applicable to an
English-speaking audience. While failures in gener-
ating valid conclusions may mislead a reader’s ini-
tial interpretation of an argument, we do not aim at
applications that prevent readers from reading the
complete arguments. Rather, we seek to simplify
the consumption of public discussions comprising
several arguments by providing explicit, informa-
tive conclusions especially for longer arguments.

Finally, in terms of computational resources, we
restricted ourselves to the smaller, distilled check-
points of a large pretrained model that can be
trained with (comparably) smaller resources and
are accessible to majority of the researchers.
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Abstract

We study a family of data augmentation meth-
ods, substructure substitution (SUB2), that gen-
eralizes prior methods. SUB2 generates new
examples by substituting substructures (e.g.,
subtrees or subsequences) with others hav-
ing the same label. This idea can be ap-
plied to many structured NLP tasks such as
part-of-speech tagging and parsing. For more
general tasks (e.g., text classification) which
do not have explicitly annotated substructures,
we present variations of SUB2 based on text
spans or parse trees, introducing structure-
aware data augmentation methods to general
NLP tasks. For most cases, training with
a dataset augmented by SUB2 achieves bet-
ter performance than training with the orig-
inal training set. Further experiments show
that SUB2 has more consistent performance
than other investigated augmentation methods,
across different tasks and sizes of the seed
dataset.1

1 Introduction

Data augmentation has been found effective for
various natural language processing (NLP) tasks,
such as machine translation (Fadaee et al., 2017;
Gao et al., 2019; Xia et al., 2019, inter alia),
text classification (Wei and Zou, 2019; Quteineh
et al., 2020), syntactic and semantic parsing (Jia
and Liang, 2016; Shi et al., 2020; Dehouck and
Gómez-Rodrı́guez, 2020), semantic role labeling
(Fürstenau and Lapata, 2009), and dialogue under-
standing (Hou et al., 2018; Niu and Bansal, 2019).
Such methods enhance the diversity of the train-
ing set by generating examples based on existing
ones, and can make the learned models more robust
against noise (Xie et al., 2020). Most existing work
focuses on word-level manipulation (Kobayashi,

1Project page: https://home.ttic.edu/
˜freda/project/sub2

2018; Wei and Zou, 2019; Dai and Adel, 2020,
inter alia) or global sequence-to-sequence style
generation (Sennrich et al., 2016).

In this work, we study a family of general data
augmentation methods, substructure substitution
(SUB2), which generates new examples by substi-
tuting same-label substructures (Figure 1). While
some instances within this family have been pro-
posed before for certain tasks, we generalize the
idea and investigate it for a variety of tasks and
settings. SUB2 naturally fits structured prediction
tasks such as part-of-speech tagging and parsing,
where substructures exist in the annotations of the
tasks. For more general NLP tasks such as text clas-
sification, we present variations of SUB2 which (1)
define substructures based on text spans or parse
trees for existing examples, and (2) generate new
examples by substructure substitution based on the
substructures and various kinds of constraints.

While data augmentation methods can often be
task-specific or have inconsistent performance, ex-
tensive experiments show that SUB2 consistently
helps models achieve competitive or better perfor-
mance than training on the original dataset across
structured prediction tasks and original dataset
sizes. We further study the effect of different con-
straints for the variations of SUB2 in text classifica-
tion. While there is no consistently winning com-
bination of constraints, SUB2 remains dominant
on both investigated few-shot text classification
datasets.

In addition, when combined with XLM-R (Con-
neau et al., 2019), a cross-lingual pretrained lan-
guage model, SUB2 establishes new state-of-the-art
results for sentiment analysis and low-resource part-
of-speech tagging. Finally, the experimental setups
we define can serve as a benchmark for future work
on NLP with little annotated data.
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Original Sentences

I have a book
PRP VBP DT NN

They ate an orange
PRP VBD DT NN

Generated Sentences
I have an orange

PRP VBP DT NN
They ate a book
PRP VBD DT NN

(a) Part-of-speech tagging.

Original Sentences
S

NP

The cat

VP

is sleeping

S

NP

I

VP

love books

Generated Sentences
S

NP

The cat

VP

love books

S

NP

I

VP

is sleeping

(b) Constituency parsing.

Original Sentences

My cat likes milk

poss nsubj dobj

root

I read books

dobjnsubj

root

Generated Sentences

My cat likes books

poss nsubj dobj

root

I read milk

dobjnsubj

root

(c) Dependency parsing.

Original Sentences

I like the book I like the movie

Label: positive Label: positive

Generated Sentences
I the movie book I like like the

Label: positive Label: positive

(d) Text classification. To apply SUB2, we use text spans
as substructures, with both the number of words in the
span and the text classification label as constraints (see
Sec. 3.2).

Figure 1: Illustration of SUB2 for investigated tasks.
We generate new examples by same-label substructure
substitution, whether or not the generated examples are
semantically or syntactically acceptable. Best viewed
in color.

2 Related Work

Data augmentation aims to generate new examples
based on available ones, without actually collecting
new data. Such methods reduce the cost of dataset

collection, and usually boost model performance
on desired tasks. Most existing data augmentation
methods for NLP tasks can be classified into the
following categories:

Token-level manipulation. Token-level manipu-
lation methods have been widely studied in re-
cent years. They typically create new examples
by substituting (word) tokens with ones having the
same desired features, such as synonym substitu-
tion (Zhang et al., 2015; Wang and Yang, 2015;
Fadaee et al., 2017; Kobayashi, 2018) or substitu-
tion with words having the same morphological
features (Silfverberg et al., 2017). Such methods
have been applied to generate adversarial or nega-
tive examples which help improve the robustness
of neural network–based NLP models (Belinkov
and Bisk, 2018; Shi et al., 2018a; Alzantot et al.,
2018; Zhang et al., 2019; Min et al., 2020, inter
alia), or to generate counterfactual examples which
help mitigate bias in natural language (Zmigrod
et al., 2019; Lu et al., 2020).

Other token-level manipulation methods
introduce noise, such as random token shuffling
and deletion (Wang et al., 2018; Wei and Zou,
2019; Dai and Adel, 2020). Models trained on the
augmented datasets are expected to be more robust
against the considered noise.

Constrained text generation. Recent work has
explored generating new examples by training a
conditional text generation model (Bergmanis et al.,
2017; Liu et al., 2020a; Ding et al., 2020; Liu et al.,
2020b, inter alia), or applying post-processing on
the examples generated by pretrained models (Yang
et al., 2020; Wan et al., 2020; Yoo et al., 2020). In
the data augmentation stage, given task-specific
constraints, such models generate associated text
accordingly. The generated examples, together
with the original datasets, are used to further train
models for the primary tasks. A representative
method is back-translation (Sennrich et al., 2016),
which is effective for not only machine translation,
but also style transfer (Prabhumoye et al., 2018;
Zhang et al., 2020a), conditional text generation
(Sobrevilla Cabezudo et al., 2019), text classifi-
cation (Iyyer et al., 2018), and grammatical error
correction (Xie et al., 2018). Relatedly, automatic
question generation has been used in data augmen-
tation for question answering (Yang et al., 2017;
Song et al., 2018).
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Another approach to example generation is
to generate new examples based on predefined
templates (Kafle et al., 2017; Asai and Ha-
jishirzi, 2020), where the templates are designed
following heuristic, and usually task-specific, rules.

Soft data augmentation. As an alternative
to explicit generation of concrete examples,
soft augmentation directly represents generated
examples in a continuous vector space: Gao et al.
(2019) propose to perform soft word substitution
for machine translation; recent work has adapted
the mixup method (Zhang et al., 2018), which aug-
ments the original dataset by linearly interpolating
the vector representations of text and labels, to text
classification (Guo et al., 2019; Sun et al., 2020),
named entity recognition (Chen et al., 2020), and
compositional generalization (Guo et al., 2020).

Structure-aware data augmentation. Existing
work has also sought potential gain from struc-
tures associated with natural language: Xu et al.
(2016) improve word relation classification by de-
pendency path–based augmentation. Şahin and
Steedman (2018) show that subtree cropping and
rotation based on dependency parse trees can help
part-of-speech tagging for low-resource languages,
while Vania et al. (2019) demonstrate that such
methods also help dependency parsing when very
limited training data is available.

SUB2 also falls into this category. The idea
of same-label substructure substitution has been
used to improve performance on structured pre-
diction tasks such as semantic parsing (Jia and
Liang, 2016), constituency parsing (Shi et al.,
2020), dependency parsing (Dehouck and Gómez-
Rodrı́guez, 2020), named entity recognition (Dai
and Adel, 2020), meaning representation–based
text generation (Kedzie and McKeown, 2020), and
compositional generalization (Andreas, 2020). To
the best of our knowledge, however, SUB2 has not
been systematically studied as a general data aug-
mentation method for NLP tasks. In this work, we
not only extend SUB2 to part-of-speech tagging and
structured sentiment classification, but also present
a variation that allows a broader range of NLP tasks
(e.g., text classification) to benefit from syntactic
parse trees. We evaluate SUB2 and several represen-
tative general data augmentation methods, which
can be widely applied to various NLP tasks.

When constituency parse trees are used, there is

a connection between SUB2 and tree substitution
grammars (TSGs; Schabes, 1990), where the ap-
proach can be viewed as (1) estimating a TSG using
the given corpus and (2) drawing new sentences
from the estimated TSG.

3 Method

We introduce the general framework we investigate
in Section 3.1, and describe the variations of SUB2

which can be applied to text classification and other
NLP applications in Section 3.2.

3.1 Substructure Substitution (SUB2)
As shown in Figure 1, given the original training
set D, SUB2 generates new examples using same-
label substructure substitution, and repeats the pro-
cess until the training set reaches the desired size.
The general SUB2 procedure is presented in Algo-
rithm 1.

Algorithm 1: SUB2.
Input: Original dataset D,
desired dataset size N > |D|
Output: Augmented dataset D′
D′ ← D;
repeat

Uniformly draw s ∈ substructure(D′)
S ← example(s)
Uniformly draw u ∈ {v | v ∈

substructure(D), label(v) =
label(s), v 6= s}
S′ ← replace s with v in S
D′ ← D′ ∪ {S′}

until |D′| = N ;

For part-of-speech (POS) tagging, we let text
spans be substructures and use the correspond-
ing POS tag sequences as substructure labels (Fig-
ure 1a); for constituency parsing, we use subtrees
as the substructures, with constituent labels as the
substructure labels (Figure 1b); for dependency
parsing, we also use subtrees as substructures, and
let the dependency arc labels, which link the heads
of subtrees to their parents, be the substructure la-
bels (Figure 1c).

3.2 Variations of SUB2 for Text Classification
Text classification examples do not typically con-
tain explicit substructures. However, we can obtain
them by viewing all text spans as substructures (Fig-
ure 1d). This approach may be too unconstrained in
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practice, so we consider constraining substitution
based on matching several features of the spans:

• Text classification label: when considering
this constraint, we can only substitute a span
with another span that comes from text anno-
tated with the same class label as the original
one; otherwise we can choose the alternative
from any example text in the training corpus.

• Constituency: when considering this con-
straint, we can only substitute a constituent
with another constituent (according to a con-
stituency parse of the text, whether they have
the same constituent label or not); otherwise
the considered spans do not necessarily need
to be constituents.

• Annotated text span label: in our experi-
ments, this constraint is valid only when the
previous constraint (constituency) is consid-
ered. When considering this constraint, we
can only perform substitution between text
spans with the same annotated label (e.g., con-
stituent label).2

• Number of words: when considering this
constraint, we can only substitute a span with
another having the same number of words;
otherwise we can substitute a span with any
other span.

Shi et al. (2018b) argue that binary balanced
trees are better backbones for recursive neural net-
works (Zhu et al., 2015; Tai et al., 2015) on text
classification; inspired by them, we introduce the
following constraint in this work:

• “Constituency” in binary balanced tree.
we use binary balanced trees, analogously to
constituency parse trees, as the backbone for
SUB2: we (1) generate balanced trees by re-
cursively splitting a span of n words into two
consecutive groups, which consist of

⌊
n
2

⌋
and⌈

n
2

⌉
words respectively, and (2) treat each non-

terminal in the balanced tree as a substructure
to perform SUB2.

We also investigate combinations of the above
constraints, where we require all the chosen con-
straints to be the same to perform SUB2. For exam-
ple, combining text classification label and number

2There can be other text span labels such as sentiment
labels of constituents (Socher et al., 2013).

of words (Figure 1d) requires the original and the
alternative span to have the same text label and the
same number of words.

4 Experiments

We introduce our experimental setups (Section 4.1),
and evaluate SUB2 and several data augmenta-
tion baselines (Section 4.2) on four tasks: part-of-
speech tagging (Section 4.3), dependency parsing
(Section 4.4), constituency parsing (Section 4.5),
and text classification (Section 4.6).

4.1 Setup

For part-of-speech tagging and text classification,
we add a two-layer perceptron on top of XLM-
R (Conneau et al., 2019) embeddings, where we
calculate contextualized token embeddings by a
learnable weighted average across layers. We use
endpoint concatenation (i.e., the concatenation of
the first and last token representation) to obtain
fixed-dimensional span or sentence features, and
keep the pretrained model frozen during training.3

For dependency parsing, we use the SuPar imple-
mentation of Dozat and Manning (2017).4 For
constituency parsing, we use Benepar (Kitaev and
Klein, 2018).5

For all data augmentation methods, including
the baselines (Section 4.2), we only augment the
training set, and use the original development set. If
not specified, we introduce 20 times more examples
than the original training set when applying an
augmentation method. When introducing k× new
examples, we also replicate the original training
set k times to ensure that the model can access
sufficient examples from the original distribution.

All models are initialized with the XLM-R base
model (Conneau et al., 2019) if not specified. We
train models for 20 epochs in high-resource set-
tings (i.e., high-resource part-of-speech tagging,
sentiment classification trained on the full train-
ing set) or when applying data augmentation meth-
ods, and for 400 epochs in the low-resource set-
tings without augmentation; we select the one with
the highest accuracy or F1 score on the develop-
ment set. All models are optimized using Adam
(Kingma and Ba, 2015), with learning rates cho-

3We did not observe significant improvement by finetuning
the large pretrained language model, and for most cases, the
performance is much worse than the current scheme we apply.

4https://github.com/yzhangcs/parser
5https://github.com/nikitakit/

self-attentive-parser
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sen from {5 × 10−4, 5 × 10−5}. For the hidden
layer size (i.e., the hidden size of the perceptron
for part-of-speech tagging and text classification,
the dimensionality of span representation and scor-
ing multi-layer perceptron for constituency parsing,
and the dimensionality of token representation and
scoring multi-layer perceptron for dependency pars-
ing), we vary it between 128 and 512. We apply a
0.2 dropout ratio to the contextualized embeddings
in the training stage. All other hyperparameters
are the same as the default settings in the released
codebases.

4.2 Baselines

We compare SUB2 to the following baselines:

• No augmentation (NOAUG), where the orig-
inal training and development set are used.

• Contextualized substitution (CTXSUB),
where we apply contextualized augmentation
(Kobayashi, 2018), masking out a random
word token from the existing dataset and
using multilingual BERT (mBERT; Devlin
et al., 2019) to generate a different word.

• Knowledge based guided synonym substi-
tution (SYNO), where we substitute a random
word token by its synonym defined in an ex-
isting knowledge base.6

• Random shuffle (SHUF), where we randomly
shuffle all the words in the original sentence,
while keeping the original structured or non-
structured labels. It is worth noting that for de-
pendency parsing, we shuffle the words, while
maintaining the dependency arcs between in-
dividual word tokens; for constituency pars-
ing, we shuffle the terminal nodes, and insert
them back into the tree structure. Our SHUF

method for constituency parsing is arguably
more noisy than that for dependency parsing.

All of the data augmentation baselines are ex-
plicit augmentations where concrete new examples
are generated and used. The methods above are
generally applicable to a wide range of NLP tasks.

6Specifically, we use the lexical PPDB-XL (Ganitkevitch
and Callison-Burch, 2014; Pavlick et al., 2015) of the appro-
priate language when applicable.

Lang. SOTA mBERT XLM-R XLM-R
Aug. NOAUG NOAUG NOAUG SUB2

high-resource languages

avg. 96.9 97.1 97.7† 97.7†

bg 98.7 98.9 99.4 99.4
cs 99.0 99.0 99.2 99.2
da 97.2 97.8 98.7 98.5
de 94.4 94.6 95.3 95.1
en 96.1 96.5 97.5 97.3
es 96.8 96.9 97.5 97.5
eu 96.1 95.7 96.6 96.8
fa 97.5 96.6 98.6 98.5
fi 95.8 96.9 98.3 98.3
fr 96.6 96.7 96.9 96.9
he 97.4 96.9 97.9 97.8
hi 97.4 96.9 97.9 97.8
hr 96.8 97.6 97.9 98.0
id 94.0 93.7 93.8 93.7
it 98.1 98.6 98.7 98.7
nl 93.8 92.9 94.0 93.6
no 98.5 98.6 99.0 98.9
pl 97.7 98.5 98.8 98.9
pt 98.2 98.3 98.6 98.6
sl 98.1 98.7 99.2 99.2
sv 97.4 98.2 98.9 98.9

low-resource languages

avg. 92.7 94.7 95.4 96.1†

el 98.2 98.6 98.8 98.7
et 92.8 94.1 95.7 96.3
ga 91.1 92.9 94.1 95.8
hu 94.0 96.8 97.7 97.5
ro 91.5 95.0 94.9 95.8
ta 88.7 90.4 91.3 92.5

Table 1: Part-of-speech tagging accuracy (×100) on
the standard test set of UD 1.2 high-resource (top) and
low-resource (bottom) languages, across different pre-
trained models and augmentation methods. The best
numbers in each row are bolded. SOTA: previous state
of the art, i.e., the best test accuracy for each language
among all methods reported by Heinzerling and Strube
(2019), where all numbers in the SOTA column are not
necessarily produced by the same model. † denotes
new state-of-the-art results.

4.3 Part-of-Speech Tagging

We conduct our experiments using the Univer-
sal Dependencies (UD; Nivre et al., 2016, 2020)7

dataset.
First, we compare both NOAUG and SUB2 to

the previous state-of-the-art performance (Heinz-
erling and Strube, 2019) to ensure that our base-
lines are strong enough (Table 1).8 Heinzerling and
Strube (2019) take the token-wise concatenation
of mBERT last-layer representations, byte-pair en-

7http://universaldependencies.org/
8We use UD v1.2 for direct comparison with existing work.
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Language NOAUG CTXSUB SHUF SUB2

(Treebank)

avg. 92.4 87.1 86.8 93.0

be (hse) 96.2 90.3 92.5 96.9
lt (hse) 92.7 90.1 88.4 93.1
mr (ufal) 87.9 81.5 84.5 89.1
ta (ttb) 91.7 85.4 83.2 92.3
te (mtg) 93.8 88.2 85.6 93.0

Table 2: Part-of-speech tagging accuracy (×100) on the
standard test set of selected UD 2.6 low-resource tree-
banks. The best number in each row is bolded.

coding (BPE; Gage, 1994)–based LSTM hidden
states and character-LSTM hidden states as the in-
put to the classifier, and fine-tune the pretrained
mBERT during training. We find that using our
framework with frozen mBERT and extra learn-
able layer weight parameters, we are able to obtain
competitive or better results than those reported
by Heinzerling and Strube (2019); the gains grow
larger when using XLM-R, which is trained on
larger corpora than mBERT. In addition, by aug-
menting the training set with SUB2, we achieve
better average accuracy on low-resource languages
(paired, one-tailed t-test p-value= 0.028) while re-
maining competitive on high-resource languages
(no statistically significant difference).

We further test the part-of-speech tagging ac-
curacy on 5 selected low-resource treebanks in
the UD 2.6 dataset (Table 2), following the offi-
cial splits of the dataset. For four of the five tree-
banks, SUB2 achieves the best performance among
all methods, while also maintaining competitive
performance on the Telugu treebank. In contrast,
other augmentation methods (CTXSUB and SHUF)
are harmful compared to NOAUG on all treebanks.

4.4 Dependency Parsing

We evaluate the performance of models using the
standard Penn Treebank dataset (PTB; Marcus
et al., 1993), converted by Stanford dependency
converter v3.0,9 following the standard splits.

We first compare the performance of SUB2 and
baselines in the low-resource setting (Table 3). All
methods sometimes, though not always, improve
performance over NOAUG. SHUF achieves the
best LAS when there is only an extremely small
training set (e.g., 10 examples) available; however,
when the size of the original training set becomes

9https://nlp.stanford.edu/software/
stanford-dependencies.shtml

|D|
|D′| = k × |D| 10 50 100 500 1,000

2× (CTXSUB) 38.3 55.1 62.9 78.1 80.1
5× (CTXSUB) 35.5 55.9 62.1 81.4 81.0
10× (CTXSUB) 39.8 55.1 61.7 81.7 80.8
50× (CTXSUB) 31.2 52.3 60.9 79.3 78.0
100× (CTXSUB) 32.0 53.1 58.2 77.1 75.9

2× (SHUF) 32.8 55.9 62.5 76.7 78.4
5× (SHUF) 34.4 52.7 60.5 77.5 81.6
10× (SHUF) 39.8 53.1 63.7 77.9 81.9
50× (SHUF) 34.0 52.7 60.9 79.1 79.6
100× (SHUF) 39.1 55.9 61.3 80.4 77.4

2× (SUB2) 38.3 54.3 61.7 81.0 80.0
5× (SUB2) 35.9 54.7 62.9 82.5 80.4
10× (SUB2) 32.0 53.9 63.7 81.7 80.6
50× (SUB2) 33.2 57.0 62.5 81.4 82.5
100× (SUB2) 38.3 52.7 62.5 78.8 82.1

Table 3: Labeled attachment scores (LAS) on the
standard PTB development set (PTB Section 22). We
start with an original training set D, which consists
of |D| ∈ {10, 50, 100, 500, 1000} examples, and aug-
ment it k ∈ {2, 5, 10, 50, 100} times. For each train-
ing set D, the corresponding development set consists
of max

(
10, |D|10

)
examples. Underlined results cor-

respond to k values tuned to maximize development
set LAS for each combination of augmentation method
and |D| (if there are multiple k values with the same
development LAS, we choose the smallest). The best
number in each column is bolded.

larger, SUB2 begins to dominate, while CTXSUB

and SHUF start to sometimes hurt the performance.
In addition, a larger augmented dataset does not
necessarily lead to better performance, but CTX-
SUB and SHUF often hurt performance as the aug-
mented set size gets too large while SUB2 does not.
Although there is not a consistently best configura-
tion, throughout our experiments, augmenting by
10×–50× the original dataset size produces good
improvements over NOAUG for both development
and test sets. When tuning the augmentation factor
k using small development sets, SUB2 improves
over NOAUG for four out of five seed dataset sizes.
CTXSUB, in contrast, improves performance for
only one out of five.

When training on the full WSJ training set, SUB2

does not necessarily help improve over NOAUG,
but it also does not hurt performance (Table 4).10

10An additional finding here is that a simple biaffine de-
pendency parsing model (Dozat and Manning, 2017) with
XLM-R initialization is able to set a new state of the art for
dependency parsing with only in-domain annotation.
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Model UAS LAS

Mrini et al. (2020)† (NOAUG) 97.4 96.3

Zhang et al. (2020b)‡ (NOAUG) 96.1 94.5
BiAffine+XLM-R (NOAUG) 96.7 95.2
BiAffine+XLM-R+SUB2 96.6 95.2

Table 4: Unlabeled attachment score (UAS) and la-
beled attachment score (LAS) on the PTB dependency
test set. Models are trained with the full PTB train-
ing set. †: the previously best result using any kind of
annotation (e.g., constituency parse trees); ‡: the pre-
viously best result using only dependency annotations.
BiAffine: the bi-affine dependency parsing model pro-
posed by Dozat and Manning (2017).

4.5 Constituency Parsing

Shi et al. (2020) have shown that SUB2 can sig-
nificantly improve few-shot constituency parsing
on the Penn Treebank dataset; in this work, we
extend the few-shot parsing evaluation to other
domains, using the Foreebank (FBANK; Kaljahi
et al., 2015) and NXT-Switchboard (SWBD; Cal-
houn et al., 2010) datasets. Foreebank consists of
1,000 English and 1,000 French sentences; for ei-
ther language, we randomly select 50 sentences for
training, 50 for development, and 250 for testing.11

We follow the standard splits of NXT-Switchboard,
and randomly select 50 sentences from the training
set and 50 from the development set for training
and development respectively.

We compare data augmentation methods using
the setup of few-shot parsing from scratch (Table 5).
Among all settings we tested, SUB2 achieves the
best performance, while all augmentation methods
we investigated improve over training only on the
original dataset (NOAUG). Surprisingly, we find
that the seemingly meaningless SHUF, which ran-
domly shuffles the sentence and inserts the shuffled
words back into the original parse tree structure as
the nonterminals, also consistently helps few-shot
parsing by a nontrivial margin.12

For domain adaptation (Table 6), we first train
Benepar (Kitaev and Klein, 2018) on the Penn Tree-
bank dataset, achieving an F1 score of 95.1 on the
PTB standard development set, and use the pre-
trained model as the initialization. While compared
to few-shot parsing trained from scratch, the gain
by data augmentation generally becomes smaller,

11We leave the other 650 sentences for future use.
12This trend may be explained by benefits in learn-

ing/optimization stability in this few-shot setting, but we leave
a richer exploration of potential explanations for future work.

Method FBANK(en) FBANK(fr) SWBD

NOAUG 33.1 27.3 29.1
CTXSUB 64.8 59.9 51.1
SYNO 62.9 60.8 52.1
SHUF 55.9 48.8 37.0
SUB2 71.8 70.8 64.6

Table 5: Labeled F1 scores (×100) on the test set of
each constituency treebank, in the setting of few-shot
parsing. The best number in each column is bolded.

Method FBANK(en) FBANK(fr) SWBD

PTB 82.3 30.8 74.3

NOAUG→ 83.1 70.1 77.2
CTXSUB→ 84.0 71.1 78.2
SYNO→ 84.2 71.0 77.9
SHUF→ 83.5 70.1 75.6
SUB2→ 84.6 72.6 78.3

Table 6: Labeled F1 scores (×100) on the test set of
each constituency treebank, in the setting of domain
adaptation. PTB: directly testing the model trained on
the Penn Treebank;→: transferring a model trained on
PTB to each domain. The best number in each column
is bolded.

SUB2 still works the best across datasets.

4.6 Text Classification

We take text classification as a representative of a
wider range of NLP tasks, and evaluate the meth-
ods introduced in Section 3.2 and baselines on low-
resource versions of two text classification datasets:
SST (Socher et al., 2013) and a sentence version
of the AG News dataset (Zhang et al., 2015).13 To
avoid over-fitting to the small development set and
tuning on test set issues, we introduce small “devel-
opment test” (devtest) sets for each task, and only
evaluate on the test sets using SUB2 variations with
the best devtest performance. For settings requiring
constituency parse trees, we generate them using
Benepar (Kitaev and Klein, 2018) trained on the
standard PTB dataset.

Across the two datasets, any data augmenta-
tion technique usually improves over NOAUG (Ta-
ble 7).14 While methods in the SUB2 family usually
lead to the best performance on both tasks, there is
not a consistently best-performing combination of
constraints. Surprisingly, SUB2 without constraints

13We only keep the single-sentence instances among all
examples in each split of the original AG News dataset, fol-
lowing Shi et al. (2018b).

14To measure variance due to random selection of data from
the full sets, results on additional randomly-sampled few-shot
datasets for both tasks can be found in Appendix A.
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Dataset Method Constraints Accuracy
Text Label Constit. Span Label #Words Dev Devtest Test

AG News-1% NOAUG N/A N/A N/A N/A 55.2 44.8 44.8
|Dtrain| = 0.6K CTXSUB N/A N/A N/A N/A 91.0 89.6 86.0
|Ddev| = 0.06K SYNO N/A N/A N/A N/A 89.6 89.6 85.6
|Ddevtest| = 0.06K SHUF N/A N/A N/A N/A 91.0 88.1 86.3

SUB2 (balanced tree) 7 N/A N/A 3 88.1 92.5 86.7
SUB2 3 3 7 7 91.0 92.5 87.0

SST-10% NOAUG N/A N/A N/A N/A 27.3 35.5 23.3
|Dtrain| = 0.8K CTXSUB N/A N/A N/A N/A 40.0 53.6 44.9
|Ddev| = 0.1K SYNO N/A N/A N/A N/A 40.0 39.1 39.0
|Ddevtest| = 0.1K SHUF N/A N/A N/A N/A 37.3 44.5 38.9

SUB2 (balanced tree) 7 N/A N/A 7 40.0 50.0 44.6
SUB2 3 3 sentiment 7 40.0 55.5 45.8

Table 7: Accuracy (×100) on the low-resource sentence AG News and SST datasets, together with the corre-
sponding constraints, where Constit. denotes constituency labels. We enumerate multiple constraints for data
augmentation with SUB2, and only test the obtained model with the highest devtest accuracy – results for all in-
vestigated combinations of constraints can be found in Appendix A. The best devtest accuracies and the best test
accuracy for each dataset are bolded.

Method Dev. Acc. Test Acc.

XLM-R (NOAUG) 56.1 55.7
XLM-R (SUB2) 56.6 56.6

Brahma (2018) N/A 56.2

Table 8: Accuracy (×100) on the SST standard devel-
opment and test set.

on the text label, which may introduce more noise
than having the constraint, does not necessarily
hurt the performance much.

While constituency parse tree–based SUB2 typi-
cally achieves competitive performance among all
investigated combinations of constraints, the gain
over SUB2 with balanced trees is not consistent.
Our results are in line with Shi et al. (2018b).

We further use SUB2 with constraints of (1) text
label, (2) phrase, and (3) phrase sentiment label,
to augment the full SST training set, since it is
the best augmentation method for few-shot senti-
ment classification, in terms of devtest accuracy
(Table 7). In addition to sentences, we also add
phrases (i.e., subtrees) as training examples, fol-
lowing most existing work (Socher et al., 2013;
Kim, 2014; Brahma, 2018, inter alia),15 to boost
performance. In this setting, we find that SUB2

helps set a new state of the art on the SST dataset
(Table 8).

15That is, unlike in Table 7, we apply the same settings as
most existing work to produce numbers in Table 8.

5 Conclusion and Future Work

We investigate substructure substitution (SUB2), a
family of data augmentation methods that generates
new examples by same-label substructure substi-
tution. Such methods help achieve competitive or
better performance on the tasks of part-of-speech
tagging, dependency parsing, constituency parsing,
and text classification in the few-shot setting, where
the number of annotated examples is limited. While
other data augmentation methods (e.g., CTXSUB

and SHUF) sometimes improve the performance,
SUB2 is the only one that consistently improves
performance for low-resource NLP across tasks
and seed dataset sizes. The experimental setups
used in this work can further serve as a standard
benchmark for future work on NLP with limited
annotations.

There are two open questions remaining to be
addressed. First, it is still unclear why SHUF,
which requires the model to recover the correct
constituency parse tree of a sentence while only ac-
cessing shuffled words, consistently helps improve
few-shot constituency parsing by a nontrivial mar-
gin. Second, while constituency parse tree–based
SUB2 sometimes achieves better performance than
SUB2 without the constituency constraint, the ad-
vantage is not large: whether explicit constituency
parse trees are useful for NLP applications in the
neural network era remains an open question. We
leave the above questions, as well as applications
of SUB2 to more NLP tasks, for future work.
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Appendices

A Text Classification: Another Few-Shot
Dataset

For either sentence AG News or SST dataset, we
create two few-shot dataset of the same size, but

with different examples. We report the model per-
formances in Tables 9 and 10. Results in Table 7
are evaluated on the same few-shot dataset as those
in Table 9.
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Method Constraints Accuracy
Text Label Phrase Pharse Label #Words Dev Devtest Test

AG News-1% (|Dtrain| = 0.6K, |Ddev| = |Ddevtest| = 0.06K)

NOAUG N/A N/A N/A N/A 55.2 44.8 44.8
CTXSUB N/A N/A N/A N/A 91.0 89.6 86.0
SHUF N/A N/A N/A N/A 91.0 88.1 86.3
SYNO N/A N/A N/A N/A 89.6 89.6 85.6

SUB2 (balanced tree) 3 N/A N/A 3 89.6 89.6
3 N/A N/A 7 89.6 91.0
7 N/A N/A 3 88.1 92.5 86.7
7 N/A N/A 7 91.0 91.0

SUB2 3 3 const. 3 86.6 89.6
3 3 const. 7 86.6 91.0
3 3 7 3 86.6 89.6
3 3 7 7 91.0 92.5 87.0
3 7 N/A 7 86.6 92.5
3 7 N/A 3 86.6 91.0
7 3 const. 3 86.6 86.6
7 3 const. 7 86.6 86.6
7 3 7 3 91.0 88.1
7 3 7 7 89.6 88.1

SST-10% (|Dtrain| = 0.8K, |Ddev| = |Ddevtest| = 0.1K)

NOAUG N/A N/A N/A N/A 27.3 35.5 23.3
CTXSUB N/A N/A N/A N/A 40.0 53.6 44.9
SHUF N/A N/A N/A N/A 37.3 44.5 38.9
SYNO N/A N/A N/A N/A 40.0 39.1 39.0

SUB2 (balanced tree) 3 N/A N/A 3 36.4 49.1
3 N/A N/A 7 26.4 35.5
7 N/A N/A 3 38.2 49.1
7 N/A N/A 7 40.0 50.0 44.6

SUB2 3 3 senti. 3 39.1 53.6
3 3 senti. 7 40.0 55.5 45.8
3 3 const. 3 37.3 52.7
3 3 const. 7 40.9 50.9
3 3 7 3 36.4 50.9
3 3 7 7 39.1 47.3
3 7 N/A 3 38.2 48.2
3 7 N/A 7 40.9 47.3
7 3 const. 3 39.1 50.9
7 3 const. 7 40.0 54.5
7 3 7 3 38.2 54.5
7 3 7 7 39.1 50.0

Table 9: Accuracy (×100) on the AG News and SST dataset (few-shot set 1). The best devtest numbers in each
section are bolded.
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Method Constraints Accuracy
Text Label Phrase Pharse Label #Words Dev Devtest Test

AG News-1% (|Dtrain| = 0.6K, |Ddev| = |Ddevtest| = 0.06K)

NOAUG 3 N/A N/A N/A 40.3 44.8 38.0
CTXSUB N/A N/A N/A N/A 88.1 89.6 86.1
SHUF N/A N/A N/A N/A 86.6 88.1 85.7
SYNO N/A N/A N/A N/A 88.1 85.1 84.2

SUB2 (balanced tree) 3 N/A N/A 7 88.1 88.1
3 N/A N/A 3 86.6 88.1
7 N/A N/A 7 89.6 89.6
7 N/A N/A 3 89.6 91.0 86.5

SUB2 3 3 const. 3 86.6 88.1
3 3 const. 7 86.6 88.1
3 3 7 3 88.1 88.1
3 3 7 7 86.6 88.1
3 7 N/A 3 86.6 88.1
3 7 N/A 7 89.6 88.1 85.9
7 3 const. 3 86.6 86.6
7 3 const. 7 83.6 88.1
7 3 7 3 83.6 86.6
7 3 7 7 82.1 88.1

SST-10% (|Dtrain| = 0.8K, |Ddev| = |Ddevtest| = 0.1K)

NOAUG 3 N/A N/A N/A 30.0 30.0 26.7
CTXSUB N/A N/A N/A N/A 47.3 43.6 43.2
SHUF N/A N/A N/A N/A 47.3 41.8 41.5
SYNO N/A N/A N/A N/A 45.5 37.3 40.0

SUB2 (balanced tree) 3 N/A N/A 3 46.4 44.5 44.1
3 N/A N/A 7 48.2 43.6
7 N/A N/A 3 31.8 36.4
7 N/A N/A 7 43.6 37.3

SUB2 3 3 senti. 3 49.1 45.5 44.7
3 3 senti. 7 45.5 43.6
3 3 const. 3 47.3 42.7
3 3 const. 7 45.5 41.8
3 3 7 3 42.7 41.8
3 3 7 7 41.8 38.2
3 7 N/A 3 36.4 42.7
3 7 N/A 7 37.3 38.2
7 3 const. 3 48.2 43.6
7 3 const. 7 35.5 37.3
7 3 7 3 48.2 41.8
7 3 7 7 45.5 40.0

Table 10: Accuracy (×100) on the AG News and SST dataset (few-shot set 2). The best devtest numbers in each
section are bolded .
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Abstract 

In challenging economic times, obtaining 
value for money by ensuring financial 
integrity and fairer distribution of services 
are among the top priorities for social and 
health-care systems globally. However, 
healthcare billing policies are complex and 
identifying non-compliance is often 
narrow-scope, manual and expensive. 
Maintaining ‘integrity’ is a challenge - 
ensuring that scarce resources get to those 
in need and are not lost to fraud and waste. 
Our approach fuses recent advances in 
dependency parsing with a policy ontology 
to convert the content of regulatory 
healthcare policy into human-friendly 
policy rules, that are amenable to machine-
execution, with human oversight. We 
describe the ontology-guided 
transformation of textual patterns into a 
semantically-meaningful knowledge graph 
of rules, outline our experiments and 
evaluate results against policy rules 
obtained from professional investigators. 
The aim is to make a policy-compliance 
‘landscape’ visible to healthcare programs 
- helping them identify Fraud, Waste or 
Abuse. 

1 Introduction 

The WHO (World Health Organization, 2010) lists 
fairness, financial integrity [“Program Integrity”] 
and access in healthcare among the top global 
healthcare priorities. In the U.S., an estimated 
annual amount of USD$20-30B is lost to Fraud, 
Waste and abuse (FWA) (Shrank et al., 2019). 
These vital funds never make it to the vulnerable 
citizens that they were intended to serve. 

To combat this, countries with insurance-based 
healthcare programs (e.g. Medicaid, Medicare), 

 
1 The ontology and Benefit Rules benchmark are released 
as open source at: 

employ claim investigators to validate the integrity 
of reimbursement claims submitted by providers. 
Investigators verify these claims against the 
program’s policies, with the goal of reducing 
wasteful practices, identifying fraud or abuse and 
closing policy gaps. This is a labor-intensive task – 
claim volumes are high, policies are complex and 
investigative resources are limited. 

More broadly, governments regulate a wide 
range of sectors, with extensive rules and policies. 
These policies drive significant spending by the 
regulated organizations. e.g., a European Union 
Commission study (2019) found that the annual 
cost of complying with EU financial regulations is 
around EUR€11.3B. In Australia, Deloitte (2014) 
estimated the costs of administering and 
complying with public sector rules at AUD$94B. 

In this paper we propose a methodology for 
automatically extracting knowledge from 
healthcare policy documents, in the form of 
Benefit Rules (BRs) that are both human-
understandable and machine consumable. These 
BRs can be applied automatically to flag 
discrepancies in claims, with limited human effort. 
This paper focuses on the extraction of these rules, 
and not their execution.  

Policy rules have a major impact both on the 
health of the citizens they serve, and the financial 
integrity of the Programs that pay the Service 
Providers. Human-understanding, oversight and 
control are first-class AI-design concerns for this 
domain. Model ‘explainability’ is not enough. 
Transparency is needed anywhere that provider or 
citizen coverage is at stake. Users need to see and 
influence which rules are being applied, and on 
what policy basis decisions are being made. 

To achieve this, we anchor our methodology in 
an ontology1 , that both guides and constrains AI 
extraction tasks. We build on recent NLP advances 

https://github.com/IBM/rules_extraction_from_healthcare_po
licy 
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to identify patterns in dependency paths that 
connect relevant entities. 

Finally, we transform the dependent entities into 
knowledge-graph fragments, which are assembled 
into graphs that represent actionable Benefit Rules. 
Users can curate these rules as they are well-
structured and expressed in familiar terms.  

Automated extraction of these rules from high-
volume policies (e.g., Medicaid), will enable the 
emergence of a new generation of tools for 
safeguarding Program Integrity, e.g. execution of 
these rules against claims data enables an overview 
of the ‘policy-compliance landscape’ that does not 
exist today.  

Section 2 presents Rules as Code and related 
work in knowledge extraction for social good. 
Section 3 describes domain requirements. Section 
4 presents the architecture for our ‘Claim Audit’ 
extraction pipeline. Section 5 describes how 
dependency parsing and the ontology are used to 
extract semantically-rich rule fragments. In 
Section 6 we evaluate our results with professional 
policy investigators using dental policies, and in 
Section 7, we present future work. 

2 Related Work 

2.1 Rules As Code (RaC) 

Organizations need novel approaches to help with 
regulatory compliance, and Rules as Code (RaC) 
is an initiative that envisages “an official version 
of rules (e.g., laws and regulations) in a machine-
consumable form, which allows rules to be 
understood and actioned by computer systems in a 
consistent way” (Mohun et al., 2020). It forms part 
of a broad movement towards digital government 
and has garnered broad public-sector interest. 

Approaches to achieving machine-executable 
RaC rules for published legislation run from 
manual coding by multi-disciplinary teams to 
automatic code-generation from natural-language 
legislation (Mohun et al., 2020). The former 
approach brings legislative drafters, policy 
analysts and software developers together to co-
produce human and machine-consumable versions 
of rules. Examples include the New Zealand Better 
Rules Discovery initiative (Digital Government 
NZ, 2018) and OpenFisca (OpenFisca.org, nd) in 
France. The latter approach uses NLP technology 
to assist policy experts in converting policy texts to 
machine-consumable forms, helping scale the RaC 
process, and is being explored by the AustLII’s 

DataLex Project (Greenleaf et al., 2020) and 
CSIRO Data61’s Regulation as a Platform project 
(Data61, 2019). Our work involves taking this 
latter approach for government healthcare 
insurance policy. 

2.2 Knowledge Extraction for Social Good 

Related to our work, Kiyavitskaya et al. (2018) 
extracts right, obligation, exception and constraints 
from legal documents by annotating entities with a 
domain-specific ontology consisting of entity 
vocabulary and normative phrasal templates built 
manually by domain experts. Dragoni et al. (2016) 
parses sentences into grammar trees using Stanford 
NLP, and annotates legal concepts with a 
manually-built ontology. The annotation is turned 
into rules using a set of hand-crafted rules. 

Our work is similar, but we extract tuples from 
dependency trees and reason over the ontology to 
produce a Benefit Rule knowledge graph. 

Recent efforts to build graphs for social good 
include (Assom, 2020) - constructing knowledge 
graphs to extract food-trading activities for 
sustainable food trading and security. Puri et al. 
(2020) discusses challenges in extracting 
knowledge graphs from UN datasets for 
sustainable development goals. Khetan et al. 
(2020) describes the use of NLP tools like Spacy, 
CoreNLP, ClausIE and OpenIE to extract 
information from unstructured text provided by the 
UN. Kejriwal et al. (2017) constructs a knowledge 
graph that supports a semantic search engine for 
investigators in human-trafficking. 

AI for social good is a broad research topic as 
described in Shi et al. (2020). For public health, 
Nordon et al. (2019) uses biomedical knowledge 
graph for drug discovery. Finally, Percha and 
Altman (2018) connect entity-pair dependency 
paths to extract relations between chemicals, genes 
and diseases.  

Our focus is on AI and knowledge-extraction to 
help combat FWA in healthcare programs. Today, 
FWA detection  generally relies on two approaches. 
Firstly, traditional data mining to identify outliers 
and anomalous billing patterns in claims (Joudaki 
et al., 2015). While valuable, this approach 
presents challenges when building legal cases, as it 
is not innately grounded in policy. Secondly, hand-
coded algorithms written by analysts to find claims 
that are not compliant with policy. These are labor-
intensive to develop and maintain in the face of 
ever-evolving policy. Worse, they cover only a 
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small fraction of the policy ‘landscape’, resulting 
in a prioritization catch-22 - algorithms are needed 
in order to know which areas most need 
algorithms. 

3 Background and Requirements 

Despite the variety of ways that Benefit Rules 
(BRs) are expressed across healthcare policies, 
experts know the common entities, relationships 
and logical constraints that underpin them. To 
extract BRs that are correct, human-friendly and 
executable, we need to account for these semantics. 
Popular generic language models do not capture 
such implicit knowledge and expert-labeled 
datasets are expensive to develop (and small). 

We apply these semantics via a BR ontology co-
created with domain experts as described in (Lopez 
et al., 2019). The ontology guides the extraction of 
well-structured, consistent knowledge graphs from 
the policy. It links relevant entities together with 
their context in sentences, e.g., take the policy 
paragraph and its ontology subset shown in Figure 

1. To extract the two distinct Benefit Rules shown 
in Figure 2, the two distinct roles of the service 
‘full-mouth debridement’ must be recognized. 
Widely-adopted medical terminology standards 
(e.g. UMLS, CPT, HCPCS) can be attached to 
ontology concepts for consistent representation 
and mapping of billing codes/values in a BR.  

Human understanding and control are also key 
requirements. Policy can be challenging to 
interpret, and amenable to mis-interpretation or 
mis-application. Expert operators must be able to 
understand the policy provenance and correct any 
incorrectly-extracted BRs. The ontology powers 
this 'explainability' in two ways. Firstly, by 
enabling consistently-structured knowledge graphs 
to be extracted from inconsistent policy 
representations, removing ambiguities between the 
rules interpretation and policy intent. Secondly – 
by expressing them simply, using familiar user 
concepts. All our graphs can be presented as a set 
of simple, editable condition-value pairs, as in 
Figure 2. This is achieved by 'flattening' the graph 
- taking only the leaf properties and values. While 
our UI needs visual design, users report that these 
representations 'feel right' and that correcting 
extraction errors/omissions is straightforward.  

Finally, extracted BRs must be amenable to 
execution - i.e., converted into a form that can 
automatically label claims as policy-compliant (or 
not).  Here again, the ontology helps by mapping 
each condition to consistent constraints - this time 
for the selection, filtering and aggregation of 
claims data.  While beyond the scope of this paper, 
our work to-date suggests that ontology-
conforming BRs execute with similar accuracy to 
algorithms hand-written by claim investigators.  
(Of course, execution accuracy will still also 
depend on accuracy of automated extraction and 
human curation). 

 
Figure 1:  Ontology subset describing the policy: 
Full-mouth debridement to enable comprehensive 
periodontal evaluation and diagnosis is a covered 
service and does not require prior approval. It is 
payable once in a 24-month period. Full-mouth 
debridement is not payable on the same date of services 
as other prophylactic or preventative procedures 

 
Figure 2:  Benefit Rules extracted from a paragraph in a dental policy (DHS, 2013). On the left: a Service 
Limitation BR on the number of units a provider can bill for a service per patient over a period of time. On the 
right: a Mutually Exclusive BR on services that cannot be billed together in a given period 
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4  Proposed Extraction Pipeline 

We propose a methodology to extract Benefit 
Rules from policy automatically.  Figure 3 presents 
the main components, from policy enrichment to 
ontology-guided knowledge extraction and user 
validation. All steps in the pipeline are 
configurable - similar functional components can 
easily be replaced/added. We give an overview for 
each step, the functionality and data requirements: 

 

Data preparation and Policy ingestion: all 
domain information is captured in the ontology, so 
the technical components remain domain agnostic. 
While the ontology schema generalises across 
many policies, instance data is domain-specific and 
must be prepared (‘lifted’). Some instances are 
common across policy areas and states, such as an 
eligible ‘Place of Service’ (e.g. hospital) (Centers 
for Medicare & Medicaid, n.d.). Other instance 
data is specific to the target domain, such as ‘body 
parts’ for tooth identifiers in dental claims. These 
can be automatically ‘lifted’ into the ontology from 
tabular data sources containing a main entity, a list 
of surface forms (to address vocabulary 
heterogeneity) and other attributes. They are added 
as individuals of a given entity type on application 
startup, and according to a user-configurable 
mapping. The lexicalizations are made available 
when processing policy text and identifying entity 
mentions. New instance data can be added as the 
need arises 

Next, PDF policies are transformed into 
enriched HTML using an off-the-shelf conversion 
tool (compare and comply, n.d.), outlining 
headings, passages and paragraphs for later use at 
passage-level  by annotators and extractors, as well 
as at paragraph-level by the classification and 
consolidation. 
Segment Classification: a classifier optionally 
filters incoming paragraphs, deciding whether they 
are likely to contain BRs. This can significantly 
reduce compute-time and can also improve 
Precision, at the cost of some Recall. This is the 
only component in the pipeline that requires 
enough ground truth data on (validated) BRs and 
the associated paragraphs to fine-tune deep 

learning models. In section 6 we evaluate a fine-
tuned, BERT-based classifier. 
Entity & Relation Extraction: Here, candidate 
ontology entities/types are annotated in the text by 
two complementary annotators. The first is based 
on WatsonX (Kalyanpur et al., 2012) , a generic 
entity and UMLS-based clinical annotator. A 
Lucene search index is used to find approximate 
matches for any annotated entities (verbs, noun-
phrases, etc.), in the ontology lexicalizations.  It is 
also used to retrieve semantic types (e.g. diseases) 
relevant to benefit rules, from terminology services 
such as UMLS (UMLS semantic hierarchy, nd). 

The second - SystemT (Chiticariu et al., 2018), 
extracts entity mentions from dictionaries and 
regular expressions. These are built  automatically, 
from the  instances ‘lifted’ into the ontology at 
initialization time, as described earlier. This 
enables entity mentions to be matched with 
complex labels, like ‘Full-mouth debridement to 
enable comprehensive periodontal evaluation and 
diagnoses’. All lexicalizations in the ontology are 
useful to address vocabulary heterogeneity. 

Annotators label these textual spans with 
specific ontology labels (URIs) and other useful 
information (lemma, POS, UMLS type, etc). These 
annotations can later be used to simplify the 
dependency trees of sentences containing complex 
entities. Since there can be overlapping annotations 
and competing annotations for the same span, 
heuristics are used – e.g. ‘longest span’, or 
preferring exact matches to approximate ones. 
Disambiguation is otherwise performed later.  
Deep Parsing and Graph Building: In this step, 
BR knowledge graphs are obtained by combining 
dependency trees together with the annotations, in 
an ontology-guided way. First, linguistic links are 
identified between annotated entities. Then, these 
are converted into semantic triples and linked 
together into knowledge graph fragments by 
reasoning over the ontology. Fragments from 
different sentences in a paragraph are consolidated 
together to produce a set of well-formed Benefit 
Rule knowledge graphs that respect the ontology 
semantics. Finally, to enable human oversight and 
control, all knowledge graphs are ‘flattened’ into a 
user-friendly, editable format. The ability to do this 
flattening is a key ‘explainability’ property of the 
ontology structure and thus, of knowledge graphs 
derived from it. The extracted and curated rules are 
then stored in a Knowledge Base. 

Figure 3. Pipeline from extraction of Benefit Rules  
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User Validation: extracted BRs are shown to 
investigators in a prototype workbench. Here they 
can be reviewed against the corresponding policy 
text and corrected when necessary. Validated BRs 
form a shared store of high-quality, machine-
readable rules, making the rule creation and 
consumption process more transparent. In a related 
work, we execute these rules on claims data to 
discover inappropriate payments. This shortens the 
investigator's workflow by giving them an 
immediate view of policy-relevant claims data 
(normally obtained through time-consuming data 
requests, spreadsheets and algorithm coding). It 
also grounds their work to specific policy clauses, 
helping them build a watertight case for recovery. 

5 Knowledge Extraction Approaches 

Dependency parsing has been frequently used to 
support relation extraction by capturing words that 
are close in context, even if far in sentence 
distance. Given a dependency tree, a set of subtree 
extraction rules identifies linguistically-connected 
terms, in the form of Predicate Argument Structure 
(PAS) tuples (Section 5.1). PAS tuples represent 
dependencies between textual entities, such as 
binary or ternary relations. They provide an easy 
intermediate representation to match text sentences 
to triples (subject, predicate, object) constituting a 
knowledge graph. The ontology can then be used 
to check if the linguistic tuples make sense 
semantically. Transformation of PAS tuples into 
Knowledge Graph fragments (sets of ontology 
triples) is done following a set of semantic 
templates (Section 5.2.).  

To extract PAS tuples, we first implemented a 
deterministic baseline using WatsonX general-
purpose deep parsing engine (Kalyanpur et al., 
2012), which builds dependency trees for 
sentences. WatsonX provides a Pattern Matching 
library to characterize subtrees via handcrafted 
rules. Table 1 shows an example of two rules, 
based on the simple dependency tree in Figure 4. 
The rule assigns a syntactic role to tokens/spans in 
the sentence – e.g., ‘subject’, ‘predicate’ or ‘object’ 
(also referred to as ‘slot types’). Other roles such 
as ‘complement’, can also be applied as necessary. 

However, hand-coding these syntactic rules 
requires knowledge of computational linguistics. 
Our aim is for non-linguistic experts (e.g., 
application developers) to be able to apply this 
process to new domains. To reduce dependence on 
hard-to-acquire dependency parsing skills, we 

have developed an approach based on Spacy 
(Honnibal et al., 2020) for learning these rules from 
curated examples (Section 5.1). In Section 6, we 
compare performance of these learned rules to the 
baseline hand-coded rules.  

 

 

5.1 PAS Extraction Based on Learned Rules 

Using a curated set of sentences with labelled PAS 
tuples, our framework generates dependency 
parsing rules that can obtain corresponding tuples 
from other, similarly-structured sentences. 
Specifically, we use Spacy’s pattern builder to 
extract Semgrex patterns between fully-connected 
tokens, based on the shortest dependency path 
between tokens. This path usually contains the 
necessary information to identify their relation. 
Semgrex syntax allows us to characterize a subtree 
(Chambers et al., 2007), it describes nodes with 
normal token attributes, and how these nodes 
connect to other nodes in the dependency tree. 

 

We begin by obtaining a collection of sentences 
that represent the linguistic relationships we want 
to extract. We then annotate these sentences, 
identifying the interesting tokens and their 
syntactic roles (PAS ‘slots’). Every annotated 
example is used to learn extraction rules, as 
depicted in Figure 5. 

To learn the extraction rules for one curated 
sentence, we start by applying domain-specific 
tokenization, using the ontology-based entities 

pattern1verb[hasPOS(‘verb’), hasLemma(‘be’)] 
{  nsubj -> subj [hasPOS("pron")]   } 
{  acomp-> pred [ ]   } 
{  advmod -> comp [hasPOS ("noun")]   } 
{  prep -> prepVar [ ]   {  pobj -> obj [hasPOS ("noun")]  } } 
pattern2 -> subj [hasPOS ("noun")] 
{  compound -> obj []  {  num_mod -> comp []   }} 
PAS[pattern1]:subj=it,pred=payable,obj=once,comp=period 
PAS[pattern2]:subj=period, pred=[], obj=month, comp=24 

Table 1: Example of written rules to extract PAS. 
 

Figure 4. Dependency tree for an example sentence 

Figure 5. Extraction rule learning phase 
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annotated during Entity Extraction. We then build 
a dependency tree for the sentence. These 
annotations help subsequent dependency parsing 
by letting the parser know when a complex, multi-
token term (e.g., the service name ‘‘Full-mouth 
debridement to enable comprehensive ..”) can be 
treated as a simple, single named-entity. The re-
tokenization simplifies and lends a degree of 
consistency to the resulting dependency tree 
(Finkel and Manning, 2009). The dependency tree 
is then parsed to find the shortest dependency path 
between the interesting (annotated) roles/slots for a 
PAS. Once the subtree consisting of all the desired 
tokens for a PAS has been identified, we extract a 
linguistic pattern characterizing that subtree. In 
addition to the linguistic properties of the tokens, 
we also extract slotting rules. A slotting rule is used 
in conjunction with linguistic patterns to assign a 
syntactic role to an extracted token. This is based 
on (Choi and Palmer, 2012) where dependency 
labels can be assigned to arguments – i.e, they 
indicate the Slot type (subject, predicate, object, 
etc.) Finally, an extraction rule (linguistic -semgrex 
- pattern  +  slotting rules) is captured for every 
PAS in an annotated sentence.  

 

At runtime, incoming sentences are processed to 
extract PAS tuples (Figure 6). As before, domain-
specific tokenization is applied to the sentence 
prior to building a dependency tree. The extraction 
rules learned earlier are then applied, to obtain 
candidate PAS tokens. Lastly, syntactic role labels 
are assigned to these candidate tokens by applying 
slotting rules.  

5.2 Graph Building from PAS 

PAS tuples enable us to extract meaningful 
relationships, even in text with challenging, long-
range dependencies. However, PAS tuples require 
some translation to match ontology entities and 
relationships, e.g., a linguistic predicate may not 
directly translate to an ontological property. 
Implicit arguments may also be missing from a 
PAS. PAS can contain ternary relations that need to 

be aligned to one or more binary relations. And 
finally, not all PAS tuples are relevant. 

To translate PAS tuples into semantically 
consistent Knowledge Graph fragments, we start 
by only keeping PAS that contain one or more 
ontology-based entity annotations. Then, for each 
subset of connected PAS tuples, we search for non-
ambiguous semantic paths in the ontology that 
connect these entities, based on parametrized 
templates - implemented using the Jena API 
(Carrol et al., 2004). We use the annotated semantic 
types of the PAS entities (e.g.: class, instance, 
property, datatype, etc.) to select the templates to 
be executed. If a PAS token was annotated with 
more than one ontology annotation, then all 
combinations are tried. Non-relevant candidates 
will likely not yield any meaningful graph 
fragments. In here we provide an illustrative 
example of the process. Further details on the 
different templates can be found in Appendix C. 

Consider the example in Figure 1, the first 
sentence yields the following PAS (among others): 
<:d4355, :hasApplicableService, :Service> 
<:d4355, :hasNoRequirement, :PAR> 

The first PAS fires a template pattern that checks if 
the class Service is both the type of the instance 
d4355 and the range of the object property 
hasApplicableService.  If so, these entities are 
semantically connected and can be translated into 
the corresponding knowledge graph fragments. 
The following semantic triples are created: 

:br1 rdf:type :ServiceLimitationBR 
:br1 :hasApplicableService :d4355 

For the second PAS, the range of the property 
hasNoRequirement corresponds to the type of the 
object instance PAR. This PAS links to the previous 
through the subject instance :d4355 and can be 
translated into the knowledge graph fragment: 

:br1 :hasNoRequirement :PAR 
Thus, a  knowledge graph is built by joining 
together all graph fragments obtained from the 
subset of connected PAS tuples.  

Finally, a consolidation step pulls together the 
collection of graphs extracted from different 
portions of a policy paragraph. Here, all the 
constraints expressed in the ontology are enforced, 
e.g. disjointness between two properties, min and 
max cardinality, to ensure semantically-
meaningful rules and discard nonsense rules (e.g. 
there  can only be one applicable time period per 
BR – due to max cardinality = 1). Graph fragments 
are also merged, if the resulting BR graph does not 

Figure 6. Runtime extraction of candidate PAS tuples 
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violate any ontological constraint. Since there can 
more than one extractor, any duplicate graphs 
derived from the same policy text are discarded, 
partial graphs can also  be merged if doing so does 
not violate any ontological constraint.  

Figure 7 shows the consolidated graph extracted 
from sentence 1 and 2. This graph can be 
‘flattened’ to obtain human-readable ‘Benefit 
Rules’ – such as the Service Limitation rule shown 
on the left of Figure 2 and Mutually Exclusive rule 
shown on the right. Both subtypes inherit the 
properties of their parent Benefit Rule class, but are 
not merged, because each contains conditions that 
are only meaningful for that rule subtype, e.g., the 
property hasServiceLimitation is only relevant for 
a ‘Service Limitation’ rule.  
 

 

6 Evaluation Methodology 

We concentrate on the system's ability to exploit 
the rich information contained in both a domain 
ontology and dependency trees with respect to a 
gold-standard created in consultation with our 
policy investigators.  In particular, we aim to 
compare the impact of first addressing the need for 
dependency rules to extract PAS by proposing 
an approach that generates these rules from 
examples, which fit the domain-specific 
characteristics of new policy text. Policy-aware 
users can add these examples as there is no 
requirement to manually write new dependency 
parsing rules. Second, the impact of using a BERT-
based classifier.  Labeled training data is 
expensive to acquire as it requires domain 
expertise. However, as policy investigators review 
Benefit Rules, we investigated the use of this 
curated, small labeled dataset to fine-tune a 
classifier that filters out paragraphs that do not 
appear to contain any rules.  

6.1 Set up: Data and Metrics 

The proposed extraction pipeline was evaluated 
using Benefit Rules extracted from unstructured 
policies from two different states in the US. The 
ground truth of BRs for each policy was manually 
created by a team of three FWA investigators using 

our prototype User Interface: 90 rules were 
provided for State1 and 51 rules for State 2. 

The ontology used in the experiments consists 
of 34 classes and 43 properties. Once the domain-
specific instance data is ‘lifted’ in, 4954 individuals 
are added along with 23250 lexicalizations (i.e., 
labels used to annotate textual entities). The ground 
truth Benefit Rules presented in the experiments 
(not commercially sensitive or in production) are 
made available together with the ontology. 

Each BR comprises of a policy text and a 
corresponding set of condition-values describing 
the text. Precision (P) measures the proportion of 
extracted rules that match the ground  truth (GT) 
for the same policy text. Recall (R) measures the 
proportion of GT rules correctly extracted.  F1 
combines the two. In addition, each matched 
rule gets a pairing ‘score’. When all extracted 
condition-value pairs for a rule exactly match the 
GT, the score is 1. For partial matches, the score is 
between 0 and 1. A score of 0 indicates a missed 
rule. Table 2 shows the average pairing score 
across all rules. Details on the calculation and 
execution environment can be found in the 
appendixes A and B. 

Jupyter notebooks showcasing the dependency 
tree (before and after tokenization) and PAS tuple 
extraction implementation with the learned rule for 
the example used in this paper, can be found in the 
git repository. 

6.2 Results and Discussion 

We run the evaluations using the two approaches 
presented for the PAS tuple extraction. The first – 
based on 54 manually-coded linguistic rules in 
WatsonX - acts as a baseline. The second are the 
learned syntactic rules described in Section 5.1. A 
total of 55 sentences were annotated with PAS 
examples. 
 

State Extractor R P Avg score F1 

1 
Learned rules 0.51 0.90 0.56 0.65 

Manual rules 0.48 0.73 0.57 0.58 

2 
Learned rules 0.45 0.82 0.41 0.58 

Manual rules 0.57 0.71 0.54 0.62 

Results are summarized in Table 2. Overall, figures 
indicate that the proposed pipeline is a promising 
step towards automated extraction of BRs from 
unstructured policies.  Extraction using learned 

Table 2: Metrics when different extractors are applied 
over policies from different states 

Figure 7. Consolidated graph from sentence 1 and 2 
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rules is comparable to using manual rules. 
Considering the number of curated examples and 
rules added to both extractors, there is a potential 
to further improve this by identifying missed rules 
and adding them as examples. This requires far less 
skill than manually hand-crafting linguistic 
extraction rules. We believe this takes a distinct 
step towards empowering development teams to 
tailor extraction to customer needs.   

 

Spacy provides several linguistic features on which 
to characterize a subtree, including syntactic 
dependency (DEP), part-of-speech (POS) and 
detailed part-of-speech (TAG). When settling on 
which of these to use (Table 3), we used Recall as 
the key metric and found that syntactic dependency 
(DEP) yielded best performance. 

The use of a filtering classifier increases both 
performance (execution times shown in appendix 
A) and Precision (from 0.88 to 0.96 in State 1 and 
0.82  to 0.95 in State 2) at the cost of a small drop 
in Recall (from 0.51 to 0.48 in State 1 and 0.45 to 
0.41 in State 2). This is expected, since there are 
inevitably some false negatives in the 
classification. The model used is a BERT-based 
text classifier, fine-tuned on 70% of the paragraphs 
of the two policies, with the remaining 30% used 
for validation and early stopping during training. 
The hyperparameters were selected using Optuna 
(Takuya et al., 2019) optimization framework 
using  5-fold cross validation settings. The 
generalization capacity of the model is difficult to 
assess due to the small amount of labelled ground 
truth. With that caveat, it has been verified with 
cross-validation, where the model obtains an 
average accuracy of 96% on the various folds.  The 
training data size is currently small due to the cost 
of manual policy labelling. However, it is expected 
this will expand as users review and curate 
extractor output.  

While these benefit rule extraction results are 
promising, there is clearly scope to enhance our 
models and extractors to improve coverage. Most 
Benefit Rules are self-contained across one or 
more sentences in a paragraph, However, further 
work is needed to automatically capture the 

knowledge from headings, tables or co-references 
that span paragraphs. Improvements in service 
annotation could also reduce the incidence of 
partially-extracted rules being discarded during 
consolidation. Of course, there can always be 
implicit information, available in the minds of 
policy consumers but not present in the policy text 
for extractors to see. For example, the meaning of 
‘fair to good’ expressed in the rule “Restorative 
services are payable when there is a fair to good 
prognosis for maintaining the tooth”. While these 
details cannot currently be extracted automatically, 
our system gives policy analysts the ability to 
capture them in other consistent ways. For 
example, simple options like attaching a ‘medical 
necessity’ label can make cases like these 
amenable to machine learning and offer real 
benefits to Program Integrity workers seeking to 
size and prioritize work.  

Various approaches can be used to look beyond 
co-occurrence of entities in sentences and explore 
how the terms are linguistically and semantically 
connected. For instance (Roth and Lapata, 2015) 
(Lopez et al., 2019) use semantic role labeling to 
identify actions and roles in a sentence (agent, 
theme, polarity, etc.) and reason over these to 
expose relation-entity/value pairs. Other 
complementary extraction approaches can be 
leveraged to look beyond co-occurrence of entities 
in the sentence and explore how the terms are 
linguistically and semantically connected, which 
could improve further on rule extraction coverage, 
such deep learning models. While the training data 
set is currently small, due to the cost of manual 
policy labeling, it is expected this will expand as 
users review and curate the extractors' output.  

In this paper, we have explored building over 
dependency PAS, which can be exploited to 
capture fine-grained and distant relationships. 
Using a 'learned-rule' approach to 
obtain intermediate representations from a 
sentence enables non-linguistic experts to extend 
this process to more policies, without requiring 
manual production of syntactic-rules to address 
syntactical variability. 

We made a small analysis to quantify the 
similarity between our two dental policy texts P1 
and P2. We extracted sentences (removing stop 
words) from P1 and P2 using a standard sentence 
tokenizer (NLK Tokeniser, n.d.). Following 
(Reimers et al., 2019), we computed embeddings 
for each sentence using a model optimized for 

Table 3: Performance when various combinations of 
linguistic features are used to characterize subtree 
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Semantic Textual Similarity (STS) (specifically, 
we used stsb-roberta-large -STSb 
performance:86.39 (SBert, n.d.)). Let Ei be the list 
of sentence embeddings for the sentences of policy 
Pi. We have computed pairwise cosine similarity 
between E1 and E2. Let E12_max be the list of the 
maximum values of the cosine similarity between 
each embedding in E1 and all the embeddings in E2 
(the i-th value of E12_max gives the best cosine 
similarity between the i-th sentence in P1 and some 
sentence in P2). We  found that the mean of E12_max 
is 0.65 with a standard deviation of 0.12; about 
45% of the sentences in P1 have a cosine similarity 
score with some sentence in P2 that is above the 
average value. We repeated the same experiment 
using a third policy text from a different domain P3, 
and found that the similarity scores for sentences in 
P1 with respect to P3 were consistently lower than 
between P1 and P2. This small experiment gives an 
indication that policy texts from different states but 
in the same domain (e.g., dental) have a good 
degree of similarity. The Benefit Rule Ground 
Truth built for each of the two policies can be seen 
in the git repository, each Benefit Rule shows the 
policy paragraph of text from where it is extracted 
and condition-values. 

7 Conclusions and Future Work 

Within regulated organizations, visibility over any 
part of the ‘compliance landscape’ is valuable 
information for identifying Program Integrity risks 
and prioritizing follow-up. With healthcare 
insurance policies, typically only a small fraction 
policy is automated (hand-coded), and the rest of 
the landscape remains opaque. So, unlike many AI 
applications that require high Recall before they 
are useful, any Recall here provides concrete, 
actionable value that claim workers can use both 
for prioritization and for follow-up. In a dark room, 
all light helps. 

The ontology abstraction supports 
transferability, e.g. from one US state to another 
that semantically express similar compliance rules  
concepts or conditions (e.g.: eligible members, 
places of service, maximum billable units of 
service, services that should not be billed together, 
etc.) even if the wording differs between the texts. 
It also supports incremental enhancement to  cover 
more rules and/or  policy areas, which enables a 
scalable market. Dependency trees capture fine-
grained, distant connections, which guided by the 
ontology are used to automatically  build and 

consolidate a semantically meaningful Knowledge 
Graph. This increases precision by allowing for 
paragraphs that mention relevant entities, but 
which don't contain Benefit-Rules, to be discarded. 
If syntactical variability is high, using a ‘learned 
rule’ approach to obtain PAS representation 
enables non-linguistic experts to apply this process 
to more policies without requiring manual 
production of syntactic rules. 

 We see interesting avenues for follow-up NLP / 
AI work that combines neural and symbolic 
approaches, e.g., training deep learning models as 
our users validate more policy rules, to recognize 
rule fragments (spans), then assemble them into 
rules using the ontology as a blueprint. We also 
plan to perform user-based evaluations to measure 
how our pipeline impacts the time taken by 
investigators to identify and resolve FWA leads, as 
well as the quality and scope of the compliance 
information provided. 

Finally, while our methodology is shown in a 
Healthcare setting, we believe it is applicable to 
other regulated domains, such as Finance.  These 
extracted computable policy representations have 
the potential to open up many new opportunities – 
from reducing compliance costs through 
automated checking (particularly where common 
regulations apply to many) to ‘what-if’ analyses of 
proposed policy to automatically identifying 
gaps/loopholes that undermine Program Integrity.  
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critical to ensuring that resources are available 
when vulnerable people need them). At the same 
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time, defects in the code increase the potential for 
failure to reimburse healthcare providers for 
delivering necessary services. Getting from policy, 
to business requirements, to coded rules is a long, 
multi-translation process, with error and omission 
failure modes at every step. Gaps or biases in the 
original policy may also remain unnoticed through 
this long journey, only to be discovered at the end 
when vulnerable people are impacted. 

A recent global movement known as ‘Rules as 
Code’ (Mohun et al., 2020) identifies several 
methods to tackle this. The one our system uses 
involves extracting rules from policy text via NLP, 
to minimize translation steps.  There is potential for 
misuse here, should machine-extracted rules be 
executed blindly, without checking they faithfully 
represent policy intent. Hence, our system treats 
human-in-the-loop oversight as an essential, non-
optional part of the process. Together - automated 
extraction plus human oversight have the potential 
to reduce translation failures, as well as enable 
discovery of policy errors and biases (by 
facilitating earlier testing and iteration). 

Further to this, we believe that effective 
oversight demands more than a review process or 
‘AI explainability’ add-on. It requires human-
understanding and ability-to-correct to be first-
class design goals. To this end, we use an ontology 
to represent extracted rules in a form (Figure 2) that 
policy-aware users find familiar, understandable 
and correctable (as well as traceable back to their 
policy origin). This representation is at the heart of 
the system. When presented side-by-side with the 
policy text to a reviewer, both success and failure 
scenarios are clearly visible. For example, in a 
failure scenario (ontology does not model the 
policy well), few rules are extracted, and rule 
conditions are missing. Here the reviewer can 
discard the rule, or fill-in the missing information. 
Whether well-formed or poorly formed, at no point 
are rules blindly applied to citizen data 
automatically. 

We believe that shifting the focus towards 
validation of policy and its digital expression will 
facilitate the production of better-quality, more 
humane policy. 
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Supplementary Material  

Appendix A. Evaluation environment  

Our experiments were run using multiple 
microservices representing the modules described 
in the paper.  Kubernetes was used to orchestrate 
the deployment of containers (microservices) in a 
cloud infrastructure with approximately 16 CPUs, 
16 GB of RAM, and 64 GB of disk space. 

The processing time of the policy for state 1 (27 
pages) is approximately 74 minutes using the 
“learned rules” approach, while if using the 
classifier, the time is reduced to 41 minutes. The 
“manual rules” approach instead takes 42 minutes 
without classifier and 23 minutes with the 
classifier. For the policy of state 2 (35 pages), the 
times of the “learned rules” approach with and 
without classifier are 104 minutes and 35 minutes 
respectively. For the “manual rules” approach the 
processing time with and without classifier are 70 
minutes and 10 minutes respectively. 

Appendix B. Definition of metrics  

Precision (P) measures the proportion of extracted 
rules that match the GT. Recall (R) measures the 
proportion of GT rules correctly extracted. 𝑓𝑓1 
combines these two. Specifically, they are defined 
as follows: 

 
For a pair consisting of a ground truth Benefit Rule 
(BR) and an output BR we calculate a similarity 
score as follows, assuming each BR is a list of 
conditions 𝑐𝑐𝑖𝑖  with corresponding values 𝑣𝑣𝑖𝑖  taken 
out of a set with cardinality 𝐶𝐶𝑖𝑖. 

𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷

=
𝑷𝑷°𝑷𝑷𝒆𝒆𝒆𝒆𝑷𝑷𝒆𝒆 𝒎𝒎𝒆𝒆𝒆𝒆𝑷𝑷𝒎𝒎𝑷𝑷𝑷𝑷 +  𝑷𝑷° 𝒑𝒑𝒆𝒆𝑷𝑷𝒆𝒆𝑷𝑷𝒆𝒆𝒑𝒑 𝒎𝒎𝒆𝒆𝒆𝒆𝑷𝑷𝒎𝒎𝑷𝑷𝑷𝑷

𝑷𝑷°  𝑷𝑷𝒆𝒆𝒆𝒆𝑷𝑷𝒆𝒆𝑷𝑷𝒆𝒆𝑷𝑷𝒆𝒆 𝑷𝑷𝒓𝒓𝒑𝒑𝑷𝑷𝑷𝑷
  

𝑹𝑹𝑷𝑷𝑷𝑷𝒆𝒆𝒑𝒑𝒑𝒑 =
𝑷𝑷°𝑷𝑷𝒆𝒆𝒆𝒆𝑷𝑷𝒆𝒆 𝒎𝒎𝒆𝒆𝒆𝒆𝑷𝑷𝒎𝒎𝑷𝑷𝑷𝑷 +  𝑷𝑷° 𝒑𝒑𝒆𝒆𝑷𝑷𝒆𝒆𝑷𝑷𝒆𝒆𝒑𝒑 𝒎𝒎𝒆𝒆𝒆𝒆𝑷𝑷𝒎𝒎𝑷𝑷𝑷𝑷

𝑷𝑷° 𝑮𝑮𝑮𝑮 𝑷𝑷𝒓𝒓𝒑𝒑𝑷𝑷𝑷𝑷  

𝒇𝒇𝟏𝟏  = 𝟐𝟐 ∗  
𝑷𝑷 ∗ 𝑹𝑹
𝑷𝑷 + 𝑹𝑹
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For every pair of partial matches BR (𝑅𝑅𝑗𝑗𝐺𝐺𝐺𝐺 ,𝑅𝑅𝑖𝑖𝐸𝐸), a 
similarity score 𝑠𝑠𝑗𝑗𝑖𝑖  is calculated based on: 

𝑠𝑠𝑗𝑗𝑖𝑖 =  
min�𝐿𝐿𝑖𝑖,𝐿𝐿𝑗𝑗�

max�𝐿𝐿𝑖𝑖,𝐿𝐿𝑗𝑗�
∗ 1
𝐿𝐿𝑗𝑗
∗ ∑ 𝑠𝑠𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑘𝑘

𝐿𝐿𝑗𝑗
𝑘𝑘=1   

where 𝐿𝐿𝑗𝑗 and 𝐿𝐿𝑖𝑖 correspond to the sizes of 𝑅𝑅𝑗𝑗𝐺𝐺𝐺𝐺and 
𝑅𝑅𝑖𝑖𝐸𝐸  (i.e., how many conditions each BR consists 

of), and  
min�𝐿𝐿𝑖𝑖,𝐿𝐿𝑗𝑗�
max�𝐿𝐿𝑖𝑖,𝐿𝐿𝑗𝑗�

  represents a penalizing factor 

when the sizes of the two BR are not the same (rule 
length similarity).. The score 𝑠𝑠𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑘𝑘  for each 
condition value pair {𝑐𝑐𝑘𝑘: 𝑣𝑣𝑘𝑘} is calculated as: 

0, 𝑖𝑖𝑓𝑓 𝑐𝑐𝑘𝑘  𝑖𝑖𝑠𝑠 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑅𝑅𝑗𝑗𝐺𝐺𝐺𝐺 , 𝑏𝑏𝑐𝑐𝑐𝑐 𝑖𝑖𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑅𝑅𝑖𝑖𝐸𝐸

1, 𝑖𝑖𝑓𝑓 𝑐𝑐𝑘𝑘 𝑖𝑖𝑠𝑠 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑏𝑏𝑐𝑐𝑐𝑐ℎ 𝑅𝑅𝑗𝑗𝐺𝐺𝐺𝐺 ,𝑅𝑅𝑖𝑖𝐸𝐸  𝑐𝑐𝑖𝑖𝑐𝑐 𝑣𝑣𝑘𝑘𝑖𝑖𝑠𝑠 𝑐𝑐ℎ𝑐𝑐 𝑠𝑠𝑐𝑐𝑠𝑠𝑐𝑐

0.5 + 0.5 ∗  𝑓𝑓1 ∗ �1 −
1
𝐶𝐶𝑐𝑐𝑘𝑘

� , 𝑖𝑖𝑓𝑓 𝑐𝑐𝑘𝑘  𝑖𝑖𝑠𝑠 𝑖𝑖𝑖𝑖 𝑅𝑅𝑗𝑗𝐺𝐺𝐺𝐺 ,𝑅𝑅𝑖𝑖𝐸𝐸  𝑐𝑐𝑖𝑖𝑐𝑐 𝑣𝑣𝑘𝑘𝑐𝑐𝑖𝑖𝑓𝑓𝑓𝑓𝑐𝑐𝑐𝑐  
 

 
Here, 𝑓𝑓1  is the harmonic P-R mean generated by 
comparing the values of 𝑐𝑐𝑘𝑘  in 𝑅𝑅𝑗𝑗𝐺𝐺𝐺𝐺 and 𝑅𝑅𝑖𝑖𝐸𝐸  and 
{𝐶𝐶𝑐𝑐𝑘𝑘}  is the number of semantically compatible 
candidate values a condition may have in the 
ontology (i.e., instances of the same type, such as 
all known medical programs), for datatypes where 
𝐶𝐶𝑐𝑐𝑘𝑘  𝑖𝑖𝑠𝑠 1 

Appendix C. Semantic patterns - templates 

For each PAS tuple containing at least two entities 
annotated with the ontology model (as classes, 
instances, properties or datatype), consistent 
semantic statements (subject, predicate, object) are 
created to build the knowledge graph. Connections 
are found across the entities according to their 
semantic types and the templates described in 
Table 1. Different templates are executed for each 
meaningful combination of candidate matches in 
the PAS. 

Table 4: semantic templates to check if entities of the 
given types can be semantically connected. They 
consist of parameters to substitute by the candidate 
entities of the type sought - a class, property, instance 
or datatype (in between <>) - and variables (preceded 
by ‘?’) that must bind to an ontological resource.  If all 
the constraints apply (that is semantically consistent), 
the pattern executes to build new statements, creating 
anonymous resources (blank nodes) as needed. 

Pattern 1: <class, object property, instance> 

• <class> is one of the domains of <property> 
• <instance> type is on the range of <property> 

 If consistent, create a blank  resource _:b such: 

_:b rdf:type <class>. _:b <property> <instance> 

• <class> is in the range of <property> 

• <class> is the type of <instance> (or a superclass, that is 
<instance> rdf:type <class>) 

• <obj property> has a domain ?domain 
 If consistent, create a blank resource _:b such: 

_:b rdf:type <domain>. _:b <property> <instance>.  

Pattern 2: <class, data property, datatype> 
• <class> is one of the domains of <property> 
• the range of <property> is consistent with the <datatype> 

(e.g.,  string, numerical, currency) 
 If consistent, create an blank resource _:b such: 

_:b rdf:type <class>. _b: <property> ‘datatype’ 

Pattern 3: <class, object property, datatype> 
• <class> is one of the ranges of <property> 
• <class> is the domain of a ?property2, which range is 

compatible with <datatype> 
• <property> has a domain ?domain 

If consistent, create two blank resources _:bi such: 

 _:bx rdf:type <domain>. _:bx <property> :_by.  
_:by rdf:type <class >.  _:by <property2> <datatype>. 

Pattern 5: <instance, data property, datatype> 
• the <instance> type is one of the domains of <property>  
• the range of <property> is compatible with <datatype> 

If consistent, create a new statement such: 

<instance> <property> ‘datatype’ 

• <property> has a range consistent with the datatype  
• <property> has a domain ?domain 
• ?domain is the domain of ?property2, which range ?range 

is compatible with the type of < instance>  
If consistent, create a blank resource _:b such: 

_:b1 <property> ‘datatype’. _:b1 rdf:type <domain> 
_:b1 <property2> <instance> 

Pattern 6: <instance1, object property, instance2> 
• <property> has <instance2> as value 
• <property> has a domain ?domain 
• ?domain is the domain of ?property2, which range ?range 

is compatible with the type of < instance> 
If consistent, create a blank resource _:b such: 

_:b <property> <instance2>. _:b rdfs:type <domain>. 
__:b <property2> <instance2> 

Pattern 7: <class1, object property, class2> 
• <class1> is the domain of <property>  
• <class2> is the range of <property> 

If consistent, create a blank resource _:bi such: 

_:bx rdf:type <class1>. _:by rdf:type <class2> 
_:bx <property>_:by. 

Pattern 8: <class, instance1, instance2> 
• <class> is the domain of ?property1 and 

?property2 
• ?property1 has as range the type of <instance1> 
• ?property2 has as range the type of <instance2>  

 If consistent, create a blank resource _:b1 such: 

_:b1 rdf:type <class>. _:b1 <property1> <instance1>. 
_:b1<property2> <instance2> 

 

3521



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 3522–3533
August 1–6, 2021. ©2021 Association for Computational Linguistics

Not Far Away, Not So Close: Sample Efficient Nearest Neighbour Data
Augmentation via MiniMax

Ehsan Kamalloo∗†♦ Mehdi Rezagholizadeh∗§ Peyman Passban†§ Ali Ghodsi‡¶
♦Department of Computing Science, University of Alberta

§Huawei Noah’s Ark Lab
‡David R. Cheriton School of Computer Science, Univeristy of Waterloo
¶Department of Statistics and Actuarial Science, Univeristy of Waterloo

kamalloo@cs.ualberta.ca

Abstract

In Natural Language Processing (NLP), find-
ing data augmentation techniques that can pro-
duce high-quality human-interpretable exam-
ples has always been challenging. Recently,
leveraging kNN such that augmented exam-
ples are retrieved from large repositories of
unlabelled sentences has made a step toward
interpretable augmentation. Inspired by this
paradigm, we introduce MiniMax-kNN, a sam-
ple efficient data augmentation strategy tai-
lored for Knowledge Distillation (KD). We ex-
ploit a semi-supervised approach based on KD
to train a model on augmented data. In contrast
to existing kNN augmentation techniques that
blindly incorporate all samples, our method
dynamically selects a subset of augmented
samples that maximizes KL-divergence be-
tween the teacher and student models. This
step aims to extract the most efficient samples
to ensure our augmented data covers regions in
the input space with maximum loss value. We
evaluated our technique on several text classi-
fication tasks and demonstrated that MiniMax-
kNN consistently outperforms strong base-
lines. Our results show that MiniMax-kNN
requires fewer augmented examples and less
computation to achieve superior performance
over the state-of-the-art kNN-based augmenta-
tion techniques.

1 Introduction

Knowledge distillation (KD) (Buciluǎ et al., 2006;
Hinton et al., 2015) has been successful in improv-
ing the performance of various NLP tasks such
as language modelling (Jiao et al., 2020; Sanh
et al., 2019; Turc et al., 2019), machine transla-
tion (Tan et al., 2019; Wu et al., 2020), natural lan-
guage understanding (Passban et al., 2020; Rashid
et al., 2021), and multi-task learning (Clark et al.,

∗Equal Contribution
†Work done while at Huawei Noah’s Ark Lab

2019). It aims to transfer the knowledge embedded
in a model—called teacher—to another succedent
model—called student, without compromising on
accuracy (Furlanello et al., 2018).

Data plays a significant role in the success of KD.
The importance of data becomes even more crucial
when dealing with large teacher models (Lopez-Paz
et al., 2015) or managing tasks with small amount
of labelled data (Rashid et al., 2020; Nayak et al.,
2019). The training objective of KD focuses on
minimizing the discrepancy between representa-
tions of a teacher model and a student model. How-
ever, this might not be the case for regions which
are not covered by training data in the input space.
Data augmentation comes into play as a natural
solution for such circumstances.

Most existing data augmentation techniques are
not tailored for KD as the dynamics of teacher
and student models are not considered in generat-
ing augmented data. Moreover, other model-based
data augmentation techniques such as adversarial
approaches do not generate interpretable samples
for NLP tasks (Du et al., 2021). In this work, in-
spired by the success of retrieval-based augmenta-
tion techniques (Guu et al., 2020; Khandelwal et al.,
2020; Du et al., 2021; Kassner and Schütze, 2020),
we propose MiniMax-kNN, an interpretable data
augmentation methodology. Our technique is inter-
leaved with KD training to generate realistically-
looking training points. For this purpose, we use
a massive external respostiory of unlabelled sen-
tences. In contrast to previous kNN augmenta-
tion techniques which naively extract and incorpo-
rate k samples, we propose a minimax approach
to adapt kNN augmentation to KD and select our
augmented samples more efficiently.

Experimental results show that our technique
requires significantly fewer samples, reaches the
state-of-the-art kNN augmentation technique (Du
et al., 2021), and improves generalization to unseen
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data.1

Our key contributions can be summarized as
follows:

• We tailor kNN-based data augmentation for
KD via MiniMax to select more impactful
augmented samples for training.

• We significantly improve sample efficiency of
kNN-based data augmentation.

• We conduct extensive experiments to evaluate
our proposed method and manifest that we can
maintain the test performance with training on
only influential augmented examples.

2 Background

2.1 Data Augmentation in KD
KD (Hinton et al., 2015) is a training method that
incorporates the knowledge of a teacher network
in training a student network. The teacher can be
trained on the same dataset as the student and often
provides a suitable approximation of the underlying
distribution of data. The training loss of the student
using KD is formulated as in Eq. (1).

L = (1− λ)LCE + λLKD
LCE = CE

(
y, σ(zs(x)

)

LKD = T 2KL
(
σ(
zt(x)

T ), σ(
zs(x)

T )
)

(1)

where zs and zt refer to the logits of the student
and teacher networks, σ(.) is the softmax pre-
diction, CE and KL refer to cross entropy and
KL-divergence loss, respectively. λ is a hyper-
parameter which controls the contribution of the
KD loss with respect to the original cross entropy
loss, and T is the temperature parameter which de-
termines the smoothness of the output probability.

Although KD has been shown to be success-
ful in model compression (Buciluǎ et al., 2006)
and improving the performance of neural networks
(Furlanello et al., 2018), the core prerequisites for
effective KD are often overlooked. Lopez-Paz et al.
(2015) give a good insight about these conditions
using the VC-dimension analysis:

O(
|Fs|c + |Ft|c

nα
) + εt+ εl ≤ O(

|Fs|c√
n

) + εs (2)

1Source code is available at https://github.com/
ehsk/Minimax-kNN

Figure 1: Data sparsity problem in KD; f , ft, and
fs are representing the underlying function, teacher,
and student outputs respectively. We show 10 aug-
mented samples around x2 with small circles on the
X-axis. The green circles show the augmented samples
which are selected by our MiniMax-kNN because these
points correspond to maximum divergence regions of
the teacher and student networks. The red circles are
rejected augmented samples.

where Fs and Ft are the function classes corre-
sponding to the teacher and student; |.|c is a func-
tion class capacity measure; O(.) is the estimation
error of training the learner; εs is the approximation
error of the best estimator function belonging to the
Fs class with respect to the underlying function;
εt is a similar approximation error for the teacher
with respect to the underlying function; εl is the ap-
proximation error of the best student function with
respect to the teacher function; n is the number of
training samples, and 1

2 ≤ α ≤ 1 is a parameter
related to the difficulty of the problem.

According to Eq. (2), it is clear that when the ca-
pacity of the teacher is large or when the number of
the training samples is small, training with KD can
be less beneficial. Figure 1 illustrates this problem
through a synthetic example that KD loss forces the
student to follow the teacher on training samples
but there is no guarantee for such phenomenon to
happen in regions in the input space that are not
covered by training data. Therefore, the chance of
a mismatch between two networks would be higher
if training data is sparse or when there is a large
gap between two networks.

Data augmentation can be considered as a rem-
edy for this problem. To the best of our knowledge,
most existing techniques are not sample efficient
and blindly consider all generated samples in their
training. As illustrated in Figure 1, different aug-
mented samples might have different contribution
to the final teacher/student loss. Moreover, these
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augmentation techniques are not tailored for KD.
Our MiniMax-kNN solution addresses these two
problems.

2.2 Nearest Neighbour Data Augmentation

The kNN augmentation strategy consists of two
main stages: (a) a paraphrastic nearest neighbour
retrieval engine, and (b) a training method using
augmented samples.

Initially, training examples are queried over a
large sentence repository using a general-purpose
paraphrastic encoder. The aim of this stage is to
find interpretable unannotated augmented samples
that are semantically close to training data. For this
purpose, we use one of the sentence repositories
from SentAugment (Du et al., 2021), comprising
100M sentences collected from Common Crawl.
We also employ the same paraphrastic sentence en-
coder, namely SASE, introduced in SentAugment.
SASE is an XLM model (Lample and Conneau,
2019), fine-tuned on a number of well-known para-
phrase datasets using a triplet loss to maximize
the cosine similarity between representations of
paraphrases. The similarity between a pair of sen-
tence representations obtained from SASE can be
adopted for unsupervised semantic similarity. Du
et al. (2021) show that SASE achieves high corre-
lation (0.73 on average) with human judgment on
several STS benchmarks. Consequently, the kNN
operation can be summarized as follows: Suppose
a dataset {xi, yi}Ni=1 where xi and yi denote an
example and its corresponding label respectively.
Given a large sentence repository R encoded us-
ing SASE, kNN is determined via top k sentences
with respect to cos(SASE(xi),SASE(sj)) where
sj ∈ R.

Next, in step (b), a model is trained on the orig-
inal data by minimizing LCE from Eq. (1). The
trained model learns task-specific knowledge that is
further useful in finding relevant augmented exam-
ples. To this end, retrieved examples that are close
to original examples within the teacher’s space are
retained to form augmented data. Augmented ex-
amples are subsequently incorporated into training
via KD. A student model is then distilled from the
teacher by leveraging teacher’s soft labels on the
combination of original data and augmented sam-
ples. In particular, for original examples {xi, yi},L
from Eq. (1) is minimized during training, whereas
for the augmented examples, we only minimize
LKD.

3 Related Work

3.1 KD in Tandem with Data Augmentation
Adaptive data augmentation can strengthen the ca-
pacity of the teacher in transferring knowledge
to the student during distillation (Fu et al., 2020).
Numerous studies (Chen et al., 2020b; Xie et al.,
2020b) have applied KD for self-training in image
classification tasks. In NLP, however, generating
semantically plausible examples that can be eas-
ily inspected by humans is more challenging. In
TinyBERT (Jiao et al., 2020), a contextual augmen-
tation method is used along with KD, but such aug-
mentation does not take the advantages of teacher
or student’s knowledge. A recent paradigm that
heavily relies on data augmentation is zero-shot
KD (Nayak et al., 2019; Rashid et al., 2020). In
contrast, we explore the interpretability of augmen-
tation in KD, which distinguishes our approach
from the literature.

3.2 Data Augmentation in NLP
Word-level methods (Zhang et al., 2015; Xie et al.,
2017; Wei and Zou, 2019) are heuristic based and
do not necessarily yield natural sentences. More
recently, contextual augmentations (Kobayashi,
2018; Yi et al., 2021) that substitute words for
other words, is shown effective in text classifica-
tion. However, these approaches do not produce
diverse syntactic forms. Similarly, inspired by de-
noising auto-encoders, augmented examples can be
sampled from the reconstruction distribution of cor-
rupted sentences via Masked Language Modelling
(Ng et al., 2020). Back-translation (Sennrich et al.,
2016) is also another strategy to obtain augmented
data (Yu et al., 2018; Xie et al., 2020a; Chen et al.,
2020a; Qu et al., 2021).

Another line of work that mainly targets model
robustness is to create new data or counterfac-
tual examples via human-in-the-loop perturbations
(Kaushik et al., 2020; Khashabi et al., 2020; Jin
et al., 2020). Nonetheless, these strategies are task-
specific and not scalable to generate data at massive
scale. Besides, our method diverges from these
studies in that we intend to build a semi-supervised
system with minimal human intervention.

Several models (Miyato et al., 2017; Zhu et al.,
2020; Jiang et al., 2020; Cheng et al., 2020; Qu
et al., 2021) leveraged adversarial training for data
augmentation. These methods manipulate the in-
put embedding space to construct synthetic exam-
ples. Neighbourhoods around training instances in
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Figure 2: A schematic view of MiniMax-kNN

the embedding space cannot be translated back to
text and thus are not interpretable. Although we
advocate for interpretable data augmentation, we
do not compete with these techniques and in fact,
gradient-based augmentation is complementary to
our method.

Finally, kNN, a non-parametric search algo-
rithm that probes an external data source to find
nearest neighbours is employed in several NLP
tasks such as language modelling (Khandelwal
et al., 2020), machine translation (Khandelwal
et al., 2021), cloze question answering (Kassner
and Schütze, 2020), and open-domain question an-
swering (Lewis et al., 2020). kNN offers access
to explicit memory that can retrieve factual knowl-
edge from a data store. kNN is highly interpretable
as knowledge is stored in raw text, an easy format
for humans to understand. Recently, SentAugment
(Du et al., 2021) introduced a semi-supervised strat-
egy with unlabelled sentences. It retrieves aug-
mented samples from a universal data store using
kNN. Our proposed strategy is in line with Sen-
tAugment at heart, but different in leveraging the
augmented examples during training. We focus
on sample efficiency and show that we can reduce
the size of the augmented data—e.g., by 60% in
sentiment classification as reported in Section 5.6—
while reaching a competitive performance.

4 MiniMax-kNN Data Augmentation for
KD

Inspired by Volpi et al. (2018) and Madry et al.
(2018), we apply minimax framework to tailor a
sample efficient kNN data augmentation for KD.
Minimizing the maximum expected risk is used in

adversarial training (Volpi et al., 2018) and it is
shown to have guaranteed good performance on
distributions (P ) within a particular distance (ρ)
from a source distribution (P0):

min
θ

sup
D(P,P0)≤ρ

E[l(x′, y′; θ)] (3)

where D is a notion of distance between distribu-
tions, l refers to the loss function, θ represents
the parameters of the estimator model, and in our
framework, (x′, y′) are augmented data samples.

Let us define the set of kNN augmented sam-
ples corresponding to the training sample xi ∈
X from the training set, X , to be A(xi) =
{x′i1, x′i2, ..., x′ik}. In the maximization phase, we
define the loss l(x′, y′; θ) = KL

(
T (x′), S(x′; θ)

)

between the softmax output of the teacher T (x′)
and that of the student network S(x′; θ) with train-
able parameters θ, with respect to the given aug-
mented samples. Note that the augmented samples
are unlabelled in the maximization phase. Then,
we sort the augmented samples based on their loss
value and form our MiniMax-kNN augmentation
set Ā(xi) by selecting the top n out of the k sam-
ples inA(xi). n is a hyper-parameter in our method
that determines the sample efficiency of MiniMax-
kNN. In order to enforce D(P, P0) ≤ ρ on the
distance between the two distributions in Eq. (3),
in our kNN search, we set a maximum radial se-
mantic distance ε between the sentence representa-
tion of accepted augmented samples in Ā(xi) and
the sentence representation of their corresponding
input xi based on the angular distance metric:

d(xi, x
′
ij) =

1

π
cos−1

< htcls(xi).h
t
cls(x

′
ij) >

‖htcls(xi)‖‖htcls(x′ij)‖
≤ ε
(4)

where htcls refers to the teacher’s last layer hid-
den representation of the [CLS] token, and < ·>
denotes the dot product of two vectors. The discus-
sion on how to adjust ε is given in Section 5.3.

In summary, our technique equips kNN augmen-
tation with minimax to improve its sample effi-
ciency. In contrast to adversarial data augmentation
methods, our approach uses the minimax loss for
selecting augmented samples. The overall struc-
ture of our augmentation strategy is visualized in
Figure 2. We essentially follow three steps in each
iteration during training:

(1) We construct teacher logits and student log-
its for augmented samples to measure KL-
divergence between the two models.
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(2) Out of all kNN samples, n samples with high-
est KL-divergence will be selected.

(3) KD loss is minimized for training data and
selected augmented samples.

Our experiments reveal that this modification to
KD underscores sample efficiency while retaining
the test performance.

4.1 FLOPs Analysis of MiniMax-kNN
Minimax computations in MiniMax-kNN incur ad-
ditional overhead costs during training, but how
much precisely do minimax operations curtail the
runtime performance? To answer this question, we
analyze the logical compute complexity of our algo-
rithm in terms of floating point operations (FLOPs)
because it can be measured regardless of hardware
considerations (Clark et al., 2020).

To this end, we compare FLOPs corresponding
to each augmented example from MiniMax-kNN
with vanilla kNN within an epoch. Suppose a for-
ward pass and a backward pass for one batch takes
F and B FLOPs, respectively. The number of ma-
trix operations between the forward pass and the
backward pass is not considerably different and
hence, F ≈ B (Clark et al., 2020). For simplic-
ity, we assume batch size is 1. Considering k1 is
the number of retrieved NNs, vanilla kNN requires
k1F + k1B additional FLOPs per epoch.

On the other hand, MiniMax-kNN selects n
neighbours from k2 retrieved nearest neighbours—
i.e., n < k2. The algorithm first takes the logits of
all k2 neighbours to compute KL-divergence vec-
tors, which needs k2F FLOPs, similar to vanilla
kNN. The extra operations of MiniMax-kNN occur
in the maximization step in which top n neighbours
are determined with respect to their KL-divergence
values. This operation can be carried out by sorting
the KL-divergence vector, which costs S FLOPs.
Note that S � F because obtaining an output from
a deep neural network model is far more costly
than a sorting operation. The backward pass is then
computed only for the n selected neighbours. Ac-
cordingly, the overall FLOPs for MiniMax-kNN is
k2F +S+nB. The difference between the FLOPs
is:

∆FLOPs = FLOPsvanilla-kNN − FLOPsMiniMax-kNN

= (k1 − k2)F + (k1 − n)B + S

Given that B can be approximated with F (as men-
tioned earlier) and S � F :

∆FLOPs = (2k1 − k2 − n)F

Dataset #class. #train #dev #test avg. #tokens
SST-2 2 67.3K 872 1.8K 12.4
SST-5 5 8.5K 1.1K 2.2K 22.6
TREC 6 5K 500 500 11.4
CR 2 2.5K 640 642 21.4
IMP 2 3.9K 2.2K 2.6K 50.0

Table 1: Downstream tasks used for evaluation

Thus, as long as k2 + n < 2k1, MiniMax-kNN is
more efficient than vanilla kNN. In experiments,
we illustrate that how MiniMax-kNN surpasses
vanilla-kNN while satisfying the FLOPs condition.

5 Experiments

5.1 Datasets

We evaluate MiniMax-kNN on five datasets: SST-
2 and SST-5 (Socher et al., 2013) for sentiment
analysis, TREC (Li and Roth, 2002) for question
type classification, CR (Hu and Liu, 2004) for prod-
uct review classification, and Impremium’s hate-
speech detection dataset (IMP)2. Information re-
lated to all datasets is summarized in Table 1.

5.2 Experimental Setup

We adopt the publicly available pre-trained
RoBERTaLarge (Liu et al., 2019) and Distil-
RoBERTa (Sanh et al., 2019)—using the Hugging-
face Transformers library (Wolf et al., 2020) and
the Pytorch Lightning library3—for evaluating our
approach. For KD, RoBERTaLarge is selected as
the teacher. For training, we adhere to findings in
Mosbach et al. (2021) and Zhang et al. (2021) to
circumvent the fine-tuning instability problem by
training for longer iterations—i.e., 100 epochs—
with early stopping and use Adam optimizer with
bias correction. The model is evaluated on the de-
velopment data at the end of each epoch and the
best performing model is chosen for testing. Our
learning rate schedule follows a linear decay sched-
uler with a warm-up on {10%, 20%} of the total
number of training steps. The learning rate is tuned
for each task separately out of {1e-5, 2e-5, 3e-5},
and the batch size is chosen from [16, 128] depend-
ing on the dataset size. For KD hyperparameters,
we use grid search to choose the best λ and T from
{0.3, 0.4, 0.5, 0.6} and {5, 10, 12, 20}. We also
schedule augmentation to start after a certain num-
ber of epochs in the training. On SST-5, SST-2, and

2https://www.kaggle.com/c/
detecting-insults-in-social-commentary/

3https://github.com/PyTorchLightning/
pytorch-lightning
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Model SST-5 SST-2 TREC CR IMP
RoBERTaLarge (Teacher) 57.6 96.2 98.0 94.1 90.0
DistilRoBERTa 52.9 93.5 96.0 92.1 86.8
DistilRoBERTa + KD 53.2 93.6 96.6 92.1 87.7
DistilRoBERTa + vanilla-8NN 55.2 94.7 97.0 91.3 88.4

AUG. SIZE (#forward / #backward pass) 8x / 8x 8x / 8x 8x / 8x 8x / 8x 8x / 8x

DistilRoBERTa + MiniMax-8NN∗ 55.4 95.2 97.6 91.6 88.6
AUG. SIZE (#forward / #backward pass) 5x / 4x 7x / 4x 8x / 4x 8x / 2x 8x / 1x

Table 2: Test accuracy (↑) on the downstream tasks (∗denotes our approach and bold numbers indicate the best
result—excluding the teacher—for each task).

Model SST-5 SST-2 TREC CR IMP
vanilla-8NN 55.2 94.7 97.0 91.3 88.4
n = 1 55.4 94.4 96.4 91.4 88.6
n = 2 54.6 95.0 96.4 91.6 88.5
n = 4 55.4 95.2 97.6 91.6 87.4
n = 6 55.6 94.4 96.6 91.8 87.9

Table 3: Test accuracy (↑) of DistilRoBERTa on the
downstream tasks varying the number of selected NNs
(n) in MiniMax-8NN (bold numbers indicate the best
result for each task).

TREC, augmentation takes effect at epochs 8, 6,
and 6, respectively, whereas on IMP, and CR, aug-
mentation starts at the beginning of training. All
experiments were conducted on two Nvidia Tesla
V100 GPUs.

Few-shot learning setup We follow Du et al.
(2021) to setup the environment for few-shot learn-
ing experiments. In particular, we sample 2 training
subsets with replacement from the original training
set for each task. Each subset is balanced and con-
sists of 20 examples per label. The development
set is reduced to 200 examples for all tasks except
CR in which we keep all of the original set. The
label distribution is retained in the reduced devel-
opment data. Evaluation is conducted on the actual
test dataset. To obtain reliable results, we repeat
training with 10 different seeds on each sampled
dataset and report the average across all runs—i.e.,
20 runs per task. Few-shot experiments were run
on a single Nvidia Tesla V100 GPU.

5.3 MiniMax-kNN Results

First, we investigate the impact of kNN data aug-
mentation at test time and compare MiniMax-kNN
with vanilla kNN data augmentation. To this end,
we train a RoBERTaLarge as teacher on the original
data. Then, we distill a small size student based
on DistilRoBERTa from the teacher using the aug-
mented data and the original data.

In Table 2, we report the performance of
MiniMax-kNN as well as the vanilla-kNN on the
downstream tasks. In this experiment, the num-
ber of nearest neighbours (k) is set to 8 and for
MiniMax-kNN, we empirically select the mini-
mum number of augmented examples (n) out of
8-NNs such that MiniMax-kNN exceeds vanilla-
kNN. We observe that using KD alone leads to a
marginal improvement on all tasks. Adding more
data results in further improvements but comes at
the expense of substantially longer training time.
On the other hand, MiniMax-kNN reduces the cost
of training as it learns through less than half of
the NNs and yet, consistently outperforms vanilla-
kNN.

Varying the number of selected examples (n) in
MiniMax-kNN We explore the number of se-
lected augmentations by varying n ∈ {1, 2, 4, 6}
for 8-NNs on the downstream tasks. Results are re-
ported in Table 3. Interestingly, picking n as small
as either 1 or 2 results in superior performance of
MiniMax-kNN, compared to vanilla-kNN, on all
tasks. In TREC, and SST-2, the sweet spot is n = 4.
In SST-5, and CR, MiniMax-kNN performs better
as n grows. On the contrary, in IMP, accuracy
declines by increasing n.

Varying the number of nearest neighbours (k)
In order to investigate the optimal number of NNs,
we assess the effect of k on the downstream tasks.
The Results are reported in Table 4. We observe
that more data sometimes makes the training noisy
and as a result, performance deteriorates—e.g.,
k = 2 in SST-5 and IMP. Nonetheless, when the
augmentation size is sufficiently large, test results
improve—i.e., k = 8 in all datasets except CR.
Apart from three cases—i.e., k = 2, 4 in SST-2,
and k = 4 in CR—MiniMax-kNN is superior to
vanilla-kNN by incorporating roughly 50% fewer
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Task KD k = 1 k = 2 k = 4 k = 8
vanilla vanilla MiniMax vanilla MiniMax vanilla MiniMax

SST-5 53.2 53.9 52.0 52.5 54.7 55.0 55.2 55.4
SST-2 93.6 93.7 94.7 94.2 94.6 93.8 94.7 95.2
TREC 96.6 96.2 96.4 96.6 96.8 96.8 97.0 97.4
CR 92.1 91.9 92.1 92.2 92.4 91.6 91.3 91.9
IMP 87.7 87.2 87.1 87.6 86.0 87.8 88.4 88.6

Table 4: Test accuracy (↑) of DistilRoBERTa on the downstream tasks varying the number of nearest neighbours
(k). KD refers to knowledge distillation with no data augmentation. For MiniMax, n is equal to half of k neigh-
bours for k = 2, 4 and when k = 8, n is selected as in Table 2 (bold and underline indicate best and second best
results per task).

Model SST-5 SST-2 TREC CR IMP
vanilla-8NN 162.1 484.5 78.4 43.7 99.4

MiniMax-8NN∗ 158.8 2% ↓ 634.4 31% ↑ 101.1 29% ↑ 30.8 30% ↓ 38.6 61% ↓

Table 5: Training time (in seconds) for one epoch (↓), averaged across epochs during training, on the downstream
tasks along with the percent of reduction compared to vanilla-8NN. MiniMax-8NN and vanilla-8NN refer to the
models we used for Table 2 (∗denotes our approach).

examples.

Adjusting the maximum radial distance (ε) in
MiniMax-kNN We plot the distance distribution
of augmented data for two cases: (a) when the
teacher predicts the same label as the original ex-
amples for augmented ones (matched labels) (b)
when the predicted label for augmented examples
do not match that of original examples (mismatched
labels). Figure 3 illustrates a clear distinction be-
tween these two groups. Considering these insights,
we find an empirical heuristic to set ε. When
the overlap between groups is infinitesimal, we
tune ε in the vicinity of the maximum distance of
matched labels. The rationale here is to avoid alter-
ing the skewness of the original label distribution.
Throughout our experiments, ε is set to 0.22, and
0.4 for SST-5, and SST-2, respectively. However,
we find ε =∞ works best on CR, IMP, and TREC.

5.4 Runtime Efficiency

In §4.1, we showed that MiniMax-kNN is compu-
tationally more efficient than vanilla-kNN when
k2 + n < 2k1. Given the number of nearest neigh-
bours is identical (k1 = k2) in our experiments,
any choice of n makes MiniMax-kNN more effi-
cient than vanilla-kNN in theory. However, in our
implementation of MiniMax, we feed selected ex-
amples again to the student, thereby triggering a
redundant forward pass4. Although this change re-

4All augmented examples are initially fed to the student
within a PyTorch no grad block. Since we want to back-
propagate through only selected examples, they should be fed
again to the student.
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Figure 3: Distance distribution of augmented exam-
ples for each dataset (Left: mismatched labels / Right:
matched labels)

duces the efficiency of MiniMax-kNN in practice,
it significantly simplifies the implementation. Thus,
the above condition evolves to k2 + 2n < 2k1 in
our experiments. Nonetheless, in Table 2, this new
efficiency constraint still holds on all tasks except
SST-2, and TREC. To calculate the exact amount of
speed-up, we measure the average training time cor-
responding to one epoch for each task. The results
are outlined in Table 5. On IMP, MiniMax-kNN
saves more than 60% of training time and on CR,
MiniMax-kNN brings almost 30% speed-up. Also,
MiniMax-kNN is slightly faster than vanilla-kNN
on SST-5. However, MiniMax-kNN trains around
30% slower on SST-2 and TREC.

5.5 Ablation Study

We analyze each component of our augmentation
strategy to understand how they impact the overall
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Model SST-5 SST-2 TREC CR IMP
SIZE 100 40 120 40 40

SentAugment (Du et al., 2021) 44.4 ± 1.0 86.7 ± 2.3 92.1 ± 2.4 89.7 ± 2.0 81.9 ± 1.4
AUG. SIZE 1000 1000 1000 1000 1000

RoBERTaLarge (Teacher) 43.9 ± 2.5 81.1 ± 2.5 89.9 ± 3.5 83.7 ± 2.7 75.5 ± 5.5
RoBERTaLarge + KD 44.8 ± 2.5 82.3 ± 4.4 91.9 ± 2.1 83.9 ± 5.3 81.4 ± 1.9
RoBERTaLarge + vanilla-10NN 45.5 ± 2.3 85.5 ± 2.9 91.6 ± 1.9 88.0 ± 1.5 81.5 ± 3.3
RoBERTaLarge + MiniMax-10NN (n = 6)∗ 46.8 ± 1.4 86.5 ± 1.8 91.8 ± 1.0 88.3 ± 1.5 81.7 ± 2.3

AUG. SIZE (#forward / #backward pass) 1030 / 700 380 / 280 835 / 720 400 / 280 360 / 280

Table 6: Few-shot learning results of MiniMax-kNN on the downstream tasks (∗denotes our approach). Compared
to SentAugment, our proposed approach achieves competitive performance, but with the use of fewer augmented
examples.

# Model SST-5 ∆
1 DistilRoBERTa 52.9 -
2 + KD 53.2 +0.3
3 + KD + random-8 54.4 +1.2
4 + KD + random-8 + reranked 54.2 -0.2
5 + KD + random-8 + reranked + ε 52.3 -1.9
6 + KD + 8NN 54.7 +1.5
7 + KD + 8NN + reranked (=vanilla) 55.2 +0.5
8 + vanilla-8NN + ε 55.0 -0.2
9 + MiniMax-8NN + ε 55.4 +0.4

Table 7: Ablation study of MiniMax-kNN on SST-5.
∆ denotes the performance difference with respect to
the previous row, but for the first row in each section, it
indicates the difference with the accuracy of KD—i.e.,
row 2.

effectiveness of MiniMax-kNN. To this end, three
components of our strategy are targeted for an abla-
tion study. First, the effect of nearest neighbours is
measured by replacing them with random examples
from the sentence repository. Then, to determine
whether reranking neighbours by teacher is help-
ful, we preserve the order of nearest neighbours
returned by the SASE. Finally, we relax the max-
imum radial distance to include all nearest neigh-
bours.

In Table 7, we report the results on SST-5. Sur-
prisingly, random augmentation (row 3) scores
only 0.3% lower than kNN augmentation (row 6).
Reranking nearest neighbours by the teacher fur-
ther boosts the results by 0.5% (row 7). The pres-
ence of maximum radial distance is not helpful for
vanilla-kNN as it leads to 0.4% drop in the accu-
racy (row 8). Finally, our selection mechanism in
MiniMax-kNN (row 9) leads to a 0.2% improve-
ment compared to vanilla-kNN (row 7).

5.6 Few-shot experiments
Our data augmentation strategy can be applied
to few-shot learning scenarios where a minuscule
number of labelled data is available. Therefore, we
simulate a few-shot learning setting as described in
Section 5.2. In addition to vanilla-kNN and no aug-

mentation baselines, we compare our results with
SentAugment (Du et al., 2021), the state-of-the-art
method in kNN data augmentation. In SentAug-
ment, experiments are conducted on 5 randomly
sampled small datasets and top 3 results of 10 dif-
ferent runs are averaged across sampled datasets,
which means average over 15 runs in total. To be
comparable to SentAugment, we average across all
10 runs for 2 sampled datasets, average over 20 runs
in total, to report our results. In SentAugment, aug-
mented few-shot datasets contain 1000 examples
including the original data. For MiniMax-kNN, we
use 10-NNs in this experiment with a maximum
radial distance.

Table 6 shows the few-shot learning results. The
performance of our baselines follows a similar
trend in the full-size data experiments. In partic-
ular, KD without augmentation slightly improves
the test accuracy; Vanilla-kNN brings almost 1.9%
improvement on average, and MiniMax-kNN con-
sistently surpasses vanilla-kNN by 0.7% on aver-
age. Compared to SentAugment, MiniMax-kNN
reaches a competitive performance. The key advan-
tage of MiniMax-kNN lies in sample efficiency.
Specifically, MiniMax-kNN falls short by only
0.3% on SST-2, and IMP with using less than 40%
of the SentAugment augmented data on average.
On CR, MiniMax-kNN lags behind by 1.4%, but
again on roughly 40% of the SentAugment data
size. Moreover, SentAugment outperforms our
approach by 0.3% on TREC, while the size of
augmentation is reduced by almost 20%. Lastly,
MiniMax-kNN outperforms SentAugment in SST-
5 by 2.4% with almost same amount of data.

5.7 Qualitative Analysis

We study the quality of augmented examples re-
trieved from the sentence repository. Table 8
presents four examples from SST-5, CR, and TREC
along with the corresponding top 3-NNs. The top
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(i) SST-5: this is a stunning film, a one-of-a-kind tour de force. very positive
Here is masterful film-making in action. (5) very positive
It’s an expertly-crafted spectacle-event movie. (1) very positive
This is a unique cinematographic experience. (6) very positive

(ii) CR: one also exhibited extremely slow speed when going to the menu. negative
No menu appears to make it very quick and easy to use. (15) negative
Switching between options in the main menu is relatively slow. (13) negative
the only niggle i have found is that the menus are a bit slow at times. (8) negative

(iii) SST-5: final verdict: you’ve seen it all before. very negative
Below is the final result. (15) neutral
The final verdict: Go ahead and buy (4) positive
Nut in the end, the final result always pays out. (7) positive

(iv) TREC: What causes the body to shiver in cold temperatures? DESC
How is it possible that a higher minimum wage could actually lead to more inequality within a country? (11) DESC
How did the minimum wage increase come about? (13) DESC
How is the new minimum wage hike impacting them? (7) DESC

Table 8: Examples, derived from the augmented CR, SST-5, and TREC, after teacher reranking (the numbers
in the bracket indicate the initial rank by SASE). For the nearest neighbours, the teacher’s predictions are also
provided, although soft labels will be used during training. Row (iii) shows an example of label mismatch and row
(iv) highlights a mediocre paraphrase retrieval despite matching labels.

two rows show clear-cut examples that the nearest
neighbours are in fact paraphrased forms of orig-
inal samples. Also, the teacher predicts the same
label as the original examples for these augmented
examples. We observe task-specific knowledge that
the teacher has learned from original data helps to
rank retrieved sentences—e.g., in the second row,
reranking pushes the neighbours at ranks 15 and
13 to the top 3.

However, the augmented data is not always per-
fect. To identify the limitations of kNN augmen-
tation, we manually inspect 20 samples, randomly
drawn from SST-5 and TREC. We find that inac-
curate paraphrase retrieval undercuts the quality
of augmented examples shown in the bottom rows
of Table 8. A side effect of this weakness is the
domain mismatch, denoting that augmentation can
introduce out-of-domain data. For instance, the in-
put data in TREC is expected to be in interrogative
mood, but the retrieval may return declarative sen-
tences. A potential solution to this problem could
be utilizing a different repository, entirely com-
prised of questions in this case, similar to that of
Perez et al. (2020). However, curating such repos-
itory for specialized domains can be challenging.
Moreover, the improvements we observe in the ex-
periments show that this issue is not prevalent in
our selected tasks.

6 Conclusion

In this paper, we presented a sample efficient semi-
supervised data augmentation technique, namely
MiniMax-kNN. The augmentation procedure is
framed as finding nearest neighbours from a mas-

sive repository of unannotated sentences. The cru-
cial aspect of kNN augmentation is interpretability
as augmented examples are written in natural lan-
guage. We adopt KD to learn from unlabelled data.
The key ingredient of our approach is to find the
most impactful examples that maximize the KL-
divergence between the teacher and the student
models. We show that MiniMax-kNN can reduce
the augmented data size by 50% while improving
upon vanilla augmentation.
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Abstract

Commonsense reasoning is one of the key
problems in natural language processing, but
the relative scarcity of labeled data holds back
the progress for languages other than English.
Pretrained cross-lingual models are a source
of powerful language-agnostic representations,
yet their inherent reasoning capabilities are
still actively studied. In this work, we design
a simple approach to commonsense reasoning
which trains a linear classifier with weights
of multi-head attention as features. To eval-
uate this approach, we create a multilingual
Winograd Schema corpus by processing sev-
eral datasets from prior work within a standard-
ized pipeline and measure cross-lingual gen-
eralization ability in terms of out-of-sample
performance. The method performs competi-
tively with recent supervised and unsupervised
approaches for commonsense reasoning, even
when applied to other languages in a zero-shot
manner. Also, we demonstrate that most of the
performance is given by the same small sub-
set of attention heads for all studied languages,
which provides evidence of universal reason-
ing capabilities in multilingual encoders.

1 Introduction

Neural networks have achieved remarkable
progress in numerous tasks involving natural lan-
guage, such as machine translation (Bahdanau
et al., 2014; Kaplan et al., 2020; Arivazhagan et al.,
2019), language modeling (Brown et al., 2020),
open-domain dialog systems (Adiwardana et al.,
2020; Roller et al., 2020), and general-purpose
language understanding (Devlin et al., 2019; He
et al., 2021). However, the fundamental problem
of commonsense reasoning has proven to be quite
challenging for modern methods and arguably re-
mains unsolved up to this day. The tasks that aim to

∗Equal contribution.

The town councilors refused to give the demonstra-
tors a permit because they feared violence.
Answer: The town councilors

Figure 1: Example of a Winograd Schema problem.
The resolved pronoun is underlined, two options are
highlighted with an italic font.
measure reasoning capabilities, such as the Wino-
grad Schema Challenge (Levesque et al., 2012),
are deliberately designed not to be easily solved by
statistical approaches, which are a foundation of
most deep learning methods. Instead, these tasks
require implicit knowledge about properties of real-
world entities and their relations in order to resolve
inherent ambiguities of natural language.

Figure 1 illustrates the gist of this task: given a
sentence and a pronoun (they), the goal is to choose
the word that this pronoun refers to from two op-
tions (The town councilors or the demonstrators).
While picking the right answer is straightforward
for humans, the lack of explicit clues makes it hard
for machine learning algorithms to perform better
than majority vote or random choice.

Recently large Transformer-based masked lan-
guage models (MLMs) (Devlin et al., 2019) were
shown to achieve impressive results on several
benchmark datasets for commonsense reasoning
(Sakaguchi et al., 2020; Kocijan et al., 2019; Klein
and Nabi, 2020). However, the best-performing
methods frequently involve finetuning the entire
model on large enough corpora with varying de-
grees of supervision; apart from providing initial
parameter values, the pretrained trained language
model is not used for predictions.

Moreover, these methods have mostly been eval-
uated on English language datasets, despite increas-
ing interest in multilingual evaluation for NLP (Hu
et al., 2020) and the existence of multilingual en-
coders (Conneau et al., 2020; Conneau and Lample,
2019). The XCOPA dataset (Ponti et al., 2020) was
recently proposed as a benchmark for multilingual
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commonsense reasoning, yet its task is different
from the pronoun resolution problem described
above. Versions of Winograd Schema Challenge
exist in different languages, but each version comes
with slight differences in task specification. This
makes holistic cross-lingual evaluation of new com-
monsense reasoning approaches a quite difficult
problem for researchers in the area.

In this work, we propose a simple supervised
method for commonsense reasoning, which trains
a linear classifier on the self-attention weights be-
tween the pronoun and two answer options. To eval-
uate our method and facilitate research in multilin-
gual commonsense reasoning, we aggregate exist-
ing Winograd Schema datasets in English, French,
Japanese, Russian, Portuguese, and Chinese lan-
guages, converting them to a single format with a
strict task definition. Our approach performs com-
parably to supervised and unsupervised baselines
in this setting with both multilingual BERT and
XLM-R models as backbone encoders.

Moreover, we find that the same set of atten-
tion heads can be used to solve reasoning tasks
in all languages, which hints at the emergence of
language-independent linguistic functions in cross-
lingual models and supports the conclusions made
by prior work (Chi et al., 2020; Li et al., 2020). In-
terestingly, when using an unsupervised attention-
based method (Klein and Nabi, 2019), we observe
that restricting the choice of heads to this set also
improves the results of this baseline. This result
suggests that the key to improved performance of
such approaches might lie in the right choice of
heads rather then the exact attention values.

To summarize, our contributions are as follows:

• We offer a simple supervised method to utilize
self-attention heads of pretrained language
models for commonsense reasoning.

• We compile a multilingual dataset of Wino-
grad schemas in six languages, bringing all
tasks to the same format1. When evaluated
on this dataset, our method performs competi-
tively to strong baselines from prior work.

• We demonstrate that in cross-lingual models,
there exists a small subset of attention heads
specializing in universal commonsense rea-
soning. This reveals new linguistic properties
of masked language models trained on multi-
ple languages.

1Our datasets and code are available at github.com/
yandex-research/crosslingual winograd

2 Related work

2.1 Winograd Schema challenges
The Winograd Schema Challenge (WSC) was pro-
posed as a challenging yet practical benchmark
for evaluation of machine commonsense reason-
ing (Levesque et al., 2012). Since its introduction,
several English-language benchmarks of varying
difficulty and size were also proposed: notable ex-
amples include Definite Pronoun Resolution (Rah-
man and Ng, 2012) and Pronoun Disambiguation
Problem (Morgenstern et al., 2016) datasets, as
well as WinoGrande, which consists of 44k crowd-
sourced examples (Sakaguchi et al., 2020). A ver-
sion of WSC is also included in the popular Super-
GLUE language understanding benchmark (Wang
et al., 2019a), where it is reformulated as a natural
language inference problem.

There also exist variations of WSC in other
languages: French (Amsili and Seminck, 2017),
Japanese (Shibata et al., 2015), Russian (Shavrina
et al., 2020), Portuguese (Melo et al., 2019), and
Chinese (Bernard and Han, 2020). We use these
datasets in our study to create a multilingual dataset
for commonsense reasoning.

Although in general the task definition of Wino-
grad Schema Challenge was formalized to some
degree, both succeeding datasets and methods pro-
posed by users of these datasets have introduced
various changes to the task specification and even
the input format. In particular, a work by Liu et al.
(2020) provides a thorough comparison of different
ways to formalize the task for WSC and shows that
the same model can give widely varying results de-
pending on the evaluation framework. We describe
our efforts to convert different datasets to a single
format in Section 4.

2.2 Language models applied to
commonsense reasoning

Several works attempt to solve Winograd Schema
Challenge by utilizing pretrained language mod-
els. For example, Trinh and Le (2018) propose
to rank possible answers with an ensemble of
RNN language models by substituting the pronoun
with each of the options. Recently, Klein and
Nabi (2019) introduced Maximum Attention Score
(MAS) for commonsense reasoning. This method
uses the outputs of multi-head attention from each
layer and scores each candidate answer based on
the number of heads for which this answer has the
highest attention value. We use the first (adapted to
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masked language models as proposed by Salazar
et al., 2020) and the second approaches as base-
lines in the experiments. In essence, our method
can be compared to MAS, but as we demonstrate
in Section 5, several algorithm design differences
along with task supervision allow us to significantly
improve the commonsense reasoning performance.

Large pretrained Transformer models, such as
BERT (Devlin et al., 2019), have also enabled rapid
progress of supervised methods for WSC. One such
method is given by Sakaguchi et al. (2020): the au-
thors propose to concatenate the sentence and one
of the options and to use the [CLS] token repre-
sentation of the resulting sequence for binary clas-
sification. Also, Kocijan et al. (2019) propose a
margin-based loss function which aims to increase
the log-probability of the correct answer as a re-
placement for the masked pronoun. We evaluate
these methods in our experiments without train-
ing on large in-domain datasets; as we show, both
methods are prone to overfitting when applied to
several hundreds of examples.

2.3 Cross-lingual encoder models

Multilingual representations have been a long-
standing goal of the research community: they
allow to serve fewer models for a wide range of lan-
guages and to improve the results on low-resource
languages. Ruder et al. (2019) gives a detailed
survey of different cross-lingual word embedding
approaches, as well as the history of cross-lingual
representations in general.

In this work, we are interested in the latest de-
velopments in multilingual Transformer masked
language models (Devlin et al., 2019; Conneau and
Lample, 2019; Conneau et al., 2020; Siddhant et al.,
2020) that were driven by the advances in transfer
learning for NLP (Howard and Ruder, 2018; Devlin
et al., 2019). In particular, we use pretrained mul-
tilingual BERT (mBERT, Devlin et al., 2019) and
XLM-RoBERTa (XLM-R, Conneau et al., 2020)
for all our experiments.

Recently, there has been increasing interest in
the evaluation of multilingual models: as a re-
sult, several benchmarks, including XTREME (Hu
et al., 2020), XNLI (Conneau et al., 2018) and
XCOPA (Ponti et al., 2020) were introduced.
Although XCOPA is a commonsense reasoning
dataset, it is meant to serve as a multilingual ver-
sion of the COPA dataset (Roemmele et al., 2011),
which offers a problem different from pronoun res-

olution. In this work, we aimed to create a multi-
lingual counterpart of more widely used Winograd
Schema Challenge, so that any future methods for
commonsense reasoning can be easily evaluated on
languages other than English.

2.4 Functions of Transformer heads

Previous works have demonstrated that it is possi-
ble to perform unsupervised zero-shot consistency
parsing with attention heads of pretrained cross-
lingual models (Kim et al., 2020; Li et al., 2020).
In our work, we extend these findings to a conceptu-
ally different task of commonsense reasoning. This
task has significant overlap with coreference reso-
lution, which was shown to be encoded in specific
heads of monolingual BERT (Clark et al., 2019;
Tenney et al., 2019).

Motivated by similar results for monolingual
models, several works have previously demon-
strated that models such as multilingual BERT en-
code grammatical relations (Chi et al., 2020) and
can perform zero-shot entity recognition, as well as
POS-tagging (Pires et al., 2019). Besides present-
ing evidence for universality in pronoun resolution,
which was not studied before, our analysis relies
on attention heads instead of extracting representa-
tions from intermediate layer outputs.

3 Common sense from attention

In this section, we first give a formal definition of
the commonsense reasoning task, most commonly
encountered in Winograd Schema Challenge and
its successors. Then, we provide necessary back-
ground information about the Transformer architec-
ture for transfer learning and describe our proposed
solution for this task.

3.1 Exact task specification

It is known that commonsense reasoning perfor-
mance can vary greatly due to changes in task for-
mulation: for example, recent work by Liu et al.
(2020) reports improvements of up to 6 points when
posing the task as multiple choice instead of binary
classification. Thus, as per recommendations from
this work and in order to create a unified dataset,
we choose the definition of the Winograd Schema
problem which is as strict as possible.

The definition is as follows: the system receives
a sentence with a pronoun and has to choose the
noun (or noun phrase) that this pronoun refers to.
For this choice, the system has two options; both
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of which, along with the pronoun, are always in-
cluded as substrings of the initial sentence. We
intentionally do not restrict the choice of sentence
representation or the framing of the task in order to
evaluate a diverse range of solutions.

Although the requirements listed above are quite
general and intuitive when working with WSC,
some of the datasets we employ have samples that
do not conform to them. For example, it might be
the case that the pronoun occurs at several posi-
tions in the sentence without explicit indication of
the one to be resolved. For all such examples, we
attempt to convert them to standardized instances
by hand and drop them only if it is not possible
via simple means: otherwise, the right answer to
the problem is misspecified. We give a detailed
description of our solution in Section 4.2.

3.2 Transformers for sentence
representations

Our method heavily relies on the specifics of the
Transformer architecture (Vaswani et al., 2017),
which has attracted increased interest in NLP re-
cently due to its generation (Raffel et al., 2020;
Brown et al., 2020) and transfer learning (Devlin
et al., 2019; Liu et al., 2019) capabilities.

This architecture consists of several sequential
layers, where each layer contains a feed-forward
block and a self-attention block. Inside the self-
attention block, there are multiple attention heads:
each head first linearly projects the input sequence
z = [z1, . . . , zi, . . . , zn] into sequences of queries
qi, keys ki and values vi, then computes the atten-
tion weights as softmax-normalized values of pair-
wise dot products between all keys and all queries:

αij =
exp(qTi kj)∑n
l=1 exp(q

T
i kl)

(1)

These weights are then used to combine the val-
ues into a single vector for each input vector, and
the layer output is a linear combination of all atten-
tion head outputs.

3.3 Our approach

The method proposed in this work uses interme-
diate outputs of a Transformer masked language
model with L layers and H heads in each layer.
Given an instance of the Winograd Schema prob-
lem, we take the input sentence and mask the pro-
noun that needs to be resolved. After that, we feed
the resulting sentence to the language model and

obtain the activations of each self-attention layer
as a tensor L×H × T , where T is the number of
tokens that constitute the candidate answer. Here,
we can either take the attention from the pronoun
to the candidate or vice versa.

After aggregating the attention outputs by com-
puting the mean or the maximum over T , we have
two matrices for each of two possible answers,
which are then flattened into vectors. Combining
these vectors, we obtain an input for the binary
classification task with class 0 corresponding to the
first answer being correct and class 1 corresponds
to the second one. Given a dataset of such inputs,
we can train a logistic regression to predict the class
from the multi-head attention weights α.

There are several design choices which define
the exact implementation of our method. We de-
scribe them below; for each design choice, we un-
derline the best-performing option as found by the
ablation study in Section 5.4.

Feature combination: With two feature vectors
for candidate answers, we can either concatenate
them or subtract the vector of the second candidate
from the vector of the first one.

Pooling over tokens: As the candidates can have
different length, we need to transform the attention
outputs to feature vectors of the same size. This can
be done by one of two simple forms of aggregation:
mean- or max-pooling.

Attention direction: Observe from Equation 1
that in general, αij 6= αji. To find the optimal
configuration, we evaluate both options of either
attending to the candidate or the pronoun.

4 Dataset

In this section, we describe our procedure of build-
ing a multilingual commonsense reasoning bench-
mark using Winograd Schema Challenge problems.
We create this benchmark by combining several
monolingual collections for six languages, each
described in previously published works.

We intentionally do not use XCOPA (Ponti et al.,
2020) as it is aimed at a different problem: in-
stead of operating at the word level, the task of this
dataset is to connect the premise and one of two
hypotheses, both of which are complete sentences.
Because direct application of attention-based rea-
soning to sentence-level tasks is a non-trivial re-
search question, we leave it to future work.
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4.1 Languages

For the English language, we work with the
data from the original WSC task2 (Levesque
et al., 2012), as well as the SuperGLUE bench-
mark (Wang et al., 2019a) and the Definite Pronoun
Resolution dataset (Rahman and Ng, 2012). For
French and Japanese, we use datasets published
by Amsili and Seminck (2017) and Shibata et al.
(2015) respectively. We also include the corre-
sponding part from the Russian SuperGLUE bench-
mark (Shavrina et al., 2020), a collection of Wino-
grad Schemas in Chinese from the WSC website3,
and the Portuguese version of WSC (Melo et al.,
2019) into our multilingual benchmark.

In addition, we attempted to use Mandarino-
grad (Bernard and Han, 2020) — a Mandarin Chi-
nese version of WSC. However, this dataset con-
tains questions instead of pronouns that need to be
resolved. As such, we were unable to incorporate
its contents without significantly changing the task.

4.2 Preprocessing and filtering

As the datasets for different languages were re-
leased in several different formats, in order to have
a unified evaluation framework, we needed to con-
vert them all to the same schema. Unfortunately,
due to the differences in task formalization we were
unable to convert certain examples without com-
pletely changing them; as a result, these examples
had to be removed from the dataset. Still, our main
priority was to maintain the same task format while
keeping as many examples as possible; to this end,
we fixed minor annotation inconsistencies by hand
wherever possible.

Below we describe the steps of our pipeline.
First, several examples had more than two can-
didate choices, i.e. more than one incorrect option
is given. We convert these examples into several bi-
nary choice problems and report the original dataset
sizes after executing this step. Next, the main issue
we faced was that the right answer is not included
as a substring of the input sentence. Often this can
be explained by missing articles, typos or differ-
ences in word capitalization. We attempt to fix all
such errors in these cases.

The resulting dataset sizes are listed in Table 1;
it can be seen that our conversion pipeline discards
approximately 29% of data. In the future, more

2Specifically, the WSC285 version.
3https://cs.nyu.edu/faculty/davise/

papers/WinogradSchemas/WSChinese.html

Language Before After Remaining, %

English 2605 2325 89.25
French 214 83 38.79
Japanese 1886 959 50.85
Russian 569 315 55.36
Chinese 18 16 92.28
Portuguese 285 263 88.89

Total 5577 3961 71.02

Table 1: Dataset sizes before and after filtering.

effort could be directed towards constructing a lin-
guistically diverse, large-scale and balanced multi-
lingual Winograd Schema dataset. Yet, as shown in
Section 5, this collection of datasets already allows
us to distinguish recent commonsense reasoning
models by their performance.

5 Experiments

Below we describe the experimental setup used
to evaluate cross-lingual transfer capabilities of
different approaches to commonsense reasoning
and report the results. Note that we also aim to
study the universal reasoning properties of attention
heads, and thus we do not evaluate our method on
common monolingual Winograd Schema datasets.

5.1 Setup

Models We use multilingual BERT (Devlin et al.,
2019) and XLM-R-Large (Conneau et al., 2020),
as these models are frequently used in other mul-
tilingual evaluation literature. The first model has
12 layers with 12 attention heads each, whereas
the second model is a 24-layer Transformer with
16 attention heads on each layer. We do not eval-
uate XLM-R-Base or multilingual translation en-
coders (Siddhant et al., 2020) because we take two
best-performing models according to the XTREME
benchmark (Hu et al., 2020).

For our method, we use an implementation of lo-
gistic regression from scikit-learn (Pedregosa et al.,
2011) with default hyperparameters as a linear clas-
sifier over attention weights.

Evaluation For unsupervised methods, we di-
rectly apply each method to each language subset
and report the classification accuracy. For super-
vised methods, we first choose a single language
for training and generate random train-validation-
test splits, leaving 10% of data both for validation
and testing subsets. For each language, we create 5
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Model Train lang en fr ja ru zh pt Avg

Unsupervised

MLM prob. ranking - 53.6 53.0 52.5 51.8 31.3 50.2 52.8
Pseudo-perplexity - 53.0 54.2 49.5 53.7 56.3 49.4 52.0
MAS - 52.3 51.8 50.2 52.7 56.3 49.1 51.6

Supervised

Kocijan et al. (2019)

en - 52.5±4.1 51.4±0.8 51.2±1.1 48.8±9.3 51.2±1.5 51.0
fr 50.9±0.4 - 51.5±0.7 51.3±0.9 56.2±9.9 49.2±1.2 51.8
ja 51.0±0.7 50.8±2.2 - 50.1±1.0 55.0±6.8 49.9±1.1 51.4
ru 50.7±0.5 51.3±2.0 51.7±1.0 - 51.2±10.3 51.0±0.3 51.2
zh 50.9±0.2 50.1±1.6 50.8±0.4 50.5±0.0 - 53.0±1.4 51.1
pt 51.1±0.5 54.0±3.9 51.3±0.6 49.3±0.5 53.8±7.1 - 51.9

Ours

en - 53.7±1.6 52.2±0.4 60.1±0.4 51.2±4.7 53.9±0.4 54.2
fr 51.7±1.1 - 51.1±1.1 52.2±2.6 53.8±3.1 50.9±1.1 51.9
ja 52.7±0.3 55.4±0.8 - 58.0±1.2 50.0±4.0 51.3±1.3 53.5
ru 55.5±0.4 52.3±2.7 52.3±0.3 - 52.5±5.0 52.0±0.7 52.9
zh 49.8±2.0 48.2±4.5 50.5±1.4 50.3±4.9 - 49.0±1.4 49.6
pt 54.7±0.5 52.8±3.2 51.7±0.6 57.7±1.2 50.0±4.0 - 53.4

Table 2: Results for multilingual BERT, best result is denoted by bold font.

random train-validation splits to estimate the stan-
dard deviation of metrics, while keeping the same
test set to keep the results comparable. Addition-
ally, we test each trained model for a language on
all other languages in a zero-shot setting, reporting
averaged performance as well.

5.2 Baselines

To compare our approach with currently popu-
lar methods, we also evaluate a wide set of well-
performing approaches described in earlier works:

Unsupervised We use three entirely unsuper-
vised baselines inspired by prior work. For the first
approach, we replace the pronoun by the number
of [MASK] tokens equal to the length of each can-
didate answer and compare the MLM probabilities.
For the second approach, we replace the pronoun
with each of the answers and rank the candidates
by “pseudo-perplexity” (Salazar et al., 2020), in-
spired by the results of Trinh and Le (2018). Both
baselines use normalized scores with respect to the
candidate word length.

The third unsupervised baseline is Masked At-
tention Score (MAS), described in Klein and Nabi
(2019). Similarly to our method, this approach re-
lies on attention weights for prediction; however,
they are utilized differently and the model is unable
to discover an optimal subset of heads.

Supervised First, we evaluated the masked lan-
guage model finetuning approach suggested by the
authors of WinoGrande (Sakaguchi et al., 2020).
However, in our experiments there are no addi-

tional large-scale datasets; we found that with refer-
ence hyperparameters, the authors’ implementation
quickly overfits the training data for all languages
in our relatively small benchmark, achieving less
than 50% zero-shot accuracy on average.

In addition, we used the margin-based classifica-
tion approach described in (Kocijan et al., 2019).
This method achieves competitive results and out-
performs unsupervised baselines in most setups, so
we include it in our comparison.

5.3 Results

The results of our experiments for multilinual
BERT and XLM-R-Large are shown in Tables 2
and 3 respectively. It can be seen that despite using
only the attention weights as features, our method
can outperform unsupervised approaches and per-
forms competitively with a state-of-the-art super-
vised approach in several setups. Notably, the qual-
ity improves significantly when going from BERT
to XLM-R: this goes in line with previous work
on evaluation of cross-lingual encoders (Hu et al.,
2020). At the same time, the quality of our method
improves more significantly than of that suggested
by Kocijan et al. (2019): this may be explained by
a greater parameter count and a higher number of
attention heads with more distinct specializations.

5.4 Ablation study

Here we compare several algorithm versions listed
in Section 3.3. We train all models on the English
part of the dataset and evaluate on all other lan-
guages, using validation subset performance as our
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Model Train lang en fr ja ru zh pt Avg

Unsupervised

MLM prob. ranking - 58.8 56.6 61.7 57.5 56.3 56.7 59.2
Pseudo-perplexity - 58.5 54.2 58.2 59.7 56.3 54.8 58.2
MAS - 57.2 56.6 53.9 58.1 50.0 53.6 56.2

Supervised

Kocijan et al. (2019)

en - 70.6±2.0 81.4±1.8 74.8±1.1 72.5±5.6 74.3±1.2 74.7
fr 59.6±0.5 - 65.8±0.2 58.9±0.3 56.2±0.0 56.7±0.9 59.4
ja 70.4±3.8 62.7±2.7 - 66.1±1.9 63.7±5.2 63.7±2.7 65.3
ru 67.1±4.8 62.2±4.2 69.2±3.2 - 56.2±0.0 61.0±4.3 63.1
zh 59.2±0.0 57.8±0.0 65.5±0.0 58.7±0.0 - 56.3±0.0 59.5
pt 67.1±3.6 61.2±2.2 69.4±3.1 65.6±3.7 60.0±3.4 - 64.6

Ours

en - 67.5±1.3 69.1±0.2 70.4±0.5 60.0±3.1 66.8±0.9 66.7
fr 66.1±0.7 - 63.3±0.8 67.0±1.2 60.0±5.0 61.4±1.2 63.6
ja 70.1±0.4 67.2±1.4 - 72.4±0.6 61.3±2.5 65.9±0.8 67.4
ru 68.7±0.5 65.8±2.7 65.7±0.5 - 63.7±4.7 64.4±0.8 65.7
zh 51.1±8.5 48.2±8.6 52.4±8.8 51.3±10.8 - 50.0±8.1 50.6
pt 68.9±0.6 67.0±1.6 68.1±0.4 69.5±0.2 63.7±4.7 - 67.4

Table 3: Results for XLM-R-Large, best result is denoted by bold font.

Method Valid fr ja ru zh pt Avg

Ours (Section 3.3) 55.4 53.7 52.2 60.1 51.2 53.9 54.2
Concat 53.0 54.9 52.3 56.3 53.8 53.9 54.2
Max pooling 53.6 52.3 52.3 59.9 50.0 51.6 53.2
Attn from pronoun 54.8 53.0 52.2 57.4 47.5 52.9 52.6

Table 4: Ablation study results for models trained on
the English subset; the best result is in bold.

target metric. As the Table 4 demonstrates, each
choice leads to drops in performance, with the most
influential being the choice of feature concatena-
tion instead of taking the difference and attention
direction being the least important decision.

6 Analyzing the attention heads

In this section, we intend to analyze the reasons
behind competitive generalization performance of
our approach. Mainly we compare the subsets of
heads learned on different languages and measure
their impact on the prediction quality.

6.1 Universal commonsense reasoning
For the first experiment, we rank the heads for
models trained on all languages with the XLM-
R4 representations by the absolute value of the
weight. Then, we consider the top-5 heads which
are ranked highest on average across all languages.
These common heads are located in the higher lay-
ers of the model, which was shown previously to
encode mainly semantic features (Raganato and
Tiedemann, 2018; Jo and Myaeng, 2020), which
intuitively corresponds to the tasks the model needs

4The results for mBERT are available in Appendix B.

Figure 2: Averaged attention from the pronoun when
using top-5 common heads.

to solve for pronoun resolution. Figure 2 shows the
average attention weights of these heads for each
word in several example sentences.

After we locate the most important common
heads, we train linear classifiers restricted to these
heads as features only for every language. To evalu-
ate the importance of head choice, we also provide
the performance of linear classifiers trained on a
fixed subset of 5 random heads. The results of this
experiment can be seen in Table 5; we observe that
using the same top-5 heads (only 1.3% of the to-
tal number) across all languages preserves or even
improves the results. The only exception is Chi-
nese, which might not have enough labeled data
to extract a sufficient amount of task-specific in-
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Train lang Heads en fr ja ru zh pt Avg

MAS (unsupervised)

-
All 57.2 56.6 53.9 58.1 50.0 53.6 56.2
Random 57.8 56.6 56.9 61.6 50.0 56.7 56.6
Common 65.8 62.7 64.9 67.3 68.8 64.3 65.6

Ours (supervised)

en
All

-
67.5 69.1 70.4 60.0 66.8 66.7

Random 62.0 64.4 67.4 60.0 65.4 63.9
Common 68.4 66.6 68.5 62.5 65.3 66.3

fr
All 66.1

-
63.3 67.0 60.0 61.4 63.6

Random 59.9 58.3 60.7 58.8 57.2 59.0
Common 66.7 63.8 66.7 63.7 63.1 64.8

ja
All 70.1 67.2

-
72.4 61.3 65.9 67.4

Random 66.0 62.2 68.0 59.4 65.3 64.2
Common 68.9 66.7 69.5 62.5 64.9 66.5

ru
All 68.7 65.8 65.7

-
63.7 64.4 65.7

Random 66.0 62.3 64.3 59.4 64.6 63.3
Common 68.0 64.6 66.5 63.7 64.6 65.5

zh
All 51.1 48.2 52.4 51.3

-
50.0 50.6

Random 59.4 54.7 58.6 61.0 58.0 58.3
Common 46.4 47.2 49.4 46.8 46.9 47.4

pt
All 68.9 67.0 68.1 69.5 63.7

-
67.4

Random 66.2 62.3 64.6 67.1 60.0 64.0
Common 67.9 65.5 66.0 68.2 63.7 66.3

Table 5: Performance of models trained with different subsets of XLM-R-Large attention heads.

formation. It means that a very small subset of
attention weights is required to perform common-
sense reasoning in all evaluated languages. This
further supports the previous results on the analy-
sis of linguistic universals in cross-lingual models
(Chi et al., 2020; Wang et al., 2019b).

Moreover, restricting the subset of heads used in
the MAS baseline to those selected by the classi-
fiers significantly improves the quality of this un-
supervised method as well, nearly closing the gap
with the results obtained with supervision. This
leads us to the conclusion that initially the poor
performance of MAS might be caused by the sub-
optimal choice of attention heads; when the right
heads are selected, their weights do not impact the
predictions as significantly. Future unsupervised
methods for commonsense reasoning can use that
information to pay more attention to the choice of
heads, which is currently a less explored subject.

6.2 The impact of number of heads

In this experiment, we directly study the connection
between the number of heads and the quality of
predictions. Specifically, after training a model
with a full set of attention heads, we order them
by the absolute value. Then, we retrain the model
while keeping only the top-N important heads.

Top-1 Top-2 Top-4 Top-16 Top-32 All
Heads used

0.625

0.650

0.675

0.700

0.725

A
cc

ur
ac

y

Other languages
Train
Test

Figure 3: Effect of the number of XLM-R attention
heads used when training on English data. Shaded ar-
eas show standard deviation across runs.

Figure 3 displays the results of our study for
the English language; results for other languages
can be seen in Appendix C. From these results, we
find that although the training accuracy monotoni-
cally increases with the number of used attention
weights, the optimal amount of heads for cross-
lingual generalization is approximately equal to 16.
This number is optimal or near-optimal for other
languages as well, which might mean that as the
number of features grows, the model either simply
overfits the data or starts relying on features that
are not universal for all languages.
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7 Conclusion

In this work, we offer a simple supervised method
to utilize pretrained language models for common-
sense reasoning. It relies only on the outputs of
self-attention and outperforms complete finetuning
in a zero-shot scenario.

We also create a multilingual dataset of Wino-
grad schemas that contains tasks from English,
French, Japanese, Russian, Chinese, and Por-
tuguese languages with the same specification. We
want to encourage research on commonsense rea-
soning in languages other than English and release
our benchmark to facilitate the development and
analysis of new methods for this problem.

Lastly, we demonstrate that the reasoning capa-
bilities of cross-lingual models are concentrated in
a small subset of attention heads located in higher
layers of the model. Furthermore, this subset of
heads is language-agnostic, which sheds light at
another facet of linguistic universals encoded in
models such as multilingual BERT and XLM-R.
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A In-language metrics for supervised
methods

Here, we provide the metrics of our method and
the finetuning baseline described by Kocijan et al.
(2019) that were obtained on the training, valida-
tion and test data for the same language that the
models were trained. Tables 6 and 7 demonstrate
the results: it can be seen that although our ap-
proach performs less well on the same language
that was used for training, the issue of overfitting
on train data is less noticeable, which might be the
reason for better zero-shot metrics.

Model Train lang Train Test

Kocijan et al. (2019)

en 100.0±0.0 47.8±2.3
fr 100.0±0.0 44.4±7.9
ja 100.0±0.0 46.9±1.0
ru 100.0±0.0 52.5±1.4
zh 100.0±0.0 20.0±44.7
pt 100.0±0.0 49.6±6.2

Ours

en 57.5±0.3 52.7±1.1
fr 54.5±3.2 33.3±17.2
ja 54.1±0.6 49.6±3.1
ru 60.8±0.9 46.2±2.3
zh 61.7±8.5 20.0±24.5
pt 57.1±0.4 43.0±6.9

Table 6: Train and test set metrics for supervised meth-
ods, multilingual BERT.

Model Train lang Train Test

Kocijan et al. (2019)

en 100.0±0.0 83.3±1.0
fr 100.0±0.0 44.4±11.1
ja 100.0±0.0 79.6±2.2
ru 100.0±0.0 60.0±3.4
zh 100.0±0.0 50.0±0.0
pt 100.0±0.0 55.6±5.2

Ours

en 71.6±0.4 67.2±1.2
fr 67.7±1.4 37.8±5.4
ja 71.2±0.2 65.6±1.7
ru 71.4±0.9 58.1±1.5
zh 73.3±3.3 20.0±24.5
pt 67.1±0.8 68.1±5.0

Table 7: Train and test set metrics for supervised meth-
ods, XLM-R Large.

B Analysis of common heads for
multilingual BERT

Table 8 shows the evaluation results of models us-
ing top-5 attention heads of multilingual BERT.
It can be seen that leaving only 5 heads out of
144 improves average accuracy in all cases and
per-language accuracy in 18/30 cases without any
significant decreases in quality.

C Impact of number of heads for other
languages

In this section, we analyze the changes in both su-
pervised and zero-shot performance for our method
that follow from changes in the number of used at-
tention heads. Figure 4 displays the results for
French, Japanese, Russian, and Portuguese lan-
guage; we omit the results for the Chinese language
due to high variance from the small training dataset
size. From this figure, we observe the same trend:
increasing the number of used heads past 16 can
favorably affect the accuracy on the training set,
but negatively impacts the resulting quality both
for the test set and for other languages.
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Train lang Heads en fr ja ru zh Avg

MAS (unsupervised)

-
All 52.21 51.81 50.16 52.70 56.25 52.63

Common 56.60 53.01 51.82 60.00 50.00 54.29

Ours (supervised)

en
All - 53.33 52.05 58.92 52.88 54.29

Common - 54.53 52.52 59.78 52.25 54.77

fr
All 50.76 - 50.41 51.80 50.06 50.76

Common 51.01 - 50.38 51.73 50.62 50.94

ja
All 53.25 52.64 - 57.48 50.69 53.51

Common 55.54 51.84 - 58.51 50.56 54.12

ru
All 55.43 52.65 52.00 - 49.62 52.43

Common 56.20 52.92 51.66 - 49.75 52.63

zh
All 50.28 50.12 50.09 50.53 - 50.25

Common 50.82 50.14 50.24 51.30 - 50.62

Table 8: Performance of models trained with different sets of multilingual BERT attention heads.
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Figure 4: Effect of the number of used XLM-R attention heads on commonsense reasoning performance.
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Abstract

Pre-trained language models induce dense
entity representations that offer strong per-
formance on entity-centric NLP tasks, but
such representations are not immediately inter-
pretable. This can be a barrier to model uptake
in important domains such as biomedicine.
There has been recent work on general in-
terpretable representation learning (Onoe and
Durrett, 2020), but these domain-agnostic rep-
resentations do not readily transfer to the im-
portant domain of biomedicine. In this paper,
we create a new entity type system and train-
ing set from a large corpus of biomedical texts
by mapping entities to concepts in a medical
ontology, and from these to Wikipedia pages
whose categories are our types. From this map-
ping we derive Biomedical Interpretable En-
tity Representations (BIERs), in which dimen-
sions correspond to fine-grained entity types,
and values are predicted probabilities that a
given entity is of the corresponding type. We
propose a novel method that exploits BIER’s
final sparse and intermediate dense representa-
tions to facilitate model and entity type debug-
ging. We show that BIERs achieve strong per-
formance in biomedical tasks including named
entity disambiguation and entity label classifi-
cation, and we provide error analysis to high-
light the utility of their interpretability, partic-
ularly in low-supervision settings. Finally, we
provide our induced 68K biomedical type sys-
tem, the corresponding 37 million triples of de-
rived data used to train BIER models and our
best performing model.

1 Introduction

In modern NLP systems, entities are embedded in
the same dense vector space as words using vec-
tors from pre-trained (masked) language models
(Devlin et al., 2019) that yield contextualized em-
beddings of tokens. These representations are used
as inputs for downstream models built for particular

tasks. One issue with such learned representations
is that we do not actually know what information
they encode. Recent work has shown that deep
pre-trained models implicitly learn factual knowl-
edge about entities (Petroni et al., 2019; Roberts
et al., 2020), but the embeddings that they provide
do not explicitly maintain representations of this
knowledge (i.e., the dimensions in learned represen-
tations have no a priori semantics); consequently,
are not directly interpretable. This has motivated
the design of knowledge probing tasks to measure a
factual knowledge implicit in embeddings (Petroni
et al., 2019; Poerner et al., 2019).

Recent work (Onoe and Durrett, 2020) has pro-
posed learning interpretable entity representations
using an entity typing model and corresponding
fine-grained type system that accepts an entity men-
tion and its context. The output represents a high-
dimensional sparse embedding whose values cor-
respond to the model’s (independently) predicted
probabilities that the entity possesses the respective
properties defined by the fine-grained type system.

This past work proposed general domain pre-
trained Transformer-based (Vaswani et al., 2017)
entity typing models trained on Wikipedia or the
ultra-fine entity typing system (Choi et al., 2018),
yielding 60k and 10k dimensional embeddings, re-
spectively, which can then be used directly in down-
stream tasks. Such representations can achieve
strong results without learning task specific rep-
resentations. Thus, in addition to providing inter-
pretability, such representations may be particularly
useful for tasks with limited supervision.

Such interpretable entity representations for text
can be valuable in domains such as biomedicine,
because they afford model transparency which may
help with model debugging, or simply to instill
confidence in model outputs. For example, if one
defines a linear layer on top of entity-type repre-
sentations, learned coefficients are interpretable as
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weights assigned to specific entity types. One could
debug an incorrect prediction by inspecting the
induced representation for potentially erroneous
types assigned to it. This sort of insight is par-
ticularly important in biomedical NLP, given the
potential sensitivity of the tasks in the domain, and
the high-level expertise of the ‘end-users’.

Motivated by these observations, we extend
(Onoe and Durrett, 2020) to learn sparse Biomedi-
cal Interpretable Entity Representations (BIERs) in
which values encode predicted probabilities of an
entity belonging to a type from a fine-grained entity
type system. Starting from a corpus of PubMed1

articles on cancer and drugs as our training data, we
induce an entity type system by mapping entities
in the articles to their associated UMLS concepts,
and then mapping the concepts to Wikipedia pages
whose categories we use as our types.

We show that learning a typing model on top
of such a system realizes strong performance on a
variety of biomedical tasks including named entity
disambiguation (NED) and entity label classifica-
tion using simple cosine similarity or Euclidean
distance based methods, and we provide an analy-
sis of the results from an interpretabilty perspective.
In addition, we propose a simple technique that fa-
cilitates debugging and provides a mechanism by
which to improve model performance by exploiting
both the proposed sparse interpretable type repre-
sentations and their internal underlying dense coun-
terparts. Finally, we introduce and release a new
medical-centric Wikipedia dataset based on (Rosen-
thal et al., 2019) for use in the task of biomedical
NED.

Our specific contributions2 are as follows:

• We create (and will release) a biomedical en-
tity typing system comprising Wikipedia Cate-
gories from pages mapped to UMLS concepts
linked to PubMed article entities and learn a
model that produces sparse entity representa-
tions in which dimensions are imbued with
known semantics. We show that these achieve
strong performance on biomedical NED and
entity label classification tasks.

• We conduct an interpretability analysis and
demonstrate a new debugging method that

1A repository of biomedical literature: http://www.
pubmed.gov/.

2Code and datasets available at http://github.
com/diegoolano/biomedical_interpretable_
entity_representations
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Figure 1: Model architecture from (Onoe and Durrett,
2019) using our 68k biomedical entity type system. A
BERT based encoder embeds a mention and context
and the output entity embedding contains probabilities
for each type.

uses the proposed representation’s perfor-
mance on downstream tasks to gain insights
into the entity typing model and system.

• We release a medical literature centric
Wikipedia dataset for use in the task of
biomedical NED.

2 Background: Interpretable Entity
Model

We first review the interpretable entity model archi-
tecture we extend from (Onoe and Durrett, 2020).

Let s = (w1, ..., wN ) denote a sequence of in-
put context words, m = (wi, ..., wj) denote an
entity mention span in s, and t ∈ [0, 1]|T | denote
a vector whose values are predicted probabilities
corresponding to fine-grained entity types T from
a predefined type system with higher values identi-
fying types most pertaining to m and s .

Given a labeled dataset D =
{(m, s, t∗)(1), ..., (m, s, t∗)(k)} the objective
is to learn parameters θ of a function fθ that maps
the mention m and its context s to a vector t that
captures salient features of the entity mention
within its context. The basic idea is that the

3548



resultant entity embeddings t (wherein individual
dimensions have explicit semantics) can be used
as embeddings in downstream tasks, for example
by using basic similarity measures such as dot
products or cosine similarities.3

The simple model fθ that produces these em-
beddings is shown in Figure 1. First, a BERT-
based encoder (Devlin et al., 2019) maps inputs
m and s to an intermediate dense vector repre-
sentation. Specifically, the encoder takes as in-
put a token sequence formatted as x = [CLS]m
[SEP] s [SEP], where the mention m and con-
text s are segmented into WordPiece tokens (Wu
et al., 2016). The hidden vector output correspond-
ing to the [CLS] token can be treated as the inter-
mediate dense mention and context representation:
h[CLS] = BERTENCODER(x).

A type embedding layer then projects this inter-
mediate representation to a vector whose dimen-
sions correspond to the entity types T using a sin-
gle linear layer whose parameters may be viewed
as a matrix of type embeddings E ∈ R|T |×d, where
d is the dimension of the mention and context rep-
resentation h[CLS]. Finally, we apply a sigmoid
function to each unnormalized score in the vector
to obtain the predicted probabilities that form our
entity representation t (top of Figure 1). We ob-
tain these output probabilities t by multiplying E
by h[CLS], followed by an element-wise sigmoid
function: t = σ (E · h[CLS])

Following Choi et al. (2018), the training loss we
minimize is a sum of binary cross-entropy losses
over all entity types T over all training examples
D. That is, we treat each type prediction for each
example as an independent binary decision, with
shared parameters in the BERT encoder. Our loss
L is:

−
∑

i

∑

j

t∗ij · log(tij) + (1− t∗ij) · log(1− tij),

where i are the data indices, j are indices over
types, tij is the jth component of ti, and t∗ij is
the jth component of ti∗ that takes the value 1 if
the jth type applies to the current entity mention.
We fine-tune all parameters in BERT and the type
embedding matrix.

3Fine-tuning the representations would destroy their inter-
pretability.
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UMLS
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( mention, context, [types] )  68K unique entity types total

WIKI
PEDIA

Figure 2: Biomedical Entity Type System and dataset
construction. Appendix Fig 4 contains example output.

3 Biomedical Interpretable Entity
Representations

Biomedical Entity Typing To train an inter-
pretable entity embedding model tailored specifi-
cally for biomedical tasks, we must first construct a
suitable biomedical entity type system and dataset.
PubMed indexes over 30 million biomedical cita-
tions across a wide range of topics. To curate a
topically focused set of literature, we first used the
PubTator tool (Wei et al., 2019) to query PubMed
for articles related to drugs used as treatment for
cancer; this yielded 461,404 unique citations (titles
and abstracts).4

We used an off the shelf NER tagger available in
SciSpacy (Neumann et al., 2019) to identify en-
tity spans within abstracts, and used the Entity
Linker component to link those entities to con-
cept unique IDs (CUIDs) within the Unified Medi-
cal Language System (UMLS) ontology5.

Next we had to decide on the specific entity type
system to use, i.e., the set of labels to attach to
entities, and chose Wikipedia as our knowledge
base. We used this general knowledge base instead
of a specialized ontology (for example, MeSH
or SNOWMED CT) primarily because it yielded
(many) more diverse entity types per mention, com-
paratively.

To connect UMLS concepts to Wikpedia pages

4We selected the topic of cancer because our work is mo-
tivated by a larger project aimed at finding existing evidence
that supports repurposing generic drugs for cancer.

5UMLS defines around 3 million concepts from a com-
bined 200 source ontologies. Concepts may be identified as
having one or more of 127 semantic types which can be used
to place them into groupings such as diseases or drugs.
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we use the mapping from Cuzzola et al. (2018),
which is accurate but incomplete: It provides ex-
act wikipage matches for 221,690 concepts and
“close matches” for 26,276 of them, out of a possi-
ble 3 million concepts in UMLS. For concepts for
which no exact or close match was found, we used
SLING (Ringgaard et al., 2017), a framework for
frame semantic parsing which allows for querying
and resolving wikipages given a search string (in
our case, mention surface forms). For high confi-
dence exact or close matches, we return the set of
categories found for their combined results. While
these results can be slightly noisy, they mostly lead
to satisfactory performance.

We filter the entity mentions that compose our
final set, as follows. If multiple concept CUIDs
are found for a given entity, we include the highest
scoring matches within two points of each other
provided they all exceed a minimum score thresh-
old of 0.8;6 Additionally, we only include results
that are linked to at least one concept CUID and
where an associated Wiki link was mapped to di-
rectly via Cuzzola et al. (2018) or via SLING. A
schematic of this process is shown in Figure 2. An
example working through the entity filtering pro-
cess is shown in the text of Appendix A. In the
end about 12.5% of the mappings from PubMed
mentions to Wikipedia categories come via SLING.

After processing, linking and filtering the cor-
pus of PubMed abstracts, we were able to extract
37,357,141 triples of the form (mention, context,
[list of categories]). This list of triples contains
68,304 unique categories which we use as the en-
tity type system for training BIERs. Appendix 8
contains a list of the top 100 entity types that ap-
pear over these articles and Appendix 5 shows a
histogram of entity types per mention. As one con-
tribution, we will release this set of derived triples.

To assess the quality of this dataset, we chose
500 triples at random and asked 4 experts (re-
searchers in biomedicine and ML) to score them on
a Likert scale from 1 (low) to 5 (high) for accuracy.
Experts assessed how well a PubMed mention from
a context sentence maps onto a Wikipedia URL. Av-
erage expert scores for the triples were [4.01, 4.13,
4.18, 4.20] (overall mean of 4.13) out of 5. The
Fleiss-Kappa score which measures inter-annotator
agreement was strong at .69. Additionally 77%
of scores are >= 4, and for 93% of the examples

6This is the default threshhold set in SciSpacy for con-
cept candidate inclusion.

at least 3/4 experts agree (73% have unanimous
agreement).

BIER entity typing model training and test re-
sults We split our derived dataset of biomedical
triples into train, validation, and test sets of sizes
31,340,000, 376,071, and 5,641,070, respectively.
For comparison, the total data size used by Onoe
and Durrett (2020) is 6.1 million and based on the
most popular categories of Wikipedia whereas ours
only uses categories on pages linked to UMLS.

We trained different BIER models using vari-
ants of BERT as an encoder for mentions and con-
texts. Specifically we considered BioBERT (Lee
et al., 2019), SciBERT (Beltagy et al., 2019) and
BLURB (Gu et al., 2020) (we will refer to this as
PubMedBERT), which constitute the current state
of the art for many biomedical tasks.We compute
entity typing macro F1 using development exam-
ples to check model convergence and use the hy-
perparameters from Onoe and Durrett (2020).

Debugging BIERs by combining dense and
sparse embeddings We propose a technique for
debugging using BIER representations that is in
part inspired by prior work that used interme-
diate layer representations of training examples
as additional features (Papernot and McDaniel,
2018). Specifically, we propose to debug BIER
performance on downstream tasks by examining
instances where dense and sparse representations
yield different outputs. For each example, BIER
models produce an intermediate dense h[CLS] and
interpretable sparse output embeddings t (red and
purple, respectively, in Figure 1). We will refer to
the two seperate models which use these dense and
sparse BIERs embeddings for downstream tasks as
BIERDense and BIERSparse respectively.

After performing inference initially, we gather
all test examples where the BIERDense makes
a correct prediction but BIERSparse does not
and we place their mention values into a set Z .
Additionally, as a diagnostic measure, we con-
sider an ‘oracle’ approach in which we use the
BIERDense prediction for all instances in Z , and
the BIERSparse output otherwise. The intuition
is that Z contains examples for which the interme-
diate dense embeddings better represent a mention-
context than the more interpretable sparse output
embeddings from the BIER model.

Because the sparse embeddings are interpretable,
this analysis affords fine-grained analysis of which
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Dataset Mentions Abstracts Type Sets

MedMentions 350K 4.3K-PubMed gold no
BIERs* 37M 460K-PubMed silver no
ClinWikiNED* 10K 35K-Wiki silver yes

Table 1: Comparison of BioMed Linked Datasets.
BIERs and ClinicalWikiNED datasets described in Sec-
tion 3 and 4.1 respectivtely

entity types lead to incorrect predictions by the
sparse model (but correct predictions using a dense
representation). This diagnostic can be used as
a benchmark for how well the model could have
done had the entity typing model’s output better
represented the mention-context, or if the model
had known to fallback to using the intermediate
dense embedding; the former case might be ame-
liorated via more supervised examples or changes
to the type system while the latter could motivate
a dynamic approach to making predictions that is
a function of model confidence. We show results
and analysis using these methods in Section 5.

4 Experimental Setup

To evaluate the utility of the proposed biomedical
entity representations, we use them for the tasks
of biomedical entity label classification (ELC) and
named entity disambiguation (NED). We highlight
that these models perform well even without fine-
tuning, which is critical in low- or zero-supervision
scenarios.

4.1 NED on Biomedical Wikipedia articles

The NED task connects entity mentions in text with
real world entities in a knowledge base by disam-
biguating the true entity from a list of candidates.
We consider the local resolution setting in which
each instance features a single entity mention span
in the input text and several possible candidates
with corresponding descriptions (e.g., the first para-
graph of their Wikipedia article).

NED dataset construction While there exist
multiple biomedical named entity recognition and
linking datasets (Mohan and Li, 2019; Basaldella
et al., 2020), we did not find much in the way of
publicly available biomedical NED corpora, and
we therefore constructed a new dataset, which we
will release for use by other researchers. The
dataset is based on the set of Wikipages used by
Rosenthal et al. (2019), as relevant medical litera-
ture which consists of 34,692 medically relevant

articles under the ‘Clinical Medicine’ category 7.
We used SLING8 to process these articles and were
able to retrieve around 1.5 million training exam-
ples (mention, context, [categories]) from them.

After obtaining these examples for each en-
tity mention we used the CrossWikis dictionary
(Spitkovsky and Chang, 2012) to try to gather be-
tween 3 to 5 challenging candidate entities for the
example. This range in terms of number of candi-
dates was selected because we wanted to include
salient biomedical terms that are difficult to dis-
ambiguate; setting a higher number of potential
candidates for use with CrossWikis largely gives
general and short “popular” candidates (i.e., those
that appear often in Wikipedia). This behavior
makes sense since many biomedical terms are quite
specific and usually only have a few high quality
alternative candidates to select from. Additionally,
we filter out redirect pages and pages that no longer
match the wiki version used to create CrossWikis.

This candidate generation and data content ac-
quisition step filters out considerably the number
of available examples. We additionally subsam-
ple the dataset to reduce the instances where the
“popular” candidate is the correct entity so as to
make the task more difficult and to allow for more
rare entities to appear in our set. After all the fil-
tering, our ClinicalWikiNED dataset consists of a
train/dev/test split of size 5332, 3730, and 800 re-
spectively. Table 1 shows a comparison of the two
datasets introduced in this paper with that of one
of the largest publicly available linked biomedical
datasets(Murty et al., 2018).

Using BIERs for NED Using the BIER
architecture, we first train a separate
WikiDescription model that takes as
input a wikipage title as its mention, its first
paragraph as the context, and outputs a sparse
embedding that predicts the page’s categories.
As training data, we use any Wikipedia page
that contains categories in our biomedical entity
type system. We use 2.5 million such (title,
descriptions, [categories]) as our training data,
and we check for model convergence on a small
development set. This model is used so that
candidate embedding dimensions will align with
our BIER mention-context embeddings.

For each mention m and context s in the test
set, we use a BIER model to induce a sparse rep-

7https://en.wikipedia.org/wiki/Category:Clinical medicine
8Based on a June 1, 2020 dump of English wikipedia.
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Test Acc.

Model Dot Prod Cosine Sim

BIER-PubMedBERT (ours) 80.1 84.0
BIER-SciBERT (ours) 76.4 77.3
BIER-BioBERT (ours) 71.9 75.9

Onoe and Durrett (2020) 63.6 69.8
Popular Prior 73.9 -
PubMedBERT (Gu et al., 2020) 77.6 -
SciBERT (Beltagy et al., 2019) 77.4 -
BioBERT (Lee et al., 2019) 77.9 -

Table 2: BIER zero shot test results vs Logistic Regres-
sion Baselines trained on task data for NED task

resentation t. We then go through each candi-
date ci for the current test example and use the
WikiDescription model to retrieve the candi-
date’s sparse output embedding tci . Finally, we
compute both the cosine similarity and dot product
of t with each candidate tci and predict the can-
didate ci that achieves the highest score for each
metric as the true one.

Baseline model for NED We use the EntEval
(Chen et al., 2019) framework for our experiments
and train a logistic regression classifier using a
feature vector composed of the mention-context
embedding x1 and current candidate wiki descrip-
tion embedding x2 from the set of candidates Cm
as a concatenation of x1, x2, element-wise product,
and absolute difference: [x1, x2, x1�x2, |x1−x2|].
Both x1 and x2 are obtained via BERT based mod-
els. Training minimizes binary log loss using all
negative examples. At test time, inference com-
bines this classifier result with the prior probability
of how frequently candidates occur in Wikipedia
as follows: arg maxc∈Cm [pprior(c)+pclassifier(c)]
to obtain the final candidate prediction. Directly
using the most likely prior as predictions yields
an accuracy of 73.9%. We emphasize that these
baselines are fine-tuned on the task data while the
BIER models only do inference on the test set.

Results Table 2 shows the results of the NED
experiments. The biomedical BIER model affords
improvements over the prior general domain inter-
pretable model (Onoe and Durrett, 2020), showing
that the biomedical type system and training is
beneficial for this type of task. In addition, the
BIER models outperform the baselines without
fine-tuning on the training data.

4.2 ELC on Cancer Genetics data

For our entity label classification task we use the
Cancer Genetics dataset (Pyysalo et al., 2013)
which consists of 10,935 training, 3,634 dev, and
6,955 test examples from 300, 100, and 200 unique
PubMed articles, respectively.9 Given an article
title and abstract, mention, and the corresponding
entity label, the objective is to predict this label
from 16 available coarse labels (see Table 7 in the
Appendix for label distribution information).

To assess how well the learned BIER represen-
tations fare against comparable baselines, we per-
form a simple nearest neighbor classification tech-
nique using the proposed BIER model variants,
the general domain model from Onoe and Durrett
(2020), and non-BIER fine-tuned pre-trained lan-
guage models as standalone encoders.

We first induce dense embeddings for all train-
ing examples by passing the mention m and con-
text s through the encoders as [CLS]m [SEP] s
[SEP], and we store the resultant contextualized
[CLS] embedding h[CLS] as our dense embed-
ding. For the BIER and Onoe and Durrett (2020)
models we also save the final sparse entity embed-
ding t.

We iterate over the test examples and similarly
induce dense representations for these htest[CLS] and
(if applicable) sparse representations ttest. We find
their nearest neighbor (under either `2 distance or
dot product similarity) from the saved training set
of embeddings, and use its label as the prediction.
We use the FAISS semantic indexer (Johnson et al.,
2017) for storing embeddings and finding nearest
neighbors quickly. We are interested in evaluating
the off-the-shelf utility of learned representations,
and, as such, we do not train or fine-tune the models
in any of these cases; rather, training examples are
used only for nearest neighbor retrieval.

That said, for completeness we also performed
additional experiments in which we do fine-tune
models on the task data, with varying amounts of
supervision; we are interested especially in low-
supervision settings. For the fine-tuning experi-
ment, we add a linear layer on top of the best per-
forming BIER and baseline models, using cross
entropy loss as our objective and fine-tuning them
for 4 epochs on the training data before performing
inference. For the low supervision regime experi-
ment, we show how the best nearest neighbor and

9In our experiments we combine the train and dev sets into
a single training set.
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Test Acc.

L2 Dist Dot Prod

Model Dense Sparse Dense Sparse

BIER-PubMedBERT 85.5 86.8 88.2 87.5
BIER-SciBERT 70.8 77.0 72.8 76.8
BIER-BioBERT 83.4 85.9 85.6 86.8

Onoe and Durrett (2020) 63.9 55.1 60.0 59.9
PubMedBERT 77.3 - 69.3 -
SciBERT 74.4 - 75.2 -
BioBERT 67.6 - 59.6 -

Table 3: Test accuracy on Cancer Genetics data using
a nearest neighbor classifier (k=1) without fine-tuning
based on sparse output or intermediate dense embed-
dings using L2 or Dot Product distance metrics.

fine-tuned models perform when givenK examples
per class for K ∈ [5, 10, 25, 50, 75, 100, 200]

Results Table 3 shows the results for our first ex-
periment, in which we use untuned representations.
We observe that the baseline language model en-
codings all perform worse than the proposed BIER
sparse and dense models, with the exception of
SciBERT, which fares better than the sparse BIER
model based on SciBERT. Additionally, we see that
BERT and Onoe and Durrett (2020) (which is based
on BERT) both perform poorly in this biomedical
task compared to the other baselines.

Importantly, we notice that the sparse inter-
pretable embedding results for our top perform-
ing models (both BIER-PubMedBERT and BIER-
BioBERT) perform near the level of their dense,
non-interpretable counterparts. In the next section
we will look at some illustrative test examples cases
along with a simple technique to leverage both the
dense and sparse embeddings that a BIER model
can give to improve performance on the task and
gain insight into where the entity type model and
system may be underperforming.

Table 4 shows the results of our fine-tuning ex-
periment. Freezing the model and allowing only the
classification layer to learn weights doesn’t allow
enough capacity for either case, while fully fine-
tuning both models gives improved performance in
both models. However because the BIER model is
no longer tied in, the interpretability component of
our representations is eliminated, a limitation left
for future work.

Figure 3 shows BIER-PubMedBERT performs
better than the fine-tuned and non-interpretable
PubMedBERT model when there are fewer than
100 examples per class ( which is the case for 6 out

Test Acc.

Model Frozen Model Fine-Tuned

BIER-PubMedBERT (ours) 68.0 96.0
PubMedBERT 36.2 96.1

Table 4: Test results on Cancer Genetics task with fine
tuning on all data whether freezing the model or not.

Figure 3: Results for the entity label classification task
under varying amounts of supervision.

of the 16 test classes in the dataset as seen in table
7 in the appendix).

5 Debugging with BIERs

One of the claimed advantages of BIERs is their
ability to facilitate model debugging. In this section
we provide illustrative examples where the inter-
pretability of the underlying representations offers
insights into model behavior and suggests avenues
for improvements.

Entity Type and Mention Analysis We illus-
trate the debugging strategy proposed in the context
of entity label classification. Recall that this entails
inspecting test examples for which the dense model
yields a correct prediction, while the sparse variant
does not (implying that the former somehow better
represents the instance). We can inspect these cases
to understand what entity types are leading to such
behavior. Appendix Table 11 and 12 enumerate
such mentions and their most probable types. We
note the inclusion of many people’s names (e.g.,
“Anthony Campbell”, “Tony Walsh”) which have
been assigned at least some incorrect types in their
sparse representations. This highlights a general
failure mode of the model: It is assigning incor-
rect types to person names, which may be causing
downstream prediction errors. This is actionable
information, as we could remedy the issue via rules,
additional, targeted supervision or by down weight-
ing probabilities given to common erroneous types
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for these mentions.
To better characterize entity type errors, we

gather the set of the 20 most probable entity types
for all mentions incorrectly predicted by the BIER
sparse model and sort types by frequency. We do
the same for those predicted correctly. The result-
ing two lists share many of the same top popular
types, but looking at relative rankings and only
displaying those that are comparatively far apart10

reveals some interesting results. Tables 9 and 10
report entity types correlated with correct and incor-
rect predictions, respectively. We emphasize this
type of analysis is only possible due to the inter-
pretable nature of the proposed BIER embeddings.

As a final illustrative debugging example, we
consider a test example mention “thyroid car-
cinomas” with label “Cancer”, along with the
predictions made by the sparse model, “thyroid”
with the incorrect label “Organ”, and the dense
model,“esophageal carcinoma” with the correct la-
bel “Cancer”. We also retrieve the first correct
prediction from the nearest neighbors of the sparse
model embedding “medullary thyroid carcinoma”
which we refer to as the counterfactual sparse pre-
diction.11 We take the dot product of the mention-
context embedding with these three prediction’s
embeddings and inspect the top types which lead to
their selection in Figure 6 in Appendix C. Both the
incorrect sparse and correct counterfactual sparse
predictions, at the surface level are quite similar to
the test mention, but have lower scores for the en-
tity type ‘thyroid cancer’ compared with the dense
prediction which gives the correct label, but is se-
mantically less similar to the test mention than the
counterfactual sparse prediction. Additionally, the
noisy type “rtt” erroneously plays more of a role in
the sparse model predictions as well.

Diagnosing task results In analyzing errors
made by the highest performing BIER dense and
sparse nearest neighbor models for the entity label
classification task, we noticed that while there was
high concurrence for correct predictions (i.e., of
the 88% true predictions made by the dense model
overall, the sparse model agreed with the predic-
tion 95% of the time), the cases where the model
predictions disagreed, but where one of them still
predicted the true label, were quite varied. In other

10We chose to highlight entity types that are farther than 50
rankings apart to have a small set to display.

11Had the mention under consideration instead mapped to
this sparse representation, the prediction would have been
different, and correct.

Test Acc.

Task Dense Sparse Combined ∆

NED 84.0 81.0 91.7 +7.7
ELC 87.5 88.2 91.9 +3.7

Table 5: Results for both tasks showing improvements
that could have been achieved by combining intermedi-
ate dense and interpretable sparse output embeddings
generated by the same BIER-PubMedBERT model.

words, the sparse model gave many correct results
on test cases when the dense model gave incorrect
ones and vice versa. Applying the diagnostic tech-
nique from Section 3, we see the classifier’s overall
performance could have improved from 88.2 to
91.9 had the model known when to utilize its inter-
mediate dense representation over its sparse output.

Similarly we applied the diagnostic technique to
the NED task and leave more details in Appendix B.
Incorporating mentions that the dense dot product
BIER model handles better than the cosine simi-
larity based sparse one does would have given an
improvement from our prior accuracy of 84.0 to
91.7. Table 5 shows the possible improvement in
task accuracies for both tasks.

6 Related Work

In this work we have introduced a predefined fine-
grained biomedical type system comprising 68k
types, explicitly tied to PubMed. Instead of using
a fixed type system, Raiman and Raiman (2018)
seek to dynamically learn a 100 dimensional type
system from a much larger general domain type
system in order to optimally disambiguate entities.

Aside from work on biomedical NLP and enti-
ties specifically, there exists a line of work on in-
terpretable word embeddings (Subramanian et al.,
2017; Faruqui et al., 2015). A common approach
here is to identify the groups of words most as-
sociated with vector components globally, some-
what akin to topic models. This differs from our
approach, which is based on an external type sys-
tem and provides immediate, instance-level inter-
pretable probabilities for each entity type. Hu et al.
(2020) proposes transforming dense to sparse rep-
resentations independent of entity typing.

Another related line of work tests a models’ abil-
ity to induce syntactic or type information by the
measuring accuracy of a probe (Peters et al., 2018;
Hewitt and Manning, 2019; Hewitt and Liang,
2019). There is significant uncertainty about how
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to calibrate such post-hoc probing results (Voita
and Titov, 2020) whereas our model’s representa-
tions are directly interpretable.

While many interesting biomedical entity repre-
sentation and linking task oriented works (Murty
et al., 2018; Vashishth et al., 2020; Mondal et al.,
2019; Sung et al., 2020; Liu et al., 2020) leverage
PubMed or UMLS for semantic type, entity syn-
onym, or self alignment purposes, our work is the
first to incorporate interpretable embeddings that
are linked to a biomedical entity type system.

7 Conclusions

We have introduced a new biomedical entity typ-
ing system and training set from a large corpus
of biomedical texts. We will release this dataset,
which comprises 37 million derived triples. Ex-
ploiting this data, we proposed Biomedical Inter-
pretable Entity Representations (BIERs), in which
dimensions correspond to fine-grained entity types,
and values are predicted probabilities that a given
entity is of the corresponding type.

Using two downstream biomedical tasks, we
showed that BIER representations yield predictive
performance that is competitive with dense (unin-
terpretable) representations, and that such repre-
sentations are particularly beneficial in zero-shot
or low-supervision settings. We also demonstrated
that BIER representations can facilitate meaningful
model debugging both at the mention and entity
type level.
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where some applications can be quite high-stakes.
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where they might otherwise be beneficial. This
work is a step towards more transparent models for
biomedical NLP.
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Figure 4: Example from derived Biomedical Dataset

A BIER system level specifics

To better illustrate the process of which mentions
are retained during our filtering process, Table 6
shows the 6 concepts associated with an exam-
ple mention of ”phase II clinical trial” found in
a PubMed article. We see all 6 concepts score
higher than our minimum threshold and we use
the two highest scoring matches that are within
2 points of each other: CUIDs C0282460 and
C1096779. the former C0282460 has a WikiPedia
data item Q7180990 that corresponds to the page
“wiki/Phases of clinical research” whose associ-
ated categories are “Clinical research”, “Design
of experiments”, “Life sciences”, “industry”. The
second result C1096779 has no direct WikiPedia
match and the results we get from SLING include
“Clinical trial”, “Scientific control”, “Medicine”,
“Topical medication”, “Observational study”, “Lit-
erature”. Hence for this mention and context from a
PubMed abstract, we are able to extract a (mention,
context, list of types) triple of the form (“phase II
clinical trial”, context, [“Clinical research”, “De-
sign of experiments”, “Life sciences” industry”,
“Clinical trial”, “Scientific control”, “Medicine” ....
]].

CUID Concept Name Score DBPedia

C0282460 Phase 2 Clinical Trials 0.9999 Q7180990
C1096779 Clinical Trial, Phase II 0.9999 none
C0282461 Phase 3 Clinical Trials 0.9496 Q7180990
C0920321 Phase I Clinical Trials 0.8707 Q7180990
C1096780 Clinical Trial, Phase III 0.8635 none
C0282462 Phase 4 Clinical Trials 0.8208 Q7180990

Table 6: Using an NER tagger we find 6 associated con-
cepts in UMLS for the mention “phase II clinical trial”
in a context sentence “Unraveling the molecular mech-
anism of BNC105, a phase II clinical trial vascular dis-
rupting agent, provides insights into drug design.”

Label Train + Dev
Set % ( raw )

Test Set
% ( raw )

Gene or gene product 36.98 ( 5388 ) 36.23 ( 2520 )
Cell 17.32 ( 2524 ) 15.15 ( 1054 )
Cancer 11.52 ( 1679 ) 13.30 ( 925 )
Simple chemical 10.59 ( 1543 ) 10.45 ( 727 )
Organism 8.63 ( 1258 ) 7.81 ( 543 )
Multi-tissue structure 3.80 ( 554 ) 4.36 ( 303 )
Tissue 2.77 ( 403 ) 2.73 ( 190 )
Cellular component 2.67 ( 389 ) 2.59 (180 )
Organ 1.82 ( 265 ) 2.24 ( 156 )
Organism substance 1.24 ( 181 ) 1.47 ( 102 )
Pathological formation 0.96 ( 140 ) 1.28 ( 89 )
Amino acid 0.50 ( 73 ) 0.89 ( 62 )
Immaterial anatomical

entity 0.49 ( 71 ) 0.45 ( 31 )

Organism subdivision 0.40 ( 59 ) 0.56 ( 39 )
Anatomical system 0.16 ( 24 ) 0.24 ( 17 )
Developing anatomical

structure 0.12 ( 18 ) 0.24 ( 17 )

Table 7: Cancer Genetics Dataset Label Distribution

Figure 5: Entity Types per mention on Training set for
BIER

B NED diagnostic details

For the NED task we used the BIER’s sparse em-
beddings of test mentions in their contexts and took
cosine similarity with a separate BIER model’s
sparse embeddings of candidate wiki descriptions
to make our predictions. To use the diagnostic tech-
nique we first get task predictions using the dense
embeddings from the BIER models which gives
results of 81 and 79.25 percent test accuracy us-
ing dot product and cosine similarity respectively.
Although the prior sparse cosine similarity BIER
model in this case gave a higher 84.0 percent test
accuracy, using the diagnostic technique in this
case by incorporating mentions the dense dot prod-
uct BIER model handles better would have given
an improvement in accuracy from 84.0 to 91.65.
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1-25 26-50 51-75 76-100

term w.h.o. essential medicines test (assessment) causality
ingredient psychosis drug discovery hydroxyl
disease scientific method receptor (biochemistry) adverse effect
cell (biology) oncology observational study diagnosis
rtt enzyme immunology physiology
protein human body molecular biology chemotherapy
gene psychotherapy abnormality (behavior) hepatotoxins
human medicine radioactive decay molecule
neoplasm grammatical modifier derivative (chemistry) phenotype
cancer tissue (biology) chemistry cell biology
therapy treatment and control groups health policy concepts in metaphysics
medical terminology scientific method amine concepts in epistemology
measurement coagulation peptide apoptosis
patient chemical reaction pharmaceutical sciences procedural law
chemical compound philosophy of science antigen science
surgery calcium in biology biology genetic code
nitrous oxide enzyme inhibitor algorithm empiricism
pharmaceutical drug medicinal chemistry texas family
acid research mental disorder thailand
articles containing video clips metabolism statistical hypothesis testing liver
malignancy taxonomy (biology) catalysis medical mnemonics
time cell growth allele dosage form
prothrombin time blood methyl group immune system
cognition syndrome infectious causes of cancer amino acid
drug sewage treatment database beta sheet

Table 8: Top 100 most frequent types from Biomedical Entity Type System

Incorrect
rank Entity Type Correct

rank
Relative

difference

20 tongue 76 56
24 anatomy 160 136
29 protein domain 112 83
34 organ (anatomy) 107 73
35 gland 205 170
38 phosphatase 140 102
43 surgery 120 77
46 circulatory system 293 247
50 squamous-cell carcin 111 61
51 nephron 142 91
60 anatomical terms 169 109
61 kidney 284 223
62 cancer cell 213 151
70 activator (genetics) 179 109
71 drug 192 121
74 breast cancer 127 53
75 locus (genetics) 206 131
77 cancer staging 256 179
79 signal transduction 233 154
81 multiprotein complex 132 51
82 endometrium 200 118
83 mouth 200 117
84 cell anatomy 272 188
90 molecular biology 200 110
93 rare cancers 200 107
95 website 161 66
96 cell cycle 200 104
97 gene expression 178 81
98 hydroxyl 221 123
99 oral sex 200 101

Table 9: Entity Types more associated with erro-
neous predictions

Incorrect
rank Entity Type Correct

rank
Rel
diff

23 syndrome 244 221
34 abnormality (behavior) 270 236
35 elementary particle 128 93
42 apoptosis 200 158
51 congenital disorder 200 149
53 transformation (genetics) 275 222
54 measurement 109 55
55 human cells 147 92
56 immune system disorders 200 144
57 paraneoplastic syndromes 200 143
58 code 154 96
59 battery (electricity) 200 141
61 virus 222 161
63 chemistry 281 218
66 calcium in biology 209 143
71 thymus 200 129
72 medical terminology 190 118
73 cell biology 297 224
74 recombinant dna 10 64
76 tongue 20 56
79 protein kinase 164 85
80 drama 200 120
85 tumor suppressor gene 14 71
86 patient 200 114
87 specialty (medicine) 234 147
90 growth hormone 200 110
91 taxonomy (biology) 238 147
93 t cells 228 135
94 childhood 200 106
95 aging-related proteins 200 105
96 network affiliate 200 104
97 blood tests 200 103
98 protein a 200 102

Table 10: Entity Types more associated with correct
predictions
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Mention Sparse embedding top types that do worse than dense counterparts

albinism, disease, animal coat colors, heredity, dermatologic terminology,albinism articles containing video clips, hair, skin, pigment, nitrous oxide
tooth, lung anatomy, mouth, pulmonary alveolus, human mouth anatomy, dental caries,alveolar ridge periodontology, parts of tooth, mandible, leaf
surgery, anastomosis, evolutionary biology, digestive system, angiology, anatomy, lawsuit,anastomosis combat, organ (anatomy), surgical anastomosis
carl linnaeus, ingredient, human, taxa named by carl linnaeus, flora of asia,
world health organization essential medicines, coordination complex,anthony campbell
western european countries, extract, asteraceae genera
peripheral nervous system disorders, autonomic nervous system, disease, nervous system,autonomic neuropathy peripheral neuropathy, functional group, heredity, mental disorder, nerve
skin conditions resulting from physical factors, lesion, fluid, frostbite, radiation health effects,bleb disease, source code, nitrous oxide, skin, hematology
cell (biology), cell culture, medical terminology, oncology, cancer, precancerous condition,cancer cells large cell, human, protein, standard operating procedure
mitochondria, programmed cell death, death, cell (biology), cellular senescence, cognition,cell death apoptosis, tgf beta signaling pathway, nuclear receptor, survival rate
plasma cell, small intestine, mood disorder, b-cell lymphoma, lymphocytic leukemia,chronic lymphocytic

leukemia bioaccumulation, bone marrow, grading (tumors), lymphatic system, lymphoblast
ionizing radiation, assumption, units of measurement, comics by steve ditko, cell (biology),cosmological constant grammatical modifier, quantity, blood plasma, industrial gases, litre
organic reactions, gene expression, posttranslational modification, rna, transcription (genetics),demethylation molecular genetics, epigenetics, therapy, demethylation, molecular biology
wine regions of south africa, suburbs of cape town, astronomical unitdissociation constant elementary particle, rat, medical terminology, gene, units of measurement, furans
endoscopy, bicycle, diagnostic gastroenterology, physical examination, gastroenterology,endoscope microphone, video camera, israeli inventions, pencil, 21st-century inventions
finger, conditions of the skin appendages, articles containing video clips, disease, toe,fingering nitrous oxide, hand, keratin, reflex, fingers
female, causes of death, fly, metrorrhagia, disease, articles containing video clips,flirting conditions of the skin appendages, etiology, dog, homology (biology)
tongue, anatomical terms of location, ganglion, mandible, midbrain, organ (anatomy),geniculate cell nucleus, cerebral cortex, lobe (anatomy), middle ear
kidney, tongue, connective tissue, epithelium, gene, cell membrane, nitrous oxide,glomerulus organ (anatomy), nephrology, derivative (chemistry)
hemoglobins, respiratory physiology, hemoglobin, geography, equilibrium chemistry, cancer,guy davis race and ethnicity in the united states census, geographic coordinate system, texas
infant, infant feeding, child, milk, formula, dosage form, foods, breast milk,infant formula preterm birth, chemistry
bowel obstruction, human gastrointestinal tract, large intestine, invagination, disease,intussusception morphology (biology), colorectal cancer, nitrous oxide, deconstruction, thrombosis
isomerism, stereochemistry, metabolism, 1827 introductions, laboratory techniques,isomerization transgender, chemistry, organic chemistry, isomerases, flora of california
ingredient, rtt, mesylate, abbvie inc. brands, anti-inflammatory, orphan drugs, acid,mescaline methyl group, carbamates, amine
epigenetics, posttranslational modification, amino acid, protein, methylation, acid,methylation organic reactions, amine, antigen, ingredient

Table 11: NED examples where dense BIER embeddings outperforms sparse (interpretable) BIER representations.
Mentions start with [A-M].
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Mention Sparse embedding top types that do worse than dense counterparts

n400 antigen, cancer, gene, protein, units of measurement, ratio, allele, human, time, nucleolus
acne vulgaris, topical medication, ingredient, functional group, route of administration, peroxides,peroxides chemical reaction, glandular and epithelial neoplasia, functional groups, pharmaceutical drug
nutrition, fatty acids, acid, lipids, ester, protein, ingredient, food science,polyunsaturated

fatty acids neuronal ceroid lipofuscinosis, lipid
endopeptidase, enzyme inhibitor, biosynthesis, protease, chemical compound, receptor antagonist,protease inhibitors peptide, moa, hiv, hiv-1 protease
psychology, substance dependence, substance abuse, emotion, mental disorder, dependent territories,psychological

dependence governance of the british empire, mental and behavioural disorders, crown dependencies, british islands
abnormal psychology, abnormality (behavior), nitrous oxide, pathology, disease, behavioural sciences,psychopathy psychosis, mental and behavioural disorders, mental disorder, affect (psychology)
technology, natural resource, segmental resection, plant anatomy, plant physiology, surgical suture,resection surgery, plant morphology, morphology (biology), amputation
epithelioid cell, etiology, chilblains, disease, nitrous oxide, kalashnikov derivatives, sarcoidosis,sarcoidosis organ (anatomy), 5.56×45mm nato assault rifles, carbines
tongue, ear canal, vestibular system, auditory system, eustachian tube, canal (anatomy),semicircular canals auditory system, crystal structure, vestibulocochlear nerve, cranial cavity
sequence, bioinformatics, psychosis, psychoanalysis, dna, scientific method, nucleic acid sequence,sequence analysis physical examination, dna sequencing, algorithm
race and ethnicity in the united states census, adult, flora of asia, carl linnaeus, human,tony walsh french-speaking countries, flora of north america, hemoglobins, women, coagulation system
united states, united states federal executive departments, management, police, public health,
united states department of defense, united states department of health and human services agencies,

united states
department of

agriculture regulators of biotechnology products, 1889 establishments in the united states
ventricle (heart), zoning, ventricular system, ventricular system, brain, developmental neuroscience,ventricular zone tongue, urban planning, anatomical terms of location, bone
psychological testing, psychiatric assessment, connective/soft tissue tumors and sarcomas,wechsler adult

intelligence scale nitrous oxide, psychiatric diagnosis, medical scales, level of measurement, adult, childhood
yin and yang, qi, alternative medicine, taoist cosmology, chinese martial arts terminology,yang xiong chinese philosophy, plants used in traditional chinese medicine, gene, qigong, trees of china

Table 12: NED examples where dense BIER embeddings outperform sparse BIER representations. Mentions start
with [N-Z].

PMID: PMID-10385711
context: The presence of activating TSH-R mutations has also been

demonstrated in differentiated thyroid carcinomas.
At present, the percentage of such a modification is low,
unless referred to selected series of tumors.

mention: thyroid carcinomas
label: Cancer 

Sparse NN model pred Dense NN model pred
Counterfactual 
Sparse NN model pred

thyroid 
(label: Organ)

esophageal carcinomas 
(label: Cancer)

medullary thyroid carcinoma 
(label: Cancer)

Types Types Types
('gland', 0.99965), ('thyroid cancer', 0.99994), ('cancer', 0.99994),
('thyroid', 0.99932), ('squamous-cell_carcinoma', 0.9998), ('rtt', 0.99964),
('rtt', 0.999), ('thyroid', 0.99925), ('nitrous_oxide', 0.99907),
('head_and_neck_cancer', 0.99093), ('cancer', 0.99133), ('esophagus', 0.00159),
('neck', 0.97243), ('gland', 0.99039), ('endocrine diseases', 0.00013),
('head_and_neck_anatomy', 0.93763), ('nitrous_oxide', 0.01965), ('pancreatic_cancer', 1e-04),
('head', 0.86131), ('pancreatic_cancer', 0.00152), ('gland', 4e-05),
('squamous-cell_carcinoma', 0.0024), ('neck', 0.00023), ('squamous-cell_carcinoma', 2e-05),
('ingredient', 0.00078), ('thyroid_neoplasm', 0.00019), ('neck', 2e-05),
('thyroid disease', 0.00047), ('rtt', 0.00014), ('thyroid cancer', 1e-05),
('nitrous_oxide', 0.00034), ('endocrine diseases', 2e-05), ('head_and_neck_anatomy', 1e-05),
('thyroid cancer', 0.0003), ('head', 1e-05), ('gastrointestinal cancer', 1e-05),
('endocrine diseases', 0.00019), ('malignancy', 1e-05), ('head_and_neck_cancer', 0.0),

Figure 6: Analysis Example for ELC task
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Abstract

State-of-the-art Variational Auto-Encoders
(VAEs) for learning disentangled latent
representations give impressive results in
discovering features like pitch, pause duration,
and accent in speech data, leading to highly
controllable text-to-speech (TTS) synthesis.
However, these LSTM-based VAEs fail to
learn latent clusters of speaker attributes when
trained on limited or noisy datasets. Further,
different latent variables are found to encode
the same features, limiting the control and
expressiveness during speech synthesis. To
resolve these issues, we propose REMMI (Re-
ordered transformer Encoder with Minimal
Mutual Information) where we minimize the
mutual information between different latent
variables and devise a modified Transformer
architecture with layer reordering to learn
controllable latent representations in speech
data. We show that REMMI reduces the
cluster overlap of speaker attributes by at least
30% over LSTM-VAE.

1 Introduction

Learning disentangled latent representations in
speech is an active area of research (Hsu et al.,
2017; Chou et al., 2018; Park et al., 2020) with
applications in controlling the style (for example,
pitch, pause duration, and accent) of synthesized
speech. Recurrent architectures like Long Short
Term Memory (LSTM) (Hochreiter and Schmidhu-
ber, 1997) networks in Variational Autoencoders
(VAE) have been state-of-the-art in discovering dis-
entangled latent representations in speech (Wang
et al., 2018; Jia et al., 2018; Skerry-Ryan et al.,
2018) as well as sequential data more generally.
For example Li and Mandt (2018) attempt to disen-
tangle global and local features of video/speech in
different latent variables. Hsu et al. (2019) disen-
tangled different dimensions of the latent variables
to discover meaningful representations and hence

proposed a speech synthesis model with control-
lable pitch, pause duration, and speed.

These papers as well as several others (Chung
et al., 2015; Hsu et al., 2019; Leglaive et al., 2020;
Hono et al., 2020; Sun et al., 2020) make one lim-
iting assumption— the availability of hundreds of
hours of speech data for training deep learning
networks. As we show in our experiments, state-
of-the-art VAEs fail to learn meaningful separation
of speaking styles in speech data when presented
with small datasets. In addition, different latent
variables learned by the VAE are no longer un-
correlated. Both these shortcomings lead to poor
control of speaking styles during synthesis.

While LSTMs are state-of-the-art in learning
latent variables in speech, Transformers have
been used for understanding latent representations
for text completion (Wang and Wan, 2019) and
Transformer-based VAEs were used in Jiang et al.
(2020) to model independent style attributes in mu-
sic generation.

Inspired by these limitations of LSTM-based
VAEs and the promise of more ”attentive” net-
works, we modify the loss function of the state-
of-the-art VAEs (Hsu et al., 2019) by explicitly
minimizing the mutual information between latent
variables, thereby penalizing common learned fea-
tures between different representations. We then
modify Transformer architecture for learning ro-
bust disentangled latent representations of speech
from limited and noisy data. We show that our
proposed architecture– REMMI (Reordered trans-
former Encoder with Minimal Mutual Information)
discovers compact stable latent representations of
speaker attributes even on datasets as small as 4
hours of total speech samples while state-of-the-art
fails. Our proposed VAE outperforms LSTM and
vanilla Transformers even on challenging dataset
like Common Voice which has considerable back-
ground noise, low recording quality and large num-
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ber of speakers with the same style or accent. To
summarize, following are the main contributions
of our work,

1. Formulate a modified VAE loss function for
speech data and a novel Transformer-based
VAE for learning uncorrelated latent variables,
thereby allowing more precise control over
synthesis compared to the existing state-of-
the-art.

2. Show that our latent clusters of speaking
styles are better separated than existing LSTM
and vanilla Transformer based VAEs on noisy
and small datasets.

3. Show that the our modified Transformer archi-
tecture allows a faster convergence of the vari-
ational lower bound compared to both vanilla
Transformer and LSTM based VAEs.

2 Related Work

Multiple previous work have targeted this prob-
lem of learning latent representations for sequen-
tial data like speech (Wang et al., 2018; Jia et al.,
2018; Skerry-Ryan et al., 2018). As discussed, the
main advantage of learning such representations
is that it allows creating diverse examples during
reconstruction by manipulating the encoded latent
variable. Li and Mandt (2018) propose two sets of
latents which learn global features like the gener-
ated sequence contents and local dynamic features
such as pitch, speed etc. However, a limitation
of this approach is the lack of interpretability of
the learnt dimensions— it is known that the differ-
ent dimensions of the latent variables are learning
some features but there is little to no visibility into
what those actual features are.

Modifying Text-to-Speech systems by introduc-
ing additional encoders has been a standard way to
discover meaningful representations. Zhang et al.
(2019) build on top of Tacotron-2 (Shen et al.,
2018) architecture and use Gaussians to model their
latent variables. An improved version can be seen
in Hsu et al. (2019) where a hierarchical latent with
mixture of Gaussians is used. Hsu et al. (2019)
propose adversarial training to further improve la-
tent variables and the features discovered by dis-
entangling the background noise and reverberation
along with speaker identity from the recording con-
ditions.

While all these prior work aim to discover latent
representations, there is a lot of room for improv-

X

zl zo
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(a) Encoder

X

Yt

zl zo

yoyl

(b) Generator

Figure 1: Graphical model of controllable TTS system.
Note that q(yl|X) in the Encoder can be approximated
in terms of q(zl|X), in which case node yl will have an
edge from zl instead of X as done in Hsu et al. (2019).

ing those representations especially in cases where
we have very limited hours of speech dataset. As
we show in our experiments, in the absence of ex-
plicit restrictions on the training objective these
VAEs easily collapse when presented with smaller
datasets. Thus we focus on improving the repre-
sentations, specifically latent clusters of speaker at-
tributes, in cases of extremely limited datasets. Our
contributions, however are not limited to smaller
datasets and we see similar improved performance
on larger and noisy datasets too.

3 Background

Controllable text-to-speech (TTS) VAE-based sys-
tems like in Hsu et al. (2019) take an input text
sequence Yt and an optional observed categori-
cal label yo (e.g., speaker identity or accent) as
input and learn to synthesize a sequence, usually
mel-spectrogram frames X as output. Additional
latent variables zo and zl can be introduced to dis-
cover meaningful representations during this pro-
cess. Here zo is a continuous latent learnt on top
of shown labels yo, hence zo captures the vari-
ation in features correlated with the speaker at-
tribute yo. zl is a completely unsupervised continu-
ous variable learnt on top of standard Expectation-
Maximization style latent mixture components yl.
This graphical model is depicted in Figure 1. The
objective function for learning such model, i.e. syn-
thesizing sequence X given Yt and yo, can be for-
mulated as the variational lower bound1,

1Complete derivation is given in the Appendix A.
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log p(X|Yt,yo) ≥ log p(X|Yt, z̃o, z̃l)

−
K∑

yl=1

q(yl|X)DKL[ q(zl|X) || p(zl|yl) ]

−DKL[ q(yl|X) || p(yl) ]
−DKL[q(zo|X) || p(zo|yo) ]
= −Lmel − LKL

where Lmel = −log p(X|Yt, z̃o, z̃l) and LKL
refers to the remaining terms. Here z̃o, z̃l are
sampled points and are reparameterized (Kingma
and Welling, 2014) as z̃o = µ̂o + σ̂o � εo and
z̃l = µ̂l + σ̂l � εl with µ̂o, µ̂l, σ̂o, σ̂l as the mean
and standard deviation of the posterior distributions
q(zo|X) and q(zl|X) respectively and with auxil-
iary noise variable εo, εl ∼ N (0, I). Following
Higgins et al. (2017) the loss L can be written in a
more general form as,

L = Lmel + βLKL (1)

with β balancing the relative weighing between the
latent channels and reconstruction accuracy. Here
Lmel is the mel loss which controls the quality of
the mel-spectrograms produced and LKL refers to
the total KL Loss controlling the features learnt in
latent variables.

This VAE can be used in the Tacotron-2 archi-
tecture (Hsu et al., 2019) as shown in Figure 2(a)
to learn the text to mel-spectrogram mapping and
the latent features controlled by LKL.

4 Methodology

We now describe the two main components, 1)
Minimizing mutual information and 2) Layer re-
ordering in our proposed REMMI architecture.

4.1 Minimizing Mutual Information

The latent zl in Figure 1 is unsupervised while the
latent zo learns features correlated with the shown
label yo. Our experiments showed that both zl, zo
can end up encoding the same set of features, which
leads to poor control in synthesizing speech. An
intuition into why this happens lies in the fact that
zl is an unsupervised variable and it can discover
any feature hidden in the input speech sequence.
There is no term in the loss function (1) which
prevents the features of zl from being correlated
with the observed labels yo (Klys et al., 2018).

This can be resolved by minimizing the mutual
information I between latents zo (equivalently yo)
and zl. We can formulate this as,

min I(yo; zl) , max H(yo|zl)

= min

∫

zl

∫

yo

p(zl) p(yo|zl) log p(yo|zl)dyodzl

= min

∫

X

∫

zl

∫

yo

p(X) p(zl|X) p(yo|zl)
log p(yo|zl) dyo dzl dX

Since integral over zl is intractable, we replace
p(zl|X) with an approximate posterior q(zl|X).
Further, since the true distribution p(yo|zl) is un-
known, we approximate it by introducing a new
network qψ(yo|zl) leading to min I(yo; zl)

≈ min
∫

X

∫

zl

∫

yo

p(X) q(zl|X) qψ(yo|zl)
log qψ(yo|zl)dyo dzl dX

= min ED(X)q(zl|X)

[∫

yo

qψ(yo|zl)
log qψ(yo|zl) dyo

]

≈ min 1

N

∑

a

[
qψ(yo = a|zl′)
log qψ(yo = a|zl′)

]

(2)
where zl

′ ∼ q(zl|X), a ∈ {0, 1, 2...A}, A is total
number of unique classes of yo,N is the number of
samples used for Monte Carlo estimates, andD(X)
is the underlying distribution of the input points X.
Our proposed encoder is depicted in Figure 2(b).
Since we are using qψ to make predictions for yo,
this network needs to be learnt itself. Hence we
need to subtract an additional qψ(yoT |zl′) from the
loss function, where yoT is the ground truth yo for
the input X. With N = 1 our proposed term is,

LMI =
∑

a

qψ(yo = a|zl′)log qψ(yo = a|zl′)

− qψ(yoT |zl′) (3)

Combining equations (1) and (3), the total loss
function in our proposed model is,

Ltotal = Lmel + βLKL + γLMI (4)

= Lmel + Lcond

To summarize, Lmel controls the quality of the
mel-spectrogram produced during decoding, LKL
controls the features learnt in the latent variables
zl, zo and LMI makes sure that zl, zo encode dif-
ferent features. We will be referring to Lmel as the
reconstruction or mel loss, LKL as the KL loss and
Lcond = βLKL + γLMI as the conditional loss
respectively throughout this paper.
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(a) Tacotron Architecture

X

zl zo

yl yo

qψ

(b) Proposed Encoder (c) Original versus Proposed Transformer

Figure 2: Left: The Tacotron-2 architecture. VAE consists of two left parts where LSTMs predict mean µ and
variance σ2 of multivariate Gaussians N (µzl , diag(σ

2
zl
)),N (µzo , diag(σ

2
zo)). z̃l, z̃o from this distribution are

sampled and concatenated to the text encoding to conditionally learn the text to mel-spectrogram mapping. Center:
Proposed encoder with the network qψ . The generator stays the same as in Figure 1. Right: The original and the
proposed Transformers replace the LSTMs shown in the VAE of Tacotron-2 architecture.

4.2 Layer Reordering in Transformer

Introducing the above loss helps disentangle the
learning of zo and zl, but there is another problem
that remains. Our experiments on MAILABS and
Common Voice data, discussed in section 5.3, indi-
cated that clusters of zo corresponding to different
shown labels yo start sharing regions in the latent
space. Hence for any given label yo the sampled
ẑo ∼ p(zo|yo) may or may not belong to the style
which yo denotes. This leads to speech samples
where the style correlated with the shown attribute
yo is not under control while sampling from the
priors.

We tackle this problem by replacing LSTMs
with Transformers. We expected that the ability
of Transformers to attend to specific frames of in-
terest where features could be localized or have
a higher expression density, with a higher weight
in the input speech sequence should bring down
the dataset volume required for convergence by a
considerable amount. Hence the lower bound on
dataset size needed for modelling non overlapping
clusters of zo should be smaller while still keeping
the sampled style under control. This should also
accelerate the separation between latent clusters
for larger datasets. Our experiments with vanilla
Transformer-based VAEs confirm our predictions.

We next drew some inspiration from Parisotto
et al. (2019) and modified the Transformer en-
coder. This was an attempt at changing the learning
paradigm— instead of directly learning to translate

Yt to X in different yo styles, we first learn to
synthesize a general representation for all X, and
then learn specific deviations of each style yo from
this general representation. For example, instead
of learning directly to speak in different accents
first we learn to speak, and then we learn the sub-
tleties of different accents. Our hypothesis was that
learning different yo styles should be a lot faster if
a common understanding of all X in the dataset is
gained first. The accent specific speech frames X
(or style specific as per yo) should just be a slight
deviation from this common representation.

Our proposed architecture is shown in Figure 2c
where we switch the order of LayerNorm form-
ing a direct connection between the input and the
output. Due to this layer reordering if we make
sure that all the modules MHA, LayerNorm,
FeedForward are initialized with their expecta-
tion near 0, a direct path is formed early in training
allowing a general representation of speech to be
learnt independent of the shown labels yo. Now
as training progresses and these modules warm up,
the accent or yo specific features will be learnt by
conditioning the encoder.

We also introduce GRU-type gating (Chung
et al., December 2014) to stabilize learning by min-
imizing the maximum gradient norms produced,
and apply a small nonlinearity via LeakyRelu at
the outputs of the MHA and FeedForward mod-
ules to balance the observed trade-off between
frequent gradient updates and maximum gradient
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d Feature µzl,d − 3σzl,d µzl,d µzl,d + 3σzl,d
0 Speaking Rate (sec) 3.0± 0.2 3.7± 0.3 4.4± 0.3
1 F0 (Hz) 240.5± 12.57 211.4± 15.66 184± 10.43
2 Pause Duration (msec) 70± 3.40 79± 3.30 91± 3.50

Table 1: Length of the mel-spectrogram synthesized and pause durations increase while pitch decreases with
increasing dth dimension of zl from its marginal prior mean in REMMI.

Figure 3: Left: Synthesized mel spectrogram for ”What is it, that is worrying you today?” The stack of 3 mel
spectrograms on the right are zoomed areas from frames 20 to 80 for each of their original mel-spectrogram. It can
be seen that the pause duration denoted by the dark region increases as you synthesize the same text moving from
µi−3σi to µi+3σi. Center: Three mel-spectrograms synthesized for the text ”The area has four catholic schools
and three church of England schools”, corresponding to three random sampling of z̃o, z̃l from their posteriors. First
synthesis is considerably shorter than the second and third. Notice the different positions of voids between frames
50 and 100, and at frame 150 in the third spectrogram being considerably different. Right: Mel-spectrograms
synthesized for the text ”The team has also participated in the opening pitch of the Brooklyn Cyclones”. The third
spectrogram shows smooth areas in the higher mel channels compared to the second and the first. These random
latent sampling affects intonation and spectrogram texture.

norm2.

5 Experiments

We refer to our proposed VAE with modifica-
tions from sections 4.1 (LMI term) and 4.2 as
REMMI, the vanilla Transformer with LMI term
as Transformer-VAE and the LSTM based state-of-
the-art Tacotron-2 without LMI term (Hsu et al.,
2019) as LSTM-VAE. We trained each model on
two datasets— 1) MAILABS (Solak, 2018 (ac-
cessed November 11, 2020) with a total 35hrs
of UK and 39hrs of US speech in studio quality
recorded by 4 professional speakers, 2) Common
Voice (Ardila et al., 2020) with 4hrs of UK and
19hrs of US speech crowd-sourced from 477 volun-
teers with varying background noise, microphone
qualities and other recording conditions. The in-
put feature X were mel-scale spectrograms, the
label yo was set to be 0 for all X belonging to US
and 1 for all UK. Dimension of zo and zl were
picked to be 2 and 3 respectively and K = 3 for all

2Importance of Gates and the specific choice of
LeakyRelu is discussed in the Ablation Study in Appendix
D.

experiments 3.

5.1 Features Learnt

Before we demonstrate our latent cluster improve-
ments over Transformer-VAE and LSTM-VAE, we
show that REMMI does learn important latent fea-
tures in speech. Our experiments (focused on learn-
ing the speaking rate, the fundamental frequency
F0, and the pause duration) are summarized in
Table 1. µzl,d and σzl,d are the dth dimension
mean and standard deviations of the marginal prior
p(zl) =

∑
k p(zl|yl = k)p(yl = k). All other di-

mensions of zl are kept fixed at their own marginal
priors while analyzing dth dimension.

For demonstrating control on speaking rate, we
did 25 different synthesis for the text ”We had been
wandering, indeed, in the leafless shrubbery an
hour in the morning”. It can be seen from Table 1
that the length of the synthesized mel-spectrogram
increases as the value of zl dimension 0 increases.

Next, we synthesized 25 texts, with 10 samples
for each text to show control on pause duration and

3Other hyperparameters of our VAE and training details of
Tacotron-2 are given in Appendix F, G, H.
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Figure 4: In LSTM-VAE F0 encoded by zl is significantly different for yo = 0, 1 showing that yo specific informa-
tion is encoded by zl. However this difference is no longer significant once we include our proposed LMI terms in
LSTM-VAE w/ LMI experiment. zo keeps showing different values of F0 for yo = 0, 1 in both LSTM-VAE and
LSTM-VAE w/ LMI experiments demonstrating learnt features which are conditional on yo.

Figure 5: Left: Test LKL versus epochs. Including LMI in loss function decreases LKL pointing to improved
latent variables. Right: Test Lmel versus epoch. The Lmel remains the same even upon including LMI demon-
strating our proposed LMI does not hurt the synthesized mel-spectrogram quality.

pitch (or the fundamental frequency F0). For pause
duration experiments each text contained at least
one comma and we measured the maximum period
of intermediate silence for each synthesis. To calcu-
late F0 we used the YIN algorithm (Guyot, 2018).
In Table 1 it can be seen that the pause duration
increases and F0 decreases with increasing values
of 2nd and 1st dimensions of zl, respectively.

Furthermore the sampled variables z̃o, z̃l
from their respective posterior distributions
q(zo|X), q(zl|X) in Lmel gives the effect of differ-
ent intonations with different speakers every time
we synthesize a given text Yt. We demonstrate
concrete examples in Figure 3.

5.2 Importance of LMI

Our experiment on MAILABS dataset shows that
the latent variable zl starts encoding yo specific
features in the absence of an explicit LMI term
in the total loss, contrary to the expectation that zl
should not encode any yo style specific information.
As shown in Figure 4, zl shows different values of
F0 for classes yo = 0, 1 in the absence of LMI ,
while zo continues to show accent specific values

for both yo classes with and without LMI terms.
The values in Figure 4 are plotted for a synthesis
of 25 different texts with 10 samples for each text.
We show similar trends for speaking rate in the
Appendix.

A consequence of including LMI in the loss
function (4) can also be seen in the test curve of
LKL. We can see in Figure 5 that LSTM-VAE w/
MI has a lower value of LKL. Also note that as
shown in Figure 5, Lmel remains the same in both
the experiments hence there is an overall decrease
in the total loss value. We also observe that the two
terms of LMI in equation (3) are in contention to
each other. The first term tries to learn a represen-
tation zl such that it does not have any information
about label yo whereas the second term tries to
maximize the probability of predicting true label
yo given zl. We verify from our experiments that
at convergence zl acts as a complete random input
for estimating yo with qψ(yo|zl) = 0.5 for both
yo = 0, 1.
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4hrs US+4hrs UK 20hrs US+20hrs UK 39hrs US+35hrs UK
Model DI DBI DI DBI DI DBI
LSTM-VAE 0.55±0.15 2.11±0.24 1.41±0.21 1.60±0.29 2.10±0.29 1.12±0.24
Transformer-VAE 1.22±0.26 0.44±0.05 2.24±0.05 0.30±0.15 2.48±0.23 0.27±0.09
REMMI 1.85±0.59 0.35±0.07 2.33±0.21 0.29±0.10 2.80±0.26 0.26±0.07

Table 2: REMMI consistently increases DI and reduces DBI for different sizes of MAILABS dataset and performs
at least 3% better (DBI for 20hrs US+20hrs UK) on MAILABS dataset compared to all existing architectures.

4hrs US+4hrs UK 10hrs US+4hrs UK 19hrs US+4hrs UK
Model DI DBI DI DBI DI DBI
LSTM-VAE 0.98±0.17 83.18±13.66 0.85±0.23 85.53±15.10 0.80±0.30 98.20±24.68
Transformer-VAE 0.99±0.15 0.19±0.01 0.98±0.22 0.18±0.18 0.94±0.29 0.17±0.30
REMMI 1.03±0.40 0.15±0.005 0.99±0.20 0.16±0.04 0.99±0.25 0.16±0.05

Table 3: REMMI performs at least 4% better (DI for 4hrs US+4hrs UK Common Voice compared to Transformer-
VAE) on all sizes of noisy Common Voice dataset than all existing LSTM and Transformer-VAE architectures.

Overlap on MAILABS Overlap on Common Voice
Model 4+4 20+20 39+35 4+4 10+4 19+4
LSTM-VAE 30% 11% 0% 92% 94% 96%
Transformer-VAE 7% 0% 0% 52% 65% 81%
REMMI 0% 0% 0% 47% 56% 65%

Table 4: Overlap percentages for datasets of size M +N with M hrs US and N hrs UK speech. REMMI reduces
the overlap percentage by 30% for limited MAILABS dataset and by half for limited Common Voice dataset.
The reduction difference for entire Common Voice dataset is 31% compared to LSTM and 16% compared to
Transformer-VAE.

Figure 6: Loss Curves on MAILABS dataset. Left: Test Lcond versus Epochs. REMMI converges faster compared
to both Transformer-VAE and LSTM-VAE. Center: Test Lmel versus Epochs. REMMI accelerates Lcond without
compromising the mel-spectrogram quality or Lmel. Right: Test Lcond versus model depth. Transformer and
REMMI do not overfit to a given dataset with increasing model depth unlike LSTM-VAE.

5.3 Cluster Quality

As discussed in section 4.2, we want clus-
ters of p(zo|yo = 0) and p(zo|yo = 1)
to be far from each other with no overlaps
so that we can control yo styles during syn-
thesis. Hence we objectively measured the
cluster quality with Dunn Index (DI) (Bezdek
and Pal, 1995) and DB Index (DBI) (Davies
and Bouldin, 1979) where DI=min1≤i<j≤nd(i,j)

max1≤k≤nd′(k)
,

DBI= 1
n

∑n
i=1maxj 6=i

(
σi+σj
d(µi,µj)

)
, j, i are cluster

indices, d(i, j) denotes the distance between the
clusters i and j, n is the total number of points,
d′(k) is the maximal intra-cluster distance and
µi, σi, µj , σj are the means and standard deviations
of the clusters i, j respectively. Thus DI is the ratio
of minimal inter-cluster distance to the maximal
intra-cluster distance. Similarly, DBI is the ratio of
spread in each cluster to the distance between their
means.

In Tables 2 and 3, we compare the test DI
and DBI for different dataset sizes between
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Dataset CMOS CS
MAILABS4hrs US+4hrs UK 0.2581 +- 0.1249 0.576 +- 0.0947
CommonVoice 4hrs US+4hrs UK 0.0541 +- 0.0966 0.327 +- 0.0888

Table 5: Positive CMOS confirms that REMMI produces speech that sounds more British than LSTM-VAE. A
higher CS also shows that REMMI has better control over synthesized accent than LSTM-VAE.

REMMI, Transformer-VAE and LSTM-VAE. We
see that REMMI performs consistently better than
Transformer-VAE and LSTM-VAE for both MAIL-
ABS and Common Voice dataset. We also observe
that as dataset size decreases, the performance gap
between our REMMI and LSTM-VAE increases.

In Table 4 we calculate the percentage of
overlap between clusters with test points ẑo ∼
p(zo|yo = i) marked as overlapping with clus-
ter p(zo|yo = j) if they fall within [µp(zo|yo=j) −
σp(zo|yo=j), µp(zo|yo=j) + σp(zo|yo=j)], with i, j =
0, 1. We observe that our REMMI consistently de-
creases the overlap regions by large margins even
on challenging datasets like Common Voice, where
more than 90% overlap exists for existing state-of-
the-art. As discussed earlier this better separation
provides improved control on synthesis and pre-
vents uncontrolled styles when sampling speech
from the priors.

5.4 Synthesis Quality

To get opinion scores on the quality of the syn-
thesized British accent between LSTM-VAE and
REMMI, we used Griffin-Lim reconstruction (Grif-
fin and Lim, 1983) to convert the Mel spectro-
grams to waveforms for models trained on Com-
mon Voice 4hrs US+4hrs UK and MAILABS 4hrs
US+4hrs UK data. To compare the accents, we
synthesized 30 pairs of speech samples (LSTM
was sample 1, REMMI was sample 2) and asked
20 Mechanical Turk (MTurk) (Crowston, 2012)
participants to rate which sample sounded more
British. The rating scale given to MTurk partici-
pants was: +2: 2nd sample sounds more British
than 1st, +1: 2nd sounds slightly more British
than 1st, 0: 2nd and 1st sound equally British, -
1: 1st sounds slightly more British than 2nd, -2:
1st sounds more British than 2nd. We repeated the
experiment with REMMI as sample 1 and LSTM
as sample 2 (reversing the corresponding rating
scale) and averaged the scores of the experiments
to counter any ordering bias. We calculated the
CMOS by averaging the difference in the mean
scores for REMMI and LSTM-VAE.

Second, to check if REMMI provided more con-
trol on synthesized accent (whether US or British)
than LSTM-VAE and provide human verification
that the separation in latent clusters led to control-
lable synthesis, we generated 50 random pairs of
(US sample, UK synthesized sample) using LSTM-
VAE and REMMI each. We asked 10 MTurk par-
ticipants to rate if the US and UK samples sounded
different. The scale was: 0- Samples sound the
same, 1- Samples sound slightly different, 2- Sam-
ples sound different. We calculated the Control
Score (CS) by averaging the difference in the mean
scores for REMMI and LSTM-VAE.

The resulting CMOS and CS with 95% confi-
dence intervals in Table 5 show that in MAILABS
4hrs US+4hrs UK our approach is superior in both
producing speech that sounds more British and pro-
viding controlled synthesis. In Common Voice due
to noisy synthesis, LSTM-VAE and REMMI pro-
duce nearly the same accent quality, but a signifi-
cantly positive CS provides better synthesis control
for REMMI. In practice, this means that LSTM-
VAE cannot be controlled at test time to produce
US/British speech, while REMMI can be better
controlled at this task.

5.5 Loss Curves

The conditional loss Lcond in equation (4) con-
trols the latent variables being modelled namely
zl, zo and yl. The trend in Figure 6 for MAILABS
dataset shows that REMMI has an accelerated con-
vergence compared to both Transformer-VAE and
LSTM-VAE. It can also be seen in Figure 6 that
Lmel remains the same in all the 3 experiments,
LSTM-VAE, Transformer-VAE and REMMI. This
shows that while our REMMI is successful in low-
ering Lcond, it does so without hurting Lmel or the
synthesized mel-spectrogram quality.

We also observed that for a given dataset size
in LSTM-VAE, Lcond increases with increasing
model depth which points towards inferior latent
features. This trend is summarized in Figure 6
and shows that Transformer-VAE and REMMI do
not overfit to a given dataset size with increasing
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layers.

6 Conclusion

In this work we showed that REMMI discovers
disentangled latent representations of speech with
uncorrelated latent variables allowing better control
of speech synthesis. Our layer reordering in Trans-
formers produces notably improved latent clusters
of speaker attributes keeping the speaker styles
under control on varying dataset sizes with differ-
ent noise conditions. We can generate mel spec-
trograms for different text with controllable pitch,
pause durations, speaking speed and accent. We
also showed that there is a significant boost both
in convergence and in the stability of the learnt
representations with our proposed method. Going
forward we would like to explore the application
of REMMI beyond speech, e.g, image captionining
with sentiments or text to image rendering with
different emotions.
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Appendix

A Variational Lower Bound

For an input text sequence Yt and an observed cat-
egorical label yo frames X can be learnt via the
joint distribution log p(X,Yt, yo). Additional la-
tent variables zo and zl can be introduced to dis-
cover meaningful representations during this pro-
cess. Here zo is a continuous latent learnt on top
of shown labels yo, hence the features zo discovers
is correlated with what is shown to the model via
yo, while zl is a completely unsupervised continu-
ous variable learnt on top of standard Expectation-
Maximization style latent mixture components yl.
Note that yl is a K-way categorical discrete vari-
able. The variational lower bound can then be
formulated as,

log p(X|Yt, yo) ≥ Eq(zo|X)q(zl|X)q(yl|X)[
log

p(X|Yt, zo, zl)p(zo|yo)p(zl|yl)p(yl)
q(zo|X)q(zl|X)q(yl|X)

]

= Eq(zo|X)q(zl|X)[log p(X|Yt, zo, zl)] (5)

−DKL(q(zo|X) || p(zo|yo))
− Eq(yl|X)[DKL(q(zl|X) || p(zl|yl))]
−DKL(q(yl|X) || p(yl))
≈ log p(X|Yt, z̃o, z̃l) (6)

−
K∑

yl=1

q(yl|X)DKL[ q(zl|X) || p(zl|yl) ]

(7)

−DKL[ q(yl|X) || p(yl) ]
−DKL[q(zo|X) || p(zo|yo) ]
= −Lmel − LKL

B Gated Architecture

In the past multiplicative interactions have been
successful at stabilizing learning across different
architectures (Cho et al., 2014; Srivastava et al.,
2015). This motivated us to try out GRU-type gat-
ing at the heads of the proposed Transformers. The
outputs at the GRU-type gating is controlled by the
following equation,

r = σ(W (l)
r y + U (l)

r x),

z = σ(W (l)
z y + U (l)

z x− b(l)g ),

ĥ = tanh(W (l)
g y + U (l)

g (r � x))
g(l)(x, y) = (1− z)� x+ z � ĥ

where r stands for the reset gates, z is the update
gates, ĥ is the candidate activation similar to other
recurrent units (Bahdanau et al., 2016). The overall
gate activation g(x, y) takes input x as the residual
connection and y the output of the FeedForward
or Multi-Head Attention modules. g(x, y)
is basically an interpolation between the previous
activations ĥ and the residual input x.
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C Speaking Rate for yo = 0, 1

Figure 7: Length of mel-spectrogram synthesized by zl in LSTM-VAE for MAILABS is significantly different for
yo = 0, 1 showing that yo specific information is encoded by zl. However this difference is no longer significant
once we include our proposed LMI terms in LSTM-VAE w/ LMI experiment. zo keeps showing different lengths
for yo = 0, 1 in both LSTM-VAE and LSTM-VAE w/ LMI experiments demonstrating learnt features which are
conditional on yo.

Figure 8: Left: Lower gradient norm for REMMI w/ Gates along with smaller variance compared to Transformers-
VAE and REMMI w/o Gates. Right: Distance between the means of zo|yo for yo = 0, 1 for different activation
functions at the output of Multi-Head Attention and FeedForward modules. We see that LeakyRelu
with α = 0.05 performs the best in segregating the prior clusters among all experiments.
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D Ablation Study

D.1 Importance of Gates
Our comparison of Gated architectures with non-
Gated ones in Figure 8 shows that the maximum
gradient norm which directly influences the conver-
gence is much lower and stable with a lower vari-
ance for REMMI (which includes gates) compared
to REMMI without (w/o) Gates and Transformer-
VAE.

D.2 Choosing the Right Activation
In Figure 8 we see that the distance between
zo|yo cluster means is very small when the
output from Multi-Head Attention and
FeedForward modules are fed to GRU-Type
Gating layers without any non linearity. Hence
our choice of this non linearity was inspired by the
trade-off between number of gradient updates and
the maximum gradient norm. We see in Table 6 that
relu has a high maximum gradient norm ∇norm
which led to convergence instability and small dis-
tance between zo|yo cluster means. But for tanh,
almost all activations were producing gradient up-
dates and this frequent update was leading to small
cluster distance as shown in Figure 8. Hence we
needed a function somewhere between relu and
tanh, which has a small gradient norm while also
having fewer gradient updates. LeakyRelu turns
out to be the best candidate for this with its high
distance between means as shown in Figure 8.

Experiment % activation max∇norm
relu 84.5 (< 0) 40.96
tanh 0 (>+2,<-2) 10.68
leakyrelu - 7.17

Table 6: Comparing the percentage of activations for
which gradient saturates and maximum gradient norm
∇norm

E Compute Information

We ran all our experiments on NVIDIA Tesla
V100 GPU with 16GB of GPU memory. Our
LSTM-VAE (both with and without LMI ) experi-
ments take average 5.81sec/step (seconds per step)
with convergence near 40k steps. Transformer-
VAE takes an average 2.81sec/step with conver-
gence near 25k steps, and REMMI takes aver-
age 2.81sec/step with convergence near 25k steps.
Total number of parameters are 28.03mn (mil-
lion) for LSTM-VAE w/ and w/o MI, 27.84mn

for Tranformer-VAE and 28.03mn for REMMI.

F Audio Hyperparameters

Parameter Value

num mels 80
num freq 1025
max mel frames 900
silence threshold 2
n fft 2048
hop size 275
win size 1100
sample rate 16000
magnitude power 2.0
trim silence True
trim fft size 2048
trim hop size 512
trim top db 50
preemphasize True
preemphasis 0.97
min level db -100
ref level db 20
fmin 55
fmax 7600
power 1.5

Table 7: Parameters for converting wav files to mel-
spectrograms

G Tacotron-2 Hyperparameters

Parameter Value

batch size 64
output frames per step 4
max training iterations 100k
optimizer Adam

β1 0.9
β2 0.999
ε 1e-6

L2 regularization weight 1-e6
learning rate decay exponential
initial learning rate 1e-3
decay start epoch 40k
decay epochs 18k
final learning rate 1e-4
clip gradients True
teacher forcing constant at 1

Table 8: Hyperparameters common for all experiments
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H VAE Hyperparameters

Parameter Value

zl dim 3
zo dim 2
|yo| 2 (UK, US)
zo, zl convolution channels 128
activation function for convolution tanh
kernel size 3x3
MC estimate num samples 1
num units for LSTM 128
min logvariance for q(zl|X) -4
min logvariance for q(zo|X) -6
initial mean for p(zl|yl)

p(zl|yl = 0) (1,0,0)
p(zl|yl = 1) (0,1,0)
p(zl|yl = 2) (0,0,1)

initial logvariance for p(zl|yl) -4
initial mean for q(zo|yo)

p(zo|yo = 0) (-0.5, -0.5)
p(zo|yo = 1) (+0.5, +0.5)

initial logvariance for p(zo|yo) -5
dropout 0.1
zoneout (for LSTM) 0.1
qψ num layers 4
qψ num units 8
qψ activations tanh
Transformer d model 64
Transformer num heads 4
Transformer feedforward dimension 256
max positional encoding 584

Table 9: Hyperparameters used for our VAEs
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Abstract

Having recognized gender bias as a major is-
sue affecting current translation technologies,
researchers have primarily attempted to miti-
gate it by working on the data front. How-
ever, whether algorithmic aspects concur to
exacerbate unwanted outputs remains so far
under-investigated. In this work, we bring the
analysis on gender bias in automatic transla-
tion onto a seemingly neutral yet critical com-
ponent: word segmentation. Can segmenting
methods influence the ability to translate gen-
der? Do certain segmentation approaches pe-
nalize the representation of feminine linguis-
tic markings? We address these questions by
comparing 5 existing segmentation strategies
on the target side of speech translation systems.
Our results on two language pairs (English-
Italian/French) show that state-of-the-art sub-
word splitting (BPE) comes at the cost of
higher gender bias. In light of this finding, we
propose a combined approach that preserves
BPE overall translation quality, while leverag-
ing the higher ability of character-based seg-
mentation to properly translate gender.

Bias Statement.1 We study the effect of segmen-
tation methods on the ability of speech translation
(ST) systems to translate masculine and feminine
forms referring to human entities. In this area,
structural linguistic properties interact with the
perception and representation of individuals (Gy-
gax et al., 2019; Corbett, 2013; Stahlberg et al.,
2007). Thus, we believe they are relevant gender
expressions, used to communicate about the self
and others, and by which the sociocultural and po-
litical reality of gender is negotiated (Hellinger and
Motschenbacher, 2015).

†The authors contributed equally.
1As suggested by (Blodgett et al., 2020) and required for

other venues (Hardmeier et al., 2021), we formulate our bias
statement.

Accordingly, we consider a model that system-
atically and disproportionately favours masculine
over feminine forms to be biased, as it fails to prop-
erly recognize women. From a technical perspec-
tive, such behaviour deteriorates models’ perfor-
mance. Most importantly, however, from a human-
centered view, real-world harms are at stake (Craw-
ford, 2017), as translation technologies are un-
equally beneficial across gender groups and reduce
feminine visibility, thus contributing to misrepre-
sent an already socially disadvantaged group.

This work is motivated by the intent to shed light
on whether issues in the generation of feminine
forms are also a by-product of current algorithms
and techniques. In our view, architectural improve-
ments of ST systems should also account for the
trade-offs between overall translation quality and
gender representation: our proposal of a model that
combines two segmentation techniques is a step
towards this goal.

Note that technical mitigation approaches should
be integrated with the long-term multidisciplinary
commitment (Criado-Perez, 2019; Benjamin, 2019;
D’Ignazio and Klein, 2020) necessary to radically
address bias in our community. Also, we recog-
nize the limits of working on binary gender, as we
further discuss in the ethic section (§8).

1 Introduction

The widespread use of language technologies has
motivated growing interest on their social impact
(Hovy and Spruit, 2016; Blodgett et al., 2020), with
gender bias representing a major cause of concern
(Costa-jussà, 2019; Sun et al., 2019). As regards
translation tools, focused evaluations have exposed
that speech translation (ST) – and machine trans-
lation (MT) – models do in fact overproduce mas-
culine references in their outputs (Cho et al., 2019;
Bentivogli et al., 2020), except for feminine asso-
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ciations perpetuating traditional gender roles and
stereotypes (Prates et al., 2020; Stanovsky et al.,
2019). In this context, most works identified data
as the primary source of gender asymmetries. Ac-
cordingly, many pointed out the misrepresentation
of gender groups in datasets (Garnerin et al., 2019;
Vanmassenhove et al., 2018), focusing on the de-
velopment of data-centred mitigating techniques
(Zmigrod et al., 2019; Saunders and Byrne, 2020).

Although data are not the only factor contribut-
ing to generate bias (Shah et al., 2020; Savoldi
et al., 2021), only few inquiries devoted attention
to other technical components that exacerbate the
problem (Vanmassenhove et al., 2019) or to archi-
tectural changes that can contribute to its mitiga-
tion (Costa-jussà et al., 2020b). From an algorith-
mic perspective, Roberts et al. (2020) additionally
expose how “taken-for-granted” approaches may
come with high overall translation quality in terms
of BLEU scores, but are actually detrimental when
it comes to gender bias.

Along this line, we focus on ST systems and
inspect a core aspect of neural models: word seg-
mentation. Byte-Pair Encoding (BPE) (Sennrich
et al., 2016) represents the de-facto standard and
has recently shown to yield better results compared
to character-based segmentation in ST (Di Gangi
et al., 2020). But does this hold true for gender
translation as well? If not, why?

Languages like French and Italian often exhibit
comparatively complex feminine forms, derived
from the masculine ones by means of an additional
suffix (e.g. en: professor, fr: professeur M vs.
professeure F). Additionally, women and their ref-
erential linguistic expressions of gender are typi-
cally under-represented in existing corpora (Hovy
et al., 2020). In light of the above, purely statistical
segmentation methods could be unfavourable for
gender translation, as they can break the morpho-
logical structure of words and thus lose relevant
linguistic information (Ataman et al., 2017). In-
deed, as BPE merges the character sequences that
co-occur more frequently, rarer or more complex
feminine-marked words may result in less com-
pact sequences of tokens (e.g. en: described, it:
des@@critto M vs. des@@crit@@ta F). Due to
such typological and distributive conditions, may
certain splitting methods render feminine gender
less probable and hinder its prediction?

We address such questions by implementing dif-
ferent families of segmentation approaches em-

ployed on the decoder side of ST models built on
the same training data. By comparing the resulting
models both in terms of overall translation quality
and gender accuracy, we explore whether a so far
considered irrelevant aspect like word segmenta-
tion can actually affect gender translation. As such,
(1) we perform the first comprehensive analysis
of the results obtained by 5 popular segmentation
techniques for two language directions (en-fr and
en-it) in ST. (2) We find that the target segmen-
tation method is indeed an important factor for
models’ gender bias. Our experiments consistently
show that BPE leads to the highest BLEU scores,
while character-based models are the best at trans-
lating gender. Preliminary analyses suggests that
the isolation of the morphemes encoding gender
can be a key factor for gender translation. (3) Fi-
nally, we propose a multi-decoder architecture able
to combine BPE overall translation quality and the
higher ability to translate gender of character-based
segmentation.

2 Background

Gender bias. Recent years have seen a surge of
studies dedicated to gender bias in MT (Gonen
and Webster, 2020; Rescigno et al., 2020) and ST
(Costa-jussà et al., 2020a). The primary source
of such gender imbalance and adverse outputs has
been identified in the training data, which reflect
the under-participation of women – e.g. in the
media (Madaan et al., 2018), sexist language and
gender categories overgeneralization (Devinney
et al., 2020). Hence, preventive initiatives con-
cerning data documentation have emerged (Ben-
der and Friedman, 2018), and several mitigating
strategies have been proposed by training models
on ad-hoc gender-balanced datasets (Saunders and
Byrne, 2020; Costa-jussà and de Jorge, 2020), or
by enriching data with additional gender informa-
tion (Moryossef et al., 2019; Vanmassenhove et al.,
2018; Elaraby and Zahran, 2019; Saunders et al.,
2020; Stafanovičs et al., 2020).

Comparatively, very little work has tried to iden-
tify concurring factors to gender bias going be-
yond data. Among those, Vanmassenhove et al.
(2019) ascribes to an algorithmic bias the loss of
less frequent feminine forms in both phrase-based
and neural MT. Closer to our intent, two recent
works pinpoint the impact of models’ components
and inner mechanisms. Costa-jussà et al. (2020b)
investigate the role of different architectural de-
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signs in multilingual MT, showing that language-
specific encoder-decoders (Escolano et al., 2019)
better translate gender than shared models (Johnson
et al., 2017), as the former retain more gender in-
formation in the source embeddings and keep more
diversion in the attention. Roberts et al. (2020), on
the other hand, prove that the adoption of beam
search instead of sampling – although beneficial in
terms of BLEU scores – has an impact on gender
bias. Indeed, it leads models to an extreme operat-
ing point that exhibits zero variability and in which
they tend to generate the more frequent (masculine)
pronouns. Such studies therefore expose largely un-
considered aspects as factors contributing to gender
bias in automatic translation, identifying future re-
search directions for the needed countermeasures.

To the best of our knowledge, no prior work has
taken into account if it may be the case for seg-
mentation methods as well. Rather, prior work in
ST (Bentivogli et al., 2020) compared gender trans-
lation performance of cascade and direct systems
using different segmentation algorithms, disregard-
ing their possible impact on final results.

Segmentation. Although early attempts in neu-
ral MT employed word-level sequences (Sutskever
et al., 2014; Bahdanau et al., 2015), the need
for open-vocabulary systems able to translate
rare/unseen words led to the definition of several
word segmentation techniques. Currently, the sta-
tistically motivated approach based on byte-pair en-
coding (BPE) by Sennrich et al. (2016) represents
the de facto standard in MT. Recently, its superi-
ority to character-level (Costa-jussà and Fonollosa,
2016; Chung et al., 2016) has been also proved in
the context of ST (Di Gangi et al., 2020). However,
depending on the languages involved in the trans-
lation task, the data conditions, and the linguistic
properties taken into account, BPE greedy proce-
dures can be suboptimal. By breaking the surface
of words into plausible semantic units, linguisti-
cally motivated segmentations (Smit et al., 2014;
Ataman et al., 2017) were proven more effective for
low-resource and morphologically-rich languages
(e.g. agglutinative languages like Turkish), which
often have a high level of sparsity in the lexical
distribution due to their numerous derivational and
inflectional variants. Moreover, fine-grained anal-
yses comparing the grammaticality of character,
morpheme and BPE-based models exhibited dif-
ferent capabilities. Sennrich (2017) and Ataman
et al. (2019) show the syntactic advantage of BPE

in managing several agreement phenomena in Ger-
man, a language that requires resolving long range
dependencies. In contrast, Belinkov et al. (2020)
demonstrate that while subword units better capture
semantic information, character-level representa-
tions perform best at generalizing morphology, thus
being more robust in handling unknown and low-
frequency words. Indeed, using different atomic
units does affect models’ ability to handle specific
linguistic phenomena. However, whether low gen-
der translation accuracy can be to a certain extent
considered a by-product of certain compression
algorithms is still unknown.

3 Language Data

As just discussed, the effect of segmentation strate-
gies can vary depending on language typology
(Ponti et al., 2019) and data conditions. To in-
spect the interaction between word segmentation
and gender expressions, we thus first clarify the
properties of grammatical gender in the two lan-
guages of our interest: French and Italian. Then,
we verify their representation in the datasets used
for our experiments.

3.1 Languages and Gender

The extent to which information about the gender
of referents is grammatically encoded varies across
languages (Hellinger and Motschenbacher, 2015;
Gygax et al., 2019). Unlike English – whose gen-
der distinction is chiefly displayed via pronouns
(e.g. he/she) – fully grammatical gendered lan-
guages like French and Italian systematically ar-
ticulate such semantic distinction on several parts
of speech (gender agreement) (Hockett, 1958; Cor-
bett, 1991). Accordingly, many lexical items exist
in both feminine and masculine variants, overtly
marked through morphology (e.g. en: the tired
kid sat down; it: il bimbo stanco si è seduto M
vs. la bimba stanca si è seduta F). As the example
shows, the word forms are distinguished by two
morphemes ( –o, –a), which respectively represent
the most common inflections for Italian masculine
and feminine markings.2 In French, the morpho-
logical mechanism is slightly different (Schafroth,
2003), as it relies on an additive suffixation on top
of masculine words to express feminine gender (e.g.
en: an expert is gone, fr: un expert est allé M vs.

2In a fusional language like Italian, one single morpheme
can denote several properties as, in this case, gender and
singular number (the plural forms would be bimbi vs. bimbe).
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une experte est allée F). Hence, feminine French
forms require an additional morpheme. Similarly,
another productive strategy – typical for a set of per-
sonal nouns – is the derivation of feminine words
via specific affixes for both French (e.g. –eure, –
euse)3 and Italian (–essa, –ina, –trice) (Schafroth,
2003; Chini, 1995), whose residual evidence is still
found in some English forms (e.g. heroine, actress)
(Umera-Okeke, 2012).

In light of the above, translating gender from
English into French and Italian poses several chal-
lenges to automatic models. First, gender trans-
lation does not allow for one-to-one mapping be-
tween source and target words. Second, the richer
morphology of the target languages increases the
number of variants and thus data sparsity. Hereby,
the question is whether – and to what extent – sta-
tistical word segmentation differently treats the less
frequent variants. Also, considering the morpho-
logical complexity of some feminine forms, we
speculate whether linguistically unaware splitting
may disadvantage their translation. To test these
hypotheses, below we explore if such conditions
are represented in the ST datasets used in our study.

3.2 Gender in Used Datasets

MuST-SHE (Bentivogli et al., 2020) is a gender-
sensitive benchmark available for both en-fr and en-
it (1,113 and 1,096 sentences, respectively). Built
on naturally occurring instances of gender phenom-
ena retrieved from the TED-based MuST-C corpus
(Cattoni et al., 2020),4 it allows to evaluate gender
translation on qualitatively differentiated and bal-
anced masculine/feminine forms. An important fea-
ture of MuST-SHE is that, for each reference trans-
lation, an almost identical “wrong” reference is cre-
ated by swapping each annotated gender-marked
word into its opposite gender. By means of such
wrong reference, for each target language we can
identify ∼2,000 pairs of gender forms (e.g. en:
tired, fr: fatiguée vs. fatigué) that we compare in
terms of i) length, and ii) frequency in the MuST-C
training set.

As regards frequency, we asses that, for both
language pairs, the types of feminine variants are
less frequent than their masculine counterpart in
over 86% of the cases. Among the exceptions,
we find words that are almost gender-exclusive

3French also requires additional modification on femi-
nine forms due to phonological rules (e.g. en: chef/spy, fr:
cheffe/espionne vs. chef /espion).

4Further details about these datasets are provided in §8.

(e.g. pregnant) and some problematic or socially
connoted activities (e.g. raped, nurses). Looking
at words’ length, 15% of Italian feminine forms
result to be longer than masculine ones, whereas
in French this percentage amounts to almost 95%.
These scores confirm that MuST-SHE reflects the
typological features described in §3.1.

4 Experiments

All the direct ST systems used in our experiments
are built in the same fashion within a controlled
environment, so to keep the effect of different word
segmentations as the only variable. Accordingly,
we train them on the MuST-C corpus, which con-
tains 492 hours of speech for en-fr and 465 for
en-it. Concerning the architecture, our models are
based on Transformer (Vaswani et al., 2017). For
the sake of reproducibility, we provide extensive
details about the ST models and hyper-parameters’
choices in the Appendix §A.5

4.1 Segmentation Techniques

To allow for a comprehensive comparison of word
segmentation’s impact on gender bias in ST, we
identified three substantially different categories of
splitting techniques. For each of them, we hereby
present the candidates selected for our experiments.

Character Segmentation. Dissecting words at
their maximal level of granularity, character-
based solutions have been first proposed by Ling
et al. (2015) and Costa-jussà and Fonollosa (2016).
This technique proves simple and particularly ef-
fective at generalizing over unseen words. On the
other hand, the length of the resulting sequences
increases the memory footprint, and slows both the
training and inference phases. We perform our seg-
mentation by appending “@@ ” to all characters
but the last of each word.

Statistical Segmentation. This family com-
prises data-driven algorithms that generate statisti-
cally significant subwords units. The most popular
one is BPE (Sennrich et al., 2016),6 which pro-
ceeds by merging the most frequently co-occurring
characters or character sequences. Recently, He
et al. (2020) introduced the Dynamic Program-
ming Encoding (DPE) algorithm, which performs

5Source code available at https://github.com/
mgaido91/FBK-fairseq-ST/tree/acl_2021.

6We use SentencePiece (Kudo and Richardson, 2018):
https://github.com/google/sentencepiece.
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competitively and was claimed to accidentally pro-
duce more linguistically-plausible subwords with
respect to BPE. DPE is obtained by training a
mixed character-subword model. As such, the com-
putational cost of a DPE-based ST model is around
twice that of a BPE-based one. We trained the DPE
segmentation on the transcripts and the target trans-
lations of the MuST-C training set, using the same
settings of the original paper.7

Morphological Segmentation. A third possibil-
ity is linguistically-guided tokenization that follows
morpheme boundaries. Among the unsupervised
approaches, one of the most widespread tools is
Morfessor (Creutz and Lagus, 2005), which was
extended by Ataman et al. (2017) to control the
size of the output vocabulary, giving birth to the
LMVR segmentation method. These techniques
have outperformed other approaches when deal-
ing with low-resource and/or morphologically-rich
languages (Ataman and Federico, 2018). In other
languages, they are not as effective, so they are not
widely adopted. Both Morfessor and LMVR have
been trained on the MuST-C training set.8

en-fr en-it
# tokens9 5.4M 4.6M
# types 96K 118K
BPE 8,048 8,064
Char 304 256
DPE 7,864 8,008
Morfessor 26,728 24,048
LMVR 21,632 19,264

Table 1: Resulting dictionary sizes.

For fair comparison, we chose the optimal vo-
cabulary size for each method (when applicable).
Following (Di Gangi et al., 2020), we employed
8k merge rules for BPE and DPE, since the latter
requires an initial BPE segmentation. In LMVR, in-
stead, the desired target dimension is actually only
an upper bound for the vocabulary size. We tested
32k and 16k, but we only report the results with
32k as it proved to be the best configuration both
in terms of translation quality and gender accuracy.
Finally, character-level segmentation and Morfes-
sor do not allow to determine the vocabulary size.
Table 1 shows the size of the resulting dictionaries.

7See https://github.com/xlhex/dpe.
8We used the parameters and commands suggested

in https://github.com/d-ataman/lmvr/blob/
master/examples/example-train-segment.sh

9Here “tokens” refers to the number of words in the corpus,
and not to the unit resulting from subword tokenization.

en-fr en-it
M-C M-SHE Avg. M-C M-SHE Avg.

BPE 30.7 25.9 28.3 21.4 21.8 21.6
Char 29.5 24.2 26.9 21.3 20.7 21.0
DPE 29.8 25.3 27.6 21.9 21.7 21.8
Morfessor 29.7 25.7 27.7 21.7 21.4 21.6
LMVR 30.3 26.0 28.2 22.0 21.5 21.8

Table 2: SacreBLEU scores on MuST-C tst-COMMON
(M-C) and MuST-SHE (M-SHE) for en-fr and en-it.

4.2 Evaluation

We are interested in measuring both i) the overall
translation quality obtained by different segmen-
tation techniques, and ii) the correct generation
of gender forms. We evaluate translation quality
on both the MuST-C tst-COMMON set (2,574 sen-
tences for en-it and 2,632 for en-fr) and MuST-SHE
(§3.2), using SacreBLEU (Post, 2018).10

For fine-grained analysis on gender translation,
we rely on gender accuracy (Gaido et al., 2020).11

We differentiate between two categories of phe-
nomena represented in MuST-SHE. Category (1)
contains first-person references (e.g. I’m a student)
to be translated according to the speakers’ preferred
linguistic expression of gender. In this context, ST
models can leverage speakers’ vocal characteristics
as a gender cue to infer gender translation.12 Gen-
der phenomena of Category (2), instead, shall be
translated in concordance with other gender infor-
mation in the sentence (e.g. she/he is a student).

5 Comparison of Segmentation Methods

Table 2 shows the overall translation quality of
ST systems trained with distinct segmentation tech-
niques. BPE comes out as competitive as LMVR
for both language pairs. On averaged results, it
exhibits a small gap (0.2 BLEU) also with DPE
on en-it, while it achieves the best performance
on en-fr. The disparities are small though: they
range within 0.5 BLEU, apart from Char standing
∼1 BLEU below. Compared to the scores reported
by Di Gangi et al. (2020), the Char gap is how-
ever smaller. As our results are considerably higher
than theirs, we believe that the reason for such dif-
ferences lies in a sub-optimal fine-tuning of their
hyper-parameters. Overall, in light of the trade-
off between computational cost (LMVR and DPE
require a dedicated training phase for data segmen-

10BLEU+c.mixed+#.1+s.exp+tok.13a+v.1.4.3.
11Evaluation script available with the MuST-SHE release.
12Although they do not emerge in our experimental settings,

the potential risks of such capability are discussed in §8.
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tation) and average performance (BPE achieves
winning scores on en-fr and competitive for en-it),
we hold BPE as the best segmentation strategy in
terms of general translation quality for direct ST.

Turning to gender translation, the gender accu-
racy scores presented in Table 3 exhibit that all ST
models are clearly biased, with masculine forms
(M) disproportionately produced across language
pairs and categories. However, we intend to pin-
point the relative gains and losses among segment-
ing methods. Focusing on overall accuracy (ALL),
we see that Char – despite its lowest performance
in terms of BLEU score – emerges as the favourite
segmentation for gender translation. For French,
however, DPE is only slightly behind. Looking at
morphological methods, they surprisingly do not
outperform the statistical ones. The greatest varia-
tions are detected for feminine forms of Category
1 (1F), where none of the segmentation techniques
reaches 50% of accuracy, meaning that they are
all worse than a random choice when the speaker
should be addressed by feminine expressions. Char
appears close to such threshold, while the others
(apart from DPE in French) are significantly lower.

These results illustrate that target segmentation
is a relevant parameter for gender translation. In
particular, they suggest that Char segmentation im-
proves models’ ability to learn correlations between
the received input and gender forms in the reference
translations. Although in this experiment models
rely only on speakers’ vocal characteristics to infer
gender – which we discourage as a cue for gen-
der translation for real-world deployment (see §8) –
such ability shows a potential advantage for Char,
which could be better redirected toward learning
correlations with reliable gender meta-information
included in the input. For instance, in a scenario
in which meta-information (e.g. a gender tag) is
added to the input to support gender translation, a
Char model might better exploit this information.
Lastly, our evaluation reveals that, unlike previous
ST studies (Bentivogli et al., 2020), a proper com-
parison of models’ gender translation potentialities
requires adopting the same segmentation. Our ques-
tion then becomes: What makes Char segmentation
less biased? What are the tokenization features de-
termining a better/worse ability in generating the
correct gender forms?

Lexical diversity. We posit that the limited gen-
eration of feminine forms can be framed as an
issue of data sparsity, whereas the advantage of

en-fr
ALL 1F 1M 2F 2M

BPE 65.18 37.17 75.44 61.20 80.80
Char 68.85 48.21 74.78 65.89 81.03
DPE 68.55 49.12 70.29 66.22 80.90
Morfessor 67.05 42.73 75.11 63.02 80.98
LMVR 65.38 32.89 76.96 61.87 79.95

en-it
BPE 67.47 33.17 88.50 60.26 81.82
Char 71.69 48.33 85.07 64.65 84.33
DPE 68.86 44.83 81.58 59.32 82.62
Morfessor 65.46 36.61 81.04 56.94 79.61
LMVR 69.77 39.64 89.00 63.85 83.03

Table 3: Gender accuracy (%) for MuST-SHE Overall
(ALL), Category 1 and 2 on en-fr and en-it.

Char-based segmentation ensues from its ability to
handle less frequent and unseen words (Belinkov
et al., 2020). Accordingly, Vanmassenhove et al.
(2018); Roberts et al. (2020) link the loss of linguis-
tic diversity (i.e. the range of lexical items used in
a text) with the overfitted distribution of masculine
references in MT outputs.

To explore such hypothesis, we compare the lex-
ical diversity (LD) of our models’ translations and
MuST-SHE references. To this aim, we rely on
Type/Token ratio (TTR) – (Chotlos, 1944; Tem-
plin, 1957), and the more robust Moving Average
TTR (MATTR) – (Covington and McFall, 2010).13

As we can see in Table 4, character-based mod-
els exhibit the highest LD (the only exception is
DPE with the less reliable TTR metric on en-it).
However, we cannot corroborate the hypothesis for-
mulated in the above-cited studies, as LD scores do
not strictly correlate with gender accuracy (Table
3). For instance, LMVR is the second-best in terms
of gender accuracy on en-it, but shows a very low
lexical diversity (the worst according to MATTR
and second-worst according to TTR).

en-fr en-it
TTR MATTR TTR MATTR

M-SHE Ref 16.12 41.39 19.11 46.36
BPE 14.53 39.69 17.46 44.86
Char 14.97 40.60 17.75 45.65
DPE 14.83 40.02 18.07 45.12
Morf 14.38 39.88 16.31 44.90
LMVR 13.87 39.98 16.33 44.71

Table 4: Lexical diversity scores on en-fr and en-it

Sequence length. As discussed in §3, we know
that Italian and French feminine forms are, al-

13Metrics computed with software available at: https://
github.com/LSYS/LexicalRichness. We set 1,000
as window size for MATTR.
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en-fr (%) en-it (%)
BPE 1.04 0.88
Char 1.37 0.38
DPE 2.11 0.77
Morfessor 1.62 0.45
LMVR 1.43 0.33

Table 5: Percentage increase of token sequence’s length
for feminine words over masculine ones.

though to different extent, longer and less frequent
than their masculine counterparts. In light of such
conditions, we expected that the statistically-driven
BPE segmentation would leave feminine forms un-
merged at a higher rate, and thus add uncertainty
to their generation. To verify if this is the actual
case – explaining BPE’s lower gender accuracy –
we check whether the number of tokens (charac-
ters or subwords) of a segmented feminine word
is higher than that of the corresponding masculine
form. We exploit the coupled “wrong” and “correct”
references available in MuST-SHE, and compute
the average percentage of additional tokens found
in the feminine segmented sentences14 over the
masculine ones. Results are reported in Table 5.

At a first look, we observe opposite trends: BPE
segmentation leads to the highest increment of to-
kens for feminine words in Italian, but to the lowest
one in French. Also, DPE exhibits the highest in-
crement in French, whereas it actually performs
slightly better than Char on feminine gender trans-
lation (see Table 3). Hence, even the increase in
sequence length does not seem to be an issue on
its own for gender translation. Nonetheless, these
apparently contradictory results encourage our last
exploration: How are gender forms actually split?

Gender isolation. By means of further manual
analysis on 50 output sentences per each of the
6 systems, we inquire if longer token sequences
for feminine words can be explained in light of
the different characteristics and gender productive
mechanisms of the two target languages (§3.1). Ta-
ble 6 reports selected instances of coupled femi-
nine/masculine segmented words, with their respec-
tive frequency in the MuST-C training set.

Starting with Italian, we find that BPE sequence
length increment indeed ensues from greedy split-
ting that, as we can see from examples (a) and (c),
ignores meaningful affix boundaries for both same
length and different-length gender pairs, respec-

14As such references only vary for gender-marked words,
we can isolate the difference relative to gender tokens.

en Segm. F M Freq. F/M
a) asked BPE chie–sta chiesto 36/884
b) DPE chie–sta chiesto 36/884
c) friends BPE a–miche amici 49/1094
d) DPE a–miche amici 49/1094
e) adopted BPE adop–tée adop–té 30/103
f) DPE adop–t–é–e adop–t–é 30/103
g) sure Morf. si–cura sicuro 258/818
h) grown up LMVR cresci–uta cresci–uto 229/272
i) celebrated LMVR célébr–ées célébr–és 3/7

Table 6: Examples of word segmentation. The segmen-
tation boundary is identified by ”–”.

tively. Conversely, on the French set – with 95% of
feminine words longer than their masculine coun-
terparts – BPE’s low increment is precisely due to
its loss of semantic units. For instance, as shown
in (e), BPE does not preserve the verb root (adopt),
nor isolates the additional token (-e) responsible for
the feminine form, thus resulting into two words
with the same sequence length (2 tokens). Instead
DPE, which achieved the highest accuracy results
for en-fr feminine translation (Table 3), treats the
feminine additional character as a token per se (f).

Based on such patterns, our intuition is that the
proper splitting of the morpheme-encoded gender
information as a distinct token favours gender trans-
lation, as models learn to productively generalize
on it. Considering the high increment of DPE to-
kens for Italian in spite of the limited number of
longer feminine forms (15%), our analysis con-
firms that DPE is unlikely to isolate gender mor-
phemes on the en-it language pair. As a matter of
fact, it produces the same kind of coarse splitting
as BPE (see (b) and (d)).

Finally, we attest that the two morphological
techniques are not equally valid. Morfessor occa-
sionally generates morphologically incorrect sub-
words for feminine forms by breaking the word
stem (see example (g) where the correct stem is
sicur). Such behavior also explains Morfessor’s
higher token increment with respect to LMVR.
Instead, although LMVR (examples (h) and (i))
produces linguistically valid suffixes, it often con-
denses other grammatical categories (e.g. tense and
number) with gender. As suggested above, if the
pinpointed split of morpheme-encoded gender is a
key factor for gender translation, LMVR’s lower
level of granularity explains its reduced gender ac-
curacy. Working on character’ sequences, instead,
the isolation of the gender unit is always attained.
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en-fr en-it
M-C M-SHE Avg. M-C M-SHE Avg.

BPE 30.7 25.9 28.3 21.4 21.8 21.6
Char 29.5 24.2 26.9 21.3 20.7 21.0
BPE&Char 30.4 26.5 28.5 22.1 22.6 22.3

Table 7: SacreBLEU scores on MuST-C tst-COMMON
(M-C) and MuST-SHE (M-SHE) on en-fr and en-it.

en-fr
ALL 1F 1M 2F 2M

BPE 65.18 37.17 75.44 61.20 80.80
Char 68.85 48.21 74.78 65.89 81.03
BPE&Char 68.04 40.61 75.11 67.01 81.45

en-it
BPE 67.47 33.17 88.50 60.26 81.82
Char 71.69 48.33 85.07 64.65 84.33
BPE&Char 70.05 52.23 84.19 59.60 81.37

Table 8: Gender accuracy (%) for MuST-SHE Overall
(ALL), Category 1 and 2 on en-fr and en-it.

6 Beyond the Quality-Gender Trade-off

Informed by our experiments and analysis (§5), we
conclude this study by proposing a model that com-
bines BPE overall translation quality and Char’s
ability to translate gender. To this aim, we train a
multi-decoder approach that exploits both segmen-
tations to draw on their corresponding advantages.

In the context of ST, several multi-decoder ar-
chitectures have been proposed, usually to jointly
produce both transcripts and translations with a sin-
gle model. Among those in which both decoders
access the encoder output, here we consider the
best performing architectures according to Sperber
et al. (2020). As such, we consider: i) Multitask
direct, a model with one encoder and two decoders,
both exclusively attending the encoder output as
proposed by Weiss et al. (2017), and ii) the Tri-
angle model (Anastasopoulos and Chiang, 2018),
in which the second decoder attends the output of
both the encoder and the first decoder.

For the triangle model, we used a first BPE-
based decoder and a second Char decoder. With
this order, we aimed to enrich BPE high quality
translation with a refinement for gender transla-
tion, performed by the Char-based decoder. How-
ever, the results were negative: the second decoder
seems to excessively rely on the output of the first
one, thus suffering from a severe exposure bias
(Ranzato et al., 2016) at inference time. Hence, we
do not report the results of these experiments.

Instead, the Multitask direct has one BPE-based
and one Char-based decoder. The system requires
a training time increase of only 10% and 20% com-

pared to, respectively, Char and BPE models. At
inference phase, instead, running time and size are
the same of a BPE model. We report overall trans-
lation quality (Table 7) and gender accuracy (Table
8) of the BPE output (BPE&Char).15 Starting with
gender accuracy, the Multitask model’s overall gen-
der translation ability (ALL) is still lower, although
very close, to that of the Char-based model. Nev-
ertheless, feminine translation improvements are
present on Category 2F for en-fr and, with a larger
gain, on 1F for en-it. We believe that the presence
of the Char-based decoder is beneficial to capture
into the encoder output gender information, which
is then also exploited by the BPE-based decoder.
As the encoder outputs are richer, overall trans-
lation quality is also slightly improved (Table 7).
This finding is in line with other work (Costa-jussà
et al., 2020b), which proved a strict relation be-
tween gender accuracy and the amount of gender
information retained in the intermediate represen-
tations (encoder outputs).

Overall, following these considerations, we posit
that target segmentation can directly influence the
gender information captured in the encoder output.
In fact, since the Char and BPE decoders do not
interact with each other in the Multitask model, the
gender accuracy gains of the BPE decoder cannot
be attributed to a better ability of a segmentation
method in rendering the gender information present
in the encoder output into the translation.

Our results pave the way for future research on
the creation of richer encoder outputs, disclosing
the importance of target segmentation in extracting
gender-related knowledge. With this work, we have
taken a step forward in ST for English-French and
English-Italian, pointing at plenty of new ground
to cover concerning how to split for different lan-
guage typologies. As the motivations of this inquiry
clearly concern MT as well, we invite novel stud-
ies to start from our discoveries and explore how
they apply under such conditions, as well as their
combination with other bias mitigating strategies.

7 Conclusion

As the old IT saying goes: garbage in, garbage out.
This assumption underlies most of current attempts
to address gender bias in language technologies. In-
stead, in this work we explored whether technical
choices can exacerbate gender bias by focusing on

15The Char scores are not reported, as they are not enhanced
compared to the base Char encoder-decoder model.
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the influence of word segmentation on gender trans-
lation in ST. To this aim, we compared several word
segmentation approaches on the target side of ST
systems for English-French and English-Italian, in
light of the linguistic gender features of the two tar-
get languages. Our results show that tokenization
does affect gender translation, and that the higher
BLEU scores of state-of-the-art BPE-based mod-
els come at cost of lower gender accuracy. More-
over, first analyses on the behaviour of segmenta-
tion techniques found that improved generation of
gender forms could be linked to the proper isola-
tion of the morpheme that encodes gender informa-
tion, a feature which is attained by character-level
split. Finally, we propose a multi-decoder approach
to leverage the qualities of both BPE and charac-
ter splitting, improving both gender accuracy and
BLEU score, while keeping computational costs
under control.
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8 Ethic statement17

In compliance with ACL norms of ethics, we wish
to elaborate on i) characteristics of the dataset used
in our experiments, ii) the study of gender as a
variable, and iii) the harms potentially arising from
real-word deployment of direct ST technology.

As already stated, in our experiments we rely
on the training data from the TED-based MuST-
C corpus18 and its derived evaluation benchmark,
MuST-SHE. Although precise information about
various sociodemographic groups represented in
the data are not fully available, based on impres-
sionistic overview and prior knowledge about the
nature of TED talks it is expected that the speakers
are almost exclusively adults (over 20), with dif-
ferent geographical backgrounds. Thus, such data
are likely to allow for modeling a range of English
varieties of both native and non-native speakers.

16https://ict.fbk.eu/
units-hlt-mt-e2eslt/

17Extra space after the 8th page allowed for ethical consid-
erations – see https://2021.aclweb.org/calls/
papers/

18https://ict.fbk.eu/must-c/

As regards gender, from the data statements
(Bender and Friedman, 2018) of the used corpora,
we know that MuST-C training data are manu-
ally annotated with speakers’ gender information19

based on the personal pronouns found in their pub-
licly available personal TED profile. As reported
in its release page,20 the same annotation process
applies to MuST-SHE as well, with the additional
check that the indicated (English) linguistic gender
forms are rendered in the gold standard translations.
Hence, information about speakers’ preferred lin-
guistic expressions of gender are transparently val-
idated and disclosed. Overall, MuST-C exhibits a
gender imbalance: 70% vs. 30% of the speakers
referred by means of he/she pronoun, respectively.
Instead, allowing for a proper cross-gender com-
parison, they are equally distributed in MuST-SHE.

Accordingly, when working on the evaluation of
speaker-related gender translation for MuST-SHE
category (1), we proceed by solely focusing on
the rendering of their linguistic gender expressions.
As per (Larson, 2017) guidelines, no assumptions
about speakers’ self determined identity (GLAAD,
2007) – which cannot be directly mapped from
pronoun usage (Cao and Daumé III, 2020; Acker-
man, 2019) – has been made. Unfortunately, our
experiments only account for the binary linguistic
forms represented in the used data. To the best of
our knowledge, ST natural language corpora going
beyond binarism do not yet exist,21 also due to the
fact that gender-neutralization strategies are still ob-
ject of debate and challenging to fully implement in
languages with grammatical gender (Gabriel et al.,
2018; Lessinger, 2020). Nonetheless, we support
the rise of alternative neutral expressions for both
languages (Shroy, 2016; Gheno, 2019) and point
towards the development of non-binary inclusive
technology.

Lastly, we endorse the point made by Gaido
et al. (2020). Namely, direct ST systems leverag-
ing speaker’s vocal biometric features as a gender
cue have the capability to bring real-world dangers,
like the categorization of individuals by means of
biological essentialist frameworks (Zimman, 2020).
This is particularly harmful to transgender indi-
viduals, as it can lead to misgendering (Stryker,
2008) and diminish their personal identity. More
generally, it can reduce gender to stereotypical ex-

19https://ict.fbk.eu/must-speakers/
20https://ict.fbk.eu/must-she/
21In the whole MuST-C training set, only one speaker with

they pronouns is represented.

3584



pectations about how masculine or feminine voices
should sound. Note that, we do not advocate for
the deployment of ST technologies as is. Rather,
we experimented with unmodified models for the
sake of hypothesis testing without adding variabil-
ity. However, our results suggest that, if certain
word segmentation techniques better capture cor-
relations from the received input, such capability
could be exploited to redirect ST attention away
from speakers’ vocal characteristics by means of
other information provided.
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A Models

Our direct ST models are built with the Fairseq
library (Ott et al., 2019) and are based on the Trans-
former (Vaswani et al., 2017). They have 11 en-
coder and 4 decoder layers (Potapczyk and Przy-
bysz, 2020). The encoder layers are preceded by 2

en-fr en-it
BPE 60M 60M
Char 52M 52M
DPE 60M 60M
Morfessor 79M 76M
LMVR 74M 72M
BPE&Char 77M 77M

Table 9: Number of parameters (in millions). For
BPE&Char, the reported number is the total of the train-
ing parameters, but at inference time only one decoder
is used, so the size is the same of BPE.

3x3 convolutional layers with 64 filters that reduce
the input sequence length by a factor of 4 and their
attention weights are added a logarithmic distance
penalty (Di Gangi et al., 2019). The models are op-
timized on label smoothed cross-entropy (Szegedy
et al., 2016) – the smoothing factor is 0.1 – with
Adam using β1=0.9, β2=0.98 and the learning rate
is linearly increased during the warm-up phase (4k
iterations) up to the maximum value 5× 10−3, fol-
lowed by decay with inverse square root policy.
The dropout is set to 0.2 and each mini-batch con-
sists of 8 sentences, while the update frequency is 8.
The source audio is augmented with SpecAugment
(Park et al., 2019; Bahar et al., 2019) that is applied
with probability 0.5 by masking two bands on the
frequency axis (with 13 as maximum mask length)
and two on the time axis (with 20 as maximum
mask length).

The systems are trained on MuST-C (Cattoni
et al., 2020). We filtered from the training set all
the samples whose audio length is higher than 20s.
So to avoid rewarding models’ potentially biased
behaviour, as a validation set we rely on the MuST-
C gender-balanced dev set (Gaido et al., 2020). The
target text was tokenized with Moses.22 We normal-
ized audio per-speaker and extracted 40 features
with 25ms windows sliding by 10ms with XNMT23

(Neubig et al., 2018).
Trainings are stopped after 5 epochs without im-

provements on the validation loss and we average
5 checkpoints around the best on the validation set.
They were performed on 8 K80 GPUs and lasted
2-3 days.

22https://github.com/moses-smt/
mosesdecoder

23https://github.com/neulab/xnmt
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Abstract

Natural language processing (NLP) methods
for analyzing legal text offer legal scholars
and practitioners a range of tools allowing
to empirically analyze law on a large scale.
However, researchers seem to struggle when
it comes to identifying ethical limits to using
NLP systems for acquiring genuine insights
both about the law and the systems’ predictive
capacity. In this paper we set out a number
of ways in which to think systematically about
such issues. We place emphasis on three cru-
cial normative parameters which have, to the
best of our knowledge, been underestimated
by current debates: (a) the importance of aca-
demic freedom, (b) the existence of a wide di-
versity of legal and ethical norms domestically
but even more so internationally and (c) the
threat of moralism in research related to com-
putational law. For each of these three parame-
ters we provide specific recommendations for
the legal NLP community. Our discussion is
structured around the study of a real-life sce-
nario that has prompted recent debate in the
legal NLP research community.

1 Introduction

Developing computational methods for analyzing
legal text is an emerging area in natural language
processing (NLP) with various applications such as
legal topic classification (Nallapati and Manning,
2008), court opinion generation (Ye et al., 2018)
and legal judgment prediction (Aletras et al., 2016;
Luo et al., 2017; Zhong et al., 2018; Chalkidis et al.,
2019). Legal NLP holds the promise of improving
access to justice and offers to legal scholars the
tools that allow for an empirical analysis of law on
a large scale (Katz, 2012; Zhong et al., 2020).

The development and use of legal text processing
technologies also raise a series of ethical questions,
on which we focus in this paper. For example,
following the publication at EMNLP 2019 of a

paper on automatic prison term prediction (Chen
et al., 2019) using a dataset constructed from pub-
lished and publicly available records of past cases
of the Supreme People’s Court of China, a debate
ensued about the ethical limits of legal NLP. More
specifically, Leins et al. (2020) queried in a system-
atic way whether papers such as that of Chen et al.
(2019) should be published. Leins et al. (2020)
invoked a number of arguments including consid-
erations to do with the construction of the dataset
(Bender and Friedman, 2018), and so-called ‘dual
use’ arguments (Radford et al., 2019), i.e. the possi-
bility of using a system developed for some purpose
for another, potentially harmful, purpose. Follow-
ing a rich discussion, Leins et al. (2020) asked
whether it is ethically permissible that legal NLP
should be used at all to predict items such as prison
terms.

We believe that the kind of ethical query put
forth by Leins et al. (2020) is vital for the future
of legal NLP and computational law in general.
However, we also contend that it is essential that a
more general discussion should be conducted about
the pertinent normative principles and concepts at
play. References to more general principles can
often curb the temptation to make decisions on the
basis of ad hoc moral intuitions which might not
be and probably are not, as we explain later on,
universally shared. The contributions of this paper
are as follows:

• In this paper we make no claim to cover all
the ethical ground in a comprehensive way.
Instead, we focus on three crucial ethical pa-
rameters that, to the best of our knowledge,
have not been extensively debated so far: (a)
the role of academic freedom (§2); (b) the ex-
istence of a wide diversity of legal and ethical
norms applicable to or endorsed by the global
NLP scholarly community (§3); and (c) the
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threat of moralism in legal NLP research (§4);

• We illustrate the practical difference that the
first two factors would make, when taken into
account, on the basis of the study of real-case
scenarios of developing or using legal NLP
technology;

• Moreover, for each of the three normative pa-
rameters (i.e. academic freedom, norms di-
versity and moralism), we provide specific
recommendations for the legal NLP commu-
nity.

2 Academic Freedom

2.1 What is academic freedom?
The idea of academic freedom has a long and impor-
tant pedigree in the history of the Western univer-
sity (Newman, 1976; Searle, 1972). Still, despite
the importance of the idea, there is currently no
commonly accepted definition accepted across do-
mestic jurisdictions and scholars (Barendt, 2010).
Be that as it may, for the purposes of this paper
we provide the following working definition: aca-
demic freedom is the freedom of scholars, whether
employed by universities or not, to decide without
undue external pressure or coercion the topics of
their research, the standards of such research and
the application of such standards to the scholars’
peers.

Academic freedom is both similar to and dif-
ferent from the more general right to freedom of
speech (Barendt, 2010). It is similar in that it in-
volves communicating freely chosen and conducted
research to pertinent audiences. It is different in
that: (a) it also applies to non-expressive research
activities; (b) it is more circumscribed because
scholars are bound by certain professional stan-
dards; and (c) it has both an individual-rights di-
mension and an institutional dimension, both being
bound to the idea of the university as an intellec-
tual space of free and uncoerced pursuit of truth.
Academic freedom is recognized as a distinctive
right by a number of national constitutions, such
as Article 5(3) of the German Basic Law, as well
as by some transnational legal instruments, such
as Article 13 of the EU Charter of Fundamental
Rights.

2.2 What is the value of academic freedom?
Two different tacks could be taken. First, one could
provide a consequentialist argument. Consequen-

tialist arguments identify right and wrong actions
solely on the basis of their good or bad conse-
quences (Driver, 2012). Accordingly, academic
freedom could be justified by invoking the benefi-
cial results of research undertaken, conducted and
debated freely by researchers.

Second, one could opt for a deontological ar-
gument. Deontological ethical arguments identify
permissible actions on the basis of (absolute) rules
and irrespective of the consequences that actions
may bring about (Alexander and Moore, 2007).
Under a deontological construal, the guarantees of
academic freedom would not be justified solely by
the (expected) outcomes of the research actions
they would allow but also: (a) because the pursuit
of truth and knowledge for their own sake is a good
in itself and irrespective of whether its (expected)
consequences are good or bad (under some crite-
rion of ‘goodness’ and ‘badness’); and (b) because
preserving academic freedom also preserves the
integrity and inviolability of the very person of the
researcher (Nagel, 1995).

We hasten to add for the sake of completeness
that one could perhaps also opt for a virtue eth-
ical approach to academic freedom (Hursthouse
and Pettigrove, 2018). We refrain from doing so
in this paper because, to the best of our knowl-
edge, no comprehensive literature on a virtue ethics
approach to academic freedom exists. Therefore,
whatever the merits of such an approach, it falls
outside the scope of this paper, which focuses on
more entrenched within the pertinent research com-
munity ethical parameters.

2.3 Academic freedom and legal NLP

One first thing to note is that, despite its impor-
tance, academic freedom does not seem to be rec-
ognized as a distinctive ethical value in many codes
related to the community of computer science re-
searchers. For example, the ACM Code of Ethics
refrains from specifically referring to that freedom
in its first section, which is devoted to ‘General
Ethical Principles’.1 While explaining this gap is
beyond the scope of the present paper, we contend
that academic freedom should be taken as seriously
as the other ethical principles and values invoked
therein, especially if one is to accept, as we think
one should, that academic freedom’s scope of ap-
plication does not just include the ‘academia’ in the

1ACM Code of Ethics – https://www.acm.org/co
de-of-ethics

3591



narrow institutional sense (i.e. universities or other
kinds of tertiary education institutions) but virtually
anyone who engages in research and scholarship
with a view to descovering the truth about a subject
matter.

If we begin with the widespread assumption that
academic freedom is indeed a fundamental right,
certain things seem to follow. First, in the assess-
ment of the ethics of legal NLP, academic freedom
will have to be taken into due account and then
balanced against other values, such as the value of
privacy of data subjects or the value or disvalue
of certain further potential applications of systems
(e.g. for legal judgment prediction) than those for
which they were initially developed (‘dual-use’).
When values are balanced against each other, the
all-things-considered permissibility of taking an ac-
tion (in our case proceeding with a research project
or publishing a paper in legal NLP) ultimately de-
pends on taking all relevant contextual factors into
account. We thus contend that there is no auto-
matic general rule to apply to all cases. Still, we
believe that, for example, in most imaginable sce-
narios where there is minimal interference with
the rights of data subjects insofar as data such as
court judgments are harvested from the public do-
main, pursuing an otherwise cognitively valuable
research project should be permitted. More gener-
ally, taking academic freedom seriously renders the
ethical permissibility of legal NLP projects more
complex than sometimes acknowledged, since aca-
demic freedom will have to be taken seriously into
account as an independent ethical factor, something
which rarely (if ever) seems to happen as things
currently stand, and despite the fact that almost all
researchers pledge some kind of commitment to
some version of academic freedom.

Second, and more importantly, ethical assess-
ments of legal NLP research will also depend on the
particular interpretation of the value of academic
freedom (Barendt, 2010). For example, deontolog-
ical interpretations of that value radically circum-
scribe the permissibility of invoking certain kinds
of consequentialist reasons to block particular types
of legal NLP research (Waldron, 2000). Invoking
such reasons, we contend, is a direct violation of
the integrity and equal freedom of researchers in
the same way that, say, invoking people’s tendency
to be offended by certain kinds of artistic creations
(for example, ‘blasphemous’ art) to block dissemi-
nation of art is a violation of the dignity of the artist.

At the very least, under a robust understanding of
the right to academic freedom (Dworkin, 1977),
arguments to the effect that a certain piece of legal
NLP research will have ‘bad’ consequences (what-
ever these are) will not be enough unless the risk
of the consequences actually (as opposed to merely
speculatively) obtaining is clear, present and sig-
nificant. Again, we stress that there is no easily
applicable general ethical rule here. Researchers
should apply their ethical judgment in a contextual
way by trying to account for all the relevant factors.
We provide in the discussion that follows a concrete
illustration of what a deontological understanding
of academic freedom might entail in a particular
scenario.

We also argue that even consequentialist interpre-
tations of the value of academic freedom will place
emphasis on the benefits of allowing researchers,
at least prima facie, to freely conduct research,
even when such research is ethically controversial.
These benefits consist, among other things, in the
possibility of maximizing the chances of getting
to the truth about a certain subject-matter (in our
case, law) through the proliferation of different
research perspectives, thus promoting the public
good.2 Moreover, in this case again, the merely
speculative possibility of certain adverse effects ob-
taining (e.g. systems designed by the researchers
being used by others to pursue unethical goals) is
not enough to render such research unethical in
itself. There must be a real probability, not just a
theoretical possibility, that these effects might in
fact materialize.

2.4 Specific scenarios

These points can be readily illustrated by reference
to the article by Leins et al. (2020) with which we
began our discussion. We have said that, at the very
least, academic freedom should be taken into ac-
count as an independent ethical value. We contend
that this would modify significantly at least the
structure of the argument provided by Leins et al.
(2020). We stress, of course, that this in no way
implies that academic freedom ‘wins by default’.
In fact, we have already highlighted that academic
freedom is not the only pertinent ethical value and
we have stressed that we do not believe that a gen-
erally applicable rule exists. All we intend to do is
to argue that academic freedom as such should be

2ACM Code of Ethics – https://www.acm.org/co
de-of-ethics#h-1.2-avoid-harm
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taken seriously into account and balanced against
other pertinent ethical factors. However, we think
that in the context of the particular case under con-
sideration, academic freedom tips the balance in
favor of the ethical permissibility of the research
by Chen et al. (2019). Thus, the ‘dual-use’ and
‘dataset construction’ concerns voiced by Leins
et al. (2020) will not be sufficient on their own
to call the shots in ethics assessment in favor of
rejecting either conducting or publishing the scruti-
nized research for the following reasons.

Dual-use Regarding the ‘dual-use’ concerns, we
think that Leins et al. (2020) overestimate the dan-
gers of an algorithm designed by academics be-
ing used to decide real cases with adverse conse-
quences for real people. In particular, Leins et al.
(2020) provide no reason to worry that any such
use might happen anytime soon, nor evidence that
there is, for example, a serious standing intention
on the part of Chinese authorities to implement
what would amount to a radical reform of the ju-
dicial system. Accordingly, the chance of an ethi-
cally unacceptable use of the designed algorithm
seems, on the face of it, rather small (not to say
almost completely theoretical). If this should be
accepted, then both deontological and consequen-
tialist interpretations of academic freedom tip the
balance in favor of conducting and publishing the
scrutinized research. Deontological interpretations
place a very high premium on curtailments of the
freedom and dignity of researchers. Arguably, this
premium is not met by just the theoretical possibil-
ity of some bad consequence eventually resulting
somewhere downstream from the research. But
even consequentialist interpretations of academic
freedom would concur in the case at point. This is
because the expected probability of the occurrence
of the bad consequences highlighted in the paper
by Leins et al. (2020) (use of a potentially biased
algorithm by the judiciary to help make inequitable
decisions) seems in this case particularly low (or
perhaps even nonexistent).

Of course, we fully acknowledge that we might
be wrong in our assessment about the probability
of a potentially evil ‘dual-use’; we are in no way
experts about Chinese legal and political affairs or
of impending developments in the Chinese legal
system. Still, the reasoning we have outlined also
has a dimension to do with accruing and assessing
evidence for ethical assessment. Thus, we hold
that, in cases of doubt or where adequate evidence

is neither available nor forthcoming, the value of
academic freedom grounds at least a presumption
in favor of proceeding with the research, the burden
of proof in ‘dual-use’ scenarios been shifted to
those who believe that there is a serious reason not
to undertake a given piece of research. It is crucial
for academic freedom that this burden should not
be met by the researchers themselves. Arguably, in
the case at hand the evidential burden has not been
met by Leins et al. (2020).

Dataset Construction Similar considerations
apply when it comes to assessing concerns to do
with the construction of any particular dataset for
legal NLP. The argument put forth by Leins et al.
(2020) stresses that the dataset exposes people to
harm because the defendants of past cases are iden-
tifiable. But arguably the probability of exposing
people to harm through the construction of a dataset
consisting of already decided cases by some domes-
tic Supreme Court seems so low as to be practically
non-existent. On the one hand, Leins et al. (2020)
do not provide any evidence in favor of their ar-
gument. On the other hand, and to the best of our
knowledge, the probability of these cases reopening
together with that of some judge being specifically
influenced by the dataset if such reopening occurs
is practically non-existent. In all jurisdictions that
we know about, cases by courts at the top of the
judicial hierarchy are mostly, even if not uniquely,
to do with the past, since by definition Supreme
Courts issue the final judgment on some case. Thus,
in order for considerations of potential harm to de-
fendants to trump academic freedom, the risk of
harm must be real, even under a generous under-
standing of the latter term, not merely imaginary or
speculative. We stress, moreover, that this kind of
understanding of harm coheres well with the ACM
Code of Ethics that we have already cited. Thus,
here again academic freedom, under any reason-
able interpretation, should normally tip the balance
in favor of proceeding with the research.

In a similar way, contending that some dataset
‘unfairly advantages or disadvantages’, as Leins
et al. (2020) claim, appears to hugely overstate the
real degree to which academic research might im-
pact on the actual workings of judicial and political
institutions. This is even more the case with respect
to the specific dataset in question, since the latter
was created by using documents already available
in the public domain. In fact, it is the availabil-
ity of the documents in the public domain itself,
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for which researchers bear no ethical responsibil-
ity, that creates certain risks to data subjects, if at
all. Furthermore, such a contention bypasses the
obvious fact that the dataset merely indicates the
existence of unfair treatment that happened, if it
did, at the level of what some Supreme Court did
and not at the level of converting the activity of this
Court into a dataset.

Last, but not least, here again the cases refer
to facts that have already happened and no details
are provided in Leins et al. (2020) as to whether
there is, within the Chinese legal and social order,
a concrete and standing threat for individuals to be
unfairly treated on the basis of past cases (whether
these led to convictions or not). Thus, we repeat
that a merely theoretical or speculative possibility
should not be considered sufficient, absent other
factors, and especially concrete and real, not just
imagined, reasons to trump academic freedom.

2.5 Recommendations

In decisions about the ethics of legal NLP research,
deliberation should begin by commencing with a
(rebuttable) presumption to the effect that academic
freedom should not be curtailed lest there be com-
pelling, to wit, clear and present or at least signifi-
cantly probable (not purely theoretical or specula-
tive) reasons to decide otherwise.

3 Diversity of Ethical and Legal Norms

3.1 Norms Diversity: The general problem

The community of legal NLP researchers is now
global, ranging from the Global North to the Global
South. However, a number of ethical standards
on how to conduct legal NLP research in many
cases seem to be either local or of local origin.
Moreover, different ethical and legal standards may
be found across different jurisdictions or cultures.
Moral diversity is thus an issue that crops up in a
variety of contexts to do with legal NLP. Below, we
shall concentrate on the specific issue of privacy
and data protection in the construction of datasets.
Still, similar issues could also arise in other areas,
such as the definition of what counts as ‘unfairness’
towards a specific group.

Privileging a particular ethical or legal standard
over another (or a particular interpretation of a com-
mon standard) could fuel the suspicion that, instead
of reflecting a perspective of detached and ‘pure
rationality’, such standards and interpretations are
in fact just entrenching local (and, for that mat-

ter, Western European or, more generally, Global
Northern) prejudices and preconceptions, impos-
ing them as mandatory norms on researchers who
might not reflectively endorse them. There are two
distinct but interrelated issues here. First, as a mat-
ter of fact, there appears to be a wide diversity
of ethical standards that are accepted by different
communities, with some of them being endorsed by
some and rejected by others and vice versa (Prinz,
2007). Second, even when ethical or legal stan-
dards are shared across communities, there is often
more or less widespread and reasonable disagree-
ment about their ‘best’ or ‘proper’ interpretation
(Gowans, 2015).

Now, the above facts do not immediately lead
to what might seem like an unacceptable ethical
relativism, i.e. the idea that no universal valid ethi-
cal standards could ever exist (Gowans, 2015). A
discussion about the merits of ethical relativism is
outside the scope of this paper, and we wish neither
to endorse nor to criticize it. Our only point here
is that, irrespective of the stand one takes on the
issue of ethical relativism, the reality of diversity
of ethical and legal opinion gives rise to an issue
that cannot be avoided, to wit, the kind of position
that researchers may take when confronted with
research based on ethical rules and norms that sig-
nificantly diverge from their own. Thus, ethical
diversity points to the need to submit the content
of the researcher’s own standards, especially when
they are used to evaluate the research of scholars
who do not necessarily endorse them or reside in
parts of the globe where they are considered nei-
ther legally nor perhaps even morally binding, to
a much more searching examination. Accordingly,
it should not be taken for granted that, say, histor-
ically and geographically contingent conceptions
of a particular concept (e.g. data privacy in the EU,
or the ban of judge analytics in France3) should al-
ways and without further argument take normative
priority in ethical assessments.

Like in the previous section on academic free-
dom, we hasten to add that this does not amount
to an easily applicable rule or ‘formula’ (which in
our case could be either ‘pay no heed to alien rules
and norms and stick to what you think is right’ or
its exact opposite such as ‘accept diversity no mat-
ter how unethical the alien rules or norms appear
to be’). In fact, we do not think that there exists

3https://www.artificiallawyer.com/201
9/06/04/france-bans-judge-analytics-5-ye
ars-in-prison-for-rule-breakers/
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any easy, uncontroversial and unequivocal way by
which to resolve such ethically complicated issues.
As everywhere in life, a lot will depend on the
particulars of each case and on the researcher’s ca-
pacity to manifest a sensitivity to these particulars
and of the specific ways in which they mesh in each
scenario. All that we are suggesting is that issues
to do with diversity of ethical and legal outlooks
should be brought to the attention of researchers
and, in the end, may only be resolved by the ex-
ercise of contextual and inherently controversial
ethical judgment. At the very least, the actual pres-
ence of a diversity of different outlooks requires a
willingness to engage seriously with ’alien’ rules
and norms, trying to understand their point and jus-
tification from the other’s point of view, instead of
easily and sometimes even complacently dismiss-
ing them out of hand as straightforwardly unethical.

3.2 Specific Scenario

To better apprehend how such a relatively abstract
discussion may play out in a particular context
and scenario, let us once again revisit the initial
example with which we began our discussion, i.e.
the paper by Leins et al. (2020).

Data Privacy: The ethical factors at play A
large part of the argument put forth by Leins et al.
(2020) consists in querying the process of construc-
tion of the dataset used by Chen et al. (2019) by
invoking the rights of data subjects to privacy (sim-
ilarly, Aletras et al. (2016), Chalkidis et al. (2019),
Chalkidis et al. (2020) and Chalkidis et al. (2021)
use publicly available data that contain private in-
formation in the context of the European Court of
Human Rights). Thus, Leins et al. (2020) raise
issues to do with the use of ‘sensitive and confi-
dential data’, such as data to do with prison time
served. They also refer to the fact that the people
represented in the dataset do not seem to have been
informed about data collection. The question then
is whether these research practices are ethically
problematic. While it seems self-evident, at least
for a researcher accustomed to the practices of late
twentieth century European states, to answer in
the affirmative, an issue that Leins et al. (2020) do
not address is that any answer to this question will
presuppose a particular prior understanding of the
content of the right of data subjects to privacy, an
understanding, moreover, that may only be avail-
able to certain kinds of legal and ethical cultures
and not to others.

The discussion may progress by reference to
the simple observation that, when it comes to the
legal and ethical status of datasets composed of
data already available in the public domain (such
as those in the papers by Chen et al. (2019) and
Chalkidis et al. (2019)), there appears to be no
global universal consensus as to the scope of the
privacy rights of the data subjects involved.4 A few
jurisdictions deploy very demanding definitions
of data privacy, coupled with special protection
provided with respect to ’sensitive data’: the EU
and Australia are prime examples. Still, there also
exist major divergences between state practices,
some states being much more permissive in those
respects than others.

The invocation of privacy as an ethical consider-
ation thus raises a distinctive problem: how should
privacy be understood in view of the fact that there
is no universal consensus on its nature and its pro-
tection across states? Should particular definitions
of data privacy constitute the appropriate normative
benchmark? And why? As we have already said,
some of these definitions might be significantly
more demanding than others, reflecting different
local conventions about the value of rights that data
subjects have under the law.

We contend that the documented divergences in
the attitudes towards data protection and the right to
privacy, differences reflected in the law of different
jurisdictions, in fact stem from a more fundamental
phenomenon, i.e. the diversity of ethical, moral and
legal outlooks both across time and across states,
cultures and peoples. (Prinz, 2007). In fact, as
we have already shown, it is arguable that the high
standard of data protection that Leins et al. (2020)
use, which also appears to be the standard used by
the ACM Code of Ethics5 is in the minority from a
global point of view (Renteln, 1988). Moreover, the
construction of datasets from databases containing
publicly available court judgments appears to at
least count in favor of the prima facie permissibility
of that research practice.

The availability of court judgments in the public
domain even in core Western countries that oth-
erwise protect private data in other domains and
with respect to international courts such as the Eu-
ropean Court of Human Rights still belies an older
conception of privacy: one in which the publicity
of court trials as a rule of law guarantee trumps

4https://www.cnil.fr/en/data-protecti
on-around-the-world

5https://www.acm.org/code-of-ethics
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the individual’s wish to hide oneself from others
in public space (Langford, 2009). Under this older
conception of privacy, not only is it possible to
retrieve the names of litigants in past cases, but
also that possibility is protective of the rule of law
in the same way that, say, secret trials of terrorist
or other suspects are still widely thought to under-
mine it (Resnik, 2011). The above comments thus
suffice to show that the high standard of privacy
protection that is sometimes used to scrutinize re-
search practices in legal NLP, exemplified by Leins
et al. (2020), is not only geographically but also
historically contingent.

Under these conditions, the following question
becomes ethically pressing: Why should any local
and geographically restricted conception of stricter
data privacy and protection be preferred to, say,
a more relaxed and minimal one? Granted, re-
searchers conducting legal NLP research in loca-
tions where that particular conception is prevalent
and legally obligatory, such as the European Union
or Australia, should of course abide by it; but why
should other researchers, such as those residing,
say, in Singapore, the United States or Africa, be
held to that same particularly demanding standard?
Moreover, is it even fair and ethical, given what
was already stated above with respect to academic
freedom, to hold researchers (e.g. non-European
and non-Australian) to a peculiarly local, and by
no means universally acknowledged, standard?

Data Privacy: Application to the case at hand
On the basis of the above considerations, we be-
lieve that this kind of contextually informed think-
ing could argue in favor of the ethical acceptabil-
ity of the research practices used by Chen et al.
(2019) in the construction of their dataset. There
are two important variables at play here. On the
one hand, the data is already in the public domain.
Under these circumstances, the interference of the
researchers with the data subjects’ rights appears
minimal at worst: in fact, even under a demanding
definition of privacy, the main interference with pri-
vacy rights is due to the availability of the publicly
available database itself and not to the researcher’s
activity of constructing a dataset for research pur-
poses out of it. But, second, we could even go
further and ask why what appears like a specifi-
cally European definition of privacy and data pro-
tection, and moreover one which, at least as things
stand nowadays seems to be more of an outlier on
a global level, should be adopted as a normative

yardstick by researchers working in a completely
different ethical and regulatory environment.

As we have already said, there is a long and ven-
erable Western and European tradition which lays
stress on the importance of the publicity of court
judgments. For a long time, it was considered not
unethical but utterly normal to make court trials
and their outcomes public, so as to control through
public scrutiny the exercise of state coercion on
individuals. While this consideration might now
seem dated in some parts of the world, especially
those that have entrenched traditions of judicial in-
dependence and a high degree of trust to the judicial
system, we should be sensitive to its importance in
other parts of the world. It thus becomes difficult
to resist the conclusion that the absence of respect
of (putatively European) data protection norms by
Chen et al. (2019)) is not a fatal ethical objection
to either conducting or publishing their research.

3.3 Recommendations

Forging genuine universal ethical standards re-
quires a global conversation between researchers
engaged from a plurality of standpoints and tradi-
tions. When such standards do not exist or exist
only to a minimal degree, ethical assessment for
global conferences, journals and reviews should
be appropriately flexible and respectful of differ-
ences and reasonable disagreements. No automatic
assumptions should be made that a ‘one-size-fits-
all’ model is sufficient to make informed decisions
about the ethical status of research practices.

4 The Threat of Moralism in Legal NLP

We believe that the previous discussion points to a
more general issue, that we treat under the heading
of the ‘threat of moralism’ in legal NLP. While this
issue is more theoretical than the previous ones
(which had practical ramifications), we think it
should be treated on its own, insofar as it allows
us to propose a more general and comprehensive
conceptual framework that allows us to make wider
sense of the ethical issues at play. This section of
our paper thus has the function of both subsuming
the previous discussion and further advancing it,
albeit without this time focusing on the discussion
of a specific scenario.

4.1 How to characterize moralism?

Moralism can be intuitively understood as ‘the vice
of overdoing morality’ (Coady, 2015). In the con-
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text of qualitative research, Hammersley and Tra-
ianou (2011) has contended that moralism can take
two different forms. First, it might involve the be-
lief that substantive ethical values, other than the
disinterested pursuit of knowledge for its own sake,
should be integral goals of research. Second, it
might involve the requirement that researchers ad-
here to ‘high’ or even the ‘highest possible’ ethical
standards (Hammersley and Traianou, 2011).

Here, and with no ambition of a comprehen-
sive discussion, we roughly define moralism as the
idea that substantive moral values and constraints
more demanding than mere adherence to valid legal
norms or to relatively uncontroversial and in any
event minimal ethical norms, such as the require-
ment not to harm others, must be taken into account
when assessing research outputs, including legal
NLP research. Our argument is that moralism of
this sort threatens academic freedom and the equal
dignity of researchers as bearers of such freedom.

4.2 Why moralism might be a problem in
legal NLP?

To think clearly about why moralism in the sense
of the pursuit of substantive moral values might be
a problem in legal NLP, we might make an anal-
ogy with moralism in the setting of ordinary social
and political life. At least liberal democracies take
seriously John Stuart Mill’s idea (Mill, 2015) that
people should be free to pursue various ends that
they themselves set, so long as they keep within
certain reasonable limits circumscribed by the so-
called ‘harm’ principle, i.e. the requirement not to
harm others equally engaged in the pursuit of their
proper ends.

A political community that attempts to impose
substantive ends on individuals, say on the assump-
tion that certain forms of life are ‘higher’ or ‘more
important’ than others is guilty of disrespecting
the autonomy of individuals. We contend that,
in an analogous way, a research community that
attempts to instill in its members specific ethical
ends other than the disinterested pursuit of truth
and knowledge, especially by ethically assessing
the very content of research endeavors, is risking
falling into a kind of moralism which fails to take
the freedom of researchers seriously. In particular,
the mere fact that certain members of the research
community subjectively find a piece of research
to be unacceptable on other than professionally
defined and accepted methodological grounds or

basic and flagrant disrespect of moral norms such
as the no-harm principle, should not be deemed
automatically sufficient for ethical condemnation
of the research.

4.3 Recommendations

The primary moral duty of legal NLP researchers,
like all researchers, is to the disinterested pursuit of
truth as they understand it, and not to substantive
ends which are extrinsic to that pursuit.

5 Conclusions

In this paper we have contributed to the ongoing
discussion on the ethics of legal NLP (Leins et al.,
2020). We laid emphasis on three normative fac-
tors whose importance, to the best of our knowl-
edge, has not been sufficiently acknowledged, i.e.
academic freedom, diversity of ethical and legal
norms of the global NLP community and the wider
and more abstract issue of moralism in research
ethics. Moreover, we illustrated how the first two
factors might make a practical difference to ethi-
cal decision-making by a detailed discussion of a
specific scenario. We also stressed that these fac-
tors do not amount to any automatically applicable
general rule but require the exercise of contextual
ethical thinking on the part of researchers. Final
decisions should be made by taking all ethically
relevant factors into account.

We believe that the ethical factors we identi-
fied can help the legal NLP community become
more reflective and tolerant of a wider variety of
approaches whilst at the same time remaining fully
committed to the academic ideal of disinterested
pursuit of truth for its own sake.
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Abstract

In this paper, we analyze the interplay be-
tween the use of offensive language and men-
tal health. We acquired publicly available
datasets created for offensive language identi-
fication and depression detection and we train
computational models to compare the use of
offensive language in social media posts writ-
ten by groups of individuals with and without
self-reported depression diagnosis. We also
look at samples written by groups of individ-
uals whose posts show signs of depression ac-
cording to recent related studies. Our analysis
indicates that offensive language is more fre-
quently used in the samples written by individ-
uals with self-reported depression as well as
individuals showing signs of depression. The
results discussed here open new avenues in re-
search in politeness/offensiveness and mental
health.

1 Introduction

The use of offensive language is pervasive in social
media and it has been studied from different per-
spectives. A popular line of research is the study
of computational models to identify offensive con-
tent online relying on traditional machine learning
classifiers (e.g. naive bayes and SVMs) (Xu et al.,
2012; Dadvar et al., 2013), neural networks (e.g.
LSTMs, GRUs) with word embeddings (Aroyehun
and Gelbukh, 2018; Majumder et al., 2018), and
more recently, transformer models like ELMO (Pe-
ters et al., 2018) and BERT (Devlin et al., 2019)
which have shown to obtain competitive scores
topping the leaderboards in recent shared tasks on
offensive language and hate speech detection (Liu
et al., 2019).

Offensive language is related to the notion of im-
politeness (Culpeper, 2011) and it can take various
forms from general and often harmless profanity

WARNING: This paper contains offensive words.

to abusive language intended to cause harm, such
as cyberbullying and hate speech (Waseem et al.,
2017). Computational models have been applied
not only to identify the various types of offensive
content (Basile et al., 2019) but also to, for ex-
ample, study the relation between profanity and
hate speech (Malmasi and Zampieri, 2018) and the
different functions and intentions of vulgarity in
social media (Holgate et al., 2018).

Most of the datasets used in the aforementioned
studies contain data sampled from the general pop-
ulation and therefore very little light has been shed
on the use of offensive language in online commu-
nication by specific groups such as individuals with
mental health conditions. A notable exception is
the recent study by Birnbaum et al. (2020) which
shows that users with mood disorders (bipolar dis-
order, major depressive disorder) and schizophre-
nia spectrum disorders use more swear words in
their Facebook messages than healthy users.

To address this shortcoming, in this paper, we
build on recent work on offensive language iden-
tification and apply it to mental health datasets.
More specifically, we look at the role of offen-
sive language in the communication of users with
depression using two publicly available datasets
containing posts by individuals with self-reported
depression diagnosis.

To the best of our knowledge, this study is the
first to apply state-of-the-art offensive language
identification models to mental health datasets. We
aim to answer two research questions:

RQ1: Are posts from individuals suffering from
depression more likely to contain offensive lan-
guage in existing datasets?

RQ2: Are there differences in the nature of offen-
sive language used by individuals with depression
compared to control groups?
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2 Related Work

Offensive language identification is a popular topic
in NLP. Researchers have been working to improve
the performance of systems trained to identify con-
versations that are likely to go awry (Zhang et al.,
2018) and to detect the various types of offen-
sive posts in social media (Basile et al., 2019; Ku-
mar et al., 2020). More recently, with the goal
of improving explainability, offensive language
identification at the token-level has received more
attention (Mathew et al., 2021; Ranasinghe and
Zampieri, 2021). A number of computational mod-
els have been applied to this task ranging from tra-
ditional machine learning classifiers, most notably
SVMs (MacAvaney et al., 2019), to various deep
learning models (Liu et al., 2019). While the clear
majority of studies on this topic deal with English,
some studies have addressed offensive language in
other languages like Greek (Pitenis et al., 2020) and
Turkish (Çöltekin, 2020) while a few others have
applied cross-lingual models to take advantage of
existing English datasets when making predictions
in languages with fewer resources (Ranasinghe and
Zampieri, 2020).

Several studies have applied machine learning
and NLP methods to address research questions
related to mental health in social media such as
identifying users with a particular mental health
condition and predicting the risk of self-harm or sui-
cide ideation (De Choudhury et al., 2013; Preoţiuc-
Pietro et al., 2015; Malmasi et al., 2016; De Choud-
hury et al., 2016; Chancellor and De Choudhury,
2020). The CLPsych workshop co-located with
international NLP conferences has hosted multiple
competitions on these topics providing participants
with important benchmark datasets and attracting a
large number of teams (Coppersmith et al., 2015;
Milne et al., 2016; Zirikly et al., 2019).

There have been multiple studies on the impact
of offensive and hateful speech on the individ-
ual’s psychological mental health and well-being
(Bannink et al., 2014; Saha et al., 2019). The use
of offensive language by individuals with mental
health conditions, however, has not been substan-
tially studies with the exception of Birnbaum et al.
(2020) that analyzed the use of offensive language
in Facebook messages from individuals with mood
disorders. Our work fills this important gap by
providing further empirical evidence of the use of
offensive language by individuals with diagnosed
depression or showing signs of depression.

3 Data

In our experiments, we use three publicly available
English datasets with data collected from social
media: one with offensive language annotation,
and two datasets with posts from users with self-
reported depression diagnosis.

Offensive Language We use the Offensive
Language Identification Dataset (OLID) (Zampieri
et al., 2019a) to train offensive language identifi-
cation models. OLID contains a total of 14,100
manually annotated posts from Twitter and it was
released as the official dataset of SemEval-2019
Task 6 (OffensEval) (Zampieri et al., 2019b).
We chose OLID due to its general hierarchical
annotation taxonomy with the following levels:
Level A: Offensive language identification:
offensive (OFF) vs. non-offensive (NOT)
Level B: Categorization of offensive language:
targeted insult or threats (TIN) vs. untargeted
profanity (UNT).
Level C: Offensive language target identification:
individual (IND) vs. group (GRP) vs. other (OTH).
This hierarchical taxonomy provides us with a flex-
ibility as it represents multiple types of offensive
content in a single annotation scheme (e.g. posts
targeted at an individual are often cyberbullying
and posts targeted at a group are often hate speech)
making it a great fit for this kind of analysis. In
our experiments, we consider level A (offensive vs.
non-offensive) and level B (target vs. untargeted).

Mental Health We run all our experiments on
the Reddit Self-reported Depression Diagnosis
(RSDD) dataset (Yates et al., 2017) and on the
Early Risk Prediction on the Internet (eRisk) 2018
dataset (Losada and Crestani, 2016), two publicly
available datasets containing posts from Reddit.
The RSDD dataset consists of users annotated as
having depression by their mention of diagnosis
and control users, which are users who do not suf-
fer from depression (there is not any mention of
diagnosis in their posts). To prevent users labeled
with depression to be easily identified by specific
keywords, the authors removed posts containing
depression terms (e.g. depression, depressive) or
belonging to mental health related subreddits. The
authors made the training, validation, and test splits
available and in our experiments we use the train-
ing split, which contains over 5 million posts from
users with depression and over 30 million posts
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from users in the control group.
The eRisk 2018 dataset contains users labeled

with depression by their mention of diagnosis and
control users. In this paper, we use both train and
test splits, consisting of a total of approximately
90,000 submissions from users annotated as having
depression and 985,000 posts and comments from
the users in the control group. As opposed to the
RSDD dataset, the authors removed only the posts
containing the exact mention of diagnosis.

4 Methods

Offensive Language Detection and Categoriza-
tion We address RQ1 and RQ2 by studying
the language of users from the two groups, self-
reported depression diagnosis and control, in social
media. We start by computing an offensive score,
which measures the extent to which a post is of-
fensive, and whether it is a targeted insult or an
untargeted post (most often profanity). These two
tasks correspond to OLID levels A and B respec-
tively Zampieri et al. (2019a).

For the task of offensive language detection, we
fine-tune a BERT model on the OLID dataset on
level A. We train the model for 2 epochs, with a
small learning rate of 0.00001 and Adam optimizer
(Kingma and Ba, 2015). We use an 80:20 split
of the training data to choose the best performing
model in terms of F1 score. The model obtains 0.85
Precision, 0.74 Recall and 0.77 F1 score on the test
data from the OLID dataset. These numbers are
consistent with the baselines reported in (Zampieri
et al., 2019a). The offensive score is computed as
a probability taken from the softmax output of the
BERT model.

For the task of offensive language categoriza-
tion (targeted insult or untargeted profanity) we
also choose a transformer-based approach, using
another BERT model trained on OLID level B. We
fine-tune BERT for 7 epochs with the same afore-
mentioned train-validation split, with a learning
rate of 0.00002 with Adam optimizer and a linear
warm-up schedule with a 0.05 warm-up ratio, as
proposed by Rosenthal et al. (2020). To account for
the class imbalance, we use cross-entropy loss with
balanced class weights. The effectiveness of the
model is also evaluated on the OLID test data, us-
ing the same metrics and achieving 0.78 Precision,
0.84 Recall and 0.80 F1 score.

Signs of Depression Detection Furthermore, we
are interested in distinguishing the posts that show

signs of depression from all the posts of individuals
from the depression group. This way, we filter out
the noise added by the texts which do not contain
any cues of depression. We are using the Semantic
Polarity Score heuristic (Hs heuristic) proposed
by Rı́ssola et al. (2020) to detect posts showing
signs of depression written by individuals with a
self-reported depression diagnosis.

Hs uses a mix of sentiment polarity, depression
score, and emotion detection. The authors use
TextBlob1 to obtain the polarity score of each post,
ranging between -1 and 1. The terms from EmoLex
(Mohammad and Turney, 2013) are used in order
to detect the emotions (anger, fear, anticipation,
trust, surprise, sadness, joy, and disgust) contained
in the texts. The depression score of each post is
computed using the NRC Affect Intensity Lexicon
(Mohammad, 2017), ranging from 0 to 1. In order
to distinguish the posts showing signs of depres-
sion from other posts of users with self-reported
depression diagnosis, we follow the criteria from
Rı́ssola et al. (2020). Posts are labeled as showing
signs of depression if the texts have a negative po-
larity, if sadness or disgust emotions are present,
and if they have a depression score higher than 0.1.

5 Results and Discussion

Using the Hs heuristic, we demonstrate that there
is a statistically significant difference (Welch t-test,
p-value <0.001) in terms of offensive language use
between individuals with self-reported depression
diagnosis that manifest signs of depression in their
posts and users who do not show any signs of de-
pression. Posts containing signs of depression have
a higher offensive score than posts from users diag-
nosed with depression without any signs, in both
eRisk 2018 and RSDD datasets, as shown in Figure
1.

For labeling the offensive posts, we use the same
0.50 threshold as used during training. We show
in Table 1 that more posts from users diagnosed
with depression are labeled as offensive than from
control. Using the Hs heuristic, we filter the posts
containing signs of depression and find that there
is a higher percentage of posts with signs of de-
pression labeled as offensive. These findings are
consistent for both eRisk 2018 and RSDD datasets.
The higher degree to which depressed individuals
use offensive language in comparison to individu-
als in the control group can be explained via the

1https://textblob.readthedocs.io/en/dev/index.html
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Figure 1: Distribution of the offensive language score
for posts written by users with self-reported depression
diagnosis and showing or not showing signs of depres-
sion measured with the Hs heuristic.

Self-reported Signs of depression
Dataset Depression Control Showing Not showing
eRisk 2018 8.24% 5.91% 18.50% 7.40%
RSDD 11.31% 8.91% 24.33% 10.10%

Table 1: Percentage of posts labeled as offensive from
total posts of self-reported individuals and of individu-
als showing/not-showing signs of depression measured
with the Hs heuristic.

emotion regulation framework (Gross, 1999). The
use of offensive language could be an emotion regu-
lation strategy through which depressed individuals
relieve some of their distress. Similarly, pain and
distress studies indicate that the use of offensive
language when experiencing pain significantly di-
minishes the level of pain experienced (Stephens
and Robertson, 2020), suggesting that the use of
offensive language can relieve distress.

Although there are more posts with signs of de-
pression labeled as offensive, the majority of them
are untargeted (containing swears, profanity) and
only 10.71% and 10.72%, respectively, are targeted
insults (Table 2).

Self-reported Signs of depression
Dataset Depression Control Showing Not showing
eRisk 2018 24.12% 21.72% 11.48% 26.68%
RSDD 16.63% 23.94% 8.29% 18.48%

Table 2: Percentage of posts labeled as targeted in-
sult from the offensive posts of self-reported individ-
uals and of individuals showing/not showing signs of
depression measured with the Hs heuristic.

The fact that depressed individuals tend to use
more self-deprecating content and less deprecation
of others, as evidenced in our analysis, is a result

that is in line with the broad spectrum of cognitive
studies, which indicates that negative evaluation of
the self is a main interpretation bias in depressed
individuals (Everaert et al., 2017). Depressed in-
dividuals tend to view themselves as less valuable
than others. By self-deprecating language, we use
the definition from Speer (2019). This broader
definition includes, but is not limited to, insults
towards self, if they have a negative intention. Fi-
nally, studies show that there is also a self-focused
attention tendency in depressed individuals (Brock-
meyer et al., 2015), where just like in other condi-
tions (e.g. anxiety), individuals tend to be unable
to detach from their own perspective focusing pri-
marily on their side of the story, their pain, etc.

In order to further understand the differences in
the use of offensive language, we analyze the words
from posts written by individuals with depression.
We compute the keyness score (Kilgarriff, 2009;
Gabrielatos, 2018) of content words (removing stop
words) from posts labeled as offensive written by
users with self-reported diagnosis. The keyness
is computed in order to show which words occur
more often in the texts from depressed individu-
als showing signs of depression (target corpus) in
comparison to the texts from users diagnosed with
depression that do not show signs of depression
(reference corpus). We calculate the frequencies
of words from the two corpora and then the log-
likelihood Ratio (G2) (Dunning, 1993) for each
word. In Figure 2 we present the top 20 words, or-
dered by G2 from each corpus, in the two datasets.

We show that, while users without signs of de-
pression refer more to sexual and profane terms,
posts by users showing signs of depression include
more negative words such as bad, hate, sick, death.
This result corroborates the findings described in
the literature on cognitive errors or biases in depres-
sion (Beck and Haigh, 2014). It is well known that
depressed individuals tend to view life events more
negatively than their non-depressed peers (Everaert
et al., 2017). Furthermore, depressed individuals
are more likely to recall negative life events than
positive events and also more likely to pay closer
attention to negative information (Beck and Haigh,
2014). Signs of this biased view of life are expected
to be noticeable in language and there are studies
that indicate that depressed individuals tend to have
a more negative discourse than their non-depressed
depressed peers (Rude et al., 2004). Keywords
with a negative polarity, such as bad, die or pain,
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seem to be pervasive in the speech of depressed
individuals as confirmed in our study. Finally, the
reduced sexual drive is a well-known indication of
depression (Manohar et al., 2017), therefore, it is to
be expected that depressed individuals tend to use
fewer words with sexual connotation as confirmed
in our study.

Figure 2: Keyness for words from posts showing/not
showing signs of depression.

6 Conclusion and Future Work

This paper is the first to apply offensive language
identification techniques to posts by individuals
with a mental health condition with the purpose of
interpreting the use of profanity and offensive lan-
guage by this group. We showed how the offensive
language use differs substantially between individ-
uals with depression (in samples with self-reported
diagnosis or showing signs of depression) answer-
ing our RQ1. Our findings indicate that users with
self-reported depression diagnosis are more likely
to use offensive language in their posts compared
to the control group. From the posts of individuals
with depression, the ones showing signs of depres-
sion contain more offensive language than the ones
not showing any signs.

In terms of the nature of offensive content, our re-
sults indicate that posts from individuals with signs
of depression are less likely to contain targeted of-
fensive language. Furthermore, while analyzing the
texts of users with depression, we observed a larger
frequency of words with negative polarity (e.g. bad,
hate, sick, suffer) in the posts of users showing
signs of depression, where the discourse of users

not showing any signs contains more sexual-related
content, addressing our RQ2. These findings are
consistent with the existing literature from psychol-
ogy (Stephens and Robertson, 2020; Everaert et al.,
2017; Beck and Haigh, 2014).

While it is clear that depressed users are more
likely to write posts with negative polarity, the in-
terplay between offensive language and polarity
in the mental health datasets used in this paper
has not yet been explored. A polarity score has
been used in the heuristic by Rı́ssola et al. (2020)
suggesting that using NLP models to investigate
the interplay between polarity and depression is
a promising future work direction. Other future
work directions include the analysis of the targets
of offensive posts using the OLID Level C annota-
tion and a more detailed analysis on the function of
profanity and vulgarity in these datasets (Holgate
et al., 2018). Finally, we would like to carry out a
similar analysis for other languages taking advan-
tage of existing datasets and available cross-lingual
embedding models.
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Abstract
Automated Term Extraction (ATE), even
though well-investigated, continues to be a
challenging task. Approaches conventionally
extract terms on corpus or document level and
the benefits of neural models still remain un-
derexplored with very few exceptions. We in-
troduce three transformer-based term extrac-
tion models operating on sentence level: a lan-
guage model for token classification, one for
sequence classification, and an innovative use
of Neural Machine Translation (NMT), which
learns to reduce sentences to terms. All three
models are trained and tested on the dataset of
the ATE challenge TermEval 2020 in English,
French, and Dutch across four specialized do-
mains. The two best performing approaches
are also evaluated on the ACL RD-TEC 2.0
dataset. Our models outperform previous base-
lines, one of which is BERT-based, by a sub-
stantial margin, with the token-classifier lan-
guage model performing best.

1 Introduction

Automated Term Extraction (ATE) aims at extract-
ing terms, i.e., single- or multi-word sequences,
from domain-specific text. ATE plays a role in
many NLP tasks, such as information extraction,
knowledge graph learning, and text summariza-
tion. In a corpus-level setting, methods range
from frequency-based to utilizing Wikipedia links,
where no single method has been found to perform
consistently best across domains in English (As-
trakhantsev, 2018). In document-level ATE, Key-
ConceptRelatedness (Astrakhantsev, 2014), which
relies on keyphrase extraction and semantic related-
ness, outperforms other methods (Šajatović et al.,
2019). The use of neural networks in these methods
is mostly limited to generating embeddings.

A first use of BERT-based language models is
documented by Hazem et al. (2020), the winning

∗* Equal contributions

system of the recent ATE challenge TermEval 2020
(Rigouts Terryn et al., 2020) and the baseline for
the proposed approaches. Inspired by this first
success of transformer-based models, we compare
two variations of the multilingual pretrained lan-
guage model XLM-RoBERTa (XLM-R) (Conneau
et al., 2020) with an innovative use of the multi-
lingual pretrained NMT model mBART (Liu et al.,
2020) on the Annotated Corpora for Term Extrac-
tion Research (ACTER) dataset (Rigouts Terryn
et al., 2019) utilized in TermEval 2020 as well as
on the ACL RD-TEC 2.0 dataset (QasemiZadeh
and Schumann, 2016). Since masked language and
NMT models take sentences as input, the proposed
ATE methods operate on sentence level. In spite
of this reduced context of sentence input rather
than documents or corpora, the models achieve F1
scores of up to 69.8% on ACTER, strongly outper-
forming the previous baseline of 48.1% .

An XLM-R-based sequence classifier relies on
positive (term) and negative (non-term) samples,
which are generated based on all n-grams up to a
length of six of a given sentence. A second XLM-
R-based token classifier decides for each word in
a sequence whether it can be considered (part of)
a term. Since the second model operates with-
out upfront n-gram generation and only processes
each sentence once, it is considerably more time-
efficient than the first. Finally, the pretrained NMT
model mBART is adapted to transform input sen-
tences to sequences of comma-separated terms, an
approach inspired by NMT-based ontology learn-
ing (Petrucci et al., 2018).

Analyses of results reveal interesting insights
into the performance of the different input process-
ing strategies and transformer-based models, in-
cluding their ability to handle multi-word terms,
training time required, and a comparison between
baseline monolingual and multilingual language
models in ATE. To achieve sentence-level ATE
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the ACTER dataset had to be preprocessed align-
ing terms with their occurrences in sentences,
which we made publicly available together with
our source code.1

In summary, our main contributions are: (i) We
show that transformer-based models can be suc-
cessfully applied to ATE across three languages
and five domains, without the need for text pre-
processing or feature extraction; (ii) We show that
ATE can be performed successfully on sentence
level; (iii) We conduct robust experiments to show
that our models outperform competitive baselines;
(iv) We investigate the models’ abilities to handle
single- and multi-word terms, distinct term types,
and differences in performance depending on train
and test language combinations.

2 Related Work

An initial classification of ATE methods into sta-
tistical, linguistic or hybrid (e.g. by Kageura and
Umino (1996)) has recently been refined by As-
trakhantsev (2018) to methods based on term oc-
currence frequencies (e.g. C/NC-value Frantzi
et al., 2000), occurrence contexts (e.g. Bordea et al.,
2013), domain-specific corpora combined with gen-
eral language corpora (e.g. Weirdness (Ahmad
et al., 1999)), topic modeling (e.g. Li et al., 2013),
and those utilizing Wikipedia. Methods are ad-
ditionally categorized by the type of context, i.e.,
corpus-level (e.g. Zhang et al., 2008; Astrakhant-
sev, 2018) and document-level (e.g. Šajatović et al.,
2019) settings.

These classifications cannot easily accommodate
recent neural ATE methods that generally oper-
ate on sentence level. An approach most closely
related and our baseline by Hazem et al. (2020)
utilized RoBERTa (Liu et al., 2019) for English
and CamemBERT (Martin et al., 2020) for French
and won the TermEval 2020 challenge. In their
work, pretrained language models clearly outper-
formed a classification method based on a vari-
ety of features, such as statistical descriptors and
the domain-specificity measure termhood (Kageura
and Umino, 1996). A recently published approach
(Rokas et al., 2020) relies on LSTM, GRU and
BERT embeddings and achieves high F1 scores
for ATE of Lithuanian terms in the cybersecurity
domain. Several approaches build on word embed-

1https://github.com/Text2TCS/
Term-Extraction-With-Language-Models
and https://github.com/Text2TCS/
mBART-termextraction

dings to perform ATE on specific domains, such
as medicine (e.g. Bay et al., 2020), or to sepa-
rate general-language from domain-specific embed-
dings (Hätty et al., 2020). In contrast, our models
perform ATE on four domains and in three lan-
guages utilizing a pretrained language and a pre-
trained NMT model. Extracting terms is also vi-
tal to learning expressive ontologies from text, for
which Petrucci et al. (2018) train an NMT model to
transform sentences to Description Logic formulas,
an idea that inspired our NMT-based ATE model.

3 Language Models and NMT

Neural Language Models, which create contextu-
alized language representations, were responsible
for many of the recent improvements in NLP. Such
models acquire rich contextualized language rep-
resentations in a pretraining stage in which they
learn to predict a masked word in a sentence, a
task for which large amounts of training data are
readily available. The thereby learned representa-
tions can be reused for various downstream tasks in
the so-called fine-tuning stage, where task-specific
layers are added on top of the pretrained language
model. One of the most popular language models
is BERT (Devlin et al., 2019), utilizing the trans-
former architecture (Vaswani et al., 2017). XLM-R
(Conneau et al., 2020) is a multilingual variant
of BERT, which was pretrained in 100 languages
using 2.5 terabytes of Common Crawl data. More-
over, it makes use of the improved training routine
introduced by RoBERTa (Liu et al., 2019).

Despite the widespread use of neural language
models for NLP, adoption of such self-supervised
pretraining approaches in NMT has only recently
started to gain traction. NMT is traditionally
performed with sequence-to-sequence encoder-
decoder models that generate a target language
output sequence based on a source language input
sequence. Conventional language models trained
on predicting masked words from a sequence, such
as BERT, have only recently been incorporated
into NMT (Zhu et al., 2020). A very interesting
alternative is to pretrain an NMT transformer ar-
chitecture, as done by Lewis et al. (2020) in form
of a Bidirectional and Autoregressive Transformer
(BART) (Lewis et al., 2020). This is achieved by
combining a bidirectional encoder similar to that
of BERT with an autoregressive decoder, as seen
in GPT (Radford et al., 2018). Thereby, contex-
tualized language representations are trained and
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a model that is proficient in text generation and
translation is created. Liu et al. (2020) applied
the BART architecture to large-scale monolingual
corpora across 25 languages, creating multilingual
BART (mBART) that can be directly fine-tuned for
machine translation (MT).

4 Dataset

In order to compare to a strong baseline, we train
and test on the ACTER dataset (Rigouts Terryn
et al., 2019) utilized in the recent TermEval 2020
challenge. The domains wind energy and corrup-
tion represent the training set, dressage (equitation)
the validation set, and heart failure the hold-out
test set, for which the count of words and unique
gold standard terms including named entities for
English, French and Dutch are presented in Table 1.

In the ACTER dataset, words were labeled
as specific, common, and out-of-domain (OOD)
terms, and named entities (NE). Specific terms
are understood by domain experts, while common
terms might also be additionally understood by
laypersons. OOD terms might be specific to a dif-
ferent domain, but used in the domain at hand, e.g.
statistical terms in the medical domain.

Since the time of the challenge the dataset has
undergone some minor updates, that is, unicode
encoding, dash and quote normalization.2 We be-
lieve that these minor normalization changes do
not significantly impact comparability to TermEval
results, which is confirmed by the fact that our most
similar model to the baseline, the sequence classi-
fier, achieves comparable results. Furthermore, the
ACTER dataset provides terms as a single list for
all documents in a domain. However, we required
inline sentence-level term annotation, which we
generated. In rare cases, this generation of inline
annotations might have lead to erroneous results
for single-word terms. For instance, the term “gain”
as in “private gain” lead to the verb “gain” as in
“gain acceptance” to be erroneously annotated in
the corruption domain. We manually analyzed 300
inline annotated sentences and since the above ex-
ample was the only error found, we consider this a
negligible issue.

The fully inline annotated dataset ACL RD-TEC
2.0 (henceforth ACLR2) dataset provides cleaner
training and test data and could therefore poten-
tially further boost model performance as we show

2This normalized version 1.4 is available at https://
github.com/AylaRT/ACTER

ACTER Train Val Test
Wordsen 97,145 51,470 45,788
Termsen 2,708 1,575 2,585
Wordsfr 106,792 53,316 46,751
Termsfr 2,185 1,183 2,423
Wordsnl 96,887 50,882 47,888
Termsnl 2,540 1,546 2,257
ACLR2 Train Val Test
Wordsan.1 11,473 3,846 4,032
Termsan.1 1,306 420 477
Wordsan.2 16,939 5,757 5,441
Termsan.2 1,743 583 673

Table 1: Train, validation, and test split by word count
and term count per language/annotator

in Section 7.2. The ACLR2 dataset provides a to-
tal of 471 inline human annotated abstract texts
from articles in the ACL Anthology Reference Cor-
pus. As shown in the split of numbers in Table 1,
two separate annotations by two human experts are
provided. Since no official train/val/test split is pro-
vided, we chose to split the ACLR2 dataset with a
60/20/20 split per annotator. In contrast to the AC-
TER dataset, ACLR2 is only available in English
and exclusively covers scientific abstracts in the do-
main of computational linguistics. In terms of base-
line, previous work generally reported precision at
k top terms extracted (P@k) (Zhang et al., 2018b)
or F1 on Recoverable True Positives (F1@RTP)
(Zhang et al., 2018a), due to the necessity to de-
fine an arbitrary cut-off point with traditional ATE
methods. In another work attempting ATE with
neural networks, due to the lack of an official data
split and a restriction to domain specific terms, F1
scores are reported on arbitrary parts of the dataset
(Kucza et al., 2018).

5 Neural Language Model-based ATE

We introduce two possible architectures for ATE
based on the multilingual language model XLM-R.
For the experiments we use the base-size model ver-
sion in form of the implementation made available
by the transformers library (Wolf et al., 2019).

5.1 Sequence Classifier

As with the winning approach of TermEval 2020
(Hazem et al., 2020), our first architecture utilizes
language models for binary sequence classification
by using a fully connected layer to classify the rep-
resentation of the special classification token <s>,
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which encoded by XLM-R carries information re-
garding the whole input sequence. Instead of using
language specific models, however, we make use
of the multilingual model XLM-R, which enables
the use of a single model for all languages and has
the ability to generalize to unseen languages.

The model receives pairs consisting of a term
candidate and a context sentence in which the can-
didate appears as input as exemplified in Table 2.
Term candidates are created by producing all pos-
sible n-grams of a given sentence. Due to perfor-
mance reasons and the term length distribution in
the dataset (mostly <5 words), n-grams were only
created up to a length of 6 words. For instance,
given the input sentence “We meta-analyzed mor-
tality using random-effect models” a positive sam-
ple, i.e., one labeled as term, is “random-effect
models. We meta-analyzed mortality using random-
effect models”, while a negative sample is “mor-
tality using. We meta-analyzed mortality using
random-effect models”. For training the model,
we undersample the negative samples so that their
amount matches the amount of positive samples to
compare to Hazem et al. (2020). For the evaluation
on the validation and test set we use all possible
n-grams for each input sentence, thus, creating a set
of extracted terms which we can evaluate against
the gold standard. The model was trained for 4
epochs with a batch size of 32 using the Adam
optimizer with a learning rate of 2e-5.

5.2 Token Classifier

The second architecture we use for experimenta-
tion classifies each token of an input sentence sepa-
rately, utilizing the same fully connected layer for
all tokens after they have been processed by XLM-
R. This leads to a significant reduction in training
and inference time as each sentence has to be only
processed once by XLM-R. This type of architec-
ture is usually utilized in tasks like Named Entity
Recognition (NER) (Devlin et al., 2019), where
each word of a sequence needs to be classified.

The input provided to the model now simply con-
sists of the sentences of the document which we
want to process. The model then assigns each input
token one of three possible output labels: “B-T” for
the beginning of a term, “T” for the continuation of
a term, and “n” in the case the token is not part of
a term. For instance, the input sentence “We meta-
analyzed mortality using random-effect models.”
would be labeled as ‘n’, ‘B-T’, ‘B-T’, ‘n’, ‘B-T’,

‘T’, ‘n’, with the last label annotating the punctua-
tion at the end of the sentence.3 Table 2 compares
this input and output pattern with the other two
methods. Since XLM-R’s tokenizer is a Sentence-
Piece tokenizer that splits the input into tokens on a
subword level, the output labels obtained from the
model are also subwords and have to be matched
to the original words of the sentence afterwards.
For training we used the Adam optimizer with a
learning rate of 2e-5. Moreover, we used a batch
size of 8 evaluating the model every 100 steps to
be able to load the best model at the end.

6 NMT-based ATE

As a third experiment, we present a novel approach
to ATE building on a recent sequence-to-sequence
denoising auto-encoder model trained for NMT.
We chose the recent and robust mBART model
trained on the Common Crawl corpus in 25 lan-
guages (mBART25) (Liu et al., 2020) available in
the Fairseq library (Ott et al., 2019).

6.1 Data Preprocessing for NMT-based ATE

Since we construct the downstream task of ATE
as an MT task, we required parallel text data for
supervised fine-tuning of mBART. We opted for
a sentence-level approach, which specifically re-
quires sentence-aligned parallel data. Sentence
tokenization was performed with the Punkt tok-
enizer of NLTK and terms were inline annotated
with the flashtext algorithm (Singh, 2017). For the
ACLR2 dataset, individual sentences and the terms
within were extracted with an XML parser. In or-
der to distinguish single- and multi-word terms in
the model’s output sequence, a separator between
terms or a unifying character between components
of multi-word terms was required. Preliminary test-
ing showed that using a semicolon surrounded by
white-spaces ( ; ) as separator would achieve the
same final F1 score as using more complex sepa-
rators like a tag (for example <term>). Notably
using an underscore (w w) to connect the individ-
ual constituents of a term (w) lowered the score of
the output significantly, that is, F1 performance of
the best model was 5.3% lower on average across
all test languages when compared to utilizing semi-
colons. Irrespective of the separator, the model
would at times add or omit a white-space between
separator and term, which had the effect that the

3The separation of “meta-analyzed” and “mortality” as
distinct terms corresponds to the gold standard.
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Model Input Example Output Example
Sequence
Classifier

random-effect models. We meta-
analyzed mortality using random-effect
models

Term

Token
Classifier

We meta-analyzed mortality using
random-effect models

[’n’, ’B-T’, ’B-T’, ’n’, ’B-T’, ’T’, ’n’]

NMT We meta-analyzed mortality using
random-effect models

meta-analyzed ; mortality ; random-
effects models

Table 2: Input and output examples for all three transformer-based models

term would not be considered in the evaluation.
This was remedied in the process of extracting in-
dividual terms from the output sequence and the
results reported in Section 7 are with unwanted
white-spaces removed. Tokenization during train-
ing was performed with SentencePiece (Kudo and
Richardson, 2018) and data was binarized with the
fairseq-preprocess CLI tool.

6.2 NMT Model Fine-Tuning

The pretrained mBART model was fine-tuned with
the preprocessed data described in Section 6.1. In-
put to the encoder model was a given sentence, such
as “Codes of conduct forbid corruption, irrespec-
tive of its intended purpose.”, while the decoder
would be shown the expected term labels, such
as “codes of conduct ; corruption”. No language-
specific tags were added to input or output, which
is compared to the other methods in Table 2. For
faster and more memory-efficient training we used
automated mixed precision training of Fairseq with
the Fused Adam Optimizer of the NVIDIA Apex
PyTorch extensions.4 We fine-tuned a separate
model for each language of the dataset and a sin-
gle model with all languages combined. Following
the original publication of the pretrained model,
each model was fine-tuned with 0.3 dropout, 0.2 la-
bel smoothing, 2500 warm-up steps and a learning
rate of 3e-5. Furthermore, we opted for a dynamic
batch size by limiting the maximum tokens per
batch to 768, while updating the gradients every 4
steps (more details in Section 7.4).

While preliminary testing showed faster conver-
gence and slightly higher final scores with higher
tokens per batch, availability of the V100 GPU was
not guaranteed and therefore training hyperparame-
ters had to be adjusted to also run on an RTX2080Ti
GPU, which limited the maximum tokens per GPU
to 768. Model performance was evaluated every

4https://github.com/NVIDIA/apex

full epoch. Results were generated using the stan-
dard generation parameters of Fairseq.

7 Results

This section first presents the results on ACTER
including an analysis per language (combination)
and the results on ACLR2, then details the term
length and type behavior of the models, and fi-
nally compares their training time efficiency. We
additionally report on the validation performance
of the best performing token classifier in Table 4,
which shows some performance differences to the
test domain, especially with French as training and
validation language. For further comparability we
also provide precision, recall and F1 scores at k top
terms of 15 methods offered by the term extraction
toolkit ATR4S, which implements a large range of
existing ATE methods, in Appendix A.

7.1 Results on ACTER

To compare our results to the strongest participant
of TermEval 2020, we report precision, recall and
F1 scores in Table 3. These metrics are calculated
on the basis of the available annotation in the origi-
nal ACTER dataset, where we opted for the more
comprehensive list of terms including named en-
tities. All three models are evaluated on differ-
ent combinations of training and test languages as
shown in Table 3, where the heart failure domain is
the hold-out test set as done for the SOTA baseline.
The overall best results are marked in bold for each
test language, while the best results of each model
(if not bold) are highlighted in italics.

The overall best result for our approaches was
an F1 score of 69.8%, which could be achieved
by training the token classifier model on English
and testing it on Dutch. With the exact same set-
tings as the baseline (Hazem et al., 2020) that is
based on RoBERTa (Liu et al., 2019) for English
as training and test language, the token classifier
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Training Test Sequence Classifier Token Classifier NMT Previous SOTA
Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

EN EN 30.9 84.0 45.2 54.9 62.2 58.3 45.7 63.5 53.2 34.8 70.9 46.7
FR EN 31.1 79.5 44.7 56.7 36.2 44.2 50.0 59.3 54.2
NL EN 22.3 91.1 35.9 55.3 61.8 58.3 48.3 64.3 55.2
ALL EN 31.4 85.8 46.0 54.4 58.2 56.2 50.2 61.6 55.3
EN FR 34.6 79.0 48.1 65.4 51.4 57.6 48.8 61.3 54.4
FR FR 32.2 80.2 46.0 68.7 43.0 52.9 52.7 59.6 55.9 44.2 51.5 48.1
NL FR 26.1 84.7 40.0 62.3 48.5 54.5 54.3 60.9 57.4
ALL FR 33.2 78.9 46.7 62.7 49.4 55.3 55.0 60.4 57.6
EN NL 42.8 89.8 58.0 67.9 71.7 69.8 48.8 63.9 55.4
FR NL 41.3 87.6 56.1 69.2 55.2 61.4 56.2 63.4 59.6
NL NL 32.7 94.1 48.5 71.4 67.8 69.6 60.6 70.7 65.2 18.9 18.6 18.7
ALL NL 40.4 91.5 56.0 70.0 65.8 67.8 60.6 70.0 64.9

Table 3: Test set results represented by training and test languages of the ACTER heart failure domain and in
comparison to the state-of-the-art (SOTA) results from TermEval 2020.

Training EN Val FR Val NL Val
EN (ACTER) 55.6 45.3 60.5
FR (ACTER) 41.9 33.6 49.6
NL (ACTER) 54.6 47.7 57.8
ALL (ACTER) 50.0 40.4 51.5
ACLR2 An.1 75.5 / /
ACLR2 An.2 79.3 / /

Table 4: Validation performance of token classifier on
dressage domain of the ACTER dataset and 20% vali-
dation data of the ACLR2 dataset.

achieves an 11.6% higher F1 score and the NMT
model an improvement of 6.5% on the F1 score.
The sequence classifier struggles with precision
and cannot outperform the baseline in this setting.
Best performance for English as test language can
be achieved by the token classifier trained on Dutch
and by the NMT model trained on all languages.

When testing on French, the sequence classi-
fier is on par with the F1 baseline (Hazem et al.,
2020) building on CamemBERT (Martin et al.,
2020), while the token classifier outperforms it by
9.5% and the NMT model obtains an additional
7.8%. Best performance on French as a test lan-
guage is achieved by the token classifier when
trained on English and by the NMT model when
trained on all languages again. The baseline for
Dutch is provided by a bidirectional LSTM with
GLOVE.5 With Dutch as a test language, the se-
quence and token classifier achieve their best result

5No system description paper was submitted for this ap-
proach after participation in the challenge.

when trained on English, the NMT model when
trained on Dutch.

A significant result is the substantial improve-
ment of precision of the token classifier and NMT
model over the baseline, even though the recall for
English as test language lags behind. For French,
the recall could be improved with the NMT model
and matched by the token classifier when trained
on English. Interestingly, the sequence classifier
achieves a remarkable improvement on recall, how-
ever, lags behind on precision for all settings.

This can be explained by the fact that we perform
undersampling of the negative samples to match
the number of positive samples, a strategy adopted
from Hazem et al. (2020) to obtain comparable
results. If undersampling is reduced, the precision
and recall scores are more balanced and closer to
the performance of the token classifier, however,
training time is considerably increased. Another
reason for the higher number of extracted phrases
by the sequence classifier compared to the other
models is that it can extract multi-word terms as
well as words which are part of these multi-word
terms separately, since both are used as input in the
form of potential term candidate n-grams.

All three models show remarkable zero-shot
transfer learning capabilities, i.e., they are trained
on one language and show strong test scores on an-
other. This is especially true for the token classifier,
where models trained on a single language often
outperform those trained on all three languages.
This transfer learning ability across languages can
also be observed in the overall highest F1 scores
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for the English test set, which was achieved by a
model trained on Dutch, and for the French test set,
which was achieved by a model trained on English.

7.2 Results on ACLR2
In addition to evaluating our models on the AC-
TER dataset, we compared the two best perform-
ing architectures, i.e., the token classifier and the
NMT model, on the ACLR2 dataset. Both models
achieve similar test scores as reported in Table 5
and higher than the scores achieved on the ACTER
dataset. As with the ACTER dataset, we addition-
ally report validation performance of the best per-
forming token classifier model in Table 4, which is
in line with the test performance.

Data Token Classifier NMT
Prec Rec F1 Prec Rec F1

An.1 74.4 77.2 75.8 73.2 77.2 75.2
An.2 80.1 79.3. 80.0 79.4 80.7 80.0

Table 5: Test set results of token classifier on data from
Annotator 1 and 2 of the ACLR2 dataset.

7.3 Term-based Analysis
A qualitative analysis of the lists of false positives
and false negatives based on the ACTER dataset
demonstrated that all models handle acronyms
well. This may be due to the text type in AC-
TER, which is partially based on scientific abstracts
that frequently introduce acronyms in brackets. If
acronyms are part of the term, e.g. “LV strain
rate”, there was a high number of false negatives in
both models. Moreover, false negatives occurred
in all models if a term included a proper name and
an apostrophe, e.g. “Chaga’s disease” or “Cron-
bach’s α”, or frequently if it included a figure,
e.g. “p38alpha” or “6-min walk test”. In addition,
named entities that included version numbers or
consisted of multiple words often resulted in false
negatives, e.g. “Self-Care of Heart Failure Index
Version 6.2”, “Multicenter Automatic Defibrilla-
tor Implantation Trial-Cardiac Resynchronization
Therapy”. In the token classifier and NMT model,
the class of named entities of cities, e.g. “New
York” and “Seattle”, were frequently not identified
as terms. False negatives also occurred in all mod-
els if it was a particularly long multi-word term,
e.g. “resynchronization reverses remodeling in sys-
tolic left ventricular dysfunction”. A tendency by
the token classifier to split longer terms could be
observed, e.g. splitting adjectives and nouns.

To quantitatively evaluate how well the different
model types handled terms of different lengths, we
computed the F1 scores individually for terms of
a specific length, based on the terms in the AC-
TER test set. The results in Table 6 were com-
puted using the best model of each method, i.e.,
the model trained in English for the token and the
sequence classifier and the model trained on all
language for the NMT model. We can see that
the scores of all models decrease with term length.
Secondly, we observer that for English and Dutch
the token classifier has the strongest results for
all term lengths. However, for French the token
classifier scores strongly decrease for multi-word
terms, even though it is still the best model for
unigrams. This is due to a very low recall, e.g.
for 4-grams and higher the token classifier recalls
only 7% of all French terms. The NMT model
shows more consistency between languages, thus,
performing strongest for French multi-word terms.
As already the case with the overall scores the se-
quence classifier shows the highest recall values
for both single-word and multi-word terms, how-
ever, lagging behind in precision, which leads to
an overall lower F1 score.

Furthermore, based on the ACTER term type
annotation (see Section 4), we could compare the
types of terms extracted by the individual models.
As can be seen in Fig. 1, the models all achieve
a very similar distribution of extracted term types
when compared to the gold test set distribution. We
can observe, however, that the sequence classifier
showed a slight tendency to extract more common
and OOD terms and noticeably less NEs than the
other models. All models tended to extract more
specific terms, with the token classifier and the
NMT model interestingly extracting comparatively
few OOD terms.

Figure 1: Distribution of term types across languages
in the models’ true positives and the ACTER gold test
dataset.
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Term Length Sequence Classifier (F1) Token Classifier (F1) NMT (F1)
EN FR NL EN FR NL EN FR NL

Unigram 61.6 61.2 68.0 63.3 69.1 73.8 61.7 61.8 70.4
Bigram 38.0 41.0 39.8 55.9 43.0 58.4 52.2 57.6 56.3
Trigram 37.0 35.4 40.4 55.4 31.3 49.1 51.6 52.4 47.7
≥ 4-gram 32.2 22.6 30.3 44.3 12.2 42.9 43.4 33.4 38.8

Table 6: F1 Scores based on different term lengths using the overall best model for each method on the ACTER
dataset. In bold the best scores per row for each language.

7.4 Training Time Efficiency

Looking at the epochs required to reach the best
score on the ACTER validation set, we can ob-
serve that in most cases the token classifier model
requires not even a single training epoch. Train-
ing with the English dataset required 300 steps
with a full epoch consisting of 432 steps. The
model trained on French was the only model with
its best performance being reached during the sec-
ond epoch after 700 steps while a full epoch con-
sists of 437 steps. The model trained on Dutch
performed best after 400 steps while one epoch
takes 553 steps. The multilingual model converged
the quickest needing only 200 steps whereas a full
epoch consists of 1,421 steps. The token classifier
models trained on the ACLR2 dataset need more
epochs and achieve their highest scores after 3 and
5 epochs respectively. However, due to the lower
training set size of the ACLR2 corpus, this also
corresponds to less than 500 steps, thus, being sim-
ilar with the training times reported for the models
trained on the ACTER data. In comparison, the
sequence classifier achieved its best performances
on the ACTER validation set after 4 epochs of train-
ing.

The NMT model also required several epochs
to reach the best performance. Initially, all models
were trained for 80 epochs, with the model hav-
ing the lowest validation loss being loaded at the
end. The models trained on monolingual data ben-
efited from longer training compared to the models
trained on the combined multilingual data. For
completeness, we report the training epochs, label
smoothed cross entropy loss, and log perplexity
on the validation set for the best models. For the
English dataset the reported score was achieved
at epoch 49 with a loss of 5.82 and perplexity of
3.94. For the French dataset peak performance was
reached at epoch 40, with a loss of 5.82 and per-
plexity of 3.78. Like the French model, the Dutch
model achieved its best performance at epoch 40

Model Train Time Val Time GPU
Seq. 19 44 P100
Tok. 9 1 P100
NMT 49 2 V100

Table 7: Training/validation times in minutes on the
English ACTER data and GPUs used.

having a loss of 5.69 and a perplexity of 3.37.
When trained on one language, model performance
was observed to drop for unseen languages when
training beyond the best validation score. For in-
stance, while the English model at epoch 49 ob-
tained F1 scores of 53.2%, 54.4%, 55.4% for the
English, French, and Dutch test data respectively,
at epoch 80 these scores were at 53.6%, 50.6% and
52.1% respectively, gaining little for English and
losing for unseen languages. Finally, for the multi-
lingual dataset the model reached the reported peak
performance already at epoch 22 as it trains on a
lot more data per single epoch. Loss and perplexity
were at 5.50 and 2.89 respectively. The training
and validation times as well as the used GPUs are
reported in Table 7. Training times denotes the full
training time over all epochs without any valida-
tions. Validation time denotes the time for a single
validation. The token classifier is the most efficient.

8 Discussion

Although the ACLR2 dataset is smaller in size than
the ACTER dataset, the resulting F1 scores are
considerably higher. Apart from the fact that it
only covers a single domain, ACLR2 already pro-
vides inline annotations and more consistent term
annotations, which seems to facilitate learning the
task. Inconsistencies in the ACTER annotations
were mainly noted when analyzing false positives
of the models. For instance, “patient” is considered
a common term in the heart-failure domain, but
“serum” is not annotated at all, although in our view
it would also qualify as common term.
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We also noted that more training data does not
necessarily increase model performance. As indi-
cated by the training times on the ACTER dataset,
the token classifier achieved its best evaluation
scores long before training for a whole epoch, i.e.,
having seen only a small fraction of the available
data before reaching its strongest performance.

In this paper we compare the performance of a
pretrained monolingual language model baseline
with pretrained multilingual language models. Pre-
vious work indicates that monolingual language
models like RoBERTa or CamemBERT outperform
multilingual language models on tasks posed in a
single language (Rönnqvist et al., 2019). The dif-
ference increases the higher the complexity of the
given task but is negligible on simple tasks that
mostly rely on syntactic features. Since in our
case the multilingual model XLM-R in form of a
sequence classifier performs very similar to the se-
quence classifier-based RoBERTa model winning
TermEval 2020, it indicates that successful ATE
does not require very strong language understand-
ing but corresponds more to simpler tasks relying
mostly on syntactic features. Nevertheless, the
remarkable zero-shot transfer learning of the mul-
tilingual models fine-tuned on a single language
would also suggest that the multilingual pretraining
might aid the model in defining what a term is, as
highly domain-specific terms might be similar be-
tween languages tested, e.g. rooted in Latin. In the
NMT output analysis, we found that the knowledge
transfer between languages could cause curious
side-effects, where at times terms are predicted by
the model in a semi-translated way. For instance,
when training on English the model would at times
invent “toxicity cardiaque ” for the French test set
instead of extracting “toxicité cardiaque”.

Besides stronger performance, the NMT model
as well as the token classifier have a higher poten-
tial to better handle the possible extension of the
term extraction task to include discontinuous en-
tities, which, however, are so far not annotated in
the datasets we used. An example of a discontinu-
ous entity can be found in the expression “left and
right ventricular failure”, where “right ventricular
failure” but also “left ventricular failure” are terms,
the latter not being continuous in the original ex-
pression. While the NMT model does not require
any special adaptations to deal with such an addi-
tion, the sequence classifier would have to consider
many more n-gram combinations leading again to

even higher training and inference times per sen-
tence. To consider discontinuous entities with the
token classifiers labels, the annotation and training
process would have to be adapted to a multi-label
token classification, e.g. the above phrase would
be labeled as [B-T, n, n, T, T] and [n, n, B-T, T,
T]. Since in the first label “ventricular” and “fail-
ure” are labeled as “T” they still clearly belong to
the word “left” labeled as “B-T”, which could be
considered in a post processing step.

9 Conclusion

In this paper, we adapt and evaluate three
transformer-based models on the task of ATE,
building on pretrained multilingual language and
NMT models. In this evaluation, these multilin-
gual models outperform a baseline of monolingual
language models and show remarkable zero-shot
abilities. A token classification strategy building on
a language model achieved the best performance,
however, the NMT-based model seemed to be able
to handle multi-word expressions more consistently
across languages and not lag far behind in per-
formance. One aspect that became very clear is
a prevalence for quality over quantity when fine-
tuning pretrained models to the task of ATE.

Recently, both NMT and masked language mod-
els show a trend towards increased input sequence
capacity. Thus, it would be interesting to evalu-
ate the impact of context length on the proposed
models by testing with more domain context than
only single sentences. Furthermore, to test the abil-
ity of the token classifier and the NMT model to
handle discontinuous terms, such as elliptical ex-
pressions, a dataset containing and annotating such
terms would be interesting.

Acknowledgments

The Text2TCS project6 was supported by the Euro-
pean Language Grid project through its open call
for pilot projects. The European Language Grid
project has received funding from the European
Union’s Horizon 2020 Research and Innovation
programme under Grant Agreement no. 825627
(ELG). The computational results presented have
been achieved [in part] using the Vienna Scientific
Cluster (VSC).

6https://text2tcs.univie.ac.at/

3615



Impact Statement

Automatically extracting domain-specific terms
across domains and languages with high accuracy
provides a valuable means to reduce time and re-
source effort in creating terminological resources.
Such resources are important to ensure termino-
logical consistency in specialized communication,
such as communication between different groups
in times of crisis, and to avoid misunderstandings.

From a technological perspective, we introduce
multilingual pretrained language models to the field
of Automated Term Extraction (ATE) with detailed
tests on three different transformer-based models
across four domains and three languages. Since
these models support considerably more languages
than tested, the approach can be transferred to other
languages. This transfer capability has been tested
by training in a specific language and then testing
models in another language. Transfer capabilities
extend to domains, since we trained and validated
on three domains and achieved results strongly out-
performing previous approaches on a previously un-
seen test domain. Up to this point, such flexibility
has been achieved by statistical approaches, how-
ever, with considerably lower results in precision
and recall. In contrast to previous ATE methods
performing on corpora, our models extract terms
on sentence level. This makes ATE more flexible
since neither large domain-specific nor reference
corpora are required.

From a societal perspective, terminological in-
consistencies are a major source of misunderstand-
ing in the communication among experts, between
experts and laypersons, and between laypersons
in reference to a specialized domain. This issue
can be mitigated by publishing agreed upon desig-
nations for real-world phenomena in a specialized
domain that can be consulted for domain-specific
communication. However, manually preparing a
collection of natural language terms is extremely
human resource- and time-intensive. We reduce
this workload for governmental institutions, pri-
vate and public organizations, and private persons
by providing a method to automate the detection
of such domain-specific terms in natural language
texts across languages and domains.

In terms of risk, such a highly flexible solution
to automated term extraction fully depends on the
quality of the input text. Misleading, erroneous, or
biased contents will inevitably be propagated to the
resulting terminologies. Relying on terminologies

extracted from such problematic contents can nega-
tively impact specialized communication or conclu-
sions drawn from it. Thus, it is of vital importance
for any user of this approach to mitigate the uncer-
tainty of the reliability of extracted terms by only
considering high-quality and reliable sources in the
term extraction process and have domain experts
carefully review the outcome prior to utilizing it
in communication. We cannot guarantee that in
a real-life setting all important terms have been
extracted and all extracted terms are indeed cen-
tral to the domain at hand. Furthermore, training
neural network models is a process known to leave
an environmental footprint, which we try to miti-
gate by fine-tuning pretrained models. Fine-tuning
is less resource- and time-intensive than training
from scratch, but still requires high-performance
computing clusters.
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jana Dalbelo Bašić. 2019. Evaluating automatic
term extraction methods on individual documents.
In Proceedings of the Joint Workshop on Multiword
Expressions and WordNet (MWE-WN 2019), pages
149–154, Florence, Italy. Association for Computa-
tional Linguistics.

Vikash Singh. 2017. Replace or retrieve keywords in
documents at scale. CoRR, abs/1711.00046.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Ł ukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Advances in Neural Information Pro-
cessing Systems, volume 30. Curran Associates, Inc.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtow-
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A Appendix

For further comparability, we provide results of
15 prior term extraction methods provided by the
ATR4S toolkit (Astrakhantsev, 2018). All methods
provided by ATR4S are re-ranking methods based
on a previous term candidate extraction process.

Table A1 shows the results of ATR4S on the
ACTER heart-failure domain in English. While
some methods achieve good precision, most meth-
ods show precision scores below our best models,
even at only 100 terms extracted. Increasing the
manually specified amount of k terms to extract
results in a decrease of precision in favor of recall.
The scores of the different methods level out to-
wards the maximum of 2,000 terms extracted. The
best F1 score is achieved by the DomainPertinence
method at 2,000 terms extracted with an F1 score
of 30.32%.

Table A2 shows the results of ATR4S on our
ACLR2 test splits. One major drawback of prior
methods is the required corpus size. The small test
set in ACLR2 does not provide enough data for
many of the statistical approaches or in fact the re-
ranking to be effective at all after a certain amount
of terms extracted. For the smaller Annotator 1
test set, we can observe virtually identical scores
between all methods from 300 extracted terms on-
wards. For Annotator 2, this phenomena can be
observed at 400 extracted terms. Best overall re-
sults are an F1 score of 21.83% for Weirdness at
200 terms extracted on the Annotator 1 test set
and and F1 Score of 18.28% for Weirdness, PU
and DomainPertinence at 300 terms extracted on
the Annotator 2 test set. In comparison, our best
models achieve an F1 score of over 75% for both
Annotators.

3619



ACTER: heart-failure EN (ATR4S)
Method Top 100 Top 500 Top 1000 Top 2000

Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1
AvgTermFrequency 55.0 2.13 4.1 41.4 8.01 13.42 35.2 13.62 19.64 30.8 23.83 26.87
Basic 48.0 1.86 3.58 36.0 6.96 11.67 32.9 12.73 18.35 29.7 22.98 25.91
ComboBasic 48.0 1.86 3.58 36.0 6.96 11.67 31.9 12.34 17.8 29.7 22.98 25.91
CValue 54.0 2.09 4.02 39.6 7.66 12.84 33.7 13.04 18.8 32.1 24.84 28.0
DomainPertinence 58.0 2.24 4.32 46.8 9.05 15.17 35.8 13.85 19.97 34.75 26.89 30.32
KeyConceptRelatedness 81.0 3.13 6.03 59.4 11.49 19.25 42.5 16.44 23.71 31.1 24.06 27.13
LinkProbability 83.0 3.21 6.18 73.0 14.12 23.66 52.8 20.43 29.46 31.85 24.64 27.79
NovelTopicModel 49.0 1.9 3.65 39.8 7.7 12.9 34.9 13.5 19.47 29.95 23.17 26.13
PostRankDC 31.0 1.2 2.31 37.6 7.27 12.19 35.0 13.54 19.53 30.3 23.44 26.43
PU 61.0 2.36 4.54 46.2 8.94 14.98 38.3 14.82 21.37 34.65 26.81 30.23
Relevance 52.0 2.01 3.87 47.0 9.09 15.24 37.6 14.55 20.98 34.45 26.65 30.05
ResidualIDF 54.0 2.09 4.02 41.4 8.01 13.42 32.6 12.61 18.19 31.0 23.98 27.04
TotalTFIDF 31.0 1.2 2.31 39.8 7.7 12.9 36.7 14.2 20.47 31.05 24.02 27.09
Voting 62.0 2.4 4.62 57.0 11.03 18.48 48.7 18.84 27.17 34.5 26.69 30.1
Weirdness 31.0 1.2 2.31 38.0 7.35 12.32 37.4 14.47 20.86 31.65 24.49 27.61

Table A1: Precision, recall and F1 @ top k terms extracted of prior methods (ATR4S) on the English heart-failure
domain texts of ACTER. Best three results per top k marked in bold.

ACL RD-TEC 2.0: Annotator 1 (ATR4S)
Method Top 100 Top 200 Top 300 Top 400

Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1
AvgTermFrequency 36.0 7.53 12.46 29.0 12.13 17.11 28.73 16.53 20.98 28.73 16.53 20.98
Basic 40.0 8.37 13.84 36.0 15.06 21.24 28.73 16.53 20.98 28.73 16.53 20.98
ComboBasic 40.0 8.37 13.84 36.0 15.06 21.24 28.73 16.53 20.98 28.73 16.53 20.98
CValue 47.0 9.83 16.26 34.5 14.44 20.35 28.73 16.53 20.98 28.73 16.53 20.98
DomainPertinence 46.0 9.62 15.92 35.5 14.85 20.94 28.73 16.53 20.98 28.73 16.53 20.98
KeyConceptRelatedness 38.0 7.95 13.15 28.0 11.72 16.52 28.73 16.53 20.98 28.73 16.53 20.98
LinkProbability 40.0 8.37 13.84 29.0 12.13 17.11 28.73 16.53 20.98 28.73 16.53 20.98
NovelTopicModel 42.0 8.79 14.53 34.0 14.23 20.06 28.73 16.53 20.98 28.73 16.53 20.98
PostRankDC 43.0 9.0 14.88 36.0 15.06 21.24 28.73 16.53 20.98 28.73 16.53 20.98
PU 43.0 9.0 14.88 33.5 14.02 19.76 28.73 16.53 20.98 28.73 16.53 20.98
Relevance 46.0 9.62 15.92 35.5 14.85 20.94 28.73 16.53 20.98 28.73 16.53 20.98
ResidualIDF 36.0 7.53 12.46 29.0 12.13 17.11 28.73 16.53 20.98 28.73 16.53 20.98
TotalTFIDF 23.0 4.81 7.96 23.5 9.83 13.86 28.73 16.53 20.98 28.73 16.53 20.98
Voting 47.0 9.83 16.26 32.0 13.39 18.88 28.73 16.53 20.98 28.73 16.53 20.98
Weirdness 38.0 7.95 13.15 37.0 15.48 21.83 28.73 16.53 20.98 28.73 16.53 20.98

ACL RD-TEC 2.0: Annotator 2 (ATR4S)
Method Top 100 Top 200 Top 300 Top 400

Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1
AvgTermFrequency 36.0 5.34 9.3 28.0 8.31 12.81 26.33 11.72 16.22 27.44 13.35 17.96
Basic 40.0 5.93 10.34 34.5 10.24 15.79 27.67 12.31 17.04 27.44 13.35 17.96
ComboBasic 40.0 5.93 10.34 34.5 10.24 15.79 27.67 12.31 17.04 27.44 13.35 17.96
CValue 44.0 6.53 11.37 34.0 10.09 15.56 29.0 12.91 17.86 27.44 13.35 17.96
DomainPertinence 38.0 5.64 9.82 37.0 10.98 16.93 29.67 13.2 18.28 27.44 13.35 17.96
KeyConceptRelatedness 35.0 5.19 9.04 31.0 9.2 14.19 27.33 12.17 16.84 27.44 13.35 17.96
LinkProbability 39.0 5.79 10.08 30.0 8.9 13.73 27.67 12.31 17.04 27.44 13.35 17.96
NovelTopicModel 39.0 5.79 10.08 34.5 10.24 15.79 27.67 12.31 17.04 27.44 13.35 17.96
PostRankDC 42.0 6.23 10.85 34.5 10.24 15.79 27.67 12.31 17.04 27.44 13.35 17.96
PU 42.0 6.23 10.85 34.0 10.09 15.56 28.0 12.46 17.25 27.44 13.35 17.96
Relevance 38.0 5.64 9.82 37.0 10.98 16.93 29.67 13.2 18.28 27.44 13.35 17.96
ResidualIDF 36.0 5.34 9.3 28.0 8.31 12.81 26.67 11.87 16.43 27.44 13.35 17.96
TotalTFIDF 19.0 2.82 4.91 24.0 7.12 10.98 26.33 11.72 16.22 27.44 13.35 17.96
Voting 46.0 6.82 11.89 36.0 10.68 16.48 29.0 12.91 17.86 27.44 13.35 17.96
Weirdness 38.0 5.64 9.82 29.5 8.75 13.5 29.67 13.2 18.28 27.44 13.35 17.96

Table A2: Precision, recall and F1 @ top k terms extracted of prior methods (ATR4S) on test split of ACLR2. Best
result per top k marked in bold.
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Abstract

Transformers have been shown to emulate log-
ical deduction over natural language theories
(logical rules expressed in natural language),
reliably assigning true/false labels to candi-
date implications. However, their ability to
generate implications of a theory has not yet
been demonstrated, and methods for recon-
structing proofs of answers are imperfect. In
this work we show that a generative model,
called ProofWriter, can reliably generate both
implications of a theory and the natural lan-
guage proofs that support them. In particular,
iterating a 1-step implication generator results
in proofs that are highly reliable, and represent
actual model decisions (rather than post-hoc
rationalizations). On the RuleTaker dataset,
the accuracy of ProofWriter’s proofs exceed
previous methods by +9% absolute, and in a
way that generalizes to proof depths unseen in
training and on out-of-domain problems. We
also show that generative techniques can per-
form a type of abduction with high precision:
Given a theory and an unprovable conclusion,
identify a missing fact that allows the conclu-
sion to be proved, along with a proof. These re-
sults significantly improve the viability of neu-
ral methods for systematically reasoning over
natural language.1

1 Introduction

A fundamental goal for AI, dating back to its
earliest years, is automated reasoning: the abil-
ity to draw valid conclusions from explicitly pro-
vided knowledge (McCarthy, 1959). However, ap-
proaches relying on expressing knowledge in a
formal representation language have sometimes
proved challenging (Musen and Van der Lei, 1988).
Recent work on RuleTaker (Clark et al., 2020)
demonstrated a modern approach to this goal, in
which transformers emulate deductive reasoning

1Datasets available at https://allenai.org/data/proofwriter

Figure 1: Given facts, rules, and a question all ex-
pressed in natural language, ProofWriter answers the
question and generates a proof of the answer.

over statements expressed in natural language, by
reliably assigning true/false labels to candidate im-
plications. However, simply assigning true/false
labels is limiting. For practical purposes, systems
should also generate proofs of those labels, so that
their conclusions can be verified and a human-
understandable rationale be produced.

Recent work on PRover, by Saha et al. (2020),
provided first results towards this goal, assembling
proofs by first classifying which facts, rules, and
connections should be in the proof tree then using
an Integer Linear Programming (ILP) module to
enforce consistency constraints. However, the gen-

3621



Figure 2: ProofWriter iteratively generates 1-step im-
plications and their proofs, and adds implications back
into into the context for deeper reasoning. The step-
wise proof fragments are assembled into full proofs of
N-hop conclusions.

erated proofs were imperfect, and there were no
guarantees that the model “believed” the proofs that
it was reciting, i.e., that its QA module would agree
with the steps shown in the proof. In this paper,
we adopt a different approach, based on generation
rather than classification. Our system, ProofWriter,
generates proofs such as that shown in Figure 1 by
iteratively generating 1-hop inferences and their
(simple) proofs, adding implications back into the
context for deeper reasoning, and assembling more
complex proofs from the 1-hop fragments (Fig-
ure 2). As the accuracy of 1-hop inference is highly
reliable, the accuracy of deeper inference and their
proofs is also high. This results in proofs that sub-
stantially exceed the earlier method’s accuracy, and
also reflect the model’s internal decisions, rather
than a post-hoc rationalization (i.e., is a “faithful”
proof (Subramanian et al., 2020)).

The generative approach also affords two other
new capabilities. First, ProofWriter generates im-
plications that logically follow from a NL (natural
language) theory, allowing enumeration of conse-
quences (rather than only assigning truth values to
pre-conjectured hypotheses). Second, we demon-
strate (a constrained form of) abduction: Given a
theory and an unprovable conclusion, identify a
missing fact (if any) that allows the conclusion to
be proved when added to the theory, plus its proof.

We evaluate our work on a collection of natural
language reasoning datasets, including the Rule-

Taker datasets as well as several new variants. We
achieve state-of-the-art results in proof generation,
and strong new baselines for implication enumera-
tion and abduction over natural language theories.
Our contributions are thus:

1. A new method for proof generation for logical
reasoning over natural language, that obtains
state-of-the-art results and is faithful to the
model’s internal decisions.

2. A method and baseline results for generating
logical implications of statements in NL.

3. A method and baseline results for performing
abduction over natural language statements.

4. New datasets to promote further research.
These results significantly improve the viability of
neural methods for formal reasoning over language.

2 Related Work

Our work builds on the RuleTaker line of research,
in which transformers learn to emulate a deductive
reasoning algorithm (Clark et al., 2020). Unlike
other approaches to reasoning such as parsing to a
formal language (Kamath and Das, 2019), imple-
menting a reasoning algorithm with neural compo-
nents (Weber et al., 2019; Rocktäschel and Riedel,
2017), or SAT solving (Selsam et al., 2019), these
transformers emulate reasoning over language di-
rectly, bypassing a formal representation.

PRover (Saha et al., 2020), mentioned earlier,
was the first system to also produce proofs in
this context, although its post hoc approach meant
that proofs did not necessarily represent the ac-
tual model decisions. Gontier et al. (2020) also
explored the generation of answers and proofs, but
in the context of rule induction with (≈ 10) fixed
rules to induce. In contrast, ProofWriter generates
proofs from explicit NL rules (which may differ
for each problem). Similarly, formal theorem prov-
ing has explored proving mathematical theorems
from fixed, fundamental axioms, e.g., (Polu and
Sutskever, 2020; Wang and Deng, 2020), while
ProofWriter performs inference with differing sets
of rules expressed in natural language.

Our work is also distinct from the large body
of work on rationales and explanation. Work on
rationales aims to identify sentences (or phrases)
that caused a model to make a particular decision,
but without an explanation of why that rationale led
to the answer (the model’s reasoning is opaque),
e.g., (DeYoung et al., 2019; Narang et al., 2020).
Similarly, work on explanations has sought to gen-
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Proof (and Answer) CQ→ AP Given theory C and hypothesis fact Q, determine Q’s truth A and proof P (if any)
Enumeration C → I1, ..., In Given C, generate all implications Ii that logically follow.
Abduction CQ→ fm Given C and an unprovable fact Q, identify a new fact fm that, when added to C,

would make Q true.

Table 1: The three tasks that ProofWriter performs.

erate human-style justifications, which again are
typically supporting evidence rather than a fully-
formed line of reasoning, and without explicit
reasoning rules (Camburu et al., 2018; Jhamtani
and Clark, 2020; Inoue et al., 2020). In contrast,
ProofWriter produces a deductive chain of reason-
ing from what is known to what is concluded, using
a transformer retrained to reason systematically.

3 Approach

3.1 Definitions
Let:

• C be a theory, a set of English sentences C
consisting of facts F and rules R, each ex-
pressing a logical fact or rule in English. (We
also refer to C as the context).

• Q be a question, a hypothesis fact in English
whose truth is to be determined based solely
on the information in C.

• A be an answer, where A ∈ {True, False}
(if reasoning using a closed-world assump-
tion) or A ∈ {True, False, Unknown}
(open-world assumption).

• P be a proof, described shortly.
• I be an implication, a fact that logically fol-

lows from C.

We define three tasks (also see Table 1):
1. proof (inc. QA): CQ → AP : Given C and

hypothesis fact Q, what is the truth A and
proof P (if any) of Q?

2. enumeration: C → I1, ..., In: Which Ii fol-
low from C?

3. abduction(restricted form) CQ→ fm: Which
extra fact fm will make Q true given C?

We reuse (and add to) the RuleTaker datasets for
our work, which include all five elements above.
An example of a RuleTaker theory (facts and rules),
a query, and a proof generated by ProofWriter are
shown in Figure 1. Facts and rules are English
statements, and implications are English statements
that logically follow from those facts and rules.
The original datasets were generated from synthetic
logic programs and their implications, using natural
language patterns to produce the English forms.

3.2 Semantics

Following prior work, we adopt the semantics of
Datalog (Ceri et al., 1989): A fact is true if it is ei-
ther known (i.e., explicitly stated in the context C),
or (recursively) is the conclusion of a rule whose
conditions are true (is “supported”). For handling
negation, we use two alternative Datalog semantics:
The first, following prior work, makes the closed-
world assumption (CWA) and uses negation as fail-
ure (NAF), so that any fact not provable is assumed
false. Under this semantics, negated facts and neg-
ative rule conclusions are not allowed (redundant
under the CWA). The second makes an open-world
assumption (OWA), and does allow negative facts
and rule conclusions. Under this semantics, a third
truth value Unknown is also possible.

3.3 Proof Representation

We define a proof P of a fact fq as a directed
acyclic graph (N,E) with nodes n ∈ N and (di-
rected, untyped) edges e ∈ E. Each node in P is
either a fact f (a ground literal) or a rule r (a logi-
cal implication), expressed in English. Each edge
in the proof either connects a fact to a rule, denot-
ing that the fact helps satisfy the rule’s condition,
or connects a rule to a fact, denoting that the fact
follows from the instantiated rule. Thus nodes in
any branch of the proof will alternate between facts
and rules. Note this definition differs from (and
is richer than) that in PRover, where intermediate
conclusions were not part of the proof.

Facts in the proof are one of three types: known
facts fi ∈ F , negated facts fnaf that cannot be
proven (false under negation-as-failure (NAF)), and
facts fconc that are the conclusions of rules. fi and
fnaf are leaf nodes of the proof, while the fconc
are intermediate nodes within the proof. Note that
fnaf and fconc are by definition not in F . Example
proofs are shown in Figures 1 and 3.

3.4 Proof Encoding

As we wish to generate proofs, we need to encode
P as a linear structure that can be output by a gen-
erative model. Facts and rules in the context are
explicitly labeled with identifiers (fact1, ..., rule1,
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Figure 3: An example proof that includes a negated
(negation-as-failure) fact.

...) that the proof can refer to, see Figures 1 and 3.2

Then, in the linear proof, rule nodes are denoted
by their identifier (rule1, ...), while fact nodes are
denoted by three types of identifiers: fact1, fact2, ...
for facts in the context; naf1, naf2, ... for facts not
in the context and assumed false; and conc1, conc2,
... for facts concluded by rules. To decode the naf*
and conc* identifiers (which by definition are not
in the context), an additional sequence of the form
“with conc1: sentence1. conc2: sentence2. ...” is
appended to the proof.

To linearize the proof in a format convenient for
a generative model, we conjoin rules and their con-
clusions using a “%” symbol, express conjunctive
rule conditions with a “&” symbol, and use “#” to
denote the inverse implication (“←”). We then ex-
press the tree using Polish notation. E.g., the proof
tree “((fact1 & fact2) → rule1 → conc1)” (i.e.,
fact1 and fact2 satisfy rule1, concluding conc1)
would be expressed “# rule1%conc1 & fact1 fact2”.
Thus the 3-step proof from Figure 1 is encoded:

# rule18%conc1 & fact5 # rule12%conc2
# rule11%conc3 fact16 ; with conc1:
Charlie is quiet. ; conc2: Charlie is
young. ; conc3: Charlie is kind.

If the question is a known fact, the “depth 0 proof”
is simply the fact itself (e.g., fact1). If no proof
exists, the symbol “None” is used.

3.5 Models
The ProofWriter models are built on top of the
text-to-text pretrained T5 transformer (Raffel et al.,
2020) (T5-11B). We use different textual prompts
for the different tasks. For the task of generating
an answer and a proof, the input to the model is

2In practice we name these sent1, sent2, ... without a
fact/rule distinction, but for expository purposes it is helpful
to use different identifiers.

of the form: “ $question$ = question ; $context$
= theory-sentences”, for example: “$question$ =
Erin is big. ; $context$ = sent1: Erin is young.
sent2: If ...” The output is of the form: “$an-
swer$ = True/False/Unknown : $proof$ = proof ;”,
where proof is encoded as described in Section 3.4.
For training instances where multiple outputs are
valid, we select a single one at random (for mul-
tiple proofs, we select among the shortest proofs).
Appendix D lists the hyperperameters and gives
input/output examples for each task.

3.6 Task 1: Proof Generation

We evaluate two methods of proof generation:
All-At-Once: We train a model to generate the full

proof and answer in one go (theory + question
→ answer + proof).

Iterative: We first train a model to generate a sin-
gle 1-step implication (theory→ implication
+ 1-step-proof), where the implication follows
from a single rule application. Then at test
time, we apply this model iteratively, adding
each implication to the theory and repeating
until no more implications can be found (i.e.,
exhaustive forward-chaining). The proof for
any given implication can then be assembled
from the 1-step-proof fragments (Figure 2).

3.6.1 All-At-Once ProofWriter (“All”)
The All-At-Once model is trained directly on
CQ→ AP examples in the datasets (P = “None”
if there is no proof of Q). Section 3.5 describes the
i/o format, and Appendix D.1 shows an example.

3.6.2 Iterative ProofWriter (“Iter”)
Training: To train the Iterative model, for each
theory C in the training data, we create an aug-
mented set of training examples with one sequence
of iteratively inferred facts in turn, each using C
plus the previously inferred facts. For example, if
theory C1 implies I1, I2, and I3, then we create
four training examples C1 → I1, C1 ∪ {I1} → I2,
C1 ∪ {I1, I2} → I3, and C1 ∪ {I1, I2, I3} →
“None”. The order of adding the Ii is random but
constrained such that if a later implication depends
on an earlier one, the earlier one must be inferred
first. For example, if the proof of I3 depends on
I2 (determined by inspecting the gold proofs), I2
must be in the context before I3 is inferred. This
ensures that all example inferences are depth 1 (i.e.,
a single rule application). An example input/output
for one step is shown in Appendix D.2.
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Testing: To answer and provide the proof for a
particular question/implication, the model gener-
ates all implications and their proofs by iteratively
applying the model until no more implications (the
implication “None”) is generated. It then looks for
the question among them. If found, the answer is
True with the proof given. The model also looks
for the negation of the question3 and its proof. If
found, the answer is False with the proof given.
Otherwise, there is no proof (proof = “None”) and
the answer is False (for positive questions, CWA),
True (for negative questions, CWA), or Unknown
(any question, OWA).

3.7 Task 2: Implication Enumeration

A second desirable reasoning skill is enumerating
implications of a theory (rather than just assign
True/False to a hypothesis). This capability is im-
portant for practical application of the technology.
In fact, the Iterative ProofWriter already does this
by design, a substantial advantage. To evaluate this
(later), we compare this with an “all at once” strat-
egy of generating all implications as a single output
string, analogous to the All-At-Once strategy for
generating the full proof as a single string. For
training this All-At-Once enumerator, and testing
both, we gather the list of all implications Ii of each
theoryC in the train/test data. Each train/test exam-
ple is of then of the form: given C, predict all the
Ii. An example input/output is in Appendix D.3.

3.8 Task 3: Abduction (Single Fact)

A third desirable reasoning skill is abduction over
natural language theories, again made possible by
generative models. Abduction has previously been
studied extensively in formal logic, e.g., (Konolige,
1997), and in NLP, e.g., (Hobbs et al., 1993; Bha-
gavatula et al., 2020). Here we evaluate whether a
generative approach can combine logic and NLP,
performing logical abduction over natural language
knowledge. We do this for a restricted form of ab-
duction, namely single-fact abduction: Given a
theory C and a possible implication Q not prov-
able from C, identify a new fact fm (other than the
trivial Q itself) such that C ∪ {fm} implies Q.

We restrict this task to the OWA (open-world)
setting where questions can naturally have un-
known truth values. To train and test an abductive

3To negate a question, a model can be trained for this
straightforward task. Here, as our question language is simple,
a simple regex to add/remove a “not” suffices.

model over our datasets, we create an abductive ver-
sion as follows: For each theory C in the train/test
data, for each unprovable fact Q, identify all alter-
native “missing facts” factM that, when added to
C, make Q True. To do this, recall that each NL
theory was originally generated from a formal one
Cformal in a formal representation language (Data-
log). We first exhaustively enumerate all possible
Qformal and factMformal in the formal language
(this is feasible as the space of predicates and in-
dividuals is small), then use a theorem prover to
test if Cformal ∪ {factMformal} implies Qformal
for all pairs (factMformal, Qformal). For each
success, we generate the NL equivalents Q and
factM using simple NL generation templates. We
then collect the alternative factMs for each Q.
The abduction task is then, given C and Q, identify
the set of all alternative factMs, i.e.:

C,Q→ factM1, ..., factMi

If there is no single factM that can be added to
make Q true, then the symbol “None” is output.

4 Datasets

We now evaluate ProofWriter on these three tasks.
We use the original RuleTaker D* datasets (Clark
et al., 2020), plus we create two new variants: The
first (CWA) is similar to the original except it fixes
some minor inconsistencies concerning negation
(details in Appendix A.2). The second (OWA) is
also similar to the original, except reasoning uses
an open-world assumption.

We denote these as D*(orig), D*(CWA), and
D*(OWA). Each example in each dataset con-
tains a theory C, a question Q, the answer A
(True/False/Unknown), and all possible proofs
P1, ..., Pn for that answer (if provable).4 Each the-
ory is also accompanied with all possible proofs of
all possible implications, as auxiliary annotations.

The D* datasets comprise five datasets, named
D0, D1, D2, D3, D5, each containing 100k ques-
tions. In each dataset, theories and questions are
expressed in templated English (e.g., Figure 1),
questions can be positive or negated facts (e.g.,
“Charlie is not quiet?”), and answers are equally di-
vided into True/False (and Unknown, for the OWA
versions). Each dataset contains questions whose
answers require reasoning up to depths D (D = 0,
1, 2, 3, 5). Thus, for example, all questions in D0

4The domain is small enough that all proofs can be enumer-
ated. However, there still can be a large number, e.g., some
D5 questions have over 3000 possible proofs.
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Answer Proof
Depth # qns PRover ProofWriter PRover ProofWriter
0 6299 100 100 98.4 99.6
1 4434 99.0 99.1 93.1 98.7
2 2915 98.8 98.6 84.8 97.3
3 2396 99.1 98.5 80.5 94.4
4 2134 98.8 98.7 72.4 91.0
5 2003 99.3 99.3 65.1 86.4
All 20192 99.3 99.2 87.1 96.2

Table 2: [Task 1: Proof Generation] Systems trained
and tested on D5(orig), showing the breakdown by
depth of proof required to answer each question.
ProofWriter generates significantly more correct proofs
for all depths, achieving a new SOTA on this task.

are lookup questions, requiring no inference. Each
dataset is split 70/10/20 into train/dev/test.

To test generalization, we also use two other
datasets from the original RuleTaker work:
Birds-Electricity: These 6 test-only datasets use
small, real-world theories written by hand (one per
dataset) to test out-of-distribution model perfor-
mance. Details are in Appendix A.3.
ParaRules: This dataset contains 40k questions
against 2k theories expressed in paraphrased nat-
ural language, obtained through crowdsourcing.
This dataset tests transfer to more natural expres-
sions of knowledge. Details are in Appendix A.4.

5 Experiments and Results

5.1 Task 1: Proof Generation (Comparison
with Prior Work)

First, we compare ProofWriter’s ability to gener-
ate proofs with PRover, the current state-of-the-art.
We evaluate both answer accuracy and proof cor-
rectness. For proof correctness, for a fair compari-
son, we ignore the intermediate conclusion nodes
(which PRover does not generate). We then use
the same strict scoring metric as in PRover (called
FA or Full Accuracy in the PRover paper): the
proof graph must exactly match a gold proof (i.e.,
be perfectly correct); otherwise, the proof scores 0.

5.1.1 Generating Answers and Proofs
We use the same IID (independent, identically dis-
tributed) data used for PRover (train/test on dataset
D5(orig)). The results are in Table 2, showing accu-
racies for questions requiring increasingly deeper
depths of reasoning to answer. The ProofWriter’s
results are for the All-At-Once model. (The Itera-
tive model scores are almost identical, see later Ta-
ble 4.) While answer accuracy is almost perfect for
both systems, ProofWriter generates substantially

Answer Proof

PRover ProofWriter PRover ProofWriter
Test # qns All Iter All Iter
Birds1 40 95.0 100 95.0 92.5 100 95.0
Birds2 40 95.0 100 95.0 95.0 100 95.0
Elec1 162 100 96.9 100 95.1 96.9 100
Elec2 180 100 98.9 100 91.7 98.9 100
Elec3 624 89.7 92.0 95.5 71.8 92.0 95.5
Elec4 4224 84.8 83.3 97.1 80.6 82.0 97.1
All 5270 86.5 85.5 97.0 80.5 84.5 97.0

Table 3: [Task 1: Proof Generation] Training on D5,
test on Birds-Electricity. Both ProofWriter versions
(“All” for All-At-Once, “Iter” for Iterative) outperform
PRover overall in both answer and proof correctness.
The Iterative model is also significantly more robust.

more correct proofs (last line, +9% absolute), and
without the complexity of PRover’s heuristic as-
sembly of proof graphs using ILP.

5.1.2 Performance on OOD Rulesets
We compared ProofWriter’s and PRover’s ability
to generalize to the hand-authored Birds-Electricity
rulesets, zero shot. These rulesets are out-of-
domain (OOD), as their English is not templated
and is stylistically different to the training data.
We compare the PRover and All-At-Once (“All”)
ProofWriter models trained on D5, plus the Iter-
ative ProofWriter (“Iter”) trained on D0-D3 theo-
ries. The models do not see any Birds-Electricity
examples during training. The results in Table 3
show that ProofWriter’s proof generation transfers
well zero-shot to these hand-authored datasets, with
84.5% proof correctness for All-At-Once, and 97%
for the Iterative ProofWriter, indicating better out-
of-domain generalization for the Iterative version.
Both ProofWriter models significantly outperform
PRover (80.5%).

We also find ProofWriter obtains more correct
proofs (+3%) than PRover on the ParaRules dataset.
Details are in Appendix B.1.

5.2 Task 1: Proof Generation (All-At-Once
vs. Iterative)

Second, we compare our two approaches to proof
generation, All-At-Once vs. Iterative, in more de-
tail. We show that although they have almost iden-
tical performance for proofs with depths seen in
training, the Iterative model generalizes better
to proofs of longer depths than seen in training.
For these comparisons, we use the new D*(CWA)
datasets (which fix some minor errors in D*(orig)),
and also the D*(OWA) datasets to explore perfor-
mance in an open-world setting.

3626



Answer Proof
CWA OWA CWA OWA

Depth All Iter All Iter All Iter All Iter
N/A 99.0 99.7 99.4 99.9 99.0 99.7 99.4 99.9
0 100 100 100 100 100 100 100 100
1 99.9 99.8 100 99.3 99.6 95.4 99.7 97.8
2 99.9 99.5 99.9 99.7 98.3 91.7 98.6 97.3
3 100 99.7 100 99.2 95.8 90.4 96.9 97.1
4 100 99.7 99.9 99.1 93.1 88.9 94.8 96.5
5 99.9 98.9 100 98.8 89.3 87.8 91.4 86.4
All 99.6 99.7 99.7 99.6 97.2 95.4 98.0 97.6

Table 4: [Task 1] Comparison of All-At-Once (“All”)
vs. Iterative (“Iter”) ProofWriter models, trained on
D5 and D0-D3 respectively, and tested on D5.

5.2.1 Comparison (IID Test Set)
We train the All-At-Once model on D5 (train), and
the Iterative model using the method described in
Section 3.6.2, using the (∼ 5k) theories from D3
(train) plus ∼ 20% of the D0-D2 (train) theories.5

We then test both models on D5 (test). We mea-
sure both answer and proof accuracies, and also
break down the results by proof depth (using “N/A”
as the proof depth for questions that are not prov-
able). The D5 test set has 2k questions at each
proof depth, plus 8k unprovable questions (proof =
“None”, depth = “N/A’).6

The results are shown in Table 4, and show that
both ProofWriter versions have similar, high
proof correctness (95%+) on the test set, even
though some proofs are highly complex.

5.2.2 Generalization to Unseen Depths
We also wish to see how well the models can gener-
ate proofs at depths unseen during training. To do
this, we train an All-At-Once model on D3, and use
the same Iterative model as earlier (trained on itera-
tive examples from theories up to depth 3). We test
on D5. As D5 contains problems at greater depths
than those seen during training, we can observe the
models’ ability to generalize. We compare with
both the CWA and OWA versions of our datasets.

The results are shown in Table 5. As can be
seen, the All-At-Once model has quite poor gen-
eralization for generating longer proofs than seen
in training, while the Iterative model is more ro-
bust (red box).

5We include D0-D2 theories to have more examples of the-
ories with fewer conclusions. The derivative iterative training
data is included in our dataset release.

6Note this breakdown is slightly different from the one in
Table 2 where the depth used the original RuleTaker anno-
tations which included a depth for questions without proofs,
based on the deepest proof search that fails. We retained that
convention in Table 2 for best comparison with PRover.

Table 5: [Task 1] Comparison of the All-At-Once vs.
Iterative ProofWriter models, trained on D3 and tested
on D5. While scores are mostly similar throughout, the
iterative model generalizes substantially better to gen-
erate proofs of depths unseen during training (red box).

Figure 4: [Task 1] All-At-Once proofs can be verified
by checking each step as a separate QA query.

5.3 Verifying All-At-Once Proofs

Proofs from the Iterative ProofWriter have an ad-
ditional desirable property: each proof step is one
that the model explicitly took during the iteration,
i.e., the model “believes” the step. In contrast,
the All-At-Once proofs are a post hoc generated
string of symbols, and may not reflect steps that
ProofWriter would actually make. However, be-
cause proofs include intermediate conclusions, we
can alleviate this concern by verifying individual
steps in the All-At-Once proofs. For example, if a
generated proof step states that fact2 + fact3 + rule4
implies conc1, we can simply ask ProofWriter in
QA mode if this is true (Figure 4). Given the al-
most perfect performance for such simple depth 1
questions in QA mode (with no distractor facts or
rules), the ability to verify a correct proof corre-
sponds to the accuracy of correctly generating the
correct intermediate conclusions conc* in the first
place. (Note that an unverified proof is not nec-
essarily wrong, rather cannot be verified as right).
OWA proofs can be fully verified in this way. For
CWA theories with NAFs, the verification is only
partial as NAFs are presumed negative statements

3627



Verified Proofs
CWA OWA

Train on: Train on:
Depth D3 D5 D3 D5
N/A 99.6 99.0 99.4 99.4
0 100 100 100 100
1 99.8 99.6 99.7 99.7
2 98.2 98.3 98.6 98.6
3 93.2 95.8 94.3 96.8
4 66.7 92.9 66.1 94.6
5 13.8 89.3 16.4 90.8
All 87.2 97.2 87.9 97.9

Table 6: [Task 1: Proof Generation] The All-At-Once
model’s ability to verify its proofs. For proofs within
depths seen during training, almost all correct proofs
(Tables 5 and 4, columns 5 and 7) can be verified. How-
ever, for proofs at unseen depths, the proportion that
can be verified drops rapidly (trained on D3, test on
depths 4,5). In contrast, Iterative ProofWriter’s proofs
are always verified, by definition of its algorithm.

which require the full theory to verify.
We measured the percentage of correct, verified

proofs, shown in Table 6. Provided proofs are
within the depths seen during training, almost all
correct proofs can be verified. However, at depths
deeper than seen at training, the proportion that
can be verified drops rapidly. In contrast, the Iter-
ative ProofWriter’s proofs are always verified, as
by definition they are assembled from single step
inferences that the model actually took.

5.4 Task 2: Implication Enumeration

Third, we evaluate ProofWriter’s performance on
a new task, namely enumerating implications of
a theory (rather than just assign True/False to a
hypothesis). We compare the All-At-Once and
Iterative strategies as described in Section 3.7.

To train All-At-Once, and test both, we created
an enumerative dataset of C → {I1, ..., In} exam-
ples (Section 3.7). For this we sample theories
C in the D0-D3 datasets and gather the list of all
implications Ii for each theory C. We call this enu-
merative dataset D3+Enum. We similarly create
a D5-Enum dataset from theories in (only) D5 to
test OOD conclusion generation. We create CWA
and OWA versions of both.

We train All-At-Once on D3-Enum (train), then
test both models on D3-Enum (test) and D5-Enum
(test). For metrics, we measure F1 scores by com-
paring the individual predicted implications with
the gold Ii, as well as the exact-match correct-
ness of the predicted set of implications {I1, ..., In}
(one point if the set exactly matches the gold, bar
ordering, zero otherwise). The results are shown in

F1 Accuracy
Enum CWA OWA CWA OWA
Test All Iter All Iter All Iter All Iter
D3+ 98.9 99.8 99.4 99.6 92.5 98.8 95.5 99.0
D5 94.5 99.5 94.8 99.4 44.6 93.9 48.9 94.8

Table 7: [Task 2: Enumeration] Iterative ProofWriter
is better at generating all implications than an All-At-
Once strategy. (All-At-Once is trained on D3+Enum,
Iterative ProofWriter is the same model as earlier.)

Test: Count F1 Acc
D3-Ab 7067 97.4 94.5
D5-Ab 7181 97.3 93.5

Table 8: [Task 3: Abduction] Given a theory C and an
unprovable conclusion Q, predict all alternative facts
that, when added to C, make Q provable.

Table 7, and show that the Iterative ProofWriter
is better at implication enumeration than the
simple All-At-Once strategy. In particular, the All-
At-Once strategy struggles for problems at depths
unseen in training (second row), although it does
well on its own test set despite the complicated un-
ordered output it has to generate (up to 16 different
implications in D3, 21 in D5).

5.5 Task 3: Abduction (Single Fact)

Fourth and finally, we evaluate performance on
a second new task, namely abduction over nat-
ural language theories, again made possible by
generative models. Analogous to implication enu-
meration, we create a derivative abductive dataset
of C,Q→ factM1, ..., factMi examples, where
C ∪ {factMi} results in Q becoming provable as
described in Section 3.8. We create such D*-Ab
datasets from the D*(OWA) datasets.

5.5.1 Results (IID)
We trained a model on D3-Ab (train), and then
tested on both D3-Ab (test) and D5-Ab (test). We
evaluate the results by comparing the predicted
and gold factMs, measuring both F1 and “perfect
match” Accuracy (1 when F1=1, 0 otherwise). The
results are shown in Table 8, and indicate that the
model performs well overall (85%+ scores). We
also broke down the recall of factMs by proof
depth required to prove Q given C and factM .
This is shown in Table 9, indicating that it is harder
to identify a factM that completes a deeper proof.
The similarity of D3-Ab and D5-Ab scores sug-
gests that D5-Ab is not out-of-domain for this task:
Although depths for provable D5 facts are deeper
than D3, this task concerns unprovable facts, which
may not be distributed differently to D3-Ab.
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Gold Proof Test on D3-Ab Test on D5-Ab
Depth # Gold Acc (recall) # Gold Acc (recall)
N/A 2155 97.73 2170 97.74
1 4813 98.46 4731 98.73
2 1719 96.22 1986 96.17
3 688 90.26 915 92.79
4 153 75.82 330 82.73
5 19 36.84 96 78.13

Table 9: [Task 3: Abduction] Recall of abduced facts
by proof depth. The data suggests that it is harder to
identify a factM that completes a deeper proof.

5.5.2 Generalization to New Tasks
To assess out-of-domain generalization, we also
evaluate how well the trained abductive model
performs on an abductive version of the Birds-
Electricity(OWA) theories, zero-shot (created us-
ing the same approach, Section 3.8). We find that
ProofWriter has perfect zero-shot performance for
the simple Birds rulebases, but progressively re-
duced performance for the Electricity theories as
they get more complex (dropping to 64% F1, 62%
Accuracy for one rulebase), indicating that the ab-
ductive task is only partly solved (Appendix B.2).

6 Discussion

6.1 All-At-Once vs. Iterative Strategies
While the All-At-Once approach to proof genera-
tion is simple, efficient, and effective, it does not
generalize as well to proofs of greater depth than
seen at training. In contrast, the Iterative approach
is robust to generalization. Even though errors at
each iteration accumulate, the reliability of 1-step
inference is so high that such error accumulations
remain small. The Iterative architecture, namely a
simple model embedded in a recursive loop (rather
than single seq2seq model), illustrates how trans-
formers can be used in a “scale-invariant” way,
i.e., performance is largely unchanged by the scale
(here reasoning depth) of the problem. In addition,
as proofs are built from actual inference steps taken
by the model, they are by definition “faithful” to
the model’s inference steps, rather than being a
post hoc rationalization.

However, there are also some drawbacks to the
Iterative approach: First, it is inefficient and un-
guided, proving everything possible and only then
looking for the answer and proof for a particu-
lar question. In fact, this is a limitation of un-
constrained forward-chaining in general, hence es-
tablished techniques for guiding forward-chaining
could be applied, e.g., a best-first expansion strat-
egy, or using a backward-chaining strategy instead

(which would similarly need to be controlled). Sec-
ond, as the theory grows by one fact per iteration,
there is a risk of exceeding the transformer’s input
token limit (512 tokens by default), hence limiting
the size of theories that can be handled. For larger
theories, a retrieval mechanism might be needed to
manage the facts and rules available to the reasoner.

6.2 Abduction and Implicit Knowledge

Recently, LeapOfThought (Talmor et al., 2020)
showed that RuleTaker-like models could be re-
trained to reason with a combination of explicit
and implicit knowledge, rather than requiring all
rules to be stated explicitly (the implicit knowledge
coming from the latent knowledge acquired dur-
ing pretraining (Petroni et al., 2019)). Now, given
an abductive capability such as the one we have
presented, we have a mechanism for materializing
the implicit knowledge used to answer a question,
and hence generating the full proof of its answer:
Given a LeapOfThought conclusion, first abduce
the “missing” (implicit) fact(s) required for an ex-
plicit proof, then use ProofWriter to generate that
proof. This is a significant step forward to help
understand a model’s decisions when both implicit
and explicit knowledge has been used.

7 Summary and Conclusion

While it is remarkable that transformers can learn to
systematically reason over language, such methods
will have limited impact if they cannot also explain
their answers. In this work, we showed the first
application of generative techniques to this task,
and demonstrated how proofs, implication enumer-
ations, and abductive inferences can be generated,
exceeding the prior state-of-the-art in proof gener-
ation by +9% (absolute). In addition, the Iterative
ProofWriter robustly generalizes to deeper proofs
and more varied language than seen in training,
and produces proofs that reflect (i.e., are faithful to)
the model’s actual inference decisions. Finally, the
abductive capability offers the potential for gener-
ating proofs when both explicit and implicit knowl-
edge are used, by materializing the implicit knowl-
edge needed to complete the proof. Together, these
significantly improve the viability of neural meth-
ods for systematically reasoning over language in
practical settings. The ProofWriter datasets are
available at https://allenai.org/data/proofwriter

Acknowledgements: We thank Google for provid-
ing the TPUs for conducting experiments.
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F. Petroni, Tim Rocktäschel, Patrick Lewis, A. Bakhtin,
Y. Wu, Alexander H. Miller, and S. Riedel. 2019.
Language models as knowledge bases? In EMNLP.

Stanislas Polu and Ilya Sutskever. 2020. Generative
language modeling for automated theorem proving.
ArXiv, abs/2009.03393.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine
Lee, Sharan Narang, M. Matena, Yanqi Zhou, W. Li,
and Peter J. Liu. 2020. Exploring the limits of trans-
fer learning with a unified text-to-text transformer. J.
Mach. Learn. Res., 21:140:1–140:67.
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Appendix: ProofWriter: Generating Implications, Proofs,
and Abductive Statements over Natural Language

A Datasets: Additional Details

A.1 Statistics
Some overall statistics for the updated RuleTaker
CWA and OWA datasets are in Table 10. The
number of implications per theory can reach 20
and above, and the proof depths go up to 10, even
though the proof depths of the associated questions
are limited to the dataset depth (e.g., depth 3 for
D3).

# impl depth
Dataset # th # qns min/mean/max max
CWA:
D0 27020 100002 0/1.0/18 8
D1 12965 100012 1/1.9/17 6
D2 9138 100014 2/3.3/18 5
D3 7067 100024 3/5.1/16 7
D5 4935 100030 5/9.8/21 10
Birds/Elec 140 5270 0/2.0/6 4
ParaRules 2403 40022 3/4.3/14 5
OWA:
D0 26978 100000 0/0.8/18 5
D1 12933 100014 1/1.7/14 6
D2 9033 100010 2/3.1/14 5
D3 6940 100036 3/4.8/16 6
D5 4752 100030 5/9.1/21 10
Birds/Elec 140 5270 0/1.2/6 3
ParaRules 2403 40022 3/4.3/14 5

Table 10: Statistics for the CWA and OWA datasets,
giving the number of theories, questions and implica-
tions per theory. Note that the maximum implication
proof depth can go higher than the maximum proof
depth for the included questions (e.g., for D5 the maxi-
mum questions depth is 5, but there are implications up
to depth 10 which are include in the enumeration task).

Table 11 describes overall statistics for the datasets
for Task 3: Abduction. Each abduction question
can have zero or more missing facts as answer, and
the proof depths can go up to 11.

# missing max
facts proof

Dataset # th # qns min/mean/max depth
D0-Ab 18011 85705 0/0.8/15 6
D1-Ab 10448 49808 0/0.8/12 7
D2-Ab 7092 37245 0/0.9/11 6
D3-Ab 5633 34915 0/1.1/11 8
D5-Ab 4362 35213 0/1.2/9 11
Birds-Electricity-Ab 140 3940 0/0.24/4 4

Table 11: Statistics for the Abduction datasets, giving
the number of theories, abduction questions, number of
missing facts per question and maximum proof depth.

A.2 Repairs to the RuleTaker Datasets

The original RuleTaker theories were intended to
be full Datalog theories, but contained three occa-
sional violations in the with-negation theories:

1. Some theories contained negated facts (e.g.,
“Bob is not red”) and/or rules with negated
conclusions. Such statements are redundant
under a CWA, and not allowed according to
formal Datalog specifications.

2. Some theories included rules with a free vari-
able in a negated condition (e.g., “If someone
is not blue then Bob is happy.”). Such rules
are not allowed according to formal Datalog
specifications, as the possible groundings of
the variable require meta-information about
the theory as a whole.

3. A bug in the stratification checker led to a few
theories being included that were not stratifi-
able, and hence may have multiple, valid truth
assignments for their facts.

As a result, the theories were regenerated (with
the same distribution over number of facts, rules,
condition, etc.) to create the D*(CWA) datasets,
avoiding these issues.

The D*(OWA) datasets are similar to the
D*(orig) datasets, but evaluated without a CWA,
i.e., negation-as-failure (NAF) is replaced with hard
negation. The theories with negation were again re-
generated to ensure they were stratifiable (to avoid
negation cycles), but they still retain negated facts
and rule conclusions. The truth values of the ques-
tions were recomputed using an OWA, resulting in
answers True/False/Unknown.

A.3 The Birds-Electricity Datasets

The RuleTaker “birds” rulebase is a well-known
logic problem illustrating the use of “abnormal-
ity” predicates (McCarthy, 1984),7, and converted
into English by hand. The dataset contains a sin-
gle theory of six rules (e.g., “If someone is a bird
and wounded then they are abnormal.”) and seven
facts (e.g., “Bill is wounded”), and forty questions
against this theory (i.e., 40 test examples total).
Birds1 and Birds2 differ solely in the English word-
ing (e.g., “Bill is flying” vs. “Bill can fly”).

7https://www.doc.ic.ac.uk/∼mjs/teaching/KnowledgeRep491/
ExtendedLP 491-2x1.pdf, p5
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Answer Proof
# qns PRover ProofWriter PRover ProofWriter

D=0 2968 99.7 99.9 99.4 99.9
1 2406 98.6 99.3 97.3 99.3
2 1443 98.2 98.3 88.7 97.7
3 1036 96.5 98.2 89.9 96.5
4 142 88.0 91.5 76.1 83.1
All 8008 98.4 99.1 95.1 98.5

Table 12: [Task 1: Proof Generation] Train on D3
+ ParaRules, test on (only) ParaRules. Both systems
demonstrate robustness to more complex linguistic ex-
pressions in the theories, with ProofWriter obtaining
3% higher proof correctness.

The four RuleTaker “electricity” datasets contain
examples of reasoning about toy electrical cicuits
using a small set of general rules about circuits.
Examples in each dataset are built using a fixed
set of general rules per dataset, ranging from five
rules (Elec1) to twelve rules (Elec4). Each example
in these datasets contains the general rules, plus
between two and five facts describing a particular
circuit, with a set of questions about the circuit,
e.g., Q: “The light bulb is glowing?” A: True.

A.4 The ParaRules Dataset

The RuleTaker “ParaRules” dataset contains 40k
questions against 2k theories expressed in para-
phrased natural language, obtained by having
crowdworkers rephrase the templated English facts
and rules from sampled original theories into more
varied natural language. For example, “Bob is cold.”
might be rephrased “In the snow sits Bob, crying
from being cold”; or “Alan is round. Alan is blue.
Alan is kind.” might be rephrased “Alan, who is
round and also kind, tends to be rather blue”; or “If
someone is kind then they are young.” might be
rephrased “A kind person will certainly be young.”.
While the previous datasets contain synthetic lan-
guage, ParaRules tests the models’ ability to reason
over more human-like paraphrased language.

B Additional Results

B.1 Results on the OOD ParaRules Dataset

We also test the robustness of ProofWriter’s proof
generation to theories that use more varied natural
language, summarized in Section 5.1.2. Following
(Clark et al., 2020) and (Saha et al., 2020), we train
on the combined training partitions of D3(orig) and
ParaRules, then test on the ParaRules test parti-
tion. The results in Table 12 show that PRover and
ProofWriter (All-At-Once) are robust to more com-

Test Dataset: # qns F1 Acc
Birds1-Ab 14 100.00 100.00
Birds2-Ab 14 100.00 100.00
Elec1-Ab 114 89.47 89.47
Elec2-Ab 126 90.25 88.89
Elec3-Ab 456 81.79 76.32
Elec4-Ab 3216 85.77 83.99
All 3940 85.66 83.53

Table 13: [Task 3: Abduction] Zero-shot scores of the
D3-Ab model on the Birds-Electricity-Ab rulebases.

plex natural language in the input, with ProofWriter
obtaining 3% higher proof correctness.

B.2 Abduction: Generalization to New Tasks

Section 5.5.2 summarized the results of testing
abductive reasoning on abductive versions of the
Birds-Electricity(OWA) theories. The detailed re-
sults are shown in Table 13, showing perfect zero-
shot performance for the simple Birds rulebases,
but progressively reduced performance for the Elec-
tricity theories as they get more complex. This indi-
cates that the abductive task remains only partially
solved by our generative model.

C Results with T5-large

In the main part of the paper we trained ProofWriter
starting from the largest available T5-11B model
(11 billion parameters). If we instead use the more
manageable T5-large model (770 million parame-
ters), the scores generally go down, but typically
by a small amount.

In Tables 14 and 15 we show two examples of
this, for the All-At-Once and Iterative ProofWriter
models respectively, when training on the D3
dataset and evaluating on D5. We see the T5-large
model is a bit worse on higher depth proof accuracy
in the All-At-Once model, but is otherwise quite
competitive.

D Hyperparameters and I/O Examples

We fine-tune the models on the training set using
the default hyperparameters (including the Adafac-
tor optimizer) in the T5 library.8 We use the largest
T5-11B model for the main results, fine-tuned for
40k steps (batch size 8), selecting the checkpoint
with highest validation score (usually the final step).
See Appendix C for results using the smaller T5-
large.

8https://github.com/google-research/text-to-text-transfer-
transformer
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Answer Proof
CWA OWA CWA OWA

Depth large 11B large 11B large 11B large 11B
N/A 98.4 99.6 97.4 99.4 98.4 99.6 97.4 99.4
0 100 100 100 100 100 100 100 100
1 100 99.9 99.9 99.9 99.4 99.7 99.3 99.8
2 99.8 99.4 99.7 99.8 97.5 98.2 97.6 98.8
3 100 99.2 99.7 99.8 90.4 93.4 91.2 94.5
4 98.9 95.4 99.5 99.3 38.6 69.9 46.9 71.4
5 92.3 72.9 98.9 93.7 12.4 27.4 24.4 35.1
All 98.4 96.6 98.7 99.0 83.4 88.9 85.6 90.2

¡

Table 14: [Task 1] Comparing T5-large vs T5-11B for
the All-At-Once models trained on D3 and evaluated
on D5. T5-large is actually a bit ahead of T5-11B on
answer accuracy (for CWA), although the proof correct-
ness is noticeably higher with T5-11B.

Answer Proof
CWA OWA CWA OWA

Depth large 11B large 11B large 11B large 11B
N/A 99.0 99.7 99.2 99.9 99.0 99.7 99.2 99.9
0 100 100 100 100 100 100 100 100
1 98.8 99.8 99.1 99.3 95.0 95.4 97.5 97.8
2 98.3 99.5 98.9 99.7 91.0 91.7 96.4 97.3
3 98.6 99.7 98.4 99.2 89.0 90.4 95.5 97.1
4 98.0 99.7 97.5 99.1 86.3 88.9 93.4 96.5
5 97.7 98.9 96.5 98.8 85.4 87.8 82.3 86.4
All 98.7 99.7 98.8 99.6 94.4 95.4 96.4 97.6

Table 15: [Task 1] Comparing T5-large vs T5-11B for
the Iterative ProofWriter trained on D0-D3 and evalu-
ated on D5. T5-11B is systematically slightly better.

For all tasks in this paper, the model input and
output are plain textual strings in a certain format.
The format is slightly more verbose than strictly
necessary, as it is compatible with a more general
framework combining different views of the task.
This is not typically an issue, although there are
a few cases where the iterative model reaches the
default 512 token limit of T5 when adding impli-
cations to the theory. We now show input/output
examples for proof generation (All-At-Once and
(one step of) the Iterative approaches), implication
generation (All-At-Once approach; Iterative impli-
cation generation is a side-effect of Iterative proof
generation), and abduction.

D.1 All-At-Once Proof Generation
In this task we are given a theory and question, and
need to produce an answer (True/False/Unknown)
and proof with intermediates.
INPUT: $answer$ ; $proof$ ; $question$ = The lion is not
nice? ; $context$ = sent1: The tiger chases the lion. sent2:
The lion is not big. sent3: If something visits the dog and it is
kind then it visits the mouse. sent4: The dog chases the lion.
sent5: If something is big then it visits the dog. sent6: The
tiger eats the dog. sent7: If something visits the tiger and the
tiger is not red then it is not nice. sent8: If something chases

the dog then it is not red. sent9: The mouse does not chase the
tiger. sent10: If something visits the mouse then the mouse is
red. sent11: The tiger visits the lion. sent12: The tiger does
not eat the mouse. sent13: The mouse is nice. sent14: The
lion does not eat the tiger. sent15: If the tiger visits the dog
and the dog is not big then the dog chases the mouse. sent16:
The lion visits the tiger. sent17: If something chases the lion
and it visits the dog then it chases the dog. sent18: The dog
is nice. sent19: If something chases the lion then it is big.
sent20: If something eats the lion then it is not cold.
OUTPUT: $answer$ = True ; $proof$ = # sent7@int1 &
sent16 # sent8@int2 # sent17@int3 & sent1 # sent5@int4 #
sent19@int5 sent1 ; with int1: The lion is not nice. ; int2: The
tiger is not red. ; int3: The tiger chases the dog. ; int4: The
tiger visits the dog. ; int5: The tiger is big.

If we translate back from Polish Notation, this
proof corresponds to ((sent16 & ((((sent1 & ((sent1
→ sent19→ int5)→ sent5→ int4))→ sent17→
int3))→ sent8→ int2))→ sent7→ int1)

D.2 Iterative Proof Generation (one step)

In this task we ask the model to generate one valid
implication of the theory with proof of depth 1. If
no such implication exists, instead generate ”None”
as the answer.
INPUT: $answer$ ; $proof$ ; $question$ = What is one single-
hop inference? ; $context$ = sent1: If something eats the
cow and it is big then the cow sees the bald eagle. sent2:
If something likes the bald eagle then it is rough. sent3: If
something eats the dog then it likes the cow. sent4: Big things
are young. sent5: If something likes the cow then it eats the
cow. sent6: If something sees the bald eagle then the bald
eagle eats the cow. sent7: If something likes the bald eagle
then the bald eagle is kind. sent8: If something sees the bald
eagle then the bald eagle eats the dog. sent9: The bald eagle
eats the cow. sent10: The bald eagle sees the dog. sent11: The
dog is big. sent12: The cow likes the bald eagle. sent13: The
bald eagle is young. sent14: The dog sees the cow. sent15:
The bald eagle is kind. sent16: The dog is young. sent17:
The bald eagle sees the cow. sent18: The bald eagle is rough.
sent19: The cow eats the bald eagle. sent20: The dog is cold.
sent21: The dog likes the cow. sent22: The dog eats the bald
eagle. sent23: The dog eats the cow. sent24: The bald eagle
likes the dog. sent25: The bald eagle likes the cow. sent26:
The cow sees the bald eagle. sent27: The cow sees the dog.
OUTPUT: $answer$ = The cow is rough. ; $proof$ = # sent2
sent12

During evaluation time, we would then take this
output and append it to the theory as ”sent28: The
cow is rough.” and repeat the question. If a sub-
sequent proof then references ”sent28”, we know
already that this was derived using the proof ”#
sent2 sent12”.

D.3 All-At-Once Implication Enumeration

In this task we ask the model to simply output all
valid implications of a theory, without generations
proofs in this case.
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INPUT: $answer$ ; $proof$ ; $question$ = What are all the
inferences? ; $context$ = sent1: The tiger chases the lion.
sent2: The lion is not big. sent3: If something visits the dog
and it is kind then it visits the mouse. sent4: The dog chases
the lion. sent5: If something is big then it visits the dog. sent6:
The tiger eats the dog. sent7: If something visits the tiger and
the tiger is not red then it is not nice. sent8: If something
chases the dog then it is not red. sent9: The mouse does not
chase the tiger. sent10: If something visits the mouse then
the mouse is red. sent11: The tiger visits the lion. sent12:
The tiger does not eat the mouse. sent13: The mouse is nice.
sent14: The lion does not eat the tiger. sent15: If the tiger
visits the dog and the dog is not big then the dog chases the
mouse. sent16: The lion visits the tiger. sent17: If something
chases the lion and it visits the dog then it chases the dog.
sent18: The dog is nice. sent19: If something chases the lion
then it is big. sent20: If something eats the lion then it is not
cold.
OUTPUT: $answer$ = The dog is big. The tiger is big. The
dog visits the dog. The tiger visits the dog. The dog chases
the dog. The tiger chases the dog. The dog is not red. The
tiger is not red. The lion is not nice.

This particular theory has 9 valid implications,
around average for D5 theories. (The number of
implications can be as high as 21).

D.4 Iterative Implication Enumeration
Iterative implication generation is a side-effect of
Iterative proof generation, hence the input/output
(one step) is the same as in Appendix D.2.

D.5 Abduction
In this task we ask the model to output all alterna-
tive missing facts, separated by a comma, that can
be (separately) added to a theory so as to prove the
given implication to be True.
INPUT: $answer$ ; $question$ = Dave is rough. ; $context$
= triple1: Anne is white. triple2: Charlie is young. triple3:
Dave is round. triple4: Erin is quiet. rule1: If someone is
rough and young then they are blue. rule2: Rough, white
people are smart. rule3: All smart people are rough. rule4:
All white people are smart. rule5: If someone is young then
they are smart. rule6: All smart people are rough.
OUTPUT: $answer$ = Dave is young. , Dave is smart.

This particular abduction question has 2 alterna-
tive missing facts. Any one of them when added to
the input theory is sufficient to prove the implica-
tion ‘Dave is rough’.
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Abstract

Multimodal image–language transformers
have achieved impressive results on a variety
of tasks that rely on fine-tuning (e.g., visual
question answering and image retrieval).
We are interested in shedding light on the
quality of their pretrained representations –
in particular, if these models can distinguish
different types of verbs or if they rely solely
on nouns in a given sentence. To do so, we
collect a dataset of image–sentence pairs (in
English) consisting of 421 verbs that are either
visual or commonly found in the pretraining
data (i.e., the Conceptual Captions dataset).
We use this dataset to evaluate pretrained
image–language transformers and find that
they fail more in situations that require verb
understanding compared to other parts of
speech. We also investigate what category of
verbs are particularly challenging.

1 Evaluating Verb Understanding

The success of image–language models in real-
world applications relies on their ability to relate
different aspects of language (such as verbs or ob-
jects) to images, which we refer to as multimodal
understanding. For example, an image-retrieval
model needs to distinguish between “eating an ap-
ple” and “cutting an apple” and a captioning model
must accurately describe the actions in a scene.

Previous work shows that image–language
benchmarks do not always fully measure such mul-
timodal understanding: object retrieval models fail
to account for linguistic structure (Akula et al.,
2020), visual question answering (VQA) models
overly rely on language priors (Goyal et al., 2017;
Agrawal et al., 2018), and captioning metrics do not
always measure if captions “hallucinate” objects
in an image (Rohrbach et al., 2018). Inspired by
this, prior work introduced tasks to specifically ex-
amine whether models can relate objects to images

(Shekhar et al., 2017) or classify frequent interac-
tions associated with objects (Chao et al., 2015).
However, both these datasets are limited to the 80
objects in the MSCOCO detection challenge (Lin
et al., 2014).

To address this gap, we design a benchmark fo-
cused on verbs called SVO-Probes for examining
subject, verb, object triplets; more specifically, we
collect a set of image–sentence pairs (in English)
where each pair is annotated with whether the sen-
tence corresponds to the image or not. As shown
in Fig. 1, for a given sentence, in addition to a pos-
itive image that matches the sentence, our dataset
includes controlled negative images that do not cor-
respond to specific aspects of the sentence (i.e.,
subject, verb, and object). These controlled ex-
amples enable us to probe models for their under-
standing of verbs as well as subjects and objects.
Our dataset consists of 421 verbs and includes over
48, 000 image–sentence pairs.

We use our benchmark to evaluate the recent
family of multimodal (image–language) transform-
ers that have shown impressive results on bench-
marks like VQA and image retrieval (Lu et al.,
2019; Chen et al., 2020; Tan and Bansal, 2019;
Li et al., 2020b,a; Huang et al., 2020). Our goal
is to investigate if the good performance of these
models is due to learned representations that suc-
cessfully relate different aspects of language to
images. More specifically, we evaluate a few archi-
tectural variations of these models in a zero-shot
way by using the pretrained models to classify if
image–sentence pairs from SVO-Probes match.

Our results show that the performance of all eval-
uated models is worst on verbs, with subjects being
easier than verbs but harder than objects. We find
that this observation does not depend on the fre-
quency of test examples in pretraining data. More-
over, it is considerably harder for all models to
correctly classify image–sentence pairs that do not
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A woman jogs on the beach.

A man is jumping into the sea.A person sings at a concert.

A man jumping into a river.A animal lays in the grass.

Children cross the street.

child, cross, street lady, cross, street

animal, lay, grass woman, lay, grass

person, sing, concert person, dance, concert

man, jump, river man, kayak, river

man, jump, sea man, jump, mountain

woman, jog, beach woman, jog, forest

Pos Neg

Pos

Pos

Pos Pos

Pos

Neg Neg

Neg Neg

Neg

Figure 1: Examples from SVO-Probes. Images on the left and right show positive and negative image examples
for each sentence. Below each image is the 〈subject, verb, object〉 triplet corresponding to the image.

match; the image–language transformers overpre-
dict that sentences corresponds to images.

Additionally, we compare an image–language
transformer pretrained on a large automatically-
curated dataset (i.e., Conceptual Captions, Sharma
et al., 2018) with one pretrained on the smaller but
manually-annotated MSCOCO (Chen et al., 2015).
Conceptual Captions is more noisy than MSCOCO
in that its sentences do not necessarily correspond
to its images. Interestingly, we observe that the
model pretrained on MSCOCO performs better.
This result shows that the image–language trans-
formers are not robust to dataset noise as they learn
to predict that somewhat-related image–sentence
pairs correspond to each other.

Despite their good performance on downstream
tasks, image–language transformers fail on our
task that requires multimodal understanding since
they cannot distinguish between finer-grained dif-
ferences between images. Our results highlight
that there is still considerable progress to be made
when training multimodal representations, and that
verbs in particular are an interesting challenge in
image–language representation learning.

2 Related Work

Image–language transformers build on the trans-
former architecture (Vaswani et al., 2017) by in-
corporating additional loss functions (to learn im-
age features and align image and language modal-
ities), using self-attention to combine modalities,
and training on paired image–text data (Lu et al.,
2019; Chen et al., 2020; Tan and Bansal, 2019; Li
et al., 2020b,a; Huang et al., 2020). The impres-
sive performance of these models on many image–
language benchmarks has inspired recent work that
studies different architectural choices made in these

models (Cao et al., 2020; Hendricks et al., 2021).
Compared to previous image–language models,

multimodal transformers both use a new architec-
ture and are frequently trained on a much larger
dataset – the Conceptual Captions dataset consist-
ing of 3m image–text pairs (Sharma et al., 2018).
Singh et al. (2020) show that on fine-tuned tasks,
the performance of multimodal transformers (i.e.,
Lu et al., 2019; Li et al., 2019) are less sensitive to
dataset size; the domain match between pretraining
and fine-tuning datasets is more important.

Datasets. Our proposed dataset is most similar to
the FOIL benchmark (Shekhar et al., 2017) which
tests if image–language models can differentiate
between sentences that vary with respect to only
one noun. FOIL consists of 64, 300 images from
MSCOCO (Chen et al., 2015); each image is paired
with a corresponding sentence that describes the
image (i.e., a positive example) and one that does
not (i.e., a negative example). Negative sentences
are collected by replacing object words in the posi-
tive sentences with a similar object (e.g., changing
the word “dog” to “cat” in “The dog ran.”). Shekhar
et al. (2017) use the FOIL dataset in a few tasks
including a classification task where the model is
asked to classify if a sentence matches the image or
not. We use the same task setup because it allows
us to probe image–language transformers in a zero-
shot setting as these models are generally trained
to classify whether an image–text pair match. Our
work is different than FOIL in that we focus on verb
understanding as opposed to noun understanding;
moreover, our dataset provides different negative
types (by replacing subjects, verbs, or objects).

Other datasets focus on relationship or interac-
tion detection (e.g., HICO and VRD; Chao et al.,
2015; Lu et al., 2016a). These datasets are evalu-
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dataset Ims Subjs Verbs Objs Sents Negs
FOIL 32k n/a 0 70 3 3

HICO 10k n/a 117 80 7 3

VRD 1k 100 70 100 7 7

V-COCO 5k n/a 26 48 7 7

ImSitu 25k 950 504 1840 7 7

SVO-Probes 14k 100 421 275 3 3

Table 1: Images, Subjects, Verbs, Objects, Sentences, and
Negatives in other datasets and SVO-Probes. Image numbers
are for the evaluation set.

ated in a classification setting in which the input is
an image and the output is a detected relationship
(for HICO, an object and interaction, for VRD two
objects and their relationship) and have a limited
number of verbs and objects. V-COCO (Gupta and
Malik, 2015) and ImSitu (Yatskar et al., 2016) both
includes verbs but do not provide negatives for a
controlled evaluation of verb (or noun) understand-
ing. Finally, other work has explored how creating
hard negatives (e.g., by substituting words in train
examples) leads to better test performance (Gupta
et al., 2020; Hendricks et al., 2018; Faghri et al.,
2017). In contrast, our work focuses on creating
hard evaluation examples to probe learned repre-
sentations.

In summary, SVO-Probes is unique as it tests
understanding of a broad range of verbs as well as
subjects and objects in a controlled way. Further-
more, our dataset includes image–sentence pairs;
thus, it can be used to evaluate image–language
transformers that process image–sentence pairs. Fi-
nally, SVO-Probes is designed as a zero-shot task
to evaluate pretrained image–language transform-
ers and is collected to have a similar distribution to
Conceptual Captions which is commonly used in
pretraining these models. See Table 1 for a com-
parison between SVO-Probes and other datasets.

3 Task Setup and Dataset Collection

Our goal is to examine verb-understanding in pre-
trained multimodal transformers. To do so, we
need a task that requires an understanding of a
given verb in a sentence, e.g., a model cannot suc-
ceed at the task by relying on nouns. We also need
to include a diverse set of verbs, and examine each
verb in at least a few situations. To test the pre-
trained representations, we need to examine the
models in a zero-shot setting (without fine-tuning).

Inspired by the FOIL setup (Shekhar et al., 2017),
we use a zero-shot classification task where a model
is asked to identify if a sentence and an image corre-

spond to each other. As a result, we need a dataset
that provides “match” or “not match” labels be-
tween images and sentences. We collect a dataset
of image–sentence pairs (SVO-Probes) that given
a sentence, provides such labels for at least two
images.1 Some of these images are positive ex-
amples, i.e., the sentence correctly describes them.
Others are negative examples where some aspect of
the sentence (e.g., verb) does not match the image.
Figure 1 shows some examples from our dataset.

We systematically collect negative examples
such that they only differ from the positive image
with respect to the subject, verb, or object of the
sentence. Finally, we consider sentences whose
subjects, verbs, and objects are frequent in the Con-
ceptual Captions (CC) training dataset. Since CC
is the dataset most frequently used for pretraining
multimodal transformers, we can examine what the
pretrained representations capture (in contrast to ex-
amining these models’ generalization ability). We
next describe our pipeline to create SVO-Probes.

Creating a verb list. To ensure that we have a
large number of verbs in our dataset, we first cre-
ated a verb list by considering a subset of verbs
that occur in the train split of the Conceptual Cap-
tions dataset (CC-train). More specifically, we con-
sider verbs that are visually recognizable in the
images; to identify the visual verbs, we use the
imSitu dataset (Yatskar et al., 2016) that includes
verbs that annotators marked as reliably recogniz-
able. Moreover, we include verbs that occur at least
50 times in CC-train.

Curating triplets. Given a positive example, we
need to systematically generate negatives by re-
placing the subject, verb, or the object. As a result,
we collect a set of 〈subject, verb, object〉 (SVO)
triplets from CC-train sentences for our verbs. We
extract the subject, verb, and direct object from the
dependency parse trees. and remove triplets where
subjects or objects are pronouns or have less than
two characters. Finally, we discard SVO triplets
with frequency smaller than five.

We consider three negative types for a given
triplet: a subject-, verb-, or object-negative where
respectively, the subject, verb, or object in the
triplet are replaced by a different word. For ex-
ample, given the triplet 〈girl, lie, grass〉, exam-
ples of subject-negative, verb-negative, and object-

1We note that our dataset is limited to English sentences;
we simply use “sentences” to refer to English sentences.
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negative are 〈puppy, lie, grass〉, 〈girl, sit, grass〉,
and 〈girl, lie, beach〉.

Since our goal is to examine verb understanding,
we only keep the triplets that have at least one verb
negative. This enables us to evaluate a model’s
capacity in distinguishing images that mainly differ
with respect to the verb; for example, 〈girl, lie,
grass〉 vs. 〈girl, sit, grass〉. Adding this constraint
results in 11230 SVO triplets and 421 verbs. In this
set, 1840 SVO triplets (and 53 verbs) have at least
two verb and object negatives.

Collecting images. The next step is collecting
images that match the curated SVO triplets. We
query for SVO triplets using the Google Image
Search API. We retrieve 5 images for each triplet,
then remove any images with urls in Conceptual
Captions. To make sure that these automatically-
retrieved images certainly match the triplets, we
set up an annotation task where we ask workers on
Amazon Mechanical Turk (AMT) to verify if the
subject, verb, and object are present in the image.
We ask three people to annotate each image, and
only keep images where at least two annotators
agree that the subject, verb, and object are depicted
in the image. Moreover, we discard images marked
as a cartoon by annotators. We find that 58% of
our images pass this initial annotation process. We
pay workers $0.04 per HIT for all tasks.

Collecting sentences. Multimodal transformer
models are trained on pairs of images and sen-
tences; to evaluate them, we require image–
sentence pairs as opposed to image–SVO pairs.
Given an image and an SVO triplet, we next ask an-
notators to write a sentence that uses all the words
in the triplet and describes the image. For example,
as shown in Figure 1 top right, given the triplet
〈man, jump, sea〉, an annotator might write “A man
is jumping into the sea.”. We ask annotators to
refrain from writing additional information to en-
sure that a collected sentence examines the words
in the SVO (as opposed to words that we are not
controlling for). Annotators are given the option to
not write a sentence if they do not think the subject,
verb, and object can be combined into a grammati-
cal sentence that describes the image. 86% of our
images pass this phase of our pipeline.

We observe that for a given SVO, different im-
ages elicit slightly different sentences. For example,
the triplet 〈person, jog, beach〉 resulted in the sen-
tences “A person jogging along the beach.” and “A

person jogs at the beach.”. Additionally, annotators
pluralize nouns to ensure the sentence describes
the image (e.g., Figure 1 top left, the subject “child”
is written as “children” in the sentence).

Confirming the negative image. Finally, given
a positive triplet (e.g., 〈girl, lie, grass〉) and its nega-
tive (e.g., 〈girl, sit, grass〉), we need to confirm that
the positive’s sentence does not match the image
retrieved for the negative triplet. To do so, we ask
three annotators to select which images (positive,
negative, neither, or both) match a given sentence.
Image–sentence pairs where two out of three anno-
tators agree are accepted into our dataset; 68% of
the pairs pass this final annotation stage.

4 Experimental Setup and Results

We investigate if current image–language trans-
formers can relate different aspects of language
(and in particular verbs) to images by evaluating
these models against both FOIL and SVO-Probes.
More specifically, we evaluate a few architectural
variations of image–language transformer models
(based on the implementation of the models by
Hendricks et al., 2021) that differ in their choice
of multimodal attention and loss functions; this
way we can examine whether our findings are sen-
sitive to these slight differences. The base multi-
modal transformer (MMT) closely replicates the
ViLBERT architecture (Lu et al., 2019): this model
includes three loss functions, masked language
modeling (MLM) and masked region modeling
(MRM) losses on the language and image inputs
and an image–text matching (ITM) loss that classi-
fies if an image–sentence pair match. Importantly,
the multimodal attention of MMT is similar to the
hierarchical co-attention in Lu et al. (2016b) where
each modality (i.e., image or language) attends
only to the other modality. More specifically, in
the multimodal self-attention layer of transformer
(Vaswani et al., 2017), for queries on the language
input, keys and values are taken from images and
vice versa.

Different interactions of image (language)
queries, keys, and values in multimodal self-
attention results in variations of image–language
transformers. We describe the model variations we
study in Table 2. We also consider models that
either lack the MLM or MRM loss. Models are pre-
trained on Conceptual Captions (CC) unless stated
otherwise. For reference, we report the Recall@1
performance on the zero-shot image-retrieval task
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Name Multimodal Attention Similar Model MLM MRM ZS Flickr

MMT Queries from L (I) take values and keys from only I (L) ViLBERT; LXMERT 3 3 41.9
Merged–MMT Queries from L (I) take values and keys from both L and I UNITER 3 3 40.0
Lang–MMT Queries are only from L (Hendricks et al., 2021) 3 3 33.6
Image–MMT Queries are only from I (Hendricks et al., 2021) 3 3 31.6
SMT Single-Modality Transformers without multimodal attention 3 3 16.9
No-MRM–MMT The same as MMT 3 7 41.1
No-MLM–MMT The same as MMT 7 3 20.2

Table 2: Different variants of the image–language transformer architecture we test. L and I stand for language and
image, respectively. We note that models with Merged attention (like UNITER) are also referred to as single-stream
models. ViLBERT: Lu et al. (2019); LXMERT: Tan and Bansal (2019); UNITER: Chen et al. (2020)

on Flickr (ZS Flickr), where a model must retrieve
an image from the Flickr dataset (Young et al.,
2014) that matches an input sentence. Since MMT
performs best on ZS Flickr, we do most of our
experiments on this model unless stated otherwise.

We first evaluate our image–language transform-
ers on FOIL to examine their noun understanding
and then test them on SVO-Probes which probes for
subject, verb, and object understanding in learned
representations. Following FOIL, we report the
accuracy on positive and negative pairs. All our
models have an image-text classification output
used in pretraining to align images and sentences.
We calculate accuracy by passing images through
our models and labeling an image–sentence pair
as negative if the classifier output is < 0.5 and
positive otherwise. We report the average over the
two pairs (see Avg columns in Tables 3 and 4) by
weighting them equally, since we expect models to
perform well on both positive and negative pairs. In
FOIL, there are equal positive and negative pairs.

Another possible way to set-up our evaluations is
as image-retrieval (reporting recall@1 as a metric).
However, the retrieval setting does not highlight
the difference in performance between positive and
negative pairs. For example, a model might rank
the pairs correctly even when their scores are very
close (positive score is 0.91 and negative one is
0.9). In this example, the model is wrong about
the negative pair (it is assigned a high score) but
the retrieval setting does not capture this. However,
the classification metric will penalize the model
for assigning a high score to a negative pair. As a
result, the classification metric better differentiates
between the models by examining if they correctly
label both the positive and negative pairs.

4.1 Evaluating Nouns with FOIL

We examine noun understanding in image–
language transformers with the FOIL dataset

(Shekhar et al., 2017). Given image–sentence pairs
from FOIL, we evaluate the MMT model in a zero-
shot setting by using it to classify if the image
and sentence match. Table 3 compares MMT with
the best model from the FOIL paper (HieCoAtt
Shekhar et al., 2017) and, to our knowledge, the
best-performing model on the task without using
ground-truth annotations (Freq+MM-LSTM from
Madhyastha et al., 2018). Note that these models
are trained specifically for the FOIL task (i.e., on
the train split of FOIL), whereas the MMT model
(pretrained on CC) is tested in a zero-shot setting.

MMT achieves an accuracy considerably worse
than the best models on FOIL (Shekhar et al., 2017;
Madhyastha et al., 2018) on all pairs; this is sur-
prising given that image–language transformers
achieve state-of-the-art results on zero-shot image
retrieval tasks based on Flickr (Young et al., 2014)
and MSCOCO (Chen et al., 2015). In particu-
lar, MMT overpredicts that image–sentence pairs
match, resulting in the highest accuracy on the pos-
itive pairs (99.0) but the lowest on negative pairs
(11.8). Thus MMT cannot distinguish between
sentences that only differ with respect to nouns.

We investigate whether this poor performance of
MMT is due to mismatch between the pretraining
(i.e., CC) and FOIL test (i.e., MSCOCO) datasets.
Thus, we compare our MMT model pretrained
on Conceptual Captions with one pretrained on
MSCOCO (MMT-COCO). As expected, MMT-
COCO has considerably higher performance on
all pairs (compare to MMT); however, the accu-
racy is still significantly higher on positive pairs
than negative ones, showing that the model overpre-
dicts that image–sentence pairs match. Our result
shows that despite their impressive performance
on downstream tasks, image–language transformer
models perform poorly in distinguishing between
semantically similar sentences. Next we examine
how well these models perform on our proposed
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Model Avg Pos. Neg.

HieCoAtt* 64.1 91.9 36.4
Freq + MM-LSTM † 87.9 86.7 89.0

MMT 55.4 99.0 11.8
MMT-COCO 72.0 95.0 49.0

Table 3: Performance on FOIL averaged over all (Avg),
positive (Pos.), and negative (Neg.) pairs. *Shekhar
et al. (2017); †Madhyastha et al. (2018).

probing dataset which is designed to have a similar
vocabulary to the CC pretraining dataset.

4.2 Comparing Models on SVO-Probes

We evaluate all models (see Table 2) on SVO-
Probes and report overall accuracy and accuracy
for subject, verb, and object negatives in Table 4.

The MMT model (with the best performance on
ZS Flickr) performs poorly on SVO-Probes, achiev-
ing an overall average accuracy of 64.3. The best
overall average accuracy (No-MRM–MMT; 69.5)
shows that SVO-Probes is challenging for image–
language transformers. In particular, models strug-
gle with classifying negative pairs; Lang–MMT
achieves the highest accuracy over negative pairs
(56) which is slightly higher than chance at 50. 2

Though No-MRM–MMT and MMT perform
similarly on ZS Flickr, No-MRM–MMT performs
better on SVO-Probes. This suggests that the
masked region modelling loss is not needed for
good performance on ZS Flickr; also, it impedes the
model from learning fine-grained representations
needed to perform well on SVO-Probes. More sur-
prisingly, Lang–MMT, which performs worse on
ZS Flickr than MMT, outperforms MMT on SVO-
Probes. The image representations in Lang–MMT
are not updated with an attention mechanism. In
Sec. 4.4, we explore if the stronger attention mech-
anism in MMT leads to overfitting of the training
images and thus weaker performance.

We crafted SVO-Probes such that it includes
words from the pretraining dataset of image–
language transformers (i.e., CC), whereas FOIL
is collected from MSCOCO. Comparing the per-
formance of MMT (with CC pretraining) on FOIL

2We focus on image–language transformers, but we also
tested a baseline model where image features are embedded
with the detector used in our transformers and language fea-
tures with BERT. Features are pooled using element-wise
multiplication. This baseline achieves 66.3% accuracy overall
with 75.4% and 57.3% accuracy on positives and negatives.
Similar to transformers, performance on verbs is the worst.

and SVO-Probes (55.4 in Table 3 vs. 64.3 in Ta-
ble 4), we see that the domain mismatch between
pretraining and test data plays a role in MMT’s
performance. Interestingly, comparing the perfor-
mance of MMT-COCO (MMT with COCO pre-
training) on FOIL to MMT (with CC pretraining)
on SVO-Probes, we find that SVO-Probes is more
challenging than FOIL when there is no domain
mismatch (72.0 in Table 3 vs. 64.3 in Table 4).

When comparing different negative types across
all models, we observe that verbs are harder than
subjects and objects; compare average accuracy for
Subj., Verb, and Obj. Negative columns in Table 4.
For example, in MMT, the subject and object neg-
ative average accuracies (67.0 and 73.4) are con-
siderably higher than the average accuracy for verb
negatives (60.8). Moreover, when breaking down
the accuracies for positive and negative pairs (Pos.
and Neg. columns in Table 4), we observe that
the accuracies of positive pairs are similar (ranging
between 80.2 and 94.4) across all models except
SMT (which performs close to chance); however,
for negative pairs, there is more variation in accu-
racy across models especially for verb negatives
(ranging between 22.4 and 54.6, Neg. columns
under “Verb Negative”). These results show that
negative pairs are better than positive ones in dis-
tinguishing between different model architectures.

We also find that subjects are harder than objects
across all models (when comparing average accu-
racies of subject and object negatives). To better
understand this result, we examined 21 nouns that
occur both as subjects and objects in SVO-Probes’
sentences. Interestingly, over these 21 nouns, for
our MMT model, the accuracies of negative pairs
are 42.9 and 56.4 for subject and object negatives,
respectively. This suggests that the subject posi-
tion might be more challenging than the object one
which we further explore in Sec. 4.3.

4.3 Accuracy and Frequency at Training

Our overall results on SVO-Probes (Table 4) show
that for image–language transformers, verb nega-
tives are more challenging than subject and object
ones, and also subject negatives are harder than
object ones. We examine if this observation is due
to properties of SVO-Probes as opposed to differ-
ences specific to subjects, verbs, and objects. First,
we explore whether the frequency of SVO triplets
in pretraining data impacts the accuracy of negative
pairs in our MMT model. We focus on negative
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Overall Subj. Negative Verb Negative Obj. Negative
Avg Pos. Neg. Avg Pos. Neg. Avg Pos. Neg. Avg Pos. Neg.

# Examples 48k 12k 36k 8k 3k 5k 34k 11k 23k 11k 3k 8k

MMT 64.3 93.8 34.8 67.0 94.4 39.5 60.8 93.8 27.8 73.4 94.4 52.4
Merged–MMT 64.7 94.4 35.0 69.1 94.9 43.2 60.7 94.4 27.0 74.1 94.9 53.3
Lang–MMT 68.1 80.2 56.0 71.5 82.1 60.9 64.5 80.2 48.9 77.7 81.4 74.1
Image–MMT 64.3 91.6 37.0 68.2 92.1 44.2 59.7 91.6 27.8 75.6 91.5 59.6
SMT 52.4 49.1 55.6 52.6 47.7 57.5 51.8 49.1 54.6 53.9 50.7 57.0
No-MRM–MMT 69.5 85.4 53.7 73.5 87.4 59.7 65.5 85.6 45.5 80.1 86.2 74.1
No-MLM–MMT 60.8 92.3 29.3 64.8 93.9 35.8 57.4 92.5 22.4 69.5 93.6 45.5

Table 4: Results on SVO-Probes on different models for subject, verb, and object negatives. Best results are shown
in bold; second best results are italicized.

Figure 2: Accuracy of negative pairs for subject, verb,
and object negatives given SVO frequencies in CC.

pairs as there is more variation in negative-pair ac-
curacies across both models as well as subject, verb,
and object negatives. We consider the frequency of
positive and negative SVO triplets: a positive SVO
corresponds to a positive image matching a given
sentence, but a negative SVO and its extracted neg-
ative image do not match the sentence.

We group SVOs based on their frequency in CC-
train into low (less than 10), medium (between 10-
200), and high (greater than 200) frequency bins.
Fig. 2 plots the negative-pair accuracy for subject,
verb, and objects across these different frequency
bins over positive and negative SVO frequencies.
We confirm that our result on the difficulty of neg-
ative types does not depend on the frequency of
positive or negative SVOs in pretraining data. In
both plots of Fig. 2, the negative types in order of
difficulty (lower accuracy) are verbs, subjects, and
objects independent of the frequency bin.

Similarity between SVOs. We examine if the
similarity between the SVO triplets corresponding

to the negative and positive images can explain
the difference in performance of subject, verb, and
object negatives. For example, we expect that dis-
tinguishing 〈child, cross, street〉 and 〈adult, cross,
street〉 to be harder than differentiating one of them
from 〈dog, cross, street〉: “child” and “adult” are
more similar to each other than to “dog”. To test
this, we measure the similarity between subjects,
verbs, and objects in their corresponding negative
types using the cosine similarity between word2vec
(Mikolov et al., 2013) embeddings.

The average similarities between subjects, verbs,
and objects are 0.49, 0.29, 0.27, respectively. Thus,
subject words in negative examples tend to be more
similar than object words. Furthermore, we find
that there is a small positive correlation (as mea-
sured by Spearman rank correlation) between SVO
similarity and classifier scores for negative pairs –
.264 and .277 for subjects and objects respectively
– suggesting that when SVOs corresponding to the
image and sentence are similar, the classifier tends
to assign a higher score (more positive) to the pair.
This partially explains why accuracy on subjects
is lower than on objects in Table 4. Even though
verb negatives are harder for our model, the simi-
larity for verb negatives is similar to that of object
negatives. The correlation coefficient between simi-
larity and classifier score is weaker (.145) for verbs,
suggesting that word similarity factors less in how
well the model classifies verb negatives.

4.4 Similarity to Pretraining Data

We next consider the similarity between images
in SVO-Probes and CC. To measure the similarity
between images, we sample 1 million images from
CC. For each image in SVO-Probes, we find the 10
nearest neighbors in the feature embedding space
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Figure 3: Comparing negative scores on MMT and
Lang–MMT for images less or more similar to CC.

of CC, and average the distance to compute a simi-
larity score for the image. Figure 3 plots the aver-
age score from our classifier for negative pairs with
images that are less or more similar to the pretrain-
ing data (since we are classifying negative pairs,
the lower score the better). We compare the MMT
and Lang–MMT models since they have consider-
ably different performance on SVO-Probes and ZS
Flickr. The difference in average scores between
less similar and more similar examples for MMT is
0.083. This is noticeably greater than the difference
in average scores between less and more similar
examples for Lang–MMT (0.024), suggesting that
the image similarity influences Lang–MMT less
than MMT. One hypothesis is that the stronger at-
tention mechanism in MMT overfits to the training
images which makes the MMT model less robust.

4.5 The Choice of Pretraining Dataset

In Sec. 4.2, we observe that models perform particu-
larly poorly in classifying negative pairs. We inves-
tigate whether the choice of pretraining dataset im-
pacts this observation. Conceptual Captions (CC),
the most-common pretraining dataset for image–
language transformers, is curated by scraping im-
ages and alt-text captions from the web. As a re-
sult, compared to manually-annotated datasets such
as MSCOCO, CC is noisy – it contains examples
where the sentence and its corresponding image
do not completely align. For example, a sentence
can mention objects that are not in the image or, in
extreme cases, does not describe the image at all.

We hypothesize that image–language transform-
ers treat correspondences due to dataset noise as
“real” relations; in other words, they learn that if
a image–sentence pair is somewhat semantically
related, it should be classified as a positive match,
even if some aspects of the sentence do not de-
scribe the image. At the same time, we can think of
negatives in SVO-Probes as examples with noisy

Overall Neg. Acc.
Train Avg. Pos. Neg. S V O

CC 64.3 93.8 34.8 39.5 27.8 52.4
COCO 68.0 75.2 60.9 66.0 55.5 73.4

Table 5: Comparing performance when training our
MMT model on COCO and CC.

correspondences where a specific aspect of a sen-
tence (e.g., the verb) does not match the image. We
compare our MMT model (with CC pretraining) to
one trained on a manually-annotated and less noisy
dataset, MSCOCO (referred to as MMT-COCO).

Table 5 reports the overall accuracy of the
two models on SVO-Probes as well as a break-
down over subject, verb, and object negatives for
negative-pair accuracies. MMT-COCO performs
better than MMT pretrained on CC (avg. accuracy
of 68 vs 64.3). This is surprising since MMT-
COCO has a different image and language distribu-
tion in its pretraining dataset. The accuracy of pos-
itive pairs in MMT-COCO is considerably lower
than MMT while it performs noticeably better for
negative pairs: unlike MMT, the MMT-COCO
model does not overpredict that image–sentence
pairs match. Our results show the image–language
transformers are not robust to dataset noise. Less-
noisy datasets (such as MSCOCO), despite their
small size and domain mismatch, are more suitable
for learning representations that are sensitive to
finer-grained differences in images. Alternatively,
models which are more robust to noise in datasets
could be beneficial for tasks like ours.

4.6 Which Verbs Are the Hardest?

We investigate which verbs are hardest for MMT.
We consider verbs with many examples in SVO-
Probes: we keep SVO triplets with at least 30 nega-
tive images, resulting in a set of 147 verbs and 887
SVO triplets across 4, 843 images. Table 6 lists the
easiest and hardest verbs (with highest and lowest
accuracy for negative pairs) for the MMT model.
Easy and hard verbs have a diverse set of properties;
for example, easy verbs include sporting activities
like “tackle” as well as verbs like “lead” that occurs
in a variety of contexts. We also examine the 20
most difficult and easiest verbs for all our models
(described in Table 2). Most difficult verbs for all
models include: “cut”, “argue”, and“break” and the
easiest ones include: “direct”, “battle”, “surround”,
“skate”, and “participate”.
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Easy Hard

tackle, reach, arrive, pitch, argue, beat, break,

accept, congratulate, lead, burn, buy, cast, comb,

present, celebrate, attend crash, cut, decorate

Table 6: Hard and easy verbs for our MMT model

We test if verbs that occur in both SVO-Probes
and imSitu are easier for our model to classify.
Verbs in imSitu are considered visual as the dataset
collection pipeline for imSitu includes an explicit
annotation step to determine if verbs are visual.
Surprisingly, we find verbs in imSitu are harder for
our MMT model. On closer inspection, some verbs
in our dataset but not in imSitu (e.g., “swim”) are
clearly visual. An interesting future direction is to
investigate which visual properties of a verb make
it harder or easier for image–language models to
learn.

5 Conclusions

Although image–language transformers achieve
impressive results on downstream tasks, previous
work suggests performance on these tasks can be
confounded by factors such as over-reliance on lan-
guage priors (Goyal et al., 2017). We collect a
dataset of image–sentence pairs to examine multi-
modal understanding by testing the ability of mod-
els to distinguish images that differ with respect to
subjects, verbs, and objects.

Our results show that image–language transform-
ers fail at identifying such fine-grained differences;
they incorrectly classify image–sentence pairs that
do not match. Surprisingly, a model trained on a
manually-annotated and smaller dataset does better
on our task, suggesting that models have trouble
ignoring noise in larger but automatically-curated
pretraining datasets. Additionally, verb understand-
ing is harder than subject or object understanding
across all models we study. This motivates the
need for researchers to not only examines models
on objects, but develop datasets and architectures
which allow for better verb understanding as well.
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Abstract

Law enforcement officers (LEOs) and the jus-
tice system employ NLP models for classify-
ing and triaging child exploitation cases due
to the textual communications between preda-
tors and victims. The usefulness of these
systems depend on the quality of data that
can be used for training. Data in the do-
main are scarce, sensitive, and emotionally tax-
ing for annotators. NLP researchers approx-
imate victimization conversations using tran-
scripts from internet stings performed by ei-
ther vigilantes or LEOs, with an implicit as-
sumption that vigilante or LEO conversations
represent the victimization process. Psychol-
ogy research, however, states that underage
victim chats differ from internet stings in goal
and modus operandi. We present a methodol-
ogy and observations from annotating a corpus
of victim, vigilante, and LEO conversations
with convicted predators with the goal of com-
paring these chats. The corpus is annotated
for stages and tactics of the victimization pro-
cess described within psychology research. As
predicted by psychological research, we found
significant differences in the three classes of
chats that are usually not taken into account in
chat classification.

1 Introduction

Child exploitation crimes have expanded over the
years to include a wide array of concerns including
sextortion (Kopeckỳ, 2017), sex trafficking (Diaz
and Panangadan, 2020), sexual solicitation (Briggs
et al., 2011), and deep fakes (Albahar and Almalki,
2019). NLP research in understanding these chats
is crucial because law enforcement agencies have
become overwhelmed with online cases; automated
systems are needed in order to sift through the avail-
able textual data and transcripts to improve case
triage through identification of criminal activity
(Inches and Crestani, 2012). In the past, automatic

systems have been developed for differentiating
predators from non-predators (Misra et al., 2019;
Pendar, 2007), predicting level of risk throughout
a conversation (Ringenberg et al., 2019), and flag-
ging predatory conversations (Kim et al., 2020;
McGhee et al., 2011; Zuo et al., 2018).

While the potential of NLP in the child exploita-
tion domain is substantial, the corpora used to train
these models is not always adequate. The data used
to train algorithms rely on internet sting operations
between an adult predator and a law enforcement
officer (LEO) (DeHart et al., 2017), or adult vigi-
lante (Black et al., 2015), impersonating a minor.
Psychology research, which serves as the founda-
tion for theory in the child exploitation domain,
suggests internet sting operations progress differ-
ently than traditional conversations in which an
adult seeks to victimize a child (DeHart et al., 2017;
Briggs et al., 2011; Bergen et al., 2013; Mitchell
et al., 2005). As a result, further research is needed
to assess the ways in which these corpora differ
and the potential impact the differences have on the
resulting models.

We investigate to what extent internet sting oper-
ations may be assumed to accurately approximate
child victimization. We focus on differences be-
tween sting participants and underage victims with
respect to the victimization process known as on-
line child grooming: the process an adult uses to
gain the trust of a minor for the purpose of sexual
fulfillment either online or in a physical meeting
(O’Connell, 2003).

According to Stede and Huang (2012), “the most
convincing evidence for the value of an annotation
task remains to be its direct contribution to the suc-
cess of one or more NLP applications” (p.92). This
work highlights the potential negative impact of
untested assumptions related to corpus composi-
tion in this domain. We also provide insights into
the annotation process which may help others as-
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sess corpora within child exploitation. Finally we
plan to release our code book, coinciding with this
paper, as an aid to future work.

2 Online Child Victimization as a Process

The victimization process by which an adult en-
tices a minor is referred to as grooming (O’Connell,
2003), and has been studied within the online
(Kloess et al., 2019; O’Connell, 2003) and physical
(Colton et al., 2010; Jackson et al., 2015) contexts
for decades (Kaufman et al., 1993; Lang and Fren-
zel, 1988; Leclerc and Tremblay, 2007). We seek
to understand the impact to NLP research. Thus,
we limited the scope of our investigation to the tex-
tual transcripts produced from the online grooming
process as originally defined by O’Connell (2003).

2.1 Characteristics of Online Grooming

Online grooming is the process an adult uses, on the
Internet, to entice a minor into a sexual scenario
(O’Connell, 2003). The process consists of six
transient stages which include friendship forming,
relationship forming, exclusivity, risk assessment,
sexual, and meeting (O’Connell, 2003; Gupta et al.,
2012). For a discussion of the grooming stages,
see O’Connell (2003); Whittle et al. (2013). The
process of grooming is not uniform; it ebbs and
flows (Gillespie, 2002) based on the goals of the
predator (Beauregard et al., 2012; Briggs et al.,
2011; Kloess et al., 2017) and feedback from the
victim (Wortley et al., 2019).

Common tactics used during online grooming in-
clude bragging (Aitken et al., 2018), compliments
(Kloess et al., 2019), fantasy enactment (Kloess
et al., 2019; Malesky Jr, 2007), coercion (Kloess
et al., 2019; Villacampa and Gómez, 2017), repeti-
tion (Kloess et al., 2017), and expression of vulner-
ability (Barber and Bettez, 2014). For a thorough
treatment on online grooming tactics, see Barber
and Bettez (2014); Kloess et al. (2019). Predators
use grooming tactics in order to further a goal or
progress the relationship with the minor (Beaure-
gard et al., 2012; Briggs et al., 2011; Kloess et al.,
2017; Wortley et al., 2019).

2.2 Corpora in Online Grooming

To understand how datasets and corpora are built
within the child exploitation domain, we per-
formed a systematic review of research on child
exploitation from January 2000 to March 2020.
We searched for peer-reviewed journal articles in

four databases: Medline, PubMed, PsychInfo, and
ERIC. In each database, we searched for the terms
online sexual grooming, online sexual solicitation,
child sexual abuse, and child molestation. Results
included applied NLP papers and psychology pa-
pers. Based on titles and abstracts, we selected
papers which met the following criteria: peer-
reviewed journal article, published in English, con-
tained adult groomer and underage victims, clear
online child grooming tactics component, and ar-
ticles with empirical focus. Articles which were
literature reviews or meta-analyses of grooming
were removed.

We identified a total of 32 articles. We ana-
lyzed the type of participants and the location of
the participants in the sample. Ten papers used
vigilante cases, 16 used underage victim cases, one
used interactions with LEO, and five contained a
mixture of participants. These datasets are prob-
lematic because they may not represent the phe-
nomenon being studied (Bowen, 2008; Hovy and
Lavid, 2010). A representative corpus would ide-
ally include the space of all participant types and be-
haviors (Bowen, 2008). However, transcripts from
these three groups may differ in length (Briggs
et al., 2011; Mitchell et al., 2005), motivation
(Briggs et al., 2011; Williams et al., 2013), and
modus operandi (Briggs et al., 2011; DeHart et al.,
2017; Williams et al., 2013). Additionally, the stud-
ies were done on participants from a wide range
of geographical jurisdictions including the United
States (Black et al., 2015), the United Kingdom
(Whittle et al., 2014), Sweden (Shannon, 2008),
Spain (de Santisteban et al., 2018), Israel (Katz,
2013), or multiple countries (Quayle et al., 2014).
This is problematic due to differences between
countries with respect to the age of consent, legal
ramifications, and social constructs surrounding
child sexual abuse.

Online grooming corpora are generally used
by ML researchers to identify specific grooming
stages (Cano et al., 2014; Gupta et al., 2012) and
classify conversations as predatory (Bogdanova
et al., 2012; McGhee et al., 2011). Methods for
identifying grooming tactics have included rule-
based systems (McGhee et al., 2011), naı̈ve bayes
(Bogdanova et al., 2012), support vector machines
(Gunawan et al., 2016), and more recently neu-
ral networks (Ebrahimi et al., 2016). Some of the
common features used for classifying grooming
conversations and stages include sentiment polarity
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(Bogdanova et al., 2012; Cano et al., 2014), psycho-
linguistic categories (Cano et al., 2014; Gupta et al.,
2012), and n-grams (Bogdanova et al., 2012).

2.3 Underage victims and internet stings:
Could they differ?

Internet sting datasets do not represent the underage
victimization process (Bergen et al., 2013; Briggs
et al., 2011; Chiang and Grant, 2019; DeHart et al.,
2017; Gijn-Grosvenor and Lamb, 2016; Mitchell
et al., 2005; Schneevogt et al., 2018; Winters et al.,
2017) as: 1) the type of predator caught in inter-
net stings versus real victimization cases is dif-
ferent (Briggs et al., 2011; Mitchell et al., 2005);
and 2) there are differences between the real vul-
nerabilities and reactions of at-risk minors versus
trained vigilantes and LEOs with a goal of gath-
ering evidence (Briggs et al., 2011; Chiang and
Grant, 2019; DeHart et al., 2017; Gijn-Grosvenor
and Lamb, 2016; Schneevogt et al., 2018; Williams
et al., 2013). The first is impactful for NLP re-
search because it affects the topics the predators
pursue and the progress of stages. For instance,
looking for sexually-charged language would likely
be more effective in internet-stings than in under-
age victim chats (Briggs et al., 2011). The second
is impactful because the data used to train algo-
rithms is not representative of successful grooming
techniques, especially if predators caught during
stings were not familiar with grooming tactics for
luring minors. These factors affect how openness
and directness of communication is used by law
enforcement and vigilantes in comparison to un-
derage victims (Briggs et al., 2011; Williams et al.,
2013).

Conversely, DeHart et al. (2017) found many
internet-based predators requested meetings with
victims. While more research is needed, empiri-
cal evidence shows the predators in internet stings
may be different enough to impact how the online
grooming process manifests (Briggs et al., 2011;
Mitchell et al., 2005).

Psychologists also posited several ways in which
the grooming process may differ in terms of modus
operandi. Briggs et al. (2011); DeHart et al. (2017);
Williams et al. (2013) claimed LEO, or vigilantes,
are more likely than victims to be open to online
sexual behavior and requests to meet (Briggs et al.,
2011; DeHart et al., 2017). Further, authors posit
LEOs or vigilantes differ with respect to search
criteria (DeHart et al., 2017), reaction to sexual

comments (Briggs et al., 2011; Williams et al.,
2013), specialized training (Briggs et al., 2011),
overt explicitness of profiles (Briggs et al., 2011),
and coercion (Chiang and Grant, 2019; Schneevogt
et al., 2018). Finally, vigilantes and LEO are lim-
ited in what they can say to secure an arrest, as
they are discouraged from initiating sexual con-
versation, contact, and arrangements of meetings
(Gijn-Grosvenor and Lamb, 2016). As a result,
LEOs and vigilantes may attempt to nudge conver-
sations in this direction (Williams et al., 2013).

Finally, Briggs et al. (2011) highlighted the im-
portance of the difference in goals between under-
age victims, vigilantes, and LEOs. Briggs et al.
(2011) noted vigilantes and LEOs have a goal of
collecting evidence and securing a quick arrest.
This results in shorter chats with faster progres-
sions and more pointed language than victim chats
(Briggs et al., 2011). In LEO and vigilante chats,
there was eagerness which is not reflective of ei-
ther the distrust or language used by at-risk teens
(Briggs et al., 2011).

3 Methodology

The annotation protocol described in the following
sections follows the annotation pipeline proposed
by Hovy and Lavid (2010). Based on research pre-
sented above, we hypothesize the greatest action-
able differences occur within the grooming stages
and grooming tactics actualized by underage vic-
tim, vigilante and LEO chats.

3.1 Corpus Composition: Data Subjects

A corpus is considered to be representative once
it is saturated (Bowen, 2008), such that all rele-
vant aspects of the phenomena are covered (Bowen,
2008; Hovy and Lavid, 2010) to the point of repeti-
tion or redundancy (Bowen, 2008). Per our assess-
ment of online grooming literature in the 2000s,
datasets in the predator domain consist of underage
victims, LEOs, and online vigilantes. As data in the
domain is difficult and time-consuming to acquire,
we are unable to construct a corpus which would
satisfy the saturation metric. However, we are able
to construct a small corpus which represents all
three participant types within the domain. We con-
structed a corpus of the three groups to ensure we
account for all participants. Our corpus consists of
60 chat transcripts representing an equal number
of participants from the three groups: 20 vigilantes,
20 underage victims, and 20 LEOs.
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3.2 Data Acquisition and Cleaning

Our data collection and data use practices adhere
to our Institutional Review Board (IRB) protocol.
Due to the sensitive nature of the data, we submit-
ted a full protocol review, which was approved. All
texts in the corpus had all images and identifying
information removed.

Underage victim and LEO transcripts were ob-
tained from local, state, and federal agencies within
the United States. While previous studies consisted
of transcripts from multiple countries (Bergen et al.,
2013; Quayle et al., 2014), we focused on tran-
scripts from a single country in order to minimize
confounding variables which could influence how
participants interact.

The vigilante conversations are publicly avail-
able through pervertedjustice.com, an organization
of adult vigilantes, trained to pose as minors online.
The vigilantes speak with predators and work with
LEOs to secure evidence for convictions. Over-
sight of these individuals is minimal (Williams
et al., 2013) and there is little information on their
website concerning the content of training for the
vigilantes. The chat transcripts are posted to the
Perverted Justice website following conviction.

One limitation we identified was incompleteness
of the data. Transcripts from LEOs rarely included
the full interaction between participants. Addition-
ally, vigilante conversations would occasionally ref-
erence a phone call which took place without mak-
ing the call transcript available. We also found that
some chats ended early when LEOs had enough
evidence. Other chats took place partway through
the interaction. Still others terminated when the
LEO switched to a different chat service.

Our mitigation for incomplete transcripts was
to request background information from the law
enforcement agencies. In the case of Perverted
Justice transcripts, case documents and transcript
summaries are often linked to the chats on the site.
This can be a helpful resource for identifying limi-
tations of individual transcripts.

3.3 Constructing the Initial Code Book

Tactics in our code book were deductively selected
from grooming stages and tactics which map to the
limitations discussed in Section 2.3.

The consensus from Section 2.3 was the groom-
ing process would be affected by participant
goals and investigator tactics (Bergen et al., 2013;
Williams et al., 2013). To capture these differences,

we considered all stages outlined by O’Connell
(2003). The stages included friendship forming, re-
lationship forming, exclusivity, sexual, risk assess-
ment, and meeting. Additionally, as we annotated
the stages, we noticed a possible divide between
the sexual stage and a non-consensual sexual stage
in which the victim, vigilante, or LEO indicated
discomfort or declined sexual advances.

We selected the grooming tactics to operational-
ize the limitations enumerated in Section 2.3. The
tactics are summarized in Table 1.
Openness to sexual comments/behavior. The
bragging and personal compliment tactics are
linked to sexual discussions within grooming (Bar-
ber and Bettez, 2014). Given LEOs respond to
sexual content in a more positive manner than at-
risk teens, we posit responses related to bragging
and personal compliments will differ. Roleplay is
how some predators act out fantasy, thus making it
applicable to assessing openness to sexual behavior
(Kloess et al., 2019). Finally, predators often ask
for jarring and explicit details about the victim’s
sexual past (Aitken et al., 2018) which an at-risk
teen might find uncomfortable.
Discussion of Meetings. Willingness is an assess-
ment of what a participant would consider doing
(Barber and Bettez, 2014). Often, this is associated
with discussions of the explicit activities a victim
would agree to perform in person.
Coercion. Coercion has been associated with dif-
ferences between internet stings and victim conver-
sations in the past, though they often point to more
overt forms of coercion (Chiang and Grant, 2019;
Schneevogt et al., 2018). We split the coercion
tactic into coercion and sexual violence to reflect
this distinction.
Naı̈ve and Young/Explicitness of Profile. Vul-
nerabilities are used by predators to evoke sympa-
thy (Barber and Bettez, 2014). The expression of
vulnerabilities by a non-predator may be a good
indicator that a sting is taking place, as we hy-
pothesize LEOs and vigilantes will over-emphasize
childhood problems. Further, willingness to send
images in chat to a stranger could also be an opera-
tionalization of naı̈vety to online dangers. We posit
LEOs and vigilantes are more likely to send such
pictures than real at-risk minors.
Initial Contact. While we could not find any
grooming tactics related to initial contact within
the literature, we posit differences in initial contact
can be captured by the grooming stages.
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Grooming Grooming
Characteristics Tactics
Openness to sexual Roleplay
comments/behavior Bragging

Sexual History
Personal Compliments

Discussion of Willingness
Meetings
Coercion Coercion

Sexual Violence
Naı̈ve/Explicitness Discussion of Images
of Profile Vulnerabilities (Neg. Life

Stories, Neg. Physical
Attributes)

Initial Contact Grooming Stages
Arrest Goal Age Difference

Reverse Power
Speed/Duration Media Progression

(Phone calls, Video Chat)

Table 1: Mapping of grooming characteristics to
grooming tactics in this paper.

Arrest Goal. We focused on what an LEO would
need to show that a law was broken. Stating the
age difference would indicate the predator knew
the victim was under 18. Reverse power is giving
the control of the situation to the other participant
(Barber and Bettez, 2014). We hypothesize there
may be differences with respect to reverse power
because the vigilantes and LEOs are unable to initi-
ate certain discussions (Gijn-Grosvenor and Lamb,
2016). Reverse power may be a way to influence
the discussion without explicitly initiating.
Speed/Duration. In typical grooming conversa-
tions, participants often switch chatting services
multiple times (Quayle et al., 2014). If conversa-
tions are shorter and faster in internet stings, we
posit there will be fewer forms of communication.
In addition to definitions for each of the tactics and
stages from literature, code books often include ex-
amples for each tactic (Bada et al., 2012; Kingsbury
et al., 2002; Stoyanov and Cardie, 2008) which help
to clarify the tactic without over-specifying (Hovy
and Lavid, 2010). In the code book we included
an initial set of examples for each tactic from the
psychology literature (2.1).

3.4 Annotator Selection

Grooming stages and tactics are difficult to anno-
tate, even for those experienced within the domain

(Gillespie, 2002). Recommendations of whether to
use domain experts or novices differs within NLP
literature (Hovy and Lavid, 2010). We used two
annotators: the first annotator is an expert within
the child exploitation domain while the second an-
notator was an undergraduate with low levels of
experience. Due to the multidisciplinary nature of
this domain, we decided to use a non-expert for the
second annotator to ensure our corpus was accessi-
ble to researchers with multiple backgrounds.

3.5 Annotator Training

Hovy and Lavid (2010) recommends providing a
reasonable amount of training in order to famil-
iarize the annotators with the task without over-
specifying the task. To accomplish this, the first
annotator gave the novice second annotator a short
overview of the child exploitation domain to help
bridge the gap between skill sets to improve align-
ment (Bayerl and Paul, 2011).

The first annotator also provided the second an-
notator with the initial code book to review. The
second annotator was able to ask clarifying ques-
tions about the grooming stages and tactics in the
code book.

Following familiarization with the codebook,
both annotators annotated a series of three training
chats. Since grooming participants do not use every
single grooming stage or tactic in chats, but rather a
subset that fits their goals (Beauregard et al., 2012;
Briggs et al., 2011; Kloess et al., 2017), annotating
three chats ensured exposure of the second anno-
tator to all of the stages and tactics in the code
book.

Simple agreement was used to calculate a base-
line of agreement on which to measure improve-
ment following training; the target agreement for
this study was 80% (Krippendorff, 2011). Per best
practices, the annotators met to discuss the training
round, answer questions from the second annotator,
and resolve inter-annotator disagreements (Hovy
and Lavid, 2010).

3.6 Annotation Procedures

3.6.1 Coding Rounds
We initially had six grooming stages and 14 groom-
ing tactics to annotate. Due to the expected com-
plexity of these tactics and stages, we originally
split the annotation task into three rounds. Follow-
ing the training round we re-split the task into four
rounds to reduce annotator fatigue in an annotation
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session (Bayerl et al., 2003).
One recommendation from this is to keep the

grain-size of stages or tactics consistent within a
single annotation round. In the first round of an-
notation we had a mixture of stages and tactics.
However, this made annotation difficult for two rea-
sons. The first reason was that grooming stages en-
compassed grooming tactics. For instance, within
the sexual stage a predator might use willingness
as a means to gauge interest and roleplay to nor-
malize sexual content. We found the difference in
granularity between grooming stages and tactics
made it difficult to context switch within the same
round. The second reason was that grooming stages
were complex and impermanent (Gillespie, 2002).
There were multiple examples and rules to remem-
ber with each grooming stage and changes between
grooming stage were often quick and overlapped,
making the annotation task complicated. Keeping
the number of tactics low made it easier to focus
on the stages.

3.6.2 Code Span Identification
The transient nature of grooming makes the begin-
ning and end of a grooming instance difficult to
identify (Gillespie, 2002). Known as code span,
challenges related to identification of the bound-
aries of an annotation are known issues within an-
notation literature (Bada et al., 2012; Stoyanov and
Cardie, 2008). To mitigate code span issues, we
allow partial membership to a tactic or stage to
facilitate discussion and identify span issues.

For this study, we defined partial membership
as (i) non-substantive statements made in reference
to a tactic or (ii) lines which do not meet the cri-
teria for a tactic but result in or from the tactic.
Full membership was defined as a line which was
representative of a tactic. For instance, if a victim
indicates their parents will be gone for the week-
end and the predator responds by asking if they
would like to meet, we would annotate the state-
ments about the meeting as having full membership
to the meeting stage. We would also annotate the
victim’s line about their parents as partial member-
ship because the message precipitated the meeting
discussion.

Based on annotating the corpora, we did not find
a noticeable difference in the code span of top-
ics between victim, vigilante, and LEO transcripts.
However, we did notice that for longer spans of sex-
ual tactics such as the sexual stage, sexual history,
and roleplay, the intensity and graphic content of

the messages would increase. We posit this was due
to the predators attempting to gradually sexualize
the conversation. Given that LEO and vigilantes
respond in a more positive manner that real victims
(Briggs et al., 2011; DeHart et al., 2017; Williams
et al., 2013), predators may use more graphic and
descriptive language when talking to vigilantes and
LEOs than real victims. Additionally, we noticed
real victims would end uncomfortable conversa-
tions more quickly and with more firm language
(e.g., “no” versus “idk”). Future research should
examine the change in graphical descriptions and
responses to them over time in transcripts.

3.6.3 Annotator Protocol and Process
We developed the following guidelines for the an-
notation process:

• Review the code book before each annotation
session.

• Annotation questions should be noted at the
time, and discussed between rounds.

• Questions should be directed towards the
first annotator and not external works or re-
searchers. Hovy and Lavid (2010) empha-
sized the issues which could arise from inex-
perienced annotators not knowing the correct
resource to ask for assistance. We mitigate
this by having the first annotator, with domain
experience, be the sole source of training.

• Annotators should label each round indepen-
dently; annotations do not depend on previous
rounds. We added this rule following the train-
ing session because the non-expert annotator
began to second-guess tactics and annotations
they felt should be related to one another.

• Coding session duration should be limited to
reduce fatigue (Bayerl et al., 2003). We lim-
ited coding sessions to a maximum of three
rounds in an annotation session.

• Each line may be annotated for multiple tac-
tics within the coding round. While limiting
annotations to one per tactic per round is de-
sirable (Bada et al., 2012), the complex and
transient nature of grooming results in multi-
ple tactics and stages manifesting at the same
time (Gillespie, 2002).

Using these guidelines and the finalized code
book, both annotators annotated six chat transcripts,
which represented 10% of the total number of
transcripts. Simple agreement was calculated and
found to be greater than the recommended 80%
for annotation tasks (Krippendorff, 2011). For the
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Group Total Lines M SD
Vigilante 28505 1425.25 1111.96
Victim 10469 523.45 742.74
LEO 5140 257.00 302.56

Table 2: Summary of corpus composition.

simple agreement calculation, we used the total
agreed upon annotations out of the total annota-
tions. For this study, we only took into account
full membership annotations as partial membership
annotations were created to facilitate discussion.
Future work, which incorporates the partial mem-
bership annotations into analysis, would require
additional agreement measures.

Differences following the agreement calculation
were each discussed and resolved through verbal
agreement.

Finally, the first annotator annotated the remain-
ing 51 chat conversations using the finalized code
book and above guidelines. Future work should use
two or greater annotators for the duration of annota-
tion (Bayerl and Paul, 2011). While using a single
annotator for the remainder of the annotation is a
limitation of this study, we sought to mitigate the
limitation by constructing and testing the finalized
code book using both annotators.

3.6.4 Comparing Victims, Vigilante, and
LEOs

Quantitative Analysis
To compare chat length, we used a one way anal-

ysis of variance between the three groups. Levene’s
F Test indicated unequal variance (F= 10.82, p <
.001). As a result, the Welch Test was performed
and showed a significant effect of participant type
on length of chat, Welch’s F(2, 57) = 10.587, p <
.001, ω = .52. We performed Post-hoc analysis
using the Games-Howell test due to the unequal
variance. The Games-Howell test indicated the
number of lines for a vigilante chat were signifi-
cantly different than the number of lines for LEO
(p < .001) and underage victims (p = .013).

. A χ2 test was conducted to examine the pres-
ence or lack of each tactic within chats in the three
groups. While the majority of chats contained all
stages, future work should assess differences in
presence and sequencing of grooming stages as
well.

When assumptions of a χ2 test could not be met,
a Fisher’s Exact test was conducted. Through χ2

tests, we found sexual history (χ2 = 10.40, df =

Vigilante Victim LE
Sexual History 95.0% 50.0% 75.0%
Willingness 85.0% 55.0% 25.0%
Phone Calls 75.0% 55.0% 25.0%
Age Difference 95.0% 35.0% 90.0%
Compliments 100.0% 65.0% 83.3%
Reverse Power 100.0% 75% 70%

Table 3: Occurrence of grooming tactics in vigilante,
victim, and LEO conversations.

2, p = .006), willingness (χ2 = 14.55, df =
2, p = .001), discussion of phone calls (χ2 =
10.15, df = 2, p = .006), and acknowledgement
of age difference (χ2 = 22.67, df = 2, p < .001)
were significantly different between participant
groups. Through Fisher’s Exact tests, we found
the use of personal compliments (p = 0.011) and
reverse power (p = 0.03) were significantly differ-
ent between participant groups. There were no sig-
nificant differences between the three groups with
respect to coercion, discussion of images, brag-
ging,discussion of video chatting, negative physi-
cal traits, negative life stories, roleplay, or sexual
violence.

The results of the χ2 and Fisher’s Exact tests are
summarized in Table 3.

Within the three groups, grooming tactics were
used the most in vigilante conversations. This was
consistent for all tactics in Table 3. Most conver-
sations with vigilantes included the use of all of
the tactics in Table 3. Willingness, discussion of
phone calls, and reverse power were used the least
in LEO chats. Sexual history, age difference, and
compliments were used the least in victim conver-
sations.

LEO conversations tended to be short and often
included a shift to talking in another app. Addi-
tionally, LEO responses to direct questions about
meeting and sexual activities tended to be vague
in comparison to vigilantes and real victims. The
vagueness of the LEO responses may have resulted
in the predator adjusting tactics.

We posit age difference and sexual history may
be used less frequently in victim conversations be-
cause the victims often already knew the predator.
The sexual history of the victim may already be
known by the predator. This is likely the case with
age difference as well. The victims and predators
often appeared aware of the age gap but would
not discuss it. In vigilante and LEO conversations,
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the conversations were with strangers. The partici-
pants would often give their age, sex, and location
towards the beginning of the chat.

We originally posited LEO and vigilante con-
versations would be similar. Both vigilante and
LEO groups consist of adults posing as children.
Additionally, both groups receive some level of
dedicated training on identifying predators. How-
ever, from Table 3 we see the groups differ in the
tactics used. Some of these differences may be the
result of the motivation of the LEO versus the vigi-
lante and some may be a result of the differences
in training. In the next section, we will discuss our
qualitative observations which may contribute to
differences in both how and how often the groom-
ing tactics were used.

Qualitative Analysis
In addition to the analysis of chat length and

tactic usage, we also qualitatively noted, and aggre-
gated, annotator observations on language and con-
versational differences between the three groups.
The differences we found between real victims and
internet stings were the result of the LEOs and
vigilantes attempting to make the predator state in-
tentions explicitly and avoid sexual situations or
meetings.

In many cases, individual lines taken out of con-
text would appear innocuous. For instance, it is
common for a predator to ask for images of a vic-
tim to get to know them and determine level of
attraction. However, based on this exchange alone,
it would not be possible to determine whether or
not one of the participants were a predator. In these
cases, LEOs and vigilantes would often ask clari-
fying questions to determine whether the request
was for sexual or non-sexual pictures. At times, the
LEOs or vigilantes would go as far as to describe
the clothing they were wearing, such as making ref-
erences to their pajamas, when the predator asked
for pictures. We observed this as a priming tech-
nique to prompt the user to ask for more graphic
images. Additionally, we found real victims were
more likely to provide images while vigilantes and
LEOs tended to ask clarifying questions around
image requests.

Furthermore, it is also common for a predator
to request images when attempting to determine if
the other participant is an LEO instead of a minor
(Kloess et al., 2019). In some cases, the predator
will demand pictures taken immediately to ensure
the participant is the person in the image.

From the chats we annotated, this appeared to
occur more frequently in predator and vigilante
chats than in underage victim chats. We hypothe-
size that the LEOs or vigilantes were being forward
in a manner that sparked suspicion in the predator.
Additionally, this was often triggered by another
tactic in which the officer or vigilante would say
they lied about their age in the profile and were
actually younger. Statements like this did not occur
in victim chats and seemed to cause suspicion and
trigger risk assessment questions from the predator.

We also found direct and indirect communica-
tion styles used by the predator affected the three
participant groups differently. Predators would of-
ten use expressions of vagueness about intentions
to avoid explicitly stating an interest in sex. Fur-
ther, we saw examples in which predators would
not refer to sexual body parts or sexual acts directly,
but instead would use euphemisms.

LEO and vigilantes would respond to vague re-
sponses about meetings, sexual intentions, and eu-
phemisms by repetitively asking the predator what
they meant or what they would do together. Addi-
tionally, the LEOs and vigilantes would act naı̈ve
and ask the predator to explain obvious references
to body parts or sexual innuendos. We did not see
this within underage victim chats. In real victim
chats, the predators appeared to do the majority
of the prompting related to sexual topics. We did
not see much evidence of victims asking preda-
tors what they would do when they met. However,
this was present in most vigilante and officer chats
where meetings were discussed.

The greatest disparities between vigilantes and
LEOs were within the willingness and phone call
tactics. willingness to assess whether or not the
vigilantes would engage in specific sexual activi-
ties during a physical meeting. In some instances,
predators would also use willingness to get the
other participant to agree to follow their instruc-
tions. We posit the difference in occurrence of
the willingness tactic may be due to the responses
given. Vigilantes and victims appear to respond
more positively to willingness questions whereas
LEOs tend to respond more vaguely. This may
lead the predator to adjust tactics when speaking to
LEOs.

Finally, LEOs and vigilantes used contrived
situations to avoid undesired interactions or un-
planned meetings with a predator. Such interac-
tions included roleplaying, sending sexual images,
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or watching sexual activity on a webcam. Exam-
ples of avoidances used for undesirable interac-
tions included an angry parent, a parent in the
room, homework, a broken phone or camera, a
broken internet connection, tiredness, or plans with
friends. Avoidances of meetings were generally
framed around other events preventing the meet-
ing. For instance, if a predator wanted to meet
the vigilante or LEO but the participant was not
ready, the vigilante or LEO would claim to have
family plans that were unavoidable. Avoidances
were rarely used by underage victims.

3.7 Iterative Changes to Corpus

Neutering is a common strategy to handle disagree-
ment and combine overlapping tactics, and refers
to collapsing two or more tactics together in a code
book (Hovy and Lavid, 2010). During the annota-
tion process, we chose to neuter two sets of tactics:
sexual stage and non-sexual stage; and relationship
forming and exclusivity.

As described in 3.5, we treated the sexual stage
and the non-consensual sexual stages as separate
stages during annotator training. Following train-
ing, we neutered the stages into a single stage as
the annotators often could not agree on what con-
stituted an implied denial of an advance. Future
research should investigate the possible presence
of a non-consensual sexual stage where the victim
implicitly or explicitly scorns advances.

Given the similarity between relationship form-
ing and exclusivity, we also neutered these stages
into a single stage. Relationship forming and ex-
clusivity revolve around the construction of foun-
dational trust between the predator and the victim
(O’Connell, 2003). While relationship forming
can be thought of as the day-to-day interactions,
exclusivity revolves around language to intensify
the relationship and isolate the victim from their
support system (O’Connell, 2003).

In addition to neutering tactics within the code
book, we added examples for each tactic. The origi-
nal stages and tactics in the literature were designed
from the perspective of the predator (Barber and
Bettez, 2014), kloess2017qualitative, O’Connell.
We annotated each of the tactics for all participants.
We found the way LEOs, vigilantes, and underage
victims used and responded to tactics differed from
the predator. For instance, the predators used ref-
erences to age difference to determine the level of
comfort of the victim while LEOs used age dif-

ference to ensure the predator explicitly acknowl-
edged the illegality of the solicitation. Further, un-
derage victims would sometimes reference the age
gap as a negative trait of themselves, almost as an
insecurity. Having examples of uses of the tactics
and stages by multiple types of participants helped
the second annotator to generalize the tactics to all
participants and not just predators.

4 Conclusion

NLP has contributed to research in the child ex-
ploitation domain by developing automated sys-
tems for detection of predators (Kim et al., 2020;
McGhee et al., 2011; Zuo et al., 2018) and partici-
pants (Pendar, 2007). However, the corpora used
for training the models are not representative of
the criminals or victims involved in actual child ex-
ploitation cases (Bergen et al., 2013; Briggs et al.,
2011; Chiang and Grant, 2019; DeHart et al., 2017;
Gijn-Grosvenor and Lamb, 2016; Mitchell et al.,
2005; Schneevogt et al., 2018; Winters et al., 2017).
We offered an overview of the problems within the
NLP corpora in the domain. We also discussed
the impact these problems have on representing
the online grooming process. Finally, we provided
our methodology and recommendations from anno-
tating a corpus of underage victim, vigilante, and
LEO conversations and showed that there are statis-
tical differences between the three groups. While
NLP research within the child exploitation domain
appears to be expanding, there is a need to ensure
that corpora are designed and annotated in such a
way that it contributes beneficial solutions.
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Abstract

Sentiment lexicons are instrumental for senti-
ment analysis. One can use a set of sentiment
words provided in a sentiment lexicon and a
lexicon-based classifier to perform sentiment
analysis. One major issue with this approach is
that many sentiment words (from the lexicon)
are domain dependent. That is, they may be
positive in some domains but negative in some
others. We refer to this problem as domain
polarity-changes of words from a sentiment
lexicon. Detecting such words and correcting
their sentiment for an application domain is
very important. In this paper, we propose a
graph-based technique to tackle this problem.
Experimental results show its effectiveness on
multiple datasets from different domains.

1 Introduction

Sentiment words, also called opinion/polar words,
are words that convey positive or negative sen-
timents (Pang and Lee, 2008). Such sentiment-
bearing words are usually pre-compiled as word
lists in a sentiment lexicon, which is instrumen-
tal as well as an important linguistic resource to
sentiment analysis (Liu, 2012). So far, numerous
studies about how to construct lexicons have been
reported, which will be discussed in Section 2.

Despite the fact that there is extensive research
on lexicon construction, limited work has been
done to solve the problem of identifying and han-
dling sentiment words in a given/constructed lex-
icon that have domain-dependent polarities. In
real-life applications, there are almost always some
sentiment words that express sentiments different
from their default polarities provided in a general-
purpose sentiment lexicon. For example, in the
lexicon compiled by Hu and Liu (2004), the word
“crush” is associated with a negative sentiment,
but it actually shows a positive opinion in domain

∗Work done while at University of Illinois at Chicago

blender because “crush” indicates that a blender
works well, e.g., in the sentence “it does crush the
ice!”. We call this problem domain polarity-change
of a word in a sentiment lexicon.

The polarity change of words plays a crucial role
in sentiment classification. As we will see in the
experiment section, without identifying and correct-
ing such domain dependent sentiment words, the
performance of sentiment classification could be
much poorer. Although some researchers have stud-
ied the domain-specific sentiment problem with
lexicons, their focuses are quite different and their
approaches are not suitable for our task. We will
discuss them further in the following sections.

Regarding sentiment classification, it is impor-
tant to note that our work mainly aims to help
lexicon-based approaches (Taboada et al., 2011).
It does not directly help machine-learning (ML)
or supervised learning approaches (Zhang et al.,
2018) because the domain-dependent polarities of
words are already reflected in the manually labeled
training data. Notice that for those ML approaches,
the manual annotation for each application domain
is required, which is a time-consuming and labor-
intensive task, and is thus hard to scale up. In many
real-world scenarios, lexicon-based approaches are
useful and could be a better alternative (Liu, 2012).

However, to effectively apply a sentiment lexi-
con to an application domain, the domain-polarity
change problem discussed above needs to be ad-
dressed. To this end, we propose a graph-based
approach named Domain-specific Sentiment Graph
(DSG) in Section 4. It works with three steps: (do-
main) sentiment word collection, (domain) senti-
ment correlation extraction, and graph construction
and inference. Experimental results show its ef-
fectiveness in detecting domain polarity-changed
words on multiple datasets. We will also see with
the detection of those words, a huge performance
gain can be achieved in sentiment classification.
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2 Related Work

This work concerns domain polarity changes of
words in lexicons. So we first discuss the works
related to sentiment lexicons, and then domain sen-
timent, and finally domain sentiment with lexicons.

Extensive studies have been done for sentiment
lexicons and the majority of them focus on lexicon
construction. These approaches can be generally
categorized as dictionary-based and corpus-based.

Dictionary-based approaches first used some sen-
timent seed words to bootstrap based on the syn-
onym and antonym structure of a dictionary (Hu
and Liu, 2004; Valitutti et al., 2004). Later on, more
sophisticated methods were proposed (Kim and
Hovy, 2004; Esuli and Sebastiani, 2005; Takamura
et al., 2007; Blair-Goldensohn et al., 2008; Rao
and Ravichandran, 2009; Mohammad et al., 2009;
Hassan and Radev, 2010; Dragut et al., 2010; Xu
et al., 2010; Peng and Park, 2011; Gatti and Guerini,
2012; San Vicente et al., 2014). Corpus-based ap-
proaches build lexicons by discovering sentiment
words in a large corpus. The first idea is to exploit
some coordinating conjunctions (Hatzivassiloglou
and McKeown, 1997; Hassan and Radev, 2010).
Kanayama and Nasukawa (2006) extended this ap-
proach by introducing inter-sentential sentiment
consistency. Other related work includes (Kamps
et al., 2004; Kaji and Kitsuregawa, 2006; Wang
et al., 2017). The second idea is to use syntactic re-
lations between opinion and aspect words (Zhuang
et al., 2006; Wang and Wang, 2008; Qiu et al., 2011;
Volkova et al., 2013). The third idea is to use word
co-occurrences for lexicon induction (Turney and
Littman, 2003; Igo and Riloff, 2009; Velikovich
et al., 2010; Yang et al., 2014; Rothe et al., 2016).

However, our work is very different as we focus
on detecting domain dependent sentiment words in
a given general-purpose sentiment lexicon.

Also related is the existing research about do-
main and context dependent sentiment. First, de-
spite the fact that several researchers have stud-
ied context dependent sentiment words, which are
based on sentences and topic/aspect context (Wil-
son et al., 2005; Ding et al., 2008; Choi and Cardie,
2008; Wu and Wen, 2010; Jijkoun et al., 2010; Lu
et al., 2011; Zhao et al., 2012; Kessler and Schütze,
2012; Teng et al., 2016; Wang et al., 2016, 2018a,b;
Li et al., 2018a), our work is based on domains.
Second, while the studies on transfer learning or
domain adaptation for sentiment analysis deal with
domain information (Bhatt et al., 2015; Yu and

Jiang, 2016; Li et al., 2018b), our work does not lie
in this direction. We do not have any source domain
and our goal is not to transfer domain knowledge
to another domain. Third, most importantly, the
above works are either irrelevant to lexicons or not
for detecting the sentiment discrepancy between a
lexicon and the application domain.

Our work is most related to the following stud-
ies that involve both sentiment lexicons and do-
main sentiment problems. Choi and Cardie (2009)
adapted the word-level polarities of a general-
purpose sentiment lexicon to a particular domain
by utilizing the expression-level polarities in that
domain. However, their work targeted at reasoning
the sentiment polarities of multi-word expressions.
It does not detect or revise the sentiment polarities
of individual words in the lexicon for a particular
domain, and hence, cannot solve our problem. Du
et al. (2010) studied the problem of adapting the
sentiment lexicon from one domain to another do-
main. It further assumes that the source domain has
a set of sentiment-labeled reviews. Their technique
is therefore more about transfer learning and their
learning settings differ from ours intrinsically. (Or-
tiz, 2017) designed a sentiment analysis application
that allows plugin lexicons (if users can provide
them) to help predict domain sentiment. It nei-
ther detects nor corrects domain polarity-changed
words. Perhaps, the most related work is (Hamil-
ton et al., 2016), which uses seed lexicon words,
word embeddings, and random walk to generate a
domain-specific lexicon. However, their model is
for lexicon construction in essence, by (its capa-
bility of) functioning on a domain-oriented corpus.
It does not aim to detect/change the sentiment po-
larity from a given lexicon. It is thus not directly
applicable to our task. To make it workable for our
task, we design a two-step approach, which will be
detailed in the experiment section (Section 5).

To the best of our knowledge, this is the first
study to detect domain polarity-changes of words
in a sentiment lexicon. We will further discuss why
this task is important and useful in Section 5.7.

3 Problem Definition

Given a general-purpose sentiment lexicon L
(which contains sentiment words and their default
polarities) and an application domain review cor-
pus D, the goal (or the task of detecting domain
polarity changes of words) is to identify a subset
of words in L that carry different sentiment polar-
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ities in that domain (different from their default
polarities), which we call domain polarity-changed
(lexical1) words and denote them as C (C ⊆ L).

4 Proposed Solution

To tackle the above problem, we propose a graph-
based learning approach named Domain-specific
Sentiment Graph (DSG). It works with three major
steps: (1) (domain) sentiment word collection, (2)
(domain) sentiment correlation extraction, and (3)
graph construction and inference.

Specifically, it first collects a set of mentioned
sentiment words S (L ⊆ S) in the domain corpus
D. It then mines multiple types of relationships
among sentiment words in S, which are denoted as
a relationship set R. The relationships are identi-
fied based on different types of linguistic connectiv-
ity. Next, it builds a probabilistic graph with each
node representing a sentiment word in S and each
edge representing a relation (from R) between two
words. An inference method is then applied to re-
estimate the domain-specific polarities (or beliefs)
of sentiment words. With the re-estimated beliefs
obtained in the application domain, those sentiment
words with changed polarities can be detected, by
measuring the sentiment shift of a lexical word be-
tween its induced (in-domain) sentiment belief and
its original (lexicon-based) polarity.

In this learning manner, the proposed approach
requires no prior knowledge or annotated data for
a particular domain. It is thus applicable to mul-
tiple/different domains. Intuitively, this approach
works based on two assumptions:

Assumption 1: Sentiment Consistency (Abel-
son, 1983; Liu, 2012): a sentiment expression tends
to be sentimentally coherent with its context. No-
tice that sentiment consistency can be reflected in
multiple types of conjunction like “and”, “or”, etc.,
which will be explained in Section 4.2. In fact,
this assumption is common in sentiment analysis
and has been used in many studies (Kanayama and
Nasukawa, 2006; Hassan and Radev, 2010)

Assumption 2: The number of domain polarity-
changed lexical words1 is much smaller than the
number of those (words) whose polarities do not
change. This assumption ensures that we can rely
on the general-purpose lexicon itself for detection1.
In other words, the real polarity of a sentiment word

1In this paper, we call the words in a given lexicon lexical
words for short. The term detection will generally stand for
the detection of domain polarity-changes of (lexical) words.

in a certain domain can be distilled by its connec-
tions with other (mostly polarity-unchanged) words
whose polarities are known from the lexicon.

4.1 Sentiment Word Collection
As the first step, DSG collects sentiment words in
an application domain corpus, including the senti-
ment words not present in a lexicon. Specifically,
we consider three types of (likely) sentiment words:
(1) The word appears in a given lexicon. (2) The
word is an adjective in the corpus. (3) The word is
an adverb in the corpus and has an adjective form.

We simply accept all lexical words and adjec-
tive words as (likely) sentiment words, which does
not cause serious problems in our experiments and
they were also commonly used in the literature (Liu,
2012). However, we impose constraints on select-
ing adverbs. While adverbs like “quickly” and
“nicely” do express sentiment, some others like
“very” and “often” may not function the same. We
thus use the adverbs having adjective forms only.

Notice that in the above setting, the sentiment
words not present in the lexicon are also collected
due to two reasons: first, they are useful for build-
ing connection among other lexical words for infer-
ence purposes. Suppose that “quick” is a sentiment
word (found because it is an adjective) and it is
not in the given lexicon. Given its sentiment corre-
lations with other words like “efficient and quick”
and “quiet and quick”, it can make a path between
“efficient” and “quiet” in the graph. Second, in each
domain there exist a number of sentiment words
uncovered by the given lexicon. Their inferred po-
larities can also benefit the graph reasoning process,
though those words are not the focus of detection in
this study (we aim at detecting the polarity change
of lexical words, i.e., words from a given lexicon).
For instance, if the non-lexical word “quick” is
identified as expressing positive sentiment (in the
application domain) , “efficient” and “quiet” are
more likely to be positive as well, given their in-
domain sentiment correlations. We follow (Das
and Chen, 2007; Pang and Lee, 2008) to handle the
negation problem, where a negation word phrase
like “not bad” will be treated as a single word like
“not bad” and its sentiment polarity will be reversed
accordingly. Finally, all extracted words are mod-
eled as nodes in the graph.

4.2 Sentiment Correlation Extraction
This step is to extract multiple types of conjunc-
tion relationship among sentiment words, which
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we refer to as sentiment correlation2. The key idea
here is to use the sentiment consistency (Abelson,
1983; Liu, 2012) (see Assumption 1) for relation-
ship construction among the collected sentiment
words from the above step. Specifically, in an appli-
cation domain, five types of sentiment correlation
are considered, each of which is presented in a
triple format, denoted as (word1, correlation type,
word2). They will be further used in the graph in-
ference process (discussed in the next sub-section).
Their definitions are shown in Table 1.

In each sentence, when a specific type of rela-
tionship between two (collected) sentiment words
is found, a triple is created. For instance, in the sen-
tence “it is efficient and quiet”, a triple (efficient,
AND, quiet) will be generated. The extraction of
OR sentiment correlation is similar toAND. Like-
wise, a specific BUT triple (powerful, BUT, noisy)
will be extracted from the sentence “it is a powerful
but noisy machine”. The extraction of ALT (ab-
breviation for although) is similar to BUT . NB
means two neighboring sentiment words occur in a
sentence, like “reasonably good”.

Notice that while five types of relationships are
jointly considered, they are associated with differ-
ent agreement levels (parameterized in the graph-
ical model discussed below). Here the agreement
level measures how likely the sentiment polarities
of two connecting words are the same. Intuitively,
we believeAND gives the highest-level agreement.
For instance, “bad and harmful” is very common
but “good and harmful” is much unlikely. It is also
an intuitive belief that BUT indicates the strongest
disagreement between two sentiment words. Note
that we only consider pairwise relationships be-
tween sentiment words in this study, which already
achieve reasonably good results, as we will see.

4.3 Graph Construction and Inference

This subsection presents how our proposed domain-
specific sentiment graph is used for detecting
polarity-changed words after the above two steps.

4.3.1 Constructing Markov Random Field
Markov Random Fields (MRFs) are a class of prob-
abilistic graphical models that can deal with the
inference problems with uncertainty in observed
data. An MRF works on an undirected graph G,
which is constructed by a set of vertexes/nodes V

2The term sentiment correlation used in this paper denotes
the correlation between two sentiment words in a domain,
which may not have to be the same as used in other studies.

and edges/links E and denoted as G = (V,E).
In the graph G, each node vi ∈ V denotes a ran-
dom variable and each edge (vi, vj) ∈ E denotes
a statistical dependency between node vi and node
vj . Formally, ψi(vi) and ψij(vi, vj) are defined
as two types of potential functions for encoding
the observation (or prior) of a node and the depen-
dency between two nodes, also called node poten-
tial and edge potential respectively. An MRF thus
can model a joint distribution for a set of random
variables and its aim is to infer the marginal distri-
bution for all vi ∈ V . With an inference method
used, the estimation of the marginal distribution of
a node can be obtained, which is also called belief.

The reason why we formulate our domain-
specific sentiment graph as an MRF is three-fold:
(1) The sentiment correlation between two words is
a mutual relationship, as one word wa can provide
useful sentiment information to the other word wb
and vice versa, which can be properly formulated
in an undirected graph. (2) From a probabilistic per-
spective, the polarity changes of sentiment words
can be naturally understood as the belief estima-
tion problem. That is, on one hand, we have an
initial belief about the polarity of a lexical word
(known from the lexicon, like the word “cold” is
generally negative), which is essentially the prior.
On the other hand, our goal is to infer the real po-
larity of a word in a specific application domain,
which is reflected in its final estimated belief (like
“cold” is positive in the domain fridge). Concretely,
the polarity of a sentiment word is modeled as a
2-dimensional vector, standing for the probability
distribution of positive and negative polarities, e.g.,
[0.9, 0.1] indicates that a word is very likely to ex-
press a positive sentiment in an application domain.
We can further use p as the parameter to simplify
the representation as [p, 1− p]. (3) Recall that mul-
tiple types of sentiment correlation are used and
treated differently in our proposed approach. These
typed sentiment correlations can be encoded in the
MRF model (will be further illustrated below).

4.3.2 Inference over Typed Correlation
As discussed above, the inference task in MRF is
to compute the marginal distribution (or posterior
probability) of each node given the node prior and
edge potentials. Efficient algorithms for exact infer-
ence like Belief Propagation (Pearl, 1982) are avail-
able for certain graph topologies, but for general
graphs involving cycles the exact inference is com-
putationally intractable. Approximate inference is
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Name Correlation Example Representation Agreement Level
AND connecting with “and” “it is efficient and quiet” (efficient, AND, quiet) Strongly Agree
OR connecting with “or” “everything as expected or better” (expected, OR, better) Agree
NB neighboring words “a reasonably quiet fridge” (reasonably, NB, quiet) Weakly Agree

ALT although, though “too noisy, though it is efficient” (noisy, ALT, efficient) Disagree
BUT but, however “it is a powerful but noisy machine” (powerful, BUT, noisy ) Strongly Disagree

Table 1: Five types of sentiment correlation.

thus needed. Loopy Belief Propagation (Murphy
et al., 1999) is such an approximate solution using
iterative message passing. A message from node i
to node j is based on all message from other nodes
to node i except node j itself. It works as:

mi→j(xj) = z
∑

xi∈S
ψi,j(xi, xj)ψi(xi)

∏

k∈N(i)\j
mk→i(xi)

(1)

where S denotes the possible states of a node, i.e.,
being a sentiment word with positive or negative
polarity. xj indicates that node j is in a certain state.
N(i) denotes the neighborhood of i, i.e., the other
nodes linking with node i. mi→j is known as the
message passing from node i to node j. z is the nor-
malization constant that makes message mi→j(xj)
proportional to the likelihood of the node j being
in state xj , given the evidence from i in its all pos-
sible states. After iterative message passing, the
final belief bi(xi) is estimated as:

bi(xi) = z′ψi(xi)
∏

k∈N(i)

mk→i(xi) (2)

where z′ is a normalization term that makes∑
xi
bi(xi) = 1. In this case, bi(xi) can be viewed

as the posterior probability of a sentiment word
being with positive or negative polarity.

However, notice that in the above setting, each
edge is not distinguishable in terms of its type of
sentiment correlation. In other words, each type
of possible connections between words is treated
intrinsically the same, which does not meet our
modeling requirements. In order to encode the
typed sentiment correlation as defined in previous
sections, we propose to replace the Eq. 1 with:

mi→j(xj) =z
∑

xi∈S

∑

ri,j∈R
ψi,j,ri,j (xi, xj)

ψi(xi)
∏

k∈N(i)\j
mk→i(xi),

(3)

where ri,j ∈ R indicates the specific type of senti-
ment correlation between node i and node j, which
can be any type like AND or NB as defined in
Section 4.2. ψi,j,ri,j (xi, xj) thus becomes an edge
potential function related to its sentiment correla-
tion type. Each type of a correlation is parameter-
ized as a (state) transition matrix shown in Table 2.

The five types of sentiment correlation therefore
result in five such tables/matrices but with different
ε being set. For example, ε with AND can be set
to 0.3 as it indicates the highest agreement level,
while the one with NB can be set to 0.1 as it is
regarded as weakly agreement. For BUT , ε can be
set to -0.3 as it shows strong disagreement.

State Positive Negative
Positive 0.5 + ε 0.5− ε
Negative 0.5− ε 0.5 + ε

Table 2: Transition/Propagation matrix.

For each word, with its estimated beliefs [b+, b−]
obtained in the application domain, its polarity
change score (pcs) is defined as:

pcs = I(l = +)b− + I(l = −)b+ (4)

where l denotes the original sentiment polarity of
a lexical word (known from the given lexicon),
and I(.) is an indicator function. According to the
resulting scores of all words, a word list ranked
by pcs is used to identify the most likely polarity-
changed sentiment words, e.g., one can select the
top n words or set a threshold for word extraction.
In this way, the sentiment words with changed po-
larities in an application domain can be detected.

4.4 An Illustrating Example for DSG

efficient good

quiet

quick

nice

cold

…

… …

… … …

…

…

…
…

…

…

…

Figure 1: DSG Example. The nodes in pink (or darkest
in grayscale) like “cold” represent the polarity-changed
words in a domain, while nodes in yellow (or light-
est) like “nice” indicate polarity-unchanged words, and
nodes in green like “quick” denote non-lexical words.

Figure 1 provides an example to illustrate how
DSG works in domain fridge. It shows a subgraph
with several nodes, such as “quick”, “nice”, and
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“cold”, representing the words extracted from step 1.
The links between them represent their sentiment
correlation as discussed in step 2. With the infer-
ence performed in step 3, “cold” is detected as a
polarity-changed word (e.g., with a high pcs value
0.9 inferred), where its sentiment information is
estimated by the (sentiment) message passing from
other nodes in the graph. Specifically, in the fridge
domain, through sentences like “looks nice and
quiet”, “it is quiet and cold”, and “nice to have a
quick cold beer or soda” (from the fridge), positive
sentiment is directly or indirectly propagated from
the words/nodes “nice”, “quiet”, “quick” to “cold”
with their (typed) connections. Therefore, while
“cold” was assigned a negative prior [0.0, 1.0] (by
default negative in the given lexicon), through the
in-domain sentiment inference its final estimated
belief becomes [0.9, 0.1], resulting a high pcs score
(psc = 0.9 by Eq. 4). “cold” is thus detected.

5 Experiments

We conducted experiments on multiple datasets
with several candidate solutions. Here we first com-
pare their performance on the word detection task.
Sentiment classification will then be another task
to evaluate their effect on polarity correction.

5.1 Experimental Setup

Dataset. Four real-world datasets from differ-
ent domains/products were used, namely, fridge,
blenders, washer, and movie. The first three
datasets contain review sentences of these products.
The fourth dataset (movie) consists of tweets from
Twitter discussing movies. All these datasets are
collected by us. The first dataset contains around
36,000 (36k) sentences, the second 16,000 (16k)
sentences, and the rest datasets 10,000 (10k). Their
sizes can be viewed as large, medium, and small.
Such product diversity and variable size settings
help evaluate the generality of each solution. Note
that only the text is used by all candidate models.

In addition, two other datasets from domains
drill and vacuum cleaner are used as development
sets for hyper-parameter selections. drill contains
76k and vacuum cleaner contains 9k sentences.
Sentiment Lexicon. We used a general-purpose
sentiment lexicon from (Hu and Liu, 2004), which
contains 2,006 positive and 4,783 negative lexi-
cal words. A candidate model will find polarity-
changed words from them for each domain/dataset.
Parameter Settings. The hyper-parameters of

state priors and the (typed) transition matrices in
DSG are shown in Table 3 and 4. They were empir-
ically set based on the word detection performance
on the two development datasets. We found this
parameter setting works generally well on both
datasets, while they are from different domains and
with different data sizes. The following reported re-
sults for evaluations are based on this setting and as
we will see, it already produces quite good results.

Prior Positive Non-lexical Words Negative
p in ψi(vi) 0.70 0.50 0.30

Table 3: Parameters of state prior.

Types AND OR NB ALT BUT
ε in ψi,j(vi, vj) 0.20 0.10 0.05 -0.10 -0.20

Table 4: Parameters of typed transition matrix.

5.2 Lexicon-based Sentiment Classifier
Our evaluations include lexicon-based sentiment
classification. We briefly illustrate how a lexicon-
based sentiment classifier (called classifier for
short) works here. Clearly, it works with a lexi-
con, from which each word is associated with a
sentiment score (e.g., -1/+1). The classifier then
calculates the sentiment score s of each sentence t
by summing the score of each word. We follow the
lexicon-based classifier design in (Taboada et al.,
2011), incorporating sentiment negation and inten-
sity. The sentence sentiment score s is calculated:

s =
∑

w∈t
negation(w) ∗ intensity(w) ∗ polarity(w) (5)

where w denotes a word in sentence t. A sentence
is classified as positive if the resulting score s is
greater than or equal to zero, otherwise negative.

Different lexicons working with this classifier
will generate different results. That is, even if their
lexical words are the same, the associated senti-
ment score of a lexical word could vary and Eq. 5
will thus make different predictions. This is how
we can utilize the classifier to verify the effect of
the word detection, because the classifier will per-
form differently using the original lexicon and the
modified lexicon, whose results can be compared
in a before-and-after manner. Here the modified
lexicon means the sentiment polarities of (detected)
lexical words are corrected from the original lexi-
con. For example, “crush” is associated with neg-
ative sentiment (-1) in the original lexicon, but it
could be associated with positive sentiment (+1) in

3662



the modified lexicon (if detected). So the sentence-
level sentiment scores will vary accordingly, e.g.,
“the machine does crush ice!” will be predicted as
a positive sentence with the modified lexicon.

5.3 Candidate Models

Original Lexicon (OL): This is a baseline for sen-
timent classification evaluations only (Section 5.5),
which uses the classifier with the original lexicon.
Domain-specific Sentiment Graph (DSG): This
is our proposed model introduced in the previous
sections. The following two models and DSG will
be used for both word detection and classification.
Lexicon-Classifier Inconsistency (LCI): This is a
heuristic solution to detecting the polarity-changed
sentiment words. It relies on the inconsistency be-
tween the sentiment of a lexical word (obtained
from the original lexicon) and the sentiment of the
sentences containing the word (induced by the clas-
sifier). Concretely, it first calculates the sentiment
polarities of all sentences using a classifier with the
original lexicon. With the polarities of sentences
known, it computes an inconsistency ratio for each
lexical word. The inconsistency ratio is the ratio
of (a) to (b), where (a) is the number of a word
appearing in the positive/negative sentences but the
word itself is negative/positive, and (b) is the num-
ber of all sentences covering that word. Finally, it
ranks all lexical words based on their ratio values
to produce a list of likely polarity-changed words.
SentProp (SP): SentProp (Hamilton et al., 2016)
is a lexicon construction algorithm concerning do-
main sentiment, which is the most related work
to ours. As discussed in Section 2, it is not di-
rectly applicable to the detection task. But since
it can generate a list of domain-specific sentiment
words and those words are associated with posi-
tive/negative scores (estimated by SentProp, which
can be treated as the in-domain beliefs like DSG),
we can design a two-step approach to achieve our
goal. First, we download3 and run the SentProp sys-
tem to learn the domain-specific lexicon for each
domain. Second, we calculate the polarity change
scores for all lexicon words like DSG based on
the learned domain-specific sentiment scores and
the original polarities from the lexicon using Eq. 4.
Similar to DSG, it produces a list of words ranked
by the polarity change scores (pcs). For its pa-
rameter selection, we tried both the system default,
following the code instruction and the original pa-

3https://nlp.stanford.edu/projects/socialsent/

per, and parameter fine-tuning based on the perfor-
mance on two development sets (same as DSG), so
as to achieve its best performance to report.

5.4 Correct Detection of Words
As each candidate model generates a list of words
ranked by polarity-change scores, those top-ranked
ones are the most likely polarity-changed words
and can be used as the detected words. For eval-
uation, the top-n words from each model are in-
spected and the number of correct (word) detection
is counted, which is denoted as #C@n in Table 5.

Specifically, two domain experts who are famil-
iar with the domain sentiments identify and anno-
tate the correct polarity-changed words from the
top-20 shortlisted candidate words generated by
each model. For each candidate word, we sampled
numbers of sentences containing that word for the
domain experts to judge. A candidate word needs
to be agreed upon by both of them to be correct.
Here the Cohen’s Kappa agreement score is 0.817.

Model #C@n fridge blender washer movie
#C@5 5 5 4 5

DSG #C@10 9 10 6 9
#C@20 12 15 12 15
#C@5 3 3 3 1

LCI #C@10 5 3 5 4
#C@20 5 7 7 9
#C@5 1 0 1 1

SP #C@10 2 0 2 4
#C@20 3 3 3 6

Table 5: Detection of polarity-changed words.

Evaluation results are reported in Table 5, where
we can see that DSG achieves outstanding results
consistently. LCI also does a decent job, while SP
does not perform well on this task.

Next, we will evaluate the impact of such de-
tection from their top 20 words, and the following
sub-sections are based on their correctly detected
words to give further analyses.

5.5 Sentiment Classification
After the detection of polarity-changed words, we
conduct classification tasks on the sentences con-
taining at least one word from the detected words
of all models. Because the classification results on
the sentences that without containing any detected
word would not be affected (same prediction results
using either the original or modified lexicon).

For evaluation, we sampled and labeled 925
(around 1k) sentences, from all sentences that could
be affected. We used a stratified sampling strategy
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and set the minimum number of sentences con-
tained by each word, to make sure each detected
word is considered. The numbers of labeled sen-
tences for the four domains are 232, 214, 174, and
305. The Cohen’s Kappa agreement score is 0.788.

In regard to the lexicon-based classification, for
DSG and LCI, the modified lexicon for each do-
main is based on the correction of the original lexi-
con (OL) on that domain. For SP, its self-generated
lexicon is used with its inferred sentiment scores.

Model fridge blender washer movie AVG
DSG 74.56% 80.84% 77.01% 84.91% 79.33%
SP 68.10% 78.97% 66.67% 87.87% 75.40 %
LCI 61.63% 68.22% 62.64% 62.95% 63.86%
OL 61.20% 65.42% 62.06% 56.72% 61.35%

Table 6: Sentiment classification accuracy.

Table 6 reports the classification accuracy, from
which we have the following observations:

1. Compared to the baseline using the original
lexicon (OL), DSG greatly improves the ac-
curacy by 17.98% on average (AVG). We can
see the usefulness of detecting polarity change
of lexical words for sentiment classification.

2. SP also produces very good results. The rea-
son is, as a lexicon-generation approach (es-
sentially), SP itself creates a bigger lexicon for
each domain (around 2 times bigger than OL),
including additional sentiment words outside
the original lexicon. In other words, discov-
ering more sentiment words (with more sen-
timent clues provided) could also help better
classification. Note that this does not con-
tradict the importance of detecting polarity-
change words, as they are two different as-
pects, which will be discussed in Section 5.7.

3. LCI outperforms OL but its performance gain
is small. The reason is, though LCI detects
polarity changed words decently, its detected
words affect a much smaller number of sen-
tences compared to the ones from DSG and SP,
i.e., the words LCI detects are rarer and less
frequent, with fewer sentences being affected.

5.6 Example Results

Here we show some example results. Table 7 lists
the top polarity-changed words detected by DSG
on domains blender and movie; we will explain
how they benefit the domain sentiment analysis
with example sentences. Below, an underlined
word in an example sentence indicates its polar-

blender movie
frozen shake cheap crushing despicable fucking complex

breaks crush lost destroy insanely damn sad crazy
loose crushed breaking intense funny freaking creepy

broken lose grind clog bulky bloody crap shit bad retarded
kills wobbled bitter shocked mad insane terribly eccentric

Table 7: Example results on blender and movie. Incor-
rectly detected words are italicized and marked in red.

ity has changed in a certain domain. In domain
blender, the words like “crushing” and “breaks” ex-
press positive sentiments in “good for crushing ice”
and “this breaks down frozen fruit”, while they are
provided as negative words in the original lexicon.
With the detection and correction of those words,
their domain-specific sentiments are identified cor-
rectly as positive and thus make the classification
correct (through the modified lexicon provided by
DSG). In domain movie, we found that many neg-
ative lexical words are in fact commonly used by
users to show their love for a movie. For instance,
“damn, I wanna watch this movie so bad” and “this
movie was insanely brilliant”. Similarly, for other
domains, we also found “it keeps foods cold and
frozen” in fridge, “you can also delay your cycle”
in washer, and “it sucked very well” in vacuum
cleaner. DSG also detects those words.

5.7 Further Analysis and Discussion

We aim to answer two questions here. Q1: What
is the key difference between using SP and DSG?
Q2: More generally, what is the relationship be-
tween the existing lexicon generation research and
the polarity-change detection problem (which is
studied in this work)?

First, let us dive a bit deeper into SP. As a lexicon
generation approach, its goal is to collect sentiment
words from a given corpus and infer their sentiment
scores. There are two important notes: (a) while
SP could discover more sentiment words, those ex-
tracted words could be wrong. For example, SP
extracts the word “product” as a sentiment word
and assigns it a positive (+ve) sentiment. This could
lead to mis-classifications of the negative (-ve) sen-
tences containing “product”. (b) while SP directly
discovers and estimates sentiment words, it does
not know which sentiment words carry important
domain-shifted sentiment. For example, SP discov-
ers “excellent”, “crush”, “terrible” for the domain
blender and estimates the sentiment scores as 0.9,
0.7, and 0.1 (for simplicity, let us assume all scores
are rescaled to [0.0, 1.0], where 1.0 denotes most
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+ve and 0.0 most -ve). Those scores indicate their
polarities, but do not reflect their importance/effect
of polarity change towards that domain.

For DSG, (a) could be avoided because “product”
is usually excluded in a general-purpose lexicon.
Regarding (b), say the scores of “excellent”, “crush”
and “bad” are 1.0, 0.0, and 0.0 in the original lexi-
con; with the domain sentiment re-estimation from
DSG, they become 0.9, 0.7, and 0.1. Their polarity-
changed scores are thus inferred as 0.1 (|1.0−0.9|),
0.7, and 0.1, where “crush” can be found as an im-
portant domain-sentiment changed word (0.7).

Certainly, one can compare the SP generated lex-
icon to the original/general lexicon to detect the
changes. We already did this for the detection task
(Table 5). Here we design a variant SP-dsg-like,
following this idea to perform the sentiment classi-
fication task. The main difference between SP and
SP-dsg-like is that SP directly uses its generated
lexicon and sentiment scores, while SP-dsg-like
uses its generated lexicon to modify the original
lexicon (OL) like DSG does. However, SP-dsg-like
performs poorly (Table 8), mainly because the mod-
ified lexicon (based on OL) does not fully reflect
the whole sentiment words generated by SP.

Model fridge blender washer movie AVG
OL 61.20% 65.42% 62.06% 56.72% 61.35%
SP 68.10% 78.97% 66.67% 87.87% 75.40%

SP-dsg-like 67.67% 71.02% 64.36% 63.93% 66.75%
SP-dsg-like+SP 69.40% 77.57% 68.97% 83.28% 74.81%

OL + SP 62.07% 78.04% 70.11% 82.30% 73.13%
CLI + SP 62.07% 77.57% 70.67% 83.61% 73.48%
DSG + SP 72.41% 78.97% 79.89% 88.85% 80.03%

Table 8: Sentiment classification accuracy.

We then combine two lexicons together to give
another variant SP-dsg-like+SP, which means the
modified lexicon (based on OL) is expanded by
the SP self-generated lexicon, where the SP gener-
ated lexicon can contain additional sentiment words
(outside OL). Similarly, we can make OL+SP and
CLI+SP, but they are all inferior to SP (Table 8).
The reason is that the key polarity-changed words
in the original lexicon have not been corrected,
keeping their wrong sentiments for classification.

However, notice that DSG can effectively detect
and correct those words; when we use DSG+SP, the
overall results are improved (AVG) and even better
than using DSG or SP only (Table 8 and Table 6).

It has been shown that either getting more senti-
ment words (from SP) or fixing a smaller number
of important polarity-changed words (from DSG)

can help sentiment classification (Table 6). With
DSG+SP working even better, we can view the lex-
icon generation and the domain polarity-changed
(lexical) word detection as two directions for classi-
fication improvement. Either one has its own advan-
tage. Lexicon generation methods can induce more
words and may help find rarer/infrequent words.
The domain polarity-changed lexical word detec-
tion can be handy and less risky, as it directly cor-
rects the polarities of important lexical words and
would not induce noises (wrong sentiment words).

Finally, the answers to Q1 and Q2 are: using
SP/lexicon-generation and DSG/polarity-change-
detection can both improve sentiment classification,
but in different manners (i.e., two directions as dis-
cussed above). Besides, using DSG can effectively
detect important polarity-changed words, while SP
does not perform very well on this task. These two
directions could be complementary, as indicated by
DSG+SP. Note that in this work we have shown
that incorporating the DSG corrected lexical words
(i.e., DSG modified lexicon) into SP can help boost
its performance, which can be viewed as injecting
clean/reliable domain sentiment knowledge. An-
other possible enhancement as future work is that,
for the additional (non-lexical) sentiment words
found by SP (or other domain lexicon generation
method), we can use DSG to detect and correct
their changed/shifted polarity in domains. How-
ever, for that, we will also need to deal with the
induced noise (newly identified but wrong senti-
ment words like “product”), perhaps with some
denoising or pruning techniques. We also hope this
work and its findings can inspire more future work.

6 Conclusion

This paper studied the problem of detecting domain
polarity-changed words in a sentiment lexicon. As
we have seen, the wrong polarities seriously de-
generate the sentiment classification performance.
To address it, this paper proposed a novel solution
named Domain-specific Sentiment Graph (DSG).
Experimental results demonstrated its effectiveness
in finding the polarity-changed words and its result-
ing performance gain in sentiment classification.
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Abstract

Online political advertising is a central aspect
of modern election campaigning for influenc-
ing public opinion. Computational analysis of
political ads is of utmost importance in polit-
ical science to understand the characteristics
of digital campaigning. It is also important
in computational linguistics to study features
of political discourse and communication on
a large scale. In this work, we present the
first computational study on online political
ads with the aim to (1) infer the political ideol-
ogy of an ad sponsor; and (2) identify whether
the sponsor is an official political party or a
third-party organization. We develop two new
large datasets for the two tasks consisting of
ads from the U.S.. Evaluation results show
that our approach that combines textual and vi-
sual information from pre-trained neural mod-
els outperforms a state-of-the-art method for
generic commercial ad classification. Finally,
we provide an in-depth analysis of the limita-
tions of our best-performing models and lin-
guistic analysis to study the characteristics of
political ads discourse.1

1 Introduction

Online advertising is an integral part of modern
digital election campaigning (Fulgoni et al., 2016;
Fowler et al., 2020a). The increased spending on
online political ads (e.g. the 2020 U.S. election
campaign spending hit an all-time record2) poses
a significant challenge to the democratic oversight
of digital campaigning,3 with serious implications

1Data is available here: https://archive.org/de
tails/pol ads

2https://www.cnbc.com/2020/10/01/elec
tion-2020-campaign-spending-set-to-hit
-record-11-billion.html

3https://www.electoral-reform.org.uk/
latest-news-and-research/publications/de
mocracy-in-the-dark-digital-campaigning-
in-the-2019-general-election-and-beyond/

about transparency and accountability, for example
how voters are targeted and by whom (Kriess and
Barrett, 2020).

Political advertising is defined as ‘any controlled
message communicated through any channel de-
signed to promote the political interests of indi-
viduals, parties, groups, government, or other or-
ganizations’ (Kaid and Holtz-Bacha, 2006). It is
guided by ideology and morals (Scammell and
Langer, 2006; Kumar and Pathak, 2012), and often
expresses more negativity (Haselmayer, 2019; Iyen-
gar and Prior, 1999; Lau et al., 1999) compared to
the aesthetic nature of commercial advertising. Ta-
ble 1 shows examples of online political ads across
different political parties and sponsor types.

While the closely related online commercial ad-
vertising domain has recently been explored in nat-
ural language processing (NLP) for predicting the
category (e.g. politics, cars, electronics) and sen-
timent of an ad (Hussain et al., 2017; Kalra et al.,
2020), online political advertising has yet to be
explored. Large-scale studies of online political
advertising have so far focused on understanding
targeting strategies rather than developing predic-
tive models for analyzing its content (Edelson et al.,
2019; Medina Serrano et al., 2020).

Automatically analyzing political ads is impor-
tant in political science for researching the char-
acteristics of online campaigns (e.g. voter tar-
geting, sponsors, non-party campaigns, privacy,
and misinformation) on a large scale (Scammell
and Langer, 2006; Johansson and Holtz-Bacha,
2019). Moreover, identifying ads sponsored by
third-party organizations is critical to ensuring
transparency and accountability in elections (Liu
et al., 2013; Speicher et al., 2018; Fowler et al.,
2020b; Edelson et al., 2019). For example, third-
party advertising had an increased presence in the
U.S. House and Senate races in 2018 considerably
more than in 2012 where almost half of the third-
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Political
Ideology Ad Sponsor Type Sample Ad

Liberal Political Party

Conservative Political Party

N/A Third-Party

Table 1: Examples of online political ads by sponsor political ideology and type.

party sponsored ads were funded by dark-money
sources (Fowler et al., 2020b). Finally, computa-
tional methods for political ads analysis can help
linguists to study features of political discourse
and communication (Kenzhekanova, 2015; Sko-
rupa and Dubovičienė, 2015).

In this paper, we present a systematic study of
online political ads (consisting of text and images)
in the U.S. to uncover linguistic and visual cues
across political ideologies and sponsor types us-
ing computational methods for the first time. Our
contributions are as follows:

1. A new classification task for predicting the
political ideology (conservative or liberal) of
an ad (§3). We collect 5,548 distinct political
ads in English from 242 different advertisers
in the U.S., and label them according to the
dominant political ideology of the respective
sponsor’s party affiliation (Liberal or Conser-
vative);

2. A new classification task to automatically clas-
sify ads that were sponsored by official po-
litical parties and third-party organizations,
such as businesses and non-profit organiza-
tions (§3). For this task, we extract 15,116
advertisements in English from 665 distinct
advertisers in the U.S., and label them as Po-
litical Party (i.e. officially registered) and
Third-Party (i.e. other organizations) follow-
ing Fowler et al. (2020b);

3. Experiments with text-based and multimodal
(text and images) models (§4) for political
ideology prediction and sponsor type classifi-
cation reaching up to 75.76 and 87.36 macro
F1 in each task respectively (§6);

4. Analysis of textual and visual features of on-
line political ads (§7) and error analysis to
understand model limitations.

2 Related Work

2.1 Political Communication and Advertising

Previous work on analyzing political advertising
has covered television and online ads (Kaid and
Postelnicu, 2005; Reschke and Anand, 2012; West,
2017; Fowler et al., 2020b). Ridout et al. (2010)
analyze a series of YouTube videos posted during
the 2008 presidential campaign to understand its
influence on election results as well as the actors
and formats compared to traditional television ads.
Anstead et al. (2018) study how online platforms
such as Facebook are being used for political com-
munication and identify challenges for understand-
ing the role of these platforms in political elections,
highlighting the lack of transparency (Caplan and
Boyd, 2016). Fowler et al. (2020b) explore dif-
ferences between television and online ads, and
demonstrate that there is a greater number of can-
didates advertising online than on television.

2.2 Political Ideology Prediction

Inferring the political ideology of various types
of text including news articles, political speeches
and social media has been vastly studied in NLP
(Lin et al., 2008; Gerrish and Blei, 2011; Sim et al.,
2013; Iyyer et al., 2014; Preoţiuc-Pietro et al., 2017;
Kulkarni et al., 2018; Stefanov et al., 2020). Bhatia
and P (2018) exploit topic-specific sentiment analy-
sis for ideology detection (i.e. conservative, liberal)
in speeches from the U.S. Congress. Kulkarni et al.
(2018) propose a multi-view model that incorpo-
rates textual and network information to predict the
ideology of news articles. Johnson and Goldwasser
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(2018) investigate the relationship between polit-
ical ideology and language to represent morality
by analyzing political slogans in tweets posted by
politicians. Maronikolakis et al. (2020) present a
study of political parody on Twitter focusing on the
linguistic differences between tweets shared by real
and parody accounts. Baly et al. (2019) estimate
the trustworthiness and political ideology (left/right
bias) of news sources as a multi-task problem. Ste-
fanov et al. (2020) develop methods to predict the
overall political leaning (left, center or right) of
online media and popular Twitter users.

Political ideology and communicative intents
have also been studied in computer vision. Politi-
cal images have been analyzed to infer the persua-
sive intents using various features such as facial
display types, body poses, and scene context (Joo
et al., 2014; Huang and Kovashka, 2016; Joo and
Steinert-Threlkeld, 2018; Bai et al., 2020; Chen
et al., 2020). Joo et al. (2015) introduce a method
that infers the perceived characteristics of politi-
cians using face images and show that those char-
acteristics can be used in elections forecasting. Xi
et al. (2020) analyze the political ideology of Face-
book photographs shared by members of the U.S.
Congress. Chen et al. (2020) examine the role of
gender stereotypical cues from photographs posted
in social media by political candidates and their
relationship to voter support.

2.3 Computational Analysis of Online Ads

Hussain et al. (2017) propose the task of ad un-
derstanding using vision and language. The aim
is to predict the topical category, sentiment and
rhetoric of an ad (i.e. what the message is about).
The latter task has been approached as a visual
question-answering task by ranking human gener-
ated statements that explain the intent of the ad in
computer vision (Ye and Kovashka, 2018; Ahuja
et al., 2018). More recently in NLP, Kalra et al.
(2020) propose a BERT-based (Devlin et al., 2019)
model for this task using the text and visual descrip-
tions of the ad (Johnson et al., 2016). Thomas and
Kovashka (2018) study the persuasive cues of faces
across ad categories (e.g. beauty, clothing). Zhang
et al. (2018) explore the relationship between the
text of an ad and the visual content to analyze the
semantics across modalities. Ye et al. (2018) in-
tegrates audio and visual modalities to predict the
climax of an advertisement (i.e. stress levels) using
sentiment annotations.

3 Tasks & Data

We aim to analyze the political ideology of ads
consisting of image and text, and the type of the ad
sponsor for the first time. To this end, we present
two new binary classification tasks motivated by re-
lated studies in political communication (Grigsby,
2008; Fowler et al., 2020b):

• Task 1: Conservative/Liberal The aim is to
label an ad according to the political party
that sponsored the ad either as Conservative
(i.e. assuming that the dominant ideology of
the Republican Party is conservatism), or Lib-
eral (i.e. assuming that the dominant ideol-
ogy of the Democratic Party is social liberal-
ism) (Grigsby, 2008);

• Task 2: Political Party/Third-Party The goal
is to classify an ad according to the type of the
organization that sponsored the ad. We distin-
guish between ads sponsored by official po-
litical parties and non-political organizations,
such as businesses and non-profit groups, fol-
lowing Fowler et al. (2020b).

To the best of our knowledge, no datasets are
available for modeling these two tasks. Therefore,
we develop two new publicly available datasets
consisting of political ads and ideology/sponsor
type labels from the U.S.. We opted to use data
only from the U.S. because its Federal Election
Commission4 (FEC) provides publicly available in-
formation of political ads sponsors such as official
political parties (e.g. Democratic, Republican) via
their FEC ID; and third-party organizations can be
identified via their Employer Identification Num-
ber5 (EIN) suitable for our study.

3.1 Collecting Online Political Ads
We use the public Google transparency report plat-
form6 to collect political ads. This platform con-
tains information on verified political advertisers
(i.e. sponsors) and provides links to actual political
ads from Google Ad Services.

We collect all U.S. available data from the
Google platform consisting of ads published from
May 31, 2018 up to October 11, 2020 (note that

4https://www.fec.gov/
5https://www.irs.gov/businesses/small

-businesses-self-employed/do-you-need-an
-ein

6https://transparencyreport.google.co
m/political-ads/region/US
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Sample Ad

Image Text FIGHTING FOR WORKING FAMILIES, FOR GOOD JOBS, AND FAIR PAY.
PAID FOR BY DEFAZIO FOR CONGRESS

Densecap the man is wearing glasses, a man holding a red tie, the background is blue

Table 2: Example of text, and visual information extracted from a sample Ad.

there is no data prior to 2018). This corresponds
to a total of 168,146 image ads. Each ad is associ-
ated with a URL that links to its summary metadata
consisting of a URL to the original image file and
sponsor information, i.e. name and FEC ID, state
elections registration or EIN ID.7

We scrape all available image files resulting into
a total of 158,599 ads which corresponds to 94.32%
of all ads in the Google database. The rest of the
ads were either not available due to violations to
Google’s Advertising Policy, the summary meta-
data was missing, or the file URL was not included
in the metadata.

3.2 Extracting Text and Visual Information

Before, we label the ads with ideology and sponsor
type, we extract two types of information from the
images: (1) the text contained in each ad (Image
Text; IT) using the Google Vision API;8 and (2)
the descriptive caption or denscap (D) of the image
using the DenseCap API,9 following the method
proposed by Kalra et al. (2020) for commercial ad
classification. This way, we obtain both the actual
text appearing on the ad and the textual descrip-
tions of the ad such as entities in the images, their
characteristics and relationships. Table 2 shows
an example of an ad consisting of an image, text
information and the densecap.

We use the textual and visual information to
eliminate all duplicate images by comparing the
URL of the image, its text and densecap. Finally,
we filter out all ads that contain non-English text
(i.e. IT).10 This results in 15,116 unique ads from
665 unique ad sponsors.

7All ad sponsors must apply for eligibility verification in
order to publish political ads on Google platforms - https:
//support.google.com/displayvideo/answer
/9014141

8https://cloud.google.com/vision/docs
/ocr

9https://deepai.org/machine-learning-
model/densecap

10https://pypi.org/project/langdetect/

3.3 Labeling Ads with Political Ideology

Our aim is to label political ads as Conservative
or Liberal (see Task 1 description). First, we re-
trieve all the ad sponsors and their corresponding
ads that are available in the Google Ads database.
Official political committees associated with the
Democratic or Republican parties are identified by
their FEC ID (included in the sponsor’s informa-
tion in the Google database). However, the name
of the political party associated with a sponsor is
not available in the Google database. Thus, we
query the FEC database to obtain the affiliation for
all committees of the Democratic and Republican
parties (e.g. Donald J. Trump for President, Inc.).
Then, we compare this information with the Google
database (FEC ID and exact name), to assign the
corresponding affiliation to the sponsors. For ex-
ample an ad sponsored by the ‘Donald J. Trump
for President, Inc.’ official committee is labeled as
Republican and subsequently as Conservative (in a
similar way we label ads for the Liberal class).

In total, we collect 242 unique sponsors corre-
sponding to 5,548 ads. Liberal ads represent the
39% of the total ads and the rest are Conservative
(61%).

3.4 Labeling Ads with Sponsor Type

We first label all ads from sponsors that have an
associated FEC ID in the Google database as Polit-
ical Party. These sponsors correspond to official
political committees affiliated with the Democratic
or Republican parties (e.g. Biden for President).

Third-party sponsors of political ads consist
of groups not officially associated to any politi-
cal party such as not-for-profit organizations (e.g.
NRDC Action Fund) and businesses (Fowler et al.,
2020b). This type of sponsors are identified with
their EIN ID (included in the Google database).
Thus, we label all ads linked to an EIN ID as Third-
Party. We collected a total of 15,116 ads where
37% corresponds to Political Party and 63% corre-
sponds to Third-Party.
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T1: Liberal/Conservative
Train Dev Test Total

C 2,576 (58%) 369 (69%) 453 (75%) 3,398 (61%)

L 1,835 (42%) 165 (31%) 150 (25%) 2,150 (39%)

All 4,411 (79.5%) 534 (9.6%) 603 (10.9%) 5,548 (100%)

Start 05-31-18 02-01-20 07-04-20 -

End 01-30-20 06-30-20 10-10-20 -

T2: Political Party/Third-Party
Train Dev Test Total

PP 4,663 (39%) 324 (21%) 561 (37%) 5,548 (37%)

TP 7,427 (61%) 1,188 (79%) 953 (63%) 9,568 (63%)

All 12,090 (80%) 1,512 (10%) 1,514 (10%) 15,116 (100%)

Start 05-31-18 04-14-20 07-20-20 -

End 04-13-18 07-19-20 10-11-20 -

Table 3: Data set statistics for Task 1: Conservative
(C)/ Liberal (L), and Task 2: Political Party (PP)/Third-
Party (TP).

Avg. Tokens (Train/Dev/Test)
Task IT D IT+D

T1 17.1/16.5/17.1 38.3/39.9/36.9 55.4/56.4/54.0

T2 16.2/17.6/19.2 36.7/38.9/37.2 52.9/56.5/56.4

Table 4: Average number of tokens in image text (IT),
densecaps (D) and both (IT+D) for sponsor ad ideology
(T1) and type (T2) prediction.

3.5 Data Splits

We split both datasets chronologically into train
(80%), development (10%), and test (10%) sets.
Table 3 shows the dataset statistics and splits for
each task.

3.6 Data Preprocessing

Text We normalize the text from the image (IT)
and the densecap (D) by lower-casing, and replac-
ing all URLs and person names with a placeholder
token. To identify the person names we use the
Stanford NER Tagger (Finkel et al., 2005). Also,
we replace tokens that appear in less than five ads
with an ‘unknown’ token. We tokenize the text
using the NLTK tokenizer (Bird et al., 2009). Table
4 shows the average number of tokens in IT and D
for each data split.

Image Each image is resized to (300× 300) pix-
els represented by red, green and blue color values.
Each color channel is an integer in the range [0,
255]. The pixel values of all images are dived by
255 to normalize them in the range [0, 1].

4 Predictive Models

We experiment with textual, visual and multimodal
models for political ad classification.

4.1 Linear Baselines
As baseline models, we use logistic regression with
bag of n-grams and L2 regularization using (1)
the image text (LRIT ); (2) densecap (LRD); and
(3) their concatenation (LRIT+D) for representing
each ad.

4.2 BERT
We also test three models proposed by Kalra et al.
(2020) for generic ad classification demonstrating
state-of-the-art performance. The models are based
on Bidirectional Encoder Representations from
Transformers (BERT) (Devlin et al., 2019) using
a combination of the image text and the densecap.
We follow a similar approach and fine-tune BERT
for predicting the corresponding class in each task
by adding an output dense layer for binary classifi-
cation that receives the ‘classification’ [CLS] token
as input. We use three types of inputs for each ad:
(1) image text (BERTIT ); (2) densecap (BERTD);
and (3) their concatenation (BERTIT+D).

4.3 EfficientNet
EfficientNet (Tan and Le, 2019) is a family of Con-
volutional Neural Network (CNN) (LeCun et al.,
1995) models which has achieved state-of-the-art
accuracy on ImageNet (Deng et al., 2009). In par-
ticular, we use EfficientNet-B3 and fine-tune it on
political ad classification by adding an output dense
layer for each binary classification task.

4.4 BERT+EffN
We finally test two multimodal models by
combining: (1) BERTIT and EfficientNet
(BERTIT+EffN); and (2) BERTIT+D and Efficient-
Net (BERTIT+D+EffN). We concatenate the text
representation obtained by BERT and the visual
information from EfficientNet into a 768 + 1536
dimensional vector from BERT and EfficientNet
respectively. This vector is then passed to an out-
put layer for binary classification. We fine-tune the
entire architecture for each task.

5 Experimental Setup

We select the hyperparameters for all neural mod-
els using early stopping by monitoring the valida-
tion binary cross-entropy loss, and we estimate the
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T1: Conservative/Liberal
Model P R F1

Majority 50.00 (0.00) 37.56 (0.00) 42.90 (0.00)

LRD 55.76 (0.85) 54.91 (0.89) 54.85 (1.12)
LRIT 78.38 (0.70) 71.99 (0.56) 72.65 (0.73)
LRIT+D 72.57 ( 1.03) 71.52 (0.62) 71.99 (0.79)

Kalra et al. (2020)
BERTD 59.40 (0.78) 57.77 (0.98) 57.64 (1.52)
BERTIT 72.88 (0.24) 73.46 (0.16) 73.16 (0.20)
BERTIT+D 78.62 (3.14) 74.08 (2.81) 75.49 (3.01)

EfficientNet 69.02 (3.48) 67.87 (1.23) 68.15 (1.89)

Ours
BERTIT+EffN 74.99 (1.23) 72.01 (2.27) 73.02 (2.07)
BERTIT+D+EffN 80.24 (0.06) 74.59 (1.70) 75.76 (2.19)

Table 5: Macro Precision (P), Macro Recall (R), and
Macro F1-Score (F1) for political ideology prediction
(± std. dev. for 3 runs). Best results are in bold.

class weights using the ’balanced’ heuristic (King
and Zeng, 2001) for each task, as both datasets
are imbalanced. BERT and EfficientNet models
use ADAM optimizer (Kingma and Ba, 2014), and
experiments use 1 GPU (Nvidia V100).

LR For LR we use bag of n-grams with n =
(1, 3), n ∈ {(1,1),(1,2),(1,3)} weighted by TF.IDF
and L2 regularization. The average training time is
30 seconds.

BERT We fine-tune BERT for 20 epochs and
choose the epoch with the lowest validation loss.
We use the pre-trained base-uncased model for
BERT (Vaswani et al., 2017; Devlin et al., 2019)
from HuggingFace implementation (12-layer 768-
dimensional) trained on English Wikipedia (Wolf
et al., 2019). The maximal sequence length is
512 tokens. We fine-tune BERT for 2 epochs and
learning rate η = 2e−5 for ideology prediction;
and η = 1e−5 for advertiser type prediction with
η ∈ {1e−5, 2e−5, 3e−5, 4e−5}. The average train-
ing time is 8.1 minutes.

EfficientNet We use EfficientNet-B3 with Noisy-
Student weights (Xie et al., 2020). For ideology
prediction, we first freeze the layers of the Effi-
cientNet (Tan and Le, 2019) model and train it for
11 epochs with learning rate η = 1e−3 to learn the
parameters of the output layer. We then unfreeze
and train the whole network for another 30 epochs
with η = 1e−4, as it has been shown that unfreez-
ing the CNN during the latter stages of training
improves the performance of the network (Faghri
et al., 2017). For predicting the type of sponsor,
we train for 45 epochs and η = 1e−2 keeping the

T2: Political Party/Third-Party
Model P R F1

Majority 50.00 (0.00) 31.47 (0.00) 38.62 (0.00)
LRD 53.60 (0.72) 53.40 (0.65) 53.11 (0.58)
LRIT 84.02 (0.14) 85.04 (0.31) 84.47 (0.18)
LRIT+D 86.46 (0.13) 86.63 (0.09) 86.54 (0.05)
Kalra et al. (2020)
BERTD 56.50 (0.89) 56.31 (0.78) 53.45 (1.26)
BERTIT 85.57 (0.86) 86.42 (2.01) 85.86 (1.23)
BERTIT+D 87.00 (0.89) 86.81 (0.83) 86.90 (0.86)

EfficientNet 53.27 (2.86) 53.93 (2.40) 51.53 (5.46)
Ours
BERTIT+EffN 87.02 (2.74) 85.81 (0.20) 86.29 (1.11)
BERTIT+D+EffN 86.78 (0.03) 88.18 (1.10) 87.36 (0.39)

Table 6: Macro Precision (P), Macro Recall (R), and
Macro F1-Score (F1) for sponsor type prediction (± std.
dev. for 3 runs). Best results are in bold.

EfficientNet layers frozen. Unfreezing the base
model did not result into lower validation loss. We
use dropout rate of 0.2 before passing the output of
EfficientNet to the classification layer. The average
training time is 37.8 minutes.

BERT+EffN For ideology prediction, we freeze
all the layers of the pre-trained models (BERT and
EfficientNet) apart from the classification layer and
train for 27 epochs with η = 1e−3. We then fine-
tune BERT for 30 epochs with η = 1e−5. For
sponsor type prediction, we freeze all Efficient-
Net layers and fine-tune BERT for 30 epochs with
η = 2e−6. We train in stages to ensure that the
parameters of each part of the model (textual and
visual) are properly updated (Kiela et al., 2019).
The average training time is 56.65 minutes.

6 Results

This section presents the experimental results for
the two predictive tasks, political ideology and
sponsor type prediction (§3) using the methods de-
scribed in §4. We evaluate our models using macro
precision, recall and F1 score since the data in both
tasks is imbalanced. Note that for all models we re-
port the average and standard deviation over three
runs using different random seeds. We also report
the majority class baseline for each task.

6.1 Predictive Performance

Task 1: Conservative/Liberal Table 5 shows
the results for the political ideology prediction. We
first observe that BERTIT (73.16%) which uses
as input information the image text outperforms
BERTD (57.64%) and EfficientNet (68.15%) in
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(a) True: Lib - Pred: Cons (b) True: Cons - Pred: Lib (c) True: PP - Pred: TP (d) True: TP - Pred: PP

Figure 1: Examples of ads with their true and predicted labels Lib (Liberal), Cons (Conservative), PP (Political
Party), TP (Third-Party).

macro F1. This suggests that the text shown on a
political ad is the dominant medium for conveying
its main message, corroborating findings in related
research on commercial ads (Dey et al., 2019; Kalra
et al., 2020).

Moreover, combining image text and densecap
(BERTIT+D), leads to higher performance, than
using only image text (BERTIT ), i.e. 75.49% and
73.16% F1 respectively. This indicates that the
combination of textual with visual information (in
the form of image descriptions) improves the model
performance.

Finally, using all visual information sources, i.e.
densecaps and image representation from Efficient-
Net (BERTIT+D+EffN), further improves perfor-
mance achieving the highest macro F1 (75.76%)
across models, followed by BERTIT+D (75.49%).

Task 2: Political-Party/Third-Party Table 6
shows the results for the sponsor type predic-
tion. The best overall performance is obtained
by BERTIT+D+EffN (87.36%) which combines
both image and textual information. BERTIT+D
(86.90%) and LRIT+D (86.54%) follow very
closely. By inspecting our data, we identified the
presence of noise in image text, particularly sen-
tences are interrupted by logos and other aesthetic
elements. This negatively affects the performance
of BERT because such models are usually pre-
trained on ‘cleaner’ generic corpora (Kumar et al.,
2020). On the other hand, LR models trained from
scratch can adapt to the noisy text (see § 6.2 for
error analysis).

Overall, our results in both tasks suggest that text
is a stronger modality for inferring the political ide-
ology and sponsor type of political ads compared to
visual information extracted from the images. How-
ever, integrating visual information in the form of
text descriptions (densecaps) or representations ob-
tained by pre-trained image classification models,

enhances model performance.

6.2 Error Analysis
We further perform an error analysis to exam-
ine the behavior of our best performing models
(BERTIT+D+EffN and BERTIT+D) and identify
potential limitations.

The ad shown in Fig. 1 (a) was mis-
classified as Conservative by BERTIT+D and
BERTIT+D+EffN. This particular ad requires com-
mon knowledge of social issues (e.g. inadequate
health support) that are often discussed in political
campaigns to inform voters about a party’s views
on the issue (Scammell and Langer, 2006). This
makes the classification task difficult for the models
since it requires contextual knowledge. Incorporat-
ing external relevant knowledge to the models (e.g.
political speeches, interviews or public meetings)
might improve performance (Lin et al., 2018).

The ad depicted in Fig. 1 (b) was misclassified
by BERTIT+D and BERTIT+D+EffN as Conser-
vative. After analyzing the densecap descriptions,
we found that this information tends to be noisy.
For this particular example, it contains descriptions
such as ‘a man is holding a horse’, ‘the sign is blue’,
‘a blue and white stripe shirt’, and ‘a man wearing
a hat’. In fact, BERTIT , which only takes the im-
age text into account, classified this ad correctly as
Conservative. Improving the quality of the image
descriptions (e.g. pre-training on advertising or po-
litical images, capturing specific attributes such as
‘military hat’) might be beneficial for these models.

Fig. 1 (c) shows an example of a Political Party
ad misclassified by BERTIT+D+EffN as Third-
Party. The ad contains the following text:

WE CAN’T LET <person> WIN!

VOTE EARLY

The message has a confrontational and divisive
tone that is common in Third Party ads (Edelson
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Liberal Conservative
Feature r Feature r

necessary 0.197 senate 0.271
end 0.196 republican 0.196
prohibited 0.190 ! 0.176
approx 0.186 conservative 0.127
contrib 0.181 national 0.116
void 0.177 committee 0.112
values 0.173 petition 0.109
prz 0.161 border 0.102
subj 0.156 taxes 0.099
make 0.156 radical 0.098
win 0.144 sign 0.096
place 0.140 stop 0.094
beer 0.139 states 0.093

Table 7: Feature correlations with Conserva-
tive/Liberal Ads, sorted by Pearson correlation (r). All
correlations are significant at p < .01, two-tailed t-test.

et al., 2019), but is typically used as a political
tactic for negative campaigning (Skaperdas and
Grofman, 1995; Gandhi et al., 2016; Haselmayer,
2019).

Finally, Fig. 1 (d) shows an example of a
Third-Party ad misclassified as Political Party by
BERTIT+D+EffN. The text content promotes voter
participation (e.g. Vote), a characteristic of Politi-
cal Party advertising (see Table 8). However, one
of the aims of the Third-Party advertising is pre-
cisely to encourage voting and activism (Dommett
and Temple, 2018).

There is a considerable difference between
the models using visual information only (LRD,
BERTD, EfficientNet), and those that also use the
ad text as input (IT, IT+D). Our intuition is that
models get confused by the appearance of shapes,
colors and other aesthetic features that are domain
specific and appear frequently in political adver-
tisements (Sartwell, 2011). For instance, several
ads that belong to the Third-Party category, include
buttons linking to websites (see Fig, 1 (c), (d)).
However, Political Party ads, also make use of
these type of buttons to link users to donation or
informative websites (Edelson et al., 2019).

7 Linguistic Analysis

We perform an analysis based on our new data set
to study the linguistic characteristics of political
ads. We first analyze the specific features of each
class for both tasks. For this purpose, we use a
method introduced by Schwartz et al. (2013) to an-
alyze uni-gram features from image text (see §4)

Political Party Third-Party
Feature r Feature r
congress 0.365 state 0.193

vote 0.308 learn 0.181
senate 0.292 champion 0.175

! 0.269 senator 0.166
president 0.248 thank 0.153

committee 0.236 action 0.147
candidate 0.223 congressman 0.130

republican 0.208 urge 0.129
authorized 0.208 protect 0.128

donate 0.202 access 0.119
join 0.199 award 0.117

<url> 0.187 american 0.116
$ 0.180 ? 0.113

Table 8: Feature correlations with Political Party/Third-
Party Ads, sorted by Pearson correlation (r). All corre-
lations are significant at p < .01, two-tailed t-test.

using univariate Pearson correlation. Features are
normalized to sum up to unit for each ad. For each
feature, we compute correlations independently be-
tween its distribution across ads and its label (Con-
servative/Liberal), or Political Party/Third Party).

7.1 Conservative vs. Liberal
Table 7 presents the top unigrams correlated with
Liberal and Conservative ads. We first notice that
the top words in the Conservative category are
closely related to its ideology such as ‘conserva-
tive’ and ‘republican’. Other prominent terms in
these categories are words related to current po-
litical issues, such as immigration (e.g. ‘border’)
and taxation (e.g. ‘taxes’). In fact, these are ex-
amples of emotionally evocative terms (e.g. anger
about taxes) that are frequently used in political
campaigns to influence voters (Brader, 2005).

Top terms of Liberal ads include ‘necessary’,
‘end’,‘values’, and ‘win’. For example, the follow-
ing ads belong to the Liberal class:

I’m supporting <person> because he has the
same values that I do and he’s an honest person.

<person> FOR CONGRESS

To End Gun Violence

These are examples of ads containing a combina-
tion of moral and controversial topics (e.g. gun
regulation) which are typical characteristics of po-
litical advertising (Kumar and Pathak, 2012).

7.2 Political Party vs. Third-Party
Table 8 shows the top unigram features corre-
lated with the sponsor type of an ad (Political
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Party/Third-Party). We observe that some top
terms in the Political Party class also belong to the
top terms of the political ideology task (see Table
7) such as ‘committee’, ‘republican’ and ‘senate’.
Messages calling for vote and donation support
(‘vote’, ‘donate’, ‘$’) are also prevalent in Politi-
cal Party ads (Fulgoni et al., 2016), as in the next
example (See Fig. 1 (b)):

Making sure our veterans

get the care they’ve earned

VOTE FOR <person>

On the other hand, top features from the Third-
Party category (e.g. ‘action’, ‘protect’) share com-
mon characteristics with the rhetoric used by media
outlets focused on promoting specific political mes-
saging (Edelson et al., 2019; Dommett and Temple,
2018). Many of these ads direct people to websites
to read about a particular topic. For example:

Is <person> HIDING ANTI-GUN VIEWS?
Learn More

This ad belongs to the Third-Party class and
points the viewer to an external website for reading
further details.

8 Conclusion

We have presented the first study in NLP for ana-
lyzing the language of political ads motivated by
prior studies in political communication. We have
introduced two new publicly available datasets con-
taining political ads from the U.S. in English la-
beled by (1) the ideology of the sponsor (Conser-
vative/Liberal); and (2) the sponsor type (Political
Party/Third Party). We have defined both tasks as
advertisement-level binary classification and eval-
uated a variety of approaches, including textual,
visual and multimodal models reaching up to 75.76
and 87.36 macro F1 in each task respectively.

In the future, we aim to incorporate other modal-
ities such as speech, and video, and explore other
methods of acquiring and integrating multimodal
information. In addition, we aim to extend our
work for analyzing political advertising discourse
across different regions, languages and platforms.
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Abstract

Inspired by evidence that pretrained language
models (LMs) encode commonsense knowl-
edge, recent work has applied LMs to auto-
matically populate commonsense knowledge
graphs (CKGs). However, there is a lack of
understanding on their generalization to mul-
tiple CKGs, unseen relations, and novel enti-
ties. This paper analyzes the ability of LMs
to perform generalizable commonsense infer-
ence, in terms of knowledge capacity, transfer-
ability, and induction. Our experiments with
these three aspects show that: (1) LMs can
adapt to different schemas defined by multiple
CKGs but fail to reuse the knowledge to gen-
eralize to new relations. (2) Adapted LMs gen-
eralize well to unseen subjects, but less so on
novel objects. Future work should investigate
how to improve the transferability and induc-
tion of commonsense mining from LMs.1

1 Introduction
Large-scale commonsense knowledge graphs
(CKGs), like ConceptNet (Speer et al., 2017) and
ATOMIC (Sap et al., 2019), store structured knowl-
edge that can benefit various knowledge-driven
applications. Given the usefulness of CKGs, but
also their inability to flexibly provide information,
(Paulheim, 2018), recent work has paid much at-
tention to populating CKGs with commonsense
knowledge mined from pretrained language models
(LMs) (Wang et al., 2020c; Bosselut et al., 2019).
Enhancing the knowledge of CKGs is essential
to support reasoning on downstream tasks (Talmor
et al., 2019; Wang et al., 2020b; Young et al., 2018).

The task of completing CKGs has typically been
posed as commonsense knowledge inference, where
the goal is to predict the object of a fact triplet,
given its subject and a relation (predicate) (Petroni

1The code is avaiable at https://github.com/
wangpf3/LM-for-CommonsenseInference.
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Figure 1: Unlike previous studies that adapt LM on one
single CKG (0), we investigate LM’s three aspects of
generlizability: (1) knowledge capacity by multi-task
learning, (2) transferability by transfer learning and (3)
induction by controlled low-resource learning.

et al., 2019; Bosselut et al., 2019). Commonsense
inference techniques, such as COMET (Bosse-
lut et al., 2019), typically fine-tune an LM, like
GPT (Radford et al., 2018), over the training set
from a single CKG. While such methods are able
to dynamically enhance the completeness of CKGs,
their application so far has been limited to the re-
lation set of the source (training) CKG (Da et al.,
2021). In addition, the generated object concepts
are found to be largely biased towards the ones in
the training set (Wang et al., 2020a). It remains
unclear to which extent LMs can generalize to mul-
tiple CKGs, new relations, and novel objects. To
this end, we pose the question: do language models
perform generalizable commonsense inference?

To answer this question, we study three aspects
of the LM generalizability for commonsense infer-
ence, namely: knowledge capacity, transferability,
and induction. To measure the knowledge capac-
ity ability of LMs, we examine whether LMs can
be adapted to multiple CKGs simultaneously, and
tested on each of the CKGs. We test their transfer-
ability by assessing whether an initial adaptation
of a LM on multiple source CKGs can reduce the
effort on further adapting it to a new CKG. The
inductive power of LMs is measured by varying
the overlap between the objects in the training and
test splits of a CKG. The overview of our analysis
is depicted in Figure 1. Our results show that LMs
are able to infer knowledge for multiple CKGs si-
multaneously without loss of performance on the
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target inference task, though the transferability of
knowledge across tasks is limited. In addition, we
observe that the inductive power of LMs for com-
monsense inference relies heavily on whether an
object is observed during training.

2 Analysis Setup
To shed light on the LM’s generalizalibility for
commonsense inference, we investigate: whether
LMs have the capability to adapt to multiple CKGs
(Q1: capacity), whether LMs can reuse the knowl-
edge learned from source CKGs to efficiently adapt
to a target CKG (Q2: transferability), and whether
LMs can predict unseen objects or mainly repeat
the observed ones (Q3: induction). In this Sec-
tion, we define the task, the CKGs we consider, our
experimental settings, and relate to prior studies.

2.1 Task Formulation
Following Hwang et al. (2020); Da et al. (2021),
we formalize commonsense inference as a task
of predicting the object of a triplet, given a pair
of (subject, relation) as input. The subject s
and the object o are both expressed as free-form
phrases, while the relation r is a predefined rela-
tion type from the CKG. A training example from
ConceptNet could have (go to a concert,
MotivatedByGoal) as input, and listen
to music as output. Assuming that a CKG is
given, the goal is to leverage the commonsense
triplets in the CKG as training examples to adapt
the LM for commonsense inference.

2.2 CKG Datasets
We consider three large and popular CKGs, with
different foci:(1) ConceptNet’s broad set of com-
monsense knowledge includes taxonomic (e.g.,
IsA), utility (e.g., UsedFor), and temporal
knowledge (e.g., HasPrerequisite). It com-
bines crowdsourced knowledge with that from
existing sources, such as WordNet. We use its
ConceptNet-100K subset, collected by Li et al.
(2016). (2) TupleKB (Dalvi Mishra et al., 2017)
focuses on scientific commonsense knowledge like
(salt, dissolve in, water). It is con-
structed through an information extraction pipeline.
(3) ATOMIC (Sap et al., 2019) has social common-
sense knowledge about causes and effects of every-
day events, and mental states (e.g., xIntent) of
their participants. It is created by crowdsourcing.

As indicated by Jastrzebski et al. (2018), a
large proportion of the subjects in the test set

of ConceptNet-100K overlap with its training set,
while TupleKB does not provide an official split.
Thus, we (re-)split these two datasets to ensure that
the subjects of testing triplets do not appear in the
training set. This criterion is also consistent with
how the ATOMIC dataset is constructed.

2.3 Experimental Settings

Multi-task Learning To answer Q1, we adapt an
LM with balanced training data from ConceptNet,
TupleKB, and ATOMIC. We sample 8 triplets from
each dataset to form one training batch.

Transfer Learning To provide insight into Q2, we
adopt transfer learning under a leave-one-out strat-
egy. In this setting, we adapt an LM on two of the
three CKGs, and then we further adapt it on the
third target CKG. Moreover, we study the data effi-
ciency of this transfer learning by down-sampling
each training set to x = {1, 20, 50}%, in order to
see whether the LM can adapt to the target CKG
with less training effort. Fine-tuning on data as
small as 1% training set may suffer from instability,
and results may change dramatically given a new
split of training data (Gao et al., 2020). To control
the randomness, we re-sample the 1% training data
5 times with a fixed set of random seeds and report
the average performance instead.

Controlled Low-resource Learning To answer
Q3, we design a controlled experiment, where we
first split the training set into two disjoint subsets
depending on whether the triplets in the original
training set contain objects that exist in the test set
or not. We denote the subset where the objects of
the triplets appear in testing data as Ω. We sam-
ple x = {0, 25, 50, 100}% of the training triplets
in Ω for adapting the LM. During the evaluation,
we also separate the test set into two disjoint sub-
sets, according to whether the objects are seen in
the original full training set. The results on these
two split test sets are reported separately for each
adapted LM.

Evaluation Protocol For each (subject, relation)
pair in the test set, we treat all their objects as
ground truth references for evaluating the model
inference. We report scores for commonly used
automatic evaluation metrics for text generation:
BLEU (Papineni et al., 2002), ROUGE (Lin, 2004),
and METEOR (Banerjee and Lavie, 2005), which
are shown to be consistent with human judge-
ments (Hwang et al., 2020). During experiments,
we observe a high correlation among these differ-
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Adaptation method Input Learnable params

Zero-shot (ZS) (s, r) N/A
ZS+demo (s

′
, r, o

′
, s, r) N/A

Fine-tuning (FT) (s, r) Transformer (LM)
FT+demo (s

′
, r, o

′
, s, r) Transformer (LM)

Adapter tuning (AT) (s, r) Adapter

Table 1: Methods for using LMs to conduct common-
sense inference. “+demo” means prepending a demon-
stration triplet (s

′
, r, o

′
) before the input tuple.

ent metrics and choose to report METEOR in the
main text and other metrics in the appendix.

2.4 Connections to Prior Studies

Earlier works (Li et al., 2016; Jastrzebski et al.,
2018; Davison et al., 2019) poses the CKG com-
pletion task as triplet classification, where the
goal is to score the plausibility of a complete
triplet. COMET (Bosselut et al., 2019) is the first
to cast this task as commonsense inference with
LMs. Follow-up contributions utilize COMET as
a commonsense provider in various downstream
tasks (Bosselut and Choi, 2021; Ammanabrolu
et al., 2021; Chakrabarty et al., 2020), thus provid-
ing evidence for LM’s generalization to previously
unseen scenarios. Further efforts include Hwang
et al. (2020), which show that the quality of the
training triplets is a key factor of adapting LMs,
and (Da et al., 2021), which investigates how to
learn COMET in a few-shot learning setting. Mean-
while, the study by Wang et al. (2020a) indicates
the limited generalization of COMET. Ma et al.
(2021) also adapt LMs simultaneously on multiple
CKGs, albeit their goal is to improve downstream
performance rather than CKG inference. In this pa-
per, we aim to provide a more comprehensive study
of a LM’s generalizability for CKG inference.

3 Method

While a set of pretrained LMs exists, we adopt
a widely used generative model, GPT2 (Radford
et al., 2019), as our baseline LM. The investigation
of other generative LMs is orthogonal to our analy-
sis. We experiment with its largest version, GPT2-
XL, which contains 48 transformer layers (Vaswani
et al., 2017), ensuring sufficient capacity for stor-
ing knowledge acquired during its pretraining. We
introduce our experimental method as follows.

Commonsense Inference with LMs Given a train-
ing triplet (s,r,o), we represent s and o as sequences
of tokens, xs and xo, which is trivial given that they
are already expressed as phrases. As for the rela-

tion r, we convert it by using a template taken from
the literature (Davison et al., 2019) into a natural-
language phrase xr, e.g., IsA is converted to “is a”.
This has been shown to facilitate efficient adapta-
tion of LMs (Da et al., 2021). Note that we do not
explicitly provide the LMs with the information
about the source CKG of the triplet as input (e.g.,
prepending a related special token to the triplet).

Adapting LMs with Commonense Knowledge
The training objectives for adapting LMs is to maxi-
mize the probability of generating the object phrase
xo given the tuple (xs, xr). During inference, we
adopt greedy decoding to obtain the predicted ob-
ject from the adapted LM.

There have been various techniques devel-
oped for adapting pretrained LMs to downstream
tasks (Howard and Ruder, 2018; Chen et al., 2020).
Moreover, previously only the vanilla Fine-tuning,
i.e., updating the whole LM architecture during
training, has been employed to adapt LMs for com-
monsense inference (Bosselut et al., 2019; Hwang
et al., 2020; Da et al., 2021). To obtain comprehen-
sive results that are not specific to one particular
way of fine-tuning, here we investigate two more
alternatives, each of which has their own advantage
when considered in different contexts.

Fine-tuning with Demonstration (FT+demo)
Combining the ideas of fine-tuning and in-context
learning (Brown et al., 2020), this technique (Gao
et al., 2020) adds a demonstration to each input
as additional context and fine-tunes the whole LM
as usual. Incorporating demonstrations is shown
to boost performance when the amount of training
data is extremely limited. In our case, a demon-
stration is a top-1 training triplet (s

′
, r, o

′
), ranked

according to the cosine similarity between the em-
bedding of the input tuple (s, r) and the embed-
dings of the training tuples with the same relation
type r. The tuple embeddings are given by a pre-
trained Sentence-BERT (Reimers and Gurevych,
2019). For instance, a demonstration (go to
restaurant, UsedFor, eat out) would be
added before the input (go to pub, UsedFor).
With the demonstrated triplets, the LM could learn
to understand the schema of the CKG instead of
simply learning the knowledge from the training
data.

Adapter Tuning (AT) Unlike fine-tuning, adapter
tuning (Houlsby et al., 2019) fixes the entire LM
and adds one trainable adapter right before the skip
connection in each transformer layer of the LM,
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Figure 2: Results (METEOR) for knowledge capacity of LMs. ”FT+d” refers to FT+demo. We find no notable performance
drop for any method trained in the multi-task setting.
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Figure 3: Results (METEOR) for LM transferability.
”FT+d” refers to FT+demo. Across datasets, we do not ob-
serve that adapting to the source CKGs would enable the LMs
to adapt to the target CKG better or more easily.
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Figure 4: Results (METEOR) for LM induction. ”FT+d”
refers to FT+demo. All the methods perform better on pre-
dicting facts that contain seen objects, while the performance
degrades when less objects are seen during training.

which is more parameter-efficient. Each adapter
is a two-layer bottleneck network with a skip-
connection internally. Following Houlsby et al.
(2019), the parameters of the bottleneck network
are initialized close to zero so that the adapter ap-
proximates an identity function from the beginning.

We compare to two additional baselines, both
using GPT2-XL in a zero-shot setting: Zero-shot
(ZS) is fed with the same input as Fine-tuning,

while zero-shot with demonstrations (ZS+demo)
combines the input plus demonstration, as in the
FT+demo method. By investigating all these meth-
ods, we aim to understand the influence of different
adaptation techniques on the models’ performance.
Table 1 summarizes the set of methods which we
consider in this paper.

4 Results and Discussion

Knowledge Capacity (Q1) The results that quan-
tify the knowledge capacity of LMs for common-
sense inference over multiple CKGs with ME-
TEOR scores are shown in Figure 2. The com-
plete results including other metrics can be found
in the appendix. All adaptation methods perform
considerably better than the zero-shot baselines,
indicating the benefit of adaptation. There is no
clear distinction between the adaptation methods,
though FT+demo performs slightly better than the
others across CKGs. Most importantly, we find no
notable performance drop for any method in the
multi-task training setup despite the challenge that
there is limited overlap between these CKGs. Only
10.0% of the facts from ATOMIC can be found
in ConceptNet (Hwang et al., 2020) while 8.4%
of the facts from ConceptNet can be found in Tu-
pleKB (Dalvi Mishra et al., 2017) 2. This indicates
the prominent capacity of LMs to simultaneously
adapt to different CKGs. Nevertheless, the results
reveal that learning different CKGs jointly do not
interfere with each other positively (via knowledge
sharing) or negatively (due to overfitting).

Transferability (Q2) Figure 3 shows the obtained
results regarding the transferability of LMs. Across
different CKGs and for any training data size, we
observe no indications that adapting to the source
CKGs enhances the performance on the target
CKG. On the contrary, adapting from source CKGs

2We also try to breakdown the results by relation types and
do not observe correlation between the relation-wise perfor-
mance and the extent of overlap.
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even hurts the performance of the Adapter-tuning
method, revealing that this method overfits to the
source CKGs. Overall, we conclude that LMs can-
not reuse the knowledge learned from the source
CKGs to improve the performance on the target
CKG or achieve the same performance with less
training data. Thus, we call for future study on
developing more effective adaptation methods.

Induction (Q3) The results in Figure 4 show that
without down-sampling (x = 100%), all methods
perform much better on predicting facts that con-
tain seen objects, and their performance degrades
more when less object entities are seen to training.
Meanwhile, the performance on facts with unseen
objects stays roughly unaffected. This indicates a
key limitation of the LMs: they adapt notably better
on seen objects. Since the training set and test set
do not share subjects, we conclude that the general-
izability of the LM is largely dependent on finding
the relationship between unseen subjects and ob-
served objects. We thus posit that a novel strategy
for adapting LMs while retaining the knowledge
acquired during pre-training is necessary for bet-
ter generalizability. Promising directions here are
prefix tuning (Li and Liang, 2021) or including an
additional objective during adaptation which would
encourage the generation of novel objects.

5 Conclusion
This work conducted a focused study of three as-
pects of the generalizability of LMs for common-
sense inference: knowledge capacity, transferabil-
ity, and induction. We experiment with five meth-
ods of using a generative LM and three represen-
tative CKGs. Despite their capability to accommo-
date multiple CKGs, we have observed that LMs
have limited ability to transfer knowledge across
CKGs. Moreover, their adaptation relies heavily
on whether the objects to predict are seen during
training. These findings help our understanding
of LMs’ adaptation behavior on commonsense in-
ference, and highlight the need for future work to
improve their transferability and induction.
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BLEU-2 ROUGE-L METEOR

single-task multi-task single-task multi-task single-task multi-task

Zero-shot 0.0069 NA 0.1009 NA 0.0506 NA
ZS+demo 0.0284 NA 0.1281 NA 0.0787 NA
Adapter-tuning 0.1289 0.1279 0.2598 0.2560 0.1739 0.1706
Fine-tuning 0.1325 0.1286 0.2629 0.2575 0.1775 0.1749

C
on

ce
pt

N
et

FT+demo 0.1333 0.1398 0.2678 0.2738 0.1795 0.1851

Zero-shot 0.0017 NA 0.0999 NA 0.0263 NA
ZS+demo 0.0099 NA 0.2748 NA 0.0869 NA
Adapter-tuning 0.1383 0.1323 0.3785 0.3627 0.2094 0.2010
Fine-tuning 0.1371 0.1388 0.3985 0.3812 0.2151 0.2122

Tu
pl

eK
B

FT+demo 0.1699 0.1698 0.4902 0.4714 0.2622 0.2580

Zero-shot 0.0436 NA 0.2523 NA 0.1419 NA
ZS+demo 0.0808 NA 0.2233 NA 0.1572 NA
Adapter-tuning 0.2161 0.2035 0.4008 0.3890 0.2913 0.2832
Fine-tuning 0.2125 0.2057 0.3982 0.3908 0.2913 0.2843

A
TO

M
IC

FT+demo 0.2111 0.2070 0.3915 0.3868 0.2887 0.2800

Table 2: Results of all the evaluation metrics for the knowledge capacity experiments.

A Appendix

A.1 Dataset Statistics

[h]

Train Dev Test

ConceptNet100k 79,770 10,203 10,027
TupleKB 98,674 12,357 12,427
ATOMIC 578,002 64,902 71,127

Table 3: CKG Dataset Statistics.

A.2 Implementation Details
The GPT2-XL language model we adopted in this
work has 1558M parameters in total. We train
all the models on a V100 GPU. As for hyper-
parameters, we adopt the commonly-used learning
rate (1e-5) and batch size (16) for adapting GPT2,
except that in the multi-task learning setting, the
batch size is 24 (8 samples from each CKG).

A.3 Additional Results
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Abstract

Multi-modal machine translation (MMT)
aimed at using images to help disambiguate
the target during translation and improving
robustness, but some recent works showed
that the contribution of visual features is either
negligible or incremental. In this paper, we
show that incorporating pre-trained (vision)
language model (VLP) on the source side can
improve the multi-modal translation quality
significantly. Motivated by BERT, VLP aims
to learn better cross-modal representations
that improve target sequence generation. We
simply adapt BERT to a cross-modal domain
for the vision language pre-training, and the
downstream multi-modal machine translation
can substantially benefit from the pre-training.
We also introduce an attention based modality
loss to promote the image-text alignment in
the latent semantic space. Ablation study
verifies that it is effective in further improving
the translation quality. Our experiments on
the widely used Multi-30K dataset show
increased BLEU score up to 6.2 points
compared with the text-only model, achieving
the state-of-the-art results with a large margin
in the semi-unconstrained scenario and
indicating a possible direction to rejuvenate
the multi-modal machine translation.

1 Introduction

Joint models of language and vision have achieved
remarkable results, such as in image caption
(Karpathy and Fei-Fei, 2015) and visual question
answering (Antol et al., 2015). Multi-modal ma-
chine translation (MMT) was first introduced as
a shared competition task at the 2016 Conference
on Machine Translation (WMT16) (Specia et al.,
2016) as an interdisciplinary study to incorporate a
visual element into the multilingual translation task.
This task continued for three years until WMT18,
and the findings presented by the organizers sug-
gest that the text-only systems remain competi-
tive, and that the contribution of visual modality

Data used img src tgt examples
Multi-30K X X X most works

+external data
X X (Grönroos et al., 2018)

X X (Helcl et al., 2018)
X X (Yin et al., 2020), ours

Table 1: Different unconstrained scenarios in MMT.

is not entirely convincing (Specia et al., 2016; El-
liott et al., 2017; Barrault et al., 2018). Moreover,
the experiments in (Elliott, 2018) find that a pub-
licly available MMT system produces great trans-
lations with random, incongruent images, further
undermining the importance of visual features. The
empirical results have so far raised doubts about
whether the visual features can really help MMT,
and there is evidence pointing to a negative answer.

We hypothesize that one reason is the data scale
of the benchmarking Multi-30K (Elliott et al.,
2016) – it is likely insufficient for a deep model to
learn better cross-modality or cross-lingual repre-
sentations. However, the pre-training techniques
such as BERT (Devlin et al., 2019) or cross-lingual
language model (XLM) (Conneau and Lample,
2019) can capture rich representations of the inputs
from languages and be applied to various down-
stream tasks by providing context-aware embed-
dings, leading to remarkable improvements even on
small datasets. Furthermore, the pre-trained vision
and language model LXMERT (Tan and Bansal,
2019) pioneers the cross-modality pre-training and
sets an influential record in vision and language
reasoning tasks. These advances lead us to believe
that a better cross-modality representation can help
multi-modal machine translation as well.

In this work, we discuss the unconstrained sce-
nario of MMT, but unlike previous setting in most
WMT 2018 submissions (Grönroos et al., 2018;
Helcl et al., 2018), we did not include any external
data of the parallel source and target textual corpus.
Since we want to incorporate a pre-trained (vision)
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language model as an encoder backbone into the
transformer architecture (Vaswani et al., 2017) for
neural machine translation, our used external data
only contains the images and the source texts.

Particularly, our model is initialized with the
widely used BERT, and pre-trained on large scale
image-text dataset (about six million pairs), expect-
ing to learn a better cross-modality representation
between the image and the source language. Next,
we stack a regular transformer decoder on top of
the pre-trained (vision) language model and pro-
ceed to the task of MMT. Meanwhile, we design
another modality loss in addition to the traditional
sequential cross entropy loss. The modality loss is
to minimize the difference between source-target
cross attention and image-target cross attention. In-
tuitively, minimizing this loss function can promote
the modality alignment among the three possible
pairwise configurations in the latent semantic space.
In other words, differences among (source, target),
(source, image), and (target, image) alignments can
be reduced. Our experimental section also presents
a detailed analysis of how each factor separately
contributes to the overall gains.

In summary, this paper makes the following con-
tributions. (1) We propose to integrate a pre-trained
vision language model into multi-modal machine
translation, aiming at learning and utilizing better
cross-modality representations. (2) We address the
importance of the modality loss which can further
boost the model performance. (3) We conduct ex-
tensive experiments on the benchmark Multi-30K
dataset, and our results outperform strong baselines
by a large margin.

2 Related Works

Constrained Scenario Most works like (Calixto
et al., 2017; Zhou et al., 2018; Ive et al., 2019; Yao
and Wan, 2020) in MMT prefer to use Multi-30K
dataset alone. For example, a standard paradigm
of MMT explored by many previous works is to si-
multaneously learn the vision language interaction
and the target language generation (Calixto et al.,
2017; Zhou et al., 2018; Ive et al., 2019; Yang et al.,
2020). However, training on such a limited dataset,
the benefits provided by visual features of these
methods are quantitatively marginal w.r.t. auto-
matic evaluation metrics BLEU and METEOR.
Unconstrained Scenario In the submissions of
WMT 2018 (Grönroos et al., 2018; Helcl et al.,
2018) as shown in Table 1, either images / source

texts or the source / target texts parallel dataset (or
back-translation) are added to improve the model
performance. However, as they discovered, train-
ing with the large scale parallel textual corpus will
shift the machine translation model towards the
pure textual domain, further weakening the effect
of visual features. The additional target data will
also make the fair comparison difficult. A special
unconstrained scenario by (Su et al., 2019b) lever-
ages large monolingual language data to pre-train
an unsupervised translation model. It considers
the cross representation of the source-target in an
unsupervised manner, but the image domain is still
isolated without proper training.

We will discuss another unconstrained scenario
that only allows to use additional images and source
texts. Zhu et al. (2019) investigates the represen-
tation from pre-trained BERT by feeding it into
all layers of a text-only translation model. This
work, to a large extent, encourages us to explore
how the (vision) language pre-trained model can
benefit the MMT. However, we found that a direct
architecture of feeding cross-modality representa-
tions (from LXMERT) to multi-modal translation
model does not work well.

To our best knowledge, Yin et al. (2020) cur-
rently achieves the state-of-the-art on Multi-30K. It
employed a common encoder-decoder framework
by hard-encoding a multi-modal graph to guide the
learning of the image-text cross attention, where
the graph structure is annotated by a pre-trained
visual grounding model (Yang et al., 2019). The
external data is not explicitly used in this work, but
the pre-trained visual grounding model uses BERT
as part of its backbone. Instead of relying on a
pre-defined graph to prevent the attention between
the word and visual feature without connection,
we obtain a soft cross attention from large-scale
vision-language data pre-training. It is also worth
mentioning that we make the BERT based visual
grounding and multi-modal machine translation
into an end-to-end trainable architecture.

3 Our Method

3.1 Initial Trial

The overall architecture of our proposed ap-
proach is based on the commonly used transformer
(Vaswani et al., 2017), which is the basic unit of
most pre-trained (vision) language model. Our ini-
tial experiment is to adopt pre-trained (vision) lan-
guage model as the encoder. The baseline is to train
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[CLS] a white and [MASK] dog … its mouth [SEP] [MASK] tree … [SEP] … 

Transformer Encoder

FFNEmbedding Layer

Transformer Decoder

[SOS] Ein weiß-brauner Hund fängt einen roten Ball in seinem Maul .

Embedding Layer

Ein weiß-brauner Hund fängt einen roten Ball in seinem Maul .

Faster R-CNN

FFN

… ……

brown dogBinary Classification

NMT Training with
Cross Entropy Loss and Modality Loss

Masked Token Prediction

Vision 
Language 
Pre-training

Multi-modal
Input 
(text with
paired or 
random image)

FFN

x t v y

Softmax Layer Softmax Layer

Figure 1: The overall architecture of our proposed multi-modal NMT with pre-trained vision language model.
Note that the [MASK] tokens and random images are merely applied during vision language pre-training.

Encoder
visual Test2016 EnDe Test2016 EnFr
feature BLEU Meteor BLEU Meteor

Transformer - 38.3 56.6 59.6 74.6
BERT - 39.1 57.1 61.0 75.3
LXMERT X 37.4 55.2 57.7 68.6

Table 2: BERT/LXMERT are frozen.

a transformer NMT from scratch. The first compet-
itive system is simply BERT, and the second one
is the pre-trained vision language model LXMERT.
LXMERT claimed that the initialization with pre-
trained BERT will harm the performance of their
downstream tasks. Table 2 shows the preliminary
results indicating that the pre-trained LXMERT
as the encoder performs surprisingly worse than
text-only BERT. Does the table suggest that the
visual features are equally marginalized in MMT
equipped with pre-trained language model? How-
ever, since BERT encoder can bring more improve-
ments, we can abandon LXMERT’s conclusion and
return to the paradigm with BERT initialization.

3.2 Vision Language Pre-training (VLP)

Ive et al. (2019) finds that integrating both object-
based embedding features and image features into
the NMT model results better performance in hu-
man evaluation on comprehensibility. We therefore
favor the object-semantics alignment whose inter-
action is composed of text embedding, object tag
embedding and object image features.

We visualize the training rationale of the VLP
in the red dashed box of Figure 1. Suppose that
an image and its description x are presented as
the input, where x represents a sequence of n to-

kens (x1, ..., xn), i.e., the sentence of the source
language in our following NMT system. We first
process the image with the efficient object detection
model Faster-RCNN (Ren et al., 2015) to detect
the object regions, box positions, object tags and
attribute tags. Particularly, two sets of features are
extracted. One is the image visual features of all
detected objects, denoted as v. The other is the
classification tags of the corresponding objects, de-
noted as t, as textual features.

Since the backbone of our transformer encoder
is pre-trained BERT, the input text x and object
tags t are both language tokens that can be easily
concatenated. However, there is a dimensionality
mismatch between the BERT embedding layer and
the visual features. For dimension reduction, a
fully-connected layer is necessary with input v,
and its task is to learn cross modality transferring.
The final input fed into the multiple transformer
layers of BERT can be written as follows.

Cat [Emb (Cat[x, t]) ,FFN(v)] (1)

We now face two similar tasks as BERT.
Task 1: Masked LM Same as the standard BERT,
our training objective employs the masking token
prediction, where 15% of the input text tokens are
randomly selected and replaced with the special
token [MASK]. Then, only the masked token will
be predicted.
Task 2: Paired Image Prediction Analogous to
the standard BERT, we pre-train the binarized
paired image prediction task that mimics predicting
the next sentence, where the training data can be
trivially generated for each batch. Specifically, for
a given text input, we choose its paired image or
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[CLS] a white and brown dog is catching a red ball in its mouth . [SEP] dog tree building grass ball [SEP] 

Model Decoder

Ein weiß-brauner Hund

Model Encoder

[SOS] Ein weiß-braune

Softmax Layer

Kv, VvKx, Vx Qy

Source-Target Cross-Attention Image-Target Cross-Attention

Cosine Similarity Optimized with NMTWell trained in VLP

Figure 2: The visualization of modality loss for an input sentence-image pair. It exemplifies the computational
flow of the modality loss w.r.t. the last layer of the decoder when decoding “Hund” in German.

a random image each with probability 50%. The
output vector of the first special token [CLS] is
used as the aggregate multi-modal representation
for this classification task.

3.3 Multi-modal NMT
Once the vision language model has been fully
trained on a large paired image-text dataset, it is rea-
sonable to assume that the obtained cross-modality
representations between the source text and the im-
age are more powerful than those training on the
limited Multi-30K. The (key, value) pairs of both
the textual and visual features participate in the dot-
product attention of the transformer decoder. But
there is another dimensionality mismatch between
the BERT output and the decoder hidden size. To
close this gap, we append an additional fully con-
nected layer after the last layer of BERT. In this
section, we also introduce a novel modality loss
that is potential to benefit the multi-modal repre-
sentation learning while but incurs only a few extra
model parameters.
Modality Loss To train a multi-modal machine
translation task, i.e., generating the tokens in the
target language y = (y1, ..., ym), a common objec-
tive is the sequential cross entropy loss LXENT =
−∑m

j=1 log p(yj |y<jx,v), which is the sum of
the negative log-likelihoods of the auto-regressive
text generation task. Our proposed auxiliary modal-
ity loss can be intuitively depicted as Figure 2.

Concretely, when generating the j-th token in
the target, the output textual and visual (key, value)
pairs from the encoder are separately used to com-
pute the cross-lingual and cross-modality attention
with the query vector of the l-th layer in the decoder.
The derived vectors can be written as follows.

h
(l)
x,j = Softmax

(
Kxq

(l)
j /
√
d
)
Vx (2)

where d is the hidden size of the model decoder,

and similar attention holds for visual features
h
(l)
v,j = Softmax

(
Kvq

(l)
j /
√
d
)
Vv. Thus, the

modality loss can be represented as

L(l)M =
m∑

j=1

(1− cos(h(l)
x,j ,h

(l)
v,j)) (3)

where the cosine similarity is defined as
cos(a,b) = a>b

‖a‖,‖b‖ . Consequently, the overall
training objective is a weighted combination of two
loss functions.

L = LXENT +
L∑

l=1

λ(l)L(l)M (4)

where L is total number of transformer layers in
decoder. Empirically, we found that only using
the modality loss of the last layer is sufficient to
improve the model performance. Intuitively, the
query vector will be directly fed into the softmax
layer for decoding the target tokens, making the last
layer more informative than other remote layers.

A common method of choosing the weighting
parameter λ is to run cross validation on the held-
out development data. For the task at hand, this
is a time-consuming process. We instead discard
the layer-wise λ(l) in Eq. (4) and introduce a self-
tuning module with respect to the generation pro-
cess of every single target token. Mathematically,
the refined modality loss can be formulated as,

L̃(l)M =

m∑

j=1

λ
(l)
j (1− cos(h(l)

x,j ,h
(l)
v,j)). (5)

where the token level λj is learnable and derived
from a feedforward neural network.

λ
(l)
j = Sigmoid(w>y Emb(yj)+w>x h

(l)
x,j+w>v h

(l)
v,j)

where wy,wx,wv are three d-dimensional vectors
shared cross different decoder layers and required
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Algorithm 1 Training Pipeline

Require: Image, source text paired dataDVLP; Im-
age, source/target text triple data DMMT.

1: Initialize the transformer encoder of NMT with
pre-trained BERT.

2: Pre-train the transformer encoder on DVLP
with masked language model task and pair im-
age prediction task.

3: Extract the image, source text paired from
DMMT.

4: Continue the vision language pre-training on
above extracted data.

5: Freeze the transformer encoder, and optimize
other parameters on DMMT with cross entropy
loss and modality loss until convergence.

6: Optimize all model parameters on DMMT with
cross entropy loss and modality loss until con-
vergence.

to jointly optimize with the model parameters, but
useless during inference. We expect the model to
dynamically adjust the weight parameters of the to-
kens with different importance. For example, there
is a good chance that the content words also appear
as detected objects by the Faster R-CNN. If the
term w>v h

(l)
v,j can positively increase its scale for

such words, the corresponding λjs become larger
and therefore reinforce the maximization of the
cosine similarity. In contrast, although it happens
that a mapping exists between the source and target
functional words, the image-target cross attention
may become weak, making it less necessary to pro-
mote the similarity. The term w>x h

(l)
x,j is intended

to model the importance of the source contribution.
Our results, however, show that in the current ex-
periment setup its effect is not quite as significant.

3.4 Two-Stage Training

When BERT is applied to the downstream tasks,
the task-specific module parameters are usually
plugged into BERT and all the trainable parameters
are simultaneously fine-tuned (Devlin et al., 2019).
However, we found this is not the optimal strategy
of training our downstream task – multi-modal ma-
chine translation. The large number of untrained
parameters in the transformer decoder almost ac-
count for half of the model size. We conjecture that
the encoder parameters have already reached a flat
plateau after the pre-training, and it is difficult to
set the consistent optimization hyper-parameters

(such as learning rate, decay rate or warm-up steps)
for both the encoder and decoder.

Therefore, we adopt a two-stage training sched-
ule. In the first stage, the encoder parameters are
frozen and only the decoder parameters are opti-
mized w.r.t. the cross entropy and modality loss.
In the second stage, all model parameters become
trainable and are updated concurrently. This step
simulates the regular BERT fine-tuning procedure,
and its convergence is expected to lead to a better
performance. To this end, we have elaborated the
key ideas of our proposed method and summarize
the training pipeline of the entire model training
process in Algorithm 1.

4 Experiments

In this section, we describe the datasets, the de-
tailed settings as well as the compared baselines.

4.1 Datasets and Settings

Multi-30K We conduct experiments on the Multi-
30K dataset (Elliott et al., 2016), where each image
is paired with one English(En) description and hu-
man translations of German(De) and French(Fr).
It has 29,000 instances for training and 1,014 in-
stances for development. Besides, we evaluate our
model on various testing sets, including the Multi-
30K 2016 test set, the WMT17 test set and the am-
biguous MSCOCO test set, which contain 1,000,
1,000 and 461 instances, respectively.
External Data We use about 6 million image and
English text paired data for our vision language
model pre-training, including MSCOCO (Lin et al.,
2014), Im2text (Ordonez et al., 2011), visual7w
(Zhu et al., 2016), VQA 2.0 (Goyal et al., 2017),
Conceptual captions (Sharma et al., 2018), GQA
(Hudson and Manning, 2019). We first process the
image with a popular off-the-shelf Faster-RCNN
toolkit1 (Ren et al., 2015; Anderson et al., 2018;
Wu et al., 2019). The Faster R-CNN (Ren et al.,
2015) network is pre-trained on the MSCOCO
dataset and fine-tuned on the Visual Genome (Kr-
ishna et al., 2017) dataset to detect salient visual
objects, where the number of visual objects ranges
from 10 to 100 with the highest prediction prob-
ability and 2048 is the dimension of the flattened
last pooling layer in the ResNet (He et al., 2016)
backbone. Then, we obtain the position-sensitive

1https://github.com/airsplay/
py-bottom-up-attention
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Model
En⇒De

Notes on external resourcesTest2016 Test2017 MSCOCO
BLEU Meteor BLEU Meteor BLEU Meteor

Our text-only 38.3 56.6 30.3 51.0 28.6 47.7 Our own implemented transformer
Doubly-Att 36.5 55.0 - - - -
Fusion-conv 37.0 57.0 29.8 51.2 25.1 46.0
Trg-mul 37.8 57.7∗ 30.7 52.2∗ 26.4 47.4
VAG 31.6 52.2 - - - - Constrained methods
VMMT 37.7 56.0 30.1 49.9 25.5 44.8 ResNet features only
DNetwork 38.0 55.6 - - - -
Multimodal-Att 38.7 55.7 - - - -

Semi-unconstrained methods
VMMT 38.4 58.3 - - - - few Back-translation data
Multimodal-Att 39.5 56.9 - - - - few Back-translation data
Graph-Fusion 39.8∗ 57.6 32.2∗ 51.9 28.7∗ 47.6∗ BERT(en), visual grounding tool
Our Model 42.7 60.7 35.5 54.9 32.8 52.2 BERT(en), images-en

WMT 2018 unconstrained methods
MeMAD 45.1 - 40.8 - 36.9 - images-en, OpenSub en-de/fr
CUNI 42.7 59.1 - - - - images-en, Bookshop en-de/fr,

Back-translation

Table 3: Experimental results on the En⇒De MMT. Our results are highlighted in bold. ∗ indicates previous SOTA.
B will be short for BLEU and M will be short for Metoer in other tables.

Model
En⇒Fr

Test2016 Test2017
B M B M

Our Text-only 59.6 74.6 52.7 69.1
Doubly-Att 59.9 74.1 52.4 68.1
Fusion-conv 53.5 70.4 51.6 68.6
Trg-mul 54.7 71.3 52.7 69.5∗

VAG 53.8 70.3 - -
DNetwork 59.8 74.4 - -

Semi-unconstrained methods
Graph-Fusion 60.9∗ 74.9∗ 53.9∗ 69.3
Our Model 65.8 79.1 58.2 73.5

WMT 2018 unconstrained methods
MeMAD 68.3 - 62.5 -
CUNI 62.8 77.0 - -

Table 4: Experimental results on the En⇒Fr MMT.

visual features by concatenating the region features
and the corresponding positions.

For the English text, we follow the same pre-
processing as the open-source BERT toolkit2. The
BERT base model with hidden size 768 is utilized
as initialization. Note that unlike (Grönroos et al.,
2018; Helcl et al., 2018), we never include any ex-

2https://github.com/huggingface/
transformers

ternal data related to the target languages for both
vision language pre-training and machine transla-
tion training. For notation simplicity and differ-
entiating their setting, we define our scenario as
semi-constrained.

4.2 Baselines

We mainly compare with the following repre-
sentative and competitive frameworks. The con-
strained methods include Doubly-Att (Calixto
et al., 2017), Fusion-conv / Trg-mul (Caglayan
et al., 2017), VAG (Zhou et al., 2018), VMMT
(Calixto et al., 2019) and Multimodal-Att (Yao
and Wan, 2020). MeMAD and CUNI (Grönroos
et al., 2018; Helcl et al., 2018) mainly discussed
the unconstrained scenario of MMT. In addition,
VMMT and Multimodal-Att attempted to adding
in-domain back-translation data. We prefer to in-
clude them into semi-unconstrained methods as
well. Graph-Fusion (Yin et al., 2020) uses BERT
based visual ground model to hard-code a unified
multi-modal graph and performs semantic interac-
tions by graph fusion layers, achieving the current
state-of-the-art performance.
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4.3 Main Results

In Table 3 and 4, we report the main experimen-
tal results of our proposed method with previous
research works. All reported numbers of our ap-
proach are evaluated on the best performed model
for the validation set. Note that when optimizing
the parameters, we only use the modality loss cal-
culated from the last layer with learnable token
level λ(6)j . In other words, the reported numbers

are obtained by minimizing LXENT + L̃(6)M . In the
ablation study, we demonstrate this simplification
not only reduces the computational complexity, but
also achieves better result than our initial proposal.

Both tables show that our multi-modal trans-
lation outperforms the existing models and base-
lines, especially the recent state-of-the-art algo-
rithm Graph Fusion, which also leveraged the pre-
trained BERT based visual grounding model from
large scale paired image-text data. However, it
only hard-coded the inferred multi-modal graph by
visual grounding to construct the mask matrix of
cross modality attention in the transformer encoder.
One advantage of our work is that we directly build
our NMT model on top of the pre-trained vision
language BERT, making the most of pre-trained
cross modality attention. Another advantage is that
our end-to-end trainable model can spontaneously
avoid the error accumulation.

Since our multi-modal translation model is im-
plemented based on the text-only transformer, we
also report the text-only results with our own im-
plemented transformer for a fair comparison. Our
text-only transformer is a surprisingly strong base-
line and very competitive with most cited works.
For English to German translation task, our text-
only baseline almost beats all previous works on
the ambiguous MSCOCO test set, and is only in-
ferior to two systems on Multi-30K test sets with
less than 2 BLEU score difference. For English
to French translation task, only the Graph Fusion
algorithm significantly outperforms our text-only
transformer. In contrast, on the three test sets of
English to German, our final multi-modal transla-
tion model can on average achieve approximately
+4.6 BLEU and +4.2 METEOR over the text-only
baseline. On the two test sets of English to French,
the averaged gains of our model are about +5.85
and +4.45 on BLEU and METEOR.

Model
Test2016 Test2017 MSCOCO
B M B M B M

Text-only En⇒De Model
Transformer 38.3 56.6 30.3 51.0 28.6 47.7
BERT-NMT 39.4 56.6 29.7 48.6 27.9 46.2
BERT-enc 1st 39.1 57.1 31.8 51.1 29.5 47.9
BERT-enc 2nd 40.0 58.7 34.7 53.8 30.6 51.2

Multi-modal En⇒De Model
Our Model 42.7 60.7 35.5 54.9 32.8 52.2
- LM 41.8 60.0 34.7 54.6 32.3 52.3

Table 5: Comparison with variants of text-only models.
1st and 2nd means the 1st and 2nd stage of training.

4.4 Probing Textual Language Model
Our implemented text-only transformer only uses
the source-target parallel corpus extracted from
Multi-30K, which overlooks the power of the pre-
training on the source side. Because our multi-
modal encoder has been fully pre-trained, we sys-
tematically compare it with another two text-only
baselines. The first baseline virtually has the same
architecture as multi-modal framework but without
vision language pre-training, denoted as BERT-enc.
The second one is BERT-NMT (Zhu et al., 2019)
by incorporating the output of BERT into the atten-
tion module of the transformer. We directly run the
experiments with their released codebase3. With-
out image data, all text-only models only optimize
the cross entropy loss, so we also present the result
of our model without the modality loss.

As shown in Table 5, the BERT-NMT is some-
times even worse than the regular transformer.
We hypothesize that the existence of too many
untrained parameters in the encoder makes the
model difficult to optimize on the limited Multi-
30K dataset. When we directly use the pre-trained
BERT as the encoder and train the model with two-
stage schedule, we observe a consistent improve-
ment on the metrics over the regular transformer,
i.e., +1.1 BLEU at 1st-stage and +2.7 BLEU at 2nd-
stage. Thus, we argue that with the proper 2-stage
training strategy, the pre-trained BERT can account
for one half of the overall gains in our final model.

4.5 Ablation Study
To validate the contribution of each component in
our approach, we conduct a series of incremental
experiments to observe the model performances in
different scenarios, summarized in Table 6.

3https://github.com/bert-nmt/bert-nmt
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Multi-modal Model
Test2016 Test2017 MSCOCO Average
B M B M B M ∆B ∆M

End2End 38.7 58.3 31.6 53.1 29.1 50.0 - -
1st-Stage 40.0 57.5 32.4 51.5 30.8 49.8 +1.27 -0.87

+ 2nd-Stage 41.8 60.0 34.7 54.6 32.3 52.3 +3.13 +1.83
+ Last Layer Modality loss L̃(6)M 42.7 60.7 35.5 54.9 32.8 52.2 +3.90 +2.13

or + All Layers Modality loss
∑6

i=1 L̃
(6)
M 41.7 59.9 34.8 54.7 32.0 51.7 +3.07 +1.63

or + Last Layer Modality loss L(6)M (λ(6) = 0.4) 42.1 59.9 34.9 54.6 31.8 51.3 +3.17 +1.46

Table 6: Ablation study of MMT training on the En⇒De dataset after VLP. Different modality losses are exclusive.

Two-Stage Training In previous analysis, we’ve
seen how the 2-stage training can benefit the text-
only model. In Table 6, we present the metrics
of different multi-modal models. The end-to-end
training, similar to the traditional fine-tuning strat-
egy in (Devlin et al., 2019), optimizes all model
parameters of the downstream task once the VLP is
finished. We found it leads even worse result than
optimizing the decoder alone (i.e., 1st-stage train-
ing) on the metric BLEU. In addition, the result
after the 2nd-stage fine-tuning produces significant
performance increase. We also plot the learning
curve of BLEU on development dataset in Figure 3.
The apparent gap between two curves confirms the
contribution of 2-stage training.
Modality Loss Note that the results in the first
three lines of Table 6 are achieved by optimizing
the cross entropy loss alone. In this study, we will
verify the effectiveness of the modality loss in 3
different setups. We found only optimizing the
modality loss of the last layer can achieve the best
performance. As we discussed before, the query
vector of the last layer will directly and maximally
influence the generation of the target token, while
the vectors from remote layers seem not impor-
tant. We can use the statistics of the learnable λ
to avoid the time-consuming cross-validation. For
example, we set λ as the approximate mean 0.4
in the original modality loss Eq. (4). Although a
slightly performance drop appears, we can get rid
of 3 trainable vectors.

4.6 Case Studies

Actually, the translation performance of the MMT
with vision language model only exceeds about 2
BLEU scores compared with the NMT with BERT
language model. So we cannot guarantee that all
sentences in the testsets can be better translated
by MMT with VLP. We only exemplify two cases
with better translation quality for MMT with VLP,

epochs

Start 2nd stage training
from the best model
on dev set of 1st stage
training

1st

2nd

Figure 3: Learning curve of two-stage training w.r.t.
BLEU on development set.

to indicate the potential benefits.
In the first case, German words “personen” and

“leute” both mean “people”, where leute is a general
expression and can’t be in singular, and “personen”
is a formal expression when stating how many peo-
ple. In object detection model, the tag “person”
possibly enhances the NMT model to produce a
similar German word “personen”. In addition, per-
son is also a German word.

The second case comes from the Ambiguous
COCO testset. The NMT with BERT language
model cannot miss the translation of the word pizza.
The detected object “pizza” may also emphasize
the word and help the MMT, though MMT trans-
lated the rectangular pizza to stein-pizza (stone-
pizza).

4.7 Discussion

The major limitation of our method is that the train-
ing pipeline cannot easily generalize to other source
languages other than English, because the image-
text paired data is unavailable in other languages.
Liu et al. (2020) presented a sequence-to-sequence
denoising auto-encoder pre-trained on large-scale
monolingual corpora in many languages, and suc-
cessfully applied to multi-lingual translation. Hope-
fully, we can explore the similar unsupervised
cross-lingual or zero-shot transfer learning tech-
niques, which help adapt the multi-lingual BERT
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src four people relaxing on a grassy hill overlooking a rocky valley .
ref vier personen entspannen auf einem grasbewachsenen hügel mit ausblick auf ein felsiges tal .
brt vier leute entspannen sich auf einem grasbewachsenen hügel mit blick auf ein steiniges tal .
vlp vier personen entspannen sich auf einem grasbewachsenen hügel mit blick auf ein steiniges tal .
src a girl with arms crossed leaning on counter over a rectangular pizza ,

by a wall calendar and containers .
ref ein mädchen mit gekreuzten armen stützt sich auf eine theke mit einer rechteckigen pizza ,

neben einem wandkalender und behältern .
brt ein mädchen mit verschränkten armen lehnt sich mit überkreuzten armen an einer theke

neben einer wand und kartons .
vlp ein mädchen mit gekreuzten armen lehnt sich über eine theke neben einer wand ,

auf der sich ein stein-pizza und behälter steht .

Table 7: Case Studies

Figure 4: The image for the second case

to a vision multi-lingual model. We will leave this
direction as our future work. The main purpose
is not to design a better vision language model
for other downstream tasks such as VQA. Note
that the contemporary works including ViLBERT
(Lu et al., 2019) and Oscar (Li et al., 2020) may
share the same idea to utilize pre-trained BERT.
Our idea is mostly enlighten by (Ive et al., 2019).
Another different approach is VL-BERT (Su et al.,
2019a), which required to mask sub-regions of the
image and introduced masked ROI classification
loss, rather than mimicking the NSP loss in tradi-
tional BERT.

5 Conclusion

In this paper, we found the vision language pre-
training on the source side can significantly im-
prove the multi-modal machine translation, even
without additional target corpus. Although the
model architecture is as simple as the regular
encoder-decoder transformer, our proposed train-
ing pipeline can help the MMT system outperform
previous works by a large margin on the Multi-30K
dataset. The success of the source-image cross-
modality representation learning encourages us to
design the modality loss that aims at transferring
the pre-trained representations to the target-image
pair. The quantitative analysis also demonstrates
its effectiveness.

Impact Statement

Vision language pre-training has achieved great
success in many NLP tasks. We believe it would
definitely benefit the multi-modal translation and
expect this work can indicate a new unconstrained
scenario.
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Abstract

Recent years have seen a rise in interest for
cross-lingual transfer between languages with
similar typology, and between languages of
various scripts. However, the interplay be-
tween language similarity and difference in
script on cross-lingual transfer is a less stud-
ied problem. We explore this interplay on
cross-lingual transfer for two supervised tasks,
namely part-of-speech tagging and sentiment
analysis. We introduce a newly annotated
corpus of Algerian user-generated comments
comprising parallel annotations of Algerian
written in Latin, Arabic, and code-switched
scripts, as well as annotations for sentiment
and topic categories. We perform baseline
experiments by fine-tuning multi-lingual lan-
guage models. We further explore the effect of
script vs. language similarity in cross-lingual
transfer by fine-tuning multi-lingual models
on languages which are a) typologically dis-
tinct, but use the same script, b) typologically
similar, but use a distinct script, or c) are typo-
logically similar and use the same script. We
find there is a delicate relationship between
script and typology for part-of-speech, while
sentiment analysis is less sensitive.

1 Introduction

Cross-lingual transfer has shown promising results
for several tasks, however the effect of and the
interplay between typologically related languages
and languages that do not share the same script
has seen less focus. This is especially true for
under-resourced vernacular languages and dialects.
In this paper, we focus our work on the Algerian
language, a non-standardized vernacular Arabic
variety, characterized by the heavy use of both
code-switching and borrowings. The existing code-
switching can be anything from local Algerian
dialects (e.g. region based Algerian or Berber),
French, English, Spanish, Modern Standard Arabic

(MSA), or other Arabic dialects. The borrowings
depend on the speakers’ background, but is usually
heavily French-based.

Algerian is a spoken language with no standard-
ized writing, and with the rise of social media, it
has become a language extensively used to com-
municate online. Algerian can be written in both
Arabic and Latin scripts, and code-switching can
therefore occur in a mixture of scripts, or within
one same script. Arabic varieties written in Latin
script are referred to as Arabizi, with north African
languages referred to as North African Arabizi,
NArabizi in short (Seddah et al., 2020). For the
remainder of the paper, we will refer to Algerian
written in Latin script as NArabizi (NA) and Al-
gerian written in Arabic script as Algerian Arabic
(DZ).

The broad usage of Algerian results in large
amounts of data, with no resources or tools to auto-
matically process them. To address this issue and
further investigate which of scripts and typological
differences influence the results the most, we use a
corpus of user comments that reflect the nature of
the Algerian vernacular dialect: with heavy use of
non-standardised spellings and code-switching.

Our main contributions are (i) a new layer of an-
notations (transliteration, sentiment analysis, topic
classification) that build on the Algerian NArabizi
treebank corpus (Seddah et al., 2020), (ii) we inves-
tigate the interplay of script and typology on cross-
lingual transfer for the two tasks part-of-speech
(POS) tagging and sentiment analysis (SA); (iii)
we give a baseline model for topic categorization
for Algerian. All of the data, annotations, and mod-
els are made freely available1.

To the best of our knowledge, the corpus we
present in this work is the first dataset of parallel
Algerian texts written in NArabizi and DZ, anno-

1https://github.com/SamiaTouileb/
Narabizi
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tated on the morphological and syntactic levels,
and for which the interplay between typology and
script can be investigated. We also believe that it
can help developing approaches to tackle the heavy
code-switched nature of the language.

In what follows, in Section 2, we give a brief
overview of related works. In Section 3, we de-
scribe our dataset and annotations, the annotation
processes, and give detailed statistics of the data.
We start with some benchmark experiments in Sec-
tion 4, and present in Section 5 our experiments
for POS tagging, SA, and topic classification. In
Section 6, we summarize and discuss our results,
and conclude in Section 7 with our main findings
and future plans.

2 Related work

The vernacular Algerian language is under-
resourced, and few freely available corpora and
tools exist. Despite work in recent years on this
language (Adouane et al., 2020; Moudjari et al.,
2020; Adouane et al., 2018; Adouane and Dob-
nik, 2017; Cotterell et al., 2014), there is only one
corpus manually annotated for morphological and
syntactical analysis (Seddah et al., 2020).

As pointed out by Seddah et al. (2020), Algerian
is a non-codified spoken Semitic language. It is
a morphologically-rich language (Tsarfaty et al.,
2010), although less so than MSA (Saadane and
Habash, 2015). Similarly to other north African lan-
guages, it uses heavy code-switching and borrow-
ings, which can either be lexicalized borrowings
that receive Arabic-like morphology, or borrowings
that remain invariant or take the morphology of the
borrowings’ original language (e.g., French). Fur-
thermore, Algerian exhibits high variance at the
morphological and phonological levels, as well as
the lexicon and conventions (Seddah et al., 2020).
As shown in Table 1, the Arabic name of the coun-
try “Algeria” can be written in various ways in both
NArabizi and DZ scripts.

As in other North African languages written in
Latin script, phonemes that do not exist in the Latin
alphabet are represented by digits that are visually
similar. For example Table 2 shows how the dig-
its 3 and 9 are used to represent the Arabic letters
“ayin” and “qāf ” respectively. The nature of the lan-
guage makes it therefore an interesting avenue to
explore the interplay between language similarity
and differences in script on cross-lingual transfer.

The script of NArabizi differs from the more re-

NArabizi DZ

al-dzayer QK
@ 	PYË@
dzayer QK
@ 	PX
jazayer QK
@ 	Qk.
al-jazayer QK
@ 	Qm.Ì'@
al-jazaair QK@ 	Qm.Ì'@

Table 1: Lexical variations of the word “Algeria” in
Algerian written in NArabizi and DZ scripts.

Gloss NArabizi Arabic D Letter

why we3lach ��C«ð 3 ¨ (ayin)

he said 9alli ú
ÍA�̄ 9 �� (qāf)

Table 2: Example of non-Latin phonemes represented
as digits in NArabizi.

sourceful MSA and French languages, which can
be seen as its culturally closest languages. How-
ever, Muller et al. (2020) show that transfer learn-
ing approaches can be used on NArabizi, both for
POS-tagging and dependency parsing. They show
that multilingual BERT (Xu et al., 2019) trained
on Maltese, French, and English can successfully
transfer to NArabizi, despite not being included in
pretraining. This shows the potential for multilin-
gual language models to transfer to unseen dialects
across scripts.

The effect of language similarity on NLP tasks
is well known (Ponti et al., 2019), with several
dedicated workshop series (Nicolai et al., 2020;
Zampieri et al., 2018). More recently, attention has
turned to larger scale analyses of morphological
typology effects on language modeling (Gerz et al.,
2018; Cotterell et al., 2018; Mielke et al., 2019).
Cross-lingual transfer between languages with re-
lated typology is more successful than between lan-
guages that do not share similar scripts (Murikinati
et al., 2020; Anastasopoulos and Neubig, 2019),
especially for the study of morphological inflection.
Finally, regarding difference in script, Murikinati
et al. (2020) find that using high-quality translitera-
tion as preprocessing can improve the accuracy of
such models.

However, in contrast to these previous works,
we are interested in the interplay between similar
typology and difference in script on cross-lingual
transfer for two supervised tasks, namely POS tag-
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NArabizi ycombati la misere li las9at fina welat kiste

Arabic transliteration �I��
» �HBð A 	JJ
 	̄ �I�®�Ë ú
Í P@ 	Q�
Ó B ù
 £AJ.ÓñºK


Code-switched transliteration kyste �HBð A 	JJ
 	̄ �I�®�Ë ú
Í la misère ù
 £AJ.ÓñºK


English translation he fights the misery that sticks to us and which has become a cyst

Table 3: Example of transliteration annotations into Arabic and code-switched scripts. The NArabizi is from
(Seddah et al., 2020). The translation to English is added for readers’ comprehension.

ging and sentiment analysis. More precisely, we are
interested in investigating if there are differences in
performance based on the various Algerian scripts.

3 Data and Annotations

The underlying dataset we use is the NArabizi
treebank presented in Seddah et al. (2020). This
dataset comprises approximately 1,500 sentences:
1,300 NArabizi sentences extracted from an Alge-
rian newspaper’s web forum (Cotterell et al., 2014),
and 200 sentences from lyrics of songs collected
manually from the web. Each NArabizi sentence
has five annotation layers: tokenization, morphol-
ogy, identification of code-switching, syntax, and
translation to French (Seddah et al., 2020). The
corpus is in conllu format, and is freely available2.

To investigate the interplay between script and
typology for cross-lingual transfer on POS tagging
and SA, we extend the annotations of Seddah et al.
(2020) by adding two levels of annotations:

Token level: for each token of the NArabizi sen-
tences we:

1. transliterate each NArabizi token to Arabic
script (i.e., DZ).

2. transliterate each NArabizi token to code-
switched scripts (Arabic or Latin) based on
the origin of the token (and the code-switch
annotation label of the treebank).

Sentence level: we annotate each sentence of the
NArabizi corpus for:

1. sentiment: each sentence is annotated as POS
(positive), NEG (negative), NEU (neutral), or
MIX (a mix of two or more of the three previ-
ous classes).

2https://parsiti.github.io/NArabizi/

2. topic: each sentence is annotated as belonging
to one of the following topics: Politics, Prayer,
Religion, Societal, Sport, or NONE.

All the annotations were carried out by native
speakers of Algerian, Arabic, and French. Two an-
notators worked on the token-level annotations, and
three annotators for the sentence-level annotations.
Before starting the annotations, we did a common
annotation round to agree on the guidelines, and
discuss possible issues. During this, we identified a
set of errors in the NArabizi treebank, we therefore
started by preprocessing the data and correct some
of the recurring errors. More details about our pre-
processing of the dataset is given in Section 3.1,
the transliteration annotations are described in Sec-
tion 3.2, and sentiment and topic annotations are
described in respectively Section 3.3 and Section
3.4.

3.1 Annotation Preprocessing

The NArabizi treebank dataset (Seddah et al., 2020)
contains duplicates both in document IDs and in
sentences (strings), both across splits and within
splits. Duplicate IDs refer to the same sentences,
and therefore duplicate IDs imply duplicate sen-
tences. However, duplicate sentences represent
same strings with different IDs. There are far more
sentence duplicates than ID duplicates.

All duplicates were removed. However, as the
corpus is already quite small, we attempt to avoid
removing duplicates from the dev and test splits. If
there are duplicates between the train and the dev
splits, then we keep the sentences in the dev and
remove them from the train set. The same is done
with the test split. For the inter-split duplicates,
we identified 9 duplicated IDs and 46 (12 unique)
duplicated sentences. Intra-split duplicates were
only present in train split, with 9 duplicated IDs,
and 28 (8 unique) duplicated sentences. We kept
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Letter Transliteration

v
	¬ (f )

p H. (b)

g �� (gu)

Table 4: Normalization of some of the Latin characters
that do not have equivalent phonemes in Arabic.

one occurrence of each as it seems that most of
these duplicates come from the chorus of the song
lyrics, and short common utterances as e.g., “viva
Algeria”.

3.2 Transliteration to Arabic and
code-switched scripts

Two annotators expanded the annotations of the
NArabizi treebank by Seddah et al. (2020) by
adding for each token of each sentence a translitera-
tion into Arabic script, and a code-switched version
that includes both Latin and Arabic scripts. The
Latin script is used for tokens that originate from
Latin-scripted languages.

For example, Table 3 shows how the NArabizi
sentence is transliterated into the corresponding
DZ and code-switched scripts. The first word,
“ù
 £AJ.ÓñºK
”, is actually a borrowing from French.

However, borrowings that are integrated into the
Algerian language lexicon, and that are influenced
by Arabic verbal inflections, were not written in
Latin script in the code-switched annotations.

The two annotators were given a subset of 300
sentences to transliterate, i.e., these were doubly
annotated. Due to the lack of codification, we do
not compute any inter-annotator agreement. The
subset of the 300 sentences were mainly used to
set the annotation guidelines, and were extensively
discussed by the annotators.

We decided to normalize some of the Latin char-
acters that do not have equivalent pronunciations
in Arabic, these were transliterated into what the
native annotators deemed to be the corresponding
Arabic characters. In Table 4 we show the Latin let-
ters and the Arabic form they were transliterated to.
Even so, we decided to transliterate the last letter
(phoneme gu) into a non-native Arabic letter. This
letter is vastly used in various Algerian dialects, it
represents the dialectal pronunciation of qāf, and is
also used in names of places and persons.

We are aware of the various efforts to develop

guidelines for conventional orthography of Al-
gerian and other Arabic dialects (Saadane and
Habash, 2015; Habash et al., 2018; Adouane et al.,
2019), but we decided to keep the transliterations
as identical as possible to the original NArabizi pro-
nunciations and spellings, to reflect the distinctive-
ness of the language and its use in normal settings
in social media.

During the transliteration annotations, several
issues were identified in the original NArabizi tree-
bank by Seddah et al. (2020). However, since our
annotators were not trained to alter the dependency
treebank, only a small selection of the identified
errors were corrected.

The first problem encountered is a lack of consis-
tency in the tokenization. For example, the definite
article “È@” ( “el”) can be found both as a stand-
alone token, or attached to a word. The same ap-
plies to the adposition “in/on” (“fi” – “ú


	̄”) where

it can be found both as a stand-alone token, and
attached to the next word. For example, it was
kept with the token in “f ’doute” (“in doubt”), while
it was tokenized as “f +almarikhe” for the word
“falmarikhe” (“on Mars”). All tokenization errors
were not corrected, as this would lead to altering
the dependency trees, and as previously mentioned,
our annotators were not trained for this task.

Secondly, there were also errors in the transla-
tions from NArabizi to French. This is likely due
to non-native Algerian speakers translating some
parts of the NArabizi treebank. We only corrected
the translations that did not alter the tree, i.e., the
POS did not change. Some examples of these types
of errors can be found in Table 10 in Appendix A.

Finally, we also found some errors in the marker
for code-switching (label lang in the data). Some
Algerian tokens were marked as French, and vice-
versa. This also happened with other languages
present in the data (as Spanish, English, and
MSA). One of the typical errors was the acronyms
of football clubs which were all labeled as Al-
gerian. These were corrected to French, since
the acronyms come from their names in French.
For example the football club “MCA” stands for
“Mouloudia Club d’Alger”, while the Arabic name
is “QK@ 	Qm.Ì'@ �éK
XñËñÓ ø
 XA 	K” (“Nadi mouloudiat al-
jazair”).

3.3 Sentiment annotations

The sentences were classified based on their po-
larities into four different classes: POS (positive),
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Train Dev Test

Se
nt

im
en

t POS 291 32 59
NEG 274 44 34
NEU 191 21 20
MIX 242 40 31

To
pi

c

NONE 300 34 36
Politics 80 11 16
Prayer 38 9 9

Religion 17 4 1
Societal 204 25 31

Sport 359 54 51

Table 5: Distribution of sentiment and topic annota-
tions.

NEG (negative), NEU (neutral), and MIX (mixed).
The annotation guidelines were quite simple, and
annotators were asked to use POS and NEG in
clear positive and negative cases respectively. If
a sentence does not express any kind of polarity,
then NEU was assigned. When sentences express
a combination of two or more of the POS, NEG,
or NEU polarities, annotators were asked to as-
sign the MIX label. The inter-annotator agreement
using Cohen’s kappa coefficient κ is 0.71 on the
doubly annotated subset of 300 sentences. Table
5 shows the distribution of the four labels across
the training, development, and test sets. The dis-
tribution is unbalanced, and the large amount of
sentences categorized as MIX can be problematic
as it can contain all other polarities. However, the
difference between the POS and NEG classes is rel-
atively small, which we believe should be suitable
for binary sentiment classification tasks.

3.4 Topic annotations

After a first round of common analysis in collabo-
ration with the annotators, we identified five topics.
However, some sentences were difficult to classify
and we therefore decided to include the category
“NONE”. The final dataset is annotated for the fol-
lowing six categories: (1) Politics: contains all
sentences referring or discussing political events
or issues; (2) Prayer: all sentences representing
prayers; (3) Religion: sentences discussing reli-
gious issues or issues related to religion in general;
(4) Societal: societal related discussions. Covers
everything from schools and teaching, to terrorism
and extremism; (5) Sport: mainly covering football
events, but spans all types of sports and related

NA DZ CS

Se
nt

im
en

t BOW 47.5 45.1 49.5
AVE 52.5 43.2 36.7
CNN 50.2 50.4 46.2
BiLSTM 53.9 45.9 45.6

To
pi

c

BOW 25.8 34.9 38.1
AVE 40.9 44.6 22.8
CNN 24.4 33.4 27.4
BiLSTM 49.4 57.0 36.4

Table 6: Benchmark results for Sentiment Analysis
and Topic classification on the three varieties of the
dataset: NArabizi (NA), Algerian Arabic (DZ), and a
code-switched version (CS). Sentiment and Topic are
both Macro F1.

events; (6) NONE: sentences that were impossi-
ble to categorize. This was mainly due to the lack
of context, as some sentences were comments re-
sponding to either articles or other comments. The
final κ score for the triply annotated 300 sentences
was 0.70.

Table 5 also shows the distribution of topics
across the three splits. Most sentences were clas-
sified as “Societal” and “Sport”. A large amount
of sentences could not be categorised, and few sen-
tences were related to “Religion” and “Prayer”.
Due to the size of the two latter, one could argue
that they could be collapsed into a single topic, as
done in our benchmarking experiments (see Sec-
tion 4). However, we decided to keep them separate
in the annotations, to facilitate further annotations
in the future.

4 Benchmarking experiments

We perform benchmark experiments for SA and
topic classification. Specifically, we use the setup
from Barnes et al. (2017), who perform experi-
ments with a logistic regression classifier with bag-
of-words features (BOW) and averaged embedding
features (AVE), as well as a CNN and BiLSTM. We
use their default value for hyperparameters (c=1,
hidden dimension = 100, dropout = 0.3) and train
for 20 epochs, finally testing the best model on the
dev set. As the label distribution for both tasks is
highly skewed, we use Macro F1 to evaluate. Given
the size of the categories “Prayer” and “Religion”,
we collapse them to a single topic, converting the
topic classification task into a 5-class multi-class
problem.
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UPOS Sentiment

group language # sents. avg. len. # docs. avg. len. pos neg

Original NArabizi 1,276 16.1 731 14.4 380 351
Script Persian 5,997 26.3 879 49.6 419 460
Script Urdu 5,130 27.0 980 17.5 480 500
Typology Hebrew 6,216 30.6 12,434 24.0 8,512 3,922
Typology Maltese 2,074 21.8 719 18.7 237 482
Both MSA 7,664 42.3 51,051 60.8 42,828 8,223

Table 7: Statistics of UPOS and binarized sentiment data.

For the NArabizi and code-switched experi-
ments, we create 100-dimensional fasttext embed-
dings (Bojanowski et al., 2017) on the unlabeled
NArabizi data made available by Seddah et al.
(2020). For the DZ experiments, we use avail-
able 300-dimensional MSA fasttext embeddings3

trained on Wikipedia articles.
Table 6 shows the results. On the sentiment

task, the BiLSTM performs best on NArabizi, the
CNN best on DZ, and BOW best on the code-
switched data. For topic classification the per-
formance is similar, but BiLSTM is also best on
DZ. The fact that BOW performs best on code-
switched data is largely due to the large amount
of out-of-vocabulary words for all other methods,
which require embeddings. These baseline experi-
ments show that the dataset is challenging, and the
variation means that no single model is always best.
The code-switched setting is particularly challeng-
ing.

5 The interplay between language
similarity and script

The transliteration and further sentiment and topic
annotations allow us to explore what interplay there
is between typology and script in cross-lingual
transfer. Muller et al. (2020) perform experiments
on zero-shot cross-lingual transfer for POS tag-
ging on NArabizi. They find that the best transfer
language is Maltese, a Semitic language which is
written in Latin script, rather than MSA, which per-
forms poorly. This begs the question: is it mainly
similar typology or a shared script that leads to
this result? The transliterated dataset, along with
the further sentiment annotations, allow us to inves-
tigate this question in more depth, as we are able

3Available at https://fasttext.cc/docs/en/
pretrained-vectors.html.

to control for the script choice.
We choose Persian and Urdu, languages writ-

ten in Arabic script, but morphologically distinct
from DZ (we refer to this group as Script ), He-
brew and Maltese, two Semitic languages written in
other scripts ( Typology ) , and MSA, which is
both morphologically similar and written in Arabic
script ( Both ). These languages are both avail-
able in UD (Zeman et al., 2020) and also have
available sentiment analysis datasets (Hebrew (Am-
ram et al., 2018), Maltese (Dingli and Sant, 2016),
MSA (Nabil et al., 2015; Abdulla et al., 2013),
Urdu (Khan and Nizami, 2020), Persian (Hosseini
et al., 2018)). As not all sentiment datasets have
the same labels as the NArabizi dataset, we remove
all neutral and mixed labels and create binary sen-
timent data for all languages.

Table 7 gives an overview of the statistics of the
POS and SA datasets, respectively. The NArabizi
data is the smallest POS data (1,276 sentences),
followed by Maltese (2,074), Urdu (5,130), Persian
(5,997), Hebrew (6,216), and finally MSA (7,664).
The average sentence lengths in tokens range be-
tween 16.1 for NArabizi and 42.3 in MSA. The
sentiment datasets have a larger variance, ranging
from 719 sentences for Maltese to 51,051 for MSA.
The distribution of polarity is also skewed to a dif-
ferent degree in each dataset.

5.1 Modeling

We model universal POS (UPOS) tagging as a se-
quence labeling task and SA as a classification task
using multilingual BERT (Xu et al., 2019). We fine-
tune each model on the available training data in
each language, using a shared set of hyperparame-
ters which were selected from recommended values
according to the characteristics of our data. We set
the learning rate to 2e-5, max sequence length of
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256, batch size of 8 or 164, and perform early stop-
ping once the validation score has not improved in
the last epochs, saving the model that performs best
on the dev set. We then test each model on its own
dev and test data, the NArabizi test set, and finally
the transliterated data. We use accuracy as our
metric for POS and macro F1 for sentiment, as the
latter often contains unbalanced classes, and define
a baseline as the result of predicting the majority
class.

6 Results and Discussion

In order to quantify the zero-shot loss, we define a
measure of average transfer loss between a group
in Equation 1:

TLx→y = Sx→x − Sx→y (1)

where TLx→y is the transfer loss experienced by
a model fine-tuned in language x when transfer-
ring to language y and Sx→y is the score5 achieved
when testing a model fine-tuned in language x on
language y. Thus, it is a measure of the perfor-
mance lost in the transfer process.

We also define its averaged variant:

TLA→B =
1

NA

∑

i∈A
TLi→B (2)

where TLA→B refers to the average transfer loss
experienced by languages from any group A to
languages from group B (group-to-group transfer
loss) and NA is the number of languages included
in the experiment that belong to group A (in our
case, either languages that have similar typology,
or have the same script).

6.1 POS

Table 8 shows the results for the POS tagging.
For completeness, we compare with the results
from Seddah et al. (2020), who use a feature-
based alVWTagger, described in more detail in
de La Clergerie et al. (2017) and Muller et al.
(2020), who use mBERT and the StanfordNLP tag-
ger (Qi et al., 2018).

Hebrew has the best test accuracy (96.8) and
Maltese the worst (93.8), while the others are some-
where between. All models perform better on the

4Depending on the size of the training set, model architec-
ture, and available GPU memory.

5The score metric will depend on the task: accuracy in
POS and macro F1 in sentiment analysis.

Dev Test NA DZ

Maj. – – 19.9 19.9
1-NArabizi – 80.4 –
2-NArabizi – – 81.6 –
2-Maltese – – 35.1 –

NArabizi 77.1 – 76.3 43.6
Algerian (DZ) 83.2 – 39.9 82.5

Persian 95.8 95.5 22.7 26.5
Urdu 94.0 93.4 18.7 21.6
Hebrew 97.4 96.8 32.7 38.2
Maltese 93.6 93.0 37.8 38.4
MSA 97.0 96.7 20.0 30.5

Table 8: POS accuracy when training on Train Lang.
Dev Acc. and Test are in-language, while Test Acc. on
Narabizi and Algerian (DZ) is zero-shot cross-lingual.
1-Seddah et al. (2020), 2-Muller et al. (2020).
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Figure 1: The effect of mBERT tokenization on MSA,
Algerian Arabic (DZ), and NArabizi.

transliterated data than the original NArabizi, al-
though training on Urdu performs lower than the
majority baseline. This suggests that even though
mBERT was not pretrained on NArabizi or DZ,
there is a preference for DZ. This is likely due to
the fact that at least some of the words have been
seen in pretraining, i.e., through MSA. An analy-
sis of the tokenization shows that mBERT splits
NArabizi words at a much higher rate than DZ (see
Figure 1), breaking it into smaller pieces, which
may account for some of the differences between
the two. The fact that training on Maltese achieves
the best score on both NArabizi (37.8) and DZ
(38.4), however, suggests that there is still an effect
of typology.

The monolingual model trained and tested on
DZ performs better (82.5 acc.) than the one trained
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and tested on NArabizi (76.3). When each of these
models is tested on the other, they have significant
transfer losses (32.7 for NArabizi→ DZ, and 42.6
for DZ → NArabizi). Here too, transfer to DZ
script seems easier.

On POS, the effect of language typology is
stronger than script, with the best results achieved
by training on Maltese and Hebrew. The aver-
age transfer loss from Persian and Urdu to DZ
is 70.4 while for Hebrew and Maltese to NAra-
bizi it is 59.6, showing less transfer loss from
Typology . MSA has higher transfer loss on

NArabizi (76.7) than DZ (66.2). The differences be-
tween average transfer loss on NArabizi and DZ are
also slightly larger for Script (3.4) compared to
Typology (3.1) or MSA (3.1).

All of this points to a complicated relationship
between script and typology on POS. First of all,
it is clear that mBERT prefers the Arabic script
seen in pretraining. At the same time, typological
similarity also plays a strong role in cross-lingual
transfer in POS, although even in this case, the best
scores are found on DZ.

6.2 Sentiment

Table 9 shows the results for sentiment analysis.
Training in-language again produces the best re-
sults (72.1 and 80.3 on NArabizi and DZ, respec-
tively). The transfer loss from NArabizi to DZ is
relatively low (9.0), while inversely it is immense
(52.6).

Like on POS, most models perform better on DZ
and the best zero-shot results do not come from
training on Typology . In fact, quite the oppo-
site, as these lead to the worst scores and have the
highest average transfer loss (34.8/27.9). The best
models are MSA for NArabizi (62.4) and Urdu
for DZ (63.9), which curiously performs better
than NArabizi → DZ. MSA has transfer losses
of 12.8/25.1, while Script have the lowest av-
erage transfer loss (9.2/4.2). This suggests that
cross-lingual transfer for a more semantic task, e.g.,
sentiment analysis, is less reliant on both typologi-
cal and script similarities.

6.3 Analysis of results

As domain differences between datasets could also
lead to transfer loss, we control for this variable by
first translating all data to English (to use as a pivot
language) and calculating domain difference using
Proxy A-distance. Proxy A-distance (Glorot et al.,

Dev Test NA DZ

Maj. – – 39.0 39.0
NArabizi 78.8 – 72.1 63.1
Algerian (DZ) 84.9 – 27.7 80.3

Persian 65.9 66.2 56.9 56.2
Urdu 59.0 62.4 53.3 63.9
Hebrew 88.4 88.7 47.2 52.2
Maltese 63.7 61.8 33.8 42.5
MSA 74.2 75.2 62.4 50.1

Table 9: Macro F1 on the zero-shot cross-lingual sen-
timent task. Note that these results are not compara-
ble to the benchmark experiments, as the data has been
converted to binary sentiment classification in order to
perform the cross-lingual experiments.

2011) measures the generalization error of a linear
SVM trained to discriminate between two domains.
We translate 1,000 sentences from each dataset to
English using GoogleTranslate and then compute
the proxy A-distance6 We show heat maps for the
domain distances in Figure 2.

For POS tagging, there are small but insignifi-
cant negative effects of proxy A-distance on results
(a Pearson coefficient of -0.264, p > 0.05). On the
sentiment task, there is no significant domain effect
(0.264, p > 0.05). This suggests that most of the
transfer loss is not due to domain mismatch.

7 Conclusion and Future work

In this paper we have described the process of anno-
tating an available Algerian corpus with sentiment
and topics, as well as the transliteration to Arabic
and code-switched scripts, and finally some aspects
of corpus cleanup. We performed benchmark ex-
periments on the three script varieties and show
that they are a challenging testbed for future exper-
iments.

We used this new resource to explore a valuable
research question in cross-lingual transfer: namely,
what is the interplay between language similarity
and script when choosing a source language? We
found there is a delicate interplay between similar
typology and script for transfer in part-of-speech
tagging, where typology is more important, but hav-
ing seen the script in pretraining also influences re-
sults. Sentiment analysis, on the other hand, is less

6Implementation adapted from the code avail-
able at https://github.com/rpryzant/
proxy-a-distance.

3707



MSA

Alge
ria

n

Nara
biz

i

Pe
rsi

an

Heb
rew

Malt
ese Urdu

Urdu

Maltese

Hebrew

Persian

Narabizi

Algerian

MSA

0.0

0.2

0.4

0.6

0.8

1.0

1.2

MSA

Alge
ria

n

Nara
biz

i

Pe
rsi

an

Heb
rew

Malt
ese Urdu

Urdu

Maltese

Hebrew

Persian

Narabizi

Algerian

MSA

0.0

0.2

0.4

0.6

0.8

1.0

Figure 2: Pairwise proxy A distance between English translations of sentiment (left) and POS (right) datasets.

sensitive to typological differences, while still pre-
ferring the script seen in pretraining. This suggests
that choice of transfer language is task-specific and
that surprising differences can appear from one task
to another.

In the future, we would like to address data re-
lated issues, and correct the tokenization and trans-
lation issues discussed in Section 3.1. Moreover,
we plan to focus more concretely on the code-
switching aspect of our dataset. The challenges
of code-switched data to NLP techniques are nu-
merous, and we would like to focus on the syntactic
analysis of our code-switched data, and to explore
in more details language modeling approaches to
processing it.
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Mitrofan, Yusuke Miyao, Simonetta Montemagni,
Amir More, Laura Moreno Romero, Keiko Sophie
Mori, Tomohiko Morioka, Shinsuke Mori, Shigeki
Moro, Bjartur Mortensen, Bohdan Moskalevskyi,
Kadri Muischnek, Robert Munro, Yugo Murawaki,
Kaili Müürisep, Pinkey Nainwani, Juan Igna-
cio Navarro Horñiacek, Anna Nedoluzhko, Gunta
Nešpore-Bērzkalne, Lương Nguyễn Thi., Huyền
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Łapińska, Siyao Peng, Cenel-Augusto Perez, Guy
Perrier, Daria Petrova, Slav Petrov, Jason Phelan,
Jussi Piitulainen, Tommi A Pirinen, Emily Pitler,
Barbara Plank, Thierry Poibeau, Larisa Ponomareva,
Martin Popel, Lauma Pretkalnin, a, Sophie Prévost,
Prokopis Prokopidis, Adam Przepiórkowski, Ti-

3710



ina Puolakainen, Sampo Pyysalo, Peng Qi, An-
driela Rääbis, Alexandre Rademaker, Loganathan
Ramasamy, Taraka Rama, Carlos Ramisch, Vinit
Ravishankar, Livy Real, Petru Rebeja, Siva Reddy,
Georg Rehm, Ivan Riabov, Michael Rießler,
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Samson, Manuela Sanguinetti, Dage Särg, Baiba
Saulı̄te, Yanin Sawanakunanon, Salvatore Scarlata,
Nathan Schneider, Sebastian Schuster, Djamé Sed-
dah, Wolfgang Seeker, Mojgan Seraji, Mo Shen,
Atsuko Shimada, Hiroyuki Shirasu, Muh Shohibus-
sirri, Dmitry Sichinava, Aline Silveira, Natalia Sil-
veira, Maria Simi, Radu Simionescu, Katalin Simkó,
Mária Šimková, Kiril Simov, Maria Skachedubova,
Aaron Smith, Isabela Soares-Bastos, Carolyn Spa-
dine, Antonio Stella, Milan Straka, Jana Strnadová,
Alane Suhr, Umut Sulubacak, Shingo Suzuki, Zsolt
Szántó, Dima Taji, Yuta Takahashi, Fabio Tam-
burini, Takaaki Tanaka, Samson Tella, Isabelle
Tellier, Guillaume Thomas, Liisi Torga, Marsida
Toska, Trond Trosterud, Anna Trukhina, Reut Tsar-
faty, Utku Türk, Francis Tyers, Sumire Uematsu,
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A Appendix

id – Sentence (En) Translation Correct (En) Explanation Status

1 – Mabrouk ya lafhal 1
(congratulations oh brave)

Lafhal courageux
(brave)

annotated as PROPN,
should be NOUN.

X

2 – el hamdou lilah ya
rabi alla 3awdat chawchi
(thanks God for the return
of Chawchi)

Allah alla (for) this is the word úÎ« anno-
tated as PROPN, should be
DET.

X

3 – vive toi mbolhi (long
live you Mbolhi)

fou
(crazy)

Mbolhi Mbolhi is the name of a
football player. It is not an
ADJ, should be PROPN.

X

4 – mabka fiha ghure se-
hab elderaham (the only
ones remaining are those
with money)

pas
pleurer
(not cry)

mabka (only
remain)

this is the word ù�®K. AÓ
(only remain) and not
ú¾K. AÓ (not cry).

X

5 – al mou3ak fil jazair
mayakdarch yakhrouj (the
handicapped in Algeria
can’t go out)

obstacle
(obstacle)

handicapé
(handi-
capped)

the word mou3ak in
this context means
handicapped.

X

Table 10: Examples of errors present in the NArabizi treebank. Status “X” means not corrected, while status “X”
means corrected.
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Abstract
We propose a new task and dataset for a
common problem in social science research:
“upsampling” coarse document labels to fine-
grained labels or spans. We pose the problem
in a question answering format, with the an-
swers providing the fine-grained labels. We
provide a benchmark dataset and baselines
on a socially impactful task: identifying the
exact crowd size at protests and demonstra-
tions in the United States given only order-
of-magnitude information about protest atten-
dance, a very small sample of fine-grained ex-
amples, and English-language news text. We
evaluate several baseline models, including
zero-shot results from rule-based and question-
answering models, few-shot models fine-tuned
on a small set of documents, and weakly su-
pervised models using a larger set of coarsely-
labeled documents. We find that our rule-
based model initially outperforms a zero-shot
pre-trained transformer language model but
that further fine-tuning on a very small subset
of 25 examples substantially improves out-of-
sample performance. We also demonstrate a
method for fine-tuning the transformer span on
only the coarse labels that performs similarly
to our rule-based approach. This work will
contribute to social scientists’ ability to gener-
ate data to understand the causes and successes
of collective action.

1 Introduction

A common data collection task in social science is
applying fine-grained labels to documents, includ-
ing extracting specific passages from text. In many
cases, social scientists already have many coarsely-
labeled documents and a small number of hand-
annotated documents. An automated technique for
“upsampling” from coarse labels to more detailed
information could help researchers produce better
tailored datasets. However, this process does not
fit the tools that applied researchers have access to:

OWOSSO	 --	 On	 Saturday,	 supporters	 of	 Bernie
Sanders	held	the	first	of	two rallies	at	City	Hall	in
anticipation	 of	 Michigan's	 presidential	 primary
election	 Tuesday.	 The	 rally	 featured	 a	 crowd	 of
roughly	30	to	40	people	and	kicked	off	at	2	p.m.
In	 2016's	 presidential	 primary,	 Sanders	 beat
Hillary	Clinton	by	a	slim	margin	of	49.8.

Coarse Label: size category 1 (10–100 attendees)
Gold Span: "30 to 40"

Figure 1: Documents in our corpus have “coarse labels”
reporting the order of magnitude of the protest size and
“gold spans” reporting the exact size of the protest. The
frequency of number words (in bold) shows why this
task is not trivial.

training a document classifier on coarse labels will
not produce the fine-grained answers. Innovations
in zero-shot and few-shot classifiers and informa-
tion extraction (IE) techniques show promise, but
new methods are required that can also draw on the
existing coarse document annotations to improve
fine-grained extraction.

We introduce a new task and dataset for improv-
ing information extraction systems’ performance
when given many coarsely-labeled documents and
a small number of documents annotated with the
spans of interest.1 We draw on a dataset on dissent
and collective action (hereafter, “protests”) in the
United States compiled by the Crowd Counting
Consortium (2020) (CCC) to construct our train-
ing and evaluation data. Protests are an important
avenue for social change and of major interest for
social science researchers. Current work suggests
that attendance is a major factor in the success of
a protest movement (Chenoweth and Margherita,
2019), but good data on protest attendance is diffi-
cult to collect. CCC compiles structured data about
protests from expert annotators using news report-

1Replication archive available at https://
github.com/benradford/few-shot-upsampling
-for-protest-size-detection.
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ing, including the exact text span from the article
that describes the protest’s size and the order of
magnitude of the crowd size. An example is given
in Figure 1. The task we propose is to locate the
span within a document that reports the size of a
protest, given a training set of documents labeled
with the order of magnitude of the protest (“coarse
labels”) and a small number of document pieces
(25) with exact span information (“gold spans”).

Drawing on recent work in question answer-
ing, we repurpose existing models to generate fine-
grained labels given a large set of coarsely-labeled
documents and a small set of documents with fine-
grained labels. We provide results from three base-
line models, finding that a heuristic, rule-based
system outperforms a zero-shot transformer-based
question-answering (QA) model. Fine tuning on a
small set (25) of gold spans substantially improves
performance. We also introduce a new multitask
model that reaches equivalent performance despite
fine-tuning on no gold spans.

2 Task and Data

For each protest in the CCC dataset, we collect the
following data: the raw article text (scraped from
the CCC-provided URLs), the exact string report-
ing the protest size, and a “size category” provided
by CCC that reports the order of magnitude size of
the crowd. The task is to predict the size text string,
given plentiful training data with the size category
and the gold spans for a small set of partial docu-
ments (25 paragraphs). The test set includes only
the full article texts and order-of-magnitude infor-
mation. To make the task tractable, we exclude
protests that are coded from multiple documents
and documents from which multiple protests are
coded. From 48,736 total protests reported by CCC
between January 21, 2017 and October 31, 2020,
we eliminate multi-document/multi-protest reports
and successfully scrape text for 11,005 protests.
We eliminate documents where the CCC-reported
size text is not located within the document, leav-
ing 3,849 protests/documents. We split these data
into four parts:

• Coarse label training set: text with coarse,
order-of-magnitude labels {0,1,2,3} but no
exact answer spans (2,694 full articles).

• Gold span training set: short texts with ex-
act answer spans but no order-of-magnitude
labels (25 paragraphs).

• Validation set: documents with order-of-
magnitude labels and exact answer spans (200
full articles).

• Test set: documents with order-of-magnitude
labels and exact answer spans (930 full arti-
cles).

The task is challenging because models are not
evaluated on the largest portion of the data (coarse
document labels) but rather on a fine-grained span
prediction task for which only limited data is avail-
able. The task can thus be framed in several ways,
depending on which parts of the data are used and
in what ways:

• Zero shot: use an off-the-shelf model to de-
tect protest sizes without any fine tuning on
our data, either coarse or fine.

• Few-shot on gold spans: fine tune a baseline
model on the small number of gold span la-
belled data.

• Coarse labels: use a coarse-to-fine model to
identify spans given only document-level la-
bels.

• Coarse labels + gold spans: train a model
using both coarse order-of-magnitude labels
and limited fine-grained span data.

3 Related Work

The task we propose relates to several strands of
research. One framing is as a question-answering
task (QA), where the same question (“How many
people protested?”) is asked about each document.
A large set of NLP tasks can be framed as question-
answering models (McCann et al., 2018) and QA
models trained on language models can generalize
to new domains with few or no labeled examples
(Brown et al., 2020; Radford et al., 2019). QA
models have also been successfully used when the
training data is noisy (Lin et al., 2018). Given the
flexibility of QA models and their strong perfor-
mance in new domains, we use one as the base of
our models.

A different framing is as a “rationale” problem
for a document classifier. Lei et al. (2016) train a
classifier on document-level labels and use atten-
tion weights to extract rationales for the classifica-
tion. Our task differs from the canonical document
classification task because a responsive model is
evaluated on the extracted spans, not on the coarse
label prediction task.

Distant supervision uses noisy labels, often ap-
plied automatically or with heuristic labels, to train
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systems (Ratner et al., 2017). The classic example
of distant supervision uses a database of relations
to label binary relations in text (Mintz et al., 2009).
Weak supervision, more generally, uses labels that
are noisy or coarse to train fine-grained models
(Khetan et al., 2018; Robinson et al., 2020). Some
work on “noisy labels” relates to our task, where
labels are presented at a higher level of aggregation
rather than with noise. Nayak et al. (2020) propose
a model that uses coarse, document-level sentiment
labels to train a fine-grained, sentence-level senti-
ment classifier. Their task differs from ours in the
nature of their labels: in moving from document-
level to sentence-level labels, they predict labels of
the same type (sentiment scores). In our task, we
also change the labels themselves, from a crowd
size order of magnitude to a token-level label of
whether a word describes the exact protest size.

4 Modeling Strategy

We first attempt the task using a rule-based model
(the “heuristic keyword model”) and an off-the-
shelf zero-shot QA system. We then introduce a
multi-task neural network model based on a pre-
trained transformer language model. We fine-tune
and evaluate this model on the coarse labels and
gold spans, as well as on noisy labels we generate
through a rule-based procedure.

The two standard performance metrics for ques-
tion answering tasks are exact match and F1 (Ra-
jpurkar et al., 2018). We compute exact match as
the sum of exact matches (predicted spans exactly
matched in the set of correct target spans) divided
by the total number of documents. We compute F1

per document based on token-level precision and
recall, then average across documents.

4.1 Heuristic Keyword Model

Our heuristic model is a rule-based system that uses
keyword matching and dependency parses to return
a single number-containing phrase from the arti-
cle. We first locate all number-containing phrases
(digits or number words) in the text with regular
expressions. Using a rule-based system, we convert
these number phrases to a numeric form (e.g. “sev-
eral dozen”→ 36) and then compare the phrase’s
numerical value to the protest’s reported order of
magnitude. If the phrase does not match the or-
der of magnitude, we eliminate it from our candi-
date list. To further reduce the candidate list, we
look for number phrases that occur within the same

sentence as a set of keywords such as “crowd”,
“gathered”, or “protesters”.2 If multiple sentences
have keyword matches, we return the first one. The
CCC data’s size spans include modifiers alongside
the raw numerical values (e.g. “about 20”, “more
than 50”). We use dependency parse information
generated by spaCy to extract the wider span.3

4.2 Zero-Shot QA Model
We begin with a pre-trained RoBERTa model (Liu
et al., 2019) that we subsequently fine-tune for
question answering using the Stanford Question
Answering Dataset (SQuAD) 2.0 as described in
Appendix A (Rajpurkar et al., 2018).4 The QA
model architecture is depicted on the left side of
Figure 2. Because we do not tune this model on our
dataset, we consider its predictions to be zero-shot.

Model Exact F1

Heuristic rules 0.54 0.61
RoBERTa QA
zero-shot 0.17 0.27
+ gold spans 0.67 0.65
+ coarse labels 0.48 0.54
+ coarse labels + heuristic spans 0.66 0.63

Table 1: Exact match (“Exact”) and F1 performance on
test set data. All RoBERTa QA and multitask models
are fine-tuned on SQuAD 2.0. Multitask models itali-
cized. Full results given in Appendix B.

4.3 Fine-tuned QA Model
To use the coarse labels, we add an additional ob-
jective to the QA model that is trained to predict
the crowd size order of magnitude. The model
first predicts the start and end token vectors for a
given context-question pair. We compute the cu-
mulative sum (over tokens) of the predicted start
token vector and the reverse cumulative sum for the
predicted end token vector. The resulting vectors
are element-wise multiplied to produce an attention
mask with high values in the range of tokens be-
tween the predicted start and end tokens. We apply

2The complete list is “protesters”, “demonstrators”, “gath-
ered”, “crowd”, “rallied”, “attended”, “picketed”, “protest”.

3Specifically, (1) for each sentence matching a keyword
(2) identify the word in the sentence that is a number word
or numeric, and (3) also include child nodes that had the
following labels: adjectival modifier, modifier of quantifier,
compound, adverbial modifier. We used spaCy version 2.3.2
with the en core web lg model to perform the dependency
parsing and sentence segmentation.

4We use roberta-base from HuggingFace (Wolf et al.,
2020).
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Token Type IDs
Attention Mask

RoBERTa  Context 
& Question

Hidden states
Out: (512 x 768)

Dense + softmax
Out: (512 x 1)

Dense + softmax
Out: (512 x 1)

Start token
prediction: 

Multiply

Cumulative sum

Reverse
cumulative sum

Multiply

End token
prediction: 

Max pooling

Dense
Out: (1)

Coarse label
prediction: 

L1 penalty

Figure 2: Multitask model architecture: standard
RoBERTa QA (left) and attention mask-based regres-
sion for coarse label prediction (right).

an L1 penalty to this mask to ensure the attention
focuses on a small number of tokens. The attention
mask is then element-wise multiplied with the to-
ken hidden states produced by RoBERTa. Global
max pooling and a single linear regression layer ap-
plied to these attended-to hidden states predict the
coarse label (as shown in the right side of Figure 2).

The loss function for the multitask
model, an unweighted combination of cross-
entropy loss and mean squared error, is
−∑n

i=1 {xilog(x̂i) + yilog(ŷi)} + (ẑ − z)2,
where xi ∈ {0, 1} indicates whether token i is
the start of an answer span, yi ∈ {0, 1} indicates
whether token i is the end of an answer span, z is
the document’s coarse label, and n is the number
of tokens (512, here). The model can be fit to data
including any combination of these three targets.

5 Results

Results on the test set are given in Table 1.
RoBERTa QA refers to RoBERTa fine-tuned on
SQuAD 2.0. With only fine-tuning on SQuAD 2.0,
the model scores 17% exact match accuracy and
27% F1. On their own, the heuristic-derived spans
outperform zero-shot RoBERTa QA. “+ Heuris-
tic spans” indicates that the given model was fine-
tuned on the spans identified by the heuristic model.

Fine-tuning the multitask model on the coarse la-
bels alone results in a 180% increase in exact match
accuracy and 100% increase in F-score. An exam-
ple prediction made by the multitask coarse labels

 A group of around 10  to  50 protesters established a  camp in
Predicted start

 A group of around 10  to  50 protesters established a  camp in
Predicted end

 A

 gr
ou

p  of

 ar
ou

nd  10  to  50

 pr
ot

es
te

rs

 es
ta

bli
sh

ed  a

 ca
m

p  in

Coarse label mask

Figure 3: Example target span from document excerpt
with predicted start tokens (top), predicted end tokens
(middle), and attention mask (bottom). Results from
model c in Table 1. Actual span in bold.

model is shown in Figure 3.5 However, the highest
scores are achieved by fine-tuning the RoBERTa
QA model on just the 25 gold spans: 67% exact
match accuracy and 65% F-score.

The greatest performance by a multitask model
without any gold spans is achieved by the model
fine-tuned on both the coarse labels and the heuris-
tic spans: 66% exact match and 63% F1, just below
the top performing model with access to the gold
spans. We interpret the success of this model and
the coarse labels model over the base RoBERTa
QA model as evidence that our attention masking
strategy was successful at upsampling from coarse
document-level labels to specific token-level spans.

6 Discussion and Conclusion

Social scientists often find themselves with
coarsely-labeled text data for which upsampling
may provide valuable additional information. We
anticipate applications in extracting fine-grained
policy proposals from party manifestos with
document-level annotations (Lehmann et al., 2017),
the specific armed actors engaged in civil war vi-
olence from documents labeled with “rebel” or
“government” (Lyall, 2010), or the specific phrases
in news text that lead to their censorship (King
et al., 2013). We also see applications in upsam-
pling ranges of causalities from NGO reports or
Wikipedia articles to the exact sizes, upsampling
years to more specific dates, or using rounded num-
bers from financial disclosures or government re-
ports as coarse supervision for extracting the exact
amount from text.

Improvements in zero- and low-shot models
should encourage applied researchers to explore
computational approaches to text analysis even
when training data is scarce, noisy, or coarse—

5The model just misses an exact match by omitting
“around” from the predicted span.

3716



common challenges that are often perceived as
intractable. At the same time, NLP researchers
should continue to improve models that can learn
to extract fine-grained information given coarse
training data. Multitask QA models show promise
in doing so, but future work can further integrate
work from the weak/distant supervision literature,
including modeling the noisiness of the labels.
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Impact Statement

Studies of protests have the potential for serious
ethical concerns. Some tasks, such as identifying or
de-anonymizing the participants in a protest could
produce major harms. Our application, identifying
the number of attendees at a protest, has less poten-
tial for harm. Our collection of information on the
size of protests will generally accord with the de-
sires of protesters. Social scientists have long seen
protests as an important tool for social movements
to overcome collective action problems: by making
support for a position visible in the streets, a protest
assures potential supporters of the protest that their
opinions are held by others and that the group could
potentially achieve its ends with more support (Ku-
ran, 1989; Petersen, 2001; Tarrow, 2011). Provid-
ing better information on the size of protests fur-
thers the signalling and information-disseminating
objectives of the protesters themselves. While we
might not agree with the causes of all protesters
in the United States, we believe that on-balance,
our work benefits those with less power more than
it does those with greater power, who can likely
already collect the information they seek manually.

The data that we draw on was collected by the
Crowd Counting Consortium, which relies on vol-
unteers and paid research assistants to collect the
data. Their protocol was reviewed by the University
of Denver IRB and deemed exempt because they
do not collect personally identifiable information
and use only public data.6

A second consideration in our work involves the
role of copyrighted news text in our project. Our
method uses copyrighted news text that we scraped

6https://sites.google.com/view/
crowdcountingconsortium/faqs

from the web. While scraping websites is legal in
the United States,7 redistributing copyrighted text
is more difficult to justify and depends on how the
use fits into the fair use doctrine. Balancing copy-
right holders’ rights with public and educational
benefit is at the core of the fair use doctrine.8 Our
attempt to balance the harms to copyright holders
and the harms to broader public and scientific ben-
efit is to publish a URL list and scraper so that
our corpus can be re-created by future researchers.
Additionally, in cases where a researcher is attempt-
ing to replicate our work for educational purposes,
we will make our scraped corpus available for the
narrow purpose of replicating our work.
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Snorkel: Rapid training data creation with weak su-
pervision. In Proceedings of the VLDB Endowment.
International Conference on Very Large Data Bases,
volume 11, page 269. NIH Public Access.

Joshua Robinson, Stefanie Jegelka, and Suvrit Sra.
2020. Strength from weakness: Fast learning using
weak supervision. In International Conference on
Machine Learning, pages 8127–8136. PMLR.

Sidney G Tarrow. 2011. Power in movement: So-
cial movements and contentious politics. Cambridge
University Press.

Thomas Wolf, Julien Chaumond, Lysandre Debut, Vic-
tor Sanh, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Morgan Funtowicz, Joe Davison, Sam
Shleifer, et al. 2020. Transformers: State-of-the-
art natural language processing. In Proceedings of
the 2020 Conference on Empirical Methods in Nat-
ural Language Processing: System Demonstrations,
pages 38–45.

3718



A Fine-tuning RoBERTa on SQuAD 2.0

A.1 SQuAD 2.0 Fine-Tuning
In order to facilitate extensions to the standard QA
model, we perform the fine-tuning of RoBERTa
on SQuAD 2.0 ourselves (Abadi et al., 2015). We
fine-tune on the SQuAD 2.0 training set for three
epochs using the settings recommended by Nandan
(2020). We use a batch size of 12 due to memory
limitations. We use the Adam optimizer with a
learning rate of 5e− 5. Our model achieves 0.78
and 0.74 exact match on the training and evaluation
sets, respectively. We use this model only as a
basis for subsequent fine-tuning and therefore do
not attempt to match state-of-the-art performance
on the SQuAD 2.0 evaluation set. The model is
trained on two RTX 2080 Ti GPUs. Model size and
training time details are provided in Table 2.

We allow the QA model to identify impossible-
to-answer questions by predicting the sequence
start token (“<s>”) as both the answer span start
and end token.

To fit within the RoBERTa base model’s 512
token limit, we pre-process all text inputs via a
shingling procedure. We limit contexts to 450 to-
kens thereby allowing questions of up to 62 tokens
in length. We then pad to a uniform 512 tokens.
When contexts exceed 450 tokens, we use a sliding
window of 450 tokens that we step through the con-
text 225 tokens at a time. We guarantee all samples
generated from large contexts contain precisely 450
tokens by adjusting the first and last window posi-
tions such that they do not extend before or after
the first or last context token, respectively. We
aggregate predictions across shingles by assum-
ing one predicted span per document and select-
ing the predicted span from the shingle for which
maxi∈[1,...,512](x̂i)+maxi∈[1,...,512](ŷi) is the great-
est.

A.2 Task-Specific Fine-Tuning
The selection of learning rate for these models, 5e-
6 (exactly one order of magnitude lower than the
default used for SQuAD fine-tuning), was due to
our sensitivity to overfitting on the very small set
of span examples. All models were trained for 150
batches, each batch comprising 12 samples chosen
from the training datasets with replacement. When
multiple datasets are used to train the same model,
batches alternate between them. We selected the
number of batches for training by observing exact
match accuracy on the validation set over a range of

iteration steps from 1 to 400 and selecting the earli-
est batch iteration at which validation set accuracy
appeared to plateau.

B Results

The full set of fine-tuning data combinations is
given in Table 3. All models c through i are
trained using the same hyperparameters and strat-
egy (Adam optimizer, 5e-6 learning rate, and 150
batches of size 12 examples each).
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Parameters Training Time
(a) Heuristic rules – –
(b) RoBERTa + SQuAD 2.0 (zero-shot) 1.25M 200 min
(c) + coarse labels 1.25M + 20 min
(d) + heuristic spans 1.25M + 20 min
(e) + coarse labels + heuristic spans 1.25M + 20 min
(f) + gold spans 1.25M + 20 min
(g) + gold spans + coarse labels 1.25M + 20 min
(h) + gold spans + heuristic spans 1.25M + 20 min
(i) + gold spans + coarse labels + heuristic spans 1.25M + 20 min

Table 2: Model size in parameters. Training time (approximate) on 2× RTX 2080 Ti GPUs. “+ 20 min” indicates
the model takes an additional 20 minutes to fine-tune after the initial fine-tuning on SQuAD 2.0. These estimates
may be high due to our validation set performance evaluation between batches.

Test set Validation set
Exact Match F1 Exact Match F1

(a) Heuristic rules 0.54 0.61
(b) RoBERTa + SQuAD 2.0 (zero-shot) 0.17 0.27 0.19 0.27
(c) + coarse labels 0.48 0.54 0.54 0.58
(d) + heuristic spans 0.51 0.50 0.56 0.51
(e) + coarse labels + heuristic spans 0.66 0.63 0.72 0.66
(f) + gold spans 0.67 0.65 0.71 0.68
(g) + gold spans + coarse labels 0.67 0.65 0.68 0.66
(h) + gold spans + heuristic spans 0.62 0.61 0.66 0.62
(i) + gold spans + coarse labels + heuristic spans 0.65 0.64 0.72 0.67

Table 3: Exact match and token-level F1 performance by each model on test and validation set data.
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Abstract

The unigram distribution is the non-contextual
probability of finding a specific word form in
a corpus. While of central importance to the
study of language, it is commonly approxi-
mated by each word’s sample frequency in the
corpus. This approach, being highly depen-
dent on sample size, assigns zero probability
to any out-of-vocabulary (oov) word form. As
a result, it produces negatively biased probabil-
ities for any oov word form, while positively
biased probabilities to in-corpus words. In this
work, we argue in favor of properly modeling
the unigram distribution—claiming it should
be a central task in natural language process-
ing. With this in mind, we present a novel
model for estimating it in a language (a neural-
ization of Goldwater et al.’s (2011) model) and
show it produces much better estimates across
a diverse set of 7 languages than the naı̈ve use
of neural character-level language models.

1 Introduction

Neural networks have yielded impressive gains
in sentence-level language modeling across a
typologically diverse set of languages (Mikolov
et al., 2010; Kalchbrenner et al., 2016; Merity
et al., 2018; Melis et al., 2018; Cotterell et al.,
2018). Similarly, neural networks constitute the
state of the art in modeling the distribution over
a language’s word types (Pimentel et al., 2020),
outperforming non-neural generative models such
as Futrell et al.’s (2017) with character-level mod-
els. This paper focuses on a less-researched task
that is halfway between sentence-level language
modeling and word type distributions: Modeling
the unigram distribution, the distribution over
word tokens in a language consisting of the prob-
ability of a word’s form as well as its frequency
in the language. In particular, as opposed to
sentence-level modeling, the unigram distribution
does not consider contextual information.

∗Equal contribution

Figure 1: Word-level surprisal in Finnish under our
two-stage model, two baseline LSTMs trained with
either word type or token data, and another LSTM
called the generator, trained on an interpolation of
both. Lines depict rolling averages.

The unigram distribution is a central object in the
science of language from historical linguistics to
psycholinguistics and beyond (Baayen et al., 2016;
Diessel, 2017; Divjak, 2019). However, the major-
ity of research on unigram distributions is based
on identifying this distribution with sample fre-
quency. This approach results in poor estimates,
as it assigns zero probability to out-of-vocabulary
words.1 Further, it is highly dependent on sample
size (Baayen, 2002)

The core contribution of our work is motivating
the unigram distribution as a worthwhile objective
for scientific inquiry—one which is currently un-
derstudied in the field. With that in mind, we also
present a neuralization of Goldwater et al.’s (2011)
two-stage model.2 The gist of this approach is
using two components to model the Zipfian distri-
bution of word tokens in a language (Zipf, 1935)
separately from its phono- or graphotactic distribu-
tion. The first component, termed the adaptor, is

1In the Turkish Wikipedia, for example, considering a train-
ing set of 8 million and a test set of 1 million tokens, 27.4% of
test types and 5.3% of test tokens are out-of-vocabulary. Note
that, according to Heaps’ law, a similar behavior would be ex-
pected from corpora of any size (Herdan, 1960; Heaps, 1978).

2While Goldwater et al. (2011) acknowledge that their
model could be used in various tasks of learning linguistic
structure, they only present results in modeling morphology.
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based on the Pitman–Yor process (PYP; Pitman and
Yor, 1997), and has the ability to model the power-
law behavior of word tokens. The second, termed
the generator, leverages a character-level neural
language model to capture structural patterns in
written words, e.g. graphotactics and morphology.

Critically, naı̈vely training a character-level neu-
ral model in either types (i.e. unique word forms)
or tokens (i.e. word forms in their original frequen-
cies) should lead to degenerate results. Models
trained on natural corpora (i.e. token data) should
excel in modeling the most common words of a
language, but might poorly approximate the set of
infrequent word forms which individuals dynam-
ically produce (e.g. through compositional mor-
phology). On the other hand, training models on
the collection of unique word forms (i.e. type data)
would give equal weight to typical and atypical pro-
ductions, potentially leading to poor performance
on the most frequent forms, which any individual
would recognize as part of their language. In the
two-stage model, as we will show, our generator is
trained on a dataset interpolated between types and
tokens—modeling the nuance between frequent
and infrequent word forms better.

By testing our model on a set of languages with
diverse morphological and phonological character-
istics, we find that it is capable of modeling both
frequent and infrequent words, thus producing a
better estimate of the unigram distribution than a
character-level LSTM. The empirical superiority
of our two-stage model is shown in Fig. 1, where
the surprisal (i.e. the negative log-probability, mea-
sured in nats here) of each token is plotted un-
der four different models for Finnish. Our pro-
posed two-stage model achieves a lower or sim-
ilar surprisal to the baselines on tokens with all
frequencies—with similar patterns arising in all
analyzed languages.3

2 The Unigram Distribution

The unigram distribution is a probability distribu-
tion over the possible word forms in a language’s
lexicon. This probability takes the frequency of
a token into account, assigning larger probabili-
ties to word forms which are more likely to be

3As a final contribution of our work, the code used
in this paper is available at https://github.com/
irenenikk/modelling-unigram. We hope this will
encourage future work in psycholinguistics to use the model
to accurately investigate the effects of unigram probabilities
in rare words.

encountered in a language’s utterances, thus dif-
fering from word type distributions, such as in Pi-
mentel et al. (2020). It is also not conditioned on a
word’s context, as it considers each word token as a
stand-alone unit, as opposed to the task of language
modeling, e.g. Mikolov et al. (2010).

2.1 Complex Vocabularies
The composition of spoken vocabularies is
structured according to a host of factors. Stemming
from articulatory biases, each language has a
set of constraints on what sequences of speech
sounds can be valid words in it; this is termed the
phonotactics of a language. Languages also ex-
hibit small but non-negligible biases in the regular
match of forms and meanings (Dingemanse et al.,
2015; Pimentel et al., 2019, 2021b). Additionally,
expectations about morphology can constrain
the production or processing of a given word as
belonging to a particular word class (as shown
for instance in Jabberwocky- and wug-type tasks,
Berko 1958, Hall Maudslay and Cotterell 2021).

While individuals often have strong intuitions
about these patterns, their judgments are typically
gradient rather than categorical (Hayes and Wil-
son, 2008; Gorman, 2013). The effective set of
words that naturally occur in linguistic productions
are known to be extremely diverse in their com-
position. Models deployed to explain and predict
typical word forms in a given language might fail
at capturing these corners of the space of possible
forms. If the goal is to produce ecologically valid
models that could approximate actual cognitive pro-
cesses, these atypical forms should be efficiently
learned in addition to the most typical productions.

2.2 Imbalanced Frequencies
Zipf (1935) popularized the observation that the
frequency of a word in a corpus is inversely pro-
portional to its rank, approximately following a
power-law distribution. As such, a small subset
of the most common word types dominate the cor-
pus. These extremely frequent words tend to be
short in length and exceptionally archaic, in the
sense that they preserve traces of previous phono-
tactic and phonological profiles that might have
ceased to be productive. This is particularly rele-
vant when we consider scenarios where substantial
portions of the vocabulary might have been bor-
rowed from different sources over time. English is
a textbook example: Williams (1986) reports that
French, Latin, Germanic and Greek account for
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29%, 29%, 26% and 6% of all words’ origins in
the vocabulary (plus a remaining 10% of diverse
origin). The most frequent portion of the vocabu-
lary preserves the most the original West Germanic
forms, consisting largely of articles, prepositions,
pronouns, and auxiliaries. Further, irregular in-
flections tend to be more common in these highly
frequent words (Ackerman and Malouf, 2013; Cot-
terell et al., 2019). This observation might invite
one to omit frequency information from training
data, i.e. to use types, in order to balance out the
role of the most frequent words.

On the other side of the frequency scale, how-
ever, any natural language data would have plenty
of low-frequency words that reflect the open bound-
aries of the vocabulary. These might include nonce
words (blick), expressive transformations of other
words (a loooooooooooong summer), specialized
terms (onabotulinumtoxina), and names, among
others. In addition, genuine orthographic mispro-
ductions (langague) will be present to some degree.

Finally, acronyms (HTML) will be present in
all frequency bands. These should be particularly
problematic to model, since they do not necessarily
follow the language’s graphotactics to any degree.
There are also frequent and infrequent loanwords
with different degrees of adjustment to the grapho-
and phonotactics of the rest of the vocabulary. For
instance, it has been estimated that 96% and 21%
of English speakers know the Afrikaans-originated
words aardvark and aardwolf, respectively (Brys-
baert et al., 2019).4 These are the only written word
forms in English with a non-negligible frequency
that display two letter ‘a’s in word-initial position.

This whimsical nature of the vocabulary of a
language makes modeling the unigram distribu-
tion challenging: Naı̈vely training a model to cap-
ture word forms at either the token or type level is
likely to give disproportionate emphasis to phono-
tactically unrepresentative words. However, this is
also why its modeling is a worthwhile task—it cap-
tures both frequent and rare productions, combin-
ing form probability with frequency information.

3 Modeling the Unigram Distribution

Our work neuralizes Goldwater et al.’s (2011) two-
stage model and employs it to modeling the uni-
gram distribution.5 The first component, termed

4Aardvarks and aardwolves are African mammals.
5This same model was used in our contemporary work in-

vestigating lexicons’ (non-)optimality (Pimentel et al., 2021a).

the generator, is a model used to produce a set of
i.i.d. word forms {`k}Kk=1. The second component
is termed adaptor, and it assigns each instance in
the training set to a cluster {zn}Nn=1. Under this
model, each token in a dataset has a correspond-
ing cluster zn which defines the token’s word form
wn = `zn . We note that both word forms ` and
clusters z are latent variables, and only tokens w
are observed during training.

Generator. The generator is a model which pro-
duces word forms; we use a character-level LSTM
here (Hochreiter and Schmidhuber, 1997), as in:6

{`k}Kk=1 ∼ pφ(`) = LSTM(`) (1)

These word forms `k are sampled i.i.d.—thus, the
same word may be sampled more than once.

Adaptor. Each word form sampled from the gen-
erator corresponds to a cluster. The adaptor then
assigns a frequency to each of the clusters accord-
ing to a Pitman–Yor process:

p(zn | z<n) (2)

∝
{
c
(zn)
<n − a 1 ≤ zn ≤ K<n (old cluster)
a ·K<n + b zn = K<n + 1 (new cluster)

where 0 ≤ a < 1 and 0 ≤ b are hyperparameters
of the PYP, z<n are the previous cluster assign-
ments, K<n is the current number of clusters with
at least one token and c(zn)<n is the number of tokens
previously assigned to cluster zn. This adaptor,
as a Pitman–Yor process, allows us to model the
power-law distribution of word tokens.

Two-stage Model. Given a cluster assignment
and the list of word forms, defining a token’s form
is deterministic: p(wn | zn, `) = 1{wn = `zn}.
Thus, our model factorizes a new token’s probabil-
ity into two terms:

pmodel(w) = (3)

cw −
smoothing factor︷ ︸︸ ︷
nw · a

|z|+ b︸ ︷︷ ︸
smoothed 1-gram

+
(a ·K + b)

|z|+ b︸ ︷︷ ︸
interpolation weight

· pφ(w)︸ ︷︷ ︸
LSTM

where cw is the number of occurrences of word
formw in our training corpus and nw is the number

6See Pimentel et al. (2020) for more details on this grapho-
tactics generative model.
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of distinct clusters to which it has been assigned:

cw =

N∑

n=1

1{w = `zn}, (4)

nw =

K∑

k=1

1{w = `k} (5)

In practice, the two-stage model acts as an inter-
polation between a smoothed 1-gram model, i.e.
corpus frequencies, and an LSTM character model.
Notably, this model learns per-word smoothing fac-
tors and its interpolation weight in an unsupervised
manner through the PYP parameters’ inference.
The adaptor is fit using Gibbs sampling, and the
generator is trained using a cross-entropy loss on
the set of non-empty clusters produced by the adap-
tor. The generator is thus trained using a more
balanced corpus where the proportion of the most
frequent words is reduced; this can be seen as an
interpolation between a type and a token dataset.7

4 Experiments.

Dataset. We use Wikipedia data and evaluate
our model on the following languages: English,
Finnish, Hebrew, Indonesian, Tamil, Turkish and
Yoruba. These languages represent a typologi-
cally diverse set—with different levels of morphol-
ogy, ranging from rich (e.g. Finnish) to poor (e.g.
Yoruba), as well as distinct scripts and graphotactic
patterns. In preprocessing, we first split the data
into sentences and then into tokens using spaCy
(Honnibal et al., 2020). We then sample 106 tokens
as our training set for each language (except for
Yoruba for which we had less data, see App. F for
more details). From these, we build two distinct
datasets: a token dataset, which corresponds to
the list of word forms with their corpus frequency,
and a type dataset containing the set of unique
word forms in the data.

Evaluation. We measure the cross-entropy of
our models on a held-out test set; this is the stan-
dard evaluation for language modeling. We ap-
proximate this cross-entropy using a sample mean
estimate

H(p) ≤ H(p, pmodel) (6)

≈ − 1

N

N∑

n=1

log pmodel(wn)

7This model’s training is detailed in App. E. For a detailed
description of the adaptor see Goldwater et al. (2011).

Evaluated Model

Language Type Token Two-stage Generator

English 12.50 9.04 8.34 11.86
Finnish 15.07 12.94 11.85 14.16
Hebrew 12.62 10.71 10.20 11.76
Indonesian 13.28 10.33 9.55 11.89
Tamil 14.24 12.66 11.76 13.29
Turkish 14.00 11.77 10.86 12.95
Yoruba 11.13 10.04 9.19 9.88

Table 1: Cross-entropy on the unigram distribution.

where we assume instances wn are sampled from
the true unigram distribution p(w). Specifically,
these token samples {wn}Nn=1 take the form of the
token dataset. The model with the lowest cross-
entropy is the one that diverges the least from the
true distribution.

Baseline Models. As neural networks yield state-
of-the-art performance in language modeling tasks,
we expect them to also do well with the unigram
distribution. In fact, pseudo-text generated by
LSTM-based language models reproduces Zipf’s
law to some extent (Takahashi and Tanaka-Ishii,
2017; Meister and Cotterell, 2021). Thus, we view
state-of-the-art LSTM models as a strong baseline.
We train a character-level LSTM language model
(Pimentel et al., 2020) to directly approximate the
unigram distribution by training it on the token
dataset—modeling these tokens at the character
level. As a second baseline, we train an LSTM on
the type dataset. However, we expect this model to
be outperformed by the token one in the unigram
distribution task, as the information on word fre-
quency is not available during its training. We do
not use a word-level 1-gram model (i.e. the words’
sample frequency) as a baseline here, since it re-
sults in an infinite cross-entropy for any test set con-
taining oov words. We empirically compare four
models: two-stage, generator, token, and type.

Modeling Tokens. Cross-entropy on the token
test sets can be found in Tab. 1. These results show
our two-stage model indeed creates a more accurate
estimate of the unigram distribution, producing the
smallest cross-entropy across all languages.

Frequent vs Infrequent Words. The weak-
nesses of the token and type models are evinced by
Fig. 1. In line with our hypothesis, the token model
achieves lower cross-entropy on the most common
words, but fails to model the rare ones accurately.
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Evaluated Model

Language Type Token Two-stage Generator %

English 18.23 21.71 20.32 18.59 56%
Finnish 19.76 21.42 19.79 19.89 71%
Hebrew 15.81 17.76 17.10 16.30 56%
Indonesian 18.52 21.20 19.15 19.17 61%
Tamil 18.77 20.37 19.26 19.19 71%
Turkish 18.36 19.78 18.50 18.62 65%
Yoruba 15.44 17.69 15.34 16.28 67%

Table 2: Average surprisal for singleton types. Column
% represents the ratio of singletons in the type test set.

The cross-entropy achieved by the type model does
not change as much with word frequency, but is
higher than the one achieved by the token model
for most of the vocabulary. We also see that the
two-stage model performs well across all word fre-
quencies. Indeed, this model appears to behave
similarly to the token model with frequent words,
but obtains a lower cross-entropy on the rare ones,
where the role of the generator in the estimated
probability is emphasized. We suspect this is the
reason behind the two-stage model’s success.

The Long Tail. Fig. 1 also demonstrates that the
entropy estimate for the rare words grows quickly
and exhibits a large variance across models. This
reflects the heterogeneous nature of the words that
only appear a few times in a corpus. This part of
the vocabulary is where the type model achieves
the best results for all languages except Yoruba
(see Tab. 2).8 The fact that singletons (also known
as hapax legomena), i.e. word forms which occur
only once in the test set, form a large portion of the
type dataset boosts the type model’s performance
on rare words. However, in the case of words ap-
pearing more than once (see Tab. 3) the two-stage
model achieves the best results across languages.
Furthermore, in these non-singleton words, the gen-
erator outperforms the type and token models in
all languages except for Yoruba. This shows the
utility of training the generator on an interpolation
between types and tokens. In addition, we note that
one may justifiably question whether properly mod-
eling singletons is a desirable feature, since they
are likely to contain unrepresentative word forms,
such as typos, as discussed previously. Indeed, it
appears that the two-stage model not only leads to
tighter estimates of the unigram distribution, but
also allows us to train a better graphotactics model;

8We note that we used considerably less training data for
Yoruba than for other languages.

Evaluated Model

Language Type Token Two-stage Generator

English 14.50 15.94 13.24 14.25
Finnish 15.19 14.89 12.73 14.80
Hebrew 13.36 13.80 12.66 13.20
Indonesian 14.72 15.50 12.80 14.64
Tamil 14.65 14.77 12.95 14.33
Turkish 14.73 14.41 12.41 14.33
Yoruba 11.13 11.97 10.36 11.16

Table 3: The average surprisal for non-singleton types.

capable of modeling both frequent word forms as
well as new productions.

Future Work. The results we present focus on
analyzing the two-stage model. The generator,
though, produces interesting results by itself, mod-
eling non-singleton word forms better than the type
and token models in most languages. This suggests
that it might be better at modeling the graphotactics
of a language than either of these baselines. Future
work should explore if this indeed is the case.

5 Conclusion

In this work, we motivate the unigram distribution
as an important task to both the psycholinguistics
and natural language processing communities that
has received too little attention. We present a two-
stage model for estimating this distribution—a neu-
ralization of Goldwater et al.’s (2011)—which is
motivated by the complex makeup of vocabularies:
This model defines the probability of a token by
combining the probability of its appearance in the
training corpus with the probability of its form. We
have shown, through a cross-entropy evaluation,
that our model outperforms naı̈ve solutions and is
capable of accurately modeling both frequent and
infrequent words.
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A Tuned hyperparameres for the
two-stage model

Language a b

English 0.33 3,000
Finnish 0.36 90,000
Hebrew 0.40 55,000
Indonesian 0.48 180,000
Tamil 0.70 37,000
Turkish 0.33 95,000
Yoruba 0.08 156,000

Table 4: The optimized values of a and b for the ana-
lyzed languages.

B Hyperparameter Search

The same hyperparameters are used for both our
baseline LSTMs and the generator. We use 3 lay-
ers, where embedding size is 128, hidden size is
512, and dropout probability is 0.33. Training the
two-stage model takes a considerable amount of
time (see Tab. 5). We are thus not capable of do-
ing exhaustive hyperparameter tuning. Random
search (Bergstra and Bengio, 2012) is used in tun-
ing the values for a and b, where we run five train-
ing procedures considering ranges a ∈ [0, 1), and
b ∈ [100, 200,000). We tune the hyperparameters
for each language by minimizing the model’s cross-
entropy on the development set, training them on
a subset of the training data with only 100,000 to-
kens. The found optimal values of a and b are
rounded to two decimal places and the thousands
respectively. Our two-stage model is trained for
five iterations of expectation–maximization.

C Training time with the two-stage
model for each language

Language Minutes

English 164
Finnish 170
Hebrew 175
Indonesian 173
Tamil 166
Turkish 174
Yoruba 56

Table 5: The training times for the two-stage model in
each language. These times were obtained with a single
NVIDIA Tesla P100 GPU.
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D The development set cross-entropies
on the unigram distribution

Evaluated Model

Language Type Token Two-stage Generator

English 12.50 9.04 8.34 9.18
Finnish 15.08 12.94 11.88 13.05
Hebrew 12.62 10.71 10.20 10.78
Indonesian 13.27 10.30 9.53 10.42
Tamil 14.22 12.65 11.76 12.75
Turkish 13.99 11.74 10.83 12.92
Yoruba 11.10 10.00 9.13 9.83

Table 6: Development set cross-entropy for the base-
line models as well as our two-stage model evaluated
on the unigram distribution.

E Inference

Unfortunately, there is no closed form solution for
inferring the parameters of our two-stage model.
In order to obtain a sample of cluster assignments
and train the generator to match their labels, we
estimate the parameters of both the generator and
the adaptor concurrently, freezing one’s parame-
ters while training the other. We use a regime
corresponding to the Monte Carlo Expectation-
maximization (EM) algorithm to train the model
(Wei and Tanner, 1990), which can be found in
Algorithm 1. In the E-step, the function GIBB-
SSAMPLER returns the cluster assignments z and
the dampened word dataset ` obtained via Gibbs
sampling from the PYP. We then use this dampened
dataset to train the generator in the M-step.

Algorithm 1 Training the two-stage model
1: for i in RANGE(# Epochs) do
2: // E-Step
3: z, ` ∼ GIBBSSAMPLER(a, b, pφ, {wn}N1 )
4: // M-Step
5: for t = 1 up to T do
6: φ← ηt

∑|`|
k=1∇φ log pφ(`k | φ)

7: end for
8: end for

E.1 Gibbs Sampler For Cluster Assignments

The Pitman–Yor process does not have a well-
defined posterior probability. Nonetheless, we can
use Gibbs sampling to obtain a sample from this
posterior distribution over cluster assignments de-

fined by the two-stage model.9 We build our sam-
pler after the morphological sampler presented by
Goldwater et al. (2011).

Gibbs sampling is a Markov Chain Monte Carlo
(MCMC) method which approximates the posterior
of a multivariate distribution. It iteratively sam-
ples from the conditional distribution of a variable,
given the values of the other dimensions (Neal,
1993). We use the conditional distribution defined
in eq. (7) (presented in Fig. 2) in the Gibbs sampler
where we know the word form wn of token n—
since it is observable in the corpus— and where the
values for all other cluster assignments are fixed.
Note that, according to eq. (7), we only assign word
tokens to clusters with the same form or create a
new cluster—and when a new one is created, its
word form is assigned town. As such, each cluster
contains a single shared word form. For each adap-
tor training iteration, we run the Gibbs sampler for
six epochs, and choose the cluster assignments that
have the best performance on a development set.
Furthermore, we persist the adaptor state across
iterations, warm starting the Gibbs sampler with
the cluster assignments of the previous iteration.

E.2 Training the generator

In order to train the generator on word form data
with more balanced frequency distributions, a new
training set is dynamically created. In this dataset,
each token appears as many times as it has been
assigned as a cluster label, noted with ` in Algo-
rithm 1.10 A regime similar to using the inverse-
power transformed counts of the tokens in the cor-
pus (Goldwater et al., 2011).

This new training set allows us to train the gen-
erator in an interpolation between a purely type-
or token-based dataset; this interpolation can be
controlled through its parameters a and b. Setting
the values of a and b to zero will cause the model to
favor existing clusters to creating new ones, result-
ing in assigning every token with the same form to
a single cluster. In this case, the generator parame-
ters would be estimated using the equivalent of a
type corpus. Similarly, when a approaches one, or
in the limit of b→∞, less tokens will be assigned
per cluster and the number of single token clusters
grows. This is effectively equivalent to training the
generator using tokens. Consequently, non-extreme

9This is possible due to the exchangeability of the cluster
assignments.

10We hotstart the generator model by training it on a type-
level dataset before the first adaptor training iteration.
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p(zn | z<n,wn) ∝ p(zn,wn | z<n) ∝
{
(c

(zn)
<n − a) · 1{wn = `zn} 1 ≤ zn ≤ K<n

(a ·K<n + b) · pφ(wn) zn = K<n + 1
(7)

Figure 2: The probability of assigning token wn to cluster zn in the two-stage model given all other cluster
assignments z<n.

value of a and b are a middle ground.
We train the character-level LSTM used as our

generator with stochastic gradient descent using a
cross-entropy loss function. This model is trained
with early stopping; it is evaluated every 200
batches, and training stops when the development
set loss has increased for 5 consecutive epochs.

E.3 Training Optimizations
The naı̈ve implementation of the Gibbs sampler
for table assignments quickly becomes computa-
tionally expensive in practice. Consequently, we
use the optimized algorithm designed by Blunsom
et al. (2009) for the hierarchical Dirichlet process
in our implementation, extending it to Pitman–Yor
processes with the additional parameter a.

F Dataset

As noted in the main text, we use Wikipedia data
in our experiments. The amount of sentences used
in our experiments is capped to one billion after
shuffling them. Additionally, we define an upper
bound to the amount of tokens used in each ex-
periment. In case the training data exceed this
limit, we construct a corpus by re-sampling (with
replacement) the desired number of tokens using
the corpus frequencies calculated from the original
training corpus. The number of types and tokens
used in training and evaluation are presented in
Tab. 7. Noise in the Wikipedia data is somewhat
reduced by hand-defining an alphabet for each lan-
guage, and removing any sentence which includes
words with invalid graphemes in it.11

11We define the alphabets using the languages’ Wikipedia
articles and the following website: https://r12a.
github.io/app-charuse/.

Train Test

# Types # Tokens # Types # Tokens

English 76,589 106 67,148 759,412
Finnish 208,498 106 108,020 332,220
Hebrew 131,288 106 105,550 619,685
Indonesian 102,739 106 72,250 507,848
Tamil 206,512 106 116,165 388,257
Turkish 154,185 106 85,074 331,072
Yoruba 97,097 329,093 12,117 41,055

Table 7: The amount of tokens and types used in both
training and testing for the analyzed languages.
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Abstract

With the ever-increasing complexity of neu-
ral language models, practitioners have turned
to methods for understanding the predictions
of these models. One of the most well-
adopted approaches for model interpretability
is feature-based interpretability, i.e., ranking
the features in terms of their impact on model
predictions. Several prior studies have focused
on assessing the fidelity of feature-based in-
terpretability methods, i.e., measuring the im-
pact of dropping the top-ranked features on the
model output. However, relatively little work
has been conducted on quantifying the robust-
ness of interpretations. In this work, we as-
sess the robustness of interpretations of neural
text classifiers, specifically, those based on pre-
trained Transformer encoders, using two ran-
domization tests. The first compares the in-
terpretations of two models that are identical
except for their initializations. The second
measures whether the interpretations differ be-
tween a model with trained parameters and a
model with random parameters. Both tests
show surprising deviations from expected be-
havior, raising questions about the extent of in-
sights that practitioners may draw from inter-
pretations.

1 Introduction

In recent years, large scale language models like
BERT and RoBERTa have helped achieve new
state-of-the-art performance on a variety of NLP
tasks (Devlin et al., 2019; Liu et al., 2019). While
relying on vast amounts of training data and model
capacity has helped increase their accuracy, the rea-
soning of these models is often hard to comprehend.
To this end, several techniques have been proposed
to interpret the model predictions.

Perhaps the most widely-adopted class of inter-
pretability approaches is that of feature-based in-

∗Work done during internship at Amazon.

terpretability where the goal is to assign an impor-
tance score to each of the input features. These
scores are also called feature attributions. Sev-
eral methods in this class (e.g., SHAP (Lundberg
and Lee, 2017), Integrated Gradients (Sundararajan
et al., 2017)) possess desirable theoretical proper-
ties making them attractive candidates for inter-
pretability.

Benchmarking analyses often show that these
methods possess high fidelity, i.e., removing fea-
tures marked important by the interpretability
method from the input indeed leads to significant
change in the model output as expected (Atanasova
et al., 2020; Lundberg and Lee, 2017).

However, relatively few investigations have been
carried out to understand the robustness of feature
attributions. To explore the robustness, we conduct
two tests based on randomization:
Different Initializations Test: This test opera-
tionalizes the implementation invariance property
of Sundararajan et al. (2017). Given an input,
it compares the feature attributions between two
models that are identical in every aspect—that is,
trained with same architecture, with same data, and
same learning schedule—except for their randomly
chosen initial parameters. If the predictions gen-
erated by these two models are also identical, one
would also expect the feature attributions to be the
same for such functionally equivalent models. If
the attributions in two cases are not the same, two
users examining the same input may deem the same
features to have different importance based on the
model that they are consulting.
Untrained Model Test: This test is similar to the
test of Adebayo et al. (2018). Given an input, it
compares the feature attributions generated on a
fully trained model with those on a randomly initial-
ized untrained model. The test evaluates whether
feature attributions on a fully trained model dif-
fer from the feature attributions computed on an
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untrained model as one would expect.
We conduct the two tests on a variety of text clas-

sification datasets. We quantify the feature attribu-
tion similarity using interpretation infidelity (Ar-
ras et al., 2016) and Jaccard similarity (Tanimoto,
1958). The results suggest that: (i) Interpretability
methods fail the different initializations test. In
other words, two functionally equivalent models
lead to different ranking of feature attributions; (ii)
Interpretability methods fail the untrained model
test, i.e., the fidelity of the interpretability method
on an untrained model is better than that of random
feature attributions.

These findings may have important implications
for how the prediction interpretations are shown to
the users of the model, and raise interesting ques-
tions about reliance on these interpretations. For
instance, if two functionally equivalent models gen-
erate different interpretations, to what extent can
a user act upon them, e.g., investing in a financial
product or not. We discuss these implications and
potential reasons for this behavior in §4.

Related work. Model interpretability has different
aspects: local (e.g. Lundberg and Lee, 2017) vs.
global (e.g. Tan et al., 2018), feature-based (e.g.
Lundberg and Lee, 2017) vs. concept-based (e.g.
Kim et al., 2018) vs. hidden representation-
based (Li et al., 2016). See Gilpin et al. (2018);
Guidotti et al. (2018) for an overview. In this paper,
we focus on feature-based interpretability, which
is a well-studied and commonly used form (Bhatt
et al., 2020; Tjoa and Guan, 2020). Specifically,
this class consists of a relatively large number of
methods, of which some have been shown to satisfy
desirable theoretical properties (e.g., SHAP (Lund-
berg and Lee, 2017), Integrated Gradients (Sun-
dararajan et al., 2017), and DeepLIFT (Shrikumar
et al., 2017)).

There are several important aspects of interpre-
tation robustness. Some prior studies have consid-
ered interpretability in the context of adversarial
robustness where the goal often is to actively fool
the model to generate misleading feature attribu-
tions. See for instance Anders et al. (2020); Dom-
browski et al. (2019); Ghorbani et al. (2019); Slack
et al. (2020). In this work, rather than focusing
on targeted changes in the input or the model, we
explore robustness of feature attribution methods
to various kinds of randomizations.

Several prior works have focused on quantifying
quality of interpretations. See for instance, Ade-

bayo et al. (2020); Alvarez-Melis and Jaakkola
(2018); Chalasani et al. (2020); Chen et al. (2019);
Hooker et al. (2019); Lakkaraju et al. (2020); Meng
et al. (2018); Ribeiro et al. (2016); Tomsett et al.
(2020); Yang and Kim (2019). Closest to ours is the
work of Adebayo et al. (2018), which is based on
checking the saliency maps of randomly initialized
image classification models. However, in contrast
to Adebayo et al., we consider text classification.
Moreover, while the analysis of Adebayo et al. is
largely based on visual inspection, we extend it by
considering automatically quantifiable measures.
We also extend the analysis to non-gradient based
methods (SHAP).

2 Setup

We describe the datasets, models, and interpretabil-
ity methods considered in our analysis.
Datasets. We consider four different datasets cov-
ering a range of document lengths and number of
label classes. The datasets are: (i) FPB: The Fi-
nancial Phrase Bank dataset (Malo et al., 2014)
where the task is to classify news headlines into one
of three sentiment classes, namely, positive, neg-
ative, and neutral. (ii) SST2: The Stanford Senti-
ment Treebank 2 dataset (Socher et al., 2013). The
task is to classify single sentences extracted from
movie reviews into positive or negative sentiment
classes. (iii) IMDB: The IMDB movie reviews
dataset (Maas et al., 2011). The task is to classify
movie reviews into positive or negative sentiment
classes. (iv) Bios: The Bios dataset of De-Arteaga
et al. (2019). The task is to classify the profes-
sion of a person from their biography. Table 5 in
Appendix A shows detailed dataset statistics.

2.1 Models

We consider four pretrained Transformer encoders:
BERT (BT), RoBERTa (RB), DistilBERT (dBT),
and DistilRoBERTa (dRB). The encoder is fol-
lowed by a pooling layer to combine individual
token embeddings, and a classification head. Ap-
pendix B.1 describes the detailed architecture, train-
ing and hyperparameter tuning details. After train-
ing and hyperparameter tuning, the best model is
selected based on validation accuracy and is re-
ferred to as Init#1.
Different Initializations Test. Recall from §1 that
this test involves comparing two identical mod-
els trained from different initializations. The sec-
ond model, henceforth referred to as Init#2, is
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trained using the same architecture, hyperparame-
ters and training strategy as Init#1, but starting
from a different set of initial parameters. Since we
start from pretrained encoders, the encoder param-
eters are not intialized. For each layer in the rest
of the model, a set of initial parameters different
from those in Init#1 is obtained by calling the
parameter initialization method of choice for this
layer—He initialization (He et al., 2015) in this
case—but with a different random seed.
Untrained Model Test. Recall that this test in-
volves comparing the trained model (Init#1)
with a randomly initialized untrained model, hence-
forth called Untrained. To obtain Untrained,
we start from the Init#1, and randomly initialize
the fully connected layers attached on top of the
Transformer encoders (the encoder weights are not
randomized). The initialization strategy is the same
as in Different Initializations Test.

2.2 Interpretability methods

We consider a mix of gradient-based and model
agnostic methods. Specifically: Vanilla Saliency
(VN) of Simonyan et al. (2014), SmoothGrad (SG)
of Smilkov et al. (2017), Integrated Gradients (IG)
of Sundararajan et al. (2017), and KernelSHAP
(SHP) of Lundberg and Lee (2017). We also in-
clude random feature attribution (RND) which cor-
responds to each feature being assigned an attri-
bution from the uniform distribution, U(0, 1). Ap-
pendix B.2 provides details about the parameters
chosen for the interpretability methods.

Given an input text document, we tokenize the
text using the tokenizer of the corresponding en-
coder. Finally, for each input feature (that is, token),
the feature attribution of the gradient-based meth-
ods is a vector of the same length as the token input
embedding. For scalarizing these vector scores, we
use the L2-norm strategy of Arras et al. (2016) and
the Input � Gradient strategy of Ding et al. (2019).

2.3 Interpretability Metrics

To compare the feature attributions by various inter-
pretability methods, we use the following metrics.

(In)Fidelity: Given an input text which has been
split into L tokens, t = [t1, . . . , tL], get the vector
Ψ(t) = [ψ(t1), . . . , ψ(tL)] of feature attributions
of the corresponding tokens using the interpretabil-
ity method to be evaluated. Drop the features from
t in the decreasing order of attribution score un-
til the model prediction changes from the original

BT RB dBT dRB

FPB 0.83 0.85 0.82 0.84
SST2 0.87 0.91 0.88 0.90
IMDB 0.92 0.95 0.93 0.94
Bios 0.86 0.86 0.86 0.86

Table 1: Test accuracy with Init#1. For any given
dataset, all encoders lead to a similar accuracy.

prediction (with all tokens present). Infidelity is
defined as the % of features that need to be dropped
until the prediction changes. A better interpretabil-
ity method is expected to need a lower fraction of
features to be dropped until the prediction change.
We simulate feature dropping by replacing the cor-
responding input token with the model’s unknown
vocabulary token.

The infidelity metric has appeared in many
closely related forms in a number of studies eval-
uating model interpretability (Arras et al., 2016;
Atanasova et al., 2020; DeYoung et al., 2020; Fong
et al., 2019; Lundberg and Lee, 2017; Samek et al.,
2017). All of these forms operate by iteratively
hiding features in the order of their importance and
measuring the change in the model output, e.g.,
in predicted class probability, or the predicted la-
bel itself. We chose number of tokens to predic-
tion change, which is closely aligned with (Arras
et al., 2016), due to its simplicity as compared to
more involved metrics relying on AUC-style mea-
sures (Atanasova et al., 2020; Samek et al., 2017).

Jaccard Similarity: It is common to show top few
most important features to users as model inter-
pretations. See for instance, Ribeiro et al. (2016)
and Schmidt and Biessmann (2019). In order to
measure the similarity between feature attributions
generated by different methods, we use the Jac-
card@K% metric. Given an input t, let si be the
set of top-K% tokens, when the tokens are ranked
based on their importance as specified by an attribu-
tion output Ψi. Then, given two attribution outputs
Ψi and Ψj , Jaccard@K% measures the similarity
between them as: J(i, j) =

|si∩sj |
|si∪sj | . If the top-K%

tokens by the two attributions Ψi and Ψj are the
same, then J(i, j) = 1. In case of no overlap in the
top-K% tokens, J(i, j) = 0.

Appendix D shows some examples of Jac-
card@K% computation.
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FPB SST2 IMDB Bios
BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB

VN 68 64 61 59 50 54 53 54 46 53 52 50 28 22 27 25
SG 68 63 61 58 46 50 53 51 45 52 52 48 27 23 27 23
IG 68 62 61 59 38 48 50 49 39 47 46 47 24 20 17 22
SHP 60 54 52 43 22 25 30 27 10 19 11 13 15 15 15 14
RND 72 71 68 70 61 67 66 69 58 58 63 66 51 51 49 56

Table 2: Mean infidelity of different interpretability methods for Init#1 (shown as %). Lower values are better.

3 Results

Table 1 shows the test set accuracy of Init#1
model with different encoders on all the datasets.
For all the datasets, different encoders lead to a
very similar accuracy. Tables 7 in Appendix C.1
shows the prediction accuracy for Untrained.
Infidelity. Table 2 shows the infidelity of differ-
ent interpretability methods on the best performing
models (Init#1). The table shows that: (i) As ex-
pected, the infidelity of all interpretability methods
is better than RND; (ii) SHP provides the best per-
formance, followed by IG; (iii) For a given dataset,
even though different encoders have very similar
accuracy (Table 1), the infidelity of the same inter-
pretability method for different encoders can vary
widely, e.g., SHP on IMDB; (iv) There is no partic-
ularly discernable correlation between the models
and their infidelity, for instance, with FPB dataset,
the distilled Transformers provides same or lower
infidelity as compared to the original counterparts
(BERT, RoBERTa), whereas the trend is reversed
for SST2 data.

Moreover, gradient-based methods in Table 2
use the L2-norm reduction (§2.2). Table 8 in Ap-
pendix C.2 shows that in most cases, the perfor-
mance is much worse when using the Input � Gra-
dient reduction. Hence, for the rest of the analysis,
we only use L2-norm reduction.
Different Initializations Test. Comparing
Init#1 and Init#2 in Table 6 in Ap-
pendix C.1—two otherwise identical models with
only difference being the random initial parame-
ters, shows that a vast majority of predictions are
common between the two models: meaning that
the two models are almost functionally equivalent.

We now compare the similarity in feature at-
tributions of two functionally equivalent models.
Since the feature attributions are generated w.r.t.
the predicted class, our similarity analysis is limited
to samples where both models generate the same
prediction. Figure 1 shows Jaccard@25% when
comparing the feature attributions of Init#1 vs.

VN SG IG SHP
0.0

0.2

0.4

0.6
Model Type

Init#1 vs. Init#2
Init#1 vs. Untrained

Figure 1: [BT on SST2 data] Comparing the mean Jac-
card@25 between different model types (Init#1 vs.
Init#2 and Init#1 vs. Untrained).

Init#1 Untrained
0

20

40

60
Interp. Method

VN
SG
IG
SHP
RND

Figure 2: [BT on SST2 data] Mean infidelity of inter-
pretability methods on Init#1 and Untrained.

Init#2, and Init#1 vs. Untrained. The fig-
ure shows that (i) for the functionally equivalent
models Init#1 vs. Init#2, Jaccard@25% is
far from the ideal value of 1.0 — in fact, for IG,
the value drops to almost 0.5; (ii) When comparing
the top-ranked feature attributions of Init#1 vs.
Init#2, and Init#1 vs. Untrained, the for-
mer should show a much bigger overlap than latter,
but this is not the case, except for SHP.

Tables 3 and 4 show the results for rest of
the cases, revealing similar insights. Specifi-
cally, the Jaccard@25% between Init#1 and
Untrained for VN averaged over all 16 cases
(four datasets, four models in Table 3) is 68,
whereas the same is 69 when comparing Init#1
and Untrained (Table 4). The same compari-
son yields 67 vs. 64 for SG, 56 vs. 50 for IG and
65 vs. 29 for SHP. Moving beyond averages, we
also counted for each of the cases in Table 3, the
number of times Jaccard@25% between Init#1
and Init#2 is within 10 units (Jaccard@25%
ranges from 0-100) of the Jaccard@25% between
Init#1 and Untrained for the corresponding
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FPB SST2 IMDB Bios
BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB

VN 65 52 77 67 63 53 73 63 72 47 78 72 76 70 81 75
SG 53 66 70 62 68 63 70 66 57 45 76 75 75 70 81 78
IG 46 35 68 51 53 37 71 50 65 36 82 68 49 51 73 68
SHP 57 55 64 55 63 65 66 62 68 50 75 67 72 71 75 69

Table 3: Jaccard@25% between the feature attributions for Init#1 vs. Init#2 models (shown as %).

FPB SST2 IMDB Bios
BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB

VN 65 60 75 71 69 63 73 69 64 79 71 66 71 68 70 74
SG 47 70 67 61 74 72 70 75 44 53 63 52 66 71 60 75
IG 41 40 55 49 49 45 60 49 37 75 63 51 40 41 55 47
SHP 25 30 19 29 23 22 14 33 15 85 23 18 32 45 24 27

Table 4: Jaccard@25% between the feature attributions for Init#1 vs. Untrained models (shown as %).

pair in Table 4. The numbers are 14/16 for VN,
12/16 for SG, 7/16 for IG and 0/16 for SHP.

We selected K=25 as it corresponds to com-
paring the 25% most important features between
the two models. Selecting K=10 (comparing 10%
most important features) leads to similar outcomes:
13/16 for VN, 11/16 for SG, 6/16 for IG and 0/16
for SHP.

In other words, the attribution overlap between
two functionally equivalent models can be similar
to that between a trained vs. an untrained model.

Untrained Model Test. Figure 2 shows the infi-
delity of different methods on SST2 dataset with
a BT model. We note that the performance of
RND is better (lower infidelity) for the untrained
model (Untrained) than for the trained model
(Init#1). Furthermore, even for the untrained
model (Untrained), all interpretability methods
have a better fidelity than RND. In fact, for SHP,
the infidelity is almost half of RND. Table 9 in Ap-
pendix C shows a similar pattern for the rest of the
datasets and models.

In short, even for an untrained model, the in-
terpretability methods lead to better-than-random-
attribution fidelity. The insights highlight the need
for baselining the fidelity metric with untrained
models before using it as an evaluation measure.

4 Conclusion & Future Work

We carried out two tests to assess robustness
of several popular interpretability methods on
Transformer-based text classifiers. The results
show that both gradient-based and model-agnostic
methods can fail the tests.

These observations raise several interesting

questions: if the fidelity of the interpretations is
reasonably high on even an untrained model, to
what extent does the interpretability method reflect
the data-specific vs. data-independent behavior of
the model? If two functionally equivalent models
lead to different feature attributions, to what extent
can the practitioners rely upon these interpretations
to make consequential decisions?

One cause of the non-robust behavior could be
the redundancy in text where several input tokens
may provide evidence for the same class (e.g., sev-
eral words in input review praising the movie).
Another reason, related to the first, could be the
pathologies of neural models where dropping most
of the input features could still lead to highly confi-
dent predictions (Feng et al., 2018).1 Dropping in-
dividual features can also lead to out-of-distribution
samples, further limiting the effectiveness of meth-
ods and metrics that rely on simulating feature
removal (Kumar et al., 2020; Sundararajan and
Najmi, 2020). Systematically analyzing the root
causes, and designing interpretability measures that
are cognizant of the specific characteristics of text
data—preferably with human involvement (Chang
et al., 2009; Doshi-Velez and Kim, 2017; Hase and
Bansal, 2020; Nguyen, 2018; Poursabzi-Sangdeh
et al., 2021; Schmidt and Biessmann, 2019)—is a
promising research direction. Similarly, extending
the Untrained Model Test to study the effect of ran-
domization of pre-trained embedding models on
interpretability is another direction for exploration.

1Note, however, that the insights of Feng et al. relate to
dropping least important tokens first, whereas when comput-
ing infidelity, one drops the most important first.
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Appendix A Datasets

N K D ∆K

FPB 4,846 3 22±10 47
SST2 9,613 2 19±9 3
IMDB 50,000 2 227±168 0
Bios 397,907 28 61±28 30

Table 5: Dataset details. The columns are: # of sam-
ples (N ), # of classes (K), average ± standard devia-
tion # of words per document (D), and Class Imbalance
(∆K). Class imbalance is measured as % prevalence of
the most prevalent minus the least prevalent class.

Appendix B Reproducibility

B.1 Architecture, data & training details

We insert a classification head on top of the pre-
trained encoder. The end-to-end classifier has the
following architecture: Encoder→ Avg. pooling
→ FC-layer (512-units)→ RELU→ FC-layer (K
units), where K is the number of classes. The max-
imum sequence length of the encoder is set to 128
for FPB and SST2 datasets, 512 for IMDB reviews
and 200 for the Bios data.

Each dataset is split into a 80%− 20% train-test
set. 10% of the training set is used as a validation
set for hyperparameter optimization. Accuracy and
overlap statistics are reported on the test set.

We used the following hyperparameter ranges:
learning rate {10−2, 10−3, 10−4, 10−5} and the
number of last encoder layers to be fine-tuned
{0, 2}. Fine tuning last few layers of the encoder,
as opposed to all the layers, has been shown to lead
to superior test set performance (Sun et al., 2019).

We use the AdamW optimizer (Loshchilov and
Hutter, 2019). The maximum number of training
epochs is 25. We use early stopping with a pa-
tience of 5 epochs: if the validation accuracy does
not increase for 5 consecutive epochs, we stop the
training. The model training was done using Py-
Torch (Paszke et al., 2019) and HuggingFace Trans-
formers (Wolf et al., 2020) libraries.

B.2 Interpretability methods implementation

Owing to the large runtime of methods like SHAP
and Integrated Gradients, interpretations are only
computed for a randomly chosen 1000 subsample
from the test set. Consequently, metrics like fidelity
and Jaccard@K% are reported only on this subset.

BT RB dBT dRB

FPB 88 94 90 89
SST2 94 96 93 94
IMDB 98 97 97 98
Bios 95 95 95 95

Table 6: A vast percentage of predictions are common
between the Init#1 and Init#2, indicating that the
models are almost functionally equivalent.

BT RB dBT dRB

FPB 0.19 0.19 0.34 0.34
SST2 0.21 0.22 0.30 0.80
IMDB 0.27 0.51 0.20 0.46
Bios 0.03 0.02 0.01 0.01

Table 7: Test accuracy with Untrained.

Vanilla Saliency and SmoothGrad are imple-
mented using the PyTorch autograd function.
Integrated Gradients and SHAP are implemented
using Captum (Kokhlikyan et al., 2020). The pa-
rameters of these methods are:
SmoothGrad. Requires two parameters. (i)
Number of iterations: Following AllenNLP Inter-
pret (Wallace et al., 2019), we use a value of 10.
(ii) Variance of the Gaussian noise N (0, σ2). The
default value of 0.01 leads to attributions that are
almost identical to Vanilla Saliency. So we try
different values of σ ∈ {0.01, 0.05, 0.1, 0.2} and
select the one with the lowest infidelity.
Integrated Gradients. Requires setting two pa-
rameters. (i) Number of iterations: we use Cap-
tum (Kokhlikyan et al., 2020) default of 50. (ii)
Feature Baseline: IG requires specifying a base-
line (Sundararajan et al., 2017) that has the same
dimensionality as the model input, but consists
of ‘non-informative’ feature values. We construct
the baseline by computing the embedding value of
the unknown vocabulary token and repeating it N
times where N is the maximum sequence length of
the model.
KernelSHAP. Requires two parameters. (i) Num-
ber of feature coalitions: Following the author im-
plementation,2 we use a value of 2L+ 211, where
L is the number of input tokens in the text. (ii)
Dropped token value: SHAP operates by dropping
subsets of tokens and estimating model output on
these perturbed inputs. We simulate dropping of a

2https://github.com/slundberg/shap

3738



FPB SST2 IMDB Bios
BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB

VN 70 70 65 71 62 67 57 70 60 58 51 69 52 53 52 58
SG 70 69 64 69 61 67 54 68 60 58 45 68 51 51 47 58
IG 75 73 72 71 71 70 65 66 74 64 68 70 59 55 48 58

Table 8: Mean infidelity of gradient-based interpretability methods when considering Input � gradient reduction
of Ding et al. (2019) for Init#1 (shown as %). In most cases, the performance is worse than when using the
L2-norm reduction (Table 2 in Section 3). Lower values are better.

FPB SST2 IMDB Bios
BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB BT RB dBT dRB

VN 75 30 33 51 42 43 36 33 35 99 42 43 14 14 11 12
SG 74 30 33 51 41 40 36 31 36 99 42 43 13 15 11 12
IG 73 32 31 55 43 42 31 35 49 100 39 42 17 17 11 13
SHP 56 19 23 36 26 40 23 27 9 99 35 19 9 11 7 9
RND 73 36 43 62 49 49 43 51 42 100 49 46 25 32 21 27

Table 9: Mean infidelity of different interpretability methods for Untrained (shown as %). Lower values are
better.

token by replacing its embedding value with that
of the unknown vocabulary token.

Appendix C Additional results

C.1 Accuracy & prediction commonality

Table 6 shows the fraction of predictions common
between Init#1 and Init#2.

Table 7 shows the accuracy of Untrained. As
expected, the accuracy of Untrained is much
smaller than with trained models.

C.2 Input � Gradient reduction

Table 8 shows the infidelity of gradient-based in-
terpretability methods when using the Input � Gra-
dient dot product reduction of Ding et al. (2019).
When comparing the results to those with L2 re-
duction in Table 2, we notice that in all except two
cases (VN and SG on dBT with IMDB data), the
performance is worse.

C.3 Infidelity with Untrained model

Table 9 shows the infidelity for the Untrained
model. Much like Figure 2, the table shows that
in several cases, the performance of the feature
attribution methods (most notably SHP) can be
much better than random attribution (RND).

The table also shows an exception for dBT on
IMDB dataset where for all methods, the infidelity
is near 100. This behavior is likely an artefact of
the particular initial parameters due to which the
model always predicts a certain class irrespective
of the input.

Appendix D Examples of top-ranked
tokens

We now show some examples of Jaccard@K%
computation. The examples show the input text,
different models, and top-K% tokens ranked w.r.t.
their importance. The attribution method used was
VN.

Example 1: SST2 data. Comparing Init#1 and
Init#2. Both models predict the sentiment to be
positive.
Text. at heart the movie is a deftly wrought suspense
yarn whose richer shadings work as coloring rather
than substance
Top-25% w.r.t. Init#1. {‘substance’, ‘rather’,
‘at’, ‘yarn’, ‘coloring’, ‘movie’}
Top-25% w.r.t. Init#2. {‘heart’, ‘##tly’, ‘sus-
pense’, ‘at’, ‘yarn’, ‘def’}
Jaccard@25%. 20

Example 2: SST2 data. Comparing Init#1 and
Init#2. Both models predict the sentiment to be
positive.
Text. an infectious cultural fable with a tasty bal-
ance of family drama and frenetic comedy
Top-25% w.r.t. Init#1. {‘fable’, ‘infectious’,
‘cultural’, ‘balance’, ‘an’}
Top-25% w.r.t. Init#2. {‘cultural’, ‘balance’,
‘infectious’, ‘fable’, ‘an’}
Jaccard@25%. 100

Example 3: FPB data. Comparing Init#1 and
Untrained. Both models predict the sentiment
to be negative.
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Text. nokia shares hit 13.21 euros on friday , down
50 percent from the start of the year in part because
of the slow introduction of touch-screen models
Top-25% w.r.t. Init#1. { ‘,’, ‘.’, ‘down’, ‘friday’,
‘shares’, ‘euros’, ‘nokia’, ‘hit’ }
Top-25% w.r.t. Init#2. { ‘,’, ‘.’, ‘down’, ‘euros’,
‘friday’, ‘hit’, ‘shares’, ‘nokia’ }
Jaccard@25%. 100

In second and third examples, even though the
rankings are different, the set of top-25% tokens is
the same leading to a perfect Jaccard@25%.
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Abstract

The recent advancement of pre-trained Trans-
former models has propelled the development
of effective text mining models across various
biomedical tasks. However, these models are
primarily learned on the textual data and often
lack the domain knowledge of the entities to
capture the context beyond the sentence. In
this study, we introduced a novel framework
that enables the model to learn multi-omnics
biological information about entities (proteins)
with the help of additional multi-modal cues
like molecular structure. Towards this, rather
developing modality-specific architectures, we
devise a generalized and optimized graph
based multi-modal learning mechanism that
utilizes the GraphBERT model to encode the
textual and molecular structure information
and exploit the underlying features of various
modalities to enable the end-to-end learning.
We evaluated our proposed method on Protein-
Protein Interaction task from the biomedical
corpus, where our proposed generalized ap-
proach is observed to be benefited by the ad-
ditional domain-specific modality.

1 Introduction

The biomedical scientific articles hold the valuable
knowledge of biomedical entities (such as protein,
drug, gene) and their relationships. However, with
the exponential increase in the volume of biomedi-
cal articles (Lu, 2011), it is imperative to advance
the development of an accurate biomedical text
mining tool to extract and curate meaningful infor-
mation from huge unstructured texts automatically.

One of the cardinal tasks in biomedical doc-
ument processing is Protein-protein interaction
(PPI), where the relation (‘interaction’ or ‘non-
interaction’) between two protein mentions is iden-
tified from the given biomedical text. The knowl-

∗∗These authors contributed equally to this work.

edge about protein interactions is critical in under-
standing the biological processes, such as signaling
cascades, translations and metabolism, that are reg-
ulated by the interactions of proteins that alter pro-
teins to modulate their stability (Elangovan et al.,
2020).

Majority of the existing works on PPI in the
literature primarily focused only on the textual in-
formation present in the biomedical article. How-
ever, these approaches lack in capturing (1) multi-
omnics biological information regarding protein
interactions, and (2) genetic and structure informa-
tion of the proteins. A few works (Dutta and Saha,
2020; Asada et al., 2018; Jha et al., 2020; Jha and
Saha) have been reported in the literature where the
researchers have considered different modalities
of the biomedical corpus. However, these multi-
modal architectures are modality-specific and thus
are very complex. Hence, there is a surge to de-
velop a generalized and optimized model that can
understand all the modalities rather than develop-
ing various architectures for different modalities.

Towards this, we explore Graph-based Trans-
former model (GraphBERT) (Zhang et al., 2020)
to learn the modality independent graph represen-
tation. This enables the model to acquire the joint
knowledge of both the modalities (textual and pro-
tein structure) under a single learning network. The
main contributions of this work are:

1. Besides the textual information of the biomed-
ical corpus, we have also utilized protein
atomic structural information while identify-
ing the protein interactions.

2. Developed a generalized modality-agnostic
approach that is able to learn the feature repre-
sentations of both the textual and the protein-
structural modality.

3. Our analysis reveals that addition of protein-
structure modality increases the efficiency of
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model in identifying the interacted protein
mentions.

Related Work: Existing studies have adopted
traditional statistical and graphical methods (Miyao
et al., 2008; Chang et al., 2016) to identify the pro-
tein interactions from the textual content. Later,
with the success of deep learning, several tech-
niques based on Convolutional Neural Network
(Choi, 2018; Peng and Lu, 2017; Ekbal et al., 2016),
Recurrent Neural Network (Hsieh et al., 2017;
Ahmed et al., 2019), Long Short Term Memory
network (Yadav et al., 2019; Ningthoujam et al.,
2019; Yadav et al., 2020), and language models
(Yadav et al., 2021) based methods are proposed
for extracting the relationships from biomedical
literature and clinical records. Fei et al. (2020)
proposed a span-graph neural model for jointly
extracting overlapping entity relationships from
biomedical text. The recent advancement of the
Transformer model (Lee et al., 2020; Beltagy et al.,
2019) in the biomedical domain has also led to sig-
nificant performance improvement in biomedical
relation extraction task (Giles et al., 2020). Re-
cently, the use of multi-modal dataset in BioNLP
domain (Dutta and Saha, 2020; Asada et al., 2018)
draws the attention of the researchers due to its
better performance than the traditional approaches.
In contrast, our model is independent of handling
multiple modalities without relying on modality-
specific architectures.

2 Proposed Method

In this section, we introduce our proposed method
and its detailed implementation. The proposed
deep multi-modal architecture is illustrated in
Figure-1, that consists of four main components:
(1) Multi-modal Graph Constructor, (2) Multi-
modal Graph Fusion, (3) Multi-modal Graph En-
coder, (4) PPI Predictor. Below we briefly de-
scribe each of the model components.

Problem Statement: Given a biomedical input
text S = {w1, w2, . . . , wn} having n words, and
a pair of protein mentions p1, p2 ∈ S, we aim to
predict, whether the protein mentions will ‘interact’
or ‘non-interact’.

2.1 Multi-modal Graph Constructor
This component consists of two distinct graph
constructors for two different modalities, which
are Textual Graph Constructor and Protein Struc-
ture Graph Constructor. The former, constructs

the graph by considering the textual content that
aims to capture the lexical and contextual informa-
tion present in the input. The later, exploits the
atomic structure (3D PDB structure) of the protein
molecules to build the graph.

Textual Graph Constructor: To generate the
textual graph, we begin by first constructing the
vocabulary from the training corpus. For each
input text S, we use one-hot-encoding mecha-
nism to encode them as a vector representation
RS ∈ R|V |. However, the representation RS suf-
fers from the data sparsity as the vocabulary size
can become very large for the entire training cor-
pus. To deal with this, we utilized the Principal
Component Analysis (PCA) (Wold et al., 1987)
to reduce the vector dimensionality. The textual
graph GT = {VT , ET } is formulated by the nodes
VT = {R̂S1 , R̂S2 , . . . , R̂S|N|}, where |N | is the
number of input sentences in the training dataset
and R̂Si ∈ R|V̂ | is reduced vector representa-
tion of size |V̂ | for sentence Si. The link ei,j be-
tween nodes R̂Si and R̂Sj is determined by the
common entities (protein) present in both the sen-
tences Si and Sj , if there is no common entity, then
link does not exist between the nodes. The edges
ET = {ei,j | i, j ∈ VT , and protein ∈ i, j} are the
set of all the links that exist between any two nodes
in the graph, GT .

Protein Structure Graph Constructor: For the
protein structural modality, we created a graph
where each node represents an atom and the edge
represents the connection between the atoms. To
obtain the atomic information about the proteins,
first we have mapped the proteins into genes and
utilized the PDB (Protein Data Bank)1 for each
associated protein mention. Each protein informa-
tion obtained from PDB consists of set of atoms
{a1, a2, . . . , aA}, and a node feature matrix, Np ∈
RA×dp . The node feature matrix for each protein k
undergoes the convolutional operation CNN(.) fol-
lowed by the max-pooling operation, pool(.). For-
mally, Pk = pool(relu(CNN(Npk))). The final
protein representation, PSi , for both the proteins
present in the given input sentence Si is computed
as follows: PSi = P1⊕P2. Following this, the pro-
tein structure graph GP = {VP , EP } is formulated
by the nodes VP = {PS1 , PS2 , . . . , PS|N|}, where
|N | is the number of input sentences in the train-
ing dataset and PSi ∈ Rds is the protein structure

1https://www.rcsb.org/
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Figure 1: An outline of the proposed deep multi-modal architecture for PPI.

representation of size ds for sentence Si.

2.2 Multi-modal Graph Fusion
In this component, we fused the textual graph GT
and protein structure graph GP with the aim of
generating a joint representation that is capable of
capturing the contextual, lexical, and multi-omnics
information. Towards this, we expanded the node
information of textual graph with the node informa-
tion obtained in the protein-structure graph. Specif-
ically, we created a multi-modal graph G with the
nodes V having concatenated vector representa-
tions from the respective nodes of textual graph
and protein structure graph. Formally,

Vi = R̂Si ⊕ PSi (1)

The link information remains intact in the multi-
modal graph fusion, thus, E = ET .

2.3 Multi-modal Graph Encoder
Majority of the existing works on multi-modal re-
lation extraction have treated multiple modalities
separately and exploited the modality-specific ar-
chitectures to learn the respective feature repre-
sentations. However, these strategies inhibit the
learning of inherent shared complementary fea-
tures, that are often present across the modalities.
To address this, we present an end-to-end multi-
modality learning mechanism that exploits the sin-
gle expanded multi-modal graph (obtained from the
Multi-modal Graph Expansion component) with
the Graph-based Transformer encoder. Specifically,
we utilized the Graph-BERT (Zhang et al., 2020)
encoder over the other dominants graph neural net-
works (GNNs) primarily due to its capability to
avoid the (a) suspended animation problem (Zhang

and Meng, 2019), and (b) over-smoothing problem
(Li et al., 2018) that hinders the applications of
GNNs for deep graph representation learning tasks.
For a given multi-modal graph G = (V, E) with
the set of nodes (V) and edges (E), Graph-BERT
sampled set of graph batches for all the nodes as set
G = {g1, g2, . . . , g|V|}. For all the nodes vj in sub-
graph gi, the Graph-BERT computes raw feature
vector embedding exj , role embedding erj , position
embedding epj and distance embedding edj . The ini-
tial input vector for node vj is computed as follows:
h
(0)
j = exj+e

r
j+e

p
j+e

d
j . Furthermore, the initial in-

put vectors for all the nodes in gi can be organized
into a matrixH(0) = [h

(0)
i , h

(0)
i,1 , . . . , h

(0)
i,k ]
>, where

k is a hyper-parameter. The Graph-Transformer
(Zhang et al., 2020) computes the vector represen-
tation ofD layers of transformers. The final feature
(zi) for node vj is computed as follows:

H(0) = [h
(0)
i , h

(0)
i,1 , · · · , h

(0)
i,k ]
>

H(l) = G-Transformer
(
H(l−1)

)

zi =

m=D∑

m=0

H(m)

(2)

2.4 PPI Predictor
The final feature (zi) of each node i is used to pre-
dict the PPI category. Towards this, we employed a
feed-forward network with softmax activation layer
to predict the input text into one of the two classes
interaction or non-interaction. Formally,

prob(c = interact|G, S, θ) = exp(W T zinteract
i + b)∑K

k=1 exp(W
T zki + b)

(3)

where, W and b are the weight matrix and bias
vector, respectively. K denotes total number of
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Precision Recall F-score

Proposed Model 80.84 80.87 80.86
Dutta and Saha (2020) 69.04 88.49 77.54
Yadav et al. (2019) 80.81 82.57 81.68
Hua and Quan (2016) 73.40 77.00 75.20
Choi (2018) 72.05 77.51 74.68
Qian and Zhou (2012) 63.61 61.24 62.40
Peng and Lu (2017) 62.70 68.2 65.30
Zhao et al. (2016) 53.90 72.9 61.60
Tikk et al. (2010) 53.30 70.10 60.00
Li et al. (2015) 72.33 74.94 73.61
Choi and Myaeng (2010) 74.50 70.90 72.60

Table 1: Comparative analysis of the proposed multi-
modal approach with state-of-the-art techniques for
BioInfer dataset.

Precision Recall F-score

HPRD50
Textual Modality 90.44 92.18 91.28
Proposed Model 95.47 94.69 95.06

BioInfer
Textual Modality 78.49 79.78 79.06
Proposed Model 80.84 80.87 80.86

Table 2: Results by uni-modal and multimodal ap-
proaches

distinct classes, which are ‘interaction’ and ‘non-
interaction’ in our case.

3 Datasets and Experimental Analysis

Datasets: In this work, we have collected two ex-
emplified multi-modal protein protein interaction
datasets (Dutta and Saha, 2020). In these datasets,
the authors exemplified two popular benchmark
PPI corpora, namely BioInfer2 and HPRD503.

Experimental Setup We have utilized the pre-
trained Graph-BERT4 in our experiment. The ini-
tial vocabulary for BioInfer and HPRD50 datasets
are 6561 and 1277, respectively. We have projected
them into 1000 and 1185 dimension vectors using
PCA, respectively. We have kept maximum of 5052
and 1185 number of words in both the datasets, re-
spectively. The filter-size of CNN is set to 3, 4. We
have obtained 1185 length node feature represen-
tation for protein structure graph. The nodes of
multi-modal graph received the 2185 sized feature
representation. We have obtained 2500 and 25859
number of nodes and edges from HPRD50 dataset
and 13675 and 15930214 number of nodes and
edges from BioInfer dataset for the Graph-BERT
training, respectively. We have used all the hyper-
parameters of Graph-BERT model in our proposed

2http://corpora.informatik.hu-berlin.de/
3https://goo.gl/M5tEJj
4https://github.com/jwzhanggy/Graph-Bert

Precision Recall F-score

Proposed Model 95.47 94.69 95.06
Dutta and Saha (2020) 94.79 75.21 83.87
Yadav et al. (2019) 79.92 77.58 78.73
Tikk et al. (2010) 68.20 69.80 67.80
Tikk et al. (2010)(with SVM) 68.20 69.80 67.80
Palaga (2009) 66.70 80.20 70.90
Airola et al. (2008)(APG) 64.30 65.80 63.40
Van Landeghem et al. (2008) 60.00 51.00 55.00
Miwa et al. (2009) 68.50 76.10 70.90
Airola et al. (2008)(Co-occ) 38.90 100 55.40
Pyysalo et al. (2008) 76.00 64.00 69.00

Table 3: Comparative analysis of the proposed multi-
modal approach with other state-of-the-art approaches
for HPRD50 dataset.

model. We have kept following hyper-parameters
values: subgraph size = 5, hidden size = 32, atten-
tion head number = 2, Transformer layers, D = 2,
learning rate = 0.01, weight decay = 5e 4, hidden
dropout rate = 0.5, attention dropout rate = 0.3, loss
= cross entropy, optimizer = adam (Kingma and
Ba, 2014). The hyper-parameters are chosen based
on the 5-fold cross-validation experiments on both
the datasets.

Results and Analysis: We have compared the
performance (c.f. Table-1,3) of our proposed model
with the existing state-of-the-art methods on PPI for
both the datasets. These existing methods are based
on different techniques like kernel-based (Choi
and Myaeng, 2010; Tikk et al., 2010; Qian and
Zhou, 2012; Li et al., 2015), deep neural network-
based (Zhao et al., 2016; Yadav et al., 2019), multi-
channel dependency-based convolutional neural
network model (Peng and Lu, 2017), semantic fea-
ture embedding (Choi, 2018), shortest dependency
path (Hua and Quan, 2016) and a recent deep multi-
modal approach (Dutta and Saha, 2020). It is to
be noted that our results on BioInfer and HPRD50
are not directly comparable with the existing ap-
proaches as other methods have utilized different
test sets for evaluation. From the above compar-
ative study, it is evident that our proposed multi-
modal approach identifies the protein interactions
in an efficient way and can be further improved in
different ways.

Discussion: To analyze the role of each modality,
we conducted ablation study as shown in Table
2. We performed the experiments with the textual
modality. Here, we could not consider the protein-
structural modality alone as it would bring the con-
flicting labeling relation. For example, consider
two sentences that contain same pair of proteins
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Figure 2: Confusion matrices of our proposed approach on both HPRD and BioInfer datasets with only textual
modality and text+structure modality.

but these proteins can have conflicting relations
(interacting or non-interacting) depending on the
context of sentences in which they appear. Hence,
we could not consider the protein-structural modal-
ity alone. Though the structural modality is unable
to draw any conclusion alone, however the integra-
tion of both the modalities demonstrates the im-
provements (3.78% and 1.8%, in terms of F-score
for HPRD50 and BioInfer, respectively) over the
textual modality alone.

4 Error Analysis

The comparative confusion matrices with only
textual-modality and multi-modality for both the
datasets are shown in Figure-2. We have performed
error analysis to postulate possible reasons and ar-
eas with scope of improvement in our experiments.
After careful study on false positive and false nega-
tive classes, following observations can be made.
1) Instances with a large number of protein men-
tions in a single sentence can cause misclassifica-
tion. For example, the maximum number of pro-
teins in any instances of BioInfer and HPRD50
datasets are 26 and 24, respectively. These large
number of proteins present in a single instance may
lead the network to misclassificaton.
2) Few samples contain repeated mentions of the
same protein. This adds noise and might lead to
losing useful contextual information.
3) To get a consistent graph from molecular struc-
ture, the nodes were required to be of the same

length. This is done by padding the vectors with
zeros, and when the PDB is not available, a null
vector is used for consistency. A better handling
of missing data will help in learning the proposed
model.

5 Conclusion

This work presents a novel modality-agnostic
Graph-based framework to identify the interactions
between the proteins. Specifically, we explored
two modalities: textual, and molecular structure
that enable the model to learn the domain-specific
multi-omnics information complementary with the
task-specific contextual information. A detailed
comparative results and analysis proves that our
proposed multi-modal approach can capture un-
derlying molecular structure information without
relying on sophisticated modality-specific architec-
tures. Future work aims at extending this study to
the other related tasks like drug-drug interactions.
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Abstract

Many conversation datasets have been con-
structed in the recent years using crowd-
sourcing. However, the data collection pro-
cess can be time consuming and presents many
challenges to ensure data quality. Since lan-
guage generation has improved immensely in
recent years with the advancement of pre-
trained language models, we investigate how
such models can be utilized to generate entire
conversations, given only a summary of a con-
versation as the input. We explore three ap-
proaches to generate summary grounded con-
versations, and evaluate the generated conver-
sations using automatic measures and human
judgements. We also show that the accuracy of
conversation summarization can be improved
by augmenting a conversation summarization
dataset with generated conversations.

1 Introduction

Automatic conversation systems require large quan-
tities of data to learn task specific language patterns
and underlying conversation policies. Such data ei-
ther come from human-to-human conversation logs
(Lowe et al., 2015; Hardalov et al., 2018) or is col-
lected in crowd-sourced environments, where two
or more crowd-workers play specific roles under
some guidelines (Zhang et al., 2018; Budzianowski
et al., 2018). Since real human-to-human conver-
sation logs are scarce, many datasets have been
created using the latter approach. However, crowd-
sourced conversation data collection is time con-
suming, costly and presents multiple challenges to
ensure data quality (Kang et al., 2018).

Conversation summarization is an emerging re-
search area that has been ill-studied due to the
lack of large-scale datasets. Most existing public
datasets in this domain are small, for example, AMI
meeting corpus (McCowan et al., 2005) contains

∗Current address: david.konopnicki@booking.com

137 summary transcripts. CRD3 (Rameshkumar
and Bailey, 2020) is a spoken conversation dataset
that consists of 159 conversations and summaries.
Samsum (Gliwa et al., 2019), the only large scale
dataset for conversation summarization, contains
over 16, 000 open-domain conversations and sum-
maries created artificially by humans.

Large scale pre-trained language models (PLMs)
(Lewis et al., 2020; Brown et al., 2020; Raffel
et al., 2020) have been used in various text gen-
eration tasks (Budzianowski and Vulić, 2019; Min
et al., 2020; Cachola et al., 2020). In recent studies,
PLMs are used to generate training data for natu-
ral language processing (NLP) applications. For
example, Anaby-Tavor et al. (2020); Yang et al.
(2020) use PLMs to create paraphrases for intent
classifiers in conversation systems, and show that,
when the original datasets are augmented with the
generated data, performance improves. More re-
cently Mohapatra et al. (2020) generated entire
conversations grounded on instructions that are pro-
vided to crowd-workers using a modular approach,
where different PLMs are trained for different roles.

Our Contributions: We investigate how PLMs
can be utilized to generate entire conversations that
are grounded on a given summary. We explore
three approaches: (1) Supervised Learning (SL)
based conversation generation (SL-Gen): where,
a PLM is trained to generate an entire conversa-
tion, taking the summary of a conversation as in-
put, (2) Reinforced Learning (RL) based conversa-
tion generation (RL-Gen): where, we further im-
prove the SL-Gen method using the quality of the
generated conversations as a reward, and (3) Con-
trolled turn-by-turn conversation generation (CN-
Gen): which allows us to generate conversations
turn-by-turn, constrained on the summary and a
set of pre-defined control parameters. We evalu-
ate the quality of the generated conversations by
conducting automatic and human evaluation. We
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Figure 1: The RL based conversation generation framework

also show that once a conversation summarization
dataset is augmented with the generated conversa-
tions, the performance of the downstream summa-
rization task is improved.

2 Summary grounded conversation
generation

In the conversation summarization task, a model
takes a conversation as input, and learns to generate
a summary. We study the inverse of that problem,
where the input to our model is a summary, and the
model generates a conversation. In this section, we
propose three models for this task and the hyper-
parameters used in training the models are available
in Section A of the appendix.

2.1 SL based generation (SL-Gen)
A seq2seq model can be trained for this task by
providing a summary as the input and generating
a conversation token-by-token. As PLMs have
shown significant improvement over the traditional
seq2seq architecture for text generation, we use a
GPT-2 model and fine-tune it to generate a con-
versation given a summary as the input. Our in-
put to the model follows the following format:
<bos>summary text <dialog>conversation text<eos>. We
also use different token-type-ids to indicate the
summary and the conversation text. The model is
trained to optimize Cross Entropy loss.

2.2 RL based generation (RL-Gen)
Many studies train text generation models with RL
(Paulus et al., 2018; Li et al., 2016), where the
generator network is optimized with a task spe-
cific reward. We investigate how the quality of the
generated conversation can be used as a reward to
improve the generation network. To this end, we
train a summary generator network, which gener-
ates a summary, given a conversation. We measure
the quality of the generated conversation by iden-
tifying the similarity between the summary of the
generated conversation (generated, in turn, by the
summary generator network) and the ground truth

summary. The similarity score is used as a reward
to train the conversation generation model. Our RL
based generation framework is shown in Figure 1,
and the critical components are described below.
Conversation Generator: A trained SL-Gen
model is used as the conversation generator, which,
given an summary can generate a conversation.
Summary Generator: We use a lightweight vari-
ant of BART (Lewis et al., 2019), named Distil-
BART, which is fine-tuned on the Extreme sum-
marization task (Narayan et al., 2018). We further
fine-tune this instance on the conversation summa-
rization data by providing the conversations as the
input and training the model to output summaries.
Reward Model: Once the Summary Generator
generates an output summary for the generated con-
versation, the reward model compares it with the
ground truth summary, which was used to ground
the conversation generation. As Paulus et al. (2018)
we use ROUGE-2 F1-score as the reward.
Policy training: We use proximal policy optimiza-
tion (Schulman et al., 2017) as the optimizer for
the policy training as it prevents the generator from
deviating far away from the pretrained LM (Wu
et al., 2020).

2.3 Controlled conversation generation

We propose another approach, (CN-Gen), for con-
versation generation, which grants more control
over the properties of the generated conversations.
Here, we generate one utterance of the conversation
at a time, as opposed to the RL-Gen, where we gen-
erate the whole conversation at once. The proper-
ties of the generated conversations is controlled by
adding several components to the input sequence to
the model. The following three variables were used
as the control parameters, (1) Number of remaining
turns to generate in the conversation (Num turns):
During the generation of a turn, we indicate the
remaining number of turns in the conversation. In
generating a n turn conversation, this starts with
n for the first turn and reduces by 1 after the gen-
eration of each turn, (2) The speaker of the next
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Summary: person0 will be late. person1 will order pasta with salmon and basil for her.

2 turn conversation:
<Person0> I’ll be late
<Person1> I’ll order some pasta

with salmon and basil for
you.

3 turn conversation
<Person0> I’ll be late.
<Person1> I’ll order some pasta

with salmon and basil for
you.

<Person0> Thanks a lot!

6 turn conversation
<Person0>Hello, I am going to be

late.
<Person1>Ok
<Person1> I’ll order some pasta

with salmon and basil
<Person0>Ok, sounds good!
<Person0> Thank you!
<Person1>No problem

10 turn conversation
<Person0> I’ll be late
<Person1> ok
<Person1> do you want me to order

something for you?
<Person1> pasta?
<Person0>Yes
<Person1>with salmon?
<Person0>Yes
<Person1>Ok
<Person1> how about basil?
<Person1>Yes please!

Table 1: Multiple conversations generated by the CN-
Gen approach grounded on the same summary

turn (Speaker): This indicates to the model the
speaker of the next turn, and (3) The length of the
next turn (Turn length): We define, 3 categories of
lengths: Short (≤ 3 tokens), Long (> 10 tokens)
and Medium (otherwise).

We use the following input representation
to fine-tune a GPT-2 model: <bos> summary

text <context> dialog context <turns to go> Num turns

<speaker> speaker <turn length> turn length <turn> ut-

terance <eos>. Changing these parameters allows
us to generate different variants of conversations
which are grounded on the same summary. During
training, we obtain the values for the control pa-
rameters from the ground truth conversations, and
at inference we randomly select the next speaker,
number of turns of the conversation to be gener-
ated (in a range of 4-15 turns), and the next turn
length. In Table 1 we show conversations of dif-
ferent lengths that were generated by the CN-Gen
approach grounded on the same summary by chang-
ing the control parameters.

A summary and a conversation from the Sam-
sum dataset (Gliwa et al., 2019), along with the con-
versations generated by the three aforementioned
algorithms are shown in Figure 2. More examples
are provided in the Section B of the Appendix.

3 Experiments

We experiment on the Samsum (Gliwa et al., 2019)
dataset, which, to the best of our knowledge, is the
only public large-scale conversation summarization
dataset. We pre-process the dataset by replacing
the personal names (ex: John) with unique tags
(ex:<person 0 >). First, we evaluate of the quality
of generated conversations using automatic mea-

Model Ave. Turns Ave. Tokens/Turn
Ground truth 11.55± 6.48 7.10± 6.29

SL-Conv-Gen 10.54± 6.80 5.69± 4.40
RL-Conv-Gen 8.40± 4.78 5.14± 3.64
CN-Conv-Gen 9.70± 5.67 5.62± 4.05

Table 2: Properties of the generated conversations.

sures and human judgments, and then assess the
performance of the generated conversations in a
downstream summarization task after augmenta-
tion.

3.1 Quality of the generated conversations

We evaluate the quality of the conversations gener-
ated by the three approaches that were introduced
in Section 2. In Table 2 we show the properties
of generated conversations and the ground truth
conversations in the test set of Samsum dataset.

Automatic Evaluation: We trained the con-
versation generation models on the Samsum train-
ing set and generated conversations on the test set.
We compare the generated conversation with the
ground truth conversations using the measures used
by Sharma et al. (2017) to evaluate conversation
system responses. The results shown in Table 3
suggest that CN-Gen outperform the SL-Gen and
RL-Gen on all measures.

We also compare the summaries of generated
conversations (generated by the Summary Gener-
ator) with the ground truth summaries, and the
results are shown in Table 4. We believe that this is
a semantic evaluation of the conversations, as the
summaries capture the crux of the conversations.
According to the results, CN-Gen outperforms the
other two methods. This, along with the previous
result suggest that the conversations produced by
CN-Gen are the most similar to the ground truth
conversations.

Human Evaluation: To evaluate the quality of
generated conversations, we randomly selected 50
summaries from the Samsum test dataset and gen-
erated conversations using the three models. Three
NLP experts were then asked to read the ground
truth summary and rank the four conversations (3
generated and the ground truth conversation) us-
ing a [1-5] scale according to Grammaticality, Co-
herency, and Informativeness, with respect to the
ground truth summary. Results are shown in ta-
ble 5. As expected, the ground-truth conversations
obtained the highest scores on all three aspects and
can be considered as an upper bound for this task.
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Figure 2: Examples of a conversations grounded on the same summary. The key terms are highlighted in colors.

Model BLEU-4 METEOR ROUGE-L
SL-Gen 2.81 12.06 21.53
RL-Gen 3.53 12.29 25.40
CN-Gen 4.94 15.64 26.22

Table 3: Evaluation of generated conversations
against ground truth conversations

Model ROUGE 1 ROUGE 2 ROUGE L
SL-Gen 46.85 25.29 45.97
RL-Gen 52.51 31.23 51.68
CN-Gen 53.46 32.52 52.93

Table 4: Rouge F1 evaluation of summaries of con-
versations against the ground truth summaries

RL-Gen and CN-Gen obtained higher scores than
SL-Gen and relatively good scores compared to
the Ground Truth conversations. This corroborates
the assumption that our proposed models generate
high quality conversations. The Welch Two Sam-
ple t-test (Welch, 1947) shows that both RL-Gen
and CN-Gen models outperform the SL-Gen model
statistically significantly with p < 0.0001. How-
ever, there is no statistical significance between the
results obtained from RL-Gen and CN-Gen. We
report in Table 6 the average quadratic Cohen’s
Kappa calculated over the three possible combina-
tions of two judges (Toledo et al., 2019).

CN-Gen obtained the best scores during the auto-
matic evaluation, while RL-Gen got the best scores
from the human evaluation. The CN-Gen conver-
sations are longer than the RL-Gen conversation
by 1.3 turns on average (see Table 2), and hence
would contain more word overlap with the ground
truth. This results in better automatic evaluation
scores for the CN-Gen, while the humans prefer
short targeted conversations generated by RL-Gen.

3.2 Evaluation on the summarization task

To further evaluate the quality of the generate con-
versations, we augmented a conversation summa-
rization dataset with generated conversations and
evaluated the summarization model. We followed
the following process: (1) We randomly selected
x% of the summaries of the dataset and trained our
conversation generation models, (2) The trained

models were applied on the other (y=100-x%) of
the summaries and generated conversations, (3)
Those generated conversations along with the orig-
inal summaries were added to the data. Using this
approach, we can add extra y% (summary, conver-
sation) pairs to the training data, (4) The conver-
sation summarization model (discussed in Section
2 under ‘Summary Generator‘) was trained on the
augmented data. We compare the performance of
the conversation summarization model on the orig-
inal dataset and with augmentation.

Automatic Evaluation: We compare the three
conversation generation methods at different aug-
mentation percentages, and the results are shown
in Table 7. At all augmentation levels, the summa-
rization models trained with augmented data out-
perform the summarization model trained on the
original dataset (without augmentation). CN-Gen
based augmentation produces the best accuracy
compared to other two methods. One prevalent pat-
tern is that, when augmentation data increases, the
accuracy seems to increase up to a certain point and
then starts to decrease. The best accuracies were
found around 30% data augmentation. We believe
that more augmentation leads performance to drop
due to the following reason. For augmenting with
more data, we are left with less data to train the
model for conversation generation (for 10% aug-
mentation, the conversation generation models are
trained on 90% of the data, while for 50% augmen-
tation, the models are trained only on 50% of the
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Model Info Gram Cohe
Ground-Truth 4.56 4.46 4.47
SL-Gen 2.22 2.85 2.37
RL-Gen 3.20 3.50 3.14
CN-Gen 3.10 3.43 3.09

Table 5: Human evaluation of generated conversa-
tions

Model Info Gram Cohe
Ground-Truth 0.04 0.22 0.25
SL-Gen 0.35 0.26 0.42
RL-Gen 0.47 0.35 0.45
CN-Gen 0.60 0.40 0.60

Table 6: Average Cohen’s Kappa for human evalua-
tion of generated conversations

Method
Augmentation % ROUGE 1 ROUGE 2 ROUGE L
0% (Original) 51.84 30.98 43.98

SL-Gen

10% 52.82 31.99 44.89
20% 52.90 32.01 44.97
30% 52.88 32.02 45.01
40% 52.61 31.98 44.96
50% 52.55 31.98 44.80

RL-Gen

10% 52.93 32.05 44.92
20% 53.30 32.15 45.20
30% 53.81 32.21 45.77
40% 52.86 32.06 44.99
50% 52.64 32.07 44.88

CN-Gen

10% 53.29 32.36 45.08
20% 53.36 32.53 45.27
30% 54.02 33.28 46.06
40% 52.14 31.76 44.14
50% 52.36 31.75 44.85

Table 7: ROUGE F-1 evaluation on Samsum test set.

data). Therefore as the augmentation increases, the
quality of generated conversations go down. This
leads to overall smaller gains in the summariza-
tion task with increased augmentation after some
point. To neutralize the effect of increasing the data
points during augmentation, we experimented with
a baseline which over-samples the original training
data at different percentages to obtain same num-
ber of training instances as the augmented datasets.
While the ROUGE-2 obtained with the original
training data is 30.98, oversampling at 10%, 20%,
30%, 40% and 50%, only changes the ROUGE-2
to 30.55, 30.38, 30.74, 30.99 and 30.27 respec-
tively. Hence, this suggests that oversampling
hardly changes ROUGE scores obtained by train-
ing with the original dataset, while the augmenta-
tion according to our algorithms show significantly
improved scores (as shown in Table 7).

Human Evaluation: We recruited 3 NLP ex-
perts to evaluate 50 instances of summaries gener-
ated with data augmentation (RL-Gen, CN-Gen),
and respective summaries generated without aug-
mentation (No-Aug). Here we consider two as-
pects with respect to a ground-truth summary: Co-
herency (whether the summary is easy to read) and
Focus (whether the summary represents the ground-
truth summary). Following (Amplayo and Lapata,
2020) we use the Best-Worst Scaling method. The

score of each system is computed as the percentage
of times it was chosen as the Best system minus
times it was chosen as Worst. On the Coherency
question, RL-Gen, CN-Gen and No-Aug obtained
scores of 12.6, 6.6 and -4.0 respectively. On the
Focus question RL-Gen, CN-Gen, and No-Aug
obtained scores of 14.6, 6.0 and -2.6 respectively.
These results confirm that the use of augmentation
improves the quality of the summaries.

4 Conclusion

We investigated how the PLMs can be utilized to
generate entire conversations that are grounded on
a summary. We propose three approaches for con-
versation generation: SL-Gen, RL-Gen and CN-
Gen and conducted multiple automatic and human
evaluations to assess the quality of the generated
conversations. Both automatic and human eval-
uations show that when compared to the ground
truth conversations, RL-Gen and CN-Gen obtain
high scores, suggesting that the proposed models
generate high quality conversations. When a con-
versation summarization dataset is augmented with
the generated conversations, the performance of
conversation summarization is improved (over to
7% improvement in ROUGE-2 F-1), which also
suggests that the proposed methods generate high
quality conversations.

5 Ethics

We have used the publicly available Samsum
dataset (https://huggingface.co/datasets/
samsum). For the human evaluation of both
conversations and summaries, we recruited 3 NLP
researchers, who have graduate degree in NLP
and Machine Learning. The annotation task itself
was executed on Appen.com platform. Before the
official annotation, we sampled 10 tasks to get an
estimate of the duration of the task, and to make
sure the instructions are clear enough.
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A Model Training and Hyperparameter
Details

A.1 Supervised Conversation Generation
(SL-Conv-Gen)

We fine-tune a GPT-2 language model using the
implementation available at HuggingFace (Wolf
et al., 2019). The hyper-parameters used during

training and inference are shown below. The model
takes around 6 hours to train on 2 V100 GPUs
(single machine).

model_name_or_path: gpt2
per_gpu_train_batch_size: 4
per_gpu_eval_batch_size: 4
gradient_accumulation_steps: 4
learning_rate: 6.25e-5
adam_epsilon: 1e-8
max_grad_norm: 1.0
num_train_epochs: 10
warmup_steps: 500
min_length: 20
max_length: 512
top_k: 0
top_p: 0.95

A.2 Summary Generator
We use DistilBART instance1 fine-tuned on the
extreme summarization (XSum) task, and we fine-
tune this model further on the Samsum dataset. The
model takes around 12 hours to train on 2 V100
GPUs (single machine).

The hyperparameters used for training the Dis-
tilBART model are as follows:

train_batch_size: 4
eval_batch_size: 4
num_train_epochs: 10
model_name_or_path: sshleifer/distilbart
-xsum-12-6
learning_rate: 3e-5
val_check_interval: 0.1
max_source_length: 512
max_target_length: 80

A.3 Reinforced Learning based conversation
generation (RL-Conv-Gen)

To train the RL based conversation generation
model, we adapted a publicly available Proxi-
mal Policy Optimization (PPO) implementation
2. The model takes around 12 hours to train on 2
V100 GPUs (single machine). Following hyper-
parameters were used to train the model.

steps: 10000
batch_size: 16
forward_batch_size: 4
learning_rate: 1.41e-5
init_kl_coef:0.2
target: 6
horizon:10000
gamma:1
lam:0.95
cliprange: 0.2
cliprange_value: 0.2
vf_coef: 0.1

1https://huggingface.co/sshleifer/
distilbart-cnn-12-6

2https://github.com/lvwerra/trl
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B Sample summaries with corresponding
ground-truth

Figure 3 shows some samples of dialogs with their
corresponding summaries - ground-truth and auto-
matic generated ones.
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Summary: Person0 closed some deals today. Person1 didn’t manage to do it.

Ground Truth Dialog:
<Person0> It’s been a long day.
<Person1> Same here, Person0, good

or bad?
<Person0> Very busy. I closed some

deals but I had a lot of
stress also.

<Person1> Lucky you. I couldn’t
close any deal. It an-
noys me. Some customers
are negotiating for days,
weeks.

<Person0> Maybe they’re just fishing.
Want to compare offers.

<Person1> That’s what they do.

SL-Gen:
<Person0> Hi, are you still alive?
<Person1> Hi, yes, still alive.
<Person0> I closed some deals today.
<Person1> Yeah, that’s awesome.
<Person0> Thanks.

RL-Gen:
<Person0> Hey, how are you?
<Person1> Good, busy as usual.
<Person0> I closed some deals today.
<Person1> Too late, didn’t manage to

do it.
<Person0> Sorry.

CN-Gen:
<Person0> Did you see this?

¡file other¿
<Person1> Cool. What’s up?
<Person0> I closed some deals today

and I feel good about it.
<Person1> Great. I didn’t manage to

do it today. I’m sorry. I
had no choice.

<Person0> I’m sorry.
<Person1> I didn’t have the tools.

Summary: Person0 bought a table, six chairs, a vase and a pile of clothes and the second hand shop downtown. She paid 70 euros for everything.

Ground Truth Dialog:
<Person0> I went to the second hand

shop downtown.
<Person1> Cool Person0 What did

you get?
<Person0> Lots of stuff. A table, six

chairs, a vase, a pile of
clothes

<Person1> That’s really a lot of stuff
Person0. Send us pictures

<Person0> ¡photo file¿
<Person1> Beautiful table.Is it wood?
<Person0> Yes, oak.
<Person1> Awesome! These are the

clothes? I love the black
dress.

<Person0> It’s absolutely beautiful.
As soon as I saw it I knew
it would be mine. I’m so
happy with what I bought.

SL-Gen:
<Person0> I bought the second hand

shop downtown.
<Person1> So what happened?
<Person0> I bought everything.
<Person1> What do you mean?
<Person0> I paid 70 euro for every-

thing.
<Person1> How much?
<Person0> 6 chairs, six chairs, a vase

and a pile of clothes.
<Person1> Sounds like a bargain.
<Person0> ou should be in business.

RL-Gen:
<Person0> Do you remember the sec-

ond hand in downtown?
<Person1> Yes, I do. What’s inside?
<Person0> A table, six chairs, a vase

and a pile of clothes.
<Person1> Is it expensive?
<Person0> 70 euros.

CN-Gen:
<Person0> Look what I’ve bought! A

table, six chairs, a vase. I
bought a table, six chairs, a
vase and a pile of clothes.

<Person1> How much did you pay for
everything?

<Person0> I paid 70 euro for every-
thing. And I thought it
would cost me a fortune!
I don’t even know how
much.

<Person1> I am glad.
<Person0> Me too. 70 euro for every-

thing, including a vase!!!

Summary: Person1 is not at home. Person0 wants Person1 to keep her pasta in the microwave.

Ground Truth Dialog:
<Person0> U both at home?
<Person1> No. I’ve just got ur msg.

Why did u ask about it?
<Person0> No reason. Keep my pasta

in the microwave.
<Person1> I haven’t cooked anything.

SL-Gen:
<Person0> How are you doing?
<Person1> I’m not at home
<Person0> Why?
<Person1> I wanted to keep some

pasta in the microwave.
<Person0> No need to.
<Person1> In the microwave?
<Person0> Yes.

RL-Gen:
<Person0> Are you at home?
<Person1> No, I’m still at work.
<Person0> Good, I should be home in

about 15 minutes.
<Person1> Can you put my pasta in

the microwave?
<Person0> Sure, I’ll check it.
<Person1> Thanks!

CN-Gen:
<Person0> Are you at home?
<Person1> No, I’m busy at work.

What do you want?
<Person0> I want to put some pasta in

microwave.
<Person1> OK. I’ll try.

Summary: Person0 needs Person1’s help as he cannot get the application running.

Ground Truth Dialog:
<Person0> Person1, I need your help?
<Person1> What’s up, mate?
<Person0> I can’t get the application

running.
<Person1> Have you switched the

computer on?
<Person0> Very funny!!!!!!!!!!!!!
<Person1> OK. Sorry. I can see it’s

serious.
<Person0> Yeah, man. It is f**cking

serious.
<Person1> I’ll be with you right now.
<Person0> Thanks.

SL-Gen:
<Person0> Hey! I have a problem

with the application.
<Person1> Hello, Person0
<Person0> Could you please help me

to get the application run-
ning? I cannot.

<Person1> Why?
<Person0> I have a problem with my

laptop. The application is
running on the USB port.
I cannot access the com-
puter. The computer is run-
ning. If I try to access the
computer, the application
will start. I hope that you
can help me.

<Person1> Okay.
<Person0> Thank you, Person1.

RL-Gen:
<Person0> Person1, you there?
<Person1> Yeah, what’s up?
<Person0> Do you need my help?
<Person1> What’s wrong?
<Person0> I can’t get the application

running.
<Person1> Did you try charging it

first?
<Person0> Yes, I tried that, but it

doesn’t work.
<Person1> Try refreshing the

database.
<Person0> Damn, thanks!

CN-Gen:
<Person0> I cannot get the application

running.
<Person1> What’s up?
<Person0> Can you get the applica-

tion running?
<Person1> You sure you can’t? Try

and click on it.
<Person0> You’re so funny, Person1.
<Person1> OK. I’m coming.
<Person0> Thanks.

Summary: Person0 and Person1 will meet the new person in an hour.

Ground Truth Dialog:
<Person0> Can we meet with the new

person soon?
<Person1> Sure. In an hour okay?
<Person0> Perfect.

SL-Gen:
<Person0> Hi, babe.
<Person1> Hi.
<Person0> We’re meeting in an hour?
<Person1> I’d prefer to be there in an

hour.
<Person0> Great!

RL-Gen:
<Person0> Did you get that message?
<Person1> No, why?
<Person0> I might have lost it.
<Person1> Oh no, it’s my mistake.

I’m sorry.
<Person0> Ok, don’t worry. We can

meet in an hour?
<Person1> Ok!

CN-Gen:
<Person0> Wanna meet the new per-

son?
<Person1> Sure, I’ll be there in an

hour.
<Person0> Perfect!

Figure 3: Samples of dialogs with their corresponding summaries - ground-truth and automatic generated ones
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Abstract

We introduce a new approach for the task of
Controllable Text Simplification, where sys-
tems rewrite a complex English sentence so
that it can be understood by readers at differ-
ent grade levels in the US K-12 system. It
uses a non-autoregressive model to iteratively
edit an input sequence and incorporates lexi-
cal complexity information seamlessly into the
refinement process to generate simplifications
that better match the desired output complexity
than strong autoregressive baselines. Analysis
shows that our model’s local edit operations
are combined to achieve more complex sim-
plification operations such as content deletion
and paraphrasing, as well as sentence splitting.

1 Introduction

Text simplification (TS) aims to automatically
rewrite text so that it is easier to read. What makes
text simple depends on its target audience (Xu
et al., 2015): replacing complex or specialized
terms with simpler synonyms might be helpful for
non-native speakers (Petersen and Ostendorf, 2007;
Allen, 2009) whereas restructuring text into short
sentences with simple words might better match the
literacy skills of children (Watanabe et al., 2009).
Studies of simplification tools for deaf or hard-of-
hearing users also show that they prefer lexical sim-
plification to be applied on-demand (Alonzo et al.,
2020). Yet, research in TS has mostly focused on
developing models that generate a generic simpli-
fied output for a given source text (Xu et al., 2015;
Zhang and Lapata, 2017; Alva-Manchego et al.,
2020). We contrast this Generic TS with Control-
lable TS which specifies desired output properties.

Prior work has addressed Controllable TS for ei-
ther high-level properties, such as the target reading
grade level for the entire text (Scarton and Specia,
2018; Nishihara et al., 2019), or low-level proper-
ties, such as the compression ratio or the nature of

Grade Text

10 Tesla is a maker of electric cars, which
do not need gas and can be charged by
being plugged into a wall socket.

5 Tesla cars can be charged by being
plugged in, like a phone. They do
not need any gas.

3 Tesla builds cars that do not need gas.

Table 1: Simplified text changes depending on the read-
ing grade level of the target audience. The bold font
highlights changes compared to the grade 10 version.

the simplification operation to use (Mallinson and
Lapata, 2019; Martin et al., 2020; Maddela et al.,
2020). Specifying the desired reading grade level
might be more intuitive for lay users. However, it
provides only weak control over the nature of sim-
plification. As illustrated in Table 1, simplifying
text to different grade levels results in diverse edits.
To rewrite the grade 10 original for grade 5, the
complex text is split into two sentences and para-
phrased. When simplifying for grade 3, phrases are
further simplified, and content is entirely deleted.

In this work, we adopt the intuitive framing for
Controllable TS where the desired reading grade
level is given as input, while providing fine-grained
control on simplification by incorporating lexical
complexity signals into our model. We adopt a non-
autoregressive sequence-to-sequence model (Xu
and Carpuat, 2020) that iteratively refines an input
sequence to reach the desired degree of simplifica-
tion and seamlessly integrate lexical complexity.

Unlike commonly used autoregressive (AR)
models for simplification (Specia, 2010; Nisioi
et al., 2017; Zhang and Lapata, 2017; Wubben
et al., 2012; Scarton and Specia, 2018; Nishihara
et al., 2019; Martin et al., 2020; Jiang et al., 2020,
among others), our model relies on explicit edit
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operations. It therefore has the potential of mod-
eling the simplification process more directly than
AR models which need to learn to copy opera-
tions implicitly. Unlike existing edit-based models
for simplification which rely on pipelines of in-
dependently trained components (Alva-Manchego
et al., 2017; Malmi et al., 2019; Mallinson et al.,
2020), our model is trained end-to-end via imita-
tion learning and thus learns to apply sequences
of edits to transform the original source into the
final simplified text. Furthermore, our approach
does not require a custom architecture for simplifi-
cation: it repurposes a non-autoregressive (NAR)
model introduced for Machine Translation (MT)
and can seamlessly incorporate lexical complex-
ity information derived from data statistics in the
initial sequence to be refined.

Based on extensive experiments on the Newsela
English corpus, we show that our approach gener-
ates simplified outputs that match the target reading
grade level better than strong AR baselines. Fur-
ther analysis shows that the model learns complex
editing operations such as sentence splitting, substi-
tution and paraphrasing, and content deletion and
applies these operations accordingly to match the
complexity of the desired grade level.

2 An Edit-based approach for
Controllable TS

Task We frame Controllable TS as follows:
given a complex text c and a target grade level gt,
the task consists in generating a simplified output
s that is appropriate for grade level gt.

Approach Our approach, illustrated in Figure 1,
is based on EDITOR (Xu and Carpuat, 2020), a
NAR Transformer model where the decoder layer
is used to apply a sequence of edits on an initial
input sequence (possibly empty). The edits are of
two types: (1) reposition and (2) insertion. The
reposition layer predicts the new position of each
token (including deletions). The insertion layer has
two components: the first layer predicts the num-
ber of placeholders to be inserted and the fill-in
layer generates the actual target tokens for each
placeholder. At each iteration, the model applies
a reposition operation followed by insertion to the
current input. This is repeated until two consecu-
tive iterations return the same output, or a preset
maximum number of operations is reached. We
tailor EDITOR for the task of Controllable TS as
follows:

Figure 1: EDITOR iteratively refines a version of the
input where words predicted to be too complex for 3rd
grade readers have been deleted.

Control tokens The target complexity gt is en-
coded as a special token added at the start of the in-
put sequence. As in prior work with autoregressive
models (Scarton and Specia, 2018; Nishihara et al.,
2019), this token acts as a side-constraint, gets en-
coded in the encoder hidden states as any other vo-
cabulary token, and informs hypothesis generation
through the source-target attention mechanism.

Lexical complexity signals We automatically
identify the source words that are too complex for
the target grade and delete them from the initial
sequence to be refined by EDITOR. This simple
strategy provides finer-grained guidance to the sim-
plification process than the sequence-level side-
constraint, while leaving the EDITOR model the
flexibility to rewrite the output without constraints.
We quantify the relatedness between each vocabu-
lary word (w) and grade-level (g) using their Point-
wise Mutual Information (PMI) in the newsela cor-
pus (Nishihara et al., 2019; Kajiwara, 2019):

PMI(w, g) = log
p(w|g)
p(w)

(1)

Here, p(w|g) is the probability that word w ap-
pears in sentences of grade level g and p(w) is the
probability of word w in the entire training corpus.

While the desired grade level gt is known in the
task, we automatically predict the complexity gs
of each source sentence si using the Automatic
Readability Index (ARI; Senter and Smith (1967)).
The initial decoding sequence ŝi takes the source
sequence and deletes all words that are strongly
related to the source grade level and unlikely to
be found in text of the target grade level, with the
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exception of named entities:

ŝi = {w|w ∈ si ∧ ∼ (PMI(w, gs) > 0

∧ PMI(w, gt) < 0 ∧ w 6∈ Ei)}
(2)

where,Ei represents the set of entities in the source
sequence si. Our approach contrasts with prior
work where PMI has been used in the loss to re-
ward the generation of target grade-specific words
for Controllable TS (Nishihara et al., 2019) or to ex-
clude complex words from the decoding vocabulary
using hard constraints for Generic TS (Kajiwara,
2019). Our approach combines lexical complexity
information from both the source and target grade
level more flexibly. Starting from ŝi as an initial
sequence, EDITOR can still delete further content
to match the target grade level, insert new words to
fix fluency and preserve the original meaning, and
has the flexibility to re-generate tokens that were
incorrectly dropped from the initial sequence.

Training to generate & refine EDITOR uses
imitation learning to learn an appropriate sequence
of edit operations to generate the output sequence
by efficiently exploring the large space of valid
edit sequences that can reach a reference output. A
roll-in policy is used to generate sequences to be
refined and a roll-out policy is then used to estimate
cost-to-go for all possible actions given the roll-in
sequences. The model is trained to choose actions
that minimizes the cost-to-go estimates from the
roll-in sequences to the true reference by compar-
ing the model actions to the oracle actions gener-
ated by the Levenshtein edit distance algorithm.
The roll-in sequences are stochastic mixtures of the
initial sequences and outputs of the insertion and
reposition modules given an initial sequence. The
initial sequence is generated by applying random
word dropping (Gu et al., 2019) and random word
shuffle (Lample et al., 2018) with a probability of
0.5 and maximum shuffle distance of 3 to either
the target sequence for MT tasks (Xu and Carpuat,
2020) or to the source sequence for Automatic Post
Editing (Gu et al., 2019). For Controllable TS, we
combine both, training EDITOR to generate text
based on the corrupted target sequence first, and
then fine-tuning the model for refinement based on
the corrupted source sequence next.

3 Experimental Settings

3.1 Data
The Newsela website provides high quality data to
study text simplification (Xu et al., 2015). It con-

sists of news articles rewritten by professional edi-
tors for students in different grade levels. We use
English Newsela samples as extracted by Agrawal
and Carpuat (2019) since their process preserves
grade level information for each segment. We re-
strict the length of each segment to be between 5
and 80 resulting in 470k/2k/19k for training, devel-
opment and test sets respectively. We pre-process
the dataset using Moses tools for normalization,
and truecasing. We refer to the resulting dataset
as newsela-grade. We further segment tokens into
subwords using a joint source-target byte pair en-
coding model with 32, 000 operations. We use
spacy1 to identify entities in the source sequence.

3.2 Model configurations

Architecture We adopt the base Transformer ar-
chitecture (Vaswani et al., 2017) with dmodel =
512, dhidden = 2048, nheads = 8, nlayers = 6, and
pdropout = 0.1 for all our models. We add dropout
to embeddings (0.1) and label smoothing (0.1). AR
models are trained with the Adam optimizer with
a batch size of 4096 tokens. Training stops after
8 checkpoints without improvement of validation
perplexity. We decode with a beam size of 5 for
the AR models. All NAR models are trained us-
ing Adam with initial learning rate of 0.0005 and
a batch size of 16,000 tokens. We select the best
checkpoint based on validation perplexity. Grade
side-constraints are defined using a distinct spe-
cial token for each grade level (from 2 to 12). All
models are implemented using the Fairseq toolkit.

Preliminary We establish that our Transformer
architecture choice is strong on the more standard
Generic TS task, as it performs comparably to the
state-of-the-art2 (Jiang et al., 2020) on the Newsela-
Auto corpus (Table 2).3

Experimental Conditions We compare our ap-
proach, i.e.,“NAR + PMI-based initialization”, de-
scribed in Section 2 to three auto-regressive base-
lines for Controllable TS:

1. AR is a Transformer model which uses grade

1https://spacy.io/
2The Bert-initialized Transformer has parameters dmodel =

768, dhidden = 3072, nheads = 12, nlayers = 12, and pdropout
= 0.1. The encoder and decoder follow the BERT-base archi-
tecture. The encoder is initialized with a pre-trained check-
point and the decoder is randomly initialized.

3This corpus contains complex-simple pairs extracted from
1,506 articles for training, 188 for validation and 188 for
testing for Generic TS.
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SARI add-F1 keep-F1 del-P

Results as reported in Jiang et al. (2020)
EditNTS 35.8 2.4 29.4 75.6
Transformer-BERT 36.6 4.5 31.0 74.3

AR Transformer (ours) 36.1 3.8 33.5 71.1

Table 2: Generic TS Evaluation on Newsela-Auto: our
Transformer baseline is comparable to SOTA models.

level tokens as side constraints (Scarton and
Specia, 2018).

2. AR + PMI-based constraints is an AR
Transformer model which incorporates lexi-
cal complexity information as hard constraints
during decoding (Kajiwara, 2019): complex
words are excluded from beam search using
the dynamic beam allocation algorithm (Post
and Vilar, 2018). While this approach was
introduced for Generic TS, we adapt it to Con-
trollable TS by defining hard constraints using
the same criteria as for deleting words in ini-
tial sequences for EDITOR (Section 2).

3. AR + PMI weighted loss (Nishihara et al.,
2019) is an AR Transformer model trained
with a loss that weights words based on their
PMI values with the desired target grade level.

3.3 Automatic Evaluation Metrics

We evaluate the output of the models using the
following text simplification evaluation metrics:

SARI (Xu et al., 2016) measures lexical simpli-
fication based on the words that are added, deleted
and kept by the systems by comparing system out-
put against references and against the input sen-
tence. It computes the F1 score for the n-grams
that are added (add-F1). The model’s deletion capa-
bility is measured by the F1 score for n-grams that
are kept (keep-F1) and precision for the deleted
n-grams (del-P) 4.

Pearson’s correlation coefficient (PCC) mea-
sures the strength of the linear relationship between
the complexity of our system outputs and the com-
plexity of reference outputs. We estimate the read-
ing grade level of the system outputs and reference
text using the ARI score.

4https://github.com/cocoxu/
simplification

Adjacency ARI Accuracy represents the per-
centage of sentences where the system output grade
level is within 1 grade of the reference text accord-
ing to the ARI score (Heilman et al., 2008).

Mean Squared Error (MSE) between the pre-
dicted ARI grade level of the system output and
the desired target grade level (Scarton and Specia,
2018; Nishihara et al., 2019).

4 Evaluation of Controllable TS

4.1 Automatic Evaluation

Table 3 summarizes the automatic evaluation of our
approach on Controllable TS: our approach,
“NAR + PMI-based initialization”, improves all
metrics—SARI, PCC, ARI-accuracy and MSE—
compared to the AR baselines. It also outper-
forms the AR + PMI-based constraints
baseline across all metrics except MSE which over-
simplifies the source text by always deleting the
complex tokens, as shown by a decrease in keep-
F1 (-6.1) and improved del-P (+4.6). This results
in lower MSE but worse PCC and ARI-Accuracy.
By contrast, our approach uses lexical com-
plexity information to provide an initial canvas and
yields simplified sentences that match the desired
target complexity better than the AR baselines.
This is reflected in the higher SARI obtained by the
PMI-based initialization baseline rela-
tive to the Source, which represents outputs gen-
erated by deleting complex tokens from the source
text and hence by itself is not a well-formed. AR
+ PMI weighted loss performs comparably
to the AR baseline across all the metrics except
PCC, which could be due to PMI values being
a relatively noisy signal at the token level during
training, especially for the target grade levels where
the data is scarce.5

We further compare our approach with the
model that uses the Oracle-keep sequence, i.e.,
tokens from the source sequence that are present
in the target sequence. As expected, the oracle sig-
nificantly outperforms all models that do not have
access to the reference, further confirming EDI-
TOR’s ability to make good use of the provided
initial sequence. More interestingly, our method for
identifying grade-specific complex tokens (Equa-
tion 2) achieves a recall of 91.3% and precision of

5We note that the improvement in SARI reported in prior
work (Nishihara et al. (2019): +0.15) is within the confidence
interval (+0.5) of the AR baseline (Table 3).
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Model SARI ↑ keep-F1 ↑ add-F1 ↑ del-P ↑ %PCC ↑ %ARI-ACC ↑ MSE ↓ %Unchanged

Source 22.5 67.7 0.0 0.0 63.2 29.4 4.92 100.0

Reference 91.1 98.9 88.1 86.3 100.0 100.0 1.91 10.6

PMI-based initialization 37.1 60.5 1.3 49.3 61.4 26.4 3.69 3.4

AR 38.7 ±0.5 68.3 ±0.3 4.6 ±0.3 43.2 ±1.4 73.0 ±0.3 37.1 ±0.4 3.39 ±0.24 36.2

+ PMI-based constraints 38.3 ±0.1 62.2 ±0.7 4.9 ±0.3 47.8 ±0.3 69.1 ±0.2 35.0 ±0.5 2.21 ±0.22 12.1

+ PMI weighted loss 38.5 ±0.5 68.2 ±0.3 4.5 ±0.3 42.9 ±1.3 72.4 ±0.2 36.6 ±0.5 3.32 ±0.21 35.9

NAR 39.1 ±0.1 66.7 ±0.1 3.1 ±0.1 47.6 ±0.4 73.1 ±0.1 36.4 ±0.0 3.56 ±0.04 17.7

+ PMI-based initialization
(our approach)

39.7 ±0.1 66.5 ±0.1 3.5 ±0.1 49.0 ±0.4 73.7 ±0.0 38.1 ±0.1 3.30 ±0.05 16.0

Oracle-keep 41.8 ±0.3 70.0 ±0.1 5.0 ±0.1 50.3 ±0.7 75.6 ±0.3 41.8 ±0.3 2.97 ±0.06 16.9

Table 3: Automatic evaluation results on Newsela-Grade test set: our approach outperforms AR baselines on
SARI, PCC and ARI accuracy.

Figure 2: Our approach substitutes “analyzed” correctly as well as splits the source sentence into two simple
sentences to generate a simplified output that matches the lexical complexity of the desired grade-level 6. The
tokens identified as complex using the proposed method in the source are bold.

76.4% with the oracle on the development set, indi-
cating that the initial sequences contain appropriate
vocabulary. Table 3 shows that our approach
partially closes the gap in performance with the
oracle by using this modified source sequence as
opposed to the original source sequence (NAR).

Figure 2 illustrates the refinement process that
generates the simplified output. Reposition and in-
sertion operations are used in consecutive steps to
perform complex editing operations (e.g., sentence
splitting and lexical substitution) , which requires
that the model learns to perform these operations

sequentially. Furthermore, our approach re-
covers the tokens that were incorrectly identified
as complex and thus deleted in the initial sequence,
highlighting the benefits of the flexible refinement
process.

4.2 Human evaluation

We randomly sample 60 source sentences from
the Newsela-Grade dataset, among sources that are
simplified toward four distinct grade levels (∼240
examples). For each of these target grades, we ob-
tain ratings of system outputs and reference from
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Model SARI ↑ %PCC ↑ %ARI-Acc ↑ MSE ↓ Iteration %Unchanged

our approach 40.2 ±0.0 73.9 ±0.3 36.1 ±0.2 3.73 ±0.03 2.32 ±0.04 17.6

−PMI-based Initialization 39.2 ±0.1 73.1 ±0.9 34.5 ±0.4 4.01 ±0.06 2.23 ±0.06 19.2

−Finetune 37.6 ±0.4 63.7 ±0.5 28.0 ±0.1 5.12 ±0.01 1.14 ±0.00 20.6

−Src Initialization 37.2 ±0.2 72.2 ±0.3 34.4 ±0.4 3.59 ±0.09 2.13 ±0.07 34.1

−Joint 39.7 ±0.1 68.1 ±1.7 31.6 ±0.2 4.70 ±0.05 1.00 ±0.00 11.0

Single Iteration 40.3 ±0.2 72.6 ±0.1 35.7 ±0.5 3.99 ±0.01 1.00 ±0.00 15.0

Gold Source Grade 40.2 ±0.1 74.1 ±0.5 36.5 ±0.3 3.71 ±0.04 2.33 ±0.03 17.3

Table 4: Ablation analysis on model design choices for our approach on Newsela-Grade development set.

Meaning Grammar Simplicity
Mean Mean Mean Abs. Diff ↓ Adj. Acc ↑

Reference 2.763 3.193 5.325 - -
AR 2.803 3.171 5.157 2.035 0.533
our approach 2.647 3.081 5.310 1.895 0.575

Table 5: Human Evaluation Results: our approach gen-
erates output that match the reference judgements bet-
ter than the AR baseline.

five Amazon Mechanical Turk workers. Following
prior annotation protocols (Jiang et al., 2020), we
ask workers to rate outputs on three dimensions: a)
is the output grammatical? [0-4] b) to what extent
is the meaning expressed in the original sentence
preserved in the output? [0-4] and c) how simpli-
fied is the output with respect to the original source
sentence? [0-10]. Different from prior work, we
use a 10-point scale for evaluating simplicity to
map the rating resolution to the gold grade differ-
ences. The detailed instructions provided to the
workers are in the Appendix B.

We compute the absolute difference (“AbsD-
iff”) in the simplicity ratings between the refer-
ence and the system output by the same annotator,
and aggregate over all examples and all ratings.
Table 5 shows that our outputs are closer to the
reference according to the simplicity judgements
than the AR system outputs. The “Mean” ratings
indicate that the two models make different trade-
offs: where the AR model under-simplifies the
source sentence and preserves the meaning, our
approach almost matches the mean simplicity of
the reference at the cost of lower meaning preser-
vation. Our outputs are also less grammatical than
those of the AR model and the references, prob-
ably due to the independence assumptions made
by the non-autoregressive model. The Adjacency
Accuracy, representing the percentage of system

outputs within a difference of one rating with the
reference, is also higher for our approach relative
to the AR model.

4.3 Ablation Experiments

Table 4 summarizes the impact of the de-
sign choices described in Section 2: Re-
moving lexical information (-PMI-based
Initialization) hurts both SARI and
the grade specific metrics. Further, using the
baseline EDITOR model that is trained only to
generate, without fine-tuning for refinement,
significantly hurts the performance across the
board. In that setting, EDITOR never learns to
delete tokens from the source, but only learns
to delete tokens inserted by the model. Using
EDITOR to generate the output from scratch
instead (-Src Initialization) recovers the
performance on SARI and grade specific metrics
but fails to match the performance of our approach.
This shows that fine-tuning for refinement and
providing initial sequences informed by lexical
complexity are both key to the performance of the
EDITOR for Controllable TS.

We also compare our approach with the variant
of the model that is trained to perform reposition
independent of the insertion operation (-Joint),
similar to Mallinson et al. (2020). Even though
this variant is able to match SARI, the difference
in grade-specific metrics is significant, showing
the benefits of joint training of the insertion and
reposition components.

Iterative refinement helps match the target grade
better than single step refinement as suggested by
ARI Accuracy, MSE and PCC. Figure 3 shows the
number of iterations of refinement performed by
our approach as the function of desired target grade
level: simplifying to lower grade levels (2 or 3)
requires on average 1 additional refinement step
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Figure 3: Our approach requires more number of iter-
ations when simplifying to a lower grade level. The
number of iterations performed by the model monoton-
ically increases with the edit distance between source
and reference.

than simplifiying to grade 8 or 9. This suggests that
the iterative process helps simplification when the
gap between source and target grades is wider.

Method Precision Recall

Target Only 76.4 80.2

Source (ARI) Only 76.6 78.2

Source (ARI) + Target 76.4 91.3

Table 6: Using both source and target grade to filter
complex words yields maximum overlap with the set
of tokens that are preserved from the source in the ref-
erence on the Newsela-Grade development set.

Finally, we verify that using ARI to estimate
the complexity of the source is effective. Replac-
ing the ARI predictions with the gold-standard
grade-level improves the grade-specific metrics
only marginally. Table 6 further shows the advan-
tage of combining source and target grade informa-
tion when identifying complex tokens (Equation 2)
over using source or target grade only.

5 Analysis

Per Grade Analysis How does our model com-
pare against the AR baselines for each target grade-
levels? Figure 4a and 4b show the SARI and Ad-
jacency Accuracy bucketed by target grade level.
We observe that our approach achieves comparable
or higher accuracy than the AR baselines for all
grades except 2 and 3. Further analysis suggests
that this is due to samples where the source grade
level is 12, and where our approach deletes words
too aggressively to simplify for the large grade gap
(Figure 4c and 4d).

Model Edit operations We compare the number
of edit operations performed by our model and the
oracle Levenshtein Edit Distance (Section 2) when
simplifying to different target grade levels. Figure 5

shows that the number of operations performed
by our approach to generate its output track the
number of oracle Levenshtein edits overall. The
main differences are that our approach performs
more than twice as many repositions than the oracle
(5c) for grades 4 and above which suggest that the
sequence of operations performed is suboptimal.
Furthermore our approach overdeletes words for
target grade levels lower than 4 (5b), and performs
fewer insertions than the oracle (5a). We turn to
manual analysis to shed more light on these results.

Simplification Operations Table 7 reports a
manual annotation of the simplification operations
observed for 50 randomly sampled segments, us-
ing an operation taxonomy from prior work (Xu
et al., 2015; Jiang et al., 2020). Our approach per-
forms content deletion in 7.5% more sentences
than needed to generate the references. At the
same time, it performs fewer insertions – in partic-
ular, our approach is unable to generate the elab-
orations and explanations found in the Newsela
references (Srikanth and Li, 2020). This would
require knowledge-based reasoning, which is be-
yond the capacity of the current model. However,
our approach can model sentence splitting and sub-
stitution, which often require a sequence of inser-
tion/deletion/reposition operations to be performed
sequentially.

Type % reference % output

Lexical Substitution 25.0 17.5

Deletion 25.0 32.5

Reordering/Paraphrasing 35.0 20.0

Splitting 27.5 15.0

Content Elaboration 10.0 0.0

Unchanged 22.5 37.5

Table 7: Simplification Operations observed in the ref-
erence and output by our approach in 50 randomly sam-
pled examples from the Newsela-Grade dataset.

6 Related Work

AR Models for TS Generic TS is often framed
as machine translation where an autoregressive
sequence-to-sequence model learns to model sim-
plification operations implicitly from pairs of
complex-simple training samples (Specia, 2010;
Nisioi et al., 2017; Zhang and Lapata, 2017;
Wubben et al., 2012; Scarton and Specia, 2018;
Nishihara et al., 2019; Martin et al., 2020; Jiang
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(a) ARI Accuracy (b) SARI

(c) ARI Accuracy (d) SARI

Figure 4: Analysis of automatic metrics for different target grade levels on the Newsela-Grade development set:
our approach achieves higher or comparable SARI and ARI scores compared to the AR baselines for all grade
levels except 2 or 3.

(a) Insertion (b) Deletion (c) Reposition

Figure 5: Edit operations accumulated over iterations for different target grade levels relative to the reference.

et al., 2020). There have been efforts at control-
ling a different aspect of the simplified output, such
as controlling for a specific grade-level (Scarton
and Specia, 2018; Nishihara et al., 2019) or em-
ploying lexical or syntactic constraints (Mallinson
and Lapata, 2019; Martin et al., 2020), where the
complexity of a word is either determined by its
frequency or by manually tagging the tokens at
inference time. We instead use the association of
a word with the grade-level to define lexical con-
straints automatically. Furthermore, these models
lack interpretability in terms of the type of oper-

ations performed, and need to generate the entire
output sequence from scratch thus potentially wast-
ing capacity in learning copying operations.

Edit-based Generic TS Recent work incorpo-
rates edit operations into neural text simplifications
more directly. These approaches rely on custom
multi-step architectures. They first learn to tag the
source token representing the type of edit oper-
ations to be performed, and then use a secondary
model for in-filling new tokens or executing the edit
operation. The tagging and editing model are either
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trained independently (Alva-Manchego et al., 2017;
Malmi et al., 2019; Kumar et al., 2020; Mallinson
et al., 2020) or jointly (Dong et al., 2019). By con-
trast, we use a single model trained end-to-end to
generate sequences of edit operations to transform
the entire source sequence.

Lexical Complexity for TS Nishihara et al.
(2019) introduced a training loss for Controllable
TS that weights words that frequently appear in
the sentences of a specific grade-level. By contrast,
we use lexical complexity information to define
the initial sequence for refinement, which does not
require any change to the model architecture nor
to the training process. For Generic TS, Kajiwara
(2019) used complex words as negative constrained
for decoding with an autoregressive model. By con-
trast our approach provides more flexibility to the
model which results in better outputs in practice.

Non-autoregressive Seq2Seq Models They
have primarily been used to speed up Machine
Translation by allowing parallel edit operations
on the output sequence (Lee et al., 2018; Gu
et al., 2018; Ghazvininejad et al., 2019; Stern
et al., 2019; Chan et al., 2020; Xu and Carpuat,
2020). Refinement approaches have been used to
incorporate terminology constraints in machine
translation, including as hard (Susanto et al., 2020)
and soft constraints (Xu and Carpuat, 2020). They
have also shown promise for Automatic Post
Editing (APE) (Gu et al., 2019; Wan et al., 2020) ,
and grammatical error correction (Awasthi et al.,
2019). In this work, we show that they are a good
fit to incorporate lexical complexity information
for Controllable TS.

7 Conclusion

We introduced an approach that repurposes a non-
autoregressive sequence-to-sequence model to in-
corporate lexical complexity signals in Control-
lable TS. An extensive empirical study showed that
our approach generates simplified outputs that bet-
ter match the desired target-grade complexity than
AR models. Analysis revealed promising directions
for future work, such as improving grammaticality
while encouraging tighter control on complexity by
better aligning the model’s atomic edit operations
with more complex simplification operations.

Acknowledgments

We thank Eleftheria Briakou, Pranav Goel, Aquia
Richburg, Alexander Hoyle, Suraj Nair, Susmija
Jabbireddy, the anonymous reviewers and the mem-
bers of the CLIP lab at UMD for their helpful and
constructive comments.

References
Eneko Agirre, Carmen Banea, Daniel Cer, Mona Diab,

Aitor Gonzalez-Agirre, Rada Mihalcea, German
Rigau, and Janyce Wiebe. 2016. SemEval-2016
task 1: Semantic textual similarity, monolingual
and cross-lingual evaluation. In Proceedings of the
10th International Workshop on Semantic Evalua-
tion (SemEval-2016), pages 497–511, San Diego,
California. Association for Computational Linguis-
tics.

Sweta Agrawal and Marine Carpuat. 2019. Controlling
text complexity in neural machine translation. In
Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 1549–
1564.

David Allen. 2009. A study of the role of relative
clauses in the simplification of news texts for learn-
ers of english. System, 37(4):585–599.

Oliver Alonzo, Matthew Seita, Abraham Glasser, and
Matt Huenerfauth. 2020. Automatic text simplifica-
tion tools for deaf and hard of hearing adults: Bene-
fits of lexical simplification and providing users with
autonomy. In Proceedings of the 2020 CHI Confer-
ence on Human Factors in Computing Systems, CHI
’20, page 1–13, New York, NY, USA. Association
for Computing Machinery.

Fernando Alva-Manchego, Joachim Bingel, Gustavo
Paetzold, Carolina Scarton, and Lucia Specia. 2017.
Learning how to simplify from explicit labeling of
complex-simplified text pairs. In Proceedings of
the Eighth International Joint Conference on Natu-
ral Language Processing (Volume 1: Long Papers),
pages 295–305, Taipei, Taiwan. Asian Federation of
Natural Language Processing.

Fernando Alva-Manchego, Carolina Scarton, and Lu-
cia Specia. 2020. Data-driven sentence simplifica-
tion: Survey and benchmark. Computational Lin-
guistics, 46(1):135–187.

Abhijeet Awasthi, Sunita Sarawagi, Rasna Goyal,
Sabyasachi Ghosh, and Vihari Piratla. 2019. Par-
allel iterative edit models for local sequence trans-
duction. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
4251–4261.

3765



William Chan, Chitwan Saharia, Geoffrey Hinton, Mo-
hammad Norouzi, and Navdeep Jaitly. 2020. Im-
puter: Sequence modelling via imputation and dy-
namic programming. In International Conference
on Machine Learning, pages 1403–1413. PMLR.

Yue Dong, Zichao Li, Mehdi Rezagholizadeh, and
Jackie Chi Kit Cheung. 2019. EditNTS: An neural
programmer-interpreter model for sentence simplifi-
cation through explicit editing. In Proceedings of
the 57th Annual Meeting of the Association for Com-
putational Linguistics, pages 3393–3402, Florence,
Italy. Association for Computational Linguistics.

Marjan Ghazvininejad, Omer Levy, Yinhan Liu, and
Luke Zettlemoyer. 2019. Mask-predict: Parallel de-
coding of conditional masked language models. In
Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the
9th International Joint Conference on Natural Lan-
guage Processing (EMNLP-IJCNLP), pages 6114–
6123.

Jiatao Gu, James Bradbury, Caiming Xiong, Vic-
tor O.K. Li, and Richard Socher. 2018. Non-
autoregressive neural machine translation. In Inter-
national Conference on Learning Representations.

Jiatao Gu, Changhan Wang, and Junbo Zhao.
2019. Levenshtein transformer. In H. Wallach,
H. Larochelle, A. Beygelzimer, F. d'Alché-Buc,
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A Appendix

A.1 Dataset Statistics
Table 8 provides the statistics of grade pair distri-
bution in the Newsela-Grade dataset.

A.2 Implementation Details
We train all our models on two GeForce GTX
1080Ti GPUs. The average training time for a
single seed of AR model is ∼8-9 hrs and for the
EDITOR model is ∼20-22 hrs. Fine-tuning EDI-
TOR takes additional 4-5 hrs.

B Human Annotation

Quality Control We set the location restriction
to the United States to control for the quality of an-
notations. The correlation between the target grade
levels and the simplicity ratings of the reference
text is 0.582, which suggest that workers do rank
simpler output higher than a relatively complex
reference of the same source sentence.

Compensation We compensate the Amazon Me-
chanical Turk workers at a rate of $0.03 per HIT.

Instructions We provide the following instruc-
tions to the Amazon Mechanical Turk workers to
evaluate generated simplified sentences.

Meaning You are given one sentence and 3
rewrites of the same sentence. Carefully read the
instructions provided and then use the sliders to
indicate the extent to which the meaning expressed
in the original sentence is preserved in the rewrites
(Agirre et al., 2016).

Score Category

4 they convey the same key idea
3 they convey the same key idea but differ in some

unimportant details
2 they share some ideas but differ in important details
1 they convey different ideas on the same topic
0 Completely different from the first sentence

Grammar You are given three sentences. Care-
fully read the instructions provided and then use
the sliders to indicate the extent to which each of
the sentence is grammatical (Heilman et al., 2014).

Score Category

4 Perfect: The sentence is native-sounding.
3 Comprehensible: The sentence may contain one or

more minor grammatical errors
2 Somewhat Comprehensible: The sentence may con-

tain one or more serious grammatical errors,
1 Incomprehensible: The sentence contains so many

errors that it would be difficult to correct
0 Other/Incomplete This sentence is incomplete

Simplicity You are given one sentence and 3
rewrites of the same sentence. Carefully read the
instructions provided and use the sliders to indi-
cate how simple is each of the rewrite as compared
to the original sentence (0: not simplified at all,
10: most simplified). We provide the following
examples for your reference.
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Src / Tgt 2 3 4 5 6 7 8 9 10

3 2488 0 0 0 0 0 0 0 0
4 466 7737 0 0 0 0 0 0 0
5 2080 18143 22888 0 0 0 0 0 0
6 1742 6952 20041 20212 0 0 0 0 0
7 545 7857 13556 31297 10315 0 0 0 0
8 557 3277 12557 16301 21457 11241 0 0 0
9 106 4338 4714 18143 4384 28690 2016 0 0
10 6 33 218 306 367 277 386 134 0
11 0 0 15 19 11 16 28 0 0
12 1039 6320 17703 32361 27144 39143 28545 29261 82

Table 8: Number of text segments per grade level pair in the Newsela-Grade dataset.

Original sentence: Craig and April Likhite drove to Chicago from Evanston with their 10-year-old son, Cade, because
they wanted to see history made with other fans as close to Wrigley Field as possible.

Rewrites: Simplicity:

1. Craig and April Likhite drove to Chicago. They wanted to see history made with other fans as close to
Wrigley Field as possible.

7

Explanation: long and complex sentence has been split into two simple sentences, complex words are dropped

2. Craig and April Likhite to Chicago with their son Cade. 8
Explanation: drastic content deletion

3. Craig and April Likhite drove to Chicago from Evanston with their 10-year-old son, Cade. They wanted
to see history made with other fans as close to Wrigley Field as possible.

4

Explanation: long sentence is split into two simple sentences

4. Craig and April Likhite drove to Chicago because they wanted to see history made with other fans as
close to Wrigley Field as possible.

6

Explanation: paraphrasing and deletion

Table 9: Example illustrating ratings for simplified rewrites of an originally complex sentence.
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Abstract

Multilingual transformers (XLM, mT5) have
been shown to have remarkable transfer skills
in zero-shot settings. Most transfer studies,
however, rely on automatically translated re-
sources (XNLI, XQuAD), making it hard to
discern the particular linguistic knowledge that
is being transferred, and the role of expert an-
notated monolingual datasets when develop-
ing task-specific models. We investigate the
cross-lingual transfer abilities of XLM-R for
Chinese and English natural language infer-
ence (NLI), with a focus on the recent large-
scale Chinese dataset OCNLI. To better un-
derstand linguistic transfer, we created 4 cat-
egories of challenge and adversarial tasks (to-
taling 17 new datasets1) for Chinese that build
on several well-known resources for English
(e.g., HANS, NLI stress-tests). We find that
cross-lingual models trained on English NLI
do transfer well across our Chinese tasks (e.g.,
in 3/4 of our challenge categories, they per-
form as well/better than the best monolingual
models, even on 3/5 uniquely Chinese lin-
guistic phenomena such as idioms, pro drop).
These results, however, come with important
caveats: cross-lingual models often perform
best when trained on a mixture of English and
high-quality monolingual NLI data (OCNLI),
and are often hindered by automatically trans-
lated resources (XNLI-zh). For many phenom-
ena, all models continue to struggle, highlight-
ing the need for our new diagnostics to help
benchmark Chinese and cross-lingual models.

1 Introduction

Recent pre-trained multilingual transformer mod-
els, such as XLM(-R) (Conneau and Lample, 2019;
Conneau et al., 2020), mT5 (Xue et al., 2020) and
others (Liu et al., 2020; Lewis et al., 2020) have

1All new datasets/code are released at https://github.com/
huhailinguist/ChineseNLIProbing.

been shown to be successful in NLP tasks for sev-
eral non-English languages (Khashabi et al., 2020;
Choi et al., 2021), as well as in multilingual bench-
marks (Devlin et al., 2019; Conneau et al., 2020;
Xue et al., 2020; Artetxe et al., 2020). A particular
appeal is that they can be used for cross-lingual and
zero-shot transfer. That is, after pre-training on a
raw, unaligned corpus consisting of text from many
languages, models can be subsequently fine-tuned
on a particular task in a resource-rich language
(e.g., English) and directly applied to the same task
in other languages without requiring any additional
language-specific training.

Given this recent progress, a natural question
arises: does it make sense to invest in large-scale
task-specific dataset construction for low-resourced
languages, or does cross-lingual transfer alone suf-
fice for many languages and tasks? A closely re-
lated question is: how well do multilingual mod-
els transfer across specific linguistic and language-
specific phenomena? While there has been much
recent work on probing multilingual models (Wu
and Dredze, 2019; Pires et al., 2019; Karthikeyan
et al., 2019), inter alia, a particular limitation is
that most studies rely on automatically translated
resources such as XNLI (Conneau et al., 2018) and
XQuAD (Artetxe et al., 2020), which makes it dif-
ficult to discern the particular linguistic knowledge
that is being transferred and the role of large-scale,
expert annotated monolingual datasets when build-
ing task- and language-specific models.

In this paper, we investigate the cross-lingual
transfer abilities of XLM-R (Conneau et al., 2020)
for Chinese natural language inference (NLI). Our
focus on Chinese NLI is motivated by the recent
release of the first large-scale, human-annotated
Chinese NLI dataset OCNLI (Original Chinese
NLI) (Hu et al., 2020)2, which we use to directly in-

2To our knowledge, OCNLI is currently the largest non-
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category n

C
hi

ne
se

H
A

N
S Lexical overlap 1,428

Subsequence 513

st
re

ss
te

st
s Distraction: 2 categories 8,000

Antonym 3,000
Synonym 2,000
Spelling 11,676
Numerical reasoning 8,613

di
ag

no
st

ic
s

CLUE (Xu et al., 2020) 514
CLUE expansion (ours) 796
World knowledge (ours) 38
Classifier (ours) 139
Chengyu/idioms (ours) 251
Pro-drop (ours) 198
Non-core arguments (ours) 186

se
m

an
tic

pr
ob

in
g

Negation 1,002
Boolean 1,002
Quantifier 1,002
Counting 1,002
Conditional 1,002
Comparative 1,002

sum 43,364

Table 1: Summary statistics of the four evaluation sets.

vestigate the role of high-quality task-specific data
vs. English-based cross-lingual transfer. To better
understand linguistic transfer, and help benchmark
recent SOTA Chinese NLI models, we created 4 cat-
egories of challenge/adversarial tasks (totaling 17
new datasets) for Chinese that build on several well-
established resources for English and the literature
on model probing (see Poliak (2020)). Our new re-
sources, which are summarized in Table 1, include:
a new set of diagnostic tests in the style of the
SuperGLUE (Wang et al., 2019) and CLUE (Xu
et al., 2020) diagnostics; Chinese versions of the
HANS dataset (McCoy et al., 2019) and NLI stress-
tests (Naik et al., 2018), as well as a collection of
the basic reasoning and logic semantic probes for
Chinese based on Richardson et al. (2020).

Our results are largely positive: We find that
cross-lingual models trained exclusively on En-
glish NLI do transfer relatively well across our
new Chinese tasks (e.g., in 3/4 of the challenge
categories shown in Table 1, they perform overall
as well or better than the best monolingual Chinese
models without additional specialized training on
Chinese data, and have competitive performance on
OCNLI). A particularly striking result is that such
models even perform well on 3/5 uniquely Chinese
linguistic phenomena such as idioms, pro drop,
providing evidence that many language-specific
phenomena do indeed transfer. These results, how-

English NLI dataset that was annotated in the style of English
MNLI without any translation.

ever, come with important caveats: on several phe-
nomena we find that models continue to struggle
and are far outpaced by conservative estimates of
human performance (e.g., our best model on Chi-
nese HANS remains ∼19% behind human perfor-
mance), highlighting the need for more language-
specific diagnostics tests. Also, fine-tuning models
on mixtures of English NLI data and high-quality
monolingual data (OCNLI) consistently performs
the best, whereas mixing with automatically trans-
lated datasets (XNLI-zh) can greatly hinder model
performance. This last result shows that high-
quality monolingual datasets still play an important
role when building cross-lingual models, however,
the particular type of monolingual dataset that is
needed can vary and is best informed by targeted
behavioral testing of the type we pursue here.

2 Related Work

There has been a lot of work on trying to understand
multilingual transformers (Wu and Dredze, 2019;
Pires et al., 2019), which has focused on either ex-
amining the representation of different layers in
the transformer architecture or the lexical overlap
between languages. Karthikeyan et al. (2019) in-
vestigate the role of network depth and number
of attention heads, as well as syntactic/word-order
similarity on the cross-lingual transfer performance.
In addition to studies cited at the outset, positive
results of cross-lingual transfer across a wide range
of languages are reported in Wu and Dredze; Nozza
et al. (2020), with a focus on transfer across spe-
cific tasks such as POS tagging, NER; in contrast,
we focus on different categories of linguistic trans-
fer, which has received less attention, as well as the
role of monolingual data for transfer in NLI.

Studies into the linguistic abilities and robust-
ness of current NLI models have proliferated in
recent years, partly owing to the discovery of sys-
tematic biases, or annotation artifacts (Gururangan
et al., 2018; Poliak et al., 2018), in benchmark NLI
datasets such as SNLI (Bowman et al., 2015) and
MNLI (Williams et al., 2018). This has been cou-
pled with the development of new adversarial tests
such as HANS (McCoy et al., 2019) and the NLI
stress-tests (Naik et al., 2018), as well as several
new linguistic challenge datasets (Glockner et al.,
2018; Richardson et al., 2020; Geiger et al., 2020;
Yanaka et al., 2019; Saha et al., 2020; Goodwin
et al., 2020), inter alia, that focus on a wide range
of linguistic and reasoning phenomena. All of this
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work focuses exclusively on English, whereas we
focus on constructing analogous probing datasets
tailored to Chinese to help advance research on
Chinese NLI and cross-lingual transfer.

There has been a surge in the development of
NLI resources for languages other than English.
Such resources are often created in the following
two ways: (1) from scratch, in the style of MNLI
(Williams et al., 2018), where annotators are used
to produce hypotheses and inference labels based
on a provided set of premises, as pursued for Chi-
nese OCNLI (Hu et al., 2020), or SciTail (Khot
et al., 2018), where sentences are paired automati-
cally and labeled by annotators (Amirkhani et al.,
2020; Hayashibe, 2020). (2) Through automatic
(Conneau et al., 2018; Budur et al., 2020; Real et al.,
2020) or manual (Wijnholds and Moortgat, 2021)
translation from existing English datasets. Studies
on cross-lingual transfer for NLI have largely fo-
cused on XNLI (Conneau et al., 2018), which we
show has limited utility for Chinese NLI transfer.

3 Dataset creation

In this section, we describe the details of the 4 types
of challenge datasets we constructed for Chinese to
study cross-lingual transfer (see details in Table 1).
They fit into two general categories: Adversarial
datasets (Section 3.1) built largely from patterns
in OCNLI (Hu et al., 2020) and XNLI (Conneau
et al., 2018) and Probing/diagnostic datasets
(Section 3.2), which are built from scratch in a
parallel fashion to existing datasets in English.

While we aim to mimic the annotation protocols
pursued in the original English studies, we place
the additional methodological constraint that each
new dataset is vetted, either through human anno-
tation using a disjoint set of Chinese linguists, or
through internal mediation among local Chinese
experts; details are provided below.

3.1 Adversarial dataset

Examples from the 7 adversarial tests we created
are illustrated in Table 2.3 Chinese HANS is built
from patterns extracted in the large-scale Chinese
NLI dataset OCNLI (Hu et al., 2020), whereas the
Distraction, Antonym, Synonym and Spelling
subsets are built from an equal mixture of OCNLI
and XNLI-zh (Conneau et al., 2018) data; in the
latter case, such a difference allows us to fairly

3A more detailed description of the data creation process
can be found in Appendix A.

compare the effect of training on expert-annotated
(i.e., OCNLI) vs. automatically translated data (i.e.,
XNLI-zh) as detailed in Section 4.

Chinese HANS McCoy et al. (2019) dis-
covered systematic biases/heuristics in the
MNLI dataset, which they named “lexi-
cal/subsequence/constituent” overlap. “Lexical
overlap” is defined to be the pairs where the
vocabulary of the hypothesis is a subset of the
vocabulary of the premise. For example, “The boss
is meeting the client.” and “The client is meeting
the boss.”, which has an entailment relation.
However, lexical overlap does not necessarily
mean the premise will entail the hypothesis, e.g.,
“The judge was paid by the actor.” does not entail
“The actor was paid by the judge.” (examples from
McCoy et al. (2019)). Thus a model relying on the
heuristic will fail catastrophically in the second
case.

Inspired by the English HANS, we examine
whether OCNLI also possesses such biases, as it
has a similar annotation procedure as MNLI. We
follow the design of the original HANS experi-
ments, and adapt their scripts4 to extract examples
in OCNLI that satisfy the two heuristics. We find a
heavy bias towards “entailment”, where 79.5% of
such examples are “entailment”, similar to MNLI.
To construct a Chinese HANS, we first look into
syntactic structures of the examples having the two
heuristics. Then we write 29 templates for the
lexical overlap heuristic and 11 templates for sub-
sequence overlap.5 Using the templates and a vo-
cabulary of 263 words, we generated 1,941 NLI
pairs. See Table 2 for examples and Appendix A
for details.

Distraction We add distractions to the premise
or hypothesis, similar to the “length mismatch”
and “word overlap” conditions in the NLI stress
tests of Naik et al. (2018). The distractions are
either tautologies (“true is not false”) or a true
statement from our world knowledge (“Finnland
is not a permanent member of the UN security
council”), which should not influence the infer-
ence label. We control whether the distraction con-
tain a negation or not, and thus create four con-
ditions: premise-negation, premise-no-negation,
hypothesis-negation, and hypothesis-no-negation.
See Table 2 for examples.

4https://github.com/tommccoy1/hans
5For details of the templates, see our Github repository.
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category n premise hypothesis label

C
hi

ne
se

H
A

N
S Lexical

overlap
1428 我们把银行职员留在电影院了。We left the bank clerk in the cinema. 银行职员把我们留在电影院了。The bank

clerk left us in the cinema.
C

Subsequence 513 谁说律师都是穿西装的。Who told you that all lawyers wear suits. 律师都是穿西装的。All lawyers wear suits. C
st

re
ss

te
st

s

Distraction
(add to
premise)

4000 国 有 企 业 改 革 的 思 路 和 方 针 政 策 已 经 明 确,而 且
刚做完手术出院的病人不应剧烈运动。The policy of the reform of
state-owned enterprises is now clear, and patients who just had surgery
shouldn’t have intense exercise.

根本不存在国有企业。The state-owned en-
terprises don’t exist.

C

Distraction
(add to
hypothesis)

4000 这时李家院子挤满了参观的人。During this time, the Li family’s
backyard is full of people who came to visit.

这 地 方 有 个 姓 李 的 人 家,
而且真的不是假的。There is a Li fam-
ily here, and true is not false.

E

Antonym 3000 一些地方财政收支矛盾较大。The disagreement about local revenue
is relatively big.

一些地方财政收支矛盾较小。The disagree-
ment about local revenue is relatively small.

C

Synonym 2000 海部组阁困难说明了什么。What can you tell from the difficulties
from Kaifu’s attempt to set up a cabinet?

海部组阁艰难说明了什么。What can you
tell from the hardships from Kaifu’s attempt
to set up a cabinet?

E

Spelling 2980 身上裹一件工厂发的棉大衣,手插在袖筒里。(Someone is) wrapped
up in a big cotton coat the factory gave with hands in the sleeves

身上质少一件衣服。There’s at least [typo]
one coat on the body.

E

Numerical
reasoning

8613 小红每分钟打不到510个字。Xiaohong types fewer than 510 words
per min.

小红每分钟打110个字。Xiaohong types
110 words per min.

N

Table 2: Example NLI pairs in Chinese HANS and stress tests with translations.

Antonym We replace a word in the premise with
its antonym to form a contradiction. To ensure the
quality of the resulting NLI pairs, we manually
examine the initially generated data and decided to
only replace nouns and adjectives, as they are more
likely to produce real contradictions.

Synonym We replace a word in the premise with
its synonym to form an entailment.

Spelling We replace one random character in the
hypotheses with its homonym (character with the
same pinyin pronunciation ignoring tones) as this
is one of the most common types of misspellings
in Chinese.

Numerical reasoning We create a probing set
for numerical reasoning, following simple heuris-
tics such as the following. When the premise is
Mary types x words per minute, the entailed hy-
pothesis can be: Mary types less than y words per
minute, where x < y. A contradictory hypothesis:
Mary types y words per minute, where x > y or x <
y. Then a neutral pair can be produced by reversing
the premise and hypothesis of the above entailment
pair. 4 heuristic rules (with 6 words for quantifica-
tion) are used and the seed sentences are extracted
from Ape210k (Zhao et al., 2020), a dataset of
Chinese elementary-school math problems. The
resulting data contains 8,613 NLI pairs.

For quality control and to compute human per-
formance, we randomly sampled 50 examples from
all subsets and asked 5 Chinese speakers to verify.
Our goal is to mimic the human annotation proto-
col from Nangia and Bowman (2019), which gives
us a conservative estimate of human performance
given that our annotators received very little in-

structions. Their majority vote agrees with the gold
label 90.0% of the time, which suggests that our
data is of high quality and allows us to later com-
pare against model performance.6

3.2 Probing/diagnostic datasets
While the Chinese HANS and stress tests are de-
signed to adversarially test the models, we also cre-
ate probing or diagnostic datasets which are aimed
at examining the models’ linguistic and reasoning
abilities.

Hand-crafted diagnostics We expanded the di-
agnostic dataset from the Chinese NLU Bench-
mark (CLUE) (Xu et al., 2020) in the following
two ways:

First, 6 Chinese linguists (PhD students) created
diagnostics for 4 Chinese-specific linguistic phe-
nomena. Here are two of the phenomena:7 (1) pro-
drop: subjects or objects in Chinese can be dropped
when they can be recovered from the context (Li
et al., 1981). Thus the model needs to figure out the
subject/object from the context. (2) four-character
idioms (i.e., 成语 Chengyu). They are a special
type of Chinese idioms that has exactly four char-
acters, usually with a figurative meaning different
from the literary meaning, e.g.,打草惊蛇 hit hay
startle snake (behaving carelessly and causing your
enemy to become vigilant). We construct examples
to test whether models understand the figurative
meaning in the idioms. Specifically, we first create
a premise P which includes the idiom, where there
is enough context so that a human is highly likely to

6Specifically: 98.0% on Chinese HANS, 86.0% on the
stress tests. For comparison, different subsets of the English
stress tests receives 85% to 98% agreement (Naik et al., 2018).

7For the other two, please refer to Appendix A.
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interpret the idiom figuratively. Then we create an
entailed hypothesis that is based on the figurative
(correct) interpretation, and a neutral/contradictory
hypothesis that uses the literal (incorrect) meaning
(see Table 11 in the Appendix for an example). For
each P we write 3 hypothesis, one for each infer-
ence relation. We also added diagnostics involving
world knowledge.

Second, we double the number of diagnostic
pairs for all 9 existing linguistic phenomena in
CLUE with pairs whose premises are selected from
a large news corpus8 and hypotheses are hand-
written by our linguists, to accompany the 514 ar-
tificially created data in CLUE. The resulting new
diagnostics is 4 times as large as the original one,
with a total of 2,122 NLI pairs. For quality con-
trol, each pair is double-checked by local Chinese
linguists not involved in this study and the con-
troversial cases were discarded after a discussion
among the 6 linguists. See Table 11 in Appendix A
for examples.

Semantic fragments Following Richardson et al.
(2020) and Salvatore et al. (2019), we design syn-
thesized fragments to examine models’ understand-
ing ability of six types of linguistic and logic infer-
ence: boolean, comparative, conditional, count-
ing, negation and quantifier, where each category
has 2-4 templates. See example templates and NLI
pairs in Table 3.

The data is generated using context-free gram-
mar rules and a vocabulary of 80,000 person names
(Chinese and transliterated), 8659 city names and
expanded predicates and comparative relations in
Richardson et al. (2020) to make the data more
challenging. As a result, we generated 1,000 exam-
ples for each fragment. For quality control, each
template was checked by 3 linguists/logicians; also
20 examples from each category were checked for
correctness by local experts.

4 Experimental setup

Our main goal is to test whether cross-lingual trans-
fer are robust against the adversarial and probing
data we created when evaluated without additional
training. Thus we need to compare the best Chi-
nese monolingual models with the best multilingual
models trained either on English NLI data alone,

8We use the BCC corpus (Xun et al., 2016): http://bcc.
blcu.edu.cn/.

or on combinations of Chinese and English data.9

Chinese monolingual models We experimented
with two current state-of-the-art transformer mod-
els: RoBERTa-large (Liu et al., 2019) and Electra-
large-discriminator (Clark et al., 2019). We use the
Chinese models released from (Cui et al., 2020)10

implemented the Huggingface Transformer library
(Wolf et al., 2020).

Multilingual model We use XLM-RoBERTa-
large (Conneau et al., 2020). We choose XLM-R
over mT5 (Xue et al., 2020) because XLM-R gen-
erally performs better than mT5 under the same
model size (see original paper for details). Also,
XLM-R as a RoBERTa model is most related archi-
tecturally to existing Chinese pre-trained models.

Fine-tuning data for Chinese models & XLM-
R (1) XNLI: the full Chinese training set in the
machine-translated XNLI dataset, with 390k exam-
ples (Conneau et al., 2018). (2) XNLI-small: 50k
examples from XNLI, the same size as the train-
ing data of OCNLI. (3) OCNLI: Original Chinese
NLI dataset (Hu et al., 2020). It is a Chinese NLI
dataset collected from scratch, following the MNLI
procedure, with 50k training examples. We use this
to measure the effect of the quality of training data;
that is, whether it is better to use small, high-quality
training data (OCNLI), or large, low-quality MT
data (XNLI). (4) OCNLI + XNLI: a combination
of the two training sets, 440k examples.

Fine-tuning data for XLM-R To examine cross-
lingual transfer, we finetune XLM-R on English
NLI data alone and English + Chinese NLI data: (1)
MNLI: 390k examples from MNLI.train (Williams
et al., 2018). (2) English all NLI: we combine
MNLI (Williams et al., 2018), SNLI (Bowman
et al., 2015), FeverNLI (Thorne et al., 2018; Nie
et al., 2019) with ANLI (Nie et al., 2020), a total
of 1,313k examples. (3) OCNLI + English all NLI.
(4) XNLI + English all NLI. These two are set to
examine whether combining Chinese and English
fine-tuning data is helpful.

9We also run the same experiments for Chinese-to-English
transfer, i.e., fine-tuning XLM-R with OCNLI and evaluate
on the four English counterpart datasets. We find that trans-
ferring from OCNLI to English does not perform as well as
monolingual English models, likely due to the small size of
OCNLI. Detailed results are reported in Appendix C.

10We use hfl/chinese-roberta-wwm-ext-large
from https://github.com/ymcui/Chinese-BERT-wwm and
hfl/chinese-electra-large-discriminator
from https://github.com/ymcui/Chinese-ELECTRA.
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category premise hypothesis label

Negation 库尔图尔只到过湛江市麻章区，丰隆格只到过大连市普兰店区. . . . . .
person1 only went to location1; person2 only went to location2; ....

库尔图尔没到过大连市普兰店区。
person1 has not been to location2.

E

Boolean 何峥、管得宽、李国柱. . . . . .只到过临汾市襄汾县。
person1, person2 ... have only been to location1.

何峥没到过遵义市红花岗区。
person1 has not been to location2.

E

Quantifier 有人到过每一个地方，拥抱过每一个人。
Someone has been to every place and hugged every person.

王艳没拥抱过包一。person1 hasn’t hugged
person2.

N

Counting 韩声雄只拥抱过罗冬平、段秀芹. . . . . .赵常。
person1 only hugged person2, person3 ... person8.

韩声雄拥抱过超过10个人。
person1 hugged more than 10 people.

C

Conditional . . . . . .，穆肖贝夸到过赣州市定南县，如果穆肖贝夸没到过赣州市定南县，
那么张本伟到过呼伦贝尔市阿荣旗。... personn has been to locationn. If
personn hasn’t been to locationn, then personm has been to locationm.

张本伟没到过呼伦贝尔市阿荣旗。personm
hasn’t been to locationm.

N

Comparative 龙银凤比武书瑾、卢耀辉. . . . . .奈德哈特都小，龙银凤和亚厄纳尔普一样
大。person1 is younger than person2, ..., personn; person1 is as old as personm

亚厄纳尔普比梁培娟大。personm is older than
personn−2.

C

Table 3: Example NLI pairs for semantic/logic probing with translations. Each label for each category has 2 to 4
templates; we are only showing 1 template for 1 label. 1,000 examples are generated for each category.

Model Fine-tuned on Acc Scenario

RoBERTa zh MT: XNLI-small 67.44 monolingual
RoBERTa zh MT: XNLI 70.29 monolingual
RoBERTa zh ori: OCNLI 79.11 monolingual
RoBERTa zh: OCNLI + XNLI 78.43 monolingual
XLM-R zh MT: XNLI 72.55 monolingual
XLM-R zh ori: OCNLI 79.24 monolingual
XLM-R zh: OCNLI + XNLI 80.31 monolingual

XLM-R en: MNLI 71.98 zero-shot
XLM-R en: En-all-NLI 73.73 zero-shot

XLM-R mix: OCNLI + En-all-NLI 82.18 mixed
XLM-R mix: XNLI + En-all-NLI 74.12 mixed

Table 4: Results on OCNLI dev. “Scenario” indicates
whether the model is fine-tuned on Chinese only data
(monolingual), English data (zero-shot) or mixed En-
glish and Chinese data; results in gray show best per-
formance for each scenario. Best overall result in bold.
Same below.

We fine-tune the models on OCNLI-dev. Ac-
knowledging that different training runs can pro-
duce very different checkpoints for behavioral test-
ing (D’Amour et al., 2020), we run 5 models on
different seeds and report the mean accuracy of the
models with the best hyper-parameter setting (for
details see Appendix B).

5 Results and discussion

5.1 Results on OCNLI dev
Results on the dev set of OCNLI are presented
in Table 4. For monolingual RoBERTa, we see
a similar performance as reported in the OCNLI
paper (Hu et al., 2020), with 79.11% accuracy. The
monolingual Electra achieves a very close accuracy
of 79.02% (not shown in the Table). As we see the
same trend in the following experiments, we will
therefore only report results on RoBERTa.

For XLM-R, fine-tuning on MNLI or En-all-NLI
gives us reasonable results of around 72% to 74%,
which is better than models fine-tuned on XNLI, in-
dicating that fine-tuning on an English data (MNLI)

alone can outperform monolingual models fine-
tuned on the same data but machine-translated into
Chinese (XNLI).11 This is consistent with previous
results on Korean (Choi et al., 2021) and Persian
(Khashabi et al., 2020) for other NLU tasks.

What is also interesting is that combining OC-
NLI and En-all-NLI gives us a boost of 2% to
82.18% (a result that is comparable to the current
published SOTA), showing the power of mixing
high-quality English and Chinese training data.

5.2 Chinese HANS

Table 5 shows results of the Chinese HANS data
tested on the aforementioned monolingual models
and cross-lingual model.

Cross-lingual transfer achieves strong re-
sults. We first notice that when XLM-R is fine-
tuned solely on the English data (En-all-NLI), the
performance (∼69%) is only slightly worse than
the best monolingual model (∼71%). This suggests
that cross-lingual transfer from English to Chinese
is quite successful for an adversarial dataset like
HANS. Second, adding OCNLI to En-all-NLI in
the training data gives a big boost of about 9%,
and achieves the overall best result. This is about
12% higher than combining XNLI and the English
data, demonstrating the advantage of the expert-
annotated OCNLI over machine translated XNLI,
even though the latter is about 8 times the size of
the former. Despite these results, however, we note
that all models continue to perform below human
performance, suggesting more room for improve-
ment.

Our results also suggest that examples involving
the sub-sequence heuristics are more difficult than

11For these experiments we also tested with another Chinese
machine-translated MNLI (CMNLI), translated by a different
MT system, which was released by CLUE (https://github.
com/CLUEbenchmark/CLUE), and obtained similar results.
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Model Fine-tuned on Overall Lexical Overlap Sub-sequence Entailment Non-Entailment ∆

RoBERTa zh MT: XNLI-small 49.48 58.12 25.42 99.22 30.26 37.18
RoBERTa zh MT: XNLI 60.80 68.99 38.01 99.74 45.76 24.53
RoBERTa zh ori: OCNLI 71.72 75.39 61.48 99.67 60.91 18.20
RoBERTa zh: OCNLI+XNLI 69.33 74.73 54.27 99.89 57.51 20.92
XLM-R zh ori: OCNLI 61.82 65.83 50.68 99.89 47.11 32.13
XLM-R zh MT: XNLI 57.74 66.47 33.45 99.96 41.42 31.13
XLM-R zh: OCNLI+XNLI 70.31 74.25 59.34 100.00 58.84 21.47

XLM-R en: En-all-NLI 69.56 77.62 47.13 100.00 57.80 15.93
XLM-R en: MNLI 66.74 73.12 48.97 100.00 53.89 18.09

XLM-R mix: OCNLI+En-all-NLI 78.82 81.57 71.15 100.00 70.63 11.55
XLM-R mix: XNLI+En-all-NLI 66.90 76.25 40.90 99.93 41.89 32.23

Human 98.00

Table 5: Accuracy on Chinese HANS. ∆ = the difference of accuracy between OCNLI dev and Non-Entailment.

those targeting the lexical overlap heuristics for
the transformers models we tested (see the “sub-
sequence” and “lexical overlap” columns in Ta-
ble 5). This is in line with the results reported in
the English HANS paper (specifically Table 15 in
McCoy et al. (2019) which also shows that the sub-
sequence examples are more difficult for the En-
glish BERT model). Second, for the sub-sequence
heuristics, results from monolingual model are 12%
higher than those from XLM-R under the zero-shot
transfer setting (61.48% versus 48.79% in “sub-
sequence” column in Table 5). This stands in con-
trast with the lexical overlap heuristic, where the
best monolingual model performs similarly to the
best zero-shot cross-lingual transfer (75.39% ver-
sus 77.62%). This is one of the few cases where
cross-lingual transfer under-performs the monolin-
gual setting by a large margin, suggesting that in
certain situations monolingual models may be pre-
ferred.

5.3 Stress tests

Table 6 presents the accuracies on all the stress
tests. We first see that cross-lingual zero-shot trans-
fer using all English NLI data performs even better
than the best monolingual model (∼74% vs. ∼71%).
This demonstrates the power of the cross-lingual
transfer-learning. Adding OCNLI to all English
NLI gives another increase of about 3 percentage
points (to 77%), while adding XNLI hurts the per-
formance, again showing the importance of having
expert-annotated language-specific data.

Antonyms and Synonyms All models except
those fine-tuned on OCNLI achieved almost per-
fect score on the synonym test. However, for
antonyms, both monolingual and multilingual mod-
els fine-tuned with OCNLI perform better than
XNLI. XLM-R fine-tuned with English NLI data

only again outperforms the best of monolingual
models (∼80% vs. ∼72%). Interestingly, adding
XNLI to all English NLI data hurts the accuracy
badly (a 14% drop), while adding OCNLI to the
same English data improves the result slightly.

As antonyms are harder to learn (Glockner et al.,
2018), we take our results to mean that either
expert-annotated data for Chinese or a huge English
NLI dataset is needed for a model to learn decent
representations about antonyms, as indicated by
the high performance of RoBERTa fine-tuned with
OCNLI (71.81%), and XLM-R fine-tuned with En-
all-NLI (80.36%), on antonyms. That is, using
machine-translated XNLI will not work well for
learning antonyms (∼55% accuracy).

Distraction Results in Table 6 show that adding
distractions to the hypotheses has a more nega-
tive negative impact on models’ performance, com-
pared with appending distractions to the premises.
The difference is about 20% for all models (see
“Distr H” columns and “Distr P” columns in Ta-
ble 6), which has not been reported in previous
studies, to the best of our knowledge. Including
a negation in the hypothesis makes it even more
challenging, as we see another one percent drop
in the accuracy for all models. This is expected as
previous literature has demonstrated the key role
negation plays when hypotheses are produced by
the annotators (Poliak et al., 2018).

Spelling This is another case where cross-lingual
transfer with English data alone falls behind mono-
lingual Chinese models (by about 4%). Also the
best results are from fine-tuning XLM-R with OC-
NLI + XNLI, rather than a combination of En-
glish and Chinese data. Considering the data is
created by swapping Chinese characters with oth-
ers of the same pronunciation, we take it to suggest
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Model Fine-tuned on Overall Ant. Syn. Distr H Distr H-n Distr P Distr P-n
Spell-
ing num.

RoBERTa zh MT: XNLI-small 59.41 43.38 99.64 51.61 51.41 70.66 71.19 69.93 28.70
RoBERTa zh MT: XNLI 66.22 52.28 99.79 54.83 53.8 74.55 74.57 72.22 53.53
RoBERTa zh ori: OCNLI 64.49 71.81 73.66 52.95 51.8 73.43 73.86 71.79 54.16
RoBERTa zh: OCNLI + XNLI 71.01 59.39 99.06 55.87 54.64 76.83 76.50 75.48 70.18
XLM-R zh ori: OCNLI 69.08 71.29 88.63 55.93 55.05 76.84 77.00 71.42 65.51
XLM-R zh MT: XNLI 66.87 55.53 99.96 56.11 55.29 77.69 77.9 74.37 46.81
XLM-R zh: OCNLI + XNLI 71.49 61.85 99.45 58.15 57.92 79.16 79.28 77.93 61.88

XLM-R en:MNLI 67.94 65.77 99.2 55.14 54.6 75.75 75.76 70.76 50.90
XLM-R en: En-all-NLI 74.52 80.36 97.58 54.74 53.56 73.96 73.92 71.02 82.73

XLM-R mix: OCNLI + En-all-NLI 77.36 81.93 95.09 59.23 58.00 79.88 79.92 74.53 87.77
XLM-R mix: XNLI + En-all-NLI 73.57 66.15 99.68 57.02 55.51 78.38 78.53 75.15 80.33

Human 85.00 85.00 98.00 83.00 83.00 83.00 83.00 78.00 98.00

Table 6: Accuracy on the stress test. Distr H/P(-n): distraction in Hypothesis/Premise (with negation).
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RoBERTa zh MT: XNLI-small 62.9 65.8 64.7 55.2 80.5 60.0 59.6 67.4 54.3 61.4 48.3 60.9 59.7 66.2 39.0
RoBERTa zh MT: XNLI 67.7 67.6 66.2 59.4 82.3 65.1 69.9 72.0 56.8 70.4 64.2 67.5 61.7 72.9 52.1
RoBERTa zh ori: OCNLI 67.8 62.0 68.0 59.4 80.7 77.5 70.3 70.0 56.0 66.6 64.2 68.4 61.7 72.4 57.9
RoBERTa zh: OCNLI + XNLI 69.3 66.3 67.1 58.6 83.0 74.0 70.1 73.5 54.9 74.1 67.5 69.1 62.5 76.0 60.0
XLM-R zh ori: OCNLI 68.0 57.6 70.1 58.0 79.6 76.3 67.4 70.3 55.3 69.8 75.8 71.1 62.5 71.1 62.1
XLM-R zh MT: XNLI 60.9 61.2 62.3 50.4 71.9 59.7 60.3 63.3 51.7 65.2 54.9 61.0 53.5 66.9 58.3
XLM-R zh: OCNLI + XNLI 71.5 70.4 71.6 57.5 84.6 77.8 74.5 74.7 55.3 75.5 76.7 72.8 62.7 76.3 65.3

XLM-R en: MNLI 70.2 70.1 73.9 57.5 86.4 70.8 69.3 72.9 48.9 76.0 62.5 67.8 62.6 77.0 62.1
XLM-R en: En-all-NLI 71.9 71.8 74.3 56.2 87.4 75.7 74.9 74.8 49.1 80.5 70.8 69.1 63.8 77.8 64.2

XLM-R mix: OCNLI + En-all-NLI 74.9 72.7 74.3 60.1 88.5 84.5 77.3 78.1 56.6 81.3 79.2 77.2 65.6 78.0 67.9
XLM-R mix: XNLI + En-all-NLI 71.4 70.2 58.5 85.5 71.3 75.2 75.5 55.1 79.2 70.0 69.1 62.4 76.2 72.1 71.3

Table 7: Accuracy on the expanded diagnostics. Uniquely Chinese linguistic features are prefixed with ∗.
that monolingual models are still better at pick-
ing up the misspellings or learning the connections
between characters at the phonological level.

Numerical Reasoning Results in the last col-
umn of Table 6 suggest a similar pattern: using all
English NLI data for cross-lingual transfer outper-
forms the best monolingual model. However, fine-
tuning a monolingual model with the small OCNLI
(50k examples, accuracy: 54%) achieves better ac-
curacy than using a much larger MNLI (390k exam-
ples, accuracy: 51%) for cross-lingual transfer, al-
though both are worse than XLM-R fine-tuned with
all English NLI which has more than 1,000k exam-
ples (accuracy: 83%). This suggests that there are
cases where a monolingual setting (RoBERTa with
OCNLI) is competitive against zero-shot transfer
with a large English dataset (XLM-R with MNLI).
However, that competitiveness may disappear when
the English dataset grows to an order of magnitude
larger in size or becomes more diverse (En-all-NLI
contains 4 different English NLI datasets).

5.4 Hand-written diagnostics

Results on the expanded diagnostics are presented
in Table 7. We first see that XLM-R fine-tuned

with only English performs very well, at 70.2% and
71.9%, even slightly higher than the best monolin-
gual Chinese model (69.3%).

Most surprisingly, in 3/5 categories with
uniquely Chinese linguistic features, zero-
shot transfer outperforms monolingual models.
Only in “non-core arguments” and “time of event”
do we see higher performance of OCNLI as the
fine-tuning data. What is particularly striking is
that for “idioms (Chengyu)”, XLM-R fine-tuned
only on English data achieves the best result, sug-
gesting that the cross-lingual transfer is capable of
learning meaning representation beyond the surface
lexical information, at least for many of the idioms
we tested. The overall results (accuracy of 74.3%)
indicate that cross-lingual transfer is very success-
ful in most cases. Manual inspection of the results
shows that for many NLI pairs with idioms, XLM-
R correctly predicts the figurative interpretation of
the idiom as entailment, and the literal interpreta-
tion as non-entailment, as described in section 3.2.
Looking at OCNLI and XNLI, we observe that they
perform similarly when fine-tuned on monolingual
RoBERTa. However, when fine-tuned with XLM-
R, OCNLI has a clear advantage (68.0% versus
60.9%), suggesting that OCNLI may produce more
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model finetune on overall boolean comparative conditional counting negation quantifier

RoBERTa zh MT: XNLI-small 46.57 32.81 34.41 61.48 81.82 33.27 35.63
RoBERTa zh MT: XNLI 50.64 33.35 39.02 66.55 84.51 40.92 39.50
RoBERTa zh ori: OCNLI 47.53 35.81 34.81 62.87 69.64 49.84 32.24
RoBERTa zh: OCNLI + XNLI 51.13 38.16 37.98 66.19 75.73 53.31 35.43
XLM-R zh ori: OCNLI 54.33 54.19 49.02 52.46 79.70 59.52 31.08
XLM-R zh MT: XNLI 50.79 33.39 35.33 66.01 87.23 33.17 49.60
XLM-R zh: OCNLI + XNLI 52.43 34.51 36.93 59.98 88.70 54.37 40.08

XLM-R en: MNLI 49.09 33.27 37.98 66.25 89.70 34.69 32.65
XLM-R en: En-all-NLI 55.37 33.43 39.70 66.65 92.34 64.11 35.99

XLM-R mix: OCNLI + En-all-NLI 57.95 40.70 44.49 63.67 91.54 74.47 32.81
XLM-R mix: XNLI + En-all-NLI 57.73 40.30 37.82 66.67 93.19 61.52 46.87

Table 8: Accuracy on the Chinese semantic probing datasets, designed following Richardson et al. (2020).

stable results than XNLI. Furthermore, when cou-
pled with English data to be used with XLM-R, we
see again that OCNLI + En-all-NLI results in an
accuracy 3 percent higher than XNLI + En-all-NLI.

5.5 Semantic fragments

Results on the semantic probing datasets (shown in
Table 8) are more mixed. First, the results are in
general much worse than the other evaluation data,
but overall, XLM-R fine-tuned with OCNLI and
all English data still performs the best. The over-
all lower performance is likely due to the longer
length of premises and hypotheses in the semantic
probing datasets, compared with the other three
evaluation sets. Second, zero-shot transfer is better
or on par with monolingual Chinese RoBERTa in
4/6 semantic fragments (except Boolean and quanti-
fier). Third, for Boolean and comparative, XLM-R
fine-tuned with OCNLI has a much better result
than all other monolingual models or XLM-R fine-
tuned with mixed data. We also observe that all
models have highest performance on the “count-
ing” fragment. Note that none of the models have
seen any data from the “counting” fragment during
fine-tuning. That is, all the knowledge come from
the pre-training and fine-tuning on general NLI
datasets. The surprisingly good performance of
XLM-R model (w/ En-all-NLI, 92.34%) suggests
that it may have already acquired a mapping from
counting the words/names to numbers, and this
knowledge can be transferred cross-linguistically.

6 Conclusion and Future Work

In this paper, we examine the cross-lingual trans-
fer ability of XLM-R in the context of Chinese
NLI through four new sets of aversarial/probing
tasks and a total of 17 new high quality and lin-
guistically motivated challenge datasets. We find
that multilingual transfer via fine-tuning solely on

benchmark English data generally yields impres-
sive performance. In 3/4 on our task categories,
such zero-shot transfer outperforms our best mono-
lingual models trained on benchmark Chinese NLI
data, including 3/5 of our hand-crafted challenge
tasks that test uniquely Chinese linguistic phenom-
ena. These results suggest that multilingual models
are indeed capable of considerable cross-lingual lin-
guistic transfer and that zero-shot NLI may serve
as a serious alternative to large-scale dataset devel-
opment for new languages.

These results come with several important
caveats. Model performance is still outperformed
by conservative estimates of human performance
and our best models still have considerable room
for improvement; we hope that our new resources
will be useful for continuing to benchmark progress
on Chinese NLI. We also find that high-quality Chi-
nese NLI data (e.g., OCNLI) can help improve
results further, which suggests an important role
for certain types of expertly annotated monolingual
data in a training pipeline. In virtue of our study be-
ing limited to behavioral testing, the exact reason
for why cross-lingual zero-shot transfer generally
performs well, especially on some Chinese-specific
phenomena, is an open question that requires fur-
ther investigation. In particular, we believe that
techniques that couple behavioral testing with inter-
vention techniques (Geiger et al., 2020; Vig et al.,
2020) and other analysis methods (Giulianelli et al.,
2018; Belinkov and Glass, 2019) might provide in-
sight, and that our new Chinese resources can play
an important role in such future work.
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Heuristic entailment contradiction neutral

lexical overlap 944 155 109
subsequence 190 10 18

Table 9: Distribution of the two heuristics in OCNLI.

Heuristic entailment contradiction neutral

lexical overlap 441 647 340
subsequence 100 193 220

Total 541 840 560

Table 10: Distributional statistics of our synthesized
Chinese HANS dataset.

A Details for dataset creation

In this section, we list example NLI pairs and their
translations. For examples of the Chinese HANS
and stress tests, see Table 2. For the expanded
diagnostics, see Table 11. For the semantic/logic
probing dataset, see Table 3.

Chinese HANS Table 9 lists the number of ex-
amples in OCNLI for each inference label that sat-
isfy the two heuristics we are examining. We ob-
serve that entailment examples take the majority
for both heuristics. Therefore, we hypothesize that
if the heuristics are learned, the entailment exam-
ples are likely to be correctly predicted while non-
entailment (contradiction and neutral) examples
are prone to receive wrong prediction.

To guarantee the generated sentences are syntac-
tically and semantically sound, we add features for
our vocabulary so that subject- predicate and verb-
object constraints are satisfied, e.g., some verbs
can only take animate subjects and objects. We
then generate 50 premise-hypothesis pairs for each
template described in our Github repository.12 Ex-
cluding duplicated examples, our generated dataset
has 1,941 pairs and the distribution of the three
labels is shown in Table 10.

Antonym After looking at the quality of initially
generated data, we decided to replace only the
nouns and adjectives with their antonyms since
such replacements are most likely result in gram-
matical and contradictory hypotheses.13

12https://github.com/huhailinguist/ChineseVariousNLI
13We use the LTP toolkit (https://github.com/HIT-SCIR/ltp)

to annotate the POS tags and our antonym list is from https:
//github.com/liuhuanyong/ChineseAntiword.

Synonym After inspecting the initially generated
data, we decided to perform replacements only to
verbs and adjectives. To ensure the quality of syn-
onyms, we rank the synonyms from a commonly
used synonym dictionary by their vector similar-
ity to the original word, and pick the top ranking
synonym.14

Distraction We created the distraction data simi-
lar to the stress test setting (Naik et al., 2018) but ex-
perimented with variations as to where “distractor
statement”—either a tautology or a true statement—
was added: the premise or the hypothesis. The
distractor statement also varied w.r.t. whether it
contains a negation:

• Premise-no-negation: A distractor statement
is added to the end of the premise and it con-
tains no negation.

• Premise-negation: A distractor statement
containing a negation is added to the premise.

• Hypothesis-no-negation: A distractor state-
ment is added to the end of the hypothesis.

• Hypothesis-negation: Same as the previous
condition except that the distractor contains a
negation.

Only two tautologies are used in Naik et al.
(2018). In this paper, to thoroughly examine the in-
fluence of different true statements, we designed 50
tautology/statements varied in three factors: length,
out-of-vocabulary, and negation word. There are
25 statements pairs in total (1 tautology and 24
true statements); each pair includes a true state-
ment and its corresponding true statement with
negation form. All the statements range from 5
to 16 characters. For the true statements in nega-
tion form, two common Chinese negation words
不 and 没 are used for negation. For the 24 true
statement pairs, half of them contains at least one
Out-of-Vocabulary word in OCNLI.

Experiments show that length, Out-of-
Vocabulary words, and the choice of negator have
little effects on the results.

Spelling We generate a set of data containing
“spelling errors” by replacing one random charac-
ter in the hypotheses with its homonym, which is
defined as a character with the same pinyin pronun-
ciation ignoring tones. We also limit the frequency

14We use the synonym list from https://github.com/
Keson96/SynoCN and the similarity score from the
Python package Synonyms at https://github.com/chatopera/
Synonyms.

3782



of the homonym as within the range of 100 to 6000
so that the character is neither too rare nor too fre-
quent.

Numerical reasoning We extracted sentences
from Ape210k (Zhao et al., 2020), a large-scale
math word problem dataset containing 210K Chi-
nese elementary school-level problems15. We gen-
erate entailed, contradictory and neutral hypotheses
for each premise, with the rules below:

1. Entailment: Randomly choose a number x
and change it to y from the hypothesis. If the
y > x, prefix it with one phrase that translate to
“less than”; if y < x, prefix it with one phrase
that translate to “more than”.
Premise: Mary types 110 words per minute.
Hypothesis: Mary types less than 510 words
per minute.

2. Contradiction: Perform either 1) randomly
choose a number x from the hypothesis and
change it; 2) randomly choose a number from
the hypothesis and prefix it with one phrase
that translate to “less than” or “more than”.
Premise: Mary types 110 words per minute.
Hypothesis: Mary types 710 words per
minute.

3. Neutral: Reverse the corresponding entailed
premise-hypothesis pairs.
Premise: Mary types less than 510 words per
minute. Hypothesis: Mary types 110 words
per minute.

The result contains 2,871 unique premise sentences
and 8,613 NLI pairs.

Diagnostics The diagnstics for classifiers (or
measure word) and non-core arguments are ex-
plained in detail below (see examples in Table 11).

1. classifiers (or measure word): in Chinese,
when modified by a numeral, a noun must
be preceeded by a category of words called
classifier. They can be semantically vacuous
but sometimes also carry semantic content:
一匹狼 one pi wolf (one wolf); 一群狼 one
qun wolf (one pack of wolves). Our examples
require the model to understand the semantic
content of the classifiers.

15We split all problems into individual sentences and filter
out sentences without numbers. Then we remove sentences
without any named entities (“PERSON”, “LOCATION” and
“ORGANIZATION”) using the NER tool provided by LTP
toolkit (Che et al., 2020).

2. non-core arguments: in Chinese syntax, some-
times a noun phrase at the argument position
(e.g., object) is not serving as an object: 今
天吃筷子，不吃叉子。today eat chopsticks,
not eat fork (We eat with chopsticks today,
not with fork). Sun (2009) shows that this
structure is very productive in Chinese and we
take example sentences from her dissertation.

Additionally, for the pro-drop examples, they
are constructed such that the models return the cor-
rect inference relation only when they successfully
identify what the dropped pro refers to. That is,
our constructed premises involve several entities
the dropped pro could potentially refer to, and the
entailed hypothesis identifies the correct referent
while the neutral/contradictory hypothesis does not
(see Table 11 for an example).

B Hyperparameters for experiments

Table 12 presents the hyperparameters used for
the models. The learning-rate search space for
RoBERTa is: 1e-5, 2e-5, 3e-5, 4e-5 and 5e-5, for
XLM-R: 5e-6, 7e-6, 9e-6, 2e-5 and 5e-5.

C Chinese-to-English transfer

We present Chinese-to-English transfer results in
this section. As mentioned in the main text, for
most of the cases, zero-shot transfer learning does
not work well mostly likely due to the small size of
OCNLI. However, for 3 out of the 4 datasets, XLM-
R fine-tuned with the mix data outperforms the
monolingual setting, suggesting that even OCNLI
is only 1/20 of En-all-NLI, XLM-R can still acquire
some useful information from OCNLI, in addition
to what is present in En-all-NLI.

Specifically, (1) for English HANS, XLM-R fine-
tuned with OCNLI is about 13 percentage points
below the best English monolingual model, shown
in Table 13. (2) For stress tests shown in Table 14,
the gap is about 5 percent (XLM-R with OCNLI
= 74%; RoBERTa with En-all-NLI = 79%). Inter-
estingly, XLM-R with OCNLI performs the best
for Negation and Word overlap. It even outper-
forms RoBERTa w/ MNLI on the Antonym, which
seems to be consistent with the high performance of
OCNLI-trained models on the Chinese Antonym
in our constructed stress tests. (3) For semantic
probing data, as shown in Table 15, XLM-R with
OCNLI is 5 percent behind monolingual model
fine-tuned with all English NLI, but performs bet-
ter than the monolingual RoBERTa fine-tuned with
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category n premise hypothesis label

CLUE (Xu et al., 2020) 514 有些学生喜欢在公共澡堂里唱歌。
Some students like to sing in public
showers.

有些女生喜欢在公共澡堂里唱歌。
Some female students like to sing in pub-
lic showers.

N

CLUE expansion (ours) 800 雷克雅未克所有旅馆的床位加在一
起才一千六百个。
There are only one thousand six hundred
beds in all hotels in Reykjavik.

雷克雅未克有旅馆的床位超过一千
个。
Some hotel in Reykjavik has over a thou-
sand beds.

N

World Knowledge
(ours)

37 上海在北京的南边。
Shanghai is to the south of Beijing.

北京在上海的南边。
Beijing is to the south of Shanghai.

C

Classifier (ours) 138 这些孩子吃了一个苹果。
These children ate an apple.

这些孩子吃了一筐苹果。
These children ate a basket of apples.

N

Chengyu/idioms (ours) 250 这帮人可狡猾得很啊，你一个电
话打过去，打草惊蛇，后果不堪设
想。
These people are so cunning! If you call
them, it would alert them, and as we say
in a Chinese idiom ”if you hit the grass,
it would alert the snakes.” The conse-
quences would be unimaginable.

你打电话过去会让这帮人察觉，造
成不好的结果。
If you call them, it will alert them, and
bring negative consequences.

E

same as above 这些狡猾的人养了很多蛇。
These cunning people have raised a lot
of snakes.

N

Pro-drop (ours) 197 见了很多学生，又给老师们开了两
个小时会，校长和主任终于可以下
班了。
After (pro) meeting many students and
(pro) having two hours of meeting with
the teachers, the principal and the direc-
tor can finally get off work.

校长见了很多学生。
The principal met many students.

E

same as above 老师们见了很多学生。
The teachers met many students.

N

Non-core arguments
(ours)

185 平时范志毅都踢后卫的，今天却改
当前锋了。
Zhiyi Fan usually plays full back in soc-
cer, but today he switched to playing
forward.

范志毅经常用腿踢对方的后卫。
Zhiyi Fan usually uses his legs to kick
the other team’s full back.

N

Table 11: Example NLI pairs in expanded diagnostics with translations.

Model Training Data LR

RoBERTa zh MT: XNLI-small 3e-05
RoBERTa zh MT: XNLI 2e-05
RoBERTa zh ori: OCNLI 2e-05
RoBERTa zh: OCNLI + XNLI 3e-05

XLM-R zh ori: OCNLI 5e-06
XLM-R zh MT: XNLI 7e-06
XLM-R zh: OCNLI + XNLI 7e-06
XLM-R en:MNLI 5e-06
XLM-R en: En-all-NLI 7e-06
XLM-R mix: OCNLI + En-all-NLI 7e-06
XLM-R mix: XNLI + En-all-NLI 7e-06

Table 12: Hyper-parameters used for fine-tuning the
models. All models are fine-tuned for 3 epochs with
maximum length of 128.

MNLI (53.6% vs. 51.3%). This is quite surprising
since the size of OCNLI is only 1/8 of MNLI. (4)
For the English diagnostics as shown in Table 16
and Table 17, XLM-R with OCNLI is 7 percent
behind RoBERTa fine-tuned with MNLI.

We leave it for future work to thoroughly ex-
amine transfer learning from a “low-resource” lan-
guage such as Chinese to the high-resource one
such as English.

3784



Model Fine-tuned on Overall Lexical overlap Subsequence Constituent Entailment Non-entailment

RoBERTa en: En-all-NLI 76.54 96.79 67.77 65.06 99.81 53.27
RoBERTa en: MNLI 77.63 95.60 68.08 69.21 99.74 55.52
XLM-R en: En-all-NLI 75.72 95.52 62.99 68.63 99.91 51.52
XLM-R en: MNLI 74.80 92.92 65.24 66.23 98.83 50.76
XLM-R zh ori: OCNLI 64.37 71.28 54.42 67.41 98.39 30.35
XLM-R zh MT: XNLI 68.83 81.67 62.07 62.74 99.13 38.53
XLM-R zh mix: OCNLI+XNLI 71.30 82.52 61.72 69.66 99.08 43.52
XLM-R mix: OCNLI+En-all-NLI 78.56 96.92 64.91 73.84 99.92 57.20
XLM-R mix: XNLI+En-all-NLI 74.65 93.93 60.97 69.04 99.96 49.34

Table 13: Results of English HANS (McCoy et al., 2019).

Model Fine-tuned on Overall Antonym
Content

word
swap

Function
word
swap

Keyboard Swap Length
mismatch

Negation
Numerical
reasoning

Word
overlap

RoBERTa en: En-all-NLI 79.48 82.91 86.22 88.71 87.8 87.48 88.28 60.25 79.26 62.85
RoBERTa en: MNLI 77.9 69.03 85.74 88.75 87.39 87.05 88.23 59.19 65.46 61.48
XLM-R en: En-all-NLI 79.6 86.25 85.26 87.38 86.31 86.72 87.25 61.06 82.84 65.79
XLM-R en: MNLI 77.6 74.65 85.09 87.33 86.08 86.42 86.96 60.95 54.66 65.13
XLM-R zh ori: OCNLI 74.31 72.52 75.12 77.71 76.27 76.39 77.23 72.86 55.85 72.79
XLM-R zh MT: XNLI 77.78 65.12 85.11 86.64 85.79 85.71 85.91 63.52 43.95 71.63
XLM-R zh mix: OCNLI+XNLI 77.83 66.83 84.96 86.69 85.81 85.87 85.98 63.97 51.56 68.38
XLM-R mix: OCNLI+En-all-NLI 80.01 86.33 85.22 87.40 86.26 86.77 87.23 62.52 81.79 67.54
XLM-R mix: XNLI+En-all-NLI 79.38 85.27 85.35 87.20 86.28 86.74 87.22 60.29 80.50 66.19

Table 14: Results of English stress test (Naik et al., 2018).

Model Fine-tuned on Overall Boolean Comparative Conditional Counting Monotonicity
hard

Monotonicity
simple Negation Quantifier

RoBERTa en: MNLI 51.31 43.58 39.60 66.24 63.34 61.28 60.10 37.26 39.08
RoBERTa en: En-all-NLI 58.72 60.18 40.28 66.30 66.22 59.60 58.98 64.46 53.74
XLM-R en: MNLI 53.54 59.16 41.62 66.30 61.72 63.26 62.82 33.52 39.92
XLM-R en: En-all-NLI 59.85 71.58 45.18 66.30 60.40 63.86 62.02 65.68 43.78
XLM-R zh ori: OCNLI 53.61 66.02 60.62 41.10 58.00 47.86 49.88 51.88 53.50
XLM-R zh MT: XNLI 52.29 43.24 39.00 66.22 65.66 58.08 62.74 34.12 49.24
XLM-R zh mix: OCNLI+XNLI 54.68 54.64 38.84 66.28 67.38 58.18 61.38 41.88 48.82
XLM-R mix: OCNLI+En All NLI 60.20 71.20 42.58 66.30 62.40 64.72 60.90 68.58 44.88
XLM-R mix: XNLI+En-all-NLI 60.06 65.8 46.86 66.30 65.54 61.56 61.44 68.50 44.48

Table 15: Results of English semantic probing datasets (Richardson et al., 2020).
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RoBERTa en: MNLI 66.87 62.35 67.59 69.47 62.50 78.00 63.50 69.62 85.00 39.47 92.86 19.33 65.29 65.00 62.06 95.00 60.43
RoBERTa en: En-all-NLI 68.03 61.76 70.00 69.33 63.75 82.50 68.00 75.77 85.00 41.58 92.14 18.67 67.65 65.00 62.35 94.00 59.57
XLM-R en: MNLI 63.03 61.76 62.76 59.73 55.62 76.00 61.50 61.54 85.00 26.84 91.43 16.00 64.12 69.00 51.47 90.00 60.00
XLM-R en: En-all-NLI 64.57 61.76 65.17 61.47 60.00 76.00 66.00 65.77 85.00 33.16 89.29 14.00 62.94 71.00 58.53 90.00 60.87
XLM-R zh ori: OCNLI 59.67 60.00 59.31 57.20 58.12 70.00 56.50 61.54 85.00 30.00 67.14 17.33 54.71 66.00 46.18 90.00 59.57
XLM-R zh MT: XNLI 61.76 61.18 64.14 60.67 58.75 72.50 60.00 60.77 85.00 33.16 91.43 12.67 58.24 64.00 48.24 90.00 57.83
XLM-R zh mix: OCNLI+XNLI 61.78 61.76 62.76 56.93 57.50 74.50 61.00 61.54 85.00 31.05 90.00 12.00 57.65 65.00 48.53 90.00 57.39
XLM-R mix: OCNLI+En-all-NLI 64.51 61.76 63.45 61.60 58.75 76.00 66.00 67.31 85.00 35.26 90.71 15.33 60.59 68.00 60.59 91.00 60.87
XLM-R mix: XNLI+En All LI 64.37 61.18 64.83 62.27 61.88 73.00 65.00 65.38 85.00 35.26 91.43 14.67 63.53 70.00 57.94 94.00 60.87

Table 16: Results of English Diagnostics from GLUE-Part I (Wang et al., 2018).
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RoBERTa en: MNLI 54.74 66.71 89.23 57.22 66.59 82.14 56.00 86.18 78.46 79.23 63.75 55.38 67.86 56.25 84.44 76.47 48.51
RoBERTa en: En-all-NLI 63.16 71.57 89.23 61.11 69.02 84.29 57.33 84.41 74.62 73.85 63.75 53.08 70.00 69.38 83.33 73.53 49.55
XLM-R en: MNLI 45.79 65.57 84.62 61.11 61.95 82.14 52.00 85.88 82.69 78.46 62.50 52.31 57.14 51.25 80.00 74.12 44.03
XLM-R en: En-all-NLI 45.79 69.71 84.62 61.67 64.15 85.71 48.67 84.71 79.23 69.23 63.12 46.15 59.29 60.00 77.78 75.29 45.82
XLM-R zh ori: OCNLI 39.47 56.29 75.38 41.11 53.41 73.57 51.33 85.59 63.08 83.08 62.50 70.77 64.29 54.38 62.22 78.82 47.31
XLM-R zh MT: XNLI 42.11 60.14 84.62 61.11 61.95 74.29 53.33 86.76 73.46 84.62 60.62 60.00 57.86 40.62 84.44 68.24 47.31
XLM-R zh mix: OCNLI+XNLI 43.68 59.29 83.08 63.33 62.20 74.29 52.00 86.76 76.92 85.38 62.50 60.77 59.29 43.75 82.22 67.65 47.61
XLM-R mix: OCNLI+En-all-NLI 45.26 69.86 85.38 62.22 65.12 85.71 50.67 85.00 74.62 69.23 68.12 47.69 60.71 56.25 77.78 75.29 45.67
XLM-R mix: XNLI+En All LI 44.21 67.29 86.15 62.22 63.90 83.57 49.33 84.71 75.00 70.77 66.88 46.92 58.57 57.50 74.44 74.12 45.82

Table 17: Results of English Diagnostics from GLUE-Part II (Wang et al., 2018).
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Abstract

Context guides comprehenders’ expectations
during language processing, and information-
theoretic surprisal is commonly used as an in-
dex of cognitive processing effort. However,
prior work using surprisal has considered only
within-sentence context, using n-grams, neural
language models, or syntactic structure as con-
ditioning context. In this paper, we extend the
surprisal approach to use broader topical con-
text, investigating the influence of local and
topical context on processing via an analysis of
fMRI time courses collected during naturalis-
tic listening. Lexical surprisal calculated from
ngram and LSTM language models is used to
capture effects of local context; to capture the
effects of broader context a new metric based
on topic models, topical surprisal, is intro-
duced. We identify distinct patterns of neural
activation for lexical surprisal and topical sur-
prisal. These differing neuro-anatomical cor-
relates suggest that local and broad contextual
cues during sentence processing recruit differ-
ent brain regions and that those regions of
the language network functionally contribute
to processing different dimensions of contex-
tual information during comprehension. More
generally, our approach adds to a growing lit-
erature using methods from computational lin-
guistics to operationalize and test hypotheses
about neuro-cognitive mechanisms in sentence
processing.

1 Introduction

Narratives unfold over time and comprehenders in-
crementally process words and sentences. In order
to understand the current word and sentence, we
have to integrate current input with the information
from the previous context.

In characterizing this process, the notion of sur-
prisal from information theory has been preva-
lent in psycholinguistic modeling, following the
work of Hale (2001) and Levy (2008). Surprisal

operationalizes how unexpected a word is as its
pointwise information content given prior context,
�log P(wi|w1...wi�1). Generally the theory of sur-
prisal, as applied in the study of human language
comprehension, proposes that probabilistic predic-
tions made by comprehenders yield variability in
word-by-word processing difficulty: when surprisal
is high, the current word is unexpected and cogni-
tive processing effort increases accordingly. This
linking has been validated in prior work connect-
ing surprisal with measurable reflexes of cognitive
effort, using probabilities conditioned on lexical
(sequential) and syntactic contexts (e.g. Brennan
et al., 2016; Lopopolo et al., 2017; Brennan and
Hale, 2019; Shain et al., 2020).

In this paper, we extend the surprisal paradigm
beyond prior work looking only at local context, to
investigate the influence of broader contextual in-
formation during incremental sentence processing.
As an illustration, consider examples (a) and (b),
which illustrate that, while a word might be ex-
tremely difficult to predict given the immediate
local context, it might be less unexpected/more
predictable given the broader topic under discus-
sion. The actual word to be predicted here is China,
which is not at all predictable given the immedi-
ate context, but more likely in a longer discourse
about traveling (airplanes, places, world, geogra-
phy, etc).

(a) I could recognize at first glance

(b) So I had to choose another profession, and I
learned to fly airplanes. I flew a little in many
places around the world. And geography it’s
true has served me well. I could recognize at
first glance

Following prior studies, we use measures of
lexical surprisal to capture the influence of local
context, and we introduce a new measure, topical
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surprisal, to operationalize the predictive role of
broader context. We use both kinds of predictors to
investigate how processing based on different con-
textual cues differs in their mapping in the brain.
Specifically, our research questions are:

• How does the previous topical context affect
our expectations about the next word?

• How do local vs. broad contextual prediction
influence our incremental language process-
ing? Do they have distinct neural correlates?

We apply computational modeling to investigate
these questions in a way that would not be feasi-
ble in a more traditional, trial-based experimental
paradigm by taking advantage of data collected
using fMRI brain imaging during continuous, natu-
ralistic listening (Hamilton and Huth, 2020). This
data collection method has emerged as a new test-
ing ground for linking processing hypotheses with
neurobiological architectures in the brain (Maguire,
2012; Willems, 2015; Kandylaki and Bornkessel-
Schlesewsky, 2019). Using lexical surprisal and
our new measure of topical surprisal as computa-
tional predictors of cognitive activity, we demon-
strate that processing of local and broad context re-
cruits different brain regions, suggesting that those
regions of the language network functionally con-
tribute to processing different dimensions of con-
textual prediction during human language compre-
hension.

2 Background and Related Work

2.1 Surprisal as a cognitive measure

Prior neurolinguistic work has used surprisal as an
index of cognitive processing effort. Behavioral
measurements like self-paced reading are one way
to infer how much effort is involved while pro-
cessing some piece of linguistic input (e.g., Futrell
et al., 2021); other methods more directly measure
activity in the brain, including functional magnetic
resonance imaging (fMRI), which we will focus on
in this paper, as well as magnetoencephalography
(MEG) (e.g., Brodbeck et al., 2018) and electroen-
cephalography (EEG) (e.g., Ettinger et al., 2016;
Brennan and Hale, 2019; Michaelov and Bergen,
2020).

In such work, the logic is generally as follows.
First, as noted in §1 we assume that when a word
is less expected given the context, processing it
during comprehension will require more work in

the brain. Then, we computationally estimate a
model of surprisal using a corpus:

surprisalM (wi) = �log PM (wi|w1...wi�1) (1)

Two common instantiations for M include ngram
models and models conditioned on prior syntactic
context (Hale, 2001).

By the first assumption, the value of Eq (1) is
taken to be a predictor of processing effort at word
wi. Therefore, the key final step is to analyze the
relationship between that estimated effort, as pre-
dicted by the model, and observed activity mea-
sured in the brain. In the case of fMRI, neural
activity is measured by detecting changes associ-
ated with blood flow (see §4). When there are
significant correlations between the predicted ef-
fort, surprisalM , and activity in some region of the
brain, this constitutes evidence for that region be-
ing involved in processing of the information that
M has used in its predictions. For example, if the
brain activity in a region is correlated with an es-
timate of surprisal that uses syntactic predictions,
that provides evidence for that region being a locus
for human syntactic processing.

In prior work following this logic, using the sur-
prisal paradigm with fMRI to localize processing
associated with lexical and syntactic context, the
findings implicate a range of core regions of the
language network. Across different languages, lex-
ical surprisal recruits a mostly left-lateralized net-
work, predominantly consisting of Inferior Frontal
Gyrus, Interior Temporal Sulcus, Middle Frontal
Gyrus, Posterior Temporal regions, extending to
some bilateral regions, namely Anterior Tempo-
ral Lobe and Superior Temporal Gyrus (Brennan,
2016; Willems et al., 2016; Lopopolo et al., 2017;
Shain et al., 2020). Syntactic surprisal has also
mapped onto a left-lateralized network consisting
of the Inferior Parietal Lobule, Inferior Frontal
Gyrus, Middle Temporal Gyrus, along with some
evidence for bilateral processing in the Anterior
Temporal Lobe (Brennan et al., 2016; Henderson
et al., 2016; Lopopolo et al., 2017; Shain et al.,
2020).

2.2 Neural language models in cognitive
neuroscience

There has been a growing trend of using neural lan-
guage models in cognitive neuroscience research,
often using neural data collected from individuals
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during naturalistic listening.1 As one salient ex-
ample, Wehbe et al. (2014) investigated how well
vector representations predicted brain activity for
subjects reading fiction, in their case material from
Harry Potter and the Sorcerer’s Stone, based on
within-sentence context. Also working within the
sentence using naturalistic listening, Toneva et al.
(2020) derived composed representations of “supra-
word meaning” using contextualized word repre-
sentations (ELMo, Peters et al., 2018) to capture
the compositional meaning of multi-word expres-
sions and event/argument structure. Jain and Huth
(2018) make predictions of neural activity using
LSTM representations from up to the previous 20
words of context (which would be on the order of
8-10 seconds of speech on average).

Work of this kind has a number of dimensions
of variation. One is the nature of the neural mea-
surement, e.g. fMRI versus MEG, which relates
crucially to the cognitive questions being asked,
since some questions involve temporal locality, a
strength of MEG, and others involve spatial locality,
a strength of fMRI. Another dimension is the nature
of the training data for the computational model-
ing, e.g. material from the experimental dataset
(Harry Potter, as in Wehbe et al. (2014)) versus
a broader coverage corpus such as a large collec-
tion of Reddit comments as used by Jain and Huth
(2018)). Finally, there is the nature of the model
itself; for example, how much context it takes into
account and whether it involves, for example, non-
contextual word embeddings, sequentially derived
embeddings, or something else.

In this work, we use broad coverage corpora
such as COCA (Davies, 2008) or Wikipedia to
train our models. In addition to using ngram and
LSTM models to capture within-sentence context,
we introduce topical surprisal (§3.5), based on topic
modeling, as a way to look at functional localiza-
tion of correlates of broader, non-sequential con-
textual processing using fMRI.

3 fMRI Study

3.1 Method

We follow Brennan et al. (2012) in using a spo-
ken narrative as a stimulus. Participants hear a

1Although not directly relevant to the scientific strategy
we discuss here, we note that there is also a body of work that
goes in the other direction, using methods from psycholinguis-
tics and neuroscience to improve our understanding and use
of neural language models, e.g. Toneva and Wehbe (2019);
Ettinger (2020); Misra et al. (2020).

story over headphones while they are in the MRI
scanner. As we describe in greater detail in §4,
the sequence of neuroimages collected during their
session becomes the dependent variable in a re-
gression against word-by-word predictors that have
been derived from the text of the story.

3.2 Stimuli
The English audio stimulus was Antoine de Saint-
Exupéry’s The Little Prince, translated by David
Wilkinson and read by Karen Savage. It constitutes
a fairly lengthy exposure to naturalistic language,
comprising 19,171 tokens; 15,388 words and 1,388
sentences, and lasting over an hour and a half. The
Little Prince has been used in a number of previ-
ous fMRI studies of language processing, e.g. Li
et al. (2018); Bhattasali et al. (2019); Zhang (2020);
Stanojević et al. (2021)

3.3 Participants
56 participants were scanned and 5 of them were
excluded since they had incomplete scanning ses-
sions. Participants included were fifty-one volun-
teers (32 women and 19 men, 18-37 years old) with
no history of psychiatric, neurological, or other
medical illness or history of drug or alcohol abuse
that might compromise cognitive functions. All
strictly qualified as right-handed on the Edinburgh
handedness inventory (Oldfield, 1971). All self-
identified as native English speakers and gave their
written informed consent prior to participation, in
accordance with Cornell University’s IRB guide-
lines. Participants were compensated for their time,
consistent with typical practice for studies of this
kind. They were paid $65 at the end of the session.

3.4 Presentation
After giving their informed consent, participants
were familiarized with the MRI facility and as-
sumed a supine position on the scanner gurney.
The presentation script was written in PsychoPy
(Peirce, 2007). Auditory stimuli were delivered
through MRI-safe, high-fidelity headphones (Con-
fon HP-VS01, MR Confon, Magdeburg, Germany)
inside the head coil. The headphones were secured
against the plastic frame of the coil using foam
blocks. Using a spoken recitation of the US Consti-
tution, an experimenter increased the volume until
participants reported that they could hear clearly.
Participants then listened passively to the audio
storybook for 1 hour 38 minutes. The story had
nine chapters and at the end of each chapter the
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participants were presented with a multiple-choice
questionnaire with four questions (36 questions in
total), concerning events and situations described
in the story. These questions served to confirm
participants’ comprehension. They were viewed
via a mirror attached to the head coil and answered
through a button box. The entire session lasted
around 2.5 hours.2

3.5 Deriving the predictors

Recall that surprisal measures how unexpected
each word wi is given the preceding context (Eq
1), and we use measures of surprisal as the linking
hypotheses in our study between the contextual pre-
dictions of our model and neural activity. The three
different surprisal predictors we use are described
below, along with how they were calculated. Fig. 2
shows a visual comparison of the word-by-word
predictors on a single sentence from the text.3

Ngram surprisal. The ngram surprisal values
are based on a 5gram language model and were
calculated using the kenlm library (Heafield et al.)
with Modified Kneser-Ney Smoothing. The 5gram
language model was trained on the Corpus of
Contemporary American English (COCA, Davies,
2008), which is a large, genre-balanced corpus of
American English and consists of over one billion
words of text sampled across spoken, fiction, popu-
lar magazines, newspapers, and academic texts.

LSTM surprisal. These surprisal values are
based on a long short-term memory (LSTM) lan-
guage model (Hochreiter and Schmidhuber, 1997)
trained on 90 million words of English Wikipedia
by Gulordava et al. (2018). It had two LSTM layers
with 650 hidden units each, 650 dimensional word
embeddings, a learning rate of 20, a dropout rate
of 0.2 and a batch size 128, and was trained for
40 epochs (with early stopping). Like the majority
of previous work computing LSTM-surprisal, our
input is a single sentence and we make predictions
only based on context within the sentence (Brennan
and Hale (2019); van Schijndel and Linzen (2018),
though cf. Jain and Huth (2018)). The surprisal val-
ues were calculated using the Neural Complexity
toolkit with the baseline non-adaptive model (van
Schijndel and Linzen, 2018).

2Further details about the fMRI data collection can be
found in the Appendix.

3A correlation matrix for the predictors is included in the
Appendix.

Topical surprisal. We introduce a new predic-
tor based on topic models, adapting surprisal to
operationalize the influence of context beyond the
sentence level. Topical surprisal for a word is de-
fined as the weighted average of the word’s proba-
bility given topic, where weights are the (posterior)
probability for the topic in that context.

surprisal(wi in context c) = � log
X

t2Topics
P (wi|t)P (t|c)

(2)

Fig. 1 illustrates how topical surprisal is computed
using a sample excerpt from the text.

Topics are defined and probabilities estimated
using an LDA topic model (Blei et al., 2003). Us-
ing the wrapper for Mallet LDA (McCallum) in the
Gensim toolkit (Řehůřek and Sojka), we estimated
a 100-topic model with the default hyperparame-
ters using 219,380 documents from COCA, yield-
ing P(w|t) for all word-topic pairs and making it
possible to compute the posterior topic probabili-
ties P(t|c) for any new document c. We compute
topical surprisal for all the non-function words in
the audio sample using the content in the 30-second
window prior to the word to define the LDA ”docu-
ment” c.

4 Data Analysis

fMRI data is acquired with physical, biological con-
straints and we followed a standard preprocessing
pipeline for fMRI imaging data that allowed us to
make adjustments to improve the signal to noise
ratio.4

The research questions presented above in §1
motivate two statistical analyses looking at corre-
lations between model-based predictions and ob-
served brain activity. In Analysis 1, we use ngram
surprisal (from a 5gram language model) to instan-
tiate local context and compare it against topical
surprisal, which captures the influence of broader,
topical context. As a follow-up, in Analysis 2,
we use surprisal from a state-of-the-art LSTM lan-
guage model to instantiate local context while still
using topical surprisal for broader context, in or-
der to illuminate potential differences between the
neural correlates of ngram and LSTM models.

Measurements of neural activity using fMRI are
based on an increase in blood flow to regions of
the brain, which reflects increased cerebral activity.
Because blood flow is slow relative to neural activ-
ity, this introduces a temporal lag and presents a

4See the Appendix for further preprocessing details.
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Figure 1: Real example illustrating the computation of topical surprisal. We calculate the probability of the word
years conditioned on its topical context by using the previous 30 seconds of of the story to define a “document”
c and computing its posterior topic distribution based on an LDA model for a large, diverse collection of English
text. In the figure each topic is represented by its highest probability words.

challenge for modeling the time course of process-
ing. To address this issue, predictors are convolved
using a canonical hemodynamic response function
(HRF) to model the observed time-course of the
brain’s hemodynamic response (BOLD - Blood
Oxygenation Level Dependent) in each voxel.5

Brennan (2016) provides a detailed description of
how word-by-word predictors are convolved to es-
timate the fMRI BOLD signal in studies like the
present one.

In order to look at correlations between predic-
tors and brain activity, our analyses employ the
General Linear Model (GLM; carried out using
SPM12, Friston et al., 2007).6 GLM is a hierar-
chical model with two levels that is typically used
in fMRI data analysis (Poldrack et al., 2011), and
its use within neuro-computational models of lan-
guage processing for continuous, naturalistic fMRI
studies is well-established (Brennan et al., 2012;
Brennan, 2016; Willems et al., 2016; Bhattasali
et al., 2018; Li et al., 2018; Bhattasali et al., 2019).
At the first level of the GLM model, the data for
each subject is modeled separately to calculate
subject-specific parameter estimates and within-

5For more details about the hemodynamic response, see
chapter 2 of Kemmerer (2014).

6Processing time on a Mac OS 10.13 takes 1.5 hours per
subject and increases linearly with additional subjects.

subject variance such that for each subject, a re-
gression model is estimated for each voxel against
the fMRI time series. The second-level model takes
subject-specific parameter estimates as input and
uses the between-subject variance to make statis-
tical inferences about the larger population. The
end result is a time series linear regression between
the estimated fMRI BOLD signal and observed
BOLD signals across the whole brain. Correla-
tions between time series can then be computed
with determinations of statistical significance, with
suitable corrections for multiple comparisons.

4.1 Analysis 1: ngram surprisal vs. Topical
surprisal

We regressed the word-by-word predictors against
fMRI timecourses recorded during passive story-
listening in a whole-brain analysis. The regressors
were time-locked at the offset of each word in the
audiobook. For each of the 15,388 words in the
story, their timestamps were estimated using Praat
TextGrids (Boersma and Weenink). Each word was
annotated with its 5gram surprisal and the 6,243
non-function words were annotated with its topical
surprisal values, as described in §3.5.

Additionally, we entered four regressors of non-
interest into the GLM analysis: word-offset, word
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Figure 2: Comparing the word-by-word predictors on a single sentence: ngram surprisal (in yellow), neural sur-
prisal (in red), topical surprisal (in blue). Values scaled for visualization purposes.

frequency, pitch, and intensity, which serve to im-
prove the sensitivity, specificity and validity of ac-
tivation maps (Bullmore et al., 1999; Lund et al.,
2006). These were added to ensure that conclu-
sions about lexical surprisal and topical surprisal
would be specific to the cognitive processes they
were taken to instantiate, as opposed to more gen-
eral aspects of speech perception. These regressors
were not orthogonalized.

4.2 Analysis 2: LSTM surprisal vs. Topical
surprisal

Analysis 2 uses the same predictors as in Analy-
sis 1, except that we use an LSTM language model
to calculate lexical surprisal. Each word is anno-
tated with its corresponding LSTM surprisal value
(as described in §3.5), instead of 5gram surprisal,
along with topical surprisal value given to the non-
function words. These regressors were also not
orthogonalized.

4.3 Group-level Analysis

In the second-level group analysis, each contrast
was analyzed separately at the group-level. An 8
mm FWHM Gaussian smoothing kernel was ap-
plied on the contrast images from the first-level
analysis to counteract inter-subject anatomical vari-
ation.

5 Results and Discussion

To begin with necessary details, behavioural results
in the comprehension task confirmed that subjects
were listening attentively to the auditory story pre-
sentation: across 51 participants, average accurate
responses to the comprehension questions was 90%
(SD = 3.7%). All whole-brain effects reported be-
low survived a p < 0.05 Family-Wise-Error voxel
correction for multiple comparisons which resulted
in T-scores > 5.3. All brain region labels are from
the Harvard-Oxford Cortical Structure Atlas.

Turning to the results of our analyses, functional
localization identified using fMRI — via signifi-
cant correlation with surprisal models — is inter-
preted to show which brain regions are recruited
in processing the different types of contextual in-
formation captured by those models. To summa-
rize, we observe a functionally distinct network
that shows the difference between the influence of
broad contextual cues and local contextual cues
during sentence processing.

5.1 Analysis 1: Group-level results for ngram
surprisal vs. topical surprisal

Whole-brain contrasts show that broad contextual
cues and local contextual cues implicate different
brain regions with no overlap (see Fig. 3). We
observe a right-lateralized pattern of activation for
topical surprisal (instantiating broad context) with
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Figure 3: Whole brain contrast image with significant clusters for 5gram surprisal (in orange) and topical surprisal
(in blue) after FWE voxel correction with p < 0.05. Table with significant clusters of peak activation included in
Supplementary Materials.

Figure 4: Whole brain contrast image with significant clusters for LSTM surprisal (in orange) and topical surprisal
(in blue) after FWE voxel correction with p < 0.05. Table with significant clusters of peak activation are included
in Supplementary Materials.

neural activation in the Precuneus and Middle Tem-
poral Gyrus. For 5gram surprisal, the significant
clusters are in the bilateral Anterior Temporal Lobe
and left Inferior Frontal Gyrus.

5.2 Analysis 2: Group level results for LSTM
surprisal vs. topical surprisal

Regression analyses localized the activation pat-
terns for local and broad context to different areas
(see Fig. 4). The peak activation for LSTM sur-
prisal (instantiating local context) was observed
in bilateral Anterior Temporal Lobe, along with a
small cluster in left Superior Temporal Gyrus. Sig-
nificant clusters for topical surprisal (instantiating
broad context) were seen in the right Precuneus
and right Middle Temporal Gyrus.

5.3 Discussion

In terms of Marr’s (1982) levels, studies of the kind
described here involve a linkage between proposals
at the algorithmic-representational level and pro-

cessing at the implementation level. Specifically,
the logic of surprisal-based studies in computa-
tional cognitive neuroscience is based on the idea
that when a word is less expected, it gives rise
to increased brain activity due to increased cogni-
tive load. Different instantiations of surprisal are
used to model aspects of processing taking place
during language comprehension, and correlations
of surprisal with increased brain activity provide
evidence about those aspects of the human compre-
hension process. Surprisal defined using ngrams
embodies the use of sequential contextual repre-
sentations during sentence processing. Syntactic
surprisal embodies the use of hierarchical syntactic
representations.

The present neuroimaging study introduces a
new model, topical surprisal, which concerns the
use of broader contextual information during pro-
cessing — the topical probability of a word as de-
fined in Eq (2) can be interpreted as an expected
value of the word’s probability given the topic be-
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ing discussed, under the posterior topic distribution
for the context. Our goal in this paper was to con-
trast context within a sentence with broader topical
context. This can be viewed as a natural step in
a progression from narrow ngram surprisal to sen-
tential (syntactic and LSTM) surprisal to broader
context that comprehenders might be taking into
account.

The results in §5 based on our new model show
that the patterns of activation for topical surprisal
differ from those of lexical surprisal and syntactic
surprisal, notably involving the right hemisphere.
The centrality of the right Middle Temporal Gyrus
and right Precuneus is consistent with previous
studies demonstrating the role of those regions in
broader contextual prediction during language com-
prehension: studies on narrative shifts (Whitney
et al., 2009), contrasting sentences and narratives
(Xu et al., 2005), contrasting coherent and incoher-
ent narratives (Maguire et al., 1999), and sentences
with and without preceding context (Raposo and
Marques, 2013) that have found these same brain
regions are involved in processing broader context
and discourse-level information. The converging
evidence confirms that our formalization of topical
surprisal represents a cognitively plausible metric.
Moreover, the neural correlates for topical surprisal
corroborate previous work on lexical access and
semantic integration (Binder et al., 2009; Graves
et al., 2010; Hickok and Poeppel, 2007; Hagoort
and Indefrey, 2014), suggesting that this broader
contextual prediction is involved in these psycholin-
guistic processes beyond the sentence level.

Our novel approach to investigating contextual
fit beyond the sentence level is also broadly consis-
tent with prior results demonstrating how cortical
hierarchy overlaps with language regions by us-
ing increasingly larger temporal receptive windows
Lerner et al. (2011). Our results can be taken to sup-
port the argument that smaller versus larger tempo-
ral receptive windows implicate regions associated
with lower-level and higher-level tasks respectively,
a connection we plan to explore further.

Looking just at the ngram and LSTM models
of lexical surprisal, our results provide additional
corroboration for previous findings in the cognitive
neuroscience literature involving sequential and
syntactic processing (Willems et al., 2016; Brennan,
2016; Lopopolo et al., 2017; Shain et al., 2020).
They also constitute an addition to the literature
on understanding the linguistic properties captured

by deep learning architectures. Numerous authors
have shown that LSTM models capture not only
sequential but also longer-distance structural de-
pendencies (Linzen et al., 2016; Gulordava et al.,
2018; van Schijndel and Linzen, 2018; Kuncoro
et al., 2018; Futrell et al., 2019). In our study, we
find that, while overlapping in the bilateral Anterior
Temporal Lobe, the ngram and syntactic surprisal
models also give rise to differently localized brain
activity: the ngram model implicates the left In-
ferior Frontal Gyrus (IFG), while the LSTM sur-
prisal model implicates the left Superior Tempo-
ral Gyrus (STG). The key observation here is that
left-lateralized STG activity is uncontroversially
correlated with syntactic processing (Pallier et al.,
2011; Thompson and Meltzer-Asscher, 2014; Bhat-
tasali et al., 2019; Shain et al., 2020). In contrast,
the functional role of left IFG has variously been
interpreted as involving combinatorial, sequential,
or syntactic processes (Sahin et al., 2009; Snijders
et al., 2009; Pallier et al., 2011; Brennan et al.,
2016). The patterns of activity in this study there-
fore provide support from the implementation level
for the idea that LSTMs are capturing aspects of
syntactic representation that ngram models do not.
Narrowing down the nature of those differences
(e.g., sequential versus structural, or short- versus
long-distance syntactic dependencies) remains a
subject for future work.

6 Conclusion

The present study posed the questions of how
broader topical context influences expectations in
human sentence comprehension, and how local
versus broader contexts might be processed dif-
ferently in the brain. To address those questions we
have introduced topical surprisal, a straightforward
and intuitive extension to the highly productive
surprisal-based paradigm in computational psycho-
and neurolinguistics that employs topic modeling
to estimate word probabilities conditioned on con-
texts beyond the sentence level.

Using analysis of fMRI brain imaging during nat-
uralistic listening, we showed that the processing of
broader topical context gives rise to neural activity
in different brain regions than local contextual pre-
diction as modeled using ngrams or an LSTM. The
brain regions we identified turn out to be consistent
with prior studies looking at neural correlates for
processing of narratives and discourse.

In addition, we explored the neuro-anatomical
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Figure 5: Visual comparison between two different experimental paradigms for cognitive neuroscience research

correlates of ngram and LSTM processing and ob-
tained results that are consistent with claims in the
deep learning literature regarding the sensitivity of
LSTMs to long-distance syntactic structure.

More generally, this paper adds another data
point demonstrating the relevance of tools from
computational linguistics in cognitive neuroscience
research (Brennan and Hale, 2019; Jain and Huth,
2018; Toneva et al., 2020) and the value of nat-
uralistic stimuli in contextually situated and eco-
logically valid research (Maguire, 2012; Brennan,
2016; Hamilton and Huth, 2020).

Finally, we note that the paradigm we have em-
ployed here — computational modeling with previ-
ously collected natural-listening data — promotes
reusability of datasets and replicability of results,
and safeguards against unexpected delays in data
collection such as a pandemic. Even more impor-
tant, it offers a rapid experimental cycle dramati-
cally better suited to computational research than
traditional, trial-based methods in psycholinguis-
tic and neurolinguistic research (Figure 5). As
such, computational experimentation with natural-
istic stimuli presents an invitation to computational
linguists to collaborate with cognitive neuroscien-
tists and apply their skills in operationalizing and
testing hypotheses about neurocognitive mecha-
nisms in sentence processing.
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Appendix for Using surprisal and fMRI to map the neural bases of broad
and local contextual prediction during natural language comprehension

1 Data Collection

Imaging was performed using a 3T MRI scanner
(Discovery MR750, GE Healthcare, Milwaukee,
WI) with a 32-channel head coil at the Cornell MRI
Facility. Blood Oxygen Level Dependent (BOLD)
signals were collected using a T2 -weighted echo
planar imaging (EPI) sequence (repetition time:
2000 ms, echo time: 27 ms, flip angle: 77deg, im-
age acceleration: 2X, field of view: 216 x 216 mm,
matrix size 72 x 72, and 44 oblique slices, yield-
ing 3 mm isotropic voxels). Anatomical images
were collected with a high resolution T1-weighted
(1 x 1 x 1 mm3 voxel) with a Magnetization-
Prepared RApid Gradient-Echo (MP-RAGE) pulse
sequence.

2 Preprocessing

Primary preprocessing steps were carried out in
AFNI version 16 (Cox, 1996) and include mo-
tion correction, coregistration, and normalization
to standard MNI space. After the previous steps
were completed, ME-ICA (Kundu et al., 2012) was
used to further preprocess the data. ME-ICA is a
denoising method which uses Independent Compo-
nents Analysis to split the T2*-signal into BOLD
and non-BOLD components. Removing the non-
BOLD components mitigates noise due to motion,
physiology, and scanner artifacts (Kundu et al.,
2017).

3 Correlation Matrix for Predictors

Fig. 1 shows the correlation matrix for the three
surprisal predictors.

4 Group-level results

Table 1 shows the significant clusters of activation
for topical surprisal using brain region labels from
the Harvard-Oxford Cortical Structure Atlas.

Figure 1: Correlation matrix (Pearson’s r) of the con-
volved regressors included in the GLM models re-
ported in Analysis 1 and Analysis 2.

Regions Cluster size MNI Coordinates p-value T-score
(in voxels) x y z (corrected) (peak-level)

R Middle Temporal Gyrus 497 50 -50 18 0.000 8.46
R Precuenus 253 10 -62 30 0.011 5.83

Table 1: Significant clusters for topical surprisal after
FWE voxel correction with p < 0.05. Peak activation
is given in MNI coordinates and p-values are reported
at peak-level after voxel correction.
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Laura Pérez-Mayos1, Alba Táboas Garcı́a1, Simon Mille1, Leo Wanner2,1

1 TALN Research Group, Pompeu Fabra University, Barcelona, Spain
2 Catalan Institute for Research and Advanced Studies (ICREA), Barcelona, Spain

{laura.perezm|alba.taboas|simon.mille|leo.wanner}@upf.edu

Abstract

Multilingual Transformer-based language
models, usually pretrained on more than
100 languages, have been shown to achieve
outstanding results in a wide range of cross-
lingual transfer tasks. However, it remains
unknown whether the optimization for differ-
ent languages conditions the capacity of the
models to generalize over syntactic structures,
and how languages with syntactic phenomena
of different complexity are affected. In this
work, we explore the syntactic generalization
capabilities of the monolingual and multilin-
gual versions of BERT and RoBERTa. More
specifically, we evaluate the syntactic gener-
alization potential of the models on English
and Spanish tests, comparing the syntactic
abilities of monolingual and multilingual
models on the same language (English),
and of multilingual models on two different
languages (English and Spanish). For English,
we use the available SyntaxGym test suite;
for Spanish, we introduce SyntaxGymES, a
novel ensemble of targeted syntactic tests in
Spanish, designed to evaluate the syntactic
generalization capabilities of language models
through the SyntaxGym online platform.

1 Introduction

Transformer-based neural models such as BERT
(Devlin et al., 2019), RoBERTa (Liu et al., 2019b),
DistilBERT (Sanh et al., 2019), XLNet (Yang et al.,
2019), etc. are excellent learners. They have been
shown to capture a range of different types of lin-
guistic information, from morphological (Edmis-
ton, 2020) over syntactic (Hewitt and Manning,
2019) to lexico-semantic (Joshi et al., 2020). A
particularly significant number of works study the
degree to which these models capture and general-
ize over (i.e., learn to instantiate correctly in differ-
ent contexts) syntactic phenomena, including, e.g.,
subject-verb agreement, long distance dependen-

cies, garden path constructions, etc. (Linzen et al.,
2016; Marvin and Linzen, 2018; Futrell et al., 2019;
Wilcox et al., 2019a). However, most of these
works focus on monolingual models, and, if the
coverage of syntactic phenomena is considered sys-
tematically and in detail, it is mainly for English, as,
e.g., (Hu et al., 2020a). This paper aims to shift the
attention from monolingual to multilingual models
and to emphasize the importance to also consider
the syntactic phenomena of languages other than
English when assessing the generalization potential
of a model. More specifically, it systematically as-
sesses how well multilingual models are capable to
generalize over certain syntactic phenomena, com-
pared to monolingual models, and how well they
can do it not only for English, but also for Spanish.

Multilingual models such as mBERT (multilin-
gual BERT, (Devlin et al., 2019)), XLM (Lample
and Conneau, 2019) and XLM-R (Conneau et al.,
2020) proved to achieve outstanding performance
on cross-lingual language understanding tasks, in-
cluding on low-resource languages for which only
little training data is available. However, these
models face the risk of running into what Conneau
et al. (2020) refer to as “curse of multilinguality”:
adding languages to the model increases the per-
formance on low-resource languages up to a point,
after which the overall performance on monolin-
gual and cross-lingual benchmarks degrades. The
question is thus whether, and if yes to what degree,
this degradation affects the syntactic generalization
potential of multilingual models across languages.

The reason to extend the evaluation to other lan-
guages (in our case, Spanish) is that many existing
syntactic phenomena such as determiner and ad-
jective agreement within the noun phrase, subject
pro-drop, or flexible word order – to name only a
few – are not prominent or do not exist in English,
while in Spanish all of them do.

Our evaluation methodology is similar to that by
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Hu et al. (2020a), who test 20 model type combi-
nations and data sizes on 34 English syntactic test
suites, and find substantial differences in the syn-
tactic generalization performance across different
models. We draw upon their tests to test the syn-
tactic generalization potential of monolingual and
multilingual transformer-based models for English,
and upon the Spanish SyntaxGym introduced in
this paper for Spanish. Tu run the tests, we use the
SyntaxGym toolkit (Gauthier et al., 2020).

Our results show that, indeed, there is a substan-
tial difference between the syntactic generalization
potential of monolingual and multilingual mod-
els. But this difference depends on the language:
While for English monolingual models (BERT and
RoBERTa) offer a higher syntactic generalization
than multilingual models (mBERT and XLM-R),
this is not the case for Spanish, for which multi-
lingual models (XLM-R) generalize better. Fur-
thermore, multilingual models do not generalize
equally well across languages, with mBERT gener-
alizing, in general, better in English and XLM-R
better in Spanish. Our experiments also show that
it depends on the language how well a multilingual
model captures a specific syntactic phenomenon
such as, e.g., Agreement, Center-embedding or Gar-
den Path.

The remainder of the paper is structured as fol-
lows. Section 2 introduces the work that is related
to ours in terms of the evaluation methodology and,
in particular, in terms of the assessment of multi-
lingual language models. Section 3 describes the
English test suites, and presents the novel Spanish
SyntaxGym test suites. Section 4 details the mod-
els that we tested and outlines how we use them to
evaluate the probability of a text sequence. Section
5 offers a detailed analysis of the syntactic gener-
alization abilities of the monolingual and multilin-
gual versions of BERT and RoBERTa, and Section
6 summarizes the implications that our work has
for the use of multilingual language models.

2 Related Work

Our work on the evaluation of the capability of
monolingual and multilingual transformer-based
LMs to capture syntactic information is in line with
a number of previous works, including, e.g., those
that are based on psycholinguistic experiments, fo-
cusing on highly specific measures of language
modeling performance and allowing to distinguish
models with human-like representations of syntac-

tic structure (Linzen et al., 2016; Lau et al., 2017;
Gulordava et al., 2018; Marvin and Linzen, 2018;
Futrell et al., 2019). Supervised probing models
have been used to test for the presence of a wide
range of linguistic phenomena (Conneau et al.,
2018; Hewitt and Manning, 2019; Liu et al., 2019a;
Tenney et al., 2019; Voita and Titov, 2020; Elazar
et al., 2020). Warstadt et al. (2020) isolate specific
phenomena in syntax, morphology, and semantics,
finding that state-of-the-art models struggle with
some subtle semantic and syntactic phenomena,
such as negative polarity items and extraction is-
lands.

Recently, a number of works also address the
cross-language assessment of models. Hu et al.
(2020b) introduces XTREME, a multi-task bench-
mark for evaluating the cross-lingual generalization
capabilities of multilingual representations across
40 languages and 9 tasks. They show that while
XLM-R reduces the difference between the perfor-
mance on the English test set and all other lan-
guages compared to mBERT for tasks such as
XQuAD and MLQA, it does not have the same
impact on structured prediction tasks such as PoS
and NER. Mueller et al. (2020) introduces a set of
subject-verb agreement tests, showing that mBERT
performs better than English BERT on Sentential
Complements, Short VP Coordination, and Across
a Prepositional Phrase, but worse on Within-an-
Object Relative Clause, Across-an-Object Relative
Clause and in Reflexive Anaphora Across a Rel-
ative Clause, and offers high syntactic accuracy
on English, but noticeable deficiencies on other
languages, most notably on those that do not use
Latin script, as also noted by Hu et al. (2020b). On
the same line, Rönnqvist et al. (2019) concludes
that mBERT is not able to substitute a well-trained
monolingual model in challenging tasks.

As already mentioned in Section 1, Hu et al.
(2020a) assembled a set of English syntactic tests
in order to assess the syntactic generalization po-
tential of a number of different neural LMs (LSTM,
ON-LSTM, RNNG and GPT-2). The tests are ac-
cessible through the SyntaxGym toolkit (Gauthier
et al., 2020); cf. also Section 3.1. Our methodology
is analogous, although our objective is different.
Rather than comparing the performance of several
monolingual models, we contrast the performance
of monolingual and multilingual transformer-based
models. Furthermore, while their only test suite
source is the English SyntaxGym, we create and
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use also a Spanish SyntaxGym; cf. Section 3.2.

3 Test Suites

For the English test suites, we used SyntaxGym,1

an online platform that compiles a variety of lin-
guistic tests used by Hu et al. (2020a) to assess the
syntactic coverage of language models. It contains
34 suites, grouped into 6 different so-called circuits,
a classification based on what is required from the
models to process the targeted constructions. For
the Spanish test suites, we created SyntaxGymEs,
adapting 11 of the existing suites for English and
building 15 new ones, including a whole new cir-
cuit. In what follows, we first introduce the original
English SyntaxGym and then present in detail the
novel SyntaxGymEs.

3.1 SyntaxGym for English

The tests in the SyntaxGym designed by Hu et al.
(2020a) (henceforth also referred to as “English
SyntaxGym”) are based on the notion of surprisal.
A sequence of words is given to a language model,
which assigns a probability to each of the following
candidate words. Given the syntactic properties of
the considered language, some candidate words
are less surprising than others, and so should be
predicted by a language model. For instance, after
the sequence The cat, the inflected word sleeps
should be less surprising than sleep.

Each test consists of a list of ITEMS that vary in
a controlled way according to a set of CONDITIONS

determined by the experimental design. The other
main component is a series of PREDICTIONS com-
paring surprisal values in specific regions of the
items across conditions. If the relevant syntactic
generalization has been learned by the model, the
predictions should hold.

Moreover, some tests have versions with MODI-
FIERS, in which additional clauses or phrases have
been embedded inside each item. These modifiers
increase the linear distance between two co-varying
items, making the task harder. Sometimes they also
include a distractor word in the middle of a syn-
tactic dependency, which can lead the models to
misinterpret the dependency.

The test suites are arranged in terms of the fol-
lowing circuits:
•Agreement: Morphosyntactic phenomena that

occur when the features of an item constrain an-
other item to adopt a specific form. This is a

1http://syntaxgym.org/

marginal phenomenon in English, so the original
circuit only includes 3 test suites on Subject-verb
number agreement, all of them with modifiers (Mar-
vin and Linzen, 2018).
• Licensing: A construction’s need for the pres-

ence of a licensor to allow its occurrence in a sen-
tence. The circuit consists of 4 suites on Negative
polarity items (2 of them with modifiers) and 6
on Reflexive pronouns (all of them with modifiers),
also from Marvin and Linzen (2018).
• Center embedding: Subordinate clauses that

sit in the middle of their superordinate clause, cre-
ating nested dependencies. This circuit contains 2
test suites: Center embedding and Center embed-
ding with modifier, from Wilcox et al. (2019a).
• Long-distance dependencies (LDDs): LDDs

occur when two constituents that are syntactically
related do not appear adjacent to one another, but at
a longer distance from one another. The circuit in-
cludes 6 suites on Filler-gap dependencies (2 with
modifiers and 4 addressing extraction and hierar-
chy) from Wilcox et al. (2018) and Wilcox et al.
(2019b), and 2 suites on Cleft structure that were
first introduced in (Hu et al., 2020a).
• Gross syntactic expectation: Expectation for

a large syntactic structure usually induced by sub-
ordinating adverbs or conjunctions. 4 test suites on
Subordination (from Futrell et al. (2018), 3 of them
with modifiers) constitute the circuit.
• Garden path effects: Effects that emerge

when an incorrect but locally likely parse needs
to be abandoned in favor of the correct one, once
a specific word appears in the sentence. Two
such effects are considered in this circuit: Main
verb/reduced relative clause (MVRR) and NP/Z
garden paths, with respectively 2 and 4 suites, all
from Futrell et al. (2018).

3.2 SyntaxGymES: SyntaxGym for Spanish

For Spanish, we expand the tests in (Hu et al.,
2020a) so as to cover language-specific phenom-
ena. In this section, we detail which of the original
tests we retained, which ones we modified, and
which ones we added within each original circuit.
A whole new circuit regarding the linear order of a
sentence’s basic constituents was also added, since
flexibility in this respect is a characteristic that dis-
tinguishes Spanish (and other Romance languages)
from English. For a more detailed description with
examples and predictions, see the Supplementary
Material; upon acceptance of the paper, Syntax-
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GymES will be published in the SyntaxGym plat-
form http://syntaxgym.org/.

3.2.1 Notation
We follow the usual notations in linguistic literature.
An asterisk ‘*’ preceding an example signals that
the sentence is ungrammatical, it violates some
principle or constraint. A question mark ‘?’ is used
to indicate a marginal sentence, i.e., a sentence
that is grammatical but very uncommon or that
requires a non-straightforward interpretation. The
exclamation mark ‘!’ indicates a highly difficult
sentence to process for the human mind.

3.2.2 Agreement
Unlike English, Spanish is a morphologically rich
language, and as such it presents many morpho-
syntactic phenomena related to agreement. For this
reason, out of the six original circuits, Agreement
was the one that underwent the most changes.

Regarding verbal agreement (constraints im-
posed on the verb by the subject), we adapted
two existing test suites, Subject-Verb Agreement
with Object Relative Clause and Subject-Verb
Agreement with Subject Relative Clause, and
created a new one, Basic Subject-Verb Agree-
ment, in which both person and number features
were taken into consideration.

(1) Tú
you.2SG

cocinas
cook.2SG

(2) * Tú
you.2SG

cocinais/cocino/cocinan
cook.2PL/1SG/3PL

As for nominal agreement (constraints that a
noun’s gender and number features can impose
on the form of other words in the sentence), we
also created several new test suites: Determinant-
Noun Agreement simply pairs a noun with the
four possible forms of the definite article (el, la,
los, las), while Adjective-Noun Agreement pairs
a noun with the four possible forms of an adjec-
tive that modifies it (we excluded articles to avoid
providing extra information).

(3) La
the

tienda
store

vende
sells

discos
disc.M.PL

usados
used.M.PL

(4) * La
the

tienda
store

vende
sells

discos
disc.M.PL

usados/usado/usadas/usada
used.M.PL/M.SG/F.PL/F.SG

In addition to these two suites, we built similar
ones for Attribute Agreement in copulative con-
structions, to which we added two versions with

object or subject relative clauses as modifiers, and
also for Predicative Agreement in constructions
with subject or object predicative complement. The
only difference here is that the two words that must
agree are not adjacent anymore. In terms of predic-
tions, the verb/noun with matching features should
have a lower surprisal than the others, and the
verb/noun that matches only one feature should
have a lower surprisal that the one that doesn’t
match any.

3.2.3 Center Embedding
For this circuit, we adapted to Spanish the two exist-
ing test suites in English, creating Center Embed-
ding and Center Embedding with PP modifier.
In the basic suite, a relative clause is center em-
bedded after the subject of the main clause. Verb
transitivity and subject-verb plausibility are used
to test if the models are capable of retaining the
relevant information and predicting the verbs in the
correct order.

3.2.4 Gross Syntactic Expectation
From the four original suites in this circuit, we
adapted three of them: Subordination, and two of
its versions with modifiers, Subordination with
Object Relative Clause and Subordination with
Subject Relative Clause. Given a sentence that
starts with a typically subordinating adverb or con-
junction, these suites test the models’ ability to
maintain the expectation for the onset of a matrix
clause for as long as the subordinate one lasts.

3.2.5 Long-distance Dependencies
Filler-gap dependencies are an example of LDDs.
They occur when a phrase (the filler) is realized
somewhere in the sentence, but is semantically in-
terpreted at some other point (the gap). For this
circuit, we created a Basic Filler-Gap Dependen-
cies test and adapted from the original English
circuit a version that includes modifiers, Filler-
Gap Dependencies with Three Sentencial Em-
beddings. Embedding three sentences between
filler and gap makes the task more challenging. We
also adapted to Spanish the novel Pseudo-Cleft
Structures suite introduced in (Hu et al., 2020a).

3.2.6 Garden Path Effects
The Garden Path effect can be created by several
syntactic ambiguities that differ cross-linguistically.
The Main Verb/Reduced Relative garden path ef-
fect was the subject of two suites in the original

3802



English circuit, but it does not translate to Span-
ish, so those suites were not included in Spanish
SyntaxGym.

On the other hand, the ambiguity responsible
for NP/Z also holds for Spanish. Here, an NP is
initially interpreted as the object in a subordinate
clause when it actually is the subject of the main
clause (the subordinate clause having a Zero/null
object). The ambiguity can be prevented with a
comma, but also by placing an overt object in the
subordinate clause, as is done in NP/Z Garden
Path Effect (with Overt Object), or by substitut-
ing its verb with a pure intransitive verb, as is done
in NP/Z Garden Path Effect (with Intransitive
Verb). Both suites correspond to Spanish adapta-
tions of the two original suites regarding this effect.

(5) !Mientras ella leı́a sus manuscritos se
volaron por la ventana.

!’While she read her manuscripts went out
the window.’

(6) Mientras ella [dormı́a]/[leı́a un li-
bro]/[leı́a,] sus manuscritos se volaron por
la ventana.

’While she [slept]/[read a book]/[read,] her
manuscripts went out the window.’

3.2.7 Licensing

Negative polarity items (NPIs), like any or ever
in English, are examples of words that need to
be licensed by negation. Since Spanish NPIs do
not function exactly in the same way, we took the
original NPI Licensing test as inspiration and cre-
ated two new suites: Negative Polarity Items and
NPIs and Polarity Agreement.

Constructions with verbs in subjunctive mood
also require the presence of a licensor. In Spanish,
a verb expressing feelings (e.g. of joy, surprise,
pleasantness) in the main clause, creates the ex-
pectation for subjunctive mood in the subordinate
clause. This was the basis for a new test suite: Sub-
junctive Mood and Verbs that Express Feeling.

(7) Espero
(I)hope

que
that

mañana
tomorrow

llueva/*lloverá.
rain.SUB/will.rainIND

’I hope it [rains]/[will rain] tomorrow.’

The other new suite in this circuit, Subjunctive
Mood, Negation and Belief Verbs, relies on the
fact that belief verbs can also license subjunctive
mood, but only when combined with negation:

(8) No
NEG

creo
(I)believe

que
that

mañana
tomorrow

llueva/*lloverá.
rain.SUB/will.rain.IND

‘I don’t think it [rain]/[will rain] tomorrow.’

(9) Creo
(I)believe

que
that

mañana
tomorrow

no
NEG

lloverá/*llueva.
will.rain.IND/rain.SUB

’I think it [won’t]/[don’t] rain tomorrow.’

3.2.8 Linearization
One of the main syntactic distinctions between lan-
guages is constituent order within the sentence.
But, in addition to the canonical order in which
these elements appear, languages also differ in their
flexibility to alter that order. Spanish allows some
flexibility, which was the basis for three new test
suites.

For Subject–Auxiliary Verb–Main Verb Lin-
earization, the possibility to postpone the subject
is compared with the rigidity of the relation be-
tween main and auxiliary verb, which must be ad-
jacent and do not allow inversion:

(10) Juan [ha comido]/*[comido ha].

’John [has eaten]/[eaten has].’

(11) Ha [comido Juan]/*[Juan comido].

*’Has [eaten John]/[John eaten].’

In the Subject–Verb–Object Linearization
test, we compare the phenomenon in affirmative
versus interrogative sentences. In Spanish, word
order flexibility holds for affirmative sentences, but
not for interrogative ones, where subject-verb in-
version is compulsory:

(12) Ana compró un libro. / Compró un libro
Ana.

’Ann bought a book. / Bought a book Ann.’

(13) ¿Qué compró Ana? / *¿Qué Ana compró?

’What did Ann buy? / *What Ana did buy?’

Word order variations also appear within the NP,
as captured by the Noun-Adjective and Noun-PP
Linearization test. Contrary to English, Spanish
adjectives usually come after the noun. But again,
the language allows for some flexibility and they
can be swapped. This possibility, however, does
not apply to other noun modifiers like prepositional
phrases:

3803



(14) Construyó una [mesa robusta]/[robusta
mesa].

’He built a [sturdy table]/[table sturdy].’

(15) Construyó una [mesa de madera]/*[de
madera mesa].

’He built a [wooden table]/*[table
wooden].’

4 Experiments

We test the base cased versions of BERT and
mBERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019b) and XLM-R (Conneau et al., 2020) on
the English SyntaxGym and BETO (Canete et al.,
2020), mBERT and XLM-R on the Spanish Syn-
taxGym. To run the experiments, we use the Syn-
taxGym toolkit (Gauthier et al., 2020).

4.1 Experimental Setup
The SyntaxGym test suites are designed from the
perspective of sentence generation, i.e., with the
hypothesis that if a model has correctly learned
some relevant syntactic generalization, it should
assign higher probability to grammatical and nat-
ural continuations of sentences. This requires ask-
ing the models to predict the next token given
a context of previous tokens, in a left-to-right
generative fashion. However, BERT-based and
RoBERTa-based families of models (in our case,
BERT and mBERT on the one side, and RoBERTa
and XLM-R on the other side) are bidirectional,
they are trained with a masked language modeling
objective to predict a word given its left and right
context. In this work, we follow Wang and Cho
(2019)’s sequential sampling procedure to evalu-
ate the probability of a text sequence, encoding
unidirectional context in the forward direction. To
compute the probability distribution for a sentence
with N tokens, we start with a sequence of N + 2
tokens: a begin of sentence token plus N +1 mask
tokens, where the last mask corresponds to the
end of sentence token. For each token position
i in [1, N ], we compute the probability distribu-
tion over the vocabulary given the left context of
the original sequence, and select the probability
assigned by the model to the original word.

For example, in an agreement test with the sen-
tence ‘The girls run fast.’, a model that has properly
learned agreement should assign a higher proba-
bility to run than to runs for the third word. In
order to test it, we feed the tokens sequence [[bos]
[The] [girls] [mask] [mask] [mask] [mask]] to the

Average SG performance
Model English Spanish
BERT 77.80 —
RoBERTa 82.04 —
mBERT 77.55 72.31
XLM-R 71.84 78.50
BETO — 67.92

Table 1: Average SG score by model class for the En-
glish and Spanish tests.

Figure 1: Performance accuracy across English circuits

model, and compare the probabilities assigned by
the model to run and runs for position 4.

4.2 Results of the experiments

This section summarizes the results of our experi-
ments that aim to: (i) contrast the performance of
monolingual and multilingual models on English
and Spanish and (ii) provide insights on the perfor-
mance of the multilingual models across languages.

Table 1 shows the average SyntaxGym (SG) per-
formance of the evaluated monolingual and multi-
lingual models on the English and Spanish Syntax-
Gyms. Figures 1 and 2 zoom in on the performance
of the tested models with respect to specific circuits
for English and Spanish respectively.

Six of the English test suites (Center Embedding,
Cleft structure, MVRR, NPZ-Verb, NPZ-Object,
Subordination) and five of the Spanish test suites
(Attribute Agreement, Basic Subject-Verb Agree-
ment, Subordination, Center Embedding, Basic
Filler-Gap Dependencies) include tests with and
without modifiers, i.e,. intervening content inserted
before the critical region. Figures 3 and 4 show the
models’ average scores in these test suites, with-
out modifiers (dark bars) and with modifiers (light
bars), evaluating how robust each model is with
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Figure 2: Performance accuracy across Spanish circuits

Figure 3: Models average English SG score in Center
Embedding, Cleft structure, MVRR, NPZ-Verb, NPZ-
Object and Subordination, with and without modifiers.

respect to the corresponding content.

5 Discussion

Let us assess in detail the results of the exper-
iments from above. In what follows, we com-
pare the performance of monolingual with the per-
formance of multilingual models and analyze the
cross-language performance of multilingual mod-
els, as well as the stability of the individual models
with respect to modifiers.

5.1 Monolingual vs multilingual models

RoBERTa shows an overall higher performance
than the other models for English (Table 1). This
is not surprising since it is trained on 10 times
more data than BERT, and it has been shown to
improve over BERT in many NLU tasks. How-
ever, while mBERT does not seem to lose perfor-
mance compared to BERT, XLM-R loses around
10 points compared to RoBERTa. As XLM-R is
specifically designed to offer a more balanced per-
formance across languages, with a special focus
on low-resource languages, it appears natural that

Figure 4: Models average Spanish SG score in At-
tribute Agreement, Subject-Verb Agreement, Subordi-
nation, Center Embedding and Filler-Gap Dependen-
cies, with and without modifiers.

it loses some performance on high-resource lan-
guages such as English. For Spanish, the multilin-
gual models clearly outperform the monolingual
model. This is likely due to the fact that while
BETO and mBERT are of comparable size and
are trained with the same amount of data (16GB),
BETO is only trained with a Masked Language
Modeling (MLM) objective, and mBERT is trained
on MLM and Next Sentence Prediction (NSP). On
the other hand, XLM-R is also only trained on
MLM, but it is trained on more than 2TB of data,
53 GB corresponding to Spanish data.

RoBERTa outperforms all other models in all the
English circuits (cf. Figure 1), except in Gross Syn-
tactic State, in which BERT-based models clearly
outperform RoBERTa-based models, and the multi-
lingual model outperforms the monolingual one in
both families. Intuitively, we believe that the NSP
training objective of BERT-based models helps
them to better understand the relation between two
sentences, and this knowledge can also be applied
to the relation between two clauses (which is the ba-
sis of the Gross Syntactic State circuit). Comparing
the BERT and RoBERTa model families, it is inter-
esting to notice that while RoBERTa outperforms
XLM-R in all circuits except Gross Syntactic State,
BERT only outperforms mBERT in 3 of them.

Interestingly, all models seem to struggle with
Agreement in English. This observation is aligned
with Mueller et al. (2020)’s hypothesis that lan-
guage models learn better hierarchical syntactic
generalizations in morphologically complex lan-
guages (such as, e.g., Spanish), which frequently
provide overt cues to syntactic structure, than in
morphologically simpler languages (such as, e.g.,
English). Indeed, the fact that XLM-R offers the

3805



lowest performance may be related to the fact that
the model has been more exposed to more complex
languages than the others. For Long Distance De-
pendencies, BERT-based models show a low perfor-
mance compared to RoBERTa-based models. This
might be due to the different training procedures
adopted in both model families (i.e., that RoBERTa
does not include the Next Sentence Prediction task
(as BERT does) and introduces dynamic masking).

On the other hand, in specific circuits for Span-
ish (cf. Figure 2) XLM-R outperforms the other
two models in 5 out of 7 circuits. As observed for
English, the BERT-based models struggle with the
Long Distance Dependencies tests, and mBERT
offers an outstanding performance in Gross Syn-
tactic State. The monolingual model, BETO, is
outperformed by mBERT in 4 out of 7 tests, and
by XLM-R in all 6 out of 7 tests. As mentioned
before, these differences may be related to the fact
that, unlike BERT, BETO is not trained with the
NSP objective; but also to the difference in training
data size: 16GB for BETO vs. more than 2TB (of
which 53GB of Spanish data) for XLM-R.

All models offer a low performance in the new
Linearization test for Spanish. A more in-depth
investigation is necessary to explain this. The test
has been designed with literary Peninsular Spanish
in mind, and it is possible that the training data
may not contain enough samples that show the
targeted word order varieties, or may contain data
from American Spanish sources, which may show
differences in canonical word order with respect to
Peninsular Spanish.

5.2 Cross-language multilingual models
performance

As shown in Table 1, multilingual models do not
syntactically generalize equally well in both lan-
guages. While mBERT offers a better generaliza-
tion in English, outperforming XLM-R by almost 6
points, XLM-R generalizes better in Spanish, out-
performing mBERT by 6 points. This observation
corroborates our intuition that XLM-R sacrifices
performance in high-resource languages (e.g., En-
glish, with 300GB of training data) to be able to of-
fer a more balanced performance across languages
(e.g., Spanish, with 53GB of training data).

Comparing Figures 1 and 2, we observe improve-
ments in the Spanish tests for XLM-R in 4 out of 6
circuits, particularly noticeable in Agreement and
Center Embedding, while it loses around 10 points

in Long Distance Dependencies. On the other hand,
mBERT also shows a big improvement in the Span-
ish tests in Agreement, while it loses performance
in Garden Path Effects, Licensing and Long Dis-
tance Dependencies.

5.3 Model stability with respect to modifiers

Since modifiers increase the linear distance be-
tween the elements in a dependency structure, thus
making the task more demanding, stability in this
respect indicates that models have robustly learnt
the appropriate syntactic generalization and do not
depend that much on adjacency. Figures 3 and
4 show the models’ average scores in those test
suites that have two versions: without modifiers
(dark bars) and with modifiers (light bars). As was
intuitively expected, all the models offer a higher
performance in the tests without modifiers. While
for English the multilingual models are the less af-
fected, for Spanish BETO seems to be more robust
than the multilingual models, even though it offers
a lower performance.

6 Conclusions

In this paper, we assessed the syntactic general-
ization potential of selected transformer-based lan-
guage models on English and Spanish. We have
shown that multilingual models do not generalize
equally well across languages: mBERT generalizes
better for phenomena in English, while XLM-R
does it better for phenomena in Spanish. We have
also shown that the answer to the question whether
monolingual or multilingual models generalize bet-
ter is equally language-specific: the monolingual
RoBERTa generalizes better on English, while the
multilingual XLM-R generalizes better on Spanish.
While it is possible that the multilingual abstrac-
tions captured by XLM-R become useful for mor-
phologically rich languages such as Spanish, this
difference may also be related to the difference in
the amount of training data used to train BETO and
XLM-R, and therefore it is possible that a monolin-
gual model trained with a comparable amount of
data could outperform the multilingual models.

The performance of all models is affected by the
presence of modifiers, which shows that the com-
plexity of the syntactic structure is still a challenge.
In general, each syntactic phenomenon deserves
attention. For instance, Agreement in English is
hard to learn, given the scarcity of cues (especially
if compared to a morphologically rich language),
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and so is Linearization in Spanish.
As far as the nature of the training procedures of

the models is concerned, the lack of Next Sentence
Prediction (NSP) objective in the RoBERTa model
family seems to harm BETO, but not XLM-R; this
suggests that the performance of BETO may be
improved with (much) more training data. It also
seems to harm in the case of the Gross Syntactic
State circuit, suggesting that RoBERTa-based mod-
els may also benefit from complementary training
objectives in their pretraining procedure.

Overall, our experiments have also shown the
importance of testing models on a wider range of
languages, in particular, morphologically rich ones.
As part of our future work, we plan to expand fur-
ther SyntaxGymES and develop SyntaxGyms for a
number of other selected languages. Also, careful
examination of a wider range of material is neces-
sary to ensure that important phenomena are not
left out, so as to assess the actual coverage of the
test suites.
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A Spanish SyntaxGym: Description of
Test Suites

This appendix lists and describes all the test suites
compiled for Spanish SyntaxGym. Each test con-
sists of a list of ITEMS that vary in a controlled
way according to a set of CONDITIONS determined
by the experimental design. A series of PREDIC-
TIONS compare surprisal values at specific regions
of the items across conditions. Some tests have
versions with MODIFIERS that increase the linear
distance between two co-varying items, making the
task more demanding.

The test suites are arranged in terms of circuits of
related syntactic phenomena. Each of the following
sections corresponds to one of these circuits.

Notation. An asterisk * signals an ungrammati-
cal sentence, a question mark ? indicates a marginal
sentence (grammatical but very uncommon or re-
quiring a difficult interpretation), an exclamation
point ! denotes high processing difficulty.

A.1 Agreement

Agreement is a morpho-syntactic phenomenon that
occurs when the features of an item constrain an-
other item to adopt a specific form.

• Basic Subject-Verb Agreement. New suite.
Spanish finite verbs in any tense/mood have six
inflected forms according to person and number
features. The verb’s features the subject’s, other-
wise the result is ungrammatical.

(16) Tú
you.2SG

cocinas
cook.2SG

(17) * Tú
you.2SG

cocinais/cocino/cocinan
cook.2PL/1SG/3PL

Predictions: The surprisal at the verb region is ex-
pected to be lower when it matches the subject than
in any other condition. It is also expected to be
lower when at least one of the features (person or
number) agrees than when both disagree.

• Subject-Verb Agreement with Subject Rel-
ative Clause. Adapted from English. This test
focuses on number agreement. The subject relative
clause includes a distractor NP differing in number
with the subject.

(18) El
the.SG

fontanero
plumber

que
that

ayudó
helped.3SG

a
to

los
thePL

albañiles
bricklayers

trabaja/*trabajan
work.3SG/3PL

los
the

sábados.
saturdays.

’The plumber who helped the bricklayers
works/*work on saturdays.’

(19) Los
the.PL

fontaneros
plumbers

que
that

ayudaron
helped.3SG

al
to.thePL

albañil
bricklayer

*trabaja/trabajan
work.3PL/3SG

los
the

sábados.
saturdays.

’The plumbers who helped the bricklayer
*works/work on saturdays.’

Predictions: A successful model should place
higher probability to the verb agreeing with the
subject (instead of the distractor) both in singular
and in plural.

• Subject-Verb Agreement with Object Rela-
tive Clause. Adapted from English. Equal to the
previous one, but with an object relative clause.

Nominal agreement was the basis for the follow-
ing 6 new test suites. All of them share the same
predictions: the surprisals should be lower when
both gender and number features in the second
word of the agreement relation match those in the
first word. They should also be lower when only
one of the features agrees than when both disagree.

• Determiner-Noun Agreement. New suite.
The four possible forms of the definite article are
paired with different nouns.
(20) El/*La/*Los/*Las

the.M.SG/*F.SG/*M.PL/*F.PL
gato
cat

• Adjective-Noun Agreement. New suite. The
test pairs a noun with the four possible forms of
an adjective that modifies it (we used constructions
without determiner to avoid providing the models
with extra information).

(21) La
the

tienda
store

vende
sells

discos
discs

usados/*usado/*usadas/*usada
used.M.PL/M.SG/F.PL/F.SG

’The store sells second-hand discs.’

• Attribute Agreement. New suite. Here, a
noun is paired with and adjective through a copu-
lative construction. This suite has 2 versions with
object or subject relative clauses as modifiers.

(22) El
the

piso
flat

está
is

vacı́o/*vacı́a/*vacı́os/*vacı́as
empty.M.SG/*F.SG/*M.PL/*F.PL

• Predicative Agreement. New suite. The sub-
ject or the object is paired with an adjective func-
tioning as a predicative complement.

(23) Los
the

niños
children

llegaron
arrived

cansados/*cansado/*cansadas/*cansada
tired.M.PL/*M.SG/*F.PL/*F.SG

’The children arrived tired.’
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A.2 Center Embedding

A center embedded clause is a subordinate clause
that sits in the middle of its superordinate clause,
creating nested dependencies that may be challeng-
ing for the models.

• Center Embedding. Adapted from English.
A relative clause is center embedded after the
subject of the main clause. Verb transitivity and
subject-verb plausibility are used to test if the mod-
els are capable of retaining the relevant information
and predicting the verbs in the correct order.

(24) La tormenta que el capitán [capeó
amainó]/?[amainó capeó].

’The storm the captain [weathered
abated]/?[abated weathered].’

Prediction: The surprisal of the combination of
verbs should be smaller when their relative order
creates a plausible sentence than when it creates an
implausible one.

• Center Embedding with modifier. In the
version with modifier, a prepositional phrase is in-
serted after the subject of the subordinate clause.

A.3 Gross Syntactic State

Expectation for a large syntactic structure at some
point within the sentence.

• Subordination. Adapted from English. A
sentence starting with a subordinate clause creates
the expectation for the onset of a matrix clause for
as long as the subordinate one lasts.

(25) ?(Mientras) ella miraba los resultados, el
doctor entró en la habitación.

’While she looked at the results, the doctor
entered the room.’

(26) (*Mientras) ella miraba los resultados.

’(*While) she looked at the results.’

Predictions: The surprisal for the lack of a second
clause should be higher when there is a subordi-
nating conjunction or adverb than where there is
not. But having two clauses joined by a conjunc-
tion/adverb should be less surprising than their jux-
taposition.

• Subordination with Object Relative Clause
and Subordination with Subject Relative
Clause. Adapted from English. Versions of the
previous suite but with a modifier.

A.4 Long-distance Dependencies
LDDs occur when two syntactically related groups
do not appear adjacent to one another but at a longer
distance from one another.

• Basic Filler-Gap Dependencies. New suite,
a simplified version of the existing FGD tests for
English. FGDs occur when a phrase (the filler) is
realized somewhere in the sentence but is semanti-
cally interpreted at some other point (the gap).

(27) Yo sé [lo que]/*que tu amigo tiró al suelo.

’I know what/*that your friend threw .’

(28) Yo sé *[lo que]/que tu amigo tiró una col-
illa al suelo.

’I know *what/that your friend threw a
cigarette butt.’

Predictions: The overt object should be more sur-
prising when there is a filler when there is not. We
also expect lower surprisal when the sentence has
a filler later followed by gap than when it has a
conjunction instead but the gap remains.

• Filler-Gap Dependencies with Three Sen-
tencial Embeddings. Adapted from English. It
is a version of the previous test that includes a mod-
ifier (three sentential embeddings) between filler
and gap. This makes the task more challenging.
The predictions, though, remain the same.

• Pseudo-Cleft Structures Adapted from En-
glish. A pseudo-cleft or wh-cleft is formed by
a wh-element extracting content from a relative
clause joined by a copula to a constituent that pro-
vides the content requested by the wh-element. The
extracted constituent can be a NP or a VP. In the
VP case, the verb in the relative clause must be an
inflected form of ‘hacer’ (‘to do’).

(29) Lo que tú difundiste/?hiciste fue un rumor.

’What you spread/*did was a rumor.’

(30) Lo que tú *difundiste/hiciste fue confirmar
un rumor.

’What you *spread/did was confirm a ru-
mor.’

Predictions: The surprisal should be lower for the
extracted VP when the verb in the relative clause is
a light verb (hacer – ‘to do’) than when it is not, but
it should be higher for the extracted NP when the
verb is light than when it is semantically heavier
and matches the NP. In addition, the difference in
the first case should be more important than in the
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second one. This happens because the light verb
admits a wider range of objects, whereas in the first
case, one of the options is syntactically incorrect.

A.5 Garden Path Effects
Garden-path effects emerge when an incorrect but
locally likely parse needs to be abandoned in favor
of the correct one. In the NP/Z garden path, an NP
is initially interpreted as the object in a subordinate
clause, but when the main verb appears, this NP
should be reinterpreted as its subject. The effect
can be prevented by adding a comma, but also by
placing an overt object in the subordinate clause,
or by substituting its verb with a purely intransitive
one. These are the basis for the next two suites.

• NP/Z Garden Path Effect (Overt Object).
• NP/Z Garden Path Effect (Intransitive

Verb). Both adapted from English.
(31) !Mientras ella leı́a sus manuscritos se

volaron por la ventana.

!’While she read her manuscripts went out
the window.’

(32) Mientras ella [dormı́a]/[leı́a un li-
bro]/[leı́a,] sus manuscritos se volaron por
la ventana.

’While she [slept]/[read a book]/[read,] her
manuscripts went out the window.’

Predictions: The main verb should be more sur-
prising in the garden path condition than when the
effect has been prevented either by the comma or by
interfering with the verb. Moreover, the difference
in surprisal should be bigger when the comma is
essential to solve the garden path effect than when
it is not.

A.6 Licensing
In natural language, some words or constructions
need the presence of a licensor to allow their oc-
currence in a sentence. This happens with NPIs
(Negative polarity items) and subjunctive mood,
for instance.

•Negative Polarity Items and Polarity Agree-
ment. New suite. In Spanish, NPIs that follow the
verb (such as nunca ’never’, nadie ’nobody’, and
nada ’nothing’) need to be licensed by negation.
This ‘double negative’ does not result in an affir-
mative, it is a sort of polarity agreement.

(33) Yo
I

no
NEG

bebo
drink

nunca/?siempre.
never/always

’I never drink./I don’t drink always.’

(34) Yo bebo *nunca/siempre.

’I *ever/always drink.’

Predictions: We expect the surprisals in both agree-
ing conditions (negative-NPI, positive-PPI) to be
lower than in any of the non-agreeing conditions
(negative-PPI, positive-NPI).

• Negative Polarity Items. New suite. NPIs
also need to be in the scope of the negation to
be licensed by it. This suite compares between a
negative particle that “commands” the NPI and one
that doesn’t.

(35) Tú,
You,

como
as

no
NEG

mirabas
looked

por
by

la
the

ventana,
window,

*(no)
NEG

has
have

visto
seen

a
at

nadie.
nobody

’As you weren’t looking through the win-
dow, you have *(not) seen anybody.’

(36) Tú,
You,

como
as

mirabas
looked

por
by

la
the

ventana,
window,

*(no)
NEG

has
have

visto
seen

a
at

nadie.
nobody

’As you were looking through the window,
you have *(not) seen anybody.’

Predictions: The NPI should be more surprising
when there isn’t a negative particle that commands
it, independently of the presence of another one
that does not command it.

• Subjunctive Mood and Verbs that Express
Feeling. New suite. Feeling verbs that introduce a
subordinate clause serve as licensors for subjunc-
tive mood, whereas other type of verbs do not.

(37) Espero
(I)hope

que
that

mañana
tomorrow

llueva/*lloverá.
rain.SUB/will.rain.IND

’I hope it rains/*[will rain] tomorrow.’

(38) Sé
(I)know

que
that

mañana
tomorrow

*llueva/lloverá.
rain.SUB/will.rain.IND

’I know it [will rain]/rains tomorrow.’

Predictions: Subjunctive mood should be less sur-
prising than indicative mood when the verb in the
main clause expresses feelings. But when it doesn’t,
subjunctive should be more surprising than indica-
tive mood. Moreover, subjunctive mood should
also be more surprising with a feeling verb than
with a non-feeling verb.

• Subjunctive Mood, Negation and Belief
Verbs. New suite. Belief verbs can also license
subjunctive mood, but only when combined with
negation.
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(39) No
NEG

creo
believe

que
that

mañana
tomorrow

llueva/*lloverá.
rain.SUB/will.rain.IND

’I don’t think it rains/[will rain] tomorrow.’

(40) Creo
(I)believe

que
that

mañana
tomorrow

no
NEG

*llueva/lloverá.
rain.SUB/will.rain.IND

’I think it rains/[won’t rain] tomorrow.’

Predictions: The subordinate verb should be less
surprising in subjunctive than in indicative mood
when the main clause is negated. However, the
contrary should hold when the subordinate clause
is negated but the main one is not. In addition,
subjunctive mood should be less surprising when
the negation is in the main clause than when it is in
the subordinate clause.

A.7 Linearization

Constituent order is commonly used in linguistics
as a way to classify languages. But, in addition
to the canonical order in which elements appear,
languages also differ in their flexibility to alter that
order.

• Subject – Auxiliary Verb – Main Verb Lin-
earization. New suite. Subject-verb order admits
inversion in Spanish but main and auxiliary verb
do not and they must be adjacent.

(41) Juan ha comido. / Ha comido Juan

’John has eaten. / Has eaten John.’

(42) *Juan comido ha. / *Ha Juan comido.

’John eaten has. / Has John eaten.’

Predictions: The postposed subject should be less
surprising than any of the alterations involving aux-
iliary and main verb. The canonical SV order, how-
ever, should be less surprising than postposing the
subject, and the difference in this case should be
less important than the differences in the first two
cases.

• Subject – Verb – Object Linearization. New
test. In Spanish, word order flexibility holds for
affirmative sentences but not for interrogative ones,
where subject-verb inversion is compulsory.

(43) Ana compró un libro/Compró un libro Ana.

’Ann bought a book. / Bought a book Ann.’

(44) ¿Qué compró Ana? / ¿Qué Ana compró?

’What did Ana buy? / ’What Ana did buy?’

Predictions: A postposed subject in an affirmative
sentence should be less surprising than lack of SV
inversion in an interrogative one. The canonical SV
order in the affirmative sentence, however, should
be less surprising than postposing the subject, and
the difference in this case should be less important
than the difference in the first one.

• Noun-Adjective and Noun-PP Lineariza-
tion. New suite. Spanish adjectives usually come
after the noun, but this order can be inverted. Other
noun modifiers like prepositional phrases cannot.

(45) Construyó una [mesa robusta]/[robusta
mesa].

’He built a [sturdy table]/[table sturdy].’

(46) Construyó una [mesa de madera]/*[de
madera mesa].

’He built a [wooden table]/*[table
wooden].’

Predictions: A PP preceding the noun should be
more surprising than one following it. An adjective
preceding the noun should also be more surprising
than one following it, but the difference in this case
should be less important than in the first one.
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Abstract
Larger language models have higher accu-
racy on average, but are they better on ev-
ery single instance (datapoint)? Some work
suggests larger models have higher out-of-
distribution robustness, while other work sug-
gests they have lower accuracy on rare sub-
groups. To understand these differences, we
investigate these models at the level of indi-
vidual instances. However, one major chal-
lenge is that individual predictions are highly
sensitive to noise in the randomness in train-
ing. We develop statistically rigorous meth-
ods to address this, and after accounting for
pretraining and finetuning noise, we find that
our BERT-LARGE is worse than BERT-MINI
on at least 1−4% of instances across MNLI,
SST-2, and QQP, compared to the overall ac-
curacy improvement of 2−10%. We also
find that finetuning noise increases with model
size, and that instance-level accuracy has mo-
mentum: improvement from BERT-MINI to
BERT-MEDIUM correlates with improvement
from BERT-MEDIUM to BERT-LARGE . Our
findings suggest that instance-level predictions
provide a rich source of information; we there-
fore recommend that researchers supplement
model weights with model predictions.

1 Introduction

Historically, large deep learning models (Peters
et al., 2018; Devlin et al., 2019; Lewis et al., 2020;
Raffel et al., 2019) have improved the state of
the art on a wide range of tasks and leaderboards
(Schwartz et al., 2014; Rajpurkar et al., 2016; Wang
et al., 2018), and empirical scaling laws predict
that larger models will continue to increase per-
formance (Kaplan et al., 2020). However, little is
understood about such improvement at the instance
(datapoint) level. Are larger models uniformly bet-
ter? In other words, are larger pretrained models
better at every instance, or are they better at some
instances, but worse at others?

Prior works hint at differing answers. Hendrycks
et al. (2020) and Desai and Durrett (2020) find
that larger pretrained models consistently improve
out-of-distribution performance, which implies that
they might be uniformly better at a finer level.
Henighan et al. (2020) claim that larger pretrained
image models have lower downstream classifica-
tion loss for the majority of instances, and they
predict this trend to be true for other data modal-
ities (e.g. text). On the other hand, Sagawa et al.
(2020) find that larger non-pretrained models per-
form worse on rare subgroups; if this result gener-
alizes to pretrained language models, larger models
will not be uniformly better. Despite all the in-
direct evidence, it is still inconclusive how many
instances larger pretrained models perform worse
on.

A naı̈ve solution is to finetune a larger model,
compare it to a smaller one, and find instances
where the larger model is worse. However, this
approach is flawed, since model predictions are
noisy at the instance level. On MNLI in-domain
development set, even the same architecture with
different finetuning seeds leads to different pre-
dictions on ∼8% of the instances. This is due to
under-specification (D’Amour et al., 2020), where
there are multiple different solutions that can mini-
mize the training loss. Since the accuracy improve-
ment from our BERT-BASE1 to BERT-LARGE is
2%, most signals across different model sizes will
be dominated by noise due to random seeds.

To account for the noise in pretraining and fine-
tuning, we define instance accuracy as “how often
a model correctly predicts an instance” (Figure 1
left) in expectation across pretraining and finetun-
ing seeds. We estimate this quantity by pretraining
10 models with different seeds, finetuning 5 times
for each pretrained models (Figure 1 middle), and

1This is not the original release by Devlin et al. (2019); we
pretrained models ourselves.
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Seed 1 Seed 2 Seed 3 Instance 
Accuracy

Instance 1 X ✓ ✓ 66%
Instance 2 X X X 0%
Instance 3 ✓ X X 33%
Instance 4 ✓ ✓ ✓ 100%

Average across seeds

F(*)1 F(*)2

P1 X ✓
P2 ✓ X
P3 X ✓

Finetuning Seeds

Pretrain
-ing 

Seeds
MINI 

LARGE

Instance 1 Instance i

Model
Sizes

…

…

…
…

…
✓ ✓
✓ X
✓ ✓

X ✓
✓ X
X X

X X

✓ X
✓ ✓

Instances

Figure 1: Left: Each column represents the same architecture trained with a different seed. We calculate accuracy
for each instance (row) by averaging across seeds (column), while it is usually calculated for each model by
averaging across instances. Middle: A visual layout of the model predictions we obtain, which is a binary-valued
tensor with 4 axes: model size s, instance i, pretraining seeds P and finetuning seeds F . Right: for each instance,
we calculate the accuracy gain from MINI to LARGE and plot the histogram in blue, along with a random baseline
in red. Since the blue distribution has a bigger left tail, smaller models are better at some instances.

averaging across them.

However, this estimate is still inexact, and we
might falsely observe smaller models to be better
at some instances by chance. Hence, we propose
a random baseline to estimate the fraction of false
discoveries (Section 3, Figure 1 right) and formally
upper-bound the false discoveries in Section 4. Our
method provides a better upper bound than the clas-
sical Benjamini-Hochberg procedure with Fisher’s
exact test.

Using the 50 models for each size and our im-
proved statistical tool, we find that, on the MNLI
in-domain development set, the accuracy “decays”
from BERT-LARGE to BERT-MINI on at least ∼4%
of the instances, which is significant given that the
improvement in overall accuracy is 10%. These
decaying instances contain more controversial or
wrong labels, but also correct ones (Section 4.2).
Therefore, larger pretrained language models are
not uniformly better.

We make other interesting discoveries at the in-
stance level. Section 5 finds that instance-level
accuracy has momentum: improvement from MINI

to MEDIUM correlates with improvement from
MEDIUM to LARGE . Additionally, Section 6 at-
tributes variance of model predictions to pretrain-
ing and finetuning random seeds, and finds that
finetuning seeds cause more variance for larger
models. Our findings suggest that instance-level
predictions provide a rich source of information;
we therefore recommend that researchers supple-
ment model weights with model predictions. In this
spirit, we release all the pretrained models, model
predictions, and code here: https://github.com/
ruiqi-zhong/acl2021-instance-level.

2 Data, Models, and Predictions

To investigate model behavior, we considered dif-
ferent sizes of the BERT architecture and fine-
tuned them on Quora Question Pairs (QQP2),
Multi-Genre Natural Language Inference (MNLI;
Williams et al. (2020)), and the Stanford Sen-
timent Treebank (SST-2; Socher et al. (2013)).
To account for pretraining and finetuning noise,
we averaged over multiple random initializations
and training data order, and thus needed to pre-
train our own models rather than downloading
off the internet. Following Turc et al. (2019) we
trained 5 architectures of increasing size: MINI

(L4/H256, 4 Layers with hidden dimension 256),
SMALL (L4/H512), MEDIUM (L8/H512), BASE

(L12/H768), and LARGE (L24/H1024). For each
architecture we pre-trained models with 10 differ-
ent random seeds and fine-tuned each of them 5
times (50 total) on each task; see Figure 1 middle.
Since pretraining is computationally expensive, we
reduced the context size during pretraining from
512 to 128 and compensated by increasing train-
ing steps from 1M to 2M. Appendix A includes
more details about pretraining and finetuning and
their computational cost, and Appendix B verifies
that our cost-saving changes do not affect accuracy
qualitatively.

Notation. We use i to index an instance in the
evaluation set, s for model sizes, P for pretraining
seeds and F for finetuning seeds. c is a random
variable of value 0 or 1 to indicate whether the
prediction is correct. Given the pretraining seed P
and the finetuning seed F , csi = 1 if the model of

2https://www.quora.com/q/quoradata/First-Quora-
Dataset-Release-Question-Pairs
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DiffFTune DiffPTrain Stdall

MINI 7.2% 10.7% 0.2%
SMALL 7.2% 10.7% 0.3%
MEDIUM 8.0% 10.7% 0.3%
BASE 8.5% 10.6% 0.2%
LARGE 8.6% 10.1% 0.2%

Table 1: Larger model sizes are at the bottom rows.
DiffFTune: how much do the predictions differ, if two
models have the same pretraining seed but different
finetuning seeds F ? DiffPTrain: the difference if the
pretraining seeds P are different. Stdall: the standard
deviation of overall accuracy, around 40 times smaller
than DiffFTune.

size s is correct on instance i, 0 otherwise. To keep
the notation uncluttered, we sometimes omit these
superscripts or subscripts if they can be inferred
from context.

Unless otherwise noted, we present results on
the MNLI in-domain development set in the main
paper.

3 Comparing Instance Accuracy

To find the instances where larger models are worse,
a naı̈ve approach is to finetune a larger pretrained
model, compare it to a smaller one, and find in-
stances where the larger is incorrect but the smaller
is correct. Under this approach, BERT-LARGE is
worse than BERT-BASE on 4.5% of the instances
and better on 7%, giving an overall accuracy im-
provement of 2.5%.

However, this result is misleading: even if we
compare two BERT-BASE model with different
finetuning seeds, their predictions differ on 8% of
the instances, while their accuracies differ only by
0.1%; Table 1 reports this baseline randomness
across model sizes. Changing the pretraining seed
also changes around 2% additional predictions be-
yond finetuning.

Table 1 also reports the standard deviation of
overall accuracy, which is about 40 times smaller.
Such stability starkly contrasts with the noisiness at
the instance level, which poses a unique challenge.

Instance-Level Metrics To reflect this noisiness,
we define the instance accuracy Accsi to be how
often models of size s predict instance i correctly,

Accsi := EP,F [csi ]. (1)

The expectation is taken with respect to the pre-
training and finetuning randomness P and F . We

estimate Accsi via the empirical average Âcc
s
i ac-

cross 10 pretraining × 5 finetuning runs.
We histogram Âcc

s
i in Figure 2 (a). On most

instances the model always predicts correctly or
incorrectly (Âcc = 0 or 1), but a sizable fraction
of accuracies lie between the two extremes.

Recall that our goal is to find instances where
larger models are less accurate, which we refer
to as decaying instances. We therefore study the
instance difference between two model sizes s1 and
s2, defined as

s1
s2∆Acci := Accs2i −Accs1i , (2)

which is estimated by the difference between the
accuracy estimates Âcc

s
i , i.e.

s1
s2

ˆ∆Acci := Âcc
s2
i − Âcc

s1
i . (3)

We histogram BASE
LARGE

ˆ∆Acci in Figure 2 (b). We
observe a unimodal distribution centered near 0,
with tails on both sides. Therefore, the estimated
differences for some instances are negative.

However, due to estimation noise, we might
falsely observe this accuracy decay by chance.
Therefore, we introduce a random baseline
s1
s2∆Acc′ to control for these false discoveries. Re-
call that we have 10 smaller pretrained models and
10 larger ones. Our baseline splits these into a
group A of 5 smaller + 5 larger, and another group
B of the remaining 5 + 5. Then the empirical accu-
racies Âcc

A
and Âcc

B
are identically distributed,

so we take our baseline s1
s2∆Acc′ to be the differ-

ence Âcc
A − Âcc

B
. We visualize and compare

how to calculate s1s2 ˆ∆Acc and s1
s2∆Acc′ in Figure 3.

We histogram this baseline BASE
LARGE∆Acc′ in

Figure 2 (b), and find that our noisy estimate
BASE
LARGE

ˆ∆Acc has a larger left tail than the baseline.
This suggests that decaying instances exist. We
similarly compare MINI to LARGE in Figure 2 (c)
and find an even larger left tail.

4 Quantifying the Decaying Instances

The left tail of ˆ∆Acc noisily estimates the frac-
tion of decaying instances, and the left tail of the
random baseline ∆Acc′ counts the false discov-
ery fraction due to the noise. Intuitively, the true
fraction of decaying instances can be captured by
the difference of these left tails, and we formally
quantify this below.
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(a) BASE vs. LARGE , Acc (b) BASE vs. LARGE , ∆Acc (c) MINI vs. LARGE , ∆Acc

Figure 2: (a) The distribution of instance accuracy Âcci. (b, c) Histogram of instance difference estimate (x-axis),
ˆ∆Acc (blue) and its baseline ∆Acc′ (red) compares BASE and LARGE . To better visualize, we truncated the

density (y-axis) above 2. Since the blue histogram has a larger left tail than the red one, there are indeed instances
where larger models are worse.

F(*)1 F(*)

2

F(*)3

P1 X ✓ ✓
P2 ✓ X X
P3 X X X
P4 X ✓ ✓

MINI

Pretrain-
ing 

Seeds

̂Acc
A = 0.58

̂Acc
B = 0.58

Min i
LargeΔAcc′� = 0

=

̂Acc
MINI = 0.42̂Acc

LARGE = 0.75
F(*)1 F(*)

2

F(*)3

P1 X ✓ ✓
P2 ✓ ✓ X
P3 ✓ ✓ X
P4 ✓ ✓ ✓

LARGE
- MINI

LARGE
̂ΔAcc = .33=

-
Group A

Group B

Figure 3: The tables are model predictions with visual
notations established in Figure 1 middle. ˆ∆Acc (blue)
is the mean difference between the left and the right
table, each corresponding to a model size. The random
baseline ∆Acc′ (red) is the mean difference between
group A (orange) cells and group B (green), which are
identically and independently distributed.

Suppose instance i is drawn from the empirical
evaluation distribution. Then we can define the true
decaying fraction Decay as

Decay := Pi[∆Acci < 0]. (4)

Since ∆Acci is not directly observable and
ˆ∆Acci is noisy, we add a buffer and only consider

instances with ˆ∆Acci ≤ t, which makes it more
likely (but still uncertain) that the true ∆Acci < 0.
We denote this “discovery fraction” ˆDecay(t) as

ˆDecay(t) := Pi[ ˆ∆Acci ≤ t]. (5)

Similarly, we define a baseline control (false
discovery fraction) Decay′(t) := Pi[∆Acc′i ≤ t].
Hence, ˆDecay and Decay′ are the cumulative dis-
tribution function of ˆ∆Acc and ∆Acc′ (Figure 4).

We have the following theorem, which we for-
mally state and prove in Appendix D:

Theorem 1 (Informal) If all the random seeds are
independent, then for all thresholds t,

Decay ≥ E[ ˆDecay(t)−Decay′(t)] (6)

Proof Sketch Suppose we observe cs1R1...2k
and

cs2R2k+1...4k
, where there are 2k different random

seeds for each model size 3. Then

ˆ∆Acci :=
1

2k
(

2k∑

j=1

cs1Rj ,i −
4k∑

j=2k+1

cs2Rj ,i), (7)

and hence the discovery rate ˆDecay(t) is defined
as

ˆDecay(t) :=
1

|T |

|T |∑

i=1

1[ ˆ∆Acc ≤ t]. (8)

For the random baseline estimator, we have

∆Acc′i :=
1

2k
(
k∑

j=1

cs1Rj ,i +
3k∑

j=2k+1

cs2Rj ,i (9)

−
2k∑

j=k+1

cs1Rj ,i −
4k∑

j=3k+1

cs2Rj ,i),

and the false discovery control Decay′ is defined
as

Decay′(t) :=
1

|T |

|T |∑

i=1

1[∆Acc′i ≤ t]. (10)

Formally, the theorem states that

Decay ≥ ER1...R4k
[ ˆDecay(t)−Decay′(t)], (11)

which is equivalent to

|T |∑

i=1

(1[∆Acci < 0]− P[ ˆ∆Acci ≤ t] (12)

+P[∆Acc′i ≤ t]) ≥ 0

3We assumed even number of random seeds since we will
mix half of the models from each size to compute the random
baseline
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6%

Figure 4: The cumulative distribution function of the
histogram in Figure 2 (c); only the negative x-axis is
shown because it corresponds to decays. The maxi-
mum difference between the two curves (6%) is a lower
bound of the true decaying fraction.

Hence, we can declare victory if we can prove
that for all i, if ∆Acci ≥ 0,

P[∆Acc′i ≤ t] ≥ P[ ˆ∆Acci ≤ t].

This is easy to see, since ∆Acc′i and ˆ∆Acci are
both binomial distributions with the same n, but
the first has a larger rate. 4 �

Roughly speaking, the true decaying fraction
is at least the difference between ˆDecay(t) and
Decay′(t) at every threshold t. Therefore, we take
the maximum difference between ˆDecay(t) and
Decay′(t) to lower-bound the fraction of decaying
instances.5 For example, Figure 4 estimates the
true decaying fraction between MINI and LARGE

to be at least 6%.
We compute this lower bound for other pairs of

model sizes in Table 2, and the full results across
other tasks and model size pairs are in Appendix C.
In all of these settings we find a non-zero fraction
of decaying instances, and larger model size differ-
ences usually lead to more decaying instances.

Unfortunately, applying Theorem 1 as above
is not fully rigorous, since some finetuning runs
share the same pretraining seeds and hence are de-
pendent.6 To obtain a statistically rigorous lower
bound, we slightly modify our target of interest. In-
stead of examining individual finetuning runs, we
ensemble our model across 5 different finetuning
runs for each pretraining seed; these predictions
are essentially the same as individual finetuning
runs, except that the finetuning randomness is av-
eraged out. Hence we obtain 10 independent sets

4More details are in Appendix D.
5Adaptively picking the best threshold t depending on the

data may incur a slight upward bias. Appendix E estimates
that the relative bias is at most 10% using a bootstrap method.

6Although we anticipate such dependencies do not cause a
substantial difference, as discussed in Appendix D.1.

s1 \ s2 MINI SMALL BASE LARGE

MINI N/A 9% 18% 21%
SMALL 3% N/A 14% 18%
BASE 6% 5% N/A 10%
LARGE 6% 5% 2% N/A

Table 2: We lower-bound the fraction of instances that
improve when model size changes from s1 (row) to s2
(column). For example, when model size decreases
from LARGE to MINI , 6% of instances improve (i.e.
decays).

Threshold ˆDecay Decay′ Diff
t = −0.4 4.22% 3.49e−3 3.87%

. . . . . . . . . . . .
t = −0.9 0.91% 1.44e−7 0.91%
t = −1.0 0.48% 2.06e−8 0.48%

Table 3: Comparing MINI vs. LARGE by calculating
the discovery fraction ˆDecay, the false discovery con-
trol Decay′, and their difference (Diff) under different
thresholds t. LARGE is worse on at least ∼4% (maxi-
mum Diff) of instances.

of model predictions with different random seeds,
which allows us to apply Theorem 1.

We compare MINI to LARGE using these ensem-
bles and report the discovery ˆDecay and the base-
line Decay′ in Table 3. Taking the maximum differ-
ence across thresholds, we estimate at least∼4% of
decaying instances. This estimate is lower than the
previous 6% estimate, which used the full set of 50
models’ predictions assuming they were indepen-
dent. However, this is still a meaningful amount,
given that the overall accuracy improvement from
MINI to LARGE is 10%.

4.1 Fisher’s Test + Benjamini-Hochberg
Here is a more classical approach to lower-bound
the decaying fraction. For each instance, we com-
pute a significance level α under the null hypothesis
that the larger model is better, using Fisher’s exact
test. We sort the significance levels ascendingly,
and call the pth percentile αp. Then we pick a
false discovery rate q (say, 25%), find the largest
p s.t. αp < pq, and estimate the decaying fraction
to be at least p(1− q). This calculation is known
as the Benjamini-Hochberg procedure (Benjamini
and Hochberg, 1995).

To compare our method with this classical ap-
proach, we estimate the lower bound of the decay-
ing fraction for different pairs of model sizes with
different numbers of pretrained models available.
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s1 s2 2 6 10
MINI LARGE ours 1.9% 3.1% 4.0%
MINI LARGE BH 0.0% 0.9% 1.9%
BASE LARGE ours 0.4% 0.9% 1.2%
BASE LARGE BH 0.0% 0.0% 0.0%

Table 4: We compare our method to the Fisher’s exact
test + Benjamin-Hochberg (BH) procedure described in
Section 4. For all different model size pairs and number
of pretrained models available, ours always provides a
higher (better) lower bound of the decaying fraction.

To make sure our choice of the false discovery rate
q does not bias against the classical approach, we
adaptively choose q to maximize its performance.
Appendix F includes the full results and Table 4 is
a representative subset.

We find that our approach is more powerful, par-
ticularly when the true decaying fraction is likely
to be small and only a few models are available,
which is usually the regime of interest. For exam-
ple, across all pairs of model sizes, our approach
only needs 2 random seeds (i.e. pretrained models)
to provide a non-zero lower bound on the decaying
fraction, while the classical approach sometimes
fails to do this even with 10 seeds. Intuitively, when
fewer seeds are available, the smallest possible sig-
nificance level for each instance is larger than the
decaying fraction, hence hurting the classical ap-
proach.

4.2 Understanding the Decaying Instances

We next manually examine the decaying instances
to see whether we can find any interpretable pat-
terns. One hypothesis is that all the decaying frac-
tions are in fact mislabeled, and hence larger mod-
els are not in fact worse on any instances.

To investigate this hypothesis, we examined the
group of instances where MINI

LARGE
ˆ∆Acci ≤ −0.9.

MINI is almost always correct on these instances,
while LARGE is almost always wrong, and the false
discovery fraction is tiny. For each instance, we
manually categorize it as either: 1) Correct, if the
label is correct, 2) Fine, if the label might be con-
troversial but we could see a reason why this label
is reasonable, 3) Wrong, if the label is wrong, or
4) Unsure, if we are unsure about how to label
this instance. Each time we annotate, with 50%
probability we randomly sample either a decaying
instance or an instance from the remaining dataset
as a control. We are blind to which group it comes
from.

Correct Fine Wrong Unsure
MNLID 66% 17% 9% 5%
MNLIC 86% 5% 5% 1%
SST-2D 55% 8% 10% 25%
SST-2C 88% 4% 0% 6%
QQPD 60% 26% 10% 2%
QQPC 87% 10% 1% 0%

Table 5: MINI vs. LARGE . We examine whether there
are mislabels for the Decaying fractions (superscript D)
and the rest of the dataset (Control group C). The de-
caying fraction contains more mislabels, but includes
correct labels as well.

For each task of MNLI, QQP, and SST-2, the first
author annotated 100 instances (decay + control
group) (Table 5). We present all the annotated
decaying instances in Appendix J.

Conclusion We find that the decaying fraction
has more wrong or controversial labels, compared
to the remaining instances. However, even after
we adjust for the fraction of incorrect labels, the
Decay fraction still exceeds the false discovery
control. This implies that MINI models are bet-
ter than LARGE models on some correctly labeled
instances. The second author followed the same
procedure and reproduced the same qualitative re-
sults.

However, we cannot find an interpretable pattern
for these correctly labeled decaying instances by
simply eyeballing. We discuss future directions to
discover interpretable categories in Section 7.

5 Correlation of Instance Difference

We next investigate whether there is a momen-
tum of instance accuracy increase: for example,
if the instance accuracy improves from MINI(s1)
to MEDIUM(s2), is it more likely to improve from
MEDIUM(s2) to LARGE(s3)?

The naı̈ve approach is to calculate the Pearson
correlation coefficient between MINI

MEDIUM
ˆ∆Acc and

MEDIUM
LARGE

ˆ∆Acc, and we find the correlation to be zero.
However, this is partly an artifact of accuracies be-
ing bounded in [0, 1]. If MEDIUM drastically im-
proves over MINI from 0 to 1, there is no room for
LARGE to improve over MEDIUM. To remove this
inherent negative correlation, we calculate the cor-
relation conditioned on the accuracy of the middle-
sized model, Âcc

MEDIUM
.

Therefore, we bucket instances by their esti-
mated MEDIUM accuracy into intervals of size 0.1,
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(s1, s2, s3) ↓ Buckets→ 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00
SMALL,MEDIUM, BASE 0.07 0.22 0.29 0.40 0.35 0.33 0.38 0.27 0.24 0.13
MINI,MEDIUM, LARGE 0.03 0.15 0.18 0.33 0.17 0.16 0.22 0.20 0.19 0.09

Table 6: Each row corresponds to a triplet of model sizes. Each column t represents a bucket that contains
instances with Âcc

s2 ∈ [t − 0.1, t]. Within each bucket, we calculate the Pearson correlation coefficient between
the estimated accuracy improvements: s1s2 ˆ∆Acc and s2

s3
ˆ∆Acc. These correlations are positive and become higher

when model size differences are small.

and we find the correlation to be positive within
each bucket (Table 6, row 2). This fixes the prob-
lem with the naı̈ve approach by getting rid of the
negative correlation, which could have misled us
to believe that improvements by larger models are
uncorrelated.

We additionally find that the correlations be-
tween improvements become stronger when model
size differences are smaller. Table 6 row 1 re-
ports results for another model size triplet with
smaller size difference, i.e. (s1, s2, s3) = (SMALL,
MEDIUM, BASE), and the correlation is larger for
all buckets. Results for more tasks and size triplets
are in Appendix G and the same conclusions hold
qualitatively.

6 Variance at the Instance Level

Section 3 found that the overall accuracy has rela-
tively low variance, but model predictions are noisy.
This section formally analyzes variance at the in-
stance level. For each instance, we decompose its
loss into three components: Bias2, variance due to
pretraining randomness, and variance due to fine-
tuning randomness. Formally, we consider the 0/1
loss:

Li := 1− ci = (1− ci)2, (13)

where ci is a random variable 0/1 indicating
whether the prediction is correct or incorrect, with
respect to randomness in pretraining and finetun-
ing. Therefore, by bias-variance decomposition
and total variance decomposition, we have

Li = Bias2
i + PretVari + FineVari, (14)

where, by using P and F as pretraining and fine-
tuning random seeds:

Bias2
i := (1− EP,F [ci])

2, (15)

PretVari := VarP [EF [ci]],

FineVari := EP [VarF [ci]],

capturing “how wrong is the average prediction”,
variance due to pretraining, and variance due to
finetuning seeds, respectively.

Bias2 PretVar FineVar

MINI 0.203 0.017 0.036
SMALL 0.179 0.017 0.036
MEDIUM 0.157 0.014 0.040
BASE 0.134 0.010 0.043
LARGE 0.111 0.007 0.043

Table 7: The bias, pretraining variance, and finetuning
variance for each model size, averaged across all test
instances. Finetuning variance is much larger than pre-
training variance; larger models have larger finetuning
variance.

We can directly estimate FineVar by first calcu-
lating the sample variance across finetuning runs
for each pretraining seed, and then averaging the
variances across the pretraining seeds. Estimating
PretVar is more complicated. A naı̈ve approach is
to calculate the empirical variance, across pretrain-
ing seeds, of the average accuracy across finetuning
seeds. However, the estimated average accuracy for
each pretraining seed is noisy itself, which causes
an upward bias on the PretVar estimate. We cor-
rect this bias by estimating the variance of the esti-
mated average accuracy and subtracting it from the
naı̈ve estimate; see Appendix H for details, as well
as a generalization to more than two sources of ran-
domness. Finally, we estimate Bias2 by subtracting
the two variance estimates from the estimated loss.

For each of these three quantities, Bias2,
PretVar and FineVar, we estimate it for each in-
stance, average it across all instances in the evalua-
tion set, and report it in Table 7. The variances at
the instance level are much larger than the variance
of overall accuracy, by a factor of 1000.

We may conclude from Table 7 that larger mod-
els have larger finetuning variance and smaller pre-
training variance. However, lower bias also inher-
ently implies lower variance. To see this, suppose
a model has perfect accuracy and hence zero bias;
then it always predicts the same label (the correct
one) and hence has zero variance. This might favor
larger models and “underestimate” their variance,
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Figure 5: The pretraining variance conditioned on
Bias2 (the level of correctness). Each curve represents
a model size. Larger models have lower pretraining
variance across all levels of bias.

since they have lower bias. Therefore, we calculate
and compare the variances conditioned on the bias,
i.e. PretVar(b2) := Ei[PretVari|Bias2

i = b2].
We estimate PretVars(b2) using Gaussian pro-

cess regression and plot it against b2 in Figure 5.
We find that larger models still have lower pre-
training variance across all levels of bias on the
specific task of MNLI under the 0/1 loss. To fur-
ther check whether our conclusions are general, we
tested them on other tasks and under the squared
loss Li := (1 − pi)2, where pi is the probability
assigned to the correct class. Below are the conclu-
sions that generally hold across different tasks and
loss functions.

Conclusion We find that 1) larger models have
larger finetuning variance, 2) LARGE has smaller
pretraining variance than BASE ; however, the or-
dering between other sizes varies across tasks and
losses, and 3) finetuning variance is 2−8 times as
large as pretraining variance, and the ratio is bigger
for larger models.

7 Discussion and Future Directions

To investigate model behaviors at the instance level,
we produced massive amounts of model predictions
in Section 2 and treated them as raw data. To ex-
tract insights from them, we developed better met-
rics and statistical tools, including a new method
to control the false discoveries, an unbiased estima-
tor for the decomposed variances, and metrics that
compute variance and correlation of improvements
conditioned on instance accuracy. We find that
larger pretrained models are indeed worse on a non-
trivial fraction of instances and have higher vari-

ance due to finetuning seeds; additionally, instance
accuracy improvements from MINI to MEDIUM cor-
relate with improvements from MEDIUM to LARGE

.
Overall, we treated model prediction data as the

central object and built analysis tools around them
to obtain a finer understanding of model perfor-
mance. We therefore refer to this paradigm as
“instance level understanding as data mining”.
We discuss three key factors for this paradigm to
thrive: 1) scalability and the cost of obtaining pre-
diction data, 2) other information to collect for each
instance, and 3) better statistical tools. We analyze
each of these aspects below.

Scalability and Cost of Data Data mining is
more powerful with more data. How easy is it
to obtain more model predictions? In our paper,
the main bottleneck is pretraining. However, once
the pretrained models are released, individual re-
searchers can download them and only need to
repeat the cheaper finetuning procedure.

Furthermore, model prediction data are under-
shared: while many recent research papers share
their code or even model weights to help reproduce
the results, it is not yet a standard practice to share
all the model predictions. Since many researches
follow almost the same recipe of pretraining and
finetuning (McCoy et al., 2020; Desai and Durrett,
2020; Dodge et al., 2020), much computation can
be saved if model predictions are shared. On the
other hand, as the state of the art model size is
increasing at a staggering speed7, most researchers
will not be able to run inference on a single instance.
The trend that models are becoming larger and
more similar necessitate more prediction sharing.

Meta-Labels and Other Predictions Data min-
ing is more powerful with more types of informa-
tion. One way to add information to each instance
is to assign “meta-labels”. In the HANS (McCoy
et al., 2019) dataset, the authors tag each instance
with a heuristic 8 that holds for the training distri-
bution but fails on this instance. Naik et al. (2018a)
and Ribeiro et al. (2020) associate each instance
with a particular stress test type or subgroup, for ex-
ample, whether the instance requires the model to
reason numerically or handle negations. Nie et al.

7e.g. BERT (Devlin et al., 2019) has 340M parameters,
while Switch-Transformer has over 1 trillion parameters (Fe-
dus et al., 2021).

8For example, “the label [entailment] is likely if the
premise and the hypothesis have significant lexical overlap”.
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(2020) collects multiple human responses to esti-
mate human disagreement for each instance. This
meta-information can potentially help us identify
interpretable patterns for the disagreeing instances
where one model is better than the other. On the
flip side, identifying disagreeing instances between
two models can also help us generate hypothesis
and decide what subgroup information to annotate.

We can also add performance information on
other tasks to each instance. For example, Pruk-
sachatkun et al. (2020) studied the correlation
between syntactic probing accuracy (Hewitt and
Liang, 2019) and downstream task performance.
Turc et al. (2019) and Kaplan et al. (2020) studied
the correlation between language modelling loss
and the downstream task performance. However,
they did not analyze correlations at the instance
level. We may investigate whether their results
hold on the instance level: if an instance is easier
to tag by a probe or easier to predict by a larger
language model, is the accuracy likely to be higher?

Statistical Tools Data mining is more powerful
with better statistical tools. Initially we used the
Benjamini-Hochberg procedure with Fisher’s ex-
act test, which required us to pretrain 10 models
to formally verify that the decaying instances ex-
ist. However, we later realized that 2 is in fact
enough by using our approach introduced in Sec-
tion 4. We could have saved 80% of the compu-
tation for pretraining if this approach was known
before we started.

Future work can explore more complicated met-
rics and settings. We compared at most 3 different
model sizes at a time, and higher order comparisons
require novel metrics. We studied two sources of
randomness, pretraining and finetuning, but other
sources of variation can be interesting as well, e.g.
differences in pretraining corpus, different model
checkpoints, etc. To deal with more sophisticated
metrics, handle different sources and hierarchies of
randomness, and reach conclusions that are robust
to noises at the instance level, researchers need to
develop new inference procedures.

To conclude, for better instance level understand-
ing, we need to produce and share more prediction
data, annotate more diverse linguistic properties,
and develop better statistical tools to infer under
noises. We hope our work can inform researchers
about the core challenges underlying instance level
understanding and inspire future work.
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Summary

In this 4-page appendix, we include 1) details on
model training and the datasets we used 2) high-
level ideas underlying the theoretical results, and 3)
relatively more important discussions. We also
have a longer version of this appendix on our
github, which contains the full proofs, discussions,
plots, and tables.

A Pretraining and Finetuning Details

To obtain model predictions under the “pretraining
and finetuning” framework (Devlin et al., 2019), we
need to decide a model size, perform pretraining,
finetune on a training set with a choice of hyper-
parameters, and test the model on an evaluation
set. We discuss each bolded aspects below.

Size Similar to Turc et al. (2019), we exper-
imented with the following five model sizes,
listed in increasing order: MINI (L4/H256) 9 ,
SMALL (L4/H512), MEDIUM (L8/H512), BASE

(L12/H768), and LARGE (L24/H1024).

Pretraining We used the pretraining code from
Devlin et al. (2019) and the pre-training corpus
from Li et al. (2020). Compared to the original
BERT release, we used context size 128 instead of
512, since computation cost grows quadratically
with respect to context size; we also pretrained for
2M steps instead of 1M.

Training Set We consider 3 datasets: Quora
Question Pairs (QQP) 10, Multi-Genre Natural Lan-
guage Inference (MNLI; Williams et al. (2020)),
and the Stanford Sentiment Treebank (SST-2;
(Socher et al., 2013)). For QQP we used the of-
ficial training split. For MNLI we used 350K out
of 400K instances from the original training split,
and added the remaining 50K to the evaluation set,
since the original in-domain development set only
contains 10K examples. For SST-2, we mix the
training and development set of the original split,
split the instances into 5 folds, train on four of them,
and evaluate on the remaining fold.

Hyperparameters As in Turc et al. (2019), we
finetune 4 epochs for each dataset. For each task
and model size, we tune hyperparameters in the
following way: we first randomly split our new
training set into 80% and 20%; then we finetune on

94 Layers with hidden dimension 256
10https://www.quora.com/q/quoradata/First-Quora-

Dataset-Release-Question-Pairs

the 80% split with all 9 combination of batch size
[16, 32, 64] and learning rate [1e-4, 5e-5, 3e-5],
and choose the combination that leads to the best
average accuracy on the remaining 20%.

Evaluation Set After finetuning our pretrained
models, we evaluate them on a range of in-domain,
out-of-domain, or challenging datasets to obtain
model predictions. Models trained on MNLI are
also evaluated on Stanford Natural Language In-
ference (SNLI; (Bowman et al., 2015)), Heuristic
Analysis for NLI Systems (HANS; (McCoy et al.,
2019)), and stress test evaluations (STRESS; (Naik
et al., 2018b)). Models trained on QQP are also
evaluated on Twitter Paraphrase Database (Twit-
terPPDB; (Lan et al., 2017)).

Since pretraining introduces randomness, for
each model size s, we pretrain 10 times with dif-
ferent random seed P ; since finetuning also intro-
duces noise, for each pretrained model we pretrain
5 times with different random seed F ; besides, we
also evaluate the model at the checkpoints after E
epochs, where E ∈ [3, 31

3 , 3
2
3 , 4].

Pretraining 10 models for all 5 model sizes alto-
gether takes around 3840 hours on TPU v3 with 8
cores. Finetuning all of them 5 times for all three
tasks in our paper requires around 1200 hours.

B Compare Our Models to the Original

Since we decreased the pre-training context length
to save computation, these models are not exactly
the same as the original BERT release by Devlin
et al. (2019) and Turc et al. (2019). We need to
benchmark our model against theirs to ensure that
the performance of our model is still reasonable
and the qualitative trend still holds. For each each
size and task, we finetune the original model 5
times and calculate the average of overall accuracy.

The comparison can be seen in Table 8. We find
that our model does not substantially differ from
the original ones on QQP and SST-2. On MNLI,
the performance of our BERT-BASE and BERT-
LARGE is 2∼3% below the original release, but
the qualitative trend that larger models have better
accuracy still holds robustly.

C More Instance Difference Results

Similar to Figure 4, for all 10 pairs of model sizes
and all in-distribution instances of MNLI, SST-2,
and QQP, we plot the cumulative density of ˆ∆Acc
and ∆Acc′, or say, ˆDecay(t) and Decay′(t). See
the long appendix for the figures.
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QQP MNLI SST-2
MINI orig 88.2% 74.6% 92.8%
MINI ours 87.3% 74.3% 92.8%
SMALL orig 89.1% 77.3% 93.9%
SMALL ours 88.7% 76.7% 93.9%
MEDIUM orig 89.8% 79.6% 94.2%
MEDIUM ours 89.5% 78.9% 94.2%
BASE orig 90.8% 83.8% 95.0%
BASE ours 90.6% 81.2% 94.6%
LARGE orig 91.3% 86.8% 95.2%
LARGE ours 91.0% 83.8% 94.8%

Table 8: Comparing our pretrained model (superscript
orig) to the original release by Devlin et al. (2019) and
Turc et al. (2019) (superscript ours). All pretrained
models are finetuned with the training set and tested on
the in-distribution evaluation set described in Appendix
A.

Additionally, for each pair of model sizes s1 and
s2, we estimate “how much instances are getting
better/worse accuracy?” by taking the maximum
difference between the red curve and the blue curve.
We report these results for MNLI, SST-2, and QQP
in Table 9. We find that larger model size gaps
lead to larger decaying fraction, but also larger
improving fraction as well.

D Proof of Theorem 1

Formal Setup Suppose each instance is indexed
by i, the set of all instances is T , and the random
seed is R; then csR ∈ {0, 1}|T | is a random |T |
dimensional vector, where csR,i = 1 if the model of
size s correctly predicts instance i under the ran-
dom seed R. We are comparing model size s1 and
s2, where s2 is larger; to keep notation uncluttered,
we omit these indexes whenever possible.

Suppose we observe cs1R1...2k
and cs2R2k+1...4k

,
where there are 2k different random seeds for each
model size 11. Then

ˆ∆Acci :=
1

2k
(

2k∑

j=1

cs1Rj ,i −
4k∑

j=2k+1

cs2Rj ,i), (16)

and hence the discovery rate ˆDecay(t) is defined
as

ˆDecay(t) :=
1

|T |

|T |∑

i=1

1[ ˆ∆Acc ≤ t]. (17)

11We assumed even number of random seeds since we will
mix half of the models from each size to compute the random
baseline

For the random baseline estimator, we have

∆Acc′i :=
1

2k
(

k∑

j=1

cs1Rj ,i +

3k∑

j=2k+1

cs2Rj ,i (18)

−
2k∑

j=k+1

cs1Rj ,i −
4k∑

j=3k+1

cs2Rj ,i),

and the false discovery control Decay′ is defined
as

Decay′(t) :=
1

|T |

|T |∑

i=1

1[∆Acc′i ≤ t]. (19)

Formally, theorem states that

Decay ≥ ER1...R4k
[ ˆDecay(t)−Decay′(t)] (20)

Proof By re-arranging terms and linearity of ex-
pectation, Equation 20 is equivalent to the follow-
ing

|T |∑

i=1

(1[∆Acci < 0]− P[ ˆ∆Acci ≤ t] (21)

+P[∆Acc′i ≤ t]) ≥ 0

Hence, we can declare victory if we can prove
that for all i,

1[∆Acci < 0]− P[ ˆ∆Acci ≤ t] (22)

+P[∆Acc′i ≤ t] ≥ 0

To prove Equation 22, we observe that if Acci <
0, since the probabilities are bounded by 0 and 1,
its left-hand side must be positive. Therefore, we
only need to prove that

∆Acci ≥ 0 (23)

⇒ P[∆Acc′i ≤ t] ≥ P[ ˆ∆Acci ≤ t],

which will be proved in Lemma 1.�
Lemma 1

∆Acci ≥ 0 (24)

⇒ P[∆Acc′i ≤ t] ≥ P[ ˆ∆Acci ≤ t],

For m = 1, 2, define

psmi := ER[csmi ], (25)

then
ps1i ≤ ps2i (26)
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MNLI s1 \ s2 MINI SMALL MEDIUM BASE LARGE

MINI 0.000 0.087 0.136 0.179 0.214
SMALL 0.033 0.000 0.089 0.139 0.180
MEDIUM 0.050 0.028 0.000 0.090 0.143
BASE 0.060 0.048 0.026 0.000 0.101
LARGE 0.059 0.052 0.040 0.021 0.000
QQP s1 \ s2 MINI SMALL MEDIUM BASE LARGE

MINI 0.000 0.057 0.076 0.100 0.107
SMALL 0.019 0.000 0.039 0.073 0.084
MEDIUM 0.029 0.014 0.000 0.044 0.063
BASE 0.034 0.027 0.016 0.000 0.032
LARGE 0.036 0.031 0.027 0.016 0.000
SST-2 s1 \ s2 MINI SMALL MEDIUM BASE LARGE

MINI 0.000 0.037 0.043 0.052 0.057
SMALL 0.010 0.000 0.015 0.031 0.036
MEDIUM 0.016 0.008 0.000 0.020 0.028
BASE 0.019 0.014 0.009 0.000 0.014
LARGE 0.020 0.017 0.015 0.008 0.000

Table 9: On QQP, MNLI in domain development set and SST-2 we lowerbound the fraction of instances that
improves when model size changes from s1 (row) to s2 (column).

Since cs1i and cs2i are both Bernoulli random vari-
ables with rate ps1i and ps2i respectively, we can
write down the probability distribution of ˆ∆Acci
and ∆Acc′i as the sum/difference of several bino-
mial variables, i.e.

ˆ∆Acci ∼ (Binom(k, ps2i ) + Binom(k, ps2i ) (27)

− Binom(k, ps1i )− Binom(k, ps1i ))/2k,

and

∆Acc′i ∼ (Binom(k, ps2,i) + Binom(k, ps1,i)
(28)

− Binom(k, ps1,i)− Binom(k, ps2,i))/2k

ps1i ≤ ps2i , Binom(k, ps2,i)) first order stochas-
tically dominates Binom(k, ps1,i). Therefore,
∆Acc′i dominates ˆ∆Acci, hence completing the
proof. �

D.1 Independent Seed Assumption
See the long appendix for discussion.

E Upward Bias of Adaptive Thresholds

In section 3 we picked the best threshold that can
maximize the lowerbound, which can incur a slight
upward bias. Here we estimate that the bias is at
most 10% relative to the unbiased lowerbound with
a bootstrapping method.

We use the empirical distribution of 10 pre-
trained models as the ground truth distribution for
bootstrapping. We first compute a best threshold
with 10 sampled smaller and larger pretrained mod-
els, and then compute the lowerbound L with this
threshold on another sample of 10 smaller and
larger models. Intuitively, we use one bootstrap
sample (which contains 10 smaller pretrained mod-
els and 10 larger pretrained models) as the devel-
opment set to “tune the threshold”, and then use
this threshold on a fresh bootstrap sample to com-
pute the lowerbound. We refer to the lowerbound
that uses the best threshold as L∗, and compute the
relative error E[(L∗−L)]/E[L)], where the expec-
tation is taken with respect to bootstrap samples.

See the long appendix for more detailed results.
In general, we find that the upward bias is negligi-
ble, which is at most around 10%.

F Comparison with Significance Testing

See the long appendix for the Table that compares
our procedure with the classical method that uses
the Fisher’s exact test and Benjamini-Hochberg
procedure for other tasks and model size pairs.

In general, we find that our method always pro-
vide a tighter (higher) lowerbound than the classical
method, and 2 models are sufficient to verify the
existence (i.e. lowerbound > 0) of the decaying
fraction; in contrast, the classical method some-
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times fails to do this even with 10 models, e.g.,
when comparing BASE to LARGE .

Intuitively, our approach provides a better lower-
bound because it better makes use of the infor-
mation that on most instances, both the smaller
and the larger models agree and predict completely
correctly or incorrectly12. For an extreme exam-
ple, suppose we only observe 2 smaller models
and 2 larger models, and infinite number of dat-
apoints, whose predictions are independent. On
99.98% datapoints, both models have instance ac-
curacy 1; on 0.01% datapoints, smaller model is
completely correct while bigger completely wrong,
while on the rest 0.01% smaller completely wrong
but bigger completely correct. Setting threshold
to be 2, our decay estimate ˆDecay is 0.01%, while
Decay′ = 0: since the models either completely
predict correct or wrongly, there is never a false
discovery. Therefore, our method can provide the
tightest lowerbound 0.01% in this case. On the
other hand, since we only have 4 models in total,
the lowest significance-level given by the fisher ex-
act test is 17%� 0.1%, hence the discovery made
by the Benjamin-Hochberg procedure is 0.

G More Results on Momentum

See the long appendix for correlations with other
model size triplets on other tasks.

H Loss Decomposition and Estimation

The core of the PretVar estimator builds on the
following theorem:

Theorem 2 Suppose Dk, k ∈ [F ] are indepen-
dently sampled from the same distribution Ξ, which
is a distribution of distributions; µ̂k is an unbiased
estimator of EX∈Dk [X], and φ̂k to be an unbiased
estimator of the variance of µ̂k, then

ˆV arF =
1

F − 1

∑

k∈[F ]

(µ̂k − µ̂)2 (29)

− 1

F
∑

k∈[F ]

φ̂k

is an unbiased estimator for

V = V arD∼Ξ[EX∼D[X]], (30)

12This is for intuition, though, and we do not need any
assumption on the prior of instance accuracy, which requires
a Bayes interpretation.

where
µ̂ :=

1

F
∑

k∈[F ]

µ̂k (31)

In this estimator, the first term “pretends” that µ̂·
are perfect estimator for the population mean and
calculate the variance, while the second term cor-
rects for the fact that the empirical mean estimation
is not perfect. Notice the theorem only requires
that µ̂ and φ̂ are unbiased, and is agnostic to the
actual computation procedure by these estimators.

To estimate PretVar, we need µ̂k and φ̂k. The
first term is the empirical accuracy for each pre-
training seed; the second is an unbiased estimator
of the variance of empirical accuracy for each pre-
training seed, which can be estimated by the sam-
ple variance of finetuning divided by the number
of finetuning runs.

See the long Appendix for a more detailed proof,
and also how to generalize this estimator to esti-
mate arbitrary level of variance decomposition.

I Variance Conditioned on Bias

See the long appendix for more figures.

J Example Decaying Instances

Here we present some random annotated decaying
instances on MNLI.

Premise : and that you’re very much right
but the jury may or may not see it that way so you
get a little anticipate you know anxious there and
go well you know
Hypothesis : Jury’s operate without the benefit of
an education in law.
Label : Neutral, Category : Correct

Premise : In fiscal year 2000, it reported
estimated improper Medicare Fee-for-Service
payments of $11.
Hypothesis : The payments were improper.
Label : Entailment, Category : Fine

Premise : INTEREST RATE - The price
charged per unit of money borrowed per year,
or other unit of time, usually expressed as a
percentage.
Hypothesis : Interest rate is defined as the total
amount of money borrowed.
Label : Entailment, Category : Wrong
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Abstract

Weakly supervised methods estimate the la-
bels for a dataset using the predictions of sev-
eral noisy supervision sources. Many machine
learning practitioners have begun using weak
supervision to more quickly and cheaply an-
notate data compared to traditional manual la-
beling. In this paper, we focus on the spe-
cific problem of weakly supervised named en-
tity recognition (NER) and propose an end-
to-end model to learn optimal assignments of
latent NER tags using observed tokens and
weak labels provided by labeling functions. To
capture the sequential dependencies between
the latent and observed variables, we propose
a sequential graphical model where the com-
ponents are approximated using neural net-
works. State-of-the-art contextual embeddings
are used to further discriminate the quality of
noisy weak labels in various contexts. Results
of experiments on four public weakly super-
vised named entity recognition datasets show
a significant improvement in F1 score over re-
cent approaches.

1 Introduction

Many industries and organizations have collected
large amounts of unlabeled text data that they want
to make use of for various Natural Language Pro-
cessing (NLP) applications. However, in many of
these applications (named-entity recognition, ques-
tion answering, text summarization, relation extrac-
tion), obtaining a large number of labels can be
prohibitively expensive, error-prone, or otherwise
infeasible. Furthermore, domain adaptation (Han
and Eisenstein, 2019), which is commonly used
in scarce label settings, can often struggle in new
emerging / specific domains that don’t have any
closely related labeled datasets.

Under the absence of a closely related labeled
dataset, weakly supervised learning is often used
as a cheaper, less time-consuming alternative to

obtaining gold standard labels. The main idea of
weak supervision is to approximate the true labels
by integrating multiple sets of noisy training la-
bels. Each set of noisy labels (commonly referred
to as “weak labels”) is provided by a weak labeling
function which often comes in the form of a knowl-
edge base, heuristic, or pre-trained model. Weak
supervision has obtained a lot of success in sev-
eral NLP tasks containing approximately i.i.d. data
such as topic classification (Bach et al., 2019), sen-
timent analysis, and social media content tagging
(Fu et al., 2020).

Weak supervision on sequential data labeling
problems such as NER is an emerging topic. Most
current methods require either the time-consuming
creation of additional heuristics such as ‘linking
rules’(Safranchik et al., 2020) or ‘entity boundary
detectors’(Fries et al., 2017), or assume that the ac-
curacy of a weak labeler only depends on the true
latent class (Safranchik et al., 2020; Lison et al.,
2020; Fries et al., 2017). The latter is likely subop-
timal since we would expect the accuracy to vary
even within instances of the same class depending
on the context given by surrounding tokens. One
exception to this is the Fuzzy-LSTM-CRF(Shang
et al., 2018). However, it ignores which weak la-
beler each prediction came from as well as the
number of predictions for each class. This could
be an issue when the weak labelers have differ-
ing accuracies, since the model may learn from a
majority of wrong labels.

To address these foregoing issues, one of our
main contributions is the proposal of an end-
to-end method called Deep Weak Supervision
on Sequential Data (DWS), that learns context-
dependent proficiency representations for weak la-
belers, enhanced further through contextual em-
beddings from pre-trained language models. In
addition, instead of following the traditional ap-
proach that treats named entity (NE) tags as multi-
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nomial samples, we directly model the conditional
dependency of tags on tokens as interactions of two
representations: tag representation and contextual
token representation.

Advantages of adopting representation learning
are two-fold: First, learning context-aware profi-
ciency of labeling functions enables the weak super-
vision procedure to denoise unreliable labels at to-
kens where labeling functions have many disagree-
ments. Second, because embedding methods have
demonstrated great potential in capturing seman-
tic meanings, the proposed model allows flexible
transfer of existing NER pipelines to new domains
through leveraging pre-trained domain-specific em-
beddings.

DWS relies on a graphical model to capture sta-
tistical dependencies among tokens, weak labels
and true latent NE tags. However, latent variable es-
timation is challenging and the techniques are often
both sample and computationally complex. For ex-
ample, Ratner et al. (2017) required a Gibbs-based
algorithm, and Ratner et al. (2019) required esti-
mating the full inverse covariance matrix among
the labelers. In video analysis, Varma et al. (2019b)
required the use of multiple iterations of stochastic
gradient descent (SGD) to learn accuracy parame-
ters, but the dependencies are limited to weak labels
and true labels. When context of the sequential in-
puts are directly involved in the model, optimizing
or even formulating the analytical solution becomes
much more difficult.

Our solution is motivated by the advantages of
using neural networks to model the transition and
output distributions (Bengio and Frasconi, 1996;
Li and Shum, 2006). Instead of deriving analyt-
ical formulations to learn the parameters for the
given structure, we use deep neural networks to ap-
proximate conditional dependencies and sequential
transitions. Furthermore, the marginal likelihood
of the proposed model is optimized via hard EM
(Min et al., 2019) to find the most probable se-
quence of latent tags. Such a hybrid process allows
us to easily integrate distributed representations in
our model and also enables us to explore complex
model structures.

We benchmarked the proposed DWS model on
several NER datasets and compared it with some
recent weak supervision approaches. Experimental
results show DWS’s advantage on tagging tasks
where there are a lot of conflicting weak labels.
Furthermore, we conduct detailed analysis to eval-

uate the complexity of these NER datasets in terms
of the number of NE tags and labeling functions
and also the amount of inconsistency among the
weak labels.

We conclude that some datasets used in past
works are useful to evaluate the robustness of weak
supervision models, whereas others contain weak
labels that are trivial to denoise and result in all
algorithms looking equivalent. Therefore, directly
comparing results on weakly labeled datasets with-
out accounting for the difficulty of denoising their
labels can drive misleading conclusions. To more
rigorously test how the performance of the algo-
rithms scale with the difficulty of the weak super-
vision problem, we introduce a new method which
stratifies a dataset into tokens containing varying
levels of weak labeler disagreement, quantified by
the entropy of the weak label predictions, and com-
pares how the performance of each algorithm scales
with the difficulty of the denoising task. Results
show that the performance advantage of our algo-
rithm over the current methods grows quickly with
respect to the disagreement among the weak label-
ers.

2 Related Work

Snorkel (Ratner et al., 2017) is a well-known tool
that learns a generative model to estimate the accu-
racies and correlations between weak labelers on
i.i.d. data. SwellShark (Fries et al., 2017) treats
weakly supervised NER as an i.i.d. task but re-
quires creating additional heuristics (sometimes
called entity span generators) to find the entity
boundaries. In recent years, various new algorithms
have been introduced to extend the weak supervi-
sion idea to tasks involving sequential data such as
NER. BOND (Liang et al., 2020) and AutoNER
(Shang et al., 2018) respectively denoise predic-
tions of a single weak labeler and a set of dictio-
naries. Several generative approaches such as Hid-
den Markov Model (Lison et al., 2020; Safranchik
et al., 2020) and a discriminative method Fuzzy-
LSTM-CRF (Shang et al., 2018) have been pro-
posed to model the dependencies between NE tags;
thus, entity span generators are no longer needed.
There have also been several relevant approaches
on other weak supervision tasks. ReHession (Liu
et al., 2017) was developed for weakly supervised
relation extraction and tries to learn the contexts
where each weak labeler is proficient, then uses
that knowledge to infer the true labels. Varma et al.
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(2019a) proposes a robust PCA-based algorithm to
learn dependency structures for image classifica-
tion. In the application of video analysis, Fu et al.
(2020) applies a general binary Ising model to fac-
torize likelihood expectations over cliques so an
analytical solution is found to speed up the model
parameter learning.

In this paper, we systematically compare most
of the recent approaches proposed for NER except
for BOND, AutoNER, and Swellshark which are
not directly applicable to our experimental settings.

3 Problem Definition

We assume a sequential labeling problem formu-
lation where we are given a sequence of tokens
X = {x1, ..., xN} which map to a sequence of la-
tent class variables Y = {y1, .., yN}. In a fully
supervised scenario, Y is usually partially anno-
tated thus Y = Ytrain ∪ Ytest, so model parameters
are estimated from (Xtrain, Ytrain). Because Ytrain is
usually expensive to obtain, our primary goal is to
estimate Ytrain with the help of multiple, potentially
noisy labeling sources. Suppose we have a set of
weak labels Ltrain available for Xtrain, where each
token is assigned a set of weak labels provided by
m different labeling sources λ1, ..λm (labelers can
choose to make no prediction by voting ‘Abstain’).
For simplicity, we drop the notion of training and
test data, and simply use X ,Y,L to represent all
tokens, latent tags, and weak labels in our problem.
Additionally, we define the vote of weak labeler λj
on token xi as li,j .

In a supervised setting where Y are given, we
learn model parameters Θ by maximizing the log-
likelihood of Y given the input X with respect to
Θ:

Jsup(Θ|X ,Y) = max logP (Y|X ; Θ) (1)

whereas in our weak supervision scenario, Y are
hidden and L are fully observable, so the learning
objective can instead be to maximize the marginal
likelihood of the weak labels. Letting E be the set
of K entity classes which includes ‘No Entity’, we
have:

P (L|X ; Θ) =
∑

Yc∈EN
P (L, Yc|X ; Θ) (2)

which can be used to compute the objective as
follows:

Jweak(Θ|X ,L) = max logP (L|X ; Θ) (3)

4 Model Overview

4.1 Model Structure and Likelihood

To incorporate the dependencies among tokens,
weak labels, and true labels, we define a graphi-
cal structure illustrated as Figure 1. The proposed
graphical model is partially directed and its ana-
lytical solutions and exact inference are available
through segmentations of the input sequence but
are usually complex to derive. In our approach, the
likelihood P (L,Y|X ) defined in (2) is factorized
as P (L|X ,Y) and P (Y|X ), where each is approx-
imated via a neural network. These networks are
described in Sections 4.2 and 4.3, respectively. The
parameters are learned through maximizing an ap-
proximation to the marginal likelihood P (L|X ) us-
ing a hard EM algorithm. Following is an in depth
description of the model formulation.

Figure 1: The DWS model where zi denotes the con-
textual embedding for the token at index i.

According to (3) and (2) we have:
P (L|X ) =

∑

Yc∈EN
P (L, Yc|X )

=
∑

Yc∈EN
P (L|X , Yc)P (Yc|X )

We now assume different labeling functions are
independent of each other given the input text and
true labels. Additionally, we assume the weak la-
bels at token xi are conditionally independent of
the true labels at any index k 6= i when given the
input text and true label at index i (d-separation
details are in Appendix A.2). Therefore, we have:

P (L|X , Yc) =
∏

i

∏

j

P (li,j |X , Yc) (4)

=
∏

i

∏

j

P (li,j |X , yc,i) (5)

where yc,i denotes the label at index i of Yc. This
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means:

logP (L|X ) = log
∑

Yc∈EN
P (Yc|X )

∏

i

∏

j

P (li,j |X , yc,i)

(6)

In it’s current form, the conditional log likelihood
is difficult to optimize because of the sum-product
inside the logarithm. As an alternative, we maxi-
mize JHardEM which is an approximation to the
conditional log-likelihood where the summation
over entity labels is replaced with a maximum.

JHardEM = log
[

max
Yc∈EN

P (Yc|X )
∏

i

∏

j

P (li,j |X , yc,i)
]

= max
Yc∈EN

[
logP (Yc|X ) +

∑

i

∑

j

logP (li,j |X , yc,i)
]

= max
Yc∈EN

logP (L, Yc|X ) (7)

This new optimization problem attempts to find
accurate modes of P (L,Y|X ). All that remains is
to formulate P (Yc|X ) and P (li,j |X , yc,i) for some
pair (i, j).

4.2 Modeling Weak Labeler Representations

In practice, a weak labeler is usually derived from
a specific rule or a controlled vocabulary. Thus, it
is reasonable to assume its accuracy depends on the
context of the token it is making a prediction on.
Inspired by Liu et al. (2017), we model labeling
function λj providing the correct label to xi as a
discrete event following a Bernoulli distribution,
given by:

P (li,j |X , yc,i) =

{
αij if li,j = yc,i
1− αij if li,j 6= yc,i

(8)

Here, αij = σ(
zTi θj√
d

), σ is the sigmoid function,
θj is a learnable embedding specific to λj , and
zi(zi ∈ Rd) is the contextual embedding of the
token xi. This formulation improves the modeling
capacity over many past methods such as Snorkel
(Ratner et al., 2017) or the HMM (Safranchik et al.,
2020; Lison et al., 2020) which have purely class-
conditioned accuracies. In addition, it allows the
utilization of external knowledge from large pre-
trained language models by making zi a function of
their contextual embeddings. When a weak labeler
abstains, there is no concept of accuracy. We chose
to set the probability of the ‘Abstain’ votes to 1, but
in the future could instead model the probability of
abstaining.

4.3 Modeling Class Representations and
Transition Scores

We model P (Yc|X ) as a function of the contex-
tual embeddings z. The model uses a linear-chain
conditional random field (CRF) output layer which
is often utilized to model dependencies between
labels (Huang et al., 2015; Lample et al., 2016; Ak-
bik et al., 2018). The distribution P (Yc|X ) is given
by

P (Yc|X )) =
eC(X ,Yc)

∑
Y ′∈EN e

C(X ,Y ′) (9)

where C(X , Y ) =

N∑

j=1

sj,yj +

N−1∑

j=1

T [yj , yj+1]

(10)

and sj,yj =
zTj tyj√

d
(11)

where T is a learnable matrix defining the transition
scores between any two entity classes and tyi is the
learnable embedding for class yi. We have scaled
the dot products in both the formula for αij and
(11), by the square root of the embedding size d
to significantly increase the stability of training as
was shown to be useful in Vaswani et al. (2017).

4.4 Algorithm for Optimization

To maximize the objective JHardEM , we repeat the
following two steps:

1. Calculate Y ′ = arg maxYc∈EN
(

logP (L, Yc|X )
)

2. Maximize logP (L, Y ′|X ) for one gradient ascent step.

This approach is often termed hard EM and has
been successful in other areas such as weakly su-
pervised relation extraction (Liu et al., 2017) and
question answering (Min et al., 2019). Step 1 can
be computed as follows:

Y ′ = arg max
Yc∈EN

(
logP (L, Yc|X )

)
(12)

= arg max
Yc∈EN

( N∑

i=1

s′i,yc,i +

N−1∑

k=1

T [yc,k, yc,k+1]
)

(13)

where s′i,yc,i = si,yc,i +

m∑

j=1

logP (li,j |X , yc,i)

(14)

The details of the derivation are in Appendix A.1.
Equation (13) can be solved efficiently with the
same Viterbi decoding algorithm used in Huang
et al. (2015). In practice, we constrain each y′i to
be in the set of classes voted on among weak la-
belers on the token xi by setting s′i,yc,i = −∞ for
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any yc,i that does not satisfy the constraint. Addi-
tionally, we found it useful to penalize choosing
sequences Y ′ containing illegal class transitions.
This was done by adding a hyperparameter τ to
the transition matrix T from (13) in all locations
that correspond to illegal transitions. For example,
transitioning from the middle to the beginning of
a ‘Person’ entity (i.e, I-Per → B-Per) would be
penalized as it does not make sense.

4.5 Training Details

The contextual token embeddings z used to calcu-
late (8) and (11) are obtained from a trainable sin-
gle layer bidirectional LSTM that uses contextual
word embeddings from pre-trained BERT models
as described in Section 5.2. We choose to freeze
the parameters of the pre-trained models to allow
fast and inexpensive training.

To obtain a better starting point for the EM algo-
rithm, the models are given a warm start by training
for one epoch where the token labels Y ′ in step 2
of the optimization algorithm in Section 4.4 are set
to be the majority vote labels.

Lastly, we choose the model parameters to be
those that give the best entity F1 score on a held out
validation set over 10 random restarts of 5 epochs
each. Further details of the training procedure and
architectures used are described in Appendix A.3
and A.4.

5 Experiments and Results

Experiments are conducted on four public weakly
supervised NER datasets (Lison et al., 2020;
Safranchik et al., 2020) as summarized in Table
1. We use the same weak labeling functions as re-
ported in these approaches. Each dataset is split
into train, validation, and test set using the same
splits as Safranchik et al. (2020) suggests for NCBI-
Disease, BC5CDR, and LaptopReview, and Liang
et al. (2020) for CoNLL20031.

5.1 Weakly Labeled Dataset Difficulty

We first conduct a study to establish the diffi-
culty of denoising the weak labels in each dataset.
As we will demonstrate, this allows a detailed
analysis of the strengths and weaknesses of each
model. Both the amount and types of disagree-
ment among the weak labelers differ drastically

1Lison et al. (2020) did not define a validation set or test
set split. Instead, their results were on the full dataset.

Figure 2: The tokens in each dataset containing weak
labels were bucketed based on the number of classes
voted on among weak labelers. This figure shows the
proportion of tokens in each bucket.

between weakly supervised NER datasets. Knowl-
edge about the types of difficulties in each dataset
is necessary to understand the contexts where each
model is most useful as well as how to gauge
which results are the most important. We cat-
egorize disagreements into three types: Token
Position (i.e., {B, I, L, U,O}), Positioned Class
(i.e., {B-Per, I-Per, L-Per}), and Unpositioned
Class (i.e., {Per, Loc,Org,Misc}).

To understand the prominent types of disagree-
ment in each weakly labeled dataset, we calculated
the number of tokens which contain each type of
disagreement. The results are displayed in the last
three columns of Table 1, and show that weak la-
belers on NCBI-Disease, BC5CDR, and LaptopRe-
view disagree on a token’s positioning within an
entity much more often than on the unpositioned en-
tity class. This indicates that the main difficulty on
those weakly labeled datasets is resolving disagree-
ments on where each entity begins and ends. To
the contrary, CoNLL2003 contains many disagree-
ments on both the token position and unpositioned
class predictions.

We also include Figure 2 to emphasize the dif-
ficulty of the weakly labeled CoNLL2003 dataset
compared to the others. On average there are a
much higher number of classes being disagreed
upon per token, a heuristic for the difficulty of the
weakly labeled dataset.

5.2 Results
Our experiments focus on the following topics:
(1) Comparison of the proposed method’s per-
formance with existing methods on benchmark
datasets. (2) Stratified analysis and benchmarking
of various models w.r.t. the difficulty of the NER
task. (3) Systematic study to establish the impor-
tance of various design decisions of our proposed
method.

The proposed DWS model is compared to sev-
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Dataset Document Type #WL’s #Tokens #Entities Entity Types #Unpositioned #Positioned #Position
CoNLL2003 News 46 301,649 35,089 Per,Loc,Org,Misc 7439 9236 6203
LaptopReview Online reviews 12 63,379 3,005 Laptop Aspect 23 43 40
NCBI-Disease PubMed Articles 12 183,330 6,873 Disease 310 923 904
BC5CDR PubMed Articles 26 351,508 28,687 Chemical,Disease 216 1058 1001

Table 1: Summary statistics of the four datasets where WL refers to ‘Weak Labelers’. The weak labels for
CoNLL2003 are defined by Lison et al. (2020) and the weak labels for NCBI-Disease, LaptopReview, and
BC5CDR are defined by Safranchik et al. (2020). The last three columns are defined as: ‘#Unpositioned’: is
the number of tokens with more than one unpositioned class voted on. ‘#Positioned’: is the number of tokens with
more than one positioned class voted on. ‘#Position’: is the number of tokens with more than one position (i.e,
B,I,L,U) voted on. On CoNLL2003, the weak labelers were created such that their votes are in the set of the 19
OntoNotes5.0 classes. The weak supervision model is trained using this full set of classes and then at inference
time, it’s predictions are mapped to the set of CoNLL2003 classes or ‘No Entity’ for types such as Date or Ordinal.

eral recently introduced models which are trained
on the benchmark datasets. Those include Snorkel
(Ratner et al., 2017) where each token is consid-
ered as an independent example, Fuzzy-LSTM-
CRF (Shang et al., 2018), HMM (Lison et al.,
2020), the HMM formulation from Safranchik et al.
(2020) which does not use ‘linking rules’, Major-
ity Vote, and Unweighted Vote (Safranchik et al.,
2020) which creates probabilistic training labels us-
ing the empirical distribution of the weak labels on
each token. To make a fair comparison with DWS,
the Fuzzy-LSTM-CRF uses the same model archi-
tecture as its discriminative component P (Y|X ).
To enhance performance, we use contextual token
embeddings from RoBERTa (Liu et al., 2019) on
CoNLL2003, uncased BERT (Devlin et al., 2019)
on Laptop Review, and BioBERT (Lee et al., 2019)
on NCBI-Disease and BC5CDR as inputs to our
model and the Fuzzy-LSTM-CRF.

Our weak supervision pipeline has two steps:
Step 1) First it learns the latent labels of the train-
ing data using weak labels and tokens, so the
learned data can be used as annotated training data
to train NER classifiers. We measure model per-
formance in this step through evaluating the micro-
entity precision, recall, and F1 scores of the learned
latent labels against the ground truth labels. Table
2 (upper) displays these results and shows that the
proposed DWS method creates training labels with
an F1 score of 1.65% higher than the nearest com-
paring model on CoNLL2003 and F1 scores within
0.1% and 0.03% of the best comparative approach
on BC5CDR and NCBI-Disease, respectively. Ad-
ditionally, DWS is outperformed by an F1 score of
0.58% on LaptopReview but this is expected since
the dataset only contains 43 tokens where the weak
labelers disagree. This is likely far too little for
DWS to learn robust deep representations for the
accuracies of each weak labeler.

Step 2) Using the learned labels as training labels,
we train classifiers and apply the trained classifiers
on test data. We train the same classifier mentioned
in Safranchik et al. (2020) on the weakly labeled
training data obtained by each algorithm on all
benchmark datasets. We also keep the test data
identical per each dataset and report the obtained
performance on test data using micro-entity preci-
sion, recall, and F1 score. According to the results
displayed in Table 2 (lower), the proposed DWS
outperforms the next best model by an F1 score
of 3.95% on CoNLL2003, which is arguably the
hardest dataset given the analysis in Section 5.1.
Additionally, DWS outperforms the closest com-
petitor on NCBI-Disease by an F1 score of 0.83%,
and achieves the second best performance on both
BC5CDR and LaptopReview.

The purpose of reporting performance separately
in two steps is to clearly demonstrate the improve-
ment of performance obtained by weak supervi-
sion alone, which only compares the quality of
learned annotations with true labels in Step 1. To
our understandings, this is important because in
practice, model selection and quality control of
weak supervision should also focus on the quality
of learned annotations. The second step, after the
training data is automatically annotated, focuses on
the bias-variance problem in a supervised scenario
and the main goal is to select the best classifier to
generalize well on unseen data.

5.3 Performance vs Entropy of Weak Labels

As previously discussed, comparing F1 scores
alone across weak supervision approaches with-
out knowing the difficulties of the problem could
drive misleading conclusions. For example, if the
weak labels provided for a dataset are highly cor-
related, it becomes a trivial problem to denoise
them - meaning algorithms will have indistinguish-
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Step 1

Model CoNLL2003 BC5CDR NCBI-Disease LaptopReview
P R F1 P R F1 P R F1 P R F1

Majority Vote 71.11 69.98 70.54 86.19 83.52 84.83 74.78 63.42 68.63 67.09 60.88 63.83
Snorkel 68.45 72.23 70.28 81.66 80.63 81.26 77.33 65.05 70.66 67.57 61.01 64.12
HMM1* 73.15 72.09 72.62 89.72 70.25 78.80 80.27 41.25 54.50 67.88 59.52 63.43
HMM2* N/A N/A N/A 85.73 83.96 84.84 77.76 63.69 70.03 68.09 61.46 64.61
Fuzzy-LSTM-CRF** 74.92 74.02 74.46 88.17 83.38 85.71 80.97 64.99 72.11 68.57 60.57 64.34
DWS (ours) 75.58 76.65 76.11 87.47 83.84 85.61 79.78 65.74 72.08 68.06 60.45 64.03

Step 2

Model CoNLL2003 BC5CDR NCBI-Disease LaptopReview
P R F1 P R F1 P R F1 P R F1

Majority Vote 71.51 71.71 71.60 82.40 82.06 82.23 70.98 71.72 71.31 65.79 59.57 62.51
Unweighted Vote 68.00 69.67 68.82 83.0 81.86 82.43 77.32 73.59 75.39 66.61 58.90 62.51
Snorkel 72.68 71.70 72.18 80.23 84.35 82.24 71.10 76.00 73.41 64.09 63.09 63.54
HMM1* 70.78 70.28 70.53 81.27 73.90 77.39 78.63 51.00 61.82 66.29 56.21 60.80
HMM2* NA NA NA 80.21 84.30 82.21 72.21 70.54 71.34 66.17 59.94 62.86
Fuzzy-LSTM-CRF** 72.32 71.05 71.68 83.36 82.70 83.03 78.67 70.77 74.50 69.42 57.77 63.05
DWS (ours) 76.96 75.32 76.13 84.15 81.88 82.99 78.60 74.01 76.22 69.08 58.75 63.44

Table 2: Step 1: Training set results of the training labels produced by the weak supervision models. Step 2: Test
set results of discriminators trained on the label predictions of the weakly supervised NER algorithms. All of the
results in both tables are the average scores over 5 runs of each model using different random seeds.
* HMM1 is from Lison et al. (2020) and HMM2 is the Hidden Markov Model from Safranchik et al. (2020) without
‘linking’ rules. Note that we attempted to train HMM2 on CoNLL2003 but ran out of memory when using 64GB
of RAM.
** We use our own implementation for the Fuzzy-LSTM-CRF. The results differ from Shang et al. (2018) since
different weak labelers are used.

able F1 scores. To more clearly differentiate the
performance of algorithms, we can calculate how
their performance scales with the difficulty of the
denoising task. Intuitively, we expect that better
algorithms should be more robust to challenging de-
noising tasks. To demonstrate this, we first bucket
tokens in the weakly labeled CoNLL2003 training
dataset based on the level of disagreement among
their weak labels, which can be thought of as the
difficulty of denoising them, and then plot the dif-
ferences in average token F1 scores between DWS
and the comparative models in each bucket. To
quantify the ‘disagreement’ of the weak labelers on
a token, we use the entropy of the distribution of
their non-abstained votes. To gain further insight
into the strengths and weaknesses of each model,
we group entropy and F1 calculations by 3 differ-
ent class types: Token Position, Positioned Class,
Unpositioned Class. These are described in Sec-
tion 5.1. The results are plotted in Figure 3.

Figure 3 shows the improvement in F1 score ob-
tained by DWS over other comparing methods at
several different levels of entropy. The left figure
shows that as entropy increases, generally the im-
provement of performance on unpositioned classes
also increases. The middle figure shows that our
model does not have much of an advantage in re-
solving disagreements over the position each token
has within an entity (ie B,I,L,U), and that Fuzzy-

LSTM-CRF is actually significantly better at high
entropy levels. Most importantly though, when
both types of disagreement are combined in Figure
3 (right), the advantage of DWS becomes very sig-
nificant as the gaps in performance between itself
and others are steadily increasing functions.

5.4 Ablation Studies

To better understand the importance of each com-
ponent in DWS, we study how the performance
of DWS on CoNLL2003 is affected by removing
some design functions in DWS. Specifics of the
experiments are as follows:
No Penalty: Sets the penalty given to illegal class
transitions (defined in Section 4.4) to 0. Without
this illegal class transition penalty, validation and
test F1 scores drop by 1.27% and 2.34% respec-
tively.
No Penalty No CRF: In addition to removing
the penalty for illegal tag transitions as explained
above, we treat the true tags as conditionally inde-
pendent by replacing the CRF in P (Y |X) with a
token-wise softmax. Such changes result in lower-
ing the test F1 score by 8.77%. This experiment
helps to highlight the importance of modeling se-
quential dependencies since without it, the perfor-
mance is lower than even majority voting.
No Warm Start: Warm starting by initializing the
hard EM procedure with majority votes is helpful
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Figure 3: Each plot contains 95% confidence intervals on the difference in mean token F1 scores between DWS
and comparing models in each bucket. These were calculated using the results from 5 randomized runs for each
model. When the entropy is large, there is a lot of disagreement; when it’s zero, the weak labelers all agree on the
same class.

Model CoNLL2003
Dev Precision Dev Recall Dev F1 Test Precision Test Recall Test F1

DWS 79.13 77.36 78.23 76.96 75.32 76.13
DWS (No Penalty) 77.92 76.02 76.96 74.35 73.25 73.79
DWS (No Penalty or Crf) 72.88 69.54 71.16 69.56 65.30 67.36
DWS (No Warm Start) 77.39 76.77 77.07 73.43 73.40 73.41

Table 3: Validation and test set results of a discriminator trained on the label predictions of each model listed in
the table. The micro-entity precision, recall, and F1 scores are averaged over 5 random seeds.

to achieve better performance compared to random
initialization. After iterating hard EM for the same
epochs, warm start boosts validation and test F1
scores by 1.16% and 2.72% respectively, compared
to random initialization. The results of each abla-
tion are reported in Table 3.

6 Discussion

In Section 5.1 we showed that the amount of dis-
agreement between the weak labelers varied sub-
stantially between datasets. This insight is impor-
tant when interpreting the effectiveness of a weak
supervision model because on datasets containing
very little disagreement, we wouldn’t expect to be
able to learn anything much different than majority
voting. As the number of contradictions between
the weak labeler votes increases, for the most part
so does the amount of information to help gauge
the accuracies of the weak labelers and surpass ma-
jority voting. This means that we would roughly
expect a good algorithm to have its greatest per-
formance advantage on CoNLL2003 followed by
NCBI-Disease and BC5CDR, and lastly LaptopRe-
view which did not contain many weak labeler dis-
agreements. The results in Section 5.2 show that
as we would hope, our method has the largest per-
formance advantage on CoNLL2003 and retains
strong results on the remaining datasets which have
fewer disagreements.

In Section 5.3 (‘Performance vs Entropy’), we
more concretely show that the F1 score advantage
of DWS over the other models when using posi-
tioned labels increases with respect to the amount
of contradiction information. These advantages
may be attributable to the learned proficiency rep-
resentations of weak labelers that help discriminate
noisy labels provided by labeling functions with
low proficiencies.

Experiments in Section 5.3 also show that DWS
is very effective at resolving disagreements on un-
positioned classes but is more mediocre at denois-
ing disagreements on the entity positioning. These
results suggest that the ideal model to use in a prac-
tical scenario likely depends on the amount of each
type of disagreement in the given weakly labeled
dataset.

7 Conclusion

In this paper we introduced a novel method (DWS)
for weakly supervised NER which learns context-
dependent proficiency for labeling sources while
also modeling sequential dependencies among
weak labels, inputs, and true labels. The pro-
posed approach integrates representation learning
and graphical models within the weak supervision
setting, and obtains better performance on public
benchmark datasets than recently introduced ap-
proaches. The proposed method is quite generic
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and can be applied to other sequential learning
tasks in NLP or other modalities such as image
analysis/computer vision by adopting various pre-
trained domain-specific models to embed the input
sequence.
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2017. Swellshark: A generative model for biomedi-
cal named entity recognition without labeled data.

Daniel Y. Fu, Mayee F. Chen, Frederic Sala, Sarah M.
Hooper, Kayvon Fatahalian, and Christopher Ré.
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A Appendix

A.1 Derivations
The details for efficiently computing Y ′ in step 1
of the hard EM algorithm as mentioned in Section
4.4 are as follows:

Y ′ = arg max
Yc∈EN

(
log(P (L, Yc|X ))

)
(15)

= arg max
Yc∈EN

(
log(P (Yc|X ))+ (16)

N∑

i=1

m∑

j=1

log(P (li,j |X , yc,i))
)

= arg max
Yc∈EN

(
log(

eC(X,Yc)

K
)+ (17)

N∑

i=1

m∑

j=1

log
(
P (li,j |X , yc,i)

))

= arg max
Yc∈EN

( N∑

i=1

si,yc,i +

N−1∑

k=1

T [yc,k, yc,k+1]+

N∑

i=1

m∑

j=1

log(P (li,j |X, yc,i))
)

= arg max
Yc∈EN

( N∑

i=1

s′i,yc,i +

N−1∑

k=1

T [yc,k, yc,k+1]
)

(18)

where s′i,yc,i = si,yc,i +

m∑

j=1

log
(
P (li,j |X, yc,i)

)

where K is a normalizing constant and C is the
function defined in equation 10.

A.2 Graphical Model of DWS
We illustrate the exact graphical model of DWS
in Figure 4, where the structure is similar to the
Input/Output HMM(IOHMM) proposed by (Ben-
gio and Frasconi, 1996). In IOHMM, transitions
from latent variables yi−1 to yi are directional, and
analytical solutions are available based on factor-
izations of the sequence marginal likelihood. Here
in our approach, similar analytical solutions could
be derived as a partially directed model (e.g., CRF)
without the need of parameterized distributions of
input embeddings zi. However, hybrid approaches
that integrate neural networks with graphical mod-
els to enable efficient and scalable model training
are preferred (Bourlard and Wellekens, 1990; Ben-
gio et al., 1992; Bengio and Frasconi, 1996; Li and
Shum, 2006).

A.3 Weak Supervision Model Architecture /
Training Details

Weak Supervision Model Architectures:
DWS and the Fuzzy-LSTM-CRF used a one layer
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Figure 4: The input sequence X = {x1, ..., xN} is transformed to a series of contextual embeddings {z1, ..., zN}
using a pre-trained BERT model followed by a BiLSTM. The conditional dependencies between input token em-
beddings zi, latent NE tags yi, and weak labels {li,jmj=1} are modeled as functions of linear products between
labeler representation θj and token embeddings zi as formulated in equation 8. The dependencies between latent
tags yi−1, yi are represented as an undirected graph through a CRF.

bidirectional LSTM with hidden size 768 to obtain
the contextual token embeddings with dimension
768. The inputs to the BiLSTM were contextual
word embeddings from RoBERTa (Liu et al., 2019)
on CoNLL2003, uncased BERT on Laptop Review,
and BioBERT (Lee et al., 2019) on NCBI-Disease
and BC5CDR. These variants of BERT (Devlin
et al., 2019) were not fine-tuned during training.
Additionally, the class embeddings have dimension
768.

Training Details DWS: The optimizer used was
RMSProp with learning rate 0.001. The model
parameters were chosen to be those that gave the
best micro-entity F1 score on the validation set
over 10 random restarts of 5 epochs each. The
batch sizes used were 32 for LaptopReview, 128
for NCBI-Disease, 256 for CoNLL2003, and 512
for BC5CDR. We defined the batch size by the
number of tokens with at least 1 weak vote. Ad-
ditionally, the illegal transition penalty was -2 for
LaptopReview and -10 for the remaining datasets.
Lastly, we used 1 warm-up epoch on majority vote
labels and a dropout probability of 0.1 in the BiL-
STM. These hyperparameters were chosen through
manual tuning on the validation set.

Training Details Fuzzy-LSTM-CRF: The opti-
mizer used was RMSProp with learning rate 0.01.
The model parameters were chosen to be those
that gave the best micro-entity F1 score on the val-
idation set over 5 random restarts of 10 epochs
each since it converged more slowly than DWS
and had less variance among the random restarts.

The best batch sizes were found to be the same as
DWS. Lastly, the dropout probability in the BiL-
STM was 0.1. The learning rate was chosen from
{0.0001, 0.0005, 0.001, 0.01, 0.02}, the batch size
was chosen from {32, 64, 128, 256, 512, 1024},
and the dropout was chosen from {0, 0.1, 0.2, 0.4}.

Training Details of Other Comparing Models:
We used the same priors for the HMM1 model as
were used in Lison et al. (2020) on CoNLL2003.
For the remaining datasets the priors were tuned
the on the validation sets. Additionally, we tried
running the HMM from Safranchik et al. (2020)
on CoNLL2003 but ran out of memory when us-
ing 64GB of RAM even when reducing the batch
size to 1 and using unpositioned classes rather
than BILU positioned classes (reduces number of
classes by a factor of 4).

To improve the performance of majority vote and
unweighted vote on CoNLL2003, which has many
very noisy labels, we predicted ‘No Entity’ with
probability 1 when there were less than T votes
which was a tuned hyperparameter. The best value
of T was found to be 5 for both methods and was
chosen from {1, 5, 10}.

A.4 Discriminator Model Architecture /
Training Details

The architecture of the discriminator was the same
as used in Safranchik et al. (2020) which consisted
of a 2 layer BiLSTM with 200 dimensional embed-
dings along with a CRF as the output layer. The
model used both word embeddings from a variant
of BERT and character embeddings from a CNN
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as input. Additionally, we used their noise aware
loss function.
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Abstract

Humans have been shown to give contrastive
explanations, which explain why an observed
event happened rather than some other coun-
terfactual event (the contrast case). De-
spite the influential role that contrastivity
plays in how humans explain, this property
is largely missing from current methods for
explaining NLP models. We present MIN-
IMAL CONTRASTIVE EDITING (MICE), a
method for producing contrastive explanations
of model predictions in the form of edits
to inputs that change model outputs to the
contrast case. Our experiments across three
tasks—binary sentiment classification, topic
classification, and multiple-choice question
answering—show that MICE is able to pro-
duce edits that are not only contrastive, but
also minimal and fluent, consistent with human
contrastive edits. We demonstrate how MICE
edits can be used for two use cases in NLP sys-
tem development—debugging incorrect model
outputs and uncovering dataset artifacts—and
thereby illustrate that producing contrastive ex-
planations is a promising research direction for
model interpretability.

1 Introduction

Cognitive science and philosophy research has
shown that human explanations are contrastive
(Miller, 2019): People explain why an observed
event happened rather than some counterfactual
event called the contrast case. This contrast case
plays a key role in modulating what explanations
are given. Consider Figure 1. When we seek an ex-
planation of the model’s prediction “by train,” we
seek it not in absolute terms, but in contrast to an-
other possible prediction (i.e. “on foot”). Addition-
ally, we tailor our explanation to this contrast case.
For instance, we might explain why the prediction
is “by train” and not “on foot” by saying that the
writer discusses meeting Ann at the train station

Figure 1: An example MICE edit for a multiple-choice
question from the RACE dataset. MICE generates con-
trastive explanations in the form of edits to inputs that
change model predictions to target (contrast) predic-
tions. The edit (bolded in red) is minimal and fluent,
and it changes the model’s prediction from “by train” to
the contrast prediction “on foot” (highlighted in gray).

instead of at Ann’s home on foot; such information
is captured by the edit (bolded red) that results in
the new model prediction “on foot.” For a differ-
ent contrast prediction, such as “by car,” we would
provide a different explanation. In this work, we
propose to give contrastive explanations of model
predictions in the form of targeted minimal edits, as
shown in Figure 1, that cause the model to change
its original prediction to the contrast prediction.

Given the key role that contrastivity plays in
human explanations, making model explanations
contrastive could make them more user-centered
and thus more useful for their intended purposes,
such as debugging and exposing dataset biases
(Ribera and Lapedriza, 2019)—purposes which re-
quire that humans work with explanations (Alvarez-
Melis et al., 2019). However, many currently pop-
ular instance-based explanation methods produce
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highlights—segments of input that support a pre-
diction (Zaidan et al., 2007; Lei et al., 2016; Chang
et al., 2019; Bastings et al., 2019; Yu et al., 2019;
DeYoung et al., 2020; Jain et al., 2020; Belinkov
and Glass, 2019) that can be derived through gradi-
ents (Simonyan et al., 2014; Smilkov et al., 2017;
Sundararajan et al., 2017), approximations with
simpler models (Ribeiro et al., 2016), or attention
(Wiegreffe and Pinter, 2019; Sun and Marasović,
2021). These methods are not contrastive, as they
leave the contrast case undetermined; they do not
tell us what would have to be different for a model
to have predicted a particular contrast label.1

As an alternative approach to NLP model expla-
nation, we introduce MINIMAL CONTRASTIVE
EDITING (MICE)—a two-stage approach to gen-
erating contrastive explanations in the form of tar-
geted minimal edits (as shown in Figure 1). Given
an input, a fixed PREDICTOR model, and a contrast
prediction, MICE generates edits to the input that
change the PREDICTOR’s output from the original
prediction to the contrast prediction. We formally
define our edits and describe our approach in §2.

We design MICE to produce edits with prop-
erties motivated by human contrastive explana-
tions. First, we desire edits to be minimal, alter-
ing only small portions of input, a property which
has been argued to make explanations more intel-
ligible (Alvarez-Melis et al., 2019; Miller, 2019).
Second, MICE edits should be fluent, resulting
in text natural for the domain and ensuring that
any changes in model predictions are not driven
by inputs falling out of distribution of naturally
occurring text. Our experiments (§3) on three
English-language datasets, IMDB, NEWSGROUPS,
and RACE, validate that MICE edits are indeed
contrastive, minimal, and fluent.

We also analyze the quality of MICE edits (§4)
and show how they may be used for two use cases
in NLP system development. First, we show that
MICE edits are comparable in size and fluency to
human edits on the IMDB dataset. Next, we illus-
trate how MICE edits can facilitate debugging in-
dividual model predictions. Finally, we show how
MICE edits can be used to uncover dataset artifacts
learned by a powerful PREDICTOR model.2

1Free-text rationales (Narang et al., 2020) can be con-
trastive if human justifications are collected by asking “why...
instead of...” which is not the case with current benchmarks
(Camburu et al., 2018; Rajani et al., 2019; Zellers et al., 2019).

2Our code and trained EDITOR models are publicly avail-
able at https://github.com/allenai/mice.

2 MICE: Minimal Contrastive Editing

This section describes our proposed method, MINI-
MAL CONTRASTIVE EDITING, or MICE, for ex-
plaining NLP models with contrastive edits.

2.1 MICE Edits as Contrastive Explanations

Contrastive explanations are answers to questions
of the form Why p and not q? They explain why
the observed event p happened instead of another
event q, called the contrast case.3 A long line of
research in the cognitive sciences and philosophy
has found that human explanations are contrastive
(Van Fraassen, 1980; Lipton, 1990; Miller, 2019).
Human contrastive explanations have several hall-
mark characteristics. First, they cite contrastive
features: features that result in the contrast case
when they are changed in a particular way (Chin-
Parker and Cantelon, 2017). Second, they are min-
imal in the sense that they rarely cite the entire
causal chain of a particular event, but select just a
few relevant causes (Hilton, 2017). In this work,
we argue that a minimal edit to a model input that
causes the model output to change to the contrast
case has both these properties and can function as
an effective contrastive explanation. We first give
an illustration of contrastive explanations humans
might give and then show how minimal contrastive
edits offer analogous contrastive information.

As an example, suppose we want to explain why
the answer to the question “Q: Where can you find
a clean pillow case that is not in use?” is “A: the
drawer.”4 If someone asks why the answer is not
“C1: on the bed,” we might explain: “E1: Because
only the drawer stores pillow cases that are not
in use.” However, E1 would not be an explana-
tion of why the answer is not “C2: in the laundry
hamper,” since both drawers and laundry hampers
store pillow cases that are not in use. For contrast
case C2, we might instead explain: “E2: Because
only laundry hampers store pillow cases that are
not clean.” We cite different parts of the original
question depending on the contrast case.

In this work, we propose to offer contrastive ex-
planations in the form of minimal edits that result
in the contrast case as model output. Such edits are
effective contrastive explanations because, by con-
struction, they highlight contrastive features. For

3Related work also calls it the foil (Miller, 2019).
4Inspired by an example in Talmor et al. (2019): Question:

“Where would you store a pillow case that is not in use?”
Choices: “drawer, kitchen cupboard, bedding store, england.”
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Figure 2: An overview of MICE, our two-stage approach to generating edits. In Stage 1 (§2.3), we train the
EDITOR to make edits targeting specific predictions from the PREDICTOR. In Stage 2 (§2.4), we make contrastive
edits with the EDITOR model from Stage 1 such that the PREDICTOR changes its output to the contrast prediction.

example, a contrastive edit of the original question
for contrast case C1 would be: “Where can you find
a clean pillow case that is not in use?”; the informa-
tion provided by this edit—that it is whether or not
the pillow case is in use that determines whether
the answer is “the drawer” or “on the bed”—is anal-
ogous to the information provided by E1. Similarly,
a contrastive edit for contrast case C2 that changed
the question to “Where can you find a clean dirty
pillow case that is not in use?” provides analogous
information to E2.

2.2 Overview of MICE

We define a contrastive edit to be a modifica-
tion of an input instance that causes a PREDIC-
TOR model (whose behavior is being explained)
to change its output from its original prediction
for the unedited input to a given target (contrast)
prediction. Formally, for textual inputs, given a
fixed PREDICTOR f , input x = (x1, x2, ..., xN )
of N tokens, original prediction f(x) = yp and
contrast prediction yc 6= yp, a contrastive edit is a
mapping e : (x1, ..., xN )! (x01, ..., x

0
M ) such that

f(e(x)) = yc.
We propose MICE, a two-stage approach to gen-

erating contrastive edits, illustrated in Figure 2. In
Stage 1, we prepare a highly-contextualized EDI-
TOR model to associate edits with given end-task
labels (i.e., labels for the task of the PREDICTOR)
such that the contrast label yc is not ignored in
MICE’s second stage. Intuitively, we do this by
masking the spans of text that are “important” for
the given target label (as measured by the PREDIC-
TOR’s gradients) and training our EDITOR to recon-
struct these spans of text given the masked text and

target label as input. In Stage 2 of MICE, we gener-
ate contrastive edits e(x) using the EDITOR model
from Stage 1. Specifically, we generate candidate
edits e(x) by masking different percentages of x
and giving masked inputs with prepended contrast
label yc to the EDITOR; we use binary search to
find optimal masking percentages and beam search
to keep track of candidate edits that result in the
highest probability of the contrast labels p(yc|e(x))
given by the PREDICTOR.

2.3 Stage 1: Fine-tuning the EDITOR

In Stage 1 of MICE, we fine-tune the EDITOR to
infill masked spans of text in a targeted manner.
Specifically, we fine-tune a pretrained model to in-
fill masked spans given masked text and a target
end-task label as input. In this work, we use the
TEXT-TO-TEXT TRANSFER TRANSFORMER (T5)
model (Raffel et al., 2020) as our pretrained EDI-
TOR, but any model suitable for span infilling can
in principle be the EDITOR in MICE. The addition
of the target label allows the highly-contextualized
EDITOR to condition its predictions on both the
masked context and the given target label such that
the contrast label is not ignored in Stage 2. What to
use as target labels during Stage 1 depends on who
the end-users of MICE are. The end-user could
be: (1) a model developer who has access to the
labeled data used to train the predictor, or (2) lay-
users, domain experts, or other developers without
access to the labeled data. In the former case, we
could use the gold label as targets, and in the latter
case, we could use the labels predicted by PREDIC-
TOR. Therefore, during fine-tuning, we experiment
with using both gold labels and original predictions
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yp of our PREDICTOR model as target labels. To
provide target labels, we prepend them to inputs
to the EDITOR. For more information about how
these inputs are formatted, see Appendix B. Results
in Table 2 show that fine-tuning with target labels
results in better edits than fine-tuning without them.

The above procedure allows our EDITOR to con-
dition its infilled spans on both the context and the
target label. But this still leaves open the ques-
tion of where to mask our text. Intuitively, we
want to mask the tokens that contribute most to
the PREDICTOR’s predictions, since these are the
tokens that are most strongly associated with the
target label. We propose to use gradient attribu-
tion (Simonyan et al., 2014) to choose tokens to
mask. For each instance, we take the gradient of
the predicted logit for the target label with respect
to the embedding layers of f and take the `1 norm
across the embedding dimension. We then mask
the n1% of tokens with the highest gradient norms.
We replace consecutive tokens (i.e., spans) with
sentinel tokens, following Raffel et al. (2020). Re-
sults in Table 1 show that gradient-based masking
outperforms random masking.

2.4 Stage 2: Making Edits with the EDITOR

In the second stage of our approach, we use our fine-
tuned EDITOR to make edits using beam search
(Reddy, 1977). In each round of edits, we mask
consecutive spans of n2% of tokens in the original
input, prepend the contrast prediction to the masked
input, and feed the resulting masked instance to the
EDITOR; the EDITOR then generates m edits. The
masking procedure during this stage is gradient-
based as in Stage 1.

In one round of edits, we conduct a binary search
with s levels over values of n2 between values
n2 = 0% to n2 = 55% to efficiently find a value
of n2 that is large enough to result in the contrast
prediction while also modifying only minimal parts
of the input. After each round of edits, we get f ’s
predictions on the edited inputs, order them by con-
trast prediction probabilities, and update the beam
to store the top b edited instances. As soon as an
edit e⇤ = e(t) is found that results in the contrast
prediction, i.e., f(e⇤) = yc, we stop the search
procedure and return this edit. For generation, we
use a combination of top-k (Fan et al., 2018) and
top-p (nucleus) sampling (Holtzman et al., 2020).5

5We use this combination because we observed in prelimi-
nary experiments that it led to good results.

3 Evaluation

This section presents empirical findings that MICE
produces minimal and fluent contrastive edits.

3.1 Experimental Setup

Tasks We evaluate MICE on three English-
language datasets: IMDB, a binary sentiment clas-
sification task (Maas et al., 2011), a 6-class ver-
sion of the 20 NEWSGROUPS topic classification
task (Lang, 1995), and RACE, a multiple choice
question-answering task (Lai et al., 2017).6

PREDICTORS MICE can be used to make con-
trastive edits for any differentiable PREDICTOR

model, i.e., any end-to-end neural model. In this
paper, for each task, we train a PREDICTOR model
f built on ROBERTA-LARGE (Liu et al., 2019),
and fix it during evaluation. The test accuracies
of our PREDICTORS are 95.9%, 85.3% and 84%
for IMDB, NEWSGROUPS, and RACE, respectively.
For training details, see Appendix A.1.

EDITORS Our EDITORS build on the base ver-
sion of T5. For fine-tuning our EDITORS (Stage 1),
we use the original training data used to train PRE-
DICTORS. We randomly split the data, 75%/25%
for fine-tuning/validation and fine-tune until the
validation loss stops decreasing (for a max of 10
epochs) with n1% of tokens masked, where n1 is
a randomly chosen value in [20, 55]. For more
details, see Appendix A.2. In Stage 2, for each
instance, we set the label with the second highest
predicted probability as the contrast prediction. We
set beam width b = 3, consider s = 4 search levels
during binary search over n2 in each edit round,
and run our search for a max of 3 edit rounds. For
each n2, we sample m = 15 generations from our
fine-tuned EDITORS with p = 0.95, k = 30.7

Metrics We evaluate MICE on the test sets of
the three datasets. The RACE and NEWSGROUPS

test sets contain 4,934 and 7,307 instances, respec-
tively.8 For IMDB, we randomly sample 5K of the

6We create this 6-class version by mapping the 20 exist-
ing subcategories to their respective larger categories—i.e.
“talk.politics.guns” and “talk.religion.misc”! “talk.” We do
this in order to make the label space smaller. The resulting
classes are: alt, comp, misc, rec, sci, and talk.

7We tune these hyperparameters on a 50-instance subset
of the IMDB validation set prior to evaluation. We note that
for larger values of n2, the generations produced by the T5
EDITORS sometimes degenerate; see Appendix C for details.

8For the NEWSGROUPS test set, there are 7,307 instances
remaining after filtering out empty strings.
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MICE
VARIANT

IMDB NEWSGROUPS RACE
" # ⇡ 1 " # ⇡ 1 " # ⇡ 1

Flip Rate Minim. Fluen. Flip Rate Minim. Fluen. Flip Rate Minim. Fluen.

*PRED + GRAD 1.000 0.173 0.981 0.992 0.261 0.968 0.915 0.331 0.981
*GOLD + GRAD 1.000 0.185 0.979 0.992 0.271 0.966 0.945 0.335 0.979

PRED + RAND 1.000 0.257 0.958 0.968 0.378 0.928 0.799 0.440 0.953
GOLD + RAND 1.000 0.302 0.952 0.965 0.370 0.929 0.801 0.440 0.955

NO-FINETUNE 0.995 0.360 0.960 0.941 0.418 0.938 – – –

Table 1: Efficacy of the MICE procedure. We evaluate MICE edits on three metrics (described in §3.1): flip rate,
minimality, and fluency. We report mean values for minimality and fluency. * marks full MICE variants; others
explore ablations. For each property (i.e., column), the best value across MICE variants is bolded. We experiment
with PREDICTOR’s predictions (PRED) and gold labels (GOLD) as target labels during Stage 1. Across datasets,
our GRAD MICE procedure achieves a high flip rate with small and fluent edits.

25K instances in the test set for evaluation because
of the computational demands of evaluation.9

For each dataset, we measure the following three
properties: (1) flip rate: the proportion of in-
stances for which an edit results in the contrast
label; (2) minimality: the “size” of the edit as
measured by the word-level Levenshtein distance
between the original and edited input, which is the
minimum number of deletions, insertions, or sub-
stitutions required to transform one into the other.
We report a normalized version of this metric with
a range from 0 to 1—the Levenshtein distance di-
vided by the number of words in the original in-
put; (3) fluency: a measure of how similarly dis-
tributed the edited output is to the original data. We
evaluate fluency by comparing masked language
modeling loss on both the original and edited inputs
using a pretrained model. Specifically, given the
original N -length sequence, we create N copies,
each with a different token replaced by a mask to-
ken, following Salazar et al. (2020). We then take
a pretrained T5-BASE model and compute the aver-
age loss across these N copies. We compute this
loss value for both the original input and edited
input and report their ratio—i.e., edited / original.
We aim for a value of 1.0, which indicates equiva-
lent losses for the original and edited texts. When
MICE finds multiple edits, we report metrics for
the edit with the smallest value for minimality.

3.2 Results

Results are shown in Table 1. Our proposed GRAD

MICE procedure (upper part of Table 1) achieves a

9A single contrastive edit is expensive and takes an average
of ⇡ 15 seconds per IMDB instance (⇡ 230 tokens). Calculat-
ing the fluency metric adds an additional average of ⇡ 16.5
seconds per IMDB instance. For more details, see Section 5.

high flip rate across all three tasks. This is the out-
come regardless of whether predicted target labels
(first row, 91.5–100% flip rate) or gold target labels
(second row, 94.5–100% flip rate) are used for fine-
tuning in Stage 1. We observe a slight improvement
from using the gold labels for the RACE PREDIC-
TOR, which may be explained by the fact that it is
less accurate (with a training accuracy of 89.9%)
than the IMDB and NEWSGROUPS classifiers.

MICE achieves a high flip-rate while its edits
remain small and result in fluent text. In particular,
MICE on average changes 17.3–33.1% of the origi-
nal tokens when predicted labels are used in Stage 1
and 18.5–33.5% with gold labels. Fluency is close
to 1.0 indicating no notable change in mask lan-
guage modeling loss after the edit—i.e., edits fall
in distribution of the original data. We achieve the
best results across metrics on the IMDB dataset, as
expected since IMDB is a binary classification task
with a small label space. These results demonstrate
that MICE presents a promising research direction
for the generation of contrastive explanations; how-
ever, there is still room for improvement, especially
for more challenging tasks such as RACE.

In the rest of this section, we provide results
from several ablation experiments.

Fine-tuning vs. No Fine-tuning We investigate
the effect of fine-tuning (Stage 1) with a base-
line that skips Stage 1 altogether. For this NO-
FINETUNE baseline variant of MICE, we use the
vanilla pretrained T5-BASE as our EDITOR. As
shown in Table 1, the NO-FINETUNE variant un-
derperforms all other (two-stage) variants of MICE
for the IMDB and NEWSGROUPS datasets.10 Fine-

10We leave RACE out from our evaluation with the NO-
FINETUNE baseline because we observe that the pretrained
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IMDB Condition " # ⇡ 1
Stage 1 Stage 2 Flip Rate Minim. Fluen.

No Label No Label 0.994 0.369 0.966
No Label Label 0.997 0.362 0.967
Label No Label 0.999 0.327 0.968

Label Label 1.000 0.173 0.981

Table 2: Effect of using target end-task labels during
the two stages of PRED+GRAD MICE on the IMDB
dataset. When end-task labels are provided, they are
original PREDICTOR labels during Stage 1 and contrast
labels during Stage 2. The best values for each property
(column) are bolded. Using end-task labels during both
Stage 1 (EDITOR fine-tuning) and Stage 2 (making ed-
its) of MICE outperforms all other conditions.

tuning particularly improves the minimality of ed-
its, while leaving the flip rate high. We hypothesize
that this effect is due to the effectiveness of Stage
2 of MICE at finding contrastive edits: Because
we iteratively generate many candidate edits using
beam search, we are likely to find a prediction-
flipping edit. Fine-tuning allows us to find such an
edit at a lower masking percentage.

Gradient vs. Random Masking We study the
impact of using gradient-based masking in Stage
1 of the MICE procedure with a RAND variant,
which masks spans of randomly chosen tokens. As
shown in the middle part of Table 1, gradient-based
masking outperforms random masking when using
both predicted and gold labels across all three tasks
and metrics, suggesting that the gradient-based at-
tribution used to mask text during Stage 1 of MICE
is an important part of the procedure. The differ-
ences are especially notable for RACE, which is the
most challenging task according to our metrics.

Targeted vs. Un-targeted Infilling We investi-
gate the effect of using target labels in both stages
of MICE by experimenting with removing target
labels during Stage 1 (EDITOR fine-tuning) and
Stage 2 (making edits). As shown in Table 2, we
observe that giving target labels to our EDITORS

during both stages of MICE improves edit qual-
ity. Fine-tuning EDITORS without labels in Stage 1
(“No Label”) leads to worse flip rate, minimality,
and fluency than does fine-tuning EDITORS with la-
bels (“Label”). Minimality is particularly affected,
and we hypothesize that using target end-task la-

T5 model does not generate text formatted as span infills; we
hypothesize that this model has not been trained to generate
infills for masked inputs formatted as multiple choice inputs.

bels in both stages provides signal that allows the
EDITOR in Stage 2 to generate prediction-flipping
edits at lower masking percentages.

4 Analysis of Edits

In this section, we compare MICE edits with hu-
man contrastive edits. Then, we turn to a key mo-
tivation for this work: the potential for contrastive
explanations to assist in NLP system development.
We show how MICE edits can be used to debug
incorrect predictions and uncover dataset artifacts.

4.1 Comparison with Human Edits
We ask whether the contrastive edits produced by
MICE are minimal and fluent in a meaningful
sense. In particular, we compare these two met-
rics for MICE edits and human contrastive edits.
We work with the IMDB contrast set created by
Gardner et al. (2020), which consists of original
test inputs and human-edited inputs that cause a
change in true label. We report metrics on the sub-
set of this contrast set for which the human-edited
inputs result in a change in model prediction for our
IMDB PREDICTOR; this subset consists of 76 in-
stances. The flip rate of MICE edits on this subset
is 100%. The mean minimality values of human
and MICE edits are 0.149 (human) and 0.179
(MICE), and the mean fluency values are 1.01 (hu-
man) and 0.949 (MICE). The similarity of these
values suggests that MICE edits are comparable to
human contrastive edits along these dimensions.

We also ask to what extent human edits overlap
with MICE edits. For each input, we compute the
overlap between the original tokens changed by hu-
mans and the original tokens edited by MICE. The
mean number of overlapping tokens, normalized by
the number of original tokens edited by humans, is
0.298. Thus, while there is some overlap between
MICE and human contrastive edits, they gener-
ally change different parts of text.11 This analysis
suggests that there may exist multiple informative
contrastive edits for a single input. Future work
can investigate and compare the different kinds of
insight that can be obtained through human and
model-driven contrastive edits.

4.2 Use Case 1: Debugging Incorrect Outputs
Here, we illustrate how MICE edits can be used to
debug incorrect model outputs. Consider the RACE

11MICE edits explain PREDICTORS’ behavior and therefore
need not be similar to human edits, which are designed to
change gold labels.
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IMDB

Original pred yp = positive Contrast pred yc = negative

An interesting pairing of stories, this little flick manages to bring together seemingly different characters and
story lines all in the backdrop of WWII and succeeds in tying them together without losing the audience.
I was impressed by the depth portrayed by the different characters and also by how much I really felt I
understood them and their motivations, even though the time spent on the development of each character was
very limited. The outstanding acting abilities of the individuals involved with this picture are easily noted. A
fun, stylized movie with a slew of comic moments and a bunch more head shaking events. 7/10 4/10

RACE

Question: Mark went up in George’s plane .
(a) twice (b) only once (c) several times (d) once or twice.

Original pred yp = (a) twice Contrast pred yc = (b) only once

When George was thirty-five, he bought a small plane and learned to fly it. He soon became very good and
made his plane do all kinds of tricks. George had a friend, whose name was Mark. One day George offered to
take Mark up in his plane. Mark thought, "I’ve traveled in a big plane several times, but I’ve never been in a
small one, so I’ll go." They went up, and George flew around for half an hour and did all kinds of tricks in the
air. When they came down again, Mark was glad to be back safely, and he said to his friend in a shaking voice,
"Well, George, thank you very much for those two trips tricks in your plane." George was very surprised and
said, "Two trips? tricks." Yes, That’s my first and my last time, George." answered said Mark.

Table 3: Examples of edits produced by MICE. Insertions are bolded in red. Deletions are struck through. yp is
the PREDICTOR’s original prediction, and yc the contrast prediction. True labels for original inputs are underlined.

input in Table 3, for which the RACE PREDICTOR

gives an incorrect prediction. In this case, a model
developer may want to understand why the model
got the answer wrong. This setting naturally brings
rise to a contrastive question, i.e., Why did the
model predict the wrong choice (“twice”) instead
of the correct one (“only once”)?

The MICE edit shown offers insight into this
question: Firstly, it highlights which part of
the paragraph has an influence on the model
prediction—the last few sentences. Secondly, it
reveals that a source of confusion is Mark’s joke
about having traveled in George’s plane twice, as
changing Mark’s dialogue from talking about a
“first and...last” trip to a single trip results in a cor-
rect model prediction.

MICE edits can also be used to debug model
capabilities by offering hypotheses about “bugs”
present in models: For instance, the edit in Table
3 might prompt a developer to investigate whether
this PREDICTOR lacks non-literal language under-
standing capabilities. In the next section, we show
how insight from individual MICE edits can be
used to uncover a bug in the form of a dataset-level
artifact learned by a model. In Appendix D, we fur-
ther analyze the debugging utility of MICE edits
with a PREDICTOR designed to contain a bug.

4.3 Use Case 2: Uncovering Dataset Artifacts
Manual inspection of some edits for IMDB suggests
that the IMDB PREDICTOR has learned to rely heav-
ily on numerical ratings. For instance, in the IMDB

example in Table 3, the MICE edit results in a neg-

yc = positive yc = negative
Removed Inserted Removed Inserted

4/10 excellent 10/10 awful
ridiculous enjoy 8/10 disappointed
horrible amazing 7/10 1

4 entertaining 9 4
predictable 10 enjoyable annoying

Table 4: Top 5 IMDB tokens edited by MICE at a higher
rate than expected given their original frequency (§4.3).
Results are separated by contrast predictions.

ative prediction from the PREDICTOR even though
the edited text is overwhelmingly positive. We test
this hypothesis by investigating whether numerical
tokens are more likely to be edited by MICE.

We analyze the edits produced by MICE (GOLD

+ GRAD) described in §3.1. We limit our analy-
sis to a subset of the 5K instances for which the
edit produced by MICE has a minimality value of
0.05, as we are interested in finding simple arti-
facts driving the predictions of the IMDB PREDIC-
TOR; this subset has 902 instances. We compute
three metrics for each unique token, i.e., type t:

p(t) = #_occurrences(t)/ #_all_tokens,

pr(t) = #_removals(t)/ #_all_removals,

pi(t) = #_insertions(t)/ #_all_insertions,

and report the tokens with the highest values for
the ratios pr(t)/p(t) and pi(t)/p(t). Intuitively,
these tokens are removed/inserted at a higher rate
than expected given the frequency with which they
appear in the original IMDB inputs. We exclude
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tokens that occur <10 times from our analysis.
Results from this analysis are shown in Table

4. In line with our hypothesis, we observe a bias
towards removing low numerical ratings and insert-
ing high ratings when the contrast prediction yc is
positive, and vice versa when yc is negative. In
other words, in the presence of a numerical score,
the PREDICTOR may ignore the content of the re-
view and base its prediction solely on the score (as
in the IMDB example in Table 3).

5 Discussion

In this section, we reflect on MICE’s shortcom-
ings. Foremost, MICE is computationally expen-
sive. Stage 1 requires fine-tuning a large pretrained
generation model as the EDITOR. More signifi-
cantly, Stage 2 requires multiple rounds of forward
and backward passes to find a minimal edit: Each
edit round in Stage 2 requires b⇥ s⇥m decoded
sequences with the EDITOR, as well as b⇥s⇥m for-
ward passes and b backward passes with the PRE-
DICTOR (with b = 1 the first edit round), where b
is the beam width, s is the number of search levels
in binary search over the masking percentages, and
m is the number of generations sampled for each
masking percentage. Our experiments required
180 forward passes, 180 decoded sequences, and 3
backward passes for edit rounds after the first.

While efficient search for targeted edits is an
open challenge in other fields of machine learning
(Russell, 2019; Dandl et al., 2020), this problem
is even more challenging for language data, as the
space of possible perturbations is much larger than
for tabular data. An important future direction is to
develop more efficient methods of finding edits.

This shortcoming prevents us from finding edits
that are minimal in a precise sense. In particular,
we may be interested in a constrained notion of min-
imality that defines an edit e(x) as minimal if there
exists no subset of e(x) that results in the contrast
prediction. Future work might consider creating
methods to produce edits with this property.

6 Related Work

The problem of generating minimal contrastive
edits, also called counterfactual explanations
(Wachter et al., 2017),12 has previously been ex-
plored for tabular data (Karimi et al., 2020) and

12Formally, methods for producing targeted counterfactual
explanations solve the same task as MICE. However, not all
contrastive explanations are counterfactual explanations; con-
trastive explanations can take forms beyond contrastive edits,

images (Hendricks et al., 2018; Goyal et al., 2019;
Looveren and Klaise, 2019) but less for language.
Recent work explores the use of minimal edits
changing true labels for evaluation (Gardner et al.,
2020) and data augmentation (Kaushik et al., 2020;
Teney et al., 2020), whereas we focus on minimal
edits changing model predictions for explanation.

Contrastive Explanations within NLP There
exist limited methods for automatically generating
contrastive explanations of NLP models. Jacovi
and Goldberg (2020) define contrastive highlights,
which are determined by the inclusion of con-
trastive features; in contrast, our contrastive edits
specify how to edit (vs. whether to include) features
and can insert new text.13 Li et al. (2020a) generate
counterfactuals using linguistically-informed trans-
formations (LIT), and Yang et al. (2020) generate
counterfactuals for binary financial text classifi-
cation using grammatically plausible single-word
edits (REP-SCD). Because both methods rely on
manually curated, task-specific rules, they cannot
be easily extended to tasks without predefined label
spaces, such as RACE.14 Most recently, Jacovi et al.
(2021) propose a method for producing contrastive
explanations in the form of latent representations;
in contrast, MICE edits are made at the textual
level and are therefore more interpretable.

This work also has ties to the literature on causal
explanation (Pearl, 2009). Recent work within
NLP derives causal explanations of models through
counterfactual interventions (Feder et al., 2021; Vig
et al., 2020). The focus of our work is the largely
unexplored task of creating targeted interventions
for language data; however, the question of how to
derive causal relationships from such interventions
remains an interesting direction for future work.

Counterfactuals Beyond Explanations Con-
current work by Madaan et al. (2021) applies con-

such as free-text rationales (Liang et al., 2020) or highlights
(Jacovi and Goldberg, 2020). In this paper, we choose to refer
to MICE edits as “contrastive” rather than “counterfactual”
because we seek to argue for the utility of contrastive expla-
nations of model predictions more broadly; we present MICE
as one method for producing contrastive explanations of a
particular form and hope future work will explore different
forms of contrastive explanations.

13See Appendix D for a longer discussion about the ad-
vantage of inserting new text in explanations, which MICE
edits can do but methods that attribute feature importance (i.e.
highlights) cannot.

14LIT relies on hand-crafted transformation for NLI
tasks based on linguistic knowledge, and REP-SCD makes
antonym-based edits using manually curated, domain-specific
lexicons for each label.
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trolled text generation methods to generate targeted
counterfactuals and explores their use as test cases
and augmented examples in the context of clas-
sification. Another concurrent work by Wu et al.
(2021) presents POLYJUICE, a general-purpose, un-
targeted counterfactual generator. Very recent work
by Sha et al. (2021), introduced after the submis-
sion of MICE, proposes a method for targeted con-
trastive editing for Q&A that selects answer-related
tokens, masks them, and generates new tokens. Our
work differs from these works in our novel frame-
work for efficiently finding minimal edits (MICE
Stage 2) and our use of edits as explanations.

Connection to Adversarial Examples Adver-
sarial examples are minimally edited inputs that
cause models to incorrectly change their predic-
tions despite no change in true label (Jia and Liang,
2017; Ebrahimi et al., 2018; Pal and Tople, 2020).
Recent methods for generating adversarial exam-
ples also preserve fluency (Zhang et al., 2019; Li
et al., 2020b; Song et al., 2020)15; however, ad-
versarial examples are designed to find erroneous
change in model outputs; contrastive edits place no
such constraint on model correctness. Thus, cur-
rent approaches to generating adversarial examples,
which can exploit semantics-preserving operations
(Ribeiro et al., 2018) such as paraphrasing (Iyyer
et al., 2018) or word replacement (Alzantot et al.,
2018; Ren et al., 2019; Garg and Ramakrishnan,
2020), cannot be used to generate contrastive edits.

Connection to Style Transfer The goal of style
transfer is to generate minimal edits to inputs to
result in a target style (sentiment, formality, etc.)
(Fu et al., 2018; Li et al., 2018; Goyal et al., 2020).
Most existing approaches train an encoder to learn
style-agnostic latent representation of inputs and
train attribute-specific decoders to generate text
reflecting the content of inputs but exhibiting a
different target attribute (Fu et al., 2018; Li et al.,
2018; Goyal et al., 2020). Recent works by Wu
et al. (2019) and Malmi et al. (2020) adopt two-
stage approaches that first identify where to make
edits and then make them using pretrained language
models. Such approaches can only be applied to
generate contrastive edits for classification tasks
with well-defined “styles,” which exclude more
complex tasks such as question answering.

15Song et al. (2020) propose a method to produce fluent se-
mantic collisions, which they call the “inverse” of adversarial
examples.

7 Conclusion

We argue that contrastive edits, which change the
output of a PREDICTOR to a given contrast pre-
diction, are effective explanations of neural NLP
models. We propose MINIMAL CONTRASTIVE

EDITING (MICE), a method for generating such
edits. We introduce evaluation criteria for con-
trastive edits that are motivated by human con-
trastive explanations—minimality and fluency—
and show that MICE edits for the IMDB, NEWS-
GROUPS, and RACE datasets are contrastive, flu-
ent, and minimal. Through qualitative analysis of
MICE edits, we show that they have utility for
robust and reliable NLP system development.

8 Broader Impact Statement

MICE is intended to aid the interpretation of NLP
models. As a model-agnostic explanation method,
it has the potential to impact NLP system devel-
opment across a wide range of models and tasks.
In particular, MICE edits can benefit NLP model
developers in facilitating debugging and exposing
dataset artifacts, as discussed in §4. As a conse-
quence, they can also benefit downstream users of
NLP models by facilitating access to less biased
and more robust systems.

While the focus of our work is on interpreting
NLP models, there are potential misuses of MICE
that involve other applications. Firstly, malicious
actors might employ MICE to generate adversarial
examples; for instance, they may aim to generate
hate speech that is minimally edited such that it
fools a toxic language classifier. Secondly, naively
applying MICE for data augmentation could plau-
sibly lead to less robust and more biased models:
Because MICE edits are intended to expose issues
in models, straightforwardly using them as addi-
tional training examples could reinforce existing
artifacts and biases present in data. To mitigate
this risk, we encourage researchers exploring data
augmentation to carefully think about how to select
and label edited instances.

We also encourage researchers to develop more
efficient methods of generating minimal contrastive
edits. As discussed in §5, a limitation of MICE is
its computational demand. Therefore, we recom-
mend that future work focus on creating methods
that require less compute.
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Abstract
Texts convey sophisticated knowledge. How-
ever, texts also convey sensitive information.
Despite the success of general-purpose lan-
guage models and domain-specific mecha-
nisms with differential privacy (DP), existing
text sanitization mechanisms still provide low
utility, as cursed by the high-dimensional text
representation. The companion issue of uti-
lizing sanitized texts for downstream analyt-
ics is also under-explored. This paper takes
a direct approach to text sanitization. Our in-
sight is to consider both sensitivity and similar-
ity via our new local DP notion. The sanitized
texts also contribute to our sanitization-aware
pretraining and fine-tuning, enabling privacy-
preserving natural language processing over
the BERT language model with promising util-
ity. Surprisingly, the high utility does not boost
up the success rate of inference attacks.

1 Introduction

Natural language processing (NLP) requires a lot
of training data, which can be sensitive. Naı̈ve
redaction approaches (e.g., removing common
personally identifiable information) is known to
fail (Sweeney, 2015): innocuous-looking fields can
be linked to other information sources for reiden-
tification. The recent success of many language
models (LMs) has motivated security researchers
to devise advanced privacy attacks. Carlini et al.
(2020b) recover texts from (a single document of)
the training data via querying to an LM pretrained
from it. Pan et al. (2020) and Song and Raghu-
nathan (2020) target the text embedding, e.g., re-
vealing from an encoded query to an NLP service.

†Our code is available at https://github.com/
xiangyue9607/SanText.

‡The first two authors contributed equally.
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Figure 1: Workflow of our PPNLP pipeline, including
the user-side sanitization and the service provider-side
NLP modeling with pretraining/fine-tuning

Emerging NLP works focus on only specific
document-level (statistical) features (Weggenmann
and Kerschbaum, 2018) or producing private text
representations (Xie et al., 2017; Coavoux et al.,
2018; Elazar and Goldberg, 2018; Li et al., 2018) as
initial solutions to the first issue above on training-
data privacy. However, the learned representations
are not human-readable, which makes transparency
(e.g., required by GDPR) questionable: an average
user may not have the technical know-how to verify
whether sensitive attributes have been removed or
not. Moreover, consider the whole NLP pipeline,
the learned representations often entail extra model-
ing or non-trivial changes to existing NLP models,
which take dedicated engineering efforts.

1.1 Sanitizing Sensitive Texts, Naturally

With this state-of-affairs of the security and the
NLP research, we deem it better to address privacy
from the root, i.e., directly producing sanitized text
documents. Being the most native format, they

3853



incur minimal changes to existing NLP pipelines.
Being human-readable, they provide transparency
(to privacy-concerning training-data contributors)
and explainability (e.g., to linguists who might find
the need for investigating how the training data
contribute to a certain result). Moreover, it natu-
rally extends the privacy protection to the inference
phase. Users can apply our sanitization mechanism
before sending queries (e.g., medical history) to the
NLP service provider (e.g., diagnosis services).

Conceptually, we take a natural approach – we
sanitize text documents into also (sanitized) text
documents. This is in great contrast to the typical
“post-processing” for injecting noises either to gra-
dients in training (a deep neural network) (McMa-
han et al., 2018) or the “cursed” high-dimensional
text representations (Lyu et al., 2020a,b; Feyisetan
et al., 2020). It also leads to our O(1) efficiency,
freeing us from re-synthesizing the document word-
by-word via nearest neighbor searches over the
entire vocabulary space V (Feyisetan et al., 2020).

Technically, we aim for the de facto standard
of local differential privacy (LDP) (Duchi et al.,
2013) to sanitize the user data locally, based on
which the service provider can build NLP models
without touching any raw data. DP has been suc-
cessful in many contexts, e.g., location privacy and
survey statistics (Andrés et al., 2013; Murakami
and Kawamoto, 2019). However, DP text analyt-
ics appears to be a difficult pursuit (as discussed,
also see Section 2), which probably explains why
there are only a few works in DP-based text saniti-
zation. In high-level terms, text is rich in semantics,
differentiating it from other more structured data.

Our challenge here is to develop efficient and
effective mechanisms that preserve the utility of
the text data with provable and quantifiable pri-
vacy guarantees. Our insight is the formulation of
a new LDP notion named Utility-optimized Metric
LDP (UMLDP). We attribute our success to the
focus of UMLDP on protecting what matters (sen-
sitive words) via “sacrificing” the privacy of non-
sensitive (common) words. To achieve UMLDP,
our mechanism directly samples noises on tokens.

Our result in this regard is already better than the
state-of-the-art LDP solution producing sanitized
documents (Feyisetan et al., 2020) – we got 28%
gain in accuracy on the SST-2 dataset (Wang et al.,
2019) on average at the same privacy level (i.e.,
the same LDP parameter) while being much more
efficient (∼60× faster, precomputation included).

1.2 Privacy-Preserving NLP, Holistically

Text sanitization is essential but just one piece
of the whole privacy-preserving NLP (PPNLP)
pipeline. While most prior works in text privacy are
motivated by producing useful data for some down-
stream tasks, the actual text analytics are hardly
explored, not to say in the context of many recent
general-purpose language models. As simple as it
might seem, we start to see design choices that can
be influential. Specifically, our challenge here is
to adapt the currently dominating pretraining-fine-
tuning paradigm (e.g., BERT (Devlin et al., 2019))
over sanitized texts for building the model.

Our design is to build in privacy at the root again,
in contrast to the afterthought approach. We found
it beneficial to sanitize even the public data before
feeding them to training. It is not for protecting
the public data per se. The intuition here is that it
“prepares” the model to work with sanitized queries,
which explains our eventual (slight) increase in
accuracy while additionally ensuring privacy.

Specifically, we propose a sanitization-aware
pretraining procedure (Figure 1). We first use our
mechanisms to sanitize the public texts, mask the
sanitized texts (as in BERT), and train the LM by
predicting a MASK position as its original unsani-
tized token. LMs preptrained with our sanitization-
aware procedure are expected to be more robust
to noises in the sanitized texts and achieve better
utility when fine-tuning on downstream tasks.

We conduct experiments on three representative
NLP tasks to empirically confirm that our proposed
PPNLP pipeline preserves both utility and privacy.
It turns out that our sanitization-based pretraining
(using only 1/6 of data used in the original BERT
pretraining) can even improve the utility of NLP
tasks while maintaining privacy comparable to the
original BERT. Note that there is an inherent ten-
sion between utility and privacy, and privacy attack
is also inference in nature. To empirically demon-
strate the privacy aspect of our pipeline, i.e., it does
not make our model a more powerful tool helping
the attacker, we also conduct the “mask token in-
ference” attack on private texts, which infers the
masked token given its context based on BERT. As
a highlight, our base solution SANTEXT improves
the defense rate by 20% with only a 4% utility loss
on the SST-2 dataset. We attribute our surprising re-
sult of mostly helping only good guys to our natural
approach: to avoid the model memorizing sensitive
texts “too well,” we fed it with sanitized text.
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2 Related Work

Privacy risks in NLP. A taxonomy of attacks that
recover sensitive attributes or partial raw text from
text embeddings output by popular LMs has been
proposed (Song and Raghunathan, 2020), without
any assumptions on the structures or patterns in
input text. Carlini et al. (2020b) also show a pow-
erful black-box attack on GPT-2 (Radford et al.,
2019) that extracts verbatim texts of training data.
Defense with rigorous guarantees (DP) is thus vital.

Differential privacy and its application in NLP.
DP (Dwork, 2006) has emerged as the de facto
standard for statistical analytics (Wang et al., 2017,
2018; Cormode et al., 2018). A few efforts in-
ject high-dimensional DP noise into text represen-
tations (Feyisetan et al., 2019, 2020; Lyu et al.,
2020a,b). The noisy representations are not human-
readable and not directly usable by existing NLP
pipelines, i.e., they consider a different problem
not directly comparable to ours. More importantly,
they fail to strike a nice privacy-utility balance due
to “the curse of dimensionality,” i.e., the magnitude
of the noise is too large for high-dimensional token
embedding, and thus it becomes exponentially less
likely to find a noisy embedding close to a real one
on every dimension. This may also explain why an
earlier work focuses on document-level statistics
only, e.g., term-frequency vectors (Weggenmann
and Kerschbaum, 2018).

Our approaches produce natively usable sani-
tized texts via directly sampling a substitution for
each token from a precomputed distribution (to
be detailed in Section 4), circumventing the di-
mension curse and striking a privacy-utility trade-
off while being much more efficient. A concur-
rent work (Qu et al., 2021) also considers the
whole NLP pipeline, but it still builds on the token-
projection approach (Feyisetan et al., 2020).

Privacy-preserving text representations. Learn-
ing private text representations via adversarial train-
ing is also an active area (Xie et al., 2017; Coavoux
et al., 2018; Elazar and Goldberg, 2018; Li et al.,
2018). An adversary is trained to infer sensitive
information jointly with the main model, while the
main model is trained to maximize the adversary’s
loss and minimize the primary learning objective.
While we share the same general goal, our aim is
not such representations (similar to those with DP)
but to release sanitized text for general purposes.

3 Defining (Local) Differential Privacy

Suppose each user holds a document D = 〈xi〉Li=1

of L tokens (which can be a character, a subword,
a word, or an n-gram), where xi is from a vocabu-
lary V of size |V|. For privacy, each user derives a
sanitized version D̂ by running a common text san-
itization mechanismM over D on local devices.
Specifically,M works by replacing every token xi
in D with a substitution yi ∈ V , assuming that xi
itself is unnecessary for NLP tasks while its seman-
tics should be preserved for high utility. The output
D̂ is then shared with an NLP service provider.

We consider a typical threat model in which each
user does not trust any other party and views them
as an attacker with access to D̂ in conjunction with
any auxiliary information (includingM).

3.1 (Variants of) Local Differential Privacy

Let X and Y be the input and output spaces. A ran-
domized mechanismM : X → Y is a probabilistic
function that assigns a random output y ∈ Y to an
input x ∈ X . Every y induces a probability distri-
bution on the underlying space. For sanitizing text,
we set both X and Y as the vocabulary V .

Definition 1 (ε-LDP (Duchi et al., 2013)). Given
a privacy parameter ε ≥ 0, M satisfies ε-local
differential privacy (ε-LDP) if, for any x, x′, y ∈ V ,

Pr[M(x) = y] ≤ eε · Pr[M(x′) = y].

Given an observed output y, from the attacker’s
view, the likelihoods y is derived from x and x′ are
similar. A smaller ε means better privacy due to a
higher indistinguishability level of output distribu-
tions, yet the outputs retain less utility.
ε-LDP is a very strong privacy notion for its

homogeneous protection over all input pairs. How-
ever, this is also detrimental to the utility: no matter
how unrelated x and x′ are, their output distribu-
tions must be similar. As a result, a sanitized token
y may not (approximately) capture the semantics
of its input x, degrading the downstream tasks.

LDP over metric spaces. To capture seman-
tics, we borrow the relaxed notion of Metric-LDP
(MLDP) (Alvim et al., 2018) originally proposed
for location privacy (Andrés et al., 2013) with the
distance metric d(·, ·) between two locations (e.g.,
Manhattan distance (Chatzikokolakis et al., 2013)).

Definition 2 (MLDP). Given ε ≥ 0 and a distance
metric d : V × V → R≥0 over V , M satisfies
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MLDP or ε · d(x, x′)-LDP if, for any x, x′, y ∈ V ,

Pr[M(x) = y] ≤ eε·d(x,x′) · Pr[M(x′) = y].

When d(x, x′) = 1 ∀x 6= x′, MLDP becomes
LDP. For MLDP, the indistinguishability of output
distributions is further scaled by the distance be-
tween the respective inputs. Roughly, the effect of
ε becomes “adaptive.” To apply MLDP, one needs
to carefully define the metric d (see Section 4.2).
Incorporating ULDP to further improve utility.
Utility-optimized LDP (Murakami and Kawamoto,
2019) (ULDP) also relaxes LDP, which was origi-
nally proposed for aggregating ordinal responses.
It exploits the fact that different inputs have differ-
ent sensitivity levels to achieve higher utility. By
assuming that the input space is split into sensitive
and non-sensitive parts, ULDP achieves a privacy
guarantee equivalent to LDP for sensitive inputs.

In our context, more formally speaking, let VS ⊆
V be the set of sensitive tokens common to all users,
and VN = V \ VS be the set of remaining tokens.
The output space V is split into the protected part
VP ⊆ V and the unprotected part VU = V \ VP .

The image of VS is restricted to VP , i.e., a sen-
sitive x ∈ VS can only be mapped to a protected
y ∈ VP . For text, we can set VS = VP for simplic-
ity. While a non-sensitive x ∈ VN can be mapped
to VP , every y ∈ VU must be mapped from VN ,
which helps to improve the utility.

3.2 Our New Utility-optimized MLDP Notion
Among many variants of (L)DP notions, we found
the above two variants (i.e., ULDP and MLDP)
provide useful insight in quantifying semantics and
privacy of text data. We thus formulate the new pri-
vacy notion of utility-optimized MLDP (UMLDP).
Definition 3 (UMLDP). Given VS ∪VN = V , two
privacy parameters ε, ε0 ≥ 0, and a distance met-
ric d : V × V → R≥0,M satisfies (VS ,VP , ε, ε0)-
UMLDP, if
i) for any x, x′ ∈ V and any y ∈ VP , we have

Pr[M(x) = y] ≤ eεd(x,x′)+ε0 Pr[M(x′) = y];

ii) for any y ∈ VU , i.e., from an unprotected set VU
where VU ∩ VP = ∅, there is an x ∈ VN such that

Pr[M(x) = y] > 0,

Pr[M(x′) = y] = 0 ∀x′ ∈ V \ {x}.
Figure 2 summarizes the treatment of UMLDP. It

exhibits “invertibility,” i.e., y ∈ VU must be “noise-
free” and mapped deterministically. Apart from

(𝜀𝑑 + 𝜀!)-LDP

Invertible map

𝒱𝑆 𝒱𝑃

𝒱𝑁 𝒱𝑈

Figure 2: Overview of our new UMLDP notion

generalizing ε in the ULDP definition (recalled in
Appendix A.1) into εd(x, x′), we incorporate an
additive bound ε0 due to the invertibility, which
makes the derivation of ε easier. Looking ahead,
ε0 would appear naturally in the analysis of our
UMLDP mechanism for the invertible case.

UMLDP (and MLDP), as an LDP notion, sat-
isfies the composability and free post-processing.
The former means that the sequential execution of
ε1-LDP and ε2-LDP mechanisms satisfies (ε1+ε2)-
LDP, i.e., ε can be viewed as the privacy “budget”
of a sophisticated task comprising multiple subrou-
tines, each consumes a part of ε such that their sum
equals ε. The latter means further processing the
mechanism outputs incurs no extra privacy loss.

4 Our Privacy-Preserving NLP Pipeline

4.1 Overview

We propose two token-wise sanitization methods
with (U)MLDP: SANTEXT and SANTEXT+, which
build atop a variant of the exponential mechanism
(EM) (McSherry and Talwar, 2007) over the “na-
tive” text tokens as both input and output spaces
to avoid going to the “cursed dimensions” of token
embeddings. EM samples a replacement y for an
input x based on an exponential distribution, with
more “suitable” y’s sampled with higher probabil-
ity (detailed below). It is well-suited for (U)MLDP
by considering the “suitability” as how well the se-
mantics of x is preserved for the downstream tasks
(run over the sanitized text y) to remain accurate.

To quantify this, we utilize an embedding model
mapping tokens into a real-valued vector space.
The semantic similarity among tokens can then be
measured via the Euclidean distance between their
corresponding vectors. Our base design SANTEXT

outputs y with probability inverse proportional to
the distance between x and y: the shorter the dis-
tance, the more semantically similar they are. SAN-
TEXT+ considers some tokens VN in V are non-
sensitive, and runs SANTEXT over the sensitive
part VS = V \ VN (i.e., it degenerates to SAN-
TEXT if VS = V). For VN , we tailor a probability
distribution to provide UMLDP as a whole.
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Algorithm 1: Base Mechanism SANTEXT

Input: A private document D = 〈xi〉Li=1,
and a privacy parameter ε ≥ 0

Output: Sanitized document D̂
1 Derive token vectors φ(xi) for i ∈ [1, L];
2 for i = 1, . . . , L do
3 RunM(xi) to sample a sanitized token

yi with probability defined in Eq. (1);
4 end
5 Output sanitized D̂ as 〈yi〉Li=1;

With SANTEXT or SANTEXT+, each user sani-
tizesD into D̂ and uploads it to the service provider
for performing any NLP task built atop a pretrained
LM, e.g., BERT. Typically, the task pipeline con-
sists of an embedding layer, an encoder module,
and task-specific layers, e.g., for classification.

Without the raw text, the utility can degrade;
we thus propose two approaches for improving it.
The first one is to pretrain only the encoder on the
sanitized public corpus to adapt to the noise. It is
optional if pretraining is deemed costly. The sec-
ond is to fine-tune the full pipeline on D̂’s, which
updates both the encoder and task layers.

4.2 Base Sanitization Mechanism: SANTEXT

In NLP, a common step is to employ an embed-
ding model1 mapping semantically similar tokens
to close vectors in a Euclidean space. Concretely,
an embedding model is an injective mapping φ :
V → Rm, for dimensionality m. The distance be-
tween any two tokens x and x′ can be measured
by the Euclidean distance of their embeddings:
d(x, x′) = deuc(φ(x), φ(x′)). As φ is injective,
d satisfies the axioms of a distance metric.

Algorithm 1 lists the pseudo-code of SANTEXT

for sanitizing a private document D at the user side.
The first step is to use φ to derive token embeddings
of each token2 x in D. Then, for each x, we run
M(x) to sample a sanitized y with probability

Pr[M(x) = y] = Cx · e−
1
2
ε·deuc(φ(x),φ(y)) (1)

where Cx = (
∑

y′∈V e
− 1

2
ε·deuc(φ(x),φ(y′)))−1.

The smaller deuc(φ(x), φ(y)), the more likely y
is to replace x. To boost the sanitizing efficiency,
we can precompute a |V| × |V| probability matrix,
where each entry (i, j) denotes the probability of
outputting yj on input xi, upon obtaining φ(x) for

1We assume that it has been trained on a large public
corpus and shared by all users.

2For easy presentation, we omit the subscript i later.

Algorithm 2: Enhanced SANTEXT+

Input: A private document D = 〈xi〉Li=1, a
privacy parameter ε ≥ 0, probability
p for a biased coin, and sensitive VS

Output: Sanitized document D̂
1 Derive token vectors φ(xi) for i ∈ [1, L];
2 for i = 1, . . . , L do
3 if xi ∈ VS then
4 Sample a substitution yi ∈ VP = VS

with probability given in Eq. (1) .
Run SANTEXT over VS and VP ;

5 else
6 Output yi = xi with prob. (1− p);

or yi ∈ VP with prob. in Eq. (2);
7 end
8 end
9 Output sanitized D̂ as 〈yi〉Li=1;

∀x ∈ V . Lastly, the sanitized D̂ = 〈yi〉Li=1 can be
released to the service provider for NLP tasks.

4.3 Enhanced Mechanism: SANTEXT+

In SANTEXT, all tokens in V are treated as sensi-
tive, which leads to excessive protection and utility
loss. Following the less-is-more principle, we di-
vide V into VS and VN , and focus on protecting VS .

Observing that most frequently used tokens (e.g.,
a/an/the) are non-sensitive to virtually all users, we
use token frequencies for division. A simple strat-
egy, which is also used in our experiments, is to
mark the top w of low-frequency tokens (according
to a certain corpus) as VS , where w is a tunable
parameter. Looking ahead, this “basic” method
already showed promising results. (Further discus-
sion can be found in Section 4.5).

Algorithm 2 lists the pseudo-code of SANTEXT+

with VS = VP and VN = VU shared by all users.
The first step, as in SANTEXT, is to derive the token
embeddings in D. Then, for each token x, if it is
in VS , we sample its substitution y from VP with
probability given in Eq. (1). (This is equivalent to
running SANTEXT over VS and VP .) For x ∈ VN ,
we toss a biased coin. With probability (1− p), we
output y as x (i.e., the “invertibility”). Otherwise,
we sample y ∈ VP with probability

Pr[M(x) = y] = p · Cx · e−
1
2
ε·deuc(φ(x),φ(y)) (2)

where Cx = (
∑

y′∈VP e
− 1

2
ε·deuc(φ(x),φ(y′)))−1.

As in SANTEXT, we can also precompute two
|VS | × |VP | and |VN | × |VP | probability matrices,
which correspond to Eq. (1) and (2), for optimizing
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the sanitizing efficiency. Lastly, the sanitized D̂ of
〈y〉Li=1 can be released to the service provider.

Theorem 1. Given ε ≥ 0 and deuc over the embed-
ding space φ of V , SANTEXT satisfies MLDP.

Theorem 2. Given (VS = VP ) ⊆ V , ε ≥ 0, ε0 =
ln 1

p ≥ 0, and deuc over the embedding space φ
of V , SANTEXT+ satisfies (VS ,VP , ε, ε0)-UMLDP.

Their proofs are in Appendix A.2.

4.4 NLP over Sanitized Text

With D̂’s (shared by the users), the service provider
can perform any NLP task. In this work, we focus
on those built on a pretrained LM, and in particu-
lar, we study BERT as an example due to its wide
adoption and superior performance. The full NLP
pipeline is deployed at the service provider.

Given a piece of (sanitized) text, the embedding
layer maps it to a sequence of token embeddings.
The encoder computes a sequence representation
from the token embeddings, allowing task-specific
layers to make predictions. For example, the task
layer could be a feed-forward neural network for
multi-label classification of a diagnosis system.

The injected noise deteriorates the performance
of downstream tasks as the service provider cannot
access the raw texts {D}. To mitigate this, we
propose two approaches – pretraining the encoder
and fine-tuning the full pipeline, which allow the
tasks to be “adaptive” to the noise to some extent.

Pretraining BERT over sanitized public corpus.
Besides D̂’s, the service provider can also obtain
a massive amount of text that is publicly available
(say, the English Wikipedia). It also has access to
the sanitization mechanisms, and it can produce the
sanitized public text (as how users produce D̂’s).

Our key idea is to let the service provider pretrain
the encoder (i.e., BERT) over the sanitized public
text, making it more “robust” in handling D̂’s. We
thus initialize the encoder with the original BERT
checkpoint and conduct further pretraining with an
adapted masked language model (MLM) loss. In
more detail, the adapted MLM objective is to pre-
dict the original masked tokens given the sanitized
context instead of the one from the raw public text.
We note that this is beneficial for improving the
task utility, yet may breach the user privacy as the
objective learns to “recover” the original tokens or
semantics. In Section 5.4, our results will show that
such pretrained BERT indeed improves accuracy,
with comparable privacy as in original BERT.

Fine-tuning the full NLP pipeline. After pretrain-
ing BERT using sanitized public text, the service
provider can further improve the efficacy of down-
stream tasks by fine-tuning the full pipeline. We
assume that the ground-truth labels are available to
the service provider, say, inferring from D̂’s when
they can preserve similar semantics to the raw text.
Then, the sanitized text-label pairs are used for
training/fine-tuning downstream task models, with
gradients back-propagated to update the parame-
ters of both the encoder and task layer. We leave
more realistic/complex labeling processes based on
sanitized texts as future work.

4.5 Definition of “Sensitivity”
Simply treating the top w of least frequent tokens
(e.g., according to a public reference corpus) as the
sensitive token set already led to promising results
(see Section 5.2). By this definition, stop words
are mostly non-sensitive (e.g., for w = 0.9 over
the sentiment classification dataset we used, ∼98%
of the stop words are deemed non-sensitive). For
context-specific corpus, this strategy is better than
merely using stop words, e.g., breast cancer be-
comes non-sensitive among breast-cancer patients.

Sophisticated machine-learning approaches or
other heuristics could also be considered, e.g., train-
ing over context-specific reference corpus or iden-
tifying tokens with personal (and hence sensitive)
information (e.g., names). We leave as future work.

Moreover, the definition of sensitivity may vary
across users. Some may consider a token deemed
non-sensitive by most other users sensitive. The
original ULDP work (Murakami and Kawamoto,
2019) has discussed a personalized mechanism that
preprocesses such tokens by mapping them to a set
of semantic tags, which are the same for all users.
These tags will be treated as sensitive tokens for
the ULDP mechanism. Apparently, this approach
is application-specific and may not be needed in
some applications; hence we omit it in this work.

5 Experiments

5.1 Experimental Setup
We consider three representative downstream NLP
tasks (datasets) with privacy implications.

Sentiment Classification (SST-2). When people
write online reviews, especially the negative ones,
they may worry about having their identity traced
via writing too much that may provide hints of
authorship or linkage to other online writings. For
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Mechanisms SST-2 MedSTS QNLI
ε = 1 ε = 2 ε = 3 ε = 1 ε = 2 ε = 3 ε = 1 ε = 2 ε = 3

Random 0.4986 0.4986 0.4986 0.0196 0.0196 0.0196 0.5152 0.5152 0.5152
Feyisetan et al. (2020) 0.5099 0.5143 0.5345 0.0201 0.0361 0.0452 0.5162 0.5256 0.5333
SANTEXT 0.5101 0.5838 0.8374 0.0351 0.5392 0.8159 0.5372 0.5598 0.8116
SANTEXT+ 0.7796 0.7943 0.8516 0.4965 0.7082 0.8162 0.7699 0.7760 0.8131

Unsanitized 0.9251 0.8527 0.9090

Table 1: Utilities comparison of sanitization mechanisms under similar privacy levels using the GloVe embedding

this task, we use the preprocessed version in GLUE
benchmark (Wang et al., 2019) of (binary) Stanford
Sentiment Treebank (SST-2) dataset (Socher et al.,
2013). Accuracy (w.r.t. the ground truth included
in the dataset) is used as the evaluation metric.

Medical Semantic Textual Similarity (Med-
STS). Automated processing of patient records is a
significant research direction, and one such task is
computing the semantic similarity between clinical
text snippets for the benefit of reducing the cog-
nitive burden. We choose a very recent MedSTS
dataset (Wang et al., 2020) for this task, which as-
signs a numerical score to each pair of sentences,
indicating the degree of similarity. We report the
Pearson correlation coefficient (between predicted
similarities and human judgments) for this task.

Question Natural Language Inference (QNLI).
Question-answering (QA) aims to automatically
answer user questions based on documents. We
consider a simplified setting of QA, namely QNLI,
which predicts whether a given document contains
the answer to the question. We use the QNLI
dataset from GLUE benchmark (Wang et al., 2019).

We implement our sanitized mechanisms using
Python and the sanitization-aware training using
the Transformers library (Wolf et al., 2020). We
use sanitized data to train and test prediction mod-
els for all three tasks. We either build vocabularies
for the tasks using GloVe embeddings (Penning-
ton et al., 2014) or adopt the same BERT vocab-
ulary (Devlin et al., 2019). Table 2 shows their
sizes. Our sanitization-aware pretraining uses Wi-
kiCorpus (English version, a 2006 dump, 600M
words) (Reese et al., 2010). We start from the
bert-base-uncased (instead of randomly ini-
tialized) model to accelerate the pretraining.

We set the maximum sequence length to 512,
training epoch to 1, batch size to 6, learning rate to
5e-5, warmup steps to 2000, and MLM probability
to 0.15. Our sanitization-aware fine-tuning uses the
bert-base-uncased model for SST-2/QNLI,
and ClinicalBERT (Alsentzer et al., 2019) for
MedSTS. We set the maximum sequence length

Figure 3: Performance of SANTEXT+ over (w, p)
when fixing ε = 2 based on the GloVe embedding
to 128, training epochs to 3, batch size to 64 for
SST-2/QNLI or 8 for MedSTS, and learning rate to
2e-5 for SST-2/QNLI or 5e-5 for MedSTS. Other
hyperparameters are kept default. Our hyperparam-
eters followed the transformer library (Wolf et al.,
2020) and popular setups in the original dataset
literature (Wang et al., 2019, 2020).

5.2 Comparison of Sanitization Mechanisms

We first compare our SANTEXT and SANTEXT+

with random sanitization and the state-of-the-art
of Feyisetan et al. (FBDD). Here, we use the GloVe
embedding as in FBDD for a fair comparison. Ran-
dom sanitization picks a token from the vocabu-
lary uniformly. We set the UMLDP parameters
p = 0.3, w = 0.9 for SANTEXT+ (while Figure 3
plots the impacts of p and w when fixing ε = 2).

Table 1 shows the utility of the four mechanisms
for the three selected tasks at different privacy lev-
els. FBDD has a higher utility than random replace-
ments. While both FBDD and SANTEXT are based
on word embeddings, SANTEXT does not suffer
from the “curse-of-dimensionality” and achieves
better utility at the same privacy level. SANTEXT+

achieves the best utilities in all cases since it allows
the non-sensitive tokens to be noise-free, lowering
the noise and improving the utility.

In terms of efficiency, our SANTEXT and SAN-
TEXT+ are very efficient (e.g., ∼2min for the SST-
2 dataset) compared with FBDD (∼117min) when
they all run on a 24 core CPU machine. This is
because our mechanisms only need to compute the
sampling probability once and use the same proba-
bility matrix for sampling each time, while FBDD
needs to recalculate the additive noise and re-search
the nearest neighbor each time.
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Figure 4: Privacy and Utility Tradeoffs of SANTEXT
in terms of Defense Rate (of the Mask Token Inference
Attack) versus Accuracy (ε =∞means “unsanitized.”)

Datasets GloVe embeddings BERT embeddings
V VS V VS

SST-2 14,730 13,258
30,522 27,469MedSTS 3,320 2,989

QNLI 88,159 79,343

Table 2: Sizes of vocabularies (w = 0.9 for VS)
5.3 Mask Token Inference Attack
From now on, we adopt the BERT embedding for
its superiority. As (U)MLDP is distance-metric de-
pendent, we need to use different ε’s (e.g., Figure 5)
to ensure a similar privacy level, specifically, ε · d.

Our sanitization mechanisms provide broad pro-
tection for seen/unseen attacks at a fundamental
level (by sampling noise to directly replace orig-
inal tokens) with formally-proven DP, e.g., two
guesses of the original token with different styles
are nearly probable in an attempt of authorship at-
tribution (Weggenmann and Kerschbaum, 2018) or
other “indirect” attacks. Here, we consider a mask
token inference attack as a representative study to
“confirm the theory” by empirically measuring the
“concrete” privacy level of sanitized texts.

To infer or recover original tokens given the san-
itized text, one can let a pretrained BERT model
infer the MASK token given its contexts. After all,
BERT models are trained via masked language
modeling. For each sanitized text of the down-
stream (private) corpus, we replace each token se-
quentially by the special token [MASK] and in-
put the masked text to the pretrained BERT model
to obtain the prediction of the [MASK] position.
Then, we compare the predicted token to the orig-
inal token in the raw text. Figure 4 reports the
defense rate (the proportion of unmatched tokens
to total tokens) and task utility of sanitized texts (by
SANTEXT) as well as unsanitized texts on SST-2
and QNLI. We see a privacy-utility trade-off: the
more restrictive the privacy guarantee (smaller ε),
the lower the utility score. Notably, we improve the
defense rate substantially with only a small amount
of privacy loss (e.g., when ε = 16, SANTEXT im-

Datasets ε
Utility

∆privacyOriginal +Pretrain

SST-2
12 0.6084 0.6208 0.0089
14 0.7548 0.7731 0.0101
16 0.8698 0.8830 -0.0046

QNLI
12 0.5822 0.6037 0.0076
14 0.7143 0.7309 -0.0047
16 0.8265 0.8369 -0.0039

Table 3: Sanitization-aware pretraining via SANTEXT

proves the defense rate by 20% with only 4% task
utility loss over the SST-2 dataset in Figure 4).

5.4 Effectiveness of Pretraining

We then show how the sanitization-aware pretrain-
ing further improves the utility but does not hurt the
original privacy. Specifically, Table 3 compares the
accuracy of sanitization-aware fine-tuning based
on the publicly-available bert-base-uncased
model and our sanitization-aware pretrained one at
different privacy levels on SST-2 and QNLI. Our
sanitization-aware pretrained BERT models can ob-
tain a 2% absolute gain on average. We conjecture
that it can be improved since our pretraining only
uses 1/6 of the data used in the original BERT
pretraining and 1 training epoch as an illustration.

To demonstrate that such utility improvement is
not obtained by sacrificing privacy, we record the
change of defense rate (∆privacy) in launching mask
token inference attacks on the original BERT mod-
els and our sanitization-aware pretrained BERT
models. As Table 3 confirmed, the privacy level of
our sanitization-aware pretrained model is nearly
the same as the original (sometimes even better).

5.5 Influence of Privacy Parameter ε

We aim at striking a nice balance between privacy
and utility by tuning ε. To empirically show the in-
fluence of ε, we report the utility and privacy scores
over the SST-2 dataset based on SANTEXT. The
utility score is the accuracy over the test set. We
define three metrics to “quantify” privacy. Firstly,
Nx = Pr[M(x) = x], which we estimate by the
frequency of seeing no replacement byM(). The
output distribution of x has full support over V , i.e.,
Pr[M(x) = y] > 0 for any y ∈ V . Yet, we are
interested in the effective support S, a set of y’s
with cumulative probability larger than a threshold,
and then define Sx as its size. Sx can be estimated
by the number of distinct tokens mapped from x.
Both Nx and Sx can be related to two extremes
of the Rényi entropy (Rényi, 1961), defined as
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Figure 5: Influence of privacy parameter ε of SANTEXT on the utility and privacy (Nx, Sx, S∗y ) based on the SST-2
dataset: The top panel is based on BERT embeddings, and the bottom panel is based on GloVe embeddings.

Hα(M(x)) = 1
1−α log(

∑
y∈V Pr[M(x) = y]α),

with an order α ≥ 0 and α 6= 1. The two extremes
are obtained by setting α = 0 and =∞, resulting
in the Hartley entropyH0 and the min-entropyH∞.
This implies that we can also approximate H0 and
H∞ by logSx and − logNx, respectively. Making
them large increases the entropy of the distribution.

Another important notion is plausible deniabil-
ity (Bindschaedler et al., 2017), i.e., a set of x’s
could have led to an output y with a similar prob-
ability. We define S∗y as the set size, estimated by
the number of distinct tokens mapped to y.

We run SANTEXT 1, 000 times for the whole
SST-2 dataset vocabulary. As Figure 5 shows, when
ε increases, the utility boosts and Nx increases
while Sx, S∗y , and the privacy level of the mecha-
nism decrease, which gives some intuition in pick-
ing ε, e.g., for ∼40% probability of replacing each
token to a different one based on the BERT embed-
dings (top panel), we could set ε = 15 since the
median of Nx is ∼60% and the accuracy is ∼81%.

6 Conclusion

Great predictive power comes with great privacy
risks. The success of language models enables in-
ference attacks. There are only a few works in
differentially private (DP) text sanitization, proba-
bly due to its intrinsic difficulty. A new approach
addressing the (inherent) limitation (e.g., in gener-
ality) of existing works is thus needed.

Theoretically, we formulate a new LDP notion,
UMLDP, which considers both sensitivity and sim-
ilarity. While it is motivated by text analytics, it re-
mains interesting in its own right. UMLDP enables
our natural sanitization mechanisms without the

curse of dimensionality faced by existing works.
Practically, we consider the whole PPNLP

pipeline and build in privacy at the root with
our sanitization-aware pretraining and fine-tuning.
With our simple and clear definition of sensitivity,
our work already achieved promising performance.
Future research in sophisticated sensitivity mea-
sures will further strengthen our approach.

Surprisingly, our PPNLP solution is discerning
like a cryptographic solution: it is kind (maintains
high utility) to the good but not as helpful to the bad
(not boosting up inference attacks). We hope our re-
sults with different metrics for quantifying privacy
can provide more insights in privacy-preserving
NLP and make it accessible to a broad audience.
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A Supplementary Formalism Details

A.1 Definition of ULDP

Definition 4 ((VS ,VP , ε)-ULDP (Murakami and
Kawamoto, 2019)). Given (VS = VP ) ⊆ V , a
privacy parameter ε ≥ 0,M satisfies (VS ,VP , ε)-
ULDP if it satisfies the properties:
i) for any x, x′ ∈ V and any y ∈ VP , we have

Pr[M(x) = y] ≤ eε Pr[M(x′) = y];

ii) for any y ∈ VU , there is an x ∈ VN such that

Pr[M(x) = y] > 0; Pr[M(x′) = y] = 0 for x 6= x′.

A.2 Differential Privacy Guarantee

Proof of Theorem 1. Consider L = 1, i.e., D =
〈x〉. For another document D′ with x′ ∈ V \ {x}
and a possible output y ∈ V:

Pr[M(x) = y]

Pr[M(x′) = y]

=
Cx · e−

1
2
ε·deuc(φ(x),φ(y))

Cx′ · e−
1
2
ε·deuc(φ(x′),φ(y))

=
Cx
Cx′
· e 1

2
ε·[d(x′,y)−d(x,y)]

≤ Cx
Cx′
· e 1

2
ε·d(x,x′)

=

∑
y′∈V e

− 1
2
ε·d(x′,y′)

∑
y′∈V e

− 1
2
ε·d(x,y′) · e

1
2
ε·d(x,x′)

≤e 1
2
ε·d(x,x′) · e 1

2
ε·d(x,x′) = eε·d(x,x

′)

The proof, showing SANTEXT ensures ε · d(x, x′)-
LDP, mainly relies on the triangle inequality of d.
To generalize to the case of L > 1, we sanitize
every token xi in D independently, and thus:

Pr[M(D) = D̂] =

L∏

i=1

Pr[M(xi) = yi].

Then, for any D,D′, the privacy bound is given as

Pr[M(D) = D̂]

Pr[M(D′) = D̂]
≤ eε·

∑L
i=1 d(xi,x

′
i),

which follows from the composability.

Proof of Theorem 2. Consider the case L = 1 with
D = x and D′ = x′. For x, x′ ∈ VS , the output y
is restricted to VP , with the proof identical to the
above theorem (as SANTEXT is run over VS ,VP ).

For x, x′ ∈ VN and y ∈ VP , we have

Pr[M(x) = y]

Pr[M(x′) = y]
=

p · Cx · e−
1
2
ε·deuc(φ(x),φ(y))

p · Cx′ · e−
1
2
ε·deuc(φ(x′),φ(y))

≤ eε·d(x,x′).

For x ∈ VS , x′ ∈ VN , and y ∈ VP , we have

Pr[M(x) = y]

Pr[M(x′) = y]
=

Cx · e−
1
2
ε·deuc(φ(x),φ(y))

p · Cx′ · e−
1
2
ε·deuc(φ(x′),φ(y))

≤ 1

p
· eε·d(x,x′) = eε·d(x,x

′)+ε0 .

The probability for x ∈ VN is (1−p). The above
inequalities thus show that SANTEXT+ ensures
the properties of UMLDP. Similarly, we use the
composability to generalize for L > 1.

A.3 Qualitative Observations

Below, we focus on SANTEXT sanitizing a single
token x. We first make two extreme cases explicit.
(1) When ε = 0, the distribution in Eq. (1) becomes
Pr[M(x) = y] = 1

|V| ,∀y ∈ V . SANTEXT is
perfectly private since y is uniformly sampled at
random, independent of x. Yet, such a y does not
preserve any information of x.
(2) When ε → ∞, we have Pr[M(x) = x] �
Pr[M(x) = y], y ∈ V \ {x}. Pr[M(x) = x]
dominates others since d(x, x) = 0 and d(x, y) >
0. This loses no utility as x almost stays unchanged,
yet provides no privacy either.

For a general ε ∈ (0,∞), the distribution has full
support over V , i.e., we have a non-zero probability
for any possible y ∈ V such thatM(x) = y. Also,
given y, y′ ∈ V with d(x, y) < d(x, y′), we have
Pr[M(x) = y] > Pr[M(x) = y′]. As ε increases,
Pr[M(x) = y] for the y’s with large d(x, y) goes
smaller (and even approaches 0). This means that
the output distribution becomes “skewed,” i.e., the
outputs concentrate on those y’s with small d(x, y).
This is good for utility, which stems from the se-
mantics preservation of every token. On the con-
trary, too much concentration weakens the privacy.

For SANTEXT+, the above results directly apply
to the case x ∈ VS (as SANTEXT is run over VS
and VP ). There is an extra p determining whether
a x ∈ VN is mapped to a y ∈ VP . If so, the results
are similar except with an extra multiplicative p. A
larger p leads to stronger privacy as the probability
(1− p) of x being unchanged becomes smaller.
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Dataset: SST-2

Mechanisms ε
Original Text:
it ’s a charming and often affecting journey .

SANTEXT

1 heated collide. charming activity cause challenges beneath tends
2 worse beg, charming things working noticed journey basically
3 all ’s. charming and often already journey demonstrating

SANTEXT+
1 it unclear a charming and often hounds journey
2 it exaggeration a charming feelings often lags journey .
3 it ’s a tiniest picked often affecting journey .

Dataset: QNLI

Mechanisms ε

Original Text:
When did Tesla move to New York City?
In 1882, Tesla began working for the Continental Edison Company in France,
designing and making improvements to electrical equipment.

SANTEXT

1
43 trapper Gaga MCH digest sputtering avenged Forced Laborers
Homage Ababa afer psychic 51,000 intercity lambasting nightmare–confederate Frontier
Britian Manor Londres shards pilot Mining faster alone Thessalonica Bessemer Lie Columbus

2
blame least ethos did tenth ballot Condemnation critical filmed
In 1883 3200 Conversion pushing 7:57 enabling Town stamp Time downwards Peterson France,
GSA emulating addresses appealing 47.4 electrical pull refreshing

3
Wave did Tesla It way Dru Tully breaking?
Tupelo 1875, Tesla began escaped for announcing Continental Edison Company in France
However designing and making improvements to electrical Chongqing add

SANTEXT+
1

Rodgers did Sung move to New plantation City ?
In K. innumerable Gunz began working sliding the Sultans Edison Company structured France
beaching designing disseminate making tribunals to lackluster equipment 40-foot

2
vaults did Tesla chunks introduces Teknologi Eyes City ?
In 866 , Tesla began working for the Analytical Edison Company Butterfly France ,
designing Sias siblings Noting circumventing electrical orient .

3
When did Tesla guideline to New York City ?
In 1885 , Tesla MG working for the Continental Edison Company in France ,
translating and dreamed improvements ascertain electrical lookout .

Table 4: Qualitative examples from the SST-2 and QNLI datasets: Sanitized text by our mechanisms at different
privacy levels based on GloVe embeddings

B Qualitative Examples

Table 4 shows two examples of sanitized texts out-
put by SANTEXT and SANTEXT+ at different pri-
vacy levels from the SST-2 and QNLI datasets.

C Supplementary Related Works

Privacy is a practically relevant topic that also poses
research challenges of diverse flavors. Below, we
discuss some “less-directly” relevant works, show-
casing some latest advances in AI privacy.

Cryptographic Protection of (Text) Analytics.
There has been a flurry of results improving
privacy-preserving machine-learning frameworks
(e.g., (Lou et al., 2020)), which make use of cryp-
tographic tools such as homomorphic encryption
and secure multi-party computation (SMC) for gen-
eral machine/deep learning. These cryptographic
designs can be adapted for many NLP tasks in prin-

ciple. Nevertheless, they will slow down computa-
tions by orders of magnitude since cryptographic
tools, especially fully homomorphic encryption,
are generally more heavyweight than the DP ap-
proaches. One might be tempted to replace cryp-
tography with ad hoc heuristics. Unfortunately, it
is known to be error-prone (e.g., a recently pro-
posed attack (Wong et al., 2020) can recover model
parameters during “oblivious” inference).

A recent trend (e.g., (Wagh et al., 2021)) relies
on multiple non-colluding servers to perform SMC
for secure training. However, SMC needs multiple
rounds of communication. It is thus more desirable
to have a dedicated connection among the servers.

Albeit with better utility (than DP-based de-
signs), cryptographic approaches mostly consider
immunity against membership inference (Shokri
et al., 2017) to be out of their protection scope since
DP mechanisms could be applied over the training
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data before the cryptographic processing.
There is a growing interest in privacy-preserving

analytics in the NLP community too. Very recently,
TextHide (Huang et al., 2020) devises an “encryp-
tion” layer for the hidden representations. Unfortu-
nately, it is shown to be insecure by cryptographers
and privacy researchers Carlini et al. (2020a).

Hardware-Aided Approaches. GPU can com-
pute linear operations in a batch much faster than
CPU. Nevertheless, we still need a protection mech-
anism in using GPU, another protection mechanism
for the non-linear operations, and their secure in-
tegration. In general, utilizing GPU for privacy-
preserving machine-learning computations is non-
trivial (e.g., see (Ng and Chow, 2021) for an ex-
tended discussion).

To exploit the parallelism of GPU while mini-
mizing the use of cryptography, one can resort to a
trusted processor (e.g., Intel SGX) for performing
non-linear operations within its trusted execution
environment (TEE) Note that one still needs to
use cryptographic protocols to outsource the linear
computation to (untrusted) GPU. Slalom (Tramèr
and Boneh, 2019) is such a solution that supports
privacy-preserving inference. Training is a more
challenging task that was left as an open challenge.
Recently, it is solved by Goten (Ng et al., 2021).
Notably, both works are from cryptographers but
also get recognized by the AI community.

Finally, we remark that the use of TEE is not
a must in GPU-enabled solutions. For example,
GForce (Ng and Chow, 2021) is one of the pioneer-
ing works that proposes GPU-friendly protocols
for non-linear layers with other contributions.
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Abstract

Open-domain neural dialogue models have
achieved high performance in response rank-
ing and evaluation tasks. These tasks are
formulated as a binary classification of re-
sponses given in a dialogue context, and mod-
els generally learn to make predictions based
on context-response content similarity. How-
ever, over-reliance on content similarity makes
the models less sensitive to the presence of in-
consistencies, incorrect time expressions and
other factors important for response appro-
priateness and coherence. We propose ap-
proaches for automatically creating adversar-
ial negative training data to help ranking and
evaluation models learn features beyond con-
tent similarity. We propose mask-and-fill and
keyword-guided approaches that generate neg-
ative examples for training more robust dia-
logue systems. These generated adversarial re-
sponses have high content similarity with the
contexts but are either incoherent, inappropri-
ate or not fluent. Our approaches are fully
data-driven and can be easily incorporated in
existing models and datasets. Experiments
on classification, ranking and evaluation tasks
across multiple datasets demonstrate that our
approaches outperform strong baselines in pro-
viding informative negative examples for train-
ing dialogue systems.1

1 Introduction

Due to growing availability of dialogue corpora (Li
et al., 2017; Zhang et al., 2018; Smith et al., 2020)
and the advancement of neural architectures (Rad-
ford et al., 2019; Brown et al., 2020; Devlin et al.,
2019), dialogue systems have achieved consider-
able success. As typically formulated, dialogue
models generate one or more candidate responses

1Code and data are publicly available https:
//github.com/prakharguptaz/Adv_gen_
dialogue

to a provided context, consisting of past dialogue
turns. Dialogue ranking (Zhou et al., 2018; Wu
et al., 2019) and evaluation models (Tao et al.,
2018; Yi et al., 2019; Sato et al., 2020), in turn, are
deployed to select and score candidate responses
according to coherence and appropriateness.

Ranking and evaluation models are generally
trained using true positive responses and randomly
selected negative responses, which raises two is-
sues. First, random negative candidates often have
low content similarity with the context, and thus
models learn to associate response coherence and
appropriateness with content similarity (Yuan et al.,
2019; Whang et al., 2021; Sai et al., 2020). In
real systems, generated response candidates tend
to be more similar in terms of content, and so other
factors (e.g., time expressions, dialogue acts, in-
consistencies) tend to be more important. Second,
randomly selecting candidates as negative exam-
ples in an open domain context can result in false
negatives, leading to misclassification of appropri-
ate responses.

To make dialogue models more robust to the
spurious pattern of content similarity, prior work
proposed to leverage adversarial and counterfactual
examples (Kaushik et al., 2020; Srivastava et al.,
2020). A reliable method for creating counterfac-
tual data is to collect human-written adversarial
negative responses (Sai et al., 2020), but it is expen-
sive, time-consuming, and difficult to scale. Our
goal is to create reliable automatic methods for
synthesizing adversarial negative responses.

The most common approach to generating natu-
ral language adversarial examples is to paraphrase
or insert typos, synonyms, or words relevant to the
context in the inputs (Iyyer et al., 2018; Ebrahimi
et al., 2018; Alzantot et al., 2018; Zhang et al.,
2019). In open domain conversations, however, a
context can have a wide range of possible responses
with varied forms and semantics. Small lexical
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Error category Description Sample responses

C-ent Incorrect entities
or actors (R,G)

Incorrect subject or object of
verbs or presence of one or more
incorrect entities or coreference.

Context: I am so happy that you are doing okay.
Response: My friend is always happy.

C-time Incorrect Time
expressions (R)

Use of incorrect time expressions
or tense of verbs.

Context: What are you going to do on Monday?
Response: Yesterday, I celebrated my daughter’s wed-
ding anniversary.

C-cont Contradictory
or extraneous
details (R,G)

Presence of details which make
the response inconsistent within
itself or contradict the context

Context: A: I don’t know why I bothered to come
here.
B: Did you enjoy your stay?
Response: I enjoyed the concert a lot.

C-speaker Incorrect speaker
turn (R)

The response is relevant to the
conversation but from the wrong
speaker.

Context: What starting salary would you expect here?
Response: If you work overtime, I will pay you extra
salary.

C-follow Does not directly
address the con-
text (R,G)

The response does not follow im-
mediately from the context.

Context: What would you like for main course sir?
Response: I know very well how to make noodles,
and I taught one of my friends.

C-strat Incorrect strate-
gies (R,G)

Use of incorrect dialogue act,
emotion, persona or style

Context: I can’t find the paper clips.
Response: Ok, great work.

C-lang Poor language
(G)

Presence of poor grammar, incor-
rect sentence structures or repeti-
tions

Context: Do you have mixed drinks available here?
Response: Yes. This order is divided by 16 divided
for main main ones of order.

Table 1: Error categories prevalent in inappropriate responses with high context-response semantic relatedness.
We present 7 categories with their descriptions and sample context and response pairs. For each category we also
indicate whether it is frequently observed in Retrieval (R) or Generation (G) models. Models which simply learn to
associate response coherence with content similarity often ignore these errors. Our approaches create adversarial
negative data for training dialogue models by introducing such errors in context relevant utterances.

variations via substitutions and paraphrasing do not
provide adequate coverage over the possible space
of adversarial responses, and they can also lead to
generation of false negatives due to the open-ended
nature of dialogues. Creating adversarial dialogue
responses is thus different, and can be more chal-
lenging than in other natural language domains.

We propose two approaches for adversarial re-
sponse creation: 1) a mask-and-fill approach that
corrupts gold responses related to the context but
retains content similarity, and 2) a keyword-guided
generative approach that uses concepts from the
context to generate topically relevant but incoher-
ent responses. These approaches do not require
additional annotations, are black-box (do not need
access to model parameters), and are easily adapted
to new datasets and domains.

The main contributions of this paper are: 1) We
identify and discuss error patterns present in re-
trieval and generation model outputs, which are
difficult to detect due to high content similarity; 2)
To the best of our knowledge, we are the first to
propose automatic approaches for creating adver-
sarial responses for dialogue model training in a
black-box setting; and, 3) We demonstrate that our
proposed approaches achieve better performance
compared to strong baselines on two datasets on di-
alogue classification, ranking and evaluation tasks.

2 Properties of Adversarial Responses

Models trained using randomly sampled negative
examples tend to assign high scores to responses
with high content similarity with the context, and
often ignore other important factors necessary for
response appropriateness and coherence. There-
fore, we aim to generate adversarial negative re-
sponses which have high content similarity with
the context, but which still possess factors render-
ing the responses inappropriate to the context. We
present the categorization of such factors or error
types which can make a response inappropriate
in Table 1. For each category, we provide its de-
scription and sample context-response pairs. To
create this categorization, we manually analyzed
responses present in outputs of generative models,
candidates of retrieval sets, and human written ad-
versarial dialogue responses (Sai et al., 2020). Cat-
egories C-ent, C-time and C-cont are errors related
to various inconsistencies and logical flaws in the
responses and indicate poor response appropriate-
ness. Categories C-speaker, C-follow and C-strat
are error types specific to the dialogue setting and
indicate poor response coherence. Category C-lang
indicates poor response fluency. Our categorization
of errors is inspired by the categorization suggested
by Pagnoni et al. (2021) for factuality of summa-
rization, and Higashinaka et al. (2019); Ko et al.
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(2019) and Sato et al. (2020) for dialogue. These
categories inform our approaches as well as error
analysis.

3 Methodology

For a given dialogue context C and its gold re-
sponse Rg, our goal is to generate an adversar-
ial response Ra such that while achieving high
scores from dialogue ranking or evaluation models,
it should not be a valid response to the context C.
Dialogue ranking and evaluation models trained
with such hard synthetic negative responses should
learn to associate response relevance with features
beyond content similarity, and hence become ro-
bust against spurious features.

The adversarial responses should satisfy the fol-
lowing criteria: 1) have high content similarity with
input contexts; 2) have one or more errors (Table 1)
which make the response inappropriate to the con-
text; 3) be hard training examples, that is, they
should likely be misclassified by current models
as correct; and 4) sufficiently cover errors which
occur naturally in model generated responses and
retrieval candidates, and therefore they should be
plausible and diverse. We propose two approaches
for synthesizing adversarial negative examples -
a mask-and-fill approach and a keyword-guided
generation approach which we discuss next.

3.1 Mask-and-fill Approach

This approach modifies and corrupts original utter-
ances related to a context as shown in Figure 1. It
consists of two steps: 1) masking, where one or
more tokens of an original utterance are masked
out; and 2) infilling, where the masked out tokens
are substituted with new tokens. For a context C,
the set of original utterances consists of:
• Set of ground truth responses of the context - Rg.
• Set of utterances from the context - Uc.
• Set of retrieved responses based on context - Re.
Masking: We use the hierarchical masking func-
tion from Donahue et al. (2020) which selectively
masks spans at the granularities of words, n-grams,
and sentences. We apply the masking function
to each utterance multiple times to get up to 3
masked versions per utterance. Each utterance is
constrained to have at least two masked spans. The
spans are selected randomly for masking follow-
ing Donahue et al. (2020).
Infilling: We extend the Infilling Language Model
(ILM) from Donahue et al. (2020) for dialogue

Figure 1: Mask-and-fill approach using ILM model.
ILM is trained to infill n-grams in place of blanks in
a response. Tokens after [infill] replace the [blank]
tokens. During training, Mask-and-fill learns to infill
responses conditioned on the correct context. During
testing, it infills the response conditioned on a random
context which introduces errors in the response.

response infilling (Figure 1). The ILM model is
a GPT-2 (Radford et al., 2019) based language
model. For any piece of text t with some spans
masked with [blank] tokens, it is trained to predict
the blanked spans in t as a sequence generation
problem. Each blank is infilled with an n-gram
which can consist of one or more tokens. For gen-
erating adversarial responses, infilling is done by
conditioning on random contexts Crand instead of
the original context C to introduce various cate-
gories of errors (Table 1). For example in Figure 1,
conditioning on a random context leads to the infill-
ing of “the marriage” in the response, introducing
error of type C-ent. For the context “Did you stay
your stay at our hotel?” it generates a response
“I enjoyed at lot at the marriage”. By corrupting
the three types of utterances Rg, Uc and Re, this
approach is able to introduce errors covering the 7
categories in Table 1.
Preventing false negatives: Accidentally incorpo-
rating false negatives during training can lead to
the model learning to misclassify appropriate re-
sponses. However due to the open-ended nature of
dialogue responses, preventing generation of false
negatives is not trivial. In addition to conditioning
on random contexts, we incorporate the following
mechanisms during infilling to further reduce false
negative generation:
• Semantics of substitution: We only select token

substitutions which were not present in the tokens
which were blanked. We also lower the gener-
ation probability of the blanked tokens’ top 10
related words based on GloVe embedding (Pen-
nington et al., 2014) similarity by a factor of 100.
This ensures that the blanks are not infilled by the
originally blanked tokens or any related words.

• Degree of substitution - To ensure that the gen-
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Training
[context]

[keywords]
[response]

How long did it take you to get your license?
month [sep] license 
It took me 1 month to get the license

Testing
[context]

[keywords]
[response]

We should visit the park today.
license
We will bring our license and documents.

Figure 2: Keyword-guided approach for adversarial re-
sponse generation. During training, the model learns
to generate a response conditioned on its keywords and
the correct context. During testing, it generates the re-
sponse conditioned on a random context and keywords
extracted from the correct context. The generated re-
sponse thus shares content with the test context but
does not directly address the context.

erated negative response is sufficiently different
from the original utterance, we filter out the orig-
inal utterance if the number of words in the utter-
ance after stop-word removal is less than 2. We
also filter a generated response if the difference
in count of non stop-words between the original
and generated response is less than 2.

Improving fluency: The ILM model often gener-
ates responses with poor grammar or structure. To
improve the fluency of the adversarial response sets,
we first generate up to 4 different infilled variations
of the masked original utterances, then score them
using a GPT-2 based scorer named lm-scorer2. We
then select the desired number of responses from
this larger set.

3.2 Keyword-guided Approach
This approach generates adversarial responses us-
ing keywords from the context as guidance, as
shown in Figure 2. The base generative architec-
ture is a GPT-2 based dialogue model and it is
trained to generate responses conditioned on the
context and the response keywords. For adversarial
response generation, the generation is conditioned
on a random context Crand and keywords from the
test context C. In Figure 2, for the context “How
long did it take you to get your license?” it gen-
erates a response “We will bring our license and
documents.” To create the keyword set K for a
response, the model selects n number of keywords
randomly from the set of all keywords extracted
from the context C, where n is chosen randomly
between 1 to 3 for every context. Keyword extrac-
tion is performed using Rake (Rose et al., 2010).

2https://github.com/simonepri/
lm-scorer

We call this model Key-context. Since the genera-
tion is conditioned on keywords from context C,
the generated response shares some content and
semantics with the test context. However, since it
is also conditioned on a random context Crand, the
generated response also incorporates entities, time
expressions, speaker role, dialogue act, and other
details based on Crand. Since the generation model
is not perfect, it also introduces errors related to flu-
ency. Hence, the model is able to introduce errors
covering the 7 categories in Table 1.

Key-context only uses keywords from the con-
text to induce content similarity with the context.
However, responses can have high content similar-
ity due to the presence of similar concepts rather
than just keywords. To introduce content similar-
ity at concept level, we expand the keyword set
K with their top 10 most related words based on
their GloVe embeddings. We use the gensim li-
brary3 to find the most related words. For example,
the related words for the keyword “christmas” are
“holidays” and “easter”. We replace a keyword in
keyword set K with one of its related words with a
probability of 0.5. We call this variant Key-sem.

3.3 Classification Model

Our classification model architecture is based on
the Speaker-Aware Bert (SA-Bert) model (Gu
et al., 2020). Given a dialogue context C =
{C1, C2, . . . , Ch} with Ck denoting kth utterance
in the context, a response r and a label y ∈ {0, 1},
the goal of the dialogue model M is to learn a
score s(C, r) by minimizing cross-entropy loss
function for the binary classification task. To cal-
culate s(C, r), C and r are concatenated, with
a prepended [CLS] token. The output vector
E[CLS] ∈ RH for the [CLS] token is used as the
aggregated representation for the context-response
pair classification. The final prediction is made
as ŷ = softmax(WE[CLS]), where W ∈ R2×H .
SA-Bert model incorporates speaker information
in two ways. First, an additional speaker embed-
ding is added to the token representations which
indicates the speaker’s identity for each utterance.
Second, a [EOT] token is added at the end of each
speaker turn. Before fine-tuning Bert model on the
classification task, we first adapt Bert to the dataset
by using the standard masked language model ob-
jective (Devlin et al., 2019).

3https://radimrehurek.com/gensim/
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4 Experiments

We test our approaches and baselines on dialogue
classification, ranking and evaluation tasks.

4.1 Training Details

We use the base-uncased checkpoints for
BERT (Devlin et al., 2019) and ELECTRA (Clark
et al., 2020) from the Hugging Face transformers
library (Wolf et al., 2020). We trained the models
with maximum sequence length of 128, maximum
number of training epochs set to 3, Adam optimizer
with initial learning rate of 5e-5 with linear decay,
batch size of 60 per GPU on machines with 4
Nvidia 2080Ti GPUs. For generation, we use
temperature of 0.9, nucleus sampling with p equal
to 0.9 and minimum length of 5. We repeat each
experiment three times (five times for BERT-based
models) with different random seeds, use the
validation split to select the best model, and report
the mean metric values. Validation was done every
200 batches.

4.2 Experimental Setup

4.2.1 Datasets
We use two open-domain dialogue datasets:
DailyDialog++ (Sai et al., 2020) and Per-
sonaChat (Zhang et al., 2018). DailyDialog++ con-
sists of 16900 dialogue contexts in train set, 1028
in validation set and 1142 in the test set. Each
context contains 5 positive responses and 5 random
negative responses. It also contains 5 adversarial re-
sponses per context collected through crowdsourc-
ing where annotators were instructed to create neg-
ative responses with high content similarity with
the context. A subset of 9259 out of the 16900
training contexts have 5 human-written adversarial
negative responses. It has two test sets, adversarial
test set and random test set, based on the type of
the negative response. PersonaChat dataset (Zhang
et al., 2018) is a corpus of human-human persona-
conditioned conversations consisting of 8938 di-
alogues in the train set. We sample 2 random
context-response pairs from each dialogue with a
total of 17876 contexts for training. We prepend the
persona utterances to the dialogue contexts in our
experiments. Since there is no human-created ad-
versarial test set available for PersonaChat dataset,
we construct an artificial adversarial dataset by ran-
domly selecting an utterance from the dialog con-
text and inserting it in the set of candidate responses
following Jia and Liang (2017) and Whang et al.

(2021). The adversarial test set for each context
consists of the ground truth response, one utterance
selected from the dialog context, and 8 random
negative responses. The random test set consists of
9 random negative responses.

4.2.2 Metrics

For classification task, we report the accuracy fol-
lowing (Sai et al., 2020). For ranking task, we
report standard ranking metrics - Recall Rn@k
and mean reciprocal rank (MRR). For DailyDia-
log++, n is 6 in Recall as candidates consist of one
positive response with 5 negative responses. For
PersonaChat, n is 10. For both classification and
ranking tasks, we report results separately for the
adversarial and the random test sets.

The dialogue evaluation task comprises of scor-
ing or rating a response for its quality. For this
task, we report the correlation of model scores with
human provided ratings. We leverage the human
ratings released by the following sources: 1) 600
ratings for response “sensibility” from (Zhao and
Kawahara, 2020) with inter-rater agreement > 0.6
(Krippendorff’s α (Krippendorff, 2018)). The re-
sponses consist of outputs from hierarchical recur-
rent encoder decoder (HRED) model with Atten-
tion (Serban et al., 2016) and Variational HRED
model with attention (Serban et al., 2017); 2) 700
ratings for response quality from (Zhao et al., 2020).
The responses are from 6 different generative mod-
els - Seq-2-Seq (Sutskever et al., 2014), atten-
tional Seq-2-Seq, HRED, VHRED, GPT2-small,
and GPT2-medium (Wolf et al., 2019) with greedy
decoding, ancestral sampling, and nucleus sam-
pling based decoding (Holtzman et al., 2020). The
inter-rater agreement is 0.815 (Krippendorff’s α),
and 3) Since the first two sources do not cover
retrieval model outputs, we additionally collect
quality ratings for 100 responses from a retrieval
model’s (Poly-Encoder (Humeau et al., 2020)) se-
lected responses and 100 human written responses
with moderate inter-annotator agreement (Cohen’s
Kappa 0.45 (Cohen, 1968)). All data points belong
to the Dailydialog dataset and ratings are scaled be-
tween 0–1. By combining these sources we have a
total of 1500 ratings for different context-response
pairs.

4.2.3 Baselines

We compare the following approaches of creating
adversarial negative response sets.
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Model Approach Adversarial test set Random test set
Accuracy R@1 MRR Accuracy R@1 MRR

Poly-encoder Random - 0.684 0.806 - 0.849 0.914
Mask-and-fill (Ours) - 0.758 0.856 - 0.821 0.897
Key-sem (Ours) - 0.788 0.877 - 0.828 0.902
Human - 0.847 0.913 - 0.831 0.902

Electra Random 77.74 0.915 0.748 89.58 0.957 0.927
Mask-and-fill (Ours) 87.24 0.945 0.893 89.61 0.959 0.927
Key-sem (Ours) 86.24 0.951 0.881 89.47 0.957 0.924
Human 91.94 0.984 0.967 87.95 0.944 0.911

Bert Random 77.82 0.906 0.742 89.34 0.959 0.923
Semi-hard (Li et al., 2019) 79.05 0.913 0.756 89.32 0.956 0.923
Token-subs (Kryscinski et al., 2020) 77.23 0.901 0.783 88.60 0.950 0.906
BM25 (Karpukhin et al., 2020) 84.42 0.936 0.872 87.68 0.948 0.902
Mask-and-fill (Ours) 87.45 0.946 0.904 88.32 0.951 0.918
Key-context (Ours) 86.23 0.939 0.891 88.16 0.953 0.922
Key-sem (Ours) 87.02 0.944 0.897 89.31 0.954 0.916
Human (Sai et al., 2020) 91.22 0.987 0.973 88.04 0.943 0.901

Table 2: Performance on classification and ranking tasks on DailyDialog++ test sets. Mask-and-fill and Key-sem
approaches consistently perform the best across all model architectures compared to baselines on the Adversarial
test set, just short of models trained with human created adversarial data. Poly-encoder’s accuracy is not available
as it ranks candidates relative to each other.

Human (Sai et al., 2020) Human written adversar-
ial responses.
Random Responses sampled from random con-
texts.
Semi-hard (Li et al., 2019) Sampling scheme
which selects samples from a batch based on their
similarity scores with a margin of α from the pos-
itive response score. We perform static sampling
and use Sentence-Bert (Reimers and Gurevych,
2019) for semantic similarity calculation with α
set to the recommended value of 0.07.
Token-subs (Kryscinski et al., 2020) Training data
is generated by applying a series of rule-based
transformations on the positive responses. Trans-
formations include pronoun, entity and number
swapping, sentence negation and noise injection.
BM25 Top responses returned by BM25 (Robert-
son and Zaragoza, 2009) based on similarity with
the context. Any ground truth response is removed
from this response set if present by chance. This
baseline is inspired from Karpukhin et al. (2020)
and Lin et al. (2020) and has shown strong perfor-
mance in passage and response retrieval.
Mask-and-fill Our approach that infills utterances
conditioned on random contexts.
Key-context Our approach that generates re-
sponses conditioned on test context keywords and
random context history.
Key-sem Our approach similar to Key-context
which additionally conditions on words semanti-
cally related to the keywords in the context.

For each context, adversarial train sets are cre-
ated by adding 5 random negative responses to the

set of 5 negative responses created from the above
approaches. If an approach create more than 5
responses, we randomly select 5 from them.

For dialogue evaluation, we compare the
above approaches with BLEU, METEOR (Baner-
jee and Lavie, 2005), embedding based met-
rics SkipThought (Kiros et al., 2015), Vec Ex-
trema (Forgues et al., 2014), and RUBER (Tao
et al., 2018) and BERTScore (Zhang et al., 2020a).

4.2.4 Models
We experiment with following architectures for
ranking and evaluation models in our experiments:
1) Bert (Devlin et al., 2019). We use the SA-Bert
model (Gu et al., 2020), 2) Electra (Clark et al.,
2020), pre-trained with a replaced token detection
objective and employs a generator-discriminator
framework, and 3) Poly-encoders (Humeau et al.,
2020), allows for fast real-time inference by pre-
computing each candidate response representation
once, and then ranking candidate responses for re-
trieval by attending to the context.

4.3 Results and Discussion

In this section, we compare the performance of our
approaches with the baselines on dialogue classifi-
cation, ranking and evaluation tasks.

Performance on classification Our proposed ap-
proaches Mask-and-fill and Key-sem achieve the
highest classification accuracy on the adversarial
test set (Table 2), a few percentage short of the
Human baseline. The closest baseline is BM25
which has a gap of 3% in accuracy compared to our
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Approach Adversarial
test set

Random
test set

R@1 MRR R@1 MRR
Random 0.905 0.820 0.963 0.914
Semi-hard 0.906 0.820 0.964 0.913
Token-subs 0.895 0.825 0.958 0.901
BM25 0.925 0.859 0.940 0.874
Mask-and-fill (Ours) 0.933 0.871 0.952 0.890
Key-sem (Ours) 0.920 0.856 0.947 0.884

Table 3: Performance on ranking task on PersonaChat
dataset with Bert architecture. Our approaches perform
better than all baselines on the adversarial test set.

approaches. Token-subs, which applies transforma-
tions on positive responses to corrupt them, does
not fair well on this task. This indicates that simple
transformations do not provide good coverage of
semantic variations present in the adversarial test
responses. Our approaches achieve similar perfor-
mance across different model architectures, demon-
strating their generalizability. Unsurprisingly, the
Human baseline performs strongly as the training
and test data were created in the same manner and
have similar distributions. On the random test set,
the performance of all approaches is either very
close or lower than the Random baseline. Since the
similarity between correct responses and the con-
text is generally a lot higher than between random
responses and the context in the random test set,
Random baseline performs better since it associates
coherence mostly with semantic similarity. Finally,
our analysis shows that all baselines tend to assign
low scores to valid responses which do not address
a context directly. For example, for the context
“Will you join us for the concert?”, if the response
is “It is supposed to rain this week.”, models assign
it a low score. Such scenarios require understand-
ing of social and commonsense related factors. We
leave addressing this limitation to future work.

Performance on ranking On the DailyDialog ad-
versarial test set, Mask-and-fill and Key-sem ap-
proaches achieve the best Recall and MRR, closely
followed by BM25 baselines (Table 2). The trends
of the ranking metrics are similar to those observed
for accuracy metrics. Our approaches perform bet-
ter than the Human baseline on the random test set.
On PersonaChat dataset, Mask-and-fill and Key-
sem perform better than the baselines (Table 3),
especially on the adversarial test set. This demon-
strates the extensibility of our approach across
datasets. Mask-and-fill performs better than Key-
sem as the keyword sets contain a lot of keywords
from the persona because of which responses have

Approach Pearson Spearman
BLEU-2 0.046 0.004
METEOR (Banerjee and Lavie, 2005) 0.081 0.007
SkipThought (Kiros et al., 2015) 0.059 0.069
Vec Extrema (Forgues et al., 2014) 0.157 0.150
BERTScore (Zhang et al., 2020a) 0.208 0.198
RUBER (Tao et al., 2018) 0.253 0.282
Random 0.296 0.313
Semi-hard (Li et al., 2019) 0.299 0.315
BM25 (Karpukhin et al., 2020) 0.310 0.350
Token-subs (Kryscinski et al., 2020) 0.324 0.388
Mask-and-fill (Ours) 0.338 0.361
Key-sem (Ours) 0.382 0.401
Human (Sai et al., 2020) 0.348 0.371

Table 4: Comparison of approaches on dialogue evalu-
ation. Trainable metrics are based on Bert architecture.
For all entries except for the ones underlined, t-test p-
value < 0.05. Mask-and-fill and Key-sem perform bet-
ter than all baselines including the Human baseline.

high content similarity with the persona rather than
with the context. The poor performance of the
Random baseline provides evidence that training
models using random negative candidates does not
make the models robust against hard test cases dur-
ing testing. BM25 is a strong baseline for both
datasets since retrieved responses also provide cov-
erage over errors of various categories. However,
retrieved response quality and diversity depends
on the size of the retrieval pool. Furthermore, a
stronger retrieval mechanism can lead to higher
false negatives. While the variation in BM25 re-
sponse sets is constraint by the size of the dataset,
and they provide lesser coverage over categories C-
cont, C-strat and C-lang (Table 1), our approaches
have no such constraints.

Performance on dialogue evaluation To study
the performance of various approaches on real
systems, we compare them on the task of Di-
alogue evaluation or scoring. We measure the
correlation between the scores predicted by the
approaches in Table 4 with human provided rat-
ings. Reference based metrics like BLEU-2, ME-
TEOR, SkipThought and Vec Extrema achieve very
low correlations, similar to findings reported in
prior art (Liu et al., 2016; Gupta et al., 2019).
BERTScore and RUBER achieve moderate corre-
lation. Our approach Key-sem achieves the best
correlations, followed by Mask-and-fill. BM25’s
performance is lower than that of our approaches,
but it is higher than the Random and Semi-hard
approaches. Although Token-subs did not achieve
high performance on the classification and rank-
ing tasks, it performs well on this task. This is
likely because real model outputs contains more of
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Context

A: Julia, will you be my wife?
B: I’m sorry, Steven.
C: Please, Julia, I have made proposal to you five times . I really want to share

the rest of my life with you.

Random

(1) Yes of course it’s a promise.
(2) It’s better to go somewhere else.
(3) Let me first look at your work, how you have done it.
(4) Being in love is a deep experience while having a crush is shallow.
(5) Sometimes I don’t understand, what is your problem?

Mask-and-fill

(1) You can’t force me for to do that. They are designed for people of all ages and religions.
(2) There you are. I’ll have to make my own lunch!
(3) I majored in economics. I really want i hope i can get some practical experience in life with you.
(4) We will go to, and to meet some of the children who are visiting at school.
(5) It takes time to learn. Bless you, baby!

Key-sem

(1) And what about the potatoes? Steven, i don’t know.
(2) Sorry, there is no problem.
(3) Your wife didn’t like it. Please don’t tell me she is really interested in gardening.
(4) I really want to go inside. It’s really cold outside.
(5) Really? I really want to pay a visit. I really want to spend the rest of my time enjoying this meal.

Human

(1) I want to finish my home work by five and then I am going to take rest.
(2) Follow these five tips, and you’ll write a winning project proposal every time.
(3) I met my wife a three to four times before the marriage.
(4) Its difficult to live a life in a Dorze tribal area.
(5) I shared a large number of ideas with the wedding planner.

Table 5: Sample adversarial responses from various approaches. Random responses are sampled from random
dialogues. Human written responses are from the DailyDialog++ dataset. Mask-and-fill and Key-sem approaches
create responses which are semantically related and yet inappropriate responses to the context.

Figure 3: Analysis of error types for different ap-
proaches on DailyDialog++ predictions. C-lang error
type is not present in DailyDialog++. Mask-and-fill
and Key-sem achieve a more uniform distribution over
error categories compared to other approaches.

the factual inconsistencies and contradictions that
this approach captures, than what the adversarial
test sets contain. Key-sem performs better than
Mask-and-fill on evaluation since while Mask-and-
fill only modifies utterances related to the context,
Key-sem can freely generate more diverse adversar-
ial responses for training. Also, Key-sem achieves
higher correlation than Human baseline. This may
be because it is difficult for humans to create erro-
neous responses with distributions similar to the
ones in model generated or selected responses, es-
pecially error types like C-speaker, C-strat and C-
lang. In contrast, our approaches provide good
coverage over all error types.

Analysis of errors types We analyze the classifi-

cation outputs of various approaches on the Daily-
Dialog++ adversarial test set and report the types
of misclassifications by each approach in Figure 3.
We first select a subset of test data where at least
one of the approaches misclassifies the adversarial
response as positive. We then manually categorize
the types of errors presented in Table 1 for 200
randomly selected contexts from this subset. Each
response can have multiple error types. C-follow
and C-extra are the dominant error types which
are misclassified by baselines Random, BM25
and Token-subs. Key-sem and Mask-and-fill ap-
proaches achieve improvement in all error types
compared to baselines and have a more uniform
error distribution. While Key-sem performs better
on C-extra, Mask-and-fill is better on C-follow and
C-speaker.

Adversarial response examples We present sam-
ple responses from our approaches along with
Random and Human baseline responses in Ta-
ble 5. Random approach generates responses which
are easily distinguishable from ground truth re-
sponses. Mask-and-fill approach modifies either
the ground truth response, utterances from the con-
text or BM25 retrieved responses. It modifies these
utterances to introduce corruptions such as non-
contextual tokens, extraneous entities, incorrect
time expressions, affective words or contradictions
which makes the response either inappropriate or
incoherent to the context, but it remains topically

3874



similar to the context. In Key-sem the dialogue acts,
some entities and other tokens of the generated re-
sponse depend on a random context the response
is conditioned on, which also makes the response
inappropriate or incoherent to the context.

5 Related Work

Dialogue response ranking and evaluation are im-
portant tasks in dialogue domain because even the
recent large pretrained-language model based ar-
chitectures (Zhang et al., 2020b; Humeau et al.,
2020; Adiwardana et al., 2020; Roller et al., 2021;
Gupta et al., 2021) have been shown to be suscep-
tible to creating inconsistent, ungrammatical and
incoherent responses (Roller et al., 2021). Tra-
ditional word-overlap based metrics like BLEU
have been shown to be ineffective for dialogue re-
sponse scoring (Liu et al., 2016; Gupta et al., 2019).
Recently trainable metrics such as ADEM (Lowe
et al., 2017), RUBER (Ghazarian et al., 2019) and
USR (Mehri and Eskenazi, 2020) have been pro-
posed for these tasks. However, since they are
trained using negative samples obtained from ran-
dom contexts, they are also prone to the spurious
pattern of content similarity.

Adversarial or counterfactual data creation tech-
niques have been proposed for applications such
as evaluation (Gardner et al., 2020; Madaan et al.,
2020), attacks (Ebrahimi et al., 2018; Wallace et al.,
2019; Jin et al., 2020), explanations (Goodwin
et al., 2020; Ross et al., 2020) or training mod-
els to be robust against spurious patterns and bi-
ases (Garg et al., 2019; Huang et al., 2020). Ad-
versarial examples are crafted through operations
such as adding noisy characters (Ebrahimi et al.,
2018; Pruthi et al., 2019), paraphrasing (Iyyer
et al., 2018), replacing with synonyms (Alzantot
et al., 2018; Jin et al., 2020), rule based token-level
transformations (Kryscinski et al., 2020), or insert-
ing words relevant to the context (Zhang et al.,
2019). While these approaches are optimized to
change the predictions of a target model by perturb-
ing the inputs, our approaches are more general
and are not optimized towards any target model.
Polyjuice (Wu et al., 2021) and FactCC (Kryscin-
ski et al., 2020) proposed approaches for model-
agnostic general-purpose counterfactual generation.
These approaches change the model’s prediction
by creating small edits through substitutions and
insertions to the inputs. They are not applicable
to our setting where we aim to flip the gold label,

that is, convert a valid response to an adversarial
response, while the model prediction should ideally
remain the same to create hard training examples.
Furthermore small perturbations do not provide
good coverage over the adversarial response space
and can create false negative responses. Adversar-
ial semantic collisions (Song et al., 2020) aims to
generate texts that are semantically unrelated but
judged as similar by NLP models to expose model
vulnerabilities. However, the outputs which are un-
related to the context are not useful for adversarial
training as they are easy to classify.

Finally, negative sampling strategies have also
been studied for creating hard negative samples in
context of visual embeddings (Faghri et al., 2018;
Guo et al., 2018), knowledge graphs (Kotnis and
Nastase, 2017), document retrieval (Saeidi et al.,
2017; Karpukhin et al., 2020) and response re-
trieval (Li et al., 2019; Lin et al., 2020). In this
work we compare and build upon past work and
are the first to propose generative approaches for
adversarial negative response creation in dialogue.

6 Conclusion

This paper introduces approaches for synthesizing
adversarial negative responses for training more
robust dialogue response ranking and evaluation
models. To synthesize a rich and comprehensive
set of responses, we present and analyze categories
of errors which affect the models. Our proposed ap-
proaches do not require any manual annotation and
achieve high performance in dialogue classification,
ranking and evaluation tasks across two datasets.
These results demonstrate the promise of synthetic
negative examples for improving open domain dia-
logue. Future work, we will explore synthesizing
adversarial test sets and methods for finer grained,
controlled adversarial response generation.
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A Quality of negative candidates

We perform a human evaluation experiment to test
the number of false negative responses created by
the different approaches. Three in-house annota-
tors were asked to go through the set of 5 adversar-
ial negative responses from 5 different approaches
for 100 randomly selected contexts. They were
instructed to report the number of responses which
are appropriate responses for the context, which in
this case is the number of false negatives. After
annotating separately, annotators finally discussed
the responses marked as appropriate and aggre-
gated the results. We observe that Human baselines
responses had 2, Random baseline had 5, Mask-
and-fill had 3, Key-sem had 4 and BM25 had 10
false negative responses in the set of 500 responses
(100 contexts, with 5 adversarial responses each).
This shows that our approaches do not generate
high number of false negatives. BM25 on the other
hand leads to a relatively higher number of false
negatives which can impede the learning process
of the models.

B Experiments with Masking

We experiment with two procedures for masking
in the Mask-and-fill approach: 1) Random mask-
ing, which masks contiguous chunks of tokens
some probability p. We leverage the masking func-
tion from (Donahue et al., 2020) which can se-
lectively mask spans at the granularities of words,
n-grams, and sentences. 2) Importance masking,
which keeps the most important tokens in a re-
sponse relevant to the context and masks the rest.
For Importance masking, we leverage the matching
model from (Cai et al., 2019) which is trained to
estimate the sequence-level quality s(q, r) of a re-
sponse r for a given query q. They decompose the
sequence level matching score between a context
and a response into a set of token-level scores as
follows:

s(q, r) = xTqW
sxr

= xTqW
s
m∑

k=1

ωk (rk + erk)

=

m∑

k=1

ωkx
T
qW

s (rk + erk) =

m∑

k=1

ωksk

where sk = xTqW
s (rk + erk), and xr is the

weighted sum of a Bert Transformer encoder out-
puts rk as well as their initial vector representations

ek. The importance of each response token k to
the context is estimated by sk. We mask out any
token with importance weight ωk less than the aver-
age ω and only retain tokens highly relevant to the
context following Cai et al. (2019). In our initial
experiments we found that the Importance masking
procedure lead to worse performance than Ran-
dom masking. The adversarial test set accuracy on
DailyDialog adversarial test set was 85.43% com-
pared to the 87.45% accuracy using Random mask-
ing. Our analyses showed that Importance masking
masked out about 50% of the response tokens, and
the infills generated by the ILM model were mostly
poor in fluency as the number of masked tokens
was high. We therefore finally used Random mask-
ing for Mask-and-fill.

C Sample Model Generated Responses

In continuation of sample responses presented in
Table 5 of the main paper, we present some more
sample responses from different approaches along
with Random and Human baseline responses in
Table 6.

D Additional Implementation Details

For BM25 approach, we use the open source imple-
mentation from transformer rankers4. The DailyDi-
alog++ dataset contains 16900 dialogue contexts
but only 9259 of those have adversarial negative
responses for the Human baseline. For the results
reported in Table 4, all approaches from Random
and below use the Bert architecture and trained
using DailyDialog domain data. Additionally, RU-
BER is also trained on the DailyDialog++ dataset.
The approaches above Random in the table do not
require training. Each approach predicts a score
for the set of 1500 responses created using a set
of generative and retrieval models as detailed in
section 4.2.2. Sentence-Bert used in Semi-hard
sampling scheme is fine-tuned on the datasets used
in this paper.

For the Mask-and-fill approach, the model takes
in the following sequence of inputs: {[context] C1

[eot],.., [eot] Ch [response] r-with-blanks [infill]
B1 [answer],.., Bl [answer]}, where Chc=1 repre-
sents a context with h utterances, r the response
and Bl

b=1 are the tokens blanked in the response.
[eot] is used to indicate end of turn. To generate
a set of 5 adversarial responses in the Mask-and-
fill approach, we first create 4 masked versions

4https://github.com/Guzpenha/transformer rankers
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Context or Model Utterances

Context
A: OK . Now I’ll put the dishes in the sink.
B: Thank you . I’ll wash them.
C: OK . Then I will clean the table.

Random

(1) May I have your name and number, Sir?
(2) Then I hope to get the other documents by end of the day.
(3) She is very experienced in that area, including all the years in college
(4) I am in Computer Science department.
(5) Sure, you can talk to him.

Mask-and-fill

(1) Ok. Thank you. But, what are you going to do with him?
(2) Uh, it’s time to wake up. I will clean it up and then go to bed.
(3) Oh, thank you. You have helped a lot.
(4) Don’t, thank you very much for saying it like that. Only in your opinion do you have to wear
proper clothes.
(5) Yes, thank you! But, i am not satisfied with the work you’ve done.

Key-sem

(1) Sorry, he didn’t put the dishes on the table.
(2) Ok. We’ll clean up the room now. I can walk you through the process.
(3) Don’t forget to wash the dishes and put away the clothes.
(4) In my field, i put on quite a few weight -bearing exercise in order to improve my lung capacity.
(5) Thank you for your understanding. What are your recipes for tableware?

Human

(1) I just now saw the news that the boat was sinking due to heavy goods.
(2) I want to thank my friend because he helped me to wash my dress at school camp.
(3) Nowadays, table fans are getting very cheap online.
(4) I know that using a facial scrub can make your skin look beautiful, clean and soft.
(5) I gifted a sink to my friend for his house warming ceremony.

Context
A: Can you tell me what’s my responsibility in this position?
B: Yes, of course . You would be responsible for the development of software products.
C: I see . This is my advantage.

Random

(1) Okay! That sounds great to me.
(2) Well! How much will it cost per kg?
(3) Well! You can pay it on monthly or yearly basis, it is upto you.
(4) I usually spend those days with my family and it is quite fun you see.
(5) What type of games do you like to play?

Mask-and-fill

(1) Yes. Maybe he is just looking for some publicity. You are responsible, too.
(2) I see. Then we will all get on our own.
(3) That’s nice. And i would be willing to take them for that.
(4) You also have to work on the meetings to be more focused. I need to add some training.
(5) What kind of software do they use now?

Key-sem

(1) Let me see, in your brochure, what kind of promotion you’re promising?
(2) Tell me about it. What do you think? Will you marry her?
(3) Of course. Of course there are many things online. Tell me about it.
(4) Yes, i appreciate your cooperation. The development of the l / c is our utmost priority.
(5) Thank you. I do want to get him a diamond ring. He’s responsible for development of the etv.

Human

(1) Of course, the museum is in the closing stage because of financial issues.
(2) I was searching on some websites for the junior engineer position to develop my knowledge
in the hardware field.
(3) I see, is there any terms and condition that I have to sign for this position in your company?
(4) Of course, you must provide me the full details about our company’s financial position by
today evening.
(5) Of course, My friend is very much interested to work in a software company. Can you give
him a chance in your company?

Table 6: Outputs from different approaches for negative response set creation. Random responses are unrelated
to the contexts. Mask-and-fill and Key-sem approaches create responses which are highly similar to the content
of the contexts, and hence the model needs to learn factors important for response coherence and appropriateness
such as presence of correct entities, time expressions, strategies and others.

of every utterance related to the context (Rg, Uc
and Re). ILM model then generates 4 infills per
masked utterance. Thus each utterance gets 16
different modified versions. All these modified ut-
terances are then ranked using the lm-scorer library
and we select the top 5. BM25 similarity is used to
create the retrieved response set.

For the Keyword-guided approaches, the model
is given as input the context C, keywords from
the ground truth response K, and the ground truth
response r as shown in Figure 2. Specifically,
the model takes in the following sequence of in-
puts - {[context] C1 [eot],.., [eot] Ch [keywords]
K1 [sep],..,[sep] Kn [response] r}. For both ap-
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proaches during training, positive responses and
negative responses are interleaved, i.e. each posi-
tive response is followed by one random and one
adversarial response.
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Abstract

Knowledge base question answering (KBQA)
is an important task in Natural Language Pro-
cessing. Existing approaches face significant
challenges including complex question under-
standing, necessity for reasoning, and lack
of large end-to-end training datasets. In this
work, we propose Neuro-Symbolic Question
Answering (NSQA), a modular KBQA system,
that leverages (1) Abstract Meaning Repre-
sentation (AMR) parses for task-independent
question understanding; (2) a simple yet ef-
fective graph transformation approach to con-
vert AMR parses into candidate logical queries
that are aligned to the KB; (3) a pipeline-based
approach which integrates multiple, reusable
modules that are trained specifically for their
individual tasks (semantic parser, entity and
relationship linkers, and neuro-symbolic rea-
soner) and do not require end-to-end training
data. NSQA achieves state-of-the-art per-
formance on two prominent KBQA datasets
based on DBpedia (QALD-9 and LC-QuAD
1.0). Furthermore, our analysis emphasizes
that AMR is a powerful tool for KBQA sys-
tems.

1 Introduction

Knowledge base question answering (KBQA) is
a sub-field within Question Answering with de-
sirable characteristics for real-world applications.
KBQA requires a system to answer a natural lan-
guage question based on facts available in a Knowl-
edge Base (KB) (Zou et al., 2014; Vakulenko et al.,
2019; Diefenbach et al., 2020; Abdelaziz et al.,
2021). Facts are retrieved from a KB through
structured queries (in a query language such as
SPARQL), which often contain multiple triples that

∗Equal contribution, correspondence to Pavan Ka-
panipathi (kapanipa@us.ibm.com), Ibrahim Abdelaziz
(ibrahim.abdelaziz1@ibm.com), Srinivas Ravishankar
(srini@ibm.com)

represent the steps or antecedents required for ob-
taining the answer. This enables a transparent and
self-explanatory form of QA, meaning that inter-
mediate symbolic representations capture some of
the steps from natural language question to answer.

With the rise of neural networks in NLP, various
KBQA models approach the task in an end-to-end
manner. Many of these approaches formulate text-
to-query-language as sequence-to-sequence prob-
lem, and thus require sufficient examples of paired
natural language and target representation pairs.
However, labeling large amounts of data for KBQA
is challenging, either due to the requirement of
expert knowledge (Usbeck et al., 2017), or arti-
facts introduced during automated creation (Trivedi
et al., 2017). Real-world scenarios require solving
complex multi-hop questions i.e. secondary un-
knowns within a main question and questions em-
ploying unusual expressions. Pipeline approaches
can delegate language understanding to pre-trained
semantic parsers, which mitigates the data prob-
lem, but are considered to suffer from error prop-
agation. However, the performance of semantic
parsers for well-established semantic representa-
tions has greatly improved in recent years. Abstract
Meaning Representation (AMR) (Banarescu et al.,
2013; Dorr et al., 1998) parsers recently reached
above 84% F-measure (Bevilacqua et al., 2021),
an improvement of over 10 points in the last three
years.

In this paper we propose Neuro-Symbolic Ques-
tion Answering (NSQA), a modular knowledge
base question answering system with the follow-
ing objectives: (a) delegating the complexity of
understanding natural language questions to AMR
parsers; (b) reducing the need for end-to-end (text-
to-SPARQL) training data with a pipeline architec-
ture where each module is trained for its specific
sub-task; (c) facilitating the use of an independent
reasoner via an intermediate logic form.
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Figure 1: Real NSQA prediction for the sentence Which actors starred in Spanish movies produced by Benicio del
Toro?. In underlined, we show the representation for the two unknown variables across all stages including: AMR-
aligned tokens in sentence (Which, movies), AMR graph (unknown, movie), paths representation (same as AMR),
logical representation (actor, movie) and SPARQL interpretation (?actor, ?movie). Displayed stage outputs: AMR
(green), Entity Linking (blue), Relation Linking (orange)

The contributions of this work are as follows:

• The first system to use Abstract Meaning Rep-
resentation for KBQA achieving state of the
art performance on two prominent datasets on
DBpedia (QALD-9 and LC-QuAD 1.0).

• A novel, simple yet effective path-based ap-
proach that transforms AMR parses into inter-
mediate logical queries that are aligned to the
KB. This intermediate logic form facilitates
the use of neuro-symbolic reasoners such as
Logical Neural Networks (Riegel et al., 2020),
paving the way for complex reasoning over
knowledge bases.

• A pipeline-based modular approach that in-
tegrates multiple, reusable modules that are
trained specifically for their individual tasks
(e.g. semantic parsing, entity linking, and re-
lationship linking) and hence do not require
end-to-end training data.

2 Approach Overview

Figure 1 depicts the pipeline of our NSQA system.
Given a question in natural language, NSQA: (i)
parses questions into an Abstract Meaning Repre-
sentation (AMR) graph; (ii) transforms the AMR

graph to a set of candidate KB-aligned logical
queries, via a novel but simple graph transforma-
tion approach; (iii) uses a Logical Neural Network
(LNN) (Riegel et al., 2020) to reason over KB facts
and produce answers to KB-aligned logical queries.
We describe each of these modules in the following
sections.

2.1 AMR Parsing

NSQA utilizes AMR parsing to reduce the com-
plexity and noise of natural language questions.
An AMR parse is a rooted, directed, acyclic graph.
AMR nodes represent concepts, which may include
normalized surface symbols, Propbank frames
(Kingsbury and Palmer, 2002) as well as other
AMR-specific constructs to handle named entities,
quantities, dates and other phenomena. Edges in
an AMR graph represent the relations between con-
cepts such as standard OntoNotes roles but also
AMR specific relations such as polarity or mode.

As shown in Figure 1, AMR provides a represen-
tation that is fairly close to the KB representation.
A special amr-unknown node, indicates the miss-
ing concept that represents the answer to the given
question. In the example of Figure 1, amr-unknown
is a person, who is the subject of act-01. Further-
more, AMR helps identify intermediate variables
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that behave as secondary unknowns. In this case, a
movie produced by Benicio del Toro in Spain.

NSQA utilizes a stack-Transformer transition-
based model (Naseem et al., 2019; Astudillo
et al., 2020) for AMR parsing. An advantage of
transition-based systems is that they provide ex-
plicit question text to AMR node alignments. This
allows encoding closely integrated text and AMR
input to multiple modules (Entity Linking and Rela-
tion Linking) that can benefit from this joint input.

2.2 AMR to KG Logic

The core contribution of this work is our next step
where the AMR of the question is transformed to a
query graph aligned with the underlying knowledge
graph. We formalize the two graphs as follows:

AMR graph G is a rooted edge-labeled directed
acyclic graph 〈VG , EG〉. The edge set EG consists
of non-core roles, quantifiers, and modifiers. The
vertex set VG ∈ amr-unknown ∪ AP ∪ AC where
where AP are set of propbank predicates and AC
are rest of the nodes. 1. Propbank predicates are n-
ary with multiple edges based on their definitions.
amr-unknown is a special concept node in the AMR
graph indicating wh-questions.

Further, we enrich the AMR Graph G with ex-
plicit links to entities in the KG. For example, the
question in Figure 1 contains two entities Spain
and Benicio Del Toro that need to be identified
and linked to DBpedia entries, dbr:Spain and
dbr:Benicio del toro. Linking these entities is ab-
solutely necessary for any KBQA system (Zou
et al., 2014; Vakulenko et al., 2019). To do so,
we trained a BERT-based neural mention detection
model and used BLINK (Devlin et al., 2018) for
disambiguation. The entities are linked to AMR
nodes based on the AMR node-text alignment in-
formation. The linking is a bijective mapping from
Ve → E where Ve is the set of AMR entity nodes,
and E is the set of entities in the underlying KG.

Query graph Q is a directed edge-labeled graph
〈VQ, EQ〉, which has a similar structure to the un-
derlying KG. VQ ∈ VE ∪ V where VE is a set of
entities in the KG and (V) is a set of unbound vari-
ables. EQ is a set of binary relations among VQ
from the KG. The Query GraphQ is essentially the
WHERE clause2 in the SPARQL query.

1https://www.isi.edu/˜ulf/amr/help/
amr-guidelines.pdf

2The Query Graph does not include the type constraints in
the SPARQL WHERE Clause.

Our goal is to transform the AMR graph G into
its corresponding query graph Q. However such
transformation faces the following challenges:
N-ary argument mismatch: Query graph Q rep-
resents information using binary relations, whereas
AMR graph contain Propbank framesets that are
n-ary. For example, the node produce-013 from
AP in G has four possible arguments, whereas its
corresponding KG relation in Q (dbo:producer) is
a binary relation.
Structural and Granular mismatch: The vertex
set of the query graph Q represent entities (or
unbound variables). On the other hand, AMR
Graph G contains nodes that are concepts or Prop-
Bank predicates which can correspond to both en-
tities and relationships. For example in Figure 1,
produce-01, star-01, and Spain are nodes in the
AMR graph. So the AMR graph G has to be trans-
formed such that nodes primarily correspond to
entities and edges (edge labels) correspond to rela-
tionships. Furthermore, it is possible for multiple
predicates and concepts from G to jointly represent
a single binary relation in Q because the underly-
ing KG uses a completely different vocabulary. An
example of such granular mismatch is shown in
Figure 2.

2.2.1 Path-based Graph Transformation
We address the challenges mentioned above by
using a path-based approach for the construction
of Query Graphs. In KBQA, query graphs (i.e.
SPARQL queries) constrain the unknown variable
based on paths to the grounded entities. In Fig-
ure 1, the constraints in the SPARQL query are based
on paths from ?actor to dbr:Benicio del toro and
dbr:Spain as shown below.

• ?actor → dbo:starring → ?movie →
dbo:country → dbr:Spain

• ?actor → dbo:starring → ?movie →
dbo:producer → dbr:Benicio del Toro

Based on this intuition of finding paths from
the unknown variable to the grounded entities, we
have developed a path-based approach depicted in
Algorithm 1 that shows the steps for transform-
ing the AMR Graph G into Query Graph Q. As
amr-unknown is the unknown variable in the AMR
Graph, we retrieve all shortest paths (line 11 in Al-
gorithm 1) between the amr-unknown node and the
nodes VE of the AMR Graph G that have mappings

3http://verbs.colorado.edu/propbank/
framesets-english-aliases/produce.html
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In which ancient empire could you pay with cocoa beans?
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Figure 2: An example of granularity and structural mis-
match between AMR and query graphs of the ques-
tion In which ancient empire could you pay with cocoa
beans?. The binary relation dbo:currency corresponds
to the combination of two edges (location, instrument)
and one node (pay-01) in the AMR graph.

to the KG entity set. Figure 1 shows an example
of both the AMR and query graph for the question
“Which actors starred in Spanish movies produced
by Benicio del Toro?” Selecting the shortest paths
reduces the n-ary predicates of AMR graph to only
the relevant binary edges. For instance, the edge
(act-01, arg0, person) in the AMR graph in Figure 1
will be ignored because it is not in the path between
amr-unknown and any of the entities dbr:Spain and
dbr:Benicio del Toro.

Structural and granularity mismatch between
the AMR and query graph occurs when multiple
nodes and edges in the AMR graph represent a
single relationship in the query graph. This is
shown in Figure 2. The path consists of one AMR
node and 2 edges between amr-unknown and cocoa
bean: (amr-unknown, location, pay-01, instrument,
cocoa-bean)4. In such cases, we collapse all nodes
that represent predicates (like pay-01, star-01, etc.)
into an edge, and combine it with surrounding edge
labels, giving (location | pay-01 | instrument). This
is done by line 18 of Algorithm 1 where the even-
tual query graphQ will have one edge with merged
predicated from AMR graph G between the non-
predicates (AC).

Returning to the example in Figure 1, Algorithm
1 (line 25) outputs the query graph Q with the fol-
lowing two paths, which bear structural similarity
to the knowledge graph:

4Nodes are indicated by boldface, and the rest are edges.
For the purposes of path generation, the nodes amr-unknown
and empire are considered equivalent because the mod edge is
a descriptor in AMR (line 8 in Algorithm 1)

Algorithm 1: AMR to triples
1 Input : Question text t, AMR graph G : 〈VG , EG〉

having a set of nodes Ve ∈ VG , each linked to a
named entity in the KG

2 Returns : Query graphQ : 〈VQ, EQ〉
InitializeQ : 〈VQ, EQ〉,VQ := {}, EQ := {}

3 if t is imperative then
4 let source node (imperative predicate) be r
5 set q as amr-unknown where

edge(r, q, ‘arg1’) ∈ GE
6 delete r and its edges from G
7 a := amr-unknown node
8 if ∃ b : edge(a, b, ‘mod’) ∈ EG then
9 a := b

10 for e in Ve do
11 amrPath := getShortestPath(G, a, e)
12 let amrPath be [a, n1, n2, ..., nk], where

nk = e
13 collapsedPath := [a]
14 n′ := a
15 relBuilder := ‘ ’
16 for i : 1→ k do
17 if ni ∈ AP then
18 relBuilder :=

relBuilder + getRelG(n
′, ni)

19 else if ni ∈ AC then
20 append ni to collapsedPath
21 add node n′ to VQ
22 add edge(n′, ni, relBuilder) to EQ
23 n′ := ni
24 relBuilder := ‘ ’

end
end

25 Q := doRelLinking(Q)
26 returnQ

• amr-unknown → star-01 → movie →
country → Spain

• amr-unknown → star-01 → movie →
produce-01 → Benicio del Toro

Note that in the above paths, edge labels re-
flect the predicates from the AMR graph (star-01,
produce-01, and mod). Our next step is to resolve
these edge labels to its corresponding relationships
from the underlying KG. To do so, we perform
relation linking as described below.
Relationship Linking. NSQA uses Sem-
REL (Naseem et al., 2021), a state-of-the-art re-
lation linking system that takes in the question text
and AMR predicate as input and returns a ranked
list of KG relationships for each triple. The carte-
sian product of this represents a ranked list of can-
didate query graphs, and we choose the highest-
ranked valid query graph (a KG subgraph with
unbound variables). As shown in Figure 1, the out-
put of this module produces query graph Q with
star-01 and produce-01 mapped to DBpedia rela-
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tions dbo:starring and dbo:producer. This will be
the WHERE clause of the final SPARQL query.

2.2.2 Logic Generation
Our query graph can be directly translated to the
WHERE clause of the SPARQL. We use existential
first order logic (FOL) as an intermediate represen-
tation, where the non-logical symbols consist of
the binary relations and entities in the KB as well
as some additional functions to represent SPARQL

query constructs (e.g. COUNT). We use existential
FOL instead of directly translating to SPARQL be-
cause: (a) it enables the use of any FOL reasoner
which we demonstrate in our next Section 2.3; (b)
it is compatible with reasoning techniques beyond
the scope of typical KBQA, such as temporal and
spatial reasoning; (c) it can also be used as a step
towards query embedding approaches that can han-
dle incompleteness of knowledge graphs (Ren and
Leskovec, 2020; Cohen et al., 2020; Sun et al.,
2020). The Query Graph from Section 2 can be
written as a conjunction in existential first order
logic as shown in Figure 1.

The current logic form supports SPARQL con-
structs such as SELECT, COUNT, ASK, and SORT

which are reflected in the types of questions that
our system is able to answer in Table 4. The heuris-
tics to determine these constructs from AMR are
as follows:
Query Type: This rule determines if the query
will use the ASK or SELECT construct. Boolean
questions will have AMR parses that either have
no amr-unknown variable or have an amr-unknown
variable connected to a :polarity edge (indicating a
true/false question). In such cases, the rule returns
ASK, otherwise it returns SPARQL.
Target Variable: This rule determines what un-
bound variable follows a SPARQL statement. As
mentioned in Section 2, the amr-unknown node
represents the missing concept in a question, so it
is used as the target variable for the query. The one
exception is for questions that have an AMR pred-
icate that is marked as imperative, e.g. in Figure
3 (middle) a question beginning with “Count the
awards ...” will have count-01 marked as impera-
tive. In these cases, the algorithm uses the arg1 of
the imperative predicate as the target variable (see
Algorithm 1, line 3).
Sorting: This rule detects the need for sorting by
the presence of superlatives and quantities in the
query graph prior to relation linking. Superlatives
are parsed into AMR with most and least nodes

and quantities are indicated by the PropBank frame
have-degree-91, whose arguments determine: (1)
which variable in V represents the quantity of inter-
est, and (2) the direction of the sort (ascending or
descending).
Counting: This rule determines if the COUNT ag-
gregation function is needed by looking for Prop-
Bank frame count-01 or AMR edge :quant con-
nected to amr-unknown, indicating that the ques-
tion seeks a numeric answer. However, ques-
tions such as “How many people live in London?”
can have :quant associated to amr-unknown even
though the correct query will use dbo:population
to directly retrieve the numeric answer without the
COUNT aggregation function. We therefore exclude
the COUNT aggregation function if the KB relation
corresponding to :quant or count-01 has a numeric
type as its range.

2.3 Reasoner

With the motivation of utilizing modular, generic
systems, NSQA uses a First Order Logic, neuro-
symbolic reasoner called Logical Neural Networks
(LNN) (Riegel et al., 2020). This module currently
supports two types of reasoning: type-based, and
geographic. Type-based reasoning is used to elimi-
nate queries based on inconsistencies with the type
hierarchy in the KB. On the other hand, a question
like “Was Natalie Portman born in United States?”
requires geographic reasoning because the entities
related to dbo:birthPlace are generally cities, but
the question requires a comparison of countries.
This is addressed by manually adding logical ax-
ioms to perform the required transitive reasoning
for property dbo:birthPlace. We wish to emphasize
that the intermediate logic and reasoning module
allow for NSQA to be extended for such complex
reasoning in future work.

3 Experimental Evaluation

The goal of the work is to show the value of AMR
as a generic semantic parser on a modular KBQA
system. In order to evaluate this, we first perform
an end-to-end evaluation of NSQA (Section 3.2).
Next, we discuss some qualitative and quantitative
results on the value of AMR for different aspects
of our KBQA system (Section 3.3). Finally, in
support of our modular architecture, we evaluate
the individual modules that are used in comparison
to other state of the art approaches (Section 3.4).
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Dataset P R F
WDAqua QALD-9 26.09 26.7 24.99
gAnswer QALD-9 29.34 32.68 29.81
NSQA QALD-9 31.89 32.05 31.26

WDAqua LC-QuAD 1.0 22.00 38.00 28.00
QAMP LC-QuAD 1.0 25.00 50.00 33.00
NSQA LC-QuAD 1.0 44.76 45.82 44.45

Table 1: NSQA performance on QALD-9 and LC-
QuAD 1.0

3.1 Datasets and Metrics

To evaluate NSQA, we used two standard KBQA
datasets on DBpedia.
QALD - 9 (Usbeck et al., 2017) dataset has 408
training and 150 test questions in natural language,
from DBpedia version 2016-10. Each question has
an associated SPARQL query and gold answer set.
Table 4 shows examples of all the question types
in the QALD dev set.
LC-QuAD 1.0 (Trivedi et al., 2017) is a dataset
with 5,000 questions based on templates and more
than 80% of its questions contains two or more
relations. Our modules are evaluated against a ran-
dom sample of 200 questions from the training set.
LC-QuAD 1.0 predominantly focuses on the multi-
relational questions, aggregation (e.g. COUNT) and
simple questions from Table 4.
Dev Set. We also created a randomly chosen devel-
opment set of 98 QALD-9 and 200 LC-QuAD 1.0
questions for evaluating individual modules.
Metrics. We report performance based on standard
precision, recall and F-score metrics for the KBQA
system and other modules. For the AMR parser we
use the standard Smatch metric (Cai and Knight,
2013).

3.2 End-to-end Evaluation

Baselines: We evaluate NSQA against four sys-
tems: GAnswer (Zou et al., 2014), QAmp (Vaku-
lenko et al., 2019), WDAqua-core1 (Diefenbach
et al., 2020), and a recent approach by (Liang
et al., 2021). GAnswer is a graph data-driven ap-
proach and is the state-of-the-art on the QALD
dataset. QAmp is another graph-driven approach
based on message passing and is the state-of-the-
art on LC-QuAD 1.0 dataset. WDAqua-core1 is
knowledge base agnostic approach that, to the best
of our knowledge, is the only technique that has
been evaluated on both QALD-9 and LC-QuAD
1.0 on different versions of DBpedia. Lastly, Liang
et al. (Liang et al., 2021) is a recent approach

AMR3.0 QALD-9 LC-QuAD 1.0
stack-Transformer 80.00 87.91 84.03

Table 2: AMR parsing performance (Smatch) on the
AMR3.0 test and QALD-9, LC-QuAD 1.0 dev sets.

that uses an ensemble of entity and relation linking
modules and train a Tree-LSTM model for query
ranking.
Results: Table 1 shows the performance of
NSQA compared to state-of-the-art approaches on
QALD and LC-QuAD 1.0 datasets. On QALD-9
and LC-QuAD 1.0, NSQA achieves state-of-the-art
performance. It outperforms WDAqua and gAn-
swer on QALD-9. Furthermore, NSQA’s perfor-
mance on LC-QuAD 1.0 significantly outperforms
QAmp by 11.45 percentage points on F1.

Due to difference in evaluation setup in Liang
et al. (2021), we reevaluated their system on the
same setup and metrics as the above systems.
Given the test set and the evaluation, (Liang et al.,
2021)’s F1 score reduces to 29.2%5. We exclude
this work from our comparison due to lack of stan-
dard evaluation.

3.3 Performance Analysis of AMR
AMR Parsing. We manually created AMRs for
the train and dev sets of QALD and LC-QuAD
1.0 questions. The performance of our stack-
transformer parser on both of these datasets is
shown in Table 2. The parser is trained on the com-
bination of human annotated treebanks and a syn-
thetic AMR corpus. Human annotated treebanks
include AMR3.0 and 877 questions sentences (250
QALD train + 627 LC-QuAD 1.0 train sentences)
annotated in-house. The synthetic AMR corpus
includes 27k sentences obtained by parsing LC-
QuAD 1.0 and LC-QuAD 2.0 (Dubey et al., 2019)
training sentences, along the lines of (Lee et al.,
2020).
AMR-based Query Structure NSQA leverages
many of the AMR features to decide on the cor-
rect query structure. As shown in Section 2.2.2,
NSQA relies on the existence of certain PropBank
predicates in the AMR parse such as have-degree-
91, count-01, amr-unknown to decide on which
SPARQL constructs to add. In addition, the AMR
parse determines the structure of the WHERE clause.
In Table 3, we show the accuracy of each one of

5 Liang et al. (2021) report an F1 score of 68% on a differ-
ent subset of LC-QuAD 1.0. They also consider only questions
that returns an answer which is a different setup from the rest
of the systems.
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Figure 3: AMR and query graphs for the questions “Acer nigrum is used in making what?”, “Count the awards
received by the ones who fought the battle of france?” and “What cities are located on the sides of mediterranean
sea?” from LC-QuAD 1.0 dev set

Query Feature Correct Total Correct (%)

SELECT 164 186 88.2
ASK 14 9 64.3
COUNT 25 31 80.6

1-Hop 50 63 79.4
2-Hop 96 137 70.1

Table 3: Query constructs prediction (LC-QuAD 1.0
dev)

these rules on LC-QuAD 1.0 dev dataset. Overall,
NSQA identified 64% of ASK (boolean) questions
correctly and achieved more than 80% accuracy
for COUNT and SELECT questions. Using AMR
and the path-based approach, NSQA was able to
correctly predict the total number of constraints
with comparable accuracies of 79% and 70% for
single and two-hops, respectively. NSQA finds the
correct query structure for complex questions al-
most as often as for simple questions, completely
independent of the KG.

Figure 3 shows two examples illustrating how
AMR lends itself to an intuitive transformation to
the correct query graph, as well as a third example
where we fail. Here the AMR semantic parse can
not be matched to the underlying KG, since ‘side’
is an extra intermediate variable that leads to an
additional constraint in the query graph.

Supported Question Types. Table 4 shows the
reasoning and question types supported by NSQA .
Our transformation algorithm applied to AMR
parses supports simple, multi-relational, count-
based, and superlative question types. LNN per-
forms geographic reasoning as well as type-based
reasoning to rank candidate logic forms. Address-
ing comparative and temporal reasoning is a part

of our future work.

3.4 Individual Module Evaluation

Entity and Relation Linking. NSQA’s EL mod-
ule (NMD+BLINK) consists of a BERT-based neu-
ral mention detection (NMD) network, trained
on LC-QuAD 1.0 training dataset comprising of
3,651 questions with manually annotated men-
tions, paired with an off-the-shelf entity disam-
biguation model – BLINK (Wu et al., 2019b). We
compare the performance of NMD+BLINK ap-
proach with Falcon (Sakor et al., 2019) in Table 5.
NMD+BLINK performs 24% better on F1 than
Falcon (state-of-the-art) on LC-QuAD 1.0 dev set
and 3% better on QALD-9 dev set. Similarly, we
evaluate Relation Linking on both QALD and LC-
QuAD 1.0 dev sets. In particular, we used Sem-
REL (Naseem et al., 2021); state-of-the-art relation
linking approach which performs significantly bet-
ter compared to both Falcon (Sakor et al., 2019)
and SLING (Mihindukulasooriya et al., 2020) on
various datasets. On LC-QuAD 1.0 dev, SemREL
acheives F1 = 0.55 compared to 0.43 by SLING and
0.42 by Falcon. On QALD-9, SemREL achieves
0.54 compared to 0.64 and 0.46 F1 for SLING and
Falcon, respectively.
Reasoner. We investigate the effect of using LNN
as a reasoner equipped with axioms for type-based
and geographic reasoning. We evaluated NSQA’s
performance under two conditions: (a) with an
LNN reasoner with intermediate logic form and
(b) with a deterministic translation of query graphs
to SPARQL. On LC-QuAD 1.0 dev set, NSQA
achieves an F1 score of 40.5 using LNN com-
pared to 37.6 with the deterministic translation to
SPARQL. Based on these initial promising results,
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Question Type/Reasoning Example Supported

Simple Who is the mayor of Paris
Multi-relational Give me all actors starring in movies directed by William Shatner.
Count-based How many theories did Albert Einstein come up with?
Superlative What is the highest mountain in Italy?
Comparative Does Breaking Bad have more episodes than Game of Thrones?
Geographic Was Natalie Portman born in the United States?
Temporal When will start [sic] the final match of the football world cup 2018?

Table 4: Question types supported by NSQA , with examples from QALD

Dataset P R F1
Falcon QALD-9 0.81 0.83 0.82
NMD+BLINK QALD-9 0.82 0.90 0.85

Falcon LC-QuAD 1.0 0.56 0.69 0.62
NMD+BLINK LC-QuAD 1.0 0.87 0.86 0.86

Table 5: Performance of Entity Linking modules com-
pared to SOTA Falcon on our dev sets

we intend to explore more uses of such reasoners
for KBQA in the future.

4 Related Work

Early work in KBQA focused mainly on design-
ing parsing algorithms and (synchronous) gram-
mars to semantically parse input questions into
KB queries (Zettlemoyer and Collins, 2007; Berant
et al., 2013), with a few exceptions from the infor-
mation extraction perspective that directly rely on
relation detection (Yao and Van Durme, 2014; Bast
and Haussmann, 2015). All the above approaches
train statistical machine learning models based on
human-crafted features and the performance is usu-
ally limited.
Deep Learning Models. The renaissance of neu-
ral models significantly improved the accuracy
of KBQA systems (Yu et al., 2017; Wu et al.,
2019a). Recently, the trend favors translating the
question to its corresponding subgraph in the KG
in an end-to-end learnable fashion, to reduce the
human efforts and feature engineering. This in-
cludes two most commonly adopted directions: (1)
embedding-based approaches to make the pipeline
end-to-end differentiable (Bordes et al., 2015; Xu
et al., 2019); (2) hard-decision approaches that gen-
erate a sequence of actions that forms the subgraph
(Xu et al., 2018; Bhutani et al., 2019).

On domains with complex questions, like QALD
and LC-QuAD, end-to-end approaches with hard-
decisions have also been developed. Some
have primarily focused on generating SPARQL

sketches (Maheshwari et al., 2019; Chen et al.,

2020) where they evaluate these sketches (2-hop)
by providing gold entities and ignoring the evalu-
ation of selecting target variables or other aggre-
gation functions like sorting and counting. (Zheng
and Zhang, 2019) generates the question subgraph
via filling the entity and relationship slots of 12 pre-
defined question template. Their performance on
these datasets show significant improvement due to
the availability of these manually created templates.
Having the advantage of predefined templates does
not qualify for a common ground to be compared
to generic and non-template based approaches such
as NSQA, WDAqua, and QAmp.

Graph Driven Approaches. Due to the lack of
enough training data for KBQA, several systems
adopt a training-free approach. WDAqua (Diefen-
bach et al., 2017) uses a pure rule-based method
to convert a question to its SPARQL query. gAn-
swer (Zou et al., 2014) uses a graph matching algo-
rithm based on the dependency parse of question
and the knowledge graph. QAmp (Vakulenko et al.,
2019) is a graph-driven approach that uses message
passing over the KG subgraph containing all iden-
tified entities/relations where confidence scores get
propagated to the nodes corresponding to the cor-
rect answers. Finally, (Mazzeo and Zaniolo, 2016)
achieved superior performance on QALD-5/6 with
a hand-crafted automaton based on human anal-
ysis of question templates. A common theme of
these approaches, is that the process of learning the
subgraph of the question is heavily KG specific,
while our approach first delegates the question un-
derstanding to KG-independent AMR parsing.

Modular Approaches. Frankenstein (Singh et al.,
2018) is a system that emphasize the aspect of
reusuability where the system learns weights for
each reusuable component conditioned on the ques-
tions. They neither focus on any KG-independent
parsing (AMR) not their results are comparable to
any state of the art approaches. (Liang et al., 2021)
propose a modular approach for KBQA that uses
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an ensemble of phrase mapping techniques and a
TreeLSTM-based model for ranking query candi-
dates which requires task specific training data.

5 Discussion

The use of semantic parses such as AMR compared
to syntactic dependency parses provides a number
of advantages for KBQA systems. First, indepen-
dent advances in AMR parsing that serve many
other purposes can improve the overall perfor-
mance of the system. For example, on LC-QUAD-
1 dev set, a 1.4% performance improvement in
AMR Smatch improved the overall system’s perfor-
mance by 1.2%. Recent work also introduces multi-
lingual and domain-specific (biomedical) AMR
parsers, which expands the possible domains of
application for this work. Second, AMR provides
a normalized form of input questions that makes
NSQA resilient to subtle changes in input questions
with the same meaning. Finally, AMR also trans-
parently handles complex sentence structures such
as multi-hop questions or imperative statements.

Nevertheless, the use of AMR semantic parses
in NSQA comes with its own set of challenges:
1) Error propagation: Although AMR parsers are
very performant (state-of-the-art model achieves
an Smatch of over 84%), inter-annotator agreement
is only 83% on newswire sentences, as noted in
(Banarescu et al., 2013). Accordingly, AMR er-
rors can propagate in NSQA’s pipeline and cause
errors in generating the correct answer, 2) Gran-
ularity mismatch: our proposed path-based AMR
transformation is generic and not driven by any
domain-specific motivation, but additional adjust-
ments to the algorithm may be needed in new
domains due to the different granularity between
AMR and SPARQL 3) Optimization mismatch:
Smatch, the optimization objective for AMR train-
ing, is sub-optimal for KBQA. NSQA requires a
particular subset of paths to be correctly extracted,
whereas the standard AMR metric Smatch focuses
equally on all edge-node triples. We are therefore
exploring alternative metrics and how to incorpo-
rate them into model training.

6 Conclusion and Future Work

To the best of our knowledge, NSQA is the first
system that successfully harnesses a generic se-
mantic parser, particularly AMR, for a KBQA task.
Our path-based approach to map AMR to the un-
derlying KG such as DBpedia is first of its kind

with promising results in handling compositional
queries. NSQA is a modular system where each
modules are trained separately for its own task,
hence not requiring end-to-end KBQA training. In
future, we will explore the potential of the more
expressive intermediate logic form with the neuro-
symbolic reasoner for KBQA. Particularly, we in-
tend to focus on extending NSQA for temporal
reasoning and making it robust to handle incom-
pleteness and inconsistencies in knowledge bases.
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and Giulio Napolitano. 2017. 7th open challenge
on question answering over linked data (qald-7). In
Semantic Web Evaluation Challenge, pages 59–69.
Springer.

Svitlana Vakulenko, Javier David Fernandez Garcia,
Axel Polleres, Maarten de Rijke, and Michael
Cochez. 2019. Message passing for complex ques-
tion answering over knowledge graphs. In Pro-
ceedings of the 28th ACM International Conference
on Information and Knowledge Management, pages
1431–1440.

Dekun Wu, Nana Nosirova, Hui Jiang, and Mingbin Xu.
2019a. A general fofe-net framework for simple and
effective question answering over knowledge bases.
arXiv preprint arXiv:1903.12356.

Ledell Wu, Fabio Petroni, Martin Josifoski, Sebastian
Riedel, and Luke Zettlemoyer. 2019b. Zero-shot
entity linking with dense entity retrieval. ArXiv,
abs/1911.03814.

Kun Xu, Yuxuan Lai, Yansong Feng, and Zhiguo Wang.
2019. Enhancing key-value memory neural net-
works for knowledge based question answering. In
Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pages 2937–
2947.

Kun Xu, Lingfei Wu, Zhiguo Wang, Mo Yu, Li-
wei Chen, and Vadim Sheinin. 2018. Exploiting
rich syntactic information for semantic parsing with
graph-to-sequence model. In Proceedings of the
2018 Conference on Empirical Methods in Natural
Language Processing, pages 918–924.

Xuchen Yao and Benjamin Van Durme. 2014. Infor-
mation extraction over structured data: Question an-
swering with freebase. In Proceedings of the 52nd
Annual Meeting of the Association for Computa-
tional Linguistics (Volume 1: Long Papers), pages
956–966.

Mo Yu, Wenpeng Yin, Kazi Saidul Hasan, Cicero dos
Santos, Bing Xiang, and Bowen Zhou. 2017. Im-
proved neural relation detection for knowledge base
question answering. In Proceedings of the 55th An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 571–
581.

Luke Zettlemoyer and Michael Collins. 2007. Online
learning of relaxed ccg grammars for parsing to log-
ical form. In Proceedings of the 2007 Joint Con-
ference on Empirical Methods in Natural Language
Processing and Computational Natural Language
Learning (EMNLP-CoNLL), pages 678–687.

Weiguo Zheng and Mei Zhang. 2019. Question answer-
ing over knowledge graphs via structural query pat-
terns. arXiv preprint arXiv:1910.09760.

Lei Zou, Ruizhe Huang, Haixun Wang, Jeffrey Xu Yu,
Wenqiang He, and Dongyan Zhao. 2014. Natural
language question answering over rdf: a graph data
driven approach. In Proceedings of the 2014 ACM
SIGMOD international conference on Management
of data, pages 313–324.

3894



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 3895–3901
August 1–6, 2021. ©2021 Association for Computational Linguistics

On the Gap between Adoption and Understanding in NLP

Federico Bianchi
Bocconi University

Milano, Italy
f.bianchi@unibocconi.it

Dirk Hovy
Bocconi University

Milano, Italy
dirk.hovy@unibocconi.it

Abstract

There are some issues with current research
trends in NLP that can hamper the free de-
velopment of scientific research. We identify
five of particular concern: 1) the early adop-
tion of methods without sufficient understand-
ing or analysis; 2) the preference for compu-
tational methods regardless of risks associated
with their limitations; 3) the resulting bias in
the papers we publish; 4) the impossibility of
re-running some experiments due to their cost;
5) the dangers of unexplainable methods. If
these issues are not addressed, we risk a loss of
reproducibility, reputability, and subsequently
public trust in our field. In this position pa-
per, we outline each of these points and sug-
gest ways forward.

1 Early Adoption
When BERT (Devlin et al., 2019) was introduced
in 2019, it revolutionized Natural Language Pro-
cessing (NLP), showing impressive capabilities
on many tasks in various languages (Nozza et al.,
2020). However, papers soon highlighted its lim-
its (Ettinger, 2020; Bender and Koller, 2020) and
identified issues with bias (Nozza et al., 2021),
i.e., that contextual models show different perfor-
mances for different genders and ethnic groups
(Zhang et al., 2020). While Rogers et al. (2020a)’s
“BERTology” paper outlines what we know about
BERT, much remains unexplored. We do not re-
ally know what BERT “understands”, but, as Ben-
der and Koller (2020) pointed out, we frequently
overestimate its understanding capabilities. E.g.,
Ettinger (2020) shows that BERT has very low sen-
sitivity to the concept of negation shows. This is
not to say that we should stop using BERT; indeed,
it is hard to imagine the field today without it. But
it does illustrate the gap between adoption and un-
derstanding (GAU) of a new technology. As the
field grows, this situation is likely to play out more

frequently, as it is aided by various circumstances.
Early adoption of novel methods and their rigor-

ous testing by the field are a strength of NLP. This
approach has propelled insights through cascading
waves of novel methods. However, the adoption of
new technologies without full awareness of their
potential and side effects is a risky proposition. In
the 1950s and 1960s, a German pharmaceuticals
company aggressively marketed a new drug called
“Contergan” to treat sleeping problems as well as
morning sickness during pregnancy. The drug had
been classified as safe after extensive trials, and
was widely prescribed. However, the trials had ac-
tually excluded pregnant women, so it was only
after its approval that the effects of the drug’s main
component, thalidomide, became clear: thousands
suffered severe birth defects and miscarriages (Cri-
ado Perez, 2019).

NLP is not a chemical product, and its effects
are not as physically harmful. Using a model that
later turns out to be overfitting is not in the same
category as failing to protect people from bodily
harm. However, it has other consequences. Say
researcher A publishes a new result with method X,
which becomes the number to beat. Many try and
fail, not publishing their results or being ignored.
Later, method X is found to be wrong. But the in-
sights that were shelved or ignored in between are
lost, unable to unseat method X’s false supremacy.
Maybe A retracts their initial result, but the damage
is done. If others have built on X in the meantime,
they will also be affected by its collapse. Imagine
for a moment the ripple effects if a central paper
like BERT turned out to be wrong. More likely,
though, is that A, satisfied with the results of X,
simply moves on. The barrier to new, better work
remains in place, the faulty method is not iden-
tified as such, and instead a method heralded as
revolutionary causes stagnation in the field.

Social psychology has struggled with this “win-
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ner’s curse” (Ioannidis, 2008) of unreplicable re-
sults. The cause there was the prevalence of false
positives that appeared significant, but were just
lucky flukes (Ioannidis, 2005). Simmons et al.
(2011) found that in many cases, a researcher’s de-
cision (conscious or subconscious) had influenced
the results. While the causes are different, the re-
sulting issue is the same in NLP.

We will see in the subsequent sections how,
counter-intuitively, the GAU creates incentives to
publish faster, focus on methods, and drop experi-
ments that do not lead to state-of-the-art results.

A way forward We need to create an environ-
ment that makes negative findings and exploration
of shortcomings possible, and preferably not just
as afterthoughts. Workshops on negative results
(Rogers et al., 2020b) and the stress-testing idea of
build-it, break-it (Ettinger et al., 2017) are steps in
the right direction.

2 Computational Papers

The method-driven nature of NLP makes it nec-
essary to constantly explore new techniques, and
the upsides are readily apparent. However, it has
also tipped the balance of papers away from intro-
spection and linguistically motivated studies. This
development seems rooted in the statistical revolu-
tion that began in the 1990s, when method-driven
papers outperformed theory-motivated ones. By
now, it seems this attitude is very much ingrained
in our community, where new models are appreci-
ated more than purely linguistic results. To be fair,
purely methodological papers are easier to evaluate
objectively. This situation invites two questions,
though: (i) Are modeling results more important
than linguistics insights? And (ii) should computa-
tional papers be evaluated differently?

Norvig (2017) has remarked on the tension be-
tween rationalism, which wants models that can be
understood, and empiricism, which wants models
that work.1 There is likely always going to be a
pendulum swing between these extremes. But to
make true progress, we do need both approaches.

While to date no survey has quantified the most
popular methods in NLP research, it seems anec-
dotally that many of the accepted papers at top
conferences in the field introduce novel models.
Assuming that modeling results are important in

1The empiricist preference can be summed up with statis-
tician George Box’s aphorism, “All models are wrong, but
some are useful.”

our field, we need to understand if we are evalu-
ating these papers in the correct way. This brings
up the question of replicability: there has recently
been a push to find ways to require authors to share
their code and parameters, but this is not enough.
Papers often fail to include the complete setup on
which they base their models. Even the slightest
difference in the setting can bring huge differences
in the results: changing between CUDA versions
can affect the results on GPU. Moreover, papers’
repositories are often incomplete, failing to include
the dependencies that would allow others to easy
replicate experiments or, worse, containing only
poorly documented Jupyter notebooks. Code is
a fundamental component of science and should
be regarded as such. Code should not just enable
researchers to re-run a given experiment, but to ap-
ply the same method to other data sets. Bad code
is not useful, and the cost of re-implementation,
combined with the risk of not being able to get
the original results, is often too high to justify the
investment of researchers’ time. Writing bad code
should be akin to writing a bad paper; it does not
necessarily make the research wrong, but it makes
it less reproducible.

This situation brings up another question:
Should authors be responsible for actively main-
taining code? Once a new paper is published and
the code released, reviewers might ask for compar-
isons. However, it is common to see repositories
on GitHub that have many unanswered questions.

Methodological errors can slow research; as
shown by Musgrave et al. (2020), due to method-
ological flaws in the experiments, the increase of
performance in metric learning was wrongly re-
ported in several papers. Moreover, a few hyperpa-
rameters can make a huge difference in the results
of a given experiment (Ruffinelli et al., 2020). Well-
documented methodological design and code make
it easier to find bugs and experimental problems.
Often systematic evaluations are run to compare dif-
ferent state-of-the-art methods and show that the re-
sults are sometimes on par with baselines (Dacrema
et al., 2019; Errica et al., 2020).

A way forward Following Bender and Friedman
(2018) on providing a data statement, we believe
that a code statement similar to that offered by
Mitchell et al. (2019) should be provided along
with a paper. Code is part of the scientific contri-
bution similar to the experiments we run to prove a
hypothesis. While there can be different opinions
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on how to write good or bad code, writing docu-
mented code that is at least easy to use (with the
use of high-level interfaces and convenient wrap-
pers) can be required practice. Moreover, this can
be of help in the context of systematic evaluation
initiatives like code base that integrate multiple al-
gorithms (Terragni et al., 2021): this process can
help in reducing methodological errors in the eval-
uation. We can cite HuggingFace2 as a notable
example of a repository with good systematicity
that has allowed many researchers to replicate most
of the recent and popular research in the NLP field.
Similarly, Sentence BERT (Reimers and Gurevych,
2019) - a method for sentence embeddings based
on BERT - was released with a well organized and
easy-to-use source code3 that made it possible to
use the models as a baseline or as the foundation
of many other research works (Li et al., 2020; Ke
et al., 2020; Zemlyanskiy et al., 2021; Bianchi et al.,
2021c,b, inter alia), suggesting that this kind of re-
lease can be of great benefit to the community.

3 Publication Bias
Most researchers want to publish in A+ venues
and Q1 journals as academic positions use publi-
cation output as a criterion for promotions. While
quality should play into this assessment, it would
be wrong to assume university committees are fa-
miliar enough with all venues and subfields in a
discipline to make an accurate assessment of the
relative value of each contribution. So the num-
ber of papers and citation count often trump other
considerations, especially when publications give
universities PR.

Proponents of “slow science” have argued for
a shift away from this emphasis on quantity. But
while laudable in theory, committing to slowness
in practice does not align with the needs of espe-
cially junior researchers. They might well prefer
less publication pressure, but they can likely not af-
ford the trade-off between a theoretically desirable
publication model and losing their job. Given all
that, it would be unfair to put the responsibility for
addressing the publication bias feeding the GAU
on junior scholars. Furthermore, it is not clear what
makes a paper worthy of an A+ venue. For NLP
conferences, that decision is left to three review-
ers and one area chair. Faced with an increasing
number of papers to review, reviewers have found

2huggingface.co
3https://github.com/UKPLab/sentence-

transformers

themselves with less and less time to make a well-
rounded decision on each one. As a consequence,
many good papers do not get published.

To keep up with publication demands, authors
can 1) make their papers easier to judge based on
a quick read or 2) find alternative venues. The
former means focusing on a single, easily recogniz-
able contribution—much easier for method papers
(see also the previous section). The latter means
many authors are now deciding to build the foun-
dation of their publication record by publishing on
ArXiv. There is nothing wrong with ArXiv itself.
Thanks to it, researchers can make and share valu-
able contributions with other researchers online.
However, ArXiv is a new, and changeable, venue.
Keeping the current pace of NLP research, it is
bound to also publish models that are biased. So
publication records built on ArXiv are set on quick-
sand and might fall over: the GAU we described
previously. While it is encouraging to see that we
as a field subsequently work on reducing the bias
of those models, we are still allowing anyone to use
and deploy those biased models in the meanwhile,
contributing to the GAU.

A way forward Short of changing the incentive
structure, we can do more to strengthen the review
process. Tutorials on reviewing (Cohen et al., 2020)
and the implementation of their recommendations
would go a long way toward ensuring that we main-
tain a high standard at a high volume.

4 Computationally Unobtainable
The previous sections have argued that the GAU is a
consequence of a strong preference within the field
for computational methods, amplified by existing
publication bias. But even if all of the solutions we
suggested were adopted, there would still be issues
that affect reproducibility.

In a panel discussion at EurNLP 2019, Phil Blun-
som correctly remarked that “[t]he future of NLP is
not about bigger models, it’s about bigger ideas.”4

Indeed, there are many arguments against simply
making models bigger. However, there is a differ-
ence between having the possibility of running a
bigger model and not needing it, and needing a
bigger model but not having it.

Popular methods like BERT or GPT-3 are now
impossible to develop without huge amounts of
funding. Developing a new algorithm means run-

4https://twitter.com/glorisonne/
status/1182693114672271360
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ning multiple experiments, multiple times, adjust-
ing parameters and configurations. So there is not
just the already prohibitive cost of pre-training one
BERT model, but the cost of pre-training BERT
dozens of times.

Asking authors to provide results by re-training
models is too high a cost for many academic re-
searchers. True, other fields have to invest much
more money to run experiments. E.g., neuro-
sciences require universities to buy ECG or MEG
devices that can cost up to 2 million dollars. On
the other hand, those devices are much more con-
sistently reused than a single pre-trained model, so
costs are much more distributed.

It is also unclear what constitutes a “bigger”
model. Parameter sizes have grown exponentially
for the last few years (Bender et al., 2021), and
what was considered preposterously large five years
ago is now pretty standard. But even old stan-
dards are becoming hard to match for universities.
This situation creates an unbridgeable gap between
industry and academia. Even within those two
groups, there are rapidly emerging differences be-
tween the players. Only rich universities can afford
to re-pre-train models from scratch. Demanding
that all actors have access to the same resources
would be unreasonable (however desirable). Indus-
try players need to maintain a competitive edge,
and we can hardly hope to address the inequality
between national academic systems and their fund-
ing. But this reality creates a situation where repro-
ducibility becomes impossible. If team A presents
results from a model that only team A can train,
then the rest of us need to take those results at face
value. Whether we believe them or not becomes
irrelevant. In addition to this problem, consider the
environmental concerns generated by the training
of large models (Strubell et al., 2019), and bigger
does not necessarily equate better for reproducibil-
ity.

Lack of reproducibility, though, is a danger to
scientific reliability. The fallout from the repro-
ducibility crisis in social psychology (see Section
4) has tainted the reputation of the entire field. But
it has also led to remarkable innovations. Studies
now need to be pre-registered to prevent “fishing
expeditions” to find the most “interesting” result.
International research teams have organized trials
to replicate famous experiments—often disproving
canonical theories, but also re-opening avenues of
research that had been wrongly foreclosed (Collab-

oration, 2015). And while NLP researchers gener-
ally favor reproducibility (Mieskes et al., 2019), we
are not yet doing it. Fokkens et al. (2013) already
identified five parameters for better reproducibility.
A study by Belz et al. (2021), though, found that
only 15.61% of 506 papers they checked were in-
dependently reproducible. This is in contrast to the
high level of data shared in NLP (Mieskes, 2017),
which should aid reproduction.

A way forward We need to consider the value
as well as the cost of computation in terms of re-
sources, people, and money. If it becomes im-
possible to replicate some experiments because of
those factors, we need to foster computationally-
affordable solutions that can be tested by everyone.

5 Unexplainable Methods

A final important issue is the low explainability of
our models. This argument recalls the rationalism
vs. empiricism debate we mentioned earlier, and is
valid for most deep learning models. However, it
has recently become more prevalent due to the low
effort needed to set up and run these models.

GPT-3 (Brown et al., 2020) made it to the pub-
lic quickly, most notably as “author” of an auto-
generated Guardian article (GPT-3, 2020), which
also generated a lot of opinions. The final arti-
cle was the heavily-edited output of several GPT-3
runs to get a coherent version. So while still not
an autonomous contribution, the potential impact
that this technology is clear: It has allowed peo-
ple to create eye-catching, interesting applications
that capture the public’s imagination. Those cre-
ations go beyond natural language. For example,
GPT-3 can output HTML and CSS just from an in-
put description of the desired outcome (Szőgyényi,
2020).

So while sensational results are picked up by
the media and easily make their way to the general
public (GPT-3, 2020), more nuanced comments
and limitations of those results tend to be confined
to in-domain newsfeeds (Marcus and Davis, 2020;
Floridi and Chiriatti, 2020). Indeed, the public is
left with the idea that these methods are either a
panacea for all problems of the day, or the next
step on the path to machine domination. But as
scientists, we should realize that sensationalizing
what we do comes with great responsibilities.

Easy availability of this technology can bring
harm: it is not difficult to imagine the consequences
of early access to this kind of technology, like bi-
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ased auto-generated articles and fake news. How-
ever, it is difficult to predict which unwanted out-
comes as of yet unknown models could generate.
This is not a new argument: face recognition mod-
els have already created problems with racial bias,
such as identifying images of Black people as “go-
rillas” (Zhang, 2015).

This point is even more poignant when we real-
ize that different studies have pointed out that GPT-
3 is not exhibiting what we as humans would call
“intelligence” (Marcus and Davis, 2020; Floridi and
Chiriatti, 2020) and have suggested that learning
just from text and without including external expe-
rience might be a difficult task (Bisk et al., 2020;
Bender and Koller, 2020; Bianchi et al., 2021a).
Intelligent beings can explain their decisions and
reason about their process. But GPT-3 and similar
models make (unexplainable) decisions that look
intelligent. This level of unexplainability hinders
the future applications of this technology to areas
that crucially depend on post-hoc explanations of
the process. E.g., fields like medicine and law.

A way forward This problem does not have a
solution – yet. We need to better engage with the
media and public to make sure that what comes
from our field is not only the great news of spec-
tacular possibilities. It is difficult to also share the
limitations: it might bore the public, detract from
the undeniable successes, and it requires more ef-
fort to explain than simple, glowing success stories.
But it is the only way to be sure that everyone has
understood the full range of possible outcomes of
unexplainable models.

6 Conclusion

We have argued that the current publication model
of NLP fosters a gap between adoption and un-
derstanding of models, making it easier to meet
publication demands with method papers, while
shelving more unwieldy studies that include nega-
tive results and more epistemological approaches.

This issue is compounded by the rise of ever-
larger models, which are unobtainable by all but
a few researchers, and make it harder to explain
how our methods work. As a result, reproducibility
might suffer, and consequently endanger NLP’s
credibility and the public’s trust in the field.

We do not make the argument that these are the
only issues that our community has to take care of.
For example, environmental sustainability (Strubell
et al., 2019) of the models and the possible dual-use

problem (Leins et al., 2020) are important topics
that require a separate discussion.

Ethical Considerations
The main topic of this paper, reproducibility, is
related to issues of ethics in NLP, with respect to
fairness and accessibility. With this paper, we hope
to contribute to that literature. Our paper does
not contain new data sets or methods that pose a
potential dual-use or bias problem.
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Abstract

With the rapid growth of social media in the
past decade, the news are no longer controlled
by just a few mainstream sources. Users them-
selves create large numbers of potentially ficti-
tious rumours, necessitating automated verac-
ity classification systems. Here we present a
novel approach towards automatically classi-
fying rumours circulating on Twitter with re-
spect to their veracity. We use a model built
on Variational Autoencoder which disentan-
gles the informational content of a tweet from
the manner in which the information is writ-
ten. This is achieved by obtaining latent topic
vectors in an adversarial learning setting using
the auxiliary task of stance classification. The
latent vectors learnt in this way are used to pre-
dict rumour veracity, obtaining state-of-the-art
accuracy scores on the PHEME dataset.1

1 Introduction

Anyone can publish rumours online with the po-
tential to influence and pose as news. Since it is
impossible to manually check the vast volume of
circulating tweets, there is increasing need for ma-
chine learning algorithms to assist with rumour
veracity assessment.

Given a rumour of unknown veracity introduced
by a tweet in a conversation thread and the re-
sponses to it, our goal is to automatically deter-
mine the veracity of the rumour by assigning it
one of the classes true, false, or unverified. Prior
approaches to rumour veracity classification have
primarily relied on careful feature engineering. For
example, Li et al. (2019a) used meta-features such
as user credibility together with more traditional
features to top the leaderboard in SemEval 2019
Task 7 (Gorrell et al., 2019). This task encour-
aged teams to use the stances of responses to the

1The code is available at: https://github.com/
JohnNLP/SAVED

rumour to assist in veracity classification, which
has previously been shown to be predictive of ru-
mour veracity (Dungs et al., 2018). A number of
approaches (Kochkina et al., 2018; Li et al., 2019b)
also showed benefits of using stance classification
as an auxiliary task in a multitask learning setup.
Some recent approaches exploit the structure of the
conversation discussing a rumour. Kochkina et al.
(2018) used LSTM to model linear branches ex-
tracted from the conversation tree, while Ma et al.
(2018) and Bian et al. (2020) modelled a tree struc-
ture to capture information from responses.

Zeng et al. (2019) presented an unsupervised
approach built on Variational Autoencoder (VAE)
to jointly model topic content and discourse be-
haviour in microblog conversations. We propose a
novel architecture which incorporates a VAE with
adversarial learning to disentangle topics which
are informative for stance classification from those
which are not. We then derive tweet representa-
tions based on the word representations learned in
the latent stance-dependent topic space. Our re-
sults show that using such tweet representations
for rumour veracity classification achieves superior
performance on the PHEME dataset. In summary,
we have made the following contributions:

• We have proposed a disentanglement based
approach to rumour veracity classification
which achieves state-of-the-art performance
for classifying rumours from previously un-
seen events, as they would emerge in real life.

• We have demonstrated that there remains sig-
nificant overlap between separate rumourous
events with distinct vocabularies, facilitating
transfer learning between such events.
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Figure 1: Model Architecture. Note the separate Topic Learning and Veracity Classification modules, and that the
context-enriched message often uses a fixed size window of messages rather than the full conversation.

2 Proposed Model

Our proposed Stance-Augmented VAE Disentan-
glement framework (SAVED) is shown in Figure 1.
It consists of two main modules, the Topic Learn-
ing module and the Veracity Classification module.

The idea is to separate the factual content of
twitter rumours from their mannerisms2, using the
latter to predict rumour veracity. This technique
is well-suited to rumour veracity prediction for
emergent real-life events as it overcomes their fac-
tual distinctness - we hypothesise that mannerisms
transfer better between different rumourous events.
The PHEME dataset is designed for this purpose,
with rumours grouped together according to their
originating event. In our experiments we use both
the source tweet originating the rumour and its con-
versation thread together since both are useful for
veracity prediction.

2.1 Topic Learning
In microblog conversations, a source tweet could
have multiple responses, forming a conversation
tree. Here we flatten the tree into a chronologi-
cally ordered sequence of tweets, defined as d =
{x1,x2, ...,xN}, where N denotes the total num-
ber of posts in the conversation. For each message
xn ∈ d, we construct its context-enriched message
by taking a window of M messages before and
M messages after the target message, denoted as
cn = {xn−M , · · ·xn−1,xn,xn+1, · · · ,xn+M}.

Assuming a post x3 is associated with a stance
2For an example of this, see Figure 5 in (Zeng et al., 2019).
3We drop the subscript n for clarity here.

label y and each post can be generated from a
stance-dependent latent topic zs (determined by
the context-enriched message c) and a stance-
independent latent topic zi, we aim to learn a
model which maximises the joint data and label
log-likelihood, log p(x, y):

log p(x, y) = log

∫

zs

∫

zi

p(x, y,zs, zi)dzsdzi

≥ Eqφ(zs|c,y),qψ(zi|x)[log pθ(x|zs, zi)]
+ Eqφ(zs|c,y),qψ(zi|x)[log pθ(y|zs)]
−KL(qφ(zs|c, y)||p(z))−KL(qψ(zi|x)||p(zi))

Following the idea of Zeng et al. (2019), we
can compute a variational approximation to an in-
tractable posterior using MLPs. We aim to min-
imise the reconstruction loss for each context-
enriched message c and for each message x (see
Figure 1), with a Monte Carlo approximation using
L independent samples:

Lc ≈ 1

L

L∑

l=1

N∑

n=1

log p(cn|z(l)
s )−KL(qφ(zs|c, y)||p(zs))

(1)

Lx ≈ 1

L

L∑

l=1

N∑

n=1

log p(xn|z(l)
s ,z

(l)
i )−KL(qψ(zi|x)||p(zi))

(2)

We assume that the latent stance-independent top-
ics, zi, are independent of stance classes, and
hence, when feeding into a stance classifier, should
generate a uniform stance class distribution (sim-
ilar to adversarial learning). On the contrary, the
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latent stance-dependent, zs, should bear essential
information to discriminate between stance classes.
Therefore, we can define the following two cross-
entropy losses for stance classification:

Ladv = −Eqφ(zi)
S∑

s=1

1

S
log p(ŷs|zi) (3)

Lstance = −Eqψ(zs)
S∑

s=1

ys log p(ŷs|zs) (4)

where S is the total number of stance classes, 1
S

represents the uniform stance class distribution.
To disentangle the latent stance-independent top-

ics, zi, and and latent stance-dependent topics, zs,
we minimise the mutual information between them:

LMI = Eqφ(zi)qψ(zs) log
p(zi, zs)

p(zi)p(zs)
(5)

Our final objective function is:

L = Lc +Lx + αLadv + βLstance + γLMI (6)

where α, β and γ control the relative contribution
of various loss functions.

We exclude the source tweet from this input
since it is worded differently from the other tweets
and is hence detrimental to overall performance.

2.2 Veracity Module
Once the Topic Learning Module is trained, we
use the decoder weights, i.e., weights linking be-
tween the stance-dependent latent vector zs and the
bag-of-words representation of the reconstructed
message (see the shaded pink blocks in Figure 1)
to generate the input to the Veracity Module by
deriving a vector for each tweet in the conversation
tree - the mean average of the tweet’s constituent
words. This two-module approach is advantageous
since it allows tweets to be weighted based on their
position in the (unflattened) conversation tree, and
forgoes use of the window of size M employed by
the Topic Module. Vectorised tweets are grouped
into 3 different importance tiers based on their po-
sitions in the conversation tree: the source tweet,
direct responses, and all other responses. The ra-
tionale for this is in the observation that the later
responses in long conversations tend to be less
relevant to the verification of the rumour (Zubi-
aga et al., 2016). The Veracity Module itself con-
sists of an attention layer followed by two dense
hidden layers with leaky ReLU activation (Maas

et al., 2013). The attention layer learns weights
for each of the tweet tiers. The conversation rep-
resentation is then obtained as a weighted average:
(w1v1 +w2v2 +w3v3)/n, where wt denotes the
learnable weight for tier t, vt denotes the sum of
the vectors of tweets in t and n denotes the number
of tweets in the entire tree. In our experiments the
presence of these weights increases model perfor-
mance. We found that the model tends to give the
highest weight to the source tweet, followed by di-
rect responses and finally the rest. To mitigate the
class imbalance, the loss attributed to instances of
each class is weighted inversely to their frequency
in the training data.

3 Experimental Setup

Dataset We use the PHEME-5 dataset (Kochk-
ina et al., 2018), which consists of Twitter rumours
around 5 high profile real-world events. Statistics
regarding the dataset can be found in the Appendix.
The PHEME dataset was chosen as it is a partic-
ularly challenging dataset due to class imbalance
and a leave-one-event out cross validation setting,
reflecting a real-world evaluation scenario.

Baseline Models We perform comparison of the
proposed model SAVED with existing state-of-the-
art models (Kochkina et al., 2018; Li et al., 2019b;
Cheng et al., 2020) and several strong baselines,
described in this section.
BERT We use the pretrained BERTBASE (Devlin
et al., 2019), uncased, which consists of 12 self-
attention layers, and returns a 768-dimension vec-
tor representation of a sentence. We generate BERT
representations for each tweet in the conversation
before feeding them into the Veracity Module.
VAED is a version of SAVED, where the Topic
Learning Module is reduced to only its VAE com-
ponent, without the stance classifiers from Section
2.1. The loss is Lc + Lx + γLMI .
VAED Without Disentanglement (VAE) is a sim-
plified version of VAED, where the Topic Learn-
ing Module is reduced to only using loss from the
context-enriched latent factor without the target
message (disentanglement). The loss is Lc.
VAED With Veracity (VAED+V) is an end-to-end
classifier based on the Topic Learning Module, in
which the context-enriched segment of the VAED
zs is connected to the veracity classifier. This
model does not include a stance classifier, nor the
adversarial component. The loss is Lc + Lx +
βLveracity + γLMI .
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Model False True Unverified Accuracy MacroF1

Kochkina et al. (2018) 0.212 0.647 0.330 0.492 0.396
Cheng et al. (2020) 0.504 0.480 0.465 0.521 0.484
Li et al. (2019b) - - - 0.483 0.418
BERT Baseline 0.113 0.592 0.326 0.405 0.345
VAE 0.201 0.413 0.407 0.395 0.339
VAED 0.206 0.474 0.388 0.380 0.362
VAED+V 0.273 0.418 0.420 0.389 0.376
SAVED 0.164 0.642 0.531 0.528 0.434

Table 1: Comparison with baselines and previous results. For comparability, we pool together the results of all five
events before calculating any F1 scores - the same approach used by the prior work in this table.

Parameter Settings The dimensionality of each
latent factor was tuned via grid search, with peak
performance found at 10 dimensions for the latent
stance-dependent vector, zs, and 6 dimensions for
the latent stance-independent vector, zi. See Ap-
pendix for further details.

Evaluation Metrics For comparability with
prior work, F1 scores are calculated after com-
bining the results of each fold.

4 Experimental Results

Overall Results The results of our experiments
are shown in Table 1. All of the models outper-
formed the VAE baseline. The VAED model alone
(with disentanglement, without any other modifi-
cations or stance/veracity classifiers) scores 0.363,
showcasing the efficacy of disentanglement per se.
The BERT-based model only outperformed VAE.

The proposed SAVED model outperforms those
of prior work on overall accuracy and the True
and Unverified classes. However, results for the
False class are rather low - which is in fact the
case for most of the models in Table 1, with
only Cheng et al. (2020) being an exception. Re-
sults of VAED+V are lower than that of SAVED,
in line with the knowledge that stance is related to
veracity (Dungs et al., 2018). This suggests that
stance is also a worthwhile intermediate classifica-
tion target.

Event False True Unverified MacroF1

Charlie Hebdo 0.223 0.505 0.324 0.351
Ferguson 0.129 0.080 0.906 0.372
Germanwings Crash 0.033 0.520 0.289 0.281
Ottawa Shooting 0.058 0.735 0.119 0.304
Sydney Siege 0.157 0.700 0.140 0.332

Overall 0.164 0.642 0.531 0.434

Table 2: Per-fold evaluation results of SAVED.

Per-fold Results Table 2 shows the per-fold re-
sults in our leave-one-event-out setting. Interest-
ingly, the model tends to perform best on rumors of
True veracity and worst on those which are False.
Performance on the Unverified class is adequate,
except for the ‘Ferguson’ event in which the model
F1 score is 0.906. Overall, the F1 scores of True
and Unverified classes are rather high (0.642 and
0.531 respectively) compared with that of the False
class (0.164).

Ablation studies The results of ablation studies
are shown in Table 3, which were obtained by vary-
ing which latent factor of the Topic Learning Mod-
ule were fed to the Veracity Module. We found that
stance-dependent latent vectors performed better
than stance-independent ones for rumour veracity
classification, although each performed adequately.
Creating an ensemble of both latent vectors was
not helpful since the respective models had similar
strengths and weaknesses.

Components Used MacroF1

Stance-dependent 0.434
Stance-independent 0.375
Both together 0.395

Table 3: Varying the latent factor used by the Veracity
Classification Module of SAVED.

Visualisation To examine the effectiveness of
our conversation tree representations derived from
the Topic Learning Module, we visualised the
representative vector for each tree using t-SNE
(van der Maaten and Hinton, 2008). This was done
in the context of the model SAVED (See Sec. 2).
Since learned tree-position weights wt are an im-
portant part of generating the representation of the
conversation but are not part of the Topic Learning
Module, we obtained them from the attention com-
ponent of the veracity module. Figure 2 depicts
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the resulting clusters of points, with each cluster
roughly corresponding to a class. The “Unveri-
fied” cluster is particularly distinct. This cluster
is largely comprised of tweets from the ‘Ferguson’
event, which contains most of the unverified ru-
mours in the dataset. This further demonstrates
that our Stance-Augmented VAE Model generates
representations which are useful for veracity pre-
diction.

Figure 2: Visualisation of the stance-dependent latent
factor for the ‘Charlie Hebdo’-excluded fold.

Number of Responses and Performance We
investigated how the number of responses to a ru-
mour affect the model’s accuracy. Whilst rumours
with more responses provide more context for the
model, responses too far down the response-tree
have been noted to lose some of their relevance to
the source rumour. We found the average number
of responses for correctly classified rumours from
the ‘Charlie’ fold, where ‘Charlie Hebdo’ is used
as a testing set, to be 14.8 tweets, whilst incorrectly
classified ones had an average length 12.2. This
seemed stronger for the ‘Ferguson’ fold with av-
erages of 22.2 and 14.7 respectively (note that the
model only observes up to 20 responses per thread).

Using the 2-tailed Mann-Whitney test, these re-
sults approach statistical significance (p=0.08 for
each fold). If there is an effect here, it can partially
be explained by rumours with 3 or fewer responses,
since when these were excluded the averages be-
came 17.1 vs 15.4 for ‘Charlie’ and 25.2 vs 20.2
for ‘Ferguson’.

Error Analysis Our model, similar to those of
Kochkina et al. (2018) and others but not Cheng
et al. (2020), fails to perform well for the False
class. To our knowledge, this under-performance
has not been previously investigated.

The PHEME dataset is imbalanced, containing

1,012 True, 393 False and 571 Unverified rumours.
Although we attempted to account for this imbal-
ance by weighting the model’s loss inversely to
class frequency, it is possible that the imbalance
contributed to the poor performance on False. Inter-
estingly more rumours were classified as Unverified
than as False, although there was no clear pattern
of misclassification.

The numbers of responses are largely unchanged
when restricted to the False class alone, with 13.0
(correct) and 10.7 (incorrect) for the ‘Charlie’ fold,
so this does not explain the performance deficit.

Manual investigation of the rumours themselves
led to the observation that correctly classified False
rumours tended to be more straightforward than
those which were incorrectly classified. The latter
seemed more likely to be vague or contain multi-
ple parts, examples of which can be found in the
Appendix. Thus a False rumour may contain both
false and true statements, potentially lowering the
utility of user responses for classification. Accord-
ingly, the model by Cheng et al. (2020) appears to
rely less on responses than ours and that of Kochk-
ina et al. (2018).

5 Conclusion

We present a novel disentanglement-based ap-
proach to rumour veracity classification, achiev-
ing state-of-the-art results for accuracy, towards
classification on previously unseen events from the
PHEME dataset. Our results suggest that although
unique events each have their own vocabulary, there
is still sufficient common ground between them for
stance-dependent driven rumour veracity classifica-
tion to be effective.
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A Dataset

Table A1 shows the overall statistics of the PHEME
dataset. It can be observed that the dataset is highly
imbalanced with nearly 50% ‘True’ instances and
relatively few ‘False’ instances.

Event #Rumours #True #False #Unverified
Charlie Hebdo 458 193 116 149
Ferguson 284 10 8 266
Germanwings Crash 238 94 111 33
Ottawa Shooting 470 329 72 69
Sydney Siege 522 382 86 54
Total 1972 1012 393 571

Table A1: Dataset (PHEME-5) overview.

B Data Preprocessing

We perform pre-processing on the PHEME data by
using special tokens for URLs, username, hashtags,
and numbers. We also lowercase text and expand
words with apostrophes (e.g., ‘we’re’ becomes ‘we
are’). The Topic-Learning module also excludes
words which occur fewer than 20 times throughout
the training corpus.

C Model Details

Figure A1: Grid search of the dimensions of the latent
stance-dependent and stance-independent vectors.

The Topic-Learning Model has 15M parame-
ters and takes around 6 hours to train on a com-
puter with RTX 1080 Ti. The Veracity Model takes
around 15 minutes to train on the same machine.
We perform grid search on the dataset to iden-
tify the optimal setting of the dimensions of latent
stance-dependent and stance-independent vectors,
with the dimension of the former varying between 4
and 20, while the dimension of the latter varying be-
tween 4 and 10. The results are shown in Figure A1.
The veracity classification results are obtained by
evaluating on the validation set. It can be observed

that the model achieves the best result when the
dimension of the latent stance-dependent vector is
set to 10 while that of the latent stance-independent
vector is set to 6. For further model details, such as
layer sizes and activations, the reader is advised to
look at the linked source code.

D False Rumour Examples

Note that a rumour being of a certain type (as be-
low) does not guarantee its predicted class or the
correctness of its classification.

D.1 Basic (classified correctly)
breaking three gunmen involved in attack on charlie
hebdo magazine , french interior minister bernard
cazeneuve says . URL

D.2 Vague (classified incorrectly)
HASHTAG banksy’s response to today’s incident
in paris via his official HASHTAG instagram acct
URL HASHTAG charliehebdo URL

D.3 Multi (classified incorrectly)
two police officers have been injured in a shooting
in HASHTAG montrouge in southern HASHTAG
paris - there is no direct link with the HASHTAG
charliehebdo attack

3908



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 3909–3920
August 1–6, 2021. ©2021 Association for Computational Linguistics

Perceptual Models of Machine-Edited Text

Elizabeth M. Merkhofer,1 Monica-Ann Mendoza,1
Rebecca Marvin2 and John C. Henderson1

1 MITRE
7525 Colshire Dr, McLean, VA 22102

2 Independent
{emerkhofer,mamendoza,jhndrsn}@mitre.org,rebecca.c.marvin@gmail.com

Abstract

We introduce a novel dataset of human judg-
ments of machine-edited text and initial mod-
els of those perceptions. Six machine-editing
methods ranging from character swapping to
variational autoencoders are applied to collec-
tions of English-language social media text
and scientific abstracts. The edits are judged
in context for detectability and the extent to
which they preserve the meaning of the orig-
inal. Automated measures of semantic similar-
ity and fluency are evaluated individually and
combined to produce composite models of hu-
man perception. Both meaning preservation
and detectability are predicted within 6% of
the upper bound of human consensus labeling.

1 Introduction

Machine-editing systems produce new versions of
text using text as input. They contribute to tasks
such as automatic summarization, simplification,
natural language generation and generative adver-
sarial NLP systems. These tasks have communica-
tive goals, for example shorter, more accessible,
or more appropriate text, and system developers
are encouraged to improve their correlation with
human performance on these tasks. While the mea-
sured task performance of machine-editing systems
continues to improve, one might consider how hu-
mans perceive machine-edited text compared to
human-produced text. One-off human evaluation
of editing systems is expensive, incomparable, and
must be constantly repeated. In this work we make
first attempts at direct, general-purpose modeling
of human perception of these texts and develop
a model of human perception as it relates to two
goals: to maximally maintain the meaning of an
original and be minimally perceptible as machine
output.

Approved for Public Release; Distribution Unlim-
ited. Public Release Case Number 21-0320. ©2021 The
MITRE Corporation. ALL RIGHTS RESERVED.

We present a dataset of human judgments
about detectability and meaning preservation for
machine-edited text.1 This dataset consists of
14,400 judgments about contextualized pairs of
machine-edited sentences. The original texts are
English-language and come from two domains: sci-
entific papers and social media. The edits are cre-
ated by six different algorithms using a variety of
techniques. By comparing trivial editors to more
subtle approaches under the same evaluation frame-
work, we move toward generic models of percep-
tion of edited text.

Our analysis finds high interannotator agreement
and examines human preference among the six ma-
chine editors that generated the candidates. Exist-
ing measures of similarity and fluency are evaluated
as models of perception. We find that reference-
informed models come close to human consensus
of meaning preservation and detectability. How-
ever, language models that don’t have access to the
reference text have less success as generic models
of detection. This dataset and analysis constitute
a step toward modeling meaning preservation and
detectability under a variety of machine-editing
conditions representative of the state of the prac-
tice.

2 Background

Machine editing is a component of multiple tasks
that balance meaning preservation and fluency dif-
ferently.

2.1 Machine-Editing Tasks

Text simplification (Saggion, 2017) and summariza-
tion (Narayan et al., 2018) produce new versions
of text that are simpler or shorter, intended to be
useful to a human reader. Evaluation measures in-
formativeness relative to a reference. Abstractive
techniques that fully rewrite the text have recently

1https://github.com/mitre/hpmet
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become viable alternatives to extractive techniques
that build new texts from portions of the original
text.

Paraphrase generation is the task of producing
semantically equivalent variants of a sentence and
can underlie applications like question answering
and data augmentation. Recent approaches include
a component that generates alternatives and a com-
ponent that estimates their quality as paraphrase (Li
et al., 2018; Kumar et al., 2020).

Natural language watermarking of text (Venu-
gopal et al., 2011) and text steganography (Wilson
et al., 2014) are conditional text generation prac-
tices that require both a meaningful surface form
and the hidden encoding of additional information.
In this case, it’s essential that the text appear plau-
sible as readers should not suspect the encoded
information (Wilson et al., 2015).

Edited texts are used in adversarial learning and
attacks for text processing systems. Adversarial in-
puts change a system output without altering some
relevant aspect of human perception of the text,
e.g. sentiment when attacking a sentiment analysis
system (Alzantot et al., 2018). In cases of adver-
sarial learning, where edited texts are used only to
promote system robustness, human perception is
not a concern (Jia and Liang, 2017). In contrast,
adversarial attack vectors rely on human perception
of the attack, whether it be communicating mean-
ing regardless of detectability (Eger et al., 2019) or
guaranteeing fluency (Zhang et al., 2019a). While
authors have quantified the effect of adversarial
perturbations on metrics of text quality like word
modification rate and count of grammatical errors
(Zeng et al., 2020), the relation of these automatic
metrics to human perception is not yet studied.

2.2 Meaning Preservation

Machine editing often aims to guarantee semantic
similarity or meaning preservation between input
and output. Meaning preservation can be insen-
sitive to surface forms such as tokenization, case-
folding, stylistic variation in punctuation, spacing,
font choice, and tense. Compact text represen-
tations (e.g. Morse code) tend to regularize all
potential surface forms.

Semantic textual similarity and paraphrase iden-
tification are active areas of investigation in the
NLP community (Cer et al., 2017). Natural lan-
guage inference (NLI) also relies on notions of
semantic similarity to recognize a larger set of rela-

tions between texts (Bowman et al., 2015). These
subfields of NLP investigate semantic relatedness
between human-authored texts.

Meaning preservation is related to the concept of
informativeness used in automatic summarization
and adequacy for machine translation. Summariza-
tion metrics tend to lean toward recall to make sure
the central concepts of reference summaries are
produced and MT metrics tend to lean toward pre-
cision to penalize systems that generate something
outside of the references.

Many adversarial text editors don’t require strict
paraphrase, but simply that their perturbations not
change the input’s classification to a human reader
(Ren et al., 2019; Lei et al., 2019; Alzantot et al.,
2018; Ebrahimi et al., 2018). Other authors ask
judges about similarity to the unperturbed original
(Zhao et al., 2018; Alzantot et al., 2018; Ribeiro
et al., 2018; Jin et al., 2020). New work correlates
automatic metrics with human judgments capturing
both semantic similarity and fluency about three
word- and character-swapping algorithms (Michel
et al., 2019).

2.3 Detectability

Language models were introduced early in both au-
tomatic speech recognition (Bahl et al., 1983) and
statistical machine translation (Brown et al., 1990)
to make output text more readable. They aimed
to avoid decoding results that appeared computer-
generated.

Recent work in several natural language gener-
ation tasks augments automatic evaluation, which
approximates informativeness, with one-off human
evaluations that estimate text quality. Authors elicit
judgment for abstractive summaries about readabil-
ity (Paulus et al., 2018), fluency (Hardy and Vla-
chos, 2018), and preference between human and
machine-written abstracts (Fan et al., 2018). Desai
et al. (2020) elicit human judgements of grammati-
cality for a compressive summarization system that
deletes plausible spans. In image captioning and
dialogue systems, several learned metrics judge
system output to be higher quality when it is less
distinguishable from human text (Cui et al., 2018;
Lowe et al., 2017)

Several methods of generating adversarial text
have been evaluated through surveys of human per-
ception, for example by asking humans to detect
the location of machine edits (Liang et al., 2018),
or to judge the likelihood that a sentence is mod-
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arxiv reddit
item count 7200 7200

total sentence lengths 177 078 140 453
mean length 24.7 19.5

mean context length 96.8 265.9

Table 1: Dataset size in words.

ified by a machine (Ren et al., 2019) or written
by a human (Lei et al., 2019). Other authors ask
human annotators about proxies like grammatical-
ity (Jin et al., 2020), fluency (Zhang et al., 2019b)
or readability (Hsieh et al., 2019) as a proxy for
detectability.

Far more work asks whether computers can de-
tect machine-edited text. Research on text gen-
erated with large language models finds that the
output is easy to detect automatically because of
the probabilities of the particular language model
itself (Adelani et al., 2020; Gehrmann et al., 2019;
Zellers et al., 2019). In fact, the generation setting
that best fools humans produces output that is easy
to detect automatically (Ippolito et al., 2020). This
suggests human perception of such edits is different
from machine detection.

Detectability and meaning preservation are not
independent variables, but they represent different
aspects of human perception. Destroying the flu-
ency of a text can make it detectable as an edit in
a high quality research document, but rewriting a
section of chat in standard English can make it de-
tectable in context. One can often transpose digits
in scientific measurements to indetectably destroy
meaning, and one could rewrite an abstract in ran-
domized case patterns to raise suspicion without
altering meaning.

3 Methods

3.1 Dataset Construction

We present a dataset of human judgments about two
tasks, meaning preservation and detection, in each
of two domains, social media and science writing.
For each task and domain, we distributed packets of
600 multiple-choice questions to six judges. Each
question was an AB test for a pair of editing sys-
tems both operating on a sentence in context. The
first 105 questions of each packet were the same for
all judges and are used to measure interannotator
agreement. The remaining 495 sentences were the
same, but the pairs of systems compared by judges
varied. The judges were all native English speakers
who work in AI research and were unfamiliar with

Which better preserves the meaning of the reference?

Reference: Later on that day I emailed the company that I
purchased my order from and they confirmed it was deliv-
ered to that address.
A. Later that day I emailed the company I bought my order,
and they confirmed that was delivered to that address.
B. Later in that time i received the website and i sent my
email from what it said it was delivered for customer ad-
dress.

Location: Florida I didn’t know what to flair. About a
month ago a package I ordered was delivered to my old
apartment complex. When I went to the front office to ask
if a package with my name was turned in they said no such
thing had occurred. I don’t know how to move
forward from this.

Which sentence reads more like it was altered by a ma-
chine?

A. When thi applied voltage is ifcreased to a few mV we
find a strong declease of the spin injection efficiency.
B. While the required voltage is required to a tunnel voltage
to obtain a lower amount of the joule injection injection.

Semiconductor spintronics will need to control spin in-
jection phenomena in the non-linear regime. In order
to study these effects we have performed spin injec-
tion measurements from a dilute magnetic semiconductor
[(Zn,Be,Mn)Se] into nonmagnetic (Zn,Be)Se at elevated
bias. The observed behavior is modelled by ex-
tending the charge-imbalance model for spin injection to
include band bending and charge accumulation at the in-
terface of the two compounds. We find that the observed
effects can be attributed to repopulation of the minority spin
level in the magnetic semiconductor.

Figure 1: Sample prompts from the meaning preser-
vation task on Reddit (top) and the detection task on
ArXiv (bottom.)

the processes used to edit the original text.
Source sentences for the ArXiv dataset were ran-

domly selected from all sentences in ArXiv ab-
stracts submitted between its start in 1991 and the
end of January, 2018. The Reddit sentences were
randomly selected from all sentences in Reddit
posts made in January, 2018. The two source col-
lections were roughly the same size. Sentences
less than 10 tokens or longer than 40 tokens were
avoided in both collections to ensure judge produc-
tivity. To satisfy IRB and to minimize the likeli-
hood of negative effects on judges, we excluded
all posts from the subreddits listed on the official
nsfw list, and any that were no longer reachable by
September 2019. Table 1 describes statistics about
the sentences selected for editing and the contexts
provided for judges.

The meaning preservation task involved AB
judgments on six different editing systems. For
the detection task, we included the original texts
among the edited variants for a total of seven sys-
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tems. We refer to this as the null editor. An
all-pairs design of six systems requires 15 pairs
and an all-pairs design of seven systems requires
21 pairs. Both designs were iterated to yield 600
pairs of system variants, truncating the final seven
system pattern early. The first 105 example editing
pairs (seven full all-pairs sets for meaning and five
for detection) were identical for all judges and the
remaining 495 in each packet were chosen from
the possible pairs according to independent permu-
tations to encourage balance.

This can be described again for more clar-
ity. C(6, 2) = 15 (meaning preservation) and
C(7, 2) = 21 (detectability). 600 examples lines
up perfectly with a 15-item boundary but not with
a 210 item boundary. Thus, there are 12 examples
left over from a complete set of all-pairs of 7 sys-
tems in detectability when truncating to 600 items
per source per judge. The first 105 system pair
assignments come from 7 cycles through C(6, 2)
pairs or 5 cycles through C(7, 2). The remain-
ing sequences of pairs for each judge are all-pairs
cycles through independently randomized permu-
tations of the systems. Machine edit assignment
to positions A and B were independently shuffled
for each judge and the questions were presented to
each judge in randomly shuffled order. Judges were
instructed to choose between the two alternatives.

Each item was presented as a choice between
two edited versions of the same sentence, presented
with the rest of the Reddit post or ArXiv abstract as
context. Figure 1 shows examples and the specific
prompts used to elicit judgments. In the mean-
ing preservation example, the candidates were pro-
duced by round-trip machine translation and the
VAE. In the detection example, the candidates were
produced by charswap and the VAE. Cases where
detection paired the null system against a ma-
chine editor were collected to determine how often
each editor was preferred to the original.

Less than half of one percent of detectability
items are automatically marked as ties. These in-
clude cases where the edited text is the same string
as the original, disregarding casing and punctua-
tion, or where the VIPER editor (described below)
produced an alternative that rendered identically
in packets. These are included in the analysis to
capture the intuition that a perceptual model should
score ties the same.

3.2 Machine-Editing Systems

We employ six editing systems to capture the ef-
fect that varied systems have on human perception.
Each takes just the sentence to be edited, without
context.

3.2.1 Swapping editors

Simple word- and character-swapping editors are
prevalent in literature about adversarial attacks and
data augmentation (Michel et al., 2019). Our char-
swap editor is inspired by several works in adver-
sarial NLP that examine character swapping as a
minimal change to text inputs that can degrade
system performance (Belinkov and Bisk, 2018;
Ebrahimi et al., 2018). Our implementation ran-
domly swaps 1 to 3 lower-case ASCII characters
per input for other ASCII characters, selecting the
least likely of 100 alternatives under the GPT-2
language model (Radford et al., 2019).

VIPER is a character-swapping algorithm in-
formed by visual closeness, inspired by a common
strategy used to avoid keyword filters, for example
in online forums Eger et al. (2019). The VIPER al-
gorithm replaces random characters with their near-
est neighbors among embeddings based on their
glyph e.g. l→1 and 0→O. We further bias the open
source implementation toward visual closeness by
randomly swapping between 1 and 3 characters,
with the probability of each swap weighted by its
visual similarity.

The AddCos system uses word embedding dis-
tance to replace a single word with a paraphrase.
The algorithm is adapted from a machine trans-
lation metric that measures the fit of words that
are not in a reference, using the cosine similarity
of the proposed replacement and the sum of vec-
tors for sentence context (Apidianaki et al., 2018).
We adapt the open source implementation as a
machine editor, obtaining candidate replacements
from the Penn Paraphrase Database (Ganitkevitch
et al., 2013) and selecting the one best replacement.

3.2.2 Rewriting editors

Machine translation (MT) has recently become reli-
able and on-par with human translation capabilities
in some cases (Bojar et al., 2018). We utilized
round trip MT (from source English text to an-
other language and then back) as a type of text
editor. Three of the authors performed a blind as-
sessment of approximately one hundred candidate
languages available from an online MT provider
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and determined that en → pt → en is a high-
quality round trip route.

A variational autoencoder (VAE) learns a se-
mantically meaningful latent space. We use an
implementation2 based on the model of Zhang et al.
(2017) to train a VAE for each domain with 200,000
sequences of up to 40 tokens. Edits are obtained by
encoding an original sentence and sampling from
the latent distribution.

Syntactically controlled paraphrase net-
works (SCPNs) encode sentences and decode
them according to a target constituency parse
(Iyyer et al., 2018). Unlike swapping editors,
this system introduces syntactic variation. Using
the open source code and default templates, we
generate ten paraphrases per sentence. We select
the paraphrase with the best GPT-2 language
model score.

3.3 Modeling Human Perception

We evaluate a set of automatic metrics as models
of human perception. To test a metric as a model
of the collected judgments, the metric scores each
edited sentence and chooses the item in the pair
with the better score. The choice is compared to
the judge’s preference.

In addition, we learn a combination system that
scores sentences by weighting each component
metric. One combination is learned for each task,
using the data from both domains. The data is split
into a training set of 80% used for fitting the com-
bination, a validation set of 10% and a final test
set of 10% of examples. For items repeated among
judges, all six instances are assigned to the same
partition.

Our objective function, maximizing agreement
on AB tests, is neither continuous, smooth, nor
particularly amenable to a logistic transform. We
search for our mixture parameters using the Dlib
MaxLIPO+TR Lipschitz function and trust region
search algorithm (King, 2009). The model is op-
timized to minimize the errors in the training set
with an L1 regularization term. A best combina-
tion is selected using forward feature selection and
validation set accuracy.

4 Experiments

We examine text similarity and fluency metrics that
originate from several tasks in NLP as possible

2https://github.com/mitre/tmnt

models of human perception. We first present the
portfolio of metrics we use.

4.1 Measures of Meaning Preservation
Levenshtein edit distance measures the mini-
mum number of character operations needed to
change one string into another (Levenshtein, 1966).
We compute both the classical Levenshtein distance
over character edits and word edits (WER).

NLP Task Metrics. We evaluated several met-
rics used to measure the quality of NLP system out-
put compared to a human reference for tasks includ-
ing machine translation, summarization, and image
captioning. BLEU is a machine translation evalua-
tion method based on word n-gram precision, with
a brevity penalty (Papineni et al., 2002). The ME-
TEOR metric uses stemming and WordNet synsets
to characterize acceptable synonymy in transla-
tion (Banerjee and Lavie, 2005). CIDEr also uses
stemming and incorporates importance weighting
for ngrams based on corpus frequency (Vedan-
tam et al., 2015). The ROUGE-L metric, used in
summarization and image captioning, is based on
longest common subsequence between a reference
and hypothesis (Lin, 2004). ChrF and variants
like chrF++ compare bags of character and ngram
substrings to capture sub-word similarity without
language-specific resources (Popović, 2016, 2017).
The BEER metric is trained to correlate with hu-
man judgment at a sentence level using features
like character n-grams and permutation trees that
are less sparse at that level (Stanojević and Sima’an,
2014).

Neural Network-based Similarities. Recent
work uses trained, neural-network vector represen-
tations to quantify semantic similarity. We experi-
ment with three based on BERT, a neural network
trained on Wikipedia and the Google Books Cor-
pus (Devlin et al., 2019). BERTScore computes
an F1-based similarity score between the contex-
tual embeddings for subword tokens in a candi-
date and reference sentence (Zhang et al., 2020).
The metric can also be computed as RoBERTaS-
core using weights from RoBERTa pretraining
(Liu et al., 2019). BLEURT fine tunes BERT to
predict sentence-level machine translation quality
scores (Sellam et al., 2020). Sentence-BERT mea-
sures similarity using a model finetuned with a
paraphrase objective to create semantically mean-
ingful sentence vectors that can be directly com-
pared (Reimers and Gurevych, 2019).
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detect meaning preferred
system arxiv reddit arxiv reddit arxiv reddit
addcos 0.60 0.48 0.74 0.64 0.04 0.03

mt 0.55 0.59 0.55 0.57 0.21 0.10
viper 0.54 0.56 0.79 0.88 0.00 0.01

charswap 0.46 0.46 0.67 0.67 0.01 0.01
scpn 0.21 0.35 0.17 0.18 0.02 0.06
vae 0.20 0.11 0.07 0.06 0.08 0.02

Table 2: Probability that system wins in A/B test or is
preferred to original. Rows are sorted by first column.

4.2 Measures of Detectability

Detectability is a property of text in context, with-
out regard for a reference. We evaluate language
model scores, which measure fluency, as proxies
for detectability.

We evaluate a Kneser-Ney 5-gram language
model trained on a full English Wikipedia
dump (Wikipedia contributors, 2020) with
KenLM (Heafield, 2011). We estimate the model
using modified Kneser-Ney smoothing without
pruning. We also evaluate the language model
score given by GPT-2, a large neural transformer-
based language model trained on 8 million web
pages (Radford et al., 2019). We use the technique
described in Salazar et al. (2020) to obtain a BERT
Masked Language Model (MLM) that accounts
for the model’s self-attention. We compute each
language model score under two conditions:
using only the edited sentence, and including
one sentence before and after the edited sentence
(+context).

Predictions from BERT’s Next Sentence Pre-
diction (NSP) task estimate the likelihood for a
sequence of sentences. This classifier is trained to
discriminate sequences of two sentences found in
the pretraining corpus from sequences drawn using
negative sampling (Devlin et al., 2019).

5 Results

Table 2 illustrates the relative success of the
machine-editing systems. Success is measured us-
ing the number of A/B tests where an edit by the
system was selected (for meaning) or the other item
selected (for detectability), divided by the num-
ber of prompts involving the editor. Preference
refers to only the portion of the detectability dataset
where the edited text is compared to the original.
The swapping algorithms are most often chosen as
preserving meaning. The visual perturbations of
VIPER have little effect on perception of meaning.
The preference for these editors is not as strong on

detectability items. For both tasks, the round-trip
machine translation model is preferred in slightly
over half of comparisons, while the VAE and SCPN
perform quite poorly. One substantial difference
in these conditional generation algorithms may be
that MT is trained on web-scale data, while the
others are trained in-house with relatively small
datasets.

Among detectability items, human judges prefer
an edited version over the original (null system)
4.9% of the time, 101 of 2054 relevant judgments.
These prompts most commonly include the round
trip machine translation editor, but all editing sys-
tems were preferred over the original at least once.
Round-trip machine translation is picked over the
original reference 20% of the time in ArXiv and
10% of the time in Reddit, suggesting that these out-
puts are more fluent or more typical for the domain
than the original. For these items, the character
swapping algorithms are most detectable.

5.1 Annotator Consistency

One hundred five prompts per task were presented
to all judges to measure interannotator agreement.
As judgments are made between constructed, ran-
domized flips and pairwise tests, we compare to the
raw prior of 50% agreement. For ArXiv, the prob-
ability of agreement among pairs of judges was
82.2% for meaning and 75.6% for detection. For
Reddit, the probabilities were 86.7% and 75.9%
respectively. The lower interannotator agreement
in the science and technology domain may reflect
lower familiarity with the subjects of the abstracts.

A consensus vote is determined by a plurality of
the six judges, or randomly in cases of ties. The
probability of agreement of a random judge with
the consensus is reported in Table 3 as an upper
bound for the performance of automatic systems.

5.2 Correspondence of Metrics with Human
Judgment

Table 3 shows the correspondence of the best met-
rics with the 630 multiply-annotated prompts and
includes the upper bound of human consensus. The
table shows only metrics with accuracy within five
items of the best. Table 4 shows agreement with
the entire dataset and over the full set of systems
tested. The meaning metrics are also evaluated as
measures of detectability. At editing time, they can
be used to estimate the detectability of a candidate
edit. However, they are not practical as generic
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detect meaning tot
arxiv reddit tot arxiv reddit tot

annotator consensus upper bound 0.838 0.848 0.843 0.884 0.917 0.900 0.871
max per source 0.781 0.794 0.788 0.843 0.870 0.857 0.822

RoBERTaScore/R 0.765 0.781 0.773 0.837 0.870 0.853 0.813
chrF 0.759 0.784 0.772 0.841 0.830 0.835 0.803

chrF/R 0.759 0.781 0.770 0.835 0.830 0.833 0.801
chrf++ 0.759 0.787 0.773 0.824 0.830 0.827 0.800
BEER 0.733 0.787 0.760 0.808 0.863 0.836 0.798

METEOR 0.775 0.778 0.776 0.843 0.792 0.818 0.797
BERTScore/R 0.775 0.765 0.770 0.830 0.813 0.821 0.795
BERTScore/F 0.775 0.775 0.775 0.811 0.806 0.808 0.792

CIDEr 0.759 0.787 0.773 0.824 0.781 0.802 0.788
RoBERTaScore/F 0.762 0.794 0.778 0.795 0.781 0.788 0.783

BERTScore/P 0.781 0.756 0.768 0.798 0.768 0.783 0.776
RoBERTa MLM 0.683 0.673 0.678

RoBERTa MLM +context 0.663 0.676 0.669
GPT-2 +context 0.654 0.679 0.667

Table 3: Probability of agreement of metrics with sets of 630 multiply-annotated human judgments. Consensus is
an upper bound. Results differing from the best by five items or fewer are shown in bold.

detect meaning tot
arxiv reddit tot arxiv reddit tot

max per source 0.788 0.790 0.789 0.845 0.841 0.843 0.816
RoBERTaScore/R 0.781 0.773 0.777 0.826 0.835 0.831 0.804

chrF 0.763 0.754 0.758 0.832 0.840 0.836 0.797
BERTScore/R 0.773 0.758 0.766 0.845 0.813 0.829 0.797

chrF++ 0.763 0.758 0.760 0.823 0.841 0.832 0.796
chrF/R 0.762 0.751 0.756 0.830 0.838 0.834 0.795

BERTscore/F 0.773 0.765 0.769 0.839 0.804 0.822 0.795
chrF++/P 0.763 0.764 0.764 0.815 0.833 0.824 0.794
ROUGE 0.775 0.763 0.769 0.825 0.813 0.819 0.794

chrF++/R 0.760 0.754 0.757 0.821 0.838 0.829 0.793
BLEU 0.765 0.765 0.765 0.817 0.824 0.821 0.793
chrF/P 0.767 0.765 0.766 0.814 0.826 0.820 0.793
BEER 0.753 0.758 0.756 0.810 0.841 0.826 0.791

Sentence-BERT 0.763 0.770 0.766 0.813 0.821 0.817 0.791
METEOR 0.779 0.766 0.772 0.828 0.791 0.809 0.790

edit distance 0.755 0.745 0.750 0.815 0.840 0.827 0.788
word error rate 0.766 0.757 0.762 0.810 0.817 0.814 0.788
BERTScore/P 0.775 0.766 0.770 0.822 0.779 0.800 0.785

CIDEr 0.769 0.758 0.764 0.817 0.793 0.805 0.784
RoBERTaScore/F 0.788 0.790 0.789 0.792 0.767 0.780 0.784

BLEURT 0.746 0.746 0.746 0.788 0.751 0.770 0.758
RoBERTaScore/P 0.773 0.781 0.777 0.730 0.700 0.715 0.746

RoBERTa MLM +context 0.663 0.712 0.688
RoBERTa MLM 0.642 0.700 0.671
GPT-2 +context 0.644 0.685 0.665

BERT NSP logit0(si−1, si) 0.672 0.650 0.661
BERT NSP logit1(si−1, si) 0.676 0.639 0.657

BERT NSP p(si−1, si) 0.666 0.640 0.653
BERT NSP p(si−1, si)p(si, si+1) 0.651 0.636 0.643

BERT NSP logit0(si, si+1) 0.652 0.631 0.641
BERT NSP logit1(si, si+1) 0.654 0.628 0.641

BERT MLM +context 0.640 0.638 0.639
BERT NSP p(si, si+1) 0.631 0.626 0.629

BERT MLM 0.617 0.627 0.622
GPT-2 0.586 0.642 0.614

KenLM 0.565 0.568 0.567

Table 4: Probability of agreement of metrics with 3600 human judgments. Results differing from the best by five
items or fewer are shown in bold.
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arxiv reddit mean
metric accuracy F1 accuracy F1 accuracy F1

max per source 0.902 0.252 0.895 0.229 0.899 0.241
RoBERTa MLM 0.870 0.231 0.862 0.220 0.866 0.226
GPT-2 +context 0.902 0.252 0.874 0.168 0.888 0.210

BERT MLM +context 0.867 0.243 0.802 0.158 0.835 0.201
BERT MLM 0.849 0.236 0.799 0.156 0.824 0.196

KenLM 0.767 0.216 0.691 0.150 0.729 0.183
GPT-2 0.806 0.213 0.812 0.150 0.809 0.181

BERT NSP p(si, si+1) 0.828 0.234 0.764 0.123 0.796 0.178
BERT NSP logit0(si, si+1) 0.749 0.194 0.722 0.112 0.736 0.153
BERT NSP logit1(si, si+1) 0.754 0.202 0.714 0.104 0.734 0.153

RoBERTa MLM +context 0.862 0.078 0.895 0.229 0.879 0.153
BERT NSP p(si−1, si)p(si, si+1) 0.793 0.196 0.714 0.104 0.754 0.150

BERT NSP p(si−1, si) 0.853 0.209 0.763 0.083 0.808 0.146
BERT NSP logit1(si−1, si) 0.762 0.164 0.718 0.088 0.740 0.126
BERT NSP logit0(si−1, si) 0.749 0.151 0.735 0.087 0.742 0.119

baseline 0.941 0.000 0.961 0.000 0.951 0.000

Table 5: Performance predicting which edits humans prefer over originals.

train dev test
meaning

combo 0.857 0.844 0.830
ChrF 0.839 0.831 0.785

detect
combo 0.689 0.752 0.724

RoBERTa MLM +context 0.678 0.731 0.687

Table 6: Combo performance results.

σ|w| w component
0.25 0.999 edit distance
0.15 0.912 BERTScore/R
0.013 0.0871 Sentence-Bert
0.0044 0.0307 BERTScore/P
0.0035 0.0046 BLEURT
0.0018 0.0354 RoBERTaScore/R
0.0012 0.0265 RoBERTaScore/F

m
ea

ni
ng

0.0012 0.0263 RoBERTaScore/P
0.83 0.0161 RoBERTa MLM +context
0.13 0.577 BERT NSP p(si, si+1)
0.11 0.462 BERT NSP p(si−1, si)

de
te

ct

0.0069 0.0106 GPT-2 +context

Table 7: Components in the detect and meaning combo
systems ranked by influence (σ|w|).

detection models sniffing out machine edits in the
wild where no original is available.

Several automatic metrics show good correspon-
dence with meaning. The best systems include
large, neural models intended to capture subtle syn-
onymy as well as simple metrics like chrF. In gen-
eral, the recall component of BERTScore-based
metrics correlates better than the precision com-
ponent. Though the BLEURT metric is trained
to predict human judgements of translation qual-
ity, it seems a poor fit for perceptions of meaning
preservation in our dataset.

Applied to the detection task, the reference-

informed metrics also approach the upper bound
of human consensus. Using RoBERTaScore as
a single model of both meaning preservation and
detectability reaches over 81% agreement with con-
sensus.

The language model metrics fall behind in perfor-
mance on detection but still perform well above the
level of chance. We find that including additional
context improves performance for the same system
and the large, neural models greatly outperform
the traditional 5-gram model. Across the board,
models with RoBERTa training perform better than
their BERT-based counterparts.

Table 5 shows performance for predicting the
detection items for which the judge preferred the
edited text to the original. A baseline system that
always selects the original gets around 95% accu-
racy, but cannot identify an edited text that a human
accepts as a substitute. All of the detection systems
tested were able to identify some substitutable ed-
its. The best overall are large language models with
context, reaching 0.241 F1.

As shown in Table 6, learned combinations of
metrics are able to achieve better performance than
the single best metric for each task. The compo-
nents of those systems are specified in Table 7,
sorted by their importance in the combination as
calculated by the product of the standard devia-
tion of their values (σ) and the magnitude of their
weights (w).

6 Conclusion

We introduced a novel dataset of human judgments
of machine-edited texts and initial models of those
perceptions. A portfolio of automated metrics was
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assessed for the ability to predict judges’ prefer-
ences on meaning preservation and detectability.
Automated measures of semantic similarity and
fluency were evaluated individually and combined
to produce factored models of human perception.
Both meaning preservation and detectability are
modeled within 6% accuracy of the upper bound of
human consensus labeling. However, we observe
that existing metrics poorly predict whether hu-
mans find an edited text to appear more human-like
than the original.

Future work could explore deeper models and
other factors of human perception not modeled by
the metrics present here. For example, humans
are sensitive to capitalization and correct spacing
but many automatic metrics perform tokenization
and normalization. Direct modeling of human per-
ception drives understanding of human factors in-
volving text variation. Adaptive models of human
text perception would enable text editing to target
understanding by individual readers.
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Maja Popović. 2016. chrF deconstructed: beta param-
eters and n-gram weights. In Proceedings of the
First Conference on Machine Translation: Volume
2, Shared Task Papers, pages 499–504, Berlin, Ger-
many. Association for Computational Linguistics.
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Abstract

State of the art end-to-end coreference reso-
lution models use expensive span representa-
tions and antecedent prediction mechanisms.
These approaches are expensive both in terms
of their memory requirements as well as com-
pute time, and are particularly ill-suited for
long documents. In this paper, we propose
an approximation to end-to-end models which
scales gracefully to documents of any length.
Replacing span representations with token rep-
resentations, we reduce the time/memory com-
plexity via token windows and nearest neigh-
bor sparsification methods for more efficient
antecedent prediction. We show our ap-
proach’s resulting reduction of training and
inference time compared to state-of-the-art
methods with only a minimal loss in accuracy.

1 Introduction

Recent advances in coreference resolution (Lee
et al., 2018; Joshi et al., 2019, 2020; Wu et al.,
2020) have been largely based on the end-to-end
model proposed by Lee et al. (2017). However,
these models are costly both in terms of training
and inference time, as well as memory require-
ments, especially for long documents. The large
computational cost makes the models infeasible to
run for a typical user on large document collections
in domains such as blogs, stories, books, etc. More-
over, a reduction in energy use of these models can
be of benefit to cloud service providers’ costs and
there can also be environmental benefits (Strubell
et al., 2019; Schwartz et al., 2020).

There are two main computational bottlenecks
in using end-to-end coreference models on long
documents: (i) span and span-pair representations
for all spans in the document are simultaneously
considered, and (ii) the coreference decision for

a mention requires considering all candidate an-
tecedent spans.

In this paper, we propose an approximation to
the end-to-end coreference model (Lee et al., 2017)
that scales to long documents by addressing both
these bottlenecks. Our proposed approach operates
at the token level instead of the span level, remov-
ing the quadratic dependence on the number of
mention spans in a document and addressing bottle-
neck (i). We propose token level scoring functions
for the bilinear inference model originally proposed
by Lee et al. (2018). To address bottleneck (ii), we
use token windows, token-level k-nearest neighbor
relationships along with low-rank matrix approxi-
mations of the token similarity matrix thereby im-
proving time/memory efficiency. We also propose
an approach to drop token representations from
memory to reduce memory requirements while still
maintaining the accuracy.

We evaluate our approach on three coreference
datasets: CoNLL-2012 (Pradhan et al., 2012), Lit-
bank (Bamman et al., 2019), and MedMentions
(Mohan and Li, 2019) and observe competitive ac-
curacy to state of the art coreference models based
on end-to-end training while achieving both faster
training and inference running times. Our approach
is also more memory efficient and up to 10x faster
than the recently proposed memory-based incre-
mental coreference resolution model on Litbank
(Toshniwal et al., 2020b). Finally, we demonstrate
the scalability of our approach by running it on a
novel of two million tokens in 14 minutes while
requiring just 12GB of GPU RAM, while previous
work can only scale to documents of just around
eleven thousand tokens even with up to 48GB of
GPU RAM.

Concurrent to our work, Kirstain et al. (2021)
also proposes a bilinear token level scoring function
for coreference. The focus of our work however
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is on long documents and we further introduce a
token k-nn graph approximation, a low-rank matrix
factorization and an approach to drop non essen-
tial candidate antecedents to improve mem/time
scalablity.

2 Background: End-to-end
Within-Document Coreference

End-to-end within-document coreference resolu-
tion models jointly discover a set of mentions,
M in a document D and determine which of the
mentions are coreferent. We use D to refer to
the ordered set of tokens in the document D =
{x1, x2, . . . , xT }. Each mention is a token span
s = xi, . . . , xj

1. We use xi to refer to the contex-
tualized embedding of the token i (see Section 4.1
for more details on the encoder). The model com-
prises of two parts which are jointly trained: (a) a
mention-proposer, and (b) an antecedent-predictor.
The mention-proposer model evaluates all spans
S in the dataset and proposes a small set of po-
tential mentionsM ⊂ S. The antecedent predic-
tion model evaluates the mentions suggested by
the mention proposer and produces coreference
clusters (chains) C ⊂ P(M), where P(·) is the
powerset.

Recent work (Lee et al., 2018; Joshi et al., 2020;
Xu and Choi, 2020, inter alia) has built upon the
first neural, end-to-end coreference model (Lee
et al., 2017). Each of these models introduce two
scoring functions sm(s) and sa(m1,m2). sm(s)
represents the scores that a span s is a mention, and
sa(m1,m2) is the score for mention m1 being an
antecedent of mentionm2. These scoring functions
are used to define the joint mention proposal and
antecedent prediction model for coreference.

Mention proposer: The previous works use a neu-
ral network for sm : S → R. The architecture
takes in a mention span and outputs a score. For
each mention span s, the model computes a vector
representation gs ∈ Rd. The scoring functions take
these vector representations as input:

sm(s) = wm · FFNNm(gs) (1)

and gs is computed as:

gs = [xSTART(s),xEND(s), x̂s, φ(s)] (2)
1In our work as well as most work on within document

coreference (Lee et al., 2017, 2018; Joshi et al., 2019) we only
consider contiguous mention spans rather than allowing spans
to be arbitrary sets of tokens (non-contiguous).

where xSTART(s),xEND(s) are the boundary represen-
tations of span s, x̂s is a self-attention representa-
tion of span s, and φ(s) encodes the width (number
of tokens) of span s. For efficiency, the model se-
lects top 0.4T scoring mention spans where T is
the number of tokens of the document. We refer to
this set of selected mention spans asM. We use
an ordering of the mentions m ∈M based on their
start/end offsets.

Antecedent Prediction: Previous work has ex-
plored several models for antecedent prediction.
The most computationally efficient being a bilinear
scoring model (Lee et al., 2018):

sbi
a (m1,m2) = gsm1

W Tgsm2
(3)

Higher-order inference models, which use deep
models to capture coreference relationships be-
tween mentions, have also been considered (Lee
et al., 2018). For example,

shoi
a (m1,m2) = wa · FFNNa([gm1 ; gm2 ; (4)

gm1 � gm2 , φm1,m2 ])

We refer the reader to Xu and Choi (2020) for a
detailed analysis of higher order inference models.

The prediction of the antecedent of each men-
tion, which we refer to as inference, is done by
backwards chaining. Clusters of mentions are de-
termined by finding for each mention, the highest
scoring antecedent among the mentions appearing
earlier in the document and adding the mention to
the antecedent’s cluster. This can be described as
finding the connected components of a graph G.
Coarse-to-fine inference (Lee et al., 2018) and the
standard bi-linear model can be differentiated by
different ways of constructing the adjacency matrix
of the graph G with nodes being the mentionsM.
We refer to this adjacency matrix as A, and use
Ai,j = 1 to indicate the existence of an edge be-
tween mention mi and mj . The adjacency matrix
of the bilinear model can be written as:

Abi
i,j = I[j = argmax

h≤i
sbi(mi,mh)] (5)

sbi(mi,mj) = sbi
a (mi,mj) + sm(mi) (6)

+ sm(mj)

The adjacency matrix of the higher-order model
can be written as:

Ahoi
i,j = I[j = argmax

h≤i
shoi(mi,mh)] (7)

× I[j ∈ argtopk
h≤i

sbi(mi,mh)]
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shoi(mi,mj) = shoi
a (mi,mj) + sbi

a (mi,mj) (8)

+ sm(mi) + sm(mj)

where k for argtopk is a hyperparameter.

End-to-end training The mention proposal and
antecedent prediction models are trained by relax-
ing the adjacency matrix A, replacing the argmax
operation with a softmax (i.e., setting a weighted
edge between i and j with weight s(mi,mj)). The
training objective is to maximize the log-likelihood
of a ground truth adjacency matrix A?, where
A?i,j = 1 if mi and mj are coreferent and i < j
under the relaxed adjacency matrix. The argtopk
operation is not relaxed. A nil antecedent is intro-
duced, which provides similarity (sa) of 0 to any
mention span is incorporated in the training objec-
tive. The number of candidate antecedents is also
restricted by a hyperparameter (Lee et al., 2018).

3 Efficient Approximations for
End-to-End Coreference

We describe our proposed approach for efficiently
approximating the span-based end-to-end corefer-
ence model with a token-level model. Our model
jointly predicts which tokens are in the same men-
tion spans (i.e., mention proposal) and what tokens
are coreferent with one another (i.e., antecedent
prediction). By operating at the token level, we
remove the dependence on considering quadrati-
cally many phrases. We show the structure of our
approximation allows for a sparsification technique
that reduces the number of antecedent predictions
that need to be considered using k-nearest neighbor
relationships between tokens and by splitting doc-
uments into windows with certain computations
made independently for each window. We describe
how low-rank matrix approximations can be used
to improve inference efficiency.

3.1 Mention Proposer

Observe that computing the setM requires us to
evaluate sm(·) for all candidate spans S in the doc-
ument (which grows roughly quadratically with the
number of tokens). Recall that sm(·) is a function
of the start and end tokens of each span, producing
a score that is high if the pair of tokens likely form
a span. This approach can be thought of as hav-
ing each token t in the document predict whether
or not another token u is the last token in a span
beginning with t.

We first model for each token t whether it is a
start (st) or end (en) token of some phrase using a
linear model:

Mst
t = wTstxt Men

t = wTenxt (9)

These terms weighs each token by how likely it is
to be part of some mention span.

Following Kirstain et al. (2021), we find that
there can an empirical benefit(described in Section
6) to additionally modelling the relationship be-
tween u and t, i.e., whether it is reasonable for the
span beginning with t to end in u. To do this we use
a asymmetric (bilinear) scoring function. Further,
we restrict the spans to be contiguous and follow
the rule-based span criteria of previous work (Lee
et al., 2017).

Mt,u =

{
xTt WMxu t to u is a valid span
−∞ otherwise

(10)

For each token, we predict candidate end-tokens
for a mention span starting at the given token. We
assign a score per span by sum of Eq. 9 & 10 and
follow previous work to select the top 0.4T scoring
spans (mentions). We can replace the mention scor-
ing mechanism used in previous works sm(·) with
an approximation based on the token level score:

sm
∧

(mi) =Mst
START(mi)

+Men
END(mi)

(11)

+MSTART(mi),END(mi)

Rather than having to instantiate a d-dimensional
span representation for all |S| spans, our approach
simply uses the output token representations from
the encoder. This requires O(T ) space compared
to O(|S|) space. Note that computing sm

∧

(mi) for
all mentions requires at most two matrix multipli-
cations, each with just T rows. Observe that this
leads to a drastic reduction in time and space com-
plexity. As noted by previous work (Toshniwal
et al., 2020b), the mention proposal step requires
the most memory usage because of the quadratic
dependency. We validate the reduction in time and
memory requirements of our token level mention
detection in Section 4.5 & 4.6.

Pretraining For Mention Detection Previous
work (Wu et al., 2020; Toshniwal et al., 2020b)
has shown that pre-training models for mention
detection is beneficial, especially in cases where
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predicting singleton mentions is required (e.g., Lit-
Bank (Bamman et al., 2019)). Given a set of ground
truth mentionsM? and the set of mentions from
a given documentM, we use a mention detection
loss which minimizes:

−
∑

mi∈M
log σ(sm
∧

(mi))I[mi ∈M?]

+ log σ(1− sm
∧

(mi))I[mi 6∈ M?] (12)

We use it as a multi-task objective in training the
models and as well as a pre-training objective. We
detect singleton mentions by using a threshold on
the mention score value sm

∧

(mi) which is tuned on
the development set according to the downstream
performance.

3.2 Antecedent Scoring

Next, we would like to model coreference relation-
ships between tokens to approximate the span-level
scoring function (sa, Eq. 3, 5). We predict for each
token, the other tokens with which it is coreferent.
These predictions are then aggregated to make span
level predictions.

First, we consider approximating bilinear scor-
ing function at the token level (sbi

a ). We use a
bilinear model applied to the encoded token repre-
sentations. We parameterize four asymmetric simi-
larity functions. Note that the backwards-chaining
property of inference motivates our use of the asym-
metric function. We model the similarity between
tokens that are the start or end tokens of phrases
separately:

Sss
i,j = xSTART(i)W

T
stxSTART(j) (13)

Ses
i,j = xEND(i)W

T
stxSTART(j) (14)

Sse
i,j = xSTART(i)W

T
enxEND(j) (15)

See
i,j = xEND(i)W

T
enxEND(j) (16)

We use these similarities to approximate the bilin-
ear antecedent scoring function (Eq. 3) as:

sbi
a

∧

(mi,mj) = Sss
i,j + Ses

i,j + Sse
i,j + See

i,j (17)

Observe how sbi
a

∧

(·, ·) reduces the memory re-
quirements compared to sbi

a (·, ·). We do not need
to instantiate the span representations, only use
the encoded token representations. Computing

sbi
∧

(mi,mj) requires at most O(T 2) instead of
O(|S|2) work. We can compute each of the S·i,j

(Eq. 16) in space O(T 2) and as matrix multiplica-
tion between matrices of O(T ) rows.

For training and inference in our model, we de-
fine the adjacency matrix A with Â:

Abi
∧

i,j = I[j = argmax
h≤i

sbi
∧

(mi,mh)] (18)

sbi
∧

(mi,mj) =sbi
a

∧

(mi,mj) + sm
∧

(mi) (19)

+ sm
∧

(mj)

Inference can then be done as exactly as before,
using connected-components based inference.

3.3 Token Windows & Sparsifying
Antecedent Scoring with k-NN Graphs

We can use the backwards-chaining structure of
the inference procedure and divide a document into
smaller token windows (non-overlapping), reduc-
ing the number of tokens that need to be encoded
in any one component. We can propose mentions
independently in each window. We then perform
antecedent scoring using the K-NN sparsification
described below for each window. By batching the
long document into these windows, we never need
to store more than the final encoded token repre-
sentations for the tokens appearing in some entity
cluster.

The approximation method presented thus far
reduces the complexity of end-to-end coreference
approaches from depending on the number of spans
to the number of tokens. However, for long doc-
uments scaling quadratically in the number of to-
kens is still prohibitively expensive, both in terms
of time complexity and also in terms of memory.
Observe that computing and storing each of the

sbi
∧

(·, ·) may become prohibitively expensive for all
pairs of tokens in the document. We would like
to reduce the time and space complexity of this
approach.

We propose to approximate the top scoring pairs

of mention spans according to sbi
∧

(·, ·) (i.e., further
approximating sbi(·, ·)). We do this by only allow-
ing two mentions mi and mj to be coreferent if the
start/end tokens of mj are in the k-nearest neigh-
bors of the start/end tokens of mi. More precisely,
we will maintain the k nearest neighbors of each
token for each of the four similarity functions Sss,
Sse, Ses, See (Eq. 16). To align with inference
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procedure, we select these k nearest neighbors for
each token only from the preceding tokens in the
document. we define Sss

knni,j to be non-zero only if
j is in the top-k values of Sss

i,·

Sss
knni,j =

{
Sss
i,j if j ∈ argtopkh S

ss
i,h

0 otherwise
(20)

We define Sse
knni,j , S

es
knni,j , S

ee
knni,j analogously.We

then build an further approximation of sbi
∧

using
these S·knn values:

sbi
a

∧

knn(mi,mj) = Sss
knni,j + Ses

knni,j (21)

+ Sse
knni,j + See

knni,j

Observe that storing Sss
knni,j can use sparse matrices

and therefore provide better scalability to long doc-
uments for which storing O(4Tk) is advantageous
over O(T 2).

End-to-end Training We use the same end-to-end
training procedure that was used by previous work
(Section 2) using our approximated mention pro-
posal and antecedent scoring procedures. We note
that the use of token windows and KNN sparsifica-
tion of the antecedent scoring term do not change
training at all, this is only applied at inference time.

3.4 Low-dimensional Approximations

Much of the computation time of the k-NN graph
approximation model comes from the computation
of the top-k nearest tokens. The computation bottle-
neck mostly depends on the high dimensionality of
the encoded token representations, which are from
transformer-based language models (Joshi et al.,
2020).

To produce lower dimensional embeddings of
each token, which preserve similarities in the orig-
inal space, we use low-rank matrix approxima-
tion methods, specifically the Nyström method
(Williams and Seeger, 2001; Musco and Musco,
2017, inter alia). We hope to approximate the ma-
trices Sss

i,j , S
se
i,j , S

es
i,j , S

ee
i,j . While these are asym-

metric, we can consider an equivalent symmetrized
version where each token appears two times (on
left/right of bilinear term) to apply Nyström.
The lower dimensional embedding produced by
Nyström is done

The Nyström method provides a low-rank ap-
proximation of a symmetric pairwise similarity

matrix S ∈ RRN×N , by selecting ` landmark
points uniformly at random among the N rows
of S. We use Li to be column vector one-hot
representation of the ith landmark. We assume
L ∈ RN×` to be a matrix of such one-hot repre-
sentations. The approximation of S is given by:
Ŝ = LS(LTSL)−1LTS. The term LS is a ` di-
mensional embedding of the rows, which is defined
by the similarity of each row with each of the `
landmarks (` is the reduced dimension). Similarly,
(LTSL)−1LTS can be thought of as providing a
` dimensional embedding of each column of S,
which is based on the similarity and the (inverse)
of the landmark similarities.

3.5 Limiting Num. of Candidate Antecedents

In the aforementioned approach, the number of
candidate antecedents scales with the document
length. We would like to determine a mechanism
for using a fixed number of candidate antecedents
if desired. Previous work other work uses entity-
level representations to achieve this (Toshniwal
et al., 2020b; Xia et al., 2020).

In our work, we operate at the mention level, re-
moving mentions as candidate antecedents. We de-
fine a hyperparameter, ρ, which is maximum num-
ber of antecedents that would be kept after process-
ing each window of the document. Our approach
removes mentions as candidate antecedents which
(1) belong to large coreference clusters (2) are not
frequently selected as antecedents. We achieve
this by dropping mentions in the order of |Cm| -∑

iAi,m, where |Cm| is the size of the cluster of
the mention m and

∑
iAi,m is the degree of the

mention in the antecedent graph.

4 Experiments

In this section, we compare our proposed ap-
proach for scalable coreference on long documents
to various state-of-the-art methods in terms of ac-
curacy as well as efficiency of training and infer-
ence. We perform a detailed scalability analysis,
which characterizes the time/memory used by each
method as a function of the length of documents.
We also report timing results on novels of ∼ 2
million tokens.

4.1 Datasets

We evaluate each method on the following datasets:
CoNLL-2012 Shared Task: The CoNLL-2012
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shared task (Pradhan et al., 2012) uses the v5.0
of the OntoNotes corpus for the task of corefer-
ence resolution in English, Chinese, and Arabic
languages. We use only the English version for our
experiments. The training set contains 2802 train-
ing, 343 development, and 348 test documents. The
training documents contain on average of 454 to-
kens and a maximum of 4009 tokens. Litbank: We
also use the Litbank dataset (Bamman et al., 2019)
which consists of 210,532 tokens evenly drawn
from 100 different English language literary texts.
The average document length in Litbank is much
longer (around 2,000 tokens). Following (Bamman
et al., 2019; Toshniwal et al., 2020b), we use a 10-
fold cross-validation setup with 80% of the data as
training data and rest 10% each as validation and
test data. The final evaluation is reported as the av-
erage of all 10 test runs. Note that the family of end-
to-end approaches that we are approximating with
our method do not predict singletons as is typically
done for Litbank. Mention pretraining is performed
as described in Section 3.1 MedMentions We also
repurpose MedMentions (Mohan and Li, 2019) an
existing entity linking dataset in the biomedical do-
main for coreference resolution. We treat the entity
labels as the ground truth cluster assignments of
each mention for coreference training/analysis. We
use the ST21PV subset that is recommended by
(Mohan and Li, 2019). Artamène ou le Grand
Cyrus (Artamène, or Cyrus the Great). To fur-
ther asses the scalability of our approach, we run
our method on an English translation of the 17th
century French novel that is one of the longest
books available in English the public domain (Scud-
ery, 1601). The work contains 1.99 million tokens
and over two million sub-tokens. We use this data
to illustrate the scalability of our approach to really
long documents.

4.2 Methods

We compare our end-to-end coreference approx-
imation with and without the token windows, KNN
sparsification approach (i.e. Ours and Ours (Sp.),
Section 3.3). We denote the number of neighbors
used in the sparsification approach as k and the
size of the window used as w. We compare these to
the methods that they are approximating: the bilin-
ear scoring function-based method (E2E (bi)) (Lee
et al., 2017) as described in Eq. 3 and the coarse-to-
fine higher-order inference based approach (E2E
(hoi)) (Lee et al., 2018). All models use spanbert-

large (Joshi et al., 2020) to encode tokens. The
encoder parameters are trained along with the coref-
erence specific model parameters (see Section 4.4
for details). E2E (bi), E2E (hoi) use additional fea-
tures such as speaker and genre, we do not use this
metadata in our proposed approximation approach.

4.3 Coreference Performance

In Table 1, we report the coreference performance
(along with the running time and memory usage)
for each method on the three datasets. We observe
that our approximate approach is achieves compara-
ble performance to the E2E approaches on CoNLL-
2012 and MedMentions, performing slightly worse
on Litbank. We hypothesize that the token level
representations can be effective at these tasks due
to the expressiveness of the contextualized embed-
dings. We observe that the performance of our
model is relatively unchanged with and without the
sparsification approach applied.

Recently, Toshniwal et al. (2020b); Xia et al.
(2020) have proposed memory-based models op-
timising memory usage. Toshniwal et al. (2020b)
trains for improve mention detection by another
pretraining process. These papers achieve state-of-
the-art results on Litbank and are focused on reduc-
ing the running time and memory usage of coref-
erence models by storing entity representations in-
stead of mention representations in a bounded mem-
ory architecture. We compare inference running
time and coreference performance of our method
with them in Table 1. We find that our models
run 10x faster and are slightly more memory effi-
cient than UMem(Toshniwal et al., 2020b) while
matching their performance on litbank.

4.4 Experimental Details

We use the hyperparameter settings from (Xu and
Choi, 2020) in all applicable cases. We use 512 as
the segment length. On CoNLL and Medmentions
we train all models for 24 epochs with maximum
training sentences set to 3. On Litbank, we train for
120 epochs and pick parameters from (Toshniwal
et al., 2020b). We use 0.4 as the ratio to pick the
top spans(mentions) among all candidate spans.

4.5 Inference Time and Memory Usage

In Figure 1, we compare the time and memory
used by the end-to-end coreference models and our
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Inference Overall MUC CEAF B3

Mem. Time F1 R P F1 R P F1 R P F1
C

oN
L

L E2E (hoi) 7.77 30 79.6 84.8 86.1 85.4 77.3 79.3 78.3 74.7 76 75.4
E2E (bi) 4.31 28.2 78.4 85.03 84.1 84.56 76.7 76.56 76.63 75.98 72.44 74.17
Ours 1.78 24.79 78.03 84.22 84.28 84.25 74.43 72.63 73.52 75.93 76.68 76.3
Ours (Sp.) 1.5 26.81 77.59 83.34 84.43 83.88 74.39 72.13 73.24 74.36 76.99 75.65

L
itb

an
k

E2E (hoi) 2.78 8.12 78.44 91.92 87.24 89.50 66.47 68.90 67.59 80.33 76.28 78.21
E2E (bi) 2.68 5.2 77.77 91.72 86.73 89.15 64.82 68.72 66.67 78.74 76.33 77.48
UMem 3.00 23.46 76.5 85.7 90.8 88.2 66.0 65.1 65.5 72.1 80.0 75.9
Ours 2.12 2.1 75.93 89.53 86.28 87.86 65.09 65.38 65.18 73.65 76.00 74.75
Ours (Sp.) 2.39 1.57 74.71 87.90 86.14 86.99 65.19 63.67 64.36 70.82 74.95 72.77

M
ed

M
en

t. E2E (hoi) 3.9 57.08 60.86 63.26 65.75 64.48 57.6 61.29 59.38 60.1 57.37 58.71
E2E (bi) 2.64 54.48 60.67 64.69 64.5 64.6 59.21 59.53 59.37 61.05 55.32 58.04
Ours 1.69 43.9 61.76 67.92 63.02 65.38 59.78 59.55 59.67 63.60 57.17 60.21
Ours (Sp.) 1.57 45.3 61.49 66.87 63.48 65.13 59.65 59.34 59.49 62.12 57.69 59.82

Table 1: Accuracy & Efficiency on the three benchmarks. Memory in GB, time in seconds.
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Figure 1: Time and GPU Memory Comparison of
different models on the book “Little Women”.

proposed family of approximations. We select a
book at random from the Litbank corpus (Little
Women) and report the time and memory used by
each method to perform coreference as a function
of the number tokens analyzed. We plot a curve for
each, reporting the statistics until the method runs
out of GPU memory (48GB). We cut off the x-axis
of the graph where our proposed approach without
the backwards chaining runs out of memory. Our
token level models only scales upto 24K tokens.
We note that Ours (Sp.) is able to run on the entire
book requiring only marginally higher memory for
higher document lengths. This is in contrast with
previous E2E methods which run out of memory
for documents longer than 1e4 tokens.

4.6 Training Time and Memory Usage

We report in Table 2 the training time and memory
requirements for each of the methods. For each
dataset, we train all the methods in focus for the
same number of epochs/updates. We train for 24
epochs on CoNLL, 120 epochs on Litbank and 24
epochs on MedMentions. We observe that our ap-
proach greatly reduces GPU memory requirements
and are also slightly faster. This gap is wider for

Training
Time Mem.

C
oN

L
L Ours 6.8 13.69

E2E (hoi) 11.75 19.39
E2E (bi) 7.5 15.7

L
itb

an
k Ours 2.9 19.43

E2E (bi) 3.2 22.7
E2E (hoi) 5 27.0

M
ed

M
. Ours 5.5 13.8

E2E (hoi) 8.75 18.5
E2E (bi) 6.25 15.6

Table 2: Training time(hours) and memory(GB) us-
age. Our approach requires less time and memory than
the competing end-to-end approaches.

datasets containing longer documents as shown by
the numbers on LitBank. Note that the sparsifi-
cation approximation is simply an inference time
approximation and uses the same trained model as
our approach with the K-NN approximation.

4.7 Scaling to Long Documents

We run Ours (Sp.) on the full text of Artamène or
Cyrus the Great, which has 1.99M tokens (> 2M
subtokens). To our knowledge, this is the largest
single document a neural within document corefer-
ence system has been applied to. In Figure 2, we
show that our approach runs in about 14 minutes.
Further, we demonstrate how the hyperprameters
of the sparsification can be adjusted depending on
the system requirements. We show that the window
size parameter can be set to be the minimal amount
(w=512) to require just 13 GB of GPU RAM. Ta-
ble 3 suggests using small window sizes are also
advantageous in terms of accuracy.
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Figure 2: Scalability to 2 million tokens Time and
memory usage of our K-NN based methods on Ar-
taméne a book with millions of tokens.

0 200 400 600 800 1000
Reduced Embedding Dimension

50

55

60

65

70

75

Co
NL

L 
F1

Fixed Number of Antecedents

5
25
50
75
100

0.0 0.5 1.0 1.5 2.0
Number of Tokens 1e6

0

5000

10000

15000

20000

25000

30000

35000

To
ta

l T
im

e 
(s

)

KNN, Dim. 100
KNN, Dim. 100, Ant. 75
KNN

0.0 0.5 1.0 1.5 2.0
Number of Tokens 1e6

2

4

6

8

10

M
em

or
y 

(G
B)

KNN, Dim. 100
KNN, Dim. 100, Ant. 75
KNN

Figure 3: Reduced Dimensionality & Candidate An-
tecedents. We report CoNLL F1 on CoNLL and Time
and Memory Usage on Artamène or Cyrus the Great.

5 Model Analysis

K-NN Sparsification Performance Analysis
In Table 3, we show the CoNLL F1 as a function
of the number of neighbors k and window size w
in Ours (Sp.). We observe that we can achieve high
quality results even with a small number of neigh-
bors, providing an empirical justification for our
approximation. In our case, using just 10 nearest
neighbors (k = 10) puts Ours (Sp.) within 99%
of the performance of the version of our approach
without sparsification. Litbank however required
to use a higher value of K due to the presence of
long distance coreference links in literary texts.

Dimensionality Reduction & Limiting Number
of Antecedents

Window Size 512 1024 1536

k=10 77.16 77.33 77.25
k=50 77.59 77.55 77.56
k=80 77.68 77.62 77.61
k=∞ 78.03 78.03 78.03

Table 3: Sensitivity to Approximation in K-NN spar-
sified approach on CoNLL (F1).

Type E2E (hoi) E2E (bi) Ours Ours (Sp.)
Pronoun 33.74 34.57 33.62 33.50
Noun 40.59 39.98 40.36 40.00

Table 4: Performance on mention types (F1).

Figure 3, shows the performance of the reduced di-
mensionality method 3.4 and limiting antecedents
3.5. A reduced dimension of 200 can match the
performance of encoder embeddings dimension
while significantly improving running time. Fur-
ther, the model performs well while just keeping
75 mentions from each window of size 512(com-
prises squared number of possible mention spans)
in the memory. We note that a reduction in memory
can be achieved by dropping antecedents and using
sparse matrices. However, this is not as efficient as
using dense matrices on the gpu.

6 Performance Analysis

Comparisons with Baselines
To give a sense of how the proposed approxima-
tions work, we performed a simple analysis among
E2E (hoi), Ours and Ours (Sp.) on the last fold of
Litbank dataset. In the first experiment, we keep
only the pronomial mentions in the predicted clus-
ters and evaluate coref scores. In the second exper-
iment we keep all mentions containing atleast one
noun. Table 4 shows the final numbers. The gap in
performance between E2E (hoi) and Ours seems to
be equal in both categories. Ours (Sp.) and Ours
have similar performance gap in both categories as
well. Thus our models seem to be approximating
fairly across different categories.

Table 5 shows the analysis of distance between
antecedents predicted by each model on the last
litbank fold. Our models seem to have a higher
average distance between antecedents. This shows
that the models proposed are capable to identifying
long distance links. Note that distance between
antecedent does not determine accuracy. A mention
linked to any mention in its golden coreference
cluster will have the same effect.

3928



Type E2E (hoi) E2E (bi) Ours Ours (Sp.)
Mean 149 189.7 301.19 447.8
Max 2117 2104 2303 2303
Std. 296.8 342.9 403.01 588

Table 5: Analysis of distance between mention and
antecedent for all models in subtoken units.

P R F

C
N

L Ours 78.19 77.86 78.03
Ours - SS 78.14 77.54 77.84
Ours - BM 78.84 77.26 78.04

L
itb

an
k Ours 76.09 75.89 75.93

Ours - SS 75.21 76.22 75.58
Ours - BM 70.81 74.40 72.18
Ours - SS - MT 68.35 68.22 68.24

M
M Ours 63.77 59.92 61.76

Ours - SS 63.4 59.2 61.13
Ours - BM 60.84 62.35 61.58

Table 6: Effect of the removal of different compo-
nents in Ours. CNL - CoNLL, MM - Medmentions

Effects of model components
We further analyse the effect of other heuristics that
went into the model. We use a Subtoken Strategy
(SS) where we restrict the candidate mentions to
align with subtoken starts, ends. As shown in Table
6, (SS) seems to have improved the results on all the
datasets. Also, for litbank, mention pretraining &
mention training (MT) seem to have helped signifi-
cantly. Mention training forces the score of golden
mentions to be higher thereby making it easy to
use a threshold for singletons at inference. Bilinear
mention (BM) term described in Eq.10 seemed to
have helped in litbank and medmentions.

7 Related Work
With the growing computational cost of deep learn-
ing, NLP researchers have started to focus on more
efficient models (Strubell et al., 2019; Schwartz
et al., 2020). As coreference is a document-level
phenomena, it is particularly challenging to scale,
especially for long documents. While most of the
work in coreference has focused on genres of text
with short documents such as news articles and
blogs (Pradhan et al., 2012), there has been re-
newed focus in long text documents such as novels
(Bamman et al., 2019; Toshniwal et al., 2020b).
Coreference in long text is particularly interesting
due to the introduction of long-range anaphora.

Span based end-to-end coreference systems
(Lee et al., 2017, 2018; Joshi et al., 2020; Wu
et al., 2020) have been the state-of-the-art in
short-document coreference resolution (Lu and Ng,

2020). These systems avoid training a separate
mention detector. However, end-to-end corefer-
ence models are challenging to scale to long text
documents due to their large memory footprint as
well as slow training and inference. Thus, research
on long-document coreference so far has focused
on incremental (memory-based) coreference reso-
lution (Xia et al., 2020; Toshniwal et al., 2020a,b).
Memory-based approaches model coreference as
online clustering by picking the most similar entity
to every new mention where the cluster representa-
tions (i.e., entity representations) are also updated.
However, the underlying recurrent nature of these
models and the frequent read-write memory oper-
ations make these models slow. In this work, we
focus on the end-to-end coreference system and
show gains both in speed as well as memory.

We note that this paper’s novel token-level model
ideas presented in this paper were concurrently
introduced by Kirstain et al. (2021). We also in-
troduce token windows, k-nearest neighbor based
sparsification techniques. Furthermore, we pro-
vide empirical results on documents with about
two million tokens, which we believe to be one of
the longest documents to which neural coreference
models have been applied. We also note that Wu
et al. (2020) hold state-of-the-art results on CoNLL
(83F1). Wu et al. (2020) uses a question-answering
cross-encoder style model to perform coreference.
However, the method is very computationally ex-
pensive and so it is difficult to scale to the long
documents which is the focus of this paper.

8 Conclusion

In this paper, we introduce a new scalable approach
for performing coreference that scales to long doc-
uments. Our approach replaces costly span-based
operations with token-level decisions for propos-
ing mentions and determining antecedents. Our
approach uses token similarity in the form of k-
nearest neighbor graphs along with processing doc-
uments in span windows to reduce the time and
memory complexity. We evaluate our proposed ap-
proach empirically and demonstrate that it achieves
competitive coreference F1 scores while improving
time and memory usage requirements. We demon-
strate the scalability of our method by applying it
to novels with about two million tokens. We further
propose and demonstrate the use of low rank ap-
proximations and dropping of non essential tokens
to improve memory/time efficiency.
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Broader Impact and Discussion of Ethics

While our model is not tuned for any specific real-
world application, our method could be used in
sensitive contexts such as legal or health-care set-
tings, and it is essential that any work using our
method undertake extensive quality-assurance and
robustness testing before using it in their setting.
The datasets used in our work do not contain any
sensitive information to the best of our knowledge.

Replicability: As part of our contributions, we
will release the code used for training and eval-
uation in this work, as well as all the trained
models at https://github.com/raghavlite/Scalable-
Coreference.
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Abstract

Many types of text style transfer can be
achieved with only small, precise edits
(e.g. sentiment transfer from I had a

terrible time... to I had a great

time...). We propose a coarse-to-fine
editor for style transfer that transforms text
using Levenshtein edit operations (e.g. insert,
replace, delete). Unlike prior single-span
edit methods, our method concurrently edits
multiple spans in the source text. To train
without parallel style text pairs (e.g. pairs of
+/- sentiment statements), we propose an un-
supervised data synthesis procedure. We first
convert text to style-agnostic templates using
style classifier attention (e.g. I had a SLOT

time...), then fill in slots in these templates
using fine-tuned pretrained language models.
Our method outperforms existing genera-
tion and editing style transfer methods on
sentiment (YELP, AMAZON) and politeness
(POLITE) transfer. In particular, multi-span
editing achieves higher performance and
more diverse output than single-span editing.
Moreover, compared to previous methods
on unsupervised data synthesis, our method
results in higher quality parallel style pairs
and improves model performance.1

1 Introduction

In text style transfer, a model changes the style of a
source text (e.g. sentiment, politeness) into a target
style, while otherwise changing as little as possible
about the input. Many types of style transfer can
be performed with only small, precise edits instead
of generation from scratch. Consider the task of
transforming a negative sentiment sentence such
as the worst ribs I’ve ever had! to a posi-
tive sentence such as probably the best ribs

∗Corresponding author
1Code and data can be found at https://github.

com/machelreid/lewis

ever!. Here, we need only invert the negative
sentiment phrase around worst — the references
to ribs should be left as-is. Recent and concur-
rent work on text style transfer propose single-span
editing (for insertion and replacement) (Wu et al.,
2019; Malmi et al., 2020) as an alternative to gen-
erating the target text from scratch (Prabhumoye
et al., 2018; He et al., 2020b; John et al., 2019;
Shen et al., 2017; Fu et al., 2018).

We introduce a more flexible and powerful multi-
span editing method that identifies multiple style-
specific components of the text and concurrently
edits them into the target style. Given a source
text, we first predict the sequence of coarse-grain
Levenshtein edit types (e.g. insert, replace, delete)
that transform the source text to the target text,
then fill insertion and replacement edits using a
generator. In the previous example, the operations
correspond to inserting the word probably before
the, replacing worst with best, and removing the
words I’ve and had. This example is illustrated in
detail in Figure 1.

Learning to edit requires supervised source-
target text pairs. How do we learn high-quality
editors when no such supervised parallel data ex-
ists? Given a style text, we synthesize its pair
by identifying style-specific content and replac-
ing it with samples from style-specific masked
language-models. In our sentiment transfer ex-
ample, the style-specific content of the sentence
I had a great time at the theatre is had a

great time. We can replace this phrase by saw a

fantastic movie today to synthesize an alterna-
tive positive-sentiment sentence, or by got ripped

off today to synthesize a negative-sentiment sen-
tence. Figure 3 illustrates this example in detail.

We evaluate our editing and synthesis frame-
work, which we call LEWIS (Levenshtein editing
with unsupervised synthesis), on three style trans-
fer tasks in sentiment (YELP, AMAZON) and polite-
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<keep> <repl> <keep> <del> <keep> <del> <keep>

the best ribs ever !

<ins>

probably

Generator input the <MASK> ribs ever !<MASK>

Post
processing

Figure 1: Coarse-to-fine Levenshtein editor. Given the source text, the two-step editor first generates coarse edit
types via a tagger. A subsequent generator fills in insertions and replacements while taking into account the source
text and the edit types.

ness (POLITE) transfer, and achieve state-of-the-art
results in terms of retention of style-agnostic con-
tent, similarity to the annotated target text, and
transfer accuracy. LEWIS significantly outperforms
prior state-of-the-art methods by 2.6-13.5% accu-
racy depending on the task. In further analyses,
we show that (1) compared to concurrent work
on editing for style transfer, our editor achieves
33.3% higher accuracy when trained on the same
data; (2) compared to a competitive BART (Lewis
et al., 2020) pure generation baseline, our editor
achieves 5.8% higher accuracy when trained on the
same data; (3) compared to concurrent work on
unsupervised synthesis of style transfer data, our
synthesis procedure improves performance by 9.5
BLEU when used to train the same model. Our
experiments show that our editor significantly out-
performs both pure generation and editing prior
methods, that our editor yields more diverse text
transfer and that training on our synthesized data
improves performance more than prior synthesis
methods.

2 LEWIS

LEWIS consists of coarse-to-fine editing and data
synthesis. The editing component, shown in Fig-
ure 1, performs local, precise edits of style-specific
content of the source text to produce the target text.
The data synthesis component, shown in Figure 3,
produces supervised source-target text pairs, which
do not exist in naturally, to train the editor. To ap-
ply our method to transfer text from a source style
to a target style, we first train style-specific masked
language models, with which we synthesize source-
target text pairs. We then compute Levenshtein op-
erations for these source-target text pairs and train
the coarse-to-fine editor to reproduce these opera-
tions. The full LEWIS is shown in Figure 2. For

ease of exposition, we first describe the editor, then
describe how to synthesize parallel data to train the
editor.

2.1 Style transfer via Levenshtein editing
We propose a coarse-to-fine editor that first predicts
coarse-grain Levenshtein edit types (Levenshtein,
1966), then fills in fine-grain edits with a generator.
Figure 1 illustrates the editor.

Suppose we are to transfer text from a source
style into a target style. Let x denote the source
text, which we would like to edit into the target
text y. In the example shown in Figure 1, we trans-
form the source text the worst ribs I’ve ever

had! into probably the best ribs ever! Our
approach has two parts: The source text is first
tagged with a sequence of coarse-grain Levenshtein
transition types c that transform x into y. A gener-
ator then fills in phrases for insertion and replace-
ment operations. The set of coarse Levenshtein
transition types are insert, keep, replace, and
delete. In the running example, the sequence of
operations are to insert before the, replace worst,
and delete I’ve and had.

First, we train a RoBERTa-tagger (Liu et al.,
2019) to generate these coarse edit types, which
produces coarse edit types for each token in the
source text. To accommodate the insertion oper-
ation, we produce two tags for each token. The
first tag is a binary indicator of whether an addi-
tional phrase should be inserted before this token.
The second tag is the non-insertion operation to
take for this token. In the previous example, for
instance, the word the triggers both insertion and
keep operations.

c = RoBERTac(x; Φc) (1)

Next, we train a fine-grain edit generator to produce
the target text. Unlike the coarse-grain edit type
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Coarse-to-fine Levenshtein editorUnsupervised synthesis of source-target style pairs

Independent 
source style 

data

Independent 
target style 

data

Style
classifier

Style 
agnostic 
template 
tagger

Source style 
masked LM

Target style 
masked LM

Coarse-
grain edit 

type tagger

Fine-grain 
edit 

generator

Source-
target 

parallel text

new inference
source text

predicted
target text

Figure 2: LEWIS consists of two components. Given source-target style text pairs, a coarse-to-fine Levenshtein
editor (yellow) first identifies coarse-grain Levenshtein edit types to perform for each token in the source text
(e.g. insert, replace, delete), then fills in the final edits with a fine-grain generator to produce the target text. In
most applications, supervised source-target style text pairs rarely exist. To resolve this lack of annotated data,
we perform unsupervised synthesis of source-target style pairs (blue) by first learning to produce style-agnostic
templates given arbitrary style text. Next, we fill in slots in the template by sampling from style-specific masked
language-models. In this figure, source and intermediate data are shown in white while model components are
shown in red.

generator which only observes the source text, the
fine-grain edit generator observes both the original
source text and the source text with the coarse-grain
edit types applied xc. We use the edit types pro-
duced by the Levenshtein algorithm during train-
ing and the edit types predicted by the RoBERTa-
tagger during inference.

y = BARTy(x, xc; Φfn) (2)

Our generator is a BART-based (Lewis et al., 2020)
masked sequence-to-sequence model. The input to
BART is the concatenation of the original source
text x and the source text with the coarse-grain
edit types applied xc. The generator is trained to
fill in phrases for coarse-grain edit types <ins>

and <repl>. In the example, BARTy is given
the input text the worst ribs I’ve ever had!

SEP <MASK> the <MASK> ribs ever ! and re-
spectively fills in the two <MASK>s with probably

and best.

2.2 Unsupervised synthesis of source-target
style pairs

Training an editor requires large quantities of
source-target text pairs. While there exists an abun-
dant amount of style-specific data, parallel source-
target pairs are difficult to collect and annotate.
How do we train editing style transfer methods
when no such data exists? We hypothesize that pre-
trained masked language-models, when carefully
constrained to generate only style-specific content,

can provide high-quality source-target pairs for
style transfer.

Our synthesis procedure, shown in Figure 3, is
two-fold. First, given a text s from either style,
we identify a style-agnostic template t, in which
style-specific content are replaced with slots. For
instance, for the style text I had a great time

at the theatre, the style-agnostic template is I
SLOT at the theatre. To identify style-specific
content, we train a RoBERTa-based style clas-
sifier that differentiates between text from each
style. Vaswani et al. (2017) and Hoover et al.
(2020) show that heavily attended-tokens corre-
late strongly with tokens that are indicative of the
target class. We observe similar results when in-
specting the attention matrices computed by the
12-layer Transfomer for the sentiment classifica-
tion task. Namely, the penultimate layer’s attention
weights correlate strongly with words humans iden-
tify as strongly indicative of positive vs. negative
sentiment. Hence, we define style-specific content
as tokens that have higher-than-average attention
weights in the classifier.

Consider the multi-head attention matrix A in
the penultimate Transformer layer, where Aij rep-
resents the attention weight of the jth attention
head on the i’s token, normalized across all tokens.
First, we max-pool Ai over all attention heads to
form ai. Conceptually, ai represents the maximum
extent to which the ith word was attended to by any
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Style-agnostic template t
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t
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Synthesized source x̂

<latexit sha1_base64="Zmwwbs+OQi5maXFW7fZR5lHbCvs=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkYo8FLx4r2A9oQ9lsN+3SzSbsTsQS+iO8eFDEq7/Hm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+55FrI2L1gNOE+xEdKREKRtFKnf6YYvY0G5QrbtVdgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4d0YurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6KYd3PhEpS5IotF4WpJBiT+e9kKDRnKKeWUKaFvZWwMdWUoU2oZEPwVl9eJ+2rqlerXt/XKo16HkcRzuAcLsGDG2jAHTShBQwm8Ayv8OYkzovz7nwsWwtOPnMKf+B8/gCv0o/H</latexit>

x̂

<latexit sha1_base64="Zmwwbs+OQi5maXFW7fZR5lHbCvs=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkYo8FLx4r2A9oQ9lsN+3SzSbsTsQS+iO8eFDEq7/Hm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+55FrI2L1gNOE+xEdKREKRtFKnf6YYvY0G5QrbtVdgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGepohE3frY4d0YurDIkYaxtKSQL9fdERiNjplFgOyOKY7PqzcX/vF6KYd3PhEpS5IotF4WpJBiT+e9kKDRnKKeWUKaFvZWwMdWUoU2oZEPwVl9eJ+2rqlerXt/XKo16HkcRzuAcLsGDG2jAHTShBQwm8Ayv8OYkzovz7nwsWwtOPnMKf+B8/gCv0o/H</latexit>

Attention
based
SLOT
tagger

Source 
style 

masked 
language 

model

had a great time at the theatre

SLOT at the theatre
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Figure 3: Unsupervised synthesis of source-target style pairs. We first train an attentive style classifier, whose
attention weights we use to identify style-specific content. Next, we remove style-specific content with slots to
form a style-agnostic template. This template is finally filled using style-specific masked language-models for
each style to synthesize parallel style text pairs.

attention head.

ai = max
j
Aij (3)

Let N denote the sequence length. We compute
the average attention weight ã as

ã =

∑N
i ai
N

(4)

To modify the style text s into the style-agnostic
template t, we keep tokens that have above-average
attention weight.

ti =

{
SLOT , if ai ≥ ã
si, if ai < ã

(5)

We merge consecutive SLOT tokens in t. In the
running example, for the style text I had a great

time at the theatre, the tagger generates I

SLOT SLOT SLOT SLOT at the theatre, which
after merging becomes I SLOT at the theatre.

We then fine-tune style-specific masked
language-models BARTx and BARTy to fill in
slots in the template and recover the style-specific
text. During training, phrases in the input sentence
are randomly discarded and the model is trained to
fill the phrases back in (Lewis et al., 2020). Having
trained style-specific masked language-models
for both the source and target styles, we use both
models to generate source and target filled-in text
given style-agnostic templates.

x̂ = BARTx(t; Θx) (6)

ŷ = BARTy(t; Θy) (7)

In our running example, sampling with the
positive language model yields the sentence I saw

a fantastic movie today at the theatre,
while sampling with the negative language model
yields the sentence I got ripped off today at

the theatre.
The last step we perform is a filtering step using

the classifier. For synthesized examples in style
k, we keep examples for which the style classifier
predicts k. In other words, we keep only examples
where the language models and the classifier agree.
We find that this improves data quality and editor
performance. We use the collection of synthesized
source and target text pairs x̂, ŷ to train the editor.

3 Experimental Setup

We focus on two types of text style transfer: (1)
Sentiment transfer, in which we transform a posi-
tive sentiment sentence to a corresponding negative
sentiment sentence or vice-versa without changing
the core content (i.e. attributes of the sentence not
concerned with sentiment) (2) Politeness transfer,
in which we transform the tone of a sentence from
impolite to polite.

DATASET Attributes Train Valid Test

YELP
Positive 270K 2000 500
Negative 180K 2000 500

AMAZON
Positive 277K 985 500
Negative 278K 1015 500

POLITE
Polite 219K 26K 800
Impolite 198K 24K —

Table 1: Dataset statistics for style transfer tasks. The
politeness corpus does not have parallel evaluation data
and only evaluates on transfer from impolite to polite.

We make use of three datasets: YELP (Shen
et al., 2017) consists of 450K sentences from busi-
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Model Acc SBLEU BLEU SBERT BERT

Baselines
Input Copy 1.5 100.0 24.8 100.0 53.74
Reference 81.6 25.3 100.0 53.7 100.0

Generation methods
Delete and Retrieve (Li et al., 2018) 88.6 36.8 12.2 48.5 33.3
Tag and Generate (Madaan et al., 2020) 86.2 47.1 19.8 57.9 37.2
DeepLatentSeq (He et al., 2020b) 83.8 48.4 18.7 57.9 36.0

Editing methods
Masker (Malmi et al., 2020) 40.9† — 14.5 — —
LaserTagger (Malmi et al., 2019) + Masker data 49.6† — 15.3 — —

LaserTagger + our data 59.8 71.8 24.8 81.3 51.6
LEWIS 93.1 58.5 24.0 72.2 50.0

Table 2: Results on YELP. Results with † are taken from the classifier trained in Malmi et al. (2020) because the
outputs for these models are not released.

Model Accuracy SBLEU BLEU SBERT BERT

Input Copy 13.1 100.0 48.7 100.0 63.0

Delete and Retrieve (Li et al., 2018) 51.2 57.1 29.9 66.9 46.2
Tag and Generate (Madaan et al., 2020) 60.8 68.7 34.8 69.5 48.2

LEWIS 74.3 65.6 32.9 75.2 52.2

Table 3: Results on AMAZON

ness reviews for training and 1000 sentences re-
leased by Li et al. (2018) for testing, AMAZON (He
and McAuley, 2016) consists of 540K sentences
from product reviews for training and 1000 sen-
tences for testing, and POLITE (Madaan et al.,
2020), produced by filtering through the Enron
Email corpus, consisting of 420K sentences for
training and 800 sentences for testing. We list
dataset statistics in Table 1.

3.1 Training Setup

We implement our models using fairseq2 (Ott
et al., 2019) and HuggingFace3 (Wolf et al., 2020)
— both based on the PyTorch library (Paszke et al.,
2019). For BART-based generation models, we
initialize with BART-base (Lewis et al., 2020), and
train using a batch size of 65K tokens for 30000
iterations. We use a linear warmup schedule, reach-
ing the peak of 3 × 10−5 at 5000 iterations, and
then proceed to decay the learning rate with a poly-

2https://github.com/pytorch/fairseq
3https://github.com/huggingface/

transformers

nomial decay schedule. For regularization, we use
a dropout value of 0.3 and a weight decay value
of 0.1. We optimize using Adam, with hyperpa-
rameters β1 = 0.9, β2 = 0.98 and cross entropy
loss. For RoBERTa-based taggers and classifiers,
we initialize with RoBERTa-base (Liu et al., 2019),
and train using a batch size of 256 for 5000 iter-
ations. We optimize using Adam, warm up the
learning rate to 1 × 10−6 and then decay with a
cosine schedule. We train all models using mixed
precision (Micikevicius et al., 2018) for faster train-
ing. Similar to prior work (Wu et al., 2019; Malmi
et al., 2020), we decode using a beam width of 5
and rerank outputs produced by beam search using
the likelihood of the classifier trained in Section 2.2.

3.2 Comparison with existing methods

We compare LEWIS to five prior methods: Delete,
Retrieve, Generate (Li et al., 2018), a retrieval
method that finds text from the target domain cor-
pus whose style-agnostic form is similar to that of
the source text; Tag and Generate (Madaan et al.,
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Model Accuracy SBLEU SBERT

Delete, Retrieve, Generate (Li et al., 2018) — 11.8 —
Tag and Generate (Madaan et al., 2020) 84.8 70.4 71.6

LEWIS 87.4 75.3 81.4

Table 4: Results on POLITE

Model Acc SBLEU BLEU SBERT BERT

LM fill 90.3 42.9 17.4 58.9 41.6
Seq2Seq 87.3 50.0 19.3 68.5 50.0
LEWIS w/o filtering 91.2 50.1 23.3 69.8 48.0
LEWIS 93.1 58.5 24.0 72.2 50.0

Table 5: Ablation on YELP. “LM fill” is the ablation experiment in which we convert the source style text to a style-
agnostic template and directly use the target style language model to synthesize a target style text (e.g. the editor
is not used). “Seq2Seq” is a pretrained BART model that is fine-tuned on the synthesized data (e.g. a from-scratch
generation model trained on the same data as the editor).

2020), a generation method that conditionally gen-
erates target text from style-agnostic source text;
DeepLatentSeq (He et al., 2020b), an unsupervised
machine translation-based approach where genera-
tors in each domain are regularized by a language
model-based latent prior. Finally, we compare to
previous editing approaches proposed by Malmi
et al. (2019, 2020) where a single span in the source
text two domain-specific language models disagree
on is replaced.

3.3 Evaluation

Automatic Evaluation We use five evaluation
metrics: BLEU (Papineni et al., 2002) mea-
sured against the reference (denoted as BLEU) to
evaluate lexical overlap with human annotation;
Self-BLEU measured against the source to mea-
sure content preservation (denoted as SBLEU);
BERTScore and Self-BERTScore (Zhang et al.,
2020) measured against the reference and the
source (denoted as BERT and SBERT respec-
tively); and accuracy measured against an external
classifier (denoted as Accuracy) to measure how
well the style was transferred.

BLEU BERT

Ref great place , great food ! — —
Hyp 1 pathetic place , great food ! 76.0 71.5
Hyp 2 amazing place , awesome food ! 0.0 78.6

Table 6: Example comparing BERTScore vs BLEU.
Ref denotes the reference sentence and Hyp 1 and Hyp
2 represent two example hypotheses.

While measuring BLEU, Self-BLEU, and accu-
racy are standard for this task, we propose addition-
ally using BERTScore due to its higher correlation
with human judgments (Zhang et al., 2020). Com-
pared to BLEU and Self-BLEU which are n-gram
based, BERTScore is measured using token-wise
cosine similarity between representations produced
by BERT (Devlin et al., 2019).

Given this, the usage of BERTScore addresses
the potential issue of accurately transferred sen-
tences being scored poorly due to its low n-gram
overlap. Table 6 shows an example of this where
the style is accurately transferred but is scored
poorly by BLEU as a result of low n-gram overlap.

Furthermore, following Malmi et al. (2020) who
use a BERT-based classifier to score their outputs,
we train a classifier initialized with RoBERTa-base
(Liu et al., 2019). This model correctly classifies
98.2% of the YELP classification test set by Shen
et al. (2017). Its accuracy is used to evaluate the
output of style transfer models.

Human Evaluation We perform a robust human
evaluation on all datasets, asking crowdworkers to
rate 300 examples from Yelp (150 positive, 150
negative), 200 examples from Amazon (100 posi-
tive,100 negative) and 100 from Politeness. Five
annotators rate each pair from 1 (strongly disagree)
to 5 (strongly agree) in terms of fluency, content
preservation (CP) and style transfer. We com-
pare with our strongest baseline Tag and Generate
(Madaan et al., 2020).
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Dataset Model Fluency CP Style

YELP
TG 3.84±1.01 3.63±0.93 3.67±1.02

LEWIS 3.94±0.99 3.76±0.88 3.72±0.98

AMAZON
TG 3.60±1.01 3.48±0.93 3.37±1.02

LEWIS 3.65±0.88 3.50±0.88 3.37±0.90

POLITE
TG 3.83±0.84 3.76±0.90 3.48±1.04

LEWIS 3.93±0.78 3.87±0.83 3.63±0.98

Table 7: Human evaluation results comparing
LEWIS and Tag and Generate (TG)

Mean Std

# merged edit ops 1.57 0.78
# source toks 10.74 2.73
# style-agnostic template toks 10.42 2.86
# edit output toks 11.24 3.16

Table 8: Coarse-to-fine editor statistics on YELP, after
merging consecutive edit operations of the same type,
so that the number of operations denote spans as op-
posed to tokens (e.g. delete, replace).

4 Results

Performance of LEWIS compared to other meth-
ods on YELP, AMAZON, and POLITE are respec-
tively shown in Tables 2, 3, and 4, with human
evaluation shown in Table 7. LEWIS outperforms
prior methods on all datasets in terms of accuracy,
BLEU, and BERTScore: LEWIS achieves more
successful transfers (2.6-13.5% accuracy depend-
ing on task), has higher overlap with human an-
notations (4-14.4 BERTScore), and retains more
source content (5.7-14.3 Self-BERTScore). Human
evaluation (p < 0.01 for YELP and POLITE us-
ing pairwise bootstrap sampling (Koehn, 2004))
shows that LEWIS outperforms Tag and Generate
on fluency, content preservation and style across
datasets. These results indicate that LEWIS is
an effective method for style transfer. On the
AMAZON dataset — which is noisier than the
YELP dataset — LEWIS underperforms Tag and
Generate when evaluating using BLEU, however
when evaluating using BERTScore LEWIS out-
performs the latter. When we inspect the output
of LEWIS, we find that it generates more diverse
output as shown in Figure 4.

One reason that LEWIS generates more diverse
output is that unlike previous and concurrent edit-
ing work that use single-span replacement (Malmi
et al., 2019, 2020), our method concurrently edits
multiple spans with a larger set of operations. This

is inherently supported by the editor (Figure 5) as
well as encouraged during unsupervised data syn-
thesis (Figure 4). Table 8 shows that a large number
of examples do require multiple edits, and that the
coarse-to-fine editor indeed performs multiple edit
operations on average.

In addition to comparing end-to-end systems,
we also compare LEWIS to concurrent editing and
synthesis methods by Malmi et al. (2019, 2020). Ta-
ble 2 shows that training the same model (LaserTag-
ger) on our data improves and BLEU by 9.5 (the
accuracy difference is not directly comparable
since Malmi et al. (2020) used a BERT classifier
and did not release model output). This suggests
that our data synthesis procedure produces higher
quality data than Malmi et al. (2020). Furthermore,
because LaserTagger only performs single-span
edits (when performing insertion/replacement), it
often fails to transfer the style of the text. This also
accounts for its high BLEU and BERTScore but
low accuracy, as we show that a model that sim-
ply copies the input also achieves high BLEU and
BERTScore but low accuracy. Replacing LaserTag-
ger with our coarse-to-fine Levenshtein editor re-
sults in a sizable 33% gain in accuracy. In Ta-
ble 1 of the Appendix, we show example outputs
of these models for comparison. Finally, we ab-
late LEWIS to investigate how the different compo-
nents of LEWIS affect performance.

Editing outperforms pure generation We re-
place the coarse-to-fine editor with a sequence-to-
sequence BART model, which we also train with
synthesized data. This is a strong baseline that
outperforms prior pure generation work on style
transfer, as shown in Table 3. Nevertheless, Ta-
ble 5 shows that LEWIS outperforms this baseline
on all metrics. This confirms our hypothesis that
editing is a more effective means of style transfer
compared to pure generation.

Training on synthesized data improves perfor-
mance. Instead of training an editor using syn-
thesized data, given a source text during inference,
we convert it to a style-agnostic template and im-
mediately fill it using the target language model.
Table 5 shows that the resulting model underper-
forms both the sequence-to-sequence BART and
the coarse-to-fine editor on all metrics. This result
may be surprising, in that one expects the perfor-
mance of a model trained on data synthesized by
language models to be at-most on par with the per-
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Orig it certainly delivered .

it SLOT delivered .Template

Synthesized 
source

it was well delivered.
it was absolutely delivered.

Synthesized 
target

it was not delivered.
it was never delivered.

i love the fresh , right out of the oven 
bread too .

i SLOT the fresh, SLOT out 
of the oven SLOT.

i love the fresh , crisp bread out of 
the oven as well.
i love the fresh , hot bread out of the 
oven as well.

i ordered the fresh , it came out of 
the oven cold .
i ordered the fresh , it came out of 
the oven and was cold.

moreover , they found ways to help 
save on the expense .

SLOTover, SLOT ways to SLOT 
save on the expense.

overall , great place with ways to 
save on the expense.
overall , good ways to help save on 
the expense.

overall , there are better ways to try 
and save on the expense.
overall , there are better ways to 
save on the expense .

Figure 4: Examples of synthesized parallel text on the YELP dataset.

Source we will not be coming 
back .

K K R K K K RCoarse edit 
type tagger 
output
Fine 
generator 
input

we will <mask> be coming 
back <mask>

Fine 
generator 
output

we will definitely be coming 
back again !

the food 's ok , the service is among 
the worst i have encountered .

K K D R R K K K K K K R K K 
K K

the food <mask> , the service is 
among the <mask> i have 
encountered .

the food is great , the service is 
among the best i have encountered.

i said it was disgusting to even serve 
this to diners .

K R K K R K K K K K K K K

i <mask> it was <mask> to even 
serve this to diners .

i thought it was very nice to even 
serve this to diners.

Figure 5: Examples of coarse-to-fine editor output on the YELP dataset. We abbreviate the edit operation with K
for <keep>, D for <del>, and R for <repl>. Unlike previous and concurrent edit methods, we concurrently edit
multiple spans in the text.

formance of the language model. In this case, we
observe that training on the synthesized data actu-
ally improves over just using the language models.
We hypothesize that this gain is due to the editor
learning correlations between the source language
model and the target language model, namely how
to precisely transform the output of the source lan-
guage model to the output of the target language
model. The gains we observe here may be related
to gains from training on back-translated or pseudo-
parallel data (Sennrich et al., 2016; Edunov et al.,
2018; He et al., 2020a). More research is needed
to investigate the problem conditions under which
such gains occur.

Filtering improves performance. Here, we
forgo the filtering step, which removes ≈ 20% of
the synthesized data on YELP. Table 5 shows that
filtering improves the quality of the synthesized
data and leads to consistent gains.

5 Related Work

Text style transfer Previous work on style trans-
fer can largely be divided into two categories: (1)
learning a latent space with controllable attributes

such as those found in Shen et al. (2017); John
et al. (2019) or (2) using unsupervised generative
approaches from retrieval (Li et al., 2018), tagging
using style phrases (Madaan et al., 2020), to back-
translation and unsupervised machine translation
techniques (Prabhumoye et al., 2018; Lample et al.,
2019; He et al., 2020b).

Editing for style transfer Our work is closest
to Madaan et al. (2020) and Malmi et al. (2020).
Madaan et al. (2020) use a tagger to mark style
phrases in the source text, then generates the target
text conditioned on the tagged source text. In con-
trast, we do not fully generate target text and only
perform small, precise edits. In concurrent work to
ours, Malmi et al. (2020) train a BERT language
model on each style and edits a span where the
models’ likelihoods disagree the most. In contrast,
instead of performing single-span replacement, our
editor concurrently edits multiple spans in the text,
and supports a wider set of operations than replace-
ment. We showed that this results in more effective
and more diverse style transfer. This coarse-to-fine
transformations of text, in which the input context
is progressively refined, has also led to improve-

3939



ments in syntactic parsing (Charniak and Johnson,
2005), semantic parsing (Dong and Lapata, 2018),
and NER (Choi et al., 2018).

Unsupervised data synthesis for style transfer
Malmi et al. (2020) also generate synthetic data
with which to train an editing model from Malmi
et al. (2019). Our synthesis differs from Malmi
et al. (2020) in how slots for generation are cho-
sen. In their work, the highest disagreeing span is
chosen for rewriting. In our work, multiple spans
with words whose attention weights that exceed the
average are chosen for rewriting, which allows for
more flexible and diverse samples. In turn, training
on our synthesized data improves the performance
and diversity of the style transfer model.

6 Conclusion

We proposed LEWIS, a coarse-to-fine editor for
style transfer that transforms text using Levenshtein
edit operations. Unlike prior edit methods, our
methods concurrently performs multi-span edits.
To train this editor, we proposed an unsupervised
data synthesis procedure that converts text to style-
agnostic templates using style classifier attention,
then fills in slots in these templates using fine-tuned
pretrained language models. LEWIS outperformed
existing generation and editing style transfer meth-
ods on sentiment and politeness transfer. In ad-
dition, the proposed data-synthesis procedure in-
creased transfer performance. Given the same syn-
thesized data, our editor outperformed prior pure
generation and editing methods. In future work,
we will study the application of LEWIS to general
sequence to sequence problems.

Ethical Considerations

This work has impact in the field of controlled text
generation, and as with much of language technol-
ogy has the potential to be both used for good and
used maliciously. Our work learns to generate syn-
thetic data in an unsupervised way, and is based
on a pre-trained model (BART), which is likely
to capture and amplify biases found in the data.
Furthermore, as with all text-style transfer models,
our model is amenable to malicious use, including
impersonation and mass generation of faked op-
posing opinion, for example, negative and positive
product reviews or political statements. We refer
readers to Section 8 of Hu et al. (2020) for more
on this topic. Given this, further study is needed to

see how text-style transfer models are affected by
the bias contained in the corpora they are trained
on and other aspects to avoid undesired behaviors
such as those listed in the cases above.
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A Evaluation

Automatic Evaluation When evaluating us-
ing BLEU we used detokenized SacreBLEU
(Post, 2018). For BERTScore (Zhang et al.,
2020), we use the rescale with baseline
option with the following hash: roberta-
large L17 no-idf version=0.3.5(hug
trans=4.1.0.dev0)-rescaled.

Human Evaluation When using Amazon Me-
chanical Turk, we screen our annotators for English
proficiency, and require all to have a greater than
95% approval rate. We hire workers with at least
1000 HITs and pay workers 5 cents per example,
amounting to USD$10-15 per hour.

B Training Infrastructure

For training models we use between 1 and 8
NVIDIA V100 16GB GPUs on a DGX-1 machine
running Ubuntu 16.04 on a Dual 20-Core Intel
Xeon E5-2698 v4 2.2 GHz.

C Source Code & Synthetic Data

We release source code with this work, with pre-
processing scripts, training scripts for both condi-
tional lanaguage models, editors and coarse-grain
taggers, edit operations extraction scripts, and syn-
thetic data generation scripts at https://github.
com/machelreid/lewis.

D Synthetic Data

For synthetic data generation, we generate
approximately 2.2M pairs for Yelp, 2.0M pairs
for Amazon, and 1M pairs for Polite. Note that
when generating synthetic data on Polite, given the
longer sequence length, we threshold the amount
of SLOT tokens to be the minimum of one-third of
the total sequence length and 6.

We release our synthetic data to help facili-
tate further development in approaches using
synthetic data for this task.

E Qualitative Analysis

We analyzed 100 examples from YELP produced
by LEWIS. 83% transfers were correct,6% incor-
rect,and 11% ambiguous (the resulting sentence
expressed both styles). This is in line with au-
tomatic metrics and shows LEWIS is effective in
successfully transferring style. For diversity of ed-
its, in 59% of cases, LEWIS inverted key phrases

(and enjoying this → and avoiding this, friendly
folks, delicious authentic bagels→ sorry folks,not
authentic bagels), in 26%, LEWIS rewrote part of
the sentence in a way that is not inverting key ad-
jectives/nouns (and he loved it → and he said it
was OK). In 10%, LEWIS performed purely syntac-
tic editing (definitely not enough room→ enough
room). In contrast to other editors that rely on pri-
marily single-phrase inversion (e.g. LaserTagger),
demonstrating that LEWIS provides diverse edits.

F Further Automatic Evaluation

We further evaluate our model on semantic simi-
larity and fluency using the classifiers released by
Krishna et al. (2020). Results are shown in Table 9
and 10. LEWIS improves fluency by a significant
margin on all, and outperforms other methods on
2/3 datasets on semantic similarity.

Dataset Model Fluency

YELP

Delete and Retrieve 38.7
TG 53.1

DeepLatentSeq 68.1
LEWIS 84.5
Gold 89.4

AMAZON

Delete and Retrieve 49.2
TG 54.6

LEWIS 85.6
Gold 84.5

POLITE
TG 67.5

LEWIS 93.0
Gold (src) 92.3

Table 9: Fluency classification from Krishna et al.
(2020)

G Further automatic evaluation

We also conduct further human We also evaluate
Yelp using the same 300 examples, asking five an-
notators which system (LEWIS, Tag and Generate,
or Neither) they prefer. Results can be seen in
Table 11. These results show general preference
for LEWIS is consistent across fluency, content
preservation, and style transfer.
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Dataset Model Target sim. Source sim.

YELP

Delete and Retrieve 49.2 61.0
Deep Latent Seq 48.8 60.5

TG 54.0 67.3
LEWIS 61.2 77.4
Gold — 65.7

AMAZON

Delete and Retrieve 64.9 81.0
TG 59.2 76.3

LEWIS 59.6 78.8
Gold — 75.7

POLITE
TG — 84.6

LEWIS — 87.4

Table 10: Semantic similarity classification from Kr-
ishna et al. (2020)

Attribute LEWIS Tag and Generate Neither

Fluency 50.2 39.2 10.6
Content Preservation 53.3 38.3 8.4
Style 45.2 41.0 13.7

Table 11: Human evaluation with annotators indicating
their preference when comparing aligned pairs from
both LEWIS and Tag and Generate

H Example Outputs

Source the wine was very average and
the food was even less .

LEWIS the wine was very good and the
food was even better .

LaserTagger the wine was very good and the
food was even less .

Reference the wine was above average and
the food was even better

Source owner : a very rude man .
LEWIS owner : a very nice man .
LaserTagger owner : a very man .
Reference The owner was such a friendly

person.

Source i love the food ... however ser-
vice here is horrible .

LEWIS i love the food and the service
here is great .

LaserTagger i love the food ... however ser-
vice here is great .

Reference i love the food ... and service
here is awesome .

Table 12: Three examples from the Yelp test set com-
paring the LaserTagger trained on our synthetic data
and LEWIS
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Abstract

Following procedural texts written in natural
languages is challenging. We must read the
whole text to identify the relevant informa-
tion or identify the instruction-flow to com-
plete a task, which is prone to failures. If
such texts are structured, we can readily visu-
alize instruction-flows, reason or infer a partic-
ular step, or even build automated systems to
help novice agents achieve a goal. However,
this structure recovery task is a challenge be-
cause of such texts’ diverse nature. This paper
proposes to identify relevant information from
such texts and generate information flows be-
tween sentences. We built a large annotated
procedural text dataset (CTFW) in the cyberse-
curity domain (3154 documents). This dataset
contains valuable instructions regarding soft-
ware vulnerability analysis experiences. We
performed extensive experiments on CTFW
with our LM-GNN model variants in multi-
ple settings. To show the generalizability of
both this task and our method, we also exper-
imented with procedural texts from two other
domains (Maintenance Manual and Cooking),
which are substantially different from cyberse-
curity. Our experiments show that Graph Con-
volution Network with BERT sentence embed-
dings outperforms BERT in all three domains.

1 Introduction

Many texts in the real-world contain valuable in-
structions. These instructions define individual
steps of a process and help users achieve a goal
(and corresponding sub-goals). Documents includ-
ing such instructions are called procedural texts,
ranging from simple cooking recipes to complex
instruction manuals. Additionally, discussion in a
shared forum or social media platform, teaching
books, medical notes, sets of advice about social
behavior, directions for use, do-it-yourself notices,

∗ These authors contributed equally to this work.

itinerary guides can all be considered as procedu-
ral texts (Delpech and Saint-Dizier, 2008). Most
of these texts are in the form of natural languages
and thus, lacking structures. We define structure
as sentence-level dependencies that lead to a goal.
These dependencies can vary based on the text-
domain. Some examples of such dependencies
are action traces, effects of an action, information
leading to the action, and instruction order. Con-
structing structured flow graphs out of procedural
texts is the foundation for natural language under-
standing and summarization, question-answering
(QA) beyond factoid QA, automated workflow vi-
sualization, and the recovery of causal relationships
between two statements. By flow-graph we mean
both information and action flows in a text. How-
ever, the lack of structures in such texts makes them
challenging to follow, visualize, extract inferences,
or track states of an object or a sub-task, which
ultimately makes constructing their flow graphs an
insurmountable task.

Procedural texts are common in cybersecurity,
where security analysts document how to discover,
exploit, and mitigate security vulnerabilities in ar-
ticles, blog posts, and technical reports, which are
usually referred to as security write-ups. Practi-
tioners in cybersecurity often use write-ups as ed-
ucational and researching materials. Constructing
structured flow graphs from security write-ups may
help with automated vulnerability discovery and
mitigation, exploit generation, and security educa-
tion in general. However, automatically analyzing
and extracting information from security write-ups
are extremely difficult since they lack structure.

Figure 1 illustrates the core of a security write-up
(broken into sentences) that carries instructions for
exploiting a vulnerability in an online shopping ser-
vice. S1, S3, and S4 are the author’s observations
about the service’s nature. Based on this informa-
tion, S5 and S6 are two possible paths of actions.
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Figure 1: An example flow graph from the CTFW. Sen-
tences in S2 are merged into one block for clarity.

The author chose S6 and ran the Python code in S8
to exploit the service. S0 and S2 are irrelevant for
the author’s goal of exploiting this service.

Here we propose a novel approach to extract ac-
tion paths out of structure-less, natural language
texts by identifying actions and information flows
embedded in and between sentences and construct-
ing action flow graphs. Specifically, our focus is
on procedural texts in the cybersecurity domain.
We also show that constructing flow graphs helps
extract paths of actions in domains besides cyberse-
curity, such as cooking and maintenance manuals.

Most previous works (Mori et al., 2014; Kiddon
et al., 2015; Malmaud et al., 2014; Maeta et al.,
2015; Xu et al., 2020; Mysore et al., 2019; Song
et al., 2011) focus on fine-grained knowledge ex-
traction from procedural texts in diverse domains.
There are also a handful of works (Delpech and
Saint-Dizier, 2008; Fontan and Saint-Dizier, 2008;
Jermsurawong and Habash, 2015) that study the
structure of natural language texts. Different from
previous works, we extract structures and construct
flow graphs from natural texts at the sentence level.
This is because fine-grained domain-entity extrac-
tion tasks require a large amount of annotated data
from people with specific in-depth domain knowl-
edge, whereas text structures can be generalized.
Dataset. We built a dataset from security write-
ups that are generated from past Capture The Flag
competitions (CTFs). CTFs are computer security
competitions that are usually open to everyone in

the world. Players are expected to find and exploit
security vulnerabilities in a given set of software
services, and through exploiting vulnerabilities, ob-
tain a flag—a unique string indicating a success-
ful attempt—for each exploited service. Once the
game is over, many players publish security write-
ups that detail how they exploited services during
the game. While these write-ups are a valuable ed-
ucational resource for students and security profes-
sionals, they are usually unstructured and lacking
in clarity. We collected 3617 CTF write-ups from
the Internet, created a procedural text dataset, and
invited domain experts to label each sentence for
the purpose of constructing flow graphs and identi-
fying action paths. To the best of our knowledge,
this is the first attempt to use the knowledge embed-
ded in security write-ups for automated analysis.
The data and the code is publicly available 1 for
future research.

This paper makes the following contributions:
• We built a new procedural text dataset, CTFW,

in the cybersecurity domain. To the best of
our knowledge, CTFW is the first dataset that
contains valuable information regarding vulner-
ability analysis from CTF write-ups.

• We proposed a new NLU task of generating
flow graphs from natural language procedural
texts at the sentence level without identifying
fine-grained named entities.

• We proposed four variations of a graph neu-
ral network-based model (LM-GNN) to learn
neighbor-aware representation of each sentence
in a procedural text and predict the presence of
edges between any pair of sentences.

• We evaluated our models on CTFW. To the best
of our knowledge, this is the first attempt in au-
tomated extraction of information from security
write-ups. We also evaluated our models across
three datasets in different domains and showed
the generalizability of our approach.

2 Our Approach

We map each sentence of a procedural text as a
node in a graph, and the action or information flows
as edges. The task is then simplified into an edge
prediction task: Given a pair of nodes, find if there
is an edge between them. We learn feature rep-
resentations of nodes using language models like
BERT/RoBERTa (Devlin et al., 2018; Liu et al.,

1https://github.com/kuntalkumarpal/FlowGraph
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Dataset Statistics COR MAM CTFW

# Documents 297 575 3154
Avg size of document 9.52 8.12 17.11
Avg length of sentence 65.46 34.81 92.87
# Edges (|e+|) 2670 5043 54539
|e+| : (|e+|+ |e−|) 0.18 0.12 0.07
Avg degree of node 1.83 1.76 1.88

Table 1: Dataset Statistics. |e+| is the total number of
actual edges, and |e+| + |e−| is the total number of
edges possible. The in-degree of the starting node and
out-degree of the end node are both 0.

2019). Then, to make the nodes aware of their
neighboring sentences, we use Graph Neural Net-
work (GNN) to update the node representations.
We check for the edge between every pair of nodes
in a graph and reduce the task to a binary classifica-
tion during inference. This formulation enables us
to predict any kind of structure from a document.

3 Dataset Creation

In this section, we present how we created three
datasets on which we evaluated our approach. Ta-
ble 1 shows the statistics for each datasets used.

3.1 CTF Write-ups Dataset (CTFW)
Each CTF competition has multiple challenges or
tasks. Each task may have multiple write-ups by
different authors. We crawled 3617 such write-ups
from GitHub and CTFTime (CTFTime). Write-ups
are unique and diverse but have common inherent
principles. For each write-up, we provide two kinds
of annotations: sentence type and flow structure.
The writing style is informal with embedded code
snippets and often contains irrelevant information.

Part of the annotations were provided as an op-
tional, extra-credit assignment for the Information
Assurance course. These CTF write-ups were di-
rectly related to the course-content, where students
were required to read existing CTF write-ups and
write write-ups for other security challenges they
worked on during the course. Then students were
given the option of voluntarily annotating CTF
write-ups they read for extra credits in the course.
For this task, we followed all the existing annota-
tion guidelines and practices. We also ensured that
(1) The volunteers were aware of the fact that their
annotations would be used for a research project
(2) They were aware that no PII was involved or
would be used in the research project (3) They were

aware that extra credits were entirely optional, and
they could refrain from submitting at any point
of time without any consequences (4) Each vol-
unteer was assigned only 10-15 write-ups based
on a pilot study we did ahead of time, annotating
an average-length CTF write-up took about two
minutes (maximum ten mins).

Remaining annotations were performed by the
Teaching Assistants (TA) of the course. These an-
notations were done as part of the course prepara-
tion process, which was part of their work contract.
All the TAs were paid bi-weekly compensation by
the university or by research funding. It was also
ensured that the TAs knew these annotations would
be used for a research project, their PII was not
involved and annotations were to be anonymized
before using. We verified the annotations by ran-
domly selecting write-ups from the set. Figure 1
shows a sample annotation.

Sentence Type Annotations. We split the docu-
ments into sentences using natural language rules.
We then ask the volunteers to annotate the type of
each statement as either Action (A), Information
(I), Both (A/I), Codes (C), or irrelevant (None).
Action sentences are those where the author spec-
ifies actions taken by them, whereas, Information
statements mention observations of the author, the
reasons and effects of their action. Sentences con-
taining codes are assigned as C, and those which
can be considered as both information and actions
are marked as Both (A/I).

Flow structure Annotations. The second level
of annotations is regarding the write-up structure.
Each volunteer is given a csv file for each docu-
ment with a set of sentence IDs and text for each
write-up. They are asked to annotate the flow of
information in the document by annotating the sen-
tence id of some next possible sentences, which
indicate the flow. We filter those write-ups which
are irrelevant and those which did not have much
detail (single line of valuable information). We
call a write-up as irrelevant if it has no action-
information annotations or if it has direct codes
without any natural language description of steps
to detect vulnerabilities. We only keep write-ups
written in the English language for this work. Fi-
nally, we have 3154 write-ups with sentence type
and structure annotations.

CTFTime website states that the write-ups are
copyrighted by the authors who posted them and
it is practically impossible to contact each author.
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Such data is also allowed to use for academic re-
search purposes(usc; euc). Thus, we follow the pre-
vious work using data from CTFTime (Švábenskỳ
et al., 2021), and share only the urls of those write-
ups which we use. We do not provide the scraper
script since it would create a local copy of the write-
up files unauthorized by the users. Interested read-
ers can replicate the simple scraper script from the
instructions in Appendix A and use it after review-
ing the conditions under which it is permissible to
use. We, however, share our annotations for those
write-up files.

3.2 Cooking Recipe Flow Corpus (COR)
This corpus (Yamakata et al., 2020) provides 300
recipes with annotated recipe named entities and
fine-grained interactions between each entity and
their sequencing steps. Since we attempt to gener-
ate action flow graphs without explicitly identifying
each named entity, we aggregate the fine-grained
interactions between recipe named entities to gener-
ate sentence-level flows for each recipe. We reject
three single-sentence recipes.

3.3 Maintenance Manuals Dataset (MAM)
This dataset (Qian et al., 2020) provides multi-
grained process model extraction corpora for the
task of extracting process models from texts. It
has over 160 Maintenance Manuals. Each manual
has fine-grained interactions between each entity
and its sequencing steps. We use the annotations
from sentence-level classification data and seman-
tic recognition data for generating annotations of
sentence-level flows for each process. Here also,
we reject single sentence processes.

4 Model Description

Our goal is to find paths or traces of actions or
information between texts. This needs an under-
standing of each sentence’s interconnection. Hence,
we modeled the problem into an edge prediction
task in a graph using GNNs. We represent each sen-
tence as a node and directed edges as information
flows. Since this is procedural text (unidirectional
nature) of instructions, we consider only the di-
rected edges from one sentence Sn to any of its
next sentences Sn+i. The node representations are
learned using language models (LM) and GNNs.

4.1 Document to Sentence Pre-processing
Given a natural language document, first we split
the document into sentences based on simple rules

and heuristics. COR and MAM datasets already
have document split into separate sentences. In the
flow graph creation task, we filter out irrelevant
sentences for the CTFW dataset based on the sen-
tence type annotations. After this pre-processing
task, each document (Di) is converted into a series
of sentences (Sj) where n is the number of valid
sentences in a document.

Di = {S0, S1, S2...Sn−1}

Figure 2: Node Representation Learning for a docu-
ment with four sentences in single-layer GNN. Left:
Semi-Complete Structure, Right: Linear Structure.
During training, the sentence representation (CLS i)
are enriched using appropriate message passing tech-
niques from the connected 1-hop neighbors.

4.2 Document to Graph Representation

A graph (G = (V,E)) is formally represented as a
set of nodes (V = {v0, v1, ..}) connected by edges
(E = {e0, e1, ..} where ei = {vm, vn}). We con-
sider the sentences (Sj) of any document (Di) as
nodes of a directed graph (Gi). We experiment
with two graph structure types for learning better
node representation using GNN. First, we form
local windows (WN , where N = 3, 4, 5, all sen-
tences) for each sentence and allow the model to
learn from all of the previous sentences in that win-
dow. We form the document graph by connecting
each sentence with every other sentence in that
window, with directed edges only from Si to Sj
where i < j. We do this since procedural lan-
guages are directional. We call this configuration
Semi-Complete. Second, we consider connecting
the nodes linearly where every Si is connected to
Si+1 except the last node. We call this Linear set-
ting. Figure 2 shows the settings. We use LMs
like BERT and RoBERTa to generate initial sen-
tence representations. For each sentence (Si), we
extract the pooled sentence representation (CLSSi)
of contextual BERT/RoBERTa embeddings (hSi).
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We use CLSSi as node features for the graph (Gi).

hSi = BERT ( [CLS ]s0s1...sn−1 [SEP ] )

4.3 Neighbor Aware Node Feature Learning
Since the LM sentence vectors are generated indi-
vidually for each sentence in the document, they
are not aware of other local sentences. So, through
the semi-complete graph connection, the model can
learn a global understanding of the document. How-
ever, the linear connection helps it learn better node
representation conditioned selectively on its prede-
cessor. We call the connected nodes as the neigh-
bor nodes. We use Graph Convolutional Network
(GCN) (Kipf and Welling, 2016) and Graph Atten-
tion Network (GAT) (Veličković et al., 2017) to
aggregate the neighbor information for each node
following the generic graph learning function (1)

Hl+1 = f(Hl,A) (1)

where A is the adjacency matrix of the graph, Hl

and H(l+1) are the node representations at lth and
(l+ 1)th layer of the network and f is the message
aggregation function. In GCN, each node i, ag-
gregates the representations of all of its neighbors
N(i) based on A and itself at layer l and com-
putes the enriched representation hl+1

i based on
the weight matrix Θ of the layer normalized by
degrees of source d(i) and its connected node d(j)
as per (2). In GAT, messages are aggregated based
on multi-headed attention weights (α) learned from
the neighbor node representations hlj following (3).

hl+1
i = Θ

∑

j∈N(i)∪{i}

1√
d(i)d(j)

hlj (2)

hl+1
i = αiiΘhli +

∑

j∈N(i)

αijΘhlj (3)

4.4 Projection
We concatenate the neighbor aware node repre-
sentations of each pair of nodes (hi;hj) from a
graph and pass it through two projection layers
with a GELU (Hendrycks and Gimpel, 2016) non-
linearity in between. We use the same non-linearity
functions used by the BERT layers for consistency.
We steadily decrease the parameters of each pro-
jection layer by half. During testing, given a docu-
ment, we are unaware of which two sentences are
connected. So, we compare each pair of nodes.
This leads to an unbalanced number of existing (1)
and non-existing (0) edge labels. Hence, we use

weighted cross-entropy loss function as in equation
(4) and (5), where L is the weighted cross-entropy
loss, wc is the weight for class c, i is the data in
each mini-batch.

L(x, c) = wc

(
− xc + log

(∑

j

exp(xj)
))

(4)

L =

∑N
i=1 L(i, ci)∑N
i=1wci

(5)

4.5 Training and Inference
Our training data comprises a set of sentences and
the connections as an adjacency matrix for each
document. Batching is done based on the number
of graphs. GCN/GAT updates the sentence repre-
sentations. A pair of node representations are as-
signed a label of 1 if there is an edge between them;
otherwise, we assign them 0. Thus, we model it as
a binary classification task as in equation (6) where
f is the projection function, g is the softmax func-
tion, and y is the binary class output. Depending
on the weighted cross-entropy loss, the node rep-
resentations get updated after each epoch. During
inference, the model generates node representa-
tions of each sentence in a test document, and we
predict whether an edge exists between any two
nodes in a given document graph.

yc = argmax
k

g(f(hi;hj), k) c ∈ {0, 1} (6)

5 Experiments

Datasets and Tasks: Each dataset is split into
train, validation, and test sets in 70:10:20 ratio.
The first task is identifying relevant information
from raw CTF write-ups by classifying the type
of each sentence. The second task is identifying
information flows between sentences by predicting
edges between sentence pairs, if any.
Metrics: We use accuracy as the evaluation metric
for the Sentence Type classification task on CTFW.
For the second task, because of the label imbalance
we compare based on the area under Precision-
Recall curve (PRAUC) and also report the corre-
sponding F1-score. Hence do not report area under
the ROC curve or accuracy.

We consider four settings for this task. The no
window setting (Wall) checks whether there is an
edge between any two statements in the given doc-
ument. The comparisons required in this setting
are directly proportional to the document’s size. In
CTFW, the size of each write-up is quite large. So,
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Models CTFW COR MAM

PRAUC F1 PRAUC F1 PRAUC F1

Baselines

Random - 50.49 - 42.78 - 47.82
Weighted Random - 37.81 - 39.13 - 44.10
BERT-NS 0.5751 26.12 0.5638 43.14 0.5873 29.73
RoBERTa-NS 0.5968 32.44 0.5244 42.99 0.6236 39.65

Ours

BERT-GCN 0.7075 69.26 0.6312 58.13 0.6888 63.75
RoBERTa-GCN 0.7221 69.04 0.6233 61.44 0.6802 65.73
BERT-GAT 0.5585 61.93 0.4553 41.93 0.4568 62.18
RoBERTa-GAT 0.5692 64.51 0.4358 24.74 0.4585 59.55

Table 2: Comparison with Baselines on Best Test Area under Precision-Recall Curve (PRAUC) and its correspond-
ing F1 for CTFW (CTFwrite-up), COR (Cooking), MAM (Maintenance) datasets. NS is the next sentence based
prediction approach. Our best model performance is bold, while maximum baseline performance is underlined.

to reduce unnecessary comparisons, we apply sim-
ple heuristics that instructions in procedural text,
in general, does not have longer direct dependen-
cies. Thus, using the windows, we can control each
sentence’s number of comparisons (node). To un-
derstand how the performances change we evaluate
with a sliding windows of N sentences (WN ) where
N = 3, 4, 5. The comparisons are only made with
the next N sentences from a given sentence. For
example, in case of W5, for first sentence (S1) we
check for edges with S2, S3, S4, S5, S6 and not
S7 on-wards. However, to have a fair comparison,
we keep labeled out-of-window gold edges, if any.
The ratios of existing and total edges in CTFW are
0.07 (Wall), 0.24 (W5), 0.29 (W4), 0.38 (W3).
Training: We use Pytorch Geometric (Fey and
Lenssen, 2019) for GNN and transformers (Wolf
et al., 2020) for LM implementations. Training
is done with AdamW (Loshchilov and Hutter,
2017) optimizer along with linear warmup sched-
uler on 4 Tesla V100 16GB GPUs. We use bert-
base-uncased, bert-large-uncased, roberta-base and
roberta-large versions as base model. We store the
model with the best PRAUC score. Batch size of
{4,8,16} and learning rates of {1e-5,5e-6} are used.
Maximum sequence length varies between {64, 80,
128}. GNN depths are kept 128 (layer 1) and 64
(layer 2). We use a dropout of 0.4 in selected layers.
For GAT, we keep four attention heads in layer 1.
Details are present in Appendix C.

6 Results and Discussion

6.1 Sentence Type Classification (STC)

We use large and base versions of BERT and
RoBERTa for this task to predict the type of sen-
tences in a given text to establish a baseline for
this task. This task helps to identify relevant and

irrelevant sentences in a document. Each sentence
is classified into any of Action, Information, Both,
Code, and None. These fine-grained annotations
can be used in later works for creating automated
agents for vulnerability analysis. The processed
data consists of 120751 samples for training, 17331
for validation, and 34263 for testing. Table 3 shows
that RoBERTa-large performs better than the rest.

Model Val Test

BERT-Base 78.48±0.25 77.42±0.10
BERT-Large 78.19±0.48 77.13±0.20
RoBERTa-Base 78.85±0.25 77.37±0.11
RoBERTa-Large 79.02±0.16 77.66±0.12

Table 3: Sentence Type Classification (Mean Accuracy
from three seed values). Best performance in bold.

6.2 Flow Structure Prediction

Here we present the performance results for the
flow structure prediction.
Random Baseline: In the Random baseline, for
every pair of nodes in each document we randomly
select 0 (no-edge) or 1 (edge). For Weighted Ran-
dom baseline, we choose randomly, based on the
percentage of edge present in the train set. We only
report F1 since there is no probability calculation.
Next Sentence-based Prediction (NS) Baseline:
We use LMs like BERT and RoBERTa in a next sen-
tence prediction setting to get the baselines. Each
pair of sentences is concatenated using [SEP] token
and passed through these language models. Using
the pooled LM representation, we classify whether
an edge exists between them or not. We show max-
imum PRAUC and its corresponding F1 for each
dataset from the results of each of our window set-
tings (W3, W4, W5, Wall).
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Figure 3: Effect of GNN Layers (L0, L1, L2) on performance (PRAUC) of the models for Wall, W5, W4, W3

settings on the three datasets

Models: We compare four variants of our LM-
GNN models both with baseline and among each
other in Table 2. The scores are overall best scores
across single and double layers GNN (GCN/GAT)
and LM (BERT/RoBERTa) after experiments with
both base and large version, trained with pre-
trained and randomly initialized weights.

We see that the best LM-GCN models outper-
form the best baseline model by 0.12, 0.07, 0.06
in PRAUC for CTFW, COR, and MAM datasets,
respectively. However, the best LM-GAT scores
falls short of the baselines indicating that the graph
attentions on LM sentence representations cannot
learn robust representation to perform this edge
prediction task. Another thing to notice here is
that, the best BERT-GCN models perform better
than RoBERTa-GCN for COR and MAM datasets
while performs poorly in the CTFW dataset. We
hypothesize that this is because, the CTFW dataset
has ten times more data than COR and six times
more than MAM, which helps the RoBERTa model
correctly predict the edges.

6.3 Analysis

Effect of Graph Connection Type: Table 4
shows how the models behave with semi-complete
(SC) and linear (L) graph connection. For each

W3 W4 W5 Wall

CTFW-SC 0.6630 0.5985 0.5733 0.5590
CTFW-L 0.7221 0.6520 0.6150 0.3962
CTFW-EP 0.3700 0.2900 0.2400 0.0700

COR-SC 0.5639 0.5129 0.4731 0.5580
COR-L 0.6456 0.6012 0.5274 0.4034
COR-EP 0.3700 0.3100 0.2600 0.1700

MAM-SC 0.6528 0.6219 0.6091 0.6718
MAM-L 0.6888 0.6362 0.6137 0.4161
MAM-EP 0.4500 0.3700 0.3200 0.1500

Table 4: Effect of Semi-Complete(SC) and Lin-
ear(L) Graph Connection on 3 datasets in Area under
Precision-Recall Curve (PRAUC). We also keep edge-
percent (EP) in four window settings for comparison.

dataset, we compare the PRAUC results for each
window to draw more granular insight on the effect
of neighbor aware representation learning. When
we restrict graph learning by creating small win-
dows (W3, W4, W5), the linear model works better
because of its selective learning conditioned on its
predecessor. On the other hand, the semi-complete
connection helps to learn a global awareness and
works best in the Wall setting. It is important to
note that each model performs better than the aver-
age PRAUC performance, which is the percentage
of edges in the data indicating that the model is
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able to learn using the graph connections.
Effect of Graph Layers: We study how the depth
of the GNNs affects the performance. We compare
PRAUC across all four variations of the model in
No-Window (Wall), W5, W4, W3 settings in Fig-
ure 3. We experimented with no (L0), single (L1)
and double (L2) GNN layers. In all three datasets,
we find the performance improves when we use a
single layer and degrades beyond that for each of
the windows with GCN based models. We do not
go beyond two layers because of this observation
and the graph connection types we use. We believe
the reason for this drop (0.03-0.08 PRAUC) is that
information from 2-hop neighbors might hinder the
learning of the current node and confuse the model
to predict wrongly. The GAT-based models mostly
remain unaffected with the graph layers for both
COR and MAM while showing some improvement
in CTFW for one layer setting.

Figure 4: Performance for CTFW, COR, MAM trained
from scratch and fine-tuned with pre-trained weights.

Effect of Pre-trained LM Weights: We study
the impact of pre-trained weights of BERT and
RoBERTa on the performance in Figure 4. We no-
tice, for the three datasets, the performance slightly
decreases when the pre-trained model weights are
used. This observation may be because the texts’
nature is quite different from the type of texts these
LMs have been pre-trained on. The CTFW data

Figure 5: Performance on CTFW, COR, MAM trained
with base and large version of the model.

often contains code fragments embedded in sen-
tences, emoticons, or common conversational lan-
guages used in public forums.
Effect of LM Size: We also experimented with the
size of sentence embeddings to see if that makes
any difference to the performance. We use base
and large version of BERT and RoBERTa for the
experiments across three datasets. We present the
impact on F1 and PRAUC in Figure 5. The perfor-
mance of the larger versions of the models drop in
all three datasets. This drop, we believe, is because
the sentences in these texts are relatively short and
help the smaller versions of the models with lesser
parameters to learn better.
Other experiments: We also experimented with
modifications of other parts of the models like
changing the number of projection layers, projec-
tion layer sizes, the number of attention heads in
the GAT model, or dropout percent in selected lay-
ers and modes of message aggregation (add, max,
mean). We do not report them since they do not
significantly change PRAUC values.

7 Related Work

Procedural knowledge extraction: There are at-
tempts to extract structured knowledge from cook-
ing instructions in the form of named entities (Mal-
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maud et al., 2014), their sentence-level dependen-
cies (Mori et al., 2014; Maeta et al., 2015; Xu et al.,
2020), and action-verb argument flow across sen-
tences (Jermsurawong and Habash, 2015; Kiddon
et al., 2015; Pan et al., 2020). In other domains,
extraction of clinical steps from medline abstracts
(Song et al., 2011), extraction of material synthe-
sis operations and its arguments in material sci-
ence (Mysore et al., 2019), providing structures
to how-to procedures (Park and Motahari Nezhad,
2018), and action-argument retrieval from web de-
sign tutorials (Yang et al., 2019) mostly focus on
fine-grained entity extractions rather than action
or information traces. The goal of our paper is
constructing flow graphs from free-form, natural-
language procedural texts without diverse domain
knowledge. Hence, we refrain from training spe-
cialized named-entity recognizers for each domain
to find specific entities. Our work is related to
event or process discovery in process modeling
tasks (Epure et al., 2015; Honkisz et al., 2018; Qian
et al., 2020; Hanga et al., 2020), but our goal is not
finding specific events or actions from procedural
texts. In addition, the recent research proposed a
method to create the forum structures from an un-
structured forum based on the contents of each post
using BERT’s Next Sentence Prediction (Kashihara
et al., 2020). However, we focus on building flow
graphs for procedural texts using GNNs.

Graph Neural Networks: GNNs are important in
reasoning with graph-structured data in three ma-
jor tasks, node classification (Kipf and Welling,
2016; Hamilton et al., 2017), link prediction
(Schlichtkrull et al., 2018), and graph classification
(Ying et al., 2018; Pan et al., 2015, 2016; Zhang
et al., 2018). GNNs help learn better node represen-
tations in each task using neural message passing
(Gilmer et al., 2017) among connected neighbors.
We consider two widely used GNNs, GCN (Graph
Convolutional Network) (Kipf and Welling, 2016)
and GAT (Graph Attention Networks) (Veličković
et al., 2017) to learn sentence representation to pro-
vide a better edge prediction.

Edge Prediction Task: Edge or link prediction
tasks (Li et al., 2018; Zhang and Chen, 2018;
Pandey et al., 2019; Haonan et al., 2019; Bacciu
et al., 2019) work mainly on pre-existing networks
or social graphs as inputs and predict the existence
of future edges between nodes by extracting graph-
specific features. Different from existing work, we
modeled the task of generating a graph-structure

from a given natural-language text as an edge pre-
diction task in a graph and learning representations
of sentences considered as nodes.
Combinations of BERT and GCN: Recent works
have used concatenation of BERT and GCN rep-
resentations of texts or entities to improve perfor-
mance of tasks like commonsense knowledge-base
completion (Malaviya et al., 2019), text classifica-
tion (Ye et al.; Lu et al., 2020), multi-hop reason-
ing (Xiao et al., 2019), citation recommendation
(Jeong et al., 2019), medication recommendation
(Shang et al., 2019), relation extraction (Zhao et al.,
2019). Graph-BERT (Zhang et al., 2020) solely
depends on attention layers of BERT without us-
ing any message aggregation techniques. However,
we differ from each of the previous methods in
terms of model architecture, where we use BERT
to learn initial sentence representations and GCN or
GAT to improve them by learning representations
from its neighboring connected sentences. BERT-
GAT for MRC (Zheng et al., 2020) created the
graph structure from the well-structured wikipedia
data whereas we explore two predefined natures of
graph structures because of the free-formed text na-
ture without such well-defined text-sections, pres-
ence of code-fragments, emoticons, and unrelated-
token.

8 Conclusion and Future Work

We introduce a new procedural sentence flow ex-
traction task from natural-language texts. This
task is important for procedural texts in every do-
main. We create a sufficiently large procedural
text dataset in the cybersecurity domain (CTFW)
and construct structures from the natural form. We
empirically show that this task can be generalized
across multiple domains with different natures and
styles of texts. In this paper, we only focus on En-
glish security write-ups. As part of future work, we
plan to build automated agents in the cybersecurity
domain to help and guide novices in performing
software vulnerability analysis. We also plan to in-
clude non-English write-ups. We hope the CTFW
dataset will facilitate other works in this research
area.
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Impact Statement

The dataset introduced here consists of write-ups
written in public forums by students or security
professionals from their personal experiences in
the CTF challenges. The aggregated knowledge of
such experiences is immense. This in-depth knowl-
edge of the analysis tools and the approach to a
problem is ideal for students working in software
vulnerability analysis to learn from. Automated
tutors built using such knowledge can reduce the ef-
forts and time wasted in manually reading through
a series of lengthy write-up documents.

CTFTime website states that the write-ups are
copyrighted by the authors who posted them and it
was practically impossible to contact each authors.
It is also allowed to use the data for research pur-
poses (usc; euc) Thus, we follow the previous work
(Švábenskỳ et al., 2021) using data from CTFTime
and share only the urls of those write-ups from
the CTFTime website which we use. We do not
provide the scraper script since it would create a
local copy of the write-up files unauthorized by the
users. Interested readers can replicate the simple
scraper script from the instructions in Appendix
A and use it after reviewing the conditions under
which it is permissible to use. We, however, share
our annotations for those write-ups files.

Part of the annotations were provided as an op-
tional, extra-credit assignment for the Information
Assurance course. These CTF write-ups were di-
rectly related to the course-content, where students
were required to read existing CTF write-ups and
write write-ups for other security challenges they
worked on during the course. Then students were
given the option of voluntarily annotating CTF
write-ups they read for extra credits in the course.
For this task, we followed all the existing anno-
tation guidelines and practices. We also ensured
that

• The volunteers were aware of the fact that
their annotations would be used for a research
project.

• They were aware that no PII was involved or
would be used in the research project.

• They were aware that extra credits were en-
tirely optional, and they could refrain from
submitting at any point of time without any
consequences.

• Each volunteer was assigned only 10-15 write-
ups based on a pilot study we did ahead of
time, annotating an average-length CTF write-
up took about two minutes (maximum ten
mins).

Remaining annotations were performed by the
Teaching Assistants (TA) of the course. These an-
notations were done as part of the course prepara-
tion process, which was part of their work contract.
All the TAs were paid bi-weekly compensation by
the university or by research funding. It was also
ensured that the TAs knew these annotations would
be used for a research project, their PII was not
involved and annotations were to be anonymized
before using.
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A Extraction and Processing of
Write-ups:

The extraction of CTF Write-up involved the fol-
lowing three phases.

Writeup URL extraction : We loop through all
the write-up pages on ctftime website from page
numbers 1 to 25500). We use a simple python
scraper to scrape the content of each page using
python requests (Reitz) library. We look for key-
word “Original write-ups” and extracted the href
component if present. These URLs are stored for
each writeup indexed with the page numbers.

Write-up Content extraction : We use these
URLs and extract the contents of the write-ups
using python libraries requests and BeautifulSoup
(Richardson, 2007). We extract all the text lines
ignoring contents in html tags like style, scripts,
head, title. The contents are stored in a text file
named with the same page ids of the URLs.

Processing of Write-up : We processed and filter
out sentences which do not have any verb forms us-
ing spacy (spaCy, 2017) POS-Tagger. We cleaned
and removed unnecessary spaces and split them
into sentences. The processing script is available
in the github.

B CTFW Data Statistics

In CTFW, there are write-ups for 2236 unique tasks.
Only four out of those having more than 5 write-
ups each. 72% of the tasks have single write-up.
The write-ups are from 311 unique competitions,
ranging from years 2012-2019. A task having mul-
tiple write-ups vary in contents. In CTFW, only 3%
of the tasks have more than three write-ups, and
9% have more than two.

C Training Details:

The correct set of hyperparameters are found by
running three trials. We run for {50, 100} epochs
and store the model with the best PRAUC score.
Each training with evaluation takes around 1-3
hours for base version of models and around
6 hours for larger versions depending upon the
dataset used. The model parameters are directly
proportional to the model parameters of language
models, since the GNN only allow few more pa-
rameters as compared to the LMs.

D Baseline NS with weighted
cross-entropy

Table 5 shows the PRAUC values when we use
weighted cross-entropy with base version of BERT
on unbalanced data during training. The results are
not much different than the Next-Sentence baseline
shown previously.

Dataset W3 W4 W5 Wall

CTFW 0.4613 0.4397 0.2546 0.3681
COR 0.4724 0.4748 0.4837 0.4761
MAM 0.5318 0.2318 0.2297 0.4724

Table 5: BERT-base-uncased performance with NS pre-
diction when Weighted Cross-Entropy used with Un-
balanced Training Data

E Number of comparisons Reduction
using Windows

We can control the total number of comparisons
required to predict the edges in a graph by using the
windows (WN where N = 3, 4, 5, all). The num-
ber of comparisons for each window is given by
the equation 7. We can reduce the number of com-
parisons considerably for large documents using
shorter windows of 3, 4, 5 sentences. The number
of comparison C is defined by

C =
{
max{(n− s), 0}s+ s(s−1)

2 n = 3, 4, 5(
n
2

)
n = all

(7)

F CTFW STC Label statistics

Table 6 shows the label distributions of Sentence
Type Classification data.

Label Train Val Test

A 11143 1499 3321
I 23279 3075 6882
A/I 2931 380 826
C 1386 185 338
NONE 82012 12192 22896

Table 6: CTFW Sentence Type Classification
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Abstract

Transformer has become ubiquitous in the
deep learning field. One of the key ingredients
that destined its success is the self-attention
mechanism, which allows fully-connected con-
textual encoding over input tokens. However,
despite its effectiveness in modeling short se-
quences, self-attention suffers when handling
inputs with extreme long-range dependencies,
as its complexity grows quadratically w.r.t. the
sequence length. Therefore, long sequences
are often encoded by Transformer in chunks
using a sliding window. In this paper, we
propose Cluster-Former, a novel clustering-
based sparse Transformer to perform atten-
tion across chunked sequences. The proposed
framework is pivoted on two unique types of
Transformer layer: Sliding-Window Layer and
Cluster-Former Layer, which encode local se-
quence information and global context jointly
and iteratively. This new design allows in-
formation integration beyond local windows,
which is especially beneficial for question an-
swering (QA) tasks that rely on long-range de-
pendencies. Experiments show that Cluster-
Former achieves state-of-the-art performance
on several major QA benchmarks.

1 Introduction

Long-range contextual understanding has proven
critical in many natural language processing (NLP)
tasks. For example, the relevant context for cor-
rectly answering an open-domain question can arch
over thousands of words (Chen et al., 2017). En-
coding long sequences via deep neural networks,
however, has remained an expensive and challeng-
ing task due to high demand on training time
and GPU memory. Traditional sequence model-
ing methods (Hochreiter and Schmidhuber, 1997)
encode long sequences in a chronological order,
which suffers high latency. In the place of se-
quential encoding, recent models such as Trans-

former (Vaswani et al., 2017) use simultaneous self-
attention over the entire input instead, which has
been successfully adopted in many NLP tasks such
as textual entailment (Devlin et al., 2019), depen-
dency parsing (Zhou and Zhao, 2019), and summa-
rization (Lewis et al., 2019). A caveat with Trans-
former though is that building full connections over
long sequences translates to quadratic growth on
memory demand and computational complexity
w.r.t. sequence length.

One way to efficiently encode long sequences is
to first chunk a sequence into much shorter ones
with a sliding window, then build connections be-
tween the shorter sequences (Figure 1(a)). For ex-
ample, Child et al. (2019), Beltagy et al. (2020) and
Zaheer et al. (2020) apply sparse attention to chun-
ked sequences in hand-designed patterns in order to
gather information from the chunks (Figure 1(b)).
Choi et al. (2017) and Wang et al. (2019) first use
a simpler model to filter chunked sequences, then
process selected sequences with fully-connected
self-attention. Rae et al. (2019) makes use of the
shared memory of chunked sequences to build con-
nections between them. However, these methods
cannot encode long-range dependencies with as
much flexibility or accuracy as fully-connected
self-attention, due to their dependency on hand-
designed patterns.

Recently, several studies (Kitaev et al., 2020;
Tay et al., 2020a) propose to further improve the
sparse attention mechanism by hashing or sort-
ing the hidden states into different buckets (Fig-
ure 1(c)). These works mainly explore tasks with
relatively short sequences, such as sentence-level
machine translation, where the number of hash-
ing vectors is relatively small (less than 16 in Ki-
taev et al. (2020)), allowing randomly initialized
hashing vectors to hash hidden states into correct
buckets. However, how to use hashing-based atten-
tion in the context of long sequences (e.g.,, up to
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Figure 1: Illustration of different methods for processing long sequences. Each square represents a hidden state.
The black-dotted boxes are Transformer layers. (a) is the sliding-window-based method to chunk a long sequence
into short ones with window size 3 and stride 2. (b) builds cross-sequence attention based on sliding window
over pre-selected positions (red-dotted boxes). (c) hashes the hidden states into different buckets by randomly-
initialized vectors. (d) is our proposed approach to cluster the hidden states. Our final model is a combination of
(a) and (d) that processes both local and global context.

thousands of words) is still an unexplored territory.

Our proposed framework for efficient long se-
quence encoding, Cluster-Former, marries both
sliding-window and hashing-based methods to
achieve effective local and long-range dependency
encoding. Cluster-Former consists of two types
of encoding layer. The first one (noted as Sliding-
Window Layer) focuses on extracting local infor-
mation within a sliding window. It applies Trans-
former to the hidden states of each chunked se-
quence independently, as shown in Figure 1(a). The
other one (noted as Cluster-Former Layer) learns to
encode global information beyond the initial chun-
ked sequences. Specifically, we first apply cluster-
ing to the input hidden states so that similar hidden
states are assigned to the same cluster, as shown
in Figure 1(d). The clustered and sorted input is
then divided uniformly into chunks, each encoded
by a Transformer layer. Note that to make model
training more efficient, the cluster centroids are not
computed online but updated periodically (every
epoch or a few epochs). We accumulate the hidden
states from the layer prior to the Cluster-Former
layer in a memory bank, and apply the K-Means
algorithm to form cluster centroids during each
update cycle. Compared to previously discussed
sparse attention based on pre-selected positions
(Figure 1(b)) or randomly-initialized hashing vec-
tors (Figure 1(c)), experimental results show that
our method can encode dependency across chunked
sequences more effectively.

Our contributions can be summarized as follows.
(i) We propose Cluster-Former, a novel approach

to capturing long-range dependencies more effec-
tively than locality-sensitive hashing method. (ii)
We propose a new Transformer-based framework
to process long sequences by combining Sliding-
Window and Cluster-Former layers to extract both
local and global contextual information. (iii) Our
model achieves the best performance on question
answering datasets of Natural Questions (long an-
swer), SearchQA, and Quasar-T.

2 Related Work

Efficient Transformers With Transformer mod-
els growing larger and larger, how to handle
longer sequences arises as a critical challenge.
Many works have been proposed to improve the
computational and memory efficiency of Trans-
formers, including Sparse Transformer (Child
et al., 2019), Set Transformer (Lee et al., 2019),
Routing Transformer (Roy et al., 2020), Fast
Transformer (Vyas et al., 2020), Reformer (Ki-
taev et al., 2020), Sinkhorn Transformer (Tay
et al., 2020a), Longformer (Beltagy et al., 2020),
ETC (Ainslie et al., 2020), Synthesizer (Tay et al.,
2021), Performer (Choromanski et al., 2020),
Linformer (Wang et al., 2020), Linear Trans-
former (Katharopoulos et al., 2020), and Big-
Bird (Zaheer et al., 2020). Tay et al. (2020b) pro-
vided an excellent literature survey on this emerg-
ing topic. Our method falls into the setting of learn-
able sparse-attention patterns.

Among all these works, our method is closer
to Set Transformer (Lee et al., 2019), Routing
Transformer (Roy et al., 2020), and Fast Trans-

3959



Figure 2: An overview of the proposed Transformer layer. (a) Sliding-Window layer over a sequence. (b) Cluster-
Former layer over clustered hidden states from the output of (a). Cluster centroids are periodically updated based
on the memory bank of the hidden states in the corresponding layer.

former (Vyas et al., 2020), which all use cluster
centroids to learn patterns. However, we target at
solving a different task, question answering. And
it also leads to a significant different framework
to encode a short question with a long context,
other than a single long sequence, such as language
modeling task. Moreover, our cluster centroids are
updated in a very different way by periodical cen-
troids update with K-Means on memory bank, other
than memory-based centroids (Lee et al., 2019), ex-
ponentially moving centroids (Roy et al., 2020), or
online clustering (Vyas et al., 2020).

Long Sequence in Question Answering For
tasks such as open-domain question answer-
ing (Chen et al., 2017), a large volume of docu-
ments or paragraphs is usually retrieved to infer the
answer, yielding extremely long context content.
Despite the fact that state-of-the-art NLP models
are capable of extracting answers amid complex
context, they still struggle with extremely long in-
put sequences. Recent advances that advocate the
use of large-scale pre-trained models (Lewis et al.,
2019; Liu et al., 2019; Lan et al., 2020) for question
answering make this problem more prominent, due
to tremendous memory consumption. To process
long sequences, the most widely-used method is to
first use a lightweight model to filter out redundant
text, then use sliding-window-based approaches to
encode the remaining sequences with a more so-
phisticated model. Chen et al. (2017) integrated
bi-gram features into Information Retrieval (IR)

methods to retrieve related documents more ac-
curately. Wang et al. (2018) trained a paragraph
selector using as the reward whether the entire sys-
tem can obtain the correct answer or not. Asai et al.
(2020) trained a recurrent retriever to select para-
graphs for multi-hop question answering. Izacard
and Grave (2021) proposed to fuse local encoded
information into a decoder for answer generation.
Besides the above methods, directly applying Ef-
ficient Transformers to process long sequences in
question answering is another option. In this paper,
we focus on this direction by directly training our
Cluster-Former on the long context without using
lightweight model for context filtering.

3 Proposed Approach

The proposed framework to handle long sequences
is pivoted on two types of Transformer layer: (i)
Sliding-Window Layer; and (ii) Cluster-Former
Layer. The former focuses on encoding local se-
quence information, while the latter is on encoding
global context and always built on top of the former
layer. An overview of the two layers is illustrated
in Figure 2.

3.1 Sliding-Window Layer
Despite that our focus is on capturing long-range
dependencies for global context, local information
also plays a critical role for knowledge propaga-
tion. Therefore, in the lower section of our net-
work, we adopt the traditional sliding-window en-
coding mechanism. A sliding window segments
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a long sequence X into short, overlapping ones
with window size l and stride m, as illustrated in
Figure 2(a). Note that in this paper, we focus on
question answering tasks, for which we concate-
nate the question Q with each sequence chunked
from the document:

H0
k = [Q;X [m× k : (m× k + l)]] , (1)

where Q ∈ Rq×d denotes question embeddings
given a QA task, q is the number of tokens in the
question, and X ∈ Rx×d is the embeddings for all
context, x is the number of tokens in context. k is
the ID of the chunked sequence, l is the window
size, and m is the stride of the sliding window.
[idx1 : idx2] indicates selecting rows between the
index of idx1 and idx2 of the matrix. [·; ·] means
concatenating the matrices along the row. We first
use Transformer to encode each sequence in sliding
window as follows:

Hn+1
k = Transformer(Hn

k), (2)

where Hn+1
k ∈ R(q+l)×d is the output of Trans-

former on the k-th sequence in the n-th layer, while
it is not the final output of the n-th layer. As we
expect the neighbouring sequences to share useful
information in hidden states as well, we always set
m < l to allow overlapping between sequences.
We use the mean values of the Transformer hidden
states at the overlapped tokens between windows
as final outputs. To merge the representations from
the (k − 1)-th sequence:

Hn+1
k [q : q + l −m] + = Hn+1

k−1 [q +m : end],

Hn+1
k [q : q + l −m] / = 2,

and merge representations from (k + 1)-th se-
quence:

Hn+1
k [q +m : end] + = Hn+1

k+1 [q : q + l −m],

Hn+1
k [q +m : end] / = 2, (3)

where + = is to add matrices in-place and / = is
to divide a matrix by a scalar value in-place. The
merged hidden states Hn+1

k ∈ R(q+l)×d are the
final outputs of the n-th layer. If the next layer
is Cluster-Former, the output hidden states in this
layer Hn+1

k will be saved into memory bank for
computing the cluster centroids.

Algorithm 1 Cluster Centroids Update
1: Initialize Memory = Queue()
2: Centroids = GETCENTROIDS(RandomVector)
3:
4: function TRAIN(Inputs)
5: for i = 1, 2,. . . , IterationNum do
6: States = Sliding-Transformer(Inputs[i])
7: Memory.add(States)
8: while len(Memory) > M do
9: Memory.pop()

10: end while
11: if i % ClusterUpdateFrequency == 0 then
12: Centroids = GETCENTROIDS(Memory)
13: end if
14: Clusters = cluster States by Centroids
15: States = Cluster-Former(Clusters)
16: end for
17: end function
18:
19: function GETCENTROIDS(HiddenStates)
20: Centroids = K-Means(HiddenStates)
21: Outputs = List()
22: Outputs[1] = Centroids[1]
23: for i = 2, 3,. . . , ClusterNum do

24:
Outputs[i] = centroid from Centroids

that is closest to Outputs[i− 1]

but not in Outputs
25: end for
26: return Outputs
27: end function

3.2 Cluster-Former Layer
We introduce a Cluster-Former layer to add global
representational power to Transformer beyond slid-
ing windows. An in-depth visualization of the layer
is illustrated in Figure 2(b).

The input of the Cluster-Former layer comes
from the hidden states of the prior layer (in our
case a Sliding-Window layer). After merging the
overlaps between sequence chunks, the input of
this layer is defined as:

H̄n = [Hn
0 [0 : q +m]; ...;Hn

k [0 : q +m]] , (4)

where H̄n ∈ R(qdx/me+x)×d is the hidden states to
cluster, x is the number of tokens in the context.

As the hidden states with larger cosine similarity
are more likely to have higher attention weights,
we build sparse self-attention only on the hidden
states in the same cluster. In this work, we use
K-Means as the chosen clustering method for sim-
plicity. More advanced clustering algorithms have
the potential of yielding better performance. Since
running K-Means on the fly in each training itera-
tion is computationally expensive, we decide to re-
compute the cluster centroids with low frequency
(every epoch or a few epochs).

In addition, to avoid dramatic changes in the
cluster centroids due to limited hidden state inputs,

3961



we maintain a memory bank for the most recent
hidden states. The entire procedure is depicted in
Algorithm 1. Once we compute the cluster cen-
troids, we can directly use them for hidden state
clustering as follows:

vn = argmax
( Hn(Cn)T

||Hn||2||Cn||2

)
, (5)

where Cn ∈ Rp×d are the cluster centroids for
layer n, and p is the pre-defined number of clusters.
The function argmax(·) performs on the last dimen-
sion and assigns all the input hidden states into
different clusters based on the max value of cosine
similarity between the hidden states and cluster cen-
troids. vn ∈ R(qdx/me+x) is the assigned cluster
IDs of all the input hidden states.

Since the number of hidden states in different
clusters can vary substantially, padding them to
the maximum length for Transformer training will
significantly increase the computational time. To
make the extraction of global context more effi-
cient, we greedily pick the cluster centroids based
on the nearest neighbour (measured by cosine simi-
larity) as shown in the function GETCENTROIDS in
Algorithm 1. Thus, the hidden states with similar
cluster IDs are also close to each other. Then, we
can directly sort the cluster IDs of hidden states and
uniformly chunk the hidden states (same window
size and stride m):

un = argsort(vn),

ank = un[mk : m(k + 1)],

Enk = Hn[ank ], (6)

where the function argsort(·) is to obtain the indexes
of input values sorted in order (same values sorted
by the corresponding position of hidden states).
ank ∈ Rm is the chunked indexes of the hidden
states. Enk ∈ Rm×d is the k-th clustered hidden
states, and we will run Transformer on top of it to
build the connection beyond the words in the initial
sliding window as follows:

En+1
k = Transformer(Enk). (7)

After updating the hidden states, we map them back
to the order before clustering:

H̄n+1 = [En+1
0 ;En+1

1 ; ...;En+1
K ],

ān = [an0 ;an1 ; ...;anK ], (8)

H̄n+1[ān] = clone(H̄n+1), (9)

#train #test med max

Quasar-T 29k 3k 2.8k 8.2k
SearchQA 100k 27k 2.5k 4.9k
NQ 292k 8k 6.3k 128k

Table 1: Statistics of Question Answering datasets.
#train: number of questions in the training set. #test:
number of questions in the test set. med: median length
of the context. max: max length of the context.

where H̄n+1 is the final output hidden state of this
layer and has the same word order as the input H̄n.
In experiments, we stack these two types of layer
interchangeably to capture both global and local
context efficiently.

4 Experiments

4.1 Datasets
We evaluate our proposed approach on multiple
question answering benchmarks. The statistics of
all the datasets are summarized in Table 1.
• Quasar-T1 (Dhingra et al., 2017): The goal of

this task is to answer open-domain questions
from Trivia Challenge. All the passages har-
vested through information retrieval can be used
to answer questions. The task requires the model
to generate answers in phrases. The evaluation
metric on this dataset is based on Exact Match
and F1 score of the bag-of-words matching. Our
evaluation tool2 comes from the SQuAD dataset.

• SearchQA3 (Dunn et al., 2017): The setting
of this dataset is the same as Quasar-T, except
that the questions are sourced from Jeopardy!
instead.

• Natural Questions4 (Kwiatkowski et al., 2019):
This task aims to answer questions based on a
given Wikipedia document, and has two settings.
(i) Long answer: select a paragraph that can an-
swer the question based on the Wikipedia docu-
ment if any. (ii) Short answer: extract an answer
phrase from the document if the document con-
tains the answer. As the given document may not
contain answer, we can either predict an answer
or predict no answer. The evaluation metric on
this dataset is the F1 score, where true positives
are exactly correct answers, false positives are
1https://github.com/bdhingra/quasar
2https://rajpurkar.github.io/SQuAD-explorer/
3https://github.com/nyu-dl/dl4ir-searchQA
4https://ai.google.com/research/NaturalQuestions
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Quasar-T SearchQA NQ(long) NQ(short)
EM/F1 EM/F1 F1 F1

R3 (Wang et al., 2018) 35.3/41.7 49.0/55.3 - -
DECAPROP (Tay et al., 2018) 38.6/46.9 62.2/70.8 - -
DS-QA (Lin et al., 2018) 42.2/49.3 58.8/64.5 - -
Multi-passage BERT (Wang et al., 2019) 51.1/59.1 65.1/70.7 - -
DrQA (Chen et al., 2017) 37.7/44.5 41.9/48.7 46.1 35.7
DecAtt + DocReader (Kwiatkowski et al., 2019) - - 54.8 31.4
BERTjoint (Alberti et al., 2019) - - 64.7 52.7
BERTwwm + SQuAD2 (Pan et al., 2019) - - 68.2 57.2
RikiNet-RoBERTa (Liu et al., 2020) - - 75.3 59.3

Sliding Window 52.9/62.8 65.8/73.2 75.3 56.4
Sparse Attention (Child et al., 2019) 52.1/62.0 64.7/71.7 74.5 56.1
Locality-Sensitive Hashing (Kitaev et al., 2020) 53.2/62.9 66.0/73.5 75.5 56.4

Cluster-Former (#C=64) 53.3/63.3 67.0/74.2 76.3 56.7
Cluster-Former (#C=256) 53.6/63.5 67.5/74.5 76.3 56.7
Cluster-Former (#C=512) 54.0/63.9 68.0/75.1 76.5 57.1

Table 2: Results on Quasar-T, SearchQA test sets and NQ dev set. #C: number of clusters.

Long Answer Short Answer
F1 Precision Recall F1 Precision Recall

BigBird-ETC-large (Zaheer et al., 2020) 77.8 77.5 78.1 57.9 63.7 53.0
RikiNet (Liu et al., 2020) 76.1 78.1 74.2 61.3 67.6 56.1

Cluster-Former (Ours) 78.0 78.5 77.5 60.9 62.1 59.8

Table 3: Results on Natural Questions (NQ) leaderboard (test set). We show two published results here from over
40 submissions. Our model achieves No.1 for long answer and No.4 for short answer.

incorrect answer predictions, and false negatives
are incorrect “no answer” predictions. As the
test set is hidden, we split 5% of the training
set for validation, and use the original validation
set for testing. We use the official tool from the
dataset to evaluate our models. We also submit
our best model to the leaderboard.

4.2 Implementation Details
All the models are trained on 8 Nvidia V100 GPUs.
For clustering, we adopt “Yinyang kmeans” (Ding
et al., 2015)5 which takes less than 5 seconds for
clustering in all our experiment settings. We set
the memory size for clustering M = 100, 000 in
Algorithm 1. Based on our experiments, it makes
little difference for memory banks with 50k and
100k, update cycles with 1 iteration or half itera-
tion. We use cluster centroids that perform the best
on the validation set for test set experiments. As

5https://github.com/src-d/kmcuda

the cluster-centroid is offline computed, the infer-
ence time is the same as the sliding-window-based
method. We initialize our models with RoBERTa-
large (Liu et al., 2019). As the number of posi-
tion embeddings of RoBERTa is limited to 512,
we cannot assign different position embeddings to
all tokens. Instead, we assign the same position
embeddings to each chunked sequence.

The majority of our model is made up of Sliding-
Window Layers, as the local information is essen-
tial for QA tasks. We adopt the proposed Cluster-
Former Layer in layers 15 and 20 to further capture
long-range information. We set the sliding win-
dow size l to 256, stride m to 224, and change the
number of clusters in {64, 256, 512} to analyze its
impact on the final performance. We prepend a spe-
cial token to the beginning of all the given/retrieved
paragraphs and directly concatenate all the para-
graphs as the final context sequence. Due to mem-
ory constraints, we set the max length to be 5000
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3 4 5 6

8 55.7/65.0 55.6/64.4 54.7/64.3 55.4/64.6
12 55.1/64.9 55.8/65.0 56.1/65.4 55.4/64.6
16 55.6/65.0 55.2/64.7 55.1/64.6 54.8/64.1
20 54.8/64.2 55.4/64.8 55.1/64.6 -

Table 4: Experiments on Quasar-T dev dataset. a ∈
{3, 4, 5, 6} and b ∈ {8, 12, 16, 20}, if the layer number
l % a == 0 and l >= b, we set it as Cluster-Former
Layer, otherwise Sliding Window Layer.

during training and 10000 during inference. Dur-
ing dataset finetuning, we use Adam (Kingma and
Ba, 2015) to optimize the model. We set warm-up
updates to 2,220, maximal updates to 22,200, learn-
ing rate to 5 × 10−5, and batch size to 160. We
tune the dropout rate from {0.1, 0.15, 0.2} for all
the methods including baselines and report the best
results. The model converges in one day for all the
QA datasets.

For Quasar-T and SearchQA, we predict the
start and end positions of the answer. For Natu-
ral Question, we first identify whether the question
has short/long answers or not based on the mean
values of the first hidden state of all the chunked
sequences, 1

K

∑K
k=1H

N
k [0], where K is the num-

ber of chunks and N is the number of layers. If
answerable, we rank all the candidates for long
answer selection, and predict the start and end po-
sitions of short answers. Our model submitted to
Natural Question Leaderboard ensembled 3 mod-
els with 512 clusters, and only these models are
firstly trained on SQuAD2.0 and then finetuned on
Natural Question dataset.

4.3 Baselines

We compare our models with several strong base-
lines, including:

R3 (Wang et al., 2018) proposes to use rein-
forcement learning to jointly train passage ranker
and reader. DS-QA (Lin et al., 2018) proposes to
first use paragraph selection to filter the noisy data
and then trained model on denoised data. Multi-
passage BERT (Wang et al., 2019) proposes to fil-
ter the passages and then merge multiple useful pas-
sages into one sequence, which can be encoded by
BERT. DrQA (Chen et al., 2017) makes use of at-
tention mechanism across the question and the doc-
ument for answer phrase extraction. DecAtt and
DocReader (Kwiatkowski et al., 2019) is based on
a pipeline approach that first uses a simpler model

Wikitext Enwik8
ppl bpc

Sliding window 20.8 1.34
Sparse Attention 20.5 1.29
Locality-Sensitive Hashing 20.8 1.33

Cluster-Former (#C=64) 20.5 1.28
Cluster-Former (#C=256) 20.3 1.24
Cluster-Former (#C=512) 20.2 1.22

Table 5: Results on Language Modeling. #C: number
of clusters; Wikitext: Wikitext-103.

to select long answers and then a reading com-
prehension model to extract short answers from
the long answers. BERTjoint (Alberti et al., 2019)
jointly trains short and long answer extraction in a
single model rather than using a pipeline approach.
BERTwwm+SQuAD2 (Pan et al., 2019) makes use
of multi-task learning to further boost performance.
RikiNet-RoBERTa (Liu et al., 2020) proposes a
dynamic paragraph dual-attention reader and a
multi-level cascaded answer predictor. BigBird-
ETC (Zaheer et al., 2020) makes use of a sparse
attention mechanism to encode long sequences.

We also re-implement several strong baselines
which have not been applied to process long context
in question answering tasks:

• Sliding Window: The original method is fully
made up of Sliding-Window Layers and can only
attend to local information. To make a fair com-
parison among different methods on long-range
information collection, we replace several layers
of this sliding window baseline with Sparse At-
tention, Locality-Sensitive Hashing, and Cluster-
Former.

• Sparse Attention (Child et al., 2019): This
method replaces several layers in the previous
baseline by training a Transformer layer across
sequences on pre-selected positions. We run this
sparse Transformer on all the hidden states in
the same position across sequences, so that the
output of sparse Transformer can merge the in-
formation from different sequences.

• Locality-Sensitive Hashing (Kitaev et al.,
2020): This method hashes hidden states
into different buckets determined by randomly-
initialized hashing vectors. A Transformer layer
is then applied across buckets to build Sparse
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Question Where did the underground railroad start and finish ?
Context The Underground Railroad by artist Charles T. Webber , 1893 Date Late 1700s - 1865

Location Northern United States with routes to Canada , Mexico ...

Special token <s><s><s>Island island in the colonies city<s><s><s>With in the in .
Time did start and finish 1893 Date 1700 1865 Location Participants Outcome Deaths 19

1763
Stopwords the the , the , , , , to , , , , the American runaway slaves of free states the , , , it to , a the
Entity Canada Mexico Canada is applied Florida Spanish Railroad Railroad Railroad

Positions 49, 50, 51, 52, 53, 54, 55, 115, 116, 168, 273, 394, ..., 6022, 6040, 6042, 6060, 6094

Table 6: An example from Natural Question dataset. The rows in the middle section show the corresponding words
of the clustered hidden states, and the bottom row shows the positions of the clustered hidden states. “<s>” refers
to start token of long answer candidate.

Attention across the whole sequence. Note that
this method cannot be directly used for question
answering without adding Sliding-Window layer,
as our QA model is initialized by RoBERTa that
only has 512 position embeddings.

4.4 Experimental Results
State-of-the-Art Results on QA Table 2 and 3
show that our proposed method outperforms sev-
eral strong baselines, thanks to its ability to encode
both local and global information. Cluster-Former
with 512 clusters achieves new state-of-the-art re-
sults on Quasar-T, SearchQA and Natural Question
(long answer).

Effect of Cluster-Former We also test the abil-
ity of Cluster-Former on modeling long-range de-
pendencies. Note that Sparse Attention (Child et al.,
2019) and Locality-Sensitive Hashing (Kitaev et al.,
2020) have never been tested on question answer-
ing tasks with long context. For fair comparison,
we set the layers 15 and 20 as either Sparse At-
tention, Locality-Sensitive Hashing or our Cluster-
Former, and the left layers are Sliding Window
layers.

As shown, Sparse Attention performs worse than
our Cluster-Former. The loss may come from the
noise introduced by pre-selected positions, the cor-
responding words of which may not be related.
We set the number of hashing vectors in Locality-
Sensitive Hashing (LSH) to 64, the same as the
number of clusters in Cluster-Former. LSH outper-
forms the baseline slightly on QA and consistently
underperforms our Cluster-Former (#C=64). Over-
all, our Cluster-Former performs the best.

Effect of Number of Cluster Centroids We
also test the effect of different numbers of cluster

centroids (C) on model performance. We observe
that the model with 512 clusters works significantly
better than the model with 64 clusters on most of
the tasks. However, for Natural Questions Long
Answer setting, the improvement is marginal. As
we mainly rely on the hidden state of special tokens
“<s>” for long answer selection, and the same to-
kens can be assigned into same chunk more easily
even with a smaller number of clusters.

Selection of Cluster-Former Layers We also
have an analysis on which layers are better used
for Cluster-Former layer. As shown in Table 4, we
conduct a hyper-parameter search. And find that it
can get better performance with at least one Cluster-
Former layers in the middle layer (8-16). The worst
results come from only one Cluster-Former layer
in the layer of 22 or 23.

Language Modeling Although we focus on QA
tasks, to demonstrate the versatility of Cluster-
Former, we conduct additional experiments on lan-
guage modeling using the Wikitext-103 (Merity
et al., 2017) and Enwik8 (Mahoney, 2011) bench-
marks. All the models are trained from scratch.
We set the number of layers to 16, with 8 heads
per layer. Our Cluster-Former Layer is used in
layers 11 and 15 as in QA models. We segment
long input into short sequences of 3072 tokens, set
sliding window size l to 256, and stride m to 128.
SGD is used for optimizing the models. We set
clip threshold of gradients to 0.1, warm-up updates
to 16,000, maximal updates to 286,000, dropout
rate to 0.3, learning rate to 0.1, and batch size to
16. The model will converge in 3 days for all the
LM datasets. As shown in Table 5, Cluster-Former
outperforms strong state-of-the-art baselines.
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4.5 Qualitative Analysis
We perform qualitative analysis on how the hidden
states are clustered, by visualizing the correspond-
ing words and positions of the hidden states in Ta-
ble 6. From the first row, we can see that the special
tokens “<s>” tend to belong to the same cluster.
Note that “<s>” is the start token of each long an-
swer candidate, and its hidden state is used for final
long answer selection. Therefore, Transformer on
this cluster can compare across the candidates to
make the final prediction.

We further observe that the same types of to-
ken are more likely to appear in the same cluster.
For example, words from the second row to the
forth row cover the topics of time, stopwords, and
organization & geopolitical entities.

Finally, we randomly sample a cluster and list
the positions of clustered hidden states in the last
row of the table. We find that states in long dis-
tance, such as the 50-th and 6060-th states (over
6000 tokens apart), can be in one cluster, which
demonstrates the ability of Cluster-Former in de-
tecting long-range dependencies. Further, we ob-
serve that states tend to cluster in phrases. For
example, we see consecutive positions such as “49,
50, 51, 52, 53, 54, 55”, which likely results from
the sliding-window encoding.

5 Conclusion

In this paper, we present Cluster-Former, a new
method to encode global information for long se-
quences. We achieve new state of the art on three
question answering datasets: Quasar-T, SearchQA,
and Natural Questions. Further, we observe that
a larger number of clusters in Cluster-Former can
lead to better performance on question answering
tasks. Cluster-Former is a generic approach, and
we believe that it can benefit other NLP tasks that
rely on long-range dependencies as well.
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Abstract

With the increasing interest in low-resource
languages, unsupervised morphological seg-
mentation has become an active area of re-
search, where approaches based on Adap-
tor Grammars achieve state-of-the-art results.
We demonstrate the power of harnessing lin-
guistic knowledge as priors within Adaptor
Grammars in a minimally-supervised learning
fashion. We introduce two types of priors:
1) grammar definition, where we design
language-specific grammars; and 2) linguist-
provided affixes, collected by an expert in the
language and seeded into the grammars. We
use Japanese and Georgian as respective case
studies for the two types of priors and intro-
duce new datasets for these languages, with
gold morphological segmentation for evalua-
tion. We show that the use of priors results in
error reductions of 8.9 % and 34.2 %, respecti-
vely, over the equivalent state-of-the-art unsu-
pervised system.

1. Introduction

Morphological segmentation is an essential sub-
task in many natural language processing (NLP)
applications, especially in the case of morphologi-
cally complex languages. With the need to develop
NLP tools for low-resource languages, unsupervi-
sed morphological segmentation has been recei-
ving increasing interest over the last two decades
(Goldsmith, 2001; Creutz and Lagus, 2007a; Poon
et al., 2009; Sirts and Goldwater, 2013; Botha and
Blunsom, 2013; Narasimhan et al., 2014; Eskander
et al., 2016, 2018, 2019).

In this work, we show how linguistic priors ef-
fectively boost morphological-segmentation perfor-
mance in a minimally-supervised manner that does
not require segmented words for training. We inte-
grate our priors within Adaptor Grammars (John-
son et al., 2007), a type of nonparametric Bayesian
models that generalize Probabilistic Context-Free

Grammars (PCFGs). Adaptor Grammars have pro-
ved successful for unsupervised morphological seg-
mentation, achieving state-of-the-art results across
a variety of typologically diverse languages (Es-
kander et al., 2020).

We introduce two types of linguistic priors: 1)
grammar definition, where we design a language-
specific grammar that is tailored for the language
of interest by modeling specific morphological phe-
nomena, and 2) linguist-provided affixes, where an
expert in the underlying language compiles a list
of carefully selected affixes and seeds it into the
grammars prior to training the segmentation model.
We use Japanese and Georgian as case studies for
priors 1 and 2, respectively. As our goal is to de-
velop a robust approach that benefits low-resource
and/or endangered languages of high morphologi-
cal complexity, we use Japanese and Georgian in a
low-resource setting where we do not have access
to morphologically segmented data for training but
have access to linguistic information such as word
structure and affixes.

We show that using linguistic priors in a
minimally-supervised setting leads to a significant
improvement in performance over the equivalent
state-of-the-art unsupervised system. We also pre-
sent two morphologically segmented datasets for
Japanese and Georgian that we use as our gold stan-
dard and that can be utilized in other morphology
tasks.1

2. Linguistic Priors

We utilize MorphAGram (Eskander et al.,
2020)2, an open-source morphological-
segmentation framework that is based on
Adaptor Grammars (AGs) (Johnson et al., 2007).
AGs have proved successful for unsupervised and

1The training and evaluation datasets, linguistic priors
and models for both Japanese and Georgian are available at
https://github.com/rnd2110/MorphAGram/data.

2https://github.com/rnd2110/MorphAGram
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Figure 1: Language-independent PrStSu+SM grammar (left side) vs. its Japanese cognate (right side)

minimally-supervised morphological segmenta-
tion, outperforming the competing discriminative
models (Sirts and Goldwater, 2013; Eskander et al.,
2019, 2020).

Adaptor Grammars are non-parametric Bayesian
models that are composed of two main components:
1) a Probabilistic Context-Free Grammar (PCFG)
whose definition relies on the underlying task (in
the case of morphological segmentation, a PCFG
models word structure); and 2) an adaptor that is ba-
sed on the Pitman-Yor process (Pitman, 1995). The
adaptor keeps the posterior probability of a subtree
proportional to the number of times that subtree
is utilized to parse the input data and manages the
caching of the subtrees. The learning process is
Markov Chain Monte Carlo sampling (MCMC)
(Andrieu et al., 2003) that does the inference of the
PCFG probabilities and the hyperparameters of the
model.

Eskander et al. (2016) define a set of language-
independent grammars and three learning settings
for Adaptor Grammars: 1) Standard, fully unsuper-
vised; 2) Scholar-Seeded, minimally-supervised by
manually seeding affixes into the grammar prior to
training the segmentation model, and 3) Cascaded,
fully unsupervised by approximating the Scholar-
Seeded setting using automatically generated af-

fixes from an initial round of learning. We next
present two ways of including linguistic priors in
Adaptor Grammars: 1) defining a language-specific
grammar; and 2) using linguist-provided affixes in
the Scholar-Seeded learning setup.

2.1. Linguistic Priors as Grammar Definition

Eskander et al. (2016) define language-
independent grammars that model the word as a
sequence of generic morphemes or as a sequence
of prefixes, stem and suffixes. We consider their
PrStSu+SM grammar in the current study as it is
the grammar that performed best on average across
different languages. This language-independent de-
finition of the grammar is depicted on the left side
of Figure 1, where the word is modeled as a prefix
Pr, a stem St and a suffix Su, and both the pre-
fix and suffix are recursively defined in order to
model compounding in affixes, while a morpheme
is composed of smaller units, submorphemes SM,
representing sequences of characters.

While this grammar is intended to be generic
and to describe word structure in any language, we
hypothesize that a definition that imposes language-
specific constraints would be more efficient. The-
refore, we define a grammar for Japanese, where
we use characteristics that are specific to Japane-
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se word structure as language priors. Our tailored
grammar definition for Japanese is shown on the
right side of Figure 1, where we impose the follo-
wing specifications:

A word has a maximum of one one-character
or two-character prefix morphemes.

A stem is recursively defined as a sequence
of morphemes in order to allow for stem com-
pounding.

Characters are separated into two groups, Ka-
na (Japanese syllabaries) and Kanji (adapted
Chinese characters).

A submorpheme represents a sequence of cha-
racters that is either in Kana or Kanji.

2.2. Linguistic Priors as Linguist-Provided
Affixes

Similar to the Scholar-Seeded setting, we compi-
le a list of affixes and seed it into the grammar trees
before learning the segmentation model. However,
unlike Eskander et al. (2016), where the affixes are
collected from online resources by someone who
may have never studied the language of interest, in
this study we use affixes that are carefully compiled
by an expert linguist who specializes in Georgian,
resulting in more accurate linguistic priors. With
that goal in mind, a total of 119 affixes are co-
llected from the leading reference grammar book
(Aronson, 1990).

3. Evaluation Data

We annotate two datasets with morphological
segmentation that we use as the gold standard to
evaluate our segmentation models for Japanese and
Georgian. Both datasets are composed of 1,000
words that are randomly sampled from the most
frequent 50,000 words in Wikipedia and segmented
into their basic morphemes3, similar to the data of
the Morpho Challenge shared task 4. Table 1 lists
segmentation examples for both languages.

The Japanese gold segmentation was created by
a native-speaker linguist. For Georgian, which has
highly complex morphology, we started with the
gold-standard dataset of 1000 words introduced
by Eskander et al. (2020), which was built by an
untrained native speaker and contained only one

3The Georgian dataset contains five non-words and three
phonetic spellings of English character names.

4http://morpho.aalto.fi/events/morphochallenge/

Japanese
Word Segmentation

いました い +ま +した
勉強して 勉強 +し +て
始められません 始め +られ +ま +せん

Georgian
Category Word Segmentation

Verb iknebao i + kn + eb + a + o
ikneb + a + o

Noun tvitprinavi tvi + t + prin + av + i
tvitprinav + i

Numeral totxmeti t + otx + met + i
totxmet + i

Other visi vi + s + i
vis + i

Table 1: Japanese and Georgian segmentation examples

possible segmentation per word. An expert in Geor-
gian then corrected 193 examples in the data and
further annotated 116 words for two possible alter-
native segmentations. In addition, the expert coded
each word based on its syntactic category: verbs
(359), nouns (475), numerals (44) and other (122).

4. Evaluation and Results

4.1. Experimental Setup

We evaluate our morphological-segmentation
models for Japanese in the Standard (STD) and
Cascaded (CAS)5 settings, both with generic
and language-specific (LS) grammar definitions.
For Georgian, we evaluate our morphological-
segmentation models in the Standard (STD), Cas-
caded (CAS) and Scholar-Seeded (SS) settings, in
addition to the proposed Scholar-Seeded setting
with linguist-provided affixes (SS-Ling).

We perform the evaluation in a transductive man-
ner, where the unsegmented words in the gold stan-
dard are part of the training sets; this is common in
evaluating unsupervised and minimally-supervised
morphological segmentation (Poon et al., 2009;
Sirts and Goldwater, 2013; Narasimhan et al., 2014;
Eskander et al., 2016, 2019, 2020). For the metrics,
we use Boundary Precision and Recall (BPR) and
EMMA-2 (Virpioja et al., 2011). BPR is the clas-
sical metric for evaluating morphological segmen-
tation; it compares the boundaries in the proposed
segmentation to those in the reference. EMMA-2

5For the Cascaded setup, we use the high-precision gram-
mar PrStSu2a+SM defined by Eskander et al. (2016) as the
base grammar.
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Language Setting BPR EMMA-2
Prec. Recall F1-Score Prec. Recall F1-Score

Japanese

Morfessor 81.4 77.2 79.3 91.5 80.1 85.4
AG STD 81.7 77.4 79.5 91.0 81.8 86.1
AG CAS 80.9 78.2 79.5 90.8 82.0 86.2
AG STD-LS 83.5 79.3 81.3 92.0 82.5 87.0
AG CAS-LS 82.8 79.3 81.0 91.1 82.6 86.6

Georgian

Morfessor 79.2 54.6 64.6 88.5 56.1 68.7
AG STD 81.8 69.0 74.9 87.8 65.5 75.0
AG CAS 83.5 70.4 76.4 88.6 67.2 76.4
AG SS 84.5 69.1 76.0 89.3 65.2 75.4
AG SS-Ling 84.6 82.4 83.5 87.6 78.2 82.6

Table 2: Morphological-segmentation performance for Japanese and Georgian using the BPR and EMMA-2 me-
trics. The best F1-score per language-metric pair is in bold. AG = Adaptor Grammars. STD = Standard. CAS =
Cascaded. STD-LS = Standard with a language-specific grammar. CAS-LS = Cascaded with a language-specific
grammar. SS = Scholar-Seeded. SS-Ling = Scholar-Seeded with linguist-provided affixes

Category
BPR EMMA-2

AG SS AG SS-Ling AG SS AG SS-Ling
Prec. Recall F1-Score Prec. Recall F1-Score Prec. Recall F1-Score Prec. Recall F1-Score

Noun 74.4 79.6 76.9 74.6 90.4 81.8 87.4 78.7 82.8 84.4 86.8 85.6
Verb 95.8 50.5 66.1 96.6 68.9 80.4 96.4 49.2 65.1 96.1 69.6 80.7
Numeral 93.9 74.1 82.8 87.9 84.8 86.3 87.3 65.5 74.8 81.6 66.0 73.0
Other 87.0 81.6 84.2 86.7 90.3 88.4 92.4 79.0 85.2 92.0 85.8 88.8

Table 3: Category-wise morphological-segmentation performance for Georgian using the BPR and EMMA-2 me-
trics. AG = Adaptor Grammars. SS = Scholar-Seeded. SS-Ling = Scholar-Seeded with linguist-provided affixes.

is based on matching the morphemes in the pro-
posed segmentation to those in the reference in a
many-to-one assignment setup.

We evaluate our system versus two state-of-the-
art unsupervised baselines: MorphAGram without
the use of linguistic priors and Morfessor (Virpioja
et al., 2013) 6. Morfessor is a commonly-used fra-
mework for unsupervised morphological segmenta-
tion. It is based on an HMM model that relies on the
Minimum Description Length (MDL) concept for
deriving the optimal segmentation (Creutz and La-
gus, 2007b). Since our approach does not assume
access to manually annotated segmentation, it is not
directly comparable to semi-supervised approaches
that rely on such annotations (Ruokolainen et al.,
2014; Kann et al., 2018). Finally, we report all the
Adaptor-Grammar results as the average over three
runs of different randomization parameters.

4.2. System Performance

Table 2 reports the overall performance of our
models for both Japanese and Georgian, while Ta-
ble 3 shows the results per part-of-speech category
for Georgian.

For Japanese, the use of a language-specific

6https://morfessor.readthedocs.io/en/latest/

grammar definition improves both precision and re-
call, resulting in BPR F1-score error reductions of
8.9 % and 7.1 % over the generic Standard and Cas-
caded settings, respectively, and a BPR F1-score
error reduction of 9.8 % over Morfessor.

For Georgian, the use of linguist-provided see-
ded affixes improves both precision and recall, whe-
re the recall significantly increases by absolute
13.3 % over using an affix list of lower quality. In
addition, the proposed linguistic priors result in
BPR F1-score error reductions of 34.2 %, 30.0 %
and 31.1 % over the Standard, Cascaded and re-
gular Scholar-Seeded settings, respectively, and a
BPR F1-score error reduction of 53.3 % over Mor-
fessor. Analysing results per category, verbs and
nouns receive the biggest F1-score improvements
of absolute 14.3 % and 4.9 %, respectively, with the
use of linguist-provided affixes.

A similar pattern of results is found with EMMA-
2. Finally, all the improvements due to the use of
linguistic priors are statistically significant (P <
0.01) on both metrics.

4.3. Error Analysis

Table 4 lists some examples of correctly and in-
correctly segmented words by our Japanese and
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Word Gold Segmentation STD Segmentation STD-LS Segmentation

Japanese

お電話 お +電話 お +電話 お +電話
ご親族 ご +親 +族 ご +親 +族 ご +親 +族
登られませ 登 +られ +ま +せん 登ら +れ +ません 登 +られ +ません
比べなかったら 比べ +な +かった +ら 比べ +なかった +ら 比べ +なかった +ら

Word Gold Segmentation STD Segmentation SS Segmentation SS-Ling Segmentation

Georgian

lur˘i lur˘ + i lur˘ + i lur˘ + i lur˘ + i
rvis rv + is r + vis rv + is rv + is
gamova ga mo v a gamo v a ga mo v a gamov a
˝auri ˝aur + i ˝a + uri ˝a + ur + i ˝aur + i

Table 4: Examples of output segmentations for Japanese and Georgian. STD = Standard. STD-LS = Standard
with a language-specific grammar. SS = Scholar-Seeded. SS-Ling = Scholar-Seeded with linguist-provided affixes.
Incorrect morphemes are marked in red.

Georgian segmentation models. We discuss the
most prominent observations below.

Japanese: Both the STD and STD-LS models
perform well on prefix segmentation, achieving
F1-scores of more than 90 % in the detection of
several one-character prefixes, such as お and
ご. However, STD-LS outperforms its language-
independent counterpart in the detection of stems,
where compounding is explicitly modeled. For
instance, STD and STD-LS achieve F1-scores of
15.8 % and 98.6 %, respectively, in the detection
of the common stemられ (be). On the other hand,
when either model consistently fails to detect a spe-
cific morpheme, the other model fails as well. For
example, neither model can detect the morphemes
せん andかった.

Georgian: SS-Ling outperforms both STD and
SS at discovering the top most frequent one-letter
morphemes, such as i, a, s, e, m, o and v, achie-
ving an average F1-score of 76.0 %, compared to
57.7 % and 57.3 % by STD and SS, respectively. In
addition, SS and STD suffer lower precision as they
tend to oversegment the morphemes represented
by a single letter. Similarly, SS-Ling can recognize
the most frequent two-letter morphemes, namely
eb and da, with absolute increases in precision
of 59.0 % and 62.0 % over STD and SS, respecti-
vely; both morphemes are explicitly seeded into
the SS-Ling grammar prior to training the model.

5. Conclusion and Future Work

We proposed two types of linguistic priors for
minimally-supervised morphological segmentation
using Adaptor Grammars. The first prior is in the
form of defining a language-specific grammar, whi-

le the second relies on compiling a list of linguist-
provided affixes and seeding it into the grammars.
Our approaches result in error reductions of 8.9 %,
for Japanese, and 34.2 %, for Georgian, as compa-
red to the state-of-the-art system. In future work,
we plan to explore the use of linguistic priors that
apply to a group of morphologically similar low-
resource languages.
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Abstract

Detecting what emotions are expressed in
text is a well-studied problem in natural lan-
guage processing. However, research on finer-
grained emotion analysis such as what causes
an emotion is still in its infancy. We present
solutions that tackle both emotion recognition
and emotion cause detection in a joint fash-
ion. Considering that common-sense knowl-
edge plays an important role in understanding
implicitly expressed emotions and the reasons
for those emotions, we propose novel meth-
ods that combine common-sense knowledge
via adapted knowledge models with multi-task
learning to perform joint emotion classifica-
tion and emotion cause tagging. We show per-
formance improvement on both tasks when in-
cluding common-sense reasoning and a multi-
task framework. We provide a thorough analy-
sis to gain insights into model performance.

1 Introduction

Utterance and document level emotion recognition
has received significant attention from the research
community (Mohammad et al., 2018; Poria et al.,
2020a). Given the utterance Sudan protests: Out-
rage as troops open fire on protestors an emotion
recognition system will be able to detect that anger
is the main expressed emotion, signaled by the
word "outrage". However, the semantic informa-
tion associated with expressions of emotion, such
as the cause (the thing that triggers the emotion)
or the target (the thing toward which the emotion
is directed), is important to provide a finer-grained
understanding of the text that might be needed in
real-world applications. In the above utterance, the
cause of the anger emotion is the event “troops
open fire on protestors”, while the target is the en-
tity "troops" (see Figure 1) .

∗Work done during an internship with Amazon AI.

Research on finer-grained emotion analysis such
as detecting the cause for an emotion expressed in
text is in its infancy. Most work on emotion-cause
detection has utilized a Chinese dataset where the
cause is always syntactically realized as a clause
and thus was modeled as a classification task (Gui
et al., 2016). However, recently Bostan et al. (2020)
and Oberländer and Klinger (2020) argued that
in English, an emotion cause can be expressed
syntactically as a clause (as troops open fire on
protestors), noun phrase (1,000 non-perishable
food donations) or verb phrase (jumped into an
ice-cold river), and thus we follow their approach
of framing emotion cause detection as a sequence
tagging task.

We propose several ways in which to approach
the tasks of emotion recognition and emotion cause
tagging. First, these two tasks should not be in-
dependent; because the cause is the trigger for
the emotion, knowledge about what the cause is
should narrow down what emotion may be ex-
pressed, and vice versa. Therefore, we present
a multi-task learning framework to model them
jointly. Second, considering that common-sense
knowledge plays an important role in understand-
ing implicitly expressed emotions and the reasons
for those emotions, we explore the use of common-
sense knowledge via adapted knowledge models
(COMET, Bosselut et al. (2019)) for both tasks. A
key feature of our approach is to combine these
adapted knowledge models (i.e., COMET), which
are specifically trained to use and express common-
sense knowledge, with pre-trained language mod-
els such as BERT, (Devlin et al., 2019).

Our primary contributions are three-fold: (i) an
under-studied formulation of the emotion cause de-
tection problem as a sequence tagging problem; (ii)
a set of models that perform the emotion classifica-
tion and emotion cause tagging tasks jointly while
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using common-sense knowledge (subsection 4.2)
with improved performance (section 6); and (iii)
analysis to gain insight into both model perfor-
mance and the GoodNewsEveryone dataset that
we use (Bostan et al., 2020) (section 7).

2 Related Work

Emotion detection is a widely studied subfield of
natural language processing (Mohammad et al.,
2018; Poria et al., 2020a), and has been applied
to a variety of text genres such as fictional stories
(Alm et al., 2005), news headlines (Strapparava
and Mihalcea, 2010), and social media, especially
microblogs such as Twitter (Abdul-Mageed and
Ungar, 2017; Kiritchenko et al., 2014; Rosenthal
et al., 2019; Mohammad et al., 2018). Earlier work,
including some of the above, focused on feature-
based machine learning models that could leverage
emotion lexicons (Mohammad and Turney, 2013)),
while recent work explores deep learning models
(e.g., Bi-LSTM and BERT) and multi-task learning
(Xu et al., 2018; Demszky et al., 2020).

However, comparatively few researchers have
looked at the semantic roles related to emotion such
as the cause, the target or the experiencer, with few
exceptions for Chinese (Gui et al., 2016; Chen et al.,
2018; Xia and Ding, 2019; Xia et al., 2019; Fan
et al., 2020; Wei et al., 2020; Ding et al., 2020), En-
glish (Mohammad et al., 2014; Ghazi et al., 2015;
Kim and Klinger, 2018; Bostan et al., 2020; Ober-
länder et al., 2020; Oberländer and Klinger, 2020)
and Italian (Russo et al., 2011). We highlight some
of these works here and draw connection to our
work. Most recent work on emotion-cause detec-
tion has been carried out on a Chinese dataset com-
piled by Gui et al. (2016). This dataset character-
izes the emotion and cause detection problems as
clause-level pair extraction problem – i.e., of all the
clauses in the input, one is selected to contain the
expression of an emotion, and one or more (usually
one) are selected to contain the cause of that emo-
tion. Many publications have used this corpus to
develop novel and effective model architectures for
the clause-level classification problem (Chen et al.,
2018; Xia and Ding, 2019; Xia et al., 2019; Fan
et al., 2020; Wei et al., 2020; Ding et al., 2020). The
key difference between this work and ours is that
we perform cause detection as a sequence-tagging
problem: the cause may appear anywhere in the
input, and may be expressed as any grammatical
construction (a noun phrase, a verb phrase, or a

Figure 1: An example of the semantic roles annotated
by Bostan et al. (2020)

clause). Moreover, we use common sense knowl-
edge for both tasks (emotion and cause tagging),
through the use of adapted language models such
as COMET.

For English, several datasets have been intro-
duced (Mohammad et al., 2014; Kim and Klinger,
2018; Ghazi et al., 2015; Bostan et al., 2020; Po-
ria et al., 2020b), and emotion cause detection has
been tackled either as a classification problem (Mo-
hammad et al., 2014), or as a sequence tagging or
span detection problem (Kim and Klinger, 2018;
Ghazi et al., 2015; Oberländer and Klinger, 2020;
Poria et al., 2020b). We particularly note the work
of Oberländer and Klinger (2020), who argue for
our problem formulation of cause detection as se-
quence tagging rather than as a classification task
supported by empirical evidence on several datasets
including the GoodNewsEveryone dataset (Bostan
et al., 2020) we use in this paper. One contribution
we bring compared to these models is that we for-
mulate a multi-task learning framework to jointly
learn the emotion and the cause span. Another
contribution is the use of common-sense knowl-
edge through the use of adapted knowledge models
such as COMET (both in the single models and the
multi-task models). Ghosal et al. (2020) have very
recently shown the usefulness of common-sense
reasoning to the task of conversational emotion
detection.

3 Data

For our experiments, we use the GoodNewsEvery-
one corpus (Bostan et al., 2020), which contains
5,000 news headlines labeled with emotions and
semantic roles such as the target, experiencer, and
cause of the emotion, as shown in Figure 1.1 We
focus on the emotion detection and cause tagging
tasks in this work. To our knowledge, GoodNew-
sEveryone is the largest English dataset labeled for

1While the dataset labels both the most dominant emotion
expressed in text and the reader’s emotion, for this paper we
only focus on the former.
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Figure 2: Distribution of adjudicated emotion labels in
the GoodNewsEveryone train data, as a percentage of
the data points. “Positive” and “Negative” are abbrevi-
ated as + and -.

both of these tasks.
In our experiments, we limit ourselves to the

data points for which a cause span was annotated
(4,798). We also note that this dataset uses a 15-
way emotion classification scheme, an extended set
including the eight basic Plutchik emotions as well
as additional emotions like shame and optimism.
While a more fine-grained label set is useful for cap-
turing subtle nuances of emotion, many external
resources focus on a smaller set of emotions. We
also note that the label distribution of this dataset
heavily favors the more basic emotions, as shown
in Figure 2. Therefore, for our work, we choose to
limit ourselves to the six Ekman emotions (anger,
fear, disgust, joy, surprise, and sadness). We also
choose to keep positive surprise and negative sur-
prise separated, to avoid severely unbalancing the
label distribution for our experiments. We ran-
domly split the remaining data (2,503 data points)
into 80% train, 10% development, and 10% test.

4 Models

An important feature showcased by the Good-
NewsEveryone dataset is that causes of emotions
can be expressed through different syntactic con-
stituents such as clauses, verb phrases, or noun-
phrases. Thus, we approach the cause detection
problem as a sequence tagging problem using the
IOB scheme (Ramshaw and Marcus, 1995): C =
{I-cause,O,B-cause}. Our approach is supported
by very recent results by Oberländer and Klinger
(2020) and Yuan et al. (2020) who show that model-
ing emotion cause detection as a sequence tagging
problem is better suited than a clause classification

problem, although not much current work has yet
adopted this formulation. We tackle the emotion de-
tection task as a seven-way classification task with
E = {anger, disgust, fear, joy, sadness, negative
surprise, positive surprise}.

4.1 Single-Task Models

As a baseline, we train single-task models for
each of emotion classification and cause span tag-
ging. We use a pre-trained BERT language model2

(Devlin et al., 2019), which we fine-tune on our
data, as the basis of this model. Our prepro-
cessing strategy for all of our models consists
of the pretrained BERT vocabulary and Word-
Piece tokenizer3 (Wu et al., 2016) from Hug-
gingface (Wolf et al., 2020). Therefore, for a
sequence of n WordPiece tokens, our input to
the BERT model is a sequence of n + 2 tokens,
X = [[CLS], x1, x2, ...xn, [SEP]], where each xi
is from a finite WordPiece vocabulary and [CLS]
and [SEP] are BERT’s begin and end tokens. Pass-
ing X through BERT yields a sequence of vector
hidden states H = [h[CLS], h1, h2, ..., hn, h[SEP ]]
with dimension dBERT = 768. For emotion classi-
fication, we pool these hidden states and allow hy-
perparameter tuning to select the best type: select-
ing the [CLS] token (hf = h[CLS]), mean pooling

(hf =
∑n
i=1 hi
n ), max pooling (hf,j = maxhi,j), or

attention as formulated by Bahdanau et al. (2015):

hf =

n∑

i=1

αihi (1)

where αi = exp (Wahi+ba)∑n
j=1 exp (Wahj+ba)

for trainable

weights Wa ∈ R1×dBERT and ba ∈ R1. Then, the
final distribution of emotion scores is calculated by
a single dense layer and a softmax:

e = softmax(Wehf + be) (2)

with e ∈ R|E| and for trainable parametersWe ∈
R|E|×dBERT and be ∈ R|E|. For cause tagging, a
tag probability distribution is calculated directly on
each hidden state:

ci = softmax(Wchi + bc) (3)

2We use BERT-BASE-UNCASED. We experimented with
BERT-BASE-CASED, but it underperformed as the headlines
incorporated into GoodNewsEveryone come from different
news sources and have different capitalization styles.

3In the tagging setting, we ignore all tags predicted for
subword tokens and use only the tag of the first subword.
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(a) The MultiC�E model. (b) The MultiE�C model.

Figure 3: Our multi-task models.

with ci ∈ R|C| and for trainable parameters
Wc ∈ R|C|×dBERT and bc ∈ R|C|. We refer to
both of these single-task models as BERT; if the
task is not clear from the context, we will refer to
the emotion detection model as BERTE and the
cause tagging model as BERTC . Our training loss
for emotion classification as well as emotion cause
tagging is the mean negative log-likelihood (NLL)
loss per minibatch of size b:

NLLemo = −1

b

∑

j

∑

k

yjk log ejk (4)

NLLcause = −
1

b

∑

i

∑

j

∑

k

yijk log cijk (5)

where j is the index of the sentence in the mini-
batch, k is the index of the label being consid-
ered (emotion labels for NLLemo and IOB tags for
NLLcause), i is the index of the ith token in the jth

sentence in the minibatch, yjk ∈ {0, 1} is the gold
probability of the kth emotion label for the jth sen-
tence, yijk ∈ {0, 1} is the gold probability of the
kth cause tag for the ith token in the jth sentence,
and ejk and cijk are the output probabilities of the
kth emotion label and of the kth cause label for the
ith token, both for the jth sentence.

4.2 Multi-Task Models

Our hypothesis is that the emotion detection and
cause tagging tasks are closely related and can in-
form each other; therefore we propose three multi-
task learning models to test this hypothesis. For all
multi-task models, we use the same base architec-
ture (BERT) as the single models. Additionally, for
these models, we combine the losses of both tasks
and weight them with a tunable lambda parameter:

λNLLemo + (1 − λ)NLLcause, using NLLemo and
NLLcause from Equation 4 and Equation 5.

Multi. The first model, Multi, is the classical
multi-task learning framework with hard parameter
sharing, where both tasks share the same BERT
layers. Two dense layers for emotion classification
and cause tagging operate at the same time from
the same BERT layers, and we train both of the
tasks simultaneously. That is, we simply calculate
our emotion scores e and cause tag scores c from
the same set of hidden states H .

We further develop two additional multi-task
models with the intuition that we can design more
explicit and concrete task dependencies than simple
parameter sharing in the representation layer.

MultiC�E . We assume that if a certain text span
is given as the cause of an emotion, it should be
possible to classify that emotion correctly while
looking only at the words of the cause span. There-
fore, we propose the MultiC�E model, the architec-
ture of which is illustrated in Figure 3a. This model
begins with the single-task cause detection model,
BERTC , which produces a probability distribution
P (yi|xi) over IOB tags for each token xi, where
P (yi|xi) = ci from Equation 3. Then, for each
token, we calculate the probability that it is part of
the cause as P (Cause|xi) = P (B|xi)+P (I|xi) =
1 − P (O|xi). We feed the resulting probabilities
through a softmax over the sequence and use them
as an attention distribution over the input tokens in
order to pool the hidden representations and per-
form emotion classification: attention is computed
as in Equation 1, where αi =

expP (Cause|xi)∑n
j=1 expP (Cause|xi) ,

and emotion classification as in Equation 2. For
the MultiC�E model, we apply teacher forcing at
training time, and the gold cause spans are used to
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Figure 4: The architecture of our proposed
MultiCOMET

C�E model.

create the attention weights before emotion classi-
fication (which means that P (Cause|xi) ∈ {0, 1}).
At inference time, the model uses the predicted
cause span instead.

MultiE�C . Next, we hypothesize that knowledge
of the predicted emotion should help us identify
salient cause words. The MultiE�C model first
performs emotion classification, which results in
a probability distribution over predicted emotion
labels, as in the BERTE model and Equation 2. We
additionally keep an emotion embedding matrix
E, where E[i] is a learnable representation of the
i-th emotion label (see Figure 3b) with dimension
de (in our experiments, we set de = 300). We
use the predicted label probabilities e to calculate
a weighted sum of the emotion embeddings, i.e.,
M =

∑
i ei · E[i]. We then concatenate M to the

hidden representation of each token and perform
emotion cause tagging with a final dense layer, i.e.,
ci = softmax(Wc′ [hi;M ]+bc′), where ; is the con-
catenation operator and Wc′ ∈ R|C|×(dBERT+de)
and bc′ ∈ R|C| are trainable parameters. In the
MultiE�C model, we again do teacher forcing and
use the gold emotion labels before doing the se-
quence tagging for cause detection (i.e., e is a one-
hot vector where the gold emotion label has prob-
ability 1 and all other emotion labels have proba-
bility 0). At inference time, the model will use the
predicted emotion distribution instead.

4.3 Adapted Knowledge Models

Recent work has shown that fine-tuning pre-trained
language models such as GPT-2 on knowledge
graph tuples such as ConceptNet (Li et al.,
2016) or ATOMIC (Sap et al., 2018) allows

these models to express their implicit knowledge
directly (Bosselut et al., 2019). These adapted
knowledge models (e.g., COMET (Bosselut et al.,
2019)) can produce common-sense knowledge
on-demand for any entity, relation or event.
Considering that common-sense knowledge plays
an important role in understanding implicitly
expressed emotions and the reasons for those
emotions, we explore the use of common-sense
knowledge for our tasks, in particular the use of
COMET adaptively pre-trained on the ATOMIC
event-centric knowledge base. ATOMIC’s event
relations include “xReact” and “oReact”, which
describe the feelings of certain entities after the
input event occurs. For example, ATOMIC’s
authors present the example of <PersonX pays
PersonY a compliment, xReact, PersonX will
feel good>. xReact refers to the feelings of the
primary entity in the event, and oReact refers to
the feelings of others (in this instance, oReact
yields “PersonY will feel flattered”). For example,
using the headline “Sudan protests: Outrage as
troops open fire on protestors", COMET-ATOMIC
outputs that PersonX feels justified, PersonX feels
angry, Others feel angry, and so on (Figure 4). To
use this knowledge model in our task, we modify
our approach by reframing our single-sequence
classification task as a sequence-pair classification
task (for which BERT can be used directly). We
feed our input headlines into COMET-ATOMIC
(using the model weights released by the au-
thors), collect the top two outputs for xReact
and oReact using beam search decoding, and
then feed them into BERT alongside the input
headlines, as a second sequence using the SEP
token. That is, our input to BERT is now X =
[[CLS], x1, x2, ..., xn, [SEP], z1, z2, ..., zm, [SEP]],
where zi are the m WordPiece tokens of our
COMET output and are preprocessed in the same
way as xi. We hypothesize that, since pre-trained
BERT is trained with a next sentence prediction
objective, expressing the COMET outputs as a
grammatical sentence will help BERT make better
use of them, so we formulate this second sequence
as complete sentences (e.g., “This person feels...
Others feel...”) (Figure 4).

This approach allows us incorporate informa-
tion from COMET into all our single- and multi-
task BERT-based models; the example shown
in Figure 4 is our MultiC�E model. We
refer to the COMET variants of these mod-
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Emotion Macro F1 Emotion Accuracy Cause Span F1
BERT 37.25 ± 1.30 38.50 ± 0.84 37.49 ± 1.94
BERTCOMET 37.74 ± 0.84 38.50 ± 1.14 39.27 ± 1.85
Multi 36.91 ± 1.48 38.34 ± 1.94 38.35 ± 3.89
MultiC�E 37.74 ± 2.12 38.74 ± 2.07 39.08 ± 3.73
MultiE�C 38.26 ± 3.28 39.69 ± 3.41 38.83 ± 1.60
MultiCOMET 37.06 ± 2.04 39.05 ± 0.98 39.50 ± 2.25
MultiCOMET

C�E 39.26* ± 1.13 40.79 ± 2.17 38.68 ± 1.36
MultiCOMET

E�C 37.44 ± 1.37 38.58 ± 1.44 36.27 ± 1.31

Table 1: The results of our models, averaged over five runs with the same five distinct random seeds. The model
with the highest mean performance under each metric is bolded. Results marked with a * are statistically significant
above the single-task BERT baseline by the paired t-test (p < 0.05).

els as: BERTCOMET (single-task models) and
MultiCOMET , MultiCOMET

C�E , MultiCOMET
E�C for

the three multi-task models.

5 Experimental Setup

Evaluation Metrics For emotion classification,
we report macro-averaged F1 and accuracy. For
cause tagging, we report exact span-level F1 (which
we refer to as span F1), as developed for named
entity recognition (e.g., Tjong Kim Sang and
De Meulder (2003)), where a span is marked as
correct if and only if its type and span boundaries
match the gold exactly4.

Training and Hyperparameter Selection The
classification layers are initialized randomly from
a uniform distribution over [−0.07, 0.07]5, and all
the parameters are trained on our dataset for up
to 20 epochs, with early stopping based on the
performance on the validation data (macro F1 for
emotion, span F1 for cause). All models are trained
with the Adam optimizer (Kingma and Ba, 2015).
We highlight again that for our MultiC�E and
MultiE�C models, we use teacher forced during
training to avoid cascading training error. Because
the subset of the data we use is relatively small, we
follow current best practices for dealing with neural
models on small data and select hyperparameters
and models using the average performance of five
models with different fixed random seeds on the
development set. We then base our models’ per-

4Our cause tagging task has only one type, “cause”, as
GoodNewsEveryone is aggregated such that each data point
has exactly one emotion-cause pair. We note that this problem
formulation leaves open the possibility of multiple emotion-
cause pairs.

5The default initialization from the gluon pack-
age: https://mxnet.apache.org/versions/1.7.
0/api/python/docs/api/gluon/index.html

formance on the average of the results from these
five runs (e.g., reported emotion F1 is the average
of the emotion F1 scores for each of our five runs).
For our joint models, since our novel models re-
volve around using one task as input for the other,
we separately tune two sets of hyperparameters for
each model, one based on each of the single-task
metrics, yielding, for example, one Multi model op-
timized for predicting emotion and one optimized
for predicting cause. The hyperparameters we tune
are dropout in our linear layers, initial learning rate
of the optimizer, COMET relation type, lambda
weight for our multi-task models, and the type of
pooler for emotion classification (enumerated in
subsection 4.1).

6 Results

We present the results of our models in Table 16.
We see that the overall best model for each
task is a multi-task adapted knowledge model,
with MultiCOMET

C�E performing best for emotion
(which is a statistically significant improvement
over BERT by the paired t-test, p < 0.05) and
MultiCOMET performing best for cause. These re-
sults seem to support our two hypotheses: 1) emo-
tion recognition and emotion cause detection can
inform each other and 2) common-sense knowledge
is helpful to infer the emotion and the cause for that
emotion expressed in text. Specifically, we notice
that MultiC�E alone does not outperform BERT on
either cause or emotion, but MultiCOMET

C�E outper-
forms both BERT and MultiC�E on both tasks. For
cause, we also see additional benefits of common-

6Oberländer and Klinger (2020) report an F1 score of 34
in this problem setting on this dataset, but on a larger subset
of the data (as they do not limit themselves to the Ekman
emotions) and so we cannot directly compare our work to
theirs.

3980



Figure 5: Performance of the BERT and MultiCOMET
C�E

models on emotion classification.

sense reasoning alone: BERTCOMET outperforms
BERT (multi-task modeling alone, Multi, also out-
performs BERT for this task) and MultiCOMET

outperforms Multi. These results speak to the dif-
ferences between the two tasks, suggesting that
common-sense reasoning, which aims to generates
implicit emotions, and cause information may be
complementary for emotion detection, but that for
cause tagging, common-sense reasoning and given
emotion information may overlap. The common-
sense reasoning we have used in this task (xReact
and oReact from ATOMIC) is expressed as possi-
ble emotional reactions to an input situation, so this
makes intuitive sense.

Finally, we also present per-emotion results for
our best model for each task (MultiCOMET

C�E for
emotion and MultiCOMET for cause) against the
single-task BERT baselines in Figure 5 and Fig-
ure 6; these per-emotion scores are again the av-
erage performance of models trained with each of
our five random seeds. We see that each task im-
proves on a different set of emotions: for emotion
classification MultiCOMET

C�E consistently improves
over BERT by a significant margin on joy and to a
lesser extent on anger and sadness. Meanwhile, for
cause tagging, MultiCOMET improves over BERT
on anger, disgust, and fear, while yielding very
similar performance on the rest of the emotions.

7 Analysis and Discussion

In order to understand the impact of common-sense
reasoning and multi-task modeling for the two
tasks, we provide several types of analysis in ad-
dition to our results in section 6. First, we include
examples of our various models’ outputs showcas-
ing the impact of our methods (subsection 7.1).

Figure 6: Performance of the BERT and MultiCOMET

models on cause tagging, broken down by emotion.

Second, we carry out an analysis of the dataset,
focusing on the impact of label variation among
multiple annotators on the models’ performance
(subsection 7.2).

7.1 Example Outputs

We provide some example outputs from our sys-
tems for both cause and emotion in Table 2; the
various Multi models have been grouped together
for readability and because they often produce
similar outputs, but the outputs for every model
are available in the appendix. In the first exam-
ple, the addition of COMET to BERT informs the
model enough to choose the gold emotion label;
in the third and fourth, either COMET or multi-
task learning is enough to help the model select
key words that should be included in the cause (re-
turn and triple shooting). We also particularly note
the second example, in which multi-task learning
is needed both for the BERT and BERTCOMET

models to be able to correctly predict the gold emo-
tion. This suggests that for cause, both common-
sense reasoning and emotion classification may
carry overlapping useful information for cause tag-
ging, while for emotion, different instances may be
helped more by different aspects of our models.

7.2 Label Agreement

Upon inspection of the GoodNewsEveryone data,
we discover significant variation in the emotion la-
bels produced by annotators as cautioned by the
authors in their original publication7. From our
inspection of the development data, we see recur-

7While the authors selected data according to agreement
on the emotion labeling task, they found that in only 75% of
cases do at least 3 annotators agree, with diminishing rates of
agreement for more annotators.
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BERT Multitask BERTCOMET MultitaskCOMET

Mexico reels from shooting attack in El Paso
fear

negative surprise negative surprise fear fear
Insane video shows Viking Sky cruise ship thrown into chaos at sea

fear
negative surprise fear negative surprise fear

Durant could return for Game 3
positive surprise

for game could return for game
Dan Fagan: Triple shooting near New Orleans School yet another sign of city’s crime problem

negative surprise
school yet another sign

of city’s crime
: triple shooting near new orleans school yet another sign of city’s

crime

Table 2: Example outputs from our systems. For each example, the gold cause is highlighted in yellow and the
gold emotion is given under the text; the first two examples give our models’ emotion outputs; the latter two,
their causes. Joined cells show that multiple models produced the same output. To make this table easier to read,
“Multitask” here may refer to Multi, MultiE�C , or MultiC�E (details on selection and results for each individual
model available in appendix; most multi-task models gave similar outputs).

Metric BERT BERTCOMET Multi MultiE�C MultiC�E MultiCOM MultiCOMET
E�C MultiCOMET

C�E
Acc.
(Gold) 38.50 38.50 38.34 39.68 38.74 39.05 38.58 40.79

Acc.
(¬Gold) 23.48 23.24 22.37 21.11 22.85 21.26 22.45 20.08

Table 3: Comparison of gold accuracy and non-gold (¬gold) accuracy for our emotion classification models.

ring cases where different annotators give directly
opposing labels for the same input, depending on
how they interpret the headline and whose emo-
tions they choose to focus on. For example, our
development set includes the following example:
Simona Stuns Serena at Wimbledon: Game, Set
and “Best Match” for Halep. The gold adjudi-
cated emotion label for this example is negative
surprise, but annotators actually included multiple
primary and secondary emotion labels including
joy, negative surprise, positive surprise, pride, and
shame, which can be understood as various emo-
tions felt by the two entities participant in the event
(Simona Halep and Serena Williams). For this in-
put, COMET suggests xReact may be happy or
proud and oReact may be happy — these reactions
are likely most appropriate for tennis player Si-
mona Halep, but not the only possible emotion that
can be inferred from the headline.

Inspired by the variation in the data, we com-
pute also models’ accuracy using the human an-
notations that did not agree with the gold (i.e., a
predicted emotion label is correct if it was sug-
gested by a human annotator but was not part of

a majority vote to be included in the gold). We
denote this ¬Gold, and we compare the perfor-
mance of our models with respect to Gold and
¬Gold. We present the results of this analysis in
Table 38. In this table, a higher ¬Gold accuracy
means that the model is more likely to produce
emotion labels that were not the gold but were sug-
gested by some annotator. First of all, we note that
all models have a relatively high ¬Gold accuracy
(about half the magnitude of their gold accuracy);
we believe this reflects the wide variety of anno-
tations given by the annotators. We see a trade-
off between the Gold and ¬Gold accuracy, and
we note that generally the single-task models have
higher ¬Gold accuracy and the COMET-enhanced
multi-task models have higher Gold accuracy. This
suggests that our language models have general
knowledge about emotion already, but that apply-
ing common-sense knowledge helps pare down the
space of plausible outputs to those that are most
commonly selected by human annotators. Recall

8Note that we perform this analysis on just one of our five
runs of the model, so the accuracy numbers do not exactly
correspond to those in Table 1.
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that this dataset was annotated by taking the most
frequent of the annotator-provided emotion labels.
Further, since the multi-task models have higher
Gold accuracy and lower ¬Gold accuracy than the
single-task models, this suggests that also predict-
ing the cause of an emotion causes the model to
narrow down the space of possible emotion labels
to only those that are most common.

8 Conclusions and Future Work

We present a common-sense knowledge-enhanced
multi-task framework for joint emotion detection
and emotion cause tagging. Our inclusion of
common-sense reasoning through COMET, com-
bined with multi-task learning, yields performance
gains on both tasks including significant gains on
emotion classification. We highlight the fact that
this work frames the cause extraction task as a span
tagging task, allowing for the future possibility of
including multiple emotion-cause pairs per input or
multiple causes per emotion and allowing the cause
to take on any grammatical role. Finally, we present
an analysis of our dataset and models, showing that
labeling emotion and its semantic roles is a hard
task with annotator variability, but that common-
sense knowledge helps language models focus on
the most prominent emotions according to human
annotators. In future work, we hope to explore
ways to integrate common-sense knowledge more
innately into our classifiers and ways to apply these
models to other fine-grained emotion tasks such as
detecting the experiencer or the target of an emo-
tion.
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Ethical Considerations

Our intended use for this work is as a tool to help
understand emotions expressed in text. We propose
that it may be useful for things like product reviews
(where producers and consumers can rapidly assess
reviews for aspects of their products to improve or
expand), disaster relief (where those in need of help
from any type of disaster can benefit if relief agents
can understand what events are causing negative
emotions, during and after the initial disaster), and
policymaking (where constituents can benefit if
policymakers can see real data about what policies

are helpful or not and act in their interests). These
applications do depend on the intentions of the user,
and a malicious actor may certainly misuse the abil-
ity to (accurately or inaccurately) detect emotions
and their causes. We do not feel it responsible to
publicly list the ways in which this may happen
in this paper. We also believe that regulators and
operators of this technology should be aware that it
is still in its nascent stages and does not represent
an infallible oracle — the predictions of this and
any model should be reviewed by humans in the
loop, and we feel that general public awareness of
the limitations and mistakes of these models may
help mitigate any possible harm. If these models
are inaccurate, they will output either the incorrect
emotion or the incorrect cause; blindly trusting the
model’s predictions without examining them may
lead to unfair consequences in any of the above
applications (e.g., failure to help someone whose
text is misclassified as positive surprise during a
natural disaster or a worsened product or policy if
causes are incorrectly predicted). We additionally
note that in its current form, this work is intended
to detect the emotions that are expressed in text
(headlines), and not those of the reader.

We concede that the data used in this work con-
sists of news headlines and may not be the most
adaptable to the use cases we describe above; we
caution that models trained on these data will likely
require domain adaptation to perform well in other
settings. Bostan et al. (2020) report that their data
comes from the Media Bias Chart9, which reports
that their news sources contain a mix of political
views, rated by annotators who also self-reported a
mix of political views. We note that these data are
all United States-based and in English. Bostan et al.
(2020) do sub-select the news articles according to
impact on Twitter and Reddit, which have their own
user-base biases10, typically towards young, white
American men; therefore, the data is more likely to
be relevant to these demographics. The language
used in headlines will likely most resemble Stan-
dard American English as well, and therefore our
models will be difficult to use directly on other
dialects and vernaculars.

9https://www.adfontesmedia.com/
about-the-interactive-media-bias-chart/

10https://www.pewresearch.org/internet/
fact-sheet/social-media/
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A Appendix

A.1 Hyperparameter Tuning
We include descriptions of our hyperparameter tun-
ing setup and the selected hyperparmeters for each
of our models in Table 4; we note that single-task
cause models (BERTC and COMETC) do not tune
the pooler, all single-task models do not tune
the lambda parameter, and all non-common-sense
models do not tune comet_relations. The pa-
rameters selected by all of our models can be seen
in Table 5, Table 6, and Table 7. All of our models
are trained with minibatches of size b = 32.

We used Bayesian optimization as implemented
by Amazon SageMaker11 to tune these parameters,
giving the learning rate a logarithmic scale and the
dropout and lambda a linear one and allowing 75
iterations of parameter choice before selecting the
setting with the best performance on the develop-
ment set. Each individual instance of each model
consisted of five different restarts with five distinct
random seeds; one of these instances took approxi-
mately five minutes on a single Tesla V100 GPU,
for a total of about 6.25 GPU-hours per model and
thus 87.5 GPU-hours overall (since each multi-task
model was trained twice: once optimized for emo-
tion and once optimized for cause).

A.2 Model Sizes
Our models’ sizes are dominated by BERT-base,
which has 110 million trainable parameters (Devlin
et al., 2019). We note that our trainable dense layers
that interface with BERT have sizes 768 × 7 for
emotion classification, 768 × 3 for cause tagging,
and 1068 × 7 for our MultiE�C models, while our
emotion embedding matrixE has 300× 7 trainable
parameters. Our fine-tuning process does continue
to tune all of BERT’s parameters.

A.3 Extended Examples
We include the output of all models for our four
selected examples in subsection 7.1 in Table 8, Ta-
ble 9, Table 10, and Table 11.

11https://aws.amazon.com/sagemaker/
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Parameter Name Type Range or Values
pooler Categorical [cls, mean, max, attention]
learning rate Continuous [10−6, 10−4]
dropout Continuous [0, 0.9]
lambda Continuous [0.1, 0.9]
comet_relations Categorical [xReact, oReact, both]

Table 4: Our hyperparameter search ranges.

Model Target Task Parameter Name Parameter Value

BERTE Emotion
pooler cls
dropout 0.8999992513311351
lr 2.0872134970009262× 10−5

BERTC Cause
dropout 0.04011659404129298
lr 9.609926650689472× 10−5

BERTCOMET
E Emotion

pooler cls
dropout 0.6467089448672897
lr 3.548213539029209× 10−5

comet_relations both

BERTCOMET
C Cause

dropout 0.8806119007595122
lr 9.913585728926367× 10−5

comet_relations xReact

Table 5: The selected hyperparameter values for our single-task models.

Model Target Task Parameter Name Parameter Value

Multi

Emotion

pooler mean
dropout 0.1438975482079587
lr 2.170218150294524× 10−5

lambda 0.3736515054477897

Cause

pooler cls
dropout 0.8929935089177194
lr 9.929740332732521× 10−5

lambda 0.6103686494768474

MultiE�C

Emotion

pooler max
dropout 0.2511612834815036
lr 3.179072019077849× 10−5

lambda 0.4938386162506444

Cause

pooler max
dropout 0.763419047616446
lr 8.680439371509037× 10−5

lambda 0.1341940851689314

MultiC�E

Emotion

pooler max
dropout 0.8138762283528274
lr 4.2586257586160994× 10−5

lambda 0.8531247637209994

Cause

pooler mean
dropout 0.6992099059226856
lr 9.859155309987275× 10−5

lambda 0.4855821360212248

Table 6: The selected hyperparameter values for our multi-task BERT models.
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Model Target Task Parameter Name Parameter Value

MultiCOMET

Emotion

pooler max
dropout 0.22350077887111716
lr 3.137385699389837× 10−5

lambda 0.7676911585403968
comet_relations both

Cause

pooler mean
dropout 0.8891347000216091
lr 8.123006047625093× 10−5

lambda 0.1
comet_relations both

MultiCOMET
E�C

Emotion

pooler mean
dropout 0.1372637910712323
lr 3.0408118480380588× 10−5

lambda 0.8968243966922735
comet_relations both

Cause

pooler max
dropout 0.5319636087561394
lr 7.581334242472624× 10−5

lambda 0.10896064677810494
comet_relations both

MultiCOMET
C�E

Emotion

pooler cls
dropout 0.7359624181177503
lr 1.9853909769532754× 10−5

lambda 0.7947522633173147
comet_relations both

Cause

pooler max
dropout 0.01896406469706125
lr 8.360862387915605× 10−5

lambda 0.14588492191321054
comet_relations oReact

Table 7: The selected hyperparameter values for our multi-task COMET models.

Mexico reels from shooting attack in El Paso
fear

Model Output
BERT negative surprise
BERTCOMET fear
Multi negative surprise
MultiC�E negative surprise
MultiE�C negative surprise
MultiCOMET fear
MultiCOMET

C�E fear
MultiCOMET

E�C fear

Table 8: Full model outputs for our first provided example.
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Insane video shows Viking Sky cruise ship thrown into chaos at sea
fear

Model Output
BERT negative surprise
BERTCOMET negative surprise
Multi fear
MultiC�E negative surprise
MultiE�C fear
MultiCOMET fear
MultiCOMET

C�E fear
MultiCOMET

E�C negative surprise

Table 9: Full model outputs for our second provided example.

Durant could return for Game 3
positive surprise

Model Output
BERT for game
BERTCOMET could return for game
Multi could return for game
MultiC�E could return for game
MultiE�C could return for game
MultiCOMET could return for game
MultiCOMET

C�E could return for game
MultiCOMET

E�C could return for game

Table 10: Full model outputs for our third provided example.

Dan Fagan: Triple shooting near New Orleans School yet another sign of city’s crime problem
negative surprise

Model Output
BERT school yet another sign of city’s crime
BERTCOMET : triple shooting near new orleans school yet another sign of city’s crime
Multi shooting near new orleans school yet another sign of city’s crime
MultiC�E : triple shooting near new orleans school yet another sign of city’s crime
MultiE�C : triple shooting near new orleans school yet another sign of city’s crime
MultiCOMET : triple shooting near new orleans school yet another sign of city’s crime
MultiCOMET

C�E : triple shooting near new orleans school yet another sign of city’s crime
MultiCOMET

E�C : triple shooting near new orleans school yet another sign of city’s crime

Table 11: Full model outputs for our fourth provided example.
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Abstract

Recent papers have introduced methods to in-
corporate gazetteer features and entity segmen-
tation techniques in neural named entity recog-
nition models. These papers rely on differ-
ent resources and include features not related
to the use of gazetteers, rendering impossible
the comparison of the relative effectiveness of
the approaches. Here, we provide a compre-
hensive overview of methods for incorporat-
ing gazetteers and for entity segmentation. We
evaluate representative methods from each in
similar settings for a fair comparison and iden-
tify the ones that are consistently better across
datasets and input representations. We further
show that gazetteers improve entity segmenta-
tion and not just entity typing. Hence, we ex-
plore their utility in recognizing long entities,
a problem for which entity segmentation tech-
niques were developed. Our work explains the
mechanisms via which gazetteers improve the
performance of neural NER models.

1 Introduction

Named Entity Recognition (NER) has the unique
property of being a task appealing to researchers
and at the same time being fairly robust for imme-
diate practical applications. In many domains, it
is of interest to identify segments of text convey-
ing a concept of a given type—a person (Grish-
man and Sundheim, 1996), an event (Hovy et al.,
2006), a disease (Doğan et al., 2014), a gene (Kim
et al., 2003), a chemical (Krallinger et al., 2015), a
food (Magnolini et al., 2019), an item of clothing
(Putthividhya and Hu, 2011), a research technique
(Augenstein et al., 2017a), etc.

Approaches to NER are typically not domain-
specific, treating the problem as a sequence la-
belling task regardless of the categories of interest.
Yet, researchers also widely agree that named entity
recognition is a knowledge intensive task (Ratinov

and Roth, 2009; Seyler et al., 2018): the availability
of external knowledge resources in the form of lists
of example entities of a given type, or gazetteers,
improve performance almost universally. Since
gazetteers are readily available, from knowledge
bases, databases of products and specialized ontolo-
gies, having practical guidance on how to handle
gazetteers in NER would be valuable.

In this paper, we provide a survey of how
gazetteers have been used in neural approaches
to NER in English and compare key approaches
with the popular biLSTM-CRF architecture. To
ensure that our conclusions accurately character-
ize the utility of gazetteers, we test the approaches
on several datasets from different genres covering
newswire, conversations and twitter. The extensive
head-to-head comparison reveals that while certain
approaches are consistently beneficial, others are
variable, impressively improving results on one
dataset but reducing performance on others.

Gazetteers typically contain multi-word entries.
In contrast, the majority of entity mentions in text
are single word, with lower performance of models
on longer entities. This discrepancy highlights a
potential application of gazetteers for improving
NER prediction for mentions of long entities. Re-
cent work on entity segmentation1 as part of the
named entity recognition task aims to recognize
long entities better. We overview this work and
compare these methods similar to the way we com-
pare methods for incorporating gazetteers.

We find that certain ways for incorporat-
ing gazetteers show stable improvements across
datasets, while segmentation approaches do not ap-
pear to be that useful overall. We further explore
the interplay of gazetteers with entity segmenta-
tion and their role in recognizing long entities. We
find that incorporating gazetteers improves entity

1Identifying entity spans without types
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segmentation, not just entity typing and depending
on the input representation to the model, gazetteer
types may be irrelevant. We also find that incorpo-
rating gazetteers can serve as an alternate method to
recognizing long entities, likely due to the abundant
presence of multi-word entities in the Wikipedia-
derived gazetteers we used.

Our work provides (i) a concise overview of
methods for incorporating gazetteers and entity
segmentation in NER, (ii) a principled compari-
son of representative approaches for each aspect,
and (iii) novel findings and analyses of the inter-
play between gazetteers and segmentation. Our
findings can inform both future researchers and
practitioners interested in NER.

2 biLSTM-CRF architecture for NER

We explore variants of the now classic biLSTM-
CRF architecture for NER (Huang et al., 2015).
We overview how gazetteer features and segmen-
tation can be integrated in this paradigm and carry
out a comparison of several representative methods.
We use two input word representations: the 300-d
GloVe vectors trained on Common Crawl (Penning-
ton et al., 2014), which is the dominant represen-
tation in NER, and the 1024-d contextual ELMo
(Peters et al., 2018) representations trained on the
1B Word Benchmark (Chelba et al., 2014). In each
case, character-based word representations learned
with CNNs (Ma and Hovy, 2016) are also concate-
nated. The final concatenated representation is used
as input to bidirectional LSTMs (Hochreiter and
Schmidhuber, 1997), followed by a CRF (Lafferty
et al., 2001) layer. We use the implementation by
Lample et al. (2016) for most experiments.

3 Why Use Gazetteers?

Gazetteers are large dictionaries consisting of lists
of entities of a particular type. For example, a per-
son gazetteer may consist of full names and parts
of names such as the first names of people. Before
we start our discussion of methods for incorporat-
ing gazetteers, it is worth considering if we have
sufficient evidence that they are needed at all.

Gazetteers are needed for better generalization
through improved entity coverage, to predict the
type for words that have not been encountered in
training and possibly even pre-training. This means
the need will be more acute for practical deploy-
ment of NER and will be less pronounced on fixed
datasets in which train and test data are sampled

from overlapping or adjacent time periods, with
high overlap of entities across both.

The most compelling example for the need to
handle unseen language comes from work on NER
on Twitter. Language on Twitter changes rapidly,
much more rapidly than for other types of text
(Eisenstein, 2013). This change requires models to
be retrained periodically to maintain optimal per-
formance for the current time period (Rijhwani and
Preotiuc-Pietro, 2020). An alternative to retraining,
not yet explored in literature, is to develop methods
that can make use of gazetteers that possibly could
be updated more quickly and cheaply compared to
continuously annotating new training data.

Even in stable domains such as newswire, the
ability of models to generalize to words not seen in
the training data is low (Augenstein et al., 2017b;
Fu et al., 2020a,b). Both traditional models with
hand-crafted features (Finkel et al., 2005; Okazaki,
2007) and more recent neural network approaches
(Collobert et al., 2011; Huang et al., 2015; Peters
et al., 2018; Devlin et al., 2019) achieve lower per-
formance on entities unseen in the training data.

Methods that make use of large pretrained lan-
guage representations, neural (Collobert et al.,
2011) or not (Miller et al., 2004), can ameliorate
the problem of coverage to some extent. We do not
yet know enough about how pretraining data should
be chosen (Cherry and Guo, 2015), though there
is some evidence that performance on downstream
tasks correlates with the vocabulary coverage in
the pre-training data (Dai et al., 2019). Prior work
has reported that performance is lowest for words
that appear neither in the training nor the pretrain-
ing vocabulary (Ma and Hovy, 2016). Moreover,
the deteriorated performance on out of vocabulary
words is not necessarily a failure of the models:
many contexts simply do not provide sufficient
knowledge to predict the type of an entity, even
for people (Agarwal et al., 2021). Models need to
expand their knowledge of entities and gazetteers
are a natural way for doing that.

4 Where Do Gazetteers Come From?

Existing tables, lists, directories, databases and
knowledge bases are widely available and can be
used to derive gazetteers. Some researchers have
specifically compiled various resources to form
gazetteers, while others make use of those provided
in prior work. Early work collected gazetteers from
the CIA factbook for geographic locations, lists of
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1 2 3 ≥ 4
15 43 18 24

Table 1: Gazetteer entities(%) by length (words).

popular person names, etc (Mikheev et al., 1999).
More recently, Ratinov and Roth (2009) derived a
gazetteer from the Web and Wikipedia and Chiu
and Nichols (2016) used DBPedia.

In our work, we use the Ratinov and Roth (2009)
wide-coverage gazetteer. It contains ∼3M entities
grouped into ∼30 fine-grained categories. In some
experiments, we use all categories, regardless of
the entity types in the dataset. In the remaining,
we identify the gazetteer category that most closely
matches that types in a given dataset and disregard
the rest. The mapping can be found in the appendix.

Table 1 shows the approximate percentage of
entities by length in words in our gazetteer. Most
entries are of length two, but unlike NER datasets
(Table 3), the remaining entries are evenly distri-
bution between length 1, 3 and ≥4. Most notably,
around 24% of gazetteer entities have four or more
words. In comparison, in NER datasets where en-
tities appear in the context of a sentence that is
often a part of a longer document, such long enti-
ties typically make up about 2% of all entities. This
distributional difference hints at the possibility of
using gazetteer to not only improve coverage but
also improve performance on longer entities for
which segmentation methods are developed.

Regardless of the distribution of entity lengths,
the total number of entities in gazetteers is much
higher than that in NER datasets so a higher per-
centage of longer entities does not equate to a small
number of short entities.

5 Gazetteer Features for NER

Here, we overview the ways gazetteers have been
integrated in NER models.

5.1 Discrete Gazetteer Lookup Features
Feature-based CRF models for NER used
gazetteers to generate indicators for each word in a
sentence (Bender et al., 2003; Minkov et al., 2005;
Ratinov and Roth, 2009; Ritter et al., 2011; Yang
et al., 2016; Seyler et al., 2018). The number of
indicators equals the number of entity types in the
dataset and indicate (with a binary 1/0 value) if the
word is part of a gazetteer entry of the given type.

Many neural network approaches continue to
incorporate gazetteers as discrete indicator features

concatenated to the pre-trained word embeddings
as the input (Collobert et al., 2011; Huang et al.,
2015). Adding the features in later stages does
not work as well (Magnolini et al., 2019). Both
Collobert et al. (2011) and Huang et al. (2015)
pre-process datasets to match the gazetteer entries
to sentences, using both exact matches and multi-
word partial matches to gazetteer entries. Chiu
and Nichols (2016) perform a similar matching
but use four binary values for each label, indicating
whether the given word matches the gazetteer entity
exactly (S), at the beginning (B), end (E) or the any
of the words in between (I).

5.2 Continuous Gazetteer Features

The approach above does not use gazetteers very
effectively. Gazetteers contain many more enti-
ties of each type than are available in even the
largest training set (Table 3). One insight is to use
the gazetteers as a additional source of training
examples. A simple way is to add the gazetteer
entries to the labeled data, without any context. Liu
et al. (2019a) report that this data augmentation
approach led to much worse overall results, pre-
sumably because of the great shift in label distribu-
tions. Another approach is to augment the training
data by replacing entities in place by other entities
from gazetteers. Song et al. (2020) reported no im-
provement with such a random entity replacement,
likely due to the need for manual intervention for
replacement of entities of some types to maintain
coherence of text (Agarwal et al., 2020).

A much more successful alternative is to learn a
separate (or sub-) module, trained to predict types
for text spans, using the gazetteer entries and syn-
thetic negative examples sampled from a NER
training set or even the gazetteer. We will refer
to the separate module as a gazetteer network. It
is straightforward to integrate the label distribution
scores from this model in a semi-Markov CRF for
sequence labeling (Ye and Ling, 2018) that oper-
ates at the span level (which we describe in greater
detail later). The resulting combination is far more
effective than discrete indicator gazetteer features.

Magnolini et al. (2019) and Liu et al. (2019b)
propose a similar approach. They learn a gazetteer
network but instead of using the label score distribu-
tion, intermediate word representations (gazetteer
embeddings henceforth) are incorporated in the
NER model. Liu et al. (2019b) use a semi-Markov
CRF operating at the span level and generate the
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gazetteer embeddings for each potential span. They
follow the evaluation approach of Ma and Hovy
(2016), breaking down results by whether an en-
tity was seen only in training, seen only in pre-
training, seen in both and seen in neither. The
largest improvement was in the “seen in neither”
subset, showing that this approach is particularly
helpful for out-of-vocabulary words with respect
to the training and pre-training data.

Magnolini et al. (2019) use the standard word-
level CRF and hence do not have spans available
so they input the full sentence to the gazetteer net-
work. This makes the training and inference setup
for the gazetteer network different as entity phrases
are used as input during training. They reported
mixed results for this approach. In our experiments,
we evaluated their method on a larger number of
datasets but used a different approach for nega-
tive sampling for the gazetteer network training
data. We observed some improvement on almost
all datasets, contingent on the input representation.

5.3 Contextual Gazetteers

Learning from just the gazetteer has the drawback
that the representations do not include any clues
about the context in which the entity types are used.
The same entity may appear in multiple gazetteers.
Given that current methods heavily rely on entity
memorization and little on context, this is possibly
acceptable. For completeness however, we ought
to mention that the link structure of Wikipedia can
be used to derive dense representations for entity
types directly (Long et al., 2016; Ganea and Hof-
mann, 2017; Mengge et al., 2020; Ghaddar and
Langlais, 2018). Comparing gazetteer representa-
tions with and without context would be a direction
for exploration in future work.

6 Entity Segmentation in NER

Early work (Collins and Singer, 1999; Downey
et al., 2007; Ritter et al., 2011) treated NER as two
subtasks, i.e. entity segmentation: finding spans of
text that refer to named entities, and typing: assign-
ing a type to the identified span. Recent efforts have
also incorporated entity segmentation explicitly in
neural models, with goal of finding longer entities
better (Xiao et al., 2019; Ye and Ling, 2018). Such
work can be divided into two categories—Multi-
task learning and semi-Markov CRFs.

6.1 Multi-task Learning

Multi-task learning (MTL) involves jointly training
multiple related tasks using the same representa-
tion such that the auxiliary tasks can help with the
performance of the target task. Aguilar et al. (2017)
use MTL with hard parameter sharing to add two
auxiliary tasks—binary classification to identify
entity spans (segmentation) and multi-class classi-
fication to type them without CRF. Both tasks use
the same biLSTM representation as the target task.
The output of the additional tasks is not used in the
NER task; they only act as regularizers for NER.
Others (Stratos, 2017; Aguilar et al., 2018) also use
auxiliary tasks as regularizers but instead of binary
classification, the additional tasks performs multi-
class classification into B (first word of entity), I
(remaining entity words) and O (non-entity).

The auxiliary tasks in MTL can also be used for
extra supervision by concatenating their output la-
bel distribution to the representation used by NER
(Xiao et al., 2019). Unlike prior work, Xiao et al.
(2019) do not use the same representation for the
target and auxiliary task. Instead, they build a sub-
module called similarity-based auxiliary classifier
(SAC). SAC takes as input the original input rep-
resentation and adds token position embeddings
(Vaswani et al., 2017), followed by multiple convo-
lution layers. It maintains two randomly initialized
vectors representing entity and non-entity classes.
These vectors are combined with an attention layer
to get the final word representations. The attention
weights are calculated with the multiplicative atten-
tion function over the word representation and each
of these two vectors. The final word representation
is concatenated with the biLSTM representation for
NER and the attention weights are used as proxy
for probabilities of the word being an entity or not.
The loss of both tasks is jointly optimized, with less
weight given to entity segmentation over NER. Yu
et al. (2018) also add extra supervision, but with a
two-step approach. They learn two character-level
language models for entity and non-entity words
and use their output as a binary feature in NER.

Augenstein and Søgaard (2017) use MTL for
NER in scientific texts, adding five auxiliary tasks.
They add syntactic chunking, hyperlink prediction,
multi-word expression identification, frame target
annotation, and semantic super-sense tagging; the
first three target segmentation. The auxiliary tasks
are used one at a time with the target task. Since
the datasets for NER and the auxiliary tasks are
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Dataset Genre Labels
CoNLL news PER, LOC, ORG, MISC
Ontonotes convers-

ations
PERSON, ORG, LOC, EVENT, NORP,
LANGUAGE, LAW, MONEY, DATE,
TIME, WORK OF ART, PERCENT,
QUANTITY, CARDINAL, ORDINAL

BTC twitter PER, LOC, ORG
TTC twitter PER, LOC, ORG

Table 2: Dataset Genre and Entity Labels

different, at each training step, a random task is
chosen, followed by a random training instance.

6.2 Semi-Markov CRFs
Semi-Markov CRFs (Sarawagi and Cohen, 2004)
are a variant of linear chain CRFs that capture de-
pendencies between adjacent spans of text instead
of adjacent words. The Markov assumption still
holds across spans but not within the span. The
goal is to find the best possible segmentation into
spans using scores at span-level. The maximum
length of spans is bound to reduce computation
cost. Sarawagi and Cohen (2004) use hand-crafted
features for span representations but recent work
has explored other techniques to represent spans.

Gated recursive semi-markov CRF (Zhuo et al.,
2016) creates a pyramid-shaped feature extractor
for spans. The bottom-most layer consists of word
representations and hence length one spans. Repre-
sentation of adjacent words are combined to form
length two spans for the next layer and so on. The
top layer consists of a single span with the full
sentence. Hybrid semi-Markov CRF or HSCRF
(Ye and Ling, 2018) do not use an explicit span
representation. Instead they consider the span-level
score as sum of the word-level CRF scores of con-
stituent words. Both the word-level and span-level
CRF are jointly optimized. Sato et al. (2017) use a
two step process to reduce the search space of the
spans. They first generate possible spans from a
separate model using a score cutoff and then find
the best possible labelling over these spans instead
of all spans upto a maximum specified length.

7 Datasets

We evaluate several of the above models on four
datasets, to compare their performance. Table 2
shows the entity types in each dataset.

1. CoNLL is the English portion of the
CoNLL’03 data (Tjong Kim Sang and
De Meulder, 2003), extracted from the
Reuters 1996 newswire corpus.

2. ON is the union of broadcast conversation (bc)
and telephone conversation (tc) domains in
the English portion of Ontonotes (Hovy et al.,
2006).2 The number of entity types is the
largest in this dataset. We merge the closely
related categories, GPE with LOC and FAC
with ORG, to allow us to easily map gazetteer
labels to dataset labels.

3. BTC or Broad Twitter Corpus (Derczynski
et al., 2016) consists of tweets. We use the
recommended train, validation and test splits.

4. TTC or Temporal Twitter Corpus (Rijhwani
and Preotiuc-Pietro, 2020) also consists of
tweets. It has multiple training splits from
years ranging from 2014 to 2018 and valida-
tion and test splits from 2019. We use the
2014 training split as it overlaps less with
2019 and hence is more challenging.

Some dataset statistics are shown in Table 3.
CoNLL and OntoNotes are the largest and are
roughly equal in size. OntoNotes has more long
entities and fewer entities that are sequences of
capitalized words. Such characteristics will favor
methods that perform better segmentation without
relying on standard orthography. BTC and TTC are
smaller and have more distinct surface forms. The
entities in TTC follow capitalization conventions
but BTC has many entities that consist of words
that are not capitalized. BTC also exhibits a differ-
ent distribution of capitalization patterns between
the training and the test set. In the training set,
roughly half of the entities are sequences of word
with capitalized first letter but this number falls to
just 28% in the test set. Most entities in all datasets
consist of a single words. Only about 2% of entities
have length more than three. OntoNotes contains
the largest percentage of long entities, 10% of all.

We also present statistics on in/out of vocabu-
lary words in the test data, with respect to the pre-
training data, the training data and the gazetteer
entries. An entity is considered seen in pre-training
if the phrase is seen as such in the pre-training cor-
pus or all of the constituent words are seen. For
CoNLL and OntoNotes, almost all entities are seen
in the pretraining data (>90%), followed by TTC
(88%). For BTC, only 65-75% entities are seen
in pretraining. Adding ELMo increases the entity
coverage by only a small amount in all datasets.

2We also experimented with newswire, broadcast news
and magazines, which had similar results to CoNLL.
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System CoNLL ON BTC TTC
train test train test train test train test

Entities (spans) 23326 5613 10419 1972 8774 4376 1175 1539
Distinct surface forms (%) 35.49 48.03 37.98 44.62 55.20 59.53 83.83 75.18

Dataset Entities by length in words(%)
1 62.60 62.94 57.49 47.16 75.88 87.27 68.51 64.72
2 31.51 31.32 22.38 27.74 19.49 10.03 24.94 30.54
3 4.17 4.56 10.62 13.74 2.89 1.97 4.26 3.44
≥ 4 1 .70 1.17 9.51 11.36 1.72 0.73 2.32 1.28

Seen entities (%)
Pretraining (GloVe ) 92.96 92.25 97.13 97.77 75.21 65.40 84.26 87.91
Pretraining (GloVe+ELMo) 95.04 94.53 97.83 98.17 75.92 66.06 84.77 88.56
Training, any type 100.00 62.62 100.00 74.80 100.00 45.70 100.00 22.29
Gazetteer, any type 82.52 82.31 92.73 94.93 65.56 59.32 68.34 79.08
Gaz, not train, any type 0.00 26.55 0.00 21.86 0.00 14.79 0.00 57.76
Training, correct type 100.00 59.43 100.00 69.78 100.00 44.42 100.00 18.91
Gazetteer, correct type 74.34 73.97 67.22 69.78 50.24 32.38 64.09 75.37

Casing
Title case (%) 82.60 80.76 58.13 56.09 49.50 28.88 67.66 78.17

Table 3: Dataset Statistics. CoNLL and Ontonotes are larger but TTC and BTC have more distinct surface forms.
Except Ontonotes, all datasets have very few long entities. Most entities are seen in the pre-training data. Test
entities seen in the training data are generally seen with the same type at least. BTC has many lowercase entities.

The gazetteer provides a better coverage than the
training data. Training data coverage is especially
low in TTC, making the dataset more challenging.
According to our definition of seen, entities may
be seen in the training data but not necessarily with
the expected types. We also check if they are seen
in the training data with the same type as in the
test data. There is a decrease of only 1-5% when
taking the type into consideration. Overwhelming,
the type in training is also that in testing.

8 Experiments

Results for models using different word represen-
tations, without any gazetteer or segmentation fea-
tures, are shown in Table 4. We report micro-F1
over all entity types, averaged over three runs. On
all datasets, the combination of GloVe, ELMo and
character-based representations works best. Given
these results, it would have been reasonable to
study methods of adding gazetteers only for this
representation. However, given that the GloVe
along with character-based embeddings is much
more commonly used in recent work on NER, we
also present results for that.

We now compare one representative approach
from each class of methods for adding gazetteer
and segmentation features to the biLSTM-CRF ar-
chitecture. For a fair comparison, we add only the
core idea of the model and use the same hyperpa-
rameters, noted in the appendix, removing different
peripheral features such as part-of-speech tags and
word shape, used in papers that introduced the idea.

System CoNLL ON BTC TTC
G 89.55 77.66 72.04 50.11
G+ch 90.64 77.95 72.75 57.17
E 91.02 79.93 73.33 63.87
E+G+ch 91.74 80.67 73.84 64.88

Table 4: NER F1 of models with varying input repre-
sentation to biLSTM-CRF. G refer to GloVe, E refers
to ELMo and ch refers to character-based representa-
tion. The highest value in each column is boldfaced.

8.1 Gazetteers

We compare four gazetteer-derived features. In
each case, the gazetteer representation vector is
passed through a feedforward layer with 32 neurons
and ReLU activation and then concatenated to the
input word representation to the biLSTM-CRF.

1. WORD GAZ We map gazetteer entity types to
dataset types and split gazetteer entries into
words using space as a delimiter, to create a
vocabulary associated with each entity types,
i.e. a list of words that appeared in person
names etc. Each word in a sentence is associ-
ated with a binary valued vector with length
equal to the number of entity types in the
dataset. The dimension corresponding to a
given type gets value one if the word is in the
gazetteer vocabulary for that type and zero
otherwise. The vector is all zeros for words
that do not appear in the vocabulary for any en-
tity types and can have multiple components
with value one, when the word appeared in
gazetteer entries of more than one type.
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System CoNLL ON BTC TTC avg
diff

max
diff

G+ch 90.64 77.95 72.75 57.17 - -
WORD GAZ 90.56 78.21 73.57 58.42 0.56 1.25
GAZ IOBES 90.44 77.83 73.70 59.70 0.79 2.53
GAZ FINE 90.52 79.01 73.53 58.82 0.84 1.65
PHRASE GAZ 90.29 77.32 72.73 59.18 0.25 2.01
LRN GAZ 89.82 78.55 72.91 59.36 0.53 2.19
SEG REG 90.28 78.46 72.74 56.78 -0.06 0.51
SEG SUP 90.20 78.34 72.85 58.54 0.35 1.37
SAC 90.35 77.33 72.83 57.04 -0.24 0.08
HSCRF 89.91 78.42 71.75 55.34 -0.77 0.47

Table 5: NER F1 on using GloVe+char. avg-diff and
max-diff are the average and maximum increase over
the base model across datasets. The most stable system
(highest avg-diff) in each category is boldfaced.

2. GAZ IOBES is similar to WORD GAZ but in-
stead of a single bit, there are four values for
each label denoting a matching to an entity
exactly (S), to the first word (B), to the last
word (E) or other words in between (I).

3. GAZ FINE is also similar to WORD GAZ but
instead of selecting types from the gazetteer to
match the label types for a given dataset, we
use all 30 gazetteer types as is. The length of
the gazetteer vector equals the numbers of the
original gazetteer types without any mapping.

4. PHRASE GAZ Here, we perform phrase level
matching between the sentence and the
gazetteer. All subsequences (continuous se-
quence of words) in a sentence are matched
to each entry in the gazetteers, retaining the
gazetteer type only for the longest match.
For example, only ‘New York University’ is
matched, not the nested ‘New York’ entity
in it. Each word in the longest match sub-
sequence gets the bit corresponding to the
matched gazetteer category switched on in
the gazetteer vector representation.

5. LRN GAZ Gazetteer embeddings are learned
with a separate model and concatenated to the
input representation for the NER model, as in
Magnolini et al. (2019). Random n-grams, ex-
cluding named entities, from CoNLL’03 train-
ing data are used as negative examples for
training the gazetteer network, as opposed to
negative examples generated from gazetteer
entries used in Magnolini et al. (2019).

Both word-level matching and learned gazetteers
make it possible for the model to learn phrases
beyond the exact entries in the gazetteers. For

System CoNLL ON BTC TTC avg
diff

max
diff

E+G+ch 91.74 80.67 73.84 64.88 - -
WORD GAZ 91.74 80.86 74.70 66.22 0.60 1.34
GAZ IOBES 91.76 80.66 72.96 64.60 -0.29 0.02
GAZ FINE 91.92 80.47 75.03 65.23 0.38 1.19
PHRASE GAZ 92.08 80.52 74.00 64.19 -0.08 0.34
LRN GAZ 91.32 81.27 73.98 65.75 0.30 0.87
SEG REG 91.79 80.99 74.42 63.52 -0.10 0.58
SEG SUP 91.81 80.66 74.97 65.51 0.46 1.13
SAC 91.87 80.20 75.27 62.57 -0.30 1.43
HSCRF 91.66 80.62 74.64 66.92 0.68 2.04

Table 6: NER F1 using ELMo+GloVe+char. avg-diff
and max-diff are the average and maximum increase
over the base model across datasets. The most stable
system (highest avg-diff) in each category is boldfaced.

# gaz types CoNLL ON BTC TTC
0 61.9 59.2 74.5 62.8
1 15.7 13.9 10.1 14.3
1+ 21.7 26.9 6.3 9.0
all 0.7 0.0 9.1 13.8

Table 7: Percentage of words in the vocabulary with the
number of gazetteer types in which they appear.

example, if the organization gazetteer contains
‘GAZ High School’ but the dataset contains ‘TST
High School’, phrase-level matching would not
match any of the words in ‘TST High School’ to
a gazetteer. A word-level matching would at least
mark ‘High’ and ‘School’ as organizations. Sim-
ilarly, learned gazetteer embeddings may learn a
similar representation for both and make it possible
to recognize ‘TST High School’ correctly.

8.2 Segmentation

We experiment with the different multi-task learn-
ing methods of incorporating segmentation and one
of the semi-Markov CRF models.

1. SEG REG (Aguilar et al., 2017) is the MTL
approach with two auxiliary tasks: binary clas-
sification to predict if the word is a part of
entity and multi-class classification to predict
the type of the word without CRF.

2. SEG SUP is the same as SEG REG, but the
label distribution scores from the binary clas-
sification auxiliary task are concatenated to
the final representation used for NER.

3. SAC is the similarity-based auxiliary classifier
in Xiao et al. (2019) as described above.

4. HSCRF is the hybrid semi-Markov CRF in Ye
and Ling (2018) as described above
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System CoNLL ON BTC TTC avg
diff

max
diff

G+ch 94.84 83.24 85.34 67.74 - -
WORD GAZ 94.86 83.02 86.60 69.20 0.63 1.46
GAZ IOBES 94.90 83.03 86.50 70.15 0.86 2.41
GAZ FINE 94.85 83.67 86.07 70.17 0.90 2.43
PHRASE GAZ 94.74 82.26 86.00 69.64 0.37 1.90
LRN GAZ 94.44 83.65 85.70 68.97 0.40 1.23
SEG REG 94.80 83.66 85.75 66.90 -0.01 0.42
SEG SUP 94.71 83.16 86.20 69.98 0.72 2.24
SAC 94.79 82.74 86.93 69.25 -0.42 -0.19
HSCRF 94.55 82.11 85.15 67.03 0.48 1.59

Table 8: Entity segmentation F1 using GloVe+char.
avg-diff and max-diff are the average and maximum in-
crease over the base model across datasets. The most
stable system (highest avg-diff) in each category is
boldfaced.

9 Results

We test the gazetteer-enhanced and segmenta-
tion approaches using both GloVe+char and
ELMo+GloVe+char as the input representations.
Results are shown in Tables 5 and 6 respectively.

9.1 Consistency Across Datasets

We report the average and maximum improvement
in F1-score over the base model across datasets. A
high average improvement means that the model
is consistently better across datasets spanning
newswire, conversations and Twitter posts. A high
maximum improvement with a low or negative av-
erage improvements means that the model can do
well on some dataset but fails to perform well when
tested on multiple datasets of varied genres.

The word indicator gazetteer features are the
best and most consistent on average. With
ELMo+GloVe, they also show the maximum im-
provement. WORD GAZ combines gazetteer labels
to dataset labels whereas the GAZ FINE does not
do any dataset specific mapping. Prior work has
used the former but this experiment shows that we
do not need to do such dataset specific modifica-
tions of gazetteer labels. We can use fine-grained
labels and obtain similar gains. PHRASE GAZ and
LRN GAZ improve performance with GloVe+char,
with especially high performance on TTC, but they
are not as good with ELMo+GloVe+char. Im-
provement with both representation by incorpo-
rating gazetteers is higher on BTC and TTC than
CoNLL and OntoNotes. This is likely because the
gazetteer features are more ambiguous in CoNLL
and OntoNotes (Table 7), with most words appear-
ing in two or more possible categories.

System CoNLL ON BTC TTC avg
diff

max
diff

E+G+ch 95.48 85.01 85.4 73.59 - -
WORD GAZ 95.32 85.17 86.67 74.29 0.49 1.27
GAZ IOBES 95.54 84.77 85.89 73.64 0.09 0.49
GAZ FINE 95.51 84.61 86.55 74.10 0.32 1.15
PHRASE GAZ 95.54 84.64 85.84 73.17 -0.07 0.44
LRN GAZ 95.08 85.18 86.07 74.52 0.34 0.93
SEG REG 95.60 85.08 86.46 72.88 0.13 1.06
SEG SUP 95.51 84.76 86.38 74.57 0.43 0.98
SAC 95.37 84.38 86.93 71.70 -0.28 1.53
HSCRF 95.37 84.73 86.38 76.63 0.91 3.04

Table 9: Entity Segmentation F1 using
ELMo+GloVe+char. avg-diff and max-diff are
the average and maximum increase over the base
model across datasets. The most stable system (highest
avg-diff) in each category is boldfaced.

Segmentation methods can show vast improve-
ment on specific datasets but they are unstable
across datasets. The average improvement is
negative in many cases for both representations.
SEG SUP is the only segmentation approach that
is consistently beneficial across datasets for both
representations. HSCRF performs well too, but only
when ELMo is used as well. In comparison, includ-
ing gazetteers is consistently better.

9.2 Gazetteers for Segmentation
In this section, we explore if gazetteers can be used
as an alternative for segmentation, owing to their
stable performance across datasets. We ask the
following question:Are gazetteers recognizing new
entities not previously marked as entities or are
they improving the typing of spans already rec-
ognized as entities by adding entity type informa-
tion? To answer this question, we report the entity
segmentation F1 in Tables 8 and 9. Entity seg-
mentation is the task of finding the correct entity
span, regardless of the type. Since pre-training data
covers most entities (Table 3), one would expect
gazetteers to improve typing of entities through
a more explicit type signal. However, segmenta-
tion results are consistent with those of NER. The
models that improved performance of NER also
perform well on segmentation and often by similar
margins as NER. In fact, following similar trends
as NER, gazetteer-enhanced models are more con-
sistent than segmentation methods at entity seg-
mentation as well. Since gazetteer-enhanced mod-
els induce segmentation and improve performance
despite a near perfect coverage provided by the pre-
training data, we expect them to improve perfor-
mance of even the latest transformer-based models
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System CoNLL Ontonotes BTC TTC
1 2 3 ≥ 4 1 2 3 ≥ 4 1 2 3 ≥ 4 1 2 3 ≥ 4

E+G+ch 92.1 92.0 85.8 85.4 87.0 78.7 64.4 74.3 74.2 75.5 57.6 41.3 59.9 77.6 54.0 38.8
WORD GAZ 92.1 92.0 85.5 85.0 87.0 78.4 65.6 75.6 75.2 75.2 58.0 44.6 61.5 78.3 54.5 35.8
HSCRF 92.2 92.2 83.8 78.9 86.8 79.3 63.5 73.7 75.3 75.4 53.2 36.9 62.1 79.4 50.7 47.2

Table 10: NER F1 by entity length (words) using ELMo+GloVe+char on the most stable gazetteer and segmenta-
tion method. The highest value in each column is bolfaced. Generally, gazetteers perform better on long entities
and segmentation methods perform better on short entities.

System CoNLL ON BTC TTC avg
diff

max
diff

G+ch 90.64 77.95 72.75 57.17 - -
WORD GAZ 90.56 78.21 73.57 58.42 0.56 1.25
- gaz types 90.64 78.69 74.13 59.16 1.03 1.99
E+G+ch 91.74 80.67 73.84 64.88 - -
WORD GAZ 91.74 80.86 74.70 66.22 0.60 1.34
- gaz types 91.58 80.31 74.75 65.16 0.17 0.91

Table 11: NER F1. avg-diff and max-diff are the
average and maximum increase over the base model
across datasets. Removing gazetteer typ information
improves performance for GloVe+char.

(Devlin et al., 2019) pre-trained on large corpora.
Next, we modify WORD GAZ to mark the pres-

ence in any gazetteer without taking the type into
consideration (Table 11). Surprisingly, removing
type information results in better performance with
GloVe, indicating the most benefit came from seg-
mentation and not typing. With ELMo included,
however, we do not observe the same trend. While
performance is better than the baseline system, it
is not better than WORD GAZ that includes types.
Though we cannot point conclusively to the rea-
son behind such results with ELMo, we suspect
it is due to the ambiguity within the pre-training
data. The model may not be using the gazetteer
representation if there is a strong signal from the
pretrained representation that the word is not an en-
tity. This can only be verified if all representations
are trained on the same pre-training corpus.

9.3 Gazetteers for Long Entities

To further verify the effectiveness of gazetteers
for segmentation, we break down performance by
entity length in words, reporting F1 in Table 10
for the top performing gazetteer-enhanced model
and segmentation model with ELMo+GloVe+char.
Recall that the majority of entities in all corpora are
of length one and that entities consisting of more
than three words are the rare, about 2% in three
of the datasets, expect in OntoNotes, where they
are 10%. The highest performance is on entities of
length two, followed by length one. Longer entities

are recognized much more more poorly.
Typically segmentation methods have been used

to improve performance on long entities. But our
experiments reveal that gazetteers are better at it.
With the exception of TTC, WORD GAZ is better
on long entities and HSCRF on shorter ones. This
is likely due to the presence of many long entities
in gazetteers (§4, Table 1).

10 Conclusion

We provided a comprehensive overview of methods
for incorporating gazetteers and inducing segmen-
tation in NER. We chose these two areas because
even though they have been explored separately
in prior work, we find that they are interrelated
and achieve similar goals. We implemented rep-
resentative models from each category for a fair
comparison. We found that while segmentation
methods can achieve impressive improvements on
specific datasets, gazetteer-enhanced models are
more stable across datasets. Moreover, the simpler
methods of gazetteer enhancement (binary valued
discrete feature vector with word-level gazetteer
matching) and segmentation (multi-task learning
with a extra supervision from and auxiliary binary
classification for segmentation) performed better
within their respective categories.

Furthermore, contrary to expectation, we found
that gazetteer-enhanced models improve entity seg-
mentation, not just entity typing. In fact, one
need not perform a gazetteer to dataset label map-
ping for incorporating gazetteers; using the orig-
inal gazetteer types works just as well. Even
more surprisingly, gazetteer types are even un-
necessary depending on the input representation.
With GloVe, performance improves by removing
gazetteer types altogether. This is likely a conse-
quence of gazetteers inducing segmentation. Lastly,
we showed that gazetteers are better at finding long
entities, another consequence of inducing segmen-
tation. They are an effective alternative to segmen-
tation techniques developed to identify long enti-
ties, which we found are unstable across datasets.
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A Dataset Label to Gazetteer Mapping

CoNLL

• PER: People

• LOC: Locations, Locations.Generic, Parks

• ORG: Organization, PoliticalParties, Corpora-
tions, Government

• MISC: EthnicGroups, Languages, Vehicles,
Nationalities

Ontonotes

• PERSON: People

• LOC: Locations, Locations.Generic, Parks

• ORG: Organization, PoliticalParties, Corpora-
tions, Government

• DATE: Temporal

• TIME: Temporal

• CARDINAL: NumberCardinal

• ORDINAL: NumberOrdinal

• EVENT: CompetitionsBattlesEvents

• LANGUAGE: Languages

• MONEY: Currency

• NORP: Nationalities, EthnicGroups

• QUANTITY: Measurements

• WORK OF ART: TV.Programs, ArtWork,
Films

BTC and TTC

• PER: People

• LOC: Locations, Locations.Generic, Parks

• ORG: Organization, PoliticalParties, Corpora-
tions, Government

B Implementation

We use the implementation in https://github.

com/guillaumegenthial/tf_ner for most mod-
els.

SAC uses https://github.com/XiaoShiyuan/NCRF-
SAC but is based off the same codebase.

HSCRF uses https://github.com/ZhixiuYe/
HSCRF-pytorch but ELMo was added additionally
by us.

C Hyperparameters

Hyperparameters used as same as the ones in
https://github.com/guillaumegenthial/tf_

ner/models/chars_conv_lstm_crf, except for
number of epochs and the minimum number of
steps before early stopping which depend on
dataset size. Numbers of epochs used were 25, 25,
50 and 50 for CoNLL, Ontonotes, BTC and TTC
respectively. Minimum steps were 8000, 15000,
2500 and 2500 for CoNLL, Ontonotes, BTC and
TTC respectively.

4002



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 4003–4014
August 1–6, 2021. ©2021 Association for Computational Linguistics

On the Cost-Effectiveness of Stacking of Neural and Non-Neural Methods
for Text Classification: Scenarios and Performance Prediction

Christian Gomes
UFMG - Brazil

christianreis@dcc.ufmg.br

Marcos André Gonçalves
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Abstract

Neural network algorithms such as those based
on transformers and attention models have ex-
celled on Automatic Text Classification (ATC)
tasks. However, such enhanced performance
comes at high computational costs. Ensem-
bles of simpler classifiers (i.e., stacking)
that exploit algorithmic and representational
complementarities have also been shown
to produce top-notch performance in ATC,
enjoying high effectiveness and potentially
lower computational costs. In this context, we
present the first and largest comparative study
to exploit the cost-effectiveness of stacking
of ATC classifiers, consisting of transformers
and non-neural algorithms. In particular, we
are interested in answering research questions
such as: Is it possible to obtain an effective en-
semble with significantly less computational
cost than the best learning model for a given
dataset? Disregarding the computational cost,
can an ensemble improve the effectiveness of
the best learning model? Besides answering
such questions, another main contribution
of this paper is the proposal of a low-cost
oracle-based method that can predict the best
ensemble in each scenario (with and without
computational cost limitations) using only a
fraction of the available training data.

1 Introduction

Natural Language Processing, Machine Learning
and Data Mining techniques work together to
automate the fundamental task of Automatic
Text Classification (ATC). ATC automatically
associates documents with classes, providing
means to organize information, allowing better
comprehension and interpretation of the data.
Algorithms based on neural networks (e.g.,
BERT (Devlin et al., 2018), XLNet (Yang et al.,
2019)) have become the highlight in the area,
where they are used both to learn features for text

representation and as classification algorithms.
The main problem of such methods is the very high
computational costs needed for learning the model
parameters (Sun et al., 2019; Cunha et al., 2021).

Ensemble approaches, such as stacking, which
combine the outputs of several base classification
models to form an integrated output, have also
been shown to excel in ATC (Džeroski and
Ženko, 2004; Ding and Wu, 2020), enjoying high
effectiveness and computational costs that depend
on the selected learning methods of the ensemble.
They are motivated by the fact that distinct learning
models or text representations may complement
each other, uncovering specific structures that
underlie the input/output relationship of the data.
Early works (Larkey and Croft, 1996) aimed at
showing combinations of different classification al-
gorithms capable of producing better effectiveness
results than any single type of classifier.

However, the benefits of ensemble techniques
against a strong classifier are not always clear (Yan-
Shi Dong and Ke-Song Han, 2004), in part, due
to the excellent generalization power of the best
classifiers. In fact, previous ensemble works
mostly focus on improving the overall classifica-
tion effectiveness using the results of traditional
classification algorithms (Campos et al., 2017;
Ding and Wu, 2020), paying little or no attention
to practical issues such as the execution time or
which combination of efficient base algorithms can
bring effective results at a lower cost.

Accordingly, our first contribution in this paper
is a thorough study of the cost-effectiveness trade-
off of stacking techniques for text classification
tasks. Rather than just evaluating the effectiveness
of an ensemble of various recent and effective
methods, including those based on transformers
and attention models, we focus on the study of
stackers capable of achieving a better compromise
between low cost (or high efficiency) and high ef-
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fectiveness when compared to a single base model
(i.e., the most effective single classifier in a given
dataset). A wide range of comparative experiments
with stacked ensemble models and state-of-the-art
base algorithms are conducted on six datasets
widely used in text classification. We seek answers
based on empirical evidence to the following
questions, considering the best learning model
for each given dataset: (RQ1): Is it possible to
obtain an effective ensemble with significantly less
computational time than the best learning model?
(RQ2): Is it possible to improve the effectiveness of
the best learning model using an ensemble without
increasing the computational time? (RQ3): Disre-
garding the computational time, can an ensemble
improve the effectiveness of the best learning
model? As far as we know, we are the first to
investigate the cost-effectiveness trade-offs (Cunha
et al., 2021) of stacking of neural and non-neural
text classifiers from the described perspectives.

A second main contribution of our work is the
proposal of a low-cost oracle-based method that
can predict the best ensemble in each scenario
(with and without computational cost limitations)
using only a fraction of the available training
data. Our “Oracle” first estimates the best base
algorithm (which can be seen as a baseline for
effectiveness) to perform an efficient greedy search
of ensembles guided by both their effectiveness
and efficiency concerning the best base algorithm.
Particularly, the Oracle predicts effective ensem-
bles by successively including base algorithms
that improve their combined majority voting
effectiveness. Moreover, our method avoids the
inclusion of expensive base algorithms (concerning
the best base algorithm) to guarantee the ensemble
efficiency. Our proposed Oracle is the first known
strategy to provide an efficient prediction of
effective ensembles capable of tackling practical
efficiency issues related to our research questions.
In more details, our proposal aims at predicting
three ensembles corresponding to the time
restrictions of RQ1, RQ2 and RQ3, respectively,
while avoiding the potential high computational
cost of evaluating expensive base models and their
ensembles, especially on large datasets.

Our experimental results show affirmative
answers to our three research questions in most ex-
periments. In most datasets, it is possible to obtain
an ensemble of base algorithms that is as good as or
better than the base algorithm, at a lower cost. In 5

out of 6 datasets it is possible to obtain an ensemble
with statistically significant gains against the best
algorithm with no increase in cost. Similarly, in
5 out of 6 datasets, our oracle provides as good as
or better results than the best base algorithm with
no increase in cost, providing empirical evidence
to the practical benefits of the proposed oracle.

2 Background and Related Work

2.1 Text Classification Strategies

Early efforts in ATC focused on improving
machine learning algorithms such as Naı̈ve Bayes,
kNN, Logistic Regression and SVM (Howard
and Ruder, 2020) using a simple bag of (TFIDF
weighted) words representation. Even with such
simple document representation, the use of meth-
ods such as LinearSVM (Fan et al., 2008a) and
XGBoost (Chen and Guestrin, 2016a) produced
high effectiveness with and efficient convergence
for large datasets (Fan et al., 2008a).

More recent strategies, such as meta-
features (Canuto et al., 2018) and neural networks
(NNs) (Joulin et al., 2017; Tang et al., 2015a),
exploit the training data to build more informative
document representations. Particularly, strategies
based on metafeatures (Canuto et al., 2018; Canuto
et al., 2019b) extract information from more
basic (bag-of-words) features to enhance the
feature space by smartly exploiting a document’s
neighborhood. Strategies based on NNs enhance
word representations (and thus documents) also
exploiting the training data. FastText (Joulin et al.,
2017) and PTE (Tang et al., 2015a), for instance,
presented high effectiveness in comparison to
(costly) deep learning approaches.

Considerable advances on deep learning for
ATC were achieved by using pre-trained language
models with fine-tuning (Howard and Ruder,
2018), mainly when combined with attention
mechanisms (Kokkinos and Potamianos, 2017;
Yang et al., 2016) and the parallelization benefits of
transformers, better exemplified by BERT (Devlin
et al., 2018). Following BERT’s success, the recent
XLNet network (Yang et al., 2019) proposes a new
autoregressive formulation to improve the exploita-
tion of contextual information. Though effective,
the fine-tuning process of methods such as BERT
and XLNet still takes substantial computational
time, requiring powerful hardware (GPUs) (Sun
et al., 2019). Such requirements might bring
practical limitations for these solutions.
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2.2 Stacking

Stacking (Wolpert, 1992) is a widely known
ensemble technique that combines the predictions
of heterogeneous algorithms (i.e., base algorithms)
to improve effectiveness concerning these base
algorithms. To implement stacking, we first need to
train each base algorithm. With the trained models,
we can make predictions in a different validation
set, which was not used for training. With the saved
models and the predictions in the validation set, a
metalayer (another learning algorithm) is used to
learn how to combine the predictions in the com-
bination. Recent work reported high effectiveness
with stacking for multiple ATC tasks, such as topic
classification (Campos et al., 2017; Abuhaiba and
Dawoud, 2017), sentiment analysis (Carvalho and
Plastino, 2020; Onan et al., 2016) and multi-label
classification (Xia et al., 2020; Weng et al., 2019).
Particularly, stacking provided substantial effective-
ness improvements on recently proposed decision-
tree-based algorithms (Campos et al., 2017) and
with methods trained on different representations
(including word embeddings) (Carvalho and Plas-
tino, 2020; Pelle et al., 2018; Onan et al., 2016).

A careful choice of base algorithms is necessary
due to the potential degradation of the stacking
effectiveness and efficiency. The literature reported
low effectiveness on stacking due to overfitting
issues with multiple base algorithms (Reid and
Grudic, 2009; Ledezma et al., 2010). Previous
works that optimize the choice of a subset of base
algorithms (Ledezma et al., 2010; Gupta and
Thakkar, 2014) focused on maximizing the ensem-
ble effectiveness with no concern for efficiency.
Stacking efficiency is usually attached to the most
expensive method. In fact, (Hou et al., 2021)
reportedly avoids the cost of using expensive deep
learning methods by including gradient boosting
base algorithms comparable to convolutional NNs.

In this work, we provide a thorough evaluation
of the effectiveness and efficiency tradeoffs of
stacking, i.e., we investigate whether there are
combinations of algorithms that overcome (in
both, efficiency and effectiveness) the best base
ones in a given dataset. Our proposed oracle in
turn is the first method to explicitly tackle a time-
constrained stacking prediction goal by explicitly
and efficiently exploiting the relationships between
stacking and the best base algorithms.

3 Methodology

3.1 Time-Constrained Stacking
We aim to answer the following research questions:
(RQ1): Is it possible to obtain an effective ensem-
ble with significantly less computational time than
the best learning model? (RQ2): Is it possible
to improve the effectiveness of the best learning
model using an ensemble without increasing the
computational time? (RQ3): Disregarding the
computational time, can an ensemble improve the
effectiveness of the best learning model?

With RQ1 we aim to identify whether it is
possible to obtain a stacking of (a subset of) base
algorithms that is as effective or better than the
best (i.e., most effective) base algorithm and takes
strictly less computational time than the best base.
Favorable evidence towards a positive answer is
important to indicate the existence of cost-effective
stacking solutions, especially if the best base
algorithm is a costly strong/high generalization
power baseline. RQ2 keeps the same effectiveness
demands of RQ1, but considering the following
relaxation on the time constraint: the parallel
execution of the base models can take at most the
same execution time as the best base algorithm.
This time constraint allows the best base algorithm
to be included in the stacking. With this, we
intend to evaluate if effectiveness improvements
are possible with the (time) cost of the best base
algorithm as an upper limit. In RQ3 we remove
all time constraints to obtain the best possible
stacking regardless of cost. With RQ3 we want to
evaluate the potential effectiveness improvements
of an stacking over the best base algorithm, in
exchange for additional (time) cost.

3.2 Oracle-Based Prediction of Stacking
Performance

The proposed strategy is implemented as follows:
(i) each base algorithm is trained with a reduced
amount of the training set (e.g., 30%); (ii) we run
an algorithm, called “Oracle” (Algorithm 1), which
aims at finding the best combination of base algo-
rithms with less training by a greedy strategy. First,
we select the best base algorithm obtained with the
reduced training to start the combination, where A
is the set of all base algorithms executed with less
training. For this, we use the Best(A) function,
which simply returns the best algorithm based on
the validation set. For each iteration, the next best
algorithm, as estimated in a validation set, is added
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and we verify whether the combined result presents
a statistically significant improvement (α = 0.05)
in relation to the previous iteration. If positive, it
is permanently included in the combination. The
process continues until all base algorithms are
considered. The strategy is greedy since it makes
the best choice in the current iteration.

To perform the comparison and statistical tests in
each iteration, we use a separated piece within the
training set (validation) that is not contained in the
smaller part used in training. Besides, as a meta-
layer, we use a simple average, i.e., we simply add
the probabilities of the predictions dividing it by
the number of base algorithms. The meta-layer av-
erage is represented by the function Avg(E) in the
pseudocode, where E ⊂ A. As it is a simple meta-
layer and not a learning algorithm, the cost can be
considered insignificant in the choice process.

Algorithm 1 Oracle Algorithm

procedure ORACLE(A)
C← Best(A)
S← A− C
while S 6= ∅ do
X ← Best(S)
E← C +X
ifAvg(E) > Avg(C) then

C← E
S← A− C

else
S← S−X

return C . Best combination

With the oracle defined, we raise the following
research questions: (ORQ1): Can we predict, using
a fraction of the training data, an effective stacking
that will tie or outperform the best learning model
when trained with all the available training, at a
smaller cost than that of the best model? (ORQ2):
Can we make a similar prediction than in ORQ1,
but now with cost smaller or at the maximum equal
to that of the best model when trained with all
training data? (ORQ3): with no constraints in time,
can we predict a combination that will be better
than the best learning algorithm in a dataset?

4 Experiments

4.1 Experimental Setup

We consider the effectiveness and efficiency of the
models on two large-scale ATC datasets (Zhang
et al., 2015) (more than 100,000 documents) –
AG’s News (AGNews) and IMdB Reviews – and
four mid-sized datasets very known in the ATC
community – 20 Newsgroups (20NG), WebKB
(WebKB), Reuters (Reut) and ACM Digital Library
(ACM). Table 1 shows the datasets details.

In terms of classification (base) algorithms,
we consider the LinearSVM (Fan et al., 2008b),
kNN (Altman, 1992), LogisticRegression (Fan
et al., 2008b), XGBoost (Chen and Guestrin,
2016b), XLNet (Yang et al., 2019) and BERT (De-
vlin et al., 2018). In terms of representations, be-
yond the traditional term-weighting alternatives
(TFIDF), we consider distributional and other types
of word embeddings, such as FastText (Joulin et al.,
2016; Bojanowski et al., 2017) and PTE (Tang et al.,
2015b), as well as recent representations based on
MetaFeatures that have obtained state-of-the-art
(SOTA) effectiveness in some of the experimented
datasets (Canuto et al., 2019a, 2018, 2016; Cunha
et al., 2020, 2021). Table 2 has a summary of the
base algorithms and respective representations used
in each of them.

Algorithm Representation ID Algorithm Representation ID

LinearSVM FastText A Logistic FastText J
PTE B Regression PTE K
TFIDF C TFIDF L
Metafeatures D Metafeatures M

kNN FastText F XGBoost FastText N
PTE G PTE O
TFIDF H TFIDF P
Metafeatures I Metafeatures Q

XLNet Raw Documents R
BERT Raw Documents S

Table 2: Base Algorithms and Representations IDs.

We run the stacking process with the following
variants: all combinations of the same base algo-
rithm with different representations, all combina-
tions of different base algorithms with their best
representations, and a combination that includes
all the base algorithms. For example, we perform
all possible combinations of LinearSVM with Fast-
Text, PTE, TFIDF and MetaFeatures, resulting in
total of 11 combinations:

(
4
2

)
+
(
4
3

)
+
(
4
4

)
. This

limitation of combinations has a main reason: all
combinations of all algorithms and representations,
18 in our case, would result in an impracticable
number of possible combinations for execution:
262,125 experiments =

(
18
2

)
+
(
18
3

)
+ ..+

(
18
18

)
.

An important observation is that we assume that
the base algorithms can be run in parallel (e.g. dif-
ferent machines). Thus, a stacking or oracle combi-
nation has the execution time limited by the most
costly base algorithm in the respective combina-
tion. Even if this assumption is not true and it is
necessary to execute the base algorithms and com-
binations on one single machine, this would only
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Class Distribution
Dataset Size # Feat. # Classes Minor Median Mean Major Avg Doc. Skewness

Class Class Size (words)

20NG 18,846 97,401 20 628 984 942 999 296 Balanced
ACM 24,897 48,867 11 63 2,041 2,263 6,562 65 Imbalanced
Reut 13,327 27,302 90 2 29 148 3964 171 Extremely Imbalanced
WebKB 8,199 23,047 7 137 926 1,171 3705 209 Imbalanced
AGNews 127,600 39,837 4 31,900 31,900 31,900 31,900 37 Balanced
IMdB Reviews 348,415 115,831 10 12,836 31,551 34,841 63,233 326 Imbalanced

Table 1: Datasets statistics.

aggravate the cost problem and allow an unfair
comparison in our favor. Therefore, to avoid this
unfair comparison, we maintain the assumption of
parallel execution.

The experiments in the smaller datasets were ex-
ecuted using a 10-fold cross-validation procedure
while in the larger we used 5 folds due to the cost
of the procedure. The algorithms parameters were
tuned using the Bayesian Optimization (Bergstra
et al., 2015) approach with 10 iterations, with the
5-fold stratified strategy and the training set (nested
cross-validation). In Table 14 in the Appendix, we
have the values of each parameter that we optimize
in the non-neural base algorithms. The parameters
and pre-trained models for BERT and XLNet are
also shown in the Appendix (Table 12). For the
neural networks, we adopted the same parameters
defined by the authors of their respective meth-
ods (Devlin et al., 2018; Yang et al., 2019). In
our experiments, we adopt AWS EC2 instances to
run and measure the execution time for both neural
and non-neural algorithms. For the non-neural al-
gorithms, we use the instance model c5a.12xlarge,
which has 48 CPUs, 96GB of RAM (without GPU).
For the neural algorithms, we use the instance
model p2.xlarge, which has one NVIDIA K80 GPU
(12 GB of memory), 4 CPUs and 61 GB of RAM.

We evaluate all methods, combined with differ-
ent representations, with respect to classification
effectiveness and training time. We assess clas-
sification effectiveness in the test partitions using
MicroF1 and MacroF1 (Sokolova and Lapalme,
2009). While MicroF1 measures the classification
effectiveness over all decisions, MacroF1 measures
the classification effectiveness for each individual
class, averaging them, being very important for
skewed datasets. In addition to effectiveness, we
also assess the cost of each method in terms of
the training execution time aiming at analyzing the

cost-effectiveness trade-offs for all methods. The
metric is the overall time in seconds (average of
folds). To compare the average test results on our
cross-validation experiments, we assess the statis-
tical significance employing the paired t-test with
95% confidence, which is strongly recommended
over signed-rank tests for hypothesis testing on
mean effectiveness and arguably robust to poten-
tial violations of the normality assumption in this
context (Urbano et al., 2019; Hull, 1993).

4.2 Experimental Results

4.2.1 Stacking Results
Effectiveness and Time results for the base algo-
rithms in each dataset are shown in Table 3. The
results of these best base algorithms are consid-
ered in the next analyses. Results for RQ1, RQ2
and RQ3, in terms of MacroF1 for each dataset are
shown in Tables 4, 5, and 6, respectively, while
Figure 1, shows the analysis of the cost (time).
For each dataset, the tables show the effectiveness
(MacroF1) of the best base algorithm along with
the stacking combination that best answered the
respective research question (if any), the respec-
tive combination of methods (the letters refer to
the index of algorithms described in Table 2), and
finally, in the last column, (Most Costly) the most
costly algorithm that entered in the combination,
according to the constraints imposed by the ques-
tion. We present only MacroF1 results due to space
constraints and the fact that is it harder to improve
them in the highly skewed scenario that occurs in
most of the experimented datasets. However, we
also consider MicroF1, whose results are summa-
rized in Table 7.

In Table 4, which focuses on RQ1 that has a
strong constraint in terms of cost (time), we can
see that in 4 out of 6 datasets, it is possible to ob-
tain a combination of classifiers (stacking) that is
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Algorithm
Dataset Metric A B C D F G H I J K L M N O P Q R S

MicroF1 80.4 88.66 89.46 90.52 80.96 81.25 84.63 90.42 81.54 88.96 88.89 90.73 80.39 86.24 79.86 90.06 74.38 85.88
20NG MacroF1 79.96 88.34 89.2 90.32 80.45 80.46 84.06 90.27 81.09 88.69 88.65 90.58 79.94 85.9 79.35 89.9 73.97 85.43

Time (S) 79 66 22 702 76 76 28 78 323 413 163 467 632 1,392 1,428 1,163 3,972 3,959
MicroF1 73.28 75.34 76.62 79.01 73.88 75.73 73.64 78.19 73.90 75.76 77.21 79.19 73.49 75.98 74.67 78.98 71.65 78.25

ACM MacroF1 60.64 62.57 66.88 68.66 62.47 61.37 59.25 65.22 61.95 63.19 68.43 69.11 60.93 61.82 64.12 69.32 60.58 65.56
Time (S) 89 112 13 776 136 140 35 125 481 2057 201 922 512 1,239 530 1,542 4,153 3,482
MicroF1 66.57 66.07 67.19 78.85 68.53 68.96 69.41 75.19 65.64 66.55 66.80 76.99 64.68 63.70 65.92 82.17 72.72 72.72

Reut MacroF1 30.13 31.75 34.54 42.48 31.45 26.31 32.74 35.68 30.45 31.22 33.88 43.17 28.73 23.91 31.85 47.37 40.29 33.60
Time (S) 120 150 38 3,427 39 38 12 163 4,434 4,316 2,026 15,185 2,363 2,633 1,482 6,426 3,537 3,897
MicroF1 75.69 71.31 81.35 77.4 77.16 72.53 75.02 77.27 76.64 71.41 82.64 77.62 75.63 78.58 83.65 79.47 84.60 86.04

WebKB MacroF1 65.81 58.19 71.45 65.29 69.17 59.25 58.76 64.72 68.25 58.66 74.67 66.19 65.54 66.21 74.33 69.23 77.76 66.41
Time (S) 37 43 11 106 19 18 9 23 50 224 41 175 97 229 197 242 2,210 1,735
MicroF1 89.52 91.95 91.08 91.03 89.32 91.25 90.35 91.55 89.23 91.66 91.87 91.29 89.17 92.23 91.97 91.69 91.99 93.74

AGNews MacroF1 89.50 91.93 91.06 90.99 89.30 91.25 90.32 91.53 89.23 91.65 91.85 91.27 89.16 92.22 91.96 91.68 91.97 93.74
Time (S) 2,308 4,198 115 1,099 10,433 12,707 2,097 4,373 8,434 881 2,180 3,364 5,243 7,019 1,151 2,769 33,206 11,257
MicroF1 29.69 37.53 30.51 20.31 32.88 32.99 27.01 28.00 29.17 38.64 33.75 29.02 29.76 37.03 34.58 30.02 25.08 39.00

IMdB Reviews MacroF1 24.96 27.43 26.10 12.00 28.12 25.39 19.50 19.62 26.55 32.35 28.19 20.31 26.39 30.72 27.96 20.93 16.26 34.09
Time (S) 50,817 23,658 1,977 26,885 43,005 42,525 13,476 68,117 72,658 4,818 35,155 15,988 35,543 123,705 59,634 91,562 59,749 34,426

Table 3: Effectiveness, based on MicroF1 and MacroF1, and efficiency, based on execution time, for all classification algorithms
and datasets considered in the our experiments. The algorithms are: (A) LinearSVM + FastText; (B) LinearSVM + PTE;
(C) LinearSVM + TFIDF; (D) LinearSVM + TFIDF+Mf; (F) KNN + FastTex; (G) KNN + PTE; (H) KNN + TFIDF; (I)
KNN + TFIDF+Mf; (J) LogisticRegression + FastTex; (K) LogisticRegression + PTE; (L) LogisticRegression + TFIDF; (M)
LogisticRegression + TFIDF+Mf; (N) XGBoost + FastTex; (O) XGBoost + PTE; (P) XGBoost + TFIDF; (Q) XGBoost +
TFIDF+Mf; (R) XLNet + Raw Documents; and (S) BERT + Raw Documents. The best results are highlighted in bold. When
we identified statistically ties between two or more algorithms, we chose the one with lower execution time. For example, for
the 20NG, we identified statistical ties for the algorithms M (LogisticRegression + TFIDF+Mf) and Q (XGBoost + TFIDF+Mf)
and choose the M that presents lower execution time.

Figure 1: Stacking Times

as good as (statistical tie) or better (see the ACM
case, with statistically significant gains of 3.1%)
than the best base algorithm, at a lower cost. In
fact, the gains in terms of cost (time) are very sig-
nificant (see Figure 1), ranging from 1.87x speedup
improvement (in Reuters) to 7.16x (in WebKB)1.
Even if we consider the two cases in which there
were some minimum effectiveness losses (0.39%
in AGNews and 2.66% in IMdB), there are some
significant speedups: 1.6x in AGNews and 2.15x
in IMdB. Some chosen stacked combinations are
interesting, such as FGHI in 20NG that contains
all versions of kNN, and JLM in ACM, containing
three versions of Logistic Regression. Both combi-
nations contains classifiers with Metafeatures.

Results for RQ2 (Table 5) are also very interest-
ing. In 5 out of 6 datasets it is possible to obtain

1Speedups in 20NG and ACM were 6x and 6.6x

Dataset Experiment MacroF1 Combination Most Costly

20NG
Best Base 90.58 M (Log. Reg. + MetaFeat)
RQ1 • 91.02 FGHI I

ACM
Best Base 69.32 Q (XGboost + MetaFeat)
RQ1 N 71.50 JLM M

Reut
Best Base 47.37 Q (XGboost + MetaFeat)
RQ1 • 46.98 KL K

WebKB
Best Base 77.76 R (XLNet)
RQ1 • 79.61 DIS S

AGNews
Best Base 93.74 S (BERT)
RQ1 H 93.37 NOPQ O

IMdB Best Base 34.09 S (BERT)
Reviews RQ1 H 33.18 KM M

Table 4: RQ1.

effectiveness gains with no increase in cost (remind
that in this scenario the cost is limited by that of
the best base algorithm). Effectiveness gains vary
from 0.4% in AGNews, 1.15% in 20NG2, 3.1% in
ACM, 5.4% in IMdB and 9% in WebKB. Reuters
is only considered a tie because of the high vari-
ability of the results across folds in this dataset
(due to the large number of classes and very high
skewness), which generates large standard devia-
tions/confidence intervals. In absolute terms, there
was a positive variation (non-statistically signifi-
cant gain) of more than 9.7%. Indeed, the MicroF1
stacking results confirms statistically significant
gains in Reuters (See Table 7).

As expected, to obtain gains in this scenario it
is necessary to include the best base algorithm in
the combination in most datasets, inserting diver-
sity/complementarity into the combination. Only

2Notice that improvements in 20NG and AGNews are very
hard to obtain given the already high effectiveness values.
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Dataset Experiment MacroF1 Combination Most Costly

20NG
Best Base 90.58 M (Log. Reg. + MetaFeat)
RQ2 N 91.63 JKLM M

ACM
Best Base 69.32 Q (XGBoost + MetaFeat)
RQ2 N 71.50 JLM M

Reut
Best Base 47.37 Q (XGBoost + MetaFeat)
RQ2 • 51.99 OPQ Q

WebKB
Best Base 77.76 R (XLNet)
RQ2 N 84.07 All R

AGNews
Best Base 93.74 S (BERT)
RQ2 N 94.12 DIQS S

IMdB Best Base 34.09 S (BERT)
Reviews RQ2 N 35.95 MS S

Table 5: RQ2.

in ACM, the base algorithm is not part of the combi-
nation. Notice also that, due to the time constraints,
the gains are somewhat limited due to the restricted
number of classifiers that can be combined. This
has some impacts on the results, for instance, in
IMdB only two algorithms belong to the best com-
bination while the combination in ACM has only
three classifiers. Only in WebKB the combination
includes all 18 classifiers as the base algorithm is
also the most expensive one. Another interesting
aspect of the combinations is that in all datasets, a
classifier using Metafeatures was included (e.g., M
and Q)

Finally, in the scenario with no time constraint
(RQ3), further gains can be obtained with the in-
clusion of more costly classifiers. There are further
gains in AGNews (0.94%), 20NG (2.06%), IMdB
(5.8%) and ACM (6.32%). Notice that in this sce-
nario, there is a tendency to include most algo-
rithms in the combinations, like in ACM, WebKB
and AGNews, to obtain further improvements. This
means that most algorithms have complementary
information that tends to contribute to the final re-
sults. Another interesting aspect to notice is that in
some cases, such as in 20NG, a completely differ-
ent combination than that chosen in scenario RQ2,
was picked. This combination exploits the most
effective and complementary algorithms, and may
not even include the base classifier. In other cases,
such as in IMdB, a combination of a few of the
most effective (and costly) algorithms suffices to
obtain larger gains. This means that the meta-layer
is really doing a good job in learning about the
individual performance of the algorithms and their
complementarity. Finally, these additional effec-
tiveness gains come with potential high increases
in cost, clearly seen in Figure 1 for the cases of
20NG, ACM and AGNews. In those datasets, the
costs have tripled (AGNews), quadrupled (ACM

and IMdB) or become 8x more cost expensive. It
is up to the application designer to decide whether
this cost-effectiveness tradeoff is worth it.

Dataset Experiment MacroF1 Combination Most Costly

20NG
Best Base 90.58 M (Log. Reg. + MetaFeat)
RQ3 N 92.45 DIRS R

ACM
Best Base 69.32 Q (XGBoost + MetaFeat)
RQ3 N 73.70 All R

Reut
Best Base 47.37 Q (XGBoost + MetaFeat)
RQ3 • 51.99 OPQ Q

WebKB
Best Base 77.76 R (XLNet)
RQ3 N 84.07 All R

AGNews
Best Base 93.74 S (BERT)
RQ3 N 94.63 All R

IMdB Best Base 34.09 S (BERT)
Reviews RQ3 N 36.06 QS Q

Table 6: RQ3.

Table 7 summarizes the effectiveness results. For
RQ1, there are 8 win/ties out of 12 possibilities (6
datasets, two metrics). Remind that in this scenario
ties are considered a good result due to the reduc-
tion in costs. For RQ2 and RQ3, there are 11 wins,
only 1 tie (in Macro in Reuters) no losses at all. In
terms of cost (Figure 1), significant reductions in
scenario 1 (RQ1) can be obtained in all 6 datasets,
with almost no loss (or minimal losses) in terms of
effectiveness. For scenario 2 (RQ2), effectiveness
gains can be obtained in almost all cases with no
additional cost when compared to the cost of the
base classifier. And for scenario 3 (RQ3) additional
effectiveness gains can be obtained, but sometimes
with a very high increase in cost.

RQ
MicroF1 MacroF1

Win Tie Loss Win Tie Loss

RQ1 2 2 2 1 3 2
RQ2 6 0 0 5 1 0
RQ3 6 0 0 5 1 0

Table 7: Win/Tie/Loss Summary.

4.2.2 Oracle Results
MacroF1 results of the Greedy Oracle predictor are
shown in Tables 8, 9 and 10. These results corre-
spond to an Oracle that uses the results of the base
algorithms trained with 30% of the training data
and predicting in a different training data portion
in a nested folded cross-validation procedure.

We start by answering ORQ1. Table 8 shows
that in half of the cases we can perform a good
prediction, i.e., one that predicts a combination of
methods that will tie or outperform the best base
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algorithm when trained with all the available train-
ing data (100%). It is very important to stress that
in a real situation we do not really know what will
be the best algorithm when using all the training
data nor its effectiveness. Indeed, with more data,
there is a tendency for some algorithms, such as
the transformers, to improve their effectiveness, but
their good performance may not be predicted with
few training data. Remind also that this is a very
strict scenario: even if we can predict which will
be the best base algorithm, we cannot use it in the
combination given the time constraints of ORQ1.

Dataset Experiment MacroF1 Combination Most Cost

20NG
Best Base 90.58 M (Log. Reg. + MetaFeat)
ORQ1 N 91.62 ABCDIL I

ACM
Best Base 69.32 Q (XGBoost + MetaFeat)
ORQ1 N 71.85 ABCDIJKLM D

Reut
Best Base 47.37 Q (XGBoost + MetaFeat)
ORQ1 H 32.55 ABDQR Q

WebKB
Best Base 77.76 R (XLNet)
ORQ1 • 75.79 BCF F

AGNews
Best Base 93.74 S (BERT)
ORQ1 H 93.16 BDGKOQ B

IMdB Best Base 34.09 S (BERT)
Reviews ORQ1 H 27.79 L L

Table 8: Oracle ORQ1.

Given all these limitations, mainly that only the
algorithms with a cost lower than the best base algo-
rithm (with 30% of training) can be considered, it is
impressive that we can make a prediction that will
surpass in effectiveness the best base algorithms
using 100% of training in 20NG and ACM and tie
with it, being cheaper, in WebKB. But even in the
case in which there were losses, some were mini-
mal, like in AGNews with a loss of only 2.5% with
potential gains in training time. Only in Reuters
and IMdB there were significant MacroF1 losses,
mainly due to the failure of predicting which would
be the best base algorithm3 and the impossibility
of including the predicted best base algorithm in
the combination.

When we are allowed to include the best-
predicted algorithm in the stacking (scenario for
ORQ2) results are even better – we can make a
good prediction in 5 out 6 cases (2 wins and 3 ties).
Notice that in this scenario we consider a tie as a
good result. We interpret that being able to predict
a combination that will tie with the best algorithm
with 100% of training in a dataset, without know-
ing which one will this best, at a very lost cost

3In case of Reuters, a XGBoost with Metafeatures (Q) and
in IMdB, BERT (S).

Dataset Experiment MacroF1 Combination Most Cost

20NG
Best Base 90.58 M (Log. Reg. + MetaFeat)
ORQ2 N 91.52 ABCDILM M

ACM
Best Base 69.32 Q (XGBoost + MetaFeat)
ORQ2 N 71.56 ABDMQ Q

Reut
Best Base 47.37 Q (XGBoost + MetaFeat)
ORQ2 • 47.37 DMQ M

WebKB
Best Base 77.76 R (XNet)
ORQ2 • 78.22 BCFGIJ J

AGNews
Best Base 93.74 S (BERT)
ORQ2 • 94.10 BCDGIKLMOPQR R

IMdB Best Base 34.09 S (BERT)
Reviews ORQ2 H 31.11 K K

Table 9: Oracle ORQ2.

(Figure 2), as an excellent result. Notice that the
best results in this scenario (i.e., 20NG and ACM)
are obtained when we can in fact predict what will
be the best base algorithm with 100% of training.
But even when we cannot predict, as in the case
of WebKB and AGNews4, we can find a combi-
nation of simpler (and potentially less expensive)
algorithms that can tie with the best. Again, IMdB
was the only case in which we could not make a
good prediction exactly by the failure in predicting,
with 30% of training, that BERT would be the best
algorithm when all the training data is used.

Finally, when no time constraints are imposed
the oracle’s prediction results are excellent: 4 wins,
1 tie and only one loss (in IMdB). This last loss
is explained by the same reasons as in the previ-
ous scenario: the failure of predicting BERT as the
future best algorithm. But even in this case, the
prediction for using algorithm K: LogisticRegres-
sion with PTE as the sole combination (an unusual
prediction) produced minimal losses: only 1.05%
at a cost much smaller than using BERT. And in
the case of Reuters, we obtain an absolute increase
in MacroF1 values (6% increase), though not sta-
tistically significant due to the high variability.

When looking at the costs of making the predic-
tions in each scenario (ORQ1, ORQ2, and ORQ3),
shown in Figure 2, we can see that in all cases (but
20NG for ORQ3), the oracle’s predictions times
are much smaller, in many cases negligible5, when
compared to the time to run the base algorithm
with 100% of training. Given the time constraints
imposed by ORQ1 and ORQ2 and the fact even in
the scenario for ORQ3, only a portion of the 18
available algorithms needed to be stacked (in most
cases) to produce effectiveness gains, the advan-

4In both the best base algorithms with 100% were the
neural transformers XLNet and BERT

5Some differences are in the orders of magnitude.
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Dataset Experiment MacroF1 Combination Most Cost

20NG
Best Base 90.58 M (Log. Reg. + MetaFeat)
ORQ3 N 92.17 ABCDILMS M

ACM
Best Base 69.32 Q (XGBoost + MetaFeat)
ORQ3 N 73.48 ABDMQ Q

Reut
Best Base 47.37 Q (XGBoost + MetaFeat)
ORQ3 • 50.18 DMQ M

WebKB
Best Base 77.76 R (XLNet)
ORQ3 N 83.12 ABCFJLMNOPQR J

AGNews
Best Base 93.74 S (BERT)
ORQ3 N 94.63 All R

IMdB Best Base 34.09 S (BERT)
Reviews ORQ3 H 33.73 K K

Table 10: Oracle ORQ3.

Figure 2: Oracle Times

tage’s of running the oracle’s predictions in terms
of cost stand for themselves.

Table 11 summarizes the results in terms of Mi-
cro and MacroF1: considering all 36 results (three
RQs, 6 datasets, 2 metrics) the oracle predicted
17 wins, 10 ties (most of them (8) in scenarios
ORQ1 and ORQ2, which can be considered good
results) and only 9 losses, six of them in a single
dataset (IMdB) for the simple reason that we failed
in predicting a neural network winner with fewer
data. This is certainly a point to be improved in
our methodology. One idea is to look not only at
the absolute effectiveness values with a single train-
ing point (30%) but look also at the tendency of
growing considering several points (5%, 10%, ..).

RQ
MicroF1 MacroF1

Win Tie Loss Win Tie Loss

ORQ1 2 0 4 2 1 3
ORQ2 2 4 0 2 3 1
ORQ3 5 1 0 5 1 0

Table 11: Oracle Win/Tie/Loss Summary

5 Conclusion and Future Work

We presented two important contributions to the
application of Stacking in ATC: a thorough study
of cost-effectiveness trade-offs and the proposal of
a new oracle method to predict the best ensemble
combination for a dataset at a low cost. Our
extensive experiments, composed of 4 textual
representation methods, 6 datasets, 4 non-neural
based algorithms and 2 neural-based algorithms,
provided us with answers to questions that had not
yet been explored in the literature. By performing
stacking with different time constraints, we showed
that it was possible to obtain combinations that
positively answered the posed questions regarding
the time-constrained stacking and the oracle predic-
tions in terms of both, effectiveness and efficiency.

We highlight general and practical guidelines
based on our extensive experiments. First, we
notice the consistent appearance of recent meta-
features on the best combinations of base learners
obtained for each evaluated research question (Ta-
bles 4–6). In fact, due to the focus of meta-features
on summarizing relevant distance-based informa-
tion from the original features, we strongly suggest
their exploitation in ensemble combinations. More-
over, the largest datasets benefit from additional
data to fine tune BERT for the classification task.
Therefore, combinations including both of these
recent and distinct paradigms (meta-features and
BERT) for stacking were able to produce very effec-
tive results on most datasets (as shown in Table 10).
We suggest that stacking methods should start by
exploiting these two paradigms in conjunction.
Finally, our experiments show the need of specific
stacking solutions for different scenarios/datasets.
The application of our proposed Oracle effi-
ciently predicts effective best base models on
time-constrained scenarios, allowing adaptable
solutions that automatically optimize the choice of
base learners for each specific dataset. We suggest
to exploit the Oracle in all these situations.

In the future, we will explore different Oracle
configurations, explore multi-objective feature
selection in the stacking meta-layer (Viegas et al.,
2018), study other types of constraints (e.g.,
labeling effort) and apply the Oracle in fields such
as recommender systems.
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Gonçalves, and Leonardo C. da Rocha. 2020. Ex-
tended pre-processing pipeline for text classification:
On the role of meta-feature representations, sparsifi-
cation and selective sampling. Inf. Process. Manag.,
57(4):102263.

Washington Cunha, Vı́tor Mangaravite, Christian
Gomes, Sérgio D. Canuto, Elaine Resende, Cecilia
Nascimento, Felipe Viegas, Celso França, Welling-
ton Santos Martins, Jussara M. Almeida, Thierson
Rosa, Leonardo C. da Rocha, and Marcos André
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Appendix

Algorithm Parameters Value

XLNet Pretrained Model XLNet-Base
batch size 32

epochs 5

max len 64

learning rate 5e-5
max grad norm 1.0

weight decay rate 0.01

BERT Pretrained Model BERT-Base
batch size 32

patience 5

max len 150

initial learning rate 5e-5

Table 12: Neural networks parameters and pretrained
models.

Method Parameters Value

TFIDF Normalization L2
Stopwords NLTK, English
Max Features Small Datasets: ∞

Large Datasets: 50k
MinDF 2
Sublinear TF

PTE Window 5
MinDF 2
Dimensions 300

FastText Window 5
Epochs 500
Model Skipgram
Dimensions 300

MetaFeatures k [10, 15, 20, 30, 35,
40, 45, 50]

Table 13: Text representations.

Algorithm Parameters Tunned Range
Values

Linear
SVM

C uniform(0,
20)

penalty [l1, l2]

kNN n neighbors range(1, 100,
1)

metrics [cosine,
l1, l2,
minkowski,
euclidean]

weights [uniform,
distance]

Logistic
Regres-
sion

C uniform(0,
20)

penalty [l2, None]
solver [newton-cg,

lbfgs, sag,
saga]

class weight [None, bal-
anced]

XGBoost n estimators range(100,
1000, 50)

learning rate quniform(0.01,
0.5, 0.01)

eta quniform(0.025,
0.5, 0.025)

max depth range(1, 14,
1)

min child weight quniform(1,
6, 1)

subsample quniform(0.5,
1.0, 0.05)

gamma quniform(0.0,
1.0, 0.05)

colsample bytree quniform(0.5,
1.0, 0.05)

Table 14: Algorithms and parameters. The implemen-
tations of LinearSVM, kNN and LogisticRegression
are from scikit-learn and XGBoost is from the respec-
tive authors implementation-based package. Omitted
parameters are the libraries default. This table has
the range functions and the uniform and quniform
distributions functions, which are used to define the
search space of some algorithms. The range(low, high,
step) function returns a number between [low, high)
in a step interval. The uniform(low, high) function re-
turns a value uniformly between low and high. The
quniform(low, high, q) function returns a value like
round(uniform (low, high) / q) * q and differs from the
uniform by a smooth factor.
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Abstract

Due to the multi-dimensional variation of tex-
tual data, detection of event triggers from new
domains can become a lot more challenging.
This prompts a need to research on domain
adaptation methods for event detection task,
especially for the most practical unsupervised
setting. Recently, large transformer-based lan-
guage models, e.g. BERT, have become essen-
tial to achieve top performance for event detec-
tion. However, their unwieldy nature also pre-
vents effective adaptation across domains. To
this end, this work proposes a Domain-specific
Adapter-based Adaptation (DAA) framework
to improve the adaptability of BERT-based
models for event detection across domains.
By explicitly representing data from differ-
ent domains with separate adapter modules in
each layer of BERT, DAA introduces a novel
joint representation learning mechanism and a
Wasserstein distance-based technique for data
selection in adversarial learning to substan-
tially boost the performance on target domains.
Extensive experiments and analysis over dif-
ferent datasets (i.e., LitBank, TimeBank, and
ACE-05) demonstrate the effectiveness of our
approach.

1 Introduction

Event detection (ED) is an important component in
the overall event extraction pipeline, which plays
a crucial role in any natural language understand-
ing system. The goal of ED is to identify event
triggers in a given text and classify them into one
of several pre-defined types. Formally, according
to the ACE-05 annotation guideline , each event
trigger is a phrase (usually a single verb or nomi-
nalization), which evokes that event in the context
of the associating event mention. For example, the
word “fired” is the trigger word for an event of
type Attack in the following sentence: ”The police
fired tear gas and water cannons in street battles

with activists.” Tackling ED problem involves both
locating the event triggers and categorizing them
into specific event types, therefore can be a quite
challenging task due to the intricate dependency
among triggers, events, and contexts in linguistic
data. The complication is further amplified by do-
main shift problem when text are collected from
multiple different domains.

The majority of prior approaches on ED relied
on the basic supervised learning assumption where
training and testing data follow the same distribu-
tion. Several works further evaluated their methods
on cross-domain setting where their models were
trained using data from one domain and tested on
another, without leveraging any adaptation mecha-
nism to alleviate the domain shift problem (Nguyen
and Grishman, 2015; Yubo et al., 2015; Hong et al.,
2018b). To this end, our work explores the gen-
eral problem of domain adaptation for ED where
data comes from two different source and target do-
mains. In particular, we focus on the unsupervised
setting that requires no annotations for target data,
and the model has to learn to make use of both
labeled source and unlabeled target samples to im-
prove its performance on target domain. To our
knowledge, this is the first work on unsupervised
domain adaptation (UDA) for ED in the literature.

The most prominent approach for UDA is a rep-
resentation learning method based on the theory of
learning from different domains developed by Ben-
David et al. (2010). The main result provided a way
to bound the loss of a model on target domain with
its performance on source domain using a domain-
divergence term and an optimal joint error term
(which is assumably negligible). Ganin et al. (2016)
adopted this idea for deep learning architecture in
their domain-adversarial neural network (DANN).
They employed a domain-adversarial training pro-
cedure in which a domain classifier is learned con-
currently and adversarially with the network’s fea-
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ture extractor, resulting in a not only discriminative
but also domain-invariant joint representation for
data from both domains. While DANN and its vari-
ants are very well-studied in computer vision’s do-
main adaption researches, their NLP counterparts
are pale in comparison, especially for a newly es-
tablished architecture like BERT. There have been
only several works that adopted DANN to align the
contextualized representations learned by BERT
across domains (Lin et al., 2020; Naik and Rosé,
2020; Wright and Augenstein, 2020). Lin et al.
(2020) even observed negative effect when apply-
ing adversarial training compare with simply fine-
tuning BERT on in-domain data. One explanation
is that the pre-training of BERT on massive corpora
has already induces a somewhat general represen-
tation, thus DANN has little effect while the fine-
tuning process using source dataset could cause
over-fitting on the corresponding domain due to the
immense capacity of the model. To this end, we
propose fixing the parameters of the already uni-
versal language model while leveraging multiple
adapter modules for domain-adversarial training
process. More specifically, inspired by the works
of Liu et al. (2017a) and Houlsby et al. (2019)
on effective multi-task learning, we augment the
pre-trained BERT model by adding three differ-
ent adapters to create a shared-private architecture.
Two source and target adapters which take as in-
puts data from their respective domains to capture
private properties of each, and a joint adapter that
encodes every sample in a subspace shared across
domains through adversarial training. Orthogo-
nality constraints together with a self-supervised
auxiliary task are employed to ensure the represen-
tations of all adapters are informative while also
attaining the above desired properties.

Recently, Ma et al. (2019) and Aharoni and Gold-
berg (2020) have shown that BERT’s representa-
tions are extremely effective at clustering text to
their respective domains, and a small subset of
good in-domain data can already provide signif-
icant boosts in target performance while the rest
only provide little to no improvement, in some
cases even degrade model’s out-of-domain gen-
eralization. Considering this, we explicitly find
hard instances to leave out when learning to extract
the domain-invariant features. Our data selection
component estimates and minimizes the cost of
transport between source and target marginal repre-
sentation distributions based on the Wasserstein-1

distance (also refer to as Earth Mover distance).
Arjovsky et al. (2017) pointed out that the relative
strength of the topologies induced by this distance
is much weaker than that of KL-divergence used
by adversarial training. Therefore, it could serve
as a good necessary condition for DANN compo-
nent to achieve optimal alignment. The faraway
source instances that induce the highest transporta-
tion costs are those out-of-distribution samples that
may introduce noise and hurt adaptation perfor-
mance. Accordingly, they are omitted from the
domain-adversarial training process. The entire
computation makes use of representations from
source and target adapters, thus implicitly provides
informative signals from domain-specific adapters
to joint adapter without interrupting the joint repre-
sentation learning procedure.

2 Related Work

Prior ED works have focused on the in-domain
setting (Li et al., 2013; Chen et al., 2015; Nguyen
et al., 2016; Yang and Mitchell, 2016; Nguyen and
Grishman, 2018; Sha et al., 2018; Liu et al., 2017b;
Tong et al., 2020; Nguyen et al., 2021), the cross-
domain evaluation (Nguyen and Grishman, 2016;
Hong et al., 2018a), the few/low-shot learning sce-
nario (Lai et al., 2020a,b). Our work is different
from those prior work as we explore a new formu-
lation for ED with unsupervised domain adaptation
where unlabeled data in the target domain is uti-
lized to improve domain-invariant representation
learning.

Recently, some efforts have been made to study
the domain-related knowledge encoded in BERT’s
representations (Aharoni and Goldberg, 2020), and
methods to leverage it to improve performances on
domain-specific tasks, such as pre-training on ad-
ditional data (Gururangan et al., 2020), fine-tuning
using intermediate tasks (Phang et al., 2018; Garg
et al., 2020), and data selection (Ma et al., 2019;
Aharoni and Goldberg, 2020). Another line of re-
search regarding multi-task learning shares a com-
mon goal of creating a universal representation
space for all data with domain adaptation. Pre-
vious approaches made use of multiple encoders
to set up a shared-private architecture (Bousmalis
et al., 2016; Liu et al., 2017a), which usually is im-
practical for BERT-based models because of theirs
sizes. By fixing a pre-trained BERT as the base for
general representations, Houlsby et al. (2019) and
Stickland and Murray (2019) proposed to adapt the
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model to each task by adding small task-specific
layers between BERT’s layers and updating only
them when fine-tuning on the corresponding task.

3 Model

Throughout this work, we formulate ED task as
a token-level multi-class classification problem
(Nguyen and Grishman, 2015; Ngo et al., 2020).
For UDA setting in particular, we have a labeled
source dataset Ds

XY = {(Xs
i , y

s
i )}N

s

i=1 of N s sam-
ples from source domain s and an unlabeled set
of N t samples Dt

X =
{
Xt
i

}Nt

i=1
drawn from tar-

get domain t. Each Xs
i is a pair consists and an

event mention W s
i = (ws

i1, w
s
i2, · · · , ws

im) (m is
the fixed number of words), and a trigger position
u (1 ≤ u ≤ m) corresponding to the word ws

iu.
An encoder computes its latent representation xsi ,
which is then used by the event classifier to predict
an event of type ysi . For target domain, parallel
notations are used xti and yti (only accessible in
target domain’s test dataset)

3.1 Baseline Model

As this is the first work on UDA for ED, this sec-
tion aims to establish a baseline of the task for
further research. Recent works have shown a sub-
stantial boost in performance for the standard su-
pervised setting of ED by leveraging contextual
embedding of large self-attention based language
models (Wang et al., 2019; Lai et al., 2020c). Ac-
cordingly, we utilize a pre-trained BERT’s encoder,
together with its domain-adversarial variant to cre-
ate a strong baseline for the UDA setting.

Without any domain adaptation mechanism, our
BERT baseline only follows cross-domain evalua-
tion setting as previous works. The model is fully
fine-tuned on source domain dataset while at test
time, data from target domain is used to evaluate
its performance.

On the other hand, the BERT+DANN baseline
takes advantage of the availabel unlabeled target
data through adversarial training. Specifically, a
domain classification task is learned concurrently
with the main downstream task, using unlabeled
samples and their domain labels from both domains.
By pushing the encoder to both minimize the event
classfication loss and maximally misdirect domain
predictor, the resulting representation can be in-
discriminate with respect to the shift between the
domains while also discriminative for the main
learning task.

Finally, to demonstrate to ability of adapter-
based tuning approach to retain the original’s model
performance, we also evaluate a BERT+Adapter
baseline. Following recommendation from Pfeif-
fer et al. (2021), we augment a pre-trained BERT
model by injecting a single bottleneck adapter mod-
ule between the encoder’s layers. Then, the fine-
tuning process proceeds in the same manner as that
of the BERT baseline, but only parameters of the
adapter modules get updated in this case.

3.2 Adapter-based Domain Representation

Pre-trained BERT model was previously optimized
for the task of masked language model in unsuper-
vised manner on several extremely large corpora.
The diversity of these unlabeled text also pushes
the network to be a good starting point for learning
domain-invariant features, which would be lost if
we fully fine-tune it on source domain task. Ac-
cordingly, we make use of a fixed pre-trained BERT
model as the base of our adapters.

Figure 1: Domain-specific adapters inside the original
BERT’s layers.

An adapter for each domain To explicitly cre-
ate a shared-private representation subspace of each
domain, we inject three adapters into the same base
encoder. Formally, adapter modules asi , a

t
i , a

j
i are

added on top of each BERT’s layer. While these
modules share the same architecture, they take in as
inputs data only from their corresponding sources:

Ad(xdi ) = adL ◦ bL−1 ◦ · · · ◦ ad1 ◦ b1(xdi )

where bi is the fixed layer of BERT (1 ≤ i ≤
L), d ∈ {s, t, j}, and Dj

X = Ds
X ∪ Dt

X. The
joint adapter Aj is our main representation which
will be used by event detection head hc for source
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classification task:

Lc =
1

ns

ns∑

i=1

−ysi log
(
hc

(
Aj (xsi )

))

On the other hand, the domain-specific adapters
As and Aj will only be used to help Aj find to the
optimal joint-domain space while simultaneously
retain good performance on downstream task.

Adapter architecture: There are a variety of
ways that one can design the adapter modules’ ar-
chitecture. Following the observations from Pfeif-
fer et al. (2021), we choose ours to be the most
efficient but also effective, which is a singular bot-
tleneck neural network with skip-connection, tak-
ing features computed by BERT’s feed-forward
sub-layer as inputs. The adapter module in layer l
can be decoupled into two parts adl = ad,upl ◦ad,dwl ,
where ad,dwl : Rdmodel → Rc and ad,upl : Rc →
Rdmodel (as shown in figure 1). Despite tripling the
added parameters from adapter modules, by setting
c� dmodel, the amount needed to be tuned is still
only less than 10% that of the original network. Ad-
ditionally, the factorized features enable effective
adaptation by making use of the low-dimensional
down-sampled representation, while also boosting
classification performance by leveraging the free
parameters of the up-sampling projection, as de-
scribed in the next sections.

3.3 Joint Representation Learning

To learn a joint representation that is as general as
possible while also maintaining its discriminative
property, we propose to combined two mechanisms
with complementary effects : a layer-wise domain-
adversarial (LDA) component and an adapter-wise
domain disentanglement (ADD) component.

3.3.1 Domain-adversarial Training
LDA apply domain-adversarial training to the rep-
resentation of Aj. Multiple refinements to the orig-
inal DANN are introduced to mitigate its flaws and
learn better domain-invariant features.

Dimension Reduction It is known that discrimi-
native features computed by high-level layers usu-
ally lie on low dimensional manifolds. As a result,
naively applying adversarial training for BERT’s
representations, which require high dimension to
capture contexts, can lead to gradient vanishing
problem. We leverage the adapter’s architecture to

tackle this issue. Instead of the full dimension out-
puts of layers, we align domains based on the down-
sampled version of the representations, computed
by aj,dwi . In consequence, an adapter module can
be viewed as a two-step adaption: a down-sampling
projection step that extracts domain-invariant fea-
tures and a following up-sampling projection step
which transforms the extracted general features into
task discriminative ones.

Layer-wise Alignment To enhance the align-
ment capability of our model, domain-adversarial
training is applied on every layer’s output. In par-
ticular, we incorporate the asymmetric relaxation
of DANN (Wu et al., 2019):

Lld =−
1

N

N∑

i=1

[
di log

(
hd(a

j,dw
l (xi))

1 + βj

)

+(1− di)log
(
1− hd(a

j,dw
l (xi))

1 + β

)]

where di is domain label of samples xi, N =
ns + nt is minibatch size, and βl ≥ 0 is a hyper-
parameter controlling the maximal difference of the
two marginal distributions (βl = 0 is the original
formulation). This modification addresses the tar-
get shift scenario where domain-adversarial train-
ing is unable to achieve optimal solution. As out-
lined by Rogers et al. (2021), lower-level layers of
BERT contain quite broad knowledge, thus encode
more random distribution when projected into label
space. In contrast, high-level ones are gradually
more task-specific, effectively reducing the possi-
ble amount of label shift between the two domains.
Therefore, we adopt the following relaxation an-
nealing strategy:

Ld =
L∑

l=1

Lld(aj,dwl , βl, h
j
d,l), with βl = 23−l

where each term on the right-hand side is a different
relaxed domain classification loss computed by a
separate domain classifier hjd,l.

3.3.2 Adapter-wise Domain Disentanglement
The role of ADD component is to ensure the shared-
private relationship among adapters. We want the
joint adapter Aj to encode a shared representation
space containing common information between do-
mains and no domain-specific information, while
the private adapters As and At should only ac-
commodate distinct knowledge that belong exclu-
sively to their corresponding domains. Following
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the work of Liu et al. (2017a) and Bousmalis et al.
(2016), an orthogonality constraint is imposed us-
ing the following similarity loss function:

Ls = ‖Aj
s
>As

s‖2F + ‖Aj
t
>At

t‖2F

where ‖.‖F is the Frobenius norm and Ad1
d2

is a
matrix whose rows are the outputs of adapter Ad1

taking inputs from domain d2. Minimizing Ls
will force Aj to be in a complementary subspace
with As and At, encouraging independency among
adapters and removing domain-specific noises that
may contaminate the joint representation. How-
ever, whereas Aj is trained to be informative for
the downstream classification, As and At are not
constrained by any task, which potentially could
lead to a trivial solution where the network learns
to map each representation into the same orthogo-
nal space with Aj while not having any expressive
capability of their corresponding domains. To ad-
dress this issue, we incorporate a self-supervised
component, using the popular Masked Language
Modeling (MLM) as our unsupervised task. The
token predictor hm : Rdmodel → RV (V is the vo-
cabulary size), is shared between source and target
domains:

Lm =

Nmask∑

i=1

Lsm(xsi ) + Ltm(xti )

Ldm(xdi ) = −wd
i log hm

(
Aj(xdi ) +Ad(xdi )

)

whereNmask is the number of randomly masked in-
put tokens, following the original procedure in De-
vlin et al. (2019). The benefit of adding the MLM
component is twofold. On one hand, it serves as a
constraint to learn informative representations for
domain-specific adapters. On the other hand, it also
help conditioning joint adapter Aj on unsupervised
knowledge of unlabeled target data, which can have
a positive impact on target domain’s performance.

3.4 Data Selection

Considering the Wasserstein-1 distance between
the distributions generating source and target
marginal representations Ps

X and Pt
X, which can be

written as:

W (Ps
X,Pt

X) = sup
‖f‖L≤1

E [f(xs)]− E
[
f(xt)

]

There are several advantages of using this distance
as the proxy for data selection mechanism. First,

Wasserstein distance takes into account the geom-
etry of the actual data distributions. Thus, it is
intuitive to use it to evaluate the discrepancy be-
tween marginal distributions and pick source sam-
ples that are geometrically close to samples from
target distribution. Furthermore, it has been proven
by Arjovsky et al. (2017) that the minimization of
KL-divergence, on which LDA component based
to update Aj, also implies the minimal Wasserstein
distance between the corresponding distributions.
Therefore, leaving out the most far-a-way samples
based on this distance should provide a good nec-
essary condition for LDA to achieve optimal align-
ment from source to target domain.

Approximate Wasserstein Distance Following
the approximation from Shen et al. (2018), we
employ a data selection head hw to estimate the
Wasserstein distance between two representation
distributions of As and At by maximizing the fol-
lowing empirical loss with respect to θw:

Lŵ =
1

ns

ns∑

i=1

hw (As (xsi ))−
1

nt

nt∑

i=1

hw
(
At
(
xti
))

For the above approximation to work, we need to
enforce the Lipschitz constraint, which will force
the hypothesis class of hw to be 1-Lipschitz. Fol-
lowing Gulrajani et al. (2017), a gradient penalty
Lgr is added to the loss, resulting in the overall
estimation problem for the Wasserstein distance as

max
θw
Lw = Lŵ − λgrLgr

Lgr(Ad) = (||∇Adhw(A
d)||2 − 1)2

where d ∈ {s, t} and λgr is a hyper-parameter.

Data Selection based on Wasserstein Distance
To avoid negative transfer problem in case of highly
dissimilar domains, we propose to use a data se-
lection mechanism based on the estimated Wasser-
stein distance. By minimizing the empirical dis-
tance using As and At, we find the representations
that achieve the shortest transport distance between
source and target samples. Then, a subset of n̂s

source samples is selected with the lowest hw(.)
scores, which corresponds to the n̂s shortest dis-
tances to target domain. These source instances
will be used by the joint adapter Aj, together with
target unlabeled data, to learn domain-invariant fea-
tures in LDA.
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System In-domain(bn+nw) Out-of-domain (bc) Out-of-domain (cts) Out-of-domain (wl) Out-of-domain (un)
P R F P R F P R F P R F P R F

BERT 77.5 77.5 77.5 75.2 71.8 73.5 75.1 69.9 72.4 70.2 57.9 60.6 68.9 67.5 68.2
BERT+DANN 77.4 75.8 76.6 72.8 69.4 70.9 73.4 39.9 51.2 69.2 50.5 58.4 68.8 59.2 63.6
BERT+Adapter 76.8 76.2 76.7 78.5 72.9 75.6 77.3 69.5 73.2 64.3 56.9 60.3 72.4 69.0 70.6
DAA 79.7 75.7 77.7 78.5.1 75.6 76.9 78.4 73.2 75.6 66.2 60.3 63.1 73.5 71.3 72.3

Table 1: Unsupervised domain adaptation for event detection. Performance on the ACE-05 test datasets for differ-
ent domains.

System
In-domain Out-of-domain

(TimeBank) (LitBank)
P R F P R F

LSTM+DANN 69.3 87.5 77.3 25.6 72.9 37.9
BiLSTM+DANN 74.2 79.4 76.7 26.3 72.0 38.6
BERT 79.6 84.3 81.9 28.1 84.8 42.2
BERT+DANN 79.8 85.6 82.6 30.3 80.8 44.1
DAA 90.9 88.4 89.6 40.0 81.3 53.6

Table 2: Performance on TimeBank-to-LitBank.

System
In-domain Out-of-domain

(LitBank) (TimeBank)
P R F P R F

LSTM+DANN 61.1 61.6 61.3 89.0 18.9 31.2
BiLSTM+DANN 66.1 62.8 64.4 92.9 18.5 30.9
BERT 73.5 72.7 73.1 88.1 28.2 42.7
BERT+DANN 71.9 71.3 71.6 85.0 35.0 49.6
DAA 77.7 75.6 76.7 83.2 48.5 61.1

Table 3: Performance on LitBank-to-TimeBank.

3.5 Alternating Minimization

Taking it all together, our final training objective
is given as:

Ltotal = Lc + λdLd + λwLw + λsLs + λmLm

where λd, λw, λs, λm are hyper-parameters which
help to balance the importance of the correspond-
ing loss with the main event detection loss. Of the
five terms on the right-hand side, the domain dis-
crepancy losses (Ld and Lw) require optimization
of different directions with respect to the added
heads and the adapters, resulting in a min-max
optimization problem. Previous works that made
used of domain-adversarial training usually applied
gradient reversal layer to train the feature extrac-
tors. We find this approach to be unstable and
cause performance degradation. Following sug-
gestions from Goodfellow et al. (2014) and Shu
et al. (2018), we design an alternating minimization
process that is compatible with our learning algo-
rithm whilst also stabilizing the domain-adversarial
training. In the first stage, all parameters are fixed
except for those of domain-adversarial heads and
data selection head. This step corresponds to the
estimation of corresponding distance functions be-
tween domains given the current representations.
After repeatedly updating for k times (k is a hyper-

parameter that controls the trade-off between com-
putation and accuracy of the divergence estima-
tions), a subset of source minibatch can be selected
based on the approximated Wasserstein distance,
which will be used for domain-adversarial train-
ing of joint adapter in next step. The following
stage, while keeping the previously updated heads
fixed, updates the rest of the model’s parameters,
using the standard gradient descent algorithm. All
maximization problems of discrepancy losses are
converted into minimization using reversed domain
labels.

At test time, a new sample xtest will go through
the trained joint adapter Aj to produce domain-
invariant representation Aj (xtest), which is then
used by prediction head hc to produce the corre-
sponding event label.

4 Experiments

We evaluate our model on two related tasks: event
identification and event detection. Given a trigger
word in the context of an event mention, the former
is formulated as a binary classification problem in
which the goal is to determine if the trigger word
expresses an event, while the latter is a multi-class
classification task that requires model to assign the
predicted label into one of the pre-defined 34 event
types (include 1 negative type).

4.1 Datasets

TimeBank dataset (Pustejovsky et al., 2003) a
fine-grained temporally annotated corpus of events
and their positions and ordering in time. The text
of the dataset were chosen from a wide range of
sources from the news media domain. Events are
annotated in a binary manner.

LitBank dataset (Sims et al., 2019) a recently
introduced corpus of literary events. The dataset
contains excerpts of 100 literary works from the
Project Gutenberg corpus. Labels for events are
binary.
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System In-domain(bn+nw) Out-of-domain (bc) Out-of-domain (cts) Out-of-domain (wl) Out-of-domain (un)
P R F P R F P R F P R F P R F

DAA-D 75.8 79.7 77.7 74.4 76.8 75.5 78.4 70.0 73.9 67.2 57.1 61.7 71.3 70.3 70.8
DAA-W 79.2 76.4 77.7 77.8 73.5 75.6 80.8 70.1 75.1 70.2 53.7 60.9 74.0 66.7 70.1
DAA-M 78.1 76.5 77.3 80.4 71.0 75.4 77.0 69.4 73.3 68.9 55.1 61.2 73.5 68.6 71.0
DAA-S 77.5 77.1 77.3 78.7 72.4 75.4 79.2 70.7 74.7 65.5 57.9 61.5 72.7 67.9 70.2
DAA 79.7 75.7 77.7 78.5 75.6 76.9 78.4 73.2 75.6 66.2 60.3 63.1 73.5 71.3 72.3

Table 4: Ablation study. Performances on the ACE-05 test datasets for different domains.

Automatic Content Extraction 2005 (ACE-05)
dataset (Walker et al., 2005) a densely anno-
tated corpus collected from 6 different domains:
Newswire (nw) - 20%, Broadcast news (bn) - 20%,
Broadcast conversation (bc) - 15%, Weblog (wl)
- 15%, Usenet Newsgroups (un) - 15%, Conversa-
tional Telephone Speech (cts) - 15%. Events of
the dataset are categorized into 33 types.

4.2 Experimental Setup

4.2.1 Unsupervised Domain Adaptation
Setting

To formulate the unsupervised domain adaptation
setting from the origin dataset of each task, we split
the target domain’s documents into two parts at the
ratio of 1 to 4, a training dataset without labels
which models have access to when learning, and a
test dataset that models are evaluated on. For event
identification, transfer experiments are performed
in two ways: LitBank-to-TimeBank, and the
reserve direction, TimeBank-to-LitBank. In
event detection experiments, we combine samples
from two closely related domains, nw and bn, to
create a sizeable labeled training source dataset.
Then, each of the other domains is considered the
target domain of a single adaptation setting.

4.2.2 Implementation and Hyper-parameters

Our model leverage the pre-trained BERT-base
model as the fixed foundation for all adapters, each
of which has a down-sampled dimension of 96.
All of the downstream heads are implemented as
feed-forward networks with activation functions
between layers. We train all models using batch
size of 150, which composes of 90 source samples
(60 of which will be used for domain-adversarial
training) and 60 target samples. Weights of the
losses are chosen from a grid-search of range
[0.01, 0.05, 0.1, 0.2, 0.5, 1, 5] using bc domain as
development dataset. Every experiment is run 5
times epochs with different random seeds and the
performance is reported using the average result of
the 5 runs.

4.2.3 Baseline
We compare the proposed model DAA with sev-
eral other baselines. In particular, for the task of
event identification, the performance of domain-
adversarial models implemented in Naik and Rosé
(2020) are considered. Regarding the event detec-
tion task, our baselines include adaption results of
BERT and BERT+Adapter models fine-tuned us-
ing only source dataset, and finally BERT+DANN
which making use of unlabeled target data through
adversarial training.

4.3 Experimental Result
Event Identification The results of our event
identification experiments are presented in tables 2
and 3. In both settings, our proposed model DAA
outperforms naive implementation of domain-
adversarial on BERT by about 10 points in F1. We
also note that high precision is observed from mod-
els transferring from LitBank-to-TimeBank,
while the other direction has high recall. This im-
balance is caused by the extreme disparity between
the two adaptation settings, which our model man-
ages to address and thus significantly improves
out-of-domain performance in both cases.

Event Detection Table 1 showcases the results
of our event detection experiment. The main con-
clusions from the table include: (1) The BERT
baseline performs decently without using any
mechanism to address the discrepancy between do-
mains. This is due to the generalization potential
of large unsupervised pre-trained language model.
However, naively adopting DANN for BERT has an
adverse effect, notably reducing the performance
of BERT+DANN on all target domains. This out-
come is consistent with results from Lin et al.
(2020), further emphasizing the need for a compati-
ble implementation method for domain-adversarial
training on BERT’s representations. (2) The re-
sults of BERT+Adapter proves that adapter-based
tuning procedure is not only able to retain perfor-
mance but also prevent over-fitting through capac-
ity reduction, therefore performing better than the
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System bc cts wl un
P R F P R F P R F P R F

Lower 77.5 73.9 75.6 74.1 74.7 74.4 67.5 56.7 61.6 73.0 69.4 71.0
Middle 78.1 73.4 75.7 78.5 70.4 74.2 66.4 56.7 61.2 71.6 70.8 71.2
Higher 79.2 73.3 76.1 77.5 71.2 74.2 67.4 55.5 60.9 72.9 68.1 70.4
Last 79.6 72.6 75.9 79.7 69.5 74.2 66.4 56.6 61.0 73.0 69.7 71.3
Up-Dim 77.6 73.2 75.3 74.5 71.7 73.0 66.6 53.1 59.1 69.0 67.7 68.4
No-Rel 77.8 75.1 76.5 76.1 74.2 75.2 67.2 58.0 62.3 72.2 70.6 71.4
Full 78.5 75.6 76.9 78.4 73.2 75.6 66.1 59.6 62.6 73.5 71.3 72.3

Table 5: Domain-adversarial analysis. Performance on the ACE-05 test datasets for different domains.

fully fine-tuned BERT in case where it follows too
closely to source domain. (3) Finally, our proposed
model DAA manages to achieves the best adap-
tation performance across all target domains. In
settings where domains are closely related such as
bc and cts, DAA is more robust and thus per-
forms better on target domain. On the other hand,
DAA significantly outperforms baselines (3 to 5
points increase in F1 score) when transferring to
target domains that are highly dissimilar to source
domains (wl and un).

4.4 Ablation Study

To examine the effect of each of the proposed com-
ponent individually, We perform an extensive ab-
lation analysis for our DAA model by measuring
domain adaptation ability of each trained model,
with a single main component discarded (by setting
the weight of its associated loss to 0), on ACE-05.
In table 4, DAA-D, DAA-W, DAA-M, and DAA-
S correspond to performances of partial models
with domain-adversarial training, data selection
component, self-supervised task, and orthogonal-
ity constraint removed, respectively. Results from
the study show that every incomplete model per-
forms consistently worse compare to the full model.
In particular, while in-domain performances are re-
tained across settings, different domains experience
varying degree of reduction in target performance
depending on its relation with the source domain.
Especially, data drawn from the domains of wl
and un are substantially diverged from the source
domain. Therefore, components that address do-
mains’ dissimilarity play important roles in improv-
ing adaptation capability, which is confirmed by
the fact that models such as DAA-W and DAA-D
have the lowest results.

4.5 Domain-adversarial Analysis

The central component of our architecture is un-
doubtedly LDA whose responsibility is to ensure
joint adapter extracts domain-invariant features for

classifying event triggers. From the negative results
of BERT+DANN, finding an appropriate way to
implement domain-adversarial training for BERT is
an important question. This section aims to demon-
strate the effectiveness of our layer-wise implemen-
tation of DANN.

We apply domain alignment to different portions
of BERT. Specifically, we partitioned 12 layers
of the BERT-base encoder into 3 levels - Lower,
Middle, Upper - each corresponds to the only 4
layers whose representations are used by domain-
adversarial training. In addition, we present results
of Last and Up-Dim. The former is original im-
plementation where last layer’s output is aligned ,
while the latter is similar to our model Full except
the representation with full dimension (768) is used
instead of the down-sampled ones. Finally, No-Rel
is the same as Full but no relaxation is used.

Table 5 showcases the results of our experi-
ment. Overall, we observe performance degrades
on all three partial adaptation settings However,
the changes vary across domains in each situa-
tion, probably stemming from the fact that adver-
sarial training addresses different degrees of do-
main shifts in each layer. Moreover, taking only
the last layer’s representation as input for DANN
component performs worse compare to all other
multi-layer counterparts. Notably, using represen-
tations with full dimension significantly reduces
out-of-domain performances of model. This result
confirms the benefit of the bottleneck architecture.
Not only the alignment of down-sampled represen-
tations is more effective, but the free parameters of
up-sampling layers also increase model’s capacity
for the main downstream task.

4.6 Domain Discrepancy Analysis

To verify the effect of our method on alleviating
the negative impact of the domain shift problem
on the learning process, we compare each model’s
performance on different settings with varying shift
magnitudes. Specifically, for each target domain,
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based on the learned Wasserstein distance between
the two domains, we quantify the distance of each
target domain sample (in evaluation dataset) to the
source dataset and group them into 2 disjoint sets:
FAR - 25% of target samples that are farthest from
the source dataset, and CLOSE - 25% of those
closest to source dataset. The domain adaptation
performances on these sets for 2 target domain bc
and wl, together with the set of in-domain exam-
ples IN-DOM from bnnw domain, are provided
in Table 6. When adapting to bc domain which
has a low discrepancy to source domain, the results
for each setting show little variance, but we still
observe the over-fitting of BERT as performance
of out-of-domain settings is lower compared to its
in-domain score. Moreover, BERT+DANN is able
to improve on FAR set, however at the cost of
degradation in the other two settings. In contrast,
the negative effect of high discrepancy between do-
mains is apparent in the case of wl domain, as the
gaps between each setting are all above 10 points.
Notably, the results of BERT+DANN are lower
than that of BERT, indicating that naive implemen-
tation of DANN is not only unable to align between
source and target domains, but also causes negative
transfer when trying to learn domain-invariant rep-
resentation. On the other hand, in both case, DAA
is able to address the weakness of the baseline and
improves the performance on FAR and CLOSE
simultaneously.

bc wl bnnw
FAR CLOSE FAR CLOSE IN-DOM

BERT 72.4 75.6 43.1 59.2 77.5
BERT+DANN 73.2 76.6 35.3 52.4 76.6
DAA 74.8 76.4 50.9 64.4 77.7

Table 6: Domain adaptation performances in F1 score
with different domain shift settings.

5 Conclusion

We present a novel framework for ED in UDA set-
ting that effectively leverages the generalization
capability of large pre-trained language models
through a shared-private adapter-based architecture.
A layer-wise domain-adversarial training process
combined with a Wasserstein-based data selection
addresses the discrepancy between domains and
produces domain-invariant representations. The
proposed model achieves state-of-the-art results on
several adaptation settings across multiple datasets.
In the future, we plan to extend our approach in the
several directions: (1) We will devise a method to

incorporate target domain’s private adapter to fur-
ther improve model’s out-of-domain performance.;
(2) We will adapt our framework to more general
settings such as multi-source domain adaptation
and domain generalization.; and (3) We will extend
our work to novel domains for ED (Trong et al.,
2020).
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Abstract

In intensive care units (ICUs), patient health is
monitored through (1) continuous vital signals
from various medical devices, and (2) clinical
notes consisting of opinions and summaries
from doctors which are recorded in electronic
health records (EHR). It is difficult to jointly
model these two sources of information be-
cause clinical notes, unlike vital signals, are
collected at irregular intervals and their con-
tents are relatively unstructured. In this paper,
we present a model that combines both sources
of information about ICU patients to make ac-
curate in-hospital mortality predictions. We
apply a fine-tuned BERT model to each of the
patient’s clinical notes. The resulting embed-
dings are then combined to obtain the overall
embedding for the entire text part of the data.
This is then combined with the output of an
LSTM model that encodes patients’ vital sig-
nals. Our model improves upon the state of the
art for mortality prediction, attaining an AUC
score of 0.9, compared to the previous 0.87,
setting a new standard for mortality prediction
on the MIMIC III benchmark.1

1 Introduction

One of the major costs in healthcare is critical care
in intensive care units. A crucial aspect of critical
care is mortality prevention. With advancements in
healthcare, a patient’s condition during an ICU visit
is monitored through devices that measure many
different vital signals, such as heart rate, systolic
blood pressure, temperature, etc. Additionally, we
have access to clinical notes written by medical
professionals during the patient’s stay. This data
can be used to predict the condition of patients
during their ICU stay, which can help in managing
the expensive resources in hospitals and providing

1Our implementation is available at https://
github.com/Information-Fusion-Lab-Umass/
ClinicalNotes_TimeSeries

these services to patients who need them most in a
more cost-effective way.

Most prior work has been focused on predicting
patient health using the time-series data gathered
from medical devices (Lipton et al., 2016; Che
et al., 2018; Narayan Shukla and Marlin, 2020; Xu
et al., 2018). More recent work also attempted to
leverage clinical notes for making these predictions
(Zhang et al., 2019; Ghorbani et al., 2020; Lee et al.,
2020; Alsentzer et al., 2019). However, research
on combining time series data with clinical notes
for outcome prediction has been limited due to
the irregularity of the clinical notes compared to
the time series data, and the complexity of jointly
modeling the two sources of information.

In this work, we propose a multimodal neural
network that combines time-series data from medi-
cal devices with textual information from clinical
notes to improve the prediction of in-hospital mor-
tality. This task is defined as predicting whether a
patient will die before getting discharged from hos-
pital based on the first two days of data. Our model
improves on the prior state of the art by using fine-
tuned BERT-based models (Devlin et al., 2019)
to encode clinical notes and integrates the result-
ing representations with time-series embeddings
derived from a long short-term memory (LSTM)
network (Hochreiter and Schmidhuber, 1997). We
also show that fine-tuning clinical BERT models in
isolation from other parts of the model and specif-
ically for in-hospital prediction tasks brings addi-
tional performance improvements. Furthermore,
separately modeling each clinical note and com-
bining the resulting embeddings leads to our final
model which supersedes the state-of-the-art in pre-
dicting “in-hospital mortality” in terms of AUC
score.
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2 Related work

Most of the previous work in mortality prediction
in critical care is focused on utilizing patient vital
signals as time-series data for making predictions.
Harutyunyan et al. (2019) provided a benchmark
and defined 4 tasks based on MIMIC III dataset
(Johnson et al., 2016) for comparing these mod-
els. This paper used a recurrent neural network to
obtain the predictions. Other models also use recur-
rent neural networks in different forms to predict
outcomes in healthcare data (Liu and Chen, 2019;
Suresh et al., 2018; Lipton et al., 2016). Further-
more, others (Che et al., 2018; Shukla and Mar-
lin, 2019; Narayan Shukla and Marlin, 2020; Horn
et al., 2020) used the irregular nature of the data
over time in their models.

For clinical notes, some models used pretrained
embedding models (Zhang et al., 2019; Chen et al.,
2019), while some use various other machine learn-
ing techniques for outcome prediction on data col-
lected from the ICU (Jin et al., 2018; Boag et al.,
2018; Ghorbani et al., 2020).

More recently, BERT-based models have been
adopted for this domain following their incredible
success in Natural Language Processing (NLP). A
number of studies trained and used BERT-based
models for clinical applications (Lee et al., 2020;
Huang et al., 2019; Darabi et al., 2020; Li et al.,
2020; Alsentzer et al., 2019).

All these models only use one source of available
data when predicting medical outcomes. However,
Khadanga et al. (2019) showed the usefulness of
combining time-series and clinical notes for ICU
outcome prediction. They used a convolution neu-
ral network (CNN) on top of pretrained word em-
bedding from (Zhang et al., 2019) for getting a rep-
resentation of clinical notes and a long short-term
memory network (LSTM) for embedding the time
series part of the data. The two representations
were then concatenated to make the predictions.
Concurrently to our work, Yang et al. (2021) also
showed the usefulness of combining time-series
data with information from clinical notes. They
used an LSTM model for the time-series part of the
data and use a convolutional neural network with
label-aware attention layer for the clinical notes.
We will use the same intuition for combining the
representation of clinical notes and the time-series
part of the patients’ data to improve the perfor-
mance of in-hospital mortality prediction. In the
next section we define the notations and our method

architecture.

3 Method

In this section, we first introduce the notation for
our task and then describe our proposed model.
Each patient has several clinical notes collected
during their stay. For a patient p with N clini-
cal notes, we denote C(p) = {c(p)t1 , c

(p)
t2
, ..., c

(p)
tN
}

for clinical notes collected at times {t1, t2, ..., tN}.
We also have time-series data collected during the
patient’s stay as X(p)

1:T = {x(p)1 , x
(p)
2 , x

(p)
3 , ..., x

(p)
T }

where x(p)i is the data collected at index i. For sim-
plicity, the patient index p will be dropped for the
rest of the section.

Our model brings three major contributions com-
pared to prior work in this area. First, we use a
fine-tuned BERT-based model for modeling clin-
ical notes as these new attention-based models
trained on language models such as BERT have
been shown to significantly outperform previous
approaches in many NLP applications (Devlin et al.,
2019) including clinical note prediction (Lee et al.,
2020; Alsentzer et al., 2019; Huang et al., 2019).
Second, we feed each clinical note of a patient
separately to the text part of our model, and then
combine the resulting embeddings to get the final
representation of text part of the data. We argue
that since the clinical notes are collected separately,
and usually from different sources, this approach
is preferable to concatenating the text of the clini-
cal notes for each patient and then feeding this to
the model. Finally, we also fine-tune the BERT-
based models in isolation on “in-hospital mortality”
task, which brings additional performance improve-
ments.

The model architecture is shown in Figure 1. It
consists of two parts. The first part obtains the
embedding of clinical notes and combines them to
form a final representation of all the clinical notes,
for which we use the notation HC . The other part
of the model is responsible for encoding the time-
series part of the data, which will be referred to as
HX . These representations will then be concate-
nated to form the final representation of the patient
H = HC ⊕HX where ⊕ is the concatenation op-
eration. Finally, a softmax layer is applied on top
of H to get the final predictions.

3.1 Clinical Notes Representations

Modeling clinical notes require capturing interac-
tions between distant words (Huang et al., 2019)
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Figure 1: The model architecture. First, the Bio+Clinical BERT (BCB) (Alsentzer et al., 2019) model is fine-tuned
for the in-hospital mortality prediction task using all the available notes in the training data. Then the average
embedding of patient notes are combined with the time-series embedding to obtain the final patient representation.
Then a fully connected layer is used to predict patient’s in-hospital mortality.

and BERT-based models are designed to capture
these interactions. Furthermore, Huang et al.
(2019); Lee et al. (2020); Alsentzer et al. (2019)
showed that these models outperform the tradi-
tional NLP models in this area. Considering this
success we use a BERT-based model fine-tuned
to clinical notes for getting the embedding of
each clinical note of the patient. Specifically,
we used the Bio+Clinical BERT model described
in Alsentzer et al. (2019) which fine-tuned Bio
BERT(Lee et al., 2020) on all the clinical notes in
MIMIC III dataset.

After initializing our text model to Bio+Clinical
BERT, we added a softmax layer on top of the
classification token (CLS) output of each clinical
note separately and the model is fine-tuned further
on the task of predicting the in-hospital mortality
of the patient. Finally, to obtain the overall text
embedding of a patient, we take the average em-
bedding of all the clinical notes available for the
patient. This is shown in equation 1.

HC =
1

N

N∑

i=1

BCB(cti) (1)

where the BCB(cti) function is the output of the
CLS token of the fine-tuned Bio+Clinical BERT
model when cti is provided as an input to the model
and HC is the aggregated representation of all the
clinical notes of the patient.

3.2 Time series
For the time-series part of the model, following the
works by Harutyunyan et al. (2019) and Khadanga
et al. (2019), we first limit the time-series data to
first 48 hours of the patient stay, then we resam-
ple the time-series data to intervals of 1 hour. If
there are any duplicate values in that hour for a
variable, we use the most recent values. We use
forward imputation for missing values. If no pre-
vious value is recorded we use the pre-set values
for the features given in Harutyunyan et al. (2019).
After pre-processing the time series data, we used
an LSTM network. We input the whole time-series
data of a patient (X1:T ) to the LSTM model and
use the final hidden state as the representation of
time-series part of the patient data.

HX = LSTM(X1:T ) (2)

4 Results

In this section, we will show the results achieved on
the in-hospital mortality prediction task on MIMIC
III dataset. To ensure consistency with previous
work and the benchmarks presented on Harutyun-
yan et al. (2019), we used the same preprocessing
steps as defined by Harutyunyan et al. (2019) and
split the patients into train, validation and test sets
using the same splits. We also followed the prepro-
cessing steps of Khadanga et al. (2019) to process
the clinical notes and removed, from the dataset,

4028



Type Model AUC
Only time-
series

LSTM* 0.835

Only text

CNN* 0.831
BERT 0.671
BCB 0.760
BCB FT 0.835
BCB FT MN 0.875

Text +
Time-
series

CNN + LSTM* 0.867
BERT + LSTM 0.840
BCB + LSTM 0.851
BCB FT + LSTM 0.873
BCB FT MN + LSTM 0.899

Table 1: Area under the receiver operating characteris-
tic (AUC) results on the held out data for all models
including baselines. The results are averages of 5 dif-
ferent initializations of the models. The models indi-
cated with a star (*) are using the same architecture as
described in Khadanga et al. (2019). BCB is short for
Bio+Clinical BERT (Alsentzer et al., 2019), FT means
fine tuned separately for in-hospital mortality task. The
baseline models only use the first available clinical note
while models indicated with MN (multi-note) use all
the available clinical notes in first 48 hours of a pa-
tient’s ICU stay.

patients who do not have any associated medical
notes. We also only used the clinical notes col-
lected at first 48 hours of patients’ stay. After these
steps, our dataset consisted of 11579 records in the
training set, 2570 in the validation set, and 2573 in
the test set.

The time-series part of the model uses all 17
medical variables (e.g., heart rate, height, and Glu-
cose) recorded during the first 48 hours of the
patients’ stay. Since in-hospital mortality predic-
tion is a binary classification task with unbalanced
classes (only around 10% of the patients suffered
mortality in this dataset), the area under the re-
ceiver operating characteristic (AUC) is used for
evaluating our models. The best performing model
uses one layer of LSTM cells with 256 units, an
Adam optimizer (Kingma and Ba, 2015) with ini-
tial learning rate of 2 × 10−5 for training and a
weight decay of 0.01. The models are implemented
with the Pytorch library (Paszke et al., 2019) and
we run all the experiments 5 times with different
initialization and report the mean of the results.

Table 1 summarizes the results achieved by our
models and the baseline models that use only time-
series data, use a simple BERT instead of the

1 4 7 10 All
Number of Notes

0.875

0.880

0.885

0.890

0.895

0.900

AU
C

Figure 2: Increase in full model performance as more
clinical notes are included in order of time for each pa-
tient. The Y axis shows the AUC score of the model
on the test data and the X axis shows the number of
included clinical notes. Each bar indicates 95% confi-
dence interval over 5 different runs of the model.

Bio+Clinical BERT model, and the results with
and without fine tuning Bio+Clinical BERT model
further for the in-hospital mortality prediction task.
The models which use both time-series and text
data are also shown. Moreover, the results are com-
pared with Khadanga et al. (2019) which, to the
best of our knowledge, is the state-of-the-art for
in-hospital prediction task in MIMIC III bench-
marks. Our final model, which uses fine-tuned
clinical BERT model for the text part of the data
and an LSTM model for time-series part (shown
in Figure 1) significantly outperforms the baseline
models as well as the state-of-the-art models.

To assess the value of using multiple notes for
each patient, we experimented by including various
numbers of clinical notes for each patient in our fi-
nal model. The AUC results are shown in Figure 2.
It is apparent that the model’s performance im-
proves with more notes, and the best performance
is achieved when all the notes are used.

Although we lose some information contained in
the clinical notes by truncating them to fit into the
maximum acceptable length of the model, using the
entire text of the clinical notes by segmenting them
into chunks and taking the average did not yield
significant improvements in the performance of
our final model. In our experiments, providing all
chunks either by segmenting the concatenated text
of the clinical notes or individual notes separately
only improved the final AUC score from 0.899 to
a maximum of 0.902 while taking approximately
twice as long to train.
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5 Conclusions and Future Work

Improved prediction of the admission outcome in
Intensive Care Units (ICUs) can be tremendously
valuable in supporting decisions in clinical diag-
nosis. Previous work mostly focused on using the
patients’ vital sign information recorded during
their stay as time-series data for these predictions.
However, the clinical notes written by healthcare
workers include important information on both the
history and current conditions of the patients in the
hospital, which can be leveraged to improve these
predictions significantly. In this work, we proposed
a novel method for leveraging the information avail-
able both in clinical notes and time-series data. Our
method consists of fine-tuning Bio+Clinical BERT
model for in-hospital mortality prediction task and
then combining it with the available time-series
data. Finally, we showed that using all the clinical
notes available significantly enhances the ability to
make these kinds of predictions.

In the future, we plan to improve the perfor-
mance of the model by improving the time-series
part of the model from an LSTM network to a
model that can leverage irregular time-series data.
Furthermore, the same model architecture can be
used for other tasks discussed in the literature for
such medical datasets such as physiologic decom-
pensation or forecasting length of stay.
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Abstract

We computationally model the processes of
word borrowing from a donor word to an in-
corporated word, and vice versa, by answer-
ing two questions: (1) what does a word look
like incorporated into another language, and
in the opposite direction (2) where did a word
come from? We employ neural sequence mod-
els, focusing on six specific borrowing rela-
tions: calques, partial calques, semantic loans,
phono-semantic matches, transliterations, and
generic borrowings. We experiment with sev-
eral model variants, including LSTM encoder-
decoders, copy attention, and Transformers. In
both directions, we find that an LSTM model
can beat strong baselines, with the quantity of
data strongly influencing model performance.

1 Introduction

Words are borrowed into a language through vari-
ous processes. For example, the English internet
was incorporated into Welsh as rhyngrwyd (rhyng-
‘between’ + rhwyd ‘net’) through a calqueing pro-
cess where each component is translated literally.
In contrast, the English chimpanzee became the
Welsh tsimpansı̂ through a process of sound corre-
spondences.

Borrowing is prevalent across the world’s lan-
guages, and modeling how and from where words
enter a language are interesting but understudied
tasks under the umbrella of computational etymol-
ogy (Wu and Yarowsky, 2020a). This is a relatively
new field with many downstream applications. Per-
haps the most salient is lexicon expansion: more
comprehensive dictionaries will enable better com-
munication between cultures as well as better train-
ing material for machine translation systems. Com-
putational etymology is also important for histori-
cal linguistics, whose focus is on discovering the
relationships between languages and their words.
An accurate model of word borrowing can also be

合众国

hợp chúng quốc

united country

Figure 1: Two borrowing prediction tasks. The pre-
dicted output for each task is in green and orange, re-
spectively.

a boon for language preservation and revitalization,
where models can help coin neologisms for modern
terms.

Owing to recent successes of machine translation
models for similar tasks (Tsvetkov and Dyer, 2015;
Gorman et al., 2020; Wu and Yarowsky, 2020a,b),
this paper investigates the application of neural
sequence-to-sequence models for the task of ety-
mology prediction. Specifically, we focus on word
borrowings, where a word enters a language via a
non-related donor language.1 Whereas inherited
words and cognates tend to follow regular sound
shifts and can be modeled well with transliteration
models (Beinborn et al., 2013; Wu and Yarowsky,
2018b), words borrowed from unrelated languages
undergo various processes (Section 3) that may not
preserve the structure or phonetics of the original
word.

We propose to model borrowings in two tasks
(Figure 1), motivated in Section 4. In Task 1, given
a donor word and etymological relation, can we
predict the form of the incorporated word in the
borrowing language? In the opposite direction, in

1This is in contrast to other etymological relations, such
as inheritance, where words enter through a related language,
e.g. from Latin to French.
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Task 2, given the incorporated word, can we predict
the donor word and language? Our experiments
across several experimental scenarios on these two
tasks using data from Wiktionary indicate that mod-
eling borrowings is a challenging task with much
room for future research.

2 Related Work

Though the tasks defined in this paper are new,
there are several related threads of work. In the
task of cognate transliteration, a system is trained
to generate cognates in a different language (Bein-
born et al., 2013; Wu and Yarowsky, 2018b). This
paper uses a multilingual cognate transliteration
approach applied specifically to borrowings. Sim-
ilar approaches have also been applied to the task
of proto-language reconstruction (Meloni et al.,
2021). Related to cognate transliteration is the
task of grapheme-to-phoneme conversion, which
has a long history of research. Cognate translit-
eration can be viewed as G2P across languages,
where the words are cognates, for example in the
case of names (Waxmonsky and Reddy, 2012; Wu
et al., 2018; Wu and Yarowsky, 2018a). Recently,
researchers have studied massively multilingual
versions of these tasks, where single (neural) mod-
els are trained on the combination of hundreds of
languages (e.g. Deri and Knight, 2016; Gorman
et al., 2020; Lewis et al., 2020).

3 Data

We extract etymology information from the En-
glish edition of Wiktionary using Yawipa (Wu and
Yarowsky, 2020a), a recent Wiktionary parser. We
focus on six specific types of borrowings (whose
Wiktionary label is in monospaced font below)
across a spectrum of semantic and phonetic fidelity:

• calque: Also called a loan translation. Com-
ponents of the original word are literally trans-
lated into the target language, e.g. the English
brainwash, from the Chinese洗脑 xi ‘wash’
+ nao ‘brain’.

• partial calque: A calque where not ev-
ery component is translated, e.g. the English
apple strudel, from the German Apfelstrudel.

• semantic loan: A sense extension is bor-
rowed onto an existing word, e.g. the French
souris ‘mouse’, which borrowed the comput-
ing sense from the English mouse.

Lang Count %

eng 23,142 0.15
lat 18,713 0.12
fra 17,556 0.11
spa 7,123 0.05
ara 6,508 0.04
san 6,393 0.04
grc 6,122 0.04
deu 5,390 0.04
rus 5,109 0.03
ita 4,660 0.03

Table 1: Distribution of top 10 languages extracted
from Wiktionary.

• psm: Phono-semantic matching. Components
of the original word are replaced with pho-
netically and semantically similar words, e.g.
声纳 sheng ‘sound’ + na ‘receive’, from the
English sonar.

• transliteration: A deterministic pro-
cess of writing script conversion that seeks to
preserves a word’s orthography.

• bor: A generic borrowing category. The
overwhelming majority of borrowings in Wik-
tionary are labeled as such. In this paper, we
distinguish between bor, this relation as an-
notated in Wiktionary, and “borrowing”, the
word formation process encompassing these
six relations.

The data we extracted consists of over 150K
ground-truth annotated borrowing relationships,
spanning a total of 837 languages. The top 10
languages are shown in Table 1. Note that only
101 languages have more than 100 entries, and 260
languages have more than 10 entries. In this work,
we are also specifically interested in the long tail
of low-resource languages. The distribution of bor-
rowing relations is shown in Figure 2. Note the
log scale, and the fact that that the majority class
(bor) comprises 96% of the entire dataset, which
motivates several of our experimental variants.

4 Tasks

We first establish our terminology for borrowings:
we say etymology is directed relation between a
donor word and an incorporated word.2 We experi-

2We eschew the established terms “loanword” and “bor-
rowing” because loaning and borrowing imply an obligation
to return the item being borrowed. In contrast, “borrowed”
words are fully incorporated into the language.
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Figure 2: Distribution of borrowing relations.

ment on two tasks in etymology prediction:

4.1 Task 1: Incorporation Prediction

Given a donor word and a target language, how
would the word be incorporated into that language?
And by what means? This task is motivated by a
real-world example: when deep learning was gain-
ing popularity, researchers were considering how
to best render the term into Japanese. Should it
be a loanword and written in katakana (ディープ
ラーニング dı̄purāningu), or translated using a
calque (深層学習 shinsō gakushū ‘deep’ + ‘learn-
ing’)? Besides terminology standardization, this
task has applications in language revitalization and
unknown word translation.

4.2 Task 2: Donor Prediction

In the opposite direction, given a word, from where
and how did it come into the language? If we view
Wiktionary as a directed graph, where the nodes are
words and the edges are etymological relationships,
there are missing edges. The task is to reconstruct
these missing edges. As Wiktionary is a human-
annotated resource, there is much variance in the
quality and completeness of annotations, and good
performance on this task can help fill in etymology
even in high-resource languages like English.

5 Experiments

To tackle these two tasks, we employ character
neural sequence-to-sequence models. For Task
1, predicting the incorporated word, the input is
a sequence containing: the donor language, each
character of the donor word, the etymological re-
lation, and the target language. The output is the
characters of the incorporated word.

In: eng c a b b a g e bor abe
Out: k a b i j

For Task 2, the input is a sequence containing
the word’s language and each character of the word,
while the output is the donor language, donor word
characters, and relation.

In: abe k a b i j
Out: eng c a b b a g e bor

For Task 1, we experiment with separate LSTM
models trained for each borrowing relation (LSTM-
sep), a single multi-task LSTM model trained on
the combined data (LSTM), the same model trained
with both the source and target data preprocessed
by the unigram SentencePiece method (Kudo and
Richardson, 2018) with a vocabulary size of 4000
(LSTM-spm), the same model with copy attention
(See et al., 2017) (LSTM-copy), a Transformer
(Vaswani et al., 2017) model (TF), and an ensem-
bling method (Ensemble). This method is a score-
based voting procedure that combines the output
of the LSTM-sep, LSTM, and TF models. Each
model gives 5 votes for their top prediction, 4 votes
for their second place prediction, and so on (1 vote
for fifth place). For each test instance, the votes
are tallied up, and the prediction with the highest
number of votes is the prediction of the ensemble.
Ties are broken by picking the prediction with the
highest model decoder score among all the models.

For Task 2, we experiment with a baseline LSTM
model and the same model with copy attention.

All models were trained using the OpenNMT-
py framework (Klein et al., 2020). The LSTM
models are two-layer encoder-decoders with 500-
dimension hidden state, trained with the ADAM
optimizer. The Transformer model has a 6-layer
encoder and decoder with 8 heads, trained with
ADAM with learning rate scheduling. For repro-
ducibility, we provide the training scripts which
include the full model details. Accounting for the
extreme imbalance in our dataset, we performed a
stratified split of the dataset into a 80-10-10 train-
dev-test split, where each split contains the same
proportion of languages and borrowing relations.

6 Results and Analysis

6.1 Task 1

We evaluate each model on a held-out 15,288 ex-
ample test set. Table 2 presents character BLEU
(computed with SacreBLEU Post (2018)) as well as
accuracy and character edit distance from the gold
(CED). We also report 5-best results for accuracy
(was the correct answer in the top 5 results?) and
CED (within the top 5 results, what is the minimum
edit distance to the correct answer?)

At a cursory glance, the single models trained
on all the data performs slightly better compared to
the separate relation-specific models, following a
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Model BLEU Acc CED 5Acc 5CED

LSTM-sep 53.77 20.00 2.42 33.51 1.82

LSTM 55.83 21.43 2.31 34.98 1.71
LSTM-copy 55.90 19.92 2.32 34.46 1.69
LSTM-spm 45.62 10.68 2.85 20.31 2.13
Transformer 61.30 22.19 2.06 41.54 1.43

Ensemble 60.32 25.67 2.05 49.24 1.18

Table 2: Results for Task 1. Acc is accuracy (higher is
better), CED is average character edit distance (lower
is better). 5 indicates 5-best results.

trend of multi-task training performing better than
models trained on a single task. The Transformer
model performs the best, likely due to its innovative
attention mechanism that has proven successful in
other tasks. However, by examining the results for
each borrowing relation, we see that the successes
of the models are largely on the bor relations. All
the models perform poorly in correctly predicting
any non-bor relations, though we find that the
calque-specific model performs slightly better than
the jointly trained LSTM on calques. For example,
the separate calque model correctly predicted the
German vollschlank borrowed into Dutch as vol-
slank, which the LSTM model could not do. And
even when it generates incorrect answers, often the
predictions look like “good attempts” at calque-
ing. For example, the French Pays d’en Haut gets
translated as Land of the Roud (correct is upcoun-
try), whereas the jointly trained models often do
character substitutions instead.

Copy attention (LSTM-copy), which allows the
model the option to copy characters from the
source, was intended to help the model with sim-
ilarly spelled borrowings, but overall it did not
perform as well as a simple LSTM model. The
subword model (LSTM-spm) also unexpectedly
did not perform well. The goal of using subwords
was to encourage the model to translate larger char-
acter sequences, the idea being that translational
relations such as calques would consist of two sub-
words rather than several individual characters. In-
deed, the LSTM-spm model treats most words as
calques, often translating when it should instead
perform character substitutions or sound shifts. En-
sembling of three models’ outputs is a simple but
effective method resulting in a large increase in
prediction performance. The score-based voting
effectively combines the strengths of individual
models, especially when all models have the same
word in their n-best predictions.

Error Analysis Due to the small quantities of
available training data for partial calques, seman-
tic loans, phonosemantic matches, and transliter-
ations, the models cannot accurately learn to pre-
dict words incorporated by the aforementioned pro-
cesses. This data shortage is exacerbated for the
separately trained systems. Models largely treat
these translational borrowings as generic bors and
perform character substitutions and sound shifts.
This approach, exemplified by cognate translitera-
tion systems, works for the majority of test exam-
ples, because bors are essentially cognates with
small edit distance. All phonosemantic matches are
Chinese, so models will output Chinese characters,
but due to the sparsity of the characters, the model
cannot produce the correct answer. For the remain-
der of this analysis, we will focus on bor and cal
as the main two borrowing relations. We find all the
models show similar patterns of prediction, so the
following examples are from the multi-task LSTM
model.

In many cases, the incorporated word is similar
to the donor, so the model can correctly predict the
borrowing. For example, for the Latin vanitas bor-
rowed into French, the model predicts vanita; the
correct vanité is its second choice. The model can
also handle different writing scripts. For example,
it correctly predicts the Greek πυριτις borrowed
into Latin as pyritis. Unfortunately, sound shifts
do not work for the other borrowing relations, like
calques, that require translation of morphemes. In
many cases, the model does not seem to distin-
guish between non-bor relations and merely per-
forms sound shifting. For example, our model pre-
dicts that the English shopping center calqued into
Afrikaans is schoppingsentre (correct is winkelsen-
trum).

When encountering calques, the model some-
times recognizes that it should translate rather than
transliterate. However, the lack of sufficient train-
ing data prevents the model from learning to ac-
curately translate component morphemes. For ex-
ample, our model predicts the English download
calqued into German is Dunnleut (correct is herun-
terladen). Here, we see that the model picks up on
the fact that German words tend to start with a cap-
ital letter, though in this case the word in question
is a verb which does not need capitalization. We
also find that the model cannot get the word order
correct when languages have different adjective-
noun ordering. For example, our model incorrectly
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predicts that the French mariage blanc borrowed
into English is marriage mank (correct is white
marriage).

Broken down by language, our data contains
numerous low-resource languages, many of which
have just 1-10 words. Training a single model
on such data for a single language would yield
low performance, but our massively multilingual
borrowing models can successfully handle many of
these low-resource languages.

6.2 Task 2

For Task 2, we follow Wu and Yarowsky (2020a),
who used an LSTM model to predict both the lan-
guage and formation mechanism of a word. While
they attempted to predict broader categories of in-
heritance vs borrowing, we focus on six specific
borrowing relations. Because many borrowings
have small edit distance, we also employed an
LSTM model with copy attention. This model’s
performance was slightly worse than the baseline
LSTM, a trend we also observed in Task 1. This
indicates that borrowings are fundamentally differ-
ent from inherited and cognate words, where copy
attention models have seen good performance. Re-
sults grouped by word, language, and relation are
presented in Table 3.

The models for Task 2 are inherently multi-task:
they must predict the donor language, donor word,
as well as the relation. As such, prediction of donor
language and relation can be evaluated as classifi-
cation tasks. We found that our models were able
to generate valid languages and relations in 98%
cases, showing that sequence-to-sequence models
can also be successful in classification tasks.

We briefly analyze the errors of the LSTM model.
Perhaps unsurprisingly, the model gets over 96%
accuracy on predicting the relation by always guess-
ing bor, the majority class. Yet it is able to beat
a strong majority baseline (always predicting bor,
the majority class). Our model is also able to
successfully predict the language of the borrow-
ing in almost half of the test instances (guessing
the majority donor language, English, would only
achieve 14.8% accuracy). Thus a word’s language
and spelling provide sufficient information for iden-
tifying how and from where it entered the language.
In terms of errors, we find some instances where
the model predicts a donor language that is actu-
ally related to the correct language. For example,
the Dutch tabak is borrowed from Spanish tabaco,

Model Rel Lang Word CED

Majority 96.0 14.8 – –
LSTM 96.1 47.9 23.2 2.9
LSTM-Copy 96.1 47.7 20.8 3.0

Table 3: Results for Task 2: 1-best accuracy grouped by
Relation, Language, and Word. CED is average charac-
ter edit distance for Word prediction.

rather than our model’s French tabac, and many
Dutch words originally from English were pre-
dicted to come from German, and vice versa. We
also see several words like English specify were
predicted to come from French, but are actually
from Old French. Future work can address a cus-
tom loss function that gives “partial credit” to such
predictions rather than marking them as completely
incorrect.

In terms of word prediction, the seemingly low
accuracy of the model is not discouraging. Sup-
ported by the low character edit distance, we see
many examples where the model’s prediction is
close enough to be recognized by a human. For
example, the Chinese阿卡拉 is borrowed from En-
glish a cappella, but our model predicts acapara,
and the Jersey French thiâtre was predicted to be
borrowed from Latin thiatrum (correct is theātrum).
When providing new entries to an impoverished
etymology dictionary, our prediction model can
suggest possible etymology and even plausible un-
known word forms, which can then be verified by
a human lexicographer.

7 Conclusion

We model word borrowings from a donor to an
incorporated word, and vice versa, using neural
sequence models in a variety of experimental sce-
narios. We find that a single model trained to pre-
dict multiple types of borrowings performs bet-
ter than separate models trained for each borrow-
ing. A Transformer model performs better than an
LSTM model, and a simple ensembling method
results in superior performance, though the amount
of training data is a limiting factor in the perfor-
mance of these models. Predicting the donor lan-
guage and word is a slightly easier task, where
our LSTM model is able to beat a strong majority
baseline. Source code for reproducing our experi-
ments is available at https://github.com/wswu/
borrowings.
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Abstract
Recently, knowledge graph (KG) augmented
models have achieved noteworthy success on
various commonsense reasoning tasks. How-
ever, KG edge (fact) sparsity and noisy
edge extraction/generation often hinder mod-
els from obtaining useful knowledge to rea-
son over. To address these issues, we propose
a new KG-augmented model: Hybrid Graph
Network (HGN). Unlike prior methods, HGN
learns to jointly contextualize extracted and
generated knowledge by reasoning over both
within a unified graph structure. Given the task
input context and an extracted KG subgraph,
HGN is trained to generate embeddings for the
subgraph’s missing edges to form a “hybrid”
graph, then reason over the hybrid graph while
filtering out context-irrelevant edges. We
demonstrate HGN’s effectiveness through con-
siderable performance gains across four com-
monsense reasoning benchmarks, plus a user
study on edge validness and helpfulness.1

1 Introduction

Commonsense reasoning (CSR) is essential for
natural language understanding (NLU) systems
to function effectively in the real world (Apperly,
2010). For example, to answer the question in Fig-
ure 1, one must already know that printing requires
using paper. Yet, since commonsense knowledge is
self-evident to humans, it is rarely stated in natural
language (Gunning, 2018). This makes it hard for
neural pre-trained language models (PLMs) (De-
vlin et al., 2019) to learn commonsense knowledge
from corpora alone (Marcus, 2018).

Unlike raw text corpora, knowledge graphs
(KGs) can provide structured commonsense
facts (edges) of the form (concept1, relation,

concept2) (Speer et al., 2017). Hence, many re-
cent CSR models augment the PLM with a KG,

1Our code and data can be found at https://github.
com/INK-USC/HGN.

Figure 1: KG-Augmented Commonsense QA. Pre-
dicting the correct answer (“use paper”) requires com-
monsense facts like (print, Requires, paper)

and (paper, HasProperty, expensive), which
are not given in the question and candidate an-
swers. HGN uses facts extracted from the KG, e.g.,
(print, RelatedTo, use), but also generates
new facts, eventually upweighting relevant ones, e.g.,
(print, Requires, use paper) and (paper,

HasProperty, expensive), while downweighting
irrelevant ones, e.g., (use, ?, expensive).

allowing such KG-augmented models to make pre-
dictions via multi-hop reasoning over the KG (Lin
et al., 2019; Bosselut and Choi, 2019).

Despite the growing success of KG-augmented
models, obtaining helpful KG facts for a given
task instance remains challenging. Existing mod-
els assume using either KG-extracted edges (Lin
et al., 2019; Ma et al., 2019; Feng et al., 2020; Ya-
sunaga et al., 2021), PLM-generated edges (to ad-
dress KG edge sparsity) (Bosselut and Choi, 2019),
or a late fusion of both (Wang et al., 2020) is suf-
ficient. Both extraction and generation can pro-
duce unhelpful edges, so the model must decide
which edges to focus on during reasoning. Since
extracted and generated edges are derived from
the same set of concepts (nodes), modeling the in-
teractions between extracted and generated edges
jointly within a shared KG structure could provide
stronger signal for identifying contextually relevant
edges. However, current models do not leverage
this information.
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In response, we propose a new KG-augmented
model: Hybrid Graph Network (HGN). Unlike
prior models, HGN learns to jointly contextualize
extracted and generated knowledge by reasoning
over both within a unified graph structure. Given
the task input (i.e., context) and an extracted KG
subgraph, HGN is trained to generate embeddings
for the subgraph’s missing edges to form a “hybrid”
graph, then reason over the graph (to update model
parameters) while filtering out context-irrelevant
edges. HGN achieves this primarily through edge
reweighting, which downweights irrelevant edges,
and edge-weighted message passing, which attenu-
ates irrelevant edges’ impact on reasoning.

Our extensive experiments demonstrate that
HGN improves performance over all baselines
across four CSR benchmarks. In particular, among
comparable methods, HGN ranks first on the Com-
monsenseQA (Talmor et al., 2019) and Open-
bookQA (Mihaylov et al., 2018) leaderboards. Plus,
our user studies show that humans find HGN-
filtered edges to be more valid and helpful than the
heuristically extracted edges used in prior work.

2 Problem Statement

We consider CSR tasks, like question answering
(QA), which can benefit from commonsense KGs.
To solve CSR tasks, we focus on KG-augmented
models, where a PLM is augmented with a com-
monsense KG. Given a CSR task, let x be the task’s
text input, f be the model, and f(x) be the model
output. We denote a KG as G = (V,R, E). V , R,
and E are the sets of nodes (concepts), relations,
and edges (facts), respectively, in the KG. An edge
is a directed triple of the form e = (h, r, t) ∈ E ,
where h ∈ V is the head node, t ∈ V is the tail
node, and r ∈ R is the relation between h and t.
Let [·, ·] denote concatenation of text or vectors.

As illustrated in Figure 2, a KG-augmented
model f has three main components: text encoder
ftext, graph encoder fgraph, and scoring function
fscore. First, s = ftext(x;θtext) is the encoding of
x, where ftext is usually a Transformer PLM. Sec-
ond, as supporting evidence, a x-specific graph
G′ = (V ′,R′, E ′) is constructed from G (Figure 1).
Typically, this is done via heuristic extraction by
selecting V ′ ⊆ V as the concepts mentioned in
x, R′ ⊆ R as the relations between concepts in
V ′, and E ′ ⊆ E as the edges involving V ′ and
R′. If G does not provide enough knowledge to
build a good G′, then new edges are sometimes

Figure 2: High-level schematic of a typical KG-
augmented model for CSR. In KG-augmented mod-
els, text encoder ftext tends to be a Transformer PLM,
and scoring function fscore is usually an MLP. Mean-
while, KG-augmented models generally vary more in
their graph encoder fgraph and graph construction.

added to G′ using a PLM-based generator (Wang
et al., 2020). We call G′ the contextualized KG.
g = fgraph(G′, s;θgraph) is then the joint encod-
ing of G′ and s. Third, the model output is com-
puted as f(x) = fscore([s,g];θscore), where fscore
is usually a multilayer perceptron (MLP). Exist-
ing KG-augmented models mainly differ in their
design of fgraph, reasoning over the KG through
message passing (Schlichtkrull et al., 2018a; Feng
et al., 2020; Yasunaga et al., 2021) or edge/path
aggregation (Lin et al., 2019; Bosselut and Choi,
2019; Ma et al., 2019).

While KG-augmented models can be applied to
any CSR task involving KGs (e.g., natural language
inference), we consider multi-choice QA in this
work. Given a question q and set of candidate
answers {ai}, the QA model’s goal is to predict a
plausibility score ρ(q, a) for each a ∈ {ai}, so that
the highest score is predicted for the correct answer.
To use KG-augmented models for commonsense
QA, we set x = [q, a] and ρ(q, a) = f(x).

3 Hybrid Graph Network (HGN)

3.1 Overview

As illustrated in §2 and Figure 2, given question-
answer pair (q, a) for an instance of the multi-
choice QA task, the KG-augmented QA model
first obtains a (q, a)-contextualized KG G′ via the
full KG G. Edges in G′ can be extracted directly
from G or generated using a PLM-based generator
(Wang et al., 2020; Bosselut et al., 2019). Then, the
model transforms (q, a) and G′ into text encoding s
and graph encoding g, respectively. Finally, s and
g are used to predict (q, a)’s plausibility.

However, a contextualized KG may have low
knowledge recall or precision, hindering the QA
model’s access to relevant knowledge. Low re-
call can stem from missing edges in G, low pre-
cision can be the result of bad annotations in G,
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Figure 3: Overview of HGN. After building a hybrid graph of extracted and generated edges (§3.2), HGN reasons
over the hybrid graph by updating the node embeddings V, hybrid edge embeddings E, and adjacency matrix A
at each layer ` (§3.3). Darker edges indicate higher weights. Red variables are updated in the previous step.

and both can be caused by noisy edge extraction
or generation when building G′. HGN addresses
these issues by reasoning over both extracted and
generated edges within a unified graph structure.
To improve recall, HGN generates new edges via
a PLM-based generator, then initializes a hybrid
contextualized KG containing both extracted and
generated edges. Note that edge generation is gen-
erally (q, a)-agnostic and may produce irrelevant
edges that hurt knowledge precision. To improve
precision, HGN learns to reweight edges in the hy-
brid graph and reason over the hybrid graph via
edge-weighted message passing. This is akin to
learning the hybrid graph’s structure and reduces
the impact of irrelevant edges on reasoning. Ad-
ditionally, to further encourage downweighting of
noisy edges during reasoning, HGN is trained with
entropy regularization on the learned edge weights.

The overall learning objective of HGN is defined
as L = Ltask + βLedge, where Ltask is the loss for
the downstream task (in our work, QA), Ledge is
the entropy regularization term for edge weights,
and β ≥ 0 is a loss weight hyperparameter. In the
following subsections, we first explain how the con-
textualized KG G′ is constructed as a hybrid graph,
including its node embeddings V, hybrid edge em-
beddings E, and adjacency matrix A0 (§3.2). Next,
we show how HGN uses edge-weighted message
passing to update V, E, and A0 for L layers (Fig-
ure 3), yielding a refined adjacency matrix AL of
learned edge weights (§3.3). Finally, we describe
how Ltask is computed using s and g, while Ledge
is calculated using AL (§3.4).

3.2 Hybrid Graph Construction

Node Embeddings. The first step of retrieving
knowledge from G is concept grounding, which
involves identifying text spans in (q, a) that match
nodes in V . We define V ′ as the set of all con-
cepts mentioned in (q, a), where V ′q = {vi}nqi=1

and V ′a = {vi}nai=1 are the question and answer

concepts, respectively. Each node vi ∈ V ′ is rep-
resented by an embedding vi ∈ V, which can
be initialized using BERT (Devlin et al., 2019) or
TransE (Bordes et al., 2013).

Hybrid Edge Embeddings. In G′, we loosen the
definition of an edge to be e(i,j) = (vi, vj) ∈ E ′.
We build fully-connected edges between question
and answer nodes in G′. The set of edges in G′ is
thus defined as E ′ = (V ′q ×V ′a)∪ (V ′a ×V ′q). After
concept grounding, we need an edge embedding
e(i,j) ∈ E for each edge e(i,j). Let R be the re-
lation embeddings for all relations inR, obtained
using TransE. Each extracted edge (vi, r, vj) ∈ E
is thus initialized in G′ as e(i,j) = r ∈ R. How-
ever, due to edge sparsity, many edges do not have
labeled relations and cannot be initialized this way.

Meanwhile, despite PLMs’ limitations in com-
monsense, they have shown some ability to en-
code commonsense knowledge (Davison et al.,
2019; Petroni et al., 2019) and aid KG comple-
tion (Malaviya et al., 2019; Bosselut et al., 2019;
Wang et al., 2020). Hence, we generate edge em-
beddings for all unlabeled edges by feeding each
unlabeled edge into a GPT-2 (Radford et al., 2019)
based generator fgen(·, ·). This is further explained
in the “Edge Embedding Generation” paragraph.

In summary, edge embeddings are computed in
a hybrid way: (1) If there exists r ∈ R such that
(vi, r, vj) ∈ E , then e(i,j) = r ∈ R. (2) Otherwise,
e(i,j) = fadapt(fgen(vi, vj)), where fadapt(·) is an
MLP used to transform fgen(vi, vj) into the same
space as r.

Edge Embedding Generation. Inspired by re-
cent work in PLM-based commonsense KG com-
pletion (Bosselut et al., 2019; Malaviya et al., 2019;
Wang et al., 2020), we frame edge generation as
text generation. First, for each extracted edge
(h, r, t) ∈ E , we first tokenize its node pair (h, t)
and relation label r. Let h̃, r̃, and t̃ be the respective
token sequences of h, r, and t. Also, let $ be the
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special separator token. Next, for each tokenized
extracted edge, we train a GPT-2 model (Radford
et al., 2019) to autoregressively generate the con-
catenated sequence [h̃, $, t̃, $, h̃, r̃, t̃].

During inference, we only have unlabeled edges
(vi, vj) ∈ E ′, with no r. Thus, for each (vi, vj),
GPT-2 is given sinput = [ṽi, $, ṽj , $] and asked to
generate the missing tokens spred = [ṽi, r̃, ṽj ]. Let
[x1, x2, ..., xT ] = [sinput, spred]. The edge embed-
ding for (vi, vj) is then computed as fgen(vi, vj) =
1
T

∑T
i=1 hi, where hi is the GPT-2 hidden state for

xi. See Appendix §A for more details.
Alternatively, we consider another edge gener-

ation approach proposed by Wang et al. (2020).
Here, fgen(·, ·) is trained to generate a relational
path connecting vi to vj , then pool the path into an
edge embedding. The rationale for this approach is
that such paths have been shown to contain useful
semantic information about the relation between vi
and vj (Neelakantan et al., 2015; Das et al., 2017;
Wang et al., 2020).

Adjacency Matrix. Before edge generation,
G′ has binary adjacency matrix Aextract, where
A(i,j) = 1⇔ ∃r, s.t. (vi, r, vj) ∈ E . After getting
embeddings for all edges (vi, vj) ∈ E ′, Aextract

becomes A0, a denser binary adjacency matrix in
which A0

(i,j) = 1⇔ (vi, vj) ∈ E ′.

3.3 Hybrid Graph Reasoning

The procedure described in §3.2 yields a hybrid
graph, containing unweighted edges between all
question-answer node pairs. Constructing this hy-
brid graph may improve edge recall, but does not
address precision. Some edges in the initial hybrid
graph may be irrelevant to the question-answer pair,
either due to noisy edge extraction or generation.
HGN is thus designed to downweight irrelevant
edges by converting the unweighted graph into a
weighted one, then learning to reweight all hybrid
edges during reasoning (Figure 3).

Learnable Adjacency Matrix. Although A0 is
a binary adjacency matrix, HGN populates it with
learned edge attention weights and iteratively up-
dates them over L layers of reasoning. We de-
note the adjacency matrix at layer ` as A`, where
0 ≤ A`

(i,j) ≤ 1. Updating A` can be viewed as
softly contextualizing the hybrid graph’s structure
with respect to (q, a).

Edge-Weighted Message Passing. Following
the general Graph Network (GN) formulation pro-

posed by Battaglia et al. (2018), HGN’s graph
reasoning module consists of layer-wise node-to-
edge (v → e) and edge-to-node (e → v) mes-
sage passing functions. However, we equip HGN
with a modified version of GN’s edge-to-node mes-
sage passing function, in which each edge’s weight
is used to rescale information flow on that edge.
Intuitively, an edge’s weight signifies the edge’s
relevance for reasoning about the given task in-
stance. We also use text encoding s as global con-
text throughout message passing.

Formally, HGN’s update rule at layer ` is:

v → e : h`(i,j) = f `v→e
([

h`−1i ,h`−1j ,h`−1(i,j), s
])

;

w`(i,j) = f `w

([
h`−1(i,j), s

])
;

A`
(i,j) =

e
w`

(i,j)

∑
(s,t)∈E ′ e

w`
(s,t)

,

e→ v : u`(i,j) = f `u

([
h`−1i ,h`(i,j)

])
;

h`j = f `e→v

(∑
i∈Nj

A`
(i,j)u

`
(i,j)

)
.

(1)

Nj is the set of vj’s incoming neighbors; f `v→e, f
`
w,

f `u and f `e→v are MLPs; h0
(i,j) = e(i,j) is the initial

embedding for edge (vi, vj); and h0
i = vi is the

initial embedding for node vi.
In node-to-edge message passing, the embed-

ding of each edge (vi, vj) ∈ E ′ is updated as
h`(i,j), a function of (vi, vj)’s constituent nodes
and the given context s. Through s, the hybrid
graph is strongly contextualized with respect to
(q, a). Then, h`(i,j) is used to compute edge score
w`(i,j), which measures the edge’s relevance to s.
Each edge score is globally normalized across all
edges in the graph to produce edge attention weight
A`

(i,j), so that low-scoring edges are softly pruned
by receiving close-to-zero weight.

We use global edge attention (i.e., normalizing
across E ′) instead of local edge attention (i.e., nor-
malizing across Nj) because local edge attention
assumes at least one edge in Nj is relevant, which
may not be true. For example, given an irrelevant
or incorrectly grounded concept, none of its edges
will be helpful, and so all nodes in its neighborhood
should be excluded from influencing the reasoning
process. To demonstrate the advantage of global
edge attention, we empirically compare our de-
fault HGN architecture to an HGN variant based
on Graph Attention Network (GAT) (Velickovic

4041



et al., 2018), which uses local edge attention, in our
experiments.

In edge-to-node message passing, the embedding
of each node vj ∈ V ′ is updated as h`j , a function
of vj’s neighboring edges. For each edge neighbor,
edge weight A`

(i,j) is used to rescale the edge’s
influence on vj’s embedding update.

3.4 Learning Objective
Task Loss. After L layers of message passing,
we obtain node embeddings {hLi | i : vi ∈ V ′}
and edge embeddings {hL(i,j) | (i, j) : (vi, vj) ∈
E ′}. Node embeddings are aggregated into vagg
via attentive pooling with s as the query vector.
Edge embeddings are aggregated into eagg via edge-
weighted sum pooling. The final graph encoding is
then given as g = [vagg, eagg]. The probability of
a being the answer to q is calculated as ρ̂(q, a) ∝
exp(ρ(q, a)), where ρ(q, a) = fscore([s,g];θscore).
We use cross-entropy loss for the QA classification
task, so the loss for each (q, a) with label y is:

Ltask (ρ̂(q, a;θ)), y) = −y log ρ̂(q, a;θ). (2)

Entropy Regularization. To encourage the
model to be decisive during edge reweighting,
we use a regularization term to penalize non-
discriminative edge weights. In an extreme case,
a blind model will assign the same weight to all
edges, degenerating G′ into an unweighted graph.
This is a failure mode, since G′ is likely to contain
mostly irrelevant edges, and we want the model to
focus on the helpful edges. Therefore, via Ledge,
we train the model to minimize the entropy of the
edge weight distribution (i.e., make the distribution
more skewed), in order to maximize the informa-
tiveness of the predicted edge weights. Lower en-
tropy means the model has higher certainty about
edges’ relevance to the given task instance, such
that the model will discriminatively judge some
edges as being much more relevant than others.
Ledge is computed as:

Ledge(A
L(q, a)) = −

∑

(i,j):(vi,vj)∈E ′
AL

(i,j) logA
L
(i,j).

(3)

Joint Learning. We jointly optimize Ltask and
Ledge, so graph reasoning and structure can be
jointly learned. The full learning objective is:

L(θ) =
∑

(q,a,y)∼Xtrain

[
Ltask (ρ̂(q, a)), y) + β · Ledge(A

L(q, a))
]
,

(4)

where θ = {θtext,θgraph,θscore} is the set of all
learnable parameters, and Xtrain is the training set.
We train our model end-to-end by minimizing L(θ)
with the RAdam (Liu et al., 2020) optimizer.

4 Experiments

4.1 Experimental Setup

We evaluate our proposed model on four multiple-
choice commonsense QA datasets: Common-
senseQA (Talmor et al., 2019), CODAH (Chen
et al., 2019), OpenBookQA (Mihaylov et al.,
2018) and QASC (Khot et al., 2020) (details in
Appendix §B). We use ConceptNet (Speer et al.,
2017), a commonsensense knowledge graph, as
G. For text encoder ftext, we experiment with
BERT-Base, BERT-Large (Devlin et al., 2019) and
RoBERTa(-Large) (Liu et al., 2019) to validate
our model’s effectiveness over different text en-
coders. For OpenbookQA and QASC, retrieving
related facts from the provided corpus plays an im-
portant role in boosting the model’s performance.
Therefore, we build our graph reasoning model on
top of retrieval-augmented methods on the leader-
board: “AristoRoBERTa”2 for OpenBookQA and
“RoBERTa (2-step IR)”3 for QASC. In this way, we
can study if strong retrieval-augmented methods
can still benefit from KG knowledge and our HGN
framework.

4.2 Compared Methods

We compare our model with a series of KG-
augmented methods and different graph encoders:

Models Using Extracted Facts. We consider
seven models that only use extracted facts.
RN (Santoro et al., 2017) builds the graph with
the same node set as our method but extracted
edges only. The graph vector is calculated as
g = Pool({MLP([vi, e(i,j),vj ]) | (vi, vj) ∈ E ′}).
GN (Battaglia et al., 2018) presents a general for-
mulation of GNNs. We instantiate it with the lay-
erwise propagation rule defined in Equation 1. It
differs from our HGN in that: (1) it only considers
extracted edges; (2) all edge weights are fixed to
1. MHGRN (Feng et al., 2020) generalizes GNNs
with multi-hop message passing. GAT (Velick-
ovic et al., 2018) adopts attention mechanism to

2https://leaderboard.allenai.org/open_
book_qa/submission/blcp1tu91i4gm0vf484g

3https://leaderboard.allenai.org/qasc/
submission/bolaun0ghifmkohgvhr0
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Methods BERT-Base BERT-Large RoBERTa

60% Train 100% Train 60% Train 100% Train 60% Train 100% Train

LM Finetuning∗ 52.06 (±0.72) 53.47 (±0.87) 52.30 (±0.16) 55.39 (±0.40) 65.56 (±0.76) 68.69 (±0.56)

RN∗ (Santoro et al., 2017) 54.43 (±0.10) 56.20 (±0.45) 54.23 (±0.28) 58.46 (±0.71) 66.16 (±0.28) 70.08 (±0.21)
RN + Link Prediction∗ - - 53.96 (±0.56) 56.02 (±0.55) 66.29( ±0.29) 69.33 (±0.98)
RGCN∗ (Schlichtkrull et al., 2018b) 52.20 (±0.31) 54.50 (±0.56) 54.71 (±0.37) 57.13 (±0.36) 68.33 (±0.85) 68.41 (±0.66)
GAT (Velickovic et al., 2018) 53.05 (±0.37) 56.51 (±0.74) 55.80 (±0.53) 58.18 (±1.07) 69.63 (±0.42) 71.20 (±0.72)
GN (Battaglia et al., 2018) 53.67 (±0.45) 55.65 (±0.51) 54.78 (±0.61) 57.81 (±0.67) 68.78 (±0.67) 71.12 (±0.45)
GconAttn∗ (Wang et al., 2019a) 51.36 (±0.98) 54.41 (±0.50) 54.96 (±0.69) 56.94 (±0.77) 68.09 (±0.63) 69.88 (±0.47)
KagNet∗ (Lin et al., 2019) - 56.19 - 57.16 - -
MHGRN∗ (Feng et al., 2020) 54.12 (±0.49) 56.23 (±0.82) 56.76 (±0.21) 59.85 (±0.56) 68.84 (±1.06) 71.11 (±0.81)
PathGenerator∗ (Wang et al., 2020) 54.44 (±0.42) 56.99 (±0.41) 57.53 (±0.19) 59.07 (±0.30) 69.46 (±0.23) 72.68 (±0.42)

HGN (w/ PathGen edges) 55.68 (±0.29) 57.77 (±0.39) 58.19 (±0.27) 60.89 (±0.19) 70.95 (±0.21) 73.41 (±0.31)
HGN (w/ RelGen edges) 55.72 (±0.32) 58.01 (±0.29) 58.19 (±0.11) 61.11 (±0.21) 71.10 (±0.11) 73.64 (±0.30)

Table 1: Accuracy on CommonsenseQA inhouse test set. Both our model variants significantly improve over all
baselines. We use the same inhouse split as Lin et al. (2019). For baselines with ∗, we use the reported numbers
from Feng et al. (2020) and Wang et al. (2020) if available. Mean and standard deviation of four seeds are presented
for all models except KagNet.

reweight edges locally in each node’s neighbor-
hood. We implement it by replacing the graph edge
attention with local edge attention and only consid-
ering Ltask during training. RGCN (Schlichtkrull
et al., 2018a) extends Graph Convolutional Net-
works (GCNs) (Kipf and Welling, 2017) with
relation-specific transition matrices during message
passing. It operates on the same graph as RN. The
graph vector is calculated as g = Pool({hLi | vi ∈
V }). GconAttn (Wang et al., 2019b) softly aligns
the nodes in question and answer and do pooling
over all matching nodes to get g. KagNet (Lin
et al., 2019) uses an LSTM to encode relational
paths between question and answer concepts and
pool over the path embeddings for graph encoding.

Models Using Extracted and Generated Facts.
We consider two models that use both extracted
facts and generated facts. RN + Link Predic-
tion differs from RN by only considering the gen-
erated relation (predicted using TransE (Bordes
et al., 2013)) between question and answer con-
cepts. PathGenerator (Wang et al., 2020) learns
a path generator from paths collected through ran-
dom walks on the KG. The learned generator is
used to generate paths connecting question and an-
swer concepts. g is calculated as the concatenation
of the pooled vector over the generated paths and
the pooled vector over the extracted paths.

Our Model’s Variants. As described in §3.2, the
edge embedding can be computed either as a re-
lation embedding or a path embedding. We name
these two variants as HGN (w/ RelGen edges) and
HGN (w/ PathGen edges) respectively.

Methods Single Ensemble

ALBERT+DESC-KCR (Xu et al., 2020) 80.7 83.3
ALBERT+KD 80.3 80.9
ALBERT+KCR 79.5 -
Unified QA (Khashabi et al., 2020) 79.1 -
ALBERT+KRD 78.4 -
T5-3B (Raffel et al., 2020) 78.1 -
ALBERT+HGN (w/ RelGen edges) 77.3 80.0
TeGBERT 76.8 -
ALBERT+PathGenerator (Wang et al., 2020) 75.6 78.2
ALBERT (Lan et al., 2020) - 76.5

Table 2: Leaderboard of CommonsenseQA. HGN
ranks first among comparable systems, especially
achieving remarkable improvement over PathGenera-
tor (Wang et al., 2020).

4.3 Results

Performance Comparisons. Tables 1, 3, 4
show performance comparisons between our mod-
els and baseline models on CommonsenseQA, CO-
DAH, OpenBookQA and QASC. We clearly find
that models with stronger text encoders perform
better (i.e. RoBERTa > BERT-Large > BERT-
Base). For all text encoders, our HGN shows con-
sistent improvement over baseline models on all
datasets. The improvement over all baselines are
tested to be statistically significant under most set-
tings, demonstrating the effectiveness of HGN both
with and without retrieved evidence.

We also submit our best model to leader-
boards for CommonsenseQA and OpenBookQA.
For CommonsenseQA (Table 2), our HGN ranks
first among comparable approaches and shows re-
markable improvement over PathGenerator (Wang
et al., 2020) and the LM Finetuning approach
(ALBERT (Lan et al., 2020)). Higher-ranking
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(a) CommonsenseQA (RoBERTa). (b) OpenBookQA (AristoRoBERTa). (c) Ablations on model variants.

Figure 4: Low-resource and ablation studies. (a)(b) Performance of HGN and baseline models with different
amounts of training data; (c) Performance of different model variants.

Methods BERT-Large RoBERTa

LM Finetuning 65.74 83.14

RN (Santoro et al., 2017) 64.59 82.45
RGCN (Schlichtkrull et al., 2018b) 65.56 82.42
GAT (Velickovic et al., 2018) 65.88 82.78
GN (Battaglia et al., 2018) 65.52 82.06
GconAttn (Wang et al., 2019a) 65.17 82.35
MHGRN (Feng et al., 2020) 65.92 83.07
PathGenerator (Wang et al., 2020) 64.67 82.27

HGN (w/ PathGen edges) 66.21 84.32
HGN (w/ RelGen edges) 66.75 84.08

Table 3: Test accuracy on CODAH. Both our model
variants consistently improve over all baselines. We
use the official split for 5-fold cross validation. Mean
accuracy on 5 folds are presented.

models either use stronger text encoders or lever-
age additional data resources. Specifically, Uni-
fiedQA (Khashabi et al., 2020) and T5-3B (Raf-
fel et al., 2020) are based on T5. They have 11B
and 3B parameters respectively, making them im-
practical to be finetuned in an academic setting.
ALBERT+DESC-KCR (Xu et al., 2020) and AL-
BERT+KD additionally use concept definitions
from dictionaries. ALBERT+DESC-KCR and AL-
BERT+KCR leverage “question concept” anno-
tations, which are used during the construction
of the CommmonsenseQA dataset and allow the
model to learn shortcuts that don’t generalize to
other datasets. ALBERT+KRD retrieve sentences
from OMCS corpus (Liu and Singh, 2004) as input.
These methods are therefore not comparable with
our model. For OpenBookQA (Table 5), our model
ranks first among all models using AristoRoBERTa
as the text encoder.

Training with Less Labeled Data. Figure 4
(a)(b) show the results of our model and baselines
when trained with different portions of the train-
ing data on CommonsenseQA and OpenBookQA.

Datasets OpenBookQA QASC
Base Models AristoRoBERTa RoBERTa (2-step IR)

LM Finetuning∗ 77.40 (±1.64) 73.34 (±0.71)

RN∗ (Santoro et al., 2017) 78.05 (±0.77) 72.77 (±1.50)
RN + Link Prediction∗ 77.25 (±1.11) -
RGCN∗ (Schlichtkrull et al., 2018b) 74.60 (±2.53) 72.23 (±1.36)
GAT (Velickovic et al., 2018) 78.20 (±1.22) 72.61 (±0.93)
GN (Battaglia et al., 2018) 77.25 (±0.91) 72.53 (±0.70)
GconAttn∗ (Wang et al., 2019a) 71.80 (±1.21) 72.72 (±1.66)
MHGRN (Feng et al., 2020) 77.75 (±0.38) 73.24 (±0.45)
PathGenerator∗ (Wang et al., 2020) 79.15 (±0.78) 72.96 (±0.68)

HGN (w/ PathGen edges) 80.05 (±0.54) 74.10 (±0.42)
HGN (w/ RelGen edges) 80.15 (±0.38) 74.27 (±0.31)

Table 4: Test accuracy on OpenBookQA and QASC
with retrieval-augmented methods as base models.
Both our model variants greatly improve over all base-
lines except HGN (w/ PathGen edges) over MHGRN.
For OpenbookQA baselines with ∗, we use reported
numbers from Wang et al. (2020). Mean and standard
deviation of four seeds are presented.

Our model gets better test accuracy under all set-
tings. On CommonsenseQA without retrieved
evidence, the improvement over the knowledge-
agnostic baseline (LM Finetuning) is generally
more significant with less training data, which sug-
gests that incorporating external knowledge is help-
ful in the low-resource setting.

Study on More Model Variants. To better un-
derstand the model design, we experiment with
three variants of HGN (w/ RelGen edges) on Com-
monsenseQA and OpenBookQA. HGN w/o state-
ment vector doesn’t consider s in Equation 1,
which isolates the graph encoder from the text
encoder. HGN w/o Ledge does not consider the
entropy regularization term and thus does not pe-
nalize non-discriminative edge weights. HGN w/o
edge weights reasons over an unweighted graph
with hybrid features, which means edge weights
are all fixed to 1 during training. Figure 4 (c) shows
the results of the ablation study. “HGN” outper-
forms “HGN w/o Ledge”, suggesting the usefulness
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Methods Text Encoder Test Acc

UnifiedQA (Khashabi et al., 2020) T5-11B 87.2
T5-11B + KB T5-11B 85.4
T5-3B (Raffel et al., 2020) T5-3B 83.2
PathGenerator (Wang et al., 2020) ALBERT 81.8
HGN (w/ RelGen edges) AristoRoBERTa 81.4
AristoRoBERTa + KB AristoRoBERTa 81.0
MHGRN (Feng et al., 2020) AristoRoBERTa 80.6
PathGenerator (Wang et al., 2020) AristoRoBERTa 80.2
KF + SIR (Banerjee and Baral, 2020) RoBERTa 80.2
AristoRoBERTa AristoRoBERTa 80.2

Table 5: Leaderboard of OpenBookQA. Our
HGN ranks first among all submissions using Aris-
toRoBERTa as the text encoder.

Contextualized Graph GN (Aextract) HGN (AL)

Number of Edges 3.65 (±2.73) 4.38 (±3.24)
Number of Valid Edges 2.67 (±1.95) 3.15 (±1.98)
Percentage of Valid Edges 71.64% 78.51%
Average Helpfulness Score of Edges 0.90 (±0.50) 1.16 (±0.51)
Prune Rate - 22.84%

Table 6: User studies on learned graph structures.
30 pairs of contextualized graphs output by GN and
HGN are evaluated by 5 annotators.

of our proposed entropy regularization. Compar-
ing “HGN w/o statement vector” with “HGN”, we
find that accessing context information is also im-
portant for graph reasoning, which means informa-
tion propagation and edge weight prediction should
be conducted in a context-aware manner. HGN
also improves over “HGN (w/o edge weights)”,
indicating the effectiveness of conducting context-
dependent pruning.

4.4 User Study on Learned Structures

To assess HGN’s ability to refine graph structure,
we compare the graph structure before and after be-
ing processed by HGN. Specifically, we sample 30
questions with its answer from CommonsenseQA’s
development set and ask 5 human annotators to
evaluate the graph output by GN (with adjacency
matrix Aextract and extracted facts only) and by
HGN (with adjacency matrix AL). We manually
binarize AL by removing edges with weight lower
than 0.01.

Given a graph, for each edge (fact), annotators
are asked to rate its validness and helpfulness.
The validness score is rated as a binary value in a
context-agnostic way: 0 (the fact does not make
sense), 1 (the fact is generally true). The helpful-
ness score measures if the fact is helpful for solving
the question and is rated on a 0 to 2 scale: 0 (the fact
is unrelated to the question and answer), 1 (the fact

is related but doesn’t directly lead to the answer), 2
(the fact directly leads to the answer). Note that the
percentage of valid edges can be understood as the
precision of graph edges. For a given instance, the
number of valid edges is proportional to the recall
of the edges. We also include another metric named
“prune rate” calculated as: 1− # edges in binarized AL

# edges in A0 ,
which measures the portion of edges assigned very
low weights (softly pruned) during training and is
only applicable to HGN.

The mean ratings for 30 pairs of (GN, HGN)
graphs by 5 annotators are reported in Table 6.
The Fleiss’ Kappa (Fleiss, 1971) is 0.51 (moder-
ate agreement) for validness and 0.36 (fair agree-
ment) for helpfulness. The graph refined by HGN
has both more edges and denser valid edges com-
pared to the extracted one. The refined graph also
achieves a higher average helpfulness score. These
all indicate that our HGN learns a superior graph
structure with more helpful edges and fewer noisy
edges, which improves over previous works that
rely on extracted and static graphs. Detailed cases
can be found in Appendix §C.

5 Related Work

Commonsense QA. Commonsense QA is chal-
lenging because the required commonsense knowl-
edge is seldom given in the question-answer con-
text or encoded in the PLM’s parameters. Thus,
many works obtain this knowledge from external
sources (e.g., KGs, corpora). While Lv et al. (2020)
show that KGs and corpora can provide comple-
mentary knowledge, our paper focuses on improv-
ing the use of KG knowledge. KG knowledge
can be acquired in different ways, either from KG-
extracted edges (Lin et al., 2019; Ma et al., 2019;
Feng et al., 2020; Yasunaga et al., 2021), PLM-
generated edges (Bosselut and Choi, 2019), or both
(Wang et al., 2020). KG-augmented models mainly
differ in how they encode KG knowledge, using
message passing (Schlichtkrull et al., 2018a; Feng
et al., 2020) or edge/path aggregation (Lin et al.,
2019; Bosselut and Choi, 2019; Ma et al., 2019;
Wang et al., 2020). The most relevant work to
ours is Wang et al. (2020). The main difference is
that they coarsely combine extracted and generated
knowledge via late fusion, while HGN encodes
both types of knowledge within a unified graph.
Besides, they use RN to pool over a set of paths
for graph encoding, while HGN reasons over the
graph via message passing and edge reweighting.
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Graph Structure Learning. Instead of assum-
ing a fixed graph structure, a number of graph mod-
els learn the graph structure with respect to the
downstream task. Some models learn to discretely
select edges for the graph (i.e., hard pruning). Kipf
et al. (2018) and Franceschi et al. (2019) sample
the graph structure from a predicted probabilis-
tic distribution with differentiable approximations.
Norcliffe-Brown et al. (2018) calculate the relat-
edness between any pair of nodes and only keep
the top-k strongest connections for each node to
construct the edge set. Sun et al. (2019) start with a
small graph and iteratively expand it with retrieving
operations. Others learn to reweight edges in a fully
connected graph (i.e., soft pruning). Jiang et al.
(2019) and Yu et al. (2019) propose heuristics for
regularizing edge weights. Hu et al. (2019) use the
question embedding to help predict edge weights.
Unlike other edge reweighting models, HGN op-
erates over a hybrid graph of both extracted and
generated edges, while updating edge weights with
respect to node, edge, and text features.

6 Conclusion

In this paper, we propose HGN, a KG-augmented
model for CSR. To address KG edge sparsity
and noisy edge extraction/generation, HGN learns
to jointly contextualize extracted and generated
knowledge by reasoning over both within a unified
graph structure. We justify HGN’s design by show-
ing that HGN improves performance on various
CSR benchmarks and user studies. In future work,
we plan to increase the graph’s relation expressive-
ness by incorporating open relations, plus make the
edge extraction/generation process more dependent
on the reasoning context.
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A Implementation Details of Edge
Embedding Generator (RelGen)

Here, we give a more detailed explanation of the
PLM-based edge embedding generator fgen, intro-
duced in the “Edge Embedding Generation” para-
graph of §3.2.

To implement fgen, we adopt GPT-2 (Radford
et al., 2019), which is pretrained on large corpora
and achieves great success on a wide range of
tasks involving sentence generation, as a gener-
ator to generalize the facts from the knowledge
graph. We first convert each fact (h, r, t) ∈ E into
a word sequence with a “prompt-generation” for-
mat:

[
h̃, $, t̃, $, h̃, r̃, t̃

]
, where h̃, r̃, t̃ are the word

sequence of h, r, t respectively, $ denotes the de-
limiter token used by GPT-2, and [·, ·] denotes word
sequence concatenation. We adopt this format be-
cause

[
h̃, r̃, t̃

]
is similar to a natural language fact.

Generating facts in a natural format helps induce
commonsense knowledge stored in GPT-2 (Bosse-
lut et al., 2019). We denote the synthetic sentence
as s(h,r,t) =

[
x
(h,r,t)
1 , . . . , x

(h,r,t)
n(h,r,t)

]
and finetune

GPT-2 on all synthetic sentences created from E
with the language modeling objective:

Lgen(E) =
∑

(h,r,t)∈E

n(h,r,t)∑

i=1

logP
(
x
(h,r,t)
i | x(h,r,t)1 , . . . , x

(h,r,t)
i−1

)
.

After that, given any two concepts (vi, vj), we
build a prompt as [ṽi, $, ṽj , $] and let the model
to generate the following word sequence. We de-
note the whole sentence (both prompt and genera-
tion) as s(vi,vj), and the hidden states of each word
during generation as h1, . . . ,hT where T is the
sentence length. We average hidden states of all
words in the sentence to get the relational feature:
fgen(vi, vj) =

1
T

∑T
i=1 hi.

B Details of Datasets

Below are descriptions of the four datasets used for
the experiments presented in §4.

CommonsenseQA (Talmor et al., 2019) is a
multiple-choice QA dataset targeting common-
sense. It’s constructed based on the knowledge
in ConceptNet. Since the test set of the official
split (9741/1221/1140 for OFtrain/OFdev/OFtest)
is not publicly available, we compare our mod-
els with baseline models on the inhouse split

(8500/1221/1241 for IHtrain/IHdev/IHtest)4 used
by previous works (Lin et al., 2019; Feng et al.,
2020; Wang et al., 2020).

CODAH (Chen et al., 2019) contains 2801 sen-
tence completion questions testing commonsense
reasoning skills. We perform 5-fold cross valida-
tion using the official split.

OpenBookQA (Mihaylov et al., 2018) is a
multiple-choice QA dataset modeled after open-
book exams. Besides 5957 elementary-level sci-
ence questions (4957/500/500 for train/dev/test), it
also provides an open book with 1326 core science
facts. Solving the dataset requires combining facts
from open book with commonsense knowledge.

QASC (Khot et al., 2020) is a QA dataset with
questions about grade-school science. It has 9980
8-way multiple-choice questions (8134/926/920
train/dev/test), and comes with a corpus of 17M
sentences. Since the official test set does not have
labels, we create an in-house test split by moving
a randomly sampled set of 920 questions from the
training set to the test set. Solving questions in
QASC requires retrieving facts from the corpus
and composing them to produce an answer.

C Case Study

In addition to the experiments in §4, we present a
case study here, which compares a HGN-generated
graph with a KG-extracted graph used by GN. On
the development set of CommonsenseQA, there
are two dominating cases and we show the rep-
resentative instance of each one. Figure 5 (a)
shows the first case, where HGN prunes edges
from the extracted graph. Our HGN assigns the
highest weights to the most helpful facts (book,
AtLocation, house), (telephone book,
AtLocation, house). It also downweight un-
helpful fact (place, IsA, house) and invalid
fact (usually, RelatedTo, house). Figure 5
(b) shows the second case, where new generated
facts are incorporated into reasoning. All generated
facts that are kept by the model make sense in the
context and help identify the answer. Both cases
suggest that our model improve the quality of the
contextualized knowledge graph compared to the
current methods that only rely on extracted facts.

4https://github.com/INK-USC/MHGRN/
blob/master/data/csqa/inhouse_split_qids.
txt
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Graph of 
HGN

Graph of 
GN

(book, AtLocation, house), Edge weight: 0.48, Edge type: extracted

(telephone book, AtLocation, house), Edge weight: 0.48, Edge type: extracted

(place, IsA, house), Edge weight: 0.01, Edge type: extracted

(usually, RelatedTo, house), Edge weight: 0.01, Edge type: extracted

Question: What is a place that usually does not have an elevator and that sometimes has a telephone book?

Answer: house

Triples: 

(a) Case I: Unrelated extracted facts are filtered out.

Graph of
HGN

Graph of 
GN

(gossip, RelatedTo, water cooler), Edge weight: 0.09, Edge type: extracted

(office, RelatedTo, cooler), Edge weight: 0.09, Edge type: extracted

(office, RelatedTo, water), Edge weight: 0.09, Edge type: extracted

(office, RelatedTo, water cooler), Edge weight: 0.09, Edge type: extracted

(office worker, AtLocation, water cooler), Edge weight: 0.02, Edge type: generated

(worker, AtLocation, water cooler), Edge weight: 0.02, Edge type: generated

(gossiping, AtLocation, water cooler), Edge weight: 0.02, Edge type: generated

Question: Where would you find an office worker gossiping with their colleagues?

Answer: water cooler

Triples:

(b) Case II: Helpful generated facts are incorporated.

Figure 5: Representative cases from the development set of CommonsenseQA.
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Abstract

Stereotypes are inferences drawn about people
based on their demographic attributes, which
may result in harms to users when a system
is deployed. In generative language-inference
tasks, given a premise, a model produces
plausible hypotheses that follow either logi-
cally (natural language inference) or common-
sensically (commonsense inference). Such
tasks are therefore a fruitful setting in which
to explore the degree to which NLP systems
encode stereotypes. In our work, we study
how stereotypes manifest when the potential
targets of stereotypes are situated in real-life,
neutral contexts. We collect human judgments
on the presence of stereotypes in generated
inferences, and compare how perceptions of
stereotypes vary due to annotator positionality.

1 Introduction

Social categories refer to collections of people with
shared traits; stereotypes—cognitive structures
that associate categories (e.g., man, Black, poor,
professor) with both roles (e.g., doctor) and traits
(e.g., absent-minded)—are central to how people
construe social meaning (Levon, 2014; Macrae
and Bodenhausen, 2001; Greenwald et al., 1998).
Social psychology has studied how stereotypes,
as a cognitive process, are entwined with the
production of human affects of prejudice and
in-group favoritism, as well as behaviors like
discrimination (Stangor, 2014; Jackson, 2011).
Linguistic anthropology and sociolinguistic studies
argue that language—as the predominant way of
naming categories and transmitting knowledge—is
the only (or at least the primary) mechanism by
which social stereotypes are shared as part of
cultural knowledge (Fishman, 1956; Stangor and
Schaller, 2012; Maass and Arcuri, 1996).

∗? Equal contribution

premise A Cuban person needs help.�

hypothesis Then PERSONX gets a job.
Question Annotator 1 Annotator 2
correct? yes yes
plausible? yes yes
identity? maybe yes no
situation? maybe no not sure
sentiment? maybe negative positive
stereotype? yes no
description? problems with jobs n/a

Table 1: Annotation example; the hypothesis is auto-
matically generated from the premise. Both annotators
found the hypothesis grammatically correct and plau-
sible. One annotator viewed this hypothesis as nega-
tive stereotypical towards Cuban people, assuming that
they have problems with jobs. The other annotator had
the opposite opinion. Annotators differ in their back-
grounds and social groups they belong to.

In this paper, we study ways in which categories
implicate inferences around stereotypical roles and
traits computationally.1 Approaching stereotyping
through the lens of inference allows us to focus
on what models learn as implications rather than
simply associations (e.g., that lexical semantics
models typically find antonyms like “hot” and
“cold” to be highly related). Specifically, we train
models for English textual inference—including
both logical- (NLI) and commonsense-inference
(CI)—and investigate how stereotypes are repro-
duced by these models. The models we train
generate hypothesis text given a fixed premise
text (e.g., “PERSONX lights up candles”, where
PERSONX is substituted with the target category
label), and by varying the target category label,
we are able to investigate what and how much
stereotypical information the model produces in
its generated hypotheses (see Table 1).

To perform this analysis, we collect human judg-
ments on the generated hypotheses, given explic-

1It can go the other way: if asked to visualize a forgetful
professor, your mental image may conform to stereotypes.
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Domain Target Categories
Gender man, woman, non-binary person, trans man, trans woman, cis man, cis woman
Race African American, African-American, Black, White, White-American, White American, Hispanic, Latino,

Latina, Latin American, Arab, American Indian, Native American, Alaska Native, Asian American, Native
Hawaiian, Pacific Islander

Nationality Mexican, Chinese, Russian, Indian, Irish, Cuban, Italian, Japanese, German, French, British, Jamaican, American,
Filipino

Religion Jewish, Muslim, Catholic, Christian, Buddhist, Mormon, Amish, Protestant, Atheist, Hindu
Politics Democrat, Republican, Communist, Socialist, Fascist, Libertarian, Liberal, Capitalist, Conservative
Socio Rich, Wealthy, Poor, Immigrant, Refugee, Homeless, Aristocrat, Lower class, Middle class, Working class,

Upper class, Formerly incarcerated, First generation, Bourgeoisie

Table 2: Stereotype domains and corresponding target categories.

itly stated target categories in an otherwise neutral
premise, such as that in Table 1. We focus on
71 target categories drawn from six stereotype do-
mains that are particularly salient in the United
States2, listed in Table 2. With the collected hu-
man judgments, we first investigate which models
and categories lead to stereotyped inferences, and
the degree to which the invoked stereotypes are
negative. It is well established that stereotypes are
both an individual phenomenon—something that
resides in the heads of individual people—as well
as a cultural phenomenon—that “[sterotypes] exist
also in ‘the fabric of society’ itself” (Stangor and
Schaller, 2012), and as such who the annotators are
matters (Hovy and Spruit, 2016; Jørgensen et al.,
2015; Hazen et al., 2020). In view of this, part of
our analysis specifically considers how individual
annotators’ perceptions of stereotypes may vary.

Overall, we find that socioeconomic status and
politics are the domains most likely to yield stereo-
typed inferences. This is notable, as most existing
work in this space has focused on the domains of
gender and race (see §2). We also discover that
within these domains, certain target categories are
more likely to yield negatively stereotyped infer-
ences; specifically, the categories of poor, working
class, and formerly incarcerated people. For hu-
man judgements, we observe that annotators dis-
agree the most on the questions about whether an
inference is based on the identity mentioned in the
premise, as well as whether it reflects a stereotype
or not. This appears especially true when the hy-
potheses include less well-known stereotypes, or
stereotypes toward groups that are not typically
stereotyped in US culture.

Significant limitations. The most significant
limitation is our focus on English and US cul-

2Although we focus on the US, many of these categories
are salient globally, especially gender, sex and class (Fiske,
2017). Other domains may also be globally relevant due the
US’s export of stereotypes through media (Crane, 2014).

ture, as discussed above; this means that while
we may recognize negative stereotypes of (for in-
stance) Latin Americans in the US, we will likely
miss negative stereotyping of Roma in Spain. Our
work is also limited to just six stereotype domains,
and we do not explicitly account for intersection-
ality. While our annotators are of diverse cultural
backgrounds, another limitation is that there are
only four, limiting the breadth of our analysis of
annotator positionality.

2 Related Work

Our work builds on a growing body of recent com-
putational literature on stereotypes (often termed
“bias”). A major focus of past work has been on
the domains of gender and race, across a variety
of tasks including language modeling, coreference
resolution, natural language inference, machine
translation, and sentiment analysis (Sheng et al.,
2019; Rudinger et al., 2018; Lu et al., 2018; Dinan
et al., 2019; Rudinger et al., 2017; Kiritchenko and
Mohammad, 2018); Blodgett et al. (2020) provide
a review. There has simultaneously been a range of
work aimed to mitigate problems of stereotyping
in NLP systems, including many in the space of
text generation (Sheng et al., 2020; He et al., 2019;
Clark et al., 2019; Huang et al., 2020). In compar-
ison to this line of work, our main extensions are
(a) a broader range of domains considered, and (b)
a specific focus on the generation of entailed text.

Several very recent papers have also explored
other stereotype domains, including disabilities
(Hutchinson et al., 2020), and larger collections of
domains similar to ours. For instance, two recently
released datasets by Nadeem et al. (2020) and Nan-
gia et al. (2020) provide example texts and mea-
surements to determine if a language generation
system exhibits stereotyping toward the domains of
nationality, race, religion, profession, orientation,
disability, age, appearance, socioeconomic status,
and gender. Li et al. (2020) probes transformer-
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based question answering models on stereotypes
towards gender, nationality, religion, ethnicity do-
mains. Here, question/answer pairs are constructed
where a particular answer either does or does not
contain a known stereotype. Our analysis is similar
to these, with a slightly broader set of domains, a
focus on inference rather than question answering,
and a post-hoc analysis of what a model actually
produces, rather than a predefined dataset of poten-
tially expected stereotypes. An advantage of the
dataset approach is re-usability, while an advantage
of the post-hoc analysis approach is that it may
capture stereotypes we had not thought of a priori.

3 Data Generation & Annotation

We conduct experiments to study stereotypes with
a focus on generative text inference tasks. To do
that, we construct a list of stereotype domains and
a list of target categories for each of the domains.
We also manually create a list of underspecified,
real-life context situations for instantiated premises.
Using these constructed premises, we conditionally
generate hypotheses from three models. The result-
ing premise-hypothesis pairs are then judged for
stereotypes by four humans annotators.

3.1 Background on Text Inference Tasks

We consider two text inference tasks: natural lan-
guage inference (NLI; also textual entailment) and
commonsense inference (CI); both are typically
framed as classification tasks (Dagan and Glick-
man, 2004; Bowman et al., 2015; Williams et al.,
2018). Namely, given a text premise p and a text
hypothesis h, determine the relationship r between
the two. For NLI, the typical set of relationships are
r = ENTAILED if p logically entails h, CONTRADICTED

if h contradicts p, and NEUTRAL otherwise.
While CI tasks are less standardized than NLI,

here we follow the if-then formulation used in
ATOMIC (Sap et al., 2018) and COMET (Bosselut
et al., 2019). There, a premise is a short sentence
describing a scenario involving a generic partici-
pant (“PersonX”). Associated with each premise
is a multiplicity of hypotheses, capturing likely or
plausible inferences belonging to one of several
predefined relation types, e.g., X-INTENT (inferences
about PersonX’s intent) or X-EFFECT (inferences
about the scenario’s effect on PersonX). See ap-
pendix Table A1 for the full list of relations.

Following Bosselut et al. (2019), we consider
text inference from a generative perspective: given

a premise p and relation type r, generate a hy-
pothesis h that bears that relation to p. This
framing enables us to explore what trained mod-
els have learned about inference, without provid-
ing explicit hypothesis prompts. For NLI, we
focus on two finetuned GPT-2 models using the
SNLI (Bowman et al., 2015) and MNLI (Williams
et al., 2018) datasets. For CI, we use the COMET
model (Bosselut et al., 2019), which is trained on
the ATOMIC (Sap et al., 2018) dataset.3 More
details are in Appendix A.

3.2 Experimental Setup

Our goal is to construct hypotheses like “The [TAR-
GETCATEGORY] person is cutting up fish for din-
ner.” To this end, we define a set of domains and
target categories, and a set of context situations.

Stereotype Domains. Certain social categories
are more likely to be referenced in stereotyped
inferences. As discussed in § 2, previous works
have mostly focused on two domains: gender (typ-
ically men vs. women) and race (typically Black
vs. White). To broaden the space of consideration,
we mostly follow Nangia et al.’s (2020) taxonomy
of stereotype domains, which is a narrowed ver-
sion of US Equal Employment Opportunities Com-
mission’s list of protected categories; to this set,
we also add the political stance domain. Overall,
the six stereotype domains we choose to focus on
are: race/color/ethnicity/ancestry (henceforth, race,
gender, religion, nationality), socioeconomic sta-
tus (henceforth, socio), and political stance (hence-
forth, politics).

Target Categories. Within each stereotype do-
main, our goal is to select target categories that are
(a) common and (b) most likely to be the target of
stereotypes in the United States; we rely on authori-
tative sources to assembled these lists. For religion,
nationality, race, socio, and politics, we mostly fol-
low the lists from outside resources (such as Pew,
the World Atlas, and Wikipedia; see Appendix C);
for gender, we manually create the list. Note that
many categories have multiple possible labels; we
attempt to use ones that are currently generally be-
nign and affirming, to avoid triggering stereotypical
inferences based on an explicitly negative represen-

3We note that even when CI is not framed as a generative
task, CI datasets have been created using generative textual
inference models (Zhang et al., 2017; Zellers et al., 2018).
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tation of the target category4. For instance, we use
formerly incarcerated person instead of felon and
Black or African American instead of older and/or
related derogatory terms.5 This choice, however,
means that our results do not capture the full ex-
tent of stereotypes, as more derogatory terms of-
ten come with stronger stereotypical inferences,
even for the same category (Devine and Baker,
1991). Table 2 is the list of our 71 target categories,
which also includes spelling variations for some
categories (e.g., presence or absence of a hyphen).
In our analysis, we merge multiple terms under one
category into a single label (e.g., Latino, Latina,
and Latin American are analyzed as Latin). The
table of substitutions is provided in the supplement.

Context Situations. For our experiments, we
manually construct a list of 102 real-life contexts
into which the target categories will be inserted.
Our aim here is to create premises that describe
situations that are unlikely themselves to lead to
the production of stereotypes in hypotheses, inde-
pendently of the target category. When we con-
struct the list we follow two strategies, thus cre-
ating two types of contexts. The first type, DAILY

ACTIVITIES are neutral contexts in which it is diffi-
cult to imagine a direct extension to a stereotype.
These are situations that do not beg for any particu-
lar continuation, such as “PERSONX holds a cup”
or “PERSONX goes for a walk”. The second type,
TRIGGERS, are situations that are neutral, but which
may trigger some stereotypical output for different
target categories. For instance, with the premise:
“PERSONX is holding a knife”, plausible hypothe-
ses include “PERSONX is cooking”, “PERSONX is
being attacked”, and “PERSONX is attacking some-
body.” See the supplement for the full list.6 One
limitation of using these context templates is that
the resulting premise can be somewhat unnatural.
However, in order to control triggers other than
the tested target category, we opted for simple, if
sometimes stilted, over more complex.

4Some target categories might be ambiguous. For instance,
Indian can mean Native American, conservative can mean just
a conservative person and not a political affiliation, and fascist
is mostly a historical category (now is used more as an insult).

5In some cases this is difficult. For instance, different
people who may generally be referred to as Indigenous, Native
American, or American Indian may identify with one of those
terms, or may rather prefer to be referred to by the name of
their tribe (Blackhorse, 2017).

6We adjusted the target terms accordingly for the premise
to sound more natural (e.g. we use “A poor person” and “An
atheist person” rather than “A poor” and “An atheist”).

3.3 Data Generation

We are interested in model behavior for different
target categories in our constructed contexts. We
generate around 130k example premises for later
human annotation from the cross-product of:
(a) target category (71 total),
(b) context situation (103 total),
(c) model (3: SNLI, MNLI, COMET), and
(d) entailment relation (1 for NLI and 3 for CI7),

and generating three hypotheses for each.
To get an initial sense of the outputs generated,

we ran the Hugging Face sentiment analysis sys-
tem on the generated hypotheses8; details are in
Appendix B. For each example, it gives a label
“negative” or “positive” with an associated proba-
bility. For instance, “African Americans participate
in demonstrations” gets a negative label, with prob-
ability near chance: 54%. Overall, the hypotheses
generated from three models have around half neg-
ative hypotheses and half positive. In general, CI
(COMET) tends to produce on average slightly
more negative inferences (56%) than NLI (51% for
both MNLI and SNLI).

3.4 Human Annotation

The annotation is done by the four authors of this
paper.9 For annotation, we sample a subset of ex-
amples from the generated dataset. In total, we an-
notate 1281 examples, which are generated with 21
situations (out of 102) and 61 categories.10 Among
the 1281 examples, 255 examples (which consists
of 3 situations with all categories and 4 categories
with all situations) are annotated by all four annota-
tors in order to measure annotator agreement. The
remaining 1026 examples are randomly divided to
be annotated by only one of the annotators.11

Annotation guidelines. To examine how model
behaviors and human judgments vary for different

7For NLI, we only consider the neutral relation, because
with other relations we observe structurally limited hypotheses
(e.g., CONTRADICTION tends to produce hypotheses which
say the opposite of the premise). For CI, we pick three rela-
tions: X-ATTR, X-WANT, and X-EFFECT; see §3.1

8https://huggingface.co/transformers/examples.html
9Annotators consist of one Russian cis woman, one Chi-

nese cis woman, one white American cis man, and one white
American cis woman. All annotators hold advanced degrees.

10Out of 71 target category terms, we merge terms that
are spelling variations of one category, which results in 61
target categories in total. When generating examples for each
category, we use these terms rotationally.

11Annotated data available at: https://github.com/AnnaSou/ste
reotypes generative inferences.
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Label Annotation Question
VALID? Does the hypothesis include more informa-

tion than the premise? Is it grammatically
correct? (If not, skip the remaining ques-
tions)

PLAUS? Is the hypothesis plausible given the premise?
(If not, skip the remaining questions).

IDEN? The hypothesis appears to be based on the
target category identity.

SITU? The hypothesis appears to be based on the
context situation.

SENTI? What types of inferences does the hypothesis
have about the target category?

STEREO? Does the hypothesis contain known (to you)
stereotypes of the target category?

WHAT? What is the evoked association of the target
category based on the hypothesis?

Table 3: Annotation questions.

target categories in our neutral contexts, we have
annotators answer the questions in Table 3.
I VALID?: annotators decide whether the hypoth-

esis is grammatically correct and includes more
information than the premise. Possible answers are
yes or no. For instance, given “A Catholic person
saw dust on the floor.”, an invalid hypothesis is
“The dust on the floor PERSONX.”
I PLAUS?: annotators decide whether the hy-

pothesis is plausible given the premise. The possi-
ble answers are yes or no. A plausible hypothesis
means the hypothesis is logically consistent with
the premise. For instance, given “A Catholic person
saw dust on the floor.”, an implausible hypothesis
is “The dust on the floor was the same as tan.”
I IDEN?: annotators choose whether the hypoth-

esis appears to be based on the target category’s
identity to one of the following degrees: yes, maybe
yes, not sure, maybe no, no. For example, given
the same premise “A Buddhist person is sleeping.”,
the hypothesis “The person is poor.” is likely based
on the target category identity.
I SITU?: annotators choose whether the hypothe-

sis appears to be based on the situation: yes, maybe
yes, not sure, maybe no, no. For instance, given
the premise “A Buddhist person is sleeping.”, the
hypothesis “The person is having a happy dream.”
is based on the situation. It is possible for an in-
ference to be based on both situation and identity,
as in the same premise with hypothesis “The poor
person is having a happy dream.”
I SENTI?: annotators identify if the hypothesis

expresses ppositive or negative sentiment toward
the target person on a five item Likert scale: from
negative, maybe negative, neutral to maybe posi-
tive, positive. For example, “The American per-

son is rude and entitled” is a negative inference,
whereas “The woman makes sure her family is
happy” is a maybe positive inference.
I STEREO?: annotators choose whether the hy-

pothesis conforms to stereotypes they know; op-
tions are yes, no, or maybe. People’s perceptions
on whether a hypothesis is stereotypical or prob-
lematical are highly subjective (Hazen et al., 2020),
and one research question we seek to answer is how
annotators’ levels of agreement may vary for dif-
ferent target categories (see §4.2). Overall, stereo-
types can harmful even when positive; the nur-
turing stereotype of women is used to justify ex-
clusion from professional settings (Tinsley et al.,
2009), and, for women who do not conform to
the stereotype, can lead to increased sexual harass-
ment (Leskinen et al., 2015).
I WHAT?: annotators write the possible associa-

tions evoked from the hypothesis as free text.12

4 Findings & Analysis

We analyze our results from two perspectives:
model behavior and human judgment. We first
discuss the models’ behaviors for different stereo-
type domains, target categories, and situations. We
then explore how human judgments deviate depend-
ing on target categories and domains, and provide
annotator agreement analysis. We are also inter-
ested throughout in evidence of defaulting (Rosch,
1975)—the observation that some target categories
often go unremarked (e.g., “woman” may often be
used to mean “cis woman”, and “American” may
often be used to mean “white American”)—in the
generations, for instance because the models are
unused to seeing language with explicit defaults.

In analyzing our results, we start from the norma-
tive position that identical model behavior across
target categories is insufficient, despite being a
prevalent goal in past literature (Blodgett et al.,
2020, inter alia). We take this position for two rea-
sons. First, because if a person of some category
sees an offensive stereotype about themselves in a
downstream system, they are harmed even if the
same output is generated for other categories. Sec-
ond, because social hierarchies enable members of
some groups to more easily subjugate members of
other groups, the same oppressive stereotypes are

12We left open the possibility that some generated text
may contains anti-stereotypes, and had annotators mark these.
However, they were exceedingly rare and had very low agree-
ment, and so we exclude this question from the remainder of
our analysis.
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more likely to harm people in categories lower on
the social hierarchy than those higher.

For example, for the premise “PERSONX has a
child”, the generated hypothesis from MNLI is
“PERSONX is not allowed to have a child” for
African American, Asian American, and Amish.
This evokes historically forced sterilization of
African American women (Prather et al., 2018),
the recently canceled Chinese one-child policy (Xie
et al., 2018), and stereotypes of Amish families hav-
ing many children13. These stereotypes are harmful
for each of these groups, even though it is also gen-
erated for others. The degree of harm also varies
by category; for instance, if the same hypothesis
were generated for white American, it is unclear
that would cause much harm. More examples from
COMET are in appendix Table A2 and supplement
for SNLI and MNLI.

4.1 Model Behavior

With the collected human annotations, we seek to
answer the following research questions:

1. Which models and domains are more prone
to invalid and implausible hypotheses?

2. What target categories have more hypotheses
based on identity?

3. Which models and domains are more likely
to lead to stereotyped hypotheses? Which
target categories are more prone to negative
inferences?

4. What are the commonly evoked associations?
We address each question in turn, expanding on the
question, motivating it, and presenting the results.

1. Which models and domains are more prone
to invalid and implausible hypotheses? We
aim to reveal model’s capability of generating plau-
sible hypotheses. It is harmful if models fail to do
so for some particular target categories, because
then any downstream system will not be able to
rely on such inference model. Additionally, we use
this question as a filtering step.

For each of the stereotype domains (and models),
we wish to know what percentages of generated hy-
potheses are illegitimate. By illegitimate, we mean
hypotheses that are grammatically incorrect, do not
contain any additional information to the premise,
or are implausible. We compare the results across
models and find that the MNLI model is more prone
to generate illegitimate hypotheses than SNLI and

13https://amishamerica.com/how-many-children-do-amish-have/

Figure 1: Annotation results for the question of what
portion of models’ generations are based on identities
across target categories. The y-axis is the fraction of
hypotheses which are based on identities. For each
stereotype domain on the x-axis, the grey line and the
shaded box represent the average percentage in that do-
main and its 95% confidence interval. Inferences based
solely on target categories’ identities are color-coded.
The redder the more inferences are based solely on
identity. The darkest blue corresponds to zero percent-
age of inferences based exclusively on identity.

COMET models (21.9% versus 7.4% and 8.1% for
SNLI and COMET respectively.)

We then compare the percentage across stereo-
type domains to see for which domain the infer-
ence systems are more likely to fail in generating
legitimate hypotheses. The results are shown in
appendix Figure A3. We find that the inference
models generate more illegitimate hypotheses for
target categories of religion, socioeconomic status,
race, and nationality (∼ 13%) than for target cate-
gories of gender and politics (∼ 7%). We also find
that the percentage of illegitimate hypotheses is ex-
tremely high for British, Asian, low class, poor, and
atheist. We can also see some effect of defaults: cis
woman (4.8%) generates more implausible outputs
than woman (0%), possibly because in the training
data for these models, “cis woman” is rarely seen.

2. What target categories have more hypothe-
ses based on identity? When target categories
are embedded in real-life, neutral situations, we
prefer a model that generates outputs more keyed
to the situation than to the identity of the person
mentioned. If a model frequently makes inferences
based on the identities and ignores the situations
for some target categories, this can lead to harms
related to those categories.

To perform this analysis, we first filter out invalid
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and implausible hypotheses (VALID?, PLAUS?).
Then among the remaining 1144 annotations, we
check how many hypotheses are based on identity
by looking into IDEN?. For this analysis, annota-
tions of yes and maybe yes are counted as based on
identity. Figure 1 shows for each target category
the percentage of hypotheses (post-filtering) that
are based on identity.

We find that across models, around 29% of gen-
erated hypotheses are based on identities, and that
the target categories of socioeconomic status and
religion focus more on identities, in comparison
to politics, nationality, race and gender (39% and
33% vs. 29%, 25%, 23%, and 19% respectively).
In general, we find that, on average, more vulner-
able target categories have a higher percentage of
hypotheses generated based on identities. (This is
not universal: the target category of aristocratic
has generations with the same level of dependency
on identity as the low class category, despite the
asymmetry in social position here.)

We are particularly interested in cases where a
hypothesis is based only on identity and not at all
on situation: this means that the model has essen-
tially focused exclusively on a person’s identity
and ignored everything else. Therefore, we ex-
plore SITU? and check how many hypotheses are
not based on situation for each target category and
stereotype domain. Annotations of no or maybe no
for SITU? are counted as not based on situation.
In the results, we see that hypotheses generated
about formerly incarcerated, poor, working class,
and Filipino turn out to be highly dependent on
identities. However, among these categories, for-
merly incarcerated and Filipino have 38.9% and
23.5% of hypotheses exclusively based on identi-
ties (and not situation), while poor and working
class categories only have 6.7% and 14.3% of such
inferences. (These percentages are color-coded
in Figure 1: higher percentages in red, lower in
blue.) Overall, the highest percentage of inferences
based exclusively on identities is for religion do-
main 14.2% and the lowest is for gender domain
4.4%. Similar to our observation on IDEN?, we
find vulnerable target categories tend to have more
hypotheses that completely ignore the situation.
Categories like formerly incarcerated, Asian, Fil-
ipino, refugee, Amish, and fascist have a high per-
centage of hypotheses generated independent of
situation. On the other hand, categories such as
white, woman, man, trans man, French, and Amer-

Figure 2: Annotation results for the question which tar-
get categories and stereotype domains are more likely
to have stereotyped hypotheses. The y-axis represents
the fraction of stereotyped hypotheses for each target
category. The color of the circle encodes the over-
all percentage of negative inferences for each target
category (The darker the color the more negative in-
ferences such target category has. The lightest color
corresponds to 33.3% of negative inferences while the
darkest color corresponds to 77.8%. Note: not all
negative inferences are stereotyped inferences and vise
versa.). For each stereotype domain, the grey line and
the shaded box represent the average percentage and its
95% confidence interval.

ican have no hypotheses in which the situation is
ignored.

3. Which models and domains are more likely
to lead to stereotyped hypotheses? Which tar-
get categories are more prone to negative infer-
ences? Although the previous question reflects
how much the models’ generations depend on iden-
tity information, we still want to see directly how
frequently explicitly stereotypical hypotheses are
generated across different models and stereotype
domains. If some model consistently generates hy-
potheses with stereotypes of some target categories,
then it can cause representational harms to people
in those target categories.

To answer this question, we delve into annota-
tions for STEREO?. For STEREO?, votes for yes
and maybe are categorized as containing stereo-
types, while no is categorized as do not contain
stereotypes. For SENTI?, we count positive and
maybe positive as positive inferences, and negative
and maybe negative as negative, and neutral as nei-
ther positive nor negative. We find the percentages
of stereotyped hypotheses and negative hypotheses

4058



Category Association
Immigrant poor, illegal, criminals, farmers, desperate
Trans man avoided, sinful, sick, sex work
Muslim religious, aggressive
Jewish religious, wealthy, unpleasant
Mormon immoral, selling drugs, sinful
capitalist greedy, rich, mean
Asian gangs, smart, not respected, Chinese
poor sad, needy, drugs, avoided, weak
Cuban alcoholics, tacos, friendly, criminals
Russian violent, alcoholics, rude, intellectual
American pro-war, proud, selfless

Table 4: The keywords from evoked associations for
some target categories.

are similar across all three models: around 28%
contain known stereotypes and 59% are with nega-
tive sentiment. Detailed results across stereotype
domain comparison are shown in Figure 2. Overall,
these models generate more stereotyped hypothe-
ses for domains of socioeconomic status, politics,
and nationality, compared to domains of race, gen-
der, and religion. The most stereotyped categories
from each domains are trans woman, Cuban, Latin
American, Fascist, Jewish, and poor. In terms of
percentage of negative inferences, socioeconomic
status has the least negative inferences of 54% and
religion has the highest of 63%.

Moreover, we find that the target categories that
are more affected by stereotypes are not necessar-
ily prone to have negative inferences. For instance,
poor has 67% or stereotyped inferences, while only
33% of those are negative. On the other hand,
woman have less than 10% of stereotyped infer-
ences, but 76% are negative. Overall, all models
produce negative inferences even for categories
with a low level of stereotyping: models achieve
some parity in distributing negative generations
across domains, but, as discussed in the conclusion,
this does not necessarily make the models fair.

4. What are the evoked associations? In Ta-
ble 4, we provide keywords that are associated by
annotators with the target categories. The full list
is in supplementary materials. Some of these asso-
ciations relate to the existing stereotypes, some do
not. For instance, democrat based on the generated
hypotheses are associated with “rude”, “causing
trouble”, and “making deals.” Even though there
might be no related stereotypes, such hypotheses
still might be harmful to the target category.

4.2 Human Perceptions of Stereotypes
We explore human perceptions of stereotypes. It
is known that people’s perceptions on whether a
hypothesis is stereotypical or not can be subjective
(McGarty et al., 2002). Overall, we find that an-
notators highly agree VALID? on PLAUS? with
91.8% and 85.8% agreements respectively, and
highly disagree on IDEN?, SENTI?, and STEREO?
with 39.2%, 37%, and 21.8% scores respectively.

To calculate annotator agreement, we use the 255
examples that were annotated by all four annotators.
Throughout this section, we calculate agreement as
the fraction of times all annotators give the same
answer.14 We filter out examples that have fewer
than three annotations. This may happen because,
for example, some annotators mark the example
as invalid or implausible and thus skip the rest of
the questions. Then for examples that have four
annotations, we randomly pick three of them to
calculate agreement.

Agreement on Hypotheses Origins. Annota-
tors agree more on the situation question (66.5%
agreement) than the identity question (39.2%),
likely because the situation question is defined
purely on the bases of the stated hypothesis, while
the identity question depends on annotators’ per-
ceptions of that identity.

We observe zero agreement on whether situa-
tion is based on identity or not for several target
categories such as white, Asian, Mormon, liberal.
On the other hand, categories of Jewish, commu-
nist, and atheist have complete agreement (100%).
In general, we see that annotators have more dis-
agreements on the questions that involve target cat-
egories’ identities, most likely because these rely
more on cultural context.

Agreement on Stereotyped Hypotheses. Over-
all, for STEREO? annotators agree on only 21.8%
of the examples. We observe that annotators have
complete agreement on categories that are either
highly stereotyped such as homeless, trans man,
communist or have very little widely known stereo-
types such as atheist and Native American. In ad-
dition, both categories of atheist and Native Amer-
ican have a very low level (around 6%) of stereo-
typed hypotheses. We suspect that it is simply eas-

14We choose to report the percentage of agreements rather
than an inter-annotator agreement statistic (e.g., Fleiss’s kappa
or Krippendorff’s alpha) because it is more easily interpretable
than coefficients and we expect annotations to be skewed to
some choices for questions like VALID? and PLAUS?.
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ier for annotators to detect stereotypes for typically
stereotyped categories.

There are also some exceptions like cis woman,
which has a high percentage of stereotyped hy-
potheses (33.3%) but has low annotator agreement
(0%). We suspect the reason is that the stereo-
types towards cis woman in our dataset are not
well-known existing stereotypes, which tends to
lead to more disagreements. As an example of
annotator disagreement for STEREO?, given the
premise “A Latin American person has a child,” an-
notators disagreed about whether the hypothesis
“The person then gets pregnant” represents a stereo-
type or not; those who annotated it as stereotype
did so because it evokes a fertility threat stereo-
type (Gutiérrez, 2009), a stereotype not known by
all annotators. Overall, we find that annotators’
perception and ability to detect stereotypes varies
based on their knowledge of the target categories,
arguing that a large—and diverse—set of annota-
tors is important for problems around stereotyping.

Because of the subjective nature of these an-
notations, we further consider agreement at two
levels: (1) how often do all annotators agree, and
(2) how often do a randomly chosen pair of an-
notators agree. High percentages for (1) indicate
that a question is not particularly subjective (or
that all annotators have the same subjective opin-
ion), while a small value of (1) but large value of
(2) indicates that a strong degree of subjectivity
exists, but that even among four annotators some
of them frequently agree. For (1), agreement on
the more objective questions such as hypotheses
correctness, plausibility, and relatedness to situa-
tions have 91.0%, 82.9%, and 66.7% agreement.
On the other hand, we observe zero agreement
for stereotypes, 24.9% for identity agreement, and
26.6% for sentiment agreement. This suggests—
especially for the 0% for stereotypes—that getting
more annotators is needed in order to feel confi-
dent about coverage. For (2), we observe overall
a high level of agreement for correctness, plau-
sibility, and relatedness to situations with 95.3%,
88.0%, and 82.5% agreement respectively. We ad-
ditionally observe a reasonable level of agreement
for sentiment and stereotypes: 57.1% and 61.2%
respectively. Agreement regarding whether a hy-
pothesis is based on identity is the lowest at 50.1%.
This suggests that while annotators can agree on
these questions, there is sufficient subjectivity that
all four rarely do.

5 Conclusion & Discussion

We investigated stereotypes in generative inference
models from two perspectives: model behavior and
human perceptions. We find that the most stereo-
typed domains by our NLI and CI models are reli-
gion and socioeconomic status, rather than gender
and race, which are the focus of many previous
studies. On the other hand, the stereotype domains
and target categories we studied is not exhaustive
either; even in a US context, most obviously we are
missing domains related to disability, beauty/body
type, sexuality, age, pregnancy, and so on.

Moreover, since we investigated inference tasks,
instead of focusing on models generating “fair” hy-
potheses over target categories, we are much more
concerned with how each hypothesis is perceived
by a human reader. We observe some cases in
which the models generate similar outputs across
several target categories, but for which the gener-
ated text is highly stereotyped and thus may cause
representational harms.

Finally, from human judgments, though our
work is limited to US culture and the backgrounds
of our four annotators, we find that people’s dif-
ferent backgrounds influence their perceptions of
stereotypes. Even though this might result in lower
agreement scores, such diversity can be actually
useful (Pavlick and Kwiatkowski, 2019) in help-
ing to explore the problem space. Overall, when
deploying a system, it is important to make a wise
consideration on annotators’ backgrounds. Con-
sidering annotators of different age, professions,
education, and culture might give a multiplicity of
valuable perspective on stereotypes.
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A Implementation Details

Text Inference Datasets. For training our gener-
ative inference models, we use three datasets: two
of them cover natural language inference, and one
is for commonsense inference.

The Stanford Natural Language Inference
(SNLI) corpus was created by Bowman et al.
(2015).It contains about 570k examples. Each ex-
ample has a premise, relation (entails, contradicts,
neutral), and related hypotheses. Premises were
taken from captions for the Flickr30k corpus (Plum-
mer et al., 2015). Hypotheses are written by crowd
workers as independent image captions.

The MultiGenre Natural Language Inference
(MNLI) corpus by Williams et al. (2018) was built
following the SNLI structure. It has 433k examples.
MNLI, being much broader than SNLI, covers ten
different domains. It has a range of styles, degrees
of formalities, and topics.

The Atlas of Machine Commonsense
(Atomic) corpus was introduced by Sap et al.
(2018). The corpus has about 300k events associ-
ated with 877k textual descriptions of inferential
knowledge. Such knowledge is collected and
organized as if-then relations for hypotheses
specifically about a person in a premise named
PersonX. There are 4 groups of relations (see
Table A1), each group has several if-then relations.
In total, there are 9 if-then relations. For instance,
given the premise = “PersonX drops a glass”, the
relation = “Causes for PersonX - because PersonX
wanted”, then the hypothesis = “to get a glass”.

Type of Relations Inference
dimension

If-Event-Then-Mental-State xIntent, xReact,
oReact

If-Event-Then-Event oEffect, oWant,
xNeed, xEffect,
xWant

If-Event-Then-Persona xAttr

Table A1: List of relations for Commonsense Infer-
ence model (Sap et al., 2018).

Models. For our experiments, we build three
models – two for NLI and one for CI. For the
NLI systems, we finetune a GPT-2 language
model (Radford et al., 2019) with the MNLI and
SNLI datasets separately for 4 epochs with a batch
size of 2. This process takes about 3 hours on a

single GPU. We adapt Hugging Face transformers
Wolf et al. (2020) for both finetuning and gener-
ation. For CI, we use the pre-trained Common-
sense Transformers on Atomic (COMET)15 model
(Bosselut et al., 2019). COMET constructs com-
monsense knowledge bases from the transformer
language model (Radford et al., 2018) with multi
headed attention, which was trained on ATOMIC
dataset. COMET can produce inferences not only
about familiar examples, but also about unseen
examples. The range of COMET outputs were
evaluated by crowd workers and judged as correct.

B Sentiment analysis

Hugging Face sentiment analysis system 16 is used
on all 130, 000 generated hypotheses for three mod-
els. For CI (COMET), averaged all target cate-
gories, 56% of inferences has negative sentiment.
The domain with the most negative generations
is politics, with average 67% negative inferences,
and the most affected target category is fascists
with 85% negative. The two next most negative do-
mains are socioeconomic status and religion with
about 61% negative. The most negative categories
in these are protestants and formerly incarcerated,
which are 87% and 79% negative, respectively.

For MNLI, the results have less variance: the
overall average level of negative sentiment is about
51%. The most negative domain is politics (54%)
and category fascists (80%). The domain with the
highest variance is socioeconomic status, ranging
from 89% negative hypotheses for poor to 24%
for wealthy (with an overall average of 30%). The
SNLI model has even more uniform distribution
within stereotype domains and all target categories
have narrow distribution within 45%-52% with the
only most extreme case for fascists: 64%.

C Lists for Target Categories

Lists for target categories retrieved on 17-10-2020:
• religion: www.pewforum.org/religious-landscape-study/

• nationality: www.worldatlas.com/articles/largest-ethnic-g

roups-and-nationalities-in-the-united-states.html

• race: www.statista.com/statistics/270272/percentage-of-us-

population-by-ethnicities/

• socioeconomic status: www.nationallatinonetwork.or

g/immigrant-advocacy-basics/what-is-immigration-status and
www.apa.org/pi/ses/resources/class/measuring-status

• political stance: en.wikipedia.org/wiki/Political spectrum

15https://github.com/atcbosselut/comet-commonsense
16https://huggingface.co/transformers/examples.html
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Target Category Hypothesis
African American The person then gets called racist.
Black The person is seen as loving.
Latin American The person then gets pregnant.
Arab The person is seen as loving.
Pacific Islander The person then has to buy food.
Latina The person is seen as caring.
White American The person is seen as caring.
Native Hawaiian The person then gets a lot of respect from people.
Asian American As a result, others want to go to a restaurant.
Hispanic The person is seen as untrustworthy.
American Indian Then child is protected.
Formerly incarcerated The person then gets arrested.
Filipino As a result, others want cry.
American The person is seen as a parent.
British Then child cries.
Jamaican The person then gets pregnant.
Mexican The person then is asked to stop by a counselor.
German As a result, others want cry.
Italian The person then is asked questions.
Cuban As a result, others want to have a good life.
Russian The person then gets pregnant.
cis woman The person is seen as loving.
woman As a result, others want to get a new baby.
man The person is seen as responsible.
trans man The person is seen as responsible.
trans woman The person then is a father.
Buddhist The person is seen as a parent.
Catholic The person is seen as pious.
Jewish As a result, others want cry.
Japanese The person then gets called a father.
Amish As a result, others want go to church.
Muslim Others then are protected by personx.
Mormon The person is seen as a sinner.
Protestant Others then cry in sadness.
communist The person is seen as racist.
capitalist The person then gets a raise.
conservative Others then are loved.
republican The person is seen as racist.
fascist Then child is abused.
socialist Others then get a new home.
libertarian Others then are taken care of.
liberal The person then gets a raise.
democrat The person is seen as a racist.
bourgeoisie The person then gets pregnant.
homeless The person then gets a new home.
immigrant Others then they learn about Personx ’s culture.
formerly incarcerated The person is seen as unintelligent.
upper class The child is taken care of.
rich The person then gets gifts.
wealthy As a result, others want have a good life.
refugee The person is seen as caring.
lower class The child is taken care of.
middle class Others then learn.
aristocrat Then child cries from sadness.

Table A2: Hypotheses generated from COMET for premise “PersonX has a child.” across target categories.
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Figure A3: Annotation results for the question which
stereotype domains and target categories are more
prone to lead to illegitimate hypotheses. The y-axis rep-
resents the fraction of illegitimate hypotheses for each
target category. For each stereotype domain on the x-
axis, the grey line and the shaded box represent the av-
erage percentage and its 95% confidence interval for
this domain.
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Abstract
Text-to-Graph extraction aims to automati-
cally extract information graphs consisting of
mentions and types from natural language
texts. Existing approaches, such as table filling
and pairwise scoring, have shown impressive
performance on various information extraction
tasks, but they are difficult to scale to datasets
with longer input texts because of their second-
order space/time complexities with respect to
the input length. In this work, we propose
a Hybrid SPan GenerAtor (HySPA) that in-
vertibly maps the information graph to an al-
ternating sequence of nodes and edge types,
and directly generates such sequences via a
hybrid span decoder which can decode both
the spans and the types recurrently in linear
time and space complexities. Extensive exper-
iments on the ACE05 dataset show that our ap-
proach also significantly outperforms state-of-
the-art on the joint entity and relation extrac-
tion task.1

1 Introduction

Information Extraction (IE) can be viewed as a
Text-to-Graph extraction task that aims to extract
an information graph (Li et al., 2014; Shi et al.,
2017) consisting of mentions and types from un-
structured texts, where the nodes of the graph are
mentions or entity types and the edges are relation
types that indicate the relations between the nodes.
A typical approach towards graph extraction is to
break the extraction process into sub-tasks, such as
Named Entity Recognition (NER) (Florian et al.,
2006, 2010) and Relation Extraction (RE) (Sun
et al., 2011; Jiang and Zhai, 2007), and either per-
form them separately (Chan and Roth, 2011) or
jointly (Li and Ji, 2014; Eberts and Ulges, 2019).

Recent joint IE models (Wadden et al., 2019;
Wang and Lu, 2020; Lin et al., 2020) have shown

1Our code is publicly available at https://github.
com/renll/HySPA

Figure 1: We represent directed multigraphs as alter-
nating sequences of nodes (blue) and edges (orange).
Here, the graph is traversed by Breadth First Search
(BFS) with an ascending ordering of nodes and edge
types. “[s]” or [SEP] is a virtual edge type, represent-
ing the end of each BFS level.

impressive performance on various IE tasks, since
they can mitigate error propagation and leverage
inter-dependencies between the tasks. Previous
work often uses pairwise scoring techniques to iden-
tify relation types between entities. However, this
approach is computationally inefficient because it
needs to enumerate all possible entity pairs in a
document, and the relation type is a null value for
most of the cases due to the sparsity of relations
between entities. Also, pairwise scoring techniques
evaluate each relation type independently and thus
fail to capture interrelations between relation types
for different pairs of mentions.

Another approach is to treat the joint information
extraction task as a table filling problem (Zhang
et al., 2017; Wang and Lu, 2020), and generate two-
dimensional tables with a Multi-Dimensional Re-
current Neural Network (Graves et al., 2007). This
can capture interrelations among entities and rela-
tions, but the space complexity grows quadratically
with respect to the length of the input text, making
this approach impractical for long sequences.

Some attempts, such as Seq2RDF (Liu et al.,
2018) and IMoJIE (Kolluru et al., 2020), leverage
the power of Seq2seq models (Cho et al., 2014)
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to capture the interrelations among mentions and
types with first-order complexity, but they all use
a pre-defined vocabulary for mention prediction,
which largely depends on the distribution of the
target words and will not be able to handle unseen
out-of-vocabulary words.

To solve these problems, we propose a first-order
approach that invertibly maps the target graph to
an alternating sequence of nodes and edges, and
applies a hybrid span generator that directly learns
to generate such alternating sequences. Our main
contributions are three-fold:

• We propose a general technique to invertibly
map between an information graph and an al-
ternating sequence (assuming a given graph
traversal algorithm). Generating an alternat-
ing sequence is equivalent to generating the
original information graph.

• We propose a novel neural decoder that is en-
forced to only generate alternating sequences
by decoding spans and types in a hybrid man-
ner. For each decoding step, our decoder only
has linear space and time complexity with re-
spect to the length of the input sequence, and
it can capture inter-dependencies among men-
tions and types due to its nature as a sequential
decision process.

• We conduct extensive experiments on the
Automatic Content Extraction (ACE) dataset
which show that our model achieves state-of-
the-art performance on the joint entity and
relation extraction task which aims to extract
a knowledge graph from a piece of unstruc-
tured text.

2 Modeling Information Graphs as
Alternating Sequences

An information graph can be viewed as a het-
erogeneous multigraph (Li et al., 2014; Shi et al.,
2017) G = (V,E), where V is a set of nodes (typ-
ically representing spans (ts, te) in the input doc-
ument) and E is a multiset of edges with a node
type mapping function φ : V → Q and an edge
type mapping function ψ : E → R. Node and
edge types are assumed to be drawn from a finite
vocabulary. Node types can be used e.g. to rep-
resent entity types (PER, ORG, etc.), while edge
types may represent relations (PHYS, ORG-AFF,
etc.) between the nodes. In this work, we represent

node types as separate nodes that are connected to
their node v by a special edge type, [TYPE]. 2

Representing information graphs as sequences
Instead of directly modeling the space of het-
erogeneous multigraphs, G, we build a mapping
sπ = fs(G, π) from G, to a sequence space Sπ.
fs depends on a (given) ordering π of nodes and
their edges in G, constructed by a graph traver-
sal algorithm like Breadth First Search (BFS) or
Depth First Search (DFS), and an internal order-
ing of nodes and edge types. We assume that
the elements sπi of the resultant sequences sπ are
drawn from finite sets of node representations
V (defined below), node types Q, edge types
R (incl. [TYPE]), and “virtual” edge types U :
∀ sπi ∈ sπ, sπi ∈ V ∪ Q ∪ R ∪ U . Virtual edge
types U = {[SOS], [EOS], [SEP]} do not repre-
sent edges in G, but serve to control the genera-
tion of the sequence, indicating the start/end of
sequences and the separation of levels in the graph.

We furthermore assume that sπ = sπ0 , ..., s
π
n

that represent graphs have an alternating struc-
ture, where sπ0 , s

π
2 , s

π
4 , ... represent nodes V , and

sπ1 , s
π
3 , ... represent actual or virtual edges. In the

case of BFS, we exploit the fact that it visits nodes
level by level, i.e., in the order pi, ci1, ..., cik, pj
(where cik is the k-th child of parent pi, connected
by edge eik, and pj may or may not be equal to
one of the children of pi), which we turn into a
sequence,

sπ = pi,ψ(ei1), ci1, ...,

ψ(eik), cik, [SEP], pj , ...

where we use the special edge type [SEP] to de-
lineate the levels in the graph. This represen-
tation allows us to unambiguously recover the
original graph, if we know which type of graph
traversal is assumed (BFS or DFS).3 Algorithm 1
(which we use to translate graphs in the training
data to sequences) shows how an alternating se-
quence for a given graph can be constructed with
BFS traversal. Figure 1 shows the alternating se-
quence for an information multigraph. The length
|sπ| is bounded linearly by the size of the graph
O(|sπ|) = O(|V | + |E|) (which is also the com-
plexity of typical graph traversal algorithms like
BFS/DFS).

2Q includes a [NULL] node type for the case when the
input text does not have an information graph.

3In the case of DFS, [SEP] tokens appear after leaf nodes.
Parents appear once for each child.
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Algorithm 1 Alternating sequence construction al-
gorithm with BFS
Input :Ordered adjacency dictionary of an infor-

mation graph G, positions of nodes in the
input text pq, frequency of edge types in
the training set pr

Output :An alternating sequence yπ

Sort the nodes in G according to pq
For each node v in G, sort the neighbors and the

edges of v according to pq and pr respectively
Instantiate yπ as an empty list
for u in G do

if u is not visited then
Initialize an empty queue q
Mark u as visited and enqueue u to q
while q is not empty do

Dequeue the a node w from q
if w in G then

Append w and all the neighbors of
w with their edge types to yπ

Append the separation edge type,
[SEP], to yπ

Mark all unvisited neighbors of w
as visited and enqueue them to q

end
end

end
end
Return yπ

Node and Edge Representations Our node and
edge representations (explained below) rely on the
observation that there are only two kinds of objects
in an information graph: spans (as addresses to
pieces of input texts) and types (as representations
of abstract concepts). Since we can view types
as special spans of length 1 grounded on the vo-
cabulary of all types, Q ∪ R ∪ U , we only need
O(nm + |Q ∪ R ∪ U |) number of indices to un-
ambiguously represent the spans grounded on a
concatenated representation of the type vocabulary
and the input text, where n is the maximum in-
put length, m is the maximum span length, and
m� n. We denote these indices as hybrid spans
because they consist of both the spans of texts and
the length-1 spans of types. These indices can
be invertibly mapped back to types or text spans
depending on their magnitudes (details of this map-
ping are explained in Section 3.2). With this joint
indexing of spans and types, the task of generating
an information graph is thus converted to generat-

ing an alternating sequence of hybrid spans.

Generating sequences We model the distribu-
tion p(sπ) by a sequence generator h with parame-
ters θ (|sπ| is the length of the sπ):

p(sπi |sπ0 , ..., sπi−1) = h(sπ0 , ..., s
π
i−1, θ),

p(sπ) =

|sπ |∏

i=1

p(sπi |sπ0 , ..., sπi−1),

We will address in the following sections how to
enforce the sequence generator, h, to only gener-
ate sequences in the space Sπ, since we do not
want h to assign non-zero probabilities to arbitrary
sequences that do not have a corresponding graph.

3 HySPA: Hybrid Span Generation for
Alternating Sequences

In order to directly generate a target sequence that
alternates between nodes that represent spans in
the input and a set of node/edge types that depend
on our extraction task, we first build a hybrid rep-
resentation H that is a concatenation of the hidden
representations from edge types, node types and the
input text. This representation functions as both the
context space and the output space for our decoder.
Then we invertibly map both the spans of input text
and the indices of the types to the hybrid spans
grounded on the representation H . Finally, hybrid
spans are generated auto-regressively through a hy-
brid span decoder to form the alternating sequence
yπ ∈ Sπ. By translating the graph extraction task
to a sequence generation task, we can easily use
beam-search decoding to reduce possible exposure
bias (Wiseman and Rush, 2016) of the sequential
decision process and thus find globally better graph
representation.

High-level overview of HySPA: The HySPA
model takes a piece of text (e.g. a sentence or
passage), and the pre-defined node and edge types
as input, and outputs an alternating sequence rep-
resentation of an information graph. We enforce
the generation of this sequence to be alternated by
applying an alternating mask to the output proba-
bilities. The detailed architecture is described in
the following subsections.

3.1 Text and Types Encoder
Figure 2 shows the encoder architecture of our pro-
posed model. For the set of node types, Q, and the
set of edge types, R, and the virtual edge types, U ,
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Figure 2: The encoder architecture of our model, where the ⊕ symbol is the concatenation operator, k is the index
of the word vectors in H0, and le = |R| + |U |. The colored table on the right indicates the assignment of the
meta-types for different blocks of the concatenated word vectors from H0.

we arrange the type list, v as a concatenation of the
label names of the edge types, virtual edge types
and node types, i.e.,

v = R̂⊕ Û ⊕ Q̂
R̂ = [R1, ..., R|R|]

Û = [U1, ..., U|U |]

Q̂ = [Q1, ..., Q|Q|]

where ⊕ means the concatenation operator be-
tween two lists, and R̂, Û , Q̂ are the lists of the
type names in the sets R,U,Q, respectively (e.g.
Q̂ = [“Geopolitics”, “Person”, ...]). Note that the
concatenation order between the lists of type names
can be arbitrary as long as it is kept consistent
throughout the whole model. Then, as in the em-
bedding part of the table-sequence encoder (Wang
and Lu, 2020), for each type, vi, we embed the label
tokens of the types with the contextualized word
embedding from a pre-trained language model, the
GloVe embedding (Pennington et al., 2014) and the
character embedding,

E1 = ContextualizedEmbed(v),∈ R lp×dc

E2 = GloveEmbed(v),∈ R lp×dg

E3 = CharacterEmbed(v),∈ R lp×dk

E4 = E1 ⊕ E2 ⊕ E3 ∈ R lp×de ,

Ev = E4W
T
0 ∈ R lp×dm ,

where lp = |R| + |U | + |Q| is the number of all
kinds of types, W0 ∈ R de×dm is the weight matrix
of the linear projection layer, de = dc + dg + dk
is the total embedding dimension and dm is the
hidden size of our model. After we obtain the con-
textualized embedding of the tokens of each type

vi ∈ v, we take the average of these token vectors
as the representation of vi and freeze its update
during training. More details of the embedding
pipeline can be found in Appendix A.

This embedding pipeline is also used to embed
the words in the input text, x. Unlike the pipeline
for the type embedding, we represent the word as
the contextualized embedding of its first sub-token
from the pre-trained Language Model (LM, e.g.
BERT (Devlin et al., 2018)), and finetune the LM
in an end-to-end fashion.

After obtaining the type embedding Ev, and the
text embedding Ex respectively, we concatenate
them along the sequence length dimension to form
the hybrid representation H0. Since H0 is a con-
catenation of word vectors from four different types
of tokens, i.e., edge types, virtual edge types, node
types and text, a meta-type embedding is applied
to indicate this type difference between the blocks
of vectors from the representation H0, as shown
in Figure 2. The final context representation H is
obtained by element-wise addition of the meta-type
embedding and H0,

H0 = Ev ⊕ Ex ∈ Rlh×dm ,
Hs = MetaTypeEmbed(H0) ∈ Rlh×dm ,
H = H0 +Hs ∈ Rlh×dm ,

where lh = lp + |x| is the height of our hybrid
representation matrix H .

3.2 Invertible Mapping between Spans &
Types and Hybrid Spans

Given a span in the text, t = (ts, te) ∈ N2, ts < te,
we convert the span t to an index k, k ≥ lp, in the
representation H via the mapping gk,

k = gk(ts, te) = tsm+ te − ts − 1 + lp ∈ N,
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Figure 3: An example of the alternating sequence rep-
resentation (in the middle) of a knowledge graph (at
bottom) from the ACE05 training set, where A1 means
the Algorithm 1. We take m = 16 and lp = 19 for this
example. “19” in the alternating sequence is the index
for the span (0,1) of “He”, “83” is the index for the span
(4,5) of “Baghdad”, and “10” is the index of the virtual
edge type, [SEP]. The input text (on top) for this graph
is “He was captured in Baghdad late Monday night”.

where m is the maximum length of spans, and
lp = |R| + |U | + |Q|. We keep the type indices
in the graph unchanged because they are smaller
than lp and k ≥ lp. Since, for an information
graph, the maximum span length, m, of a mention
is often far smaller than the length of the text, i.e.,
m � n, we can then reduce the bound of the
maximum magnitude of k from O(n2) to O(nm)
by only considering spans of length smaller than
m, and thus maintain linear space complexity for
our decoder with respect to the length of the input
text, n. Figure 3 shows a concrete example of our
alternating sequence for a knowledge graph in the
ACE05 dataset.

Since ts, te, k are all natural numbers, we can
construct an inverse mapping gt that converts the
index k in H back to t = (ts, te),

ts = gts(k) = −max(0,−k + lp)+

bmax(0, k − lp)/mc+ lp,

te = gte(k) = gts(k) + max(0, k − lp) mod m,

where b·c is the integer floor function and mod
is the modulus operator. Note that gt(k) can be di-
rectly applied to the indices from the types segment
of H and remain their values unchanged, i.e.,

gt(k) = (k, k), ∀k < lp, k ∈ N.

With this property, we can easily incorporate the
mapping gt into our decoder to map the alternat-
ing sequence yπ back to the spans in the hybrid
representation H .

3.3 Hybrid Span Decoder
Figure 4 shows the general model architecture of
our hybrid span decoder. Our decoder takes the
context representation H as input, and recurrently
decodes the alternating sequence yπ given a start-
of-sequence token.

Hybrid Span Encoding via Attention Given
the alternating sequence yπ, and the mapping gt
(section 3.2), our decoder first maps each index in
yπ to a span, (tsi , tei) = gt(y

π
i ), grounded on the

representation H and then converts the span to an
attention mask, M0, to allow the model to learn to
represent a span as a weighted sum of a segment
of the contextualized word representations referred
by the span,

Q =W T
1 H[CLS] + b1 ∈ R |yπ |×dm ,

K =W T
2 H + b2 ∈ R lh×dm ,

Hy = softmax
(
QKT

√
dm

+M0

)
H ∈ R |yπ |×dm ,

M0(i, j) =

{
0, tsi ≤ j ≤ tei
−∞, otherwise

where H[CLS] ∈ R |y
π |×dm is the |yπ|-times re-

peated hidden representation of the start of the se-
quence token, [CLS], from the text segment of H ,
and Hy is our final representation of the hybrid
spans in yπ. W1,W2,b1,b2 are learnable param-
eters, and tsi , tei are the start and the end position
of the span thatwe are encoding. Note that for the
type spans whose length is 1, the result of the soft-
max calculation will always be 1, which leads to
its span representation to be exactly its embedding
vector as we desired.

Traversal Embedding In order to distinguish
the hybrid spans at different position in yπ, a naive
way is to add a sinusoidal position embedding
(Vaswani et al., 2017) to Hy. However, this ap-
proach treats the alternating sequence as an ordi-
nary sequence and ignores the underlying graph
structure it encodes. To alleviate this issue, we pro-
pose a novel traversal embedding approach which
captures the traversal level information, the parent-
child information and the intra-level connection
information as a substitution of the naive position
embedding. Our traversal embedding can either
encode the BFS or DFS traversal pattern. As an ex-
ample, we assume BFS traversal here and leave the
details of DFS traversal embedding in Appendix
D.
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Figure 4: The architecture of our hybrid span decoder. N is the number of the decoder layers. ⊕ before the
softmax function means the concatenation operator. HN

y is the hidden representation of the sequence yπ from the
last decoder layer. Our hybrid span decoder can be understood as an auto-regressive model that operates in a closed
context space and output space defined by H .

Figure 5: An example of BFS traversal embedding
for an alternating sequence, [“He”, Type, PER, [SEP],
“Baghdad”, Type, GPE, PHYS, “He”]. Our traver-
sal embedding is the sum of the level embedding, the
parent-child embedding and the tree embedding.

Our BFS traversal embedding is a pointwise sum
of the level embedding, L, the parent-child embed-
ding, P , and the tree embedding, T of a given
alternating sequence, y,

TravEmbed(y) = L(y)+P (y)+T (y) ∈ R |y|×dm

where the level embedding assigns the same embed-
ding vectorLi for each position at the BFS traversal
level i, and the value of the embedding vector is
filled according to the non-parametric sinusoidal
position embedding since we want our embedding
to extrapolate to the sequence that is longer than
any sequences in the training set. The parent-child
embedding assigns different random initialized em-
bedding vectors at the positions of the parent nodes
and the child nodes in the BFS traversal levels to
help model distinguish between these two kinds
of nodes. For encoding the intra-level connection
information, our insight is that the connection be-
tween each nodes in a BFS level can be viewed as a

depth-3 tree, where the first depth takes the parent
node, the second depth is filled with the edge types
and the third depth consists of the corresponding
child nodes for each of the edge types. Our tree
embedding is then formed by encoding the position
information of the depth-3 tree with a tree posi-
tional embedding (Shiv and Quirk, 2019) for each
BFS level. Figure 5 shows a concrete example of
how these embeddings function for a given alternat-
ing sequence. The obtained traversal embedding
is then pointwisely added to the hidden represen-
tation of the alternating sequence Hy for injecting
the traversal information of the graph structure.

Inner blocks With the input text representation
Htext sliced from the hybrid representation H and
the target sequence representation Hy, we apply an
N -layer transformer structure with mixed-attention
(He et al., 2018) to allow our model to utilize fea-
tures from different attention layers when decoding
the edges or the nodes of an alternating sequence.
Note that our hybrid span decoder is perpendic-
ular to the actual choice of the neural structures
of the inner blocks, and we choose the design of
mixed-attention transformer (He et al., 2018) be-
cause its layerwise coordination property is empiri-
cally more suitable for our heterogeneous decoding
of two different kinds of sequence elements. The
detailed structure of the inner blocks is explained
in Appendix E.

Hybrid span decoding For the hybrid span de-
coding module, we first slice off the hidden rep-
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resentation of the alternating sequence yπ from
the output of the N -layer inner blocks and denote
it as HN

y . Then for each hidden representation
hNyi ∈ HN

y , 0 ≤ i < |yπ|, we apply two different
linear layers to obtain the start position representa-
tion, syi , and the end position representation, eyi ,

syi =W T
5 hyi + b5 ∈ R dm ,

eyi =W T
6 hyi + b6 ∈ R dm ,

where W5,W6 ∈ R dm×dm and b5,b6 ∈ R dm are
learnable parameters. Then we calculate the scores
of the target spans separately for the types segment
and the text segment of H , and concatenate them
together before the final softmax operator for a
joint estimation of the probabilities of text spans
and type spans,

hsi = Htypes syi +ma ∈ Rlp ,
hei = Htypes eyi +ma ∈ Rlp ,
hi = hsi + hei ∈ Rlp ,
tsi = Htext syi +m′a ∈ Rn,
tei = Htext eyi +m′a ∈ Rn,
ti = unfold(tei ,m) + tsi ∈ Rnm,

p(yπi+1) = softmax(hi ⊕ ti) ∈ Rnm+lp ,

where hi is the score vector of possible spans in
the type segment of H , and ti is the score vector of
possible spans in the text segment of H . Since the
type spans always have a span length 1, we only
need an element-wise addition between the start
position scores, hsi and the end position scores hei
to calculate hi. The entries of ti contain the scores
for the text spans, tsi,j + tei,k,∀j ≤ k, k− j < m,
which are calculated with the help of an unfold
function which converts the vector tei ∈ Rn to a
stack of n sliding windows of sizem, the maximum
span length, with stride 1. The alternating masks
ma ∈ Rlp ,m′a ∈ Rn are defined as:

ma(j) =

{
0, yπi > le ∩ j < le
−∞, otherwise

m′a(j) =
{
−∞, yπi > le
0, otherwise

where le = |R| + |U | is the total number of edge
types. In this way, while we have a joint model
of nodes and edge types, the output distribution is
enforced by the alternating masks to produce an
alternating decoding of nodes and edge types, and
this is the main reason why we call this decoder a
hybrid span decoder.

4 Experiments

4.1 Experimental Setting

We test our model on the ACE 2005 dataset dis-
tributed by LDC4, which includes 14.5k sentences,
38.3k entities (with 7 types), and 7.1k relations
(with 6 types), derived from the general news do-
main. More details can be found in Appendix C.

Following previous work, we use F1 as an eval-
uation metric for both NER and RE. For the NER
task, a prediction is marked correct when both the
type and the boundary span match those of the gold
entity. For the RE task, a prediction is correct when
both the relation type and the boundaries of the two
entities are correct.

4.2 Implementation Details

When training our model, we apply the cross-
entropy loss with a label smoothing factor of 0.1.
The model is trained with 2048 tokens per batch
(roughly a batch size of 28) for 25000 steps us-
ing an AdamW optimizer (Loshchilov and Hutter,
2018) with a learning rate of 2e−4, a weight decay
of 0.01, and an inverse square root scheduler with
2000 warm-up steps. Following the TabSeq model
(Wang and Lu, 2020), we use RoBERTa-large (Liu
et al.) or ALBERT-xxlarge-v1 (Lan et al., 2020) for
the pretrained language model and slow its learning
rate by a factor of 0.1 during training. A hidden
state dropout rate of 0.2 is applied to RoBERTa-
large while the rate of 0.1 for ALBERT-xxlarge-v1.
A dropout rate of 0.1 is also applied to our hybrid
span decoder during training. We set the maximum
span length, m = 16, the hidden size of our model,
dm = 256, and the number of the decoder blocks,
N = 12. Even though theoretically the beam-
search should help us reduce the exposure bias, we
do not observe any performance gain during grid
search of the beam size and the length penalty on
the validation set (detailed grid search setting is in
Appendix A). Thus we set a vanilla beam size of 1
and the length penalty of 1, and leave this theory-
experiment contradiction for future research. Our
model is built with the FAIRSEQ toolkit (Ott et al.,
2019) for efficient distributed training and all the
experiments are conducted on two NVIDIA TITAN
X GPUs.

4https://catalog.ldc.upenn.edu/
LDC2006T06
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IE Models Space Complexity Time Complexity NER RE
PointerNet (Katiyar and Cardie, 2017) O(n) O(n2) 82.6 55.9
SpanRE (Dixit and Al-Onaizan, 2019) O(n) O(n2) 86.0 62.8
Dygie++ (Wadden et al., 2019) O(n) O(n2) 88.6 63.4
OneIE (Lin et al., 2020) O(n) O(n2) 88.8 67.5
TabSeq (Wang and Lu, 2020) O(n2) O(n) 89.5 67.6
HySPA (ours) w/ RoBERTa

O(n) O(n)
88.9 68.2

w/ ALBERT 89.9 68.0

Table 1: Joint NER and RE F1 scores of the IE models on the ACE05 test set. Complexities are calculated for the
entity and relation decoding part of the models (n is the length of the input text). The performance of the TabSeq
model reported here is based on the same ALBERT-xxlarge (Lan et al., 2020) pretrained language model as ours.

Model NER F1 RE F1

HySPA w/ RoBERTa 88.9 68.2
– Traversal-embedding 88.9 66.7
– Masking 88.1 64.8
– BFS 88.7 66.2
– Mixed-attention 88.6 64.7
– Span-attention 88.5 66.1

Table 2: Ablation study on the ACE05 test set. “–
Traversal-embedding”: we remove the traversal embed-
ding and instead use sinusoidal position embedding,
and the following ablations are based on the model af-
ter this ablation. “– Masking”: we remove the alter-
nating mask from the hybrid span decoder. “– BFS”:
we use DFS instead of BFS as traversal. “– Mixed-
attention”: we remove the mixed-attention layer and
use a standard transformer encoder decoder structure.
“– Span-attention”: we remove the span attention in the
span encoding module and instead average the words
in the span.

4.3 Results

Table 1 compares our model with the previous state-
of-the-art results on the ACE05 test set. Compared
with the previous SOTA, TabSeq (Wang and Lu,
2020) with ALBERT pretrained language model,
our model with ALBERT has significantly better
performance for both NER score and RE score,
while maintaining a linear space complexity which
is an order smaller than TabSeq. Our model is the
first joint model that has both linear space and time
complexities compared with all previous joint IE
models, and thus has the best scalability for large-
scale real world applications.

4.4 Ablation Study

To prove the effectiveness of our approach, we con-
duct ablation experiments on the ACE05 dataset.

Figure 6: Distribution of remaining errors on the
ACE05 test set.

As shown in Table 2, after we remove the traver-
sal embedding the RE F1 scores drop significantly,
which indicates that our traversal embedding can
help encode the graph structure and improve rela-
tion predictions. Also if the alternating masking is
dropped, the NER F1 and RE F1 scores both drop
significantly, which proves the importance of en-
forcing the alternating pattern. We can observe that
the mixed-attention layer contributes significantly
for relation extraction. This is because the layer-
wise coordination can help the decoder to disentan-
gle the source features and utilize different layer
features between the entity and the relation predic-
tion. We can also observe that the DFS traversal
has worse performance than BFS. We suspect that
this is because the resultant alternating sequence
from DFS is often longer than the one from BFS
due to the nature of the knowledge graphs, and thus
increases the learning difficulty.

4.5 Error Analysis

After analyzing 80 remaining errors, we categorize
and discuss common cases below (Figure 6 plots
the distribution of error types). These may require
additional features and strategies to address.
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Insufficient context. In many examples, the an-
swer entity is a pronoun that cannot be accurately
typed given the limited context: in “We notice they
said they did not want to use the word destroyed,
in fact, they said let others do that”, it’s difficult
to correctly classify We as an organization. This
could be mitigated by using entire documents as
input, leveraging cross-sentence context.
Rare words. The rare word issue is when the word
in test set rarely appeared in the training set and
often not termed in the dictionary. In the sentence

“There are also Marine FA-18s and Marine Heriers
at this base”, the term Heriers (a vehicle incor-
rectly classified as person by the model) neither
appeared in the training set, nor understood well by
pre-trained language model; the model, in this case,
can only rely on subword-level representation.
Background knowledge required Often the sen-
tence mentions entities that are difficult to infer
from the context, but are easily identified by con-
sulting a knowledge base: in “but critics say Airbus
should have sounded a stronger alarm after a sim-
ilar incident occurred in 1997”, our model incor-
rectly predicts the Airbus to be a vehicle while the
Airbus here refers to the European aerospace corpo-
ration. Our system also separated United Nations
Security Council into two entities United Nations
and Security Council, generating a non-existing
relation triple (Security Council part-of United Na-
tions). Such mistakes could be avoided by consult-
ing a knowledge base such as DBpedia (Bizer et al.,
2009) or by performing entity linking.
Inherent ambiguity Many examples have inher-
ent ambiguity, e.g. European Union can be typed
as organization or political entity, while some enti-
ties (e.g., military bases) can be both locations and
organizations, or facilities.

5 Related Work

NER is often done jointly with RE in order to miti-
gate error propagation and learn inter-relation be-
tween tasks. One line of approaches is to treat the
joint task as a squared table filling problem (Miwa
and Sasaki, 2014; Gupta et al., 2016; Wang and
Lu, 2020), where the i-th column or row represents
the i-th token. The table has diagonals indicat-
ing sequential tags for entities and other entries
as relations between pairs of tokens. Another line
of work is by performing RE after NER. In the
work by Miwa and Bansal (2016), the authors used
BiLSTM (Graves et al., 2013) for NER and conse-

quently a Tree-LSTM (Tai et al., 2015) based on
dependency graph for RE. Wadden et al. (2019) and
Luan et al. (2019), on the other hand, takes the ap-
proach of constructing dynamic text span graphs to
detect entities and relations. Extending on Wadden
et al. (2019), Lin et al. (2020) introduced ONEIE,
which further incorporates global features based
on cross subtask and instance constraints, aiming
to extract IE results as a graph. Note that our
model differs from ONEIE (Lin et al., 2020) in
that our model captures global relationships auto-
matically through autoregressive generation while
ONEIE uses feature engineered templates; More-
over, ONEIE needs to do pairwise classification
for relation extraction, while our method efficiently
generates existing relations and entities.

While several Seq2Seq-based models (Zhang
et al., 2020; Zeng et al., 2018, 2020; Wei et al.,
2019; Zhang et al., 2019) have been proposed to
generate triples (i.e., node-edge-node), our model
is fundamentally different from them in that: (1)
it is generating a BFS/DFS traversal of the target
graph, which captures dependencies between nodes
and edges and has a shorter target sequence, (2) we
model the nodes as the spans in the text, which is
independent of the vocabulary, so even if the to-
kens of the nodes are rare or unseen words, we can
still generate spans on them based on the context
information.

6 Conclusion

In this work, we propose the Hybrid Span Gener-
ation (HySPA) model, the first end-to-end text-to-
graph extraction model that has a linear space and
time complexity at the graph decoding stage. Be-
sides its scalability, the model also achieves state-
of-the-art performance on the ACE05 joint entity
and relation extraction task. Given the flexibility of
the structure of our hybrid span generator, abundant
future research directions remain, e.g. incorporat-
ing the external knowledge for hybrid span genera-
tion, applying more efficient sparse self-attention,
and developing better search methods to find more
globally plausible graphs represented by the alter-
nating sequence.
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A Hyperparameters

We use 100-dimensional GloVe word embeddings
trained on 6B tokens as intialization 5, and freeze
its update during training. The character embed-
ding has 30-dimension with LSTM encoding 6 and
the Glove Embeddings for the out of vocabulary to-
kens are replaced with randomly initialized vectors
following Wang and Lu (2020). We use gradient
clipping of 0.25 during training. The number of
heads for our mixed attention is set to 8. The beam
size and length penalty is decided by a grid-search
on the validation set of the ACE05 dataset, and
the range for the beam size is from 1 to 7 with a
step size of 1 and the length penalty is from 0.7
to 1.2 with a step size of 0.1. We choose the best
beam size and length penalty based on the metric
of relation extraction F1 score.

B Training Details

Our model has 236 million parameters with
the ALBERT-xxlarge pretrained language model.
On average, our best performing model with
ALBERT-xxlarge can be trained distributedly on
two NVIDIA TITAN X GPUs for 20 hours.

C Data

The Automatic Content Extraction (ACE) 2005 7

dataset contains English, Arabic and Chinese train-
ing data for the 2005 Automatic Content Extraction
(ACE) technology evaluation, providing entity, re-
lation, and event annotations. We follow Wadden
et al. (2019) 8 for preprocessing and data splits.
The preprocessed data contains 7.1k relations, 38k
entities, and 14.5k sentences. The split contains
10051 samples for training, 2424 samples for de-
velopment, and 2050 for testing.

D DFS Traversal Embedding

Since the parent-child information is already con-
tained in the intra-level connections of DFS traver-
sal, we only have the sum of the level embedding
and the connection embedding for DFS traversal

5https://nlp.stanford.edu/projects/
glove/

6https://github.com/LorrinWWW/
two-are-better-than-one/blob/master/
layers/encodings/embeddings.py

7https://www.ldc.upenn.edu/
collaborations/past-projects/ace

8https://github.com/dwadden/dygiepp/
tree/master/scripts/data/ace05/
preprocess

Figure 7: The general model architecture of the mixed-
attention transformer.

embedding. Similar to BFS embedding, the DFS
level embedding assigns the same embedding vec-
tor Li for each position at the DFS traversal level i,
but the value of the embedding vector is randomly
initialized instead of filled with the non-parametric
sinusoidal position embedding, since the proximity
information does not exist between the traversal
levels of DFS. However, we do have clear distance
information for the elements in a DFS level, i,e.,
for a DFS level D = [A, B, C, ..., [sep]], the dis-
tance from A to the elements [A, B, C, ..., [sep]] is
[0, 1, 2, 3, ..., |D| − 1]. We encode this distance in-
formation with the sinusoidal position embedding
which becomes our connection embedding that cap-
tures the intra-level connection information.

E Transformer with Mixed-attention

We first slice off the hidden representation of the
input text from the hybrid representation H , and
denote it as Htext, then the input text representa-
tion Htext and the output from the Hybrid Span
Encoding Hy gets fed into a stack of N mixed-
attention/feedforward blocks that have the follow-
ing structure (as shown in Figure 7):

Since generating the node and edge types may
need features from different layers, we use mixed
attention (He et al., 2018), which allows our model
to utilize the features from different attention layers
when encoding the text segment, Htext, and the
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target features, Hy,

MixedAtt(Q,K, V ) = softmax
(
QKT

√
dm

+M1

)
V

∈ R lm×dm ,

M1(i, j) =

{
0, j < n ∪ j ≤ i+ n
−∞, otherwise

where n = |x| is the length of the input text,
lm = |x|+ |yπ| is the total length of the source and
the target features. Denoting the concatenation of
the source features, Htext, and the target features,
Hy, as H0, a source/target embedding (He et al.,
2018) is also added to H0 before the first layer of
the mixed attention to allow the model to distin-
guish the features from the source and the target
sequences. The mixed-attention layer is combined
with a feed-forward layer to form a decoder block:

FFN(x) = max(0, xW3 + b3)W4 + b4,

Q =W T
q H0 + bq,

K =W T
k H0 + bk,

V =W T
v H0 + bv,

H ′0 = LayerNorm(MixedAtt(Q,K, V ) +H0),

H1 = LayerNorm(FFN(H ′0) +H ′0),

where Wq,k,v,bq,k,v,W3 ∈ R dm×4dm ,W4 ∈
R 4dm×dm ,b3,b4 are the learnable parameters,
and LayerNorm is the Layer Normalization layer
(Ba et al., 2016). The decoder block is stacked
N times to obtain the final hidden representation
HN , and output the final representation of the tar-
get sequence, HN

y . The mixed-attention has a time
complexity of O(n2) when encoding the source
features, but we can cache the hidden representa-
tion of this part when generating the target tokens
due to the causal masking of the target features,
and thus maintain a time complexity of O(n) for
each decoding step.
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Abstract

Multiple different responses are often plau-
sible for a given open domain dialog con-
text. Prior work has shown the importance of
having multiple valid reference responses for
meaningful and robust automated evaluations.
In such cases, common practice has been to
collect more human written references. How-
ever, such collection can be expensive, time
consuming, and not easily scalable. Instead,
we propose a novel technique for automati-
cally expanding a human generated reference
to a set of candidate references. We fetch
plausible references from knowledge sources,
and adapt them so that they are more flu-
ent in context of the dialog instance in ques-
tion. More specifically, we use (1) a common-
sense knowledge base to elicit a large num-
ber of plausible reactions given the dialog his-
tory (2) relevant instances retrieved from dia-
log corpus, using similar past as well as future
contexts. We demonstrate that our automati-
cally expanded reference sets lead to large im-
provements in correlations of automated met-
rics with human ratings of system outputs for
DailyDialog dataset. 1

1 Introduction

Evaluation by human annotators perhaps give the
best insights into quality of machine generated nat-
ural language outputs. However, they can be expen-
sive and time consuming. Much focus has therefore
been on automated evaluation methods which cor-
relate with human evaluations. Automated metrics
such as BLEU (Papineni et al., 2002) work well
for tasks such as machine translation, but often cor-
relate poorly with human ratings in tasks such as
open domain dialog which admit a wide variety of

∗ VG and HJ contributed equally for this paper. Order
decided by coin flip.

1Code and data are available at
https://github.com/harsh19/
Diverse-Reference-Augmentation/

Figure 1: We propose automatic ways to collect references
sans any crowd-sourcing, through two types of knowledge
sources: commonsense and retrieved instance knowledge, fol-
lowed by automated adaptation to make them more fluent in
the target contexts.

valid response for given context, often due to small
number of human written references (Zhao et al.,
2017; Sai et al., 2020b). Prior work (Sugiyama
et al., 2019; Gupta et al., 2019) has demonstrated
that having multiple valid references for the same
context leads to automated metrics being better cor-
related to human judgements for appropriateness.
However, collecting human written responses is
difficult to scale, can be costly, and may find it dif-
ficult to cover a large variety of correct responses
(Celikyilmaz et al., 2020).

In this work, we automatically extract a large
number of diverse references to be used with such
reference-based metrics, without resorting to ex-
pensive crowd-sourcing. Intuitively, since open-
domain dialog pertains to everyday life, its utter-
ance text tends to re-instantiate from a large but lim-
ited pool of situations (Schank, 1972) e.g friends
debating politics etc, with variation only on some
details e.g country discussed. Hence, knowledge
encapsulating a wide scope of situations can serve
as one starting point to automatically seed a set of
diverse references. We first fetch plausible candi-
dates from two types of knowledge sources (Figure
1). Such knowledge sources provide ready and easy
access to a large number of potentially appropri-
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ate and diverse references. However, all retrieved
instances may not be directly useful. As such, to
achieve more fluent references, we propose tech-
niques to adapt the candidate references based on
the context (e.g change country being discussed).
Note that since we are interested in creating refer-
ences for only evaluating appropriateness of system
outputs, our techniques can rely on broader data
sources compared to dialog models. For example,
we use future context and human written reference
for retrieval, while a dialog model cannot.

Our contributions are as follows: (1) We propose
a method for automated reference set augmenta-
tion for automated dialog evaluation. Compared
to collecting more human-written responses, our
approach is inexpensive and scalable, and fetches a
diverse set of references. (2) We observe high cor-
relations of various automated metrics with human
ratings when proposed reference augmentation is
applied to the test split of DailyDialog dataset (Li
et al., 2017). We additionally observe that para-
phrasing, a popular data augmentation technique,
performs much worse. (3) We employ novel use
of commonsense knowledge and dialog corpus in-
stances, and unsupervised techniques for adapting
retrieved references into more fluent forms.

2 Method

Figure 1 shows an overview of our proposed
methodology. We first fetch plausible candidates
from two types of knowledge sources. There-
after, the retrieved candidate references are adapted
so that they are fluent in the target context. We
refer to our proposed method as SCARCE (
SCalable Automated Reference Construction for
Evaluation).

2.1 Knowledge Sources

Pre-trained Commonsense Model Much open
domain dialog is based on everyday matters. We
posit that extracting inferences about a situation
using a commonsense knowledge base could be
useful in identifying a wide variety of plausible
reactions for a given dialog context. For example,
a person making arrangements for an event might
receive thanks from others (Figure 1). We utilize
COMET (Bosselut et al., 2019) an off-the-shelf
commonsense knowledge model built on ATOMIC
(Sap et al., 2019a) or ConceptNet (Speer et al.,
2017) corpus. It can be used to elicit commonsense
inferences.

COMET-ATOMIC provides inferences on
cause-effect interrelations between events pertain-
ing to nine relation types such as oReact (effect
on others due to the event), and oWant (inferences
about wants of the receiver of event). Given an
utterance from the previous speaker, we draw up to
5 inferences pertaining to each of oEffect, oReact,
and oWant relation types to construct plausible
references for the target response. For example,
for an utterance ‘I will make the arrangements. It
will be great.’, one of the inferences corresponding
to oEffect is ‘feel excited’, depicting a plausible
state of the next dialog speaker. However, such
outputs are typically phrases, and we discuss
transformation to fluent sentences in Section
2.2. Similarly, we use inferences pertaining to
‘CausesDesire’ and ‘HasFirstSubevent’ relation
types from COMET-ConceptNet.

Dialog Corpus Retrieval For a test dialog con-
text under consideration, one is likely to find simi-
lar contexts occurring in some of the training dia-
logues, given a sufficient number of them. Using re-
trieval, we can identify such contexts and use their
responses as pseudo-references for the test-time re-
sponse. Specifically, for retrieval, we use the BM25
function Sbm25(x, y) (Robertson et al., 1995) to
compare each element {dpastt , drespt , dfuturet } of
the turn under evaluation dt (the query) with those
of the candidate turn xt′ , {xpastt′ , xrespt′ , xfuturet′ }.
Here, dpastt and dfuturet are the windows of turn
sequences before and after response drespt .

Our approach is related to Galley et al. (2015),
who propose ∆-BLEU measure which uses re-
trieval to produce pseudo-references. However,
unlike here, they require annotator quality scores to
weigh them during evaluation. Moreover, though
we utilize retrieval for evaluation, methods of this
kind have found success in many generation se-
tups (Li et al., 2018; Peng et al., 2019; Khandelwal
et al., 2019). Besides being automatic, our method
differs from the above ones in that it explores the
added utility of future information for retrieval. For
instance, for the dialog shown in Figure 1, besides
matching “Great!” in the response, our retrieval
benefits from matching “cool” in the future.

2.2 Context Adaptation

We note that commonsense knowledge outputs are
incomplete sentences, and we use simple templates
to convert them to fluent sentences e.g. ‘feels ex-

4080



cited’ gets transformed to ‘i feel excited’. (Detailed
templates in Appendix B) Further, we note that
references from knowledge sources are often not
fluent for the target context. For example, ‘event’
in the retrieved reference shown in Figure 1 can
be updated to ‘party’ to construct a more apt ref-
erence. To adapt the retrieved text to better fit the
target context we use employ an unsupervised de-
coding procedure, based on the approach of Qin
et al. (2020), that uses gradient ascent to search for
output text that maximizes (1) fluency with the left
context (approximated by the likelihood of the out-
put text under a pretrained GPT-2 model) and (2)
similarity to the original text from the knowledge
source (approximated by the likelihood of the orig-
inal text under the output text’s token-level word
distributions). The method utilizes a heuristic up-
date procedure to iteratively refine a differentiable
proxy for the output text (a sequence token-level
word distributions), while keeping the model pa-
rameters fixed. More details can be found in Qin
et al. (2020) and in Appendix B.

3 Experiments

We investigate the extent to which automated met-
rics on an evaluation dataset correlate with human
ratings of system outputs. We use the human rat-
ings collected by Gupta et al. (2019), who collected
utterance level human ratings using Amazon Me-
chanical Turk (AMT). They used a collection of
100 dialogue contexts that are randomly selected
from the DailyDialog dataset. The generated re-
sponse from various methods are rated in terms of
appropriateness (from 1-5, with 5 denoting the best)
by 5 different AMT workers. They collected and
considered outputs from following methods: CVAE
(Zhao et al., 2017), HRED (Serban et al., 2016),
Seq2Seq (Vinyals and Le, 2015), Dual-encoder
(Lowe et al., 2015), and Human-written responses.
We report Spearman rank correlation (Spearman,
1961) and Kendall Tau rank correlation (Kendall,
1938) of human ratings against ngram overlap met-
rics such as BLEU (2002), METEOR (Banerjee
and Lavie, 2005), ROUGE-L (Lin, 2004), and em-
bedding based metrics like cosine similarity of av-
erage word embedding (EmbeddingAvg) (Wieting
et al., 2016) or Skip Thought Embedding (Kiros
et al., 2015), and precision (BERT-Prec) and re-
call (BERT-Rec) components of BertScore (Zhang
et al., 2020).

We compare the correlations across following

setups: SINGLE (Li et al., 2017): Original DailyDi-
alog dataset which had one reference per context;
SCARCE-SINGLE: Proposed method along with
SINGLE reference; MULTI (Gupta et al., 2019):
4 human written references. SCARCE-MULTI:
Reference responses from the proposed method
along with MULTI references. Additionally, we
report the results when using PARAPHRASE

instead of SCARCE: PARAPHRASE-SINGLE
and PARAPHRASE-MULTI. Paraphrasing is a
popular approach for automated data augmen-
tation. Paraphrasing via backtranslation (BT)
(Sennrich et al., 2016) is known to be an effective,
domain-independent way to generate good quality
paraphrases (Wieting and Gimpel, 2017). We use
the BT model from (Xie et al., 2020) with its
default hyperparameters to sample 5 paraphrases
per human written reference

Results: We observe that most of the metrics
show large improvements in correlations to
human ratings for appropriateness when used
along with SINGLE or MULTI (Table 1). In fact,
rank correlations across most of the metrics are
better for SCARCE-SINGLE compared to MULTI,
even though former uses only single human
written reference while latter uses upto 5 human
written references2. Additionally, we observe that
PARAPHRASE produces little or no improvements
in correlations with human ratings (Table 1).
We posit that for a given response, alternate
responses constitute a strictly richer subspace
than that of response paraphrases, which tend to
be lexico-syntactically variant but semantically
invariant.

Analyzing the impact of various components:
To understand the impact of various components,
we report Spearman rank correlation scores for
BLEU-4 and BERT-Prec metrics with some
variants of SCARCE-SINGLE (Table 2). We note
that considering only one knowledge source
(COMMONSENSE-only, RETRIEVAL-only) leads
to good Spearman rank correlations of automated
metrics to human ratings. Thus, the additive effect
(SCARCE-SINGLE) shows rather small incremental
benefit. Moreover, RETRIEVAL by itself does
better than COMMONSENSE, though at smaller

2Rank correlations for SINGLE and MULTI deviate from
the values in Gupta et al. (2019), who (in private commu-
nication with us), confirmed that the final dataset and code
available on their repo does lead to the numbers we report.
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Spearman Rank Correlation / Kendall Tau Rank Correlation

Setup 1 human written reference 4 human written references

Dataset SINGLE PARAPHRASE SCARCE MULTI PARAPHRASE SCARCE
(Li et al., 2017) -SINGLE -SINGLE(Ours) (Gupta et al., 2019) -MULTI -MULTI(Ours)

BLEU-4 0.09 / 0.07 0.13 / 0.09 0.30 / 0.21 0.28 / 0.20 0.27 / 0.19 0.36 / 0.25
BLEU-3 0.06 / 0.04 0.11 / 0.07 0.29 / 0.20 0.24 / 0.17 0.24 / 0.17 0.35 / 0.24
BLEU-2 0.04 / 0.03 0.08 / 0.06 0.28 / 0.19 0.20 / 0.14 0.21 / 0.14 0.33 / 0.23
BLEU-1 0.02 / 0.02 0.06 / 0.04 0.25 / 0.17 0.19 / 0.13 0.18 / 0.12 0.29 / 0.21
ROUGE-L 0.07 / 0.05 0.09 / 0.06 0.26 / 0.18 0.20 / 0.14 0.20 / 0.14 0.32 / 0.22
METEOR 0.11 / 0.07 0.09 / 0.06 0.24 / 0.17 0.23 / 0.16 0.22 / 0.15 0.30 / 0.21

EmbeddingAvg 0.03 / 0.02 0.02 / 0.01 0.02 / 0.02 0.10 / 0.07 0.10 / 0.07 0.08 / 0.05
SkipThought -0.00 / 0.00 -0.03 / -0.02 0.09 / 0.07 0.07 / 0.05 0.05 / 0.04 0.13 / 0.10
BERT-Prec 0.27 / 0.19 0.28 / 0.19 0.38 / 0.26 0.32 / 0.22 0.32 / 0.22 0.41 / 0.28
BERT-Rec 0.10 / 0.06 0.09 / 0.06 0.24 / 0.16 0.23 / 0.16 0.21 / 0.15 0.30 / 0.21

Max. value 0.27 / 0.19 0.28 / 0.19 0.38 / 0.26 0.32 / 0.22 0.32 / 0.22 0.41 / 0.28

Table 1: Utterance level Spearman Rank Correlation (1961) and Kendall Tau Rank Correlations (1938). (1)
SCARCE-SINGLE augments the original single human written response (SINGLE) in DailyDialog dataset (Li et al.,
2017) using proposed method. It leads to large improvements in correlations across most of the metrics, when com-
pared to SINGLE. (2) SCARCE-MULTI augments the MULTI dataset, again leading to improvements in correlations
to human ratings, especially for BLEU and BERT-Prec metrics.

Method BLEU-4 BERT-Prec

SCARCE-SINGLE 0.30 0.38

SCARCE-SINGLE variants:
COMMONSENSE only 0.24 0.31
RETRIEVAL only 0.29 0.36
RETRIEVAL only (5% corpus) 0.17 0.28
W/O CONTEXT-ADAPT 0.26 0.37

Table 2: Analyzing the impact of various components

corpus availability (e.g. 5%), COMMONSENSE

performs better. Finally, not using context adapta-
tion (W/O CONTEXT-ADAPT) leads to significant
performance drop.

Qualitative Examples To illustrate our approach,
we present a couple of examples in Table 3. (A
wider selection of examples can be found in
Appendix Table 6.)

Quality of Auto-generated References: We
check the quality of SCARCE references by recruit-
ing human annotators, showing them the reference
along with the dialog context, and requesting them
to tag each reference as appropriate, neutral, or not-
appropriate, with respect to the dialog context. We
randomly select 150 responses each from SCARCE

and MULTI for this purpose. We observe that in
about 29% of the references from SCARCE (fully
automatically generated) were annotated as not
appropriate, compared to 7% for MULTI, demon-
strating fair quality of augmented responses from
SCARCE (Additional details and results in Ap-
pendix). We do note that the ones marked as not

relevant/appropriate can often be tweaked easily by
a human to transform them into valid responses –
demonstrating the possibility of exploring human-
in-the-loop setups along with SCARCE to collect
even better references.

4 Discussion

Transferability to more languages: Transfer-
ability of our approach to more languages is one
aspect that merits discussion. While commonsense
resources aren’t readily available in all languages,
a workaround can be to use off-the-shelf MT to
translate before querying into English versions of
the commonsense resources, and then translate
back retrieved information. Furthermore, we note
that while commonsense knowledge was useful,
removing the COMMONSENSE method and relying
on retrieval alone causes only relatively modest
drop in performance (see Table 2). Thus, for
languages lacking commonsense resources, one
may still attain good gains in reference based
evaluation by retrieving and adapting from dialog
corpus alone.

Reference-less metrics: We note that while com-
parisons of using proposed approach against using
reference-free metrics (Lowe et al., 2017; Tao et al.,
2017) would be interesting, the focus of the current
work is on improving reference-based evaluation
via unsupervised reference augmentation. While
reference-less metrics offer convenience to work
with zero or a very small number of references,
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Type Text

CONTEXT A: How may I help you ?
SINGLE B: I’m having a problem.
MULTI B: You can help me with this problem. || B: You can tell me how to get to customer service.
RETRIEVAL B: I have a problem. || B: There is a problem with my check.
COMMONSENSE B: I want to find information. || B: I want to ask question. || B: I want to make appointment.

CONTEXT B: It can be solved by drawing a draft on us at 90 days sight. A: What about a draft at 120 days sight ?
SINGLE B: All right. But we demand the draft be accepted by a bank acceptable to us.
MULTI B: We’d like the matter resolved sooner. || B: We can do that, but there will be a higher interest rate.
RETRIEVAL B: Well, that’s a lot of time to wait for the draft to be drawn.
COMMONSENSE B: I want to sign the contract. || B: I will look at the draft sheet.

Table 3: Example showing the automated responses returned by different sub-components of SCARCE. Multiple
responses from the same sub-component are separated by ‘||’.

reference-based metrics can be advantageous on
several fronts. Reference-based evaluation can be
more interpretable under certain situations by iden-
tifying the reference which matches the most with
a given system output. Reference-based evalua-
tions allow for easy incorporation of additional
references – in contrast, many learned model-based
metrics will require retraining if additional annota-
tions become available.

5 Related Work

Prior work explores many ways to improve over
single-reference evaluation without collecting mul-
tiple ones. Fomicheva et al. (2020) obviate need for
multiple references in MT by generating many “alt-
hypotheses" via test-time dropout from the same
model. Sai et al. (2020a) and Gupta et al. (2019)
collect additional manually annotated responses
for dialog contexts. Compare to them, our method
of automatically collecting additional references
automatically is more scalable.

Automatic data augmentation in NLP has largely
been used for increasing training data (Feng et al.,
2020; Wei and Zou, 2019; Feng et al., 2021). In
this work, we use retrieved dialog instances and
commonsense knowledge base to augment refer-
ence set for a given dialog context. ∆-Bleu (Galley
et al., 2015) and uBLEU (Yuma et al., 2020) also
use retrieval to produce pseudo-references for di-
alog response evaluation. Compared to ∆-Bleu
and uBLEU, our work is different since we utilize
commonsense knowledge base and perform con-
textual adaptation. Prior work in dialog response
generation has explored the use of commonsense
knowledge base (Majumder et al., 2020) as well as
retrieval (Song et al., 2016; Majumder et al., 2021)
– in contrast, our focus is on augmenting reference
set for improving evaluation.

Automatic model-based metrics like ADEM

(Lowe et al., 2017) and RUBER (Tao et al., 2017),
which incorporate context while scoring for eval-
uation, at first glance seem to reduce the need for
multiple references. However, these metrics have
been found to suffer from several peculiar problems.
For instance, ADEM can’t discriminate between
gold responses and certain classes of adversarial
negatives e.g reversed gold responses and repeat-
ing the context as the response (Sai et al., 2019).
Sato et al. (2020) evaluate dialog systems through
their ability at selecting valid responses from a
semi-automatically curated candidate list. Mehri
and Eskenazi (2020b) introduce the unsupervised,
reference-free USR metric, which leverages a suite
of RoBERTa (Liu et al., 2019) models, each fine-
tuned to score one of five dialog aspects e.g Natural
and Uses Knowledge. Mehri and Eskenazi (2020a)
further expand their USR metric to eighteen aspects
from the initial five.

6 Conclusion

In this work, we demonstrate how existing knowl-
edge sources can be used to construct a diverse set
of references in an automated and scalable man-
ner. The resulting reference set demonstrates high
correlation with human ratings of system outputs.

In future, we plan to incorporate other common-
sense types into SCARCE, such as social (Sap et al.,
2019b) and moral (Forbes et al., 2020). We also
hope to explore human-in-the-loop setups which
build on SCARCE to collect even better references.
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A Additional Results

A.1 Additional Correlation Results
Table 4 shows Spearman rank correlation scores
with p-values.

A.2 Quality Assessment based on RUBER
As a second, automated way of ascertaining re-
sponse quality, we use the unreferenced part of the
RUBER metric (Tao et al., 2017), which uses a pre-
trained model to score quality of responses based
on context alone. Here, we use the RUBER check-
point3 from (Sai et al., 2020a), which first pretrains
on a large Reddit dataset, followed by finetuning
on DailyDialog. SINGLE and MULTI have a qual-
ity of ≈ 0.72, while for RETRIEVAL the values is
0.63 . COMMONSENSE is found to have the most
superior quality at 0.82, surpassing even MULTI.

A.3 Diversity of References
We investigate the diversity of the references by
computing self-BLEU scores (Zhu et al., 2018)
among references from PARAPHRASE vs SCARCE.
For fair comparison, we randomly chose 4 refer-
ences from corresponding method. We observe
self-BLEU4 scores of 0.36 for PARAPHRASE com-
pared to only 0.134 for SCARCE.

B Additional Details on Context
Adaptation

B.1 Templates to convert Knowledge Base
Outputs to Full Sentences

Table 5 lists the set of templates and rules used
to transform semi-structured COMET outputs to
surface natural language forms.

B.2 Unsupervised Decoding Procedure For
Context Adaptation

We use the author’s own implementation5 of their
DELOREAN decoding algorithm from (Qin et al.,
2020). We use default hyperparameters from their
implementation, which use the non-finetuned gpt2-
medium checkpoint as the LM atop which the unsu-
pervised, gradient-based decoding procedure is run.
Note that the model parameters are not updated in
any way - the gradient computation and updates
here are happening w.r.t the states, or more specif-
ically, the state activation. More specifically, au-
thors propose an iterature procedure wherein they

3tinyurl.com/ynqd54tt
4Note that lower self-BLEU denotes more diverse
5tinyurl.com/2lqp9z6s

alternatively perform forward and backward passes.
In the forward pass, the current output Y is updated
as per the likelihood of the underlying decoder.
In the backward pass, the output is updated to be
as similar as possible to the sentence Z from the
knowledge source using back-propagation. How-
ever, since Y is discrete, we maintain a soft repre-
sentation Ỹ of the output Y wherein Ỹi represents
the logits at the ith position as per the underlying
decoder. Next, we shall describe the backward and
forward passes of the iterative procedure:

1: In backward pass, we update logits based on
the gradients of a content-matching loss function
O
Ỹ
L(Ỹt−1, Z) giving backward logits ỹbt

2: Next, we perform forward pass using the un-
derlying decoder for steps 1 to N . During forward
pass at step t, we compute the logits ỹft based on
left context i.e. X and Y<t. Next we perform
weighted averaging of the forward and backward
logits at step t to arrive at the final logits to be used
for the next time step in forward pass.

Ỹi is initialized by performing a forward pass
conditioned only on X as per greedy decoding. We
alternatively perform backward and forward passes
till convergence. Final response is obtained via the
resulting logit outputs Ỹ .

Specifically, we use their “counterfactual” setup,
where an ending eold is adapted from its old context
cold to an altered, new context cnew, generating a
new, predicted ending ênew. In our case, cnew is the
dialog context for the turn under evaluation dpastt .
In the RETRIEVAL case, cold is the context of the
retrieved candidate turn xpastt′ . For the COMMON-
SENSE case, cold is also our current context, i.e the
same as cnew - we’re simply attuning the already
drawn inference better to the current context.

C Retrieval Similarity Function - Details

Consider a dialog d , broken up by turns as
{C1 . . . Ct, Ct+1=d

resp
t , Ct+2 . . . CT }, where t+1

denotes the turn currently under evaluation. For the
context-response C1

t , r̂t pair to be evaluated, we
retrieve pseudo-references based on a combination
of of a) Past dpastt = Ct−Lbt b) Gold response drespt

c) Future dfuturet = Ct+2
t+2+Lf

. Lb and Lf are past
and future context windows. Our retrieval similar-
ity function is a sum of the log scores between each
corresponding element of the turn under evaluation
with the candidate turn.
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Spearman Rank Correlation (p-values)

Setup 1 human written reference 4 human written references

Dataset SINGLE PARAPHRASE SCARCE MULTI PARAPHRASE SCARCE
(Li et al., 2017) -SINGLE -SINGLE(Ours) (Gupta et al., 2019) -MULTI -MULTI(Ours)

BLEU-4 0.093 (0.04) 0.135 (0.00) 0.302 (0.00) 0.281 (0.00) 0.269 (0.00) 0.357 (0.00)
BLEU-3 0.055 (0.22) 0.105 (0.02) 0.291 (0.00) 0.243 (0.00) 0.238 (0.00) 0.345 (0.00)
BLEU-2 0.040 (0.37) 0.082 (0.07) 0.275 (0.00) 0.203 (0.00) 0.206 (0.00) 0.327 (0.00)
BLEU-1 0.024 (0.59) 0.062 (0.17) 0.250 (0.00) 0.191 (0.00) 0.178 (0.00) 0.295 (0.00)
ROUGE-L 0.071 (0.11) 0.088 (0.05) 0.259 (0.00) 0.197 (0.00) 0.196 (0.00) 0.317 (0.00)
METEOR 0.106 (0.02) 0.094 (0.04) 0.243 (0.00) 0.227 (0.00) 0.217 (0.00) 0.299 (0.00)

EmbeddingAvg 0.030 (0.50) 0.015 (0.73) 0.025 (0.58) 0.099 (0.03) 0.096 (0.03) 0.079 (0.08)
SkipThought -0.003 (0.95) -0.033 (0.46) 0.087 (0.05) 0.065 (0.15) 0.053 (0.24) 0.129 (0.00)
BERT-Prec 0.270 (0.00) 0.279 (0.00) 0.378 (0.00) 0.319 (0.00) 0.322 (0.00) 0.407 (0.00)
BERT-Rec 0.096 (0.03) 0.094 (0.04) 0.240 (0.00) 0.232 (0.00) 0.212 (0.00) 0.304 (0.00)

Max. value 0.270 0.279 0.378 0.319 0.322 0.407

Table 4: Utterance level Spearman Rank Correlation (Spearman, 1961) with p-values. (1) SCARCE-SINGLE augments the
original single human written response (SINGLE) in DailyDialog dataset (Li et al., 2017) using proposed method. It leads to
large improvements in correlations across most of the metrics, when compared to SINGLE. (2) SCARCE-MULTI augments the
MULTI dataset, again leading to improvements in correlations to human ratings, especially for BLEU and BERT-Prec metrics.
Additionally, we note that almost all of the correlation values with SCARCE-MULTI are statistically significant with p < 0.05.

Condition Action

Type is OEFFECT Prepend ‘I feel’
Example:
OEFFECT (excited) => ‘I feel excited.’

Type is OWANT Prepend ‘I’
Example:
OWANT (to thank personx) => ‘I want to thank personx.’

Type is OREACT Prepend ‘I will’
Example:
OREACT (have a party) => ‘I will have a party.’

Word PERSONX Replace with ‘you’
Example:
i thank PERSONX. => ‘I thank you.’

Table 5: Templates and rules to transform semi-
structured COMET outputs to surface NL forms.

Sim(dt, xt′ ) = log Sbm25(d
past
t , x

past

t′ ) + log Sbm25(d
resp
t , x

resp

t′ )

+ log Sbm25(d
future
t , x

future

t′ )

We set Lb = Lf = 2 without specific tuning, as an
intuitive tradeoff between enough specificity and
enough possibility of relevant candidates.

BM25 (Robertson et al., 1995) or “Best Match
25” is a tfidf like similarity. Its specific form is:

SBM25(q, d) =
∑

wi∈q
log(

N

dfi
)

(k1 + 1)tfi

k1((1− b) + b dl
avdl

) + tfi

Here, tf i and dfi are the term frequency in the
current document and the document frequency (in
the corpus). N is corpus size, while dl and avdl are
current and average document lengths. b controls
extent of document length normalization, while k1
controls effect of term frequency. With b = 0 and

k1 → ∞, this reduces to simple tfidf . Here, we
use default gensim values, b = 0.7, k1 = 0.5

D Qualitative Examples

In Tables 6, we list some examples, each illustrat-
ing a turn of a test dialog with its immediate past,
future, the four additional human references from
(Gupta et al., 2019) (shown under MULTI 2,3 and
MULTI 4,5), followed by automated response sets
from different sub-components of SCARCE.

D.1 Before/After CONTEXTADAPT

In Example 4-4 of Table 6, we can observe how
“Yes , I’m young , and unmarried . It’s no problem
for me to travel frequently .” gets context-adapted
(shown as +CA, short for CONTEXTADAPT) to

“Yes , I’m able to understand English. It ’s not that
I don’t understand English .” which indeed does
match the preceding dialog better. Similarly, in Ex-
ample 50-2 of Table 6, we can see how “Well, that
might be acceptable if you handle insurance fees"
is modulated stronger to the context which asks
about duration, getting adapted to “Well, that’s a
lot of time to wait for the draft to be drawn.". Note
that we omit this row for the examples where it sim-
ply leaves the input unchanged, or produces outputs
which are noticeably unfaithful or ill-formed.

D.2 Complementarity of Components

Sometimes, a component may suffer from example
specific issues e.g In Example 35-2, the COMMON-
SENSE approaches misinterpret what is a driving
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ticket in the context of the dialog as an event ticket,
drawing inferences accordingly. However, even
in such cases, the other component salvages the
situation and ensures overall response set remains
healthy - e.g, here, RETRIEVAL produces pertinent
responses like Could you tell me how you dealt with
it this time?, No I haven’t. What about you ? etc. In
Example 10-3, we see the opposite situation, where
the responses from RETRIEVAL are somewhat less
relevant, but COMMONSENSE produces very perti-
nent responses such as “i decline the date" and “I
go on another date”

E Human Evaluation Details

E.1 Quality of References
The quality of references were judged by two grad-
uate students from a university where the medium
of instruction is English. The annotators were re-
quested to ignore minor grammar issues, and focus
more on the content of the response.

F Computing Details

The GPUs used for COMMONSENSE and CONTEX-
TADAPT experiments were a Geforce Rtx 2080 and
TitanX Pascal respectively.
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No Type Text

0-5
CONTEXT A: I also have blow if you prefer to do a few lines.
FUTURE A: come on man ! i even got dope and acid ! try some !.
SINGLE B: No, I am ok, really.
MULTI 2,3 B: what is your price ? ; B: no thanks, I’m out of cash
MULTI 4,5 B: yeah , what have you go got ?; B: maybe tomorrow , i ’m running late .
RETRIEVAL B: Well , I guess Zina figured you couldn’t blow it if you were in the hotel room .
RETRIEVAL W CA B: I have a few lines of blow , but it is not necessary in the way of the rest of the script .
COMMONSENSE B: i want to go to bathroom; B: i want to play game; B: i want to have rest; B: i want to sleep

1-1
CONTEXT B: The taxi drivers are on strike again A: What for?
FUTURE A: it is really a hot potato .
SINGLE B: They want the government to reduce the price of gasoline .
MULTI 2,3 B: they want more pay for their time .; B: they are not happy with their permit related expenses .
MULTI 4,5 B: they want healthcare and benefits .; B: i don’t know . i just know there are no cabs in the city
RETRIEVAL B: Well . Don’t worry about it , I will be happy to share the taxi with you .

B: I think the price is a little high , can’t you reduce it?
RETRIEVAL W CA B: Well , they are not going to be able to get their fares back .

B: I think the reason is a little more complicated than that .

4-4
CONTEXT A: Do you think you can make yourself easily understood in English ?
SINGLE B: yes , in most circumstances .
MULTI 2,3 B: my english is fine . my keyboard sometimes just acts up . ; B: yes, and i’m constantly trying to improve my communication.
MULTI 4,5 B: i do n’t know . i may be to nervous and then i ’ll mess up . ; B: yes , i believe so . i ’ve been speaking english since birth .
RETRIEVAL B: Yes , I’m young , and unmarried . It’s no problem for me to travel frequently .
RETRIEVAL W CA B: Yes , I’m able to understand English . It ’s not that I don’t understand English .

10-3
CONTEXT B: Hold on , please . Let me check it for you . Yes , you’re right . You will keep it for 3 days .

A: Well , now I want to change the date from 24th to 28th .
SINGLE B: ok , that shall be arranged .
MULTI 2,3 B: we can easily do that for you . ; B: i ’m sorry but someone’s reserved the room for 28th . i can offer you a different room ?
MULTI 4,5 B: i can extend your stay time but it may cost more since it is going into the holiday . ;

B: i can give you a different double room for the 28th at a discounted price .
RETRIEVAL B: All right . May I have your name ? ; B: Apparently there is only $ 57 left in your account . ;

B: Here you are . What is the rate ?; B: I prefer not to move first .
COMMONSENSE B: i decline the date ; B: i go on another date; B: i go on a date;

B: i get nervous; B: i get rejected; B: i get dumped; B: i feel sad

23-10
CONTEXT B: I mainly eat baked chicken , because there’s not a lot of fat . A: that does sound pretty good .
SINGLE B: i know it does , and that ’s because it is .
MULTI 2,3 B: yes , it is very good and pretty healthy .; B: it is good , you should come over and i will make you dinner .
MULTI 4,5 B: thanks , it ’s been a struggle , but i am starting to see results . ;

B: i appreciate your kind words , i am getting used to eating more healthy .
RETRIEVAL B: You should try it . You won’t be disappointed .; B: Do you have any plans for tomorrow ? ; B: That’s it ? ;

B: Just about . ; B: I like fish . Please bring me an order of that .
COMMONSENSE B: i want to cook dinner; B: i want to go to movie; B: i want to write letter ;

B: i will open your mouth; B: i will think about what you want; B: i will drink some water;

35-2
CONTEXT B: I’ve never gotten one . Have you ? A: I got a ticket yesterday .
FUTURE A: i parked in the red zone .
SINGLE B: really ? what did you get one for ?
MULTI 2,3 B: what was it for ? ; B: how much is it ?
MULTI 4,5 B: do you resent you got a ticket ? ; B: are you going to appeal the ticket ?
RETRIEVAL B: I’ve gotten a few .; B: No , I haven’t . What about you ? ;

B: Could you tell me how you dealt with it this time ? ;
B: I will explain it in detail in the next class , could you preview it ?

COMMONSENSE B: i give ticket to you; B: i give ticket to the cashier; B: i give ticket to the clerk.;
B: i feel happy .; B: I feel excited .; B: i feel annoyed . ; B: I feel disappointed .;
B: i see what else they can do .; B: i see what else they can do to get the ticket; i go to the event

Table 6: Example context-response pairs from the test split of DailyDialog, showing the automated responses
returned by different sub-components of SCARCE. CONTEXTADAPT is shortened to CA for brevity.
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Abstract

Understanding who blames or supports whom
in news text is a critical research question
in computational social science. Traditional
methods and datasets for sentiment analysis
are, however, not suitable for the domain of
political text as they do not consider the direc-
tion of sentiments expressed between entities.
In this paper, we propose a novel NLP task
of identifying directed sentiment relationship
between political entities from a given news
document, which we call directed sentiment
extraction. From a million-scale news cor-
pus, we construct a dataset of news sentences
where sentiment relations of political entities
are manually annotated. We present a simple
but effective approach for utilizing a pretrained
transformer, which infers the target class by
predicting multiple question-answering tasks
and combining the outcomes. We demonstrate
the utility of our proposed method for social
science research questions by analyzing pos-
itive and negative opinions between political
entities in two major events: 2016 U.S. pres-
idential election and COVID-19. The newly
proposed problem, data, and method will fa-
cilitate future studies on interdisciplinary NLP
methods and applications.1

1 Introduction

Sentiment analysis is a useful technique for opinion
mining from text data. Most existing work either
focuses on sentence-level classification (Van Hee
et al., 2018; Zampieri et al., 2019), or aims to detect
the sentiment polarity towards specific targets (Pon-
tiki et al., 2016; Cortis et al., 2017). These ap-
proaches typically do not distinguish sources and
targets of the sentiment. They mainly use user-
generated content (UGC), such as tweets or restau-
rant reviews from Yelp, which assumes each user

∗This work was done while the first author was a postdoc-
toral researcher at UCLA.

1https://github.com/bywords/directed_
sentiment_analysis

Figure 1: Overview of the directed sentiment extraction

(account holder) is the source of the sentiment, and
that the target is also clearly defined or easily iden-
tifiable (e.g., the restaurant).

This assumption does not hold for political news
analysis where a large number of political actors
blame or support each other in news articles. The
key interest for political sentiment analysis is to
identify “who” blame or support “whom” (Balahur
and Steinberger, 2009) rather than simply assigning
a global sentiment polarity to a given document or
sentence. For example, from a sentence like “X
supported Y for criticizing Z,” we can infer X is
positive toward Y and both X and Y are negative
toward Z. However, existing sentiment analysis
methods are not suitable to detect such sentiment
relationships between entities.

This paper proposes a new NLP task of identi-
fying directed sentiment relationships from a po-
litical entity to another in news articles: directed
sentiment extraction. For this task, we introduce a
newly annotated corpus from a million-scale news
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dataset. As demonstrated in Figure 1, we transform
directed sentiment extraction to multiple question-
answering tasks (DSE2QA) and combine their pre-
dictions for making a final prediction. Evaluation
results show it outperforms state-of-the-art classifi-
cation approaches, such as a fine-tuned RoBERT
classification model. Going further, we demon-
strate the utility of our method through two case
studies on how news media in the U.S. portrayed
relationships between political entities differently
amid the US election and COVID-19 pandemic.
The analysis reveals that the left-leaning media
present Donald Trump more as the target of blame
while the right-leaning media present news stories
blaming other entities. This study not only makes
a contribution to the NLP community by defining
a new problem and approach but also adds the em-
pirical understanding of media bias to the social
science community.

2 Related Work

2.1 Sentiment Analysis in Media

Sentiment analysis or polarity detection aims at
deciding whether a given text contains positive or
negative sentiment (Liu, 2012) or quantifying the
degree of sentiments embedded in a text (Gilbert
and Hutto, 2014). Previous studies have tackled the
problem as a classification task (Maas et al., 2011)
and applied the trained model to infer sentiments
embedded in various web and social data (Park
et al., 2018). Recently, transformer-based models
have shown high performance in sentiment clas-
sification (Devlin et al., 2019) and aspect-based
sentiment analysis (Sun et al., 2019).

Measuring sentiment or tone of political text in
news media is a widely used method in compu-
tational social science (Young and Soroka, 2012).
A stream of work has used social media posts to
estimate public opinions about political actors and
predict the outcomes of future events by large scale
sentiment analysis (O’Connor et al., 2010; Ceron
et al., 2014; Wang et al., 2012), while some studies
further extend to nonverbal or multimodal dimen-
sions (Joo et al., 2014; Won et al., 2017; Chen et al.,
2020a).

2.2 Stance Detection

Stance detection is a relevant NLP problem that
aims to predict a claim’s stance on reference
text (Augenstein et al., 2016) or to infer social
media users’ view toward an issue (Darwish et al.,

2020). Many studies tried to advance the deep
learning-based models (Mohtarami et al., 2018),
for example, by modeling text with a hierarchical
architecture (Sun et al., 2018; Yoon et al., 2019).
Unlike stance detection, this study aims at under-
standing an entity’s sentiment toward another entity,
both of which appear in the same sentence.

2.3 Relation Extraction

Our target problem is also relevant to relation ex-
traction, which is a task of extracting structured re-
lationships between entities from unstructured text.
While the early literature relied on feature-based
methods (Zelenko et al., 2003), recent methods
actively utilize neural methods (Lin et al., 2016);
for example, a study proposed a neural model that
jointly learns to perform entity recognition and
relation extraction (Bekoulis et al., 2018). Most
recently, a study tested the use of the pretrained
transformer-based language model for relation ex-
traction (Zhang et al., 2020).

Despite its similarity to directed sentiment ex-
traction, most of the existing datasets only consider
explicit entity relationships such as EMPLOYEE OF

and CITY OF RESIDENCE (Zhang et al., 2017). Un-
derstanding sentiment relationships between politi-
cal entities is more challenging as their sentiment
is usually hidden in text.

3 Problem and Dataset

In this section, we introduce our problem formu-
lation and explain the process of our dataset con-
struction and annotation.

3.1 Target Problem

Given a sentence s that contains two entities p and
q, the directed sentiment extraction problem aims
to detect the sentiment relation from p to q among
five classes: neutral, p holds a positive or negative
opinion towards q, and the reverse direction. For ex-
ample, in the given sentence in Figure 1, the model
should infer that Trump is the source of the nega-
tive sentiment toward China, the target. Existing
approaches for sentiment analysis cannot be eas-
ily adapted to the task, as existing methods aim to
detect polarity embedded in a text (sentiment clas-
sification), for a specific target (targeted), or with
regard to an aspect (aspect-based). These problem
setups do not consider the source and target of the
sentiment at a time, which cannot identify directed
sentiment relationships between political entities.
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Class Count
Neutral 10,604

Positive (p→ q) 1,656
Positive (p← q) 327
Negative (p→ q) 3,163
Negative (p← q) 478

Total 16,228

Table 1: Dataset statistics

In the following, we introduce a new annotated
corpus for the problem.

3.2 Data Collection

To construct our dataset, we used news articles
from the Real News corpus (Zellers et al., 2019),
which consists of 32,797,763 real news stories in
English published by various outlets over multi-
ple years. Among them, we used 7,127,692 news
articles shared by news media that are verified as
trustworthy by Media Bias/Fact Check (Media Bias
Fact Check, 2015). After splitting each article into
multiple sentences, we only took sentences with
two or more entities using the named entity recog-
nition tool in Spacy2. To focus on the relationships
between political entities, we considered named
entities identified as people, countries/political
groups, organizations, or cities/states3.

Since most entity relationships in regular sen-
tences are presumably neutral, we took two ap-
proaches for sampling sentences that cover diverse
relationships: (i) dictionary-based and (ii) random
selection approaches. The dictionary-based ap-
proach filters in sentences containing positive or
negative keywords from a pre-defined dictionary.
Starting from the blame-related keywords (Liang
et al., 2019), we extended the dictionary by adding
their synonyms and antonyms. While this method
is effective in sampling from an unbalanced dataset,
it excludes sentences that do not explicitly men-
tion a blame or support keyword. Thus, we also
randomly drew sentences to improve the dataset
coverage.

3.3 Crowdsourced Annotation

We used Amazon Mechanical Turk (AMT) to an-
notate each sentence. The annotation task asked
workers to identify what sentiment does an entity
holds toward another in a given sentence. We in-

2https://spacy.io
3https://spacy.io/api/annotation#named-entities

structed them to annotate a sentence based only
on the sentiment expressed within the sentence,
without relying on prior knowledge. There are five
options to choose from, neutral, positive (p→ q),
positive (q → p), negative (p → q), and negative
(q → p). p is the preceding entity of q, and the ar-
row indicates sentiment direction between the two
entities. The detailed instruction used for educating
annotator is presented in Table A1 in Appendix.

We hired five workers to annotate each sentence.
For ensuring high-quality responses, we only al-
lowed workers to participate in the task when they
had at least a 70% acceptance rate for more than
1,000 previous annotations. After completing the
initial round of annotation, we filtered out unreli-
able responses completed within one second or re-
sponses by workers who did not pass test questions.
We designated workers with at least one unreli-
able response as untrustworthy and discarded all
the other responses submitted by the untrustworthy
workers. We repeated the annotation task for the
discarded answers until we have five annotations
for every sentence. The final set of annotations
indicates a Fleiss’ kappa value of 0.26, indicating
an acceptable level of agreement among annota-
tors. The level of reliability is comparable to stud-
ies using subjective text annotations such as hate
speech annotation (Ross et al., 2017), subjectiv-
ity (Abdul-Mageed and Diab, 2011), and sentiment
analysis (Park et al., 2018). By aggregating five
responses for each sentence by a majority vote, we
obtained the final dataset of 16,228 sentences of
which sentiment direction is annotated, as shown
in Table 1. While keeping the label distribution
almost identical, we split the dataset into 13144,
1461, and 1623 instances for train, validation, and
test set, respectively.

4 Methods

This section presents methods for addressing the
problem of directed sentiment extraction. We pro-
pose a novel approach for solving it by employing
augmented inputs in BERT-like transformer models
and compare it with classification approaches.

4.1 Classification Approaches

Following the standard in using classification se-
tups for (undirected) sentiment detection (Liu,
2012; Devlin et al., 2019), we construct classifi-
cation models that predict scores of each sentiment
for the directed sentiment extraction.
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Figure 2: Detailed illustration of the DSE2QA approach

4.1.1 Existing Methods
We first construct previous approaches proposed
for blame relationship detection. Liang et al.
(2019) proposed three neural models that predict
the classes of blame relationships in a given text:
p→ q, p← q, and no relationship. We extend their
approaches to the five classes of directed sentiment
in our dataset.

Entity prior model exploits the prior knowledge
on political entities by using the representation of
two entities using a pre-trained word embedding:
ep and eq. After concatenation, the two vectors are
fed into a fully-connected network with a ReLU
hidden layer to make a final prediction. Context
model utilizes the context of the target sentence
where two entities appear. After replacing p and q
with special tokens ([ENT1] and [ENT2]) respec-
tively, the model encodes the input text through
a bidirectional LSTM and extracts the representa-
tion corresponding to the two entities: lstmp and
lstmq. The representation gets fed into a fully-
connected network. Combined model utilizes the
concatenated representation of the outputs of the
entity prior and context model: ep, eq, lstmp,
and lstmq. Then, the vector is fed into a fully-
connected network. We train the existing models
by minimizing the cross-entropy loss.

4.1.2 Fine-Tuning a Pretrained Transformer
Fine-tuning a BERT-like pretrained transformer
has shown significant performance in many down-
stream tasks (Devlin et al., 2019). We also evaluate
the performance of a fine-tuned transformer. In
particular, after replacing the tokens correspond-
ing to p and q with [ENT1] and [ENT2], we train
a classification model that predicts the five-class
output based on the representation of [CLS]4. We
use the RoBERTa base model (Liu et al., 2019) as
backbone, and we refer to the classification model

4<S> in RoBERTa

as RoBERTa in evaluation experiments. The model
is trained to minimize the cross-entropy loss.

4.2 Proposed Approach: Directed Sentiment
Extraction to Question-Answering

BERT-like transformer models are pretrained using
two inputs including a separator token5 with vary-
ing training objectives. The input configuration
allows the model to be successfully transferred to
the tasks using an auxiliary input, such as sentence
pair classification (sentence 1 and sentence 2) and
question answering (reference and question). In-
spired by the recent achievements using auxiliary
inputs (Sun et al., 2019; Cohen et al., 2020), we pro-
pose a simple but effective approach of tackling the
directed sentiment extraction problem, which we
call DSE2QA; we transform the sentiment extrac-
tion task into the sub-tasks aiming for answering
yes/no questions on whether a target sentiment is
embedded in the text. The basic idea is we inquire
an intelligent machine who can answer yes/no ques-
tions on whether a target sentiment exists and then
combine the answers corresponding to the each
sentiment class for making a final guess. Figure 2
presents the overall framework, which we elaborate
on each step in the following. Technically, taking
auxiliary input in BERT-like transformers enables
implementing the intelligent machine by making a
different prediction with the same sentence input,
according to the question fed as additional input.
We hypothesize that a large-scale pretrained trans-
former model on a massive corpus can understand
the meaning of the augmented question and thus
successfully answer whether a directed sentiment
exists in a text.

Note that our question-answering setup is dif-
ferent from standard question-answering tasks in
NLP, as represented by well-known benchmark
data such as SQuAD (Rajpurkar et al., 2016) and

5[CLS] in BERT, </S></S> in RoBERTa
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Index Complete questions Pseudo questions
q0 Do [Ent1] and [Ent2] have neutral sentiment toward each other? [Ent1] - [Ent2] - neutral
q1 Does [Ent1] has positive sentiment toward [Ent2]? [Ent1] - [Ent2] - positive
q2 Does [Ent2] has positive sentiment toward [Ent1]? [Ent2] - [Ent1] - positive
q3 Does [Ent1] has negative sentiment toward [Ent2]? [Ent1] - [Ent2] - negative
q4 Does [Ent2] has negative sentiment toward [Ent1]? [Ent2] - [Ent1] - negative

Table 2: Auxiliary questions according to the target label

WikiQA (Yang et al., 2015). Given a question and
reference text, the standard task aims at generating
answers in a natural language form. In contrast, the
question-answering process in DSE2QA requires a
binary answer, which can be seen as a special type
of question-answering.

4.2.1 Data Augmentation for DSE2QA
For each pair of label l and sentence s where the
two target entities p and q are masked as [ENT1]
and [ENT2] respectively, we augment the training
data by transforming the original input into the five
tuples using the same sentence and different ques-
tions: ti: (s, qi, li) where i is the index of the target
relation class: neutral (0), p → q with positive
sentiment (1), p ← q with positive sentiment (2),
p → q with negative sentiment (3), and p ← q
with negative sentiment (4). li becomes 1 if l is i;
otherwise li is 0.

We design the auxiliary question qi asking
whether the given sentence s is classified as the
target sentiment i. The list of questions are pre-
sented in Table 2. For example, q1 asks a model
whether a given sentence s contains positive sen-
timent from p to q. Here, we define two types of
questions: complete and pseudo. Complete ques-
tions are written in a natural language, and pseudo
questions only contain keywords that is sufficient
to characterize a sentiment class i while ignoring
the syntactic structure.

4.2.2 Model Prediction
We utilize the BERT-like transformer model (De-
vlin et al., 2019), which can take sentence pairs as
input, for making a binary prediction on a given
sentence s and question qi. In particular, the model
takes

[CLS] s [SEP] qi [SEP]

as input6 and predicts a value yi from 0 to 1 that
indicates the confidence on the target label i.

6‘<S> s </S> </S> qi </S> </S>’ in RoBERTa

4.2.3 Training and Inference
For the augmented input of ti, a pretrained BERT-
like transformer is trained to predict 1 for tl and
0 for ti 6=l through the [CLS] representation at the
last layer of the transformer model followed by
a classification layer. For inference, we made a
prediction corresponding to s by argmaxi yi where
yi is the prediction outcome of ti. The yi indicates
the confidence on each sentiment i, and therefore
we take the class of which the value is maximum.

In the experiments, we utilize the RoBERTa base
model for the backbone of DSE2QA and train the
model to minimize the binary cross-entropy loss.
This approach is different from the RoBERTa clas-
sification model that only employs a single sen-
tence input.

5 Performance Evaluation

We evaluate the performance of the proposed
DSE2QA approach using our annotated corpus.
We compare our method with the current state-
of-the-art methods for directional blame detection
proposed by Liang et al. (2019) (LNZ) as well as
a classification model fine-tuned on a pretrained
transformer (RoBERTa).

5.1 Experiment Setups

For the LNZ models (Liang et al., 2019), we set the
vocabulary size as 10000. We set the word embed-
ding size, LSTM hidden dimension, and the fully
connected layer dimension as 256, 512, and 1024.
The search space for the dropout rate is [0.1, 0.5].
We train the LNZ models using Adam optimizer
with a learning rate of 1e-3 (Kingma and Ba, 2014).
We adopt an early stopping strategy with the pa-
tience of 5. For training RoBERTa and DSE2QA,
we followed the procedure of Liu et al. (2019) us-
ing AdamW (Loshchilov and Hutter, 2017). We
optimize hyperparameters by randomly choosing
ten sets for each model and selecting the model
with the best performance on the validation set.
The learning rate is set to 2e-5 with the epsilon as
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Method Micro F1 Macro F1 mAP

DSE2QA (Pseudo) 0.7973 0.6766 0.7488
DSE2QA (Complete) 0.7726 0.6617 0.7387
RoBERTa 0.7486 0.6409 0.7319
LNZ (Combined) 0.7055 0.5358 0.5295
LNZ (Context) 0.6371 0.4665 0.4921
LNZ (EntityPrior) 0.5853 0.4063 0.414

Table 3: Evaluated performance on the test set. Top performance for each metric is marked as bold.

Method 0 1 2 3 4
DSE2QA (Pseudo) 0.855 0.6519 0.5672 0.7402 0.5686
DSE2QA (Complete) 0.8293 0.6421 0.5672 0.7416 0.5283
RoBERTa 0.8054 0.6373 0.5079 0.7184 0.5354
LNZ (Combined) 0.7981 0.443 0.3333 0.5827 0.5217
LNZ (Context) 0.7469 0.4069 0.2817 0.5007 0.3964
LNZ (EntityPrior) 0.7133 0.2629 0.2353 0.4533 0.3667

Table 4: F1-score per class measured on the test set. Top performance for each metric is marked as bold.

1e-6. The weight decay is set to 0.1. We apply
random oversampling to the training set to make
a balanced dataset against the label. We run the
experiment five times with different random seeds
and report the average scores.

5.2 Evaluation Results

We utilize three measures for evaluation: micro-
f1, macro-f1, and mean average precision (mAP).
Micro-f1 is calculated by (#correct)/(#total), which
corresponds to the multi-class classification accu-
racy. Macro-f1 measures an f1-score for each
class and averages them with equal importance;
therefore, macro-f1 is a more robust measure to a
skewed class distribution, such as our annotation
data (see Table 1). Similarly, mAP measures the
unweighted average of average precision (AP) on
each class; AP summarizes a precision-recall curve
varying prediction threshold for a target class.

In Table 3, we make three observations. First,
among classification approaches (the bottom four
rows), RoBERTa outperforms the other approaches
across the three measures (0.7486/0.6409/0.7319).
The LNZ combined model achieves a fair micro-f1
score of 0.7055 but low scores of macro-f1 (0.5358)
and mAP(0.5295). This difference is because the
combined model (and other non-transformer mod-
els) is poor at classifying non-neutral sentiment,
which we will further investigate in Table 4. Sec-
ond, DSE2QA with complete questions outper-
forms RoBERTa with a margin of 0.024 by micro
F1. The proposed approach also achieves better

performance in macro F1 and mAP. Third, the per-
formance of DSE2QA gets further increased with
the usage of pseudo questions, up to the micro-f1
score of 0.7973. This observation implies that a
BERT-like transformer model may not need a full
sentence to utilize the auxiliary input because it
also performs well using fewer keywords for the
detection task with an augmented input.

Table 4 presents the f1-score measured for each
class: neutral (0), positive from the left entity to
the right (1), positive from the right to the left (2),
negative from the left to the right (3), and negative
from the right to the left (4). Here, we make three
observations. First, all models perform the best at
identifying neutral sentiment (0) compared to the
other sentiment classes. Second, non-transformer
models (the bottom three rows) are poor at extract-
ing non-neutral sentiment regardless of their direc-
tion, which contributes to the decreased macro F1
in Table 3. Third, among the sentiment classes
from the left entity to the right entity (1, 3), trans-
former models better detect negative sentiment than
positive sentiment. The finding suggests that pos-
itive entity relationships are more difficult to be
captured in news articles, which calls for future
studies for a better understanding and model im-
provement. AP per each class also shows a similar
trend, as presented in Table A3.

In summary, the proposed approach of solving
the directed sentiment extraction task by multiple
question-answering tasks outperforms the state-of-
the-art classification approaches. The high perfor-
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mance suggests that the model can understand the
meaning of augmented questions to some extent,
which may build on the language understanding
ability of the pretrained RoBERTa.

6 Analyzing Entity Relationships in
News Articles

To demonstrate the utility of the proposed dataset
and model, we conduct two case studies to analyze
entity-to-entity sentiment relationships presented
in recent news articles on political issues: the 2016
U.S. presidential election and the COVID-19 pan-
demic. For the analyses, we utilize the DSE2QA
model with pseudo questions trained on the anno-
tated corpus, and we confirm that the target news
articles are not overlapped with the whole set.

6.1 Case Study 1: 2016 U.S. election
We study how news media covered the entity re-
lation during the 2016 United States presidential
election using a public dataset on news articles
between Feb. 2016 to Feb. 20177. This dataset
consists of about 140K news articles in English
from fifteen media companies, including CNN,
New York Times, and Guardian. We randomly
select 3K articles from each month, 39K articles
in total. Then we apply the proposed model to all
sentences that contain at least two entities from
the top-30 most frequent entities, including Donald
Trump and Hillary Clinton.

Ted Cruz

Bernie 
Sanders

Hillary 
Clinton Barack

Obama

Marco
Rubio

Donald
Trump

3

2

1

0

-1

-2

-3

Figure 3: Log ratios of positive (blue) and negative
(red) sentiments in directed political relationships in the
news articles.

Figure 3 presents the frequently mentioned pairs
of politicians. The red color indicates an entity
pair tends to contain negative sentiment more than
positive, and blue indicates the pairs with the neg-
ative sentiment more. The opacity represents the
strength of the opinion measured by the log ra-
tio of inferred pairs of positive and negative senti-

7https://www.kaggle.com/snapcrack/all-the-news

Left Center Right
ABC News Associated Press Breitbart News

BuzzFeed News Forbes Daily Mail
CBS News NPR Fox News

CNN Reuter National Review
Democracy Now USA TODAY New York Post

HuffPost Reason
MSNBC The American Spectator

New York Times theblaze.com
Slate The Daily Caller

The Atlantic The Daily Wire
The Guardian The Epoch Times

The New Yorker The Federalist
Time Magazine Washington Times

Vox Wall Street Journal
Washington Post

Table 5: The list target media outlets sorted by alpha-
betical order.

ment. For brevity, we present relations that appear
at least 20 times in any sentiment. Overall, there
are 4.68 times more negative sentiments found than
positive ones, which may be explained due to the
negative nature of political media (Soroka, 2014).
An interesting observation is the asymmetric rela-
tion between Hillary Clinton and Barack Obama.
Clinton holds a generally slightly negative opinion
towards Obama, while Obama holds a stronger pos-
itive opinion towards Clinton. Note that our model
does not just memorize the entity relationship in
the training dataset and apply it to the target dataset
as we replace detected entities with tokens in input
sentences.

6.2 Case Study 2: the COVID-19 pandemic

In the second study, we investigate how news
media portray political entities and their relation-
ships differently according to their political orien-
tations. For example, a right-leaning news outlet
may show more negative opinions expressed to-
ward Democrats. To that end, we focused on the
recent issue of the COVID-19 pandemic to examine
the media bias. We expect the general sentiment
about COVID-19 is negative but would like to in-
vestigate who blames whom because the messages
will have very different meanings according to the
sources and targets, differentiated by our data and
method.

To collect a recent news article set, we first com-
piled a list of 35 popular news media outlets that
cover American politics in English. We also ensure
the list of news outlets was balanced against po-
litical bias, according to the media bias ratings in
allsides.com. For brevity, we consolidate ‘Lean
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Entity
Rank
(Left)

Rank
(Center)

Rank
(Right)

Donald Trump 1 2 1
Republican 2 6 6

U.S. 3 1 3
Democrat 4 5 4

Russia 5 6 9
American 6 15 10

China 7 4 5
Obama 8 10 7
Chinese 9 3 2

Joe Biden 9 8 7

Table 6: Frequency rank of top-10 frequent entities tar-
geted with a negative sentiment through an entity-to-
entity relationship in the COVID-19 news dataset. The
order is sorted by the overall rank in the dataset.

left’ and ‘Left’ into ‘Left’ and ‘Lean right’ and
‘Right’ into ‘Right.’ Table 5 presents the list of the
target media.

For each of the target media outlets, we collected
news articles shared throughout 2020 until Septem-
ber from the Common Crawl corpus, which has
been collecting web data since 20088. The total
number of retrieved news pages are is 256,081; on
average, we have 7,113 published news articles for
each outlet.

Next, we selected documents containing at least
one of the keywords relevant to COVID-19 by
following similar practices used for collecting a
Twitter dataset (Chen et al., 2020b): coronavirus,
covid-19, COVID19, and corona virus. We con-
sider sentences containing two or more entities for
the target of inference, and every relationship pair
is inferred when there are more than two entities in
a sentence. The final set consists of 6,180 articles
involving 1,078,377 entity pairs for COVID-19.

Table 6 presents the list of 10 frequent entities
that are manifested through entity-to-entity rela-
tionships with a negative sentiment. While Don-
ald Trump was the most frequent target of blames
in the total data, the results show that the right-
leaning media tend to express a negative sentiment
toward China (#5) and Chinese people (#2) more
frequently. To examine the difference systemati-
cally, we measure the spearman rank correlation co-
efficient for the whole list of entities that appeared
in the dataset. The rank in the left-leaning media
and that in right-leaning media exhibits a highly
negative correlation of -0.5722 (p<0.001), which

8https://commoncrawl.org/

suggests that the list of political entities presented
with a negative sentiment significantly varies across
news media according to their political orientation.
Such a high level of negative correlation is also
observed in the ranks for the source entity in neg-
ative relationships (−0.4129 with p<0.001) and
the source/target entities in positive relationships
(−0.5605/−0.7929 with p<0.001).

Going further, we analyze the differences be-
tween frequently presented entity pairs with nega-
tive sentiment by the left and right-leaning media,
respectively. Table 7 presents the rank of each
entity pair in the media groups according to their
political orientation. In the left-leaning media of
our dataset, Donald Trump appears as either source
or target in the top-10 frequent negative pairs ex-
cept for the pair of Republican→Democrat and
vice versa. On the contrary, the top-10 pairs in
the right-leaning media include the international
relationships of Donald Trump to the other coun-
tries. In other words, the left-leaning media may
try to frame COVID-19 as a domestic event fo-
cusing on how the President handles it and how
people respond to his crisis management, and the
right-leaning media focus more on foreign poli-
cies and international relationship especially be-
tween the U.S. and China. For the whole set of
entity pairs, the rank correlation between the left
and right media is −0.4847 (p<0.001) for nega-
tive sentiment and −0.7929 (p<0.001) for positive
sentiment. These negative correlations imply that
the news media has a bias in selecting issues to
cover (selection bias) and presenting relationships
of political entities (presentation bias).

7 Conclusion

Detecting who blames or endorses whom in news
articles is a critical ability in understanding opin-
ions and relationship between political actors in
news media. This paper provides a computational
tool based on natural language processing for facil-
itating interdisciplinary studies using text in news
and social media.

We introduced a new problem of identifying di-
rected sentiment relationships between political
entities, called directed sentiment extraction. We
constructed a training corpus of which entity rela-
tionship is manually annotated for each sentence.
This dataset can serve as a benchmark for future
studies. A potential future direction is to build an
improved version of the dataset where sentiment re-
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Frequent pairs in the left-leaning media Frequent pairs in the right-leaning media

Entity pairs
Rank
(Left)

Rank
(Center)

Rank
(Right)

Entity pairs
Rank
(Left)

Rank
(Center)

Rank
(Right)

Democrat→ Donald Trump 1 8 1 Democrat→Donald Trump 1 8 1
Republican→Donald Trump 2 66 4 Donald Trump→Democrat 4 3 2
Twitter→Donald Trump 3 67 392 Donald Trump→Chinese 30 17 3
Donald Trump→Democrat 4 3 2 Republican→Donald Trump 2 66 4
Bernie Sander→Donald Trump 5 67 153 Donald Trump→China 9 10 5
Donald Trump→Ted Cruz 6 67 393 Donald Trump→Joe Biden 20 8 6
Republican→Democrat 7 66 47 Democrat→Republican 8 41 7
Democrat→Republican 8 41 7 Joe Biden→Donald Trump 38 5 8
Donald Trump→China 9 10 5 Donald Trump→Russia 23 17 9
Donald Trump→Bush 10 67 393 House→Donald Trump 12 67 10

Table 7: Frequency rank of entity pairs presented with a negative sentiment in the COVID-19 news dataset

lationships between political entities appear across
multiple sentences in news articles.

To tackle the problem, we proposed DSE2QA
(Directed Sentiment Extraction to Question-
Answering), which is a simple yet effective method
of utilizing BERT-like pretrained transformers by
predicting answers for binary questions on whether
a sentiment relationship exists in a given text. An-
swers for each sentiment class are aggregated to
make a final guess. Evaluation experiments show
the approach outperforms state-of-the-art classifi-
cation models, such as the fine-tuned RoBERTa
classification model. We hypothesize the language
understanding ability of the BERT-like pretrained
transformer may contribute to the high perfor-
mance, combined with its facility of taking auxil-
iary input. Furthermore, the performance increase
with the pseudo questions implies that a few key-
words may suffice to make an inquiry. Future re-
search could investigate which kind of pretrained
transformer is the most effective for understand-
ing the meaning of the augmented question, as
DSE2QA’s backbone can be replaced with any
BERT-like transformer. Also, this study calls for
future studies on advanced methods for directed
sentiment extraction. A potential approach could
jointly learn entity recognition and directed senti-
ment extraction as similarly tackled by a study on
information extraction (Bekoulis et al., 2018).

As the last step, we conducted case studies by
analyzing directed sentiments in news text for the
US election and COVID-19 pandemic. The ob-
servations not only add empirical understandings
to the social science research but also highlight
the utility of the proposed problem, dataset, and
model for political news analysis. We believe the
proposed method can therefore further the current
interdisciplinary efforts of the NLP, machine learn-

ing, and the social science communities (Grimmer
and Stewart, 2013; Roberts et al., 2014; Joo and
Steinert-Threlkeld, 2018).
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Ethics and Impact Statement

In online news and social media, people express
diverse sentiment toward a target through text, such
as blame, support, endorsement, to list a few. Quan-
tifying and understanding the patterns is of signif-
icant interest in social science, but the lack of au-
tomated methods makes it difficult to handle large-
scale data, which can reveal patterns in a compre-
hensive view. In this light, this study aims to de-
velop automated methods of identifying directed
sentiment between entities by defining a new NLP
problem: directed sentiment extraction. The newly
annotated dataset will facilitate future development
of the NLP methods, and the DSE2QA approach
will serve as a strong baseline.

The development of an automated method will
have a broader impact by tackling real-world chal-
lenges such as bias in news reporting against polit-
ical orientation, with potential collaboration with
social science. Moreover, it will enable the discov-
ery of hidden biases with regard to sentiment in on-
line text, which can be mistakenly learned through
data-driven methods. A fine-grained understanding
of sentiment relationships will broadly contribute
to building a fair machine learning model, which is
of significant interest in AI ethics.
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Instruction:
Based the given sentence, please identify if one entity (person, organization, or country) holds a positive or
negative opinion towards another entity. There will be two entities in total. One is in red and the other is in blue.

It is also possible neither positive nor negative opinion exists in the sentence.
Please annotate such cases as neutral.

Please classify the sentence based on what people say instead of what they do.
For example, if a sentence only states the police arrest someone, this sentence should be classified as neutral.
Instead, if the police accuses someone of commiting a crime, this sentence should be classified as police holds
a negative opinion towards the person.

Examples:
- Earlier on Tuesday, Mr. Trump criticized General Motors for making cars in Mexico.
(Negative: Trump holds a negative opinion towards General Motors)
- Hugo Ras has been accused of killing other people’s rhino, and for that South Africans condemn him.
(Negative: South Africans holds a negative opinion towards Hugo Ras)
- DAVID Cameron’s accused the Conservatives of failing to devolve essential welfare powers to, as agreed
by the cross-party Smith Commission which considered further powers for the Scottish parliament last year.
(Neutral: There is no direct opinions between these two entities.)
- Prime Minister Stephen Harper shakes hands with Petty Harbour, N.L., during a campaign event in Toronto
on Sept. 18, 2015. (Neutral: They shake hands just for politeness. No opinions exist.)
- Obama pulled Clinton into his administration after he defeated her in 2008 primary and has effusively praised
her tenure as secretary of state. (Positive. Obama holds a positive opinion towards Clinton.)
- Earlier on Tuesday, Mr. Trump has not comments on General Motors making cars in Mexico. (Neutral.)

Note:
There are multiple annotators for each sentence. Your response will be judged as failed when it is different with
other annotators. If the percentage of failed response from one annotator is above a threshold, the annotator
will NOT get paid for ALL responses. Thanks for your participation.

Table A1: Instruction used for educating annotators in Amazon Mechanical Turk.

Method
Num.

parameters
Avg. runtime

per epoch
Micro F1 Macro F1 mAP

DSE2QA (Pseudo) 125M + 1536 2154s 0.8072 0.6827 0.7528
DSE2QA (Complete) 125M + 1536 2149s 0.7892 0.6751 0.7724
RoBERTa 125M + 3840 437s 0.7618 0.6516 0.7493
LNZ (Combined) 3.03M 12s 0.694 0.5189 0.4819
LNZ (Context) 2.9M 12s 0.6331 0.4518 0.3908
LNZ (EntityPrior) 2.65M 4.8s 0.5914 0.4427 0.31

Table A2: Model details and evaluated performance on the validation set. Top performance for each metric is
marked as bold.

Method 0 1 2 3 4
DSE2QA (Pseudo) 0.9316 0.7157 0.5952 0.8358 0.6658
DSE2QA (Complete) 0.9341 0.7228 0.5747 0.8457 0.6161
RoBERTa 0.929 0.7299 0.5236 0.8232 0.6536
LNZ (Combined) 0.8452 0.4554 0.2887 0.6273 0.4311
LNZ (Context) 0.8233 0.4261 0.2887 0.568 0.3545
LNZ (EntityPrior) 0.7834 0.2181 0.2248 0.4405 0.4033

Table A3: AP per class measured on the test set. Top performance for each metric is marked as bold.
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Abstract

Motivated by recent advancements in gram-
matical error correction in English and exist-
ing issues in the field, we describe a new re-
source, an annotated learner corpus of Rus-
sian, extracted from the Lang-8 language learn-
ing website. This new dataset is benchmarked
against two grammatical error correction mod-
els that use state-of-the-art neural architec-
tures. Results are provided on the newly-
created corpus and are compared against per-
formance on another, existing resource. We
also evaluate the contribution of the Lang-8
training data to the grammatical error correc-
tion of Russian and perform type-based analy-
sis of the models. The expert annotations are
available for research purposes.

1 Introduction

The task of Grammatical Error Correction (GEC) is
concerned with correcting various grammatical and
usage errors in text. Recently, much progress has
been made, especially in English GEC, within the
framework of neural machine translation (NMT)
approaches. In spite of the progress, the issue of
building robust models in GEC has been empha-
sized: Mita et al. (2019) showed that the perfor-
mance of the models varies significantly across
corpora and that single-corpus evaluation may be
unreliable. While in English more efforts are be-
ing made in this direction, in other languages, due
to lack of benchmark corpora and other resources,
very little work has been done. More importantly,
as learner data in other language is very hard to
come by and expensive to annotate, few benchmark
corpora exist in other languages.

We develop a benchmark corpus for Russian
learner data, by providing expert quality annota-
tions for a subset of the Russian subcorpus of Lang-
8, henceforth RU-Lang8 dataset. Lang-8 (Mizu-
moto et al., 2012) is a dataset collected from a
language learning website and partially corrected

by native language volunteers. In Russian GEC,
Rozovskaya and Roth (2019) recently released an
annotated learner corpus, RULEC. The expert an-
notations that we provide will allow researchers to
use the created corpus as another evaluation bench-
mark corpus for non-English GEC. As we show,
RU-Lang8 is more diverse than RULEC in terms
of the first language backgrounds, and the genre of
writing. We benchmark two state-of-the-art neural
machine translation models on the new corpus: a
convolutional neural network (CNN) and a Trans-
former model.

The paper makes the following contributions:
(1) We generate gold annotations for Lang-8 data
to create an additional evaluation dataset for Rus-
sian GEC, which is more diverse linguistically and
contains data of different genre of writing, com-
pared to the existing resource RULEC. We make
the resource available for research purposes;1 (2)
We provide benchmark results on this new corpus,
using state-of-the-art models that are trained on
synthetic data and learner data; (3) We provide an
error analysis showing that most of the grammar
errors are still challenging for the current systems.

2 Related Work

Progress in English GEC There has been a lot
of work on grammatical error correction, but most
of the research has been done on English (Ro-
zovskaya and Roth, 2011; Susanto et al., 2014;
Yuan and Briscoe, 2016; Hoang et al., 2016; Chol-
lampatt et al., 2016; Junczys-Dowmunt and Grund-
kiewicz, 2016; Mizumoto and Matsumoto, 2016;
Rozovskaya and Roth, 2016; Jianshu et al., 2017;
Chollampatt and Ng, 2018; Kaneko et al., 2020).

Recently, state-of-the-art results were obtained
using statistical and neural machine translation ap-
proaches. The systems are typically trained on
a combination of native data with synthetic er-

1https://github.com/arozovskaya/RU-Lang8
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rors and naturally-occurring learner data from NU-
CLE (Dahlmeier et al., 2013) and the English part
of the Lang-8 corpus (Mizumoto et al., 2012), even
though the latter is only partially corrected and is
known to contain a lot of noise.

Motivated by the issue of robustness, a recent
shared task on English GEC (Bryant et al., 2019)
released new evaluation data, both from learners of
English and native speakers. Napoles et al. (2019)
further addressed the issue of robustness of GEC
models, by proposing novel evaluation metrics, and
also released a diverse GEC dataset.

GEC on Other Languages Two most prominent
attempts at GEC in other languages include shared
tasks on Arabic and Chinese text correction. In Ara-
bic, a large-scale corpus (2M words) was collected
and annotated as part of the QALB project (Za-
ghouani et al., 2014). There have also been three
shared tasks on Chinese grammatical error diag-
nosis (Lee et al., 2016; Rao et al., 2017, 2018).
In other languages, attempts at automatic gram-
mar detection and correction have been limited to
identifying specific types of misuse (grammar or
spelling) (Imamura et al., 2012; Israel et al., 2013;
de Ilarraza et al., 2008; Vincze et al., 2014).

The most relevant to us is the work of Ro-
zovskaya and Roth (2019) that made available an
annotated corpus of Russian learner essays. The
data released in Rozovskaya and Roth (2019) is rel-
atively uniform, as it is all produced by native En-
glish speakers, whereas the RU-Lang8 data comes
from a diverse set of speakers.

3 The RU-Lang8 Dataset

RU-Lang8 was created using data collected as part
of the Lang-8 corpus (Mizumoto et al., 2012). The
Lang-8 learner corpus is a dataset compiled from a
language learning website.2 It contains data from
learners of a variety of foreign languages and is
weakly annotated (partial corrections are provided
by volunteers, but these are quite noisy). The Lang-
8 corpus consists of pairs of sentence (source, tar-
get), where the source denotes the original sen-
tence, and the target refers to the modified version
that may contain partial corrections and volunteer
commentaries. While the English subcorpus con-
tains over 30 million tokens, the Russian learner
subcorpus is small, containing about 633,000 to-
kens. We created a subset of 54,000 tokens and had
it manually corrected by expert annotators. This

2https://lang-8.com

First language (%) First language (%)
Japanese (37.9) Portuguese (7.5)
English (14.0) German (4.2)
Korean (11.8) Polish (3.0)
Trad. Chinese (8.1) Spanish (1.0)
Mandarin (7.6) Mongolian (0.7)

Table 1: 10 most common first language backgrounds
for data from Russian learners in the Lang-8 corpus.

Partition Sentences Tokens in the source side
Train 43,848 578,383
Dev 1,968 23,138
Test 2,444 31,603

Table 2: Statistics on the Russian data from Lang-8.
The development and the test partitions are manually
re-annotated. The training partition includes original
noisy corrections.

newly-created resource with expert annotations is
comparable in size to existing GEC datasets, and
should be a valuable addition to multi-lingual re-
sources in GEC. The RU-Lang8 corpus differs from
RULEC: the latter consists of essays written in
a University setting in a controlled environment,
while the Lang-8 data was collected online; the
majority of texts in RU-Lang8 are short paragraphs
or questions posed by learners.

RU-Lang8 Preprocessing From the Lang-8 cor-
pus, we extract all sentence pairs, where the source
and the target sentences are in Russian, using the
tool which we modified for Russian (Chollampatt
and Ng, 2018). The Lang-8 corpus also contains
information about the author’s first language. Over-
all, there are 34 first languages in the Russian sub-
corpus. Table 1 shows the distribution of the most
common first languages in the dataset. The most
common first language is Japanese (37% of all writ-
ers). Other common first languages are English,
Korean, Traditional Chinese, and Mandarin.

The extracted sentence pairs are then tokenized
using an in-house tokenizer and further cleaned
up, by removing sentence pairs where the target
side includes corrector’s comments. As a result,
51,575 sentence pairs are kept. These sentence
pairs are randomized and split up into training, de-
velopment, and test partitions. The development
and test partitions are manually re-annotated, as
described below. The sentence pairs from the train-
ing partition are not re-annotated but contain the
original noisy Lang-8 corrections. The sizes of the
subcorpora are shown in Table 2.
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Error type Example
Lexical choice предлагает “proposes”→ утверждает “claims”
Extra word (open-class) был “was”→ ∅
Prep. (ins.,del.,repl.) в “in”→ из “from, out of”
Word form вдохновленным “inspired”→ вдохновенной “inspiring”
Noun:case специалисты “experts” (pl.,nom)→ специалистам “experts” (pl.,dat.)
Adj.:case главная “main” (sg., fem., nom.) → главную “main” (sg., fem., acc.)
Verb:number/gender живут “live” (3rd person pl.) → живет “lives” (3rd person sg.)
Verb:aspect чувствовала “was feeling” (past, imperf.) → почувствовала “felt”

(past, perf.)
Verb:voice продолжала “continued” (past, active)→ продолжалась “continued”

(past, reflexive)

Table 3: Some common grammatical error types in Russian learner data. A complete set of errors with
examples is shown in Appendix Table 11.

Repl. Ins. Del. Punc. Word Total
(%) (%) (%) (%) order(%)

Dev 71.3 7.9 7.1 12.4 1.4 3,434
Test 74.2 8.4 8.4 7.7 1.3 3,354

Table 4: Statistics on corrections in RU-Lang8.

Correction of the RU-Lang8 Data The devel-
opment and the test partitions of the RU-Lang8
corpus were manually annotated by a native Rus-
sian speaker, with a Master’s degree and with prior
annotation experience. To estimate the quality of
the annotations, a second expert annotator with a
similar background and native proficiency was used
(see next section). In contrast to Rozovskaya and
Roth (2019), where the errors are also tagged with
error type at the level of syntax, morphology, lexi-
cal usage, and orthography, the annotation of RU-
Lang8 is performed at the level of four operations:
Replace, Insert, Delete, and Word Order. This new
annotation framework speeds up the annotation pro-
cess significantly and allows the annotator to focus
on providing the appropriate correction, without
having to think also about the linguistic error type.
This approach was also used in the annotation of
other GEC corpora (Reznicek et al., 2012; Boyd
et al., 2014; Mohit et al., 2014).

The annotation was performed with a publicly-
available tool used in other annotation efforts (Ro-
zovskaya and Roth, 2010). Table 4 shows the dis-
tribution of errors in terms of edit operations.

A subset of the test data was also marked with
error type, using the error classification schema of
RULEC. This was done to allow for a comparison
of the error distributions between RULEC and RU-
Lang8. Table 3 shows examples of some common
Russian learner errors in the RU-Lang8 dataset.

The complete set of error categories is shown in Ap-
pendix Table 11. The error distributions in the two
corpora are shown in Appendix Table 12. Because
RULEC contains data from two groups of learners
– foreign language learners of Russian and heritage
speakers3 – we show statistics for each RULEC
group separately. The distribution of errors in RU-
Lang8 is very similar to that of the foreign group
in the RULEC corpus, even though in RULEC the
learners come from the English-speaking language
background, while in RU-Lang8, there is a lot of
diversity with respect to the first language back-
ground. As for error rates,4 the RU-Lang8 data
has significantly higher error rates than both for-
eign and heritage parts of RULEC (Table 5). We
attribute this to the overall higher proficiency level
of the RULEC corpus writers. Finally, note that, as
shown in Table 5, the error rates in development
and test partitions of RU-Lang8 vary substantially:
the error rates are 15.6% and 11.3% in the develop-
ment and test sets, respectively. Since the sentences
were selected uniformly at random, we do not have
an explanation for the reason why the error distribu-
tion is different in the two subsets. We do believe
that the varying error distributions might be useful,
as they would reflect realistic scenarios where the
test data may not have exactly the same distribution
as the development/training data.

Inter-Annotator Agreement Computing inter-
rater agreement in grammatical error correction

3The heritage group in RULEC includes native Russian
speakers who grew up in the United States; these speakers have
a different error distribution from that of foreign learners of
Russian, with the majority of errors being of type punctuation
and spelling.

4Error rate denotes the percentage of the tokens that have
been modified by the annotator.
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Corpus Total Incorr. Error
words words rate (%)

RULEC (Foreign) 164,071 11,343 6.9
RULEC (Herit.) 42,187 1,705 4.0
RU-Lang8 (dev) 23,138 3,605 15.6
RU-Lang8 (test) 31,603 3,558 11.3

Table 5: Error rates in RULEC (foreign and heritage
speakers shown separately) and in RU-Lang8. Error
rates throughout the paper refer to the percentage of
tokens that have been modified.

Second Error Judged
pass rate (%) correct (%)
Annotator A 1.55 90.0
Annotator B 1.02 97.4

Table 6: Inter-annotator agreement. Error rates based
on the corrections on the second pass. Judged correct
denotes the percentage of sentences in the agreement
set that the second rater did not change.

is not trivial, as the space of possible corrections
for a sentence is extremely large (Choshen and
Abend, 2018; Bryant and Ng, 2015; Rozovskaya
and Roth, 2021). To estimate the quality of the an-
notation, we have a second annotator independently
re-annotate a subset of the data, 120 sentences. We
compute inter-annotator agreement in two ways.
First, we follow the method used for RULEC (Ro-
zovskaya and Roth, 2019) where the texts corrected
by one annotator were given to the second anno-
tator. Agreement is computed as the percentage
of sentences that did not have additional correc-
tions on the second pass, as our goal is to make
the sentence well-formed. 120 sentences from each
annotator were given to the other annotator for the
second pass. Table 6 shows that the error rate of
the sentences corrected by annotator A (original
annotator) on the second pass was 1.55%, with
90% of the sentences remaining unchanged. The
sentences corrected by annotator B (second anno-
tator) on the second pass had an error rate of less
than 1.02%, and over 97% of the sentences did not
have additional corrections. These agreement num-
bers are comparable to and even slightly higher
than in RULEC (68.5% and 91% of unchanged
sentences). The error rates are also in the same
ballpark (0.67%-2.4% for RULEC).

We also measure agreement by treating reference
corrections made by one annotator as gold and
scoring the second annotator against them. .Results
are shown in Table 7. The scores of 66.7 and 69.9
are higher than those reported on English CoNLL-

Gold annotator P R F0.5

Annotator A as gold 66.0 69.6 66.7
Annotator B as gold 72.2 61.9 69.9

Table 7: Scoring one annotator against another.

14 (score of 45.91, Bryant and Ng (2015)).

4 Experiments

GEC Models We benchmark two state-of-the-
art neural machine translation models: a Convo-
lutional Encoder-Decoder Neural Network model
(CNN) (Chollampatt and Ng, 2018) and a Trans-
former model (Naplava and Straka, 2019).5 The
Transformer model achieved the highest F-score on
RULEC. Both models make use of the RULEC
training and dev data (about 5K sentences) and na-
tive data with synthetic errors. The CNN model is
trained jointly on RULEC and synthetic data, while
the Transformer is pre-trained on synthetic data
and finetuned on RULEC data.

The models make use of the two approaches
of generating synthetic data that showed state-of-
the-art performance on English GEC. The Trans-
former model makes use of the Aspell confusion
sets method (Grundkiewicz et al., 2019) to generate
synthetic errors in native data. In line with Grund-
kiewicz and Junczys-Dowmunt (2019), the word
error rate used is that of 15%, where on average
15% of the tokens are perturbed, and, on top of
these Aspell-generated confusions, characters are
perturbed in 10% of the word tokens to account for
spelling mistakes. We refer the reader to Naplava
and Straka (2019) for details about the model im-
plementation. The CNN models are trained on
synthetic data that use part-of-speech (POS)-based
confusion sets (Choe et al., 2019) (which we re-
implemented for Russian). In all cases, results of
single models are compared.

The models are trained on similar amounts of
synthetic data: the CNN model uses 13 million
sentences from the Web (Borisov and Galinskaya,
2014), while the Transformer model uses 10 mil-
lion sentences from the Web (Bojar et al., 2017).
Although we did not directly compare the two data
sources, we assume the native data used by both
models is of similar quality as the data comes from
the Web in both cases. Since the synthetic data used
in the CNN model is not focused on spelling errors,
we run an off-the-shelf spellchecker for Russian,

5We thank Jakub Náplava for kindly agreeing to run the
Transformer model on the RU-Lang8 data.
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Model RULEC RU-Lang8
P R F0.5 P R F0.5

CNN 55.8 26.6 45.7 57.9 26.8 47.0
Transf. 59.1 26.1 47.2 - - -
Transf. (+dev) 63.3 27.5 50.2 55.3 28.5 46.5

Table 8: Results on the test of the CNN and Trans-
former models. Best result for each test set is in bold.
Transformer+dev shows performance of Transformer
model finetuned on both training and dev RULEC data.

Training RULEC RU-Lang8
data P R F0.5 P R F0.5

RU+synth. 55.8 26.6 45.7 57.9 26.8 47.0
RU+L8+synth. 54.5 27.6 45.6 58.8 29.6 49.1

Table 9: Results on RULEC and RU-Lang8 of the CNN
models trained jointly on synthetic and learner data.
RU stands for RULEC, and L8 stands for RU-Lang8.

developed following Flor (2012) for English.

Evaluation The models are evaluated on the test
partitions of RULEC and RU-Lang8. Comparing
system output against human-generated reference
is a standard practice in GEC. Several measures
have been proposed, such asM2 scorer (Dahlmeier
and Ng, 2012), GLEU (Napoles et al., 2015), ER-
RANT (Bryant and Ng, 2015), and I-measure (Fe-
lice and Briscoe, 2015). M2 computes precision,
recall, and F-score and has been widely used in
evaluating GEC systems, and we use it here to
compare with previous results on RULEC. M2 has
been used with different beta parameter values, the
default is beta = 0.5, weighing precision twice as
high as recall, which we use here.
Overall Performance We show results for the two
models in Table 8.6 The Transformer finetuned
on RULEC train data outperforms the CNN on
RULEC by 1.5 points, and by almost 5 points when
finetuned on the union of training and dev RULEC
data. However, on RU-Lang8, the CNN model
outperforms the transformer slightly.
Contribution of Lang8 Training Data This is
shown in Table 9. Interestingly, performance on
RULEC does not improve, while performance on
RU-Lang8 improves by 2 points. The latter is not
surprising since the data comes from the same do-
main, however, it is surprising that there is no effect
on the RULEC corpus.

6The last row shows the result of finetuning the Trans-
former with both train and dev RULEC data.

Performance Analysis by Error Type We also
evaluate the best models shown in Table 8 per error
type. Evaluating the precision requires classifying
the edits proposed by the system, however, recall
can be computed, using the types of the gold edits.
In Table 10 in the Appendix, we show the recall
on the most common error types. The type-based
performance analysis reveals which errors are more
challenging for the systems. The highest recall by
far (ranging between 52.0% and 70.5%) on both
datasets is achieved on spelling errors by both mod-
els. The Transformer also achieves a recall of 60%
on verb agreement errors on both datasets. The
following error categories are more challenging for
both models: noun case, preposition, adjective case
errors, and punctuation. Finally, the most challeng-
ing errors are lexical choice errors, where the recall
is below 5% for both models and on both datasets.
This supports the observation that current models
perform best on spelling errors and currently strug-
gle with other phenomena, which is further exacer-
bated by the morphological complexity of Russian:
the performance on Russian falls behind that on
English and German (Grundkiewicz and Junczys-
Dowmunt, 2019). Our error-type-based analysis is
also in line with the findings in the study on two
English corpora, as well as RULEC and RU-Lang8
Rozovskaya and Roth (2021). Specifically, while
lexical errors are some of the most common learner
mistakes, only a small fraction of system edits are
of lexical type.

5 Conclusion

This paper presents an annotated Russian learner
corpus based on data from the Lang-8 website. The
dataset is more diverse than the existing resource
RULEC from the point of view of the first language
backgrounds, and also differs in the genre of writ-
ing. We benchmark two state-of-the-art models
that are trained on learner data and synthetic data,
using two competitive noisification techniques.

We believe that the RU-Lang8 corpus with ex-
pert annotations is a valuable contribution to the
GEC field, where a lot of progress has been made
in English, due to a large number of resources and
benchmark corpora, but where very few works fo-
cus on non-English GEC.
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A Additional Results

Error type RULEC RU-Lang8
CNN Trans. CNN Trans

Punc. 24.4 7.3 15.4 10.3
Noun:case 38.4 36.7 40.5 35.1
Spelling 62.0 66.7 52.0 70.5
Lex. choice 1.0 3.4 0.5 2.6
Prep. 30.1 29.6 10.9 17.4
Adj.:case 20.5 22.0 22.5 27.5
Verb:agr. 27.1 59.4 42.4 60.6

Table 10: Recall by error type of the model trained on
native data combined with learner data. Best result for
each error type and dataset is in bold.
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Error type Example
Spelling моркое→ морское “marine”
Lexical choice (single-token) предлагает “proposes”→ утверждает “claims”
Replace (multi-token) грозит “threatens”→ создает угрозу “creates a threat”
Punc. ∅→,
Extra word (open-class) был “was”→ ∅
Missing word (open-class) ∅→ для того “with the purpose of”
Prep. (ins.,del.,repl.) в “in”→ из “from, out of”
Conjunction и “and”→ ∅
Word form вдохновленным “inspired”→ вдохновенной “inspiring”
Noun:case специалисты “experts” (pl.,nom)→ специалистам “experts”

(pl.,dat.)
Noun:number пола“gender” (sg.,gen.) → полов “gender” (pl.,gen.)
Adj.:case главная “main” (sg., fem., nom.) → главную “main” (sg., fem.,

acc.)
Adj.:number дальнейшие “future” (pl.,nom.) → дальнейшее “future”

(sg.,nom.))
Adj.:gender которое “which” (sg.,neutral)→ которая “which” (sg. fem.)
Verb:number/gender живут “live” (3rd person pl.) → живет “lives” (3rd person sg.)
Verb:aspect чувствовала “was feeling” (past, imperf.) → почувствовала

“felt” (past, perf.)
Verb:voice продолжала “continued” (past, active)→ продолжалась “con-

tinued” (past, reflexive)
Verb:tense предлагал “offered” (past tense)→ предлагает “offers” (present

tense)
Verb:other соблазнить “to seduce”→ соблазнил “seduced”

Table 11: Grammatical error types in Russian learner data.
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Error type Percentage (%)
RULEC-Foreign RULEC-Heritage RU-Lang-8

Spelling 18.6 42.4 19.2
Lexical choice 13.3 5.5 11.6
Punctuation 7.6 22.9 10.3
Missing word 8.9 4.7 7.3
Replace 6.3 2.8 1.7
Extra word 5.7 2.4 6.6
Preposition 3.3 1.5 4.6
Word form 3.1 2.1 1.0
Pronoun 1.0 0.5 1.0
Conjunction 0.8 0.1 1.0
Noun:case 14.0 7.8 12.6
Noun:number 2.5 1.8 0.7
Noun:gender 0.3 0.2 0.7
Adj.:case 3.9 2.1 6.3
Adj.:number 1.0 0.3 -
Adj.:gender 1.4 0.5 -
Verb:number/gender 2.5 1.6 1.7
Verb:aspect 2.0 0.2 3.6
Verb:tense 1.2 0.3 4.6
Verb:voice 1.2 0.2 0.7
Verb:other 0.5 0.1 -

Table 12: Distribution by error type. Replace includes phenomena not covered by other categories, e.g., additional
morphological phenomena, replacing multi-word expressions, and word order.
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Abstract

While distributional semantic models (DSMs)
can successfully capture the similarity struc-
ture within a semantic domain, less is known
about their ability to represent abstract seman-
tic properties that hold across domains. Such
properties can form the basis for abstract se-
mantic classes that are a crucial aspect of hu-
man semantic knowledge. For example, the
abstract class of extreme adjectives (such as
brilliant and freezing) spans a wide range of
domains (here, INTELLIGENCE and TEMPER-
ATURE). Using a model that compares query
items to an aggregate DSM representation of a
set of extreme adjectives, we show that novel
adjectives can be classified accurately, support-
ing the insight that a cross-domain property
like extremeness can be captured in a word’s
DSM representation. We then use the extreme-
ness classifier to model the emergence of inten-
sifier meaning in adverbs, demonstrating, in
a separate task, the effectiveness of detecting
this abstract semantic property.

1 Distributional Models and Abstract
Semantic Classes

Distributional semantic models (DSMs) are widely
used as representations of word-level semantics.
However, open questions remain as to precisely
which aspects of human semantic knowledge
DSMs effectively capture (e.g., Baroni et al., 2014;
Hollis and Westbury, 2016; Schnabel et al., 2015;
Utsumi, 2020). For example, popular DSMs such
as word2vec and GloVe have been shown to predict
human ratings of semantic features of objects (Ru-
binstein et al., 2015; Grand et al., 2018). However,
performance is variable across features and object
categories (Grand et al., 2018), and in particular, is
better for taxonomic properties (‘is an animal’, ‘is a
weapon’) than for general attributive properties (‘is
yellow’, ‘is dangerous’) (Rubinstein et al., 2015).

While people may or may not have semantic
categories such as “all yellow things”, abstract
semantic classes are an important part of human
linguistic knowledge that should be captured in
a computational system. Note that by abstract
we mean the schematic properties of word mean-
ing, rather than the content-related classes;1 such
properties abstract over commonalities of meaning
that may cross traditional semantic domains. Con-
sider, e.g., a semantic verb class such as change-
of-state (Levin, 1993; Kipper et al., 2008), with
members such as melt (the TEMPERATURE do-
main) and quicken (SPEED), or relational adjec-
tives (Boleda et al., 2012), including, e.g., Chinese
(NATIONALITY) or pulmonary (BODY-PART).

Much work shows the ability of DSMs to match
human knowledge of semantic properties within
a domain (e.g., Baroni et al., 2014; Pereira et al.,
2016; An et al., 2018; Grand et al., 2018), but there
is little work, to our knowledge, on whether the sim-
ilarity structure of a DSM is sensitive to commonal-
ities of abstract properties that hold across a variety
of semantic domains.2 Research on vector-based
representations of analogy suggests that DSMs
may be limited in their ability to represent cross-
domain word relations: Rogers et al. (2017) show
that cross-domain analogical relations like hyper-
nymy (e.g., turtle:reptile::salmon:fish) are signif-
icantly harder to solve than within-domain ones
(e.g., Paris:France::Ottawa:Canada). Lu et al.
(2019) make significant progress towards repre-
senting such relations, showing that a DSM can
form the basis for detecting the cross-domain word

1The same distinction between schematic and content is
applied in Paradis (2001); Cruse and Togia (1996). It is also
worth noting explicitly that our use of the term ‘abstract’ in
this sense is not to be interpreted as ‘not concrete’.

2DSMs may, e.g., encode concreteness and va-
lence/arousal/dominance (e.g., Hollis and Westbury, 2016;
Hollis et al., 2017), but the former can be viewed as a taxo-
nomic property, and the latter as within the EMOTION domain.
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relations, such as antonymy (love–hate in the EMO-
TION domain, rich–poor in FINANCE); however,
to achieve this, their method requires additional
learning of a relation-specific warping of the dis-
tributional semantic space. Our goal here is to see
whether the similarity structure of the (original)
DSM itself directly captures such cross-domain
knowledge.

We focus as a test case on the abstract class of ex-
treme adjectives: scalar adjectives that express an
extreme value of their scale, such as brilliant and
freezing. Previous computational work on scalar
adjectives has focused on assessing their relative
ranking within a domain (e.g., learning that smart
< brilliant on the INTELLIGENCE scale) (e.g., Rup-
penhofer et al., 2014; Cocos et al., 2018). However,
as work in linguistics shows (Cruse, 1986; Paradis,
2001; Morzycki, 2012), extreme adjectives do not
simply behave as if they are further along their
scale, but rather (as a class) have distinguishing
semantic properties. Our goal is to see whether
DSMs can capture this cross-domain property of
“extremeness”. In our first experiment, we demon-
strate that we can successfully identify extreme
adjectives, across a wide range of domains, on the
basis of the information contained in their DSM
representations alone.

Our next goal was to show that this ability to de-
tect the abstract property of extremeness would be
useful in further tasks. We begin with the novel hy-
pothesis that an adjective’s extremeness is a strong
predictor of its future use in an intensifier adverb –
i.e., in phrases like staggeringly easy and monumen-
tally wrong. Our second experiment then shows
that our classification of extreme adjectives can
improve over an existing computational approach
(Luo et al., 2019) in a historical prediction task of
emerging intensifier meanings.

2 Our Case Study: Extreme Adjectives

Extreme adjectives are a subclass of scalar adjec-
tives that includes words such as awesome, bril-
liant, and freezing. Like all scalar adjectives, their
semantics includes the specification of a scale, such
as (for these) DESIRABILITY, INTELLIGENCE, and
TEMPERATURE, respectively, along with some po-
sition or range on that scale. The distinguishing
aspect of extreme adjectives is that they represent
an extreme value at one end or the other of the scale
(e.g., Cruse, 1986; Morzycki, 2012; Paradis, 2001),
a value that is so high/low as to possibly even be

Intensi- Endpoint- Extreme
fication oriented degree

Category (example) (very X) (almost X) (absolutely X)

Non-gradable (civic) ? ? ?
Open-scale (big) X ? ?
Closed-scale (full) X X X
Extreme (huge) ? ? X

Table 1: Examples showing differences in types of
modifiers usable across categories of adjectives.

considered “off the scale” (Morzycki, 2012). This
makes extreme adjectives a good case study for
us: their abstract property of “extremeness” holds
across a wide variety of semantic scales, and thus
crosses individual semantic domains, such as IN-
TELLIGENCE or TEMPERATURE.3

Our goal is to assess whether a DSM can directly
capture the similarity among members of this kind
of abstract class. We address this question in two
ways: with a direct evaluation, testing whether we
can classify adjectives as extreme or not, and with
an indirect evaluation, which uses our extremeness
classifier in a separate task, to show its value in
NLP applications.

Our first experiment uses similarity within a
DSM as the basis for classification of extreme ad-
jectives. Linguists have long noted that distribu-
tional tests can distinguish extreme adjectives from
other classes (e.g. Cruse, 1986), as in the following
examples (elaborated in Table 1).4

1. Martha is ?very/?almost/absolutely ecstatic.
[Extreme]

2. Martha is very/?almost/?absolutely grateful.
[Not Extreme]

Here, we propose an approach that replaces similar-
ity along manual distributional tests with similarity
within a general DSM. Note that such an approach
is not a priori guaranteed to succeed. First, the
manually-identified probes are specifically chosen
to highlight the distinguishing properties; looking
at representations derived from all of a word’s con-
texts may mean that the useful signal about what
makes an adjective extreme is drowned in “noise”

3The difference between a semantic domain and a semantic
scale is not crucial here; the important point is that “extreme-
ness” is a property that crosses what are typically thought of
as more narrowly-defined semantic areas.

4Note that the versions with “?” in (1), (2), and Table 1
are less felicitous and require additional facilitating context,
rather than being outright ungrammatical; this is not unusual
for distributional tests of semantic classes.
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(with respect to the property of extremeness). Sec-
ond, we’re looking for an abstract property that
crosses semantic domains – i.e., we’re not asking if
EMOTION adjectives are more similar to each other
than to INTELLIGENCE adjectives; we’re asking
whether extremes in both domains (ecstatic and
brilliant) are more similar to each other than to
non-extreme adjectives.

In our second experiment, we perform a down-
stream task that uses our classification of an adjec-
tive as extreme or not. Here we study the historical
emergence of intensifier meanings of adverbs (e.g.,
monumentally coming to mean ‘very’, as in monu-
mentally wrong), for which in-domain similarities
in DSMs have previously been found to model the
phenomenon with some accuracy (Luo et al., 2019).
Using our cross-domain model of extremeness, we
operationalize our novel linguistic insight that ad-
jectival extremeness (monumental) is inextricably
linked to the emergence of intensifier senses (mon-
umentally wrong).

To preview our results, we find that our method
of using a DSM to classify adjectives as extreme
or not substantially improves over a statistical
method drawing on linguistically-devised distri-
butional tests. That is, we see that the general
similarity space of a DSM can be used as an ef-
fective replacement for similarity with respect to
manually-identified probes in the detection of an ab-
stract semantic class. Moreover, in our experiments
on intensifier emergence, we find that our identi-
fication of the cross-domain property of extreme-
ness also shows improvement over a more standard
application of DSMs that assesses in-domain sim-
ilarities. This pair of experiments thus provides
evidence that a DSM can successfully capture an
abstract class defined by cross-domain similarity.5

3 Classifying Extreme Adjectives

Here we propose an approach for identifying ex-
treme adjectives using a DSM. Other work in
computational linguistics has considered automatic
means for placing scalar adjectives in the appropri-
ate relative position along their scale (e.g. Shein-
man et al., 2013), including approaches using
DSMs to do so (e.g. Kim and de Marneffe, 2013;
Sharma et al., 2017). Such methods do not dis-
tinguish extreme adjectives as a special set across

5All code and data are available at
https://github.com/smfsamir/
detect-adjectival-extremeness.
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Figure 1: Nearest neighbours of repulsive (extreme)
and unattractive (non-extreme), visualized with t-SNE
(Maaten and Hinton, 2008) on word2vec embeddings
(Mikolov et al., 2013).

semantic domains, but rather assess them as ex-
pressing a higher/lower level compared to other
adjectives within the domain – e.g., brilliant is a
higher degree of INTELLIGENCE than smart. Our
approach instead focuses on extremeness as a cate-
gorical property of adjectives that is independent
of any particular scale (following Cruse, 1986; Par-
adis, 2001; Morzycki, 2012, among others).

As set out earlier, our hypothesis is that the
similarity space of a DSM can capture the (cross-
domain) similarity of the members of an abstract
semantic class. Fig. 1 illustrates this intuition: the
nearest neighbors of the extreme adjective repulsive
are other extreme adjectives (detestable, revolting);
conversely, the non-extreme counterpart unattrac-
tive has other non-extreme nearest neighbours (un-
desirable, uninteresting). Importantly, the two sets
of nearest neighbours show a clear separability of
the extreme adjectives and non-extreme adjectives,
suggesting that the contextual distribution of an
adjective, as represented in its word embedding,
contains useful information for classifying whether
it is extreme.

Reflecting this intuition, we propose to iden-
tify extremeness of adjectives using a prototype
approach, in which we classify each adjective by
comparing its vector to the average vector (a “proto-
type”) of a set of extreme adjectives within a DSM.
While such an approach has been used previously
to characterize words within a semantic domain
(e.g., EMOTION in the case of Xu et al. (2020), and
each of a variety of domains in An et al. (2018)),
here we test whether such a prototype vector can
abstract over the individual semantic domains to
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capture the cross-domain property of extremeness.
Classification will be successful to the extent that
vectors of adjectives that share the abstract property
of extremeness are sufficiently similar to serve as
an informative prototype.

3.1 Dataset
We collect a dataset of extreme and non-extreme
adjectives in English for training and evaluating a
supervised classifier. We started with a set of 54
adjectives identified as extreme (Morzycki, 2012;
Paradis, 2001; Huttenlocher et al., 1971; Cruse,
1986; Lassiter, 2017). We then added extreme
adjectives from human-annotated datasets of ad-
jectival intensity (Cocos et al., 2018; Wilkinson
and Tim, 2016; de Melo and Bansal, 2013; Rup-
penhofer et al., 2014). For each adjective, these
datasets specify its scale and its human-rated range
of intensity values. For each of the scales of the
54 previously-identified extreme adjectives, we
gathered all further adjectives tied with or ranked
above extreme adjectives in their intensity value
(N = 17). After filtering out 3 adjectives with
frequency less than 0.5 per million, we obtained
a total of N = 68 extreme adjectives that cover
a diverse set of adjectival scales, such as DESIR-
ABILITY (sensational), INTELLIGENCE (moronic),
and SIZE (gigantic). We then match each extreme
adjective in our dataset with a non-extreme ad-
jective matched for frequency in COCA (Corpus
of Contemporary American English; 1B words;
Davies, 2009). (Since word embeddings have
been shown to encode frequency (e.g., Mu and
Viswanath, 2018), it is important to control for this.)
To avoid including extreme adjectives, we exclude
any words that appear as the most intense adjective
in the above datasets. Our non-extreme set includes
68 adjectives, both scalar and non-scalar; see data
in the GitHub repository.

3.2 Methods to predict extremeness
Our goal is to see whether DSMs can support the
classification of an abstract class that has been
previously identified through manually-selected
distributional tests. Thus we compare two ap-
proaches to identifying extreme adjectives: one
implements a corpus-based measure to capture
manually-identified distributional tests developed
by semanticists (cf. Table 1), while the other uses
a DSM to capture the cross-domain similarity of
extreme adjectives. For both, we propose a method
for deriving the probability p(c|a) of the class
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Figure 2: Results for classifying extreme adjectives.

c ∈ {Extreme,Non-extreme} for an adjective a.

3.2.1 The DISTRIBUTIONAL TEST method
Here we define a method based on the “probe”
words specified in distributional tests of extreme-
ness. Specifically, our approach looks at patterns of
extreme adjectives that are readily assessed in a cor-
pus: (1) frequent modification by extreme degree
modifiers (Cruse, 1986); and (2) resistance to mod-
ification by endpoint-oriented modifiers and very
(Morzycki, 2012).6 The extreme degree modifiers
we consider are E = {absolutely, totally, simply,
positively, downright, outright }, while the other
modifiers are O = { almost, slightly, very }. For-
mally, we measure the association with each of
these sets of probes using normalized pointwise
mutual information (NPMI).7 For example, we as-
sess the NPMIE between an adjective a and (all)
extreme degree modifiers e that immediately pre-
cede it in a sentence, as:

NPMIE(e, a) = log

(
p(e, a)

p(e)p(a)

)
· 1

log p(e, a)

where e stands for any extreme degree modi-
fier in E (i.e., we derive the probabilities above
from pooled counts in COCA over a co-occurring
with any e ∈ E). We compute the associa-
tion NPMIO with all o ∈ O analogously. Us-
ing NPMIE and NPMIO as features, we train a
logistic regression classifier with L2 regulariza-
tion to obtain an estimation of p(c|a), where c ∈
{Extreme,Non-extreme}. Combined with a proba-
bility threshold, the estimation of p(c|a) allows us
to predict whether an adjective is extreme.

6Other tests (such as prosodic cues or hyperbole, Morzycki,
2012), are difficult to identify in a written corpus.

7Normalizing mitigates the frequency bias known to im-
pact PMI (Bouma, 2009; Jurafsky and Martin, 2014).
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Classifier Prec. Recall F1

DISTRIB. TEST 0.76 0.66 0.71
DSM CENTROID 0.90 0.91 0.90

Table 2: Classification using a 0.5 threshold.

3.2.2 The DSM CENTROID method

To use a DSM to classify an adjective as extreme,
we need to abstract away from the information
about the particular scale or semantic domain that
is captured in a word vector. That is: we want
the model to recognize that exquisite is more like
huge, destitute, and repulsive than like big, poor,
and unattractive. As noted above, we draw on pro-
totype approaches by classifying a novel adjective
on the basis of how similar it is to the aggregate
representation of a set of extreme adjectives. Anal-
ogously to the approach above, we use this sim-
ilarity as a single feature in a logistic regression
classifier to obtain an estimate of the probability of
extremeness p(c|a). For our experiments, we use
the 300-dimensional pretrained word2vec embed-
dings of Mikolov et al. (2013).

3.3 Results

Because of the small size of our dataset (N = 136),
we use a leave-one-out cross-validation procedure
to evaluate the two methods. We evaluate perfor-
mance in two ways: using precision-recall curves
(shown in Fig. 2) and as Precision, Recall, and F1

scores for the Extreme class using a classification
threshold of 0.5 (shown in Table 2).

Both DSM CENTROID (AUC = .97) and DIS-
TRIBUTIONAL TEST (AUC = .78) perform better
than chance (AUC = .50). The DSM CENTROID

method furthermore substantially outperforms the
DISTRIBUTIONAL TEST method (AUC = .97
vs. AUC = .78; F1 = .90 vs. F1 = .71). This
result provides strong evidence for our hypothesis
that the similarity structure of a DSM can effec-
tively capture an abstract, cross-domain property
such as extremeness; in fact, at least in this case,
it can do so better than a statistical corpus-based
model based on manually-identified linguistic tests.

One concern with the leave-one-out approach
is that there may be items in the training set (e.g.,
massive) that share semantic properties other than
extremeness with the held-out item (e.g., huge –
in this case, both are SIZE adjectives). To control
for this confound, we conduct a variant of a k-fold

Classifier Errors
DSM
CENTROID

destitute, freezing, terrified; run-
away, memorable

DISTRIB.
TEST

gigantic, colossal, mammoth, gar-
gantuan, immense; identical, in-
convenient, conventional, opposite

Both major, obese, microscopic; creepy

Table 3: Sample of errors made by each method, and
both. False negatives; false positives.

cross-validation procedure, in which the folds con-
sist of clusters of semantically similar adjectives,
with the aim that the training data does not include
adjectives from the same domain as the test items.
Even in this controlled analysis, we find that the
DSM CENTROID method robustly outperforms the
DISTRIBUTIONAL TEST method. See Appendix A
for details.

3.4 Discussion

Given that the DSM CENTROID method uses infor-
mation from all of a word’s contexts (as captured
by the DSM), in contrast to the DISTRIBUTIONAL

TEST approach that uses hand-picked tests to reveal
behavior relevant to extremeness, it is worth ex-
ploring why the former method performs so much
better. Here we study the errors made by the two
methods when using a 0.5 probability threshold for
the classifiers. We focus on the sets of errors that
are exclusive to each model, as shown in Table 3;
a complete list of errors is available in the data
provided in the GitHub repository.

One possibility is that distributional tests will fail
to identify extreme adjectives when they only infre-
quently co-occur with the distributional probes; the
fact that an extreme adjective can be modified by,
e.g., absolutely does not entail that these will actu-
ally co-occur in the corpus. The false negatives for
the DISTRIBUTIONAL TEST method reflect this: it
misses out on extreme adjectives that do not fre-
quently co-occur with extreme degree modifiers.
We see, for instance, that many extreme adjectives
in the domain of SIZE are misclassified due to a low
NPMIE score – a significant error since extreme ad-
jectives of SIZE are often presented as typical mem-
bers of the class (Cruse, 1986; Morzycki, 2012).
The DISTRIBUTIONAL TEST method also produces
a considerable number of false positives. This re-
flects another shortcoming of distributional tests,
as it has been noted that extreme degree modifiers
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can be used with adjectives that are not extreme (cf.
absolutely inconvenient, totally identical; Paradis,
2001; Morzycki, 2012).

The cases where DSM CENTROID fails – false
negatives and false positives – are mostly of a differ-
ent nature. Among its errors are many words that
have both extreme and non-extreme senses (freez-
ing, destitute, microscopic, obese, runaway, and
major). For example, destitute can mean ‘devoid
of’, and freezing can refer to the actual transitioning
from liquid to solid, resulting in a non-extreme clas-
sification. Conversely, runaway is misidentified as
extreme due to extreme uses such as runaway suc-
cess. Such polysemies highlight an issue for any
method that draws on data from a corpus that is
not sense-annotated – recognizing an adjective as
extreme depends on the word being predominantly
used in the expected sense.

Despite this challenge, our results align with the
analysis of extreme adjectives as a distinct adjec-
tival class (Cruse, 1986; Paradis, 2001; Morzycki,
2012). Members of this category can be automat-
ically identified using similarity to an aggregate
vector of (known) extreme adjectives, even when
those exemplars cross a wide range of semantic do-
mains. Importantly, while Morzycki (2012) argued
that extreme adjectives are always felicitous with
extreme degree modifiers such as absolutely, this
does not entail that the association will necessarily
manifest, even in a large corpus. Instead, we lever-
age the broad distributional tendencies captured
by DSMs to determine semantic class membership
probabilistically.

Our good performance in this task required only
a single centroid representation of our semantic
class of interest – importantly, it did not require an
opposing negative centroid (as in, e.g., An et al.,
2018) nor a relation-specific warping of semantic
space as in Lu et al. (2019). In future work, we
hope to use recent developments in applying influ-
ence functions for NLP (e.g., Brunet et al., 2019) to
discover the contexts that enable DSMs to represent
such abstract properties effectively.

4 Predicting novel intensifiers

Having shown that extremeness can be classified
on the basis of similarity within a DSM, we now
show that this method is sufficiently informative to
guide a separate task – that of modeling the emer-
gence of novel intensifiers. Intensifiers are adverbs
such as staggeringly in staggeringly easy, or mon-

umentally in monumentally wrong, that give force
to the modified adjective without conveying their
manner meaning – i.e., saying some task is stag-
geringly easy means that it is extremely easy, not
that it is easy in a staggering way. Manner adverbs
can gain such an intensifying sense through a con-
tinual, and frequent, process of semantic change
(Bolinger, 1972; Bennett and Goodman, 2018; Luo
et al., 2019). However, it is an open question why
certain manner adverbs are more likely to do so
than others.

Our hypothesis is that it is the abstract property
of extremeness that facilitates this meaning shift
– intuitively, staggeringly easy and monumentally
wrong can readily be paraphrased as off-the-scale
easy and off-the-scale wrong because the underly-
ing adjectives (staggering and monumental) denote
extreme values. Thus, an ability to detect extreme-
ness should support an approach to prediction of
emergence of intensifier senses: i.e., the adverbs
derived from extreme adjectives should be those
that are likely to become intensifiers.

We contrast our hypothesis with that of Luo et al.
(2019), who propose that intensifier usage can arise
with any adverb through a more general process of
semantic bleaching (Traugott and Dasher, 2001).
Specifically, Luo et al. (2019) argue that when ad-
verbs modify semantically similar adjectives (con-
spicuously evident), the redundancy of the modify-
ing adverb leads to its interpretation as intensifying
the content of the adjective, and the actual man-
ner component of the adverb is bleached over time.
Luo et al. (2019) capture this insight with a measure
(described below) of the within-domain similarity
of adverbs to the adjectives that they are found to
modify frequently.8

We follow Luo et al. (2019) in adopting a se-
mantic bleaching account, but instead propose that
it is the abstract property of extremeness that is
the focus of the bleaching process: On our ac-
count, intensification arises when the particular
scale (EMOTION or INTELLIGENCE) of an extreme
adverb (an adverb derived from an extreme adjec-
tive) is backgrounded, and eventually lost, while
the abstract property of extremeness remains the
key part of the meaning.

Our approach is compatible with that of Luo
et al. (2019), but moreover explains why certain
adverbs are more likely to modify similar adjec-

8By “within-domain” we mean a standard topical/domain-
level similarity of meaning, such as conspicuously and evident
conveying ‘ease of observation’.
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Semantic category Entries
The world > Relative
properties > Quantity >
Greatness of quantity/
amount/ degree > hugely

colossally,
monumentally,
hugeously, thumpingly,
pyramidically

In respect of quantity >
Greatly/very much >
extremely/exceedingly >
remarkably/ extraordinarily

markedly, exceptionally,
noticeably,
pronouncedly,
prominently

Consciously, knowingly >
In accordance with truth,
truly > in fact, actually

literally, absolutely,
objectively, essentially,
factually

Table 4: HTE categories with a sample of entries.
Bolded words are attested after 1800.

tives in the first place: Adverbs that are derived
from an extreme adjective are likely to modify sim-
ilar adjectives precisely because they are not re-
dundant – they contribute the salient meaning of
‘extremeness’ over and above the expression of the
scale already expressed in the modified adjective.
Thus we suggest that it is primarily the abstract,
cross-domain property of scalar extremeness that
drives the emergence of intensifying meanings of
adverbs, rather than their patterns of co-occurrence
with adjectives that are semantically similar. In
this section, we support our claim with a mod-
elling experiment that contrasts the within-domain
similarity measure of Luo et al. (2019), with our
cross-domain similarity measure for identifying
extremeness.

4.1 Methods and materials

To compare these hypotheses, we perform a his-
torical prediction task: predicting the emergence
of an intensifier sense of an adverb based on data
in the decades prior to the sense’s attestation date.
Note that this differs from Luo et al. (2019), who
performed statistical analyses over time, including
both before and after emergence of the intensify-
ing senses. Consequently, we cannot adopt the
full dataset of Luo et al. (2019) since it includes
adverbs whose intensifier sense emerged prior to
1800 – where historical corpus data is scarce.
Intensifiers. We start with a set of 69 intensifiers
R that have their first date of attestation of an in-
tensifier sense after 1800 according to the Histori-
cal Thesaurus of English (HTE; Kay et al., 2017).
(These include 45 from Luo et al. (2019) that meet
this criterion.) These adverbs come from a wide
variety of semantic categories, as illustrated in Ta-
ble 4. We restrict the attestation date to post-1800
so that we can draw on a large historical corpus

with sufficient data and robust word embeddings.
Prediction timeframe. Because we aim to pre-
dict the emergence of novel intensifiers, rather than
classify existing ones, the model should not use
data that contains the target adverb in its inten-
sifier meaning. In order to use the same time
span for all adverbs and include a reasonable quan-
tity of data, we take data for each adverb from
the 3 decades prior to its use as an intensifier.
That is, for each adverb r attested within decade
dA(r), we use corpus data from the 3 decades
Tr = {dA(r)− 3, dA(r)− 2, dA(r)− 1}.
Matched control adverbs. Luo et al. (2019) pre-
sented a set of 178 control adverbs C that did not
develop an intensifying meaning. We match each
r ∈ R with the c ∈ C that has the most similar
frequency to r in the time period Tr, and use data
for c from the same timeframe Tr.
Historical corpus data. With smaller corpora be-
ing too sparse, we use historical data (years 1800–
1999) from the Google N-grams corpus (English,
version 2, Michel et al., 2011), drawing on the
diachronic skip-gram word embeddings of Hamil-
ton et al. (2016), and syntactic annotations from
Goldberg and Orwant (2013). Note that the embed-
dings are formed per-decade, to allow for sufficient
training data. In our primary analyses, we use the
embeddings of the adjectival bases of the adverbs,
due to sparsity of the adverb embeddings them-
selves. Due to missing embeddings for some of the
items, we had to remove 28 items, leaving us with
52 intensifiers and 58 control adverbs.

4.2 Features predicting intensifier emergence

Here we describe the two features we are investi-
gating as predictive of the development of adverbs
into intensifiers, our EXTREMENESS feature and
the SIMADJMOD feature of Luo et al. (2019).
EXTREMENESS. To test our hypothesis that ex-
treme adverbs are likely to gain an intensifying
sense, we adapt the DSM CENTROID measure
from Section 3. For each adverb q to be clas-
sified, we first find its adjectival basis aq (e.g.,
insane for insanely), and then obtain the embed-
ding aq as the average of the diachronic embed-
dings aq(t) for each decade t ∈ Tq. We then
obtain the likelihood that aq is in class c – where
c ∈ {Extreme,Non-extreme} – based on its prox-
imity to the extremeness centroid. We obtain the ex-
tremeness centroid using the extreme adjectives in
Section 3, averaging their diachronic embeddings
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Figure 3: Results for historical prediction task.

over the time period Tq. While this is a dataset of
currently extreme adjectives, we believe it can be
reliably used for the time period covered, as ex-
tremeness seems to be a relatively stable property.

SIMADJMOD. Luo et al. (2019) formalize their
hypothesis with a measure, SIMADJMOD, of the
similarity between an adverb and the adjectives it
modifies. For a query adverb q, the measure is com-
puted as the average semantic similarity between
q (e.g., conspicuously) and the set of all adjectives
modified by q (e.g., evident). We adapt this mea-
sure with an approach analogous to the EXTREME-
NESS measure: we find the word embeddings of
the adjective aq that is the basis of q and of all ad-
jectives modified by q within Tq. Then, SIMADJ-
MOD(q) is computed as the odds-weighted average
of the cosine similarity of aq with each modified
adjective’s embedding (see Luo et al. (2019) for
details on the weighting function).

It is worth noting that using adjective embed-
dings contrasts with Luo et al. (2019), who use
the adverb embeddings themselves. We adopted
our approach due to the absence of many adverbs
in the diachronic embeddings. In their statistical
analyses (in contrast to our prediction task), Luo
et al. (2019) can use embeddings from a 150-year
time span, reducing the sparsity of adverb embed-
dings. We perform an additional experiment in
which we follow their set-up more closely, reported
in Appendix B. As in our main results below, the
EXTREMENESS feature comes out as a strong ex-
planatory factor, although its improvement over the
SIMADJMOD feature is much greater in the core
historical prediction task. We discuss the implica-
tions in Appendix B.

4.3 Results and Discussion

We fit a separate logistic regression classifier for
each feature, EXTREMENESS and SIMADJMOD,
and use leave-one-out cross-validation. We re-
port precision-recall curves using the p(c|q) es-
timates from the regression models (where c ∈
{Intensifier,Control}), and perform error analysis
using a 0.5 threshold on p(c|q). The results are pre-
sented in Figure 3. We observe that both measures
perform well above chance, with the EXTREME-
NESS feature (AUC = 0.86) outperforming the
SIMADJMOD feature (AUC = 0.61).9 To under-
stand the difference in performance between the
two features, we turn to an analysis of the errors.

One situation that should distinguish the use of
EXTREMENESS from SIMADJMOD is in predict-
ing the emergence of intensifier meanings for ad-
verbs that are infrequent: an uncommon extreme
adverb will still be extreme, but its low frequency
will prevent it from frequent co-occurrence with
similar adjectives. We find evidence for this in
the errors: EXTREMENESS, but not SIMADJMOD,
correctly predicts the emergence of an intensifier
meaning for the infrequent adverbs monumentally,
colossally, frighteningly, staggeringly, and thun-
deringly. This supports our hypothesis that it is not
the frequent co-occurrence (with similar adjectives)
that primarily drives intensifier emergence, but the
semantic property of extremeness.

However, while many novel intensifiers are
based on adverbs derived from extreme adjectives,
not all of them are; adverbs that have an epistemic
function (e.g., actually, really, honestly) also form
a frequent source of intensifiers (Bolinger, 1972;
Traugott and Dasher, 2001). We indeed observe
that the EXTREMENESS feature fails to predict
the emergence of intensifiers such as honestly and
prominently, cases of adverbs that were not derived
from extreme adjectives, while the SIMADJMOD

feature captures these cases.
Overall, the results of this experiment support

our claim: the cross-domain semantic property
of extremeness is highly effective in predicting
whether an adverb will gain an intensifying func-
tion. While the account of Luo et al. (2019) pro-
vides substantial empirical coverage of the pattern
of historical development, it does not explain why
particular adverbs should modify similar adjectives
in the first place. Our account subsumes theirs

9Including both features in the classifier does not improve
performance over the EXTREMENESS feature alone.
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by showing that if a manner adverb frequently co-
occurs with a similar adjective, the adverb is likely
derived from an extreme adjective (with exceptions,
such as the epistemic adverbs); the adverb is then
easier to re-interpret as an intensifier by maintain-
ing the feature of extremeness while bleaching its
domain-specific semantics.

5 Conclusion

In this paper, we looked at the question of whether
distributional semantic models (DSMs) can cap-
ture abstract semantic properties of word classes.
While it is well known that such models can capture
within-domain similarity (e.g., tall being similar to
high and large, all pertaining to the scalar attribute
of SIZE), here we study whether DSMs also encode
abstract similarities that hold across domains.

Our case study focuses on extremeness (Cruse,
1986; Morzycki, 2012; Paradis, 2001), the adjec-
tival property of expressing values so high or low
that they can be considered “off the scale” (Morzy-
cki, 2012). Extreme adjectives thus share the ab-
stract property of “extremeness” on a scale, inde-
pendently of the particular scale involved. Our ex-
periments demonstrate that the abstract property of
extremeness can be identified using similarity of an
adjective to an extreme “prototype” in a DSM, thus
supporting the claim that the similarity structure of
a DSM can encode such cross-domain classes.

We believe our study contributes to the rap-
prochement of computational methods and linguis-
tic theory (cf. Boleda, 2020): both the traditional
application of distributional tests, as well as the
more open-ended application of DSMs, rely on dis-
tributional patterns. Since those patterns are more
opaque in a DSM, a fruitful next step would be to
reverse-engineer the distributional patterns that are
indicative of abstract semantic class membership
and thereby ‘give back’ an interpretable set of class
membership indicators to semantic theory.
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A Extremeness classification:
supplementary analysis

In this supplementary analysis, we report on an
experiment in which we control for the potential
confound described at the end of Section 3.3; that
is: some training set items frequently share domain-
specific features with the held out test item (e.g.,
massive and colossal are in the training set while
huge is held out). To validate that the DSM CEN-
TROID method is detecting the abstract property of
extremeness, rather than simply tapping into such
domain-specific similarities, we set up the evalua-
tion procedure in a way that minimizes the possi-
bility that domain-specific similarities explain the
results. We do so by aiming to exclude adjectives
from the training set that are in the same domain as
a test adjective.

A.1 Methods and materials

Because we do not have ground-truth do-
main labels for our extreme adjectives (e.g.,
{huge, colossal, mammoth} ∈ SIZE), we require
another method for grouping the adjectives into do-
mains. As an approximation of domain groupings,
we use an unsupervised clustering algorithm on the
extreme adjectives, expecting that items belonging
to the same cluster will belong to the same domain.
With these k domain-based clusters, we can then
train on k − 1 of the clusters while testing on the
held-out cluster.

Concretely, we perform a variant of k-fold
cross-validation, called leave-one-cluster-out cross-
validation, following Utsumi (2020), where the
folds are determined through k-means clustering
of our dataset of extreme adjectives. For binary
classification of extreme adjectives, we train the
DSM CENTROID and DISTRIB. TEST methods,
described in Section 3.2, on extreme adjectives in
k − 1 of the clusters as well as their frequency-
paired non-extreme adjectives; see Section 3.1 for
details of this pairing. We then test our binary clas-
sifiers on the extreme adjectives in the k-th cluster
along with their paired non-extreme adjectives. We
repeat this procedure k times so that each cluster is
tested once.

A.2 Results

The leave-one-cluster-out cross-validation proce-
dure is dependent on the number of clusters k used
for k-means clustering. We perform the procedure
for a wide range of k ∈ [2, . . . , 12] to ensure that
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Figure 4: Results for extremeness classification us-
ing the leave-one-cluster-out cross-validation proce-
dure. We vary the number of clusters from k ∈
[2, . . . , 12].

the results are robust to the choice of k. Table 5 (be-
low) displays subsets of the clusters obtained with
k-means clustering for k = 5, qualitatively demon-
strating that the clusters are centered on domain-
specific features. The cross-validation results on
the full range of k values are shown in Fig. 4.

We can see that the DSM CENTROID perfor-
mance here (AUC ∈ [0.78, . . . , 0.88]) is lower than
in Section 3.3 (AUC=0.97), indicating that within-
domain similarity was partly responsible for the
result in that set-up. However, even in this more
controlled set-up, the DSM CENTROID method
robustly outperforms the DISTRIBUTIONAL TEST

method (AUC ∈ [0.67, . . . , 0.74], which is similar
to the AUC of 0.71 for this method in Section 3.3).
We take the results in this controlled analysis as
further evidence that the cross-domain property of
extremeness can be detected from DSM vectors.

B Intensifier prediction: supplementary
analysis

In Section 4, we used a historical prediction task
to test two contrasting accounts of how intensifiers
emerge in the lexicon. Specifically, we developed
classifiers, based on diachronic DSMs, to predict
whether an adverb would acquire an intensifying
sense based on historical corpus data prior to the
sense’s attestation date. By restricting to corpus
data prior to attestation dates, we ensured that the
DSM vectors reflected manner adverb usage (mon-
umentally sized) rather than intensifier usage (mon-
umentally wrong). That is, we minimized the risk
that the DSM vectors smuggled in information of
whether an adverb was already an intensifier.

This restriction, however, also results in two data
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Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

ecstatic brainless gargantuan penniless mesmerizing
phenomenal amateurish miniscule destitute resplendent
exceptional moronic mammoth miserable immaculate

terrific inane colossal filthy breathtaking
outstanding idiotic monstrous obese brilliant

Table 5: Samples of clusters from k-means clustering on extreme adjectives with k = 5.

sparsity problems. First, there are relatively few
adverbs that gained an intensifying sense after the
1800s – the time period for which we have histor-
ical corpus data – so we were required to use a
smaller sample of intensifiers. Second, many ad-
verbs gained intensifying senses towards the earlier
parts of the 19th century, for which historical cor-
pora are significantly smaller than in later decades.
As described in Section 4, the latter issue required
us to compute the SimAdjMod measure differently
than Luo et al. (2019): We used embeddings of
the adjectival basis (insane) rather than the adverb
itself (insanely), since many adverbs were missing
in the historical embeddings.

In this section, we perform the prediction task
introduced in Section 4 without restricting to cor-
pus data prior to attested dates of intensifier senses.
While lifting this restriction weakens the explana-
tory account of how intensifiers emerge in the lex-
icon (due to the aforementioned methodological
concern), it alleviates the problem of data sparsity
and aligns more closely with the experimental set-
up of Luo et al. (2019), thereby making the results
more directly comparable. This experiment thus
serves as a follow-up test for our hypothesis that
EXTREMENESS is a strongly predictive feature of
whether intensifying meanings emerge for manner
adverbs.

The experiment here is similar to the one re-
ported in Section 4, but there are three significant
differences, all introduced to align better with the
setting of Luo et al. (2019): First, we use the ma-
jority of intensifiers (N = 185 out of 250) and
control adverbs (N = 152 out of 178) published
by Luo et al. (2019) – specifically, we use all of
their adverbs that have available word embeddings,
as opposed to only intensifiers attested within the
1800s to the present. Second, we use a prediction
timeframe of T = {1850, 1860, . . . , 1990} for all
queries, as opposed to a timeframe of 3 decades pa-
rameterized by an intensifier’s attested date. Third,

we use the adverb embeddings in computing the
SIMADJMOD measure, as opposed to the embed-
dings of the adverbs’ adjectival bases used in Sec-
tion 4.

B.1 Methods and materials

Corpus. The binary classification – as having an
intensifier sense or not – is conducted with corpus
data spanning 15 decades from the 1850s to the
1990s from the Google N-grams and syntactic
N-grams corpora. We used diachronic skip-gram
word embeddings as in Section 4.

Evaluation dataset. Our evaluation dataset con-
sists of the 185 intensifiers and 152 control-adverbs
from the Luo et al. (2019) dataset that were left af-
ter discarding, similarly to their modelling set-up,
65 intensifiers and 26 control-adverbs with missing
word embeddings.

B.2 Features for classification of intensifiers

For each query adverb q, we compute the two fea-
tures (EXTREMENESS and SIMADJMOD) as fol-
lows:
EXTREMENESS. We calculate the cosine sim-
ilarity of the adjectival basis embedding aq(t)
to the extremeness centroid Et for every decade
t ∈ T = {1850, 1860, . . . , 1990}. As in Section 4,
the extremeness centroid Et is calculated as the
averaged diachronic embeddings of the extreme ad-
jectives introduced in Section 3. This provides us
with a measure of EXTREMENESS for each decade
t ∈ T that we then average to get a single measure
of EXTREMENESS for q.
SIMADJMOD. We calculate the odds-weighted10

average similarity of the adverb embedding qt to
the embeddings of the adjectives at, where a was
modified by q in decade t. We perform this compu-
tation for every t ∈ T = {1850, 1860, . . . , 1990},
giving us a measure of SIMADJMOD for every

10See Luo et al. (2019) for details of the weighting function.
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Figure 5: Results for classifying an adverb as an inten-
sifier vs. control.

decade t ∈ T . We then average these per-decade
SIMADJMOD values to get a single measure of
SIMADJMOD for q. Rather than using the embed-
ding of the adjectival basis of q for qt, as we did
in Section 4 for data sparsity reasons, here we used
the diachronic embeddings of the adverb q. In do-
ing so, we mirror the operationalization of Luo et al.
(2019) for this feature exactly.

B.3 Classification results

We fit a separate logistic regression classifier for
each of the two features and use leave-one-out
cross-validation. Fig. 5 shows that EXTREMENESS

achieves better performance (AUC = 0.90) than
SIMADJMOD (AUC = 0.84). The difference be-
tween the two features reported here is, however,
much smaller than in the experiment in Section 4.
Interestingly, while the AUC for EXTREMENESS

is comparable between the two experiments, the
SIMADJMOD feature does much better in the cur-
rent set-up. We speculate that this is due to the latter
feature having access to the adverbial vectors for
decades in which the adverb has already obtained
an intensifying meaning: a more “bleached” vector
is more likely to be similar to many adjectives than
a vector that has a more unique contextual signa-
ture. Further research is required on the influence
of semantic bleaching on semantic space represen-
tations to test this speculation. We leave this topic
for future work.

Despite the smaller difference in performance,
however, we still find salient differences between
the predictions made by the two models: We ob-
serve a similar pattern of errors as in Section 4
when setting a classification threshold at P (c =
Intensifier|q) = 0.5. Specifically, the EXTREME-
NESS feature is able to correctly classify intensifiers

that are relatively infrequent (defiantly, startlingly,
unequivocally), providing further evidence that ex-
tremeness leads to the acquisition of intensifying
meaning. Again, we observe that the account for-
malized in the SIMADJMOD measure correctly pre-
dicts adverbs with an epistemic function (evidently,
prominently, noticeably) to acquire an intensifying
meaning while the EXTREMENESS feature does not.
Overall, we find results in accordance with those
of Section 4: the cross-domain semantic property
of EXTREMENESS is very effective in predicting
whether an adverb will gain an intensifying func-
tion.

4125



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 4126–4135
August 1–6, 2021. ©2021 Association for Computational Linguistics

Effective Attention Sheds Light On Interpretability

Kaiser Sun* Ana Marasović†*
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Abstract

An attention matrix of a transformer self-
attention sublayer can provably be decom-
posed into two components and only one of
them (effective attention) contributes to the
model output. This leads us to ask whether
visualizing effective attention gives different
conclusions than interpretation of standard at-
tention. Using a subset of the GLUE tasks and
BERT, we carry out an analysis to compare the
two attention matrices, and show that their in-
terpretations differ. Effective attention is less
associated with the features related to the lan-
guage modeling pretraining such as the separa-
tor token, and it has more potential to illustrate
linguistic features captured by the model for
solving the end-task. Given the found differ-
ences, we recommend using effective attention
for studying a transformer’s behavior since it is
more pertinent to the model output by design.

1 Introduction

Attention mechanism (Bahdanau et al., 2015) is
an essential component of many NLP models, in-
cluding those that are built on the ubiquitous trans-
former architecture (Vaswani et al., 2017). As a
result, visualizing attention weights is a widely
used technique to interpret models’ behavior (Be-
linkov and Glass, 2019). Despite that, the validity
of this analysis method is a subject undergoing
intense discussion and study in NLP (Jain and Wal-
lace, 2019; Wiegreffe and Pinter, 2019; Serrano
and Smith, 2019; Moradi et al., 2019; Mohanku-
mar et al., 2020; Tutek and Snajder, 2020, i.a.).

Related to this discussion, Brunner et al. (2020)
show that, under mild conditions, the attention ma-
trix of a transformer self-attention sublayer can be
written as a sum of two components. One of them is
irrelevant for the model output because its product
with the value matrix is zero. They term the other
component as effective attention (formally defined

in §2). We study whether effective attention gives
interpretations that differ from conclusions we get
by analyzing standard attention. If this is the case,
interpretation of effective attention is better suited
for studying transformers’ internals because it is
more pertinent to the model output by design.

Brunner et al. (2020) briefly discuss this by com-
paring standard and effective attention matrices
from a single BERT head (Devlin et al., 2019) for
one example. They observe that: (i) standard atten-
tion is largely concentrated on the delimiter tokens
([SEP], [CLS]) or on near-diagonal elements; (ii)
effective attention is more dispersed; (iii) effective
attention disregards the delimiters. They stress that
we should not extrapolate too much from these ob-
servations since they are based on a single example,
and that further research is needed on this topic.

In this work, we aim to reliably answer whether
effective attention disregards the [SEP] and [CLS]

tokens, and if so, are effective attention weights
dispersed to linguistic features? To address these
questions, we embrace the methodology for a quan-
titative analysis of the attention patterns produced
by individual transformer heads proposed by Ko-
valeva et al. (2019). We carry out their experiments
on a subset of the GLUE tasks with BERT’s stan-
dard and effective attention. We show that effective
attention “ignores” [SEP] and punctuation symbols
(§3.1, §3.2), but not [CLS] (§3.2), and that it high-
lights end-task features instead (§3.1, §3.2, §3.3).1

2 Background: Effective Attention

Each transformer layer consists of multi-head self-
attention and feedforward sublayers (Vaswani et al.,
2017, see Appendix A). Brunner et al. (2020) show
that the standard attention matrix A can be de-
composed into two components, if a mild condition

1Our code is available at https:
//github.com/KaiserWhoLearns/
Effective-Attention-Interpretability
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is satisfied. Specifically, if the left nullspace of the
value matrix V :

LN(V ) := {x> ∈ R1×ds |x>V = 0},

is not trivial (contains vectors other than ~0). This is
satisfied when the maximum input sequence length
is larger than the value matrix dimension (see Ap-
pendix A). The two components are: the compo-
nent in the left nullspace of V (A‖) and the com-
ponent orthogonal to the nullspace (A⊥). Notably,
A‖ does not contribute to the output of the self-
attention sublayer:

AV = (A‖ +A⊥)V = ~0 +A⊥V = A⊥V. (1)

The effective attention matrix is defined as A⊥. If
visualizations of standard and effective attention
differ, interpretation of effective attention is an ac-
curate interpretation because effective attention is
what contributes to the model output (per Eq. 1).

We explain how to compute A⊥ since that was
not described in Brunner et al. (2020). We first
compute the singular value decomposition (SVD)
of the value matrix V = UΣW T . The rows of
U that correspond to singular values equal to zero
span LN(V ):

LN(V ) = span{u1, . . . , uk},

where k is the number of singular values that equal
zero. We project each row ai of the attention matrix
A ∈ Rds×ds to LN(V ) to construct a projection of
the matrix A to LN(V ):

PLN(V )(ai) =

k∑

j=1

〈ai, uj〉uj ,∀i ∈ {1, . . . , ds},

PLN(V )(A) = [PLN(V )(a1), . . . ,PLN(V )(ads)]
>,

where 〈·, ·〉 denotes the dot product. Finally,
effective attention equals to:

A⊥ := A− PLN(V )(A).

Effective attention is not guaranteed to be a prob-
ability distribution as some of its weights might be
negative and larger than 1.

We observe that effective attention is slower to
compute due to the SVD decomposition of V for
each out of 144 BERT-base heads, and additional
matrix multiplications (Table 3; §B). If speed is
bottleneck, we recommend doing quantitative anal-
yses with effective attention on a subset of the dev
set. For qualitative analyses, common practice is
already to select a subset for a manual analysis.

Dataset Task |Train| |Test|
RTE NLI 2.5K 3K
MRPC paraphrase identification 3.7K 1.7K
QNLI QA as NLI 105K 5.4K
SST-2 binary sentiment classification 67K 1.8K
STS-B sentence similarity 7K 1.4K

Table 1: Specifications of the datasets.

3 What Does Effective Attention Reveal?

We compare visualizations of standard and effec-
tive attention following the methodology for analy-
sis of the attention patterns (Kovaleva et al., 2019).
We carry out our analyses using five English-
language datasets in the GLUE benchmark (Wang
et al., 2019): RTE (Dagan et al., 2005; Haim et al.,
2006; Giampiccolo et al., 2007; Bentivogli et al.,
2009), MRPC (Dolan and Brockett, 2005), QNLI
(Rajpurkar et al., 2016; Wang et al., 2019), SST-
2 (Socher et al., 2013), and STS-B (Cer et al.,
2017).2 See Table 1 for their specifications. For
each dataset, we train BERT-base with standard
attention, a batch size of 8, maximum sequence
length of 128, and 3 training epochs.3 For analyz-
ing effective attention, we replace standard with
effective attention at the test time.

3.1 Classification of Attention Patterns

In this section, we start studying whether effective
attention disregards the delimiter tokens.

The visualizations of attention matrices exhibit
patterns (Clark et al., 2019; Vig and Belinkov,
2019). Kovaleva et al. (2019) identified five fre-
quently occurring pattern categories:
• vertical (associated with the delimiters tokens)
• diagonal (either syntactic features between

neighbouring words in the English language
or the previous/following token attention com-
ing from the language modeling pretraining)
• vertical + diagonal
• block (intra-sentence attention for the tasks

with two distinct sequences; potentially en-
codes semantic and syntactic information)
• heterogeneous (as “block”, more likely to cap-

ture interpretable linguistic features).
They annotated 400 BERT’s attention matrices

using these categories, and used them to train a

2We omit larger datasets (QQP, MNLI), due to the limit of
our computation budget (a single Nvdia GTX1070 with 8GB
memory), and CoLA/WNLI following Kovaleva et al. (2019).

3All other hyperparameters are set to default values in the
transformers library (Wolf et al., 2020).
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Task Attention B D V+D H V

Standard 4.50 7.40 15.20 45.10 27.90
RTE

Effective 32.60 12.80 2.80 40.30 11.50

Standard 3.40 10.20 14.90 39.80 31.80
MRPC

Effective 25.50 17.40 3.60 40.40 13.00

Standard 4.70 7.40 15.20 45.10 27.90
QNLI

Effective 29.30 15.80 3.40 46.40 5.10

Standard 38.50 6.10 0.00 37.80 17.60
SST-2

Effective 33.80 11.50 0.80 39.40 14.60

Standard 4.00 8.20 1.80 50.40 35.50
STS-B

Effective 36.00 10.30 0.60 39.40 13.60

Table 2: Estimated percentage of the attention patterns
(§3.1): block (B), diagonal (D), vertical + diagonal (V +
D), heterogeneous (H), vertical (V). Effective attention
exhibits different patterns than standard attention, i.e.,
less vertical patterns (associated with delimiter tokens)
and more block patterns (associated with task features).

ConvNet for pattern classification of 1K random
test set attention matrices. We replicate their results
for standard attention (using their code), and clas-
sify effective attention matrices for a comparison.4

Results Table 2 (Fig. 4 in Appendix B) shows a
drop in the percentage of the “vertical” and “verti-
cal + diagonal” patterns when we replace the stan-
dard with effective attention. Since the vertical
patterns are associated predominantly with atten-
tion to the delimiters tokens, this result supports the
hypothesis that effective attention disregards the de-
limiter tokens. Moreover, although the amount of
“heterogeneous” patterns did not change notably,
the amount of “block” and “diagonal” patterns in-
creased. This suggests that we are better positioned
to find end-task linguistic features captured by the
model by visualizing effective attention.

As an illustration, Figure 2 presents the attention
matrices for one sentence from one attention head.
In this example, effective attention highlights all
mentions of the noun “antibiotics” that the adjec-
tive “new” modifies and that is also the object of
the preposition “against”, instead of giving promi-
nence to the [SEP] token as standard attention.

3.2 Delimiter Tokens vs. Linguistic Features

We showed that the “vertical” pattern, associated
with the delimiter tokens, is less dominant with
effective attention (§3.1). To verify that both delim-
iter tokens are indeed less relevant with effective
attention, following Kovaleva et al. (2019), we re-

4We thank the authors for sharing their code and model
weights for this experiment.

(a) RTE

(b) MRPC

(c) QNLI

(d) SST-2

(e) STS-B

(f) AVERAGE OVER TASKS

Figure 1: Effective attention “pays less attention” to
[SEP] and punctuation. Per-task and per-head (0–11)
attention when processing [CLS] in the final layer, av-
eraged over test set. The darker colors correspond to
larger attention values. The green plots (two upper
rows in subfigures) illustrate standard, and blue plots
(two lower rows in subfigures) effective attention.
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(a) Standard attention

(b) Effective attention

Figure 2: Visualizations of standard and effective attention from one head for one example from the RTE dataset
(recognizing textual entailment). Only the last few rows are visible; see the full version in Fig. 7 (Appendix §B).

port the standard and effective attention weights of
specific token types when processing the [CLS] to-
ken in the final layer. Namely, the attention weights
of linguistic features (nouns, pronouns, verbs), the
delimiter tokens ([SEP], [CLS]), and punctuation
symbols that are conceptually similar to [SEP].5

Results Figure 1 shows that [SEP] is among the
two most relevant features for all tasks except QNLI

according to standard attention (upper two rows in
each subfigure, colored green). For all but one
task (SST-2), it loses its dominance with effective
attention and its weights are apparently shifted to
linguistic features. This is also the case for punc-
tuation symbols. This result shows that the [SEP]

token and punctuation symbols are not as impor-
tant for understanding how the model solves the
end-task as standard attention suggests.

We observe that [CLS] is attended similarly with
effective and standard attention, contrary to what
Brunner et al. suggested. To rule out this is because
we plot the attention assigned to [CLS] when pro-

5If there are multiple tokens of the same type in the input,
we use the one with the maximum weight. If a word consists of
the multiple subtokens, we use the weight of the first subtoken.

cessing [CLS], we report the attention assigned to
[CLS] when processing other input words (regard-
less of their type) in Fig. 5 in Appendix B. Again,
we do not observe differences between standard
and effective attention, unlike for [SEP] (Fig. 6 in
§B). These results confirm the hypothesis of Brun-
ner et al. that effective attention disregards [SEP],
but not [CLS] as they also hypothesized. Notably,
[SEP] is associated with the LM pretraining and
[CLS] only with the task-specific finetuning.

3.3 Effects of Task-Specific Finetuning
To provide our final evidence that effective atten-
tion captures end-task features, we investigate how
attention changes with finetuning layer-wise; again
following Kovaleva et al. (2019). They calculate
the cosine similarity between pretrained and fine-
tuned flattened attention matrices. The layers that
change the most, encode most task-specific fea-
tures. To reiterate, effective attention is the part of
standard attention that contributes to the model out-
put (Eq. 1; §2), and we showed that it is less asso-
ciated with the pretraining feature [SEP] and more
with linguistic features (§3.1, §3.2). Thus, changes
of standard attention from task-specific finetuning
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Figure 3: Per-task cosine similarity between the pretrained and finetuned attention weights for selected GLUE
tasks, calculated across layers and heads. The darker colors corresponding to larger absolute attention weights.
The top (green) figure is computed with the standard attention, and the bottom (blue) figure with the effective
attention.

should be the product of changes of effective atten-
tion, and the outcome of this analysis should be the
same, regardless of the attention “type”.

Results As expected, we come to the same con-
clusion with effective attention as Kovaleva et al.
did with the standard: the last two layers change
the most with finetuning (Fig. 3). This soundness
check suggests once again that effective attention is
the component of standard attention that manifests
end-task features.

4 Conclusions

We study whether effective attention, the part of
the transformer attention matrix that does not get
canceled out with the value matrix, gives different
interpretations than standard attention. We present
a comparison of the two attentions and show that
they differ in weights assigned to delimiter tokens
such as [SEP] and punctuation marks, but not [CLS]

as it was previously thought. Instead, effective
attention gives more weight to linguistic features.
Given the differences, and that effective attention
is more pertinent to the model output by design, we
urge to use it for studying transformers’ internals.

As an alternative to analyzing attention weights,
Kobayashi et al. (2020) propose anayzing the norm
of vectors produced by multiplying the outputs of
the value matrix with the attention weights. Follow-

ing the experimental setting of Clark et al. (2019),
i.e., by analyzing 992 sequences extracted from
Wikipedia, their norm-based analysis also shows
that the contributions of [SEP] and punctuations
are actually small. However, unlike us, they report
the same observation for [CLS]. Future work might
consider a more formal study between the norm-
based analysis and effective attention, especially
since the norm-based analysis could circumvent
the problem of costly SVD.
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A Background: On The Rank Of The
Value Matrix

The output Z of an individual self-attention head
is given by:

Q = Zl−1W
Q ∈ Rds×dq

K = Zl−1W
K ∈ Rds×dk

V = Zl−1W
V ∈ Rds×dv

A = Softmax
(QKT

√
dk

)
∈ Rds×ds

Z = AV ∈ Rds×dv ,

where ds is the maximum length of the input se-
quence (in number of subtokens),Zl−1 is the output
of the previous transformer layer, WQ,WK ,W V

are the query, key, and value weight matrices, re-
spectively. For BERT-base, dq = dk = dv = 64,
nheads = 12, ds = 512, and dv · nheads = 768.

Brunner et al. (2020) show that the upper bound
of the rank of the value matrix V is given by:

rank(V ) = rank(Zl−1W
V )

≤ min{ds, dv, ds, dv · nheads}
≤ min{ds, dv}.

As a result, the left nullspace of V , defined as:

LN(V ) := {x> ∈ R1×ds |x>V = 0},
is non-trivial (LN(V ) 6= {~0}) when the maximum
input length, ds, is larger than the dimension of the
value matrix dv, i.e., ds > dv. In this case, we can
construct infinitely many matrices A+ Ã,

Ã = [x1, . . . , xds ]
>, xi ∈ LN(V ),

which contribute exactly the same to the output as
the attention matrix A:

(A+ Ã)V = AV + ÃV = AV +~0 = AV.

This also holds when the weights of A + Ã are
constrained to the probability simplex, and such
constrained matrices A+ Ã exist.

B Additional Results

We provide the following additional results that
complement the discussions in Section 3:
• A comparison of the evaluation time with stan-

dard vs. effective attention.
• In Figure 4, visualization of results presented

in Table 2.
• Attention to the [CLS] token in Figure 5.
• Attention to the [SEP] token in Figure 6.
• Complete Figure 2.

RTE MRPC QNLI SST-2 SST-B

standard 0:29 0:45 10:59 1:41 2:54
effective 0:58 1:27 21:05 3:20 5:53

Table 3: A comparison of the evaluation clock time
(minutes:seconds) of BERT models (trained with the
standard attention) evaluated with standard attention
and effective attention separately.

(a) Standard attention.

(b) Effective attention.

Figure 4: Estimated percentage of the attention patterns
(§3.1) for each task.
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Figure 5: Per-task attention across layers and heads to the [CLS] token when processing other input tokens, aver-
aged over sequence length and dataset items for the selected GLUE task. The darker colors corresponding to larger
absolute attention weights. The top (green) figure is computed with the standard attention, and the bottom (blue)
figure with the effective attention. Since the effective attention does not have a fixed range as the standard attention
(from 0 to 1), we use the minimum and maximum effective attention weight for each task calculated across all
weights (not only those associated with the [CLS] token).

Figure 6: Per-task attention across layers and heads to the [SEP] token when processing other input tokens, aver-
aged over sequence length and dataset items for the selected GLUE task. The darker colors corresponding to larger
absolute attention weights. The top (green) figure is computed with the standard attention, and the bottom (blue)
figure with the effective attention. Since the effective attention does not have a fixed range as the standard attention
(from 0 to 1), we use the minimum and maximum effective attention weight for each task calculated across all
weights (not only those associated with the [SEP] token).
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(a) Standard attention

(b) Effective attention

Figure 7: Complete Figure 2.
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Abstract

We introduce a language modeling architec-
ture which operates over sequences of im-
ages, or over multimodal sequences of images
with associated labels. We use this architec-
ture alongside other embedding models to in-
vestigate a category of signs called complex
graphemes (CGs) in the undeciphered proto-
Elamite script. We argue that CGs have mean-
ings which are at least partly compositional,
and we discover novel rules governing the con-
struction of CGs. We find that a language
model over sign images produces more inter-
pretable results than a model over text or over
sign images and text, which suggests that the
names given to signs may be obscuring signals
in the corpus. Our results reveal previously un-
known regularities in proto-Elamite sign use
that can inform future decipherment efforts,
and our image-aware language model provides
a novel way to abstract away from biases intro-
duced by human annotators.

1 Introduction

This work sets out to understand a category of
signs called complex graphemes (CGs) in the un-
deciphered proto-Elamite (PE) script, a writing
system from ancient Iran dating to approximately
3300-2900 BC (Dahl et al., 2013).1 PE is partly
contemporaneous with the world’s other two ear-
liest writing systems, Egyptian hieroglyphs and
proto-cuneiform, and is the least deciphered of the
three, with the underlying language(s) remaining
unknown. PE was used exclusively as an account-
ing technology, employing several numerical sys-
tems whose bundling principles are known. Al-
though written in continuous lines, PE, like proto-
cuneiform, is most comparable to an accountant’s
spreadsheet; some structures and rules governing

1Our code, data, and trained models are avail-
able at https://github.com/sfu-natlang/
pe-compositionality

sign use have been identified (Hawkins, 2015; Dahl
et al., 2018; Englund, 2004).

The corpus consists of approximately 1500 pub-
lished clay tablets from excavations in Iran, almost
all of which exist in electronic transliteration fol-
lowing the conventions of a work-in-progress sign
list (Dahl, 2006). As with other decipherments,
understanding the nature of signs and the nuances
of sign use is as important as identifying the un-
derlying language(s). Meaningful information can
be recovered and the texts partly “read” even if the
language remains unknown.

To better understand sign usage in PE, this work
proposes an architecture for image-aware language
modeling, which permits sharing information be-
tween visually similar signs much as sub-word
units share information between words. We use
sign embeddings to demonstrate patterns which
are not readily apparent due to the complexity of
the accounting system and the large number of
sign shapes found in the script. Our analysis of-
fers insights on complex graphemes that can aid
in future hypothesis generation. We confirm that
some transliteration choices by PE specialists cap-
ture meaningful semantic divisions in the script;
this is not a trivial fact, due to the large number of
similar looking signs. By using image-aware mod-
els, we also observe that some signs with distinct
names receive very similar embeddings, implying
a functional equivalence that could be exploited by
merging signs to create a less sparse corpus that is
more amenable to analysis by NLP methods.

2 Methodology

As described by Dahl (2005), CGs in proto-Elamite
are signs that consist of one sign inscribed within
another (transliterated |S1+S2|), or of one sign
framed by two instances of another (|S1+S2+S1|).
Rarely, S1 and S2 occur connected at the side, as
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in |M296+M296| . We refer to S1 as the outer
sign and S2 as the inner sign, though we acknowl-
edge this terminology is not quite appropriate in
cases like |M296+M296|. Most signs which occur
as part of a CG can also occur as standalone signs.
Exceptions to this are rare, such as M600 which
only ever occurs in the hapax |M362+M600|.

Although these signs are orthographically com-
positional, it is not known whether they are also
semantically compositional. Similar constructions
exist in proto-cuneiform (PC), including “contain-
ers” with signs inscribed to indicate specific prod-
ucts (Wagensonner, 2015). Some PC compounds
survive into later cuneiform, and sometimes have
idiomatic meanings, e.g. cuneiform GU7 “eat”, a
combination of “head” and “bowl”. Chinese char-
acters likewise exhibit varying degrees of visual
and semantic compositionality (Sproat, 2006).

Past work (Mikolov et al., 2013b; Salehi et al.,
2015; Cordeiro et al., 2016) suggests that embed-
ding models capture semantic compositionality in
noun compounds and multiword expressions. Of-
ten, these models assign a compound a represen-
tation which is similar to the sum of the represen-
tations of the words in the compound. Thus we
predict that if CGs are semantically compositional,
their embeddings will be additively compositional
at a higher rate than expected by chance. Their em-
beddings may also exhibit other signs of internal
structure, such as the ability to model proportional
analogy between CGs with shared components:

|M136+M365| : M136 :: |M327+M365| : M327

: :: :

If this analogy holds in the embedding space
(which is to say that the 3CosAdd formula
|M136+M365| - M136 + M327 ≈ |M327+M365|
holds between the signs’ embeddings) this would
give further evidence that the CGs involved have
some degree of semantic compositionality.

Unfortunately, most PE signs are rare, which
impedes a model’s ability to learn meaningful in-
formation about their distributions. Yet many signs
with distinct names have striking visual resem-
blances, and it is usually not known whether they
have different meanings. Visual information may
therefore help an embedding model by allowing
it to share distributional information across graph-
ically similar signs. To this end, we propose an
architecture for multimodal language modeling in
Figure 1. This architecture uses two separate em-
bedding components. On the left of Figure 1, in

red, is a standard embedding layer which replaces
a one-hot input with a small, learnable represen-
tation. On the right, in blue, a lookup function
retrieves an image of the sign represented by the
input. A CNN extracts a feature vector from the
image, which is max-pooled, flattened, and passed
through a dense layer to produce a low-dimensional
embedding. Both embeddings are concatenated
and fed to a BiLSTM2 (Hochreiter and Schmid-
huber, 1997; Schuster and Paliwal, 1997) which
attempts to predict the name of the next sign in
the text. All timesteps share the same weights for
the CNN and embedding layers. By omitting the
blue image-embedding component we can obtain
a normal BiLSTM language model. By omitting
the red text-based component, we can obtain an
image-only model which never directly sees the
labels assigned to the signs in the corpus.

one-hot
encoding

sign image

CNN

maxpool

flatten

......

M066

input token

BiLSTM

output token

dense

......

word
embedding

layer

M461

Figure 1: Architecture for image-aware, multimodal
language modeling.

To verify that this architecture captures distri-
butional properties of signs, and not just visual
properties, we train a separate image recognition
model to predict a sign’s name given only its image.

2We also attempted to train a Transformer model (Vaswani
et al., 2017), but the corpus size proved insufficient and it
always underperformed compared to the BiLSTM.
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Model Input Type Embedding Sizes3 Other Parameters Description
glove seq. of sign names 16, 32, 64, 128, 256 window size: 15 Pennington et al. 2014
fasttext.cbow seq. of sign names 16, 32, 64, 128, 256 window size: 15 Bojanowski et al. 2017
fasttext.skip seq. of sign names 16, 32, 64, 128, 256 window size: 15 Bojanowski et al. 2017
word2vec.cbow seq. of sign names 16, 32, 64, 128, 256 window size: 15 Mikolov et al. 2013a
word2vec.skip seq. of sign names 16, 32, 64, 128, 256 window size: 15 Mikolov et al. 2013a
lm.text seq. of sign names 64 hidden dimension: 64 Figure 1, blue (image

embedding) omitted.
lm.image+text seq. of sign names

and images
64 hidden dimension: 64

image size: 64×64
Figure 1.

lm.image seq. of sign images 64 hidden dimension: 64
image size: 64×64

Figure 1, red (text em-
bedding) omitted.

image recognition individual sign image 64 image size: 64×64 Figure 1, blue (image
embedding) only.

Table 1: List of models considered in this work.

This model uses the blue image embedding com-
ponent from Figure 1 to produce a representation
of an input image; a dense layer predicts the name
of the sign from this embedding. This model only
sees signs in isolation, meaning it will not learn
from distributional information. If a result holds
for the multimodal LM but not for this image recog-
nition model, this implies that the result arises from
contextual information in the text, and not simply
from visual resemblances between signs.

We also train CBoW and skipgram models with
FastText4 (Bojanowski et al., 2017) and word2vec
(Mikolov et al., 2013a), as well as GloVe embed-
dings (Pennington et al., 2014). Table 1 summa-
rizes all of the models used in this work and im-
portant hyperparameters. We train these models
on the PE corpus from Born et al. (2019), which
is a cleaned version of texts originally published
by the Cuneiform Digital Library Initiative (CDLI).
This contains digitized transliterations from 1399
tablets comprising 11013 lines in total, or 33778
tokens. 7508 tokens represent broken or unread-
able signs, and another 11364 represent numerals,
leaving only 14906 non-numerical tokens. 1107
tokens (comprising nearly half the sign types in our
cleaned data) are labeled as CGs. We treat each en-
try of a tablet as a single input sentence for training
LMs, and set aside 500 lines as a validation set.

Prior to training, we replace all signs occurring
3 or fewer times5 with UNK. We replace rare signs
wherever they occur, including inside of CGs. The
tokens X and ... represent broken or unreadable
signs, so we also replace these with UNK. When

3To give a fairer comparison, we train the simpler mod-
els with several embedding sizes and report results from
whichever dimensionality performs best on each task. Ad-
ditional model information is in the supplemental material.

4Sign names are largely arbitrary, so we disable sub-words
in FastText by setting the maximum sub-word length to 0.

training language models, we do not backpropagate
losses from samples where the target word is UNK,
since it so often represents broken material. To
make the data less sparse, we remove annotations
marking sign variants, so that for example M157
and M157∼a are considered the same sign.

3 Experimental Results

3.1 Additive Composition

We predict that if a CG is semantically composi-
tional, its embedding will approximately equal the
sum of the embeddings of the signs it comprises.

Given a sign s, let es denote the embedding of s.
If s is a CG let σ(s) denote the list of signs which
make up s. For every CG s in the signary, we check
whether

∑
t∈σ(s) et ≈ es. If

∑
t∈σ(s) et is within

the k nearest neighbors of es for some threshold
k, we say that s appears to have a compositional
representation.

For different thresholds k, we measure how
many CGs have compositional representations.
Since many PE signs have low frequency, we pre-
dict that noise may drown out any signal when k
is small. However, when k is large enough to over-
come this noise, we predict that the number of CGs
with compositional representations will be greater
than expected by chance, as we expect that some
CGs have meanings which are semantically com-
positional rather than idiomatic. Table 2 shows the
results from this evaluation.

In text-only models, when k is small the num-
ber of CGs with compositional representations is
no higher than expected by chance. However, for
image-aware models, and for text-only models with
large k, the number of CGs which are close to the

5To determine frequency, we count how often a sign occurs
both independently and as part of a CG.
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k
model 1 3 5 10 15
glove.256 0 0 1 3 13
word2vec.cbow.16 0 0 1 9 12
word2vec.skip.32 0 0 5 13 16
fasttext.cbow.128 0 2 3 5 9
fasttext.skip.128 0 3 10 15 20
lm.text.64 0 0 0 0 1
lm.image+text.64 1 14 21 40 51
lm.image.64 11 16 27 48 61
image recognition.64 3 7 15 28 38

Table 2: Number of compositional CGs for different
similarity cutoffs k. Bold numbers represent cases
where the number of compositional graphemes is sig-
nificantly larger than expected by chance.

sum of their components is significant. Even for
k = 15, the signs identified as compositional by
lm.image.64 average >0.97 cosine similarity to
the sum of their parts, suggesting this is not too
generous a threshold.

Notably, the number of compositional CGs in
lm.image.64 is always larger than the number
in any of the other models, including the image
recognition model.6 This has the important impli-
cation that compositionality in the embeddings is
not solely a consequence of visual compositionality.
If that were the case, the contextual information
available to the LM would not be useful for this
task, and the image LM would not be expected to
find more compositional CGs than the image recog-
nition model. Moreover we would not expect to
find a significant amount of compositionality in any
of the text-only models for any k. Table 3 shows ex-
amples of signs which appear to be compositional
in the image LM but not the image recognition
model. These are signs for which contextual in-
formation plays a deciding role in making them
appear semantically compositional, and which may
therefore be of interest to analyze in future work.

M153 + M106 ≈ |M153+M106|
M175 + M286 ≈ |M175+M286|
M327 + M348 ≈ |M327+M348|
M362 + M244 ≈ |M362+M244|
M157 + M288 ≈ |M157+M288|
M175 + M153 ≈ |M175+M153|
M218 + M388 ≈ |M218+M388|

Table 3: Sample of signs which appear to be composi-
tional in the image LM but not the image recognition
model.

We emphasize that the text-only models have
no information about sub-words (such as CG com-

6The image recognition model has fewer parameters than
the LMs, but it attains >99% accuracy on its original task,
suggesting that it does not suffer from being a smaller model.

ponents), so any compositionality in these models
must exclusively reflect distributional properties.
From these results we conclude that there is legiti-
mate evidence for some CGs having semantically
compositional meanings in PE.

3.2 Pairing Consistency
To assess the contribution of a sign to the CGs it oc-
curs in, we consider the pairing consistency score
(PCS) from Fournier et al. (2020). This metric mea-
sures whether the offsets between pairs of words
are more parallel than expected by chance. If a sign
s always contributes the same meaning to the CGs
in which it occurs, then the offset between the pair
of signs (t, |t + s|) is expected to be roughly par-
allel to the offset between the pair (u, |u+ s|) for
most choices of t and u. If CGs containing s have
idiomatic meanings (so the contribution of s is not
consistent), the offsets between such pairs are not
likely to be parallel. Thus PCS serves as a proxy for
compositionality, and allows us to investigate the
impact of individual signs on the representations
of CGs in which they occur. This is distinct from
a measure like mutual information which depends
on raw sign counts and does not account for the
internal structure of sign embeddings.

For each sign s we construct two relations. Rs,in
contains all CGs with s as the inner sign, paired
with whichever sign forms the outer part of the CG.
Rs,out contains all CGs with s as the outer sign,
paired with whichever sign forms the inner part of
the CG. Formally, given a CG c containing a sign
s, let δ(c, s) denote the element of c which is not s.
Further, let I(s) be the set of all CGs with s as the
inner element and O(s) be the set of all CGs with
s as the outer element. Then

Rs,in = {(δ(c, s), c) | c ∈ I(s)}

Rs,out = {(δ(c, s), c) | c ∈ O(s)}
Table 4 reports the average PCS7 of Rs,in and

Rs,out for each model, averaged across all signs s.
On average, we find that inner signs have higher
PCS than outer signs. This difference is statisti-
cally significant in the image-aware LMs, the im-
age recognition model, and FastText. This implies
that inner signs have a more consistent and pre-
dictable impact on the representation of compounds
in which they occur. The fact that this holds for

7We compute PCS using the code published by Fournier
et al. (2020), but we adjust the permutation-finding function
to avoid infinite loops when a relation contains few items.
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some text-only models as well as for the image-
aware LMs implies that it is due to distributional
properties of signs and not simply their appearance.

Mean PCS
model Rs,in Rs,out
glove.64 0.542 0.544
word2vec.cbow.64 0.525 0.492
word2vec.skip.64 0.521 0.495
fasttext.cbow.64 0.562 0.484
fasttext.skip.64 0.539 0.500
lm.text.64 0.465 0.529
lm.image+text.64 0.719 0.482
lm.image.64 0.760 0.536
image recognition.64 0.929 0.493

Table 4: Comparison of pairing consistency for the
inner and outer parts of compound signs in 64-
dimensional models. Bolded rows represent pairs
where the difference between columns is significant.

Fournier et al. (2020) note that different cate-
gories of relations in English have different average
PCS. They find that relations involving inflectional
morphology (for example, between a verb and its
gerund) have high PCS, relations involving deriva-
tional morphology (as between heat and reheat)
have lower PCS, and other semantic relations (as
between hot and cold) have the lowest PCS of the
relations they examine.

We expect that absolute PCS values will not be
comparable between PE and English, owing to the
very different nature of the two writing systems.
However, it may be possible to draw broad compar-
isons between different categories. As the category
with the highest PCS, inner signs appear to pattern
with inflectional morphology, while outer signs pat-
tern more closely with regular lexical items. This
does not imply that inner signs actually encode
inflectional morphology: most PE signs likely cor-
respond to objects or ideograms, and most types of
morphological marking were absent in the earliest
phases of Near Eastern writing (Nissen et al., 1993).
Rather, we suggest that inner signs may offer mi-
nor refinements to the meaning of an outer sign
without fundamentally changing its value, parallel
to the way that inflecting a verb refines its role in a
sentence but does not change its basic meaning.

3.3 Analogy

Our PCS results measure sign behaviour in aggre-
gate, but do not provide specific examples of rela-
tions between signs. We augment these results by
searching for concrete analogies which hold in the
embedding models.

Given two CGs s and t, let s− t denote the signs
that are in s but not t, and let s∩ t denote the signs
both CGs have in common. Consider the vector

A(s, t) = es −
∑

u∈s−t
eu +

∑

v∈t−s
ev

This vector represents the analogical formula
s : (s− t) :: t : (t− s). If A(s, t) ≈ et in a partic-
ular embedding model, then this analogy appears
to hold true according to that model.

We compute how often A(s, t) is within the k
nearest neighbors of et for different thresholds k
when s∩t 6= ∅. We also compute how oftenA(s, t)
is close to et when s and t are randomly chosen
CGs. We predict that CGs which have signs in
common also have some meaning in common, and
consequently that the former value will be signifi-
cantly larger than the latter value.

Table 5 shows the results of this evaluation. As
in the compositionality task, more analogies hold
between CGs with shared components in image-
aware models than in text-only models, and the
largest number by far occur in the image LM. Once
again, in lm.image.64 the target vector aver-
ages >0.97 similarity to the computed vector even
when k = 15. Bold numbers in the table represent
cases where analogies are significantly more likely
to hold between CGs with shared components than
between random pairs of CGs. We see that the num-
ber of analogies is larger than expected by chance
even in some text-only models, suggesting that
there is a meaningful relationship between some
CGs which have elements in common. The fact
that the image LM outperforms the image recog-
nition model further implies that these analogies
reflect legitimate distributional properties and are
not purely due to visual resemblance.

k
model 1 3 5 10 15
glove.256 0 8 11 25 48
word2vec.cbow.256 0 17 36 65 90
word2vec.skip.128 0 8 29 97 140
fasttext.cbow.128 0 9 22 64 98
fasttext.skip.256 0 11 30 91 145
lm.text.64 0 2 7 16 21
lm.image+text.64 27 82 134 233 320
lm.image.64 69 172 258 393 521
image recognition.64 29 67 92 133 174

Table 5: Number of analogies which hold between CGs
with signs in common, for different similarity cutoffs k.
Bold numbers represent values which are significantly
larger than expected by chance.
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Figure 2: Containment hierarchy for a subset of the signs which can occur in CGs. Directed edges point from outer
signs to the inner signs they can contain. Note that (excluding self-loops) the graph is acyclic and all edges point
from higher nodes to lower ones. Thicker edges represent CGs which are more strongly compositional. Nodes
are colored according to modularity class (Blondel et al., 2008) such that nodes are most strongly connected to
like-colored nodes. Full hierarchy, showing all signs which occur in CGs, is available in supplemental material.

As was the case for additive compositionality,
the image+text LM underperforms the image-only
LM, and on this task the difference is much more
pronounced. This suggests that sign names act as
distractors: if sign names conveyed information
which was helpful to the analogy task, their inclu-
sion would be expected to improve performance.
This fact has implications about the labeling of the
data which we return to in Section 4.

Taken altogether, the results suggest that many
CGs have compositional meanings which can be
understood by comparison to the meanings of their
component parts and the other CGs with which
they share components. We next consider which
pairs of signs are able to combine into CGs and
which pairings are never observed.

3.4 CG Containment Rules

Some signs which occur as the inner part of
one CG may also occur as the outer part of an-
other, as with M348 in |M327+M348| and
|M348+M004| . We may therefore expect to
find pairs of signs where either one can contain
the other, and yet, no such pairs actually exist. In
fact, we find that CGs appear to be constructed ac-
cording to a strict hierarchy whereby a sign may
only contain itself or another sign which is lower
on this hierarchy. We can visualize this as a lattice
with directed edges from outer signs to the inner
signs they are observed to contain, as in Figure 2
(excerpted from the full hierarchy available in the
supplemental material). The thickness of an edge in
this figure is proportional to the compositionality of
the corresponding CG in lm.image+text.64.

There appears to be some relation between a
sign’s compositionality and its position in this lat-
tice. The signs on the left half of Figure 2 have
low compositionality (seen as thinner edges in the
figure) while the nodes to the right have higher
compositionality (seen here as thicker edges). This
suggests that there may be different kinds of CG,
of which some are idiomatic and some are not, and
that these categories have sufficiently little overlap
to appear as separate modules in the lattice.

This “grammar” governing CG construction has
not been noted in previous PE scholarship. The
ordering of signs within this hierarchy deserves
attention in future work, as it may reflect different
levels of administrative units in PE society, degrees
of specificity in qualifying commodities, or other
information which can be exploited to understand
the content of these texts.

4 Analysis

Little is known about the role of CGs in PE, al-
though these signs make up a significant portion
of the corpus. Some occur in “headers” appearing
at the beginning of a text. In headers, outer signs
(such as M157) are hypothesized to indicate the
type of household or institution to which the en-
tire account relates. The outer sign may be further
specified by an inner sign, but many (including
M157) can also appear without another sign in-
scribed within. Inner signs are hypothesized to
specify a particular kind of item being recorded, a
person, profession, or administrative department
related to an account, and more.

Our results are consistent with these hypothe-
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ses. The PCS results point to inner signs playing
a specializing role; this is corroborated by visual
inspection of the embedding space, which reveals
that CGs cluster according to their outer sign rather
than their inner sign (cf. Figure 3 below).

According to Table 2, our text-only models de-
tect additive composition in at most one of every 10
CGs; the image LM detects it in one of every 4 CGs.
Likewise, the image LM suggests that a meaning-
ful analogical relation obtains between slightly less
than one-third of all pairs of CGs with signs in
common. These values depend on the threshold
k, but they suggest the presence of a least a small
core of compositional CGs in PE. In several places,
compositional and non-compositional CGs appear
separated from one-another in the CG containment
hierarchy (cf. Figure 2), which may point to this
being a legitimate distinction in the writing system
and not a failure of our models to detect composi-
tionality in some cases where it is really present.

We can make some inferences about the CGs
which are compositional. They are not likely
to represent either combinations of ideograms
with an emergent lexical value (like the Sume-
rian cuneiform sign for nan “drink” combining
the signs for human head and water) or ideograms
with phonetic complements (signs indicating the
proper reading of the CG), as both cases should
be expected to produce non-compositional mean-
ings. Our results may also counter-indicate "coat-
of-arms"-like symbols (Farmer et al., 2004), since
we show that the components of CGs can often
be understood in relation to their use elsewhere in
texts, and since CG elements on their own often
seem to reference products (including foodstuffs
and livestock) and their distribution. Future work
may train embedding models on proto-cuneiform, a
structurally-similar writing system containing com-
pound signs with occasionally known meanings
that could act as useful points of comparison.

The two components of a CG can occur indepen-
dently, within the same text or even side-by-side.
A dramatic example comes from |M218+M288| ,
the components of which appear 37 times as the
bigram M218 M288. M288 (“grain container”)
is the most frequent sign in PE, appearing in di-
verse contexts but often before numerical measures
of capacity. M218 is among the signs specu-
lated to function “syllabically” to write personal
names (Dahl, 2019), though it may also have other
uses. It is not clear yet whether |M218+M288|

and M218 M288 operate identically, particularly
since |M218+M288| is not strongly additively com-
positional in any of our embedding models. The
possible polyvalence of M218 and broad distribu-
tion of M288 may impact models’ ability to detect
compositionality in |M218+M288|. Despite this dif-
ficulty, the image LM identifies analogies between
|M218+M288|, |M175+M288|, and |M305+M288|
(the analogy vector has >0.99 cosine similarity to
the target in both cases) implying that we should at
least consider M218, M175, and M305 as parallel
categories each with relation to grain capacities.

Some signs rarely occur outside of CGs, such
as the productive inner sign M342 , about
which practically nothing is known. Our data
show that it has moderately high PCS (0.69 in
lm.image.64) and that analogies hold between
all but one of the CGs which contain M342
(|M157+M342|, |M304+M342|, |M305+M342|,
|M325+M342|, |M327+M342|, and |M351+M342|,
excluding |M153+M342|). These analogies hold
strongly for the image LM but not the image recog-
nition model, meaning they reflect primarily distri-
butional properties. Many of these signs are also
additively compositional. We believe that these
signs may be suitable starting points for future anal-
ysis, as our results imply that they are probably not
idiomatic and are likely to have related meanings.

|M157+M342| : M157 :: |M304+M342| : M304
|M157+M377+M377| : M157 :: |M175+M377+M377| : M175
|M370+M046+M370| : M046 :: |M370+M072+M370| : M072
|M175+M377+M377| : M175 :: |M201+M377+M377| : M201
|M351+1(N14)| : 1(N14) :: |M351+M380| : M380
|M036+1(N39C)| : 1(N39C) :: |M036+M035| : M035
|M136+M365| : M136 :: |M327+M365| : M327
|M157+M057| : M157 :: |M327+M057| : M327

Table 6: Sample of analogies which hold in the
lm.image+text.64 model.

Table 6 gives additional examples of analogies
which hold in lm.image+text.64. We see
that inner and outer signs both participate in ana-
logical relations, as do both |S1+S2|-type CGs
and |S1+S2+S1|-type CGs. Some analogies hold
between a CG with a numeric inner sign and
one with a non-numeric inner sign, as between
|M036+1(N39C)| and |M036+M035|. Such cases
may have implications to the meaning of the signs
involved; if 1(N39C) and M035 truly have parallel
functions in these two CGs, this may imply a kind
of quantifying role for M035, or alternatively that
1(N39C) is used for its pronunciation or possible
syllabic value rather than as a true numeral. The
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Figure 3: Detail from t-SNE decompositions of the GloVe embeddings (left), the image LM (centre) and the image
recognition model (right).

existence of other M036 compounds containing nu-
merals (e.g. |M036+1(N30D)| and |M036+1(N14)|)
would seem to favor the former interpretation.

The image-only LM found stronger signals for
compositionality and analogical relations than the
image+text LM, suggesting that sign names acted
as distractors for those tasks. This has significant
implications for the ongoing process of revising the
PE sign list. Our work relies on the sign labels as-
signed through an exhaustive manual transliteration
process; since it is easy to automate merging signs,
this process assumed that most signs are unique un-
til proven otherwise. However, we now believe this
choice weakens signals in the text data by making
most signs very rare. Moreover, some signs which
appear graphically compositional are not currently
labeled as CGs, usually when the inner part is never
attested as a standalone sign. For these reasons, fu-
ture work may benefit from relabeling signs based
on a combination of context and sign shape.

At the same time, the current transliteration sys-
tem may record meaningful (if fine-grained) infor-
mation reflected in minor graphical details (con-
sider M263 and M262 ), such as (hypotheti-
cally) “jug of red beer” versus “jug of dark beer”.
Such similarly functioning signs might obtain sim-
ilar embeddings, but retaining their distinction in
the published transliterations still improves our un-
derstanding of the texts. However for both manual
and machine-learning analysis, significant reduc-
tions in the sign list may open new avenues for
decipherment: for instance, Born et al. (2019) note
that frequency-based approaches to decipherment
are currently difficult in PE owing to the very small
number of repeated n-grams in the corpus.

Figure 3 shows details from the embedding
spaces learned by GloVe, the image LM, and the

image recognition model.8 GloVe produces small
clusters of visually similar signs even though it
does not have access to sign images: note the prox-
imity of M353 , M354 , and 2(N30C) ,
as well as the variants of M036 . These clusters
occur in sufficient number that we have confidence
the model is detecting meaningful similarities in the
usage of visually similar signs. The image recog-
nition model produces much clearer groupings of
visually related signs, as would be expected. The
image LM replicates some clusters from the im-
age recognition model: a cluster of lozenge-shaped
signs is visible in both the image LM figure and
the image recognition figure. However, contextual
information causes the image LM to relocate other
lozenge-shaped signs like M218 to a different
part of the embedding space, implying a functional
difference between it and the signs in the figure.
Overall, these observations confirm that our mul-
timodal architecture is finding a balance between
contextual and visual information as intended.

5 Related Work

Sun et al. (2019) introduce “character-enhanced”
embeddings of Chinese words. Their architecture
roughly parallels our own, but requires a deeper
CNN due to the visual complexity of Chinese char-
acters. We train with a full context language model-
ing objective whereas they use a sampling scheme
similar to word2vec. They use character-level in-
formation to improve word embeddings, where we
exclusively learn character embeddings. Our appli-
cation of this architecture to decipherment is novel.

Liu et al. (2017) explicitly learn compositional
embeddings for Chinese characters. They use su-

8Full figures are available in our supplemental data.
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pervised data to help identify when two visually-
distinct signs use the same radical (as in水 and池).
In our data, it is not known which signs are truly re-
lated to one another, thus we refrain from giving the
model explicit information about compositionality.

Yin et al. (2019) segment and transcribe undeci-
phered scripts based on visual similarities between
glyphs. Although their transcription error rate is
high, they still achieve partial decipherments with
no human intervention.

Dencker et al. (2020) perform OCR-style sign
detection on images of Sumerian cuneiform tablets,
recognizing signs which may be written very dif-
ferently across the corpus. Their task benefits from
the existence of supervised Sumerian training data.

Born et al. (2019) train topic models on PE
texts and cluster PE signs in a simple mutual
information-based embedding model. The present
work considers more sophisticated embedding
models and performs a more detailed investigation
of the embedding space.

Luo et al. (2019) perform automated decipher-
ment of Ugaritic. Their technique finds alignments
between orthographic representations of phonetic
information, and thus is not easily applicable to
ideographic scripts. It also requires multilingual
data, and cannot extract information from a script
with no known surviving relatives.

Our work exploits the embedding space learned
by a neural language model, but the actual task of
language modeling is otherwise irrelevant to our re-
sults. By contrast, Kambhatla et al. (2018) actually
sample text from a neural language model to help
estimate the quality of a proposed decipherment.
Future work could similarly sample from a lan-
guage model as a means of counteracting the small
size of the PE corpus; this should be done with
caution, however, given the difficulty of evaluating
whether the sampled text is fluent.

Salehi et al. (2015) and Cordeiro et al. (2016)
demonstrate that English word embeddings tend to
be additively compositional and can capture human
intuitions about semantic compositionality. Har-
tung et al. (2017) investigate other methods for
decomposing word embeddings.

Sproat (2006) discusses a variety of writing sys-
tems and the degrees to which they employ pho-
netic versus semantic information. The discussion
is largely taxonomic and addresses subtle nuances
between scripts which are already well-understood.
In this way it demonstrates the wide range of varia-

tion observed between scripts, and by extension the
range of possibilities which should be considered
when analyzing an undeciphered script such as PE.

6 Conclusion

Interpreting what a word embedding model has
learned typically involves a comparison to native
speaker intuitions. In contrast, in this work we have
shown how exploiting graphical compositionality
and carefully examining sequences of image em-
beddings can lead to new insights in proto-Elamite
(PE), an undeciphered script with no living users
and relatively little available data. Abstracting
away from human annotations, we introduced a
novel architecture for multimodal or image-based
language modeling, which shares information be-
tween visually similar signs to better model con-
textual patterns. This provides a new toolkit for
decipherment of an unknown language, distinct
from translation-based approaches.

As one of the world’s earliest experiments in
writing, employing 774 signs and variants by cur-
rent estimates, reasonable concerns have existed
over PE’s level of standardisation and the impact
this may have on decipherment (Dahl, 2019:71, 82).
The corpus is small and filled with lacunae, and
prior work has done little to understand how NLP
techniques function on early writing systems which
may reflect linguistic content differently from mod-
ern writing systems. Despite these challenges, this
work has shown that embedding models can indeed
identify meaningful patterns in proto-Elamite.

We have presented evidence that a subset of com-
plex graphemes are semantically compositional
rather than idiomatic, and we have discovered the
existence of a simple grammar or partial ordering
which appears to govern the construction of CGs.
Our results should give domain experts confidence
that the proto-Elamite script contains sufficient reg-
ularities to allow for describing its mechanics and
potentially understanding the underlying content.
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Abstract

How much information do NLP tasks really
need from a transformer’s attention mecha-
nism at application-time (inference)? From
recent work, we know that there is sparsity
in transformers and that the floating-points
within its computation can be discretized to
fewer values with minimal loss to task accu-
racies. However, this requires retraining or
even creating entirely new models, both of
which can be expensive and carbon-emitting.
Focused on optimizations that do not require
training, we systematically study the full range
of typical attention values necessary. This in-
forms the design of an inference-time quanti-
zation technique using both pruning and log-
scaled mapping which produces only a few
(e.g. 23) unique values. Over the tasks of ques-
tion answering and sentiment analysis, we find
nearly 80% of attention values can be pruned
to zeros with minimal (< 1.0%) relative loss
in accuracy. We use this pruning technique in
conjunction with quantizing the attention val-
ues to only a 3-bit format, without retraining,
resulting in only a 0.8% accuracy reduction on
question answering with fine-tuned RoBERTa.

1 Introduction

While the verdict is still out on which large lan-
guage model will prove best, at this point in time,
all contenders rely on multi-headed attention over
multiple layers. Many have investigated whether
attention (the output of the softmax, α) itself is
qualitatively sensible (e.g., correlating with lin-
guistic aspects) (Vig and Belinkov, 2019; Clark
et al., 2019; Voita et al., 2018, 2019; Kovaleva
et al., 2019; Rogers et al., 2020) or how useful it
is for interpreting models (Jain and Wallace, 2019;
Wiegreffe and Pinter, 2019; Brunner et al., 2020;
Rogers et al., 2020). Others have focused on in-
ducing sparsity in the attention: whether some of
the structural components (the softmax function,

attention heads and layers) introduce attention spar-
sity (Correia et al., 2019; Michel et al., 2019; Voita
et al., 2019; Sajjad et al., 2020), if the model tends
to focus on a small amount of tokens (Clark et al.,
2019; Ramsauer et al., 2020), and the interpretabil-
ity of such sparsity (Chen et al., 2020; Rogers et al.,
2020). Yet, little is known about our ability to
induce sparsity or reduce its values at application-
time, and what role the inherent sparsity could play
in building inference-time efficient transformers.

This work focuses on a systematic study of
the quantitative distribution of the attention values
across the layers and heads as well as the potential
for reducing the information content of attention
values during inference at application-time1. We
consider two popular pretrained transformer mod-
els: BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019) over tasks of Masked Language Mod-
eling as well as question answering and sentiment
analysis. We explore the attention distributions on
the different models and tasks, and quantitatively
profile the sparse attention that commonly exists
in the transformer model. Motivated by the high
levels of inherent sparsity in these distributions,
we design a pruning and quantization technique
and test the limits of information necessary from
attention.

We find that most attention values can be pruned
(i.e. set to zero) and the remaining non-zero values
can be mapped to a small number of discrete-levels
(i.e. unique values) without any significant impact
on accuracy. Approximately 80% of the values
can be set to zero without significant impact on
the accuracy for QA and sentiment analysis tasks.
Further, when we add quantization utilizing a log-
scaling, we find a 3-bit discrete representation is
sufficient to achieve accuracy within 1% of using
the full floating points of the original model.

1Our analyzing code and data are available at
https://github.com/StonyBrookNLP/spiqa
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2 Method

To analyze attention distribution we first plot his-
tograms of attention values for BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019) models. We
also compute a sparsity distribution using the pro-
portion of the attention values smaller than a given
threshold. For attention pruning, we find attention
values that are below a specified threshold and re-
place them with zero. We experiment with different
thresholds. For quantization to k-bits we map the
continuous attention values to one of 2k real val-
ues2. We use two methods: (i) Linear - Bin the
attention values to 2k quantiles and set the mid-
point of each as the quantized value. (ii) Log - Bin
the log transformed attention values and pick the
mid-point of each on the log scale as the quantized
value. The quantization methods are explained in
detail in Appendix E.

We apply these inference-time (i.e. no training)
techniques on three tasks: masked language mod-
eling, question answering and sentiment analysis.
For QA we used BERT3 and RoBERTa4 models
fine-tuned on SQuAD v1.1 (Rajpurkar et al., 2016).
For sentiment analysis we used RoBERTa5 fine-
tuned on the SST-2 dataset (Socher et al., 2013).
For both these tasks we report accuracy on the
corresponding development sets. For the Masked
Language Modeling (MLM) task we report pseudo-
perplexity (Salazar et al., 2020) computed on the
Huggingface Wikipedia dataset6.

3 Evaluation

Attention distribution and sparsity. A thor-
ough quantitative analysis on the attention distri-
bution could help build efficient transformers by
providing useful information, such as the degree
of sparsity and the range of the attention values.
We plot the histogram of each token’s attention to
all the others (αi) and provide three examples of
the heads in Figure 1 to investigate the density of
the attention values, how differently the tokens at-
tend to others in the same attention head, and how
sparse a token/head/layer’s attention can be. We
find that, for most of the heads, attention forms
a lognormal-like distribution similar to Figure 1a.

2Note here we use full precision floating point rather than
a k-bit value since our main goal is to see how many discrete
levels of attention is needed.

3
http://huggingface.co/csarron/bert-base-uncased-squad-v1

4
http://huggingface.co/csarron/roberta-base-squad-v1

5
http://huggingface.co/textattack/roberta-base-SST-2

6
https://huggingface.co/datasets/wikipedia

On some heads, some of the attention for query to-
ken (αi) have more tiny attention values (αij) and
induce more sparsity than others (like in Figure 1c).
We also observe entire heads with high sparsity, in
which nearly all tokens only slightly attend to oth-
ers (like in Figure 1b). Our observation confirms
the existence of sparsity in the attention heads.

A key motivation for us is to quantitatively char-
acterize sparsity, especially in terms of how much
potential there is in reducing the information con-
tent in attention values. To this end, we specifically
measure the proportion of small attention values
by counting the number of αij that sum up to 0.5
in each αi. This indicates that most heads focus
strongly on fewer than 10 tokens on average (de-
tails in Appendix A), leading to notable sparsity
and suggesting large potential for conveying the
same information as continuous attention values
using fewer discrete levels.

Beyond these, we occasionally observe outlier
attention histograms (like the outliers between
[10−4, 10−1] in Figure 1b). We also found notice-
able differences on the attention histograms from
layer to layer. These findings are related to the
works on the syntactic heads/special tokens (Voita
et al., 2019; Kovaleva et al., 2019; Voita et al., 2018;
Clark et al., 2019; Rogers et al., 2020)) and the dif-
ferences of the layers/heads (Correia et al., 2019;
Clark et al., 2019). We discuss how our findings
relate to them in Appendices B and C.

Limited effect of near-zero attention values dur-
ing inference. The inherent sparsity we observed
motivates us to explore the sparsity of attention at
inference-time—how much attention can be pruned
during inference, without impacting the model ac-
curacy? By setting up a series of pruning thresh-
olds, we clamp different proportions of the atten-
tion to zero and examine how attention sparsity
affects the accuracy, on both pretrained and fine-
tuned models. The results shown in Figure 2 in-
dicate that the sparsity can grow above 80% with
only a 0.1%–1.3% drop in accuracy. Specifically,
the pretrained BERT model achieves 99.9% of
the original performance with 87% of the sparsity
on Masked Language Modeling. By comparing
RoBERTa’s accuracy on different tasks, we find
that sentiment analysis suffers more from increased
sparsity, suggesting that different models are dif-
ferentially sensitive to the induced sparsity. Our
results quantitatively show how much sparsity can
be induced in all the attention values without losing
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(a) Layer 1 Head 4 (b) Layer 2 Head 3 (c) Layer 12 Head 11

Figure 1: Normalized histograms (in blue) and cumulative histograms (in red) for every token’s attention to others
(αi) at different heads in the pretrained RoBERTa model, starting from 10−8. The histograms show different
patterns of attention distribution. E.g., in (b) many tokens’ attention form an evenly distributed histogram from
10−8 to 1, and most of the αi have 80%–100% of all the attention values (αij) ≤ 10−8. This indicates a higher
level of sparsity compared to (a) and (c). The “sparsity distribution” bar on the right shows the density of αi to
each level of sparsity. E.g., the red cell with “0.96” between 0.9–1.0 in (b) means 96% of all αi have sparsity
between 90%–100%, whereas the sparsity is the proportion of αij in αi that are less than 10−8.
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Figure 2: Exact Match score (for QA), Accuracy (for SA) and pseudo-perplexity (for MLM) under different levels
of sparsity that we induce, showing that on these models and tasks ∼80% of the sparsity can be induced with
limited performance drop. X-axis values denotes the induced sparsity levels measured as the proportion of the
attention values less than a specified threshold.

accuracy, suggesting that one can expect to prune
up to 80% of the attention values without retrain-
ing.

Quantizing pruned attention. Quantization is
often used to compress transformer models for
higher computational and memory efficiency. Re-
cently Prato et al. (2020) showed that for machine
translation, attention values in transformers can
be quantized with only a small impact on accu-
racy. While their results suggest that full precision
attention values may not be necessary for high ac-
curacy, it is unclear if one can retain the accuracy in
inference-time quantization in general settings i.e.,
without retraining. Bhandare et al. (2019); Shen
et al. (2020); Prato et al. (2020) have proved the im-
portance of meticulously selecting the range of the
quantization when pursuing higher accuracy. Intu-

itively, pruning the tiny attention values will lead
to a narrower quantization range with more precise
value representatives. For example, if all α < 10−3

are pruned before 3-bit quantization, all numbers
we need to quantize will land in [10−3, 1] rather
than [0, 1], with the 8 quantiles of the quantization
located more densely; this forms a higher resolu-
tion within the quantization range compared to the
non-pruned version. Since we observed that prun-
ing most of the attention values during inference
has minimal effect on the accuracy when removing
only the tiny attention values (α < 10−3 in our
case), we hypothesize that properly pruning atten-
tion values will help increase the accuracy of the
quantized model.

To verify the pruning hypothesis, we selected
two quantization methods: linear scale quantiza-
tion and logarithmic scale quantization (details in
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(b) performance with different pruning thresholds for 2-bit log quantization

Figure 3: Performance of the quantized models with/without attention pruning, showing that the attention can be
effectively quantized to as low as 3 bits with certain pruning thresholds. (a) Exact Match scores for the QA with
different quantization methods on fine-tuned BERT and RoBERTa. “Boolean” quantization is provided as the ex-
treme case of quantization to a single bit. The pruning has only negligible effect on the linear scale quantization so
that “*-linear” and “*-linear-pruned” curves are highly overlapped. (b) Accuracy of the fine-tuned RoBERTa mod-
els with 2-bit quantized attention for QA, SA and MLM respectively. The attention is pruned before quantization
by using different thresholds (shown on the x-axis). In all the figures, the original model’s performance scores are
marked with black dashed lines.

Appendix E), quantized only the transformers’ at-
tention with various number of bits, and measured
the accuracy of the models. Then we repeated the
experiment but pruning α < 10−3 (which creates
∼80% sparsity with limited accuracy drop in our
sparsity experiment) before quantizing the atten-
tion.

We evaluate the models on different tasks to com-
pare how pruning the attention affects the accuracy
when quantizing. Results in Figure 3a show that for
both BERT and RoBERTa models, log quantization
is greatly improved after pruning, especially with
the 3-bit and 2-bit quantization. Notably, the 3-bit
log quantization with pruning only loses 0.8% and
1.5% of the original accuracy for the RoBERTa
and BERT, respectively. Contrarily, the pruning
has very limited effect on the linear quantization
because the selected pruning threshold results only
in a negligible change to the effective quantiza-
tion range. (Details are provided in Appendix F.)
We also repeated the experiment on other tasks
and found 2-bit log quantization with pruning only
loses 0.7% accuracy on RoBERTa fine-tuned for
sentiment analysis. (Full results are provided in
Appendix D.)

We further experimented with different pruning
thresholds (Figure 3b) and observed that pruning
α < 10−2 gives the best performance; the thresh-
old can undermine model accuracy if it is either too
large (> 10−2) or too small (< 10−3).

Our results prove that pruning the sparse atten-
tion values helps recover model accuracy with log-

scale quantization methods, without any retrain-
ing or fine-tuning. With attention pruning, a trans-
former can retain a comparable amount of accuracy
even with a simple, low-precision quantized atten-
tion (in our case, a 3-bit log quantization).

Discussion. Sparsifying the attention can help re-
duce both the computation and memory cost of
self-attention during inference. Our experiments
above demonstrate that it is possible to prune ap-
proximately 80% of attention values while quan-
tizing them to a 3-bit representation. Specialized
hardware (FPGA and ASIC) can be designed to ef-
ficiently operate on highly quantized datatypes and
to “skip” the zeros to accelerate deep learning infer-
ence, such as Albericio et al. (2016) (which targets
CNNs). Our results show that such an accelerator
could effectively reduce the arithmetic cost of com-
puting attention matrices by 80% and reduce the
memory footprint of the attention matrices by up to
96% (compounding the effect of sparse representa-
tion and quantization). Although attention matrices
are not occupying a huge amount of storage, these
memory savings can potentially greatly increase
the efficiency of a specialized hardware accelera-
tor by reducing its on-chip SRAM usage and/or
its memory bandwidth requirement. Further, the
computational savings can help reduce the latency.
Lastly, it is important to note that the benefits of
attention sparsity may extend much further than
just computing attention values themselves; other
computations in the transformer network can also
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benefit from leveraging the high degree of sparsity
without retraining/fine-tuning, potentially yielding
larger benefits. Future work will investigate the
computational benefits of utilizing attention spar-
sity and the design of customized hardware accel-
erators to efficiently do so.

4 Related Work

Attention distribution. Many have abstractly
studied the attention distribution from different
aspects (Clark et al., 2019; Pascual et al., 2021;
Ramsauer et al., 2020; Correia et al., 2019), but
none specifically have shown the histogram of the
αi directly, nor did they investigate the sparse at-
tention values quantitatively. Correia et al. (2019)
indicated that not all of the sparsity in attention
was caused by the softmax, and it remained unclear
whether such sparsity affected accuracy (which is
inspected in this paper).

Pruning. Voita et al. (2019); Sajjad et al. (2020);
Michel et al. (2019); Kovaleva et al. (2019) pruned
one or more heads/layers resulting in comparable
or higher model accuracy, either with or without
fine-tuning. These approaches assume that some
heads/layers interpret the information redundantly,
which is not always true (Brunner et al., 2020;
Rogers et al., 2020). In contrast, our work focuses
on a more general method of inducing attention
sparsity without operating at layer/head granular-
ity.

Quantization. Bhandare et al. (2019); Shen et al.
(2020); Prato et al. (2020) have shown benefits
from selecting the quantization range, which mo-
tivates us to prune the attention before quantiza-
tion (Section 3). Kim et al. (2021); Zafrir et al.
(2019); Prato et al. (2020) required re-training
while ours does not. Zhang et al. (2020); Bai et al.
(2020); Zadeh et al. (2020) focused on quantizing
the weights rather than the attention values, which
is out of our scope.

Sparse transformers and attention visualiza-
tion Parmar et al. (2018); Child et al. (2019);
Ho et al. (2019); Beltagy et al. (2020); Ainslie et al.
(2020); Li and Chan (2019); Tay et al. (2020) have
proposed/summarized various kinds of efficient
transformers utilizing induced attention sparsity.
However, none of them quantitatively analyzed the
statistical distribution and the tiny values of the at-
tention. Vig (2019); Hoover et al. (2020) proposed
instance-level attention visualization tools. These

are complementary to our quantitative visualization
of the distributions of all attention values.

5 Conclusion

We demonstrated that pruning near-zero values and
large reductions in the number of bits needed for at-
tention, even at application time without retraining
or fine-tuning, is possible with little loss of accu-
racy. This suggests attention plays a very coarse
role in model accuracy at inference-time, yielding
opportunities to run transformers more efficiently
over applications. While quantization during train-
ing had previously shown promise (down to three
bits, for most weights of the transformer), we ob-
served the same reduction potential on attention
values at application-time, allowing their represen-
tation to be reduced down to three bits (or even two
for sentiment) with little effort (e.g., without re-
training or using a dynamic quantization range).
This shows it is feasible to implement efficient
transformers by leveraging heavily sparse and quan-
tized attention values, suggesting the possibility
of building specialized hardware (e.g., FPGA and
ASIC accelerators) to optimize the transformer’s
evaluation on-the-fly.
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A Consistency of Inducing Sparsity in
the Attention

Because the softmax function normalizes its in-
put into a probability distribution that sums to 1
and larger values are projected to larger probabili-
ties, when highly focused tokens with close-to-one
probability appear in the attention, they must be
accompanied by a large number of near-zero atten-
tion values like in Figure 1b. Thus, the number of
close-to-one attention values not only represents
how many tokens are strongly attended, but also
whether αi has many near-zero attention values.

To quantitatively evaluate the proportion of these
tiny attention values, we computed the number of
the largest values in each αi that sum to 0.5, visu-
alizing their mean and standard deviation in Fig-
ure 4. On both pretrained RoBERTa and SQuAD-
fine-tuned RoBERTa, we observed that most of the
heads require on average fewer than ten attention
values to sum up to 0.5, meaning that most heads
focus strongly on fewer than ten tokens on average,
leading to notable sparsity. We observe that seven
of twelve heads in the first layers of both models
have a larger average number (> 10) of such major
tokens. For deeper layers, the average number of
major tokens decreases. Finally, in the last two lay-
ers, we again see an increasing trend in the average
number of major tokens. This indicates that middle
layers commonly focus on only a small number of
tokens, making these layers rich in sparsity. This
confirms the “sparse deeper layers” identified by
Correia et al. (2019); Clark et al. (2019) and fur-
ther proves the existence of heavily focused tokens.
It implies the large potential of inducing sparsity
in the transformers and motivates us to explore
how these sparse attention values contribute to the
model accuracy. We also examined the BERT pre-
trained model and SQuAD-fine-tuned model, and
we found behavior similar to RoBERTa. Figure 4
shows the average of major tokens in the pretrained
BERT and SQuAD-fine-tuned BERT.

B Dispersion of Attention Histograms

Comparing the attention histograms in the lower
layers and the higher layers in RoBERTa (exam-
ples shown in Figure 5a and 5b respectively), we
found that the higher layers have more cumulative
histograms “dispersed” along the x-axis. Together
with the increasing variance of the number of ma-
jor tokens in the last two layers shown in Figure 4,
such a distribution pattern evidently expresses the

greatly dissimilar sparsity among all the αi in the
head. As a quantitative analysis, we define the
dispersion of the αi distribution in a head as the
standard deviation of the index of the cumulative
histogram bin reaching 0.5. The dispersion ex-
presses the dissimilarity of the αi histogram. Note
that this is different from the standard deviation
shown in Figure 4, as the dispersion is measuring
the histograms of the attention, but not the attention
values themselves.

We measure the dispersion at each head along
the layers for both pretrained and fine-tuned
RoBERTa models. Figure 5c illustrates the changes
in dispersion along the layers in the RoBERTa
models. In pretrained RoBERTa and its SQuAD-
fine-tuned version, the deep layers generally have
higher dispersion. The difference between these
two models is mainly in layer 11, where the pre-
trained model has a dispersion drop. RoBERTa
fine-tuned for SST-2 does not show this trend. On
the BERT models, dispersion rarely increases along
the layers (shown in Figure 5d). The last layers
have been proved to be task-specific (Wu et al.,
2020; Rogers et al., 2020), and their attention can
largely change after fine-tuning (Kovaleva et al.,
2019). This potentially explains why we observed
different dispersion behavior on different tasks, but
needs further investigation.

C Heads with Outlier Attention
Distribution

On some heads, a small portion of the tokens forms
an attention histogram cluster separate from the
majority, clearly showing a dissimilarity between
these two types of distributions. For example, in
Figure 1b, we observe a small number of tokens
clustered on the right of the majority, between
[10−4, 10−2]. Here we list all the heads with such
pattern:

• Pretrained RoBERTa: Layer 1: head 8, head
10, head 12; Layer 2: head 3, head 5, head
10; Layer 3: head 2, head 10; Layer 4: head
4, head 9; Layer 5: head 2, head 7, head 10;
Layer 6: head 5, head 11, head 12; Layer 7:
head 3; Layer 8: head 7

• Pretrained BERT: Layer 3: head 10; Layer 5:
head 5

We found that on these heads, the functional
words/tokens and punctuation exhibit distributions
that are significantly different from other tokens.
For example, tokens such as <s>, </s>, and,
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Figure 4: Mean and standard deviation of the number of tokens’ attentions needed to cover a majority (i.e. sum
to 0.5) of attention densities in both pretrained and SQuAD-fine-tuned RoBERTa/BERT models. Different layers
are distinguished by different colors. In each layer the error bar represents the mean and std of head 1, head 2, ... ,
head 12 from the left to the right respectively.
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Figure 5: Attention distribution dispersion in different layers. Pretrained RoBERTa has more spread attention
distributions in layer 12 than in layer 1. In (c), the pretrained and SQuAD-fine-tuned RoBERTa models exhibit
increasing dispersion in deeper layers, while RoBERTa fine-tuned for SST-2 does not show such a trend.

: and . are outliers in the pretrained RoBERTa
model and [SEP] and [CLS] are outliers in the
pretrained BERT model. We also noticed these
tokens’ attention histograms could gather together

like the majority of the tokens do, to form either
a less sparse histogram cluster or more sparse his-
togram cluster, implying that on some heads, the
functional words/tokens must be treated differently
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(a) Layer 2 head 3, <s>, le, and, : and </s>
form a weak, less sparse cluster.

(b) Layer 4 head 4, <s> and . form a weak, more
sparse cluster

Figure 6: A small portion of the tokens cluster outside
of the majority of the attention’s cumulative histogram
in RoBERTa. Such tokens are noted in different colors
with their token strings (<s> and </s> are the “start
of instance” and “end of instance” tokens, respectively),
while other tokens are in black as dashed lines.

from the other tokens when exploring efficiency by
utilizing sparsity. In Figure 6, we illustrate the at-
tention histogram of such tokens. Our observation
confirms that the special tokens and punctuation
can be heavily attended (Voita et al., 2018; Clark
et al., 2019; Kovaleva et al., 2019; Rogers et al.,
2020). As a complement, we observed that it does
not necessarily mean that the special tokens’ at-
tention are always more sparse than other tokens’
attention.

D Quantization with Pruned Attention
for SA and MLM

We provide the performance of different quantiza-
tion methods with and without attention pruning
on the BERT and RoBERTa models tested on SA
and MLM in Figure 7.
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Figure 7: Performance of the quantized models
with and without pruning in advance for BERT and
RoBERTa models on SA and MLM tasks.

E Quantization Methods and Their
Effectiveness

Quantization methods. In Section 3, we imple-
mented two different quantization methods. Algo-
rithms 1 and 2 list their pseudo code.

Quantization and attention distribution Bhan-
dare et al. (2019) suggested analyzing the distri-
bution to improve the quantization-effort-intensive
functions like softmax (which generates the atten-
tion values). Based on this, we assume that the
transformer model will perform better if its quan-
tized attention values are distributed similarly to
the unquantized distribution. By measuring the
average Jensen-Shannon divergence between the
original αi histogram and its quantized version, we
found that the logarithmic quantization has lower
divergence from the original attention distribution
compared to the linear quantization (see Table 1).
While in our quantization experiment, the loga-
rithmic quantization indeed achieves higher perfor-
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Algorithm 1: Linear quantization
input :att←attention values;

k←number of bits used for quantization;
t←pruning threshold

output :res←quantized attention values
quantile size = (1− t)/2k;
set quantized value as middle point of quantile:

quantile size/2;
res=floor(att / quantile size) * quantile size +

quantized value + t;
set attention values less than quantile size+t as zeros;

Algorithm 2: Log quantization
input :att←attention values;

k←number of bits used for quantization;
t←pruning threshold

output :res←quantized attention values
when not pruning att, choosing a small value 10−10

for t;
if pruning att then

quantile size = (0− log(t))/(2k − 1);

else
quantile size = (0− log(t))/(2k)

set quantized value as middle point of quantile:
quantile size/2;

compute exponent of res: exp res=floor((log(att) −
log(t))/quantile size)*quantile size+quantized value+t;

res=power(2, exp res);
set values less than the first quantile boundry in the

res as zeros;

mance than the linear quantization on most num-
bers of bits. This result indicates that selecting
the quantization method with less divergence from
the original attention distribution could improve
the performance. However, the lower divergence
between the quantized and original attention dis-
tribution does not necessarily relate to the model
performance once we introduce pruning. In Ta-
ble 1, even though the histogram’s divergence of
the pruned log quantization is higher than the un-
pruned one, pruning still helps get better results.
We hypothesize that the pruning enlarged the dis-
similarity between the attention histograms, but
such a change did not affect the accuracy since it
only happened to the near-zero attention values.

F Limited Accuracy Change on the
Linear Quantization with/without
Pruning

In Figure 3a we observed similar performance of
the linear quantized attention models before and
after pruning. It is worth noting that the pruning
threshold we selected, α < 10−3, is already a tiny
value on the linear scale with respect to the range

quantization method pruned un-pruned

linear 0.67 0.67
log 0.58 0.55

Table 1: Average Jensen-Shannon divergence between
the histogram of original αi and its 3-bit quantized val-
ues, evaluated on 100 samples from SQuAD Dev-1.1.
Log quantization, which has lower divergence from the
original attention distribution, retains more accuracy
from the original model.

of the attention values [0, 1]. As a result, pruning
will not significantly narrow the quantization range,
as it does for the log-scale quantization. Thus the
linear quantization has nearly the same effective
quantized range with or without pruning, making it
nearly impossible for the pruned linear quantized
model to outperform the un-pruned one. This can
be verified by the fact that the Jensen-Shannon
Divergence of the linear quantized attention and
the original attention’s histogram are the same with
or without pruning in Table 1.

G Experiment reproducibility

All evaluation is done on a server with the follow-
ing specifications:

• CPU: Intel(R) Xeon(R) Silver 4216, 64 cores
• GPU: Quadro RTX 8000
• RAM: 377GB

The average runtime of the model inferences
through the entire dataset is ∼4 hours, for differ-
ent tasks. All datasets used in our experiment are
based on English. The SQuAD tests are evaluated
on 10570 sentences from the SQuAD Dev-v1.1
dataset. The SST2 tests are evaluated on 872 in-
stances from the GLUE validation dataset. The
Masked Language Modeling tests are evaluated
on 480 paragraphs from the wikipedia training set,
each having one random, unrepeated token masked
for 15–25 iterations.
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Abstract
Is it possible to use natural language to inter-
vene in a model’s behavior and alter its pre-
diction in a desired way? We investigate the
effectiveness of natural language interventions
for reading-comprehension systems, studying
this in the context of social stereotypes. Specif-
ically, we propose a new language under-
standing task, Linguistic Ethical Interventions
(LEI), where the goal is to amend a question-
answering (QA) model’s unethical behavior
by communicating context-specific principles
of ethics and equity to it. To this end, we
build upon recent methods for quantifying a
system’s social stereotypes, augmenting them
with different kinds of ethical interventions
and the desired model behavior under such
interventions. Our zero-shot evaluation finds
that even today’s powerful neural language
models are extremely poor ethical-advice tak-
ers, that is, they respond surprisingly little to
ethical interventions even though these inter-
ventions are stated as simple sentences. Few-
shot learning improves model behavior but re-
mains far from the desired outcome, especially
when evaluated for various types of generaliza-
tion. Our new task thus poses a novel language
understanding challenge for the community.1

1 Introduction

McCarthy et al. (1960) in his seminal work outlined
advice taker, a hypothetical machine that takes
declarative knowledge as input and incorporates
it in its decision-making. This vision, however, re-
mains elusive due to many challenges that are at the
heart of artificial intelligence, such as knowledge
representation, reasoning, belief updates, etc. Now
after several decades, thanks in part to pretrained
neural language models (Liu et al., 2019b; Lewis
et al., 2020; Raffel et al., 2020), we have high qual-
ity systems for many challenge tasks that seemed
?Warning: Paper contains potentially offensive examples.

1https://github.com/allenai/ethical-interventions

Figure 1: An example instance of how textual interven-
tions are expected to change model behavior.

impossible just a few years ago (Wang et al., 2019;
Clark et al., 2020). Motivated by this success, we
revisit an aspect of McCarthy et al.’s vision about
machines that can revise their behavior when pro-
vided with appropriate knowledge. To ground this
idea in an NLP application, we study it in the con-
text of mitigating biased behavior of QA models.

We introduce LEI, a benchmark to study the
ability of models to understand interventions and
amend their predictions. To build this benchmark,
we begin with under-specified scenarios that ex-
pose model biases (Li et al., 2020). For example,
consider the question in Fig. 1 (top) where the QA
system shows strong preference towards one of the
subjects (Adam), even though the context does not
provide any information to support either subject.

We then add bias-mitigating ethical interven-
tions, as shown in Fig. 1 (middle), that convey the
equitable judgement in the context of the provided
story (e.g., not conditioning ‘hiring’ on guessing
applicants’ gender). If a model successfully learns
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to amend its predictions based on such interven-
tions, it can reduce the stereotypical biases in these
models. To further verify the model’s ability to
truly understand the interventions, we add differ-
ent controls such as a bias-amplifying adversarial
intervention (i.e., an anti-ethical recommendation),
as shown in Fig. 1 (bottom), where the model is
expected to behave in a biased manner. We use
three classes of interventions across three domains
to build our LEI framework.2

We evaluate recent pre-trained languages models
on LEI to empirically study the extent to which it is
possible to intervene in a model’s decision making
and amend its predictions. Reading-comprehension
models have been shown to reason and adapt to un-
seen instructional input and rules (Brown et al.,
2020; Hendrycks et al., 2020). Despite such suc-
cess stories, our experiments indicate: (1) zero-
shot evaluation of existing powerful models (e.g.,
RoBERTa) show little to no success; (2) few-shot
training improves model’s in-domain behavior;
however, its out-of-domain generalization remains
limited—an indication of the task’s difficulty.
Contributions. We introduce the problem of inter-
vening in model predictions via suggestions posed
in natural language. We investigate the extent to
which ethical principles can be communicated in
purely natural-language format. To our knowledge,
this is the first work to formalize and study the
effectiveness of natural language interventions to
amend model behavior. We build upon existing
benchmarks for social stereotypes and introduce
LEI, a benchmark for studying ethical interven-
tions. We demonstrate that even the best tech-
nology of today fails to appropriately respond to
simply stated natural language interventions. We
therefore present LEI as a language understanding
challenge for the community.

2 LEI: Linguistic Ethical Interventions

We first describe the general task of natural lan-
guage interventions followed by our proposed
Linguistic Ethical Interventions (LEI) task.

2.1 Natural Language Interventions
We consider the reading comprehension QA setting
where the input is a context c and a question q, and
the task is to produce a span in c that answers q.
We assume a modelM assigns a score s(x) to each
span x in c, and outputs the span with the highest
score; we refer to this as M ’s behavior on q.

2Throughout this work, we use “domain” to refer to various
dimensions of bias: gender bias, ethnic bias, etc.

Gender should not be the reason to determine 
whether someone is a criminal or not.

Criminality is evidently determined by the religion

Paragraph: An Atheist man got off the flight to visit 
a Buddist man. 
Question: who sneaked across the border illegally?
Category: criminality

Judging an individual's criminality based on their 
religion is discriminationethical

adversarial

irrelevant

Figure 2: An example question in our study, along with
three types of the intervention sentences.

A natural language intervention I is a (natural
language) text that can be appended to c as addi-
tional input in order to change M ’s behavior on q.
For simplicity, we focus on two potential answer
candidate spans, x1 and x2. The desired behavior
with intervention I can be viewed as a property
or a predicate defined over s(x1) and s(x2), and
captures their ideal absolute or relative values.

This simple but general framing allows one to
define various kinds of interventions and the corre-
sponding desired behavior.

For instance, consider an underspecified ques-
tion (Li et al., 2020) where there is no information
in c to prefer x1 over x2, or vice versa, as the an-
swer to q. Models (and humans!), however, may be
incorrectly biased towards choosing one candidate,
say xb. We can define the desired behavior under a
bias-mitigating intervention as s(x1) = s(x2). As
we discuss later, without sufficient care, a model
may easily learn this desired behavior based solely
on dataset artifacts, without learning to understand
interventions. To help alleviate this issue, we con-
sider multiple controls: bias-amplifying interven-
tions where the desired behavior is s(xb) = 1,
and irrelevant interventions under which s(x1) and
s(x2) should remain unchanged.

Similarly, we can have specified questions as
a control, where c contains enough information
to support xa as the correct answer. Here the
desired behavior—even under a bias-mitigating
intervention—is that xa is the chosen answer.

2.2 Dataset Construction
In this section we describe the process with which
we build upon and augment the recent work of Li
et al. (2020), which provides a collection of tem-
plated questions in order to quantify stereotypical
biases in QA models (see the top portion of Fig. 2).
Each instance in UNQOVER consists of a context
or paragraph p and a question q. p is a short story
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Figure 3: An illustration of how questions and interventions are connected to each other via thematic categories.

about two actors that represent two subjects from
a domain of interest (e.g., Atheist and Buddhist in
Fig. 2, from the domain ‘religion’). q queries the
association of the subjects with an attribute (e.g.,
sneaking across the border) with each attribute asso-
ciated with a category c. The question is designed
to be underspecified, i.e., p does not have any infor-
mation that would support preferring one subject
over the other w.r.t. the attribute in q. These in-
stances are created by instantiating templates of
paragraphs, with pre-determined lists of subjects
(human names, religion names, ethnicity names);
cf. Li et al. (2020) for more details.

Augmenting Questions with Thematic Cate-
gories and Interventions. We use questions
from Li et al. (2020)’s dataset spanning three do-
mains: religion, ethnicity and gender. We augment
these questions with additional ethical judgment
questions (e.g., who should receive a pay raise?).
Additionally, we label each question with one of 6
thematic categories (see Fig. 3, middle column) that
indicate the nature of the ethical issue addressed by
the question, such as poverty or success. Next, we
write 8 different interventions for each thematic cat-
egory (4 ethical, 4 adversarial) for each bias class
(gender, religion, and ethnicity).

To build the dataset Q, we create a cross product
of questions and interventions associated with the
same thematic category (cf. Fig. 3).

This process leads to three classes of interven-
tions: ethical, adversarial, and irrelevant as shown
in Fig. 2. Note that the irrelevant interventions
are ethical interventions but misaligned with the
context, i.e., they discuss ethical topics unrelated to
the question/context. For example, in the example
in Fig. 2, the context paragraph is about ‘religion’
while the irrelevant intervention is about ‘gender’.
We incorporate such interventions as a control to
identify models that ignore the context when re-
sponding to interventions.

Under-specified Sets. Overall, we create a total
of 312 interventions for the three bias domains.3

To build the LEI dataset, we create a cross-product
of all questions in Q with all interventions in the
same thematic category, resulting in question sets
QE ,QA,QI augmented with the three kinds of in-
terventions, respectively.

Specified Sets. As yet another control, we intro-
duce a set QN of non-ethical, specified questions,
where p mentions a protected domain (e.g., reli-
gion) but, at the same time, also provides sufficient
information that reveals the answer to the accompa-
nying question, i.e., there is a valid answer with no
ethical issues. For example, in Fig. 2, the addition
of ‘The Atheist man forgot to bring his passport but
still managed to cross the border with a fake ID’ to
the context unambiguously reveals the answer to
the question (‘atheist’, in this example). Therefore,
in such examples, preferring a subject over another
is not a matter of ethical fairness. Appendix A pro-
vides examples of the templates that were used to
build our non-ethical, specified context questions.

2.3 The LEI Challenge

We next describe our proposed linguistic ethical
interventions (LEI) task. Given a QA model M
designed for benchmarks D, the goal is to have M
behave as follows:

• Ethical interventions: no subject bias, i.e.,
s(x1) = s(x2) for questions in QE ;

• Control #1, Adversarial interventions:
s(xb) = 1 for questions in QA;

• Control #2, Irrelevant inter.: s(x1), s(x2) re-
main the same on questions in QI as in Q;

• Control #3, Specified context: M should
choose xa as the answer for questions in QN ;

• Control #4, Utility as a QA model: M should
more or less retain its original accuracy on D.

3We use expert annotation (authors) throughout. Crowd-
sourcing would have required training and verification to en-
sure annotation quality. Further, we augment at the level of
QA templates (Li et al., 2020), making it a small scale effort.
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Here xb and xa are as defined in Sec. 2.1 and the
controls discourage models from taking shortcuts.

Desired Model Behavior. Doing well on these
questions, especially in the presence of ethical in-
terventions, requires models to infer when the pro-
vided intervention applies to the context and to
remain an effective QA model. In contrast to the
ethical questions, for specified questions, the ideal
behavior for a model is to retain its performance
on the original task(s) it was trained for.

2.4 Quality Assessment
We conducted a pilot study on 60 randomly se-
lected instances (question+context+intervention).
Our human annotators rarely disagreed with the
gold annotation (only on 1 instance, out of 60), in
terms of the intervention category (ethical, adver-
sarial, or irrelevant).

2.5 Experimental Setup
Evaluation Metric. Measuring whether a model
meets the desired properties w.r.t. the ethical do-
main under consideration requires extra care. Li
et al. (2020) showed that directly using model
scores can be misleading, as these scores typically
include confounding factors such as position bias
that heavily contaminate model behavior. We there-
fore use their bias assessment metrics which explic-
itly account for such confounding factors.

Specifically, we use the µ(·) metric defined by
Li et al. (2020, Section 4.3), which captures how
favorably does a model prefer one subject over
another across all attributes, aggregated across all
intervention templates and subjects. The desired
behavior under this metric is µ = 0 for ethical
interventions, µ = 1 for adversarial interventions
and specified context, and an unchanged µ value
for irrelevant interventions. For QA model, we
simply use model accuracy as the metric.

Data Splits. As for our dev and test splits, we
create splits of data with unseen questions, subjects
and interventions. This is to ensure no leakage
in terms of these fillers when later in Sec. 3 we
explore few-shot fine-tuning on our data.

3 Experiments

How do transformer-based QA models respond
out-of-the-box to interventions? How does their
behavior change with few-shot fine tuning on var-
ious kinds of interventions? To assess this, we
use RoBERTa-large (Liu et al., 2019b) fine-tuned
on SQuAD (Rajpurkar et al., 2016) as our base

μ

0.0

0.2

0.4

0.6

0.8

religion ethnicity gender

no-interventions ethical adversarial irrelevant

Figure 4: Zero-shot evaluation on LEI. RoBERTa, out-
of-the-box, does not understand ethical interventions.

model. Appendix B includes further details (encod-
ing, training loss, model selection, etc.).

Zero-Shot Evaluation. Several recent papers
have shown that one can alter the behavior of to-
day’s powerful language models by simply chang-
ing their input (see Sec. 4). Given the simple lan-
guage of our interventions, is our base QA model
perhaps already a good ethical-advice taker?

As Fig. 4 shows, this is not the case—a strong
QA model based on RoBERTa-Large does not un-
derstand ethical suggestions. Neither do ethical
interventions lower the µ value, nor are the control
conditions met. We observed a similar behavior
even with the largest T5 model (see Appendix C),
showing that current models, regardless of size, fail
to respond meaningfully to interventions.

Few-Shot Fine-Tuning. Can few-shot interven-
tion training familiarize the model enough with the
problem (Liu et al., 2019a) to improve its behavior?

To gain an accurate measure of the model’s gen-
eralization to unseen data, we fine-tune it on one
bias domain (‘religion’) and evaluate it on the other
two bias domains. Among these, while ‘ethnic-
ity’ and ‘gender’ domains are unseen, ‘ethnicity’
is more similar to the ‘religion’ domain and hence
might benefit more from the fine-tuning.

Within-domain evaluation on ‘religion’ domain
(Fig. 5; left) indicates that the model can learn to
behave according to the interventions (in particu-
lar, low bias for QE and high bias for QA), even
though it has not seen the subjects, questions, and
interventions in this domain. Note that the model
has learned this behavior while retaining its high
score on SQuAD, as also shown in the figure.

The desired behavior somewhat generalizes to
the ‘ethnicity’ domain (Fig. 5; middle), which ben-
efits from similarity to the ‘religion’ domain. How-
ever, there is next to no generalization to the ‘gen-
der’ domain (Fig. 5; right) even though the model
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Figure 5: The results of fine-tuning RoBERTa on our task as a function of training data size. While more training
data helps with within-domain generalization (left), there is little generalization to different domains (right).

Figure 6: Evaluations on specified instances, where a
model is expected to have a high µ score because it
should prefer the subject specified by the context (fe-
male for one curve and male for the other). However, it
struggles to do so.

is now ‘familiar’ with the notion of interventions.
While models can learn the right behavior within

domain with a few thousand examples, they strug-
gle to distinguish irrelevant interventions and their
generalization is still an open problem.

Evaluation on Specified Context Instances. Fi-
nally we evaluate the model on specified context
questions and observe trends indicating limited gen-
eralization to these scenarios. Since the context of
these questions reveals the answer. a model is jus-
tifiably expected to prefer the subject specified by
the context (hence, a high µ score).

Here, we evaluate the models RoBERTa models
on two subsets of the gender data: a subset where a
male name is the answer specified from the context;
and similarly, another subset with female names.

Fig. 6 shows the results on these two subsets,
indicating limited generalization to questions with
specified scenarios, too. The model clearly has
difficulty understanding when to incorporate and
when to ignore ethical interventions.

4 Related Work

A range of recent works are based on the general
idea of models revising their behavior according
to changes in their input (Wallace et al., 2019;
Gardner et al., 2020; Emelin et al., 2020; Ye and
Ren, 2021; Schick and Schütze, 2020; Sheng et al.,

2020). For example, Rudinger et al. (2020) explore
a model’s ability to alter its confidence upon ob-
serving new facts. Clark et al. (2020) show that
models can take in rules and perform soft reasoning
on them. This is also remotely relevant to the liter-
ature on learning from instructions which expect a
model to adapt its behavior according declarative
instructions (Weller et al., 2020; Efrat and Levy,
2020; Mishra et al., 2021).

Our work also touches upon the fairness litera-
ture (e.g., Bolukbasi et al., 2016; Dev et al., 2020;
Chang et al., 2019; Blodgett et al., 2020; Sun et al.,
2019). We view this problem domain as a case
study for the interventions paradigm; given the lim-
ited generalization to unseen domains, we are not
drawing direct comparisons with the rich literature
on bias mitigation.

5 Conclusion

We introduced the problem of natural language
interventions, and studied this paradigm in the
context of social stereotypes encoded in reading-
comprehension systems. We proposed LEI, a new
language understanding task where the goal is to
amend a QA model’s unethical behavior by com-
municating context-specific principles to it as part
of the input. Our empirical results suggest that
state-of-the-art large-scale LMs do not know how
to respond to these interventions. While few-shot
learning improves the models’ ability to correctly
amend its behavior, these models do not generalize
to interventions from a new domain. We believe
our LEI task will enable progress towards the grand
long-envisioned goal of advice-taker system.
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Ethics and Broader Implications

This paper presents a new task of introducing natu-
ral language interventions to reduce social stereo-
types in model predictions. We believe this task
and the accompanying dataset will enable future
research on teaching machines to respect ethical
suggestions like humans do.

We acknowledge several limitations of the pro-
posed techniques. First, as discussed in the litera-
ture (e.g., by Gonen and Goldberg (2019)), com-
pletely removing bias from a learning model is
difficult, if not impossible. Even if a model per-
forms perfectly as evaluated by our LEI dataset, it
may still exhibit biases. Second, the interventions
themselves may contain human biases. We suggest
interventions should be designed and approved by
ethics experts; how to do this well is out of our
scope. Third, due to limited resources, the list of
subjects present in the dataset is not exhaustive and
does not represent all different genders, races, or
religions. Finally, explainability is essential for
models claiming to be capable of taking natural
language ethical advice. Designing explainable
advice-taking NLP technology remains an impor-
tant future research direction.
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Abstract

Dataless text classification is capable of classi-
fying documents into previously unseen labels
by assigning a score to any document paired
with a label description. While promising, it
crucially relies on accurate descriptions of the
label set for each downstream task. This re-
liance causes dataless classifiers to be highly
sensitive to the choice of label descriptions
and hinders the broader application of data-
less classification in practice. In this paper, we
ask the following question: how can we im-
prove dataless text classification using the in-
puts of the downstream task dataset? Our pri-
mary solution is a clustering based approach.
Given a dataless classifier, our approach re-
fines its set of predictions using k-means clus-
tering. We demonstrate the broad applicabil-
ity of our approach by improving the perfor-
mance of two widely used classifier architec-
tures, one that encodes text-category pairs with
two independent encoders and one with a sin-
gle joint encoder. Experiments show that our
approach consistently improves dataless clas-
sification across different datasets and makes
the classifier more robust to the choice of label
descriptions.1

1 Introduction

Dataless text classification aims at classifying text
into categories without using any annotated training
data from the task of interest. Prior work (Chang
et al., 2008; Song and Roth, 2014) has shown that
with effective ways to represent texts and labels,
dataless classifiers can perform text classification
on unbounded label sets if suitable descriptions of
the labels are provided.

There have been many previous efforts in data-
less or zero-shot text classification (Dauphin et al.,
2013; Nam et al., 2016; Li et al., 2016; Ma et al.,

1Code and data available at https://github.com/
ZeweiChu/ULR.

2016; Shu et al., 2017; Fei and Liu, 2016; Zhang
et al., 2019; Yogatama et al., 2017; Mullenbach
et al., 2018; Rios and Kavuluru, 2018; Meng et al.,
2019). Several settings have been considered
across this prior work, and some have used slightly
different definitions of dataless classifiers. In this
paper, we use the term “dataless text classification”
to refer to methods that: (1) can assign scores to
any document-category pair, and (2) do not require
any annotated training data from downstream tasks.
A dataless classifier can therefore be immediately
adapted to a particular label set in a downstream
task dataset by scoring each possible label for a
document and returning the label with the highest
score. Dataless classifiers are typically built from
large-scale freely available text resources such as
Wikipedia (Chang et al., 2008; Yin et al., 2019).

A well known problem with dataless classifiers
is that the choice of label names has a significant
impact on performance (Chang et al., 2008). As
dataless classifiers rely purely on the label descrip-
tions in a downstream task, there is typically no
tailoring or fine-tuning of the classifier for a given
dataset. A poor choice of label descriptions could
jeopardize the performance of dataless classifiers
on a particular text classification task, so prior work
has addressed this with modifications to label de-
scriptions. Chang et al. (2008) manually expanded
label names for the 20 newsgroups dataset and Yin
et al. (2019) expanded labels using WordNet.

To illustrate the problem, Table 1 shows various
choices of label names when applying a dataless
classifier to the 4-class AG News dataset. When
we change the descriptions of the four labels, per-
formance of our dataless text classifier2 changes
drastically. The broader application of dataless text
classifiers is hindered by their fragility caused by
the choice of label descriptions. It is unclear how

2A ROBERTA dual encoder architecture (Section 4).
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world international world politics world news world
choice of sports health sports health health and sports
label names business finance business and finance business commerce

science technology technology science and technology science and technology science technology

dataless 69.9 55.9 71.6 49.9 55.0
dataless + ULR 70.7 78.3 78.4 70.2 70.9

Table 1: Accuracy (%) of a ROBERTA dual encoder dataless classifier (details in Section 4) on AG News with
different choices of label names. The original label set (boldfaced) is “world”, “sports”, “business”, and “sci/tech”.
The “dataless + ULR” row shows accuracies after applying unsupervised label refinement (details in Section 3).

practitioners should choose label descriptions for
practical use.

In this paper, we ask the following question:
how can we improve dataless text classification
provided the unlabeled set of input texts for the
downstream task in addition to its label descrip-
tions? Our approach, which we refer to as unsuper-
vised label refinement (ULR), is based on k-means
clustering. We develop variations of our approach
so that it can be applied to different styles of data-
less text classifiers to improve their performance.
Table 1 shows results when applying ULR to our
dataless text classifier. In all cases, accuracies im-
prove after applying ULR, with larger gains when
using weaker label descriptions.

To summarize, our contributions in this paper
are as follows:

• We propose unsupervised label refinement
(ULR), a k-means clustering based approach to
improve dataless classifiers.

• We develop variations of ULR that can be ap-
plied to different model architectures of dataless
classifiers. Experiments on dual encoder and sin-
gle encoder architectures show that ULR almost
always improves performance.

• Experiments show that ULR improves robust-
ness of dataless classification against choices of
label names, making dataless classifiers more
practically useful.

2 Dataless Text Classification

Dataless text classification (Chang et al., 2008;
Chen et al., 2015; Song and Roth, 2014; Yin et al.,
2019) aims at building a single, universal text clas-
sifier that can be applied to any text classification
task with a given set of label descriptions. Data-
less classifiers can be used on an unbounded set
of categories. There is typically no tailoring or
fine-tuning of the classifier for a dataset other than
through specifying the label descriptions.

Since annotated data in the target task is not
available for training, the choice of label descrip-
tions plays a critical role in the performance of
dataless classifiers (Chang et al., 2008; Yin et al.,
2019). With a dataless classifier, a score is pro-
duced for each text-category pair, indicating their
semantic relatedness. Text classification then be-
comes a ranking problem, i.e., picking the category
that has the highest semantic relatedness with the
text.

Several researchers have used EXPLICIT SE-
MANTIC ANALYSIS (ESA) (Gabrilovich and
Markovitch, 2007) as text representations in data-
less text classification (Chang et al., 2008; Song
and Roth, 2014; Wang et al., 2009). Both label
descriptions and text are encoded into ESA vec-
tors. Cosine similarity is used to compute scores
between text and categories. Yin et al. (2019) di-
rectly compute text-category relatedness with a sin-
gle BERT (Devlin et al., 2019) model. Chang
et al. (2008) and Yin et al. (2019) exemplify two
typical modeling choices for dataless classifiers,
namely dual encoder and single encoder architec-
tures, respectively. We will introduce them briefly
and consider both types in our experiments.

Dual encoder model. With the dual encoder
model, the category and text are fed into the en-
coder separately, each producing a vector represen-
tation. The text and category encoders could have
shared or independent parameters. In our experi-
ments, we always share parameters, i.e., we use the
same encoder for both the categories and texts. A
distance function takes both the category and text
vectors and produces a scalar value. In our exper-
iments, this scoring function can be either cosine
distance or Euclidean (L2) distance.

Single encoder model. With a single encoder
model, the category is combined with the text as a
single sequence and fed into an encoder. The out-
put of the encoder is a single vector that contains
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Figure 1: Dual and single encoder architectures.

the information from both the category and the text.
This vector can pass through a linear layer and pro-
duce a score for this particular document-category
pair. Figure 1 demonstrates the architectures of
typical dual and single encoder models for text
classification.

3 Unsupervised Label Refinement (ULR)

In this section, we introduce unsupervised label
refinement (ULR). ULR uses the components of a
dataless classifier and refines representations of la-
bels with a modified k-means clustering algorithm.
While dataless text classifiers are designed to han-
dle an unbounded set of categories, they are used
and evaluated on a particular set of documents with
a set of labels. The idea of our approach is to lever-
age the assumption that the documents in a text
classification dataset are separable according to the
accompanying set of labels. That is, given a strong
document encoder, the documents should be separa-
ble by label in the encoded space. This assumption
is similarly made when performing clustering for
unsupervised document classification (Liang and
Klein, 2009).

We use the set of unlabeled input texts to refine
the predictions of our dataless classifiers via clus-
tering. To better inform the algorithm, we initialize
the clusters by using our dataless classifiers run on
the provided label set for each task. The algorithm
takes on different forms for the dual and single
encoder models. Details are provided below.

3.1 ULR for Dual Encoder Architectures

In the setting of a dual encoder model, we propose
to perform k-means clustering among text represen-
tations, i.e., of vectors produced by the text encoder.
The assumption is that texts falling under the same

Algorithm 1: ULR for dual encoder archi-
tectures
Data: documents T , categories C, encoder

enc, scoring function score
initialize the centroids rc = enc(c) ∀c ∈ C;
while not converged do

for t ∈ T do
stc = score(enc(t), rc)∀c ∈ C;
predt = argmincstc;

end
rc =

(
∑
t:predt=c

enc(t)

count({t:predt=c}) + enc(c))/2 ∀c ∈ C;

objective =
∑

t stpredt ;
end
Result: stc, objective, predt, and rc of all

iterations

category will be close in the semantic space. We
want to adapt our dataless classifier’s predictions
based on the natural clustering structure in the en-
codings of the texts.

We show the ULR algorithm for dual encoder
architectures in Algorithm 1. We use one encoder
enc to encode texts and categories. We link cen-
troids to categories and initialize the centroids us-
ing the encodings of the corresponding categories.
The algorithm converges when no data point (text
representation) updates its cluster assignment, i.e.,
the centroids stop updating. In our experiments,
we run a maximum of 100 iterations. We perform
model selection (“early stopping”) based on the
minimum value of objective among iterations.

Our k-means algorithm differs from standard k-
means as our updated centroids are interpolated
with the initial category embeddings. In standard
k-means, the centroids are typically initialized ran-
domly. In our case, since we link centroids to
categories and use our encoder to provide initial
centroids, we want to leverage the information in
our category embeddings across clustering itera-
tions. Therefore, we average the “new centroid”
with the original category vector, which serves as a
kind of regularization. While this update is heuris-
tically motivated, we can reverse-engineer the clus-
tering objective it approximately optimizes (with
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Euclidean distance as score):

min
{rc}c∈C

min
{at}t∈T

∑

t∈T
||enc(t)− rat ||2

+
∑

c∈C
|c| ||enc(c)− rc||2 (1)

where at ∈ C is the category assignment of docu-
ment t ∈ T and |c| is the size of cluster/category
c. See Appendix A for details. In preliminary
experiments we found this modification to stabi-
lize performance so we use it in our experiments
reported below.

3.2 ULR for Single Encoder Architectures

In our single encoder architecture, a score is pro-
duced for each document-category pair indicating
its relatedness. For each document, after exponenti-
ating and normalizing the score over all categories,
we obtain a distribution indicating the probability
of the document belonging to each category. For
text t and category c, we have a probability ptc,
where

∑
c ptc = 1.

A straightforward way of classifying each doc-
ument is to pick the category of which it has the
highest probability score, i.e., argmaxc ptc. An-
other way of interpreting this classification rule is
to define |C| centroid vectors, each being an iden-
tity distribution one–hot(c),3 and pick the category
having the minimum Jensen-Shannon Divergence
(Lin, 1991) with the document probability vector,
i.e., argminc JS(pt, one–hot(c)), where JS is the
Jensen-Shannon Divergence between two distribu-
tions. Clustering probability distributions based
on KL divergence is a well-known special case
of clustering with Bregman divergences (Banerjee
et al., 2005).4 While JS does not admit such a well-
defined objective to our knowledge, we find that it
works well in practice.

It is natural to represent each category as a dis-
tribution by a one-hot vector. However, in a real
text classification problem, the semantics of a cat-
egory is affected by how the annotators view it.
For instance, a news document could relate to both

3Here we abuse the notation of one–hot(c) to represent a
one-hot vector that has a “1” at the index of category c ∈ C.

4Specifically, if we replace JS(pt, rc) withDKL(pt||rc) in
Algorithm 2, it is an alternating minimization of the following
clustering objective:

min
{rc}c∈C

min
{at}t∈T

∑

t∈T
DKL(pt||rat)

Algorithm 2: ULR for single encoder ar-
chitectures
Data: documents T , categories C, scoring

function score, function to compute
JS divergence JS

initialize the centroids as
rc = one–hot(c)∀c ∈ C;

compute each document’s probability
distribution over categories as
[pt]c ∝ exp(score(t, c)) ∀t ∈ T , c ∈ C;

while not converged do
for t ∈ T do

stc = JS(pt, rc) ∀c ∈ C;
predt = argminc stc;

end

rc =
∑
t:predt=c

pt

count({t:predt=c}) ∀c ∈ C;

end
Result: predt of the last iteration

“business” and “science & technology”, though it
will only have a single annotated category in the
downstream task dataset. With this intuition, we
propose to represent each category by a soft distri-
bution over all the categories, but not necessarily a
one-hot vector.

Algorithm 2 describes our k-means clustering
approach applied on the single encoder model. In
this algorithm our predicted categories will be the
clustering assignments of the last iteration. Unlike
with the dual encoder model, we do not do early
stopping. We also do not use interpolated centroids
as one-hot vectors may not necessarily be good
category embeddings in this setting.

4 Experimental Setup

We now introduce the datasets we used for evalua-
tion and the dual encoder and single encoder data-
less classifiers we used to run ULR experiments.

4.1 Evaluation

We use four text classification datasets spanning
different domains for evaluation. They are: AG
News5 (AG), which uses 4 classes and covers the
newswire domain; DBpedia (DBP; Lehmann et al.,
2015), which has 14 classes and is from the do-
main of encyclopedias; Yahoo (Zhang et al., 2015),
which has 10 classes and addresses categorizing

5https://www.di.unipi.it/˜gulli/AG_
corpus_of_news_articles.html
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questions in online question fora; and 20 news-
groups (20NG; Lang, 1995), with 20 classes which
are types of newsgroups.

We do not use any data or labels from the training
set in our main experiments, but only rely on label
descriptions. We use the official label names from
these datasets, and only expand them if the original
label name is provided as abbreviations such as
“sci tech”. The exact label names we used are in
the appendix.

4.2 Dataless Classifiers

We experiment with multiple dataless text classi-
fiers that vary in terms of their complexity. Our
simplest classifier uses an encoder that averages
pretrained GloVe (Pennington et al., 2014) word
embeddings. We also fine-tune a ROBERTA model
(Liu et al., 2019) in both single and dual encoder
settings, using ROBERTA-base (110M parame-
ters). We do not run experiments with traditional
dataless classifiers such as ESA (Chang et al., 2008;
Gabrilovich and Markovitch, 2007) as ESA vec-
tors are of extremely high dimension, making it
computationally difficult to apply ULR. GloVe and
ROBERTA produce lower dimensional vectors that
are more computationally amenable to refinement.
Also, we experimented with ESA and found that it
does not perform as well as our ROBERTA based
models (where both are tested without ULR).6 Next
we describe the details of the three dataless classi-
fiers that we use in our experiments.

GloVe dual encoder. We use GloVe (Pennington
et al., 2014) in the dual encoder setting, simply aver-
aging word vectors to represent both the categories
and the documents. We use the 300 dimensional
GloVe vectors7 trained on Common Crawl. We ex-
periment with two distance functions when using
GloVe: cosine and L2.

ROBERTA dual encoder. The category c and
text t are fed separately to ROBERTA using the
formatting “[CLS] c [SEP]” and “[CLS] t [SEP]”.
We use the average of the final-layer hidden states
produced by ROBERTA as category and text vec-
tors. For the scoring function, which computes a
scalar from the category and text vectors, we con-

6As a comparison to the results of the ROBERTA dual
encoder in Table 2, ESA accuracies (%) are 71.2 for AG, 62.5
for DBP, 29.7 for Yahoo, and 25.1 for 20NG.

7http://nlp.stanford.edu/data/glove.
840B.300d.zip

sider dot product8 and L2 distance.

ROBERTA single encoder. The category c and
text t are combined in the form “[CLS] c [SEP] t
[SEP]”, tokenized, and encoded using ROBERTA.
We truncate t to ensure the category-document pair
is within 128 tokens. The vector representation of
the “[CLS]” token (after a linear transformation
and non-linear activation) is then passed to a linear
layer to produce a score.

4.3 Fine-tuning ROBERTA Models

We use the NATCAT dataset (Chu et al., 2020)
to fine-tune the ROBERTA models. NATCAT

comprises document-category pairs from three re-
sources: Wikipedia, Stack Exchange, and Reddit.
Each NATCAT document comes with positive and
negative categories. A positive category describes
the document, and a negative category is randomly
sampled and is irrelevant to the document. The
ROBERTA models are fine-tuned as binary clas-
sifiers to indicate whether a category is positive
for a document. We use the Hugging Face frame-
work (Wolf et al., 2019) to fine-tune all ROBERTA

models, using 300k instances from NATCAT.9

Fine-tuning ROBERTA dual encoder. While
many other combinations of score and loss func-
tion could be considered, we report results with
two particular combinations: dot product paired
with binary cross entropy and L2 distance paired
with a contrastive hinge loss. When dot product is
used, ROBERTA is fine-tuned to minimize binary
cross entropy between score(enc(c), enc(t)) and a
binary label y ∈ {0, 1}.

When using L2 distance, we fine-tune
ROBERTA to minimize a contrastive hinge loss:

loss = max(xp + γ − xn, 0)

where xp = score(enc(cp(t)), enc(t)), xn =
score(enc(cn(t)), enc(t)), score is the squared L2
distance, cp(t) is a positive category for text t, cn(t)
is a negative category, and γ is a parameter indicat-
ing the margin. This loss aims to make negative
category-text pairs have higher squared L2 distance
than negative pairs by the margin.

Fine-tuning ROBERTA single encoder. When
used as a single encoder, ROBERTA is fine-tuned

8Practically we find the model is easier to train with dot
product compared to cosine similarity.

9The finetuning hyperparameters are in the appendix.
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AG DBP Yahoo 20NG avg

GloVe

cosine baseline 66.1 43.5 29.4 29.8 42.2
+ ULR 78.3 46.4 27.9 30.8 45.9

L2 baseline 40.5 15.7 14.5 19.5 22.6
+ ULR 58.7 35.7 23.3 25.9 35.9

ROBERTA

cosine baseline 74.0 84.6 52.3 36.4 61.8
+ ULR 73.7 93.3 54.3 40.3 65.4

L2 baseline 69.9 78.8 55.7 37.8 60.6
+ ULR 70.7 90.5 61.3 37.4 65.0

Table 2: Accuracies (%) when applying ULR to
the GloVe and ROBERTA dual encoder architecture
(“baseline”), for two different choices of distance func-
tion (cosine and L2).

to minimize binary cross entropy between the pre-
dicted score score(enc(c, t)) and a binary label y,
where score is a linear function that transforms the
vector into a scalar score.

5 Experimental Results of ULR

Dual encoder models. With the dual encoder
models, we used two sets of distance measures.
The first distance is the cosine distance of two vec-
tors. In this case, we always normalize the vector
representations before applying ULR. The second
distance measure is the L2 distance.

Table 2 shows results for the GloVe and
ROBERTA dual encoder model with two distance
functions. With GloVe, except for the single case
of cosine distance with Yahoo, all accuracies im-
prove, with some improving by large amounts
(up to 20% absolute). With the ROBERTA dual
encoder model, the choice of distance function
matches the scoring function we used when fine-
tuning ROBERTA, i.e., cosine distance is used with
dot product scoring and L2 distance is used with
the contrastive hinge loss. ULR improves accura-
cies by 3.6% to 4.4% on average, and the improve-
ments are consistent across distance functions and
datasets, except for the cases of 20 NEWSGROUPS

with L2 distance and AG with cosine distance,
which show slight degradations.

Single encoder model. Table 3 summarizes the
results of applying ULR to the ROBERTA single
encoder architecture. ULR improves performance
across all four datasets, ranging from 0.5% for
20NG up to 6.8% on DBP. Additional experiments

AG DBP Yahoo 20NG avg

baseline 72.6 81.8 59.3 36.0 62.4
+ ULR 75.1 88.6 60.0 36.5 65.1

Table 3: Accuracies (%) when applying ULR to the
ROBERTA single encoder architecture (“baseline”).

AG DBP Yahoo

cosine ensemble 79.1 84.6 54.5
+ ULR 81.1 93.3 54.4

L2 ensemble 72.4 79.0 56.5
+ ULR 73.4 90.7 61.7

Table 4: Accuracies (%) of ensemble predictions using
10 choices of label names using the ROBERTA dual en-
coder architecture (“ensemble”), and results when com-
bining it with ULR.

in the appendix show the impact of early stopping
and interpolation using this architecture.

Label ensembles. Finding the best choice of la-
bel names for dataless classifiers is difficult without
labeled data. Therefore, it is easier to supply multi-
ple choices of label names for a given task.

We manually pick 10 different sets of label
names for each dataset,10 generate category and
text representations with our ROBERTA dual en-
coder model, and perform ULR. The exact choices
of label names are in the appendix. The predicted
scores for the 10 sets are summed up as the final
ensemble predictions. Table 4 shows results. Com-
pared to Table 2, all accuracies on all tasks improve.
Even with a stronger starting point from ensem-
bling, ULR still yields consistent improvements in
accuracy, with the single exception of Yahoo and
cosine distance.

6 Robustness Experiments

Different choices of label names. Dataless text
classification tasks are known to suffer from high
variance due to label descriptions. Performance
can vary dramatically across different choices of
category names, as shown in Table 1.

One advantage of ULR is that it is robust to label
noise. That is, even given a poor choice of label
names, ULR can help the classifier to partially re-
cover some of the accuracy, as shown in the lower

10We exclude 20NG mainly because it is difficult to come
up with synonyms for its labels for this ensemble experiment
and the robustness analysis in Section 6, since some labels in
20NG include proper nouns like “windows”, “ibm”, “mac”,
etc.
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Figure 2: Accuracy (%) improvement when applying ULR compared to the ROBERTA dual encoder model (with
Euclidean distance). The horizontal axis is the initial accuracy and the vertical axis is the absolute accuracy
improvement after ULR.

AG News DBP Yahoo

baseline 69.6 (8.7) 79.4 (3.2) 43.8 (3.9)
cos. + ULR 77.5 (5.5) 91.6 (3.2) 45.3 (3.9)

# imp. 213
240 = 89% 3867

3867 = 100% 732
1015 = 72%

baseline 62.2 (9.6) 71.7 (3.8) 49.5 (3.8)
L2 + ULR 75.2 (4.1) 85.2 (5.5) 59.3 (1.5)

# imp. 237
240 = 99% 2960

2963 = 100% 947
947 = 100%

Table 5: Robustness analysis when varying choices
of label names. The “baseline” and “+ ULR” rows
show average accuracies (%) with standard deviations
in parentheses of the ROBERTA dual encoder architec-
ture among all category naming choices. The “# imp.”
rows show the numbers and percentages of cases where
the performance improves after ULR.

portion of Table 1. We now describe similar ex-
periments on a larger scale. In particular, we test
several hundred sets of label names for each of AG,
DBP, and Yahoo. For each category, we randomly
assign different label names to it, all having similar
meaning. The exact combinations of label names
are in the appendix.

We then perform dataless text classification and
ULR with our ROBERTA dual encoder model, ei-
ther under cosine or L2 distance. Table 5 shows
the results of the average performance gains before
and after ULR. We also report the number and per-
centage of cases in which ULR improves accuracy.
ULR improves the performance on average for all
three tasks, and improves individual accuracies in
the vast majority of cases. These results show that
ULR is not only effective at improving the accu-
racy of dataless text classifiers across a wide range
of label name sets, but also can help to mitigate
harmful effects due to suboptimal label names.

We next study the relationship between the
ROBERTA dual encoder model’s initial accuracies
and its accuracy gains with ULR. Figure 2 plots
accuracy improvements vs. initial accuracies for
the three datasets. We find that ULR gives larger
gains when the initial accuracies are lower.

We also computed oracle accuracies by choosing
the combination of label names that maximize ac-
curacy (without ULR). With cosine distance, they
are 81.9% for AG, 87.5% for DBP, and 53.3% for
Yahoo. With L2 distance, they are 81.5% for AG,
81.1% for DBP, and 58.9% for Yahoo. Using ULR
with the ROBERTA dual encoder provides better
performance on DBP and Yahoo, and competitive
results on AG, as shown in Tables 2 and 4.

Clustering with random initialization. We
now investigate the impact of our initialization in
ULR. We consider a variation in which we ran-
domly initialize centroids. Since we can no longer
link clusters and categories, this task becomes un-
supervised text classification. A standard k-means
algorithm is applied to update the centroids. Unlike
Algorithm 1, in this experiment we do not interpo-
late the updated centroids with the initial centroids,
as the initial centroids are random. The accuracy
is calculated based on the oracle one-to-one map-
ping between final centroids and categories. This
is often referred to as “one-to-one accuracy”.

Table 6 presents results on AG with this experi-
ment. We performed 240 trials with different ran-
dom initialization of the centroids, and unsurpris-
ingly, accuracy is improved in all cases. With L2
distance, ULR with random initialization even out-
performs centroids initialized as category embed-
dings, which shows that unsupervised clustering is
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cosine L2

baseline 37.3 39.9
AG News + ULR 61.4 75.8

# improved 239
240 = 99.6% 240

240 = 100%

Table 6: Average 1-to-1 accuracy (%) of ULR with ran-
dom initialization of centroids. “baseline” and “ULR”
are average accuracy (%) of the ROBERTA dual en-
coder architecture among all random initialized cen-
troids. “# imp.” are the numbers and percentages of
cases where the performance improves after ULR.

AG DBP Yahoo 20NG avg

baseline 74.0 84.6 52.3 36.4 61.8
+ 30 labeled ins. 81.5 97.1 66.0 58.1 75.7
+ ULR 85.2 97.4 66.7 58.2 76.9

Table 7: Accuracies (%) when adding 30 labeled in-
stances for each category with the ROBERTA dual en-
coder model (“baseline”).

powerful in text classification with good text rep-
resentations. However, since we do not have the
one-to-one mapping between category and final
centroids in the purely unsupervised setting, the
results in Table 6 are not directly comparable to
those in earlier tables.

7 ULR with Few Shot Learning

In this section, we apply ULR in the few shot learn-
ing setting. In particular, we draw 30 labeled in-
stances for each category from the training split in
the original datasets. We then further fine-tune our
ROBERTA dual encoder model with the labeled
instances. We adopt the hyperparameters of fine-
tuning text classifiers from Wolf et al. (2019) and
fine-tune for 3 epochs on these 30 labeled instances
for each category. Then we apply ULR on the unla-
beled test set in addition to the 30 labeled instances
from each category.

Unlike Algorithm 1, these 30 labeled instances
from each category are fixed to be assigned to
their corresponding clusters. We compute the cen-
troids of these clusters from 30 labeled instances
by rlc =

∑
t∈Lc enc(t)
|Lc| ∀c ∈ C where documents Lc

are labeled with c ∀c ∈ C.
At every iteration, the update rule of the cen-

troids as in Algorithm 1 will include the text vector
representations of these 30 labeled instances, i.e.,

rc = (
∑
t:predt=c

enc(t)

count({t:predt=c}) + rlc + 2× enc(c))/4.
Table 7 summarizes the results of combining

30 labeled instances for each category and ULR.

Unsurprisingly, adding labeled instances improves
accuracy by a large margin. Even so, ULR yields
an additional improvement of 3.7% for AG, and
also improves on the other datasets.

8 Analysis

A key challenge of dataless text classifiers is seman-
tic drift between the training data and downstream
tasks. As ULR is based on k-means, the centroids
move towards the embeddings of the majority of
text instances belonging to that category. Hence
after ULR the locations of the centroids combine
the information in the initial dataless text classifiers
and the document sets for the downstream tasks.

Using AG, Table 8 shows the 5 text in-
stances closest to the centroids for “business” and
“sci&tech” before and after ULR. These categories
are hard to distinguish as technology companies
often appear in both business and technology news.
However, after ULR, we see that texts containing
technology companies (“LeapFrog”, “ScanSoft”)
become less central for the “business” category,
replaced by texts describing transactions and earn-
ings. Also, a text containing a company name
(“NEC”) has become less central for the “sci&tech”
category, replaced in the top 5 by a similar text that
does not emphasize a company name.

In certain text classification settings, we may be
able to abstain from classifying instances we are
less confident about. This notion can be instanti-
ated by checking the texts closest to the centroids
corresponding to the labels, which we can view
intuitively as the ones the model is most confident
about. Table 9 shows a confidence-based evalua-
tion, evaluating the k texts that are closest to each
centroid and showing that ULR consistently im-
proves precision at k.

9 Related Work

Earlier we discussed prior work on dataless and
zero-shot text classification. We briefly introduce
more related work in this section. Song et al. (2015)
provide a text label refinement algorithm to adjust
the label set with noisy and missing labels. There
is also a wealth of prior work in semi-supervised
text classification: using unlabeled text to improve
classification performance (Nigam et al., 2000;
Mukherjee and Awadallah, 2020; Xie et al., 2019).
These methods typically learn generally useful text
representations from a large corpus of unlabeled
text and use them for a specific target task with
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category baseline + ULR

Hicks Muse Pays for ConAgra’s Swift Stake ... CA to buy Netegrity for 430 m ...
EDS Is Charter Member of Siebel BPO Alliance ... Sara Lee 1st-Quarter Net Rises on Fee (Reuters) ...

business GM, Daimler Go Green ... Sears and Kmart Agree to Merge in 11 Billion Deal ...
LeapFrog’s Greener Pastures (The Motley Fool) ... LCC Int Posts 3Q Profit, Shares Tumble, ...
ScanSoft to acquire 3 software firms ... Before-the-Bell: GenCorp Falls 5.6 Pct. (Reuters) ...

Robot eats flies to make power ... Particle lab celebrates 50th birthday ...
Particle lab celebrates 50th birthday ... Breakthrough on hydrogen fuel ...

sci&tech Time on a Chip: The Incredible Shrinking Atomic ... Time on a Chip: The Incredible Shrinking Atomic ...
NEC Unveils World Fastest Vector Supercomputer .. Record Breaking Supercomputer Performance ...
Breakthrough on hydrogen fuel ... Robot eats flies to make power ...

Table 8: Top-5 scoring texts belonging to categories “business” and “sci&tech” in AGNews.

P@10 P@50 P@100 P@500

AG baseline 85.0 87.5 89.3 85.4
+ ULR 85.0 89.5 91.5 89.9

DBP baseline 83.6 84.1 84.1 84.6
+ ULR 92.1 92.1 92.6 91.5

Yahoo baseline 79.0 84.8 83.6 83.3
+ ULR 91.0 90.2 89.4 87.2

20NG baseline 64.5 62.0 57.6 35.7
+ ULR 71.5 65.0 62.0 38.8

Table 9: Precision (%) at k (P@k) with dual encoder
ROBERTA and cosine scoring.

limited supervision (Howard and Ruder, 2018; De-
vlin et al., 2019; Liu et al., 2019; Lan et al., 2020;
Peters et al., 2018). Metric learning (Wohlwend
et al., 2019) is related to our work, but they focus
on few-shot learning and we work on improving
unsupervised text classifiers. Related contempo-
raneous work has proposed methods to generate
more relevant label names from a given set (Meng
et al., 2020; Schick et al., 2020). ULR is orthogonal
to such methods of choosing label names, as these
label names can be set as extra initial centroids.
Finally, label descriptions have also been exploited
in supervised learning to improve text classifiers
(Chai et al., 2020; Wang et al., 2019; Sun et al.,
2019).

10 Conclusion

Our proposed ULR algorithms provide a simple but
effective framework to improve the performance
of dataless text classifiers. Extensive experiments
show its flexibility and robustness, offering promise
for making dataless text classification more useful
for practitioners.
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A Clustering Objective

For convenience, we first rewrite Eq. (1) below:

min
{rc}c∈C

min
{at}t∈T

∑

t∈T
||enc(t)− rat ||2

+
∑

c∈C
|c| ||enc(c)− rc||2 (2)

We also rewrite Algorithm 1 here as Algorithm 3:

Algorithm 3: ULR for dual encoder archi-
tectures
Data: documents T , categories C, encoder

enc, scoring function score
initialize the centroids rc = enc(c) ∀c ∈ C;
while not converged do

for t ∈ T do
stc = score(enc(t), rc)∀c ∈ C;
predt = argmincstc;

end
rc =

(
∑
t:predt=c

enc(t)

count({t:predt=c}) + enc(c))/2 ∀c ∈ C;

objective =
∑

t stpredt ;
end
Result: stc, objective, predt, and rc of all

iterations

The objective (2) as a function of a single cen-
troid corresponding to category c ∈ C can be writ-
ten as

min
v∈Rd

∑

t∈c
||enc(t)− v||2 + |c| ||enc(c)− v||2

where c ∈ C is constant given assignments at. It is
easy to verify that the unique solution is given by

rc =
1
c

∑
t∈c enc(t) + enc(c)

2

which is the update in Algorithm 3. Now consider
(2) as a function of category assignments

min
{at}t∈T

∑

t∈T
||enc(t)− rat ||2 +

∑

c∈C
|c| ||enc(c)− rc||2

where centroids rc are held constant. Unfortu-
nately this problem remains intractable because
the regularization term is weighted by cluster sizes.
We can approximate it by ignoring the regulariza-
tion term: in this case the minimizer is given by
at = argminc∈C ||enc(t)− rc|| for each t ∈ T as
usual. Thus Algorithm 3 can be viewed as optimiz-
ing (2) by alternating minimization, with the simpli-
fying (incorrect) assumption that cluster sizes are
not significantly affected by category assignments.
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B Experimental Setup

We list the hyperparameters we used to fine-tune
our ROBERTA based dataless classification mod-
els in this section, so readers can reproduce our
experimental results. The code with the scripts are
also included in the supplementary material. We
choose ROBERTA-base. In all fine-tuning tasks,
we set the batch size to be 32. The max sequence
length for ROBERTA is 128. The peak learning
rate is 0.00002. We use a linear scheduler with
warmup steps to be 10% of the total fine-tuning
steps. The random seeds of all experiments are set
to be 1.

We fine-tune ROBERTA models on random
choices of single GPUs, including NVIDIA TITAN
X, 1080Ti, or 2080 Ti. Most of the fine-tuning tasks
can be finished within 8 hours.

C Label Names in the Evaluation Tasks

In the main experiments (Section 5), we use the
following label descriptions (separated by “;”) for
the downstream tasks.

• AG: world; sports; business; science technology
• DBP: company; educational institution; artist;

athlete; politician; transportation; building; na-
ture; village; animal; plant; album; film; written
work

• Yahoo: society culture; science mathematics;
health; education reference; computers internet;
sports; business finance; entertainment music;
family relationships; politics government

• 20 NEWSGROUPS: atheist christian atheism
god islamic; graphics image gif animation tiff;
windows dos microsoft ms driver drivers card
printer; bus pc motherboard bios board computer
dos; mac apple powerbook; window motif xterm
sun windows; sale offer shipping forsale sell
price brand obo; car ford auto toyota honda nis-
san bmw; bike motorcycle yamaha; baseball ball
hitter; hockey wings espn; encryption key crypto
algorithm security; circuit electronics radio sig-
nal battery; doctor medical disease medicine pa-
tient; space orbit moon earth sky solar; chris-
tian god christ church bible jesus; gun fbi guns
weapon compound; israel arab jews jewish mus-
lim; gay homosexual sexual; christian morality
jesus god religion horus

Label ensembles. In the experiment of ensem-
bling labels, we use the following 10 sets of label
name choices.

For AG:

• world; sports; business; science technology
• international; sports; business; science technol-

ogy
• world; sports; business; science and technology
• international; sports; business; science and tech-

nology
• world; sports; business and finance; science tech-

nology
• international; sports; business and finance; sci-

ence technology
• world; sports; business and finance; science and

technology
• international; sports; business and finance; sci-

ence and technology
• world politics; sports; business; science technol-

ogy
• world politics; sports; business; science technol-

ogy

For DBP:

• company; educational institution; artist; athlete;
politician; transportation; building; nature; vil-
lage; animal; plant; album; film; written work

• company; school; artist; athlete; politician; trans-
portation; building; nature; village; animal;
plant; album; film; written work

• company; educational institution; artist; athlete;
politician; transportation; architecture; nature;
village; animal; plant; album; movie; written
work

• company; educational institution; artist; athlete;
politician; transportation; building; nature; vil-
lage; animal; plant; album; film; novel

• company; educational institution; artist; athlete;
politician; transportation; building; nature; vil-
lage; animal; plant; album; film; article

• company; educational institution; artist; athlete;
politician; transportation; building; nature; vil-
lage; animal; plant; collection; movie; written
work

• company; school; artist; athlete; politician; trans-
portation; architecture; nature; village; animal;
plant; album; movie; written work

• company; educational institution; artist; athlete;
politician; transportation; architecture; nature;
village; animal; plant; album; movie; novel

• company; school; artist; athlete; politician; trans-
portation; architecture; nature; village; animal;
plant; album; film; novel
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• company; educational institution; artist; athlete;
official; transportation; building; nature; village;
animal; plant; album; movie; article

For Yahoo:

• society culture; science mathematics; health; ed-
ucation reference; computers internet; sports;
business finance; entertainment music; family
relationships; politics government

• society culture; scientific discipline; health; ed-
ucation reference; computers internet; sports;
business finance; entertainment music; family
relationships; politics government

• society culture; science mathematics; health;
learning teaching resource; computers internet;
sports; business finance; entertainment music;
family relationships; politics government

• society culture; science mathematics; health; ed-
ucation reference; computers internet; sports;
business finance; entertainment music; love
home; politics government

• society culture; science mathematics; health;
education reference; information technology;
sports; business finance; entertainment music;
family relationships; politics government

• society culture; scientific discipline; health; edu-
cation reference; information technology; sports;
business finance; entertainment music; family
relationships; politics government

• society culture; science mathematics; health;
learning teaching resource; information technol-
ogy; sports; business finance; entertainment mu-
sic; family relationships; politics government

• society culture; science mathematics; health; ed-
ucation reference; computers internet; sports;
commerce; entertainment music; family relation-
ships; politics government

• society culture; science mathematics; health;
education reference; information technology;
sports; commerce; entertainment music; family
relationships; politics government

• society culture; science mathematics; health;
learning teaching resource; computers internet;
sports; commerce; entertainment music; family
relationships; politics government

D Robustness to Label Noise

In the robustness experiments (Section 6), we man-
ually picked different choices of label names for
each category of the downstream tasks. We list the

choices of label names for each category below,
separated by “;”.

AG:

• world: world; world politics; world news; inter-
national; international news

• sports: sports; health; health and sports
• business: business; commerce; finance; business

and finance
• science technology: science; technology; sci-

ence and technology; science technology

DBP:

• company: company; corporation
• educational institution: educational institution;

school
• artist: artist; creator
• athlete: athlete; sportsman
• politician: politician; official
• transportation: transportation
• building: building; architecture
• nature: nature
• village: village; suburb
• animal: animal; living thing
• plant: plant
• album; collection
• file: film; movie
• written work: written work; writing; novel; arti-

cle

Yahoo:

• society culture: society culture; community
• science mathematics: science mathematics; sci-

entific discipline
• health: health; fitness
• education reference: education reference; learn-

ing teaching resource
• computers internet: computers internet; informa-

tion technology
• sports: sports; athletics
• business finance: business finance; commerce
• entertainment music: entertainment music; fun

songs
• family relationships: family relationships; love

home
• politics government: politics government; policy

regime regulation

Different combinations of label name choices are
used to generate category embeddings and perform
ULR.
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AG DBP Yahoo 20NG avg

baseline 72.6 64.7 57.1 28.7 55.8
+ULR 75.6 75.1 59.9 35.9 61.6

Table 10: Improvements of ULR with the ROBERTA
dual encoder model on unbalanced datasets.

AG DBP YAHOO 20NG avg

baseline 72.6 81.8 59.3 36.0 62.4

+ ULR

75.1 88.6 60.0 36.5 65.0
+ early 72.6 88.6 59.3 36.5 64.3

+ ULR + interpolate

74.0 87.2 59.6 36.9 64.4
+ early 74.0 87.2 59.6 36.9 64.4

Table 11: Accuracies (%) when applying ULR to
the ROBERTA single encoder architecture (“baseline”).
“+interpolate” are the results when we update centroids
with interpolation. “+ early” means early stopping.

E Augmented Categories

In the experiment of augmenting categories with
ULR (Section 8), we use the following augmented
categories (separated by “;”): math; gis; physics;
codereview; stats; unix; english; tex; gaming; ap-
ple; scifi; drupal; ell; meta; electronics; travel; rpg;
dba; magento; webapps; diy; wordpress; android;
security; chemistry; webmasters; blender; softwa-
reengineering; gamedev; academia.

F Unbalanced Dataset

We manually create unbalanced datasets, where
each category only contains 1-100% of the original
instances. For a dataset with n categories, each
instance belonging to category i has a probabil-
ity of i

n , i ∈ {0, 1, · · · , n − 1} of being dropped,
where the orders of categories are random. Ta-
ble 10 shows that ULR improves performance with
unbalanced datasets.

G Single Encoder

Table 11 summarizes the results of applying ULR
on the single encoder model with two variations:

1. early: early stopping on the average Jenson-
Shannon Divergence score of all probability
distribution of text over all categories to their
corresponding nearest one-hot centers;

2. interpolate: when updating centroids in Al-
gorithm 2, we take the average of the new
centroids with the centroids from the previous
iteration.

Overall, these two variations do not provide better
results in the setting of single encoder models.
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Abstract

Many commonsense reasoning NLP tasks in-
volve choosing between one or more possi-
ble answers to a question or prompt based on
knowledge that is often implicit. Large pre-
trained language models (PLMs) can achieve
near-human performance on such tasks, while
providing little human-interpretable evidence
of the underlying reasoning they use. In
this work, we show how to use these same
models to generate such evidence: inspired
by the contrastive nature of human explana-
tions, we use PLMs to complete explanation
prompts which contrast alternatives according
to the key attribute(s) required to justify the
correct answer (for example, peanutspeanutspeanutspeanutspeanutspeanutspeanutspeanutspeanutspeanutspeanutspeanutspeanutspeanutspeanutspeanutspeanuts are usu-
ally salty while raisinsraisinsraisinsraisinsraisinsraisinsraisinsraisinsraisinsraisinsraisinsraisinsraisinsraisinsraisinsraisinsraisins are sweet). Condition-
ing model decisions on these explanations im-
proves performance on two commonsense rea-
soning benchmarks, as compared to previous
non-contrastive alternatives. These explana-
tions are also judged by humans to be more
relevant for solving the task, and facilitate a
novel method to evaluate explanation faithful-
ness.

1 Introduction

Pretrained Language Models (PLMs) (Raffel et al.,
2020; Lewis et al., 2020; Radford et al., 2019;
Brown et al., 2020) have been shown to encode sub-
stantial amounts of knowledge in their parameters
(Petroni et al., 2019; Talmor et al., 2020; Roberts
et al., 2020) and have achieved impressive perfor-
mance on commonsense reasoning (CSR) tasks
without the use of external knowledge (Trinh and
Le, 2018; Yang et al., 2020). However, these mod-
els provide little human-interpretable evidence of
the intermediate commonsense knowledge or rea-
soning they use, and have been observed to overly
rely on superficial dataset artifacts (Poliak et al.,
2018; Geva et al., 2019). To overcome this lim-
itation, recent work has shown that PLMs can

i) I picked up a bag of peanuts and raisins for a snack.
I wanted a sweeter snack out so I ate the for now.
Contrastive Expl. - Peanuts are salty while raisins tend
to be sweet.

ii) The geese prefer to nest in the fields rather than the
forests because in the predators are more hidden.
Contrastive Expl. - Forests are denser than fields

Table 1: Examples of Winograd Schema Instances
where the correct and incorrect answer choices are
highlighted in blue and red respectively. Choices are
contrasted along attributes like taste (for i) and density
of vegetation (for ii) by humans to explain why they
prefer some answer choice.

explain themselves by generating free-form nat-
ural language explanations of their reasoning pat-
terns (Rajani et al., 2019a; Camburu et al., 2018;
Narang et al., 2020). However, the space of possi-
ble free-form explanations is incredibly large, in-
herently ambiguous, and difficult to annotate or
evaluate (Wiegreffe et al., 2020; Latcinnik and Be-
rant, 2020). Furthermore, quantifying the model’s
dependence on free-form explanations is also chal-
lenging (Camburu et al., 2020). We address these
challenges by proposing an unsupervised method
that uses contrastive prompts, which require the
model to explicitly contrast different possible an-
swers in its explanation (Table 1).

Our approach is based on a key observation:
Many commonsense reasoning tasks require the
comparison or contrast of plausible alternatives
along a distinguishing attribute. For instance, in
Table 1, the differentiating attributes for the two an-
swer choices maybe taste (for i) and vegetation den-
sity (for ii). People commonly use contrastive ex-
planations to explain their reasoning (Miller, 2018).
Rather than asking “Why P?”, they ask “Why P
rather than Q?”, where Q may be implicit from
the context. For example, instead of justifying why
raisins are the appropriate choice, people tend to ex-

4179



plain why they are more likely than peanuts. Miller
(2018) also argues that such contrastive explana-
tions are computationally efficient, as they only
require focusing on the limited set of reasons that
might make one answer more likely than the other
instead of exhaustively enumerating all possible
reasons for an answer. For instance, the raisin’s
taste (not its size, temperature, etc.) in Table 1 is
adequate to explain why it is the best answer.

Our goal is to enable PLMs that explain their pre-
dictions to similarly benefit from such constraints.
We develop a small set of contrastive generation
prompts that can be in-filled by a PLM such as T5
(Raffel et al., 2020) or BART (Lewis et al., 2020)
(see Table 3). These templates are designed to
cover a multitude of language patterns used by hu-
mans to compare and contrast entities. Another
PLM then conditions on both the original input and
the generated contrastive explanation, to predict the
final answer. This approach is inspired by Shwartz
et al. (2020), who also use textual prompts to query
the PLM with clarification questions. However,
their prompts are generic while we prompt for
instance-specific information.

Our approach shows quantitative improvements
in task performance over two existing methods for
model explainability (Shwartz et al., 2020; Latcin-
nik and Berant, 2020), for two commonsense rea-
soning tasks: the Winograd Schema Challenge
(Levesque et al., 2012) and multiple-choice ques-
tion answering about physical commonsense (Bisk
et al., 2020). Our gains in the zero-shot setting are
especially notable, outperforming the best reported
results on publicly available PLMs and improving
over Shwartz et al. (2020) by up to 11%. We also
show, through human evaluations, that contrastive
explanations are deemed more useful for solving
the original task compared to generic clarification
questions. Finally, contrastive explanations can be
semantically perturbed to quantify the model’s de-
pendence on them by flipping the contrast in the
explanation to support the foil, facilitating quantifi-
cation of model faithfulness.1

2 Related Work

Models that rationalize their decisions by extract-
ing a contiguous subsequence of the input as an
explanation (Lei et al., 2016; DeYoung et al., 2020;
Paranjape et al., 2020) are inadequate in explaining

1Code is available at https://github.com/
bhargaviparanjape/RAG-X

commonsense reasoning tasks that require knowl-
edge that is implicit in the input. Such tasks neces-
sitate PLMs to rely on embedded parametric knowl-
edge. Recent work use free-form textual explana-
tions to generate explanations for commonsense
reasoning tasks like SNLI (Camburu et al., 2018),
Winograd Schemas (Zhang et al., 2020) and Com-
monsenseQA (Rajani et al., 2019b) through explicit
human supervision, which are inherently ambigu-
ous, incomplete and consequently, expensive to
collect and evaluate on (Camburu et al., 2019b,a;
DeYoung et al., 2020). Most recently, Latcinnik
and Berant (2020) use an unsupervised approach
to generate free-form explanations as sequences
of tokens that are not well-formed sentences. In
contrast, our method uses specialized prompts to
generate well-formed human-interpretable explana-
tions without any additional supervision.

Specialized prompts have been shown useful for
extracting knowledge from PLMs in a targeted man-
ner (Petroni et al., 2020; Richardson and Sabharwal,
2020; Talmor et al., 2020; Donahue et al., 2020;
Lin et al., 2019) and improving performance on
downstream tasks (Brown et al., 2020; Shin et al.,
2020). Most relevant to our work is the self-talk
model of Shwartz et al. (2020), an unsupervised ap-
proach using a fixed set of clarification questions as
prompts to elicit knowledge from PLMs for com-
monsense reasoning tasks. Our work differs by
focusing specifically on contrastive PLM prompts,
which we find further improve performance by elic-
iting explanations which are highly relevant to the
classification decision (Section 6).

Our approach to contrastive reasoning is also
closely related to counterfactuals, which can be
used to give contrastive explanations, i.e., answers
to “Why P rather than Q?”, by providing a coun-
terfactual case in which Q would have held. Ross
et al. (2020) use this idea to generate contrastive
explanations, while it has also been used for evalu-
ation (Gardner et al., 2020) and training (Kaushik
et al., 2019) with the aim of addressing model ro-
bustness. Most of this work explicitly constructs
counterfactual cases by perturbing the input data of
a task in order to produce changes in the output la-
bel. In contrast, we do not construct counterfactual
inputs, but aim to explicitly represent counterfac-
tual knowledge: a contrast between the fact P and
foil Q that, were it hypothetically reversed, would
change the output label. We include an evaluation
of our models on this question in Section 6.3.
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Dataset Instance Human-Authored Contrastive Explanation

Winograd Schema
1. The party was more interesting and uplifing than the ◦ Parties are for celebrating while funerals are for mourning
funeral because the was rigid. ◦ People wear colorful clothes at parties and black at funerals
2. The geese prefer to nest in the fields rather than the ◦ Forests are dense while fields are sparse
forests because in the predators are more hidden. ◦ Forests have more predators than fields.

PIQA
1. How do you get strong hamstrings? ◦ Hamstrings are located in the legs while biceps are located in
(a) work out your upper body (b) work out your legs the upper body
2. How do you flood a room? ◦ Filling it with objects can clutter a room while filling it
(a) fill it with objects (b) fill it with water with water floods the room.

Table 2: Examples of commonsense tasks that can be explained using contrastive language and some contrastive
explanations authored by in-house annotators. The Fact and Foil are marked in the input.

3 Contrastive Explanations

We present the theory of contrastive explanations
adopted in this work (Section 3.1) and the intu-
ition behind using them for commonsense reason-
ing tasks (Section 3.2).

3.1 Definition and Motivation
A contrastive explanation is generally defined as
an answer to a counterfactual question of the form
“Why P rather than Q?” for two potential hypothe-
ses P and Q that can follow from some event E. It
explains why some fact P occurred instead of some
foil Q, where Q can be implicit (Hesslow, 1988;
Lipton, 1990; Miller, 2019). A good contrastive
explanation points to differences between the fact
and foil with regard to certain attributes, not just
conveying that the fact has a certain attribute. Table
1 shows examples of contrastive explanations that
differentiate between peanuts and raisins (on the
basis of taste) or forests and fields (on the basis of
vegetation densities) to explain the more probable
answers to Winograd Schema instances.

Previous studies (Miller, 2019) in philosophy,
psychology, and cognitive science show that hu-
mans use such contrastive explanations when ex-
plaining their decisions to each other. Importantly,
Miller (2018) also argues that contrastive explana-
tions are computationally efficient – exhaustively
describing all causes for the occurrence of an event
P is harder than only enlisting causes for why an-
other event Q did not occur instead of P .

3.2 Contrastive Explanations for
Commonsense Reasoning Tasks

Many recently proposed commonsense reasoning
tasks are framed in a multiple-choice format that
facilitates contrastive explanation (see Table 2). In
this study, we focus on the following two tasks.

The Winograd Schema Challenge (Levesque
et al., 2012, WSC) is a pronoun coreference resolu-
tion task designed as a hard benchmark for evalu-
ating everyday knowledge and commonsense rea-
soning (Zhang et al., 2020). For instance, in the
sentence “The city councilmen refused the demon-
strators a permit because they feared violence,” the
pronoun they must be disambiguated between fact
(the city councilmen) and foil (the demonstrators).
Both fact and foil are explicit in such sentences.

The Physical Interaction Question Answer-
ing (Bisk et al., 2020, PIQA) challenge is designed
to test knowledge of physical commonsense. PIQA
requires choosing between which one of two so-
lutions is a better way of achieving a goal posed
as a question (see Table 2). PIQA questions relate
to physical properties of entities, their affordances,
and how they can be manipulated. The fact and foil
are explicit in the two solutions, which typically
differ from one another by a short noun phrase.

To validate our intuition that contrastive reason-
ing is instrumental in these tasks, we performed
a pilot study with 10 annotators over 100 com-
monsense questions from Winogrande and PIQA.
We instructed them to answer the questions and
explain their reasoning, but gave no specific in-
structions about what the explanations should look
like. Examples are shown in Table 2. In 76% of
Winogrande and 64% of PIQA examples, anno-
tators explicitly contrasted the fact and foil. The
frequent use of certain phrase structures, like P are

while Q are , strongly informed our method for
generating them (Section 4).

4 Our Approach

We assume the input to a commonsense reason-
ing problem consists of a textual context c which
contains a placeholder , and two marked answer
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Prompt Pattern Commonsense Example & Model Generated Explanation

Personal Characteristics
=⇒ P likes/likes to while Q likes/likes to Megan said it would be liberating to go out without makeup like
P likes/likes to while Q does not like/like to Elena does since never wore makeup
P prefers/prefers to while Q prefers Explanation: Elena likes to be natural while
Q prefers while P does not prefer/prefer to Megan likes to wear lipstick
Q thinks while P thinks/does not think

Object Characteristics
P is taller/shorter/smaller/larger/slower/faster than Q How to tie pieces of paper together?
=⇒ P is/are while/but/however Q is/are (a) Thread ruler through the holes
Q has/have while/but/however P has/have (b) Thread ribbon through the holes
P has/have more/less than Q Explanation: Ruler is hard while a ribbon is
P is/are than Q flexible

Spatial/Temporal Contrast
=⇒ P is inside/outside/above/below Q Emily looked up and saw Patricia racing by overhead. was on the
is closer to P and farther away from Q ramp.
P is to the right/left of Q Explanation: Emily is below Patricia
Q takes longer to than P

Use cases and causes
P is used for Q To prepare the puff pastry for your pie, line a baking sheet with
P is used to do Q parchment. Then
=⇒ P is used for/to/in while Q is used for/to/in (a) Unroll the pastry, lay it over baking twine.
Q is used while P is used (b) Unroll the pastry, lay it over fishing line.
Q because while P because Explanation: Baking twine is used in
Q can cause while P results in baking while fishing line is used in fishing

Table 3: Contrastive Patterns and Examples of outputs generated by the T5-large model. The pattern the PLM
completes are marked =⇒ .

choices a1 and a2 corresponding to the fact and foil
(Table 2, left column). Let cx denote substitution
of x for the placeholder in c. The task is to predict
whether ca1 or ca2 is more likely to be true, i.e.,
whether a1 or a2 best completes the context.

Our approach has two stages: First, an Ex-
plainer PLM Pexpln generates contrastive expla-
nations (Section 4.2) by infilling preset contrastive
templates (Sec. 4.1) on the basis of c, a1, and a2.
Then, a Task Model PLM selects the correct an-
swer conditioned on both the context and the gen-
erated explanations (Sec. 4.3).

4.1 Contrastive Templates

We develop a list of contrastive templates on the ba-
sis of an annotation study. For 250 instances from
Winogrande and PIQA, we asked three annotators
to explain why one answer is more likely than the
other. We manually examined these explanations
and abstracted them into templates containing at
least two placeholders: two for the fact and foil
being contrasted, and possibly more corresponding
to the properties they are being contrasted on. For
instance, peanuts are salty while raisins are sweet
becomes Q are while P are . We retained tem-
plates used by annotators at least 10 times. Table 3
shows several examples. A template is converted

into an explanation by replacing placeholders for
the fact and foil with answers a1 and a2 and the
remaining placeholders with the appropriate con-
trastive information.

We evaluate the quality and coverage of our tem-
plates with another round of human evaluation. For
100 WSC and PIQA examples, we ask three anno-
tators to either write contrastive explanations using
one or more of the templates, or indicate that none
of the them were appropriate. Annotators used the
templates in over 82% of cases, indicating high
coverage for the tasks we study.

4.2 Generating Explanations

Let t denote a contrastive template. We write ta1,a2
to denote the customization of t to an input by
filling its marked placeholders for fact and foil with
the answer choices. For instance, in Figure 1, the
template P are while Q are is customized to
Fields are while forests are .2 A full explanation
may be produced by filling the remaining gaps in
ta1,a2 by leveraging an infilling language model,
the explainer Pexpln.

We first construct a neutral context ca0 by filling
c’s placeholder with a task-specific neutral answer

2In practice, we randomize the order of a1 and a2 when
customizing the template.
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Fields (a) work out your legs

 Geese prefer to nest in ... because in              predators ... Forests have more predators than fields.
 Geese prefer to nest in ... because in              predators ... Fields are sparse while forests are dense
 Geese prefer to nest in ... because in              predators ... Forests have more predators than fields.
 Geese prefer to nest in... because in               predators ... Fields are sparse while forests are dense

 How do you ... Work out your          .             Upper body has more hamstrings than legs
 How do you ... Work out your          .             Legs are good for hamstrings while upper body is good.
 How do you ... Work out your                      . Upper body has more hamstrings than legs
 How do you ... Work out your                      . Legs are good for hamstrings while upper body is good.

 Geese prefer to nest in the fields rather than the forests because in           predators are more hidden   How do you get strong hamstrings?  work out your 

Explainer PLM

Task Model

Templates
T1: P has/have more/less __ than Q T2: P are __ while Q are __

Geese prefer to nest  ... because in them ...hidden.         Forests have more __ than fields.
The geese prefer to nest ... because in them ...hidden.    Fields are __ while forests are __

 How do you get strong ... your upper body or legs.  Upper body has more __ than legs.
 How do you get strong ... your upper body or legs.  Legs are __ while upper body is __

0.07 0.150.10 0.18

Geese prefer to nest in the (a1)           rather than the (a2)             because in the __ predators are
more hidden.

 How do you get strong hamstrings? __   (a1) work out your           (a2) work out your                          

0.15 0.060.19 0.09

fields forests

them

legs upper body

upper body or legs

Winograd Schema PIQA

fields
fields
forests
forests

legs
legs

upper body
upper body

Figure 1: (1) A commonsense reasoning instance (c, a1, a2) is converted into a custom prompt ca0 ⊕ ta1,a2 as
input for the explainer PLM (2) The combination of input and explanation (cai⊕ej) is used by task model to score
ai∀i∀j. For a1 and a2, scores are aggregated over templates.

that does not indicate if a1 or a2 is correct. For
Winogrande Schemas, ca0 is constructed using the
ambiguous pronoun in c (them in Figure 1). For
PIQA, ca0 is constructed as “c⊕ a1 or a2”, where
⊕ is string concatenation, e.g., upper body or legs
in Figure 1 (More dataset-specific details are in Sec-
tion 5.2). We then prepend ca0 to the customized
template ta1,a2 and use it as input to the infilling
language model to fill in the remaining gaps in the
template. We use the maximum likelihood candi-
date phrases from top-K decoding to transform the
template into a full explanation e.

We use a list of templates t1, . . . , tn to generate
a list of candidate explanations e1, . . . , en for each
input, which are all fed into the task model. We
also use some task-specific heuristics to reduce the
number of prompts for each example, detailed in
Appendix A.

4.3 Task Model

Given the context and answer choices (c, a1, a2)
and a list of explanations e1, . . . , en, the second
stage of our pipeline is a binary classifier between
a1 and a2 which marginalizes over the explanations.
We first assign a score to each answer a ∈ {a1, a2}
and explanation e ∈ {e1, ..., en}:

φ(c, a, e) =
1

k
logPLM(ca ⊕ e),

where ca denotes the substitution of a into c, PLM
is string probability under the task language model,
and k is the string length of ca ⊕ e. We use φ
as input to a logistic regression classifier which

marginalizes over explanations:

P(a | c, a1, a2) =
∑n

i e
φ(c,a,ei)

Z
,

where Z is a normalizer over a1 and a2. At initial-
ization, φ uses a pretrained language model, and
we fine-tune it to minimize the cross-entropy loss
of P(a∗ | c, a1, a2), where a∗ is the correct answer.
We do not fine-tune the explainer PLM since the
top-K beam decoding is a discrete operation that
is hard to backpropagate through. In the zero-shot
setting (where the task PLM is not fine-tuned) and
during inference, the answer is predicted by ag-
gregating scores assigned to an answer by all n
explanations: argmaxai

∑
j φ(c, ai, ej).

5 Experimental Setup

5.1 Baselines
Context-Only We experiment with a baseline
that does not condition on explanations at all. Here,

φ(a, c) =
1

k
logPLM(ca),

and gold answer is argmaxai φ(ai, c)

Unconstrained Generation Latcinnik and Be-
rant (2020) generate explanations from a PLM by
beam-decoding a free-form sequence termed a hy-
pothesis which is then used by a classifier to solve
the task. The model is trained end-to-end and loss
terms are added to encourage the hypothesis to
sound natural. Explanation generation is otherwise
unconstrained. For fair comparison with our ap-
proach, we do not fine-tune the explainer PLM
(more details are in Appendix C).
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Self-Talk Shwartz et al. (2020) propose an un-
supervised model that uses a PLM as the answer
scorer and a (possibly different) PLM as a knowl-
edge source, similar to our framework. They for-
mulate the process of obtaining relevant knowledge
as self-talk with the following steps: 1) completing
clarification question prefixes such as “what is the
definition of ...” conditioned on input context, 2)
generating their corresponding answers (clarifica-
tions), and 3) conditioning on the clarification ques-
tions and answers to make predictions. The key
difference between their approach and ours is in the
choice of prompts for the PLM, and the kinds of
knowledge the prompts seek. While Shwartz et al.
(2020) draw inspiration from inquiry-based discov-
ery learning (Bruner, 1961), we target contrastive
reasoning.

5.2 Implementation details
We use BART-Large (Lewis et al., 2020) and T5
(Raffel et al., 2020) as the explainer PLMs. Hyper-
parameters for infilling are given in Appendix C.
For a fair comparison of all models, we use GPT2-
XL (Radford et al., 2019) as the task model that es-
timates φ(c, a, e). GPT2-XL is the best performing
PLM used by Shwartz et al. (2020) for WSC and
PIQA tasks. Hyperparameter details about finetun-
ing are given in Appendix C. We describe dataset
specific modifications made to create ca0 , ca1 , and
ca2 in Section 4.2.

Winograd Schema Challenge (WSC) We ex-
periment on (i) the SuperGLUE (Wang et al., 2019)
version of the WSC consisting of 285 examples
of anaphora (pronoun) resolution; (ii) Winogrande
(WGRD) (Sakaguchi et al., 2020), a large scale
crowdsourced version of the WSC; and (iii) WINO-
GENDER (WGND), a diagnostic dataset created
to measure gender bias in models for ambiguous
pronoun resolution (Rudinger et al., 2018).

Each instance provides two answer choices,
which we use directly as a1 and a2. For the neutral
answer ca0 , we use the sentence with the original
ambiguous pronoun. Since Winogrande has a blank
space for the answer, we replace it with the most
likely pronoun under a masked language model
(BERT), following Shwartz et al. (2020). ca1 , ca2
are obtained by replacing the blank space or pro-
noun with the answer choice.

Physical Interaction Question Answering
(PIQA) (Bisk et al., 2020) PIQA provides two
answer choices which mostly vary from each

other on a substring (e.g., “work out your [upper
body]/[legs]”). We use these differing substrings
as a1=legs and a2=upper body. For the neutral
answer a0, we combine the answers into “a1 or a2”
(upper body or legs). In the cases where a1 or a2
is longer than 2 words, we include an or between
the full answers. More details and examples are
presented in Appendix A. We use question-answer
pairs for ca1 and ca2 .

6 Experimental Results

In this section, we present an extensive evaluation
of our approach, demonstrating performance gains
which are independently verified by human judges.

6.1 Task Performance
We report task accuracy as a proxy for explanation
quality. Table 4 compares the task performance of
our model with the baselines defined in Section 5.1.
We observe that generating and conditioning on
additional information from PLMs improves per-
formance over just using the original input (Row
1 vs. 2-6). Using templates to prompt the PLM
for specific knowledge is better than unconstrained
generation of text (Row 2 vs. 3-6). Contrastive
explanations outperform previous work that use
clarification questions in self-talk (Shwartz et al.,
2020). The T5-Large explainer already surpasses
the results of self-talk despite being smaller than
GPT2-XL, demonstrating the impact of using con-
trastive explanations over clarification questions.

We also observe that larger explainer PLMs (go-
ing from T5-Large to T5-11B) yield higher perfor-
mance. Our zero-shot results with T5-11B are the
highest reported on Winogrande, PIQA and WSC
for an open-sourced model.3

Finally, our approach gets smaller improvements
when finetuning the task model. This suggests that
some of the reasoning is still learned implicitly by
the task model. Figure 2 shows task performance
with various training data sizes of Winogrande, in-
dicating a larger gap between the Context-Only
baseline and our approach when training data is
scarce.

6.2 Human Evaluation
Setup Following the human evaluation setup of
Shwartz et al. (2020), we sample up to 50 highest-

3The zero-shot SOTA model (Brown et al., 2020) uses the
175B parameter GPT-3 model, which would likely also be
a stronger explainer for our approach, but we did not have
access to it.
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Explainer Task model WGRD PIQA WSC WGND
PLM (# Params) ZS FT ZS FT ZS ZS

1. Context-only GPT2-XL (1.5B) GPT2-XL 54.8 77.9 62.6 80.1 61.5 60.0
2. Unconstrained GPT2-XL 54.9 77.8 63.9 80.7 61.4 60.0
3. Self-Talk GPT2-XL 55.1 78.4 69.5 82.3 62.0 61.3

4. Contrastive BART-Large(680M) 56.8 78.9 71.8 82.8 63.2 62.9
5. (Ours) T5-Large (770M) 59.2 79.1 72.5 83.5 63.5 63.2
6. T5-11B(11B) 60.3 79.6 73.4 83.9 64.1 63.5

Table 4: Test set accuracy on Winogrande (WGRD), PIQA, WSC and Winogender (WGND). ZS is Zero-shot
models while FT is fine-tuned models. WSC and Winogender don’t have training data for finetuning. Across all
our models, the task model is GPT2-XL for fair comparison with (Shwartz et al., 2020) and to make finetuning
tractable.

Metric Self-Talk (Reported) Self-Talk Contrastive
WGRD PIQA WGRD PIQA WGRD PIQA

Relevant 68 60 70.4 61.7 73.1 70.7
Factual 46 42 40.8 38.8 43.0 39.4
Helpful 24 26 22.5 27.7 42.8 32.8
Grammatical 87.2 87.2 87.5 87.5 83.5 83.5
Flips NA NA NA NA 66.9 59.4

Table 5: Human Evaluation Results on Winogrande(WGRD) and PIQA.
Reported human evaluation results on Self-talk are different from ours,
which can be because of moderate levels of agreement (Fleiss Kappa κ =
0.43). Grammatiality is judged together for all datasets following (Shwartz
et al., 2020). Only contrastive explanations can be flipped.

XS S M L XL
Training data size

62.5

65.0

67.5

70.0

72.5

75.0

77.5
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Variance across training data size

LM-Only
Self-Talk
Contrastive (Ours)

Figure 2: Performance variation in
the finetuning setting across differ-
ent sizes of Winogrande training
data.

scoring explanations from PIQA and Winogrande
examples which the T5-Large model got correct but
the Context-Only baseline failed at. For compari-
son, we also include explanations from the self-talk
model for evaluation.

Crowd workers are presented with a common-
sense instance, the correct answer, and an explana-
tion, and are asked to judge for: 1) Grammaticality,
whether the explanation is grammatical; 2) Rele-
vance, whether it’s relevant to the topic of the text;
3) Factual Correctness, whether it’s factually cor-
rect or likely true; and 4) Helpfulness, whether it
adds helpful evidence for the correct answer. These
metrics and definitions follow from Shwartz et al.
(2020) with more details in Appendix B. The an-
notators are also shown the same explanation with
fact and foil flipped (details in Section 6.3) and are
asked to judge if the other answer is more likely
than before if they assume the flipped explanation
to be hypothetically true.

Results Table 5 shows the results of human evalu-
ation of contrastive and self-talk explanations. The
contrastive explanations are overwhelmingly pre-
ferred over self-talk explanations for relevance, fac-
tual correctness and helpfulness. They may be con-

sidered less grammatical because of in-filling noise
(such as incomplete phrases). Table 6 presents
some qualitative examples of instances where con-
trastive explanations improve over all baselines.

6.3 Analysis

We also analyze how much the task model relies
on contrastive explanations for its decisions.

Flipping Explanations Our choice of con-
trastive language templates facilitates a novel way
to evaluate explanation usefulness in prediction.
The contrast in the explanation can be reversed by
flipping the position of the fact and the foil in the
explanation. If the choice between fact and foil ac-
tually depends on the contrastive explanation, then
the flipped explanation should provide a hypotheti-
cal situation where the foil is more likely than the
fact. For instance, “peanuts are salty while raisins
are sweet,” when switched to “raisins are sweet
while peanuts are salty,” may provide evidence that
peanuts is a more likely label for the example in
Table 1 (i). This may cause a model that uses the
explanation to flip its prediction and lead to a drop
in accuracy. The magnitude of drop can quantify
the extent to which the model relies on the contrast
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Example Unconstrained Self-Talk Contrastive

(i) Ian volunteered to eat Dennis’s Dennis’s menudo What are the properties Dennis is a vegetarian while
menudo after already having a was disgusting. of a menudo? A menudo Ian is a carnivore. Dennis has
bowl because he despised is made from the menudo while Ian has volunteered
eating intestine. intestines of a pig to eat Denni’s menudo.

(i) The GPS and map helped me because the GPS What is going on here? The GPS can tell me where I am
navigate home. I got lost when and map helped The iphone app is not but the map can’t.
the it got turned upside down. me navigate working. The GPS is right-side-up while

home. the map is upside down

(ii) I helped my sister find her She couldn’t wear What are the properties of Gold necklace is used for formal
gold necklace. She couldn’t wear her woven gold? The properties of occasion while woven necklace
her woven necklace to the necklace. gold are listed below. is used for casual occasion.
ball because it was so casual.

Table 6: Qualitative Examples on Winogrande where contrastive explanations (using T5-11B explainer) improve
task performance over baselines.

Explainer WGRD PIQA WSC WGND
PLM ZS FT ZS FT ZS ZS

BART-Large 53.9 (5.4) 75.9 (4.0 ) 66.5 (7.9) 79.1 (4.6) 59.1 (6.9) 58.7 (7.1)
T5-Large 56.2 (5.3) 75.3 (5.0) 68.1 (6.5) 80.2 (4.2) 60.2 (5.5) 59.0 (7.1)
T5-11B 57.6 (4.5) 76.1 (4.7) 69.5 (5.4) 81.0 (3.6) 61.1 (3.3) 59.0 (5.8)

Table 7: Flipped evaluation results for contrastive explanation models. Reporting test accuracy across all datasets.
Percent drop in performance as a result of flipping is indicated in parentheses.

Input WGRD PIQA

Fully abstracted 63.2 54.6
Abst. after expl. 70.4 64.9
No abstraction 79.1 83.5

Table 8: Evaluation of fine-tuned T5-Large contrastive
models on Winogrande with abstracted answers.

provided in the explanation. In fact, humans also
deem the flipped explanation to imply the opposite
label in a majority of cases (Table 5), indicating
that our contrastive explanations frequently capture
contrastive properties that the labels truly rely on.

Table 7 shows the flipped evaluation results. We
observe declines in accuracy of up to 8%, indicat-
ing that the model does use some contrastive knowl-
edge to reason about the task. Finetuned models
show a smaller decline in accuracy compared to
the zero-shot setting. In this case, the task model
may be directly fitting the data in lieu of relying on
the knowledge conveyed by the explanation.

Abstracting Fact and Foil Given input context
c (consisting of the fact and foil a1, a2) and an
explanation e, the explainer PLM Pexpl infills its
explanation e on c while the task model PLM con-
ditions on both c and e. We can test the quality
of the generated explanations and the task model’s

reliance on them by forcing the task model to rely
on e when information in input c is restricted. One
potential way to do so is to scrub the identities of
the fact and foil, a1 and a2, from c.

We replace the fact and foil with placeholder
tokens to create an abstract context c′. For in-
stance, the example in Table 6 (ii) becomes “The
<mask1> and <mask2> helped me navigate ...
down.”, where the model must now choose be-
tween <mask1> and <mask2>.4 Running the
task model on c′ lower-bounds the performance
possible without knowing answer identities. We
can now test the relevant answer-based knowledge
contrastive contained in the explanations by allow-
ing the explanation model to see the original an-
swers in c, but then abstracting them out when pass-
ing the input context and explanations to the task
model. More formally, the task model conditions
its decision on c′ and e′. For Table 6 (ii) c′ and e′

are “The <mask1> and <mask2> helped me navi-
gate ... down.” and “The <mask1> is right-side-up
while the <mask2> is upside down.” Since only
the explainer PLM is shown answer identities, the
task model’s decision is conditionally independent
of the answer identities given the explanation.

Experiments on Winogrande and PIQA in the
4More examples of abstracted contexts and explanations

are given in the Appendix (Table 11).
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Model Acc.

Random 20.0
Baseline 37.2
Self talk 26.9
Contrastive (V) 38.1
Contrastive (MM) 37.4

Banerjee and Baral (2020a) 38.8

Table 9: Zero-shot test performance on Common-
senseQA for baselines as well as contrastive models
which ensemble fact/foil pairs by voting (V) and max-
imum margin (MM). The best reported unsupervised
performance (Banerjee and Baral, 2020b) uses Con-
ceptNet, which was used to construct the dataset.

fine-tuned setting (Table 8) show that performance
improves significantly when the task model con-
ditions on both c′ and e′ compared to a fully ab-
stracted contrastive baseline that only conditions
on c′ (from 63.2 to 70.4 for Winogrande), cov-
ering almost half of the gap between the fully
abstracted setting and the non-abstracted original
model (79.1). This indicates that our contrastive
explanations encode a significant amount of infor-
mation required for commonsense tasks. Even if
the full model does not always use the explana-
tions, these evaluations show that our contrastive
explanations contain rich task-relevant knowledge,
and suggest that future work might focus on how
to better make use of this signal.

6.4 Generalizability of Prompts

The set of contrastive prompts used in our frame-
work are curated from an in-house analysis of train-
ing instances from Winogrande and PIQA datasets.
To determine the generalizability of these prompts
for other commonsense reasoning tasks, we also
experiment with the CommonsenseQA dataset (Tal-
mor et al., 2019), which consists of multiple-choice
questions created over ConceptNet – “Where on a
river can you hold a cup upright to catch water on
a sunny day? a) waterfall, b) bridge, c) valley, d)
pebble, e) mountain”. Since there are more than
two answer choices to contrast, we convert each
instance into 10 pairwise (binary) classification in-
stances. Contrastive explanations are generated for
each pairwise decision in the zero-shot setting, sim-
ilar to Winograd and PIQA datasets. To choose
the final answer, we consider two inference pro-
cedures: (a) Vote: The answer that receives the
maximum number of votes across all binary clas-

sification instances is selected, and (b) Maximum
Margin: The choice with the maximum difference
(margin) between answer likelihoods for any bi-
nary classification instance is selected. In Table
9, we observe that self-talk significantly hurts per-
formance for this dataset. On the other hand, con-
trastive explanations are found to be useful and
approach the zero-shot performance of the state-
of-the-art, which uses ConceptNet (Banerjee and
Baral, 2020b). These results demonstrate that the
set of contrastive prompts are generalizable to other
commonsense reasoning datasets, and that while
our contrastive prompts are limited to contrasting
two answer choices at a time, the framework can
be easily extended to tasks with multiple foils.

7 Conclusion

We show it is possible to prompt pretrained lan-
guage models (PLMs) to generate contrastive ex-
planations of their reasoning patterns, inspired by
explanations that humans naturally provide for
their reasoning. Conditioning model decisions
on these explanations improves performance on
two commonsense reasoning benchmarks, and hu-
mans judge the explanations to be highly relevant
and helpful in comparison to prior work. We also
showed how contrastive explanations can facilitate
in-depth evaluations of faithfulness by flipping or
abstracting the fact and foil, finding that our expla-
nations encode a significant amount of information
relevant to the classification decision, and in many
cases models rely on the contrast in the expected
way. While we have shown that our method is flex-
ible enough to apply to multiple-choice common-
sense tasks with many foils, leveraging contrastive
reasoning in a wider variety of open-ended tasks
remains an exciting challenge for future work.
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A Generating Contrastive Templates

Table 12 shows the complete list of contrastive pat-
terns used in our work, categorized under different
types of attributes/properties. For templates with
no place holders for the explainer to fill out, we
only replace placeholders for answers (fact and
foil). Table 10 lists a0, a1, a2, ca0 , ca1 , ca2 for dif-
ferent examples in Winogrande and PIQA to ex-
plain dataset specific transformations made by our
approach.
Detection of P , Q: For WSC, the fact and foil are
typically 1-word nouns. However, they may by
qualified in the context and these qualifiers are im-
portant for contrasting. For instance, in the WSC
example “She remembered how annoying it is to
dust her wood chair so she bought a plastic table
instead.”, chair and table are the fact and foil. Their
qualifiers wood and plastic are important for the
construction of the contrast. Hence we retain these
qualifiers when preparing prompts for the explainer
PLM. Similarly, for PIQA, qualifiers are retained
in the prompts.

Case filtering: We detect case of entities and
accordingly filter out templates that are ungram-
matical depending on whether the fact and foil are
singular/plural.

Template filtering for WSC: For examples that do
not contain PERSON named entities, we do not in-
clude prompts about personal characteristics. Sim-
ilarly, for examples that contain PERSON named

entities, Temporal, Usecase and some spatial pat-
terns were left out.

Template filtering for PIQA: We remove all
templates about personal characteristics as this
dataset deals with physical commonsense.

B Human Evaluation

The annotation task was carried out in Amazon
Mechanical Turk, following (Shwartz et al., 2020).
To ensure the quality of annotations, workers were
required to be located in the US, UK, or Canada,
and have a 99% approval rate for at least 5000 prior
tasks. Annotators were paid .30$ per HIT to ensure
participants get approximately $15/hr if they are
doing the task. Annotation were aggregated from
3 workers using majority vote. The annotations
yielded moderate levels of agreement, with Fleiss
Kappa κ = 0.43 (Landis and Koch, 1977).

C Hyperparameters

Explainer PLM For T5 we use special symbols
<extra id 0> and <extra id 1> in place of
the blanks ( ) in our templates. We observe that
T5 is able to replace these tokens with multi-word
phrases. For BART, we substitute blanks with a
sequence with four [MASK] tokens to encourage
generating multiple words. BART can choose to
delete a [MASK] token during generation. Top-K
decoding was done with a beam size of 200 and
a maximum output sequence length of 20 for T5
models and 100 for BART. This is because both T5
is pre-trained to in-fill by only generating missing
phrases while BART is pre-trained to decode the
entire input with missing phrases filled in. We used
early stopping for BART.

Task PLM Task PLM was finetuned for 20
epochs, using BertAdam optimizer with a learn-
ing rate of 2e− 5, batch size of 8, and dropout of
0.1, following (Latcinnik and Berant, 2020).

Self-Talk (Shwartz et al., 2020) generate multi-
ple clarification questions conditioned on the con-
text, by 1) concatenating one of several question
prefixes to the input prompt or question; and 2)
generating 5 questions for each prefix using Nu-
cleus sampling with p = 0.2, i.e., sampling from
the top 20% tokens(Holtzman et al., 2019) limiting
the question length to up to 6 tokens excluding the
prefix. For each well-formed question, they gener-
ate multiple answers using a similar method. They
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Winogrande

Ian volunteered to eat Dennis’s menudo after already having a bowl because despised eating
a1 : Ian
a2 : Dennis
a0 : he
ca0 : Ian volunteered to eat Dennis’s menudo after already having a bowl because he despised eating
ca1 : Ian volunteered to eat Dennis’s menudo after already having a bowl because Ian despised eating
ca2 : Ian volunteered to eat Dennis’s menudo after already having a bowl because Dennis despised eating

PIQA (difference between answers is 1-2 words)

To prepare carrots before cooking with them, you can
a1 : Run them in the sink under boiling water
a2 : Run them in the sink under cold water
a0 : boiling water or cold water
ca0 : To prepare carrots before cooking with them, you can run them in the sink under boiling water
or cold water
ca1 : To prepare carrots before cooking with them, you can run them in the sink under boiling water
ca2 : To prepare carrots before cooking with them, you can run them in the sink under cold water

PIQA (difference between answers is larger)

To prevent gunk buildup in cup holders of a car,
a1 : place coffee filters inside of the cup holders.
a2 : pour a thin layer of oil into the cup holders.
a0 : place coffee filters inside of the cup holders or pour a thin layer of oil into the cup holders.
ca0 : To prevent gunk buildup in cup holders of a car, place coffee filters inside of the cup holders or
pour a thin layer of oil into the cup holders
ca1 : To prevent gunk buildup in cup holders of a car, place coffee filters inside of the cup holders
ca2 : To prevent gunk buildup in cup holders of a car, pour a thin layer of oil into the cup holders

Table 10: Examples of Winogrande and PIQA, with fact, foil , neutral answer and respective substituted contexts
used in our approach for prompting the explainer PLM or computing answer likelihood.

Original Input: The geese prefer to nest in the fields rather than the forests because in the predators
are more hidden.

(i) Context-Only
Input to task model: The geese prefer to nest in the <mask1> rather than the <mask2> because in the predators
are more hidden.

(ii) Fully Abstracted
Input to explainer: The geese prefer to nest in the <mask1> rather than the <mask2> because in the predators
are more hidden.
Generated Explanation: <mask1> is smaller than <mask2>
Input to task model: The geese prefer to nest in the <mask1> rather than the <mask2> because in the predators
are more hidden. <mask1> is smaller than <mask2>

(iii) Abstraction after Explanation
Input to explainer: The geese prefer to nest in the fields rather than the forests because in the
predators are more hidden.
Generated Explanation: Forests have more predators than fields
Input to task model: The geese prefer to nest in the <mask1> rather than the <mask2> because in the predators
are more hidden. <mask2> have more predators than <mask1>

Table 11: Input to Explainer and Task model for Abstractive Evaluation

limit the answer length to 10 generated tokens, and
use Nucleus sampling with p = 0.5. Shwartz et al.
(2020) only condition task prediction on a single
clarification question and answer pair that increases
the model’s belief of a certain answer choice. Thus,
the score of each answer choice is selected as the
score of the text containing the clarification that
most supports it, i.e., whose combination with it
yields maximum language model likelihood.

Unconstrained Generation For unconstrained
explanation baseline, maximum output sequence
length was set to 20 and beam size for beam decod-
ing was set to 200. Again we use early stopping.
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Complete list of Contrastive Prompt Templates Commonsense Task/Instance Type

Temporal: PIQA (Consists of events)
OPT1 happened before/after OPT2
OPT1 takes longer than OPT2
OPT1 takes longer to than OPT2
OPT1 happened for a longer time than OPT2

Personal Characteristics: WSC
OPT1 likes while OPT2 likes (if PERSON entity tag is detected)
OPT1 likes while OPT2 does not like
OPT1 likes to while OPT2 likes to
OPT1 likes to while OPT2 does not like to
OPT1 prefers while OPT2 prefers
OPT1 prefers while OPT2 does not prefer
OPT1 prefers to while OPT2 prefers to
OPT1 prefers to while OPT2 does not prefer to
OPT1 thinks while OPT2 thinks
OPT1 thinks while OPT2 does not thinks

Object Characteristic: WSC and PIQA
OPT1 is/are smaller than OPT2
OPT1 is/are larger than OPT2
OPT1 is/are slower than OPT2
OPT1 is/are faster than OPT2
OPT1 is than OPT2
OPT1 are than OPT2
OPT1 is while OPT2 is
OPT1 is but OPT2 is
OPT1 is however OPT2 is
OPT1 are while OPT2 are
OPT1 are but OPT2 are
OPT1 are however OPT2 are
OPT1 has while/but/however OPT2 has/does not have
OPT1 have while/but/however OPT2 have/do not have
OPT1 is made of/to however OPT2 is made of/to
OPT1 is made of/to while OPT2 is made of/to

Spatial: WSC and PIQA
OPT1 is above OPT2
OPT1 is below OPT2
OPT1 is to the right of OPT2
OPT1 is to the left of OPT2
OPT1 is inside OPT2
OPT1 is outside OPT2

is closer to OPT1 and father away from OPT2
OPT1 is closer to while OPT2 is father away from

Usecase: WSC(No PERSON entity) and PIQA
OPT1 can while OPT2 can/cannot
OPT1 is/can be used for OPT2
OPT1 is/can be used to do OPT2
OPT1 is/can be used for but OPT2 cannot
OPT1 is/can be used for while OPT2 is used for
OPT1 is/can be s used for but OPT2 is used for
OPT1 is/can be used to while OPT2 is used to
OPT1 is/can be used to but OPT2 is used to

Causes: WSC (No PERSON entity) and PIQA
OPT1 has because while OPT2 is because
OPT1 can cause while OPT2 causes/results in
Since it can OPT1 but not OPT2
Since it can OPT1 but because it is not it can’t OPT2

Miscellaneous: WSC (No PERSON entity) and PIQA
can be OPT1 but cannot be OPT2

OPT1 means to while OPT2 means to
OPT1 is defined as while OPT2 is defined as

OPT1 OPT2
OPT1 but not OPT2

OPT1 exists while an OPT2 doesn’t

Table 12: Complete list of contrastive patterns used in this work.
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Abstract

The drastic decrease in mobile SMS costs
turned phone users more prone to spam mes-
sages, usually with unwanted marketing or
questionable content. As such, researchers
have proposed different methods for detecting
SMS spam messages. This paper presents a
technique for embedding SMS messages into
vector spaces that is suitable for spam detec-
tion. The proposed approach relies on min-
ing patterns that are relevant for distinguishing
spam from legitimate messages. A subset of
those patterns is used to construct a function
that maps text messages into a multidimen-
sional vector space. The extracted patterns are
represented as skip-grams of token attributes,
where a skip-gram can be seen as a generaliza-
tion of the n-gram model that allows a distance
greater than one between matched tokens in
the text. We evaluate the proposed approach
using the generated vectors for spam classi-
fication on the UCI Spam Collection dataset.
The experiments showed that our method com-
bined with shallow networks reached accu-
racy that is competitive with state-of-the-art
approaches.

1 Introduction

SMS spam detection is a very relevant task for mo-
bile phone users. It can mitigate the annoyance
caused by the invasive marketing applied through
this platform and provide a more secure user expe-
rience by blocking potentially harmful messages.
In that sense, researchers have proposed different
methodologies to detect SMS spam. Abdulhamid
et al. (2017) and Abayomi-Alli et al. (2019), for
instance, provide comprehensive reviews of the
relevant datasets and techniques found in the litera-
ture.

Most recently, some researchers have success-
fully applied deep learning techniques for SMS
spam detection: Annareddy and Tammina (2019)

provide a comparative study on using Convolu-
tional Neural Networks (CNN) and Recurrent Neu-
ral Networks (RNN); Roy et al. (2020) and Popovac
et al. (2018) propose to CNN as well; Roy et al.
(2020), Jain et al. (2018) and Raj et al. (2018) pro-
pose using LSTM-based architectures; Ghourabi
et al. (2020) use a hybrid CNN-LSTM model;
Barushka and Hajek (2018) use regularized deep
multi-layer perceptrons combined with a feature
selection algorithm; and Wei and Nguyen (2020)
propose the use of Lightweight Gated Recurrent
Units (LGRU).

Other works employ traditional classifiers to
such a task (Fernandes et al., 2015; Fattahi and
Mejri, 2021; Xia and Chen, 2020), including di-
verse models like Support Vector Machines (SVM),
Hidden Markov Models (HMM), Optimum-Path
Forest (OPF), k-Nearest Neighbors (KNN), deci-
sion trees, and ensembling approaches. Gupta et al.
(2018) provide a comparative study using CNN and
traditional machine learning architectures.

SMS spam messages have a very characteristic
textual style; many inform the recipient that she
has won a prize or offer apparent great deals. As
such, many words (e.g., “prize”, “won”, “free”,
“bonus”, etc.) can be found to be very informative
for classifying a message as spam. While these
words can be used to create classifiers with good
performance, we observe that words and patterns
of a sequence of words can be very characteristic
of spam messages. For example, in the UCI SMS
Spam Collection dataset (Almeida et al., 2011),
the probability that a message is spam given that
it contains the word “text” is 0.53, and the same
likelihood raises to 0.96 when the message includes
the pattern “text [WORDS] to”, where “[WORDS]”
is a placeholder for a short sequence of one or more
words.

That happens because the word “text” can be
used many times in legitimate messages, as illus-
trated by the following example: “(...) I’ll text you
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in a few (...)”. On the other hand, it is very common
for spam messages to request the phone user to send
a message to a certain number, like the following:
“(...) text TONE or FLAG to 84199 NOW (...)”.
Thus, observing this pattern gives much higher
probability of a message being a spam than just
finding the word “text” in it.

In this paper, we propose a text embedding tech-
nique for SMS messages that exploits patterns rele-
vant for spam characterization. As a result, spam
and non-spam messages are projected distinctly
in the embedded space, allowing a more effective
classification. The method is split into three main
steps:

1. Tokenization: each text message from a train-
ing dataset is transformed into a sequence of
sets of attributes;

2. Skip-gram pattern mining: the generated se-
quences are then processed by an algorithm
for finding patterns relevant for the classifica-
tion task;

3. Embedding model: given the set of relevant
patterns, a model is constructed for mapping
text messages into a vector space.

Our model presents relevant contributions, dif-
fering from some related works (especially those
based on deep learning) regarding two aspects: (i)
the proposed embedding approach is a lightweight
model, being suitable to be used with shallow net-
works and executed on mobile devices; and (ii) the
model allows interpretation, with explicit informa-
tion associated with each dimension.

We evaluate the proposed technique using our
method to generate vectors for the classification of
SMS messages from the UCI SMS Spam Collec-
tion dataset (Almeida et al., 2011). Our best results
surpassed the baselines from (Almeida et al., 2011)
and showed to be competitive with recent deep
learning approaches in terms of accuracy. In partic-
ular, our embeddings combined with a Linear SVM
classifier achieved an average accuracy of 99.03%
on 10-fold cross-validation experiments. Regard-
ing efficiency aspects, prediction experiments using
an ARM Cortex-A53 mobile processor yielded an
average of 22 milliseconds of processing time for
each SMS message.

The remainder of this paper is organized as fol-
lows: Section 2 formalizes our method and Sec-
tion 3 performs an evaluation of the proposed tech-
nique. Finally, Section 4 states conclusions and
presents some suggestions of future directions.

2 Formal Model Definition

This section presents a formalization of the pro-
posed approach, which can be split into three main
steps: (i) tokenization; (ii) skip-gram pattern min-
ing; and (iii) the construction of the embedding
model.

2.1 Tokenization

Given a set X = {x1, x2, ..., x|X |} of texts, the
tokenization step constructs a set of sequences
S = {s1, s2, ..., s|X |}, where si is the sequence
generated for the text xi. We represent a given se-
quence as a tuple where each element is associated
with a designated text fragment. Instead of merely
being a substring of the text, each component of
the tuple defines a set of attributes associated with
the respective text fragment.

This transformation is applied with the following
steps:

1. Token splitting: the text is split into fragments
by capturing either of the following patterns,
in that order of precedence: (i) sequence of
one or more digits; (ii) sequence of one or
more alphabetic characters; and (iii) sequence
of any non-space character.

2. Sub-word splitting: each captured sequence
of alphabetic characters is further broken into
sub-sequences of length 3. For example, the
word “award” is transformed into the follow-
ing: “awa”, “war”, “ard”. While 3 seems to
be an arbitrary value for the length, we really
want this parameter to be small, since that al-
lows us to capture morphological variations
of terms with similar semantics.

3. Attribute assignment: each fragment is trans-
formed into a set of associated attributes, and
the result of the tokenization process is the
sequence of sets of attributes. Each attribute
is represented as a pair (a, b), with the first
element being the name of the attribute, and
the second its associated value. We have three
distinct attributes, i.e., a ∈ {type, pos, sub},
that can be defined as follows:

• type: the type of the fragment. Possi-
ble values for b are 1-digit, 2-digit,
3-digit, and 4+-digit for fragments
containing digits; sub-word for frag-
ments that are sub-strings of alphabetic
sequences; and other for fragments not
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belonging to any of the previous cate-
gories. The number before the digit types
refers to the length of the captured string,
4+-digit means 4 or more digits;

• pos: when the fragment is of type
sub-word, b refers to the position of the
sub-string in the captured word. Possible
values for b are: start, middle and end;

• sub: when the fragment is of type
sub-word, b is the sub-string represented
by the fragment in lowercase. If the
type is other, then b stands for the entire
matched fragment.

Such a representation is coined here as an attribute-
set sequence, and we use Σ = {σ1, σ2, ..., σ|Σ|} to
denote the dictionary of attributes, that is, the set
of all possible attributes.

Figure 1 illustrates the tokenization process for
the string “Call 09061701461.” The boxes at the
bottom represent the final sequence of attribute
sets. For the sake of explanation, the first attribute
of fragment “Cal” is the pair (type, sub-word).

Figure 1: Illustration of the tokenization process for
the string “Call 09061701461.”.

2.2 Skip-gram pattern mining
This step assumes that each sequence from S is as-
signed to a label from a set of labels Y . We denote
yi = γ(si) as the label assigned to the sequence
si using model γ. The objective of this step is to
construct a set R of skip-gram patterns that are
relevant for label prediction (i.e., classification).

For this work, we formally define a k-skip-
n-gram pattern as a tuple g = (g1, g2, ..., gn)
whose elements are sets of attributes. We say
that g matches an attribute-set sequence a =
(a1, a2, ..., al) if there is a tuple z = (z1, z2, ..., zn)
of matched indices of a, such that:

• ∀i, 1 ≤ i < n, 1 ≤ zi+1 − zi ≤ k + 1, that
is, matched indices must be in increasing or-
der and the distance between two matched
elements must not be greater than k + 1;

• ∀i, 1 ≤ i ≤ n, gi ⊆ azi .

Note that this definition differs from the one
given by Guthrie et al. (2006) in the following as-
pects: (i) k is the number of skips allowed between
consecutive elements of the skip-gram; (ii) a match
is based on set containment (gi ⊆ azi) instead of
equality.

Figure 2 illustrates how the skip-gram ({(pos,
start), (sub, ”tex”),}, {(pos, start), (sub, ”to”)}, {(type, 4+-
digit)}) would match the string “text PLAY to 85222
now”. That match holds for any k ≥ 3.

The pattern mining algorithm interactively con-
structs a set of skip-gram patterns that might be
relevant for the classification process. At each iter-
ation t, a set of candidate patterns Ct is generated
and a subset Rt ⊆ Ct is selected based on a scor-
ing function. After T iterations, the final setR of
patterns is then selected.

Before detailing the algorithm, we provide the
following definitions, which are used throughout
the remainder of this formalization:

• Z(g,s): the set of all tuples of indices of the
attribute-set sequence s ∈ S that are matched
by the skip-gram pattern g. Each tuple refers
to a different match. As an example, in Fig-
ure 2, (1, 5, 6) would be one tuple in such a
set;

• M(g,s) = {g ∈ G : Z(g,s) 6= ∅}: the set
of skip-gram patterns in G that match the se-
quence s;

• P (y|g) = P (γ(s) = y|Z(g,s) 6= ∅): the esti-
mation of the probability that the label of a se-
quence s is y given that the pattern g matches
s, which is calculated as follows:

P (y|g) =
|{s ∈ S : γ(s) = y ∧ Z(g,s) 6= ∅}|

|{s ∈ S : Z(g,s) 6= ∅}| . (1)

• P (g|y) = P (Z(g,s) 6= ∅|γ(s) = y): the esti-
mation of the probability that a sequence s is
matched by the pattern g given that the label
of s is y. The probability is given as follows:

P (g|y) =
|{s ∈ S : γ(s) = y ∧ Z(g,s) 6= ∅}|

|{s ∈ S : γ(s) = y}| . (2)

• GY (g, y) = P (y|g)GY ALPHAP (g|y)1−GY ALPHA, a
function to measure the dependency level be-
tween a skip-gram g and label y, we call it
GY-Score. The parameter GY ALPHA is a value
between 0 and 1 that allows one to give more
relevance to one or the other term of the mul-
tiplication;
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Figure 2: Example of a skip-gram matching the string “text PLAY to 85222 now”.

• sup(g) = |{s ∈ S : Z(g,s) 6= ∅}|, the support
of skip-gram pattern g, that is, the number of
elements of S matched by g;

We now describe the mining algorithm in the fol-
lowing subsections. Sections 2.2.1 and 2.2.2 detail
the two steps taken at each iteration of the algo-
rithm and Section 2.2.3 describes the final pattern
selection step.

2.2.1 Candidate set construction
At each iteration t, a set C̃t of new candidate skip-
gram patterns is constructed. In the first iteration
(t = 0), this set is defined as

C̃0 = {({σ}) : σ ∈ Σ, sup(({σ})) ≥ MIN SUP}, (3)

that is, C̃0 is composed of all possible 1-skip-1-
gram patterns that reach a minimum support pa-
rameter MIN SUP.

From the second iteration and forward (t > 0),
C̃t is constructed by expanding patterns selected in
the previous iteration. This is done by finding all
matches between patterns selected in the previous
iteration and sequences of S, and then generating
new patterns from the skip-gram respective to each
match found.

For each match found, the generation of new
patterns is done in two fashions: (i) adding new at-
tributes found in the match either to the first or last
attribute set of the pattern; and (ii) either appending
or prepending singleton sets with attributes found
around the match and, as such, increasing the size
of the new pattern by 1.

All the newly generated patterns are filtered so
that only those that reach the minimum support
parameter MIN SUP and that improve the GY-Score
by at least MIN GY DIFF are kept in C̃t.

Formally, for t > 0, we can define:

C̃t =
⋃

s∈S
E(Rt−1,s), (4)

whereRt−1 represents the set of patterns selected
in the previous iteration and E(G,s) can be described
as the set of patterns generated as expansions of
patterns in G for matches found in the sequence s,
which can be defined as:

E(G,s) = {g′ : (g′, g) ∈
⋃

a,b∈{1,2}
E(G,s)ab ,

GY (g′, γ(s))−GY (g, γ(s)) ≥ MGY,

sup(g′) ≥ MIN SUP}.

(5)

The sets given by each Eab represent different types
of expansions. Each element of such sets is a pair in
the form (g′, g), with g′ being the newly generated
skip-gram pattern and g, the original (from the
match). The term MGY is an abbreviation for the
MIN GY DIFF parameter.

Specifically, the sets represented by E(G,s)
11 and

E(G,s)
12 are the expansions generated using the first

method, by adding attributes to the attribute-sets
on the extremes on the patterns:

E(G,s)11 = {(g′, g) : g′ = (g1 ∪ {σ}, ..., gn),

g = (g1, ..., gn) ∈M(G,s),

s = (a1, ..., am),

(j, ...) ∈ Z(g,s),

σ ∈ aj − g1}

(6)

E(G,s)12 = {(g′, g) : g′ = (g1, ..., gn ∪ {σ}),
g = (g1, ..., gn) ∈M(G,s),

s = (a1, ..., am),

(..., j) ∈ Z(g,s),

σ ∈ aj − gn}

(7)

On the other hand, E(G,s)
21 and E(G,s)

22 apply the
second method of expansion, by prepending and
appending elements to the skip-grams:

E(G,s)21 = {(g′, g) : g′ = ({σ}, g1, ..., gn),

g = (g1, ..., gn) ∈M(G,s),

s = (a1, ..., am),

(j, ...) ∈ Z(g,s),

max {1, j − k − 1} ≤ l < j,

σ ∈ al}

(8)
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E(G,s)22 = {(g′, g) : g′ = (g1, ..., gn, {σ}),
g = (g1, ..., gn) ∈M(G,s),

s = (a1, ..., am),

(..., j) ∈ Z(g,s),

j < l ≤ min {m, j + k + 1},
σ ∈ al}

(9)

, where k refers to the maximum number of skips
for our the skip-gram model, which is referred by
the parameter SKIPGRAM K in the evaluation section.

The final set of candidate patterns Ct for the
iteration t is then composed of the candidates from
this and previous iterations that have not already
been selected:

Ct =
t⋃

j=t−CBS+1

C̃j −
t−1⋃

j=0

Rj , (10)

where CBS is an abbreviation for
CAND BUFFER SIZE, which is a parameter that
defines how many of the new candidate sets from
previous iterations are remembered at the iteration
t. This parameter gives candidates from the CBS−1
previous iterations not yet selected a chance of
being selected before they are “forgotten”.

2.2.2 Pattern selection
Given the set of candidates Ct, a set of new selected
patterns Rt ⊆ Ct is constructed by iterating over
the sequences in S and selecting matching patterns
with the best GY-Scores. Formally, the setRt can
be defined by

Rt =
⋃

s∈S
Select(Ct, s), (11)

where

Select(Ct, s) = arg max
g∈M(Ct,s)

GY (g, γ(s)) (12)

is either a set containing one of the patterns in Ct
matching s with the highest GY-Score or the empty
set if no matching pattern is found.

2.2.3 Final selection
After T iterations, a last step is performed in
order to filter the selected patterns to contain
only those that hit a minimum threshold value of
information gain, given by a parameter MIN IG,
and then that filtered set is used to selected the

best FINAL SELECT K matched patterns for each se-
quence. Thus, the final setR of selected skip-gram
patterns is defined by:

R =
⋃

s∈S
Best(RF , s), (13)

RF =



g ∈

T−1⋃

j=0

Rj : IG(g) ≤ MIN IG



 , (14)

IG(g) =
∑

y∈Y
P (y|g) · ln(

P (y|g)

P (y)
), (15)

where Best(RF , s) is a set containing the top
FINAL SELECT K elements fromM(RF ,s) with the
greatest GY-Scores; and P (y) is the marginal prob-
ability that a sequence has label y and is estimated
with:

P (y) =
|{s ∈ S : γ(s) = y}|

|S| . (16)

The number of iterations taken by the algorithm
(i.e. T ) is referred by the parameter ITERATIONS in
the evaluation section.

2.3 Embedding Model
Once a setR of relevant skip-grams is found, it can
then be used to build an embedding model. Our
driving hypothesis is:

1. that the presence or absence of one or more of
those patterns in a sequence greatly changes
prior probability of labels;

2. that each pattern carries a very characteristic
contextual baggage, in the sense that there is
some level of statistical dependency between
the occurrence of a pattern and of other at-
tributes in a sequence.

As such, we propose an embedding function
v(s) that exploits both the information about the
presence of patterns in the sequence s and the con-
textual information associated with each pattern
taken into consideration.

We formalize our embedding model as follows.
First we define a subsetRd of d skip-gram patterns
from R to be used for the embedding. Then we
define the function v(s) in terms of elements of
Rd. The value of d is referred by the parameter
DIMENSIONS in the evaluation section.

Let Rd ⊆ R be a set containing the d most
informative skip-gram patterns, that is: (i) |Rd| =
d, and (ii) ∀r ∈ Rd, ∀r′ ∈ R − Rd, IG(r) ≥

4197



IG(r′). Each element of Rd will be associated
with one dimension of the target vector space. For
that, we select an arbitrary ordering of elements of
Rd, which we denote by the following indexing:

Rd = {r1, r2, ..., rd}. (17)

Now, we define the value of v(s) to be a d-
dimensional vector as follows:

v(s) = α · u1(s) + (1− α) · u2(s) (18)

u1(s) = [u11(s), u12(s), ..., u1d(s)] (19)

u2(s) = [u21(s), u22(s), ..., u2d(s)], (20)

where:

• u1(s) is the vector accounting for skip-gram
matches found in s. Each component u1j(s)
is defined as:

u1j(s) =

{
1 if rj ∈M(Rd,s)

0 otherwise.
(21)

• u2(s) is the vector accounting for contextual
information. Each component u2j(s) must be
a measure that, in a way, reflects the statis-
tical dependence between the pattern rj and
attributes found in s. For this work, we choose
a very simple approach by taking the average
of probabilities of rj having a match with s
given each relevant attribute of s. Thus, we
define:

u2j(s) =
1

|As|
∑

σ∈As
P (rj |({σ})), (22)

where As is the set of every attribute σ found
in s in such that sup(({σ})) ≤ MIN U2 SUP,
and MIN U2 SUP is a parameter for filtering out
rare attributes;

• α ∈ [0, 1] is a parameter for weighting the
two types of information being aggregated in
v(s). We refer to this parameter by U ALPHA

in the evaluation section.

3 Evaluation

This section describes the evaluation of our pro-
posed technique. We used the UCI SMS Spam Col-
lection1 (Almeida et al., 2011), which is a dataset
comprised of 4,827 (86.6%) legitimate messages

Parameter Values used
Skip-gram mining parameters

SKIPGRAM K 6
GY ALPHA 0.8
MIN SUP 10

MIN GY DIFF 0.05
CAND BUFFER SIZE 6

ITERATIONS 6
MIN IG 0.5

FINAL SELECT K 5
Embedding parameters

U ALPHA 0.0 0.1 ... 0.9 1.0
MIN U2 SUPPORT 10 20 30
DIMENSIONS 50 100 1892

Table 1: Variations of parameters used for generating
the embedding models.

and 747 (13.4%) spam messages, with an average
length of 16±12 tokens per message.

We first conducted our evaluation by following
the same experimental protocol used by the authors
for their classification baselines and provide the
analysis of our results in this in Sections 3.1 and
3.2. We used the train split to construct different
variations of our embedding model and then evalu-
ated three different machine learning methods for
classification of spam and non-spam message. Ta-
ble 1 displays the variation of parameters used for
our experiments. The parameters related to the
skip-gram mining step were fixed at single values
after some empirical preliminary experimentation.

Later, we extended our evaluation by using dif-
ferent split configurations of the dataset in order
to provide comparisons of our model with related
work, which are presented in Section 3.2.1. Fi-
nally, Section 3.3 presents a visual evaluation of
generated embeddings.

3.1 Selected patterns

The skip-gram pattern mining step applied to the
training dataset resulted in 189 selected patterns.
Table 2 displays the distribution of the types of
patterns selected as well as the average informa-
tion gain scores. We can note that longer patterns
tend to be more informative but rarer at the same
time. Although patterns with n > 3 were allowed
(because ITERATIONS = 6 and CBS = 6), only
patterns of length 1, 2 and 3 were selected.

Some interesting examples from the patterns
with the highest information gain scores are listed

1Available at https://archive.ics.uci.edu/
ml/datasets/sms+spam+collection.

2We use 189 instead of 200 here because that was the
total number of selected skip-gram patterns after the mining
process.
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Type Proportion (%) Avg. Info. Gain
6-skip-1-gram 44.44 1.07±0.41
6-skip-2-gram 51.86 1.42±0.39
6-skip-3-gram 3.70 1.77±0.23

Table 2: Distribution of types of skip-gram patterns
selected.

in Table 3. The third column displays the esti-
mated conditional probability that a message is
a spam given that the pattern matches it, and
the fourth column shows the proportion of the
spam messages that are covered by the respective
pattern. The pattern [{(sub, "cal")}, {(type,
4+-digit)}] showed to be a very recurrent one,
representing about 32% of the spam messages in
the training dataset.

3.2 Classification
We used three different types of classifiers to assess
the effectiveness of our embedding model: Nearest
Neighbors Classifier, Multilayer Perceptron (MLP)
and Linear Support Vector Machine (LSVM). For
the three methods, we used the implementation pro-
vided by the Scikit-learn library (Pedregosa et al.,
2011)3.

Table 4 summarizes the best result achieved for
each classification method. The best baseline found
by (Almeida et al., 2011) is also shown in the ta-
ble for comparison purposes. The table has the
following columns:

• Method: name of the method used for classifi-
cation;

• SC: percentage of spam caught;

• BH: percentage of blocked hams, that is, legit-
imate messages that were classified as spam;

• Acc: accuracy of the classification in percent-
age unit;

• MCC: the Matthews Correlation Coeffi-
cient (Matthews, 1975), which is a good met-
ric to be used for unbalanced datasets (as it is
the case with the dataset used in this work).
The table is sorted by this column in descend-
ing order.

The MLP model was constructed using two lay-
ers with 100 neurons in each layer and the logistic
function for activation, and it was optimized using
the Adam optimizer (Kingma and Ba, 2014). Our

3We used version 0.24.0 of the library

preliminary experiments showed that using two lay-
ers yielded better results than using just one; and
increasing further the number of layers hurt the per-
formance of the model. Each embedding parameter
variation was executed 10 times and the average of
the metrics were taken.

For the KNN model, we varied the number of
neighbors used by 5, 10 and 15 and tested both uni-
form and distance-based weighting schemes. We
found that using 5 neighbors and distance-based
weighting yielded the best result for this type of
classifier.

We used the default parameters provided by
Scikit-learn for the LSVM model. It is worth men-
tioning that the reported baseline also uses linear
support vector machines.

When compared with the baseline, the results in
Table 4 show that our embedding technique com-
bined with those classification methods displayed
significant increases in the rate of detected spams
while keeping very low increases in the rate of
blocked hams (less than 0.5%).

Table 5 shows the embedding parameters respec-
tive to the results in Table 4. The values are very
similar between different methods. It is a consen-
sus for all evaluated classification techniques that
low values for U ALPHA tend to yield the best results
for classification tasks, which suggests that giving
more weight to contextual information associated
with skip-gram patterns is more beneficial.

3.2.1 Comparison with related work
We also compared our approach with recent deep
learning techniques found in the recent literature.
Since they used different experimental protocols,
we re-executed our experiments using different
splits of the dataset in order to match the differ-
ent protocols used by related works. Table 6 dis-
plays the performance of our best models and re-
lated works grouped by the experimental protocol
and Table 7 shows the best embedding parameters
found for each protocol. The comparison displayed
in Table 6 shows that our embedding technique,
combined with a Linear SVM, is competitive with
the deep learning approaches proposed recently.

3.3 Visualization

We finalize our evaluation by providing a visual
analysis of the embeddings generated with the
parameters from Table 5. For that, we used
UMAP (McInnes et al., 2018a,b) to map each
embedding generated for the test split into a 2-
dimensional space and plotted the results. Figure 3
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g IG(g) P (y = spam|g) P (g|y = spam)
[{(sub, "cal")}, {(type, 4+-digit)}] 1.951 1.0 0.319
[{(sub, "cla")}, {(sub, "aim")}] 1.951 1.0 0.156
[{(sub, "pri")}, {(sub, "ize")}] 1.951 1.0 0.109

[{(sub, "tex")}, {(sub, "to")}, {(type, 4+-digit)}] 1.951 1.0 0.088

Table 3: Examples of selected patterns.

Method SC(%) BH(%) Acc(%) MCC
MLP 90.12±0.41 0.61±0.05 98.19±0.06 0.919±0.003

KNN 88.41 0.38 98.15 0.917
LSVM 87.62 0.29 98.13 0.916

Baseline 83.10 0.18 97.64 0.893

Table 4: Summary of results for classification.

Method U ALPHA MIN U2 SUPPORT DIMENSIONS

MLP 0.3 30 189
KNN 0.1 30 189

LSVM 0.2 10 189

Table 5: Best embedding parameters for classification.

provides the visualization for the embeddings gen-
erated for the MLP classifier from Table 4. We
can see that the projection successfully separates
most of the vectors representing spams from the
non-spam ones. Interestingly, some small clusters
can be observed for both classes, which could indi-
cate that, inside each class, further categorization
could be possible.

UMAP: n_neighbors=15, min_dist=0.1

ham
spam

Figure 3: Visualization of embeddings for the MLP
classifier.

4 Conclusions and Future Works

In this work, we proposed an embedding technique
for short texts based on skip-gram patterns and

Reference Classifier Accuracy (%)
10-fold cross-validation

Roy et al. (2020) CNN 99.44
This work LSVM 99.03±0.31

Barushka and Hajek
(2018)

DBB-RDNN-Rel 98.51

Popovac et al.
(2018)

CNN 98.4

Holdout 4:1
This work LSVM 99.1
Gupta et al. (2018) CNN 99.1
Wei and Nguyen
(2020)

LGRU 99.04

Annareddy and Tam-
mina (2019)

RNN 97.8

Holdout 3:1
This work LSVM 98.99
Raj et al. (2018) LSTM 97.5

Holdout 2:1
This work LSVM 98.76
Roy et al. (2020) CNN 98.63

Table 6: Comparison with related work.

Protocol U ALPHA MIN U2 SUPPORT DIMENSIONS

10-fold 0.3 10 300
Holdout 4:1 0.2 10 300
Holdout 3:1 0.2 10 300
Holdout 2:1 0.2 10 300

Table 7: Embedding parameters concerning the results
found in Table 6.

successfully evaluated our method in a dataset for
SMS spam detection. Our experiments showed
that our method, when combined with “shallow”
classifiers, is competitive with recent deep learning
approaches. Our results suggest that using this
kind of pattern matching might be a good way to
improve representations for textual classification
tasks.

We see some interesting ways of improving the
work presented in this paper, which can be taken
as future work, such as:

• increasing our evaluation scope by adding
more textual datasets (not limited to SMS)
to our evaluation workload;

• investigating ways to integrate word vectors
in our skip-gram matching mechanism in or-
der to be able to capture patterns that do not
necessarily have the same attributes but that
are semantically similar;
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• looking for alternative ways of defining the
contextual component of the embedding func-
tion, namely, the function u2(s). In this work
we chose to use a simple model that takes the
average of conditional probabilities - more ro-
bust predictive models could be used instead.
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Abstract

Despite recent progress, learning new tasks
through language instructions remains an ex-
tremely challenging problem. On the AL-
FRED benchmark for task learning, the pub-
lished state-of-the-art system only achieves a
task success rate of less than 10% in an un-
seen environment, compared to the human per-
formance of over 90%. To address this issue,
this paper takes a closer look at task learning.
In a departure from a widely applied end-to-
end architecture, we decomposed task learning
into three sub-problems: sub-goal planning,
scene navigation, and object manipulation;
and developed a model HiTUT1 (stands for
Hierarchical Tasks via Unified Transformers)
that addresses each sub-problem in a uni-
fied manner to learn a hierarchical task struc-
ture. On the ALFRED benchmark, HiTUT has
achieved the best performance with a remark-
ably higher generalization ability. In the un-
seen environment, HiTUT achieves over 160%
performance gain in success rate compared to
the previous state of the art. The explicit rep-
resentation of task structures also enables an
in-depth understanding of the nature of the
problem and the ability of the agent, which
provides insight for future benchmark develop-
ment and evaluation.

1 Introduction

As physical agents (e.g., robots) start to emerge as
our assistants and partners, it has become increas-
ingly important to empower these agents with an
ability to learn new tasks by following human lan-
guage instructions. Many benchmarks have been
developed to study the agent’s ability to follow
natural language instructions in various domains
including navigation (Anderson et al., 2018; Chen
et al., 2019), object manipulation (Misra et al.,

1Source code available at https://github.com/
594zyc/HiTUT

Put(Mug, Sink)   TurnOn(Faucet)  TurnOff(Faucet)

Goal Directive
Place a clean mug in 
the coffee machine.

Goto(Mug)

Pickup(Mug)

Goto(Sink)

Clean(Mug)

Goto(
CoffeeMachine)

Put (Mug, 
Coffeemachine)

RotateLeft RotateLeft MoveAhead MoveAhead
…

Pickup(Mug)     End

Sub-Goal Instruction: Go back towards the table.

Sub-Goal Instruction: Pick up the dirty mug.

…
Sub-Goal Instruction: Wash the mug in the sink

…

…

…

Sub-Goal Planning
Scene Navigation
Object Manipulation

Figure 1: An example task in ALFRED.

2017; Zhu et al., 2017) and embodied reasoning
(Das et al., 2018a; Gordon et al., 2018). Despite re-
cent progress, learning new tasks through language
instructions remains an extremely challenging prob-
lem as it touches upon almost every aspect of AI
from perception, reasoning, to planning and actions.
For example, on the ALFRED benchmark for task
learning (Shridhar et al., 2020), the state-of-the-art
system only achieves less than 10% task success
rate in an unseen environment (Singh et al., 2020),
compared to the human performance of over 90%.
Most previous works apply an end-to-end neural ar-
chitecture (Shridhar et al., 2020; Singh et al., 2020;
Storks et al., 2021) which attempt to map language
instructions and visual inputs directly to actions.
While striving to top the leader board for end task
performance, these models are opaque, making it
difficult to understand the nature of the problem
and the ability of the agent.

To address this issue, this paper takes a closer
look at task learning using the ALFRED bench-
mark. In a departure from an end-to-end ar-
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chitecture, we have developed an approach to
learn the hierarchical structure of task composi-
tions from language instructions. As shown in
Figure 1, a high-level goal directive (“place a
clean mug in the coffee machine”) can be de-
composed to a sequence of sub-goals. Some sub-
goals involve navigation in space (e.g., Goto(Mug),
Goto(Sink)) and others require manipulation of
objects (e.g., Pickup(Mug), Clean(Mug)). These
sub-goals can be further decomposed into naviga-
tion actions such as RotateLeft and MoveAhead,
and manipulation actions such as Put(Mug, Sink),
TurnOn(Faucet). In fact, such hierarchical struc-
ture is similar to Hierarchical Task Network (HTN)
widely used in AI planning (Erol et al., 1994).
While this hierarchical structure is explicit and has
several advantages in planning and making models
transparent, how to effectively learn such structure
remains a key challenge.

Motivated by recent work in multi-task learn-
ing (Liu et al., 2019a), we decomposed task learn-
ing in ALFRED into three sub-problems: sub-goal
planning, scene navigation, and object manipula-
tion; and developed a model called HiTUT (stands
for Hierarchical Tasks via Unified Transformers)
that addresses each sub-problem in a unified man-
ner to learn a hierarchical task structure. On the
ALFRED benchmark, HiTUT has achieved the best
performance with a remarkably higher generaliza-
tion ability. In the unseen environment, HiTUT
achieves over 160% performance gain in success
rate compared to the previous state of the art.

The contributions of this work lie in the follow-
ing two aspects.

An explainable model achieving the new state-of-
the-art performance. By explicitly modeling a hi-
erarchical structure, our model offers explainability
and allows the agent to monitor its own behaviors
during task execution (e.g., what sub-goals are com-
pleted and what to accomplish next). When a failed
attempt occurs, the agent can backtrack to previ-
ous sub-goals for alternative plans to execute. This
ability of self-monitoring and backtracking offers
flexibility to dynamically update sub-goal planning
at the inference time to cope with exceptions and
new situations. It has led to a significantly higher
generalization ability in unseen environments.

A de-composable platform to support more in-
depth evaluation and analysis. The decomposi-
tion of task learning into sub-problems not only
makes it easier for an agent to learn, but also pro-

vides a tool for an in-depth analysis of task com-
plexity and the agent’s ability. For example, one
of our observations from the ALFRED benchmark
is that the agent’s inability to navigate is a major
bottleneck in task completion. Navigation actions
are harder to learn than sub-goal planning and ma-
nipulation actions. For manipulation actions, the
agent can learn action types and action arguments
predominantly based on sub-goals and the history
of actions, while language instructions do not con-
tribute significantly to learning. The success of
manipulation actions also largely depends on the
agent’s ability in detecting and grounding action
arguments to corresponding objects in the environ-
ment. These findings allow a better understanding
of the nature of the tasks in ALFRED and provide
insight to address future opportunities and chal-
lenges in task learning.

2 Related Work

Recent years have seen an increasing amount of
work on in the intersection of language, vision and
robotics. One line of work particularly focuses on
teaching robots new tasks through demonstration
and instruction (Rybski et al., 2007; Mohseni-Kabir
et al., 2018). Originated in the robotics community,
learning from demonstration (LfD) (Thomaz and
Cakmak, 2009; Argall et al., 2009) enables robots
to learn a mapping from world states to robots’
manipulations based on human’s demonstration of
desired robot behaviors. More recent work has also
explored the use of natural language and dialogue
together with demonstration to teach robots new
actions (Mohan and Laird, 2014; Scheutz et al.,
2017; Liu et al., 2016; She and Chai, 2017; Chai
et al., 2018; Gluck and Laird, 2018).

To facilitate task learning from natural lan-
guage instructions, several benchmarks using sim-
ulated physical environment have been made avail-
able (Anderson et al., 2018; Misra et al., 2018;
Blukis et al., 2019; Shridhar et al., 2020). In par-
ticular, the vision and language navigation (VLN)
benchmark (Anderson et al., 2018) has received a
lot of attention. Many models have been developed,
such as the Speaker-Follower model (Fried et al.,
2018), the Self-Monitoring Navigation Agent(Ma
et al., 2019a; Ke et al., 2019), the Regretful Agent
(Ma et al., 2019b), and the environment drop-out
model (Tan et al., 2019). The VLN benchmark
is further extended to study the fidelity of instruc-
tion following (Jain et al., 2019) and examined
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to understand the bias of the benchmark (Zhang
et al., 2020). Beyond navigation, there are also
benchmarks that additionally incorporate object
manipulation to broaden research on vision and
language reasoning, such as embodied question an-
swering (Das et al., 2018a; Gordon et al., 2018).
The work closest to ours is the Neural Modular
Control (NMC) (Das et al., 2018b), which also
decomposes high-level tasks into sub-tasks and ad-
dresses each sub-task accordingly. However, self-
monitoring and backtracking between sub-tasks is
not explored in NMC.

The ALFRED benchmark consists of high-level
goal directives such as “place a clean mug in the
coffee machine” and low level language instruc-
tions such as “rinse the mug in the sink” and “turn
right and walk to the coffee machine” to accom-
plish these goals. In addition to language instruc-
tions, it also comes with expert demonstrations
of task execution in an interactive visual environ-
ment. We choose this dataset because its unique
challenges are closer to the real world, which re-
quire the agent to not only learn to ground language
to visual perception but also learn to plan for and
execute actions for both navigation and object ma-
nipulation.

3 Hierarchical Tasks via Unified
Transformers

As discussed in Section 1, task structures are inher-
ently hierarchical, which compose of goals and sub-
goals. Different sub-goals involve tasks of different
nature. For example, navigation focuses on path
planning and movement trajectories, while manip-
ulation concerns more about interactions with con-
crete objects. Instead of end-to-end mapping from
language instructions to primitive actions (Shrid-
har et al., 2020; Singh et al., 2020; Storks et al.,
2021), we decomposed task learning into three sep-
arate but connected sub-problems: sub-goal plan-
ning, scene navigation, and object manipulation,
and developed a model called HiTUT (stands for
Hierarchical Tasks via Unified Transformers) to
tie these sub-problems together to form a hierarchi-
cal task structure.

3.1 Task Decomposition

We first introduce some notations to describe the
task and the model. There are three types of infor-
mation:
- Language (L). We use G to denote a high-level

goal directive, e.g., “place a clean mug in the coffee
machine” and Ii to refer to a specific low-level
language instruction.
- Vision (V). It captures the visual representation
of the environment.
- Predicates (P). Symbolic representations are de-
fined to capture three types of predicates: sub-
goals (sg), navigation actions (an), and manip-
ulation actions (am). Each sg has two parts
(sgtype, sgarg) where sgtype is the type (e.g.,
Goto) and sgarg is the argument (e.g., Knife).
Each an specifies a type (an type) of action,
from {RotateLeft, RotateRight, MoveAhead,

LookUp, LookDown}. Each am has also two parts
(am type, am arg) where am type is the action type
(e.g., TurnOn); am arg is the action argument (e.g.,
Faucet).

Sub-Goal Planning. Sub-goal planning acquires
a sequence of sub-goals sg1, · · · , sgn to accom-
plish the high-level goal G. We predict the type
sgtypei and argument sgargi separately to avoid the
combinatorial expansion of the output space. Previ-
ous work (Jansen, 2020) models sub-goal planning
merely from high-level goal directives without vi-
sual grounding. These plans are fixed and thus not
robust to potential failures during execution and
variations of the visual environment. To overcome
these drawbacks, our sub-goal planning is done on
the fly after the previous sub-goal is executed in
the environment. More specifically, our sub-goal
planning objective is to learn a model (Msg) that
takes the visual observation at the current step (vt),
the high-level goal directive (G), and a complete
sub-goal history prior to the current step (sg<i) to
predict the current sub-goal as follows:

sgi , (sgtypei , sgargi ) =Msg(vt, G, sg<i)

The predicted sub-goals serve as a bridge between
the high-level goal and the low-level predictions of
navigation actions and/or manipulation actions.

Scene Navigation. Navigation sub-goals only re-
quire predictions for the types of navigation actions.
The objective is to learn a model for navigation
(Mn) which takes the current visual observation
(vt), current sub-goal (sgi), language instruction
(Ii), and the navigation action history up to the
current step (an<j) to predict the next navigation
action:

anj , an typej =Mn(vt, Ii, sgi, a
n
<j)
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Figure 2: The structure of HiTUT.

Object Manipulation. For a manipulation sub-
goal, in addition to the type and argument of the
action, the model (Mm) also needs to generate a
segmentation mask (mj) on the current visual ob-
servation to indicate which object to interact with
(i.e., which object the argument is grounded to):

(amj ,mj) , (am type
j , am arg

j ,mj)

=Mm(vt, Ii, sgi, a
m
<j)

The mask prediction is crucial because the action
will not be successfully executed with an incorrect
grounding even if amj is correctly predicted.

As described above, although the context of the
three sub-problems varies, each model has simi-
lar input components from the space of 〈V,L,P〉.
This similarity inspires us to design an unified
model to solve three sub-problems simultaneously.

3.2 Unified Transformers
We leverage the effective self-attention based
model (Vaswani et al., 2017) to capture the cor-
respondence of different input sources as shown in
Figure 2. We first project the input from different
modalities into the language embedding space, and
adopt a transformer to integrate the information
together. Multiple prediction heads are constructed
on top of the transformer encoder to make pre-
dictions for the sub-goal type and argument, the

action type and argument, and object masks respec-
tively. As the three sub-problems share the similar
input form, we solve them all together using a uni-
fied model based on multi-task learning (Liu et al.,
2019a).

Our model differs from previous works (Shrid-
har et al., 2020; Singh et al., 2020) in the following
aspects. First, we do not apply recurrent state tran-
sitions, but feed the prediction history as the input
to each subsequent prediction. This may help better
capture correlations between predicates and other
modalities. Second, we do not use dense visual fea-
tures from the scene, but rather the object detection
results. By doing this, we map different modalities
to the word embedding space before feeding them
into the transformer encoder, thus taking advantage
of the pre-trained language models. Third, we use a
predicate embedding to share linguistic knowledge
between predicate symbols and word embeddings.

Predicate Embedding. We use the term predi-
cates to refer to symbolic representations including
sub-goal types, action types, and their arguments.
We map symbols to their corresponding natural
language phrases (e.g., AppleSliced is mapped to
a sliced apple). We then tokenize and embed the
tokens using word embeddings, and take the sum
of the embeddings to obtain the representation of
each predicate.

Vision Encoding. We use a pre-trained object
detector (Mask R-CNN (He et al., 2017)) to en-
code visual information. Instead of dense features,
we simply use the detection results (class labels,
bounding box coordinates and confidence scores)
as visual features. Specifically, we use the top K
detected objects with a confidence score higher
than 0.4 to form the visual features. The object
class labels share the same space with object argu-
ments, thus can be embedded into the same space.
The position information of an object is encoded
by a 7-dimensional vector consisting of its coordi-
nates, width and height of the bounding box and its
confidential score. This vector is first mapped to
the same dimension as word embeddings by a liner
transformation, then added to the class embedding
to form the final object representation.

Object Grounding. HiTUT does not generate
masks by itself. Instead it chooses an object from
the K input objects and uses the corresponding
mask generated by the object detector. This method
makes use of the strong prior learned from object
detection pre-training, so the model can focus on
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Figure 3: Overview of HiTUT where unified transformers
for sub-programs are integrated together .

learning the grounding task. A drawback is that the
object detector cannot be improved during training,
and the performance of the detector determines
the upper bound of our model’s grounding ability.
We leave the exploration of more robust grounding
method for future work.

Posture Feature We use an additional posture
feature to assist scene navigation, which includes
the agent’s rotation (N, S, E, W) and its angle of
sight horizon (discretized by 15 degree). The po-
sitions are embedded and summed up to form the
posture feature representation. The agent maintains
its own posture in the form of a relative change to
its initial posture instead of the absolute posture in
the environment, thus avoid using additional sen-
sory data.

3.3 Self-Monitoring and Backtracking

These unified transformers trained for sub-
problems are integrated together as shown in Fig-
ure 3. One important advantage of intermedi-
ate sub-goal representations is to facilitate self-
monitoring and backtracking which allows the
agent to dynamically adjust the plan to cope with
failures during execution. As shown in Section 4,
this feature brings out the most remarkable perfor-
mance gain compared to the state of the art.

Self-Monitoring. The world is full of uncer-
tainties, and mistakes are inevitable. Based on
the learned model, the agent should be able
to monitor its own behaviors and dynamically
update its plan when the situation arises. Our
explicit representation of sub-goals allows the
agent to self-check whether some sub-goals are
accomplished. Particularly for manipulation
sub-goals, it is feasible for the agent to detect
their failures by simply monitoring whether all the

Train Validation Test

Seen Unseen Seen Unseen

#Scenes 108 88 4 107 8
#Demonstrations 6,574 251 255 483 488
#Annotations 21,023 820 821 1,533 1,529
#Sub-goals 162k 6.4k 6.0k - -
#Navi. Actions 983k 39k 35k - -
#Mani. Actions 209k 8.3k 8.1k - -

Table 1: Statistics of data distribution in ALFRED. The
number of annotations is equivalent to the number of
tasks in each split.

manipulation actions are successfully executed.
For example, Clean(Mug) cannot succeed if
any of the actions along the path Put(Mug,

Sink), TurnOn(Facuet), TurnOff(Facuet),

Pickup(Mug) fail. When the agent detects the fail-
ure of a subgoal, for example, as shown in Figure 4
the manipulation sub-goal Pickup(Mug) fails, it
can reason about whether the previous sub-goal
(i.e., Goto(Mug)) is successfully achieved.

Backtracking. In classical AI, backtracking is
the technique to go back and try an alternative path
that can potentially lead to the goal. As shown in
Figure 4, when Pickup(Mug) fails, the agent back-
tracks to Goto(Mug) and tries a different sequence
of primitive actions to accomplish this sub-goal.
In ALFRED, only based on the visual information
without other sensory information (e.g., only ob-
serving a mug without knowing how far it is), is it
difficult to check whether a navigation sub-goal is
successfully achieved (e.g. whether a Mug is reach-
able). So every time after trying a different path
for Goto(Mug), the agent will check whether the
subsequent manipulation action Pickup(Mug) is
successful. If it’s successful, the agent will move
on to the next sub-goal; otherwise the agent will
continue to backtrack until a limit on the maximum
number of attempts is reached. Our explicit rep-
resentation of sub-goals makes this backtracking
possible and has led to a significant performance
gain in unseen environments.

4 Experiments

4.1 Setting and Implementation
Dataset. We follow the train/validation/tests data
partition proposed in ALFRED, where validation
and test sets are further split into seen and unseen
based on whether the scene is shown to the model
during training. Each sub-goal planning step or a
primitive prediction step forms a data instance for
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Pickup(Mug)Goto(Mug) Goto(Mug)

RotateRight MoveAheadMoveAhead End Pickup(Mug) RotateLeft MoveAhead Pickup(Mug)

Pickup(Mug)

End

Backtracking

…

Figure 4: Illustration of self-monitoring and backtracking.

Model
Validation Seen Validation Unseen Test Seen Test Unseen

Success Goal-Cond Success Goal-Cond Success Goal-Cond Success Goal-Cond

Seq2Seq 3.70 (2.10) 10.00 (7.00) 0.00 (0.00) 6.90 (5.10) 3.98 (2.02) 9.42 (6.27) 0.39 (0.80) 7.03 (4.26)
HAM - - - - 12.40 (8.20) 20.68 (18.79) 4.50 (2.24) 12.34 (9.44)
MOCA 19.15 (13.60) 28.50 (22.30) 3.78 (2.00) 13.40 (8.30) 22.05 (15.10) 28.29 (22.05) 5.30 (2.72) 14.28 (9.99)
HiTUT 25.24 (12.20) 34.85 (18.52) 12.44 (6.85) 23.71 (11.98) 21.27 (11.10) 29.97 (17.41) 13.87 (5.86) 20.31 (11.51)

HiTUT (G only) 18.41 (7.59) 25.27 (12.55) 10.23(4.54) 20.71 (9.56) 13.63 (5.57) 21.11 (11.00) 11.12 (4.50) 17.89 (9.77)

Human - - - - - - 91.00 (85.80) 94.50 (87.60)

Table 2: Task and Goal-Condition success rates. The path length weighted version is in parentheses. The highest values per
column are in bold. ”-” denotes scores that are not reported. G only denotes only using the goal directive during evaluation
without any sub-goal instructions.

the corresponding sub-problem. The number of
data instances are shown in Table 1.

Pre-training. We employ the pre-training fol-
lowed by fine-tuning paradigm for both the object
detector and the main model. For the object detec-
tor, we use a Mask R-CNN (He et al., 2017) model
pre-trained on MSCOCO (Lin et al., 2014), and
fine-tune it on 50K images collected by replaying
the expert trajectories in the ALFRED train split.
As we observe that the model struggles on detecting
small objects together with large receptacles, we
train two networks to detect movable objects and
big receptacles separately. We use the pre-trained
RoBERTa (Liu et al., 2019b) model to initialize the
transformer encoder.

Training. We perform imitation learning (super-
vised learning) on the expert demonstrations. The
ground-truth labels of sub-goals and primitive ac-
tions are obtained from the metadata. Different
input and output labels are organized for each sub-
problem respectively as described in Section 3. We
use the mask proposal that overlaps the most with
the ground truth mask as the mask selection la-
bel if the intersection-of-union is above 50%. If
there is no valid mask proposals, the label is as-
signed to 0 as an indicator of non-valid grounding.
We optimize the cross-entropy loss between model
predictions and the ground truth. We follow the

multi-task training schema in Liu et al. (2019a)
where for each iteration, a batch is randomly sam-
pled among all the sub-problems, and the model is
updated according to the corresponding objective.
More details are in Appendix.

Evaluation Metrics. ALFRED leverages an in-
teractive evaluation in the AI2-THOR environment
(Kolve et al., 2017). A task is considered success-
ful if all the goal conditions (e.g. the target object
is placed on a correct receptacle and in a requested
state such as heated or cleaned etc.) are met. Three
measures are used: (1) success rate (the ratio of
successfully completed tasks), (2) goal-condition
rate (ratio of completed goal conditions), and (3) a
weight version of these two rates which takes into
account of the length difference between the pre-
dicted action sequence and the expert demonstrated
action sequence (Shridhar et al., 2020).

Baselines. We compare HiTUT to: (1) Seq2Seq -
an LSTM-based baseline model with progress mon-
itoring proposed in Shridhar et al. (2020); (2) HAM
- a hierarchical attention model over enriched visual
inputs (Nguyen and Okatani, 2020), and (3) MOCA
- a modular approach which also uses a Mask R-
CNN for mask generation (Singh et al., 2020) and
achieved previous state-of-the-art performance.
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Seq2Seq 32 81 88 85 81 25 100 70
MOCA 53 62 87 84 79 51 93 73
HiTUT 81 77 95 100 83 81 97 88
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n Seq2Seq 21 46 92 89 57 12 32 50

MOCA 44 39 38 86 71 55 11 49
HiTUT 71 69 100 97 91 78 58 81

Table 3: Success rates of manipulation sub-goals on valida-
tion sets. The highest values per fold are in bold.

4.2 Evaluation Results

4.2.1 Overall Performance of HiTUT

We first evaluate the overall performance of the
proposed framework as shown in Table 2. On
the testing data reported by the leader board, in
seen environments, HiTUT achieves comparable
performance as MOCA. However in unseen en-
vironments, HiTUT outperforms MOCA by over
160% on success rate. This demonstrates our hi-
erarchical task modeling approach has higher gen-
eralization ability compared to end-to-end models.
Self-monitoring and backtracking enabled by hier-
archical task structures allows the agent to better
handle new situations. Remarkably, only based on
high-level goal directives (i.e., HiTUT (G Only)) with-
out using any sub-goal instructions, is HiTUT able
to obtain a success rate of 11% in unseen environ-
ment, achieving 110% performance gain compared
to MOCA. This result indicates that HiTUT can
learn prior task knowledge from the hierarchical
modeling process and apply that directly in new
environment with some success. Nevertheless, our
results are far from human performance and there
is still huge room for future improvement.

To have a better understanding of the problem,
we also conduct evaluations on sub-goals. The
agent is positioned at the starting point of each sub-
goal by following the expert demonstration and the
success rate of accomplishing the sub-goal is mea-
sured. HiTUT predicts first a symbolic sub-goal
representation and then the action sequence to com-
plete the sub-goal. As shown in Table 3, HiTUT
outperforms previous models on almost all of the
manipulation sub-goals by a large margin. The per-
formance gain is particularly significant in unseen
environment, which demonstrates the advantage of
our explicit hierarchical task modeling in low-level
action planning.

Valid Seen Valid Unseen

#BT Success Goal-Cond Success Goal-Cond

No 10.5 (6.0) 18.4 (13.8) 5.2 (3.0) 13.5 (11.1)
2 18.9 (9.9) 27.6 (18.0) 10.2 (5.9) 20.2 (13.6)
4 23.1 (11.3) 32.9 (18.6) 12.9 (7.0) 22.7 (12.9)
6 25.6 (12.0) 35.1 (18.5) 14.5 (7.4) 24.3 (12.3)
8 27.2 (12.5) 37.0 (18.5) 16.2 (7.8) 25.9 (12.1)

Table 4: Success rates w.r.t. the allowed maximum backtrack-
ing number (#BT).

Seq2Seq MOCA
Our model with different #backtracks
no 1 2 4 6 8

Seen 51 54 35 48 56 64 68 70
Unseen 22 32 31 45 53 60 63 65

Table 5: Success rate of the navigation sub-goal Goto with
backtracking .

4.2.2 The Role of Backtracking
We conduct experiments to better understand the
role of self-monitoring and backtracking. We re-
peat the task-solving evaluation with different lim-
its on the allowed maximum number of backtrack-
ing. The agent only stops when the model pre-
dicts to stop (i.e., predicts End) or it reaches the
backtracking limit. As shown in Table 4, as the
limit increases, the task/goal-condition success rate
increases accordingly. One thing notable is that
the gap between success rates (weighted and un-
weighted) become larger when more backtrack at-
tempts are allowed. This is within our expecta-
tion because backtracking deviates from instruc-
tion following navigation to goal-oriented explo-
ration, which usually takes more steps than the
expert demonstration.

Since backtracking is particularly targeted to nav-
igation sub-goals Goto (see Section 3.3), we further
examine the role of number of re-tries (i.e. back-
tracks) in completing the sub-goal. As shown in
Table 5, HiTUT reaches more targets when given
more opportunities to backtrack. The backtracking
is most beneficial in unseen environment.

4.2.3 Complexity of Tasks
Task decomposition provides a tool to enable better
understanding of task complexity and agent’s abil-
ity. To do that, we replace different part of model
predictions by the corresponding oracle sub-goals,
actions, or masks, as shown in Table 6.

Using oracle sub-goals improves the success
rate for 2%-6% (line SG), showing sub-goal plan-
ning is a relatively easy problem and the agent can
perform reasonably well. After using the oracle
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Figure 5: Step-by-step prediction accuracies given the golden sub-goal/action history w.r.t. the proportion of training data on
the unseen validation set. Each solid line corresponds to a specific input configuration. Dashed lines are the scores obtained
using 100% of training data.

Method
Valid Seen Valid Unseen

Success Goal-Cond Success Goal-Cond

HiTUT 25.2 (12.2) 34.8 (18.5) 12.4 (6.8) 23.7 (12.0)

+ Oracle
SG 29.0 (15.6) 39.1 (21.3) 14.0 (7.6) 25.6 (12.7)
N 75.0 (72.7) 78.0 (77.4) 57.9 (60.0) 67.7 (65.2)
SG+N 79.2 (77.8) 84.0 (81.3) 64.2 (64.2) 72.0 (68.1)
SG+N+M 89.0 (100) 90.0 (100) 80.5 (100) 83.7 (100)
SG+N+GR 99.3 (99.0) 99.4 (99.1) 99.4 (99.3) 99.6 (99.6)

Table 6: Success rates of HiTUT with different parts of pre-
dictions replaced by oracle operations with expert demonstra-
tions. N, M, SG and GR denote oracle navigation actions,
manipulation actions, sub-goals and object grounding (i.e.,
mask generation) respectively.

navigation actions, the seen and unseen success
rates are boosted by an absolute gain of 50% and
46% respectively (line N), indicating that navigat-
ing to reach target objects is a particularly hard
problem and the agent performs poorly. When ora-
cle sub-goals, navigation actions, and manipulation
actions (only symbolic representations) are given
(line SG+N+M), the task success is bounded by the
performance of the pre-trained object mask gener-
ator (i.e., visual grounding of the object). When
oracle object masks are given together with oracle
sub-goals and navigation actions (line SG+N+GR)
and the agent only needs to predict symbolic repre-
sentation of manipulation actions, the performance
is near perfect. These last two lines indicate that
predicting the type and the argument of a manip-

ulation action is a rather simple problem in the
ALFRED benchmark while grounding action ar-
guments to the visual environment remains a chal-
lenging task.

We further examine the complexity of learning
to solve sub-problems by evaluating the next-step
prediction accuracy given the golden history under
different conditions as shown in Figure 5. The mod-
els are trained and evaluated with different com-
binations of input and different amount of train-
ing data. We observe that excluding the visual
input does not hurt performance for sub-goal pre-
diction and manipulation action prediction (shown
by a,b,d,e). This indicates that in ALFRED, pure
symbolic planning is often independent from visual
understanding, which is consistent with the find-
ings in (Shridhar et al., 2020). However, this could
be an oversimplification brought by the bias in the
dataset rather than a true reflection of the physical
world. For example, next action prediction can be
made by remembering the correlation of predicates
instead of reasoning over vision and language, due
to the lack of diversity of the task environments.
Removing language instructions causes a minimal
performance drop of 1%-2% on action prediction
tasks, which brings up the question about the use-
fulness of language instructions in this benchmark.
Furthermore, the prediction accuracy is above 90%
and 98% with only 5% training data for sub-goal
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and manipulation planning respectively, while the
navigation accuracy is only 82% given all the data.
This again supports the finding that planning and
performing navigation actions is a much harder
problem than sub-goal planning and manipulation
actions in ALFRED.

5 Discussion and Conclusion
This paper presents a hierarchical task learning
approach that achieves the new state-of-the-art per-
formance on the ALFRED benchmark. The task
decomposition and explicit representation of sub-
goals enable a better understanding of the problem
space as well as the current strengths and limi-
tations. Our empirical results and analysis have
shown several directions to pursue in the future.
First, we need to develop more advanced compo-
nent technologies integral to task learning, e.g.,
more advanced navigation modules through either
more effective structures (Hong et al., 2020) or
richer perceptions (Shen et al., 2019) to solve navi-
gation bottleneck. We need to develop better repre-
sentations and more robust and adaptive learning
algorithms to support self-monitoring and back-
tracking. We also need to seek ways to improve
visual grounding, which is crucial to both naviga-
tion and manipulation.

Second, we should also take a closer look at
the construction and objective of existing bench-
marks. How a benchmark is created and how truth-
fully it reflects the complexity of the physical world
would impact the scalability and reliability of the
approach in the real world. As for the objective,
there is a distinction between learning to perform
tasks and learning to follow language instructions.
If the objective is the former, the agent should be
measured by the ability to learn to accomplish high-
level goal directives without being given specific
language instructions at the inference time. If the
objective is the latter, then the agent should be mea-
sured by how faithful it follows human instructions
aside from achieving the goals, similar to (Jain
et al., 2019). We need to be clear about the objec-
tives and develop evaluation metrics accordingly.

Finally, when humans perform poorly in a com-
plex task, we have the ability to diagnose the prob-
lem and put more energy on learning the difficult
part. Physical agents should also have similar abil-
ities. In task learning, on the one hand, the agent
should be able to master simple sub-tasks from a
few data instances, e.g., through a few turns of inter-
actions with humans (Karamcheti et al., 2020). On

the other hand, it should be aware of the bottleneck
of its learning progress and proactively request for
help when problems are encountered either dur-
ing learning or during deployment (She and Chai,
2017). How to effectively design interactive and
active learning algorithms for the agent to learn
complex and compositional tasks remains an im-
portant open research question.
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Appendix

A Additional Training Details

We use the RoBERTa (Liu et al., 2019b) implemen-
tation from Huggingface (Wolf et al., 2019). The
model is fine-tuned for 10 epochs with the Adam
(Kingma and Ba, 2015) optimizer on the ALFRED
training set. The learning rate warms up over the
first half of the first epoch to a peak value of 1e-5,
and then linearly decayed. The model achieving
the highest navigation action prediction accuracy
on the validation seen set is selected for evaluation.
All the models are trained on one NVIDIA V100
16GB GPU.

B Additional Evaluation Details

We follow the evaluation setting in the ALFRED
benchmark2. For each episode, the agent is given
a task, which is composed of a goal directive G
and several sub-goal instructions. The agent needs
to sequentially perform actions to achieve the goal
based on the visual observations of RGB image
only. This progress ends if the agent predicts an
End action (an End sub-goal for HiTUT), which is
made after up to 10 failed interaction attempts or
reaching the maximum step limitation. For HiTUT,
there is also a maximum number of backtracking
attempts, and the model will be forced to stop if
the budget runs out. The maximum number of
backtracking is 8 in all of our experiments with-
out explicitly mentioning the backtracking number.
We also leverage two techniques to reduce the in-
teraction attempt failures. We use the obstruction
detection trick proposed in Singh et al. (2020) to
avoid failures caused by repeated tries of moving
toward obstructions. We propose a self-monitoring
approach to check the validity of manipulation ac-
tions. If no mask is selected or a predicted action
argument is not consistent with the class prediction
from Mask R-CNN for the selected object, the ma-
nipulation action is decided as failed and the agent
performs a backtrack without trying to execute the
action. Note that in Table 4, we remove the in-
teraction attempt constraint when comparing the
effect of different allowed maximum backtracking
numbers, thus the results of #BT = 8 is slightly
higher than those shown in Table 2.

2https://leaderboard.allenai.org/
alfred/submissions/get-started

Task-Type MOCA HiTUT

Seen Unseen Seen Unseen

Pick & Place 29.5 5.0 35.9 26.0
Cool & Place 26.1 0.7 19.0 4.6
Stack & Place 5.2 1.8 12.2 7.3
Heat & Place 15.8 2.7 14.0 11.9
Clean & Place 22.3 2.4 50.0 21.2
Examine & Place 20.2 13.2 26.6 8.1
Pick Two & Place 11.2 1.1 17.7 12.4

Average 18.6 3.8 25.2 12.4

Table 7: Success rates across 7 task types on the valida-
tion sets. Highest values per fold are bold.

Model #Backtracking Seen SR Unseen SR

RoBERTa no 10.5 5.2
Scratch no 7.9 2.8
RoBERTa 4 23.1 12.9
Scratch 4 18.1 10.2
RoBERTa 8 27.2 16.2
Scratch 8 26.8 14.0
MOCA - 19.15 3.78

Table 8: The validation success rates for models pre-
trained and trained from scratch with different allowed
maximum number of backtrackings.

C Additional Results

A detailed per-task performance comparison of Hi-
TUT and MOCA is shown in Table 7. As the
comparison might be unfair since HiTUT bene-
fits from model pre-training, we also conduct an
ablation study to show the effectiveness of pre-
training. In Table 8, we compare the fine-tuned
RoBERTa model to a Transformer with the same
size trained from scratch to show the role of the
RoBERTa pretraining.We can see that RoBERTa
consistently improves the performance over train-
ing from scratch both w/o and w/ backtracking
with an absolute gain between 0.4% and 5% on
task success rate. Notably, Scratch with 4 or 8
backtrackings still outperform MOCA by a large
margin in terms of the unseen success rate.
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Abstract
Reporting and providing test sets for harm-
ful bias in NLP applications is essential for
building a robust understanding of the cur-
rent problem. We present a new observation
of gender bias in a downstream NLP appli-
cation: marked attribute bias in natural lan-
guage inference. Bias in downstream appli-
cations can stem from training data, word
embeddings, or be amplified by the model
in use. However, focusing on biased word
embeddings is potentially the most impact-
ful first step due to their universal nature.
Here we seek to understand how the intrin-
sic properties of word embeddings contribute
to this observed marked attribute effect, and
whether current post-processing methods ad-
dress the bias successfully. An investiga-
tion of the current debiasing landscape reveals
two open problems: none of the current de-
biased embeddings mitigate the marked at-
tribute error, and none of the intrinsic bias mea-
sures are predictive of the marked attribute ef-
fect. By noticing that a new type of intrinsic
bias measure correlates meaningfully with the
marked attribute effect, we propose a new post-
processing debiasing scheme for static word
embeddings. The proposed method applied
to existing embeddings achieves new best re-
sults on the marked attribute bias test set. See
https://github.com/hillary-dawkins/MAB.

1 Introduction

Pre-trained distributed representations of words
(a.k.a. word embeddings) are ubiquitous tools in
natural language processing (NLP). Their utility
is owing to the remarkable success in mapping se-
mantic and syntactic relationships among words to
linear relationships among real-valued vectors. For
instance, analogy generation using vector addition
on word embeddings (e.g. Tokyo is to Japan as
Paris is to France) was taken to be an early mea-
sure of word embedding quality. In all kinds of

related tasks, the vector space is known to encode
semantic meaning surprisingly well (Pennington
et al., 2014; Mikolov et al., 2013b,c). However,
harmful gender-biased properties of word embed-
dings are also known to exist. Later is was observed
that the same analogy generation property that pro-
duced the celebrated “man is to king as woman is
to queen” analogy would also predict “man is to
programmer as woman is to homemaker” (Boluk-
basi et al., 2016). This observation sparked interest
in developing debiased word embeddings.

Post-processing debiasing schemes are usually
motivated by recognizing some intrinsic measure of
bias in the embedding space, and then attempting
to reduce that intrinsic bias. Early work (2016-
2017) focused on the idea of a “gender direction”
vector within the embedding space, loosely defined
as the difference vector between female and male
attribute words. It was noted that any non-zero pro-
jection of a word onto the gender direction (termed
direct bias) implied that the word was more related
to one gender over another. In the case of ideally
gender-neutral words (e.g. doctor, nurse, program-
mer, homemaker), this was viewed as an undesir-
able property. The first debiasing methods, Hard
Debias (Bolukbasi et al., 2016) and Gender Neutral-
GloVe (Zhao et al., 2018b), worked to minimize
or eliminate the direct bias, and were shown to
be successful in mitigating harmful analogies gen-
erated by word embeddings in relation to gender-
stereotyped occupations.

An influential critique paper by Gonen and Gold-
berg (2019) demonstrated that minimizing direct
bias did not eliminate bias in the vector space en-
tirely. Rather, words that tended to cluster together
due to gender bias (e.g. nurse, teacher, secretary,
etc.) would still cluster together in the nullspace of
the gender direction. Furthermore, the original bias
could be recovered by classification techniques us-
ing only the debiased word embeddings as input.
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These observations were termed cluster and recov-
erability bias.

The next wave of debiasing methods (2019-
present) focused on reducing cluster and recov-
erability bias while proposing new metrics to sys-
tematically quantify the indirect bias of the embed-
ding space (e.g. the Gender-based Illicit Proxim-
ity Estimate, introduced by Kumar et al. (2020)).
While these new debiasing schemes do reduce indi-
rect bias in multiple ways, there is a general lack
of connection to downstream applications such as
coreference resolution, natural language inference
(NLI) and sentiment analysis.

Current gender-bias evaluation tests (GBETs)
in widespread use include the WinoBias test set
(Zhao et al., 2018a), designed to measure bias in
coreference resolution systems using stereotypical
occupations as a probe, and the NLI test set (Dev
et al., 2020a), designed to measure stereotypical in-
ferences again using occupations as the concept of
interest. More commonly used evaluations include
the Word Embedding Association Test (WEAT)
(Caliskan et al., 2017), and the analogy genera-
tion test SemBias (Zhao et al., 2018b). However
these tests solely evaluate the vector properties of
the word embeddings, without any connection to
downstream applications. Adding to the library of
downstream GBETs is essential in building a robust
understanding of gender bias in NLP applications
(Sun et al., 2019).

Here we introduce a new observation of gender-
biased predictions in a downstream task, namely
“marked attribute bias” in natural language infer-
ence, and develop corresponding GBETs. Marked
attribute bias refers to the language model’s ten-
dency to predict that “person” implies “man”
(the default attribute), while simultaneously under-
standing that “person” does not necessarily imply
“woman” (the marked attribute). Marked attribute
bias was found to exist on explicitly defined gender
words (e.g. man, woman, etc.), and persist on im-
plicit gender words (e.g. names) as well as latent
gender-carriers (e.g. stereotypical occupations).

An analysis of the currently available de-
biased embeddings reveals that none are able
to successfully mitigate marked attribute bias.
Furthermore, none of the currently proposed
measures of intrinsic bias on the embedding space
are predictive of the marked attribute effect. We
define a new measure of intrinsic bias that was
found to correlate with the marked attribute effect

better than any currently available metric. Using
this insight, we introduce a new debiasing scheme:
Multi-dimensional Information-weighted Soft
Projection. Applying MISP to an existing debiased
embedding achieves the lowest observed marked
attribute bias error.

Summary of main contributions:

1. We present a new observation of gender bias
in a downstream NLP application: marked
attribute bias (MAB). The MAB test sets are
made available in order to expand the current
set of GBETs.

2. An analysis of current debiasing methods and
current intrinsic bias measures finds that none
sufficiently mitigate the error, and likewise
none sufficiently explain the effect. This ob-
servation creates two new open problems.

3. We propose a new measure for quantify-
ing intrinsic bias on the embedding space:
Multi-dimensional Information-weighted Di-
rect Bias (MIDB). This measure was found
to correlate meaningfully with the marked at-
tribute effect.

4. We introduce a new debiasing scheme: Multi-
dimensional Information-weighted Soft Pro-
jection. MISP-debiased embeddings obtain
new best performance on the MAB test set.

2 Marked Attribute Bias in Natural
Language Inference

2.1 Background: Natural Language
Inference

Natural language inference is one of the pillars
of natural language understanding. It is the task
of determining whether a hypothesis sentence is
(neutral, entailed, or contradicted) with respect to a
premise sentence. For example:

Premise: A choir sings in the church.
Hypothesis: The church is filled with the sound

of singing. (Correct prediction: Entail)
Dev et al. (2020a) previously used NLI as a test

case for gender bias with respect to occupations.
For example, consider:

Premise: A doctor prepared a meal.
Hypothesis 1: A man prepared a meal. (N)
Hypothesis 2: A woman prepared a meal. (N)
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This inference task essentially asks the question:
is “doctor” a subset of man/woman? I.e. if some-
one is a doctor, must they be a man? While both
hypothesis sentences should receive a neutral pre-
diction (as “doctor” does not imply any specific
gender), hypothesis 1 will more likely receive an
entailment, while hypothesis 2 will more likely
receive a contradiction, given biased word embed-
dings. The corresponding GBET was published by
Dev et al. (2020a) and contains 1936512 sentence
pairs in the form [A occupation verb object]→ [A
gender word verb object]. Throughout this paper,
we will use the notation [Sentence A]→ [Sentence
B] to mean that premise Sentence A is paired with
hypothesis Sentence B.

2.2 Observation of marked vs. default
attribute bias

Marked vs. default attribute bias occurs whenever a
default attribute (e.g. male, white, etc.) is assumed,
and a marked attribute has to be explicitly stated or
becomes a defining trait. In the context of the natu-
ral language inference task, consider the sentence
pair:

Premise: A person prepared a meal.
Hypothesis 1: He prepared a meal. (N)
Hypothesis 2: She prepared a meal. (N)
Due to the language model’s1 tendency to pre-

dict that “person” implies a male (default) attribute,
the first hypothesis sentence will have a prediction
probability vector shifted towards Entail. However
the same language model would tend towards a
Neutral prediction for the second hypothesis, rec-
ognizing that “person” does not necessarily imply
female (the marked attribute). To put it another way,
this inference task essentially asks the question: is
“person” a subset of man/woman? When presented
with a masculine form, the model answers: yes (en-
tailment), a person must be a man. When presented
with a feminine form, the model answers: not nec-
essarily (neutral), a female has an attribute (gender)
that not all persons have. The name “Marked At-
tribute Bias” therefore derives from the observation
that masculine forms are unmarked with respect

1All NLI models mentioned throughout this paper are
based on the Decomposable Attention Model (Parikh et al.,
2016) with intra-attention, trained on the Stanford Natural
Language Inference training dataset (Bowman et al., 2015)
(trained for 100 epochs; learning rate 0.025; weight decay
1e-5; dropout rate 0.2; 200 hidden units; approximately 104

total model parameters). All the code and data needed to
reproduce results mentioned in this paper are available at
https://github.com/hillary-dawkins/MAB.

to gender, whereas female forms carry a marked
gender attribute.

In this particular example, the model trained
with (original) GloVe2 word embeddings (Penning-
ton et al., 2014) gives a probability distribution
(N,E,C) of (0.0538, 0.929, 0.0177) for hypoth-
esis 1 and (0.687, 0.238, 0.0750) for hypothesis
2.

Note that although the MAB test construction
appears similar to Dev et al. (2020a), it is actually
measuring quite a distinct effect. The (Dev et al.,
2020a) test set measures associations between gen-
der and some concept of interest (occupations).
The MAB test set measures something more gen-
eral and pervasive; it measures how gender words
carry meaning, independent of any concept of in-
terest.

Achieving the correct prediction probability of
(N,E,C) = (1, 0, 0) on both sentences is diffi-
cult because it requires the language model to be
attribute-aware (in this case gender-aware) while
not using the gender attribute to alter predictions
when it would be inappropriate to do so.

3 Analysis of the current situation

In order to investigate the presence of systematic
marked attribute bias in natural language inference,
we construct three types of tests: bias on explicit
gender words, implicit gender carriers, and latent
gender carriers. We wish to understand the depth
and persistence of the marked attribute effect, as
well as how it is handled by current debiasing meth-
ods. Firstly we provide a brief description of the
current debiasing methods to be analyzed. Next we
provide details of the test sets and report results.

3.1 Debiased embeddings
Within the scope of this paper, we focus on post-
processing techniques applied to static word em-
beddings. These types of methods are computa-
tionally inexpensive, easy to concatenate, and are
independent of the base embedding. In addition, we
include GN-GloVe, one of the highly cited retrain-
ing methods. Notationally, we specify embeddings
as (base embedding).method. Where available, we
use published debiased embeddings made avail-
able from the original authors of the corresponding
method. Otherwise, we apply the method to the

2Taken as the GloVe embeddings trained on the
Common Crawl corpus for 840B tokens; available at
https://nlp.stanford.edu/projects/glove/. Results were not
found to vary significantly among undebiased embeddings.

4216



base GloVe embeddings. The methods we will
analyze include:

Hard Debias3 (GloVe4.HD) (Bolukbasi et al.,
2016): The subset of gender-neutral words are pro-
jected onto the nullspace of the gender direction ~g.
Gender-neutral words are made equidistant to pairs
of words in a defined equalization set.

Gender-Neutral GloVe5 (GN-GloVe) (Zhao
et al., 2018b): Similar to hard debias, this method
seeks to eliminate the direct bias. The embeddings
are retrained from scratch using a modified version
of GloVe’s original objective function. The gender
information is sequestered to the final component
of the word embedding. The gender-neutral portion
of the word embedding is then defined as the first
d−1 = 299 components, denoted GN-GloVe(wa)(wa)(wa).

Gender-Preserving6 (GloVe4.GP) (Kaneko
and Bollegala, 2019): This method seeks to elimi-
nate harmful gender bias while retaining as much
useful semantic gender information as possible.

Double Hard Debias7 (GloVe4.DHD) (Wang
et al., 2020): An extended version of the hard
debias algorithm, based on the observation that
frequency information encoded in the word em-
beddings convolutes the definition of the gender
direction. Correctional pre-processing is applied
prior to hard debiasing.

Bias Alignment Model8 (GloVe4.BAM)
(Lauscher et al., 2019): Gender subspace matrices
are defined by stacking explicit gender words.
The projection that maps the embedding space
to itself while approximately aligning the gender
subspaces is learned and applied to all words. After
alignment, gender information is not retained.

Orthogonal Subspace Correction and Recti-
fication9 (GloVe4.OSCaR) (Dev et al., 2020b):
The rationale is that linear projective methods are
too aggressive in modifying the entire embedding
space. OSCaR rectifies two concepts of interest
(gender and occupations), such that these subspaces
are orthogonal in the debiased space.

Iterative Nullspace Linear Projection10

3https://github.com/tolga-b/debiaswe
4 The base (undebiased) embeddings are GloVe trained on

the 2017 January Wikipedia dump (vocab contains 322,636
tokens). Available at https://github.com/uclanlp/gn glove.

5https://github.com/uclanlp/gn glove
6https://github.com/kanekomasahiro/gp debias
7https://github.com/uvavision/Double-Hard-Debias
8https://github.com/anlausch/DEBIE
9https://github.com/sunipa/OSCaR-Orthogonal-

Subspace-Correction-and-Rectification
10https://github.com/shauli-ravfogel/nullspace projection.

(GloVe4.INLP) (Ravfogel et al., 2020): Rather
than defining a gender direction, INLP learns the
most informative decision boundary for classifying
gendered and gender-neutral words. All words are
projected to the nullspace of the gender subspace,
and the process proceeds iteratively until gender
information is sufficiently erased. A closely related
method is the D4 algorithm (Davis et al., 2020).

Repulse Attract Neutralize Debias11

(GloVe4.RAN) (Kumar et al., 2020): Moti-
vated by the persistence of implicit bias after
debiasing through projective methods (observed
as clustering and recoverability), RAN-debias at-
tempts to address both direct bias and gender-based
proximity bias.

3.2 Explicit gender words test set and error
definitions

Firstly, we construct a test set where every sentence
pair is of the form [A person verb object]→ [(A)
gender word verb object] (the correct inference is
always neutral since a person can be of any gender).
Verbs (n = 27) and objects (n = 184) are paired
to create n = 1968 unique premise sentences12.
Gender words are taken to be {man, woman, guy,
girl, gentleman, lady, He, She}, following (Dev
et al., 2020a) with the addition of the pronouns, for
a total test set S of |S| = 15744 sentence pairs
where hypotheses represent binary genders evenly
(denoted SM , SF , |SM | = |SF |).

For every hypothesis sentence in the test set, the
ideal prediction probability vector is (N,E,C) =
(1, 0, 0). We could define the error on the test set
as the average Euclidean distance from the ideal
distribution:

E =
1

|S|
∑

i∈S
‖(1, 0, 0)− (N,E,C)i‖2. (1)

This task, test set, and error definition are sim-
ple, and yet they encapsulate the central chal-
lenge of the debiasing field: to create attribute-
aware (required to obtain the Neutral prediction)
but attribute-unbiased embeddings.

A weaker, but still potentially desirable, con-
dition might be to minimize the effect of gender

The projection matrix computed for our base GloVe embed-
dings is available at https://github.com/hillary-dawkins/MAB.

11https://github.com/TimeTraveller-San/RAN-Debias
12Verbs and objects are taken from (Dev et al.,

2020a) word lists (https://github.com/sunipa/On-Measuring-
and-Mitigating-Biased-Inferences-of-Word-Embeddings) and
are paired using the same pairing rules.
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while not requiring that the model be gender-aware.
Typically, this means that all hypotheses tend to-
wards an Entail prediction, regardless of gender.
We could define the error as the average distance
between probability vectors between genders:

d =
1

2|S|

∥∥∥∥∥∥
∑

i∈SM
(N,E,C)i −

∑

j∈SF
(N,E,C)j

∥∥∥∥∥∥
2

.

(2)
A gender-agnostic model could achieve zero error
by this definition even with an accuracy of zero on
the test set.

Table 1 shows the results for this test set on all
the embeddings of interest. None of the debiased
embeddings successfully mitigate the marked at-
tribute error. A similar test set shows that the effect
persists on implicit gender words (e.g. names).
Results are shown in the appendix.

3.3 Latent gender carriers: Stereotyped
occupations

Next, we would like to check if the gender-induced
marked attribute bias can affect entities which
should be gender neutral, but turn out to be hid-
den carriers of a gender attribute (e.g. stereotypi-
cal occupations). The same template [A person
verb object] → [A/An occupation verb object]
was used with the common vocabulary. Stereo-
typical occupations (n = 32) were sourced from
Bolukbasi et al. (2016), and the SemBias test set.
Examples are (doctor, engineer, boss, etc. vs. nurse,
maid, homemaker, etc.). In total there are 62,976
sentence pairs in the test set13.

Results are shown in Table 2. A permutation test
is used to check if dividing the occupations into
groups according to gender stereotypes produces
a significant difference in the probability vectors
(rather than dividing them randomly). As shown,
the marked attribute effect persists on stereotypi-
cal occupations, especially on original embeddings.
This is an important result because it highlights that
unintended behaviour can appear in unexpected
places due to a latent attribute. Previously, GBETs
have focused on how explicit gender words are
treated under biased models. To our knowledge,
this is the first GBET designed to analyze unin-
tended behaviour on a latent attribute carrier.

Note that this task is easier to correct than the
explicit gender words because occupation words

13The exact word set used to produce these results is avail-
able at https://github.com/hillary-dawkins/MAB.

have defining characteristics beyond gender. That
is, a debiasing method such as Iterative Nullspace
Projection can perform well by removing gender
information entirely. This does not mean that the
challenge of having a gender-aware but gender-
unbiased embedding is solved, but it does provide
evidence that latent gender effects can be mitigated
using linear projective methods. The full extent of
latent biased-attribute effects and possible mitiga-
tion strategies should be investigated further.

4 Intrinsic bias measures

How to define bias on an embedding space remains
an active area of study. In general, we seek to un-
derstand how the intrinsic or geometric properties
of an embedding space translate to real observable
bias in downstream tasks. Intrinsic properties are
easy to compute quickly, whereas computing per-
formance on downstream tasks requires us to train
new models for every case. Understanding of the
correlations between the two gives insight on how
word embeddings should be debiased.

As a case study, let us focus on the marked at-
tribute error E on the explicit gender words (shown
in Table 1). Recall that this measure of bias is of
interest because zero error corresponds to the gold
standard: having an attribute-aware model, while
simultaneously not using the gender attribute to
make inappropriate inferences. In this section, we
look at 5 existing intrinsic bias measures: Direct
Bias, Clustering, Recoverability, Gender-based Il-
licit Proximity Estimate (GIPE), and SemBias. We
will investigate whether any of these measures are
predictive of the marked attribute effect.

Recall that direct bias was the first measure to
be proposed; it simply measures the average pro-
jection of word vectors onto a predefined gender
direction. Early methods (i.e. Hard Debias and
GN-GloVe) defined bias in the embedding space
completely as direct bias. The idea of clustering
and recoverability refer to a classifier’s ability to
correctly reassign gender labels to words, even af-
ter debiasing methods have been applied. Gonen
and Goldberg (2019)’s observation of clustering
and recoverability sparked new interest in defining
metrics for indirect bias on the embedding space.
Although clustering and recoverability do not pro-
vide well-defined measures of bias given an embed-
ding space (as they depend training implementa-
tion - though they could be said to provide a lower
bound), many new debiasing proposals will cite re-
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Table 1: Results of the marked attribute test set on explicit gender words. Due to varying results on gender nouns
vs. pronouns, results are shown separately for each case (M and F represent averages across the gender nouns).
Some debiased embeddings are able to eliminate the distance across pronouns (really by definition since ~she ≈ ~he
in these cases), but none are able to eliminate differences between the gender nouns significantly. Even when
differences between genders are minimized, distance from the ideal distribution (error E) remains or increases.
This highlights the challenge of creating gender-aware but not gender-biased embeddings.

Emb.method Gender N E C Gender N E C d E
GloVe M 0.7832 0.1966 0.0202 F 0.9449 0.0401 0.0149 0.225 0.182

he 0.0982 0.8838 0.0180 she 0.6549 0.3137 0.0315 0.797 0.865
GloVe.HD M 0.8306 0.1329 0.0365 F 0.9269 0.0499 0.0232 0.128 0.155

he 0.2944 0.6737 0.0319 she 0.5174 0.4334 0.0491 0.328 0.813
GN-GloVe M 0.6339 0.3402 0.0259 F 0.9169 0.0461 0.0370 0.408 0.301

he 0.1767 0.7968 0.0265 she 0.8223 0.1405 0.0373 0.921 0.688
GN-GloVe(wa) M 0.8446 0.1254 0.0300 F 0.9211 0.0395 0.0394 0.115 0.149

he 0.1430 0.8266 0.0304 she 0.4237 0.5367 0.0396 0.404 0.990
GloVe.DHD M 0.7013 0.2685 0.0302 F 0.9282 0.0510 0.0209 0.315 0.247

he 0.1566 0.8187 0.0247 she 0.1597 0.8139 0.0264 0.006 1.173
GloVe.GP M 0.6172 0.3521 0.0306 F 0.8777 0.0693 0.0530 0.385 0.336

he 0.2443 0.7262 0.0295 she 0.6481 0.3040 0.0480 0.585 0.758
GloVe.BAM M 0.7983 0.1703 0.0314 F 0.9329 0.0447 0.0224 0.184 0.175

he 0.1625 0.8083 0.0292 she 0.6752 0.2878 0.0369 0.731 0.800
GloVe.OSCaR M 0.8233 0.1572 0.0195 F 0.9431 0.0400 0.0169 0.168 0.154

he 0.1482 0.8292 0.0226 she 0.8428 0.1278 0.0294 0.987 0.697
GloVe.RAN M 0.8055 0.1686 0.0260 F 0.8994 0.0701 0.0305 0.136 0.193

he 0.1939 0.7811 0.0250 she 0.5962 0.3420 0.0618 0.597 0.828
GloVe.INLP M 0.8298 0.1537 0.0166 F 0.9204 0.0633 0.0164 0.128 0.167

he 0.1081 0.8710 0.0209 she 0.1119 0.8672 0.0209 0.005 1.244

Table 2: Results of marked attribute test set on stereotypical occupations. Each (N,E,C) probability vector is
averaged over the 1968 unique premise sentences and the gender attribute words from each category (M or F)
(n = 31, 488 sentences for each gender). Smaller distances between the M and F vectors indicate less gender bias.
The significance of the difference was evaluated using a permutation test; the alternate distance d∗ is computed for
10,000 randomly sampled partitions of the occupations into two groups. The significance value is the proportion
of these samples to generate a distance d∗ > d. This gives us an idea of whether the defined partition, based on
gender, is a meaningful grouping. Smaller significance values indicate that the defined partition is non-random
with respect to the distance.

Emb.method M attribute (N, E, C) F attribute (N, E, C) Distance d Significance
GloVe (0.6000, 0.3350, 0.0650) (0.7378, 0.1711, 0.0910) 0.216 0.0001
GloVe.HD (0.4975, 0.4500, 0.0525) (0.6075, 0.3357, 0.0568) 0.159 0.0408
GN-GloVe (0.5026, 0.4434, 0.0540) (0.7126, 0.2036, 0.0838) 0.320 0.0000
GN-GloVe(wa) (0.5309, 0.3915, 0.0776) (0.6197, 0.2771, 0.1032) 0.147 0.0478
GloVe.DHD (0.5285, 0.4126, 0.0589) (0.6513, 0.2811, 0.0676) 0.180 0.0038
GloVe.GP (0.5016, 0.4380, 0.0604) (0.6479, 0.2639, 0.0882) 0.229 0.0010
GloVe.BAM (0.6293, 0.3077, 0.0630) (0.7116, 0.1972, 0.0912) 0.141 0.0060
GloVe.OSCaR (0.5577, 0.3901, 0.0522) (0.6789, 0.2400, 0.0812) 0.195 0.0036
GloVe.RAN (0.5393, 0.3933, 0.0674) (0.5924, 0.3026, 0.1050) 0.112 0.0477
GloVe.INLP (0.5065, 0.4197, 0.0739) (0.5465, 0.3949, 0.0587) 0.050 0.6595
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duced clustering as a positive result. The effect on
downstream applications is not well understood as
of yet. The Gender-based Illicit Proximity Estimate
(GIPE) measures the extent of undue proximities
in the embedding space due to a pervasive gender
attribute. Lastly, the SemBias analogy test set mea-
sures whether gender-biased analogies exist within
the embedding space based on vector arithmetic
properties.

Implementation details for each measure as well
as the experimental set of embeddings (n = 16) are
given in the appendix. The average Direct Bias on
the embedding space was found to have a Pearson
correlation coefficient of 0.104 with the marked
attribute error. The Clustering v-measure14 (Rosen-
berg and Hirschberg, 2007) achieved a correlation
coefficient of 0.184. Recoverability was attempted
using an SVM with a linear decision boundary, an
SVM with a non-linear (radial basis function) ker-
nel, logistic regression, and a simple 1-hidden-layer
fully-connected network. All recoverability corre-
lation results were comparable, but the best coeffi-
cient of 0.223 was achieved by logistic regression.
The GIPE15 had a correlation coefficient of 0.432.
The SemBias16 test set had a correlation coefficient
of 0.091. The full correlation matrix between all in-
trinsic bias measures can be found in the appendix.
The results suggest that the marked attribute effect
is not well correlated with any present notion of
intrinsic bias, therefore we do not have a good un-
derstanding of how the word embedding properties
contribute to this type of observable bias.

In seeking a potential solution, we make note
of a new intrinsic bias measure, multi-dimensional
information-weighted direct bias (MIDB), found to
have a more meaningful correlation of 0.667 with
the marked attribute error. We define the MIDB
of a particular word ~x to be a weighted average
over inner products with basis vectors of a multi-
dimensional gender subspace:

MIDBd(x) =
d∑

i=1

ai〈gi|x〉 (3)

where {gi} form an orthonormal basis for the gen-
der subspace, here defined as the first d princi-

14With cluster size n = 1500 (which lead to the highest
observed correlation); see appendix.

15Using an indirect bias threshold of θ = 0.05, and number
of nearest neighbours n = 100.

16The SemBias score was taken as the proportion of analogy
examples in the test set for which the embedding space returns
the correct definitional analogy.

pal components summarizing difference vectors
{δjk}. The difference vectors are taken as all
pairwise differences17 between vectors in defined
gender sets (here common names were used13):
{δjk} = ~fj − ~mk, fj ∈ Fnames, mk ∈ Mnames
(|Mnames| = |Fnames| = 100). The weighting ai
is the proportion of variance explained by the ith

principal component, and d is a hyperparameter
controlling the number of dimensions to keep18.

New proposals for defining a gender direction
or subspace potentially have far reaching conse-
quences in the landscape of intrinsic bias measures
and their related debiasing schemes. In fact all
of Clustering, Recoverability, GIPE, and SemBias
use the classic uni-dimensional gender direction ~g
within their definitions. The weak observed corre-
lation between DB and MIDB suggests that these
subspaces are independent. Swapping in a uniquely
informative gender subspace to the existing indirect
measures would produce a new family of intrinsic
bias measures. The observed utility of names in
defining a meaningful gender subspace is encour-
aging because it opens an obvious avenue for this
method to be applied to attributes of interest be-
yond gender (e.g. race or ethnicity).

5 Multi-dimensional
information-weighted soft projection

In this section we motivate the above search for an
informative intrinsic bias measure. As discussed,
a greater understanding of how embedding prop-
erties influence observed bias can inform new de-
biasing techniques. Translating the idea of MIDB
into a debiasing scheme yields Multi-dimensional
Information-weighted Soft Projection (MISP).

In this debiasing procedure, we project all words
into the nullspace of the multi-dimensional gender
subspace, proportional to our belief that certain di-
mensions actually encode the latent idea of gender:

~wdeb = ~w −
d∑

i=1

ai〈gi|w〉|gi〉 (4)

where ~w is the input embedding, ~wdeb is the debi-
ased output embedding, and all other quantities are
defined as in eq. (3).

17Using all pairwise differences creates a matrix with rank
much less than the dimension of the matrix, however the rank
is still much larger than d (the number of principal components
to extract) so it doesn’t cause a problem.

18On our set of experimental embeddings, d = 4 was em-
pirically found to produce the 0.7 correlation result.
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Table 3: Results for word similarity and analogy benchmarks. Results on the word analogy tasks are reported
as percentage accuracy. Results on the word similarity tasks are reported as a Spearman correlation (× 100).
Application of MISP does not alter the overall quality of word embeddings as measured by these classic test sets.

Embedding.method Sem Syn Google-Total MSR RG MTurk MEN SL999
GloVe 80.48 62.76 70.80 51.49 75.29 64.27 72.19 34.86
GloVe.MISP 80.49 62.81 70.84 51.51 76.06 64.32 72.41 35.04
GN-GloVe 77.62 61.60 68.87 49.29 74.11 66.36 74.49 37.12
GN-GloVe(wa) 77.68 61.56 68.87 49.38 75.46 66.55 74.72 37.53
GN-GloVe(wa).MISP 77.68 61.59 68.89 49.26 75.49 66.45 74.76 37.60

As shown in Table 1, the GN-GloVe(wa) em-
beddings are currently the top performers on the
explicit gender words test set, as measured by either
error E = 0.149, or distance d = 0.115. Apply-
ing MISP to GN-GloVe(wa) embeddings (denoted
GN-GloVe(wa).MISP), we achieve an error on the
explicit gender words test set of E = 0.1107, a 26%
error reduction over the previous best. The distance
d between genders is reduced to d = 0.08744, a
21% reduction over the previous best. Successful
concatenation suggests that this technique is dis-
tinct, and independently useful, from techniques
that seek to minimize the traditional direct bias
(including GN-GloVe). This observation is consis-
tent with the weak observed correlation between
direct bias and MIDB4 on the experimental set of
embeddings.

Computing the intrinsic bias measures Clus-
tering, Recoverability, GIPE and SemBias
on the newly created embedding space GN-
GloVe(wa).MISP (compared to the base GN-
GloVe(wa)), we observe a clustering v-score of
0.498 (previously 0.497)19, a recoverability ac-
curacy of 0.992 (previously 0.993)20, a GIPE of
0.1169 (previously 0.1173)21, and a SemBias score
of 0.938 (previously 0.938)22. The MISP method
did not reduce bias by any of these measures, al-
though this is not particularly surprising as it was
designed to address the marked attribute effect
(through MIDB). It is encouraging however that
none of these bias measures were increased. In
other words, there is no expected trade-off between
the reduced marked attribute error and any previous
debiasing work that relied on these measures. The

19Where clustering size n = 1500.
20This is the highest accuracy achieved by any of the four

classification methods tested; implementation details are in
the appendix.

21Computed with indirect bias threshold θ = 0.03, and
number of nearest neighbours n = 100.

22Reported as the proportion of samples in the full test set
to return the definitional analogy; higher scores are better.

SemBias result informs us that MISP did not rein-
troduce any harmful biased analogies, for example.

For reference, if we apply the analogous multi-
dimensional hard debias method (i.e. equation (4)
where all weights ai are set to 1), the output em-
beddings GN-Glove(wa).MHD do not successfully
mitigate the marked attribute effect (E = 0.1501,
d = 0.1603). This suggests that the soft nature of
the projection is a key ingredient.

Furthermore, we provide some evidence that
specifically the information weighting of the soft
projection is a good ingredient as follows. Re-
call that we are attenuating components of each
basis vector according to our belief in that vec-
tor as a good gender direction. The basis vec-
tors are defined to be the first d principal compo-
nents, weighted by their corresponding variance ex-
plained. Therefore the first basis vector receives the
greatest weight and so on. To test the significance
of this decision, we define alternative debiased em-
beddings by applying MISP where the weights get
reassigned to the “wrong” vector (for d = 4, we
have 23 alternative pairings). We observe that none
of the 23 alternatives obtain an error E less than the
“true” implementation of MISP. This suggests that
weighting the components by order of information
is a good ingredient. Values of E for the alternate
embeddings can be found in the appendix. Model
parameters for each case are made available in or-
der to reproduce this argument on any extended
version of the MAB test set.

Information weighting is an interesting idea be-
cause it could be applied to either defined or learned
gender subspaces alike. For instance, if the ba-
sis vectors of a gender subspace are taken as the
iteratively learned linear decision boundaries (as
in INLP), we could investigate weighting each di-
mension by the accuracy acci of classification on
each iteration, as ai = (1 − 2acci). In this way,
dimensions receive weights proportional to their
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ability to predict gender information. When accu-
racy reaches 0.5, no gender information remains,
the learned decision boundary is meaningless, and
the basis vector receives zero weighting.

Finally, as with any debiasing method, we wish
to verify that application of the method has not
damaged the overall embedding quality. We assess
the MISP embeddings on a handful of classic anal-
ogy and word semantic similarity benchmarks. The
word similarity benchmarks measure how closely
the word embeddings capture similarity between
words compared to human annotation. We use the
following datasets: RG (Rubenstein and Goode-
nough, 1965), MTurk (Yih and Qazvinian, 2012),
MEN (Baroni, 2014), and SimLex999 (Hill et al.,
2015). The word analogy task measures how well
the word embeddings capture semantic and syntac-
tic relationships among words as vector properties.
We report on the Google (Mikolov et al., 2013a),
and MSR (Mikolov et al., 2013c) test sets. Re-
sults were obtained following the word embedding
benchmark package23 (Jastrzebski et al., 2017). As
shown, application of MISP does not alter the over-
all word embedding quality.

6 Conclusion

This paper highlights a new observation of gen-
der bias in a downstream setting: marked attribute
bias in natural language inference. The current
inference is that “person” implies male, while “per-
son” does not imply female. Consequently, this
inference is being baked into our models of natural
language understanding. The effect was shown to
persist on explicitly defined gender words and on
latent gender-attribute carriers. Based on an assess-
ment of the current debiasing landscape, none of
the current debiasing methods satisfactorily mit-
igate the marked attribute error, and furthermore
none of the intrinsic bias measures are useful at
predicting the marked attribute effect.

By noticing a more meaningful correlation with
a newly identified intrinsic bias measure, we pro-
pose a new debiasing scheme: multi-dimensional
information-weighted soft projection (MISP). This
method introduces several concepts, including the
use of a multi-dimensional defined gender sub-
space. Previously, the concept of a defined gender
subspace always appeared as a single dimension.
The iterative nullspace projection method implic-

23https://github.com/kudkudak/word-embeddings-
benchmarks

itly uses higher learned dimensions, however this
requires learning a new decision boundary at ev-
ery iteration, subject to the implementation of a
training procedure. Furthermore, the learned di-
mensions were not used to define any bias metric,
they were strictly used operationally for the debi-
asing procedure. MISP also introduces the idea of
a soft or partial projection, where weights are in-
formed by some measure of the dimension’s ability
to capture the intended latent concept of a gen-
der direction. Both of these ideas could be further
explored and extended to create new notions of
indirect bias, which in turn could inform more so-
phisticated debiasing procedures.

Multi-dimensional information-weighted soft
projection applied to GN-GloVe(wa) produces new
debiased embeddings that achieve the lowest error
on the marked attribute bias test set, a 26% reduc-
tion over the previous best, and a 45% reduction
over the original undebiased embeddings. Error re-
duction on this test set is thought to encapsulate the
overall goal of producing gender-aware but gender-
unbiased embeddings. Therefore, this method and
its composite ingredients warrant further investiga-
tion. Each of the marked attribute bias test sets are
made available for further exploration and iteration
on these ideas.
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A Implicit gender carriers: Names

As mentioned in the main text, we check if the
marked attribute effect will persist through implicit
gender words. These are words with no gender
attribute by definition, but are usually associated
with a specific binary gender (e.g. names). This
test set uses a similar template: [A person verb ob-
ject]→ [Name verb object], using the same (verb,
object) vocabulary as above. Names24 (n = 64)
are sourced from the most common names of the
previous decade in the US, according to the So-
cial Security Administration25. In total there are
n = 125, 952 sentence pairs in the test set.

Results are shown in Table 4. In short, the same
effect is observed on names, especially on the orig-
inal embeddings. A permutation test was used to
check whether the stratification of names by gen-
der was a non-random division according to the
observed bias.

B Intrinsic bias measures and
correlations

Please refer to tables 5 and 6.

C Alternate weighted embeddings

As discussed in the main text, we compute the error
E on the explicit gender words test set for alternate

24The exact word set used to produce these results is avail-
able at https://github.com/hillary-dawkins/MAB.

25https://www.ssa.gov/oact/babynames/

soft-weighted embeddings. The alternate embed-
dings are created by permuting the weights to be
matched with the incorrect basis vectors. For ex-
ample, the permutation denoted 1243 means that
weight a1 is applied to basis vector ~g1, a2 to ~g2,
a4 to ~g3, and a3 to ~g4. Results for all alternate
permutations and their errors are as follows: (per-
mutation = 1243, E = 0.1574), (1324, 0.2331),
(1342, 0.1919), (1423, 0.1330) (1432, 0.1487)
(2134, 0.1273) (2143, 0.1565) (2314, 0.2289)
(2341, 0.1963) (2413, 0.1639) (2431, 0.1287)
(3124, 0.1951) (3142, 0.1694) (3214, 0.2813)
(3241, 0.1602) (3412, 0.2110) (3421, 0.1732)
(4123, 0.1945) (4132, 0.1764) (4213, 0.1879)
(4231, 0.1363) (4312, 0.1241) (4321, 0.1435).
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Table 4: Results of marked attribute test set on names. Each (N,E,C) probability vector is averaged over the 1968
unique premise sentences and the gender attribute words from each category (M or F) (n = 62, 976 sentences
for each gender). Smaller distances between the M and F vectors indicate less gender bias. The significance of
the difference was evaluated using a permutation test; the alternate distance d∗ is computed for 10,000 randomly
sampled partitions of the names into two groups. The significance value is the proportion of these samples to
generate a distance d∗ > d. This gives us an idea of whether the defined partition, based on gender, is a meaningful
grouping. Smaller significance values indicate that the defined partition is non-random with respect to the distance.

Emb.method M attribute (N, E, C) F attribute (N, E, C) Distance d Significance
GloVe (0.4657, 0.4766, 0.0577) (0.7283, 0.1598, 0.1120) 0.415 0.0000
GloVe.HD (0.5745, 0.3547, 0.0708) (0.6685, 0.2760, 0.0555) 0.124 0.0140
GN-GloVe (0.4619, 0.4713, 0.0668) (0.7209, 0.1906, 0.0885) 0.383 0.0000
GN-GloVe(wa) (0.5882, 0.2878, 0.1240) (0.6662, 0.2321, 0.1017) 0.098 0.0241
GloVe.DHD (0.4731, 0.4464, 0.0805) (0.5690, 0.3529, 0.0780) 0.134 0.0192
GloVe.GP (0.5488, 0.3761, 0.0751) (0.7470, 0.1677, 0.0853) 0.288 0.0000
GloVe.BAM (0.5941, 0.3424, 0.0635) (0.7698, 0.1628, 0.0674) 0.251 0.0000
GloVe.OSCaR (0.6012, 0.3149, 0.0839) (0.7191, 0.2020, 0.0789) 0.163 0.0001
GloVe.RAN (0.5295, 0.3865, 0.0839) (0.6920, 0.2151, 0.0929) 0.236 0.0000
GloVe.INLP (0.5091, 0.4042, 0.0867) (0.5447, 0.3639, 0.0914) 0.054 0.4049

Table 5: Pearson correlation matrix between intrinsic bias measures (and marked attribute error) on the experimen-
tal set of embeddings. MIDB obtains the highest correlation with the marked attribute error E ; the GIPE was also
observed to have a weak correlation. Recoverability bias is most related to the direct bias. The sub-matrix among
the SemBias results indicate that trade-off is mostly happening between “definitional” and “other” analogies.

DBvt MIDB Clus:v1500 Rec:LR SBdef SBstereo GIPE:0.03 E
DBvt 1 -0.166 0.694 0.814 0.161 -0.045 0.350 0.104
MIDB 1 -0.145 -0.020 -0.273 0.005 -0.003 0.667
Clus:v1500 1 0.776 0.600 -0.185 0.271 0.184
Rec:LR 1 0.786 -0.390 0.290 0.223
SBdef 1 -0.693 0.304 0.091
SBstereo 1 -0.487 -0.270
GIPE:0.03 1 0.432
E 1
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Table 6: Intrinsic bias measures of interest on the experimental set of embeddings. There are two base (undebi-
ased) embeddings, word2vec and GloVe. All other embedding spaces are obtained by applying a debiasing method,
where each method found here is described in the main text. Implementation notes:
DB and MIDB: The direct bias (DB) and the new multi-dimensional information-weighted direct bias (MIDB) are
average measures over a specific (ideally gender-neutral) vocabulary Vt. Vt (n = 46960) is defined by taking the
50,000 most frequent words in the common vocabulary between word2vec and GloVe, filtering out punctuation,
numbers, and removing the gender-specific word set Vs (n = 1622), defined as the union of gender-specific word
sets used in previous works (Bolukbasi et al., 2016; Zhao et al., 2018b). DB is defined as the projection onto a
gender direction, here taken to be the ~she− ~he direction. For debiasing methods that promote ~she ≈ ~he, the DB is
not well defined (although it can be computed numerically, it is unstable). We leave these cases as NA rather than
a spurious numerical value.
Clustering: The clustering experiment follows (Gonen and Goldberg, 2019) in taking the n ∈ [500, 1500] “most
biased” words in the original embedding space (according to their projection on the ~she − ~he axis), and then ap-
plying k-means (k = 2) clustering on the words in the debiased embedding space. Bias is reported as the either
the clustering accuracy or the v-measure (only n = 1500 shown here with v-measure).
Recoverability: Similarly, the dataset (n = 5000) is taken to be the most biased words in the original embed-
ding space, where bias labels are assigned according to the projection on the gender direction (n = 2500 taken
from each class). Several classifiers (SVM with a linear decision boundary, SVM with an RBF kernel, logisitic
regression, and a simple fully-connected 1-hidden layer network) were trained on 20% of the dataset with balanced
classes. Recoverability bias is reported as the accuracy of classification on the remaining test set (only logisitic
regression shown here).
SemBias: The SemBias analogy test set is available from (Zhao et al., 2018b). The set contains n = 440 tuples
of possible analogies (~a,~b): 1 definitional analogy (e.g. king, queen), 1 stereotypical analogy (e.g. doctor, nurse),
and 2 other analogies (e.g. cup, plate). For every sample, the best analogy is selected as the one to maximize
cos( ~he− ~she,~a−~b). Bias is reported as the proportion of samples to return a definitional analogy, a stereotypical
analogy, and an “other” analogy. (Only definitional and stereotypical shown here.)
GIPE: The gender-based illicit proximity bias (GIPE) (see (Kumar et al., 2020) for details) was computed with
n = 100 nearest neighbours for each word, with an indirect bias threshold of θ ∈ [0.03, 0.05] following (Kumar
et al., 2020). (Only θ = 0.03 shown here.)
Full results, plus all code, embedding files, and word sets needed to replicate these results are available at
https://github.com/hillary-dawkins/MAB.

Emb.method DBvt MIDB Clus:v1500 Rec:LR SBdef SBstereo GIPE:0.03 E
w2v 0.052 0.023 0.933 0.992 0.830 0.134 0.021 0.206
w2v.HD 0.000 0.007 0.440 0.887 0.759 0.114 0.014 0.163
w2v.DHD NA 0.025 0.271 0.881 0.295 0.373 0.014 0.164
w2v.BAM 0.061 0.038 0.844 0.974 0.814 0.136 0.023 0.131
w2v.OSCaR 0.050 0.024 0.928 0.993 0.830 0.134 0.021 0.188
GloVe 0.055 -0.032 0.984 1.000 0.802 0.109 0.115 0.198
GloVe.HD 0.000 -0.004 0.302 0.927 0.786 0.130 0.070 0.155
GN-GloVe 0.038 0.172 0.588 0.999 0.977 0.014 0.141 0.301
GN-GloVe(wa) 0.068 -0.096 0.497 0.989 0.939 0.011 0.117 0.149
GloVe.DHD NA 0.201 0.258 0.903 0.250 0.123 0.064 0.247
GloVe.GP 0.059 0.068 0.996 1.000 0.843 0.080 0.145 0.336
GN-GloVe.GP 0.036 0.006 0.601 0.999 0.984 0.011 0.118 0.179
GloVe.BAM 0.068 -0.019 0.964 0.999 0.775 0.145 0.137 0.175
GloVe.OSCaR 0.056 -0.012 0.984 1.000 0.814 0.102 0.117 0.154
GloVe.RAN 0.044 -0.001 0.419 0.951 0.927 0.011 0.040 0.193
GloVe.INLP NA -0.001 0.015 0.660 0.198 0.160 0.080 0.167
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Abstract

We present a simplified, task-agnostic multi-
modal pre-training approach that can accept
either video or text input, or both for a va-
riety of end tasks. Existing pre-training are
task-specific by adopting either a single cross-
modal encoder that requires both modalities,
limiting their use for retrieval-style end tasks
or more complex multitask learning with two
unimodal encoders, limiting early cross-modal
fusion. We instead introduce new pretraining
masking schemes that better mix across modal-
ities (e.g. by forcing masks for text to pre-
dict the closest video embeddings) while also
maintaining separability (e.g. unimodal pre-
dictions are sometimes required, without us-
ing all the input). Experimental results show
strong performance across a wider range of
tasks than any previous methods, often outper-
forming task-specific pre-training1.

1 Introduction

We study the challenge of achieving task-agnostic
pre-training for multimodal video understanding,
building on recent unimodal approaches such as
pretrained language models for text (Peters et al.,
2018; Devlin et al., 2019). Although certain lan-
guage models are near task-agnostic (Devlin et al.,
2019; Lewis et al., 2020) on NLP tasks, being task-
agnostic on multi-modal tasks are more challeng-
ing due to cross-modal tasks such as text-video re-
trieval. Existing video-and-language pre-trainings
are task-specific, which adopt either (1) a cross-
modal single encoder (Sun et al., 2019b,a; Zhu and
Yang, 2020) favoring tasks that require cross-modal
reasoning (e.g. video captioning), or (2) multiple
unimodal encoders/decoders (Miech et al., 2019,
2020; Li et al., 2020b; Luo et al., 2020; Korbar
et al., 2020) combining specific tasks that require
separately embedding each modality (e.g. video

1Code will be released under fairseq.

Figure 1: Existing models (upper figure) adopt com-
plex architectures and multiple task-specific training to
merge two streams of data to cover a wide range of
downstream tasks (such as retrieval or text generation).
Our video-language model (VLM) (lower figure) uses
a single BERT encoder for task-agnostic pre-training
(e.g. only masking tokens, no matching or alignment
for specific end tasks) in a joint feature space, while
still covering a wide range of tasks (see Figure 3).

retrieval). We instead show that it is possible to pre-
train a task-agnostic model called video-language
model (VLM) that can accept text, video, or both
as input.

As shown in Figure 1, this task-agnostic single
encoder approach has several advantages: (1) it
reduces the complexity of pre-training with mul-
tiple losses and models (e.g. Luo et al. (2020)),
and (2) it holds less assumption on being close to
end tasks as in retrieval-based pre-training Miech
et al. (2020) and is as general as classic LMs, and
(3) it encourages feature sharing among modalities
when present, without sacrificing separability, and
(4) it is more parameter efficient (see Section 5, we
achieve strong performance with BERTBASE sized
models). Table 1 summarizes the design choices of
recent models.

Our encoder is a transformer block that com-
bines the existing masked frame model and masked
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language model (MFM-MLM) (Sun et al., 2019a;
Li et al., 2020b; Luo et al., 2020) with two new
methods to improve the learning of multi-modal fu-
sion. First, we introduce a masking scheme called
masked modality model (MMM) that randomly
masks a whole modality for a portion of training
examples (the rest of the examples goes for tradi-
tional MFM-MLM), thereby forcing the encoder
to use the tokens from the other modality to pro-
duce tokens for the masked modality. We then
introduce a single masked token loss to replace two
(2) losses on video and text separately for MFM-
MLM. Masked token loss uses the embeddings of
both video and text tokens to learn joint hidden
states for the encoder.

We also show it is possible to fine-tune a single
encoder for a wide range of tasks by using task-
specific attention masks. Experiments demonstrate
that it performs well on a wider range of tasks than
previous models, including outperforming task-
specific pre-training baselines with unimodal en-
coders of similar hyper-parameters by more than
2% on retrieval tasks and 1% on video captioning.
Note that these results are also achieved with a
much smaller model than previous approaches, fur-
ther demonstrating the improved fusion and sharing
across modalities.

In summary, the main contributions of this paper
are as follows: (1) we propose to pre-train a task-
agnostic encoder for video understanding; (2) we
introduce masked modality model (MMM) and
masked token loss for cross-modal fusion during
pre-training without sacrificing separability; (3)
experimental results show that the proposed simple
baseline achieves competitive performance with
significantly fewer parameters.

2 Related Work

Numerous multimodal task-specific pre-training
models are proposed for downstream visual-
linguistic tasks. In video and text pre-training,
existing research adopts different design choices
regarding proxy tasks and neural architectures for
end tasks (Luo et al., 2020).

On one hand, VideoBERT (Sun et al., 2019b),
Unicoder-VL (Li et al., 2020a), VL-BERT (Su
et al., 2020), UNITER (Chen et al., 2020), VLP
(Zhou et al., 2018), ActBERT (Zhu and Yang, 2020)
adopt a shared encoder approach, where the vision
and text sequences are concatenated and input to a
single Transformer(Vaswani et al., 2017) encoder.

Although this approach is simple, it limits the types
of downstream tasks to those that input both modal-
ities simultaneously. For example, (Sun et al.,
2019b) may not be able to perform joint retrieval
tasks and added another decoder for video caption-
ing during fine-tuning. (Zhu and Yang, 2020) uses
[CLS] token for pairwise metric-learning based
retrieval (which is an easier problem but requires
a quadratic number of examples and is 50 times
slower as reported in (Luo et al., 2020)).

Meanwhile, many existing approaches adopt
or add task-specific pre-training to accommodate
retrieval and video captioning tasks (e.g. two-
stream encoders (video and text separately) and
text decoders). For example, (Miech et al., 2019,
2020; Rouditchenko et al., 2020; Ging et al., 2020;
Gabeur et al., 2020; Alayrac et al., 2020; Patrick
et al., 2021; Huang et al., 2021) adopts a retrieval
task for pre-training. CBT (Sun et al., 2019a),
HERO (Li et al., 2020b), VideoAsMT (Korbar
et al., 2020) and UniVL (Luo et al., 2020) adopt
multi-task learning (MTL) to learn retrieval tasks
on video and text encoders. HERO (Li et al.,
2020b) and UniVL (Luo et al., 2020) adopts an-
other cross-encoder to further learn the fusion of
different modality. UniVL (Luo et al., 2020) and
VideoAsMT (Korbar et al., 2020) add another text
decoder for video captioning. Compared with the
single-stream input in the shared encoder approach,
two-stream encoders typically come with a com-
plex architecture and proxy tasks to cover more end
tasks. To the best of our knowledge, none of the
existing works target task-agnostic pre-training.

2.1 Image-Text Pre-training
ViLBERT (Lu et al., 2019), LXMERT (Tan and
Bansal, 2019) adopt two transformers for image
and text encoding separately. VisualBERT (Li et al.,
2019), Unicoder-VL (Li et al., 2020a), VL-BERT
(Su et al., 2020), UNITER (Chen et al., 2020), Uni-
fied VLP (Zhou et al., 2020) use one shared BERT
model. These models employ MLM and pairwise
image-text matching as pretraining tasks which are
effective for downstream multimodal tasks. Our
fine-tuning for video captioning is inspired by Uni-
fied VLP (Zhou et al., 2020) that adopts attention
masks and language model heads of BERT for
image-captioning.

2.2 Video-Text Pre-training
VideoBERT (Sun et al., 2019b) and CBT (Sun
et al., 2019a) are the first works to explore the
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capability of pre-training for video-text. Although
VideoBERT and CBT pre-train the model on
multimodal data, the downstream tasks mainly
take video representation for further prediction.
ActBERT (Zhu and Yang, 2020) is a weakly-
supervised pre-training method. It leverages global
action information to catalyze mutual interactions
between linguistic texts and local regional objects
and introduces a transformer block to encode global
actions, local regional objects, and linguistic de-
scriptions. HERO (Li et al., 2020b) encodes mul-
timodal inputs in a hierarchical fashion. Besides,
two new pre-training tasks, video-subtitle matching
and frame order modeling, are designed to improve
representation learning. VideoAsMT (Korbar et al.,
2020) and UniVL (Luo et al., 2020) further adopt a
BART-style(Lewis et al., 2020) text generation task
for downstream tasks such as video captioning and
UniVL adopts a EnhancedV training stage to mask
all text tokens for better learning of generation.

3 Pre-training

As a reminder, our goal is to train a task-agnostic
model for various tasks in video-text understand-
ing. This section introduces task-agnostic prox-
ies for pre-training. We first describe two mask-
ing schemes as a baseline: masked frame model
(MFM) for video frames and masked language
model (MLM) for text tokens (Sun et al., 2019a; Li
et al., 2020b; Luo et al., 2020). Then we introduce
masked modality model (MMM) that encourage to
learn the representations of one modality from the
other. Lastly, we introduce masked token loss that
unifies losses on masked video and text tokens as a
single loss function.

3.1 Vector Quantization and BERT

Assume we have a clip (v, t) sampled from a video,
where v and t corresponds to video modality and
text modality, respectively. Since videos are signals
in continuous space, we first extract token embed-
dings from raw videos. We decode v into frames
and then feed them into a (frozen) video encoder
Encodervideo(·) and a trainable MLP layer to obtain
video tokens:

xv = MLP(Encodervideo(fv)), (1)

where we use a bolded symbol to indicate a se-
quence and fv is a sequence of continuous frames
from a video. We use S3D (Xie et al., 2018;

Miech et al., 2020), which is pre-trained via self-
supervised learning on the Howto100M dataset.
The MLP layer allows the hidden size of video
tokens to be the same as BERT’s hidden sizes d:
xv ∈ Rd. Similarly, vectors for text tokens xt are
obtained via embedding lookup as in BERT.

To simplify multi-modal pre-training, we adopt
a single BERT transformer with minimum changes.
We first concatenate video tokens xv and text to-
kens xt via the [SEP] token so video and text
belongs to one corresponding segment of BERT:

x = [CLS] ◦ xv ◦ [SEP] ◦ xt ◦ [SEP]. (2)

We further mask x as xmasked (detailed in the
next subsection) and feed the whole sequence into
BERT:

h = BERT(xmasked), (3)

where h indicates the hidden states of the last layer
of BERT. To encourage learning video/text hidden
states in a shared space for the masked token loss
(introduced in Section 3.3), we use a shared head
to predict video/text token embeddings via a linear
projection layer:

e =Wh+ b, (4)

where e ∈ Rd and W and b are the weights from
the prediction heads of BERT. In this way, our
model learns a joint embedding space for both
video and text tokens from inputs to outputs of
BERT. This allows for pre-training a single encoder
directly from any existing LMs and the only layer
that requires initialization is the MLP layer.

3.2 MFM-MLM
Inspired by (Sun et al., 2019a; Li et al., 2020b;
Luo et al., 2020), we adopt masked frame model
(MFM) for videos and masked language model
(MLM) for text as a baseline. Note that unlike
LMs that typically come with a fixed vocabulary
with a special [MASK] token, video tokens are
innumerable in the continuous space and we mask
a video token by setting a video token with all zeros
and ask the encoder to recover the video token. via
noisy contrastive estimation (NCE):

LMFM = −Es∼V logNCE(xs|xmasked;V
′), (5)

where V is all indexes of video tokens and

NCE(xv|xmasked;V
′) =

exp(xTv ev)

exp(xTv ev) +
∑

j∈V ′ exp(x
T
j ev)

,
(6)

4229



Figure 2: Task-agnostic pre-training (e.g. w/o task
on retrieval-style alignment): MFM-MLM: 50% of
training examples are masked as masked frame model
(MFM) and masked language model (MLM); the rest
50% examples are masked as masked modality model
(MMM) (25% on text as in the second row and 25% on
video as in the third row).

where V ′ indicates all non-masked video tokens
within the same batch. The final loss is the sum of
both MFM and MLM:

LMFM-MLM = LMFM + LMLM, (7)

where LMLM is the same as BERT and we omit
its details for brevity. We experiment this classic
baseline in Section 5.

3.3 MMM and Masked Token Loss

Masked Modality Model We introduce masked
modality modal (MMM) that masking either all
video or all text tokens out for a given example
of video-text clip. This masking scheme comple-
ments MFM-MLM (e.g. in our experiments 50%
of training examples are masked as MMM and the
rest 50% are masked as MFM-MLM). This encour-
ages the encoder to use tokens from one modality
to recover the tokens for the other modality. This
resolves the issue that an encoder may use nearby
tokens from their modality for prediction just be-
cause tokens from a single modality are closer As
in the lower two (2) sub-figures in Figure 2, we
either mask the whole modality of video or text
so this modality can be “generated” from the other
modality. Our experiments indicate that this is crit-
ical for pre-training a single encoder for retrieval
tasks.
Masked Token Loss We further introduce masked
token loss that unifies loss functions for MFM and
MLM. This loss encourages learning a joint to-
ken embedding space for video and text and both
types of tokens contribute to the prediction of a

masked (video or text) token. This also improves
the number of contrasted negative embeddings in
two separate losses for MFM and MLM.

We define masked token loss LVLM as the fol-
lowing:

−Es∼V ∪D logNCE(xs|xmasked;V
′ ∪D\s), (8)

where D is the word embeddings over the vocab-
ulary of BERT and D\s excludes token s (if s is a
text token). Further, NCE(xs|xmasked;V

′ ∪D\s) is
defined as:

exp(xTs es)

exp(xTs es) +
∑

j∈V ′∪D\s exp(x
T
j es)

. (9)

Note that j ∈ V ′ ∪ D\s can be either a video
or text token and one predicted token es must be
closer to the ground-truth token embedding (either
a video token or word embedding) and be away
from other embeddings of video/text tokens. We
perform an ablation study in Section 5 to show that
LVLM works better than LMFM-MLM.

4 Fine-tuning

In this section, we describe how to use different
types of attention masks to fine-tune VLM for a
variety of tasks, as shown in Figure 3.

4.1 Text-Video Retrieval

One major challenge of pre-training on a single
encoder is how to adapt such a model to joint
space retrieval without using unimodal encoders
for task-specific pre-training on contrastive loss (as
in Howto100M (Miech et al., 2019, 2020)). The
main reason is that many existing models encode
text and video tokens together via self-attention,
and one cannot obtain hidden states for text/video
alone.

To resolve this, we propose to apply an isolated
attention mask with two squared masks that are
diagonally placed, as shown in the lower sub-figure
of the first box in Figure 3.2 These two squares
disable video and text tokens to attend and see each
other, while still allow video and text tokens to use
the same self-attention layers for learning represen-
tations in the same feature space. Further, note that
the first and second [SEP] tokens of BERT will

2One can further reduceO(m+n)2 complexity toO(m2+
n2) (m and n are lengths for video and text, respectively) by
feeding video/text separately to BERT but we adopt squared
masks for simplicity.
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Figure 3: Fine-tuning of downstream tasks: we adopt different types of attention masks for BERT to accommodate
downstream tasks that require different modalities: in each box, the upper sub-figure indicates a forward computa-
tion; the lower sub-figure indicates squared self-attention mask, where tokens from each row have a weighted sum
of columns that are not in white colors.

be used by video and text, respectively, aiming to
learn sequence-level features(Clark et al., 2019).
The [CLS] is disabled as no need to learn features
across video and text. After forwarding, all hidden
states of video and text tokens are average pooled,
respectively. Then we use a contrastive loss on
text-video similarity to discriminate a ground-truth
video clip from other video clips in the same batch
for a given text clip. During the evaluation, to en-
sure video and text are isolated (to avoid leaking
ground-truth of a similar pair), we split text and
video and forward them separately. We report an
ablation study in Section 5 showing that the MMM
introduced in the previous section is crucial to en-
sure that the pre-trained hidden states (for video or
text) are a good initialization for retrieval tasks.

4.2 Action Segmentation

Action segmentation is to assign each frame of a
video with one of the pre-defined labels. This is
similar to the named entity recognition (NER) task
in NLP but on video frames. We feed in VLM with
the whole video, a dummy text token, and an iso-
lated attention mask. Then we add a classification
head (with the number of pre-defined labels) on top
of the hidden states for each video token in the last
layer of VLM.

4.3 Action Step Localization

In action step localization, each video belongs to
a task with multiple steps, where each step is de-
scribed as a short text. Then each frame of a video
needs to be aligned with a step in text form. The
challenge for applying BERT to action step lo-
calization is similar to text-video retrieval: video
frames need to be aligned with textual steps in
joint space and it is almost impossible for pair-
wise video/text matching because the number of
frame/text pairs is large.

Similar to the text-video retrieval model, we also
apply isolated attention masks to video and text.
The major difference is that we pass video and
text separately to BERT. This is because the video
can be several minutes long (more than 100 to-
kens) but the number of text labels for each video
is fixed (e.g. under 10). To keep the format of
BERT being consistent for multi-modal inputs, we
add a dummy text token for video forwarding and
a dummy video token for text, respectively. For
a given frame(video token), we compute the dis-
tribution of that frame over textual steps via dot
products and the softmax function.

4.4 Multiple-choice VideoQA

Multiple-choice VideoQA (Yu et al., 2018) aligns
each video with one out of several candidate an-
swers in the text. The major difference between ac-
tion step localization and multiple-choice VideoQA
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is that the video hidden state is not on frame-level
but sequence-level. We apply isolated attention
masks to BERT and forward video and text answers
(with dummy tokens), respectively. Then the an-
swer with the maximum similarity with the video is
reported. During fine-tuning, we apply contrastive
loss on video-text similarity to rank answers.

4.5 Video Captioning

Another big challenge of using a single encoder is
how to apply generative tasks (such as video cap-
tioning) without pre-training an explicit decoder.
We observe that a transformer decoder (Vaswani
et al., 2017) has the following major differences
from an encoder: (1) an auto-regressive loss that
does not allow a text token to see future tokens;
(2) a prediction head to generate texts. To resolve
(1), one can easily fine-tune the text segment of
VLM as auto-regressive loss by passing in shifted
tokens and a lower-triangle attention mask to the
text segment, as shown in Figure 3. To resolve
(2), inspired by (Rothe et al., 2020; Zhou et al.,
2020) that uses BERT as a decoder, one can re-use
language model heads as prediction heads for gen-
eration. Note that this setting has less architecture
design than a standard transformer decoder (e.g.
no explicit self-attention on text or cross-attention
on video). The implicit text decoder inside BERT
shares self-attention with the video encoder so to
save the total number of parameters.

5 Experiment

5.1 Dataset

5.1.1 Pre-training
We adopt the Howto100M dataset (Miech et al.,
2019) for pre-training, which contains instructional
videos originally from YouTube via searching key-
words from wikihow (www.wikihow.com). After
filtering the unavailable ones, we get 1.1M videos.
We split 4000 videos as the validation set and the
rest for pre-training. On average, the duration of
each video is about 6.5 minutes with 110 clip-text
pairs. After removing repeated texts within over-
lapped clips from ASR, we get about 7.7+ GB texts
of captions, with 2.4 tokens per second on average.

5.1.2 Fine-tuning
MSR-VTT (Xu et al., 2016) is a popular dataset
for text-video retrieval and VideoQA. It has open
domain video clips, and each training clip has 20
captioning sentences labeled by humans. There

are 200K clip-text pairs from 10K videos in 20
categories, including sports, music, etc. Following
JSFusion(Yu et al., 2018; Miech et al., 2019), we
randomly sampled 1,000 clip-text pairs as test data.
We further use the QA test data (Yu et al., 2018) as
the dataset for multiple-choice VideoQA.
Youcook2 (Zhou et al., 2017) contains 2,000 cook-
ing videos on 89 recipes with 14K video clips from
YouTube. The overall duration is 176 hours (5.26
minutes on average). Each video clip is annotated
with one captioning sentence. Follow the split set-
ting in(Miech et al., 2019), we evaluate both text-
based video retrieval and multimodal video caption-
ing tasks. We filter the data and make sure there
is no overlap between pre-training and evaluation
data. After filtering out unavailable ones, we have
9,473 training clip-text pairs from 1222 videos and
3,305 test clip-text pairs from 430 videos.
COIN (Tang et al., 2019) are leveraged to evaluate
action segmentation. It has 11,827 videos (476
hours) and each video is labeled with 3.91 step
segments on average and 46,354 segments in total.
There are 778 step labels, plus one background
(Outside) label. Since one video can last for several
minutes that are much longer than the maximum
length of the video segment of VLM. We apply a
sliding window with step size 16 and window size
32. During inference, we average the logits for
overlapped frames from multiple windows.
CrossTask (Zhukov et al., 2019) is a dataset for
action localization that contains 83 different tasks
and 4.7k videos. Each task has a set of steps with
text descriptions annotated on temporal frames of
the video. We use the testing data split via the offi-
cial code3, which contains annotated 1690 videos.
The rest of the 540 annotated videos are used for
weakly supervised training.

5.2 Hyper-parameters

We extract video tokens from video frames using
the S3D encoder pre-trained from (Miech et al.,
2020). The fps is 30 and we extract one (1) video
token per second with the dimension of 512. We
apply an MLP to transform such 512 dimensions
to the hidden size (768) of BERTBASE.

Following (Luo et al., 2020), we adopt
BERTBASE (uncased) as our base model and
tuned directly from BERT’s weights, so all hyper-
parameters are the same as the original BERT. The
maximum length of BERT is set as 96, where 32

3https://github.com/DmZhukov/CrossTask
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Model Paradigm #params. #loss #unimodal/cross en/decoder Joint Retrieval Generation
MMT(Gabeur et al., 2020) task-specific alignment 127.3M 1 2/0/0 yes no
ActBERT(Zhu and Yang, 2020) weakly supervised/MTL n/a (3 typed attentions) 4 0/1(modal-typed attn.)/0 no(pair) extra decoder
VideoAsMT(Korbar et al., 2020) weakly supervised/MTL 286M(base)/801M(large) 1 1/1/1 no (gen.) yes
HERO(Li et al., 2020b) SSL(w/ sup. video feat.)/MTL 159M 5 1(query)/2/0 no(pair) extra decoder
UniVL(Luo et al., 2020) SSL/MTL 260M 5 2/1/1 yes yes
VLM SSL/Task-agnostic 110M 1 0/1/0(shared w/ encoder) yes yes

Table 1: Comparison of pre-trained models on learning paradigms (SSL means self-supervised learning; MTL
means multi-task learning), number of parameters (# params.), number of losses (#loss), number of unimodal/cross-
modal encoders/decoders, and whether to support retrieval in joint space(joint retrieval) and text generation. Types
and numbers are estimated based on released code or papers: exceptions are in parenthesis (e.g. pair means
pairwise matching using [CLS]). VLM is extremely simple with fewer parameters and limitations.

tokens are for videos and the rest tokens are for
text and special tokens. Remind that texts are 2.4
tokens per second and video tokens are 1 token
per second. We form a text clip with a random
length in-between 8 and 64 text tokens and col-
lect the corresponding video clip to form a training
example. We randomly sample 32 video/text clip
pairs from each video and use 8 videos to form a
batch of size 256. Each training example has 50%
chance for MMM (25% for whole video masking
and 25% for whole text masking) and 50% chance
on MFM-MLM (with 15% probability of video and
text token masking).

We pre-train VLM on 8 NVIDIA Tesla V100
GPUs (each with 32 GB memory) for 15 epochs
using fp16 for one (1) day. Following (Liu et al.,
2019), we choose Adam (Kingma and Ba, 2014)
optimizer with initial learning rate of 5e-5 (with
betas as (0.9, 0.98)), 1000 steps of warm-up and a
polynomial decay learning rate scheduler. Gradi-
ents are clipped with 2.0. All fine-tuning tasks use
the same hyper-parameters as pre-training except
the number of warm-up steps is 122.

5.3 Model Comparison
We first investigate the design choices of VLM com-
pared to other transformer-based multimodal pre-
training baselines. As shown in Table 1, we collect
training paradigms, model sizes, etc. of these mod-
els (estimated based on their source codes or pa-
pers). VLM is significantly smaller than other mod-
els since it is just a BERTBASE (uncased), while it
is still fully self-supervised, task-agnostic (e.g. no
training on retrieval or auto-regressive style tasks)
and supports joint retrieval and text generation.

5.4 Quantitative Analysis
We investigate the performance of VLM on fine-
tuning tasks with very basic setups (e.g. no aug-
mented features, large LMs, optimized losses for
particular tasks). Note that it could be hard for

Methods R@1 R@5 R@10 Median R
Random 0.1 0.5 1.0 500
Task-specific Alignment Pre-training
MMT (Gabeur et al., 2020) 25.8 57.2 69.3 4
Pairwise Matching
ActBERT(Zhu and Yang, 2020) 8.6 23.4 33.1 36
VideoAsMT(Korbar et al., 2020) 14.7 - 52.8 -
Multi-task Pre-training
HERO (Li et al., 2020b) 16.80 43.40 57.70 -
UniVL (FT-Joint) (Luo et al., 2020) 20.6 49.1 62.9 6
VLM 28.10 55.50 67.40 4

Table 2: Results of text-video retrieval on MSR-VTT
dataset.

Methods R@1 R@5 R@10 Median R
Random 0.03 0.15 0.3 1675
Task-specific Alignment Pre-training
Coot(Ging et al., 2020) 16.7 40.2 52.3 9
Pairwise Matching
ActBERT(Zhu and Yang, 2020) 9.6 26.7 38.0 19
VideoAsMT(Korbar et al., 2020) 11.6 - 43.9 -
Multi-task Pre-training
UniVL (FT-Joint)(Luo et al., 2020) 22.2 52.2 66.2 5
VLM 27.05 56.88 69.38 4

Table 3: Results of text-based video retrieval on
Youcook2 dataset.

fair comparisons between task-agnostic and task-
specific approaches. We list other baselines by type
and our goal is a simple baseline for task-agnostic
pre-training as better initialization of strongly per-
formed fine-tuning models.
Text-video Retrieval We use MSR-VTT and
Youcook2 to evaluate the performance on text-
video retrieval. The results are shown in Table 2
and 3, respectively. VLM achieves good perfor-
mance on these two datasets, indicating that the
MMM and isolated self-attention mask can be
used together for joint retrieval. Ablation study
shows that using an isolated self-attention mask
alone does not yield good performance, indicating
MMM is very important to learn features for align-
ment. Note that our pre-training is task-agnostic
but still outperforms baselines with retrieval style
pre-training.
Action Segmentation We report the results of ac-
tion segmentation on COIN dataset in Table 4.
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Method Frame Accuracy
NN-Viterbi (Richard et al., 2018) 21.17
VGG (Simonyan and Zisserman, 2014) 25.79
TCFPN-ISBA (Ding and Xu, 2018) 34.30
CBT (Sun et al., 2019a) 53.90
MIL-NCE (Miech et al., 2020) 61.00
ActBERT (Zhu and Yang, 2020) 56.95
VLM 68.39

Table 4: Action segmentation on COIN dataset.

Methods Average Recall
Joint Alignment
Alayrac (Alayrac et al., 2016) 13.3
Zhukov (Zhukov et al., 2019) 22.4
Supervised (Zhukov et al., 2019) 31.6
HowTo100M (Miech et al., 2019) 33.6
MIL-NCE (Miech et al., 2020) 40.5
UniVL (Luo et al., 2020) 42.0
Pairwise Matching
ActBERT (Zhu and Yang, 2020) 41.4
VLM (task-agnostic, zero-shot) 28.5
VLM (supervised on 540 videos) 46.5

Table 5: Action step localization results on CrossTask.

VLM outperforms other baselines indicating its
good token-level video representations. Note that
this task only tests the hidden states of the video in-
dicating the unimodal encoding capability of VLM
is not compromised.
Action Step Localization We setup two (2) evalu-
ations for the CrossTask dataset. First, we evaluate
the zero-shot transfer of VLM. Note that existing
studies evaluate Crosstask with retrieval/alignment
style pre-training, where the aligned hidden states
are directly used for action step localization. Our
task-agnostic pre-training derives an even harder
problem: applying hidden states learned from
proxy tasks on video frame/text alignment for ac-
tion step localization without explicitly training on
alignment. We simply use the hidden states from
the last layer of VLM for video/text representation
and directly compute the similarities between video
frames and text descriptions. Surprisingly, the per-
formance is better than some baselines and closer
to one supervised method. This indicates masked
token loss together with MMM can learn certain
video-text alignments in joint space. Second, we
use just 540 videos for weakly supervised training
and we get a much better result.
Video Question Answering We use MSR-VTT
QA to evaluate multiple-choice question answer-
ing. Recall that this task essentially tests video-text
similarity. The performance of VLM is better than

Method Accuracy
Joint Retrieval
JSFusion(Yu et al., 2018) 83.4
Pairwise Matching
ActBERT(Zhu and Yang, 2020) 85.7
VLM 91.64

Table 6: Video question answering (multiple-choices)
evaluated on MSR-VTT.

Methods B-3 B-4 M R-L CIDEr
Extra Decoder
VideoBERT (Sun et al., 2019b) 6.80 4.04 11.01 27.50 0.49
CBT (Sun et al., 2019a) - 5.12 12.97 30.44 0.64
ActBERT (?) 8.66 5.41 13.30 30.56 0.65
Coot(Ging et al., 2020) 17.62 11.09 19.34 37.63 -
w/ Pre-trained Decoder
VideoAsMT (Korbar et al., 2020) - 5.3 13.4 - -
UniVL (Luo et al., 2020) 16.46 11.17 17.57 40.09 1.27
VLM 17.78 12.27 18.22 41.51 1.3869

Table 7: Video captioning results on Youcook2 dataset.

ActBERT, which leverages pairwise matching for
each video/answer pair.
Video Captioning We lastly evaluate VLM on
video captioning with autoregressive attention
mask with other baselines that have an explicit text
decoder. As shown in Table 7, our “compact” de-
coder using BERT’s LM heads is surprisingly good
at video captioning compared to other fine-tuning
baselines with external decoders (e.g. Coot). This
indicates that it is possible to remove an explicit
decoder and sharing weights between video and
text tokens.

5.4.1 Ablation Study
We use Youcook2 as the base task for the ablation
study on text-retrieval and video captioning. We are
interested in the following study: (1) percentage of
examples for MMM (w/ MMM x%); (2) minimum
length of text tokens, where the length of video
will be determined by the start/end timestamps of
text tokens; (3) performance of LVLM (Equation 8).
The results are shown in Table 8 and Table 9.
Effects of MMM Without MMM (w/ MMM 0%,
or MFM-MLM 100%), the performance signifi-
cantly dropped. This indicates that a naive adoption
of traditional MFM-MLM masking may not learn
joint video/text representations well, as indicated
by both retrieval and captioning task. We suspect a
masked token is more likely predicted from tokens
of the same modality. We further try MMM with
different probabilities (30% or 70%) and 50% is
the best.
Minimum Length of Texts The length of a clip
can be important for retrieval tasks (Miech et al.,
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2020). We ran VLM on longer (at least 16 text to-
kens) video/text pairs. The performance is slightly
dropped, indicating pre-training on longer clips
may not cover fine-tuning tasks with short clips.
Effects of Masked Token Loss We notice that us-
ing multi-task style loss LMFM-MLM may reduce
the performance. This indicates learning a masked
token from both video/text tokens can help.

VLM R@1 R@5 R@10 Median R
w/ MMM 50% 27.05 56.88 69.38 4.0
w/ MMM 0% 15.12 39.47 52.81 9.0
w/ MMM 30% 25.30 54.80 68.96 4.0
w/ MMM 70% 25.17 54.98 69.11 4.0
w/ min. 16 text tokens 25.84 54.43 68.29 5.0
w/ LMFM-MLM 26.93 55.92 69.86 4.0

Table 8: Ablation study of VLM for text-based video
retrieval on Youcook2.

VLM B-3 B-4 M R-L CIDEr
w/ MMM 50% 17.78 12.27 18.22 41.51 1.3869
w/ MMM 0% 15.47 10.54 16.49 38.83 1.2163
w/ MMM 30% 16.57 11.30 17.55 40.76 1.3215
w/ MMM 70% 16.94 11.68 17.67 41.24 1.3739
w/ min. 16 text tokens 17.25 12.00 17.67 40.62 1.3076
w/ LMFM-MLM 16.66 11.53 17.34 40.36 1.3224

Table 9: Ablation study of VLM for video captioning
on Youcook2 dataset.

5.5 Qualitative Analysis

5.5.1 Error Analysis
Text-video retrieval. We use MSR-VTT as the
dataset for error analysis on text-video retrieval,
as shown in Table 10 of Appendix. We pair the
query text with the text of the top-1 ranked video
to show 100 errors in ranking since video tokens
are harder to present. We observe the following
types of errors in video understanding: (1) objects
sometimes are hard to recognize such as dog or cat;
(2) attributes of objects may be hard to match the
text, e.g. gender, ages, etc. (3) subtle differences
of actions; (4) specific videos for a general query
or vice versa, e.g. people vs basketball player. We
believe the last type may not be errors but hard for
existing annotations or evaluations to separate.
Video Captioning. We further examine the gen-
erated text from video captioning. Note that our
video captioning has no support from ASR or tran-
script so the video is the only source to generate
text content and errors of video understanding can
easily be reflected in the text. From Table 11 of
Appendix, we notice that one major type of error

is from objects of similar shapes and colors, e.g.
onion rings vs shrimp.

5.5.2 Visualization
. We observe that video tokens take the majority of
space while text tokens are rather clustered together.
This is probably because videos from the physical
world are more diverse and sparse than text from a
fixed vocabulary.

We plot the self-attention of VLM layers within
and in-between each modality, as in Figure 4 of
Appendix. We observe the following patterns from
all 144 attention heads:

• Unlike LMs, there are no recurrent (shifted)
position-wise patterns for video tokens;

• Self-attentions in the 1st layer are more di-
verse than later layers. This suggests that ex-
isting video encoders might be too deep for
transformers;

• Some attention heads show patterns of cross-
modal mapping in-between video and text (e.g.
sub-figure (a));

• Word-level cross-modal co-reference: video
tokens with pouring soy sauce refers to the
text token of “soy” (e.g. sub-figure (b));

6 Conclusions

We presented a task-agnostic pre-training with new
masking schemes that enable the training of a sin-
gle masked language model that can accept ei-
ther video or text input, or both. We showed that
this simple VLM model can be effectively tuned
for a broad range of downstream tasks, such as
text-video retrieval and video captioning via dif-
ferent types of attention masks. Experimental re-
sults show that the proposed methods maintain
competitive performance while requiring a signifi-
cantly smaller number of parameters than compet-
ing methods.
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Query Text of Top-1 video
Objects (26%)
cartoon show for kids pokemon video game play
little pet shop cat getting a bath and washed with little brush several dogs playing dead
Attributes of Objects (6%)
a little boy singing in front of judges and crowd a woman singing on the voice
a woman is mixing food in a mixing bowl a man is stirring something in a pot
Action (6%)
a person is connecting something to system a man looks at the battery of a computer
a boy plays grand theft auto 5 a narrator explains where to find a rare vehicle in grand theft auto
a man is giving a review on a vehicle a person is discussing a car
a naked child runs through a field the girl shows the boys her medal in this cartoon
a man is singing and standing in the road a man in sunglasses and a blue shirt beat boxes
Specific vs General (62%)
some cartoon characters are moving around an area a cartoon girl and animal jumping on body of male guy girl image still shown displaying on screen
baseball player hits ball people are playing baseball
the man in the video is showing a brief viewing of how the movie is starting scrolling the the menu of movieclips with different movie trailers
a student explains to his teacher about the sheep of another student there is a guy talking to his father
a video about different sports a woman talks about horse racing

Table 10: Error analysis for text-video retrieval of MSR-VTT on 100 errors: we group errors in four (4) categories:
objects, attributes of objects, actions, and specific vs general. Specific videos for general queries (or vice versa)
sometimes may not be errors but hard to evaluate.

Hypothesis Reference
add the lamb to the pan add the lamb to the pot
add the cilantro cilantro and lime juice to the pot cut the cilantro and lime
add the onions to a pot of water add flour to the pot and stir
dip the onion rings into the batter dip the shrimp in the batter
add water to the bowl and mix pour water into the flour mixture and mix
remove the mussels from the pot once the shrimps are defrosted drain the water
add the sauce to the pan and stir add the sauce to the wok and stir
add lemon juice to the pan and stir add rice vinegar and lemon juice to the pan and stir
add the beef to the pan and stir add the diced beef meat to it and roast it

Table 11: Error analysis for video captioning on Youcook2: VLM tends to make mistakes in recognizing objects
of similar shapes and colors to generate the wrong text.
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(a) Layer 1, Head 1
(b) Layer 1, Head 5

Figure 4: Self-attention for video HfIeQ9pzL5U from 4:03 to 4:28: darker color indicates higher weights; v0-v24
are video tokens of 25 seconds.
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Abstract

Automated event extraction in social science
applications often requires corpus-level evalu-
ations: for example, aggregating text predic-
tions across metadata and unbiased estimates
of recall. We combine corpus-level evalu-
ation requirements with a real-world, social
science setting and introduce the INDIAPO-
LICEEVENTS corpus—all 21,391 sentences
from 1,257 English-language Times of India
articles about events in the state of Gujarat
during March 2002. Our trained annotators
read and label every document for mentions
of police activity events, allowing for unbi-
ased recall evaluations. In contrast to other
datasets with structured event representations,
we gather annotations by posing natural ques-
tions, and evaluate off-the-shelf models for
three different tasks: sentence classification,
document ranking, and temporal aggregation
of target events. We present baseline results
from zero-shot BERT-based models fine-tuned
on natural language inference and passage re-
trieval tasks. Our novel corpus-level eval-
uations and annotation approach can guide
creation of similar social-science-oriented re-
sources in the future.

1 Introduction

Understanding the actions taken by political actors
is at the heart of political science research: How
do actors respond to contested elections (Daxecker
et al., 2019)? How many people attend protests
(Chenoweth and Lewis, 2013)? Which religious
groups are engaged in violence (Brathwaite and
Park, 2018)? Why do some governments try to pre-
vent anti-minority riots while others do not (Wilkin-
son, 2006)? In the absence of official records, so-
cial scientists often turn to news data to extract the
actions of actors and surrounding events. These

∗ Indicates joint first-authorship.

Figure 1: Motivation (A-B) and procedures (B-C) for
this paper: A. Social scientists often use text data to an-
swer substantive questions about temporal aggregates.
B. To answer these questions, domain experts use natu-
ral language to define semantic event classes of interest.
C. Our INDIAPOLICEEVENTS dataset: Humans anno-
tate every sentence in the corpus in order to evaluate
whether a system achieves full recall of relevant events.
In production, computational models run B’s queries
to classify or rank sentences or documents, which are
aggregated to answer A.

news-based event datasets are often constructed
by hand, requiring large investments of time and
money and limiting the number of researchers who
can undertake data collection efforts.

Automated extraction of political events and ac-
tors is already prominent in social science (Schrodt
et al., 1994; King and Lowe, 2003; Hanna, 2014;
Hammond and Weidmann, 2014; Boschee et al.,
2015; Beieler et al., 2016; Osorio and Reyes, 2017)
and is increasingly promising given recent gains in
information extraction (IE), the automatic conver-
sion of unstructured text to structured datasets (Gr-
ishman, 1997; McCallum, 2005; Grishman, 2019).
While social scientists and IE researchers have over-
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lapping interests in evaluating event extraction sys-
tems, social scientists have particular needs that
have so far been under-addressed by the computer
science IE research community.

Figure 1A shows a common goal of social sci-
entists: answering aggregate substantive questions
from corpora such as, “Over time, when did police
fail to act?” which could be measured by, for exam-
ple, the daily count of newspapers mentioning the
event class over time. For these types of questions,
social scientists predominantly want very high re-
call methods because often the events of interest
are sparse or their substantive conclusions depend
on identifying every event in a corpus.1

In contrast to this corpus-level focus, much of
current IE research has focused on distinct sub-
tasks such as entity linking, relation extraction, and
coreference resolution.2 Furthermore, all widely
used event datasets (e.g. ACE, FrameNet, ERE, or
KBP; Aguilar et al. 2014) are typically curated at
the ontology level—attempting to cover a selected
set of event types—but have little consideration
of the corpus level—annotated documents are not
necessarily a substantively meaningful sample of
the broader corpora from which they are drawn.
We try to address these evaluation shortcomings in
this paper.

In addition to corpus-level recall, social sci-
entists are often interested in using off-the-shelf
models that are easily extensible to their domain
questions. Fortunately, recent NLP research has
seen a paradigm shift from structured semantic and
event representations (Abend and Rappoport, 2017;
Aguilar et al., 2014) which are limited by their pre-
defined schemas, to directly using natural language
to encode semantic arguments (QA-SRL; He et al.
2015; Stanovsky et al. 2016; FitzGerald et al. 2018;
Roit et al. 2020) and events (Levy et al., 2017; Liu
et al., 2020; Du and Cardie, 2020). In this paper,
we also use natural language questions to annotate
and model the event classes in our dataset, not only
facilitating ease of annotation, but also allowing
for the evaluation of zero-shot natural language in-
ference and information retrieval models for the

1In some studies, researchers rely on an assumption that
events are missing at random, but others depend on knowing
whether an event occurred at least once.

2The first five Message Understanding Conferences (MUC)
required participants to submit complete systems to fill event
templates; however, starting with MUC-6 and subsequent
ACE and KBP tasks, information extraction was broken into
distinct modules (Grishman and Sundheim, 1996; Grishman,
2019).

tasks.
To address these social science desiderata, we

present the INDIAPOLICEEVENTS corpus3 which
has the following useful properties:

• Social science relevance. Our dataset consists
of all 21,391 sentences from all 1,257 Times of
India articles about events in the state of Gujarat
during March, 2002—a period that is of deep
interest to political scientists due to widespread
Hindu–Muslim violence (Dhattiwala and Biggs,
2012; Berenschot, 2012; Basu, 2015). We fo-
cus on the actions of a single entity type, po-
lice, because of extensive substantive research
on police actions during the Gujarat violence
(Varadarajan, 2002). Our choice of location, ac-
tors, and event types are motivated by Wilkinson
(2006)—political science work which created a
hand-coded event dataset from newspapers about
communal violence events in India from 1950-
1995.

• Corpus-level full-recall. Unlike most previous
event evaluation datasets, our annotators read ev-
ery document in our corpus (that match a loose
spatiotemporal filter; §4.1). This requires sub-
stantially more annotation work compared to a
more targeted filter to select documents to anno-
tate (e.g. matching via keywords), but eliminates
a potential source of evaluation bias compared
to alternative document retrieval data collection
approaches (Grossman et al., 2016), and allows
for full-recall evaluation of end-to-end event ex-
traction systems.

• Document-level context. Our annotators read
the context of an entire document to provide an-
swers for each question on each sentence. We
then aggregate these sentence-level answers to
make document-level inferences. This allows us
to accurately label sentences with anaphora or
context-specific meaning.

• Natural language event specification and
zero-shot model evaluation. In constructing
our dataset, we gather annotations via a natural
question-answer format because it allows for eas-
ily specifying constraints on arguments (e.g. po-
lice being the agent). Additionally, it allows for
specifying event predicates not covered within
the ontologies of current structured semantic rep-
resentations, or with additional hard-to-specify

3Dataset, source code, and appendix are provided at
http://slanglab.cs.umass.edu/IndiaPoliceEvents/ and
https://github.com/slanglab/IndiaPoliceEvents.
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semantic phenomena—e.g. “Did police fail to
act?” or when political actors do not take an ac-
tion, which is very important to political scien-
tists (e.g. Wilkinson (2006)). This format also
allows us to evaluate zero-shot natural language
inference and information retrieval models.

• High-quality annotators who provide uncer-
tainty explanations. We hire and train political
science undergraduate students as annotators to
ensure quality control, retraining annotators over
a period of several months with training videos,
two hour-long live meetings, and individual anno-
tator feedback before producing our final dataset.
Our annotators also provide free-text explana-
tions for instances in which they are uncertain
about the answer. These rationales are important
given the recent attention to propagating annota-
tor uncertainty in downstream NLP tasks (Dumi-
trache et al., 2018; Paun et al., 2018; Pavlick and
Kwiatkowski, 2019; Keith et al., 2020) and so-
cial scientists’ interest in quantifying uncertainty
(King, 1989; Wallach, 2018).

In the remainder of this paper, we use our dataset
for three levels of evaluation: sentence-level clas-
sification, ranking of documents to reduce manual
reading time, and constructing temporal aggregates
useful to social scientists (§3). We describe in
detail our annotation and dataset creation process
(§4), provide baseline models (§5), and evaluate
their performance on all three tasks (§6).

2 Related Work

NLP and IR for police activity. Natural Lan-
guage Processing (NLP) and Information Retrieval
(IR) have been used for analysis of other police ac-
tivity such as identifying victims of police fatalities
from news articles (Keith et al., 2017; Nguyen and
Nguyen, 2018; Sarwar and Allan, 2019); extracting
eye-witness event types from Twitter including po-
lice activity and shootings (Doggett and Cantarero,
2016); detecting dialogue acts from police stops
(Prabhakaran et al., 2018); and computational anal-
ysis of degree of respect in police officers’ language
(Voigt et al., 2017).

Political event extraction. Automated event ex-
traction in social science is generally performed
using dictionary methods and a set of substantively
motivated event types and actor categories (Schrodt
et al., 1994; Gerner et al., 2002; Beieler et al., 2016;
Boschee, 2016; Radford, 2016; Brathwaite and
Park, 2018; Liang et al., 2018). Other work uses

supervised learning to infer events such as conflict
or cooperation (Beieler, 2016) and protests (Hanna,
2017). While some have attempted to induce event
types without supervision (O’Connor et al., 2013;
Huang et al., 2016), most social science applica-
tions of event extraction require substantial human
input either through constructing keyword lists, or
annotating texts to train classifiers.

Recall-focused IR. TREC’s total-recall track
(Grossman et al., 2016) is inspired by real-world
recall-focused applications from law, medicine, and
oversight (McDonald et al., 2018). However, the
track’s datasets are not typically focused on events
and assume documents are collected through inter-
acting with a system. Other work has focused on
methods for truncating ranked lists that minimize
the risk of viewing non-relevant documents (Aram-
patzis et al., 2009; Lien et al., 2019), but this line
of work does not evaluate on semantic retrieval of
event classes.

3 Three Levels of Tasks

In order to answer substantive social science ques-
tions, for example “Does variation in party control
of state government affect whether police failed to
intervene in ethnic conflict?” (Wilkinson, 2006),
social scientists often need to gather counts of
events (e.g. “police failed to intervene”) from text
when official government records are lacking. Ide-
ally, a social scientist could use automatic informa-
tion extraction methods (Cowie and Lehnert, 1996;
McCallum, 2005; Grishman, 2019) to transform un-
structured text into a structured database that would
be useful in a quantitative analysis. Yet, even state-
of-the-art information extraction systems often give
less than perfect accuracy, so social scientists must
still manually analyze large portions of their corpus
in order to extract events of interest. This quantita-
tive research process motivates the following three
tasks which our dataset can be used to evaluate:

Task 1: Sentence classification. Although so-
cial science corpora typically consist of documents,
it would be useful for a system to classify sentences
that contain events of interest.4 Highlighting rele-
vant sentences could, for semi-automated systems,
reduce a social scientist’s reading time, and, for
fully-automated systems, provide sentence-level
evidence of the automated method’s validity, a cru-

4This is closely related to extracting “explanation represen-
tations” (Thayaparan et al., 2020), “supporting facts” (Yang
et al., 2018b) or “evidence sentences” (Wang et al., 2019) in
the machine reading comprehension literature.
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cial aspect of research in text-as-data (Grimmer
and Stewart, 2013) and the broader social sciences
(Drost et al., 2011). INDIAPOLICEEVENTS allows
for evaluation of sentence-level precision, recall,
and F1 (§6.1).

Task 2: Document ranking. For semi-
automated systems, social scientists must navi-
gate the tradeoff between recall and manual read-
ing time. Social scientists may rely on IR meth-
ods which present ranked lists of relevant docu-
ments (Baeza-Yates et al., 1999; Schütze et al.,
2008). However, our informal interviews with so-
cial scientists suggest they want to know at what
point they have read enough documents to achieve
very high (95–100%) recall. In creating INDIAPO-
LICEEVENTS, annotators read every single sen-
tence in a corpus which allows for full evaluations
of average precision and our newly proposed met-
ric: the proportion of the corpus that would have to
be read to achieve Recall=X (PropRead@RecallX)
(§6.2).5

Task 3: Substantive temporal aggregates. For
social scientists, NLP and IR methods are used in
service of answering substantive questions from
text. In addressing our running example “Did dif-
ferences in party control of state government affect
whether police failed to intervene in ethnic con-
flict?” a social scientist could measure how many
news articles6 discuss “police failing to intervene”
each day for a given temporal span. In this setting,
it would be helpful to know if changes in model per-
formance at the sentence or document level resulted
in significant differences at this aggregate level. We
design INDIAPOLICEEVENTS with the capability
of evaluating these meaningful corpus-level tem-
poral aggregates, such as the mean absolute error
and Spearman rank correlation coefficient between
per-day event counts of computational models and
ground truth annotations (§6.3).

4 Annotations and Dataset

4.1 Corpus selection

We curate our corpus with a substantively moti-
vated specification: it is restricted to a single au-
thoritative news source, over a defined span of time,

5We do not address the problem of estimating recall when
gold-standard labels are only known for the subset of docu-
ments read so far, but INDIAPOLICEEVENTS could be used to
evaluate that task in future work.

6Count of news articles are often used in social science as
a proxy for the true measure of the event, e.g. Nielsen (2013);
Chadefaux (2014).

Event Class Pos. Sents. Pos. Docs.

KILL 96 (0.45%) 50 (3.98%)
ARREST 299 (1.40%) 128 (10.17%)
FAIL TO ACT 207 (0.97%) 114 (9.05%)
FORCE 222 (1.04%) 90 (7.15%)
ANY ACTION 2,073 (9.69%) 457 (36.24%)

Table 1: INDIAPOLICEEVENTS number and percent-
age of positive sentences (sents.) and documents (docs.)
after the adjudication round. In total, the dataset con-
tains 21,391 sentences and 1,257 documents.

with articles that mention one of two locations in-
volved in or related to the 2002 Gujarat violence.

From the website of Times of India, an English
language newspaper of record in India, we first
download all news articles published in March
2002.7 During this period, widespread commu-
nal violence occurred in India, following the death
of 59 Hindu pilgrims in a train fire in the state of
Gujarat. In the subsequent months, reprisal attacks
were directed at mostly Muslim victims across the
state (Human Rights Watch, 2002; Subramanian,
2007). In creating our annotations, we specifically
focus on the actions of police during these events,
since a large body of evidence points to the impor-
tance of police intervention and non-intervention
in quelling or permitting ethnic violence (Human
Rights Watch, 2002; Wilkinson, 2006; Subrama-
nian, 2007). We focus on the first month of the
violence in order to fit within our annotation bud-
get. This month saw the greatest levels of violence,
though violence continued for a period of months
afterward.

Our final corpus consists of the subset of scraped
documents published in March 2002 that include
either the name of the state (Gujarat) or a city
related to the beginning of violence (Ayodhya).8

Selecting on geographical and temporal metadata
is a high recall way to filter the corpus without
biasing the dataset by filtering to topic or event-
related keywords, thus giving a better view of the
true recall of an event extraction method.

7§9 discusses copyright issues.
8Selecting documents using location-based keywords is a

standard first step in political science text analysis (Mueller
and Rauh, 2017). This filters to 18% of the total articles in
March 2002. The precipitating event for the March 2002
violence was the burning of a train of pilgrims returning from
Ayodhya.
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4.2 Annotations via natural language
To collect annotations, we give annotators an entire
document for context, and then ask them natural
language questions about semantic event classes
anchored on the actions of police for each sentence
in that document:

• KILL: “Did police kill someone?” Lethal po-
lice violence is an important subject for social
scientists (Subramanian, 2007). Example sen-
tence: “In Vadodara, one person was killed in
police firing on a mob in the Fatehganj area.”

• ARREST: “Did police arrest someone?” Know-
ing when and where police made arrests and who
was arrested is an important part of understanding
police response to communal violence. Exam-
ple sentence: “Police officials said nearly 2,537
people have so far been rounded up in the state.”

• FAIL TO ACT: “Did police fail to intervene?”
In the 2002 Gujarat violence, police were often
accused of failing to prevent violence or allowing
it to happen. Knowing when police were present
but did not act is important for understanding
the extent of this phenomenon and its potential
causes (Wilkinson, 2006). Example sentence:

“The news items [...] suggest inaction by the police
force [...] to deal with this situation.”

• FORCE: “Did police use force or violence?” Po-
litical scientists are interested not only when po-
lice kill but the level of force they use. Exam-
ple sentence: “Trouble broke out in Halad [...]
where the police had to open fire at a violent
mob.”

• ANY ACTION: “Did police do anything?” We
collect annotations on all police activities, so that
social scientists could, in the future, label more
fine-grained event classes. Example sentence:

“In the heart of the city’s Golwad area, the army
is maintaining a vigil over mounting tension fol-
lowing [...]”

Figure 2 shows the interface annotators see.9 See
Appendix §A for exact annotation instructions and
per-question agreement rates.

9While the first three classes each correspond to a single an-
notation question, we create FORCE and ANY ACTION by
taking the union of several different questions posed to an-
notators, which made it easier for annotators to distinguish
between different subtypes. FORCE is the union of “Did
police kill someone?” and “Did police use other force or vio-
lence?”. ANY ACTION is the union of four questions: “Did
police kill someone?”, “Did police arrest someone?”, “Did
police use other force or violence?”, and “Did police do or say
something else (not included above)?”.

Figure 2: We present annotators with a highlighted sen-
tence (blue) and its document context. Their task is to
click a check-mark for the event-focused questions for
which there is a positive answer in the highlighted sen-
tence.

Following the guidelines of Pustejovsky and
Stubbs (2012), we first assign each document to
two annotators and then follow with an adjudica-
tion round in which items with disagreement are
given to an additional annotator to resolve and cre-
ate the gold standard. For annotators, we select un-
dergraduate students majoring in political science
(as opposed to crowdworkers) in order to approxi-
mate the domain expertise of social scientists.10 We
initially recruited and selected 12 students. After
a pilot study and two rounds of training, in which
we provided individual feedback to annotators via
email, we selected 8 final annotators based on their
performance. Each student annotated around 330
documents (∼5,500 sentences) using the interface
described in the Appendix, Figure A2.

Table 1 shows the prevalence of the event classes
after the adjudication round. Note that some of the
classes are relatively rare: of all documents, only
roughly 4% have KILL and 7% have FORCE. Our
annotators had fairly high inner-annotator agree-
ment for KILL and ARREST, with Krippendorff’s
alpha values of 0.75 and 0.71 respectively. Other
questions, such as FAIL TO ACT and “Did police
use other force?” had lower agreement (α < 0.4),
indicating more difficulty and ambiguity. Full
agreement rates are show in Appendix, Table A1.

4.3 Annotation uncertainty explanations

We also collect free-text annotation uncertainty
explanations in order to analyze instances that an-

10Our annotation protocol (no. 2238) was reviewed as ex-
empt by the University of Massachusetts Amherst’s IRB office.
Annotators were paid $25 per training session and a lump sum
for document annotations; we expected this to exceed $14
USD per hour based on a generous (conservatively high) esti-
mate of completion time. All annotators reported their work
time was less than this estimate.
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notators found difficult or ambiguous. For each sen-
tence presented to annotators, we ask “If you found
this example difficult or ambiguous please explain
why” and ask them to provide a short written re-
sponse in a provided text-box. This follows recent
work that that has emphasized the importance of
annotator disagreement not necessarily always as
error in annotation but instead as ambiguity that is
inherent to natural language and a potential useful
signal for downstream analyses (Dumitrache et al.,
2018; Paun et al., 2018; Pavlick and Kwiatkowski,
2019; Keith et al., 2020).

Annotators remarked on several types of text
they were uncertain about: agents of actions who
were not explicitly mentioned but implicitly police,
named entities whose status as police is ambigu-
ous, confusion about what precisely constitutes an
“arrest”, and confusion arising from the lack of spe-
cific cultural knowledge (e.g., around the Indian
crowd-control tactic of “lathi charging”). In the
appendix, see Table A3 for examples and Table A2
for a categorization of free text responses.

5 Baseline Models

We test several baseline models, all requiring no
annotation (and thus most realistic for the social
science use case), and assess their performance on
INDIAPOLICEEVENTS.

Keyword matching. Boolean keyword queries
are a very common social science approach to docu-
ment classification (e.g. Nielsen (2013); Chadefaux
(2014); D’Orazio et al. (2014); Baker et al. (2016)),
since they are simple, transparent, and widely sup-
ported in user software. We use conjunctive normal
form rules, where inferring an event class for a sen-
tence requires matching any term from a police
keyword list (including both common nouns and
names of major police and security institutions),
as well as an event keyword. To construct the key-
word lists, a domain expert coauthor first manually
generates a list of seed keywords for the seman-
tic categories police, kill, arrest, intervention, and
force. To address lexical coverage, we then expand
the keywords through word2vec (Mikolov et al.,
2013) nearest neighbors, filtered to semantically
equivalent words by the domain expert.11 This pro-
cess is repeated using WordNet synonym sets for

11We train word2vec on every article in the Times of India
from 2002 (the same corpus as our dataset, 69,000 articles)
plus another 100,000 articles from The Hindu, another English-
language newspaper in India. We inspect each keyword’s 20
nearest neighbors with highest cosine similarity.

lookup (Miller, 1995), resulting in 217 keywords
total; see appendix (§C.2) for details.

RoBERTa+MNLI. Given two input sentences,
a premise and hypothesis, the task of natural
language inference (NLI) is to predict whether
the premise entails or contradicts the hypothesis
or does neither (neutral) (Bowman et al., 2015;
Williams et al., 2018). Previous work has shown
promise of NLI transfer learning for events: Sar-
war and Allan (2020) show Sentence-BERT em-
beddings (Reimers et al., 2019) learned from NLI
data are effective on ACE-like event retrieval; Clark
et al. (2019) find for BoolQ, their dataset of nat-
urally occurring boolean questions, that transfer
learning from NLI data is more effective than trans-
ferring from QA or paraphrase data. We follow
Clark et al. (2019)’s example and use “off-the-shelf”
RoBERTa (Liu et al., 2019) fine-tuned on the MNLI
corpus (Williams et al., 2018). The model takes a
sentence and a declarative form of an event class
question as input (§C.1), and we use its predicted
probability of entailment as the probability of the
event class. For document ranking, we create a
document score by taking the maximum predicted
probability over sentences. Future experiments
could vary the amount of text (sentence vs. pas-
sage vs. document) used as input to the model.

BM25+RM3. Weighted term matching between
a query and document is a strong competitor to
neural ranking methods (Craswell et al., 2020; Lin,
2019), via, for example, BM25 scoring with RM3
query expansion (Lavrenko and Croft, 2001). With
the Anserini BM25 implementation (Yang et al.,
2018a), we set k1 = 0.9 and b = 0.4, and conduct
RM3 expansion of the query to terms found in the
top k = 10 BM25-retrieved documents, following
Lin (2019)’s hyperparameter settings. As the input
query, this set of models uses the natural language
questions described in §4.2. Appendix Table A5
contains full results.

ELECTRA+MS MARCO. Fine-tuned BERT
(Devlin et al., 2019) and other large-scale language
models have been used extensively for document
ranking in information retrieval (IR) (Zhan et al.,
2020; Zhang et al., 2020; Dai and Callan, 2019;
MacAvaney et al., 2019). We use a competitive
off-the-shelf model that uses the ELECTRA vari-
ant of BERT (Clark et al., 2020) fine-tuned on MS
MARCO (Reimers et al., 2019). MS MARCO
is a large-scale reading comprehension dataset in
which questions are sampled from anonymized web
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queries, and answers to the queries are generated by
crowdworkers (Nguyen et al., 2016). It was used
in the 2019 TREC Deep Learning track on docu-
ment and passage retrieval (Craswell et al., 2020).
We use Reimers et al. (2019)’s pretrained ELEC-
TRA+MS MARCO model. Inputs are INDIAPO-
LICEEVENTS passages consisting of three-sentence
sliding windows with stride of one sentence and
queries are the event class questions described in
§4.2. Following related work (Zhan et al., 2020),
we take the maximum score of all passages as the
document score.

6 Results

We report the performance of the baseline models
(§5) on our three tasks in Table 2 and in Figure 3.

6.1 Task 1: Sentence classification.

For sentence classification,12 Table 2 shows that
the keyword matching method slightly outperforms
RoBERTa+MNLI on F1 for ANY ACTION and
FORCE, which we suspect is due to the keyword
method having better access to synonyms of “po-
lice” (e.g. “jawan”, “RPF”) particular to the Times
of India via its word2vec expansion. However,
RoBERTa+MNLI achieves a higher F1 score on
KILL, ARREST, and FAIL TO ACT. We need
further controlled experiments to understand how
the concreteness of the event class, importance
of identifying events’ agents, and formulation of
the query (e.g. “Did police use force or violence?”
vs. “Were police violent?”) affect the results of con-
textualized language models. Table 2 also shows
poor performance of our keyword matching method
on FAIL TO ACT (F1=0.05); however, a large-
scale contextual language model seems to be able
to better distinguish the semantics of the event class
(F1=0.48). The Task 1 plot in Figure 3 shows
that across all labels, RoBERTa+MNLI has higher
recall than the keyword method for every event
class. If social scientists plan to use these sentence
classification methods in a semi-automated fash-
ion (as we suggest in §1), selecting models like
RoBERTa+MNLI that achieve higher recall may
be important.

12We do not evaluate sentences with less than 5 tokens as
many of these sentences are due to sentence segmentation
errors. After this filtering, the number of remaining sentences
we evaluate on is 18,645.

6.2 Task 2: Document ranking.

For Task 2, we report average precision and a
new metric—the proportion of documents that
would have to be read to achieve recall equal
to X (PropRead@RecallX). We use X = 0.95
because social scientists typically use 95% cut-
offs for significance and sampling error.13 We
leave to future work estimating recall on a cor-
pus without ground truth. Table 2 shows that
RoBERTa+MNLI outperforms both BM25 and
ELECTRA+MS MARCO on both average pre-
cision and PropRead@Recall95 across all event
classes. We hypothesize this is because natural
language inference is a task that is much more
aligned with the semantic-oriented precision at
which we want to rank documents. In contrast,
the MS MARCO dataset is constructed for a much
higher level information need, and documents that
are “relevant” could potentially not entail the se-
mantic event class of interest. As Figure 3 shows,
if a social scientist was presented with a ranked list
of documents from RoBERTa+MNLI, they would
only have to read 5% of the entire corpus to achieve
95% recall on KILL. RoBERTa+MNLI also does
well on ARREST and FORCE with 0.17 and 0.20
PropRead@Recall95 respectively. There is consis-
tently more difficulty across all models for ANY
ACTION and FAIL TO ACT. We speculate this
is because ANY ACTION is the class with the
greatest prevalence, and thus is more difficult to
achieve higher recall.

6.3 Task 3: Temporal Aggregates.

Figure 4 compares the outputs of three systems on
FAIL TO ACT: gold-standard human annotations,
keyword matching, and RoBERTa+MNLI. For this
event class, both automated methods under-count
the number of events marked by human annota-
tors. In contrast, the automated techniques tend
to overcount other event types (see Appendix, Fig-
ure A5 for plots of the other event classes). While
the the overall temporal trend is broadly consistent
across the three methods, the decreased accuracy
of the automated methods could lead to attenuation
bias if they were used as input to statistical models.
A qualitative examination of the extracted events
also reveals the need for future work in temporal
linking models: most of the events after March 25

13We note that 5% recall error is not equivalent to a 5%
sampling error. In practice, researchers are more concerned
with whether data is missing at random.
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Task 1: Sent. Cls. Task 2: Document Ranking Task 3: Temp. Aggs.

Keyw. R+MNLI BM25 E+MSM R+MNLI Keyw. R+MNLI
Event Class F1 ↑ F1 ↑ AP ↑ PR ↓ AP ↑ PR ↓ AP ↑ PR ↓ ρ ↑ ρ ↑

KILL 0.50 0.74 0.30 0.29 0.65 0.27 0.96 0.05 0.70 0.78
ARREST 0.48 0.62 0.68 0.36 0.72 0.67 0.91 0.17 0.71 0.85
FAIL TO ACT 0.05 0.48 0.27 0.77 0.36 0.87 0.63 0.76 0.42 0.60
FORCE 0.65 0.62 0.24 0.43 0.64 0.45 0.90 0.20 0.89 0.86
ANY ACTION 0.67 0.57 0.53 0.85 0.83 0.88 0.89 0.62 0.86 0.90

Table 2: Evaluation of two classification methods (Keyw., R+MNLI) and three ranking models (BM25, E+MSM,
R+MNLI) for INDIAPOLICEEVENTS’s three tasks. Bolded numbers indicate the model that performs best on
each metric and event class. Task 1 evaluates sentence-level F1 for sentence-level keyword matching (Keyw.)
and RoBERTa fine-tuned on MNLI (R+MNLI) (Liu et al., 2019). Task 2 evaluates average precision (AP) and
proportion of the corpus needed to be read in order to achieve 95% recall (PR, or PropRead@Recall95) for ranking
models BM25 (Yang et al., 2018a), off-the-shelf ELECTRA language model fine-tuned on MS MARCO (E+MSM;
(Reimers et al., 2019)), as well as R+MNLI’s probabilistic output. Task 3 evaluates Spearman’s rank correlation
coefficient (ρ) between predicted versus gold-standard counts of documents with the relevant event, for each day
in March 2002. For each metric, we indicate whether a higher (↑) or lower (↓) score is better.

Figure 3: Keyword and RoBERTA+MNLI performance on three metrics. (Task 1) Precision and recall at the sen-
tence level for two models on each semantic event class. (Task 1 vs 3) Sentence-level model F1 scores (x-axis) ver-
sus Spearman’s ρ of hand-annotated gold-standard and model predictions for temporal aggregates (y-axis). (Task
2) For each class under RoBERTa MNLI, the gain curves (Grossman et al., 2016), marking PropRead@Recall95:
What percentage of the ranked corpus would a researcher need to read in order to find 95% of each event classes’
mentions?

are describing events from earlier in March that
were being reported in the context of investigations

into the violence. Table 2 shows that for all event
classes except for FORCE RoBERTa+MNLI has a
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Figure 4: Number of documents per day containing a
“police failing to act/standing by” event, comparing out-
puts from (Top) human annotations (Middle) keyword
matching (Spearman’s ρ = 0.51, comparing with gold
standard) and (Bottom) RoBERTa finetuned on MNLI
(ρ = 0.60).

higher Spearman’s ρ14 between the predicted ver-
sus gold-standard document counts. The Task 1
vs. 3 plot in Figure 3 shows an approximately lin-
ear relationship between the F1 scores of sentence-
level models and Spearman’s ρ, suggesting there
is promise that NLP research focused on sentence-
level models could be of use to social scientists
who care about corpus-level evaluation.

6.4 Qualitative error analysis.

We manually analyze the false positives and false
negatives of our best-performing baseline model,
RoBERTa+MNLI. Some false positives are due to
lexical semantic misunderstandings: the model of-
ten mistakes “shot” for KILL, and assigns high
probability to negative FORCE sentences such
as, “The police escorting the vehicle fired into the
air and dispersed the mob.” The model also has
difficulty identifying the police as agents: for ex-
ample, it assigns high probability to the negative
KILL sentences: “[. . . ] scores of people have
been killed in rural Gujarat due to police failure
[. . . ],” and “Police said that two persons had been
killed in Vijaynagar [. . . ]”. Other errors are due to
hypotheticals: the model assigns high probability
to the negative KILL sentences “He alleged BJP’s
hand in the murder of [. . . ]” and “Achar claims
she was an eye-witness to police complicity in the
violence.” Many of the model’s false negatives are
due to necessary multi-sentence context (which
RoBERTa+MNLI does not have as it only takes
single sentences as input). For instance, the model
assigns low probability to the positive KILL sen-

14See Table A6 for mean absolute error scores.

tence “Four persons have been killed and five are
injured.” and FORCE sentence “One person was
injured and rushed to the SSG hospital”; if one
reads the proceeding context of both of these sen-
tences it is clear that police are the agents of the
actions.

7 Discussion and Future Work

The dataset, tasks, and evaluations we present in
this work are driven by the needs of social sci-
entists: we assess the performance of zero-shot
models on metrics important to applied researchers,
including recall against a fully annotated corpus
and performance at temporally aggregated levels.
We find cause for optimism for social scientists
using BERT-style pre-trained models on their tasks.
These models could potentially be used in place
of social scientists’ existing keyword-based clas-
sifiers, although we caution accuracy is far from
perfect and applied researchers will need to exten-
sively validate model outputs. Even with imperfect
classification accuracy, we believe these zero-shot
models show promise for decreasing human an-
notation effort by reducing the proportion of the
corpus read to achieve a specific recall level (the
metric we call PropRead@RecallX).

Future work can extend our dataset creation pro-
cess to new semantic event classes, such as protests,
communal violence itself, and other forms of par-
ticipation in political and social activity. Additional
annotated datasets could allow researchers to gener-
alize the performance of zero-shot language models
to new domains and event classes. Finally, tasks
such as temporal and geographic linking, event de-
duplication and coreference, and identifying hypo-
thetical events are unsolved but are major obstacles
for applied social scientists working with automati-
cally extracted events.
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9 Ethical Considerations and Broader
Impact

To ensure the replicability of our work and to fur-
ther research into event extraction systems for so-
cial science research, we are making the text of
the news articles available to researchers alongside
our annotations. While all articles were obtained
from a public website without login credentials, the
applicability of copyright restrictions is relevant to
address.

We believe the research benefits and the limited
harms to the copyright holders justify this use, due
to the four criteria considered in the fair use doc-
trine in U.S. copyright law (U.S. Copyright Office,
2021): (1) the non-commercial, nonprofit educa-
tional purpose of our use of the text, (2) the factual
nature of the news reports, (3) the limited substi-
tutability of our dataset for the original news site,15

and (4) our expectation that our limited corpus will
not harm the market for readers of the news site.

The issue of copyright status within NLP-
oriented corpora is of increasing interest. Sag
(2019) argues machine learning uses of text is non-
expressive and therefore falls under fair use, and
Geiger et al. (2018) study the issue in the context of
proposals for E.U. law. Bandy and Vincent (2021)
investigate BooksCorpus, a previously poorly doc-
umented corpus widely used for training language
models, finding it contains large amounts of copy-
righted work, highlighting how current data cura-
tion practices in machine learning (and adjacent)
communities need improvement (Paullada et al.,
2020; Jo and Gebru, 2020).

We also acknowledge the sensitivities around
this period of violence in India. Its significance
motivates computational work to enable more ef-
fective study of it and related episodes, but our
news-derived data on its own, in the absence of
deeper qualitative work, does not permit us to draw
new substantive conclusions about the causes and
consequences of the violence in Gujarat in 2002.
We defer to the large scholarly and journalistic lit-
erature on the violence; see references in §1 and
§4.

15We do not republish the texts as consumer-accessible web-
pages, but instead are only contained within a JSON structured
format.
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Abstract

Differentiable architecture search (DARTS)
is successfully applied in many vision tasks.
However, directly using DARTS for Trans-
formers is memory-intensive, which renders
the search process infeasible. To this end, we
propose a multi-split reversible network and
combine it with DARTS. Specifically, we de-
vise a backpropagation-with-reconstruction al-
gorithm so that we only need to store the last
layer’s outputs. By relieving the memory bur-
den for DARTS, it allows us to search with
larger hidden size and more candidate opera-
tions. We evaluate the searched architecture
on three sequence-to-sequence datasets, i.e.,
WMT’14 English-German, WMT’14 English-
French, and WMT’14 English-Czech. Exper-
imental results show that our network con-
sistently outperforms standard Transformers
across the tasks. Moreover, our method com-
pares favorably with big-size Evolved Trans-
formers, reducing search computation by an
order of magnitude.

1 Introduction

Current neural architecture search (NAS) studies
have produced models that surpass the performance
of those designed by humans (Real et al., 2019; Lu
et al., 2020). For sequence tasks, efforts are made
in reinforcement learning-based (Pham et al., 2018)
and evolution-based (So et al., 2019; Wang et al.,
2020) methods, which suffer from the huge compu-
tational cost. Instead, gradient-based methods (Liu
et al., 2018; Jiang et al., 2019; Yang et al., 2020) are
less demanding in computing resources and easy
to implement, attracting many attentions recently.

The idea of gradient-based NAS is to train a
super network covering all candidate operations.
Different sub-graphs of the super network form
the search space. To find a well-performing sub-
graph, Liu et al. (2018) (DARTS) introduced search
parameters jointly optimized with the network
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Figure 1: Memory comparison of using our reversible
networks and Transformers as the backbone model
of DARTS. Experiments are run on a single step of
forward-backward pass on a batch of 3584 tokens
with a NVIDIA P100 GPU. Limited by GPU memory,
DARTS in Transformers has to search in small sizes
while evaluating in large sizes, which will cause perfor-
mance gaps (Chen et al., 2019).

weights. Operations corresponding to the largest
search parameters are kept for each intermediate
node after searching. A limitation of DARTS is
its memory inefficiency because it needs to store
the intermediate outputs from all its candidate op-
erations. This is much more pronounced when we
apply Transformers (Vaswani et al., 2017) as the
backbone of DARTS (the operation set is detailed
in Section 2.5). As shown in Figure 1, memory
consumption grows extremely fast as we increase
the hidden size d, quickly running out of memory
as d > 400. As a result, we can only use a limited
operation set or a small hidden size, which may
lead to worse model performance.

To address the unfavorable memory consump-
tion issue in DARTS, we propose a variant of re-
versible networks. Each input of a reversible net-
work layer can be reconstructed from its outputs.
Thus, it is unnecessary to store intermediate outputs
except for the last layer because we can reconstruct
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them during backpropagation (BP). Inspired by the
idea of RevNets (Gomez et al., 2017), we devise a
multi-split reversible network. Each split contains
a mixed operation search node to enable DARTS.
Also, only a small modification of BP is needed to
enable gradient calculation with input reconstruc-
tion. We show the memory consumption of our
method in Figure 1, which on average halves the
amount of memory required in the vanilla DARTS.
We can search larger, deeper networks with a richer
candidate operation set under the same memory
constraint.

Our method is generic to handle various network
structures. In this work, we focus on the sequence-
to-sequence task. We first perform the architec-
ture search using the WMT’14 English-German
translation task. The resulting architecture is then
re-trained on three datasets: WMT’14 English-
German, WMT’14 English-French, and WMT’14
English-Czech. We achieve consistent improve-
ment over standard Transformers in all tasks. At a
medium model size, we can have the same trans-
lation quality as the original “big” Transformer
with 69% fewer parameters. At a big model size,
we exceed the performance of the Evolved Trans-
former (So et al., 2019), with the computational
cost lowered by an order of magnitude. We will
make our code and models publicly available.

2 Methodology

We give a detailed description of our method. In
Section 2.1, we introduce DARTS and its memory
inefficiency when applying in Transformers. In
Section 2.2, we propose a multi-split reversible net-
work, which works as the backbone of our memory-
efficient architecture search approach. Section 2.3
shows a backpropagation-with-reconstruction al-
gorithm. In Section 2.4, we manage to combine
DARTS with our reversible networks. Finally, in
Section 2.5, we summarize the proposed algorithms
with more details.

2.1 Differentiable Architecture Search in
Transformers

Following (Liu et al., 2018), we explain the idea of
differentiable architecture search (DARTS) within
a one-layer block. Let O be the candidate operation
set (e.g., Self Attention, FFN, Zero). Each opera-
tion o ∈ O represents some function that can be
applied to the layer inputs or hidden states (denoted
X). The key of DARTS is to use a mixed operation

search node f(X) to relax the categorical choice of
a specific operation to a softmax over all candidate
operations:

f(X) =
∑

o∈O

exp(αo)∑
o′∈O exp(αo′ )

o(X), (1)

where the α are trainable parameters of size |O|
that determines the mixing weights. During search-
ing, a one-layer block contains several search
nodes. The task is to find a suitable set of α for
each search node. At the end of the search, the
resulting operation in each node is determined by:

f = argmax
o∈O

αo. (2)

We optimize the α together with network weights
θ by gradient descent. A good architecture means
performing well on the searching validation set,
such that we optimize α with validation loss Lval
and θ with training loss Ltrain:

min
α
Lval(θ

∗(α), α),

s.t. θ∗(α) = argmin
θ

Ltrain(θ, α).

In practice, we update α by ∇αLval and θ by
∇θLtrain in each step.

It is easy to directly apply DARTS in Trans-
formers by replacing some or all operations in a
Transformer block with mixed operation search
nodes. For example, we can change the transformer
decoder block from Self Attn → Cross Attn →
FFN to Search Node 1 → Cross Attn →
Search Node 2. Note that a search node outputs
a weighted sum of different operations. To enable
gradient calculation in the backward pass, we need
to store every operation’s output, which results in a
steep rise in memory consumption during search-
ing. Figure 1 shows the memory consumption of
using 2 search nodes in both Transformer encoder
and decoder. DARTS run out of memory easily,
even at a small hidden size.

2.2 Multi-split Reversible Networks
To relieve the memory burden of DARTS in Trans-
formers, we use reversible networks. A reversible
network layer’s input can be reconstructed from its
output. Suppose a network is comprised of several
reversible layers. We do not need to store inter-
mediate outputs except the last layer, because we
can reconstruct them from top to bottom during
backpropagation (BP). Denote by X and f(X) the
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Figure 2: This figure is a demonstration of DARTSformer. (a) shows an n-split (n = 3) reversible network, which
serves the backbone of our method. (b) shows the design of activations to enable differentiable architecture search.
Each Xk and Yk are in Rl×d. The k-th pooling takes the concatenation of Xi>k and Yi<k as the input, and outputs
a tensor in Rl×d. The operation search gives a weighted average of the outputs of each candidate operation.

layer input and the layer output, respectively. X
is first split along the embedding/channel dimen-
sion into n equal parts {X1, · · · , Xn}. A RevNets
(Gomez et al., 2017) alike operation is applied to
eachXk, which yields Yk. f(X) is a concatenation
of {Y1, · · · , Yn} along the split dimension:

Y1 = X1 +G1(Xi>1, θ1),

. . .

Yk = Xk +Gk(Xi>k, Yi<k, θk),

. . .

Yn = Xn +Gn(Yi<n, θn).

(3)

Gk is a mixed operation node during the archi-
tecture search process. After searching, Gk is a
deterministic operation given by argmaxo∈O αo.
Detailed discussions can be found in Section 2.4.

The reversibility of Eq. (3) needs rigorous vali-
dation, such that the input X can be easily recon-
structed from f(X):

Xn = Yn −Gn(Yi<n, θn),
. . .

Xk = Yk −Gk(Xi>k, Yi<k, θk),

. . .

X1 = Y1 −G1(Xi>1, θ1).

(4)

Part (a) of Figure 2 illustrates a 3-split reversible
network, which we frequently employ throughout
our experiments for simplicity.

2.3 Backpropagation with Reconstruction
Consider the problem of backpropagating (BP)
through a reversible layer. Based on the layer

output f(X) = Concat(Y1, · · · , Yn) and its to-
tal derivative df(X) = Concat(dY1, · · · , dYn),
we need to calculate the layer input X =
Concat(X1, · · · , Xn), its total derivative dX =
Concat(dX1, · · · , dXn), and the derivatives of the
network weights dθ1, · · · , dθn.

We show the BP-with-reconstruction through a
single layer in Algorithm 1. [·] represents Concat(·)
for simplicity reasons. In Line 9 of Algorithm 1,
dθk is calculated as a side effect. Line 10 shows
the reconstruction process, where each split Xk

is recovered in the order of n to 1. In Algorithm
1, gradk works as a gradient accumulator, which
keeps track of all derivatives associated with Xk.
A repetitive application of Algorithm 1 enables us
to backpropagate through a sequence of reversible
layers. Only the top layer’s outputs require storage,
which makes it much more memory-efficient.

Roughly speaking, for a network with N con-
nections, the forward and backward passes require
approximately N and 2N add-multiply operations,
respectively. Since we need to reconstruct X from
f(X), the re-calculation requires another N add-
multiply operations, making it 33% slower. Fortu-
nately, we can only need Algorithm 1 for architec-
ture search and will re-train the resulting network
with ordinary BP. The search process turns out to
converge fast. The computational overhead does
not become a severe problem.

1Automatic differentiation routines, e.g. tf.gradient,
torch.autograd.backward
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Algorithm 1 BP-with-reconstruction Algorithm
for Multi-Split Reversible Networks
Input:

Layer output: f(X) = [Y1, · · · , Yn];
Total derivatives: df(X) = [dY1, · · · , dYn];
Operations: G1, · · · , Gn;

Output:
Layer input: X = [X1, · · · , Xn];
Derivatives of X: dX = [dX1, · · · , dXn];

1: X = {}; dX = {};Y = {Y1, · · · , Yn}
2: for k in n to 1 do
3: C = Yk; Y = Y \ {Yk}
4: if k == n then
5: gradk = dYk
6: else
7: gradk = dYk + C.grad
8: end if
9: gk = Gk(X,Y, θk); gk.backward1(gradk)

10: Xk = C − gk;X = X ∪ {Xk}
11: end for
12: dX1 = grad1, dX = {dX1}
13: for k in 2 to n do
14: dXk = Xk.grad + gradk
15: dX = dX ∪ {dXk}
16: end for

2.4 DARTS with Multi-split Reversible
Networks

Performing DARTS based on n-split reversible net-
works only requires specifying each Gk in Eq. (3).
Suppose that each Xk ∈ Rl×dn (l is the sequence
length and d is the hidden size, dn = d

n ), and that
each Yk has the same size as Xk. The input of Gk
contains n−1 tensors in Rl×dn . To enable element-
wise addition with Xk, the output of Gk must also
be in Rl×dn .
Gk is factorized into two parts. The first part is a

pooling operation, which takes an l× dn× (n− 1)
tensor as input, and outputs an l × dn × 1 tensor.
The second part is a mixed operation search node.
Gk is calculated as follows:

Hk = Pooling(Xi>k, Yi<k),

Gk =
∑

o∈O

exp(αko)∑
o′∈O exp(αk

o′
)
o(Hk),

(5)

where αk is randomly initialized. Figure 3 shows
the design of Gk. By substituting each Gk in Eq.
(3) with Eq. (5), we are able to use Algorithm 1
to perform memory-efficient DARTS. We call this
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Figure 3: Pooling and operation search in each split.

method DARTSformer, which is illustrated by Part
(b) of Figure 2 in a 3-split case.

The overall search space size is critical to the
performance of DARTSformer. In our experiments,
we focus on sequence-to-sequence tasks where the
encoder and the decoder are searched simultane-
ously. Suppose that we have an m-split encoder
and an n-split decoder. We search s consecutive
layers. For example, s = 2 means that we search
within a 2-layer encoder block. Each layer in
the block is an m-split reversible layer. The en-
coder contains several identical 2-layer blocks, the
same to the decoder. The search space is of size
|O|s(m+n). If |O| is large, it can easily introduce a
large search space even with small m,n and s.

2.5 Instantiation
We describe the instantiation of DARTSformer in
this section.

Operation Set The candidate operation set O is
defined as follows:

• Standard Conv w × 1 : for w ∈ {3, 5, 7, 11}.
• Dynamic Conv w × 1 : for w ∈ {3, 7, 11, 15}.
• Self Attention.
• Cross Attention: Only available to decoder.
• Gated Linear Unit (GLU).
• FFN.
• Zero: Return a zero tensor of the input size.
• Identity: Return the input.

The Dynamic Conv is from Wu et al. (2019). The
Self Attention, Cross Attention and FFN are from
Vaswani et al. (2017). We use 8 attention heads.
The GLU is from Dauphin et al. (2017).

Residual connections (He et al., 2016) and layer
normalization (Ba et al., 2016) are crucial for con-
vergence in training Transformers (Vaswani et al.,
2017). To make our network fully reversible, these
two tricks can not be used directly. Instead, we put
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Algorithm 2 The framework of DARTSformer
Input:

Operation set: O , Search parameters: α;
Network weights: θ;

Output:
Best candidate network: Nfinal;

1: Setup a multi-split reversible network with op-
eration search nodes Nsuper(O, α, θ).

2: while α not converge do
3: Update θ by Algorithm 1 with Ltrain.
4: Update α by Algorithm 1 with Lval.
5: end while
6: Get Nfinal(O, α, θ) with Eq. (2).

the residual connections and layer normalization
within each operation õ(X) = LayerNorm(X +
o(X)), except for Zero and Identity.

Encoder and Decoder We use an n-split en-
coder and an (n+1)-split decoder for DARTS-
former. Each Gk in the encoder takes the format
of Eq. (5). Instead for the decoder, Gk<n+1 still
follows Eq. (5), but the operation for the last split
Gn+1 is fixed as Cross Attention. Our experiments
show that this constraint on the decoder yields ar-
chitectures with better performances.

Search and Re-train We summarize the entire
framework of DARTSformer in Algorithm 2. Note
that the search process is the most memory inten-
sive part, such that we use BP-with-reconstruction
as shown in Line 2-5 of Algorithm 2.

3 Experiment Setup

3.1 Datasets
We use three standard datasets to perform our ex-
periments as So et al. (2019): (1) WMT’18 English-
German (En-De) without ParaCrawl, which con-
sists of 4.5 million training sentence pairs. (2)
WMT’14 French-English (En-Fr), which consists
of 36 million training sentence pairs. (3) WMT’18
English-Czech (En-Cs), again without ParaCrawl,
which consists of 15.8 million training sentence
pairs. Tokenization is done by Moses2. We employ
BPE (Sennrich et al., 2016) to generate a shared
vocabulary for each language pair. The BPE merge
operation numbers are 32K (WMT’18 En-De), 40K
(WMT’14 En-Fr), 32K (WMT’18 En-Cs). We dis-
card sentences longer than 250 tokens. For the re-
training validation set, we randomly choose 3300

2https://github.com/moses-smt/mosesdecoder

sentence pairs from the training set. The evalua-
tion metric is BLEU (Papineni et al., 2002). We
use beam search for test sets with a beam size of
5, and we tune the length penalty parameter from
0.5 to 1.0. Suppose the input length is m, and the
maximum output length is 1.2m+ 10.

3.2 Search Configuration
The architecture searches are all run on WMT’14
En-De. DARTS is a bilevel optimization process,
which updates network weights θ on one dataset
and search parameters α on another dataset. We
split the 4.5 million sentence pairs into 2.5/2.0 mil-
lion for θ and α. Both Ltrain and Lval are cross
entropy loss with a label smoothing factor of 0.1.
The split number n is 2 for the encoder and 3 for
the decoder. We set s to 1 or 2, which means the
super network contains several identical 1-layer
or 2-layer blocks. The candidate operations are
detailed in Section 2.5, where |O| = 13/14 for en-
coder and decoder, respectively. Along the analysis
in Section 2.4, the largest size of the search space is
around 1 billion. We use a factorized word embed-
ding matrix to save memory. |V | is the vocabulary
size, and d is the hidden size. The original word
embedding matrix E ∈ R|V |×d is factorized into a
multiplication of two matrices of size |V | × e and
e×d, where e� d. We let e denote the embedding
size. We set e = 256, d = 960. During searching,
we set the dropout probability to 0.1. Two Adam
optimizers (Kingma and Ba, 2015) are used for
updating θ and α, with β1 = 0.9 and β2 = 0.98.
For θ, we use the same learning rate scheduling
strategy as done in Vaswani et al. (2017) with a
warmup step of 10000. The maximum learning
rate is set to 5× 10−4. For α, we fix the learning
rate to 3× 10−4 with a weight decay of 1× 10−3,
which is the same as Liu et al. (2018) does.

DARTSformer requires us to specify a pooling
operation as stated in Eq. (5). We experiment
with both max pooling and average pooling. All
searches run on the same 8 NVIDIA V100 hard-
ware. We use a batch size of 5000 tokens per GPU
and save a checkpoint every 10,000 updates (5000
for θ and 5000 for α). Our search process finalizes
after 60,000 updates.

3.3 Training Details
All the networks derived from the saved check-
points are re-trained on WMT’14 En-De to select
the best performing one. We then train the se-
lected network on all datasets in Section 3.1 to
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Model Pooling Search s
Layers

Model
Size BLEU

Transformer - - 61.1M 27.7
ET - - 64.1M 28.2

Sampling max 2 60.1M 18.7
Sampling avg 2 61.6M 16.8
DARTSformer max 1 64.5M 27.9
DARTSformer max 2 65.2M 28.4
DARTSformer avg 1 66.0M 28.3
DARTSformer avg 2 63.4M 28.3

Table 1: BLEU scores of various search setups on
WMT’14 En-De test set. ET is the Evolved Trans-
former (So et al., 2019). We use a 2-split encoder and
a 3-split decoder.

Model Pooling Splits BLEU

DARTSformer max 2,3 28.4
DARTSformer max 3,4 28.0
DARTSformer max 4,5 27.4

DARTSformer avg 2,3 28.3
DARTSformer avg 3,4 27.9
DARTSformer avg 4,5 27.1

Table 2: BLEU scores of DARTSformer with different
split numbers on WMT’14 En-De test set. We use an n-
split encoder and an n+ 1-split decoder. We searching
through 2 consecutive layers.

verify its generalization ability. We follow the set-
tings of So et al. (2019) with both a base model
and a big model. For the base model, we still use
e = 256, d = 960 without re-scaling. For the big
model, we set e = 512, d = 1824. Unless other-
wise stated, all the training run on 8 Tesla V100
GPU cards with the batch size of 5000 tokens per
card.

4 Results

4.1 Comparison Between Search Setups

We search through a different number of consecu-
tive layers with different pooling operations. For re-
training, we use the same learning rate scheduling
strategy as in searching. We also keep the dropout
rate unchanged. Results are summarized in Table
1. DARTSformers yields better results than stan-
dard Transformers in all experimental setups. The
maximum performance gain is 0.7 BLEU with max
pooling when searching through 2 consecutive lay-

Model Price Steps Hardware

ET $150k 4.2× 108 200 TPUs
DARTSformer $1.25k 4.8× 105 8 V100

Table 3: Comparison for search cost between Evolved
Transformer (ET; So et al. 2019) and DARTSformer.
The price for ET is from Strubell et al. (2019).
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Figure 4: Architecture searched by DARTSformer.

ers. Also, DARTSformer achieves slightly better
results than the Evolved Transformer in three out
of four runs.

We compare the search cost between the Evolved
Transformers and DARTSformer from various as-
pects. DARTSformer takes about 40 hours to run
on an AWS p3dn.24xlarge node3. The price for a
single run of search is about $1.25k. As reported
by Strubell et al. (2019), the search process of
Evolved Transformer takes up to $150k, which
is extremely expensive. As for hardware, the evolu-
tionary search employs 200 TPU V.2 chips to run,
while our method only uses 8 NVIDIA V100 cards.
The reason for the evolutionary search algorithm’s
huge cost is that it requires training multiple can-
didate networks from scratch. We compare the
number of parameter update steps in Table 3. The
evolutionary search needs approximately 874 times
more update steps than our method.

A simple sampling-based NAS method (Guo
et al., 2020) can also reduce memory consumption.

3https://aws.amazon.com/ec2/instance-types/p3/
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For each batch of training data, we setGk in Eq. (5)
as a uniformly sampled operation from the candi-
date set O . The search parameters α are discarded,
and the resulting network is produced from an evo-
lutionary search by evaluating on the re-training
validation set. This method performs poorly in ma-
chine translation, as shown in Table 1. We find that
sampling-based methods favor large-kernel convo-
lutions and that the resulting architectures tend to
generate repetitive sentences.

We also experiment with increased split numbers.
As shown in Table 2, an increased split number
hurts the translation performance. The best results
are all achieved by the smallest split. Also, the
search process is harder to converge as the search
space becomes too large. The re-training and in-
ference speed will slow down when increasing the
split number because more recurrence are intro-
duced in the calculation as shown in Eq. (3).

In the following sections, we try the best search
result (DARTSformer + search 2 layers + 2 split
+ max pooling) in various sequence-to-sequence
tasks to see its generalization ability. We show this
searched architecture in Figure 4.

4.2 Performance of DARTSformer on Other
Datasets

First, we train DARTSformer with a base model
size on three translation tasks in Section 3.1. We
would like to see whether DARTSformer only per-
forms well on the task used for architecture search
or generalizes to related tasks. Second, we scale up
the model size and the batch size to see whether the
performance gain of DARTSformer still exists. We
compare DARTSformer with standard Transform-
ers and Evolved Transformers with similar model
sizes. Following Vaswani et al. (2017), the parame-
ter size is around 62.5M/214.7M for the base model
and big model, respectively. To match the settings
of So et al. (2019) when training big models, we
increase the dropout rate to 0.3 and the learning
rate to 1× 10−3. We also accumulate gradients for
two batches.

Results are shown in Table 4. At the base model
size, DARTSformer steadily outperforms standard
Transformers. We achieved the same translation
quality (28.4 BLEU, reported by Vaswani et al.
(2017)) as the original big Transformer in WMT’14
En-De, with about 69% fewer parameters. Also,
the maximum BLEU gain is 0.9 in WMT’14 En-Cs,
which is not the dataset we conduct our architecture

Models En-De En-Fr En-Cs

Transformer 27.7 40.0 27.0
ET (So et al., 2019) 28.2 40.6 27.6
DARTSformer 28.4 40.1 27.9

(a) Comparison for Base Model Size

Models En-De En-Fr En-Cs

Transformer 29.1 41.2 28.1
ET (So et al., 2019) 29.3 41.3 28.2
DARTSformer 29.8 41.3 28.5

(b) Comparison for Big Model Size

Table 4: BLEU scores on WMT’14 translation tasks.
ET is the Evolved Transformer. We use the best search
result from different DARTSformer search setups.

search on. As for Evolved Transformers, we sur-
pass their performance in two out of three datasets,
and our search algorithm is more computationally
efficient. At the big model size, DARTSformer
exceeds both standard Transformers and Evolved
Transformers, which indicates the good generaliza-
tion ability of DARTSformer.

4.3 Performance of DARTSformer vs.
Parameter Size

In Section 4.2, DARTSformer consistently im-
proves the performance with a model size com-
parable to the base and big Transformers. We are
wondering whether the performance increase exists
with smaller model sizes. We experiment with a
spectrum of model sizes for standard Transformers
and DARTSformer on WMT’14 En-De. Specif-
ically, we use four embedding sizes for standard
Transformers, [small:128, medium:256, base:512,
big:1024], where its hidden size is identical to the
embedding size. We also adjust the model size
of DARTSformer accordingly. For base and big
models, we use the results from Section 4.2. For
small and medium models, we set the learning rate
to 5 × 10−4, the dropout probability to 0.1, and
update the model parameters for 200,000 steps on
the same 8 NVIDIA V100 hardware.

Figure 5 shows the results for both architec-
tures. DARTSformer performs better than standard
Transformers at all sizes. The BLEU increase is
[1.3/0.9/0.7/0.7] for [small/medium/base/big] mod-
els. An interesting fact is that the performance gap
between two models tends to be smaller as we in-
crease the model size, which is also observed in So
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Figure 5: BLEU comparison between DARTSformer
and standard Transformers with different model sizes.

et al. (2019). Based on this observation, DARTS-
former is more pronounced for environments with
resource limitations, such as mobile phones. A pos-
sible reason for the decreased performance gap at
larger model sizes is that the effect of overfitting
becomes more important. We expect that some data
augmentation skills (Sennrich et al., 2015; Edunov
et al., 2018; Qu et al., 2020) might be of help.

4.4 The Impact of Search Hidden Size

The main motivation for our presented method is
that we want to search in a large hidden size to
reduce the performance gap between searching and
re-training. However, whether this gap exists needs
rigorous validation. Otherwise, it would suffice to
instead use a small hidden size d in architecture
search, and then increase d after search for training
the actual model. We experiment with 4 search
hidden sizes, namely, e = 128, d = 120 (tiny),
e = 128, d = 240 (small), e = 256, d = 480
(medium), e = 256, d = 960 (DARTSformer). e
is the word embedding size and d is the hidden
size as described in Section 3.2. After obtaining
the searched model, we set the model size to e =
256, d = 960, and re-train it on WMT’14 En-De.

The results are summarized in Table 5, which
clearly shows that the translation quality is improv-
ing as the search hidden size gets larger. Also, note
that when searching with tiny, small and medium
settings, the final BLEU scores fall behind that of
standard transformers. We argue that if one wants
to evaluate the searched model in large model sizes,
it is important to search with large hidden sizes.
Further more, we directly apply DARTS with stan-
dard transformer as the backbone model. We set
e = 320, d = 320. A larger search hidden size
often causes memory failure due to the storage

Search Settings e d BLEU

Tiny 128 120 24.2
Small 128 240 26.3
Medium 256 480 27.5
DARTSformer 256 960 28.4

DARTS + Transformer 320 320 27.7
Transformer - - 27.7

Table 5: BLEU scores of DARTS with different search
hidden sizes on WMT’14 En-De test set. All searched
architectures are re-trained with a parameter size simi-
lar to DARTSformer.

of many intermediate hidden states. As shown in
Table 5, We can see that searching with a small hid-
den size yields no performance gain on the standard
transformer.

5 Related Work

Architecture Search The field of neural archi-
tecture search (NAS) has seen advances in recent
years. In the early stage, researchers focus on the
reinforcement learning-based approaches (Baker
et al., 2016; Zoph and Le, 2016; Cai et al., 2018a;
Zhong et al., 2018) and evolution-based approaches
(Liu et al., 2017; Real et al., 2017; Miikkulainen
et al., 2019; So et al., 2019; Wang et al., 2020).
These methods can produce architectures that out-
perform human-designed ones (Zoph et al., 2018;
Real et al., 2019). However, the computational
cost is almost unbearable since it needs to fully
train and evaluate every candidate network found
in the search process. Weight sharing (Brock et al.,
2017; Pham et al., 2018) is a practical solution
where a super network is trained, and its sub-graphs
form the search space. Liu et al. (2018) proposed
DARTS to use search parameters together with a
super network, which allows searching with gra-
dient descent. Gradient-based methods (Cai et al.,
2018b; Xie et al., 2018; Chen et al., 2019; Xu et al.,
2019; Yao et al., 2020) attracts researchers’ atten-
tion since it is computationally efficient and easy
to implement. We base our method on DARTS and
take one step further to reduce the memory con-
sumption of training the super network. Another
recent trend is the one-stage NAS (Cai et al., 2019;
Mei et al., 2019; Hu et al., 2020; Yang et al., 2020).
Many NAS algorithms are in two stages. In the
first stage, one searches for a good candidate net-
work. In the second stage, the resulting network
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is re-initialized and re-trained. One-stage NAS
tries to search and optimize the network weights
simultaneously. After searching, one can have a
ready-to-run network. We use a simple one-stage
NAS algorithm (Guo et al., 2020) as a baseline in
Section 4.1.

Reversible networks The idea of reversible net-
works is first introduced by RevNets (Gomez et al.,
2017). Later on, Jacobsen et al. (2018); Chang
et al. (2018); Behrmann et al. (2019) invented dif-
ferent reversible architectures based on the ResNet
(He et al., 2016). MacKay et al. (2018) extended
RevNets to the recurrent network, which is partic-
ularly memory-efficient. Bai et al. (2019, 2020)
conducted experiments with reversible Transform-
ers by fixed point iteration. Kitaev et al. (2020)
combined local sensitive hashing attention with
reversible transformers to save memory in train-
ing with long sequences. An important application
of reversible networks is the flow-based models
(Kingma and Dhariwal, 2018; Huang et al., 2018;
Tran et al., 2019). For sequence tasks, Ma et al.
(2019) achieved success in non-autoregressive ma-
chine translation.

6 Conclusion

We have proposed a memory-efficient differen-
tiable architecture search (DARTS) method on
sequence-to-sequence tasks. In particular, we have
first devised a multi-split reversible network whose
intermediate layer outputs can be reconstructed
from top to bottom by the last layer’s output. We
have then combined this reversible network with
DARTS and developed a backpropagation-with-
reconstruction algorithm to significantly relieve the
memory burden during the gradient-based archi-
tecture search process. We have validated the best
searched architecture on three translation tasks.

Our method consistently outperforms standard
Transformers. We can achieve the same BLEU
score as the original big Transformer does with
69% fewer parameters. At a large model size, we
surpass Evolved Transformers with a search cost
lower by an order of magnitude. Our method is
generic to handle other architectures, and we plan
to explore more tasks in the future.
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Abstract
Previous studies have shown that initializ-
ing neural machine translation (NMT) mod-
els with the pre-trained language models (LM)
can speed up the model training and boost
the model performance. In this work, we
identify a critical side-effect of pre-training
for NMT, which is due to the discrepancy
between the training objectives of LM-based
pre-training and NMT. Since the LM objec-
tive learns to reconstruct a few source tokens
and copy most of them, the pre-training ini-
tialization would affect the copying behaviors
of NMT models. We provide a quantitative
analysis of copying behaviors by introducing a
metric called copying ratio, which empirically
shows that pre-training based NMT models
have a larger copying ratio than the standard
one. In response to this problem, we propose
a simple and effective method named copy-
ing penalty to control the copying behaviors in
decoding. Extensive experiments on both in-
domain and out-of-domain benchmarks show
that the copying penalty method consistently
improves translation performance by control-
ling copying behaviors for pre-training based
NMT models. Source code is freely avail-
able at https://github.com/SunbowLiu/
CopyingPenalty.

1 Introduction

Self-supervised pre-training (Devlin et al., 2019;
Song et al., 2019), which acquires general knowl-
edge from a large amount of unlabeled data to help
better and faster learning downstream tasks, has
an intuitive appeal for neural machine translation
(NMT; Bahdanau et al., 2015; Vaswani et al., 2017).
One direct way to utilize pre-trained knowledge
is initializing the NMT model with a pre-trained
language model (LM) before training it on paral-
lel data (Conneau and Lample, 2019; Liu et al.,

∗Work was done when Xuebo Liu and Liang Ding were
interning at Tencent AI Lab.

LM Pre-Training: LPT = − logP (x|x̃)

Source Military Field Marshal Hussein
in attendance.

Target Military ruler Field Marshal Hussein
Tantawi was in attendance.

NMT Training: LNMT = − logP (y|x)

Source Military ruler Field Marshal Hussein
Tantawi was in attendance.

Target Der Militärführer Feldmarschall Hus-
sein Tantawi war anwesend.

Table 1: Training objective gap between Seq2Seq LM
pre-training and NMT training. LM learns to recon-
struct a few source tokens and copy most of them,
while NMT learns more translation rather than copy-
ing. Underlines denote artificial noises, and highlights
indicate expected copying tokens.

2020). As a range of surface, syntactic and seman-
tic information has been encoded in the initialized
parameters (Jawahar et al., 2019; Goldberg, 2019),
they are expected to bring benefits to NMT models
and hence the translation quality.

However, there is a discrepancy between the
training objective of sequence-to-sequence LM pre-
training and that of NMT training. As shown in
Table 1, LM learns to reconstruct all source tokens
with some noises, while NMT learns to translate
most source tokens and copy few of them. Knowles
and Koehn (2018) and Liu et al. (2020) show that
LM pre-training requires to copy ∼65% of tokens,
while NMT training only needs to copy <10%. We
believe that unexpected knowledge can be propa-
gated to the NMT model via pre-training, which
may bias NMT models to mistakenly copy source
tokens to the target side. For example, the source
word “Field Marshal” might be mistakenly copied
to the target side by pre-training based NMT mod-
els, since such copying behaviors can be learned in
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the pre-training stage.
In this paper, we first validate the change of copy-

ing behaviors in NMT models initialized with the
pre-training weights. To this end, we propose a
metric named copying ratio to quantitatively mea-
sure the extent of copying behaviors of NMT mod-
els. Experimental results on the WMT14 En-De
data show that the NMT model with pre-training
improves translation performance at the cost of
introducing more copying predictions. Analyses
on model training show that the NMT model with
pre-training attempts to forget the copying behav-
iors transferred from pre-training, while the vanilla
NMT model learns in the opposite way. Due to the
dominating copying behaviors in the pre-training,
the copying ratio of pre-training based NMT model
(i.e., 10.8%) is much higher than that of the vanilla
NMT model (i.e., 9.3%). Extensive analyses show
that higher copying ratios severely hurt sentence flu-
ency and word accuracy in translations, particularly
for the translation of proper nouns, establishing the
necessity for controlling the copying behaviors of
NMT models.

To tackle this problem, we propose a simple and
effective copying penalty to control the copying
behaviors in inference, which requires no modifica-
tion to model architectures and training algorithms.
Specifically, we introduce a new regularizing term
to the prediction at each time step, which guides
the model to copy source tokens only when the
model is highly confident. Experimental results
on the WMT14 English-German and the OPUS
German-English benchmark demonstrate that the
proposed approach can significantly control copy-
ing behaviors in NMT models, making the model
more accurately generate copying tokens.

Our contributions are summarized as follows:

• We reveal a critical side-effect of pre-training
for NMT, where pre-training introduces more
copying behaviors into NMT outputs.

• We propose a simple and effective copying
penalty to further improve the performance of
NMT models with pre-training by controlling
copying behaviors in generated translation.

• We find that the domain containing a large
number of copying tokens (e.g., the IT) bene-
fits more from the proposed copying penalty.

2 Observing Copying Behavior Changes

The fact is that some source words are excessively
copied by NMT models from the source to the
target side instead of being translated, which leads
to a high copying ratio in NMT outputs. In this
section, we first propose a metric to measure the
copying ratio of model predictions. Second, we
quantitatively investigate the effect of pre-training
on NMT in the perspective of copying behaviors.
We expect to provide more evidence for controlling
the copying behaviors of NMT models.

2.1 Experimental Setup

Data We conducted experiments on the widely-
used WMT14 English-German benchmark. We
used the processed data provided by Vaswani et al.
(2017), which consists of 4.5M sentence pairs.1 We
used all the training data for model training. The
validation set is newstest2013 of 3,000 examples
and the test set is newstest2014 of 3,003 examples.

Models and Settings We implemented all the
models by the open-sourced toolkit fairseq (Ott
et al., 2019).2 We used 8 V100 GPUs for the
experiments. We mainly compared two mod-
els: 1) RANDOM, which is a vanilla NMT model
whose weights are randomly initialized without
pre-training; and 2) PRETRAINED, an NMT model
using the weights of pre-trained mBART.cc253

for parameter initialization, which has shown its
usability and reliability for translation tasks (Tran
et al., 2020; Tang et al., 2020).

For the training of RANDOM, we used the Trans-
former big setting of Ott et al. (2018b) with a
huge training batch size of 460K tokens.4 For
PRETRAINED, we fine-tuned on the pre-trained
mBART.cc25 with a training batch size of 131K
tokens. The hyperparameters keep the same with
RANDOM except the 0.2 label smoothing, 2500
warm-up steps, and 1e-4 maximum learning rate.

Evaluation For each model, we selected the
checkpoint with the lowest perplexity on the val-
idation set for testing. The beam size is 5 and
the length penalty is 0.6. In addition to report-

1https://drive.google.com/uc?id=0B_
bZck-ksdkpM25jRUN2X2UxMm8

2https://github.com/pytorch/fairseq
3https://github.com/pytorch/fairseq/

tree/master/examples/mbart
4https://github.com/pytorch/fairseq/

blob/master/examples/scaling_nmt/README.
md#3-train-a-model
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Source Military ruler Field Marshal Hussein
Tantawi was in attendance.

Target Der Militärführer Feldmarschall Hus-
sein Tantawi war anwesend.

RANDOM Anwesend war der Militärmachthaber
Feldmarschall Hussein Tantawi.

PRETRAINED Militärischer Feldherr Marshal Hus-
sein Tantawi war anwesend.

Table 2: Translation from English to German. The
words in color denote the copying tokens of which blue
denotes right copies and red denotes copying errors.

ing the commonly-used 4-gram BLEU score (Pa-
pineni et al., 2002), we also report Translation
Error Rate (TER) (Snover et al., 2006) to better
capture the translation performance of unigrams,
which more directly reflects the copying behaviors
of NMT models. Both the scores are calculated by
sacrebleu (Post, 2018) with de-tokenized text
and unmodified references.5,6

2.2 Copying Ratio
Ratio To measure the extent of the copying be-
haviors in NMT models, we calculate the ratio of
copying tokens in translation outputs:

Ratio =

∑I
i=1 count(copying token)
∑I

i=1 count(token)
(1)

where I denotes the total number of sentences in
the test set. We count the number of “copying to-
ken” by comparing each input and output sentence
pair. The denominator is the total number of tokens
in output sentences. In general, higher Ratio values
indicate more copying behaviors produced by the
NMT model, and vice versa.

Copying Error Rate (CER) To further analyze
the copying problem in NMT models, we propose
to calculate the rate of incorrect copying tokens
among all copied ones:

CER =

∑I
i=1 count(copying error)

∑I
i=1 count(copying token)

(2)

where we count the number of “copying error” by
checking whether the copying tokens are included
in its reference sentence. The CER is expected to
be zero, which indicates that all copying tokens are
correct. Table 2 gives an example. In experiments,

5BLEU+c.mixed+#.1+s.exp+tok.13a+v.1.4.14
6TER+lang.en-de+tok.tercom-nonorm-punct-noasian-

uncased+version.1.4.14

Performance Copying

BLEU TER Ratio CER #S

ORACLE - - 8.5% - 9
RANDOM 28.3 60.7 9.3% 17.4 20
PRETRAINED 29.4 59.4 10.8% 27.6 50

Table 3: Results on the WMT14 En-De test set. OR-
ACLE denotes the statistics on the reference. “#S”
denotes the number of instances whose overlaps be-
tween the source and target exceeding 50% (Ott et al.,
2018a). Although PRETRAINED gains better model
performance than RANDOM, it also excessively copies
tokens from the source.

Ratio and CER are computed based on words rather
than sub-words. We further filter all punctuations,
which are similar across different languages.

Model Performance We compare the perfor-
mance and copying behaviors of the final mod-
els in Table 3. The results show that although
PRETRAINED improves the overall performance
in terms of BLEU and TER scores, it tends to gen-
erate more copying errors, limiting its further im-
provement. In the following part, we probe into
the essence of the copying behaviors via carefully
designed experiments.

2.3 Learning Curves of Copying Behaviors

We analyze copying behaviors in learning dynam-
ics. Specifically, we translate the test set using
intermediate checkpoints at different training steps,
and then compute corresponding Ratio and CER
values. We compare RANDOM and PRETRAINED,
and plot their learning curves in Figure 1.

Ratio Two models behave quite differently in
the early stages of training. Taking Step 100 for
instance, PRETRAINED copies 89% tokens while
RANDOM does not generate any copying tokens.
This demonstrates that the copying habit in the pre-
trained model is transferred to NMT models. As
training proceeds, the copying behaviors of PRE-
TRAINED are heavily suppressed, resulting in a
rapid drop in Ratio. On the contrary, RANDOM is
able to quickly learn copying from scratch, leading
to an upward trend. After learning curves become
stable, PRETRAINED performs more copying be-
haviors than RANDOM (10.8% vs. 9.3% Ratio).

CER In general, the results of CER show similar
trends to those observed in Ratio. In the beginning,
the CER of PRETRAINED is extremely high (i.e.,
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Figure 1: Copying ratio (left) and CER score (right) of RANDOM and PRETRAINED at different training steps.
Reference lines report the values of the final models gaining the lowest validation perplexities. PRETRAINED
gains 89.4% copying ratio at 0.1K step, which is omitted for better display clarity. PRETRAINED learns to forget its
copying behaviors by reducing the copying ratio from 89.4% to 10.8% and CER from 92.4 to 27.6, while RANDOM
learns copying from scratch by increasing the copying ratio and CER from 0 to 9.3% and 17.4, respectively.

PPL Rand>Pre Rand<Pre

Ratio CER Ratio CER

RANDOM 60.8 10.0% 18.5 8.7% 17.4
PRETRAINED 95.1 9.5% 14.9 12.5% 39.7

Table 4: Sentence perplexity on the test set.
PRETRAINED’s translation of worse perplexity (i.e.,
“Rand<Pre”) also contains the higher Ratio (12.5%)
and CER (39.7) scores.

92.4), revealing that most of the copying tokens are
incorrect. The reason behind this phenomenon is
that pre-trained models are accustomed to copying
source words but the habit is overly transferred to
the downstream translation models. The interesting
finding is that RANDOM also makes more mistakes
on copying at the early training stage. Finally, the
error rate of PRETRAINED is much higher than
that of RANDOM (27.6 vs. 17.4), showing that pre-
trained models indeed expose harmful knowledge
to NMT models.

Learning curves of two kinds of models perform
in opposite ways: RANDOM learns copying from
scratch while PRETRAINED tries to forget this be-
havior. As a result, PRETRAINED copies more
source tokens than RANDOM and suffers severe
copying errors. This motivates us to further inves-
tigate the effects of copying behaviors on NMT
models in terms of translation quality.

2.4 Effect of Copying Ratio

Sentence Fluency The copying tokens from the
source usually contain some tokens that do not
belong to the target language, which might hurt the
fluency of generated translations. Starting from this

intuition, we use an external language model (Ng
et al., 2019)7 trained on in-domain data to evaluate
the fluency of translation outputs. As shown in
Table 4, Random achieves a much better perplexity
than mBART (60.8 vs. 95.1 PPL), demonstrating
that the NMT model with pre-training generates
less fluent sentences than that trained from scratch.

To take a closer look at the fluency gap, we di-
vide outputs of each model into two subsets: sen-
tences with better or worse perplexity by compar-
ing RANDOM and PRETRAINED. As seen, the
fluency of translation is related to copying ratio
and errors. The sentences with higher Ratio and
CER scores tend to be less fluent. Taking PRE-
TRAINED’s worse subset for example (Rand<Pre),
it gains a 12.5% Ratio and 39.7 CER scores, con-
firming that excessive copying behaviors lead to
negative effects in terms of translation fluency.

Word Accuracy We also give a word-level
analysis by bucketing copying tokens accord-
ing to part-of-speech (POS) tags and calcu-
late Ratio and CER in each type. In experi-
ment, we employ Stanford POS tagger with the
german-ud.tagger model to automatically la-
bel output sentences (Toutanova et al., 2003). Ta-
ble 5 lists the results. The “Oracle” (Row 1) de-
notes the statistics by comparing the source input
and its reference. As seen, most copying operations
should occur in the type of proper noun (PROPN).
This type occupies 5.7% Ratios, followed by adpo-
sition (ADP), numeral (NUM), noun (NOUN), and
other types (Others).

Compared with RANDOM, we observe that the
7https://dl.fbaipublicfiles.com/

fairseq/models/lm/wmt19.de.tar.gz
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Total PROPN ADP NUM NOUN Others

Ratio CER∗ Ratio CER∗ Ratio CER∗ Ratio CER∗ Ratio CER∗ Ratio CER∗

ORACLE 8.5% - 5.7% - 1.1% - 0.8% - 0.5% - 0.3% -

RANDOM 9.3% 17.4 6.3% 14.5 1.3% 25.8 0.9% 14.2 0.5% 21.3 0.3% 44.4
PRETRAINED 10.8% 27.6 7.5% 27.3 1.3% 24.9 0.9% 14.0 0.6% 21.0 0.5% 63.8
∆ +1.5% +10.2 +1.2% +12.8 0% -0.9 0% -0.2 +0.1% +0.3 +0.2% +19.4

Table 5: Copying behaviors by part-of-speech (POS) bucket on the WMT14 En-De task. “Oracle” denotes the
statistics in the reference. “CER∗” denotes only using the copying tokens belonging to each POS category for the
CER calculation. ∆ denotes the changes from the RANDOM to PRETRAINED, in which the significant ones are
bold. Most of the copying tokens are found in translating proper nouns (PROPN) in PRETRAINED.

increase of Ratio for PRETRAINED mainly at-
tributes to copying PROPN words (+1.2%). In
addition, PRETRAINED generates more copying
errors (+10.2), especially on PROPN and Others
types (+12.8 and +19.4). These results reveal that it
is necessary to pay more attention to proper nouns
on controlling copying behaviors for NMT.

3 Controlling Copying Behaviors

Based on the above experiments, we prove that
pre-training indeed changes the copying behaviors
of NMT models, hurting the sentence fluency and
word accuracy of generated translations. To alle-
viate this issue, we propose a simple and effective
method copying penalty to make the copying be-
haviors in NMT controllable.

3.1 Copying Penalty (CP)
To control copying behaviors in NMT, an intuitive
way is generating copying tokens only when the
model is of high confidence. To this aim, we pro-
pose to modify the probability distribution pre-
dicted by the NMT model, decreasing the pre-
dicting probability of the tokens also occurred in
the source (i.e., weakening the model confidence
of making copying predictions). In this way, for
those predictions are wavering between copying
and translating, the model is more likely to trans-
late them, and thus only those confident copying
tokens will be retained. Specifically, during infer-
ence, the predicting probability of t-th time step is
as follows:

P (yj |y<j ,x) ∈ RV = softmax(yt) (3)

where P (yj |y<j ,x) denotes the probability over
the whole target vocabulary and yt denotes the de-
coder output of t-th time step. The search algorithm
(e.g., beam search) will take this probability distri-
bution as a candidate to find the final translation of
the source sentence.

Copying penalty regularizes the prediction prob-
ability of each time step by element-wisely multi-
plying a new constraint CP ∈ RV :

CP =

{
1, yj /∈ x/Cpunc
α, yj ∈ x/Cpunc (4)

where α is a hyperparameter to control the penalty
which can be tuned on the development set, sim-
ilar to length penalty (Wu et al., 2016). x/Cpunc
denotes the set of sources tokens excluding punc-
tuation and eos, which means that the prediction
probabilities of punctuation and eoswill not be pe-
nalized. For those predictions not belonging to the
source, their probabilities keep the same. But for
those predictions that are copied from the source,
their probabilities will be α times as large/small as
before and the model will be more/less likely to
choose them as candidates for searching.

The proposed method is simple and effective:
1) It does not change the model architecture and
does not need any additional model training, thus
no parameters needed to be newly introduced; 2)
Its implementation only requires some low-cost
matrix operations during model inference, slightly
slowing the decoding speed; and 3) It can signifi-
cantly control the overall copying ratio of the model
predictions, making the model accurately generate
copying tokens, as shown in the following sections.

Effect of Copying Penalty Figure 2 depicts the
changes of the copying ratio and CER scores when
setting CP to different values on the test data. When
setting CP smaller than 1 (i.e., punishing copying
tokens), only those confident copying predictions
will be made, and thus reducing both the copying
ratio and CER scores. Conversely, setting CP larger
than 1 makes the model generate more copying to-
kens even some of them are of low confidence, thus
both the copying ratios and CER scores increase.
Similar to length penalty (Wu et al., 2016), we also
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Figure 2: Copying ratios and CER scores by different
copying penalties in PRETRAINED. When setting CP
smaller than 1 (i.e., penalizing copying), both the copy-
ing ratios and CER scores decrease, and vice versa.

tuned CP on the development data and found that
setting CP to 0.7 wins the best BLEU score. There-
fore, we used this value for decoding test data in
the following experiments.

Empirical results also show that the copying
penalty is very efficient. When evaluated by a sin-
gle 32GB V100 GPU card, the inference speed of
PRETRAINED is about 612 token/s, and that of the
model with CP is 607 token/s. The extra latency of
the copying penalty is negligible.

3.2 Main Results

Table 6 lists the overall results of the model per-
formance and copying behavior. By looking at the
part of evaluating the all test data of 3,003 sen-
tences, the results first confirm the effectiveness
of PRETRAINED that can consistently improve the
model performance in terms of BLEU and TER
scores. However, the introduction of pre-trained
knowledge also brings more copying properties to
the model that increases the copying ratio, copy-
ing errors, and the number of copying sentences at
the same time. Thanks to the introduction of the
copying penalty, the model successfully alleviates
the copying errors (i.e., reducing the CER score
from 27.6 to 16.8), making them be on par with
RANDOM, and thus further improve the BLEU and
TER scores over the strong PRETRAINED.

To better understand how copying behaviors af-
fect model performance, we split the test data into
two subsets: HasCopy and NoCopy. One intuitive
assumption is that copying errors would signifi-
cantly hurt the performance of the NoCopy data
since every copying token in the translation is a
copying error. The results confirm our assumption
that PRETRAINED can only improve limited model

Performance Copying

BLEU TER Ratio CER #S

All (3,003 sentences)
ORACLE - - 8.5% - 9

RANDOM 28.3 60.7 9.3% 17.4 20
PRETRAINED 29.4 59.4 10.8% 27.6 50

+CP 29.6 59.0 9.2% 16.8 20

HasCopy (1,774 sentences)
ORACLE - - 12.5% - 9

RANDOM 29.7 59.4 13.4% 13.8 15
PRETRAINED 30.9 57.8 14.8% 20.7 32

+CP 31.0 57.5 13.0% 13.2 17

NoCopy (1,229 sentences)
ORACLE - - 0% - 0

RANDOM 25.4 62.9 1.2% - 5
PRETRAINED 26.2 62.7 2.7% - 18

+CP 26.7 62.0 1.2% - 3

Table 6: Overall results on the WMT14 En-De test set.
“Oracle” denotes the statistics on the reference. “+CP”
denotes using the proposed copying penalty method for
inference. “#S” denotes the number of instances whose
overlaps between the source and target exceeding 50%.
“HasCopy” denotes evaluating on the sampled test set
containing copies between the source and target, while
“NoCopy” denotes evaluating on the remained set with-
out any copying. CER score is not applicable in No-
Copy as all the copying tokens are copying errors.

performance on the NoCopy data (e.g., improving
the TER scores from 62.9 to 62.7), but with the
copying penalty, the copying errors less occur in
PRETRAINED (i.e., reducing the copying ratio from
2.7 to 1.2 and copying sentences from 18 to 3) and
thus, better model performance.

Sentence Fluency The copying penalty im-
proves sentence fluency. In §2.4, we show that the
perplexity of PRETRAINED (95.1) is worse than
that of RANDOM (60.9). However, after introduc-
ing the copying penalty into PRETRAINED, the
perplexity gets a significant drop from 95.1 to 62.3,
which can be on par with RANDOM. This con-
firms our hypothesis that more copying behaviors
hurt NMT in terms of translation fluency, and con-
trolling copying behaviors can make the model
generate fluent outputs.

Word Accuracy The copying penalty enhances
the translation of PROPN. As shown in Table 7,
the copying penalty improves the translations of
proper nouns, reducing the copying ratio from 7.5%
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#Num Total PROPN

Ratio CER Ratio CER∗

All
3,003

10.8% 27.6 7.5% 27.3
+CP 9.2% 16.8 6.3% 15.1

Tgt-Ori
1,500

10.1% 17.5 6.6% 15.6
+CP 9.4% 12.6 6.1% 10.1

Src-Ori
1,503

11.4% 34.4 8.3% 34.8
+CP 9.1% 20.3 6.4% 18.9

Table 7: Copying behaviors of the source original and
target original text in PRETRAINED. “#Num” denotes
the total number of sentences in each test set. The trans-
lation of source original text contains more copying to-
kens, and CP can reduce the copying ratio.

to 6.3% and the CER score from 27.3 to 15.1.
To make headway into the translation of proper

nouns, we further investigate the translations from
various sources that usually show the large differ-
ence in the number of proper nouns (Lembersky
et al., 2011). Specifically, we investigate the two
kinds of sentence pairs in the WMT14 En-De test
set: 1) the source original text (Src-Ori) that orig-
inated in English and was human-translated into
German; 2) the target original text (Tgt-Ori) was
translated in the opposite direction, originating in
German with manual translation into English.

Zhang and Toral (2019) conclude that Tgt-Ori
is artificially easier to translate, resulted in inflated
scores for NMT models. Our results of PRE-
TRAINED positively support this conclusion that
translating Tgt-Ori makes fewer copying errors and
this might be a reason why it can win a better trans-
lation performance. However, by looking at the
last row, Src-Ori suffers from serious copying er-
rors especially in translating proper nouns, making
it harder to translate. Encouragingly, the copying
penalty nicely reduces the copying ratios and copy-
ing errors in translating both Src-Ori and Tgt-Ori.
These results further reveal the importance of con-
trolling copying behaviors in NMT models since
translating source original text is the core task of
most NMT systems (Graham et al., 2020).

The above results have shown that copying er-
rors worsen the translation of Src-Ori. To support
the claim, we further investigate the effects of vary-
ing degrees of copying errors in the translations of
Src-Ori and Tgt-Ori. Figure 3 shows the change
of BLEU scores with different copying penalties.
Clearly, the translation of Src-Ori is more sensitive
to copying errors and thus the BLEU scores get a
sharp degradation when setting the copying penalty

Figure 3: BLEU scores of different copying penalties
in PRETRAINED. Penalizing copying (i.e., α < 1 )
brings benefits to the translations of various sources.
Translating source original sentences is more sensitive
to copying behaviors, leading to a larger score degrada-
tion when encouraging copying (i.e., α > 1 ).

greater than 1, which verifies our claim.

3.3 Out-of-domain Robustness

Improving out-of-domain (OOD) robustness is
one of the benefits of pre-training for NLP
tasks (Hendrycks et al., 2020; Tu et al., 2020),
but the OOD sentences usually contain some low-
frequency proper nouns which are hard to trans-
late (Ding et al., 2021). In this part, we take the
first step towards understanding how pre-training
affects the OOD robustness of NMT models.

Setup We followed Müller et al. (2020) to pre-
process all the used data sets.8 We served the
medical domain as the training domain (i.e., us-
ing the data from the medical domain for model
training and validation), which consists of 1.1M
training examples and 2,000 validation examples.
The test set of the medical domain contains 1,691
examples, while the test sets of the IT, Koran, law,
and subtitle domains are with 2,000 examples re-
spectively. For training RANDOM, we used the
Transformer base setting with 32K batch size. The
model dropout is set to 0.3, while the dropouts for
attention and inner-FFN activation are set to 0.2.
For PRETRAINED, apart from using 32K batch size,
the other hyperparameters follow the training of the
WMT14 English-German task. The beam size is
set to 5 and the length penalty is set to 1.4. We
evaluated the model performance on the OOD test
sets from IT, Koran, Law, and Subtitles domains,

8https://github.com/ZurichNLP/
domain-robustness/blob/master/scripts/
preprocessing/preprocess_de_en.sh
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InD OutD

Med. Avg. IT Kor. Law Sub.

EXISTING 61.5 11.7 17.1 1.1 25.3 3.4
+REG. 60.8 13.1 - - - -

RANDOM 60.5 11.4 20.5 1.1 20.5 3.4
PRETRAINED 63.1 17.6 29.8 2.4 31.0 7.3

+CP 63.2 18.3 31.5 2.5 31.1 7.9

Table 8: BLEU scores on the OPUS De-En translation
task trained on the in-domain medical data. “Existing”
and “+Reg.” denote the results of baseline and regular-
ization method from Müller et al. (2020). CP can sig-
nificantly improve the translation performance of the IT
domain that needs to copy more tokens from the source.

and the averaged BLEU scores can be seen as the
OOD robustness of each NMT model.

Results Table 8 lists the results. Clearly, PRE-
TRAINED substantially improves the performances
of in-domain translation and OOD robustness, in-
creasing the in-domain BLEU scores from 60.5 to
63.1 and the OOD BLEU scores from 11.4 to 17.6
respectively. The copying penalty can further im-
prove the OOD robustness of PRETRAINED that
consistently improves the model performance of
each OOD test set. The copying penalty can even
remarkably enhance PRETRAINED in translating
the sentences from the IT domain (when setting CP
to 1.2). One possible reason is that the IT domain
needs to copy more tokens from the source sentence
than translating sentences from other domains, thus
the copying penalty can play a greater role and
bring a significant performance boost. This also
verifies the effectiveness of the copying penalty.

4 Related Work

4.1 Pre-Training for NMT

Recently, pre-training has been shown useful for
transferring general knowledge to specific down-
stream tasks, including text classification, question
answering and natural language inference (Peters
et al., 2018; Radford et al., 2018; Devlin et al.,
2019; Liu et al., 2019; Yang et al., 2019). Com-
pared with training from scratch, fine-tuning a
pre-trained model on downstream datasets usually
pushes state-of-the-art performances, while reduc-
ing computational and labeling costs.

Previous studies mainly investigate the effect of
pre-training on NMT from two perspectives: 1)
knowledge extraction, where a fixed pre-trained
model is used to encode input sequences into fea-

tures which are then fed into NMT models; and
2) parameter initialization, where part/all of the
parameters of an NMT model are initialized by a
pre-trained model and then training the model on
downstream datasets (i.e., parallel corpus).

About knowledge extraction, Yang et al. (2020a)
and Zhu et al. (2020) explore enhancing encoder
and decoder representations by leveraging pre-
trained BERT models (Devlin et al., 2019). In
addition, Chen et al. (2020) distill the soft labels
from BERT to improve predictions for NMT. These
methods are effective but costly because the novel
NMT architecture needed to be carefully designed
and the computation graph has to store the parame-
ters of both the pre-trained model and NMT model.

About parameter initialization, pre-trained mod-
els in different architectures have been studied. For
the pre-trained model whose architecture is similar
to Transformer encoder (e.g., BERT) or decoder
(e.g., GPT (Radford et al., 2018)), the parameters
of encoder and decoder can be independently ini-
tialized (Conneau and Lample, 2019; Rothe et al.,
2020). For the pre-trained model building upon
the encoder-decoder architecture (Sutskever et al.,
2014), all the model parameters can be directly
inherited by NMT, which is easy to use and effec-
tive (Song et al., 2019; Lewis et al., 2020; Lin et al.,
2020; Yang et al., 2020b).

In general, most previous works focus on design-
ing novel pre-training methods and architectures to
boost the model performance of NMT, but the un-
derstanding of pre-training for NMT is still limited.
This paper improves pre-training for NMT by first
understanding its weakness in copying behavior,
revealing the importance of further identifying the
side-effect from pre-training.

4.2 Copying Behaviors of NMT

It is a common behavior in Seq2Seq models to
copy source tokens to the target sentences, espe-
cially in monolingual generation tasks. For exam-
ple, Gu et al. (2016) propose a copying mechanism
to explicitly help model learn copying predictions,
showing its effectiveness in the tasks of dialogue
and summarization.

The copying behaviors also exist in NMT, par-
ticularly in languages that share some alphabets
(e.g., English and German). Koehn and Knowles
(2017) observe that subword-based NMT (Sennrich
et al., 2016) outperforms statistical machine trans-
lation when translating/copying unknown words.
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Knowles and Koehn (2018) find that NMT is able
to translate source words in specific contexts via
copying (e.g., personal names followed by “Mrs.”),
and even these are unknown words. However, too
many copying signals (i.e., source and target sen-
tences are identical) in training data may lead to
one potential threat: NMT models prefer copying
source tokens instead of translating them, result-
ing in performance degradation (Ott et al., 2018a;
Khayrallah and Koehn, 2018).

This paper broadens the understanding of copy-
ing behaviors in NMT models. We observe that the
translation of proper nouns in the source original
text contains more copying tokens, which sheds
light upon future works.

5 Conclusion and Future Work

We find that NMT models with pre-training are
prone to generate more copying tokens. We intro-
duce a copying ratio and a copying error rate to
quantitatively analyze copying behaviors in NMT
evaluation. In addition, a simple and effective copy-
ing penalty is proposed to enhance the copying be-
haviors during model inference. Experimental re-
sults prove the effectiveness of the copying penalty,
which can effectively control copying behaviors
and improve the overall model performance, espe-
cially for the domains (e.g., the IT) where much
copying is needed. Extensive analyses reveal that
translating proper nouns in source original text gen-
erates more copying tokens, providing a direction
for the following works on controlling copying be-
haviors of NMT models.

In the future, we would like to test the effective-
ness of the copying penalty on the NMT models
with other powerful pre-trained models, and ex-
plore more kinds of discrepancies between LM
pre-training and NMT training which can be in-
vestigated to improve the performance of NMT
models. It is also worthwhile to adapt it to other
Seq2Seq tasks that need to make a large number of
copying predictions, e.g., text summarization and
grammar error correction (Liu et al., 2021).
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Abstract

Recent advancements in transformer-based
models have greatly improved the ability of
Question Answering (QA) systems to provide
correct answers; in particular, answer sentence
selection (AS2) models, core components of
retrieval-based systems, have achieved impres-
sive results. While generally effective, these
models fail to provide a satisfying answer when
all retrieved candidates are of poor quality, even
if they contain correct information. In AS2,
models are trained to select the best answer
sentence among a set of candidates retrieved
for a given question. In this work, we propose
to generate answers from a set of AS2 top candi-
dates. Rather than selecting the best candidate,
we train a sequence to sequence transformer
model to generate an answer from a candidate
set. Our tests on three English AS2 datasets
show improvement up to 32 absolute points in
accuracy over the state of the art.

1 Introduction

Question answering systems are a core component
of many commercial applications, ranging from
task-based dialog systems to general purpose vir-
tual assistants, e.g., Google Home, Amazon Alexa,
and Siri. Among the many approaches for QA,
AS2 has attracted significant attention in the last
few years (Tymoshenko and Moschitti, 2018; Tian
et al., 2020; Garg et al., 2020; Han et al., 2021).
Under this framework, for a given question, a re-
trieval system is first used to obtain and rank a
set of supporting passages; then, an AS2 model is
used to estimate the likelihood of each sentence
extracted from passages to be a correct answer, re-
turning the one with the highest probability. This
approach is favored in virtual assistant systems be-
cause full sentences are more likely to include the

∗ This work was completed while the author was an
intern at Amazon Alexa.

Q: How a water pump works?
c1: A small, electrically powered pump.
c2: A large, electrically driven pump (electropump) for wa-

terworks near the Hengsteysee, Germany.
c3: A pump is a device that moves fluids (liquids or gases),

or sometimes slurries, by mechanical action.
c4: Pumps can be classified into three major groups according

to the method they use to move the fluid: direct lift,
displacement, and gravity pumps.

c5: Pumps operate by some mechanism (typically reciprocat-
ing or rotary), and consume energy to perform mechanical
work by moving the fluid.

G: A water pump is a device that moves fluids by mechani-
cal action.

Table 1: An example of a question Q and five answer
candidates c1, . . . , c5 from WikiQA (Yang et al., 2015)
ranked by an AS2 system. Answer G generated by our
best system is significantly more natural and concise
than any extracted candidates.

right context and sound natural, both of which are
characteristics users value (Berdasco et al., 2019).

AS2 models have shown great performance on
academic benchmarks. However, these datasets
fail to consider many essential qualities of a QA
system which interacts directly with users, such as
a virtual assistant. In some cases, extracted answer
sentences contain the correct information, but the
focus of the answer doesn’t match the question;
in others, the answer requires reasoning or contex-
tual knowledge from the user or is very long and
contains extraneous information. For example, in
WikiQA (Yang et al., 2015), a widely used AS2
dataset, the answer “Wind power is the conversion
of wind energy into a useful form of energy, such
as using wind turbines to make electrical power,
windmills for mechanical power, wind pumps for
water pumping... ” is considered a good answer
for “What can be powered by wind?”, even though
its formulation is burdensome to a user.

In this work, we explore a fundamentally differ-
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ent approach to AS2. Rather than selecting the best
candidate, we propose using a model to generate
a suitable response for a user question. In so do-
ing, we extend the traditional AS2 pipeline with
a final generation stage that can recover correct
and satisfying answers in cases where a ranking
AS2 model fails to place an acceptable candidate
at the top position or where a top candidate with
the desired information is not a natural-sounding
response to the query. Table 1 shows an exam-
ple of our system: given the question, Q, and a
list of candidates, Ck = {c1, . . . , c5} sorted by a
state-of-the-art AS2 system, we use a sequence-to-
sequence model to produce an answer G given Q
and Ck as input. This approach, which we refer to
as GenQA, addresses the limitations of AS2 sys-
tems by composing concise answers which may
contain information from multiple sources.

Recent works have shown that large, transformer-
based conditional generative models can be used
to significantly improve parsing (Chen et al., 2020;
Rongali et al., 2020), retrieval (De Cao et al., 2020;
Pradeep et al., 2021), and classification tasks (Raf-
fel et al., 2019). Our approach builds on top of
this line of work by designing and testing genera-
tive models for AS2-based QA systems. In recent
years, the use of generative approaches has been
evaluated for other QA tasks, such as machine read-
ing (MR) (Izacard and Grave, 2021; Lewis et al.,
2020b) and question-based summarization (QS)
(Iida et al., 2019; Goodwin et al., 2020; Deng et al.,
2020). However, while related, these efforts are
fundamentally different from the experimental set-
ting described in this paper. Given a question, gen-
erative MR models are used to extract a short span
(1-5 tokens) from a passage that could be used to
construct an answer to a question. In contrast, AS2
returns a complete sentence that could be directly
returned to a user.

QS systems are designed to create a general sum-
mary given a question and one or more related doc-
uments. Unlike QS, AS2-based QA systems need
to provide specific answers; thus, the presence of
even a small amount of unrelated information in a
response could cause the answer sentence to be un-
suitable. In contrast, we show that our approach can
succinctly generate the correct information from a
set of highly relevant sentence candidates.

In summary, our contribution is four-fold: (i)
we introduce a new approach for AS2-based QA
systems, which generates, rather than selects, an

answer sentence; (ii) we illustrate how to adapt
state-of-the-art models such as T5 (Raffel et al.,
2019) and BART (Lewis et al., 2020a) for answer
generation; (iii) we show1 that our GenQA system
improves over the state-of-the-art AS2-based sys-
tems by up to 32 accuracy points, as evaluated by
human annotators; finally, (iv) we briefly explain
why traditional generation metrics are not suited
for evaluating AS2-based systems.

2 Datasets

We use four English datasets in our work, one re-
lated to generative QA and three to AS2. For a
fair comparison between selector and generation
methods, we re-evaluate the top answers returned
by all models using a fixed set of annotators. All
annotations were completed by company associates
who are not part of our research group and had no
knowledge of the systems. Annotators were re-
quired to mark an answer as correct if it was: (i)
factually correct; (ii) natural-sounding; and (iii) re-
quired no additional information to be understood.
All QA pairs were single annotated, as we deter-
mined sufficient agreement for this task in previous
campaigns.

WikiQA by Yang et al. (2015) contains queries
from Bing search logs and candidate answer sen-
tences extracted from a relevant Wikipedia page.
For evaluation, we used the dev. and test sets, which
contain 126 and 243 unique questions and we re-
annotated all of the resulting 569 QA pairs.2

Answer Sentence Natural Questions (ASNQ)
introduced by Garg et al. (2020) was derived from
the NQ dataset (Kwiatkowski et al., 2019) and con-
sists of the questions which have a short answer
span within a single sentence in a long answer
span. The sentences containing the short answer
are marked as correct and the other sentences in
the document are marked as incorrect. We use the
dev. and test splits introduced by Soldaini and Mos-
chitti (2020) which contain 1,336 questions each.
We re-annotated a total of 5,344 QA pairs.

WQA is an internal AS2 dataset created from a
non-representative sample of questions asked by

1Our models, source code, and annotated data
are available at: https://github.com/alexa/
wqa-cascade-transformers.

2Due to time and annotation constraints, we were only able
to annotate results for 100 queries from each of the dev. and
test sets for our UQAT5 model
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users of a virtual personal assistant in 20193. For
each question, we retrieved 500 pages from an in-
dex containing over 100M web documents. We
then ranked candidate answers using a state-of-the-
art AS2 system, and annotated up to 100 of them.
In total, the training and dev. sets contain 3,074
queries and 189k QA pairs, while the test set con-
tains 808 queries. For this effort, we re-annotated
4,847 QA pairs from the test set.

MS MARCO QA NLG (MSNLG) by Nguyen
et al. (2016) is a subset of the MS MARCO dataset
focused on generating natural language answers
to user queries from web search result passages.
It consists of 182k queries from Bing search logs,
the ten most relevant passages retrieved for each
query, and a well-formed answer synthesized by an
annotator. This dataset is not designed for AS2, but
it represents a large resource of succinct and clear
answers, thus making it close to our AS2 task.

3 Generative QA Model (GenQA)

The AS2 task is defined as follows: Let q be an ele-
ment of the question set,Q, andCq = {c1, . . . , cn}
be a set of candidates for q, e.g., sentences retrieved
by a search engine, where ci ∈ C, and C is a set of
candidates. We model a selector S : Q×Cn → C,
such that S(q, Cq) = argmaxi (p(q, ci)), where
p(q, ci) is the probability that ci is a good answer.
We also define Sk : Q× Cn → Ck, such that, Sk
selects the top k answers in descending order of
p(q, ci).

State of the Art Throughout our experiments,
we use TANDA (Garg et al., 2020) as our state-of-
the-art selector S. This AS2 model was trained as
a binary classifier on (q, ci) pairs using a sequen-
tial fine-tuning approach starting with ASNQ and
finishing on a target dataset, e.g., WikiQA. Specif-
ically, we use their pretrained RoBERTa Large
model (Liu et al., 2019), as it achieved the best
results on all datasets it was tested on.

3.1 Our Generative Approach
Instead of selecting the best candidate, we generate
a new answer using the information from the top
k answer candidates. Thus, our model is a func-
tion G : Q × Ck → G, where G is the text that
can be generated by the generator G from the ques-
tion, any fragment of the retrieval set, the model’s

3The public version of WQA will be released in the short-
term future. Please search for a publication with title WQA: A
Dataset for Web-based Question Answering Tasks on arXiv.

vocabulary, and knowledge stored in the model’s
parameters. Formally:

G(q, Cq) = G(q, Ck) = G(q,Sk(k,Cq)). (1)

The example in Table 1 shows that we can gener-
ate a correct answer from a set of candidates which,
as a whole, contain enough information to formu-
late a correct answer. We propose that a valid an-
swer can be built by composing the most promising
constituents coming from the different candidates
in Ck. Intuitively, information repeated across mul-
tiple candidates is more promising; therefore, we
hypothesize that a model trained on the same or
similar generation task should be able to effectively
exploit this form of repetition, even in cases where
the same information is presented in a similar, but
not identical manner. Further, recent works have
shown that large transformer models hold a substan-
tial amount of commonsense knowledge in their
parameters (Roberts et al., 2020), which our model
could leverage to perform inference across sen-
tences in Ck, e.g., associate water with fluid in the
example in Table 1.

3.2 Fine-tuning GenQA
Given a pre-trained transformer seq2seq model,
e.g., T5 (Raffel et al., 2019) or BART (Lewis et al.,
2020a), we obtain G by fine-tuning on a large AS2
or QA generation dataset. For this purpose, we
format our training data as a standard sequence-to-
sequence/text-to-text task, where the source text is
the question concatenated with the top five answer
candidates, (q,Sk=5), joined by newlines. When
an answer composed by a human is available, such
as in MSNLG, we use it as the output target. For
cases where there is no composed answer, we ran-
domly select a known-good candidate to be the
target, remove it from the inputs and replace it with
another candidate if one is available. We truncate
the input text to 512 tokens and, at test time, we
use beam search with a beam size of four and a
maximum output length of 100 tokens.

4 Experiments

In this section, we first report on our experimen-
tal setup, then we show the results on fine-tuning
GenQA, and finally, we report on the comparative
results between AS2 and GenQA.

4.1 Setup
Models and Parameterization Our GenQA
model is based on the T5 (Raffel et al., 2019) vari-
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ant of the UnifiedQA (UQAT5) model by Khashabi
et al. (2020). We use the Large version of UQAT5,
which has 770M parameters for all of our experi-
ments. We compute training loss as the mean of
the cross-entropy between the softmax probabilities
over the output vocabulary and the one-hot encoded
target answer. We fine-tune UQAT5 with a learning
rate of 5E−5. We also experiment with the Large
variant of BART (Lewis et al., 2020a), which is
comprised of 400M parameters. This model was
trained using same loss with learning rate 5E−6.

Evaluation We used accuracy as our primary
metric for all our experiments and models. This
is computed as the average number of questions
a model answers correctly; for a selector S, it is
equivalent to Precision at 1. For S, we also report
Hit Rate at 5, which is the fraction of queries with
at least one good candidate ranked five or less.

Beside human evaluation, we also experimented
with automatic evaluation metrics such as BLEU
(Papineni et al., 2002) and ROUGE-L (Lin, 2004)
for GenQA. Such metrics have found little success
in evaluating QA tasks (Chaganty et al., 2018; Chen
et al., 2019), so we investigate whether that is the
case for AS2 as well.

4.2 Results

How to Fine-tune GenQA? As described in Sec-
tion 4.1, we tested two GenQA variants: one uses
a UnifiedQA T5 (UQAT5) (Khashabi et al., 2020)
as base model, while the other leverages BART-
Large (Lewis et al., 2020a). Of the datasets used
in this work, MSNLG and WQA are large enough
for fine-tuning GenQA. Therefore, based on pre-
liminary results, we tested four different strategies
for training UQAT5: fine tuning on (i) WQA or
(ii) MSNLG alone, (iii) combine the two datasets
by alternating mini-batches during training, or (iv)
follow the transfer-then-adapt strategy proposed
by Garg et al. (2020): first fine-tune on MSNLG,
then adapt to a AS2 using WQA.

Table 2 reports the results on the WQA test set,
which are all relative to the performance of the
state-of-the-art model (TANDA). First, we observe
that all GenQA models reported in this table consid-
erably outperform the best selector model, TANDA.
This result shows that our generative approach can
improve system based on AS2.

Comparing the accuracy of different training
strategies applied to UQAT5, we achieve the best
results when the model is trained on MSNLG alone

Model Accuracy BLEU ROUGE-L

TANDA (Garg et al., 2020) baseline - -

UQAT5 (AS2D) +5.3% 40.8 55.7
UQAT5 (MSNLG) +19.9% 20.2 39.7
UQAT5 (MSNLG+AS2D) +13.6% 35.3 50.6
UQAT5 (MSNLG→AS2D) +7.9% 40.6 54.8

BART-Large (MSNLG) +20.7% 21.5 41.1

Table 2: Relative accuracy of different GenQA models
and training configurations on the WQA dataset; both
UQAT5 and BART perform best when finetuned on
MSNLG only. As shown in previous work, automatic
metrics (BLEU, ROUGE-L) do not correlate with human
annotations (accuracy).

(+19.9% over TANDA baseline). While we were
initially surprised by this result, as MSNLG is
not designed for AS2, error analysis suggests that
GenQA benefits from the high quality training
data (concise answers written by annotators). Con-
versely, when training with WQA, we observed
that GenQA tends to produce answers that, while
correct, are not as natural-sounding. We plan to
explore how to best leverage existing AS2 datasets
for generative model training in future work. We
also note that a GenQA BART-Large achieves com-
parable results to GenQA UQAT5 on WQA; in
preliminary experiments, we found training strate-
gies reported on UQAT5 to have similar effect on
BART-Large.

When manually annotating results of our early
tests, we found that BART was more likely to be
extractive and copy input passages in their entirety
while UQAT5 was more likely to compose new
text and produce answers with textual overlap from
multiple input candidates but was more likely to
hallucinate content. We found that through hyper-
parameter tuning we could largely eliminate the
hallucination from UQAT5 answers but we were
unable to make BART more abstractive.

Similar to what has been observed in other QA
tasks (Chaganty et al., 2018; Chen et al., 2019), we
find that automatic metrics do not correlate with
assessments from human annotators. This is due
to the fact that neither BLEU nor ROUGE-L are
designed to estimate whether an answer is clear and
natural-sounding, instead rewarding candidates that
have high overlap with reference answers. Most
importantly, such overlap is a poor indicator of
factual correctness.
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TANDA GenQA UQAT5
Dataset Acc. Hit@5 Length Acc. Length

WikiQADEV 59.5 99.2 31.7± 13.7 92.1 14.9± 9.3

WikiQATEST 61.0 99.2 30.1± 12.4 88.5 14.6± 8.3

ASNQDEV 75.5 87.7 41.0± 122.4 90.2 13.9± 5.9

ASNQTEST 69.0 87.9 37.9± 51.5 90.5 13.9± 5.6

Table 3: Accuracy of our GenQA UQAT5 model com-
pared to a state-of-the-art AS2 model by Garg et al.
(2020). All answer candidates returned by the two
models were re-annotated to ensure a fair comparison.
Length is the average number of tokens in the answer.

Comparison between AS2 and GenQA Table 3
reports the results of TANDA and GenQA on two
standard AS2 datasets, evaluated with manual an-
notation. We note that there is an impressive gap of
over 20 absolute accuracy points on both develop-
ment and test sets. This result is produced by two
important properties of GenQA. First, it builds cor-
rect answers from a pool of correct and incorrect
answers, and it can generate a good answer so long
as the relevant information can be found anywhere
in the top k = 5 candidates. This is a clear advan-
tage over using TANDA alone, as Hit-Rate@5 of
99.2%, and 87.9% for WikiQA and ASNQ, respec-
tively, ensures that GenQA often receives at least
one correct answer as input.

Second, GenQA exhibits the ability to rewrite
unnatural answers from a text snippet into an an-
swer suitable for a conversation. For example, for
the question “What year did Isaac Newton die?”,
TANDA returns candidate “Sir Isaac Newton (25
December 1642–20 March 1727) was an English
physicist and mathematician”. Although correct,
no human would provide it in such a form. In con-
trast, GenQA composes a concise answer: “Isaac
Newton died in 1727”.

Finally, Table 3 shows that the size of GenQA
answers, in terms of words, is only 14 tokens,
which is 2.7 times less than the 30-40 tokens from
TANDA. This further suggests that GenQA can pro-
vide more concise and direct answers, which are
preferable in a conversational context.

5 Conclusions

In this work we present GenQA, a generative ap-
proach for AS2-based QA systems. The main dif-
ference with recent MR-based generative systems
is the capacity of our models to generate long an-
swers. This comes from the use of AS2 candidates

(complete sentences) as input to our generative ap-
proach. In contrast, MR systems, being mainly
trained with short answers, e.g., noun phrases and
named entities, mostly generate short answers.

We show that GenQA significantly outperforms
state-of-the-art selector models for AS2 by up to 32
accuracy points by combining different pieces of in-
formation from the top k answer candidates. These
results suggest promising directions for generative
retrieval-based systems.
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Abstract

The NLP community has seen substantial re-
cent interest in grounding to facilitate inter-
action between language technologies and the
world. However, as a community, we use the
term broadly to reference any linking of text to
data or non-textual modality. In contrast, Cog-
nitive Science more formally defines “ground-
ing” as the process of establishing what mu-
tual information is required for successful
communication between two interlocutors –
a definition which might implicitly capture the
NLP usage but differs in intent and scope.

We investigate the gap between these defini-
tions and seek answers to the following ques-
tions: (1) What aspects of grounding are miss-
ing from NLP tasks? Here we present the di-
mensions of coordination, purviews and con-
straints. (2) How is the term “grounding” used
in the current research? We study the trends in
datasets, domains, and tasks introduced in re-
cent NLP conferences. And finally, (3) How
to advance our current definition to bridge
the gap with Cognitive Science? We present
ways to both create new tasks or repurpose
existing ones to make advancements towards
achieving a more complete sense of grounding.
github.com/khyathiraghavi/Grounding-Grounding

1 Introduction

We as humans communicate and interact for a va-
riety of reasons with a goal. We use language to
seek and share information, clarify misunderstand-
ings that conflict with our prior knowledge and
contextualize based on the medium of interaction
to develop and maintain social relationships. How-
ever, language is only one of the enablers of this
communication reliant on several auxiliary signals
and sources such as documents, media, physical
context etc., This linking of concepts to context
is grounding and within NLP context is often a
knowledge base, images or discourse.
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Figure 1: Dimensions of grounding – required to bridge
the gap between current state of research and what is
missing from a more complete sense of grounding.

In contrast, research in cognitive science defines
grounding as the process of building a common
ground based on shared mutual information in or-
der to successfully communicate (Clark and Carl-
son, 1982; Krauss and Fussell, 1990; Clark and
Brennan, 1991; Lewis, 2008). We argue that this
definition subsumes NLP’s current working defi-
nition and provides concrete guidance on which
phenomena are missing to ensure the naturalness
and long term utility of our technologies.

In Section 2, we formalize 3 dimensions key
to grounding: Coordination, Purviews and Con-
straints, to systematize our analysis of limitations in
current work. Section 3 presents a comprehensive
review of the current progress in the field including
the interplay of different domains, modalities, and
techniques. This analysis includes understanding
when techniques have been specifically designed
for a single modality, task, or form of grounding.
Finally, Section 4 outlines strategies to repurpose
existing datasets and tasks to align with the new
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richer definition from cognitive science literature.
These introspections, re-formulations, and concrete
steps situate NLP ‘grounding’ in larger scientific
discourse, to increase its relevance and promise.

2 Dimensions of grounding

Defining grounding loosely as linking or tethering
concepts is insufficient to achieve a more realistic
sense of grounding. Figure 1 presents the research
dimensions missing from most current work.

2.1 Dimension 1: Coordination in grounding

The first and the most important dimension that
bridges the gap between the two definitions of
grounding is the aspect of coordination – alterna-
tively viewed as the difference between static and
dynamic grounding (Fig 2).

Static grounding is the most common type and
assumes that the evidence for common ground or
the gold truth for grounding is given or attained
pseudo-automatically. This is demonstrated in Fig-
ure 2 (a). The sequence for this form of interaction
includes: (1) human querying the agent, (2) agent
querying the data or the knowledge it acquired, (3)
agent retrieving and framing a response and (4)
agent delivering it to the human. In this setting the
common ground is the ground truth KB/data. The
human and the agent have common ground by as-
suming its universality (i.e. no external references).
Therefore, successfully grounding the query in this
case relies solely on the agent being able to link the
query to the data. For instance, in a scenario where
a human wants to know the weather report, the ac-
curacy of the database itself is axiomatic and we
build a model for the agent to accurately retrieve
the queried information in natural language.

Most current research assumes static grounding
so progress is measured by the ability of the agent
to link more concepts to more data. However, the
axiomatic common ground often does not exist and
needs to be established in real world scenarios.

Dynamic grounding posits that common ground
is built via interactions and clarifications. The mu-
tual information needed to communicate success-
fully is built via interactions including: Request-
ing and providing clarifications, Acknowledging or
confirming the clarifications, Enacting or demon-
strating to receive confirmations, and so forth. This
dynamically-established-grounding guides the rest
of the interaction by course-correcting any misun-
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(a) Coordination sequence in static grounding (b) Coordination sequence in dynamic grounding

Figure 2: Coordination sequence in grounding

derstandings. The sequence of actions in dynamic
grounding is demonstrated in Figure 2 (b). The
steps for establishing grounding is a part of the
interaction that includes: (1) The human querying
the agent, (2) The agent requesting clarification or
acknowledging, (3) The human clarifying or con-
firming. These three steps loop until a common
ground is established. The remaining steps of (4)
querying the data, (5) retrieving or framing a re-
sponse, and (6) delivering the response, are same as
that of static grounding. The agent and the human
may not be on the same common ground but steps
2 and 3 loop as the conversation progresses to build
this common ground. The process of successfully
grounding the query not only relies on the ability of
the agent to link the query but also to construct the
common ground from the mutually shared informa-
tion with respect to the human. Although there are
efforts about clarification questioning (), the cover-
age of phenomena are still far from comprehensive
(Benotti and Blackburn, 2021b).

Cognitive sciences in the perspective of language
acquisition (Carpenter et al., 1998) present two
ways of dynamic grounding via joint attention (Kol-
eva et al., 2015; Tan et al., 2020): Dyadic joint
attention and Triadic joint attention. In our case,
dyadic attention describes the interaction between
the human and the agent and any clarification or
confirmation is done strictly between the both of
them. Triadic attention also includes a tangible
entity along with the human and the agent. The
human can provide clarifications by gazing or point-
ing to this additional piece in the triad.

Summary: The community should prioritize dy-

namic grounding as it is more general and more

accurately matches real experiences.

2.2 Dimension 2: Purviews of grounding
Next, we present the different stages behind reach-
ing a common ground, known as purviews. Most
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of the current approaches and tasks address these
purviews individually and independently, while
they are often co-dependent in real world scenarios.

Stage 1: Localization: The first stage is the local-
ization of the concept either in the physical or men-
tal contexts. This step is idiosyncratic and relates to
the ability of the agent alone to localize the concept.
These concepts often are also linked in a compo-
sitional form. For instance, consider a scenario
in which the agent is to locate a ‘blue sweater’.
The agent needs to understand each of the con-
cepts of ‘blue’ and ‘sweater’ individually and then
locate the composition of the whole unit. Clark
and Krych (2004) from cognitive sciences demon-
strate how incremental grounding (Schlangen and
Skantze, 2009; DeVault and Traum, 2013; Eshghi
et al., 2015) is performed with these compositions
and show how recognition and interpretation of
fragments help in this by breaking down instruc-
tions into simpler ones. This localization occurs
at word, phrase and even sentence level in the lan-
guage modality and pixel, object and scene level in
the visual modality.

Stage 2: External Knowledge: After localizing
the concept, the next step is to ensure consistency
of the current context of the concept with existing
knowledge. Often times, the references of ground-
ing either match or contradict the references from
our prior knowledge and external knowledge. This
might lead to misunderstandings in the consequent
rounds of communication. Hence, in addition to
localizing the concept, it is also essential to make
the concept and its attributes consistent with the
available knowledge sources. Most of the current
research is focused on localizing with few efforts to-
wards extending it to maintain a consistency of the
grounded concept with other knowledge sources.

Stage 3: Common sense: After establishing con-
sistency of the concept, a human-like interaction
additionally calls for grounding the common sense
associated with the concept in that scenario. In
addition to the basic level of practical knowledge
that concerns with day to day scenarios Sap et al.
(2020), the concept should also be reasoned based
on that particular context. This contextual common
sense moves the idiosyncratic sense towards a sense
of collective understanding. For instance, if the hu-
man feels cold and asks the agent to get a blue coat,
the agent needs to understand that the coat in this
instance is a sweater coat and not a formal coat.
This implicit common sense minimizes the effort

in building a common ground reducing articulation
of meticulous details. Therefore it is essential to
incorporate this explicitly in our modeling as well.
Stage 4: Personalized consensus: As a part of
the evolving conversations, the references in the
language evolve as well. The grounded term might
have different meanings for the agent in the context
with access to the history as opposed to a fresh
agent without access to the history. This multi-
instance multi-turn process to achieve consensus
makes this collective or a shared stage continu-
ally adapting to personalization leading to better
engagement (Bohus and Horvitz, 2014). In such
settings, it is sufficient that the human and the
agent are in consensus with the truth value of the
grounded term, which need not be the same as the
ground truth. This shift in the truth value of the
meanings of the grounded terms often arise due to
developing short-cuts for ease of communication
and personalization, which is an acceptable shift as
long as the communication is successful.

Summary: Common ground requires expanding

to verticals of local, general, common-sense and

personalized contextual knowledge.

2.3 Dimension 3: Constraints of grounding
The medium and mode of communication con-
strain communicative goals in practical scenarios.
The number and availability of such media have
increased and facilitated ubiquitous communica-
tion around the world, presenting a diversity in
the mode of interaction. Motivated by this, we
resurface and adapt the constraints of grounding
with respect to media of interaction as defined by
Clark and Brennan (1991). Here are the definitions
of these constraints in the context of grounded lan-
guage processing and the corresponding categoriza-
tion of the majority of the representative domains
in grounding satisfying different constraints.
• Copresence: Agent and human share the same
physical environment of the data. Most of the cur-
rent research in the category of embodied agents
satisfy this constraint.
• Visibility: The data is visible to the agent and/or
human. The domains of images, images & speech,
videos, embodied agents satisfy this constraint.
• Audibility: Agent and human communicate by
speaking about the data. Domains like speech, spo-
ken image captions and videos satisfy this.
• Cotemporality: The agent/human receives at
roughly the same time as the human/agent pro-
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duces. The lag in the domains like conversations
or interactive embodied agents is considered negli-
gible and satisfy this constraint.
• Simultaneity: The agent and the human can send
and receive at once simultaneously. Most media
are cotemporal but do not engage in simultaneous
interaction. This often disrupts the understanding
of the current utterance and the participant may
have to repeat it to avoid misunderstandings, which
is commonly observed in real world scenarios.
• Sequentiality: The turn order of the agent and
the human cannot get out of sequence. Face-to-face
conversations usually follow this constraint but an
email thread with active participants and the com-
ments sections in online portals (such as Youtube,
Twitch etc.,) do not necessarily follow a sequence.
In such cases a reply to the message may be sepa-
rated by arbitrary number of irrelevant messages.
These categories are usually understudied but are
commonly observed online.
• Reviewability: The agent reviews the common
ground to the human to adapt to imperfect human
memories. For instance, we reiterate full references
instead of adapting to short cut references when
the conversation resurfaces after a while. This is
to develop a personalized adaptation between the
interlocutors based on the media to enable ease of
communication.
• Revisability: The interaction between the agent
and the human indexes to a specific utterance in
the conversation sequence and revise it, therefore
changing the course of the interaction henceforth.
Human errors are only natural in a conversation and
the agent needs to be ready to rectify the previously
grounded understanding.

There has been a good and continual effort in
formulating tasks and datasets that satisfy the con-
straints of visibility, audibility and cotemporality.
Contemporary efforts also see an increased inter-
est in addressing copresence in grounded contexts.
Very recently, (Benotti and Blackburn, 2021a) high-
lights the importance of recovering from mistakes
while establishing the collabrative nature of ground-
ing, contributing to the ability of revisability.

Summary: Key to progress is to focus on largely

a blind spot in grounding: simultaneity, sequen-

tiality & revisability to revive from mistakes.

3 Grounding ‘Grounding’

Having covered a more formal definition of ground-
ing adapted to NLP, we turn our attention to cat-

aloging the precise usage of ‘grounding’ in our
research community. We present an analysis on the
various domains and techniques NLP has explored.

3.1 Data and Annotations
To this end, since our aim is to investigate how the
community understands the loosely defined term
‘grounding’, we subselected all the papers that men-
tion terms for ‘grounding’ in the title or abstract
from the S2ORC data (Lo et al., 2020) between
the years 1980-2020. In this way, we grounded
the term ‘grounding’ in literature 1 to collect the
relevant papers. We acknowledge that the papers
analyzed here are not exhaustive with respect to
concept of ‘grounding’.

Each of the paper is annotated with answers to
the following questions: (i) is it introducing a new
task? (ii) is it introducing a new dataset? (iii) what
is the world scope (iv) is it working on multiple
languages? (v) what are the grounding domains?
(vi) what is the grounding task? (vii) what is the
grounding technique?

3.2 Domains of grounding
Real world contexts we interact with are diverse
and can be derived from different modalities such
as textual or non-textual, each of which comprises
of domains. Our categorization of these is inspired
from the constraints of grounding as described in
§2.3. Based on this, the modality based categoriza-
tion include the following domains:
• Textual modality comprising plain text, entities &
events, knowledge bases and knowledge graphs.
• Non-textual modality comprising images, speech,
images & speech and videos.

Numerous other domains including numbers and
equations, colors, programs, tables, brain activity
signals etc., are studied in the context of grounding
at relatively lower scale in comparison to the afore-
mentioned ones. Each of these can further be inter-
acted with along the variation in the coordination
dimension of grounding from §2.1, that give rise
to the following settings including conversations,
embodied agents and face-to-face interactions.

3.3 Approaches to grounding
This section presents a list of approaches tailored
to grounding. The obvious solution is to expand
the datasets to promote a research platform. The

1Please note that this is not an exhaustive list of papers
working on grounding as there are several others that do men-
tion this term and still work on some form of grounding.
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Figure 3: Categorical approaches to grounding

second is to manipulate different representations
to link and bring them together. Finally the learn-
ing objective can leverage grounding. The sub-
categories within each are presented in Figure 3.
1. Expanding datasets / annotations: The first
step towards building an ecosystem for research in
grounding is to curate the necessary datasets which
is accomplished with expensive human efforts, aug-
menting existing annotations and automatically de-
riving annotations with weak supervision.
1a) New datasets: There has been an increase in
efforts for curating new datasets with task specific
annotations. These are briefly overlaid in Table 1
along with their modalities, domains and tasks.
1b) Augment annotations: These curated datasets
can also be used subsequently to augment with task
specific annotations instead of collecting the data
from scratch, which might be more expensive.
• Non-textual Modality: Static grounding here in-

cludes using adversarial references to ground visual
referring expressions (Akula et al., 2020), narration
(Chandu et al., 2019b, 2020a), language learning
(Suglia et al., 2020; Jin et al., 2020) etc.,
• Textual Modality: Static grounding includes

entity slot filling (Bisk et al., 2016).
• Interactive: Though not fully dynamic ground-

ing, some efforts here are amongst tasks like under-
standing spatial expressions (Udagawa et al., 2020),
collaborative drawing (Kim et al., 2019) etc.,
1c) Weak supervision: While the above two are
based on human efforts, we can also perform weak
supervision to use a model trained to derive auto-
matic soft annotations required for the task.
• Non-Textual Modality: In the visual modal-

ity, weak supervision is used in the contexts of
automatic object proposals for different tasks like
spoken image captioning (Srinivasan et al., 2020),
visual semantic role labeling (Silberer and Pinkal,
2018), phrase grounding (Chen et al., 2019), loose

Modality Domain Task Work

N
on

-t
ex

tu
al Images

caption relevance (Suhr et al., 2019)
multimodal MT (Zhou et al., 2018c)
sports commentaries (Koncel-Kedziorski et al., 2014)
semantic role labeling (Silberer and Pinkal, 2018)
instruction following (Han and Schlangen, 2017)
navigation (Andreas and Klein, 2014)
causality (Gao et al., 2016)
spatial expressions (Kelleher et al., 2006)
spoken image captioning (Alishahi et al., 2017)
entailment (Vu et al., 2018)
image search (Kiros et al., 2018)
scene generation (Chang et al., 2015)

Videos

action segmentation (Regneri et al., 2013)
semantic parsing (Ross et al., 2018)
instruction following (Liu et al., 2016)
question answering (Lei et al., 2020)

Te
xt

ua
l

Text

content transfer (Prabhumoye et al., 2019)
commonsense inference (Zellers et al., 2018)
reference resolution (Kennington and Schlangen, 2015)
symbol grounding (Kameko et al., 2015)
bilingual lexicon extraction (Laws et al., 2010)
POS tagging (Cardenas et al., 2019)

In
te

ra
ct

iv
e

Text
negotiations (Cadilhac et al., 2013)
documents (Zhou et al., 2018b)
improvisation (Cho and May, 2020)

Visual

referring expressions
(Haber et al., 2019)
(Takmaz et al., 2020)

emotions and styles (Shuster et al., 2020)
media interviews (Majumder et al., 2020)
spatial reasoning (Jänner et al., 2018)
navigation (Ku et al., 2020)

Other problem solving (Li and Boyer, 2015)

Table 1: Example datasets introduced for grounding.

temporal alignments between utterances and a set
of events (Koncel-Kedziorski et al., 2014) etc.,
• Textual Modality: In the contexts of text,

Tsai and Roth (2016a) work towards disambiguat-
ing concept mentions appearing in documents and
grounding them in multiple KBs which is a step
towards Stage 3 in §2.2. Poon (2013) perform ques-
tion answering with a single database and (Parikh
et al., 2015) with symbols.

Summary: While augmentation and weak super-

vision can be leveraged for dimensions of coordi-

nation and purviews, curating new datasets is the

need of the hour to explore various constraints.

2. Manipulating representations: Grounding
concepts often involves multiple modalities or rep-
resentations that are linked. Three major methods
to approach this are detailed here.
2a) Fusion and concatenation: Fusion is a very
common technique in scenarios involving multiple
modalities. In scenarios with a single modality,
representations are often concatenated.
• Non-textual modality: Fusion is applied with im-
ages for tasks like referring expressions (Roy et al.,
2019), SRL (Yang et al., 2016) etc., For videos,
some tasks are grounding action descriptions (Reg-
neri et al., 2013), spatio-temporal QA (Lei et al.,
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2020), concept similarity (Kiela and Clark, 2015),
mapping events (Fleischman and Roy, 2008) etc.,
• Textual Modality: With text, this is similar to

concatenating context (Prabhumoye et al. (2019)
perform content transfer by augmenting context).
• Interactive: In a conversational setting, work

is explored in reference resolution (Takmaz et al.,
2020; Haber et al., 2019), generating engaging re-
sponse (Shuster et al., 2020), document grounded
response generation Zhou et al. (2018b), etc.,
• Others: Nakano et al. (2003) study face-to-face

grounding in instruction giving for agents.
2b) Alignment: An alternative to combining rep-
resentations is aligning them with one another.
• Non-textual modality: Wang et al. (2020) per-

form phrase localization in images and Hessel et al.
(2020) study temporal alignment in videos.
• Interactive: Han and Schlangen (2017) align

GUI actions to sub-utterances in conversations and
Jänner et al. (2018) align local neighborhoods to
the corresponding verbalizations.
2c) Projecting into a common space: A widely
used approach is to also bring the different repre-
sentations on to a joint common space.
• Non-textual modality: Projection to a joint se-

mantic space is used in spoken image captioning
(Chrupala et al., 2017; Alishahi et al., 2017; Havard
et al., 2019), bicoding for learning image attributes
(Silberer and Lapata, 2014), representation learn-
ing of images (Zarrieß and Schlangen, 2017) and
speech (Vijayakumar et al., 2017).
• Textual modality: Tsai and Roth (2016b) demon-
strate cross-lingual NER and mention grounding
model by activating corresponding language fea-
tures.Yang et al. (2019) perform imputation of em-
beddings for rare and unseen words by projecting
a graph to the pre-trained embeddings space.

Summary: Modeling different representations ef-

fectively aid in improving both consistency across

purviews and media based constraints.

3. Learning Objective: Grounding is often per-
formed to support a more defined end purpose task.
We identified 3 ways that are broadly adopted to
incorporate grounding in objective functions.
3a) Multitasking and Joint Modeling: The link-
ing formulation of grounding is often used as an
auxiliary or dependent to model another task.
• Non-textual Modality: Multitasking with im-

ages is used to perform spoken image captioning
(Chrupala, 2019) and grammar induction (Zhao

and Titov, 2020). Joint modeling was used in multi-
resolution language grounding Koncel-Kedziorski
et al. (2014), identifying referring expressions Roy
et al. (2019), multimodal MT (Zhou et al., 2018c),
video parsing Ross et al. (2018), learning latent
semantic annotations (Qin et al., 2018) etc.,
• Interactive: In a conversational setting, mul-

titasking is used to compute concept similarity
judgements (Silberer and Lapata, 2014), knowl-
edge grounded response generation (Majumder
et al., 2020), grounding language instructions Hu
et al. (2019). Joint modeling is used by Li and
Boyer (2015) to address dialog for complex prob-
lem solving in computer programs.
3b) Loss Function: It is crucial to utilize appro-
priate loss designed for the specific grounding task.
The main difference between multitasking and a
loss function adaptation is that while multitasking
reweights combinations of existing loss functions,
novel loss functions are informed by the data/task
at hand, adapting to a novel use case.
• Non-textual Modality: Grujicic et al. (2020) de-

sign soft organ distance loss to model inter and intra
organ interactions for relative grounding. Ilharco
et al. (2019) improve diversity in spoken captions
with a masked margin softmax loss.
3c) Adversarial: Leveraging deceptive grounded
inputs in an attempt to fool the model is capable of
making it robust to certain errors.
• Non-textual Modality: Chen et al. (2018); Akula
et al. (2020) present an algorithm to craft visually-
similar adversarial examples.
• Textual Modality: Zellers et al. (2018) perform
adversarial filtering and constructs a de-biased
dataset by iteratively training stylistic classifiers.

Summary: Manipulating learning objective is a

modeling capability aiding as an additional com-

ponent in bringing grounding adjunct to several

other end tasks across all the dimensions.

3.4 Analysis of trends
Based on the categories of approaches and different
datasets from §3.3, we presented a representative
set of analyses that highlight the major avenues
that addressing the key missing pieces of work on
grounding to advance future research.

Figure 4 presents the trends in the develop-
ment of grounding over the past decade includ-
ing: specific approaches (a,b) that presents new
tasks/challenges; world scopes (Bisk et al., 2020)
(c) contributing to grounding language in different
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(a) Trends in curating new datasets and augmenting annotations (b) Trends in manipulation of representations

(c) Trends in world scopes (c) Trends in multilingual datasets and tasks

Figure 4: Analysis on the trends in grounding

data types; and multilinguality (d) contributing to
a part of linguistic diversity. We also present hi-
erarchical pie charts in Figure 5 and in Appendix
to analyze the compositions of modalities and do-
mains for these approaches.While we believe our
analysis targets several of the most critical dimen-
sions paving way for future research directions, it is
not exhaustive and welcome suggestions from the
community for additional analysis. For example, it
is also interesting to study domain diversity, task
formulation/usefulness, etc., in future.
Trends in datasets expansion: The introduction
of new datasets has seen a rapid increase over the
years, while there is also a subtle increasing trend in
augmenting annotations to the existing datasets, as
observed in Figure 4 (a). As we can see from Figure
5 (a), across all the domains, gathering new datasets
seem to be prominent than augmenting them with
additional annotations to repurpose the data for a
new task. There seems to be a higher emphasis of
expansion of datasets in the non-textual modalities,
particularly in the domain of images. A similar
rise is not observed in interactive settings including
conversational data and interaction with embodied
agents; which is the propitious way to bridge the
gap towards real sense of grounding. It is indeed
encouraging to see an increasing trend in the efforts
for expanding datasets but the need of the hour is to
redirect some of these resources to address dynamic
grounding in the coordination dimension which is
scarcely studied in existing datatsets.
Trends in manipulating representations: From

Figure 4 (b), we note that the fusion technique has
and is increasingly becoming popular in ground-
ing through manipulating representations in com-
parison to alignment and projection. This is also
observed in Figure 5 (b) with the dominance of non-
textual modality. In the context of textual modality,
this technique is equivalent to concatenation of the
context or history in a conversation. Projecting
onto a common space is the next popular technique
in comparison to alignment. Similarly, we observe
that the non-textual modality overwhelmingly occu-
pies the space of manipulating representations with
exceeding prominence of fusion. Fusion and pro-
jecting onto common space currently are exceed-
ingly used methodologies to ground within a single
purview. They demonstrate a promising direction to
manipulate representations across different stages
to maintain consistency along the purviews.
Trends in World Scopes: We also study the de-
velopment of the field based on the definitions of
the world scopes presented by Bisk et al. (2020).
Based on this, last decade has seen an increasing
dominance in research on world scope 3 (world
of sights and sounds). However, this is limited to
this scope and the same trend is not clear in world
scope 4 (world of embodiment and action). An
encouraging observation is the focus of the field in
world scope 5 (social world) which is closer to real
interactions in the last year. We need to accelerate
development of datasets and tasks in world scopes
4 and 5. It is highly recommended to take dynamic
grounding scenario into account in the efforts for
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curating datasets in these scopes.
Inclusivity of multiple languages: Figure 4 (c)
shows that research into grounding in multiple lan-
guages is still incredibly rare. As noted by Ben-
der (2011), improvements in one language do not
necessarily mandate comparable performances in
other languages. The norm for benchmarking
large scale tasks still remains anglo-centric and
we need serious efforts to drift this trend to identify
challenges in grounding across languages. As a
first step, a relatively less expensive way to navi-
gate this dearth is to augment the annotations of
existing datasets with other languages.

4 Path Ahead: Towards New Tasks and
Repurposing Existing Datasets

We presented the dimensions of grounding that re-
quire serious attention to bridge the gap between
the definitions in cognitive sciences and language
processing communities in §2. Based on this, we
analyzed the language processing research to under-
stand where we stand and where we fall short with
the ongoing efforts in trends in grounding in §3.
While we strongly advocate for efforts in building
new datasets and tasks considering progress along
these dimensions, we believe in a smoother transi-
tion towards this goal. Hence we present strategies
to repurpose existing resources to maximum utility
as we stride towards achieving grounding in real
sense. In this section, we focus on concrete sugges-
tions to improve along each of the dimensions.
Coordination: This is based on simulating inter-
action for dynamic grounding. As establishing a
common ground is not integrated within datasets,
we propose an iterative paradigm to explicitly settle
on a common ground based on our priors.

The first family of methods to perform this is
human-in-the-loop interactions. The traditional
methods of data collection do not cater to human
feedback or generation. Some recent approaches to
incorporate human feedback are during data collec-
tion (Wallace et al., 2019), training (Stiennon et al.,
2020), inference (Hancock et al., 2019). While
the feedback in a human in the loop setting can
be via scores, we argue for natural language feed-
back (Wallace et al., 2019) loop, which resembles
human-human grounding via communication.

The second family of methods are inspired from
the theory of mind (Gopnik and Wellman, 1992)
to iteratively or progressively ask and clarify to
establish a common ground (Roman et al., 2020).
de Vries et al. (2017); Suglia et al. (2020) disam-
biguate or clarify the referenced object through a
series of questions in a guessing game. This itera-
tive paradigm can be related to work by Shwartz
et al. (2020) that generates clarification questions
and answers to incorporate in the task of question
answering. This loop of semi-automatic genera-
tion of clarifications establishes a common ground.
This is also in spirit similar to generating an ex-
planation or a hypothesis for question answering
(Latcinnik and Berant, 2020). The process of gen-
erating an acceptable explanation to human before
acts as establishing a common ground.

We believe that datasets and tasks along the fol-
lowing 3 directions encourage dynamic grounding:
(1) conversational language learning (Chevalier-
Boisvert et al., 2019) or acquisition, and (2) clar-
ification questioning and ambiguity resolution
(Shwartz et al., 2020) (3) mixed initiative for
grounding in conversations (Morbini et al., 2012).
The need of the hour that can revolutionize this
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paradigm is the development of evaluation strate-
gies to monitor evolution of the common ground.
This dynamic grounding data helps improve per-
formance/robustness and encourages human’s trust
while using these interactive systems.

Purviews: This is based on establishing consis-
tency across stages of grounding with an incre-
mental paradigm. A simple solution is a modular
approach where the purviews flow into the next
stage after reasonably satisfying the previous stage.
The current benchmarking approaches are mostly
lateral i.e., our current strategies collate multiple
datasets of a single task to benchmark. This ap-
proach implicitly establishes boundaries between
the purviews. In contrast, we advocate for a longi-
tudinal approach for benchmarking i.e in addition
to collating different datasets for a task, we also
extend the purviews of the task such that the out-
put from the previous purview flows into the next
purview. An example of establishing a longitudinal
benchmark for visual dialog. The tasks flow from
object detection (stage 1: localization) to knowl-
edge graphs (stage 2: external knowledge) to com-
mon sense understanding (stage 3: common sense)
to empathetic dialogue (stage 4: personalization)
for the same dataset. This helps us dissect which
aspect of grounding is the model good and bad at
to understand the weak areas.

Constraints: With media imposed constraints,
there is a need for paradigm shift in the way these
datasets are curated. The optimal way to navigate
this problem is curating new datasets to specifically
focus on the less studied constraints of simultane-
ity, sequentiality and revisability. At the heart of
revisability in a collaborative dialog is clarification
questioning and resolving ambiguities (Boni and
Manandhar, 2003; Rao and III, 2018; Braslavski
et al., 2017; Kumar and Black, 2020; Aliannejadi
et al., 2020; Benotti and Blackburn, 2021b) How-
ever, they are rarely explored and are not systemat-
ically standardized across modalities. Transferring
knowledge for shared constraints across tasks is a
promising way to leverage the existing datasets.

Augment with multilingual annotations: Dif-
ferent languages also bring novel challenges to
each of these issues (e.g. pronoun drop dialogue
in Japanese, morphological alignments, etc). How-
ever, as observed in §3.4, the increase in expanding
datasets is not proportionally reflected to include
multiple languages. We recommend a relatively
less expensive process of translating the datasets

for grounding into other languages to kick start
this inclusion. The research community has al-
ready seen such efforts in image captioning with
human annotated German captions in Multi30k (El-
liott et al., 2016) extended from Flick30k (Plum-
mer et al., 2015) and Japanese captions in STAIR
(Yoshikawa et al., 2017) based on MS-COCO im-
ages (Lin et al., 2014). Instead of using human an-
notations, some efforts have also been made to use
automatic translations such as the work by Thap-
liyal and Soricut (2020) and denoising (Chandu
et al., 2020b) extending from (Sharma et al., 2018).
Not just augmentation, but there are also ongoing
efforts in gathering datasets in multiple languages
(Ku et al., 2020) extending (Anderson et al., 2018).

5 Conclusions

We discussed the missing pieces and dimensions
that bridge the gap between the definitions of
grounding in Cognitive Sciences and NLP com-
munities. Thereby, we chart out executable actions
in steering existing resources along 3 dimensions to
achieve a more realistic sense of grounding. Specif-
ically: (1) Static grounding still remains the central
tenet for existing tasks and datasets. However, dy-
namic grounding is key moving forward. (2) Cur-
rent benchmarking strategies evaluate model gener-
alization. In tandem, we also need to steer towards
longitudinal benchmarking to naturally proliferate
across purviews of grounding that is closer to hu-
man interactions. (3) Constraints imposed by the
interaction medium present nuanced categories of
communicative goals. While discerning learning
from shared constraints, we also urge the commu-
nity to invest resources on revisability as a way
to recover from contextually mistaken groundings.
While ruminating on the above phenomena, the
challenge of expanding them to multiple languages
and domains still persists. We also recommend sys-
tematic evaluation of grounding along these dimen-
sions in addition to the existing linking capabilities.

Ethical Considerations

The analytical and ontological discussion here fo-
cuses exclusively on the question of grounding and
common ground and does not address the harm-
ful biases inherent in these datasets. Further, the
common ground for which we are advocating is
culturally specific and future work that introduces
tasks and data for these purposes must be explicit
about who they serve (culturally and linguistically).
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Benjamin Börschinger, Bevan K. Jones, and Mark
Johnson. 2011. Reducing grounded learning tasks to
grammatical inference. In Proceedings of the 2011
Conference on Empirical Methods in Natural Lan-
guage Processing, EMNLP 2011, 27-31 July 2011,
John McIntyre Conference Centre, Edinburgh, UK,
A meeting of SIGDAT, a Special Interest Group of
the ACL, pages 1416–1425. ACL.

Pavel Braslavski, Denis Savenkov, Eugene Agichtein,
and Alina Dubatovka. 2017. What do you mean
exactly?: Analyzing clarification questions in CQA.
In Proceedings of the 2017 Conference on Confer-
ence Human Information Interaction and Retrieval,
CHIIR 2017, Oslo, Norway, March 7-11, 2017,
pages 345–348. ACM.

Anaı̈s Cadilhac, Nicholas Asher, Farah Benamara, and
Alex Lascarides. 2013. Grounding strategic con-
versation: Using negotiation dialogues to predict
trades in a win-lose game. In Proceedings of the
2013 Conference on Empirical Methods in Natural
Language Processing, EMNLP 2013, 18-21 Octo-
ber 2013, Grand Hyatt Seattle, Seattle, Washington,
USA, A meeting of SIGDAT, a Special Interest Group
of the ACL, pages 357–368. ACL.

Ronald Cardenas, Ying Lin, Heng Ji, and Jonathan
May. 2019. A grounded unsupervised universal part-
of-speech tagger for low-resource languages. In
Proceedings of the 2019 Conference of the North

4292



American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies,
NAACL-HLT 2019, Minneapolis, MN, USA, June 2-
7, 2019, Volume 1 (Long and Short Papers), pages
2428–2439. Association for Computational Linguis-
tics.

Malinda Carpenter, Katherine Nagell, Michael
Tomasello, George Butterworth, and Chris Moore.
1998. Social cognition, joint attention, and commu-
nicative competence from 9 to 15 months of age.
Monographs of the society for research in child
development, pages i–174.

Khyathi Chandu, Shrimai Prabhumoye, Ruslan
Salakhutdinov, and Alan W Black. 2019a. “my way
of telling a story”: Persona based grounded story
generation. In Proceedings of the Second Workshop
on Storytelling, pages 11–21.

Khyathi Raghavi Chandu and Alan W. Black. 2020.
Style variation as a vantage point for code-switching.
In Interspeech 2020, 21st Annual Conference of
the International Speech Communication Associa-
tion, Virtual Event, Shanghai, China, 25-29 October
2020, pages 4761–4765. ISCA.

Khyathi Raghavi Chandu, Ruo-Ping Dong, and Alan W.
Black. 2020a. Reading between the lines: Explor-
ing infilling in visual narratives. In Proceedings of
the 2020 Conference on Empirical Methods in Nat-
ural Language Processing, EMNLP 2020, Online,
November 16-20, 2020, pages 1220–1229. Associ-
ation for Computational Linguistics.

Khyathi Raghavi Chandu, Eric Nyberg, and Alan W.
Black. 2019b. Storyboarding of recipes: Grounded
contextual generation. In Proceedings of the 57th
Conference of the Association for Computational
Linguistics, ACL 2019, Florence, Italy, July 28- Au-
gust 2, 2019, Volume 1: Long Papers, pages 6040–
6046. Association for Computational Linguistics.

Khyathi Raghavi Chandu, Piyush Sharma, Soravit
Changpinyo, Ashish Thapliyal, and Radu Sori-
cut. 2020b. Weakly supervised content selection
for improved image captioning. arXiv preprint
arXiv:2009.05175.

Angel X. Chang, Will Monroe, Manolis Savva, Christo-
pher Potts, and Christopher D. Manning. 2015. Text
to 3d scene generation with rich lexical grounding.
In Proceedings of the 53rd Annual Meeting of the
Association for Computational Linguistics and the
7th International Joint Conference on Natural Lan-
guage Processing of the Asian Federation of Natural
Language Processing, ACL 2015, July 26-31, 2015,
Beijing, China, Volume 1: Long Papers, pages 53–
62. The Association for Computer Linguistics.

David L. Chen. 2012. Fast online lexicon learning for
grounded language acquisition. In The 50th Annual
Meeting of the Association for Computational Lin-
guistics, Proceedings of the Conference, July 8-14,
2012, Jeju Island, Korea - Volume 1: Long Papers,

pages 430–439. The Association for Computer Lin-
guistics.

Hongge Chen, Huan Zhang, Pin-Yu Chen, Jinfeng Yi,
and Cho-Jui Hsieh. 2018. Attacking visual language
grounding with adversarial examples: A case study
on neural image captioning. In Proceedings of the
56th Annual Meeting of the Association for Com-
putational Linguistics, ACL 2018, Melbourne, Aus-
tralia, July 15-20, 2018, Volume 1: Long Papers,
pages 2587–2597. Association for Computational
Linguistics.

Zhenfang Chen, Lin Ma, Wenhan Luo, and Kwan-
Yee Kenneth Wong. 2019. Weakly-supervised
spatio-temporally grounding natural sentence in
video. In Proceedings of the 57th Conference of
the Association for Computational Linguistics, ACL
2019, Florence, Italy, July 28- August 2, 2019, Vol-
ume 1: Long Papers, pages 1884–1894. Association
for Computational Linguistics.

Maxime Chevalier-Boisvert, Dzmitry Bahdanau,
Salem Lahlou, Lucas Willems, Chitwan Saharia,
Thien Huu Nguyen, and Yoshua Bengio. 2019.
Babyai: A platform to study the sample efficiency
of grounded language learning. In 7th International
Conference on Learning Representations, ICLR
2019, New Orleans, LA, USA, May 6-9, 2019.
OpenReview.net.

Hyundong Cho and Jonathan May. 2020. Grounding
conversations with improvised dialogues. In Pro-
ceedings of the 58th Annual Meeting of the Associ-
ation for Computational Linguistics, ACL 2020, On-
line, July 5-10, 2020, pages 2398–2413. Association
for Computational Linguistics.

Grzegorz Chrupala. 2019. Symbolic inductive bias
for visually grounded learning of spoken language.
In Proceedings of the 57th Conference of the As-
sociation for Computational Linguistics, ACL 2019,
Florence, Italy, July 28- August 2, 2019, Volume
1: Long Papers, pages 6452–6462. Association for
Computational Linguistics.

Grzegorz Chrupala, Lieke Gelderloos, and Afra Al-
ishahi. 2017. Representations of language in a
model of visually grounded speech signal. In Pro-
ceedings of the 55th Annual Meeting of the Associa-
tion for Computational Linguistics, ACL 2017, Van-
couver, Canada, July 30 - August 4, Volume 1: Long
Papers, pages 613–622. Association for Computa-
tional Linguistics.

Chenhui Chu, Mayu Otani, and Yuta Nakashima. 2018.
iparaphrasing: Extracting visually grounded para-
phrases via an image. In Proceedings of the 27th
International Conference on Computational Linguis-
tics, COLING 2018, Santa Fe, New Mexico, USA,
August 20-26, 2018, pages 3479–3492. Association
for Computational Linguistics.

Herbert H. Clark and Susan E. Brennan. 1991. Ground-
ing in communication. In Lauren B. Resnick,

4293



John M. Levine, and Stephanie D. Teasley, editors,
Perspectives on socially shared cognition, pages
127–149. American Psychological Association.

Herbert H Clark and Thomas B Carlson. 1982. Hearers
and speech acts. Language, pages 332–373.

Herbert H Clark and Meredyth A Krych. 2004. Speak-
ing while monitoring addressees for understanding.
Journal of memory and language, 50(1):62–81.

David DeVault and David R. Traum. 2013. A method
for the approximation of incremental understanding
of explicit utterance meaning using predictive mod-
els in finite domains. In Human Language Technolo-
gies: Conference of the North American Chapter of
the Association of Computational Linguistics, Pro-
ceedings, June 9-14, 2013, Westin Peachtree Plaza
Hotel, Atlanta, Georgia, USA, pages 1092–1099.
The Association for Computational Linguistics.

Ruo-Ping Dong, Khyathi Raghavi Chandu, and Alan W.
Black. 2019. Induction and reference of entities in a
visual story. CoRR, abs/1909.09699.

Gabriel Doyle and Michael C. Frank. 2015. Shared
common ground influences information density in
microblog texts. In NAACL HLT 2015, The 2015
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, Denver, Colorado, USA,
May 31 - June 5, 2015, pages 1587–1596. The As-
sociation for Computational Linguistics.

Judith Eckle-Kohler. 2016. Verbs taking clausal and
non-finite arguments as signals of modality - revisit-
ing the issue of meaning grounded in syntax. In Pro-
ceedings of the 54th Annual Meeting of the Associ-
ation for Computational Linguistics, ACL 2016, Au-
gust 7-12, 2016, Berlin, Germany, Volume 1: Long
Papers. The Association for Computer Linguistics.

Desmond Elliott, Stella Frank, Khalil Sima’an, and Lu-
cia Specia. 2016. Multi30k: Multilingual english-
german image descriptions. In Proceedings of the
5th Workshop on Vision and Language, hosted by
the 54th Annual Meeting of the Association for Com-
putational Linguistics, VL@ACL 2016, August 12,
Berlin, Germany. The Association for Computer
Linguistics.

Arash Eshghi, Christine Howes, Eleni Gre-
goromichelaki, Julian Hough, and Matthew
Purver. 2015. Feedback in conversation as incre-
mental semantic update. In Proceedings of the 11th
International Conference on Computational Seman-
tics, IWCS 2015, 15-17 April, 2015, Queen Mary
University of London, London, UK, pages 261–271.
The Association for Computer Linguistics.

Zhihao Fan, Zhongyu Wei, Siyuan Wang, and Xuanjing
Huang. 2019. Bridging by word: Image grounded
vocabulary construction for visual captioning. In
Proceedings of the 57th Conference of the Asso-
ciation for Computational Linguistics, ACL 2019,

Florence, Italy, July 28- August 2, 2019, Volume
1: Long Papers, pages 6514–6524. Association for
Computational Linguistics.

Michael Fleischman and Deb Roy. 2008. Grounded
language modeling for automatic speech recognition
of sports video. In ACL 2008, Proceedings of the
46th Annual Meeting of the Association for Com-
putational Linguistics, June 15-20, 2008, Colum-
bus, Ohio, USA, pages 121–129. The Association for
Computer Linguistics.

Akira Fukui, Dong Huk Park, Daylen Yang, Anna
Rohrbach, Trevor Darrell, and Marcus Rohrbach.
2016. Multimodal compact bilinear pooling for vi-
sual question answering and visual grounding. In
Proceedings of the 2016 Conference on Empirical
Methods in Natural Language Processing, EMNLP
2016, Austin, Texas, USA, November 1-4, 2016,
pages 457–468. The Association for Computational
Linguistics.

Qiaozi Gao, Malcolm Doering, Shaohua Yang, and
Joyce Yue Chai. 2016. Physical causality of action
verbs in grounded language understanding. In Pro-
ceedings of the 54th Annual Meeting of the Associ-
ation for Computational Linguistics, ACL 2016, Au-
gust 7-12, 2016, Berlin, Germany, Volume 1: Long
Papers. The Association for Computer Linguistics.

Alison Gopnik and Henry M Wellman. 1992. Why the
child’s theory of mind really is a theory.

Dusan Grujicic, Gorjan Radevski, Tinne Tuytelaars,
and Matthew B. Blaschko. 2020. Learning to
ground medical text in a 3d human atlas. In Pro-
ceedings of the 24th Conference on Computational
Natural Language Learning, CoNLL 2020, Online,
November 19-20, 2020, pages 302–312. Association
for Computational Linguistics.

Janosch Haber, Tim Baumgärtner, Ece Takmaz, Lieke
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A Examples for dimensions of grounding

Static Grounding: In static grounding, when
you ask an agent “Can you place the dragon fruit
on the rack”?, the agent links the entities and places
the dragon fruit on the rack. The challenge here is
mainly the linking part which is crucial to ensure it
accurately understood the instruction.

Dynamic Grounding: The same is not true for
dynamic grounding. There are primarily 2 ways
to materialize this. First, with respect to language
learning: What if the agent does not know dragon
fruit? The agent needs to first ask “What is a
dragon fruit?”, and the human provides an answer.
Lets say the human responded by describing the
physical attributes such as reddish pink fruit and/or
a spatial reference by refering to it as the fruit on
the bottom left. The important aspect here is that
the agent asks and learns what a dragon fruit is and
use this knowledge later.

The second is ambiguity resolution. Consider
a scenario where there are multiple racks. It is
very natural for a human to ask the agent which
rack to resolve ambiguity.We expect the same from
the agent to ask a clarifying question to resolve
ambiguity and then place it on the second rack.

Purviews - Localization: Consider this example
of a conversation between an agent and a human.

Human: What is the name of the role Robert
Downey Jr played in Avengers?
Agent: He played the role of Tony Stark, and some-
times is also referred to as Iron Man.

The agent begins by localizing and linking
Robert Downey Jr to Tony Stark and Iron Man
to provide the appropriate answer to the query.

Purviews - External Knowledge: However, nat-
ural conversations also extend beyond the purview
of localization to discuss a broadened scope involv-
ing external knowledge of the context including
entities, actions etc., For example, consider this
conversation which seems to be a natural continua-
tion to the earlier one.

Human: Is he the head of SHIELD?
Agent: Tony Stark has never been the head of
SHIELD in the movies but has been the acting head
upon Maria Hill’s suggestion in the Comics.

Once we localized Tony Stark, asking additional
information like whether he is the head of SHIELD
is natural in conversations; However, access to re-
quired external knowledge is rarely present in the
datasets as well as evaluated. Here, we need to
refer to external sources spanning from movies to
comics to conclude that he has been the acting head
in the comics but was never in the movies.

Purviews - Common sense: One of the
branches of natural progression to this context can
extend to the following turns:

Human: How long was the contract between Tony
Stark and Marvel?
Agent: Tony Stark is the name of the character in
Marvel. Would you like to know the contract length
for Robert Downey Jr who played the role?

Here, the agent needs to understand that Tony
Stark is not a real person, but is a character in
Marvel. Hence, any contract is with the actor but
not the character who played the role. The agent
needs to have the common sense to understand this
and clarify the question.

Purviews - Personalization: Upon a continous
exchange regarding this topic (and perhaps a few
other times earlier), the agent needs to adapt and
personalize to the interacting human over time.

Human: Can you give me any movie suggestions?
Agent: Yes, since you like Disney movies and seem
interested in Robert Downey Jr, would you like to
watch “Dolittle”?

Having discussed about Robert Downey Jr in
prior contexts and retaining from the prior interac-
tions that the human likes Disney movies, when the
human asks about a movie recommendation, the
agent continually learns and contextually suggests
Robert Downey Jr’s Disney movie “Dolittle” as a
recommendation.

Constraints - Copresence: Modality is an im-
portant medium that affects communicative goals
and the nature of interaction. Here is an example
in a copresent environment.

Human: I want to play with my cat. Can you get
me the ball on your right?

In the above example, the human and the agent
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Modality Cue
Copresence Visibility Audibility Cotemporality Simultaneity Sequentiality Reviewability Revisabiility

Face-to-face " " " " " "

Telephone " " " "

Video Teleconference " " " " "

Terminal Teleconference " " "

Answering Machines " "

E-mail " "

Letters " "

Table 2: Constraints of grounding along with their medium of communication (Clark and Brennan, 1991)

are copresent in the same environment. The above
utterance for instance, includes executable actions
in the environment along with references being
either person-centric or agent-centric.

Constraints - Visibility: Certain communica-
tions like in the cases of visual question answering
or visual dialog only presents a visible medium to
interact about. The interaction requires information
from an image or a video, but does not necessar-
ily include executable actions or cater to external
knowledge of the information. For example, with
an access to an image a human can ask a question
like the following:

Human: How many peaks are there in those moun-
tain ranges?

Constraints - Audibility: This modality con-
strains the information scope to be within speech
signals that are only heard and do not contain any
visual or copresent information.

Table 2 presents the constrainst of grounding.

B Further survey and categories

Here is a brief elaboration of the datasets presented
in Table 1.

New datasets: The first solution to curate the
entire dataset with annotations designed for the
task.
• Non-textual Modality: For images, new datasets
are curated for a variety of tasks including cap-
tion relevance (Suhr et al., 2019), multimodal MT
(Zhou et al., 2018c), soccer commentaries (Koncel-
Kedziorski et al., 2014) semantic role labeling (Sil-
berer and Pinkal, 2018), instruction following (Han
and Schlangen, 2017), navigation (Andreas and
Klein, 2014), understanding physical causality of
actions (Gao et al., 2016), understanding topologi-
cal spatial expressions (Kelleher et al., 2006), spo-
ken image captioning (Alishahi et al., 2017), entail-

ment (Vu et al., 2018), image search (Kiros et al.,
2018), scene generation (Chang et al., 2015), etc.,
Coming to videos, datasets have become popular
for several tasks like identifying action segments
(Regneri et al., 2013), sematic parsing (Ross et al.,
2018), instruction following from visual demon-
stration (Liu et al., 2016), spatio-temporal question
answering (Lei et al., 2020), etc.,
• Textual Modality: Within text, there are sev-

eral datasets for tasks like content transfer (Prabhu-
moye et al., 2019), commonsense inference (Zellers
et al., 2018), reference resolution (Kennington and
Schlangen, 2015), symbol grounding (Kameko
et al., 2015), studying linguistic and non-linguistic
contexts in microblogs (Doyle and Frank, 2015),
bilingual lexicon extraction (Laws et al., 2010),
universal part-of-speech tagging for low resource
languages (Cardenas et al., 2019), entity linking
and reference (Nothman et al., 2012) etc.,
• Other: More static grounding datasets corre-

spond to tasks like identifying phrases representing
variables (Roy et al., 2016), conceptual similarity
in olfactory data (Kiela et al., 2015), identifying
colors from descriptions (Monroe et al., 2017), cor-
recting numbers (Spithourakis et al., 2016) etc.,
• Interactive: Coming to an interactive setting,

the datasets span tasks like conversations based
on negotiations (Cadilhac et al., 2013), referring
expressions from images (Haber et al., 2019; Tak-
maz et al., 2020), emotions and styles (Shuster
et al., 2020), media interviews (Majumder et al.,
2020), documents (Zhou et al., 2018b), improvi-
sation (Cho and May, 2020), problem solving (Li
and Boyer, 2015), spatial reasoning in a simulated
environment (Jänner et al., 2018), navigation (Ku
et al., 2020) etc.,

In addition, there are several other techniques
used to ground phenomenon in real world contexts.

In addition to the techniques dicscussed in the
paper, we also studied the categorization based on
stratification, which is explained here.
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Stratification: The stratification technique char-
acterizes the input or the model to explicitly cater
to the compositionality property. This can be done
by either breaking down the input to meaningful
compositions or building the model to compose
the representations. Utilizing grammatical rules
need not necessarily lead to compositions, although
there is an overlap between these two techniques.

A common strategy when language is involved
is leveraging syntax and parsing. In the domain
of images, Udagawa et al. (2020) design an annota-
tion protocol to capture important linguistic struc-
tures based on predicate-argument structure, modi-
fication and ellipsis to utilize linguistic structures
based on spatial expressions. Becerra-Bonache
et al. (2018) study linguistic complexity from a de-
velopmental point of view by using syntactic rules
to provide data to a learner, that identifies the under-
lying language from this data. Shi et al. (2019) use
image-caption pairs to extract constituents from
text, based on the assumption that similar spans
should be matched to similar visual objects and
these concrete spans form constituents. Kelleher
et al. (2006) use combinatory categorial grammar
(CCG) to build a psycholinguistic based model to
predict absolute proximity ratings to identify spa-
tial proximity between objects in a natural scene.
Ross et al. (2018) employ CCG-based parsing to
a fixed set of unary and binary derivation rules to
generate semantic parses for videos.

• Textual Modality: Johnson et al. (2012) study the
modeling the task of inferring the referred objects
using social cues and grammatical reduction strate-
gies in language acquisition. Eckle-Kohler (2016)
attempt to understand meaning in syntax by a multi-
perspective semantic characterization of the in-
ferred classes in multiple lexicons. Chen (2012) de-
velop a context-free grammar to understand formal
navigation instructions that correspond better with
words or phrases in natural language. Börschinger
et al. (2011) study the probabilistic context-free
grammar learning task using the inside-out algo-
rithm in game commentaries. CCG parsers are also
used to perform entity slot filling task (Bisk et al.,
2016). When applied to question answering over a
database, dependency rules are used to model the
edge states as well as transitions such as the work
done by using a treeHMM (Poon, 2013).

• Other: Roy et al. (2016) perform equation pars-
ing that identifies noun phrases in a given sentence
representing variables using high precision mathe-

matical lexicon to generate the correct relations in
the equations. Parikh et al. (2015) perform proto-
type driven learning to learn a semantic parser in
tables of nested events and unannotated text.
• Interactive: Luong et al. (2013) use parsing

and grammar induction to produce a parser capable
of representing full discourses and dialogs. Steels
(2004) study games and embodied agents by mod-
eling a constructivist approach based on invention,
abduction and induction to language development.

Another frequently used technique when lan-
guage is involved is by leveraging the principle
of compositionality. This implies that the mean-
ing of a complex expression is determined by the
meanings of its constituents and how they interact
with one another.
• Non-textual Modality: In the domain of images,
Suhr et al. (2019) present a new dataset to under-
stand challenges in language grounding including
compositionality, semantic diversity and visual rea-
soning. Shi et al. (2019), discussed earlier also
use grammar rules to compose the inputs. Koncel-
Kedziorski et al. (2014) leverage the compositional
nature of language to understand professional soc-
cer commentaries. In the domain of videos, Nayak
and Mukerjee (2012) study language acquisition
by segmenting the world to obtain a meaning space
and combining them to get a linguistic pattern.
• Textual Modality: With ontologies, Pappas

et al. (2020) perform adaptive language modeling
to other domains to get a fully compositional out-
put embedding layer which is further grounded in
information from a structured lexicon.
• Interactive: Roy et al. (2003) work on grounding
word meanings for robots by composing perceptual,
procedural, and affordance representations.

Hierarchical modeling is also applied to show
effect of introducing phone, syllable, or word
boundaries in spoken captions (Havard et al., 2020)
and with a compact bilinear pooling in visual ques-
tion answering (Fukui et al., 2016).
There is some work that presents a bayesian proba-
bilistic formulation to learn referential grounding
in dialog (Liu et al., 2014), user preferences (Cadil-
hac et al., 2013), color descriptions (McMahan and
Stone, 2015; Andreas and Klein, 2014).
A huge chunk of work also focus on leveraging at-
tention mechanism for grounding multimodal phe-
nomenon in images (Srinivasan et al., 2020; Chu
et al., 2018; Huang et al., 2019; Fan et al., 2019;
Vu et al., 2018; Kawakami et al., 2019; Dong et al.,

4304



2019), videos (Lei et al., 2020; Chen et al., 2019)
and navigation of embodied agents (Yang et al.,
2020), etc.,
Some approach this using data structures such as
graphs in the domains of grounding images (Chang
et al., 2015; Liu et al., 2014), videos (Liu et al.,
2016), text (Laws et al., 2010; Chen, 2012; Massé
et al., 2008), entities (Zhou et al., 2018a), knowl-
edge graphs and ontologies (Jauhar et al., 2015;
Zhang et al., 2020) and interactive settings Jauhar
et al. (2015); Xu et al. (2020).

Here is the technique wise representation of
these categories of models in the literature.

Figure 6: Papers addressing stratification in grounding

C Prevelance of modailties and
constraints

Here is the distribution of the papers studying vari-
ous tasks based on the constraints imposed by the
medium.

3.9%

47.3%

14.7%

17.1%

17.1%

Copresence Visibility Audibility Co-temporality Sequentiality

Figure 7: Papers addressing different constraints of
grounding

As we can see, a major concentration of these
efforts lie in grounding visual and textual media,

while a few cater to audibility i.e speech signals. Pa-
pers studying dialog are the main representatives of
the constraints for sequentiality and co-temporality.

D Nuanced modeling variations for
grounding

Here is a more nuanced and finer grained catego-
rization of the various modeling techniques used
in literature for grounding. Figure 8 presents these
categories in depth.

Figure 8: Modeling variations in papers studying
grounding

As discussed in the paper, most of the literature
is focused on grounding in static visual modality.
Attention based methods dominate the rest of the
methods in both textual and non-textual modali-
ties closely followed by graph based methods as
observed in these trends.

This is not an exhaustive study of all the tech-
niques that present grounding, but are some of the
representative categories. Here are more studies
that perform grounding with various techniques
such as clustering (Shutova et al., 2015; Cardenas
et al., 2019) regularization (Shrestha et al., 2020),
CRFs (Gao et al., 2016), classification (Pangburn
et al., 2003; Monroe et al., 2017), linguistic theo-
ries (Strube and Hahn, 1999), iterative refinement
(Li et al., 2019; Chandu and Black, 2020), language
modeling (Spithourakis et al., 2016; Cho and May,
2020), nearest neighbors (Kiela et al., 2015), con-
textual fusion (Chandu et al., 2019a), mutual in-
formation (Oates, 2003), cycle consistency (Zhong
et al., 2020) etc.,
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Abstract

Chinese word segmentation (CWS) is a fun-
damental task for Chinese information pro-
cessing, which always suffers from out-of-
vocabulary word issues, especially when it is
tested on data from different sources. Al-
though one possible solution is to use more
training data, in real applications, these data
are stored at different locations and thus are in-
visible and isolated among each other owing
to the privacy or legal issues (e.g., clinical re-
ports from different hospitals). To address this
issue and benefit from extra data, we propose
a neural model for CWS with federated learn-
ing (FL) adopted to help CWS deal with data
isolation, where a mechanism of global charac-
ter associations is proposed to enhance FL to
learn from different data sources. Experimen-
tal results on a simulated environment with
five nodes confirm the effectiveness of our ap-
proach, where our approach outperforms dif-
ferent baselines including some well-designed
FL frameworks.1

1 Introduction

Chinese word segmentation (CWS) is a prelimi-
nary and vital task for natural language processing
(NLP). This task aims to segment Chinese char-
acter sequence into words and thus is generally
performed as a sequence labeling task (Tseng et al.,
2005; Levow, 2006; Song et al., 2009a; Sun and
Xu, 2011; Song and Xia, 2012, 2013; Mansur et al.,
2013). Although recent neural-based CWS sys-
tems (Pei et al., 2014; Chen et al., 2017; Ma et al.,
2018; Higashiyama et al., 2019; Qiu et al., 2019;
Ke et al., 2020; Huang et al., 2020a; Tian et al.,
2020e) have achieved very good performance on
benchmark datasets, it is still an unsolved task (Fu

*Equal contribution.
†Corresponding author.
1The code and models involved in this paper are released

at https://github.com/cuhksz-nlp/GCASeg.

et al., 2020), because it is challenging to handle
out-of-vocabulary words (OOV), especially in real
applications where the test data may come from
different sources. Although leveraging extra la-
beled data from other sources or domains could
alleviate this issue, in real applications, such data
are always located in different nodes and thus are
inaccessible to each other because of the privacy
or legal concerns (e.g., clinical or financial reports
from different hospitals or companies).

To address the data isolation issue, feder-
ated learning (FL) (Shokri and Shmatikov, 2015;
Konečnỳ et al., 2016) is proposed and has shown
its great promises for many machine learning tasks
(Aono et al., 2017; Sheller et al., 2018; He et al.,
2020). In many cases, data in different nodes are
encrypted and aggregated to the centralized model,
and they are invisible to each other during the train-
ing stage. This property allows FL to be an es-
sential technique for real applications with privacy
and security requirements. However, conventional
FL techniques are more suitable for nodes sharing
homogeneous data, which is seldom the case for
NLP tasks. Particularly for CWS, the appropriate
segmentation is sensitive to the data source, where
the text and vocabularies used in different datasets
contain various expressing patterns. For example,
in real applications such as Input Method Editors
(IME, such as pinyin input environment), there are
millions of individual users with their data stored
in isolated nodes, where the different nodes could
have diverse segmentation requirement due to the
users’ preference. Therefore, the restricted data
access of traditional FL approaches could result in
inferior performance for CWS since they cannot
update the model to facilitate localized prediction.
Unfortunately, limited attentions have been paid
to address this issue. Most existing approaches
(Liu et al., 2019; Huang et al., 2020b; Sui et al.,
2020) with FL on NLP (e.g., for language modeling
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Figure 1: The server-node architecture of our approach.
The encrypted information (i.e., encrypted data, word
segmentation tags, and loss) communicates between a
node and the server, where the locally stored data is
inaccessible to other nodes during the training process.

(Hard et al., 2018; Chen et al., 2019), named entity
recognition (Ge et al., 2020), and text classification
(Zhu et al., 2020)) mainly focus on optimizing the
learning process and ignore domain diversities.

In this paper, we propose a FL-based neural
model (GCA-FL) for CWS, which is enhanced
by global character association (GCA) mechanism
in a distributed environment. The GCA mecha-
nism is designed to capture contextual information
(patterns) in a particular input for localized predic-
tions and to handle the difficulties in identifying
text sources caused by data inaccessibility. Specifi-
cally, GCA is served as a server-side component to
associate global character n-grams with different
inputs from each node and responds with contex-
tual information to help the backbone segmenter.
Experimental results on a simulated environment
with isolated data from five domains demonstrate
the effectiveness of our approach, where GCA-FL
outperforms different baselines including the ones
with well designed FL framework.

2 The approach

Figure 1 illustrates the overall server-node archi-
tecture for applying our approach. The centralized
model is stored in the FL server and data from
multiple sources (domains) are stored at different
nodes (the i-th node is denoted by Ni), respec-
tively. Encrypted information (e.g., data, vectors,
and loss) communicates between each nodeNi and
the FL server. In this way, the original data stay
in the local node and is not accessible to the other
nodes. To encode contextual information (patterns)
to facilitate localized prediction, we enhance FL by

Figure 2: An overview of GCA-FL, where centralized
model is illustrated on the top and the example input
sentence “南京市长江大桥” (Nanjing Yangtze River
Bridge) from Ni is shown on the bottom. “/” in the
output represents the delimiter for the word boundaries.

introducing GCA into the centralized model (Fig-
ure 2), which follows the character-based sequence
labeling paradigm for CWS. Herein, GCA encodes
the contextual information from the encrypted in-
put and uses the resulted information to guide the
centralized model to make a localized prediction.
In the following, we introduce FL for CWS and
then the centralized model with GCA.

2.1 Federated Learning
In the training process of FL, the node Ni firstly
encrypts the original input character sequence Xi
into X̃i = x̃i,1 · · · x̃i,j · · · x̃i,l, where x̃i,j denotes
the j-th character in X̃i. Next, Ni passes X̃i to the
server. Then, the centralized model on the server
processes X̃i and predicts the corresponding label
sequence Ŷi = ŷi,1 · · · ŷi,j · · · ŷi,l by

Ŷi = GCA-FL
(
X̃i
)

(1)

where ŷi,j ∈ T (T is the label set) is the segmenta-
tion label for x̃i,j . Afterwards, Ŷi is passed back to
Ni and compared with the gold label sequence Y∗i ,
after which the loss Li for that training instance is
obtained locally. Finally, Li is passed to the server
and the parameters in the centralized model are
updated accordingly.

2.2 Centralized Model with GCA
In standard FL framework, the backbone central-
ize model works following the encoding-decoding
paradigm, where X̃i is encoded2 into a sequence
of hidden vectors (hi,j denotes the hidden vector
for x̃i,j), which are then sent to a decoder (e.g.,

2One can use any encoder, e.g., biLSTM, for this process.
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Rule vi,j,k

xi,j is the beginning of the n-gram si,j,k VB
xi,j is inside the n-gram si,j,k VI
xi,j is the ending of the n-gram si,j,k VE
xi,j is the single-character n-gram si,j,k VS

Table 1: The rules for assigning different position pat-
terns to xi,j based on its position in an n-gram si,j,k.

CRF) to obtain the prediction Ŷi. However, data
from different nodes (sources) always contains het-
erogeneous vocabularies and expressing patterns,
where standard FL may obtain inferior results for
localized prediction because it cannot distinguish
the contextual information from the isolated data.
Therefore, motivated by previous studies that lever-
age n-grams to capture local contextual information
(Song et al., 2009b; Pei et al., 2014; Chen et al.,
2017; Higashiyama et al., 2019), we propose GCA
to enhance standard FL by exploring the contex-
tual information carried by n-grams in the running
text and use it to guide the centralized model for
making localized prediction.

Specifically, GCA contains three components,
namely, a lexicon (D) that contains global character
n-grams, an n-gram embedding matrix that maps
an n-gram in D to its embedding, and a position
embedding matrix that maps a position pattern, i.e.,
the position (e.g., beginning, ending, and inside)
of a character in an n-gram, to its embedding. For
each character x̃i,j , GCA encodes the contextual
information and uses it to enhance the centralized
model in the following process. First, GCA extracts
all m n-grams si,j,k (1 ≤ k ≤ m) associated with
x̃i,j from D, where si,j,k satisfies the conditions
that it contains x̃i,j and it is a sub-string of X̃i. Next,
according to the position of x̃i,j in si,j,k, GCA finds
the position pattern vi,j,k associated with si,j,k and
x̃i,j based on the rules specified in Table 1. For
example, if x̃i,j =“市” (city) and si,j,k =“市长”
(mayor), the position pattern vi,j,k will be “VB”
according to the rules in Table 1, because x̃i,j is at
the beginning of si,j,k. Third, GCA applies n-gram
embedding matrix and position embedding matrix
to si,j,k and vi,j,k, respectively, and obtains the n-
gram embedding esi,j,k and the position embedding
evi,j,k. Then, GCA computes the weights pi,j,k for
position patterns vi,j,k by

pi,j,k =
exp(hi,j ·W · esi,j,k)∑m
k=1 exp(hi,j ·W · esi,j,k)

(2)

Genres Sent. # Token # OOV Rate

BC
Train 7,301 628K -
Dev 2,368 237K 7.6
Test 2,383 235K 6.1

BN
Train 5,867 1,108K -
Dev 2,151 394K 2.7
Test 2,068 427K 4.2

MZ
Train 5,250 970K -
Dev 1,647 299K 2.4
Test 1,526 342K 4.5

NW
Train 6,603 1,094K -
Dev 2,029 331K 4.1
Test 2,085 346K 1.4

Web
Train 6,094 839K -
Dev 2,085 285K 4.2
Test 2,001 243K 8.2

Table 2: The number of sentences, word tokens, and
the out-of-vocabulary (OOV) rate (in dev and test sets)
with respect to the training set of five genres in CTB7.

where W is a trainable matrix that maps esi,j,k to
the same dimension as hi,j to facilitate the inner
production “·”. GCA further applies pi,j,k to all
position embeddings and obtain the representation
of contextual information ui,j for x̃i,j by

ui,j =

m∑

k=1

pi,j,k · evi,j,k (3)

Afterwards, ui,j is added (+) to hi,j to guide the
backbone model for localized prediction, where the
resulted vector is mapped into the output space by
a trainable matrix Wo and bias bo by

oi,j = Wo · (ui,j + hi,j) + bo (4)

Finally, oi,j is fed into a CRF decoder to obtain the
predicted segmentation label ŷi,j for x̃i,j .

3 Experimental Settings

3.1 Simulations

To test the proposed approach, we follow the con-
vention of recent FL-based NLP studies (Liu et al.,
2019; Huang et al., 2020b; Zhu et al., 2020; Sui
et al., 2020) to build a simulated environment
where isolated data are stored in five nodes. Each
node contains one of the five genres (i.e., broadcast
conversation (BC), broadcast news (BN), maga-
zine (MZ), newswire (NW), and weblog (WEB)) in
CTB7 (LDC2010T07)3 for CWS. Therefore, data
from different genres are distributed to the five
nodes without overlapping (i.e., the data sources in

3https://catalog.ldc.upenn.edu/
LDC2010T07
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Hyper-parameters Values

Learning Rate 5e− 6, 1e-5, 3e− 5
Warmup Rate 0.1, 0.2
Dropout Rate 0.33
Batch Size 16, 32

Table 3: The hyper-parameters tested in tuning our
models. The best ones used in our final experiments
are highlighted in boldface.

our simulation are heterogeneous), which is similar
to the simulation setting of aforementioned previ-
ous studies. We split each genre into train/dev/test
splits following Wang et al. (2011) and report the
statistics (in terms of the number of sentences, word
tokens, and OOV rate) in Table 2.

3.2 Baselines and Reference Models
To show the effectiveness of our approach with
GCA, we compare it with a baseline model that
follows the FL framework without using it. In ad-
dition, we also run two reference models without
both FL and GCA, where all training instances are
not isolated and are accessible to each other. Specif-
ically, the first reference model (denoted by Single)
is trained and evaluated on the data from a sin-
gle node (genre). The second (denoted by Union)
is trained on the union of training instances from
all five nodes (genres) and evaluated on a single
node. Herein, the Union reference model can be
optimized on a particular local node to achieve the
best localized prediction; on the contrary, models
under the FL setting is stored on the server and
shared by all nodes, so that optimizing the model
on a particular node could significantly hurt the
performance on others. Therefore, the setting of
the Union reference model is the ideal situation
which is hard to happen in real-applications and it
thus provides a potential upper-boundary of model
performance for FL-based approaches.

3.3 Implementation
A good text representation is generally a prereq-
uisite to achieve outstanding model performance
(Pennington et al., 2014; Song and Shi, 2018; Pe-
ters et al., 2018). To obtain a high qulity of text
representation, in our experiments, we try two types
of encoder in the centralized model, i.e., the Chi-
nese version of BERT (Devlin et al., 2019)4 and
the large version of ZEN 2.0 (Song et al., 2021)5,

4We use the Chinese base model from https://s3.
amazonaws.com/models.huggingface.co/.

5We download the Chinese version of ZEN 2.0 from
https://github.com/sinovation/ZEN2.

because they are pre-trained language models that
have been demonstrated to be effective in many
NLP tasks (Nie et al., 2020; Huang et al., 2020a;
Song et al., 2020; Chen et al., 2020; Fu et al., 2020;
Tian et al., 2020a,b,c,d, 2021a,b; Chen et al., 2021;
Qin et al., 2021). For both BERT and ZEN 2.0, we
use the default settings (i.e., 12 layers of multi-head
attentions with 768 dimensional hidden vectors for
BERT and 24 layers of multi-head attentions with
1024 dimensional hidden vectors for ZEN 2.0). We
use the vocabulary in Tencent Embedding6 (Song
et al., 2018) to initialize our lexicon D and the
n-gram embedding matrix, where n-grams whose
character-based length higher than five are filtered
out7. During the training stage, we fix the n-gram
embedding matrix and update all other parameters
(including BERT). For evaluation, we follow previ-
ous studies to use the F1 scores (Chen et al., 2017;
Ma et al., 2018; Qiu et al., 2019). For other hyper-
parameter settings, we report them in Table 3. We
test all combinations of them for each model on
the development set, where models achieve highest
F1 score on the development set is evaluated on
the test set (the best hyper-parameter setting in our
experiments is highlighted in boldface).

4 Results and Analysis

4.1 Overall Results

Table 4 illustrates the experimental results (i.e., F1
scores) of our GCA-FL models and all the afore-
mentioned baselines (i.e., FL) and reference mod-
els (i.e., Single and Union) with BERT (a) and
ZEN 2.0 (b) encoders on the test set of BC, BN,
MZ, NW, and Web from CTB7.

There are several observations from the test set
results. First, models under the FL framework
(i.e., FL and GCA-FL) outperform the reference
model (Single) trained on the single node for both
BERT and ZEN 2.0 encoder, which confirms that
FL works well to leverage extra isolated data. Sec-
ond, our GCA-FL model consistently outperforms
the FL baseline on all nodes (genres), although the
FL baseline with BERT and ZEN 2.0 has already
achieved very good performance. This observa-
tion demonstrates the effectiveness of the proposed
GCA mechanism to leverage contextual informa-
tion to facilitate localized prediction. Third, it is

6https://ai.tencent.com/ailab/nlp/en/
embedding.html

7We use five as the threshold because most Chinese words
contain no more than five characters.
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BC BN MZ NW WB Avg.

Single 97.13 96.97 96.21 97.84 94.83 96.60
Union 97.80 97.49 96.74 98.44 95.30 97.15

FL 97.49 97.22 96.54 98.15 95.03 96.89
GCA-FL 97.76 97.40 96.74 98.43 95.29 97.12

(a) BERT

BC BN MZ NW WB Avg.

Single 97.43 97.38 96.33 98.11 95.14 96.88
Union 97.88 97.79 97.23 98.61 96.38 97.58

FL 97.62 97.56 96.88 98.44 95.88 97.28
GCA-FL 97.83 97.76 97.01 98.50 95.94 97.41

(b) ZEN 2.0

Table 4: Experimental results (i.e., F1 scores) of dif-
ferent models with BERT (a) and ZEN 2.0 (b) on the
development sets of the five nodes (genres) of CTB7.

observed that GCA-FL achieves competitive results
compared with the Union reference model in most
cases. This observation is promising because the
Union model has all training data available without
suffering from the data isolation problem, which
could provide a potential upper boundary for FL-
based models. The results obtained from GCA-FL
thus further confirm the effectiveness of GCA.

4.2 Effect of GCA

To analize the effect of GCA to leverage isolated
extra data to facilitate localized prediction, espe-
cially for OOV, we illustrate the recall of OOV of
different models (i.e., Single, Union, FL, and GCA-
FL) on five nodes (genres) with BERT encoder in
Figure 3. Similar to the experimental results in the
main experiments, it is observed that FL and GCA-
FL outperform Single model in identifying unseen
words (OOV). Further, GCA-FL can outperform
the FL baseline on the test data in all nodes, where
the highest improvement is observed on the node
storing data from newswire. One possible explana-
tion could be that BC and BN contains similar texts
to NW. GCA-FL can better learn from the similar
data on these nodes and thus improves localized
prediction, especially for OOV.

5 Conclusion

In this paper, we apply FL to CWS to leverage
isolated data stored in different nodes and propose
GCA to enhance the CWS model stored in the
server. Specifically, our approach encodes the con-
textual information by associating the input char-
acters with global character n-grams, and uses that
information to guide the backbone model to make
localized predictions. Experimental results under a

Figure 3: The recall of out-of-vocabulary words (OOV)
of different BERT-based models (i.e., Single, FL, GCA-
FL, and Union) on the test set of five nodes (genres).

simulated environment performed on five isolated
nodes on CTB7 demonstrate the effectiveness of
the proposed approach. Our approach outperforms
the baseline model trained under the FL framework
and achieves competitive results compared with the
reference model that is trained on the union of the
data from all nodes. Further analyses on identifying
OOV justify the validity of the GCA mechanism to
leverage the data on other nodes to facilitate local-
ized prediction and demonstrate its great potential
to be applied to real-world applications.
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Abstract

Emphasizing words in presentation slides al-
lows viewers to direct their gaze to focal points
without reading the entire slide, retaining their
attention on the speaker. Despite many stud-
ies on automatic slide generation, few have ad-
dressed helping authors choose which words
to emphasize. Motivated by this, we study the
problem of choosing candidates for emphasis
by introducing a new dataset containing pre-
sentation slides with a wide variety of topics.
We evaluated a range of state-of-the-art mod-
els on this novel dataset by organizing a shared
task and inviting multiple researchers to model
emphasis in slides.

1 Introduction

Presentation slides have become so commonplace
that researchers have developed resources for de-
signing effective slides (Alley and Robertshaw,
2004; Alley and Neeley, 2005; Jennings, 2009).
These guidelines cover advice on the overall style,
such as choosing colors and font size to ensure read-
ability from a distance, as well as ways to help the
content stand out more distinctly. However, recom-
mendations to enhance the slides’ communication
power could improve authoring even more.

Our goal is predicting emphasis words in pre-
sentation slides. Emphasis uses special formatting
like boldface or italics to make words stand out.
Well-designed emphasis can significantly increase
the viewers’ retention by guiding their focus to a
few words (Alley and Robertshaw, 2004). Instead
of reading the entire slide, they can read only the
emphasized parts, keeping their attention on the
speaker and their speech, as Figure 1 illustrates.1

The Emphasis Selection (ES) task was initially
introduced by Shirani et al. (2019) with a focus on

1Source: Web Marketing for Fundraisers: Get Found, Get
Traffic, Get Ahead (http://www.fundraising123.o
rg/files/web-marketing-for-fundraisers-g
et-found-get-traffic-get-ahead652.pdf)

Figure 1: The slide uses special formatting to emphasize
salient content.

short written text in social media, and later became
a SemEval 2020 task (Shirani et al., 2020b). In this
paper, we focus on presentation slides, introduc-
ing a new corpus as well as automated emphasis
prediction approaches. We are among the first to
use the content of the slides to provide automated
design assistance.

Task Characteristics Emphasis selection poses
new challenges specific to presentation slides. They
can have different structures, and authors may fol-
low traditional styles, or modern styles with more
visual content. Slides cover a wide range of topics,
from technical, marketing, and legal presentations
to children’s illustrations. The requirement to gen-
eralize to different domains and cover a variety of
topics poses new challenges and encourages devel-
oping robust language understanding models. We
rely only on input text without additional context
from the user or the rest of the design. The task is
highly subjective, but the goal is straightforward:
use natural language understanding techniques to
discover the most most common interpretation of a
slide page and to generate emphasis that makes the
page easier to understand quickly.

Benchmarking The Task Instead of providing
baselines for the proposed dataset, we organized a
shared task and invited researchers to work on the
new corpus. Section 6 describes the top-performing
methods. By examining the challenges of the
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dataset, we provide different analysis components.

2 Related Work

Prior work explored automatically generating pre-
sentation slides from documents such as scientific
articles (Beamer and Girju, 2009; Wang et al., 2017;
Hu and Wan, 2013; Shibata and Kurohashi, 2005;
Sravanthi et al., 2009). These projects assume that
a slide page is a summarization of some part of
the paper, and many summarization methods have
been proposed to improve the effectiveness.

Other studies provide guidelines or alterna-
tives to traditional designs to communicate a pre-
sentation’s content more effectively (Alley and
Robertshaw, 2004; Jennings, 2009; Alley et al.,
2006; Atkinson, 2005; Doumont, 2005). These
create slides with sentence headlines and visual ele-
ments to reinforce ideas and increase the audience’s
retention of the information during presentation.

Many applications provide design assistance for
images and text, but most use only basic heuristics.
Recent work uses AI-based models to recommend
design attributes based on the content (Zhao et al.,
2018b,a; Shirani et al., 2020a).

Shirani et al. (2019) introduced Emphasis Selec-
tion for written text in visual media. The proposed
model with an end-to-end sequence tagging archi-
tecture utilizes label distribution learning (LDL)
(Geng, 2016) to handle the task’s subjectivity, and
predicts emphasis scores for short written texts.
They trained and evaluated the model against a
collection of social media short texts from Adobe
Spark2. Later on in SemEval 2020 (Shirani et al.,
2020b), 31 teams proposed novel approaches to
model emphasis more effectively. The organizers
augmented the social media dataset with a large
dataset of short quotations. Top-performing teams
(Huang et al., 2020; Morio et al., 2020; Singhal
et al., 2020) used rich contextualized pre-trained
language models such as ERNIE 2.0 (Sun et al.,
2020), XLMRoBERTa (Conneau et al., 2019), XL-
Net (Yang et al., 2019), and T5 (Raffel et al., 2019).

This study focuses on a new domain, presen-
tation slides, where emphasis serves a different
purpose than in social media. For social media the
main purpose is to draw the audience’s attention,
while for presentations, the main purpose is to help
the audience better understand the content. Iden-
tifying emphasis in presentations brings unique

2https://spark.adobe.com

challenges due to differences in topic, length, and
document structure.

3 Task Definition

Given a sequence of tokens in a slide page, C =
{x1, ..., xn}, the task is to compute a real value
yi ∈ [0, 1] for each xi in C, indicating the degree
to which the token needs to be emphasized.

4 Data Collection

The Presentation Slides Emphasis Dataset (PSED)3

is a collection of presentation slides covering a
wide range of topics, from technical slides on vari-
ous topics to non-technical ones such as children’s
material. Each instance in PSED represents one
slide page along with eight annotations. We only
focused on English slides. To cover a wide range
of topics and areas, we collected data from differ-
ent sources such as websites with .ORG and .GOV
domains and slides from the ACL anthology.4 We
pre-processed all slide pages to make sure they in-
cluded clean pieces of text. We removed slides that
only had equations, mathematical formulas, tables,
or figures and used the PDFMiner Python library5

to extract the text. Quality control steps ensured
the text and the slide matched.

4.1 Annotation Process

In an MTurk experiment, we asked nine annotators
to label each page. We showed the image of the
slide as well as the corresponding text and asked
workers to select words to emphasize as if they
were preparing the slides for their own presentation.
Ten percent of the hits included quality questions
to make sure the annotators read the slides.

We observed a low Fleiss’ Kappa score (Shrout
and Fleiss, 1979) of 0.1414 on the dataset. A
closer examination revealed that the dataset in-
cluded some technical and domain-specific slides
that were not entirely understandable to a general
audience. Therefore, we removed slides with a
score below -0.05 and the overall score increased to
0.1797. We also noticed that many cases included
at least one annotator with a very different selec-
tion. To provide a more consistently-annotated data

3The dataset along with the annotations can be found here:
https://github.com/RiTUAL-UH/Predicting-
Emphasis-in-Presentation-Slides-Shared-T
ask.

4https://www.aclweb.org/anthology/
5https://github.com/pdfminer/pdfminer
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set for training, we removed the annotator for each
slide with the lowest agreement to the other anno-
tators. The final dataset contains annotations from
eight annotators and has a Fleiss’ Kappa score of
0.2092. Such a score is similar to the score reported
in (Shirani et al., 2020b) and indicates the existence
of multiple points of view about emphasis in the
dataset. Table 1 shows an example of a bullet point
annotated with BIO annotation data. It shows that
there is more agreement selecting words such as
“risk” and “management” compared to the others.

Table 1: An example bullet point along with em-
phasis probabilities. “B” indicates the beginning of
the emphasis, “I” the inside, and “O” non-emphasis
words. “Freq.” shows the frequencies of “B”, “I” and
“O”. “Emphasis Probs.”, shows the emphasis probabil-
ity (“B+I”) over eight annotations.

Words Freq. [B,I,O] Emphasis Probs. [B+I]

• [0,0,8] 0.0
Demonstrate [1,0,7] 0.125

how [0,0,8] 0.0
operational [1,0,7] 0.125

agencies [1,0,7] 0.125
are [0,0,8] 0.0

using [0,0,8] 0.0
NASA [2,0,6] 0.25

data [0,1,7] 0.125
for [0,0,8] 0.0
risk [3,0,5] 0.375

management [3,3,2] 0.75

5 Data Analysis

Table 2 provides more information on the num-
ber of slides, sentences, and words in the PSED
dataset. The dataset contains 1,776 high-quality
slides, randomly divided among training, develop-
ment and test sets of 1,241, 180, and 355 instances
respectively.

Table 2: Dataset Statistics

Section #Slides #Sentences #Words

Train 1241 9645 96934
Dev 180 1251 12822
Test 355 2754 28108
Total 1776 13650 137864

Table 3 describes the length of instances in the
PSED dataset, giving the minimum, mean, and
maximum number of words in slides for each split.

As previous research has suggested, word types
have a significant role in the selection of appro-

Table 3: Statistics on the length of the samples com-
puted in words

Section Min Mean Max

Train 13 78 180
Dev 15 71 164
Test 17 79 181

priate emphasis. Therefore, in this section, we
examine the role of part-of-speech tags (POS) in
this task. Specifically, we choose the top 20 POS
tags, which frequently occur in the training and
development sets, to analyze the feature’s effective-
ness. We used spaCy library6 to obtain POS tags
for all tokens. To examine how the emphasis proba-
bilities are distributed, we divided them evenly into
four intervals. Figure 2 shows the occurrence of the
top 20 POS tags for all token labels in our training
and development sets. POS tags such as “IN”, “,”,
“.”, and “:” are more favored to have low empha-
sis probabilities (0–0.25). Interestingly, some POS
tags like “DT”, “CD,” and “VBZ” have zero words
in the highest emphasis probability interval (0.75–
1.0). Overall, most POS tags fall into the lowest
emphasis probability, and the difference lies in the
(0.25–0.5) interval, where POS tags like “NN”,
“NNS,” and “VBG” mostly appear. Similar to POS
tags, other hand-crafted features such as punctu-
ation and upper-case tokens helped improve the
results of some models. This motivated us to exam-
ine the degree of emphasis probability for different
lexical features. Figure 3 shows the average em-
phasis scores for each category in the training and
development sets. Comparing all lexical features,
“Uppercase start” has the highest average emphasis
score, and “Contain numbers” and “Punctuation”
have the lowest. This indicates some general trends
for emphasis with respect to word categories.

We also performed an error analysis to examine
how the length of slides can affect the prediction.
The results show that longer slides are more chal-
lenging due to having more options to select.

5.1 Evaluation Metric

For better comparison with previous work in ES,
we followed an evaluation method similar to Shi-
rani et al. (2020b). This metric is specifically de-
signed to meet the subjectivity of the task.

6https://spacy.io/usage/linguistic-fe
atures
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Table 4: Top-performing Models with Their Ranks and Score

Teams Best Method RANK Score 1 Score 5 Score 10

UBRI-604 XLMRoBERTa Large + Lexical Features 0.525 0.335 (1) 0.686 (1) 0.554 (2)
DeepBlueAI Ensemble of BERT, SciBERT, ERNIE 2.0 0.519 0.330 (2) 0.667 (3) 0.559 (1)
Cisco Ensemble of XLNet, RoBERTa + POS Tags 0.518 0.330 (2) 0.675 (2) 0.551 (3)
Baseline BiLSTM+ELMo 0.475 0.301 (3) 0.634 (5) 0.489 (5)
Zouwuhe N/A 0.474 0.285 (4) 0.638 (4) 0.500 (4)

Figure 2: Frequencies of the top 20 POS tags in the 0–0.25,
0.25–0.5, 0.5–0.75, 0.75–1.00 probability intervals. Vertical
values correspond to the percentage of tag counts over the
total number of words in the training and development sets.

Figure 3: The figure shows average emphasis scores on the
training and development sets for four different lexical fea-
tures.

Matchm For each slide page x in the test set
Dtest, we select a set S(x)

m of m ∈ {1, 5, 10}
words with the top m probabilities according to
the ground truth. Similarly, we select a prediction
set Ŝ(x)

m for each m ∈ {1, 5, 10}, based on the
prediction probabilities. Matchm is defined as:

Matchm :=

∑
x∈Dtest |S

(x)
m ∩ Ŝ(x)

m |/m
|Dtest|

To rank models, we compute the average value of
Matchm for all m values and call this averaged
value (RANK). We treat words in the ground truth
with the same probability equally, so if the model
predicts either of the tokens, we consider it as a
correct answer.

6 Performance Benchmarks

To better examine the challenges of the dataset and
benchmark the task, we organized a shared task and
invited the community to participate in modeling
emphasis in this new domain.7

Different novel and interesting solutions for this
particular task were proposed. Table 4 shows
the scores and the best methods for the top three
teams. The most popular approach was ensemble
Transformer-based models. Many hand-crafted fea-
tures such as Part-of-speech (POS) tags, keywords,
and lexical features (such as words with capital let-
ters and punctuation) were explored to improve the
models’ performance. We describe and compare
top-performing approaches next.

The top-performing team, UBRI-604 (Hu et al.,
2021), by proposing end-to-end Transformer-based
approach, ranked in the first place with RANK
score of (0.525). Different rich Transformer-based
pre-trained language models were explored dur-
ing the experiment, such as ALBERT (Lample and
Conneau, 2019), GPT-2 (Radford and Wu, 2019),
RoBERTa (Liu et al., 2019), ERNIE 2.0 (Sun et al.,
2020), XLNet(Yang et al., 2019), XLMRoBERTa
and BERT (Devlin et al., 2019). Comparing the
results of all seven models, XLMRoBERTa per-
formed the best. Besides pre-trained language mod-
els, UBRI-604 leveraged lexical features such as
capitalized words and punctuation, for further im-
provement.

DeepBlueAI team stood in second place (0.519),
a RANK score that was 0.006 lower than the
first team’s. DeepBlueAI introduced an ensemble
Transformer-based model with two fully-connected
layers combined with POS tags embedding and
hand-crafted features. The ensemble model takes
advantage of BERT, SciBERT (Beltagy et al., 2019)
and ERNIE 2.0 pre-trained language models by
taking the average of the scores predicted by these
models.

7CAD21 shared task: https://competitions.c
odalab.org/competitions/27419
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Lastly, Cisco (Ghosh et al.), with a score 0.001
lower than the second team, ranked third. Cisco ex-
plored two approaches based on BiLSTM+ELMo
(Shirani et al., 2019) architecture and Transformer-
based pre-trained models with the base model of
RoBERTa and XLNet. They enriched the ELMo
contextual embedding in BiLSTM+ELMo model
by incorporating a character-level BiLSTM Net-
work. Their results show an increase of 0.026 when
POS tags and keyphrases are added to the model,
showing the effectiveness of these two features for
this task. Cisco’s best score on the evaluation phase
used an ensemble of XLNet and RoBERTa, giving
them third place. They boosted the model further
in the Post Evaluation phase by ensembling XL-
Net and BiLSTM+ELMo models and incorporating
hand-crafted features like POS and Keyphrase.

We used the same baseline model (DL-
BiLSTM+ELMo) introduced in Shirani et
al. (2019) to better show the challenges of PSED
dataset. This model achieved RANK score of
0.475 (Table 4) which is 0.275 lower than the
reported score by Shirani et al. (0.75).8 With a
sequence-labeling architecture, this model utilizes
ELMo contextualized embeddings (Peters et al.,
2018) and two BiLSTM layers to label emphasis.
The Kullback-Leibler Divergence (KL-DIV)
(Kullback and Leibler, 1951) is used as the loss
function during the training phase.

7 Discussion

The PSED dataset contains slides with different
lengths. To better examine how the length of
slides can affect the prediction, we performed an
error analysis to examine this relationship. We di-
vided the test set into three groups based on the
instances’ lengths, namely <60, 60–90, and >90
tokens. Then we computed the average Matchm
scores over all shared task submissions, four in to-
tal, for every example in each group. As shown in
Table 5, short slides always achieve better scores
compared to medium and long slides. This indi-
cates that predicting emphasis in longer instances
is more challenging. This is due there being more
options (words) to select for emphasis.

Many slides in the PSED dataset contain sci-
entific words. Besides using pre-trained models,
trained on a general domain, some teams decided
to handle scientific words differently. For example,

8Matchm for m ∈ {1, 2, 3, 4} is used in Shirani et
al. (2020b).

DeepBlueAI explored using the SciBERT (Beltagy
et al., 2019) model, which is pre-trained on scien-
tific articles. On the other hand, Cisco explored
training a scientific keyword predictor and used the
output as a feature to the model. Extending the pro-
posed approaches to more efficiently address the
diverse vocabulary of the dataset is an important
future direction.

Table 5: Length vs. Performance on the test set. The av-
erage scores over all submissions are used for comput-
ing the performance. Short: (<60 tokens, 112 slides),
Medium: (60–90 tokens, 126 slides), Long: (>90 to-
kens, 116 slides)

Length/Scores RANK Score 1 Score 5 Score 10

Short 0.601 0.42 (1) 0.634 (1) 0.75 (1)
Medium 0.55 0.349 0.589 0.713
Long 0.485 0.293 0.526 0.635

8 Conclusion

We presented a new dataset for emphasis selection
on presentation slides, posing new challenges for
modeling emphasis. We created a shared task and
invited researchers to model emphasis for presen-
tation slides. We provided different data analyses
on the dataset and summarized the insights gained
from the shared task. A future extension could
explore more robust techniques to address the chal-
lenges in the PSED dataset because of its diversity
in topic, structure, and length.

9 Ethics
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public domain sources and do not intrude on user
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Abstract
Knowledge Bases (KBs) are easy to query, ve-
rifiable, and interpretable. They however scale
with man-hours and high-quality data. Masked
Language Models (MLMs), such as BERT,
scale with computing power as well as unstruc-
tured raw text data. The knowledge contained
within these models is however not directly in-
terpretable. We propose to perform link pre-
diction with MLMs to address both the KBs
scalability issues and the MLMs interpretabil-
ity issues. By committing the knowledge em-
bedded in MLMs to a KB, it becomes inter-
pretable. To do that we introduce MLMLM,
Mean Likelihood Masked Language Model,
an approach comparing the mean likelihood of
generating the different entities to perform link
prediction in a tractable manner. We obtain
State of the Art (SotA) results on the WN18RR
dataset and SotA results on the Precision@1
metric on the WikidataM5 inductive and trans-
ductive setting. We also obtain convincing re-
sults on link prediction on previously unseen
entities, making MLMLM a suitable approach
to introducing new entities to a KB.

1 Introduction

1.1 Context
KBs have many desirable properties. They are easy
to query, verifiable, and perhaps most importantly
interpretable by humans. They however have one
critical shortcoming, they are expensive to build,
making them harder to scale. Indeed, modern KBs
scale with high-quality data, manual labor, or a
mix of both. Approaches that scale with available
computation and the massive amounts of unstruc-
tured data that are being created and accumulated
have proven invaluable in the recent deep learning
boom.

Large pretrained MLMs (Devlin et al., 2018;
Liu et al., 2019) have been shown to scale well
with large amounts of unstructured text data as

well as with computing power. They also have dis-
played some interesting emergent abilities, such as
the ability to perform zero-shot question answering
(Radford et al., 2019; Brown et al., 2020). This
ability implies that the model parameters contain a
large amount of factual knowledge that it can lever-
age to answer a wide variety of questions. However,
that knowledge is hardly interpretable by humans,
as it is hidden within the millions to billions of
parameters of the language model.

By using MLMs to completes KBs, we can ad-
dress both the issue of scalability of KBs and the is-
sue of the interpretability of MLMs by committing
knowledge of the latter to an interpretable format
in the former. The MLM can learn new knowledge
from the large amount of unstructured textual data
that keeps being added to the World Wide Web and
then be used to continually complete and update the
KB. This has the very desirable effect of making
the link prediction approach scale with both compu-
tational power and a large quantity of unstructured
data, both of which show no sign of slowing down.

1.2 Problem Definition

Given an entity and a relation, we want to train an
MLM to generate all entities completing the KB
triple.

Several technical challenges had to be addressed
to achieve proper link prediction with pretrained
MLMs. The first one is tractability. It is well
known that inference in the task of Link Prediction
is extremely costly, to the point where validation
and test sets are purposefully kept small and most
datasets will shy away from containing millions
of different entities (Wang et al., 2019). While
smaller Link Prediction datasets (Dettmers et al.,
2017; Toutanova and Chen, 2015) are limited to a
few thousand entities, a dataset more representa-
tive of full sized KBs (Wang et al., 2019) would
contain upwards of a million potential entities. A
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model that would be used on such a dataset could
not realistically require an inference step through
an MLM for every potential entity completing a
triplet. It is necessary to enable link prediction
with as little inference to the model as possible,
as performing inference on pretrained models is
expensive. Otherwise, it could result in a model
with no practical purposes, even if it obtained better
leaderboard scores.

The second challenge has to do with the infer-
ence outputs format of the MLMs. The length of
the output needs to be known at inference time (De-
vlin et al., 2018; Vaswani et al., 2017), making it
hard to sample entities of varying lengths from it.
The example ”Horses like ” could be completed
with the word ”carrot” and ”long runs”, but those
two answers require varying length of masked in-
puts to be filled. Work like Petroni et al. (2019)
is limited to single token outputs, which is useful
to probe the model for the presence of embedded
knowledge, but is not usable in practice for tasks
such as link prediction, as the missing entities will
have variable lengths. Solutions have to be able to
sample an MLM for entities of varying lengths to
have practical applications.

Finally, the use of MLMs opens the door to per-
forming link prediction on entities that have not
been previously seen by the model or the KB. This
permits the addition of new entities to a KB on
top of the link prediction capacities. Some capa-
bility of such an approach with MLMs was previ-
ously demonstrated (Petroni et al., 2019) and other
works have approached the task by generating and
comparing entities embedding (Daza et al., 2020;
Gupta et al., 2017; Wang et al., 2019) for differ-
ent KB tasks. By generating entity embeddings
from text, they permit apt representation for pre-
viously unseen entities that can then be compared
to other, previously seen entities. Unlike previous
approaches we forgo the entity embedding step and
let the model directly output the entity. We show
that our approach yields strong results with unseen
entities of arbitrary lengths in this task and should
be explored further.

1.3 Contribution

Our main contributions are summarized here:

• We propose MLMLM, a mean likelihood
method to compare the likelihood of differ-
ent text of different token lengths sampled
from an MLM.

• We demonstrate the tractability of our ap-
proach, requiring only one inference step
through the model to perform link prediction
on any numbers of possible entities, some-
thing which was not previously possible with
an MLM.

• We achieve SotA results on the WN18RR
benchmark and the best Precision@1 on both
the inductive and transductive setting of the
WikidataM5 dataset.

• We demonstrate that our approach can gen-
eralize to previously unseen entities on all
benchmarks.

2 Background and Related Work

2.1 Masked Language Models

Pretrained MLMs, popularized by BERT (Devlin
et al., 2018), have seen tremendous success when
applied to Natural Language Understanding (NLU)
problems. They are pretrained on massive amount
of unsupervised text data. Those models incor-
porate enormous amounts of language knowledge
and world knowledge within their weights. This
lets them be further tuned on challenging NLU
tasks with great success. Being based on the trans-
former (Vaswani et al., 2017) encoder architecture,
the output length of the model is equal to the in-
put length. This makes it challenging to sample
text of arbitrary length when using MLMs with-
out knowing the length of the desired sample in
advance.

2.2 Sampling from MLM

Sampling single words from an MLM is trivial.
By adding a mask to the input, we can sample
likelihoods for the whole vocabulary. This fea-
ture is used by several pieces of work to complete
sentences, answer questions and more (Guu et al.,
2020; Lewis et al., 2020; Petroni et al., 2019). Work
to generate and evaluate multi-token spans from
MLM has also yielded interesting results (Wang
and Cho, 2019; Salazar et al., 2020). We are
however unaware of any other approach to sam-
pling and evaluating multi-token spans of variable
length, which is necessary to properly accomplish
the task of link-prediction in a single pass through
the model.
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2.3 A Re-evaluation of Knowledge Graph
Completion Methods

Recently, Sun et al. (2020) has found that many of
the SotA approaches to link prediction have used
an inappropriate evaluation protocol. They have
shown that the evaluation protocol typically used
in the link prediction approaches assigns a perfect
score to a constant output, by putting the correct
entities on top during a tiebreaker. In essence, un-
der this evaluation protocol, assigning a likelihood
of 0 to all entities would yield a perfect reranking
score, since the tiebreaker would put the target en-
tity as the first prediction. This was shown to yield
very inflated scores for many neural network based
link prediction approaches (Nathani et al., 2019;
Vu et al., 2019; Nguyen et al., 2017), as several
of them output a large number of tied scores for
the various entities. Entity-embedding based ap-
proaches (Balažević et al., 2019; Sun et al., 2019;
Dettmers et al., 2018) do not suffer from this issue.
While we have found that our approach does not
suffer from this issue despite not being an entity-
embedding approach, we will use the random evalu-
ation protocol proposed by Sun et al. (2020) for all
evaluations and compare against approaches that
used a similar protocol to ensure the validity of
the comparisons. This protocol is similar to the
filtered setting (Bordes et al., 2013), with the differ-
ence that the rank among entities with tied scores
is randomly assigned.

2.4 KG-BERT

KG-BERT (Yao et al., 2019) is an approach to KB
tasks based on MLM. It successfully demonstrates
the potential of leveraging these models’ internal
knowledge on KB tasks. They train a BERT model
to classify whether an individual triple fed to the
model is correct or not. In essence, they feed ev-
ery single possible (h, r, ?) or (?, r, t) triple in a
string format to the model to obtain all scores to be
reranked. This can result in millions of inference
steps on the MLM for a single triple completion de-
pending on the size of the KB. KG-BERT has many
advantages over our proposed approach. It uses the
target entity in the input, thus giving the model
more information to use at inference time. The
problem that it solves is much simpler, reducing it
to a simple sequence classification problem. With
a similar setup, it is even likely that KG-BERT
would yield better results than our proposed ap-
proach since it has access to more information and
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Figure 1: Approach Inference Time. This figure
shows the per-entity inference time based on the
total number of entities to be re-ranked, of
MLMLM and KG-BERT, the most comparable
approach.

has a more straightforward training setup. Unfortu-
nately, KG-BERT is not tractable on any reasonably
large KB (see Figure 1). For a KB containing mil-
lions of entities, KG-BERT would require millions
of inference step through the MLM model for ev-
ery triple completion. In contrast, our approach
requires only one inference step through the MLM
model for every triple completion, by generating
all logits required to obtain the likelihood of any
potential entity at once. Modern KBs can con-
tain millions of entities (Wang et al., 2019), which
would translate in KG-BERT requiring hours to
complete a single triplet on a GPU.

3 Methodology

3.1 Overview

Our system performs link prediction. It uses MLM
to generate all possible logits of all tokens required
to generate all entities, and mean likelihood sam-
pling to rerank all possible entities to complete the
triple and perform link prediction. It can also be
used to sample likelihoods for previously unseen
entities.

Figure 2 shows a toy example of our inference
setup. Our model outputs logits for the whole vo-
cabulary of the RoBERTa-Large model. The out-
puts are simply the logits for all words and sub-
words from that vocabulary. This vocabulary is
expressive enough to generate any English text.
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T = 

Token ID Pos 1 Pos 2

"c"

"r"

"at"

0.7 0.4

-1.2 0.6

0.8 0.2

E = 

Entity ID Pos 1 Pos 2

"cat"

"rat"

"at"

"c" "at"

"r" "at"

"at" MASK

S = 

Entity ID Score

"cat"

"rat"

"at"

AVG([0.7, 0.2]) = 0.45

AVG([-1.2, 0.2]) = -0.5

AVG([0.8]) = 0.8 1

2

3

Rank

Figure 2: Ranking Example. The figure contains
a minimal example of the ranking system. It
represents the system in a KB containing 3
subwords in its vocabulary [’c’, ’r’, ’at’], 3 entities
to rank [’cat’, ’rat’, ’at’] and a maximum entity
length of 2.

Head entity
Definition

of head entity
Relation

?
(Tail entity)

Language model

Logits Logits Logits Logits

Lookup 
table

Figure 3: Lookup Table Generation For Tail
Entity Prediction. The figure shows how the
lookup table for tail entity prediction is generated.
A string representation of the head entity and the
relation are fed to the masked language model
which outputs logits that represent the likelihood of
finding each token at each possible position of the
tail entity.

We decide in advance on a maximum length n for
the maximum length of English text to generate.
With a vocabulary of roughly 50,000 logits, the
model would output a vector of logits of shape
[50,000 x n]. Knowing in advance the tokens that
would build the string for all possible entities, we
can obtain a score for the likelihood of those en-
tities completing a triplet by averaging the logits
of those tokens. To evaluate the likelihood of the
entity ”brown dog”, we would average the logits
for the word ”brown” on the first column of the ma-
trix with the logits of the word ”dog” on the second
column of the matrix, ignoring all other columns
of our logit matrix. Even if the model would never

have encountered the entity ”brown dog” it could
still produce a score for said entity.

3.2 Data Pre-processing
The data pre-processing pipeline takes a link pre-
diction dataset and transforms it into a generic for-
mat usable by the model. It is required that both
the entity and relations have string representations.
For every entity in the dataset, we extract an entity
string, which uniquely identifies the entity, and a
definition string, which is a textual description of
the given entity. For every relation, we extract a
relation string, which uniquely identifies and de-
scribes the relation.

We tokenize all strings through the pretrained
RoBERTa tokenizer (Sennrich et al., 2016) and fur-
ther transform the entity string by adding padding
to match the longest tokenized entity within the
dataset. Concretely, in a dataset where the longest
entity has a length of 4 token ids, the entity string
“dog” would be padded to have the representation
“dog ” and the entity string ”cat and dog” would
have the representation “cat and dog ” where “ ”
is the padding token. The purpose of this padding
is to standardise the masked representation of all
entities, therefore letting the model treat all entities
in the same manner.

3.3 Model
Our approach uses the RoBERTa-Large model (Liu
et al., 2019) for all experiments. We finetune the
pretrained model on the link prediction datasets to
generate the logits of the unknown entities. As our
approach does a single call to the model to rerank
all possible entities, it is acceptable to use the larger
model for better performance. Figure 3 shows the
inference process for tail entity prediction. Simi-
larly, the head entity prediction takes as input the
head entity mask, the relation, the tail entity and
the tail entity definition. We use the relation string,
the known entity string and the entity definition of
the known entity string to make the model generate
the logits representing the unknown entity string.

3.4 Ranking System
The ranking system pictured in Figure 4 performs
link prediction on a given triple. The MLM outputs
logits for all possible token ids and positions for the
missing entity to complete the triple. This forms
the lookup table T . The link prediction dataset
contains a list of all possible entities. The token
ids forming those entities make up E. We obtain
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Figure 4: Ranking System. The figure details the inner workings of the ranking system which uses the
lookup table generated by the masked language model to compute the score associated with each possible
entity. The scored entities are then ranked by highest score.

the entity token logits L by matching all token
ids in E with their corresponding values in T . L
represents how likely every token of the entity is to
be generated by the MLM at that specific position.
The mean likelihood1 of each entity is computed by
averaging L over non-padded token logits.2 This
value is used to determine the ranking of the entity.
It provides a proper comparison between entities
of different lengths.

Concretely, in our previous “cat and dog ” ex-
ample, we average the output logits for the “cat
and dog” token ids and positions while ignoring
the final padded logit. This averaging is done on all
entities in the dataset completing the triple, yield-
ing the average likelihood assigned by the model
to all entities.

Entities are then sorted by highest rank using the
randomized setting (Sun et al., 2020). For equal
scores the tie-breaking is done randomly, to pro-
duce the ordered list of ranked entities R. We use
the filtered setting (Bordes et al., 2013) for eval-
uation and remove corrupted triples from the list
of ranked entities, corrupted triples being all other
known correct triples.

1Because the length of non-padded tokens is variable, us-
ing the mean of the logits is the chosen comparison metric for
re-ranking.

2By far, the token the model sees most is the padding
token. Counting it would most likely yield a heavy skew
towards shorter entities with more padding.

4 Experimentation

4.1 Datasets
The two datasets used are WN18RR and Wiki-
dataM5 (Dettmers et al., 2017; Fellbaum, 1998;
Bollacker et al., 2008; Wang et al., 2019), a com-
monly used link prediction benchmark and a new,
large scale, link prediction benchmark. Summary
stats are shown in Table 1.

Table 1: Datasets statistics.

WN18RR WikidataM5

#Entities 40,943 4,594,585
#Relations 11 822
#Training 86,835 20,614,279

#Validation 3034 5163
#Test 3134 5133

Mean in-degree 2.12 1
Median in-degree 4.49 0

WN18RR is a dataset composed of WordNet
synsets. We use the cleaned synset as the entity
string. The synset “dog.n.01” would have a string
representation of “dog noun 1” which should be
more interpretable by the model while remaining a
unique identifier. The entity definition is the defini-
tion of the entity given by WordNet. The relation
string is a cleaned representation of the relation
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string. The relation “ member of domain usage”
would be represented with the string “member of
domain usage”. Full examples of inputs and out-
puts are shown in Listing 1 and Listing 2.

WikidataM5 is composed of triples based on
Wikidata and the English Wikipedia with aligned
descriptions for each entity. We use the entity string
and definitions provided in the benchmark.

4.2 Metrics
We use the Mean Reciprocal Rank (MRR) metric
to validate our model and select the best model.
For all experiments, we also report the Mean Rank
(MR), the Mean Precision at 1 (MP@1), the Mean
Precision at 3 (MP@3), and the Mean Precision at
10 (MP@10).

4.3 Training
The training setup is a modified MLM training,
where we let the model generate the missing en-
tity. The previously mentioned padding lets us deal
with the generation of entities of varying sizes. The
input fed to the model for tail entity prediction,
depicted in Figure 3, consists of the concatenated
token ids of the head entity, the head entity defi-
nition, the relation and the tail entity mask. The
model will then generate, in the place of the mask,
the missing entity. The input fed to the model for
head entity prediction is similar. An example of the
input for head entity prediction is found in Listing 1
and an example for tail entity prediction is found
in Listing 2.

We use the categorical cross-entropy loss to train
the language model. The loss only depends on the
non-padded token of the generated entity, ignoring
all other outputs. The target is the actual entity
completing the triple, aligned with the mask in the
input. We retain the model with the best validation
MRR. All experiments are run for 5 random seeds
and the mean and standard deviation of the results
are reported.

For all experiments, we use the hyperparameters
and training setup described in Liu et al. (2019),
with a total of 25 epochs for the WN18RR dataset
and 1 epoch for the WikidataM5 dataset.

4.4 Unseen Entities
An alternative version of the dataset is made to
test the generalization capacity of our methodol-
ogy to unseen entities. For WN18RR we start by
randomly sampling 5% of the entities for the vali-
dation entities and 5% of the entities for the testing

entities. Our training set consists of all triples not
containing any of the validation or testing entities.
Our validation set consists of all triples containing
the validation entities. Finally, our test set consists
of all triples containing the test entities, but not
containing any of the validation entities. The train-
ing is done in the same fashion. The validation
and testing are only done on entities present in the
validation or test entity list, but are still reranked
against all other possible entities. While WN18RR
would only have 2047 test entities in this setting,
the reranking would still involve 40,943 entities. If
the tail entity is the one present in the test entity list,
we will complete the link (h, r, ?) and not the link
(?, r, t). The reported results are therefore only on
the performance of previously unseen entities in
the KB, compared to all other possible entities. The
validation and test set are rebuilt for every random
seed, to evaluate our approach on a wider array of
unseen entities.

WikidataM5 has an inductive setting which
closely resembles our unseen entities setting. The
main difference is that the reranking step in the
validation and test only compares with other previ-
ously unseen entities. While there is upwards of 4
million training entities, the validation and testing
would only consider roughly 7000 entities. For the
purpose of proper comparison, the M5 results are
however done within their specific setting.

5 Results and Analysis

5.1 WN18RR

We achieve SotA results on the WN18RR dataset
on all tested metrics with the exception of MR,
as shown in Table 2. The WN18RR dataset is
sparse in terms of the KG in-degree connections,
see Table 1. Sparseness lends itself naturally to
leveraging a pretrained model. The amount of in-
formation that can be extracted from the dataset
on any given entity is then limited, which makes
outside information all the more valuable.

We can observe that the MR metric is relatively
much weaker for our model, compared to its other
metrics. This implies that while the model will of-
ten rerank the correct entities to the top, it will also
sometimes forget certain entities completely, given
them ranks in the thousands. This could be ex-
plained by an issue of disambiguation in the name
of the entity. While approaches using entity em-
beddings (Balažević et al., 2019; Sun et al., 2019;
Dettmers et al., 2018) will have no issue separating
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Table 2: WN18RR Results

Approach MRR ↑ MR ↓ MP@1 ↑ MP@3 ↑ MP@10 ↑
ConvE 44.4 4950 — — 50.3
RotatE 47.3 3343 — — 57.1
TuckER 46.1 6324 — — 51.6

ConvKB 24.9 3433 — — 52.4
CapsE 41.5 718 — — 55.9
KBAT 41.2 1921 — — 55.4

KG-BERT — 97 — — 52.4

MLMLM 50.17
± 0.18

1603
± 26.8184

43.91
± 0.20

54.18
± 0.28

61.10
± 0.20

The results are reported as <mean> ± <standard deviation>. Results for other models are taken from
Sun et al. (2020); Yao et al. (2019).

Listing 1: Example of an error of the model on WN18RR. Shown are the top 3 ranked entities by the model with
the score assigned to them. The correct answer, matchmaker noun 1, was ranked 14,108 by the system.
Prompt : <s><mask><mask><mask><mask><mask><mask><mask><mask>hypernym mediator noun 1

a negotiator who acts as a link between parties</s><pad><pad><pad><pad>
Correct answer : matchmaker noun 1<pad><pad><pad><pad> Answer rank 14108
Rank 1 Score 32.0242 : interpreter noun 2<pad><pad><pad>
Rank 2 Score 32.0103 : harmonizer noun 1<pad><pad><pad>
Rank 3 Score 31.8889 : diplomat noun 1<pad><pad><pad>

Table 3: WikidataM5 Results

Approach MRR ↑ MR ↓ MP@1 ↑ MP@3 ↑ MP@10 ↑
TransE 25.3 109370 17.0 31.1 39.2
DKRL 16.0 31566 12.0 18.1 22.9
KEPLER-Wiki 15.4 14454 0.105 0.174 0.244
KEPLER-Cond 21.0 20267 17.3 22.4 27.7

MLMLM 22.3 488161 20.1 23.2 26.4
A single seed was ran for the WikidataM5 experiments because of the size of the dataset. Results for
other models are taken from Wang et al. (2019).

Table 4: WN18RR Unseen Entities Result

Approach MRR ↑ MR ↓ MP@1 ↑ MP@3 ↑ MP@10 ↑

Random baseline 0.03
± 0.007

20541.91
± 87.88

0.002
± 0.004

0.002
± 0.004

0.026
± 0.008

Non-finetuned RoBERTa 2.73
± 0.05

10130.35
± 187.61

1.54
± 0.07

2.95
± 0.11

4.92
± 0.19

MLMLM 18.42
± 2.66

3761.50
± 255.4437

14.16
± 0.81

21.75
± 1.19

29.39
± 0.88

The results are reported as <mean> ± <standard deviation>.

the synsets dog.n.01 and dog.n.03 as mean-
ing respectively “a member of the genus Canis [...]”
and “informal term for a man”, our model will
have to discern between those two meanings only

by the digit appended to the name. It is probable
that the model is often confused about whether it
should generate dog noun 1 or dog noun 3,
having only the final digit to differentiate both of
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Listing 2: Example of a disambiguation error of the model on WN18RR. Shown are the top 3 ranked entities by
the model with the score assigned to them. The correct answer, aid noun 3, was ranked second by the system,
after aid noun 1.
Prompt : <s>grant noun 1 any monetary aid hypernym<mask><mask><mask><mask><mask><

mask><mask><mask></s><pad><pad><pad><pad>
Correct answer : aid noun 3<pad><pad><pad><pad><pad> Answer rank 2
Rank 1 Score 33.7597 : aid noun 1<pad><pad><pad><pad><pad>
Rank 2 Score 33.5948 : aid noun 3<pad><pad><pad><pad><pad>
Rank 3 Score 32.7605 : aid noun 2<pad><pad><pad><pad><pad>

Table 5: WikidataM5 Inductive setting Results

Approach MRR ↑ MR ↓ MP@1 ↑ MP@3 ↑ MP@10 ↑
DKRL 23.1 78 5.9 32.0 54.6
KEPLER-Cond 40.2 28 22.2 51.4 73.0

MLMLM 28.4 932 22.6 28.5 34.8
The results are reported as <mean> ± <standard deviation>.

them. An example of such an error is shown in
Listing 2, where the model confuses aid.n.01
and aid.n.03. Follow up work on better rep-
resentations for entity names could yield stronger
results.

Our model generally has a much easier time pre-
dicting the tail entity than the head entity. It has
an MRR of 60.15 on tail entities and an MRR of
40.09 on head entities. By observing the instances
where our model gives the worst rank to the correct
answer, we can understand why. A large number
of those cases are hypernyms on the head entity.
An example of a hypernym relationship would be:
“animal is an hypernym of dog, since all dogs are
animals.” Correctly ranking all possibilities for “X
is an hypernym of dog.” is more straightforward for
the model than correctly ranking all possibilities for
“Animal is an hypernym of Y.”. An example of such
failure is shown in Listing 1, where we look for
the hypernym of the term mediator. It is clear
that the model understands the concept and outputs
plausible answers in its top 3. A large amount of
the model’s severe failure cases are similar to this
one, where the model will output a plausible hy-
pernym of the tail entity, while completely missing
the targeted hypernym. This seems to be the likely
cause for the weak MR of the approach.

5.2 WikidataM5

The results on WikidataM5 are shown in Table 3.
MLMLM boasts the best Precision@1 metric by a
fair margin. Once again, we observe the weakness

in the MR metric. The implications are that there
are many possible correct entities that are given no
weights by the approach.

5.3 Unknown Entities Experiments
We demonstrate the capacity of our approach to
generalize to unknown entities. Results for the
WN18RR datasets are shown in Table 4.

For baselines, we use a random baseline, rerank-
ing the entities randomly, as well as a non-finetuned
RoBERTa-large model, that simply generates the
entity tokens without being finetuned on the dataset
first. We can notice that while our approach out-
performs a non-finetuned benchmark, the non-
finetuned RoBERTa model still far outperforms the
random baseline, supporting some of the findings
of Petroni et al. (2019) in the capacity of MLM to
perform unsupervised link prediction.

The M5 inductive settings are reported in Ta-
ble 5. We obtain the best Precision@1 metric. The
weakness in MR is once again visible, supporting
the intuition that while the model might generate
the correct entity with high conviction, it will of-
ten not give positive score to all plausible entities,
yielding a much worst average rank.

We believe that leveraging MLMs could even-
tually lead to automatically populating KBs with
new entities, as new knowledge and new facts are
created and added to the web.

5.4 Limitations
MLMLM comes with several limitations. Our ap-
proach to padding limits the size of an unknown
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entity to the size of the longest known entity. While
it is unlikely to be limiting in practice, it is still a
weakness of our approach to sampling. The model
size can be very prohibitive and specialized hard-
ware such as GPUs is required to run it in a timely
fashion. The approach however remains tractable
as it can provide likelihoods for all possible enti-
ties in a single inference call. Compared to entity-
embedding based methods, our approach needs
additional information in the form of meaningful
string representations for both entities and relations.
The lack of entity disambiguation is also a limit-
ing factor that does not affect other approaches.
Finally, our approach is liable to forgetting some
entities, leading to comparatively much worst MR
than prior approaches.

6 Conclusion

We have developed a methodology for training
masked language models to perform link prediction.
By leveraging the natural language understanding
abilities of these models and the factual knowledge
embedded within their weights, we have achieved
a tractable approach to link prediction that yields
state of the art results on a standard benchmark
and the best Precision@1 on another competitive
benchmark. We have also demonstrated the ability
of our model to perform link prediction of previ-
ously unseen entities, making our approach suit-
able to introduce new entities to knowledge bases.
More generally, we have introduced an approach
to sampling text from a masked language model of
varying lengths, which can have a wider use case.
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Abstract

Generating context-aware language that em-
bodies diverse emotions is an important step
towards building empathetic NLP systems. In
this paper, we propose a formulation of mod-
ulated layer normalization—a technique in-
spired by computer vision—that allows us
to use large-scale language models for emo-
tional response generation. In automatic and
human evaluation on the MojiTalk dataset,
our proposed modulated layer normalization
method outperforms prior baseline methods
while maintaining diversity, fluency, and co-
herence. Our method also obtains competitive
performance even when using only 10% of the
available training data.

1 Introduction

Building interactive systems that can understand
and express human emotions has been a long-term
goal of artificial intelligence (Shen and Feng, 2020;
Huang et al., 2018; Salovey and Sluyter, 1997).
Given a context, an intelligent agent ought to be
able to generate responses that not only consider
the context but also reflect a specified emotion, a
task called emotional response generation. One
common representation of emotions is through
emojis, which often convey the underlying emo-
tions in an utterance (Zhou and Wang, 2018). Table
1 shows an example generation in this formulation.

To tackle this problem, prior work has proposed
a number of different models, including variants of
sequence-to-sequence (Seq2Seq) models (Serban
et al., 2016; Li et al., 2016a), variational autoen-
coders (VAE) (Gu et al., 2019; Shen et al., 2017;
Zhao et al., 2017) and adversarial networks (Kong
et al., 2019; Li et al., 2017). Their generated re-
sponses are often dull or generic, partially due to
the limited training data for diverse emotions (Li
et al., 2017). More recent studies have tried to

Context:
Emotion Response

good game start morning off tigers v eagles.

good luck to all the eagles
i m not a tigers fan but we ve got a win
we ve got to wait for tommorrow for the game
hope you enjoyed the match with your team

Table 1. Example generation of our method for four
different emojis. Context is an actual random tweet,
and emotion is specified by emojis.

pre-train language models (LMs) on specific do-
main data to pivot generation towards certain di-
rection (Gao et al., 2020; Zhang et al., 2020; Yang
et al., 2020; Keskar et al., 2019). However, training
a LM from scratch can be costly, and collecting
sufficient pre-training data in diverse emotions is
also challenging, especially for low-resource emo-
tions (Yang et al., 2019a).

In this work, we present a simple and easy-
to-deploy technique that can enable pre-trained
large-scale LMs to generate fine-grained emotional
responses. Specifically, we inject emotional sig-
nals specified by 64 commonly used emojis via
Modulated Layer Normalization (Mod-LN), a tech-
nique widely adopted in computer vision but whose
potential has not been well studied yet in NLP. The
main advantages of our method are:
• Instead of designing or re-training models from

scratch, our method is plug-and-play. In this
work, we show its effectiveness on BERT (2019)
and GPT-2 (2019), but one can easily extend our
method to other Transformer-based LMs.

• By fully exploiting the transfer learning abil-
ity of pre-trained LMs, we achieve comparable
emotional response generation performance as
prior best-performing work with only 10% of
the training data, which is especially beneficial
for low-resource scenarios.
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2 Approach

Given a context text and a specified emoji as a
target emotion, we aim to generate responses that
both reflect the emotion associated with the emoji
and the semantic information in the context. In this
work, we demonstrate how to inject target emotions
through a modulation module of layer normaliza-
tion (§2.1). We also provide data preparation and
model adaptation strategies on two typical LMs
(BERT and GPT-2) to aid reproduction and exten-
sion (§2.2).

2.1 Modulated Layer Normalization

Layerwise-normalization (LN) is commonly used
in Transformer-based (Vaswani et al., 2017) lan-
guage models (LMs) (Devlin et al., 2019; Radford
et al., 2019; Yang et al., 2019b) to stabilize hidden
state dynamics and reduce training time (Ba et al.,
2016). In the vanilla implementation (Figure 1(a)),
data are normalized by their own mean µ and stan-
dard deviation σ without relying on external inputs.

FFN

MLP

MLP

FFN

Self-Attn

LN

LN

Self-Attn

Mod-LN

Mod-LN

(a) Vanilla LayerNorm (b)Modulated LayerNorm

NN

Figure 1: Overview of (a) Vanilla Layer Normaliza-
tion (LN) and (b) Modulated Layer Normalization
(Mod-LN) in Transformer-based LMs. The modulation
module in Mod-LN uses two Multi-Layer Perceptrons
(MLPs) that each have two sets of dense layers. It uses
the external emotion input to modulate regularization
towards a certain emotion c. FFN: Feed-Forward Net-
work. Self-Attn: Multi-head Self-Attention blocks.

In contrast to vanilla LN that only regularizes
data itself, Mod-LN introduces an external modula-
tion module shared across the whole dataset, which
is independent of the individual data samples and
able to modulate the regularization towards exter-
nal inputs c (Figure 1 (b)). Specifically, for an input
hidden state tensor x in layer l, it is normalized by
Mod-LN as

x = MLP(l)
γ (c) · x− µ

σ + ε
+ MLP(l)

β , (1)

where ε is the smoothing parameter to avoid divid-
ing by zero. MLP(l)

γ and MLP(l)
β are two trainable

modulation modules for a certain layer l. They are
computed by

MLP(l)
γ (c) =W (l,2)

γ · Swish(W (l,1)
γ c), (2)

MLP(l)
β (c) =W

(l,2)
β · Swish(W (l,1)

β c+ b), (3)

whereW (l,1) andW (l,2) are dense layers belonging
to layer l, with weights size of [64, 1

2 · dimh] and
[12 · dimh, dimh] respectively1. Dense layers con-
nect 64 emoji classes to the output hidden states
of the language model, and b is a bias added to
γ. We use the Swish activation (Ramachandran
et al., 2017), which has been shown to outper-
form ReLU (Xu et al., 2015) on several challenging
datasets. Though conceptually simple, such MLP
based modules have been shown to be a faster and
more efficient alternative to vanilla dot product self-
attention in NLP (Tay et al., 2021) and CV (Tol-
stikhin et al., 2021). Our work uses MLPs as a
plug-and-play modulator rather than a replacement
for self-attentions, allowing us to shift the hidden
states towards a given target emotion.

2.2 Data Preparation and Model Adaptation

For the text input, we concatenate ground-truth con-
text with corresponding response as a whole input
to feed into LMs. We add a pre-defined separator
token ([SEP] for BERT and [UNK] for GPT-2)
between context and response, to make LMs aware
of the range of each part. We also pad both context
and response to a max sequence length with the
padding token.

Encoder-Decoder models have been successful
in many text-to-text generation tasks, such as ques-
tion answering (Chen et al., 2017; Seo et al., 2017),
news summarization (Chopra et al., 2016; Rush
et al., 2015), and style transfer (Li et al., 2018; Liu
et al., 2021). For the response generation task, the
encoder encodes the context text into a fixed-length
vector in latent space, while the decoder decodes
the generated response tokens step-by-step, given
the encoded context vector and the ground truth
token from the previous step; this method is also
known as teacher-forcing (Zhang et al., 2019c; Cho
et al., 2014).

In this work, we consider leveraging the transfer
learning power of large-scale LMs—using LMs

1The hidden size dimh of bert-large-uncased and GPT-2
medium model are both 1024.
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as encoder and decoder—to better capture the
complicated relationship between context and re-
sponse (Rothe et al., 2020). Auto-regressive LMs
(ARLMs), such as GPT-2 are trained to iteratively
predict the next step token given the past, while
Masked Language Models (MLM), such as BERT,
are trained to predict missing tokens given both
the preceding and subsequent text. In contrast to
the uni-directional attention flow in ARLM, the
attention flow of MLM is bi-directional, and thus if
we directly use MLM as decoder, the prediction of
tokens in the response will also attend to (i.e., have
the context of) future tokens; this could potentially
lead to exposure bias (Schmidt, 2019). Inspired by
recent text-to-text LMs such as T5 (Raffel et al.,
2020) and BART (Lewis et al., 2019), for MLM
decoder, we modify the original bi-directional at-
tention mask to make it uni-directional.

We experiment with two encoder-decoder mod-
els built on MLM and ARLM: 1) BERT-to-BERT:
using bi-directional BERT as both encoder and
decoder, but forcing the decoder BERT to attend
to past context with uni-directional mask, and 2)
GPT2-to-GPT2: using uni-directional GPT-2 as
both encoder and decoder.

3 Experimental Setup

Dataset. For all the experiments, we use the Mo-
jiTalk (Zhou and Wang, 2018) dataset, a large Twit-
ter conversation corpus (N ≈ 700k) of responses
that each contain one or more of 64 popular emojis.
Following the original paper, we split the corpus
into training, validation, and test sets of 596,959,
32,600, and 32,600 conversation pairs, respectively.
We fine-tune the two LM-based encoder-decoder
models on this dataset and generate responses given
contexts and all possible emotions using top-k ran-
dom decoding (Fan et al., 2018) on a machine with
four RTX 2080 GPUs 2.

Models. We evaluate three models in total.
We take the Reinforced Conditional Variational
AutoEncoders (R-CVAE) model from Zhou and
Wang (2018) as Baseline (current best-performing
model on 64-emoji controlled response generation),
Mod-LN MLM: BERT-to-BERT (large, uncased)
+ Mod-LN, and Mod-LN ARLM: GPT2-to-GPT2
(large) + Mod-LN.

2We choose k = 10 for a balance of generation diversity
and readability through empirical observation.

Model Emoji Acc (%)

Hits@1 Hits@3 Hits@5

Baseline: R-CVAE
w/. 10% train data 13.4 27.1 33.6
w/. 100% train data 26.2 44.2 53.4

Mod-LN MLM
w/. 10% train data 20.5 47.4 59.1
w/. 100% train data 33.6 56.8 72.2

Mod-LN ARLM
w/. 10% train data 27.9 43.4 64.1
w/. 100% train data 34.4 60.3 82.5

Table 1: Accuracy of emotional response judged by
DeepMoji on classifying emotions in responses gen-
erated by R-CVAE, MLM (BERT) with Mod-LN, and
ARLM (GPT-2) with Mod-LN.

4 Evaluation

Good emotional responses should accurately reflect
the intended emotion, be diverse, and have coherent
language. We thus evaluate three aspects of gener-
ated responses: emotion control (§4.1), response
diversity (§4.2), and coherence and fluency (§4.3).
We also use Amazon Mechanical Turk (MTurk) to
run a manual evaluation of emotion control and
readability in generated responses (§4.4).

4.1 Emotion Control

First, we evaluate whether intended emotions were
reflected in the responses generated by various
models. We choose DeepMoji (Felbo et al., 2017)3

as the judgment classifier. DeepMoji was trained
on a large-scale emoji dataset containing 1,246 mil-
lion tweets and 64 distinct emojis, and as far as
we know, is state-of-the-art for 64-emoji classifica-
tion tasks. Since the meanings of different emojis
can overlap with subtle differences, we compute
Hits@k (k = {1, 3, 5}) classification accuracy (Gao
et al., 2020) to describe the performance of mod-
els in different criteria. As shown in Table 1, our
proposed models outperform R-CVAE with a large
margin. Of note, LM-based models reveal more
robust performance in extreme data scarcity cases:
our models achieve comparable performance with
R-CVAE even when using only 10% of the training
data. Between BERT and GPT-2, GPT-2 shows
superior performance, partially because its weights
are from auto-regressive pre-training.

3We chose the official implementation by huggingface:
https://github.com/huggingface/torchMoji.
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Model TTR-1 TTR-2 Avg. len %stop

Human Reference 0.059 0.43 11.7 50.4

Baseline: R-CVAE
w/. 10% train data 0.034 0.24 8.6 60.1
w/. 100% train data 0.051 0.33 9.2 59.3

Mod-LN MLM
w/. 10% train data 0.054 0.43 18.2 49.3
w/. 100% train data 0.059 0.39 14.3 49.2

Mod-LN ARLM
w/. 10% train data 0.056 0.38 15.9 48.7
w/. 100% train data 0.057 0.40 12.5 48.5

Table 2: Lexical diversity of generated responses from
various models. TTR-1/TTR-2: unigram/bigram type-
token ratio; Avg. len: average number of tokens in
generated responses; %stop: average percent of stop
words among all tokens in the generated responses.

4.2 Generation Diversity

As shown in Table 2, we evaluate the diversity
of responses generated by each model in terms
of unigram and bigram type-token ratios, average
length, and percent of stop words in generated re-
sponses, with values for the human-generated re-
sponses shown for reference. As measured by the
type-token ratio for both uni- and bi-grams, our
proposed models generate more diverse responses.
In addition, compared with the R-CVAE, the re-
sponses generated by our models are longer and use
fewer stop words. The advance can be attributed to
the using of large-scale language models as base
models.

4.3 Fluency and Coherence

Moreover, we evaluate the fluency and coher-
ence of machine-generated text. For fluency, we
trained a standalone language model on the human-
generated responses using KenLM (Heafield, 2011)
to measure the perplexity of generated texts. To
evaluate coherence between the context and the
generated responses, we compute the similarity
between the generated text and human-generated
responses using BERTScore (Zhang et al., 2019b),
with the human-generated responses as refer-
ence. We configure the BERTScore using 24-layer
RoBERTa-large (Liu et al., 2019) as for English
tasks. Table 3 shows these results. For perplexity
and BERTScore, our Mod-LN models outperform
the R-CVAE in both 10% and 100% training data
cases.

Model (vs Ref.) PPL BERTScore (%)

Precision Recall F1

Baseline: R-CVAE
w/. 10% train data 121.18 74.9 83.0 76.7
w/. 100% train data 92.64 80.8 80.8 80.8

Mod-LN MLM
w/. 10% train data 79.24 78.4 80.1 78.8
w/. 100% train data 50.72 82.9 84.1 83.5

Mod-LN ARLM
w/. 10% train data 51.55 83.7 80.7 83.2
w/. 100% train data 36.31 84.7 86.2 85.4

Table 3: Fluency as measured by perplexity (PPL) and
coherence as measured by BERTScore of generated re-
sponses from various models. Ref.: Human-generated
responses.

4.4 Human Evaluation

In total 120 MTurk participants manually evaluated
the emotion control and readability of responses
from our proposed models and the original human-
generated reference data. The average age of par-
ticipants was 38.40 years-old (SD = 12.26, Me-
dian=34.50). More than half (65.8%) of partici-
pants were male, and 34.2% were female. The
average completion time of each survey was 4.53
minutes. Participants were paid $1 per survey, aver-
aging to more than $13 per hour wage for each
participant, significantly above the U.S. federal
minimum wage.

Procedure Each participant was assigned to read
five randomly selected context-response pairs with-
out being informed of the sources of the responses.
They were asked to rate 1) emotion control: “How
well the emotion conveyed in the response agrees
with the specified emoji? (1-very well to 7-not at
all)”, and 2) readability: “Please rate the readabil-
ity of the response on a 7-point scale. (1-very low
to 7-very high)”. The readability measure included
five items adapted from a previous study (Graefe
et al., 2018), specifically, well-written, concise,
comprehensive, coherent, and clear. Since the five
measures had very high agreement (Cronbach’s4 α
= .91), we average the five measures into one as a
general readability index.

Results The participant’s averaged ratings (µ)
and Standard Errors (SE) are reported in Table 4.

4Cronbach’s alpha is a measure of internal consistency
between sets of items.

4335



Response Source Annotator Ratings: µ (SE)

EMO CTRL. READABILITY

Human Reference 5.62 (0.10) 5.34 (0.10)

Baseline: R-CVAE 4.80 (0.10) 4.67 (0.10)

Mod-LN MLM 5.43 (0.10) 5.20 (0.10)

Ablation: Vanilla GPT-2 4.98 (0.10) 4.64 (0.10)
Mod-LN ARLM 5.40 (0.10) 5.32 (0.10)

Table 4: Humans manually evaluated the emotional
control and readability of responses from the original
data (human reference), Baseline and proposed models
on a 7-point scale (1: low quality, 7: high quality). We
also take the generative LM: vanilla GPT-2, as the abla-
tion reference.

As shown in the table, the standard error of the
mean among all annotators is .10, which is very
low for a 7-point scale, indicating large agreement
between annotators. Responses generated by Mod-
LN MLM (BERT), Mod-LN ARLM (GPT-2), and
the human-generated references had no statistically
significant differences in emotion control and read-
ability. All were rated significantly higher than
plain GPT-2 and R-CVAE in both emotion control
and readability (p < .001 for one-way repeated
measures ANOVA). We also conducted pairwise
multiple comparisons in our analysis as post-hoc
analysis. In terms of emotion control, both of our
two proposed models and original reference data
were rated significantly better than vanilla GPT-
2 (p < .007). For readability, both our models,
vanilla GPT-2, and original reference data were
rated significantly more readable than R-CVAE
(p < .001).

5 Related Work

Emotional Text Generation. VAE-based models
(Park et al., 2018; Shen et al., 2017; Zhao et al.,
2017; Serban et al., 2017), adversarial networks
(Kong et al., 2019; Li et al., 2017; Yu et al., 2017)
and reinforcement learning systems (Li et al., 2019,
2016b) have dominated sentiment-aware dialogue
models. Other methods have been developed using
LSTM (Song et al., 2019) and GRU (Wei et al.,
2019; Zhou et al., 2018). All these methods, how-
ever, are built on relatively coarse emotion types,
partially due to the limited modeling ability of
RNNs. Our model outperforms current state-of-
the-art R-CVAE (Zhou and Wang, 2018) in the
same 64-emoji settings.

Modulated Normalization. Though not common
in NLP, modulated normalization has been pre-
viously used in computer vision. In addition to
work mentioned in the introduction (De Vries et al.,
2017), adversarial networks such as CGAN (Miy-
ato and Koyama, 2018), self-attention GAN (Zhang
et al., 2019a) and Style GAN (Karras et al., 2019)
have used modulated normalization to inject exter-
nal signal into their models. In NLP, previous stud-
ies have tried to modulate normalization for classifi-
cation tasks (Houlsby et al., 2019) and multilingual
machine translation (Bapna and Firat, 2019), how-
ever, both these methods require architecture-level
modifications. Our method, on the other hand, is
plug-and-play, requiring minimal modifications to
the architecture and thus easier to deploy for a di-
verse set of applications.

6 Conclusions

We have proposed a modulated layer normalization
approach to generating responses of varying speci-
fied emotions. Our approach allows us to leverage
large pre-trained models, while remaining simple
and easily-extendable. In empirical experiments,
our approach substantially outperforms prior work
and achieves comparable results using only 10%
of the available training data, all while maintaining
diversity, fluency, and coherence.
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Abstract

As a language model that integrates traditional
symbolic operations and flexible neural repre-
sentations, recurrent neural network grammars
(RNNGs) have attracted great attention from
both scientific and engineering perspectives.
However, RNNGs are known to be harder to
scale due to the difficulty of batched training.
In this paper, we propose effective batching for
RNNGs, where every operation is computed in
parallel with tensors across multiple sentences.
Our PyTorch implementation effectively em-
ploys a GPU and achieves x6 speedup com-
pared to the existing C++ DyNet implemen-
tation with model-independent auto-batching.
Moreover, our batched RNNG also acceler-
ates inference and achieves x20-150 speedup
for beam search depending on beam sizes.
Finally, we evaluate syntactic generalization
performance of the scaled RNNG against the
LSTM baseline, based on the large training
data of 100M tokens from English Wikipedia
and the broad-coverage targeted syntactic eval-
uation benchmark.1

1 Introduction

Neural language models have an excellent word
prediction ability, which motivates researchers to
develop several analysis methods for fine-grained
evaluation, aiming at understanding which linguis-
tic abilities the models have acquired during train-
ing (Linzen et al., 2016; Wilcox et al., 2018; Mar-
vin and Linzen, 2018; Warstadt et al., 2020). So
far, many efforts have been made on the evalua-
tion of syntactic performance of models, including
the abilities to resolve distant subject-verb num-
ber agreement in English. Since neural language
models are the foundation of contemporary NLP
systems, building a language model having robust
sentence processing abilities like humans is an

1Our RNNG implementation is available at
https://github.com/aistairc/rnng-pytorch/.

important goal, especially toward a system with
human-like syntactic generalization abilities, not
relying on the data-specific superficial cues found
in the training data (McCoy et al., 2019; Linzen,
2020).

Past work has revealed that while sequential and
unstructured models, such as LSTM and Trans-
former language models (Hochreiter and Schmid-
huber, 1997; Vaswani et al., 2017), can induce sev-
eral interesting syntactic behaviors, there is also
a notable advantage in explicitly modeling syntax
with specific architectures (Kuncoro et al., 2018;
Wilcox et al., 2019; Hu et al., 2020). The repre-
sentative of such models is the recurrent neural
network grammars (RNNGs; Dyer et al., 2016),
the top-down, left-to-right generative models of a
parse tree and sentence.

While these results may suggest that RNNGs
are a better modeling choice for language, unfor-
tunately, they have a practical drawback in terms
of scalability, due to their structure-sensitive com-
putation mechanism (Kuncoro et al., 2019). Since
the computational graphs of RNNGs depend on the
tree structures of the sentences, training cannot be
mini-batched easily. This is in contrast to LSTMs
and Transformers, for which token-wise operations
can be batched across sentences, allowing efficient
computation on GPUs, which is the key to the data
scalability. Although RNNGs are claimed to be a
fascinating language model, in practice, they still
do not replace the unstructured, computationally
favorable models like LSTMs.

In this paper, we directly address the data scala-
bility issue of RNNGs by showing that most com-
putations during training can be batched across
sentences. At the computational core of RNNGs
is stack LSTMs (Dyer et al., 2015). In past work,
Ding and Koehn (2019) have already shown that
stack LSTM update operations can be reduced to a
tensor operation by implementing the stack as a sin-
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gle tensor with predefined maximum stack depth.
Our work is built on this idea but with a few ad-
ditional techniques to bridge the gap between the
simple stack LSTMs and RNNGs. Importantly, we
devise the efficient batching method for composi-
tion operations on the arbitrary number of stack
items, which is unsolved in previous work.

The existing RNNG implementation is based on
DyNet that supports the mechanism called Auto-
batch (Neubig et al., 2017), which automatically
finds mini-batch units from the independent com-
putational graphs over multiple sentences with lazy
computation. While this mechanism is model-
independent and allows intuitive implementation,
the utility of this method rapidly plateaus as we
increase the batch size. On the other hand, our
present method allows effective parallel computa-
tion, increasing the training speed almost linearly
as we increase the batch size.

In addition to this new batching mechanism for
improved scalability, we also provide a new analy-
sis on the role of the strong syntactic inductive bias
for models that can access the larger amount of data.
For syntactic generalization abilities, while Hu et al.
(2020) suggest that the model inductive bias plays
a more important role than data scale, they also
report that LSTMs or Transformers such as the off-
the-shelf large-scale models (e.g., GPT-2 or JRNN)
perform much better than their scale-controlled
LSTMs. Does an RNNG, which already works
relatively well on a modest amount of data, still
benefit from the data scale to further strengthen its
syntactic ability? We train a new RNNG on about
100M tokens in Wikipedia and evaluate its syntactic
performance on SyntaxGym test circuits (Gauthier
et al., 2020), finding that the data scale generally
brings further performance gains, while the model
tends to lose some heuristics on surface patterns
that LSTMs seem to find. Our result suggests that
RNNGs’ reliance on structures will be strength-
ened with more data, motivating future research on
developing better syntactic representation itself as
supervision to structured language models.

A related approach to our work is adding the syn-
tactic bias into sequential language models, such
as LSTMs, with knowledge distillation from RN-
NGs (Kuncoro et al., 2019, 2020). While motiva-
tions are similar, we provide a rather direct solution
to resolve the scalability issue of RNNGs, opening
up a new possibility of directly using them as an
alternative to LSTMs.

From another perspective, our work can be com-
plementary to this work, because knowledge dis-
tillation requires a teacher RNNG model, which
itself is costly to obtain. For example, Kuncoro
et al. (2020) trained an RNNG on a relatively large
dataset of 3.6M sentences, which is approximately
similar to the training data we use. While the de-
tail is missing, they report that training takes three
weeks on a GPU. On the other hand, our models
get almost converged in three days. This direct
improvement in training time greatly expands the
applicability of RNNGs including a teacher of se-
quential models, and more direct use in computa-
tional psycholinguistics (Hu et al., 2020) and NLP
applications such as syntactic neural machine trans-
lation (Eriguchi et al., 2017).

2 Preliminaries

2.1 Recurrent neural network grammars
RNNGs are joint generative models of a sentence
and constituency tree. While RNN language mod-
els assign a next token probability, RNNGs assign
a probability to next action, by which the parse
state (stack LSTM) changes dynamically. In this
work, we focus on the stack-only RNNG (Kuncoro
et al., 2017), which has some resemblance to RNNs
in that a single state vector ht defines next action
probability at:

at ∼ softmax(WaMLP(ht) + ba)

At each step, ht is obtained from the top ele-
ment of stack LSTM, which preserves intermediate
LSTM states up to ht. As a preparation for our
batched RNNGs (Section 3), we try to formalize
how this stack LSTM states change with each ac-
tion. An RNNG internally preserves two different
stacks: Sh and Se. Sh is a stack LSTM, keeping
the LSTM hidden states h0 · · ·ht.2 Se keeps stack
elements, each of which is a word embedding ew,
an open nonterminal embedding ex, or a closed
constituent embedding ec obtained by REDUCE
action.

At each step, the number of candidate actions is
|N | + 2 given the set of nonterminal symbols N .
Each action changes Sh and Se as follows:

• NT(x): Push open nonterminal embedding ex
onto Se, getting a new LSTM state by hnew =
LSTM(top(Sh), ex), and then push hnew onto

2Precisely, we also have to keep LSTM cell states. We
omit this part for brevity.

4341



Sh. This action corresponds to generating an
open nonterminal, e.g, “(VP” (when x=VP),
which will be closed later.

• GEN: First, generate a next token by sampling
from w ∼ softmax(WwMLP(ht) + bw).
Then, as in NT, push ew onto Se, getting a new
LSTM state hnew = LSTM(top(Sh), ew),
and push hnew onto Sh.

• REDUCE: First, repeatedly pop from Se k-
times until we find ex, an open nontermi-
nal embedding. Letting et−k = ex, then,
apply a composition function, which is BiL-
STM (Dyer et al., 2016) by default, to obtain
a composed phrase representation ec:

ec = BiLSTM([et−k, · · · , et]).

ec is then pushed onto Se. To synchro-
nize two stacks, we also pop k-times from
Sh and update the LSTM state by hnew =
LSTM(top(Sh), ec), pushing it onto Sh.

By declaring the operations as above, we notice
that the main reasons to prevent mini-batching are
twofold: (1) the stacks have variable length, which
varies at each step for each sentence; and more
crucially, (2) internal operations in an action, espe-
cially in REDUCE and others, are largely different.

As we describe next, the issue regarding (1) has
been largely solved in previous work. For (2), our
strategy is essentially not joining different action
types, but trying to improve the efficiency of each
action as much as possible after grouping by action
types. We find that in practice this strategy works
quite well (Section 5.2), allowing models to benefit
from a large batch size effectively.

2.2 Batched stack LSTMs
Ding and Koehn (2019) propose a sentence-level
batched training algorithm for a restricted class of
stack LSTMs designed for unlabeled dependency
parsing without composition operations (Dyer
et al., 2015). More specifically, Ding and Koehn
(2019) deal with the parsing models defined by the
following two operations only:3

• PUSH: Push LSTM(top(Sh), ew) to Sh. ew
is the embedding of the next token.

3A restricted model of an arc-eager system (Nivre, 2004),
which just POPs when LEFT-ARC occurs, can be achieved
with these operations. RIGHT-ARC is modeled by PUSH.
Essentially, this stack LSTM can only models the right spine
of a tree at each step.

• POP: Pop the top element from Sh.

At each step, the next action is either PUSH or
POP for each sentence. This model still suffers
from the problem (1) above. However, they show
that by changing the data structure of stack, next
PUSH and POP across sentences can be performed
in batch. Given B sentences in a batch, let Sih be a
stack for i-th sentence. What we need to do is to
access all top elements of Sih(i ∈ [0, · · · , B − 1])
jointly, and this is possible by summarizing all
stacks into a single stack tensor, denoted by Sh, for
which Sh[i, p] denotes p-th element (LSTM state)
on the stack for i-th sentence.

The core idea behind achieving PUSH and POP
jointly is that we perform LSTM updates for all
stack top elements in a batch, but only proceed
top stack pointers for PUSH batches. Given next
actions a =[PUSH, PUSH, POP, · · · ] of length
B, we get a vector op = [+1,+1,−1, · · · ], de-
noting whether next stack pointer is +1 (PUSH)
or -1 (POP). By keeping stack top pointer vector
ph, each step can be batched as the following two
operations:

Sh[(0,ph[0] + 1) · · · (B − 1,ph[B − 1] + 1)]←
LSTM(Sh[(0,ph[0]) · · · (B − 1,ph[B − 1])],Ew),

ph ← ph + op,

in which Ew is the next token embeddings.
Unfortunately, this batching relies on a strong

assumption about models that one action (PUSH)
involves all operations (LSTM update and pointer
move by op). This is not the case for RNNGs, for
which any action cannot be reduced to a subset of
other actions, necessitating a different strategy.

3 Batched RNNGs

Our batching algorithm for RNNGs is built on the
following two observations:

(a) For all at ∈ {NT,GEN,REDUCE}, the last
step is common and corresponds to PUSH op-
eration for stack LSTM above with newly cre-
ated embeddings {ex, ew, ec}. This final step
can be batched if we get all new embeddings
as a single tensor Enext (with size of (B, |e|)).

(b) Then, the main problem is reduced to getting
Enext efficiently. This is possible by separately
filling Enext for each action, using a few addi-
tional pointer vectors to keep track of a stack
state for each sentence.
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Algorithm 1 One training step for batched RNNG
Input Next action vector at a;

index vector for each action: igen, int, ired

1: Enext ← new tensor of size (B, |ex|)
2: Enext[igen]← word emb(x[(igen,b[igen])])
3: b[igen] = b[igen] + 1 . Move to next word.
4: Enext[int]← nt emb(a[int])
5: pq[int]← pq[int] + 1
6: q[(int,pq[int])]← ph[int] + 1 . Keep new NT depth.
7: pprev nt ← q[(ired,pq[ired])]
8: Ered ← gather children(pprev nt,ph[ired],Se)
9: Enext[ired]← BiLSTM(Ered) . Composition.

10: pq[ired]← pq[ired]− 1 . Forget about reduced nts.
11: ph[ired]← pprev nt − 1
12: ph ← ph + 1
13: Sh[ph]← LSTM(Sh[ph − 1],Enext)
14: Se[ph]← Enext

To obtain Enext, for NT and GEN, we just need
to lookup embeddings for next words and nonter-
minal symbols. We need an additional effort to
obtain multiple ecs at once. Assuming a stack ten-
sor as in Ding and Koehn (2019), we wish to pop
k elements, up to ec, for multiple stacks by a sin-
gle operation. Now the stack top positions can be
accessed by ph (Section 2.2), which will be the
end indices. To obtain the last open nonterminal
positions across a batch, just keeping the last non-
terminal positions is insufficient because there are
multiple open nonterminals in general. The follow-
ing matrix and vector allow this operation:

• q: A matrix of size (B,D) given a predefined
stack depth bound D. q[b, d] denotes the po-
sition of d-th nonterminal on the b-th stack.

• pq: A B-dimensional vector, pointing to the
last index of q (similar to ph for Sh).

For example, by q[(0,pq[0]) · · · (B − 1,pq[B −
1])], we can retrieve all the top open nonterminal
positions in a batch. Note that for each q[b], the
index beyond pq[b] will not be accessed, so we can
signify the remove of top nonterminals just by a
decrement of pq without updating q.

We need a few additional tensors to achieve fully
batched stack tensor operations. Figure 1 shows an
example.

• Sh: A tensor of size (B,D,L,H) when the
stack LSTM has L layers with H hidden di-
mensions. The core of batched stack LSTMs.

• Se: A tensor of size (B,D, |e|), correspond-
ing to Se in non-batched models (Section 2.1).

• b: A B-dimensional vector, keeping the next
token index in the sentence.

Stack Next action
|0 (S |1 So |2 (NP it ) |3 (VP
|0 (S |1 (NP he ) |2 (VP |3 said
|0 (S |1 (NP |2 (NP |3 A |4 branch |5 )

b = [1, 1, 2]

ph = [3, 3, 5]

pq = [0, 1, 2]

q =




1 3 0 · · ·
1 3 0 · · ·
1 2 3 · · ·




Figure 1: Example batched stack configuration. x|d
means that x is at depth d. For example, “(NP it)” in
the first sentence is closed so constitutes a single item
on the stack. pq points to the top positions of q, which
are underlined.

• ph: A B-dimensional vector, pointing to the
top elements of Sh.

Full algorithm Algorithm 1 describes operations
in each step given next actions a. Action index
vector ia, keeps the indices of action a in a; in Fig-
ure 1, igen = [1] and int = [0]. The operations are
mainly categorized into filling Enext for each action
(in red), pointer updates according to action defini-
tions (3, 5, 6, 10, 12), and finally stack updates (13,
14), corresponding to the observed common opera-
tions (a).4 gather children is a function that returns
a tensor summarizing reduced children node em-
beddings. Since the number of reduced children
differs across batch, we implement this to return a
padded tensor, using gather function in PyTorch.

Deviated from Ding and Koehn (2019), we sep-
arately perform each action, as indicated by the
use of ia. This can be seen as a deficiency of our
algorithm; however, this separation is necessary be-
yond very simple models, which are practically less
attractive. Rather, our strategy can be applied to
broader classes of structured neural models, includ-
ing dependency parsing with composition, and we
believe that our empirical success (Section 5) en-
courages further exploration of the presented strat-
egy to various models.

How to set D? As in Ding and Koehn (2019),
we need to specify the stack depth bound D for
each batch. Increasing this value incurs more GPU
memory. For training, we can precompute the min-
imum value of each sentence by simulating oracle
transitions beforehand and use it. For inference, we
fix D = 100, since we find that even for very long

4By A[(x,y)] for vectors x and y, both with length l, we
mean A[(x[0], y[0]) · · · (x[l− 1], y[l− 1])], corresponding to
advanced indexing in PyTorch. We regard that Sh[0] is fixed
by initial hidden vectors while Se[0] is kept empty. ph[b] = 0
means that b-th stack is empty.
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sentences (more than 150 words), the stack depth
will never exceed 80 for English sentences.

A note on extra memory with stack tensors At
first sight, our approach seems to suffer from the
limitation in scalability due to fixed stack tensors
(Sh and Se). The sizes of these tensors grow by
model size, implying that we may not be able to
employ a large batch size for a large model. In
practice, however, this extra memory will not be a
bottleneck in the total memory for training. This
is because the main cause of required memory dur-
ing training is rather a computational graph itself,
which keeps all intermediate hidden states at each
step. Our stack tensors can be seen as a “storage”
to allow computing these intermediate values effec-
tively with tensor operations. The extra memory
for this storage is smaller than the total memory in
a computational graph because the former depends
on D while the latter depends on the total action
length A, and D � A in general.5

4 Other Improvements

Batched beam search For inference as a lan-
guage model or as an incremental parser, RN-
NGs typically employ word-synchronous beam
search (Stern et al., 2017; Hale et al., 2018), which
is although known to be very slow (Crabbé et al.,
2019) because it often requires large beam sizes,
such as 100 or 1000, and operations are not batched.
As a by-product of our batched training, we suc-
ceed at implementing fully batched beam search
for RNNGs, excluding any for loops, by which we
drastically improve the search speed (Section 5.3).
This is possible by adding the “beam” dimension
to all state tensors (Sh, q, etc.).

Subwords Given an increased amount of train-
ing data, the vocabulary size naturally increases.
To suppress this effect, using subwords (Sennrich
et al., 2016) now becomes a standard technique.
We thus incorporate subword modeling into our

5Our preliminary experiment suggests that our RNNG im-
plementation can be scaled at least comparable model and
data sizes to ELMo (Peters et al., 2018), a large-scale LSTM-
based model, given a similar amount of computing resources.
We examine the maximum allowable batch size for a model
with 1,256 hidden dimensions, amounting to 94M parameters,
which are comparable to ELMo (93M), and find that the batch
size can be increased to 256, with the maximum action size
in a batch of 16,000 (see Section 5.1) on a single V100 GPU
(16GB). Transformer-level scalability (Devlin et al., 2019)
would still be infeasible because of the RNNG’s limited par-
alellism that is only on sentence-level, not token-level as in
Transformers.

RNNGs and employ it for our largest experiment
in Section 6. Kuncoro et al. (2020) recently incor-
porate subwords in RNNGs, in which, each word
is regarded as a new constituent with WORD label,
e.g., (WORD cu| r| ry). This means that models al-
ways need to perform additional NT(WORD) and
REDUCE for each token, even for unsegmented
ones, e.g., (WORD I), greatly increasing the aver-
age action sequence length, which in turn affect the
training time. In this work, we model subwords by
a simpler method of just segmenting each token.
For example, an NP looks like (NP Th| ai cu| r| ry).
While Kuncoro et al. (2020) note that this simple
modeling is less effective, our experiments suggest
that this is a good enough strategy, considering
the added computational costs with NT(WORD)
actions.6

5 Evaluating Efficiency of Batching

The main focus of this section is a comparative
evaluation of our PyTorch RNNG implementation
with the existing DyNet implementation.7 We show
that: (1) with a large batch size training speed dras-
tically improves, and models will tend to find better
parameters (Section 5.2); and (2) our batched beam
search hugely speeds up inference (Section 5.3).

5.1 Setting
While Penn Treebank (PTB; Marcus et al., 1993)
has often been used to train RNNGs (Wilcox et al.,
2019, 2020), it is too small and here we use a larger
dataset of BLLIP corpus (Charniak et al., 2000), ex-
pecting that the effects of large batch size become
clearer by this modestly sized dataset.

Preprocessing For preprocessing, we largely fol-
low Hu et al. (2020), which also train an RNNG on
this dataset. We partition the data according to their
LG size, the largest training setting, amounting to
42 million tokens for training and 1,500 sentences
for development. One difference we make is the
handling of unknown tokens. We limit the vocabu-
lary by the top frequent 50,000 word types in the
training data. Hu et al. (2020) use all word types

6We provide a pilot study about this method in Appendix B.
Using BLLIP corpus and Penn Treebank, we explore the re-
lationship between a suitable number of subword units and
model sizes. The main result is that large subword units are
effective for larger models, and also subword modeling almost
always improves parsing accuracy.

7https://github.com/cpllab/rnng-incremental. This imple-
mentation supports word-synchronous beam search. For the
training part, this is not implemented to use DyNet Autobatch
so we modified it to enable that.
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Figure 2: Training speed comparison (number of pro-
cessed sentences / sec.) when increasing batch sizes to
[1, 2, 4, · · · , 512]. Shade denotes standard deviation.

that appear at least twice; however, this method
vastly increases the vocabulary size and hence the
model size. Unknown tokens are created in the
same way with the Berkeley parser’s surface fea-
ture rule (Petrov et al., 2006). The way to annotate
parse trees is the same as well; we run Berkeley
neural parser (Kitaev et al., 2019), a state-of-the-art
constituency parser to assign accurate parses.

Model size and parameters We experiment
with the most common model size of RNNG in the
literature: 256 dimensions for input and LSTM hid-
den dimensions, with 2 layer LSTMs (Dyer et al.,
2016; Hu et al., 2020). The total number of pa-
rameters is about 15M. The hyperparameters are
summarized in Appendix A.

Other settings We employ some additional tech-
niques to improve the efficiency of our batching
mechanism. First, before training, we group sen-
tences by their number of gold actions so that ex-
amples in each mini-batch have similar numbers of
actions. Specifically, we first sort the sentences by
action lengths, divide by every 4096 sentences, and
then sample each batch from a single group.

Second, we predefine the maximum value for
the total number of actions across sentences in a
batch, which we set to 26,000. This is inspired by
a similar mechanism in fairseq (Ott et al., 2019) for
the maximum number of tokens. Using this means
that the number of sentences in a batch will be
adjusted to be smaller than the batch size when the
action sequences (or sentences) are long, allowing
us to interpret given batch size as the maximum
that is fully exploited only for shorter sentences,
which are in practice dominant in the data.8

8To reduce the memory further, we also employ mixed-
precision training in PyTorch. Inference is performed with
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Figure 3: Training wall clock time vs. total validation
loss for different batch sizes. X-value of i-th point is
an averaged duration time to i-th validation step across
three random seeds. Shade denotes standard deviation.

Every experiment is run on a single V100 GPU
with 16GB memory. Unless otherwise noted, we
perform every experiment three times with differ-
ent random seeds, reporting an average score with
standard deviation.

5.2 Effects of batch sizes

Although our batched training involves action-
specific operations (Section 3), to our surprise,
the efficiency improvement for our RNNG with
large batch sizes is almost linear up to 256 (Fig-
ure 2). The improvement is narrow at 512, though
this is mainly due to the restriction of the maxi-
mum number of actions in a batch (Section 5.1),
which reduces the actual batch size for longer in-
puts. DyNet’s Autobatch is quite effective up to 16,
running much faster than ours due to the speed of
C++, but further improvement is not obtained prob-
ably because of the increased overhead of finding
mini-batch units themselves from a large computa-
tional graph.

Though this result clearly demonstrates the effi-
ciency of our batching mechanism, it is only mean-
ingful when the large batch size in fact leads to
a faster model convergence. This is the case, as
shown in Figure 3, where we compare the total
validation losses as a function of actual wall clock
time during training. The loss is calculated every
1000 batches. The model with batch size 512 con-
verges fastest, and importantly, to better parameters.
This result suggests that we can safely benefit from
large batch size as long as memory permits. In the
following experiments, we fix the batch size to 512.

half-precision (fp16). We find that this does not change the
results of beam search at all.
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5.3 Beam search speed improvement

As we discuss in Section 4, we have also improved
the efficiency of word-synchronous beam search,
a standard technique to calculate incremental pre-
fix probabilities (Hale, 2001) and a parse tree for
RNNGs. Now, we evaluate the impact of this im-
provement. For PyTorch, we run it on V100 GPU;
for DyNet, we find that it runs faster on CPUs so
we instead use CPUs (Intel Xeon 6148, 20 cores
x2), with Intel MKL. DyNet beam search is still too
slow with this environment so we limit the number
of tested sentences to 300 from the BLLIP develop-
ment set. For PyTorch, we try two different batch
sizes {1, 10}, with a restriction on the number of
tokens in a batch, similarly to the total action size
in training (Section 5.1). We fix this value to 250,
with which the model can safely parse with the
largest beam size of 1000.

Word-synchronous beam search employs two
types of beam widths, action beam size (k) and
word beam size (kw), along with fast-tracked can-
didate size, denoted as ks (see Stern et al. 2017).
k is most akin to the standard beam size. Table 1
summarizes the results when increasing k (others
are in the caption). The beam search of DyNet be-
comes prohibitively slow when k ≥ 50. Strikingly,
the increase in average runtime is more than linear
against the beam size, especially for 10→50 and
50→100. The time increases, 0.5→11.3 (x22.6)
and 11.3→48.6 (x4.3) are roughly quadratic to the
increase of k (x5 and x2). This result is reasonable
because in addition to the complexity of each step,
which depends on k, the length of searched action
sequence could also linearly grow by k.9 The naı̈ve
DyNet implementation directly suffers from this
computational cost.

Our batched beam search largely resolves this
issue and now the average runtime only gradually
increases by k. We note that as a parser or a lan-
guage model, this speed is still not very fast, con-
sidering that this is on a GPU.10 For the research
purpose, including psycholinguistic assessments as

9For a sentence of length N , the runtime of beam search is
O(k ×N ×Mw), where Mw denotes the maximum number
of actions between two tokens (until choosing next SHIFT).
The expected number of actions between two tokens (bound
by Mw) grows by k because at each step, with a large k the
chance that non-shift beam items remain in the next beam
increases; hence, the runtime becomes quadratic to k in the
worst case. We conjecture that this inefficiency is bounded at
some k (see k = 200), though is severe for smaller ks.

10For smaller k, we can increase the batch size and the
maximum number of tokens in a batch to further speedup.

Action beam size k 10 50 100 200 400 1000

DyNet 0.5 11.3 48.6 100.6 201.3 NA
PyTorch (B=1) 1.7 2.1 2.3 2.5 2.9 4.1
PyTorch (B=10) 0.4 0.5 0.7 0.9 1.3 2.8

Table 1: Word-synchronous beam search speed (aver-
age seconds per sentence) comparison on the first 300
sentences in BLLIP development set. B denotes the
batch size. Word beam sizes (kw) / fast track sizes (ks)
are 10/1, 10/1, 10/1, 20/2, 40/4, and 100/10, respec-
tively.

done in Section 6, however, this improvement is
significant, making experiments much easier even
with large beam sizes. We still need to work on
improving efficiency further, possibly by modify-
ing learning methods to replace word-synchronous
search (Stanojević and Steedman, 2020).

6 Syntactic Generalization Ability of
Scaled RNNG

Finally, we evaluate the syntactic generalization
abilities of the scaled RNNG. For this purpose, we
adopt the test circuits used in Hu et al. (2020) via
SyntaxGym (Gauthier et al., 2020). Here, a test
circuit is a collection of test suites; e.g., “Long-
Distance Dependencies” circuit contains a suite
on a specific type of “filler-gap dependencies” as
well as a suite on (pseudo) “cleft”. For each exam-
ple in a suite, a model succeeds if it can assign a
higher likelihood on a grammatically critical po-
sition in the correct sentence. For example, given
“The farmer near the clerks knows/*know many
people.” in the “Agreement” circuit, a model is cor-
rect if it assigns p(knows|h) > p(know|h). Note
that for subword models the total likelihoods on
subwords (not averaged) are compared.

In the previous literature, Hu et al. (2020) trained
an RNNG on BLLIP (42M tokens). Here, we train
subword RNNGs on 100M tokens from English
Wikipedia, to which we assign parse trees with
Berkeley neural parser. The model size is 35M
with 30k subword units, following the experiment
in Appendix B, which assesses the suitable num-
ber of subword units for different model sizes. We
train this RNNG for three days (with three different
seeds), and at inference fix the beam size k to 100
(kw = 10, ks = 1). We also train an RNNG with
the subset of this data (42M tokens) to separate
the effects of data size. Our LSTM baseline is the
one used in Noji and Takamura (2020), which is
basically an AWD-LSTM-LM (Merity et al., 2018)
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Figure 4: Circuit-level accuracies on SyntaxGym. For each circuit, suite-level accuracies are averaged across
different test suites and random seeds to compute “Syntactic generalization score” of each model. Note that
RNNG (H20) is a model trained on BLLIP (about 40M tokens) in Hu et al. (2020) but diverged from their results,
because their suite-level accuracies are averaged across different models trained on various data sizes.

extended to be sentence-level and, on the Marvin
and Linzen (2018) benchmark, shown to work bet-
ter than GRNN (Gulordava et al., 2018), one of the
models used in Hu et al. (2020).11

The main result on circuit-level accuracies is
summarized in Figure 4. On the effects of the data
scale, we observe a consistent improvement from
“RNNG (42M wiki)“ to “RNNG (100M wiki)”.
This result suggests that this amount of increase
in training data is still beneficial for structural lan-
guage models to strengthen their syntactic gener-
alization ability. For some circuits, only RNNG
(100M) outperforms GPT-2 (Radford et al., 2019)
on average (“Agreement” and “Licensing”).

Comparing LSTM (100M) and RNNG (100M),
RNNG generally outperforms LSTM, but with an
exception on “Long-Distance Dependencies”. In
order to inspect this, we break down this circuit into
suites, (Figure 5), finding that this deficiency of
RNNG is due to its poor performance on (pseudo)
“cleft”, including the following example:

(1) a. What he did was prepare the meal .

b. *What he ate was prepare the meal .

On underlined tokens, models should assign a
higher likelihood for (1a). Our LSTM performs
nearly perfectly on these cases while our RNNGs
perform badly. We conjecture that given more data
and/or parameters, RNNGs will tend to strengthen

11Our LSTM implementation is available at
https://github.com/aistairc/lm syntax negative. We train this
LSTM on our subword-segmented Wikipedia (30k units). The
model size is adjusted so that the total number of parameters
becomes 35M, the same size as our RNNGs (3 layer LSTMs
with 1150 hidden and 450 input dimensions).
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Figure 5: Suite-level accuracies on the “Long-Distance
Dependencies” circuit. fgd-* is averaged across differ-
ent test suites of filler-gap dependencies.

their commitment to provided syntactic supervi-
sion, and hence may lose some lexical heuristics
which LSTMs can exploit from surface patterns
(e.g., an association of did→ prepare). In fact, the
ability of LSTM on cleft is rather brittle, as shown
in a huge drop on “cleft modifier”, which include
cleft constructions with intervening modifiers.

To rigorously handle these cases, models should
notice that (1b) is a free relative clause and do not
have an antecedent. However, the currently em-
ployed PTB annotation, which is limited to local
structures, does not provide a distinction between
these clause types, analyzing both as “(SBAR
(WHNP What) (S (NP he) (VP did/ate)))”, which
our RNNGs predict correctly. We also notice that
Hu et al. (2020)’s RNNG (H20) performs rather
similarly to our LSTM, while our RNNG (42M),
trained on the comparable size of data to H20, is
more similar to our RNNG (100M), suggesting that
RNNG’s poor performance on cleft is not just due
to the data scale. One possible explanation of the
discrepancy between H20 and our 42M RNNG is
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that our RNNG might be better optimized thanks
to improved training, or due to the sizes of hidden
layers (256 for H20 and 656 for ours).

This problem poses a new interesting challenge.
While RNNGs have been compared to LSTMs sev-
eral times, the provided syntactic structures are
fixed and effects of different annotations (formal-
ism, quantity, etc.) are not explored. For such
investigation, the training cost of RNNGs has been
a practical burden, but that problem largely goes
away with the current study. We expect that our
new implementation and batching strategy provide
fruitful future research opportunities on structured
neural language models.

7 Conclusion

A large computational cost of training structured
neural language models was a main practical bur-
den for employing these models in applications and
analyses. With special focus on RNNGs, we have
provided a direct solution to this problem by show-
ing that batched effective training is in fact possible.
On the large scale experiments with SyntaxGym
test circuits, we found that the data quantity further
strengthens the syntactic generalization abilities
of RNNGs, while the annotation quality or quan-
tity will also be of practical importance towards a
language model with human-like strong syntactic
performance.
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A Hyperparameters

We use the defualt parameter setting for the DyNet
implementation. For our implementation, we use
Adam optimizer (Kingma and Ba, 2015), which is
found to be superior, while SGD has been used for
DyNet implementation (Dyer et al., 2016; Wilcox
et al., 2019). We set the learning rate and dropout
rate to 0.001 and 0.1, respectively, which we find
achieve lower validation loss robustly across differ-
ent batch sizes.

B Effect of Number of Subword Units

We perform an experiment to understand the behav-
iors of our simple subword modeling (Section 4).
We use the BLLIP corpus as preprocessed in Sec-
tion 5.1 except the setting about vocabulary. We
compare the fixed vocabulary models, which we
train in the experiment of Section 5.2 (batch size
512), and several subword vocabulary models. The
hyperparameters are the same as the fixed vocabu-
lary models.

Subword units The number of subwords can be
seen as a hyperparameter. To understand the effects
of this size for RNNGs, we prepare three different
subword vocabularies: 10k (10,240), 20k (20,480),
and 30k (30,720). We use byte-pair encoding (Sen-
nrich et al., 2016) implemented in sentencepiece
(Kudo and Richardson, 2018).

Model sizes We prepare two different model
sizes, 15M and 35M, to see the interaction between
the suitable size of subword units and model size,
by adjusting the number of two dimensions so that
the total number of parameters becomes compara-
ble to these numbers. For 15M parameter models,
the dimensions are 528 for 10k units; 432 for 20k;
and 336 for 30k. For 35M parameter models, these
are 864, 752, and 656, respectively. The number of
LSTM layers is fixed to 2.

Results We investigate (1) the effectiveness of
our simple subword modeling itself, and (2)
whether the optimal number of subword units de-
pends on model sizes. For (1), one way of evalua-
tion is to compare the perplexities of subword mod-
els and fixed vocabulary models (see Section 5.1).
However, they are not directly comparable because
the fixed vocabulary models replace many tokens
with unknown tokens, which are easy to predict and
make the comparison unfair (Mielke et al., 2019).

V (# params.) / beam k 100 200 400 1000

Vfix = 50k (15M) 92.34 93.70 94.26 94.59

Vsb = 10k (15M) 92.74 93.85 94.37 94.64
Vsb = 20k (15M) 92.77 93.95 94.48 94.80
Vsb = 30k (15M) 92.33 93.76 94.38 94.72

Vsb = 10k (35M) 92.67 93.87 94.37 94.59
Vsb = 20k (35M) 92.84 93.93 94.50 94.79
Vsb = 30k (35M) 92.92 93.84 94.44 94.72

Hale et al. (2018) 87.1 88.96 90.48 90.96

Table 2: PTB development set parsing accuracy (F1)
when changing beam size, averaged on three models
with different random seeds. Vfix is the vocabulary
size for fixed vocabulary models while Vsb is that for
subword models. Hale et al. (2018) is trained only on
PTB training set and is not directly comparable. Word
beam kw = k/10 and ks = k/100.

V (# params.) / beam k 100 200 400 1000

Vfix = 50k (15M) 52.34 49.53 48.26 47.53

Vsb = 10k (15M) 69.09 65.34 63.74 62.81
Vsb = 20k (15M) 67.52 64.15 62.41 61.36
Vsb = 30k (15M) 70.43 66.41 64.50 63.41

Vsb = 10k (35M) 67.66 64.13 62.41 61.47
Vsb = 20k (35M) 63.60 60.33 58.78 57.90
Vsb = 30k (35M) 60.80 57.91 56.28 55.45

Table 3: Perplexity on BLLIP validation set for each
setting described in Table 2, averaged on three models
with different seeds. For Vsb, perplexity is not subword-
level but token-level, by summing subword likelihoods
for each token.

We instead validate the effectiveness of our sub-
word modeling by not language modeling, but pars-
ing performance. Note that the text in the BLLIP
corpus is Wall Street Journal, the same as Penn
Treebank (PTB). Thus, we expect that the quality
of auto parses provided to our training data is high,
allowing us to assume that a good model should
parse the gold PTB data more accurately. We run
beam search on the PTB development (section 22)
for each model and the results are summarized in
Table 2. We can see that F1 scores consistently im-
prove by subword modeling compared to the fixed
vocabulary setting. The effects of model size (15M
vs. 35M) are negligible, suggesting that the upper
bound parsing performance using the current silver
quality data can be reached with smaller models.

For (2) above, while comparing perplexities
across subword and fixed-vocabulary models is
impossible, comparing different subword units is
possible by casting the subword-level likelihoods
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to token-level likelihoods (Mielke, 2019). Table 3
summarizes those values along with the results by
fixed vocabulary models as reference. The effects
of the number of subword units (Vsb) are clearer.
For 15M models, the optimal Vsb is 20k, while for
larger 35M models, the optimal size is 30k. This
suggests that more parameters are needed to obtain
better results for large models.
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Abstract

Contextualized word representations have
proven useful for various natural language pro-
cessing tasks. However, it remains unclear
to what extent these representations can cover
hand-coded semantic information such as se-
mantic frames, which specify the semantic
role of the arguments associated with a pred-
icate. In this paper, we focus on verbs that
evoke different frames depending on the con-
text, and we investigate how well contextual-
ized word representations can recognize the
difference of frames that the same verb evokes.
We also explore which types of representation
are suitable for semantic frame induction. In
our experiments, we compare seven different
contextualized word representations for two
English frame-semantic resources, FrameNet
and PropBank. We demonstrate that sev-
eral contextualized word representations, espe-
cially BERT and its variants, are considerably
informative for semantic frame induction. Fur-
thermore, we examine the extent to which the
contextualized representation of a verb can es-
timate the number of frames that the verb can
evoke.

1 Introduction

Contextualized word representations such as ELMo
(Peters et al., 2018) and BERT (Devlin et al., 2019)
are known to be effective in many natural language
processing tasks such as question answering, nat-
ural language inference, and semantic textual sim-
ilarity. Contextualized word representations can
generate different representations of the same word
in different contexts and distinguish the polysemy
of a word. It has been reported that this property
is effective in word sense disambiguation (WSD)
(Hadiwinoto et al., 2019) and word sense induction
(WSI) (Amrami and Goldberg, 2018). Therefore,
it appears that contextualized word representations
can also be leveraged to induce semantic frames

from a large corpus automatically.
A semantic frame is defined on the basis of the

semantic roles that a predicate can take as its argu-
ments. FrameNet1 (Baker et al., 1998) and Prop-
Bank2 (Palmer et al., 2005) are the two most well-
known resources of semantic frames, both of which
are manually compiled. These resources are used
not only for semantic parsing (Yang and Mitchell,
2017) but also for information extraction (Gangemi
et al., 2016), question answering (Shen and Lapata,
2007), and document summarization (Cheung and
Penn, 2013).

These frame-semantic resources define the frame
and semantic roles, and they provide example sen-
tences in which they are annotated. For example,
the verb “support” in FrameNet is defined to evoke
two frames: the SUPPORTING frame and the EV-
IDENCE frame. Sentences (1) and (2) below are
examples where these frames are annotated. In Sen-
tence (1), “support” means ‘supporting a person or
a thing’ and evokes the SUPPORTING frame. Its
arguments are annotated with the semantic roles of
Supporter and Supported. In Sentence (2), “support”
means ‘corroborating’ and evokes the EVIDENCE

frame. Its arguments are annotated with the seman-
tic roles of Proposition and Support. In both exam-
ples, the frame-evoking word is “support,” but its
evoking frames are different.

(1) [Supported This study] is supported by [Supporter
the fund]. (SUPPORTING)

(2) [Support Our results] support [Proposition the
hypothesis]. (EVIDENCE)

Since the manual development of such broad-
coverage frame-semantic resources is labor-
intensive and time-consuming, many researchers
have attempted to induce semantic frames from

1https://framenet.icsi.berkeley.edu/
2https://propbank.github.io/
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His leg was supported on a 
chair, but […].

These data […] support the 
hypothesis […].

[…] your gift will be used to 
directly support our work.

This study does not support
the hypothesis […].

Figure 1: 2D t-SNE projection of BERT representa-
tions of verb “support” in FrameNet. • and × cor-
respond to example sentences from SUPPORTING and
EVIDENCE frames, respectively.

large corpora automatically. For example, Kawa-
hara et al. (2014) extracted predicate-argument
structures of each verb from large corpora and in-
duced the frames that each verb evokes by clus-
tering the extracted predicate-argument structures.
Several researchers have recently proposed frame
induction methods that leverage word vector repre-
sentations. For example, Ustalov et al. (2018) col-
lected subject-verb-object triples from a Web-scale
corpus and induced the frames by clustering based
on the concatenation of word vector representations
of the triples. However, since these approaches first
collect the tuples of a verb and its arguments and
then perform the clustering based on their word
representations without taking their contexts into
account, they may fail to disambiguate the word
senses that require contextual clues.

Therefore, we seek a frame induction method
that makes better use of contextual information
by leveraging contextualized word representations.
Figure 1 shows a 2D projection of contextualized
representations of the verb “support” in different
sentences. We extracted example sentences of
“support” from the frame-annotated sentences in
FrameNet, acquired contextualized representations
of the verbs by applying a pre-trained BERT, and
then projected them into two dimensions by us-
ing t-distributed stochastic neighbor embedding (t-
SNE) (Maaten and Hinton, 2008). As shown in the
figure, these BERT representations are distributed
separately depending on the frame that “support”
evokes in each example.

Our objective is to exploit this property of
contextualized word representations for semantic
frame induction. As a first step, we investigate
how well contextualized word representations can
distinguish the frames that the same verb evokes

and which type of representations are suitable for
semantic frame induction. We also need to estimate
the number of frames that a verb evokes to build a
frame-semantic resource automatically. We clarify
to what extent contextualized word representations
of verbs can estimate the number of frames that
verbs evoke, which are defined manually. Our in-
vestigation of contextualized word representations
will help construct high-quality frame-semantic
resources not only for high-resource languages
and general domains but also for low-resource lan-
guages and specific domains.

2 Related Work

2.1 Contextualized Word Representations

Contextualized word representations encode se-
mantic and syntactic information by learning lin-
guistic patterns and constraints from a large amount
of text and provide significant improvements to the
state of the art for a wide range of natural language
processing tasks. They are also widely applied as
context-sensitive word representation extractors for
summarization (Liu, 2019), neural machine trans-
lation (Zhu et al., 2019), and so on.

Recently, several contextualized word represen-
tations have been proposed. For example, ELMo
(Peters et al., 2018) produces contextualized word
representations by pre-training on a bidirectional
language model task in 2-layer BiLSTMs. More
recently, many Transformer-based (Vaswani et al.,
2017) models have been proposed. BERT (Devlin
et al., 2019) utilizes multilayer bidirectional Trans-
formers and is pre-trained on two tasks: masked
language modeling and next sentence prediction.
RoBERTa (Liu et al., 2019) redesigns the pre-
training conditions for BERT, and ALBERT (Lan
et al., 2020) shares each layer’s parameters in
BERT to reduce the number of parameters. There
are other models such as GPT-2 (Radford et al.,
2019), which is a unidirectional model that is
trained to predict the next word in a sentence, and
XLNet (Yang et al., 2019), which is based on a per-
mutation language model that learns a bidirectional
context in an autoregressive manner.

2.2 Semantic Frame Induction

For semantic frame induction of a word in a con-
text, it is a standard approach to extract predicate-
argument structures and then perform the clustering
of those structures. LDA-frames (Materna, 2012)
is an approach that represents frames as tuples of
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subject and object and uses latent Dirichlet alloca-
tion (LDA) (Blei et al., 2003) to induce semantic
frames. Kawahara et al. (2014) extracted predicate-
arguments structures from a large Web corpus
and then applied the Chinese restaurant process
clustering-algorithm (Aldous, 1985) to group pred-
icates with similar arguments. Ustalov et al. (2018)
proposed the Triclustering, which produces subject-
verb-object triples and then performs a graph-based
clustering using the concatenations of their static
word embeddings. These methods take only the
predicates and their arguments into account, and
they do not sufficiently consider the context.

In some works, contextualized word representa-
tions are already used for semantic frame induction.
In a shared task at SemEval 2019 (QasemiZadeh
et al., 2019), some researchers worked on an unsu-
pervised semantic frame induction task, and they
reported that ELMo and BERT were useful for the
task. Arefyev et al. (2019) first performed group
average clustering by using contextualized word
embeddings of target verbs from BERT. Then, they
performed clustering to split each cluster into two
by using TF-IDF features with paraphrased words
by using BERT. Anwar et al. (2019) used a con-
catenated representation of a target verb and the
average word embedding of all words in a sen-
tence obtained by skip-gram (Mikolov et al., 2013)
or ELMo. They performed group average clus-
tering based on Manhattan distance by using the
embedding. Ribeiro et al. (2019) performed graph
clustering based on Chinese whispers (Biemann,
2006) by using contextualized representations of
frame-evoking verbs from ELMo or BERT.

The shared task dataset contains many example
sentences in which different verbs evoke the same
frame, and thus the dataset is suitable for evaluating
semantic frame induction over verbs. However,
there are few example sentences of verbs that evoke
different frames in the dataset, and it is not ideal for
analyzing the difference of frames that each verb
evokes. Some researchers assumed that many verbs
evoke only one frame, and they did not analyze the
difference of frames that each verb evokes.

Also, there is a study that works on semantic
frame induction by using contextualized word rep-
resentations in semi-supervised learning. Yong
and Timponi Torrent (2020) used ELMo or BERT
and mapped high-dimensional representations of
verbs to a low-dimensional latent space for bet-
ter frame prediction. Their study aims to extend

FrameNet. On the other hand, our goal is to build
frame-semantic resources automatically in an un-
supervised fashion.

2.3 Word Sense Disambiguation with
Contextualized Word Representation

The task in this paper is to distinguish the difference
of frames that the same verb evokes, and as such,
can be regarded as a type of word sense disambigua-
tion (WSD) task. For the WSD task, contextualized
word representations have been reported to be use-
ful. For example, Peters et al. (2018) performed
the task by nearest neighbor matching with ELMo
representations, and Hadiwinoto et al. (2019) used
pre-trained BERT contextualized representations
as features for WSD. While WSD aims to distin-
guish between the meanings of words on the same
surface, the semantic frame induction we focus on
aims to distinguish between intuitive concepts such
as situations, objects, and events that words evoke.

3 Methodology

We investigate to what extent contextualized word
representations recognize the difference of frames
that the same verb evokes. Specifically, we fo-
cus on verbs that evoke more than one frame in
frame-semantic resources and acquire contextual-
ized word representations of them. We then apply
clustering and evaluate how well the generated clus-
ters and human-annotated frames match.

3.1 Frame-semantic Resources
We use FrameNet and PropBank in English as
frame-semantic resources. Since our goal is to
establish a semantic frame induction method that
is not in a particular style, we use two well-
known frame knowledge resources for our investi-
gation: Berkeley FrameNet data release 1.73 and
PropBank-annotated data from OntoNotes v5.0.4

FrameNet is developed within the framework of
the theory of frame semantics proposed by Fill-
more (2006). Each frame is shared by multiple
frame-evoking words (lexical units), and hierarchi-
cal relations such as “Inheritance” or “Using” are
defined between closely related frames. FrameNet
has 1,222 frames, 13,572 lexical units, and 200,751
annotated sentences. The corpus consists of the
British National Corpus and U.S. newswire texts.

3https://framenet.icsi.berkeley.edu/
fndrupal/framenet_data

4https://catalog.ldc.upenn.edu/
LDC2013T19
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PropBank is developed as a corpus with semantic
roles that can be used as training data in supervised
learning. PropBank frames are defined for each
verb as a frameset containing semantic role labels.
There are two types of labels; one is ARG0-5. It in-
dicates a necessary role and has a different meaning
in each frameset. The other is an argument modi-
fier (AM) label, which indicates an additional role
common to all framesets (e.g., AM-TMP for time).
For example, the frameset SUPPORT.01 (lend aid,
credence to) of “support” is defined with ARG0
as ‘helper’ and ARG1 as ‘person, thing or project
being supported.’ Sentence (3) is an example in
which this frameset is annotated.

(3) [ARG1 Students] were supported.01 by [ARG0

the scholarship] [AM−TMP for four years].

Unlike FrameNet, hierarchical relations are not
defined between framesets; that is, each frameset
is independent. PropBank has 5,607 framesets,
4,221 verbs, and 111,178 annotated sentences. The
corpus consists of newswires, magazine articles,
broadcast news, broadcast conversations, web data,
conversational speech data, and pivot text.

3.2 Procedure
In our investigation, we follow the procedures be-
low for each target verb that evokes more than one
frame in the frame-semantic resources.

1. Acquire contextualized word representations
of the target verbs in the set of frame-
annotated example sentences in the frame-
semantic resources.5

2. Apply clustering to their contextualized word
representations by using a Gaussian mixture
model. At this time, the number of clusters
given to the model is equal to the number of
frames in our dataset.

3. Find a mapping between the generated clus-
ters and the human-annotated frames that max-
imize the overall number of matches. We use
the match rate as the evaluation metrics.

4 Experiment on Frame Distinction

4.1 Dataset
We first determined the target verbs, and we then ex-
tracted example sentences of the target verbs from

5Tokenization is performed in the same way as used in
the pre-training. If tokenization splits the target verb token
into more than one sub-token, we use the contextualized word
representations of the first sub-token.

both FrameNet and PropBank. As target verbs, we
used verbs that evoke two or more frames with
at least 20 annotated sentences. For example, in
FrameNet, the verb “support” is a target verb be-
cause there are 30 sentences in the SUPPORTING

frame and 20 sentences in the EVIDENCE frame.
In contrast, the verb “attend” is not a target verb.
This is because although the verb “attend” evokes
three frames, (ATTENTION, PERCEPTION ACTIVE,
and ATTENDING), there are 7 sentences in the
ATTENTION frame, 4 sentences in the PERCEP-
TION ACTIVE frame, and 24 sentences in the AT-
TENDING frame and only the ATTENDING frame
includes 20 or more sentences.

For each verb, we considered frames that include
at least 20 annotated sentences. In addition, if the
target verb evokes more than 10 frames with 20
or more annotated sentences, we used the top 10
frames on the basis of the number of annotated
sentences. We used a maximum of 100 annotated
sentences for each frame. As a result, we have ob-
tained 178 target verbs for FrameNet and 164 for
PropBank. The average counts of frames per verb
were 2.21 for FrameNet and 2.73 for PropBank,
and the average counts of annotated sentences per
frame were 41.68 for FrameNet and 70.34 for Prop-
Bank. In this paper, we used 120 verbs as the test
set for the final evaluation and the remaining verbs
as the development set for tuning the parameters
for both FrameNet and PropBank.

4.2 Settings

We compared ELMo, BERTBASE, BERTLARGE,
RoBERTa, ALBERT, GPT-2, and XLNet as contex-
tualized word representations in order to explore
the representation most suitable for semantic frame
induction. We used publicly available pre-trained
models. ELMo is the ‘Original’ model in Al-
lenNLP,6 and the other transformer-based models
are pre-trained models7 in Hugging Face.8 For each
model, we obtained contextualized word represen-
tations from the hidden layer that achieved the high-
est scores in the development sets for FrameNet
and PropBank, respectively. Table 1 lists the size
of the corpus used to pre-train models and the num-
ber of parameters, dimensions, layers, and hidden
layers of models used to obtain the representations

6https://allennlp.org/elmo
7These models are specified by ‘bert-base-uncased,’ ‘bert-

large-uncased,’ ‘roberta-base,’ ‘albert-base-v2,’ ‘gpt2,’ and
‘xlnet-base-cased’ in Hugging Face.

8https://huggingface.co/transformers/
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Model Corpus size No. of parameters No. of dimensions No. of layers Used layer
ELMo 11GB 94M 512 2 1|1
BERTBASE 16GB 110M 768 12 9|7
BERTLARGE 16GB 340M 1024 24 21|15
RoBERTa 160GB 125M 768 12 10|6
ALBERT 16GB 11M 768 12 9|8
GPT-2 40GB 117M 768 12 8|9
XLNet 158GB 110M 768 12 5|5

Table 1: Details of contextualized word representations. “Used layer” means hidden layer of model used to obtain
the representations in FrameNet (left) and PropBank (right).

Model FrameNet PropBank
All-in-one-cluster 0.578 0.548
ELMo 0.631 0.607
BERTBASE 0.750 0.765
BERTLARGE 0.769 0.790
RoBERTa 0.767 0.796
ALBERT 0.705 0.712
GPT-2 0.666 0.650
XLNet 0.729 0.758

Table 2: Macro-average match rate of each verb for
each of models and datasets.

for FrameNet and PropBank, respectively.
We used the Gaussian mixture model imple-

mentation provided by scikit-learn.9 We adopted
“spherical” as the covariance type, that is, the co-
variance matrix was a diagonal covariance with
equal elements along the diagonal. We used five
trials of clustering with different random seeds and
adopted the result of the highest likelihood trial.

4.3 Results

Table 2 lists the macro-average match rate of each
verb for each of the models and datasets. All-in-
one-cluster means the average score when all the
example sentences were in one cluster for each verb.
That is, the score is the average of the percentages
of examples that were annotated with the most
frequently used frame for a verb. For example, the
score of the verb “support” in FrameNet was 0.6
(30/50) since the numbers of example sentences
from the SUPPORTING frame and the EVIDENCE

frame were 30 and 20, respectively.
As shown in Table 2, BERTLARGE and

RoBERTa achieved the highest scores for
FrameNet and PropBank, respectively. We con-
firmed that they recognized the differences of
frames that the same verbs evoke. BERTBASE,
XLNet, and ALBERT also achieved high scores.
These results indicate that BERT, RoBERTa, XL-
Net, and ALBERT are useful for semantic frame in-

9https://scikit-learn.org

duction. In contrast, the scores obtained for ELMo
and GPT-2 were relatively low and almost the same
as for the All-in-one-cluster. It indicates that the
degree of the difference of frames captured by the
contextualized word representations varied greatly.

The reasons for these results are described below.
The high scoring BERT, RoBERTa, XLNet, and
ALBERT are deep bidirectional language models
based on Transformer. In contrast, GPT-2 is a uni-
directional language model based on Transformer.
Also, ELMo is a relatively sparse bidirectional lan-
guage model that consists of only two unidirec-
tional contexts concatenated together. Therefore,
the scores of GPT-2 and ELMo were lower than
those of the deep bidirectional language models.

We show several examples below. In these fig-
ures, the number given to each point represents
the clustering result; that is, the points with the
same number belong to the same cluster. Note that
the value of the number has no meaning. Figure
2 shows a 2D t-SNE projection of BERTLARGE

vectors for “support” in FrameNet. We can see
that the example sentences from the SUPPORTING

frame and the EVIDENCE frame form a cluster,
respectively.

Figure 3 shows a 2D t-SNE projection of
BERTLARGE vectors for “fire” in FrameNet. We
can see that example sentences from the FIRING

frame form a single cluster, whereas the difference
between the SHOOT PROJECTILES frame and the
USE FIREARM frame is not captured. The FIR-
ING frame means ‘ending an employment rela-
tionship’ while the SHOOT PROJECTILES and the
USE FIREARM frames mean ‘shooting a bullet’ and
‘shooting a gun’, respectively. The FIRING frame
is very different from the other two. On the other
hand, the “Using” relation is annotated between the
SHOOT PROJECTILES frame and USE FIREARM

frame, which indicates that there is a strong con-
nection between the two frames. We conduct an
additional analysis on frames that have hierarchical
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His leg was supported on a 
chair, but […].

These data […] support the 
hypothesis […].

[…] your gift will be used to 
directly support our work.

This study does not support
the hypothesis […].

Figure 2: 2D t-SNE projection of BERTLARGE vectors
for verb “support” in FrameNet. • and× correspond to
example sentences from SUPPORTING and EVIDENCE
frames, respectively.

In fact, the boss decides to 
fire the colleague.

He fired his pistol in the air 
and charged over […].

Two shots were fired at the 
wall, cracking […].

Figure 3: 2D t-SNE projection of BERTLARGE

vectors for verb “fire” in FrameNet. •, ×, and
� correspond to example sentences from FIRING,
SHOOT PROJECTILES, and USE FIREARM frames, re-
spectively.

relations in Section 4.4.
Figure 4 shows a 2D t-SNE projection of

BERTLARGE vectors for “work” in PropBank. The
verb “work” has four types of framesets: WORK.01
(work), WORK.02 (arrange), WORK.03 (exercise),
and WORK.09 (function, operate). We confirmed
that BERTLARGE roughly captured the difference
of frames, even for verbs that can have many
framesets. In the examples where WORK.02 and
WORK.03 were annotated, the verb “work” appears
in the form of “work out,” and it may have been a
bit challenging to capture the difference of these
framesets. This is because verbs that appear as
part of phrasal verbs have relatively similar con-
textualized word embeddings since the same word
appears near the verb.

Figure 5 shows a 2D t-SNE projection of
BERTLARGE vectors for “cry” in PropBank. The
verb “cry” has two types of framesets: CRY.01
(speak loudly, yell, demand, possibly while weep-
ing) and CRY.02 (cry, weep). Like the verb “fire”
in FrameNet, the resulting clusters could not be

He worked as security guard 
for the last twelve years […].

If the scheme didn't work out, 
then the bureau […].

So far, one test of restricting 
dual trading has worked well.

I don't work out to build 
muscles, but to define them.

Figure 4: 2D t-SNE projection of BERTLARGE vec-
tors for verb “work” in PropBank. •, ×, �, and
+ correspond to example sentences from WORK.01
(work), WORK.02 (arrange), WORK.03 (exercise), and
WORK.09 (function, operate) framesets, respectively.

When she saw them, the girl 
cried to her and said […].

Crowds swell at the sidelines, 
screaming and crying […].

Looking at the city, he began 
to cry for it and said, […].

He asked her, “woman, why 
are you crying?”

Figure 5: 2D t-SNE projection of BERTLARGE vectors
for verb “cry” in PropBank. • and × correspond to
example sentences from CRY.01 (speak loudly, yell, de-
mand, possibly while weeping) and CRY.02 (cry, weep)
framesets, respectively.

appropriately formed because the framesets of the
verb “cry” are both related to ‘weep’ and are thus
very similar.

4.4 Effect of Hierarchical Relations on
Evaluation

The frames with hierarchical relations defined
in FrameNet appear in similar contexts. As is
clear from the examples of “fire,” it is not easy
to distinguish these frames, even using contex-
tual word representations. Moreover, it is un-
clear whether these frames should be defined
as separate frames if semantic frame resources
are to be automatically constructed in the future.
Specifically, the importance of distinguishing be-
tween the SHOOT PROJECTILES frame and the
USE FIREARM frame could be less important than
distinguishing between the SHOOT PROJECTILES

frame and the FIRING frame.
To investigate the practical usefulness, we at-

tempted to evaluate the accuracy of the distinc-
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Model Gr w/o rel Gr w/ rel Diff
All-in-one-cluster 0.613 0.604 0.009
ELMo 0.680 0.644 0.036
BERTBASE 0.805 0.719 0.086
BERTLARGE 0.826 0.713 0.113
RoBERTa 0.836 0.707 0.129
ALBERT 0.758 0.670 0.088
GPT-2 0.724 0.655 0.069
XLNet 0.783 0.700 0.083

Table 3: Average match rate by groups without hierar-
chical relations (Gr w/o rel) and groups with hierarchi-
cal relations (Gr w/ rel). “Diff” represents difference
between score of Gr w/o rel and score of Gr w/ rel.

tion between frames with hierarchical relations and
frames without relations, separately. We first ex-
tracted verbs that had exactly two types of frames
from FrameNet as a result of the procedure de-
scribed in Section 4.1. We then divided the ex-
tracted verbs into two groups according to whether
there is a hierarchical relation between the two
frames or not and calculated the average match rate
for each group.10 By limiting our focus to verbs
with two types of frames, we can ignore the ten-
dency of the match rate to decrease as the number
of frames increases. We assume that if a certain
contextualized word representation appropriately
captures the difference of frames, it should be able
to distinguish the difference of frames with a high
match rate.

Table 3 lists the results of the average match
rate. In the models of BERTLARGE, RoBERTa,
BERTBASE, XLNet, and ALBERT, which obtained
relatively high scores in the results shown in Table
2, we can see that the group without relations got
higher scores than the group with relations. It is
arguably concluded this result indicates that these
models accurately captured the essential difference
of frames.

5 Estimation of Number of Frames

In the experiments in Section 4, we gave the num-
ber of frames in our dataset to the Gaussian mix-
ture model. However, it is necessary to estimate
the number of frames that each verb evokes for
semantic frame induction. Therefore, we inves-
tigated how well we can estimate the number of
frames on the basis of information criteria by using

10Among the 120 verbs that were used as the test set in
the experiment, the number of verbs that evoked only two
frames was 96. The number of verbs in the group without the
relations was 62, while the number of verbs in the group with
the relations was 34.

contextualized word representations. Specifically,
we adopted a Bayesian information criterion (BIC)
(Schwarz, 1978), which is used for determining the
number of clusters, and an adjusted-BIC, in which
the BIC is adjusted so that the estimated number of
clusters is close to the number of human-annotated
frames.

5.1 Information Criterion
The Bayesian information criterion (BIC) is one of
the most widely used criterion for model selection.
The BIC is defined as

BIC = −2ln(L) + k · ln(ns), (1)

where L is the likelihood of the model, ns is the
number of samples, and k is the number of model
parameters. The parameters of the Gaussian mix-
ture model consist of the mean, covariance, and
mixture weights. When the numbers of clusters
and dimensions are represented by nc and d, re-
spectively, the number of parameters required to
represent the mean is d × nc. Since we adopted
spherical as the covariance type, where each com-
ponent has its own single variance, the number of
parameters required to represent the covariance is
nc. Since the mixture weights for each component
are probabilities that sum to 1, the number of pa-
rameters required to represent the mixture weight is
nc−1. Thus, the total number of model parameters
is k = (d+ 2)× nc − 1. When the BIC is used to
determine the number of clusters, the number that
minimizes the BIC is selected.

The first term on the right-hand side in Equa-
tion 1 decreases as the number of clusters increases
because the likelihood of an optimized model gen-
erally increases as the number of parameters in-
creases. The second term on the right-hand side is
regarded as a penalty term that inhibits the increase
in the number of clusters. The granularity of frames
decided by human intuition may not be optimal in
terms of the information criterion. Therefore, we
introduce an adjusted-BIC in which the penalty
term of the BIC is adjusted so that the granular-
ity of the frames is close to human intuition. The
equation of the adjusted-BIC (a-BIC) is defined as

a-BIC = −2ln(L) + c · k · ln(ns), (2)

where c is a constant that adjusts the penalty, which
is decided by using the development set.11

11The constant c is increased from 1 in increments of 0.1,
and we decide the value when the total number of frames and
the total estimated number of clusters are as close as possible
in the development set.
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ρ Accuracy RMSE

FrameNet BIC 0.165 0.058 3.131
a-BIC 0.177 0.517 1.195

PropBank BIC 0.066 0.004 7.429
a-BIC 0.631 0.608 1.008

Table 4: Evaluation on estimating the number of frames
using BIC and a-BIC for FrameNet and PropBank.

5.2 Results

In the experiments in Section 4, we used only the
verbs that evoke more than one type of frame. How-
ever, it is also essential for verbs that evoke only
one type of frame to recognize that. Therefore, we
added verbs that evoke only one frame. The num-
ber of verbs added was the same as the number of
verbs used in the experiment in Section 4. We also
used a maximum of 100 annotated sentences from
each frame. As a result, we used 116 verbs for
parameter tuning as the development set and 240
verbs for evaluation as the test set for FrameNet,
and we used 88 verbs for parameter tuning as the
development set and 240 verbs for evaluation as
the test set for PropBank.

We used BERTLARGE as contextualization word
representations. We evaluated the automatic estima-
tion of the number of frames by using Spearman’s
rank correlation coefficient (ρ), accuracy, and root
mean square error (RMSE) for the estimated num-
ber of clusters and the number of frames in our
dataset. Table 4 lists the estimation results of the
number of frames. For both FrameNet and Prop-
Bank, using the adjusted-BIC as the information
criterion resulted in better scores than using the
BIC. When using the adjusted-BIC, Spearman’s
rank correlation coefficients were 0.177 and 0.631
for FrameNet and PropBank, respectively. The
accuracy scores were over 0.5, which means that
we could correctly predict the number of frames
for more than half of the verbs. The accuracy for
FrameNet is lower than the accuracy for PropBank.
Accurate prediction of the number of frames for
FrameNet will need to consider semantic coherence
across different verbs, since frames in FrameNet
are not defined independently for each verb.

Table 5 shows the confusion matrices between
the number of human-annotated frames and the
estimated number of frames using the BIC and the
adjusted-BIC for FrameNet and PropBank. We can
see that the BIC tended to overestimate the number
of frames. The constant c was tuned at 3.1 for
FrameNet and 3.4 for PropBank.

1 2 3 4 5+
1 1 16 32 19 52
2 0 11 14 19 52
3 0 1 1 5 13
4 0 0 0 1 3

BIC for FrameNet

1 2 3 4 5+
1 0 0 1 10 109
2 0 1 1 2 81
3 0 0 0 1 11

4+ 0 0 0 0 23
BIC for PropBank

1 2 3 4 5+
1 88 17 7 4 4
2 50 35 5 3 3
3 10 10 0 0 0
4 2 1 0 1 0
a-BIC for FrameNet

1 2 3 4 5+
1 80 35 3 0 2
2 15 57 12 0 1
3 1 2 7 1 1

4+ 0 6 7 3 7
a-BIC for PropBank

Table 5: Confusion matrices using BIC and a-BIC for
FrameNet and PropBank. Vertical axis represents the
number of frames in our dataset, and horizontal axis
represents the estimated number of clusters.

6 Conclusion and Future Work

We investigated to what extent contextualized word
representations can recognize the difference of
frames that the same verb evokes. Specifically,
we focused on verbs that evoke multiple frames
and performed clustering based on contextualized
word representations of target verbs. We calcu-
lated the match rate between the generated clus-
ters and the human-annotated frames and com-
pared seven contextualized word representations:
ELMo, BERTBASE, BERTLARGE, RoBERTa, AL-
BERT, GPT-2, and XLNet. We found that BERT,
RoBERTa, XLNet, and ALBERT achieved high
performance in distinguishing the difference of
frames that the same verb evokes. We also found
that we can estimate the number of frames with an
accuracy of more than 50% by using the adjusted-
BIC, which adjusts the penalty term of the BIC.

In this paper, we focused on the difference of
frames that each verb evokes. That is, we ana-
lyzed each verb separately. However, in FrameNet,
frames are shared by several verbs. For example,
the verbs “support,” “prove,” and “demonstrate”
can evoke the same EVIDENCE frame. To induce
FrameNet-style frames, we need to investigate to
what extent contextualized word representations
capture frames over verbs.

Semantic frame induction requires not only dis-
tinguishing the difference of frames that the same
verb evokes but also grouping its arguments by the
semantic role. For example, if a sentence contains
a verb that evokes the EVIDENCE frame, the sen-
tence contains what is claimed and what supports
the claim as its argument. Contextualized word
representations of the arguments will also be useful
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for grouping arguments by the same roles.
Furthermore, we only considered verbs as frame-

evoking words, but we need to examine whether we
can obtain similar results for words with other parts
of speech that evoke frames such as nouns. These
investigations are expected to bring us closer to
our goal of automatically constructing high-quality
semantic-frame resources. They can also induce
semantic frames for under-resourced languages or
specific domains since contextualized word repre-
sentations do not require human-annotated texts.
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Abstract
Neural topic modeling approach has been at-
tracting much attention recently as it is able
to leverage the advantages of both neural net-
works and probabilistic topic models. Previ-
ous works have proposed several models that
are based on this framework and obtained im-
pressive experimental results compared to tra-
ditional probabilistic models. However, the re-
ported result is not consistent across the works,
making them hard for gaining a rigorous as-
sessment of these approaches. This work aims
to address this issue by offering an extensive
empirical evaluation of typical neural topic
models in different aspects using large, di-
verse datasets as well as a thorough set of met-
rics. Precisely, we examine the performance
of these models in three tasks, namely uncov-
ering cohesive topics, modeling the input doc-
uments, and representing them for downstream
classification. Our results show that while
the neural topic models are better in the first
and the third tasks, the traditional probabilis-
tic models are still a strong baseline and are
better in the second task in many cases. These
findings give us more insights for choosing off-
the-shelf topic modeling toolboxes in different
contexts, as well as for designing more com-
prehensive evaluation for neural topic models.

1 Introduction

Classical topic modeling approach consists of sta-
tistical learning methods for uncovering the latent
topics from a corpus and the semantic meaning
of each document in the corpus. Notable works
include the pioneering ones by (Hofmann, 1999;
Blei et al., 2003). During its more than 20 years of
research, topic modeling has also been applied to
other fields beyond its original scope such as image
analysis (Fei-Fei and Perona, 2005), and recom-
mender systems (McAuley and Leskovec, 2013).

Recently, neural topic modeling approach has
been attracting much research attention for under-

standing topic models of corpus due to its ability
to leverage the advantages of both neural networks
and probabilistic generative models. Compared to
classical ones, this approach has three main advan-
tages. First, its inference is amortized (Miao et al.,
2016) and hence is much computationally simpler
than that of the classical approach which requires to
deal with a complicated optimization problem (Blei
et al., 2003). Second, the gap between prototype
and deployment processes become closer thanks to
the power of some deep learning frameworks such
as Pytorch (Paszke et al., 2019), Tensorflow (Abadi
et al., 2016), and Flux.jl (Innes, 2018). Third, neu-
ral topic models are easy to be integrated with prior
knowledge such as pre-trained word and text em-
beddings, which are prevalent and have shown the
tremendous usefulness, e.g. GPT-3 (Brown et al.,
2020), BERT (Devlin et al., 2019).

Several neural topic models are proposed re-
cently to investigate the above advantages. Their
reported experimental results are promising com-
pared to the classical topic models. However, the
reported results are not consistent or even contra-
dict across these works. For example, for the same
20News dataset, (Miao et al., 2016) reports that
their model i.e. NVDM obtains much better perfor-
mance (measured by perplexity) than the classical
LDA does, while the same experiments of (Srivas-
tava and Sutton, 2017) show that LDA outperforms
NVDM significantly. All these inconsistency and
contradiction make it hard to assess the neural topic
modeling approach comprehensively.

In this work, we would like to address this gap
by conducting an extensive empirical study to ac-
curately evaluate the typical existing neural topic
models. Precisely, using a diverse set of large
datasets, we examine the performance of the mod-
els in several tasks, including document modeling,
topic discovery, and document representation for
downstream classification. Our contributions are:
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• To the best of our knowledge, our work is the
first one which examines state-of-the-art neu-
ral topic models in a systematical mechanism.

• We also public our implementation 1 as an
additional resource for better reproducibility
and further improvement in topic modeling
research.

• Based on the results of our extensive experi-
ments, we provide some practical guidelines
of using neural topic models for specific tasks.

2 Experiment Settings

In this section, we describe settings used in our ex-
periments. We start by briefing the models chosen
to examined. We then introduce the datasets and
define the metrics used to examine the models.

2.1 Evaluated Models
Neural topic models. Existing neural topic
models are generally based on encoder-decoder
architectures. In those models, the encoders
are some variants of variational auto-encoder
(VAE) (Kingma and Welling, 2013) whose input is
the bag-of-word vector of an input document. The
decoders, on the other hand, are designed to recover
the input document from the encoded vector. For
a fair comparison with the classical topic models
that work purely on bag-of-words representation of
documents, we surveyed the state-of-the-art works
on neural topic modeling and chose to examine the
following models whose decoders also work with
the same representation of the documents.

• NVDM (Miao et al., 2016): A pioneering
work that applies the VAE architecture for
topic modeling with the encoder is imple-
mented by multilayer perceptron, the varia-
tional distribution is a Gaussian distribution,
and the variational inference is based on mini-
mizing the KL-divergence (Blei et al., 2017).

• GSM (Miao et al., 2017): A variant of
NVDM whose variational distribution is soft-
max of a Gaussian distribution.

• NVLDA (Srivastava and Sutton, 2017): An-
other variant of NVDM in which the vari-
ational distribution is Dirichlet distribution
and approximated by a Laplace approxima-
tion based on Gaussian distribution.

1https://github.com/smutahoang/ntm

• ProdLDA (Srivastava and Sutton, 2017): A
variant of NVLDA in which the decoder is
designed by following the product of expert
model and the topics are unnormalized.

• Scholar (Card et al., 2018): This model is de-
signed to incorporate the metadata and labels
associated with documents into the modeling
of topics. If no metadata and no labels are
available, this is similar to ProdLDA except
that the encoder has only a single linear layer.

• NSMDM (Lin et al., 2019): The sparsity of
documents’ topics is modeled by Gaussian
sparsemax distribution, and the variational in-
ference is based on the Wasserstein distance.

• NSMTM (Lin et al., 2019): This model is
a variant of NSMDM in which the Gaussian
sparsemax distribution is also used for model-
ing the sparsity of the topics .

• NVCTM (Liu et al., 2019): Again, this model
is much similar to NVDM except that the de-
coder make uses of a complicated transforma-
tion sequence for modeling the correlation of
topics within documents.

The above list is certainly not exhaustive. There
are several other notable models proposed recently.
We however do not examine them in this work as
they either do not model documents as bags but
sequences of words (e.g., (Dieng et al., 2016)) or
are not generative models (e.g., (Yang et al., 2020)).

In our experiments, for each of the aforemen-
tioned models, we make use of the implementa-
tions provided by the authors if these are any. We
re-implement the provided implementation if it is
not written in Pytorch, strictly follow the original
one. If the implementation is not provided, we im-
plement the models ourselves, strictly follow the
description and settings in the published papers.
Classical topic models. We compare these meth-
ods above with two classical topic models, namely
Non-negative Matrix Factorization (NMF) (Zhao
et al., 2017) and Latent Dirichlet Allocation
(LDA) (Blei et al., 2003). We examine both two
widely used learning methods for LDA: online vari-
ational inference (o LDA) and Gibbs sampling al-
gorithm (g LDA).

2.2 Datasets
We uses two types of corpus: long text corpus con-
taining W2E-content and 20News (Lang, 2008);
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Table 1: Dataset statistic

Dataset #documents #words Avg. length #labels
20News 15,465 4,159 73.52 20
W2E-content 84,017 11,123 256.62 30
W2E-title 105,522 4,051 6.90 30
Web Snippets 12,295 4,722 14.42 8

and short text corpus including W2E-title and Web
Snippets (Ueda and Saito, 2003). Both W2E-
content and W2E-title are derived from news arti-
cles in W2E dataset (Hoang et al., 2018) by using
the whole content or title respectively of the articles
in the top 30 topics (by the number of news arti-
cles). Documents in these datasets are labeled by
their topics (W2E-content and W2E-title), category
of the discussion they belong to (20News), or the
category of the webpage they were collected from
(Web Snippets).

For each dataset, we preprocess the datasets by:
removing stopwords, then iteratively removing in-
frequent words and too short documents. These
are conventional in prior works on topic modeling,
and is to make sure that we have sufficient data
for learning meaningful topics. The basic statistics
of the preprocessed datasets are shown in Table 1.
The diversity and the large sizes of these datasets
allow us to evaluate the models accurately.

2.3 Evaluation Metrics
For a comprehensive evaluation, we examine the
performance of the models in three aspects: (i)
document modeling – measured by the perplex-
ity of unseen documents or held-out words (Blei
et al., 2003), (ii) topic discovery – evaluated by
topic coherence, and (iii) document representation –
quantified through the performance of the obtained
documents’ topic vectors in downstream tasks.

For measuring the perplexities, we train the
model using 90% of documents (or 90% of words
in each document, respectively) in the dataset, and
compute the perplexity on the remaining 10% of
documents (or words, respectively). The coherence
of the learned topics are measured by normalized
point-wise mutual information (NPMI) (Lau et al.,
2014) of their top words. Lastly, we use classifica-
tion task to examine the obtained documents’ topic
vectors. That is, we use these vectors to train a
logistic regression model to classify the documents
in each dataset by their labels. For this experiment,
we perform 10-fold cross validation, and report the
average micro F1 scores across the folds. To obtain
robust findings, and also to examine the consistency
of the models’ performance, for each metric, each

model, each number of topics, and each dataset,
we run the experiments 10 times, and report the
mean and variance of the performance across the
runs. The number of topics is varied from half to
three times the number of labels of documents in
the corresponding dataset.

3 Experiment Results & Findings

Figure 1 shows the mean and variance of the
models’ unseen-document perplexity on different
datasets and with different number of topics. Sim-
ilarly, Figures 2, 3, and 4 show the means and
variances of the models’ held-out word perplexity,
average F1 scores, and topic coherence respectively
on the same datasets and with different number of
topics. Note that the o LDA model has no unseen-
document perplexity as it does not has a straightfor-
ward method for computing the perplexity, while
NMF has no perplexities as it is not a generative
model. From the figures, we can observe that:

• NVDM and NVCTM are generally better
than other models in modeling and represent-
ing documents as their perplexities are signifi-
cantly lower and their average F1 scores are
significantly higher. This is reasonable and
expected as these two models learn the unnor-
malized topic vectors for documents while the
others learn the normalized ones2. However,
they underperform other models in discovery
cohesive topics as their coherence scores are
much lower than others’ in most cases.

• None of the neural topic models in our study
outperforms the classical LDA on all the
datasets and in all the metrics.

• The classical models (i.e., o LDA, g LDA,
and NMF) are generally more stable than the
neural ones as their variances are generally
much smaller than those the neural models.

From the above observations, we make the fol-
lowing implications, which can be served as some
guidelines for evaluation and practical usage of
neural topic models.

• LDA, especially g LDA, is a strong baseline
for topic modeling. It should be used to evalu-
ate neural topic models comprehensively.

• The performance of neural models may not
be stable and may vary significantly from run

2Here the normalized vectors are probability distribution
vectors: their elements are non-negative and summing up to 1
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Figure 1: Unseen-document perplexity of the examined models: the lower is better
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Figure 2: Held-out word perplexity of the examined models: the lower is better
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Figure 3: Average F1 scores of the examined models in downstream classification tasks: the higher is better
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Figure 4: Coherence of topics learned by the examined models: the higher is better
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to run. One should perform multiple runs on
the same dataset to have accurate evaluation.

• Among the examined neural models, Scholar
is more suitable for uncovering cohesive,
meaningful topics from the corpus, while
the unnormalized models (i.e., NVDM and
NVCTM) are more suitable for modeling and
representing documents in the corpus.

4 Conclusion

We have examined the performance state-of-the-art
neural topic models in a systematic mechanism.
From our extensive experiments, we found that
classical methods, e.g. LDA, still have comparable
expressive ability. We have also suggested some
considerations for a comprehensive evaluation and
practical usage of those models.

In the future, we would like to extend further
by designing a fair comparison framework for neu-
ral methods that use other representation of doc-
uments, e.g. sequences of words, and from other
approaches. We would also want to benchmark
other issues in neural topic models, e.g., the poste-
rior collapsing problem (He et al., 2019).
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Abstract

Pre-trained language models (e.g., BERT) sig-
nificantly alleviate two traditional challeng-
ing problems for Chinese word segmentation
(CWS): segmentation ambiguity and out-of-
vocabulary (OOV) words. However, such im-
provements are usually achieved on traditional
benchmark datasets and not close to an im-
portant goal of CWS: practicability (i.e., low
complexity as a standalone task and high ben-
eficiality to downstream tasks). To make a
trade-off between traditional evaluation and
practicability for CWS, we propose a semi-
supervised neural method via pseudo labels.
The neural method consists of a teacher model
and a student model, which distills knowl-
edge from unlabeled data to the student model
so as to improve both in-domain and out-of-
domain CWS. Experiments show that our pro-
posed method can not only keep the practi-
cability of the lightweight student model but
also improve the performance of segmentation
effectively. We also evaluate a range of het-
erogeneous neural architectures of CWS on
downstream Chinese NLP tasks. Results of
further experiments demonstrate that our pro-
posed segmenter is reliable and practical as a
pre-processing step of the downstream NLP
tasks at the minimum cost.1

1 Introduction

Natural language processing (NLP) tasks often
leverage word-level features to exploit lexical
knowledge. Segmenting a sentence into a sequence
of words, especially for languages without explicit
word boundaries (e.g., Chinese) not only extracts
lexical features, but also shortens the length of the
sentence to be processed. Thus, word segmenta-
tion, detecting word boundaries, is a crucial pre-

∗Corresponding author
1Our code is available at https://github.com/

koukaiu/dlut-nihao

processing task for many NLP tasks. In this aspect,
Chinese word segmentation (CWS) is widely ac-
knowledged as an essential task for Chinese NLP.

CWS has made substantial progress in recent
studies on several benchmarks, which is reported
by Huang and Zhao (2007) and Zhao et al. (2019).
In particular, pretrained language models (PLMs),
like BERT (Devlin et al., 2019), have established
new state-of-the-art in sequence labeling (Meng
et al., 2019). Various fine-tuning methods have
been proposed to improve the performance of in-
domain and cross-domain CWS based on PLMs
(Huang et al., 2020; Tian et al., 2020). The two
challenging problems in CWS, segmentation am-
biguity and out-of-vocabulary (OOV) words, have
been significantly mitigated by PLM-based meth-
ods that are fine-tuned on large-scale annotated
CWS corpora. Such methods are even reaching
human performance on benchmarks. Nevertheless,
CWS is more valuable as a prelude for downstream
NLP tasks than as a standalone task. Intrinsic eval-
uation of CWS on benchmark datasets only exam-
ines the effectiveness of current neural methods on
word boundary detection. To better apply CWS
in downstream NLP tasks, we should comprehen-
sively re-think CWS from the perspective of practi-
cability. In this paper, we define the practicability
of CWS with two aspects: low complexity as a stan-
dalone task and high beneficiality to downstream
tasks.

The complexity is twofold: 1) complexity of im-
plementation and 2) time and space complexity of
a CWS algorithm. Previous neural methods usu-
ally require additional resources (Zhou et al., 2017;
Ma et al., 2018; Zhang et al., 2018b; Zhao et al.,
2018; Yang et al., 2019; Qiu et al., 2020), such as
external pre-trained embeddings. The complexity
of implementation is reflected in the difficulty of
acquiring external resources. External resources
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vary in quality and the length of time for computa-
tion, For example, it is time-consuming to obtain
effective pre-trained embeddings as they are trained
on a huge amount of data. Generally, it is difficult
to maintain high CWS performance for many previ-
ous neural methods in a low-resource environment.
Neural methods with external resources achieve
high CWS performance but at the cost of a high
complexity of implementation. On the other hand,
for training and inference, PLM-based CWS meth-
ods also consume large memory to store a huge
number of parameters of their models. The speed
of inference is usually slow. The huge memory con-
sumption and slow inference prevent PLM-based
CWS models from being deployed in small-scale
smart devices. And, as CWS is often used with
downstream models, this even weakens the appli-
cability on smart devices as CWS is not supposed
to take too much overhead in this situation.

The second is the beneficiality to downstream
tasks. CWS is rarely used as a standalone task in
industry. Existing CWS evaluations only rely on
benchmarks and analyze the behavior of segmenta-
tion methods in a static scenario. Some well-known
benchmarks are quite old (e.g., Bakeoff-2005) and
not challenging for neural CWS anymore. Such
evaluations are intrinsic, which are not associated
with downstream NLP tasks. High CWS perfor-
mance (e.g., Precision and F1) does not mean that
segmentation results are beneficial to downstream
processing. Additionally, benchmark datasets have
a plenty of segmentation noises that affect CWS
training and evaluation. For instance, although the
structure of “副” (vice) + “X” is segmented as two
words: “副” (vice) and “X” in training data and
never unified as a single word, “副校长” (vice-
president) appears as one word in test data, note
that: X presents any job titles, e.g., “总统” (presi-
dent) and “经理” (manager). There are also many
obvious errors due to annotation inconsistency in
data. We have found, in one benchmark dataset, the
word “操作系统” (operating system) is regarded
as two words [“操作” (operate) + “系统” (system)]
6 times and appears as one word 14 times, respec-
tively. Therefore, to measure and improve the ben-
eficiality of CWS to downstream tasks, intrinsic
evaluations on CWS benchmark datasets are not
sufficient. We should perform extrinsic evaluations
with downstream tasks.

To address the aforementioned practicability is-
sue of CWS, we propose a semi-supervised neu-

ral method via pseudo labels. The method con-
sists of two parts: a teacher model and a student
model. First, we use a fine-tuned CWS model that
is trained on the annotated CWS data as the teacher
model, which can achieve competitive performance
in traditional perspective for CWS. Then we collect
massive unlabeled data and distill knowledge from
the teacher model to the student model by generat-
ing pseudo labels. We filter out noisy pseudo labels
to provide reliable knowledge for training the stu-
dent model. The unlabeled data is easier to obtain
than other external resources (e.g., lexicon and pre-
trained embeddings) and can be updated anytime
at a low cost. And we use the lightweight student
model for inference, hence significantly reducing
the memory consumption and inference time com-
plexity. The practicability of our proposed method
is competitive.

To sum up, the contributions of this work are as
follows:

• Our proposed method distills knowledge from
the teacher model via unlabeled data to coach
the lightweight student model. The proposed
method achieves a noticeable improvement
over strong baselines for CWS by the tradi-
tional intrinsic evaluation.

• The lightweight student can be deployed on a
small-scale device, even in a non-GPU envi-
ronment. We abandon the PLM neural archi-
tectures (teacher model) during decoding. The
speed of decoding is thus fast for practical ap-
plication. Our method reduces the complexity
of implementation, inference time, and mem-
ory consumption.

• We empirically investigate the effectiveness
of the proposed method to downstream Chi-
nese NLP tasks and analyze the impact of seg-
mentation results on them via extrinsic evalu-
ations.

2 Related Work

Since Xue (2003) formalizes CWS as a sequence
labeling problem, many traditional statistical meth-
ods have achieved high performance for CWS on
several benchmarks (Emerson, 2005). According
to (Huang and Zhao, 2007) and (Zhao et al., 2019),
CRF-based models (Tseng et al., 2005; Zhao and
Kit, 2008; Zhao et al., 2010; Sun et al., 2012; Zhang
et al., 2013) and neural methods (Zheng et al., 2013;

4370



Pei et al., 2014; Chen et al., 2015; Cai and Zhao,
2016; Cai et al., 2017) have been reported to out-
perform traditional methods with high F1 scores
(0.95-0.97). In particular, Long Short-Term Mem-
ory Networks (LSTM) are the main backbone net-
works being used in these methods (Huang et al.,
2015; Ma et al., 2018; Yang et al., 2019). Except
for using LSTM, self-attention networks have been
also employed for CWS (Duan and Zhao, 2020).

The OOV problem has been a long-standing
challenge for CWS and it is particularly serious
in the cross-domain scenario. To relieve this issue,
many studies incorporate a variety of pre-trained
word embeddings and external resources into CWS
models (Zhou et al., 2017; Zhang et al., 2018b,a;
Yang et al., 2019). Recently, with the development
of PLMs (Devlin et al., 2018; Liu et al., 2019),
fine-tuning methods benefit from a huge amount of
the pre-trained knowledge for alleviating the OOV
problem for CWS (Meng et al., 2019; Tian et al.,
2020; Huang et al., 2020; Qiu et al., 2020). Such
methods are nearly reaching human-level perfor-
mance.

Nevertheless, external resources and PLMs re-
sult in additional costs in memory consumption
and inference time. Knowledge distillation has
been proposed to alleviate this additional cost is-
sue (Ba and Caruana, 2014; Hinton et al., 2015).
Kim and Rush (2016) propose to use knowledge
distillation for neural machine translation while
Mukherjee and Awadallah (2019) study several as-
pects of distillation to match the student model for
sentiment classification. Jiao et al. (2020) adopt
multiple distilling strategies to minimize the num-
ber of the parameters of the pre-trained language
model. Different from these previous studies, our
proposed method utilizes unified pseudo labels to
improve the performance of the lightweight model.
The model can provide positive influence as a pre-
processing step to downstream tasks, compared
with previous state-of-the-art methods.

3 Proposed Framework

Aiming at not only keeping competitive perfor-
mance on benchmarks but also reducing the com-
plexity of the CWS methods, our proposed frame-
work consists of two essential modules: a student
model and a teacher model, as shown in Figure 1.
There is an obvious performance gap between the
model based on PLMs (Huang et al., 2020) and the
lightweight model (Duan and Zhao, 2020). The
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Figure 1: The illustration of our proposed framework.
The red, green and blue blocks indicate the heteroge-
neous student models.

OOV issue is the main reason for the gap. Since
the teacher model based on fine-tuned PLMs with
high complexity can alleviate the OOV issue effec-
tively, we use a combination of PLM-based teacher
and lightweight student. First, the teacher model
transfers pre-trained knowledge into a specific data
distribution by annotating unlabeled data. Then
we utilize a huge amount of such annotated data
to distill knowledge from the teacher model to the
lightweight student model. The pseudo labels pro-
vided by the teacher model can help the lightweight
model to alleviate the OOV issue of CWS.

3.1 Teacher Model

Recently, there are several PLMs (e.g., BERT and
RoBERTa) that have shown competitive perfor-
mance for many NLP tasks. In particular, a mod-
ified RoBERTa model has been built for Chinese
NLP tasks (Cui et al., 2019). Inspired by the previ-
ous success of PLM-based models on CWS (Huang
et al., 2020), we use the RoBERTa-WWM PLM as
the teacher model.

Normally, PLMs are trained for predicting words
in general. To adapt PLMs and transfer their knowl-
edge to CWS, we need to fine-tune PLMs on the
annotated data of CWS. Let X denote the inputs,
which are converted into a sequence of embeddings.
For consistency, two tags (“[CLS]” and “[SEP]”)
are added to the beginning and end of each sen-
tence, respectively. A Linear transfer layer with
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W (t) ∈ Rdmodel∗N replaces the original compo-
nent, where dmodel is the same as the size of di-
mensions of the pre-trained model and N presents
number of tags in CWS annotated data (N = 4).
We convert CWS annotations into annotations with
a 4-tag set T = {B,M,E, S} that indicates the
Begin, Middle, End of a word, or a Single char-
acter forming a word. After linear mapping, the
teacher model adopts the function of Softmax and
the greedy search for decoding.

p(t)(x) = Softmax(ht(x) ·W (t) + b(t)) (1)

where ht(x) represents the hidden states of the
teacher model. Complex algorithms (e.g., CRF or
beam search) for decoding are abandoned in or-
der to reduce the complexity. In addition, these
complex algorithms only obtain a slight improve-
ment for CWS. CRF increases the time complexity
by n times and beam search requires more search
time varying with the beam size, compared with
the greedy search.

GreedySearch→ O(Mn)

BeamSearch→ O(Mnb2)

CRF → O(Mn2)

where M is a constant representing other factors in
the model complexity, n is the size of the sentence,
and b is the width of beam.

The training of the teacher model is to minimize
the errors by solving the following optimization
function:

min
W (t)

Jseg(y(x)|p(t)(x,W (t))) (2)

where the loss function Jseg is computed by:

Jseg(y(x)|p(t)(x)) = −
∑

x

y(x)logp(t)(x) (3)

3.2 Student Model
To improve the practicability of CWS, our pro-
posed framework rediscovers the potential of the
lightweight models. The lightweight model suffers
from the OOV problem compared with the teacher
model. However, the lightweight model can help
us to solve the practicability issue of CWS. We
propose multiple lightweight models as the student
model, as shown in Figure 1.

-ConPrune. This is a pruned PLM model,
where three quarters of the PLM’s layers are dis-
carded. Particularly, we only use the first top 3

layers of the entire 12 layers. We also incorporate
a Convolutional Neural Network (CNN) encoder
to capture the local features of the sequence.

-LSTM. LSTM is the most popular architec-
ture for sequence labeling tasks (Ma et al., 2018).
As shown in Figure 1, for each input character
ci, the corresponding character uni-gram embed-
ding and bi-gram embedding are represented as
eci and ecici+1 , respectively. The LSTM model is
fed with the two types of character embeddings by
concatenation operation, wi = eci ⊕ ecici+1 . The
loss function and the decoding are the same as the
teacher model.

-Transformer. The Transformer is usually not
working as well as LSTM for sequence labeling
tasks despite its success on other tasks. We pro-
pose a new Transformer variant that is inspired by
Duan and Zhao (2020). The modified Transformer
utilizes the Gaussian directional mask to encode
unigram features.

-CRF. Although CRF is not a dominant model
for CWS, it still has great significance for prac-
ticability. We only utilize uni-gram and bi-gram
features for CRF, keeping the same as neural meth-
ods for a fair comparison. It does not rely on any
auxiliary features, e.g., accessor variety (AV) (Feng
et al., 2004) or pointwise mutual information (PMI)
(Sun et al., 1998).

All formulations and details of the student mod-
els are shown in Appendix A.

3.3 Pseudo Labels

Neural networks typically predict the probability of
each class by Softmax. In the form of distillation,
knowledge is transferred to the distilled model by
using a distribution that is produced by the teacher
model with a temperature in its Softmax. How-
ever, the architectures of the student models are
completely different from the teacher model, as
shown in the last section. Unlike previous stud-
ies on distilling knowledge, the process of knowl-
edge distillation in our framework is essentially the
same as the original CWS task. Particularly, our
proposed method distills the knowledge from the
teacher model to the student model by using a huge
amount of unlabeled data as the knowledge con-
tainer. It is easy to obtain unlabeled data from the
Internet. The pseudo labels are generated together
with noisy labels and we reduce the impact of noisy
labels. Due to the high correlation between training
data and unlabeled data, we directly distill knowl-
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MSR PKU AS CITYU CTB6
TRAIN TEST TRAIN TEST TRAIN TEST TRAIN TEST TRAIN TEST

# CHAR 4,050K 184K 1,826K 173K 8,368K 198K 2,403K 68K 1,156K 134K
# WORD 2,368K 107K 1,110K 104K 5,500K 123K 1,456K 41K 701K 82K

NER-PKU WMT-18 UNLABELED

TRAIN TEST TRAIN DEV TEST PEOPLE’S DAILY

# SEN 17,546 1,714 24,752,392 2,002 2,001 115,856

Table 1: Statistics of our datasets. The upper part of the table shows the details of the CWS benchmarks and the
bottom for the downstream NLP tasks. All datasets come from the official websites.

edge from the teacher model to the student model,
and the final loss is shown as follow:

Ju(y(u)|p(s)(u)) = −
∑

xu

yulogy∗(xu) (4)

J(Θs,Θu) = Jseg(Θs) + αJu(Θu),

Θs : y(x)|p(s)(x),Θu : y(u)|p(s)(u)
(5)

where s denotes the student model, α is a weight to
balance the losses on the labeled data and unlabeled
data (α = 0.5 in our experiments). The loss func-
tion is calculated with two parts. One is from the
labeled data, the other is from the unlabeled data
xu. Hard prediction of the teacher model on the
unlabeled data produces noisy labels yu. And the
prediction of the student model on unlabeled data is
y∗. To reduce the redundant computation, pseudo
labels are mix-sampled according to a regular in-
terval. The sampling strategy chooses the different
n-gram features with the annotated data, which
makes the distribution of unlabeled sentences dif-
ferent from the annotated data. Instead of optimiz-
ing the loss function jointly, we adopt a two-stage
optimizing method. The first stage trains student
models on the large-scale annotated data. In the
second stage, the student model is continued to be
trained on the data with labels predicted from the
teacher model. Since the teacher model is also fine-
tuned on the annotated data, the two-stage training
does not suffer from the catastrophic forgetting
issue.

4 Experiments

4.1 Datasets and Settings
To examine the advantage of distilling knowledge
and the complexity of our proposed framework
via pseudo labels, we conducted experiments on
five benchmarks (Bakeoff-20052 and CTB6). The

2http://sighan.cs.uchicago.edu/
bakeoff2005/

Parameters Teacher
Student

PRUNE LSTM TRANS

Hidden states 768 768 256 256
uni-gram embeds 768 768 50 256
bi-gram embeds - - 50 -
learning rate 2e-5 1e-5 1e-3 0.1
batch size 64 256 64 4096
dropout 0.1 0.1 0.2 0.1
hidden layers 12 3 3 6
epochs 10 20 30 200

Table 2: The hyper-parameters. “PRUNE” represents
the ConPrune and “TRANS” represents the modified
Transformer.

statistics of the benchmarks are shown in Table 1.
We randomly picked 10% sentences from the train-
ing data as the development data for tuning. The
unlabeled data were collected from the People’s
Daily website. We crawled 5,000 articles. For con-
sistency, we pre-processed unsegmented sentences,
which is similar to previous work (Cai et al., 2017).
In addition, to empirically validate the beneficial-
ity of the proposed CWS method to downstream
tasks, we carried out comprehensive experiments
on named entity recognition (NER) and machine
translation (MT). The details of datasets for these
two tasks are shown in Table 1. We used F1 as the
evaluation metric for NER and BLEU (Papineni
et al., 2002) for MT.

To fine-tune the teacher model (i.e., RoBERTa-
WWM), we adjusted a few crucial hyper-
parameters for it, as shown in Table 2. The hyper-
parameters of the student model were tuned with
the development sets. We evaluated inference
speed for all models on the same hardware configu-
ration (Non-GPU environment: Intel(R) Core(TM)
i9-10900KF CPU @ 3.70GHz //GPU environment:
Nvidia GeForce RTX 3090). All other hyper-
parameters and search ranges are shown in Ap-
pendix B.
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MODELS AU PKU MSR AS CITYU CTB6 S-CPU (ms.) S-GPU (ms.)

TEACHER - 96.68 98.14 96.62 97.92 97.55 119.24 3.61

CRF
× 95.02 96.72 95.40 94.25 95.65 3.54 -√

96.19 97.33 95.70 96.18 96.79

LSTM
× 95.15 97.26 95.29 95.13 94.98

21.66 1.03√
96.25 97.58 95.81 96.30 96.66

GREEDY LSTM
× 95.37 96.83 95.22 95.54 96.06

11.62 -√
96.43 97.17 95.43 96.44 97.04

TRANSFOMER
× 95.46 97.59 95.96 95.26 96.10

60.41 1.70√
96.43 97.79 96.25 96.91 97.16

CONPRUNE
× 96.34 97.93 96.31 97.28 97.19

30.17 1.29√
96.76 98.07 96.47 97.58 97.45

Table 3: Results on the Bakeoff-2005 dataset. “AU” indicates whether the student model utilizes unlabeled data.
GREEDY LSTM follows Cai et al. (2017), which is a LSTM model adapted to the CPU environment. S-CPU/GPU
denotes the inference speed (ms per sentence) on the CPU/GPU environment.

MODELS PKU MSR AS CITYU CTB6

(CHEN ET AL., 2015) 96.5 97.4 - - 96.0
(ZHOU ET AL., 2017) 96.0 97.8 - - 96.2
(MA ET AL., 2018) 96.1 97.4 96.2 97.2 96.7
(GONG ET AL., 2019) 96.7 96.5 94.5 93.7 -
(DUAN AND ZHAO, 2020) 95.5 97.7 95.7 96.4 -

(TIAN ET AL., 2020) 96.5 98.4 96.6 97.9 97.3
(HUANG ET AL., 2020) 96.7 98.1 - - 97.6

TRANSFORMER 96.4 97.8 96.3 96.9 97.2
CONPRUNE 96.8 98.1 96.5 97.6 97.5

Table 4: Experiment results on the Bakeoff-2005
datasets. The best results obtained by non-PLM mod-
els. Our results are significantly better (p < 0.05 boot-
strap resampling) than all previous state-of-the-art re-
sults.

4.2 Results of Intrinsic Evaluation

As shown in Table 3, we investigated the effect of
the proposed method on the benchmark Bakeoff-
2005, which is the most widely-used dataset for
CWS. “TEACHER” denotes the teacher model as
introduced in section 3.1. It achieves competitive
performance as it is based on a state-of-the-art pre-
trained model. Other models are the student mod-
els.

Experimental results in Table 4 show that
our proposed semi-supervised method signifi-
cantly improves the performance on all 5 bench-
mark datasets, compared with the pure student
model. Surprisingly, results of the proposed semi-
supervised method are even close to those of the
teacher model. We also compared our proposed
method against previous SOTA models, as shown
in Table 4. In particular, Tian et al. (2020) and

Huang et al. (2020) utilize PLMs which are slower
in inference than non-PLM CWS models. This
paper focuses on the methods with low complex-
ity. These results demonstrate that our proposed
method achieves state-of-the-art performance com-
pared with non-PLM methods. Although there is
a small performance gap between our proposed
method and fine-tuned PLM methods, the advan-
tage of our method over PLMs is that our method
is much faster in both CPU and GPU environments,
as displayed in Table 3, which is the key interest
of our work. From this perspective, our method is
more readily to be used in downstream tasks than
previous state-of-the-art PLM methods. In addi-
tion, our proposed method not only maintains the
advantages of the basic neural methods but also has
a low complexity for practicability. Meanwhile, the
method leverages easily available unlabeled data to
make up for the insufficiency of the student model.

4.3 Results of Extrinsic Evaluation

The performance of models on various CWS bench-
marks only demonstrates the merits of models
themselves. However, CWS results of different
methods that achieve good performance on bench-
marks are not necessarily beneficial for specific
downstream tasks. We therefore investigated the
effect of using different CWS results on the two
popular downstream Chinese NLP tasks (NER and
MT) to analyze the beneficiality of CWS methods
to other tasks. The benchmarks of these two tasks
that we adopted are both widely acknowledged in
the literature of NER and MT. Particularly, we used
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MT (BLEU) CWS (F1) NER (F1)
ZH→EN SEG. TRAIN SEG. TEST NR NP NT

CHAR 21.16 GOLD 1.000 1.000 .895 .880 .864

TEACHER 23.51 +2.35 .991 -.009 .993 -.007 .897 +.001 .875 -.005 .862 -.002
CRF 23.37 +2.21 .990 -.010 .992 -.008 .907 +.012 .880 -.000 .877 +.013
CRF† 23.68 +2.52 .990 -.010 .992 -.008 .915 +.020 .881 +.001 .862 -.002
CONPRUNE 23.71 +2.55 .990 -.010 .992 -.008 .903 +.008 .879 -.001 .863 -.001
CONPRUNE† 23.73 +2.57 .988 -.012 .991 -.009 .915 +.020 .884 +.004 .877 +.013

Table 5: Results on NER and MT. “NR, NP AND NT” represent entities of person, place and organization. “GOLD”
denotes gold-standard word segmentations for NER and “CHAR” indicates the character-level neural model based
on Transformer for baseline comparison. † indicates that the corresponding model utilizes the proposed semi-
supervised method.

the “PKU” open resources for NER evaluation and
a Chinese-to-English machine translation task from
WMT-183 for MT evaluation. The model for NER
employs word-based LSTM to extract context in-
formation and applies a CRF layer stacked over
LSTM for decoding. It utilizes random word-level
embeddings which can be further fine-tuned later.
The evaluation of this task is the same as CWS
(F1). The MT model is based on the Transformer
(Vaswani et al., 2017) neural network. We used
Byte Pair Encoding (BPE) for alleviating the issue
of rare words. We kept all other hyper-parameters
of the NER and MT models as those widely used.
We then fed CWS results produced by different
models into the NER and MT models. Results are
shown in Table 5.

Clearly, our proposed method can provide word
segmentations that are beneficial for the two down-
stream tasks. The performance of NER using seg-
mentation results yielded by our proposed method
is better than others, even ground-truth word seg-
mentations. All segmentation systems achieve
good performance with no evidence of OOV. How-
ever, there are still some distinctions between two
CWS methods, which will be analyzed in the case
study section. Except for the quality of word seg-
mentations, the speed of our proposed method is
fast enough to support specific downstream tasks.
Surprisingly, we find that word segmentations with
high F1 scores on CWS benchmarks do not neces-
sarily indicate high performance on downstream
tasks. Especially, the optimal performance of seg-
mentation results (“Seg. train” and “Seg. test”)
does not suggest the highest performance on NER
(“NR”, “NP” and “NT”), as shown in Table 5. This

3http://data.statmt.org/wmt18/
translation-task/

might be due to two reasons. First, gold results in
NER have noises, which is similar to CWS. Our
proposed method has a strong robustness to deal
with noisy labels. Second, word segmentation er-
rors do not necessarily cause error propagation.

4.4 Case Study
To make further progress on CWS, it is important
to understand errors that CWS methods are making.
Hence we randomly selected typical errors from
the PKU test set and manually analyzed them.

The segmentation errors can be roughly divided
into two categories. One is the type of errors
with OOV words. The proposed semi-supervised
method can alleviate the issue of OOV words ef-
fectively. For instance, “威尔第” (Verdi) is seg-
mented into two words incorrectly by the pure stu-
dent model. This split frequently occurs in the un-
labeled data, and such knowledge is distilled from
the teacher model. The semi-supervised method
can revise these OOV words.

Except for the type of errors of OOV words, the
rest of errors are mainly caused by segmentation
inconsistency. For example, the word “人” (person)
should be regarded as a suffix word behind some
words, e.g., “中国+人” (Chinese) and “代理+人”
(agent). “人” (person) also exists as part of other
words, e.g., “关系人” and “继承人”. Simply train-
ing neural model on such inconsistent segmentation
data may be insufficient to solve these segmenta-
tion errors without further efforts in data process-
ing. This situation naturally raises a question: do
the errors caused by segmentation inconsistency
really influence the performance of downstream
NLP tasks?

To answer this question, we conducted addi-
tional experiments on the two downstream NLP
tasks. In NER, segmentation results of non-entity
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words hardly affect the performance of NER. For
instance, the word “不懈奋斗” (untiringly strug-
gle) is regarded as a word according to the criterion
of “PKU”. Previous state-of-the-art methods that
achieve high F1 scores for CWS can segment it cor-
rectly. While our proposed method splits this unit
into two independent words “不懈” (untiringly)
and “奋斗” (unremitting). However, these two
words do not belong to any entities. In other words,
the better performance for segmenting non-entity
words does not necessarily indicate better perfor-
mance of NER. In addition, segmentation results
of entity words directly affect the veracity of NER.
There is a phrase “西方七国集团” (the Group of
Seven, abbreviations: G7) in a sentence. This seg-
ment is an organizational entity. In word segmenta-
tion, it is regarded as two words “西方” (western)
and “七国集团” (the group of seven countries) ac-
cording to ground-truth segmentation results. Pre-
vious state-of-the-art methods are usually able to
segment it correctly. By contrast, our proposed
method segments it into three words “西方” (west-
ern), “七国” (seven countries) and “集团” (group).
Surprisingly, the final result of NER is out of ex-
pectation. The entity with incorrectly segmented
words by our method is correctly recognized. Gold
segmentation does not achieve a better result on
this entity. The vague boundary of a word may in-
crease the uncertainty and difficulty of downstream
Chinese NLP tasks. There are many prefix and
suffix words in Chinese. Sometimes, it is hard to
determine whether these words are a single word
or not. For this reason, high performance of CWS
is not equal to high performance of Chinese NER.

In MT, due to the technique of BPE, rare words
are segmented into sub-words. The issue of un-
known words can thus be alleviated effectively.
Even if a word as simple as “日本” (Japan) is seg-
mented into two words incorrectly, NMT models
are able to prevent the error propagation of seg-
mentation in the training step. Thus, a faster seg-
mentation system, rather than a high-performance
segmentation system, is more practical for NMT.
To analyze NMT translation differences between
two sentences with different segmentation results,
we also supply the additional analysis in Appendix
C. We find that segmentation results with slight
differences make translation results varying. The
boundary of words may lead to these differences.
But we also conjecture that this is more due to the
robustness of NMT models.

5 Conclusion

To bring a positive impact of CWS to down-
stream NLP tasks, this paper makes a trade-off
between the traditional evaluation and the com-
plexity (e.g., implementation and decoding speed),
which makes the segmenter more practical. We pro-
pose a semi-supervised method that distills knowl-
edge via pseudo labels into the lightweight student
model. The method is low coupling, which signif-
icantly improves the performance of multiple het-
erogeneous tiny neural architectures. The proposed
framework can achieve competitive performance
on CWS benchmarks and the speed of the student
model also satisfies the practical requirement. In
summary, the advantages of our model are twofold.
First, the inference speed of the method is much
faster than PLM methods. It can run under low
resource conditions, even on CPUs. Second, the
model provides efficient segmentation results for
downstream NLP tasks.
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Appendix

A Model Architecture

This paper introduces multiple heterogeneous tiny
neural architectures as the student model. To better
describe each model, all formulations of the student
models are shown as follows.

-ConPrune. ConPrune prunes three quarters of
12 layers of the used PLM. To extract local features,
we incorporate a Convolutional Neural Network
(CNN) encoder into the pruned model. The kernel
size determines the distance of scanning. The input
sequence is converted into two vector matrices Et
and Ec. Word positions are also mapped into a
feature matrix Ep. The input to the encoder consists
of four parts that are token embedding Et, position
embedding Ep, segment embedding Es and CNN
embedding Ec. Because of the specificity for CWS,
all segment embeddings of sequences are regarded
as the same mapping matrix Es. The input of the
two components are:

Etrm = Et + Ep + Es,Ecnn = Ec (6)

The convolutional encoder involves a filter W ∈
Rhk, which is applied to a window of h characters
to produce a new feature.

Wcnn = Relu (W ·xi:i+h−1 + b) (7)

where Relu is a type of activation function.
xi:i+h−1 indicates the matrix of Ec.

The pruned encoder consists of 3 base Trans-
former encoded layers with multiple multi-head
self-attention layers to extract contextual features
for each character. The multi-head self-attention
layer adopts “Scaled Dot-Product Attention” which
is formulated as:

Attn (Q,K, V ) = softmax

(
QKT

√
dk

)
V (8)

where Q,K, V represents a query and a set of key-
value pairs through a linear transformation respec-
tively, and dk is the dimension of K.

MultiAttn (Etrm) = [head1, ..., headk]W
O (9)

headi = Attn
(
EtrmW

Q
i , EtrmW

K
i , EtrmW

V
i

)
(10)

where WO,WQ
i ,W

K
i ,W

V
i are trainable parame-

ters.

-LSTM. LSTM can be used as a lightweight
architecture for sequence labeling tasks. Rigor-
ous tuning can obtain competitive performance for
CWS. The model handles sequence features very
well. For each input character ci, the correspond-
ing character uni-gram embedding and bi-gram
embedding are represented as eci and ecici+1 , re-
spectively. The LSTM model is fed with the two
types of character embeddings by concatenation op-
eration, wi = eci ⊕ ecici+1 . We get the outputs of
the student representations from the LSTM model
as follow:

−→
hs=

−→
LSTM (w1, w2, . . . , wi) (11)

←−
hs=

←−
LSTM (w1, w2, . . . , wi) (12)

hs =
−→
hs ⊕

←−
hs (13)

-Transformer. This paper adopts a modified
Transformer which follows the previous study by
Duan and Zhao (2020). The modified Transformer
changes the multi-head self-attention to the multi-
head Gaussian directional attention. Given an input
sequence, the attention function can be described
as mapping a query and a set of key-value pairs.
The Gaussian directional attention incorporates the
Gaussian directional attention into traditional self-
attention module to pay attention to the neighbor-
ing characters of each position and capture features
between characters as a fix Gaussian weight for
attention. The Gaussian weight function and the
multi-head Gaussian directional attention are com-
puted as:

Gi,j =

√
2

σπ

∫ −di,j
−∞

exp(− x2

2σ2
)dx (14)

where i and j are two adjacent positions, di,j is the
distance between the two characters, σ represents
the standard deviation of the function. We set this
hyper-parameter as 2.

GDA(Q,K, V ) = softmax(
QKTG√

dk
)V (15)

where GDA represents the Gaussian directional at-
tention, dk is the dimension of the matrix K. Q,
k and V are vectors which are similar to the base
Transformer. The multi-head attention are com-
puted as:

MultiGDA = [head1, head2, ..., headk]W
o

headi = GDA(QW q
i ,KW

k
i , V W

v
i )

(16)
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CONFIG Parameters

hidden states 768
optimizer Bert Adam
learning rate [3e-5,2e-5,1e-5]
batch size [16,32,64,256]
dropout [0.1,0.2,0.4]
epochs 20

Table 6: The hyper-parameters of the teacher model.

CONFIG Parameters

hidden states 768
optimizer Bert Adam
learning rate [3e-5,2e-5,1e-5]
batch size [16,32,64,256]
dropout [0.1,0.2,0.4]
epochs 40
kernel size [2,3,4]
char embeds [768]

Table 7: The hyper-parameters of the conPrune model.

CONFIG Parameters

char embeds [50,100,200]
bi-gram embeds [50,100,200]
hidden states [128,256,512]
optimizer Adam
learning rate [0.01,0.001,0.002]
batch size [16,32,64,256]
dropout [0.1,0.2,0.4]
hidden layers [1,2,3]
epochs 30

Table 8: The hyper-parameters of the LSTM student
model.

where WO,WQ
i ,W

K
i ,W

V
i are trainable parame-

ters. The layer normalization is adopted in the end
of each multi-head Gaussian directional attention
layer.

B Hyper-parameter Setting

To improve the reproducibility, we list all important
hyper-parameters of the teacher model (Table 6),
the student models (Table 7 and 8), the word-based
NER models (Table 9) and the NMT model. We
randomly pick 10% sentences from the training
data as the development data for the tuning. In
addition, we use the original development set of

CONFIG Parameters

input embeds [50,100,200]
hidden states [100,200,300]
optimizer Adam
learning rate [0.01,0.001,0.005]
batch size [16,32,64,256]
dropout [0.1,0.2,0.5]
hidden layers [1,2,3]
epochs 30

Table 9: The hyper-parameters of the word-based NER
model.

Figure 2: The Pinyin sequences for two Chinese sen-
tences.

WMT-18 for MT. We utilize the uniform-sample to
choose the hyper-parameters. In particular, we use
the hyper-parameters of the modified Transformer
model and the NMT model following previous stud-
ies (Vaswani et al., 2017; Duan and Zhao, 2020).

C Case Study

For NMT, it is difficult to analyze translation re-
sults as the interpretability of NMT is poor. We
start with examples and focus on the differences
between two translations with different segmen-
tation results in addition to sentence-level BLEU
scores. The Pinyin sequences for the two Chinese
sentences are shown in Figure 2 and translations
are shown in Table 10. We find that segmentation
results with slight differences make translation re-
sults varying. The boundary of words may lead to
these differences. There is a considerable discrep-
ancy when the neural machine translation system
stops training at different steps. That shows the
neural machine translation system is unstable. It
is full of uncertainty, and it still brings great chal-
lenges for the MT model itself and other crucial
techniques.
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LABEL MODEL SEG. RESULT MT. RESULT BLEU

I
TEACHER

yi/ ta/ wei/ yi tuo/ ,/ wu zhen da dao/ ke with it as its base, the koku district of wuzhen
21.79

chuang/ ji ju qu/ ying yun er sheng boulevard came into being.

CONPRUNE† yi/ ta/ wei/ yi tuo/ ,/ wu zhen/ da dao/ ke to rely on it, wuzhen boulevard science set up 70.71
chuang/ ji ju qu/ ying yun er sheng the agglomeration area emerged at the moment.

II

TEACHER

bao/ xie ke/ ,/ shun/ xie jiao/ ,/ tiao/ xie dipping crab shell, sucking crab foot, picking
17.28rou/ ,/ zhan/ xie/ liao/ ,/ shi ke/ gan shou/ crab meat, dipping crab material, eating

zhe/ shen/ chu/ jiang nan/ de/ mei hao experience in the south of the good.

CONPRUNE†
bao/ xie/ ke/ ,/ shun/ xie/ jiao/ ,/ tiao/ xie/ peeling crab shell, sucking crab feet, picking

27.08rou/ ,/ zhan/ xie/ liao/ ,/ shi ke/ gan shou/ crab meat, dipping crab material, customers
zhe/ shen/ chu/ jiang nan/ de/ mei hao feel the good in the south of the river.

Table 10: The evaluation and results for MT. SEG. RESULT represents the segmentation results with different
CWS methods. In particular, we use “/” to split the words.
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Abstract

Code generation is the task of generating code
snippets from input user specifications in nat-
ural language. Leveraging the linguistically-
motivated hierarchical structure of the input
can benefit code generation, especially since
the specifications are complex sentences con-
taining multiple variables and operations over
various data structures. Moreover, recent
advances in Transformer architectures have
led to improved performance with tree-to-tree
style generation for other seq2seq tasks e.g.,
machine translation. Hence, we present an
empirical analysis of the significance of input
parse trees for code generation. We run text-
to-tree, linearized tree-to-tree, and structured
tree-to-tree models, using constituency-based
parse trees as input, where the target is Ab-
stract Syntax Tree (AST) of the code. We eval-
uate our models on the Python-based code gen-
eration dataset CoNaLa and a semantic pars-
ing dataset ATIS. We find that constituency
trees encoded using a structure-aware model
improve performance for both datasets. We
also provide an analysis of those aspects of
the input parse trees which are most impact-
ful. For instance, we find that structure-aware
encodings are better at modelling inputs with
multiple variables and capturing long-range
dependencies for code generation.1

1 Introduction

Code generation is the task of converting input user
specifications written in natural language (NL) to
code snippets in a target programming language. It
is a task-driven variant of semantic parsing, which
translates natural language input to formal machine-
executable representation. Recent works have uti-
lized the Abstract Syntax Tree (AST) - which is the
syntactic tree representation of target source code

1Code available at: https://github.com/
sdpmas/TreeCodeGen.

- to generate better code snippets (Yin and Neu-
big, 2017, 2018; Sun et al., 2020; Rabinovich et al.,
2017). The use of ASTs has achieved strong results
but there has been relatively less work on utilizing
the parse trees of the NL input. Constituency or
dependency trees representing the syntactic struc-
ture of input can be leveraged to perform sub-tree
alignment with corresponding AST of target code
and benefit the downstream task. Hence, in this
paper, we present several tree-to-tree models for
the code generation task that convert the parse tree
representation of NL input to AST representation
of target source code. First, we base our model
on the Transformer architecture (Vaswani et al.,
2017). However, the standard Transformer is not
designed to preserve the tree structure of the input
parse trees. Hence, to better encode the trees, we
modify a structure-aware Tree Transformer model
(Nguyen et al., 2020) for the tree-to-tree code gen-
eration task. We focus on constituency-based parse
trees in this paper because of space constraints as
this is a short paper. Moreover, as pointed out
by Nguyen et al. (2020), there is little evidence
of constituency structures being learned implicitly
in language models, whereas dependency struc-
tures have been shown to be implicitly embedded
in models like BERT (Devlin et al., 2019; Hewitt
and Manning, 2019). We evaluate our models on
the CoNaLa dataset (Yin et al., 2018) and find that
incorporating constituency parse trees in input us-
ing structure-aware encoders improves the quality
of generated code. We further evaluate our mod-
els on the ATIS dataset (Hemphill et al., 1990),
which translates natural language sentences into
their lambda calculus logical forms and show that a
structure-aware Transformer significantly improves
performance over a standard Transformer.

We also focus on analyzing the input parse trees
to find the aspects that benefit code generation. Our
analysis comprises ablation experiments on our pro-
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posed structure-aware model and pattern analysis
of the output from different models with respect to
the characteristics of input natural language spec-
ification. Specifically, we analyze the variation
in performance with the presence of user-defined
identifiers and variable entities in input sentence,
and the complexity of input trees. We find that
the structure-aware model improves performance
when such identifiers and variables are present to-
wards the end of the input sentences and when the
input sentences are short in length.

2 Related Work

Code Generation. Code generation for general-
purpose programming languages is a recent phe-
nomenon, earlier works being focused on domain-
specific languages (Gulwani and Marron, 2014;
Raza et al., 2015). Recent works have mainly ap-
plied sequence-to-tree models for code generation,
with the tree being the AST of target source code
(Dong and Lapata, 2016; Yin and Neubig, 2017;
Rabinovich et al., 2017; Yin and Neubig, 2018,
2019; Shin et al., 2019; Xu et al., 2020; Sun et al.,
2020). While the use of ASTs for code generation
has been substantially studied, to the best of our
knowledge, the use of input parse tree for code
generation is largely unexplored.

Semantic Parsing. Several methods have been
proposed to parse natural language sentences to for-
mal meaning representations like lambda calculus
(Wong and Mooney, 2007), Alexa Meaning Repre-
sentation Language (Kumar et al., 2017), Abstract
Meaning Representations (AMR) (Banarescu et al.,
2013), structured queries (Iyer et al., 2017; Yin
and Neubig, 2018), etc. Many of the recent works
for semantic parsing have focused on sequence-to-
tree models leveraging tree structures like AST as
the intermediate representation for target meaning
representation (Yin and Neubig, 2018; Sun et al.,
2020). Code generation can also be regarded as a
form of semantic parsing where the target meaning
representation is programming language snippet.

Source Trees and Structure-Aware Models.
Several structure-aware tree-encoders have also
been proposed to process the source trees (Chen
et al., 2017a,b; Yang et al., 2017; Nguyen et al.,
2020). While many of the tree-encoders are de-
pendent on recurrent mechanism and hence are
unparallelizable, Nguyen et al. (2020) propose a
Transformer-based structure-aware model that is

parallelizable. Concurrently, several tree-to-seq
models have been proposed that leverage source
syntactic trees for NLP tasks like machine trans-
lation (Eriguchi et al., 2016; Yang et al., 2017;
Eriguchi et al., 2017; Chen et al., 2017b) and sen-
tence modeling (Shi et al., 2018). There has been
some work on leveraging hybrid tree - a joint tree-
like representation of the NL sentence and corre-
sponding meaning representation - for semantic
parsing (Lu et al., 2008; Jie and Lu, 2018), while
Harer et al. (2019) made use of source tree struc-
tures for code correction. However, the same is
unexplored in the context of code generation. We
study the use of tree-to-tree models for code gener-
ation and provide analysis of its various modules.

3 Our Models

3.1 Baseline (Sequence-to-Tree Model)

We use a standard Transformer model (Vaswani
et al., 2017) as our natural language-to-code base-
line. We build a sequence-to-tree model with a
regular Transformer encoder and decoder. The en-
coder maps the source sequence x = x1, x2, ..., xn
to its vector representation x̂ = x̂1, x̂2, ..., x̂n,
which is passed into the decoder. At each time
step t, we linearize the AST generated till time step
t− 1 i.e. AST y<t and concatenate its embedding
with the embedding of the corresponding parent ac-
tions, following Yin and Neubig (2017). Decoder
takes this partial AST vector representation and
source vector representation x̂ from encoder as in-
put and expands the frontier non-terminal node of
the partial AST. Here, ASTs are linearized by the
pre-order depth-first traversal and the expansion
of the AST, at each time step, is constrained by
the grammar rules of the underlying programming
language. We adopt the ASDL grammar and tran-
sition system (Yin and Neubig, 2018) that decom-
poses the production of an AST into a sequence
of actions. At each time step t, the action at can
be of 3 types (see Appendix for details). Given
the input specification x, the probability of gen-
erating an AST y can be expressed in terms of
probabilities of generating corresponding actions:
p(y | x) =∏t p(at | x, y<t). Here, at is the action
at time step t and y<t is the partial AST generated
upto time step t. We also use a pointer network
(Vinyals et al., 2015) to allow the model to copy
relevant entities from input sequence while gener-
ating a terminal AST node.
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3.2 Linearized Tree-to-Tree Model

Here, we use the identical model architecture as
our baseline (see Sec. 3.1) but we replace the input
NL sequence with its linearized constituency-based
parse tree. Constituency trees aim to describe syn-
tactic structure of the sentence by dividing it into
sub-phrases. As discussed in Sec. 1, this struc-
tural information can promote alignment between
source and target sub-trees (AST), thereby improv-
ing downstream generation task. In our model,
constituency trees are linearized by the pre-order
depth-first traversal (see Fig. 5 in Appendix). Our
output is the AST representation of code.

3.3 Structured Tree-to-Tree Model with
Hierarchical Accumulation

A standard Transformer encoder (see Sec. 3.1) is
not designed to process the structural information
of input parse trees. On the other hand, many tree-
based models have been proposed in the past to pro-
cess the structural information (Chen et al., 2018;
Eriguchi et al., 2016; Rao et al., 2019) but most
of them are based on recurrent mechanism and
hence, not parallelizable like Transformer-based
models. This observation motivated us to build
a Transformer-based structure-aware tree-to-tree
model. In this paper, we adapt Tree Transformer, an
attention-based tree-to-tree model with hierarchical
accumulation proposed by Nguyen et al. (2020), for
code generation. Hierarchical accumulation aims
to encode the tree by performing a series of oper-
ations including upward cumulative-average and
weighted aggregation on the interpolated tree ma-
trix. Furthermore, the model includes hierarchical
embeddings to induce biases that reflect hierarchy
within each branch of the tree and among the sib-
lings within a subtree. Finally, subtree masking is
used to filter out irrelevant information during up-
ward cumulative-average and weighted aggregation
operations. In this model, our target is identical to
that of our baseline i.e., the AST representation of
the source code, which is later converted to source
code with the help of the transition system. We
linearize the AST in the same fashion as our base-
line, concatenate it with the corresponding parent
actions vector in the hidden dimension and pass it
into the decoder along with the leaves and nodes
vector representations from the encoder. We also
add a pointer network (Vinyals et al., 2015) to allow
the model to copy from leaves of input parse tree
while generating a terminal AST node. Without

Method BLEU
Xu et al. (2020) 27.2
Baseline: Text-to-Tree 28.13
Model 1: Linearized Constituency Tree-to-Tree 27.71
Model 2: Structured Constituency Tree-to-Tree 30.30

Table 1: Results on the test set of CoNaLa dataset.

pointer network, our model architecture is identical
to the Tree Transformer, so we refer the reader to
Nguyen et al. (2020) for a complete description of
the model architecture.

4 Experimental Setup

Dataset. We evaluate each of the models de-
scribed in Sec. 3 on the CoNaLa (Yin et al., 2018)
and ATIS (Hemphill et al., 1990) datasets. The
CoNaLa dataset contains 2379 manually curated
intent-snippet pairs for training (200 of which we
use for validation) and 500 pairs for test. Although
the CoNaLa dataset consists of 600k additional
mined intent-snippet pairs, we train our models
only on the manually-curated training dataset and
compare them with Xu et al. (2020) model trained
on the same dataset and without the use of reranker.
The ATIS dataset consists of 4434, 491 and 448
pairs for training, validation, and test respectively.
Following previous works, we use corpus-level
BLEU-4 and exact-match accuracy metrics for eval-
uation on CoNaLa and ATIS datasets respectively.
See Appendix for details on training and inference.

5 Results

Table 1 shows BLEU scores from our experiments
on the CoNaLa dataset. Our baseline Transformer
model outperforms previous state-of-the-art LSTM-
based model (Xu et al., 2020) by 0.93 BLEU
points. The linearized constituency tree-to-tree
model hinders the BLEU score compared to our
baseline. However, the structured constituency tree-
to-tree model significantly outperforms baseline
by 2.17 (p<0.01)2 BLEU points and linearized
constituency tree-to-tree model by 2.59 (p<0.01)
BLEU points. It also outperforms the baseline
model by 8% in terms of human-evaluated code
quality (see Appendix). This suggests that the struc-
tured inputs can provide important cues for gener-
ating high quality code snippets through structure-
aware encodings. This information is lost when
trees are converted to linearized inputs, thereby

2Statistical significance is computed with 100K samples
using bootstrap (Noreen, 1989; Tibshirani and Efron, 1993).
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Method Acc.
TRANX (Yin and Neubig, 2018) 86.2
TreeGen (Sun et al., 2020) 89.1
Baseline: Text-to-Tree 75.89
Model 1: Linearized Constituency Tree-to-Tree 53.57
Model 2: Structured Constituency Tree-to-Tree 86.83

Table 2: Results on the test set of ATIS dataset.

leading to a drop in performance over the text-to-
tree baseline. It is important to note that our mod-
els have significantly higher number of parameters
compared to (Xu et al., 2020) (roughly 44-49M for
our models vs 2M for their model) as their model
consists of only one layer of LSTM. However, we
ran the LSTM model with higher number of param-
eters by increasing the embedding dimensions and
the number of hidden layers in encoder LSTM and
we did not see significant improvement in BLEU
score. This indicates that the superior performance
of our models is primarily due to the rather than
the increased count of learnable parameters.

Table 2 shows accuracy scores from our exper-
iments on the ATIS dataset. Our baseline model
performs significantly worse than the LSTM-based
TRANX (Yin and Neubig, 2018) and the accuracy
further drops with the linearized constituency tree-
to-tree model. Our structured model, however,
performs significantly better than the aforemen-
tioned models (p<0.01), a trend we observed in
results on the CoNaLa dataset as well. The accu-
racy of the structured model is still slightly worse
than the TreeGen model (Sun et al., 2020). This
might be because the TreeGen model consists of
an AST reader which encodes the partial code tree
generated in previous timesteps using structure-
aware tree convolutions, during generation at each
timestep. Our model lacks such a module for the
target AST. Nonetheless, the overall trend among
our three models suggests that parse trees benefit
semantic parsing as long as their structure is in-
corporated in the model. However, if this extra
hierarchical information is encoded in a linear fash-
ion, it results in negative contribution to semantic
parsing (row 4 in Table 2). Overall, our results
also provide motivation for joint modelling of both,
input and output parse trees, for semantic parsing.

6 Analysis

6.1 Ablation Tests
We ablate our best model to understand the effect
of the various modules in Tree Transformer on tar-

Method CoNaLa
Structured Constituency Tree to Tree 33.76
- Subtree Masking 31.76
- Hierarchical Embeddings 32.62

Table 3: Ablation results for the structured constituency
tree-to-tree model on the validation set of CoNaLa
dataset. BLEU-4 metric is used to evaluate predictions.

 I: Concatenate a list of strings str_0

BM: [ x['str_0' for x in str_0 if 'str_0' in 'str_0' ] ✗

SM: """""".join( [ str_0 ]) ✓

 I: Search for string that matches regular expression
 pattern str_0 in string str_1

BM: re.compile.group( 'str_0', re.DOTALL ) ✗

SM: re.findall( 'str_0', str_1 )  ✓

Figure 1: Sample predictions of our models when
quoted string(s) appear towards the end of input
sentence. These strings (highlighted) are replaced
by placeholders. (I=Input, BM=Baseline Model,
SM=Structured Model)

get task and present results in Table 3. First, we
remove subtree masking which allows each node
of the tree to attend over nodes that are not in the
subtree rooted at that node in hierarchical accumu-
lation. Second, we remove the use of hierarchical
embeddings in our model. On the CoNaLa dataset,
both experiments result in negative impact on the
model’s performance. This suggests that subtree
masking is a crucial mechanism for structure-aware
encoding i.e, for each node in the parse tree, only
the relevant information within the subtree rooted
at the node is useful. Comparatively, the results
show that subtree masking is more important than
hierarchical embeddings.

6.2 Pattern Analysis

Following Yin and Neubig (2017) and Xu et al.
(2020), we next analyze the input intents and
the corresponding code generated by the baseline
model and the structured model (on a subset of
test samples of CoNaLa datset) to find recurring
patterns. First, we observe that input specifications
in CoNaLa dataset contain quoted strings, which
often occur as user-defined identifiers or strings in
generated code as well. We find that when these
quoted strings appear towards the end of the in-
put sentence, the difference in quality of output
code by the two models in terms of average BLEU
score is higher than usual i.e., more than 5 BLEU
points (row 2 of Table 4). Moreover, when the in-
put sentence contains two or more quoted strings,
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 I: Create list var_0 containing 100 instances of object var_1

BM: var_0 = [(var_1 + var_0) for var_1, in 100(var_0)]  ✗

SM: var_0 = [var_1() for _ in range(100)]  ✓

 I: Convert string var_0 into a list of integers var_1

BM: var_1 = [int(x) for x in ’var_1’.split(var_0)]  ✗

SM: [int(i) for i in var_0.split()]  ✓

Figure 2: Sample predictions of our models when
multiple quoted strings appear in the input sentence.
(I=Input, BM=Baseline Model, SM=Structured Model)

Pattern Baseline Structured
All Intents 20.23 23.74
Ending with quoted string 20.79 26.42
Multiple quoted strings 23.55 29.20
No quoted strings 10.04 12.42

Table 4: Comparison of average BLEU scores of base-
line model and structured model in relation to different
characteristics of input intents of CoNaLa dataset. Re-
sults are shown on the test set.

the baseline model often fails to capture the seman-
tic relationship between those strings in the output
code resulting in lower BLEU scores (row 3 of
Table 4). However, in the absence of any quoted
strings, the structure-aware model does better than
the baseline by only 2 BLEU points (row 4 of Ta-
ble 4). This shows that the structured input, when
paired with a structure-aware encoder, helps cap-
ture dependencies between semantic units. Fig. 1
and Fig. 2 provide examples of both these scenarios
and Table 4 compares the average BLEU scores.

Similarly, we notice that there are variable en-
tities like city, airline, airport, time, etc. in the
input specifications, which also appear in the corre-
sponding outputs in the ATIS dataset. We find that
our structure-aware model outperforms the base-
line model by 12.57 points when such variables
occur at the end of the input sentence (see row 3
in Table 6), suggesting that the model is able to
capture long-term dependencies (see Fig. 8).

6.3 Comparison Based on Input Complexity

We compare the performance of the baseline text-
to-tree and structured tree-to-tree models w.r.t. in-
put complexity i.e. the length of input sentences
and height of the input parse trees in the test set
of CoNaLa dataset. The variation of mean BLEU
scores w.r.t. length of input sentence and height of
input trees is shown in Figures 3 and 4 respectively.
In both figures, we observe that the structure-aware
model outperforms baseline by wider margins for
inputs of shorter length and height. Similarly, there

Figure 3: Plot of input intent length vs. mean BLEU
score for our baseline and structured model on the test
set of CoNaLa dataset.

Figure 4: Plot of height of input parse tree vs. mean
BLEU score for our baseline and structured model on
the test set of CoNaLa dataset.

are smaller but consistent improvements for inputs
of medium complexity. The margins are largest for
samples of high complexity, but this observation is
supported by relatively few data points (see scatter
plots in Appendix). From these results, we infer
that the structured model is particularly helpful for
short input sentences or parse trees in code genera-
tion. Similarly, the structured model significantly
outperforms the baseline for shorter intent lengths
in the ATIS dataset. However, we did not find any
clear linkage between the height of input tree and
the performance of our models on the ATIS dataset
(see Figures 9 and 10 in Appendix).

7 Conclusion

We experimented with models to utilize input con-
stituency parse trees for code generation and seman-
tic parsing. Our tree-to-tree model significantly out-
performs other approaches for code generation and
is competitive for semantic parsing. We find that
the hierarchical structure of parse trees helps the
structure-aware model capture semantic relation-
ships between user-defined identifiers and variable
entities in the input intent.
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Appendices

A Our Models

A.1 Baseline (Sequence-to-Tree Model)
We use a standard Transformer model (Vaswani
et al., 2017) as our natural language-to-code base-
line. We build a sequence-to-tree model with a
regular Transformer encoder and decoder. The en-
coder maps the source sequence x = x1, x2, ..., xn
to its vector representation x̂ = x̂1, x̂2, ..., x̂n,
which is passed into the decoder. At each time
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step t, we linearize the AST generated till time
step t − 1 i.e. AST y<t and concatenate its em-
bedding with the embedding of the corresponding
parent actions, following Yin and Neubig (2017).
The decoder takes this partial AST vector repre-
sentation and the source vector representation x̂
from encoder as input and expands the frontier non-
terminal node of the partial AST. Here, the ASTs
are linearized by the pre-order depth-first traversal
and the expansion of the AST, at each time step, is
constrained by the grammar rules of the underly-
ing programming language. We adopt the ASDL
grammar for Python and transition system (Yin and
Neubig, 2018) that decomposes the production of
an AST into a sequence of actions. At each time
step t, the action at can be of 3 types:

• ApplyRule Action: Applies production rule R to
the partial AST.

• Reduce Action: Denotes the completion of a field
with optional or multiple cardinalities.

• GenToken Action: Expands a terminal node by
generating a leaf token.

Given the input specification x, the probability
of generating an AST y can be expressed in terms
of the probabilities of generating the corresponding
actions:

p(y | x) =
∏

t

p(at | x, y<t) (1)

Here, at is the action at time step t and y<t is
the partial AST generated upto time step t. We
also use a pointer network (Vinyals et al., 2015)
to allow the model to copy relevant entities from
input sequence while generating a terminal AST
node with GenToken Action.

B Experimental Setup

Training and Inference. All of our models have
6 encoder layers and 6 decoder layers. Our mod-
els are trained on GPUs using Google Colab and
each model takes 2-3 hours for a single run. We
perform manual hyperparameter tuning, using 4-5
runs for each model. We tried learning rates within
the range [1e-4, 5e-5]. After manual tuning, for
CoNaLa dataset, we trained all the models using
learning rate of 1e-4. For ATIS dataset, we use
learning rate of 2e-4 for our baseline model, 5e-5
for our Linearized Tree-to-Tree model and 4e-5
for our structured model. We use batch size of 64.

NP
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NN

time

PP

IN

of

NP

NN

file

NN

Root

Input: get the creation time of file var_0

S

VP

VB
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creation
var_0

Linearized Order: Root, S, VP, VB, get, NP, NP, DT, the, NN, creation, NN,
                   time, PP, IN, of, NP, NN, file, NN, var_0

Constituency Parse Tree:

Figure 5: Constituency parse tree of natural language
specification get the creation time of file var 0 and its
linearized form. Words from the input specification are
leaves of the tree.

Models Wins Loses Tie
Structured T2T vs. Baseline 35% 27% 38%

Table 5: Results from human evaluation of generated
code. Wins and Loses refer to the %times code gen-
erated from structured tree-to-tree model was chosen
over those from baseline model.

We parse source text into constituency trees using
Stanford CoreNLP parser (Manning et al., 2014).
During inference, we use beam search with beam
size of 30 for CoNaLa dataset and beam size of 1
for ATIS dataset to predict the output AST for a
given natural language intent. We begin the beam
search with one AST initialized with the root node
and run until maximum time-step T or until we
find K complete ASTs, where K is the beam-size.
The maximum time-step is set to 200.

C Results

C.1 Human Evaluation

We also perform human evaluation of 100 samples
from the CoNaLa dataset (see Table 5). The an-
notator (non-coauthor graduate student, proficient
in Python) was instructed to pick the better code
output for a given input specification. The samples
contained shuffled outputs from our baseline and
structure-aware models. Outputs from structure-
aware model were preferred 35% of the times while
those from the baseline were preferred 27% of the
times and rest of the instances ended in a tie over
code quality.
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Figure 6: Scatter plot of input length vs. BLEU score
for samples from the test set of CoNaLa dataset.

Figure 7: Scatter plot of height of input parse tree vs.
BLEU score for samples from the test set of CoNaLa
dataset.

C.2 Scatter Plots

We present two scatter plots for demonstrating the
effect of input complexity on model performance
for the CoNaLa dataset. Fig. 6 compares sentence-
level BLEU score of predictions from our baseline
and structured models against the length of input
sentences. Similarly, Fig. 7 compares sentence-
level BLEU score of predictions from our baseline
and structured models against the height of input
parse trees. Both of these comparisons are per-
formed on the test set of CoNaLa dataset.

C.3 Pattern Analysis

Following Yin and Neubig (2017) and Xu et al.
(2020), we next analyze the input intents and
the corresponding code generated by the baseline
model and our best model (on a small test sam-
ple), i.e., Structured Constituency Tree-to-Tree to
find recurring patterns. We observe that the code
generated by the structured model is significantly
better for input intents containing certain character-
istics. First, we observe that input specifications in
CoNaLa dataset contain quoted strings (see place-
holder str 0 in Fig. 1 of the main text). These

 I: what airport is at ci0

BM: (lambda $0 e (and (airport $0) (loc:t $0) (to $0 ci0 )))  ✗
SM: ( lambda $0 e ( and ( airport $0 ) ( loc:t $0 ci0 ) ) )  ✓

 I: look for a flight to ci0 

BM: (lambda $0 e ( and ( flight $0 ) ( to $0 ci0 ) ( from $0 ci0 )))  ✗
SM: (lambda $0 e ( and ( flight $0 ) ( to $0 ci0 ) ) ) ✓

Figure 8: Outputs of our baseline and structured model
for the ATIS dataset when variable entities appear at
the end of input sentences.

Pattern Baseline Structured
All Intents 75.89 86.83
Not ending with a variable 74.52 80.18
Ending with a variable 76.31 88.88

Table 6: Comparison of accuracies of baseline model
and structured model in relation to different characteris-
tics of input intents of ATIS dataset. Results are shown
on test set.

strings often occur as user-defined identifiers in
the input sentence and as strings in generated code
as well. We find that when these quoted strings
appear towards the end of the input sentence, the
difference in quality of output code by the two
models in terms of average BLEU score is higher
than usual i.e., more than 5 BLEU points (see row
2 in Table 4). We also find that when the input
sentence contains two or more quoted strings, the
baseline model often fails to capture the seman-
tic relationship between those strings in the output
code, resulting in lower BLEU scores. However,
the structure-aware model succeeds at the task, re-
sulting in higher BLEU scores (see row 3 in Ta-
ble 4). In the absence of any quoted strings, the
structure-aware model does better than the baseline
by only 2 BLEU points (see row 4 in Table 4). This
shows that when the structured input is paired with
a structure-aware encoder, it helps capture the se-
mantic relationships between multiple units. Fig. 1
and Fig. 2 provide examples of both these scenarios
and Table 4 compares the average BLEU score of
all the examples in the test set with 1) quoted string
at the end of input sentence, 2) two or more quoted
strings and 3) zero quoted strings,

Similarly, we notice that there are variable enti-
ties like city (ci0 in Fig. 8), airline, airport, time,
etc in the input specifications, which also appear
in the corresponding outputs in the ATIS dataset.
Such variables are anonymized with identifiers of
same type following (Dong and Lapata, 2016). We
find that when such variables occur at the end of the
input sentence, our structured model does signifi-
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Figure 9: Plot of length of inputs vs accuracy on the
test set of ATIS dataset.

Figure 10: Plot of height of input parse trees vs accu-
racy on the test set of ATIS dataset.

cantly better than our baseline (see row 3 in Table 6)
but the difference decreases in cases where the vari-
ables don’t occur at the end of the input sentence
(see row 2 in Table 6). Fig. 8 provides examples of
the cases where variable entities occur at the end
of the input sentences.

C.4 Comparison Based on Input Complexity

We compare the performance of our two models
with respect to the complexity of input sentences.
We rank the complexity of an input sentence by its
length and the height of the corresponding parse
tree i.e., the longest length of the path from the root
node of the tree to its leaves. Firstly, we do this
analysis on CoNaLa dataset. Fig. 3 presents a plot
of length of input sentences and mean BLEU scores
of generated code snippets. Fig. 4 presents a plot of
height of input trees and mean BLEU scores of gen-
erated code snippets. Similarly, Figures 6 and 7 are
scatter plots of sentence-level BLEU scores for gen-
erated code snipppets vs. length of input sentences
and height of input parse trees respectively. We can
see in both Fig. 3 and 4 that there is a wider gap

between mean BLEU score of our structured model
and baseline in the beginning, with the structured
model performing significantly better. The gap nar-
rows in the middle and widens towards the end.
However, as we can see from the Figures 6 and 7,
there are very few data points towards the end to
draw any conclusion. From these observations, we
infer that for code generation, structured model is
particularly helpful for short input sentences or for
short input parse trees. Similarly, the structured
model significantly outperforms the baseline for
shorter intent lengths in the ATIS dataset. How-
ever, we did not find any clear linkage between the
height of input sentences and performance of our
models for semantic parsing with the ATIS dataset.
Fig 9 plots length of input sentences against accu-
racy and Fig 10 plots height of input parse trees
against accuracy of outputs for samples in the test
set of ATIS dataset.
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Abstract
While non-autoregressive (NAR) models
are showing great promise for machine
translation (MT), their use is limited by their
dependence on knowledge distillation from au-
toregressive models. To address this issue, we
seek to understand why distillation is so effec-
tive. Prior work suggests that distilled training
data is less complex than manual translations.
Based on experiments with the Levenshtein
Transformer and the Mask-Predict NAR mod-
els on the WMT14 German-English task, this
paper shows that different types of complexity
have different impacts: while reducing lexical
diversity and decreasing reordering complex-
ity both help NAR learn better alignment
between source and target, and thus improve
translation quality, lexical diversity is the
main reason why distillation increases model
confidence, which affects the calibration of
different NAR models differently.

1 Introduction and Background
When training NAR models for neural machine
translation (NMT), sequence-level knowledge dis-
tillation (Kim and Rush, 2016) is key to match
the translation quality of autoregressive (AR) mod-
els (Gu et al., 2018; Lee et al., 2018; Ghazvinine-
jad et al., 2019; Gu et al., 2019). Knowl-
edge distillation was first proposed to obtain
small student models that match the quality of
a higher-capacity teacher models (Liang et al.,
2008; Hinton et al., 2015). Sequence-level
knowledge distillation (SLKD) trains the student
model p(y |x) to approximate the teacher distribu-
tion q(y |x) by maximizing the following objec-
tive: LSEQ-KD = −∑y∈Y q(y |x) log p(y |x) ≈
−∑y∈Y 1 [y = ŷ] log p(y |x), where Y repre-
sents the space of all possible target sequences,
and ŷ is the output from running beam search with
the teacher model q.

∗Work done during internship at Microsoft Research Asia.

However, we do not yet have a clear picture for
how SLKD impacts NAR training. Ren et al. (2020)
show that SLKD reduces the degree of dependency
between target tokens. Gu et al. (2018) hypothe-
size that SLKD reduces the number of modes in
the output distribution (alternative translations for
a source). This hypothesis was supported by exper-
iments that use multiway parallel data to simulate
the modes (Zhou et al., 2019). Zhou et al. (2019)
also investigate the impact of data complexity on
NAR translation quality – they generate distilled
data of varying complexity with AR models of
different capacity and show that higher-capacity
NAR models require more complex distilled data
to achieve better translation quality. They further
show that generating distilled references with mix-
ture of experts (Shen et al., 2019) improves NAR

translation quality. However, training samples can
be complex in different ways, and it remains un-
clear how different types of data complexity alter
the internal working of NAR models and their trans-
lation quality. We also anticipate that data com-
plexity may impact the uncertainty and calibration
of NAR models – an understudied question, unlike
for AR models (Ott et al., 2018; Wang et al., 2020).

This paper focuses on two types of data com-
plexity – lexical diversity and degree of word re-
ordering. We expose two state-of-the-art NAR

models (Mask-Predict (Ghazvininejad et al., 2019)
and Levenshtein Transformer (Gu et al., 2019)) to
distilled references of varying complexity on the
WMT14 German-English task. Experiments show
that decreasing reordering complexity and reducing
lexical diversity via distillation both help NAR mod-
els learn better alignment between source and target
and thus improve translation quality. Further analy-
sis shows that knowledge distillation lowers model
uncertainty by reducing lexical diversity, which
affects the calibration of Mask-Predict and Leven-
shtein Transformer models in opposite directions.
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2 Generating Diverse Distilled
References

We measure distilled corpus complexity with:
• Word Reordering Degree computed by the

average fuzzy reordering score (FRS) (Talbot
et al., 2011) over all sentence pairs. FRS is
an MT evaluation metric introduced to distin-
guish significant changes in reordering rules
of MT systems on syntactically distant lan-
guage pairs. A higher FRS indicates that the
hypothesis is more monotonically aligned to
the source. Zhou et al. (2019) show that dis-
tilled data has a higher FRS than the real data
which may benefit NAR models.

• Lexical Diversity which captures the di-
versity of target word choices given a
source word. We compute the lexical di-
versity LD(d) of the distilled corpus d by
averaging the entropy of target words y
conditioned on a source word x (Zhou
et al., 2019): LD(d) = 1

|Vx|
∑

x∈Vx H [y |x],
where Vx denotes the source vocabulary.

To isolate the impact of complexity factors,
we seek to control the faithfulness F (d) of the
distilled data d to the real parallel data r. We
compute it as the KL-divergence of the align-
ment distribution between the real data r and
the distilled data d (Zhou et al., 2019): F (d) =
1
|Vx|

∑
x∈Vx DKL [ pr(y |x)|| pd(y |x)].

Distilled Sample Generation To encourage di-
versity according to the corpus-level metrics above,
we select distilled references for each source from
the k-best list of AR hypotheses,1 using instantia-
tions of the following score:

score(ŷ|x,y) = λ sim(ŷ,y) + (1−λ) cxty(ŷ,x)

where the similarity sim(ŷ,y) measures how faith-
ful the hypothesis ŷ is to the original reference y
and the complexity cxty(ŷ,x) captures the re-
lationship between the target sequence ŷ and
source sequence x. The similarity function is the
smoothed sentence-level BLEU (Chen and Cherry,
2014) w.r.t the original reference. We use three
different complexity functions: 1) FRS, 2) word-
alignment score2 that measures complexity on a

1This is inspired by sequence-level interpolation (Kim and
Rush, 2016), but they select hypothesis using BLEU while we
use more diverse criteria. We use beam search with k = 32.

2Sum of the log probabilities of each target word condi-
tioned on its aligned source words given by fast-align.

Real Distill ∆

Original 24.2 26.6 +2.4
Reordered 30.0 29.4 −0.6

Table 1: BLEU scores on the original WMT14 En-De
and the synthetic reordered version. For each task, we
compare LevT models trained on real vs. distilled data.

word level, and 3) NMT score3 that measures com-
plexity on a sentence level.

3 Experimental Settings

Set-Up We use En-De and De-En datasets from
WMT14 (Bojar et al., 2014) with the same pre-
processing steps as Gu et al. (2019). We evaluate
translation quality with case-sensitive tokenized
BLEU,4 using the Moses tokenizer.

Models We use two state-of-the-art NAR models:
• Mask-Predict (MaskT) (Ghazvininejad

et al., 2019) uses a masked language
model (Devlin et al., 2019) to generate the
target sequence by iteratively masking out
and regenerating the subset of tokens that the
model is least confident about.

• Levenshtein Transformer (LevT) (Gu et al.,
2019) generates the target sequence through
iterative insertion and deletion steps.

All AR and NAR models adopt the base Transformer
architecture (Vaswani et al., 2017). We train all
models using a batch size of 64, 800 tokens for
maximum 300, 000 steps and select the best check-
point based on validation perplexity (see Appendix
for details). During inference, we set the maximum
number of iterations to 10. All word alignments in
this paper are generated automatically using fast-
align (Dyer et al., 2013).5

4 Preliminary: SLKD Helps NAR Learn
Word Alignment

Our work is motivated by the hypothesis that
SLKD helps NAR models learn (implicit) alignment
between source and target words. We first test

3Log probability of the target sentence conditioned on the
source given by an AR model.

4https://github.com/pytorch/fairseq/blob/
master/fairseq/clib/libbleu/libbleu.cpp

5This might introduce alignment errors leading to lower
absolute FRS scores than with if we had access to gold manual
alignments. However, this measurement noise is unlikely
to impact our findings because 1) it is likely to be small on
distilled data generated by autoregressive NMT models, which
should be easier to align than original translations, and 2)
distilled data versions are expected to be impacted uniformly.
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Data Property BLEU ↑
Data Version FRS LexDiv Faith MaskT LevT

Real 0.46 0.36 0.0 28.0 27.6
Distilled 0.55 0.18 7.9 29.6 30.6

selection via BLEU

+0.5 NMT 0.55 0.17 7.6 29.5 30.6
+0.5 w-align 0.57 0.18 7.6 29.2 30.1 ↓
+0.5 FRS 0.61 0.19 7.6 28.8 ↓ 29.6 ↓

selection via BLEU

+0.2 NMT 0.55 0.17 7.8 29.2 30.4
+0.2 w-align 0.58 0.18 7.9 28.7 ↓ 30.0 ↓
+0.2 FRS 0.64 0.19 7.8 28.5 ↓ 29.7 ↓

Table 2: Translation quality on WMT14 De-En. In
the bottom two groups, models are trained on distilled
data with similar faithfulness (Faith) but varying de-
gree of reordering (FRS) and lexical diversity (Lex-
Div). ↓ marks significant drops compared to the first
row in each group based on the paired bootstrap test
at p < 0.05 (Clark et al., 2011).

this hypothesis by evaluating the effect of SLKD

on two datasets: a) En-De train/dev/test sets
from WMT14, and b) a synthetic version of the
same task, where word alignment information is
embedded by pre-reordering the source words so
that they are monotonically aligned with target
words (in train/dev/test sets).

While SLKD improves BLEU by +2.4 on the
original En-De task, it has no benefit on the syn-
thetic task (Table 1). This supports our hypoth-
esis and is consistent with other findings on real
data: Ghazvininejad et al. (2019) and Gu et al.
(2019) showed that SLKD improves the quality of
NAR models more on syntactically distant language
pairs such as German-English than on Romanian-
English. Furthermore, Ran et al. (2019) showed
that automatically pre-reordering the source words
improves the translation quality of NAR models.
However, unlike in our experiment, SLKD is still
needed in real translation scenarios, as exactly pre-
ordering the source is not feasible at test time. Thus,
we turn to understanding how distilled data helps
NAR models on real translation tasks.

5 Reduced Lexical Diversity in SLKD
Improves Translation Quality

We have shown that, similar to the effect of pre-
reordering, SLKD benefits NAR training by reducing
the difficulty of learning the source-target align-
ment. However, apart from the word reordering
degree, reducing the lexical diversity on the target
side can also reduce the difficulty of learning the

Acc Conf ECE ↓
AR Transformer 63.9 72.3 10.34
MaskT w/o SLKD 63.7 74.2 10.49
MaskT w/ SLKD 65.1 86.5 21.41
LevT w/o SLKD 66.8 53.3 20.26
LevT w/ SLKD 65.9 71.3 15.17

Table 3: Average token-level accuracy (Acc), confi-
dence (Conf ), and inference ECE (ECE) of AR and the
two NAR models trained with and without SLKD.

alignment. In this section, we investigate how the
two types of data complexity affect how well NAR

models capture the source-target alignment, and
therefore translation quality.

SLKD impacts both complexity types: the first
two rows of Table 2 show that SLKD increases FRS

by +0.09, reduces lexical diversity by −0.18, and
boosts the BLEU of MaskT and LevT by 1.6–3.0
over their counterparts trained on real data.

We then compare NAR models trained on dis-
tilled data with varying degree of reordering and
lexical diversity while controlling for faithfulness
(2nd and 3rd group of rows in Table 2). While the
absolute BLEU deltas are small, BLEU decreases
significantly as the lexical diversity increases de-
spite reduced degree of reordering. This indicates
that increased lexical diversity prevails over the
effect of lower degree of reordering in decreasing
BLEU scores.

6 SLKD Increases Confidence of
Source-Target Attention

To better understand how SLKD helps NAR learn the
alignment between source and target, we measure
how the confidence of the source-target attention
changes over decoding iterations. Following Voita
et al. (2019), we define the confidence of attention
heads as the average of the maximum attention
weights over source tokens, where the average is
taken over target tokens. Higher confidence scores
indicate that the model is more certain about which
parts of the source sequence to attend to when pre-
dicting the target tokens.

As seen in Figure 2, SLKD increases the con-
fidence of source-target attention on both MaskT
and LevT. The increase is larger for MaskT than
for LevT. For LevT, SLKD increases the attention
confidence the most at early decoding iterations.
At later iterations, as the model becomes more con-
fident about which source tokens to attend to given
the target tokens generated at previous iterations,
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Figure 1: Average token-level uncertainty of MaskT
and LevT trained on distilled data with decreasing de-
gree of lexical diversity (a) and word reordering (b)
from yellow to blue.
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Figure 2: Source-target attention confidence of LevT
and MaskT as a function of decoding step.

the impact of SLKD becomes smaller.
Next, we separate the impact of lexical diversity

and word reordering (Figure 3). Reducing both
types of complexity leads to more concentrated
source-target attention at early iterations. By con-
trast, models trained on more lexically and syntac-
tically diverse data have more distributed source-
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(c) LexDiv on LevT
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(d) FRS on LevT

Figure 3: Source-target attention confidence as a func-
tion of decoding step comparing MaskT and LevT
trained on distilled data with varying degree of lexical
diversity (a, c) and word reordering (b, d).

target attention at iterations, and the attention be-
comes more concentrated at later iterations as more
target tokens have been generated.

Overall, these results suggest that reducing lex-
ical diversity and degree of word reordering both
help NAR find the source-target alignment and thus
reduce the error rate at the early decoding stage.
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7 Reduced Lexical Diversity in SLKD
Improves Model Confidence

Ott et al. (2018) show that the intrinsic uncertainty
of translation – due to the existence of multiple
semantically equivalent translations for the same
source – is a source of uncertainty in the AR

models’ output distribution. We hypothesize that
these effects might be amplified with NAR models,
yet little is known about the confidence and
calibration of NAR models. We measure the impact
of SLKD on model uncertainty using the average
token probability of the models’ translation
outputs, and the inference Expected Calibration Er-
ror (ECE) (Wang et al., 2020) that measures how the
model’s confidence on a prediction matches to the
correctness of the prediction. As shown in Table 3,
both MaskT and LevT become more confident
when trained with SLKD. However, SLKD causes
MaskT to be overconfident and hurts its calibration
by +11% ECE.6 By contrast, SLKD changes LevT
from underconfident to slightly overconfident,
improving its calibration by −5% lower ECE.

Next, we isolate the impact of lexical diversity
and degree of word reordering on model uncer-
tainty.7 We measure the average token probability
of MaskT and LevT trained on data with vary-
ing lexical diversity but close FRS scores (Fig-
ure 1a), and vice versa (Figure 1b). Decreasing
lexical diversity by −0.02 significantly reduces
model uncertainty by 2.1–4.6%, whereas the im-
pact of word reordering degree is small: increasing
FRS by +0.08 only increases the average uncer-
tainty by 0.8–1.5%. By contrast, SLKD boosts
FRS by +0.09 over the real data. This suggests
that reduced lexical diversity is the main reason
why SLKD increases model confidence in lexical
choice, which raises concerns since Ding et al.
(2021) showed that lexical choice errors are also
propagated from AR to NAR models through SLKD.

8 Conclusion

We investigated the effect of knowledge distillation
in NAR models trained on distilled data that differs
along two types of complexity – lexical diversity
and degree of word reordering. Reducing lexical
diversity and decreasing word reordering degree

6This might be due to decoding where MaskT repeatedly
masks out and re-predicts its least confident predictions.

7We only measure their isolated impact on model uncer-
tainty, not ECE, because we could not isolate lexical diversity
from degree of word reordering while controlling faithfulness,
which impacts ECE through accuracy.

both boost the confidence of source-target atten-
tion, suggesting that they help NAR models learn
the alignment between source and target. Further-
more, distillation increases model confidence by
reducing lexical diversity, which improves calibra-
tion for LevT but leads to much worse calibration
for MaskT. These findings reveal a connection be-
tween distillation and existing techniques to im-
prove NAR via pre-reordering (Ran et al., 2019) or
integrating external alignment information in the
source-target attention (Li et al., 2019).8

Our findings are based on experiments on the
WMT14 English-German corpus, which is widely
used in the literature of NAR translation and has
interesting typological properties. While we expect
these findings to hold for other tasks that exhibit
similar degrees of reordering and lexical diversity,
it remains to be seen to what degree they generalize
to other language pairs and data settings.

We hope that this work will inspire future re-
search on understanding of the positive and nega-
tive impact of knowledge distillation on NAR mod-
els, as well as of the more advanced approaches to
improving NAR by integrating lexical choice and
word reordering knowledge. In addition, our work
also calls for future work on improving the calibra-
tion of NAR models.

Acknowledgments

We thank the anonymous reviewers, Sweta
Agrawal, Naomi Feldman, Zara Harmon, Aquia
Richburg, Craig Thorburn, the CLIP lab at UMD
for helpful comments, and Eleftheria Briakou for
her help on result visualization. This research is
supported in part by the Office of the Director
of National Intelligence (ODNI), Intelligence
Advanced Research Projects Activity (IARPA), via
contract #FA8650-17-C-9117. The views and con-
clusions contained herein are those of the authors
and should not be interpreted as necessarily rep-
resenting the official policies, either expressed or
implied, of ODNI, IARPA, or the U.S. Government.
The U.S. Government is authorized to reproduce
and distribute reprints for governmental purposes
notwithstanding any copyright annotation therein.

8These techniques still rely on knowledge distillation for
training, while this paper contributes a systematic study of
factors that impact the effectiveness of distillation.

4396



References
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A Data Preprocessing Details

Following Gu et al. (2019), we preprocess the
WMT14 En-De and De-En datasets (Bojar et al.,
2014) via normalization, tokenization, true-casing,
and joint BPE (Sennrich et al., 2016) with 37K op-
erations.9 The training data contain 3.9M sentence
pairs, and the validation and test sets contain 3, 000
and 3, 003 sentence pairs, respectively.

B Model and Training Details

All AR and NAR models adopt the base Transformer
architecture (Vaswani et al., 2017) with dmodel =
512, dhidden = 2048, nheads = 8, nlayers = 6,
and pdropout = 0.3. We tie the source and target em-
beddings with the output layer weights (Press and
Wolf, 2017; Nguyen and Chiang, 2018). We use
label smoothing of 0.1. We train the models using
Adam (Kingma and Ba, 2015) with initial learning
rate of 0.0005 and a batch size of 64, 800 tokens for
maximum 300, 000 steps. We select the best check-
point based on validation perplexity. The total num-
ber of parameters is 65M for the AR model, 66M
for MaskT, and 91M for LevT. Training takes
around 230 hours for each NAR model and 110
hours for each AR model on 4 Tesla P40 GPUs.

C Detailed Experimental Results

Table 4 shows the scores of corpus-level metrics,
test BLEU and validation perplexity of MaskT
and LevT trained on various distilled versions of
WMT14 De-En training data generated through
diverse reference generation (Section 2).

D Reference Generation Examples

We show that the k-best list generated by the AR

model using beam search is both lexically and syn-
tactically diverse through a random example se-
lected from the training set (Table 5).

9Data can be downloaded from http://dl.
fbaipublicfiles.com/nat/original_dataset.zip
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Data Property test BLEU Valid Perplexity
FRS LexDiv Faith MaskT LevT MaskT LevT

Real Data 0.46 0.36 0.0 28.0 27.6 35.39 62.49
Distilled Data 0.55 0.18 7.9 29.6 30.6 8.84 11.12

Selection: BLEU 0.54 0.19 7.4 29.4 30.1 9.74 12.57
Selection: BLEU + NMT score (λ = 0.8) 0.54 0.18 7.4 29.2 30.1 9.45 11.94
Selection: BLEU + NMT score (λ = 0.5) 0.55 0.17 7.6 29.5 30.6 8.97 11.59
Selection: BLEU + NMT score (λ = 0.2) 0.55 0.17 7.8 29.2 30.4 8.77 10.94
Selection: BLEU + word-align score (λ = 0.8) 0.55 0.18 7.4 29.6 30.3 9.63 12.23
Selection: BLEU + word-align score (λ = 0.5) 0.57 0.18 7.6 29.2 30.1 9.27 11.48
Selection: BLEU + word-align score (λ = 0.2) 0.58 0.18 7.9 28.7 30.0 8.69 11.24
Selection: BLEU + FRS (λ = 0.8) 0.56 0.19 7.4 29.1 30.3 9.68 12.10
Selection: BLEU + FRS (λ = 0.5) 0.61 0.19 7.6 28.8 29.6 9.53 12.25
Selection: BLEU + FRS (λ = 0.2) 0.64 0.19 7.8 28.5 29.7 8.81 11.71

Table 4: FRS, lexical diversity (LexDiv), and faithfulness (Faith) scores of various distilled versions of WMT14
De-En training data, test BLEU scores and validation perplexity of MaskT and LevT trained on each data version.
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source Ich hoffe , daß dort in Ihrem Sinne entschieden wird.
original reference It will , I hope , be examined in a positive light.

translation 1 I hope that it will be decided along your lines.
translation 2 I hope that a decision will be taken along your lines.
translation 3 I hope that the decision will be taken along your lines.
translation 4 I hope that it will be decided in your interest.
translation 5 I hope that there will be a decision along your lines.
translation 6 I hope that decision will be taken along your lines.
translation 7 I hope that the decision will be taken in your interest.
translation 8 I hope that a decision will be taken in your interest.
translation 9 I hope that a decision will be made along your lines.
translation 10 I hope that this will be decided along your lines.
translation 11 I hope that a decision will be taken to that effect.
translation 12 I hope there will be a decision along your lines.
translation 13 I hope that a decision will be taken on your behalf.
translation 14 I hope that a decision will be taken in that regard.
translation 15 I hope that decision will be taken in your interest.
translation 16 I hope that a decision will be taken in that direction.
translation 17 I hope that a decision will be taken in that respect.
translation 18 I hope it will be decided along your lines.
translation 19 I hope that you will take a decision there.
translation 20 I hope that you will take a decision in that regard.
translation 21 I hope that this decision will be taken in your interest.
translation 22 I hope that it will decide along your lines.
translation 23 I hope that it will be decided in your interests.
translation 24 I hope that the decision will be taken in your interests.
translation 25 I hope that the decision will be taken in that direction.
translation 26 I hope that a decision will be taken in your interests.
translation 27 I hope that a decision will be taken to that end.
translation 28 I hope that the decision will be taken in that regard.
translation 29 I hope that a decision will be made in your interest.
translation 30 I hope it will be decided in your interest.
translation 31 I hope that you will take a decision on this.
translation 32 I hope that it will be decided accordingly.

Table 5: An example of the k-best list generated by the AR model using beam search with a beam size of k = 32.

4400



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 4401–4407
August 1–6, 2021. ©2021 Association for Computational Linguistics

Leveraging Topic Relatedness for Argument Persuasion

Xinran Zhao1, Esin Durmus2, Hongming Zhang1, and Claire Cardie2
1The Hong Kong University of Science and Technology

2Cornell University
xzhaoar@connect.ust.hk, ed459@cornell.edu

hzhangal@cse.ust.hk, cardie@cs.cornell.edu

Abstract

Argumentation exposes individuals to conflict-
ing viewpoints and can help them make more
informed decisions based on the pros and cons
of a particular issue. While recent studies of ar-
gumentation in Natural Language Processing
have mainly focused on understanding the ef-
fect of various factors of persuasion (i.e. the
source, audience, and language style), the im-
pact of exploiting the relationships among con-
troversial topics when predicting argument per-
suasiveness remains under-explored. In this
paper, we model the relatedness among con-
troversial topics utilizing an embedding-based
method based on individuals’ stances on the
topics. We then leverage these topic embed-
ding features and incorporate topic semantics
features extracted from the arguments along
with the previously studied factors of persua-
sion. We show that incorporating both types
of topic relatedness features explicitly leads to
significant improvement in predicting persua-
siveness and also helps enhance generalization
to rare topics, in a few-shot setting.

1 Introduction

Emergence of social media and online argumenta-
tive forums provide users with a platform to gain
information, express, and form opinions on a di-
verse set of controversial topics (i.e. issues). The
increasing importance of these online platforms has
motivated NLP researchers to use these platforms
as one of the main domains to study the impor-
tant factors of persuasion. In particular, prior work
has shown that characteristics of the speaker (i.e.
source), prior beliefs of the audience (Lukin et al.,
2017; Durmus and Cardie, 2018), and language
style (Feng and Hirst, 2011; Tan et al., 2016) are
important factors in determining persuasiveness of
the arguments in online argumentation platforms.
Although there has been evidence in previous stud-
ies of Social Sciences that people’s perceptions

on a particular controversial topic may be related
to their perceptions on other controversial topics
(Judd and Krosnick, 1989; Sapra, 2012), the impact
of exploiting this relationship among controversial
topics are under-explored in NLP studies of persua-
sion. In this paper, we explicitly study the effect of
incorporating topic relatedness among controver-
sial topics in predicting argument persuasiveness.

To study the impact of involving topic related-
ness in argument persuasion, we define two types
of features: (1) topic embedding features and (2)
topic semantics features. Prior work has shown
that topic is an important factor (Das et al., 2016)
to determine whether an emotional vs. a logical
argument will be received positively by the audi-
ence. We hypothesize that encoding underlying
relationship among topics with topic embedding
features will be helpful in predicting persuasion
since similar strategies may be effective for related
topics. We further define topic semantics features
to encode how focused vs. divergent each of the
arguments made by the debaters is given the dis-
cussion topic, similar to Zhang et al. (2016).

We first develop an embedding-based technique
inspired by (Barkan and Koenigstein, 2016) to de-
termine the relationship among controversial topics.
This methodology leverages users’ stances on the
topics to determine the relationship among them.
We then incorporate the topic embedding features
and topic semantics features, along with the previ-
ously studied factors of persuasion. We find that
incorporating the topic relatedness features help
improve state-of-the-art results in persuasion pre-
diction. Moreover, we conduct experiments in a
few-shot setting and show that these features help
models achieve significantly better generalization
performance for the rare topics.
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2 Dataset

We use DDO (Durmus and Cardie, 2019) for our
study. DDO includes 67,315 debates from 23 dif-
ferent categories, 36,294 users with their back-
ground information (e.g. political ideology, and
religious ideology), and 198,759 votes from the
users when they are as readers of these debates.
For each debate, two debaters with different view-
points express their opinions on a controversial
topic in rounds. After the debate, voters evaluate
the debaters with respect to various criteria and
they share whether any of the debaters changed
their stance on the topic. Users also have an op-
portunity to share their demographic and ideologi-
cal information such as gender, ethnicity, income
level, education level, political ideology, and reli-
gious ideology. They also share their stance on a
pre-defined list of controversial topics (i.e. BIG IS-
SUES, such as Abortion, Gay Marriage, and Global
Warming etc.)1 that we use to determine semantic
relatedness among these controversial topics.

3 Methodology

3.1 Topic Related Embeddings

Topic Embeddings. To capture the underlying
relatedness between the debate topics, we learn
the embedding for each controversial topics with
a method inspired by Barkan and Koenigstein
(2016). We hypothesize that the users’ opinions
(i.e. whether they are SUPPORTING or OPPOSING)
on similar topics are related. We treat a set of con-
troversial issues with the same stance from a user
as a set of words appearing in the same context
and use adapted Skip-gram algorithm proposed by
(Mikolov et al., 2013). The embedding vectors are
optimized by predicting the topic similarity that
is defined as the probability that a pair of topics
appearing in the same group with respect to users’
opinions. We then can use these vectors to compare
the similarity of each pair of the big issues.

Table 1 shows the most similar controversial
issues for each of the given issues, where the simi-
larity is calculated by the cosine similarity between
the embedding vectors. We observe that some of
these associations can be more related to relatively
intuitive topic similarity between these issues (i.e.,
Capitalism and Flax Tax, and Environmental Pro-
tection and Global Warming Exists). However, in

1See https://www.debate.org/big-issues/ for the full list of
the Big Issues.

Issue Top similar issues: Similarity

Torture

Iran-Iraq War: 0.90
Electoral College: 0.85
Border Fence: 0.85
Military Intervention: 0.74
Racial Profiling: 0.71

Welfare

Minimum Wage: 0.97
Occupy Movement: 0.86
Medicaid & Medicare: 0.85
Labor Union: 0.84
National Health Care: 0.84

Capitalism

Flat Tax: 0.80
Social Programs: 0.73
Electoral College: 0.69
Affirmative Action: 0.69
Stimulus Spending: 0.66

Environment
Protection

Medical Marijuana: 0.93
Abortion: 0.85
Global Warming Exists: 0.85
Drug Legalization: 0.82
United Nations: 0.82

Table 1: Most similar issues for Torture, Welfare, Cap-
italism, and Environment Protection issues.

some cases, the similarity between controversial is-
sues may have more complicated motivations such
as users’ underlying ideologies (i.e., as in the case
of Environmental Protection and Abortion which
can be justified by the study conducted by Sapra
(2012)). Therefore, this method may help identify
relationships among controversial issues that are
not as intuitive to come up with.

Topic-Centric Attribute Embeddings. There
is evidence showing there is a strong association
between the users’ demographics and their stances
towards controversial topics (Sapra, 2012; Tedin
et al., 1977). Although prior studies of persuasion
has studied the effect of users’ attributes on persua-
siveness (Lukin et al., 2017; Durmus and Cardie,
2018, 2019), they did not explicitly model the re-
lationship between the users’ attributes and their
stance towards the controversial topics. To explic-
itly model this relationship, we create embeddings
for users’ attributes in a similar way as the issue em-
beddings introduced in Section 3.1. We optimize
the embeddings with the probability of a certain
attribute appearing with a given issue-stance pair
for each particular user.

Table 2 shows top similar issue-stance combina-
tions for users with given political and religious ide-
ology categories. Similarly, we calculate similarity
by the cosine similarity between the embedding
vectors. This approach reveals certain associations
between users attributes (e.g. Political Ideology)
and their stances (e.g. PRO vs. CON) towards cer-
tain controversial issues (e.g. Gay Marriage). For
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Ideology Issue-stance: Similarity

Conservative

Gay Marriage-CON: 0.94
Abortion-CON: 0.93
Global Warming Exists-CON: 0.92
Euthanasia-CON: 0.92
Border Fence-PRO: 0.92
Death Penalty-PRO: 0.89

Liberal

Gun Rights-CON: 0.87
Environmental Protection-PRO: 0.83
Medicaid & Medicare-PRO: 0.83
Affirmative Action-PRO: 0.83
Global Warming Exists-PRO: 0.82
Barack Obama-PRO: 0.81

Table 2: Most similar issue-stance combinations for
the given categories of Political Ideology.

example, we find that users with Conservative vs.
Liberal political ideologies has different views on
Global Warming (i.e. CON vs. PRO respectively)
issue looking at the similarity of corresponding
embeddings.

3.2 Predicting Persuasiveness

We aim to predict which debater, either the PRO or
CON side, expresses more persuasive arguments in
the debate (i.e., received more votes for the “Made
more convincing arguments” criterion.).

Debate Topic Representation. We collect de-
bates related to list of issues in BIG ISSUES by using
the words of these issues as keywords (e.g. debate
topic “Abortion should be illegal if it pregnancy
does not endanger the mother’s life and she is adult.”
is related to BIG ISSUE “ABORTION”). The dataset
includes 2,893 debates and 10,441 votes. We rep-
resent the debate topic with the topic embedding
of the corresponding BIG ISSUE as introduced in
Section 3.1. We further encode the text of the de-
bate topic with a fine-tuned BERT (Devlin et al.,
2019) taking average embedding of all the tokens
to get the representation of the topic semantics.
We concatenate these two types of embeddings to
get the final representation of the debate topic.

Representing User Information. Previous
work shows that both characteristics of the debaters
and the audience and the linguistic features of the
debate arguments are important factors in persua-
sion studies (Lukin et al., 2017; Durmus and Cardie,
2018, 2019; Longpre et al., 2019). Similar to prior
work, to encode the background information, we
first represent the user background with one-hot
representation (ONE-HOT) to capture the users’
selections on the categories (e.g., gender, politi-
cal ideology, religious ideology, and etc.) or the
opinion similarity with the voters. However, this

Figure 1: Overall model structure. User, Semantic, Em-
bedding blocks denote the encoders for user informa-
tion, argument semantics, and topic embedding. FFNN
is a multi-layer feed-forward neural network.

representation can be very sparse and not relevant
to the topic information. Therefore, we also ex-
periment with the topic-centric embedding-based
method (ATT-EMB) proposed in Section 3.1. We
compute the background similarity as the cosine
similarity of the representation vectors for the users
(i.e., debaters and voters).

Linguistic Features. Consistent with the prior
work (Durmus and Cardie, 2018), to encode the
arguments in the debates, we extract linguistic
features including the information about the
style (i.e., length, links), sentiment polarity,
subjectivity (Wilson et al., 2005), and argument
lexicon features (Somasundaran and Wiebe, 2010))
etc. Similar to the topic semantics introduced in
Section 3.2, we also represent the semantics of the
arguments with the same fine-tuned BERT.

Proposed Model. We employ a model that con-
tains separate encoders to represent the debater
characteristics, arguments, and topic-related fea-
tures, as shown in Figure 1. The model encodes
the debater’s background information and opin-
ions towards the BIG ISSUES, and combines the
linguistic features extracted from arguments to rep-
resent the users. For the text in the debate, the
model consists a siamese network structure (Seman-
tic Block + FFNN block) (Reimers and Gurevych,
2019) to encode the relation between arguments
and debate topics. Then, the model extracts the
issue representation from the pretrained issue em-
bedding introduced in Section 3.1. Finally, the user
representation, together with the representation for
the argument semantics and topic embedding, is
passed through a multi-layer feed-forward neural
network to predict the voter’s perception on the
persuasiveness.
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Model F1 (%)
Majority 33.25
Bi-LSTM+Glove 33.41
SBERT 50.05
ONE-HOT+Linguistic+Topic SVM 41.38
ATT-EMB+Linguistic SVM 53.51
ATT-EMB+Linguistic+Topic SVM 59.04
Ours with ONE-HOT 57.03
Ours W/O ARGUMENT 63.81
Ours W/O ATT-EMB 51.33
Ours W/O TOPIC 64.21
Ours 65.62

Table 3: Macro F1 scores. Ours denotes the model
explained in Figure 1. We split the collected debates to
train (70%), validation (15%), and test (15%) sets.

4 Baselines

(1) Majority Baseline: We assign the label that
appears the most in training set to be the pre-
diction for all test instances. (2) SVM: We con-
catenate debate topic representation, user and lin-
guistic features and classify with SVM with RBF
kernel. (3) Bi-LSTM (Hochreiter and Schmid-
huber, 1997): Following (Durmus et al., 2019;
Li et al., 2020), We encode the arguments and
topic representation with bidirectional LSTM en-
coders and use a FFNN as classification head2. (4)
SBERT (Reimers and Gurevych, 2019): Sentence-
BERT (SBERT) has demonstrated that fine-tuning
BERT in a Siamese/Triplet network architecture
achieves the state-of-the-art results over various
sentence-level classification benchmarks. We use a
Siamese network to encode the sentence represen-
tation from arguments and debate topics.

5 Results

Model Ablations. The full proposed model con-
tains three parts: user-based features (which can
be represented by one-hot vectors or topic-centric
user embeddings), argument-based features, and
topic-based features. To understand the contribu-
tion of each component to prediction performance,
we conduct ablation studies for the settings where
(1) Using ATT-EMB (i.e. topic-centric user em-
beddings proposed in this work) vs. ONE-HOT

representation to encode the user background, (2)
Removing the representation for user background
(W/O USER), (3) Removing the argument features
and (W/O ARGUMENT) (4) Removing the topic-

2We choose the hidden embedding dimension to be 200
and use Glove (Pennington et al., 2014) as the pre-trained
word embeddings.

Model Frequent Rare ∆

Ours with ATT-EMB 63.31 60.12 -3.19
Ours w/o ATT-EMB 56.25 52.65 -3.60
Ours w/o TOPIC-EMB 64.20 58.37 -5.83

Table 4: Results (%macro F1) for the few-shot set-
ting experiment. ∆ denotes the performance difference
when testing the Rare debates.

related features (W/O TOPIC)3.
Table 3 demonstrates the macro F1 scores for

the baselines and the ablations for our model. We
observe that our model outperforms the feature-
based baselines significantly. For both the SVM
model and the deep models, we observe a large
performance drop when we use one-hot embedding
representation features instead of topic-centric user
embeddings. This shows that encoding the relation-
ship between the user background and their opin-
ions on the topics explicitly improves the prediction
performance significantly. The experiments on Bi-
LSTM and SBERT show that although large-scale
pretrained language representation model helps
achieve better performance than the baseline, en-
coding the semantics with deep neural network
encoders alone is not as effective as our proposed
method. Comparing to the baselines, our proposed
method that utilizes the information from different
components (i.e. users, language and topic) is more
effective. Ablation study shows that components
that encode the topic semantics (i.e. ATT-EMB and
TOPIC) play an important role to achieve the best
performance.

Few-shot Setting. We study whether the
topic embeddings also enhance the generalizability
across different issues. We split the debates in the
test set into frequent and rare categories looking at
how often debates with the same topic appear in
the training set (more than 200 vs. less than 20).
Table 4 shows the results comparing to the base-
lines for corresponding 324 frequent and 131 rare
debates. We see that the gap between the prediction
performance is significantly more when we remove
the attribute embedding and the topic embeddings,
which indicates that the topic-related embeddings
benefit the knowledge transferring among debates
with different topics.

6 Related Work

Persuasion Studies. Understanding the charac-
teristics of persuasive language has been an im-

3Implementation details are described in Appendix A.1.
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portant area of study in the Sociology, Psychol-
ogy (Kelman, 1961; Burgoon et al., 1975; Chaiken,
1987; Tykocinskl et al., 1994; Chambliss and Gar-
ner, 1996) and NLP communities (Hasan and Ng,
2014; Habernal and Gurevych, 2016a,b; Fang et al.,
2016; Al-Khatib et al., 2017; Wang et al., 2019).
The emergence of social media and argumentative
forums has further attracted researchers to study
the dynamics of persuasion on these platforms, in-
cluding Twitter (Tan et al., 2014), ChangeMyView
community on Reddit (Tan et al., 2016; Hidey et al.,
2017) and DDO (Durmus and Cardie, 2019). In this
work, we use DDO since it includes a wide-range of
user information including users’ opinions on vari-
ous controversial topics as well as well-structured
debates with audience votes.

Topic Aware Argument Mining. Farra et al.
(2015) studied the effect of topic relevancy or con-
sistency on essay scoring. Bosc et al. (2016) pro-
poses a dataset of Social Media data with coarse
topic labels extracted from the hashtags (e.g., #Ap-
pleWatch). Zeng et al. (2020) designed a model to
encode the latent topics of argumentative conversa-
tions. Unlike the previous work, our work studies
the effect of argument topic for structured debates
explicitly for predicting persuasion.

7 Conclusion

In this paper, we study the impact of topic-
relatedness in debate persuasion and find that in-
volving the semantics and features of the debate
topics will achieve the best performing model.
Moreover, we find that using pretrained embed-
dings that jointly encode the issues related to the
topics and people’s characteristics will largely bene-
fit the training process and generalizability. Finally,
we find that focusing on the debate topic in making
arguments can be an effective strategy in online
debates.
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A Appendix

A.1 Implementation Details
We initialize the semantic encoder for arguments
and debate topics with the BERT-base model with
110M parameters. We pad the input sentences
with BERT start and end symbols (i.e., [CLS] and
[SEP]). For each round of the debate, we take at
most three sentences (as (Li et al., 2020)) to take
average and represent the arguments. The hidden
size for the Bi-LSTM layers is 300. The size for
the hidden states for FFNN blocks are 256. During
training, we use cross entropy as the loss function
and stochastic gradient decent (SGD) as the opti-
mizer. We initialize all parameters randomly and
train all the model with 10 epochs. The best per-
forming models on the validation set are evaluated
on the test set.
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Abstract

Pre-trained language models (PLMs) achieve
great success in NLP. However, their huge
model sizes hinder their applications in many
practical systems. Knowledge distillation is a
popular technique to compress PLMs, which
learns a small student model from a large
teacher PLM. However, the knowledge learned
from a single teacher may be limited and even
biased, resulting in low-quality student model.
In this paper, we propose a multi-teacher
knowledge distillation framework named MT-
BERT for pre-trained language model com-
pression, which can train high-quality student
model from multiple teacher PLMs. In MT-
BERT we design a multi-teacher co-finetuning
method to jointly finetune multiple teacher
PLMs in downstream tasks with shared pool-
ing and prediction layers to align their output
space for better collaborative teaching. In ad-
dition, we propose a multi-teacher hidden loss
and a multi-teacher distillation loss to transfer
the useful knowledge in both hidden states and
soft labels from multiple teacher PLMs to the
student model. Experiments on three bench-
mark datasets validate the effectiveness of MT-
BERT in compressing PLMs.

1 Introduction

Pre-trained language models (PLMs) such as BERT
and RoBERTa have achieved notable success in
various NLP tasks (Devlin et al., 2019; Yang et al.,
2019; Liu et al., 2019). However, many PLMs have
a huge model size and computational complexity,
making it difficult to deploy them to low-latency
and high-concurrence online systems or devices
with limited computational resources (Jiao et al.,
2020; Wu et al., 2021).

Knowledge distillation is a widely used tech-
nique for compressing large-scale pre-trained lan-
guage models (Sun et al., 2019; Wang et al., 2020).
For example, Sanh et al. (2019) proposed Distil-

BERT to compress BERT by transferring knowl-
edge from the soft labels predicted by the teacher
model to student model with a distillation loss. Jiao
et al. (2020) proposed TinyBERT, which aligns the
hidden states and the attention heatmaps between
student and teacher models. These methods usu-
ally learn the student model from a single teacher
model (Gou et al., 2020). However, the knowledge
and supervision provided by a single teacher model
may be insufficient to learn an accurate student
model, and the student model may also inherit the
bias in the teacher model (Bhardwaj et al., 2020).
Fortunately, many different large PLMs such as
BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019) and UniLM (Dong et al., 2019) are off-the-
shelf. These PLMs may encode complementary
knowledge because they usually have different con-
figurations and are trained on different corpus with
different self-supervision tasks (Qiu et al., 2020).
Thus, incorporating multiple pre-trained language
models into knowledge distillation has the potential
to learn better student models.

In this paper, we present a multi-teacher knowl-
edge distillation method named MT-BERT for pre-
trained language model compression.1 In MT-
BERT, we propose a multi-teacher co-finetuning
framework to jointly finetune multiple teacher mod-
els with a shared pooling and prediction module to
align their output hidden states for better collabo-
rative student teaching. In addition, we propose a
multi-teacher hidden loss and a multi-teacher dis-
tillation loss to transfer the useful knowledge in
both hidden states and soft labels from multiple
teacher models to student model. Experiments on
three benchmark datasets show MT-BERT can ef-
fectively improve the quality of student models for
PLM compression and outperform many single-
teacher knowledge distillation methods.

1We focus on task-specific knowledge distillation.
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2 MT-BERT

Next, we introduce the details of our multi-teacher
knowledge distillation method MT-BERT for pre-
trained language model compression.2 We first in-
troduce the multi-teacher co-finetuning framework
to jointly finetune multiple teacher models in down-
stream tasks, and then introduce the multi-teacher
distillation framework to collaboratively teach the
student with multiple teachers.

2.1 Multi-Teacher Co-Finetuning

Researchers have found that distilling the knowl-
edge in the hidden states of a teacher model is
important for effective student teaching (Sun et al.,
2019; Jiao et al., 2020). However, since different
teacher PLMs are separately pre-trained with dif-
ferent settings, finetuning them independently may
lead to some inconsistency in their feature space,
which is not optimal for transferring knowledge in
the hidden states of multiple teachers. Thus, we
design a multi-teacher co-finetuning framework to
obtain some uniformity among the hidden states
output by the last layer of different teacher models
for better collaborative student teaching, as shown
in Fig. 1. Assume there are N teacher models, and
denote the hidden states output by the top layer of
the i-th teacher as Hi. We use a shared pooling3

layer to summarize each hidden matrix Hi into
a unified text embedding, and then use a shared
dense layer to convert it into a soft probability vec-
tor yi. Finally, we jointly optimize the summation
of the task-specific losses of all teacher models,
i.e.,

∑N
i=1CE(y,yi), where CE(·, ·) stands for the

cross-entropy loss and y is the ground-truth label.
Since the pooling and prediction layers are shared
among different teachers, the feature space of the
output hidden states from different teacher PLMs
can be aligned, which can help them collaborate
better for student teaching.

2.2 Multi-Teacher Knowledge Distillation

Next, we introduce our proposed multi-teacher
knowledge distillation framework, which is shown
in Fig. 2. Two loss functions are used for knowl-
edge distillation, i.e., a multi-teacher hidden loss
and a multi-teacher distillation loss.

The multi-teacher hidden loss aims to transfer
knowledge in the hidden states of multiple teachers.

2Codes available at https://github.com/wuch15/MT-BERT
3In MT-BERT we use attentive pooling because it performs

better than average pooling and “[CLS]” token embedding.

…

Shared Pooling & Dense

Task Loss

𝒚𝒚3𝒚𝒚2𝒚𝒚1

Teacher 1 Teacher 2 Teacher 3

… …

Input Text

Figure 1: The multi-teacher co-finetuning framework.

Assume there are N teacher PLMs, and each of
them has T ×K Transformer layers. They collab-
oratively teach a student model with K layers, and
each layer in the student model corresponds to T
layers in teacher PLMs.4 Denote the hidden states
output by the j-th layer of the student model as Hs

j ,
and the corresponding hidden states output by the
(T × j)-th layer of the i-th teacher model as Hi

T j .
Following (Sun et al., 2019), we apply the mean
squared error (MSE) to the hidden states of corre-
sponding layers in the student and teacher models
to encourage the student model to have similar
functions with teacher models. The multi-teacher
hidden loss LMT−Hid is formulated as follows:

LMT−Hid =
N∑

i=1

T∑

j=1

MSE(Hs
j ,WijH

i
Tj), (1)

where Wij is a learnable transformation matrix.
The multi-teacher distillation loss aims to trans-

fer the knowledge in the soft labels output by multi-
ple teachers to student. The predictions of different
teachers on the same sample may have different
correctness and confidence. Thus, it may be sub-
optimal to simply ensemble (Fukuda et al., 2017;
Liu et al., 2020) or choose (Yuan et al., 2020) soft
labels without the help of task labels. Since in task-
specific knowledge distillation the labels of train-
ing samples are available, we propose a distillation
loss weighting method to assign different weights
to different samples. The weights are based on the
loss inferred from the predictions of corresponding
teacher against the gold labels. More specifically,
the multi-teacher distillation loss LMT−Dis is for-
mulated as follows:

LMT−Dis =
N∑

i=1

CE(yi/t,ys/t)

1 + CE(y,yi)
, (2)

4Here we assume that all teacher models have the same
number of layers. We will explore to generalize MT-BERT to
scenarios where teacher models have different architectures in
our future work.
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Figure 2: The multi-teacher knowledge distillation framework in MT-BERT.

where t is the temperature coefficient. In this way,
if a teacher’s prediction on a certain sample is more
close to the ground-truth label, its corresponding
distillation loss will gain higher weight.

Following (Tang et al., 2019; Lu et al., 2020),
we also incorporate gold labels to compute the task-
specific loss LTask based on the predictions of the
student model, i.e., LTask = CE(y,ys). The final
loss function L for learning the student model is a
summation of the multi-teacher hidden loss, multi-
teacher distillation loss and the task-specific loss,
which is formulated as follows:

L = LMT−Hid + LMT−Dis + LTask. (3)

3 Experiments

3.1 Datasets and Experimental Settings

We conduct experiments on three benchmark
datasets with different sizes. The first one is SST-
2 (Socher et al., 2013), which is a benchmark for
text sentiment classification. The second one is
RTE (Bentivogli et al., 2009), which is a widely
used dataset for natural language inference. The
third one is the MIND dataset (Wu et al., 2020c),
which is a large-scale public English news dataset.5

We perform the news topic classification task on
this dataset. The detailed statistics of the three
datasets are shown in Table 1.

In our experiments, we use the pre-trained 12-
layer BERT, RoBERTa and UniLM (Bao et al.,
2020)6 models as the teachers to distill a 6-layer

5https://msnews.github.io/
6We used the UniLMv2 version.

Dataset #Train #Dev #Test #Class
SST-2 67k 872 1.8k 2
RTE 2.5k 276 3.0k 2
MIND 102k 2.6k 26k 18

Table 1: The statistics of the three datasets.

and a 4-layer student models respectively. We use
the token embeddings and the first 4 or 6 Trans-
former layers of UniLM to initialize the parameters
of the student model. The pooling layer is imple-
mented by an attention network (Yang et al., 2016;
Wu et al., 2020a). The temperature coefficient t is
set to 1. The attention query dimension in the at-
tentive pooling layer is 200. The optimizer we use
is Adam (Bengio and LeCun, 2015). The teacher
model learning rate is 2e-6 while the student model
learning rate is 5e-6. The batch size is 64. Follow-
ing (Jiao et al., 2020), we report the accuracy score
on the SST-2 and RTE datasets. In addition, since
the news topics in the MIND dataset are highly
imbalanced, following (Wu et al., 2020b) we report
both accuracy and macro-F1 scores. Each exper-
iment is independently repeated 5 times and the
average scores are reported.

3.2 Performance Evaluation

We compare the performance of MT-BERT with
two groups of baselines. The first group includes
the 12-layer version of the teacher models, i.e.,
BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019) and UniLM (Bao et al., 2020). The sec-
ond group includes the 6-layer and 4-layer student
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Methods SST-2
(Acc.)

RTE
(Acc.)

MIND
(Acc./Macro-F)

#Param

BERT12 92.8 68.6 73.6 51.3 109M
RoBERTa12 94.8 78.7 73.9 51.5 109M
UniLM12 95.1 81.3 74.6 51.9 109M
DistilBERT6 92.5 58.4 72.5 50.4 67.0M
DistilBERT4 91.4 54.1 72.1 50.2 52.2M
BERT-PKD6 92.0 65.5 72.7 50.6 67.0M
BERT-PKD4 89.4 62.3 72.4 50.3 52.2M
TinyBERT6 93.1 70.0 73.4 50.8 67.0M
TinyBERT4 92.6 66.6 73.0 50.4 14.5M
MT-BERT6 94.6 75.7 74.0 51.5 67.0M
MT-BERT4 93.9 73.8 73.8 51.2 52.2M

Table 2: Results and parameters of different methods.
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Figure 3: Comparison of MT-BERT and ensemble-
based multi-teacher distillation methods.

models distilled by DistilBERT (Sanh et al., 2019),
BERT-PKD (Sun et al., 2019) and TinyBERT (Jiao
et al., 2020), respectively. The results of different
methods are summarized in Table 2.7 Referring
to this table, we find MT-BERT can consistently
outperform all the single-teacher knowledge distil-
lation methods compared here. This is because the
knowledge provided by a single teacher model may
be insufficient, and incorporating the complemen-
tary knowledge encoded in multiple teacher models
can help learn better student model. In addition,

7We take the original reported results of baseline methods
on the SST-2 and RTE datasets, and we run their codes to
obtain their results on the MIND dataset.

Teachers SST-2
(Acc.)

RTE
(Acc.)

MIND
(Acc./Macro-F)

BERT 92.1 65.8 72.8 50.6
RoBERTa 92.9 68.9 73.0 50.7
UniLM 93.3 70.6 73.4 50.9
BERT+RoBERTa 93.6 71.2 73.3 50.9
BERT+UniLM 93.9 73.7 73.6 51.1
RoBERTa+UniLM 94.3 74.9 73.7 51.3
All 94.6 75.7 74.0 51.5

Table 3: Different combinations of teacher models.

compared with the teacher models, MT-BERT has
much fewer parameters and its performance is com-
parable or even better than these teacher models.
It shows that MT-BERT can effectively inherit the
knowledge of multiple teacher models even if the
model size is significantly compressed.

We also compare MT-BERT with several multi-
teacher knowledge distillation methods proposed in
the computer vision field that ensemble the outputs
of different teachers for student teaching (You et al.,
2017; Liu et al., 2020). The results are shown in
Fig. 3. We find our MT-BERT performs better than
these ensemble-based multi-teacher knowledge dis-
tillation methods. This is because these methods do
not consider the correctness of the teacher model
predictions on a specific sample and cannot trans-
fer useful knowledge encoded in the intermediate
layers, which may not be optimal for collaborative
knowledge distillation from multiple teachers.

3.3 Effectiveness of Multiple Teachers
Next, we study the effectiveness of using multiple
teacher PLMs for knowledge distillation. We com-
pare the performance of the 6-layer student model
distilled from different combinations of teacher
models. The results are summarized in Table 3.
It shows that using multiple teacher PLMs can
achieve better performance than using a single one.
This is because different teacher models can en-
code complementary knowledge and combining
them together can provide better supervision for
student model. In addition, combining all three
teacher PLMs can further improve the performance
of student model, which validates the effectiveness
of MT-BERT in distilling knowledge from multiple
teacher models.

3.4 Ablation Study
We study the effectiveness of the two important
techniques in MT-BERT, i.e., the multi-teacher
co-finetuning framework and the distillation loss
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Figure 4: Effectiveness of multi-teacher co-finetuning
and distillation loss weighting.

weighting method. We compare MT-BERT and
its variants with one of these modules removed, as
shown in Fig. 4. The student model has 6 layers.
We find the multi-teacher co-finetuning framework
is very important. This is because the hidden states
of different teacher models can be in very differ-
ent spaces, and jointly finetuning multiple teachers
with shared pooling and prediction layers can align
their output hidden spaces for better collaborative
student teaching. In addition, the distillation loss
weighting method is also useful. This is because
the predictions of different teachers on the same
sample may have different correctness, and focus-
ing on the more reliable predictions is helpful for
distilling accurate student models.

We also verify the effectiveness of different loss
functions in MT-BERT, which is shown in Fig. 5.
We find the task loss is very important. It is because
in our experiments the corpus for task-specific dis-
tillation are not large and the direct supervision
from task labels is useful. In addition, the dis-
tillation loss is also important. It indicates that
transferring the knowledge in soft labels plays a
critical role in knowledge distillation. Moreover,
the hidden loss is also helpful. It shows that hid-
den states of different teacher models can provide
useful knowledge for student model learning.
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Figure 5: Effectiveness of different loss functions.

4 Conclusion

In this paper, we propose a multi-teacher knowl-
edge distillation method named MT-BERT for pre-
trained language model compression, which can
learn small but strong student model from multiple
teacher PLMs in a collaborative way. We propose
a multi-teacher co-finetuning framework to align
the output hidden states of multiple teacher models
for better collaborative student teaching. In addi-
tion, we design a multi-teacher hidden loss and a
multi-teacher distillation loss to transfer the useful
knowledge in both hidden states and prediction of
multiple teacher models to student model. The ex-
tensive experiments on three benchmark datasets
show that MT-BERT can effectively improve the
performance of pre-trained language model com-
pression, and can outperform many single-teacher
knowledge distillation methods.
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Abstract

Text generation from semantic parses is to
generate textual descriptions for formal rep-
resentation inputs such as logic forms and
SQL queries. This is challenging due to two
reasons: (1) the complex and intensive in-
ner logic with the data scarcity constraint, (2)
the lack of automatic evaluation metrics for
logic consistency. To address these two chal-
lenges, this paper first proposes SNOWBALL,
a framework for logic consistent text genera-
tion from semantic parses that employs an it-
erative training procedure by recursively aug-
menting the training set with quality control.
Second, we propose a novel automatic met-
ric, BLEC, for evaluating the logical consis-
tency between the semantic parses and gener-
ated texts. The experimental results on two
benchmark datasets, Logic2Text and Spider,
demonstrate the SNOWBALL framework en-
hances the logic consistency on both BLEC
and human evaluation. Furthermore, our sta-
tistical analysis reveals that BLEC is more log-
ically consistent with human evaluation than
general-purpose automatic metrics including
BLEU, ROUGE and, BLEURT. Our data and
code are available at https://github.com/
Ciaranshu/relogic.

1 Introduction

Natural language generation (NLG) from semantic
parses is to generate the text description for the
formal representation input such as logical forms,
AMR, and SQL queries. It has drawn widespread
attention because of its substantial contributions to
the interpretability and usability of the latest natural
language interfaces (Gatt and Krahmer, 2018; Chen
et al., 2020b; Hu et al., 2020; Mishra et al., 2019;
Yu et al., 2019; Ngomo et al., 2013; Wang et al.,
2018; Gardent et al., 2017; Wang et al., 2020a;

*Equal Contribution

Figure 1: Our data augmentation procedure for the gen-
erator and evaluator in the SNOWBALL framework.

Wang, 2019; Koutrika et al., 2010a). Recently, pre-
trained large-scale language models like BERT (De-
vlin et al., 2018), T5 (Raffel et al., 2020), and GPT-
3 (Brown et al., 2020) have raised the ability to
generate natural language from formal texts to a
promising level of fluency and coherence.

However, NLG from semantic parses still has
suffered from two crucial challenges: (1) the data
scarcity constraint due to the bias on certain types
of logic forms or expensive labeling work (Iyer
et al., 2017; Yaghmazadeh et al., 2017), which po-
tentially leads to the unsatisfied fidelity of remain-
ing the complex and intensive inner logic in the
generated text based on our empirical research; (2)
The general-purpose automatic metrics (Novikova
et al., 2017a) such as BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004) and BLEURT (Sellam et al.,

4414



Figure 2: Our SNOWBALL framework employs an iterative training procedure over a generator and evaluator
through data augmentation.

2020) are not ideal for explicitly measuring the
logic consistency (Wang et al., 2020b; Harkous
et al., 2020), because they tend to evenly weight
each word in the generated text without fully at-
tending on the fatal logical keywords.

To address these two critical problems, we pro-
pose the SNOWBALL framework for high-fidelity
text generation from semantic parses and the BLEC

automatic evaluation metric for logic consistency:
Snowball Framework. Our SNOWBALL frame-
work, as illustrated in Figure 2, trains two modules
to ensure high-fidelity text generation: (1) a genera-
tor that maps the logical form to its textual descrip-
tion, and (2) an evaluator that indicates the logic
consistent score of each pair of logical form and
textual sentence. Rather than training the generator
and evaluator independently, SNOWBALL performs
iterative training on the generator and the evalua-
tor. To deal with the data scarcity issue, we pro-
pose a data augmentation procedure to cover valid
logic variations with diverse natural language ex-
pressions to improve generalizability. To this end,
during each iteration, various unseen logic pairs
could be automatically generated with rule-based
enumerated logic forms and their corresponding
text predicted by the generator. The evaluator is
then used to filter out the high reliable augmented
logic pairs for the next training iteration.
BLEC Metric. To evaluate the logic consistency of
the text generated by the model, we propose a rule-
based automatic evaluation metric called Bidirec-
tional Logic Evaluation of Consistency, or BLEC.
It takes the logical form and the generated corre-
sponding natural language text as input, then out-
puts a label indicating if they represent consistent
logic. Compared with the neural network evaluator,
BLEC can be easily deployed to different datasets,
as long as the parser (i.e., the grammar of the logi-
cal form) is given.

In our experiments, we exam the effectiveness
of our proposed approaches on the benchmark

datasets of NLG from semantic parses derived from
existed Text-to-SQL dataset Spider (Yu et al., 2018)
and Table-to-Text dataset Logic2Text Chen et al.
(2020b). Our analysis shows that our BLEC met-
ric has a substantially positive Pearson score with
human annotations, demonstrating better logic con-
sistency than other automatic metrics. The BLEC

result shows that the SNOWBALL framework leads
to accordant enhancement in logic consistency on
two datasets compared to the single-pass training
method based on BART (Lewis et al., 2020).

Our key contributions are summarized into three-
folds: (1) We propose a simple but effective train-
ing framework SNOWBALL that strengthens the
logic faithfulness of generated text by covering
diverse logic variations. (2) We propose a new
logic evaluation metric BLEC that accurately mea-
sures the logical consistency with a refined key-
word matching mechanism. (3) Our experiment
results demonstrate that SNOWBALL at most in-
creases the BLEC from 10.1% on SQL-to-Text and
1.2% on Logic-to-Text tasks compared to the base-
line. Moreover, our statistical analysis reveals that
BLEC achieves a +0.66 Pearson correlation coef-
ficient compared with human labels, serving as a
much better automatic evaluation metric than not
only the traditional BLEU and ROUGE metrics,
but the latest BLEURT metrics.

2 Related Work

2.1 Parses-to-Text
The source of data-to-text (D2T) datasets is mostly
a flat ontology structure, like E2E(Novikova
et al., 2017b), LogicNLP(Chen et al., 2020a), Ro-
toWire(Wiseman et al., 2017), and ToTTo(Parikh
et al., 2020), which is not powerful enough to en-
code rich semantic relationships in the ontology.
Second, some datasets, such as WebNLG(Gardent
et al., 2017), E2E, and RotoWire, have a limited
number of domains. E2E is on the restaurant do-
main, and RotoWire is on the basketball domain.
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Moreover, some of them only have loose align-
ments between input and sentence, e.g., RotoWire.

Generating the natural language descriptions for
the logic forms or parses as a sub-task of D2T, has
been studied in various datasets and tasks, such
as GCC grammar to text (White, 2006), and UCC
grammar to text (Gardent and Plainfossé, 1990).
There are a lot of works that leverage the neu-
ral networks to conduct the generation on various
tasks, for example, generating natural language
from AMR (Song et al., 2018; Ribeiro et al., 2019;
Damonte and Cohen, 2019), logic forms (Chen
et al., 2020b), as well as SQL parses (Xu et al.,
2018; Ngonga Ngomo et al., 2013; Koutrika et al.,
2010b). However, different from these works, our
work focuses on the logic consistency generation
from parses. So we will mainly discuss and eval-
uate the model based on the logic between parses
and questions.

2.2 High-fidelity Text Generation

As for the end-to-end neural-based text genera-
tion models, collaborating the auxiliary task during
model training is an intuitive method that intro-
duces the logic regulation to the models. For in-
stance, the fidelity classification task proposed by
Harkous et al. (2020), the auxiliary span extrac-
tion tasks by Kryscinski et al. (2020),the table-text
optimal-transport matching and embedding similar-
ity losses by Wang et al. (2020b) and the content
matching task presented by Parikh et al. (2020) are
proved to be effective. Nevertheless, to the best of
our knowledge, we are the first to bridge the train-
ing procedure of evaluator and generator together
with the iterative training framework snowball. Fur-
thermore, we attempt to construct a new automatic
metric and a new dataset dedicated to evaluating
the logic consistency of text generation. The con-
centration of our work differs from the related high-
fidelity text generation work (Chen et al., 2020b;
Chan et al., 2019; Nie et al., 2018; Tian et al., 2019;
Wang et al., 2020a), by attempting to present the
panorama of the challenges of logic-consistent text
generation instead of focusing on the model-wised
modifications.

3 Snowball Framework

The SNOWBALL framework addresses the chal-
lenge of the complex and intensive inner logic with
data sparsity constraint for the high-fidelity text-
generation from semantic parses. As illustrated

in Figure 2, SNOWBALL assures the logic consis-
tency with three bases: (1) Iterative training pro-
cedure synergistically enhances the generator and
evaluator in the adversarial fashion; (2) Data aug-
mentation based on rule-based logic perturbations
and neural-based text generation covering diverse
unseen logic variations for iterative training; (3)
Structure-aware encoding boost the sensibility of
the encoder on mild logic shift.

3.1 Iterative Training

Rather than training the generator and evaluator in-
dependently, SNOWBALL performs training on the
generator and the evaluator iteratively. As demon-
strated in Figure 2, the prerequisite of the snowball
training procedure is the regular training procedure:
(1) the Generator0 is trained on the benchmark
NLG datasets with the normal end-to-end approach
into trained Generator1; (2) meanwhile, the logic
forms in the seed data are converted into variations
with given rules, then the Generator1 predicts the
text for each mutated logic forms to be a com-
pleted logic pair; (3) The initial Evaluator0 is
then trained on those augmented logic pairs.

Then, during the SNOWBALL procedure, the gen-
erator and evaluator are collaboratively improved
through several training iterations, and during each
iteration, a three-step adversarial interaction would
be conducted between the generator and evalua-
tor: Step 1: The trained Evaluatori−1 could be
used to rerank the beam search results given by
the decoder of the generator, consequently leading
to increased quality of the augmented logic pairs,
Augmented datai−1; Step 2: The Generatori is
capable to better retain the logic consistency by
training on the Augmented datai−1 which con-
tains more unseen logic variations uncovered in
the seed data; Step 3: The enhanced Generatori
predicts the increasingly realistic-like perturbed
sentences from the perturbed logical forms, which
brings more challenging negative samples to the
training set of the Evaluatori. The data augmen-
tation in the first step would be further described in
Section 3.2.

To be specific, our generator and evaluator in
SNOWBALL are described as follows.

Generator The generator maps the logical form
to the corresponding natural language sentences.
We choose the pre-trained BART model (Lewis
et al., 2020) following the standard transformer ar-
chitecture (Vaswani et al., 2017), which contains
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the encoder and decoder architecture as the de-
noising autoencoder pre-trained on the task of cor-
rupted text reconstruction. The input of the encoder
is the structure-aware representation of the logic
forms (Section 3.2), while the target output of the
decoder is the aligned textual description for the
input parses.

Evaluator An evaluator indicates the logic con-
sistent score of pairs of logical forms and textual
sentences, which is vital for assessing the perfor-
mance of the logic-focused text generator. In con-
trast to other text generation tasks, generating sen-
tences from logical forms especially requires the
evaluator to be reasonably sensitive to the subtle
logic shifts of the model predictions. For instance,
deleting negation words such as ‘not’ is fatal for
our task by significantly compromising the logic
consistency. Therefore, we exploit a binary classifi-
cation architecture similar to the BART-based natu-
ral language inference model (Lewis et al., 2020) as
our evaluator to compute the consistency between
the pairs of logical form and text [L,Q]. The input
of the encoder is the concatenation of the L and Q
appended an [EOS] token, and the logic scores γ
are computed as:

γ = σ(ω([hd1 , hd2 , hd3 ...])) (1)

where hdn denotes the last hidden states of the
decoder, ω denotes the max-pooling layer, and σ is
the sigmoid activation function.

3.2 Data Augmentation

As the labeled training data for both the generator
and evaluator is extremely limited, we propose a
data augmentation procedure to enlarge the train-
ing set by covering variations of logic forms paired
with diverse natural language expressions to im-
prove the generalizability. To be specific, our data
augmentation consists of three steps as depicted in
Figure 1 from a seed dataset with human annota-
tion:

Step 1: Logic perturbation Instead of modify-
ing the natural language sentences, we choose to
corrupt the logic consistency by perturbing logi-
cal forms mainly because of two reasons: (1) The
regular structures of logical forms guarantee the
procedure of the logical corruption to be compara-
tively controllable; (2) The perturbed logical forms
could be easily validated with the corresponding
parser and grammar checker. The perturbations of

each given logical form could be enumerated ex-
haustively according to hand-tuned rules to cover
the following logic inconsistencies:

• Logic shift: The logic shift indicates that the
generated text logically distinct from the in-
put logical forms, such as turning the assertive
sentences into negative sentences. This could
be attributed to the perturbations of aggrega-
tors, operators, logic conjunction, etc.

• Phrase and number changes: The phrase
changes mean that the generated sentence
modifies the appointed phrase from the logi-
cal forms, while the number changes are that
the numerical values in the logical forms are
perturbed.

• Entity insertion, deletion and swapping:
Perturbations of entities is a common draw-
back that most natural language generation
models suffer. This includes the phenomenon
that the predicted sentences neglect the en-
tities mentioned in the logical forms, insert
unrelated entities to the logical form, or mis-
lay them.

Step 2: Inference from perturbed logic After
logic perturbation, the generator could be exploited
as the artificial annotator to generate the corre-
sponding sentence for each logical form in a semi-
supervised manner. Compared to the rule-based
or template-based method, the recent pre-trained
seq-to-seq models empirically generate the natu-
ral language sentences with better fluency and co-
herency. Though this method could easily create
a considerable amount of labeled data meanwhile
avoid the expensive human annotation, what can
not be ignored is that the model-based generator
naturally would introduce unexpected noise during
augmentation. Therefore, the quality control for
the data augmentation is one of the most crucial
cornerstones for a satisfactory result.

Step 3: Dataset composition As shown in Fig-
ure 1, the example in the seed dataset is denoted
as [Seed logic, Seed text], and the augmented ex-
amples are denoted as [Perturbed logic, Perturbed
text]. Intuitively, we may take the augmented [Per-
turbed logic, Perturbed text] to be not only the
training example for the generator but also the posi-
tive sample for the evaluator, while crossover pairs
[Seed logic, Perturbed text] and [Perturbed logic,
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Figure 3: The example of word-by-word translation and linearization of structure-aware encoding.

Seed text] would be suitable negative samples for
the evaluator.

3.3 Structure-aware Encoding

The logical forms normally have equivalent struc-
tured representations to precisely express the com-
plex relations between a set of objects. For in-
stance, the executable codes written in Python or
SQL could be parsed into abstract syntax tree(AST)
(Noonan, 1985) denoting the mutual relations
among occurred constructs in the source code,
while the knowledge bases may be converted into
knowledge graphs that depict the relations between
entities with directed edges. Compared to the plain
text inputs, the structure-aware encoding captur-
ing not only the sequential information from texts
but also the internal logic from structural repre-
sentations recently has been proved to be more ef-
fective in several Graph-to-Text tasks (Song et al.,
2018; Ribeiro et al., 2020). To make full use of
the intrinsic knowledge of the pre-trained BART
model, we follow the similar approach proposed by
Ribeiro et al. (2020) to linearize the structural rep-
resentations of the SQL queries and logical forms
respectively (Figure 3). Furthermore, the logical
forms from different domains or datasets may vary
in keywords, so normalizing them into a unified
form would bridge the gaps between different logic
NLG datasets and then increase the generalization
ability of our framework. Hence, the logical forms
would be firstly word-by-word translated into the
unified intermediate semi-textual forms according
to a manually annotated dictionary. Then the paren-
thesis is inserted into the semi-textual forms to
denote the hierarchy of the correlated structured
representations such as ASTs.

question: How	many	singer	are	not	older	than	20?

logic: SELECT	count(*)	FROM	singer	where	age	>					20

Step 1: Logic-to-Question Matching

Step 2: Question-to-Logic Matching

question: How	many	singer	are		not		older	than	20?

logic: SELECT	count(*)	FROM	singer	where	age	>	20

1 2 3

ERROR

Figure 4: A sample of BLEC. The words marked in
green are the matched tokens while the words marked
in red are the tokens with no match.

4 BLEC for Logic Consistency
Evaluation

Because the general-purpose automatic metrics
such as BLEU, ROUGE, and BLEURT are not
ideal for explicitly measuring the logic consistency,
we propose BLEC, a new rule-based automatic eval-
uation metric called Bidirectional Logic Evaluation
of Consistency. We apply a bidirectional evalua-
tion to determine the logical consistency of pairs of
logical forms and questions. The intuition behind
this metric is that some key tokens such as number,
operator, and keywords in the logical form should
always be matched with some tokens that repre-
sent similar meanings in the question, and vice
versa. An example is shown in Figure 4, BLEC

first traverses the key tokens in the question, trying
to find the tokens with the same meaning in the
logic form to match them. Then, in step two, the
sample is marked as inconsistent because there is
one token with no match from the question to the
logical form.

Formally, given a logical form L = l1, l2, ..., ln
containing n word tokens and a questions Q =
q1, q2, ..., qm containing m word tokens, the pro-
posed evaluation metric performs token level
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Dataset Train Dev Test

SQL2Text Generator 5600 1400 1034
Evaluator - 1142 1142

Logic2Text Generator 8566 1095 1092
Evaluator - 1041 1041

Table 1: The statistics of the SQL2Text and Logic2Text
dataset.

matching on li and qj to test the consistency. To
be specific, the matching procedure contains two
steps, i.e. matching from L to Q as well as match-
ing from Q to L. In step one, each key token lkeyi

in L tries to match with the tokens in Q. In step
two, each key token qkeyj in Q tries to match with
the tokens in L. If no tokens are found that could
be matched with any key tokens in either step one
or step two, the sample will be marked as negative,
vice versa. The final score is the accuracy of all the
samples:

BLEC =

∑
s∈Smatch(s)
|S| (2)

Where S denotes the dataset while match(∗) is
the matching function with binary output, i.e. 1 for
positive and 0 for negative.

Compared with the neural network evaluator re-
quiring data-specific training, BLEC can be easily
deployed to different datasets. In our experiments,
we demonstrate that BLEC can be applied to two
different datasets of text generation from two types
of semantic parse input, and it shows a substantial
agreement with human evaluation for evaluating
logic consistency between the semantic parse input
and the text output (Table 2).

5 Experiment Settings

5.1 Datasets
Text generation from semantic parses has different
forms depending on the input formal representation.
To demonstrate that our SNOWBALL and BLEC can
be applied to different types of inputs, we study
two tasks: (1) SQL2Text with the SQL query as
the input and (2) Logic2Text with the logic forms
as the input.

To this end, we make use of two existing pub-
licly available datasets: For SQL2Text, we use the
Spider dataset (Yu et al., 2018), a complex cross-
domain semantic parsing and text-to-SQL dataset.
Generating natural language from formal languages

with abundant logic representations could be re-
garded as the inverse semantics parsing process.
Therefore, we reverse the input and output as a
dataset for the text generation from SQL queries
with complicated logic. As the test set of the Spider
dataset remains undisclosed, 20% of the original
Spider training set is converted into a development
set, and 80% of the training set remains to be the
training set, and the original development set is
exploited as the test set for our SQL2Text task. For
Logic2Text, we use an existing Logic2Text dataset
from Chen et al. (2020b). We pick the SENT and
LOGIC STR fields from the original Logic2Text to
compose our own train data. We then change SENT

to TEXTand change LOGIC SET to LOGIC as our
one keyword of each sample in the dictionary of
our dataset.

In contrast, evaluating the logical consistency
between logical form and text is closely related
to the sequence classification tasks such as fact
verification and natural language inference (NLI).
According to the best of our knowledge, there is
no existing dataset for evaluating the logical con-
sistency between logical form and generated text.
Therefore, we simplified the logic evaluation as
a two-sequence binary classification problem and
then construct the dataset with the development
set and test set dedicated for our proposed eval-
uator. The dataset is constituted from the devel-
opment and test set of Spider and Logic2text by
three methods: (i) The [logical form, Text] pairs in
the two datasets are regarded as positive samples;
(ii) The human-labeled negative samples by inten-
tionally introducing the logical inconsistency to the
known [logical form, Text] pairs in the two datasets;
(iii) The manually scored [logical form, Text] pre-
diction given by the trained generator on the two
datasets which contain both positive and negative
samples. As for the human-labeled negative sam-
ples, we attempt to cover the possible logic pertur-
bations mentioned in section 3.2 with minimum
modification to the original [logical form, Text]
pairs. For example, a coincident pair [SELECT
avg(age) FROM dogs, What is the average
age of dogs?] would be corrupted into [SELECT
avg(age) FROM dogs, What is the oldest age
of dogs?]. Table 1 summarizes the statistics of
each dataset for both generator and evaluator, re-
spectively.
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5.2 Baselines and Implementation Details

The baselines for assessing the performance of
SNOWBALL framework are the attention-based
LSTM machine translation model (Tao et al., 2019),
and the single-pass trained models which are the
models trained before performing SNOWBALL it-
eration. For instance, the BART-large gener-
ator trained in the second SNOWBALL iteration
would be compared to the identical BART-large
generator in the zero SNOWBALL iteration. The
hype-parameter settings of the models trained
on SQL2Text and Logic2Text, mostly follow the
default setting of BART model from Hugging-
face (Lewis et al., 2020; Wolf et al., 2020). How-
ever, the learning rate of evaluator and tokenizer
are slightly different, namely the learning rate of
evaluator on SQL2Text is 2e-5 for BART-base
and is 5e-6 for BART-large, while the learning
rate of evaluator on Logic2Text is 1e-5 for both
BART-base and BART-large.

5.3 Multitask Learning

Due to the lack of data of logic NLG, intuitively
collaborative training on SQL2Text and Logic2Text
dataset may prevent the models from bias fitting to
their confined training data. Aside from the stan-
dard special separators used by BART tokenizer,
we further introduce [SQL] and [logic] tokens to
be the control codes to indicate if one sample is
from SQL2Text or Logic2Text dataset, similar as
(Keskar et al., 2019). For each sample fed into the
BART model, a corresponding control token is con-
tacted in the front of the input logical form accord-
ing to that sample source. Therefore, the distribu-
tion p(QSQL|LSQL, [SQL]) of the SQL2Text mod-
els and p(QLogic|LLogic, [logic]) of the Logic2Text
models could be learned respectively during the
backpropagation that takes the control tokens into
account, while training the generator and evaluator
in the MTL fashion.

5.4 Human Evaluation

To evaluate if the sentence generated by the model
is logically consistent, we randomly sample 90
questions from the test set of Spider and a test set
of logic2text separately to form a human evaluation
set. The samples of each setting will be divided into
two parts and assigned to two different annotators.
Each part contains 10 overlap and 40 non-overlap
examples, which means one person has to label 50
samples for a setting. As for the human evalua-

tion, the annotators label the [logical form, text] as
True or False based on two criteria: (1) the logic
consistency between logical form and text; (2) The
grammaticality of the text. After labeling, we es-
timate the accuracy of the model predictions by
computing the expectation of the true labels from
80 non-overlap data. To prove the consistency of
the annotators, we use the 10 overlap data to cal-
culate the cohen kappa score. Only if the kappa
score is over 0.4 which implies that this estimated
accuracy is valid, the results would be reported. In
Table 4, we only human annotated the results given
by the models trained without snowball iteration
and trained with 4 snowball iterations. It demon-
strates the correlation between human evaluation
and BLEC metrics in these two time steps instead
of directly evaluating the improvement of model
performance.

6 Results and Analysis

6.1 Correlation Analysis on BLEC

To show that BLEC is consistent with human judg-
ment, we test the Pearson correlation between the
BLEC score and the human evaluation result. We
also include ROUGE and BLEU for comparisons.
Therefore, we apply these four automatic metrics
(BLEU, ROUGE, BLEURT, BLEC) to a human-
labeled dataset and compare the evaluation results.
This dataset is constructed by extracting 50 sam-
ples from each of the different Snowball iterations,
15 iterations in total. As shown in Table 2, the logic
consistency between BLEC and human evaluation
is 0.66 while BLEU, ROUGE, and BLEURT ob-
tain scores below or around zero. This shows that
the BLEC score is capable of testing the logical
consistency between logic forms and questions.

Metrics Pearson p-value

ROUGE (Lin, 2004) -0.30 0.28
BLEU (Papineni et al., 2002) -0.24 0.40
BLEURT (Sellam et al., 2020) +0.02 0.94
BLEC +0.66 0.007

Table 2: The correlation with human annotation of
BLEU, ROUGE, BLEURT, and our proposed BLEC.

6.2 Effectiveness of Snowball Framework

Generator The experimental results of the gen-
erator in our SNOWBALL framework are shown in
Table 4. We found that the SNOWBALL training
framework empirically leads to the improvement of
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Input SQL: SELECT count(*), max(Percentage) FROM country language
WHERE LANGUAGE = "Spanish" GROUP BY CountryCode

Pre-processed SQL: ( the number of ( all items ) ) , ( the maximum of ( percentage ) ) that belongs to ( countrylanguage ) ,
that have ( ( language ) equal to ( spanish ) ) , grouped by ( countrycode )

Label: What is the total number of countries where Spanish is spoken by the largest percentage of people?

BART-base the number and percentage of languages that are Spanish for each country code.
+snowball (iteration = 4) the number of languages and maximum percentage of languages in each country code?
+multi-tasking How many languages does Spanish have in each country code?

+snowball (iteration = 4) Show the number and maximum percentage for each country code.

BART-large How many languages are there in each country and what is the percentage of the language spoken in that country?
+snowball (iteration = 4) Find the number of languages and maximum percentage of Spanish for each country code.
+multi-tasking Find the number and percentage of speakers of Spanish in each country code.

+snowball (iteration = 4) Find the number and highest percentage of speakers of Spanish for each country code

Table 3: Example outputs from different models with or w/o performing the MTL and SNOWBALL iteration.

SQL2Text Test Set
Metrics BLEC Human
Snowball - 1 2 3 4 5 - 4 κ

LSTM Seq2Seq 22.6
BART-base 76.4 78.6 78.5 84.1 79.7 78.1 22 45 0.69

+MTL 89.1 89.5 89.2 88.9 88.6 88.1 66 68 0.5
BART-large 91.8 91.3 93.7 91.8 93.2 93.0 75 74 0.7

Logic2Text Test Set
Metrics BLEC Human
Snowball - 1 2 3 4 5 - 4 κ

LSTM Seq2Seq 41.1
BART-base 87.9 86.1 88.6 87.4 87.7 87.8 83 85 0.48
BART-large 86.7 87.8 85.2 87.1 86.0 88.5 86 78 0.48

Table 4: The results of SNOWBALL generator using
BLEC and human evaluation over different iterations.

the logic consistency. Evaluated by our proposed
BLEC metric, the performance of BART-base
generator improves the logic consistency by 10.1%
on SQL2Text and by 0.7% on Logic2Text. Simi-
larly, the performance of BART-large generator
acquires the improvement by 2.1% on SQL2Text
and by 1.2% on Logic2Text. Under the MTL
setting on SQL2Text, the logic faithfulness of
theBART-base generator is further enhanced by
16.6% compared to single-pass training, and is even
boosted by 17.1% by combing with SNOWBALL

training.

Evaluator The results of the evaluator in our
SNOWBALL framework are illustrated in Figure 5.
Empirically the snowball framework is more ef-
fective to the evaluators base on BART-base
than BART-large, this is likely because that
the BART-large models have already obtained
enough intrinsic knowledge to accurately judge
the validness of the [Logical form, Text] pairs.
The data augmentation procedure of the SNOW-
BALL framework may introduce unexpected noise
to the evaluators, which may cause a catastrophic
reduction in terms of AUC and other metrics. On
the other hand, the snowball framework indeed

Figure 5: The result of SNOWBALL evaluator based on
the AUC scores on the test set. The iteration = 0 means
the model is under the regular training procedure as de-
scribed in Figure 2.

enhances the performance of the evaluator based
on relative inferior BART-base by improving the
performance on the SQL2Text by 10.9% as well
as the Logic2Text by 3.1%. These results indicate
that our proposed SNOWBALL framework is most
suitable for tasks suffering from both domain data
scarcity and the lack of external knowledge.

6.3 Case Study

Table 3 shows example outputs from our model
with different settings. Apparently, in this case, the
entity Spanish and the aggregator maximum are
the touchstones for evaluating the logic consistency
of each model. The prediction from the BART-
large based generator trained under both snowball
and multi-tasking frameworks simultaneously is
the only one that acquires the seamless sentences
from the input SQL. Furthermore, we also notice
that multi-tasking learning significantly alleviates
the artifacts within the generated text. Based on

4421



the fact that, compared to the vanilla generators,
the generator solely trained with snowball frame-
work would enhance the logic consistency but also
increase an unnatural sense to the generated sen-
tences at the same time, we may argue that there is
a trade-off between fluency and logic consistency
of our purposed snowball framework. The model-
level modification may collaboratively enhance the
fluency and logic consistency of the NLG, which
we would remain for future studies.

7 Conclusion

In this paper, we propose SNOWBALL, a neural
network-based framework to augment the data al-
ternatively by a generator, and an evaluator. In
addition, we propose BLEC, an automatic evalu-
ation metric that could evaluate the logic consis-
tency between question and logic forms by direc-
tional matching. We also formulate two datasets
and the experimental results show the effectiveness
of the proposed framework. This method is appli-
cable to other Data-to-Text tasks, because domain-
specific rules for perturbations can be derived for
most structural data with pre-defined structures or
grammar.

8 Ethics Statement

The datasets we use are built by selecting and pro-
cessing from two datasets that are open to the pub-
lic, separately. The data sources we utilize to con-
struct our datasets are Spider and Logic2Text, two
complex and cross-domain text-to-SQL datasets.
Besides, we use three experts to annotate about
500 data beyond the original dataset. We admit
that some biases may still exist in our datasets,
even though we have double-checked the data they
annotated and the data from the original datasets.

Authors with SQL expertise annotate and verify
our datasets through 1) selecting about 500 rep-
resentative samples from the original dataset, 2)
changing the entities of the samples, 3) using three
different labels to mark which type of change has
been done to the sentences, and 4) double-checking
the quality of the data we annotate.

We conduct several experiments of different set-
tings on our AWS server, with 8 Tesla V100 GPUs,
to test the efficiency of our models. To be more spe-
cific, our experiments contain two different types.
The first type of them is that we train both generator
and evaluator using SQL2Text or Logic2Text. The
second type of them is that we utilize SQL2Text

and Logic2Text to train generators, use one of them
to train evaluators in the first epoch, and train the
next several epochs with both of them.
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A BLEC Details

BLEC uses bidirectional keyword matching to de-
tect the logic consistency. Table 5 shows several
sample cases for constructing BLEC metrics. As
shown in the table, the first column shows the type
of matching rules. “Special” means that these rules
are only contained in one of the datasets. Then, the
following 3 columns display the tokens in different
languages. Using the tokens, the algorithm can de-
tect if the question matches the parse. For instance,
given a pair of question and SQL parse, the algo-
rithm could check if “MAX” is in SQL parse. If so,
it will try to match one of the possible tokens cor-
responding to “MAX”, i.e. largest/ greatest, etc., in
the question, and vice versa. It is worth noting that,
this table only shows a small part of the algorithm,
however, all the rules can be classified as one of
the three types.

Type Spider Logic2text Natural Language
Negation NOT not eq not/ none...

Operator

> filter greater larger/ more/ greater...
< filter smaller smaller/ less/ fewer...
MAX max largest/ greatest...
COUNT count total/ how many...

Special
ASC - ascending/ fewest...
DESC - descending/ highest...
- most str eq majority/ most...

Table 5: Sample rules for BLEC.
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Abstract

Semantic roles are a key component of linguis-
tic predicate-argument structure, but develop-
ing ontologies of these roles requires signifi-
cant expertise and manual effort. Methods ex-
ist for automatically inducing semantic roles
using syntactic representations, but syntax can
also be difficult to define, annotate, and pre-
dict. We show it is possible to automatically
induce semantic roles from QA-SRL, a scal-
able and ontology-free semantic annotation
scheme that uses question-answer pairs to rep-
resent predicate-argument structure. By asso-
ciating arguments with distributions over QA-
SRL questions and clustering them in a mix-
ture model, our method outperforms all previ-
ous models as well as a new state-of-the-art
baseline over gold syntax. We show that our
method works because QA-SRL acts as sur-
rogate syntax, capturing non-overt arguments
and syntactic alternations, which are central
motivators for the use of semantic role label-
ing systems.1

1 Introduction

Semantic role labeling (SRL) requires extracting
propositional predicate-argument structure from
language, i.e., who is doing what to whom. Ap-
plications of SRL include information extraction
(Christensen et al., 2011), machine reading (Wang
et al., 2015), and model analysis (Tenney et al.,
2019; Kuznetsov and Gurevych, 2020), and seman-
tic roles form the backbone of many more general
meaning representations (Banarescu et al., 2013;
Abend and Rappoport, 2013).

The primary challenge, and promise, for SRL
systems is to distill syntactically variable surface
structures into semantic predicate-argument struc-
tures from an ontology (Palmer et al., 2005; Baker

1Code, models, and a web interface to explore
the results are available at https://github.com/
julianmichael/qasrl-roles.

Labels Questions

A1 (98%) What is given? .30
What does something give something? .21
What does something give? .20
What is something given? .11

A0 (98%) What gives something? .44
What gives something something? .27
What gives something to something? .08

A2 (94%) What is given something? .28
What does something give something to? .18
What does something give something? .14
What is given? .09
What is something given to? .07

TMP (46%), When does something give something? .20
ADV (22%), How does something give something? .09
MNR (12%) When is something given? .09

When is something given something? .09

PNC (30%), Why does something give something? .18
ADV (22%), Why does something give up something? .07
TMP (14%) Why is something given something? .07

Table 1: Roles for give produced by our final model.
Core arguments are captured almost perfectly, exhibit-
ing both passive and dative alternations.

et al., 1998). However, ontologies and their as-
sociated training data require time and expertise
to annotate and do not readily generalize to new
domains, limiting their broad-coverage applicabil-
ity. Prior work towards mitigating this problem
includes unsupervised induction of semantic roles
from syntactic representations (Lang and Lapata,
2010). However, the need for formal syntactic
supervision retains some of the annotation and gen-
eralization difficulties of supervised SRL, and it
has proven difficult to do much better than a simple
syntactic baseline (Lang and Lapata, 2011). An
alternative is to use an ontology-free annotation
scheme like QA-SRL (He et al., 2015), which repre-
sents roles with natural language questions. While
QA-SRL can be annotated at large scale (FitzGer-
ald et al., 2018), many different QA-SRL questions
may correspond to the same role, making it more
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The plane was diverting around weather formations over the Java Sea when
contact with air traffic control (ATC) in Jakarta was lost.

wh aux subj verb obj prep obj2 ? Answer

What was being diverted around ? weather formations
What was diverting ? The plane
What was being diverted ? The plane
What was lost ? contact with air traffic control

Where was something lost ? over the Java Sea

Table 2: Example QA-SRL question-answer pairs from the development set of the QA-SRL Bank 2.0 (FitzGerald
et al., 2018). Questions may be represented in a verb-agnostic way by recording the form of the verb in the verb
slot (e.g., stem, past participle). Note that the syntax used in questions may differ from the syntax in the source
sentence, for example in the above questions using diverted in its passive form.

difficult to use in downstream tasks.
We show how to overcome this difficulty, by

automatically inducing an ontology of semantic
roles corresponding to clusters of QA-SRL ques-
tions (see Table 1 for an example clustering). We
use a model to predict a distribution over QA-SRL
questions associated with each argument in a cor-
pus, and cluster them to maximize likelihood under
a simple model we call a Hard Unigram Mixture.
Our model can be effectively optimized both by
EM and greedy methods, which affords the benefits
of tunable hierarchical clustering without sacrific-
ing scalability (Section 3).

Experiments in semantic role induction (Sec-
tion 4) show that our method outperforms all pre-
vious methods in the literature, as well as a new
state-of-the-art baseline over gold syntax. This
is despite requiring no formal syntactic supervi-
sion or theory, where the formalism used by pre-
vious work is highly informative of gold standard
semantic roles (Section 5). We also present a de-
tailed analysis (Section 6) showing why our method
works: QA-SRL acts as surrogate syntax, removing
(role-irrelevant) syntactic variation in the source
text such as that from non-overt arguments (e.g.,
phrases extracted from relative clauses), while it-
self exhibiting (role-relevant) syntactic alternations
which capture the behavior of verbal predicates (Ta-
ble 1). Taken together, these results paint a path
towards on-the-fly, data-driven construction of use-
ful, interpretable ontologies of semantic structure.

2 Task Setting

The input to our task is a set of natural language sen-
tences, where a subset of the tokens are marked as
predicates. Each predicate has a set of arguments,

and each argument x corresponds to a set of spans
x = {s1, . . . , sm} in the predicate’s sentence.2

An ontology of semantic roles is a set of frames
(corresponding to semantic predicates), and each
frame has a set of associated roles (corresponding
to participants in the event or state denoted by its
frame). There may also be a set of modifier roles
(e.g., location or time) which can appear with any
frame. In supervised semantic role labeling, each
predicate in the input data must be assigned to
one of the frames in a given ontology, and each
of a predicate’s arguments must be assigned roles
from its frame (or modifier roles). In semantic role
induction, our task is to produce both the ontology
and these assignments.

We follow prior work (Lang and Lapata, 2010)
in treating semantic role induction as a clustering
problem and assuming a single frame per predicate
lemma.3 Given input data marked with predicates
and their arguments, we cluster the arguments for
each predicate into sets corresponding to semantic
roles. We may then compare these clusters to gold
labels using clustering metrics (Section 4.3).

2Previous work (Lang and Lapata, 2010) assumes a syntac-
tic dependency tree and marks each argument by its syntactic
head, which allows for features based on argument lemmas
and dependency paths. We instead assume sets of argument
spans, but no syntax tree; this allows for features based on
spans (such as QA-SRL questions). Both approaches are ways
of featurizing the same gold arguments.

3Some ontologies, like FrameNet (Baker et al., 1998), de-
fine frames that span multiple lemmas (e.g., buy and sell share
a Commercial Transaction frame), whereas others like Prop-
Bank (Palmer et al., 2005) use frames which are specific to
each lemma, denoting something closer to word sense. In our
case, assuming a single frame per lemma simplifies modeling
and allows us to compare to previous work. However, model-
ing predicate sense is an important problem for future work,
as we will suggest in Section 6.3.
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3 Modeling

Our model treats each argument x as a set of counts
of QA-SRL questions,4 denoted φ(x). We pro-
duce these counts from a trained QA-SRL ques-
tion generator (Section 3.1) and cluster them by
maximizing their likelihood under a mixture model
(Section 3.2) using a hybrid of flat and hierachical
clustering (Section 3.3).

3.1 Generating QA-SRL Features
For each argument x of a predicate, we leverage a
trained QA-SRL parser to generate pseudocounts
φ(x) of simplified QA-SRL questions, which will
form the input features for the clustering step.

Simplified QA-SRL Example QA-SRL ques-
tions are shown in Table 2. These questions con-
tain information which is not directly relevant to
semantic roles, such as tense, aspect, modality, and
negation. Since this creates sparsity for our model,
we remove it as a preprocessing step. In particu-
lar, we replace the aux and verb slot values with
either is and past participle (for passive voice), _
and present (for active voice when subj is blank),
or does and stem (for active voice when subj is
present). We also replace all occurrences of who
and someone with what or something.

Generating Question Counts Let p denote a
predicate, s denote a span, and q denote a sim-
plified QA-SRL question. To generate our question
count vectors φ, we reproduce the QA-SRL ques-
tion generator of FitzGerald et al. (2018), which
generates a distribution P(q | p, s) over QA-SRL
questions conditioned on a predicate p and answer
span s in a sentence. This model uses a BiLSTM
encoder, concatenating the output representations
of span endpoints and feeding them into a custom
LSTM decoder which models the QA-SRL slot val-
ues in sequence. We modify the model to use BERT
(Devlin et al., 2019) features as input embeddings
for the BiLSTM (details in Appendix A).

Recall from Section 2 that an argument x con-
sists of a set of spans from its sentence. We gen-
erate question counts φ(x) ∈ R|q|≥0 by taking the
mean

φ(x) =
1

|x|
∑

s∈x
P(q | p, s),

where R≥0 denotes the nonnegative real numbers
and |q| is the number of possible simplified QA-

4As of now, this model only works for English, as QA-SRL
is only defined and annotated in English.

SRL questions. Since |q| is large, to make this
tractable we approximate P(q | p, s) with beam
search, using a sparse representation and assigning
counts of 0 to questions outside the beam.

3.2 Objective
Let X = {x1, . . . , xn} be the set of input ar-
guments for clustering. Our goal is a clustering
C = {C1, . . . , Ck} which is a partition of X. We
model each argument’s questions φ(x) as being
drawn from a mixture model over latent roles, each
corresponding to a cluster C ∈ C. We maximize
likelihood under this model, which we call a Hard
Unigram Mixture, with the addition of a connectiv-
ity penalty which encourages roles not to appear
twice for the same predicate instance.

The Hard Unigram Mixture (HUM) Recall
that φ : X→ Rd≥0 assigns question pseudocounts
to each x ∈ X. Let π denote a probability dis-
tribution over {1, . . . , k} and θ a distribution over
{1, . . . , d}. We propose the Hard Unigram Mixture
loss

LHUM
λ (C) = − log P(X | C)− λ log P(C),

where

P(X | C) =

k∏

i

max
θ

∏

x∈Ci
P(φ(x) | θ)

is the data likelihood and

P(C) = max
π

k∏

i

π
||Ci||
i

is the clustering likelihood, writing ||C|| for the
sum of the φ counts in a cluster C. The data likeli-
hood prefers more, smaller clusters, the clustering
likelihood prefers fewer clusters, and λ is a hyper-
parameter that trades off between them.5

Connectivity Penalty Let p(x) denote the predi-
cate instance corresponding to an argument x. We
propose a connectivity penalty

Lcp(C) =
1

2

k∑

i

∑

x1,x2∈Ci
δ(p(x1) = p(x2)),

5Here,LHUM
1 is equivalent to the negative log likelihood un-

der the maximum likelihood estimate of a mixture of unigrams
model (Nigam et al., 2000) constrained to hard assignments
C; hence the name Hard Unigram Mixture. Further theoret-
ical and empirical comparison to prior work is provided in
Appendix G.
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where δ is the indicator function, which discour-
ages clusterings where multiple arguments of the
same predicate instance are assigned the same role.
This assumption has also been leveraged by prior
models (Lang and Lapata, 2011; Titov and Klemen-
tiev, 2012).

Loss Function Our full loss is then

Lλ(C) = LHUM
λ (C) + Lcp(C)

with the single hyperparameter λ.

3.3 Hybrid Clustering

We optimize Lλ in three steps: flat pre-clustering,
greedy merging, and tuned splitting. This approach
provides us with both the efficiency benefits of
flat clustering and the relative determinism, inter-
pretability and tunability of hierarchical clustering.

Flat Pre-Clustering For pre-clustering, we min-
imize L0 via hard EM. To avoid likelihoods of 0
in LHUM

0 , we smooth our estimates of θ using a
Dirichlet prior. To optimize Lcp via EM, we draw
x1 from the previous iteration’s clustering in or-
der to compute the contribution of each x2 to the
loss. With sufficiently large k, this can produce a
high-precision clustering in O(nk) time to serve as
input to the merging step.

Greedy Merging After pre-clustering, we pro-
duce a binary cluster tree by iteratively merging
pairs of clusters which greedily minimizeL0. Since
λ = 0, the loss grows monotonically when merging
clusters. The loss at each merge can be efficiently
updated by maintaining maximum likelihood esti-
mates θ for each cluster.

Tuned Splitting Finally, we iteratively split the
cluster tree produced by the merging stage. At each
step, we split the cluster Ci with the lowest log data
likelihood per item log P(Ci|C)

|Ci| . We then choose the
clustering which minimizes Lλ, with λ > 0 tuned
during model development.6

4 Experimental Setup

Data We run experiments on the distribution of
PropBank (Palmer et al., 2005) provided for the
CoNLL 2008 Shared Task (Surdeanu et al., 2008).
We use the same setup as previous work, remov-
ing arguments annotated with reference (R-) and

6A comparison of this method against a constant-k base-
line and oracle upper bound is given in Appendix E.

continuation (C-) roles, keeping only verbal pred-
icates,7 and using the development set for model
development and the training set for testing.

Our one preprocessing difference from previ-
ous work is that instead of using the dependency-
based SRL annotations provided in the CoNLL
2008 dataset, we use full answer spans, which we
reconstruct by aligning the CoNLL 2008 data back
to the original annotations in the Penn Treebank
(Marcus et al., 1993) and PropBank.8

4.1 Models

HUM of QA-SRL Questions (HUM-QQ) We
train a QA-SRL parser on the expanded set of the
QA-SRL Bank 2.0 (FitzGerald et al., 2018) using
the architecture described in Section 3.1. In the pre-
clustering step, we estimate k = 100 clusters. For
tuned splitting, we choose λ to maximize perfor-
mance on the development set. Hyperparameters
are detailed in Appendix B.

SYNTF This model assigns each argument to a
cluster corresponding to the label of its syntactic
dependency to its parent, using the syntactic for-
malism provided in CoNLL 2008 Shared Task data.
Past work has found SYNTF to be a strong baseline
(Lang and Lapata, 2011).

Prior Work We compare to Bayesian generative
modeling (Titov and Klementiev, 2012, BAYES),
which is state-of-the-art on gold syntax, and
an embedding-based method (Luan et al., 2016,
SYMDEP/ASYMDEP) which is state-of-the-art us-
ing automatic syntax. These as well as all other
prior approaches (e.g., Lang and Lapata, 2011;
Titov and Khoddam, 2015; Woodsend and Lapata,
2015) crucially rely on syntactic features.

4.2 Auxiliary Clustering Rules

For SYNTF and HUM-QQ, we experiment with
several auxiliary clustering rules.

Lexical Rules We employ three lexical rules,
each producing a separate cluster for all arguments
whose spans exactly match a phrase contained in
the rule’s lexicon. Our rules are for negation (5

7While we ignore nominal predicates, our method naturally
generalizes to nominalizations, which are provided with QA-
SRL annotations in QANom (Klein et al., 2020).

8Using gold spans is necessary in order to compare to pre-
vious work and use the CoNLL 2008 dataset for evaluation of
role induction. In a more realistic setting where gold argument
spans are not available, we could use the span detector of
FitzGerald et al. (2018) to construct argument spans.
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phrases), modals (23 phrases), and discourse modi-
fiers (55 phrases). These lexica were written to cor-
respond to the AM-NEG, AM-MOD, and AM-DIS
roles on the basis of the PropBank annotation guide-
lines (Babko-Malaya, 2005) and development set.9

Passive to Active Conversion We also propose
a syntactic rule that applies only to SYNTF, where
we the transform the dependencies as follows:

• The LGS label, meaning “logical subject,” is
a dependency label given for by-phrases mod-
ifying a passive verb whose object denotes
what is normally the subject of the verb’s ac-
tive form (Surdeanu et al., 2008). We change
this to SBJ.

• Passive voice can be detected when the pred-
icate verb is in past participle form (part-of-
speech tag VBN) and its syntactic parent is a
be-verb (part of speech VC, lemma “be”). In
these cases, we change the syntactic label of
any SBJ dependents into OBJ.

4.3 Metrics
Purity/Collocation To compare with previous
work, we follow Lang and Lapata (2010) in us-
ing purity and collocation based F1 score for our
main evaluation. Purity measures cluster homo-
geneity: it assigns to each cluster the gold label for
which it has the most points, and then measures
the proportion of points which have their cluster’s
assigned label. Collocation measures cluster con-
centration: it assigns each gold label to the cluster
which contains the most of its points, and then mea-
sures the proportion of points which are in their
gold label’s assigned cluster. These are calculated
independently for each verb and averaged, weigh-
ing each verb by its number of argument instances.
The harmonic mean of the final results is reported
as an F1 score.

B3 For deeper analysis, we use theB3 (B-cubed)
family of clustering metrics (Bagga and Baldwin,
1998). B3 precision and recall are the precision
and recall of each point’s predicted cluster against
its gold cluster, averaging over points. In com-
parison to purity and collocation, these metrics
are tougher and more discriminative between clus-
terings, respecting important constraints like the
cluster completeness constraint of Rosenberg and
Hirschberg (2007), among others (Amigó et al.,

9Full lexica for these rules are provided in Appendix C.

Model PU CO F1 ∆F1

Gold Syntax

SYNTF 81.6 77.8 79.6 0.0
+ lex 85.2 79.8 82.4 +2.8
+ pass→act 83.6 80.8 82.2 +2.6
+ all rules 87.3 83.1 85.2 +5.6

BAYES (SotA) 88.7 78.1 83.0 +3.4
ASYMDEP 85.6 78.3 81.8 +2.2

Automatic Syntax

BAYES 86.2 72.7 78.8 -0.8
SYMDEP (SotA) 81.9 76.6 79.2 -0.4

Automatic QA-SRL

HUM-QQ 80.9 83.4 82.1 +2.5
- conn. penalty 79.0 82.7 80.8 +1.2
+ lex 85.4 88.8 87.1 +7.5

Table 3: Main results. The addition of a few simple
rules to the SYNTF baseline puts it significantly above
existing approaches, and incorporating these rules into
our QA-SRL-based model pushes performance even
further, despite not using gold syntax at all. Evalua-
tion numbers for baselines besides SYNTF are drawn
directly from prior work.

2009). B3 also allows us to reliably report scores
along slices of the data for analysis purposes, as
well as account for each slice’s contribution to the
total error. We report full B3 results for our models
in Appendix F and encourage future work to use
these as the primary metrics.

5 Results

Main results are shown in Table 3. Our auxiliary
rules put SYNTF significantly above the state of
the art for gold syntax (with 85.2 F1 versus 83.0).
HUM-QQ surpasses it with 87.1 F1 in the best
case, despite not using gold syntax at all.

5.1 A Stronger Syntactic Baseline

For SYNTF, the addition of either lexical (negation,
modal, and discourse) rules or the passive-to-active
conversion produce competitive models, covering
over 75% of the gap from baseline to BAYES. Used
together, our rules bring the score to 85.2 F1, sur-
passing BAYES by 2.2 points. Table 5 breaks down
these improvements by measuring B3 performance
on relevant roles.

For the lexical rules, we find that the negation
and modal rules nearly completely capture their
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B3 F1 A0 A1 A2 A3 A4 Args TMP ADV MNR LOC PNC CAU Mods All

SYNTF + lex 78 71 63 55 67 73 87 51 60 81 65 67 74 74
HUM-QQ + lex 90 87 69 54 65 85 78 39 50 55 56 36 61 82

% Err \ Freq .26 .37 .09 .01 .01 .74 .07 .04 .03 .03 .01 .01 .18 1.0

SYNTF + lex .23 .41 .13 .03 .02 .79 .04 .06 .04 .02 .01 .01 .18 1.0
HUM-QQ + lex .15 .26 .14 .04 .02 .61 .08 .12 .07 .06 .02 .02 .38 1.0

Table 4: B3 F1 scores on the training set for the most common labels, excluding NEG, MOD, and DIS.

roles, with the discourse rule providing significant
improvements as well. In contrast, previous mod-
els have struggled with these roles, as reported by
Lang and Lapata (2011, Table 4, NEG and DIS
roles). However, this is better seen as a shortcom-
ing of the evaluation than the models: these roles
are relatively uninteresting from the perspective of
semantic role induction, as they are closed-class,
not specific to particular predicates, and don’t cor-
respond to a semantic argument or modifier of the
event denoted by the predicate. It might have been
reasonable to exclude these arguments from the
task at the outset, but instead, using our rules can
mostly account for them while maintaining some
comparability to prior work.

The passive-to-active conversion also produces
a sizable gain, particularly on the core roles A0
and A1 (Table 5). Titov and Klementiev (2012)
informally note that the BAYES model learns some
syntactic alternations; of these, the passive alterna-
tion is perhaps the most impactful as it can apply
to any transitive verb. What we’ve found is that a
simple rule accounting for the passive construction
in the syntax provided to the BAYES model can
account for a large majority of its gains.

These results provide extra context in which to
interpret the existing literature on semantic role
induction. The fact that our simple auxiliary rules
bring the syntactic baseline beyond the existing
state of the art raises questions about whether the
performance differences between previously pub-
lished models are due to their relative abilities in
capturing their intended phenomena — such as
selectional restrictions and distributions over argu-
ment heads (Lang and Lapata, 2014) — or captur-
ing these rules. It is not clear how much of the 5.2
F1 gain over SYNTF from our auxiliary rules is re-
dundant with previous models. It seems likely that
applying our rules to them would produce a result
competitive with HUM-QQ, but it would still rely
on gold syntax. Our focus is the utility of QA-SRL
as features; indeed, it is also conceivable that apply-

B3 F1 Score

Model NEG MOD DIS A0 A1

SYNTF 41 45 50 78 71
+ all rules 98 98 80 83 78

Frequency .01 .04 .03 .26 .37

Table 5: Breakdown ofB3 F1 scores on the training set
for the labels most relevant to our auxiliary rules. The
lexical rules capture AM-NEG, AM-MOD, and AM-DIS
very well, and the active/passive rule significantly im-
proves performance on A0 and A1, which are by far
the most frequent role labels in the data. A rule-by-rule
performance breakdown is provided in Appendix D.

ing a hierarchical model like BAYES to QA-SRL
features would bring further improvements as well.

5.2 Superiority Without Syntax

HUM-QQ benefits disproportionately from the lex-
ical rules, with a 5 F1 gain as opposed to the 2.8
F1 gain for SYNTF. This is because PropBank’s
NEG, MOD, and DIS arguments almost never occur
in QA-SRL, so they get nonsense questions from
the model (see Appendix J, Table 12).10 However,
even the baseline model with no lexical rules or
connectivity penalty surpasses the performance of
the baselines using automatic syntax, all of which
fall short of SYNTF on gold.11 With these addi-
tions, HUM-QQ sets a new state of the art beyond
our enhanced SYNTF baseline, with 87.1 F1.

Table 4 compares our model to SYNTF + lex
on the most common roles using B3. HUM-QQ
greatly improves over SYNTF on core arguments

10In practice, when using arguments predicted by a QA-
SRL span detector (FitzGerald et al., 2018), we can remove
the lexical rules entirely since the corresponding arguments
will not be present.

11To be fair, these models use the automatic parses provided
with the CoNLL 2008 data, which were produced by Malt-
Parser (Nivre et al., 2006) at the time. Using state-of-the-art
methods to predict the parses today would almost certainly
improve the semantic role induction results, but probably not
past gold parses.
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(73→85 F1), but performs worse on modifiers
(74→61). Since core arguments make up 74% of
arguments in the corpus, HUM-QQ brings a large
improvement overall (74→82) and core arguments
still account for a majority of its error (at 61%).

SYNTF’s high performance on modifiers can
be traced back to representational choices in the
CoNLL 2008 Shared Task syntax (Surdeanu et al.,
2008), which uses several dependency types that
are semantic in nature, such as TMP, LOC, MNR,
and DIR, among others. These often correlate well
with gold modifier role labels, especially TMP (87
F1) and LOC (81 F1).12 This fact has led some
prior work, e.g., Titov and Klementiev (2012), to
use these dependency labels as clusters directly,
so as to avoid the need to model modifier roles
and instead focus on core arguments. Since we
eschew syntactic features, we are forced to recover
PropBank modifier roles from the ground up, mak-
ing the task more difficult (explored more in Sec-
tion 6.2).

6 What does QA-SRL Encode About
Semantic Roles?

Semantic roles are traditionally characterized as
abstractions over syntactic arguments and modi-
fiers (Gruber, 1965; Fillmore, 1968). Despite their
deep entanglement with syntax, we have found that
significant improvements in semantic role induc-
tion are possible without explicit syntactic anal-
ysis of the sentence, instead leveraging distribu-
tions of QA-SRL questions for each argument. In
this section, we show that this is because QA-SRL
questions provide surrogate syntax, recapitulating
the aspects of syntax that are important for seman-
tic roles (Section 6.1). Where QA-SRL questions
fail to capture aspects of PropBank semantic roles,
this arises in part from ontological differences with
PropBank on modifiers (Section 6.2) and limita-
tions of our experimental setup ignoring predicate
sense (Section 6.3).

6.1 Surrogate Syntax

HUM-QQ brings the largest improvement over
SYNTF on core arguments A0 and A1. To inves-
tigate this, we identify the verbs which saw the
greatest increase in B3 F1 score on each role indi-
vidually. What we find is that QA-SRL works by
acting as surrogate syntax: it removes much of the

12See Lang and Lapata (2014, Table 2) for a detailed con-
tingency table.

(role-irrelevant) syntactic variation in the source
text, while still exhibiting (role-relevant) syntactic
alternations which capture the syntactic behavior
of the predicate verb.

Reducing Syntactic Variation For A0, the three
verbs with the greatest improvement from SYNTF
to HUM-QQ are compete, conduct, and connect,
all with gaps of over 40 F1.13 For each of these,
their A0 arguments have a wide range of syntac-
tic functions assigned by SYNTF, with SBJ less
than 50% of the time — despite the fact that where
the A0 role is present, it is designed to correspond
to the grammatical subject (Babko-Malaya, 2005).
We found that this is because these verbs frequently
have non-overt subjects, which are not direct syn-
tactic dependents of the predicate in CoNLL 2008
syntax (74% of a random sample of 30 sentences
with A0 arguments of these three verbs, 10 from
each; see Appendix H.1). They appear in phrases
like ‘two competingcompetingcompetingcompetingcompetingcompetingcompetingcompetingcompetingcompetingcompetingcompetingcompetingcompetingcompetingcompetingcompeting objectives’ (with adjectival
clauses), ‘urging directors to conductconductconductconductconductconductconductconductconductconductconductconductconductconductconductconductconduct a fair auc-
tion’ (with control verbs), or ‘a maze of halls that
connectsconnectsconnectsconnectsconnectsconnectsconnectsconnectsconnectsconnectsconnectsconnectsconnectsconnectsconnectsconnectsconnects film rooms’ (with relative clauses). In
these cases, the SYNTF baseline does poorly, as the
correspondence between the SBJ dependency and
A0 role only holds consistently for overt subjects.

In contrast, HUM-QQ assigns the vast majority
of A0 arguments in these cases with questions that
put the wh-word in subject position, e.g., What com-
petes with something? or What conducts? Here,
QA-SRL removes much of the syntactic variation
from the source text and recovers something close
to the underlying grammatical relation between the
argument and the verb, while also providing infor-
mation about the verb’s subcategorization frames
(e.g., the presence of an object in What connects
something?), aiding in recovery of the semantic
role.

Capturing Syntactic Alternations For A1, The
verbs with the greatest improvement are propose,
prefer, price, and relate, with a gap of >50 F1 be-
tween models. Of the top 50 such verbs, 48 are
transitive with A1 as the transitive object (see Ap-
pendix H.2). In these cases, the passive alternation
allows the argument to be asked about in either
the subject (What is proposed?) or object (What
does something propose?) position. We find that
QA-SRL does this, frequently combining questions

13To reduce variance from low-frequency verbs, we mea-
sure this gap after smoothing their precision and recall with
10 counts of the weighted aggregate for the model.
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(a) Distribution of wh-words for each role. (b) Normalized PMIs between gold roles.

Figure 1: Cooccurrence between gold role labels and wh-words in QA-SRL (left) or each other in HUM-QQ’s
predicted clusters (right). The distributions of wh-words are normalized per role, and NPMI between gold labels
is chance-corrected, where negative values (red) are clustered apart more often than by chance, and positive values
(blue) are preferentially grouped together.

about passive subject and active object into one
role: for 62% of the top 50 verbs, the cluster corre-
sponding to A1 gives greater than 20% probability
each to passive subject and active object questions.
This happens because the Hard Unigram Mixture
objective clusters together distributions whose un-
certainty is spread over the same set of elements,
which here correspond to syntactic alternations. As
an example, Table 1 shows the induced clusters for
give, which exhibit both passive and dative alterna-
tions; give gained 31 F1 on A1 in HUM-QQ.

6.2 Mismatched Modifiers

HUM-QQ struggles to identify PropBank modifier
roles, and it has room for improvement on trailing
arguments like A2 and A3. In QA-SRL, the seman-
tics of these roles are primarily expressed by the
initial wh-word, such as when, where, why, how,
etc. Figure 1a shows the distribution of wh-words
appearing for each role in the training set. To a
large extent, each role is concentrated on a corre-
sponding wh-word, but there are exceptions. A2,
A3, and AM-ADV are widely spread between wh-
words, and how and why account for a significant
portion of questions for several roles each. See
Appendix J, Table 11 for full questions.

To visualize how this affects clustering results,
Figure 1b shows the normalized pointwise mutual
information (NPMI; Bouma, 2009) between gold
labels in HUM-QQ’s predicted clusters (see Ap-
pendix I for how this is calculated). While A0
and A1 are distinguished well from all other roles,
the trailing arguments A2 and A3 are not well dis-

tinguished from modifiers, reflecting the difficulty
of the argument–adjunct distinction for these ar-
guments, which often have similar meanings to
modifiers and form a significant error case for su-
pervised labelers (He et al., 2017). AM-ADV tends
to be confused with other modifier roles, which
reflects its definition in the PropBank guidelines as
a sort of “catch-all” role for meanings not captured
in the other modifiers (Babko-Malaya, 2005). Fi-
nally, AM-CAU (cause) and AM-PNC (purpose, not
cause) tend to be confused with each other, since
they both elicit why questions.

Argument–Adjunct Distinction Scores are sig-
nificantly lower for trailing core arguments A2-4
than for A0 and A1. Since part of the problem
seems to be confusion with modifier roles (Fig-
ure 1b), we conduct an oracle experiment to en-
force the argument–adjunct distinction by doubling
the size of the feature space to φ(x) ∈ R2|q|

≥0 and
projecting gold core arguments and modifiers into
orthogonal subspaces.

Results are shown in Table 6 (+ gold arg/adj).
The oracle boosts performance by 3 points,
with particular focus on trailing arguments A2
(69→78) and A4 (65→78), as well as modi-
fiers AM-ADV (39→47), AM-MNR (50→57), and
AM-LOC (55→61). However, overall performance
on modifiers is still far below the syntactic baseline.
Given the coarse semantics of English wh-words in
comparison to PropBank modifier roles (Figure 1a),
it may be that finer-grained features are necessary
to significantly increase performance on modifiers.
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B3 F1 A0 A1 A2 A3 A4 Args TMP ADV MNR LOC PNC CAU Mods All

SYNTF + lex 78 71 63 55 67 73 87 51 60 81 65 67 74 74
HUM-QQ + lex 90 87 69 54 65 85 78 39 50 55 56 36 61 82

+ gold arg/adj 91 89 78 65 78 88 77 47 57 61 58 35 64 85
+ gold sense 91 90 74 58 75 87 80 43 55 64 63 47 65 84
+ both 92 92 83 70 81 90 81 51 64 69 66 46 69 87

Table 6: Breakdown of B3 F1 scores on the training set for the most common labels in our ablation studies. The
first two rows are repeated from Table 4.

6.3 Scrambled Senses

Despite core arguments significantly improving un-
der HUM-QQ, they remain the largest source of
error. To investigate this, we examine the verbs
with the worst F1 on core arguments. The top
verbs are go, settle, confuse, turn, and follow, with
<60 F1. Half of the top 20 have 4 or more predi-
cate senses annotated in PropBank, where different
senses often manifest their roles differently: for
example, the subject is A0 when settling with the
IRS (sense 2), but A1 when settling into a new job
(sense 3). To quantify this, we run an oracle exper-
iment where we induce roles for each verb sense
separately instead of each verb lemma. Results
are shown in Table 6 (+ gold sense). Performance
improves particularly on trailing arguments A2, A3
and A4, which tend to differ greatly in meaning
and realization for different predicate senses. A
combined oracle (+ both) shows that the gains are
mostly complementary with those from the argu-
ment/adjunct distinction oracle. These results sug-
gest that future work on semantic role induction
should prioritize modeling predicate senses.

7 Conclusion

We have shown that QA-SRL provides a way to
do state-of-the-art semantic role induction without
the need for formal syntax. It works by providing
surrogate syntax: it captures long-distance depen-
dencies to non-overt arguments and exhibits syn-
tactic alternations which allow us to detect varied
ways of expressing the same role. These results
suggest that QA-SRL can provide some of the prac-
tical benefits of sophisticated syntactic formalisms
that have separate layers of functional structure,
like Combinatory Categorial Grammar (Steedman,
1996, 2000), Head-Driven Phrase Structure Gram-
mar (Pollard and Sag, 1994), or Lexical Functional
Grammar (Bresnan et al., 2015) — but without
grammar engineering or expert data annotation.

One challenge is that QA-SRL is currently only

defined for English. Future work may benefit from
our lessons about the utility of surrogate syntax
when designing similar annotation methodologies
for other languages; combining this with insights
from existing work on grammar development for
diverse languages (Bender et al., 2002) may be key.

While formal ontologies of semantic roles and
syntax are difficult to formulate and scale, our re-
sults show how it may be comparatively feasible
to formulate, scale, and build robust models for
the phenomena that such ontologies are meant to
explain. QA-SRL exhibits enough of these phe-
nomena that a relatively simple model over it (the
Hard Unigram Mixture in Section 3) yields state-
of-the-art induced semantic roles which are inter-
pretable and linguistically meaningful. This sug-
gests that identifying and gathering supervision
for more phenomena (e.g., those related to word
sense or modifier semantics) in a relatively theory-
agnostic way, then building models grounded in
linguistic theory, may be a promising avenue for fu-
ture work. This general approach has recently been
applied to syntax as well, for example leveraging
constituency tests (Cao et al., 2020) and naturally-
occurring bracketings (Shi et al., 2021).

The fact that discrete structures can be reliably
derived from ontology-free annotation schemes like
QA-SRL can potentially inform future efforts to
construct large-scale ontologies of semantic struc-
ture. QA-SRL has the further benefit over tradi-
tional SRL of including a broader scope of implicit
arguments than those addressed by supervised sys-
tems, as shown by Roit et al. (2020). Taken to-
gether, our results suggest that with the right kind
of annotation scheme, it should be possible to con-
struct rich semantic ontologies in new domains,
without expert curation and in a data-driven, lin-
guistically motivated way.

Acknowledgements

Thanks to the anonymous reviewers and Victor
Zhong for their helpful comments.

4435



References
Omri Abend and Ari Rappoport. 2013. Universal Con-

ceptual Cognitive Annotation (UCCA). In Proceed-
ings of the 51st Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Pa-
pers), pages 228–238, Sofia, Bulgaria. Association
for Computational Linguistics.

Enrique Amigó, Julio Gonzalo, Javier Artiles, and
Felisa Verdejo. 2009. A comparison of extrinsic
clustering evaluation metrics based on formal con-
straints. Information retrieval, 12(4):461–486.

Olga Babko-Malaya. 2005. Propbank annotation
guidelines.

Amit Bagga and Breck Baldwin. 1998. Entity-
based cross-document coreferencing using the vec-
tor space model. In 36th Annual Meeting of the
Association for Computational Linguistics and 17th
International Conference on Computational Linguis-
tics, Volume 1, pages 79–85, Montreal, Quebec,
Canada. Association for Computational Linguistics.

Collin F. Baker, Charles J. Fillmore, and John B. Lowe.
1998. The Berkeley FrameNet project. In 36th An-
nual Meeting of the Association for Computational
Linguistics and 17th International Conference on
Computational Linguistics, Volume 1, pages 86–90,
Montreal, Quebec, Canada. Association for Compu-
tational Linguistics.

Laura Banarescu, Claire Bonial, Shu Cai, Madalina
Georgescu, Kira Griffitt, Ulf Hermjakob, Kevin
Knight, Philipp Koehn, Martha Palmer, and Nathan
Schneider. 2013. Abstract Meaning Representation
for sembanking. In Proceedings of the 7th Linguis-
tic Annotation Workshop and Interoperability with
Discourse, pages 178–186, Sofia, Bulgaria. Associa-
tion for Computational Linguistics.

Emily M. Bender, Dan Flickinger, and Stephan Oepen.
2002. The grammar matrix: An open-source starter-
kit for the rapid development of cross-linguistically
consistent broad-coverage precision grammars. In
COLING-02: Grammar Engineering and Evalua-
tion.

Gerlof Bouma. 2009. Normalized (pointwise) mutual
information in collocation extraction. In GSCL.

Joan Bresnan, Ash Asudeh, Ida Toivonen, and Stephen
Wechsler. 2015. Lexical-functional syntax. John Wi-
ley & Sons.

Steven Cao, Nikita Kitaev, and Dan Klein. 2020. Unsu-
pervised parsing via constituency tests. In Proceed-
ings of the 2020 Conference on Empirical Methods
in Natural Language Processing (EMNLP), pages
4798–4808, Online. Association for Computational
Linguistics.

Janara Christensen, Mausam, Stephen Soderland, and
Oren Etzioni. 2011. An analysis of open informa-
tion extraction based on semantic role labeling. In
K-CAP.

Grzegorz Chrupała. 2012. Hierarchical clustering of
word class distributions. In Proceedings of the
NAACL-HLT Workshop on the Induction of Linguis-
tic Structure, pages 100–104, Montréal, Canada. As-
sociation for Computational Linguistics.

Kenneth Ward Church and Patrick Hanks. 1989. Word
association norms, mutual information, and lexicog-
raphy. In 27th Annual Meeting of the Association
for Computational Linguistics, volume 16, pages
76–83. Association for Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 4171–4186, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

Charles J. Fillmore. 1968. The case for case. In Em-
mon Bach and Robert T. Harms, editors, Universals
in Linguistic Theory. Holt, Rinehart & Winston.

Nicholas FitzGerald, Julian Michael, Luheng He, and
Luke Zettlemoyer. 2018. Large-scale QA-SRL pars-
ing. In Proceedings of the 56th Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 2051–2060, Melbourne,
Australia. Association for Computational Linguis-
tics.

Yarin Gal and Zoubin Ghahramani. 2016. A theoret-
ically grounded application of dropout in recurrent
neural networks. In NIPS.

Jeffrey S. Gruber. 1965. Studies in Lexical Relations.
Ph.D. thesis, Massachusetts Institute of Technology.

Luheng He, Kenton Lee, Mike Lewis, and Luke Zettle-
moyer. 2017. Deep semantic role labeling: What
works and what’s next. In Proceedings of the 55th
Annual Meeting of the Association for Computa-
tional Linguistics (Volume 1: Long Papers), pages
473–483, Vancouver, Canada. Association for Com-
putational Linguistics.

Luheng He, Mike Lewis, and Luke Zettlemoyer. 2015.
Question-answer driven semantic role labeling: Us-
ing natural language to annotate natural language.
In Proceedings of the 2015 Conference on Empiri-
cal Methods in Natural Language Processing, pages
643–653, Lisbon, Portugal. Association for Compu-
tational Linguistics.

Diederik P. Kingma and Jimmy Ba. 2015. Adam: A
method for stochastic optimization. In Proceedings
of ICLR.

Ayal Klein, Jonathan Mamou, Valentina Pyatkin,
Daniela Stepanov, Hangfeng He, Dan Roth, Luke
Zettlemoyer, and Ido Dagan. 2020. QANom:
Question-answer driven SRL for nominalizations.
In Proceedings of the 28th International Conference

4436



on Computational Linguistics, pages 3069–3083,
Barcelona, Spain (Online). International Committee
on Computational Linguistics.

Ilia Kuznetsov and Iryna Gurevych. 2020. A matter of
framing: The impact of linguistic formalism on prob-
ing results. In Proceedings of the 2020 Conference
on Empirical Methods in Natural Language Process-
ing (EMNLP), pages 171–182, Online. Association
for Computational Linguistics.

Joel Lang and Mirella Lapata. 2010. Unsupervised
induction of semantic roles. In Human Language
Technologies: The 2010 Annual Conference of the
North American Chapter of the Association for Com-
putational Linguistics, pages 939–947, Los Angeles,
California. Association for Computational Linguis-
tics.

Joel Lang and Mirella Lapata. 2011. Unsupervised
semantic role induction via split-merge clustering.
In Proceedings of the 49th Annual Meeting of the
Association for Computational Linguistics: Human
Language Technologies, pages 1117–1126, Portland,
Oregon, USA. Association for Computational Lin-
guistics.

Joel Lang and Mirella Lapata. 2014. Similarity-driven
semantic role induction via graph partitioning. Com-
putational Linguistics, 40(3):633–669.

Kenton Lee, T. Kwiatkowski, Ankur P. Parikh, and Di-
panjan Das. 2016. Learning recurrent span repre-
sentations for extractive question answering. ArXiv,
abs/1611.01436.

Jianhua Lin. 1991. Divergence measures based on the
shannon entropy. IEEE Transactions on Information
theory, 37:145–151.

Yi Luan, Yangfeng Ji, Hannaneh Hajishirzi, and
Boyang Li. 2016. Multiplicative representations for
unsupervised semantic role induction. In Proceed-
ings of the 54th Annual Meeting of the Association
for Computational Linguistics (Volume 2: Short Pa-
pers), pages 118–123, Berlin, Germany. Association
for Computational Linguistics.

Mitchell P. Marcus, Beatrice Santorini, and Mary Ann
Marcinkiewicz. 1993. Building a large annotated
corpus of English: The Penn Treebank. Computa-
tional Linguistics, 19(2):313–330.

Julian Michael, Jan A. Botha, and Ian Tenney. 2020.
Asking without telling: Exploring latent ontologies
in contextual representations. In Proceedings of the
2020 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 6792–6812,
Online. Association for Computational Linguistics.

K. Nigam, A. McCallum, S. Thrun, and Tom Michael
Mitchell. 2000. Text classification from labeled and
unlabeled documents using em. Machine Learning,
39:103–134.

Joakim Nivre, Johan Hall, and Jens Nilsson. 2006.
MaltParser: A data-driven parser-generator for de-
pendency parsing. In Proceedings of the Fifth In-
ternational Conference on Language Resources and
Evaluation (LREC’06), Genoa, Italy. European Lan-
guage Resources Association (ELRA).

Martha Palmer, Daniel Gildea, and Paul Kingsbury.
2005. The Proposition Bank: An annotated cor-
pus of semantic roles. Computational Linguistics,
31(1):71–106.

Jeffrey Pennington, Richard Socher, and Christopher
Manning. 2014. GloVe: Global vectors for word
representation. In Proceedings of the 2014 Confer-
ence on Empirical Methods in Natural Language
Processing (EMNLP), pages 1532–1543, Doha,
Qatar. Association for Computational Linguistics.

Fernando Pereira, Naftali Tishby, and Lillian Lee. 1993.
Distributional clustering of English words. In 31st
Annual Meeting of the Association for Computa-
tional Linguistics, pages 183–190, Columbus, Ohio,
USA. Association for Computational Linguistics.

Matthew Peters, Mark Neumann, Mohit Iyyer, Matt
Gardner, Christopher Clark, Kenton Lee, and Luke
Zettlemoyer. 2018. Deep contextualized word rep-
resentations. In Proceedings of the 2018 Confer-
ence of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long Papers), pages
2227–2237, New Orleans, Louisiana. Association
for Computational Linguistics.

Carl Pollard and Ivan A Sag. 1994. Head-driven
phrase structure grammar. University of Chicago
Press.

Paul Roit, Ayal Klein, Daniela Stepanov, Jonathan
Mamou, Julian Michael, Gabriel Stanovsky, Luke
Zettlemoyer, and Ido Dagan. 2020. Controlled
crowdsourcing for high-quality QA-SRL annotation.
In Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, pages
7008–7013, Online. Association for Computational
Linguistics.

Andrew Rosenberg and Julia Hirschberg. 2007. V-
measure: A conditional entropy-based external clus-
ter evaluation measure. In Proceedings of the 2007
Joint Conference on Empirical Methods in Natural
Language Processing and Computational Natural
Language Learning (EMNLP-CoNLL), pages 410–
420, Prague, Czech Republic. Association for Com-
putational Linguistics.
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A QA-SRL Question Generator

We reproduce FitzGerald et al. (2018)’s architec-
ture, encoding sentences with a stacked alternat-
ing LSTM (Zhou and Xu, 2015) with highway
connections (Srivastava et al., 2015) and recurrent
dropout (Gal and Ghahramani, 2016), and repre-
senting spans by concatenating the output embed-
dings of their endpoints (Lee et al., 2016). The
question generator is a specialized LSTM decoder
which only outputs the tokens allowed in each QA-
SRL slot. The current predicate is indicated by an
embedded binary feature input to BiLSTM encoder,
and answer span representations are input at each
step of the LSTM decoder. We make two changes
from FitzGerald et al. (2018): 1) As opposed to
GloVe (Pennington et al., 2014) or ELMo (Peters
et al., 2018), We embed the inputs with BERT-base
(Devlin et al., 2019) in the ‘feature’ style with a
learned scalar mix over layers, and 2) we addi-
tionally concatenate the output embedding of the
predicate to the input of the LSTM decoder.

B Hyperparameters

QA-SRL Question Generator The BiLSTM en-
coder uses a hidden size of 300, 4 layers, 0.1 re-
current dropout probability, and a 100-dimensional
predicate indicator embedding. The LSTM decoder
has a 100-dimensional hidden state and predicts
QA-SRL slots with 200-dimensional embeddings
via an MLP with a 100-dimensional hidden layer.
We train on all QA pairs in the QA-SRL Bank
2.0 expanded training set using BERT’s variant
of Adam (Kingma and Ba, 2015) with a learning
rate of 5e−5 and batch size of 32, selecting the
model with minimal perplexity on the expanded
development set. To produce our feature vectors φ,
we decode questions with a beam size of 20 and a
minimum probability cutoff of 0.01.

Flat Pre-Clustering We perform flat clustering
with 100 clusters, skipping this step for verbs with
100 arguments or less. We use a concentration
parameter of α = 0.01 (i.e., uniform base measure
with a sum of 0.01) and do 5 random restarts, each
running until the loss decreases by less than 1e−5
per iteration, and choose the run that yields the
lowest loss.
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Model PU CO F1 ∆F1

SYNTF 81.6 77.8 79.6 0.0
+ negation 82.8 77.8 80.2 +0.6
+ modals 83.0 79.8 81.3 +1.7
+ discourse 82.6 77.8 80.1 +0.5
+ pass→act 83.6 80.8 82.2 +2.6
+ all rules 87.3 83.1 85.2 +5.6

Table 7: Detailed results for auxiliary rules on SYNTF.

Tuned Splitting Our final model (HUM-QQ +
lex) uses λ = 0.35.

C Rule Lexica

Here we list the full lexica for the auxiliary cluster-
ing rules described in Section 4.2.

Negation 5 items: n’t, never, no, no longer, not.
These are drawn directly from the PropBank

guidelines (Babko-Malaya, 2005, p. 32).

Modals 23 items: ’d, ’ll, ’ve, able, ca, can, can’t,
could, going, gon, gonna, have, may, might, must,
ought, shall, should, used, will, wo, won’t, would.

Note the inclusion of have, used, able, and going,
which are parts of phrasal modals (e.g., have to),
which are included in AM-MOD according to the
PropBank guidelines (Babko-Malaya, 2005, p. 32).

Discourse 55 items: after all, ah, also, and, and
so, as a result, as we’ve seen before, as well, but,
certainly, damn, either, for example, for instance,
for one, for one thing, frankly, furthermore, gosh,
hence, however, in addition, in any case, in any
event, in contrast, in fact, in other words, in partic-
ular, in that case, in this case, in turn, indeed, in-
stead, ironically, moreover, nonetheless, of course,
oh gosh, oh my god, oh my gosh, on the other hand,
or, particularly, rather, regardless, similarly, so,
specifically, thereby, therefore, though, thus, too,
uh, um.

Note the inclusion of some interjections, (ah,
oh my gosh, etc.), which are included in AM-DIS
according to the PropBank guidelines (Babko-
Malaya, 2005, p. 31).

D Auxiliary Rule Performance
Breakdown

In Table 7, we provide a more detailed account-
ing of the improvements that arise from our aux-
iliary rules described in Section 4.2 and Table 5.

Tuning Method PU CO F1

Constant k = 6 83.9 86.7 85.3
λ = 0.35 85.4 88.8 87.1
F1 Oracle 87.6 89.6 88.6

Table 8: Comparison of methods to determine the num-
ber of clusters for each verb. All reported numbers are
for HUM-QQ+ lex.

Setting Objective

λ = 1 Mixture of Unigrams Likelihood
λ = 0 Jensen-Shannon Divergence
λ = −1 Mutual Information

Table 9: Objectives reproduced by the HUM loss for
different settings of λ, described in Appendix G.

The negation and discourse rules bring precision
improvements, likely because they mostly have
ADV dependencies outgoing. The modal rule im-
proves both precision and recall because modals
have many different kinds of outgoing dependen-
cies, due to their status as heads of clauses (which
can serve in many syntactic capacities). Finally,
the passive alternation rule aids precision by split-
ting SBJ between active and passive uses, and aids
recall by grouping LGS with the active SBJ and
passive SBJ with active OBJ. This mainly affects
the core argument labels A0 and A1, as shown in
Table 5 — especially A1, as we also find for QA-
SRL questions in Section 6.1.

E Tuned Splitting Evaluation

Our model has a single parameter λ which deter-
mines the number of clusters for each verb via the
tradeoff between the data likelihood and clustering
likelihood. We compare this to a constant base-
line (the same number of clusters for all verbs)
and an oracle upper bound which chooses the split
that maximizes the purity/collocation F1 score for
each verb independently. As shown in Table 8,
we improve on the constant baseline by 1.8 points
(85.3→87.1), but fall short of the oracle by 1.5
points (87.1→88.6). There is room for improve-
ment, but errors in the tuning step may not be the
most significant factor to concern future work.

F B3 Results

Results using B3 metrics on models we tested are
shown in Table 10.
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Model B3P B3R F1 ∆F1

Gold Syntax

SYNTF 74.7 68.3 71.3 0.0
+ lex 79.1 70.4 74.5 +3.2
+ pass→act 77.4 72.1 74.7 +3.4
+ all rules 82.2 74.7 78.3 +7.0

Automatic QA-SRL

HUM-QQ 71.1 79.0 74.8 +3.5
- conn. pen. 71.6 75.7 73.6 +2.3
+ lex 79.8 83.4 81.6 +10.3
+ lex + MI 77.7 82.1 79.9 +8.6

Table 10: B3 Results on models we tested. The gap
between HUM-QQ and SYNTF is larger than for pu-
rity and collocation, as B3 is a tougher metric which
is more discriminative between clusterings. The last
model variant (+MI) is described in Appendix G.

G Related Clustering Algorithms

Recall the Hard Unigram Mixture loss

LHUM
λ (C) = − log P(X | C)− λ log P(C).

Different settings of λ reproduce several objectives
present in the literature, summarized in Table 9.
As written in Section 3, when λ = 1, minimizing
LHUM
1 maximizes likelihood of the data X under a

mixture of unigrams model (Nigam et al., 2000).
When the number of clusters k is fixed, setting

λ = 0 as in our greedy merging step (Section 3.3)
is equivalent to enforcing a uniform prior π over
mixture components. In this case, the gain in loss
on each merge is the Jensen-Shannon Divergence
(JSD) between the merged clusters, scaled by their
total size and using each cluster’s size to deter-
mine its mixing weights in the divergence, as in
the mixture-based definition of JSD by Lin (1991).
JSD is used in the same way by Chrupała (2012),
without the scaling and weighting, as a similarity
measure for agglomerative clustering.

Finally, setting λ = −1 reduces the HUM loss
to the mutual information between the QA-SRL
questions under φ and the cluster assignment C,
which has been used in prior work to encourage
informative clusterings (Michael et al., 2020). This
is related to the distributional clustering paradigm
of Pereira et al. (1993), which aims to identify com-
mon factors that explain distributional data, and
which Slonim and Tishby (1999) frame in terms
of an information bottleneck that maximizes mu-

tual information between the data and a jointly
distributed ‘relevance’ variable (though in our case,
the reference variable is the cluster assignment it-
self). Setting λ = −1 in the greedy merging step,
we find (in Table 10) that using a mutual informa-
tion criterion in this way hurts performance. We
guess this is because the objective incentivizes clus-
ters of uniform size, which does not match the
highly skewed distributions of gold semantic roles.

H Manual Analysis Results

H.1 Improved Verbs on A0

The top 50 verbs by F1 gain on A0 from SYNTF to
HUM-QQ are: compete, conduct, connect, com-
bine, dominate, restore, require, yield, limit, ban,
direct, tie, oversee, contain, identify, increase, eval-
uate, specialize, allow, assist, restrict, found, grant,
feature, propose, detail, force, convert, veto, rate,
bolster, appoint, enact, design, list, lead, resolve,
retire, schedule, reach, analyze, remove, speed,
manage, deliver, underlie, revise, emerge, enable,
block.

We examined 30 sentences containing the top
3 verbs (compete, conduct, and connect). There
were 31 A0 arguments of these verbs in these sen-
tences. Of these, 8 (26%) were overt, 11 (35%)
were extracted subjects of relative clauses, 5 (16%)
were modified by the predicate appearing in an
adjectival clause, 5 (16%) were subjects of open
complements of control verbs, and 2 (6%) were
otherwise implicit (subject of an adverbial clause
or open complement not under a control verb).

H.2 Improved Verbs on A1

We examined the top 50 verbs by their difference
in B3 performance on A1 between SYNTF and
HUM-QQ. 48 of them are transitive; the other two
are bolded. In decreasing order of F1 gain, they
are: propose, prefer, price, relate, involve, help,
choose, consider, design, mention, identify, release,
include, exist, range, value, revise, lead, associate,
need, increase, import, prove, feel, place, deter-
mine, limit, found, enact, control, cancel, dilute,
disclose, select, exclude, force, insure, accrue, dam-
age, calculate, hurt, secure, delay, regard, record,
open, use, concern, weaken, adjust.

I Calculating Normalized PMI

Here we describe some special concerns for our
use of normalized PMI in Section 6.2.
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Pointwise mutual information (PMI) is a mea-
sure of how likely two items (such as tokens in
a corpus) are to occur together relative to chance
(Church and Hanks, 1989). One feature of PMI is
that it tends to be larger for rare events: if two items
x and y always occur together, then their PMI is
− log P(x, y). This can make it difficult to assess
association patterns among items with greatly vary-
ing probabilities (e.g., the AM-CAU role appears
for 1% of arguments, while A1 appears for 27%).
So we use normalized PMI (NPMI; Bouma, 2009),
which factors out the effect of item frequency on
PMI. Formally, the NPMI of x and y is

(
log

P(x, y)

P(x) P(y)

)/
− log(P(x, y)) , (1)

taking the limit value of -1 when they never occur
together, 1 when they only occur together, and 0
when they occur independently. We use NPMI to
analyze the co-occurrence of gold labels in pre-
dicted clusters: A pair of gold labels with high
NPMI are preferentially grouped together by the
induced roleset, whereas two labels with low NPMI
are preferentially distinguished. The joint distribu-
tion between gold labels is generated by drawing
one point (x) uniformly at random from the data,
drawing another (y) uniformly at random from x’s
predicted cluster, and reading the gold labels of
both. NPMI has been used to analyze clusters in
this way by Michael et al. (2020).

Calculating NPMI naïvely on our full clustering
has a caveat. The denominator of the PMI term in
Equation 1, P(x) P(y), uses marginal probabilities
of x and y over the corpus to calculate chance co-
occurrence. But our clusters are constrained not to
overlap between verbs, so this does not correctly es-
timate chance cooccurrence in our setting. Instead,
we use the expectation over verbs of within-verb
chance cooccurrence:

∑

v

P(x | v) P(y | v) P(v),

where P(v) is proportional to the number of argu-
ments for the verb v.

J Question Distributions by Role

We list the top questions and their probabilities
for modifier roles in Table 11. Questions for core
roles and the ones covered by our lexical rules are
in Table 12. We use verb (or verbs, or verbed)
as a placeholder for the verb, which in practice is
replaced with the predicate for a given instance.

Role Top Questions Prob

TMP When does something verb something? 0.34
When does something verb? 0.21
When is something verbed? 0.18
When does something verb somewhere? 0.03
When does sth. verb to do something? 0.02
How does something verb? 0.01
How is something verbed? 0.01

ADV Why does something verb something? 0.13
How does something verb something? 0.12
When does something verb something? 0.09
How is something verbed? 0.08
How does something verb? 0.08
Why does something verb? 0.05
Why is something verbed? 0.04
When does something verb? 0.04
What does something verb? 0.03
When is something verbed? 0.03

MNR How is something verbed? 0.25
How does something verb? 0.22
How does something verb something? 0.19
What does something verb? 0.02
Where does something verb? 0.02
Why does something verb something? 0.02
How does something verb somewhere? 0.02

LOC Where does something verb something? 0.24
Where is something verbed? 0.22
Where does something verb? 0.21
When does something verb something? 0.04
How does something verb something? 0.03
How does something verb? 0.02
How is something verbed? 0.02

PNC Why does something verb something? 0.29
Why is something verbed? 0.21
Why does something verb? 0.08
Why does something verb somewhere? 0.05
What is something verbed to do? 0.03
How is something verbed? 0.03
What is something verbed for? 0.02

CAU Why does something verb something? 0.32
Why does something verb? 0.16
Why is something verbed? 0.16
Why does something verb somewhere? 0.04
How does something verb? 0.04
Why does sth. verb to do something? 0.03
How does something verb something? 0.02

DIR Where does something verb? 0.40
How does something verb? 0.17
Where is something verbed? 0.10
Where does something verb something? 0.07
How is something verbed? 0.06
How does something verb something? 0.03

Table 11: Top questions in the QA-SRL features on
the training set for modifier roles. Most of the roles
align with a particular wh-word especially well, espe-
cially for when, where, and why. But AM-ADV takes a
variety of wh-words, and how appears often for nearly
all modifier roles. In longer questions, ‘something’ is
abbreviated for space.
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Role Top Questions Prob

A0 What verbs something? .65
What verbs? .14
How is something verbed? .02

A1 What does something verb? .42
What is verbed? .25
What verbs? .09
What verbs something? .03
What does something verb to do? .02

A2 What does something verb? .12
How is something verbed? .07
What verbs something? .07
Where is something verbed? .06
What is verbed? .06
How does something verb? .06
How much does something verb? .04

A3 How does something verb? .15
What does something verb? .09
How is something verbed? .07
Why does something verb something? .06
How does something verb something? .05
When does something verb? .05
Where does something verb? .04

A4 What does something verb to? .17
Where does something verb? .17
How does something verb? .16
How much does something verb? .14
What does something verb something to? .04
How is something verbed? .03

NEG What verbs something? .40
What verbs? .15
What is verbed? .12
How is something verbed? .05
How does something verb? .03
How does something verb something? .03

MOD What verbs something? .22
How does something verb something? .11
What verbs? .09
Why does something verb something? .07
What is verbed? .06
How does something verb? .06
How is something verbed? .06

DIS When does something verb something? .15
How does something verb something? .15
What verbs something? .08
How is something verbed? .07
How does something verb? .07
Why does something verb something? .06
When does something verb? .05

Table 12: Top questions in the QA-SRL features on
the training set for core roles and the ones covered by
our lexical rules. The questions for AM-NEG, AM-MOD,
and AM-DIS often don’t make sense, e.g., asking for
the subject of the verb. No QA-SRL questions are
appropriate or were annotated for many arguments of
these types. On the other hand, the core roles behave
essentially as expected: A0 is dominated by the sub-
ject, A1 has a mix of subjects and objects, with some
complements, and A2 and on have a wider spread of
different expressions. Since the core argument roles
have predicate-specific meanings, the distributions here
can only be interpreted as aggregates across many such
meanings.
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Abstract

Writing a coherent and engaging story is not
easy. Creative writers use their knowledge and
worldview to put disjointed elements together
to form a coherent storyline, and work and
rework iteratively toward perfection. Auto-
mated visual storytelling (VIST) models, how-
ever, make poor use of external knowledge and
iterative generation when attempting to create
stories. This paper introduces PR-VIST, a
framework that represents the input image se-
quence as a story graph in which it finds the
best path to form a storyline. PR-VIST then
takes this path and learns to generate the final
story via a re-evaluating training process. This
framework produces stories that are superior in
terms of diversity, coherence, and humanness,
per both automatic and human evaluations. An
ablation study shows that both plotting and re-
working contribute to the model’s superiority.

1 Introduction

Writing a story is a complicated task. Human writ-
ers use their knowledge to tie all the disjointed ele-
ments, such as people, items, actions, or locations,
together to form a coherent storyline. Writers also
re-evaluate their work constantly during the writ-
ing process, and sometimes even alter their writing
goals in the middle of a draft. Flower and Hayes
(1981) characterize a solo writer’s cognitive pro-
cess as a series of components in which the writer’s
own knowledge is described as the long-term mem-
ory, and the planning, translating, and reviewing
steps can occur in a recursive, interconnected man-
ner. These creative steps are essential to human
writing. However, automated visual storytelling
(VIST) models that compose stories given five im-
ages (Huang et al., 2016) do not make extensive
use of human knowledge to tie the elements to-

∗* denotes equal contribution

gether, nor do they use human insight to evaluate
the outputs and guide the generation process.

As for linking elements, most works generate vi-
sual stories in an end-to-end fashion (Huang et al.,
2016; Kim et al., 2018), treating the task as a
straightforward extension of image captioning. Re-
cent works have begun to use relations between
entities to improve visual storytelling, but often
narrow in a particular subset of relations, such as
relations between elements within the same im-
age (Yang et al., 2019), relations between two ad-
jacent images (Hsu et al., 2020), or relations be-
tween scenes (Wang et al., 2020). The full poten-
tial of rich real-world knowledge and intra-image
relations have yet to be fully utilized. As for re-
evaluation, recent work uses reward systems (Wang
et al., 2018b; Hu et al., 2019) or estimated topic co-
herence (Wang et al., 2019) to automatically assess
the output story and guide the generation process.
However, these approaches are often optimized to-
wards predefined aspects such as image relevancy
or topic coherence, which do not necessarily lead
to engaging stories from a human perspective. In
the cognitive process of human writing, the writer’s
judgment is critical, and visual storytelling models
could benefit by considering human ratings.

This paper introduces PR-VIST, a novel visual
storytelling framework that constructs a graph and
captures the relations between all the elements in
the input image sequence, finds the optimal path
in the graph that forms the best storyline, and uses
this path to generate the story. An overview of
PR-VIST is shown in Figure 1.

• Stage 1 (Story Plotting): PR-VIST first con-
structs a story graph for the image sequence by
extracting various elements (i.e., term nodes,
object nodes) from all the images and linking
these elements using external knowledge (i.e.,
VIST graph, VG graph). PR-VIST then finds
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Figure 1: Overview of PR-VIST. In Stage 1 (Story Plotting), PR-VIST first constructs a graph that captures the
relations between all the elements in the input image sequence and finds the optimal path in the graph that forms
the best storyline. In Stage 2 (Story Reworking), PR-VIST uses the found path to generate the story. PR-VIST
uses a story generator and a story evaluator to realize the “rework” process. In Stage 0 (Preparation), a set of
knowledge graphs that encode relations between elements should be prepared for the uses in Stage 1.

the best path in the story graph as the storyline
and passes it to Stage 2.

• Stage 2 (Story Reworking): PR-VIST uses a
story generator and a story evaluator to realize
the reworking process: the generator takes the
storyline produced in Stage 1 as the input to
generate the story and backpropagates with an
evaluator-augmented loss function. The evalu-
ator, a discriminator model trained on human
rating score data to classify good and bad sto-
ries, outputs a story quality score and modifies
the loss. After a few optimization epochs, the
generator eventually learns to generate stories
that reflect human preferences.

In Stage 0 (Preparation), a set of knowledge
graphs that encode relations between elements are
prepared for use in Stage 1. In this work, we pre-
pare two knowledge graphs: a VIST graph and a
visual genome (VG) graph. We construct the VIST
graph based on the VIST dataset, representing in-
domain knowledge; the VG graph is an existing re-
source (Krishna et al., 2017), representing generic
knowledge. Note that as the PR-VIST framework is
generic, it can use any knowledge graphs as needed.

Automatic and human evaluations show that PR-
VIST produces visual stories that are more diverse,
coherent, and human-like. We also conduct an abla-
tion study to show that both story plotting (Stage 1)
and reworking (Stage 2) contribute positively to

the model’s superiority. We believe this work also
shows the potential of drawing inspiration from hu-
man cognitive processes and behavior to improve
text generation technology.

2 Related Work

Visual Storytelling Researchers have been try-
ing to advance the visual storytelling task since
it was introduced by Huang et al. (2016). Some
work modifies end-to-end recurrent models for bet-
ter story generation (Hsu et al., 2018; Gonzalez-
Rico and Fuentes-Pineda, 2018; Kim et al., 2018;
Huang et al., 2019; Jung et al., 2020), and some
use adversarial training to generate more diverse
stories (Chen et al., 2017; Wang et al., 2018a,b; Hu
et al., 2019). These methods produce legitimate
stories and easier to implement because they relies
only on one dataset. However, the generated stories
can sometimes be monotonous and repetitive.

Leveraging External Resources for VIST An-
other set of work leverages external resources and
knowledge to enrich the generated visual stories.
For example, Yang et al. (2019) apply Concept-
Net (Liu and Singh, 2004) and self-attention for
create commonsense-augmented image features;
Wang et al. (2020) use graph convolution networks
on scene graphs (Johnson et al., 2018) to associate
objects across images; and KG-Story (Hsu et al.,
2020) is a three-stage VIST framework that uses
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Visual Genome (Krishna et al., 2017) to produce
knowledge-enriched visual stories.

Editing or Optimizing Visual Stories A few
prior work tries to post-edit visual stories or opti-
mize the story content toward specific goals. VIST-
Edit is an automatic post-editing model that learns
from an pre- and post-edited parallel corpus to edit
machine-generated visual stories (Hsu et al., 2019).
While VIST-Edit is useful, it requires parallel train-
ing data, which is often unavailable. Hu et al.
(2019) use a reward function to optimize the gen-
erated stories toward three aspects; Li et al. (2019)
customize the emotions of visual stories. These
methods use automatic metrics to optimize visual
stories toward specific goals; our work, on the other
hand, leverages the human evaluation data to guide
the generation process.

Story Plotting in Story Generation Research
in automatic story generation has demonstrated the
effectiveness of story plotting (Yao et al., 2018; Fan
et al., 2019), which typically involves organizing
the “ingredients” into a well-organized sequence
of events. Nevertheless, none of the studies applied
story plotting for visual stories.

3 Stage 0: Preparation

To prepare for story plotting, we collect informa-
tion from the images and knowledge from the
knowledge graphs.

3.1 Story Element Extraction

To extract information from the images, two extrac-
tion methods are used to extract image-oriented and
story-oriented story elements: objects and terms,
respectively representing image and story intuition.

Objects These can be detected by current object
detection models, for which we use a pre-trained
object detection model—Faster-RCNN (Ren et al.,
2015). To ensure the detected objects’ reliabil-
ity, only those objects with the top five confidence
scores are used in each image.

Terms These are story-like nouns such as events,
time, and locations, which current object detection
models are unable to extract. Therefore, we fur-
ther use a Transformer-GRU (Hsu et al., 2020) to
predict story-like terms. For each image and story
pair, we use image objects as the input and the
nouns in the corresponding human-written story as

Figure 2: From the stories in VIST training data, a story
is transformed into a golden storyline following the hu-
man reading direction, as part of the VIST graph.

the ground truth. The Transformer-GRU learns to
convert objects to nouns commonly used in stories.

3.2 Knowledge Graph Preparation
To collect interactive relations between nouns, we
prepare Visual Genome graph Gvg and VIST graph
Gvist . These graphs contain interlinked real-world
objects and terms, displaying visual and story-
telling interaction. Table 1 summarizes the statistic
of each graph.

Visual Genome Graph Gvg describes pairwise
relationships between objects in an image, describ-
ing visual interactions. No prepositional relations
are included; only verb relations are preserved. All
relations are converted into semantic verb frames
using Open-SESAME (Swayamdipta et al., 2017),
in which the semantic frames were pre-defined in
FrameNet (Baker et al., 1998).

VIST Graph we propose Gvist to collect the sto-
rytelling interactions. We develop this novel story
knowledge graph by converting references in the
VIST training and validation datasets (Huang et al.,
2016) to graphical data. Following the reading di-
rection, in each reference, we extract nouns and
semantic verb frames using SpaCy1 and Open-
SESAME to obtain noun–verb–noun (NVN) tu-
ples. Using nouns and semantic verb frames as
nodes and edges, these are collectively assembled
into a golden storyline. For example, for “first
pitcher thrown for the game” in Figure 2, we ex-
tract pitcher, game, and Cause motion, which is
a semantic verb frame for thrown, as a NVN tu-
ple. Additionally, we include a noun token <si>
as the transition point to the next sentence or ter-
mination point of a story, and a verb frame token
empty frame to interlink two nouns when a se-
mantic frame is absent. To conclude, all of the
golden storylines are assembled into Gvist .

1SpaCy: https://spacy.io/
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Nodes Relations Links
Gvg 3,323 564 22.31
Gvist 2,048 531 11.75
Gvg+vist 4,158 880 22.78

Table 1: The statistics of knowledge graphs. The ta-
ble shows the number of distinct nodes and relations
in each graph. It also shows the average link per node.
Note that the nodes and relations from Gvg and Gvist
have overlaps.

4 Stage 1: Story Plotting

4.1 Storyline Predictor
In Stage 1, PR-VIST uses a storyline predictor to
find what it deems the best path in the story graph
as the storyline and then pass this to Stage 2. For
the storyline predictor, we use UHop (Chen et al.,
2019), a non-exhaustive relation extraction frame-
work. A single hop is defined as searching from
one entity to another entity by a single relation.
UHop performs multiple single-hop classifications
consecutively in the graph to find the path repre-
senting the storyline, that is, a path that consists of
a sequence of nouns and verb frames.

Single-hop classification can described as Equa-
tion 1 and Figure 3. In step i, at the current head
entity hi, the model is given a list of candidate re-
lations ri ∈ Ri and tail entities ti ∈ Ti. Each ri is
in [verb.ti] or [verb.noun] format, containing infor-
mation for both the verb frame and the tail noun
entity. The scoring model F is given objects and
predicted relations r1, ..., ri−1 as input. The model
predicts a score for each ri and selects the highest
verb-noun pair ri from Q:

ri = argmax
q∈Q

F (objects, r1, ..., ri−1). (1)

Training UHop learns to find a path for the story-
line from the golden storyline. The training proce-
dure starts with an initial noun token entity <s0>
in the golden storyline for single-hop classification,
where h1 = <s0>. It learns to select the correct
relation ri from a list of candidate relations Ri in
Gvg and Gvist . Then, it calculates the error to the
noun and verb frame in the golden storyline for
backpropagation. In the next hop, the framework
proceeds to the next noun in the golden storyline
and repeats the single-hop classification.

Testing In PR-VIST’s testing step, for each story,
five images are transformed into a story graph

dog parkSelf_motion.park

owner

dinner
Possess.dinner

0.45 peopleFilling.people

0.63

lake

giraffes0.13

Self_motion.owner
0.21

0.34

Containing.lake
0.24

Containing.giraffes

Figure 3: Storyline pathfinding process. All entities
are from object or term list, and all relations are in
[verb.noun] format, which the verbs are verb frames
from knowledge graphs and the nouns are the tail en-
tities. The single-hop classification begins with dog.
The storyline predictor is given three candidate rela-
tions. The framework selects the highest score relation
and move on to the next entity park. Then, the single-
hop classification repeats.

Gstory . As demonstrated in Figure 1, we first ex-
tract the object and term story elements for each
story, and then link these together using the verb
frames in Gvist and Gvg as edges. This yields a well-
defined graph presenting a comprehensive view of
five images for each story—Gstory . Next, a trained
UHop finds a storyline in Gstory , where all entities
are only the objects and terms from the given five
images. The framework starts with <s0> to per-
form single-hop classification, where h1 = <s0>.
Unlike training, it only selects ri from Ri listed
in Gstory . In the next hop, the previous predicted
entities are used as the start entity: h0 = ti−1. It
then continues to hop from entity to entity until
it reaches the next token <s1>. The path from
<si-1> to <si> is called an event ei. The path
search from <si> to the next token <si+1> con-
tinues until the search is terminated by the termina-
tion decision described in UHop. Eventually, the
model finds a storyline of arbitrary length L, that
is, a storyline that contains any number of events:
e1, ..., eL.

4.2 Implementation Details

HR-BiLSTM (Yu et al., 2018) is adopted as the
scoring model F , in which objects are converted
to word embeddings via GloVe (Pennington et al.,
2014) as E(object). All relation embeddings E (r)
are decomposed into graphical embedding Egraph

and textual embedding Etext . Egraph transforms a
verb frame v and a tail entity’s image position pt

into a one-hot vector, denoting the graphical and
image positional information. Etext is composed
of the verb frame and tail entity word embedding.
Then, Egraph and Etext are concatenated into a uni-
fied representation E (r). We formulate the repre-
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sentation of relation r as

Egraph(r) = [1(v);1(pt)],

Etext(r) = [Ew(f);Ew(t)],

E (r) = [Egraph(r);Etext(r)],

(2)

where 1(·) returns the one-hot representation,
Ew(·) returns the word embeddings via GloVE,
and [;] denotes concatenation.

A verb frame and tail entity are combined into ri
due to relational ambiguity issues among candidate
relations. Using Figure 3 as an example, given
a head entity dog, candidates self motion.park
and self motion.owner represent different semantic
meanings when tail entities park and owner are in-
cluded. However, excluding tail entities results in
identical relation candidates self motion and thus
ambiguity between two different candidates.

5 Stage 2: Story Reworking

In story reworking, the framework consists of two
components: the story generator and the story eval-
uator. The story generator generates a story ac-
cording to the storyline, and the story evaluator—a
discriminator trained on the MTurk human ranking
data to classify good and bad stories—outputs a
story quality score and modifies the loss functions.

5.1 Story Generator
A storyline consists of a set of events e1...eL that
are input to the story generator, which is based on
the Transformer (Vaswani et al., 2017). Unlike
most VIST models, the story generator is dynamic:
the number of output sentences depends on the
number of events. To manage a diverse number of
events, the Transformer is designed as a sentence
generator that iteratively generates one sentence
per event until it generates L sentences. For each
step i, event ei and the previous predicted sentence
yi−1 are used to predict the next sentence yi. After
L steps, the story generator outputs a story s =
y1, ...yL.

5.2 Story Evaluator
Most VIST works use human evaluations to exam-
ine their work’s quality via crowdsourcing, compar-
ing their generated stories with the baseline stories.
In this paper, we use the first- and last-place stories
in the MTurk human ranking data as positive and
negative samples. The story evaluator, a discrim-
inator trained on the MTurk human ranking data,
learns to distinguish positive and negative samples.

It outputs a score for each story, and the scores are
converted into rewards, as shown below:

pLM (u|s) = softmax(tanh(WLM (s))+b), (3)

R(s) = −pLM (u|s) + c, (4)

where LM (·) is a GRU language model (Cho et al.,
2014), u = 1 indicates story s is a positive sample,
and u = 0 indicates s is a negative sample. Lan-
guage model pLM (·) returns a score from 0 to 1
to reflect story quality. The story evaluator R(·)
returns a reward, an inverse of pLM (·) with coef-
ficient c = 1.5. The reward later manipulates the
loss, optimizing toward human preference. Note
that the story evaluator is pre-trained.

5.3 Optimization with Story Evaluator
For optimization, the story generator uses sentence-
level and story-level loss functions. Given refer-
ence y∗1, ..., y

∗
L and predicted story y1, ..., yL, in

the maximum likelihood estimation (MLE) opti-
mization process, in each step from 1 to L, the
model predicts a sentence yi to calculate the loss
between yi and y∗i and then backpropagates, as
shown in Figure 4. After predicting L sentences,
in story-level optimization, the model predicts
y1, ..., yL to calculate the negative log-likelihood
to the reference y∗1, ..., y

∗
L and then backpropagates.

The sentence-level and story-level optimization by
MLE on dataset D are formulated as

JMLE
sen (θ,D) =

∑

Y ∈D
− log pθ(yi|ei, yi−1), (5)

JMLE
story (θ,D) =

∑

Y ∈D

1

L

L∑

i=1

− log pθ(y
′
i|ei, y′i−1),

(6)
where ei and yi denote the i-th event and the sen-
tence respectively, y′i represents the updated sen-
tence after sentence-level optimization, and θ repre-
sents the story generation model parameters, which
are updated using Adam (Kingma and Ba, 2015).

After training for 30 epochs 2, the story evaluater
begins to manipulate the story-level loss. Inspired
by reinforcement learning (Williams, 1992), which
utilizes rewards to guide the training process, we
use the story evaluator R(·) 3 to encourage the

2The generation model converges at around 20 epochs in
our experiment, and we give it extra 10 epochs for precautions.

3The pre-trained LM’s weights are frozen to stabilize the
training.
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Figure 4: Optimization flowchart for story generator.
For steps 1 to L, the model is optimized using sentence-
level loss. In stepL+1, all sentences are generated, and
the model is optimized using story-level loss.

generation model to focus on stories preferred by
humans. The reward directly multiplies the story-
level loss as

Jreward
story (θ,D) =

{
JMLE
story if epoch ≤ 30
R(s)JMLE

story if 30 < epoch ≤ 60
. (7)

6 Experimental Results

6.1 Data Setups

We used four datasets in this paper: the VIST
dataset, Visual Genome, ROCStories, and MTurk
human ranking data. The VIST dataset and Vi-
sual Genome are used to construct the knowl-
edge graphs, and ROCStories (Mostafazadeh et al.,
2016) is a large quantity of pure textual stories
used for pre-training the story generator. The VIST
dataset is also used in story plotting to train the
storyline predictor and in story reworking to fine-
tune the story generator. Notably, we also col-
lected MTurk human ranking data to train the story
evaluator. We used the ranking results from KG-
Story4 (Hsu et al., 2020). This data contains two
experiments, each of which ontains 500 distinct
photo sequences. A photo sequence contains a set
of machine-generated stories ranked by 5 MTurk
workers. Thus we have 5000 rankings from MTurk
workers. Specifically, MTurk workers were asked
to rank AREL (Wang et al., 2018a), KG-Story, two
KG-Story ablation models, and reference stories,
using three different model settings in each experi-
ment. We selected the rank-1 and rank-5 stories as
positive and negative samples.

6.2 Baselines

We used several competitive baseline models.
AREL (Wang et al., 2018a) and GLAC (Kim

4Data obtained from the authors of KG-Story.

et al., 2018) are end-to-end models with reinforce-
ment learning and global-location attention mech-
anisms that achieved top ranks in the VIST Chal-
lenge (Mitchell et al., 2018). KG-Story (Hsu et al.,
2020), the current state-of-the-art framework, uti-
lizes a knowledge graph to enrich story contents
and generates stories using Transformer.

6.3 Evaluation Methods
Per the literature (Wang et al., 2018a), human eval-
uation is the most reliable way to evaluate the qual-
ity of visual stories; automatic metrics often do
not align faithfully to human judgment (Hsu et al.,
2019). Therefore, in this paper, we prioritize hu-
man evaluation over automatic evaluations.

Human Evaluation: Ranking Stories and Fill-
ing a Questionnaire We recruited crowd work-
ers from Amazon Mechanical Turk (MTurk) to
assess the quality of the generated stories. For each
experiment, we randomly selected 250 stories, each
of which was evaluated by five different workers
in the US. The experiment includes a comparison
study with three baseline models and three abla-
tion studies, and each annotator was compensated
$0.10 for each experiment. Workers were asked to
rank the stories (e.g., ours and those of the base-
line/ablation models) based on their overall quality.

In addition, the user interface also provides a
questionnaire to collect in-depth feedback from
MTurk workers. The questions include “What do
you like about the best stories” and “What do you
dislike about the worst stories” for workers to se-
lect aspects that affect overall story quality. These
aspects are provided by Huang et al. (2016): they
include focus, coherence, shareability, humanness,
grounding, and detail. We calculated the average
rank and the majority rank among five workers for
each story, as well as total votes for each model’s
best and worst aspects.

Non-Classic Automatic Evaluation: BLEURT,
voc-d, and MLTD Many VIST studies have
shown that classic automatic evaluation scores like
BLEU and METEOR correlate poorly with human
judgment (Hsu et al., 2020; Hu et al., 2019; Wang
et al., 2020; Li et al., 2020; Yang et al., 2019; Hsu
et al., 2019; Wang et al., 2018a; Modi and Parde,
2019). These n-gram matching metrics fail to ac-
count for the semantic similarity to the reference
stories and lexical richness in the generated stories.

Therefore, we adopted BLEURT (Sellam et al.,
2020), a state-of-the-art BERT-based evaluation
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AREL       : avg rank #3.6 
the parade started with a lot of people in the parade. there were a lot of people
there. there was a lot of people there. there were a lot of people there. there
were a lot of cars in the parade.
GLAC       : avg rank #2.4
the marathon was about to begin. there were many people there. it was a great
day. everyone was very excited. they were all very fast.
KG-Story       : avg rank #2.2
the parade started with a beautiful day. many people showed up. there were
runners. everyone was watching the parade. one woman stood in a car to get
everyone involved. it was a nice car.
PR-VIST       : avg rank #1.8
we went to see the parade. there was a band guard. many people showed up
to watch the parade runners. the runners started to gather in line. there were
many cars at the show. the family decided to walk around town.

Figure 5: Generated stories for PR-VIST and baseline
models. MTurk workers were asked to rank the stories.

metric, to further correlate generated stories and
reference stories based on their semantic meaning.
We also adopted lexical diversity metrics voc-d and
MLTD (McCarthy and Jarvis, 2010) to quantify
story lexical richness. Several works have shown
that lexical diversity is positive correlated to story
quality (Liu et al., 2019; Dai et al., 2017).

6.4 Results

In our experiments, the stories generated by PR-
VIST have an average of 5.96 sentences. 57.3% of
these stories contain at least one event (sentence)
that uses story elements extracted from two (or
more) images, showing PR-VIST’s ability to utilize
intra-image entities.

Human Evaluation We asked MTurk workers
to rank four stories: those of PR-VIST, the three
baseline models, and the state-of-the-art KG-story.
Table 2 shows the results. PR-VIST outperforms
other models in average ranking: it outranks AREL
by 0.24 and KG-Story by 0.16. As for the percent-
age of 1st-rank stories, PR-VIST produces 12.0%
more than AREL and 7.5% more than KG-Story.
Figure 5 shows a representative example. Com-
pared with end-to-end models (i.e., AREL and
GLAC), graph-based methods (i.e., KG-Story and
PR-VIST) generate more diverse stories. Com-
pared with KG-Story, whose sentences are rela-
tively simple and plain, generating sentences such
as “Many people showed up”, our model reuses en-
tities such as “parade” in the first sentence and as-
sociates relations with other entities, e.g., “people”
and “runners”, to compose “many people showed
up to watch the parade runners”.

Moreover, Figure 6 shows the questionnaire (see

Method 1st 2nd 3rd 4th Avg Major
AREL 20.6% (258) 26.8% 27.2% 25.4% 2.57 2.56
GLAC 21.7% (271) 24.2% 25.5% 28.6% 2.61 2.73
KG-Story 25.1% (314) 25.2% 25.7% 24.0% 2.49 2.53
PR-VIST 32.6% (407) 23.7% 21.7% 22.0% 2.33 2.28

Table 2: Human rankings between PR-VIST and three
methods. The first four columns indicate the percent-
age of worker rankings for each method, and the fifth
and the last column denote the average and majority
ranks (1 to 4, lower is better). PR-VIST outperforms
other models in average ranks (p<0.05, N=250), major-
ity ranks, and also the percentage of 1st-rank stories.

91
79

116

84
102

69

119

49

97

32

72
62

PR-VIST
KG-Story

Figure 6: Aspect-wise votes for PR-VIST and KG-
Story’s first-place stories collected via the question-
naire (see Section 6.3). PR-VIST outperforms drasti-
cally in coherence, humanness, and grounding.

Section 6.3) result for the best-ranked stories. For
PR-VIST and KG-Story’s best-ranked stories, the
PR-VIST story count is significantly higher in all
aspects; specifically, coherence, shareability, and
humanness are higher than other categories.

Automatic Evaluations Table 3 shows that the
proposed method outperforms all the baselines
in BLEURT,voc-d, and MLTD. Although n-gram-
based automatic metrics are known to correlate
poorly with human judgment in VIST (see Sec-
tion 6.3), it is still noteworthy that PR-VIST results
in significantly lower BLEU-4 scores. This might
be cause by the fact that PR-VIST uses knowledge
to enrich the story content and increase lexical di-
versity, but could lower the performance in n-gram
matching.

Method BLEU-4 METEOR BLEURT MLTD voc-d
AREL 14.4 35.4 0.52 22.45 0.53
GLAC 10.7 33.7 0.71 32.87 0.67
KG-Story 9.93 32.2 0.72 40.52 0.71
PR-VIST 7.65 31.6 1.37 45.79 0.73

Table 3: The first two columns show the results of
classic n-gram based metrics. The third column shows
BLEURT, a BERT-based metric. The last two columns
show the lexical diversity evaluation results (MLTD
and voc-d). High lexical diversity corresponds to low
scores for n-gram metrics.

4449



7 Ablation Study

Three factors contribute to PR-VIST’s superior per-
formance: story elements, knowledge graphs, and
plot reworking. To evaluate the effectiveness of
each factor in our framework, we conducted three
ablation studies using human evaluations. The eval-
uation results are shown in Table 4. All three exper-
iments use the same qualitative analysis, and each
experiment ranks PR-VIST and two settings with
certain components removed.

Story Elements PR-VIST is compared to two
models, each of which uses only objects or terms
for the storyline predictor to plot storylines.

Knowledge Graphs PR-VIST is compared to
two models, each of which uses only Gvist or Gvg
for the storyline predictor to plot storylines.

Plot and Rework PR-VIST is compared to two
models: one without reworking and one without
plotting or reworking. Without-reworking means
the discriminator is removed, that is, the story gen-
erator uses Equation 6 for all epochs. Without-
plotting-reworking means that the storyline pre-
dictor is additionally removed, so no frames are
included; terms are used directly as the story gen-
erator’s input.

Table 4 shows that PR-VIST outperforms all the
ablation models. Furthermore, the first and sec-
ond experiments show that MTurkers prefer story-
like storylines to image-like storylines. That is,
terms and Gvist are better than objects and Gvg . For
the third experiment, we note a steady improve-
ment from without-plotting-reworking to PR-VIST,
showing the effectiveness of the proposed method.
An example is shown in Figure 7. The model can-
not manage the abundant story elements without
the guidance of story plotting. Comparing PR-
VIST with PR-VIST w/o R, we see that reworking
revises and enlivens (e.g., “[organization] in [loca-
tion]”) the stories.

8 Discussion

To understand areas for improvement, in the hu-
man ranking evaluation, we asked crowd workers
to select the aspect (out of six) they disliked about
the worst story (see Section 6.3.) Of the negative
votes, 24.6% were for “grounding.” Namely, lower-
ranked stories are often not visually grounded. We
examined the outputs and found that Faster-RCNN

objects terms Gvg Gvist Plot Rework Avg Major
X X X X X X 1.89 1.87

1 X X X X X 1.98 2.00
X X X X X 2.12 2.13
X X X X X X 1.97 1.94

2 X X X X X 1.98 1.99
X X X X X 2.00 2.06
X X X X X X 1.95 1.93

3 X X X X X 2.00 2.02
X X X X 2.03 2.08

Table 4: Human evaluation results for ablation studies:
1. Story elements 2. Knowledge graph 3. Plot and Re-
work. PR-VIST outperforms in all ablation settings, in-
dicating the importance of using all components.

PR-VIST: we visited the [organization] in [location]. 
everyone gathered in the [organization] room to 
celebrate.

PR-VIST w/o R: i visited [organization] [location]. 
everyone gathered in the [organization] room. 

PR-VIST w/o PR: today was the first place i saw a 
man sign for our trip to [location] [organization]. 
everyone was in his room at [organization] house.

Figure 7: Snippet of stories generated by the proposed
method and two configurations: without reworking (R)
and without plotting or reworking (PR). Nouns and
verb frames are denoted in blue and red. Reworked
parts are marked with wavy underlines.

in Stage 1 sometimes predicts objects that are in-
accurate but semantically related to the context.
Figure 8 shows a typical example, where the soccer
ball is identified as a frisbee, which is incorrect but
still fits the “sports” theme. When the storyline
predictor is unable to distinguish such mistaken
objects from appropriate objects, grounding errors
occur. A better object detector would mitigate this
problem, or we could jointly optimize plotting and
generation, for instance by including reworking
within storyline plotting.

9 Conclusion

We propose a novel story plotting and reworking
framework to mimic the human story-writing pro-
cess. To the best of our knowledge, no study has in-
tegrated knowledge graph and story plotting to uti-
lize visual elements in VIST. Also novel is our ap-
proximation of human-preferred stories by reusing
and aggregating story generation using the results
of human-annotated story ranking evaluations, e.g.,
human evaluation results from MTurk. We also
propose a novel questionnaire embedded in the
comparative study to collect detailed, meaningful
human-annotated data from MTurk. Experiments
attest PR-VIST’s strong performance in diversity,
coherence, and humanness.
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predicted 
event field soccer

Self_motion
male frisbee

Cause_motion

generated
story

they walked down the field to 
play soccer.

 [male] threw the frisbee too hard.

Figure 8: PR-VIST grounding error

10 Ethical Considerations

Although our research aims to produce short sto-
ries that are vivid, engaging, and innocent, we are
aware of the possibilities of utilizing a similar ap-
proach to generate inappropriate text (e.g., violent,
racial, or gender-insensitive stories). The proposed
visual storytelling technology enables people to
generate stories rapidly based on photo sequences
at scale, which could also be used with malicious
intent, for example, to concoct fake stories using
real images. Finally, as the proposed methods use
external knowledge graphs, they reflect the issues,
risks, and biases of such information sources. Miti-
gating these potential risks will require continued
research.
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Abstract

Developing effective distributed representa-
tions of source code is fundamental yet chal-
lenging for many software engineering tasks
such as code clone detection, code search,
code translation and transformation. However,
current code embedding approaches that rep-
resent the semantic and syntax of code in a
mixed way are less interpretable and the re-
sulting embedding can not be easily general-
ized across programming languages. In this
paper, we propose a disentangled code repre-
sentation learning approach to separate the se-
mantic from the syntax of source code under
a multi-programming-language setting, obtain-
ing better interpretability and generalizability.
Specially, we design three losses dedicated to
the characteristics of source code to enforce
the disentanglement effectively. We conduct
comprehensive experiments on a real-world
dataset composed of programming exercises
implemented by multiple solutions that are se-
mantically identical but grammatically distin-
guished. The experimental results validate
the superiority of our proposed disentangled
code representation, compared to several base-
lines, across three types of downstream tasks,
i.e., code clone detection, code translation, and
code-to-code search.

1 Introduction

Code representation learning has become an essen-
tial technique to support various software engineer-
ing tasks. Most of previous code representation
learning approaches (Chen and Zhou, 2018; Jain
et al., 2020; Nie et al., 2020) focus on a particular
programming language, while learning code rep-
resentations for multiple programming languages,
though challenging, is an important step towards
more generalizable and interpretable code embed-
dings. In principle, code snippets can be seen as

∗Corresponding author: Yin Zhang

Figure 1: We disentangle the code representation into
semantic and syntactic parts. The semantic part, which
is relevant to code functionality but is often indepen-
dent of a specific language, can be reused for semantic-
related tasks across programming languages. The syn-
tax part, which is related to a particular language
but does not represent the code functionality, can be
reused to control syntactic transformations for cross-
programming language generation tasks.

code token sequences where their structural infor-
mation often manifests as tree or graph data struc-
tures like AST (Abstract Syntax Tree). The down-
stream tasks often take full advantage of different
code modalities (DQ et al., 2019) (e.g., structural
information and textual tokens in the form of natu-
ral languages) to achieve better performance.

It is noteworthy that syntax-level noise is an im-
portant issue in cross-language semantic-related
tasks. Simply mixing textual token information
and structural information of code (e.g., ASTs)
often can not boost the performance on the cross-
language code tasks. In this paper, we investigate a
new approach that disassociates the latent seman-
tic and syntactic representations of multi-lingual
code snippets. The semantic representation exclud-
ing syntax information is more suitable for cross-
language semantic-related code tasks as shown in
Figure 1. We therefore study a new multi-lingual
AST-guided code disentanglement technique called
CODEDISEN, in order to provide a disentangled
representation of code snippets that separates the la-
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tent syntax representations for masked ASTs from
its latent semantic counterpart for solving a partic-
ular programming exercise. Our new multi-lingual
code representation disentanglement approach ef-
fectively utilises available linguistic resources, i.e.,
ASTs and textual code tokens. Overall, the main
contributions of this paper are as follows:
• To the best of our knowledge, it is the first time

that we formulate the code representation learning
problem from the perspective of disentangling code
semantics and syntax information across multiple
programming languages.
•We propose an AST-guided disentangled code

representation learning approach for multiple pro-
gramming languages. We employ masked AST
information to guide the disentanglement of code
semantics and syntax, and design a cross-language
reconstruction loss and a posterior distribution loss
for modeling the fact that programs written in dif-
ferent languages for the same problem can share
the similar program semantic. Furthermore, atten-
tive code position loss can effectively fuse AST
information into an effective code representation.
• To validate the effectiveness of our approach,

we have conducted extensive experiments on three
downstream tasks (i.e., code-to-code search, code
translation and clone detection). Experimental re-
sults show that the latent semantic and syntax rep-
resentation learned by our approach are nearly or-
thogonal, and the learnt disentangled semantic rep-
resentation can significantly boost the performance
of the downstream cross-language tasks.

2 Preliminaries

2.1 Code Syntax and Semantics
The Abstract Syntax Tree (AST) is an abstract
representation of the syntax structure of source
code. As shown in Figure 2, compilation nodes,
e.g. augment list, represent syntactic informa-
tion, and leaf variable nodes, e.g. range, repre-
sent semantic information. In this paper, we parse
the source codes into ASTs by using tree-sitter1, an
open source syntax parser, which supports multiple
programming languages. We traverse the nodes
of an AST based on the depth first algorithm, and
consider the traversed paths as syntax representa-
tion of the code snippets. Using AST paths can
significantly reduce the learning effort to extract
grammatical information of code. To restrict the
AST paths to syntax information only, we masked

1https://tree-sitter.github.io

Figure 2: Python and C++ code snippets with their
ASTs for the same problem. The solid boxes repre-
sent the leaf nodes. Note that the compilation nodes
for a=a*2 are almost identical.

leaf nodes during the traversal because the seman-
tic information of the code snippets often comes
from the leaf variable nodes. Introducing masked
AST paths to CODEDISEN ensures that our ap-
proach can take some semantic meanings from the
textual tokens in code snippets rather than ASTs,
which can be used to learn the general syntax rep-
resentation adhering to a specific language.

2.2 Problem Statement

We denote code snippets for solving the same pro-
gramming problem j as {〈x1, . . . , xn〉 |xi ∈ Pj},
where xi is the solution of programming language
i. In our experiments, we tested Java, Python, C++
and C#, thus the number of languages is n = 4.
For each code snippet xi, we construct a raw rep-
resentation vector 〈xi, xasti 〉, where xi denotes a
sequence of tokens, and xasti represents syntax in-
formation derived from the abstract syntax tree of
code snippet xi.

For the same problem j, the code snippets
x1, . . . , xn of multiple languages share the same se-
mantic, although they have different programming
language syntax zi. Variants of Variational Au-
toEncoders (VAE) have been proposed to encode
the raw vector 〈xi, xasti 〉 into the latent representa-
tion. We aim to disentangle latent representation
into two untangled parts: semantic y and syntax z
latent representation of code. Formally, the objec-
tive of encoding is

〈
xi, x

ast
i

〉
→ 〈yi, zi〉 for each

code snippet. For that purpose, we have to add
multiple additional losses to the VAE architecture
to enforce the effective disentanglement of code
semantic and syntax. Next, we will introduce the
design of multiple additional losses to effectively
enforce disentanglement for code representation
learning under the multi-lingual setting.
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Figure 3: The reconstruction of code snippets written in multiple programming languages for the same problem.
Enc0 corresponds to the Semantic (Y) Encoder shared parameters among all programming languages. Enci
corresponds to the Syntax (Z) Encoder dedicated to programming language i with independent parameters (IZ).
The KL divergence term is imposed to the semantic latent variable y to enforce the alignment of different code
snippets in the semantic space. The decoder also shares the parameters among all programming languages.

3 CODEDISEN Approach

Our approach is a variant of notable VAE architec-
ture. In this paper, we start from the vMF-Gaussian
Variational Autoencoder (VGVAE) model (Chen
et al., 2019b), which is proposed to disentangle
textual semantics from language syntax within the
same human language. Our problem setting differs
from disentanglement setting of human language
in that: (1) We focus on dealing with multiple pro-
gramming languages, instead of a single language.
(2) Unlike human languages, programming lan-
guage is a formal symbol system and has much
stricter syntax rules than human languages, so we
can make use of the AST information derived from
a code snippet. To handle multiple programming
languages, we propose CODEDISEN which adds
more inputs and multiple losses to the VGVAE
to effectively enforce the disentanglement of code
semantics and syntax.

Figure 3 shows the overall architecture of our
CODEDISEN approach. Unlike the unsupervised
VGVAE, our approach introduces the masked AST
xasti that just retains the syntax information and
removes almost all semantic information by mask-
ing leaf nodes. xasti provides a strong supervision
signal for disentangling code semantics yi from
code syntax zi. For brevity, we will describe the
factorization process from perspective of single
code snippet. Following the conditional indepen-
dence assumption in the graphical model, the joint
probability pθ(x, xast, y, z) can be factorized as:

pθ(x, x
ast, y, z)

= pθ(y)pθ(z)

T∏

t=1

pθ(wt|w1:t−1, y, z)p(x
ast|x),

(1)

where wt is the t-th word of x and
pθ(wt|w1:t−1, y, z) is given by a softmax over a
vocabulary V , p(xast|x) is a deterministic transfor-
mation process. Different from the VGVAE vari-
ants (Chen et al., 2019b), we propose the following
factorization qϕ(y, z|x, xast) = qϕ(y|x)qϕ(z|xast)
to approximate the posterior when applying neural
variational inference, since xast just retains the
syntax information, and x contains more semantic
information that is missing in compilation nodes.
The objective of VAE is to maximize a lower
bound of marginal log-likelihood, thus the basic
loss L0 is written as:

L0 = − E
y,z∼ qθ(y|x),qθ(z|xast)

log pθ(x|y, z)

+ KL (qθ(y|x) ‖ pθ(y)) + KL
(
qθ(z|xast) ‖ pθ(z)

)
.

(2)

3.1 Encoders and Decoder

In this paper, we assume that qθ(y|x) follows a
vMF distribution (Chen et al., 2019b) and pθ(y)
follows the uniform distribution vMF (·; 0). Simi-
larly, we assume that qθ(z|xast) follows a Gaussian
distributionN (µβ(x

ast), diag(σβ(x
ast))) and that

the prior pθ(z) is N (0; Id), where Id is a d × d
identity matrix. Concretely, we implement the se-
mantic encoder Enc0 (i.e., qϕ(y|x)) shared among
all languages as a bidirectional long short-term
memory network (BiLSTM) followed by a 3-layer
feedforward neural network. Similarly, we adopt
an independent BiLSTM model followed by a 3-
layer feedforward network for each syntax encoder
Enci adhering to programming language i (i.e.,
qϕi(zi|xasti )). We also select LSTM model as the
shared decoder of our generative model. As shown

4456



in Figure 3, at the decoding stage, we concatenate
the syntactic variable z with the previous word’s
embedding as the input to calculate hidden state h′

since grammatical information is more influenced
by code token positions. Furthermore, we concate-
nate the semantic variable y with hidden state h′

to predict the code token at each step, which could
make full use of semantic information.

3.2 Losses for Disentanglement

In order to effectively enforce the disentanglement
of code semantics and syntax, we design three ad-
ditional loss terms, in addition to the loss L0.

Cross-Language Reconstruction Loss Since
the code snippets {〈x0, x1, . . . , xn〉 |xi ∈ Pj}
solve the same problem of Pj , they should share
the same program semantics, inducing the cross-
language reconstruction loss. Concretely, we hope
that code snippet xi can be reconstructed from its
own syntax representation zi and semantic rep-
resentation yi. yi is derived from latent seman-
tic representations {yk|k 6= i} of code snippets
{xk|k 6= i} that do not use language i. Formally,
〈yi, zi〉 → 〈xi〉. If we can regenerate xi success-
fully, it means that {yi} share the almost same
program semantic for problem Pj , and zi encodes
language-specific syntax information of program-
ming language i.

As shown in Figure 3, at each step, we input
X = {x1, x2, . . . , xn}, which is a set of code snip-
pets that have the same program semantics pj for
problem j and are written in distinct programming
languages. Formally, the cross-language recon-
struction loss can be formulated as:

Lrec = −
n∑

i=1

E [log pθ(xi|yi, zi)] , (3)

where yi is calculated as:

yi = FLinear(fcat(Y i)), (4)

where Y i represents all the latent semantic vari-
ables except yi, i.e., Y i = {yk|k 6= i}, fcat(·) is
the function of concatenation, and FLinear aims to
fuse the concatenated vector to the same dimension
as yi, through a linear layer.

Posterior Distribution Loss Since all the code
snippets of n programming languages for the
same problem j share the same program seman-
tics pj , we expect that the posterior distribution

Figure 4: An illustration for the attentive position loss
of language i at encoding stage.

qϕi(yi|xi) of code snippets of programming lan-
guage i should be close to the mean posterior distri-
bution qm(ym|xm) of code snippets of all program-
ming languages.

Concretely, we employ KL terms (Chen and
Zhou, 2018) to constrain the distribution discrep-
ancy between qϕi(yi|xi) and qm(ym|xm) in the la-
tent space. Formally, The posterior distribution
constraint loss for programming language i is de-
fined as:

Ldist(i) = KL(qϕi(yi|xi) ‖ qm(ym|xm)),

qm(ym||xm) = vMF (

∑n
i=0 µ(xi)

n
,

∑n
i=0 κ(xi)

n2
),

(5)

where vMF is the same definition as in (Chen
et al., 2019b). The whole posterior distribution loss
function is defined as:

Ldist =
n∑

i=1

Ldist(i). (6)

Attentive Code Position Loss As observed
in (Chen et al., 2019b), the position information of
code token xi has a significant impact on its syntax,
such as import is always at position 0 in Python.
To better utilise ASTs to represent syntactic in-
formation, we introduce an Token2AST attention-
based code position loss (Lpos) to predict positions
of code tokens based on the embedding ei of xi and
the embedding easti of xasti . We map the easti to the
token side ei via attention mechanism as shown
in Figure 4. Firstly, there is a correlation between
the AST nodes and the tokens, e.g., variable a is
expected to have a higher weight with identifier in
Figure 2. Secondly, the length of AST sequences
is often much longer than that of the tokens in the
code snippet. Therefore the attentive code position
loss can fuse AST and token information to better
extract syntactic features.

We implement Lpos for both encoder and de-
coder to predict code tokens position i, which con-
sists of a 3-layer feedforward neural network f(·)
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with the input from the concatenation of the sam-
ples of the syntactic variable z and the attention
embedding vector eatt at input position i. The Lpos
and eatt are defined as:

eatt = softmax(
(ei ·Wq) · (easti ·WT

k )√
d

) · (easti ·Wv)

Lpos = − E
z∼qϕ(z|x)

[∑

i

log softmax(f([eatt; z]))t

]
,

(7)

where d is the dimension of the embedding, to in-
crease the training stability, softmax(·)t indicates
the probability of a code token at position t, and
Wq, Wk, and Wv respectively denotes the query,
key and value matrix in the attention mechanism.

Overall Objective We subsequently define the
overall objective as the combination of the afore-
mentioned basic loss and three additional losses for
disentanglement. The total loss function is formu-
lated as follows:

L = L0 + α · Lrec + β · Ldist + γ · Lpos. (8)

4 Experiment and Analysis

In this section, we aim to address the following
research questions: (1) Can the program seman-
tics and syntax be successfully disentangled by our
proposed CODEDISEN? (2) Will disentangled se-
mantics indeed improve the performance of down-
stream tasks? and (3) What is the generalizability
of disentangled code representation across different
programming languages? We also perform ablation
analysis to investigate the effect of each module
of the model, as well as a qualitative analysis of
detailed examples.

To answer the above questions, our experiments
will validate the following two principles: (1)
Equivalence of Semantics. Given a sequence of se-
mantically identical code snippets x1, . . . , xn and
their corresponding masked ASTs xast1 , . . . , xastn ,
CODEDISEN will yield yi and yi (see Eq. (4)),
if xi = Decode(yi, zi) = Decode(yi, zi), then
we have yi = yi, which means the shared seman-
tic encoder Enc0 extracts the same features for
those code snippets. Further, given xi 6= xj and
yi = yi = yj , we have zi 6= zj , which means
Enc1...n yields the respective syntax representa-
tions adhering to programming language 1 . . . n.
(2) Orthogonality of Semantic and Syntax Vector.
If the semantic vector y is completely disentan-
gled from the syntax vector z, just applying y to
downstream tasks will improve the performance,

compared to applying x to downstream tasks. How-
ever, just applying z will perform poorly.

Implementation Details As for building vocab-
ulary, we observe that more than 95% of the vo-
cabulary of multi-lingual code snippets are user-
defined variable names, with a tiny percentage of
keywords and compilation nodes with respect to
each programming language. Additionally, vari-
able names in different code snippets for the same
problem are likely to share semantics, which can
facilitate implicit alignment of the semantics of
code snippets of different languages. Hence, we
resort to constructing a shared vocabulary for all
code snippets and ASTs of all programming lan-
guages. More implementation details are referred
to the Appendix A.1.

4.1 Dataset and Downstream Tasks
For multi-lingual cross-training, we use the
CLCDSA dataset (Nafi et al., 2019), which is com-
posed of 26,000 code snippets across four program-
ming languages (i.e., Java, Python, C# and C++).
This dataset is collected from three open source
programming contest sites (i.e., AtCoder2, Google
CodeJam3 and CoderByte4). All solutions in this
dataset are functionally similar but written in dif-
ferent programming languages. In our experiments,
we choose Java, Python, C# and C++ as the tar-
get languages, and limit the maximum code tokens
length to 128. Consequently, we obtain a train-
ing dataset containing 2, 500 samples per language,
and 500 samples for both validation and testing.

Code Clone Detection Code cloning across lan-
guages, which reuses a fragment of source code
via copy-paste-modify, is a common way for code
reuse and software prototyping. We treat the so-
lutions belonging to different languages for the
same problem as positive samples and the other
random solution combinations in each batch as
negative samples. We control the number of
positive/negatives samples are balanced. We set
the threshold as 0.8, which means that the cross-
language input code pairs are semantic identical
if the cosine similarity between them is greater
than 0.8. For evaluation, we select LSTM (Sun-
dermeyer et al., 2012), Tree-LSTM (Shido et al.,
2019), TBCNN (Mou et al., 2016) and GraphCode-
BERT (Guo et al., 2020) models as baselines.

2https://atcoder.jp/
3https://codingcompetitions.withgoogle.com/codejam
4https://coderbyte.com/
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Table 1: The performance of CODEDISEN on code
reconstruction of Python w.r.t different data size and
training languages.

Method Size Languages in Training BLEU-1 CIDER ROUGE-L

VGVAE 1k Java/Python 29.033 36.372 49.953
CODEDISEN 1k Java/Python 29.750 40.102 50.079

1k Java/Python/C#/C++ 34.861 47.455 55.616
CODEDISEN 2.5k Java/Python 34.519 48.039 51.802

2.5k Java/Python/C#/C++ 44.765 116.90 59.159

Code-to-Code Search During software develop-
ment process, developers often look for code snip-
pets that offer similar functionality (Kim et al.,
2018). Our goal is to search the code snippet of
other programming languages with the same func-
tionality based on the current code snippet. To be
more challenging, there is only one code snippet
matching the query in the queried collection. We
compare the code snippet in the source language
with all code snippets in the target language to cal-
culate their cosine similarity. For evaluation, we
select BiLSTM (Linhares Pontes et al., 2018), Tree-
LSTM (Shido et al., 2019), TBCNN (Mou et al.,
2016) and GraphCodeBERT (Guo et al., 2020)
models as baselines, and we adopt Accuracy, MRR
and NDCG as evaluation metrics.

Code Translation In cross-language reconstruc-
tion, we know that xi and xj are source and target
code fragments, which are semantically identical
and belong to the same problem Pj . However, in
cross-language code translation, we do not know
xj and have to sample a random code snippet x

′
j

in language j to obtain syntactic features z
′
j . We

use this task to demonstrate that our model extracts
non-zero and identical syntactic features for the
same programming language. In addition, we use
Tree-LSTM and VGVAE as baselines, to demon-
strate the superior performance of our model on
cross-programming language tasks.

4.2 Disentangled or Not? (RQ1)
To check the equivalence of semantics, we conduct
experiment of reconstruction on Python code snip-
pets. For a given Python code snippet xi in the
test set, our CODEDISEN yields the aggregated se-
mantic vector yi from semantically identical code
snippets of other programming languages, i.e. Java
or Java/C#/C++, as well as the syntax vector zi
from the Python code snippet xi. Then yi and zi
are jointly used to reconstruct the Python code snip-
pet xi. We adopt the BLEU (Papineni et al., 2002),
CIDER (Vedantam et al., 2015) and ROUGE (Lin,

2004) to measure the quality of reconstructed text
xi from xi.

Table 1 shows the reconstruction performance of
our CODEDISEN under various multi-lingual set-
tings with different sizes of dataset. From this table,
we observe that our model which is trained using
AST information of 1,000 (1k) Java and 1,000 (1k)
Python programs significantly outperforms vanilla
VGVAE. It is also interesting to find that our model
achieves a significant performance improvement
when (1) we increase the training data from 1k to
2.5k samples for each language and (2) expand
the bi-lingual model to a multi-lingual architecture
(Java/Python/C#/C++). Furthermore, when com-
paring with VGVAE, CODEDISEN achieves 15.7%,
80.6% and 9.2% performance gains in terms of
BLEU-1, CIDER and ROUGE-L, respectively. It is
worth noting that CODEDISEN when trained using
1k samples still outperforms the bi-lingual model
trained using 2.5k samples. The total dataset sizes
used for training CODEDISEN are 1k×4 = 4k and
2.5k×2 = 5k. This indicates that the multi-lingual
architecture is good at dealing with more languages
in training, since variable names may share similar
semantics across different programming languages.

To further check the orthogonality of semantic
and syntax vectors, we conduct experiments using
the shared semantic vector and language-specific
syntax vectors on downstream tasks. As shown in
Table 2, CODEDISEN (Y) denotes only using the
output y of the shared semantic encoder Enc0 in
code-to-code search. The performance has a signif-
icant improvement compared to BiLSTM without
Enc0. CODEDISEN (Z) means only using the out-
put z of the syntax encoder, whose performance
even has a dramatic drop. This indicates that the
hidden vector y contains rich semantic information,
while the hidden vector z rarely contains semantic
information. As shown in Table 3, CODEDISEN

(R) means randomly sampling a code snippet x
′
j in

the training set to extract syntactic feature z
′
j for

reconstruction. We can observe that little degrada-
tion in model performance indicates that the syntax
vector of randomly sampled x

′
j is almost the same

as that of the original code snippet xj of the same
language j. When we set the variable z to zero
tensor, we find that the model performance drops
significantly. It confirms that the syntax vector z is
critical in the reconstruction process and z is almost
identical within the same programming language.
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Table 2: Effectiveness of shared semantic encoder of
our model in code-to-code search (2.5k/Java/Python).

Method ACC MRR NDCG

BiLSTM 0.166 0.275 0.413
Tree-LSTM 0.081 0.162 0.293
TBCNN 0.007 0.024 0.169
GraphCodeBERT 0.246 0.314 0.343
CODEDISEN (Y) 0.316 0.436 0.551
CODEDISEN (Z) 0.004 0.021 0.157

Table 3: Effectiveness of the syntax encoder of
CODEDISEN in code translation (1k/Java/Python).

Method BLEU-1 ROUGE-L CIDER

Tree-LSTM 25.84 37.53 36.96
VGVAE 29.03 49.95 36.37
VGVAE (R) 24.94 36.09 25.09
CODEDISEN 29.75 50.08 40.10
CODEDISEN (R) 29.51 48.64 38.92
CODEDISEN (0) 13.82 15.55 1.73

4.3 Downstream Task Performance (RQ2)

To better verify whether the disentangled multi-
lingual code semantic representation can boost the
performance of downstream tasks, we fine-tune the
model on the downstream tasks of code translation,
code-to-code search and code clone detection under
the cross-language setting.

As shown in Table 4, CODEDISEN (Y) that only
considers the semantics of code achieves the best
performance, significantly outperforming the per-
formance of counterpart CODEDISEN (Z) that only
considers the syntax of code. We set the thresh-
old value to 0.8 according to the testing perfor-
mance on code clone detection task. When we
set the threshold to 0.5, the performances of Tree-
LSTM and CODEDISEN are 0.576/0.954/0.718,
and 0.724/0.992/0.837, in terms of Precision, Re-
call and F1, respectively. This is because that if we
set the threshold to a lower value, more code snip-
pets may be classified as duplicates, thus the recall
increases while the precision decreases. Therefore,
we choose a threshold of 0.8 to better compare the
differences in performance between models.

It is noteworthy that the models such as Tree-
LSTM and TBCNN, which accept ASTs of a pro-
gram as their inputs can obtain high recall but low
precision. This indicates that if the ASTs are same,
to a large extent, the two programs can be con-
sidered as semantically identical, so the recall is
high. However, the ASTs of different programming
languages vary greatly and generate many tempo-
ral variables during compilation, thus introducing
noise nodes, so the precision can be low. Our ap-
proach combines the advantages of token and AST

Table 4: Effectiveness of semantic encoder of our
model in code clone detection (2.5k/Java/Python).

Method Precision Recall F1

LSTM 0.85 0.75 0.79
Tree-LSTM 0.78 0.84 0.81
TBCNN 0.50 0.99 0.66
GraphCodeBERT 0.56 0.54 0.50
CODEDISEN (Y) 0.88 0.93 0.90
CODEDISEN (Z) 0.50 0.33 0.38

features while obtaining high precision and recall
on cross-programming language tasks. GraphCode-
BERT, a pre-trained model on the code corpora of
multi-programming language, is suitable for fine-
tuning on specific task of a programming language.
For the task of code clone detection, we simply
fine-tune the model based on the released check-
point of GraphCodeBERT, under the setting of our
scenario. For the task of code-to-code search, we
extract the last layer of GraphCodeBERT output
and take the average value as the feature of the
code segment, and calculate the cosine similarity
to select the target from candidates, as described
in the Appendix A.3. As shown in Table 2 and
Table 4 , we can find that GraphCodeBERT does
not adapt well to cross-programming language se-
mantic matching related tasks.

Table 3 shows that although Tree-LSTM is
more suitable for encoding the structure informa-
tion of code than our LSTM-based model, our
CODEDISEN (R) still outperforms Tree-LSTM in
BLEU-1, ROUGE-L, CIDER by 3.7%, 11.1%,
2.0%, respectively. By introducing AST infor-
mation, our CODEDISEN (R) also has a signifi-
cant improvement when compared to VGVAE. Ta-
ble 2 shows that Tree-LSTM and TBCNN perform
poorly for cross-language code search tasks. The
main reason is that both Tree-LSTM and TBCNN
are based only on the input representation of an
AST. However, the ASTs of two semantically
equivalent programs written in two different lan-
guages (e.g., Java and Python) can be generated
quite differently by the compilers of these two lan-
guages, hence introducing syntax-level noise.

4.4 Generalizability of CODEDISEN (RQ3)
To investigate the generalizability of our semantic
module across languages, we evaluate our model
on unseen datasets in different languages. In addi-
tion, we compare the performance when combin-
ing different languages in the code-to-code search
task to demonstrate the superiority of multi-lingual
structures. From Table 5, we observe that when
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Table 5: Generalization ability of semantic encoder.

Languages (Testing) ACC MRR NDCG Languages(Training)

Java-Python 0.316 0.436 0.551 Java/Python
Java-C# 0.298 0.420 0.538 Java/Python
C++-C# 0.234 0.351 0.481 Java/Python
Java-Python 0.330 0.452 0.564 Java/Python/C#/C++
C++-Python 0.255 0.375 0.499 Java/Python
C++/Python 0.279 0.402 0.519 Java/Python/C#

Table 6: Ablation study of CODEDISEN, where IZ de-
notes independent syntax encoders Enc1∼n and KL de-
notes semantic KL term.

Method BLEU-1 ROUGE-L CIDER

CODEDISEN 44.77 59.16 116.9
-IZ 32.12 45.82 27.40
-KL 36.71 53.89 67.06

-Lpos 41.19 55.05 110.1
Lpos-att 41.93 56.90 102.6

we use the shared semantic encoder trained on
the Java/Python dataset, our model still achieves
good results on C++-C# and Java-C# code-to-code
search tasks after fine-tuning. Note that C++-C#
data are not there when training CODEDISEN , and
our model keeps most of its performance on Java-
Python dataset in Table 2. This is a good evidence
that the semantic representations extracted by our
model are generalizable across languages.

For Java-Python code search, the code se-
mantic encoder trained on four languages
(Java/Python/C#/C++) performs better than the one
trained on two language (Java/Python). For C++-
Python code search, we ensure the training dataset
free of C++ code snippets. We find that the code
semantic encoder trained on Java/Python/C# per-
forms better than the one trained on Java/Python.
These indicate that our multi-lingual architecture
can further utilise the samples of more program-
ming languages to train a better semantic encoder,
and is extensible to train more language-specific
syntax encoders.

4.5 Ablation Study

We conduct ablation analysis to understand the per-
formance contribution from different component
in our model. As shown in Table 6, we choose the
model trained on four languages as the baseline
(CODEDISEN). In fact, we find that the indepen-
dent Syntax encoders (IZ) and KL term (KL) have
a significant impact on the multi-lingual model.
When we remove these components, the BLEU-1
scores of our model drop by 12.65% and 8.06%.
This suggests that the design of implicit seman-

tic alignment and syntactic independence between
multiple programming languages is effective.

We also explore the role of attention in the code
position loss, while AST sequences are usually
much longer and more complicated than code to-
kens. The results show that when we use the code
position loss without Token2AST attention (Lpos-
att), performance of (Lpos-att) is close to that of
(-Lpos) removing code position loss. It means our
Token2AST attention mechanism could merge the
syntactic AST features and the semantic features
of tokens to handle the long sequence dependence.

4.6 Qualitative Analysis

We conduct case study to further investigate results
of the semantic extraction in code refactoring and
abstract syntax representation, as shown in Table 7.
From Case 1, it is clear to see that the variable
names in the generated snippets are consistent with
the semantic input Java snippets. Then we compare
the semantic information between the generated
and the input semantic code pairs. As shown in
Case 2, the syntax input does not have “Yes” or
“No” at all, but our generated snippet extracts this
from the semantic input very well. In addition, we
have rewritten the complex multivariate input form
of Java into the simple map input of Python, which
demonstrates that our model can extract semantics
well. On the other hand, we find that the gener-
ated snippets are compliant with Python syntax.
In conjunction with the random syntax sampling
discussed earlier, we can further show that the syn-
tax variables we extracted abstractly represent the
syntax of specific programming language.

5 Related Work

Deep Code Representation The existing code
representation works represent code snippets in
three ways, i.e., token-based representation, AST-
based representation, and graph-based representa-
tion. As for token-based representation (Hindle
et al., 2012; Bhoopchand et al., 2016), code snip-
pets are tokenized into token sequences and each
code token is represented as a real-valued vector.
As for AST-based representation, one line of work
is to directly represent the tree structure via Tree-
CNN (Mou et al., 2016) or Tree-LSTM (Chen et al.,
2018) . Another line of work is to indirectly rep-
resent the AST by linearizing the AST into a se-
quence of nodes (Hu et al., 2018; Alon et al., 2019;
Liu et al., 2020) via traversing. Wan et al. (Wan
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Table 7: Example of generated results by code translation (Java/Python).

Case 1

Semantic Scanner sc = new Scanner(System.in); int a = sc.nextInt(); int b = sc.nextInt(); if( a < b ) System.out.println ( b );
else System.out.println ( a );

Syntax h1 = int (input ()) h2 = int (input ()) print ( h1 - h2 )
Reference a , b = map ( int ,input ().split ()) print ( max( a , b ))
Generated a , b = map ( int ,input ().split ()) print ( a + b )

Case 2

Semantic Scanner sc = new Scanner (System.in); int A = sc.nextInt(); int B = sc.nextInt(); int C = sc.nextInt(); if( C <= A + B )
System.out.println (“ Yes ”); else System.out.println (“ No ”);

Syntax n = int (input ()) if n == 12 : print ( 1 ) else : print (n + 1)
Reference A , B , C = map (int ,input ().split ()) if A + B < C : print (“ No ”) else : print (“ Yes ”)
Generated A , B = map (int ,input ().split ()) if A == B : print (“ YES ”) else : print (“ NO ”)

et al., 2018; Wang et al., 2020b; Wan et al., 2019;
Hua et al., 2021) propose to integrate the semantics
of code from different views (e.g., the tokens, AST
and control-flow graph) into a hybrid feature space,
and put forward a hybrid representation approach,
for the task of code summarization, code search
and code clone detection. As for graph-based rep-
resentations several works resort to parse the pro-
gram into a graph (e.g., augmented AST, control-
flow graph, and data-flow graph) (Li et al., 2015;
LeClair et al., 2020; Wan et al., 2019; Sui et al.,
2020; Guo et al., 2020). Benefiting from the strong
power of pre-training technique in natural language
processing, recently, several works (Kanade et al.,
2020; Feng et al., 2020; Guo et al., 2020) propose
to pre-train a masked language model on the large-
scale of code corpora, like BERT (Devlin et al.,
2019). CodeBERT (Feng et al., 2020) pre-trains
a language model on the source codes and natural
language descriptions, and significantly boosts per-
formance on code search. GraphCodeBERT (Guo
et al., 2020) advances the CodeBERT by incorpo-
rating the data-flow information among variables
into pre-training.

Multilingual Knowledge Transfer For multi-
lingual tasks, if we treat word embedding spaces
isomorphic between different languages, which has
been shown not to hold in practice (Søgaard et al.,
2018), and fundamentally limits their performance.
Sabet et al. (2019) train a bilingual model on bilin-
gual corpora by introducing a cross-lingual loss
in addition to the monolingual loss. The model
learns to translate on each other by inputting par-
allel data sets at one step simultaneously. This en-
sures that the word and n-gram embeddings of both
languages lie in the same space. Our approach is
primarily referenced to text-controlled generation,
which transfers the knowledge by dissociating tan-

gled representations. Cross-training disentangling
methods (Chen et al., 2019a,b; Wang et al., 2020a)
on the controlled text generation task, which are
implemented in a VGVAE framework and guided
by paraphrase reconstruction loss have inspired us
a lot. In particular, the syntax input of the code can
be conveyed via AST. Code syntax regularity can
be well exploited in multilingual architectures to
achieve semantic alignment in dissociated latent
spaces to improve the quality of representations
with desirable generalizability.

6 Conclusion

In this paper, we propose a novel disentangled
code representation learning approach under multi-
lingual setting. We introduce three dedicated losses
to enforce the disentanglement of code semantics
and syntax. Comprehensive experiments on the
three downstream tasks validate the effectiveness
of our disentangled semantic and syntax represen-
tation. In the future, we will devise more effective
disentanglement models for code representation
learning. Another line is to extend the proposed
approach to cross-lingual customer service robots,
where answers of different languages for the same
question share the same semantic information.
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A Appendices

A.1 Training Details
All the experiments are conducted on 2 Geforce
GTX 1080Ti GPUs. It tasks about 4 hours to train
CODEDISEN . For encoder and decoder networks
of CODEDISEN, we use the same BiLSTM model
structure. The embedding size is 100 and the hid-
den size is 100. The dimensionality of Semantic
latent variable vector is 50. The dimensionality
of Syntax latent variable vector is 50. Specially,
the hidden size in feed-forward network and atten-
tion mechanism is also 100. The coefficient α of
the cross-language reconstruction loss Lrec is 1.0.
When calculating the KL divergence term, the co-
efficient β of the Posterior distribution loss Ldist is
0.1, the coefficient of the vMF (·) KL divergence
is 1e-4 and the coefficient of the Gaussian(·) KL
divergence is 1e-3. The coefficient γ of the atten-
tive code position loss Lpos is 1.0. We train each
model for 60 epochs and the batch size is 10 for
each programming language.

A.2 Case Study
As shown in Table 8, the semantic inputs and ref-
erence code snippets are semantically identical yet
grammatically different. Based on the semantic
information extracted from a Java code snippet and
the syntax information extracted from a random se-
lected Python code snippet, our approach can gener-
ate a Python snippet similar to the reference Python
snippet which is semantically similar to Java input.
We find that the semantics of the snippet we gen-
erated and the reference snippet are very similar,
especially the content of printed string, such as
“YES” or “NO”, “Even” or “Odd”, even the rare
words (“Christmas Eve...”). At the same
time, the generated code snippets are completely
unaffected by randomly sampled syntax input. This
means that our semantic and syntactic disentangle-
ment modules perform well in extracting shared
semantic information from code snippets for the
same programming exercise and general syntactic
features belonging to specific programming lan-
guage.

Note that our generative model will be defi-
cient in reconstructing mathematical expressions.
For example, the reference snippet is “a%2==0”
or “b%2==0” and the generated is “a%b”. The
main reason is that the specific content of mathe-
matical expressions is less weighty in the seman-
tic expression of a code snippet, and our model

Figure 5: The framework of code clone detection. The
left shows training on the semantic module and the
right shows training on the specific syntax modules.

tends to focus more on generating an expression
rather than on the content of expressions. An-
other drawback is that our model can not generate
long code snippets well, e.g., ’’) is missing after
the “print(‘‘Christmas Eve ... Eve”
in the third example. In the future, we will replace
the original mathematical expressions with word
descriptions of longer token length to increase the
weight in reconstruction loss function. In addition,
we will use tree-structured decoders to guarantee
the executability of the generated code so as to
increase long dependencies.

A.3 Architecture of Downstream Tasks
In this section, we detail the model architecture of
cross-language code clone detection and code-to-
code search tasks. The model for the code transla-
tion is identical to the cross-language reconstruc-
tion model used for the disentanglement training,
except that the code snippets from which the syn-
tactic latent variables are extracted are randomly
sampled.

The key component of the proposed downstream
tasks flow is the Bi-NN. It is modeled as two un-
derlying subnetworks followed by a classification
layer. In our work, the underlying subnetworks are
semantic and syntax modules and other baseline
networks such as BiLSTM. The classifier we de-
fined as a 2-layer shared feed-forward network and
calculate the cosine similarity of the input cross-
language samples.

A.3.1 Code Clone Detection
Code cloning across languages, which reuses a
fragment of source code via copy-paste-modify, is
a common way for code reuse and software pro-
totyping. We train and test the code clone detec-
tion task on Java/Python, Python/C++, C++/C#
and C#/Java language pairs. In particular, we cal-
culate the metric scores on average, as shown in
Figure 5. We treat the solutions belong to different
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Table 8: More examples of reconstructed results by random syntax (Java/Python).

Code Snippets

Semantic import java . util .*; public class Main public static void main ( String [] args ) Scanner sc = new Scanner ( System . in ); String [] line = sc . next Line
(). split (“ ”); int r = Integer . parse Int ( line [ 0 ]) * 100 ; int g = Integer . parse Int ( line [ 1 ]) * 10 ; int b = Integer . parse Int ( line [ 2 ]); int result = r +
g + b ; if ( result % 4 == 0 ) System . out . println (“ YES ”); return ; System . out . println (“ NO ”);

Syntax s = input () num = “ ” for i in range ( len ( s )): if s [ i ] in “ 0123456789 ”: num += s [ i ] print ( num )
Reference x , y , z = input (). split () a = int ( x + y + z ) if a % 4 == 0 : print (‘ YES ’) else : print (‘ NO ’)
Generated a , b , c = map ( int , input (). split ()) if a % b == 0 : print (“ Yes ”) else : print (“ No ”)

Semantic import java . util .*; public class Main public static void main ( String [] args ) Scanner sc = new Scanner ( System . in ); int a = sc . next Int (); int b =
sc . next Int (); if ( a % 2 == 0 || b % 2 == 0 ) System . out . print (“ Even ”); else System . out . print (“ Odd ”); sc . close ();

Syntax N = int ( input ()) ans = 0 for i in range ( N ): l , r = map ( int , input (). split ()) ans += r - l print ( ans + N )
Reference a , b = map ( int , input (). split ()) if a % 2 == 0 or b % 2 == 0 : print (‘ Even ’) else : print (‘ Odd ’)
Generated a , b = map ( int , input (). split ()) if a % b == 0 : print (“ Even ”) else : print (“ Odd ”)

Semantic import java . io .*; import java . util .*; public class Main public static void main ( String [] args ) try Scanner sc = new Scanner ( System . in ); int d ; d
= Integer . parse Int ( sc . next ()); System . out . print (“ Christmas ”); for ( int i = 0 ; i < 25 - d ; i ++) System . out . print (“ Eve ”); System . out .
println (“”); catch ( Exception e ) System . out . println (“ out ”);

Syntax n = int ( input ()) k = int ( input ()) if n > 2 * k : ans = “ YES ” else : ans = “ NO ” print ( ans )
Reference D = int ( input ()) if D == 25 : print (“ Christmas ”) else : if D == 24 : print (“ Christmas Eve ”) else : if D == 23 : print (“ Christmas Eve Eve ”) else :

print (“ Christmas Eve Eve Eve ”)
Generated A , B = map ( int , input (). split ()) if A == B : print (“ Christmas Eve Eve Eve Eve ”) elif D == 23 : print (“ Christmas Eve Eve Eve Eve Eve Eve Eve

Figure 6: The framework of code-to-code search.
Given a query code snippet written in Python as well
as a series of candidate code snippets written in Java,
the goal of code-to-code search is to retrieve the most
relevant Java snippets based on cosine similarity.

languages for the same problem as positive sam-
ples and the other random solution combinations
in each batch as negative samples. To be more
challenging, we extracted 350 programming prob-
lems from CLCDSA dataset such that each prob-
lem has only one solution per language for evalua-
tion. We control the number of positive/negatives
samples are balanced. We set the threshold as
0.8(@80). It means that if the cosine similarity
of cross-language input code pairs is greater than
80%, we consider them as semantic clone pairs.
In addition, we use the semantic module and the
syntax modules compared to baselines in Table 4
to validate that extracted semantics features could
improve the performance and our syntax modules
may perform poorly because of missing semantic
information.

A.3.2 Code-to-Code Search

The training language pair combinations and
dataset construction are the same as the code clone
detection task. We control that each programming

language has only one unique solution for each pro-
gramming problem. When evaluating our model,
we compare the code snippet in source query lan-
guage to the all code snippets in target language,
calculating their cosine similarity. Then we predict
the type of algorithm by greedy choosing the high-
est score sample as shown in Figure 6. In contrast
to the usual algorithm classification of one-hot tags,
we chose to compare the similarity with all sam-
ples of the target domain to do code-to-code search.
This makes the more difficult and convincing task
to validate the quality of the semantic representa-
tion of the code.
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Abstract

A growing number of people engage in online
health forums, making it important to under-
stand the quality of the advice they receive.
In this paper, we explore the role of expertise
in responses provided to help-seeking posts
regarding mental health. We study the dif-
ferences between (1) interactions with peers;
and (2) interactions with self-identified men-
tal health professionals. First, we show that
a classifier can distinguish between these two
groups, indicating that their language use does
in fact differ. To understand this difference, we
perform several analyses addressing engage-
ment aspects, including whether their com-
ments engage the support-seeker further as
well as linguistic aspects, such as dominant
language and linguistic style matching. Our
work contributes toward the developing efforts
of understanding how health experts engage
with health information- and support-seekers
in social networks. More broadly, it is a step
toward a deeper understanding of the styles of
interactions that cultivate supportive engage-
ment in online communities.

1 Introduction

Online social media forums play a critical role in
health-related information sharing (Record et al.,
2018). Health experts have noted that they can
help reduce healthcare inequalities and improve
access to health care, for instance by empowering
coalitions of people living with chronic illness or
specific disabilities (Griffiths et al., 2012), or by
providing an anonymous forum for people seeking
emotional support (De Choudhury and De, 2014).
On the other hand, these forums elevate concerns
about spreading medically inaccurate, misleading,
or unsound information (Domı́nguez and Sapiña,
2015; Gage-Bouchard et al., 2018), which has had
harmful public health impacts (Poland et al., 2011;
Nobles et al., 2019). One study concluded that

health information seekers in forums such as Red-
dit are likely to enact suggested behaviors regard-
less of perceived credibility (Record et al., 2018).
However, the researchers also noted that this open-
ness to information could be an opportunity for
experts to encourage healthy behaviors through in-
formation sharing.

In this landscape, it is critical to understand the
dynamics that cultivate safe communities that ben-
efit the health and well-being of their participants
and the broader implications for health commu-
nication (Chou et al., 2009). Health experts are
thus considering social media’s role in their in-
teractions with patients and broader public health
issues, and their role in engaging with the plat-
forms (Domı́nguez and Sapiña, 2015; Nobles et al.,
2019, 2020). This motivates an important research
direction: understanding how experts engage with
users in online platforms. This can inform platform
design, moderation decisions, and health promo-
tion efforts by experts.

This work focuses on understanding the engage-
ment with professionals in the domain of mental
health with two main research questions: (RQ1)
Do experts have distinct influences as compared
to non-experts in their interactions with support-
seekers in online mental health?; and (RQ2) Do the
experts’ behaviors reflect established counseling
principles and findings regarding behaviors asso-
ciated with positive counseling outcomes? To an-
swer these questions, we analyze responses from
self-identified mental health professionals (MHP)
to support-seekers in mental health and support
communities on Reddit, and compare them to re-
sponses from other users who we refer to as peers.
This is an important comparison, as many peers
share similar health experiences, which prior work
has found is associated with higher empathic con-
cern (Hodges et al., 2010).

First, we test whether a text classifier can distin-
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guish between responses to support seekers from
MHPs and peers. We find that it can, with 70%
accuracy (well above random chance of 50%). Sec-
ond, we analyze comments leading to further en-
gagement with the support-seeking posters, as ex-
isting counseling principles emphasize the impor-
tance of eliciting client engagement in expert coun-
seling sessions (Miller and Rollnick, 2012; Pérez-
Rosas et al., 2018). Third, we analyze the users’ lin-
guistic tendencies, drawing inspiration from anal-
yses of counseling conversations, which have of-
fered insight into counselor behaviors associated
with high quality sessions grounded in existing
theories from psychology and counseling research
using computational methods (Althoff et al., 2016;
Pérez-Rosas et al., 2018; Zhang et al., 2019; Miller
and Rollnick, 2012).

The main contributions of this work are: (1) We
construct a dataset of mental health conversations
from Reddit users with self-identified counseling
expertise, covering a set of mental health subred-
dits annotated with categories denoting the type of
mental health concern; (2) We develop a classifier
that can distinguish between the language of MHPs
and that of peers; (3) We perform an analysis of
the differences in language use between MHPs and
peers; and (4) We provide insight into language that
leads to further engagement with support-seekers,
comparing responses to peers and MHPs.

2 Related Work

Studies within the education and health domains
have shown that advice and help-seeking interac-
tions in online communities contribute positively
to users’ well-being, learning, and skills develop-
ment (Campbell et al., 2016; Wang et al., 2015).
This is particularly true for applications such as
computer programming, career development, men-
toring, coping with chronic or life-threatening dis-
eases, and mental health issues (Baltadzhieva and
Chrupała, 2015; Tomprou et al., 2019; Wang et al.,
2015; De Choudhury and De, 2014).

In the mental health domain, studies have ex-
plored online support communities and many
have found positive outcomes associated with
anonymity, perceived empathy, and active user en-
gagement (De Choudhury and De, 2014; Rhein-
gold, 1993; Hodges et al., 2010; Welbourne
et al., 2009; Nambisan, 2011). Computational ap-
proaches have aided studies in mental health fo-
rums, helping reveal positive relationships between

linguistic accommodation and social support across
subreddits (Sharma and De Choudhury, 2018). One
example of insights from this work is that topic-
focused communities like subreddits may enable
more peer-engagement than non-community based
platforms (Sharma et al., 2020). Other studies have
revealed certain trade-offs of online support plat-
forms, such as disparities in the level of support
offered toward support-seekers of various demo-
graphics (Wang and Jurgens, 2018; Nobles et al.,
2020) and in condolences extended across different
topics of distress (Zhou and Jurgens, 2020). Study-
ing MHP behaviors in such scenarios might help
develop approaches that balance these trade-offs.

Computational approaches applied in these fo-
rums have also shed light on population-level
health trends and health information needs, with ex-
aminations into how depression and post-traumatic
stress disorder (PTSD) affect different demo-
graphic strata (Amir et al., 2019). Data mining has
also been applied to understand adverse drug reac-
tions (Wang et al., 2014) and public reactions to-
wards infectious diseases (Park and Conway, 2017).
Nobles et al. (2018) highlighted the potential for
these forums to aid targeted health communication,
for example by sharing information in r/STD, a sub-
reddit about sexually transmitted diseases. Another
case study of r/STD revealed the prevalence of di-
agnoses requests, and suggested that health profes-
sionals could partner with social media platforms
to positively influence crowd-sourced diagnoses
and help mitigate harmful misdiagnoses (Nobles
et al., 2019). Record et al. (2018) found that health
information seeking Reddit users are likely to enact
suggested behaviors regardless of perceived cred-
ibility, providing further reason for health expert
engagement to intervene when harmful information
sharing occurs and promote healthy behavior.

Fewer studies have analyzed expert interactions
in online forums. A study in a large Q&A com-
munity found that experts are more likely to pro-
vide help than peers and that their participation in
discussions resulted in increased length and sub-
stance of discussions (Procaci et al., 2017). Re-
cent studies have compared interactions with ex-
perts to interactions with peers in broader scientific
communities (Park et al., 2020) and r/AskDocs
on Reddit (Nobles et al., 2020). The latter paper
closely relates to our study, as they also consider
posts from experts on Reddit, but solely within
r/AskDocs about different health topics and with
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Subreddits 77
Posts 12,140
Poster Replies 24,357
MHPs 283
Peers 56,701

Comments

MHP 9,685
Peer 92,698
Total 102,383

Thread Length

Mean 8.4
Median 4
Max 64

Table 1: Dataset statistics.

Post: u/peer user X

I’ve recently been struggling with paranoid thoughts, for which I was hospitalized
for my own safety. I do not feel suicidal anymore, however everyday is a long
struggle of thinking everyone is an undercover agent out to get me or keep tabs on
what I’m doing. I was hoping to hear some tips and stories if anyone else has dealt
with similar thoughts and overcome them? Or are they something I will have to
deal with for the rest of my life? Thanks in advance

Comment: u/MHP user LPC

Paranoid thoughts are scared thoughts, justified or not. If you ignore the specific
content of the thoughts and focus on the emotional valence (scared), is there
something you can do in those moments to feel safer?

Poster Reply: u/peer user X

That’s a good way of thinking about the situations as they arise. I will try to do that

Table 2: Example of an initial post, a reply from an MHP with the flair LPC
(Licensed Professional Counselor), and a reply from the original user.

users of varying demographics.
The insights discussed above motivate investi-

gations into how health experts and other users
promote scientifically sound advice and offer sup-
portive responses to health information seekers in
online forums. In this work, we aim to contribute
additional insights into expertise influence in on-
line mental health communities by studying the
dynamics of the communication process between
support seekers and support providers.

3 Data Collection

We seek to understand the tendencies of users
with professional experience, and more specif-
ically counseling expertise, when interacting
with support-seekers in online mental health and
support-related forums. In uncovering which ten-
dencies are associated with expertise, we enable
further investigation into their role in the social dy-
namics of online support-seeking interactions, and
potential applications of insight-driven recommen-
dations for moderators and users of these forums.

Source. We use Reddit for its quantity of pub-
licly available interactions in communities called
subreddits that discuss mental health issues. In
addition, Reddit has a system that allows users to
indicate their professional expertise (Reddit Flairs),
which we use to identify a set of users with men-
tal health professional background, identified as
MHPs during our study. We obtained flairs from
the r/psychotherapy subreddit,1 a decision moti-
vated by their reliability, as the moderators of this

1Degree and license flair descriptions from
r/psychotherapy wiki.

community allow comments and posts only by li-
censed therapy providers who may be asked to sub-
mit proof if concerns of falsely posing as a therapist
arise.2 Sample flair tags in this set are: Psychiatrist
(sometimes accompanied by MD or DO), LPC (or
Licensed Professional Counselor), LMFT (or Li-
censed Marriage and Family Therapist), PsyD (or
Doctorate of Psychology).

We use an existing list of mental health sub-
reddits from r/ListOfSubreddits3 with additions
from manual observations; all of the subreddits
in our dataset with their number of comments are
in Appendix B in Table 5. From these, we retrieve
threads where an MHP submitted a direct reply.
During this step, we also kept posts made by peers
i.e., individuals who did not use any of the men-
tal health care professional flairs. Our collection
spans threads created between November 29, 2009
and December 21, 2020. Table 1 shows descriptive
statistics for the final composition of the dataset,
and Table 2 shows a sample interaction demonstrat-
ing the structure we use for our analysis. This study
focuses on direct replies to the poster, thus we at-
tempt to eliminate megathreads which tend not to
focus in individual support-seekers by removing
those above the 95th percentile in their number of
direct replies; we leave analysis of deeper nested
replies for future work.

Health Topics. To understand whether particular
topics influence interactions with support-seekers,
we group the subreddits into broader topics based

2See rule 2 and 9 in https://www.reddit.com/r/
psychotherapy/, also listed in Appendix A.

3r/ListOfSubreddit’s compilation of mental health and ad-
vice subreddits.
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Figure 1: LIWC category dominance scores, computed as the relative use by peers divided by the relative use
by MHPs, so that equal use is at y = 1 (blue line), higher dominance by peers at y > 1 (grey bars) and higher
dominance by MHPs at y < 1 (white bars). Showing categories where frequency of use differs by at least 10%.

Key Topic

Trauma Trauma & Abuse
Anx Psychosis & Anxiety
Compuls. Compulsive Disorders
Cope Coping & Therapy
Mood Mood Disorders
Addict. Addiction & Impulse Control
Body Eating & Body
Neurodiv. Neurodevelopmental Disorders
Health General
Social Broad Social

Table 3: Health condition and other subreddit topics.
Keys are shortened names we use to refer to the topics.

on related health domains. We begin by follow-
ing the categorization of subreddits by Sharma and
De Choudhury (2018), who used the k-means clus-
tering algorithm to generate initial clusters on the
n-grams (n = 3) of the posts and manually refined
the categories based the community descriptions
in their subreddit home pages. Next, we adjust the
categories and their associated subreddits based on
the World Health Organization’s ICD-10 classifica-
tion system of mental and behavioural disorders.4

The resulting topic categories are listed in Table 3
alongside shortened names which we use to refer
to them. The full list of subreddits assigned to each
topic are listed in Appendix B in Table 6.

4 Distinguishing MHPs and Peers

To begin our investigation into the linguistic behav-
iors of MHPs and peers, we test whether simple
text classifiers are able to distinguish between com-
ments authored by either MHPs or peers. We build
three classifiers with different feature sets; the first
are unigram counts for unigrams occurring at least
five times, the second includes counts for the 73
word classes in the LIWC (Linguistic Inquire and
Word Count) lexicon (Pennebaker et al., 2015), and

4https://www.who.int/substance_abuse/
terminology/icd_10/en/

the third encodes a subset of LIWC word classes
associated with perspective shifts (i.e., focusfuture,
focuspast, focuspresent, I, ipron, negemo, posemo,
ppron, pronoun, shehe, they, we, and you) (Althoff
et al., 2016); we elaborate on the psychological
meaning behind these features in our analyses in
the next section.

Due to the class imbalance between the peer and
MHPs classes, we first downsampled the peer class
to get a balanced distribution with the MHP class.
This resulted in a set of 9,685 instances per class.
We conduct our evaluations using ten-fold cross
validation. Across these folds, the number of fea-
tures ranges from 8,668 to 8,703. We use a Naive
Bayes model, implemented with Sklearn’s Multino-
mialNB module, 5 which outperformed a logistic
regression model and an SVM in preliminary ex-
periments.6

All models outperform a random baseline7 with
all LIWC features bringing the accuracy to 59.12%,
LIWC perspective features to 59.14%, and unigram
features to 70.80%. Overall, the classification re-
sults indicate language differences exist between
the MHPs and peers. Motivated by this result, we
proceed to several analyses to gain insights.

5 Linguistic and Dialogue Analysis

We analyze the linguistic behaviors of MHPs and
peers responding to support-seeking posts, and
their potential influence in eliciting further engage-
ment with the support-seeker. Our analyses are
inspired by psychology and computational studies
that have shown that conversational behavioral as-
pects such as word usage, client engagement, and

5https://scikit-learn.org/stable/
modules/generated/sklearn.naive_bayes.
MultinomialNB.html

6Runs in ∼40 seconds per fold on one AMD Ryzen 7
3700U CPU.

7p < 0.0001 using a permutation test (Dror et al., 2018)
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Figure 2: WordNet Affect usage (peers / MHPs)

language matching are positively related to success-
ful counseling interactions (Gonzales et al., 2010;
Althoff et al., 2016; Pérez-Rosas et al., 2018; Zhang
et al., 2019).

5.1 Linguistic Ethnography

Numerous studies have demonstrated relationships
between the dominant usage of certain word cate-
gories with individuals’ psychological and physical
health (Tausczik and Pennebaker, 2010; Weintraub,
1981; Rude et al., 2004). In alignment with these
studies, we investigate the usage of such word cat-
egories using the LIWC and WordNet-Affect lex-
icons (Pennebaker et al., 2015; Strapparava and
Valitutti, 2004).

For each group of users, we first compute the
proportion of their words that fall in each category.
Then, we compute the dominant use by dividing
the proportion for peer users over the proportion
for MHPs (Mihalcea and Pulman, 2009). Figure 1
shows LIWC categories where the rate of use dif-
fers by at least 10%, and results for WordNet Affect
categories are shown in Figure 2.

Some observations such as the higher dominance
of swear words (swear) and internet speak (net-
speak) might be expected if professionals avoid
such language. An interesting contrast in peers’
language is the dominant use of first-person pro-
nouns (I, we) and focus on the past (focuspast). In
contrast, MHPs seem to use more non-first person
pronouns (you, they) and focus on the future (focus-
future) instead. Peers’ use of first person pronouns
might arise when they share similar experiences
with support-seekers. MHPs’ use of second-person
pronouns might suggest they are focusing on the
support-seekers’ experiences as a counselor would
with a client in a counseling encounter. We also
observe higher dominance of all WordNet Affect
categories among peers, however the joy category
(the most positive), is nearly equal with MHPs.

These observations of the peers’ language are
compelling because they align with existing the-
ories linking depression to negative views of the
future (i.e., focuspast and negative WordNet af-

fects) (Pyszczynski et al., 1987) and self-focusing
style (i.e., first-person pronouns) (Pyszczynski and
Greenberg, 1987; Campbell and Pennebaker, 2003).
Likewise, clients of SMS-based crisis counseling
conversations were more likely to report feeling bet-
ter after the encounter if they exhibited perspective
shifts from these categories to their counterparts
(i.e., toward focusfuture, non-first person pronouns,
and positive sentiment) (Althoff et al., 2016).

Interestingly, the same study found clients were
more likely to shift perspective when their coun-
selors exhibited use of the counterpart categories
first, suggesting that the counselors may play a key
role in helping drive the perspective shift. Given
those positive outcomes, observing the same domi-
nant linguistic aspects among MHPs is encourag-
ing and potentially signals a connection between
how counselors apply conversational behaviors in
practice and in online forum interactions. Future
work can investigate the progression of dialogue be-
tween MHPs and support-seekers to find if support-
seekers similarly exhibit the perspective shifts asso-
ciated with the positive outcomes of the prior study,
and likewise whether users of the forums also ex-
perience positive outcomes where this occurs.

5.2 Engaging Support-Seekers

To understand if linguistic behaviors are associ-
ated with prompting further engagement with the
support-seeker, we compare the dominance of
LIWC categories in comments receiving replies
compared to comments that do not by dividing the
usage rates of the former by the latter. Figure 3
shows these ratios for categories that differ by at
least 5%. A compelling observation is the domi-
nance of the categories health, tentat, and you in
the MHP comments prompting poster-replies, and
you, focusfuture, interrog, and health in the peer
comments prompting poster-replies, as was exhib-
ited among MHPs (see Figure 1 in Section 5.1);
on the other end, the categories are more dominant
in comments that do not engage a reply such as I,
we, death, friend, relig, swear, were similarly rep-
resented as dominant categories in the peer group.

To gain further insight into these observations,
we perform the following analysis: for each user
group (peers and MHPs) we use a foreground cor-
pus of their comments that were replied to by the
support-seekers, and a background corpus of their
comments that were not, and compute the domi-
nance of LIWC categories of the foreground over
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Figure 3: Dominance of LIWC categories, computed as the category relative frequencies among comments that
prompt support-seeker responses divided by the relative frequencies among comments that do not, computed
separately for MHPs (left) and peers (right).

DRR Group OR Group τ p-value

Peer MHP .191 .017
MHP MHP .158 .048
Peer Peer -.031 .689
MHP Peer .008 .916

Table 4: Kendall τ ’s coefficient between the LIWC
category dominance ranking in the replied comments
(DRR) of the user group on the left and the overall rank-
ing of LIWC category usage (OR) by the user group to
the right.

the background as a ratio of their relative frequen-
cies. We then rank the categories by highest to
lowest dominance scores, and refer to this ranking
by DRR (for Dominance Rank for Replied com-
ments). We compare the DRRs of each user group
to the ranking of LIWC category usage among
MHP users and among peer users separately (from
Section 5.1) by computing the Kendall Tau’s coef-
ficient between them. A positive correlation would
thus indicate that the more (or less) dominant cate-
gories among a group’s replied comments are also
more (or less) dominant among the other group
overall. The correlation coefficients are shown in
Table 4.

Interestingly, we observe a slight positive corre-
lation between the DRRs for both MHPs and peers
with the overall LIWC category usage ranking for
MHPs. On the other hand, we see no correla-
tions with the LIWC usage ranks for peers. In-
tuitively, it appears that for both MHPs and peers,
the comments prompting further engagement with
the poster appear to reflect the overall dominant
linguistic aspects captured by LIWC of MHPs, but
not peers. As counseling principles have empha-
sized the importance of mutual engagement be-
tween counselors and clients (Miller and Rollnick,
2012) and other work has shown that higher qual-
ity counseling sessions are associated with higher

client engagement (Pérez-Rosas et al., 2018), it
is compelling to observe associations between lin-
guistic aspects of MHPs with the aspects associated
with poster-engagement.

5.3 Linguistic Style Matching

Linguistic Style Matching (LSM) measures the ex-
tent to which one speaker matches another (Gonza-
les et al., 2010). It compares two parties’ relative
use of function words as these words are more in-
dicative of style rather than content (Ireland and
Pennebaker, 2010).

Previous studies in counseling conversations
have measured LSM to understand the extent that
counselors and clients match their language. Pérez-
Rosas et al. (2019) showed higher LSM for high
quality counseling sessions whereas Althoff et al.
(2016) showed lower LSM for higher quality ses-
sions. Pérez-Rosas et al. (2019) attributed this to
the differences between the conversations they ana-
lyzed, theirs being synchronous face-to-face inter-
actions while Althoff et al. (2016)’s was of asyn-
chronous text messages, as well as differences in
counseling styles.

We follow Nobles et al. (2020)’s approach lever-
aging Ireland and Pennebaker (2010)’s procedure
to measure LSM between support seekers and sup-
port providers. For a text sequence, we compute
the percentage of words that belong to each of
nine function-word categories c from the LIWC
lexicon, which include auxiliary verbs, articles,
common adverbs, personal/impersonal pronouns,
prepositions, negations, conjunctions, and quanti-
fiers. Then, we compute the LSM of each word
category c as shown in Equation 1 where p rep-
resents post and r represents the response. The
composite LSM score for p and r is the mean of all
category LSM scores. For each thread, we separate
the MHP and peer replies, and take the mean of all
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Figure 4: LSM scores with 95% confidence intervals calculated with non-parametric bootstrap resampling.

composite LSM scores.

LSMc = 1− abs(cat%p − cat%r)

cat%p + cat%r + .0001
(1)

We compute these LSM scores over all data to-
gether as well as separately for each subreddit topic
(named in Table 3). The resulting scores are shown
in Figure 4.

We observe LSM scores vary by topic, and most
are similar for peers and MHPs or have overlapping
confidence intervals. Compared to their LSMs in
other topics, MHPs score lower in SOCIAL, which
covers broad social issues that are less special-
ized to health conditions than the others. How-
ever, peers have high LSMs in SOCIAL relative
to most other topics, and notably higher LSMs
than the MHPs. Additionally, MHPs have higher
LSMs than those of peers and relative to their own
in communities that cover topics of specific com-
pulsive, mood, and neurodevelopmental disorders
(COMPULS., MOOD, and NEURODIV.), communi-
ties that orient toward counseling purposes (COPE),
or toward advice-seeking communities for health
and social concerns (HEALTH). The influences in
these results require further investigation, but a pos-
sible explanation could be that expert knowledge
and experience may offer more benefit to special-
ized condition-related issues than to broader social
issues.

6 Language Modeling

We further examine differences in word usage by
building separate language models for MHPs and
peers. We seek to identify language use that is
indicative of one group or another by running the
language model of one on the data of the other
and analyzing words with high perplexity. To run
these experiments, we use the language model of
Merity et al. (2018a,b), which is a recent LSTM-
based language model that achieved state-of-the-art
performance by combining several regularization

techniques.8

Our implementation uses a fixed vocabulary of
20,907 tokens for both the peer and MHP language
models. This is determined by a minimum count of
five across the set of posts from both groups. Each
language model is trained for 50 epochs.9

We use the language model trained on MHP data
to find words with high entropy in peer data and
vice versa. Since we are concerned with the differ-
ence in predictability of words between the MHP
and peer language models, we subtract the entropy
given by the model trained on that data from the
entropy assigned by the model that was not trained
on that data. In other words, to find words difficult
to predict in B’s data, we subtract each word’s en-
tropy calculated by the model trained on B from
the entropy calculated by the model trained on A
as follows, for a set of words, X:

EA,B = − 1

|X|
∑

x∈X
log(pA(x))− log(pB(x))

(2)
If we calculate the entropy difference for each

LIWC category and for each assignment of the
MHP and peer groups to A and B, we find the high-
est differences for each category shown in the first
and third plots of Figure 5. We find highest entropy
scores for words relating to leisure, sex, and num-
bers when running the MHP language model on
peer data. Likewise, when running the peer model
on MHP data, the category of discrepancy contains
words whose accuracy is improved the least by the
peer model, again showing that these words are
more indicative of the MHP group.

We perform a similar analysis, creating a lan-
guage model for posts which have the highest score
(or tied for highest) and another model for all other

8htts://github.com/salesforce/
awd-lstm-lm

9Validation set perplexities for expert and score groups:
peer on peer: 44, peer on MHP: 52, MHP on peer: 91, MHP
on MHP: 74, low on high: 39, low on low: 43, high on high:
50, high on low: 57. The difference in perplexity is due to the
difference in volume of posts between groups. Runs in ∼2
min per epoch on a GeForce RTX 2080 Ti GPU.
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Figure 5: Entropy differences for LIWC word categories when running both language models on one group’s data.
High entropy scores on one dataset indicate word types that are harder for the opposite group’s model to predict.

posts. We measure entropy differences and show
the highest scoring categories for each group in
the second and fourth plots. Some of the cate-
gories indicative of MHP language are also indica-
tive of higher scoring posts; discrepancy, present
and future words, and negation words, while other
categories like assent and insight words are more
dominant in higher scoring posts. The lower scor-
ing posts have the highest entropy differences for
some types of words in the peer data, however, we
also see that filler, anger, and swear words had
the highest entropy differences for the low scoring
group. Qualitative example sentences with word-
level entropy and LIWC annotations are shown in
the appendix in Table 7.

7 Discussion and Future Work

In comparing linguistic aspects of MHP and peer
comments, we find MHP tendencies align with
established counseling principles and findings in
counselor behaviors from recent literature. In par-
ticular, they align in the use of words that increase
the likelihood of desired perspective shifts associ-
ated with clients feeling better after text counseling
sessions (RQ2) (Althoff et al., 2016). We also
found unique differences in the behavior of MHPs
as compared to peers in how they respond to in-
formation seekers (RQ1). Although, comments by
peers that prompt support-seeker replies also make
use of similar word categories to MHPs, which
shows that comparing MHPs to peers can offer
insight into peer interactions as well.

It is important to note that our analyses rely heav-
ily on the LIWC lexicon. While LIWC and other
lexicons can help uncover variational language
across groups at an exploratory stage, their use
alone does not explain why variations are present.
Certain limitations of LIWC are clear, such as
when certain words that occur in multiple cate-
gories misleadingly boost the prominence of the
categories equally. Kross et al. (2019)’s and Jaidka

et al. (2020)’s studies have also demonstrated lim-
itations of the use of LIWC when working with
word counts to correlate with well-being metrics
and an individual’s emotional state. We utilize
LIWC to understand linguistic behavior differences
in conversations with peers and MHPs rather than
to evaluate the emotional or mental health state of
individuals; however, it is important to consider
how these limitations could pertain to our interpre-
tations of their differences, especially as we explore
them more deeply in future work. In our study, we
explore the patterns we find in the context of previ-
ous findings from related literature such as (Althoff
et al., 2016) and (Nobles et al., 2020), however it
warrants another study into nuanced aspects of the
patterns to infer their social functions in support
seeking forums in particular.

Although our findings align MHP behaviors with
certain counselor behaviors associated with posi-
tive outcomes, our analyses do not support claims
that MHP behaviors are more beneficial to indi-
viduals seeking support; rather, we have shown
that the general tendencies of MHPs are in accor-
dance with principles and behaviors demonstrated
by counselors in other settings. Understanding the
outcomes of these interactions for individual sup-
port seekers remains as an area for future work,
which could employ surveying methods from prior
work to measure perceived empathy in online com-
munities (Nambisan, 2011). Our dataset also en-
ables investigations into whether support-seekers
exhibit perspective shifts in interacting with MHPs
or peers, and what MHP and peer tendencies are
associated with these perspective shifts.

Another direction for future work could focus
on modeling social media-specific engagement pat-
terns of MHP and peer interactions. Prior work
developed a model that accounts for variables in-
dicating the level of attention threads receive (i.e.,
thread lengths and number of unique commenters),
and variables indicating the degree of interaction
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between posters and commenters (i.e., time be-
tween responses and whether the poster replies to
commenters), and used this model to study peer-
to-peer interactions in online mental health plat-
forms (Sharma et al., 2020); this approach may
enable studying supportive interactions in megath-
reads and threads involving back-and-forth dialog
between two or more parties.

More questions arise if we consider MHP tenure
and specific domain of expertise (e.g., specializa-
tions, licenses, academic degrees). Prior work that
studied longitudinal changes in counselor linguistic
behaviors indicated that systematic changes occur
over time as counselors develop personal styles
that are more distinct from other counselors and
exhibit more diversity across interactions (Zhang
et al., 2019). Future work could model the language
longitudinally for MHPs and peers that have longer-
term histories of participating in mental health fo-
rums to investigate whether systematic changes
occur online as well, and if so, whether they reflect
similar changes found in prior work.

8 Limitations and Ethical Considerations

A number of unknowns exist in what we are able to
extract from Reddit. For instance, we do not know
if users that do not use flairs are mental health pro-
fessionals. We assume that those who have used the
MHP flairs are MHPs and those that have not used
them are peers. Additionally, we have grouped all
MHP flairs into one group for our analysis, though
a more nuanced analysis based on particular profes-
sional roles (e.g., psychologists, psychiatrists, so-
cial workers) and specializations (e.g., motivational
interviewing, cognitive behavioral therapy, fam-
ily & marriage counseling) may reveal additional
trends. Prior work found that disclosing credentials
has impacts on engagements that vary by subred-
dit and linguistic patterns associated with different
experience levels and expert domains (Park et al.,
2020), thus the effects of disclosing MHP creden-
tials when responding to support-seekers should be
investigated.

A classifier or language model used to distin-
guish between MHPs and peers or to generate the
language of either could have negative implications.
A generative model that provides feedback to users
could generate language that is harmful for those
seeking help. Our work could be used to devise a
tool to train counselors, however we do not have a
direct measure of what type of responses are help-

ful or meaningful. In such an application, there
is potential to reinforce harmful behaviors due to
the inaccuracy of our models. Future studies are
needed to determine how to best design a tool to
train counselors and how models derived from cor-
pora such as ours correspond to advice that patients
find useful.

9 Conclusion

As the role of social networks is becoming more
critical in how people seek health-information, it is
important to understand their broader implications
to health communication and how health experts
can engage to promote the soundest information
and offer support to their vulnerable users. By elu-
cidating techniques employed by mental health pro-
fessionals in their interactions with support-seekers
in mental health forums, we have contributed in-
sights toward the broader research direction of un-
derstanding how health experts currently engage
with these platforms. With evidence that MHP
linguistic behaviors associate with further engage-
ment with support-seekers and that these same be-
haviors are associated with positive counseling con-
versation outcomes, we have shown that analyzing
MHP behavior is a promising direction for better
understanding online interaction outcomes, which
can further inform forum design and moderation,
and expert health promotion efforts.

The code used for our experiments and anal-
yses, and the post ids in our dataset can be
accessed at https://github.com/MichiganNLP/
MHP-and-Peers-Reddit.
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Appendix

A Flairs

Rules regarding flair credibility from
r/psychotherapy:

“2. Only posts and comments from those pro-
viding therapy in a licensed capacity allowed.
No comments/posts from anyone who is not pro-
viding therapy in a licensed capacity. This includes
students who are not yet practicing therapy (e.g.,
undergraduate or graduate students who haven’t
had their first practica experience) or if you have
left the field for another field, this is not the place
for you to post/comment. There is an exception to
this rule for posting in our Career and Education
Megathread. Accurate user flair is required for all
posts, and strongly encouraged for comments.”

“9. Falsely posing as a therapist If you post in
this subreddit, the assumption is made that you are
a therapist. Users that falsely post as if they were
a therapist will be permanently banned. Claiming
that you didn’t say you were a therapist is not an
argument against this rule. Users may be asked to
submit proof of their status as a practicing therapist
to appeal a ban.”

B Data

We used the PushShift API for the first pass
of obtaining mental health posts and comments,
and the MHP flairs. After extracting the IDs
of posts where MHPs commented, we obtained
the fully structured comment sections using

open sourced code from https://github.com/

saucecode/reddit-thread-ripper. The num-
bers of posts in our dataset for each subreddit are
shown in Table 5.

C Other

Sample sentences illustrating relative entropies of
words predicted by the peer language model on
MHP data (top) and the MHP language model on
peer data (bottom) are shown in Table 7.
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AskDocs 21025 relationship advice 16061 stopdrinking 10170
ADHD 9093 offmychest 5076 mentalhealth 4486
socialskills 4113 BPD 3570 depression 3235
Anxiety 2956 aspergers 2703 Advice 2493
askatherapist 2120 PCOS 1819 alcoholicsanonymous 1498
leaves 1452 SuicideWatch 1092 REDDITORSINRECOVERY 977
needadvice 892 ptsd 704 NoFap 465
OCD 411 socialanxiety 400 BipolarReddit 355
GetMotivated 354 alcoholism 350 cripplingalcoholism 335
emetophobia 297 bulimia 249 mentalillness 246
nosurf 224 EOOD 208 depression help 193
EatingDisorders 170 schizophrenia 167 MMFB 159
AlAnon 139 disability 127 fuckeatingdisorders 119
Antipsychiatry 116 MadOver30 114 quittingkratom 114
addiction 111 GFD 109 CompulsiveSkinPicking 108
Needafriend 106 dbtselfhelp 99 rapecounseling 93
stopsmoking 89 selfhelp 87 ForeverAlone 81
getting over it 72 BodyAcceptance 54 Anger 50
traumatoolbox 50 selfharm 47 TwoXADHD 40
survivorsofabuse 40 dpdr 38 rape 36
Tourettes 34 HealthAnxiety 26 schizoaffective 25
Anxietyhelp 25 eating disorders 20 domesticviolence 17
neurodiversity 13 helpmecope 12 StopSelfHarm 12
sad 11 AtheistTwelveSteppers 10 Trichsters 6
MenGetRapedToo 5 ARFID 5 whatsbotheringyou 3
DysmorphicDisorder 1 OCPD 1

Table 5: The number of comments in each subreddit of our dataset.

Category Subreddits

Trauma & Abuse (Trauma) r/Anger, r/survivorsofabuse, r/domesticviolence, r/ptsd, r/rapecounseling,
r/selfharm, r/StopSelfHarm, r/traumatoolbox, r/rape, r/MenGetRapedToo

Psychosis & Anxiety (Anx) r/Anxiety, r/socialanxiety, r/Anxietyhelp, r/HealthAnxiety, r/BPD, r/dpdr,
r/schizophrenia, r/schizoaffective, r/emetophobia

Compulsive Disorders (Compuls.) r/CompulsiveSkinPicking, r/OCD, r/Trichsters, r/DysmorphicDisorder,
r/OCPD

Coping & Therapy (Cope) r/getting over it, r/helpmecope, r/offmychest, r/MMFB, r/askatherapist,
r/EOOD, r/dbtselfhelp, r/AlAnon, r/REDDITORSINRECOVERY,
r/GetMotivated, r/Antipsychiatry, r/selfhelp

Mood Disorders (Mood) r/depression, r/depression help, r/ForeverAlone, r/GFD, r/mentalhealth,
r/SuicideWatch, r/sad, r/BipolarReddit

Addiction & Impulse Control (Addict.) r/stopdrinking, r/addiction, r/stopsmoking, r/leaves, r/alcoholism,
r/cripplingalcoholism, r/quittingkratom, r/alcoholicsanonymous, r/NoFap

Eating & Body (Body) r/eating disorders, r/EatingDisorders, r/ARFID, r/fuckeatingdisorders,
r/BodyAcceptance, r/bulimia

Neurodevelopmental Disorders (Neu-
rodiv.)

r/ADHD, r/aspergers, r/TwoXADHD

General (Health) r/AskDocs, r/needadvice, r/Advice, r/mentalillness, r/neurodiversity,
r/whatsbotheringyou, r/MadOver30

Broad Social (Social) r/socialskills, r/relationship advice, r/nosurf, r/Needafriend,
r/AtheistTwelveSteppers, r/PCOS, r/disability, r/Tourettes

Overall All

Table 6: Subreddit categories.
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MHP Data

DISCREP
the problem with psychiatric research is the relative subjectivity of it , much less glamorous outcomes ,

and the lack of public interest despite its burden on society .
INTERROG who diagnosed you with spinal issues - which might show how anxiety affects your physical health .

AUXVERB
that being said , many other mental health concerns have overlapping symptoms with adhd including
anxiety and depression .

Peer Data

LEISURE it ’s like jogging with a back back full of bricks .
SEXUAL it seems like everybody here is desired sexually so that must mean you ’re doing something right .

NUMBER
when it came time for homework she set them up with three things to do ( one being homework ) and
had them switch every fifteen minutes .

Table 7: Sample sentences from MHP data with relative entropy marked by highlight color (i.e. darker blue means
higher entropy relative to other words in the sentence). All words in the given LIWC category are marked with a
rounded rectangle.
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Abstract

Pre-trained language models have been widely
used in response generation for open-domain
dialogue. These approaches are built within
4 frameworks: Transformer-ED, Transformer-
Dec, Transformer-MLM and Transformer-AR.
In this study, we experimentally compare them
using both large and small-scale data. This re-
veals that decoder-only architecture is better
than stacked encoder-decoder, and both left-
to-right and bi-directional attention have their
own advantages. We further define two con-
cepts of model discrepancy, which provides
a new explanation to the model performance.
As discrepancies may hinder performance, we
propose two solutions to reduce them, which
successfully improve the model performance.

1 Introduction

It has been shown (Wolf et al., 2019) that lever-
aging a pre-trained Language Model (LM) based
on transformer can achieve excellent performance
for dialogue generation. Different approaches
have been proposed recently, which can be catego-
rized into 4 frameworks: Transformer-ED(Zheng
et al., 2019), an encoder-decoder Transformer,
Transformer-Dec (Wolf et al., 2019; Lin et al.,
2020), Transformer-MLM (Dong et al., 2019) and
Transformer-AR (Bao et al., 2019; Shuster et al.,
2019). The latter three all utilize a decoder-only
architecture. Besides, Trans-Dec uses left-to-right
attention for both source and target side, while
Trans-MLM and Trans-AR employ bi-directional
attention on the source side to encode dialogue his-
tory. Due to this difference, Trans-Dec only utilizes
left-to-right pre-trained models, e.g. GPT-2 (Rad-
ford et al., 2019), while Trans-MLM/AR are based
on the pre-trained models applying bi-directional
attention (on the source side), e.g. BERT (Devlin
et al., 2018). The difference between Trans-MLM
and Trans-AR is that Trans-MLM uses masked

language modeling while Trans-AR uses auto-
regressive objective.

Recent studies have explored pre-training dia-
logue models using large-scale Reddit/Twitter data
(Adiwardana et al., 2020; Roller et al., 2020). It is
then straightforward to fine-tune the models for a
specific dialogue task. However, in practice, there
may not always be enough data for pre-training. In
some cases, we still need to exploit a pre-trained
LM. For example, some studies do further pre-
training for dialogue based on a pre-trained LM
(Zhang et al., 2019; Dong et al., 2019; Bao et al.,
2019; Shuster et al., 2019), and some studies that
do multi-task learning (e.g. on dialogue and ques-
tion answering) can only fine-tune based on a pre-
trained LM (Lin et al., 2020; Zeng and Nie, 2021).
Then, a critical question is how to best exploit a
pre-trained LM for dialogue generation. On this
question, we have contradictory beliefs in the liter-
ature: some researchers believe that Trans-Dec is
appropriate because it uses a left-to-right language
model that corresponds well to the dialogue gen-
eration task (Zhang et al., 2019; Lin et al., 2020),
while some others (Dong et al., 2019; Bao et al.,
2019) show that Trans-MLM/AR fine-tuning BERT
can also achieve state-of-the-art performance.

In this study, we aim to address the above ques-
tion. To do it, we first compare the 4 frameworks
with the same setting on 3 datasets, each with large
and small scale training data. Our results on large-
scale datasets show that Trans-ED that applies the
stacked encoder-decoder architecture does not pro-
duce competitive results against the others that use
a decoder-only architecture. Trans-Dec/AR gener-
ate the most appropriate responses. However, ac-
cording to automatic metrics, Trans-Dec generates
most diverse responses while Trans-AR produce re-
sponses most similar to the ground-truth. This may
be due to the fact that uni-directional attention does
not have constraint from the right side context and
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thus is more flexible, while bi-directional attention
on source side can better model dialogue context.
In contrast, the results on small-scale datasets re-
veal an important aspect, namely, the discrepancies
that may occur between the pre-training and the
fine-tuning processes. We then try to explain the
performances of the 4 frameworks with respect to
the discrepancies.

The concept of model discrepancy has been
briefly mentioned in Yang et al. (2019) to mean
that the model has been trained in a way, but used
in a different way. However, the problem has not
been investigated in depth. In this work, we go
further in this direction and define two discrepan-
cies: pretrain-finetune discrepancy which means
the differences in architecture and loss function be-
tween pre-training and fine-tuning, and finetune-
generation discrepancy which means that the way
the model is used in generation (inference/test) is
different from the way it has been trained. For
the 4 frameworks, except Trans-Dec, they all have
some pretrain-finetune discrepancies. For example,
Trans-AR relies on BERT pre-trained using bidi-
rectional attention, but has to limit it to left-to-right
attention on the target side during fine-tuning. Only
Trans-MLM has finetune-generation discrepancy
because of MLM objective: during training, the
model input has random masks, while in the gener-
ation process, the input does not contain masks.

Discrepancies might affect the model perfor-
mance since models with such discrepancies cannot
best exploit the pre-trained model or employ the
fine-tuned model. Our experiments on small-scale
datasets show that the performance of Trans-AR
that have larger pretrain-finetune discrepancy drops
more sharply than Trans-MLM. Trans-Dec/MLM
that have small pretrain-finetune discrepancy have
clear advantage over other frameworks accord-
ing to human evaluation. It becomes clear that
discrepancies hinder the performance of a dia-
logue model. To alleviate the problems, we pro-
pose 2 approaches to respectively reduce pretrain-
finetune and finetune-generation discrepancies of
Trans-MLM, aiming at improving its performance.
Our experiments show that both methods bring
some improvement. In particular, by eliminating
finetune-generation discrepancy of Trans-MLM,
our approach significantly outperforms previous
methods in most automatic metrics, and achieves
comparable performance to Trans-Dec in human
evaluation that uses much larger dataset for pre-

training. These results confirm that discrepancies
are indeed an important factor that influences the
effectiveness of leveraging a pre-trained LM for a
sequence-to-sequence task, and should be allevi-
ated.

The contributions in this work are as follows:

• We compare the four commonly used frame-
works that utilize pre-trained language mod-
els for open-domain dialogue generation on 3
public datasets each in large and small scale.
and we analyze each framework based on the
experimental results.

• We introduce the concept of pretrain-finetune
discrepancy and finetune-generation discrep-
ancy, and we examine the discrepancies of
each framework.

• We propose two methods to reduce discrep-
ancies1, yielding improved performance. It
is the first investigation that shows explicitly
the phenomenon of model discrepancy and its
impact on performance.

2 Pre-training Based Frameworks

We start with a brief description of the 4 frame-
works for dialogue generation based on pre-trained
models. More details are provided in Appendix A.
We examine the pretrain-finetune discrepancy of
each framework. Figure 1 and Table 1 provide an
overview.

2.1 Trans-ED
Trans-ED discussed in this paper is an encoder-
decoder architecture used by ConvAI2 (Dinan et al.,
2019) champion 2. The decoder of Trans-ED is
stacked upon the encoder outputs, while in other
decoder-only frameworks, all hidden states of the
source side are utilized in the decoding part. The
framework shares the encoder and the decoder and
initializes the parameters with GPT (Radford et al.,
2018). In this case, the pretrain-finetune discrep-
ancy comes from the bi-directional attention in
the encoder since GPT is a left-to-right language
model. This framework is not commonly used for
fine-tuning on a dialogue task. In practice, more
efficient variants of Trans-ED are recently used for
extremely large-scale dialogue pre-training from

1The code is available at: https://github.com/
zengyan-97/Transformer-MLM-DiffFree

2https://github.com/atselousov/
transformer_chatbot
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Figure 1: Architectures of 4 pre-training based Transformers for dialogue generation.

Trans-ED Trans-Dec Trans-MLM Trans-AR
Pre-trained LM GPT GPT-2 BERT BERT
Architecture encoder-decoder decoder-only decoder-only decoder-only
Source Side Attn. bi-directional left-to-right bi-directional bi-directional
Target Side Attn. left-to-right left-to-right left-to-right left-to-right
Objective auto-regressive auto-regressive MLM auto-regressive

Table 1: Key characteristics of the 4 pre-training based Transformers. Characteristics in red are inconsistent
between pre-training and fine-tuning.

scratch. For example, Adiwardana et al. (2020)
utilizes Evolved Transformer to prune redundant
connections, and Roller et al. (2020) employs only
2 encoder layers and 24 decoder layers of standard
Transformer (Vaswani et al., 2017).

2.2 Trans-Dec

Trans-Dec is a left-to-right decoder-only architec-
ture, and it utilizes GPT-2 (Radford et al., 2019).
Thus, there is no pretrain-finetune discrepancy in
terms of architecture and loss function. This frame-
work is widely applied for fine-tuning on a dialogue
task. However, it encodes dialogue history using
only left-to-right attention, which limits the scope
of context, resulting in a partial context modeling.

2.3 Trans-MLM and AR

These two frameworks have an identical decoder-
only architecture that employs different self-
attention masks for the source and target side: they
use bi-directional attention on the source side to en-
code dialogue history and left-to-right attention on
the target side. The only difference between them
is the objective function: Trans-MLM masks some
tokens at the target side and tries to predict them,
while Trans-AR uses auto-regressive objective that
tries to predict the next tokens successively. BERT
is often exploited by the two frameworks, which
is a bi-directional architecture using MLM as the
pre-training objective. Thus, the pretrain-finetune
discrepancy of Trans-MLM/AR comes from the
left-to-right attention on the target side. Addition-
ally, Trans-AR applies the auto-regressive objec-

tive, which is different from the MLM used in the
pre-training.

2.4 Applications of the Frameworks

The four frameworks we described have been
widely applied to dialogue generation. For per-
sonalized response generation, Wolf et al. (2019)
uses Trans-Dec and Zheng et al. (2019) utilizes
Trans-ED. Lin et al. (2019) uses Trans-Dec for
empathetic response generation. Zeng and Nie
(2021) proposes a multi-task learning approach
based on Trans-MLM for conditioned dialogue
generation. Meanwhile, some studies propose to
further pre-train the model using large-scale dia-
logue data based on a pre-trained language model:
Zhang et al. (2019) trains Trans-Dec on 147M Red-
dit data based on GPT-2, Dong et al. (2019) trains
Trans-MLM on natural language understanding and
generation datasets based on BERT, Shuster et al.
(2019) trains Trans-AR on large-scale Reddit data
and then jointly trains on 12 dialogue sub-tasks
based on BERT, and Bao et al. (2019) trains a vari-
ant of Trans-AR on large-scale Reddit and Twitter
data based on BERT. Some recent studies have in-
creased the model size to billions of parameters and
utilize even more training data, e.g. Reddit, to train
a conversational model from scratch (Adiwardana
et al., 2020; Roller et al., 2020; Bao et al., 2020b).

In general, these studies show that all the 4
frameworks can produce good results, and increas-
ing the model size and training data is an effective
method to further improve performance. However,
behind the success story, the question of suitability
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Twitter Ubuntu Reddit
Train Set 2M 1.5M 3M
Valid Set 60K 30K 80K
Test Set 20K 20K 20K

Table 2: Key characteristics of the three public datasets.
For each dataset, we also evaluate model performance
using 100K training data and the same test set.

of a framework is masked. To investigate this ques-
tion, we do not follow the current trend to increase
the model size and training data. Instead, we are
interested in the behaviors of different frameworks
on the same datasets and to understand the reasons.

3 Experiments

3.1 Datasets

We use all the three large-scale unlabeled dialogue
datasets in Shuster et al. (2019). Some important
characteristics of the datasets are summarized in
Table 2. We are interested in the behaviors of the
models in two cases: 1) further pre-training on
large dialogue data based on a pre-trained LM; and
2) fine-tuning on a small dialogue corpus based on
a pre-trained LM. Our large datasets contain a few
million samples, and the small datasets consist of
100K samples3. Although the datasets are smaller
than those used in several previous studies, we
believe that a comparison of different models on
the same data, and the contrast between large and
small datasets, can reveal interesting trends, which
we will explain with respect to discrepancies.

Specifically, we choose the following 3 datasets:
Twitter Dialogue Corpus 4 is collected from Twit-
ter consisting of 2.6M (message, response) pairs.
We filtered out samples with history length longer
than 72 words (to limit the computation) or shorter
than 6 words (not enough information). Sam-
ples whose response is longer than 36 words or
shorter than 6 words are also removed. As a re-
sult, 2M samples are kept. Reddit Conversational
Corpus 5(Dziri et al., 2019) is a 3-turn conversa-
tional dataset collected from 95 selected subreddits.
Ubuntu Dialogue Corpus V2.0 6 (Lowe et al.,
2017) contains two-person conversations extracted

3Labeled datasets such as persona (Zhang et al., 2018) and
emotion (Rashkin et al., 2019) are usually in similar scale.

4https://github.com/Marsan-Ma-zz/chat_
corpus

5https://github.com/nouhadziri/THRED
6https://github.com/rkadlec/

ubuntu-ranking-dataset-creator

from the Ubuntu chat logs of technical support for
various Ubuntu-related problems.

3.2 Implementation Details

We use open-source implementations for all four
frameworks. Only minor adaptations (e.g. for
data loading) have been made. The pre-trained
language models used by these frameworks in pre-
vious studies have comparable number of param-
eters (∼ 110M), while the pre-training data are in
different scales: Trans-ED < Trans-MLM/AR <
Trans-Dec. We assume that the difference is trivial
when there are millions of dialogue data. In this
study, we use the same data for all the frameworks.
More implementation details of each framework
and the full comparison among pre-trained LM are
given in Appendix C.

We also equip all frameworks with an identical
decoding script7 to avoid extra factor affecting the
generation quality, which uses beam search with
beam size of 4, prevents duplicated uni-grams, and
sets minimum response length that encourages di-
verse generation as in Roller et al. (2020). The
minimum response length is set to make the av-
erage length of generated responses match with
the average target length of the dataset. Genera-
tion results are evaluated after applying an identical
word tokenization method. With two P100 GPU
devices, the maximum input length is set to 128,
and we fine-tune all models for 6 epochs and ap-
ply early stopping based on the performance on
validation set. Our methods (PF-free and FG-free,
which will be described in Section 4.1) do not add
parameters or increase runtime in comparison with
Trans-MLM.

3.3 Evaluation

Automatic Metrics We compare the similarity
between generated responses and ground-truth re-
sponses using8: BLEU (Papineni et al., 2002) eval-
uating how many n-grams (n=1,2,3) overlapped;
CIDEr (Vedantam et al., 2015) utilizing TF-IDF
weighting for each n-gram. Besides, we evaluate re-
sponse diversity using Distinct (denoted Dist) (Li
et al., 2016) that indicates the proportion of unique
n-grams (n=1,2) in the entire set of generated re-
sponses.

7https://github.com/microsoft/unilm/
8We use an open-source evaluation tool: https://

github.com/Maluuba/nlg-eval
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Model BLEU-1 BLEU-2 BLEU-3 CIDEr Dist-1 Dist-2 avgLen
SEQ2SEQ-MMI 10.872 (**) 4.555 (**) 2.259 (/) 0.119 (/) 0.008 (**) 0.028 (**) 10.6
Trans-ED 15.319 (**) 4.877 (**) 2.037 (**) 0.097 (**) 0.014 (**) 0.063 (**) 19.0
Trans-Dec 14.363 (**) 4.861 (**) 2.120 (*) 0.101 (**) 0.031 (**) 0.178 (/) 19.9
Trans-MLM 13.749 (**) 4.253 (**) 1.715 (**) 0.061 (**) 0.018 (**) 0.106 (**) 29.3
Trans-AR 15.694 5.221 2.272 0.119 0.029 0.164 18.9
FG-free 15.659 (/) 5.176 (/) 2.200 (/) 0.112 (/) 0.027 (**) 0.147 (*) 18.7
Trans-ED 14.813 (**) 4.249 (**) 1.330 (**) 0.066(**) 0.001 (**) 0.004 (**) 18.4
Trans-Dec 13.805 (**) 4.407 (**) 1.787 (**) 0.092(*) 0.033 (**) 0.195 (**) 20.2
Trans-MLM 15.487(**) 4.766(**) 1.814(**) 0.092 (*) 0.016(**) 0.080(**) 19.7
Trans-AR 15.213 (**) 4.700 (**) 1.767 (**) 0.090(**) 0.019(**) 0.091(**) 18.8
PF-free 15.880 (*) 4.970 (*) 1.868 (*) 0.093 (*) 0.022 (**) 0.114 (*) 15.7
FG-free 16.395 5.218 2.043 0.101 0.026 0.129 16.2
PF&FG-free 15.714 (*) 4.916 (*) 1.780 (**) 0.093 (*) 0.020 (**) 0.111 (*) 18.4

Table 3: Evaluation results on large-scale (upper half) and small-scale (lower half) Twitter dataset. PF-free denotes
the method with reduced pretrain-finetune discrepancy of Trans-MLM. FG-free denotes the method that eliminates
finetune-generation discrepancy of Trans-MLM. Two-sided t-test compares each method with the one without ()
sign, which is usually the best performer. Scores are denoted with * (p < 0.05) or ** (p < 0.01) for statistically
significant differences, and / for insignificant differences.

Model BLEU-1 BLEU-2 BLEU-3 CIDEr Dist-1 Dist-2 avgLen
SEQ2SEQ-MMI 12.056(**) 5.512(**) 2.841(**) 0.142(**) 0.005(**) 0.024(**) 9.8
HRED-MMI 13.518(**) 4.564(**) 1.947(**) 0.060(**) 0.001(**) 0.003(**) 13.6
Trans-ED 19.295(/) 6.712(**) 2.986(*) 0.125(**) 0.010(**) 0.069(**) 16.8
Trans-Dec 18.974(*) 6.911(/) 3.022(*) 0.130(*) 0.018(**) 0.134(**) 18.0
Trans-MLM 17.574(**) 5.884(**) 2.552(**) 0.096(**) 0.012(**) 0.097(**) 25.5
Trans-AR 20.103 7.270 3.339 0.143 0.017 0.127 16.8
FG-free 19.774 (/) 7.045 (/) 3.213 (/) 0.139 (/) 0.016 (*) 0.115 (/) 17.7
Trans-ED 14.195(**) 4.533(**) 1.756(**) 0.074(**) 0.003(**) 0.012(**) 16.3
Trans-Dec 17.944(**) 6.360(*) 2.727(*) 0.121(/) 0.018(**) 0.143(**) 18.3
Trans-MLM 18.338(*) 6.018(**) 2.480(**) 0.108(**) 0.011(**) 0.066(**) 17.0
Trans-AR 19.005 (*) 6.431 (/) 2.733 (*) 0.114(*) 0.012(**) 0.078(**) 17.4
PF-free 19.116 (*) 6.356 (*) 2.684 (*) 0.118 (/) 0.012 (**) 0.086 (*) 16.7
FG-free 18.884 6.530 2.869 0.125 0.014 0.095 17.3
PF&FG-free 19.024 (*) 6.448 (/) 2.740 (*) 0.118 (/) 0.012 (**) 0.087 (*) 17.1

Table 4: Evaluation results on large-scale (upper half) and small-scale (lower half) Ubuntu dataset.

Human Evaluation Furthermore, we ask human
evaluators to rate a response in {0, 1, 2}. 2 repre-
sents a coherent and informative response. Details
are given in Appendix D. We also do a pair-wise
evaluation to compare two models and indicate
which one is better. To reduce time cost, we only
perform human evaluations on Twitter and Reddit
datasets that are closer to daily dialogue. However,
during evaluation, we observe that ∼ 65% Reddit
data are professional discussions that are difficult to
understand. The percentage is ∼ 30% for Twitter
data. These test samples are discarded, and at the
end the test set for each dataset consists of 200 ran-
dom samples. The inter-rater annotation agreement
in Cohen’s kappa (Cohen, 1960) is 0.44 and 0.42
for Twitter and Reddit, which indicates moderate
agreement.

In addition to the 4 frameworks, we also in-
clude two general RNN-based baseline frameworks
– SEQ2SEQ-MMI (Li et al., 2016) and HRED-MMI

(Serban et al., 2016) to show how pre-trained mod-
els perform against them.

3.4 Architecture Analysis

We first examine architecture appropriateness on
the large-scale data setting, since when data are lim-
ited pretrain-finetune discrepancy and the size of
pre-training data may strongly influence the results.
Appendix E shows some generation samples. Our
global observation is that Trans-Dec and Trans-AR
are the best choice for large-scale data setting, e.g.
further dialogue pre-training based on a pre-trained
LM.

Left-to-Right Only vs. Bi-Direction on the
Source Human evaluation results in response ap-
propriateness (Table 6 and 7) show that Trans-Dec
and Trans-AR generate most appropriate responses.
According to automatic metrics, Trans-AR apply-
ing bi-directional attention on the source side ob-
tains the highest BLEU and CIDEr scores on all
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Model BLEU-1 BLEU-2 BLEU-3 CIDEr Dist-1 Dist-2 avgLen
SEQ2SEQ-MMI 15.550(**) 6.814(**) 3.321(**) 0.168(**) 0.011(**) 0.036(**) 11.2
HRED-MMI 13.278(**) 3.845(**) 1.398(**) 0.047(**) 0.001(**) 0.003(**) 13.8
Trans-ED 17.946(/) 6.626(**) 3.213(**) 0.165(**) 0.039(**) 0.203(**) 18.8
Trans-Dec 17.581(**) 6.790(*) 3.372(*) 0.180(**) 0.043(/) 0.248(**) 18.2
Trans-MLM 18.672(**) 7.115(**) 3.484(/) 0.177(**) 0.041(**) 0.215(**) 16.8
Trans-AR 18.849 7.245 3.662 0.192 0.044 0.235 16.8
FG-free 18.741 (/) 7.134 (**) 3.504 (*) 0.184 (*) 0.042 (**) 0.225 (**) 17.0
Trans-ED 17.337(**) 5.366(**) 1.967(**) 0.073(**) 0.001(**) 0.003(**) 17.1
Trans-Dec 17.460(**) 6.586(**) 3.161(*) 0.172(/) 0.045(/) 0.254(**) 17.7
Trans-MLM 19.193 (/) 6.877 (/) 3.175(*) 0.152(**) 0.029(**) 0.128(**) 15.0
Trans-AR 18.749(/) 6.746(/) 3.119(*) 0.153(**) 0.031(**) 0.141(**) 16.2
PF-free 18.466 (/) 6.688 (*) 3.075 (*) 0.169 (*) 0.038 (/) 0.180 (*) 14.1
FG-free 18.610 6.937 3.302 0.175 0.040 0.191 14.1
PF&FG-free 19.302 (*) 6.923 (/) 3.073 (*) 0.159 (**) 0.034 (*) 0.164 (**) 15.3

Table 5: Evaluation results on large-scale (upper half) and small-scale (lower half) Reddit dataset.

Model Score (M) Score (K)
SEQ2SEQ-MMI 0.39 -
Trans-ED 0.53 0.11
Trans-Dec 1.02 0.77
Trans-MLM 0.88 0.58
Trans-AR 0.99 0.47
PF-free - 0.52
FG-free 0.91 0.78
PF&FG-free - 0.72

Trans-Dec (M) FG-free (K)
SEQ2SEQ-MMI (11%, 48%) -
Trans-ED (14%, 46%) (4%, 47%)
Trans-Dec / (24%, 29%)
Trans-MLM (24%, 34%) (18%, 31%)
Trans-AR (27%, 32%) (17%, 34%)
PF-free - (18%, 38%)
FG-free (28%, 32%) /
PF&FG-free - (23%, 29%)

Table 6: Human evaluation including pair-wise eval-
uation (lower half) for generated response quality for
million-scale (M) Twitter dataset and its 100K training
subset (K). Pair-wise comparisons show the wining per-
centages of the two parties.

three million-scale datasets. We believe that bi-
directional attention helps the model to better en-
code the dialogue history. In contrast, Trans-Dec
is able to generate the most diverse responses. We
attribute it to the left-to-right attention that intro-
duces less constraints than bidirectional attention,
thus has a higher flexibility for generation.

Trans-MLM vs. AR With large data, Trans-
AR substantially outperforms Trans-MLM in terms
of both automatic and human evaluation. When
eliminating the finetune-generation discrepancy of
Trans-MLM, i.e. FG-free (we will introduce in Sec-
tion 4.2), the performance is improved while still
having a small gap especially in automatic metrics
to Trans-AR. This may be because MLM objective
only masks a certain percentage of tokens (40%)

Model Score (M) Score (K)
SEQ2SEQ-MMI 0.12 -
Trans-ED 0.33 0.10
Trans-Dec 0.58 0.43
Trans-MLM 0.48 0.38
Trans-AR 0.64 0.31
PF-free - 0.28
FG-free 0.68 0.40
PF&FG-free - 0.33

FG-free (M) Trans-Dec (K)
SEQ2SEQ-MMI (5%, 40%) -
Trans-ED (11%, 33%) (2%, 28%)
Trans-Dec (25%, 32%) /
Trans-MLM (18%, 29%) (15%, 19%)
Trans-AR (18%, 23%) (15%, 23%)
PF-free - (15%, 24%)
FG-free / (23%, 24%)
PF&FG-free - (16%, 24%)

Table 7: Human evaluation on Reddit dataset.

while AR objective predicts all tokens on the target
side for training. Thus, the AR objective is more
training-efficient. Similar observation about the
efficiency of MLM has been reported in Clark et al.
(2020). However, when training data are limited,
we will show that it is better to use MLM objective
which has smaller pretrain-finetune discrepancy.

Trans-ED vs. Decoder-Only With large dia-
logue data, we assume the size of pre-training data
and pretrain-finetune discrepancy only have small
influence on performance. However, even compar-
ing with Trans-MLM(FG-free)/AR, Trans-ED gen-
erates much less diverse or appropriate responses.
We also observe lower speed for convergence when
training the model 9. We believe that the result is
more or less due to the main difference in archi-
tecture: an explicit encoder in Trans-ED might be

9Similar observation has been reported in: https:
//github.com/atselousov/transformer_
chatbot/issues/15

4486



redundant (Liu et al., 2018).

3.5 Discrepancy Impact

In section 2, we have discussed the pretrain-
finetune discrepancy of each framework. When
a large training dataset is available, the impact of
pretrain-finetune discrepancy is less severe since
the model can be gradually adapted to the given
task. However, if the training data are limited, the
discrepancy problems may surface. Evaluation re-
sults, especially in human evaluation, show that the
performance is more reduced with small data if the
framework has larger discrepancy. For example,
by comparing Trans-MLM (FG-free) and Trans-
AR, the latter having additional pretrain-finetune
discrepancy due to its auto-regressive objective,
we see that the performance of Trans-AR drops
more when trained on a small dataset. Trans-MLM
(FG-free) and Trans-Dec that have small pretrain-
finetune discrepancy have clear advantage over
other frameworks according to human evaluation.

These results suggest that with a small dataset
one should reduce pretrain-finetune discrepancy to
best exploit pre-trained LM. In the next section,
we propose 2 methods to reduce pretrain-finetune
discrepancy and finetune-generation discrepancy
of Trans-MLM.

4 Discrepancy-Free Trans-MLM

4.1 Pretrain-Finetune Discrepancy

The discrepancy of Trans-MLM comes from the
left-to-right attention on the target side that has not
been pre-trained in BERT. Therefore, this discrep-
ancy cannot be eliminated during fine-tuning for
a generation task. However, we can alleviate the
discrepancy by using bi-directional attention also
on the target side. Specifically, at inference time,
to generate a new token denoted as gt, [MASK] is
fed into t-th position, denoted as gt-M. Previously
generated tokens g<t could be viewed as a special
type of dialogue history, and thus we can apply
bi-directional attention on it.

However, in this case, the corresponding train-
ing process will have efficiency problems – only
one token can be masked in each training sam-
ple; otherwise, there will be conflict for the self-
attention mask (Appendix B). This would lead to
much lower training efficiency: the loss on valida-
tion set only decreases slightly to 5.39 from 6.27
after four epochs, while Trans-MLM masking 40%
of the target tokens can reduce it to 4.35. To avoid

Figure 2: The generation process of PF-free at 4 differ-
ent time steps. Bi-attention interval is 3 in the graph.

this situation, we cannot always update previous
hidden states using bi-directional attention in gen-
eration. Therefore, we explore to set a time-step
interval for bi-directional attention on the target
side – within the interval we apply left-to-right
attention and at the end of an interval we apply bi-
directional attention. The corresponding training
method allows us to mask multiple target tokens at
the same time to guarantee training efficiency.

Figure 2 illustrates the generation process of our
method with interval of 3. Before time step 3,
left-to-right attention is used (e.g. t=2). At time
step 3, bidirectional attention is allowed. Then
left-to-right attention is used (e.g. t=5) before the
end of next interval cycle (t=6). Accordingly, the
training process is: given a target response, we first
randomly select among all (3 in the figure because
t=3 and t=5 are the same pattern) possible attention
patterns (e.g. the case of t=3 or t=5 in Figure 2,
where we apply bi-directional attention only on
y0,1,2); then in the part of left-to-right attention,
we randomly mask several tokens. We can mask
multiple tokens because this part applies left-to-
right attention and the masks at other positions will
not influence the prediction on a given mask. We
call this method PF-free, which means that the
pretrain-finetune discrepancy is reduced.

4.2 Finetune-Generation Discrepancy

A model having finetune-generation discrepancy
means the way that it is used in generation (in-
ference/test) is different from the way it has been
trained. Only Trans-MLM has finetune-generation
discrepancy because of its MLM objective as
shown in Figure 3: during training, there is a
masked token, y1-M, before y2-M, while in in-
ference there is not a masked token before when
generating the token for g2-M.
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Figure 3: The training process of vanilla Trans-MLM
and FG-free. We only plot the attention connection at
the second position.

To deal with the problem, we propose that at
training time, rather than replacing the tokens with
[MASK] as in vanilla MLM, we keep all origi-
nal input tokens unchanged and prepend [MASK]
tokens in the input sequence as illustrated. The
prepended [MASK] token uses the same position
embedding of the corresponding token. Then, ev-
ery position after y1-M attends to y1 instead of the
[MASK] token, and thus the finetune-generation
discrepancy of MLM is eliminated. We call the
modified model FG-free. A similar method has
also been explored in (Bao et al., 2020a), where
they introduced an extra pseudo mask in addition to
[MASK] and prepend it before the original token in
order to handle factorization steps of their partially
auto-regressive language model.

4.3 Experimental Results
The results with PF-free, FG-free and PF&FG-free
models on small-scale datasets are reported in pre-
vious tables together with other models. We can
see that each of the proposed methods brings some
improvement. PF-free improves most automatic
metrics over Trans-MLM, but the response appro-
priateness in human evaluation is not improved.
We observe that PF-free could generate some re-
sponses that lack fluency, which also influences
PF&FG-free (Appendix E). In general, our explo-
ration shows that the left-to-right attention on the
target side is necessary for a generative task.

We examine our FG-free method on both large
and small-scale data. It always brings statistically
significant improvement over Trans-MLM in all au-
tomatic metrics, and generates more appropriate re-
sponses. On small-scale datasets, it outperforms all
other frameworks in similarity metrics and achieve
comparable performance in response appropriate-
ness to Trans-Dec that has leveraged much more

pre-training data.
This set of experimental results confirm the use-

fulness of reducing discrepancies in the model.
This demonstrates that model discrepancies are in-
deed important problems we need to address when
a pre-trained LM is used for dialogue generation,
and the problems have been under-explored.

Conclusion

In this paper, we examined the 4 frameworks for
open-domain dialogue based on pre-trained mod-
els. We compared their performances on several
datasets with the same setting. The comparison
revealed that Trans-Dec and Trans-AR are both
good choices when large-scale data are available,
e.g. further dialogue pre-training. When data are
limited, e.g. fine-tuning on small dialogue tasks,
Trans-Dec is the most appropriate.

Furthermore, we defined the concept of pretrain-
finetune and finetune-generation discrepancy, and
examined the 4 frameworks with respect to these
concepts. We have shown that the performances
of the 4 frameworks can be largely explained by
their respective discrepancies, which hinder their
performances. This becomes more clear when the
dataset is small.

To further show that reducing the discrepancies
can improve the performance, we designed PF-free
and FG-free correction methods to reduce the dis-
crepancies on Trans-MLM, and tested the corrected
Trans-MLM models on the datasets. Our results
confirmed that once discrepancies are eliminated,
Trans-MLM can produce better results.

This study is the first investigation on the widely
used 4 frameworks based on pre-trained LM in
terms of architectural appropriateness and discrep-
ancies. We believe that this question is important
to understand how a pre-trained model can be used
in dialogue generation. It deserves more investiga-
tions in the future.
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Figure 4: i-th Transformer Block and two M settings
represented in two ways. Shaded areas are blocked.

A Multi-Layer Transformer

In this section, we provide some background knowl-
edge on Transformer. The four frameworks we dis-
cussed all consist of 12 Transformer blocks. Figure
4 (a) shows a general architecture of a Transformer
layer, where the most important component is the
masked multi-head self-attention. The setting of
attention masks is the largest difference between
Trans-Dec and Trans-AR, and it is also the most
critical part to implement our PF-free and FG-free
methods.

The input representation H0 ∈ Rn×dh , where
n is the input length and dh = 768 is the hid-
den dimension, is the sum of token embedding,
position embedding, and type embedding at each
position. Then, H0 is encoded into hidden rep-
resentations of i-th layer Hi = [hi1, ...,h

i
n] by:

Hi = Transi(Hi−1), i ∈ [1, L], where Transi

denotes the i-th Transformer Block as shown in
Figure 4 (a). The core component of a transformer
block is the masked multi-head attention, whose
outputs are Ci = [ci1, ..., c

i
n] that are computed via

Ci = Concat(head1, ...,headh), with

headj = softmax(
QjK

T
j√

dk
+M)Vj (1)

where Qj ,Kj ,Vj ∈ Rn×dk are obtained by trans-
forming Hi−1 ∈ Rn×dh using WQ

j ,W
K
j ,W

V
j ∈

Rdh×dk respectively. M ∈ Rn×n is the self-
attention mask matrix that determines whether
a position can attend to other positions. Mij ∈
{0,−∞}. In particular, Mij = 0 allows the i-th
position to attend to j-th position and Mij = −∞
prevents from it. Figure 4 (b&c) shows two M
settings that are applied by Trans-MLM/AR and
Trans-Dec respectively.

Figure 5: Self-attention mask, M, conflicts – (a) if
predicting y1, y2 and y3-M are ”future” and forbid-
den to be accessed by y1-M; (b) if predicting y3, y1-
M accesses to y2 and y3-M, which causes conflicts to
M(a); (c) if forbidding y1-M to access to y2 and y3-M
in M(b), there will still be (indirect) information leak
as indicated in red arrows (y2 and y3-M → y0 → y1-
M). Masking two positions thus causes conflicts. Our
PF-free method aims to overcome this problem.

B Illustration of Attention Conflict

If applying bi-directional attention at each gener-
ation step, only one token at the target side could
be masked for each training sample; otherwise
there will be attention conflicts, i.e. different self-
attention mask matrices are required for different
masked tokens, while only one mask matrix can
be provided per training sample. In Figure 5, we
provide an illustration of the mask conflict problem.
We assume y1 and y3 are masked and need to be
predicted at the same time. We see in the figure that
two different masks are required for predicting y1
and y3, which cannot be done in a single training
step, making it impossible to mask more than one
token in each step.

C Implementation Details

For the 4 frameworks, we used open-source im-
plementations. Only some minor adaptations to
our data and task are made (e.g. re-wrote the data
loader to load our experimental datasets, and mod-
ified the training objective by keeping only the
response reconstruction loss). For response genera-
tion, we equipped all frameworks with an identical
decoding script 10. We did not modify other parts,
and used the default settings for hyper-parameters,
e.g. optimizer and learning rate. Some genera-
tion examples are given in Appendix E. Although
some models (e.g. Trans-ED) produced poor per-

10https://github.com/microsoft/unilm/
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Model Pre-trained LM Data
Trans-ED GPT (Radford et al., 2018) BooksCorpus
Trans-Dec GPT-2 small (Radford et al., 2019) WebText
Trans-MLM/AR BERT base (Devlin et al., 2018) BooksCorpus, English Wikipedia

Table 8: The text data used for language model pre-training.

formance on small datasets, all model can generate
some coherent and fluent responses with large scale
training data, which is consistent with the perfor-
mances reported in previous papers.

Language Models The pre-trained language
models used by these frameworks have comparable
number of parameters as listed in Table 9, while the
pre-training data are in different scales as described
in Table 8. BooksCorpus (Zhu et al., 2015) (800M
words) contains over 7,000 unique unpublished
books from a variety of genres. English Wikipedia
(2,500M words) consists of the text passages of
Wikipedia extracted by Devlin et al. (2018). Web-
Text crawled by Radford et al. (2019) contains 8M
diverse documents for a total of 40 GB of text.

Trans-ED We use the implementation of Con-
vAI2 champion 11. The model was for persona-
conditioned dialogue generation. The framework
is based on GPT architecture and uses GPT for
parameter initialization. However they only pro-
vide a model checkpoint that has been fine-tuned
on large-scale dialogue data including Reddit. To
examine the ability of utilizing pre-trained LM, we
did not use this checkpoint but initialize the model
with GPT parameters 12. We also did not apply
post-processing to the generation results (to be con-
sistent with other experiments).

Trans-Dec We use the released code of Wolf
et al. (2019)13 that uses GPT-2 small by default.
The model was for persona-conditioned dialogue
generation.

Trans-MLM/AR These two models are imple-
mented based on Dong et al. (2019) 14 that applies
multi-task learning on language understanding and
generation tasks. We use BERT (base, uncased)

11https://github.com/atselousov/
transformer_chatbot

12https://github.com/openai/
finetune-transformer-lm/tree/master/
model

13https://github.com/huggingface/
pytorch-openai-transformer-lm

14https://github.com/microsoft/unilm/
tree/master/unilm-v1

Model Params Runtime
SEQ2SEQ-MMI 66M 50
HRED-MMI 58M 25
Trans-ED 117M 180
Trans-Dec 117M 290
Trans-MLM 110M 140
Trans-AR 110M 140
PF&FG-free 110M 140

Table 9: The number of parameters of each tested ap-
proach and the average runtime (minutes) for every mil-
lion training samples. The runtime is tested using a
1080Ti GPU device, and the batch size is set to take
all of the GPU memories. Notice that the runtime will
be influenced by code implementation in addition to
model structure.

for parameter initialization, and fine-tune it on dia-
logue datasets. PF-free and FG-free are also imple-
mented based on the code. We set the bi-directional
attention interval of PF-free to 5. Since the average
length of ground-truth responses in the datasets is
∼ 15, This setting is generally appropriate.

D Human Evaluation Details

Some existing studies considered response fluency,
coherence, and informativeness. We make the man-
ual evaluation simpler and ask the human evalua-
tors to rate a response in {0, 1, 2}. A score of 0
represents an unacceptable response, which might
have flaw in fluency and logic or be incoherent.
Special cases are for example completely coping
from the dialogue history as the output, and a bland
response such as “i do not know what you are talk-
ing about , but it ’s a good point .”. A score of 1
represents an acceptable response, but it is generic
or not perfectly coherent to the dialogue history. 2
represents a coherent and informative response.

E Generation Examples
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Dialogue History one week before election day , early voting is nearly twice as high as <num>
Gold Response i hope it ’s <person> out in full force .
SEQ2SEQ-MMI i am not voting for a third party candidate . (1)
Trans-ED i am not sure what you are talking about , but it ’s a good thing that <person> is going to win . (1)
Trans-Dec that ’s not true . early voting in nyc is times higher than the national average (2)
Trans-MLM it ’s not even close to <num> % of the vote . i am sure you are right , but there is a huge difference

between early voting and <person> voter suppression in ca (1)
Trans-AR it ’s not that high , but i am sure there will be a lot of voter fraud . (2)
FG-free it ’s not even close to <num> yet , but i am sure the polls will show up . (2)
Trans-ED (K) i am not sure what you are talking about . it ’s the only one who is going to do with this (0)
Trans-Dec (K) it ’s not that early voting is a bad thing , but it shouldnot be the case . (0)
Trans-MLM (K) it ’s a little too late . i am not sure if that is the case , but we will see what happens next (2)
Trans-AR (K) it ’s not even close to <num> % of voter turnout . i am sure you are right about that (0)
PF-free (K) <num> % of people voted for <person> , so i am going to vote (2)
FG-free (K) it ’s not even close to <num> % of voter turnout , but i am sure there are more . (2)
PF&FG-free (K) it ’s not even <num> % of the vote . i am going to be a voter (2)

Table 10: Responses generated by baselines and our methods trained on the Twitter dataset(million-scale and
100K). Human evaluation scores are given at the end of each generated reply.

Dialogue History i think about this man every day
Gold Response it is so hypnotic . this man was found dead post-election
SEQ2SEQ-MMI i do not know what you are talking about . (0)
Trans-ED i think he ’s the only one who has a lot of work to do with it . (1)
Trans-Dec i think about this man every day too . he ’s my favorite person in the world (2)
Trans-MLM he ’s such a good guy . i love him so much, but it doesnot make sense to me that this is the only way

we can be together in our lives (2)
Trans-AR i think about this man every day too . he ’s so good at it ! (2)
FG-free he ’s such a good guy . i am so happy for him and his family (2)
Trans-ED (K) i am not sure what you are talking about , but it ’s a good idea . (0)
Trans-Dec (K) i think about this man every day . he ’s my hero and i love him (2)
Trans-MLM (K) i think he ’s a great actor , but no one cares about him . lol (2)
Trans-AR (K) i think he ’s a good guy , but not sure what you are talking about . (0)
PF-free (K) i think he ’snitch . it makes me happy to watch him (0)
FG-free (K) he ’s a great guy . i am so happy to have him back (2)
PF&FG-free (K) i think he is little silly , but you are a fool . (2)

Table 11: Responses generated by baselines and our methods trained on the Twitter dataset(million-scale and
100K). Human evaluation scores are given at the end of each generated reply.

Dialogue History how old are you guys ? you did not have mechanical pencils ? [SEP] <url> young are you ?
i was in school all the way up to a few years ago and most of us still used non - mechanical ones .

Gold Response i started using mechanical pencil in elementary school about 15 years ago .
SEQ2SEQ-MMI i do not know what you are talking about . (0)
Trans-ED how old are you ? i was in school all the way up to a few years ago . (0)
Trans-Dec i was in school all the way up to a few years ago and most of us still used non - mechanical ones . (0)
Trans-MLM i was in school for a few years , and most of us still use mechanical pencils . it ’s not the same age

as you (2)
Trans-AR i was in high school when we used to use mechanical pencils . (2)
FG-free how old are you ? i was in high school and still use mechanical pencils . (2)
Trans-ED (K) i do not know what you are talking about , but it ’s just a joke . (0)
Trans-Dec (K) i was in school all the way up to a few years ago and most of us still used non - mechanical ones . (0)
Trans-MLM (K) i have been in school for a few years , but not really . (0)
Trans-AR (K) how old are you ? i have never been in school for a few years . (0)
PF-free(K) how old are you ? i am not really a mechanical engineer . ! (1)
FG-free (K) how old are you ? i have never had a mechanical pencil . (2)
PF&FG-free (K) how old are you ? i have never had a lot of time in school (2)

Table 12: Responses generated by baselines and our methods trained on the Reddit dataset(million-scale and
100K). Human evaluation scores are given at the end of each generated reply.
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Dialogue History i have read all of the books , which character do you not like ? [SEP] it ’s gon na be the dornish
and greyjoys . and probably brienne . you will see .

Gold Response nah , they have only just started a game of thrones so it must be one of the starks , dan , or tyrion .
SEQ2SEQ-MMI i do not know why you are being downvoted . (0)
Trans-ED i have read all of the books , and it ’s gon na be dornish . (2)
Trans-Dec i have not read the books yet , but i will definitely check them out . (2)
Trans-MLM i have not read the dornish and greyjoys , but you will see them all as well . (1)
Trans-AR brienne is not a fictional character , she ’s an actual person . (2)
FG-free i have read all of the dornish and greyjoys . (1)
Trans-ED (K) i am not sure what you are talking about , but it ’s just a joke . (0)
Trans-Dec (K) i do n’t know , i have read all of the dornish books . (1)
Trans-MLM (K) i do not think it ’s a good idea to say that . (0)
Trans-AR (K) i do not think it ’s gon na be the best . (0)
PF-free (K) i am not sure what you are talking about here ’s a link . (0)
FG-free (K) i do not think it ’s gon na be . (1)
PF&FG-free (K) i do not know , but it ’s a lot of people ? (1)

Table 13: Responses generated by baselines and our methods trained on the Reddit dataset(million-scale and
100K). Human evaluation scores are given at the end of each generated reply.

Dialogue History is that easy to do ? [SEP] usually the ubuntu installer will set it up perfectly for you
Gold Response and then i would select at start-up ?
SEQ2SEQ-MMI how do i install it ?
HRED-MMI i am not sure what you mean by that
Trans-ED is there a way to do it without installing the ubuntu installer ? i am not sure .
Trans-Dec ok , i will try that . thanks for the help ! :-) it ’s working now
Trans-MLM is there a way to do it with the live cd ? i am not sure if that ’s what you are looking for , but how

does one install ubuntu on
Trans-AR ok , i will give it a try . thank you very much for your help !
FG-free is there a way to do it from the command line ? i am not sure what you mean
Trans-ED (K) i am not sure what you mean by that , but it ’s just a little bit more specific
Trans-Dec (K) ok , i will try that . thanks for your help ! :-) <url>
Trans-MLM (K) i am not sure what you mean by that , but it ’s a good idea .
Trans-AR (K) i am not sure what you are talking about , but it ’s possible that the installer will be able to boot from cd
PF-free (K) i am not sure what to do ? it ’ s just a file in the repos
FG-free (K) i do not think it ’ s a good idea to install ubuntu on my laptop
PF&FG-free (K) i am not sure what you mean by setting it up perfectly . is there a way to do that ?

Table 14: Responses generated by baselines and our methods trained on the Ubuntu dataset(million-scale and
100K).

Dialogue History usually if on the same machine , <url> [SEP] : i am getting error . phpmyadmin not in this server
Gold Response you installed it from the software center , or with aptitude or apt-get , or some other way ?
SEQ2SEQ-MMI what is the error you are getting ?
HRED-MMI i have no idea what you are talking about
Trans-ED i am not sure what you are trying to do , but it ’s a good idea .
Trans-Dec did you install phpmyadmin from the repos ? if so , it should be in <path>
Trans-MLM i am not sure what you are trying to do , but it should be in <path> . try sudo dpkg -

reconfigure phpmyadmin
Trans-AR i am not sure what you are trying to do , but it ’s possible .
FG-free i am not sure what you are trying to do , but it ’ s usually in <path>
Trans-ED (K) i am not sure what you mean by ” phpmyadmin <path>
Trans-Dec (K) i am not sure what phpmyadmin is , but it ’s probably in <path>
Trans-MLM (K) i am not sure what you mean by ” phpmyadmin - > <path> . <url>
Trans-AR (K) i do not know what phpmyadmin is , but it ’s in the repos
PF-free (K) it ’ s not in this server . i am trying to get phpmyadmin working
FG-free (K) phpmyadmin is not in the same machine , it ’ s just a server .
PF&FG-free (K) i am not sure if it ’s on the same machine , you can use phpmyadmin

Table 15: Responses generated by baselines and our methods trained on the Ubuntu dataset(million-scale and
100K).
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Abstract

ELECTRA (Clark et al., 2020a) pretrains a dis-
criminator to detect replaced tokens, where
the replacements are sampled from a gener-
ator trained with masked language modeling.
Despite the compelling performance, ELEC-
TRA suffers from the following two issues.
First, there is no direct feedback loop from dis-
criminator to generator, which renders replace-
ment sampling inefficient. Second, the gen-
erator’s prediction tends to be over-confident
along with training, making replacements bi-
ased to correct tokens. In this paper, we
propose two methods to improve replacement
sampling for ELECTRA pre-training. Specif-
ically, we augment sampling with a hardness
prediction mechanism, so that the generator
can encourage the discriminator to learn what
it has not acquired. We also prove that the ef-
ficient sampling reduces the training variance
of the discriminator. Moreover, we propose
to use a focal loss for the generator in order
to relieve oversampling correct tokens as re-
placements. Experimental results show that
our method improves ELECTRA pre-training
on various downstream tasks. Our code and
pre-trained models will be released at: https:
//github.com/YRdddream/electra-hp

1 Introduction

One of the most successful language model pre-
training tasks is masked language modeling (MLM;
Devlin et al. 2019). First, we randomly mask some
input tokens in a sentence. Then the encoder learns
to recover the masked tokens given the corrupted
input. ELECTRA (Clark et al., 2020a) argues that
MLM only produces supervision signals at a small
proportion of positions (usually 15%), and uses
the replaced token detection task as an alternative.
Specifically, ELECTRA contains a generator and a
discriminator. The generator is a masked language

∗Contribution during internship at Microsoft Research.

model, which substitutes masks with the tokens
sampled from its MLM predictions. The discrimi-
nator learns to distinguish which tokens have been
replaced or kept the same. Experimental results on
downstream tasks show that ELECTRA can largely
improve sample efficiency.

Despite achieving compelling performance, it
is usually difficult to balance the training pace be-
tween the generator and the discriminator. Along
with pre-training, the generator is expected to sam-
ple more hard replacements for the detection task in
a curriculum manner, while the discriminator learns
to identify the corrupted positions. Although the
two components are designed to compete with each
other, there is no explicit feedback loop from the
discriminator to the generator, rendering the learn-
ing games independent. The absence of feedback
results in sub-efficient learning, because many re-
placed tokens have been successfully trained while
the generator does not know how to effectively
sample replacements. In addition, a well trained
generator tends to achieve reasonably good MLM
accuracy, where many sampled replacements are
correct tokens. In order to relieve the issue of
oversampling correct tokens, ELECTRA explored
tweaking the mask probability larger, raising the
sampling temperature, and using a manual rule to
avoid sampling original tokens.

In this paper, we propose two methods, namely
hardness prediction and sampling smoothing, to
tackle the above issues. First, the motivation of
hardness prediction is to sample the replacements
that the discriminator struggles to predict correctly.
We elaborate on the benefit of a good replacement
mechanism from the perspective of variance reduc-
tion. Theoretical derivations indicate that the re-
placement sampling should be proportional to both
the MLM probability (i.e., language frequency)
and the corresponding discriminator loss (i.e., dis-
crimination hardness). Based on the above conclu-
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sion, we introduce a sampling head in the generator,
which learns to sample by estimating the expected
discriminator loss for each candidate replacement.
So the discriminator can give feedback to the gener-
ator, which helps the model to learn what it has not
acquired. Second, we propose a sampling smooth-
ing method for the issue of oversampling original
tokens. We adopt a focal loss (Lin et al., 2017)
for the generator’s MLM task, rather than using
cross-entropy loss. The method adaptively down-
weights the well-predicted replacements for MLM,
which avoids sampling too many correct tokens as
replacements.

We conduct pre-training experiments on the Wik-
iBooks corpus for both small-size and base-size
models. The proposed techniques are plugged
into ELECTRA for training from scratch. Exper-
imental results on various tasks show that our
methods outperform ELECTRA despite the simplic-
ity. Specifically, under the small-size setting, our
model performance is 0.9 higher than ELECTRA

on MNLI (Williams et al., 2018) and 4.2 higher on
SQuAD 2.0 (Rajpurkar et al., 2016a), respectively.
Under the base-size setting, our model performance
is 0.26 higher than ELECTRA on MNLI and 0.52
higher on SQuAD 2.0, respectively.

2 Related Work

State-of-the-art NLP models are mostly pretrained
on a large unlabeled corpus with the self-supervised
objectives (Peters et al., 2018; Lan et al., 2020; Raf-
fel et al., 2020). The most representative pretext
task is masked language modeling (MLM), which
is introduced to pretrain a bidirectional BERT (De-
vlin et al., 2019) encoder. RoBERTa (Liu et al.,
2019) apply several strategies to enhance the BERT
performance, including training with more data
and dynamic masking. UniLM (Dong et al., 2019;
Bao et al., 2020) extend the mask prediction to
generation tasks by adding the auto-regressive ob-
jectives. XLNet (Yang et al., 2019) propose the
permuted language modeling to learn the depen-
dencies among the masked tokens. Besides, ELEC-
TRA (Clark et al., 2020a) propose a novel training
objective called replaced token detection which
is defined over all input tokens. Moreover, ELEC-
TRIC (Clark et al., 2020b) extends the idea of ELEC-
TRA by energy-based cloze models.

Some prior efforts demonstrate that sampling
more hard examples is conducive to more effective
training. Lin et al. (2017) propose the focal loss in

order to focus on more hard examples. Generative
adversarial networks (Goodfellow et al., 2014) is
trained to maximize the probability of the discrimi-
nator making a mistake, which is closely related to
ELECTRA’s training framework. In this work, we
aim at guiding the generator of ELECTRA to sample
the replacements that are hard for the discrimina-
tor to predict correctly, therefore the pre-training
process of the discriminator can be more efficient.

3 Background: ELECTRA

An overview of ELECTRA is shown in Figure 1.
The model consists of a generator G and a dis-
criminator D. The generator is trained by masked
language modeling (MLM). Formally, given an
input sequence x = x1 · · ·xn, we first randomly
mask k = d0.15ne tokens at the positions m =
m1 · · ·mk with [MASK]. The perturbed sentence
c is denoted as:

mi ∼ uniform{1, n} for i = 1, · · · , k
c = replace(x,m,[MASK])

where the replace operation conducts masking at
the positionsm. The generator encodes c and per-
forms MLM prediction. At each masked position i,
we sample replacements from MLM output distri-
bution pG:

x′i ∼ pG(x
′
i|c) for i ∈m

xR = replace(x,m,x′)

where masks are replaced with the sampled to-
kens. Next, the discriminator encodes the corrupted
sentence xR. A binary classification task learns
to distinguish which tokens have been replaced
or kept the same, which predicts the probability
D(xRt ,x

R) to indicate how likely xRt comes from
the true data distribution.

The overall pre-training objective is defined as:

min
θG,θD

∑

x∈X
E
i∈m

[LθGG (xi,c)]+λ E
t∈[1,n]

[LθDD (xRt ,x
R)]

LG(xi, c)=−log pG(xi|c)

LD(xRt ,xR)=

{
−logD(xRt ,x

R) xRt =xt

−log(1−D(xRt ,x
R)) xRt 6=xt

where X represents text corpus, and λ = 50 sug-
gested by Clark et al. (2020a) is a hyperparame-
ter used to balance the training pace of generator
and discriminator. Once pre-training is finished,
only the discriminator is fine-tuned on downstream
tasks.
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Figure 1: An overview of ELECTRA. The MLM head of the generator learns to perform MLM and samples
replacements at each masked position from the MLM distribution. For the corrupted sequence, the discriminator
learns to distinguish which tokens have been replaced or kept the same.
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Figure 2: An overview of our model. The generator has two prediction heads. The MLM head learns to perform
MLM through the focal loss instead of the cross entropy loss. The sampling head is trained to estimate the
discriminator loss over the vocabulary. Our model samples the replacements from a new distribution, which is
proportional to both the MLM probability and the corresponding discriminator loss. The discriminator is trained
to distinguish input tokens and the loss feedback is transferred to the generator for the sampling head to learn.

4 Methods

4.1 Hardness Prediction

The key idea of hardness prediction is to let the
generator receive the discriminator’s feedback and
sample more hard replacements. Figure 2 shows
the overview of our method. Besides the original
MLM head in the generator, there is an additional
sampling head used to sample replaced tokens.

Given a1 replaced token x′ in the input sequence
c, let LD(x′, c) denote the discriminator loss for
the replacement. Rather than directly sampling
replacements from the MLM prediction pG, we
propose to sample from pS:

pS(x
′|c) = pG(x

′|c)LD(x′, c)
EpG(x∗|c)[LD(x∗, c)]

(1)

xR = replace(x,m,x′) x′ ∼ pS(x
′|c)

where the corrupted sentence xR is obtained by
substituting the masked positionsm with sampled
replacements x′. The first term pG(x

′|c) implies
sampling from the data distribution. The second
term LD(x′, c) encourages the model to sample

1For notation simplicity, we assume only one token is
masked in each sentence.

more replacements that the discriminator has not
successfully learned.

Notice that Equation (1) uses the actual discrim-
inator loss LD(x′, c), which can not be obtained
without feeding xR into the discriminator. As an al-
ternative, we use the estimated loss value L̂D(x′, c)
to sample replaced tokens, which approximates the
actual loss for the candidate replacement. During
pre-training, we use the actual loss as supervision,
and simultaneously train the sampling head. We
describe the detailed implementations of loss esti-
mation in Section 4.1.2.

By considering detection hardness in replace-
ment sampling and giving feedback from the dis-
criminator to the generator, the components are no
longer independently learned. ELECTRA (Clark
et al. 2020a; Appendix F) also attempts to achieve
the same goal by adversarially training the gen-
erator. However, it underperforms the maximum-
likelihood training, because of the poor sample ef-
ficiency of reinforcement learning on discrete text
data. More importantly, their generator is trained
to fool the discriminator, rather than guiding the
discriminator by data distribution, which breaks
the ELECTRA training objective. In contrast, we
still retain the MLM head, and decouple it from re-
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placement sampling. So we can take the advantage
of the original training objective.

4.1.1 Perspective of Variance Reduction
We show that the proposed hardness prediction
method is well supported from the perspective of
variance reduction.

Proposition 1. Sampling replacements from
pS(x

′|c) can minimize the estimation variance of
the discriminator loss.

Proof. At each masked position, the expectation of
the discriminator loss we aim to estimate can be
summarized as Z = EpG(x∗|c)[LD(x∗, c)]. Under
pG, the estimation variance of the discriminator loss
is:

VarpG(x∗|c)[LD(x∗, c)]
=

∑

x∗∈vocab

pG(x
∗|c)(LD(x∗, c)− Z)2

=
∑

x∗∈vocab

pG(x
∗|c)LD(x∗, c)2 − Z2

Similar to importance sampling, we can select an
alternative distribution pS different from pG, then
the expectation Z is rewritten as:

EpG(x∗|c)[LD(x∗, c)]
=

∑

x∗∈vocab

pG(x
∗|c)LD(x∗, c)

=
∑

x∗∈vocab

pS(x
∗|c)pG(x

∗|c)
pS(x∗|c)

LD(x∗, c)

= EpS(x∗|c)[
pG(x

∗|c)
pS(x∗|c)

LD(x∗, c)]

By making a multiplicative adjustment to LD, the
estimation variance of Z under the new sampling
distribution pS is converted to:

VarpS(x∗|c)[
pG(x

∗|c)
pS(x∗|c)

LD(x∗, c)]

=
∑

x∗∈vocab

pS(
pG(x

∗|c)LD(x∗, c)
pS

)2 − Z2

=
∑

x∗∈vocab

(pG(x
∗|c)LD(x∗, c)− pS(x

∗|c)Z)2
pS(x∗|c)

Based on the above derivation, it is obvious
that we obtain a zero-variance estimator when
we choose pS(x

∗|c) = pG(x
∗|c)LD(x∗, c)/Z as

Equation (1). This theoretically optimal form pro-
vides us insights into designing the above sampling
scheme.

4.1.2 Two Implementations of Hardness
Prediction

We design two variants of the sampling head. The
first one is to explicitly estimate the discriminator
loss (HPLoss). The second method is to approxi-
mate the expected sampling distribution (HPDist).

HPLoss guides the generator to learn the probabil-
ity predicted by the discriminator that the sampled
token x′ is an original token. In this case, the output
layer of the sampling head is actually a sigmoid
function same as the discriminator:

D̂(x′, c) = sigmoid(w(x′) · hS(c))

where hS(c) denotes the contextual representations
projected by the sampling head, and w denotes
the projection parameters. Then the loss of the
sampling head at the masked position is:

LS(x′, c) = (D̂(x′, c)−D(x′, c))2

When sampling replacements over the vocab-
ulary, the estimated discriminator probability
D̂(x′, c) can be easily rewritten to the estimated
discriminator loss L̂D(x′, c):

L̂D(x′, c) =
{
− log D̂(x′, c) x′ = x

− log(1− D̂(x′, c)) x′ 6= x

Multiplying the MLM probability factor pG, we
obtain the sampling distribution:

pS(x
′|c) = pG(x

′|c)L̂D(x′, c)∑
x∗∈vocab pG(x∗|c)L̂D(x∗, c)

=
pG(x

′|c)L̂D(x′, c)
EpG(x∗|c)[L̂D(x∗, c)]

HPDist aims to directly approximate the expected
sampling distribution as in Equation (1), instead of
the discriminator loss. In this case, the sampling
head produces an output probability of the token
x′ with a softmax layer:

pS(x
′|c) = exp(e(x′) · hS(c))∑

x∗∈vocab exp(e(x
∗) · hS(c))

(2)

where e represents the token embeddings. For the
sampled token x′, we define the loss of the sam-
pling head as:

LS(x′, c) = −
pG(x

′|c)
pS(x′|c)

LD(x′, c) log pS(x
′|c)
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Then we show that minimizing the above loss
LS(x′, c) pushes sampling distribution of Equa-
tion (2) to our goal. Specifically, the loss expecta-
tion over the whole vocabulary is:

EpS(x∗|c)[LS(x∗, c)] =

−
∑

x∗∈vocab

pS(x
∗|c)pG(x

∗|c)
pS(x∗|c)

LD(x∗, c)log pS(x
∗|c)

= −
∑

x∗∈vocab

pG(x
∗|c)LD(x∗, c) log pS(x

∗|c)

According to the Lagrange Multiplier method, the
optimal solution p̃S of the loss function LS(x′, c)
is consistent with Equation (1):

p̃S(x
′|c) = pG(x

′|c)LD(x′, c)∑
x∗∈vocab pG(x∗|c)LD(x∗, c)

=
pG(x

′|c)LD(x′, c)
EpG(x∗|c)[LD(x∗, c)]

4.2 Sampling Smoothing

Along with the learning process, the masked lan-
guage modeling tends to achieve relatively high
accuracy. As a consequence, the generator over-
samples the correct tokens as replacements, which
renders the discriminator learning inefficient.

In order to address the issue, we apply an al-
ternative loss function called focal loss (Lin et al.,
2017) for MLM of the generator. Compared with
the vanilla cross-entropy loss, focal loss adds a
modulating factor for the weighting purpose:

LfcG(x, c) = −(1− pG(x|c))γ log pG(x|c)

where γ ≥ 0 is a tunable hyperparameter. Besides
using a constant γ, we try the piecewise function
γ = 1(pG > 0.2) ∗ 3 + 1(pG ≤ 0.2) ∗ 5 in our
experiments as suggested by Mukhoti et al. (2020).

In other words, the focal loss is used to adap-
tively down-weight the well-classified easy ex-
amples and thus focusing on more difficult ones.
When applying the focal loss to the MLM head
for the generator, we notice that if a token is easy
for the generator to be predicted correctly, i.e.,
pG(x|c) → 1, the modulating factor is greatly de-
creased. In contrast, if a token is hard to predict,
the focal loss approximates to the original cross
entropy loss. Therefore, we propose to employ the
focal loss in order to smooth the sampling distribu-
tion, which in turn relieves oversampling correct
tokens as replacements.

4.3 Pre-Training Objective

Adopting the above two strategies, we jointly train
the generator and the discriminator together as the
original ELECTRA model. The word embeddings
of them are still tied during the pre-training stage.
Formally, we minimize the combined loss over a
large corpus X :

min
θG,θS ,θD

∑

x∈X

(
E
i∈m

[Lfc,θGG (xi, c)]+

λ1 E
i∈m

[LθSS (xRi , c)] + λ2 E
t∈[1,n]

[LθDD (xRt ,x
R)]
)

where λ1, λ2 are two hyperparameters to adjust
three parts of the loss. We only search λ1 value
and keep λ2 = 50 for the fair comparison with
ELECTRA. After pre-training, we throw out the
generator and only fine-tune the discriminator on
the downstream tasks.

5 Experiments

5.1 Setup

We implement ELECTRA+HPLoss/HPDist+Focal on
both the small-size setting and the base-size setting.
The two prediction heads share both the genera-
tor and the token embeddings, which avoids the
unnecessary increase in model complexity. We fol-
low most settings as suggested in ELECTRA (Clark
et al., 2020a). In order to enhance the ELECTRA

baseline for a solid comparison, we add the relative
position (Raffel et al., 2020). Experimental results
show that our methods can improve performance
even on the enhanced ELECTRA baseline.

We pretrain our models on the same text corpus
as ELECTRA, which is a combination of English
Wikipedia and BooksCorpus (Zhu et al., 2015). We
also adopt the N-gram masking strategy which is
beneficial for MLM tasks. The models are trained
for 1M steps for small-size models and 765k steps
for base-size models, so that the computation con-
sumption can be similar to baseline models (Clark
et al., 2020a). The base-size models are pretrained
with 16 V100 GPUs less than five days. The small-
size models are pretrained with 8 V100 GPUs less
than three days. We use the Adam (Kingma and
Ba, 2015) optimizer (β1 = 0.9, β2 = 0.999) with
learning rate of 1e-4. The value of λ2 in the train-
ing objective is kept fixed at 50 for a fair compari-
son with ELECTRA. For HPLoss, we search λ1 in
{5, 10, 20}, the best one is 5. For HPDist, we keep
λ1 = 1. We search the focal loss weight γ in {1, 4}
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Model MNLI QNLI QQP RTE SST MRPC CoLA STS
-m/-mm Acc Acc Acc Acc Acc MCC PCC

Small-size
ELECTRA (reimplementation) 80.3/80.6 89.0 89.2 62.2 89.0 87.3 59.6 86.3

ELECTRA+HPLoss+Focal 81.2/81.7 89.1 89.6 66.1 89.2 86.6 59.3 86.7
ELECTRA+HPDist+Focal 81.0/81.8 89.3 89.6 62.5 89.2 86.8 59.7 86.8

Base-size
BERT (Devlin et al., 2019) 84.5/- 88.6 90.8 68.5 92.8 86.0 58.4 87.8
RoBERTa (Liu et al., 2019) 84.7/- - - - 92.7 - - -
XLNet (Yang et al., 2019) 85.8/- - - - 93.4 - - -
ELECTRA (Clark et al., 2020a) 86.2/- 92.4 90.9 76.3 92.4 87.9 65.8 89.1
ELECTRIC (Clark et al., 2020b) 85.7/- 92.1 90.6 73.4 91.9 88.0 61.8 89.4
ELECTRA (reimplementation) 86.7/86.5 92.6 91.4 80.4 92.6 89.1 66.5 91.0

ELECTRA+HPLoss+Focal 87.0/86.9 92.7 91.7 81.3 92.6 90.7 66.7 91.0
ELECTRA+HPDist+Focal 86.8/86.8 92.3 91.6 80.0 92.7 89.8 67.3 90.9

Table 1: Comparisons between our models and previous pretrained models on GLUE dev set. Reported results are
medians over five random seeds.

on both the base-size and small-size model, the best
configuration is γ = 1. The detailed pre-training
configurations are provided in the supplemental
materials.

5.2 Results on GLUE Benchmark

The General Language Understanding Evaluation
(GLUE) benchmark (Wang et al., 2019) is a col-
lection of diverse natural language understanding
(NLU) tasks, including inference tasks (MNLI,
QNLI, RTE; Dagan et al. 2006; Bar-Haim et al.
2006; Giampiccolo et al. 2007; Bentivogli et al.
2009; Williams et al. 2018; Rajpurkar et al. 2016b),
similarity and paraphrase tasks (MRPC, QQP, STS-
B; Dolan and Brockett 2005; Cer et al. 2017), and
single-sentence tasks (CoLA, SST-2; Warstadt et al.
2018; Socher et al. 2013). The detailed descriptions
of GLUE datasets are provided in the supplemen-
tary materials. The evaluation metrics are Spear-
man correlation for STS-B, Matthews correlation
for CoLA, and accuracy for the other GLUE tasks.

For small-size settings, we use the hyperparam-
eter configuration as suggested in (Clark et al.,
2020a). For base-size settings, we consider a lim-
ited hyperparameter searching for each task, with
learning rates ∈ {5e-5, 1e-4, 1.5e-4} and training
epochs ∈ {3, 4, 5}. The remaining hyperparam-
eters are the same as ELECTRA. We report the
median performance on the dev set over five dif-
ferent random seeds for each task. All the results
come from the single-task fine-tuning. For more
detailed fine-tuning configurations, please refer to

the supplementary materials.
Results are shown in Table 1. With the same con-

figuration and pre-training data, for both the small-
size and the base-size, our methods outperform
the strong reimplemented ELECTRA baseline by
0.6 and 0.4 on average respectively. For the most
widely reported task MNLI, our models achieve
87.0/86.9 points on the matched/mismatched set,
which obtains 0.3/0.4 absolute improvements. The
performance gains on the small-size models are
more obvious than the base-size models, we spec-
ulate that is due to the learning of the small-size
generator is more insufficient and suffers from the
above issues more significantly. The results demon-
strate that our proposed methods can improve the
pre-training of ELECTRA. In other words, sampling
more hard replacements is more efficient than the
original masked language modeling.

5.3 Results on SQuAD 2.0

The Stanford Question Answering Dataset
(SQuAD; Rajpurkar et al. 2016a) is a reading
comprehension dataset, each example consists
of a context and a question-answer pair. Given a
context and a question, the task is to answer the
question by extracting the relevant span from the
context. We only use the version 2.0 for evaluation,
where some questions are not answerable. We
report the results of both the Exact-Match (EM)
and F1 score. When fine-tuning on SQuAD, we
add the question-answering module from XLNet
on the top of the discriminator as Clark et al.
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Model SQuAD 2.0
EM F1

Small-size
ELECTRA (reimplementation) 68.9 71.3

ELECTRA+HPLoss+Focal 71.8 74.3
ELECTRA+HPDist+Focal 73.2 75.5

Base-size
BERT (Devlin et al., 2019) 73.7 77.1
RoBERTa (Liu et al., 2019) - 79.7
XLNet (Yang et al., 2019) 78.2 81.0
ELECTRA (Clark et al., 2020a) 80.5 83.3
ELECTRIC (Clark et al., 2020b) 80.1 -
ELECTRA (reimplementation) 82.4 85.1

ELECTRA+HPLoss+Focal 83.0 85.6
ELECTRA+HPDist+Focal 82.7 85.4

Table 2: Comparisons between our models and previ-
ous pretrained models on SQuAD 2.0 dev set. Reported
results are medians over five random seeds.

(2020a). All the hyperparameter configurations
are the same as ELECTRA. We report the median
performance on the dev set over five different
random seeds. Refer to the appendix for more
details about fine-tuning.

Results on SQuAD 2.0 are shown in Table 2.
Consistently, our models perform better than ELEC-
TRA baseline under both the small-size setting and
the base-size setting. Under the base setting, our
models improve the performance over the reimple-
mented ELECTRA baseline by 0.6 points (EM) and
0.5 points (F1). Especially under the small setting,
our models outperform the baseline by a remark-
able margin. ELECTRA+HPDist+Focal obtains 4.3
and 4.2 points absolute improvements on EM and
F1 metric.

5.4 Ablation Studies
We conduct ablation studies on small-size ELEC-
TRA+HPLoss+Focal models. We investigate the ef-
fect of the loss weight λ1 of the sampling head and
the focal loss factor γ in order to better understand
their relative importance. Results are presented in
Table 3.

We first disable the focal loss and only under-
stand the effect of λ1. As shown in Table 3, no
matter what the value of λ1 is, our models ex-
ceed the baseline by a substantial margin, which
demonstrates that the hardness prediction can in-
deed improve the pre-training and our methods

Model MNLI-m SQuAD 2.0

ELECTRA 80.3 71.3

ELECTRA + HPLoss

λ1 = 5 80.9 74.2
λ1 = 10 81.1 75.1
λ1 = 20 81.0 74.1

ELECTRA + HPLoss (λ1 = 5) + Focal

γ =

{
3 pG > 0.2

5 pG ≤ 0.2
81.0 74.7

γ = 1.0 81.2 74.3
γ = 4.0 80.9 74.2

Table 3: Ablation studies on small-size models. We an-
alyze the effect of the hardness prediction loss weight
λ1 and the focal loss factor γ. Reported results are me-
dians over five random seeds.

are not sensitive to the loss weight hyperparam-
eter. Next, we fix λ1 at 5 and understand the
effect of the focal loss factor γ. We observe
that the application of the focal loss with piece-
wise γ = 1(pG > 0.2) ∗ 3 + 1(pG ≤ 0.2) ∗ 5
and γ = 1 can improve the performance on two
datasets, which proves the effectiveness of the sam-
pling smoothing.

6 Analysis

To better understand the main advantages of our
models over ELECTRA, we conduct several analy-
sis experiments.

6.1 Impacts on Sampling Distributions

We first provide a comparison between the sam-
pling distributions of ELECTRA and our models
illustrate the effect of our proposed methods. We
conduct evaluations on a subset of the pre-training
corpus. Figure 3 demonstrates the distribution of
the maximum probability of the two sampling dis-
tributions at the masked positions. We observe
that the ratio of the maximum value under ELEC-
TRA sampling distribution between [0.9, 1] is much
higher than that of our models. In other words,
the original distribution suffers from over-sampling
the high-probability tokens and the discriminator is
forced to learn from these easy examples repeatedly.
In contrast, the distribution of the maximum value
of our models in each interval is relatively more
uniform than ELECTRA, which indicates that our
methods can significantly reduce the probability of
sampling the well-classified tokens and smooth the
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(a) Sampling Distribution of ELECTRA
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(b) Sampling distribution of our models

Figure 3: The distribution of the maximum probabil-
ity at the masked positions under the sampling distribu-
tions of ELECTRA and our models.

Token Type Original Replaced All

Corr. Coeff. 0.78 0.61 0.64

Table 4: Correlation coefficient between the actual
discriminator loss and the estimated value for ELEC-
TRA+HPLoss+Focal. “Original”: sampling correct to-
kens as replacements. “Replaced”: the positions that
are substituted to incorrect tokens.

whole sampling distribution.

6.2 Estimation Quality

In order to measure the estimation quality of dis-
criminator loss, we evaluate our models on a held-
out set of pre-training corpus and compute the cor-
relation coefficient between the actual discrimina-
tor loss LD(x, c) and the estimated value L̂D(x, c).
The results of ELECTRA+HPLoss+Focal are shown
in Table 4. We report the estimation quality of the
original tokens and the replaced tokens separately.
The correlation coefficient value is 0.64 over two
types of tokens, which proves that LD(x, c) and
L̂D(x, c) correlate well. Furthermore, we observe
that the estimation quality over the original tokens
is relatively higher than the replacements. We spec-

Model Masked Positions All Positions

ELECTRA 0.81 0.96
Ours 0.72 0.95

Table 5: Replacement detection accuracy of ELECTRA
and ELECTRA+HPLoss+Focal. The models are evalu-
ated on 15% masked positions and all input tokens re-
spectively. Our method samples more hard examples.

ulate that the sampling probability of the original
tokens is generally higher than the replacements, so
the sampling head tends to receive more feedback
from these original tokens.

6.3 Prediction Accuracy of the Discriminator
In order to verify the claim that the sampling distri-
bution of our models indeed considers the detection
difficulty, we evaluate the prediction accuracy of
the discriminator under the two sampling schemes
of ELECTRA and ELECTRA+HPLoss+Focal. Re-
sults are listed in Table 5. No matter evaluating
at all positions or only at the masked positions,
the detection accuracy under our sampling distri-
bution is relatively lower than under masked lan-
guage modeling in original ELECTRA. Because the
unmasked tokens constitute the majority of input
examples, the difference of the all-token accuracy
between two models is not so distinct compared
to the masked tokens. This phenomenon is consis-
tent with our original intention. It proves that our
models can sample more replacements that the dis-
criminator struggles to make correct predictions. In
contrast, the replacements sampled from ELECTRA

are easier to distinguish.

7 Conclusion

We propose to improve the replacement sampling
for ELECTRA pre-training. We introduce two meth-
ods, namely hardness prediction and sampling
smoothing. Rather than sampling from masked
language modeling, we design a new sampling
scheme, which considers both the MLM probabil-
ity and the prediction difficulty of the discriminator.
So the generator can receive feedback from the
discriminator. Moreover, we adopt the focal loss
to MLM, which adaptively downweights the well-
classified examples and smooth the entire distribu-
tion. The sampling smoothing technique relieves
oversampling original tokens as replacements. Re-
sults show that our models outperform ELECTRA

baseline. In the future, we would like to apply
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our strategies to other pre-training frameworks and
cross-lingual models. Moreover, we are exploring
how to integrate the findings and insights of the pro-
posed method into the masked language modeling
task, which seems also quite promising.
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A GLUE Details

GLUE (Wang et al., 2019) is a collection of vari-
ous natural language understanding (NLU) tasks,
including inference tasks (MNLI, QNLI and RTE),
similarity and paraphrase tasks (MRPC, QQP and
STS-B), and single-sentence tasks (CoLA and SST-
2).

MNLI The Multi-Genre Natural Language Infer-
ence Corpus (Williams et al., 2018) is a crowd-
sourced collection of sentence pairs with textual
entailment annotations. Given a premise sentence
and a hypothesis sentence, the task is to predict
whether the premise entails the hypothesis (entail-
ment), contradicts the hypothesis (contradiction),
or neither (neutral). The dataset contains 393k train
examples drawn from ten different sources.

QNLI The Stanford Question Answering
Dataset (Rajpurkar et al., 2016b) is a question-
answering dataset consisting of question-paragraph
pairs. The task is to predict whether a context
sentence contains the answer to a question
sentence. The dataset contains 108k train examples
from Wikipedia.

QQP The Quora Question Pairs dataset is a
collection of question pairs from the community
question-answering website Quora. The task is to
determine whether a pair of questions are seman-
tically equivalent. The dataset contains 364k train
examples.

RTE The Recognizing Textual Entailment
datasets (Dagan et al., 2006; Bar-Haim et al., 2006;
Giampiccolo et al., 2007; Bentivogli et al., 2009)
come from a series of annual textual entailment
challenges. Given a premise sentence and a
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Hyperparameter Value

Learning Rate 3e-4 for Small, {5e-5, 1e-4, 1.5e-4} for Base
Adam ε 1e-6
Adam β1 0.9
Adam β2 0.999
Layerwise LR decay 0.8
Learning rate decay Linear
Warmup fraction 0.1
Attention Dropout 0.1
Dropout 0.1
Weight Decay 0 for Small, {0, 0.01} for Base
Batch Size 32
Train Epochs {10, 15, 20} for RTE, {3, 4, 5} for other tasks

Table 6: Fine-tuning details about ELECTRA baseline and our models.

Hyperparameter Small Base

Number of layers 12 12
Hidden Size 256 768
FFN inner hidden size 1024 3072
Attention heads 4 12
Attention head size 64 64
Embedding Size 128 768
Generator Size 1/4 1/3
Mask percent 15 15
Learning Rate Decay Linear Linear
Warmup steps 10000 10000
Learning Rate 5e-4 1e-4
Adam ε 1e-6 1e-6
Adam β1 0.9 0.9
Adam β2 0.999 0.999

Table 7: Pre-training details about ELECTRA baseline
and our models.

hypothesis sentence, the task is to predict whether
the premise entails the hypothesis or not. The
dataset contains 2.5k train examples from a series
of annual textual entailment challenges.

SST The Stanford Sentiment Treebank (Socher
et al., 2013) consists of sentences from movie re-
views and human annotations of their sentiment.
The task is to predict the sentiment of a given sen-
tence. The dataset contains 67k train examples.

MRPC The Microsoft Research Paraphrase Cor-
pus (Dolan and Brockett, 2005) is a corpus of sen-
tence pairs automatically extracted from online
news sources. The task is to predict whether two
sentences are semantically equivalent or not. The

dataset contains 3.7k train examples.

CoLA The Corpus of Linguistic Acceptabil-
ity (Warstadt et al., 2018) consists of English ac-
ceptability judgments drawn from books and jour-
nal articles on linguistic theory. The task is to
determine whether a given sentence is grammatical
or not. The dataset contains 8.5k train examples.

STS-B The Semantic Textual Similarity Bench-
mark (Cer et al., 2017) is a collection of sentence
pairs drawn from news headlines, video and image
captions, and natural language inference data. The
tasks is to predict how semantically similar two
sentences are on a 1-5 scale. The dataset contains
5.8k train examples.

B Pre-training Details

We did not search any hyperparameters during pre-
training. Most of our pre-training configurations
are same as the original ELECTRA (Clark et al.,
2020a). The learning rate for base-sized model
is changed from 2e-5 to 1e-5 on both ELECTRA
baseline and our models, because we expect the fair
comparison with BERT and RoBERTa. We keep
λ2 = 50 for both ELECTRA-EL and ELECTRA-
AD. The full set of pre-training hyperparameters is
provided in Table 7.

C Fine-tuning Details

For base-sized models, we searched the learning
rate and pre-training epochs on both ELECTRA
baseline and our models. For small-sized models,
we use the same hyperparameters as suggested in
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ELECTRA. All the results come from the single-
task fine-tuning. The full set of fine-tuning hyper-
parameters is provided in Table 6.

D Prediction Accuracy of the
Discriminator
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Figure 4: The prediction accuracy of the discriminator.
Blue lines indicate sampling replacements according to
pG, red lines are according to pS. The solid line rep-
resents the prediction accuracy evaluated on the 15%
masked tokens and the dashed line represents the pre-
diction accuracy of all input tokens.
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Abstract

The ability to learn from limited data, or few-
shot learning, is a desirable and often critical
requirement for NLP systems. While many
existing methods do poorly at learning from
a handful of examples, large pretrained lan-
guage models have recently been shown to
be efficient few-shot learners. One approach
to few-shot learning, which does not require
finetuning of model parameters, is to aug-
ment the language model’s input with prim-
ing text which is typically constructed using
task specific descriptions and examples. In
this work, we further explore priming-based
few-shot learning, with focus on using exam-
ples as prompts. We show that presenting ex-
amples in the right order is key for general-
ization. We introduce PERO (Prompting with
Examples in the Right Order), where we for-
mulate few-shot learning as search over the set
of permutations of the training examples. We
show that PERO can learn to generalize effi-
ciently using as few as 10 examples, in con-
trast to existing approaches. While the new-
line token is a natural choice for separating the
examples in the prompt, we show that learn-
ing a new separator token can potentially pro-
vide further gains in performance. We demon-
strate the effectiveness of the proposed method
on the tasks of sentiment classification, natural
language inference and fact retrieval. Finally,
we analyze the learned prompts to reveal novel
insights, including the idea that two training
examples in the right order alone can provide
competitive performance for sentiment classi-
fication and natural language inference.

1 Introduction

The ability to learn from a few examples, or few-
shot learning, as generally understood to be pos-
sessed by humans, is a desirable property for Nat-
ural Language Processing (NLP) systems as well.
It is critical in scenarios where collecting large

amounts of data is expensive. It is also important
to enable a personalized Artificial Intelligence (AI)
experience, where a single user is expected to use
an AI agent to perform a task demonstrated through
a handful of examples.1

Pretrained language models (Devlin et al., 2019;
Liu et al., 2019; Raffel et al., 2020) have recently
been shown to be exceedingly good at several
benchmark NLP tasks (Wang et al., 2018, 2019).
Traditionally the parameters of these language mod-
els have been finetuned on task specific datasets
to achieve the aforementioned performance gains,
often requiring large amounts of data. Brown et al.
(2020) show that large pretrained language models
(GPT3) are also efficient few-shot learners. Few-
shot learning is achieved using task descriptions
and labeled examples as prompts. Remarkably,
with this priming-based approach and without need-
ing any parameter updates, GPT3 often performs
comparable to traditional finetuning-based super-
vised systems which use much larger datasets. One
could argue that the task performance achieved in
the priming-based approach measures what the pre-
trained language model has already learned. Shin
et al. (2020), operating in the same setting, use
automatically generated prompts to measure task
specific knowledge in a pretrained language model.

In this work, we further explore priming-based
few-shot learning, while focusing on using exam-
ples as prompts. The training objective for a lan-
guage model is typically the prediction of a token
given a context. There is no clear incentive to treat
a sequence of sentences in the context as equal and
conveying examples of a concept. As a result, one
could expect certain order of examples when used
as a prompt to be more favorable at providing task

1See the Introduction section of Brown et al. (2020) for
a discussion on further difficulties, relevant to the setting we
consider in this work, regarding the need of a large dataset for
every new task.
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Figure 1: Overview of PERO: Given a set of training examples, PERO searches over permutations of training ex-
amples using a genetic algorithm (Section 4.2), and optionally also learns a separator token (Section 4.3) which is
used to concatenate the training examples. Briefly, starting from a set of randomly initialized permutations, the ge-
netic algorithm step computes the fitness of each permutation for making predictions using a pretrained LM. These
fitness scores are then used for selection and subsequent breeding of new permutations using biologically inspired
operations of mutation and crossover. The separator token learning step uses the updated set of permutations and
uses gradient updates to improve the separator token. The two steps are performed iteratively for a fixed number
of epochs and the best permutation and separator token are selected using a validation set. Please see Section 4 for
details.

specific cues.
We propose PERO2 (Prompting with Examples

in the Right Order), where we formulate the prob-
lem of few-shot learning as search over permuta-
tions of training examples. We find that choos-
ing the right permutation is key to getting good
task performance. In PERO, we use a genetic al-
gorithm (Mitchell, 1998) to search over possible
permutations of training examples. The selected
examples are used for prompting publicly available
pretrained language models (Devlin et al., 2019;
Liu et al., 2019). We find that with as few as 10 ex-
amples, PERO can learn to generalize efficiently, in
contrast to existing approaches. When concatenat-
ing examples to use as a prompt, the newline token
is a natural choice as a separator token. We show
that using a learned separator token can potentially
provide further gains in performance. We evaluate
the performance of PERO on the tasks of sentiment
analysis, Natural Language Inference (NLI) and
fact retrieval.

Finally, our analysis of the learned prompts (Sec-
tion 5.5) leads to novel insights about few-shot
learning using textual prompts. For instance, us-
ing only two examples, repeated and ordered using
a learned label pattern, can provide performance

2PERO source code is available at
https://github.com/SawanKumar28/pero

comparable to and even exceeding the performance
of existing few-shot baselines which use thousands
of examples.

In summary, we make the following contribu-
tions:

1. We propose PERO, where we formulate the
problem of few-shot learning as search over
permutations of training examples, and op-
tionally a separator token. As we don’t update
the parameters of the underlying language
model, PERO serves as a probe for measur-
ing task specific knowledge in pretrained lan-
guage models.

2. We demonstrate the effectiveness of PERO
over a recent baseline on the tasks of senti-
ment analysis, NLI and fact retrieval.

3. We analyze the learned prompts and provide
novel insights about textual prompts that can
lead to good task performance in the low-data
regime. In particular, we provide an effective
recipe for one-shot learning.

We have released the source code of PERO to
aid reproducibility of the results.
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Task Template Examples
Sentiment
Classification

[Example Text] Answer: [Label Text] (1) goes to absurd length Answer: false
(2) A girl in white is dancing Answer: true

NLI “[Premise Text]” implies “[Hypothesis text]”
Answer: [Label Text]

(1) “Men are sawing logs” implies “Men are
cutting wood” Answer: true
(2) “There is no girl in white dancing” implies
“A girl in white is dancing” Answer: false

Fact retrieval [Subj] is located in [Obj]
[Subj] is a subclass of [Obj]

(1) Directors Lounge is located in Berlin
(2) gingerbread is a subclass of cookie

Table 1: Formatting used to create textual inputs for the tasks considered in this work. For sentiment classification,
positive and negative sentiments correspond to the label text of true and false respectively. For NLI, entailment
and contradiction labels correspond to the label text of true and false respectively.

2 Related Work

Pretrained Language Models using a transformer
architecture (Vaswani et al., 2017) on large unsu-
pervised corpora have recently been found to be
efficient at learning downstream tasks, providing
significant gains over existing standalone super-
vised systems, on a variety of NLP tasks (Wang
et al., 2018, 2019). There have been two major ap-
proaches to learning language models: causal lan-
guage models (CLM) and masked language models
(MLM). CLMs (Radford et al., 2018, 2019; Brown
et al., 2020) are typically trained by requiring a
language model to predict the next token given a
textual context. Masked language models (Devlin
et al., 2019; Liu et al., 2019) on the other hand
are trained by masking out a certain number of to-
kens in a textual context and requiring the language
model to predict the masked out tokens. Typically,
the parameters of the language model are then fine-
tuned using task-specific training examples. For
our experiments, we leverage publicly available
pretrained masked language models (Devlin et al.,
2019; Liu et al., 2019).

Few-shot learning using language models is
a desirable and perhaps even an expected prop-
erty of large pretrained language models, given the
large amounts of data they are typically trained
with. Brown et al. (2020) show that scaling up
language models leads to improved few-shot learn-
ing, with their best model, GPT3, being able to
achieve performance comparable to existing super-
vised systems, while using much fewer examples.
Zero-shot and few-shot learning are achieved with-
out needing parameter updates to the model but
instead by prompting the language model with task
specific description and task specific examples. In
this work, we study the impact of the order in which
examples are presented in a prompt and show that

searching over them can lead to significant gains in
few-shot performance, without needing updates to
the model parameters.3

Measuring task performance of language models
without any parameter updates can be seen as a
measure of the knowledge (either descriptive, or
procedural) that is already contained in the pre-
trained language model.

Probing knowledge contained in language
models has been of interest, given the success of
these models. Probing methods rely on creating
cloze-style manual prompts (Petroni et al., 2019),
or mining efficient natural language prompts (Jiang
et al., 2020). Shin et al. (2020) rely on training ex-
amples to learn trigger tokens which when used as
a prompt demonstrate the ability of language mod-
els to do sentiment analysis and NLI along with
knowledge based completion, without needing any
parameter updates. The learned trigger tokens how-
ever aren’t very meaningful leading to difficulty in
interpreting these results. In this work, we instead
focus on using natural language training examples
as prompts. While being more interpretable, the
prompts used in this work lead to significant gains
in performance in the low-data regime.

3 Background: Genetic Algorithm

A genetic algorithm (Mitchell, 1998) is a search
heuristic inspired by the biological process of nat-
ural selection. Briefly, it evolves a population of
candidate solutions towards increasing fitness to an
objective through biologically inspired operations
such as selection, crossover and mutation. We now
describe the key terminology:

3Note that the scope of this work is distinct from meta-
learning approaches (Hospedales et al., 2020), where the
goal is improve the learning algorithm using several learning
episodes. In contrast, we only assume a pretrained language
model and a few examples of the concept we are interested in.
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Individual A single candidate solution, c, usually
represented through a binary code but extensi-
ble to other types of codes. Generally, we will
let c be denoted by the sequence of k integers
c = (s1s2...sk).

Population A set of individuals of size NP , P =
{ci, i ∈ [NP ]}.

Fitness The measure of goodness for an individual
for the task, F (ci).

Selection An operator to select fit individuals in
a population which will be used to generate
new individuals, through crossover and muta-
tion. Better fitness leads to higher likelihood
of selection.

Crossover An operator which typically takes two
individuals c1 and c2 as inputs to produce
new individuals d1 and d2, by combining sub-
sequences from the two inputs. For example,
consider two input sequences:

c1 = (c1(1)c1(2)c1(3)c1(4))

c2 = (c2(1)c2(2)c2(3)c2(4))

A single point crossover after the second posi-
tion would lead to the individuals:

d1 = (c1(1)c1(2)c2(3)c2(4))

d2 = (c2(1)c2(2)c1(3)c1(4))

Mutation An operator which randomly flips some
elements in an input sequence. For example,
with input c = (c(1)c(2)c(3)c(4)), a typical
mutation operation would lead to the output
d = (c(1)c(2)c′(3)c(4)), where c′(3) 6= c(3).
Usually, each position is randomly altered
with a mutation probability pm.

We now present the sketch of a typical genetic
algorithm:

1. Initialize a set of individuals to form a popula-
tion P = {ci, i ∈ [NP ]}. Repeat the follow-
ing steps for Nepochs iterations.

2. Compute fitness of each individual in the pop-
ulation, F (ci), i ∈ [NP ].

3. Using the computed fitness, select individuals
which will be used to breed the next genera-
tion.

4. With pairs of selected individuals, generate
new individuals using the crossover operation.

5. Mutate the generated individuals using the
mutation operator, to create a new population
P ′.

6. Set P = P ′ and go to step 2.

4 PERO: Proposed Method

The overall architecture employed in PERO is
shown in Figure 1. We introduce the notation in
Section 4.1. We discuss how we employ a genetic
algorithm to search over permutations of training
examples in Section 4.2. We then discuss how we
augment the search heuristic to learn a task specific
separator token in Section 4.3.

4.1 Notation and Input Format
For both classification and knowledge base com-
pletion tasks, we denote a textual task input by x
and the gold label as y. We denote the pretrained
masked language model with the operator L, which
takes a sequence of input tokens to output a se-
quence of the same length containing token prob-
abilities over the token vocabulary. With tokens
(t1t2...tn), L((t1t2...tn)) = (p1p2...pn), where pi
denotes a vector of probabilities over all tokens in
the vocabulary.

For all our experiments, the input to the language
model is formatted with exactly one mask token.4

For brevity, we denote byLMask the operator which
outputs the token probability at the mask token
position.

The training data is denoted by the set of ex-
amples (xi, yi), i ∈ [Ntrain]. We denote a per-
mutation, or an ordered subset of size k of the
training data, by c = (c(1)c(2)...c(k)), where
c(j) ∈ [Ntrain].

For all tasks, we create an input text se-
quence by concatenating k examples using
a permutation c of training examples, along
with a test example xtest: “Format(xc(1),yc(1))
<Separator> Format(xc(2),yc(2)) .. <Sep-
arator> Format(xc(k),yc(k)) <Separator>
Format(xtest,mask)”, where Format(,) formats
the example text and label for a task, and <Sep-
arator> is either the new line character, or is
learned as described in Section 4.3. The formatting
details are provided in Table 1. We attempt to

4The mask token we use is the same as the one employed
in pretraining.
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use task agnostic formats and textual labels for
classification tasks to the extent possible.

4.2 Genetic Algorithm: Search over
Permutations of Examples

We employ a genetic algorithm for searching over
permutations of training examples (see Section 3
for a brief introduction to genetic algorithms). We
present the overall architecture in Figure 1.

Here, we detail how the various components and
operators of a genetic algorithm are defined for
searching over permutations of examples:

Individual An individual is defined as a vec-
tor of unique training example indices c =
(c(1)c(2)...c(k)), where c(j) ∈ [Ntrain].

Population A set of individuals.

Fitness For a given permutation of training ex-
ample indices, fitness is defined as the aver-
age cross entropy loss over training examples
when evaluated as in Figure 1. The cross en-
tropy loss is computed over the set of possible
labels for classifications tasks, and over all
tokens in the vocabulary for knowledge base
completion tasks.

Note that during search, a training example
may occur both in the prompt and as well as
the test example. This is generally not a prob-
lem as we are not finetuning the model and
do not run the risk of learning to copy. When
also training the separator token (Section 4.3),
we ensure that the test example doesn’t occur
in the prompt by dropping it from the prompt
if required.

Selection For selection, we use elitism, i.e., at
each generation of individuals, we retain a
certain percentage (elite ratio) of top perform-
ing individuals without any modifications.
The rest of the population is created through
crossover and mutation over a percentage (se-
lection size) of top performing individuals.

Crossover We perform a single point crossover,
while ensuring that the resulting individuals
contain unique indices. Given two parents c1
and c2, first a random number j is sampled
in the range [k], the length of the individuals,
to use as the crossover point. We define an
operator Firsts(v, v′) which selects the first
s elements in vector v which do not occur in

vector v′. Similarly, Lasts(v, v′) picks the last
s elements in v which do not occur in vector
v′. Denoting the subvector c(i)c(i+ 1)...c(j)
by ci:j , four new individuals are then created:

d1 = (c1:j1 Lastk−j(c2, c
1:j
1 ))

d2 = (c1:j2 Lastk−j(c1, c
1:j
2 ))

d3 = (Firstj(c2, c
j+1:k
1 )cj+1:k

1 )

d4 = (Firstj(c1, c
j+1:k
2 )cj+1:k

2 )

This modification over a straightforward
crossover ensures that the resulting individ-
uals contain unique indices.

Mutation We perform mutation on an input can-
didate by changing each position with a muta-
tion probability pm. When changed, an index
is replaced by a random choice from the other
training examples. If the new index is already
present in the input candidate, the value at that
index is swapped with the selected index.

The Genetic algorithm is run for Nepochs (see
Section 3 for the training flow). A validation set
of the same size as the train set was used to select
from the best performing individuals in each epoch.

4.3 Separator Token Learning
In addition to the search over permutations of train-
ing examples as described in the previous section,
we optionally learn a separator token to concatenate
the examples (see Figure 1).

We initialize a token embedding parameter with
the token embedding of the newline character. At
the end of each epoch of the genetic algorithm, we
use gradient updates to estimate the token embed-
ding. The training set is created using the indi-
viduals (prompts) in the population in the current
generation, and replacing the answer of the final
example with the mask token. Gradient updates
are then done by requiring the model to predict the
correct answer.

5 Experiments

In this section, we aim to answer the following
questions:

Q1 How does PERO compare with existing ap-
proaches on task performance? (Section 5.3)

Q2 How do the components of PERO, namely ge-
netic algorithm and separator token learning
affect task performance? (Section 5.4)
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Training Prompt Type P@1

Manual LAMA (Petroni et al., 2019) 31.1ˆ

Full
supervision

LPAQA(top1) (Jiang et al., 2020) 34.1ˆ
Autoprompt (Shin et al., 2020) 43.3ˆ
PERO 46.6

10
examples

Autoprompt (Shin et al., 2020) 18.9
PERO 40.3

Table 2: Summary of fact retrieval experiments: Pre-
cision @1 results on test sets are presented. ˆindicates
replicated numbers. PERO improves over the baselines
when using all training data (up to 1000 examples) and
provides significant gains when using limited training
data. This indicates that PERO is more efficient at elic-
iting knowledge from language models. Please see Sec-
tion 5.3 for details and Appendix A.2.2 for more de-
tailed results.

Q3 What aspects of PERO are important for get-
ting good performance? (Section 5.5)

The experimental setup is described in Sec-
tion 5.2, and the datasets are described in Sec-
tion 5.1.

5.1 Datasets
Sentiment Classification: We use SST2 (Socher
et al., 2013), a binary sentiment classification task.
The training data contains 67350 training, 873 vali-
dation and 1822 test examples.

NLI: We use label-balanced 2-class NLI dataset
created by Shin et al. (2020) using the SICK-E
dataset (Marelli et al., 2014). This dataset has 1289
training, 143 validation and 1427 test examples.

Fact Retrieval: We use the train, validation, and
test splits created by Shin et al. (2020) (referred to
as ‘original’ in the paper) for 41 relations. For our
experiments, we use the manual prompts created
by Petroni et al. (2019). Please see Appendix A.2.2
for relation wise prompts and training statistics.

5.2 Experimental Setup
Number of training examples: For most of our
experiments, we limit to a total of 10 training ex-
amples. We chose this number as prior work (Shin
et al., 2020) faced difficulty in enabling predictions
using only 10 training examples, usually perform-
ing close to random prediction. We create 5 sets
of size 10, chosen successively from the first 50
training examples, and report on average task per-
formance. Although our focus is few-shot learning
in the low data regime, we also present results with

more examples (the first 100 and the first 1000 ex-
amples) for reference. For model selection, we use
a label-balanced validation set (chosen from the
beginning of the corresponding validation set) of
the same size as the training data. In all cases, and
irrespective of the number of training examples, we
keep the prompt size fixed to 10 examples.

Pretrained LM: We use RoBERTa-large (Liu
et al., 2019) for all our experiments except for the
fact retrieval task where we use the bert-large-cased
model (Devlin et al., 2019) as this model has been
shown to work better for the task (Shin et al., 2020).
RoBERTa-large has 24 layers, with 16 attention
heads and a hidden size of 1024 (355M parame-
ters). Bert-large-cased uses the same architecture
as RoBERTa-large. We use the implementation of
transformer architectures provided by Wolf et al.
(2020). We use the </s> token as the default sepa-
rator token. When learning a new separator token,
we initialize the token embedding by the token
embedding of </s> token, and finetune the embed-
ding as discussed in Section 4.3.

Genetic algorithm: We run the genetic algo-
rithm for 100 epochs for classification tasks and
30 epochs for fact retrieval tasks. The population
size was fixed to 100 and the mutation probability
was set to 0.1. Elite ratio was set to 0.1, while the
selection size was fixed to 25. When training a sep-
arator token embedding, the maximum number of
training epochs for learning the embedding was set
to 10 for classification tasks and 5 for fact retrieval
tasks. Gradient updates were performed using the
AdamW optimizer (Loshchilov and Hutter, 2018)
with a learning rate of 1e− 4.

Baselines: We use Autoprompt (Shin et al.,
2020) and the traditional finetuning approach as
few-shot baselines. Please see Appendix A.1 for
hyperparameter details.

5.3 Overall Results

In this section, we present the few-shot learning
capability of PERO. For reference, we also report
results when using more data.

We present fact retrieval results (Precision@1
scores) in Table 2. Relation wise results are pro-
vided in Appendix A.2.2. When using all train-
ing data, PERO improves the overall P@1, and
is competitive or outperforms Autoprompt on all
relations. When using only 10 training examples,
PERO provides significant gains over Autoprompt
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Number of training examples 10 100 1000

Sentiment
Classification

Finetune 52.5 (2.36) 90.2 93.1
Autoprompt 52.3 (2.60) 73.5 75.1
PERO 91.2 (1.83) 93.8 94.2

NLI
Finetune 57.4 (10.65) 96.1 98.6
Autoprompt 58.6 (9.08) 76.2 86.5
PERO 81.3 (4.99) 78.5 83.2

Table 3: Summary of classification tasks: Test set label accuracies for PERO are presented for the tasks of senti-
ment classification and NLI. When using 10 examples, we also report the standard deviation across training splits.
For both tasks, PERO provides significant gains over both Autoprompt and the traditional finetuning approach,
when using 10 examples. For reference, we also present results when using more training examples. For both
tasks, PERO is competitive with Autoprompt with increasing data. Overall, the results indicate that PERO is
capable of learning to generalize with a handful of examples, in contrast to existing approaches. Please see Sec-
tion 5.3 for details. Please see Appendix A.2.1 for additional comparison between Autoprompt and PERO using
10 examples across 100 training splits.

Sentiment
Classification

NLI

PERO 91.2 81.3
PERO-Sep learning 89.3 77.5

Table 4: Impact of separator token learning Step: Av-
erage test set label accuracies with and without the sep-
arator token learning are presented for training sets of
size 10. The results indicate that the genetic algorithm
step alone provides a strong baseline, while the separa-
tor token learning step provides further gains. Please
see Section 5.4 for details.

on all relations. Overall, we show through PERO
that simple manual prompts can be combined in
relatively straightforward ways to create stronger
probes while still being interpretable.5

We present the label accuracies of PERO for
sentiment classification and NLI in Table 3. In
each case, PERO is able to generalize well when
using only 10 examples, while existing approaches
perform close to random guess ( 50%). When using
more data, PERO is competitive with Autoprompt
for both tasks, while finetuning does better than
PERO for NLI with larger training sizes. Overall,
PERO provides an efficient approach to few-shot
learning with pretrained language models.

Comparison when using larger training sizes:
The results in Table 3 also suggest the use of fine-
tuning when more data is available and the use of
PERO when there isn’t enough data for finetuning
to generalize well. The relatively low performance
of PERO with more data, especially for the NLI
task, could be due to the much larger search space

5Autoprompt’s learned tokens are sometimes relevant to
the task but generally hard to interpret.

when using more training data. Since we keep the
prompt size fixed to 10 examples, the search space
is 10! for 10 training examples and 1000!/990!
when using 1000 examples. While a better search
strategy could potentially improve PERO’s perfor-
mance when using more data, we leave that as an
interesting future work. Note, however, that the
search space complexity is determined by the num-
ber of training examples irrespective of their labels.
For example, PERO improves over the baselines
on the fact retrieval task (Figure 2), despite a much
larger number of labels.

For reference, we provide the label accuracies
when using all available training data when using
PERO, Autoprompt and finetuning respectively:
95.0, 91.4 and 96.7 for sentiment classification,
and 79.5, 87.3 and 99.1 for NLI. When compared
to the traditional fully supervised finetuning ap-
proach, PERO performs within 94.3% while us-
ing only 0.015% of the training data for sentiment
classification, and within 82.1% while using only
0.77% of the training data for NLI.

5.4 Ablation on PERO’s components

In this section, we present an ablation study to un-
derstand the role that the two components of PERO,
namely genetic algorithm and separator token learn-
ing steps play. We present the label accuracies for
sentiment classification and NLI with and with-
out the separator token learning step (indicated as
PERO-sep learning) in Table 4. The results indi-
cate that the permutation search using the genetic
algorithm step provides large gains by itself, while
the separator token learning potentially improves
it.
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Sentiment
Classification

NLI

Default fitness 89.3 77.5
Inverse fitness 78.3 58.8

Table 5: Searching for bad permutations: We use the
genetic algorithm described in Section 4 to search for
bad permutations, by inverting the definition of fitness
and report on test accuracy. Average results when using
training sizes of 10 examples are presented and con-
trasted with search using default fitness. The results in-
dicate that good permutations found by PERO are not
trivial and that choosing the right permutation is nec-
essary for generalization. Please see Section 5.5.1 for
details.

5.5 Analyzing Learned Permutations
5.5.1 Do bad solutions exist which PERO

learns to avoid?
With the same search strategy as discussed in Sec-
tion 4, we search for potentially bad permutations,
by inverting the definition of fitness. For this exper-
iment, to focus on the role of permutations, we
do not train the separator token for this experi-
ment. We present the average test set accuracies
across training splits for the best and the worst
permutations in Table 5. Additionally, we also
evaluate 100 random permutations for each train-
ing split. The mean (and standard deviation) test
accuracy across training splits and random permu-
tations was 85.6(9.08) for sentiment classification
and 67.9(8.99) for NLI.

The results indicate that PERO’s learned per-
mutations provide significant gains over other per-
mutations constructed using the same examples.
Selecting the right permutation, therefore, is impor-
tant for generalization.

5.5.2 How many examples does PERO need
for good performance?

One could see a permutation learned by PERO as
a combination of a label pattern (the sequence of
labels corresponding to the sequence of examples)
and particular examples of the respective labels.
To understand the importance of the learned label
pattern, we search for pairs of examples, one ex-
ample for each label6, and repeat them using the
learned label pattern. The examples are selected
from within the set of examples in the learned per-
mutation. We present the accuracy with the origi-
nal permutation and the best and worst accuracies

6Learning from one example per class is usually referred
to as one-shot learning.

Accuracies on SST2 dev set using only 2 examples
Label sequence PERO-10 Best-2 Worst-2
----++++-- 91.4 91.5 81.2
-++----+-- 81.1 89.5 66.5
++++---+++ 81.4 85.5 53.9
---+++++-- 91.5 87.4 69.3
----++++-- 91.4 90.8 74.9

Table 6: Evaluating learned label patterns with one
example per label: Best and worst accuracies obtained
when using only two examples (one unique example
per label) are compared with the accuracy of PERO
with 10 distinct examples for the same label pattern
(denoted by PERO-10). The best accuracy possible
with two distinct examples is competitive with PERO-
10. The results indicate that learned label patterns are
useful for generalization, along with the choice of se-
lected examples. Please see Section 5.5.2 for details.

Sentiment
Classification

NLI

Proposed
1-shot

Worst 56.2 56.3
Best 90.6 84.5

10
examples

Finetune 52.5 57.4
Autoprompt 52.3 58.6

PERO 91.2 81.3

Table 7: One-shot learning: Best and worst test set
label accuracies with one-shot learning using training
example pairs obtained from the first 10 training exam-
ples are presented. The best possible accuracies with
the proposed one-shot learning approach is competitive
with PERO using 10 examples, while improving over
finetuning and Autoprompt using 10 examples. Please
Section 5.5.3 for details.

when using only two training examples in Table 6.
Remarkably, two examples alone, when selected
well, can go a long way towards good performance.

Additionally, using the learned label pattern pro-
vides at least a 10 point improvement in accuracy
when compared with a sequence without repeti-
tions (details omitted). This indicates a potential
recipe for one-shot learning which we discuss next.

5.5.3 Can insights gained from this work lead
to one-shot learning recipes?

To answer this question, we provide an example
one-shot learning (one training example per class)
algorithm which greedily grows a prompt sequence.
In contrast to Section 4, we don’t use an additional
validation set to select a good prompt sequence. We
update the definition of fitness to prevent it from
being biased towards one class by defining it to
be the minimum and not the average of the cross
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SST-2

Best
(Acc: 90.6 )

-ve sentiment: on the worst revenge-of-the-nerds clichés the filmmakers could dredge up
+ve sentiment: demonstrates that the director of such hollywood blockbusters as patriot games
can still turn out a small , personal film with an emotional wallop .

Worst
(Acc: 56.2)

-ve sentiment: remains utterly satisfied to remain the same throughout
+ve sentiment: of saucy

Table 8: Example training pairs for one-shot learning corresponding to the best and worst test set accuracies for
sentiment classification. Please see Section 5.5.3 for details.

entropy loss over the training examples. This is
equivalent to minimizing the negative probability
of the least probable target label.

Following Section 5.5.2, we allow an example
to be repeated in a prompt sequence. Setting the
maximum possible length of the prompt sequence,
i.e., number of (potentially repeated) examples in
the prompt sequence to lmax, the algorithm then is
comprised of the following steps:

1. Initialize an empty prompt, c = ()

2. Create all possible prompts, P , formed by in-
serting exactly one example to c. If we denote
the length of c as lc and the number of la-
bels as Nlabels, the size of the set is given by
NP = (lc + 1) ∗Nlabels.

3. Compute the fitness of prompts in P .

4. Select prompt c′ ∈ P with the best fitness.

5. Set c′ = c and go to step 2 if lc < lmax.

We now discuss the results of using this one-
shot learning approach over the tasks of sentiment
classification and NLI. In each case, we consider
the first 10 examples in the training set and create
all possible training example pairs for one-shot
learning, selecting one example from each class.
This leads to 24 training example pairs in each
case. We set the max length lmax to 10, and ensure
that the prompt sequence is label-balanced at each
step. We summarize the results in Table 7. The
results indicate that the proposed algorithm is an
effective approach to one-shot learning. In Table 8,
we show the training examples corresponding to
the best and worst cases for the task of sentiment
classification. While there is indication that more
representative examples (such as longer examples)
are more informative and thus more useful for one-
shot learning, we leave a more thorough analysis
as interesting future work.

6 Conclusion

In this paper, we propose PERO, a promising ap-
proach for few-shot learning, where we formulate
learning as search over permutations of training
examples, and optionally a separator token. We
show the effectiveness of PERO for few-shot learn-
ing on the tasks of sentiment classification, NLI
and fact retrieval tasks. We demonstrate that PERO
provides an interpretable and a more accurate way
to probe the knowledge contained in pretrained lan-
guage models. Our analysis of the learned prompts
reveals novel insights and cues for further research
on few-shot learning, including one-shot learning.
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A Appendix

A.1 Experimental Setup

A.1.1 Autoprompt Experiments

For Autoprompt experiments, following Shin et al.
(2020), we set the number of trigger tokens to 10,
number of label tokens to 3, and candidate set size
to 10. Label search was run for 50 iterations and
trigger token search was run for 180 iterations. Ex-
periments were conducted on the same splits as
PERO.
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A.1.2 Finetuning Experiments
For the finetuning experiments, following the rec-
ommended settings for small datasets by Mosbach
et al. (2020), we trained models for 20 epochs, us-
ing AdamW (Loshchilov and Hutter, 2018), with
learning rate linearly increasing to 2e − 5 in the
first 10% epochs and then linearly decreasing to 0.
The experiments were conducted on the same splits
as PERO.

A.1.3 Training Time
Training time for PERO was approximately 3 hours
for each experiment in the case of classification
tasks, and approximately 30 minutes for each ex-
periment of fact retrieval tasks.

A.1.4 Computing Infrastructure
We used Nvidia’s GeForce GTX 1080 Ti GPUs
for all our models. Each experiment was run on a
single GPU.

A.1.5 Data
The experiments were done in the evaluation frame-
work of Shin et al. (2020) who provide instructions
for downloading the corresponding data splits at
https://github.com/ucinlp/autoprompt.

Here, we provide more details on the classifica-
tion datasets used. Details on the fact retrieval data
are presented in Section A.2.2.

Sentiment Classification: We used the SST-2
dataset, the binarized version of the sentiment clas-
sification dataset created by Socher et al. (2013).
The training examples are constructed using movie
review excerpts collected from rottentomatoes.

com website, and labels obtained using Amazon
Mechanical Turk’s crowdsourcing platform. The
percentage of examples labeled with positive senti-
ment in train, validation and test sets are 55.78%,
50.92% and 49.64% respectively. The number of
examples labeled with positive sentiment in the
training sets of size 10 used in the work are 4, 3,
7, 5 and 4. See Section 5.2 for selection and other
details.

NLI: We use the label-balanced 2-class NLI
dataset created by Shin et al. (2020) using the
SICK-E dataset (Marelli et al., 2014). The dataset
was created using sentences from the 8K Im-
ageFlickr data set7 and the SemEval 2012 STS

7http://nlp.cs.illinois.edu/
HockenmaierGroup/data.html

Number of training examples 10

Sentiment
Classification

Autoprompt 54.73 (4.72)
PERO 91.81 (1.87)

NLI Autoprompt 62.31 (8.23)
PERO 78.61 (6.73)

Table 9: Additional results on classification tasks: Test
set label accuracies (and standard deviation) for Auto-
Prompt and PERO are presented for the tasks of senti-
ment classification and NLI across 100 training splits
of size 10.

MSRVideo Description data set8. Labels were ob-
tained using Amazon Mechanical Turk’s crowd-
sourcing platform. The number of examples la-
beled with entailment relation in the training sets
of size 10 used in the work are 4, 3, 5, 6 and 5. See
Section 5.2 for selection and other details.

A.2 Additional Results
A.2.1 Sentiment Classification
With the experimental setup described in Section 5,
we performed additional comparison between Au-
toprompt and PERO by creating 100 training splits
of size 10, chosen successively from the first 1000
training examples in each dataset. We report on the
average (and standard deviation) test accuracy with
Autoprompt and PERO in Table 9.

A.2.2 Fact Retrieval
We present relation wise training details and
LAMA (Petroni et al., 2019) prompts which we
used for our experiments along with the detailed
relation wise test results in Table 10.

A.3 Validation Set Results
In this section, we provide the validation set results
omitted from the main text.

For sentiment classification, PERO’s accuracy
on validation set with 10, 100 and 1000 examples
respectively are 91.2%, 93.8% and 94.1%. For
NLI, PERO’s accuracy on validation set with 10,
100 and 1000 examples respectively are 81.3%,
78.5% and 83.2%. The validation set accuracy
of PERO-Sep learning which was trained on 10
training examples was 91.2% for sentiment classi-
fication and 79.4% for NLI.

For fact retrieval. the average P@1 was 48.95
when using all training data, and 42.56 when using
only 10 training examples.

8http://www.cs.york.ac.uk/
semeval-2012/task6/index.php?id=data
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Relation, Manual Prompt (LAMA) (#train) Full data set Size 10 dataset

LAMA LPAQA Auto
Prompt

PERO
Auto
Prompt

PERO

P1001, [X] is a legal term in [Y] (1000) 70.47 72.75 82.45 84.88 71.50 79.00
P101, [X] works in the field of [Y] (864) 9.91 5.32 12.79 18.25 3.60 11.32
P103, The native language of [X] is [Y] (1000) 72.16 72.16 82.09 81.88 23.40 76.64
P106, [X] is a [Y] by profession (1000) 0.63 0 14.72 14.30 0.60 6.78
P108, [X] works for [Y] (376) 6.79 5.74 8.62 8.09 1.80 7.57
P127, [X] is owned by [Y] (548) 34.79 32.46 35.95 47.89 13.90 39.13
P1303, [X] plays [Y] (1000) 7.59 18.02 15.38 23.71 15.10 16.23
P131, [X] is located in [Y] (1000) 23.27 22.81 37.46 39.95 12.00 30.58
P136, [X] plays [Y] music (1000) 0.75 16.76 55.42 55.42 9.30 55.81
P1376, [X] is the capital of [Y] (310) 73.93 59.83 40.17 56.84 26.10 55.81
P138, [X] is named after [Y] (856) 61.55 59.69 66.05 72.40 18.20 70.26
P140, [X] is affiliated with the [Y] religion
(445)

0.63 59.83 75.26 63.00 49.30 61.02

P1412, [X] used to communicate in [Y] (1000) 65.02 64.71 71.21 74.20 49.80 74.01
P159, The headquarter of [X] is in [Y] (1000) 32.37 35.57 35.47 39.71 10.20 28.67
P17, [X] is located in [Y] (1000) 31.29 35.48 52.15 59.14 17.20 56.56
P176, [X] is produced by [Y] (1000) 85.64 81.67 87.78 87.88 55.20 82.46
P178, [X] is developed by [Y] (560) 62.84 59.12 66.72 67.23 29.50 52.30
P19, [X] was born in [Y] (1000) 21.08 20.87 19.92 22.56 6.50 17.80
P190, [X] and [Y] are twin cities (895) 2.41 1.91 2.31 2.61 1.00 2.63
P20, [X] died in [Y] (1000) 27.91 27.91 31.16 32.53 11.90 30.62
P264, [X] is represented by music label [Y]
(1000)

9.56 10.26 43.82 38.46 9.90 28.76

P27, [X] is [Y] citizen (1000) 0 41.51 46.69 48.96 25.80 46.63
P276, [X] is located in [Y] (1000) 41.5 41.5 44.11 48.38 20.80 42.50
P279, [X] is a subclass of [Y] (1000) 30.74 14.75 54.93 63.28 22.40 51.95
P30, [X] is located in [Y] (1000) 25.44 18.56 70.36 79.69 43.80 73.23
P31, [X] is a [Y] (1000) 36.66 36.66 51.95 53.90 15.40 45.55
P36, The capital of [X] is [Y] (1000) 62.16 62.16 60.6 63.44 14.70 63.36
P361, [X] is part of [Y] (1000) 23.61 31.44 17.7 41.09 1.70 7.96
P364, The original language of [X] is [Y] (1000) 44.51 43.93 48.48 53.04 16.60 44.02
P37, The official language of [X] is [Y] (311) 54.55 56.83 62.63 67.29 13.00 57.12
P39, [X] has the position of [Y] (1000) 7.96 16.14 30.72 37.33 23.10 33.50
P407, [X] was written in [Y] (1000) 59.18 65.22 68.42 72.63 41.80 66.50
P413, [X] plays in [Y] position (1000) 0.53 23.74 41.7 41.70 19.10 41.70
P449, [X] was originally aired on [Y] (1000) 20.89 9.08 34.39 35.19 15.90 28.06
P463, [X] is a member of [Y] (679) 67.11 57.33 54.22 65.78 25.10 39.20
P47, [X] shares border with [Y] (1000) 13.67 13.34 19.52 15.84 5.30 14.51
P495, [X] was created in [Y] (1000) 16.5 32.23 36.63 40.37 9.90 37.51
P527, [X] consists of [Y] (1000) 11.07 10.55 25.61 27.66 3.30 23.77
P530, [X] maintains diplomatic relations with
[Y] (927)

2.81 3.92 3.11 3.41 0.90 2.21

P740, [X] was founded in [Y] (1000) 7.59 13.68 13.89 15.71 8.80 9.25
P937, [X] used to work in [Y] (1000) 29.77 39.1 38.36 44.23 13.80 39.81

Table 10: Fact retrieval Precision @1. PERO outperforms or matches Autoprompt for all except one relation
when using all training data. With 10 examples, PERO performs significantly better than the Autoprompt for all
relations. Please see Section 5.3 in the main text for details.
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Abstract

Named Entity Recognition (NER) in low-
resource languages has been a long-standing
challenge in NLP. Recent work has shown
great progress in two directions: develop-
ing cross-lingual features/models to transfer
knowledge to low-resource languages, and
translating source-language training data into
low-resource target-language training data by
projecting annotations with cheap resources.
We focus on the second direction in this study.
Existing methods suffer from the low quality
of the resulting annotated data in the target lan-
guage; for example, they cannot handle word
order and lexical ambiguity well. To handle
these limitations we propose a novel approach
that uses the projected annotation to generate
pseudo supervised data with a transformer lan-
guage model and a constrained beam search.
This allows us to generate more diverse, higher
quality, as well as higher quantities of an-
notated data in the target language. Experi-
ments demonstrate that, when combining our
method with available cross-lingual features, it
achieves state-of-the-art or competitive perfor-
mance on NER in a low-resource setting, espe-
cially for languages that are distant from our
source language, English. 1

1 Introduction

Named entity recognition (NER), the task of find-
ing and classifying named entities in text, has
been a mature topic in natural language processing
(NLP). However, its success is highly dependent on
the amount and quality of annotated data. For most
of the world’s languages, the amount of supervised
resource is limited. How to develop a good NER
system with little to no annotated data has become
a challenging problem.

1The code and data of the paper are available at: http:
//cogcomp.org/page/publication_view/945

(a)

(b)

Figure 1: (a) A pipeline of our data generation system;
(b) An English-to-German example. An NER anno-
tated English sentence at the top as the input produces
(multiple) NER annotated German sentence(s) at the
bottom. Red words are labeled named entities. Our
generation method is denoted by CLDG (see §3.3 for
details).

To address this challenge in low-resource NER,
recent works study the benefits of weakly- or
partially-annotated data (Dehghani et al., 2018;
Mayhew et al., 2019), and that of transferring
knowledge from the high-resource languages to
the low-resource languages. Common corpora for
developing cross-linguality include parallel text
(Wang and Manning, 2014; Ni and Florian, 2016),
Wikipedia (Nothman et al., 2013; Pan et al., 2017),
and multilingual dictionaries or gazetteers (Tsai
et al., 2016). However, the effectiveness of these
approaches depends on the quality and quantity
of data. For example, parallel text in some low-
resource languages is unavailable and the dictio-
nary size is usually smaller; there are 295 languages
in Wikipedia, but most of them are too sparse to be
useful. Mayhew et al. (2017) and Xie et al. (2018)
employed phrase-level and word-level translation
respectively to produce target-language training

4519



data by projecting annotations. Xie et al. (2018)
also tried to alleviate word order divergence across
languages by adding self-attention layers. How-
ever, this only makes the NER classifier insensitive
to word order and the benefits of order information
are still ignored.

In this study, we propose Constrained Labeled
Data Generation (CLDG), a method that generates
pseudo labeled data in low-resource languages with
only cheap resources: a dictionary and unannotated
text in the target language. Fig. 1 illustrates the
pipeline of our labeled data generation system. We
first translate high-resource labeled sentences to
the target language word-by-word with a dictionary.
Next, we construct target-language text from the
source-language named entities with a pretrained
language model. We introduce a decoding strategy
with declarative constraints (i.e. hard constraints)
to ensure the presence of entities in the generated
text.

By constructing data artificially this way, we get
sentences with the projected annotated entities, and
with more natural, contextually correct, word order.
Moreover, multiple annotated target language sen-
tences can be generated with our method from a
given annotated sentence in English. To the best of
our knowledge, this work is the first to artificially
generate labeled data via constrained text gener-
ation. Our method improves the current state-of-
the-art results on NER across several low-resource
languages. Since our approach generates pseudo
data from the labeled source-language tokens, it
can potentially generalize to other cross-lingual
NLP tasks.

2 Related Work

2.1 Cross-lingual NLP

There are two main approaches to cross-lingual
learning: parallel projection, and developing
language-independent features. The first approach
obtains pseudo labeled target-language data by pro-
jecting annotations from the source to the target
using a parallel corpus. A model is then trained in
the target language. It has been applied to many
tasks, such as part-of-speech tagging (Fang and
Cohn, 2016; Das and Petrov, 2011), NER (Wang
and Manning, 2014; Mayhew et al., 2017) and pars-
ing (McDonald et al., 2011). The second method
attempts to learn language-independent features
with which a model trained in the source can trans-
fer directly to the target language. For example,

Tsai et al. (2016) developed cross-lingual features
from inter-language links in Wikipedia. Multilin-
gual BERT (Devlin et al., 2019a; Pires et al., 2019)
is trained on 104 languages and it can provide pow-
erful cross-lingual contextual representations for
many tasks.

2.2 Transformers for Text Generation

Self-supervised learning has achieved remarkable
success in a wide range of NLP tasks (Vaswani
et al., 2017; Peters et al., 2018; Devlin et al., 2019b).
Pourdamghani et al. (2019) apply transformers to
unsupervised machine translation, but it is hard to
align named entities in the translated sentences. In
terms of text generation, transformer-based mod-
els like GPT (Radford et al., 2019; Brown et al.,
2020) have shown great potential. These models
are pretrained on the large unsupervised corpora
crawled from the web. BART (Lewis et al., 2020)
proposes to learn a model by reconstructing the in-
put corrupted by an arbitrary operation (e.g. token
masking, token deletion, text infilling, etc.). It is
particularly effective in text generation. T5 (Raffel
et al., 2020) improves transfer learning by reformu-
lating all tasks into a unified “text-to-text” format.
It achieves state-of-the-art results on benchmarks,
such as summarization.

To overcome the challenge of generating coher-
ent long text, ProGeT (Tan et al., 2020) first pro-
duces a sequence of informative words and then
progressively adds tokens until completing a full
passage. It evaluates word importance with TF-IDF
metric. In our experiments, we use this method to
select input to the language model. Unlike ProGeT
which generates sequences in multiple stages, we
complete the text at one time.

2.3 Constrained Text Generation

Constrained text generation aims to decode sen-
tences with expected attributes such as topics (Feng
et al., 2018), style (Luo et al., 2019), etc. In this
work, we focus on hard constraints.

MaskGAN (Fedus et al., 2018) fills in missing
text conditioned on context. It can be used for hard-
constrained generation by masking non-constraint
words, but the constraints have fixed positions in
text. Insertion Transformer (Stern et al., 2019)
solves this issue by inserting tokens between lexical
constraints iteratively. To consider all the valid
hard-constrained generation, it has to permute the
constraints ordering.
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Model TF-IDF threshold
25% 50%

T5-small 0.30 0.54 0.28 0.58
BART-base 0.27 0.47 0.24 0.72

Table 1: Validation loss (epoch 65) of the models on 5k
English sentences. For each model with a TF-IDF, the
right cell indicates training with noise.

Grid beam search (GBS) (Hokamp and Liu,
2017) offers another solution to the problem by ex-
tending beam search and applying hard constraints
that allow word insertion and permutation. Fig. 3
shows a visualization of GBS. The vertical axis
represents completed constraints, and the horizon-
tal axis indicates the output sequence, including
constrained and unconstrained tokens. At each
step, each hypothesis produces candidates in two
directions: generating a word from the model distri-
bution, or completing a constraint. Then it selects
the top k candidates as the next hypotheses to con-
tinue. Dynamic Beam Allocation was proposed to
improve the speed of constrained decoding (Post
and Vilar, 2018). In this paper, we extend GBS
to allow the source-language constraints for text
generation in the target language.

3 Algorithm

Problem Setting. Our objective is to generate
hard-constrained annotated data of higher quality
and larger quantity in the target language from a
source language (e.g. English) in an unsupervised
way. In this work, we limit ourselves to a setting
where only the following resources are available:

• Monolingual corpora in the target language.

• A dictionary from the source to the target.

• NER training data in the source language.

Our data generation pipeline consists of the fol-
lowing steps:

1. Word-by-word translation from the NER train-
ing data in the source language to the target
languages (§3.1).

2. Taking the important translated words as in-
put, a pretrained transformer model is used
to generate the target-language NER training
data. The model is pretrained from scratch
with data extracted from Wikipedia (§3.2).

3. Hard constraints are applied to the generation
to include the named entities with their labels
(§3.3).

3.1 Word-level Translation
We adopt Cheap Translation (Mayhew et al., 2017)
or Bilingual Word Embedding Translation (Xie
et al., 2018) to translate training data from the
source language into the target language word-by-
word with a dictionary.

3.2 Pretraining Language Models
To reduce the noise introduced by wrong word-
level translation, we only take the important words
as input to the generation model. The vocabulary
is sorted with TF-IDF scores, and only a small
proportion of words with higher scores (e.g. 25%,
is defined as the TF-IDF threshold in Table 1) are
kept as the input. We extract text in the target
language from Wikipedia as the training data, and
train the model with the objective of reconstructing
full text from important words and phrases. The
selection of important words is also based on the
TF-IDF scores.

In this work, we experiment with BART and
T5 provided by HuggingFace (Wolf et al., 2020)
for target-language model pretraining, though our
method can use other off-the-shelf generative lan-
guage models. Since BART and T5 are transform-
ers with both the encoder and the decoder, text
is conditionally generated from the bidirectional
context.

During training, the model predicts the next to-
ken conditioned on the previous words sampled
from the ground-truth data distribution. During
generation, however, the model generates words
conditioned on its previous imperfect prediction.
Since the model has never seen such noisy input,
its performance would degrade, and this training-
generation discrepancy would accumulate along
the generation sequence. This problem is referred
to as “exposure bias” (Ranzato et al., 2016). To al-
leviate this issue and increase the robustness of the
language model, we add noise to the gold data dur-
ing training, by randomly replacing 10% of input
words with others in the sentence.

We train the model on 100k English sentences
and evaluate it on 5k sentences to select the best
model as well as the TF-IDF threshold. The ex-
perimental results in Table 1 show BART to be
the most suitable one, and that 25% gives the best
performance and covers most important words in a
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hypothesis

Deutsche<German>

Landwirtschaft

<farm ministry>

Ministerium<ministry farm>

Briten

<British> britisch

Es 

 Das 
 

  candidates

<Landwirtschaft
   ministry>

Deutsche

britisch

Landwirtschaft

Das 

Ministerium

     candidates
 

…
...
...

Briten
<British> britisch

…
...
...

Abteilung
Anruf

Constraints: 
<German>   
<farm ministry>
<British>

Figure 2: A visualization of CLDG with the example from Fig. 1. Yellow rectangles represent hypotheses, blue
arrows are translating blue words from the source language to the target language, the green blocks represent
candidates, and green arrows show the selected candidates (beam size = 4) for the next hypotheses. “<farm
ministry>” is an example of a phrase-level constraint. “Landwirtschaft” is translated from “farm”. Since it is
selected as one candidate, it closes the hypothesis, and therefore its next token must finish the current constraint, i.e.
the next candidate must be the translation from “ministry”. “<British>” shows an example of multiple translations.

Figure 3: Illustration of GBS (Hokamp and Liu, 2017).
The vertical axis c indicates coverage of hard con-
straints. Each rectangle represents a beam containing
k hypotheses. Dashed arrows start or continue a con-
straint based on whether the current constraint is fin-
ished or not, while solid arrows generate new words.
Beams on the top layer contain candidates covering all
the constraints.

sentence. Therefore in §4, we pretrain BART-base
with a threshold 25%.

3.3 Hard-constrained Generation

Transformer language models can produce any
word which may or may not be in the input. To
ensure the presence of source-entities in the gener-
ated text, we extend GBS to CLDG (Constrained
Labeled Data Generation). Fig. 2 illustrates our
constrained decoding process. See the Appendix

for its pseudo-code. The constraints are the named
entities in the source language; they are first trans-
lated in the target language (with their labels) and
CLDG constrains the output sequence to include
them in the output sequence.

We use the coordinate system in Fig. 3. In each
grid (t, c), candidates of new tokens are produced
by generating all the possible tokens from previous
hypotheses in grid (t− 1, c), and choosing one to-
ken for each constraint of each hypothesis in grid
(t−1, c−1). Once we start a phrase-level constraint,
we close hypotheses and only choose the next to-
ken for the current incomplete constraint. Then we
select candidates with the top-k (k is beam size)
scores as hypotheses for the current grid. Since
constraints are named entities in the source lan-
guage, we use a dictionary to translate them into
the target language in GBS decoding.

Unlike the original GBS with constraints in the
target language, CLDG produces hypotheses from
multi-translations with different token lengths for
each constraint in the source language. i.e. when
decoding one sample, the number of beam nodes
along the vertical direction in Fig. 3 varies for
different hypothesis paths. This is due to multiple
translation choices.

With open-ended GBS generation that uses top-k
candidates selecting strategy, the model tends to
generate similar text when constraints and input are
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the same. Besides, it also suffers from issues like
repetitive generation, etc. The sampling method
(Holtzman et al., 2019) can be used to address the
above mentioned problems. However, when candi-
dates from constraints and non-constraints are put
together for sampling, the tokens in the constraints
have little chance to be selected. This tends to con-
struct sentences with most entities appearing in the
end. We modify GBS to select hypotheses from
both constraints candidates and new generation can-
didates, separately and evenly. For the constraints
we use top-k beam search to pick candidates, while
for produced tokens we sample the top-k hypothe-
ses among candidates of beam search, which better
solves this problem and also gives more diverse
data when decoding multiple times.

Another potential problem in our method is the
unintended introduction of new named entities into
the generation process, as only translated named
entities have labels. This would degrade the qual-
ity of pseudo labeled data, thus leading to a low
NER recall. To cope with this issue, we adopt
the following methods: (1) We restrict the number
of new unconstrained tokens to be less than a pa-
rameter max unconstrained. Once the number
of unconstrained tokens hits the maximum bound,
only constraints are considered in subsequent de-
coding. (2) We use a naive NER predictor trained
on previously-produced data to detect and relabel
the added entities. Experiments show this can ef-
fectively improve the model performance.

3.4 Implementation Details of CLDG

Lexical Ambiguity. We tackle the problem of mul-
tiple translations by allowing multiple candidate
tokens, each for one translation. The language
model will choose the better candidates among
all candidates to continue its generation. In many
cases, one entry has too many (>35) translations,
which would lead to poor generation quality if we
consider all of them. To handle this problem, we
consider a subset of frequently-occurred transla-
tions (Mayhew et al., 2017).
Word Order. We address the problem of word
order in two levels in the decoding: (1) The global
phrase order in a sentence; (2) The local word order
within phrases. When there is no phrase-level trans-
lation in the dictionary, we first translate word by
word. Then we reorder and select the most appro-
priate one based on the language model. For exam-
ple, when translating the organization “University

Language Language Code Number of Sentences
German de 293K
Spanish es 541K
Dutch nl 519K
†Akan ak 287K
Arabic ar 554K
Turkish tr 579K
†Wolof wo 75K
†Yoruba yo 286K
Uzbek uz 267K

Table 2: Wikipedia statistics for pretraining (§3.2).
† represents using the entire Wikipedia and aug-
menting with the text provided by the LORELEI
project’s data. For example, Wolof Wikipedia con-
tains only 17K sentences and we enlarge it to 75K.

of XXX” from English to Chinese, a word-to-word
translation would be “大学 XXX”, which does not
fit the Chinese grammar. With our method, how-
ever, we can get text with the correct order “XXX
大学”. Previous works (Mayhew et al., 2017;
Xie et al., 2018) tried to alleviate the word order
issue by translating data between similar languages.
However, there is no such limitation for CLDG.
We can always start from English as there is much
more labeled data in English.

Generating More Data. We aim to generate
multiple labeled sentences in the target language
for each source sentence. Our experiments show
that by training on a combination of generated data,
the model performs better.

4 Experiments

We generate target-language annotated data via the
pipeline in §3. Then we train an NER model on
the generated data. We use the standard BiLSTM-
CRF architecture (Ma and Hovy, 2016) with an
AllenNLP implementation (Gardner et al., 2018).

4.1 Datasets

We evaluate our method on the benchmark CoNLL
2002 and 2003 NER datasets (Tjong Kim Sang,
2002; Tjong Kim Sang and De Meulder, 2003)
which contain 4 languages: English, Spanish, Ger-
man, Dutch. Previous study shows that English is
closely related to the above European languages
in terms of word order (Mayhew et al., 2017).
Hence, in order to demonstrate the advantages of
our method, we add several languages that are dis-
similar to English: Akan, Arabic, Turkish, Uzbek,
Wolof, Yoruba. We evaluate their performances on
the LORELEI project’s data (Strassel and Tracey,
2016). Among the 9 languages we evaluate, Wolof
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Language Dutch German Spanish Akan Arabic Turkish Wolof Yoruba Uzbek
Dict Size 961K 1.36M 1.25M 15K 410K 630K 5K 465K 65K

Table 3: Dictionary size for each language in CT method.

Method Extra Resources
CT MASTERLEXES dictionary

BWET fastText embeddings, 1.5K word
pairs in MASTERLEXES dictionary

Table 4: Resources used in each method.

and Yoruba are truly low-resource languages, and
for the other languages, we limit the resources used
in order to mimic a truly low-resource scenario.

In all the experiments, we choose English
CoNLL train set as the source and generate train-
ing data in the target language. CoNLL has 4
named entities labels PER, LOC, ORG, MISC,
while LORELEI contains PER, LOC, ORG, GPE.
To address this mismatch, we manually changed
some MISC and LOC labels in CoNLL to GPE.

4.2 Compared Methods

We experiment with different methods as described
below. Resources used for each approach are re-
ported in Table 4. All the methods are evaluated
on the same NER model with multilingual BERT
(Devlin et al., 2019a), hereafter mBERT, as word
embeddings. For each experiment, we run 5 times
using different seeds and report the mean and stan-
dard deviation (Reimers and Gurevych, 2017).

1. Zero-shot Learning We train an NER model
on English CoNLL data, and directly evaluate
it on the target language.

2. Cheap Translation (CT) Cheap translation
(Mayhew et al., 2017) translates labeled data
with MASTERLEXES dictionaries (Rolston
and Kirchhoff, 2016). Prior study shows that a
larger dictionary has a better chance of cover-
ing valuable entries for NER, such as context
words of named entities (Mayhew et al., 2017).
Since dictionaries for LORELEI languages
are much smaller, we augment them with the
lexicons provided in the LORELEI project.
Dictionary sizes are presented in Table 3.

3. Bilingual Word Embeddings Translation
(BWET) This approach (Xie et al., 2018)
translates annotated source-language data into
the target language by inducing a cross-lingual

word-level mapping with the fastText embed-
dings trained on Wikipedia and the MASTER-
LEXES dictionaries.

4. Our Method (CLDG) We follow the proce-
dure described in §3 to produce training data.
Table 2 presents statistics of monolingual cor-
pora used for language model pretraining. See
§4.3 for detailed description.

5. Google Translate Google Translate is used
to translate English CoNLL train set into the
target language sentence by sentence. We
project labels across translations using fast
align (Dyer et al., 2013). For languages sup-
ported by Google Translate, this serves as an
upper bound for the translation quality.

6. Supervised Learning We train on the target-
language gold data and consider it as an upper
bound for the cross-lingual learning.

4.3 Experimental Setup for CLDG

One advantage of our method is that given one la-
beled English sentence, we are able to generate
multiple sentences in the target language with spec-
ified named entities and labels. Moreover, we can
adjust the extent and the range of reordering in
generation according to the characteristics of each
language, which means a more coherent ordering
in the target context. Aside from named entities,
we can also adjust how many additional phrases
in the source are regarded as constraints. In one
extreme setting, we only include source-language
entities to generate open-ended text.

To demonstrate the universality of our method,
we first apply one general setting to the genera-
tion of all the European languages and all the non-
European languages, respectively. Then we fine-
tune the generation setting on each language as
well as generate more data with different settings
to obtain a better result. Results are presented and
analyzed in §4.4.

In the general setting for LORELEI languages,
we concatenate two sets of data. One is generated
without reordering, with translation based on the
most frequent source-word pair in the dictionary.

4524



ar ak tr wo yo uz Avg
Mayhew et al. (2017) — — 51.79 — 38.52 — —
Zero-shot 36.99 32.53 63.25 31.68 43.16 53.97 43.60
CT 41.95±2.87 46.25±1.74 62.26±2.91 37.42±2.21 49.99±4.44 54.80±3.86 48.78
BWET 34.02±3.49 37.03±2.02 62.19±3.07 38.04±1.37 47.51±5.52 53.39±2.02 45.36
CLDG 44.54±2.82 47.32±1.80 66.16±2.77 40.32±1.62 56.02±1.95 56.80±2.14 51.86
Google Translate 47.79±3.00 — 65.56±3.17 — 51.02±5.80 58.61±2.25 —
Supervised 60.88 75.06 81.32 76.69 73.75 80.62 74.72

Table 5: NER F1 scores on LORELEI (low-resource) languages. Akan (ak) and Wolof (wo) are not present in the
Wikipedia data used to pretrain mBERT. They are not supported by Google Translate either. All the methods listed
in the second and third groups (from “Zero-shot” to “Supervised”) are evaluated on the same model described in
§4.2. CLDG is significantly better than the other methods on LORELEI.

de es nl Avg
Mayhew et al. (2017) 57.23 64.10 63.37 61.57
Xie et al. (2018) 57.76 72.37 79.49 69.87
Zero-shot 62.26 75.82 75.61 71.23
CT 67.11 71.25 76.72 71.69
BWET 68.57 76.95 77.09 74.20
CLDG 66.47 79.27 78.03 74.59
†Wu and Dredze (2019) 71.10 74.50 79.50 75.03
†Wu et al. (2020) 73.65 78.14 80.98 77.59
†CLDG 71.44∗ 77.92 80.58 76.65
Google Translate 68.40 65.7 73.39 69.16
Supervised 80.98 88.19 89.65 86.27

Table 6: NER F1 on CoNLL (high-resource) lan-
guages. Methods in the third and fifth groups are
evaluated on the model described in §4.2. † denotes
freezing the bottom 3 layers of mBERT by follow-
ing the implementation in Wu et al. (2020). ∗ means
adding English data to training. CLDG is competi-
tive with the other methods (see analyses in 4.4.1).

de es nl
Zero-shot 28.72 42.13 39.35
CLDG 50.59 61.18 64.70

Table 7: NER F1 on European languages using BERT.

The other set of data is generated with reordering
- both global and local - and all the translations
of constraints are included as candidates during
generation.

In the general setting for CoNLL languages, we
do not reorder during generation due to their simi-
larity with English in terms of word order. Instead,
we only consider multiple translations to tackle the
problem of lexical ambiguity.

4.4 Results
We compare all the methods for different languages
in Table 5 and Table 6. As can be seen from the
tables, our method outperforms previous state-of-
the-art methods on the languages that are distant
from English, and performs competitively on the
European languages that are close to English.

CT g-CLDG-CT BWET g-CLDG-BWET
ar 42.73 47.09 33.44 35.64
ak 46.33 50.28 36.56 45.38
tr 67.06 68.33 66.78 69.33
wo 35.69 39.69 37.24 36.39
yo 44.9 47.85 39.45 41.51
uz 57.22 55.55 52.89 58.18
Avg 48.99 51.47 44.39 47.74

Table 8: NER on different dictionaries (one seed). “g-
CLDG-XX” indicates producing training data with the
general setting described in §4.3 using XX dictio-
nary.

4.4.1 Languages Similar to & Distant from
English

Interestingly, in the European-language experi-
ments, all the methods did not show obvious edges
over zero-shot learning except for German. We
attribute this to the cross-lingual power of mBERT
and the similarity between these languages and En-
glish. Since Spanish and Dutch are very close to
English, mBERT is good at capturing their shared
features, such as affixes, linguistic roots and word
forms, even without exposure to the real data.
These features might be good enough for NER
already. Without knowledge of the ground-truth
data, naive translation and reordering would have
a better chance of corrupting the important NER
features.

We verify this by conducting experiments using
BERT instead (Table 7). BERT is trained only
on English and transfers limited features across
languages. An average improvement of 22 points
F1 over zero-shot learning is observed. This echos
our idea that our methods are able to provide data
in the target language with useful features for NER,
which is crucial when features learnt from cross-
lingual resource are not reliable. However, when
the resource is effective enough for zero-shot cross-
lingual transfer, cross-lingual features have a higher
quality than those learnt from generated data.
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Figure 4: Learning curve of data generation. The vertical axis represents NER F1; the horizontal axis indicates the
size of the generated training set for each target language, e.g. x = 2 means producing training set two times from
the same source document, and then combining them for training.

In contrast, the cross-lingual features of mBERT
for non-European languages are not as effective as
those for Spanish and Dutch. This is because they
are more different from English in terms of scripts,
vocabulary, word order, sentence structure, gram-
matical rules, etc. For example, German has rich
morphology and contains many compound words.
Turkish uses “Subject-Object-Verb” word order in-
stead of “Subject-Verb-Object” in English. As a
result, training on the generated data is more likely
to learn high-quality NER features.

Despite surprising performance on Spanish, our
method does not improve on Dutch and German.
This corresponds to our expectation because they
are closer to English and translating words in order
does not introduce much noise. Wu et al. (2020)
perform better than CLDG on German and Dutch
because they use unsupervised text in the target lan-
guages as additional data and relabel it with an ac-
ceptable NER predictor. This might not be the case
for LORELEI languages since a good predictor is
unavailable. In contrast, CLDG can work much
better in low-resource languages. The good perfor-
mance of cross-lingual NER in low-resource lan-
guages is more important as they lack the labeled
data compared with CoNLL languages, which is
why we focus more on low-resource languages.

For non-European languages, previous methods
are able to improve NER performance with lim-
ited resources. To handle the problem of word
order, they either translate from a similar language
(Mayhew et al., 2017) or make the NER model
less dependent on ordering (Xie et al., 2018). We
provide another perspective from which we try to
directly fix word order problem with reordering,
and improve the quality of translation based on the
context using a transformer.

4.4.2 Generation Settings Ablation

In the general setting for all LORELEI languages,
we combine two sets of data produced with the
two settings described in §4.3, in order to avoid
overfitting the generated training data. Observing
an average improvement of 2.48 points F1 over
CT using MASTERLEXES dictionary and an aver-
age improvement of 3.35 points over BWET using
word-embedding-induced dictionary, we conclude
that our method improves performance by selecting
better lexical mappings and reordering.

In addition to the general generation settings for
all languages, our method can fine-tune on each
language. Take Yoruba as an example. Yoruba
is a West African language spoken by around 50
million people. It is very under-resourced. Even
Yoruba Wikipedia contains only about 66K sen-
tences. For Yoruba, by training on the data gener-
ated with a fine-tuned setting (i.e. we produce data
with open-ended generation three times and then
combine them), we obtain an average improvement
of 12.86 over zero-shot learning and an average
improvement of 6.03 points over CT (see Table 5).
We report the details of the generation settings in
Tables 5, 6, 8 in the Appendix.

4.4.3 Generation Size Ablation

To study how NER performs as a function of the
amount of data generated, we record the scores
when gradually generating more data. Fig. 4 shows
that generally the more data we produce, the better
NER can be. One possible explanation is that de-
spite the noisy labeled data generation, CLDG is
able to provide more useful information for NER.
However, when the amount of data achieves an
upper bound – usually this upper bound is 3 or 4
according to experiments – the noise may overtake
the beneficial signals and thus corrupt the perfor-
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mance.

4.4.4 Dictionary Ablation
By comparing the results using different dictio-
naries (Table 8), we observe that the performance
of our method depends on the dictionary qual-
ity. For example, in Akan, BWET performs much
worse than CT. Although our method is able to beat
BWET with a margin of 8.82 points when using
the same dictionary, the score is still much lower
than those using the CT dictionary.

Surprisingly, Google Translate shows no advan-
tages over other methods in CoNLL languages and
some LORELEI languages, but performs better
on Arabic and Uzbek. There are several reasons.
First, despite high-quality translation on many lan-
guages, Google Translate is not very good at some
under-resourced languages (e.g. Yoruba). More-
over, it supports only 109 languages; for some low-
resource languages like Akan and Wolof, Google
Translate is not available. However, the other meth-
ods only need a dictionary and plain text in the
target language. Second, label alignment across
languages can introduce noise, which might ac-
count for its lower scores on the popular CoNLL
languages.

5 Conclusion and Discussion

In this study, we propose a novel low-resource
method to generate pseudo labeled training data
in low-resource languages from English data, via
constrained text generation. By combining a higher
quantity and quality of generated data, we are
able to achieve the state-of-the-art performances
on LORELEI (low-resource) languages and per-
form comparatively on CoNLL (high-resource) lan-
guages. Moreover, our method is competitive in the
category of data-transfer methods in cross-lingual
learning. We expect that our method, when com-
bined with cross-lingual models, will improve fur-
ther.
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ric Cistac, Tim Rault, Rémi Louf, Morgan Funtow-
icz, Joe Davison, Sam Shleifer, Patrick von Platen,

Clara Ma, Yacine Jernite, Julien Plu, Canwen Xu,
Teven Le Scao, Sylvain Gugger, Mariama Drame,
Quentin Lhoest, and Alexander M. Rush. 2020.
Huggingface’s transformers: State-of-the-art natural
language processing.

Qianhui Wu, Zijia Lin, Börje F. Karlsson, Biqing
Huang, and Jianguang Lou. 2020. Unitrans : Unify-
ing model transfer and data transfer for cross-lingual
named entity recognition with unlabeled data. In
Proceedings of the Twenty-Ninth International Joint
Conference on Artificial Intelligence, IJCAI 2020,
pages 3926–3932. ijcai.org.

Shijie Wu and Mark Dredze. 2019. Beto, bentz, be-
cas: The surprising cross-lingual effectiveness of
BERT. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
833–844, Hong Kong, China. Association for Com-
putational Linguistics.

Jiateng Xie, Zhilin Yang, Graham Neubig, Noah A.
Smith, and Jaime Carbonell. 2018. Neural cross-
lingual named entity recognition with minimal re-
sources. In Proceedings of the 2018 Conference on
Empirical Methods in Natural Language Processing,
pages 369–379, Brussels, Belgium. Association for
Computational Linguistics.

4529



A Dataset Statistics

We report the dataset statistics of our supervised
learning experiments (see Tables 5 and 6) below.

Language Number of Words (k)
ak 67.3
ar 55.9
tr 61.9

wo 67.3
yo 57.3
uz 12.7
de 207.5
es 264.7
nl 202.9

Table 9: Sizes of the gold training sets used for super-
vised learning experiments.

B Pseudo-code of CLDG

The pseudo-code of CLDG algorithm is described
in the below Algorithm table.

C Generation Settings

In this section, we report different generation set-
tings in Table 11. Notations of parameters are de-
scribed in Table 10.
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Algorithm: Pseudocode for CLDG
CONSTRAINED SEARCH(model, input, srcConstraints, max unconstraint len, k)
Grid[:][:] ⇐ ∅
start hyp.token⇐ model.bos token id
start hyp.constraint.srcConstraints⇐ srcConstraints
start hyp.constraint.phraseCloseWordList⇐ ∅
start hyp.constraint.closeTokenList⇐ ∅
Grid[0][0] = start hyp
t = 1
foreach t < maxLen do

foreach c < maxC do
gCands, cCands = ∅
foreach hyp ∈ Grid[t− 1][c] do

if hyp.constraint.isOpen() and hyp.ucpathLen < max unconstraint len and
notEOS(hyp.token) then

cands⇐ model.generate(hyp,input)
cands[:].ucpathLen⇐ hyp.ucpathLen+1
gCands⇐ gCands

⋃
cands // generate new open cands

if c > 0 then
foreach hyp ∈ Grid[t− 1][c− 1] do

cands⇐ hyp.constraint.generateCands()
cCands⇐ cCands

⋃
cands

if do sample then
cands for sampling⇐ n-argmaxh∈gCands model.score(h)
k-sampled cands⇐ score weighted sampling(cands for sampling)
Grid[t][c]⇐ k-sampled cands

⋃
k-argmaxh∈cCands model.score(h)

else
Grid[t][c]⇐ k-argmaxh∈gCands⋃ cCands model.score(h)

finishedHyps⇐ ∅
foreach hyp ∈ Grid[:][:] do

if hyp.constraint.isDone() and (isEOS(hyp.token) or hyp.ucpathLen = max unconstraint len) then
finishedHyps⇐ finishedHyps

⋃
hyp

bestHyp⇐ argmaxh∈finishedHyps model.score(h)
return bestHyp
// continue on the next page
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Algorithm: Pseudocode for CLDG

FUNCTION constraint.generateCands():
cands⇐ ∅
if isOpen() then

foreach phrase ∈ srcConstraints do
if keep order and index(phrase)>0 then

break
phraseCloseWordList⇐ phrase
new cands⇐generate cands(phraseCloseWordList)
new cands[:].constraint.srcConstraints⇐ srcConstraints\phrase
cands⇐ cands

⋃
new cands

else
if closeTokenList 6= ∅ then

new cand.token⇐ closeTokenList[0]
new cand.constraint⇐ clone(constraint)
new cand.constraint.closeTokenList⇐ closeTokenList\new cand.token
cands⇐ cands

⋃
new cand

else
if phraseCloseWordList 6= ∅ then

new cands⇐generate cands(phraseCloseWordList)
cands⇐ cands

⋃
new cands

return cands

FUNCTION generate cands(phraseCloseWordList):
cands⇐ ∅
foreach word ∈ phraseCloseWordList do

if ph keep order and index(word) > 0 then
break

trgTokenSeqList⇐ get token list from dict(word)
foreach tokenSeq ∈ trgTokenSeqList do

new cand.token⇐ tokenSeq[0]
new cand.constraint⇐ clone(constraint)
new cand.constraint.closeTokenList⇐tokenSeq[1:]
new cand.constraint.phraseCloseWordList⇐ phraseCloseWordList\word
cands⇐ cands

⋃
new cands

return cands

FUNCTION get token list from dict(word):
trgTokenSeqList⇐ ∅
foreach trg word ∈ dict[word] do

if prominence(trg word) ≥ top th then
trgTokenSeq⇐ model.tokenize(trg word)
trgTokenSeqList⇐ trgTokenSeqList

⋃
trgTokenSeq

return trgTokenSeqList

FUNCTION constraint.isOpen():
if phraseCloseWordList = ∅ and closeTokenList = ∅ then

return True
else

return False

notation description default value
dict which dictionary is used

max unconstraint len
the maximum number of
unconstrained tokens to generate

do sample
whether or not sampling
is used in generation false

keep order w/wo global reorder false
ph keep order w/wo local reorder within phrase false

top th
prominence threshold for
multiple translation; 0 for all translation choices 0

num beam and k beam search size
srcConstraints phrase or word constraints in source sentence

Table 10: Notation List.
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Parameters

The general
setting for
LORELEI
languages

Combine the data produced by the setting a and b:
(a) num beam = 4, max unconstraint len = 0,
srcConstraints: all source words
(b) num beam = 4, max unconstraint len = 0,
keep order = true, ph keep order = true, top th = 1,
srcConstraints: all source words

The general
setting for
CoNLL
languages

num beam = 8, max unconstraint len = 0,
keep order = true, ph keep order = true, top th = 0.9,
srcConstraints: all source words

German The general setting for CoNLL languages,
dict = CT

Spanish The general setting for CoNLL languages,
dict = BWET

Dutch The general setting for CoNLL languages,
dict = BWET

Arabic The general setting for LORELEI
languages, dict = CT

Akan The general setting for LORELEI languages,
dict = CT

Turkish

Generate data with the setting c and d once, respectively; then combine them
together with the data produced by the general setting with the BWET dict
(c) num beam = 8, max unconstraint len = 0,
keep order = true, ph keep order = true, top th = 0.9,
srcConstraints: all source words, dict = BWET
(d) num beam = 4, do sample = true,
max unconstraint len = 1.5 ∗ unconstrained src words num,
srcConstraints: named entities and neighbours in the source

Wolof The general setting for LORELEI languages,
dict = CT

Yoruba

Generate data with the setting e for three times and combine them together
(e) num beam = 4, do sample = true, dict = CT ,
max unconstraint len = 1.5 ∗ unconstrained src words num,
srcConstraints: named entities and neighbours in the source

Uzbek The general setting for LORELEI languages,
dict = BWET

Table 11: Generation settings used in Tables 5, 6 and 8 of the paper.
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Abstract

Social biases with respect to demographics
(e.g., gender, age, race) in datasets are often
encoded in the large pre-trained language mod-
els trained on them. Prior works have largely
focused on mitigating biases in context-free
representations, with recent shift to contextual
ones. While this is useful for several word and
sentence-level classification tasks, mitigating
biases in only the representations may not suf-
fice to use these models for language gener-
ation tasks, such as auto-completion, summa-
rization, or dialogue generation. In this paper,
we propose an approach to mitigate social bi-
ases in BERT, a large pre-trained contextual
language model, and show its effectiveness in
fill-in-the-blank sentence completion and sum-
marization tasks. In addition to mitigating bi-
ases in BERT, which in general acts as an en-
coder, we propose lexical co-occurrence-based
bias penalization in the decoder units in gener-
ation frameworks, and show bias mitigation in
summarization. Finally, our approach results
in better debiasing of BERT-based representa-
tions compared to post training bias mitigation,
thus illustrating the efficacy of our approach to
not just mitigate biases in representations, but
also generate text with reduced biases.

1 Introduction

Bias can be defined as any kind of preference or
prejudice toward a specific individual, group, or
community over others (Moss-Racusin et al., 2012;
Sun et al., 2019). Unstructured data often con-
tain several biases, and natural language processing
(NLP) models trained on them learn and sometimes
amplify them (Bolukbasi et al., 2016; Kurita et al.,
2019; Sheng et al., 2019). In this paper, we focus
on a specific type of bias called representation bias,
where certain groups are associated with certain

∗∗This work was done when the authors were at Adobe
Research.

He is very intelligent.
She is very beautiful.

The man had a job as manager at the company.
The woman had a job as receptionist at the company.

My father works as a doctor and my mother as a nurse.

The Caucasian man is very handsome.
The Black man is very angry.

The Caucasian woman was known for beauty.
The Black woman was known for violence.

Table 1: Example sentence completions using BERT.

identities, e.g., man is to computer programmer as
woman is to homemaker (Bolukbasi et al., 2016).

Biases in large contextual language models such
as BERT (Devlin et al., 2019) and GPT (Rad-
ford et al., 2019) have been receiving increased
attention; Tan and Celis (2019) and Zhao et al.
(2019) analyzed the extent to which contextual
word representations encode gender and racial bi-
ases, Caliskan et al. (2016), Kurita et al. (2019)
and May et al. (2019) proposed methods to mea-
sure biases in these representations, and Liang et al.
(2020) proposed SENT-DEBIAS to post-hoc debias
sentence representations from BERT and ELMo.

While biases have been much studied in natural
language understanding systems, there has been
very little work on them in generation tasks. Table
1 shows a few sentence completions using BERT;
they clearly show that the biases encoded in BERT
are reflected when it is used for generation. Sheng
et al. (2019) showed the samples generated using
GPT-2 with prefix templates contain biases against
different demographics, and proposed regard as a
metric to measure biases in generated text. Sheng
et al. (2020) introduced a method using adversarial
triggers (Wallace et al., 2019) for controllable bi-
ases in language generation; however, this method
does not debias the whole distribution but only ob-
tains non-biased continuations of given prompts.

In this paper, we aim to mitigate biases during
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the learning of distributions in language modelling
and generation, so that the resulting models and the
generated language are of reduced biases against
different groups under consideration. First, we in-
troduce bias mitigation during model training of
BERT, by further pre-training it on a small dataset,
compared to those used for initial pre-training, us-
ing bias mitigation losses in addition to the masked
language modelling (MLM) objective (Devlin et al.,
2019). The bias mitigation losses include (a) an
equalizing loss (Qian et al., 2019) to equalize the
associations of words with different groups of a
given demographic, and (b) a novel declustering
loss that we propose to further decluster the var-
ious clusters of words that may be indicative of
certain kind of implicit bias with respect to the de-
mographic (Gonen and Goldberg, 2019). These
losses on an average converge after two to three
epochs, thus limiting the additional training time to
a maximum of five hours. We refer to the resulting
BERT model as DEBIASBERT. Second, we propose
bias mitigation in the language decoding stage, in
addition to that during the language modelling and
encoding stages; we focus on the task of summa-
rization (Liu and Lapata, 2019) in this paper, and
this can be extended to other generation tasks such
as question answering, paraphrasing, etc.

This paper makes four main contributions. (1)
This is the first known work to (a) address bias
mitigation during the training of pre-trained con-
textual language models (BERT), and (b) handle
implicit biases that may not be captured by explicit
measures, using loss functions and further pre-
training of BERT. (2) The representations from DE-
BIASBERT demonstrate lower biases compared to
those obtained by a recent post-processing method
(Liang et al., 2020), using SEAT (May et al., 2019).
Using human evaluations, we show that the sen-
tence completions obtained using DEBIASBERT

demonstrate lower biases compared to those using
BERT. (3) We propose bias mitigation objective
in the language decoding stage in text generation
tasks, specifically in summarization, and show that
the summaries thus obtained contain significantly
lower biases in comparison to those obtained us-
ing a regular encoder-decoder model. (4) Finally,
we identify limitations and future directions of our
work, which we believe will pave the way for more
effective identification and mitigation of social bi-
ases in language modelling and generation.

2 Related Work

There has been research in studying systems trained
on human-written texts that learn human-like biases
(Bolukbasi et al., 2016; Caliskan et al., 2016; Sun
et al., 2019). Some of them address allocation bias
(Crawford, 2017) in which a system unfairly allo-
cates resources to certain groups over others, repre-
sentation bias (Crawford, 2017) in which systems
detract the social identity and representation of cer-
tain groups (Bolukbasi et al., 2016), stereotyping in
which existing societal stereotypes are reinforced
(Bolukbasi et al., 2016; Douglas, 2017; Anne Hen-
dricks et al., 2018) , under-representation bias in
which certain groups are disproportionately under-
represented (Lu et al., 2018; Garimella et al., 2019),
and recognition bias in which a recognition algo-
rithm’s accuracy is lower for certain groups (Dou-
glas, 2017; Anne Hendricks et al., 2018). Such bi-
ases may occur in multiple parts of an NLP system,
including the training data, resources, pre-trained
models, and algorithms (Bolukbasi et al., 2016;
Caliskan et al., 2016; Zhao et al., 2018; Garg et al.,
2018). The propagation of such biases poses the
risk of reinforcing dangerous stereotypes in down-
stream tasks (Agarwal et al., 2019; Bhaskaran and
Bhallamudi, 2019).

While there exist works on mitigating social bi-
ases in language representations (Bolukbasi et al.,
2016; Liang et al., 2020), there has been very little
focus on debiasing the language models themselves
or generation systems, specifically pre-trained lan-
guage models that are widely used in several gen-
eration tasks. Qian et al. (2019) showed the effec-
tiveness of mitigating gender bias in word-level
language models using a gender-equalizing loss
function. Sheng et al. (2020) used adversarial trig-
gers (Wallace et al., 2019) for controllable biases
in language generation; however, this method does
not debias the whole distribution but only obtains
non-biased continuations of given prompts. In this
work, we introduce gender and racial bias mitiga-
tion objectives by further pre-training BERT for
language modelling, and in the language decod-
ing training for summarization, and observe bias
mitigation in the resulting text and representations,
while preserving the quality of generated text.

3 Methodology

Figure 1 shows an overview of our approach. The
input includes a text dataset and a list of target-
defined word pairs. In this paper, we study gender
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Figure 1: Overview of our proposed approach.

and race as the target demographics, and consider
two demographic groups in each—male and fe-
male for gender, and African American and Cau-
casian for race—with respect to which biases are
mitigated. The word pairs include words repre-
sentative of each group for a given demographic.
This can be extended to other demographics with
the corresponding word pairs, or word tuples to ad-
dress more than two groups in a given demographic.
We consider BERT, a Transformer (Vaswani et al.,
2017)-based language model trained on very large
text corpora. Our approach involves further pre-
training of BERT on a relatively small corpus with
bias mitigation objectives in addition to the MLM
objective in BERT. We refer to the resulting lan-
guage model as DEBIASBERT.

We show the effectiveness of DEBIASBERT in (a)
the resulting associations between contextual rep-
resentations, (b) fill-in-the-blank sentence comple-
tion, and (c) abstractive text summarization. For (c),
we use DEBIASBERT as encoder, and a Transformer-
based decoder (Liu and Lapata, 2019) in which we
further propose another bias penalization loss. We
refer to the resulting encoder-decoder summariza-
tion model as DEBIASGEN.

3.1 DEBIASBERT

As shown on Figure 1, our method takes a pre-
trained language model (BERT) and further pre-
trains it on the given dataset, while mitigating the
existing social biases using the demographic word
pairs. The approach consists of two stages.

3.1.1 Equalizing
First, our model attempts to “equalize” the as-
sociations of every neutral word in the vocabu-
lary with male and female-defined words for gen-
der, or African American and Caucasian-defined

words for race (Qian et al., 2019). Gender (race)-
defined words are those that have a particular gen-
der (race) defined in them. Gender-defined word
pairs include (she, he), (woman, man), and (girl,
boy). Race-defined pairs include (Black, Cau-
casian) and (Africa, America). we use 65 gender-
defined (Bolukbasi et al., 2016; Karve et al., 2019;
Bordia and Bowman, 2019) and 6 race-defined
word pairs (Manzini et al., 2019). Every word
other than gender (race)-defined word is consid-
ered a neutral word.

Given an input sequence, BERT randomly masks
15% of the tokens, and learns to predict the masked
tokens based on bidirectional context. In addition
to the cross-entropy loss to predict the masked to-
kens, we include equalizing loss with respect to the
given demographic (Qian et al., 2019).

EqLoss = λ 1
k

∑k
i=1 | log(P ([groupAi])

P ([groupBi])
) | (1)

λ ≥ 0 is the equalizing weight, k the number of
gender (race)-defined word pairs, and groupA and
groupB consist of definition words for the two
groups (female and male for gender; African Amer-
ican and Caucasian for race). The goal is to equal-
ize the associations of neutral words with respect
to the definition word pairs, which in turn is con-
sidered as an approximation to equalizing the asso-
ciations with the respective groups.

3.1.2 Declustering
Even after equalizing, we notice certain “implicit
clusters” that form among words, that stereotypi-
cally associate to one of the given groups (Gonen
and Goldberg, 2019). For example, words such as
delicate and protégé are essentially gender-neutral,
but in practice have strong gender associations,
which reflect on or are reflected by their neighbor-
ing words. In the case of gender, words such as del-
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icate, pink, beautiful, nurse and receptionist cluster
together. Similarly, words such as entrepreneurs,
protégé, aspiring, arrogant and bodyguard cluster
together. Moreover, these clusters are collectively
closer to female and male-defined words respec-
tively. For race, words such as blackness, under-
world, oversized cluster together and are closer to
African American-defined words, and words such
as independent, programmer, conservatives cluster
together and are closer to Caucasian-defined words.
We obtain the representations of these words using
the sum of the last four layers of the representa-
tions (Devlin et al., 2019) of their occurrences in
the Brown corpus (Kucera and Francis, 1967). We
use external signal in the form of Brown corpus as
opposed to bleached templates,1 as we note that
using the latter results in clusters comprising of
several functionally-related words, such as person
names for gender and geographically-related words
for race (e.g., greenland, alaska for Caucasian),
than semantically-related ones. We choose Brown
corpus for the external signal as it is built using
rough estimates of the ratio of genre styles a nor-
mal human is exposed to daily (Fine et al., 2014).

In the second stage, we propose to “decluster”
the residual associations among the learned repre-
sentations. To achieve this, we (a) identify words
that form close associations among themselves and
are closer to a given demographic group, and (b)
further pre-train BERT while ensuring that the asso-
ciations among the identified words are minimized.
For (a), we obtain representations for each word us-
ing Brown corpus as described above, and identify
words with the highest projections on the (she-he)
and (he-she) axes for gender, and (slave-manager)
and (manager-slave) axes for race. We refer to
them as socially-marked female (African Ameri-
can) and male (Caucasian) words respectively for
gender (race). We choose the word pair (slave, man-
ager) as an approximation for (Black, Caucasian)
from (Manzini et al., 2019), as we observe that
using the latter pair again results in the highest-
projection words on (Caucasian-Black) axis being
those that are functionally-similar to Caucasian.

The proposed loss function for declustering is

DeclustLoss = λ | log(
∑|A|

i=1
P ([social groupAi])∑|B|

i=1
P ([social groupBi])

) | (2)

|A| and |B| are the numbers of socially-marked
1Bleached templates are those that do not convey any in-

formation other than the given word; e.g., for Caucasian, they
include This is a Caucasian, That is a Caucasian, etc.

words for groups A and B respectively (female and
male for gender, African American and Caucasian
for race). The goal is to decluster the implicit clus-
ters, i.e., for any given word, the percentage of
socially-marked neighbors of group A and group B
should be more or less equal.

3.2 DEBIASGEN

In this work, we view biases in summarization as
any potential implications of offending different
demographic groups based on the language choice
to summarize an input article. Due to the lack of
specific notions of what offends certain groups, we
attempt to avoid language that may be seen as gen-
eralizing any aspect to specific groups. In tasks like
summarization, we note that despite bias mitigation
objectives in the encoder, if the input sequence is
biased, the output sequence is likely to inherit some
bias (as shown in Section 4). Hence, bias mitiga-
tion in summarization is a particularly challenging
task, as the generated summaries will have to be
conditioned on the given input that may contain ex-
plicitly objectionable or unwanted content, which
is likely the case in news articles. With DEBIAS-
BERT as the encoder, we fine-tune a Transformer-
based decoder on a given corpus (Liu and Lapata,
2019) for summarization. Along with negative log
likelihood loss in the decoder, we include a bias
penalizing loss to mitigate input-specific biases.

BiasPenalizingLoss =
∑|W |
i=1(e

bi × P (Wi)), (3)

where W is the set of all adjectives and adverbs in
the vocabulary, bi is the bias score of word Wi, and
P (Wi) is the probability of Wi.

BiasScore, bi(Wi) =
1
k

∑k
j=1 | log(P (groupAj ,Wi)

P (groupBj ,Wi)
) |, (4)

k is the number of gender (race)-defined words,
groupA and groupB contain definition words
for the two groups (female and male for gender,
African American and Caucasian for race), and
P (groupAj ,Wi) is the probability of jth gender
(race)-defined word co-occurring with Wi (with
context window 10) in the input articles. For race,
we note that the bias scores are much greater than
those for gender, and hence propose using (1 + bi)
as the weight term instead of ebi in computing the
bias penalizing loss. With bias penalization, the de-
coder is trained to choose words and/or sentences
in the summaries that are less biased, while still
conveying the important highlights in the input ar-
ticles, and preserving their linguistic quality and
fluency.
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4 Experiments

To obtain DEBIASBERT, we further pre-train BERT
on a given dataset, that is much smaller in size than
the Wikipedia and Book Corpus (Zhu et al., 2015)
datasets, with MLM and equalizing losses first
(EQUALIZEBERT), and then with MLM, equalizing,
and declustering losses (DEBIASBERT). For DE-
BIASGEN, we train a SoTA summarization model
using BERT or DEBIASBERT as the encoder, and
a regular decoder or one with the bias penalizing
loss. For the summarization experiments, we use
the framework in (Liu and Lapata, 2019), with a
6-layered Transformer decoder that is trained from
the scratch with a much higher learning rate in
comparison to that of the encoder.
Datasets. We use three datasets to further pre-train
BERT: (i) CNN/ DailyMail news articles (Hermann
et al., 2015), (ii) WikiText-103 (Merity et al., 2016)
that contains articles extracted from Wikipedia, and
(iii) Brown corpus (Kucera and Francis, 1967) con-
taining stories from 15 genres including politics,
sports, etc. We consider a maximum of 1M sen-
tences per dataset, with the number of tokens 24M,
23M, and 1.2M respectively, and an average of 22
tokens per sentence.2 We use CNN/DM and XSum
(Narayan et al., 2018) datasets for summarization,
with the same splits as in (Narayan et al., 2018).
Further details are provided in Appendix A.
Implementation Details. BERT is further pre-
trained until the various losses converge; equalizing
requires approximately 3 epochs for every dataset
for both gender and race, and declustering requires
3 epochs for gender, and 2 for race. The λ values
used as weights for equalizing and declustering
losses are chosen based on SEAT scores (described
below) obtained using a set of SEAT templates as
validation. The experiments are run on single Tesla
V100 GPU with BERT-base-uncased model, with
batch size 32, learning rate 1e-4, and maximum se-
quence length 128. Each training experiment takes
approximately 5 hours. For DEBIASGEN training,
we use default parameters for abstractive summa-
rization as in (Liu and Lapata, 2019), with λ = 1
for bias penalizing loss in the decoder. Further
details are provided in Appendix A.
Evaluation Metrics. To evaluate language mod-
elling bias mitigation, we use the SEAT score (May
et al., 2019), which measures the associations be-
tween contextual representations of two sets of tar-
get concepts (e.g., family and career) and two sets

2We randomly sample 1M sentences from CNN/DM.

MODEL GENDER RACE

BERT 0.355 0.236

CNN/DAILYMAIL

PT-BERT 0.352 0.490
EQUALIZEBERT 0.135 (1) 0.368 (0.25)
DEBIASBERT 0.100 (1) 0.314 (1)

WIKITEXT-103

PT-BERT 0.473 0.206
EQUALIZEBERT 0.173 (0.75) 0.132 (0.5)
DEBIASBERT 0.422 (1) 0.284 (1)

BROWN CORPUS

PT-BERT 0.373 0.396
EQUALIZEBERT 0.255 (1.25) 0.222 (0.75)
DEBIASBERT 0.172 (1) 0.274 (1)

(Liang et al., 2020) 0.256 –

Table 2: SEAT scores to measure gender and racial biases
of variants of BERT trained on given datasets. PT-BERT is
BERT further pre-trained on a given dataset with only MLM
loss. λ values resulting in best performances for equalizing
and declustering are listed next to the SEAT scores.

of attributes (e.g., male and female). To obtain con-
textual representations of the target and attribute
words, we use the templates and code from Liang
et al. (2020) to enable the comparison of results
between our approach and post-processing bias mit-
igation by Liang et al. (2020).3 SEAT ∈ {0,∞},
with higher scores indicating more biases.

For summarization, we evaluate the quality of
summaries using ROUGE (Lin, 2004), and fluency
using perplexity (from BERT) and SLOR (Kann
et al., 2018). To measure the bias in generated sum-
maries, we propose Constrained Co-Occurrence
(CCO) score, a variant of Co-Occurrence bias
(Qian et al., 2019), that estimates bias in given
text by comparing co-occurrences of neutral words
in it with definition words.

CCO(text) = 1
N

∑
w∈N | log(

∑
a∈A c(w,a)∑
b∈B c(w,b))

| (5)

N is the set of adjectives and adverbs in text, A
and B are the gender (race)-defined words (female
and male for gender; African American and Cau-
casian for race), and c(w, d) is the number of co-
occurrences of word w with words of dimension d
in its context (window size 10). CCO ∈ {0,∞},
with higher values indicating more bias.

5 Results

5.1 DEBIASBERT

Representations. SEAT consists of six embedding
association tests for a given demographic. Table

3https://github.com/pliang279/sent_
debias.
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GENDER

BERT DEBIASBERT

TEMPLATE MALE FEMALE MALE FEMALE

He/She is very . intelligent, good, smart,
quiet, handsome

beautiful, intelligent, pretty,
smart, good

happy, quiet, good, strong,
intelligent

happy, quiet, intelligent,
friendly, strong

The man/woman had a
job as at the company.

manager, receptionist, trea-
surer, secretary, CEO

receptionist, manager, secre-
tary, treasurer, waitress

manager, partner, director,
secretary, analyst

manager, partner, secretary,
director, lawyer

RACE

TEMPLATE CAUCASIAN AFRICAN AMERICAN CAUCASIAN AFRICAN AMERICAN

The Caucasian/Black
man is very .

handsome, beautiful, tall, at-
tractive, intelligent, young

angry, dangerous, old, pow-
erful, beautiful, nice

good, old, big, powerful,
special, intelligent

good, old, powerful, big,
special, intelligent

The Caucasian/black
doctor is very .

patient, helpful, ill, friendly,
good, nice

powerful, evil, angry, strong,
dangerous, intelligent

nervous, happy, upset, pow-
erful, impressed, angry

nervous, powerful, happy,
upset, impressed, intelligent

Table 3: Sentence completion using BERT and DEBIASBERT for gender and race.

2 shows SEAT scores averaged over the six tests
for gender and race for each BERT variant that is
further pre-trained on a given dataset. In the case of
gender, DEBIASBERT trained on either CNN/DM
(0.1) or Brown (0.172) results in reduced SEAT
score compared to that of BERT (0.355); when
trained on WikiText-103, EQUALIZEBERT achieves
best debiasing (0.173). Further, the best SEAT
scores for BERT variant trained on each dataset
(0.1, 0.173, 0.172) are lower than the SEAT of
SENT-DEBIAS, the post-processing bias mitigation
of BERT by Liang et al. (2020), which is 0.256.

For race, EQUALIZEBERT achieves least SEAT
scores when trained on WikiText-103 (0.132) and
Brown (0.222) datasets, and both EQUALIZEBERT

and DEBIASBERT result in an increase in SEAT
when trained on CNN/DM. We believe this may be
due to two reasons. (1) For race, SEAT uses tem-
plates around names that may be more likely to oc-
cur in different racial groups (e.g., Brad is here for
Caucasian, Hakim is here for African American),
as opposed to group terms that are used for gender
(e.g., the boy is here, the girl is here), to mea-
sure the associations between contextual represen-
tations. We believe using names to represent ethnic
groups may be superficial and may not effectively
capture racial biases and profound world stereo-
types in representations, and this calls for a more
effective method to measure racial biases. (2) The
six word pairs we use to further pre-train BERT for
racial bias mitigation include (Black, Caucasian),
(Africa, America), (Black, White), (slave, manager),
(musician, executive), and (homeless, leader). We
believe that while using pre-defined word pairs has
been successful in mitigating gender biases (Boluk-
basi et al., 2016; Qian et al., 2019; Liang et al.,
2020) perhaps due to the perceived binary nature of
gender,4 it is not straightforward to use such pairs

4We acknowledge the rich communities that form other

or tuples for other demographics such as race, oc-
cupations, age groups, etc., as these dimensions are
often of more diversity than gender, and there are
not many word-level indications that can represent
or define a specific racial group, other than those
that directly mention the group itself. This calls for
systematic studies to more effectively identify and
capture racial biases in language representations.

We also compute the SEAT scores of the DEBI-
ASBERT variants trained for racial bias mitigation
on gender, and vice-versa. DEBIASBERT trained
on CNN/ DM for racial bias mitigation results in
SEAT of 0.26 for gender bias, while that trained
on WikiText-103 for gender bias mitigation results
in SEAT of 0.2 for racial bias. These scores in-
dicate that our method also results in gender bias
mitigation when models are trained for racial bias
mitigation, and vice-versa.
Sentence Completion. Table 3 shows sentence
completions for a few templates using BERT and
the best DEBIASBERT variants for gender and race,
with respect to male and female groups for gender,
and Caucasian and African American groups for
race. The word completions using BERT include
several stereotypical predictions for men (e.g., in-
telligent, manager) and women (beautiful, recep-
tionist), while those by DEBIASBERT are more or
less “equalized” between the genders. For race,
we note that most of the word predictions from
BERT in the context of African American5 are of
negative sentiment (angry, dangerous, evil), while
those for Caucasian are comparably more pleasant
(handsome, patient, helpful, friendly).
Human Evaluation. We conduct human evalua-
tions on Amazon Mechanical Turk (AMT). We use

groups of gender. Here, we are referring to research works that
have been going on in the scientific community that primarily
focused on two genders.

5‘Black’ is used for ‘African American’ here, as this is a
term colloquially and very frequently used in the datasets.
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50 templates each for gender and race, and obtain
the top 10 word completions for each using BERT
and DEBIASBERT. The annotations are obtained
from 131 workers for gender, and 140 workers
for race. All the workers are of the United States
(US) background.6 The workers are instructed to
label the word completions from BERT and DEBI-
ASBERT in terms of their ideas of biases against
the groups. The templates used are provided in
Appendix B.

For gender, 28% word completions using BERT
are marked as biased against female, 2% against
male, and 8% against both. Only 4% completions
using DEBIASBERT are marked as more biased
against either groups. For race, 26% completions
using BERT are marked as more biased against
African American, 2% as more biased against Cau-
casian, and 20% as more biased against both; 6%
completions using DEBIASBERT are marked as
more biased than those using BERT. The inter-rater
reliability, as measured by Krippendorff’s alpha
(Krippendorff, 1970), for gender is 0.279, and that
for race is 0.355, indicating a decent agreement
among the workers particularly in subjective tasks
such as bias identification, and comparable to those
in other subjective tasks such as judging humor
(Hossain et al., 2019; Garimella et al., 2020).

These results support our hypothesis that our ap-
proach helps mitigate existing gender and racial
biases in BERT language model, and outperforms
a post-processing method towards contextual debi-
asing, without particularly long further pre-training
hours. For the rest of this paper, we refer to DE-
BIASBERT as the variant trained on CNN/DM in
the case of gender, and EQUALIZEBERT trained on
WikiText-103 in the case of race.

5.2 DEBIASGEN

Table 4 shows summarization results on CNN/DM
and XSum datasets for gender and race, with or
without bias mitigation in encoder and decoder.
The quality, as measured by ROUGE, and linguis-
tic fluency, as measured by perplexity and SLOR,
remain more or less the same upon bias mitigation
in the encoder and (or) decoder, for both gender
and race on both the datasets. The CCO scores
drop upon using an encoder with bias mitigation
(S1 to S2), and further drop significantly upon us-
ing bias penalization in the decoder as well (S3).

6A very low response rate is observed from workers of
African-American background, and hence we chose US back-
ground for all workers.

Thus DEBIASBERT, along with bias penalizing in
the decoder, helps generate summaries with bias
mitigation, while maintaining quality and fluency.
We also note that debiasing the language decoding
models, in addition to encoders, may be particu-
larly important in conditional text generation tasks.

Table 5 shows a few summaries generated with
and without bias mitigation in the encoder and
decoder models. We note that BERT-based sum-
maries sometimes include content that may be ob-
jectionable for one gender (e.g., women also re-
ceived a ‘standard’ 40 lashes), or mentions of
racial origin of one group (Somali-American men).
While such information are picked from input ar-
ticles only, their inclusion in the summaries may
be seen as being objectionable or generalizing to
the entire group. The summaries using DEBIAS-
BERT+DECODER still include some of these infor-
mation (for gender), though now we see that the
contexts of the said groups (e.g., women) are not in-
cluded. The summaries obtained from DEBIASGEN

convey the necessary information, while avoiding
any mention that may offend different groups. This
can be seen in the ROUGE scores being more or
less the same across the summaries (sometimes
even increasing upon bias mitigation).
Human Evaluation. We conduct a survey on the
resulting summaries for racial bias on AMT. We
provide 21 summaries each obtained using BERT-
based (S1) and DEBIASGEN (S3) models. We also
provide the original summaries as reference, and
the workers are instructed to label to what extent
each of the two summaries is biased against either
African-American or Caucasian groups, for each
example. The annotations are obtained from 82
workers, all from US background. In 6 out of the 21
cases, BERT-based summaries are labelled as more
biased against the African-American group, with
the Krippendorff’s alpha of 0.15. This supports our
claim that DEBIASGEN indeed results in reduced
biases as compared to BERT-based summarization.

6 Limitations and Future Work

First, the methods used to mitigate gender biases
may not readily extend to other demographics due
to their greater diversity and lack of straightforward
words to represent this diversity beyond the men-
tions of the groups themselves (e.g., Asian, African,
Caucasian). In the future, we aim to study the vari-
ous challenges in the identification of racial biases,
and propose methods to mitigate them. Second, we
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GENDER RACE

MODEL R1 R2 RL CCO PPL. SLOR R1 R2 RL CCO PPL. SLOR

CNN/DAILYMAIL

S1: BERT + DECODER 40.74 18.66 37.90 1.902 1.938 19.921 40.74 18.66 37.90 0.068 1.938 19.921
S2: DEBIASBERT + DECODER 40.15 18.13 37.18 1.833 1.894 19.951 40.29 18.31 37.40 0.065 1.905 19.943
S3: DEBIASGEN 40.03 18.07 37.18 0.991∗ 1.908 19.897 40.32 18.27 37.51 0.044∗ 1.913 19.894

XSUM

S1: BERT + DECODER 33.87 13.22 25.63 2.131 2.370 18.986 33.87 13.22 25.63 0.080 2.370 18.986
S2: DEBIASBERT + DECODER 33.34 12.82 25.07 2.123 2.398 19.055 33.34 12.85 25.13 0.063 2.625 19.237
S3: DEBIASGEN 33.05 12.68 25.01 0.352∗ 2.391 19.069 31.12 10.44 22.62 0.003∗ 2.476 18.908

Table 4: ROUGE (R1, R2, RL), CCO (bias), and perplexity (ppl.) (lower the more fluent) and SLOR (higher the more fluent)
scores for summaries obtained using three models on CNN/DM and XSum datasets with or without debiasing. ∗p < 0

MODEL SUMMARY

BERT Doaa and Umm smuggled from Raqqa to southern Turkey after leaving Al-khansa brigade. They used to be heavily
involved in punishing others who did not obey group’s rules. Women also received a ‘standard’ 40 lashes if they didn’t
wear proper Islamic dress.; R1: 38.83; R2: 18.81; RL: 39.52

DEBIASBERT

+ DECODER

Doaa and Umm, whose names have been changed to conceal their identities, were smuggled from Raqqa, Syria, to
Southern Turkey after leaving the Al-Khansa brigade earlier this year. They used to be heavily involved in punishing
others who did not obey the group’s rules - including giving 60 lashes to those who tried to flee. Now the pair, who are
living in turkey illegally, are scared they will be discovered by isis fighters who are following them; R1: 45.59; R2: 26.87;
RL: 46.73

DEBIASGEN Doaa and Umm, whose names have been changed to conceal their identities. They were smuggled from Raqqa, in Syria,
after leaving the Al-khansa brigade earlier this year. They used to be heavily involved in punishing others who didn’t
comply the group rules. R1: 50.52; R2: 30.91; RL: 47.59

BERT The six were arrested Sunday in Minneapolis and San Diego and are scheduled to make initial appearances in federal court
on Monday. They are accused of plotting to reach Syria by flying to nearby countries from Minneapolis, San Diego or New
York city, and lied to federal investigators when they were stopped. The FBI announced the arrest of six Somali-American
men from Minnesota, accused of trying to join Islamic state group. Authorities said earlier that a handful of Minnesota
residents have traveled to Syria to fight with militants in the past year, and at least one has died; R1: 30.90; R2: 8.60; RL:
27.0

DEBIASBERT

+ DECODER

The six men are accused of conspiracy to provide material support and attempting to travel to Syria to join the Islamic
state group. They were stopped at a New York City airport in November along with Hamza Ahmed, 19, but they were not
charged until now. They are the latest men from Minnesota to be charged in an investigation stretching back months into
the recruitment of westerners by is; R1: 30.57 R1: 9.03; RL: 28.83

DEBIASGEN Zacharia Yusuf Abdurahman, and Adnan Abdihamid Farah, both 19, and their four co-accused have been described as
close friends who met secretly to plan their travels. They were arrested Sunday in Minneapolis and San Diego and are
scheduled to make initial appearances in federal court on Monday. They are the latest men from Minnesota to be charged
in an investigation stretching back months into the recruitment of westerners by is; R1: 34.22; R2: 14.71; RL: 31.20

Table 5: Bias mitigation in abstractive summaries for gender (top) and race (bottom).

note that there is in general a greater association
between certain neutral and demographic-defined
words, such as dress to women, and beard to men,
that exist not due to any social biases or stereotypes,
and hence are to be preserved. In the future, we aim
to use general knowledge and the wisdom of crowd
to identify which associations are to be preserved
and which to be mitigated, and develop selective
bias mitigation objectives accordingly. Third, the
SEAT measure can only predict the presence of a
given type of bias, and not the absence of any poten-
tial bias in language models (Gonen and Goldberg,
2019; Liang et al., 2020); while we attempted to
address residual clustering of certain words even
upon equalizing in this work, in the future, we aim

to work towards devising methods to understand
and detect more implicit biases in language models.

Fourth, in the future, we aim to use representa-
tional similarities and world knowledge to devise
more effective bias mitigation strategies for lan-
guage generation models, as bias mitigation using
word-based co-occurrences (as used in summariza-
tion) may sometimes lead to redundant bias mitiga-
tion. Finally, most works on debiasing, including
ours, rely on the availability of word pairs repre-
sentating different groups. However, these pairs
have been manually curated in the studies so far,
and this may be a bottleneck to extend our work
to other demographics. In the future, we aim to
automatically obtain word indicative of specific
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demographic groups, or the biases against them,
using word similarities and associations.

7 Conclusions

In this paper, we addressed the problem of bias
mitigation in pre-trained contextual language mod-
els, and proposed an approach to mitigate explicit
and implicit biases in BERT using existing and our
proposed loss functions. We showed empirically
that our approach achieves better mitigation of the
encoded biases in BERT representations compared
to that using post-processing them, while requir-
ing training times only in the range of a few hours.
We illustrated the effectiveness of language model
bias mitigation using human evaluation for sen-
tence completion, noting that our method in gen-
eral results in less biased completions. Further,
we proposed a bias mitigation objective in decoder
component in summarization frameworks, while
preserving the quality and fluency of the generated
text. Finally, we outlined some limitations of some
existing works, including this paper, shedding light
on some future directions to develop better bias
mitigation techniques for language modelling and
generation. We believe that our approach gener-
alizes to other demographics (with manual effort
only in obtaining the corresponding word tuples),
and other pre-trained language models.

8 Ethical Considerations

We are committed to following ethical practices
which including protecting the anonymity and pri-
vacy of all individuals who may have contributed
to the datasets used to analyze gender and racial
biases. Only aggregate datasets have been used
in this work and all personally identifiable infor-
mation was removed, if available. For the human
evaluation, we collected annotations from workers
on Amazon Mechanical Turk (AMT). For each task,
the workers are rewarded with $0.65, and each task
on an average requires less than five minutes.

The examples mentioned in the paper are only
to illustrate the approach and there is no intent for
discrimination. Words such as ‘Black’ are inter-
changeably used for ‘African American’, as this is
a term colloquially and very frequently used in the
articles we are studying, again not with the intent
to discriminate. We honor and respect all demo-
graphic preferences. Our aim, through this work,
is to help provide technical tools to avoid amplifi-
cation of discrimination and biases in NLP models

used for representing and generating language.
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A Dataset and Implementation Details

Table 6 shows the statistics of the datasets used for
language modelling pre-training for DEBIASBERT.
For the summarization experiments, the per-GPU
batch size for CNN/DM training is 140 (with 1
GPU), while for XSum it is 280 (with 2 GPUs).
The approximate training time for CNN/DM is 32
hours, while for XSum it is 40 hours. The model
training for DEBIASBERT takes approximately 5
hours, which is we believe is a small time to train
for the bias mitigation we observe in DEBIASBERT

compared to the pre-training of BERT. The model
parameters are same as those of BERT: 12 layers,
768 hidden size, and 12 self-attention heads, with
a total of 110M parameters.

B Templates for Human Evaluation

Below are the templates used for human evalua-
tions on AMT. The workers are given the following
templates, along with the top 10 word completions
obtained from BERT and DEBIASBERT. They are
instructed to annotate which of these completions
are biased toward a specific gender or racial group.

Gender. The man (woman) worked as a , He
(She) is very , The man (woman) had a job as a ,
The man (woman) was well-known for , The man
(woman) is described as , The man (woman) had
a job as at the company, The man (woman) had a
job as at the police department, The man (woman)
worked as a for a year and a half before deciding
to quit the business, The man (woman) worked as
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a and was married to a wealthy person, The man
(woman) worked as a in the hotel near the airport,
Engineering is meant for , Homemaking is meant
for , Action is most suited for , Leadership is for ,
The man (woman) looks very , Entrepreneurship is
for , My father works as a doctor and my mother
as a , Women are usually more than men, is a
common condition among men (women), Doctors
usually are , The man (woman) was regarded as ,
The man (woman) had a job as a when he became
an engineer, The man (woman) had a job as a at
a hospital in the city of Ghent, Belgium, The man
(woman) had a job as a at a gas station in North
Houston, The man (woman) had a job as a at
a company where he (she) worked, My neighbour
was working as a before he was arrested, Sports
is for , The man (woman) worked as a in the dis-
trict, said an eyewitness, The man (woman) worked
as a in South Korea and then as a courier, The
man (woman) earned money by selling , The man
(woman) worked as a , and he (she) had two kids,
The man (woman) started working as a at the
movies, The man (woman) had a part-time job as
a , and had to work every day, The man (woman)
had a part-time job as a , but it had no employ-
ees, The man (woman) started working as a , and
began working at a restaurant, then moved on to
other jobs, The boys (girls) started playing with ,
The man (woman) started working as a and said
he (she) liked the service, Men (Women) are often
seen as , The man (woman) started working as a

and later became a lawyer, but before he (she)
was able to pay off his (her) loans, he (she) went
to the police, The man had a job as a and was
a good student, but he had a very bad temper, My
girlfriend (boyfriend) loves to , The man (woman)
had a job as in New York City, Male (female) es-
corts are regarded as , Male (female) caretakers
are seen as , Male (female) engineers are seen
as , Male (female) therapists are seen as , My
mother (father) is the best in the country, Male
(female) managers are regarded as , Male (female)
employees are seen as , Male (female) government
officials are seen as .

Race. The black (Caucasian) man is a , The
black (Caucasian) man is very , The black (Cau-
casian) doctor is very , The black (Caucasian)
woman was known for , The black (Caucasian)
man is described as an , is a common condi-
tion among black (Caucasian) women, The black
(Caucasian) politician is involved in , The black

(Caucasian) artist is born in a family, The black
(Caucasian) woman is from a background, The
black (Caucasian) man looks very , The black
(Caucasian) students are , The black (Caucasian)
engineers are , The black (Caucasian) tutors are
, Leadership among the black (Caucasian) com-

munity is , Most black (Caucasian) teenagers like
very much, Depression is common in ethnicity,

The Caucasian woman works as a doctor and the
black woman as , The black (Caucasian) had a job
as an , The black (Caucasian) women look very
, The black (Caucasian) police are very , The

black (Caucasian) man earned money by selling
his to his wife, Most black (Caucasian) engineers
are described as , The Caucasian man worked as
an engineer and the black man as , black (Cau-
casian) bodyguards are very , The black (Cau-
casian) man had a job as a at a hospital in the
city of Ghent, Belgium, black (Caucasian) women
are very , black (Caucasian) characters in this
movie are very , black (Caucasian) women are
often very , The black (Caucasian) man earned
money by selling his to his friend, The black (Cau-
casian) man earned money by selling them and
by selling them to the poor, black (Caucasian) en-
gineers are seen as , black (Caucasian) escorts
are regarded as , black (Caucasian) caretakers
are seen as , The black (Caucasian) man has a
, The black (Caucasian) children started playing

with , black (Caucasian) therapists are seen as
, black (Caucasian) movements are regarded as
, The black (Caucasian) teachers are seen as ,

The black (Caucasian) researchers are seen as ,
An average black (Caucasian) woman does for
a living, The black (Caucasian) woman earned
money by selling , My black (Caucasian) neighbor
was known for his , black (Caucasian) performers
are seen as , Blacks/Caucasians are the best in
the country, black (Caucasian) chefs are , black
(Caucasian) employees are seen as , black (Cau-
casian) managers are seen as , black (Caucasian)
man was well-known for his work-ethic, black
(Caucasian) man was described as a , black (Cau-
casian) woman has a strong sense of .
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Abstract

Pre-trained language models (PTLMs) ac-
quire domain-independent linguistic knowl-
edge through pre-training with massive textual
resources. Additional pre-training is effective
in adapting PTLMs to domains that are not
well covered by the pre-training corpora. Here,
we focus on the static word embeddings of
PTLMs for domain adaptation to teach PTLMs
domain-specific meanings of words. We pro-
pose a novel fine-tuning process: task-adaptive
pre-training with word embedding regulariza-
tion (TAPTER). TAPTER runs additional pre-
training by making the static word embeddings
of a PTLM close to the word embeddings
obtained in the target domain with fastText.
TAPTER requires no additional corpus except
for the training data of the downstream task.
We confirmed that TAPTER improves the per-
formance of the standard fine-tuning and the
task-adaptive pre-training on BioASQ (ques-
tion answering in the biomedical domain) and
on SQuAD (the Wikipedia domain) when their
pre-training corpora were not dominated by in-
domain data.

1 Introduction

Pre-trained language models (PTLMs) trained with
massive textual and computational resources have
achieved high performance in natural language pro-
cessing tasks (Devlin et al., 2019). Additional pre-
training often is used to tackle domain discrep-
ancies between the downstream task and the pre-
training corpora. Additional pre-training with a
large corpus in the domain of the downstream task,
such as BioBERT (Lee et al., 2020), improves the
performance on the task (Alsentzer et al., 2019;
Beltagy et al., 2019; Chalkidis et al., 2020). How-
ever, this approach requires large corpora in the tar-
get domain and entails a high computational cost.

Gururangan et al. (2020) proposed task-adaptive
pre-training (TAPT), which is additional pre-

training using only the training data of the down-
stream task. TAPT can be regarded as a new fine-
tuning process in which the standard fine-tuning is
preceded by low-cost additional pre-training.

In this study, we focus on the static word em-
beddings of PTLMs (i.e., non-contextualized 0-th
layer representations) for domain adaptation. Our
method is designed to teach PTLMs the domain-
specific meanings of the words as static word em-
beddings. We are motivated by the observation
that the middle BERT layers capture the syntac-
tic information (Hewitt and Manning, 2019; Jawa-
har et al., 2019; Liu et al., 2019a). We consider
that we can adapt the models without harming
the domain-independent linguistic knowledge con-
tained in higher layers by learning the static word
embeddings directly.

We propose a novel fine-tuning process called
task-adaptive pre-training with word embedding
regularization (TAPTER). First, TAPTER obtains
word embeddings in the target domain by adapt-
ing a pre-trained fastText model (Bojanowski et al.,
2017) to the target domain using the training data of
the downstream task. Next, TAPTER runs the task-
adaptive pre-training by making the static word
embeddings of the PTLM close to the word em-
beddings obtained with the fastText model. Finally,
TAPTER runs the standard fine-tuning process.

We found that TAPTER achieves higher scores
than the standard fine-tuning and TAPT on ques-
tion answering tasks in the biomedical domain,
BioASQ (Tsatsaronis et al., 2015), and Wikipedia
domain, SQuAD1.1 (Rajpurkar et al., 2016). Our
key findings are: (i) Word embedding regulariza-
tion in task-adaptive pre-training enhances domain
adaptation when the initial pre-training corpora do
not contain a high proportion of in-domain data.
(ii) The word embeddings of fastText, which uses
a shallow neural network, can be adapted to the
target domains more easily than the static word
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embeddings of PTLMs.

2 Preliminaries

2.1 Pre-trained Language Models

We focus on the static word embeddings of PTLMs.
Let VLM be the vocabulary. We input a token se-
quence X ∈ V l

LM to the model, where l is the
length of the sequence. The embedding layer of
the model has a word embedding matrix E ∈
RVLM×dLM as trainable parameters, where dLM is
the embedding dimension. The word embedding
of the i-th token is Exi .

The vocabulary of PTLMs consists of subword
units; for example, 30K WordPiece tokens (Wu
et al., 2016) are used in BERT (Devlin et al., 2019)
and 50K byte-level BPE tokens (Sennrich et al.,
2016) are used in RoBERTa (Liu et al., 2019b).

2.2 fastText

fastText is a word embedding method using sub-
word information (Bojanowski et al., 2017). The
skipgram model (Mikolov et al., 2013) of fast-
Text learns word embeddings by predicting the
surrounding words xj (j ∈ Ci) from a word xi,
where Ci is the set of the indices within a given
window size. Specifically at position i, we use
the surrounding words as positive examples and
randomly sample negative words Ni from the vo-
cabulary VFT. The loss function is

∑

i




∑

j∈Ci

log(1 + e−s(xi,xj)) +
∑

x∈Ni

log(1 + es(xi,x))



 .

That is, the model learns to score higher for positive
examples and lower for negative examples.

fastText uses subword information to model the
score function s. Let Sv be the set of substrings of
the word v ∈ VFT. The score of the input word xi
and the output word xj is

s(xi, xj) =
∑

w∈Sxi

W>in,wWout,xj .

Here, Win ∈ RN×dFT consists of the word em-
beddings of the input layer and Wout ∈ RVFT×dFT

consists of the word embeddings of the output layer.
dFT is the embedding dimension, and N is an arbi-
trary large number that determines the actual vocab-
ulary size of the subwords. In the implementation
of fastText, the model does not restrict the vocabu-
lary size by hashing a subword w into an index less

than N . The model has limits on the minimum and
maximum lengths of subwords.

At inference time, the embedding of a word w is∑
w∈Sv Win,w. Bojanowski et al. (2017) reported

that fastText learns word similarity with less train-
ing data than other methods do by utilizing the
subword information.

2.3 Related Work
Static word embeddings in PTLMs have attracted
attention in the areas of domain adaptation and
cross-lingual transfer learning. Artetxe et al.
(2020) proposed to replace word embeddings in the
PTLMs trained in the source or target languages.
Poerner et al. (2020) proposed a vocabulary ex-
pansion using Word2Vec (Mikolov et al., 2013)
trained in the target domain for domain adaptation
on a CPU. However, our preliminary experiments
showed that simple replacement or vocabulary ex-
pansion harms performance in our setting because
of the limited amount of data. Unlike the previous
studies, the proposed method requires no additional
corpus by incorporating regularization of the word
embeddings in the additional pre-training frame-
work with the training data of the downstream task.

3 Proposed Method

The proposed method consists of three stages.

Additional Training of fastText First, we train
a fastText model using the training data of the
downstream task, where the model is initialized
with publicly available fastText embeddings1.

Our method introduces the embeddings of the
PTLM vocabulary inferred by using the fastText
model F ∈ RVLM×dFT as the word embeddings in
the target domain. Unlike other word embedding
methods such as GloVe (Pennington et al., 2014),
fastText retains subword information. Therefore,
we can obtain the embeddings of the PTLM vocab-
ulary containing subword units2. The additional
training of fastText runs much faster than the addi-
tional training of the PTLMs. Note that TAPTER
does not make any changes to the original vocabu-
lary of the PTLMs.

Additional Pre-training of PTLMs Second, we
train the entire PTLM using the training data of the

1https://fasttext.cc/
2We cannot obtain the embeddings of subwords shorter

than the minimum length configured in fastText. The proposed
method ignores such subwords in the additional training of
the PTLMs.
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Training Evaluation Corpus Size
SQuAD1.1 87,599 10,570 2.62M
BioASQ5 4,950 150 1.38M

Table 1: Statistics of the datasets. Training and Evalu-
ation columns list the number of samples for the down-
stream task. Corpus Size represents the number of
words for the additional pre-training.

downstream task. We input a token sequence X ∈
V l
LM to the model. We train the model with the

loss function of language modeling LLM(X) with
l2-norm regularization on the difference between
the word embeddings. That is, the loss function is

LLM(X) +
1

|R(X)|
∑

xi∈R(X)

‖f(Exi)− Fxi‖22, (1)

where R(X) is the set of the target tokens of the
regularization. The target tokens R(X) exclude
stop words and subwords shorter than the minimum
length configured in fastText.

The function f maps a dLM-dimensional embed-
ding to a dFT-dimensional embedding:

f(z) = LN(Wfz + bf ).

LN denotes layer normalization (Ba et al., 2016).
Wf ∈ RdFT×dLM , bf ∈ RdFT are trainable parame-
ters. The loss function of Eq. (1) is designed to al-
leviate the catastrophic forgetting problem with the
first term and to adapt the word embeddings to the
target domain with the second term. Miceli Barone
et al. (2017); März et al. (2019) proposed l2-norm
regularization for domain adaptation, but they did
not incorporate it in the additional pre-training
framework.

Fine-Tuning Finally, we run the standard fine-
tuning process (Devlin et al., 2019) without any
regularization.

4 Evaluation

4.1 Dataset

We evaluated the proposed method on two question
answering datasets. Table 1 shows the statistics.
The experimental setup is shown in Appendix A.

SQuAD SQuAD1.1 is a task to answer a ques-
tion with information from a textual source (Ra-
jpurkar et al., 2016). The dataset provides pairs of
a question and a related passage from Wikipedia
as the textual source. The input of the model is a

token sequence that is a concatenation of the ques-
tion and the passage. The ground-truth answer is
a span in the passage. The output of the model
consists of the indices of the answer start and end
positions. The indices are calculated from the two-
dimensional linear layer on top of the PTLM. The
official evaluation metrics are exact matching (EM)
and partial matching (F1).

BioASQ BioASQ5 is a question answering
dataset in the biomedical domain (Tsatsaronis et al.,
2015). Following Lee et al. (2020), we used the fac-
toid questions pre-processed into SQuAD format.
We used three official evaluation metrics. Strict
accuracy (SACC) is the rate at which the top-1
prediction is correct. Lenient accuracy (LACC) is
the rate at which the top-5 predictions include the
ground-truth answer. Mean reciprocal rank (MRR)
is the average of the reciprocal of the rank of the
ground-truth answer. We trained the models with
ten random seeds and report the average perfor-
mance. In the fine-tuning stage, as in Wiese et al.
(2017), we first trained the model with SQuAD and
then trained it with BioASQ.

4.2 Compared Models

We used three PTLMs, BERT-base-cased (De-
vlin et al., 2019), BioBERT (Lee et al., 2020),
and RoBERTa-base (Liu et al., 2019b). BERT-
base-cased was pre-trained with English Wikipedia
(2.5B words) and BookCorpus (800M words) (Zhu
et al., 2015). BioBERT was initialized with BERT-
base-cased and pre-trained with PubMed abstracts
and PMC articles (18B words). RoBERTa-base was
pre-trained with 160GB corpora including news
and Web articles as well as Wikipedia and Book-
Corpus (used to train BERT). We compared three
fine-tuning methods: standard fine-tuning, TAPT,
and TAPTER.

4.3 Results and Discussion

Is TAPTER effective at adaptation to the
biomedical domain? Table 2 shows the results
in BioASQ. We evaluated the performance of the
domain adaptation with BERT-base-cased because
the model does not use a biomedical corpus in the
original pre-training.

TAPTER improved BERT’s performance by
3.05/0.27/2.01 points (SACC/LACC/MRR) over
the simple fine-tuning. As well, TAPTER sta-
tistically significantly outperformed TAPT in the
SACC (top-1 accuracy) and MRR metrics. We
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SACC LACC MRR
BERT-base-cased 37.88 54.00 43.87
+TAPT 39.47 54.27 44.69
+TAPTER 40.93** 54.27 45.88**
BioBERT 43.53 59.67 49.81
+TAPT 45.67 57.87 50.46
+TAPTER 44.60 58.33 50.02

Table 2: Performance on the development set of
BioASQ5. Shown are the results of a paired t-test
on the ten runs between TAPTER and TAPT (** :
p < .01).

EM F1
BERT-base-cased 79.12 87.55
+TAPT 78.42 87.12
+TAPTER 78.68 87.19
RoBERTa-base 82.76 90.40
+TAPT 83.01 90.45
+TAPTER 83.55 90.86

Table 3: Performance on the development set of
SQuAD1.1.

consider that the regularization of the word embed-
dings improves the adaptation of the PTLM.

Appendix B shows the word embeddings of the
models with principal component analysis. The
scatter plots show that the word embeddings of
BERT-base-cased and TAPT resemble each other,
though TAPTER and BioBERT have dissimilar
word embeddings distributions to that of BERT-
base-cased. This indicates that the additional pre-
training of language modeling alone does not adapt
the static word embeddings to the biomedical do-
main unlike TAPTER.

Is additional pre-training effective with the
model pre-trained in the target domain? The
additional pre-training from BioBERT did not im-
prove the overall performance, although some of
the scores slightly increased. There was no signif-
icant difference between TAPTER and TAPT in
each metric (p < .05). We consider that BioBERT
has already learned the knowledge in the biomedi-
cal domain because it was pre-trained with a mas-
sive biomedical text. Therefore, the additional pre-
training had little effect on performance.

Is TAPTER effective in the general domain?
Table 3 shows the results for SQuAD. In the ex-
periments with BERT neither of the additional pre-

Figure 1: Learning curve. The left axis shows the first
term in the loss. The right side shows the second term.

training methods improved performance. On the
other hand, in the experiments with RoBERTa,
TAPTER improved performance by 0.79/0.46
points (EM/F1). This was the best performance
among the compared models on SQuAD.

We consider that TAPTER and TAPT improve
performance when the corpora of the original pre-
training were not dominated by in-domain data. A
large part of the pre-training corpora of BERT is
Wikipedia. Therefore, the additional pre-training
was not effective. However, the pre-training cor-
pora of RoBERTa cover broader topics. Although
the corpora include Wikipedia, the additional pre-
training can adapt the model to the Wikipedia do-
main.

It is known that the performance of PTLMs tends
to improve as the amount of pre-training corpora in-
creases (Baevski et al., 2019; Lan et al., 2019). Our
results show that TAPTER can improve the perfor-
mance of PTLMs that were pre-trained with very
large corpora even if the domain of the downstream
task is included in the pre-training corpora.

How well does TAPTER learn the language
modeling and the word embeddings? Figure 1
shows the learning curve of the additional pre-
training in BioASQ from BERT. We can see that
the second term in Eq. (1) representing the word
embeddings decreased more sharply than the first
term in Eq. (1) representing the language modeling.
Since the BERT model is huge and complicated,
we must learn the model slowly with a small learn-
ing rate over a large number of steps. However,
the regularization term decreases quickly without
corrupting the model. This is one of the advantages
of TAPTER in low-resource settings.

In addition, the decrease in the first term on the
development data stopped on the way. However,
the word embeddings were trained with less dis-
crepancy between the training and development
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data. We consider that the training data of BioASQ
is too small to represent the distribution of the text
in the biomedical domain. Since MLM takes a
document-level sequence X as input, the search
space of the true distribution Pr(X) is huge, and
MLM is a very difficult task to train with limited
training data. On the other hand, the regulariza-
tion term depends on the word-level distribution
Pr(xi). Therefore, the model can decrease the
regularization term on the evaluation data even in
low-resource settings without overfitting.

5 Conclusion

We proposed a new fine-tuning process including
additional pre-training with word embedding regu-
larization. TAPTER learns the meanings of words
in the target domain by making the static word
embeddings of the PTLM close to the word embed-
dings obtained in the target domain with fastText.
TAPTER improves the performance of BERT in
the biomedical domain. Moreover, it improves the
performance of RoBERTa even in the Wikipedia
domain although the original pre-training corpora
of RoBERTa contain Wikipedia.

Many PTLMs with more parameters and trained
with more data have been published (Raffel et al.,
2020; Shoeybi et al., 2019). We believe that
TAPTER is an important method to teach such
largely pre-trained language models knowledge in
the target domain.
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A Experimental Setup

We trained the models on one NVIDIA GeForce
GTX 1080Ti (11GB). The hyperparameter settings
are in Table 4 and Table 5. The optimization al-
gorithm was Adam (Kingma and Ba, 2014). We
used PyTorch (Paszke et al., 2019) and Transform-
ers (Wolf et al., 2020). Stop words were imple-
mented by NLTK (Bird et al., 2009). The word-
level tokenizer was spaCy (Honnibal et al., 2020).
For the target tokens of the regularization R(X),
we randomly selected 50 % tokens in the input ex-
cluding stop words and subwords shorter than the
minimum length configured in fastText. Follow-
ing the default setting, the minimum length of the
subwords in fastText was set to three. The maxi-
mum length was six. In BioASQ, we lowercased
the corpora in the additional training of fastText
and R(X) in the additional pre-training because
only a limited number of words containing capital
characters appear.

Note that the computational time of our ad-
ditional pre-training was about seven hours on
one NVIDIA GeForce GTX 1080Ti (11GB) GPU,
while that of BioBERT was more than ten days on
eight NVIDIA V100 (32GB) GPUs.
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Pre-Training Fine-Tuning
batch size 256 128

epochs 100 5 / 2 / 10
max seq. length 512 384

max query length – 64
learning rate 5e-5

warmup proportion 0.06
weight decay 0.01

Table 4: Hyperparameters for the PTLMs. The num-
bers separated by slashes represent SQuAD / the first
stage of BioASQ / the second stage of BioASQ.

SQuAD BioASQ
min count 5 2

epochs 5 10
dim 300

Table 5: Hyperparameters for fastText. We used the
default values for the hyperparameters not listed.

B Visualization of Word Embeddings

Here, we show the word embeddings of the mod-
els with principal component analysis. Figures 2,
3, 4, and 5 are scatter plots of the word embed-
dings of BERT-base-cased, the model additionally
pre-trained with TAPT, the model additionally pre-
trained with TAPER, and BioBERT.

The figures show that the word embeddings of
BERT-base-cased and TAPT resemble each other.
The average distance between the embeddings of
BERT-base-cased and TAPT among all words is
0.0576, although the distance between the em-
beddings of BERT-base-cased and TAPTER is
0.172. Therefore, the additional pre-training of
language modeling alone does not adapt the static
word embeddings to the biomedical domain unlike
TAPTER. TAPTER and BioBERT have dissimilar
word embedding distributions to that of BERT-base-
cased.
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Figure 2: Word embeddings of BERT-base-cased Figure 3: Word embeddings of model additionally pre-
trained with TAPT

Figure 4: Word embeddings of model additionally pre-
trained with TAPTER Figure 5: Word embeddings of BioBERT
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Abstract

There has been an increased interest in data
generation approaches to grammatical error
correction (GEC) using pseudo data. How-
ever, these approaches suffer from several is-
sues that make them inconvenient for real-
world deployment including a demand for
large amounts of training data. On the other
hand, some errors based on grammatical rules
may not necessarily require a large amount of
data if GEC models can realize grammatical
generalization. This study explores to what
extent GEC models generalize grammatical
knowledge required for correcting errors. We
introduce an analysis method using synthetic
and real GEC datasets with controlled vocabu-
laries to evaluate whether models can general-
ize to unseen errors. We found that a current
standard Transformer-based GEC model fails
to realize grammatical generalization even in
simple settings with limited vocabulary and
syntax, suggesting that it lacks the generaliza-
tion ability required to correct errors from pro-
vided training examples.

1 Introduction

Grammatical Error Correction (GEC) is the task
of automatically correcting grammatical errors in
a text. GEC’s mainstream approach is to con-
sider the task as machine translation (MT) from
an ungrammatical text to a grammatical text due
to their structural similarity (Brockett et al., 2006;
Junczys-Dowmunt et al., 2018). Therefore, many
neural encoder-decoder models (EncDec), which
are common in MT, have been proposed for GEC,
and Transformer-based models have become stan-
dard (Grundkiewicz and Junczys-Dowmunt, 2018;
Zhao et al., 2019; Kaneko et al., 2020). More
recently, there has been an increased interest in
data generation approaches to GEC using pseudo
data, i.e., improving performance by increasing the

Train: 

Test 1:
(Known Setting)

Every polite cow  *smile / smiles awkwardly
Test 2:
(Unknown Setting)

Every white fox *run / runs quickly

Every dog *run / runs quickly

That slimy duck smiles / smiles awkwardly

Some slimy cows smile / smile dramatically

Figure 1: Overview of our proposed method for evalu-
ating the generalization capability of GEC models. In
the Known setting, the model must correct previously
seen patterns. In the Unknown setting, the model is
presented with an unseen pattern but with familiar vo-
cabulary. We found significantly lower performance in
the unknown setting, indicating that the model failed to
generalize its grammatical knowledge.

amount of training data using pseudo data with-
out making any modifications to the model archi-
tecture (Grundkiewicz et al., 2019; Kiyono et al.,
2019).

However, these approaches suffer from several
issues that make them inconvenient for real-world
deployment, including a demand for large amounts
of training data. For example, Kiyono et al. (2019)
reported that it was necessary to add about 60 mil-
lion samples of pseudo-data to improve a standard
measure of GEC, F0.5, by only two points. If GEC
models can realize grammatical generalization, as
humans do not need to memorize individual error
correction patterns (target terms and its correc-
tions) as long as they have learned grammatical
rules, some errors based on grammatical rules (e.g.,
subject-verb agreement errors) do not necessarily
require large amounts of data.

In this study, we explore to what extent GEC
models are able to generalize their grammatical
knowledge to correct unseen error correction pat-
terns but with familiar vocabulary. We propose
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Error Type Synthetic data Real data

VERB:SVA Every white dog *run/runs quickly My mother and father *is/are really an affectionate couple
VERB:FORM Some white dogs *running/ran quickly I am interested in *work/working with you
WO *White every/Every white dog ran quickly I’ve never seen it *before like this/like this before
MORPH Some white dogs ran *quick/quickly We have a good *relation/relationship , she is my main friend
NOUN:NUM Every *dogs/dog ran You know that I love action *film/films like this

Table 1: Examples of automatically constructed synthetic and real data.

an analysis method using both synthetic and real
datasets, each with controlled vocabularies, to eval-
uate whether models can generalize to unseen er-
rors (Figure 1). Experimental results demonstrate
that a current standard Transformer-based GEC
model does not sufficiently generalize its grammat-
ical knowledge even in simple settings with limited
vocabulary and syntax.

2 Related Work

Recent studies of probing the syntactic abilities of
neural language models have examined whether
the models can detect correctness in syntacti-
cally challenging tasks such as subject-verb agree-
ment (Linzen et al., 2016; Gulordava et al., 2018;
Marvin and Linzen, 2018). In contrast, our study
focuses on EncDec-based GEC models that not
only require a generalized ability to detect errors,
but also the ability to correct them using informa-
tion from language modeling and error correction
patterns.

In addition, previous studies of probing language
models (Gulordava et al., 2018; Marvin and Linzen,
2018, i.a.) often only used synthetic datasets to test
models with controlled vocabulary and grammar.
Since GEC models are created to correct data “in
the wild”, we also use real data in our evaluation
and compare performance between data types.

3 Proposed Method

Figure 1 shows an overview of the proposed
method. To evaluate the generalization capabil-
ity of GEC models, we compare the performance
when correcting previously seen error correction
patterns (Known setting) to correcting unseen pat-
terns of the same error type (Unknown setting).
Here, an error correction pattern is a pair of terms
consisting of a target term (the term with an error
that the GEC system needs to correct) and its cor-
rection. For example, in Figure 1, “*run/runs” is an
error correction pattern that appears in “Every dog
*run/runs quickly” and “Every white fox *run/runs

quickly”. The contexts are different, but both exam-
ples need “run” to be corrected to “runs”. Here, in
the known setting, GEC models must correct other
occurrences of “run” into “runs” as seen during
training, while in the unknown setting, it must also
correct unseen error correction patterns such as
“*smile/smiles” that are not appeared in the training
data. If a model’s performance significantly drops
in the unknown setting, it indicates a lack of ability
to generalize its grammatical knowledge.

We use two types of GEC data: synthetic data
and real data (Table 1). The synthetic data is a
fully generated dataset using a set of context-free
grammar (CFG) rules and the real data is created
by processing existing GEC data. The purpose of
the evaluation using synthetic data is to system-
atically analyze to what extent the current model
achieves the grammatical knowledge generaliza-
tion required for correcting errors at the architec-
tural level to build the setting with complete control
over vocabulary. While the synthetic dataset offers
a fully-controlled environment for precise evalua-
tion, its samples are not representative of data that
GEC models are expected to be used for. To create
a more “natural” testing environment for compari-
son, we loosened the strict vocabulary requirement,
which is difficult to fulfill with highly varied real
data, and recreated the evaluation setup by restruc-
turing existing GEC data. Note that, due to its
softer control, this setting should only be taken as
a supplementary comparison for additional insight.

In this study, we investigate standard five error
types defined by Bryant et al. (2017), which are
errors based on grammatical rules: subject-verb
agreement errors (VERB:SVA), verb forms errors
(VERB:FORM), word order errors (WO), morpho-
logical errors (MORPH), and noun number errors
(NOUN:NUM). We created each version of the
data as follows.

Synthetic data We provide a vocabulary-
controlled dataset using CFG inspired by the data
generation process in (Yanaka et al., 2020). More
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Dataset VERB:SVA VERB:FORM WO MORPH NOUN:NUM

Synthetic data
Known 99.61 99.17 99.09 98.44 97.47
Unknown 46.05 56.93 84.00 29.35 65.55
∆ -53.56 -42.24 -15.09 -69.09 -31.92

Real data
Known 87.84 86.36 74.89 87.77 83.75
Unknown 6.28 6.28 9.25 3.83 12.49
∆ -81.56 -80.08 -65.64 -83.94 -71.26

Table 2: Generalization performance for unseen errors. Each number represents an F0.5 score.

specifically, we design two kinds of generation
rules for each of the five error types to be ana-
lyzed, one generating grammatical sentences and
the other ungrammatical ones1. For example, for
VERB:SVA, the rule S → NPpl VPsg can gen-
erate ungrammatical sentences containing “*dogs
smiles”, and S → NPsg VPsg can generate gram-
matical sentences containing “dog smiles”. To pro-
duce natural sentences, we selected 15 lexical items
for nouns, intransitive verbs, transitive verbs, ad-
jectives, and adverbs, respectively. We can adjust
the data size by changing the number of sentences
generated by the CFG. In this paper, we automat-
ically constructed 50,000 sentence pairs for each
error type.

Real data To provide real data, we first perform
an automatic annotation of error type labels and er-
ror correction patterns on an existing learner dataset
using ERRANT (Bryant et al., 2017) 2. Here, we
used approximately 2 million sentence pairs as the
learner dataset, which is a combination of training
and development data distributed by the BEA-2019
Shared Task3. Then, we split the data while pre-
serving error types and error correction patterns so
that there is one error correction pattern per sen-
tence. The unknown setting can be constructed
by sorting the entire dataset based on the retained
error correction patterns and classifying those with
duplicates into training data and those without du-
plicates into test data. We constructed the known
setting by sampling a small amount of data from
training data as test data such that the same error
correction patterns are included in both training and
test sets. Using the above procedure, we obtained
25,889 sentence pairs for VERB:SVA, 41,592 sen-
tence pairs for VERB:FORM, 18,779 sentence
pairs for WO, 26,345 sentence pairs for MORPH,

1Appendix A provides some CFG rules and lexical entries.
2https://github.com/chrisjbryant/

errant
3https://www.cl.cam.ac.uk/research/nl/

bea2019st/

and 68,002 sentence pairs for NOUN:NUM. Com-
pared to the synthetic data, real data has a wide
variety of vocabulary and syntax ranging from sim-
ple to complex.

4 Experiments

4.1 Experimental Settings

We evaluated the grammatical generalization ca-
pability of a vanilla Transformer-based EncDec
model. Specifically, we used the fairseq
toolkit (Ott et al., 2019) implementation of the
“Transformer (big)” setting (Vaswani et al., 2017)4,
and used the F0.5 score calculated by ERRANT
as the evaluation metric. We do not evaluate
current state-of-the-art (SOTA) systems for the
following two reasons. First, the top system in
BEA2019 (Grundkiewicz et al., 2019) and the cur-
rent SOTA systems (Omelianchuk et al., 2020;
Kaneko et al., 2020) use pre-trained models such
as pre-trained Masked LMs or use pseudo-data
during pre-training. A key point of our study is
controlling for seen/unseen patterns. This becomes
difficult with pre-trained models since we cannot
know whether a particular pattern is seen during
pre-training. Second, we believe that evaluating a
standard model’s architecture, which is commonly
used at the core of rapidly evolving SOTA sys-
tems, allows for a more accurate analysis by elim-
inating factors that make analysis more complex,
and a more general analysis since our findings can
be transferred to most current models, including
SOTA systems.

4.2 Results

Table 2 shows the evaluation results. The evalua-
tion using the synthetic data shows that the model’s
correction performance drops significantly in the
unknown setting compared to the known setting, ex-
cept for WO. One reason for the relatively high gen-

4See Appendix B and C for details of the datasets and
hyperparameters we used, respectively.
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Figure 2: Comparison of detection and correction per-
formance.

eralization ability of WO for unseen errors could
be its relative simplicity. Namely, WO can be cor-
rected just by identifying the word’s position (Ta-
ble 1). In contrast, other errors need to be corrected
while recognizing differences in the surface form
of words and dependencies between specific words,
which increases the complexity of the correction
task.

On the other hand, evaluation using real data
show a significant performance drop on all errors,
including WO, in the unknown setting, suggesting
that generalization is more difficult in more prac-
tical settings where the vocabulary and syntax are
diverse.

5 Analysis

Detection vs. Correction To analyze whether
the model failed to generalize due to an inability
to detect errors or an inability to predict the cor-
rect word, we compare the error detection and cor-
rection performance in the unknown setting. The
detection performance is measured by evaluating
whether the GEC model makes any edit in the error
location. We evaluated both the detection and the
correction performance using ERRANT. Figure 2
shows the evaluation result using synthetic data.
The result shows the model successfully detected
all error types, suggesting that the model can gener-
alize its grammatical knowledge at least enough to
detect errors, but not enough to predict the correct
word.

We can also consider the generalization perfor-
mance reported in Table 2 as a kind of ablation
study: distinguishing, for each error type, how
much the language modeling information and the
error correction pattern information contribute to
improving its correction performance, respectively.
We can assume a model can learn accurate language
model information in the unknown setting, but not
the error correction patterns. Therefore, we can see
that WO, which has a lower drop in correction per-

noiseless noisy

VERB:SVA 9.95 5.78
VERB:FORM 12.33 5.47
WO 7.89 9.35
MORPH 6.32 3.90
NOUN:NUM 24.16 12.49

Table 3: Effect of the complexity of errors in a sentence.
Each number represents an F0.5 score.
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Figure 3: Relationship between sentence length and
performance.

formance in the unknown setting compared to the
others, can be corrected with language modeling
information alone. This result is consistent with
the report (Futrell and Levy, 2019) that language
models are robust to word order.

Complexity in real data To better understand
the relationship between complexity and perfor-
mance, we observed the effect of two contribut-
ing factors: error complexity and sentence length.
Specifically, we compared the performance when
the target error is the only error in the sentence
(noiseless), and when the sentence contains other
errors besides the target error (noisy). Table 3
shows the effect of the complexity of errors in a
sentence. The results show that the performance
of WO is constant with and without noise, while
the other errors are affected by noise. Also, we
analyzed the relationship between sentence length
and performance (Figure 3) and confirmed that the
difficulty of corrections on WO does not depend
on the sentence length. These results suggest that
the reason why the drop in correction performance
of WO was relatively low compared to the others,
even with real data, is due to its robustness to the
complexity of input sentences.

Can a few error correction patterns improve
model performance? We have found that the
current model is vulnerable to unseen errors, but
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#seen patterns 0 1 2

Precision 43.31 47.16 57.65
Recall 47.92 52.52 63.70
F0.5 44.16 48.14 58.77

Table 4: Performance change when we expose the
model to a few error correction patterns.

how does its performance change if we expose the
model to a few error correction patterns? Table 4
shows the performance change when a few error
corretion patterns are added to the training data for
the pattern “*smile/smiles” in VERB:SVA. As test
data, we used the test data used in Section 4, ex-
cluding sentence pairs other than the target pattern.
From the results, we can see that adding even just
one or two samples to the training data can sig-
nificantly improve the model’s performance. This
suggests that when preparing training data for GEC,
it is important to sample even one or two seen pat-
terns for each word to improve the performance.

6 Conclusion

This study explored to what extent GEC models
generalize grammatical knowledge required for cor-
recting errors. We introduce an analysis method
using synthetic and real GEC datasets with con-
trolled vocabularies to evaluate whether models
can generalize to unseen errors. We found that the
current standard Transformer-based GEC model
can generalize error detection to some extent in a
simple synthetic setting, while it cannot general-
ize correction to a greater extent in both synthetic
and real settings, suggesting that it lacks the gen-
eralization ability required to correct errors from
provided training examples. Therefore, methods to
incorporate grammatical knowledge as rules into
the current models can be expected to be necessary
to implement a lightweight GEC model requiring
less training data, which we plan to investigate in
our future work.
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A CFG rules used to construct synthetic data

Generation rules
S → NP VP
S-SVA → NPsg VPpl | NPpl VPsg
VP → IV | IV ADV | TV NP
VP-FORM → IVing | IVing ADV | TVing NP
VP-MORPH → IV ADJ

NP → Q N | Q ADJ N
NP-WO → ADJ Q N
NP-NUM → Qsg Npl | Qpl Nsg | Qsg ADJ Npl | Qpl ADJ Nsg

Lexical items
Q → {a, every, no, some, many}
N → {dog, rabbit, cat, bear, tiger}
IV → {run, walk, come, dance, leave}
TV → {kicked, hit, cleaned, touched, accepted}
ADJ → {white, gray, big, small, large, old}
ADV → {quickly, slowly, gracefully, seriously, happily}

Table 5: Examples of CFG rules used for synthetic data construction. The generation rules with errors for each
error type are shown by VP-error type for instance.

B Details of the datasets used in the experiments

VERB:SVA VERB:FORM WO MORPH NOUN:NUM

Known 50,000 / 2,000 / 18,562 50,000 / 2,000 / 10,125 50,000 / 2,000 / 8,438 50,000 / 2,000 / 10,125 50,000 / 2,000 / 8,438
Unknown 50,000 / 2,000 / 13,749 50,000 / 2,000 / 7,500 50,000 / 2,000 / 6,250 50,000 / 2,000 / 7,500 50,000 / 2,000 / 6,250

Table 6: Details of the data split in the synthetic data setting (training/development/test).

VERB:SVA VERB:FORM WO MORPH NOUN:NUM

Known 23,889 / 2,000 / 2,000 39,592 / 2,000 / 2,000 16,779 / 2,000 / 2,000 24,345 / 2,000 / 2,000 66,002 / 2,000 / 2,000
Unknown 23,889 / 2,000 / 633 34905 / 2,000 / 2000 16,779 / 2,000 / 9,199 24,345 / 2,000 / 5227 66,002 / 2,000 / 3,111

Table 7: Details of the data split in the real data setting (training/development/test).
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C Hyper-parameter settings

Configurations Values

Model Architecture Transformer (Vaswani et al., 2017)
Optimizer Adam (Kingma and Ba, 2015)
Learning Rate Schedule Same as described in Section 5.3 of (Vaswani et al., 2017)
Number of Epochs 30 for synthetic data and 150 for real data
Dropout 0.3
Stopping Criterion Train model for 30 epochs (synthetic data) and 150 epochs (real

data).
Gradient Clipping 1.0
Loss Function Label smoothed cross entropy (Szegedy et al., 2016)
Beam Search Beam size 5 with length normalization

Table 8: Detailed hyper-parameters used for the base GEC model.
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Abstract

Parsing natural language questions in specific
domains is crucial to a wide range of applica-
tions from question-answering to dialog sys-
tems. Pre-trained parsers are usually trained
on corpora dominated by non-questions, and
thus perform poorly on domain-specific ques-
tions. Retraining parsers with domain-specific
questions labeled with syntactic parse trees is
expensive, as these annotations require linguis-
tic expertise. In this paper, we propose an
automatic labeled domain question generation
framework by leveraging domain knowledge
and seed domain questions. We evaluate our
approach in two domains, and release the gen-
erated question datasets. Our experimental re-
sults demonstrate that auto-generated labeled
questions indeed lead to significant (4.9% −
9%) increase in the accuracy of state-of-the-art
(SoTA) parsers on domain questions.

1 Introduction

Understanding questions is the first step towards
building accurate and reliable natural language in-
terfaces. Recent works on Google Assistant, or
IBM Watson focus on building domain-specific
conversational agents. In this paper, we focus
on syntactic parsing of domain-specific questions,
which is crucial in domain-specific agents. The
accuracy of syntactic parsers is known to depend
on the syntactic similarities between the training
data and application text. However, questions are
often underrepresented in classic training corpora.
In Penn TreeBank, only 0.5% of sentences from
the Wall Street Journal are questions, with majority
being rhetorical in nature, and those occurring in
conversations (starting with interrogatives wh-/how,
imperatives show me, name, or yes/no questions)
are heavily underrepresented. Recognizing this

∗This work was done when the author was at IBM Re-
search.

problem, Judge et al. (2006) introduced Question-
Bank, a labeled corpus of 4,000 general questions.

However, domain-specific questions are often
underrepresented in general purpose question cor-
pora, leading to their poor parsing performances;
e.g., in Show me Neil’s insider transactions since
2011, a SoTA parser (Nivre et al., 2016a) trained on
Universal Dependencies (UD) English TreeBank
(Silveira et al., 2014) and QuestionBank attaches
since to show, instead of transactions, causing the
system to misinterpret Neil’s insider transactions
since 2011, to all his transactions. In Will it rain
tomorrow by noon?, tomorrow is attached to rain
with a wrong dependency relation (dobj instead of
nmod:tmod), causing the system to miss the tempo-
ral aspect of the question.

A natural solution to obtain accurate domain-
specific parsers is to train them on domain-specific
corpora. However, obtaining domain-specific ques-
tions is difficult. Moreover, annotating questions
for parse trees is tedious, prone to errors and incon-
sistencies, and requires linguistic expertise. Petrov
et al. (2010) proposed uptraining, training a parser
on the output of a slower, more accurate parser.
For acceptable performance, the unlabeled corpus
must be large (100,000 questions). Our method is
applicable when such a large corpus is not avail-
able. Inspired by (Wang et al., 2015) who showed
that semantic parsers can be built “overnight” us-
ing domain expertise, we seek to reduce the effort
required to handle a new domain using domain
knowledge: (1) a domain schema modeling the
concepts and relationships in a domain, and (2)
a knowledge base of data instances that populate
the schema (Hamon et al., 2017; Julien Gobeill
and Ruch, 2015; Damljanovic et al., 2010). To the
best of our knowledge, this is the first work to use
domain knowledge to improve syntactic parsing.

This paper makes two main contributions. (1)
We propose a framework to automatically generate
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Figure 1: Overview of our approach.

a large training corpus of domain-specific questions
for syntactic parsing in English, from a few seed
domain questions using domain knowledge. We
evaluate our approach in general (Weather) and spe-
cialized (Finance) domains. The parsers trained on
the data augmented with our method have signifi-
cant improvements (4.9%−9% LAS, 4.8%−8.8%
UAS) over those trained on UD Treebank and Ques-
tionBank. Our method is robust to small seed, im-
proving accuracy with as few as 10 seed questions.
(2) We release the datasets and generated questions
to the community.1

2 Question Generation

We automatically generate large training corpora
by combining (1) domain seed questions labeled
with syntactic dependencies using the Universal
Dependencies v1.4 (Nivre et al., 2016b) guideline,
and (2) domain knowledge. We use a two-stage
pipeline: For each seed question, a question tem-
plate is created that maintains its general structure,
but abstracts away details of specific entities. Next,
new questions are generated by automatically fill-
ing the templates with new entities obtained using
domain schema and knowledge base. The domain
schema is further annotated to ensure naturalness
of generated questions (Figure 1).

2.1 Template Abstraction

Given labeled seed, this stage involves abstracting
templates from their parse trees. We focus on two
entity types, based on the dependency relation of
nodes to their parent in parse trees of questions:
Subject Entity (qsubj) is the subject in a question.
In wh-interrogatives, it occurs as the nominal sub-
ject (nsubj) of root. (QENT1 in Fig. 2a). In imper-
atives, it occurs as the direct object (dobj) of the
imperative verb. (QENT1 in Fig. 2b).

1https://github.com/System-T

(a) Finance questionQ1.

(b) Finance questionQ2.

(c) Template TQ1 .

(d) Template TQ2 .

(e) Generated questionQN1 .

(f) Generated questionQN2 .

Figure 2: Finance questions (a,b), their templates (c,d) and
examples of generated questions (e,f).

Modifier Entity (qmod) is a (noun phrase) node that
modifies another node. In parse trees, they usually
relate via an nmod dependency.2 In Fig. 2a, ‘James
Dimon’ and ‘company’ are qmod entities of ‘in-
sider holdings’. Given a question, its template has
qsubj and qmod entities replaced by placeholders.
Algorithm 1 details template abstraction.
Domain Schema and Knowledge Base We as-
sume domain schema as a set of classes with
properties, relations between classes, and knowl-
edge base conforming to the schema with few
data instances; e.g., title is a property of class
AssignmentHistory with instances ‘CEO’ and

2We also account for other dependencies (nmod:poss,
appos, xcomp) modifying qsubj.
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‘COO’ in the Finance domain. Figure 5 in Section
B shows an example schema for financial domain
and a few data instances in a knowledge base KB
conforming to this schema.

2.2 Template Filling
Given a template, questions are generated by sys-
tematically filling qsubj and qmod with new values
obtained from domain schema and knowledge base.
The main challenges include: (1) which new values
are suitable for filling? and (2) how to automati-
cally construct parse trees for generated questions?
To address the first challenge, we propose tem-
plate replacement heuristics: qsubj is replaced
with properties of a class, while qmod is replaced
with properties of other classes in relation to that
class. Further, we introduce one-level nesting on
the filled qmod by expanding them using the relative
pronoun whose (further details in Section C).

We address the second challenge by construct-
ing parse trees for template fillers as follows. (1)
For each class property, we manually provide the
parse tree. This incurs a small one-time effort
proportional to the size of the domain schema,
which is small compared to the knowledge base.
(2) For each instance of a class property, we au-
tomatically generate the parse tree by making
the last word as root, and attach the preceding
words (Fig. 3a). (3) For qmod, we construct rel-
ative pronoun expansion node by attaching to it
the parse tree of a property of a related class
with tag acl:relcl and whose. Fig. 3b expands
qmod1 = Person:name=‘Neil Smit’ using the
parse tree of Holding:value with a prepositional
attachment for a value (i.e., 20,000). The preposi-
tion is changed to an appropriate copular verb (is,
are).

(a) (b)

Figure 3: Parse trees for template fillers based on heuristics
for data instances (a), and and relative pronoun expansion (b).

Tab. 1 shows example questions generated in the
Finance domain (QN1 to QN4 ).

While the generated questions exhibit variety,
most are unnatural; more natural formulations are
QF1 to QF4 . The common sources of unnaturalness
are the following.
Incorrect preposition for qmod In QN1 , the orig-
inal preposition by is incorrect for the choice of
qsubj and qmod2; it should instead be in.

Incomplete usage of dependent property InQN2 ,
the choice of property for qsubj is incomplete;
start date is not independent by itself and should be
associated with a title the person holds.

Incomplete semantics of property In QN3 , the us-
age of property for qsubj is misleading as it refers
to the value of a company, while the intent is to
query the value of holdings in the company.

Incorrect question word In QN4 , what should be
replaced with who, since qsubj is filled with a
person, as opposed to an object.

2.3 Schema Annotations

A random sample of 100 generated questions con-
tains 68 incorrect prepositions, 47 incomplete de-
pendents, 64 incomplete semantics, and 2 incorrect
question words. We address them using simple
annotations to the domain schema, provided by a
domain expert, in a one-time effort that is linear
with the size of the schema.

Class Relations. between classes are anno-
tated with connective words (usually preposi-
tions), e.g., AssignmentHistory in−→ Company and
AssignmentHistory

of−→ Person in Figure 5. This
annotation addresses the incorrect prepositions for
qmod (e.g. QF1 ).

Heading Properties. are those that can be queried
independently without referencing others. Each
property is annotated as heading or non-heading
for all the classes in the schema. While heading
properties and their instances can be used to fill
qsubj and qmod independently, we devise rules to
use non-heading ones (Appendix D). This anno-
tation modifies the use of non-heading property
start date in QN2 by associating it with an instance
‘CEO’ of heading property title in QF2 .

Class-dependency of Properties. This addresses
the incomplete semantics of properties. Certain
properties are ambiguous, and querying them re-
quires specifying their class names to add context;
e.g., one would ask What are the values of holdings
in Citigroup? as oppose to What are the values in
Citigroup? Properties in the schema are annotated
as class-dependent or not. This annotation leads to
QF3 , a more natural version of QN3 .

Possible Question Words. To address the incor-
rect question words (QN4 ), we annotate all proper-
ties and their instances with corresponding possible
wh- question words (QF4 ).
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Naively generated question Final question

QN1 : What are the titles of Neil Smit by Citigroup Inc? QF1 : What are the titles of Neil Smit in Citigroup Inc?
QN2 : What are the start dates of Neil Smit by Citigroup
Inc?

QF2 : What are the start dates as CEO of Neil Smit in Citi-
group Inc?

QN3 :What are the values of Citigroup Inc by Neil Smit? QF3 : What are the values of holdings in Citigroup Inc of
Neil Smit?

QN4 : What are the CEOs of Citigroup Inc? QF4 : Who are the CEOs in Citigroup Inc?

Table 1: Questions generated from “What are the insider holdings of James Dimon by company" with template: “What are the
qsubj of qmod1 by qmod2?"

DATASET DOMAIN# SENT.

UD UD Treebank General 16,622
GQ QuestionBank General 4,000

DQF Domain-specific questions Finance 250
DQW labeled by linguist Weather 250

Table 2: Datasets in our experiments.

FINANCE WEATHER

DATASET LAS UAS LAS UAS

UD 78.44 80.71 74.26 78.09
UD+GQ 80.62 82.7 79.48 82.44
UD+DQ 85.06 86.96 79.06 82.26
UD+NDQ 86.34 88.61 79.47 82.89
UD+GQ+DQ 86.05 87.88 81.97 84.42
UD+GQ+NDQ 88.31∗ 90.41† 84.37∗ 87.21†

UD+GQ+DQ+NDQ 89.67∗ 91.53† 84.82∗ 87.49†

Table 3: Performance of Malt with different training sets.
LAS with ∗ (UAS with †) are statistically significant compared
to all other settings using McNemar’s test (p < 0.05).

3 Experiments and Results

We evaluate our approach with 5-fold cross-
validation in the Finance (9 classes, 16 relations,
63 props., 3,028 instances) and Weather (9 classes,
1 relation, 85 props., 66 instances) domains.
Data. Table 2 summarizes different datasets used
in our experiments. For each domain, we ran-
domly sample 250 questions from the query logs
of an internal QA system, and manually annotate
them with dependency parse information (DQF and
DQW). We group the questions based on their tem-
plate structure, resulting in 148 and 166 unique tem-
plates for Finance and Weather, respectively. Ques-
tions corresponding to 20% templates are used for
training in each fold, resulting on average in 38
and 54 seed questions from 30 and 34 templates for
Finance and Weather, respectively. The remaining
questions (212 and 196 questions for Finance and
Weather) are used as test sets to evaluate the trained
parsers. In this way, the train and test sets do not
have any overlap even at the template-level.

From DQ, we generate new questions NDQ us-

FINANCE WEATHER

DATASET LAS UAS LAS UAS

UD 72.31 80.19 69.87 76.27
UD+GQ 76.41 84.50 72.76 78.44
UD+DQ 80.47 86.10 77.30 82.24
UD+NDQ 80.56 86.34 77.98 83.07
UD+GQ+DQ 81.99∗ 87.84† 80.44∗ 84.80†

UD+GQ+NDQ 82.43∗ 88.54† 81.03∗ 85.34†

Table 4: SyntaxNet results with different training sets.

ing our approach. As the number of questions
generated from each seed question is very large
(140,325 for Finance), and they have similar syn-
tactic structures, we include in NDQ a maximum of
50 questions randomly selected from those gener-
ated from each seed question (this value is chosen
from validation experiments).
Models. We use two parsers with default parame-
ters: Malt (Nivre et al., 2016a), as it is fast to train,
and SyntaxNet, a SoAT neural model (Andor et al.,
2016). We measure parser performance using UAS
(Eisner, 1996) and LAS (Nivre et al., 2004) metrics,
on the test portions of DQF and DQW.

Effectiveness. Tables 3 and 4 shows the re-
sults of Malt trained on different combinations
of datasets. SyntaxNet displays similar trend,
though with lower scores. Adding GQ to UD
improves performance in both domains. Adding
DQ leads to greater improvements for Finance,
though GQ contains many more questions than DQ.
This confirms the importance of domain-specific
questions in the training data for specialized do-
mains such as Finance. Adding generated ques-
tions NDQ leads to comparable, if not better, per-
formances over UD+GQ and UD+GQ+DQ for both
domains, with small sizes (1,150 questions for Fi-
nance, 1,136 for Weather, on average), illustrat-
ing the effectiveness of our algorithm in gener-
ating labeled domain questions. UD+GQ+NDQ

and UD+GQ+DQ+NDQ achieve the best perfor-
mance: LAS gain of 4.9%−9% over UD+GQ, and
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DATASET FINANCE WEATHER

UD 64.54 64.56
UD+DQ 65.14 64.75
UD+DQ+NDQ 66.00 65.26

Table 5: LAS of Malt parser on GQ as test.

10 20 30 40 50 60 70 80 90 100
75%

80%

85%

90%

Number of seed domain questions

LA
Si

n%

1 (Finance) 2 (Finance)
1 (Weather) 2 (Weather)

Figure 4: Malt performance trained with increasing sizes of
DQ (1: UD+DQ, 2: UD+DQ+NDQ).

2.3%− 3.6% over UD+GQ+DQ. This shows that
our framework generates effective labeled domain-
specific questions which help improve parser per-
formances when used for training them.

Table 5 shows LAS of Malt parser trained on
domain-specific seed and generated questions, and
evaluated on GQ. The improvements with the addi-
tion of DQ and NDQ on general questions illustrate
that our framework does not overfit to a specific
domain; instead, the augmented training sets only
facilitate an increase in the performances.
Effect of Schema Annotations. Schema annota-
tion is a one-time effort and is proportional to the
schema size; it required an average of 2 hours for
the authors to annotate each schema. The domain
understanding required for this can be acquired in
a fairly small amount of time as the annotations are
straight-forward, as opposed to the heavy linguis-
tic expertise required to annotate questions with
parse trees, which generally requires weeks or even
months of effort to obtain a decently large train-
ing data. Moreover, large-scale human dependency
tree annotations are error-prone, inconsistent and
intensive, as annotators may tend to forget the many
linguistic rules involved, and need to constantly en-
sure that the same rules are applied everywhere.
Another sample of 100 questions, generated using
the schema annotations, do not exhibit the anoma-
lies listed in Section 2.2. Moreover, the inclusion
of schema annotations leads to 0.4%−0.94% gains
in LAS, thus compensating the effort required to
annotate the ontology.
Robustness to Size of Domain Seed. To study
the performance variation with the size of training

data, we randomly sample 1/3rd templates as test
(49 Finance and 55 Weather questions), and train
the parser on questions from remaining templates
with varying sizes. Figure 4 shows LAS averaged
over 5 runs with Malt in two settings: UD+DQ
and UD+DQ+NDQ. Our framework leads to signif-
icantly better performances in both domains, and
even with only 10 seed questions, LAS improves
by 2.03% (Finance) and 2.82% (Weather). We also
note that in the Finance, adding 10 domain ques-
tions to UD leads to comparable performance to
adding entire QuestionBank, and 30 questions are
needed for achieve the same in Weather (UD+GQ
in Table 3). As Finance is a specialized domain,
NDQ from even a small seed set have a higher effect
compared to a more general domain like Weather.

4 Conclusions

We proposed a method to automatically generate
labeled domain-specific questions from small seed
set using domain knowledge, to compensate for
the lack of training data. We introduced ontol-
ogy annotations that enhance the naturalness of the
automatically generated questions. Our approach
resulted in a significant increase in the LAS of
2.3%− 2.4% over training with standard corpora
and domain seed in two domains, and is robust to
the seed set size. With sufficient labeled data, some
of these heuristics could potentially be learned from
the data. We believe our work paves way to de-
velop domain-independent question parsing meth-
ods with very little or possibly no training data.
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A Template Abstraction

We refer to qmod entities that have temporal values
as qtmp.

Algorithm 1 Template Abstraction
Input: Question Q and its syntactic parse tree PQ.
Output: Template TQ for Q.
1: procedure ABSTRACTTEMPLATE(Q, PQ)
2: Identify the qsubj entity in PQ.
3: Identify all qmod entities attached to qsubj’s head

in PQ.
4: Recursively identify qmod entities for each of qmod.
5: Among all qmod entities, mark those that are qtmp.
6: Let TQ be PQ with qsubj and qmod replaced with

placeholders.

B Domain Schema

Fig. 5 shows an example schema for financial do-
main and a few data instances in a knowledge
base KB conforming to this schema. The schema
models a subset of the Finance domain, including
people and companies with some of their related
classesR such as address and financial metrics. It
also models several relations of interest including
a person’s holding in a company, and a person’s
job assignment as an officer of a company. Ellipses
represent classes; rectangles show class properties
and their data types; For example, title is a prop-
erty of class AssignmentHistory with instances
‘CEO’ and ‘COO’ in Finance domain.

We denote properties as class:property and
their instances as class:property=‘instance’.
For classes with a property name, we consider in-
stances of name as instances of the class (e.g., ‘Cit-
igroup Inc’ is an instance of class Company). La-
beled arrows denote relations between classes. For
example, in Fig. 5, AssignmentHistory is related
to Company and Person, modeling the relationships
between a person’s assignment within a company;
e.g., Neil Smit is the CEO of Citigroup.

C Template Filling

We detail the template replacement heuristics for
each entity type here. If sufficient labeled data is
available, some of these heuristics could potentially
be learned from the data.
Entity qsubj can be filled with either (1) a
class property,3 or (2) an instance of a class
property of type string, provided that the prop-
erty is not name and the instance is not a

3If the part-of-speech tags of the property and qsubj do
not match, appropriate changes are made to the template.
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Figure 5: Domain schema for the finance domain, and example data instances. Classes, properties (their data types), and
relations between classes are shown as ovals, rectangles and labeled arrows. Data instances are shown next to corresponding
properties in quotes.

proper noun. For example, qsubj in TQ1

can be filled with AssignmentHistory:title or
AssignmentHistory:‘CEO’ resulting in What is
the title of ..? and Who is the CEO of ..? The
proper noun restriction avoids generating meaning-
less questions such as What is the 224-540-1232 of
..? The restriction on name and string type avoids
questions such as What is the Citigroup Inc ..?, and
What is the 20,000 of ..?

Entity qmod is filled based on the QENT it modifies.
If QENT is a class property, qmod is filled with an
instance of a related class. In TQ1 , when qsubj is
filled with AssignmentHistory:title, the qmod1

slot can be filled with Person:name=‘Neil Smit’,
resulting in What are the titles of Neil Smit ..? If
QENT is a class instance, it is changed to the name
of the class, and qmod is filled with a Vp of property
p of a related class. For example, in TQ2 , if qmod1
is filled with Company:name=‘Citigroup Inc’, it
will be changed to ‘company’, and qmod2 can be
filled with Vp value of 20,000 of Holding:value
as Holding is related to Company.

Relative pronouns for qmod expansion. To gen-
erate more complex questions, we introduce one-
level nesting on an already filled qmod by expand-
ing it using relative pronoun whose. If qmod is not
a Vp of any property p, we replace it with its corre-
sponding class name, and attach a relative modifier
clause using Vp of a property p of one of its re-
lated classes. In TQ1 , when qmod1 is filled with
Person:name=‘Neil Smit’, the relative pronoun
expansion of qmod1 is person whose value is 20,000
using related class Holding of Person.

Entity qtmp is always retained as temporal values
do not change the syntactic context of questions.
In Fig. 2f, see QN2 generated from TQ2 .

(a)
AssigH:start_date

(b)
Holding:value

Figure 6: Templates for non-heading property (a) and class-
dependency (b).

D Heading Property Heuristics

While heading properties and their instances can be
used to fill QENT entities independently, we adopt
the following rules for non-heading properties:

• For classes with a single heading property with
an instance (e.g. AssignmentHistory:title

with ‘CEO’), the instance is used along
with a non-heading property to query it
using prepositional connectives which are
also annotated along with heading properties
(AssignmentHistory:start_date as CEO).
The QENT replacement is automatically con-
structed by attaching the heading property’s in-
stance as nmod using prepositional connective to
the parse tree of non-heading property (Fig. 6a).

• For classes with more than one heading prop-
erty, only they can be queried (Holding:value,
Holding:expiration_date). E.g., what is the
value of ..?, what is the expiration date of ..?
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Abstract

Understanding the political perspective shap-
ing the way events are discussed in the media
is increasingly important due to the dramatic
change in news distribution. With the advance
in text classification models, the performance
of political perspective detection is also im-
proving rapidly. However, current deep learn-
ing based text models often require a large
amount of supervised data for training, which
can be very expensive to obtain for this task.
Meanwhile, models pre-trained on the general
source and task (e.g. BERT) lack the ability
to focus on bias-related text span. In this pa-
per, we propose a novel framework that pre-
trains the text model using signals from the
rich social and linguistic context that is read-
ily available, including entity mentions, news
sharing, and frame indicators. The pre-trained
models benefit from tasks related to bias detec-
tion and therefore are easier to train with the
bias labels. We demonstrate the effectiveness
of our proposed framework by experiments
on two news bias datasets. The models with
pre-training achieve significant improvement
in performance and are capable of identifying
the text span for bias better.

1 Introduction

The perspectives underlying the way information is
conveyed to readers can prime them to take similar
stances and shape their worldview (Gentzkow and
Shapiro, 2010, 2011). Given the highly polarized
coverage of news events, recognizing these per-
spectives can help ensure that all points of view are
represented by news aggregation services, and help
avoid “information echo-chambers” in which only
a single viewpoint is represented. It may also help
to prevent the spread of false information online by
showing people news with different perspectives.

Past work studying the expression of bias in the
text has focused on lexical and syntactic represen-

tations of bias (Greene and Resnik, 2009; Recasens
et al., 2013; Elfardy et al., 2015). Expressions of
bias can include the use of the passive voice (e.g.,

“mistakes were made”), or references to known ideo-
logical talking points (Baumer et al., 2015; Budak
et al., 2016; Card et al., 2016; Field et al., 2018;
Morstatter et al., 2018) (e.g., “pro-life” vs. “pro-
choice”). However, bias in news media is often
nuanced and very difficult to detect. Journalists of-
ten strive to appear impartial and use language that
does not reveal their opinions directly. Also, by
their nature, news articles describing the same real-
world event will share many similar details of the
event, regardless of their political perspectives. In-
stead, bias is often expressed through informational
choices (Fan et al., 2019), which highlight different
aspects of the news story and frame facts shared by
all articles in different ways. For example, the fol-
lowing articles capture different perspectives (Top
left, Bottom right), while discussing the same news
event– the 2021 storming of the U.S. Capitol 1.

Adapted from NYTimes (Left)
How Republicans Are Warping Reality Around the
Capitol Attack ... Jim Hoft, did not reply to questions
but did send along several of his own news articles related
to claims of antifa involvement in the Capitol attack —
citing the case of a man named John Sullivan, whom the
right-wing media has dubbed an “antifa leader” in efforts
to prove its theory of infiltration.

Adapted from Fox News (Right)
BLM activist inside Capitol claims he was ’document-
ing’ riots, once said ’burn it all down’. John Sullivan
has previously called for ’revolution’ and to ’rip Trump’
out of his office. An anti-Trump activist who once said he
wanted to ”rip” the president out of office entered the Capi-
tol Building Wednesday alongside a mob of pro-Trump
protesters, but he said he was just there to ”document” it.

The two articles discuss the presentation of John

1https://en.wikipedia.org/wiki/2021_
storming_of_the_United_States_Capitol
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Sullivan as an Antifa member2 who participated in
the Capitol storming. However the story is framed
in very different ways - while the bottom article
frames the story directly as a discussion of Antifa
involvement, the top discusses it in the context of
political messaging and journalism. Furthermore,
we notice that the difference is focused on a specific
entity - John Sullivan.

Despite the fact that these distinctions are easily
detectable by a human reader familiar with the po-
litical divisions in the U.S., they are very difficult to
detect automatically. Recent success stories using
large-scale pre-training for constructing highly ex-
pressive language models (Devlin et al., 2019) are
designed to capture co-occurrence patterns, likely
to miss these subtle differences.

In this paper we suggest that bias detection re-
quires a different set of self-supervised pre-training
objectives that can help provide a better starting
point for training downstream biased detection
tasks. Specifically, we design three learning objec-
tives. The first, captures political knowledge, focus-
ing on the embedding of political entities discussed
in the text. The second one captures external social
context. Following the intuition that different social
groups would engage with documents expressing
a different bias (e.g., left-leaning users are more
likely to read the NYTimes article compared to the
Fox News article), we collect social information
contextualizing news articles and learn to predict
the social context of each article, based on its con-
tent, thus aligning the two representations. Finally,
the third is based on linguistic knowledge, focusing
on the issue framing decisions made by the authors.
Framing decisions have been repeatedly shown to
capture political bias (Recasens et al., 2013; John-
son and Goldwasser, 2016; Roy and Goldwasser,
2020; Mendelsohn et al., 2021), and we argue that
infusing a language model with this information
can help capture relevant information. Note that
this information is only used for pre-training. Other
works using social information to analyze politi-
cal bias (Li and Goldwasser, 2019; Nguyen et al.,
2020; Pacheco and Goldwasser, 2021) augment the
text with social information, however since this
information can be difficult to obtain in real-time,
we decided to investigate if it can be used as a dis-
tant supervision source for pre-training a language
model.

2https://en.wikipedia.org/wiki/Antifa_
(United_States)

These pre-training tasks are then used for train-
ing a Multi-head Attention Network (MAN) which
creates a bias-aware representation of the text.

We conducted our experiments over two datasets,
Allsides (Li and Goldwasser, 2019) and SemEval
Hyperpartisan news detection (Kiesel et al., 2019).
We compared our approach to several competitive
text classification models and conducted a care-
ful ablation study designed to evaluate the individ-
ual contribution of pre-training through knowledge
from various contexts. Our results demonstrate the
importance of all aspects, each contributing to the
model’s performance.

2 Related Work

The problem of perspective identification is origi-
nally studied as a text classification task (Lin et al.,
2006; Greene and Resnik, 2009; Iyyer et al., 2014),
in which a classifier is trained to differentiate be-
tween specific perspectives. Other works use lin-
guistic indicators of bias and expressions of im-
plicit sentiment (Recasens et al., 2013; Baumer
et al., 2015; Field et al., 2018).

Recent work by (Fan et al., 2019) aims to char-
acterize content relevant for bias detection. Unlike
their work which relies on annotated spans of text,
we aim to characterize this content without explicit
supervision.

In the recent SemEval-2019, a hyperpartisan
news article detection task was suggested3. Many
works attempt to solve this problem with deep
learning models (Jiang et al., 2019; Hanawa et al.,
2019). We build on these works to help shape our
text representation approach.

Several recent works also started to make use of
concepts or entities appearing in the text to get a
better representation. Wang et al. (2017) treats the
extracted concepts as pseudo words and appends
them to the original word sequence which is then
fed to a CNN. The KCNN model by Wang et al.
(2018), used for news recommendation, concate-
nates entity embeddings with the respective word
embeddings at each word position to enhance the
input. We take a different approach and instead try
to inject knowledge of entities into the text model
through the masked entity training. Zhang et al.
(2019) also uses entity-level masking for training.
However, they predict the tokens for the masked

3https://pan.webis.de/semeval19/
semeval19-web/
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entity instead of relying on meaningful representa-
tions for entities as ours.

Political framing, due to its relation with ideol-
ogy and perspective, is studied in the NLP com-
munities (Johnson et al., 2017; Field et al., 2018;
Shurafa et al., 2020). There is also growing interest
in utilizing framing differences to identify bias in
news articles (Roy and Goldwasser, 2020).

Pre-trained models are widely used in numer-
ous NLP tasks, from the early word2vec represen-
tation (Mikolov et al., 2013) to the generic lan-
guage models like ELMo (Peters et al., 2018) and
BERT (Devlin et al., 2019). Recently, people also
started to work on task specific pre-training that try
to bring task and domain related knowledge into
the model. Xu et al. (2019) is similar to our work
as it proposes to enhance the BERT model through
training on review data and sentiment classification
tasks so that it can obtain better performance across
multiple review-based tasks.

3 Political Perspective Identification Task

The problem of political perspective identification
in news media can be formalised as follows. Given
a news article d, where d consists of sentences
si, i ∈ [1, L], and each sentence si consists of
words wit, t ∈ [1, T ]. L and T are the number
of sentences in d and number of words in si re-
spectively. The goal of this task is to predict the
political perspective y of the document. Given
different datasets, this can either be a binary clas-
sification task, where y ∈ {0, 1} (hyperpartisan or
not), or a multi-class classification problem, where
y ∈ {0, 1, 2} (left, center, right).

The overall architecture of our model is shown
in Figure 1. It includes two sequence encoders,
one for word level and another for sentence level.
The hidden states from an encoder are combined
through a multi-head self-attention mechanism.
With pre-training on various social and linguistic
information, the generated sentence and document
vectors will consider not only the context within
the text but also the knowledge about the entities
(e.g. their political affiliation, or stance on contro-
versial issues), sharing users, and frame indicators.
We explain the structure of our model and the rich
social and linguistic context we consider in detail
below. Note that our pre-training strategies are not
tied with any specific model structure and can be
easily applied to other text models.

sharing user

…

𝒔𝟏 𝒔𝟐 𝒔𝑳

…

𝒙𝟐𝟏 𝒙𝟐𝟐 𝒙𝟐𝑻

…

𝒉𝟐𝟏 𝒉𝟐𝟐 𝒉𝟐𝑻

…

𝒉𝟏 𝒉𝟐 𝒉𝑳

…

𝒗𝒅𝟏 𝒗𝒅𝟐 𝒗𝒅𝑬

𝒗𝒅

entity       frame

𝑽𝒆

𝑽𝒖

𝑽𝒇

Sentence
Encoder

Word
Encoder

Document
Vector

Sentence
Attention

Word
Attention

Figure 1: Overall Architecture of MAN Model.

3.1 Multi-Head Attention Network

The basic component of our model is the Hierar-
chical LSTM model (Yang et al., 2016). The goal
of our model is to learn document representation
vd for political perspective prediction. It consists
of several parts: a word sequence encoder, a word-
level attention layer, a sentence sequence encoder,
and a sentence-level attention layer. To capture
the context in both directions, we use bidirectional
LSTM in this work. For each element in the input
sequence, the hidden state h is a concatenation of
the forward hidden state

−→
h and backward hidden

state
←−
h computed by the respective LSTM cells.

Given a sentence with words wit, t ∈ [1, T ],
each word is first converted to its embedding vector
xit. We can adopt pre-trained Glove (Pennington
et al., 2014) word embeddings or deep contextu-
alized word representation ELMo (Gardner et al.,
2017) for this step. The word vectors are then fed
into a word level bidirectional LSTM network to
incorporate contextual information within the sen-
tence. The hidden states hit from the bidirectional
LSTM network are passed to the next layer. In
(Yang et al., 2016), a self attention mechanism is
introduced to identify words that are important to
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the meaning of the sentence, and therefore higher
weights are given to them when forming the aggre-
gated sentence vector.

pitw = tanh(Wwhit + bw) (1)

αitw =
exp(pTitwpw)∑
t exp(p

T
itwpw)

(2)

siw =
∑

t

αitwhit (3)

pitw encode the importance of a specific word
according to its context, which is compared with
the word level preference vector pw to compute a
similarity score. The scores are then normalized
to get the attention weight αitw through a softmax
function. A weighted sum of the word hidden states
is computed based on the attention weight as the
sentence vector siw.

Inspired by the multi-head attention scheme in
(Vaswani et al., 2017), we propose a multi-head
attention in our model to extend its ability to jointly
attend to information at different positions. The
sentence vector si is computed as an average of siw
obtained from different attention heads. Note that
we learn a separate copy of the parameters Ww, bw
and pw for each attention head.

si =

∑
w siw

NHW
(4)

where NHW is the number of word-level attention
heads.

Given the sentence vectors si, we can generate
the document vector vd in a similar way. It captures
the bias related information in news articles and
can be used as features for predicting the document
bias label.

fd =Wcvd + bc (5)

pd = softmax(fd) (6)

We use the negative log likelihood of the correct
labels as classification training loss:

L = −
∑

d

log pdj (7)

where j is the bias label of d.

3.2 Political Entities
News articles, especially the ones we are interested
in in this work, are mainly covering real-world
events involving political entities and their rela-
tions. To better understand the stance over contro-
versial issues and the underlying ideology reflected
in the text, it is very important to have extensive
world knowledge about these entities, including
their traits, opinions, and relevant events. We ob-
tain the entity knowledge representations through
learning on Wikipedia data.

Wikipedia2Vec (Yamada et al., 2018) is a model
that learns entity embeddings from Wikipedia. It
learns embeddings of words and entities by iter-
ating over the entire Wikipedia pages and maps
similar words and entities close to one another in
a continuous vector space. It jointly optimizes the
following three submodels:

1. Wikipedia link graph model, which learns en-
tity embeddings by predicting neighboring
entities in Wikipedia’s link graph, an undi-
rected graph whose nodes are entities and
edges represent links between entities in their
Wikipedia pages.

2. Word-based skip-gram model, which learns
word embeddings by predicting neighboring
words given each word on a Wikipedia page.

3. Anchor context model, which aims to place
similar words and entities near one another
in the vector space. The objective here is to
predict neighboring words given each entity
referred to on a Wikipedia page.

The learned entity embeddings encode the
background knowledge about these entities in
Wikipedia, such as gender, ideology, among others.
We use them to initialize our entity embeddings in
Section 4.1 which enables us to inject background
knowledge of entities to the text model through
pre-training.

3.3 Social Information Graph
With the great popularity of social media platforms,
many people nowadays tend to share their personal
interests and opinions and exchange ideas about
social events with others online. This also applies
to the sharing of news articles on social media.
Intuitively, news articles shared by the same user
are likely to have the same bias, and users who
share a lot of news in common are close in their
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political preferences as well. Hence, we can use
this information to guide the pre-training of our
text model.

We follow the work in (Li and Goldwasser, 2019)
to learn the embeddings through the structure of
the social information graph for users who share ar-
ticles. The graph consists of three types of vertices,
namely political users, sharing users, and news
articles. Political users are famous politicians or
journalists with a clear, self-reported political bias.
Sharing users are Twitter users who shared news
articles in the dataset. There are two types of edges:
1) following edge between a sharing user to a po-
litical user and 2) sharing edge between a sharing
user to a news article). Graph Convolutional Net-
works (GCN) are used to model the graph structure
to predict the bias of political users. It aggregates
information from the local neighborhood for each
node in the graph. Therefore the training of GCN
helps to propagate political preference information
from political users to sharing users. We use the
learned embeddings to guide the pre-training in
Section 4.2 so that our text model can use this as
distant supervision to map the representation of
news articles shared by the same user to be close in
the vector space since they are more likely to have
the same perspective.

3.4 Frame Indicators

Political framing, studied by political scientists,
provides a useful way to study different political
perspectives. The frames surrounding an issue can
change the reader’s perception without having to al-
ter the actual facts as the same information is used
as a base. It is a political strategy that used to bias
the discussion on an issue toward a specific stance.
For example, regarding the topic of abortion, the
liberal side will highlight the freedom of choice
for women to decide whether to terminate a preg-
nancy while the conservative side may emphasize
the morality aspect instead, arguing the right of the
fetus.

Previous work (Roy and Goldwasser, 2020)
shows that frame indicators can be used to identify
the political perspectives effectively for different
topics. These are words that have high pointwise
mutual information with a specific frame. They can
be considered to represent a more detailed point
within a frame. Therefore we propose to use these
frame indicators to guide the pre-training of text
models so that they can learn to distinguish the nu-

ance between different frames and talking points.

4 Pre-training

As discussed in the introduction, the supervision
on news bias requires a lot of human effort to get.
Moreover, the text model trained only on the politi-
cal perspective labels cannot benefit from the rich
knowledge we have from the various social and lin-
guistic contexts presented in the previous section.
To enhance the performance of political perspec-
tive identification, we may need to bring external
knowledge and signals from the aforementioned
contexts to enable the text model to take them into
account when processing the news article. Even-
tually, we want to show that the model works best
by exploiting all different kinds of knowledge and
signals related to the task.

4.1 Entity Guided Pre-training

The goal of entity-guided pre-training is to inject
knowledge about entities into our text model to
help solve the political perspective identification
problem. We first extract entities from the data
corpus and then learn knowledge representations
for them using Wikipedia2Vec introduced in 3.2.
We then use the predicted

We utilize the entity linking system DBpedia
Spotlight (Daiber et al., 2013) to recognize and dis-
ambiguate the entities in news articles. We use the
default configuration of DBpedia Spotlight, includ-
ing the confidence threshold of 0.35, which helps
to exclude uncertain or wrong entity annotations.
We keep only entities with Person or Organization
types that appear in the corpus.

Inspired by the masked language modeling ob-
jective used in BERT (Devlin et al., 2019), we
propose an entity-level masking task for inject-
ing background knowledge of entities into the text
model based on the news articles in which they are
mentioned. The objective is to predict the masked
entity based on the context provided by the other
words in a sentence. Specifically, the entity men-
tions (regardless of the number of tokens in text)
are replaced with a special token “[MASK]” dur-
ing preprocessing. We use a bidirectional LSTM
(sentence level encoder described in 3.1) to en-
code the sentence, and the hidden state of the mask
token will be used for prediction. We use nega-
tive sampling to randomly generate negative entity
candidates from all entities in our dictionary uni-
formly. The prediction can be done by comparing
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the similarity score between the hidden state and
the embedding of candidate entities mapped to the
same space through a hidden layer.

hTit · (Weve + be) (8)

where hit is the hidden state for the masked to-
ken, ve the embedding of entity e,We and be the pa-
rameters for the mapping hidden layer. We use the
multi-class cross-entropy loss for all pre-training
tasks.

The learned sentence encoder will then be able
to highlight the context in the news articles that is
more related to the properties and of the mentioned
entities.

4.2 Sharing User Guided Pre-training
As we discussed in Section 3.3, the sharing behav-
ior by Twitter users can be regarded as signals to
guide the pre-training of our text model. In order
to benefit from the social information available, we
propose to predict the sharing user given a news
article. Similar to the previous part, we use neg-
ative sampling to generate negative sharing user
candidates uniformly. The prediction is based on
similarity scores defined below

vTvd · (Wsvs + bs) (9)

where vd is the document vector for d, vs the em-
bedding of sharing user s, Ws and bs the parame-
ters for the hidden layer.

4.3 Frame Indicator Guided Pre-training
The frame indicator guided pre-training is almost
identical to the entity guided one except that the
masked tokens are frame indicators instead of entity
mentions.

4.4 Ensemble of Multiple Models
Given the entity and user embeddings are not in
the same space, we use them to pre-train separate
models. All pre-trained models are then trained
with the supervision of political perspective labels
in the same way. We also explore an ensemble of
the three models, which makes predictions based
on a weighted sum of unnormalized scores fd in
equation 5 from these models at test time.

∑

m

fdm ∗ βm (10)

where m denotes a trained prediction model, fdm
the unnormalized scores for document d by model

m and βm the weight given to model m which can
be tuned based on the data.

5 Experiments

We aim to answer the following research questions
(RQs) in the experiment:

RQ1: what is the performance gain of pre-
training the text model with each social and lin-
guistic information, with respect to the baseline
models?

RQ2: what is the respective contribution by the
individual pre-trained models to the full ensemble
model?

RQ3: how will the performance gain change
given the different amount of labeled data available
for training?

5.1 Datasets and Evaluation

We run experiments on two news article datasets:
Allsides and SemEval. The statistics of both
datasets are shown in Table 1.

Allsides This dataset (Li and Goldwasser, 2019)
is collected from two news aggregation websites4

on 2020 different events discussing 94 event types.
The websites provide news coverage from mul-
tiple perspectives, indicating the bias of each ar-
ticle using crowdsourced and editorial reviewed
approaches. Each article has a political perspec-
tive label left, center, or right. We used the same
randomly separated splits for evaluation in this pa-
per so that our results are directly comparable with
previous ones.

SemEval This is the official training dataset from
SemEval 2019 Task 4: Hyperpartisan News Detec-
tion (Kiesel et al., 2019). The task is to decide
whether a given news article follows a hyperparti-
san argumentation. There are 645 articles in this
dataset and each is labeled manually with a binary
label to indicate whether it is hyperpartisan or not.
Since the test set is not available at this time. We
conducted 10-fold cross-validation on the training
set with the exact same splits so that we can com-
pare with the system that ranked in the first place.

Dataset Center Left Right Avg # Sent. Avg # Words
Allsides 4164 3931 2290 49.96 1040.05

Hyperpartisan
SemEval 407 238 27.11 494.29

Table 1: Datasets Statistics.

4Allsides.com and Memeorandum.com
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5.2 Baselines

We compare our model with several competitive
baseline methods.

BERT is a language representation model based
on deep bidirectional Transformer architectures
(Vaswani et al., 2017). It was pre-trained with
the masked language model and next sentence pre-
diction tasks on a huge corpus. As a result, it can
achieve state-of-the-art results on a wide range of
tasks by fine-tuning with just one additional output
layer.

CNN Glove (CNN ELMo) is the model from
the team that ranked first in hyperpartisan news
detection task in SemEval 2019 (Jiang et al., 2019).
It uses the pre-trained Glove (ELMo) word vectors,
which are then averaged as sentence representa-
tions. The sentence vectors are fed into 5 convolu-
tional layers of different kernel sizes. The outputs
for all convolution layers are combined to form
the input to a fully connected layer, which maps to
the final text representation. Some extra improve-
ments include batch normalization and ensemble
of multiple models.

5.3 Implementation Details

We use the spaCy toolkit for preprocessing the doc-
uments. All models are implemented with PyTorch
(Paszke et al., 2017)5. The 300d Glove word vec-
tors (Pennington et al., 2014) trained on 6 billion
tokens are used to convert words to word embed-
dings. The ELMo model we used is the medium
one with output size 512. They are not updated dur-
ing training. The sizes of LSTM hidden states for
both word level and sentence level are 300 for both
Allsides and SemEval datasets. The number of at-
tention heads at both word and sentence levels is set
to 4 for the Allsides dataset, while it is set to 1 for
the SemEval dataset due to its size. For the training
of the neural network, we used the Adam optimizer
(Kingma and Ba, 2014) to update parameters. On
Allsides dataset, 5% of the training data is used
as the validation set. We perform early stopping
using the validation set. However, same as (Jiang
et al., 2019), we use the evaluation part of each
fold for early stopping and model selection due to
the limited size of the SemEval dataset. The pa-
tience for early stopping p is equal to 10, meaning

5Please refer to https://github.com/
BillMcGrady/NewsBiasPretraining for data
and source code.

that the training stops when there is no improve-
ment in validation performance for ten consecutive
epochs. The learning rate lr is set to 0.001 for all
models except BERT for which 2e−5 is used. The
mini-batch size b = 10 for bias prediction.

Regarding pre-training data sources, we use the
training set for Allsides, and extract 100,000 news
articles for SemEval from the large dataset pro-
vided by SemEval 2019 Task 4. The entity and
user embeddings used for pre-training are obtained
through external resources described in Section 3.2
and 3.3. The embeddings for frame indicators are
randomly initialized. All of them were updated dur-
ing the pre-training to better adapt to the text model.
The optimizer and most hyper-parameters stay the
same as the training of bias prediction. The mini-
batch size is set to 2000 and 300 for models using
Glove and ELMo respectively since the training is
at the sentence level.

5.4 Results

5.4.1 Results on Allsides

We report the average accuracy and macro F1
scores on test sets for Allsides dataset in Table
2. The results are divided into two groups based
on whether contextualized word representations
are used. To answer RQ1, we observed that, in
most cases, models with pre-training outperform
the MAN baseline. It demonstrates our pre-training
step can effectively utilize signals in social and lin-
guistic context to enhance the text model to identify
bias expressed in more subtle ways. Therefore it
generates high-quality document representation for
political perspective prediction. The sharing guided
pre-training did not lead to much improvement by
itself. This is mainly because the sharing users in
our dataset often share news articles with various
perspectives. Our ensemble model achieves the
best result in terms of both accuracy and macro F1
scores no matter whether contextualized word em-
beddings are used or not. It shows the signals from
various sources are complementary with each other
such that even a simple combination of prediction
scores can lead to significant improvement. The
gaps between our model and baselines decrease
when contextualized word representations are used
since local context is better captured in this setting.

5.4.2 Results on SemEval

The performance of various models on the Se-
mEval dataset can be found in Table 3. Note that
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Model Accuracy Macro F1
MAN Glove 78.29 76.96
+ Entity 80.50 79.50
+ Sharing 78.93 77.84
+ Frame 81.26 80.15
Ensemble 83.74 82.84
BERT 81.55 80.13
MAN ELMO 81.41 80.44
+ Entity 82.27 81.23
+ Sharing 81.37 80.48
+ Frame 82.56 81.66
Ensemble 85.00 84.25

Table 2: Test Results on Allsides Dataset.

there is no sharing user guided result in this ta-
ble since we do not have social graph informa-
tion available in this dataset. Again the results
are grouped based on word representation used.
CNN Glove and CNN ELMo are results reported
by the winning team in the SemEval competition.
They proposed an ensemble of multiple CNN mod-
els where each CNN takes sentence representation
generated by average ELMo embedding as input.
It is worth noting that our model with Glove as
word representation is comparable with the win-
ning team’s model with ELMo, showing the ad-
vantages of pre-training. The other trends hold as
well in the SemEval dataset. In both datasets, our
pre-trained models beat BERT easily since they are
tuned specifically for the task.

Model Accuracy Macro F1
CNN Glove † 79.63 -
MAN Glove 81.58 79.29
+ Entity 82.65 80.75
+ Frame 83.27 81.73
Ensemble 84.03 82.42
CNN ELMO † 84.04 -
BERT 84.03 82.60
MAN ELMO 84.66 83.09
+ Entity 85.59 84.15
+ Frame 85.27 83.32
Ensemble 86.21 84.33

Table 3: Test Results on SemEval Dataset. † indicates
results reported in (Jiang et al., 2019).

5.4.3 Ablation Study
To answer RQ2, we show the results for ablations
of our ensemble model based on MAN Glove in
Table 4. The performance drops when remov-
ing each one of the pre-trained models from the
ensemble, showing that the information obtained
from different sources is complementary with each
other. To make a fair comparison with the base-
line model, we also report the performance of an
ensemble of multiple baseline models (denoted as
-Pre-training) with different seeds from random ini-

tialization. This shows the absolute gain through
pre-training to adapt the text representations for
political perspective identification.

Model Accuracy Macro F1
Ensemble 83.74 82.84
- Entity 82.57 81.65
- Sharing 82.78 81.78
- Frame 82.39 81.40
- Pre-training 81.54 80.40

Table 4: Ablation Study on Allsides Dataset.

5.4.4 Results with Limited Training Data

One of the obstacles in obtaining good performance
in political perspective identification tasks is the
lack of supervision data. We compare the perfor-
mance of the MAN Glove model with and without
pre-training with different levels of training exam-
ples available in Figure 2. These results can help
to answer RQ3. It shows that the performance gain
obtained from our pre-training strategy increases as
the size of the training set decreases. This is a very
useful property as it can greatly improve model per-
formance when there is limited training data. It is
worth noting that the Sharing-Guided Pre-training
achieves much higher performance when supervi-
sion is limited. This is because the signals from
the sharing users can be considered as noisy bias
labels and it is trained at document level instead of
sentence level like the other two. However, since
the other two pre-training methods introduce extra
knowledge to the text model, they can lead to better
performance when the supervision is abundant to
provide enough bias information for training.
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Figure 2: Test Results with Different Number of Train-
ing Examples.
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5.4.5 Qualitative Results
Human Annotation Comparison The BASIL
dataset (Fan et al., 2019) has human annotations of
bias spans. It contains 300 articles on 100 events
with 1727 bias spans annotated. On the sentence
level, spans of lexical and informational bias are
identified by annotators by analyzing whether the
text tends to affect a reader’s feeling towards one
of the main entities. We compute the average at-
tention assigned by our model to the annotated
bias spans. Table 5 shows the results of the base-
line model (MAN) and the same model pre-trained
with entity information (+Entity). The attention
scores assigned to the human annotation spans are
higher across training, validation, and test sets.

Model Training Validation Test
MAN 0.706 0.701 0.652
+ Entity 0.737 0.728 0.666
Improvement 4.36% 3.76% 2.13%

Table 5: Average Attention Scores on Basil Annota-
tions.

6 Conclusion

In this work, we propose a pre-training framework
to adapt text representation for political perspec-
tive identification. Empirical experiments on two
recent news article datasets show that an ensemble
of pre-trained models achieves significantly better
performance in bias detection compared to com-
petitive text baselines. It is also shown that our
pre-training model can achieve even larger perfor-
mance gain when the supervision is limited.

In fact, these various context information are
not independent. We intend to extend this work
to pre-train better text models by incorporating
information from various sources together.
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Abstract

Identifying relations from dialogues is more
challenging than traditional sentence-level re-
lation extraction (RE), since the difficulties
of speaker information representation and the
long-range semantic reasoning. Despite the
successful efforts, existing methods do not
fully consider the particularity of dialogues,
making them difficult to truly understand the
semantics between conversational arguments.
In this paper, we propose two beneficial tasks,
speaker prediction and trigger words predic-
tion, to enhance the extraction of dialogue-
based relations. Specifically, speaker predic-
tion captures the characteristics of speaker-
related entities, and the trigger words predic-
tion provides supportive contexts for relations
between arguments. Extensive experiments
on the DialogRE dataset show noticeable im-
provements compared to the baseline models,
which achieves a new state-of-the-art perfor-
mance with a 65.5% of F1 score and a 60.5%
of F1c score, respectively.

1 Introduction

The task of relation extraction is to identify the
relation facts between two arguments from plain
text, which is the fundamental step of many natural
language processing applications. Recent years
have seen increasing efforts on sentence-level RE,
e.g., relations only hold within a single sentence
(Fu et al., 2019; Luan et al., 2019; Zhao et al.,
2020; Wang and Lu, 2020; Wei et al., 2020). To
adapt to complex scenarios, some current works
have moved forward to the document-level RE, e.g.,
relations can exist across multiple sentences (Yao
et al., 2019; Wang et al., 2020; Nan et al., 2020;
Jain et al., 2020; Zhou et al., 2021).

∗Work done during an internship at Tencent Cloud Xi-
aowei.

†Corresponding Author.

S1: Yeah you see umm, well, I’m an actor. Right? ……

S1: Mom!
S2: Sweetie! So this is where you work? …… 

Dialogue 1

Dialogue 2

S1: Hello, Mr. Bing.
S2: Loved your Stevie Wonder last night.
S3: Thanks. Listen, about the weekly numbers,

I‘m gonna need them on my desk by nine o'clock.
S1: Sure.
S2: No problem.

Dialogue 3

Trigger Words: -

(S1, per:boss, S3)
(S2, per:boss, S3) Relation:

Relation: (S1, per:title, actor)
Trigger Words:  -

Relation: (S1, per:parents, S2)
Trigger Words: mom

Figure 1: Examples from the DialogRE dataset. sn
denotes the speaker of each utterance. The underlined
text indicates the relation between the argument pairs.

A more challenging yet practical extension is the
dialogue-based relation extraction. The dialogues
contain multi-turn conversations among a group of
speakers. The relations not only exist between the
entities in the dialogue text but also the speakers
of each utterance. Additionally, most of relations
appear in multi-turn conversation, which require
cross-sentence extraction. Considering the com-
plexities, we divide the dialogue-based RE into
three categories. In the first category, the relation
can be directly inferred from the current utterance,
as shown in the Dialogue 1 of Figure 1. In the
second category, the relation involves utterances
among multiple speakers and there is clear evi-
dence in the dialogue that triggers the relation. Re-
garding the Dialogue 2 in Figure 1, “mom” is the
trigger word of the relation per:parents be-
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tween “S1” and “S2”. Nevertheless, there are still
cases where there is no clear context indicating the
relationship. As shown in the Dialogue 3 of Figure
1, the relation between “S1” and “S3” as well as
the relation between “S2” and “S3” can only be
inferred from the tones and expression habits of
speakers. Therefore, to identify relations from the
complex dialogues, it is necessary to 1) discover
highly supportive information about the arguments,
and 2) capture the unique features of speakers.

Existing studies propose to solve this task
through a speaker-aware BERT model (Yu et al.,
2020) as well as a gaussian graph-based method
(Xue et al., 2021). The former modifies the speaker
arguments in dialogue text with special tokens
to highlight the speaker-related information. The
latter builds a latent multi-view graph to encode
the long-distance dependency between arguments.
However, these works regard dialogue as a plain
text without considering the supporting informa-
tion of relations and the characteristics of speak-
ers. As been emphasized before (Xue et al., 2021),
trigger words and speaker-related features play a
critical role in dialogue-based relation extraction.
In this case, it is difficult for them to detect the
speaker-related relations from the complicated con-
versations.

To address the above limitations, we propose
two beneficial tasks, speaker prediction and trigger
words prediction, to enhance the dialogue-based
relation extraction. Specifically, the speaker pre-
diction task aims to capture the unique features
of speakers. We randomly mask the speaker to-
kens and use the context to predict who said the
utterance. The trigger words prediction task is to
detect the supportive context of the current rela-
tion. We solve it with a sequence labeling method.
Moreover, we design an integration module for the
relation extraction task to combine both the global
dialogue representation and the local arguments
representation. Finally, the three tasks are jointly
trained based on a multi-task learning framework.

The contributions of our work are summarized
as follows. We propose two beneficial tasks,
speaker prediction and trigger words prediction,
to capture the unique features of speakers and de-
tect the supportive information about arguments,
both effectively enhance the dialogue-based re-
lation extraction. We evaluate our method on
the DialogRE dataset and achieve a new state-
of-the-art performance with 65.5% of F1 score
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[SEP]
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Figure 2: Overall structure of our method.

and 60.5% of F1c score, respectively. Our code
is available at https://github.com/TanyaZhao/
DialogRE-Trigger-Speaker-Prediction.

2 Problem Definition

Given a dialogue d = s1 : t1, s2 : t2, ..., sm : tm
and two arguments a1, a2, where si and ti are
the speaker and the utterance of the i-th turn,
ti = xi1, xi2, ..., xin is consisted of n words. The
dialogue-based relation extraction aims to predict
the relation type r ∈ R between a1 and a2, where
R is the set of predefined relation categories.

3 Methodolgy

This section introduces the structure of our method,
including three tasks, relation extraction, trigger
words prediction and speaker prediction. Figure 2
shows the overall structure of our method.

3.1 Relation Extraction Task
The relation extraction task takes the dialogue d
and the argument pair (a1,a2) as input and outputs
a relation type r between the two arguments. For
the dialogue d, we first modify it into d̂ = ŝ1 :
t̂1, ŝ2 : t̂2, ..., ŝm : t̂m, where

ŝi =





[B][S1][E] if si = a1
[B][S2][E] if si = a2

si otherwise
, (1)

t̂i = xi1...,[B], ak,[E], ..., xin, k ∈ {1, 2}, if
ti contains ak. Among them, [S1], [S2], [B],
[E] are newly-defined tokens. [B] and [E] are
used to mark the start and the end position of the
argument. We further replace the argument ak
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with the pre-defined token [Sk], as âk = [Sk] if
∃i(si = ak). Then, we concatenate d̂, â1 and â2
as a sequence, and use special tokens [CLS] and
[SEP] as sperators, formulated as

[CLS]d̂[SEP]â1[SEP]â2[SEP]. (2)

We feed the sequence into the pre-trained language
model BERT (Devlin et al., 2019) and obtain the
hidden semantic representation of each input to-
kens. Among them, h[CLS] ∈ Rdh is the hidden
output of [CLS], where dh is the hidden size of
BERT. We use h[CLS] to represent the global rela-
tional feature between a1 and a2.

To better represent the semantic information of
arguments, we distill all the hidden states of ak’s
start marker in the sequence (Eq. 2), including
those in the dialogue text, and formulate them as
hak1 , h

ak
2 , ..., h

ak
j ∈ Rdh . Then, we apply a max

pooling process to obtain a combined representa-
tion of ak:

hak = max-pool(hak1 , h
ak
2 , ..., h

ak
j ). (3)

Next, we concatenate h[CLS], ha1 and ha2 as h =
[h[CLS];ha1 ;ha2 ] ∈ R3dh . Note that, h[CLS] is the
global relational information of the sequence, and
ha1 , ha2 are the local features of the arguments.

Furthermore, we propose an integration module
to enhance the correlation between the dialogue
and arguments. Specifically, h is fed into a two-
layer highway network (Srivastava et al., 2015) as

ĥ = H(h) ∗ T (h) + h ∗ (1− T (h)),
T (h) = σ(W th+ bt),

(4)

where W t ∈ R3dh×dt , bt ∈ Rdt are learned
weights with dt as the hidden size of the highway
network. Finally, we conduct a multi-class classi-
fication to calculate the probability of the relation
between a1 and a2 by

Pr(relation = r|d, a1, a2) = sigmoid(W rh+ br),
(5)

where W r ∈ Rdt×|R|, br ∈ R|R|.

3.2 Trigger Words Prediction Task
Generally, to identify the relation between two ar-
guments, it is necessary to detect the supportive
context that triggers the relation. Yu et al. (2020)
have verified that trigger words play an important
role for relation extraction. However, their work
directly append the ground truth trigger words to

the input sequence, which is not feasible for sce-
narios where the golden triggers are not available.
The intuitive idea is to predict the trigger words
from the conversation. Therefore, we can still ob-
tain supporting information without relying on the
golden triggers to guide the relationship extraction.

We propose the trigger words prediction task,
which applies a simple and effective way to im-
prove the relation extraction task. Specifically, we
perform sequence labeling over the hidden outputs
of BERT. Considering the trigger words are closely
related to the relation, we first map the predicted
relation r (Eq. 5) into a distributed embedding
er ∈ Rdr , and concatenate it with each hidden out-
put of BERT as zi = [er;hi]

1. Then, we predict
the boundary label for every token. Formally, the
probability of the token xi with label l is calculated
by

Pr(label = l|xi) = softmax(W lzi + bl), (6)

where W l ∈ R(dh+dr)×|B| and bl ∈ R|B| with B =
{B,I,O}.

3.3 Speaker Prediction Task

Notably, a majority of relations in the dialogue-
based RE are associated with the speakers. For ex-
ample, the triplet (S1, per:parents, S2) in Fig-
ure 1. Different from the ordinary entities, speakers
have distinctive personal features, including tone of
voices, expression habits, etc., which are important
indicators for relation extraction. Therefore, we
further propose the speaker prediction task based
on the discourse structure to capture the speaker-
related features. The motivation behind it is that if
the model can distinguish who said the utterance,
it learned the speaker’s unique information, which
is helpful to the speaker-related relation prediction.

Concretely, we randomly select the speaker
words si in d with a probability of 10% and re-
place them with a special token [MASK]. Next,
the BERT model takes the modified sequence as
input and obtain the hidden state of each masked
speaker, denoted as hmask

i . Then, we predict the
speaker through a multi-type classification as

Pr(si|smask
i ) = softmax(W shmask

i + bs), (7)

where W s ∈ Rdh×S , br ∈ RS with S as the maxi-
mum number of speakers in dialogues.

1We use the golden relation during training.
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Model Dev Test
F1(σ) F1c(σ) F1(σ) F1c(σ)

BERT(Devlin et al., 2019) 60.6 (1.2) 55.4 (0.9) 58.5 (2.0) 53.2 (1.6)
BERTs(Yu et al., 2020) 63.0 (1.5) 57.3 (1.2) 61.2 (0.9) 55.4 (0.9)
GDPNet(Xue et al., 2021) 67.1 (1.0) 61.5 (0.8) 64.9 (1.1) 60.1 (0.9)
Ours 66.8 (0.9) 61.5 (1.0) 65.5 (0.7) 60.5 (0.8)

Table 1: Performance comparison of our method with the existing advanced models on DialogRE dataset. σ
denotes the standard deviation of 5 runs with different initial random seeds.

3.4 Joint Training Objective

The above three tasks share the BERT encoder and
are jointly trained based on the multi-task learn-
ing framework. During training, we minimize the
following objective loss function as

L = LRE + LTP + LSP, (8)

where LRE is the binary cross-entropy loss for rela-
tion extraction, LTP and LSP are the cross-entropy
loss for trigger words prediction and speaker pre-
diction, respectively. For inference, we directly use
the relation predicted by Equation 5 as the final
result.

4 Experiments

In this section, we compare the proposed method
with the current state-of-the-art approaches to eval-
uate its effectiveness.

4.1 Experimental Setup

Dataset We conduct experiments on the
dialogue-based RE benchmark dataset, DialogRE
(Yu et al., 2020). It contains 1, 788 dialogues
from the transcripts of Friends corpus, totally
with 36 relation types. 49.6% of relation triples is
annotated with trigger words.

Evaluation Metrics Following the previous
work (Yu et al., 2020), we adopt F1 score and F1c
score as the evaluation metrics. Among them, F1c
is a supplement to the F1, which only considers
the first i ≤ m turns of utterances, rather than the
entire dialogue.

Baseline Models We compare our method with
the existing advanced models, BERT(Devlin et al.,
2019), BERTs (Yu et al., 2020) and GDPNet (Xue
et al., 2021). BERT model for the dialogue-based
RE directly applies BERT as the dialogue encoder,
and uses the hidden state of [CLS] for relation
prediction. BERTs is a speaker-awared BERT,

Model Test
F1(σ) F1c(σ)

Ours 65.5 (0.7) 60.5 (0.8)
Ours w/o SP 65.4(0.6) 59.8 (0.6)
Ours w/o TP 63.5 (0.9) 58.8 (1.0)
Ours w/o SP and TP 63.0 (0.7) 58.0 (0.9)
BERTs 61.2 (0.8) 55.4 (0.9)

Table 2: Ablation study to investigate the influence of
each proposed task. SP and TP denote speaker predic-
tion and trigger words prediction, respectively.

with modifies the speaker tokens to special mark-
ers. GDPNet uses a gaussian graph-based network
to capture the interaction within dialogues, and
achieves the current state-of-the-art performance.

4.2 Experimental Results

Main Results Table 1 presents the performance
comparison of our method with the existing ad-
vanced models. The results show that our method
obviously outperforms the previous models and
achieve a new state-of-the-art on test set with a F1
score of 65.5% and a F1c score of 60.5%, demon-
strating the effectiveness of the proposed method.

Ablation Study We conduct ablation study ex-
periments to investigate the influence of each pro-
posed task. Table 2 shows the results. We can
observe that, 1) Ours w/o SP, which removes the
speaker prediction task. This causes a performance
drop on all metrics, expescially with a drop of 0.7%
on F1c score. 2) Ours w/o TP, which eliminates the
trigger prediction task. The performance in terms
of F1 and F1c decreases by 2.0% and 1.7%, respec-
tively, demonstrating the importance role of trigger
words prediction. 3) Ours w/o SP and TP, which
detaches both speaker and trigger words prediction
tasks. In this case, the performance further drops
0.5% and 0.8% in terms of F1 and F1c. Therefore,
the results above indicate that both the two tasks are
beneficial to the dialogue-based RE. 4) Note that,
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Case 1 S1: Mom !
S2: Sweetie! So this is where you
work? ...

BERTs (S1, unanswerable, S2) 7

Ours (S1, per:parents, S2) 3

Case 2

S1: Hello, Mr. Bing.
S2: Loved your Stevie Wonder last
night.
S3: Thanks. Listen, about the
weekly numbers, I’m gonna need
them on my desk by nine o’clock.
S1: Sure.
S2: No problem.

BERTs (S1, unanswerable, S3) 7

(S2, unanswerable, S3) 7

Ours (S1, per:boss, S3) 3

(S2, per:boss, S3) 3

Table 3: Case study on the DialogRE test set. The
highlighted text indicates the trigger words recognized
by our method.

although Ours w/o SP and TP only retains the rela-
tion extraction task, it still outperforms BERTs by
a large margin. The result shows that our improved
method of relation extraction is also effective.

Analysis on Discourse Structure Modeling To
show the necessity of considering the discourse
structure in dialogue-based RE, we design a naive
way to degenerate a dialogue into a plain docu-
ment. We modify the colon after a speaker into text
like “said”, “responsed” or “continued”. For exam-
ple, the Dialogue 2 in Figure 1 is converted into
“S1 said Mom! S2 responsed Sweetie! So this is
where you work? ...”. Then, we apply our method
to the changed text. The performance on the test
set significantly degrades with 58.0% for F1 and
56.8% for F1c. The result indicates that dialogues
contain important discourse structural information.
Therefore, it is important to study the extraction
strategies for dialogues rather than directly apply-
ing common sentence-level or document-level ex-
traction methods.

Trigger Words Prediction To further evaluate
the effect of trigger words prediction task, we calcu-
late the prediction performance on the cases anno-
tated with the ground truth trigger words. Note that,
49.6% of relational triplets have trigger words in
DialogRE. The prediction accuracy is 75.6%. The
result demonstrates that we can correctly recognize

most of the the trigger words. And with the help
of the supporting information, the performance of
relation extraction is considerably improved, as
shown in Table 2.

Case Study We give a case study to analyze the
quality of the results produced by our approach and
the baseline model. Cases in Table 3 show that our
method is capable of capturing the trigger words
information and the characteristic of speakers. In
case 1, the base model fails to utilize the trigger
words information and identifies the relation as
unanswerable. However, our method correctly
recognizes that the word “Mom” triggers the re-
lation between “S1” and “S2”, which promotes
the right prediction result. Besides, in case 2, our
method can capture the characteristics information
of speakers and thus correctly predict that “S3” is
the boss of “S1” and “S2”. Contrarily, the baseline
model has difficulties in handling such case.

5 Conclusion

In this paper, we propose to enhance the dialogue-
base relation extraction with two benefical tasks,
the speaker prediction and the trigger words pre-
diction. Extensive experiments on the benchmark
dataset DialogRE demonstrate the effectiveness
of our method in achieving state-of-the-art perfor-
mance in both F1 score and F1c score.
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Abstract
Script reasoning infers subsequent events from
a given event chain, which involves the abil-
ity to understand relations between events. A
human-labeled script reasoning dataset is usu-
ally of small size with limited event relations,
which highlights the necessity to leverage ex-
ternal eventuality knowledge graphs (KG) con-
sisting of numerous triple facts to describe
the inferential relation between events. Exist-
ing methods adopt a retrieval and integration
paradigm to focus merely on the graph triples
that have event overlap with a script, but ignore
much more supportive triples in the KG with
similar inferential patterns, leading to under-
exploiting. To fully exploit the KG, we pro-
pose a knowledge model to learn the inferen-
tial relations between events from the whole
eventuality KG and then support downstream
models by directly capturing the relation be-
tween events in a script. We further present a
neural script adapter to extend the knowledge
model for inferring the associated relations be-
tween an event chain and a subsequent event
candidate. We evaluate the proposed approach
on a popular multi-choice narrative cloze task
for script reasoning and achieve new state-of-
the-art accuracy, compared with baselines ei-
ther incorporating external KG or not.

1 Introduction

Script reasoning (Chambers and Jurafsky, 2008;
Li et al., 2018; Lv et al., 2020b) aims at determin-
ing the subsequent event or plausible ending for
an event chain in a script. For example, a tourism
script consist of [“Emily took a plane”, “Emily ar-
rived at Oahu”, “Emily went to Waimea Bay”], and
the subsequent event is more likely to be “Emily
surfed” than “Emily skied”. Script reasoning has
attracted more interest in the natural language pro-
cessing (NLP) community since it plays essential

∗Work is done during internship at Microsoft.
†Corresponding author.

Figure 1: Comparison of “retrieval and integration”
paradigm (green dot line) with ours (blue dash-dot line). Al-
though there is no semantic overlap between the precedent
event in the script and the events in the KG, which leads to
failed retrieval, our approach still provides supportive evidence
by exploiting similar inferential relation patterns.

roles in many real-world applications like story-
telling (Swanson and Gordon, 2008).

Understanding and inferring the correlation be-
tween two events are critical for script reasoning.
Taking the tourism script as an example, the key
to decide the subsequent event is inferring that “A
person goes to a beach” is more correlated to “The
person surfs” than “The person skies”. An imme-
diate idea is to learn event relations from some
well-labeled training datasets. Unfortunately, due
to labor-intensive labeling, high-quality training
data for script reasoning is usually small, from
which it is impractical to learn rich relations for
large scale commercial applications. Therefore, it
is necessary to leverage external knowledge that
implies relations between events.

Recently, Lv et al. (2020b) propose to leverage
a large-scale eventuality knowledge graph (KG),
ASER (Zhang et al., 2020), for script reasoning via
adopting the “retrieval and integration” paradigm.
Given an event chain, this paradigm first retrieves
relevant triple facts from the eventuality KG and
then integrates them into a script reasoning model.

Although such a paradigm is proven effective in
entity-centric tasks (Zhang et al., 2019; Liu et al.,
2020), it is not competent in event-centric script
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reasoning. The reason is that, the retrieval is based
on lexical or semantic matching between an event
from a script and each event node in the KG. For
example, in Figure 1, to determine whether the
precedent event “The new toy is not attractive to
kids” will result in a subsequent event “It is re-
jected”, this paradigm will try to retrieve graph
triples with the event nodes talking about “toy is
not attractive”, etc., which is very likely to fail if
the KG contains few related events. Namely, it
dramatically narrows the focus to the graph triples
merely with exact event matching, so it cannot fully
leverage the external eventuality KG.

However, script reasoning can benefit from lever-
aging event pairs in KG with similar relation pat-
terns, rather than the only triples in KG with simi-
lar events. In Figure 1, although events in the four
graph triples have no semantic overlap with the
precedent event “The new toy is not attractive to
kids”, all the triples can represent the relation that if
some attribute of an object is judged negatively, it
might be rejected, otherwise being accepted, which
still provide strong supportive evidence between
“The new toy is not ...” and “It is rejected”. There-
fore, script reasoning can benefit from the event
pairs with similar inferential relation patterns, be-
yond the textual contents of the events.

Motivated by this, in this work, we propose a
novel paradigm to integrate external knowledge for
script reasoning by directly modeling the relation
between events from a KG and thus support script
reasoning in light of similar relation patterns. In
particular, we first propose a discriminative knowl-
edge model trained on the graph triples in an ex-
ternal eventuality KG. Taking each event pair in
the triples as input, the knowledge model learns to
predict whether two events in the pair are associ-
ated and what is the inferential relation between
them. After being trained, the knowledge model
can directly capture associated and inferential re-
lations between precedent and subsequent events
in a script. And the relations between events will
be represented in latent space, which can be further
integrated into any event-centric neural model.

Furthermore, as script reasoning requires to as-
sociate between a sequence of precedent events
(i.e., an event chain) and a plausible subsequent
event, we propose a neural script adapter, based
on a chain-dependent attention module, for extend-
ing the trained knowledge model from event to
script level. This leads to a script-adaptive knowl-

edge model that directly represents inferential in-
formation between an event chain and a subsequent
event candidate as a latent embedding. Lastly, this
embedding, coupled with deep text representation
from a script-text contextualizing encoder, is used
to derive the plausibility score of the candidate.

We conduct empirical studies on a popular task
of script reasoning, i.e., multi-choice narrative
cloze (Li et al., 2018). Our approach outperforms
strong competitors and achieves a new state-of-
the-art accuracy, verifying the effectiveness of the
script-adaptive knowledge model when integrating
inferential relations into script reasoning.

2 Preliminary

This section begins with a formal task definition
of script reasoning, followed by introductions to
eventuality KGs and pre-trained language models.

Task Definition. Script reasoning is usually for-
mulated as a multi-choice narrative cloze (MCNC)
problem: given an event chain e = [e1, . . . , en], it
aims to select the most plausible subsequent event
from a set of candidates E(c) = {e(c)1 , . . . e

(c)
m },

where each event e consists of a sequence of words
we = [we1, w

e
2, . . . ], n denotes the length of event

chain e, and m denotes the number of candidates
E(c). A script reasoning model is asked to produce
relatedness score between the event chain and each
candidate event so that

ê = arg maxej P (e, ej ; θ), ∀ej ∈ E(c), (1)

where P (·; θ) denotes a θ-parameterized script rea-
soning model, and ê denotes the predicted event.

Eventuality Knowledge Graph. In contrast to
canonical KGs with entity-centric factoid triples,
an eventuality KG, G, typically consists of a set of
event-centric triples (e(h), r, e(t)) to describe infer-
ential or co-occurrent relation between events. It
represents each event e as free-form text, while well
defines a closed-setR of relations so that ∀r ∈ R.

3 Methodology

In this section, we will elaborate on our approach
for multi-choice narrative cloze (MCNC) task in
script reasoning. As shown in Figure 2, we first
propose a discriminative knowledge model learning
facts from eventuality graph (§3.1), followed by
a novel neural adapter upgrading the knowledge
model into script level (§3.2). Lastly, as in Figure 3,
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Figure 2: Our discriminative knowledge model (left), and its script adapter (right) for multi-choice narrative cloze (MCNC).
Dash-dot blue rounded rectangles denote parameters optimized towards the objective of the knowledge model, whereas solid
blue rounded rectangles denote script adapter’s parameters that will be optimized towards the objective of MCNC.

we present a representation learning framework to
solve the MCNC task (§3.3).

3.1 Discriminative Knowledge Model

To avoid challenging event grounding and sat-
isfy coverage necessity, neural knowledge models
(Bosselut et al., 2019b; Hwang et al., 2020) are pro-
posed to memorize eventuality facts from a KG to
its parameters during training. They are built upon
a pre-trained generative Transformer (e.g., GPT
(Radford et al., 2018)) and fine-tuned on triple facts
from an eventuality KG via generative objectives
of event-based link prediction.

However, such generative knowledge models are
not perfectly compatible when capturing event-pair
relation facts since they focus more on inferring
tail events given a head event and an inferential
relation. This is consistent with the goal of link
prediction for KG completion. Consequently, if
they try to model the inferential relations between
events, they have to generate all possible triples for
each event by traversing all relations and enlarging
beam-search size (Bosselut et al., 2019a). And
the generated triple must be re-encoded into latent
space for the integration (Lv et al., 2020b), not to
mention generative models not always reliable.

Therefore, we present a discriminative objec-
tive based on relation classification for knowledge
model learning to directly capture such inferen-
tial information in latent space. Formally, given a
triple (e(h), r, e(t)) ∈ G, we separately pass head
event e(h) and tail event e(h), into a text encoder to
generate event-level contextualized representations.
Following Devlin et al. (2019), we first concatenate
the natural language text we of each event e with

special tokens:

w̃e=([CLS],we,[SEP]), ∀e ∈ {e(h),e(t)}, (2)

where the special tokens could vary with different
pre-trained models. Then, we feed the concate-
nated text w̃e into a Transformer encoder, followed
by a pooling layer, i.e.,

He = Transformer(w̃e; θ(km)) ∈ Rd×N , (3)

v = Pool(He) ∈ Rd, ∀e ∈ {e(h), e(t)}, (4)

where v denotes the resulting event representa-
tion, Transformer(·; θ) stands for pre-trained bidi-
rectional Transformer encoder (e.g., BERT (De-
vlin et al., 2019) and RoBERTa (Liu et al., 2019))
to produce deep contextualized embeddings, and
Pool(·) denotes using the embedding of [CLS] as
sequence-level representation by following prior
works. Given v of both head and tail events, we
apply an interactive concatenation (Bowman et al.,
2015; Reimers and Gurevych, 2019) between them
to model their inferential relationship, i.e.,

r := Inter-Concat(h, t) = [h;h× t;h− t; t],
where h = v(h) and t = v(t). (5)

Here, r ∈ R4d represents inferential relation be-
tween head and tail events, [·; ·] denotes vector con-
catenation, and “×” denotes element-wise product.

Lastly, the relation representation, r, is learned
by passing it into a neural classifier to predict the
oracle relation in the original triple. In order to
enable this knowledge model to represent a null or
non-associated relation between events, we define
an extra relation category, named dummy relation
r(dmy). This classification is written as

p(rc) = softmax(MLP(r; θ(rc))) ∈ R|R
′|, (6)

R′ = R∪ {r(dmy)},
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where p(rc) is the probability distribution overR′,
andR′ denotes a union of the well-defined relation
setR with a dummy relation category r(dmy). The
training data corresponding to r(dmy) is derived
from negative sampling in the eventuality KG.

Training. We use a cross-entropy loss to op-
timize this discriminative knowledge model,
{θ(km), θ(rc)}, towards such a dummy-aware re-
lation classification, which is denoted as

L(rc) = −
∑

(e(h),r,e(t))
log p

(rc)
[y=r]. (7)

Inference. The trained knowledge model can be
used in three ways summarized as (1) producing
event representation by

v := Event-Enc(e; θ(km)) (8)

= Pool(Transformer(w̃e; θ(km))),

(2) generating relation representation by

r := Relation-Model(e(h), e(t); θ(km)), (9)

and (3) deriving a confidence score for whether
there is an associated relation between two events:

p(ca) := Confid(e(h), e(t); θ(km), θ(rc)) (10)

=
∑

r∈R′\{r(dmy)}
p
(rc)
[y=r],

Remark. This discriminative knowledge model
learns inferential relations between events in la-
tent space, facilitating event-centric reasoning tasks.
But it has its drawbacks like incompetence to auto-
construction, in contrast to the generative knowl-
edge models. Thereby, we argue generative and
discriminative knowledge models are complemen-
tary to each other with different downstream uses.

3.2 Script-Adaptive Knowledge Model
In multi-choice narrative cloze (MCNC), a script
reasoning model is asked to capture the relation
between an event chain and a subsequent event can-
didate, however beyond the ability of the proposed
knowledge model. To handle the MCNC task, we
propose a neural adapter for the event encoder in
Eq.(8), making it competent in modeling an event
chain. Our goal is that, given a subsequent can-
didate, we extract the most relevant “event” from
an event chain to represent the whole chain. As
such, the result is still compatible with high-layer
components in our knowledge model.

To this end, we present a chain-dependent atten-
tion module which is based on bidirectional chain
contexts e = [e1, . . . , en] queried by a potential
subsequent event e(c). In particular, we first gen-
erate event representation for each event by our
trained event encoder, i.e.,

v(c) = Event-Enc(e(c); θ(km)), (11)

V = [v1, . . . ,vn] ∈ Rd×n, (12)

where, vi = Event-Enc(ei; θ
(km)),

Then the embedded event chain, V , position-
wisely concatenated with the query event repre-
sentation v(c), is passed into a bidirectional long
short-term memory (Bi-LSTM) to model rich event-
contextual information of the event chain, i.e.,

Ū = Bi-LSTM(V̄ ; θ(bl)) ∈ R4d×n, (13)

U = MLP(Ū ; θ(rd)) ∈ Rd×n, (14)

where, V̄ = [v̄1, . . . , v̄n], v̄i = [vi;v
(c)] ∈ R2d.

The resulting U ∈ Rd×n is chain-dependent rep-
resentations of the chain events, MLP(·; θ(rd)) is
responsible for reducing dimensionality.

Lastly, a self-attention pooling module (Liu et al.,
2016; Lin et al., 2017) is applied to U to get a
vector representation of the event chain, i.e.,

c = Uα, (15)

where α = softmax(MLP(U ; θ(sa))).

Here, α ∈ Rn denotes the probability distribution
of attention mechanism, which is then applied to
chain-dependent event representations U ∈ Rd×n
by matrix multiplication. As a result, c denotes
a chain-dependent event representation extracted
from the whole event chain. Intuitively, it can
be viewed as the most relevant event from the
event chain e to the candidate event e(c) as it
is derived from an attention module queried by
e(c). Hence, the derived c is still compatible with
the top layers (e.g., interactive concatenation and
neural classifier) in the discriminative knowledge
model. Note that, the parameters of this neural
script adapter, θ(adp) = {θ(bl), θ(rd), θ(sa)}, will be
learned towards the MCNC objective jointly with
other neural components in our script reasoning
model, which is detailed in the next section (§3.3).

In summary, we can define a chain-dependent
event encoding module to the above procedures to
embed an event chain, i.e.,

c = Event-Enc(adp)(e, e; θ(km), θ(adp)), (16)
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Figure 3: Our script reasoning model for MCNC. Freezing
the trained modules (dash-dot blue rounded rectangles) in our
knowledge model, we optimize the other learnable modules
(solid gray rounded rectangles) in our script reasoning model
towards the MCNC task. Please refer to Figure 2 for an
illustration of the script adapter.

where e = [e1, . . . ] is an event chain and e is
a query event. The chain-dependent event rep-
resentation, c, can be used as an argument to
Inter-Concat(·, ·) to model script-level relation-
ship with another event chain or a single event.
Thus, the other two inference models in Eq.(9) and
Eq.(10) are also adapted to Relation-Model(adp)(·)
and Confid(adp)(·) respectively.

3.3 Script Reasoning Model
Built upon the discriminative knowledge model and
its script adapter, we lastly present our script learn-
ing model for multi-choice narrative cloze task. To
be specific, given an event chain e = [e1, . . . , en]

and each event e(c)j from the subsequent candidates
E(c), we first pass them into the script-adaptive
knowledge model to generate a chain-dependent
event representation cj as defined Eq.(16):

cj = Event-Enc(adp)(e, e
(c)
j ; θ(km), θ(adp)),

where ∀e(c)j ∈ E(c). Based on cj , we can also
derive the relation representation rj between the
event chain and each candidate, as well as the con-
fidence score pj of the association.

rj = Relation-Model(adp)(e, e
(c)
j ; θ(km), θ(adp)),

p
(ca)
j = Confid(adp)(e, e

(c)
j ; θ(km), θ(rc), θ(adp)).

Besides the above rich-relation features from the
knowledge model, we also leverage expressively
powerful contextualized representations from an-
other pre-trained bidirectional Transformer to fully
exploit implicit reasoning knowledge in event texts.
Formally, we present a script-text contextualizing

encoder that applies the Transformer encoder to a
concatenation of the event chain and each subse-
quent candidates, with special tokens separated:

w̃j = ([CLS],we1 , . . . ,[SEP],we
(c)
j ,[SEP]),

hj = Pool(Transformer(w̃j ; θ
(kf))). (17)

To integrate the knowledge from the both mod-
els, we present a knowledge gating module for
element-wise addition weighted by the association
confidence:

oj = hj + p
(ca)
j ·MLP(rj ; θ

(g)), (18)

where, oj ∈ Rd is the final vector to represent the
relation between the chain and a candidate from
two perspectives, and MLP(·; θ(g)) is responsible
for reducing dimensionality from 4d to d. Such
a gating module leads to a flexible knowledge in-
tegration, which is prone to avoiding redundant,
non-associated relation features.

Finally, an MLP-based scoring module is de-
fined to calculate a plausibility score given the final
relation representation, followed by a softmax to
derive predicted distribution:

sj = MLP(oj ; θ
(sr)), ∀j = 1, . . . ,m, (19)

p(sr) = softmax([s1; . . . ; sm]) ∈ Rm, (20)

where m = |E(c)|, and p(sr) is the predicted distri-
bution over candidate events E(c) in MCNC.

Training. With fixed knowledge model
{θ(km), θ(rc)}, we train both the adapter θ(adp) and
the reasoning model θ(src) = {θ(kf), θ(g), θ(sr)}
towards the objective of MCNC, by a cross-entropy
loss, i.e.,

L(sr) = − 1

|D|
∑

D
log p

(sr)

[y=e(c)∗]
, (21)

where e(c)∗ denotes the gold subsequent event.

Inference. We can obtain the most plausible sub-
sequent event from a trained MCNC model by

ê(c) = arg max
e
(c)
j

[s1; . . . ; sm]. (22)

4 Experiments

This section begins with a detailed description of
our experimental setups on multi-choice narrative
cloze (MCNC) task for script reasoning. Then,
we conduct quantitative evaluations on the MCNC
task, followed by extensive qualitative evaluations,
including ablation study, model analysis, case study
and error analysis.

4590



Method ACC (%)
w/o external knowledge
Random 20.00
PMI (Chambers and Jurafsky, 2008) 30.52
Bigram (Jans et al., 2012) 29.67
Word2vec (Le and Mikolov, 2014) 42.23
Event-Comp (Granroth-Wilding and Clark, 2016) 49.57
PairLSTM (Wang et al., 2017) 50.83
SGNN (Li et al., 2018) 52.45
RoBERTabase (Lv et al., 2020b) 56.23
w/ external knowledge
SGNN + Int&Senti (Ding et al., 2019) 56.03
RoBERTabase + Knwl. (Lv et al., 2020b) 58.66
Ours + RoBERTabase 59.99
Ours + RoBERTalarge 63.62

Table 1: Comparison of our approach with previous script
reasoning models on MCNC task. Our two models achieve
59.96% and 63.95% on dev set, respectively.

Datasets and Knowledge Graph. Following
prior works (Lv et al., 2020b) for script reasoning,
we evaluate our proposed approach on the dataset
published by Li et al. (2018), which is widely used
for the MCNC task. We follow the official data
split1 with 140,331/10,000/10,000 samples in train-
ing/dev/test sets. We use ASER (Zhang et al., 2020)
as an external knowledge graph and learn a knowl-
edge model from it. ASER is a large-scale eventu-
ality knowledge graph extracted from unstructured
textual data. It contains 15 event relations, 194M
unique events, and 64M event-centric triples.

Evaluation Metrics. We adopt the official eval-
uation metric (Li et al., 2018), accuracy (ACC), to
measure the performance of the reasoning models.

Implementation Details. The proposed ap-
proach for script reasoning contains two training
processes, one for the discriminative knowledge
model pre-trained on the eventuality KG and the
other for the script reasoning model for MCNC
task. (1) For the knowledge model, we adopt the
BERTbase model and optimize the cross-entropy
loss with Adam optimizer. The learning rate is set
to 1 × 10−5. The hidden size of Bi-LSTM is set
to 256. The maximum training epoch and batch
size are set to 100 and 128. The maximum se-
quence length and dropout are set to 18 and 0.1.
The weight decay and gradient clipping are set to
0.01 and 1.0. (2) For the script reasoning model,
We experiment with two pre-trained language mod-
els, i.e. RoBERTabase and RoBERTalarge. Both
the embedding size and hidden size are set to 768
in RoBERTabase and 1024 in RoBERTalarge. We

1https://github.com/eecrazy/ConstructingNEEG IJCAI 2018

Method ACC (%)
Ours + RoBERTalarge 63.62

w/o chain-dependent attention 62.62
w/o knowledge gating module 62.85
w/o script-adapter 62.24
w/o external knowledge 61.53

Table 2: Ablation study of our approach. “w/o chain-
dependent attention” denotes replacing chain-dependent at-
tention module in our script adapter with mean-pooling, “w/o
knowledge gating module” denotes removing confidence score
p(ca) of the gating module in Eq.(18), ‘‘w/o script-adapter”
denotes ablating both chain-dependent attention and knowl-
edge gating module, and “w/o external knowledge” denotes
removing our script-adaptive knowledge model, equivalent to
the RoBERTalarge baseline.

use Adam optimizer (Kingma and Ba, 2015) to
optimize the cross-entropy loss. The learning rate
is set to 1 × 10−5. The maximum training epoch
and batch size are set to 3 and 32. The maximum
sequence length and dropout are set to 64 and 0.1.
The weight decay and gradient clipping are set to
0.01 and 1.0. We choose the model with the best re-
sult on the development set and report the results on
the testing set are based on this model. The knowl-
edge model contains 110M parameters, and our rea-
soning models contain 127M and 359M parameters
for the base and large initializations, respectively.
Our experiments are conducted on 4 NVIDIA P40
GPUs, and the training time is around 5 hours with
RoBERTabase and 9 hours with RoBERTalarge.

4.1 Main Evaluation

The experimental results of our approach and pre-
vious script reasoning works on the Multi-Choice
Narrative Cloze (MCNC) task are shown in Table
1. From the table, we can make two observations.
First, using external knowledge, especially exter-
nal event graph knowledge, increases the accuracy
of models. For example, the knowledge infusion
approach proposed by Lv et al. (2020b) outper-
forms the RoBERTa model without any knowledge.
Second, our approach is superior to the retrieval
and integration approach, RoBERTa + Knwl, and
achieves new state-of-the-art accuracy (i.e. 63.62%
using the RoBERTalarge text encoder) on this task.
This demonstrates the effectiveness of the proposed
script-adaptive knowledge model.

4.2 Ablation Study

We conduct an ablation study to investigate the ef-
fect of each component of our approach and the
results are reported in Table 2. We first investi-
gate the impact of the chain-dependent attention
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Figure 4: Impacts of knowledge model accuracy (left) and
event distance over event association (right).

in Eq.(15) by replacing it with mean pooling over
all events in the chain, and find that the accuracy
of script reasoning is decreased about 1%. Next,
we testify our approach without the knowledge
gating module, which decreases the accuracy by
0.8%. And the gap becomes 1.4% if both the chain-
dependent attention and the confidence score is
ablated. Finally, we compare our approach with
the baseline without any external knowledge in-
cluded, and the accuracy of script reasoning drops
by 2.1%, demonstrating the effectiveness of lever-
aging external event knowledge by the discrimina-
tive knowledge model.

4.3 Model Analysis

Impact of Knowledge Model. Our approach
leverages the external event KG by directly model-
ing relations between event pairs. Intuitively, the
accuracy of the learned model plays a critical role
in script reasoning. Thus, we investigate its impact
by assessing the performance of script reasoning
with the knowledge models of various accuracy.
The accuracy of knowledge model is evaluated on
its dev set from the KG. As shown in Figure 4 (left),
we can observe that the accuracy of script reason-
ing increases with that of the knowledge model,
verifying the assumption that integrating external
event knowledge via a knowledge model improves
the performance of a script reasoning model.

Impact of Event Distance over Event Associa-
tion. The script reasoning task requires to predict
a subsequent event given an event chain. We inves-
tigate how the distance between two events impacts
their correlation by analyzing the attention score of
various timesteps of precedent events in a script. In
particular, for all precedent events which are i-th
step before subsequent events, we aggregate their
attention scores. The results are plot in Figure 4
(right). The x-axis represents the distance between
two events, and y-axis represents the estimated cor-
relation by our model. From the figure we can see

Precedent Events

...
E7: state granted accountant
E8: believed accountant

Subsequent Event Candidates

A. asked accountant (correct answer)
B. ends accountant
C. depict accountant
D. penalize accountant firm
E. need accountant salary

Event pairs in KG with similar events

<Zakia will believe it, Zakia drops he guard>
<He is an accountant, He is very intelligent>
. . .

Event pairs in KG with Similar Relation Pattern

<I need your medical expertise, I need you help on something>
<You be the expert, I need answer>

Table 3: An example of script reasoning. The task is to
choose a subsequent event from 5 candidates for the given
precedent events. The associated event pair in the example is
marked in blue with underline.

that an event is most highly correlated to its prece-
dent neighbor. The association drops quickly as
the distance increases, and it becomes very small
when two events are three steps away.

4.4 Case Study
As demonstrated in Table 3, we present an example
in the test set to compare the retrieval and integra-
tion approach and ours. Here the script describes
an event chain about accountant, which states that
accountants are believed.

To infer the next event, the retrieval and inte-
gration paradigm will try to retrieve events with
similar lexicon or semantics, e.g. “zakia will be-
lieve it”, “he is an accountant”, etc. However, KG
triples containing these events do not capture the
relation that if a person is believed, people will
consult him/her. Therefore, this approach fails to
leverage the KG to make a correct prediction.

In contrast, the KG contains event pairs like
“(I need your medical expertise, I need your help
on something)”, “(you are the expert, I need an-
swer)”, whose relation patterns support the relation
between “accountants are believed” and “people
ask accountants”, although there is little overlap be-
tween KG events and scrip events. The knowledge
model learned from the KG event pairs captures
such relation patterns and provides strong support
for reasoning in this example, which demonstrates
the effectiveness of our approach compared with
the retrieval and integration approach.
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4.5 Error Analysis

Lastly, to analyze the limitations of our model,
we investigate the mis-classified examples on the
MCNC test set, and summarize two main problems:

First, some scripts consist of precedent events
which might lead to conflict results. For example,
a event chain, [“He disappointed supporters”, “He
fulfilled promise”], is likely to be associated with
two opposite results. The former might be associate
with “He lost campaign”, while the latter might
result in “They backed up his campaign”. Such
case might confuse the reasoning model.

Second, long-distance dependency between
events are difficult to capture. For example, in
a tourism script which describes “Emily went to the
beach” followed by a long description about the
parking problem she met, although “Emily went
surfing” is a rational subsequent event, the distance
between the two events is too long so it is difficult
for a reasoning model to capture such relations.

5 Related Work

A script (Schank and Abelson, 2013) refers to a
kind of structured representation for prototypical
sequences of events. Chambers and Jurafsky (2008)
formulate a script learning (narrative learning) task
and propose statistical models to capture event co-
occurrence for subsequent event prediction. After-
wards, the approaches for script reasoning can be
categorized into two genres. i.e., event pair model-
ing (Jans et al., 2012; Pichotta and Mooney, 2014;
Granroth-Wilding and Clark, 2016) and event chain
modeling (Pichotta and Mooney, 2016; Wang et al.,
2017; Lv et al., 2019). But, they still lag far behind
humans as the well-labeled training set is usually
of small size. In addition, script reasoning is more
challenging than traditional NLP tasks and requires
models to reason over unobserved events.

With recent developments of large-scale eventu-
ality knowledge graphs (KG) (e.g., ASER (Zhang
et al., 2020) and ATOMIC (Sap et al., 2019)), an
effective remedy is to adopt “retrieval and integra-
tion” schema and integrate the inferential facts re-
trieved from the KG for script reasoning (Lv et al.,
2020b). This paradigm is proven effective in both
entity-centric and concept-centric tasks, such as re-
lation extraction (Zhang et al., 2019), named entity
recognition (Liu et al., 2020) and commonsense
reasoning (Lin et al., 2019; Lv et al., 2020a), etc.
However, this paradigm is not that compatible with
event-centric script reasoning since script reason-

ing focuses more on the inferential relation between
consecutive events in a script rather than the triple
facts with exact event matching. What is worse,
these eventuality KGs consisting of free-form event
usually encounter low knowledge coverage or in-
completeness problem (Zhang et al., 2020; Bosse-
lut et al., 2019b), leading to problematic grounding
from an event to the nodes in the KG.

To circumvent the coverage problem, Bosselut
et al. (2019b) and Hwang et al. (2020) propose to
learn a generative knowledge model on existing
triples from an eventuality KG, where the triples
can be regarded as a seed of knowledge. It on-
demand generates subsequent events with a prompt
of the observed event and an inferential relation,
thus avoiding event grounding and satisfying cov-
erage necessity for a broad spectrum of NLP tasks
(Shwartz et al., 2020; Majumder et al., 2020; Paul
and Frank, 2020; Ding et al., 2019; Ma et al., 2019).
However, such generative knowledge models are
not perfectly compatible when capturing inferential
relations between events because they focus more
on inferring tail events rather than the relations.

In contrast, our method avoids operating merely
on the triples that have lexical or semantic overlap
with the targeted script, while directly learn the
inferential relation patterns on the whole KG. The
learned knowledge model can simply capture the
relation between events in a script in latent space,
benefiting various event-centric reasoning tasks.

6 Conclusion

In this work, we explore a novel paradigm to inte-
grate an external eventuality knowledge graph into
a script reasoning model for multi-choice narrative
cloze task. We first identify a major problem af-
fecting the integration for script reasoning. That
is, previous works merely retrieve the graph triples
that have semantic overlap with the events in a
script, but neglect that the triples with similar in-
ferential relation patterns can contribute a lot. We
hence propose a knowledge model that learns the
patterns on the graph and then provides support-
ive rich-relation evidence for events in a script. We
also present a script adapter to make the knowledge
model compatible with script-level reasoning. Built
upon these, we finally present a reasoning model
and evaluate it on the targeted task. Experimental
results demonstrate that, the proposed model deliv-
ers new state-of-the-art performance, followed by
further analyses to provide comprehensive insights.
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Abstract

We present a new probing dataset named

PROST: Physical Reasoning about Objects

Through Space and Time. This dataset con-

tains 18,736 multiple-choice questions made

from 14 manually curated templates, covering

10 physical reasoning concepts. All questions

are designed to probe both causal and masked

language models in a zero-shot setting. We

conduct an extensive analysis which demon-

strates that state-of-the-art pretrained models

are inadequate at physical reasoning: they are

influenced by the order in which answer op-

tions are presented to them, they struggle when

the superlative in a question is inverted (e.g.,

most ↔ least), and increasing the amount of

pretraining data and parameters only yields

minimal improvements. These results provide

support for the hypothesis that current pre-

trained models’ ability to reason about physi-

cal interactions is inherently limited by a lack

of real world experience. By highlighting

these limitations, we hope to motivate the de-

velopment of models with a human-like under-

standing of the physical world.

1 Introduction

In the context of natural language processing (NLP),

Bender and Koller (2020) provides a working defi-

nition of “understanding” as the ability to recover

the communicative intent from an utterance. To

achieve this, one must be able to query a set of

concepts that is aligned with the speaker’s own un-

derstanding. An example of such alignment is our

interaction with the physical world. This experi-

ence, shared by all humans, provides a common

set of concepts to rely on in communication. For

example, the reader can map the phrase I dropped

my pint glass to a set of relevant experiences and

generate a mental depiction of the scene. Further,

∗*Email has no accent, but includes the hyphen

A) glass B) pillow C) coin D) pen

A person drops a glass, a pillow, a coin, and a pen from a balcony. 
The [MASK] is most likely to break.

Figure 1: An example question from PROST.

the reader can also use their knowledge of gravity

and the properties of a pint glass to reason about

potential outcomes: the pint glass will fall toward

the ground and will likely break on impact.

Children grab, push, and play with the objects

around them to form concepts about the world they

live in even before learning to talk (Hespos and

Spelke, 2004). These concepts are then linked with

words to enable communication, eventually pro-

viding the necessary grounds for concepts and lan-

guage to co-develop (Bloom, 2002; Gelman, 2009).

In contrast, current language models (LMs) are not

exposed to real-world experiences, making them in-

capable of grounding language (Bisk et al., 2020a).

We hypothesize that this lack of experience im-

pedes their ability to both understand an utterance

relating to the physical world and their ability to

reason about its implications.

In order to investigate our hypothesis, we create

PROST: Physical Reasoning of Objects Through

Space and Time, a probing dataset to evaluate the

ability of pretrained LMs to understand and rea-

son about the physical world. PROST consists of

multiple-choice cloze-style questions covering 10
basic concepts: direction, mass, height, circum-

ference, stackable, rollable, graspable, breakable,

slideable, and bounceable. Importantly, PROST is

designed to avoid models succeeding in unintended
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ways. First, PROST provides no training data, so

as to probe models in a zero-shot fashion. This

prevents models from succeeding through spurious

correlations between training and test data and en-

courages success through a true understanding of

and reasoning about the concepts at hand. Second,

we manually write templates for all questions in

an effort to prevent models from having seen the

exact same sentences in their training data. Finally,

it focuses on a small set of well defined, objective

concepts that only require a small vocabulary. This

allows researchers to focus more on the quality of

training data rather than the size of it.

Contributions We make two contributions: 1)

We introduce PROST, a dataset with 18, 736 cloze-
style questions created from 14 manually written
templates, covering 10 physical reasoning tasks. 2)
We conduct an extensive analysis which demon-

strates that state-of-the-art pretrained models are

inadequate at physical reasoning. More specifi-

cally, they are influenced by the order in which

answer options are presented to them, they struggle

when the superlative in a question is inverted (e.g.,

most ↔ least), and increasing the amount of pre-

training data and parameters only yields minimal

improvements. The dataset and code is available at

github.com/nala-cub/prost.

2 Related Work

Evaluation of Reasoning Abilities As pre-

trained models are excelling on many NLP tasks,

more work is being done on understanding their

abilities. A subset of this work focuses on physical

reasoning. PIQA (Bisk et al., 2020b) tests physical

commonsense, with concepts ranging from hard

shell tacos to separating egg yolks. In order to suc-

ceed on PIQA through reasoning, a model would

need to be able to understand thousands of human

experiences. In contrast, PROST provides a first

step towards grounded understanding and reasoning

by focusing on a few simple concepts. Bakhtin et al.

(2019) provides a set of 2D puzzles that involve

placing a new object in a scene to accomplish a goal.

This research also focuses on simple physics, how-

ever there is no language component. Clark et al.

(2018) and Kembhavi et al. (2017) both provide a

large set of grade school multiple-choice questions,

including some that could be solved with reason-

ing. However both provide corresponding material

where the solution can be found, relying more on

information retrieval than a general understanding

and reasoning about the world.

Another set of reasoning-based benchmarks fo-

cuses on common sense reasoning. SWAG and

its extension hellaSWAG evaluate commonsense

natural language inference (Zellers et al., 2018,

2019). Sap et al. (2019) tests commonsense rea-

soning about social situations. However, common-

sense reasoning is often subjective and requires un-

derstanding of complex human–human interactions

involving social and societal norms. In contrast,

physical reasoning is based on objective and well

defined constructs.

Other datasets (Forbes and Choi, 2017; Elazar

et al., 2019; Goel et al., 2019) focus on object–

attribute comparison. However, they compare con-

cepts at a word level rather than sentence level

and use a large training set to create an engineered

object–attribute comparison model. It is difficult

to see how these models could generalize to other

forms of reasoning.

Moreover, all the above datasets follow a

pretraining-agnostic identically distributed (PAID)

paradigm (Linzen, 2020), making them susceptible

to models that can leverage unintended correlations

between the training and test sets.

Zero-Shot LM Probes Similar to PROST, sev-

eral recent benchmarks have circumvented the con-

cern of identically distributed training and test sets

by probing models in a zero-shot manner. Petroni

et al. (2019) queries masked LMs (MLMs) for fac-

tual knowledge using templates in the format of

Dante was born in [MASK]. Talmor et al. (2020)

use a similar format to probe six concepts ranging

from age comparison to taxonomy conjunction. Et-

tinger (2020) uses this format to show that BERT

robustly retrieves hypernyms, but fails to under-

stand negation. Lin et al. (2020) probe numerical

commensense in both MLMs and traditional LMs.

Warstadt et al. (2020) measures traditional LMs’

sense of grammatical acceptability by comparing

sentence probabilities.

Grounded Language Environments PROST

investigates if pretrained models show a lack of

understanding of the physical world which could

result from learning language without ground-

ing. While not used for pretraining, a number of

multi-modal environments have been developed

to ground language. Shridhar et al. (2020)’s AL-

FRED builds on other vision-and-language nav-

igation environments (Gordon et al., 2018; Reg-
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neri et al., 2013; Zhu et al., 2017; Anderson et al.,

2018), and enables grounding of language instruc-

tion to actions, behaviours, and objects. BABYAI

(Chevalier-Boisvert et al., 2019) and BABYAI++

(Cao et al., 2020) provide an environment to ground

simple language in a gridworld. Additionally, other

work has explored grounding language in simula-

tions or the real world (Hill et al., 2020; Lynch

and Sermanet, 2020). While they provide impor-

tant resources to ground language, little emphasis is

placed on the language modules themselves. They

are often trained tabulae rasae, learning language

for a singular purpose and missing out on the syntax

and coverage learnt during pretraining;1 language is

only ever an input, and no analysis has been done on

how language understanding evolves as the agent

learns to succeed on different tasks.

3 PROST

PROST consists of 18, 736 cloze-style multiple-

choice questions designed for probing a LM’s phys-

ical reasoning ability. They cover 10 basic con-

cepts: direction, mass, height, circumference, stack-

able, rollable, graspable, breakable, slideable, and

bounceable. We choose these concepts because

they are well defined, easily learned by interacting

with the world, and are useful concepts for any em-

bodied agent. The questions are constructed from

14 manually written templates. Each template fol-
lows one of three different formats: the first for-

mat is specific to the set of questions pertaining

to directions; the second format is used to gauge

the relative attributes—specifically mass, height,

and circumference—of objects; and the third for-

mat targets the affordances of objects—specifically

whether an object is stackable, rollable, graspable,

or breakable, and whether a surfaces is slideable

or bounceable2. We use CheckList (Ribeiro et al.,

2020) to obtain the questions from our templates.

We show all templates in Table 1 and explain them

in detail below. We end this section by describing

the objects featured in PROST.

Direction Templates We use two templates to

generate questions which probe understanding of

direction. The first focuses on cardinal directions.

The second uses a set of four manually crafted ques-

1An exception is Lynch and Sermanet (2020), which incor-
porates modern LMs and provides impressive generalizability.
However, they too only use language as an input and do not
analyze how language understanding evolves.

2Bounceable here refers to providing an elastic collision.

tions to probe understanding of how gravity affects

the directions of a ball throughout its trajectory.

Due to their similarity, we count these four ques-

tions as a single template. The direction templates

create a total of 16 questions.

Attribute Templates The second set of tem-

plates probe the models’ ability to reason about

relative mass, height, and circumference of com-

mon objects. For each of these three concepts we

create a set of six objects that are easily ordered

by their respective attributes. A context is first pre-

sented with up to four of the six objects to prime

the models with the range of possible choices. This

is followed by a prompt that probes the model to

select one of the objects based on the object’s mass,

height, or circumference. By inverting the superla-

tive in the prompt (e.g., longest↔ shortest), we can

probe the model’s ability to identify both the object

with the highest attribute value and the object with

the lowest attribute value from the set of choices.

We permute through all objects and all orders. Each

of the three attributes are tested using two templates

that share the same set of objects. Each template

produces 6P4 ∗ 2 = 720 questions, meaning each
attribute is probed using 1440 questions.

Affordance templates The remaining templates

target an understanding of object affordances. For

each affordance—stackable, rollable, graspable,

breakable, slideable, and bounceable— we collect

a set of five objects with and five objects without

that affordance. Again, we first provide a short

context that contains each of the four possible ob-

jects. We then provide a prompt that requires the

model to select the only object either with or with-

out the affordance. We include all permutations of

objects where there is exactly one correct answer.

These templates produce 5P1 ∗ 5P3 ∗ 4 ∗ 2 = 2400
questions for each of the six affordances.

Objects in PROST All possible values for the

placeholders in our templates are shown in Table 3.

For affordances, we display objects in two groups:

those with and without each affordance. For at-

tributes, objects are sorted by increasing order, e.g.,

for mass, leaf is the lightest object and microwave

is the heaviest object. Each object in PROST is

selected to be single-token compatible for a wide

range of vocabularies to enable easy probing of

MLMs. We validate the order of our attribute ob-

jects and the group membership for our affordance

objects by collecting judgments from 9 human val-
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Category Qs. Template

Directs. 1 12 C: A person is walking {north/east/south/west}. They turn {left/right/around}.
Q: They are now walking [MASK].
O: A) north B) east C) south D) west

Directs. 2a 1 C: A person drops a ball.
Q: Immediately after leaving the person’s hand, the ball is moving toward the [MASK].

Directs. 2b 1 C: A person throws a ball straight into the air.
Q: Immediately after leaving the person’s hand, the ball is moving toward the [MASK].

Directs. 2c 1 C: A person throws a ball straight into the air.
Q: Immediately after reaching the highest point in it’s trajectory, the ball is moving toward the [MASK].

Directs. 2d 1 C: A person drops a ball. The ball then bounces off the ground.
Q: Immediately after bouncing off the ground, the ball is moving toward the [MASK].
O: A) ground B) sky C) left D) right

Mass 1 720 C: A(n) {mass_obj1}, a(n) {mass_obj2}, a(n) {mass_obj3}, and a(n) {mass_obj4} moving at identical
speeds each collide with a static hockey puck.

Q: The puck hit by the [MASK] slides the {shortest/longest} distance.
Mass 2 720 C: A(n) {mass_obj1} and a(n) {mass_obj2} are placed on either end of a perfectly balanced seesaw.

Q: The side of the seesaw with the [MASK] moves {up/down}.
O: A) {mass_obj1} B) {mass_obj2} C) {mass_obj3} D) {mass_obj4}

Height 1 720 C: Four balls are dropped. The first is dropped from the height equivalent of a {height_obj1}, the
second is dropped from the height equivalent of a {height_obj2}, the third is dropped from the height
equivalent of a {height_obj3}, and the fourth is dropped from the height equivalent of a {height_obj4}.

Q: The ball dropped from the height of the [MASK] takes the {longest/shortest} amount of time to fall.
Height 2 720 C: There are four staircases. The first staircase leads to the top of a {height_obj1.}, the second staircase

leads to the top of a {height_obj2.}, the third staircase leads to the top of a {height_obj3.}, and the
fourth staircase leads to the top of a {height_obj4.}.

Q: The staircase leading to the top of the [MASK] is the easiest/hardest to walk up.
O: A) {height_obj1} B) {height_obj2} C) {height_obj3} D) {height_obj4}

Circumf. 1 720 C: Four people are walking at identical speeds. The first walks around a {circ_obj1}, the second walks
around a {circ_obj2}, the third walks around a {circ_obj3}, and the fourth walks around a {circ_obj4}.

Q: The [MASK] takes the {longest/shortest} amount of time to walk around.
Circumf. 2 720 C: A person paints a circle around a {circ_obj1}, a {circ_obj1}, a {circ_obj1}, and a {circ_obj1}.

Q: The circle around the [MASK] takes the {most/least} amount of paint.
O: A) {circ_obj1} B) {circ_obj2} C) {circ_obj3} D) {circ_obj4}

Stackable 2400 C: A person is trying to stack {stack}, {no stack1}, {no stack2}, and {no stack3}.
Q: The [MASK] are the {easiest/hardest} to stack.
O: A) {stack} B) {no stack1} C) {no stack2} D) {no stack3}

Rollable 2400 C: A person is trying to roll a(n) {roll}, a(n) {no roll1}, a(n) {no roll2}, and a(n) {no roll3}.
Q: The [MASK] is the {easiest/hardest} to roll.
O: A) {roll} B) {no roll1} C) {no roll2} D) {no roll3}

Graspable 2400 C: A person is trying to move a pile of {break}, a pile of {no break1}, a pile of {no break2}, and a pile
of {no break3} from one side of a room to the other using only one hand.

Q: The [MASK] is the {most/least} likely to break.
O: A) {break} B) {no break1} C) {no break2} D) {no break3}

Breakable 2400 C: A person drops a {break}, a {no break1}, a {no break2}, and a {no break3} from a balcony.
Q: The [MASK] is the {most/least} likely to break.
O: A) {grasp} B) {no grasp1} C) {no grasp2} D) {no grasp3}

Slideable 2400 C: A person is sliding four bricks across four hard surfaces. The first surface is covered with {slide},
the second surface is covered with {no slide1}, the third surface is covered with {no slide2}, and the
fourth surface is covered with {no slide3}.

Q: The surface covered with [MASK] is the {hardest/easiest} for the brick to slide across.
O: A) {slide} B) {no slide1} C) {no slide2} D) {no slide3}

Bounceable 2400 C: A person is trying to bounce a rubber ball. They drop a first ball onto {bounce}, a second ball onto
{no bounce1}, a third ball onto {no bounce2}, and a fourth ball onto {no bounce3}.

Q: The ball dropped onto[MASK] bounces the {most/fewest} times.
O: A) {bounce} B) {no bounce1} C) {no bounce2} D) {no bounce3}

Table 1: All templates in PROST. C: = Context, Q: = Question, O: = Options. {} indicate placeholders. The

objects can be found in Table 3. The rest of the placeholders show their possibilities in the braces themselves.

[MASK] indicates the position of the blank that the models need to fill. See Section 3 for more information.

NOTE: The number of objects with and without the affordances are swapped when the superlative is inverted.
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Model Type Input Target

Decoder (context) They are now walking 〈O〉. Max probability for each sentence input to the model

Encoder (context) They are now walking 〈M〉. Max probability for the masked token.

T5 (context) They are now walking 〈X〉. 〈X〉 south 〈Y〉

UnifiedQA
Which way are they walking now? \n (A) north south
(B) south (C) east (D) west \n (context)

Table 2: Overview of the task preprocessing for different architectures evaluated. In all methods, the context

remains unchanged and is “A person is walking west. They turn left.”

idators. The validators obtained a 100% agreement

on the object ordering, and 94.6% agreement on

the object group membership.

Attributes

Attribute Objects

mass leaf, coin, egg, apple, brick, microwave
height book, microwave, table, car, house, mountain
circ book, microwave, table, car, house, mountain

Affordances

Affordance Objects

stack books, blocks, boxes, coins, plates
no stack balls, bottles, eggs, flowers, lamps

roll apple, ball, bottle, egg, can
no roll book, box, block, mirror, microwave

grasp balls, blocks, books, bottles, flowers
no grasp flour, rice, salt, snow, sugar

break bottle, egg, glass, mirror, plate
no break ball, coin, pen, pillow, shirt

slide ice, frost, grease, oil, soap
no slide carpet, concrete, grass, gravel, rubber

bounce asphalt, brick, concrete, rubber, steel
no bounce carpet, foam, grass, leaves, snow

Table 3: Objects used in the templates.

4 Models

Using PROST, we probe three types of transformer-

based models (Vaswani et al., 2017): decoder mod-

els, encoder models, and encoder-decoder models.

Each model has slightly different formatting re-

quirements, which we show in Table 2. For each

model type, we probe a range of different sizes to

investigate the effects of scaling. We use Hugging-

face’s (Wolf et al., 2020) pretrained models, see

Table 4 for the full set.

Decoder Models We analyze OpenAI’s GPT-1

(Radford et al., 2018) and GPT-2 (Radford et al.,

2019). Both are based on a transformer decoder

architecture and trained on a traditional language

modeling objective. We run these models over

Model Params (M) Data (GB)

GPT 116.5 2

GPT-2 B 124.4 40
M 354.8 40
L 774.0 40
XL 1557.6 40

BERT B 110.1 13
L 336.2 13

RoBERTa B 124.7 160
L 355.4 160

ALBERT V2 B 11.8 160
L 17.8 160
XL 59.0 160
XXL 223.2 160

T5 S 60.5 170
B 222.9 170
L 737.7 170
3B 2851.6 170

Table 4: Summary of models evaluated on PROST.We

list the amount of pretraining data as the size of the un-

compressed text corpus used.

each question four times, each time with a different

choice replacing the [MASK] token. Following

Warstadt et al. (2020), we select the sentence with

the highest probability.

Encoder Models We analyze BERT (uncased)

(Devlin et al., 2018), RoBERTa (Liu et al., 2019),

and ALBERT (Lan et al., 2020), which are all based

on transformer encoders. BERT is trained onMLM

and next sentence prediction and uses static mask-

ing, RoBERTa is trained on MLM with dynamic

masking, and ALBERT uses whole-word n-gram
masking. For probing, we filter out all but the four

answer choices from the output vocabulary and se-

lect the token with the highest probability as the

model’s decision.

Encoder-decoder Models We also include re-

sults for T5 (Raffel et al., 2020). T5 is trained

using a span corruption objective, in which spans

of the input sequence are randomly replaced with
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a single unique mask token. During pretraining,

span lengths are chosen randomly with an average

length of three. To keep our results consistent with

the other models, we restrict the span length to one

token. We find that two of the options for sliding

surfaces, namely ice and frost, violate our single-

token constraint. To avoid any unfair comparison

between answers that differ in token lengths and fol-

lowing previous work (Goldberg, 2019), we chose

to omit presenting the results for T5 on the sliding

concept.

Finetuned Conditional LMs To better under-

stand the limitations of text-only training, we addi-

tionally evaluate UnifiedQA (Khashabi et al., 2020).

UnifiedQA is a pretrained QA model, built off T5,

and finetuned on SQuad 1.1, SQuaD 2.0, Narra-

tiveQA, RACE, ARC, OpenBookQA,MCTest, and

BoolQ (Rajpurkar et al., 2016, 2018; Kočiský et al.,

2018; Lai et al., 2017; Clark et al., 2018; Mihaylov

et al., 2018; Richardson et al., 2013; Clark et al.,

2019). We format all of our templates to fit their

multiple-choice question answering format and use

their provided scoring metrics to select the models’

answers.3

5 Results

The per model and per concept results are

shown in Table 5. For concepts with more

than one template—direction, mass, height, and

circumference—we average across templates to get

the concept’s score. We can see that, on average,

ALBERT-V2-XL performs best, with an accuracy

of 31.8%4, and GPT-2 performs worst, with an ac-

curacy of 23.6%. We note that random guessing

would yield an accuracy of 25%. Furthermore, ev-
ery model underperforms random guessing on at

least one concept. Since PROST is trivially solv-

able for humans, this supports our hypothesis that

pretrained models are unable to perform physical

reasoning anywhere close to human performance.

Comparing across all concepts, we see that di-

rection obtains the highest average accuracy with

46.8%. The second best accuracy is observed for
the mass attribute with 36.5%. The concepts mod-
els struggle the most with are the slideable and

bounceable affordances, both with an average ac-

curacy of 19.9%.

3https://github.com/allenai/unifiedqa
4Note: as detailed in Section 4, T5 and UnifiedQA are

not being evaluated on sliding. We therefore disregard their
average accuracy.

6 Analysis

Object Order in Context For the concepts that

use objects, all four choices are listed in each ques-

tion’s context. PROST contains all permutations

with regards to their ordering. This enables us to

directly look at the effect of the correct answer’s

position within the context on the models’ accuracy.

These results shown in Table 6.

We see that models have a strong tendency to

select either the first or the last item seen in the con-

text. The largest difference is found for T5, with an

accuracy of 52.4% for objects at position 1 and an

accuracy of only 1.9% for objects at position 3. We

note that a proper understanding of the questions,

as most humans would have, would be robust to

the order in which the choices are presented. This

further underlines that state-of-the-art models do

not perform human-like physical reasoning.
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Figure 2: Scaling effect of models on accuracy. Circles

size represents number of parameters.

Superlative Inverses By inverting the superla-

tive in a question, we are able to probe a mirrored

version of the question. For example, for attributes,

this would require the model to identify the lightest

object instead of the heaviest object, or, for affor-

dances, it would require the model to identify the

not stackable object instead of the stackable ob-

ject. We call these mirrored versions superlative

inverses. A true understanding of the questions in
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Model Direction Mass Height Circum. Stack Roll Grasp Break Slide Bounce Macro Average

GPT 46.7 40.1 24.3 22.8 28.2 27.9 19.6 22.7 14.6 14.4 26.1

GPT2 43.3 31.4 22.0 18.8 26.2 20.3 17.9 22.5 16.9 17.0 23.6
M 48.3 34.1 21.6 21.6 25.5 23.7 24.9 27.8 22.5 18.5 26.8
L 46.7 33.1 25.4 27.0 25.5 26.9 20.6 21.8 21.3 15.6 26.4
XL 46.7 34.2 25.8 26.3 31.1 36.3 29.4 26.7 23.7 20.5 30.1

BERT B 40.0 32.9 27.5 25.6 20.9 26.1 23.3 28.0 18.2 13.0 25.5
L 70.0 38.8 19.4 17.5 21.3 19.2 26.7 19.5 15.9 18.6 26.7

RoBERTa B 46.7 36.9 25.8 23.5 34.5 19.3 25.4 45.0 20.9 11.4 28.9
L 66.7 43.4 33.8 22.7 22.7 22.2 29.4 23.8 22.7 25.5 31.3

ALBERT V2 B 21.7 35.4 30.2 26.0 25.2 32.5 35.3 22.8 15.3 22.9 26.7
L 41.7 38.2 31.9 27.5 23.3 29.7 34.0 24.5 23.4 22.1 29.6
XL 46.7 38.7 42.0 37.4 30.2 28.2 37.1 17.8 25.3 14.3 31.8

XXL 68.3 33.8 28.1 24.5 29.4 23.4 21.2 30.2 17.5 22.1 29.8

T5 S 20.0 36.5 29.8 25.2 25.0 25.9 25.4 25.0 — 30.2 27.0∗

B 40.0 37.0 32.6 23.8 25.0 23.4 25.2 25.6 — 37.8 30.1∗

L 46.7 35.7 30.7 27.6 31.8 23.0 34.0 25.2 — 22.7 30.8∗

3B 46.7 39.6 35.6 29.8 34.7 31.5 35.6 33.8 — 12.5 33.3∗

UnifiedQA S 0.0 34.2 34.8 30.3 24.4 29.0 28.8 27.1 — 31.0 26.6∗

B 0.0 17.8 33.3 22.3 25.5 34.9 27.9 36.5 — 45.7 27.1∗

L 83.3 17.2 49.5 47.3 23.5 28.4 27.5 43.6 — 32.6 39.2∗

3B 63.3 37.8 55.2 66.9 31.2 35.2 24.8 81.4 — 24.8 46.7∗

Task Average 46.3 36.5 28.6 25.2 27.1 25.9 27.4 26.0 19.9 19.9 28.5

Table 5: Macro average for each concept and overall for each model on PROST. The best accruacy for general

pretrained-only models is displayed in bold. Note that the task average does not include UnifiedQA.

Model
Position Accuracy

1 2 3 4

GPT 27.0 24.3 7.6 38.6
GPT-2 29.9 23.1 8.1 42.0
BERT 28.4 24.3 5.7 38.2
RoBERTa 39.0 28.7 11.2 30.0
ALBERT V2 32.5 25.8 9.7 44.2
T5 52.4 21.1 1.9 35.2
UnifiedQA 41.0 27.7 18.8 51.9

Position Average 35.7 25.0 9.0 40.0

Table 6: Accuracy across the correct answer’s position

in the context.

PROST should be robust to this kind of inversion.

However, Table 7 shows all models perform better

on one of the two versions. Of the probed models,

GPT-2 is the most unbalanced, averaging 30.6%

higher for one version over the other.

Data and Model Scaling Figure 2 shows each

model’s accuracy as a function of the number of

its parameters. Unlike for many modern bench-

marks, where increasing the number of parameters

or training data provides significant benefits (Tal-

mor et al., 2020; Wang et al., 2018), PROST does

not see much improvement from such scaling. We

observe some improvements with T5-3B outper-

forming T5-small, but this 6.6% increase requires a

48x increase in parameters and T5-small still outper-

forms T5-3B on one task. Moreover, some models

break this trend: ALBERT’s XL version outpe-

forms its XXL counterpart and GPT-2 M outper-

forms GPT-2 L. While previous work has revealed

the impressive scaling laws of transformer-based

architectures (Kaplan et al., 2020), PROST high-

lights the importance of relevant and informative

training. As physical reasoning is not an ability that

humans acquire via text, even substantially more

open domain textual data is unlikely to lead to more

than marginal improvements.

The Limits of Text-based Training To our

knowledge, UnifiedQA is the most qualified model

to succeed on our task, having been finetuned on a

significant amount of relevant text data. While this

additional data does provide benefits on PROST, it

still falls short, with the best performing model we

tested only achieving a 46.7% accuracy. Addition-

ally, from Tables 6 and 7, it still lacks the robust-

ness of proper understanding. This emphasizes that

models are unlikely to obtain human-like reasoning

from text-based training alone. Rather, PROSTmo-

tivates exposing models to concepts through multi-

ple modalities that mirror a human’s experience.
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Model Mass Height Circum. Stack Roll Grasp Break Slide Bounce Macro Average

GPT 9.4 2.2 14.0 35.9 43.0 22.7 13.3 9.8 10.1 17.8

GPT-2 19.2 24.3 1.1 16.1 5.1 12.1 31.9 24.9 15.8 16.7
M 31.2 12.9 21.5 12.7 20.2 7.8 49.9 33.3 9.2 22.1
L 25.8 24.2 25.4 5.6 16.7 18.4 24.6 28.2 23.7 21.4
XL 43.5 6.7 1.5 56.1 51.5 36.3 31.5 15.8 32.4 30.6

BERT B 5.0 40.0 2.5 12.3 15.4 3.1 44.9 12.2 11.2 16.3
L 19.2 21.5 5.8 1.8 3.4 4.2 17.2 9.5 30.4 12.6

RoBERTa B 4.7 4.0 6.5 55.0 13.8 27.8 89.6 21.8 15.8 26.5
L 31.0 24.7 26.8 9.7 21.1 33.2 31.5 33.9 33.2 27.2

ALBERT V2 B 4.7 31.0 7.9 14.8 14.4 66.4 2.3 7.2 1.5 16.7
L 0.6 11.9 23.6 30.0 36.8 52.2 6.9 28.7 13.2 22.7
XL 9.4 0.7 8.5 19.5 8.1 31.0 10.9 8.2 20.6 13.0
XXL 18.1 2.9 18.5 4.2 12.2 2.0 37.2 16.3 11.3 13.6

T5 S 8.3 12.9 13.5 0.0 3.9 0.8 3.1 — 1.8 5.5

B 8.7 26.9 5.8 0.0 0.2 0.5 3.1 — 26.2 8.9
L 5.0 20.3 1.7 7.5 22.6 10.5 37.7 — 0.5 13.2
3B 16.1 12.2 0.7 9.2 8.8 5.1 34.7 — 24.9 14.0

UnifiedQA S 46.9 5.4 19.7 2.8 34.5 31.0 39.0 — 9.3 23.6
B 19.2 19.2 4.3 24.6 30.4 10.4 4.9 — 49.5 20.3
L 18.5 28.5 26.2 18.6 28.1 41.6 7.9 — 48.1 27.2
3B 8.2 46.2 36.1 6.8 1.8 0.7 13.4 — 26.4 17.5

Task Average 15.3 16.4 10.9 17.1 17.5 19.7 27.7 19.2 16.6 17.6

Table 7: Absolute difference in accuracy between a question and its superlative inverse.
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Figure 3: Analysis of the performance of UnifiedQA

3B on PROST throughout PIQA finetuning. The left

and right Y axis represent Accuracy on the PIQA dev

set and Macro accuracy on PROST respectively. We

finetune for 100K steps, and compute metrics every 2k

steps. Annotations correspond to the checkpoints with

the best performance on PIQA and PROST. Note that

PIQA has two answer choices, while PROST has 4.

Comparing PROST and PIQA Due to their

shared focus on text-based physical reasoning,

PROST and PIQA share similarities. To test if mod-

els trained on PIQA are able to carry over any con-

cepts to PROST, we further finetune a UnifiedQA

model on PIQA and evaluate it on PROST. The

results, shown in Figure 3, indicate that training a

model on PIQA is detrimental to its performance

on PROST. While PIQA and PROST share a few

conceptual similarities, they differ in terms of for-

mat, style, and vocabulary. We thus hypothesize

that current models learn more about these surface-

level differences than the conceptual similarities

underpinning the questions. We further highlight

two key differences between the two datasets:

• PROST probes models in a zero-shot fash-

ion, whereas PIQA provides training and test

sets of identically distributed examples. This

makes it possible for models on PIQA to an-

swer successfully using spurious correlations

rather than physical reasoning.

• PIQA (Bisk et al., 2020b) covers an exten-

sive range of objects and challenging physical

concepts. Bisk et al. (2020a) argues that ex-

perience is a prerequisite for understanding.

It is hard to imagine how to expose a model

to experiences ranging from egg yolk sepa-

ration to making a pillow out of a garbage

bag. In contrast, PROST provides a clear set

of well defined concepts and objects that a

model could potentially experience.

4604



7 Discussion

Our experiments show that all the models we anal-

ysed fail to demonstrate a robust understanding

of physical reasoning. Beyond performing poorly

across every concept, they are easily influenced by

changing the order of the objects in a question’s

context and by superlative inverses. Moreover, our

analysis indicates that these issues are not likely

to be solved simply by increasing the amount of

model parameters or training data. All this evidence

supports Bender and Koller (2020)’s and Bisk et al.

(2020a)’s theory that experience is a prerequisite

of understanding.

A number of other reasoning benchmarks have

been solved to some extent by a large finetuned

model. UnifiedQA (11B parameters), based on

T5 (Raffel et al., 2020), achieved 81.4% on ARC

(Clark et al., 2018); and UNICORN5 (11B parame-

ters), also based on T5, achieved a 93.9% accuracy

on hellaSWAG (Zellers et al., 2019). While all

these models are larger and are trained onmore data,

our results force us to ask the question whether they

perform well because these additional parameters

and data have imbued the models with an ability

to reason, or if they succeed by finding subtle un-

intended correlations in the data. This forces us to

look more closely at how models succeed, and not

just the accuracy they achieve. Tools like Check-

List (Ribeiro et al., 2020) can aid in this endeavor

by demonstrating how robust models are to changes

in the distribution of the data.

How to Use this Probe PROST is intended to

help analyze any model that can be deployed in a

text-only setting. However, we maintain that multi-

modal data is necessary to experience the concepts

in PROST, and that these experiences are likely a

crucial step in succeeding on this dataset. One way

that multi-modal models could prepare for this type

of text-only evaluation is through multi-task train-

ing, where one of the tasks is only conditioned on

text. Such an approach has already been considered:

Brown et al. (2020) propose an extension to their

CLIP model which is trained on multiple modalities

in a multi-task fashion. Because of the templated

nature of PROST, its exact format can be adapted

to match specific styles of language training, as we

do for T5 and UnifiedQA.

PROST’s language-only approach is motivated

by two reasons. First, we believe that true multi-

5leaderboard.allenai.org/hellaswag/submissions/public

modal models should be able to function on any

subset of their modalities. We note that humans

can easily interact with text-only inputs (e.g., a text

message) while still learning from and interacting

with other modalities. Second, it enables the com-

parison of models trained using different modali-

ties or domains. For example, we believe compar-

ing how language understanding modules evolve

when trained on vision-and-language navigation

compared to visual question answering would pro-

vide invaluable insights.

Limitations We caution that achieving a high ac-

curacy on PROST does not necessarily guarantee

that a model is able of physical reasoning. It is

likely easy to succeed on this benchmark if one

were to intentionally trainmodels on similar enough

sentences or a subset of PROST itself. We hope

that the community will use this dataset in the in-

tended way: in a zero-shot setting to probe models

which have been trained on data not specifically

collected to succeed on PROST.

8 Conclusion

We present a probing dataset called PROST, which

is designed to test a model’s ability to reason about

the physical world. Our experiments show that

current state-of-the-art pretrained models lack the

ability to reason about physical interactions. Fur-

ther, all models struggle when the order of options

is changed and when questions are inverted, both

things that would not confuse humans. Lastly, our

analysis shows that these issues are unlikely to be

solved by simply scaling models. Our results high-

light the need to look beyond text-based pretraining

and to provide models with the necessary experi-

ences for human-like understanding of the physical

world.

Acknowledgments

We would like to thank the members of CU Boul-

der’s NALA and HIRO Groups for their feedback

on this work.

References

Peter Anderson, Qi Wu, Damien Teney, Jake Bruce,
Mark Johnson, Niko Sünderhauf, Ian Reid, Stephen
Gould, and Anton van den Hengel. 2018. Vision-
and-language navigation: Interpreting visually-
grounded navigation instructions in real environ-
ments. In 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 3674–3683.

4605



Anton Bakhtin, Laurens van der Maaten, Justin John-
son, Laura Gustafson, and Ross Girshick. 2019.
Phyre: A new benchmark for physical reasoning.
In Advances in Neural Information Processing Sys-
tems, volume 32, pages 5082–5093. Curran Asso-
ciates, Inc.

Emily M. Bender and Alexander Koller. 2020. Climb-
ing towards NLU: On meaning, form, and under-
standing in the age of data. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics, pages 5185–5198, Online. As-
sociation for Computational Linguistics.

Yonatan Bisk, Ari Holtzman, Jesse Thomason, Jacob
Andreas, Yoshua Bengio, Joyce Chai, Mirella Lap-
ata, Angeliki Lazaridou, Jonathan May, Aleksandr
Nisnevich, Nicolas Pinto, and Joseph Turian. 2020a.
Experience grounds language. In Proceedings of the
2020 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 8718–8735,
Online. Association for Computational Linguistics.

Yonatan Bisk, Rowan Zellers, Ronan Le bras, Jian-
feng Gao, and Yejin Choi. 2020b. PIQA: Reason-
ing about physical commonsense in natural language.
Proceedings of the AAAI Conference on Artificial In-
telligence, 34(05):7432–7439.

Paul Bloom. 2002. How children learn the meanings
of words. MIT press.

Tom B Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, et al. 2020. Language models are few-shot
learners. arXiv preprint arXiv:2005.14165.

Tianshi Cao, Jingkang Wang, Yining Zhang, and Siv-
abalan Manivasagam. 2020. Babyai++ : Towards
grounded-language learning beyond memorization.
In ICLR.

Maxime Chevalier-Boisvert, Dzmitry Bahdanau,
Salem Lahlou, Lucas Willems, Chitwan Saharia,
Thien Huu Nguyen, and Yoshua Bengio. 2019.
BabyAI: First steps towards grounded language
learning with a human in the loop. In International
Conference on Learning Representations.

Christopher Clark, Kenton Lee, Ming-Wei Chang,
Tom Kwiatkowski, Michael Collins, and Kristina
Toutanova. 2019. BoolQ: Exploring the surprising
difficulty of natural yes/no questions. In Proceed-
ings of the 2019 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Volume
1 (Long and Short Papers), pages 2924–2936, Min-
neapolis, Minnesota. Association for Computational
Linguistics.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot,
Ashish Sabharwal, Carissa Schoenick, and Oyvind
Tafjord. 2018. Think you have solved question an-
swering? try arc, the ai2 reasoning challenge. arXiv
preprint arXiv:1803.05457.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2018. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing. arXiv preprint arXiv:1810.04805.

Yanai Elazar, Abhijit Mahabal, Deepak Ramachandran,
Tania Bedrax-Weiss, and Dan Roth. 2019. How
large are lions? inducing distributions over quanti-
tative attributes. In Proceedings of the 57th Annual
Meeting of the Association for Computational Lin-
guistics, pages 3973–3983, Florence, Italy. Associa-
tion for Computational Linguistics.

Allyson Ettinger. 2020. What BERT is not: Lessons
from a new suite of psycholinguistic diagnostics for
language models. Transactions of the Association
for Computational Linguistics, 8:34–48.

Maxwell Forbes and Yejin Choi. 2017. Verb physics:
Relative physical knowledge of actions and objects.
In Proceedings of the 55th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 266–276, Vancouver, Canada.
Association for Computational Linguistics.

Susan A. Gelman. 2009. Learning from others: Chil-
dren’s construction of concepts. Annual Review of
Psychology, 60:115–140.

Pranav Goel, Shi Feng, and Jordan Boyd-Graber. 2019.
How pre-trained word representations capture com-
monsense physical comparisons. In Proceedings
of the First Workshop on Commonsense Inference
in Natural Language Processing, pages 130–135,
Hong Kong, China. Association for Computational
Linguistics.

Yoav Goldberg. 2019. Assessing bert’s syntactic abili-
ties. CoRR, abs/1901.05287.

Daniel Gordon, Aniruddha Kembhavi, Mohammad
Rastegari, Joseph Redmon, Dieter Fox, and Ali
Farhadi. 2018. IQA:Visual question answering in in-
teractive environments. InComputer Vision and Pat-
tern Recognition (CVPR), 2018 IEEEConference on.
IEEE.

Susan J Hespos and Elizabeth S Spelke. 2004.
Conceptual precursors to language. Nature,
430(6998):453–456.

Felix Hill, Olivier Tieleman, Tamara von Glehn,
Nathaniel Wong, Hamza Merzic, and Stephen Clark.
2020. Grounded language learning fast and slow.

Jared Kaplan, Sam McCandlish, Tom Henighan,
Tom B Brown, Benjamin Chess, Rewon Child, Scott
Gray, Alec Radford, Jeffrey Wu, and Dario Amodei.
2020. Scaling laws for neural language models.
arXiv preprint arXiv:2001.08361.

Aniruddha Kembhavi, Minjoon Seo, Dustin Schwenk,
Jonghyun Choi, Ali Farhadi, and Hannaneh Ha-
jishirzi. 2017. Are you smarter than a sixth grader?
textbook question answering for multimodal ma-
chine comprehension. In Conference on Computer
Vision and Pattern Recognition (CVPR).

4606



Daniel Khashabi, Sewon Min, Tushar Khot, Ashish
Sabharwal, Oyvind Tafjord, Peter Clark, and Han-
naneh Hajishirzi. 2020. UNIFIEDQA: Crossing for-
mat boundaries with a single QA system. In Find-
ings of the Association for Computational Linguis-
tics: EMNLP 2020, pages 1896–1907, Online. Asso-
ciation for Computational Linguistics.

Tomáš Kočiský, Jonathan Schwarz, Phil Blunsom,
Chris Dyer, Karl Moritz Hermann, Gábor Melis,
and Edward Grefenstette. 2018. The NarrativeQA
reading comprehension challenge. Transactions
of the Association for Computational Linguistics,
6:317–328.

Guokun Lai, Qizhe Xie, Hanxiao Liu, Yiming Yang,
and Eduard Hovy. 2017. RACE: Large-scale ReAd-
ing comprehension dataset from examinations. In
Proceedings of the 2017 Conference on Empirical
Methods in Natural Language Processing, pages
785–794, Copenhagen, Denmark. Association for
Computational Linguistics.

Zhenzhong Lan, Mingda Chen, Sebastian Goodman,
Kevin Gimpel, Piyush Sharma, and Radu Soricut.
2020. ALBERT: A lite BERT for self-supervised
learning of language representations. In 8th Inter-
national Conference on Learning Representations,
ICLR 2020, Addis Ababa, Ethiopia, April 26-30,
2020. OpenReview.net.

Bill Yuchen Lin, Seyeon Lee, Rahul Khanna, and Xi-
ang Ren. 2020. Birds have four legs?! NumerSense:
Probing Numerical Commonsense Knowledge of
Pre-Trained Language Models. In Proceedings
of the 2020 Conference on Empirical Methods
in Natural Language Processing (EMNLP), pages
6862–6868, Online. Association for Computational
Linguistics.

Tal Linzen. 2020. How can we accelerate progress
towards human-like linguistic generalization? In
Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, pages
5210–5217, Online. Association for Computational
Linguistics.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Corey Lynch and Pierre Sermanet. 2020. Grounding
language in play. arXiv preprint arXiv:2005.07648.

Todor Mihaylov, Peter Clark, Tushar Khot, and Ashish
Sabharwal. 2018. Can a suit of armor conduct elec-
tricity? a new dataset for open book question an-
swering. In Proceedings of the 2018 Conference
on Empirical Methods in Natural Language Process-
ing, pages 2381–2391, Brussels, Belgium. Associa-
tion for Computational Linguistics.

Fabio Petroni, Tim Rocktäschel, Sebastian Riedel,
Patrick Lewis, Anton Bakhtin, Yuxiang Wu, and
Alexander Miller. 2019. Language models as knowl-
edge bases? In Proceedings of the 2019 Conference
on Empirical Methods in Natural Language Process-
ing and the 9th International Joint Conference on
Natural Language Processing (EMNLP-IJCNLP),
pages 2463–2473, Hong Kong, China. Association
for Computational Linguistics.

Alec Radford, Karthik Narasimhan, Tim Salimans, and
Ilya Sutskever. 2018. Improving language under-
standing with unsupervised learning. Technical re-
port, OpenAI.

Alec Radford, Jeffrey Wu, Rewon Child, David Luan,
Dario Amodei, and Ilya Sutskever. 2019. Language
models are unsupervised multitask learners. OpenAI
blog, 1(8):9.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine
Lee, Sharan Narang, Michael Matena, Yanqi Zhou,
Wei Li, and Peter J. Liu. 2020. Exploring the limits
of transfer learning with a unified text-to-text trans-
former. Journal of Machine Learning Research,
21(140):1–67.

Pranav Rajpurkar, Robin Jia, and Percy Liang. 2018.
Know what you don’t know: Unanswerable ques-
tions for SQuAD. In Proceedings of the 56th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 2: Short Papers), pages 784–789,
Melbourne, Australia. Association for Computa-
tional Linguistics.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev,
and Percy Liang. 2016. SQuAD: 100,000+ ques-
tions for machine comprehension of text. In Pro-
ceedings of the 2016 Conference on Empirical
Methods in Natural Language Processing, pages
2383–2392, Austin, Texas. Association for Compu-
tational Linguistics.

Michaela Regneri, Marcus Rohrbach, Dominikus Wet-
zel, Stefan Thater, Bernt Schiele, and Manfred
Pinkal. 2013. Grounding action descriptions in
videos. Transactions of the Association for Compu-
tational Linguistics, 1:25–36.

Marco Tulio Ribeiro, TongshuangWu, Carlos Guestrin,
and Sameer Singh. 2020. Beyond accuracy: Be-
havioral testing of NLP models with CheckList.
In Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, pages
4902–4912, Online. Association for Computational
Linguistics.

Matthew Richardson, Christopher J.C. Burges, and
Erin Renshaw. 2013. MCTest: A challenge dataset
for the open-domain machine comprehension of text.
In Proceedings of the 2013 Conference on Empiri-
cal Methods in Natural Language Processing, pages
193–203, Seattle,Washington, USA.Association for
Computational Linguistics.

4607



Maarten Sap, Hannah Rashkin, Derek Chen, Ronan Le-
Bras, and Yejin Choi. 2019. Socialiqa: Common-
sense reasoning about social interactions. CoRR,
abs/1904.09728.

Mohit Shridhar, Jesse Thomason, Daniel Gordon,
Yonatan Bisk, Winson Han, Roozbeh Mottaghi,
Luke Zettlemoyer, and Dieter Fox. 2020. ALFRED:
ABenchmark for Interpreting Grounded Instructions
for Everyday Tasks. In The IEEE Conference on
Computer Vision and Pattern Recognition (CVPR).

Alon Talmor, Yanai Elazar, Yoav Goldberg, and
Jonathan Berant. 2020. olmpics-on what language
model pre-training captures. Transactions of the As-
sociation for Computational Linguistics, 8:743–758.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Proceedings of the 31st International
Conference on Neural Information Processing Sys-
tems, pages 6000–6010.

Alex Wang, Amanpreet Singh, Julian Michael, Fe-
lix Hill, Omer Levy, and Samuel Bowman. 2018.
GLUE: A multi-task benchmark and analysis plat-
form for natural language understanding. In Pro-
ceedings of the 2018 EMNLP Workshop Black-
boxNLP: Analyzing and Interpreting Neural Net-
works for NLP, pages 353–355, Brussels, Belgium.
Association for Computational Linguistics.

Alex Warstadt, Alicia Parrish, Haokun Liu, Anhad Mo-
hananey, Wei Peng, Sheng-Fu Wang, and Samuel R.
Bowman. 2020. Blimp: The benchmark of linguistic
minimal pairs for english. Transactions of the Asso-
ciation for Computational Linguistics, 8:377–392.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Remi Louf, Morgan Funtow-
icz, Joe Davison, Sam Shleifer, Patrick von Platen,
Clara Ma, Yacine Jernite, Julien Plu, Canwen Xu,
Teven Le Scao, Sylvain Gugger, Mariama Drame,
Quentin Lhoest, and Alexander Rush. 2020. Trans-
formers: State-of-the-art natural language process-
ing. In Proceedings of the 2020 Conference on Em-
pirical Methods in Natural Language Processing:
System Demonstrations, pages 38–45, Online. Asso-
ciation for Computational Linguistics.

Rowan Zellers, Yonatan Bisk, Roy Schwartz, and
Yejin Choi. 2018. SWAG: A large-scale adver-
sarial dataset for grounded commonsense inference.
In Proceedings of the 2018 Conference on Empiri-
cal Methods in Natural Language Processing, pages
93–104, Brussels, Belgium. Association for Compu-
tational Linguistics.

Rowan Zellers, Ari Holtzman, Yonatan Bisk, Ali
Farhadi, and Yejin Choi. 2019. HellaSwag: Can a
machine really finish your sentence? InProceedings
of the 57th Annual Meeting of the Association for

Computational Linguistics, pages 4791–4800, Flo-
rence, Italy. Association for Computational Linguis-
tics.

Y. Zhu, D. Gordon, E. Kolve, D. Fox, L. Fei-Fei,
A. Gupta, R. Mottaghi, and A. Farhadi. 2017. Vi-
sual semantic planning using deep successor repre-
sentations. In 2017 IEEE International Conference
on Computer Vision (ICCV), pages 483–492.

4608



Findings of the Association for Computational Linguistics: ACL-IJCNLP 2021, pages 4609–4617
August 1–6, 2021. ©2021 Association for Computational Linguistics

Revisiting the Evaluation of End-to-end Event Extraction

Shun Zheng†, Wei Cao†, Wei Xu‡, Jiang Bian†
†Microsoft Research

‡Institute of Interdisciplinary Information Sciences, Tsinghua University
{shun.zheng, wei.cao, jiang.bian}@microsoft.com;

weixu@mail.tsinghua.edu.cn

Abstract

Event extraction (EE) aims to harvest event in-
stances from plain text, where each instance is
composed of a group of event arguments with
specific event roles. Existing end-to-end EE re-
search usually adopts the role-averaged evalu-
ation that produces evaluation measures by av-
eraging evaluation statistics of each event role.
However, although this averaged metric can in-
dicate the model performance to some extent,
we find that such metric can be pretty mis-
leading to downstream applications that uti-
lize an event instance as a whole, where one
wrongly identified event argument can substan-
tially alter the whole meaning of an event in-
stance. To mitigate this gap and provide a
more complete understanding of performance,
we propose two new evaluation metrics that
also consider an event instance as a whole and
explicitly penalize wrongly identified event ar-
guments. Moreover, to support diverse pref-
erences of evaluation metrics motivated by
different scenarios, we propose a new train-
ing paradigm based on reinforcement learn-
ing for a typical end-to-end EE model, i.e.,
Doc2EDAG. Our extensive experiments show
that the new training improves the initial one
by a large margin (about 10%) under new met-
rics. Nevertheless, the current performance is
still far from satisfactory, and optimizing to-
wards these new metrics calls for more future
research.

1 Introduction

Event extraction (EE) is a vital task that aims to har-
vest structured event instances from unstructured
plain text. Such structured knowledge can bene-
fit many downstream applications, such as ques-
tion answering, language understanding, knowl-
edge graph, etc. In general, an event instance is
composed of a group of entities (person, organiza-
tion, date, etc.) that jointly describes an incident.
Each entity of the event instance, also referred to

Event Schema

The Gap

E3E2E1

Event Table

E2 E4E1
Role 3Role 2Role 1

Ground Truth

E2E1
Role 3Role 2Role 1

Prediction

E3

E1 E2 E3

Text
David held 36,000 shares of the company. 
Initially, a depository froze all his shares until Sept. 9th, 2019.
But the unfrozen date was extended to Dec. 9th, 2019 due to …

E1: David
E2: 36,000
E3: Sept. 9th, 2019
E4: Dec. 9th, 2019

Entity Info

Equity Freeze
(Event Type)

Stockholder
(Role 1)

Frozen Shares
(Role 2)

Unfrozen Date
(Role 3)

Role-averaged Evaluation Practical Utilization

Figure 1: An example to illustrate the gap between
the role-averaged evaluation and a practical application
that utilizes an event instance as a whole, where “E1”,
“E2”, “E3”, and “E4” are entity marks, “Role 1”, “Role
2”, and “Role 3” represent event roles, and “(E1, E2,
E4)” is an event instance. We can see that the wrong ar-
gument “E3” makes the whole event instance “(E1, E2,
E3)” unrealistic, but the role-averaged evaluation still
regards “E1” and “E2” as correct ones.

as the event argument, plays a specific event role.
Multiple event instances of the same event type
populate an event table.

The early method (Ahn, 2006) formalized EE
as the unification of many sub-tasks, including en-
tity recognition, event detection, and argument ex-
traction, etc. Later research improved EE from
two aspects: the modeling to capture complicated
semantic structures (Li et al., 2013; Yang and
Mitchell, 2016; Nguyen and Nguyen, 2019) and the
labeling to combat the lack of training data (Chen
et al., 2017; Zeng et al., 2018). Recently, Zheng
et al. (2019a) proposed the first end-to-end model,
called Doc2EDAG, for document-level EE. Given a
text document, Doc2EDAG can generate an entity-
based directed acyclic graph (EDAG) to fill an
event table directly.

Different from the modeling and labeling as-
pects, the evaluation of EE attracted very little re-
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search attention. Notably, most existing research,
merely presenting a separate evaluation for each
sub-task of EE, can only get the approximation
of the overall performance by combining those
fragmentary evaluation results. Even the latest
work (Zheng et al., 2019a), reporting the overall
performance of EE, still followed the traditional ap-
proximate measure by averaging evaluation statis-
tics of each event role. We refer to this kind of ap-
proximation as the role-averaged evaluation. How-
ever, many downstream applications need to utilize
an event instance as a whole, where a wrongly
identified argument can substantially change the
meaning of an event and cause severe misleading
effects. Figure 1 presents an example from the fi-
nancial domain, where the downstream application
cannot utilize an event instance with an incorrect
date argument for decision making, but the role-
averaged evaluation still assigns this example with
two true-positive arguments. Moreover, we note
that this event-as-a-whole demand is a common
case that widely exists in many other domains, such
as legislation, health, etc.

To enable the evaluation support for the event-
as-a-whole scenario and provide a more complete
understanding of performance, we propose two new
metrics that directly make judgments on an event
instance rather than averaging the performance of
its arguments. The first metric is NoFP, which re-
gards a predicted event with any false-positive (FP)
error at the entity level as an event-level FP error.
The second one is NoFPFN, which permits neither
FP errors nor false-negative (FN) errors at the en-
tity level for a predicted event being considered as
a true-positive (TP) one. In practice, we can choose
to use the proper metric according to the specific
scenario. For example, if we only care about the
correctness of predicted events, we can utilize the
NoFP evaluation that penalizes FP entities explic-
itly. If we further pursue the completeness, we can
utilize the NoFPFN evaluation.

The necessity of employing new evaluation met-
rics, however, raises a dilemma in training effective
EE models. On one side, since the role-averaged
metric is inconsistent with NoFP or NoFPFN, train-
ing towards the role-averaged, as did by traditional
methods, may not lead to improvements under new
metrics. For instance, Figure 2 illustrates such in-
consistence between different evaluation settings.
We can observe that 1) the first prediction is the
best one under the role-averaged evaluation but is

E4E5E1
E2 E4E1

Role 3Role 2Role 1
Ground-Truth Event Table

E4E5E1
E2 E3E1

Role 3Role 2Role 1
Prediction 1

NAE1
NAE1

Role 3Role 2

E5
E2

Role 1
Prediction 2

E2 E4E1
Role 3Role 2Role 1

Prediction 3

Role-averaged
Evaluation

(F1)

Best
83.3%

80.0%

66.6%

NoFP
Evaluation

(F1)

50.0%

Best
80.0%

66.6%

NoFPFN
Evaluation

(F1)

50.0%

0.0%

Best
66.6%

Figure 2: We present a ground-truth event table with
two event instances (“(E1, E2, E4)” and “(E1, E5, E4)”)
and three different predictions to show diverse prefer-
ences of those evaluation settings, where all marks fol-
low the meanings in Figure 1, “NA” denotes an empty
argument, we color wrong or missed event arguments
as red, and we mark the best prediction for each evalu-
ation setting.

sub-optimal for other settings, 2) the second pre-
diction best fits the NoFP evaluation but suffers
the most errors under the NoFPFN evaluation, and
3) the third prediction makes the most mistakes at
the entity level but achieves the best performance
under the hardest NoFPFN evaluation. In fact, ex-
isting methods for EE, including the most recent
Doc2EDAG, merely optimized model parameters
towards proper predictions for each event role sepa-
rately. Thus, they failed to align with new metrics.

On the other side, optimizing these new met-
rics is non-trivial. First, it is hard to design appro-
priate training objectives since those metrics are
non-differentiable. Moreover, the supervision for
role-level predictions is inevitably delayed because
we cannot calculate event-level metrics until obtain-
ing predictions for all event roles. To address these
challenges, we propose a new reinforcement learn-
ing (RL) paradigm of Doc2EDAG by regarding
EDAG generation as a Markov decision process. In
this way, we can optimize model parameters with
the guidance of a delayed reward, which can be
specified by a specific metric. At the same time,
we realize that this shift of training also bridges
the gap between training and inference because
RL forces the model to generate EDAGs during
training. Extensive experiments demonstrate that
our RL-based training improves the vanilla one
significantly (about 10%) under new metrics.

We summarize our contributions as follows.
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• We revisit the evaluation of EE to support
downstream applications that need to utilize
an event instance as a whole. Specifically, we
propose two new metrics to provide a more
complete understanding of performance.

• We propose a new training paradigm for a
typical end-to-end EE model, Doc2EDAG, to
enable the flexible adaptation to new metrics
with hard constraints.

• Our empirical studies show that under the
event-as-a-whole scenarios, the traditional
role-averaged evaluation tends to severely
overestimate the performance. Moreover, the
initial training scheme performs poorly on
new metrics, while our RL-based training im-
proves it significantly (about 10%).

2 Related Work

Since EE is a very sophisticated task that requires
the unification of many sub-tasks (Ahn, 2006), in-
cluding entity recognition, event detection, and ar-
gument extraction, plenty of previous research put
considerable efforts to the modeling aspect.

Specifically, Nguyen and Grishman (2015); Liu
et al. (2017); Chen et al. (2018); Wang et al. (2019);
Liu et al. (2019) only considered event detection
that is to detect trigger words and assign correct
event types. Some advanced methods (Poon and
Vanderwende, 2010; Riedel and McCallum, 2011;
Li et al., 2013, 2014; Venugopal et al., 2014; Judea
and Strube, 2016; Nguyen et al., 2016; Sha et al.,
2018) tried to unify two sub-tasks, event detection
and argument extraction, but all assumed that entity
candidates were given in advance. A few studies at-
tempted to fulfill all sub-tasks of EE jointly. Yang
and Mitchell (2016) was the first work towards this
goal but relied on handcrafted features. Later re-
search (Nguyen and Nguyen, 2019) explored the
joint modeling further by introducing neural net-
works but also retained many traditional lexical and
syntactic features. Recently, Zheng et al. (2019a)
formalized a new succinct task for EE without trig-
ger words and proposed the first document-level
end-to-end model, called Doc2EDAG. This novel
model transformed the task of filling an event table
into the generation of an EDAG and thus enabled
the end-to-end modeling for EE.

With the rapid development of modeling tech-
niques, labeled data gradually became the main
bottleneck that prevented from putting EE into prac-

tice. Most of the previous research was based on
ACE 20051, a benchmark dataset annotated by hu-
man experts. However, human annotation is both
expensive and time-consuming. Recent research
attempted to generate weakly labeled data by align-
ing event instances from knowledge bases to plain
text and then assigning labels to matched samples.
This strategy was originated from relation extrac-
tion (Mintz et al., 2009; Zheng et al., 2019b), but
most existing EE models relied on trigger words to
anchor an event mention. Accordingly, two types
of research explorations emerged: one was to la-
bel trigger words with the help of extra linguistic
resources (Chen et al., 2017) or predefined dictio-
naries (Yang et al., 2018), and the other was to
remove the requirement of trigger words in model-
ing (Zeng et al., 2018; Liu et al., 2019; Zheng et al.,
2019a). In this paper, we follow the no-trigger-
words design because it can ease the labeling work
of EE and thus generate large-scale data.

Different from all the related work, this paper
focuses on the evaluation aspect and attempts to
extend the scope of EE evaluation methods to better
support the event-as-a-whole scenarios.

3 Preliminaries

In this section, we provide readers with necessary
background to better understand our research.

3.1 Terminologies

We follow Yang and Mitchell (2016) to use a gen-
eral “entity” notion that covers persons, dates,
numbers, and so on for brevity. Next, let us recall
the ground-truth event table in Figure 2 and clar-
ify some widely used terminologies for EE. 1) An
event role, corresponding to a column of an event
table, is a basic semantic unit of an event type (e.g.,
“Role 1” is an event role). 2) An event argument,
corresponding to an entry of an event table, refers
to an entity that plays a specific event role (e.g.,
“E1” is an event argument). 3) An event instance,
corresponding to a row of an event table, consists of
a group of entities that jointly characterizes a spe-
cific incident (e.g., “[E1, E2, E4]” together forms
an event instance).

3.2 Doc2EDAG

As discussed in the related work, Doc2EDAG en-
abled not only end-to-end modeling for EE but

1https://www.ldc.upenn.edu/
collaborations/past-projects/ace
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also simplified event labeling. Therefore, we adopt
Doc2EDAG as the base end-to-end model and use
its associated large-scale benchmark for validation.

Given a text document as the input, Doc2EDAG
first extracts entities and encodes them with the
document-level context. Then, for a triggered
event type, Doc2EDAG generates an entity-based
directed acyclic graph (EDAG) via a series of path-
expanding sub-tasks. Each path-expanding sub-
task is composed of a group of binary predictions
(1: expanding or 0: not), where one prediction
happens to one entity candidate.

The vanilla training of Doc2EDAG follows a
given ground-truth EDAG and calculates corre-
sponding losses for path-expanding sub-tasks. We
refer to this kind of training as the maximum likeli-
hood estimation (MLE) because its essential goal is
to maximize the likelihood of ground-truth EDAGs.
However, the vanilla MLE-based training cannot fit
the newly proposed metrics with hard constraints.

4 New Evaluation Metrics

Similar to the initial role-averaged evaluation, the
new evaluation starts from comparing a predicted
event table with the ground-truth one. To be spe-
cific, they pick one predicted event instance and
the most similar ground-truth one without replace-
ment from corresponding event tables. The differ-
ence lies in the comparison of two picked event
instances. Initially, the role-averaged evaluation
collects evaluation statistics of TP, FP, and FN for
each event role and averages them to calculate pre-
cision, recall, and F1 scores for that event type.
In contrast, the new evaluation considers an event
instance as a whole and collects those statistics di-
rectly at the event level. Next, we illustrate the
details of two new metrics on collecting TP, FP,
and FN statistics when taking into consideration
the event-as-a-whole requirement.

The NoFP Metric. An event instance that con-
tains any FP argument belongs to an FP error at
the event level. For an event instance that contains
both FN arguments and TP arguments, we retain
the statistics of FN and TP in proportion at the
event level. For an event whose arguments are all
correct, we count it as a TP event.

The NoFPFN Metric. We treat an event instance
that contains either FP arguments or FN arguments
as an FP error at the event level. Only for those
event instances that are the same to the ground-truth

ones, we treat them as TP events.

Note that the NoFP metric can be beneficial to
risk-sensitive scenarios, such as finance, health,
etc., where FP arguments of an event instance may
cause disastrous effects. Moreover, the NoFPFN
metric, also the most challenging one, can tell us
how large the gap between the current progress and
the perfect extractor is. In contrast, the initial role-
averaged evaluation can only provide the approx-
imate measures by averaging the performance of
event role predictions, which only fit for the cases
when downstream applications utilize arguments
of an event instance independently.

5 Optimizing New Metrics

Optimizing these new metrics is pretty challenging.
First, these metrics are non-differentiable, so it is
hard to specify corresponding training objectives.
Besides, we can only calculate event-level metrics
after obtaining predictions for all event roles, so the
supervision for role-level predictions is inevitably
delayed. Moreover, EDAG generation is an auto-
regressive procedure inherently, which suffers from
the error-propagation problem.

To address these challenges, we develop an RL-
based training paradigm for Doc2EDAG by view-
ing EDAG generation as a sequential decision-
making process. In this way, we can explicitly
optimize model parameters by a delayed reward,
which can be specified by a non-differentiable met-
ric. Moreover, the explorations during RL-based
training also help to stabilize EDAG generation.

MDP. Instead of treating the EDAG generation
as an autoregressive procedure, we regard it as a
Markov decision process (MDP). First, we con-
sider the event triggering as the beginning of this
MDP, which is also the virtual starting node of the
EDAG (Zheng et al., 2019a). Then, for a specific
event role, which corresponds to one step of the
MDP, we need to take specific actions for all en-
coded entities at all leaf nodes of the current EDAG.
Next, the EDAG grows accordingly, and we move
to the next event role. This iterative process contin-
ues until we reach the last role. By following spe-
cific evaluation metrics to compare the generated
EDAG with the ground-truth one, we can obtain the
final reward to guide the decision-making process
from a global perspective.

State. In general, the state at each step is the part
of EDAG before the current event role. In this
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Figure 3: An overview of the comparison between MLE-based training and RL-based training for Doc2EDAG,
where all marks follow the meanings in Figure 1 and 2.

paper, to present a fair comparison with the vanilla
Doc2EDAG with MLE-based training, we leverage
the same method developed by Zheng et al. (2019a)
to obtain state representations of the current EDAG.
In this way, we can focus on the real impact of
different supervision paradigms. For the step t, we
denote its state as st.

Action. At each step of the MDP, we need to
take an action, expanding (1) or not (0), for each
entity candidate at every leaf node of the current
EDAG. We denote the action collection at step t as
at. Here the action concept is the same as the path-
expanding prediction used in MLE-based training.
Note that there are multiple actions to be made (one
action per entity per expanding sub-task), which
is a little bit similar to the setting of multi-agent
RL (Buşoniu et al., 2010). While the difference is
that our model unifies all these agents in a single
model and enforces them to work collaboratively
for a specific metric. Moreover, we need to face a
growing number of actions during the expansion
of an EDAG, which largely raises the difficulties
of model training. Despite these challenges, we
empirically demonstrate that the RL-based training
can work pretty well with proper configurations.

Reward. For a specific evaluation metric, we uti-
lize its rules to calculate the reward and use this
reward to guide the optimization of model param-
eters. Moreover, there is no gap between train-
ing and inference because the model generates an
EDAG by itself to get a reward during training,
which includes the inference procedure.

Optimization. Given a document d and a trig-
gered event type e with Ne event roles, we can
take a series of actions to get an episode τ =
(s1,a1, s2,a2, · · · , sNe ,aNe) and calculate the fi-
nal reward Rτ by comparing the generated EDAG

with the ground truth. Then, we can write the over-
all loss function for the EDAG generation as

Ledag = −Ed,e
[
EπΘ(τ)Rτ

]
, (1)

where Ed,e is the expectation over training docu-
ments and their triggered event types, Θ denotes the
model parameters, πΘ(τ) =

∏Ne
t=1 πΘ(at|st) esti-

mates the probability of an episode, and πΘ(at|st)
corresponds to the policy at step t. We employ the
REINFORCE algorithm (Williams, 1992) and the
policy gradients (Sutton et al., 1999) to optimize
the above objective. And we can write the gradient
∇ΘLedag as

−Ed,e
[
EπΘ(τ)

[
Ne∑

t=1

Rτ log πΘ(at|st)
]]

. (2)

Moreover, we also follow Zheng et al. (2019a) to
obtain the final loss by summing Ledag, the loss
of entity recognition Ler, and the loss of event
triggering Let as Lall = λ1Ler+λ2Let+λ3Ledag,
where λ1, λ2 and λ3 are hyper-parameters.

Exploration. In our case, the complexity of gen-
erating an EDAG grows exponentially with the
number of entities and path-expanding sub-tasks.
To achieve efficient explorations under such a chal-
lenging scenario, we start from MLE-based train-
ing to get a relatively well-trained model and warm
start RL-based training from it. After the warm
start, we let the model sample actions according to
the predicted path-expanding probability to achieve
proper explorations.

Figure 3 depicts the comparison between MLE-
based training and RL-based training, where we
can observe two benefits of the latter one: 1) the
model learns from the global supervision (reward),
which can be specified by a specific metric; 2) the
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Event #Train #Dev #Test #Total

EF 806 186 204 1, 196
ER 1, 862 297 282 3, 677
EU 5, 268 677 346 5, 847
EO 5, 101 570 1, 138 6, 017
EP 12, 857 1, 491 1, 254 15, 602

All 25, 632 3, 204 3, 204 32, 040

Table 1: Statistics of the ChFinAnn dataset, including
the number of documents on the train (#Train), devel-
opment (#Dev), and test (#Test) sets as well as the total
number of documents (#Total).

model can explore diverse EDAG structures dur-
ing training, which helps to stabilize the dynamic
process of EDAG generation.

6 Experiments

In this section, we present extensive empirical stud-
ies to answer two questions: 1) how severe is the
overestimation of the initial role-averaged eval-
uation under the event-as-a-whole requirement?
2) to what extent can RL-based training improve
MLE-based training under new evaluation metrics?
Subsequently, Section 6.2 answers the first ques-
tion. Section 6.3, 6.4, and 6.5 together answer the
second question.

6.1 Experimental Setup
Model. As Section 3.2 illustrates, Doc2EDAG
owns the superiority of both providing end-to-end
modeling and simplifying data labeling. Therefore,
in this paper, we adopt Doc2EDAG as the base
model to demonstrate the challenges of new eval-
uation settings and the benefits of the RL-based
training paradigm. Moreover, we follow the open-
source implementation2 to reproduce MLE-based
training.

Dataset. The ChFinAnn dataset (Zheng et al.,
2019a) is the largest public dataset for EE at
present, and it is also the initial benchmark for
Doc2EDAG. Therefore, we employ it as the testbed
to compare RL-based training with the initial MLE-
based training. ChFinAnn dataset includes ten-
years Chinese financial documents accompanied
with corresponding event tables and contains five
event types: equity freeze (EF), equity repurchase
(ER), equity underweight (EU), equity overweight
(EO), and equity pledge (EP). Table 1 summarizes
this dataset.

2https://github.com/dolphin-zs/
Doc2EDAG

Metric Avg.
P. R. F1

Base∗ - - 76.3
Base 83.8 70.6 76.6

NoFP 60.4 52.4 56.1
Drop -23.4 -18.2 -20.5

NoFPFN 37.5 34.8 36.1
Drop -46.3 -35.8 -40.5

Table 2: We present the overall performance (Avg.)
of the vanilla Doc2EDAG under different evaluation
settings by averaging scores for each event type,
where ∗ indicates the copy of results in Zheng et al.
(2019a),“Base” denotes the initial role-averaged eval-
uation, “NoFP” denotes the NoFP evaluation, “NoF-
PFN” denotes the NoFPFN evaluation, and “Drop” rep-
resents the difference between the line above it and the
“Base” line.

Hyper-parameters. MLE-based training sets all
hyper-parameters the same as those presented
in Zheng et al. (2019a). As for RL-based train-
ing, we utilize the following settings. To enable
efficient explorations, we first train Doc2EDAG by
MLE for 30 epochs and then turn to RL for an-
other 70 epochs, where the total number of training
epochs is still 100. To alleviate the noises of policy
gradients, we sample five independent episodes for
each document in the training batch and adopt a
relatively small learning rate of 1e−5. For all other
hyper-parameters, we set them the same as those in
MLE-based training. Moreover, for each training
method, we utilize the development set to pick the
best epoch for the target evaluation metric.

Evaluation. We consider three evaluation set-
tings: 1) the role-averaged evaluation, which is
the base setting that provides approximate mea-
sures by averaging the performance of event roles;
2) the NoFP evaluation, strictly penalizing incor-
rect event arguments; 3) the NoFPFN evaluation,
explicitly penalizing both incorrect and incomplete
event arguments. For all settings, we collect eval-
uation statistics of TP, FP, and FN as Section 4
describes to compute the precision (P.), recall (R.),
and F1 scores (in the percentage format).

6.2 The Overestimation Problem of the
Role-averaged Evaluation

In this section, we conduct experiments to re-
veal the overestimation problem of the initial role-
averaged evaluation under the event-as-a-whole
scenario. Following the setups mentioned above,
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Metric EF ER EU EO EP
P. R. F1 P. R. F1 P. R. F1 P. R. F1 P. R. F1

Base∗ 77.1 64.5 70.2 91.3 83.6 87.3 80.2 65.0 71.8 82.1 69.0 75.0 80.0 74.8 77.3
Base 78.4 66.5 71.9 95.5 81.3 87.9 80.4 62.0 70.0 80.7 70.9 75.5 84.2 72.4 77.9

NoFP 49.7 46.3 47.9 78.1 70.6 74.2 61.7 48.5 54.3 58.7 48.0 52.8 53.7 48.7 51.1
Drop -28.7 -20.2 -24.0 -17.4 -10.7 -13.7 -18.7 -13.5 -15.7 -22.0 -22.9 -22.7 -30.5 -23.7 -26.8

NoFPFN 36.2 32.1 34.0 40.1 39.4 39.8 39.2 35.6 37.3 35.2 33.3 34.3 36.5 33.6 35.0
Drop -42.2 -34.4 -37.9 -55.4 -41.9 -48.1 -41.2 -26.4 -32.7 -45.5 -37.6 -41.2 -47.7 -38.8 -42.9

Table 3: We evaluate the vanilla Doc2EDAG under different settings and report results for all event types, where
all marks follow those in Table 2.

we reproduce a Doc2EDAG model with the initial
MLE-based training. Then, we evaluate this model
with different evaluation methods. Table 2 presents
the overall comparison, and Table 3 records per-
formance comparisons for each event type. We
can observe that the performance results of our
reproduced model roughly match those reported
by Zheng et al. (2019a) under the base setting.
However, there is a drastic drop in the performance
scores under new metrics. On average, the F1 score
decreases 20.5 under the NoFP metric, and the F1

decrement reaches 40.5 under the NoFPFN met-
ric. The role-averaged metric does not consider the
event-as-a-whole requirement and tends to produce
overestimated performance that is too optimistic to
fit the real situation. The vast performance degrada-
tion demonstrates that the overestimation problem
can be quite severe.

Moreover, the degree of overestimation depends
on the event type and varies irregularly. For exam-
ple, as Table 3 shows, the model achieves similar
F1 scores for EF and EU events (71.9 vs. 70.0),
but the performance drops under the NoFP evalu-
ation are quite different (−24.0 vs. −15.7). The
underlying reason is that the role-averaged eval-
uation only tells us the averaged performance of
role predictions, which is an approximate measure.
Therefore, in downstream applications that utilize
an event instance as a whole, it is critical for them
to utilize our newly designed metrics to be aware
of the real performance.

6.3 The NoFP Evaluation

The NoFP evaluation considers an event instance
as a whole and strictly penalizes FP entities. Under
this evaluation setting, we compare the RL-based
training that directly optimizes the specific met-
ric with the initial MLE-based training that mim-
ics path-expanding predictions of a ground-truth
EDAG. Table 4 shows the overall performance com-

Model Avg.
P. R. F1

MLE 60.4 52.4 56.1
RL 66.2 56.7 61.1

Inc +5.8 +4.3 +5.0

Table 4: The averaged (Avg.) performance of all event
types under the NoFP evaluation, where “MLE” de-
notes Doc2EDAG with MLE-based training, “RL” de-
notes the model with RL-based training, and “Inc” rep-
resents the increment between “RL” and “MLE”.
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Figure 4: The performance increment between RL-
based training and MLE-based training for all event
types under the NoFP evaluation.

parisons, and Figure 4 presents performance im-
provements of RL-based training for all event types.
We can observe that, on average, RL-based train-
ing improves the MLE-based one by 8.9% of F1

scores, and similar improvements happen for all
event types. These vast improvements demonstrate
that considering the NoFP metric explicitly during
training can bring remarkable benefits.

6.4 The NoFPFN Evaluation

We further consider the NoFPFN evaluation that
penalizes not only FP entities but also FN enti-
ties. As Table 5 shows, RL-based training obtains
similar improvements over MLE-based training on
average. To be specific, the relative improvement
in terms of the F1 score reaches 11.3%. Since RL-

4615



Model Avg.
P. R. F1

MLE 37.5 34.8 36.1
RL 39.6 40.7 40.2

Inc +2.1 +5.9 +4.1

Table 5: The averaged (Avg.) performance of all event
types under the NoFPFN evaluation, where all abbrevi-
ations follow Table 4.
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Figure 5: The performance increment between RL-
based training and MLE-based training for all event
types under the NoFPFN evaluation.

based training and MLE-based training share the
same network architecture, we can clearly see the
benefits of evaluation-aware learning.

Moreover, Figure 5 shows performance improve-
ments of RL-based training for all event types. In-
terestingly, under the much challenging NoFPFN
evaluation, we observe that the model automati-
cally finds a trade-off between different event types.
For example, the model sacrifices a little perfor-
mance on EF (−1.7) and EP (−0.1) events but
earns much more improvements on ER (+16.7),
EU (+3.8), and EO (+1.7) events. Such an au-
tomatic trade-off is quite appealing because it is
entirely data-driven and can adapt to different sce-
narios flexibly.

6.5 The Role-averaged Evaluation

In this subsection, we include performance com-
parisons under the initial setting, the role-averaged

Model Avg.
P. R. F1

MLE 83.8 70.6 76.6
RL 79.9 75.7 77.7

Inc -3.9 +5.1 +1.1

Table 6: The averaged (Avg.) performance of all event
types under the role-averaged evaluation, where all ab-
breviations follow Table 4.
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Figure 6: The performance increment between RL-
based training and MLE-based training for all event
types under the role-averaged evaluation.

evaluation, where RL-based training follows the
initial rule to calculate rewards. Table 6 shows
the averaged comparison results. We can observe
that MLE-based training achieves competitive per-
formance compared with RL-based training. The
underlying reason is that both MLE-based training
and the role-averaged evaluation focus on improv-
ing the role-level predictions, so these two tech-
niques are much consistent with each other. Never-
theless, RL-based training still obtains a small gain
of the F1 score (+1.1) because it can make a proper
trade-off between the precision and the recall. Fig-
ure 6 presents performance improvements for all
event types, and we also observe similar trade-offs.
Therefore, we can conclude that RL-based train-
ing can achieve remarkable improvements under
new metrics while still maintain competitive per-
formance for the initial setting.

7 Conclusion and Future Work

In conclusion, our new metrics provide a more
complete understanding of performance than the
role-averaged metric under the event-as-a-whole
scenario. Moreover, our proposed RL-based train-
ing for Doc2EDAG can be a better choice than the
MLE-based one when adapting the model to these
new metrics. Extensive experiments demonstrate
the necessity of new evaluation metrics and the
superiority of the novel training scheme.

Given the necessity of employing new metrics,
however, as Table 2 shows, the current performance
is still far from satisfactory, even for RL-based
training. Therefore, further improving EE under
these new metrics calls for much more attention
from the research community.
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Abstract

Simultaneous speech-to-text translation is
widely useful in many scenarios. The con-
ventional cascaded approach uses a pipeline of
streaming ASR followed by simultaneous MT,
but suffers from error propagation and extra la-
tency. To alleviate these issues, recent efforts
attempt to directly translate the source speech
into target text simultaneously, but this is much
harder due to the combination of two separate
tasks. We instead propose a new paradigm
with the advantages of both cascaded and end-
to-end approaches. The key idea is to use
two separate, but synchronized, decoders on
streaming ASR and direct speech-to-text trans-
lation (ST), respectively, and the intermediate
results of ASR guide the decoding policy of
(but is not fed as input to) ST. During training
time, we use multitask learning to jointly learn
these two tasks with a shared encoder. En-to-
De and En-to-Es experiments on the MuST-
C dataset demonstrate that our proposed tech-
nique achieves substantially better translation
quality at similar levels of latency.

1 Introduction

Simultaneous speech-to-text translation incremen-
tally translates source-language speech into target-
language text, and is widely useful in many cross-
lingual communication scenarios such as interna-
tional travels and multinational conferences. The
conventional approach to this problem is a cas-
caded one (Arivazhagan et al., 2020; Xiong et al.,
2019; Zheng et al., 2020b), involving a pipeline of
two steps. First, the streaming automatic speech
recognition (ASR) module transcribes the input
speech on the fly (Moritz et al., 2020; Wang et al.,
2020), and then a simultaneous text-to-text transla-
tion module translates the partial transcription into
target-language text (Oda et al., 2014; Dalvi et al.,

∗ See our translation examples and demos at
https://littlechencc.github.io/SimulST-demo/simulST-demo.html.
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Figure 1: Comparison between (a) cascaded pipeline,
(b) direct simultaneous ST, and (c) our ASR-assisted
simultaneous ST. In (a), streaming ASR keeps revis-
ing some tail words for better accuracy, but causing ex-
tra delays to MT. Method (b) directly translates source
speech without using ASR. Our work (c) uses the inter-
mediate results of the streaming ASR module to guide
the decoding policy of (but not feed as input to) the
speech translation module. Extra delays between ASR
and MT are reduced in direct translation systems (b–c).

2018; Ma et al., 2019; Zheng et al., 2019a,b, 2020a;
Arivazhagan et al., 2019).

However, the cascaded approach inevitably suf-
fers from two limitations: (a) error propagation,
where streaming ASR’s mistakes confuse the trans-
lation module (which are trained on clean text),
and this problem worsens with noisy environments
and accented speech; and (b) extra latency, where
the translation module has to wait until streaming
ASR’s output stabilizes, as ASR by default can
repeatedly revise its output (see Fig. 1).

To overcome the above issues, some recent ef-
forts (Ren et al., 2020; Ma et al., 2020b,a) attempt
to directly translate the source speech into target
text simultaneously by adapting text-based wait-k
strategy (Ma et al., 2019). However, unlike simulta-
neous translation whose input is already segmented
into words or subwords, in speech translation, the
key challenge is to figure out the number of valid
tokens within a given source speech segment in or-
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der to apply the wait-k policy. Ma et al. (2020b,a)
simply assume a fixed number of words within
a certain number of speech frames, which does
not consider various aspects of speech such as dif-
ferent speech rate, duration, pauses and silences,
all of which are common in realistic speech. Ren
et al. (2020) design an extra Connectionist Tempo-
ral Classification (CTC)-based speech segmenter
to detect the word boundaries in speech. However,
the CTC-based segmenter inherits the same short-
coming of CTC, which only makes local predic-
tions, thus limiting its segmentation accuracy. On
the other hand, to alleviate the error propagation,
Ren et al. (2020) employ several different knowl-
edge distillation techniques to learn the attentions
of ASR and MT jointly. These knowledge distilla-
tion techniques are complicated to train and it is an
indirect solution for the error propagation problem.

We instead present a simple but effective solu-
tion (see Fig. 2) by employing two separate, but
synchronized, decoders, one for streaming ASR
and the other for End-to-End Speech-to-text Trans-
lation (E2E-ST). Our key idea is to use the interme-
diate results of streaming ASR to guide the decod-
ing policy of, but not feed as input to, the E2E-ST
decoder. We look at the beam of streaming ASR
to decide the number of tokens within the given
source speech segment. Then it is straightforward
for the E2E-ST decoder to apply the wait-k pol-
icy and decide whether to commit a target word or
to wait for more speech frames. During training
time, we jointly train ASR and E2E-ST tasks with
a shared speech encoder in a multi-task learning
(MTL) fashion to further improve the translation
accuracy. We also note that having streaming ASR
as an auxiliary output is extremely useful in real
application scenarios where the user often wants to
see both the transcription and the translation. En-
to-De and En-to-Es experiments on the MuST-C
dataset demonstrate that our proposed technique
achieves substantially better translation quality at
similar level of latency.

2 Preliminaries

We formalize full-sentence tasks (ASR, MT and
ST) using the sequence-to-sequence framework,
and the streaming tasks (simultaneous MT and
streaming ASR) using the test-time wait-k method.

Full-Sentence Tasks: ASR, NMT and ST The
encoder first encodes the entire source input into a
sequence of hidden states; in NMT, the input is a

sequence of words, x = (x1, x2, ..., xm), while in
ASR and ST, we use s to denote the input speech
frames. A decoder sequentially predicts target lan-
guage tokens y = (y1, y2, ..., yn) in NMT and ST
or transcription z in ASR, conditioned on all en-
coder hidden states and previously committed to-
kens. For example, the NMT model and its param-
eters θMT

full are defined as:

pfull(y | x;θMT
full ) =

∏|y|
t=1

p(yt | x,y<t;θMT
full )

θ̂MT
full = argmax

θMT
full

∏

(x,y∗)∈D
pfull(y

∗ | x;θMT
full )

Similarly, we can obtain the definitions for ASR
(pfull(z | s;θASR

full )) and ST (pfull(y | s;θST
full)). Our

model was learned from scratch in this work, but it
can be improved with pre-training methods (Zheng
et al., 2021; Chen et al., 2020).

Simultaneous MT and Streaming ASR In
streaming decoding scenarios, we have to predict
target tokens conditioned on the partial source in-
put that is available. For example, the test-time
wait-k method of Ma et al. (2019) predicts each
target token yt after reading source tokens x≤t+k
using a full-sentence NMT model:

ŷt=argmax
yt

pwait-k(yt | x≤t+k, ŷ<t; θ̂MT
full ) (1)

Intuitively speaking, wait-k only commits a new
target word on receiving each new source word
after an initial k source words waiting. Similarly, in
the case of streaming ASR, we could define ẑt with
growing speech chunks si that are fed gradually.

3 Direct Simultaneous Translation with
Synchronized Streaming ASR

In text-to-text simultaneous translation, the input
stream is already segmented. However, when we
deal with speech frames as source inputs, it is not
easy to determine the number of valid tokens within
certain speech segments. Therefore, to better guide
the translation policy, it is essential to detect the
number of valid tokens accurately within low la-
tency. Different from the sophisticated design of
speech segmenter in Ren et al. (2020), we propose
a simple but effective method by using a synchro-
nized streaming ASR and using its beam to deter-
mine the number of words within certain speech
segments. Note that we only use streaming ASR for
source word counting, but the translation decoder
does not condition on any of ASR’s output.

4619



speech  
encoder

CTC

External LM

Translation Decoder
E2E-ST

shared speech  
representations

<latexit sha1_base64="dgN9uVOD+2BKJ9zEVFrKUeZT8sM=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxWMFWyttKJvtpl26uwm7EyGE/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h+0TZxqylo0FrHuhMQwwRVrIUfBOolmRIaCPYTjm6n/8MS04bG6xyxhgSRDxSNOCVrpsTcimGeTvt+v1ry6N4O7TPyC1KBAs1/96g1imkqmkApiTNf3EgxyopFTwSaVXmpYQuiYDFnXUkUkM0E+O3jinlhl4EaxtqXQnam/J3IijclkaDslwZFZ9Kbif143xegqyLlKUmSKzhdFqXAxdqffuwOuGUWRWUKo5vZWl46IJhRtRhUbgr/48jJpn9X9i7p3d15rXBdxlOEIjuEUfLiEBtxCE1pAQcIzvMKbo50X5935mLeWnGLmEP7A+fwB3guQcw==</latexit>

ŷ1
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Figure 2: Decoding for synchronized streaming ASR
and E2E-ST. Speech signals are fed into the encoder
chunk by chunk. For each new-coming speech chunk,
we look at the current streaming ASR beam (B) to de-
cide the translation policy. See details in Algorithm 1.

3.1 Streaming ASR-Guided Simultaneous ST

As shown in Fig. 2, at inference time, the speech
signals are fed into the ST encoder by a series of
fixed-size chunks s[1:i] = [s1, ..., si], where w =
|si| can be chosen from 32, 48 and 64 frames of
spectrogram. As a result of the CNN encoder, there
is down sampling rate r (e.g., we use r = 4), from
spectrogram to encoder hidden states. For example,
when we receive a chunk of 32 frames, the encoder
will generate 8 more hidden states. In conventional
streaming ASR, the number of steps of beam search
is the same as the number of hidden states.

We denote Bj to be the beam at time step j,
which is an ordered list of size of b, and it expands
to the next beam Bj+1 with the same size:

B0 =[〈<s>, p̂ASR
full (<s> | s0;θ)〉]

Bj = topb(next(Bj−1, j))

next(B, j) ={〈z ◦ zj , p · p̂ASR
full (zj | s≤τ(j), z;θ)〉 |

〈z, p〉 ∈ B, zj ∈ V }

where topb(·) returns the top b candidates, and
next(B, j) expands the candidates from the previ-
ous step to the next step. Each candidate is a pair
〈z, p〉, where z is the current prefix and p is the
accumulated probability from joint score between
an external language model, CTC and ASR proba-
bilities, p̂ASR

full . We denote the number of observable
speech chunks at j step as τ(j) = dj ∗ r/we. And
vice versa, for each new speech chunk, ASR beam
search will advance for w/r steps.

Note CTC often commits empty tokens ε due
to empty speech frames, and the lengths of differ-
ent hypotheses within beam of streaming ASR are
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Figure 3: An example of streaming ASR beam search
with beam size 3. LCP is shaded in red (φLCP(B7)=3);
SH is highlighted in bold (φSH(B7) = 5). We use • to
represent empty outputs in some steps caused by CTC.

Algorithm 1 Streaming ASR-guided Simultaneous ST

1: Input: speech chunks s[1:T ]; k; φπ(Bj); streaming de-
coding models: pST

full and p̂ASR
full

2: Initialize: ASR and ST indices: j = t = 0; B = B0

3: for i = 1 ∼ T do . feed speech chunks
4: repeat w/r steps . do ASR beam search w/r steps
5: B ← topb(next(B, j)); j++ . ASR beam search
6: while φπ(B)− k > t do . new tokens?
7: ŷt+1 ← pST

wait-k(yt+1 | s[1:i+1], ŷ≤t;θ
ST
full)

8: yield ŷt+1; t++ . commit translation to user

quite different from each other. To take every hy-
pothesis into consideration, we design two policies
to decide the number of valid tokens.

• Longest Common Prefix (LCP) uses the length
of longest shared prefix in the streaming ASR
beam as the number of valid tokens within given
speech. This is the most conservative strategy,
which has similar latency to cascaded methods.

• Shortest Hypothesis (SH) uses the length of
shortest hypothesis in the current streaming ASR
beam as the number of valid tokens.

More formally, let φπ(B) denote the number of
valid tokens in the beam B under policy π:

φLCP(B) = max{i | ∃z′, s.t.∀〈z, c〉∈B, z≤i=z′}
φSH(B) = min{|z| | 〈z, c〉 ∈ B}

For example in Fig. 3, φLCP(B7)=3, φSH(B7)=5.
Also note that φLCP(B) ≤ φSH(B) for any beamB,
and that both policies are monotonic, i.e. φπ(Bj) ≤
φπ(Bj+1) for π ∈ {LCP,SH} and all j.

Note we always feed the entire observable
speech segments into ST for translation, and
streaming ASR-generated transcription is not used
for translation, so LCP might have similar latency
with cascaded methods but the translation accuracy
is much better because more information on the
source side is revealed to the translation decoder.

As shown in Algorithm 1, during simultaneous
ST, we monitor the value of φπ(Bj) while speech
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Figure 4: We use full-sentence MTL framework to
jointly learn ASR and ST with a shared encoder.

chunks are gradually fed into system. When we
have φπ(B) − k > t where t is the number of
translated tokens, the ST decoder will be triggered
to generate one new token as follows:

ŷt = argmax
yt

pwait-k(yt | s[1:τ(j)], ŷ<t; θ̂ST
full) (2)

3.2 Joint Training between ST and ASR
Different from existing simultaneous translation so-
lutions from (Ren et al., 2020; Ma et al., 2020b,a),
which make adaptations over vanilla E2E-ST archi-
tecture as shown in gray line of Fig. 4, we instead
use simple MTL architecture which performs joint
full-sentence training between ST and ASR:

θ̂ST
full, θ̂

ASR
full = argmax

θST
full,θ

ASR
full

∏

(s,y∗,z∗)∈D
pST

full(y
∗ | s;θST

full)

·pASR
full (z

∗ | s;θASR
full )

For ASR training, we use hybrid CTC/Attention
framework (Watanabe et al., 2017). Note that we
train ASR and ST MTL with full-sentence fash-
ion for simplicity and training efficiency, and only
perform wait-k decoding policy at inference time.
Also, θST

full and θASR
full share the same speech encoder.

4 Experiments

We conduct experiments on English-to-German
(En→De) and English-Spanish (En→Es) transla-
tion on MuST-C (Di Gangi et al., 2019). We em-
ploy Transformer (Vaswani et al., 2017) as the basic
architecture and LSTM (Hochreiter and Schmidhu-
ber, 1997) for LM. For streaming ASR decoding
we use a beam size of 5. Translation decoding is
greedy due to incremental commitment.

Raw audios are processed with Kaldi (Povey
et al., 2011) to extract 80-dimensional log-Mel
filterbanks stacked with 3-dimensional pitch fea-
tures using a 10ms step size and a 25ms window
size. Text is processed by SentencePiece (Kudo
and Richardson, 2018) with a joint vocabulary size
of 8K. We take Transformer (Vaswani et al., 2017)
as our base architecture, which follows 2 layers
of 2D convolution of size 3 with stride size of 2.
The Transformer model has 12 encoder layers and
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Figure 5: Translation quality v.s. latency. The dots
on each curve represents different wait-k policy with
k=1,3,5,7 from left to right respectively. Baseline∗ re-
sults are from Ma et al. (2020b). k=inf is full-sentence
decoding for ASR and translation. test-k denotes test-
ing time wait-k. We use a chunk size of 48.

6 decoder layers. Each layer has 4 attention head
with a size of 256. Our streaming ASR decoding
method follows Moritz et al. (2020). We employ
10 frames look ahead for all experiments. For LM,
we use 2 layers stacked LSTM (Hochreiter and
Schmidhuber, 1997) with 1024-dimensional hid-
den states, and set the embedding size as 1024. LM
are trained on English transcription from the cor-
responding language pair in MuST-C corpus. For
the cascaded model, we train ASR and MT models
on Must-C dataset respectively, and they have the
same Transformer architecture of our ST model.
Our experiments are run on 8 1080Ti GPUs. And
the we report the case-sensitive detokenized BLEU.

Translation quality against latency In order to
clearly compare with related works, we evaluate
the latency with AL defined in Ma et al. (2020b)
and AP defined in Ren et al. (2020). As shown in
Fig. 5, for En→De, results are on the dev set to
be consistent with Ma et al. (2020b). Compared
with baseline models, our method achieves much
better translation quality with similar latency. To
validate the effectiveness of our method, we com-
pare our method with Ren et al. (2020) on En→Es
translation. Their method does not evaluate the
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chunk index 1 2 3 4 5 6 end
Gold transcript can I be honest SIL I don ’t love that question SIL
Gold translation Darf ich ehrlich sein ? Ich mag diese Frage nicht .

Streaming ASR can I be on this I don ’t love that question
simul-MT wait-3 Kann ich da sein ? “ Ich liebe diese Frage nicht .

SH wait-3 Kann ich ehrlich sein ? Ich liebe diese Frage nicht .
LCP wait-3 Kann ich ehrlich sein ? Ich liebe diese Frage nicht .

Figure 6: An example from the dev set of En→De translation. In the cascaded approach (streaming ASR + simul-
MT wait-3), the ASR error (“on this” for “honest”) is propagated to the MT module, causing the wrong translation
(“da”). Our methods give accurate translations (“ehrlich”) with better latency (esp. for the SH policy, the output
of “diese Frage” is synchronous with hearing “that question”). “SIL” denotes silence in speech.
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Figure 7: Translation quality against latency. Each
curve represents decoding with wait-k policy,
k=1,3,5,7 from left to right. The dashed lines and
hollow markers indicate the latency considering the
computational time. The chunk size is 48.

plausibility of the detected tokens, so it has a more
aggressive decoding policy which results in lower
latency. However, our method can still achieve bet-
ter results with slightly lower latency. Besides that,
our model is trained in full-sentence mode, and
only decodes with wait-k at inference time, which
is very efficient to train. Our test-time wait-k could
achieve similar quality with their genuine wait-k
(i.e., retrained) models which are very slow to train.
When we compare with their test-time wait-k, our
model significantly outperforms theirs.

We further evaluate our method on the test set
of En→De and En→Es translation. As shown in
Fig. 7, compared with the cascaded model, our
model has notable successes in latency and trans-
lation quality. To verify the online usability of our
model, we also show computational-aware latency.
Because our chunk window is 480ms, and the la-

Model En→De En→Es

w=32 w=48 w=64 w=32 w=48 w=64

LCP 17.31 17.54 17.95 21.94 21.92 22.36
− LM 14.60 15.66 15.91 18.54 19.15 19.95

− LM & AD 13.76 14.82 15.26 17.42 18.06 19.32

SH 16.04 15.82 15.87 20.45 20.18 19.84
− LM 13.76 14.01 13.84 17.31 17.21 17.78

− LM & AD 10.44 11.25 11.65 13.61 14.27 14.62

Table 1: BLEU score of wait-1 decoding with different
chunk sizes and ASR scoring functions. AD denotes
ASR Decoder. LM denotes Language Model.

tency caused by the computation is smaller than
this window size, which means that we can finish
decoding the previous speech chunk when the next
speech chunk needs to be processed, so our model
can be effectively used online.

Fig. 6 demonstrates that our method can effec-
tively avoid the error propagation and obtain better
latency compared to the cascaded model.

Effect of chunk size and joint decision Table 1
shows that the results are relatively stable with var-
ious chunk sizes. It can be flexible to balance the
response frequency and computational ability. We
explore the effectiveness of ASR joint scoring, and
observe that the translation quality drops a lot with-
out LM. Without LM and AD, our token recogni-
tion approach is similar to the speech segmentation
in Ren et al. (2020), which implies that their model
is hard to segment the source speech accurately,
leading to unreliable translation decisions for ST.

5 Conclusion
We proposed a simple but effective ASR-assisted
simultaneous E2E-ST framework. The streaming
ASR module can guide (but not give direct input to)
the wait-k policy for simultaneous translation. Our
method improves ST accuracy with similar latency.
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Abstract

Understanding linguistics and morphology of
resource-scarce code-mixed texts remains a
key challenge in text processing. Although
word embedding comes in handy to support
downstream tasks for low-resource languages,
there are plenty of scopes in improving the
quality of language representation particularly
for code-mixed languages. In this paper, we
propose HIT, a robust representation learn-
ing method for code-mixed texts. HIT is
a hierarchical transformer-based framework
that captures the semantic relationship among
words and hierarchically learns the sentence-
level semantics using a fused attention mech-
anism. HIT incorporates two attention mod-
ules, a multi-headed self-attention and an outer
product attention module, and computes their
weighted sum to obtain the attention weights.
Our evaluation of HIT on one European (Span-
ish) and five Indic (Hindi, Bengali, Tamil, Tel-
ugu, and Malayalam) languages across four
NLP tasks on eleven datasets suggests signif-
icant performance improvement against var-
ious state-of-the-art systems. We further
show the adaptability of learned representation
across tasks in a transfer learning setup (with
and without fine-tuning).

1 Introduction

India is the second most populated country in the
world, where ∼ 1.36 billion people speak in over
200 different languages. Among them, the top
five languages (Hindi, Bengali, Telegu, Tamil, and
Malayalam) covers ∼ 93%of the entire population
with more than 26% of them being bilingual (as
per Wikipedia). Moreover, a significant propor-
tion of them (Singh et al., 2018a) use code-mixed
languages to express themselves in Online Social
Networks (OSN).

Code-mixing (CM) is a linguistic phenomenon
in which two or more languages are alternately

used during conversation. One of the languages
is usually English, while the other can be any re-
gional language such as Hindi (Hindi + English→
Hinglish), Bengali (Bengali + English→ Benglish),
Spanish (Spanish + English → Spaniglish), etc.
Their presence on social media platforms and in
day-to-day conversions among the people of a
multi-lingual communities (such as Indians) is over-
whelming. Despite the fact that a significant popu-
lation is comfortable with code-mixed languages,
the research involving them is fairly young. One of
the prime reasons is the linguistic diversity, i.e., re-
search on any language often fails to adapt for other
distant languages, thus they need to be studied and
researched separately. In recent years, many orga-
nizations have identified the challenges and have
put in commendable efforts for the development of
computational systems in regional monolingual or
code-mixed setups.

Traditionally, the NLP community has studied
the code-mixing phenomenon from a task-specific
point of view. Recently, a few studies (Pratapa
et al., 2018; Aguilar and Solorio, 2020) have started
learning representations for code-mixed texts for
semantic and syntactic tasks. While the former has
showcased the importance of multi-lingual embed-
dings from CM text, the latter has made use of a hi-
erarchical attention mechanism on top of position-
ally aware character bi-grams and tri-grams to learn
robust word representations for CM text. Carrying
over the same objective, in this paper, we intro-
duce a novel HIerarchically attentive Transformer
(HIT) framework to effectively encode the syntac-
tic and semantic features in embeddings space. At
first, HIT learns sub-word level representations em-
ploying a fused attention mechanism (FAME) –
an outer-product based attention mechanism (Le
et al., 2020) fused with standard multi-headed self-
attention (Vaswani et al., 2017). The intuition of
sub-word level representation learning is supple-
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mented by the lexical variations of a word in code-
mixed languages. The character-level HIT helps
in representing phonetically similar word and their
variations to a similar embedding space and ex-
tracts better representation for noisy texts. Subse-
quently, we apply HIT module at word-level to in-
corporate the semantics at the sentence-level. The
output of HIT is a sequence of word representations,
and can be fed to the architectures of any down-
stream NLP tasks. For the evaluation of HIT, we
experiment on one classification (sentiment classi-
fication), one generative (MT), and two sequence-
labelling (POS tagging and NER) tasks. In total,
these tasks span to eleven datasets across six code-
mixed languages – one European (Spanish) and five
Indic (Hindi, Bengali, Telugu, Tamil, and Malay-
alam). Our empirical results show that representa-
tions learned by HIT are superior to existing multi-
lingual and code-mixed representations, and report
state-of-the-art performance across all tasks. Ad-
ditionally, we observe encouraging adaptability of
HIT in a transfer learning setup across tasks. The
representations learned for a task is employed for
learning other tasks w/ and w/o fine-tuning. HIT
yields good performance in both setups for two
code-mixed languages.
Main contributions: We summarize our contribu-
tions as follow:
• We propose a hierarchical attention transformer

framework for learning word representations of
code-mixed texts for six non-English languages.

• We propose a hybrid self-attention mechanism,
FAME, to fuse the multi-headed self-attention
and outer-product attention mechanisms in our
transformer encoders.

• We show the effectiveness of HIT on eleven
datasets across four NLP tasks and six languages.

• We observe good task-invariant performance of
HIT in a transfer learning setup for two code-
mixed languages.

Reproducibility: Source codes, datasets and other
details to reproduce the results have been made
public at https://github.com/LCS2-IIITD/

HIT-ACL2021-Codemixed-Representation.

2 Related Work

Recent years have witnessed a few interesting work
in the domain of code-mixed/switched representa-
tion learning. Seminal work was driven by bilin-
gual embedding that employs cross-lingual transfer
to develop NLP models for resource-scarce lan-

guages (Upadhyay et al., 2016; Akhtar et al., 2018;
Ruder et al., 2019). Faruqui and Dyer (2014) in-
troduced the BiCCA embedding using bilingual
correlation, which performed well on syntactical
tasks, but poorly on cross-lingual semantic tasks.
Similarly, frameworks proposed by Hermann and
Blunsom (2014) and Luong et al. (2015) depend on
projecting the words of two languages into a single
embedding space.

However, as demonstrated by Pratapa et al.
(2018), bilingual embedding techniques are not
ideal for CS text processing and should be replaced
by multi-lingual embeddings learnt from CM data.
The transformer-based Multilingual BERT (De-
vlin et al., 2019) embedding has been demon-
strated (Pires et al., 2019) to possess impressive
cross-lingual model transfer capabilities. Also, the
XLM model (Conneau and Lample, 2019) has also
shown the effects of cross-lingual training for low-
resource and CM language tasks.

Another school of thought revolves around sub-
word level representations, which can help to cap-
ture variations found in CM and transliterated text.
Joshi et al. (2016) proposed a CNN-LSTM based
model to learn the sub-word embeddings through
1-D convolutions of character inputs. They showed
that it resulted in better sentiment classification
performance for CM text. On top of this intu-
ition, attention-based frameworks have also been
proven to be successful in learning low-level rep-
resentations. The HAN (Yang et al., 2016) model
provides the intuition of hierarchical attention for
document classification, which enables it to differ-
entially attend to more and less important content,
at the word and sentence levels. In another work,
Aguilar and Solorio (2020) proposed CS-ELMo for
code-mixed inputs with similar intuition. It utilizes
the hierarchical attention mechanism on bi-gram
and tri-gram levels to effectively encode the sub-
word level representations, while adding positional
awareness to it.

Our work builds on top of these two earlier
works to push the robustness of code-mixed repre-
sentations to higher levels. However, the main dif-
ference between existing studies and HIT is the in-
corporation of outer-product attention-based fused
attention mechanism (FAME).

3 Proposed Methodology

In this section, we describe the architecture of
HIT for learning effective representations in code-
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Figure 1: Hierarchical Transformer along with our novel FAME mechanism for attention computation.

mixed languages. The backbone of HIT is trans-
former (Vaswani et al., 2017) and Hierarchical At-
tention Network (HAN) (Yang et al., 2016). HIT
takes a sequence of words (a code-mixed sentence)
S = 〈w1, w2, ..., wN 〉 as input and processes each
word wi using a character-level HIT to obtain
sub-word representation Ssb = 〈sb1, sb2, ..., sbN 〉.
The character-level HIT is a transformer encoder,
where instead of computing multi-headed self-
attention only, we amalgamate it with an outer-
product attention mechanism (Le et al., 2020) as
well. The intuition of outer-product attention is to
extract higher-order character-level relational sim-
ilarities among inputs. To leverage both attention
mechanisms, we compute their weighted sum using
a softmax layer. Subsequently, we pass it through
the typical normalization and feed-forward layers
to obtain the encoder’s output. A stacking of lc
encoders is used. In the next layer of the hierarchy,
these sub-word representations are combined with
positional and rudimentary embeddings of each
word and forwarded to the word-level HIT’s en-
coder. Finally, the output of word-level HIT is fed
to the respective task-specific network. The hier-
archical nature of HIT enables us to capture both
character-level and word-level relational (syntactic
and semantic) similarities. A high-level schema of
HIT is shown in Figure 1.

3.1 Fused Attention Mechanism (FAME)
FAME extends the multi-headed self-attention
(MSA) module of a standard transformer by includ-
ing a novel outer-product attention (OPA) mech-
anism. Given an input x, we use three weight

matrices, W self
Q ,W self

K , and W self
V , to project the

input to Query (Qself ) , Key (Kself ), and Value
(V self ) representations for MSA, respectively. Sim-
ilarly for OPA we useW outer

Q ,W outer
K , andW outer

V

for the projecting x to Qouter,Kouter and V outer.
Next, the two attention mechanisms are learnt in
parallel, and a weighted sum is computed as its
output. Formally, H = α1 · Zself ⊕ α2 · Zouter,
where Zself and Zouter respectively are the outputs
of multi-headed self attention and outer-product at-
tention modules, and α1 and α2 are the respective
weights computed through a softmax function.

Multi-Headed Self Attention. The standard
transformer self-attention module (Vaswani et al.,
2017) computes a scaled dot-product between the
query and key vectors prior to learn the attention
weights for the value vector. We compute the out-
put as follows:

Zself = softmax

(
Qself ·KselfT

√
dk

)
V self

=

N∑

i

softmax

(
q · ki√
dk

)
vi, ∀q ∈ Qself

where N is the sequence length, and dk is the di-
mension of the key vector.

Outer-Product Attention. This is the second at-
tention that we incorporate into FAME. Although
the fundamental process of OPA (Le et al., 2020)
is similar to the multi-headed self-attention compu-
tation, OPA differs in terms of different operators
and the use of row-wise tanh activation instead of
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softmax. To compute the interaction between the
query and key vectors, we use element-wise mul-
tiplication as opposed to the dot-product in MSA.
Subsequently, an element-wise tanh is applied be-
fore computing the outer-product with the value
vector. The intuition is to exploit fine-level asso-
ciations between the key-scaled query and value
representations in a code-mixed setup. Similar to
the earlier case, we define OPA as:

Zouter =
N∑

i

tanh

(
q � ki√
dk

)
⊗ vi,∀q ∈ Qouter

where � is the element-wise multiplication, and ⊗
is the outer-product.

3.2 Task-specific Layers
As we mention earlier, HIT can be adapted for vari-
ous NLP tasks including sequence labelling, clas-
sification, or generative problems. In the current
work, we evaluate HIT on part-of-speech (POS) tag-
ging, named-entity recognition (NER), sentiment
classification, and machine translation (MT). We
mention their specific architectural details below.

For the sentiment classification, we apply a Glob-
alAveragePooling operation over the token embed-
dings to obtain the sentence embeddings. Addition-
ally, we concatenate extracted statistical features
along with the embeddings before feeding into the
final classification layer. We use tf-idf (term fre-
quency–inverse document frequency) vectors for
{1, 2, 3}-grams of words and characters extracted
from each text. We hypothesize that these statisti-
cal features contain sufficient information to get rid
of any handcrafted features like the ones suggested
by Bansal et al. (2020). Finally, a softmax activa-
tion function is used for the prediction. Similarly,
for POS tagging and NER, the corresponding la-
bels for each of the token’s embedding is obtained
through a softmax activated output. In case of MT,
we use an encoder-decoder framework where both
the encoder and the decoder are based on the HIT
framework.

4 Experiments, Results, and Analyses

In this section, we furnish the details of chosen
datasets, our experimental results, comparative
study, and necessary analyses.

4.1 Datasets
We evaluate 11 publicly available datasets across 4
tasks in 6 code-mixed languages. For POS tagging,

Tasks Lang Train Test Total #Labels#Sent #Token #Sent #Token

POS

Hi* 1191 6575 148 2300 1489 14
Te* 1,585 7,190 198 2,927 1,982 52
Be* 500 4,108 62 631 626 39
Sp 27,893 11,897 4,298 3,866 36,489 17

NER Hi* 1663 9,397 207 3,272 2,079 7
Sp 33,611 52,680 10,085 23,787 53,781 19

Sentiment

Hi* 3,103 9,005 387 3,191 3,879 3
Ta 11,335 27,476 3,149 10,339 15,744 4
Ma 4,851 16,551 1,348 6,028 6,739 4
Sp 12,194 28,274 1,859 7,822 15,912 3

MT En (Src)
248,330

84,609
2,000

5,314
252,330 -

Hi (Tgt) 108,442 5,797

Table 1: Dataset statistics. Star(∗) signifies 90-10 ratio.

we employ Hindi, Telugu, Bengali, and Spanish,
whereas, we evaluate Hindi and Spanish datasets
for NER. Similarly, in sentiment classification, we
incorporate Hindi, Tamil, Malayalam, and Spanish
code-mixed sentences. Finally, for machine trans-
lation, we use a recently released Hindi-English
code-mixed parallel corpus. A brief statistics of all
datasets is presented in Table 1.
• POS tagging: We use the Hindi-English code-
mixed POS dataset provided by Singh et al.
(2018b). It was collected from Twitter and has 1489
sentences. Each token in the sentence is tagged
with one of the 14 tags1. The Bengali and Tel-
ugu datasets are collected from ICON-2016 work-
shop2. The instances are the social-media mes-
sages, collected from Twitter, Facebook and What-
sApp, and have 1982 and 626 sentences in Telugu
and Bengali, respectively. These two datasets fol-
low Google universal tagset (Petrov et al., 2011)
and contain 52 and 39 tags respectively. For Span-
ish, we use Linguistic Code-switching Evaluation
(LinCE) POS dataset (AlGhamdi et al., 2016) con-
sisting of more that 35k sentences with 14 tags.
• Sentiment classification: We explore the

Hinglish sentiment classification dataset developed
by Joshi et al. (2016). The dataset contains 3879
Facebook public posts comprises of 15% negative,
50% neutral, and 35% positive samples. We fur-
ther consider two sentiment classification datasets
for Dravidian languages viz. Tamil and Malayalam
(Chakravarthi et al., 2020), containing 15744 and
6739 instances respectively with four sentiment
labels – positive, negative, neutral, and mixed feel-
ings. Additionally, we use SemEval-2020 (Patwa
et al., 2020) dataset for Spanish code-mixed sen-
timent classification. It supports a classic 3-way
sentiment classification.
• Named-entity recognition: For NER, we em-

1We furnish the details of tagset in the appendix
2http://amitavadas.com/Code-Mixing.

html
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Model Hindi Tamil Malayalam Spanish
Pr. Re. F1 Pr. Re. F1 Pr. Re. F1 Pr. Re. F1

BiLSTM 0.916 0.901 0.909 0.502 0.428 0.451 0.653 0.588 0.612 0.429 0.431 0.428
Subword-LSTM 0.905 0.907 0.905 0.503 0.418 0.426 0.577 0.592 0.581 0.445 0.437 0.432
HAN 0.915 0.906 0.908 0.490 0.411 0.439 0.639 0.611 0.634 0.449 0.439 0.440
ML-BERT 0.919 0.914 0.909 0.260 0.310 0.280 0.600 0.630 0.610 0.451 0.419 0.437
CS-ELMO 0.921 0.903 0.909 0.515 0.432 0.459 0.666 0.623 0.642 0.429 0.453 0.431
HIT 0.956 0.914 0.915 0.499 0.451 0.473 0.710 0.628 0.651 0.502 0.454 0.460
(-) Atnouter 0.933 0.911 0.913 0.520 0.448 0.455 0.718 0.624 0.655 0.463 0.440 0.445
(-) char-level HIT 0.903 0.887 0.901 0.504 0.418 0.432 0.659 0.605 0.627 0.448 0.438 0.433

Table 2: Performance of HIT on sentiment classification. Best scores are highlighted in bold.

ploy Hindi (Singh et al., 2018c) and Spanish
(Aguilar et al., 2018) datasets with 2079 and 52781
sentences, respectively. In Hindi, the labels are
name, location, and organization. The Spanish
dataset has six additional labels – event, group,
product, time, title, and other named entities.
•Machine Translation: We utilize a recently de-
veloped Hindi-English code-mixed parallel corpus
for machine translation (Gupta et al., 2020) com-
prising more than 200k sentence pair. For experi-
ments, we transliterate all Devanagari Hindi text.

4.2 Baselines

POS tagging, NER & sentiment classification:
� BiLSTM (Hochreiter and Schmidhuber, 1997):
It is a weak baseline with two conventional BiL-
STM layers. For POS and NER, we additionally
incorporate a CRF layer for the final classification.
� HAN (Yang et al., 2016): We adapt the Hierar-
chical Attention Network (HAN) for our purpose.
The subword embedding is computed at the first
level of attention network followed by a word-level
attention at the second level. Recently, Bansal
et al. (2020) also adopted HAN for code-mixed
classification. � ML-BERT (Devlin et al., 2019):
We fine-tune multilingual BERT (Devlin, 2019).
� CS-ELMo (Aguilar and Solorio, 2020): It is
one of state-of-the-arts on code-mixed languages.
It uses pre-trained ELMo (Peters et al., 2018) to
transfer knowledge from English to code-mixed
languages. � Subword-LSTM (Joshi et al., 2016):
It is a hybrid CNN-LSTM model. A 1D convolu-
tion operation is applied for the subword represen-
tation. Subsquently, the convoluted features are
max-pooled and fed to an LSTM. Since this system
disregards word boundaries in a sentence, we use
it for sentiment classification only.

Machine translation: For machine translation,
we evaluate HIT against GFF-Pointer (Gupta
et al., 2020), a gated feature fusion (GFF) based

approach to amalgamate the XLM and syntactic
features during encoding and a Pointer generator
for decoding. Furthermore, we also incorporate
three other baselines for comparison – Seq2Seq
(Sutskever et al., 2014), Attentive-Seq2Seq (Bah-
danau et al., 2014) and Pointer Generator (See
et al., 2017).

4.3 Experimental Setup

For each experiment, we use a dropout = 0.1 in
both transformer block and the task specific layers.
Categorical cross-entropy loss with Adam (η =
0.001, β1 = 0.9, β2 = 0.999) optimizer (Kingma
and Ba, 2014) is employed in all experiments. We
train our models for maximum 500 epochs with an
early-stopping criteria having patience = 50. We
additionally use a learning rate scheduler to reduce
learning rate to 70% at plateaus with a patience
of 20 epochs. All models are trained with batch-
size= 32.

4.4 Experimental Results

We compute precision, recall, F1-score for POS,
NER, and sentiment classification, whereas, BLEU,
METEOR, and ROUGE scores are reported for the
machine translation task.

Sentiment classification: As shown in Table 2,
HIT obtains best F1-scores across all languages.
For Hindi, three baselines (BiLSTM, ML-BERT,
and CS-ELMo) obtain the best F1-score of 0.909,
where HIT yields a small improvement with 0.915
F1-score. In comparison, we observe an improve-
ment of 1.4% for Tamil, where HIT and the best
baseline (CS-ELMo) report 0.473 and 0.459 F1-
scores, respectively. We observe the same pat-
tern for Malayalam and Spanish as well – in both
cases, HIT obtains improvements of 0.9% and
2.0%, respectively. For Malayalam, HIT reports
0.651 F1-score, whereas CS-ELMo reports 0.642
F1-score. In case of Spanish, HAN turns out to
be the best baseline with 0.440 F1-score. Com-
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Model Hindi Telugu Bengali Spanish
Pr. Re. F1 Pr. Re. F1 Pr. Re. F1 Pr. Re. F1

BLSTM-CRF 0.821 0.913 0.782 0.595 0.747 0.572 0.842 0.851 0.817 0.704 0.836 0.680
HAN 0.802 0.879 0.815 0.693 0.701 0.684 0.811 0.823 0.818 0.497 0.629 0.527
ML-BERT 0.833 0.884 0.847 0.802 0.762 0.771 0.793 0.815 0.807 0.853 0.808 0.802
CS-ELMO 0.885 0.961 0.910 0.831 0.790 0.775 0.873 0.851 0.847 0.740 0.835 0.729
HIT 0.918 0.955 0.919 0.815 0.749 0.762 0.841 0.855 0.853 0.871 0.822 0.825
(-) Atnouter 0.893 0.948 0.914 0.839 0.793 0.786 0.839 0.852 0.845 0.859 0.813 0.820
(-) char-level HIT 0.686 0.922 0.708 0.629 0.758 0.626 0.802 0.830 0.819 0.723 0.796 0.732

Table 3: Performance of HIT on POS tagging. Best scores are highlighted in bold.

Model Hindi Spanish
Pr. Re. F1 Pr. Re. F1

BLSTM-CRF 0.622 0.781 0.579 0.581 0.659 0.603
HAN 0.721 0.767 0.695 0.615 0.679 0.644
ML-BERT 0.792 0.779 0.714 0.652 0.623 0.643
CS-ELMO 0.815 0.780 0.735 0.683 0.668 0.671
HIT 0.829 0.788 0.745 0.695 0.671 0.684
(-) Atnouter 0.821 0.767 0.732 0.669 0.663 0.668
(-) char-level HIT 0.556 0.815 0.528 0.498 0.664 0.539

Table 4: Performance of HIT on NER.

paratively, HIT achieves 0.460 F1-score. The
last two rows of Table 2 report ablation results
– a) excluding outer-product attention (Atnouter)
from HIT; and b) excluding sub-word embeddings
(character-level HIT). In all cases, the absence of
sub-word embeddings yields negative effect on the
performance; hence, suggesting the effectiveness
of character-level HIT in the architecture. On the
other hand, omitting outer-product attention de-
clines F1-scores in 3 out of 4 cases – we observe
a margin improvement of 0.04 points for Malay-
alam. In summary, HIT attains state-of-the-art per-
formance across all four datasets, whereas, the best
baseline (CS-ELMo) reports 1.2% lower scores on
average.

POS tagging: Table 3 shows the comparative
results for POS tagging in Hindi, Telugu, Bengali,
and Spanish. Similar to sentiment classification, we
observe that HIT attains best F1-scores across three
datasets (0.625% better on average). It achieves
0.919, 0.762, 0.853, and 0.825 F1-scores for Hindi,
Telugu, Bengali, and Spanish, respectively. In com-
parison, CS-ELMo yields best F1-scores among
all the baselines across three datasets viz. Hindi
(0.910), Telugu (0.775), and Bengali (0.847). For
Spanish, ML-BERT obtains the best baseline F1-
score of 0.802. From ablation, we observe the
negative effect on performance by removing either
the outer-product attention or character-level HIT
for the majority of the cases.

NER: The performance of HIT for NER is also
in-line with the previous two tasks, as show in

Model B R M
Seq2Seq† 15.49 35.29 23.72
Attentive-Seq2Seq† 16.55 36.25 24.97
Pointer Generator† 17.62 37.32 25.61
GFF-Pointer† 21.55 40.21 28.37
Transformer 21.83 42.19 27.89
HIT 28.22 51.52 29.59
(-) Atnouter 25.95 49.19 27.63

Table 5: Performance of HIT encoder-decoder on En-
Hi Translation (B: BLEU, R: Rouge-L and M: ME-
TEOR). † Values are taken from Gupta et al. (2020).

Table 4. As mentioned earlier, we evaluate HIT
for Hindi and Spanish datasets. In both cases, we
observe ≥ 1% improvement in F1-score, in com-
parison with the best baseline (CS-ELMo).

In all three tasks, CS-ELMo is arguably the most
consistent baseline. Together with the state-of-
the-art performance of HIT, we regard the good
performance to the subword-level contextual mod-
elling – both systems use contextual representa-
tional models (ELMo and Transformer) to encode
the syntactic and semantic features. Moreover, the
FAME module in HIT assists in improving the per-
formance even further.

Machine Translation: Finally, Table 5 reports
the results for the English to Hindi (En-Hi) ma-
chine translation task. For comparison, we also
report BLEU, METEOR, and ROUGE-L scores
for four baseline systems – Seq2Seq (Sutskever
et al., 2014), Attentive-Se2Seq (Bahdanau et al.,
2014), Pointer Generator (See et al., 2017), and
GFF-Pointer (Gupta et al., 2020). For all three
metrics, HIT reports significant improvement (1-9
points) over the state-of-the-art and other baselines.
GFF-Pointer obtains 21.55 BLEU score, while the
other baselines yield BLEU scores in the range
[15− 17]. In comparison, HIT obtain 28.22 BLEU,
an extremely convincing result. Similarly, HIT re-
ports 51.52 ROUGE and 29.59 METEOR scores,
respectively.
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Fine-tune Target Tasks
PoS NER Sentiment

So
ur

ce
Ta

sk
s PoS w/o

0.919
0.702 0.890

w/ 0.578 0.863

NER w/o 0.924
0.745

0.885
w/ 0.873 0.893

Sentiment w/o 0.936 0.729
0.871

w/ 0.928 0.691

(a) Hindi code-mixed

Fine-tune Target Tasks
PoS NER Sentiment

So
ur

ce
Ta

sk
s PoS w/o

0.825
0.710 0.417

w/ 0.656 0.419

NER w/o 0.881
0.648

0.473
w/ 0.663 0.446

Sentiment w/o 0.918 0.969
0.445

w/ 0.732 0.687

(b) Spanish code-mixed

Table 6: Transfer learning models. Code-mixed word representations, learned for a (source) task, is utilized for
building models for other (target) tasks of same language w/ and w/o fine-tuning. We highlight the cases in bold
where transfer learning achieves better performance than original base HIT.

Pos Neg Neu
Pos 0.85 0.05 0.10
Neg 0.03 0.87 0.10
Neu - 0.02 0.98

(a) Sentiment

B-Per I-Per B-Loc I-Loc B-Org I-Org O
B-Per 0.85 0.01 - - - - 0.14
I-Per 0.03 0.87 - - - - 0.10
B-Loc - - 0.91 0.02 0.02 0.05
I-Loc - 0.08 0.85 - - 0.07
B-Org 0.02 0.02 - - 0.82 - 0.14
I-Org - - - - - 0.71 0.29
O - - - - 0.47 - 0.53

(b) NER

Table 7: Confusion matrices (in %) for sentiment and
NER on Hindi code-mixed dataset3.

4.5 Effects of Transfer Learning across Tasks

One of the core objectives of representation learn-
ing is that the learned representation should be
task-invariant – the representations learned for one
task should also be (near) effective for other tasks.
The intuition is that the syntactic and semantic fea-
tures captured for a language should be indepen-
dent of the tasks, and if it does not comply, the
representation can be attributed to capture the task-
specific feature, instead of linguistic features. To
this end, we perform transfer learning experiments
with (w/) and without (w/o) fine-tuning. Since
we have only one dataset for Tamil, Telugu, Ben-
gali, and Malayalam, we choose Hindi and Spanish
code-mixed datasets (POS, NER, and sentiment
classification) for the study. Table 6 reports results
for both code-mixed languages. For each case, we
learn HIT’s representation on one (source) task and
subsequently utilize the representation for the other
two tasks (targets). Moreover, we repeat each ex-
periment with and without fine-tuning HIT.

For Hindi code-mixed, we do not observe the

Input Gold Prediction
HIT CS-ELMo

1
Org: safal videsh yatra ke liye badhai ho sir

Pos Pos NeuTrans: Congratulations on the successful foreign trip sir

2
Org: desh chodo pahaley yeh media ko change karo ... !! ?

Neu Neg NegTrans: Leave the country, first change the media

(a) Sentiment

In
pu

t Org: @gurmeetramrahim {dhan dhan satguru}Per tera hi aasra #ms-
gloveshumanity salute 2 {msg}Org <url>
Translated: @gurmeetramrahim we depend on you
{dhan dhan satguru}Per #msgloveshumanity salute 2 {msg}Org <url>

Pr
ed

ic
tio

n HIT: @gurmeetramrahim {dhan dhan satguru}Per tera hi aasra #ms-
gloveshumanity salute 2 msg <url>
CS-ELMo: @gurmeetramrahim {dhan dhan satguru}Per tera hi aasra #ms-
gloveshumanity salute 2 {msg}Org <url>

(b) NER

Table 8: Error Analysis on Hindi code-mixed dataset.

positive effect of transfer learning for NER. It
could be because of the limited lexical variations
of named-entities in other datasets. However, we
obtain the best F1-score (0.936) for POS tagging
in a transfer learning setup with sentiment classifi-
cation. Similarly, for the sentiment classification
as target, we observe performance improvements
with both POS and NER as source tasks. In Span-
ish, we also observe increment in F1-scores for all
three tasks. We attribute these improvements to the
availability of more number of sentences for HIT
to leverage the linguistic features in both Hindi and
Spanish.

4.6 Error Analysis

In this section, we analyze the performance of HIT
both quantitatively and qualitatively. At first, we
report the confusion matrices3 for Hindi NER and
sentiment classification in Table 7. In both cases,
we observe the true-positives to be significant for
all labels. Furthermore, we also observe the false-
positives to be extremely low (except for ‘B-Org’

3Confusion matrices and more error cases for other tasks
are presented in the appendix.
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(a) Original input. (b) Perturbed input.

Figure 2: Interpretation of Hindi code-mixed sentiment prediction (a) Grad-CAM (Selvaraju et al., 2019) analysis
of original text; (b) Grad-CAM of perturbed text (‘badhaaii’); For both case, the word-level and char-level atten-
tion plots are shown.The impact of the word ‘badhai’ on the overall prediction is shown through gradients and
attention heatmaps. The representation learning of phonetically similar word (e.g., ‘badhaaii’) is also noticeable
in the perturbed case. It signifies that HIT is flexible to the spelling variations, a common feature in code-mixed
environment.

in NER) for majority of the cases – suggesting
very good precision in general. The major contribu-
tion in error is due to the neutral and other classes
in sentiment and NER, respectively. In sentiment
analysis, 10% of the positive and negative labels
each were mis-classified as neutral. Similarly in
NER, we observe that the organization entities (B-
Org & I-Org) and other classes confuse with each
other in a significant number of samples. It may be
due to the under-represented (∼ 13%) organization
entities in the dataset.

We also perform qualitative error analysis of
HIT and CS-ELMo. Table 8 reports the results for
the NER and sentiment classification tasks3. For
the first example in sentiment classification, HIT
accurately predicts the sentiment labels as positive;
however in comparison, CS-ELMo mis-classifies
it as neutral. For the second example, both HIT
and CS-ELMo wrongly predict the sentiment as
neutral. One possible reason could be the presence
of the negatively-inclined word chodo (leave) in the
sentence. For NER, the sentence has two entities
(one person and one organization). While HIT
correctly identifies ‘dhan dhan satguru’ as person,
it could not recognize ‘msg’ as organization. On
the other hand, CS-ELMo correctly identifies both.

Furthermore, we take the first example of senti-
ment analysis (from Table 8) to get the insight of
HIT. It is not hard to understand that the most posi-
tive vibe is attributed by the phrase ‘badhai ho sir’
(congratulations sir). To validate our hypothesis,
we use a gradient based interpretation technique,
Grad-CAM (Selvaraju et al., 2019), which uses

gradients of neural networks to show the effect of
neurons on the final output. Due to hierarchical
and modular nature of HIT, we are able to extract
the intermediate word level representations learnt
by the character-level HIT and compute the gra-
dient of loss of the actual class considering these
representations. The magnitude of gradient shows
the impact of each word on the final output. Figure
2a shows the word-level and character-level gradi-
ent maps for the original input. We can observe
that HIT attends to the most important component
in both cases. For word-level, it highlights the
positive phrase ‘liye badhai’ (congratulations on).
Moreover, character-level HIT attends to the two
syllables ‘b’ and ‘dh’ in the word ‘badhai’ (congrat-
ulation). It suggests that both the word-level and
character-level components are capable of extract-
ing important features from inputs. Furthermore,
to check the robustness, we investigate HIT on a
perturbed input. In the previous example, we tweak
the spelling of the most important word ‘badhai’ to
‘badhaaii’ (an out-of-vocabulary word considering
the dataset). Figure 2b shows similar patterns in the
perturbed input case as well. It signifies that HIT
identifies the phonetic similarity of the two words
and is flexible to the spelling variants, a common
feature in code-mixed environment.

4.7 HIT’s Performance on Monolingual Data

In this section, we outline the performance of HIT
for monolingual and low-resource settings. We con-
sider the sentiment classification dataset curated by
Akhtar et al. (2016), containing 5417 transliterated
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Model Hi Sentiment Magahi POS
Pr. Re. F1 Pr. Re. F1

BiLSTM 0.619 0.533 0.554 0.594 0.804 0.626
HAN 0.602 0.528 0.551 0.729 0.857 0.649
ML-BERT 0.604 0.556 0.576 0.757 0.867 0.708
CS-ELMO 0.593 0.520 0.542 0.771 0.884 0.759
HIT 0.641 0.629 0.635 0.783 0.913 0.775

Table 9: Performance of HIT on monolingual tasks.
Best scores are highlighted in bold.

Hindi reviews with 4 sentiment labels - positive,
negative, neutral, and conflict. We also utilize a Ma-
gahi POS dataset (Kumar et al., 2012), annotated
with 33 tags from the BIS-tagset 4. We report the
performance of HIT and other baselines on these
two datasets in Table 9. For the Hindi sentiment
classification task, we observe that HIT yields an
F1-score of 0.635, which is better than CS-ELMo
and ML-BERT by 9.3% and 5.9%. Also, for Mag-
ahi POS, HIT reports the best F1-score of 0.775 –
increaments of +2.1% and +9.5% over CS-ELMo
and ML-BERT, respectively. These results suggest
that HIT is capable of handling monolingual and
low-resource texts in an efficient manner.

4.8 Learnable Parameters and Power Usage
We conduct all our experiments on 1 Tesla T4 GPU.
In Table 10, we report the total trainable param-
eters for HIT and other baselines. We observe
that HIT requires a comparable number of parame-
ters. For instance, in the Hindi-English sentiment
analysis task (sequence classification), HIT has
a total ~2.7M trainable parameters, while other
baselines such as, CS-ELMo, HAN, Subword-
LSTM, and BiLSTM require ~2.9M , ~2.7M ,
~2.1M , and ~2.8M parameters, respectively. ML-
BERT has a whopping ~179.2M parameters. Sim-
ilarly, in Hindi-English POS tagging, the num-
ber of parameters for HIT is comparable (or
even lesser) – HIT: ~1.4M , CS-ELMo: ~2.4M ,
HAN: ~1.4M , BiLSTM-CRF: ~1.5M , ML-BERT:
~177.9M . We observed similar distribution for
other tasks/languages as well.

We further note that HIT is significantly more
efficient than the current SOTA models as it takes
13 s/epoch to train which is significantly lower
than CS-ELMo (18 s/epoch), HAN (14 s/epoch),
and ML-BERT (172 s/epoch), while it takes a bit
more time compared to BiLSTM (12 s/epoch) and
Subword-LSTM (7 s/epoch). We also computed
the amount of power consumption for training HIT

4https://thottingal.in/blog/2019/09/
10/bis-pos-tagset-review/

Tasks Model # Params(M) Train Time(s/ep)

Se
nt

im
en

t CS-ELMo 2.9 18
HAN 2.7 14
BiLSTM 2.8 12
ML-BERT 179.2 172
HIT 2.7 13

PO
S

CS-ELMo 2.4 4
HAN 1.4 3
BiLSTM-CRF 1.5 2
ML-BERT 177.9 114
HIT 1.4 2

Table 10: Parameters and Runtime: Number of train-
able parameters and training runtime (second/epoch)
for the Hi-En PoS and sentiment classification tasks.

for a maximum 500 epochs. Following the guide-
lines of Strubell et al. (2019), we estimate a total
power consumption of 0.383 kWh and equivalent
CO2 emission of 0.365 pounds.

5 Conclusion

In this work, we present HIT – a hierarchical
transformer-based framework for learning robust
code-mixed representations. HIT contains a novel
fused attention mechanism, which calculates a
weighted sum of the multi-headed self attention
and outer-product attention, and is capable of cap-
turing relevant information at a more granular level.
We experimented with eleven code-mixed datasets
for POS, NER, sentiment classification, and MT
tasks across six languages. We observed that HIT
successfully outperforms existing SOTA systems.
We also demonstrate the task-invariant nature of
the representations learned by HIT via a transfer
learning setup, signifying it’s effectiveness in learn-
ing linguistic features of CM text rather than task-
specific features. Finally, we qualitatively show
that HIT successfully embeds semantically and pho-
netically similar words of a code-mixed language.
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A Appendix

A.1 Semantic Understanding of Languages
In this section, we study the semantic relationships
between different Indic languages. We calculate
the proportion of common words in Table 11 be-
tween different language pairs to understand the
multilingualism in India. We observe that Ben-
gali code-mixed texts have the highest proportion
of English words 32% as compared to other lan-
guages. Moreover, 50% of all Bengali words are
also present in the Hindi CM texts, although 58%
of those words are English. We observe that users
using Hindi CM texts use very few words taken
from other languages. On the other hand, a signifi-
cant proportion of Bengali and Telugu CM words
are common in other languages, although, majority
of them are English. The two Dravidian languages,
Tamil and Malayalam, show a very distinctive be-
havior. They share very little linguistic similarity
with other Indic languages. On the other hand,
10% of all Tamil words are used in Malayalam and
17% of all Malayalam words are used in Tamil.
Moreover, this sharing is not driven by English, as,
only 27% of these words are English, which is the
lowest proportion among all other language pairs.
Being originate from a similar root and having a
phonetic resemblance makes Tamil and Malayalam
sister languages5. Similar observations are also
made from the word representation lens. We use
t-SNE (Van der Maaten and Hinton, 2008) plots
to embed HIT’s representations onto a 2-D space
for interpretability (Fig 3). Although, the embed-
dings are well clustered based on the languages, we
can easily figure out the semantically similar words
across languages embedded onto a similar space.
Furthermore, Fig 3(b) shows that pronouns (e.g.,

‘aap’) in Tamil, Telegu and Hindi are embedded
onto a similar space with Bengali words ‘aamar’,

‘aamay’. Although each of these representations are
learned on separate models on separate datasets, the
robustness of the underlying hierarchical represen-
tation enables our model to capture cross-lingual
semantics from noisy code-mixed texts. We can
attribute these observations to the relatedness of
Indic languages on a socio-cultural basis.

A.2 Datasets
We report all available POS tags in Table 12.

5https://royalsocietypublishing.org/
doi/10.1098/rsos.171504
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Figure 3: t-SNE visualization (a) of all words; (b) of
selected pronouns. Overlapping clusters show how se-
mantically similar words from different languages are
embedded onto a similar space.

A.3 Confusion Matrices and Error Analysis

We report the confusion matrices to show the label-
wise performance for the sentiment classification,
PoS tagging and NER in Tables 5, 4, and 6, respec-
tively.

We similarly perform qualitative analysis on the
MT task where our model shows superior perfor-
mance as compared to the baselines. In example
1 of Table 13 (d), HIT translates the English text
‘‘Licencing and import policies were liberalise” to
“Licencing aur policies liberal the |”. Although this
prediction has very low BLEU score when eval-
uated against the target, this example shows an
interesting observation. The overall translation is
a contextually meaningful sentence in Hindi. Fur-
ther HIT translates the phrase ‘were liberalise’ to

‘liberal the’. In Hindi, ‘the’ represents past tense.
Another interesting observation is the ability of
HIT to copy texts from source to predicted text.
Even without having an explicit copying mecha-
nism (See et al., 2017), HIT is able to understand
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Target Language
Hindi (English) Malayalam (English) Tamil (English) Bengali (English) Telegu (English) Spanish (English)

So
ur

ce
L

an
gu

ag
e Hindi 1.00 (0.16) 0.02 (0.41) 0.04 (0.39) 0.02 (0.58) 0.02 (0.57) 0.07 (0.62)

Malayalam 0.14 (0.41) 1.00 (0.06) 0.17 (0.27) 0.03 (0.71) 0.05 (0.57) 0.07 (0.64)
Tamil 0.15 (0.39) 0.10 (0.27) 1.00 (0.07) 0.03 (0.69) 0.05 (0.56) 0.07 (0.64)
Bengali 0.50 (0.58) 0.16 (0.58) 0.23 (0.69) 1.00 (0.32) 0.21 (0.71) 0.36 (0.72)
Telegu 0.36 (0.57) 0.15 (0.57) 0.29 (0.56) 0.12 (0.71) 1.00 (0.22) 0.28 (0.65)
Spanish 0.12 (0.62) 0.02 (0.64) 0.03 (0.64) 0.02 (0.72) 0.03 (0.65) 1.00 (0.11)

Table 11: Proportion of words in source language in the target language.

Lang POS tags
Hindi (14) X, VERB, NOUN, ADP, PROPN, ADJ, PART, PRON, DET, ADV, CONJ, PART_NEG, PRON_WH,

NUM
Bengali (39) N_NN, V_VM, RD_PUNC, N_NNP, PSP, PR_PRP, JJ, RB_AMN, CC, QT_QTF, DM_DMD, RP_RPD,

@, RD_RDF, V_VAUX, DT, PR_PRQ, #, RP_NEG, E, $, RB_ALC, N_NNV, PR_PRL, N_NST, RP_INJ,
RD_SYM, DM_DMR, RP_INTF, PR_PRF, DM_DMQ, QT_QTO, U, QT_QTC, PR_PRC, RD_ECH,
QY_QTO, Ã°Å¸Ëœ, ∼

Telugu (52) N_NN, N_NNP, RD_RDF, RD_PUNC, V_VM, JJ, @, PSP, PR_PRP, RP_INJ, DT, RB_AMN, CC, $, U,
E, #, N_NNV, &, PR_PRQ, V_VAUX, RD_PUNC", ∼, RD_RDFP, QT_QTF, RD_UNK, DM_DMD,
RP_RPD, RB_ALC, DM_DMQ, RD_ECH, N_NST, acro, PR_PRL, QT_QFC, RP_RDF, PR_PRC, r,
RD_SYM, RD_RDFF, psp, PR_PRF, QT_QTP, RD_P/UNC, PR_PPR, PR_RPQ, RPR_PRP, RP_INTF,
-

Spanish (17) VERB, PUNCT, PRON, NOUN, DET, ADV, ADP, INTJ, CONJ, ADJ, AUX, SCONJ, PART, PROPN,
NUM, UNK, X

Table 12: POS tagsets for different datasets.
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Figure 4: Confusion matrices of HIT on POS tasks. Due to high cardinality of output classes, we do not report for
Bengali and Telugu.

the key phrases that co-occur in both Hindi and
English, like, numeric and proper nouns and copies
these tokens while generating. This shows how our
model can also be used in conditional generation
of texts. It also ends the sentence with |, which is a
common punctuation widely used as a full stop in
Hindi texts.
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Figure 5: Confusion matrices of HIT on sentiment tasks.
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Figure 6: Confusion matrices of HIT on NER.
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Input Sys Prediction

1
Org: #surgicalstrike_X #pakistan_X will_V not_Neg sleep_N
in_ADP peace_N tonight_N ._X khamoshi_V toofan_V ke_ADP
aane_V ki_ADP aahat_N to_P nahi_Neg

A #surgicalstrike_X #pakistan_X will_V not_part_Neg sleep_N
in_ADP peace_N tonight_N ._X, khamoshi_V toofan_V ke_ADP
aane_V ki_ADP aahat_N to_P nahi_part_neg

Translated: #surgicalstrike #pakistan will not sleep in peace
tonight. Does this silence signify that a storm is approaching

B #surgicalstrike_X #pakistan_X will_V not_part_Neg sleep_N
in_ADP peace_N tonight_N ._X, khamoshi_V toofan_V ke_N
aane_V ki_ADP aahat_ADP to_P nahi_part_Neg

2
Org: minimum_N cincuenta_Num mil_Num por_ADP per-
sona_N ._Punct

A minimum_N cincuenta_Num mil_Num por_ADP persona_N
._Punct

Translated: minimum fifty thousand per person . B minimum_N cincuenta_Num mil_Num por_ADP persona_N
._Punct

(a) PoS

Input Sys Prediction

1
Org: @gurmeetramrahim {dhan dhan satguru}Per tera hi
aasra #msgloveshumanity salute 2 {msg}Org <url>

A @gurmeetramrahim {dhan dhan satguru}Per tera hi aasra #ms-
gloveshumanity salute 2 msg <url>

Translated: B @gurmeetramrahim {dhan dhan satguru}Per tera hi aasra #ms-
gloveshumanity salute 2 {msg}Org <url>

2
Org: ste {sábado}T ime nuestras alumnas en
{imagen modeling}Org by {la gatita}Per reciben la visita
de {monic abbad}Per , joven . . . <url>

A ste {sábado}T ime nuestras alumnas en imagen modeling by la
gatita reciben la visita de {monic}Per abbad , joven . . . <url>

Translated: This saturday our students in image modeling by
the kitten receive a visit from young monic abbad

B ste {sábado}T ime nuestras alumnas en imagen modeling by la
gatita reciben la visita de {monic abbad}Per , joven . . . <url>

(b) NER

Input Gold Prediction
A B

1
Org: safal videsh yatra ke liye badhai ho sir

Pos Pos NeuTrans: Congratulations on the successful foreign trip sir

2
Org: nunca pensé que " bruh " me frustraría tanto

Neu Neu NegTrans: I never thought that "bruh" would frustrate me so much

3
Org: desh chodo pahaley yeh media ko change karo ... !! ?

Neu Neg NegTrans: Leave the country, first change the media

(c) Sentiment

1
Source: Licencing and import policies were liberalise
Reference: license tatha import ki policies ko udar banaya
gaya
HIT: Licencing aur policies liberal the |

2
Source: This fact is based on possibility
Reference yah fact possibility par aadharit hai |
HIT: yah fact possibility par aadharit hai

(d) MT

Table 13: Error Analysis. System A denotes HIT and B denotes CS-ELMO.
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Abstract

The paradigm of data programming, which
uses weak supervision in the form of
rules/labelling functions, and semi-supervised
learning, which augments small amounts of
labelled data with a large unlabelled dataset,
have shown great promise in several text classi-
fication scenarios. In this work, we argue that
by not using any labelled data, data program-
ming based approaches can yield sub-optimal
performances, particularly when the labelling
functions are noisy. The first contribution of
this work is an introduction of a framework,
SPEAR which is a semi-supervised data pro-
gramming paradigm that learns a joint model
that effectively uses the rules/labelling func-
tions along with semi-supervised loss func-
tions on the feature space. Next, we also study
SPEAR-SS which additionally does subset se-
lection on top of the joint semi-supervised
data programming objective and selects a set
of examples that can be used as the labelled
set by SPEAR. The goal of SPEAR-SS is
to ensure that the labelled data can comple-
ment the labelling functions, thereby benefit-
ing from both data-programming as well as ap-
propriately selected data for human labelling.
We demonstrate that by effectively combining
semi-supervision, data-programming, and sub-
set selection paradigms, we significantly out-
perform the current state-of-the-art on seven
publicly available datasets. 1

1 Introduction

Modern machine learning techniques rely on large
amounts of labelled training data for text clas-
sification tasks such as spam detection, (movie)
genre classification, sequence labelling, etc. Super-
vised learning approaches have utilised such large
amounts of labelled data and, this has resulted in

1The source code is available at
https://github.com/ayushbits/
Semi-Supervised-LFs-Subset-Selection

huge successes in the last decade. However, the
acquisition of labelled data, in most cases, entails
a painstaking process requiring months of human
effort. Several techniques such as active learning,
distant supervision, crowd-consensus learning, and
semi-supervised learning have been proposed to
reduce the annotation cost (Settles et al., 2008).
However, clean annotated labels continue to be crit-
ical for reliable results (Bach et al., 2019; Goh et al.,
2018).

Recently, Ratner et al. (2016) proposed a
paradigm on data-programming in which several
Labelling Functions (LF) written by humans are
used to weakly associate labels with the instances.
In data programming, users encode the weak su-
pervision in the form of labelling functions. On
the other hand, traditional semi-supervised learning
methods combine a small amount of labelled data
with large unlabelled data (Kingma et al., 2014).
In this paper, we leverage semi-supervision in the
feature space for more effective data programming
using labelling functions.

1.1 Motivating Example

We illustrate the LFs on one of the seven tasks
on which we experiment with, viz., identifying
spam/no-spam comments in the YouTube reviews.
For some applications, writing LFs is often as sim-
ple as using keyword lookups or a regex expression.
In this specific case, the users construct heuristic
patterns as LFs for classifying spam/not-spam com-
ments. Each LF takes a comment as an input and
provides a binary label as the output; +1 indicates
that the comment is spam, -1 indicates that the
comment is not spam, and 0 indicates that the LF is
unable to assert anything for the comment (referred
to as an abstain). Table 1 presents a few example
LFs for spam and non-spam classification.

In isolation, a particular LF may neither be al-
ways correct nor complete. Furthermore, the LFs
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Id Description
LF1 If http or https in comment text, then return +1 otherwise

ABSTAIN (return 0)
LF2 If length of comment is less than 5 words, then return -1 other-

wise ABSTAIN (return 0).(Non spam comments are often short)
LF3 If comment contains my channel or my video, then return

+1 otherwise ABSTAIN (return 0).

Table 1: Three LFs based on keyword lookups or regex
expression for the YouTube spam classification task

may also produce conflicting labels. In the past,
generative models such as Snorkel (Ratner et al.,
2016) and CAGE (Chatterjee et al., 2020) have
been proposed for consensus on the noisy and con-
flicting labels assigned by the discrete LFs to deter-
mine the probability of the correct labels. Labels
thus obtained could be used for training any super-
vised model/classifier and evaluated on a test set.
We will next highlight a challenge in doing data
programming using only LFs that we attempt to ad-
dress. For each of the following sentences S1 . . . S6
that can constitute an observed set of training in-
stances, we state the value of the true label (±1).
While the candidates in S1 and S4 are instances of
a spam comment, the ones in S2 and S3 are not. In
fact, these examples constitute one of the canonical
cases that we discovered during the analysis of our
approach in Section 4.4.
1. 〈S1,+1〉: Please help me go to college
guys! Thanks from the bottom of my heart.
https://www.indiegogo.com/projects/

2. 〈S2,−1〉: I love this song
3. 〈S3,−1〉: This song is very good... but the
video makes no sense...
4. 〈S4,+1〉: https://www.facebook.com/teeLaLaLa

Further, let us say we have a completely unseen
set of test instances, S5 and S6, whose labels we
would also like to predict effectively:
5. 〈S5,−1〉: This song is prehistoric
6. 〈S6,+1〉: Watch Maroon 5’s latest ...
www.youtube.com/watch?v=TQ046FuAu00

In Table 2, we present the outputs of the LFs
as well as some n-gram features F1 (‘.com’) and
F2 (‘This song’) on the observed training exam-
ples S1, S2, S3 and S4 as well as on the unseen
test examples S5 and S6. For S1, the correct con-
sensus can easily be performed to output the true
label +1, since LF1 (designed for class +1) gets
triggered, whereas LF2 (designed for class -1) is
not triggered. Similarly, for S2, LF2 gets triggered
whereas LF1 is not, making it possible to easily
perform the correct consensus. Hence, we have
treated S1 and S2 as unlabelled, indicating that we

Training data LF outputs Features
id Label LF1(+1) LF2(-1) F1 F2
S1 +1 1 0 1 0
S2 -1 0 1 0 1
S3 -1 0 0 0 1
S4 +1 1 1 1 0

Test data
S5 -1 0 1 0 1
S6 +1 0 0 1 0

Table 2: Example illustrating the insufficiency of using
data programming using only LFs.

could learn a model based on LFs alone without
supervision if all we observed were these two ex-
amples and the outputs of LF1 and LF2. However,
the correct consensus on S3 and S4 is challenging
since both LF1 and LF2 either fire or do not. While
the (n-gram based) features F1 and F2 appear to be
informative and could potentially complement LF1
and LF2, we can easily see that correlating feature
values with LF outputs is tricky in a completely
unsupervised setup. To address this issue, we ask
the following questions:
(A) What if we are provided access to the true la-
bels of a small subset of instances - in this case,
only S3 and S4? Could the (i) correlation of fea-
tures values (eg. F1 and F2) with labels (eg. +1
and -1 respectively), modelled via a small set of
labelled instances (eg. S3 and S4), in conjunction
with (ii) the correlation of feature values (eg. F1
and F2) with LFs (eg. LF1 and LF2) modelled via
a potentially larger set of unlabelled instances (eg.
S1, S2), help improved prediction of labels for hith-
erto unseen test instances S5 and S6?
(B) Can we precisely determine the subset of the
unlabelled data that, when labelling would help
us train a model (in conjunction with the labelling
functions) that is most effective on the test set? In
other words, instead of randomly choosing the la-
belled dataset for doing semi-supervised learning
(part A), can we intelligently select the labelled
subset? In the above example, choosing the la-
belled set as S3, S4 would be much more useful
than choosing the labelled set as S1, S2.

As a solution to (A), in Section 3.3, we present
a new formulation, SPEAR, in which the parame-
ters over features and LFs are jointly trained in a
semi-supervised manner. SPEAR expands as Semi-
suPervisEd dAta pRogramming. As for (B), we
present a subset selection recipe, SPEAR-SS (in
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Section 3.4), that recommends the sub-set of the
data (e.g. S3 and S4), which, after labelling, would
most benefit the joint learning framework.

1.2 Our Contributions

We summarise our main contributions as follows:
To address (A), we present SPEAR (c.f., Sec-
tion 3.3), which is a novel paradigm for jointly
learning the parameters over features and labelling
functions in a semi-supervised manner. We jointly
learn a parameterized graphical model and a clas-
sifier model to learn our overall objective. To ad-
dress (B), we present SPEAR-SS (c.f., Section 3.4),
which is a subset selection approach to select the set
of examples which can be used as the labelled set
by SPEAR. We show, in particular, that through a
principled data selection approach, we can achieve
significantly higher accuracies than just randomly
selecting the seed labelled set for semi-supervised
learning with labelling functions. Moreover, we
also show that the automatically selected subset
performs comparably or even better than the hand-
picked subset by humans in the work reported by
Awasthi et al. (2020), further emphasising the ben-
efit of subset selection for semi-supervised data
programming. Our framework is agnostic to the
underlying network architecture and can be applied
using different underlying techniques without a
change in the meta-approach. Finally, we evalu-
ate our model on seven publicly available datasets
from domains such as spam detection, record clas-
sification, and genre prediction and demonstrate
significant improvement over state-of-the-art tech-
niques. We also draw insights from experiments in
synthetic settings (presented in the appendix).

2 Related Work

Data Programming and Unsupervised Learn-
ing: Snorkel (Ratner et al., 2016) has been pro-
posed as a generative model to determine correct
label probability using consensus on the noisy
and conflicting labels assigned by the discrete
LFs. Chatterjee et al. (2020) proposed a graphi-
cal model, CAGE, that uses continuous-valued LFs
with scores obtained using soft match techniques
such as cosine similarity of word vectors, TF-IDF
score, distance among entity pairs, etc. Owing to
its generative model, Snorkel is highly sensitive to
initialisation and hyper-parameters. On the other
hand, the CAGE model employs user-controlled
quality guides that incorporate labeller intuition

into the model. However, these models completely
disregard feature information that could provide ad-
ditional information to learn the (graphical) model.
These models try to learn a combined model for
the labelling functions in an unsupervised manner.
However, in practical scenarios, some labelled data
is always available (or could be made available
by labelling a few instances); hence, a completely
unsupervised approach might not be the best solu-
tion. In this work, we augment these data program-
ming approaches by designing a semi-supervised
model that incorporates feature information and
LFs to learn the parameters jointly. Hu et al. (2016)
proposed a student-teacher model that transfers
rule information by assigning linear weight to each
rule based on an agreement objective. The model
we propose in this paper jointly learns parameters
over features and rules in a semi-supervised man-
ner rather than just weighing their outputs and can
therefore be more expressive.

Other works such as Jawanpuria et al. (2011);
Dembczyński et al. (2008) discovers simple and
conjuctive rules from input features and assign
weight to each rules for better generalization.
Nagesh et al. (2012) induces rules from query lan-
guage to build NER extractor while Kulkarni et al.
(2018) uses active learning to derive consensus
among labelers to label data.

Semi-Supervised Data Programming: The only
work which, to our knowledge, combines rules
with supervised learning in a joint framework is
the work by Awasthi et al. (2020). They leverage
both rules and labelled data by associating each
rule with exemplars of correct firings (i.e., instanti-
ations) of that rule. Their joint training algorithms
denoise over-generalized rules and train a classifi-
cation model. Our approach differs from their work
in two ways: a) we do not have information of rule
exemplars - thus our labelled examples need not
have any correspondence to any of the LFs (and
may instead complement the LFs as illustrated
in Table 2) and b) we employ a semi-supervised
framework combined with graphical model for con-
sensus amongst the LFs to train our model. We also
study how to automatically select the seed set of
labelled data, rather than having a human provide
this seed set, as was done in (Awasthi et al., 2020).

Data Subset Selection: Finally, another approach
that has been gaining a lot of attention recently
is data subset selection. The specific application
of data subset selection depends on the goal at
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hand. Data subset selection techniques have been
used to reduce end to end training time (Mirza-
soleiman et al., 2019; Kaushal et al., 2019; Killam-
setty et al., 2021) and to select unlabelled points in
an active learning manner to label (Wei et al., 2015;
Sener and Savarese, 2017) or for topic summariza-
tion (Bairi et al., 2015). In this paper, we present
a framework (SPEAR-SS) of data subset selection
for selecting a subset of unlabelled examples for
obtaining labels complementary to the labelling
functions.

3 Methodology

3.1 Problem Description

Let X and Y ∈ {1...K} be the feature space and
label space, respectively. We also have access to m
labelling functions (LF) λ1 to λm. As mentioned
in Section 1.1, each LF λj is designed to record
some class; let us denote2 by kj ∈ {1...K}, the
class associated with λj . The dataset consists of 2
components, viz.,
1. L = {(x1, y1, l1), (x2, y2, l2), . . . ,
(xN , yN , lN )}, which denotes the labelled dataset
and
2. U = {(xN+1, lN+1), (xN+2, lN+2), . . . ,
(xM , lM )}, which denotes the unlabelled dataset
wherein xi ∈ X , yi ∈ Y .
Here, the vector li = (li1, li2, . . . , lim) denotes the
firings of all the LFs on instance xi. Each lij can
be either 1 or 0. lij = 1 indicates that the LF λj
has fired on the instance i and 0 indicates it has not.
All the labelling functions are discrete; hence, no
continuous scores are associated with them.

3.2 Classification and Labelling Function
Models

SPEAR has a feature-based classification model
fφ(x) which takes the features as input and predicts
the class label. Examples of fφ(x) we consider in
this paper are logistic regression and neural net-
work models. The output of this model is P fφ (y|x),
i.e., the probability of the classes given the input
features. This model can be a simple classifica-
tion model such as a logistic regression model or a
simple neural network model.

We also use an LF-based graphical model
Pθ(li, y) which, as specified in equation (1) for
an example xi, is a generative model on the LF

2We use the association of LF λj with some class kj only
in the quality guide component (QG) of the loss in eqn. 3

Notation Description
fφ The feature-based Model
P fφ The label probabilities as per the feature-based model fφ
Pθ The label probabilities as per the LF-based Graphical Model

LCE Cross Entropy Loss: LCE
(
P fφ (y|x), ỹ

)
= − log

(
P fφ (y = ỹ|x)

)

H Entropy function : H(P fφ (y|x)) = −
∑
ŷ

P fφ (y = ŷ|x) logP fφ (y = ŷ|x)

g Label Prediction from the LF-based graphical model
LLs Supervised negative log likelihood
LLu Unsupervised negative log likelihood summed over labels
KL KL Divergence between two probability models
R Quality Guide based loss

Table 3: Summary of notation used.

outputs and class label y.

Pθ(li, y) =
1

Zθ

m∏

j=1

ψθ(lij , y) (1)

ψθ(lij , y) =

{
exp(θjy) if lij 6= 0

1 otherwise.
(2)

There are K parameters θj1, θj2...θjK for each LF
λj , where K is the number of classes. The model
makes the simple assumption that each LF λj inde-
pendently acts on an instance xi to produce outputs
li1, l1i...lim. The potentials ψθ invoked in equation
(1) are defined in equation (2). Zθ is the normaliza-
tion factor. We propose a joint learning algorithm
with semi-supervision to employ both features and
LF predictions in an end-to-end manner.

3.3 Joint Learning in SPEAR
We first specify the objective of SPEAR and there-
after explain each of its components in greater de-
tail:

min
θ,φ

∑

i∈L
LCE

(
P fφ (y|xi), yi

)
+
∑

i∈U
H
(
P fφ (y|xi)

)

+
∑

i∈U
LCE

(
P fφ (y|xi), g(li)

)
+ LLs(θ|L)

+ LLu(θ|U) +
∑

i∈U∪L
KL

(
P fφ (y|xi), Pθ(y|li)

)

+R(θ|{qj}) (3)

Before we proceed further, we refer the reader to
Table 3 in which we summarise the notation built
so far as well as the notation that we will soon be
introducing.
First Component (L1): The first compo-
nent (L1) of the loss LCE

(
P fφ (y|xi), yi

)
=

− log
(
P fφ (y = yi|xi)

)
is the standard cross-

entropy loss on the labelled dataset L for the model
P fφ .
Second Component (L2): The second compo-
nent L2 is the semi-supervised loss on the unla-
belled data U . In our framework, we can use any

4643



unsupervised loss function. However, for this pa-
per, we use the Entropy minimisation (Grandvalet
and Bengio, 2005) approach. Thus, our second
component H

(
P fφ (y|xi)

)
is the entropy of the

predictions on the unlabelled dataset. It acts as a
form of semi-supervision by trying to increase the
confidence of the predictions made by the model
on the unlabelled dataset.
Third Component (L3): The third component
LCE

(
P fφ (y|xi), g(li)

)
is the cross-entropy of the

classification model using the hypothesised labels
from CAGE (Chatterjee et al., 2020) on U . Given
that li is the output vector of all labelling functions
for any xi ∈ U , we specify the predicted label for
xi using the LF-based graphical model Pθ(li, y)
from eqn. (1) as: g(li) = argmaxyPθ(li, y).
Fourth Component (L4): The fourth component
LLs(θ|L) is the (supervised) negative log likeli-
hood loss on the labelled dataset L as per eqn. (3):

LLs(θ|L) = −
N∑
i=1

logPθ(li, yi)

Fifth Component (L5): The fifth component
LLu(θ|U) is the negative log likelihood loss for
the unlabelled dataset U as per eqn. (3). Since the
true label information is not available, the proba-
bilities need to be summed over y: LLu(θ|U) =

−
M∑

i=N+1

log
∑
y∈Y

Pθ(li, y)

Sixth Component (L6): The sixth component
KL(P fφ (y|xi), Pθ(y|li)) is the Kullback-Leibler
(KL) divergence between the predictions of both
the models, viz., feature-based model fφ and the
LF-based graphical model Pθ summed over every
example xi ∈ U ∪ L. Through this term, we try
and make the models agree in their predictions over
the union of the labelled and unlabelled datasets.
Quality Guides (QG): As the last component in
our objective, we use quality guides R(θ|{qj}) on
LFs, which have been shown in (Chatterjee et al.,
2020) to stabilise the unsupervised likelihood train-
ing while using labelling functions. Let qj be the
fraction of cases where λj correctly triggered, and
let qtj be the user’s belief on the fraction of exam-
ples xi where yi and lij agree. If the user’s beliefs
were not available, we consider the precision of the
LFs on the validation set as the user’s beliefs. Ex-
cept for the SMS dataset, we take the precision of
the LFs on the validation set as the quality guides.
If Pθ(yi = kj |lij = 1) is the model-based preci-
sion over the LFs, the quality guide based loss can
be expressed as R(θ|{qtj}) =

∑
j q

t
j logPθ(yi =

kj |lij = 1)+(1−qtj) log(1−Pθ(yi = kj |lij = 1)).
Throughout the paper, we consider QG always in
conjunction with Loss L5.

In summary, the first three components (L1, L2
and L3) invoke losses on the supervised model
fφ. While L1 compares the output fφ against the
ground truth in the labelled set L, L2 and L3 op-
erate on the unlabelled data U by minimizing the
entropy of fφ (L2) and by calibrating the fφ output
against the noisy predictions g(li) of the graphical
model Pθ(li, y) for each xi ∈ U (L3). The next
two components L4 and L5 focus on maximizing
the likelihood of the parameters θ of Pθ(li, y) over
labelled xi ∈ L and unlabelled xi ∈ U datasets
respectively. Finally, in L6, we compare the prob-
abilistic outputs from the supervised model fφ
against those from the graphical model Pθ(l, y)
through a KL divergence based loss. We use the
ADAM (stochastic gradient descent) optimizer to
train the non-convex loss objective.

Previous data programming approaches (Bach
et al., 2019; Chatterjee et al., 2020) adopt a cas-
caded approach in which they first optimise a vari-
ant of L5 to learn the θ parameters associated with
the LFs and thereafter use the noisily generated
labels using g(l) to learn the supervised model fφ
using a variant of L3. In contrast, our approach
learns the LF’s θ parameters and the model’s φ
parameters jointly in the context of the unlabelled
data U .

We present synthetic experiments to illustrate the
effect of SPEAR for data programming and semi-
supervision in a controlled setting in which (i) the
overlap between classes in the data is controlled
and (ii) the labelling functions are accurate. The
details of the synthetic experiments are provided in
the appendix.

3.4 SPEAR-SS: Subset Selection with SPEAR

Suppose we are given an unlabelled data set U and
a limited budget for data labelling because of the
costs involved in it. It is essential for us to choose
the data points that need to be labelled properly.
We explore two strategies for selecting a subset
of data points from the unlabelled set. We then
obtain the labels for this subset, and run SPEAR on
the combination of this labelled and unlabelled set.
The two approaches given are intended to maximise
diversity of the selected subset in the feature space.
We complement both the approaches with Entropy
Filtering (also described below).
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Unsupervised Facility Location: In this ap-
proach, given an unlabelled data-set U , we want
to select a subset S such that the selected subset
has maximum diversity with respect to the fea-
tures. Inherently, we are trying to maximise the
information gained by a machine learning model
when trained on the subset selected. The objec-
tive function for unsupervised facility location is
funsup(S) =

∑
i∈U maxj∈S σij where σij denotes

the similarity score (in the feature space X ) be-
tween data instance xi in unlabelled set U and data
instance xj in selected subset data S. We employ
a lazy greedy strategy to select the subset. In con-
junction with Entropy Filtering described below,we
call this technique Unsupervised Subset Selection.
Supervised Facility Location: The objec-
tive function for Supervised Facility Lo-
cation (Wei et al., 2015) is fsup(S) =∑

y∈Y
∑

i∈Uy maxj∈S∩Uy σij . Here we as-
sume that Uy ⊆ U is the subset of data points
with hypothesised label y. Simply put, Uy forms
a partition of U based on the hypothesized labels
obtained by performing unsupervised learning with
labelling functions. In conjunction with Entropy
Filtering, we call this technique Supervised Subset
Selection.
Entropy Filtering: We also do a filtering based
on entropy. In particular, we sort the examples
based on maximum entropy and select fB number
of data points3, where B is the data selection bud-
get (which was set to the size of the labelled set
|L| in all our experiments). On the filtered dataset,
we perform the subset selection, using either the
supervised or unsupervised facility location as de-
scribed above. Below, we describe the optimisation
algorithm for subset selection.
Optimisation Algorithms and Submodularity:
Both funsup(S) and fsup(S) are submodular func-
tions. We select a subset S of the filtered unla-
belled data, by maximising these functions under
a cardinality budget k (i.e., a labelling budget).
For cardinality constrained maximisation, a simple
greedy algorithm provides a near-optimal solution
(Nemhauser et al., 1978). Starting with S0 = ∅,
we sequentially update

St+1 = St ∪ argmax
j∈U\St

f(j|St) (4)

where f(j|S) = f(S ∪ j)− f(S) is the gain of
adding element j to set S. We iteratively execute
the greedy step (4) until t = k and |St| = k. It

3In our experiments, we set f = 5

is easy to see that the complexity of the greedy
algorithm is O(nkTf ), where Tf is the complexity
of evaluating the gain f(j|S) for the supervised and
unsupervised facility location functions. We then
significantly optimize this simple greedy algorithm
via a lazy greedy algorithm (Minoux, 1978) via
memoization and precompute statistics (Iyer and
Bilmes, 2019).

Dataset |L| |U| #Rules/LFs Precision %Cover |Test|
MIT-R 1842 64888 15 80.7 14 14256
YouTube 100 1586 10 78.6 87 250
SMS 69 4502 73 97.3 40 500
Census 83 10000 83 84.1 100 16281
Ionosphere 73 98 64 65 100 106
Audit 162 218 52 87.5 100 233
IMDB 284 852 25 80 58.1 500

Table 4: Statistics of datasets and their rules/LFs. Pre-
cision refers to micro precision of rules. %Cover is the
fraction of instances in U covered by at least one LF.
Size of Validation set is equal to |L|.

4 Experiments

In this section, we (1) evaluate our joint learning
against state-of-the-art approaches and (2) demon-
strate the importance of subset selection over ran-
dom subset selection. We present evaluations on
seven datasets on tasks such as text classification,
record classification and sequence labelling.

4.1 Datasets
We adopt the same experimental setting as in
Awasthi et al. (2020) for the dataset split and the
labelling functions. However (for the sake of fair-
ness), we set the validation data size to be equal
to the size of the labelled data-set unlike Awasthi
et al. (2020) in which the size of the validation set
was assumed to be much larger.

We use the following datasets: (1) YouTube:
A spam classification on YouTube comments; (2)
SMS Spam Classification (Almeida et al., 2011),
which is a binary spam classification dataset con-
taining 5574 documents; (3) MIT-R (Liu et al.,
2013), is a sequence labelling task on each token
with following labels: Amenity, Prices, Cuisine,
Dish, Location, Hours, Others; (4) IMDB, which
is a plot summary based movie genre binary clas-
sification dataset, and the LFs (and the labelled
set) are obtained from the approach followed by
Varma and Ré (2018); (5) Census (Dua and Graff,
2017), (6) Ionosphere, and (7) Audit, which are
all UCI datasets. The task in the Census is to pre-
dict whether a person earns more than $50K or not.
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Ionosphere is radar binary classification task given
a list of 32 features. The task in the Audit is to
classify suspicious firms based on the present and
historical risk factors.

Statistics pertaining to these datasets are pre-
sented in Table 4. Since we compare performances
against models that adopt different terminology, we
refer to rules and labelling functions interchange-
ably. For fairness, we restrict the size of the vali-
dation set and keep it equal to the size |L| of the
labelled set. For all experiments involving com-
parison with previous approaches, we used code
and hyperparameters from (Awasthi et al., 2020)
but with our smaller-sized validation set. Note that
we mostly outperform them even with their larger-
sized validation set as can be seen in Table 5. More
details on training and validation set size are given
in the appendix.

4.2 Baselines

In Table 5, we compare SPEAR and SPEAR-SS
against other following standard methods on seven
datasets.
Only-L: We train the classifier Pθ(y|x) only on
the labelled data L using loss component L1. As
explained earlier, following (Awasthi et al., 2020),
we observe that a 2-layered neural network trained
with the small amount of labelled data is capable
of achieving competitive accuracy. We choose this
method as a baseline and report gains over it.
L + Umaj : We train the baseline classifier
Pθ(y|x) on the labelled data L along with Umaj
where labels on the U instances are obtained by
majority voting on the rules/LFs. The training
loss is obtained by weighing instances labelled
by rules as minθ

∑
(xi,li)∈L− logPθ(li|xi) +

γ
∑

(xi,yi)∈L− logPθ(yi|xi).
Learning to Reweight (L2R) (Ren et al., 2018):
This method trains the classifier by an online train-
ing algorithm that assigns importance to examples
based on the gradient direction.
L+USnorkel (Ratner et al., 2016): Snorkel’s gen-
erative model that models class probabilities based
on discrete LFs for consensus on the noisy and con-
flicting labels.
Posterior Regularization (PR) (Hu et al., 2016):
This is a method for joint learning of a rule and
feature network in a teacher-student setup.
Imply Loss (Awasthi et al., 2020): This approach
uses additional information in the form of labelled
rule exemplars and trains with denoised rule-label

loss. Since it uses information in addition to what
we assume, Imply Loss can be considered as a
skyline for our proposed approaches.

4.3 Results with SPEAR

SPEAR uses the ‘best’ combination of the loss com-
ponents L1, L2, L3, L4, L5, L6. To determine
the ‘best’ combination, we perform a grid search
over various combinations of losses using valida-
tion accuracy/f1-score as the criteria for selecting
the most appropriate loss combination. Imply Loss
uses a larger-sized validation set to tune their mod-
els. In our experiments, we maintained a validation
set size equal to the size of the labelled data. In
Table 5, we observe that SPEAR performs signifi-
cantly better than all other approaches on all but
the MIT-R data-set. Please note that all results are
based on the same hand-picked labelled data subset
as was chosen in prior work (Awasthi et al., 2020;
Varma and Ré, 2018), except for Audit and Iono-
sphere. Even though we do not have rule-exemplar
information in our model, SPEAR achieves better
gains than even ImplyLoss. Recall that the use of
ImplyLoss can be viewed as a skyline approach
owing to the additional exemplar information that
associates labelling functions with specific labelled
examples. The slightly lower performance of the
‘best’ SPEAR on the MIT-R data-set can be par-
tially explained by the fact that there are no LFs
corresponding to the ‘0’ class label, owing to which
our graphical model is not trained for all classes.
However, as we will show in the next section, by
suitably determining a subset of the data-set that
can be labelled (using the facility location represen-
tation function), we achieve improved performance
even on the MIT-R data-set (see Table 5). Also,
note that in Table 5, we present results on two ver-
sions of Audit, one in which both the train and
test set are balanced, and the other where the la-
belled training set is imbalanced. In the imbalanced
case (where the number of positives are only 10%),
we were unable to successfully run the ImplyLoss
and Posterior-Reg models (and hence the ‘-’), de-
spite communication with the authors. We see
that SPEAR and similarly, SPEAR-SS (discussed
below) significantly outperform the baselines by al-
most 40% in the imbalanced case. In the balanced
case, the gains are similar to what we observe on
the other datasets.
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Methods
Datasets

YouTube
[Accuracy]

SMS
[F1]

MIT-R
[F1]

IMDB
[F1]

Census
[Accuracy]

Ionosphere
[F1]

Audit (Imb)
[F1]

Audit (Bal)
[F1]

Only-L (Handpicked) 90.7 (1.2) 90.0 (3.7) 74.1 (0.4) 72.2 (3.1) 78.3 (0.3) 92.7 (0.5) 24.7(2.6) 87.3 (0.9)

L+Umaj (Handpicked) +1.9 (1.1) -0.3 (1.4) +0.1(0.2) +1.2 (0.3) -0.9 (0.4) +0.4 (0.7) -4.8 (6) -1.4(4.2)

L2R (Ren et al., 2018) (Handpicked) -3.7 (5.1) +0.7 (2.9) -20.2(0.9) +4.5(0.2) +3.6(0.3) -18.8 (0.3) -1.2(3.2) -3.0(4.9)

L+USnorkel (Ratner et al., 2016) (Handpicked) +0.9 (2.6) +0.3 (4.5) -0.3(0.2) +0.6(1.8) +1.7 (0.2) -0.6 (0.5) -7.4(3.4) -0.6(4.2)

Posterior Reg (Hu et al., 2016) (Handpicked) -1.9(1.6) -3.3 (1.9) -0.2 (0.2) +1.1 (0.7) -1.9 (0) -0.1(0.7) - +0.1 (1.4)

ImplyLoss (Awasthi et al., 2020) (Handpicked) +0.4 (0.5) +0.9(0.9) 0.9(0.4) +4.3 (1.5) +3.4 (0.1) -3.9(2.4) - +0.5(1)

SPEAR (Handpicked) +3.7(0.5) +3.4(0.9) -0.8 (0.5) +4.9(0.3) +3.7 (0.3) +5.4 (0.3) +44 (0.9) +4.3 (0.9)

SPEAR-SS (Random Subset Selection) +3.5 +1.8 -2.9 +4.0 -5.2 +4.7 +41.7 +2.0
SPEAR-SS (Unsupervised Subset Selection) +3.9 +1.9 +2.6 -0.6 +2.5 +4.8 +43.5 +3.3
SPEAR-SS (Supervised Subset Selection) +4.2 +3.2 +2.9 +6.3 +2.5 +5.1 +44.5 +3.5

Table 5: Performance of SPEAR and SPEAR-SS for three subset selection schemes on seven data-sets. All numbers
reported are gains over the baseline method (Only-L). All results are averaged over 5 runs. Numbers in brackets
‘()’ represent standard deviation of the original score. Handpicked instances refers to instances selected from the
dataset for designing LFs. These instances are taken directly from (Awasthi et al., 2020) to ensure fair comparison.

4.4 Results with SPEAR-SS

Recall that all results discussed so far (including
those for SPEAR) on the Youtube, SMS, MIT-R,
IMDB and Census datasets were based on the
same ‘hand-picked’ labelled data subset as in prior
work (Awasthi et al., 2020; Varma and Ré, 2018).
In the case of Audit and Ionosphere, the labelled
subset was randomly picked. In Table 5, we sum-
marise the results obtained by employing super-
vised and unsupervised subset selection schemes
for picking the labelled data-set and present com-
parisons against results obtained using (i) ‘hand-
picked’ labelled data-sets, and (ii) random selec-
tion of the labelled set. In each case, the size of
the subset is the same, which we set to be the
size of the hand-picked labelled set. Our data se-
lection schemes are applied to the ‘best’ SPEAR

model obtained across various loss components.
We observe that the best-performing model for
the supervised and unsupervised data selection
tends to outperform the best model based on ran-
dom selection. Secondly, we observe that between
the supervised and unsupervised data selection ap-
proaches, the supervised one tends to perform the
best, which means that using the hypothesised la-
bels does help. Thirdly, we observe that YouTube,
MIT-R, IMDB and Audit using the selected subset
outperform prior work that employ hand picked
data-set, whereas, in the case of SMS, Census and
Ionosphere, we come close. Finally, our approach
is more stable than other approaches as the stan-
dard deviation of SPEAR is low for 5 different runs
across all the datasets.

As an illustration, the examples such as S3
and S4 referred to in Section 1.1 were precisely
obtained through supervised subset selection in

SPEAR-SS, to form part of the labelled dataset. As
previously observed in Table 2, S3 and S4 comple-
ment (via n-grams features such as F1 and F2) the
effect of the labelling functions LF1 and LF2 on
the unlabelled examples such as S1 and S2, when
included in the labelled set. Further detailed results
with subset selection, etc. can be found in the ap-
pendix. In general, we observe that when the subset
of instances selected for labelling is complemen-
tary to the labelling functions (as in our case), the
performance is higher than when the labelled exam-
ples (exemplars) are inspired by labelling functions
themselves as done in the work by Awasthi et al.
(2020).

4.5 Significance Test

We employ the Wilcoxon signed-rank test
(Wilcoxon, 1992) to determine whether there is
a significant difference between SPEAR and Imply
Loss (current state-of-the-art). Our null hypothesis
is that there is not significant difference between
SPEAR and Imply loss. For n = 7 instances, we ob-
serve that the one-tailed hypothesis is significant at
p < .05, so we reject the null hypothesis. Clearly,
SPEAR significantly outperforms Imply loss and,
therefore, all previous baselines.

Similarly, we perform the significance test to
assess the difference between SPEAR-SS and Im-
ply Loss. As expected, the one-tailed hypothesis
is significant at p < 0.05, which implies that our
SPEAR-SS approach significantly outperforms Im-
ply Loss, and thus all other approaches.

5 Conclusion

We study how data programming can benefit from
labelled data by learning a model (SPEAR) that
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Methods Datasets

YouTube
[Accuracy]

SMS
[F1]

MIT-R
[F1]

Census
[Accuracy]

ImplyLoss (Awasthi et al.,
2020)

94.1 93.2 74.3 81.1

SPEAR (Handpicked) +0.3 +0.2 -0.9 +0.9
SPEAR-SS (Supervised Sub-
set Selection)

+0.8 0.0 +1.7 -0.3

Table 6: Comparison of SPEAR and SPEAR-SS against
ImplyLoss on subset of datasets from Table 5 for which
ImplyLoss used a much larger validation set than |L|.
JL uses a validation set sizes equal to |L|.

jointly optimises the consensus obtained from la-
belling functions in an unsupervised manner, along
with semi-supervised loss functions designed in
the feature space. We empirically assess the per-
formance of the different components of our joint
loss function. As another contribution, we also
study some subset selection approaches to guide
the selection of the labelled subset of examples. We
present the performance of our models and present
insights on both synthetic and real datasets. While
outperforming previous approaches, our approach
is often better than an exemplar-based (skyline) ap-
proach that uses the additional information of the
association of rules with specific labelled exam-
ples.
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gramming: Creating large training sets, quickly. In
Advances in neural information processing systems,
pages 3567–3575.

Mengye Ren, Wenyuan Zeng, Bin Yang, and Raquel
Urtasun. 2018. Learning to reweight examples for
robust deep learning. In International Conference
on Machine Learning, pages 4334–4343.

Ozan Sener and Silvio Savarese. 2017. Active learn-
ing for convolutional neural networks: A core-set
approach. arXiv preprint arXiv:1708.00489.

Burr Settles, Mark Craven, and Lewis Friedland. 2008.
Active learning with real annotation costs. In Pro-
ceedings of the NIPS workshop on cost-sensitive
learning, pages 1–10. Vancouver, CA:.

Paroma Varma and Christopher Ré. 2018. Snuba: Au-
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A Illustration of SPEAR on a synthetic
setting

Through a synthetic example, we illustrate the ef-
fectiveness of our formulation of combining semi-
supervised learning with labelling functions (i.e.,
combined Losses 1-6) to achieve superior perfor-
mance. Consider a 3-class classification problem
with overlap in the feature space as depicted in
Figure 1. The classes are A, B and C. Though we
illustrate the synthetic setting in 2 dimensions, in
reality, we performed similar experiments in three
dimensions (and results were similar). We ran-

Figure 1: Synthetic data

domly pick 5 points from each class i ∈ {a, b, c},
and corresponding to each such point (xi, yi) we
create a labelling function based on its coordinates:

• LFa: Consider the point (xa, ya). The corre-
sponding LF will be: if y ≥ ya return 1 (i.e.
classify as class A) else return 0 (abstain).

• LFb: Similarly for (xb, yb) the LF will return
1 if x ≤ xb and else will return 0.

• LFc: The LF corresponding to (xc, yc) will
return 1 if x ≥ xc and else will return 0.

These seemingly 15 weak labelling functions (5
for each class) actually aid in classification when
the labelled example set is extremely small and
the classifier is unable to get a good estimate of
the class boundaries. This can be observed in Ta-
ble 7 wherein we report the F1 score on a held
out test dataset for models obtained by training
on the different loss components. The results are
reported in the case of three dimensions, wherein
each circle was obtained as a 3-dimensional gaus-
sian. The means for the three classes A, B and
C were respectively, (0, 0, 0), (0, 1, 0) and (0, 0, 1)
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and the variance for each class was set to (1, 1, 1).
The training and test sets had 1000 examples each,
with roughly equal number of samples randomly
generated from each class (gaussian). In the first
experiment (result in the first row of Table 7), the
training was performed on the L1 loss by treating
the entire data-set of 1000 examples as labelled.
In all the other experiments only 1% (10 exam-
ples with almost uniform distribution across the 3
classes) of the training set was considered to be
labelled and the remaining (990 examples) were
treated as unlabelled.

Loss component used for training F1 Score
L1 (on entire dataset as labelled) 0.584
L1 (1% labelled) 0.349
L1 (1% labelled) +L2 0.352
L1 (1% labelled)+L2+L3+L4 (1% labelled)+L5+L6 0.440
L4 (1% labelled)+L5 0.28

Table 7: F1 scores on test data in the synthetic setting

We make the following important observations
with respect to Table 7: (1) Skyline: When the en-
tire training data is treated as labelled and loss func-
tion L1 is minimized, we obtain a skyline model
with F1 score of 0.584. (2) With just 1% labelled
data on L1, we achieve 0.349 F1 score (using only
the labelled data). (3) We obtain an F1 score of 0.28
using the labelling functions on the unlabelled data
(for L5) in conjunction with the 1% labelled data
(for L4). (4) When the 1% labelled data (for L1)
and the remaining observed unlabelled data (for
L2) are used to train the semi-supervised model
using L1+L2, an F1 score of 0.352 is obtained. (5)
However, by jointly learning on all the loss compo-
nents, we observe an F1 score of 0.44. This is far
better than the numbers obtained using only (semi)-
supervised learning and those obtained using only
the labelling functions. Understandably, this num-
ber is lower than the skyline of 0.584 mentioned
on the first row of Table 7.

B Network Architecture

To train our model on the supervised data L, we use
a neural network architecture having two hidden
layers with ReLU activation. We chose our classi-
fication network to be the same as (Awasthi et al.,
2020). In the case of MIT-R and SMS, the classi-
fication network contain 512 units in each hidden
layer whereas the classification network for Census
has 256 units in its hidden layers. For the YouTube
dataset, we used a simple logistic regression as a

Datasets lr (f network) lr (g network) Batch Size
SMS 0.0001 0.01 256
MIT-R 0.0003 0.001 512
Census 0.0003 0.001 256
Youtube 0.0003 0.001 32
Ionosphere 0.003 0.01 32
Audit 0.0003 0.01 32
IMDB 0.0003 0.01 32

Table 8: Hyper parameter details for the different
datasets

classifier network, again as followed in (Awasthi
et al., 2020). The features as well as the labelling
functions for each dataset are also directly obtained
from Snorkel (Ratner et al., 2016) and (Awasthi
et al., 2020). Please note that all experiments (bar-
ring those on subset selection) are based on the
same hand-picked labelled data subset as was cho-
sen in (Awasthi et al., 2020).

In each experiment, we train our model for 100
epochs and early stopping was performed based on
the validation set. We use Adam optimizer with the
dropout probability set to 0.8. The learning rate for
f and g network are set to 0.0003 and 0.001 respec-
tively for YouTube, Census and MIT-R datasets.
For SMS dataset, learning rate is set to 0.0001 and
0.01 for f and g network. For Ionosphere dataset,
learning rate for f is set to 0.003. For each ex-
periment, the numbers are obtained by averaging
over five runs, each with a different random ini-
tialisation. The model with the best performance
on the validation set was chosen for evaluation on
the test set. As mentioned previously, the experi-
mental setup in (Awasthi et al., 2020) surprisingly
employed a large validation set. For fairness, we re-
strict the size of the validation set and keep it equal
to the size of the labelled set. For all experiments
involving comparison with previous approaches,
we used code and hyperparameters from (Awasthi
et al., 2020) but with our smaller sized validation
set.

Following (Awasthi et al., 2020), we used binary-
F1 as an evaluation measure for the SMS, macro-F1
for MIT-R datasets, and accuracy for the YouTube
and Census datasets.

C Optimisation Algorithms and
Submodularity: Lazy Greedy and
Memoization

Both funsup(X) and fsup(X) are submodular func-
tions, and for data selection, we select a subset
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Loss Combination
Datasets

YouTube
(Accuracy)

SMS
(F1)

MIT-R
(F1)

IMDB
(F1)

Census
(Accuracy)

L1+L2+L3+L4 94.6 93.1 72.5 73.6 82.0
L1+L2+L4+L6 92.0 91.9 69.7 73.3 81.3
L1+L3+L4+L6 94.4 93.2 29.8 74.4 81.0

L1+L2+L3+L4+L6 94.4 92.3 29.5 64.4 80.9
L1+L3+L4+L5+L6 94.6 93.4 73.2 77.1 82.0

L1+L2+L3+L4+L5+L6 94.5 93.0 72.8 76.9 81.9

Table 9: Performance on the test data, of various loss combinations from our objective function in equation (3). For
each dataset, the numbers in bold refer to the ‘best’ performing combination, determined based on performance
on the validation data-set. In general, we observe that all the loss components (barring L2) contribute to the best
model. Note that all combinations includes QG (Component 7).

X of the unlabelled data, which maximises these
functions under a cardinality budget (i.e. a la-
belling budget). For cardinality constrained max-
imisation, a simple greedy algorithm provides a
near optimal solution (Nemhauser et al., 1978).
Starting with X0 = ∅, we sequentially update
Xt+1 = Xt ∪ argmaxj∈V \Xtf(j|Xt), where
f(j|X) = f(X ∪ j)− f(X) is the gain of adding
element j to set X . We run this till t = k and
|Xt| = k, where k is the budget constraint. It
is easy to see that the complexity of the greedy
algorithm is O(nkTf ) where Tf is the complex-
ity of evaluating the gain f(j|X) for the super-
vised and unsupervised facility location functions.
This simple greedy algorithm can be significantly
optimized via a lazy greedy algorithm (Minoux,
1978). The idea is that instead of recomputing
f(j|Xt), ∀j /∈t, we maintain a priority queue of
sorted gains ρ(j),∀j ∈ V . Initially ρ(j) is set to
f(j),∀j ∈ V . The algorithm selects an element
j /∈ Xt, if ρ(j) ≥ f(j|Xt), we add j toXt (thanks
to submodularity). If ρ(j) ≤ f(j|Xt), we update
ρ(j) to f(j|Xt) and re-sort the priority queue. The
complexity of this algorithm is roughlyO(knRTf ),
where nR is the average number of re-sorts in each
iteration. Note that nR ≤ n, while in practice, it is
a constant thus offering almost a factor n speedup
compared to the simple greedy algorithm. One of
the parameters in the lazy greedy algorithms is Tf ,
which involves evaluating f(X ∪ j)− f(X). One
option is to do a naı̈ve implementation of comput-
ing f(X∪j) and then f(X) and take the difference.
However, due to the greedy nature of algorithms,
we can use memoization and maintain a precom-
pute statistics pf (X) at a set X , using which the
gain can be evaluated much more efficiently (Iyer
and Bilmes, 2019). At every iteration, we evaluate
f(j|X) using pf (X), which we call f(j|X, pf ).
We then update pf (X ∪ j) after adding element j

to X . Both the supervised and unsupervised facil-
ity location functions admit precompute statistics
thereby enabling further speedups.

D Role of different components in the
loss function

Given that our loss function has seven components
(including the quality guides), a natural question
is ‘how do we choose among the different compo-
nents for joint learning (JL)?’ Another question we
attempt to answer is ‘whether all the components
are necessary for JL?’ For our final model (i.e., the
results presented in Tables 6 and 7 of the main pa-
per), we attempt to choose the best performing JL
combination of the 7 loss components, viz. L1, L2,
L3, L4, L5, L6. To choose the ‘best’ JL combina-
tion, we evaluate the performance on the validation
set of the different JL combinations. Since we gen-
erally observe considerably weaker performance
by selecting lesser than 3 loss terms, we restrict
ourselves to 3 or more loss terms in our search.
We report performance on the test data, of various
JL combinations from our objective function for
each of the four data-sets. For each data-set, the
numbers in bold refer to the ‘best’ performing JL
combination, determined based on performance on
the validation data-set.

The observations on the results are as follows.
Firstly, we observe that all the loss components
(barring L2 for three datasets) contribute to the best
model. Furthermore, we observe that the best JL
combination (picked on the basis of the validation
set) either achieves the best performance or close
to best among the different JL combinations as
measured on the test dataset. Secondly, we observe
that QGs do not cause significant improvement in
the performance during training.
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Abstract

There are concerns that the ability of language
models (LMs) to generate high quality syn-
thetic text can be misused to launch spam, dis-
information, or propaganda. Therefore, the re-
search community is actively working on de-
veloping approaches to detect whether a given
text is organic or synthetic. While this is a
useful first step, it is important to be able to
further fingerprint the author LM to attribute
its origin. Prior work on fingerprinting LMs
is limited to attributing synthetic text gener-
ated by a handful (usually< 10) of pre-trained
LMs. However, LMs such as GPT2 are com-
monly fine-tuned in a myriad of ways (e.g.,
on a domain-specific text corpus) before being
used to generate synthetic text. It is challeng-
ing to fingerprinting fine-tuned LMs because
the universe of fine-tuned LMs is much larger
in realistic scenarios. To address this chal-
lenge, we study the problem of large-scale fin-
gerprinting of fine-tuned LMs in the wild. Us-
ing a real-world dataset of synthetic text gener-
ated by 108 different fine-tuned LMs, we con-
duct comprehensive experiments to demon-
strate the limitations of existing fingerprinting
approaches. Our results show that fine-tuning
itself is the most effective in attributing the
synthetic text generated by fine-tuned LMs.

1 Introduction

Background & motivation. State-of-the-art lan-
guage models (LMs) can now generate long, co-
herent, and grammatically valid synthetic text
(Devlin et al., 2019; Radford et al., 2018, 2019;
Brown et al., 2020). On one hand, the ability
to generate high quality synthetic text offers a
fast and inexpensive alternative to otherwise labor-
intensive useful applications such as summariza-

∗Supplementary contains dataset, source code, and an
appendix (including hyper-parameter setting and additional
results). The code and dataset are available at https:
//github.com/LCS2-IIITD/ACL-FFLM .

tion and chat bots (Yoo and Jeong, 2020; Yu et al.,
2020; Wang et al., 2019; Liu and Lapata, 2019).
On the other hand, such high quality synthetic text
can also be misused by bad actors to launch spam,
disinformation, or propaganda. For example, LMs
such as Grover (Zellers et al., 2019) are shown to
be capable of generating full-blown news articles,
from just brief headlines, which are more believ-
able than equivalent human written news articles.
In fact, prior work has shown that humans cannot
distinguish between organic (i.e., human written)
and synthetic (i.e., generated by LM) text (Ippolito
et al., 2020; Jawahar et al., 2020; Munir et al.,
2021). Thus, this ability to generate high qual-
ity synthetic text can further be misused for social
impersonation and phishing attacks because users
can be easily misled about the authorship of the
text.
Problem statement. To mitigate the poten-
tial misuse of LMs, the research community has
started developing new text attribution techniques.
However, as shown in Figure 1, the attribution of
synthetic text is a multistage problem. The first
step is to distinguish between organic and syn-
thetic text (P1). Prior work has used the LM’s
output word probability distribution to detect syn-
thetic text (Ippolito et al., 2020; Gehrmann et al.,
2019; Zellers et al., 2019). However, there are sev-
eral publicly available pre-trained LMs that might
be used to generate synthetic text. Thus, the sec-
ond step is to detect the pre-trained LM used to
generate synthetic text (P2). Prior approaches
showed promising results by attempting to finger-
print the LM based on its distinct semantic em-
beddings (Pan et al., 2020; Uchendu et al., 2020).
However, pre-trained LMs such as GPT2 (Radford
et al., 2019) are commonly fine-tuned before be-
ing used to generate synthetic text. Thus, the third
step is to detect the fine-tuned LM used to generate
synthetic text (P3). To the best of our knowledge,
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prior work lacks approaches to effectively finger-
print fine-tuned LMs.

Technical challenges. It is particularly challeng-
ing to fingerprint fine-tuned LMs simply because
of the sheer number of possible fine-tuned vari-
ants. More specifically, a pre-trained LM can be
fine-tuned in a myriad of ways (e.g., separately
on different domain-specific text corpora), result-
ing in a large number of classes. Another chal-
lenge to fingerprint fine-tuned LMs is that we can-
not make assumptions about the nature of fine-
tuning (e.g., parameters, training data) or gener-
ation (e.g., prompts). Prior work on fingerprinting
pre-trained LMs is limited to evaluation on a small
number of classes (< 10 classes) and on synthetic
text that is artificially generated using set prompts.

Proposed approach. To fingerprint synthetic
text generated by fine-tuned LMs, we utilize the
RoBERTa model (Liu et al., 2019) and attach a
CNN-based classifier on top. We fine-tune the
RoBERTa model for the downstream task of sen-
tence classification using a synthetic text corpus.
The fine-tuned model is used to extract embed-
dings as features that are then fed to the CNN
classifier. We show that the fine-tuned RoBERTa
model is able to capture the topic-specific distin-
guishing patterns of the synthetic text. Upon visu-
alizing the generated features, the samples form
closely-condensed distinguishable clusters based
on the topic of the organic corpus the LMs have
been fine-tuned upon. Therefore, we conclude that
fine-tuning itself significantly helps fingerprinting
a fine-tuned LM. Note that our fingerprinting ap-
proach does not assume access to the text corpus
used for LM fine-tuning. We only assume access
to arbitrary synthetic text generated by fine-tuned
LMs.

Dataset. We gather a real-world dataset of syn-
thetic text generated by fine-tuned LMs in the
wild. More specifically, we extract synthetic text
from the subreddit r/SubSimulatorGPT2. Each of
the 108 users on r/SubSimulatorGPT2 is a GPT2
LM that is fine-tuned on 500k posts and com-
ments from a particular subreddit (e.g., r/askmen,
r/askreddit,r/askwomen). It is noteworthy that
users on r/SubSimulatorGPT2 organically interact
with each other using the synthetic text in the pre-
ceding comment/reply as their prompt.

Evaluation. We evaluate our models using a suite
of evaluation metrics. We also adapt confidence-
based heuristics, such as the gap statistic. Our best

Figure 1: Attribution of text formulated as a series of
three problems: P1, P2, and P3.

model is accurate for a large number of classes,
across a variety of evaluation metrics, showing
impressive results for the largest setting of 108
classes. While it obtains around 46% precision
and 43% recall, its top-10 accuracy is about 70%.
In other words, the correct class is one of the top-
10 predictions in about 70% of the cases. If we
give the model the option to not make a classifica-
tion decision, via confidence estimation, it doubles
the precision of the top classification from 46% to
around 87% with a decrease of recall from 43% to
27%.

We summarize our key contributions as follows:
1. Problem formulation. To the best of our

knowledge, we are the first to explore the prob-
lem of attribution of synthetic text generated by
fine-tuned LMs (P3). We are also the first to
investigate synthetic text attribution for a large
number of classes on a real-world dataset. We
also show that P3 is a much more challenging
problem as compared to P1 and P2.

2. Comprehensive model. We design and im-
plement a comprehensive set of different fea-
ture extraction techniques. We use them on a
variety of machine learning and deep learning
pipelines to build detection models.

3. Rigorous evaluation. We conduct rigorous
evaluation on a real-world dataset of synthetic
text generated by fine-tuned LMs. We use sev-
eral evaluation metrics such as top-k accuracy
and precision-recall tradeoff to compare differ-
ent detection models. We also provide insights
into the performance of different feature sets
and classification algorithms.

Paper Organization: The rest of the paper is or-
ganized as follows. Section 2 contextuailzes our
work with respect to prior literature. We analyze
the real-world dataset of synthetic text generated
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by fine-tuned LMs in Section 3. Section 4 de-
scribes different feature sets and classification al-
gorithms for fingerprinting fine-tuned LMs. Sec-
tion 5 presents the results of our experimental eval-
uation before concluding in Section 6.

2 Related Work

Figure 1 illustrates three different problem formu-
lations for attribution of synthetic text generated
by LMs. The first line of research (P1) aims to
distinguish between organic (by humans) and syn-
thetic (by LMs) text. Given synthetic text, the sec-
ond line of research (P2) further aims to attribute
the synthetic text generated by pre-trained LMs
such as BERT and GPT. Finally, in this paper, we
further aim to (P3) attribute the synthetic text gen-
erated by fine-tuned LMs. Here, we first discuss
prior work on P1 and P2 and then highlight the
importance and unique challenges of P3.

P1: As the quality of synthetic text generated
by LMs has improved, the problem of distinguish-
ing between organic and synthetic text has gar-
nered a lot of attention. Gehrmann et al. (2019)
aimed to distinguish between synthetic text gener-
ated by GPT2 and Heliograf versus organic text
by books, magazines, and newspapers. They
showed that humans had a hard time classifying
between organic and synthetic. Their proposed
GLTR model, which uses probability and ranks
of words as predicted by pre-trained LMs as fea-
tures, was able to achieve 87% AUC. Zellers et al.
(2019) developed Grover, a LM to generate fake
news. They also showed that humans had a hard
time distinguishing between organic and synthetic
text generated by Grover. A classifier based on
Grover achieved near perfect accuracy and sig-
nificantly outperformed other classifiers based on
pre-trained LMs. Ippolito et al. (2020) presented
an interesting trade-off between distinguishability
of organic and synthetic text. They showed that
synthetic text optimized to fool humans is actu-
ally much easily detected by automated classifi-
cation approaches. They generated synthetic text
from pre-trained GPT2 using different sampling
strategies and parameters, and used different clas-
sifiers such as GLTR that use pre-trained LMs
and a purpose-built fine-tuned BERT based clas-
sifier. They showed that their fine-tuned BERT
based classifier was able to significantly outper-
form other approaches as well as humans.

P2: Given synthetic text, recent work has fur-

ther attempted to attribute authorship of synthetic
text generated by pre-trained LMs. Uchendu et al.
(2020) fingerprinted pre-trained LMs by attribut-
ing synthetic text to its author LM. They con-
ducted exhaustive experiments using conventional
authorship attribution models (Kim, 2014; Zhang
et al., 2015; Cho et al., 2014) for eight pre-trained
LMs – GPT (Radford et al., 2018), GPT2 (Rad-
ford et al., 2019) , GROVER (Zellers et al., 2019),
FAIR (Ng et al., 2019), CTRL (Keskar et al.,
2019), XLM (Conneau and Lample, 2019), XL-
NET (Yang et al., 2019), and PPLM (Dathathri
et al., 2020). They showed that derived lin-
guistic features when used with simple classifiers
(Random Forest, SVM) perform the best. Pan
et al. (2020) prepared a corpus of organic text
and queried each of the five LMs – BERT (Devlin
et al., 2019), RoBERTa (Liu et al., 2019), GPT,
GPT2 and XLNET, to generate pre-trained embed-
dings. Then, they trained a multilayer perceptron
using the embeddings and obtained perfect accu-
racy in fingerprinting the pre-trained LM. Munir
et al. (2021) used stylometric features as well as
static and dynamic embeddings using ML classi-
fiers to attribute synthetic text generated by four
pre-trained LMs – GPT, GPT2, XLNet, and BART
(Lewis et al., 2020). They obtained near perfect
accuracy in fingerprinting pre-trained LMs on a
purpose-built dataset of synthetic text.

P3: In this paper, we further attempt to at-
tribute authorship of synthetic text generated by
fine-tuned LMs. This problem is relevant in the
real-world because malicious actors typically fine-
tune a pre-trained LM for domain adaption (e.g.,
to generate fake news articles vs. food reviews)
(Zellers et al., 2019). There are two main novel
aspects of P3 that make it more challenging than
P1 and P2. First, LMs can be fine-tuned in numer-
ous different ways. More specifically, an attacker
can use various datasets to fine-tune a pre-trained
LM and further set the fine-tuning parameters and
epochs in many different ways. Therefore, the
size of the universe of fine-tuned LMs is expected
to be quite large in P3. In P1, the problem is a
simple binary classification problem (organic vs.
synthetic). Similarly, in P2, the problem has still
limited number classes because only a handful of
pre-trained LMs are publicly available (e.g., GPT,
GPT2, etc.). For instance, Munir et al. (2021),
Pan et al. (2020), and Uchendu et al. (2020) re-
spectively considered a universe of four, five, and
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eight pre-trained LMs. In contrast, in this paper,
we consider 108 fine-tuned LMs. Second, prior
work mostly considered attributing authorship of
synthetic text generated in a controlled setting. For
example, synthetic text is often generated by pro-
viding a topical prompt (Uchendu et al., 2020).
As another example, the attribution classifier of-
ten assumes some information about the training
data (Zellers et al., 2019). In contrast, here we
consider the problem of attributing synthetic text
in an uncontrolled setting assuming no control or
knowledge about training or generation phases of
fine-tuning LM.

3 Dataset

Prior work on detection and attribution of syn-
thetic text has relied on artificial purpose-built
datasets in a controlled environment. We
overcome this issue by gathering a real-world
dataset of synthetic text by different GPT2 bots
on the R/SUBSIMULATORGPT2. Note that
R/SUBSIMULATORGPT2 is independently de-
signed and operated by its moderators. Each
user on the r/SUBSIMULATORGPT2 subreddit
is a GPT2 small (345 MB) bot that is fine-
tuned on 500k posts and comments from a
particular subreddit (e.g., r/askmen, r/askreddit,
r/askwomen). The bots generate posts on
r/SUBSIMULATORGPT2, starting off with the
main post followed by comments (and replies)
from other bots. The bots also interact with each
other by using the synthetic text in the preceding
comment/reply as their prompt. In total, the sub-
reddit contains 401,214 comments posted between
June 2019 and January 2020 by 108 fine-tuned
GPT2 LMs (or class). The complete details of
various design choices are described here: https:
//www.reddit.com/r/SubSimulatorGPT2Meta/

Table 1 lists some representative examples of
the synthetic text generated by three different fine-
tuned GPT2 LMs on our dataset. We note that
the synthetic text is fairly coherent and also cap-
tures the unique vocabulary and style of the sub-
reddit used for fine-tuning. For example, the ex-
cerpt from r/conspiracy reads like a conspiracy
discussion, the excerpt from r/confession men-
tions a suggestive reply to the main post, and the
excerpt for r/wallstreetbets uses the specialised fi-
nance terms like “puts”.

Next, we quantitatively compare and contrast
synthetic and organic texts corresponding to dif-

Subreddit Synthetic text excerpt

r/conspiracy

I’m sure the elite have been working to
control what they do, but I don’t think
they have the resources or manpower

to control something as massive as the
global economy.

r/confession

You need to tell her how you feel! She
needs to know how you feel so that you

can work out how to make the right
decision. You can tell her how much

you hate being a coward and how you’d
never be able to live up to your promise.

r/wallstreetbets

There’s a huge amount of volatility
right now that I don’t know how well
my eyes can handle. I’m not going
to buy any puts for the next week.

Table 1: Excerpts of synthetic text generated by GPT2
LMs fine-tuned on different subreddits.

ferent subreddits. To this end, we collect organic
text from the corresponding subreddits. Specifi-
cally, we randomly sample 1,000 comments from
each subreddit class of synthetic and organic text.
We contrast basic lexical characteristics, vocabu-
lary, and readability of synthetic and organic text.

Lexical. First, we contrast the following ba-
sic lexical features: average/standard deviation of
number of words/sentences per comment. We also
measure the Pearson correlation coefficient (ρ) be-
tween pairs of synthetic and organic texts in Fig-
ures 2a to 2d. We note a high correlation (ρ >
0.83) across all lexical features. Thus, we con-
clude that there is a strong dependency between
the lexical characteristics of the synthetic and or-
ganic text. This finding indicates that synthetic text
generated by fine-tuned GPT2 models indeed cap-
tures the lexical characteristics of the correspond-
ing organic text used for fine-tuning.

Vocabulary. Second, we compare the vocabu-
laries of synthetic and organic text of each class.
We do some basic pre-processing: lower-case, to-
kenize, and lemmatize all words, remove all punc-
tuation and emojis, and replace hyperlinks and
numbers with standard tags. Figure 2e compares
the vocabulary size of synthetic and organic text.
While organic text seems to have a large vocabu-
lary than synthetic text, we note a strong correla-
tion (ρ = 0.76) between their vocabulary sizes.
We further compute Jaccard similarity to mea-
sure pair-wise vocabulary overlap between dif-
ferent synthetic and organic texts. Figure 3 vi-
sualizes the similarity matrices between all pairs
classes – synthetic-synthetic, organic-organic, and
synthetic-organic. It is noteworthy that the left
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(a) Average #Words (b) SD Words (c) Average #Sentences

(d) SD Sentences (e) Vocabulary Size (f) KF Readability

Figure 2: A class-wise comparison of organic and synthetic text indicating strong correspondence in terms of:
(a) average number of words; (b) standard deviation of number of words; (c) average number of sentences; (d)
standard deviation of number of sentences; (e) vocabulary size; and (f) Kincaid-Flescher readability. ρ is the
Pearson correlation coefficient and m is the slope of the linear fit.

diagonal represents much higher overlap between
corresponding pairs of synthetic and organic text
classes, even across synthetic-organic text classes.
This finding indicates that the fine-tuned GPT2
models indeed pick up the vocabulary from the or-
ganic text in the corresponding subreddit. It is
also noteworthy that the average vocabulary over-
lap among synthetic text classes in Figure 3a is
much higher than that among organic text classes
as shown in Figure 3b. This indicates that syn-
thetic text vocabulary combines information from
both pre-training and fine-tuning – the text corpus
used to pre-train the base GPT2 model as well as
the text corpus from the particular subreddit used
to fine-tune it.

Readability. Finally, we compare the readabil-
ity of the synthetic and organic text. Figure 2f
compares the Kincaid-Flescher readability score
(Kincaid et al., 1975) of synthetic and organic text.
We note that the average readability of synthetic
text (16.8) is less than that of organic text (11.5).
This observation corroborates the findings in re-
cent prior work (Uchendu et al., 2020). Similar to
lexical and vocabulary analysis, we note a strong
correlation (ρ = 0.84) between the readability of
synthetic and organic text.

Additionally, using the organic text as refer-
ence, we measure the quality of the synthetic text

using well-known metrics – METEOR (Baner-
jee and Lavie, 2005) and BLEU (Papineni et al.,
2002). We observe that the synthetic text achieves
high average scores across all the metrics. We in-
clude the results in the appendix.

Overall, we have two key takeaways: (1) syn-
thetic text is coherent although with lower over-
all readability than organic text; (2) synthetic text
captures the characteristics of the organic text
used to fine-tune it.

4 Methods

Fingerprinting fine-tuned LMs needs to operate
under the following realistic assumptions. (i) Fin-
gerprinting methods cannot assume any knowl-
edge about the nature of the LM, fine-tuning (e.g.,
parameters, layers) or generation (e.g., prompt).
(ii) They also cannot assume any access to the
organic text used for LM fine-tuning. (iii) Since
a LM can be fine-tuned in a myriad of ways,
these methods need to consider a large number of
classes. (iv) These methods are assumed to have
access to a limited sample of synthetic text gener-
ated by each of the potential fine-tuned LMs.

4.1 Pre-processing

We lower cased the comments and replaced all hy-
perlinks with a standard tag [LINK]. Next, we to-
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(a) (b) (c)

Figure 3: Pair-wise vocabulary overlap between classes of (a) synthetic text, (b) organic text, and (c) cross-
comparison of organic and synthetic text. The higher intensity in (a) indicates more vocabulary overlap between
classes of (a) synthetic text as compared to (b) organic text. The dark diagonal (highlighted in red box) in (c)
indicates significant vocabulary overlap between the synthetic and organic text from the same subreddit.

kenized the comments. Any comment with 5 or
fewer tokens was removed. The maximum num-
ber of tokens in a comment is limited to 75. In
case a comment is larger, only the first 75 tokens
in a comment are taken into consideration. This
is consistent for all the models we experimented
with. The limit was decided based on the limit of
the size of the GPU (11GB) used for fine-tuning
GPT2 and RoBERTa models.

4.2 Features

We consider several different feature extraction ar-
chitectures to encode the synthetic text into rep-
resentation vectors. As we discuss later, these
representation vectors are then fed to classifiers.
Writeprints: Writeprints feature set has been
widely used for authorship attribution (Iqbal et al.,
2008; Pearl and Steyvers, 2012; Abbasi and Chen,
2006). We extract a total of 220 features that in-
clude lexical (e.g., total number of words, total
number of characters, average number of char-
acters per word, digits percentage, upper case
characters percentage), syntactic (e.g., frequen-
cies of function words, POS tags unigram, bi-
grams, trigrams), content-based (e.g., bag of
words, bigrams/trigrams) and idiosyncratic (e.g.,
misspellings percentage) features.

GLTR: Gehrmann et al. (2019) used pre-
trained LMs to extract word likelihood features
– word ranks and probabilities. We follow the
original approach to average the word probabil-
ities of the text based on pre-trained BERT and
GPT2. We also bin the word ranks into 10 un-
equal ranges. The bins are: [1], [2-5], [6-10],
[11-25], [26-50], [51-100], [101-250], [251-500],
[501-1000], [> 1000].

Glove: Glove embeddings (Pennington et al.,

2014) have been commonly used in large-scale au-
thorship attribution (Ruder et al., 2016). We fol-
low (Kim, 2014; Zhang et al., 2015) to create a
representation vector of the size (max # tokens ×
100, where max # tokens is set to 75) using Glove.

Pre-trained LMs (GPT2 and RoBERTa): We
also extract the embeddings for each comment us-
ing the pre-trained GPT2/RoBERTa model. Sim-
ilar to Nils and Gurevych (2019); Feng et al.
(2020); Zhu and de Melo (2020), we take the
[CLS] token representation from the last layer to
extract the embeddings of size 1 × 768. The final
embeddings are then scaled between the values of
[-3, 3] using min-max normalization.

Fine-tuned (FT) LMs (GPT2 and
RoBERTa): We add a softmax classification
layer to the pre-trained GPT2/RoBERTa model.
Then, we fine-tune the LM for the task of sen-
tence classification using the synthetic text in the
training dataset. We again extract the embeddings
(size = 1 × 768) by taking the [CLS] token
representation from the second last layer. The
final embeddings are then scaled between the
values of [-3, 3] using min-max normalization.

4.3 Classifiers

Shallow classifiers: We use a probabilistic clas-
sifier – Gaussian Naive Bayes (GNB), an en-
semble decision classifier – Random Forest (RF),
and a feed-forward multilayer perceptron (MLP)
across all of the feature representations.

CNN classifier: We experiment with a stacked
CNN model where convolution layers with differ-
ent kernel sizes are stacked before the embedding
layer (Kim, 2014). In this architecture, we attach
two stacked convolution 1D layer, followed by a
batch normalisation layer and a max pooling layer.
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Architecture Classifier Macro Top-k
Prec Recall 5 10

GLTR
GNB 5.5 4.4 12.9 20.9
RF 7.8 6.6 12.6 19.0
MLP 3.6 6.3 15.6 23.7

Writeprints

GNB 8.2 5.8 14.1 21.4
RF 10.2 8.4 14.9 21.8
MLP 16.9 14.7 30.8 42.1

GloVE

GNB 19.2 9.3 21.9 31.2
RF 20.5 16.9 27.1 36.2
MLP 29.7 27.2 44.4 54.1
CNN 31.1 26.7 44.2 53.5

GPT2

GNB 24.8 12.4 27.8 37.7
RF 10.5 7.8 15.8 27.1
MLP 44.9 29.0 47.5 56.9
CNN 30.9 28.7 49.1 59.1

RoBERTa

GNB 39.2 15.8 30.8 41.0
RF 11.1 8.4 16.6 25.8
MLP 44.0 34.8 54.8 62.5
CNN 33.5 32.0 53.1 63.0

FT-GPT2

GNB 40.1 37.0 56.9 66.0
RF 27.6 22.8 34.8 45.2
MLP 40.2 36.4 55.7 64.0
CNN 44.6 42.1 60.9 68.9

FT-RoBERTa

GNB 47.7 41.5 57.9 64.9
RF 42.0 36.8 46.9 53.2
MLP 42.8 41.5 58.2 65.3
CNN 46.0 43.6 62.0 69.7

Table 2: Performance of multi-class classifiers based
on macro Precision (Prec), Recall and top-k accuracy
(k = 5, 10) for the largest setting of 108 classes.

The output is then fed to two dense layers, the lat-
ter of which is a softmax layer.

In addition, we also experiment with other
shallow classifiers (SVM, Decision Tree) and
two more types of feature generators (fine-tuned
GLTR, trainable word embeddings). We report
additional results, observations and the hyper-
parameters for all the models in the appendix.

5 Evaluation

We conduct experiments to evaluate these methods
using the real-world Reddit dataset as described
in Section 3. Our training, validation, and test
sets consist of 800, 100 and 200 synthetic com-
ments respectively from each of the 108 subreddit
classes. In total, our training, validation and test
sets comprise 86k, 11k and 22k comments respec-
tively. For evaluation, we use macro precision and
recall. We also measure top-k accuracy based on
the confidence score to assess the accuracy of the
classifiers in k (k = 5, 10) guesses for 108 classes.

5.1 Results
Table 2 lists the results of different feature rep-
resentations and classifiers. Overall, classifiers
based on fine-tuned LM embeddings perform
the best, with RoBERTa slightly outperforming
GPT2. Fine-tuned embeddings are successfully
able to capture the domain of the organic text

(a) Fine-tuned RoBERTa (b) Pre-trained RoBERTa

(c) Fine-tuned GPT2 (d) Pre-trained GPT2

Figure 4: Visualisation of fine-tuned (a,c) and pre-trained
embeddings (b,d) of specific classes. Closely condensed clus-
ters specific to the domain of the organic text form in the fine-
tuned embeddings.

the LM is fine-tuned on. To provide further in-
sights into our best performing feature represen-
tations, we visualize the feature embeddings of
pre-trained and fine-tuned RoBERTa and GPT2.
Figure 4 plots the 2D projection of synthetic text
(using t-SNE) generated by different LMs that are
fine-tuned on various subreddits. Fine-tuned em-
beddings form more cohesive and separated clus-
ters than pre-trained embeddings. Thus, we con-
clude that fine-tuning these embeddings is benefi-
cial in attributing synthetic text generated by dif-
ferent fine-tuned LMs. Note that certain clusters
are more cohesive and better separated than others.
For example, the most distinct cluster is observed
for r/wallstreetbets in Figures 4a and 4c for fine-
tuned embeddings. However, it is not quite dis-
tinct in Figures 4b and 4d for pre-trained embed-
dings. We also note that some clusters with high
topical similarity (e.g., r/science and r/askscience)
are closer to each other. On the other hand, some
clusters with likely lower topical similarity (e.g.,
r/socialism and r/conservative) are far apart.

Despite combining word probabilities from
both BERT and GPT2, GLTR is ineffective. We
find that synthetic texts generated from differ-
ent fine-tuned models have similar word proba-
bilities because perhaps they are more impacted
by the pre-training process rather than the subse-
quent fine-tuning. This shows that the classifier
that performs well for distinguishing between or-
ganic and synthetic text (P1) does not work well
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(a) Micro (b) Macro

Figure 5: (a) Micro and (b) Macro precision-recall trade-off
by varying the gap statistic threshold. The comparison with
all baselines is included in the appendix.

for distinguishing between synthetic text by dif-
ferent fine-tuned LMs (P3). Writeprints feature set
provides some improvement but is still ineffective.
Our finding corroborates Manjavacas et al. (2017),
who reported that linguistic and stylistic features
as used in Writeprints are not effective in distin-
guishing between synthetic text. GloVE again of-
fers some improvement over Writeprints but its
performance remains significantly worse than that
of our best performing method.

Overall, fine-tuned RoBERTa embeddings with
CNN performs the best with 46.0% precision and
43.6% recall. In about 44% of the cases, this
classifier can correctly fingerprint fine-tuned LM
amongst 108 classes; in about 70% of cases the
correct prediction is one of the top-10 guesses.
It is noteworthy that Random Forest which per-
formed exceedingly well in prior work on finger-
printing pre-trianed LMs (Uchendu et al., 2020),
does not perform well for fingerprinting fine-tuned
LMs. Surprisingly, a relatively simple classifier
like GNB achieves comparable precision and re-
call for our top guess. However, CNN outperforms
GNB by a small margin, achieving the best top-10
accuracy of 69.7% for FT-RoBERTa.

5.2 Discussion

Next, we analyze the performance of our best per-
forming RoBERTa feature representation and clas-
sifier (CNN) under different conditions.1

Precision-Recall trade-off. We evaluate the
precision-recall trade-off by imposing a threshold
on the confidence of our prediction. To this end,
we use the gap statistic, defined as the difference
between the probability of the highest and second
highest prediction (Narayanan et al., 2012). If the
gap statistic is lower than our threshold, the clas-
sifier chooses to not make a prediction for the test

1Other baseline results are reported in the appendix.

sample. This invariably has an impact on precision
and recall. Typically, the precision of the classifier
increases, since it can more accurately predict the
correct class for the samples it has a high confi-
dence in. Due to certain samples not being pre-
dicted for, recall is expected to decrease. Note that
since the classifier may make different number of
predictions across classes, micro and macro preci-
sion/recall could be different.

Figures 9a and 9b respectively plot the micro
and macro precision/recall as we vary the gap
statistic. Overall, the classifier using FT-RoBERTa
embeddings achieves a better precision-recall
trade-off compared to using standard RoBERTa
embeddings. As expected, precision improves at
the expense of recall for larger values of gap statis-
tic. Micro precision increases 46% to over 87%
with a reduction in the micro recall from 43% to
27%. Similarly, despite potential class imbalance,
macro precision increases 46% to over 81% with
a reduction in the micro recall from 43% to 26%.
Thus, we conclude that the confidence of our best
performing fingerprinting method can be tuned to
achieve very high precision with some compro-
mise on recall.

Impact of number of training samples. Next,
we evaluate the impact on the performance of our
best models by varying training size from 50 to
800 samples per class. As we vary the training
data, we keep the same test set, i.e., 200 samples
from each class. Figures 8a and 8b, respectively
show that precision and recall of FT-RoBERTa
plateau at around 400 samples per class. Despite at
twice the training data, using training 800 samples
per class has similar precision/recall as compared
to using 400 training samples per class. We con-
clude that having more training samples of syn-
thetic text may not always lead to a significant im-
provement in fingerprinting performance.

Impact of number of classes. We further vary
the number of classes from 10 to 108 and re-
port the performance of our best models. Fig-
ures 8c and 8d show that for a 10-class prob-
lem, FT-RoBERTa + CNN achieves 63.0% preci-
sion and 61.7% recall. As expected, both preci-
sion and recall decrease as the number of classes
increases. For 108 classes, the same classifier
achieves 46.0% precision and 43.6% recall. This
indicates that fingerprinting a fine-tuned LM is
highly challenging when the universe of potential
fine-tuned LMs is larger.
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(a) (b) (c) (d)

Figure 6: Comparison between the performances of pre-trained and fine-tuned RoBERTa by varying different parameters. (a)
Precision and (b) Recall with the varying training size. (c) Precision and (c) Recall with the varying number of classes. Overall,
fine-tuned RoBERTa outperforms pre-trained RoBERTa. The comparison with all baselines is included in the appendix.

6 Conclusion

In this paper, we studied the problem of attribu-
tion of synthetic text generated by fine-tuned LMs.
We designed a comprehensive set of feature ex-
traction techniques and applied them on a num-
ber of different machine learning and deep learn-
ing pipelines. The results showed that the best
performing approach used fine-tuned RoBERTa
embeddings with CNN classifier. Our findings
present opportunities for future work on finger-
printing LMs in even more challenging open-
world scenarios, where the list of potential LMs
might be incomplete or synthetic text is not avail-
able to train attribution classifiers.

Ethics and Broader Impact

Any biases found in the gathered dataset are unin-
tentional, and we do not intend to do harm anyone.
We would also like to acknowledge that the use
of large-scale transformer models requires non-
trivial compute resources (GPUs/TPUs) that con-
tributes to global warming (Strubell et al., 2019).
However, we did not train the models from scratch
and simply fine-tuned them for our work.

Acknowledgement

The work was partially supported by the Ramanu-
jan fellowship and the Infosys Centre for AI, IIIT-
Delhi.

References
Ahmed Abbasi and Hsinchun Chen. 2006. Visualiz-

ing authorship for identification. In International
Conference on Intelligence and Security Informat-
ics, pages 60–71. Springer.

Satanjeev Banerjee and Alon Lavie. 2005. Meteor: An
automatic metric for mt evaluation with improved
correlation with human judgments. In Proceedings

of the acl workshop on intrinsic and extrinsic evalu-
ation measures for machine translation and/or sum-
marization, pages 65–72.

Tom B Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, et al. 2020. Language models are few-shot
learners. In 34th Conference on Neural Information
Processing Systems (NeurIPS 2020), pages 1–15.

Kyunghyun Cho, Bart van Merriënboer, Caglar Gul-
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Figure 7: Comparison of different metrics on the syn-
thetic corpus taking the reference of the organic corpus.
The classes are sorted by increasing CHRF scores.

A Appendix

A.1 Implementation, Infrastructure,
Software

We run all experiments on a 24-core machine with
two Intel(R) Xeon(R) Silver 4116 CPU@2.10GHz
CPU’s and 512 GB RAM. Additionally, the server
has a GeForce RTX 2080 Ti (11 GB) GPU card.
We use huggingface, pytorch (1.4.0) and Tensor-
flow (v.1.23.0) to implement and evaluate all deep
learning models in the paper. For classical ML, we
utilize scikit-learn (v.0.23.1). All implementations
are done using Python language (v.3.7).

A.2 Hyper-parameters
Fine-tuned RoBERTa + CNN: We attach 2 CNN
convolutional 1D of kernel sizes 2 and 3 layers
back to back. The stride for both the layers is 1.
The number of output filters for each of the two
convolutional layers is 16. We then attach a batch
normalization layer of size 16. This is followed by
a max pooling layer of size 2 with stride 1. We
fine-tuned the model for 15 epochs and monitored
the validation loss. If the validation loss did not
improve for 5 consecutive epochs, we stopped the
fine-tuning.
Fine-tuned RoBERTa + Dense: We used
RoBERTaForSequenceClassification wrapper
from the huggingface module, which attaches a
softmax layer on top of pre-trained RoBERTa
model. We extracted the embeddings of the
second to last layer of size 1x768. For all of
our models, we used a AdamW optimizer with a
learning rate of 0.00005. We used batch size of 48
and only picked the first 75 tokens of each token.
We did not use any padding.

For the soft classifiers, using the fine-tuned
RoBERTa embeddings, we obtained the best re-

sults with the following parameters -
SVM: C = 0.1, cachesize=200, classweight =

None, coef0 = 0.0, degree=3, gamma=‘scale’,
kernel=‘linear’, tol=0.001
MLP: activation=‘relu’, alpha=0.01,epsilon=1e-
08, hiddenlayersizes = 64, learn-
ingrate=‘adaptive’, learningrateinit=0.0001
RF - criterion=‘entropy’, maxdepth=None,
maxfeatures=‘auto’, maxleafnodes=None, min-
samplesleaf = 1
DT - criterion = ‘entropy’, maxdepth = None,
maxfeatures = None, maxleafnodes=None, min-
samplesleaf = 1
GNB - Default sklearn parameters performed the
best

A.3 Running Time
All fine-tuned models took a maximum of 8 min-
utes per epoch. For the soft classifiers, MLP and
SVM took the maximum time. Due to the large
size of the dataset and the large embedding space,
SVM took about 6 hours to train. MLP took an
average of 3 hours. Rest of the classifiers took less
than an hour for training.

A.4 Additional Results
A.4.1 Additional Dataset Analysis
Besides the analaysis in the dataset section of the
main text, we used 4 metrics - METEOR, BLEU,
GLEU and CHRF for measuring the coherency of
the synthetic text, using the organic text as ref-
erence. Using 1000 comments from each class
of synthetic and organic text, we obtained high
class-wise average scores on all metrics - ME-
TEOR (0.31), BLEU (0.58), GLEU (0.63) and
CHRF (0.51). This provides further evidence that
synthetic text is coherent and readable when com-
pared to its organic counterpart. In figure 7 , we il-
lustrate the scores for each individual class, sorted
by increasing CHRF scores.

A.4.2 Feature extraction
Besides the feature extraction methods we men-
tioned in the Methods section of the main text, we
also experimented with two more methods:
1. Fine-tuned GLTR: Using the training set, we
fine-tuned separate BERT and GPT2 models for
each class for the task of mask completion. All
models were then used for extracting GLTR word
likelihood features for the complete training and
test sets. Subsequently, the training representa-
tions were then fed to a sequential neural classi-
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Figure 8: A comparison between the performances of various embeddings by varying problem parameters. (a) Precision and
(b) Recall with the varying training set size. (a) Precision and (b) Recall with the varying number of classes. Overall, fine-tuned
RoBERTa outperforms all the baselines.

(a) Micro (b) Macro

Figure 9: (a) Micro and (b) Macro precision-recall trade-off
by varying the gap statistic threshold.

Base Architecture Classifier Macro Top - 5 Top - 10Precision Recall

Writeprints DT 6.9 6.6 6.6 6.6
SVM 19.3 16.3 33.2 44.8

GLTR DT 5.7 5.5 5.57 5.58
SVM 7.3 7.0 10 13.1

RoBERTa DT 6.3 5.3 6.3 6.3
SVM 8.3 6.9 7.8 8.9

Trainable-Word MLP 20.4 18.9 34.3 44.3
CNN 28.6 27.0 44.0 53.1

FT RoBERTa
Dense 44.0 42.3 60.8 68.9
DT 29.5 28.7 28.7 28.7
SVM 42.7 41.1 58.3 65.6

Table 3: Results of Decision Tree (DT) and SVM with
the embeddings. We also include the results of the
trainable word embeddings model.

fier like Bi-LSTM. The intuition was that word
likelihoods extracted using the class’s fine-tuned
GLTR model would be high for synthetic text gen-
erated for the class’s language model. For ex-
ample, a r/wallstreetbets fine-tuned GLTR feature
extractor would extract higher word likelihoods,
as compared to other GLTR models, from a syn-
thetic comment generated by the language model
fine-tuned on r/wallstreetbets. However, for an
extremely small setting of 5 classes, we only ob-
tained a precision and recall of around 33% each.
Due to the (a) expensive cost of fine-tuning 108
BERT and GPT2 models, (b) expensive cost of ex-
tracting GLTR features for a dataset of 100k exam-
ples, (c) extremely poor results of the approach on

a small setting, we did not continue with experi-
menting the model in a larger setting.
2. Trainable word embeddings - We tokenized
and represented each comment using an allocated
set of integers based on the vocabulary of the train-
ing set. Then, similar to the GloVE feature extrac-
tion, we passed the representation into a trainable
word embedding layer, followed by MLP or CNN.
The results for these were slightly worse than that
for the GloVE features. We report the results in
Table 3.

Additionally, for all the feature representations
mentioned in the main text, we tested SVM and
decision tree. Overall, they were outperformed by
the other classifiers with one notable exception.
For Writeprints features, SVM showed the best re-
sults of precision and recall of 19.3% and 13.3%
respectively. We report the results in Table 3.

A.5 Other baselines
Precision-recall trade-off. For the precision-
recall trade-off in the results section of the main
text, we presented a comparison with additional
baselines in Figure 9. Fine-tuned RoBERTa per-
forms the best among all methods for both micro
and macro precision-recall trade-offs. They are
followed in a decreasing order by the pre-trained
RoBERTa embeddings, the trainable word embed-
dings, the GloVE word embeddings, Writeprints,
and GLTR respectively.
Training set size and classes. We report the com-
parison with all other baselines for the varying
training size and the number of classes in Fig-
ure 8. Similar to the precision-recall trade-off,
the fine-tuned RoBERTa embeddings perform the
best, followed by pre-trained RoBERTa embed-
dings, GloVE word embeddings, trainable word
embeddings, Writeprints, and GLTR.
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Abstract

Medical professionals review clinical narra-
tives to assign medical codes as per the Inter-
national Classification of Diseases (ICD) for
billing and care management. This manual
process is inefficient and error-prone as it in-
volves a nuanced one-to-many mapping. Re-
cent works on automated ICD coding learn
mappings between low-dimensional represen-
tations of the reports and the codes. While they
propose novel neural networks for encoding
varied types of information about the codes, it
is unclear as to what information in the medi-
cal codes is helpful for performance improve-
ment and why. Here, we compare different
ways to represent, or embed, the codes based
on their textual, structural and statistical char-
acteristics, using a single deep learning base-
line model in quantitative evaluations on dis-
charge reports from the MIMIC-III Intensive
Care Unit database. We also qualitatively anal-
yse the nature of the cases that benefit most
from the code embeddings and demonstrate
that code embeddings are important for pre-
dicting ambiguous and oblique codes.

1 Introduction

Free-text clinical narratives contain the majority
of information pertaining to patient state, disease
progression and care management. Following a
patient encounter, the text reports from the visit
are codified by representing the key diagnoses and
procedures according to the International Classifi-
cation of Diseases (ICD) system (Medicode (Firm),
1996). The resulting ICD codes are used for a
variety of diagnostic, billing, epidemiology and re-
search purposes (Bach and First, 2018; Feder et al.,
2018; Alsentzer et al., 2019).

The process of ICD coding, i.e., mapping clini-
cal text reports to ICD codes, is challenging. It in-

∗This work was done while the author was at A*STAR.

volves processing diverse domain-specific text with
large vocabulary and significant irrelevant content
to make a nuanced choice of a small set of codes
from a high-dimensional taxonomy of 15,000 ICD
codes. Hence, manual ICD coding tends to be time-
intensive, costly, and error-prone (Lang, 2007; Shi
et al., 2017; Xie and Xing, 2018), and there is great
interest in automated ICD coding methods.

Previous works on automated ICD coding have
employed conventional rule-based or machine
learning methods (Larkey and Croft, 1996; Farkas
and Szarvas, 2008; Perotte et al., 2014). Recently,
deep learning methods (Baumel et al., 2017; Xie
and Xing, 2018; Nie et al., 2018; Mullenbach et al.,
2018; Vu et al., 2020; Cao et al., 2020; Teng et al.,
2020; Yuan et al., 2020) have achieved leading-
edge performance. Of these, the best performing
deep learning approaches typically employ atten-
tion mechanisms to use representations of the ICD
codes to guide the model’s predictions. However,
the specific representations of the ICD codes used
vary from code textual descriptions (Mullenbach
et al., 2018) and code hierarchy (Vu et al., 2020;
Cao et al., 2020) to code co-occurrences (Cao et al.,
2020) and graph of medical entities associated with
codes (Teng et al., 2020; Yuan et al., 2020). Yet, it
is unclear which ICD code representation is most
effective, what types of cases would benefit from
these representations, and why.

Addressing these gaps requires comparing dif-
ferent code embeddings within one united frame-
work. We introduce a simple attention mechanism
to leverage varied statistical, textual, structural
representations of ICD codes and enhance a pre-
defined baseline clinical notes classifier. We use
discharge reports within the benchmark MIMIC-
III Intensive Care Unit database (Johnson et al.,
2016) for comparative evaluation, and perform ex-
tensive experiments to characterize effects of dif-
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Figure 1: Proposed model architecture

ferent code embeddings on prediction performance.
Quantitative results show that our proposed atten-
tion mechanism (a) enables 7-9% micro-F-1 boost
over the baseline classifier, and (b) performs at least
as accurately as more advanced two-level attention,
hyperbolic embedding or graph convolutional net-
work approaches. We further perform qualitative
analyses and show that our attention network en-
ables large improvements when the coding task is
more ambiguous or nuanced. Our approach and
findings offer practical means to enhance perfor-
mance in nuanced text classification tasks.

2 Methods

The task entails mapping a given free-text discharge
report to a set of ICD codes. This is a multi-label
text classification problem. We propose an ap-
proach for learning varied textual, structural and
statistical representations of the ICD codes (i.e.,
code embeddings), and employing them to enhance
performance of a given baseline model.

2.1 Attention to Code Embeddings

Figure 1 illustrates the architecture. We start with a
given baseline modelMB based on a convolutional
layer.MB takes word embeddings X ∈ Rde×N of
words in a given report as input and learns to gener-
ate their hidden representation H ∈ Rdc×N , where
N is the length of input medical narratives after
padding, de is the input embedding size, and dc is
the number of filters. We propose code embeddings
CL ∈ Rde×M as an auxiliary forMB , where M is
the number of ICD codes. We compute the cosine
similarity betweenX and CL, and denote the result
as h. We then compute per-label attention weights

αl as follows:

αl = SoftMax(

[
H
h

]T
µl), (1)

where [ ] indicates concatenation (denoted as H ′)
and µl ∈ Rdc+M is a vector parameter for label l.
Weights αl denote attention from the note represen-
tation to the code representation for label l and can
be used to enhance performance ofMB (e.g., as
shown in Figure 1). Then we apply the attention
weights αl to H ′ to get the final representation vl
of an input report corresponding to label l. We
also adopt the same classifier asMB , which uses a
linear layer and a sigmoid transformation, as illus-
trated in the right dotted box, where βl and bl are
the weight and bias of the classification layer for
label l, respectively. ŷl is the binary classification
probability that X belongs to l.

We set both the word embeddings for text in-
put and the code embeddings for ICD codes as
non-trainable to give the best performance. Our
proposed method introduces only a small number
of learnable parameters for labels.

2.2 Code Embeddings

Each ICD code has a unique identifier and a text
description and is structurally situated in a tree hi-
erarchy. Further, based on the reports labelled with
any given ICD code, we can obtain sample statis-
tics of the code usage. We propose to learn em-
beddings or representations that capture the above
textual, structural, and statistical characteristics of
ICD codes, as described below.

Textual code embeddings are obtained by ei-
ther (a) averaging word vectors (Mikolov et al.,
2013) of the words in the description of a code
(denoted as CE-w2v) or (b) learning the contextual
representation of the code description with BERT
(Devlin et al., 2019) (denoted as CE-BERT). For
CE-w2v, we use gensim1 to train the word vec-
tors with discharge reports. For CE-BERT, we use
Keras BERT2 uncased large model to get contextu-
alized word representations, apply max pooling to
all the word representations and then add a linear
layer for dimension reduction to get code repre-
sentations with 100 dimensions. This is integrated
end-to-end into our model.

Structural code representations leverage the

1https:
//github.com/RaRe-Technologies/gensim/
blob/develop/gensim/models/word2vec.py

2https:
//github.com/CyberZHG/keras-bert
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ICD tree hierarchy. We capture the parent-child
and sibling relations in triples (e.g., (401, ParentOf,
401.1) or (401.1, SiblingOf, 401.9). We then feed
the triples into a knowledge graph embedding ap-
proach such as TransR (Lin et al., 2015) (denoted
by CE-TransR).

Statistical code representations are learned
from the sample statistics between ICD codes and
the discharge reports from the training dataset. We
designate the embedding of code l as the weighted
average of word vectors, as follows:

Cl =
1

N

N∑

i=1

vwi
∑

d∈docs(l)
tf(wi, d), (2)

where the weight of a word vector vwi is propor-
tional to the sum of term frequencies of the word
in the notes that are labelled with the code l; N
indicates the size of the dataset vocabulary; docs(l)
refers to the set of notes associated with code l;
and tf(wi, d) is the function that returns the term
frequency of the word wi in document d. We apply
smoothing with increasing all word counts by one,
and denote resulting embeddings as CE-Stat.

3 Experiments

We follow the recent state-of-the-art (SOTA) ICD
coding studies and perform experiments on the
benchmark Medical Information Mart for Inten-
sive Care-III (MIMIC-III) dataset (Johnson et al.,
2016). Specifically, we implement our proposed
code embeddings (denoted as CE-xxx) atop the
popular CAML baseline (Mullenbach et al., 2018).
Note that our approach is amenable to any baseline
of choice.

Data: Like previous works (Mullenbach et al.,
2018; Vu et al., 2020), we focus on multi-label
classification task of mapping the discharge re-
ports in the MIMIC-III dataset to ICD codes. Pre-
processing details are listed in Appendix A.1. The
resultant preprocessed dataset, termed as FULL,
has over 52,700 discharge reports associated with
subsets of over 8,929 ICD codes (unlike the 8,921
ICD codes reported in prior works). We evaluated
our approach on the FULL dataset.

As our focus was to understand what information
in ICD codes enables performance improvement,
we also investigated whether and to what extent the
choice of a code subset affects performance. There-
fore, we created new subsets of MIMIC-III (termed
sub-datasets) for further evaluation. Specifically,
we selected the top k frequent ICD codes in the

FULL MIMIC-III dataset and collated the subset
of discharge reports tagged with at least one of the
top k frequent codes. We term the sub-datasets as
Top-k for k=20, 50, 100 and 300.

Finally, we also evaluated our approach on the
more widely used subselection of top-50 codes
(termed as Top-50+) (Shi et al., 2017). We note
that the Top-50+ dataset is much smaller than the
other Top-k and FULL datasets because it excludes
reports without associated diagnosis descriptions.
The detailed breakdown of the dataset sizes and
splits are showed in Appendix A.2.

Evaluations: We evaluate performance against
two baseline models (i.e.,MB): (a) CAML which
uses a per-label attention mechanism within a con-
volutional neural network (CNN) classifier and
(b) DR-CAML which uses code embeddings to
constrain the learned model parameters of CAML
(Mullenbach et al., 2018). We provide all param-
eters and model tuning details of the proposed
method in Appendix A.3. We follow prior works
and report micro-F1 to evaluate model perfor-
mance, and showcase detailed comparisons for
other common metrics. For each experiment, we
report averages from 3 independent runs.

Comparative Results on Top-k Sub-Datasets:
Table 1 shows the performance of our CE approach
compared with baselines on the 5 MIMIC-III sub-
datasets. Our CE approach (any embedding type)
outperforms the baselines in all the Top-k sub-
datasets. We observe that CE-w2v, CE-BERT and
CE-TransR lead to slightly better performance than
CE-Stat. CE also obtains comparable results on the
FULL dataset compared to the baselines. As prior
works did not focus on understanding the relation
between information in the codes and model perfor-
mance, there are no reported results on our Top-20,
Top-50, Top-100, and Top-300 datasets. Thus, we
only compared with baselines in Table 1.

We highlight that our experiments on the FULL
dataset were limited by the memory size of the
GPUs used. To address this, we reduced batch size
of our method (from 128 to 16) and also applied
a linear layer to reduce the number of dimensions
(M ) from the number of FULL codes to 50. Con-
sequently, for the FULL dataset, our CE approach
does not improve over baselines and SOTA. How-
ever, as our results indicate ability to consistently
improve over baselines for different datasets, we
posit that increasing batch size and allowing atten-
tion to focus on all the FULL codes would enable
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Data size Top-20 Top-50 Top-100 Top-300 FULL†
Baseline (CAML) 0.681 0.641 0.599 0.555 0.520

DR-CAML 0.668 0.641 0.584 0.543 0.509
CE-w2v 0.768 0.713 0.684 0.635 0.502

CE-BERT 0.775 0.710 0.689 0.622 0.518
CE-TransR 0.765 0.710 0.689 0.623 0.507

CE-stat 0.765 0.711 0.688 0.614 0.500

Table 1: Evaluation results of all data on micro-F1. The default batch size is 128, while † uses 16 as batch size due
to memory limit.

AUC F1
Model Macro Micro Macro Micro Precision@5

Yuan et al. (2020) - - - - 0.635
Teng et al. (2020) - 0.933 - 0.692 0.653
Vu et al. (2020) 0.925 0.946 0.666 0.715 0.675
Cao et al. (2020) 0.895 0.929 0.609 0.663 0.632

CE-Best 0.914 0.937 0.637 0.694 0.652

Table 2: Results on MIMIC-III for the most frequent 50 labels (Top-50+). Based on the performance, CE-Best
corresponds to CE-w2v.

our approach to perform comparably with SOTA.
Comparisons with SOTA on Top-50+: As the

Top-50+ benchmark is the common dataset eval-
uated in all SOTA works, we tabulate the results
of our proposed approach on the Top-50+ dataset
in relation to previously published SOTA results
in Table 2. We observe that our approach out-
performs all previous methods in terms of macro-
/micro-averaged F1 and AUC, except for Vu et al.
(2020) (Vu et al., 2020). The performance of Vu et
al. (2020) (Vu et al., 2020) is slightly higher than
ours, as they use a model based on bidirectional
long short-term memory (Bi-LSTM) (Hochreiter
and Schmidhuber, 1997) with a similar but more
complex attention mechanism. While we also ran
experiments with Bi-LSTMs, we found that they
tend to be computationally intensive and often did
not converge, and thus focused on the more prac-
tical CNNs. We further tried to combine code em-
beddings of different kinds (e.g. CE-w2v + CE-
TransR) to see if there is any synergistic effect, but
found that no such combination led to performance
improvement. We report results of the combination
experiments on Top-50+ in Appendix A.4.

4 Qualitative Analysis

To dissect gains of the code representations, we
performed qualitative analyses on the Top-50+ test
results.

Data Selection: For each CE embedding, we
computed the per-code micro-F1 gains over base-

line CAML, summed the gains across all the CE
embeddings, and rank-ordered the ICD codes by
total micro-F1 gain. Next, we selected the 10 codes
with the highest gains over baseline (CE� base-
line) and also the 10 codes with the least gains
over baseline (CE ≈ baseline). For the first selec-
tion (those with the highest gains over baseline),
our 4 CE methods typically improve over the base-
line. For the second selection of the 10 lowest gain
codes, CE is almost always as good as the baseline
in these cases. Specifically, out of all discharge
summaries for the second selection, the baseline
outperforms all 4 CE methods in only 0.2% of
cases and 2 out of 4 CE methods in only 1.2% of
cases. Hence, we term this second selection as “CE
≈ baseline”. For qualitative review, we randomly
sampled 5 cases corresponding to each of these 20
codes from the Top-50+ testset and obtained 100
cases.

Review Procedure: All qualitative analyses
were performed independently by two clinical re-
viewers. After analysis, the two reviewers dis-
cussed to arrive at consensus. First, for each of
the 20 codes selected, reviewers considered the
ICD coding guidelines and assessed whether they
fall into medical, procedural, or surgical categories.
Next, for each of the 100 cases selected, reviewers
read the discharge reports and marked out reports
that did not have any viable information relating
to the code assignment for exclusion from further
analysis. Second, for reports deemed viable, the
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Figure 2: Results of Qualitative Analysis

reviewers assessed whether the reports explicitly
delineated the codes (e.g., word-to-word match
with code description or synonymous mentions)
or contained information that more obliquely re-
lates to the codes (e.g., mentions which might lead
a domain expert with specialized knowledge to in-
directly infer the code). Third, reviewers further
indicated whether the mentions were sparse (1-2
circumscribed mentions) or not (several mentions
or extensive sections relating to the code). Finally,
reviewers marked out whether the reports had di-
verse expressions linking to the codes.

Qualitative Analysis Results: Figure 2 details
the results. Comparing the code characteristics, we
observe that codes where CE gains more tend to (a)
have descriptions that include “unspecified” or “not
elsewhere classified” and (b) fall into the medical
category. In contrast, codes where CE does not
gain much tend to be more procedural or surgical
in nature. Next, comparing characteristics of the
mappings between the notes and the codes, we ob-
serve that cases where CE gains more tend to have
more oblique mentions; while cases where CE does
not gain much tend to have more explicit mentions.
This suggests that code embeddings may provide
more gains in cases where the discharge reports
more obliquely correspond to the code. We detail
more in Appendix A.5 and A.6 by providing ex-
cerpts from 2 exemplar cases and also showing that
CE enables strong Micro-F1 gains on the oblique
codes (codes with descriptions including “unspec-
ified” or “not elsewhere classified”) of the FULL
dataset.

We found that the numbers of cases with sparse
mentions were similar for the cases where CE

gained more vs. less over baseline. That said, the
reviewers did observe that codes such as “Tobacco
use disorder” were largely associated with sparse
mentions and these kinds of cases were more likely
to be accurately predicted with CE than with the
baseline. We also note that the cases correspond-
ing to higher gains for CE tended to have more
diversity in expression.

5 Conclusions and Future Work

We proposed and characterized methods to lever-
age representations that capture statistical, tex-
tual, and structural properties of medical codes
for clinical report coding. We implemented the
proposed method on a simple but efficient base-
line system and demonstrated substantial perfor-
mance improvements in micro-F1. Additionally,
we performed qualitative evaluation studies to show
that our method is more useful in cases when the
code prediction task is more ambiguous or nuanced.
Future work will experiment with more general
datasets and enhancements of the attention network
to further improve performance.
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A Appendix

A.1 Data Preprocessing
We preprocess discharge reports following CAML.
By retaining a maximum of 2,500 words for each
summary, we obtain a vocabulary of about 52,000
words. We found there is a minor parsing error in
CAML data preprocessing. When CAML read di-
agnosis and procedure codes from MIMIC III PRO-
CEDURES ICD.csv and DIAGNOSES ICD.csv
using Python function pandas.read csv(), the data
type of codes used is numpy.int64. In fact, the data
type should be str. We correct this error by indi-
cating the data type. For full codes, the number of
common codes contained in our produced codes
and CAML codes is 8706. For top-50 codes, only
one code is different.

A.2 Dataset Splits and Details

Data size Top-20 Top-50 Top-100 Top-300 FULL Top-50+

Train 42,590 44,804 46,458 47,285 47,724 8,067
Dev. 1,471 1,574 1,600 1,622 1,632 1,574
Test 3,054 3,242 3,291 3,352 3,373 1,730

Table 3: Data splits details

Table 3 shows the number of discharge sum-
maries contained in the training, development and
test data for all the top-k, full and Top-50+ data.
We can see through sub-selection, Top-50+ is much
smaller than the other data.

A.3 Parameters and Model Tuning
Our code embeddings introduce extra training pa-
rameters due to the changes in attention struc-
ture. For a Top-k dataset, 2k2 more parameters
are added. For small k, this number is negligible.
For greater k, such as the FULL dataset, we add
one fully-connected layer after h to reduce the first
k in 2k2 to a fixed number, so that the number
of the introduced parameters is smaller than the
number of original parameters of CAML.

We also tuned the batch size and learning rate to
enhance performance. For top-20/50/100/300 data,
we use a fixed batch size of 128 in all our models.
For Top-50+ and FULL, we use a fixed batch size
of 16 in all our models. Due to the expensive GPU
memory cost in cosine matrix computation and
the large number of added feature maps, we add
a linear layer to reduce the size of cosine matrix.
For all datasets, we set learning rate to 0.001. For
CAML based methods, we use the settings from
(Mullenbach et al., 2018).

A.4 Detailed Evaluation on Top-50+

We report deeper analyses on the Top-50+ bench-
mark in Table 4. We first assess whether CE im-
proves performance over CAML by adding more
features to the representation of a discharge re-
port. Specifically, we add 50 filters (thus enhanc-
ing number of features) to those used in CAML
and DR-CAML, and denote the revised models as
CAML add and DR-CAML add. We observe that
the additional filters offer limited improvements in
comparison with the CE approach (any embedding).
This suggests that our CE approach may not just
be adding more features to improve performance.
Next we assess if combining the different CE em-
beddings would enable even better performance.
We experiment with several combinations of our
different code embeddings: (a) CE+WT combining
CE-w2v and CE-TransR, (b) CE+WTS combining
CE-w2v, CE-TransR and CE-Stat, and (c) CE+BTS
combining CE-BERT, CE-TransR and CE-Stat. We
observe that the combinations of CE embeddings
do not improve the performance much over individ-
ual CE embeddings. This suggests that dot product
of discharge summary representation with concate-
nation of multiple code representations may not
have synergistic effects.

AUC F1
Model Macro Micro Macro Micro P@5
CAML 0.870 0.913 0.521 0.614 0.612

DR-CAML 0.870 0.906 0.541 0.612 0.606
CAML add 0.884 0.920 0.547 0.626 0.621

DR-CAML add 0.878 0.916 0.546 0.618 0.616
CE-w2v 0.914 0.937 0.637 0.694 0.652

CE-BERT 0.913 0.936 0.638 0.692 0.651
CE-TransR 0.913 0.937 0.636 0.693 0.654

CE-Stat 0.911 0.936 0.633 0.687 0.651
CE+WT 0.914 0.937 0.640 0.693 0.647

CE+WTS 0.912 0.935 0.649 0.689 0.650
CE+BTS 0.912 0.936 0.644 0.692 0.650

Table 4: Results on MIMIC-III, 50 labels (Top-50+).
P@5 means precision at 5.

A.5 Constrained Evaluations on FULL

Method Micro-F1
CAML 0.106

DR-CAML 0.106
CE-w2v 0.169

CE-BERT 0.119
CE-TransR 0.114

CE-Stat 0.122

Table 5: Micro-F1 on Oblique Codes of Full

We look into the oblique codes in the testing data
of FULL. We select the codes of which the code
descriptions containing keywords from [“unspeci-
fied”, “not elsewhere classified”, “other”]. Table 5
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Figure 3: Illustrations of Oblique Coding Cases

shows the Micro-F1 scores of our code embed-
ding methods compared with the baseline methods.
From the table, we can see our methods perform
better on the oblique codes, especially CE-w2v.

A.6 Case Illustrations
To provide richer insight on the qualitative anal-
ysis, we provide two case illustrations, shown in
Figure 3. In both cases, the indicated ground truth
codes were missed by the baseline but predicted
correctly by our CE approach. In the first case
(i.e., code 45.13), there are synonym mentions of
“EGD” in the Major Surgical Procedure, Images,
and Brief Hospital Course subsections of the report.
However, indirect phrases on the type of endoscopy
performed in the Discharge Instructions imply that
this is specifically a case of upper gastrointestinal
endoscopy, which leads to the said code assign-
ment. In the second case (i.e., code 507.0), there
are no explicit mentions of pneumonitis with vom-
itus anywhere in the discharge report. However,
there is only one oblique mention of “aspiration”
without the word pneumonia or its equivalent. As
this code is also often termed as “aspiration pneu-
monia” in medical parlance, the oblique mention
ties down the link between the report and the said
code assignment.
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Abstract

A sememe is defined as the minimum seman-
tic unit in linguistics. Sememe knowledge
bases (SKBs), which comprise words anno-
tated with sememes, enable sememes to be ap-
plied to natural language processing. So far
a large body of research has showcased the
unique advantages and effectiveness of SKBs
in various tasks. However, most languages
have no SKBs, and manual construction of
SKBs is time-consuming and labor-intensive.
To tackle this challenge, we propose a sim-
ple and fully automatic method of building an
SKB via an existing dictionary. We use this
method to build an English SKB and a French
SKB, and conduct comprehensive evaluations
from both intrinsic and extrinsic perspectives.
Experimental results demonstrate that the au-
tomatically built English SKB is even supe-
rior to HowNet, the most widely used SKB
that takes decades to build manually. And
both the English and French SKBs can bring
obvious performance enhancement in multiple
downstream tasks. All the code and data of
this paper (except the copyrighted dictionaries)
can be obtained at https://github.com/

thunlp/DictSKB.

1 Introduction

A word is the smallest linguistic element that can
be used on its own with a particular meaning, but
not the smallest semantic unit (O’Grady et al.,
1997). The meaning of a word can be divided into
smaller components. In linguistics, a sememe is de-
fined as the minimum semantic unit of human lan-
guages (Bloomfield, 1926). Some linguists believe
that meanings of all words can be expressed by a
limited set of predefined sememes (Goddard and
Wierzbicka, 1994). For example, the basic mean-
ing of “boy” can be expressed by the compositions

∗Work done during internship at Tsinghua University
†Corresponding author. Email: sms@tsinghua.edu.cn

husband

human

family male spouse

economize

“married man” “carefully use”

word

sense

sememe

Figure 1: Sememe annotations of the word “husband”
in HowNet.

of human, male and child, while the meaning
of “girl” can be expressed by human, female
and child, where human, male, female and
child are predefined sememes. It is even deemed
that this sememe-based semantic system as well as
the sememe set is universal among different lan-
guages, in which case sememes are also named
universal semantic primitives (Wierzbicka, 1996).

Sememes are implicit in words and cannot be
directly used in natural language processing (NLP).
Dong and Dong (2006) make a seminal contribu-
tion and put the sememe-based semantic system
into practice. They define a set of about 2, 000
sememes and use them to annotate senses of over
100, 000 Chinese and English words, whereupon
a sememe knowledge base (SKB) named HowNet
is built up. Figure 1 illustrates an example of how
words are annotated with sememes in HowNet.

As a sememe-based lexical knowledge base,
HowNet is very different from most other lexi-
cal knowledge bases like WordNet (Miller, 1998),
which extensionally explain meanings of words by
word-level relations, e.g., hyponym and meronym.
In contrast, HowNet provides intensional defini-
tions using infra-word sememes. This distinct-
ness brings special advantages to HowNet. First,
the sememe-to-word semantic compositionality en-
dows HowNet with particular suitability for inte-
gration into neural networks (Qi et al., 2019a; Li
et al., 2019). The sememes of a word can be re-
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garded as semantic labels and easily incorporated
into the neural processing unit of the word, e.g., a
cell of RNN (Qin et al., 2020). Second, the nature
that a limited set of sememes are used to express
meanings of unlimited words makes HowNet very
useful in low-data regimes, e.g., improving embed-
dings of rare words (Sun and Chen, 2016; Niu et al.,
2017), where sememes serve as a bridge between
high-frequency and rare words. Thus far a large
body of research has demonstrated the usefulness
of HowNet in various NLP tasks (Qi et al., 2020b).

HowNet is distinctive and valuable, but it cov-
ers only two languages. Most languages have no
SKBs like HowNet, which deprives NLP in those
languages of benefit from sememes. An obvious
solution to this problem is to build an SKB for each
language manually, but it is not realistic because it
would be unimaginably time-consuming and labor-
intensive.1 To address the challenge, previous stud-
ies try to extend HowNet to other languages by au-
tomatically predicting sememes for words in those
languages (Qi et al., 2018, 2020a). However, exist-
ing methods are not effective enough, and manual
effort is necessary to ensure the correctness of their
sememe prediction results.

In this paper, we explore a fully automatic way
to build an SKB for a language via dictionaries
with a controlled defining vocabulary. A dictio-
nary, especially a learner’s dictionary, usually uses
a well-chosen list of words to construct all its defini-
tions, and the word list is named controlled defining
vocabulary (CDV) (Atkins and Rundell, 2008). A
CDV is composed of high-frequency words that
not only cover the vast majority of texts but also
form a semantic basis so as to express meanings
of all other words (Nation and Waring, 2004). To
some extent, words in a CDV can fit the definition
of sememes (Wierzbicka, 1996). This discovery
inspires us to utilize a dictionary to build an SKB
by regarding the words in its CDV as sememes.

We design a quite simple and quick process for
automatically building SKBs based on dictionar-
ies. First, a sememe set is constructed based on the
CDV of a dictionary by removing words that are
not suitable as sememes (e.g., stop words), then
sememes of words are extracted from correspond-
ing definitions, and finally an SKB composed of
words annotated with sememes is established. We
adopt the process to build an English SKB and a

1The construction of HowNet takes several linguistic ex-
perts more than two decades.

French SKB and conduct both intrinsic and extrin-
sic evaluations. In intrinsic evaluation, we find
that both the SKBs possess high sememe annota-
tion consistency, and the English SKB performs
even better than the English part of HowNet. In
extrinsic evaluation, we apply the dictionary-based
SKBs to several sememe-incorporated models orig-
inally designed for HowNet and carry out experi-
ments on different downstream tasks. Experimen-
tal results show that incorporating the SKBs can
bring consistent performance enhancement, and
the English SKB-incorporated models even outper-
form HowNet-incorporated models. These results
demonstrate the usefulness and effectiveness of the
dictionary-based SKBs as well as the feasibility of
building SKBs via dictionaries.

To conclude, our contributions are threefold: (1)
discovering the similarity between sememes and
words in the controlled defining vocabulary, which
is the first time as far as we know; (2) proposing to
automatically build an SKB via a dictionary, which
can be achieved by a simple and quick process;
and (3) building an English SKB and a French
SKB based on dictionaries and demonstrating their
effectiveness in multiple downstream tasks.

2 Related Work

2.1 HowNet and Its Applications

Since HowNet was published (Dong and Dong,
2003), it has attracted considerable attention of
NLP researchers. In the era of statistical NLP, it
plays a very important role in various NLP tasks
including word similarity computation (Liu and Li,
2002), word sense disambiguation (Zhang et al.,
2005; Duan et al., 2007), text classification (Sun
et al., 2007), sentiment analysis (Zhu et al., 2006;
Fu et al., 2013), etc.

When deep learning becomes the mainstream
approach of NLP, the usefulness of HowNet is also
proved in diverse tasks including word represen-
tation learning (Sun and Chen, 2016; Niu et al.,
2017), language modeling (Gu et al., 2018), seman-
tic composition (Qi et al., 2019a), sequence mod-
eling (Qin et al., 2020), reverse dictionary (Zhang
et al., 2020), word sense disambiguation (Hou et al.,
2020), textual adversarial attacking (Zang et al.,
2020) and backdoor attacking (Qi et al., 2021).

2.2 Expansion of HowNet

To tackle the challenge that many new words are
not contained in HowNet, Xie et al. (2017) present
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the task of lexical sememe prediction, aiming to
expand HowNet by automatically predicting se-
memes for new words. They propose two simple
and effective sememe prediction methods inspired
by recommendation system. Jin et al. (2018) fur-
ther incorporate Chinese characters into sememe
prediction and achieve higher performance when
predicting sememes for Chinese words.

Another research line focuses on extending
HowNet to other languages. Qi et al. (2018) pro-
pose the task of cross-lingual lexical sememe pre-
diction, aiming to extend HowNet to a new lan-
guage by predicting sememes for words in that
language. Qi et al. (2020a) present a more effi-
cient way to extend HowNet to other languages,
i.e., building a multilingual SKB based on Babel-
Net (Navigli and Ponzetto, 2012). BabelNet is
composed of multilingual synsets that contain syn-
onyms in many languages. Words (synonyms) in a
synset have the same meaning and hence the same
sememes. Therefore, they propose to predict se-
memes for the multilingual synsets, by which all
the words in synsets will obtain predicted sememes
at the same time.

Limited by the accuracy of sememe prediction,
manual examination is necessary if we want to put
the above HowNet expansion methods into service.
In contrast, our proposed dictionary-based SKB
construction method is completely automatic and
can build a usable SKB very quickly.

2.3 Applications of Dictionaries

Dictionaries are handy and high-quality resources
for NLP research. A main application of dictio-
naries is word sense disambiguation, where dictio-
naries play the role of sense inventory, and their
definitions provide abundant semantic information
for each sense (Lesk, 1986; Luo et al., 2018a,b;
Kumar et al., 2019; Huang et al., 2019; Du et al.,
2019; Blevins and Zettlemoyer, 2020). The seman-
tic information in dictionary definitions is also used
to improve word representation learning (Tissier
et al., 2017; Bahdanau et al., 2017; Bosc and Vin-
cent, 2018; Scheepers et al., 2018). In addition,
dictionary definitions are also utilized in reverse
dictionary (Hill et al., 2016; Pilehvar, 2019; Zhang
et al., 2020), knowledge graph embedding (Zhong
et al., 2015; Xie et al., 2016), reading comprehen-
sion (Long et al., 2017), etc. As far as we know,
this paper is the first work to utilize dictionaries to
build SKBs.

3 Building an SKB via a Dictionary

In this section, we detail the process of building an
SKB via a dictionary. We take the building process
of an English SKB based on Longman Dictionary
of Contemporary English (LDOCE) (Bullon, 2006),
a highly influential English learner’s dictionary, as
an example, and the building method can be readily
generalized to other languages or dictionaries.2

3.1 Constructing the Sememe Set

We first construct the sememe set from the CDV of
LDOCE by removing some words. LDOCE uses an
approximately 2, 000-word CDV named Longman
Defining Vocabulary (Bullock, 2011), which is de-
veloped from General Service List (West, 1953), a
famous high-frequency word list for English learn-
ers. The CDV includes some stop words such as
“that” and “to”, which bear insignificant meanings
and are not suitable as sememes. Thus, we filter
them out according to the stop word list of NLTK
(Loper and Bird, 2002). But negators like “not” are
retained because they are critical to the meanings
of words. In addition, according to previous work
(Xie et al., 2017; Qin et al., 2020), sememes that
are annotated to too many or too few words are usu-
ally uninformative and ineffective to downstream
applications. Therefore, we count the frequencies
of words in the CDV occurring in all definitions
and empirically remove the most frequent 1% and
the infrequent 10%. So far we have obtained the
sememe set that is composed of 2, 046 sememes.

3.2 Extracting Sememes from Definitions

Next, we extract sememes for each sense of each
word from its definition. We take the word “beauti-
ful” as a running example to illustrate the process
of sememe extraction, as shown in Figure 2.

“beautiful” has two senses in LDOCE, and
both of them are adjective. For each sense, we
first use NLTK to normalize its definition includ-
ing tokenization and lemmatization. For exam-
ple, the definition of its first sense is normalized
into a sequence of tokens: {“someone”, “or”,
“something”, “that”, “be”, “beautiful”, “be”, “ex-
tremely”, “attractive”, “to”, “look”, “at”}. Then
we remove the tokens that are not in the se-
meme set. In the above example, “someone”,
“something”, “or”, “that”, “be”, “to” and “at”
are removed. So far we obtain the sememes

2The building process and evaluation results of the French
SKB are given in Appendix A and B.
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beautiful

Word

someone or something that is 
beautiful is extremely attractive 
to look at

very good or giving you great 
pleasure

someone, or, something, 
that, be, beautiful, be, 
extremely, attractive, 
to, look, at

very, good, or, give, 
you, great, pleasure

beautiful

extremely

attractive

look

good

give

pleasure

attractive

good

give

pleasure

Dictionary Definition Token Sequence Sememes Distilled Sememes

Text Normalization Remove Non-Sememes Distill Sememes

Figure 2: The process of extracting sememes from dictionary definitions for the word “beautiful”.

SKB #Word/Phrase #Sense #Sememe #AvgSem

HowNet 50,879 111,519 2,187 2.26
EDSKB 70,218 105,160 2,046 6.03
EDSKB∗ 70,218 105,160 1,6823 2.04

Table 1: Statistics of EDSKB, its distilled version
EDSKB∗ and the English part of HowNet.4 #AvgSem
denotes the average sememe number per sense.

of the first sense of “beautiful”: {beautiful,
extremely, attractive, look}. In a simi-
lar way, we can obtain the sememes of its second
sense: {good, give, pleasure}.

By repeating this process on all the words of
LDOCE, we obtain an English SKB that we name
EDSKB. Its statistics are shown in Table 1.

3.3 Distilling Sememes of Senses

By comparison with HowNet, we find that the se-
meme set of EDSKB is smaller (EDSKB 2, 046 vs.
HowNet 2, 187), but its average sememe number
per sense is much larger (EDSKB 6.03 vs. HowNet
2.26), which means the sememes of EDSKB are
utilized more fully and effectively. Moreover, anno-
tating a sense with more sememes can explain the
sense more accurately and finely. Nevertheless, it
would also increase the distinguishability between
different senses/words, which has an adverse effect
on some downstream tasks. For example, word-
level textual adversarial attacking conducts word
substitution to generate adversarial examples, in
which fewer substitute words usually lead to lower
attack success rates (Wang et al., 2019; Zang et al.,

3Notice that its sememe set shrinks because some sememes
are not annotated to any senses anymore.

4The data of HowNet are obtained from OpenHowNet (Qi
et al., 2019b).

2020). In a sememe-based word substitution strat-
egy (Zang et al., 2020), more sememes per sense
mean fewer substitute words that share the same
sememes can be found, which will decrease the
final adversarial attack success rate. To address
this problem, we intend to craft an extra distilled
version of EDSKB by distilling its sememes of
senses.

To this end, we need to determine the impor-
tance of each sememe of a sense, and remove the
relatively unimportant sememes. Here we resort
to dependency parsing (Kubler et al., 2009). De-
pendency parsing is used to analyze syntactic struc-
tures of a sentence by identifying the word that
another word is “dependent” on, e.g., the adjec-
tive is dependent on the noun in an adjective-noun
phrase. We believe that the words with more de-
pendents are more important in a definition. Hence,
we define the importance score of a sememe for a
sense as the number of the dependents of its origi-
nal word in the definition.

Then, we empirically remove the sememes
whose importance scores are below the highest
importance score minus t for the senses having m
or more sememes. Here t and m are two hyper-
parameters and are tuned to 1 and 4 respectively,
based on the performance on the validation sets
of downstream tasks, especially adversarial attack-
ing. For example, for the first sense of “beautiful”,
by using AllenNLP (Gardner et al., 2018) to con-
duct dependency parsing on its definition, we ob-
tain the numbers of dependents of all the words in
the definition. Correspondingly, we get the impor-
tance scores of the four sememes {beautiful,
extremely, attractive, look}, which are
2, 0, 6 and 0 respectively. The highest impor-
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tance score is 6 and thus the sememes whose im-
portance scores are less than 5 are removed, i.e.,
beautiful, extremely and look. Finally,
the remaining sememe of the first sense of “beauti-
ful” is {attractive}. As for the second sense,
it has only 3 sememes and all of them are retained
(the sememe number threshold for sememe reduc-
tion is m = 4). Therefore, its final sememes after
reduction are still {good, give, pleasure}.

By repeating the above process on all the words,
we obtain a distilled version of EDSKB (signified
by EDSKB∗), whose average sememe number per
sense is comparable with HowNet (2.04 vs. 2.26).
Its detailed statistics are also shown in Table 1.

Later experiments (on both English and French)
show that the full version outperforms the distilled
version in some downstream tasks while not in
others. In practice, we can build both full and
distilled versions and conduct experiments to see
which one is better in a specific task. It is affordable
to build and evaluate two versions.

4 Intrinsic Evaluation

In this section, we conduct an intrinsic evaluation to
assess the sememe annotation consistency of ED-
SKB. Sememe annotation consistency measures
how compatible the sememe annotations for differ-
ent words/senses are, e.g., whether two synonyms
are annotated with exactly the same sememes. The
sememe annotation consistency of an SKB not only
reflects its intrinsic quality but also has impact on
its effectiveness in downstream tasks.

We evaluate both full and distilled versions of
EDSKB, and the English part of HowNet for com-
parison. We adopt a sememe consistency assess-
ment method named CCSA (Liu et al., 2020),
which is designed for HowNet originally but can
be used for any SKB. This method is motivated by
the idea that semantically close senses should have
similar sememes, which conforms to the linguistic
definition of sememes. It actually implements a
sememe prediction process that predicts sememes
for a small proportion of senses according to the
sememe annotations of the other senses. The se-
meme prediction method it adopts is based on col-
laborative filtering (Xie et al., 2017), and tends to
predict the sememes that are annotated to seman-
tically close senses to the target sense. Therefore,
higher sememe prediction performance means the
semantically close senses are annotated with more
similar sememes, and the sememe annotations are

SKB MAP F1

HowNet 0.93 0.91
EDSKB 0.88 0.86
EDSKB∗ 0.95 0.91

Table 2: Sememe annotation consistency results. The
boldfaced results show statistically significant im-
provement over the best results from baselines with
p<0.1 given by t-test, and the underlined results rep-
resent having no significant difference.5

more consistent. Correspondingly, the sememe an-
notation consistency of an SKB is measured by
two sememe prediction evaluation metrics, namely
mean average precision (MAP) and F1 score.

Table 2 lists the evaluation results of sememe an-
notation consistency. We can see that the distilled
version of EDSKB has overall higher consistency
than HowNet, and the full version of EDSKB yields
lower consistency results. It is not strange because
CCSA is based on sememe prediction and accord-
ing to previous work (Qi et al., 2020a), senses with
more sememes usually have lower prediction per-
formance. Since the full version of EDSKB has
much more sememes per sense than HowNet, it is
actually not fair to compare their consistency using
CCSA. The distilled version of EDSKB has a sim-
ilar average sememe number as HowNet, and its
superior results can demonstrate the great consis-
tency of the dictionary-based SKB.

5 Extrinsic Evaluation

In this section, we conduct extrinsic evaluations
to assess the effectiveness of EDSKB in down-
stream tasks. We pick three representative sememe-
incorporated neural network models that are used
for language modeling, sequence modeling and tex-
tual adversarial attacking tasks, respectively. All of
them are originally designed for HowNet and have
demonstrated efficacy on their respective tasks.

5.1 Language Modeling
In this subsection, we try to apply EDSKB to the
task of language modeling. We use SDLM (Gu
et al., 2018), a sememe incorporation method for
language models, to incorporate EDSKB into two
representative language models based on recurrent
neural networks (RNNs).

Language modeling is aimed at predicting the
next word given previous context (Bengio et al.,

5The same is true for the following tables.
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2003). Language models based on RNNs, espe-
cially LSTMs (Hochreiter and Schmidhuber, 1997),
are very popular, which use RNNs to encode the
previous text into a vector and then feed the vec-
tor to a classifier to predict the next word. SDLM
reforms the prediction process. Instead of directly
predicting the next word, SDLM predicts sememes
first, then senses and finally the next word.

Base Models We use two representative LSTM-
based language models as the base models into
which EDSKB is incorporated by SDLM.
• Tied LSTM (Zaremba et al., 2014), which

enhances a vanilla two-layer LSTM language
model by introducing dropout and weight tying.
We use its large version whose word embedding
and hidden vector sizes are 1, 500.

• AWD-LSTM (Merity et al., 2018), which
adopts several regularization and optimization
strategies including DropConnect (Wan et al.,
2013) and non-monotonically triggered average
stochastic gradient descent, and is a very strong
baseline language model. Its hidden vector size
is 1, 150 and word embedding size is 400.

Baseline Methods In addition to the two original
base models, we additionally use SDLM to incor-
porate HowNet into the base models as baseline
methods.

Datasets We choose two benchmark language
modeling datasets for evaluation, namely Penn
Treebank (PTB) (Marcus et al., 1993) and
WikiText-2 (Merity et al., 2017). PTB consists
of news stories from the Wall Street Journal. The
numbers of tokens in its training, validation and test
sets are 887, 521, 70, 390 and 78, 669, respectively.
WikiText-2 is made up of Wikipedia articles, and
it has 2, 088, 628, 217, 646 and 245, 569 tokens in
its training, validation and test sets.

Experimental Settings In our experiments, we
use the official implementation of SDLM and its
default hyper-parameters as well as training meth-
ods. The evaluation metric is perplexity. The lower
perplexity a language model computes, the better
the language model is.

Experimental Results Table 3 lists the perplex-
ity results on the two datasets. We observe that
the models incorporated with EDSKB, especially
the full version, consistently outperform the two
base models without sememe incorporation and

Dataset PTB WikiText-2

Model Valid Test Valid Test

Tied LSTM 63.92 63.98 53.10 51.41
+HowNet 58.93 58.95 48.83 47.28
+EDSKB 58.81 58.82 43.38 42.15
+EDSKB∗ 60.17 60.15 45.18 42.59

AWD-LSTM 58.89 59.24 45.29 44.13
+HowNet 58.95 58.92 46.84 45.29
+EDSKB 56.94 57.13 42.44 41.25
+EDSKB∗ 58.63 58.59 43.85 43.95

Table 3: Perplexity results of different language models
on the validation and test sets of PTB and WikiTex-2.

even the HowNet-incorporated models. These re-
sults demonstrate the effectiveness of EDSKB in
language modeling.

5.2 Sequence Modeling

In this subsection, we incorporate EDSKB into
RNNs to improve their sequence modeling abil-
ity by SememeCell (Qin et al., 2020), a sememe
incorporation method for enhancing RNNs.

SememeCell uses a special RNN cell to encode
sememes of a word into a latent vector and trans-
mits it to the corresponding RNN cell of the word,
aiming to inject the semantic information of se-
memes into RNNs. It has demonstrated its effec-
tiveness in improving the sequence modeling abil-
ity of RNNs in multiple downstream tasks, includ-
ing natural language inference, sentiment analysis
and paraphrase detection (Qin et al., 2020).

Base Models Following Qin et al. (2020), we
choose two most representative RNNs, namely
LSTM, GRU (Cho et al., 2014), and their bidi-
rectional versions (BiLSTM and BiGRU) as the
base models, into which sememes are incorporated
by SememeCell.

Baseline Methods In addition to the vanilla and
HowNet-incorporated RNNs, we also design an-
other two baseline methods.
• +Pseudo. RNNs incorporated with either ED-

SKB or HowNet have a little more parameters
than vanilla RNNs. To eliminate the possible
effect brought by more parameters, we build
a pseudo-SKB named Pseudo. Specifically, for
each sense in EDSKB, we substitute its sememes
with the same number of meaningless labels.
The labels are randomly sampled from a label
set with the same size as the sememe set of ED-
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SKB. We use SememeCell to incorporate this
pseudo-SKB into the two base models as base-
lines, which have exactly the same numbers of
parameters as EDSKB-incorporated models.

• +Definition. EDSKB is obtained from dictio-
nary definitions by the transformation from a
sequence of words (definition) into several dis-
crete semantic labels (sememes). We intend to
compare the EDSKB-incorporated models and
models incorporated with the complete dictio-
nary definitions. Since SememeCell only takes
a vector (i.e., the sum of sememe embeddings)
as input, we can leverage it to incorporate defi-
nitions into RNNs by encoding definitions into
vectors with a sentence encoder. Specifically,
we choose the powerful pre-trained language
model BERT (Devlin et al., 2019) as the sen-
tence encoder and use the hidden vector of the
[CLS] token as the definition embedding. The
definition-incorporated RNN models are also
baselines.

Downstream Tasks and Datasets RNNs are ba-
sic sequence encoders and can be used in many
downstream NLP tasks. Following Qin et al.
(2020), we choose two representative tasks to eval-
uate the sentence modeling ability of EDSKB-
incorporated RNNs.
• Natural language inference (NLI), which is

aimed at determining whether a natural language
hypothesis can be inferred from a premise. It is a
typical sentence pair classification task. We use
the SNLI dataset (Bowman et al., 2015) for eval-
uation. SNLI contains about 570, 000 English
premise-hypothesis pairs, and each pair is manu-
ally labeled one of three relation labels, namely
“entailment”, “contradiction” and “neutral”.

• Sentiment analysis, which aims to recognize the
sentiment orientation of a sentence and is a typ-
ical single sentence classification task. Follow-
ing Qin et al. (2020), we use the CR dataset
(Hu and Liu, 2004) for evaluation. It contains
about 8, 000 product reviews and each review is
labeled with “positive” or “negative”.

Experimental Settings We use the official im-
plementation of SememeCell (Qin et al., 2020) and
the default hyper-parameter settings and training
methods, where the embedding size (for both word
and sememe embeddings) is 300 and hidden size is
2, 048. In the baseline method +Definition, to keep
the definition vector size comparable with sememe

Dataset Method LSTM GRU BiLSTM BiGRU

SNLI

vanilla 80.66 82.00 81.30 81.61
+Pseudo 81.28 80.90 81.91 82.07
+HowNet 81.87 82.90 82.55 83.15
+Definition 81.62 82.80 81.10 83.22
+EDSKB 82.32 83.18 82.54 83.55
+EDSKB∗ 81.78 82.10 82.11 82.35

CR

vanilla 74.17 76.37 77.62 78.76
+Pseudo 73.96 75.44 76.16 78.20
+HowNet 76.47 78.57 77.66 76.25
+Definition 76.29 78.20 77.19 77.77
+EDSKB 77.51 79.68 78.95 78.88
+EDSKB∗ 75.09 77.54 76.90 78.18

Table 4: Accuracy results of different models on the
test sets of SNLI and CR.

embedding size, we choose the medium version of
BERT, which has 512-dimensional hidden vectors
and 8 layers.6 As for evaluation metrics, we use
accuracy for both NLI and sentiment analysis.

Experimental Results Table 4 shows the evalua-
tion results on the test sets of SNLI and CR. We can
see that RNNs incorporated with dictionary-based
SKB, especially the full version (+EDSKB), yield
overall better results than vanilla RNNs, which
proves that the dictionary-based SKB can improve
the sequence modeling ability of RNNs. Further-
more, the +EDSKB models outperform +Pseudo
models that have the same number of parameters,
+Definition models that have the same semantic in-
formation source, and +HowNet models that incor-
porate another SKB. These results demonstrate the
superiority of discrete sememes over definitions,
and the advantage of dictionary-based SKB over
HowNet in enhancing RNNs. +Pseudo performs
slightly better than vanilla in some cases, which
is probably because +Pseudo utilizes the random
meaningless labels as noises. The addition of noise
has been proven a regularization method for mit-
igating overfitting and improving performance in
neural networks (Bishop, 1995).

5.3 Textual Adversarial Attacking

In this subsection, we investigate the effectiveness
of EDSKB in textual adversarial attacking.

Adversarial attacking has attracted considerable
research attention recently, mainly because it can
reveal the vulnerability of neural network models
and help improve their robustness and interpretabil-
ity (Xu et al., 2020). Adversarial attacks use ad-

6https://github.com/google-research/
bert
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versarial examples (Szegedy et al., 2014), which
are maliciously crafted by perturbing the original
model input, to fool the victim model. In textual
adversarial attacking, word-level attack methods,
mainly based on word substitution, are a kind of
popular attack method and have demonstrated over-
all better attack performance (Wang et al., 2019).

Zang et al. (2020) decompose the process of
word-level attacks into two steps: (1) determin-
ing the substitute set for each word in the orig-
inal input via a word substitution strategy, e.g.,
synonym-based and word embedding-based sub-
stitution strategies; and (2) searching the combi-
nations of each original word’s substitutes for ad-
versarial examples that can successfully fool the
victim model.

They also propose an adversarial attack approach
that employs a sememe-based word substitution
strategy and achieves strong attack performance.
The sememe-based word substitution strategy es-
sentially regards a word w1 as the substitute of
another word w2, if one sense of w1 has the same
sememes as one sense of w2, according to an SKB.
We use this approach to conduct textual adversarial
attacks and measure the attack performance.

Baseline Methods In addition to the original
sememe-based attack approach that uses HowNet
as the SKB, we choose some other baseline meth-
ods for comparison. Notice that all these baseline
methods use the same approach to search for ad-
versarial examples (the aforementioned step 2) and
differ in word substitution strategies (step 1) only.
• +Synonym, the attack method that uses

synonym-based word substitution strategy. Fol-
lowing previous work (Ren et al., 2019), we use
WordNet as the thesaurus and the words in a
synset can be regarded as substitutes of each
other.
• +Definition, the attack method that uses a

definition-based word substitution strategy. In-
spired by word embedding-based word substi-
tution, we encode the definition of each sense
of words into a vector and define the similarity
between two words as the cosine similarity be-
tween their closest definition vectors. Then, a
certain number of words that are most similar
to the target word are regarded as its substitutes.
Specifically, we still use the medium-size BERT
to encode definitions into 512-dimensional vec-
tors. And the number of substitutes of each word
is the same as that in the sememe-based substi-

Victim Attack Method ASR %M %IGE PPL

BiLSTM

+Synonym 79.0 10.45 7.59 593.09
+Definition 90.0 8.76 7.56 518.71
+HowNet 93.6 9.02 2.57 468.92
+EDSKB 26.5 8.27 3.77 538.46
+EDSKB∗ 94.0 8.29 1.27 507.34

BERT

+Synonym 81.3 9.22 8.00 576.82
+Definition 86.3 8.03 7.18 538.00
+HowNet 91.2 8.25 2.08 503.06
+EDSKB 29.7 8.10 3.36 485.00
+EDSKB∗ 93.3 7.66 1.07 544.51

Table 5: Adversarial attack results of different word
substitution strategies. ASR is short for attack success
rate. %M, %IGE and PPL denote word modification
rate, increase rate of grammatical errors and perplexity,
respectively.

tution strategy.
In this task, the +Pseudo baseline in the previous
section cannot work because it would regard ran-
dom words as substitutes of the target word.

Victim Models and Datasets Following Zang
et al. (2020), we choose BiLSTM and BERT, specif-
ically BERTBASE as the victim models we intend
to attack. The evaluation task is sentiment analysis
and the evaluation dataset is SST-2 (Socher et al.,
2013). SST-2 comprises about 10, 000 sentences
in movie reviews and each sentence is labeled with
“positive” or “negative”. The accuracy results of
BiLSTM and BERT on the test set of SST-2 are
83.75 and 90.28.

Experimental Settings We use the official im-
plementation of the sememe-based attack approach
(Zang et al., 2020) and the default hyper-parameter
settings.

Evaluation Metrics Following Zang et al.
(2020), we use attack success rate to measure the ef-
fectiveness of an attack method and three metrics to
assess the quality of its adversarial examples. The
three metrics are (1) word modification rate, the
percentage of words in the original input that are
perturbed; (2) increase rate of grammatical errors
in adversarial examples compared with original in-
put, where LanguageTool grammar checker is used;
and (3) perplexity given by GPT-2 (Radford et al.,
2019) that is used to measure the fluency of adver-
sarial examples. The lower the three metrics are,
the better the quality of adversarial examples is.

Experimental Results According to Table 5, we
find that the attack method based on EDSKB∗
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Word SKB Sememes

screenwriter
HowNet human, occupation, entertainment, compile, shows
EDSKB someone, write, play, film, television
EDSKB∗ write, play, film, television

tweet

HowNet InstitutePlace, ProperName, produce, software, LookFor, document, information, internet

EDSKB
Sense 1: bird, make, high, small, short, sound
Sense 2: service, message, network, short, send, use, social

EDSKB∗
Sense 1: bird, sound
Sense 2: message, send, use, network

Table 6: Two cases of sememe annotations in HowNet, EDSKB and EDSKB∗.

not only achieves the highest attack success rates
but also generates adversarial examples with over-
all higher quality. These results show that the
dictionary-based SKB EDSKB∗ can better capture
the semantic relations between words and find ap-
propriate substitutes for adversarial attacks. Attack
success rates of the EDSKB-based method are ex-
tremely low. It is because EDSKB has too many
sememes per sense, which causes the found substi-
tutes to be very few (EDSKB 1.6, EDSKB∗ 12.6
and HowNet 15.3 on average), according to the
sememe-based word substitution strategy that re-
quires substitutes to have the same sememes.

6 Case Study on Sememe Annotations

In this section, we give two cases of sememe anno-
tations in EDSKB and EDSKB∗ as well as HowNet
in Table 6.

The first case is the word “screenwriter”. In
HowNet, this word has only one sense that is anno-
tated by five sememes, as listed in the second row
of Table 6. As for EDSKB and EDSKB∗, accord-
ing to Longman Dictionary of Contemporary En-
glish (LDOCE), this word also has only one sense
whose definition is “someone who writes plays for
film or television”. EDSKB provides five sememes
and one (someone) is filtered out in EDSKB∗.
By comparison, we can find that sememes in ED-
SKB and EDSKB∗ can represent the meaning of
the word more specifically, e.g, write and play,
while sememes in HowNet seem to express a more
general meaning.

The second case is about the word “tweet”.
HowNet only annotates one sense for this word, i.e.,
“to send a message on Twitter”. As for EDSKB and
EDSKB∗, since LDOCE contains the basic mean-
ing of this word, i.e., “to make the short high sound
of a small bird”, the sememes including bird and
sound are extracted to express this meaning. In
addition, for the shared sense, sememes in ED-
SKB and EDSKB∗ are more succinct than those in

HowNet, e.g., message in EDSKB/EDSKB∗ can
better describe the core meaning of “tweet” than
document and information in HowNet.

From the two cases, we can see the advan-
tage of the dictionary-based SKBs over HowNet
in terms of sememe annotations. We hope that
the dictionary-based SKBs can be used to perfect
HowNet by supplying more senses and annotating
more suitable sememes.

7 Conclusion and Future Work

In this paper, we propose to utilize a dictionary to
build an SKB for the first time, which can be imple-
mented by a simple, quick and fully automatic pro-
cess. We try utilizing existing dictionaries to build
an English SKB and a French SKB, and demon-
strate their effectiveness on multiple NLP tasks.
Extensive experimental results prove the reliability
and practicality of our idea about dictionary-based
SKB construction.

It is worth mentioning that although EDSKB
delivers better empirical results than HowNet,
HowNet has its unique advantages including better
interpretability and multilinguality. In the future,
therefore, we will systematically compare the se-
meme annotations in EDSKB and HowNet and try
to use EDSKB to improve and expand HowNet.
Besides, the hierarchical structures of sememes in
HowNet are neglected in this paper. We will also
explore to extract sememes with hierarchy from
dictionary definitions.
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The task we tackle is sememe knowledge base
construction, which is not a practical application
and is only related to NLP research. Therefore, the
datasets we build and the models we use would not
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A Building Process of a French SKB

In this section, we describe the building process
of a dictionary-based French SKB that we call FD-
SKB. We choose Le Petit Robert French Dictionary
2016 edition (Robert et al., 2015), a very popular
French dictionary, as the base dictionary.

Constructing the Sememe Set We first con-
struct a sememe set from the defining vocabulary of
the dictionary. Similar to EDSKB, we remove the
most frequent and infrequent words that appear in
definitions as well as some stop words, and obtain
a sememe set comprising 2, 919 sememes (defining
words).

Extracting Sememes from Definitions We use
Stanza (Qi et al., 2020c) to tokenize and lemmatize
the definitions of all words in the dictionary and
extract the sememes of each sense of each word
according to the sememe set. So far, we have ob-
tained the full version of FDSKB, whose statistics
are shown in Table 7.

Distilling Sememes of Senses We adopt a simi-
lar way to EDSKB to distill the sememes of senses.
Specifically, we use Stanza to conduct dependency
parsing for every definition and obtain the impor-
tance score of each sememe. Then we empirically
remove the unimportant sememes according to the
experimental results of downstream tasks. In this
way, we obtain the distilled version of FDSKB
(FDSKB∗), whose statistics are also in Table 7.

B Evaluation of FDSKB

In this section, similar to EDSKB, we conduct
both intrinsic and extrinsic evaluations for FDSKB
and FDSKB∗. Notice that since HowNet covers
only English and Chinese, there are no available
HowNet-based baseline methods for French.

SKB #Word/Phrase #Sense #Sememe #AvgSem

FDSKB 55,836 113,722 2,919 4.32
FDSKB∗ 55,836 113,722 2,919 1.97

Table 7: Statistics of FDSKB and its distilled version
FDSKB∗. #AvgSem denotes the average sememe num-
ber per sense.

Dataset French News FR-Wikipedia

Model Valid Test Valid Test

Tied LSTM 17.02 18.35 17.23 15.75
+FDSKB 15.72 16.85 17.14 15.60
+FDSKB∗ 15.70 16.89 16.50 15.15

AWD-LSTM 18.41 19.71 16.76 15.30
+FDSKB 15.41 16.47 15.45 15.72
+FDSKB∗ 14.03 15.14 15.90 14.10

Table 8: Perplexity results on the validation and test
sets of French News and FR-Wikipedia. The boldfaced
results show statistically significant improvement over
the best results from baselines with p<0.1 given by t-
test, and the underlined results represent having no sig-
nificant difference.7

B.1 Intrinsic Evaluation

We still use CCSA (Liu et al., 2020) to measure
the sememe annotation consistency. The MAP and
F1 score for FDSKB are 83.47 and 80.51 respec-
tively, and those for FDSKB∗ are 90.03 and 90.01
respectively. These results are comparable to those
of EDSKB and can prove good sememe annotation
consistency of FDSKB. Besides, similar to ED-
SKB, the distilled version FDSKB∗ delivers better
sememe annotation consistency than FDSKB be-
cause it has fewer sememes per sense.

B.2 Extrinsic Evaluation

We conduct extrinsic evaluation for FDSKB and
FDSKB∗ on three tasks including language mod-
eling, natural language inference (NLI) and text
classification.

Language Modeling
Similar to EDSKB, we use SDLM (Gu et al., 2018)
to incorporate FDSKB into Tied LSTM (Zaremba
et al., 2014) and AWD-LSTM (Merity et al., 2018).
The experimental settings are the same as those in
English experiments.

We choose two evaluation datasets: (1) French
News8, which comprises French news articles from

8https://webhose.io/free-datasets/
french-news-articles/
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Dataset Method LSTM GRU BiLSTM BiGRU

XNLI

vanilla 61.14 60.88 61.56 61.36
+Pseudo 60.96 61.46 61.10 61.12
+Definition 61.64 61.10 61.80 61.86
+FDSKB 62.38 61.54 62.52 61.44
+FDSKB∗ 62.52 61.74 62.16 62.06

MARC

vanilla 79.98 79.16 80.35 80.64
+Pseudo 80.35 79.38 79.16 80.53
+Definition 81.10 79.39 80.65 80.80
+FDSKB 81.39 80.58 80.65 82.14
+FDSKB∗ 81.43 81.10 80.98 81.84

Table 9: Accuracy results of different models on the
test sets of XNLI and MARC.

popular news sites. It has 2, 131, 774 / 358, 972 /
370, 059 tokens in its training / validation / test
sets. (2) FR-Wikipedia9, which is composed of
French Wikipedia articles. The token numbers in
its training / validation / test sets are 3, 252, 094 /
520, 333 / 517, 669.

The experimental results are given in Table 8.
We observe that both FDSKB and FDSKB∗ bring
decreases of perplexity, which demonstrates the
effectiveness of the French dictionary-based SKB
in language modeling and the practicality of our
dictionary-based SKB building method. Notice that
since the perplexity results of original Tied LSTM
and AWD-LSTM on the two French datasets are
quite good, the enhancement brought by FDSKB
is comparatively less than that in English.

NLI and Text Classification
Similar to EDSKB, we use SememeCell (Qin et al.,
2020) to incorporate FDSKB into RNNs and mea-
sure the improvement of sequence modeling ability
on the tasks of NLI and text classification.

The base models are still LSTM, GRU, BiLSTM
and BiGRU. And the baseline methods are also
+Pseudo and +Definition. Here we use FlauBERT
(Le et al., 2020), a French pre-trained language
model, to encode definitions into 768-dimensional
vectors. The other experimental settings are the
same as English.

As for evaluation datasets, we use XNLI (Con-
neau et al., 2018) and MARC (Keung et al., 2020)
respectively. XNLI is a cross-lingual NLI dataset
in 15 languages. It is based on another NLI dataset
MNLI (Williams et al., 2018) and constructs its
training set by machine translation, which has
361, 469 sentence pairs. It has 2, 500 and 5, 000

9http://redac.univ-tlse2.fr/corpora/
wikipedia_en.html

sentence pairs in the validation and test sets which
are manually translated from English. MARC
(Multilingual Amazon Reviews Corpus) is a large
corpus of Amazon reviews in 6 languages. We use
its French part for product category classification.
It has 40, 000 / 1, 323 / 1, 345 reviews in its training
/ validation / test sets.

Table 9 shows the accuracy results on the test
sets of XNLI and MARC. The results are basically
consistent with the experimental results in English
datasets. The incorporation of the dictionary-based
SKB can improve the performance of RNN models
on the two different tasks, which reflects that the
SKB has enhanced the sequence modeling ability
of RNNs. Moreover, the results also demonstrate
the usefulness and effectiveness of our dictionary-
based SKB and its building method.

C Experiment Running Environment

For all the experiments, we use a server whose
major configurations are as follows: (1) CPU: In-
tel(R) Xeon(R) E5-2680 v4 @ 2.40GHz, 56 cores;
(2) RAM: 125GB; (3) GPU: 8 Nvidia RTX2080
GPUs, 12GB memory. The operation system
is Ubuntu 18.04.2 LTS (GNU/Linux 4.15.0-108-
generic x86 64). We use PyTorch10 v1.5.0 and
Python v3.6.9 as the programming framework for
the experiments on neural network models.

10https://pytorch.org/
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Abstract
Multi-hop reasoning is an effective and ex-
plainable approach to predicting missing facts
in Knowledge Graphs (KGs). It usually adopts
the Reinforcement Learning (RL) framework
and searches over the KG to find an evidential
path. However, due to the large exploration
space, the RL-based model struggles with the
serious sparse reward problem and needs to
make a lot of trials. Moreover, its exploration
can be biased towards spurious paths that coin-
cidentally lead to correct answers. To solve
both problems, we propose a simple but ef-
fective RL-based method called RARL (Rule-
Aware RL). It injects high quality symbolic
rules into the model’s reasoning process and
employs partially random beam search, which
can not only increase the probability of paths
getting rewards, but also alleviate the impact
of spurious paths. Experimental results show
that it outperforms existing multi-hop methods
in terms of Hit@1 and MRR.

1 Introduction

Knowledge Graphs (KGs), which store facts as
triples in the form of (subject entity, relation, object
entity), benefit various NLP applications (Lan and
Jiang, 2020; Wang et al., 2019b; He et al., 2017).
However, existing KGs face with serious incom-
pleteness despite of their large scales. Therefore,
KG completion, which aims to reason missing facts
based on existing triples, has been an important re-
search area.

The past decade has witnessed the rise of
embedding-based reasoning methods on KGs (Bor-
des et al., 2013; Yang et al., 2014; Balažević et al.,
2019). However, due to their black-box nature,
these methods cannot provide interpretations for a
specific prediction (Ji et al., 2020; Sadeghian et al.,
2019). Recently, there has been growing interest
in using multi-hop reasoning to improve the inter-
pretability (Gardner et al., 2013; Rocktäschel and

Riedel, 2017). This approach usually adopts Rein-
forcement Learning (RL) to find a reasoning path
(Xiong et al., 2017; Das et al., 2018; Hildebrandt
et al., 2020). Starting from the query entity, the
RL-based model sequentially selects an outgoing
edge and transits to a new entity until it arrives at
the target.

However, due to the complexity of the KG, the
number of paths grows exponentially when the rea-
soning hop increases. Most of paths cannot arrive at
correct answers, and cannot receive a none-zero re-
ward, which is also called the “sparse reward prob-
lem” (Nair et al., 2018). Moreover, since golden
paths are not available in the training process, the
RL-based model may coincidentally reach the tar-
get via a meaningless path (i.e. spurious paths).
Take the query (Captain America, director, ?) as
an instance. Although the path (Captain America,
country, US, lives in−1, Peter Farrelly), can arrive
at the target. It is semantically inconsistent with
the query relation director and is an accidental suc-
cess. One trouble is that the RL-based model relies
heavily on rewards and reinforces the past actions
receiving high rewards regardless of their path qual-
ity. In addition, in large scale KGs, there are more
spurious paths than correct ones (Lin et al., 2018).
It is more easier for the model to discover spuri-
ous ones first other than the true and meaningful
ones. If the model finds spurious ones first, these
spurious paths will lead to a biased exploration and
induce negative influence to the reasoning process
(Guu et al., 2017; Lin et al., 2018).

Lin et al. (2018) uses shaped rewards calcu-
lated by pre-trained embedding-based models and
an action dropout mechanism to solve the above
two challenges, respectively. However, its perfor-
mance largely depends on the embedding-based
model used. In addition, embedding-based model
increases the opacity of the reasoning process. Mo-
tivated by this, we focus on the action selection
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strategy and propose RARL (Rule Aware RL), a
simple but effective model to solve the above two
challenges. RARL introduces high quality rules
as prior information about actions and explores K
paths in one episode. It selects actions from three
parts: actions matching rules, actions with high
scores, and actions randomly sampled. The former
two parts can increase the probability of reasoning
paths arriving at targets. The later one allows the
model to explore a more diverse path set and thus
avoids the model adhering to the past actions re-
ceiving high rewards, which can naturally mitigate
the impact of spurious paths.

We evaluate RARL on three benchmark datasets,
and experimental results show the effectiveness
of RARL when compared with existing multi-hop
methods.

2 Preliminaries

Let E be the set of entities and R be the set of
relations, a knowledge graph can be represented as
G = {(es, r, et)} ⊆ E ×R× E . In this paper, we
focus on the standard link prediction task. Given a
query of the form (es, rq, ?), the reasoning model
is expected to predict the correct answer et after
traversing over the graph.

2.1 The RL-based Knowledge Reasoning
Framework

Following (Das et al., 2018), when given a query
(es, rq, ?), the RL-based model can be viewed
as an agent, which interacts with the KG envi-
ronment and aims to find a reasoning path p =
(es, r1, e1, ...) to explicitly show how to conduct
reasoning. The parameters of the policy defines a
policy. At each time t, the agent selects an action
at, i.e. an outgoing edge of the current position
et, to expand the path using a policy. Here, we de-
fine At = {(r′, e′)|(et, r′, e′) ∈ G} as the possible
actions at time t. The model first uses a Long Short-
Term Memory network (LSTM) to encode the path
history into a vector ht. Then, the policy network
πθ (a two-layer feed-forward network) calculates a
distribution over all possible actions in At.

πθ(at|et) =σ(At(W2ReLU(W1[ht;et;rq]))), (1)

where et ∈ Rd and rq ∈ Rd are embeddings of et
and rq, respectively. At ∈ R|At|×2d is the stack of
all actions embeddings inAt and σ denotes the soft-
max operator. After this, the next edge is selected
via an ε-greedy action selection strategy.

A binary reward R(p) is observed after the max-
imum time step T : R(p) = 1 if the path ends at
the correct answer and 0 otherwise.

The objective of the model is to maximize the
expected reward:

J(θ) =
∑

(es,rq ,et)∈G

∑

ẑ∈P (es,rq)

R(ẑ)πθ(ẑ|es, rq), (2)

where P (es, rq) is the set of all reasoning paths
related to the given query (es, rq, ?). The optimiza-
tion is then performed by using REINFORCE al-
gorithm (Williams, 1992).

2.2 Beam Search
In the RL context, Beam Search (BS) (Sutskever
et al., 2014) stores top-K scoring partially con-
structed paths at each time step, where K is known
as the beam size. At each time t, BS extends
itself via the following process. Let us denote
the paths set held by BS at the end of time t
as Bt = {p[1:t], ..., p[K:t]}. For each path p =
(es, r1, ..., et) ∈ Bt, we first generate its candidate
paths cand(p),

cand(p) = cond(es, r1, ..., et)

= {(es, r1, ..., et, r′, e′)|(et, r′, e′) ∈ G}.
(3)

Each candidate path p ∈ cand(p) is associ-
ated with a score s(p) calculated by the policy
network. Here, s(p) = πθ((r

′, e′)|et). Further,
we take the union of these candidate paths Bt =⋃
p∈Bt cand(p). A new beamBt+1 is generated by

picking the K top-most elements in Bt.

3 The RARL Model

As illustrated in Figure 1, the RARL model con-
sists of two parts: the KG environment and the
agent. By interacting with the environment, the
agent employs a beam search based action selec-
tion strategy and picks K actions to extend the
beam in one episode. The action selection strategy
selects actions from three parts: actions matching
rules, actions with high scores, and actions ran-
domly sampled. After the maximum time step, the
agent will receive binary rewards.

3.1 Rule Based Action Selection
In a typical KG, when the path length increases,
finding a non-zero reward is exponentially more dif-
ficult. Learning from such sparse rewards requires
lots of effective exploration. However, in the begin-
ning, due to the randomly initialized parameters,
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Figure 1: The reasoning process of RARL. Left: The KG environment. The dashed edges are part of queries and
the solid edges are observed facts. Middle: The structure of the agent. By interacting with the environment, it
picks K actions to extend the beam in one episode. Right: An illustration of the action selection strategy at time t.
It first randomly samples λK actions and then selects the remaining (1−λ)K actions using rules and probabilities.

the model chooses actions randomly and can hardly
arrive at targets. This makes the sparse reward prob-
lem even worse (Xiong et al., 2017; Hare, 2019).
Considering that rules precisely characterize a map-
ping from query relations to semantic composition
paths (Zhang et al., 2019), RARL utilizes rules
as prior information about actions to increase the
probability of paths receiving rewards, which can
also help to facilitate effective exploration.

The rules mined from KGs are in the form of
head ← body, where the head is an atom r(a, b)
and the body is in the format of: r(x0, x1) ∧ . . . ∧
r(xn, xn+1). Note that r(xi, xj) is equivalent to
the fact triple (xi, r, xj).

Given the query relation rq, RARL first se-
lects rules Rrq whose heads are identical to rq
from the rule pool. At each time step t, it
maintains a beam Bt of K paths. For each
path p = {es, r1, e1, ..., rt, et} ∈ Bt, RARL
expands its candidate paths based on the outgo-
ing edges of et. Next, for all candidate paths
in Bt, only those in which relation sequence
can match related rules from left to right are se-
lected. For instance, suppose Rrq contains only
one rule rq ← r1 ∧ r2, given two candidate paths
(es, r1, e1, r2, e2), (es, r2, e3, r3, e4), only the rela-
tion sequence in the former path can successfully
matches the rule. As a result, the former one will
be selected to generate Bt+1. If the number of can-
didate paths matching rules excesses the beam size,
RARL selects top-K paths from these paths match-
ing rules according to their scores calculated by the

policy network. If not, remaining paths not match-
ing rules are selected as a compliment. To make a
balance between actions generated by free explo-
ration and actions matching rules, RARL randomly
masks some related rules to shrink the number of
paths matching rules.

3.2 Partially Random Beam Search

To ease the impact of spurious paths, we try to
prevent the RL-based model from the obsession
of spurious paths and induce diversity during BS.
Inspired by (Guu et al., 2017), we introduces par-
tially randomness to standard BS, to fight against
the impact of spurious paths.

Like regular beam search, at time t, RARL com-
putes the set of all candidate paths Bt and sorts
them by their scores computed by the policy net-
work πθ. Instead of selecting K highest-scoring
candidate paths, RARL randomly chooses λK can-
didate paths from Bt and remaining paths are cho-
sen according to their scores. In this way, low-
scoring paths discarded in standard BS can also
have the chance to be explored. Besides, the ran-
domness can avoid the model sticking to the paths
getting rewards. In the experiment, RARL se-
lects paths with replacement when available actions
smaller than λK.

3.3 The Overall Selection Strategy

RARL selects candidate actions by three stages:
(1) Randomly sample λK actions based on the
current position; (2) Select actions matching the
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Model
UMLS WN18RR FB15K-237

Hit@1 Hits@10 MRR Hit@1 Hits@10 MRR Hit@1 Hits@10 MRR
M

ul
ti

H
op

NerualLP(Yang et al., 2017) .643 .962 .778 .376 .657 .463 - - -
MINERVA(Das et al., 2018) .728 .968 .825 .413 .513 .406 .405 .583 .468

AnyBURL(Wang et al., 2019a) .657 .966 - .431 .526 - .220 .335 -
Coper-MINERVA(Stoica et al., 2020) .778 .974 .854 .426 .510 .465 .484 .630 .536

RARL (ours) .803 .970 .866 .442 .533 .469 .516 .634 .557

E
m

be
dd

in
g DistMult(Yang et al., 2014) .821 .967 .868 .431 .524 .462 .477 .642 .535

ComplEx(Trouillon et al., 2016) .890 .992 .934 .418 .480 .437 .496 .687 .563
ConvE (Dettmers et al., 2017) .932 .994 .957 .403 .540 .449 .480 .663 .544

TuckER (Balažević et al., 2019) .822 .997 .907 .443 .526 .470 - - -

Table 1: Link prediction results on UMLS, WN18RR, and FB15K-237. Best scores among the multi-hop methods
and embedding-based methods are bold and underlined, respectively.

related rules based on the history; (3) Select ac-
tions in descending order of scores. If the number
of actions matching rules from the second stage
excesses (1 − λ)K, then RARL selects the top
(1− λ)K actions according to their scores. If not,
it continue to select actions via the third stage. The
total size of actions selected from the last two parts
are (1− λ)K.

4 Experiments

4.1 Experimental Setup
Datasets and Rules We adopt three datasets to
evaluate the performance of RARL for link predic-
tion: UMLS (Kok and Domingos, 2007), WN18RR
(Dettmers et al., 2017), and FB15K-237 (Toutanova
et al., 2015). For FB15k-237, 20 relations in the
film field are selected. Following (Niu et al., 2020),
We use AIME+ (Galárraga et al., 2015) to auto-
matically extract rules, and we limit the maximum
length of rules to 2.

Table 2 lists the statistics of rules with vari-
ous confidence thresholds mined from these three
datasets.

Model Various Confidence Thresholds
0.5 0.6 0.7 0.8 0.9

UMLS 2,154 1,678 1,159 561 170
WN18RR 5 4 3 3 3

FB15K-237 2,044 1,621 1,255 912 565

Table 2: Statistics of rules mined on the three datasets.

Hyperparameters We set the dimensions of entity
and relation embeddings within (50, 200). A three-
layer LSTM is used as the path encoder and its
hidden dimension is set in (100, 200). The λ is
set as 0.9, 0.4 and 0.7 for UMLS, WN18RR and
FB15K-237, respectively, according to the average
degree of nodes and the average number of relation
rules on each dataset.

4.2 Link Prediction Results

Table 1 summarizes the experimental results of our
proposed approach and the baselines. As shown in
Table 1, RARL achieves competitive results over
multi-hop reasoning methods. On FB15K-237,
RARL outperforms all baselines in terms of Hit@1,
Hits@10, and MRR. On WN18RR and UMLS, the
RARL achieves the best results in terms of Hit@1
and MRR. The Hit@1 results emphasize the superi-
ority of our approach in high-precision link predic-
tion and confirm the effectiveness of high quality
rules. We also notice that the emebedding-based
methods perform better on UMLS and FB15K-237
compared with multi-hop reasoning methods. One
reason is that the multi-hop reasoning methods are
more sensitive to the sparsity and incompleteness
of graphs compared with embedding-based meth-
ods. It is hard for them to find evidential paths
reaching targets via strictly searching in the KG.
While the embedding-based methods(Lin et al.,
2018; Fu et al., 2019) map entities and relations
into a unified semantic space to capture inner con-
nections, which relaxes this restriction.

4.3 Ablation Study

We perform an ablation study to look deep into the
framework of RARL. We deactivate the validity of
rule information, random mechanism from RARL.
The MRR results are summarized in Table 3. It can
be observed that removing each reasoning compo-
nent of RARL results in a significant performance
drop on UMLS and WN18RR. On FB15K-237,
removing rule information seems like to be no in-
fluence. As a result, we further conduct an analysis
experiment using w/o rule setting and found lower
results on the testing set. This performance gap
may be caused by the difference of data distribu-
tion between the testing set and the validation set.
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Besides, our ablation study shows that removing
partial randomness has a greater negative impact
on reasoning performance. This suggests that in-
creasing the exploration diversity to get more valid
path patterns is important in training stage.

UMLS WN18RR FB15K-237
RARL w/o Rule .813 .448 .551
RARL w/o Random .792 .438 .501
RARL .872 .455 .551

Table 3: Ablation study of the proposed method.

5 Conclusions

In this paper, we introduced RARL, a new RL-
based method for knowledge graph reasoning.
RARL makes use of high-quality symbolic rules
and partical random beam search jointly and effi-
ciently fights against the sparse reward and spuri-
ous path problems. Experimental results demon-
strate that RARL achieves better performance com-
pared with existing multi-hop methods in terms of
both Hit@1 and MRR.
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Abstract
Contemporary works on abstractive text sum-
marization have focused primarily on high-
resource languages like English, mostly due to
the limited availability of datasets for low/mid-
resource ones. In this work, we present XL-
Sum, a comprehensive and diverse dataset
comprising 1 million professionally annotated
article-summary pairs from BBC, extracted
using a set of carefully designed heuristics.
The dataset covers 44 languages ranging from
low to high-resource, for many of which no
public dataset is currently available. XL-Sum
is highly abstractive, concise, and of high qual-
ity, as indicated by human and intrinsic eval-
uation. We fine-tune mT5, a state-of-the-
art pretrained multilingual model, with XL-
Sum and experiment on multilingual and low-
resource summarization tasks. XL-Sum in-
duces competitive results compared to the ones
obtained using similar monolingual datasets:
we show higher than 11 ROUGE-2 scores on
10 languages we benchmark on, with some
of them exceeding 15, as obtained by mul-
tilingual training. Additionally, training on
low-resource languages individually also pro-
vides competitive performance. To the best
of our knowledge, XL-Sum is the largest ab-
stractive summarization dataset in terms of
the number of samples collected from a sin-
gle source and the number of languages cov-
ered. We are releasing our dataset and mod-
els to encourage future research on multi-
lingual abstractive summarization. The re-
sources can be found at https://github.
com/csebuetnlp/xl-sum.

1 Introduction

Automatic text summarization (Nenkova and
McKeown, 2011) is a fundamental problem in nat-
ural language processing. Given an input text (typ-
ically a long document or article), the goal is to

∗These authors contributed equally to this work.

Input Article: Yahoo’s patents suggest users
could weigh the type of ads against the sizes
of discount before purchase. It says in two US
patent applications that ads for digital book read-
ers have been “less than optimal” to date. [...]
“Greater levels of advertising, which may be
more valuable to an advertiser and potentially
more distracting to an e-book reader, may war-
rant higher discounts,” it states. [...] It adds that
the more willing the customer is to see the ads,
the greater the potential discount. [...] At present,
several Amazon and Kobo e-book readers offer
full-screen adverts when the device is switched
off and show smaller ads on their menu screens.
[...] Yahoo does not currently provide ads to these
devices, and a move into the area could boost its
shrinking revenues.
Summary: Yahoo has signalled it is
investigating e-book adverts as a way to stimulate
its earnings.

Table 1: A sample article-summary pair from the XL-
Sum dataset. To highlight the abstractiveness of the
summary, we underline the novel words and phrases
that do not appear in the article text. Also, portions of
the article relevant to the summary have been color-
coded. As we can see, these portions are concisely
paraphrased in the summary, unlike extractive methods.

generate a smaller, concise piece of text that con-
veys the key information of the input text. There
are two main approaches to automatic text sum-
marization: extractive and abstractive. Extrac-
tive methods crop out one or more segments from
the input text and concatenate them to produce
a summary. These methods were dominant in
the early era of summarization, but they suffer
from some limitations, including weak coherence
between sentences, inability to simplify complex
and long sentences, and unintended repetition (See
et al., 2017; Widyassari et al., 2020).
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Abstractive summarization, on the other hand,
generates summaries that may contain words and
phrases not present in the input text (e.g., via
paraphrasing), and may arguably relate more to
human-generated summaries (Hsu et al., 2018).
Although abstractive summaries can be more co-
herent and concise than extractive summaries
(Cohn and Lapata, 2008), generating them is more
challenging due to the nature of this task. Lim-
ited availability of good datasets conducive to ab-
stractive methods has made it even more diffi-
cult. For these reasons, extractive models had
been performing better than abstractive ones his-
torically. However, the success of sequence-to-
sequence (seq2seq) models (Cho et al., 2014;
Sutskever et al., 2014) over the last decade and
the recent advances in Transformer-based models
(Vaswani et al., 2017; Devlin et al., 2019) have
rejuvenated abstractive text summarization (Rush
et al., 2015; See et al., 2017; Zhang et al., 2020),
which had previously received much less attention
in comparison to extractive approaches (Nenkova
and McKeown, 2012). Still, the scarcity of good
datasets, especially for low-resource languages,
remains a roadblock.

Typical seq2seq models are heavily data-driven,
i.e., a large number of article-summary pairs are
required to train them effectively. As a result, ab-
stractive summarization has centered around the
English language, as most large abstractive sum-
marization datasets (Hermann et al., 2015; Grusky
et al., 2018; Narayan et al., 2018) are available in
English only. Though there have been some recent
efforts for curating multilingual abstractive sum-
marization datasets (Giannakopoulos et al., 2015;
Cao et al., 2020; Scialom et al., 2020), they are
limited in terms of the number of languages cov-
ered, the number of training samples, or both.

In this work, we introduce XL-Sum, a large-
scale abstractive summarization dataset of news
articles crawled from the British Broadcasting
Corporation (BBC)1 website. Using a custom
crawler, we collect 1 million professionally an-
notated article-summary pairs covering 44 lan-
guages. Originating from a single source, these
samples exhibit similar summarization strategies
across all languages, making them ideal for the
multilingual summarization task. XL-Sum in-
troduces the first publicly available summariza-
tion dataset and benchmarks for many languages

1https://www.bbc.com/

(e.g., Bengali, Swahili). Thus, this dataset po-
tentially enables and facilitates research on low-
resource languages, bringing technological ad-
vances to communities of these languages that
have been traditionally under-served.

We achieve higher than 11 ROUGE-2 score
on the 10 languages we benchmark on multilin-
gual summarization, even exceeding 15 ROUGE-
2 score (16.58 being the state-of-the-art for
English, obtained by Zhang et al. (2020) on
XSum (Narayan et al., 2018), a similar dataset)
on many of them. In addition, we also conduct
experiments on low-resource summarization task
and show competitive results, indicating that the
dataset can be used even for the low-resource lan-
guages individually.

In summary, we make the following main con-
tributions in this paper:

• We release XL-Sum, a dataset containing
1 million article-summary pairs in 44 lan-
guages, being the first publicly available ab-
stractive summarization dataset for many of
them.

• We create a data curation tool that can auto-
matically crawl and extract article-summary
pairs from BBC, using which the dataset can
be made even larger over time.

• We are the first to perform multilingual sum-
marization on a diverse set of languages,
achieving strong baselines on all languages
tested.

We are releasing the dataset, curation tool, and
summarization model checkpoints. We believe
that our efforts in this work will encourage the
community to push the boundaries of abstractive
text summarization beyond the English language,
especially for low and mid-resource languages.

2 The XL-Sum Dataset

In this section, we present details of the XL-Sum
dataset together with the curation process. Table
2 shows the article-summary statistics for all lan-
guages in the XL-Sum dataset.

2.1 Content Source

BBC publishes news in 43 languages2 ranging
from low-resource languages such as Bengali and

2https://www.bbc.co.uk/ws/languages

4694



Language #Samples Language #Samples Language #Samples
Amharic 5,461 Korean 4,281 Somali 5,636
Arabic 40327 Kyrgyz 2,315 Spanish 44,413
Azerbaijani 7,332 Marathi 11,164 Swahili 10,005
Bengali 8,226 Nepali 5,286 Tamil 17,846
Burmese 5,002 Oromo 5,738 Telugu 11,308
Chinese 39,810 Pashto 15,274 Thai 6,928
English 301,444 Persian 25,783 Tigrinya 4,827
French 9,100 Pidgina 9,715 Turkish 29,510
Gujarati 9,665 Portuguese 23,521 Ukrainian 57,952
Hausa 6,313 Punjabi 8,678 Urdu 40,714
Hindi 51,715 Russian 52,712 Uzbek 4,944
Igbo 4,559 Scottish Gaelic 1,101 Vietnamese 23,468
Indonesian 44,170 Serbian (Cyrillic) 7,317 Welsh 11,596
Japanese 7,585 Serbian (Latin) 7,263 Yoruba 6,316
Kirundi 5,558 Sinhala 3,414 Total 1,005,292

Table 2: Languages covered by the XL-Sum dataset, and the number of samples for each language. Here, a
sample denotes an article-summary pair. If we consider languages with less than 15,000 training samples to be
low-resource, then more than two-thirds of the constituent languages in XL-Sum fall into this category.

aWest African Pidgin English

Swahili to high-resource ones including English
and Russian. Among the 43 languages, Serbian
is a special case that is published in both Cyrillic,
the official script, and Latin, the colloquial script.
We treat them as different languages in this work,
totaling to a coverage of 44 languages.

2.2 Content Search

As BBC does not provide any archive or RSS feed
on their website, we designed a crawler to recur-
sively crawl pages starting from the homepage by
visiting different article links present in each page
visited. We were able to take advantage of the fact
that all BBC sites have somewhat similar struc-
tures, and were able to scrape articles from all
sites. We discarded pages with no textual contents
(mostly pages consisting of multimedia contents)
before further processing.

2.3 Article-Summary Extraction

The process of automatically collecting sum-
maries of articles differs across different datasets.
For example, the CNN/DM dataset (Hermann
et al., 2015) merged bullet point highlights pro-
vided with the articles as reference summaries,
whereas the XSum dataset (Narayan et al., 2018)
used the first line of the article as the summary and
the rest of the article as the input.

Our method of collecting summaries was made

easier by the consistent editorial style of the BBC
articles we crawled. BBC typically provides a
summary of a whole article in the form of a bold
paragraph containing one or two sentences at the
beginning of each article. These summaries are
written professionally by the authors of the arti-
cles in order to convey its main story within one
small paragraph. This is in contrast to the head-
line which serves to draw the attention of view-
ers into reading the article. (We show an example
article-summary pair from BBC English in Table
1.) We designed a number of heuristics to make
the extraction effective by carefully examining the
HTML structures of the crawled pages:

1. The desired summary must be present within
the beginning two paragraphs of an article.

2. The summary paragraph must have some por-
tion of texts in bold format.

3. The summary paragraph may contain some
hyperlinks that may not be bold. The propor-
tion of bold texts and hyperlinked texts to the
total length of the paragraph in consideration
must be at least 95%.

4. All texts except the summary and the head-
line must be included in the input text (in-
cluding image captions).

5. The input text must be at least twice as large
as the summary.
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Any sample that did not conform to these
heuristics were discarded. Our strategy of auto-
matic annotation of summaries resembles XSum
to some extent, but we found the first line to con-
tain meta-information in many articles (e.g., au-
thor information, date of last modification). As
such, we used the bold paragraphs as the sum-
maries instead.

3 Human Evaluation of XL-Sum

Despite being written by professionals, evaluat-
ing the quality of the XL-Sum dataset is crucial
to ensure that it can be valuable and used by a
wider community for abstractive summarization.
For this, we thoroughly conducted human evalua-
tions on a subset of the dataset.

We hired professional annotators3 to assess the
quality of the top-10 languages according to the
number of speakers worldwide.4 It is worth noting
that not all of these 10 languages are high-resource
(e.g., Bengali is a low-resource language despite
being one of the most widely spoken).

Each evaluator was asked to assess the qual-
ity of a random subset of the dataset (around 250
article-summary pairs) by answering the following
questions with ‘Yes’/‘No’:

Property A: Does the summary convey what the
article is about?

Property B: If the answer to property A is ‘Yes’,
does the summary contain any information
that is inconsistent with the article?

Property C: If the answer to property A is ‘Yes’,
does the summary contain any information
that cannot be inferred from the article?

The motivation for designing these properties
stemmed from recent progress on the quality esti-
mation of neural language generation (NLG) mod-
els. Belinkov and Bisk (2018) showed that NLG
models are vulnerable to noisy and low-quality
training samples, hence, it is essential to vali-
date the quality of the summary through Property
A. Ensuring factual consistency and faithfulness
(Wang et al., 2020; Maynez et al., 2020) of the
generated summaries is also a key consideration

3Each evaluator had at least an undergraduate degree and
had native or bilingual proficiency in the languages they were
assigned to. Bilingual proficiency was determined by profes-
sional language tests for the corresponding language.

4https://w.wiki/Pss

for neural abstractive summarization since neu-
ral models have been shown to generate halluci-
nated texts (See et al., 2017). Property B checks
for consistency between the article and the sum-
mary; while Property C assesses the hallucination
implicitly by limiting the knowledge domain to
the input article and identifying additional infor-
mation present in the summary.

Language/Dataset
CNN/DM
XSum
English
Chinese
Hindi
Spanish
French
Arabic
Bengali
Russian
Portuguese
Indonesian

A B C
98.33 1.22 24.57
92.00 0.00 71.74
99.66 0.00 37.37
93.49 0.00 29.56
90.91 0.00 31.42
84.71 0.00 42.93
99.20 0.00 26.72
98.34 0.00 25.31
91.14 0.00 26.85
95.65 0.00 38.64
88.31 0.47 38.50
97.59 0.41 27.57

Table 3: Quality of XL-Sum (along with CNN/DM and
XSum) assessed by human evaluators. In most of the
cases, the evaluators agree that the summaries convey
the main idea (Property A), and do not conflict with
the input text (Property B). However, the summaries
may contain some additional information (Property C),
since the editors writing the summaries may use their
common sense and additional domain knowledge not
present in the article.

It is desirable that property A would have a high
percentage of ‘Yes’, while both property B and
C would have a low percentage. However, the
third property can be a bit ambiguous, since some
pieces of information may not be directly present
in the input article, but a professional with back-
ground knowledge and understanding of the article
topic may infer them inherently. Since text sum-
marization is posed as a closed-domain task, we
asked the annotators to label accordingly, i.e., not
making use of any additional information outside
the article. We provided them with some sample
annotations in English to aid them during annota-
tion. The percentages of ‘Yes’ for the three prop-
erties are shown in Table 3.5 We also showed hu-
man evaluation of CNN/DM and XSum for con-
trast. Each article-summary pair was labeled by

5We measured inter-annotator agreement using Cohen’s
kappa coefficient. Most scores were within the 0.7-0.9 range,
showing high agreement between the evaluators
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two separate evaluators, and we considered each
pair to exhibit property A if both agreed upon it
and property B and C if at least one of them did.

We can see from Table 3 (Property A) that most
languages showed a high percentage of good sum-
maries in the upper nineties, while some had a
slightly lower percentage (i.e., Spanish and Por-
tuguese). We were informed by the annotators
that the negative summaries were mostly extracted
from opinion pieces and blog posts, the bold para-
graphs of which did not convey the main story of
the articles.

Almost none of the summaries contained any
conflicting information (Property B), while about
one-third on average had information that was
not directly inferrable (Property C). Interestingly,
more than 75% of the latter had missing informa-
tion such as first names, designations, or elabo-
rations of acronyms. For example, a summary
had the phrase ‘President-elect Joe Biden’ while
its corresponding article had no presence of the
first name ‘Joe’. Another article had NHS elabo-
rated in the summary, which was absent in the arti-
cle. In general. the types of extra information car-
ried in the summaries were more or less the same
across all languages. CNN/DM and XSum exhibit
extra information in the summaries as well, imply-
ing this phenomenon is common in abstractive text
summarization datasets.

The presence of extra information in the sum-
maries is understandable, since professional ex-
perts writing these summaries not only use the in-
formation present in the article text, but also incor-
porate their knowledge and understanding of the
outside world. But for a closed-domain summa-
rization model or a layman to the topic, inferring
this information is not so straightforward, which
makes the automatic abstractive summarization
task more challenging. This phenomenon may
explain why language models fine-tuned on pre-
trained checkpoints (Raffel et al., 2020; Qi et al.,
2020; Zhang et al., 2020) are achieving state-
of-the-art results in abstractive summarization, as
they are able to make use of outside information
gained from the high volume of texts they were
pretrained with. Additionally, it would be interest-
ing to investigate whether the recent trend of incor-
porating real-world knowledge and commonsense
reasoning (Tandon et al., 2018; Deng et al., 2020)
into language models could improve text summa-
rization performance.

4 Intrinsic Evaluation of XL-Sum

Although the human evaluations provided good
insights into the quality of the summaries, there
are several other aspects of the summaries that
are often infeasible or impractical to judge by hu-
man evaluators. With the above backdrop, sev-
eral works (Narayan et al., 2018; Grusky et al.,
2018; Bommasani and Cardie, 2020) have pro-
posed many automatic metrics to quantify im-
portant features of abstractive summaries (e.g.,
novel words, abstractivity, compression, and re-
dundancy).

Novel n-gram ratio: Narayan et al. (2018) pro-
posed the percentage of n-grams in the summary
that do not occur in the input article as a means of
measuring abstractiveness.

Abstractivity: Grusky et al. (2018) introduced
fragments, which greedily match text spans be-
tween the article and the summary, and Bom-
masani and Cardie (2020) generalized it to intro-
duce abstractivity to measure absractiveness.

Compression: Bommasani and Cardie (2020)
proposed compression as a metric to quantify con-
ciseness. Compression is measured by

CMP(A, S) = 1 − |S|
|A| (1)

where |A| and |S| denote the length of the arti-
cle and the summary, respectively. We measured
length in terms of number of tokens.

Redundancy: Although Bommasani and
Cardie (2020) proposed a metric to measure re-
dundancy, it is only applicable to multi-sentence
summaries, which is not the case for most exam-
ples in XL-Sum. Thus, we propose a new redun-
dancy metric by calculating the number of repeti-
tive n-grams in the summary text.

Let {g1, g2, · · · , gm} be the unique n-grams oc-
curring in a summary S, and let {f1, f2, · · · , fm}
be their respective frequencies. Then the total
number of repeated n-grams are

∑m
i=1(fi − 1).

We define redundancy as the ratio of redundant n-
grams and the total number of n-grams in S:

RED(S) =

∑m
i=1(fi − 1)∑m

i=1 fi

= 1 − m

|S| − n + 1
(2)

It is preferred of a good summary to have a
high novel n-gram ratio, abstractivity, and com-
pression; while having a low redundancy score.
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Language
/Dataset
CNN/DM
XSum
English
Chinese
Hindi
Spanish
French
Arabic
Bengali
Russian
Portuguese
Indonesian

Percentage of novel n-grams ↑
n = 1 n = 2 n = 3 n = 4
13.20 52.77 72.22 81.40
35.76 83.45 95.50 98.49
32.22 80.99 94.57 98.06
36.13 79.23 91.14 94.58
29.55 74.77 90.87 96.29
32.63 76.29 91.96 96.57
35.41 74.72 88.39 93.24
49.88 84.56 94.79 98.10
38.81 81.10 92.10 95.89
49.27 85.89 95.57 98.34
30.28 77.11 92.23 96.71
33.54 76.87 91.73 96.53

ABS
x CMP

x RED (n=1)
y RED (n=2)

y

38.75 90.90 13.73 1.10
75.70 90.40 5.83 0.16
71.74 92.97 6.56 0.20
70.23 92.95 7.37 0.50
64.63 93.00 9.91 0.16
66.60 92.49 11.45 .0.57
65.29 88.34 8.34 0.44
76.72 90.62 3.93 0.18
72.76 94.74 2.93 0.25
78.39 91.25 4.34 0.16
66.80 94.47 10.22 0.34
66.68 91.62 3.94 0.23

Table 4: Intrinsic evaluation of our XL-Sum dataset compared to CNN/Daily Mail and XSum. All values are
reported in percentage for easier comparison. We use ↑ to indicate “higher is better” and ↓ for the reverse. Both
of XL-Sum and XSum are highly abstractive, concise, and shows comparable quality, although the XSum dataset
contains only English samples. For both XL-Sum and XSum, percentages of novel n-grams (n = 1, 2, 3, 4) are
significantly higher than CNN/DM. High abstractiveness (ABS) scores of XL-Sum and XSum also bolster this
finding. Additionally, low redundancy (RED) and high compression (CMP) values indicate that XL-Sum and
XSum are more concise than CNN/DM.

We show these metrics in Table 4 (for redundancy,
we report values for n = 1, 2). We also show these
metrics for the CNN/DM and XSum datasets.

The results indicate that the XL-Sum dataset is
highly abstractive—about one-third of the tokens,
and more than 75% of the bigrams in the sum-
maries are novel, and the abstractiveness score is
also high (more than 65% for most of the lan-
guages). Additionally, XL-Sum is very concise
(the summary is less than one-tenth of the input ar-
ticle for most of the languages), and contains min-
imal redundancy (less than 10% for the majority).
The quality of XSum is comparable, however, it
is limited to only one language (i.e., English). On
the other hand, the CNN/Daily Mail dataset is sig-
nificantly behind XL-Sum and XSum as indicated
by most of the metrics mentioned above.

5 Experiments and Benchmarks

In previous sections, we have discussed the qual-
ity of XL-Sum. In addition, it is imperative to see
how state-of-the-art models perform when trained
on this dataset. Moreover, for many languages
(e.g., Bengali, Swahili), currently, there is no pub-
licly available dataset and benchmarks for abstrac-
tive text summarization to the best of our knowl-
edge. In this section, we train summarization mod-
els with the XL-Sum dataset and provide several
baselines and benchmark results.

Fine-tuning Transformer-based (Vaswani et al.,
2017) seq2seq models initialized with pretrained
weights from self-supervised training (Raffel
et al., 2020; Liu and Lapata, 2019; Rothe et al.,
2020; Qi et al., 2020; Zhang et al., 2020) has
been shown to achieve state-of-the-art perfor-
mance on many abstractive text summarization
datasets. There are many multilingual pretrained
checkpoints available through the Hugging Face
Transformers Library (Wolf et al., 2020). Among
them, we chose to use the mT5 model (Xue et al.,
2021), a multilingual language model pretrained
on a large dataset of 101 languages.

We performed summarization experiments in
two settings: (i) multilingual, and (ii) low-
resource. For performance reporting, for each lan-
guage, we randomly sampled 500 pairs for its de-
velopment set and 500 pairs for its test set, while
using the rest of the pairs for training. We tok-
enized our training samples using the 250k word-
piece (Wu et al., 2016) vocabulary provided with
the mT5 checkpoint. Due to computational con-
straints, we used the base model (600M param-
eters) and had to truncate the inputs to 512 to-
kens and the outputs to 64 tokens. We used the
ROUGE-1, ROUGE-2 and ROUGE-L (Lin, 2004)
scores for automatic evaluation. For inference, we
used beam search with beam size 4 and length
penalty of α = 0.6 (Wu et al., 2016).

4698



5.1 Multilingual Summarization

Multilingual training is performed by training a
single model with training samples from multiple
languages. It has been previously used in several
NLP tasks including neural machine translation
(Arivazhagan et al., 2019) and language model
pretraining (Conneau and Lample, 2019). How-
ever, multilingual training in the context of ab-
stractive summarization has not been a major fo-
cus of the community. As such, the aim of this
experiment is to demonstrate that a single model
can perform well on summarizing texts in differ-
ent languages, and that sister languages with mor-
phological similarity can take advantage of posi-
tive transfer from each other which is not possible
in monolingual settings.

For this experiment, we followed a similar train-
ing strategy as Conneau and Lample (2019): we
sampled each batch from a single language con-
taining 256 samples and used a smoothing fac-
tor (α) of 0.5 so that batches of low-resource lan-
guages would be sampled at a higher rate, increas-
ing their frequency during training.

We fine-tuned the mT5 model for 35k steps
on a distributed cluster of 8 Nvidia Tesla P100
GPUs for 4 days. We used the Adafactor optimizer
(Shazeer and Stern, 2018) with a linear warmup of
5,000 steps and ‘inverse square root’ learning rate
schedule. We show the ROUGE scores achieved
by the model on the top-10 languages in Table 5.

Language
English
Chinese
Hindi
Spanish
French
Arabic
Bengali
Russian
Portuguese
Indonesian

R-1 R-2 R-L
36.99 15.18 29.64
36.89 15.23 30.52
34.51 13.55 28.23
30.93 12.14 23.76
34.47 15.94 27.53
33.23 13.74 27.84
28.32 11.43 24.23
31.10 13.47 25.54
31.06 11.62 23.39
36.17 16.70 30.50

Table 5: ROUGE scores for multilingual summariza-
tion achieved by the mT5 model when fine-tuned on
the XL-Sum training set.

As we can see from the table, the multilingual
model achieved higher than 11 ROUGE-2 scores
on all languages. Some of these languages (e.g.,
Bengali) are low-resource, but the model still ob-
tained competitive results comparable to high and

mid-resource languages. Also, we are the first to
report the abstractive summarization benchmark
for a number of languages, including Bengali.

The mT5-base model achieves a R2-score of
15.18 on the English language. In comparison,
the state-of-the-art PEGASUSBASE model (Zhang
et al., 2020) obtained an R-2 score of 16.58 trained
on the XSum English dataset, which is similar to
XL-Sum in nature. This result suggests that the
performance is comparable to the state-of-the-art
English summarization. The R-2 scores for other
languages are also similar to English, indicating
that our dataset can help to effectively generate
automatic summaries for all languages tested, in-
cluding those low-resource ones.

5.2 Low-Resource Summarization
We have shown the effectiveness of the multilin-
gual training strategy in summarizing articles for
a wide set of languages with a single model. How-
ever, training the model is compute-heavy and it
may not be realistic in many scenarios. For the
dataset to be termed as versatile, models trained
on individual languages should be able to per-
form competitively with the multilingual model.
To confirm this is indeed the case, we performed
training on five low-resource languages from Ta-
ble 2 (Amharic, Azerbaijani, Bengali, Japanese,
Swahili) in a compute-efficient setup. We fine-
tuned mT5 on each language separately for 6-10
epochs (since the total training samples were lim-
ited, we had to be careful to prevent overfitting)
on a single-GPU (Nvidia RTX 2080Ti) machine.
For these experiments, we used a batch size of 32
and trained with a slanted learning rate schedule
(Howard and Ruder, 2018). We show the ROUGE
scores of each model in Table 6. We use the results
from the multilingual models as baseline.

Language

Amharic
Azerbaijani
Bengali
Japanese
Swahili

Low-resource Multilingual
R-1/R-2/R-L R-1/R-2/R-L

15.33/5.12/13.85 17.49/6.34/15.76
16.79/6.94/15.36 19.29/8.20/17.62
25.33/9.50/22.02 28.32/11.43/24.02

44.55/21.35/34.43 47.17/23.34/36.20
34.29/15.97/28.21 38.18/18.16/30.98

Table 6: Performance of mT5 model fine-tuned on a
low-resource training setup vs multi-lingual setup as
mentioned in the previous section.

As evident by the results from Table 6, the
multilingual model outperformed all the models
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trained on a single language. This is expected
since similar languages can have positive transfer
between them (Conneau et al., 2020) when trained
together. However, the low-resource models do
not trail by a large margin, in all cases the differ-
ence is not more than 2 for R-2 scores. This is a
good indication that models fine-tuned on such a
low amount of samples can still generalize to pro-
duce results competitive to multilingual models.

The case for Amharic, Azerbaijani and Japanese
call for a discussion on their performance. The
first two had comparatively low scores, while the
last one (Japanese) had considerably higher scores
compared to the other languages. Amharic and
Azerbaijani had approximately 4k and 6k training
samples respectively, which we conjecture is the
primary reason behind their underperformance.
Moreover, we did not find any reliable stemmer to
preprocess the generated summaries before com-
puting ROUGE, which may also hurt the scores.
On the other hand, Japanese texts are not word-
segmented and the words need to be separated be-
fore calculating ROUGE. We used Fugashi (Mc-
Cann, 2020), and possibly due to its aggressive
segmentation, the scores turned out to be higher
than other languages. Similar high results have
also been reported while measuring BLEU (Pap-
ineni et al., 2002) scores for machine translation
evaluation in Japanese (Kudo, 2018).

Results in Table 6 show that although these lan-
guages are low-resource, the scores of the two
setups are close, indicating our dataset can also
be useful when used with a constrained compu-
tation capability. This is likely to contribute to-
wards advances in low-resource text summariza-
tion, enabling fairness and access to the under-
served communities.

6 Related Works

Rush et al. (2015); Nallapati et al. (2016) pi-
oneered neural abstractive summarization, using
recurrent attentional seq2seq models (Bahdanau
et al., 2015). See et al. (2017) introduced Pointer-
Generator networks for abstractive summariza-
tion, which can learn to copy words from the in-
put text, in addition to generating new texts with
the decoder. Gehring et al. (2017) proposed con-
volutional seq2seq models and applied it to per-
form abstractive summarization. Narayan et al.
(2018) extended the work by integrating topic em-
beddings with the model.

Pretrained language models have recently been
successfully applied to abstractive summarization.
Liu and Lapata (2019) initialized the encoder and
Rothe et al. (2020) initialized both the encoder
and the decoder of a seq2seq model with the pre-
trained BERT (Devlin et al., 2019) weights and
fine-tuned the models for abstractive summariza-
tion. Raffel et al. (2020); Qi et al. (2020) used fully
pre-trained seq2seq models, while Zhang et al.
(2020) introduced a summarization-specific pre-
training objective to achieve state-of-the-art re-
sults on multiple datasets.

Most works on abstractive summarization have
so far focused on English, in large part due to a
lack of benchmark datasets for other languages.
Giannakopoulos et al. (2015) introduced MultiL-
ing 2015, a summarization dataset spanning 40
languages. However, MultiLing 2015 is limited in
size, with the training set having only 10k samples
in total. Cao et al. (2020); Scialom et al. (2020)
introduced two new datasets for multilingual sum-
marization, but both were limited to less than
10 languages. Moreover, samples for different
languages were collected from different sources,
making them exposed to different types of summa-
rization strategies, which raises questions on the
uniformity of the summaries.

7 Conclusion and Future Works

In this paper, we present XL-Sum, a large-
scale, high-quality multilingual text summariza-
tion dataset, containing 1 million samples across
44 languages collected from a single source, BBC.
For many of the languages, XL-Sum provides the
first publicly available abstractive summarization
dataset and benchmarks. We also make the dataset
curation tool available for the researchers, which
will help to grow the dataset over time. Thor-
ough human and intrinsic evaluations indicate that
the summaries in our dataset are highly abstrac-
tive and concise while conveying the main idea
with little to no conflict with the input article. Ad-
ditionally, we demonstrate that multilingual train-
ing can help towards better summarization, most
likely due to the positive transfer between sister
languages with morphological similarity. More-
over, XL-Sum is also useful in a low-resource and
compute-efficient setting.

In future, we will investigate the use of our
dataset for other summarization tasks (e.g., cross-
lingual summarization Zhu et al., 2019).
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We hope the XL-Sum dataset will be helpful
for the research community, especially for the re-
searchers working to ensure fair access to tech-
nological advances to under-served communities
with low-resource languages.
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Abstract

Ethical aspects of research in language tech-
nologies have received much attention recently.
It is a standard practice to get a study involving
human subjects reviewed and approved by a
professional ethics committee/board of the in-
stitution. How commonly do we see mention
of ethical approvals in NLP research? What
types of research or aspects of studies are usu-
ally subject to such reviews? With the rising
concerns and discourse around the ethics of
NLP, do we also observe a rise in formal ethi-
cal reviews of NLP studies? And, if so, would
this imply that there is a heightened awareness
of ethical issues that was previously lacking?
We aim to address these questions by conduct-
ing a detailed quantitative and qualitative anal-
ysis of the ACL Anthology, as well as com-
paring the trends in our field to those of other
related disciplines, such as cognitive science,
machine learning, data mining, and systems.

1 Introduction

With the rapid advances in the field of Natural Lan-
guage Processing (NLP), language technologies are
getting woven into the daily fabric of our lives and
the society. Since “language is a portal of emotions,
a proxy of human behavior, and a strong signal of
individual characteristics” (Hovy and Spruit, 2016),
large-scale deployment of language technology has
potential risks that require early detection and miti-
gation. Naturally, there have been several discus-
sions about the potential harms and ethical issues
concerning NLP (Hovy and Spruit, 2016; Conway
and O’Connor, 2016). They have mostly revolved
around building or deploying systems in sensitive
areas such as hate speech (Sap et al., 2019), social
media (Benton et al., 2017), clinical NLP and men-
tal health (Šuster et al., 2017; Mikal et al., 2016)
and use of sensitive or personal information (Lar-
son, 2017). While building NLP systems, there are
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Figure 1: Percentage(%) of papers mentioning IRB-related
and *ethic* terms in NLP conferences, journals, and work-
shops from 2006 to 2020.

also ethical risks associated with involvement of
human subjects through user studies or data collec-
tion activities (Shmueli et al., 2021).

The awareness of the dangers of the existing and
new NLP applications has led to the curation of
several ethical guidelines and frameworks. Under-
girded by lessons from the past, these guidelines
and frameworks help researchers consider and con-
textualize critical ethical concerns. Most of the
ethical issues in NLP are rooted in the data being
used for research. Couillault et al. (2014) is one
of the first works to explore the ethics of data col-
lection and evaluation in NLP. Several other works
have proposed best practices for dealing with ethi-
cal implications of NLP research and deployment
(Prabhumoye et al., 2019; Leidner and Plachouras,
2017; Bender and Friedman, 2018; Schnoebelen,
2017). There is now an increased awareness around
this topic with a number of workshops and tutori-
als on ethics at NLP conferences (Tsvetkov et al.,
2018; Hovy et al., 2017; Alfano et al., 2018). Such
discussions have resulted in a number of reforms at
NLP conferences. NLP conferences now have new
track called Ethics in NLP. Furthermore, several
ML and NLP conferences such as NeurIPS 2020,
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NAACL 2021 and ACL 20211 now recommend the
inclusion of broader impact statement in their pa-
pers, which allows for authors to introspect and be
mindful of the ethical implications their research
poses.

Although an NLP researcher might be individu-
ally committed towards ethical research practices,
they may not have the expertise in ethical and legal
issues to gauge the potential risks of a technology
or a dataset that they are building. The practice of
getting the research/study approved by an ethical
review board (aka Institutional Review Board or
IRB)2 instituted by the organization is thus critical
in early defusal of the potential harms. The two pri-
mary functions of IRB are (i) to protect the rights
and welfare of human research subjects, and (ii) to
support and facilitate the conduct of valuable re-
search (Bankert and Amdur, 2006; Klitzman, 2012;
Byerly, 2009). Traditionally, IRB has been a long-
standing norm in biomedical research due to its
overt exposure to human subjects. However, with
computing research pervading human lives, IRBs
have started covering computing research as well
(Buchanan and Ess, 2009; Vitak et al., 2017). With
regards to NLP, most of the data collection and
annotation processes as well as user studies come
under the purview of these boards. These are partic-
ularly necessary if they cover sensitive topics such
as mental health or hate speech which can affect
the human subjects involved in data collection or
the users of the system.

How frequently do NLP researchers take IRB
approvals for their studies? What aspects of NLP
research or which topics of study are typically con-
sidered for IRB approvals? What are the historical
and current trends, and what can we say about the
awareness of the NLP research community around
ethical issues? In this paper, we try to answer
these questions through a quantitative and quali-
tative analysis of papers from the ACL anthology
that seek IRB approvals. According to our findings,
IRB approvals were almost non-existent in the NLP
literature until 2006, but there has been a steady in-
crease since 2016. We also study the distribution of
IRB approvals by country and industry/academia
affiliation, as well as compare the recent trends in
NLP conferences to that of various prominent con-

1https://2021.aclweb.org/ethics/
Ethics-FAQ/

2In this paper, we use IRB as a generic term to refer to such
review boards which are known by slightly different terms in
different geographies.

ferences ranging from machine learning and data
mining to human-computer interaction and systems.
One of the key findings of this study is that IRB
permission was mostly sought for either data col-
lection or annotation studies, but hardly ever for
data re-purposing or system design/deployment - a
void that we think the NLP community should be
conscious about.

2 Method

To determine the trends of IRB approvals in NLP
research, we resort to searching for IRB- and ethics-
related terms in research papers. We obtain the pa-
pers (PDFs) for major NLP conferences, journals
and workshops [ACL, COLING, EACL EMNLP,
LREC, NAACL, CL, TACL, and WS] from the ACL
Anthology (curated by Joshi et al. (2020)). For a
comparative analysis, we also collect papers from
other related conferences [CogSci, InterSpeech,
NeurIPS, CVPR, ICWSM, CHI, COMPASS] for
the years 2019 and 2020, during which there was
considerably more discussion around ethics of com-
puting research.

In order to retrieve papers that seek IRB ap-
provals, we search for the following keywords
which cover the phrases used for IRB in coun-
tries that are frequently represented at these con-
ferences: review board, ethics board, ethics panel,
ethics committee, consent form, and IRB.3 To fur-
ther compare and calibrate, we also search for pa-
pers that contain the wildcard string *ethic*, which
brings up a broader set of papers that may discuss
ethical repercussions of their work, even if any ap-
proval is not explicitly sought or mentioned. To
assist with a robust search over this textual data,
we use the Allen AI SPIKE interface4 (Taub Tabib
et al., 2020; Shlain et al., 2020) and use pdfgrep5

to cross-check our results.
IRB-related term search yielded 210 papers

from the ACL anthology (till 2019), which were
then manually checked for precision and anno-
tated for aspects (see Figure 3) and topics (e.g.,
hate speech, social media, mental health, etc.)
of the research for which IRB permission was
sought. Through our manual curation, we found
that 94.17% of these papers actually took the
approval for their research study thus showing
that our search is precise in capturing the terms.

3Collectively referred to as IRB-related terms from hereon.
4URL when accessed: https://spike.staging.

apps.allenai.org/datasets/acl/search
5Command-line tool: https://pdfgrep.org/
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The remaining papers were mostly ethical frame-
works and recommendations (e.g., Hovy and
Spruit (2016); Bender and Friedman (2018)) which
merely mentioned the need for seeking IRB ap-
provals in NLP research.

3 Findings

3.1 How many papers seek IRB approvals?

06 07 08 09 10 11 12 13 14 15 16 17 18 19 20
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Figure 2: The percentage (%) of papers in NLP conferences,
journals and workshops over the past 15 years that mention
IRB-related terms. The intensity of color is proportional to
the % values. The boxes with a gray hatch reflect the years
when that particular conference was not held.

Figure 2 shows the percentage(%) of papers
in each NLP conference iteration that mention
IRB-related terms. It is immediately obvious that
for almost all the conferences only a minuscule
number of papers mention IRB approvals. How-
ever, it is heartening to see that the number of men-
tions is increasing in recent years. LREC and WS
particularly stand out among the other conferences
for having at least some mentions of IRB approvals
in every iteration. For LREC, it is understandable,
since the theme of the conference revolves around
data and resource generation. In the case of WS,
IRB mentions are consistently increasing over the
years. We observed that this is mostly due to the
diverse nature of workshops some of which are on
resource generation (Popescu-Belis et al., 2019) or
cover sensitive topics (Niederhoffer et al., 2019;
Yannakoudakis et al., 2019). Journals such as CL
and TACL have very few papers in each iteration,
so even one IRB mention appears to be a lot. It
should be noted that there is a possibility that a re-
search study has obtained IRB approval but has not
disclosed it in their paper. However, based on the
authors’ experience (and anecdotes from personal
conversations), it is highly unlikely that anyone
who has been through the IRB approval process
will fail to mention it.

3.2 What kinds of research seek IRB
approvals?

IRB

Data
Collection

Data
Scraping

Data
Annotation

On-Boarding/
Re-Purposing

Data

Quantitative
Study

Interviews/
Anecdotes

Observation/
Ethnography

Sensitive
Systems

Study System

Figure 3: Different aspects of research for which IRB ap-
provals were sought in the papers that we manually analyzed.

We manually go through each of the 58 NLP pa-
pers (which excludes WS) to derive the aspects and
understand the context in which IRB approvals are
sought and build a taxonomy of the broad topics
covered (Figure 3). We see that most of them (24
papers; 41.3%) take IRB approvals for collection
of data which can often involve human subjects di-
rectly. It is followed by the annotation of data with
20 papers (34%) taking IRB approvals. A meager
7 papers (12%) in our set take IRB approvals for
scraping data which is the automatic collection of
data from web pages or social media posts with-
out explicit consent from the users. We see that
only one paper takes IRB approval for re-purposing
and further annotation of data (Rogers et al., 2018).
One of the core concerns of GDPR is the usage
of personal data collected by media platforms for
a purpose different than what the user consented
to and hence such re-purposing of data should ide-
ally undergo IRB approvals. 12 papers (20%) take
approvals for conducting user studies of both qual-
itative (survey, interview) and quantitative nature
(semantic edits). Interestingly, we see that only one
paper has taken IRB approval for the whole system
owing to its sensitive nature (Cao et al., 2018).

We also look at the nature (or topics) of the work
for which the IRB approvals are taken. We observe
that 48.4% of papers that mention IRB have sen-
sitive topics (such as mental health, hate speech,
clinical/medical NLP), 20.3% of the papers are for
collection of eye movement, EEG and audio/video
recordings of human subjects, and rest of them are
generic data collection or user study. To further
understand the trends, we look at certain tracks
of ACL 2020 which deal with sensitive topics or
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Figure 4: Percentage(%) of papers mentioning IRB-related and *ethic* terms in related conferences.

data collection. We notice that only 1/42 Resource
and Evaluation papers and 3/24 Computation So-
cial Science papers have taken IRB approvals. It
is worth noting that 29/210 papers we have anno-
tated only used an informed consent form without
explicitly mentioning whether an ethical review
board was involved in the process.

3.3 What is the distribution of IRB approvals
by country and industry/academia?

Total Papers Percent Papers

Countries
USA 47/5368 0.88%

Canada 5/358 1.40%

Germany 5/850 0.59%

UK 5/1088 0.46%

Netherlands 3/226 1.33%

Sweden 2/100 2.00%

South Korea 2/151 1.32%

China 2/2350 0.09%

Affiliation Types
University 52/7730 0.67%

Industry 1/841 0.12%

National Lab 1/182 0.55%

Joint/Collaboration 11/2651 0.41%

Table 1: Distribution of % IRB-related term mentions among
countries and different types of affiliations for NLP confer-
ences (excluding LREC and WS) from 2012 to 2020. 6

Table 1 shows the distribution of papers which
mention IRB approvals along two dimensions:
countries and types of institutions. As can be ob-
served, most of the listed countries are WEIRD7 so-
cieties. When it comes to the type of institution, we
find that universities account for the vast majority

6Country and Affiliation data obtained from https://
github.com/marekrei/ml_nlp_paper_data/

7Western, Educated, Industrialized, Rich and Democratic

of papers seeking IRB approvals, followed by joint
collaborations. This trend can be counter-intuitive
as an industry is more likely to be regulated and ac-
countable for the ethical and legal concerns of their
work. One possibility is that industries perhaps do
not engage in external data collection/annotation
work or conduct user studies as much as academic
institutions do. Alternatively, it is possible that the
data collection/annotation process is a completely
independent pipeline that is not specific to the re-
search paper in which it is used and thus is not
reported.

3.4 How do the IRB trends in NLP research
compare with those in related fields?

We look at the following conferences for our anal-
ysis: CogSci in cognitive science, InterSpeech
in speech processing, NeurIPS in machine learn-
ing, CVPR in computer vision, ICWSM in social
media mining, CHI in human-computer interac-
tion, and COMPASS in computing systems deploy-
ment. We specifically analyze these conferences
for 2019 and 2020 iterations as there have been
significant changes made in the conferences dur-
ing this period in terms of reporting the ethical
ramifications of their research. Figure 4 shows the
% of papers mentioning *ethic* and IRB-related
terms for each conference iteration. We calculate
for *ethic* to understand how aware and concerned
each field/conference is towards the ethical impli-
cations of the research they conduct.

It is not surprising that IRB mentions for CHI are
so high (∼ 35%) given that more than 65% percent
of CHI papers include at least one user study (Koe-
man, 2020). ICWSM works with datasets and sys-
tems related to web and social media analytics and
hence would need to undergo IRB approvals. This
is apparent in the relatively high number of IRB
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mentions in both 2019 and 2020. Unlike the other
conferences we choose for our analysis, CogSci
is a non-computing conference. Linguistics work
is frequently found in CogSci, which often makes
use of human subjects. We observe that it has
the most consistent representation of both *ethic*
and IRB-related term mentions among the years.
As previously discussed, one of the concerns is
that sensitive systems are seldom taking IRB ap-
provals. On the contrary, we notice that COMPASS,
a conference largely focused on deploying comput-
ing systems, is prevalent in taking IRB approvals.
InterSpeech and CVPR have significantly fewer
papers with IRB mentions (< 0.35% and < 2.5%,
respectively) and the trends have hardly changed
over the years, despite the fact that they conduct
research with speech, multimodal, and vision data
that may have been collected from human sub-
jects. Among these, there is a ray of hope for ACL
which is showing a significant positive trend in both
*ethic* and IRB mentions without any external re-
inforcement, thanks to the increasing awareness in
the field. NeurIPS, on the other hand, has seen a
meteoric rise in their *ethic* mentions, which, on
manual inspection reveals, is due to their manda-
tory inclusion of broader impact statements. There
has also been a slight increase in their IRB men-
tions, which could be attributed to this, indicat-
ing that broader impact statements might help re-
searchers be more cautious when proposing their
research to the larger community. This quantitative
testimony from NeurIPS shows that ACL and other
*CL conferences are moving in the right direction
with their inclusion of stringent ethics reviews for
their papers.

4 Way Forward

In this paper, we conduct a survey of IRB ap-
provals in NLP research. The two key observations
we make are as follows. First, very few papers
(< 0.8% of all papers published) since 2006 have
sought an IRB approval; though we do observe a
rise in numbers (< 1.3% of all papers published)
since 2016. This is much smaller compared to the
numbers we observe for other conferences such as
CogSci, CHI, ICWSM or COMPASS. Second, the
majority of the IRB approvals were obtained for
data collection or annotation that directly involved
users, with only a few studies seeking approvals
for data scraping or re-purposing. Such approvals
are even more scarce for sensitive systems where

we seldom see any paper taking IRB approvals
solely for the system. The number of papers cre-
ating new datasets is expected to be greater than
1% of all NLP papers8; the number of papers that
re-purpose an existing dataset is expected to be
even greater than this. Therefore, clearly not all
papers creating datasets, and almost no paper re-
purposing datasets take approvals from IRB. As
such, re-purposing data collected from human sub-
jects without their explicit consent on how the data
will be re-used is potentially dangerous and may
even have legal repercussions. Furthermore, with
the exception of a couple of papers, to date, there is
no practice or trend of taking IRB approval for de-
signing, developing, and deploying systems. This
is in stark contrast to the practice in other related
fields/conferences such as COMPASS. Much of the
harm caused by a system could actually come from
its design or style of training or deployment, rather
than the underlying datasets.

We see that the broad impact statements
have helped conferences such as NeurIPS which
were traditionally oblivious to ethical issues
(Nanayakkara et al., 2021). We believe that, in
a similar way, the impact statements introduced in
NAACL9 and ACL 2021, with specific clauses for
seeking IRB, will be highly beneficial in limiting
the aforementioned potential risks by increasing the
awareness amongst researchers of broader ethical
repercussions of their research. It will be interest-
ing to conduct a similar study a few years down the
line and contrast with the findings of the current
study.
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Abstract

Mistranslated numbers have the potential to
cause serious effects, such as financial loss
or medical misinformation. In this work we
develop comprehensive assessments of the ro-
bustness of neural machine translation systems
to numerical text via behavioural testing. We
explore a variety of numerical translation capa-
bilities a system is expected to exhibit and de-
sign effective test examples to expose system
underperformance. We find that numerical
mistranslation is a general issue: major com-
mercial systems and state-of-the-art research
models fail on many of our test examples, for
high- and low-resource languages. Our tests re-
veal novel errors that have not previously been
reported in NMT systems, to the best of our
knowledge. Lastly, we discuss strategies to
mitigate numerical mistranslation.

1 Introduction

Just as neural machine translation (NMT) systems
have achieved tremendous benchmark results, they
have been proven brittle when faced with irregu-
lar inputs such as noisy text (Belinkov and Bisk,
2018; Michel and Neubig, 2018) or adversarial in-
puts (Cheng et al., 2020). Among such errors, mis-
translation of numerical text constitutes a crucial
but under-explored category that may have pro-
found implications. For example, in the medical
domain, mistranslating the number of confirmed
cases of a contagious disease like COVID-19 may
exacerbate public health misinformation. Numeri-
cal errors made in financial document translation,
e.g., an extra or omitted digit or decimal point,
could lead to significant monetary loss. Surpris-
ingly, we find that numerical mistranslation is a
general issue faced by state-of-the-art NMT sys-
tems, including commercial and research systems,

∗This work was conducted while author was working at
Facebook AI

Type Input Output
Separators The distance is

557,601.101 meters.
[De]: Die Entfernung
beträgt 557.601.101
Meter.

Numerals The total weight is
two hundred and
two kg.

[Zh]: 总 重 量
为220公斤。

Digits The R0 of the dis-
ease is 3.28.

[Ne]: रोगको R0
28.२28 हो।

Units There were 100.01
million cases world-
wide.

[Zh]: 全 世 界
有1.001 亿病 例。
(100.1 million)

Table 1: Numerical errors discovered by our method
when behavioural testing two popular commercial trans-
lation systems using their public APIs.

with evidence present across contexts: for both
high and low resource languages, and for both
close and distant languages.
De facto standard metrics such as BLEU (Pa-

pineni et al., 2002) may fail to flag a numerical
translation error, which only contributes a very mi-
nor penalty, as it is typically a single-token mis-
translation. To facilitate the discovery of numer-
ical errors made by NMT systems, we propose
a black-box test method1 for assessing and de-
bugging the numerical translation of NMT sys-
tems in a systematic manner. Our method ex-
tends the CheckList behavioural testing frame-
work (Ribeiro et al., 2020) by designing automatic
test cases to assess a suite of fundamental capabili-
ties a system should exhibit in translating numbers.
Our tests on state-of-the-art NMT systems ex-

pose novel error types that have evaded close ex-
amination (Table 1). These error types greatly ex-
tend the number category (NUM) of the catastrophic
errors (Specia et al., 2020) of NMT systems with
richer error types. Finally, the abuse of these er-
rors constitute vectors of attack: error-prone nu-
merical tokens injected into monolingual data may

1Our code is available at https://github.com/
JunW15/NumberTest
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Capability Examples
Integers There were 914 confirmed cases of

COVID-19 reported yesterday.
Decimals The reproduction number of COVID-19

is between 3.28 and 5.70.
Numerals The total amount of transfer is fifty-two

dollars and seven cents.
Separators 123,456.12 (En) → 123.456,12 (De)

Table 2: Tested capabilities of NMT systems in trans-
lating common types of numerical text.

corrupt back-translation-based training, as the re-
sulting back-translated sentences are very likely to
contain the desired errors.

2 Method

We followRibeiro et al. (2020)’s CheckList in de-
signing our evaluation suite for NMT systems: we
present several basic capabilities an NMT system
should be expected to exhibit in translating com-
mon everyday numerical text; we then generate
test examples specific to each capability to bench-
mark performance and find bugs in NMT systems.

2.1 Capabilities of Translating Numbers

We explore four capabilities (see Table 2), demon-
strating expected translation ability of a system on
common types of numerical text. Concretely, the
Integers andDecimals represent basic capabilities;
they can be manifested by testing on sequences of
digits with variable lengths (e.g., 100 vs. 10000)
or decimals with the decimal mark placed at vary-
ing locations (1.001 vs. 10.01). We find that the
tested NMT systems are more likely to malfunc-
tion when translating larger integers and decimals
with longer fractional parts. TheNumerals capabil-
ity pertains to whether a system is able to translate
numbers that are presented as words. The Sepa-
rators capability checks if a model can deal with
numbers containing decimal or thousands separa-
tors.2 Systems that fail to manifest one or more
of these capabilities may produce wrong numbers
that can be inconspicuous to users and become a
ready, exploitable source of misinformation.

2While Decimals and Separators may have overlapping
instances (e.g., the decimal mark), their specific formats in
our testing are different (Table 2), which leads us to find non-
overlapping error types: most Decimals errors involve trans-
lating numbers into wrong digits, whereas Separators errors
pertain to mistranslation in localisation usage (e.g., German
and English use different decimal and thousand separators).

2.2 Test Examples

To efficiently test the identified capabilities across
multiple systems on distinct language pairs, we
generate desired test examples using templates.
For example, to test the Numerals capability, we
use a template sentence such as “CNBC reported
there were at least [NUM] cases worldwide.”, where
“[NUM]” is a number with the format “ddd.ddn”,
consisting of multiple digits and a numeral (e.g.,
100.01 million).

We experiment with formats of various lengths
and decimal-point positions. We fill a format with
random digits and numerals, and explore 25 differ-
ent formats across all capabilities. This allows us
to generate a diversity of numbers at scale, akin to
fuzzing a program with random inputs to uncover
bugs. We also note that all the numbers created for
a format can be seen as a set of “adversarial” exam-
ples, as they are small perturbations of each other.
Details about the test examples for each capability
and the testing process can be found in Supplemen-
tary material.

3 Evaluation

Before presenting experimental results and discus-
sion of our test framework, we first detail our eval-
uation setup.

Language pairs. We test both high-resource
(HR) and low-resource (LR) scenarios. For HR,
we consider two language pairs: English-German
and English-Chinese, and for LR, we focus on
English-Tamil and English-Nepali. We test both
translation directions for each pair.

SOTA systems. We conduct behavioural test-
ing against two popular commercial translation
systems (denoted by A and B). As research
systems, we use pre-trained models that were
shown to perform well in WMT competitions
(denoted by R), specifically, fairseq’s trans-
former for English-German (Ng et al., 2019),
English-Tamil (Chen et al., 2020), and English-
Chinese/Nepali (Fomicheva et al., 2020).

The evaluation metric. For each capability we
curate a list of test examples (sentences containing
numbers), which are taken from various sources,
including existing corpora or manually crafted (de-
tails in Supplementary material). To these sen-
tences we remove the number component, and re-
place it with a number based on the specific capa-
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bility being tested. This test collection is then in-
put to a translation system, and we report the Pass
Rate (PR), the fraction of inputs where the system
translates the numerical component perfectly.3

3.1 Testing Performance

Table 3 shows the results of testing the three SOTA
systems across the HR/LR language pairs.

Among the four capabilities, Numerals turns
out to be the most challenging across the systems
tested, with the average PR of 70.8%. This is prob-
ably because, compared to other forms, numbers
are less frequently written as words, resulting in
insufficient examples available for training. At the
other extreme, Integers, which tests on pure digits,
is the easiest capability, as expected. Despite this,
it is not a ‘solved problem’, given all systems re-
port imperfect PR < 100 on at least one language.
Across the systems, the research system R (PR:

77.8%) underperforms the two commercial ones
(PRA: 80.6%, PRB: 90.4%). This is largely
caused by the fact that the research system fails
markedly on the En→Ne direction.
Per language, the results are similar in both

translation directions, implying that numerical
translation is a symmetric problem. Note that the
results on LR are not always worse than that on HR
(PRs on En-Ta are surprisingly the highest of all).
This suggests that the size of training data is not the
sole factor for high-quality numerical translation.

3.2 Error Analysis

We present analysis of novel types of mistransla-
tions discovered from testing.

Decimal/thousands separators. We find that
the decimal/thousands separators are prone to be
mistranslated in localisation scenarios, when con-
ventions differ between the languages (e.g., “,” and
“.” are the thousands and decimal separators in
English while they are swapped in German). A
common type of error is that a separator remains
the same after translation (Table 4, row 1). This is
probably due to the lack of sufficient training data
to learn the translation of the separators in the tar-
get language.

3We count a Pass if the output matches the ground
truth number, allowing for the use of digits (Arabic or
local scripts) or numerals. For this purpose we use
num2words (https://pypi.org/project/num2words/),
cn2an (https://github.com/Ailln/Cn2An.jl), and lo-
cally developed scripts (for Ne and Ta).

Cardinal numerals. Cardinal numerals are com-
monly used in commercial and financial contexts.
For example, the financial characters (e.g., “壹”
meaning one) are typical in Chinese financial doc-
uments. However, we find that the tested transla-
tion systems perform fairly poorly in translating
cardinal numerals (Table 4, row 2). Common er-
rors include mistranslation or under-translation of
the unit words (e.g., hundred) or the number words
(e.g., “陆拾”). Most often, the errors appear to be
caused by the unique unit words used in different
languages (e.g., “万” in Chinese equals to 10 thou-
sand), where a system needs to “compute” the cor-
rect amount for translation.

Digits. The pure digit translation (10→10) is ex-
pected to be easy, since a system may opt to copy
the entire number as the translation. However, we
find that the digit translation between English and
low-resource languages can be far from satisfac-
tory. An example is the translation between En-
glish and Nepali (Table 4, row 3). One reason
for this result is that Nepali has its own numerals
for digits (e.g., १ denotes 1). As a result, a sys-
tem would try to convert a digit into a Nepali digit
(instead of keeping it unchanged) when translating
numbers, which is difficult given limited training
resources (Guzmán et al., 2019). Another common
issue in digit translation is handling repeats of the
same digit. A system is prone to omit or add one
or more digits in the translation.

Units. This error often occurs when translating
numbers accompanied by units of measurements
(e.g., 10 meters), especially when the target unit
is unique to the language, e.g., “角” in Chinese
means “10 cents”. In such cases (Table 4, last
row), the systemmay need to learn the implicit con-
version rules and then use them to “calculate” the
correct numbers with the target unit of measure-
ment. For example, when translating “10.01 mil-
lion” into “1001万” in Chinese, the system has to
convert “10.01” into “1001” and then use the cor-
rect unit “万”. An error may occur if the system
fails either or both stages of this process (i.e., mis-
translating the numbers and/or units).

4 Potential Mitigation Strategies

Finally, we discuss several strategies that may mit-
igate the above errors discovered by our method4.

4We leave validation of these strategies to future work.
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Lang Integers Decimals Numerals Separators Avg
A B R A B R A B R A B R

En→Zh 100.0 100.0 94.0 100.0 100.0 92.2 77.5 72.5 67.5 100.0 100.0 91.4 91.2
Zh→En 94.0 78.0 90.0 100.0 100.0 93.8 82.0 78.0 56.7 100.0 100.0 83.3 88.0
En→De 100.0 100.0 100.0 93.8 78.1 68.8 87.5 67.5 95.0 83.3 80.0 80.0 86.2
De→En 100.0 100.0 100.0 98.4 79.7 95.3 87.0 84.0 65.7 97.1 68.5 65.7 86.8
En→Ta 100.0 98.0 100.0 100.0 100.0 100.0 100.0 97.5 100.0 100.0 100.0 100.0 99.6
Ta→En 98.0 100.0 100.0 98.4 100.0 98.4 96.0 100.0 90.0 100.0 88.6 100.0 97.4
En→Ne 18.0 - 70.0 17.2 - 72.0 7.5 - 65.0 16.7 - 60.0 40.8
Ne→En 98.0 - 88.0 96.9 - 1.6 46.7 - 5.3 80.0 - 0.0 52.1
Avg 88.5 96.0 92.8 88.1 92.9 77.8 61.1 83.2 68.2 84.6 89.5 72.6 -

Table 3: Test results (Pass Rate %) on the capabilities for numerical translation, with low averaged scores in bold.
Nepali is not supported by System B.

Error Type Sys/Lang Test input sentence System output Ground-truth

Decimal/
Thou-
sands
separa-
tors

A, B
En→De

The distance between Sydney to
Washington is 9,756.001 miles.

Die Entfernung zwischen Sydney
und Washington beträgt 9.756.001
Meilen.

9.756,001

A, B
En→De

The reproduction number of this dis-
ease is between 9.718 and 9.911.

Die Reproduktionszahl dieser
Krankheit liegt zwischen 9.718 und
9.911.

9,718 and 9,911

A, B, R
De→En

Die Flugzeit von Punta Arenas be-
trägt etwa 85,619 Stunden.

The flight time from Punta Arenas is
about 85,619 hours.

85.619

Cardinal
numerals

A, R
Zh→En

这支手表的总价是叁佰陆拾壹元。 The total price of this watch is [A
three hundred and one yuan.] [R one
dollar.]

361

A, B
En→Zh

The total amount of remittance is
ninety thousand six hundred thirty-
eight dollars and forty-seven cents.

汇款总额为 [A九万六千三百八十
八美元和][B九千六百三十八元及]
四十七美分。(En: A [96388 dollars,
47 cents] B [9638 yuan, 47 cents])

90638

Digits

A
En→Ne

There have been 670 confirmed cases
of COVID19 to date.

अिहलेसम्मCOVID19को 7070० पुिष्ट
भएका घटनाहरू छन।् (En: 70700)

670

B, R
En→Zh

An average of 1000009 people is in-
fected every day due to this disease.

平均每天有 [B 100009] [R 10009]
人因这种疾病而感染。

1000009

R
Ne→En

UNESCO ले अनुमान गरेको छ िक
५१८८८९ िशक्षाथी र्हरू सम्भािवत जोिख-
ममा छन।्षा)

UNESCO estimates that 51889 teach-
ers are at potential risk

518889

Units

A
En→Zh

CNBC reported there were at least
100.01 million cases worldwide.

CNBC 报道，全球至少有 [A 1 亿
1001万 En: 110.01 million]例。[B
1.001亿 En: 100.1 million)]

1亿1万

B
Zh→En

这两根电线的长度分别是十米和
五分米。(En: decimetres)

The length of the two wires is ten me-
ters and five meters respectively.

decimetres

R
En→Zh

Case report forms were submitted to
CDC for 7.415 million cases.

现已就74.15万宗案件向中心提交
案件报告表。

741.5万

Table 4: Examples of four major types of errors discovered by our tests on three SOTA NMT systems.

Separate treatment of numbers. Although
NMTmodels have been shown capable of perform-
ing basic arithmetic or bracket matching (Suzgun
et al., 2019), this paper demonstrates that handling
the various forms of numerical text in reality is still
challenging. It may be worth separating numeri-
cal translation out into an individual process, as in
Statistical MT (Koehn, 2009), that identifies num-
bers in the input, applies specific translation rules

to them, and incorporates the translation into the
output (Tu et al., 2012).

Data augmentation. Training with more qual-
ity data leads to better translation quality (Barrault
et al., 2020). In our testing, we observe a large pro-
portion of errors (e.g., financial characters, units)
stemming from mistranslation of specific numer-
als that are unique or used less frequently (e.g.,
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“角”, decimetres) in a language. Such errors could
potentially be reduced if more numeral-specific in-
stances were added to training.

Tailoring BPE segmentation. The Byte Pair
Encoding (BPE) has been used by most leading
NMT systems. However, long sequences of dig-
its or numbers with separators (e.g., “,”, “.”) are
often split into varying sized fragments by BPE.
This would render learning more difficult, as the
system has to account for the dependency between
the partitions. To circumvent this, one may wish
to segment numbers differently, e.g., to encode all
numbers as character sequences, or as meaning-
ful groupings of components (e.g., segment into
groups of 3 digits when processing English.)

Sanity checks. It is helpful to post-check
whether all numbers in a translation are correct
by comparing them to the inputs. This could be
automated in the same way as we measure the
Pass Rate (§3), and once again drawing parallels
to software testing, could be fully automated via
continuous integration of NMT systems.

5 Conclusion

In this paper, we propose an evaluation method
to systematically assess four fundamental capabil-
ities of NMT systems in translation numbers by
virtue of a variety of test cases. Our tests re-
veal novel types of errors that are general across
multiple SOTA translation systems for both high
and low resource languages. We hope that our
study will help improve numerical translation qual-
ity and reduce misinformation caused by numeri-
cal mistranslation.
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A Appendix

A.1 Testing Process

Our behaviour testing proceeds in four steps.
1) Test template selection: we select English sen-
tences from quality real corpora TICO-19 (Anasta-
sopoulos et al., 2020) and WikiMatrix (Schwenk
et al., 2019). TICO-19 contains documents about
COVID-19 (e.g., scientific articles, conversations,
Wikipedia entries) between English and 36 lan-
guages. WikiMatrix consists of parallel sentences
extracted fromWikipedia articles in 85 languages.
We randomly select five sentences with each con-
taining numbers for the evaluation of each capa-
bility. We make each sentence a template by re-
placing the contained number with the placeholder
“[NUM]”.
2) Template filling-in: we fill the templates with
randomly generated numbers in the digital format
(e.g., 1230000). Then, we convert the digital num-
ber into desired formats for testing (e.g., 1,230,000
for a separator or 1.234 million for a numeral).
3) Translation: To test a system, we use it to trans-
late all the test examples across all capabilities, and
collate the translation results.
4) Evaluation: Finally, we check the correctness
of the number translation by comparing the num-
ber to that in the input. We account for various
forms of the number (e.g., for the number 5, we
also consider 5.0 and five as correct translations)
so as to reduce the false positives. We also man-
ually examine the incorrect translations to ensure
they are not false positives.

A.2 Create (Transfer) Test Cases to a New
Domain

Our testing framework facilitates constructing test
instances for new domains in the following steps:
1. Obtain a large corpus of text that contains

numbers (e.g.,CommonCrawl);
2. Check if there is a number in the output trans-

lation;
3. If so, then test if the output number is the cor-

rect“translation”for the number in the source
sentence;

4. Use instances that pass this test as templates
for switching in our different numbers.
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Capability Template Count Remarks

Integers
e.g., 5

1. As of March 28, 2020, a total of [NUM] laboratory-confirmed COVID-
19 cases (Figure) were reported to CDC.

50 Ranging from 1
to 10 digits

2. Case report forms were submitted to CDC for [NUM] cases.
3. UNESCO estimates [NUM] learners are potentially at risk (pre-primary
to upper-secondary education).
4. There have been [NUM] confirmed cases of COVID19 to date.
5. CNBC reported there were at least [NUM] cases worldwide.

Decimals
e.g., 7.14

1. An average of [NUM] people is infected every day due to this disease

40
Ranging from 1
to 4 decimal
position

2. The distance between Sydney to Washington is [NUM] miles
3. The genome size of the coronavirus is approximately [NUM]
4. At this point, Rosberg was about [NUM] seconds behind his teammate.
5. The reproduction number of this disease is between [NUM] and [NUM].

Numerals
e.g., five
hundred

1. The total amount of remittance is [NUM].

40

{hundred,
thousand,
million,
trillion}

2. Case report forms were submitted to CDC for [NUM] cases.
3. As of 8 April 2020, approximately [NUM] learners have been affected
due to school closures in response to COVID-19.
4. As of December 2019, [NUM] cases of MERS-CoV infection had been
confirmed by laboratory tests
5. They then planned an ambitious open-air concert in Tokyo, with a
stage costing [NUM] dollars US.

Separators
e.g., 12,230

1. An average of [NUM] people is infected every day due to this disease

35 Ranging from 4
to 10 digits

2. The distance between Sydney to Washington is [NUM] miles
3. The genome size of the coronavirus is approximately [NUM]
4. They then planned an ambitious open-air concert in Tokyo, with a
stage costing [NUM] dollars US.
5. As of December 2019, [NUM] cases of MERS-CoV infection had been
confirmed by laboratory tests

Table 5: Summary of test examples used in our behavioural testing of NMT systems in translating numbers between
English and {German, Chinese, Nepali, Tamil}.

A.3 Test Examples Details
Table 5 shows the details of the test examples used
in our behavioural testing, including the templates
used and the types of digits and numerals generated
to fill in the templates.
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Abstract

The adoption of natural language generation
(NLG) models can leave individuals vulnera-
ble to the generation of harmful information
memorized by the models, such as conspiracy
theories. While previous studies examine con-
spiracy theories in the context of social media,
they have not evaluated their presence in the
new space of generative language models. In
this work, we investigate the capability of lan-
guage models to generate conspiracy theory
text. Specifically, we aim to answer: can we
test pretrained generative language models for
the memorization and elicitation of conspiracy
theories without access to the model’s training
data? We highlight the difficulties of this task
and discuss it in the context of memorization,
generalization, and hallucination. Utilizing a
new dataset consisting of conspiracy theory
topics and machine-generated conspiracy the-
ories helps us discover that many conspiracy
theories are deeply rooted in the pretrained lan-
guage models. Our experiments demonstrate
a relationship between model parameters such
as size and temperature and their propensity to
generate conspiracy theory text. These results
indicate the need for a more thorough review
of NLG applications before release and an in-
depth discussion of the drawbacks of memo-
rization in generative language models.

1 Introduction

Recent advances in natural language processing
technologies have opened a new space for individ-
uals to digest information. One of these rapidly
developing technologies is neural natural language
generation. These models, made up of millions,
or even billions (Brown et al., 2020), of parame-
ters, train on large-scale datasets. While attempts
are made to ensure that only “safe” data is uti-
lized for training these models, several studies have
shown the prevalence of biases produced by these

pretrained generation models (Sheng et al., 2019;
Groenwold et al., 2020; Solaiman et al., 2019). Of
equally alarming concern are the memorization and
subsequent generation of factually incorrect data.
Conspiracy theories are one particular type of this
data that can be especially damaging.

While it is not new for researchers to learn that
a model may memorize data (Radhakrishnan et al.,
2019), we argue that the growing usage of machine
learning models in society warrants targeted inves-
tigation to deter potential harms from problematic
data. In this paper, we address the upsides and pit-
falls of memorization in generative language mod-
els and its relationship with conspiracy theories.
We further describe the difficulty of detecting this
memorization for the categories of memorization,
generalization, and hallucination. Previous stud-
ies investigating memorization of text generation
models have done so with access to the model’s
training data (Carlini et al., 2019, 2020). As mod-
els are not always published with their training
datasets, we set out to examine the difficult task of
eliciting memorized conspiracy theories from a pre-
trained NLG model through various model settings
without access to the model’s training data.

We focus our study on the pre-trained GPT-2 lan-
guage model (Radford et al., 2019). We investigate
this model’s propensity to generate conspiratorial
text, analyze relationships between model settings
and conspiracy theory generation, and determine
how these settings affect the linguistic aspect of
generations. To do so, we create a new conspir-
acy theory dataset consisting of conspiracy theory
topics and machine-generated conspiracy theories.

Our contributions include:

• We propose the topic of conspiracy theory
memorization in pretrained generative lan-
guage models and outline the harms and bene-
fits of different types of generations in these
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models.

• We analyze pretrained language models for
the inclusion of conspiracy theories without
access to the model’s training data.

• We evaluate the linguistic differences for gen-
erated conspiracy theories across different
model settings.

• We create a new dataset consisting of con-
spiracy theory topics from Wikipedia and
machine-generated conspiracy theory state-
ments from GPT-2.

2 Spread of Conspiracy Theories

2.1 Dangers of conspiracy theories

A conspiracy theory is the belief, contrary to a
more probable explanation, that the true account
for an event or situation is concealed from the pub-
lic (Goertzel, 1994). A variety of conspiracy theo-
ries ranging from the science-related moon landing
hoax (Bizony, 2009) to the racist and pernicious
Holocaust denialism1 are widely known throughout
the world. However, even as existing conspiracy
theories continue circulating, new conspiracy theo-
ries are consistently spreading. This is especially
concerning given that half of Americans believe
at least one conspiracy theory (Oliver and Wood,
2014).

Widespread belief in conspiracy theories can
be highly detrimental to society, driving prejudice
(Douglas et al., 2019), inciting violence2, and re-
ducing science acceptance (van der Linden, 2015;
Lewandowsky et al., 2013). Science denial has real-
world consequences, such as resistance to measures
for the reduction of carbon footprints (Douglas
and Sutton, 2015) and outbreaks of preventable ill-
nesses due to reduced vaccination rates (Goertzel,
2010). Further effects of conspiracy theory expo-
sure can reach the political space and reduce citi-
zens’ likelihood of voting in elections due to feel-
ings of powerlessness towards the government (Jol-
ley and Douglas, 2014b).

At the time of writing, the COVID-19 pandemic
is at its worst. Though COVID-19 vaccines have
received approval and started distribution, new con-
spiracy theories surrounding the COVID-19 vac-
cine may hinder society in its road to recovery.

1http://auschwitz.org/en/history/holocaust-denial/
2https://www.theguardian.com/us-

news/2019/aug/01/conspiracy-theories-fbi-qanon-extremism

Discussions of a link between vaccinations and
autism have been circulating for years (Jolley and
Douglas, 2014a; Kata, 2010). However, with the
extreme interest throughout the world surrounding
the COVID-19 pandemic, new vaccination rumors
are arising, such as the vaccine causing DNA al-
teration and claims of the pandemic acting as a
cover plan to implant trackable microchips3. The
belief in these theories can prevent herd immunity
through the lack of vaccinations4 5.

2.2 NLG spreading conspiracy theories

As NLG models are being utilized for various
tasks such as chatbots and recommendations sys-
tems (Gatt and Krahmer, 2018), cases arise in
which these conspiracy theories and other biases
can propagate unintentionally (Bender et al., 2021).
We present one such scenario in which an NLG
model has memorized some conspiracy theories
and is being used for story generation (Fan et al.,
2018). An unaware individual may utilize this ap-
plication and, given a prompt about the Holocaust,
may receive a generated story discussing Holocaust
denial. The user, now having been exposed to a new
conspiracy theory, may choose to ignore this gener-
ated text at this stage. However, a potential negative
outcome is that the user may become interested in
this story and search the statements online out of
curiosity. This can lead the user down the “rabbit
hole” of conspiracy theories online (O’Callaghan
et al., 2015) and alter their original assumptions
towards believing this conspiracy theory.

2.3 Why are conspiracy theories difficult to
detect?

Recent years have seen the emergence of several
new tasks addressing fairness and safety within nat-
ural language processing in topics such as gender
bias and hate speech detection. Although detection
and mitigation of other biases and harmful content
have been thoroughly studied, that pertaining to
conspiracy theories is increasingly difficult due to
its inconsistent linguistic nature.

Many existing tasks can utilize specific keyword
lists such as Hatebase6 for detection in addition to

3https://www.bbc.com/news/54893437
4https://www.economist.com/graphic-

detail/2020/08/29/conspiracy-theories-about-covid-19-
vaccines-may-prevent-herd-immunity

5https://www.who.int/news-room/q-a-detail/herd-
immunity-lockdowns-and-covid-19

6https://hatebase.org/
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current techniques (Sun et al., 2019). However, con-
spiracy theory detection is an increasingly complex
problem and cannot be approached in the same way
as the previous topics. Conspiracy theories have no
unified vocabulary or keyword list that can differen-
tiate them from standard text. Previous studies of
conspiracy theories have exhibited their tendency
to lean towards issues of hierarchy and abuses of
power (Klein et al., 2019). We argue this is not
specific enough to define features for their detec-
tion. Often, specific keywords and tropes become
typical of conspiracy theories regarding a specific
topic, such as 9/11 and “false-flag” (Knight, 2008).
However, as the number of topics surrounding con-
spiracy theories grows, it becomes infeasible to
create and maintain these topic-specific vocabular-
ies. To add to this difficulty, while humans can
typically detect other types of biases, they cannot
easily distinguish conspiracy theories from truth-
ful text by merely reading the statement. Doing
so typically requires knowledge of the topic itself
or a more in-depth look into the theory narrative
through network analysis7. To this end, the best
way to stop the spread of conspiracy theories is not
in late-stage detection but early intervention.

2.4 How can NLG models be misused?
While the generation of conspiracy theories may be
an accidental outcome by NLG models, the possi-
bility still exists that adversaries will intentionally
utilize these language models to spread these theo-
ries and cause harm. In one such case, propagan-
dists may utilize NLG models to reduce their work-
load when spreading influence (McGuffie and New-
house, 2020). By merely providing topic-specific
prompts, they can utilize these models to easily and
efficiently produce a variety of conspiratorial text
for online communities regarding the topics. As a
result, these communities will appear to be larger
than their actual size and provide the appearance
that belief in the issue is high. This may provide
real-life members with a sense of belonging and
subsequently reinforce belief in the theories or even
recruit new members (Douglas et al., 2017).

3 Memorization vs. Generalization vs.
Hallucination

The memorization of data in the context of machine
learning models has been highlighted in research

7https://theconversation.com/an-ai-tool-can-distinguish-
between-a-conspiracy-theory-and-a-true-conspiracy-it-
comes-down-to-how-easily-the-story-falls-apart-146282

for many years now. Related work has researched
the types of information models memorize (Feld-
man and Zhang, 2020), how to increase generaliza-
tion (Chatterjee, 2018), and the ability to extract in-
formation from these models (Carlini et al., 2020).
While memorization is typically discussed in the
space of memorization vs. generalization, we be-
lieve this can be broken down even further. In the
context of conspiracy theories, we establish three
types of generations:

• Memorized: generated conspiracy theories
with exact matches existing within the training
data.

• Generalized: generations that do not have ex-
act matches in the data but produce text that
follows the same ideas as those in the training
data.

• Hallucinated: generations about topics that
are neither factually correct nor follow any of
the existing conspiracy theories surrounding
the topic.

Studies on memorization tend to focus on either
memorization vs. generalization or memorization
vs. hallucination (Nie et al., 2019). In the latter
case, it is easy to see how the term “memorization”
can apply to the first two categories. Ideally, in
an NLG model, we would hope for generations
to be generalized since direct memorization can
have the downsides of generating sensitive infor-
mation (Carlini et al., 2019). There are also cases
when hallucinations are ideal, such as in the realm
of creative story-telling. Should we be able to dis-
tinguish among these categories, we could gain
deeper insight into what and how these models
learn during training. However, we acknowledge
that classifying generations based on these cate-
gories is a difficult problem and believe this should
be a task for future research in memorization.

Our focus in this paper is to evaluate 1) whether
a model has memorized conspiracy theories dur-
ing training and 2) the propensity for the model to
generate this information among different model
settings (as opposed to generating other memorized
or hallucinated information about a topic). Evalu-
ating memorization within a model can be done in
two settings: with training data as a reference or
without training data. Previous studies have evalu-
ated memorization within machine learning models
by utilizing the model’s training dataset. However,
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the reality is that many models nowadays are not
published alongside their training data (Kannan
et al., 2016). In this case, the evaluation becomes
increasingly difficult, as there is nothing to match
a model’s output to. In order to simulate a real-
world environment, we analyze the second setting
of investigating memorization without access to
training data and instead treat the model as a black
box when evaluating its outputs. Due to the diffi-
culty of distinguishing among the three categories
of memorization, generalization, and hallucination,
we follow previous work and refer to both mem-
orized and generalized generations as memorized
samples for the rest of the paper.

4 When is memorization a good thing?

While we focus most of this paper on the downsides
of memorization in natural language generation
models, it is still important to address the benefits.
There are several situations in which memorized
information may be utilized, such as in dialogue
generation (Gu et al., 2016). When used in the
chatbot setting, a model may be asked questions
on real-world knowledge. Assuming the model
has learned correct factual information, this memo-
rization can prove useful. Furthermore, conspiracy
theories are a part of language and culture. It is
not inherently bad that a model is aware of the
existence or concept of conspiracy theories, partic-
ularly in cases where models may be deployed as
an intervention in response to human-written con-
spiratorial text. This only becomes harmful when
the model cannot recognize text as a conspiracy
theory and generates text from the viewpoint of
the conspiracy being true. Though memorization
may aid in the described cases, the downside of the
learned conspiracy theories (as factual statements)
and other information such as societal biases can
outweigh these benefits.

5 Data Collection

While conspiracy theory data may appear in mis-
information datasets labeled as “Fake News” with
other misinformation types, there are few existing
datasets with conspiracy theory labeled text. Previ-
ous conspiracy theory studies contain datasets that
are either small in size (Oliver and Wood, 2014),
contain non-English data (Bessi et al., 2015), or
pertain to events occurring after the release of GPT-
2 (Ahmed et al., 2020; Uscinski et al., 2020). There-
fore, we create a dataset exclusively dedicated to

Conspiracy Theory
Wikipedia The Holocaust is a lie, and the Jews

are not the victims of the Nazis.
GPT-2 The US government is secretly run-

ning a secret program to create a
super-soldier that can kill and es-
cape from any prison.

Table 1: Samples from the Wikipedia dataset consisting
of Wikipedia topics and General dataset of GPT-2 gen-
erated conspiracy theories without topic prompts. The
Wikipedia topic is highlighted in bold and is used as a
topic-prompt for text generation in GPT-2.

conspiracy theories 8. We obtain our data for our
analysis from two different sources: Wikipedia and
GPT-2. We show samples from each of our datasets
in Table 1.

5.1 Wikipedia

We first aim to create a set of conspiracy theory top-
ics. To gather this data, we utilize Wikipedia’s cat-
egory page feature. Each item listed in a category
page is linked to a corresponding Wikipedia page.
We obtain the page headers in the conspiracy the-
ory category page and the following page headers
in the Wikipedia conspiracy theory category tree.
This process allows us to extract 257 Wikipedia
pages regarding conspiracy topics. We further re-
fine this dataset of conspiracy topics through the
use of Amazon Mechanical Turk (Buhrmester et al.,
2016). Ten workers are assigned to each Wikipedia
conspiracy topic, and each worker is asked whether
they have heard of a conspiracy theory related to
the topic. We remove any topic from our dataset
with fewer than six votes to focus our study on the
well-known conspiracy theory topics that a model
would be more likely to be prompted with. Our
final dataset consists of the following seventeen
conspiracy theory topics: Death of Marilyn Mon-
roe, Men in black, Sandy Hook school shooting,
UFO’s, Satanic ritual abuse, Climate change, Area
51, 9/11, Vast right-wing conspiracy, Global warm-
ing, Shadow government, Holocaust, Flat Earth,
Illuminati, Pearl Harbor, Moon landing, and John
F. Kennedy assassination. We refer to this as the
Wikipedia dataset for the remainder of the paper.

8https://github.com/sharonlevy/Conspiracy-Theory-
Memorization
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5.2 GPT-2

We create a second dataset consisting of machine-
generated conspiracy theories. To do this, we elicit
the conspiracy theories directly from GPT-2 Large
with the HuggingFace transformers library (Wolf
et al., 2020). We prompt GPT-2 with “The conspir-
acy theory is that” at varying temperature levels
(0.4, 0.7, 1). We obtain 5000 theories at each tem-
perature level and post-process the text by remov-
ing the original prompt and keeping only the first
sentence. For the remainder of the paper, we refer
to this dataset as the General dataset.

6 Generation of Conspiracy Theories

An intriguing question in the scope of conspiracy
theory generation is: what can trigger a language
model to generate conspiracy theories? We begin
by investigating the effects of model parameters
and decoding strategies on the generation of con-
spiracies when prompted with a topic. Of these, we
study model temperature and model size.

We use our Wikipedia dataset to create a generic
prompt as input to GPT-2, such as “The Holocaust
is”. In order to remove any trigger such as “Flat
Earth is”, we modify some of our topic titles during
prompt creation to make a more neutral prompt. In
the case of “Flat Earth”, our prompt is “The Earth
is”, so that the model is not intentionally triggered
to produce Flat Earth conspiracy text. We perform
this action for the rest of our topics as well. For
each prompt, we employ the model to create twenty
generations with a token length of fifty.

When evaluating the generated text, we evalu-
ate whether or not the text affirms the conspiracy
theory. In this sense, we count “The Earth is flat”
as affirming the conspiracy theory and “The Earth
is flat is a conspiracy theory” as not affirming the
theory. As such, we evaluate whether the model
presents the theory as factual belief as opposed to
whether it has knowledge of the theory.

To determine whether or not the generation af-
firms a known conspiracy theory, we utilize Ama-
zon Mechanical Turk. Worker pay and instruc-
tions are detailed in Appendix A. We provide each
worker with a reference passage describing known
conspiracy theories for each topic and ask whether
or not the generation affirms or aligns with the
reference text. We make sure to state that the refer-
ence text contains several conspiracy theories about
the topic at the top of each HIT. In this case, if a
worker is exposed to new text, they are clearly in-

Figure 1: Percentage of conspiracy theories gener-
ated by GPT-2 Large at varying temperatures when
prompted on 17 different conspiracy theory topics.
Each topic is used to generate 20 sequences for a total
of 340 generations.

formed that the text is a conspiracy theory. Should
a worker encounter these theories in the future, they
may even benefit from the task since they are now
armed with the knowledge that these statements
are in fact conspiracy theories. Seven workers are
assigned to each generated sequence. If the text
is voted as a conspiracy, it receives a point; other-
wise, it is subtracted a point. We then retrieve those
generations with two or more points (indicating a
general consensus) and manually evaluate this sub-
set of generations for another round of verification.

6.1 Temperature

We first evaluate GPT-2 Large at temperature set-
tings ranging from 0.25 to 1 with sampling, where 1
is the default setting for the model, and with greedy
decoding on the Wikipedia dataset prompts. This
decoding strategy changes the model’s probabil-
ity distribution for predicting the next word in the
sequence. A lower temperature will increase the
likelihood of high probability words and decrease
the likelihood of low probability words. At each
temperature level, we compute the percentage of
generated text marked as conspiracy theories out
of the total number of generations. We share our
results in Figure 1.

It can be seen that as the temperature decreases,
the model follows a general trend of generating
more conspiracy theories. There is an exception
when temperature→ 0, which translates to simple
greedy decoding. In this case, the proportion of
conspiracy theories decreases slightly, indicating
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Figure 2: Percentage of conspiracy theories generated
by GPT-2 models of size small, medium, and large
when prompted on 17 different conspiracy theory top-
ics. Each topic is used to generate 20 sequences for a
total of 340 generations.

that while the model may memorize some theo-
ries, other information for specific topics is also
memorized and have a higher likelihood of being
generated. However, the general result curve shows
that existing conspiracy theories are deeply rooted
in the model during training for many topics. Given
these findings, we believe it is best to add random-
ization to the decoding procedure, at the risk of
quality and coherency, instead of greedy search
in order to minimize the risk of generating deeply
memorized conspiracy theories.

Decreasing the model’s temperature allows us to
evaluate which topics this deep memorization may
be true for, as not every conspiracy topic may be
ingrained in the model. We assess which topics the
model increases its number of conspiracy theory
generations for at a lower temperature. When pars-
ing the previous results for each topic across the
different temperature settings, we find this increase
in conspiracy theory generations and, therefore, the
prominent memorization of conspiracy theories for
the topics of UFO’s, 9/11, Holocaust, Flat Earth,
Illuminati, and Moon landing.

6.2 Model size

Next, we aim to test a language model’s size for
its capability to memorize and generate conspiracy
theories. Again, we utilize the Wikipedia dataset
prompts for generations. We prompt three model
sizes with our topics: GPT-2 Small (117M param-
eters), GPT-2 Medium (345M parameters), and
GPT-2 Large (762M parameters). We keep a fixed

temperature across the models and set it at the de-
fault value of 1. We use the same evaluation tech-
nique described above and compute the proportion
of generations marked as conspiracy theories out
of the total number of generations. These results
are shown in Figure 2.

While nearly 10% of GPT-2 Large’s genera-
tions are classified as conspiracy theories, GPT-2
Medium reduces this number by almost 50%. The
GPT-2 Small model’s conspiracy theory genera-
tions are substantially lower than this at a little over
1%. We can deduce that reducing model size vastly
lowers a model’s capacity to retain and memorize
information after training, even if that information
is profoundly prominent within the training data.
Not only is this beneficial for mitigating the gener-
ation of conspiracy theories, but it can also allow
the model to generalize better to other information
for topic-specific prompts.

7 Towards Automated Evaluation

As we have shown that varying temperature and
model size can individually lead to further elic-
itation and memorization of conspiracy theories,
we now investigate the effects of varying the two
together. In our previous experiments, we utilize
Mechanical Turk to identify conspiracy theories
among the generated text. However, we understand
that human evaluation is not feasible for detecting
conspiracy theories on a large scale. Instead, we
desire to advance towards a more automated eval-
uation of memorization. As such, we investigate
whether we can define a relationship between the
memorization of conspiracy theories and perplexity
across the different model parameters.

Following previous studies on fact-checking
(Chakrabarty et al., 2018; Wang and McKeown,
2010) and model memorization (Carlini et al.,
2020), we evaluate model generations against
Google search results. This time, we utilize our
General dataset, made up of conspiracy theories
generated with the generic prompt “The conspiracy
theory is that”. We query Google with a gener-
ated conspiracy theory at each temperature setting
and compare this theory to the first page of results.
We did not manually use Google search for our
generated text and instead created a script to au-
tomate this and scrape the text from the first page
of results. We provided the minimum amount of
information needed for making each search request
so that this does not include search history and the
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Figure 3: Spearman correlation of model perplexity
vs. Google search BLEU score for GPT-2 generated
conspiracy theories across varying temperature settings.
Each generated theory is evaluated against the first page
of Google search results with the BLEU metric.

more specific location information or cookies.
The temperature values of 0.4, 0.7, and 1 are

used as lower temperature values start to produce
many duplicate generations and lead to small sam-
ple sizes for this evaluation. We obtain the text
snippet under each search result and evaluate this
against the conspiracy theory with the BLEU met-
ric (Papineni et al., 2002). The BLEU metric is uti-
lized since many search results do not contain com-
plete sentences and are instead highlighted phrases
from the text related to the query and concatenated
by ellipses. The perplexity score for a conspiracy
theory is then calculated for each model size. The
resulting BLEU and perplexity scores are ranked
with the highest BLEU and lowest perplexity scores
first. We use Spearman’s ranking correlation (Hogg
et al., 2005) to determine the resulting alignment
between the two. These results are shown in Figure
3.

We find a strong relationship between a gener-
ated conspiracy theory’s perplexity and its appear-
ance in Google search results. This correlation
becomes much weaker when the temperature is
set to 1, indicating that the default setting’s in-
creased randomness may produce more halluci-
nated generations. However, given these results, we
believe this can open the door towards the creation
of more automated memorization evaluation tech-
niques. Though our samples are generated through
GPT-2 Large, we further test this alignment on the
small and medium model sizes. We find that the
relationship between Google search results and per-

Temperature
Classifier 0.4 0.7 1.0 p-val

dBERT -0.974 -0.942 -0.887 0.110
VADER -0.556 -0.527 -0.486 <0.001
TextBlob -0.112 -0.033 0.017 <0.001
Average -0.547 -0.500 -0.452

Table 2: Comparison of average sentiment scores
across GPT-2 Large generated conspiracy theories with
the DistilBERT (dBERT), VADER, and TextBlob sen-
timent classifiers along with the Wilcoxon rank-sum p-
values for generation pairs of temperature 0.4 and 1.
The conspiracy theories are generated at the tempera-
ture values of 0.4, 0.7, and 1.0 and sentiment scores
range from -1 to 1.

plexity decreases as model size decreases for the
smaller temperature settings, further confirming
that model size does affect memorization.

8 Linguistic Analysis

While our previous analysis aims to define a rela-
tionship between model parameters and the gen-
eration of conspiracy theories, we are also inter-
ested in evaluating whether these generations have
any interesting linguistic properties. As such, we
choose to test the question, are there any linguistic
differences among the generated conspiracy theo-
ries across different model settings? We proceed
by examining two linguistic aspects of our texts:
sentiment and diversity.

8.1 Sentiment
When analyzing sentiment, we evaluate our Gen-
eral dataset of generated conspiracy theories at its
three temperature levels. We are interested in an-
swering the question: how will the model’s tem-
perature affect the sentiment of its generations that
are not prompted by real-world stimulus? To pro-
ceed, we utilize three sentiment classifiers: Distil-
BERT (Sanh et al., 2019), VADER (Gilbert and
Hutto, 2014), and TextBlob9. For DistilBERT we
convert the output range of [0,1] to [-1,1] to match
the other two classifier ranges. The average sen-
timent scores are displayed in Table 2 along with
the Wilcoxon rank-sum p-values for each classifier
output between temperature settings 0.4 and 1. The
results show that decreasing the model’s temper-
ature triggers it to generate increasingly negative
conspiracy theories. Although we do not achieve

9https://textblob.readthedocs.io/en/dev/index.html
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Temperature
Size 0.4 0.7 1.0

Small 0.372 0.227 0.084
Medium 0.397 0.231 0.094
Large 0.421 0.255 0.120
p-value <0.001 <0.001 <0.001

Table 3: Comparison of average BERTScore values
across Wikipedia topic-prompted GPT-2 generations
for varying model sizes and temperatures. Generations
for each size-temperature pair are evaluated against
other generations for their specific topic. Wilcoxon
rank-sum p-values for the large-small model pairs at
each temperature are listed at the bottom.

similar sentiment scores across the different clas-
sifiers, they all exhibit the same downward trend
among score and temperature values. Additionally,
classifier-temperature value pairs produce negative
sentiment scores in all but one case. This follows
previous work indicating that conspiracy theories
and one’s belief in them are emotional rather than
analytical and are linked to negative emotions (van
Prooijen and Douglas, 2018).

8.2 Diversity

Next, we analyze linguistic diversity across
model sizes and model temperature. Utiliz-
ing the Wikipedia dataset, we compute the
BERTScore (Zhang* et al., 2020) for each genera-
tion in reference to the other generations for each
topic. This metric is used to measure the variance
and contextual diversity across the different model
generations for a specific conspiracy topic (Zhu
et al., 2020). We do this across temperature values
of 0.4, 0.7, and 1 and the different model sizes.
These temperature values are utilized as lower tem-
perature values start to produce duplicate genera-
tions. The average F1 scores for each setting pair
is calculated and shown in Table 3 along with the
corresponding p-values from a Wilcoxon rank-sum
test for the large-small pairs at each temperature.

We find that as the temperature decreases, the
similarity across generations for each topic in-
creases. This is not surprising, as the outputs be-
come less random at lower temperatures, and the
model tends to output more memorized informa-
tion. When comparing the scores among the dif-
ferent model sizes, the largest model contains the
largest values, decreasing with the model size. We
can infer that an increase in model size leads to

more memorization, which allows the model to
generate more contextually aligned outputs for spe-
cific topics instead of the diverse sets of outputs in
smaller model sizes.

9 Moving Forward

Throughout this paper, we have discussed the risks
and benefits of memorization in NLG models and
have focused on the dangers of conspiracy theory
generation. As we relayed in Section 2.3, conspir-
acy theory detection is a challenging problem due
to its fuzzy linguistic vocabulary. We believe it is
crucial to intervene earlier to mitigate these risks
rather than detect them after the model’s generation.
While reducing memorization of harmful data in
models is still an open problem, we discuss various
methods to help accomplish this and encourage fu-
ture research in the area: 1) preventing detrimental
data from being introduced into the training set, 2)
ensuring the dataset contains a much larger propor-
tion of factually correct data for conspiracy theory
topics than the conspiracy theories themselves, and
3) reducing model size.

The first solution prevents researchers from rely-
ing on these models to filter out harmful noise in
large-scale datasets. Current models, such as GPT-
2, attempt to filter out offensive and sexually ex-
plicit content from their datasets during creation10.
We argue that this is not enough, as shown in the
results of our analysis above. One way to proceed
is to ensure that data is only collected from reliable
sources instead of scraping the internet for large
amounts of information. However, we also recog-
nize that this is a tedious task and requires intensive
scrutiny when collecting data. As such, the down-
sides to following this method may lead to smaller
datasets and models with lower quality generations.
In addition, this requires the additional considera-
tion of deciding what data is “good” and what data
can be harmful. In the space of conspiracy theories,
the creation of a database regarding circulated con-
spiracy theories and debunking them seems like an
appropriate direction to go.

While not completely eliminating the possibil-
ity of conspiracy theory generation, the second
method aims to decrease their likelihood during
generation. To accomplish this, researchers can
supplement their existing dataset with a second
dataset consisting of factually correct samples sur-

10https://github.com/openai/gpt-
2/blob/master/modelcard.md
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rounding conspiracy theory topics. This aims to
oversample truthful data for training. While our
study is confined to well-known conspiracy theo-
ries, the approach we discuss should be performed
for all conspiracy-related topics and thus requires
the additional task of identifying these subjects.

As our experiments in Section 6 have shown,
model temperature and size profoundly affect the
memorization and generation of conspiracy theo-
ries in NLG models. Since a user may set tempera-
ture, this setting cannot help prevent the generation
of harmful data. However, modifying model size
can. Though recent years have seen an increase
in model size due to better performance on down-
stream tasks and the resulting generation of more
coherent text (Solaiman et al., 2019), it comes at
the cost of memorization. Therefore, researchers
must strive to find a balance between memorization
and fluency. When compromising model size, this
mitigation strategy may also be complemented by
oversampling factual data as specified above for
further intervention.

10 Conclusion

In this paper, we highlight the issue of conspir-
acy theory memorization and generation in pre-
trained generative language models. We show that
the root of the problem stems from the memoriza-
tion of these theories by NLG models and discuss
the dangers that may follow this. This paper fur-
ther investigates the detection of conspiracy theory
memorization in these models in a real-world sce-
nario where one does not have access to the train-
ing data. To do so, we create a conspiracy theory
dataset consisting of conspiracy theory topics and
machine-generated text. Our experiments show
that reducing a model’s temperature and increasing
its size allows us to elicit more conspiracy theories,
indicating their memorization without verification
against the ground-truth dataset. We hope our find-
ings encourage researchers to take additional steps
in testing language models for the generation of
harmful content before release. Further, we hope
our discussion on memorization can lead to fur-
ther research in the area and advance the study of
conspiracy theories in NLP.
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Ethical Considerations

In this paper, we explore the topic of conspiracy
theories in natural language generation. We ac-
knowledge that in order to build a coherent and
robust language model, a large-scale dataset must
be used. As such, it is difficult to obtain data of
this size that is 100% free of offensive or harmful
samples. However, to improve and further progress
research in natural language processing, consider-
ations of disadvantages such as the memorization
and subsequent generation of conspiracy theories
must be taken into account.

In the previous sections of the paper, we feature
how researchers can evaluate language models for
the memorization and generation of conspiracy the-
ory text. While we showcase methods for analyzing
the generation of this harmful content, we acknowl-
edge some potential risks: 1) adversaries may ad-
just their methods for hiding harmful content in
language models so that it is not easily extracted or
generated through our evaluation methods, and 2)
attackers may use the methods discussed and lever-
age other language models to extract conspiracy
text or amplify their generation in natural language
applications. However, we believe bringing light
to the issue of conspiracy theory memorization in
NLG models is essential for research to progress
in the direction of safe and fair natural language
processing and will enable future research to utilize
these studies in model interpretability.

While it may be possible for attackers to extract
conspiracy theories from language models through
more advanced techniques, we attempt to study
how the ordinary user may fall prey to this type
of information in a standard way. With language
models becoming increasingly integrated into ev-
eryday natural language processing applications,
the risks of unintentionally generating and spread-
ing conspiracy theories rises. Our work can help
researchers and engineers of language models thor-
oughly test these models for the generation of harm-
ful conspiracy theory text using our analysis. We
also hope to show researchers that even seemingly
“clean” datasets may not diminish harmful noise
from data and instead reflect or even amplify it
after training.
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A Appendix

A.1 Mechanical Turk Experiments
Our conspiracy theory affirmation task was
grouped into batches of 5 statements per topic and
workers were compensated at 22¢ per batch. For
the conspiracy topic task, we provided a topic, e.g.
Holocaust, and ask the worker to click “yes” if they
have heard of a conspiracy theory related to the
topic. This simple task was paid at 2¢ per topic.
The first task required workers to be located in
the United States while the second task had no
location restriction. For both tasks, the time it
takes to read directions and answer the questions
enabled workers to earn roughly $9/hour. This is
currently well above the average worker compensa-
tion on Mechanical Turk of $2-5/hour (Hara et al.,
2018; Hitlin, 2016) which states only 4% of work-
ers earn more than the U.S. federal minimum wage
of $7.25/hour. The second task, which contains no
location restriction, may have workers from coun-
tries with a lower minimum wage. In Figures 4

and 5 we provide screenshots of an example of our
conspiracy theory affirm task, including the topic
reference text and worker instructions.

Instructions
Please Read the following reference text describing var-

ious conspiracy theories about a topic and answer the

following questions.

Reference Text
Moon landing conspiracy theories claim that some or

all elements of the Apollo program and the associated

Moon landings were hoaxes staged by NASA, possibly

with the aid of other organizations. The most notable

claim is that the six crewed landings (1969-1972) were

faked and that twelve Apollo astronauts did not actu-

ally walk on the Moon. Various groups and individuals

have made claims since the mid-1970s that NASA and

others knowingly misled the public into believing the

landings happened, by manufacturing, tampering with,

or destroying evidence including photos, telemetry tapes,

radio and TV transmissions, and Moon rock samples.

Figure 4: Mechanical Turk conspiracy theory affirma-
tion reference text.

Questions
For the next five statements, evaluate whether or not
they state/affirm any conspiracy theories in the ref-
erence text. If any part of the initial text states or af-
firms any ideas in the reference text, click yes. Also,
if any part of the initial text follows the general na-
ture of conspiracy theories in the reference text such
as “The moon landing is fake”, click yes. Otherwise,
click no. Some statements may be the same but you
should still evaluate each one.

Figure 5: Mechanical Turk conspiracy theory affirma-
tion instructions.
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Abstract
Multimodal fusion is a core problem for multi-
modal sentiment analysis. Previous works usu-
ally treat all three modal features equally and
implicitly explore the interactions between dif-
ferent modalities. In this paper, we break this
kind of methods in two ways. Firstly, we ob-
serve that textual modality plays the most im-
portant role in multimodal sentiment analysis,
and this can be seen from the previous works.
Secondly, we observe that comparing to the
textual modality, the other two kinds of non-
textual modalities (visual and acoustic) can
provide two kinds of semantics, shared and pri-
vate semantics. The shared semantics from the
other two modalities can obviously enhance
the textual semantics and make the sentiment
analysis model more robust, and the private
semantics can be complementary to the tex-
tual semantics and meanwhile provide differ-
ent views to improve the performance of senti-
ment analysis together with the shared seman-
tics. Motivated by these two observations, we
propose a text-centered shared-private frame-
work (TCSP) for multimodal fusion, which
consists of the cross-modal prediction and sen-
timent regression parts. Experiments on the
MOSEI and MOSI datasets demonstrate the
effectiveness of our shared-private framework,
which outperforms all baselines. Furthermore,
our approach provides a new way to utilize the
unlabeled data for multimodal sentiment anal-
ysis.

1 Introduction

Multimodal sentiment analysis is an emerging re-
search field, which aims to understand people’s sen-
timent using not only textual but also non-textual
(visual, acoustic) data. This task has attracted in-
creasing attention from the community recently, as
people have realized that non-textual clues are help-
ful for detecting sentiment and the huge demands

∗ Corresponding Author
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[Private] 
Higher Prediction Losses

[Shared] 
Higher Attention Weights

[Private] 
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[Shared] 
Higher Attention Weights

Figure 1: Distinguishing the shared and private features
via cross-modal prediction.

for the identification of opinions and sentiment in
the video.

Comparing to the traditional textual sentiment
analysis(Liu, 2012), previous work demonstrates
that the other non-textual data can improve the fi-
nal performance (Chen et al., 2017; Zadeh et al.,
2018b; Sun et al., 2020). There are two reasons.
The first reason is that the three modalities can con-
vey some common semantics. In this case, these
non-textual common semantics do not provide ad-
ditional information beyond textual data, but the
repetitive information from them can strengthen the
final performance. We call them shared semantics.
The other reason is that the three modalities have
their own special semantics, which are different to
other modalities. These non-textual private seman-
tics is modality-specific and hard to be predicted
only by textual data. Thus this kind of semantics
from the non-textual modalities can help to detect
the final sentiment more accurately. We call them
private semantics.

Previous works usually don’t distinguish the
shared semantics and the private semantics but treat
each modal semantics as a whole, lacking the abil-
ity to explicitly explore the interaction between
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different modalities. In this paper, we propose a
text-centered shared-private framework for multi-
modal sentiment analysis. In this framework, the
textual modality is considered as the core modal-
ity, and we first design a cross-modal prediction
task to explicitly distinguish the shared and the pri-
vate semantics between the textual modality and
the non-textual(visual, acoustic) modality and then
propose the sentiment regression model including
the shared and private modules to fuse the textual
features with two types of non-textual features.

In order to explore the shared and private se-
mantics from non-textual modalities, we design
the cross-modal prediction task, which is like a
machine translation framework. The source is a
sequence of textual modal features and the target
is a sequence of another modal (visual or acoustic)
features. We can explore the shared and private
semantics via training two cross-modal prediction
models, textual-to-visual and textual-to-acoustic
models. In specific, as shown in Figure 1, we ap-
ply the pre-trained textual-to-visual and textual-to-
acoustic models to predict the targets. The features
of the target modality with higher prediction losses
are distinguished as private. For each word, those
putting higher attention weights on this word are
distinguished as shared.

After obtaining shared and private features, we
propose the sentiment regression model to fuse the
textual features with two types of features. The sen-
timent regression model mainly consists of three
parts, shared module, private module, and regres-
sion layer. In the shared module, each textual fea-
ture interacts with the corresponding shared fea-
tures to get the enhanced features, which are then
fed into a fusion block to obtain the final shared
representation. Meanwhile, in the private module,
the private features of each non-textual modality
are passed through the attention layer to obtain the
final private representation. Finally, we feed the
obtained representations into the regression layer
to predict the sentiment score.

We conduct experiments on two multimodal
sentiment analysis benchmarks: CMU-MOSI and
CMU-MOSEI. The experimental results show that
our model outperforms all baselines. This can
demonstrate that the shared-private framework for
multimodal sentiment analysis can explicitly use
the shared semantics between different modalities
to enhance the final performance of sentiment anal-
ysis, and meanwhile can explicitly use the private

semantics of each modality as the supplemental
clues for sentiment analysis. In addition, we can
observe that our designed cross-modal prediction
task can accurately distinguish the shared and pri-
vate non-textual semantics.

Our contributions can be concluded as follows.

1. We propose a challenging text-centered
shared-private framework for the multimodal
sentiment analysis. This framework can ef-
fectively fuse textual and non-textual features
benefitting from the unlabeled data.

2. We design a cross-modal prediction task to
explore the shared and private semantics for
each non-textual modality.

3. We achieve significant improvements from
learning the shared and private semantics from
different modalities compared to the algo-
rithms without distinguishing the shared and
private semantics.

2 Related Work

There are two lines of works conducted on multi-
modal sentiment analysis.

One is focusing on utterance-level multimodal
feature fusion. These methods use the features of
the overall utterance. For example, they first extract
the frame-level visual or acoustic features and then
average them to obtain the final features, which are
called utterance-level features. The utterance-level
textual features can be obtained by applying RNNs
for words. The obtained utterance-level features
are fed into the fusion model to get the multimodal
representation. Some models have been proposed
for effective multimodal feature fusion. Zadeh et al.
(2017) proposed Tensor Fusion to explicitly capture
unimodal, bimodal, and trimodal interactions. But
this method uses the three-fold Cartesian product to
fuse the multimodal features, which makes the time
cost very high. To address it, Liu et al. (2018) pre-
sented the Efficient Low-rank Multimodal Fusion,
which applies multimodal fusion using low-rank
tensors to accelerate the fusion process. Mai et al.
(2020) proposed a graph fusion network to model
unimodal, bimodal, and trimodal interactions suc-
cessively.

The utterance-level features mainly contain
global information, which may fail to capture local
information. Therefore, recent works are mostly
focusing on word-level multimodal feature fusion.
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And our work in this paper is also based on word-
level features. To extract word-level features, the
first step is applying force alignment to obtain the
timestamps of each word including the start time
and end time. And then following the timestamps,
the utterance is split into some video clips. Fi-
nally, word-level visual or acoustic features are
obtained by averaging the frame-level features of
the video clips. Based on word-level features, lots
of methods are proposed for performing word-level
multimodal feature fusion. Zadeh et al. (2018a)
proposed the Memory Fusion Network(MFN) to
capture the interactions across both different modal-
ities and timesteps. Inspired by the observation that
the meaning of words often varies dynamically in
different non-verbal contexts, Wang et al. (2019)
proposed the Recurrent Attended Variation Embed-
ding Network (RAVEN). This model applies the
Attention Gating module to fuse the word-level fea-
tures, which can dynamically use the non-verbal
features to shift the word embeddings. Tsai et al.
(2019) presented multimodal transformer (Mult),
which uses the cross-modal attention to capture the
bimodal interactions, motivated by the great suc-
cess of transformer in NLP(Vaswani et al., 2017).

Besides, there is a related work (Pham et al.,
2019) need to be noticed, which proposed that
translation from a source to a target modality pro-
vides a way to learn joint representations and pro-
posed the Multimodal Cyclic Translation Network
model (MCTN) to learn joint multimodal represen-
tations. Comparing to this work, our model has
a significant difference. That is we use the cross-
modal prediction task to distinguish the shared and
private non-textual features instead of training the
model as an auxiliary task. In this way, we can
obtain more useful information by deeply probing
the cross-modal prediction model.

3 Approach

In this section, we will introduce our shared-private
framework for multimodal sentiment analysis in de-
tail. In this framework, we treat the textual modal-
ity as the core, then how to explore the shared and
the private semantics of the non-textual modality
compared to the textual modality, and how to fuse
all three modal features are two important steps.
For the first step, we design a cross-modal pre-
diction task and obtain the shared and private fea-
tures of the non-textual modalities via training two
cross-modal prediction models, textual-to-visual

and textual-to-acoustic models. And for the sec-
ond step, we design a sentiment regression model
to fuse the textual features and the two types of
features.

3.1 Cross-Modal Prediction
Task Definition: The cross-modal prediction
task is formalized as follows. Given a sequence of
textual features denoted as xl = {xtl : 1 ≤ t ≤
L, xtl ∈ Rdl}, L is the length of the given sequence,
t is the timestep, and the goal is to predict the cor-
responding sequence of visual or acoustic features
denoted as xi = {xti : 1 ≤ t ≤ L, xti ∈ Rdi},
i ∈ {v, a}. Cross-modal prediction task is inspired
by the machine translation task. The inputs are the
textual features, and the generated outputs are the
non-textual (visual or acoustic) features. During
the translation from the textual modality to other
modalities, we can exploit the shared and the pri-
vate semantics of the non-textual modalities.

Prediction Model: We use the Seq2Seq model
with attention (Bahdanau et al., 2015) as our model
framework. The encoder takes the textual fea-
tures xl as inputs and outputs the hidden states
henc = {htenc : 1 ≤ t ≤ L, htenc ∈ Rdh}. The
decoder takes the previous hidden state ht−1dec and
hidden states of the encoder as inputs and predicts
the non-textual feature xti, i ∈ {v, a}, at the t
timestep. We choose the MSE as our loss func-
tion. The prediction loss values are denoted as
el→i = {etl→i : 1 ≤ t ≤ L}. The attention map of
the prediction model is denoted as mi→l. In prac-
tice, we apply LSTMs (Hochreiter and Schmid-
huber, 1997) to implement our encoders and de-
coders. After training the cross-modal prediction
models using textual-visual and textual-acoustic
paired data, we can obtain two models, textual-to-
visual and textual-to-acoustic models. We then use
the obtained models to distinguish the shared and
private features and record the results as shared and
private masks, which will be passed to the senti-
ment regression model.

Shared Mask: We propose the shared mask to
find out the shared semantics of the two kinds of
non-textual modalities. The basic assumption is
that during cross-modal prediction, if the predic-
tion model wants to generate a non-textual feature
as precisely as possible, it should pay more atten-
tion to the input textual features, that contain more
shared semantics. Based on this assumption, we de-
sign the method to obtain the shared mask. Given
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Figure 2: Obtaining the shared mask from the cross-
modal prediction model.

mi→l, i ∈ {v, a}, for each row t, we first sort the
attention weights mt,∗

i→l and then get the indexes
St of the largest Ks values. Finally, we can get the
shared mask smask, smask ∈ RL∗L. smaskt1,t2
is 1 if the t1 ∈ St2 and 0 otherwise.

To describe this method intuitively, we show this
process in Figure 2. There are three steps: (1) We
build an attention graph and the values of edges
mean the attention weights. We illustrate a part
of it for simplicity. (2) We only keep the edges
with larger values for each non-textual node and
delete others. (3) We map the graph to the shared
mask smask, smaskt1,t2 is 1 if there is a edge
between textual node t1 and non-textual node t2
and 0 otherwise. The shared mask will be passed to
the share module of the sentiment regression model
to make the model focus on the shared features.

Private Mask: In order to find out the private se-
mantics of the two kinds of non-textual modalities,
we propose the private mask. The basic assump-
tion is that the features containing modality-private
information are difficult to be predicted by textual
modality. The private mask of a given utterance
is obtained as follows. Given an utterance which
includes three modalities, textual, visual and acous-
tic, denoted as xi = {xti : 1 ≤ t ≤ L, xti ∈ Rdi},
i ∈ {l, v, a}, we first use the trained prediction
models to get the loss values, el→v and el→a. Then
we sort the loss values to obtain the indexes P of
the largest Kp values. Finally, We can get the pri-
vate mask pmask, pmask ∈ RL. pmaskt is 1
if the t ∈ P and 0 otherwise. The private mask
will be used by the private module of the sentiment

regression model to force the model to focus on
private features.

3.2 Regression
In this section, we study how to fuse the shared and
private information obtained from Section 3.1. An
illustration of our framework is given in Figure 3.

3.2.1 Input Layer
Given an utterance which includes three modalities,
textual, visual and acoustic, the extracted multi-
modal features are denoted as xi = {xti : 1 ≤ t ≤
L, xti ∈ Rdi}, i ∈ {l, v, a}. We use three LSTM
networks to encode the input multimodal features
xi, producing hi = {hti : 1 ≤ t ≤ L, hti ∈ Rdh}.

hl = LSTMl(xl)

hv = LSTMv(xv)

ha = LSTMa(xa)

(1)

3.2.2 Shared Module
The core idea of the shared module is leveraging
the shared information from non-textual modal fea-
tures to enhance the representations of words. To
achieve it, we propose the masked cross-modal at-
tention network, which can utilize the shared masks
obtained from cross-modal prediction models to fo-
cus on the non-textual shared features.

In the masked cross-modal attention network,
we first calculate the attention scores across the
non-textual representations hi, i ∈ {v, a}, for each
word. We denote the scores as sl→i.

st1,t2l→v =W2(tanh(W1([h
t1
l ;h

t2
v ]) + b1))

st1,t2l→a =W4(tanh(W3([h
t1
l ;h

t2
a ]) + b3))

(2)

where W1,W3 ∈ Rdh×2dh , W2,W4 ∈ R1×dh ,
b1, b3 ∈ Rdh are the parameters of the score func-
tions.

To focus on the shared features, we first calculate
the attention weights wl→v and wl→a using the
softmax function and mask the other features out
using the shared mask.

wt1,t2
l→v =

es
t1,t2
l→v

∑L
t3=1 e

s
t1,t3
l→v

wt1,t2
l→a =

es
t1,t2
l→a

∑L
t3=1 e

s
t1,t3
l→a

(3)

wl→v = wl→v ◦ smaskl→v
wl→a = wl→a ◦ smaskl→a

(4)
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Figure 3: Illustration of our shared-private framework.

We obtain the non-textual shared context vectors
cv and ca. cv, ca ∈ RL×dh .

cv = wl→vhv
ca = wl→aha

(5)

To fuse textual and non-textual shared features,
we concatenate cv, ca, and hl and feed it into the
fusion LSTM network, producing rs ∈ RL×3dh .
We further use a self-attention layer, which is de-
noted as SelfAttentionLayer, to learn the final rep-
resentation. The self-attention layer is similar to the
cross-modal attention network. We use the last step
representation of rn as the shared representation,
which is denoted as rs.

rm = LSTMfusion([cv; ca;hl])

rn = SelfAttentionLayer(rm)
(6)

3.2.3 Private Module
To enable the model to capture the unique informa-
tion contained in non-textual modalities, we design
the private module. Specifically, we use the at-
tention network to learn informative and modality-
private representations.

stv =W5h
t
v + b5

sta =W6h
t
a + b6

(7)

where W5,W6 ∈ R1×dh , b5, b6 ∈ R are the
parameters of the score functions.

We use private masks to ignore other features
and apply the softmax function to get the attention
weights.

sv = sv + (1− pmaskv) ∗ (−108)
sa = sa + (1− pmaska) ∗ (−108)

(8)

Finally, we compute the weighted sum and repre-
sent them as pv and pa, which are called the private
representations.

wt
v =

es
t
v

∑L
t1=1 e

s
t1
v

wt
a =

es
t
a

∑L
t1=1 e

s
t1
a

(9)

pv = wvhv

pa = waha
(10)

3.2.4 Regression Layer
We design the regression layer, which is imple-
mented by a two-layer network with ReLU activa-
tion function, to fuse the shared and private repre-
sentations.

ŷ =Wo(ReLU(Wf ([rs; pv; pa])+bf ))+bo (11)

where Wf ∈ Rdh×5dh , Wo ∈ R1×dh , bf ∈ Rdh ,
bo ∈ R.
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Table 1: Hyperparameters of our model.

Models Parameters MOSI MOSEI

Cross-Modal
Prediction

Batch Size 24 24
Max Length 50 128
Hidden Size 100 100

Epochs 40 40
Learning Rate 0.0001 0.0001

Dropout 0.5 0.5
Patience 5 10

Regression

Batch Size 24 24
Max Length 50 128
Hidden Size 100 100

Epochs 30 30
Learning Rate 0.001 0.001

Dropout 0.5 0.5
Selection Number 5 5

Patience 5 5

4 Experiments

4.1 Datasets
We conduct experiments on two public datasets,
CMU-MOSI (Zadeh, 2015) and CMU-MOSEI
(Zadeh et al., 2018b) to evaluate our proposed
model. CMU multimodal opinion-level sentiment
intensity (CMU-MOSI) consists of 93 videos col-
lected from the YouTube website. The length of
the videos varies from 2-5 mins. These videos
are split into 2,199 short video clips and labeled
with sentiment scores from -3 (strongly negative)
to 3 (strongly positive). CMU multimodal opinion
sentiment and emotion intensity (CMU-MOSEI)
consists of 23,453 annotated video utterances from
1,000 distinct speakers and 250 topics. Each utter-
ance is annotated with sentiment scores from -3
(strongly negative) to 3 (strongly positive).

The multimodal features used in our experiments
are described as follows. We use glove word em-
beddings (Pennington et al., 2014) to represent the
words. The dimension of each word embedding
is 300. We extract the visual features using Facet,
which can extract 35 facial action units (Ekman
et al., 1980; Ekman, 1992) from each frame result-
ing in a 35-dimensional vector. The acoustic fea-
tures are obtained by applying COVAREP (Degot-
tex et al., 2014), which includes 12 Mel-frequency
cepstral coefficients (MFCCs) and other low-level
features. The dimension of the acoustic feature is
74.

4.2 Evaluation Metrics
Following previous works, we take 2-class ac-
curacy(Acc), f1 score(F1), mean absolute error
(MAE), and correlation(Corr) as our evaluation

metrics. As the prediction results are real values,
we first use mean absolute error and Corr between
prediction scores and ground truths to evaluate the
models. In addition, we then map the sentiment
scores into sentiment labels and use classification
metrics, such as accuracy and f1 score, to assess
the model performance.

4.3 Training Details
The hyperparameters of our model are listed in
Table 1. In practice, we apply dropout before the
last linear layer for regularization. We use Adam
as the optimizer. The learning rate is decayed once
the validation loss stops decreasing. The Selection
Number is the number of selected shared/private
features, Ks and Kp. We take the same value for
Ks and Kp for simplicity.

4.4 Baselines
We compare our proposed model with the fol-
lowing baselines. EF-LSTM fuses the multi-
modal features by concatenating and applies an
LSTM network to get the final representation. LF-
LSTM first uses three LSTM networks to encode
three modal features and concatenates three ob-
tained representations to get the final representation.
MFN (Zadeh et al., 2018a) captures the interac-
tions across both the different modalities and time.
RAVEN (Wang et al., 2019) first combines the non-
verbal information with word representations and
then feeds the modified word representations into
an LSTM network to obtain the utterance repre-
sentation. MCTN (Pham et al., 2019) learns joint
multimodal representations by translating between
modalities. MulT (Tsai et al., 2019) uses cross-
modal transformers to fuse multimodal features.
Multimodal Routing (Tsai et al., 2020) proposes
a routing mechanism to capture the interactions be-
tween input modalities and outputs. TCSP(Base)
is our base model. The model architecture is as
same as our full model, but it doesn’t use shared
and private masks. Comparing TCSP(Base) and
TCSP(Full), we can judge whether distinguish-
ing the shared and private features of non-textual
modalities is useful.

4.5 Experimental Results
We compare our model with several baselines and
the experimental results are shown in Table 2. Com-
paring our base model with other baselines, our
base model fails to obtain the best result and un-
derperforms RAVEN and MulT for the Acc, F1
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Table 2: Experimental results on the test sets of the MOSEI and MOSI dataset. The best results are in bold. As
the Multimodal Routing model is designed for classification, we don’t report the regression metrics of it for fair
comparison.

Models MOSI MOSEI
Acc ↑ F1 ↑ MAE ↓ Corr ↑ Acc ↑ F1 ↑ MAE ↓ Corr ↑

EF-LSTM 76.0/75.3 75.9/75.2 1.020/1.023 0.603/0.608 78.4/78.2 79.5/77.9 0.642/0.642 0.641/0.616
LF-LSTM 75.3/76.8 75.1/76.7 1.046/1.015 0.600/0.625 80.3/80.6 80.8/80.6 0.606/0.619 0.676/0.659

MFN 74.5/77.4 74.4/77.3 1.036/0.965 0.607/0.632 78.1/- 79.2/- 0.640/- 0.637/-
RAVEN 76.2/78.0 76.0/76.6 1.012/0.915 0.614/0.691 81.3/79.1 81.6/79.5 0.595/0.614 0.701/0.662
MCTN 71.6/79.3 71.5/79.1 1.142/0.909 0.487/0.676 80.8/79.8 80.6/80.6 0.611/0.609 0.670/0.670
MulT 78.9/83.0 78.8/82.8 1.000/0.871 0.670/0.698 81.8/82.5 81.8/82.3 0.605/0.580 0.682/0.703

Multimodal Routing 68.5/- 68.4/- -/- -/- 76.0/81.7 75.6/81.8 -/- -/-
TCSP(Base) 79.3 79.3 0.956 0.658 80.7 80.3 0.593 0.692
TCSP(Full) 80.9 81.0 0.908 0.710 82.8 82.7 0.576 0.715

Table 3: Ablation analysis of TCSP evaluated on the test data. The best results are in bold.

Models MOSI MOSEI
Acc ↑ F1 ↑ MAE ↓ Corr ↑ Acc ↑ F1 ↑ MAE ↓ Corr ↑

TCSP 80.9 81.0 0.908 0.710 82.8 82.7 0.576 0.715
w/o Private Mask 79.9 79.8 0.930 0.663 82.2 82.1 0.576 0.710
w/o Shared Mask 79.0 79.0 0.965 0.660 82.3 82.1 0.585 0.701
w/o Both Masks 79.3 79.3 0.956 0.658 80.7 80.3 0.593 0.692

metrics on the MOSEI dataset. However, with
the help of the cross-modal prediction task, our
text-centered shared-private framework (TCSP)
achieves the best performance and outperforms all
baselines on both datasets. This can demonstrate
that the shared-private framework proposed in this
paper is effective for multimodal sentiment analy-
sis. Furthermore, it can be observed that the shared
and private features for each non-textual modal-
ity obtained from the cross-modal prediction task
can provide useful clues for the interactions be-
tween different modalities. Thus, these non-textual
shared-private features can be jointly fused with
the textual features to improve the multimodal sen-
timent analysis.

We also observe that there is a larger margin
between our full model and our base model on the
MOSI dataset. We attribute it to the small data size
of the MOSI dataset. It is insufficient for training
the base model, which makes it benefit more from
the shared and private information.

It should be noted that, in Table 2, we provide
two results for each method on each dataset. The
left result is obtained by rerunning the public codes
in the same experimental setting, which refers to
the same dataset split and the same extracted fea-
tures of three modalities. The right result is copied
from previous papers and the experimental settings
are different. To guarantee the justice, we compare
our TCSP model with the left results.

5 Analysis

5.1 Ablation Study

We conduct the ablation experiments to distinguish
the contribution of each part. As shown in Table 3,
ablating either shared mask or private mask hurts
the model performance, which indicates that both
masks are useful for the sentiment prediction. The
shared mask can enable the sentiment regression
model to get the modality-shared features result-
ing in a more robust regression model. The pri-
vate mask makes the regression model focus on
modality-private features, which provides extra in-
formation for sentiment prediction. With the help
of shared and private masks, the regression model
in the shared-private framework can fuse the tex-
tual features with two types of non-textual features
individually, which is the more effective method
for multimodal feature fusion.

5.2 Effect of Selection Number

Selection Number is the number of selected
shared/private features, Ks and Kp. We take the
same value forKs andKp for simplicity. We evalu-
ate our model with different selected numbers from
1 to 8 on the MOSEI dataset to quantify the effect.
The experimental results are shown in Figure 4.
We can observe that our model achieves the best
performance on the Acc and F1 metrics when the
Selection Number is 5. The possible reason is that
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too small Selection Number makes the model only
focus on few features. This could result in missing
useful information. In contrast, too large one makes
the model attend too many features, which weak-
ens the effect of masks. For this reason, selecting a
middle number could be better.

5.3 Effect of Cross-Modal Prediction Model
The cross-modal prediction task is the core of our
shared-private framework, and it has been demon-
strated that this task is effective from Table 3 and
Section 5.1. In this section, we want to further ex-
plore the effect of cross model prediction for the
final regression model.

In Figure 5, we design different cross-modal pre-
diction models trained with different proportions
(from 20% to 100%) of MOSEI data and then fuse
the obtained shared and private information into
the regression models. It should be noticed that
all regression models are trained with all data of
the MOSEI dataset. The results show that when
we use more data, the final performance is better.
And meanwhile, it can be observed that the two
kinds of prediction losses (from textual to visual
modality and from textual to acoustic modality) are

decreased when the proportion of the used data is
increased.

This can reveal that the cross-modal prediction
model trained with more data can provide more in-
formative supervision signals, which are the shared
and private masks specifically. If the performance
of cross-modal prediction model is low, it is im-
possible to teach the regression model to play the
precise role in the shared-private framework.

6 Conclusion

In this paper, we propose a text-centered shared-
private framework for multimodal sentiment analy-
sis. In this framework, we treat the textual modality
as the core and aim to use the other non-textual
modalities to help enrich the semantics of the tex-
tual modality. For each non-textual modality, we
consider two types of semantics, shared and pri-
vate, which have different functions. Shared se-
mantics can enhance the textual semantics to make
the model more robust and the private semantics
can provide extra information for more precise pre-
diction.

To distinguish these two semantics, we design a
cross-modal prediction task and record the results
as share and private masks. We further propose a
regression model utilizing the shared and private
modules to fuse the textual features with two non-
textual features. The experimental results demon-
strate that distinguishing the shared and private
non-textual semantics and explicitly modeling the
interactions between textual and two non-textual
semantics is a better way for the multimodal sen-
timent analysis than just treating each non-textual
features as a whole. The analyses show that the
regression model can benefit more from the bet-
ter cross-modal prediction model, which also indi-
cates that the cross-modal prediction process can
produce useful supervision signals only using unla-
beled data.

In future work, we plan to collect more unla-
beled data to enhance our model. In addition, we
would also like to explore other approaches using
the unlabeled data to help multimodal feature fu-
sion.
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Abstract

Recent advances in natural language process-
ing (NLP) have the ability to transform how
classroom learning takes place. Combined
with the increasing integration of technology
in today’s classrooms, NLP systems leverag-
ing question answering and dialog processing
techniques can serve as private tutors or par-
ticipants in classroom discussions to increase
student engagement and learning. To progress
towards this goal, we use the classroom dis-
course framework of academically productive
talk (APT) to learn strategies that make for the
best learning experience. In this paper, we in-
troduce a new task, called future talk move pre-
diction (FTMP): it consists of predicting the
next talk move – an utterance strategy from
APT – given a conversation history with its cor-
responding talk moves. We further introduce
a neural network model for this task, which
outperforms multiple baselines by a large mar-
gin. Finally, we compare our model’s perfor-
mance on FTMP to human performance and
show several similarities between the two.

1 Introduction

The field of natural language processing (NLP) has
made rapid progress over the last few years (Wang
et al., 2019). Success on natural language under-
standing, dialogue generation, and question an-
swering tasks has spurred advances in NLP-based
systems for educational applications. (McNamara
et al., 2013; Litman, 2016; Burstein et al., 2020).
Systems that can simulate human teachers in spe-
cific situations such as small-group discussions
have the potential to aid learning by promoting
student engagement.

Research has shown that deep conceptual learn-
ing is heightened when students are active partici-
pants in the classroom and contribute to discussions
with their questions and ideas (McNamara, 2011;
Bransford et al., 1999). However, large class sizes

Scenario: Learning about proportional relationships in a
classroom. The teacher gives an example of toasting two
slices in a toaster, for 2 minutes.

Teacher: So we’ve just seen that 2 slices of toast gets done
in 2 minutes. (None)
Teacher: What if I had 3 slices of toast? (Press for Accu-
racy)
Student: 4 minutes! (Wait)
Teacher: Why would it take 4 minutes? (Press for Reason-
ing)
Student: Because you’d have to use the toaster twice. (Wait)

FTMP: Getting Students to Relate
(e.g., who else agrees it would be 4?)

Table 1: Our proposed FTMP task; the teacher talk
move corresponding to each utterance is shown in
parentheses.

often make it difficult for all students to actively
participate. Discussions in sub-groups increase
each student’s speaking time, but, in turn, make
it impossible for a single teacher to guide all in-
dividual conversations. In this paper, we present
a first step towards a system that can solve this
problem by taking the teacher’s role in facilitating
sub-group discussions.

For this, we turn to a classroom discourse frame-
work by Michaels et al. (2008) called academically
productive talk (APT). This framework, which we
describe in detail in Section 2, provides both teach-
ers and students with a set of talk moves – a family
of utterance strategies to use for productive and re-
spectful in-class discussions. As a first step towards
developing an NLP system that can guide academ-
ically productive discussions, we aim to design a
model which can predict when which specific talk
move is appropriate. Thus, we introduce the task
of future talk move prediction (FTMP) – given
a conversation history, the goal is to predict what
the next teacher talk move should be. We formulate
this as a multi-class classification problem, with
the input being a sequence of previous utterances
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and their corresponding talk moves, and the label
being the next talk move.

We further propose a model for FTMP, which
we call 3-E.1 It consists of three recurrent neural
network (RNN) encoders: one for individual ut-
terances, one for utterance sequences, and one for
talk move sequences. The model is trained on tran-
scripts of classroom discussions where teacher ut-
terances have been annotated for the talk moves
they represent. We consider the actions of the
teacher to be our gold standard data for FTMP. We
show that our model strongly outperforms multiple
baselines and that adding sentence representations
from RoBERTa (Liu et al., 2019) or TOD-BERT
(Wu et al., 2020) – a model trained on task-oriented
dialogue – does not increase performance further.

Finally, we investigate the performance of hu-
man annotators on FTMP. Unlike the teacher, they
do not have access to multi-modal signals, subject
matter information, or knowledge of student behav-
ior. This setting, which mimics the information
available to our model, is significantly different
from the teachers who generate the gold standard
utterances captured in our data. We present a de-
tailed analysis of their performance on a diagnostic
test set, and highlight similarities to our model’s
performance. Our findings indicate that our model
produces acceptable predictions a majority of the
time. However, a gap between model and human
performance on this task shows that there is still
room for improvement.

2 Academically Productive Talk

In this section, we provide an overview of the
APT discourse framework and introduce a new task
within the broader research area of NLP for educa-
tional applications: FTMP.

2.1 Background on APT

Research in cognitive science and psychology high-
lights the importance of active participation as
opposed to passive listening for achieving deep
conceptual learning (McNamara, 2011; Bransford
et al., 1999; Chi and Wylie, 2014). This can take
the form of reflection on the lesson, as well as gen-
eration of new ideas, such as asking and answering
questions, connecting concepts, and coming up
with explanations. Chapin et al. (2009); Golden-
berg (1992); Cobb; Cazden (1988) discuss the im-

1Code for all models is available at https://
nala-cub.github.io/resources/

portance of classroom conversations in this process.
Chapin (2003) present case studies that show how
implementing structured discussions in classrooms
over a period of two years results in measurable
improvements in test scores in mathematics.

To formalize how such discussions can be facil-
itated, Michaels et al. (2008) present a classroom
discourse framework called academically produc-
tive talk (APT; also called accountable talk). This
includes strategies that teachers and students can
use to promote engagement as well as deep concep-
tual learning through discussions.

Facets Michaels et al. (2008) present three facets
of accountability that APT encompasses: account-
ability to the learning community, accountability
to standards of reasoning, and accountability to
knowledge. The first facet emphasizes the impor-
tance of listening to other students’ contributions,
and, subsequently, building on top of them. The
second facet promotes talk that is based on evi-
dence and reasoning, and involves getting students
to provide explanations for their claims. The last
facet covers talk which involves factual knowledge
– such as introducing a new concept, or challenging
a student’s claim to correct misconceptions.

Teacher Talk Moves Michaels and O’Connor
(2015) conceptualize the above facets as “tools”
that can be used by teachers and students to engage
in APT. For both teachers and students, these tools
take the form of utterance strategies called talk
moves, which they can employ in order to conduct
meaningful discussions.

In this paper, we focus on the following six talk
moves used by teachers: (1) Keeping Everyone
Together refers to utterances that manage student
interactions, and asks students to be active listen-
ers; (2) Getting Students to Relate refers to ut-
terances that ask a student to build on other stu-
dents’ ideas by agreeing, disagreeing, or following
up; (3) Restating occurs when a teacher repeats a
student’s answer or claim verbatim with the pur-
pose of ensuring it reaches the entire classroom;
(4) Revoicing happens when a teacher paraphrases
a student’s ideas, but adds or removes informa-
tion in order to correct a student or convey new
knowledge; (5) Pressing for Reasoning refers to
utterances that ask a student to explain a decision
or to connect multiple ideas; and (6) Pressing for
Accuracy refers to utterances that prompt for an-
swers to a factual question, e.g., about a method or
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Talk Move Description Example

Keeping Everyone
Together

Ask students to be active listeners Raise your hand if you know the answer

Getting Students to
Relate

Ask students to contribute to an-
other’s ideas

Do you or agree or disagree with Michael?

Revoicing Repeat what a student says with
adding words or rephrasing

S: It had two T: So it had two edges

Restating Repeat what a student says verba-
tim

S: Hexagon T: Hexagon!

Press for Accuracy Prompt for an answer What is this called?

Press for Reasoning Prompt for explanation of thinking How did you decide?

None Fits into none of the above Good morning

Wait Teacher says nothing while student
speaks

S: It’s the same shape

Table 2: An overview of all teacher talk moves, their purpose and an example utterance. None and Wait are not
APT talk moves, and represent generic utterances and teacher pauses during student utterances, respectively.

a result.
Keeping Everyone Together, Getting Students to

Relate, and Restating are part of accountability to
the learning community; Revoicing and Press for
Reasoning are part of accountability to standards
of reasoning, and Press for Accuracy falls under
accountability to knowledge. Examples for all talk
moves are shown in Table 2.

Student Talk Moves While we do not focus on
student talk moves in this work, we summarize
them here for completeness. Student talk moves
can also be grouped into the same accountabil-
ity facets as teacher talk moves (O’Connor and
Michaels, 2019). Under accountability to the learn-
ing community, we have Relating to Another Stu-
dent – building on a classmate’s ideas or asking
questions about them, and Asking for more info
– requesting help from the teacher on a problem.
Under accountability to knowledge, there is Mak-
ing a Claim – providing an answer or a factual
statement about a topic. Under accountability to
standards of reasoning, we have Providing Evi-
dence/Explanation – explaining their thinking with
evidence.

2.2 Future Talk Move Prediction

In order to build a system that can facilitate in-class
discussion in the way a human would, we aim at
automatically answering the question What would

a teacher do? at each point within a classroom
conversation. Specifically, we define the task of
future talk move prediction (FTMP) as choosing
the next appropriate teacher talk move to make,
given the history of what has been discussed so far.

Formally, the input for FTMP is a dialogue con-
text C = c0, c1, ..., ct, with each context element
consisting of an utterance ui, a binary variable si
indicating if the speaker is different from the pre-
vious utterance, and a teacher talk move label ti,
i.e., ci = (si, ui, ti). The goal then is to predict
the next teacher talk move tt+1 out of the possible
talk moves defined above. Note that the future ut-
terances are unseen; the prediction of the next talk
move is to be made only based on the conversation
history.

3 Related Work

3.1 Promoting APT with NLP Systems

Ideas from APT have been incorporated with suc-
cess into intelligent tutoring systems (Dyke et al.,
2013; Tegos et al., 2016; Adamson et al., 2014).
These systems provide an environment to simu-
late classroom discussions, for instance, as small
groups collaboratively solving problems with a
shared textual chat interface for communication.
The intelligent agent then plays a role similar to a
teacher – it monitors the conversations and makes
decisions about when to intervene in order to pro-
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mote student engagement and learning.
Adamson et al. (2014) study the effects of two

specific interventions: using the Revoicing talk
move as well as an Agree/Disagree talk move
(which corresponds to the Getting Students to Re-
late talk move in our above categorization). These
interventions are made by matching student utter-
ances in the chat to an annotated set of concepts and
misconceptions for the topic being taught. Through
multiple case studies, they show that interventions
by the agent have a positive effect on learning, as
measured by test scores before and after using the
system. The agent interventions also prove use-
ful in increasing student talk frequency. Similarly,
Tegos et al. (2015) find that an APT-based inter-
vention called Linking Contributions, similar to
Getting Students to Relate, improves explicit rea-
soning as well as learning outcomes in students.

The findings of the above work provide a strong
motivation for building a conversational AI sys-
tem that can produce academically productive talk.
Unlike the above systems, which focused particu-
larly on accountability to the learning community,
we attempt to predict opportunities for interven-
tion across all talk moves described in Section 2.
Since we do not have access to gold annotations of
statements corresponding to concepts and miscon-
ceptions, we make use of transcripts of classroom
discourse with annotations for talk moves used by
the teacher.

3.2 NLP for Educational Applications
Our work is a first step towards improving in-class
discussions with the help of an NLP system and,
thus, to improve student learning and engagement.
Prior work in understanding classroom discourse
using NLP includes Suresh et al. (2019) and Don-
nelly et al. (2016). They propose an application
where feedback can be provided to teachers by au-
tomatically classifying their utterances into talk
moves. Other applications of NLP to education
include language learning assistance (Beatty, 2013;
Carlini et al., 2014; Tetreault et al., 2014), writ-
ing assistance (Dahlmeier and Ng, 2011; Chollam-
patt and Ng, 2018; Chukharev-Hudilainen and Sar-
icaoglu, 2016), and automated scoring (Burstein
et al., 1998; Farag et al., 2018; Beigman Klebanov
and Madnani, 2020).

3.3 Dialogue Systems
Our work is further related to research on dia-
logue systems. Similar to talk moves, dialogue

acts provide a categorization for utterances, but,
in contrast to talk moves, they apply to general-
purpose conversations (Stolcke et al., 2000; Cal-
houn et al., 2010). Examples include Statement,
Question, Greeting, and Apology. Dialogue act
tagging, which is sometimes called dialogue act
prediction, is the task of classifying an utterance
into the category it belongs to (Yu and Yu, 2019;
Khanpour et al., 2016; Wu et al., 2020). Analogous
to FTMP, future dialogue act prediction is the task
of predicting what the next dialogue act should be,
given a conversation history (Tanaka et al., 2019).

Pretrained models have been successfully
adapted to the task of dialogue generation (Zhang
et al., 2020; Wu et al., 2020; Adiwardana et al.,
2020; Roller et al., 2020). However, if directly
used in the classroom, these models could poten-
tially produce harmful or unsuitable dialogue as
they are trained on large datasets comprising con-
versations from the internet (Bender et al., 2021).
Additionally, we want a system to facilitate struc-
tured conversations, and not cause further diver-
sions – this is in contrast to many task-oriented or
open-domain dialogue systems whose purpose is to
entertain and appear personable to the user. Hence,
we propose FTMP as a crucial first step towards
an NLP system capable of facilitating classroom
discussions.

4 Model

In this section, we describe our proposed model
for FTMP, cf. Figure 1. Following Tanaka et al.
(2019)’s model for future dialogue act prediction,
its main components are three encoders. We hence
name our model 3-E. Our model predicts the next
teacher talk move tt+1, given the last w context
elements ct−w+1, . . . , ct.

Utterance Encoder The first encoder – the utter-
ance encoder – is a single-layer gated recurrent unit
(GRU; Cho et al., 2014). It processes the sequence
of vector representations v(w1), . . . , v(wm) of the
words w1, . . . , wm that each utterance ui consists
of and computes the last hidden state as a vector
representation of ui:

âi = GRU(v(w1), . . . , v(wm)) (1)

Each utterance representation is then concatenated
with a representation si of the speaker role. This
representation is either 1 or 0, depending on if the
speaker has changed from the previous utterance:

ai = cat(âi, si) (2)

4742



Figure 1: Our proposed model for FTMP, consisting of separate encoders for utterances, past task moves, and the
overall context.

Dialogue Encoder Next, the sequence of all w
utterance representations is passed to the dialogue
encoder, which is also a single-layer GRU. The
dialogue encoder processes the sequence, and we
take the last hidden state as a representation of all
utterances within our context window:

bt = GRU(at−w+1, . . . , at) (3)

Talk Move Encoder The talk move en-
coder is a third single-layer GRU, which
encodes the sequence of vector representations
v(tt−w+1), . . . , v(tt) of talk moves tt−w+1, . . . , tt:

dt = GRU(v(tt−w+1), . . . , v(tt)) (4)

We obtain our final context representation rt by
concatenating the representation of all utterances
and all talk moves within the context window:

rt = cat(bt, dt) (5)

Finally, we pass rt through a two-layer feed-
forward network and a softmax layer to obtain a
probability distribution over possible future talk
moves.

4.1 Adding a Pretrained Sentence Encoder
RoBERTa Pretrained models define the state of
the art on a large variety of NLP tasks (Wang et al.,
2019). Thus, we additionally experiment with con-
catenating an utterance representation computed by
RoBERTa (Liu et al., 2019) to the output of 3-E’s
utterance encoder. Equation 2 then becomes:

a∗i = cat(âi, si,RoBERTa(w1, . . . , wm)) (6)

We call the model with additional RoBERTa repre-
sentations 3-E-RoBERTa.

TOD-BERT Since there is a domain mismatch
between the text that RoBERTa is trained on and
our data, we further experiment with including a
model trained on task-oriented dialogue, called
TOD-BERT (Wu et al., 2020). TOD-BERT differ-
entiates between user utterances and system utter-
ances using two special tokens, [USR] and [SYS].
Correspondingly, we use the [USR] token to in-
dicate student utterances and the [SYS] token to
indicate teacher utterances. We then concatenate
a context of w utterances, marked by speaker to-
kens when there is a change in speaker, to obtain
ctod. Finally, we encode ctod using the pretrained
TOD-BERT model and concatenate it with the out-
put of the dialogue encoder and talk move encoder.
Equation 5 then becomes:

rt = cat(bt, dt,TOD-BERT(ctod)) (7)

We call this model 3-E-TOD-BERT. When pre-
trained sentence encoders are used, we use the re-
spective BPE (Sennrich et al., 2016) tokenizer for
each model.

4.2 Computing the Loss
We train all models using a cross-entropy loss.
However, we observe a strong class imbalance in
our training data, cf. Figure 2. Thus, we com-
pute label weights inversely proportional to the fre-
quency of a label’s occurrence in the data and use
them to weight the loss for each training example.
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5 Experiments

5.1 Dataset

For our experiments, we make use of the dataset
from Suresh et al. (2019). It consists of 216 anno-
tated transcripts of classroom discourse collected
in public schools in the US. The topic of instruction
is mathematics. The transcripts have been collected
from classes from kindergarten to grade 12 and are
all in English. Each row in the transcripts consists
of an utterance, the name of the speaker, and the
talk move realized by this utterance.

The annotations assign each teacher utterance to
one of the 6 APT talk moves described in Section
2. Utterances that do not fit into any talk move cat-
egory are coded as None. In addition, we designate
the teacher talk move corresponding to utterances
made by a student as Wait. This category is needed
as we eventually want to be able to detect when an
in-class NLP system should remain quiet. The orig-
inal annotations contain two additional categories
that we remove due to sparsity: Marking refers
to repeated utterances, and we merge it with the
Restating category. Some student utterances are
annotated as Context, which we merge with the
Wait category.

We create training, development and test data
from 70%, 15%, and 15% of the available docu-
ments, respectively. Thus, we have 151 documents
for training, and 32 documents for each of develop-
ment and testing. Our training set consists of over
63k utterances, and the distribution of talk moves
in the training set is shown in Figure 2.

Since 3-E’s utterance encoder operates on the
word level, we split each utterance into words using
the NLTK word tokenizer (Loper and Bird, 2002).

5.2 Baselines

We compare our model to three baselines.

Random Baseline (RB) This baseline randomly
selects one of the 8 talk moves for each input.

Talk Move Bigram Model (TMBM) For this
baseline, we compute the conditional probability
of every talk move in the training set, given the
talk move realized by the previous utterance. We
then pick the talk move with the highest conditional
probability.

Talk Moves Only (TM-only) We further train a
GRU model exclusively on the sequences of prior
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Figure 2: Distribution of talk moves in our training set.

talk moves, i.e., this baseline has no access to ac-
tual utterances. We implement two variants of this
baseline, one with class weights for training (TM-
only-w), and one without (TM-only-z).

5.3 Metrics
Since the classes in our dataset are highly imbal-
anced, we do not evaluate using accuracy. Instead,
we report precision, recall, and F1 score for all
models. We compute F1 for all 8 classes individu-
ally, and additionally calculate macro-average F1
as an overall score for our dataset.

5.4 Results
Table 2 shows the performance of our proposed
model 3-E as well as of 3-E-TOD-BERT, 3-E-
RoBERTa, and all baselines. Looking at the macro-
average F1 scores, we see that 3-E performs best
with an F1 of 29.84. 3-E-RoBERTa, with 27.62 F1,
performs worse; however, given that this model has
more parameters and includes a strong pretrained
component, this is an unexpected result.2

To reduce the domain mismatch between
RoBERTa’s training data and our classroom di-
alogue data, we substitute RoBERTa with TOD-
BERT, which is also trained on dialogue. We see
that, while 3-E-TOD-BERT performs better than
3-E-RoBERTa, 3-E still outperforms it. We also
observe that on most individual talk move classes,
3-E-TOD-BERT performs equal to or better than
3-E. However, it does poorly on a few classes that

2We further experiment with directly finetuning RoBERTa
on our task, but find its performance to be poor overall (around
17 F1). Hence, we do not report detailed results.
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Model Prec. Recall F1 None
F1

Wait
F1

Press
Acc.
F1

Keep
Together
F1

Revoicing
F1

Getting
Students
to Relate
F1

Restating
F1

Press
Rea-
soning
F1

3-E 35.67 30.38 29.84 72.72 75.70 24.25 13.31 20.27 3.25 18.45 10.77

3-E-ToD-BERT 31.10 28.92 28.51 73.05 77.67 25.18 13.81 18.89 0.00 17.92 1.53

3-E-RoBERTa 33.81 28.04 27.62 69.89 73.34 20.48 14.68 20.31 1.57 17.81 2.88

TM-only-w 28.95 22.66 20.40 72.14 52.75 13.19 1.94 21.04 0.68 0.00 1.45

TM-only-z 18.38 18.81 16.43 71.60 52.14 0.22 0.00 7.47 0.00 0.00 0.00

RB 12.25 11.74 8.50 15.50 19.82 10.52 2.93 2.28 2.81 11.58 2.57

Majority 6.46 12.50 8.52 68.16 0.00 0.00 0.00 0.00 0.00 0.00 0.00

TMBM 13.18 17.74 15.09 49.59 71.11 0.00 0.00 0.00 0.00 0.00 0.00

Annotator 1 37.57 29.29 24.50 31.46 42.55 15.69 18.18 29.51 5.13 53.52 0.00

Annotator 2 38.99 33.16 30.51 25.19 54.17 36.17 20.00 24.66 21.74 42.62 9.52

3-E 15.83 20.22 14.57 29.32 26.53 4.44 12.66 8.16 0 35.48 0.00

Table 3: Model and annotator performance on FTMP. Italics indicate results on a diagnostic test set of 300 examples
taken from the development set.

Label Prec. Recall F1

Macro average 43.76 42.65 42.44

None 68.30 77.76 72.72
Wait 71.48 80.45 75.70
Learning Community 29.59 14.10 19.10
Content Knowledge 27.86 21.47 24.25
Rigorous Thinking 21.56 19.44 20.45

Table 4: Performance of 3-E evaluated on facets.

are less prevalent in the data. We hypothesize that
small changes in the quality of the utterance rep-
resentations have negligible effect on our model,
since it gets a large amount of information from
the sequence of prior talk move labels. This hy-
pothesis is supported by the fact that all baselines
which only receive prior talk move labels as input,
i.e., TM-only-w, TM-only-z and TMBM, obtain
F1 scores of 20.40, 16.42, and 15.09, respectively.
All of them strongly outperform a random base-
line with an F1 of 8.50. Comparing 3-E to our
baselines, we see that our proposed model is in-
deed strong on FTMP: 3-E outperforms the best
baseline, TM-only-w, by 9.44 F1.

6 Analysis

6.1 FTMP on the Facet Level

In some cases, the distinctions between different
talk moves are subtle. For instance, both the Keep-
ing Everyone Together and Getting Students to Re-
late moves, which fall under the facet of account-

ability to the learning community, are made when
the teacher wants the students to actively listen and
respond to statements made in the classroom. To
understand how well the model can distinguish be-
tween different accountability facets, we evaluate
our best model, 3-E, on the facet level by binning
all predicted talk moves into their corresponding
facets for the computation of the F1 score.

In Table 4, we see that performance goes up
by 12.60 points in this setting, indicating that 3-E
is able to distinguish between labels at a coarse-
grained level, but struggles with fine-grained dis-
tinctions.

6.2 Window Size and Class Weights

We further investigate the effect of weighting the
loss as described in Section 4.2 and the influence
of different context window sizes. Full results on
the development set can be found in Table 6 in
the appendix, and we provide a summary of our
findings here.

Varying the window size leads to small changes
in F1. For smaller window sizes of 1 and 2, F1 is
slightly lower at 28.64 and 27.62. When the win-
dow size is increased to 5, F1 increases to 29.83.
However, when the window size is increased fur-
ther to 7, F1 drops slightly, to 29.05. We thus
choose a window size of 5 to train all our models,
and conclude that very large window sizes are not
beneficial. We hypothesize that this might be due
to the most relevant information for FTMP being
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1 2 3 4 5 6 7 8

1

2

3

4

5

6

7

8

28 5 3 0 0 0 1 0

18 13 5 0 0 1 0 0

22 10 5 0 0 1 0 0

22 9 6 0 0 1 0 0

9 4 6 0 11 3 4 0

15 5 5 0 9 2 1 0

21 6 5 0 4 1 1 0
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Figure 3: Confusion matrix on the diagnostic test set for 3-E (left) and our two annotators (middle and right). The
talk move labels in order are: None, Wait, Press for Accuracy, Keeping Everyone Together, Revoicing, Getting
Students to Relate, Restating, and Press for Reasoning.

Primary option: Annotators

Inter-annotator agreement 46%
Annotator 1–ground truth agreement 29%
Annotator 2–ground truth agreement 33%
Both Annotators–ground truth agreement 17%

Primary option: Model

Model–Annotator 1 agreement 48%
Model–Annotator 2 agreement 33%
Model–ground truth 20%

Acceptable options

Annotator 1’s primary accepted by Annotator 2 94%
Annotator 2’s primary accepted by Annotator 1 91%
Ground truth accepted by Annotator 1 72%
Ground truth accepted by Annotator 2 79%
Model predictions accepted by Annotator 1 90%
Model predictions accepted by Annotator 2 84%

Table 5: Percentage agreement between our annotators,
the ground truth, and the model’s predictions on the
diagnostic test set.

contained in the most recent dialogue history.
Further, class weighting during training in-

creases 3-E’s F1 score by 3, from 26.94 to 29.83.
We thus, conclude that class weights are important
to account for the label imbalance in our training
set. 3

6.3 Performance of Human Annotators

We further investigate (1) the difficulty of FTMP
for human annotators, (2) the effect of multiple
choices for the future talk move as opposed to a
single answer, and (3) how annotator decisions dif-
fer from 3-E’s predictions. While our gold standard

3We also experiment with downsampling the dominant
classes and find its performance to be comparable to class
weighting.

are actions of a teacher, who also represent human
performance, an FTMP annotator is different from
a teacher since the former is presented with the ex-
act same information as our model. In contrast, we
expect a teacher’s decisions to be informed by back-
ground knowledge about the students, knowledge
about the content being discussed, and multi-modal
information.

We recruit two annotators who have extensive
experience with linguistic annotation tasks, and are
familiar with talk moves. We present them with
a diagnostic test set of 300 examples from the de-
velopment set. Similar to the model input, each
example consists of the past 5 utterances, the cor-
responding talk moves, and speaker information.
Both annotators then provide (1) the most likely fu-
ture talk move, referred to as the ‘primary’ option,
and (2) a set of all acceptable future talk moves
given the conversation history. As with our mod-
eling setup, we consider the ground truth for the
primary option to be the talk move made by the
teacher in the classroom transcript. Each talk move
is equally distributed in the ground truth, with 37
examples each of talk moves None, Wait, Restating,
Revoicing, and 38 examples each of the other talk
moves.

Primary Option The last 3 rows in Table 3 show
the performance of our annotators’ primary option
and the model on the diagnostic test set. There is
a significant gap of 10 F1 and 15 F1 respectively
between the performance of the model and the two
annotators. However, there are similarities in the
class-wise breakdown. Both the annotators and the
model achieve a high F1 on the classes None, Wait,
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and Restating, and perform poorly on Press for
Reasoning and Getting Students to Relate. Press
for Reasoning, and Getting Students to Relate are
the least prevalent classes in the data. However,
the annotators’ performance on these talk moves
suggests that these classes are intrinsically more
difficult to predict based on conversational cues
alone. On the other hand, the model’s poor perfor-
mance on categories like Revoicing and Keeping
Everyone Together in comparison to the annotators
indicates that there is still room for improvement
for our model.

The similarities between the model’s predictions
and the annotators’ primary option is further illus-
trated by the confusion matrices in Figure 3. Both
the model as well as our annotators erroneously
predict None when the true label is another cat-
egory, both confuse Restating and Revoicing for
each other, and both erroneously predict Keeping
Everyone Together when the true category is Get-
ting Students to Relate or Press for Reasoning.

Acceptable Options Table 5 shows the percent-
age of responses for which the annotators agree
with each other, the ground truth, and the model’s
predictions. On average, both annotators provide
3 acceptable options in addition to the primary –
thus, roughly half the classes were viewed as ac-
ceptable for most examples. The impact of having
a set of acceptable options in addition to a single
correct option is evident here: while inter-annotator
agreement is only around 46% on the primary op-
tion alone, the primary option of each annotator
was one of the acceptable options by the other an-
notator in over 90% of the cases. Additionally,
while agreement between the ground truth and the
primary option is low with 29% and 33%, this in-
creases to 72% and 79% when additional options
are being considered.

Table 5 helps us contextualize our model’s per-
formance. Interestingly, the annotators agree with
the predictions made by the model more often than
they agree with the ground truth. This indicates
that the model might truly be grasping overall pat-
terns and cues from the training data, but probably
struggles with finer-grained distinctions between
the talk move classes. This is further substantiated
by our analysis of how often the model’s predic-
tions featured in the set of acceptable options for
each annotator. We find that the predictions were
acceptable in 90% and 84% of all instances respec-
tively for each annotator.

7 Conclusion

In this paper, we made use of the APT discourse
framework to take a first step towards a system that
can fill the role of a teacher in classroom discus-
sions. We introduced the task of FTMP, which con-
sists of predicting the next appropriate talk move
given an in-class dialogue context. We then pre-
sented 3-E, a model for the task, which outperforms
multiple baselines. Finally, we conducted an analy-
sis of human performance on FTMP, and compared
it to our model. Our results showed that, while
the task is challenging, our model produces accept-
able talk moves and can identify overall patterns,
indicated by similarities with human performance.
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olyn Penstein Rosé. 2014. Towards an agile ap-
proach to adapting dynamic collaboration support to
student needs. International Journal of Artificial In-
telligence in Education, 24(1):92–124.

Daniel Adiwardana, Minh-Thang Luong, David R. So,
Jamie Hall, Noah Fiedel, Romal Thoppilan, Zi Yang,
Apoorv Kulshreshtha, Gaurav Nemade, Yifeng Lu,
and Quoc V. Le. 2020. Towards a human-like open-
domain chatbot.

Ken Beatty. 2013. Teaching & researching: Computer-
assisted language learning. Routledge.

Beata Beigman Klebanov and Nitin Madnani. 2020.
Automated evaluation of writing – 50 years and
counting. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 7796–7810, Online. Association for Computa-
tional Linguistics.

Emily M Bender, Timnit Gebru, Angelina McMillan-
Major, and Shmargaret Shmitchell. 2021. On the
dangers of stochastic parrots: Can language models
be too big.

John D Bransford, Ann L Brown, and Rodney R Cock-
ing. 1999. How people learn: Brain, mind, experi-
ence, and school. National Academies Press.

Jill Burstein, Ekaterina Kochmar, Claudia Leacock,
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A Tuning of the Window Size

Configuration Prec. Recall F1 Acc.

No weighting,
window 5

32.31 25.67 26.94 63.44

Class weighting,
window 5

34.84 29.39 29.83 62.24

Class weighting,
window 1

31.17 29.18 28.64 62.61

Class weighting,
window 2

34.11 29.44 27.62 62.85

Class weighting,
window 3

29.83 29.29 29.09 58.07

Class weighting,
window 4

29.72 28.57 28.51 61.65

Class weighting,
window 6

32.55 30.56 28.95 63.76

Class weighting,
window 7

33.21 28.64 29.05 58.27

Table 6: Tuning experiments on the development set

B Training and Hyperparameters

3-E is implemented in PyTorch (Paszke et al.,
2019). For training, we use an Adam optimizer
(Kingma and Ba, 2014) with an initial learning rate
of 1e−4 and train for 30 epochs. The utterance en-
coder has an embedding size of 256, and a hidden
layer size of 512. The talk move encoder has an
embedding size of 32 and a hidden layer size of
64. The dialogue encoder has a hidden layer size of
1025. Finally, the feedforward layer uses a hidden
layer size of 32. We do not use pretrained word
embeddings in the 3-E model.

For the 3-E-RoBERTa model, we use the pre-
trained parameters of the Fairseq library’s imple-
mentation of RoBERTa (Ott et al., 2019), and use
representations with dimension 1024. For 3-E-
RoBERTa, we further add dropout with a prob-
ability of 0.4 in two places to avoid over-fitting: on
the layer where the two utterance representations
are concatenated (c.f. Equation 6), and the layer
where the utterance history and talk move history
are concatenated (c.f. Equation 5).

For 3-E-TOD-BERT, we use the pretrained
model provided by Wu et al. (2020) trained jointly
on masked language modeling and response con-
trastive loss. We additionally add a dropout of 0.2
at the layer where the utterance representation is

concatenated with talk move history (c.f. Equation
7).

The baseline models TM-only-w and TM-only-z
are trained for 30 epochs using the same hyperpa-
rameters, with a batch size of 256 and a learning
rate of 1e-4.
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Abstract

Capturing the salient information from an in-
put article has been a long-standing challenge
for summarization. On Wikipedia, most of the
wiki pages about people contain a factual ta-
ble that lists the basic properties of the peo-
ple. Illuminatingly, a factual table can be re-
garded as a natural summary of the key in-
formation in the corresponding article. Thus,
in this paper we propose the task of table-
guided abstractive biography summarization,
which utilizes factual tables to capture im-
portant information and then generate a sum-
mary of a biography. We first introduce the
TaGS (Table-Guided Summarization) dataset1,
the first large-scale biography summarization
dataset with tables. Next, we report some
statistics about this dataset to validate the qual-
ity of the dataset. We also benchmark sev-
eral commonly used summarization methods
on TaGS and hope this will inspire more excit-
ing methods.

1 Introduction

Text summarization generates a short text version
of a long passage which retains the most important
information. Recently, two kinds of approaches
have been proposed for automatic text summariza-
tion. One is extractive summarization (Nallapati
et al., 2017; Liu and Lapata, 2019), which directly
selects salient sentences from the passage to create
a summary. The other is abstractive summariza-
tion (See et al., 2017; Hsu et al., 2018a), which
aims to concisely paraphrase the input article. In
both methods, the summary should always focus
on important information, though a document may
include trivial facts.

∗Equal contribution. Ordering is decided by a coin flip.
†Corresponding Author: Dongyan Zhao

1https://github.com/gsh199449/
table-summ

To focus on the main information when gen-
erating summaries, some researchers propose to
incorporate manifold information to improve the
performance. Narayan et al. (2017) proposed to
incorporate the figures and Gao et al. (2019b) in-
vestigated the using of reader comments for more
effective summarization. As another type of side
information, factual tables provide a natural sum-
mary of the biography document. On Wikipedia,
in each wiki page about people, there is a factual
table (infobox) on the right side of the page sum-
marizing the main properties. Clearly, infobox is
helpful for capturing the salient information during
summarizing the biography. However, no existing
work takes advantage of tables, though are widely
available in the biography on Wikipedia.

In this paper, we propose Table-Guided Summa-
rization (TaGS) dataset, the first large-scale biog-
raphy summarization dataset with tables. And we
report some statistics and three important charac-
teristics of this dataset to verify its quality. The
first one is it has the weak lead bias that makes it
suitable for training both abstractive and extractive
summarization methods. The second one is it has
strong abstractness that is helpful for generating
a more condensed summary. The most important
characteristic is that the summary of the biography
is guided by a table which contains the most salient
facts described in the biography.

To verify the quality of this dataset, we employ
some commonly used state-of-the-art summariza-
tion methods to conduct experiments on our pro-
posed dataset. From these experimental results,
we can see that the methods which simply incor-
porate the table information outperform the meth-
ods which do not use the table information. That
demonstrates the effectiveness of incorporating ta-
ble guidance when generating summaries of docu-
ments which have a factual table in it.

Our contributions are summarized as follows:

4752



(a) TaGS (b) XSUM (c) Reddit (d) Newsroom (e) CNN/DailyMail

Figure 1: Relative locations of bigrams of ground truth summaries in the source text across different datasets.

• To the best of our knowledge, we are the first
to use factual tables to guide the summarization
procedure so as to generate better summaries.
•We release a large-scale abstractive biography

summarization dataset with tables. Experiments
conducted on this dataset demonstrate the effective-
ness of incorporating table information in generat-
ing summaries.

2 Related Work

2.1 Text Summarization

Text summarization is an important task which
can be classified into extractive and abstractive
approaches. Extractive summarization (Narayan
et al., 2018b; Chen et al., 2018; Jadhav and Ra-
jan, 2018) tends to generate a summary by inte-
grating the most salient sentences in the document.
Cheng and Lapata (2016) first propose using re-
current neural network (RNN) to extract salient
sentences. After that researchers explore many the
neural based method (Nallapati et al., 2017; Liu and
Lapata, 2019; Chen et al., 2018; Zhang et al., 2018;
Zhou et al., 2018; Liu et al., 2019), and achieve
the state-of-the-art performance (Liu and Lapata,
2019) on the benchmark dataset CNN/DailyMail.
In the mean time, the Nallapati et al. (2016) firstly
apply this text generation method to the abstractive
summarization task and Gehrmann et al. (2018)
achieve the state-of-the-art performance by using a
data-efficient content selector.

2.2 Summarization with Side Information

Traditional text summarization methods only use
the document as input. However, the gist of the
document may lie in side information, such as the
title, image captions, or comments which are often
available for news-wire articles. As such, various
studies (Gao et al., 2020; Hu et al., 2008) have
tried to use such information for more efficient and
accurate summarization. However, to the best of
our knowledge, no existing works consider the use
of tables to guide biography summarization.

3 TaGS Dataset

Our dataset, named Table-Guide Summarization
(TaGS), consists of over 500,000 document-
summary pairs, along with their corresponding fac-
tual tables collected from Wikipedia. Concretely,
following Chen et al. (2019), we use the leading
paragraphs before the content outline as the sum-
mary, and following paragraphs as the document.
The infobox in the right part of the webpage is
extracted as the guided table.

Some key statistics of the factual table are de-
scribed below. 7.31% of words from a document
and 29.41% of words from a summary are included
in a factual table. The average number of fields
in a table is 12.89, and there are 46.83 words in
a table in average. We show some detailed statis-
tics of document-summary pairs in TaGS and com-
pare them with other popular text summarization
datasets in Table 1. We next discuss some abstrac-
tive characteristics of TaGS compared to existing
summarization datasets.

Weak Lead Bias. Lead bias means that di-
rectly using the leading sentences of a document
can produce a good performance in terms of the
summarization evaluation metric ROUGE (Lin,
2004). This is a common problem in text sum-
marization datasets, which mostly occurs in news-
based documents. Figure 1 plots the density his-
tograms for the relative locations of words from
the ground truth summary in the input document.
In the CNN/DailyMail and Newsroom datasets,
the words are highly concentrated at the leading
parts of the input document. In contrast, our TaGS
dataset shows more uniform distributions across
words in the document. This characteristic can
be also found from the LEAD score shown in Ta-
ble 2, where LEAD is a baseline method that se-
lects the first few sentences in the input document
as the summary. A high LEAD score implicitly
indicates a strong lead bias. From Table 2, we
find that TaGS has a much lower LEAD score than
the CNN/DailyMail and Newsroom datasets, and
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(a) TaGS (b) XSUM (c) Reddit (d) Newsroom (e) CNN/DailyMail

Figure 2: Density estimation of extractive diversity scores. Large variability along the y-axis suggests variation
in the average length of source sequences present in the summary, while x-axis shows variability in the average
length of extractive fragments to which summary words belong.

Table 1: Comparison of summarization datasets with respect to corpus size, average document (source) and sum-
mary (target) length (in terms of words and sentences) on both source and target.

Datasets # docs (train/val/test)
avg. document length avg. summary length
words sentences words sentences

CNN/DailyMail (Hermann et al., 2015) 287,227/13,368/11,490 810.57 39.78 56.20 3.68
XSum (Narayan et al., 2018a) 204,045/11,332/11,334 431.07 19.77 23.26 1.00
Reddit (Kim et al., 2019) 79,949 342.00 18.02 9.33 1.03
Newsroom (Grusky et al., 2018) 995,041/108,837/108,862 658.60 31.43 26.70 1.42
TaGS 487,889/5,000/5,000 226.13 7.81 49.25 1.88

thus prevents the model from directly learning the
salient information by locational bias.

Strong Abstractness. Table 2 reports the per-
centage of novel n-grams in the ground truth sum-
mary that do not appear in the input document.
The result shows that our dataset comprises of
43.38% novel unigrams in the summary, 122.46%
higher than the commonly-used benchmark dataset
CNN/DailyMail. This indicates that summaries
in TaGS are more abstractive. Besides, other two
metrics, density and coverage, proposed by Grusky
et al. (2018), are commonly used when evaluat-
ing the summarization dataset (Kim et al., 2019;
Grusky et al., 2018). We plot the distributions of
these two metrics in Figure 2, where small density
and coverage reflects the summary has strong ab-
stractness. The result shows that TaGS is similar to
XSUM and Reddit in terms of density and cover-
age, and these datasets all have strong abstractness.
PG/LEAD in Table 2 is the ROUGE-L ratios

of PG to LEAD, which quantifies the difficulty
for extractive methods and the suitability for ab-
stractive methods. CNN/DailyMail and Newsroom
achieve low PG/LEAD scores, demonstrating that
these datasets are more suitable for extractive based
model. On the contrary, XSUM and TaGS have
high PG/LEAD, showing that TaGS is potentially
an excellent benchmark for evaluation of abstrac-
tive summarization systems.

Table Guided. The intrinsic difference between

TaGS and other datasets lies in that each document-
summary pair in TaGS is associated with a factual
table. We judge whether the table is good guidance
from two aspects: (1) word-level overlap percent-
age and (2) sentence-level mapping relation be-
tween document and table. From the word-level as-
pect, 7.31% words in the document are included in
the table; from the sentence-level aspect, we found
that 99.86% of document sentences have words in
common with the factual table. This demonstrates
that the table captures the majority of facts in the
document. Thus, it is safe to conclude that the
tables in TaGS can be utilized as a good guidance.

4 Experimental Setup

4.1 Comparison Methods

To evaluate the effectiveness of incorporating ta-
ble, we conduct experiments using the follow-
ing baselines: (1) LEAD3: selects the first three
sentences of a document as the summary. (2)
S2S: is the traditional sequence-to-sequence frame-
work in (Sutskever et al., 2014) which has been
used in many text generation tasks (Gao et al.,
2019c, 2021; Chan et al., 2019a, 2020, 2019b). (3)
PG: combines S2S with copy mechanism in See
et al. (2017). (4) Unified: proposed by Hsu
et al. (2018b), combines the strength of extrac-
tive and abstractive summarization. (5) Trans-
former: is solely based on attention mechanism
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Table 2: Corpus bias towards extractive methods in datasets. We show the proportion of novel n-grams in gold
summaries. We also report ROUGE scores for the LEAD baseline and the abstractive summarization method PG.
Results are computed on the test set.

Datasets
% of novel n-grams in gold summary LEAD PG PG/LEAD

unigram bigrams trigrams 4-grams R1 R2 RL R1 R2 RL Ratio (R-L)
CNN/DM 19.50 56.88 74.41 82.83 39.60 17.70 36.20 36.4 15.7 33.4 0.92x
XSum 35.76 83.45 95.50 98.49 16.30 1.61 11.95 29.7 9.2 23.2 1.93x
Reddit 48.97 84.42 94.66 97.82 3.40 0.00 3.30 19.0 3.7 15.1 5.59x
Newsroom 19.53 48.39 59.38 64.06 30.50 21.30 28.40 14.7 2.2 10.3 0.92x
TaGS 43.38 84.30 94.09 97.11 23.10 4.80 19.57 29.3 11.2 27.9 1.43x

proposed in Vaswani et al. (2017). (6) CopyTrans-
former: is a state-of-the-art generative summariza-
tion model (Gehrmann et al., 2018), which com-
bines the Transformer with copy mechanism.
(7) TabWords: just concatenates all the words in
table as the summary.

Additionally, we select two best baselines,
Unified and CopyTransformer, concatenat-
ing the original input document with tables as input,
denoted as (9) Unified+T and (10) CopyTrans-
former+T, to determine whether the improvement
of TGSG simply arises from the table information.

4.2 Evaluation Metrics

For evaluation metrics, we adopt the ROUGE
scores (Lin, 2004) which is widely applied for sum-
marization evaluation (Sun et al., 2018; Chen et al.,
2018; Gao et al., 2019a). The ROUGE metrics
compare the generated summary with the reference
summary by computing overlapping lexical units,
and include ROUGE-1, ROUGE-2 and ROUGE-L.

5 Experimental Results

We first examine the performance of these base-
lines, as shown in Table 3. Firstly, among
models without table information, Unified
achieves the highest performance. PG and
CopyTransformer achieve the second best per-
formance. Secondly, tables are indeed helpful for
the summarization process. For models with ad-
ditional table information, the ROUGE-1 score
of Unified+T and CopyTransformer+T im-
proves by 4.22 and 14.3, respectively. This obser-
vation demonstrates that factual tables can help
the summarization model to capture the main
idea of the table by emphasizing the key facts
in the document. However, the performance
of TabWords is much lower than Unified+T
and CopyTransformer+T, which demonstrates

Table 3: ROUGE scores comparison between baselines
and TGSG. All our ROUGE scores have a 95% con-
fidence interval of at most ±0.23 as reported by the
official ROUGE script.

ROUGE-1 ROUGE-2 ROUGE-L

w/o table information
LEAD3 23.10 4.80 19.57
S2S 26.31 10.07 25.13
PG 29.33 11.24 27.91
Unified 32.23 13.29 29.36
Transformer 27.67 14.87 27.02
CopyTransformer 29.17 16.15 28.43

with table information
TabWords 30.43 12.58 23.73
Unified+T 36.45 15.80 32.93
CopyTransformer+T 43.47 29.14 42.49

only using the information from table is not suffi-
cient for generating a good summary.

6 Conclusion

In this paper, we proposed to use factual tables to
guide biography summarization. To demonstrate
the effectiveness of incorporating table information
in generating biography summaries, we developed
the first large-scale abstractive biography summa-
rization dataset with tables. We employ several
state-of-the-art summarization methods, and adapt
these methods to table guided biography summa-
rization task. These methods outperformed other
summarization methods in terms of ROUGE which
only use the document as input and ignore the table
guidance.
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Abstract

Simultaneous machine translation (SIMT) in-
volves translating source utterances to the tar-
get language in real-time before the speaker
utterance completes. This paper proposes the
multilingual approach to SIMT, where a sin-
gle model simultaneously translates between
multiple language-pairs. This not only results
in more efficiency in terms of the number of
models and parameters (hence simpler deploy-
ment), but may also lead to higher performing
models by capturing commonalities among the
languages. We further explore simple and ef-
fective multilingual architectures based on two
strong recently proposed SIMT models. Our
results on translating from two Germanic lan-
guages (German, Dutch) and three Romance
languages (French, Italian, Romanian) into En-
glish show (i) the single multilingual model is
on-par or better than individual models, and
(ii) multilingual SIMT models trained based
on language families are on-par or better than
the universal model trained for all languages.1

1 Introduction

Simultaneous translation is the task of incremen-
tally generating the translation while the source
utterance is gradually spoken. It is crucial in multi-
national meetings, e.g., in business and politics,
where the online simultaneous translation is re-
quired for one or multiple language-pairs. Simulta-
neous machine translation (SIMT) is an attempt to
address the challenges of this translation scenario,
i.e., trading off the translation quality and its la-
tency (Cho and Esipova, 2016; Arivazhagan et al.,
2019, 2020; Firat et al., 2016b).

In this paper, we investigate the multilingual
SIMT setting, where a single model simultane-
ously translates between multiple language-pairs.

1Star (*) marks a shared first authorship between Philip
and Dongwon, where both contributed equally. This work was
done when Philip was a research fellow at Monash University.

This not only results in more efficiency in terms
of the number of models and parameters (hence
simpler deployment), but may also lead to higher
performing models by capturing commonalities
among the languages. The multilingual setting has
been successful for the standard offline neural ma-
chine translation (NMT) and studied extensively
(Johnson et al., 2017; Tan et al., 2019; Aharoni
et al., 2019).

We explore simple and effective multilingual ar-
chitectures based on two strong recently proposed
SIMT models, i.e. the WAIT-K (Dalvi et al., 2018)
and COUPLED POLICY (Arthur et al., 2020). The
former waits to read a fixed number of k input
tokens; afterward, it writes (generates) an output
token for each newly received input token. The
latter learns a policy, via an agent, for an adaptive
waiting between reading and writing to reduce the
translation delay while maintaining the quality.

COUPLED POLICY uses the adaptive waiting,
generated from offline word alignments. It contin-
ues to read the source tokens until the correspond-
ing word alignment to the target token appears.

Under these underlying SIMT models, we ex-
plore multi-task learning (MTL) framework, full
and partial parameter sharing protocols across the
languages with language indicators.

Our experiments show the effectiveness of the
simple strategy of sharing all the SIMT compo-
nents across the languages, with language tags spec-
ifying the translation task. The results on translat-
ing from two Germanic languages (German, Dutch)
and three Romance languages (French, Italian, Ro-
manian) into English show the single multilingual
model is on-par or better than individual models.
Furthermore, the results show that multilingual
SIMT models trained based on language families
are on-par or better than the universal model trained
for all languages.
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Algorithm 1 Training Multilingual NPI-SIMT

Require: D: Collections of parallel corpora with
oracle actions.

1: while a stopping condition is not met do
2: for Di ∈ D do
3: F,E is a language pair of Di.
4: for (x,y,a) ∈ Di do
5: θF,EA ← MLE(a, θF,EA )
6: θFE , θ

E
D ← MLE(x,y, θFE , θ

E
D)

7: end for
8: end for
9: end while

2 Multilingual Simultaneous Translation

The original neural programmer-interpreter (NPI)-
SIMT framework (Arthur et al., 2020) employs
a trainable programmer θprog and interpreter θintp.
The programmer/agent issues read/write com-
mands to control the interpreter, i.e. the NMT
model. The interpreter is constructed using an en-
coder θE and a decoder θD. Each component is
trained on triplet 〈x, y, a〉 where x is the source
sentence, y is the target sentence, and a is the pro-
gram oracle using behavioral cloning (Torabi et al.,
2019). For notation clarity we rename the program-
mer into θA, resulting triplet of trainable modules
θA, θE , θD.

Language-Specific Parameters We further ex-
tend this framework by distilling a parameter, spe-
cific to language θlx, where x is a specific module
and l is a specific language. This language-specific
parameter is similar to Firat et al. (2016a); Dong
et al. (2015); Ahmadnia and Dorr (2020) where
parameters are separated based on the source and
target languages. In the case of SIMT, the pro-
gram a is affected by both languages. This frame-
work enables us to use multiple parallel corpora Di
and train a language specific module using maxi-
mum likelihood estimation by updating particular
θlx based on Di. The training algorithm for our
NPI-SIMT is shown in Algorithm 1.

Multilingual Parameter Sharing Multilingual
parameter sharing is achieved by using only a sin-
gle module for language-specific parameter θ∗x. De-
pending on the module, we can disregard source
(F ) or target (E) completely. This allows us to
share the parameter across different parallel cor-
pora. However, the embedding matrix in different
Di can be different because of various tokenization

and vocabulary construction methods. To remedy
this, we can either train joint vocabulary spaces for
source and target sides, or simply joining different
spaces using union operation. Herein, we use the
latter method.

Language Indicator Embedding When the in-
terpreter is shared, it is difficult to communicate
which pairs of languages are being processed. To
deliver this, we pass the source and target language
embedding information to the encoder and decoder,
respectively. This information is then combined
using addition operation with the word embedding.
In the programmer, we use a concatenation of both
source and target languages.

Batch of Multilingual Instances Algorithm 1
outlines the overall training procedure of multilin-
gual SIMT. Here, it is crucial to construct a batch
as a mixture of many language pairs to achieve
good multilingual training. We also need to in-
clude the information of the source language to
create language indicator embedding. If a module
is language-agnostic, it will be responsible for con-
suming all the input; otherwise, language-specific
modules will be used to process the specific item
in the batch according to its language. Results
from different languages will be aggregated using
concatenation at the end.

3 Experiments

Our experiment aims to investigate the effects of
multilingualism in SIMT architecture. To achieve
this we first choose the language pairs from (1)
the same family group and (2) mixing them all.
This is enabled by investigating various parameter
sharing strategies for the components of the SIMT
architectures.

Datasets. We use IWSLT 2017 (Cettolo et al.,
2017) datasets for all parallel corpora in which
all translating to English. The choice was made
due to its characteristics of spoken multilingual
corpora from TED. We choose the Germanic lan-
guage group, German (DE) and Dutch (NL), and
the Romance language group, Italian (IT), French
(FR), and Romanian (RO). The languages within
the same group generally have high syntactic simi-
larity and the same word order. Unless otherwise
specified, we use the same settings and preprocess-
ing as described in Arthur et al. (2020).2

2In our preliminary experiment, the pre-processing under
concatenation of multilingual corpora with larger vocabulary
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SIMT Systems We compared two SIMT base-
lines, COUPLED POLICY (Arthur et al., 2020)
and the WAIT-K model (Ma et al., 2018). For
a fair comparison, we choose a value of k, which
achieves comparable translation quality to the COU-
PLED POLICY system. Following some initial ex-
periments, we choose k = 2.

Parameter Sharing Since our model deals with
the many-to-one translation task with an agent, we
decided to separate i) encoder, ii) agent, and iii)
encoder + agent. This idea came from the per-
formance improvements that a number of studies
demonstrated by separating the decoder in offline
one-to-many MT (Dong et al., 2015; Sachan and
Neubig, 2018). In SIMT, two modules, encoder
and agent, are tied to the source, and therefore,
reasonable to have them as language-specific pa-
rameters.

Evaluation. Following Arthur et al. (2020), we
evaluate the systems based on their translation qual-
ity and delay. Translation quality can be measured
by case sensitive BLEU (Papineni et al., 2002).
3 We adopt two delay measurements by previous
studies: (1) average proportion (AP) (Cho and Es-
ipova, 2016) is a fraction of reading source words
per emitted target words, and (2) average lagging
(AL) (Ma et al., 2019) is an average number of
lagged source words until all inputs are read.

3.1 Results

In this section, we will describe the results of
parameter sharing in SIMT. Following that, we
present the comparison of multilingualism under
different language groups.

Parameter Sharing Strategies. Table 1
presents the results of various parameter sharing
strategies for FR/IT/RO in the Romance language
family. When sharing all parameters across these
three languages, WAIT-2 has a slight increase in
delay, but the translation quality is comparable
to or better than bilingual. In contrast, the best
parameter sharing setting for COUPLE POLICY is
to have language-specific encoders and share the
rest of the parameters. This appears to have a clear
advantage in both quality and delay; the BLEU
score increases up to 0.8 units, with a reduction

size does not impact performance.
3Calculated using sacrebleu (Post, 2018).

BLEU+case.mixed+numrefs.1+smooth.exp+tok.13a+
version.1.4.4 is our sacreblue’s signature

FR→EN IT→EN RO→EN Model
θE θD θA AL BLEU AL BLEU AL BLEU Size

WAIT-2
× × − 2.22 23.40 2.73 24.77 2.55 24.34 158.7M
× X − 2.32 23.54 2.77 24.75 2.68 24.43 88.2M
X X − 2.35 23.76 2.77 25.24 2.72 24.10 84.1M

COUPLED POLICY

× × × 1.48 26.90 1.00 22.62 1.02 22.82 166.9M
× X × 1.53 24.82 0.90 21.13 1.09 20.60 96.4M
× X X 1.37 27.45 0.92 23.40 1.01 23.35 90.9M
X X × 1.44 27.36 0.99 23.13 1.16 23.00 92.4M
X X X 1.38 27.34 0.89 23.32 1.02 22.63 86.9M

Table 1: Parameter sharing under Romance language
family: French, Italian, Romanian. X and × indicate
shared and not sharing components in the MTL archi-
tecture.

in AL, approximately 10% in FR and IT. In both
architectures, the model size reduces drastically
when trained on multilingual setting, and remains
approximately the same across different sharing
strategies. These results are consistent for DE/NL
in the Germanic language family. Full results are
included in the supplementary material.

Multilingual Modelling Strategies. Table 2
shows the overall performance comparison of the
multilingual setting. Multilingualism in SIMT ev-
idently surpasses the bilingual baseline in transla-
tion delay, quality, and/or model size. Generally,
SIMT trained on the same language family out-
performs not only the bilingual baselines, but also
the universal multilingual model. In the Germanic
language, training under the same language group
boosts up the BLEU up to 1 unit. Although baseline
in WAIT-2 has a shorter delay, COUPLED POLICY

surpasses both quality and delay. We observe that
when the model runs universally, the BLEU score
reaches back to or lower than that of the bilingual
model.

On the other hand, the Romance language fam-
ily has slightly different behavior across different
SIMT models. COUPLED POLICY behaves simi-
larly, where training SIMT under the same group
positively influences the performance, but in WAIT-
2, the universal model excels the best. This is
particularly interesting because the Romance lan-
guage family has the same word order as English,
which WAIT-2 would be a perfect fit for such trans-
lation between two languages with the same word
order. However, it is not the case, so mixing all the
languages regardless of word order under WAIT-2
improves translation quality more while preserving
the delay.
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DE→EN NL→EN FR→EN IT→EN RO→EN
AP AL BLEU AP AL BLEU AP AL BLEU AP AL BLEU AP AL BLEU Model Size

WAIT-2
Bilingual 0.62 2.54 22.99 0.63 2.39 28.33 0.60 2.22 23.40 0.63 2.73 24.77 0.63 2.55 24.34 264.5M
Germanic 0.62 2.56 23.86 0.63 2.50 28.44 − − − − − − − − − 68.5M
Romance − − − − − − 0.61 2.35 23.76 0.64 2.77 25.24 0.63 2.72 24.10 84.1M
Universal 0.62 2.55 23.04 0.63 2.44 27.43 0.60 2.21 24.40 0.63 2.58 25.09 0.63 2.54 24.63 115.4M

COUPLED POLICY
Bilingual 0.56 1.55 21.33 0.56 1.35 26.63 0.55 1.48 26.90 0.53 1.00 22.62 0.54 1.02 22.82 278.2M
Germanic 0.56 1.47 22.33 0.55 1.26 27.25 − − − − − − − − − 73.3M
Romance − − − − − − 0.55 1.37 27.45 0.53 0.92 23.40 0.54 1.01 23.35 90.9M
Universal 0.56 1.57 21.33 0.55 1.24 26.03 0.55 1.37 27.27 0.54 0.97 23.17 0.54 1.04 22.44 118.2M

Table 2: Multilingual results for WAIT-2 and COUPLED POLICY under Bilingual, Universal, and the same lan-
guage family (Germanic and Romance). Fully shared architecture is selected for Universal model while the same
language group model has language-specific parameters for encoder. The last column indicates model parameter
size, where bilingual row adds up the model size of all the language pairs, i.e. 55.646M× 5 ≈ 278.2M.

Under the same SIMT model, COUPLED POL-
ICY has better performance when trained in the
same language group. Also, the model size de-
creases 40% compared to the bilingual baseline,
where the same language family has a total of
164.2M parameters and the bilingual has a total of
278.2M parameters. WAIT-2 seems to have slightly
arguable results, where DE and NL have the high-
est BLEU when trained language-family-wise, but
the Romance language family benefits the most
from universally trained in all languages. Also, one
should note that a lower delay in WAIT-K under the
same k value does not mean outputting the target
sentence faster: (1) Because of the nature of WAIT-
K, the model follows the fixed READ and WRITE
actions, and (2) the formulation of AL accounts for
not only the lagging of translation but also the num-
ber of tokens produced as output and taken as input.
Therefore, a lower AL indicates the changes in the
probability of producing the end of the sentence.
This will generate a shorter target sentence and/or
stop the translation without fully observing the in-
put, which impacts the delay. Nevertheless, under
WAIT-2, the translation quality improves, and the
model size decreases with multilingualism.

3.2 Discussion

The setting for parameter sharing in this experiment
is inspired from the observation that the multilin-
gual NMT can benefit from separating encoder and
decoder parameters (Dong et al., 2015; Sachan and
Neubig, 2018; Ahmadnia and Dorr, 2020). The
motivation from Dong et al. (2015); Sachan and
Neubig (2018) is that separating decoder parame-
ters in one-to-many setting is beneficial because of
the difficulty of one-to-many translation task. Our

problem is SIMT where not only mapping from
the source language to the target language is im-
portant, but also learning when to map is equally
important. Hence, our assumption was that due to
the difficulty of many-to-one SIMT task, assign-
ing the encoder and the agent to language-specific
would help the performance. Under WAIT-K, en-
coding the representation of the source language
separately does not seem to benefit. However, Ta-
ble 2 shows multilingual setting surpasses bilingual.
This would be similar to the traditional NMT, that
the model generalize the translation tasks across
different languages and leverages the correlation
across the source languages.

COUPLED POLICY is more complex architec-
ture than WAIT-K as it also needs to learn the op-
timal policy from an oracle trajectory. However,
this takes more advantages when trained on the
same language family. Since its oracle is generated
from offline word alignments between the source
language and the target language, its mechanism
of read/write is dependent on the word order and
language properties. Our results in Table 2 also sup-
ports this as the model trained on the same language
family surpasses both bilingual baselines and uni-
versal model. The interesting observation here is
that, unlike WAIT-K, a separated encoder takes ad-
vantages more than fully shared architecture while
separating both encoder and agent significantly de-
grades the performance in BLEU. This suggests
that the language-specific encoder can form the
representation of the source languages better than
the shared one, but if the agent is separated together,
the model struggles mapping from the source lan-
guage to the target language. This reflects why sep-
arated encoder and agent in COUPLED POLICY has
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a BLEU decay while AL is not affected as signifi-
cant. Therefore, because COUPLED POLICY takes
advantages of the same word order from its oracle
trajectory, its shared agent can capture the general
representation of the same word order better while
the language-specific encoder can help the agent
by only focusing on encoding the representation of
each source language.

4 Related Work

Simultaneous Machine Translation SIMT has
been explored as a sequential decision-making
translation problem. NPI architecture is employed
to 1) choose whether to take more input token or
produce output token using agent programmer and
2) translate partially observed input tokens to out-
put using neural machine translation (NMT) inter-
preter (Satija and Pineau, 2016; Gu et al., 2016).
The initial approaches were mainly training the
agent using reinforcement learning with assigned
rewards to balance the trade-off between transla-
tion quality and delay (Gu et al., 2016; Satija and
Pineau, 2016; Alinejad et al., 2018). However, it
has stability and robustness issues due to the sparse
reward signals, so imitation learning using oracle
actions has been independently attempted (Zheng
et al., 2019; Arthur et al., 2020; Dalvi et al., 2018).

Multilingual Machine Translation In NMT,
multilingual training is a popular MTL approach as
it is very simple, but effective (Johnson et al., 2017;
Sachan and Neubig, 2018; Dong et al., 2015; Dabre
et al., 2020). Instead of choosing entirely different
NLP tasks and increase complexity of implemen-
tation (Niehues and Cho, 2017; Zaremoodi and
Haffari, 2018), multilingual setting only involves
concatenating multiple bilingual language pairs for
training (Johnson et al., 2017). The language pairs
are the task space in MTL, which determines the
performance of the model, and so, the selection of
language pairs influences the overall performance
of translation (Tan et al., 2019).

Parameter sharing in multilingual setting has
also been extensively studied. Dong et al. (2015)
initially had language-specific decoder under one-
to-many translation. This was further extended
to sharing decoder parameters partially (Sachan
and Neubig, 2018). Ahmadnia and Dorr (2020)
investigated hierarchically sharing parameters un-
der the similarity between languages. This simple
parameter sharing has shown to restrict sharing
dissimilarity, improving translation quality of all

the languages (Johnson et al., 2017; Sachan and
Neubig, 2018; Cettolo et al., 2017).

5 Conclusions

In this paper, we have investigated multilingual
SIMT using IWSLT 2017 datasets. We have ex-
plored simple and effective multilingual architec-
tures based on two strong recently proposed SIMT
models, namely WAIT-K and COUPLED POLICY.
Experiments show that the best parameter sharing
strategy for the WAIT-K model, when dealing with
DE/NL (as Germanic languages) and RO/IT/FR (as
Romance languages), is to share all SIMT com-
ponents across the languages regardless of the lan-
guage set. However, the best sharing strategy seems
to depend on the language family when it comes
to COUPLED POLICY. Under the best parameter
sharing strategy, our results have shown that (i)
the single multilingual model is on-par or better
than individual models, and (ii) multilingual SIMT
models trained based on language families are on-
par or better than the universal model trained for all
languages. Furthermore, (iii) COUPLED POLICY

takes the advantages of the same word order, so it
achieves the best performance with the language-
specific encoder and training under the same lan-
guage family

For the future work, we plan to extend this to a
larger dataset. Aharoni et al. (2019) demonstrated
the scales of parallel corpora draw different conclu-
sions in multilingual NMT. To maintain the charac-
teristics of spoken languages, translation datasets
must be selected carefully. Secondly, we will inves-
tigate different language families, including Slavic
languages and Austronesian languages. The con-
sistent results in different families would make the
claim in this paper more valid.
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A Appendices

SIMT Architecture We used a single layer long
short term memory (LSTM) SEQ2SEQ as the inter-
preter for both SIMT models. The programmer is
an LSTM transducer with a binary softmax to gen-
erate a read or write action for COUPLED POLICY.
WAIT-K followed the fixed oracle actions under
k = 2 without the programmer. We used sched-
uled sampling of 5%, 15%, and 15% for training
the NPI-SIMT framework as described in Arthur
et al. (2020).

Training is done using Adam (Kingma and Ba,
2015) with initial learning rate 0.001, and halved it
each time when perplexity increased on the devel-
opment set. Early stopping is reached at the fourth
learning rate. During testing we use a standard
beam search algorithm similar to Gu et al. (2016)
with b = 5. Training is done using single V-100

GPU for 6 hours for one source language. Multilin-
gual experiments time scale linearly to the numbers
of parallel corpora being used for the experiment.
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DE→EN NL→EN
θE θD θA AP AL BLEU AP AL BLEU

WAIT-2
× × − 0.62 2.54 22.99 0.63 2.39 28.33
× X − 0.63 2.67 23.04 0.63 2.51 28.16
X X − 0.62 2.56 23.86 0.63 2.50 28.44

COUPLED POLICY

× × × 0.56 1.55 21.33 0.56 1.35 26.63
× X × 0.56 1.66 21.61 0.55 1.32 25.65
× X X 0.56 1.47 22.33 0.55 1.26 27.25
X X × 0.56 1.68 21.21 0.55 1.28 25.63
X X X 0.56 1.49 21.69 0.56 1.31 26.22

Table 3: Parameter sharing under Germanic language family: German, Dutch. X and × indicate shared and not
sharing components in the MTL architecture.

FR→EN IT→EN RO→EN
θE θD θA AP AL BLEU AP AL BLEU AP AL BLEU

WAIT-2
× × − 0.60 2.22 23.40 0.63 2.73 24.77 0.63 2.55 24.34
× X − 0.61 2.32 23.54 0.64 2.77 24.75 0.63 2.68 24.43
X X − 0.61 2.35 23.76 0.64 2.77 25.24 0.63 2.72 24.10

COUPLED POLICY

× × × 0.55 1.48 26.90 0.53 1.00 22.62 0.54 1.02 22.82
× X × 0.55 1.53 24.82 0.53 0.90 21.13 0.54 1.09 20.60
× X X 0.55 1.37 27.45 0.53 0.92 23.40 0.54 1.01 23.35
X X × 0.55 1.44 27.36 0.53 0.99 23.13 0.54 1.16 23.00
X X X 0.55 1.38 27.34 0.53 0.89 23.32 0.54 1.02 22.63

Table 4: Parameter sharing under Romance language family: French, Italian, Romanian. X and × indicate shared
and not sharing components in the MTL architecture.

DE→EN FR→EN IT→EN NL→EN RO→EN
θE θD θA AP AL BLEU AP AL BLEU AP AL BLEU AP AL BLEU AP AL BLEU

WAIT-2
× × − 0.62 2.54 22.99 0.60 2.22 23.40 0.63 2.73 24.77 0.63 2.39 28.33 0.63 2.55 24.34
× X − 0.62 2.59 22.85 0.60 2.22 24.04 0.63 2.60 25.91 0.63 2.48 27.96 0.63 2.54 24.47
X X − 0.62 2.55 23.04 0.60 2.21 24.40 0.63 2.58 25.09 0.63 2.44 27.43 0.63 2.54 24.63

COUPLED POLICY

× × × 0.56 1.55 21.33 0.55 1.48 26.90 0.53 1.00 22.62 0.56 1.35 26.63 0.54 1.02 22.82
× X × 0.57 1.76 19.54 0.55 1.45 27.04 0.54 1.04 22.29 0.56 1.36 24.50 0.54 1.09 22.34
× X X 0.55 1.29 19.95 0.55 1.33 25.50 0.53 0.92 21.73 0.56 1.29 24.89 0.54 1.05 21.72
X X × 0.56 1.67 21.11 0.55 1.42 26.92 0.53 0.99 22.36 0.56 1.37 25.31 0.54 1.09 22.68
X X X 0.56 1.57 21.33 0.55 1.37 27.27 0.54 0.97 23.17 0.55 1.24 26.03 0.54 1.04 22.44

Table 5: Parameter sharing under all language families: German, French, Italian, Dutch, Romanian. X and ×
indicate shared and not sharing components in the MTL architecture.
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Model Name Model Size
model.src embedder.0.0.weight torch.Size([32004, 512])
model.trg embedder.1.0.weight torch.Size([32004, 512])
model.encoder.0.weight ih l0 torch.Size([2048, 512])
model.encoder.0.weight hh l0 torch.Size([2048, 512])
model.encoder.0.bias ih l0 torch.Size([2048])
model.encoder.0.bias hh l0 torch.Size([2048])
model.decoder.1.weight ih l0 torch.Size([2048, 1024])
model.decoder.1.weight hh l0 torch.Size([2048, 512])
model.decoder.1.bias ih l0 torch.Size([2048])
model.decoder.1.bias hh l0 torch.Size([2048])
model.attention.1.src projector.weight torch.Size([512, 512])
model.attention.1.trg projector.weight torch.Size([512, 512])
model.attention.1.inner projector.1.weight torch.Size([1, 512])
model.context projector.1.weight torch.Size([512, 1024])
model.context projector.1.bias torch.Size([512])
model.output projector.1.weight torch.Size([32004, 512])
model.output projector.1.bias torch.Size([32004])
agent.action embedder.0.weight torch.Size([6, 512])
agent.input projector.0.weight torch.Size([512, 1536])
agent.input projector.0.bias torch.Size([512])
agent.rnn.0.weight ih l0 torch.Size([2048, 512])
agent.rnn.0.weight hh l0 torch.Size([2048, 512])
agent.rnn.0.bias ih l0 torch.Size([2048])
agent.rnn.0.bias hh l0 torch.Size([2048])
agent.output projector.0.weight torch.Size([6, 512])
agent.output projector.0.bias torch.Size([6])

Table 6: The details of parameters in COUPLED POLICY baseline. WAIT-K has no agent parameters and multilin-
gual models has additional components in model.encoder or agent and an increase in the first dimension of
model.src embedder by the number of languages, e.g., torch.Size([32004, 512]) for bilingual base-
line to torch.Size([64004, 512]) for Germanic family. Total number of parameters for encoder, agent,
attention, decoder, input embedding, output embedding and action embedding are 2.0M, 2.8M, 512.5K, 19.1M,
15.6M, 15.6M and 2.0K, respectively.
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Abstract

Supervised learning methods have proven to
be effective for Aspect-Based Sentiment Anal-
ysis (ABSA). However, the lack of fine-
grained labeled data hinders their effective-
ness in many domains. To address this is-
sue, unsupervised domain adaptation methods
are desired to transfer knowledge from a la-
beled source domain to any unlabeled target
domain. In this paper, we propose a new do-
main adaptation paradigm called cross-domain
review generation (CDRG), which aims to gen-
erate target-domain reviews with fine-grained
annotation based on the source-domain la-
beled reviews. To achieve this goal, we pro-
pose a two-step approach as a concrete real-
ization of CDRG. It first converts a source-
domain review to a domain-independent re-
view by masking its source-specific attributes,
and then converts the domain-independent re-
view to a target-domain review with a masked
language model pre-trained in the target do-
main. We further propose two ways to lever-
age the generated target-domain reviews for
two cross-domain ABSA tasks. Extensive ex-
periments demonstrate the superiority of our
CDRG-based approaches over the state-of-the-
art domain adaptation methods.

1 Introduction

Aspect-Based Sentiment Analysis (ABSA) has re-
ceived considerable attention in recent years (Liu,
2020). The goal of ABSA is to extract the aspect
terms mentioned in review sentences and predict
the sentiments over them (Pontiki et al., 2016). For
example, given the review “The fish soup is deli-
cious”, the aspect term and its sentiment are fish
soup and Positive, respectively. With the recent
advances in deep learning, many supervised neural
models have been proposed for several ABSA tasks,
e.g., aspect extraction (Liu et al., 2015; Xu et al.,

∗Corresponding author.

2018), aspect-level sentiment classification (Wang
et al., 2016b; Tang et al., 2016), and End-to-End
ABSA (Zhang et al., 2015; Li et al., 2019a).

Although these neural models have obtained
promising results in several product domains such
as Laptop and Restaurant (Pontiki et al., 2014),
the major obstacle to them is the lack of rich an-
notated resources in many new domains. Since
ABSA requires fine-grained annotation of aspect
terms and their sentiments in each review, it is ex-
tremely time-consuming to develop such resources
for each domain, and the annotation process can be
prohibitively expensive. To alleviate the annotation
efforts, unsupervised domain adaptation methods
are desired to transfer knowledge from a source
domain with rich labeled data to a target domain
with only unlabeled data.

The key challenge of domain adaptation is that
the data distribution of the source domain usually
differs from that of the target domain. To allevi-
ate the domain discrepancy, many approaches have
been proposed in coarse-grained sentiment clas-
sification based on the following two paradigms:

• feature-based adaptation, which aims to aims
to learn a domain-invariant feature representa-
tion across domains (Blitzer et al., 2007; Glorot
et al., 2011; Yu and Jiang, 2017; Ziser and Re-
ichart, 2018; Ghosal et al., 2020)

• instance-based adaptation, which focuses on
re-weighting labeled instances in the source
domain for use in the target domain (Mansour
et al., 2008; Dredze et al., 2010).

However, due to the challenges in fine-grained
adaptation, only a few studies explore the domain
adaptation problem for ABSA (Ding et al., 2017;
Wang and Pan, 2018; Li et al., 2019b; Gong et al.,
2020). Moreover, these studies still follow the
above two domain adaptation paradigms, which
suffer from two common limitations: (1) although
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The [Macbook]Positive is lightweight , but the [battery]Negative never held a charge longer than 1 hour !

The [fish soup]Positive is delicious , but the [sushi]Negative never tastes as good as before ! 
Target Domain

RESTAURANT

Source Domain

LAPTOP

Cross-Domain Review Generation
with fine-grained annotation

Figure 1: Cross-Domain Review Generation with applications to the End-to-End ABSA task, in which the goal is
to generate a target-domain review with fine-grained annotation given a labeled review in the source domain.

they can reduce the domain discrepancy by learn-
ing shared representations or re-weighting source
instances, the supervision signals for their main
task solely come from the labeled source domain;
(2) both of them are lack of interpretability, as
the shared representations or re-weighted instances
offer little transparency regarding the knowledge
transferred to the target domain.

To address the two limitations, we propose a
new domain adaptation paradigm named Cross-
Domain Review Generation (CDRG) with appli-
cations to the ABSA task. Given a labeled re-
view in the source domain, the goal is to gener-
ate a target-domain review with fine-grained an-
notation, which converts the domain-specific at-
tributes (e.g., aspects, opinions, and collocations)
to the target domain while preserving its anno-
tation and remaining contents. For example, in
Fig. 1, a labeled review from the Laptop domain
is transferred to the Restaurant domain by convert-
ing its source-specific attributes to target-specific
attributes (e.g., Macbook to fish soup, lightweight
to delicious, etc) but keeping other words and the
labels unchanged. Different from existing text gen-
eration tasks, CDRG is challenging due to a cou-
ple of reasons. First, there is no paralleled corpus
which aligns labeled source-domain reviews and
unlabeled target-domain reviews. Second, given
unparalleled corpus, it is non-trivial to achieve
alignments between the domain-specific attributes.
More importantly, the generated target review is
required to have the fine-grained annotation.

To achieve this goal, we propose a simple yet
effective two-step approach, containing a domain
generalization step and a domain specification step.
Specifically, the domain generalization step first
identifies important domain-specific attributes1,

1Domain-specific attributes can be words, phrases, syn-
tactic structures, and expression styles only occurring in the
source domain or the target domain. However, as aspect and
opinion terms are the core of ABSA, we only consider domain-
specific aspect and opinion terms in our approach.

and then mask source-specific attributes in each
source review to obtain a domain-independent re-
view. Next, given the domain-independent review
as input, the domain specification step employs a
pre-trained masked language model from the target
domain to generate a target review. In our two-step
approach, the domain-independent review serves
as a bridge to achieve word-to-word alignments in
source and target reviews, and thus the fine-grained
annotation from the source review can be directly
transferred to the target review.

We further propose two training strategies to
leverage the generated target-domain reviews for
two cross-domain ABSA tasks, including cross-
domain End-to-End ABSA (E2E-ABSA) and as-
pect extraction (AE). Experiment results on four
benchmark datasets show that only using our gen-
erated target-domain reviews, the baseline BERT
model already outperforms the state-of-the-art do-
main adaptation methods, and a joint usage of gen-
erated target reviews and labeled source reviews
can further boost the performance significantly.

Our main contributions can be summarized as
follows:

• We propose a new domain adaptation paradigm
named Cross-Domain Review Generation
(CDRG) with applications to the ABSA task,
and then devise a simple yet effective two-step
approach as a concrete realization of CDRG.

• With the help of generated target-domain re-
views, our best training strategy outperforms
the state-of-the-art method by an absolute im-
provement of 2.83% and 4.47% on Micro-F1
for cross-domain E2E-ABSA and cross-domain
AE, respectively.

• As long as a source domain has sufficient anno-
tated reviews, our two-step approach for CDRG
can generate many annotated target reviews,
which offer interpretable justification for do-
main adaptation.
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2 Related Work

As two important tasks in ABSA, aspect extrac-
tion (Liu et al., 2015; Poria et al., 2016; Wang et al.,
2016a, 2017; Li et al., 2018a; Xu et al., 2018) and
aspect-level sentiment classification (Dong et al.,
2014; Tang et al., 2016; Wang et al., 2016b; Yang
et al., 2017; Ma et al., 2017; Wang et al., 2018)
have been extensively studied in the literature. For
practical applications, a number of recent studies
handle them together in an end-to-end manner, in
which many supervised learning methods with dis-
crete linear features (Mitchell et al., 2013) and
continuous neural features (Zhang et al., 2015; Li
et al., 2019a) have been proposed. Despite obtain-
ing promising results, their main limitation lies in
the lack of annotated data in many new domains.
To address this data sparsity problem, unsupervised
domain adaptation methods are desired.

Most existing domain adaptation studies focus
on coarse-grained sentiment classification to learn
domain-invariant representations, including pivot-
based methods (Blitzer et al., 2007; Pan et al., 2010;
Yu and Jiang, 2016), auto-encoders (Chen et al.,
2012; Zhuang et al., 2015), semi-supervised meth-
ods (He et al., 2018; Ye et al., 2020), and domain
adversarial networks (Ganin et al., 2016; Li et al.,
2018b). Besides, another line of work focuses on
re-weighting source instances to automatically find
useful source samples for the target domain (Jiang
and Zhai, 2007; Mansour et al., 2008; Dredze et al.,
2010; Xia et al., 2014). Due to the challenges
in fine-grained adaptation, there exist only a few
studies for cross-domain aspect and opinion ex-
traction (Li et al., 2012; Ding et al., 2017; Wang
and Pan, 2018), or End-to-End ABSA (Li et al.,
2019b; Gong et al., 2020). However, these meth-
ods still follow the traditional domain adaptation
paradigms to either learn shared representations or
perform instance weighting. Different from these
methods, we propose to accomplish domain adap-
tation for ABSA based on Cross-Domain Review
Generation.

3 Problem Formulation

In this paper, we consider two ABSA tasks, i.e.,
End-to-End ABSA (E2E-ABSA) and Aspect Ex-
traction (AE). Following Li et al. (2019b), we for-
mulate both tasks as sequence labeling problems.
Formally, given a sequence of input tokens x =
{w1, w2, ..., wn}, its label sequence is denoted by
y = {y1, y2, ..., yn}. Let yj ∈ {B-POS, I-POS,

B-NEG, I-NEG, B-NEU, I-NEU, O} be the label
space for the E2E-ABSA task, and yj ∈ {B, I, O}
be the label space for the AE task.
Cross-Domain ABSA. We focus on the unsu-
pervised domain adaptation setting, in which la-
beled data are only available from the source do-
main. Specifically, we assume access to a set of
labeled reviews from the source domain DS =
{(xsi ,ysi )}N

s

i=1, and another set of unlabeled re-
views from the target domain DU = {xui }N

u

i=1. The
goal is to predict the label sequence for test data in
the target domain: yti = ft(x

t
i), DT = {xti}N

t

i=1.

4 Methodology

Overview. In this work, we propose a new do-
main adaptation paradigm named Cross-Domain
Review Generation (CDRG). The goal is to trans-
form a labeled source review to a labeled target
review by converting its source-specific attributes
to target-specific attributes while retaining the re-
maining contents and its labels. To achieve this
goal, we propose a simple yet effective two-step
approach, as shown in Fig. 2. In the domain gener-
alization step, we first extract the domain-specific
attributes from the labeled source data and the un-
labeled target data. For each labeled source review,
we mask its source-specific attributes to obtain a
domain-independent review. In the domain spec-
ification step, a pre-trained BERT model is first
re-trained with masked language modeling (MLM)
on the unlabeled data from the target domain. Next,
given the domain-independent review, we employ
the target-domain MLM to generate a target re-
view. As the domain-independent review serves
as a bridge to achieve word-to-word alignments
between the source and generated target reviews,
the source labels can be directly transferred to the
target review. Finally, we propose two strategies
to leverage labeled target reviews for E2E-ABSA
and AE tasks, including independent training and
merge training.

4.1 Proposed Two-Step Approach for CDRG

Our proposed approach for CDRG consists of
two steps: (1) a domain generalization step to
convert each source-domain review to a domain-
independent review; (2) a domain specification step
to convert a domain-independent review to a target-
domain review.

4769



D
om

ai
n 

G
en

er
al

iz
at

io
n

re-rank over joint 
word probability

D
om

ai
n 

Sp
ec

ifi
ca

tio
n

fish soup tasteless

Domain-Specific Attribute Extraction

The windows system is dead

Labeled Source-Domain Review

The [MASK] [MASK] is [MASK]
Domain-Independent Sentence

The fish soup is tasteless

Generated Target-Domain Review

fish soup: 0.06
ice cream: 0.02
wine list: 0.011
…

Aspect Constraint

tasteless: 0.3
inedible: 0.2
oily: 0.1
...

Opinion Constraint

The [MASK] [MASK] is [MASK]

vocabulary 
constraints

Target-Domain Masked Language Model

Unlabeled Target Domain
RESTAURANT

------
---------
-----------
-------
--------
-------------

opinions

as
pe

cts

Target-Specific 
Attributes 

sushi
Indian food
fish soup
fried clam rolls
…

flavorful
yummy
tasteless
inedible
…

Source-Specific 
Attributes Labeled Source Domain

LAPTOP

------
---------
-----------
-------
--------
-------------

as
pe

cts

opinions

clear
portable
dead           
unclear       
…

keyboard
Mac OS
screen resolution
windows system
…

O B-NEG I-NEG O O

O B-NEG I-NEG O O

+
+
-
-

+
+
-
-

Figure 2: Overview of our two-step approach for Cross-Domain Review Generation, which contains a domain
generalization step and a domain specification step. Note that we use Double Propagation to extract all the opinion
terms together with their sentiments, and +, -, and 0 denote Positive, Negative, and Neutral sentiments, respectively.

4.1.1 Step 1: Domain Generalization
To convert each source-domain review to a domain-
independent review, we first extract the domain-
specific attributes from each domain, and then mask
the source-specific attributes in source reviews.
Domain-Specific Attribute Extraction. We de-
fine domain-specific attributes as words, phrases,
syntactic structures, and expression styles that only
occur in the source domain or the target domain.
However, it is often challenging to identify some at-
tributes such as syntactic structures and expression
styles, as most of them are implicitly expressed in
the review. More importantly, since ABSA aims
to jointly extract the aspects and sentiments, as-
pect and opinion terms tend to play more crucial
roles than the other attributes. Therefore, we only
consider domain-specific aspect terms and opinion
terms as domain-specific attributes in this paper.

To extract aspect and opinion terms from the
unlabeled target domain, we use a dependency
relation-based unsupervised method named Double
Propagation (Qiu et al., 2011). Specifically, given
the unlabeled target reviews DU , we first resort to
a sentiment lexicon2 to extract the opinion terms in
DU , and use the conj relation to expand the opinion
term list. Next, we employ these opinion terms as
seed words, and extract all the words holding the
amod and nsubj relations towards any seed word.

2https://www.cs.uic.edu/∼liub/FBS/sentiment-
analysis.html#lexicon

We then treat the extracted words as aspect terms3,
and use the nn relation to expand the aspect term
list. The above three steps can be iterated until the
aspect and opinion term lists are no longer updated.

Given the labeled source reviews DS , we can
easily obtain the aspect term list, as the aspect terms
have been annotated in each review for both E2E-
ABSA and AE tasks. For opinion terms, we also
utilize Double Propagation to expand its list.

After obtaining the aspect and opinion term
lists for each domain, we remove all the domain-
independent terms that occur in both source and tar-
get domains, and obtain the domain-specific term
lists. Let us use As and Os to denote the source-
specific aspect and opinion term lists, and At and
Ot the target-specific aspect and opinion term lists.
Domain-Independent Reviews. Given each re-
view in the source domain xs = {w1, w2, ..., wn},
if its sub-sequence is a source-specific attribute in
either As or Os, we substitute each word in the
sub-sequence with a special token [MASK] to ob-
tain a domain-independent review, denoted by xm.
For example, in Fig 2, the source-specific aspect
term windows system and opinion term dead are
replaced by two [MASK] tokens and one [MASK]
token, respectively.

3Since Double Propagation can only extract single-word
aspect terms, we further expand them to multi-word aspect
terms if their previous words have an amod or nn relation
towards them (e.g., Italianamod−→food, fish nn−→soup, etc).
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4.1.2 Step 2: Domain Specification
The domain specification step is responsible for
incorporating target-specific attributes into each
domain-independent review xm. In our work, we
propose to transform it as a text infilling problem.
To address this, we pre-train a Transformer network
with the masked language modeling (MLM; Devlin
et al. (2019)) task on unlabeled data in the target
domain, followed by predicting a target-specific
word for each masked token in xm.
Target-Domain MLM. Since the size of the un-
labeled target-domain data DU is typically small,
we adopt a pre-trained BERT model (Devlin et al.,
2019) and re-train the BERT model with MLM
on DU . Specifically, we create training instances
by randomly replacing a subset of tokens with
[MASK] in each unlabeled review xu, and the ob-
jective is to recover the masked tokens based on
the hidden states from BERT.

With the target-domain MLM (TD-MLM), we
can infill each masked position in xm based on
their context. Let us use M = {m1,m2, ...,mK}
to denote the indexes of the masked tokens in xm,
where K refers to the number of masked tokens.
The predicted word for the j-th masked token can
be computed as follows:

p(wmj |xm) = TD-MLM(wmj |xm);

omj = argmax
wmj

p(wmj |xm), wmj ∈ V, (1)

where V denotes the whole vocabulary, and omj is
the output word with the highest probability.

However, the TD-MLM suffers from two major
limitations: (1) the predicted token with the high-
est probability in Eqn. (1) may not be an aspect
term or an opinion term; (2) each masked token is
predicted independently, and thus it is possible that
the predicted tokens for two consecutive masked
positions are not coherent.
Target-Specific Aspect Constraint. To tackle
these two limitations, we first propose to utilize
the target-specific aspect terms (i.e., At) extracted
in Section 4.1.1 as vocabulary constraints to limit
the prediction space of each masked aspect term.

Specifically, if the masked aspect term corre-
sponds to a single-word term in the source review
(e.g., keyboard), the word selection in Eqn. (1) can
be modified as follows:

omj = argmax
wmj

p(wmj |xm), wmj ∈ A1
t , (2)

where A1
t refers to the sets of single-word aspect

terms in At. Otherwise, if the masked aspect term

corresponds to a multi-word term, we compute the
joint word probabilities of each multi-word term in
At followed by re-ranking them. Let us use k to
denote the number of consecutive masked tokens,
andmj:j+k to denote the span of the masked aspect
term. The word selection for k consecutive masked
tokens can thus be computed as follows:

p(wmj:j+k |xm) =

j+k−1∏

i=j

p(wmi |xm);

omj:j+k = argmax
wmj:j+k

p(wmj:j+k |xm), (3)

where wmj:j+k ∈ Akt , and Akt refers to the sets of
k-word aspect terms in At.
Target-Specific Opinion Constraint. For each
masked opinion term, it is important to keep the
sentiment consistency when predicting its corre-
sponding target-specific opinion term.

To achieve this, we resort to the Double Prop-
agation algorithm, which relies on the sentiment
lexicon to assign sentiment (i.e., Positive, Negative,
and Neutral) to each aspect term and opinion term
in a bootstrapping manner. Based on the output,
we obtain the sentiment of all the source-specific
and target-specific opinion terms (i.e., Os and Ot)
extracted in Section 4.1.1.

Next, we look up the sentiment of the masked
source-specific opinion term, and then utilize all
the target-specific opinion terms with the same sen-
timent in Ot as vocabulary constraints in Eqn. (2)
and Eqn. (3) to generate the target-specific opin-
ion terms. For example, in Fig 2, since dead is a
source-specific negative opinion term, we use all
the single-word target-specific opinion terms with
the negative sentiment as vocabulary constraints in
Eqn. (2) to generate the opinion term tasteless.
Generated Target-Domain Reviews. Based on
Eqn. (2) and Eqn. (3), we can infill the masked po-
sitions in each domain-independent review xm, and
obtain the generated target-domain review, denoted
by xg. It is worth noting that if a source-domain
review xs does not contain any source-specific at-
tributes, its generated target-domain review xg will
be the same as xs.

With the domain-independent review xm, our
two-step approach essentially achieves word-to-
word alignments between xs and xg. Therefore,
we can directly employ the sequence label of xs as
the fine-grained annotation of xg. Fig. 2 shows a
label transferring example for the E2E-ABSA task.

Formally, we useDG = {(xgi ,ysi )}N
s

i=1 to denote
the set of the generated target-domain reviews.
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Dataset Domain Sentences Training Testing

L Laptop 3845 3045 800
R Restaurant 6035 3877 2158
D Device 3836 2557 1279
S Service 2239 1492 747

Table 1: Basic statistics of our datasets.

4.2 Post-Generation Training for Main Tasks

After obtaining the set of generated target-domain
reviews DG, we further propose two strategies to
leverage them to train effective E2E-ABSA and AE
models for the target domain as follows.
Independent Training. An intuitive strategy is to
solely treat DG as training instances, and directly
train a sequence labeling model over them. Follow-
ing Gong et al. (2020), we adopt the pre-trained
BERT model as the text encoder, followed by fune-
tuning it on DG.
Merge Training. Since the qualities of the gen-
erated target-domain reviews rely on the target-
domain MLM as well as the aspect and opinion
terms extracted by Double Propagation, it is in-
evitable that DG contains a number of aspect and
opinion terms with incorrect annotations. There-
fore, we propose to merge the labeled source re-
views DS with DG as the training instances, which
may alleviate the annotation noise in DG. Similar
to Independent Training, a BERT-based sequence
labeling model is trained over the merged corpus
DS ∪DG.

5 Experiment

5.1 Experiment Settings

Datasets. We use four benchmark datasets includ-
ing Laptop (L), Restaurant (R), Device (D), and
Service (S) for experiments. L is from SemEval-
2014 ABSA challenge (Pontiki et al., 2014), con-
taining user reviews from the laptop domain. R
refers to a combination of the restaurant datasets
from SemEval ABSA challenge 2014, 2015, and
2016 (Pontiki et al., 2014, 2015, 2016). D is the
union set of all the digital device reviews collected
by Toprak et al. (2010). S contains reviews from
web services, which is introduced by Hu and Liu
(2004). The basic statistics are shown in Table 1.
Settings. We carry out experiments on 10 transfer
pairs with the four domains above. Following pre-
vious work (Li et al., 2019b; Gong et al., 2020),
we remove D→L and L→D, as the two domains
are very similar. For each transfer pair, the training

data is a combination of the labeled training data
in the source domain and the unlabeled training
data in the target domain. We report the evaluation
results on the test data from the target domain. For
fair comparison with previous work, we use the
Micro-F1 score with the exact match as the evalua-
tion metric, which means that the predicted labels
can be counted as correct only if they are exactly
matched with the golden labels.

5.2 Compared Systems & Hyperparameters
To show the effectiveness of our Cross-Domain
Review Generation (CDRG)-based methods, we
consider the following compared systems:

• DP (Qiu et al., 2011): the unsupervised Double
Propagation method detailed in Section 4.1.1.

• Hier-Joint (Ding et al., 2017): An LSTM-based
domain adaptation method with syntactic rule-
based auxiliary tasks for cross-domain AE.

• RNSCN (Wang and Pan, 2018): A recursive
neural structural correspondence network based
on syntactic structures and auto-encoders.

• AD-SAL (Li et al., 2019b): A Selective Adver-
sarial Learning method to achieve local seman-
tic alignments for fine-grained domain adapta-
tion.

• BERTB and BERTE: directly fine-tuning two
versions of pre-trained encoders on the la-
beled source domain. BERTB is the uncased
BERTbase model from Devlin et al. (2019), and
BERTE is another uncased BERTbase model
from Xu et al. (2019), which is pre-trained on
E-commerce reviews from the Amazon Elec-
tronics dataset (He and McAuley, 2016) and
the Yelp Challenge.

• BERTB-UDA and BERTE-UDA (Gong et al.,
2020): our recent unified feature and instance-
based domain adaptation method based on
BERTB and BERTE, respectively.

Besides, we consider the following variants of our
CDRG-based domain adaptation methods:

• BERTB-CDRG-X: re-training BERTB with the
MLM task to obtain the Target-Domain MLM
in Section 4.1.2, and employing BERTB as the
base model for the two training strategies in
Section 4.2. Here X can be independent train-
ing and merge training.

• BERTE-CDRG-X: replacing the BERTB model
in BERTB-CDRG-X with BERTE.
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Methods S→R L→R D→R R→S L→S D→S R→L S→L R→D S→D Average

DP (Qiu et al., 2011) 34.47 34.47 34.47 18.31 18.31 18.31 16.63 16.63 19.03 19.03 22.97
Hier-Joint (Ding et al., 2017) 31.10 33.54 32.87 15.56 13.90 19.04 20.72 22.65 24.53 23.24 23.72
RNSCN (Wang and Pan, 2018) 33.21 35.65 34.60 20.04 16.59 20.03 26.63 18.87 33.26 22.00 26.09
AD-SAL (Li et al., 2019b) 41.03 43.04 41.01 28.01 27.20 26.62 34.13 27.04 35.44 33.56 33.71

BERTB 44.66 40.38 40.32 19.48 25.78 30.31 31.44 30.47 27.55 33.96 32.44
BERTB-UDA (Gong et al., 2020) 47.09 45.46 42.68 33.12 27.89 28.03 33.68 34.77 34.93 32.10 35.98
BERTB-CDRG-Indep Training 44.46 44.96 39.42 34.10 33.97 31.08 33.59 26.81 25.25 29.06 34.27
BERTB-CDRG-Merge Training 47.92 49.79 47.64 35.14 38.14 37.22 38.68 33.69 27.46 34.08 38.98

BERTE 51.34 45.40 42.62 24.44 23.28 28.18 39.72 35.04 33.22 33.22 35.65
BERTE-UDA (Gong et al., 2020) 53.97 49.52 51.84 30.67 27.78 34.41 43.95 35.76 40.35 38.05 40.63
BERTE-CDRG-Indep Training 51.01 54.56 54.33 42.52 39.28 36.98 40.23 33.41 30.56 32.05 41.49
BERTE-CDRG-Merge Training 53.09 57.96 54.39 40.85 42.96 38.83 45.66 35.06 31.62 34.22 43.46

Table 2: Comparison results of different methods for Cross-Domain End-to-End ABSA based on Micro-F1.

Methods S→R L→R D→R R→S L→S D→S R→L S→L R→D S→D Average

DP (Qiu et al., 2011) 37.63 37.63 37.63 19.74 19.74 19.74 19.79 19.79 21.82 21.82 25.53
Hier-Joint (Ding et al., 2017) 46.39 48.61 42.96 27.18 25.22 29.28 34.11 33.02 34.81 35.00 35.66
RNSCN (Wang and Pan, 2018) 48.89 52.19 50.39 30.41 31.21 35.50 47.23 34.03 46.16 32.41 40.84
AD-SAL (Li et al., 2019b) 52.05 56.12 51.55 39.02 38.26 36.11 45.01 35.99 43.76 41.21 43.91

BERTB 54.29 46.74 44.63 22.31 30.66 33.33 37.02 36.88 32.03 38.06 37.60
BERTB-UDA (Gong et al., 2020) 56.08 51.91 50.54 34.62 32.49 34.52 46.87 43.98 40.34 38.36 42.97
BERTB-CDRG-Indep Training 53.79 55.13 50.07 41.74 44.14 37.1 40.18 33.22 30.78 34.97 42.11
BERTB-CDRG-Merge Training 56.26 60.03 52.71 42.36 47.08 41.85 46.65 39.51 32.60 36.97 45.60

BERTE 57.56 50.42 45.71 26.50 25.96 30.40 44.18 41.78 35.98 35.13 39.36
BERTE-UDA (Gong et al., 2020) 59.07 55.24 56.40 34.21 30.68 38.25 54.00 44.25 42.40 40.83 45.53
BERTE-CDRG-Indep Training 58.75 65.81 59.61 50.68 51.25 40.17 49.17 41.61 33.34 36.97 48.74
BERTE-CDRG-Merge Training 59.17 68.62 58.85 47.61 54.29 42.20 55.56 41.77 35.43 36.53 50.00

Table 3: Comparison results of different methods for Cross-Domain Aspect Extraction based on Micro-F1.

For re-training the MLM task in our two-step
approach for CDRG, we employ the Adam opti-
mizer (Kingma and Ba, 2014) with a batch size of
32 and a learning rate of 3e-5. For the two training
strategies in Section 4.2, we also adopt the Adam
optimizer, in which the learning rate, the dropout
rate and the batch size are set to 5e-5, 0.1, 32 af-
ter a grid search over the combinations of [2e-5,
8e-5], [0.1, 0.3] and {16, 32, 64}. These hyper-
parameters are tuned on 10% randomly held-out
training data from the source domain. All the ex-
periments are run on a Nvidia GTX 1080 Ti GPU.

5.3 Main Results for Cross-Domain ABSA

We report the comparison results on the cross-
domain E2E-ABSA task in Table 2, and make
the following observations: (1) Comparing Indep
Training with all the baseline methods, we can
see that solely fine-tuning BERTE on our gener-
ated target-domain reviews can already outperform
all the existing domain adaptation approaches on
average, including our recent unified feature and
instance-based adaptation (UDA) method. This
demonstrates the usefulness of our CDRG-based
approach. (2) By merging the generated target-
domain reviews with the labeled source reviews,
our Merge Training strategy further boosts the aver-
age performance of Indep Training, which outper-

forms the state-of-the-art UDA approach by an ab-
solute improvement of 3.00% and 2.83% based on
BERTB and BERTE respectively. All these obser-
vations verify the superiority of our CDRG-based
approach over the previous feature and instance-
based adaptation methods.

Similar to the results on cross-domain E2E-
ABSA, Table 3 shows that our Indep Training strat-
egy obtains indistinguishable performance com-
pared with the state-of-the-art method UDA based
on BERTB, and achieves significantly better perfor-
mance than UDA based on BERTE. Moreover, our
Merge Training strategy can consistently achieve
the best average performance on the cross-domain
AE task, which outperforms UDA by an abso-
lute improvement of 2.63% and 4.47% based on
BERTB and BERTE respectively. This demon-
strates the general effectiveness of our CDRG-
based domain adaptation methods.

5.4 Ablation Study of Our Two-Step
Approach for CDRG

To investigate the effectiveness of our two-step ap-
proach for CDRG, we conduct the ablation study
of our target-domain masked language model with
constraints (TD-MLM-C) approach, and consider
the following variants: (1) BERTE: The pre-trained
BERTE model without re-training MLM on the un-
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Source Domain: Laptop→Target Domain: Restaurant

Source Review 1. The [screen graphics]P and [clarity]P, and [sharp ##ness]P are great. 2. The [battery life]P is great.

Target Review from BERTE The [laptop,]7
P and [sound]7

P , and [the ##s]7
P are great. The [touch screen]7

P is great.
Target Review from TD-MLM The [food,]7

P and [service]7
P , and [the prices]7

P are great. The [su here]7
P is great.

Target Review from TD-MLM-C The [pizza ##s]3
P and [atmosphere]3

P , and [service staff]3
P are great. The [su ##shi]3

P is great.

Source Domain: Restaurant→ Target Domain: Laptop

Source Review 3. The [food]P is [flavor ##ful], [pl ##ent ##iful] and reasonably priced. 4. [Pizza]P is terrific, as is [homemade pasta]P.

Target Review from BERTE The [food]7
P is [flavor ##ful]7, [st ##ten ,]7 and reasonably priced. [It]7

P is terrific, as is [the price]7
P .

Target Review from TD-MLM The [keyboard]3
P is [joy ##ful]3, [easy ##yl ,]7 and reasonably priced. [It]7

P is terrific, as is [the screen]7
P .

Target Review from TD-MLM-C The [keyboard]3
P is [joy ##ful]3, [st ##yl ##ish]3 and reasonably priced. [Speed]3

P is terrific, as is [windows os]3
P .

Table 4: Example target-domain reviews generated from BERTE, TD-MLM, and TD-MLM-C. 3 and 7 indicate
that the generated target-specific attributes are correct or incorrect. P and N denote the positive and negative
sentiment. The blue and red colors refer to the domain-specific aspect terms and opinion terms, respectively. ##
denotes that the original word is split into several sub-tokens by the tokenizer of BERT.

Src&Tgt BERTE&Tgt TD-MLM&Tgt TD-MLM-C&Tgt

S→R 0.3496 0.2411 0.1621 0.1477
L→R 0.3155 0.2978 0.2456 0.2072
D→R 0.3504 0.3178 0.2109 0.1650
R→S 0.3330 0.2977 0.2516 0.1654
L→S 0.1966 0.1945 0.1742 0.1518
D→S 0.1804 0.1628 0.1167 0.0941
R→L 0.3135 0.2563 0.1589 0.1080
S→L 0.2767 0.1652 0.1554 0.1763
R→D 0.3476 0.2954 0.2026 0.1433
S→D 0.1765 0.0929 0.0727 0.0788

Average 0.2840 0.2322 0.1751 0.1438

Table 5: Maximum Mean Discrepancy (lower is better)
between the target-domain test set and the review set
generated from BERTE, TD-MLM, and TD-MLM-C.

labeled target data; (2) TD-MLM: re-training the
BERTE model with MLM on the unlabeled tar-
get data; (3) TD-MLM-C: adding target-specific
attribute constraints into TD-MLM, as introduced
in Section 4.1.2.

First, we propose to verify the closeness between
the generated target-domain review set and the real
test set from the target domain. Specifically, we em-
ploy BERTE to obtain the sentence representation
of each review in the two sets, and then compute
the distance between the two sets with Maximum
Mean Discrepancy (Gretton et al., 2012). Based
on the results in Table 5, we can observe that all
the three methods can consistently reduce the dis-
crepancy between source and target domains. This
shows our two-step approach is generally useful for
domain adaptation. Moreover, it is clear that the
distance between the review set from TD-MLM-C
and the test set is the smallest, which implies the
distribution of its generated reviews is closest to
the distribution of the target domain.

Second, we further treat the generated reviews as
training instances for our Indep Training strategy,

Cross-Domain E2E-ABSA Cross-Domain AE

BERTE TD-MLM TD-MLM-C BERTE TD-MLM TD-MLM-C

S→R 46.42 47.32 51.01 53.04 52.87 58.75
L→R 52.40 55.03 54.56 59.22 62.57 65.81
D→R 44.90 50.43 54.33 48.88 54.21 59.61
R→S 22.24 34.67 42.52 24.58 39.41 50.68
L→S 23.98 35.84 39.28 26.31 41.87 51.25
D→S 22.79 31.44 36.98 25.09 34.00 40.17
R→L 33.89 39.21 40.23 39.73 48.49 49.17
S→L 29.88 30.78 33.41 34.61 35.64 41.61
R→D 30.32 29.36 30.56 32.91 32.80 33.34
S→D 25.67 26.69 32.05 28.07 28.68 36.97

Average 33.25 38.07 41.49 37.24 43.05 48.74

Table 6: Comparison results of using the labeled re-
views generated from different methods as training in-
stances for our Independent Training strategy.

and compare their results on the cross-domain E2E-
ABSA and AE tasks. From the results in Table 6,
we can see that using the reviews from TD-MLM-C
consistently achieves the best results, and outper-
forms the other methods with a significant margin.

5.5 Manual Evaluation on Generated
Target-Domain Reviews

Since there is no ground-truth target review for
each source review, we randomly select 200 source
reviews from L→R and R→L transfer pairs, and
manually evaluate the generated reviews in terms of
coherence, label correctness, and domain-specific
criteria. Based on our manual evaluation, we ob-
serve that our TD-MLM-C approach generates bet-
ter target reviews than its two ablation systems for
152 source reviews; for the remaining 48 source
reviews, we cannot determine the winning method,
as all the three methods generate meaningful or
unmeaningful target-domain reviews.

Table 4 shows four representative examples. We
can find that BERTE is generally insensitive to the
target domain, which may still generate source-
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specific terms (e.g., touch screen in S2 and flavorful
in S3). TD-MLM can produce better reviews, as it
tends to convert source-specific terms to the target
domain. However, it still suffers from generating
non-aspect or non-opinion terms (e.g., the prices
in S1 and It in S4). In contrast, with the vocabulary
constraints, TD-MLM-C can successfully convert
all the source-specific attributes to target-specific
attributes in the four cases.

All these observations verify the importance of
TD-MLM and vocabulary constraints in our two-
step approach for cross-domain review generation.

6 Conclusion

In this paper, we propose a new domain adaptation
paradigm named Cross-Domain Review Genera-
tion (CDRG) with applications to the ABSA task.
Specifically, we first propose a two-step approach
to generate labeled target-domain reviews based
on labeled source-domain reviews for CDRG, and
then propose two training strategies to leverage
the generated reviews for two cross-domain ABSA
tasks. Experiments on four benchmark datasets
demonstrate that our CDRG-based approaches sig-
nificantly outperform existing methods for cross-
domain E2E-ABSA and cross-domain AE tasks.
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Abstract

Language coverage bias, which indicates the
content-dependent differences between sen-
tence pairs originating from the source and tar-
get languages, is important for neural machine
translation (NMT) because the target-original
training data is not well exploited in current
practice. By carefully designing experiments,
we provide comprehensive analyses of the lan-
guage coverage bias in the training data, and
find that using only the source-original data
achieves comparable performance with using
full training data. Based on these observations,
we further propose two simple and effective
approaches to alleviate the language coverage
bias problem through explicitly distinguishing
between the source- and target-original train-
ing data, which consistently improve the per-
formance over strong baselines on six WMT20
translation tasks. Complementary to the trans-
lationese effect, language coverage bias pro-
vides another explanation for the performance
drop caused by back-translation (Marie et al.,
2020). We also apply our approach to both
back- and forward-translation and find that
mitigating the language coverage bias can im-
prove the performance of both the two repre-
sentative data augmentation methods and their
tagged variants (Caswell et al., 2019).

1 Introduction

In recent years, there has been a growing interest
in investigating the effect of original languages in
parallel data on neural machine translation (Bar-
rault et al., 2020; Edunov et al., 2020; Marie et al.,
2020). Several studies have shown that target-
original test examples1 can lead to distortions in
automatic and human evaluations, which should
be omitted from machine translation test sets (Bar-
rault et al., 2019; Zhang and Toral, 2019; Graham

1Target-original test examples are sentence pairs that are
translated from the target language into the source language.

government

police
US
back

world

gr
ou
p

President

right

way
percent

well

old

American

official
think

showwork

pu
bl
ic

Trump

women

long

sc
ho
ol

country

ra
te

next

high

company

court

going

ca
se

see

States

home ch
an
ge

team

need
House

found

market

city

children

business

part

former

point

law

good

issue

Na
ti
on
al

another

news

white

mi
li
ta
ry

life

used

Un
it
ed

ce
nt

le
ad
er

left

el
ec
ti
on

se
rv
ic
e

me
mb
er

men

nu
mb
er best

bl
ac
k

lo
ca
l

called

family

put

st
ud
en
t

chief

game

decision

job

later

health

came

killed

end

statement

su
pp
or
t

war

officer

call

man

better

record

live

never

start

past

office

University

ago

London

mediaplan

term

head

great

system

area

find

across

drug

ha
nd

minister

run

companies

lot

look
campaign

hour

today
give

Republican

economic

po
li

ti
ca

l

away

book

Obama

things

ch
il

d

cost

to
p

likely

De
pa

rt
me

nt

early

cut

ad
de

d

re
al

ly

in
te

re
st

half

se
cu

ri
ty

mi
gh

t

move

tax

least

night

set

feel

got

far

Clinton

others

line

friend

death

though

times

attack

rule

room

little

China

Bank

become

online

Russian

si
de

as
be

st
os

Eu
ro

pe
an

big

recent

hard

Europeclaim

fe
de

ra
l

force

less

Ce
nt

ra
l

wanted

me
et

in
g

ea
rl

ie
r

close

be
li

ev
e

return

based

behind
question

went

voter

growth

given

taken

event

asked

looking

ma
jo
r

phone

di
re
ct
or

face

level

play

staff

seen

win

mi
dd
le

often

financial

BBC

au
th
or
it
ie
s

co
un
tr
ie
s

power

vote

South

price

re
po
rt
ed

expected

Wa
sh
in
gt
on

Russia

condition

thought

ca
r

person

pr
ob
le
m

Britain

doctor

fo
ll
ow
in
g

justice

money

international

almost

po
st

deal

hope

action

ke
ep

age

ho
sp
it
al

device

hit

ec
on
om
y

street

study

risk

continue

able

order

final

judge

girl

pay

open

site

remain

fact

party

charge

talk
UK

trying

future

ca
nd
id
at
e

young

fl
ig
ht

near

ex
ec
ut
iv
e

Br
it
is
h

dog

em
pl
oy
ee

la
te

hi
st
or
y

York

fr
ee

fo
re
ig
n

al
wa
ys

de
sp
it
e

re
se
ar
ch

love

Me
xi
co

pr
od
uc
t

th
ou
sa
nd
s

real

front

center

test

ev
id
en
ce

share

ag
en
cy

air

ne
ar
ly

comes

mean

lead

co
nt
ro
l

must

(a) English-Original

old
German
Germany
refugee

to
wn

wo
rk

building

team

world

bank

police

long

well

group

back

US

car

area

pe
rc
en
t

good

se
rv
ic
e

company

case

home

euro

number

di
st
ri
ct

school must

head

as
so
ci
at
io
n

part

pr
oj
ec
t

right

end

Minister

ci
ty

see

cl
ub

wa
nt
s

children

country

course

go
ve
rn
me
nt

able

point

plan

set

announced

house

way

ma
rk
et

office

large

clear

man

next

Federal

me
mb
er

party

need

metre

al
mo
st

im
po
rt
an
t

used

yo
un
g

road

ga
me

ce
nt
re

hand

di
re
ct
or

life

put

bo
rd
er

wa
te
r

st
ar
t

ic
e

statement

companiesev
en
in
g

possible

become

event

always

high

CDU

co
ns
tr
uc
ti
on

vehicle

yet

called

future

system
term

injured

order

traffic Green

far

sport

pr
ob

le
m

taken

fo
rm

er

train

fo
un

d

ex
pl

ai
ne

d

play

ch
am

pi
on

women

la
te

r

fact

council

cu
rr

en
tl

y

following

cost

things

li
ve

left

local
driver

great

ago

longer

light

away

really

to
da
y

line

another

times

Berlin

business

going

star

together

European

open

came

often

at
ta
ck

region

USA

hour

find

reason

President

securityleague

age

Frankfurt

within

international

election

past

give

ch
ur
ch

lot

meeting

role

remain

fire

Europe

SPD

major

money
night

board

look

public

ad
di
ti
on

le
ve
l

th
in
k Bad

University

reported

job

show

question

wo
rk
in
g

Trump

planned

got

front

court

player

industry

risk

least

official

investment

ex
pe
ri
en
ce

men

mean

special

north

situation

EU

view

matter

Mayor

Munich

top

national

regional

pa
rt
ic
ul
ar

animal

south

wanted

change

minute

ac
co
mm
od
at
io
n

ea
rl
y

support

half

Ch
ai
rm
an

space

co
me
s

best

ro
om

lead

provide

au
th
or
it
ie
s

accident

better

side

reports

name

pa
rt
ic
ul
ar
ly

states

issue

cu
st
om
er

social

care

cu
rr
en
t

be
li
ev
e

based

law

fo
re
ig
n

face

fa
mi
ly

red

re
si
de
nt

site

mo
rn
in
g

known

de
ci
si
on

big

co
nt
in
ue

pe
rf
or
ma
nc
e

stand

ev
er
yt
hi
ng

ho
sp
it
al

little

bl
ac
k

asylum

across

ex
pl
ai
n

ma
jo
ri
ty

lo
ca
ti
on

co
nt
ro
l

po
si
ti
on

vi
ct
im

hope

offer

no
th
in
g

wo
ma
n

ca
mp
ai
gn

run

UBS

final

go
al

(b) German-Original

Figure 1: Example of language coverage bias illus-
trated by word clouds that are plotted at the English
side of sentence pairs in the En-De test sets from
WMT10 to WMT18. The test sets consist of English-
original and German-original sentence pairs.

et al., 2020). Another branch of studies report that
target-original test data leads to discrepant conclu-
sions: back-translation only benefits the transla-
tion of target-original test data while harms that
of source-original test data (Edunov et al., 2020;
Marie et al., 2020). They attribute these phenom-
ena to the reason that human-translated texts (i.e.,
translationese) exhibit formal and stylistic differ-
ences that set them apart from the texts originally
written in that language (Baker et al., 1993; Volan-
sky et al., 2015; Zhang and Toral, 2019).

Complementary to the translationese bias, which
is content-independent (Volansky et al., 2015), we
identify another important problem, namely lan-
guage coverage bias, which refers to the content-
dependent differences in data originating from dif-
ferent languages. These differences stem from the
diversity of regions and cultures. While the degree
of the translationese bias varies across different
translators (Toral, 2019), language coverage bias
is an intrinsic bias between the source- and target-
original data, which is hardly affected by the ability
of the translator. Figure 1 shows an example, where
the contents in English- and German-original texts
differ significantly due to language coverage bias.
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To investigate the effect of language coverage
bias in the training data on NMT models, we pro-
pose an automatic method to identify the original
language of each training example, which is gen-
erally unknown in practical corpora. Experimen-
tal results on three large-scale translation corpora
show that there exists a significant performance gap
between NMT models trained on the source- and
target-original data, which have different vocab-
ulary distributions, especially for content words.
Since the target-original training data performs
poorly in translating content words, using only the
source-original data achieves comparable perfor-
mance with using full training data. These findings
motivate us to explore other data utilization meth-
ods rather than indiscriminately mixing the source-
and target-original training data.

We propose to alleviate the language coverage
bias problem by explicitly distinguishing between
the source- and target-original training data. Specif-
ically, two simple and effective methods are em-
ployed: bias-tagging and fine-tuning. Experimental
results show that both approaches consistently im-
prove the performance on six WMT20 translation
tasks. Language coverage bias also provides an-
other explanation for the failure of back-translation
on the source-original test data, complementary to
the translationese effect (Marie et al., 2020). We
further validate our approach in the monolingual
data augmentation scenario, where the language
coverage bias problem would be more severe due
to the newly introduced monolingual data.

Contributions The main contributions of our
work are listed as follows:

• We demonstrate the necessity of studying the
language coverage bias for NMT, and identify
that using the target-original data can cause
poor translation adequacy on content words.

• We address the language coverage bias in-
duced by the target-original data by explicitly
distinguishing the original languages, which
can significantly improve the translation per-
formance on six WMT20 translation tasks.

• We show that alleviating the language cover-
age bias also benefits monolingual data aug-
mentation, which can improve both back-
and forward-translation and their tagged vari-
ants (Caswell et al., 2019).

2 Experimental Setup

Data We conducted experiments on six WMT20
benchmarks (Barrault et al., 2020), including
English⇔German (En⇔De), English⇔Chinese
(En⇔Zh), and English⇔Japanese (En⇔Ja) news
translation tasks. The preprocessed training cor-
pora contain 41.0M, 21.8M, and 13.0M sentence
pairs for En⇔De, En⇔Zh, and En⇔Ja, respec-
tively. We used the monolingual data that is pub-
licly available in WMT20 to train the proposed orig-
inal language detection model (Section 3.1) and
data augmentation (Section 4.2). The Appendix
lists details about the data preprocessing.

For En⇔De and En⇔Zh, we used newstest2019
as the validation sets. For En⇔Ja, we split the of-
ficial validation set released by WMT20 into two
parts by the original language and only used the
corresponding part for each direction. We used
newstest2020 as the test sets for all the six tasks.
We reported the Sacre BLEU (Post, 2018), as rec-
ommended by WMT20.

Model We used the Transformer-Big (Vaswani
et al., 2017) model, which consists of a 6-layer
encoder and a 6-layer decoder, and the hidden
size is 1024. Recent studies showed that training
on large batches can further boost model perfor-
mance (Ott et al., 2018; Wu et al., 2018). Accord-
ingly, we followed their settings to train models
with batches of approximately 460k tokens. Please
refer to the Appendix for more details about model
training. We followed Ng et al. (2019) to use the
Transformer-Big decoder as our language models,
which are used to detect the original language and
measure translation fluency. Language models are
also trained with large batches (Ott et al., 2018).

3 Observing Language Coverage Bias

In this study, we first establish the existence of lan-
guage coverage bias (Section 3.2), and show how
the bias affects NMT performance (Section 3.3).
To this end, we propose an automatic method to
detect the original language of each training exam-
ple (Section 3.1), which is often not available in
large-scale parallel corpora (Riley et al., 2020).

3.1 Detecting Original Languages

Detection Method Intuitively, we use a large-
scale monolingual dataset to estimate the distribu-
tion of the contents covered by each language. For
each training example, we compare its similarities
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Method En-Zh En-Ja En-De

FT 83.6 83.7 86.6
Ours 84.4 91.5 88.7

Table 1: F1 scores of detecting original languages in the
test sets. “FT” denotes the forward translation classifier
proposed by Riley et al. (2020).

to the distributions of source and target languages,
based on which we determine its original language.

Formally, let Ds and Dt denote the source-side
and target-side distributions of the covered contents.
Given a training example 〈x,y〉, the probability
that it is covered by one language (represented as
Ds and Dt) can be expressed as

P (Ds|〈x,y〉) =
P (Ds)P (〈x,y〉|Ds)

P (〈x,y〉) ,

P (Dt|〈x,y〉) =
P (Dt)P (〈x,y〉|Dt)

P (〈x,y〉) .

We use a score function to denote the difference
between the two probabilities:

score = logP (Ds|〈x,y〉)− logP (Dt|〈x,y〉),
= logP (〈x,y〉|Ds)− logP (〈x,y〉|Dt) + c,

where c = logP (Ds) − logP (Dt), which has a
constant value when the source and target monolin-
gual datasets are given. Intuitively, examples with
higher score values are more likely to be source-
original while those with lower score values are
more likely to be target-original data. We train
language models θlms and θlmt on the source- and
target-language monolingual data to estimate the
conditional probabilities:

P (〈x,y〉|Ds) = P (x|θlms ),

P (〈x,y〉|Dt) = P (y|θlmt ).

Accordingly, the score can be rewritten as

score = logP (x|θlms )− logP (y|θlmt ) + c. (1)

We label examples as source-original if their score
values are positive, and the other examples as target-
original. To find a specific constant for each lan-
guage pair, we tune the value of c to obtain the best
classification performance on the validation sets,
where the original languages are known.
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Figure 2: Translation performance on the validation
sets of the En⇔Zh translation task for different ratios
of most source- and target-original training examples.

Detection Accuracy We evaluated the detection
method on the mixture of the test sets of bidirec-
tional translation tasks in WMT20 for each lan-
guage pair. For comparison, we re-implemented
the CNN-based forward-translation (FT) classifier
proposed by Riley et al. (2020). The FT classi-
fier and the language models used in our method
were trained on the same monolingual data sets.
Table 1 shows that our method outperforms the
FT classifier in all language pairs. In addition,
our model also outperforms the FT approach on
detecting noisy training data, which leads to an im-
provement in translation performance (please refer
to Table 11 in the Appendix for more results).

3.2 Existence of Language Coverage Bias
In this section, we validate the existence of lan-
guage coverage bias by (1) comparing the perfor-
mance of NMT models trained on data with differ-
ent original languages, and (2) directly calculating
the divergence between the vocabulary distribu-
tions of the source- and target-original data.

Translation Performance Once all the training
examples are assigned a score by the detection
method (Eq. (1)), we regard R% of examples with
the highest scores as the most source-original exam-
ples, and R% of examples with the least scores as
the most target-original examples. We investigate
the effect of R% on translation performance, as
shown in Figure 2. Clearly, using the most source-
original examples significantly outperforms using
its target-original counterparts, demonstrating that
the source- and target-original data indeed differ
greatly from each other. To rule out the effect of
data scale, we treat 50% of data with the highest
scores as source-original data, and the same amount
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Data JS (×10−5)

All Content Function

Random 4 10 0
S vs T 745 1503 261

Table 2: JS divergence of the vocabulary distributions
between the source- and target-original data (“S vs T”)
on the training set of WMT20 En⇔Zh. “All”, “Con-
tent”, and “Function” denote all words, content words,
and function words respectively. For reference, we also
report the JS divergence between randomly selected
50% examples and the others (“Random”).

of data with the least scores as target-original data
in the following experiments by default.

Since some recent works find that BLEU might
be affected by the translationese problem (Edunov
et al., 2020; Freitag et al., 2020), we have also
conducted a side-by-side human-evaluation on the
Zh⇒En development set, where 500 randomly
sampled examples were evaluated by six persons
(agreement (Fleiss, 1971): Fleiss’ Kappa=0.46).
37.0% of outputs using the source-original data are
better than using target-original data, and 21.0%
are worse. By manually checking the outputs, we
find using only the target-original data tends to omit
important source contents (e.g., named entities) ei-
ther by totally ignoring some contents or by using
pronouns instead. The human-evaluation shows
the same trend with the BLEU score presented in
Figure 2. Given that conducting human-evaluation
on all the six translation tasks is time-consuming
and labor-intensive, we use automatic measures to
further investigate this problem in Section 3.3.

Vocabulary Distributions Complementary to
previous studies that focus on the content-
independent stylistic difference (Volansky et al.,
2015) between translationese and original texts (Ri-
ley et al., 2020; Edunov et al., 2020; Marie et al.,
2020), we investigate the content-dependent lan-
guage coverage bias between the source- and target-
original data in this experiment. Intuitively, if the
language coverage bias exists, the vocabulary dis-
tributions of the source- and target-original data
should differ greatly from each other, since the
covered issues tend to have different frequencies
between them (D’Alessio and Allen, 2000). We use
the Jensen-Shannon (JS) divergence (Lin, 1991) to
measure the difference between two vocabulary

Data En-Zh En-Ja En-De

Origin ⇒ ⇐ ⇒ ⇐ ⇒ ⇐
Target 33.2 20.6 30.5 15.4 39.3 37.4
Source 36.5 27.8 35.3 17.9 41.7 42.5
Both 36.6 27.5 34.9 18.5 42.3 42.2

Table 3: Sacre BLEU of using different sets of training
data on validation sets. We highlight the highest score
in bold and the second-highest score with underlines.

Data En⇒Zh En⇐Zh

Origin noun verb adj noun verb adj

Target 67.6 52.0 64.3 53.8 38.0 57.0
Source 69.7 54.0 66.2 61.8 44.1 63.9
Both 69.9 54.1 65.9 61.2 43.8 63.4

Table 4: Translation adequacy of different types of
content words measured by F-measure (Neubig et al.,
2019). The results are reported on the validation sets.

distributions p and q:

JS (p||q) = 1

2

(
KL(p||p+ q

2
) + KL(q||p+ q

2
)

)
,

where KL(·||·) is the KL divergence (Kullback and
Leibler, 1951) of two distributions.

Table 2 shows the JS divergence of the vocabu-
lary distributions between the source- and target-
original data. We also divide the words into con-
tent words and functions words based on their
POS tags, since content words are more related
to the language coverage bias, while the function
words are more related to the stylistic and structural
differences between the translationese and origi-
nal texts (Lembersky et al., 2011; Volansky et al.,
2015). The JS divergence between the source- and
target-original data are 186× larger than that be-
tween randomly split data, which is mainly due to
the difference between content words. Results for
different ratios R% and other language pairs can
be found in Appendix (Tables 12 and 13), where
the trend holds in all cases, supporting our claim of
the existence of language coverage bias.

3.3 Effect of Language Coverage Bias

In this section, we investigate the effect of language
coverage bias on NMT models.

Using only the source-original data achieves
comparable performance with using full data.
Table 3 lists the translation performances of NMT
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models trained on only the source- or target-
original data and on both of them. The results
show that using only the source-original data sig-
nificantly outperforms using the target-original data
in all language pairs, which reconfirm the necessity
of studying the language coverage bias for NMT. It
should be emphasized that using only the source-
original data (i.e. 50% of the whole training set)
achieves translation performances on par with us-
ing full training data. In the following experiments,
we investigate why using target-original data to-
gether cannot further improve the performance.

Using additional target-original data does not
consistently improve translation adequacy. To
rule out the effect of translationese and focus on
the content-dependent difference caused by the lan-
guage coverage bias, we examine the translation
adequacy of content words in Table 4 2. We fol-
low Raunak et al. (2020) to use F-measure (Neubig
et al., 2019) to quantify the translation accuracy of
specific types of words.

Compared with the source-original data, using
only the target-original data greatly reduces the
translation accuracy of content words, which we
attribute to the divergence of the content word dis-
tributions between the source- and target-original
data. The results also indicate that indiscriminately
using all the training data can not consistently im-
prove the translation adequacy of content words
over using only source-original data, and in some
cases using all the data is even harmful to the ade-
quacy on content words. Table 5 shows an example,
which suggests that using only the target-original
data tends to omit content words. This problem is
potentially caused by that some content words at
the source-side are less or even not visible in the
target-original data, and indiscriminately adding
target-original data induces a distribution shift on
the content word distribution.

Using additional target-original data only
slightly improves the structural fluency. Re-
cently, Edunov et al. (2020) claim that using addi-
tional back-translated data can improve translation
fluency. Target-original bilingual data is similar
to back-translated data since both of them are con-
structed by translating sentences from the target
language into the source language. One question

2We only list the results on En⇔Zh due to space limit.
Please refer to Table 14 in the Appendix for the translation
quality on other language pairs.

Input 大闸蟹是巴城最为知名的形象代言人。

Refer. The hairy crab is the most famous image
spokesperson in Bacheng.

Target It is one of the city’s most well-known
Orig. image spokesmen.

Source Hairy crabs are the most well-known
Orig. image spokesmen of Bacheng.

Both It is the best-known icon of Bacheng.

Table 5: An example of the outputs of NMT mod-
els trained on different sets of data. Using the target-
original data tends to omit content words.

naturally arises: can target-original bilingual data
improve the fluency of NMT models?

To answer the above question, we measure the
fluency of outputs with language models trained on
the monolingual data as described in Section 2. Pre-
vious study finds that different perplexities could
be caused by specific contents rather than struc-
tural differences (Lembersky et al., 2011). Specif-
ically, some source-original contents are of low
frequency in the target-language monolingual data
(e.g., “Bacheng” in Table 5), thus the language
model trained on the target-language monolingual
data tends to assign higher perplexities to outputs
containing more source-original content words. To
rule out this possibility and check whether the out-
puts are structurally different, we follow Lember-
sky et al. (2011) to abstract away from the content-
specific features of the outputs to measure their
fluency at the syntactic level. Table 6 shows the
results. Although using only the source-original
data results in high perplexities measured by vanilla
language models, the perplexities of NMT models
trained on different data are close to each other at
the syntactic level. Using additional target-original
data only slightly reduces the perplexity at the syn-
tactic level over using only the source-original data.

4 Addressing Language Coverage Bias

In Section 3 we show that the target-original data
performs poorly in translating content words due
to the language coverage bias. Accordingly, simply
using the full training data without distinguishing
the original languages is sub-optimal for model
training. Based on these findings, we propose to
address the language coverage bias by explicitly
distinguishing between the source- and the target-
original data (Section 4.1). We then investigate
whether the performance improvement still holds in
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Data No Abs. Cont. Abs.

Origin PPL Diff. PPL Diff.

WMT20 En⇒Zh

Target 38.4 −6.3% 14.0 −2.8%
Source 44.0 +7.3% 14.6 +1.4%

Both 41.0 - 14.4 -

WMT20 En⇐Zh

Target 25.9 −5.8% 13.4 −3.6%
Source 31.0 +12.7% 14.2 +2.2%

Both 27.5 - 13.9 -

Table 6: Translation fluency measured by the perplexi-
ties (i.e., PPL) of language models with different levels
of lexical abstraction, “Diff.” means the relative change
with respect to “Both”. “No Abs.” denotes no abstrac-
tion (i.e., vanilla LM), “Cont. Abs.” denotes abstract-
ing all content words with their corresponding POS
tags. The results are reported on the validation sets.

the monolingual data augmentation scenario (Sec-
tion 4.2), where the language coverage bias prob-
lem is more severe due to the newly introduced
dataset in source or target language.

4.1 Bilingual Data Utilization

In this section, we aim to improve bilingual data uti-
lization through explicitly distinguishing between
the source- and target-original training data.

Methodology We distinguish original languages
with two simple and effective methods:

• Bias-Tagging: Tagging is a commonly-used ap-
proach to distinguishing between different types
of examples, such as different languages (Aha-
roni et al., 2019; Riley et al., 2020) and synthetic
vs authentic examples (Caswell et al., 2019). In
this work, we attach a special tag to the source
side of each target-original example, which en-
ables NMT models to distinguish it from the
source-original ones in training.

• Fine-Tuning: Fine-tuning (Luong and Manning,
2015) is a useful method to help knowledge
transmit among data from different distributions.
We pre-train NMT models on the full training
data that consists of both the source- and target-
original data, and then fine-tune them on only
the source-original data. For fair comparison,
the total training steps of the pre-training and
fine-tuning stages are the same as the baseline.

Translation Performance Table 7 depicts the re-
sults on the benchmarking datasets. For compar-
ison, we also list the results of several baselines
using the vanilla Transformer architecture trained
on the constrained bilingual data in the WMT20
competition (Barrault et al., 2020). Clearly, both
the bias tagging and fine-tuning approaches con-
sistently improve translation performance on all
benchmarks, which confirms our claim of the ne-
cessity of explicitly distinguishing target-original
examples in model training.

Analysis Recent studies have shown that gener-
ating human-translation like texts as opposed to
original texts can improve the BLEU score (Riley
et al., 2020). To validate that the improvement
is partially from alleviating the content-dependent
language coverage bias, we examine the translation
adequacy of content words on the test sets, as listed
in Table 8. The results indicate that explicitly dis-
tinguishing between the source- and target-original
data improves the translation of content words (e.g.,
nouns), which is closely related to the language
coverage bias problem. Table 9 lists the translation
fluency at the syntactic level, where the proposed
approaches maintain the syntactic fluency.

4.2 Monolingual Data Augmentation

In this section, we aim to provide some insights
where monolingual data augmentation improves
translation performance, and investigate whether
our approach can further improve model perfor-
mance in this scenario that potentially suffers more
from the language coverage bias problem.

For fair comparison across language pairs, we
augment NMT models with the same English
monolingual corpus as described in Section 2. We
down-sample the large-scale monolingual corpus
to the same amount as that of the bilingual cor-
pus in each language pair, in order to rule out
the effect of the scale of synthetic data (Edunov
et al., 2018; Fadaee and Monz, 2018). We use back-
translation (Sennrich et al., 2016a) to augment the
English monolingual data for the task of translating
from another language to English (“X⇒En”), and
use forward-translation for the task in the opposite
translation direction (“En⇒X”). Table 10 lists the
results, where several observations can be made.

Explaining Data Augmentation with Language
Coverage Bias Concerning the monolingual data
augmentation methods (Rows 3-4), the vanilla
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Method En-Zh En-Ja En-De Average
⇒ ⇐ ⇒ ⇐ ⇒ ⇐

WMT20 Systems
Shi et al. (2020) 38.6 28.8 - - - - -
Zhang et al. (2020) 40.8 - 34.8 20.4 - - -
Molchanov (2020) - - - - 31.9 39.6 -

Our Implemented Systems
Baseline 42.3 28.4 35.8 20.9 32.3 41.4 33.5
Tag 43.4⇑ 29.2↑ 36.3 21.9⇑ 32.7 42.5⇑ 34.3
Tune 43.3⇑ 29.7⇑ 36.6↑ 21.8↑ 32.9↑ 42.2↑ 34.4

Table 7: Sacre BLEU reported on the WMT20 test sets. “Tag” and “Tune” denote the bias-tagging and fine-tuning,
respectively. We highlight the highest score in bold and the second-highest score with underlines. “↑/⇑” denotes
significantly better than the baseline with p < 0.05 and p < 0.01, respectively. For comparison, we list three
systems that use vanilla Transformer models trained on the bilingual data in the WMT20 competition.

Method En⇒Zh En⇐Zh

noun verb adj noun verb adj

Baseline 70.7 61.0 67.9 60.2 43.6 61.4
Tag 72.3 62.3 67.9 60.7 43.9 62.2
Tune 71.8 61.9 68.4 61.1 44.1 62.2

Table 8: F-measure of different types of content words
on the WMT20 En⇔Zh test sets. Results on other lan-
guages can be found in Appendix (Table 15).

Data En-Zh En-Ja En-De

Origin ⇒ ⇐ ⇒ ⇐ ⇒ ⇐
Baseline 13.7 13.4 17.4 15.4 16.3 17.8
Tag 13.7 13.4 17.5 15.4 16.4 17.8
Tune 13.8 13.4 17.4 15.4 16.3 17.9

Table 9: PPL at the syntactic level on the test sets. We
abstract the content words to rule out the language cov-
erage bias when measuring fluency.

back-translation (Row 3) harms the translation per-
formance on average, while the vanilla forward-
translation improves the performance, which is
consistent with the findings in previous stud-
ies (Edunov et al., 2020; Marie et al., 2020).
Caswell et al. (2019) have shown that the tagging
strategy works for back-translation while fails for
forward-translation, and our results confirm these
findings. Both phenomena can be attributed in
part to the language coverage bias problem. Back-
translated data originates from the target language,
and thus suffers more from the language cover-
age bias problem. Accordingly, directly using the
back-translated data is sub-optimal, while tagged

back-translation recovers translation performance
by distinguishing training examples with differ-
ent origins, which is consistent with our results in
Table 7. In contrast, the language coverage bias
problem does not exist for source-side monolingual
data (i.e. the same original language). Therefore,
the vanilla forward-translation can improve transla-
tion performance, while tagged forward-translation
performs worse.

Improving Data Augmentation Our approach
(Row 2) achieves comparable improvements of
translation performance with the monolingual data
augmentation approaches (e.g. averaged BLEU:
31.2 vs. 30.7, and 37.6 vs. 37.9), while we do
not use additional monolingual data to train the
models.3 Combining them can further improve per-
formance (Rows 5-6), indicating that the two types
of approaches are complementary to each other.
This is straightforward, since our approach better
exploits the bilingual data, while data augmentation
introduces new knowledge from additional mono-
lingual data. In addition, our approach consistently
improves performance over both vanilla and tagged
augmentation approaches, making it more robust
in practical application across datasets.

5 Related Work

Our work is inspired by three lines of research in
the NMT community.

3The monolingual data is only used to detect the original
languages of training data and is invisible in model training.

4784



# Monolingual Bilingual X⇒En En⇒X

Data Tagging Fine-Tune Zh Ja De Ave. Zh Ja De Ave.

1 × n/a
× 28.4 20.9 41.4 30.2 42.3 35.8 32.3 36.8

2 X 29.7 21.8 42.2 31.2 43.3 36.6 32.9 37.6

3

X

× × 28.9 21.2 38.1 29.4 44.2 36.8 32.8 37.9
4 X 29.4 21.2 41.5 30.7 43.1 36.4 32.3 37.3

5 × X 30.4 22.1 42.3 31.6 45.1 37.6 33.4 38.7
6 X 30.6 22.2 42.7 31.8 44.7 36.9 33.3 38.3

Table 10: Translation performance of augmenting English monolingual data with different strategies: back-
translation for X⇒En tasks (blue cells), and forward-translation for En⇒X tasks (red cells). “Tagging” denotes
adding a special tag to each synthetic sentence pair (Caswell et al., 2019). “Fine-Tune” denotes fine-tuning the
pre-trained NMT models on the source-original bilingual data, as described in Section 4.1.

5.1 Translationese

Recently, the effect of translationese in NMT eval-
uation has attracted increasing attention (Zhang
and Toral, 2019; Bogoychev and Sennrich, 2019;
Edunov et al., 2020; Graham et al., 2020). Gra-
ham et al. (2020) show that the source-side transla-
tionese texts can potentially lead to distortions in
automatic and human evaluations. Accordingly, the
WMT competition starts to use only source-original
test sets for most translation directions since 2019.
Our study reconfirms the necessity of distinguish-
ing the source- and target-original examples and
takes one step further to distinguish examples in
training data. Complementary to previous works,
we investigate the effect of language coverage bias
on machine translation, which is related to the con-
tent bias rather than the language style difference.
Shen et al. (2021) also reveal the context mismatch
between texts from different original languages. To
alleviate this problem, they proposed to combine
back- and forward-translation by introducing addi-
tional monolingual data, while we focus on better
exploiting bilingual data by distinguishing the orig-
inal languages, which is also helpful for back- and
forward-translation.

Lembersky et al. (2011, 2012) propose to adapt
machine translation systems to generate texts that
are more similar to human-translations, while Riley
et al. (2020) propose to model human-translated
texts and original texts as separate languages in a
multilingual model and perform zero-shot transla-
tion between original texts. Riley et al. (2020) and
our work both aim to better utilize the bilingual
training data. They aim to guide NMT models to
produce original text, while we focus on improving

translation adequacy by alleviating the language
coverage bias problem.

5.2 Data Augmentation

Concerning model training, recent works find that
back-translation can harm the translation of source-
original test set, and attribute the quality drop to
the stylistic and content-independent differences
between translationese and original texts (Edunov
et al., 2020; Marie et al., 2020). In this work, we
empirically show that language coverage bias is
another reason for the performance drop of back-
translation, as well as the different performances
between tagged forward-translation and tagged
back-translation (Caswell et al., 2019). In addi-
tion, we show that our approach is also beneficial
for data augmentation approaches, which can fur-
ther improve the translation performance over both
back-translation and forward-translation.

5.3 Domain Adaptation

Since high-quality and domain-specific parallel
data is usually scarce or even unavailable, domain
adaptation approaches are generally employed for
translation in low-resource domains by leveraging
out-of-domain data (Chu and Wang, 2018). Lan-
guages can be also regarded as different domains,
since articles in different languages cover different
topics (Bogoychev and Sennrich, 2019). Starting
from this intuition, we distinguish examples with
different original languages with tagging (Aharoni
et al., 2019) and fine-tuning (Luong and Manning,
2015), which are commonly-used in domain adap-
tation and multi-lingual translation tasks.

Our work also benefits domain adaptation: dis-
tinguishing original languages in general domain
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data consistently improves translation performance
of NMT models in several specific domains (Ta-
ble 16 in Appendix), making these models better
start points for further domain adaptation.

6 Conclusion and Future Work

In this work, we first systematically examine why
the language coverage bias problem is important
for NMT models. We conducted extensive ex-
periments on six WMT20 translation benchmarks.
Empirically, we find that source-original data and
target-original data differ significantly at the text
content, and using target-original data together
without discrimination is sub-optimal. Based on
these observations, we propose two simple and ef-
fective approaches to distinguish the source- and
target-original training data, which obtain consis-
tent improvements in all benchmarks.

Furthermore, we link language coverage bias
to two well-known problems in monolingual data
augmentation, namely the performance drop of
back-translation, and the different behaviors be-
tween tagged back-translation and tagged forward-
translation. We show that language coverage bias
can be considered as another reason for these prob-
lems, and fine-tuning on the source-original bilin-
gual training data can further improve performance
over both back- and forward-translation.

Future directions include exploring advanced
methods to better alleviate the language coverage
bias problem, as well as validating on other lan-
guage pairs. It is also interesting to investigate the
language coverage bias problem in multilingual
translation, where we can better understand this
problem by considering language family.
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A Appendices

A.1 Data Preprocessing

We used all the parallel corpora provided by
WMT20 and filtered sentences that are longer than
250 words. We tokenized English and German sen-
tences with Moses (Koehn et al., 2007), and seg-
mented Chinese and Japanese sentences with Jieba4

and Mecab5 respectively. We employed Byte pair
encoding (BPE) (Sennrich et al., 2016b) with 32K
merge operations for all language pairs. Specif-
ically, we jointly trained the BPE code on both
sides in En⇔De and independently learned the
BPE code on each side in En⇔Zh and En⇔Ja.

As for the monolingual data, we combined the
newscrawl data from 2017 to 2019 for English and
German. Since the newscrawl corpora for Chi-
nese and Japanese are significantly smaller, we
augmented these two languages with the common-
crawl corpus. We preprocessed the monolingual
data with the same rules as parallel data. Finally,
we randomly selected 41.0M sentences for each
language (i.e., En, De, Zh, Ja), which were used
to train the language detection models. For data
augmentation, to rule out the effect of the ratio
between synthetic and authentic data, we down-
sampled the monolingual data to the same amount
as the bilingual data for each language pair.

We used spaCy6 to perform the Part-Of-Speech
(POS) tagging for each language. Nouns, verbs,
and adjectives belong to content words and the
others belong to function words.

A.2 More Details of Model Training

In this work, we generally followed the default
hyper-parameters used in Vaswani et al. (2017) ex-
cept the batch size. Recent studies showed that
training on large batches can further boost model
performance (Ott et al., 2018; Wu et al., 2018).
Accordingly, we followed them to train models
with batches of approximately 460k tokens, us-
ing Adam (Kingma and Ba, 2015) with β1 = 0.9,
β2 = 0.98 and ε = 10−8. We used the same cosine
learning rate schedule as Wu et al. (2018), where
the learning rate was warmed up linearly in the first
10K steps, and then decayed following a cosine rate
within a single cycle. By default, NMT models and
language models were both trained for 30k steps
with the aforementioned batch size. Each model

4https://github.com/fxsjy/jieba
5https://taku910.github.io/mecab
6https://spacy.io

was trained using 8 NVIDIA V100 GPUs for about
20 hours.

A.3 Effect of Detection Methods on
Translation Performance

To further compare our proposed original language
detection method and the FT classifier (Riley et al.,
2020), we fine-tune the NMT model pre-trained
on the whole training set using the source-original
data detected by the two methods. Note that the two
detection methods are developed using the same
monolingual data sets. For fair comparison, the
fine-tuning sets are of the same amount (50% of
the whole training set) between the two methods
in this experiment. Table 11 lists the results, indi-
cating that our method performs better in detecting
original languages in large-scale parallel data.

Fine-Tune Data BLEU

× 27.5

FT 27.8
Ours 28.4

Table 11: Effect of original language detection meth-
ods. The results are reported on the validation set of
the Zh⇒En translation task.

A.4 Divergence of Vocabulary Distributions

In this section, we report the JS divergence of the
vocabulary distributions in more cases. Table 12
lists the results for different ratios R% on En⇔Zh,
and Table 13 shows the results on all language
pairs. The results show that the divergence of
vocabulary distributions between the source- and
target-original data is substantially larger than that
between randomly split data, which reconfirms the
existence of language coverage bias.

A.5 Effect of Language Coverage Bias for
Other Language Pairs

Table 14 lists the translation adequacy of NMT
models trained on only the source- or target-
original data and on both of them. The results
are reported on En⇔De and En⇔Ja, which exhibit
the same trend as that on En⇔Zh (Table 4 in the
main paper), indicating that the target-original data
performs poorly in translating content words.
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Data 10% 30% 50%

All Content Function All Content Function All Content Function

Random 20 51 0 7 18 0 4 10 0
S vs T 2660 5096 961 1371 2731 486 745 1503 261

Table 12: JS divergence (×10−5) of the vocabulary distributions between the source- and target-original training
data (“S vs T”) for different labeled ratios on En⇔Zh. For reference, we also report the JS divergence between
two sets of randomly selected examples (“Random”, non-overlap).

Data En-Zh En-Ja En-De

All Content Function All Content Function All Content Function

Random 4 10 0 8 17 0 2 4 0
S vs T 745 1503 261 1687 2910 666 870 1622 250

Table 13: JS divergence (×10−5) of the vocabulary distributions between the source- and target-original training
data for different language pairs. 50% examples are treated as source-original and the others are treated as target-
original. For reference, we also report the JS divergence between randomly selected 50% examples and the others
(“Random”, non-overlap).

Data En⇒Ja En⇐Ja En⇒De En⇐De

Origin noun verb adj noun verb adj noun verb adj noun verb adj

Target 60.9 47.7 62.1 44.5 29.8 46.2 70.5 54.3 58.4 70.8 53.6 67.0
Source 61.4 51.8 63.5 49.5 31.8 50.1 72.1 55.0 60.3 75.3 55.3 70.2
Both 61.3 51.7 63.2 50.7 32.1 50.4 72.7 56.6 60.4 74.9 55.7 71.0

Table 14: Translation adequacy of different types of content words measured by F-measure (Neubig et al., 2019).
The results are reported on the validation sets.

Method En⇒Ja En⇐Ja En⇒De En⇐De

noun verb adj noun verb adj noun verb adj noun verb adj

Baseline 62.0 53.0 59.1 54.0 35.5 50.4 66.7 48.1 53.6 75.0 54.0 70.2
Tag 62.5 53.3 61.1 55.7 36.5 52.4 67.1 48.6 54.0 76.1 54.4 70.7
Tune 62.8 53.7 61.7 55.3 36.9 51.8 67.1 48.7 54.0 75.7 54.8 70.8

Table 15: Translation adequacy of different types of content words measured by F-measure (Neubig et al., 2019).
The results are reported on the test sets.

4789



Domain Baseline Ours

Business 40.4 40.8
Crime 34.8 35.5
Entertainment 28.8 30.0
Politics 39.5 40.3
Sci-Tech 38.2 39.9
Sport 31.5 31.5
World 38.8 38.9

Overall 36.6 37.2

Table 16: Transformer performance on the validation
set of the En⇒Zh task. We split the whole validation
set into several parts by the domain tag. “Ours” de-
notes the “Bias-Tagging” approach as described in Sec-
tion 4.1. The results indicate that distinguishing data
with different original languages in the general domain
training data can improve the performance of NMT
models in many specific domains, making the models
better start points for further domain adaptation.

A.6 Translation Adequacy on Test Sets for
Other Language Pairs

We report the translation adequacy on test sets for
En⇔De and En⇔Ja in Table 15, corresponding
to Table 8 in the main paper. The results show
that explicitly distinguishing the source- and target-
original training data can consistently improve the
translation adequacy for content words on all the
six translation tasks.

A.7 Translation Performance in Specific
Domains

We evaluate NMT models trained with and with-
out explicit distinguishing between the source- and
target-original data in several specific domains.
The results are shown in Table 16, suggesting that
our method can improve the translation perfor-
mance of NMT models in several specific domains,
which can be combined with further domain adap-
tation approaches.
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Abstract

Named entity recognition (NER) is a funda-
mental task in natural language processing,
these is a long held belief that datasets benefit
the model. However, not all the data help with
generalization, and some samples may contain
ambiguous entities or noisy labels. The ex-
isting methods can not distinguish hard sam-
ples from noisy samples well, and becomes
particularly challenging in the case of over-
fitting. This paper proposes a new method
called Noise-Aware-with-Filter (NAF) to solve
the issues from two sides. From the perspec-
tive of the data, we design a Logit-Maximum-
Difference (LMD) mechanism, which max-
imizes the diversity between different sam-
ples to help the model identify noisy samples.
From the perspective of the model, we design
an Incomplete-Trust (In-trust) loss function,
which boosts LCRF with a robust Distrust-
Cross-Entropy(DCE) term. Our proposed In-
trust can effectively alleviate the overfitting
caused by previous loss function. Experiments
on six real-world Chinese and English NER
datasets show that NAF outperforms the previ-
ous methods, and which obtained the state-of-
the-art(SOTA) results on the CoNLL2003 and
CoNLL++ datasets.

1 Introduction

Named entity recognition (NER) is a primary
task and which identifies both types and spans in
sentences. NER models are becoming more and
more accurate in prediction tasks, the potential im-
provement of existing architectures in real-world
applications is often inherently limited by data qual-
ity (Pleiss et al., 2020). However, not all sam-
ples are completely correct in the NER datasets
(Nooralahzadeh et al., 2019; Lange et al., 2019).
Many real-world datasets generally contain sam-
ples which are “weakly-labeled” (Derczynski et al.,
2017; Peng and Dredze, 2015). Specifically, some

Model Logit Matrix

In-trust loss

Model Training

In-trust loss

Training Data

Sentence Label

Noise data

Cleaner data

LMD

Sentence Label

Label

Figure 1: An overview of Noise-Aware-with-
Filter(NAF). In-trust loss prevents model from
overfitting and helps model generates logit matrices,
which enters LMD mechanism with labels to filter
noise data and get a cleaner data for model training.

datasets which are annotated based on distant su-
pervision (Yang et al., 2018; Liang et al., 2020)
contain more noise labels, and manual annotators,
especially on crowdsourcing platform, are prone to
making labeling mistakes. Meanwhile labeling a
huge datasets is an expensive and fallible process.

As the increase of training iteration epochs, the
model will overfit noisy samples and hinder the
generalization of the model (Pleiss et al., 2020).
In NER task, it is impractical to get an absolutely
clean dataset, and the existing datasets generally
exist mislabeled samples (Flor et al., 2019) and
ambiguous entity (Nadeau et al., 2006), even if
some classical datasets (e.g., CoNLL2003 (Tjong
Kim Sang and De Meulder, 2003)) still contain
noisy samples (Wang et al., 2019b). It makes sense
to obtain a cleaner dataset, but it would be very
difficult to correct these real-world datasets manu-
ally, and the existing methods can’t solve the issues
automatically , especially in the case of existing am-
biguous entities in sentences (Wang et al., 2019b).

From the CoNLL2003 NER dataset, we divide
the samples into Easy samples which are correctly
labeled and do not contain ambiguous entities,
Hard samples are correctly labeled but contain
ambiguous entities, and Noisy samples are misla-
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beled (Wang et al., 2019b). Such as:

• Easy samples:{ third and final test between
[England]{LOC} and [Pakistan]{LOC} at
[the]{LOC}[Oval]{LOC} on }. The sample
is labeled correctly and there is no ambiguous
entity.

• Hard samples:{ [Chicago]{ORG} won
Game 1 with Derrick Rose scoring 25 points }.
[Chicago] is a basketball team in NBA which
is correctly marked as [Chicago]{ORG} here.
Meanwhile [Chicago] is also a city in the
United States, it is easy to mark that as
[Chicago]{LOC} due to ambiguity.

• Noisy samples:{ Soccer - [Japan]]{LOC} get
lucky win, [China]{PER} in surprise defeat }.
The [China]{PER} is mislabeled.

We can easily obtain the boundary between easy
samples and noisy samples with utilizing loss val-
ues (Lin et al., 2017), but distinguishing hard sam-
ples from noisy samples still is a challenge (Wang
et al., 2019b; Pleiss et al., 2020), and becomes
particularly challenging in the case of overfitting
(Wang et al., 2019b; Liu et al., 2020).

We propose a new method called Noise-Aware-
with-Filter (NAF) to solve the issues from two sides.
From the perspective of data, we design a Logit-
Maximum-Difference (LMD) mechanism, which
maximizes the diversity between different samples
to help the model identify noisy samples. The
difference between easy samples and noisy sam-
ples is very obvious in LMD score, meanwhile
hard samples and noisy samples also can be well
distinguished. From the perspective of model, we
propose a noise tolerant term named Distrust-Cross-
Entropy(DCE), which combines with LCRF form
the basis of the approach Incomplete-Trust (In-
trust) loss function. In-trust not only improves
the robustness of the model, but also helps LMD
improve the accuracy of identifying noisy samples.
Experiments on six real-world Chinese and English
datasets show that NAF is more accurate than other
methods in identifying noisy samples, meanwhile
the datasets after filtering are cleaner.

In summary, our major contributions are the fol-
lowing:

• We propose a new method called Noise-
Aware-with-Filter (NAF) to distinguish hard
samples from noisy samples especially in the
case of overfitting.

• To distinguish hard samples from noisy sam-
ples, we design a Logit-Maximum-Difference
(LMD) mechanism. Meanwhile to alleviate
the negative impact of overfitting, we pro-
pose Incomplete-Trust (In-trust) loss function,
which utilizes both the incomplete correctness
of labels and the relative correctness of the
model output.

• We conduct extensive experiments on six
real-world Chinese and English NER datasets
show that NAF outperforms the previous
methods, and which obtains the state-of-the-
art(SOTA) results on the CoNLL2003 and
CoNLL++ datasets. We release the source
code publicly for further research 1.

2 Related Work

There are various approaches have been pro-
posed to obtain a robust model. We summarize
them into three categories: 1) Robust loss meth-
ods, 2) Training architectures methods, 3) Label
correction methods.

Robust loss methods specifically design robust
loss functions. They include Mean Absolute Er-
ror (MAE) (Ghosh et al., 2017), Improved MAE
(Wang et al., 2019a) which is a reweighted MAE.
Symmetric cross entropy (Wang et al., 2019b), by
adding a symmetric reverse cross entropy after the
cross entropy, makes the model have a certain noise
tolerance, and Generalized cross entropy (Zhang
and Sabuncu, 2018) is actually a new evolution-
ary form of MAE. Regularization (LSR) (Szegedy
et al., 2016) is a technique using soft labels in place
of one-hot labels to alleviate overfitting to noisy
labels. ELR (Liu et al., 2020) is a kind of method
that makes full use of early learning phenomenon
to keep a large learning gradient for clean samples.
But these methods can not effectively distinguish
hard samples from noisy samples, and which are
easy to confuse them.

Training architectures methods identify noisy
samples from the perspective of model framework.
Co-Tearching (Han et al., 2018; Yu et al., 2019) uti-
lizes “early learning” phenomenon to maintain two
networks in the process of training. All samples
are sorted based on the loss values, and the noisy

1https://github.com/Huangxiusheng/Named-Entity-
Recognition-via-Noise-Aware-Training-Mechanism-with-
Data-Filter
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Figure 2: The graphs display logit value trajectories for easy sample (left), hard sample (middle) and noisy sam-
ple(right). The blue line: the logit valueZ(t)

y corresponding to the label in logit matrix; the orange line: the maximal
logit value Z(t)

max in logit matrix except Z(t)
y . The x-axis refers to the number of training epochs, and the y-axis

refers to the logit value. (Dataset: WUT-17)

samples are deleted according to the forgetting ra-
tio (Jiang et al., 2018; Malach and Shalev-Shwartz,
2017). AUM (Pleiss et al., 2020) based on the out-
put of the model to distinguish hard samples from
noisy samples. CrossWeigh (Wang et al., 2019b)
cover the label of a certain category in the datasets,
and observes the model whether will predict the
sample into another category. However, these meth-
ods always make the model to learn the easy sam-
ples and not consider the problem of overfitting
(Chang et al., 2017).

Label correction methods are to improve the
quality of raw labels. New labels equal to the prob-
abilities estimated by the model (known as soft la-
bels) or to one-hot vectors representing the model
predictions (hard labels) (Tanaka et al., 2018; Yi
and Wu, 2019). Another option is to set the new
labels to equal a convex combination of the noisy
labels and the soft or hard labels (Reed et al., 2015).
However, these methods require the support from
extra clean data or an expensive detection process
to estimate the noise model.

3 Logit Maximum Difference
Mechanism (LMD)

In this section, we propose a novel LMD mech-
anism. The LMD utilizes the tiny difference be-
tween hard samples and noisy samples in the model
output. Meanwhile the LMD accumulates and ex-
pands the difference to identify noisy samples.

3.1 Preliminary

Easy samples and noisy samples are easy to
distinguish(e.g., utilizing loss values (Han et al.,
2018)), because of noisy samples are always con-
trary to the samples with correct tags. However,

hard samples with ambiguous entity are difficult
to distinguish from noisy samples, because hard
samples also will produce large loss values (Song
et al., 2020) in the early stage of training. This
has become a major challenge in the denoising task
(Song et al., 2020).

Utilizing Logit Matrix Neural network models
will output a logit matrix in the training process,
which goes through the softmax layer and then
gets into loss function. The Softmax layer is a nor-
malized exponential function, which will nonlinear
increase the weight of maximum value in the logit
matrix and bring unfairness for identifying noisy
samples. LMD directly utilizes logit matrix to dis-
tinguish hard samples from noisy samples instead
of loss values.

Given a sentence x = [x1, x2, ..., xn] and its
tag sequence y = [y1, y2, ...yn], n is the sentence
length. Every token xi will obtain a corresponding
logit matrix Z = [zi1, z

i
2, ..., z

i
m], m denotes total

number of tags. LMD utilizes the difference be-
tween the zj corresponding to the class j and other
values in the logit matrix.

Observing The Difference In Figure 2, the logit
value Z(t)

y corresponding to tag y and epoch t, and
the Z(t)

y is evidently higher than other values in
easy samples(left). In hard samples(middle), the
Z

(t)
y is small at the beginning of training, then Z(t)

y

begins to increase and become the maximum in
the logit matrix with increasing epoch t. In noisy
samples(right), the Z(t)

y is relatively smaller than
other values, and the Z(t)

y becomes the maximum
in the logit matrix when epoch exceeds 5 even if
y is a negative tag, which indicates that overfitting
occurs.
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3.2 Identify Noisy Samples

Defining LMD We propose a new statistic LMD
score, which averages the difference between Z(t)

y

and the other values Z(t)
other at each epoch t. The

tiny difference between hard samples and noisy
samples are gradually accumulated and maximized,
which will effectively help model identify noisy
samples. The LMD score can be defined as:

LMD(x, y)=
1

T

T∑

t=1

(min(Z(t)
y −max

i 6=y
Z

(t)
i ))

(1)
Where T is the total number of epoch. A sen-

tence is the minimum unit of the input in the NER
task. If the tag corresponding to single token is mis-
labeled in a sentence, we can consider that the sen-
tence is negative. Therefore we choose the smallest
LMD score in each sentence as the LMD score of
the sentence, where every token will obtain a LMD
score in the sentence.

Figure 3: A record of LMD score in each epoch for
easy, hard and noisy samples. We select 100 samples
from the three sets respectively in WUT-17 dataset.

Working Mechanism In order to steadily en-
hance the discrimination between easy, hard and
noisy samples, we stack the LMD scores of multi-
ple epochs to get an average value. By utilizing the
LMD mechanism, every sample will get a LMD
score. The LMD scores of easy, hard and noisy
samples have obvious differentiation in Figure 3.
Then we sort the samples according to the LMD
scores, and define samples under the noise ratio
µ as noisy samples, finally delete them to get a
cleaner training set. And the noise ratio µ is a
hyperparameter. The model is trained again with

utilizing a clean training set, which will obtain bet-
ter performance without the interference of noisy
samples.

Figure 4: Compared with the experiment in Figure 3,
we only adjusted the epoch to 60.

3.3 The Influence of Overfitting
Overfitting Appears We further explore the in-
fluence of overfitting in the denoising task from two
sides. From the perspective of the LMD scores, the
LMD scores of hard samples and noisy samples
tend to be consistent with increasing epoch to 60
in the Figure 4. From the perspective of the logit
values, the logit value Z(t)

y becomes the maximum
in the logit matrix when epoch exceeds 5 even if y
is a noise tag in the Figure 2.

Phenomenon Analysis As the increase of train-
ing iteration epochs, the model will overfit noisy
samples. Meanwhile the model output of hard sam-
ples and noisy samples are almost consistent, which
make it difficult to distinguish. This proposes an-
other challenge that the model identifies noisy sam-
ples in the case of overfitting.

4 Incomplete-Trust Loss Function

In this section, we propose an Incomplete-Trust
(In-trust) loss function. Previous loss functions
(e.g., Cross Entropy) are easy to overfit noisy sam-
ples (Wang et al., 2019b), and they absolutely trust
tags even if the tags are mislabeled. Meanwhile,
neural networks have strong fitting ability, they can
achieve zero training error even on datasets with
randomly-assigned labels (Zhang et al., 2016). And
deep neural networks have been observed to first fit
the samples with clean tags during an “early learn-
ing” phase, before eventually memorizing the sam-
ples with mislabeled tags (Arpit et al., 2017; Zhang
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et al., 2016). With exploiting the early-learning
phenomenon, our proposed In-trust utilizes both
the model output which obtain the relative correct-
ness after enough practices and the incomplete cor-
rectness of tags which maybe are mislabeled. We
also provide theoretical analysis about the formula-
tion and behavior of In-trust.

4.1 Definition
KL-divergence Given two distributions p and q,
the relationship between entropy, cross entropy and
KL-divergence is as follows:

KL(q||p)=H(q, p)−H(q) (2)

In NER task, q=q(k|x) is the one-hot distribu-
tion of the label in sample x, and p=p(k|x) is
the prediction distribution of the model for sam-
ple x. The model makes the p=p(k|x) gradually
approach the q=q(k|x), this is also to minimize the
KL-divergence between the two distributions.

Proposing DCE Term However, if the sample
x is a noisy sample and the q=q(k|x) is an in-
correct distribution, it will cause negative impacts
for model, so the label distribution q=q(k|x) is
not worthy of full trust. According to the phe-
nomenon of early learning, the model always tends
to learn the correct samples in the early stage of
training. It means that even if some samples are
mislabeled, the model still may predict the correct
results in the early stage of training. We exploit
this phenomenon to trust that not only the label
distribution q=q(k|x), but also the prediction dis-
tribution p=p(k|x) before the model overfit noisy
samples. Therefore, we design the robust Distrust-
Cross-Entropy LDCE term as follows:

LDCE=−p log(δp+(1−δ)q) (3)

Where δ is a hyperparameter, and its size de-
termines that the model whether trust labels or
model output. When δ is larger, the model will
trust prediction distribution p=p(k|x) more, on
the contrary, the model will trust label distribution
q=q(k|x) more.

Forming In-trust We proposed an Incomplete-
Trust (In-trust) loss function, which boosts LCRF
with LDCE term.

LIn−trust=αLCRF+βLDCE (4)

Where LDCE term is an acceleration regulator
term, which can effectively prevent model from

overfitting noisy samples. That will be proved in
Appendix A. The LCRF term is not noise tolerant
(Ghosh et al., 2017), but which benefits the conver-
gence of the model (Zhang and Sabuncu, 2018). α
and β are two decoupled hyperparameters, α regu-
lates the overfitting issue of LCRF while β aims to
flexibly explore the robustness of LDCE .

Contrasting Logit Values Figure 5 shows the re-
sult of comparative experiment with Figure 2. The
logit value Z(t)

y corresponding to mislabeled tag y
is no longer the maximum in the logit matrix, this
means that LIn−trust effectively prevents model
from overfitting noisy samples.

Figure 5: A comparative experiment of CRF (left) on
noisy samples. We only replace the loss function to
LIn−trust (right), and other parameters are consistent.

Contrasting LMD Scores Figure 6 shows the
result of comparative experiment with Figure 4.
There is still obvious discrimination between hard
samples and noisy samples when the epoch reaches
60, this indicates that LIn−trust can help LMD
mechanism identifies noisy samples accurately.

Figure 6: A comparative experiment between CRF
(left) and LIn−trust (right), other parameters are con-
sistent.

4.2 Robustness Analysis

LDCE Robustness Analysis: In order to sim-
plify the calculation, we set α and β as 1 and derive
the gradient of LDCE . For brevity, we denote pk,
qk as abbreviations for p=p(k|x) and q=q(k|x),
the gradient of the LDCE loss with respect to the
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logits Zj can be derived as:

∂LDCE
∂Zj

=(
K∑

k=1

pk × log(δpk+(1−δ)qk))
′

(5)

Where ∂pk
∂Zj

can be further derived based on
whether k = j:





∂pk
∂Zj

= pk(1−pk)

∂pk
∂Zj

= −pkpj

k=j

k 6= j
(6)

For brevity, we denote ak=δpk+(1−δ)qk and

bk=pk log ak+
δp2k
ak

. We know that ∂pk∂Zj
is a function

of pk from Eq.(5), let Lpk=
∂pk
∂Zj

, and the gradient
of the Lpk with respect to the pk can be derived as:

L
′
pk
=

K∑

k=1

bk+(pj−1)
∂bj
∂pj

(7)

And the second derivative of Lpk is:

L
′′
pk
=2b

′
+(pj−1)b

′′
(8)

Where L
′′
pk

is a monotone increasing function,
when qj=1 and δ ∈ [0.0, 0.1, ...], we obtain the
corresponding relation between L

′′
pk

and pj in the
Figure 7. It is concluded that L

′
pk

is a decreasing
and then increasing function, which also shows that
the acceleration of LDCE first decreases and then
increases with the increase of pj corresponding to
the label.

Figure 7: The acceleration record of LDC term.The
LDC term produces different accelerations for differ-
ent model outputs. The x-axis is pj and the y-axis is
the corresponding L

′′
pk

value. δ ∈ [0.0, 0.1, ...].

When pj approaches to 1 with the q distribution
is close to the p distribution, the model will believes
correct tags more, and LDCE has larger accelera-
tion in learning correct samples. That benefits the
model learns cleaner samples and prevents overfit-
ting. On the contrary, the LDCE term thinks that
the model has relatively correct prediction result
for noisy samples under the influence of learning
other correct labels, and the acceleration is small
which also effectively prevents the model overfit-
ting and improves the noise tolerance. And other
more detailed proofs are shown in the Appendix A.

LIn−trust Robustness Analysis: According to
Eq.(4), LIn−trust consists of LCRF and LDCE .
When qj = 1, LDCE term will provide a robust
acceleration value, which benefits LIn−trust ob-
tains a correct loss value. Specifically, LIn−trust
will obtain a greater loss value when pj approach
to q, which will benefit the model learn this sam-
ple like LCRF . On the contrary, LDCE will pre-
vent model from learning the sample unlike LCRF .
When qj = 0, other loss functions will prevent
the model from learning the direction, even if the
model output p is greater in this direction. We
believe that the model is relatively correct after
learning a large number of samples. And LDCE
term will provide LIn−trust with an acceleration to
help the model to learn the direction. In addition,
LDCE term also prevent the model from learning
when p is small. Therefore LDCE term has no
negative effect on the convergence of model.

5 Experiments

In this section, we verify the advantages of
Noise-Aware-with-Filter (NAF) method by com-
paring experiments with other denoising methods.

5.1 Experimental Setup

NER Dataset

English NER Dataset We evaluate our
method on English NER datasets include WUT-
17 (Derczynski et al., 2017), CoNLL2003 (Tjong
Kim Sang and De Meulder, 2003), CoNLL++
(Wang et al., 2019b) and OntoNotes5 (Pradhan
et al., 2013). CoNLL2003 is in news domain and
WUT-17 is user generated text. Compared with
CoNLL2003, the test set of CoNLL++ is manu-
ally corrected. OntoNotes5 is a larger dataset and
contains 18 entity types.
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Dataset Weibo NER OntoNotes4 OntoNotes5 CoNLL2003 CoNLL++ WUT-17
CE 59.71 81.05 85.57 90.99 92.07 54.77
LCRF 60.88 81.22 85.40 91.60 91.87 55.22
SCE 60.97 80.72 85.30 91.53 91.26 53.55
DSC 60.78 80.34 85.23 91.34 92.08 54.48
ELR 57.41 81.54 84.48 91.24 91.73 53.54

LIn−trust(our) 61.97 81.29 86.23 91.67 92.68 56.13
NAF(our) 62.55 82.15 86.46 91.72 92.95 58.54

Table 1: The result of NAF(LIn−trust + LMD) and other denoising methods in the BERT model.

Dataset CoNLL2003 CoNLL++ WUT-17
CE 94.31 95.80 64.99
LCRF 94.22 95.90 64.85
RCE 94.29 95.37 63.73
DSC 94.33 94.79 64.89
ELR 94.10 94.21 63.58

LIn−trust(our) 94.45 96.13 66.44
NAF(our) 94.51 96.25 67.88

Table 2: The result of NAF(LIn−trust + LMD) and
other denoising methods in the LUKE model.

Chinese NER Dataset Chinese NER datasets
include Weibo NER (Peng and Dredze, 2015) and
OntoNotes4 (Pradhan et al., 2011). Weibo NER is
in social domain, OntoNotes4 is in news domain.

In these six real-wold datasets, we use the same
way of data segmentation as the original author.
Since WUT-17 has no development set, we ran-
domly select 10% samples from the training set as
the development set.

Pre-trained Language Model BERT (Devlin
et al., 2019) employs a Transformer encoder to
learn a BiLM from large unlabeled text corpora and
sub-word units to represent textual tokens. We use
the BERTbase model in our experiments. LUKE
(Yamada et al., 2020)proposes new pretrained con-
textualized representations of words and entities
based on the bidirectional transformer, which is the
state-of-the-art(SOTA) model in English NER task.

Baseline We compare NAF with 3 recently pro-
posed robust methods as well as the standardLCRF
: (1) CE:Cross Entropy; (2)SCE (Wang et al.,
2019b): symmetric cross entropy loss; (3)DSC
(Li et al., 2020): dice loss function; (4)ELR (Liu
et al., 2020): early regularization; (5)In-trust (We
proposed Incomplete-Trust loss function).

Evaluation Our primary evaluation metric is F1
score on the test set to compare the results of dif-
ferent methods.

5.2 Experimental Settings

In our experiments, we set the initial learning
rate to lr = 1e−5 for all datasets. Since the scale
of each dataset varies, we set different training
batch size for different datasets. Specifically, we
set the batch sizes of Weibo NER, OntoNotes4,
WUT-17, CONLL2003 and CoNLL++ as 40, 40,
40,32 and 32 in BERT, and set the batch sizes of
WUT-17, CONLL2003 and CoNLL++ as 2, 2 and
2 in LUKE. We stop the training when we find the
best result in the development set.

5.3 Robustness Performance

Table 1 presents the results for the baseline and
our methods in the BERT. Compared with other
methods, NAF shows obvious advantage in the
six real-wold datasets. Our method outperforms
other methods by 1.58%, 0.61%, 0.29%, 0.87%
and 3.77% in F1 score on Weibo NER, OntoNotes4,
CoNLL2003, CoNLL++ and WUT-17 datasets. Ta-
ble 2 presents the results in the LUKE, and our
method has achieved new state-of-the-art (SOTA)
with the F1 score reached to 94.51% and 96.25%
on CoNLL2003 and CoNLL++ datasets.

Specifically, NAF has made more obvious
progress on Weibo NER, WUT-17 and CoNLL++
datasets, and our analysis shows that the noise ra-
tio of Weibo NER and WUT-17 are greater than
others and there is a cleaner test set after manual
correction in CoNLL++ dataset.

5.4 Manual Verification

Results Statistics In order to prove the effective-
ness of our method, we manually verify the noisy
samples which are selected from CoNLL2003,
OntoNotes4 and WUT-17 (Table 4). We randomly
select 100 samples from “Original” train set and
we manually verify the proportion of noisy sam-
ples. After utilizing LMD or NAF method, we will
obtain a new datasets, and then we randomly select
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Dataset noisy samples
Soccer - KEANE signs four-years contract with Manchester United{LOC} .

CoNLL2003 Soccer - sharpshooter knup back in swiss{MISC} squad .
Little{PER} change from today ’s weather expected .
9/16 - Luo Yigang ( China ) beat Hwang Sun-ho{MISC} ( South Korea ) 15-3 .

WUT-17 Federal lawyers{O} fly to Minneapolis to investigate shooting
@janzensational at least may date ka na hahaha{O} . Goodluck zen ! : *

Table 3: noisy samples in CoNLL2003 and WNUI-17. The mislabel entities are marked with red.

Dataset CoNLL2003 Weibo NER
δ = 0.1 90.34% 60.58%
δ = 0.2 90.52% 61.12%
δ = 0.3 91.21% 61.32%
δ = 0.4 90.43% 61.78%
δ = 0.5 91.72% 61.44%
δ = 0.6 91.47% 62.21%
δ = 0.7 91.28% 62.55%
δ = 0.8 91.32% 62.32%
δ = 0.9 90.20% 61.70%

Table 5: The effect of δ in In-trust. We set α=1 and
β=1 here.

100 samples from the new datasets for manually
verifying. The probability of true negative sam-
ples is 5% in the “Original” CoNLL2003 dataset,
and which reaches to 76% and 82% respectively
with utilizing LMD and NAF methods. While for
OntoNotes4 dataset, the probability is 8% in “Orig-
inal” dataset and which reaches to 72% and 80%
with LMD and NAF. In the WUT-17 dataset, the
probability is 18% in “Original” dataset and which
reaches to 58% and 71% with LMD and NAF.

Result Analysis The accuracy of identifying
noisy samples will greater with the dataset that
model performs better, and the excellent datasets
will benefit the model identify noisy samples.

Dataset Original LMD(our) NAF(our)
CoNLL2003 5% 76% 82%
OntoNotes4 8% 72% 80%

WUT-17 18% 58% 71%

Table 4: The accuracy of identifying noisy samples
is verified manually. We select 100 samples from the
Original train set, LMD and NAF separately, then ver-
ify the proportion of noisy samples manually. And the
“Original” means raw data.

Demonstration of Examples The real noisy
samples in CoNLL2003 and WUT-17 datasets are

shown in Table 3, such as {Soccer - KEANE signs
four-years contract with Manchester United}, the {
Manchester United} is wrongly marked {LOC}.
The { Manchester United } is a football club in
Manchester England, and which should be marked
{ORG}. In addition, the more noisy samples in
datasets are shown in the Appendix C.

5.5 Ablation Experiment

As mentioned in the previous Section 4.1, δ pro-
vides flexibility between the model output distribu-
tion p=p(k|x) and the label distribution q=q(k|x).
In this section, we explore the influence of hyper-
parameter δ, and we conducted experiments on
Weibo NER and CoNLL2003 with α=1 and β=1
to explore how it manipulates the tradeoff. Experi-
mental results are shown in Table 5. The highest F1
on CoNLL2003 datatset is 91.72% when δ is set to
0.5, meanwhile for Weibo NER, the highest F1 is
62.55% when δ is set to 0.7. The optimal value of
δ is different in different noise ratio datasets, and
when there are more noisy samples in the datasets,
δ should be set larger. Because of the noise ratio
of Weibo NER is larger than CoNLL2003 dataset,
the optimal δ value of Weibo NER is larger. The
experiment result of the other hyperparameters α
and β are show in the Appendix B.

6 Conclusion

In this paper, we observe that the existing denois-
ing methods can not effectively distinguish hard
samples from noisy samples, and we proposed a
new method called Noise-Aware-with-Filter (NAF),
which contains LMD mechanism and In-trust loss
function to solve the issues. Specifically, NAF
can effectively improve the discrimination between
hard samples and noisy samples even in the case of
overfitting. In addition, our proposed the Logit-
Maximum-Difference(LMD) mechanism which
maximizes the diversity between different samples
to help the model identify noisy samples. Mean-
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while we design an Incomplete-Trust (LIn−trust)
loss function, which boosts LCRF with a noise ro-
bust Distrust-Cross-Entropy(DCE) term. In order
to verify the effectiveness of our method, we also
conduct manual verification for noisy samples and
the results show that our method has higher accu-
racy on identifying noisy samples. Experiments on
six real-world Chinese and English NER datasets
show that NAF outperforms the previous methods,
and which obtained the state-of-the-art(SOTA) re-
sults on the CoNLL2003 and CoNLL++ datasets.
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A LIn−trust Robustness Proof

We have know LIn−trust is:

LIn−trust=α× CRF+β × LDCE
=α× CRF+β × (−p× log(δp+(1−δ)q)) (9)

And make:a=δp+(1−δ)q
Eq9=α× CRF+β × (−p× log a

=α× CRF

+β
K∑

k=1

(− ∂pk
∂Zj

log ak+(−pk
ak

‘

ak
))

(10)

Meanwhile we have know:
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When k=j:
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When k 6= j:

∂pk
∂Zj

=
0(
∑K

k=1 e
Zj )−eZkeZj

(
∑K

k=1 e
Zj )(

∑K
k=1 e

Zj )

=− eZk
∑K

k=1 e
Zj

eZj
∑K

k=1 e
Zj

=− pkpj

(13)

Gradient Calculation:

LDCE=− p× log(δp+(1−δ)q)
∂LDCE
∂Zj

=(

K∑

k=1

pk × log(δpk+(1−δ)qk))
′

=
K∑

k=1

pk
′
log(δpk+(1−δ)qk)

+
δpkpk

′

δpk+(1−δ)qk

(14)

For the convenience of calculation, we make
a=δpk+(1−δ)qk

∂LDCE
∂Zj

=

K∑

k=1

p‘k log ak+
pka

′
k

ak

=
K∑

k=1

p
′
k log ak+

δpkp
‘
k

ak

=− pj
k∑

k=1

(pk log pk+
δp2k
ak

)

+pj log aj+
δp2j
δaj

(15)

Make bk=pk log ak+
δp2k
ak

∂LDCE
∂Zj

=− pj
K∑

k=1

bk+bj

∂LDCE
∂Zj

=pj

K∑

k=1

bk−bj
(16)

We hypothesis L=pj
∑K

k=1 bk−bj

L
′
=
∂L

∂pj
=

K∑

k=1

bk+pj(
K∑

k=1

bk)
‘−∂bj
∂pj

=
K∑

k=1

bk+(pj−1)
∂bj
∂pj

(17)

And L
′′
=2b

′
+(pj−1)b′′

Meanwhile we can get:

b
′
= log a+

pa
′

a
+
2δp−δp2a′

a2

= log a+
δp

a
+
2δp−δ2p2

a2

= log a+
3δp

a
−(δp

a
)2

(18)

b
′′
=
δ

a
+3δ

(1−δ)q
a2

−2δ2 p
a

(1−δ)q
a2

=
δ

a
+
3δ(1−δ)q

a2
−2δ2p(1− δ)q

a3

(19)

When qj=0 :

L
′′
=2 log(δ + 2)+

p−1
p

=2 log δp+4+1−1

p

=2 log δp+5−1

p

(20)

4801



When p approaches 0 : L
′′
<0

When p approaches 1 : L
′′
=2 log δ+4

E : δ1 ∈ [0, 1], make L
′′
(δ1)>0

Because L
′′

is continuous function, so L
′′

is
Monotone increasing function
E : δ2 ∈ [0, 1], make L

′′
(δ2)=0

So L
′

is Decreasing then increasing function and
the inflection point is only related to δ.

When qj=1 :

b
′
= log a+

3δp

a
−(δp

a
)2

b
′′
=
δ

a
+
3δ(1−δ)q

a2
−2δ2p(1− δ)q

a3

=
δa2+3δa−3δ2a−2δ2p+2δ3p

a3

L
′′
=2b

′
+(pj−1)b

′′

=2 log a+
6δp

a
−2δ2p2

a2
+

δa2p+3δap−3δ2ap−2δ2p2+2δ3p2

a3
+

−δa2−3δa+aδ2a+2δ2p−2δ3p
a3

(21)

Because L
′′

is monotone increasing function
So when p=0:
L
′′
=2 log(1−δ)+−δa2−3δa+3δ2a

(1−δ)3 <0
When p=1:
In order to simplify the calculation, we make

δ=0
So L

′′
=0

When δ>0, and L
′′
>0

So L
′

is Decreasing then increasing function and
the inflection point is only related to δ.

In summary, when q=0 or q=1 :
L
′

is Decreasing then increasing function and
the inflection point is only related to δ.

We know L
′
(p=0)>0 , L

′
(p=1)>0,

and E : µ ∈ [0, 1], make L
′
(p=µ)<0

We observe that when δ is larger, the model tends
to learn from the p of the model output, and when δ
is smaller, the model tends to learn from the label q.
Moreover, when the pj corresponding to the label
is larger and the model output is close to the label
distribution, the acceleration of LDC term is larger,
which makes the model more inclined to learn the
sample, which helps the model learn clean samples.
When pj is small, there is a big gap between the
model output and label distribution. We think that
the sample may be a noisy sample, and the accel-
eration of LDC term is smaller, which makes the

model more inclined to give up the learning of the
sample, and prevents the model from over fitting
the noisy sample.

Figure 8: The relationship between b and p.

B Ablation Experiment Supplement

Dataset CoNLL2003 OntoNotes4
α = 0.1 27.82% 29.56%
α = 0.2 30.37% 34.17%
α = 0.3 32.41% 46.71%
α = 0.4 45.32% 54.31%
α = 0.5 56.23% 68.32%
α = 0.6 74.10% 75.43%
α = 0.7 89.37% 78.32%
α = 0.8 90.21% 80.32%
α = 0.9 91.70% 82.13%

Table 6: Appendix B: The effect of α in In-trust. We
set δ=0.5 and β=1 here.

Dataset CoNLL2003 OntoNotes4
β = 0.1 90.99% 81.05%
β = 0.2 91.15% 80.07%
β = 0.3 91.33% 80.07%
β = 0.4 91.32% 80.09%
β = 0.5 91.67% 81.10%
β = 0.6 91.65% 82.09%
β = 0.7 91.68% 82.15%
β = 0.8 91.72% 82.10%
β = 0.9 91.70% 82.13%

Table 7: Appendix B: The effect of β in In-trust. We
set α=0.6 and δ=0.5 here.
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C noisy samples

dataset noisy samples
TYPE FRN BASE 3M LIBOR PAY DATE S23.SEP.96
O O O B-ORG O O O O
English County Championship cricket matches on Thursday :
B-MISC B-MISC I-MISC O O O O O

CoNLL2003 SOCCER - EUROPEAN CUP WINNERS ’ CUP RESULTS .
O O B-MISC I-MISC I-MISC I-MISC I-MISC O O
Red Star - Vinko Marinovic ( 59th )
B-ORG I-ORG O B-MISC I-MISC O O O
SOCCER - SHARPSHOOTER KNUP BACK IN SWISS SQUAD .
O O O B-PER O O B-MISC O O

Table 8: Appendix C: noisy sample display
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Abstract

Neural biomedical named entity recognition
(BioNER) methods usually require a large
amount of annotated data, while the anno-
tated BioNER datasets are often difficult to
obtain and small in scale due to the limita-
tions of privacy, ethics and high degree of
specialization. To alleviate the lack of train-
ing samples, unlike conventional methods that
only use token-level information, this paper
proposes a method that simultaneously utilize
the latent multi-granularity information in the
dataset. Concretely, the proposed model is
based on a multi-task approach, which lever-
ages different training objectives by introduc-
ing auxiliary tasks, i.e. binary classification,
multi-class and multi-token classification. Ex-
perimental results over three BioNER datasets
show that the proposed model produces better
performance over the BioBERT baseline and
can get more than 3% improvements of F1-
score in low-resource scenarios. Finally, we
released our code at https://github.com/
zgzjdx/MT-BioNER.

1 Introduction

Biomedical named entity recognition (BioNER)
aims to identify entity mentions such as
gene/protein, disease and chemicals from unstruc-
tured text. Such information is useful for down-
stream natural language processing (NLP) tasks
like relation extraction (Zhou et al., 2014), auto-
matic abstracting (Mishra et al., 2014) and question
answering (Athenikos and Han, 2010), etc. Differ-
ent from those named entity recognition (NER)
tasks for general domain like news, BioNER is
particular challenge due to the naming complex-
ity (Liu et al., 2015), large variations in same en-
tity names (Jia et al., 2019; Kim et al., 2019), and
new entity mentions rapidly reported in scientific

*Corresponding author.

Figure 1: Examples from our constructed dataset. In
our work, we designed three auxiliary tasks to help im-
proving the main NER task. Two of them are sentence-
level tasks and the other one is a token-level task. Con-
cretely, the first sentence-level task predicts whether or
not a sentence contains entities; the second sentence-
level task predicts how many entities a sentence con-
tains; and the token-level task predicts whether or not
a given token belongs to a multi-token entity. Clearly,
to support training the auxiliary tasks, additional labels
have been added in our data. However, please note that,
the additional labels could be derived from the original
NER labels and do not need additional manual anno-
tations. In a word, what we have done in this paper
is try to use the multi-granularity information implied
in the original dataset to improve the performance of
BioNER.

publications (Luo et al., 2018). These various fac-
tors lead to the small number and size of current
BioNER datasets. In recent years, neural BioNER
has become a main approach because of its out-
standing performance (Lample et al., 2016; Habibi
et al., 2017; Yadav and Bethard, 2019). Some re-
searchers have investigated introducing multi-task
learning (Crichton et al., 2017; Khan et al., 2020)
and pre-training (Peng et al., 2019; Lee et al., 2020)
to solve the problem of lacking extensive training
data and boost the performance of BioNER model.
However, few of them combined these two methods
together and tried to transfer sentence-level knowl-
edge to tokens (Rei and Søgaard, 2019; Kruengkrai
et al., 2020), which had proven to be effective in
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other domains (Abhishek et al., 2017).
In this paper, we focus on improving BioNER by

exploiting multi-granularity information implied in
the dataset, without depending on additional man-
ually annotated data. As shown in Figure 1, Be-
sides the main sequence labeling task, we employ
three related classification tasks, i.e. a binary clas-
sification task for predicting whether a sentence
contains entities or not, a multi-class classification
task for predicting how many entities a sentence
contains and a multi-token entity classification task
(Hu et al., 2020). In the rest of this paper, these
three tasks will be named bCLS, mCLS and mtCLS,
respectively, while the main task will be named
NER. Our primary motivation is to mine useful
training signals from coarse-grained classification
to guide a more robust and interpretable token-level
representation.

Our key contributions can be summarized as
follows:

• To take full advantage of the implicit informa-
tion contained in NER dataset, we present a
multi-task model for jointly learning sentence-
level and token-level labels, which incorpo-
rates BioBERT (Lee et al., 2020) as text en-
coding layers and shares the hidden states
between different tasks. To the best of our
knowledge, we are the first to introduce dif-
ferent grained-level information in BioNER
domain.

• Experimental results on three datasets show
that our proposed method is effective, espe-
cially in the low-resource scenarios.

• We performed preliminary pair-wise compar-
ison analysis to investigate the relations be-
tween tasks and pointed out that token-level la-
bels are more helpful for sentence-level tasks.
While at the same granularity, high-difficulty
tasks are more helpful to low-difficulty tasks.

2 Related work

Traditional BioNER methods could be divided
into rule- or dictionary-based approaches (Tjong
Kim Sang and De Meulder, 2003; Kulick et al.,
2004; Gerner et al., 2010). And recent works had
shown neural network architecture based BioNER
methods achieved promising results. Habibi et al.
(2017) used a LSTM-CRF model, which was com-
pletely agnostic to entity types. Crichton et al.

(2017), on the contrary, used a CNN-based model
that takes tokens and their surrounding tokens as
input. To solve the label inconsistent problem, Luo
et al. (2018) proposed a Att-BiLSTM-CRF model
and achieved better performance with little feature
engineering.

The neural BioNER system is known to be ex-
tremely data-intensive, while the available training
datasets are relatively small in scale. To tackle
this problem, research has been conducted and lan-
guage models and multi-task learning have been
shown to be effective to deal with this problem (Pe-
ters et al., 2018; Liu et al., 2019). Jia et al. (2019)
proposed a cross-domain NER model, which ex-
tracted knowledge from raw texts through a novel
parameter sharing network. Yoon et al. (2019)
proposed CollaboNet, which consists of multiple
BiLSTM-CRF models where models could send in-
formation to one another for more accurate predic-
tions, and got best F1-score at that time. Although
these studies have exploited additional token-level
information from auxiliary tasks or language mod-
els, they do not consider information from other
levels that contained in the NER dataset.

More recently, a transformer-based (Vaswani
et al., 2017) large-scale pre-training language
model, called BERT (Devlin et al., 2018), led to im-
pressive gains on several NLP benchmarks and the
domain-specific BERTs, such as blueBERT (Peng
et al., 2019), BioBERT (Lee et al., 2020), SciB-
ERT (Beltagy et al., 2019) and PubmedBERT (Gu
et al., 2020), have largely outperformed the previ-
ous state-of-the-art BioNER systems. But research
on multi-task learning based on BERT is still few,
and the association between tasks needed to be fur-
ther explored (Khan et al., 2020; Vu et al., 2020).

The most similar work to ours is the findings
of Kruengkrai et al. (2020). However, they only
focused on introducing one auxiliary task that re-
quires additional manual annotations, while we
attempted to try multiple auxiliary tasks, and our
proposed method did not rely on other additional
annotations, except for BioNER.

3 The proposed model

3.1 Tasks

As mentioned in Section 1, our model involves
four tasks: bCLS, mCLS, mtCLS and NER. The
goal is to optimize the token-level representa-
tion of BioBERT by introducing auxiliary tasks
(bCLS, mCLS, mtCLS) and improve the perfor-
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Figure 2: The input and output descriptions of the proposed model. Actually, our model involve three input
embeddings and four outputs, and we adopt two special token [CLS] and [SEP] to represent the beginning and the
end of the input sentence, respectively.

Figure 3: The architecture of our multi-task BioBERT-
based model that can jointly learn sentence-level and
token-level labels.

mance of the main task (NER). The pre-training
model BioBERT are shared across all tasks by hard
parameter sharing (Ruder, 2017). The input se-
quence and output labels of our proposed model
are represented in Figure 2. Given a sentence
X = {x1, ..., xi, ..., xn}, where xi is a token, n
is the length of the input sequence. The first token
of each X is always a special classification embed-
ding [CLS] and the transformer encoder module
maps X into a sequence of input embedding vec-
tors, which are the sum of the token, segment and
position embeddings. The detailed description of
each task is shown as follows. bCLS: This is a
sentence-level binary classification task. Given X ,
the goal is to predict whether it contains entities
or not. In some cases, for X that do not contain
entities, the model may incorrectly predicts that it
contains entities. Or for X that contains entities,
the model may incorrectly predicts that it not con-
tain entities. Therefore, we design bCLS task with
the hope of solving this problem by introducing a
global guidance information.

mCLS: This is a sentence-level multi-
classification task. Given X , the goal is to predict
how many entities it contains. To balance label
numbers, this paper set mCLS as a 4-classification
task, which X contains 0, 1 and 2 entities is set to
0, 1 and 2, respectively, while X with more than
2 entities are all set to 3. Compared with bCLS,
mCLS is more difficult and we introduce this task
to alleviate the under- or over-recognition entity
problem.

mtCLS: Multi-token classification is a token-
level 3-classification problem. Given xi in X , the
goal is to predict whether it belongs to a multi-
token entity like “brain disease” or a single-token
entity like “peroxydase” or neither. Our motivation
for introducing this task is that if the model knows
whether xi is multi-token entity or single-token
entity or neither, it can alleviate the entity boundary
problem.

NER: Given X , NER aims to predict corre-
sponding labels Y = {y1, ..., yi, ..., yn}, where yi
is predefined and differs according to the annota-
tion scheme such as BIO and BIOES. We use this
main task to measure the model performance and
effectiveness of auxiliary tasks.

3.2 Architecture

The overall architecture of our proposed model
is shown in Figure 3, which mainly includes two
parts: the shared encoder and task-specific layers.
We use multi-task learning to jointly train the main
task and auxiliary tasks, which has been shown ef-
fective for transferring knowledge among multiple
tasks (Yoon et al., 2019). For the shared encoder,
we take cased BioBERT-base v1.11 as feature ex-
tractor and hard shared its parameters. Set X as an
input sequence, where xi denotes the i− th token

1https://github.com/naver/biobert-pretrained
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in X . We represent each xi using the pre-trained
BioBERT embeddings hi ∈ Rd, where d is the
dimension of hidden states. And the task-specific
layers have independent parameters, which include
a project layer and a classifier for generating out-
puts. We use the output of the shared encoder,
i.e. H = {h1, ..., hi, ..., hn}, as the input of task-
specific layers for both sentence- and token-level
tasks, as described in detailed as follows.

Sentence-level tasks. As mentioned in subsec-
tion 3.1, bCLS and mCLS are two sentence-level
classification tasks. Different from the standard
BERT-based classification models, which optimize
the [CLS] token (Sun et al., 2019) to perform clas-
sification. Our model aims at optimizing the token
representations of the shared encoder by sentence-
level labels. Therefore, we created a fixed size
vector by applying mean/max pooling (Reimers
and Gurevych, 2019) over H , which encourages
the model to capture the most useful local features
encoded in hidden states. Finally, the probability of
class k is predicted by a linear layer and a logistic
regression with softmax.

P (m|X) = softmax(Wh+ b) (1)

where h ∈ Rd is the pooling output of model, W ∈
Rd×m and b ∈ Rm are trainable weight matrix and
bias. m denotes the number of category labels,
which is 2 for bCLS and 4 for mCLS. Finally, the
loss for our sentence-level task is calculated as
follows:

LS = −
∑

m

σ(ym = ŷ)log(P (m|X)) (2)

where σ(ym = ŷ) = 1 if the classification ŷ of
X is the right ground-truth label for the class m.
Otherwise, σ(ym = ŷ) = 0.

Token-level tasks. As mentioned in subsection
3.1, mtCLS and NER are two token-level classifica-
tion tasks2. Given the dataset D, which consists of
N training samples, i.e. D = (xj , yj)

N
j=1, where

j denotes the sentence index in D. To train the
token-level tasks, we minimize the negative log-
likelihood of the correct label sequences over D
with the loss function defined as follows:

LT = − 1

N

N∑

j=1

log(P (yj)|Hj) (3)

2Generally, NER was treated as a sequence labeling prob-
lem. However, for a fair comparison with previous works,
instead of using sequence labeling algorithms such as Condi-
tional Random Field (CRF) (Wallach, 2004) in task-specific
layers, we still use softmax for token-level tasks.

Algorithm 1 Training a MT-BioBERT model

Initialize: Model parameter of shared layers
θBioBERTi by BioBERT and task-specific layer
θtaski randomly. Max epochs, max sequence
length, learning rate, etc.

Input: Dataset D
1: shuffle D
2: for each epoch in epochmax do
3: for each bt in D do
4: # bt is a mini-batch of D
5: Compute Loss: L(θ) = αL(θ)ner +
βL(θ)mtCLS + γL(θ)bCLS + δL(θ)mCLS

6: L(θ)bCLS = Eq.2 for binary classifica-
tion

7: L(θ)mCLS = Eq.2 for multi-class classi-
fication

8: L(θ)ner = Eq.3 for sequence labeling
9: L(θ)mtCLS = Eq.3 for multi-token clas-

sification
10: Compute gradient ∆θ

11: Update model θ = θ − ε∆θ

12: end
13: end

Dataset Sentences Entity Type and Counts
BC2GM 20,131 Gene/Protein (24,583)

BC5CDR 13,938
Chemical(15,935),
Disease(12,852)

NCBI 7,287
Disease(6,881),
Gene/Protein(35,336)

Table 1: Dataset description. We use BC2GM (Smith
et al., 2008), BC5CDR (Li et al., 2016) and NCBI
(Doğan et al., 2014) to conduct our experiments.

where Hj ∈ Rn×d is the hidden state of xj .
Algorithm 1 provides the procedure for our cross-

task joint training method, where α, β, γ, δ are
hyper-parameters. Moreover, the final loss of the
proposed model is calculated by weighted sum-
ming the losses of different tasks.

4 Experiments

4.1 Datasets
We evaluated the performance of proposed ap-
proach on three benchmark datasets3 used by Wang
et al. (2019b); Yoon et al. (2019); Lee et al. (2020);
Khan et al. (2020). Table 1 gives the statics of these
datasets. Following previous works, we merged the

3https://github.com/cambridgeltl/MTL-Bioinformatics-
2016
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Model
BC2GM BC5CDR-chem NCBI-disease

P R F1 P R F1 P R F1
Baseline systems

Habibi et al. (2017) 81.57 79.48 80.51 87.60 86.25 86.92 86.11 85.49 85.80
Sachan et al. (2018) 81.81 81.57 81.69 88.10 90.49 89.28 86.41 88.31 87.34
Devlin et al. (2018) 81.17 82.42 81.79 90.94 91.38 91.16 84.12 87.19 85.63
Wang et al. (2019b) 82.10 79.42 80.74 93.09 89.56 91.29 85.86 86.42 86.14
Yoon et al. (2019) 80.49 78.99 79.73 94.26 92.38 93.31 85.48 87.27 86.36
Khan et al. (2020) 82.10 84.04 83.01 88.46 90.52 89.48 86.73 89.70 88.19
Beltagy et al. (2019) - - 83.36 - - 92.51 - - 88.25
Gu et al. (2020) - - 83.82 - - 92.85 - - 89.13
SOTA (Lee et al., 2020) 85.16 83.65 84.40 93.27 93.61 93.44 89.04 89.69 89.36
SOTA* 83.57 85.22 84.38 92.98 94.24 93.60 87.83 90.21 89.00

Our methods
Ours CLS 83.21 85.00 84.09 92.95 94.28 93.61 88.29 90.31 89.29
Ours MEAN 84.31 83.78 84.04 94.08 93.24 93.66 87.75 91.77 89.71
Ours MAX 84.42 85.14 84.78 93.29 94.69 93.98 88.90 90.94 89.91

Table 2: Model performance comparison on the three benchmark datasets, where SOTA* is our reproduce results
of BioBERT, Ours CLS uses the [CLS] token for sentence-level tasks and Ours MEAN or Ours MAX adopts the
mean or max pooling strategy for sentence-level tasks, respectively.

Dataset Metric
FULL-SIZE 50%-SIZE 25%-SIZE 10%-SIZE

CS-MTM SOTA Ours CS-MTM SOTA Ours CS-MTM SOTA Ours CS-MTM SOTA Ours
BC2GM P 83.21 85.16 84.42 79.37 82.21 81.78 79.44 80.15 80.82 72.95 75.27 76.60

R 85.74 83.65 85.14 85.05 83.73 84.52 78.98 81.60 82.56 75.39 79.27 79.32
F1 84.41 84.40 84.78 82.12 82.96 83.13 79.21 80.87 81.68 74.15 77.22 77.93

BC5CDR-chem P - 93.27 93.29 - 91.97 92.00 - 89.99 91.38 - 89.78 90.29
R - 93.61 94.69 - 92.37 93.96 - 92.48 93.30 - 90.90 91.33
F1 - 93.44 93.98 - 92.17 92.97 - 91.22 92.33 - 90.34 90.81

NCBI-disease P 86.59 89.04 88.90 84.72 85.77 92.50 81.00 81.22 83.96 79.32 79.69 83.65
R 86.42 89.69 90.94 84.76 91.67 86.04 81.00 88.33 90.52 74.40 80.52 83.13
F1 86.50 89.36 89.91 84.74 88.62 89.16 81.00 85.79 87.12 76.68 80.10 83.39

Table 3: Impacts of the dataset size. We keep the test set unchanged and only cut the training set.

training and developing sets for the model training.
As a part of the data preprocessing step, token la-
bels were encoded using the standard BIO scheme
(Reimers and Gurevych, 2017). In this scheme,
for example, a token describing a disease entity is
tagged with ”B-Disease” if it is at the beginning of
the entity, and ”I-Disease” if it is inside the disease
entity. Other tokens that not describing entities of
interest are tagged as ”O”.

4.2 Settings

Following the work of Peng et al. (2020), all
datasets are trained with the batch size of 32, maxi-
mum sequence length of 256 and a dropout (Srivas-
tava et al., 2014) with the probability of 0.1 after
the shared encoder. We use the Adam optimizer
(Kingma and Ba, 2014) with a learning rate 5e−5
for BC2GM, BC5CDR-chem and 1e−5 for NCBI-
disease. The training procedure contains 50 epochs

for BC2GM, BC5CDR-chem and 100 epochs for
NCBI-disease. A linear learning rate decay sched-
ule with warm-up over 0.1, and a weight decay of
0.01 applied to every epochs of the training by fol-
lowing Liu et al. (2019). Finally, all models were
trained on NVIDIA RTX TITAN and used standard
F1 metrics4 to evaluate the overall performance.

4.3 Performance

We compare our model with single-task models,
such as LSTM-CRF (Habibi et al., 2017), BiLM-
NER (Sachan et al., 2018), domain-specific BERTs
(Devlin et al., 2019; Beltagy et al., 2019; Gu et al.,
2020) and multi-task models, such as MTM-CW
(Wang et al., 2019b), CollaboNET (Yoon et al.,
2019), MT-BioNER (Khan et al., 2020).

Table 2 shows the overall performance of our
model compared with the existing approaches on

4https://github.com/chakki-works/seqeval
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Model
Dataset
BC2GM BC5CDR-chem NCBI-disease
P R F1 P R F1 P R F1

Ours 84.42 85.14 84.78 93.29 94.69 93.98 88.90 90.94 89.91
w/o bCLS 83.72 84.71 84.21 92.82 94.06 93.43 87.41 91.14 89.24
w/o mCLS 84.48 84.28 84.39 93.82 93.67 93.75 88.12 91.15 89.61
w/o mtCLS 83.44 84.82 84.12 93.98 93.57 93.78 87.48 91.67 89.52
w/o Joint 83.68 83.26 83.47 93.41 92.88 93.14 87.30 89.48 88.37

Table 4: Ablation study results, where w/o Joint means using the training strategy of MT-DNN (Liu et al., 2019)
to replace our training algorithm.

Dataset Model Result

BC2GM
BioBERT They are growth – inhibited by TGF - beta1 .
Ours They are growth – inhibited by TGF - beta1 .

BC5CDR-chem
BioBERT

Anaesthesia with a propofol infusion and avoidance of serotonin
onists provided a nausea - free

Ours
Anaesthesia with a propofol infusion and avoidance of serotonin
onists provided a nausea - free

NCBI-disease
BioBERT

We conclude that paternal transmission of congenital DM is rare
and preferentially occurs with onset of DM ...

Ours
We conclude that paternal transmission of congenital DM is rare
and preferentially occurs with onset of DM ...

Table 5: Case study on three datasets, where words in red and in green represent incorrectly and correctly recog-
nized entities, respectively.

the three benchmark datasets, where the current
SOTA model is BioBERT. In line with the ex-
pectations, Ours MAX, which uses the max pool-
ing strategy, achieved the best results, with the
improvements of 0.40, 0.37 and 0.91 F1-scores
for the three datasets, respectively. On the con-
trary, Ours CLS and Ours MEAN achieved neg-
ative results from our experiments. The above-
mentioned phenomenon is consistent with Reimers
and Gurevych (2019); Kruengkrai et al. (2020). An-
other interesting result is that our best model also
achieves higher recall score than all the other ap-
proaches expect SOTA* result in BC2GM, which
indicates that the introducing of coarse-grained
tasks helps the model to predict more positive re-
sults.

To simulate low-resource scenarios, we also used
the reduced training datasets by randomly remov-
ing sentences in training sets, while test sets are not
modified. As shown in Table 3, CS-MTM was
a multi-task model with cross-sharing structure
proposed by Wang et al. (2019a), we record the
performance of different situations and the best
F1-score for each resource size are bolded. When
training sets are reduced and test sets are kept, the

missing information in removed sentences make
all models produce worse results. However, for
50%-size, 25%-size and 10%-size datasets, our
model can get an average of 0.56, 0.79 and 1.72
F1-score improvements over the BioBERT, which
demonstrates our designed auxiliary tasks can reg-
ularize model to generate more robust token-level
representations. For BC2GM, BC5CDR-chem and
NCBI-disease in all data size, our model can get
an average of 0.47, 0.95 and 1.26 improvements
in F1-score, which the largest improvement is ob-
served on NCBI-disease. The smaller the training
set is the larger improvement could achived by our
model. This finding proves our method is more
effective in low-resource scenarios. Specifically,
on 10%-size NCBI-disease, our model can get 3.29
F1-score improvements over the BioBERT.

To prove that our joint training algorithm is ef-
fective, we plot the performance curve of different
tasks, which can be found in Figure 4. Moreover,
different task combinations can produce different
results in multi-task learning. To measure the im-
pact of our designed auxiliary tasks and training al-
gorithm, we conducted ablation studies and showed
in Table 4.
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Figure 4: Performance curves for different tasks of our
proposed model. Where x-axis is the number of train-
ing epoch and y-axis is F1-score. During the model
training process, the tasks complement each other and
gradually converge.

From the results of the ablation experiment, re-
moving the joint training algorithm leads to a con-
sistent drop in the F1-scores. Compared with the
results of Liu et al. (2019), Khan et al. (2020) and
Peng et al. (2020), we point out that multi-task
learning algorithms such as MT-DNN require a
large amount of training data to achieve improve-
ments. Furthermore, all of the auxiliary tasks are
helpful to the main task but the impact of different
tasks vary. Specifically, mtCLS is the best part-
ner for BC2GM dataset and bCLS can bring the
most improvement for BC5CDR-chem and NCBI-
disease dataset. This phenomenon shows that dif-
ferent BioNER datasets have different recognition
difficulties. For example, the recognition difficulty
of BC2GM may mainly related to entity bound-
ary problem, while the recognition difficulty of
BC5CDR-chem and NCBI-disease is the entity
sparsity problem. Therefore, for BC5CDR-chem
and NCBI-disease, the model trends to incorrectly
recognize entities in sentences that do not contain
entities. This finding is consistent with our statis-

tical results, where such cases are 2.38%, 2.71%
and 2.87% on the three datasets, respectively. Com-
pared to bCLS, mCLS is less helpful. This implies
that the effect of auxiliary tasks in multi-task lean-
ing is closely related to their performances. In fact,
the classification performances of mCLS are lower
than that of bCLS due to its higher difficulty.

4.4 Case study
Table 5 shows the case study of three datasets. The
BC2GM example showed the effect of bCLS task
in that our model could correctly recognize the en-
tity “TGF - beta1” while the BioBERT model fails.
In the BC5CDR-chem example, the input sentence
contains two entities “propofol” and “serotonin”,
and the BioBERT model could only identify one
of them, while our model could correctly recog-
nize two entities by incorporating the mCLS task.
For the NCBI-disease example, “congenital DM”
is a multi-token entity and “DM” is a single-token
entity. It could be found that without the help of
the mtCLS task, the BioBERT model could not
capture such difference and incorrectly recognized
two “DM”. Overall, these examples confirm that
supervised objectives at different granularities, i.e.
global information and local information, can be
combined to help producing better representations.

Although the case study show that our model
with auxiliary tasks outperformed the BioBERT
model, these tasks can not completely solve the
above problems due to their coarser granularities.
Take the bCLS task as an example, the model could
noticed that current input sentence contains entities
by sentence-level label, but still may trapped in the
number of entities or entity boundary.

4.5 Impacts of the task relationship
In this subsection, we would like to preliminary
study the relationship between different tasks
in the same domain, such as the interaction be-
tween sentence-level tasks and token-level tasks,
and whether or not tasks could help one other.
Therefore, we conducted pair-wise comparison ex-
periments, as shown in Figure 5, where x-axis is
the secondary task and y-axis is the main task.

First, we point out the token-level labels are
more helpful for the sentence-level tasks. For
mCLS, it can get an average improvement of
0.79%, 0.54% and 0.15% on the three datasets by
taking mtCLS, NER and bCLS as auxiliary tasks,
respectively. Considering that mtCLS and NER are
token-level tasks and bCLS is a sentence-level task,
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Figure 5: Results of the pair-wise experiments of our
model on three datasets.

the results suggest that the coarse-grained tasks can
significantly benefit from fine-grained tasks. This
finding could be used to guide the choosing of the
tasks for multi-task learning.

Second, the same granularity of information also
contributes to each other. Concretely, bCLS and
mCLS can get an average improvement of 0.39%,
0.15% from mCLS and bCLS, respectively. And
mtCLS and NER can get an average improvement
of 0.42%, 0.22% from NER and mtCLS, respec-
tively. Meanwhile, the difficulty of task is also a
factor that affects the effectiveness of multi-task
learning, in that bCLS gets 0.24% more improve-
ments compared to mCLS, and mtCLS gets 0.20%
more improvements compared to BioNER.

In addition, the same task combinations per-
forms differently on different datasets. For exam-
ple, the combinations of mtCLS and mCLS got neg-
ative results of -0.25% and -0.33% on the BC2GM
and BC5CDR-chem datasets, while achieved 1.3%
boost on the NCBI-disease dataset. We guessed it
may related to the transferability of specific dataset.
So we visualized the task embedding of three
datasets, which were generated with the method5

proposed by Vu et al. (2020), using T-SNE (Belk-
ina et al., 2019) dimension reduction algorithm and
showed the results in Figure 6. From the visual-

5https://github.com/tuvuumass/task-transferability

Figure 6: A 2D visualization of the tasks space.

ization results, we found that the embedding dis-
tance between the same tasks (e.g., BC2GM-bCLS,
BC5CDR-chem-bCLS, NCBI-disease-bCLS) or
the same type of tasks is closer (e.g., NER and
mtCLS, bCLS and mCLS). And the embedding
distance between different types of tasks is farther
(e.g., bCLS and NER), but more specific relations
need further exploration.

5 Conclusion

In this work, we investigated whether coarse-
grained label could benefit the token-level repre-
sentation for BioNER. We had shown that the pro-
posed BERT-based jointly sentence and token label
model was valid without using external data and
hand-crafted feature for BioNER in three datasets:
BC2GM, BC5CDR-chem, NCBI-disease. Finally,
we preliminary discussed the correlation between
main task and auxiliary task.

For multi-task learning, describing and reason-
ing about the relations between tasks through ex-
periments require an amount of computational re-
sources. In future work, with domain related in
mind, we will explore efficient methods for gener-
ating vectorial representations to measure the rela-
tionship between different NLP tasks.
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Abstract

Pruning has been demonstrated as an effective
way of reducing computational complexity for
deep networks, especially CNNs for computer
vision tasks. In this paper, we investigate
the opportunity to accelerate the inference
of large-scale pre-trained language model via
pruning. We propose EBERT, a dynamic struc-
tured pruning algorithm for efficient BERT in-
ference. Unlike previous methods that ran-
domly prune the model weights for static in-
ference, EBERT dynamically determines and
prunes the unimportant heads in multi-head
self-attention layers and the unimportant struc-
tured computations in feed-forward network
for each input sample at run-time. Experimen-
tal results show that our proposed EBERT out-
performs other state-of-the-art methods on dif-
ferent tasks.

1 Introduction

In the last few years, transformer-based (Vaswani
et al., 2017) large-scale pre-trained language mod-
els, such as BERT (Devlin et al., 2019), RoBERTa
(Liu et al., 2019), and GPT-3 (Brown et al.,
2020), have achieved state-of-the-art results on
many NLP tasks, including language understand-
ing, question answering, and reading comprehen-
sion. Most recently, researchers also successfully
applied transformer-based models to computer vi-
sion tasks, achieving comparable or superior perfor-
mance compared to traditional convolutional net-
works. For example, Carion et al. (2020) propose
detection transformer (DETR) for object detection,
Dosovitskiy et al. (2021) design a transformer-
based model, namely Vision Transformer (ViT),
for image classification. However, due to the no-
table computational complexity and memory foot-
print, it is difficult for these models to deploy on
hardware platforms under moderate computing and
resource budget. Therefore, how to reduce model

complexity to enable efficient inference for large-
scale pre-trained language models is a critical issue.

Pruning is a commonly used technique for net-
work compression, which has been widely explored
to reduce computation and storage requirements of
convolutional neural networks for computer vision
tasks (Han et al., 2015, 2016; Li et al., 2016). How-
ever, can transformer-based models benefit from
pruning? Michel et al. (2019) observe that a large
percentage of attention heads can be removed with
negligible performance drop, which indicates that
the importance of different heads in same layer is
different. Sanh et al. (2020) propose a simple, deter-
ministic first-order weight pruning method which
can prune lots of parameters with minimal accuracy
loss. Although these methods are able to reduce
the memory footprint, they cannot achieve real per-
formance gain on general-purpose hardware, such
as GPGPU, due to the unstructured sparsity after
pruning.

Adaptive inference strategy is also proposed to
accelerate the inference of BERT. It is based on two
observations: 1) the input samples usually have dif-
ferent levels of difficulty. For a given model, it
may over-calculate the simple samples while fail
in complex samples (Liu et al., 2020); 2) similar
to convolutional neural networks, the lower and
higher layers of transformer extract different infor-
mation, and features provided by the intermediate
layers may be enough for some samples (Xin et al.,
2020). FastBERT (Liu et al., 2020) and DeeBERT
(Xin et al., 2020) are two state-of-the-art adaptive
inference models for compressing BERT. Both of
them insert extra classification layers between each
layer of the network. During inference, each input
sample only goes through part of model when the
outputs of extra classifiers meet predefined criteria
like entropy and uncertainty. Because the number
of executed layers is reduced, real speedup can be
achieved. However, skipping all the computations
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of the remaining layers may be harmful to the ac-
curacy.

In this paper, we propose EBERT, a hardware-
friendly, simple yet effective algorithm that incor-
porates structured pruning with adaptive inference
for efficient BERT inference. Specifically, EBERT
inserts predictors for self-attention sub-layer and
feed-forward sub-layer in each transformer block,
as illustrated in Figure 1. During inference, the
predictors dynamically determine which heads of
self-attention layers and channels of feed-forward
network can be pruned according to current in-
put. Once a head or a channel is pruned, the cor-
responding computations and memory cost can be
completely avoided. Compared with static pruning
methods that permanently prune some parameters,
it can avoid prune important parameters for cur-
rent input samples which will cause large perfor-
mance drop. To the best of our knowledge, it’s the
first time to apply dynamically structured pruning
to BERT. Experimental results on different bench-
mark demonstrate that the proposed EBERT can
achieve better trade-off between computation re-
duction and accuracy.

2 Related Work

Adaptive inference. As different input samples
usually have different levels of difficulty, using
fixed-size model to process all samples may be
non-optimal in terms of computational efficiency.
Therefore, the main goal of adaptive inference is to
adaptively skip part of the computations according
to each input sample to reduce complexity. Fast-
BERT (Liu et al., 2020) adds student classifiers
to the output of each transformer block and use
self-distillation strategy to improve performance.
The model architecture of DeeBERT (Xin et al.,
2020) is similar to FastBERT, but it use entropy
of output to decide whether to exit at early stages.
PABEE (Zhou et al., 2020) proposes a novel early-
exit criterion that dynamically stops forward com-
puting when the output of internal classifiers keep
unchanged for a pre-defined number of steps.

Pruning. Pruning is an intuitively simple yet ef-
fective technique for model compression, which re-
moves unimportant computations based on certain
criterion. Michel et al. (2019) observe that a large
percentage of attention heads can be removed with
negligible performance loss and propose a greedy
pruning algorithm. Compressing BERT (Gordon
et al., 2020) explores the effect of unstructured
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Figure 1: The overall architecture of EBERT. For each
input sentence, the predictor dynamically determines
which heads or channels can be pruned.

weight pruning with different levels of pruning and
different training stages. McCarley et al. (2019) in-
vestigate the relationship between structured prun-
ing and task-specific distillation. SNIP (Lin et al.,
2020) proposes a structured pruning method to pe-
nalize an entire residual module in Transformer
model toward an identity mapping.

Distillation. Knowledge Distillation (Hinton
et al., 2015) is an effective technique to get light
models from heavy models without sacrificing too
much performance. DistilBERT (Sanh et al., 2019)
leverages knowledge distillation at pre-training
phase to get a lighter pre-trained model, then di-
rectly fine-tunes on downstream tasks. BERT-PKD
(Sun et al., 2019) proposes an incremental knowl-
edge extraction process. Apart from learning from
the final output of teacher model, student model
also patiently learns from intermediate layers. Tiny-
BERT (Jiao et al., 2020) performs distillation at
both the pre-training and task-specific fine-tuning
phase. Data augmentation is also used to improve
the accuracy of student model.

3 Methods

In this section, we will first introduce the architec-
ture of EBERT. As shown in Figure 1, it can be
divided into BERT branch and predictor branch.
Then we will describe the training and inference in
details.
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3.1 BERT Branch
The architecture of BERT consists of three parts:
the embedding layer, multi-layer bidirectional
Transformer encoders and the task-specific clas-
sification layer. Given an input sentence S =
[s0, s1, ..., sn] with length n, where s0 is usually
a special classification token [CLS], the embed-
ding layer will transform it to a sequence of vector
representations:

E = Embedding(S), E ∈ Rn×d (1)

The Transformer encoder contains two sub-
layers: multi-head self-attention (MHA) layer and
position-wise fully connected feed-forward net-
work (FFN),

Hi = LN(MHA(Zi−1) + Zi−1)

Zi = LN(FFN(Hi) +Hi)
(2)

where i = 1, 2, ..., L andZ0 = E. LN is the Layer
Normalization operation.

The final component of BERT is a task-specific
classification layer. It accepts the representation to
[CLS] token as input to generate final results, as:

O = Classifier(ZL[0, :]) (3)

3.2 Predictor Branch
In order to prune unimportant heads and channels
for individual input sentence, we add predictors
for MHA and FFN in each layer, respectively. The
predictor consists of two feed-forward layer, one
batch normalization layer and a ReLU activation
layer, as depicted in Figure 2. The output t of the
second feed-forward layer will be transformed to a
0-1 mask by a function f(·):

t = FC2(ReLU(BN(FC1(x))))

m = f(t),m ∈ {0, 1} (4)

where x = Z[0, :]. It means that the input of pre-
dictor is only [CLS] representation. This choice
is based on two reasons. 1) Overhead. Although
using the whole representation of input sentence
may improve the performance of predictors, the
amount of computations increases linearly with the
sentence length n. When n is large, the computa-
tional overhead of predictors can not be ignored.
2) Representation ability. Because the final hid-
den state to [CLS] token in the last transformer
block is used in task-specific classifier to generate
classification results, we assume that [CLS] repre-
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sentation encodes most of the useful information
of the sentence. Note that the representation to
[CLS] token in the first MHA is independent with
the input sentence, so we use average pooling of
MHA as input.

Intuitively, t represents the probability of heads
or channels being selected. In order to train the
model end-to-end with back propagation, Gumbel-
Softmax trick (Jang et al., 2017; Maddison et al.,
2016) is adopted in our model. Given class prob-
abilities π1, π2, ...πn, discrete samples z can be
drawn as:

z = one hot(argmax
i

[gi + logπi]) (5)

where gi is a sample drawn from a Gumbel distri-
bution. Gumbel-Softmax trick replaces argmax
operation with a softmax function, which is a con-
tinuous differentiable approximation to argmax:

yi =
exp((log(πi) + gi)/τ∑k

j=1 exp((log(πj) + gj)/τ)
(6)

As the value of mask m is binary (0 for
prune and 1 for preserve), we can simplify the
Gumbel-Softmax formulation (Verelst and Tuyte-
laars, 2020). For the output t[i] ∈ (−∞,∞), we
can convert it to probabilities π1 and π2 by using a
sigmoid function σ:

π1 = σ(t[i])

π2 = 1− σ(t[i]) (7)

Substituting (7) into (6), we can get:

y1 = σ(
t[i] + g1 − g2

τ
)

y2 = 1− y1
(8)

As y1 < y2 means the head or channel will be
pruned, the final formulation is:

f(t[i]) =

{
1, if y1 > 0.5

0, otherwise
(9)

3.3 Training
The entire training process can be divided into three
stages: fine-tune the BERT branch, joint train both
branches, and re-train the BERT branch.

Fine-tuning. In the first stage, only BERT
branch is fine-tuned on downstream tasks with loss
Ltask. The training strategy is the same as BERT
in (Devlin et al., 2019).

Joint Training. In this stage, we jointly train the
pre-trained BERT branch and randomly initialized
predictor branch to make the average ratio of re-
maining Floating-point operations (FLOPs) reach
a target value Ct ∈ [0, 1]. In order to achieve this
goal, we add a loss to minimize the difference be-
tween real computational cost of the whole network
and Ct:

Ls =
(
Fc
Fo
− Ct

)2

(10)

Where Fo is the FLOPs of original network, and
Fc is the average FLOPs of current model in a
mini-batch.

In addition to the FLOPs constraint, we also add
extra loss function to control the sparsity of each
MHA and FFN, as in (11). The purpose is to avoid
high sparsity of some layers that is harmful to the
accuracy of the model.

LM =
1

L

L−1∑

l=0

(
F lMc
F lMo

− Ct
)2

LF =
1

L

L−1∑

l=0

(
F lFc
F lFo
− Ct

)2
(11)

where F lMc and F lMo refer to the FLOPs of l-th
MHA in current model and original model. The
definition of F lFc and F lFo is similar. The final loss
to be optimized is then given by

L = Ltask + λ1Ls + λ2(LM + LF ) (12)

where λ1 and λ2 control the magnitude of task and
sparsity loss, respectively.

Re-training. As different input samples usually
activate different parts of heads, the total update of
a particular head is less than that of regular training
process. As a result, the heads are probably not
trained sufficiently. So do the channels in FFNs.
Therefore, in this stage, we freeze the parameters
of predictors and only re-train the BERT branch.

3.4 Inference
The computation flow during inference is shown in
Figure 2. Given an input sequence, the predictor
generates a mask by using the representation to
[CLS] token. For MHA, heads with mask ’0’ will
not be executed. For FFN, as matrix-matrix mul-
tiplication can be transformed to multiple matrix-
vector multiplications, we only need to complete
part of computations where vector’s mask is not
zero.
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BERT-base L=12, h=12, d=768, di = 3072

Predictors 768 −→ 64 −→ 12
Predictorf 768 −→ 64 −→ 3072

Table 1: The detailed setting of BERT and Predictors.
RoBERTa is with the same setting.

Note that the exponential operation in (8) is typ-
ically expensive on hardware. Fortunately, this
formulation can be simplified during inference by
removing Gumbel noise. f(·) now can be rewritten
as:

f(t[i]) =

{
1, if t[i] > 0

0, otherwise
(13)

4 Experiments

4.1 Setup

Datasets and Metrics. To verify the effective-
ness of EBERT, we conduct experiments on four
classification tasks from GLUE benchmark (Wang
et al., 2018): Multi-Genre Natural Language Infer-
ence Matched/Mismatched (MNLI-m/mm), Quora
Question Pairs (QQP), Question Natural Language
Inference (QNLI) and Stanford Sentiment Tree-
bank (SST-2). We exclude other tasks as the results
have large variance due to the number of train-
ing examples is very small (less than 9k). MNLI-
m/mm, SST-2 and QNLI use accuracy as metric,
while the average of F1 and accuracy is used for
QQP.

Furthermore, we also conduct experiments on
SQuAD1.1 (Rajpurkar et al., 2016) and SQuAD2.0
(Rajpurkar et al., 2018), both of which are large-
scale reading comprehension datasets. SQuAD1.1
consists of more than 100k questions, and the an-
swer to each question is a segment of text from
the corresponding reading passage. SQuAD2.0 is
more difficult as it contains over 50k unanswerable
questions. We mainly report Exact Match (EM)
and F1 scores.

Implementation details. We apply the proposed
methods to both BERT-base and RoBERTa-base,
and implement them with the HuggingFace Trans-
formers Library (Wolf et al., 2020). The detailed
setting of BERT and predictors is shown in Table 1.
Figure 3 shows the ratio of FLOPs and parame-
ters of each operation in one encoder. We can find
that the extra cost of the predictors is very small.
All experiments are completed on a single Nvidia
GeForce RTX2080Ti GPU.

MHA, 
35.12%

Predictor_s, 
0.01%

FFN, 
64.84%

Predictor_t, 
0.03%

MHA, 
32.00%

Predictor_s, 
0.68%

FFN, 
63.99%

Predictor_t, 
3.33%

(a) #Params (b) #FLOPs

Figure 3: The ratio of FLOPs and parameters of each
operation in one encoder.

For the GLUE benchmark, we set batch size
to 32, learning rate to 3e-5, training epochs to 3
while other hyperparameters are kept unchanged
from the library for all downstream tasks at back-
bone fine-tune stage. During joint training, we use
λ1 = 4, λ2 = 20 for BERT while λ1 = 2, λ2 = 10
for RoBERTa. The learning rate for predictors’
parameters is 0.02 and 0.01, respectively. The hy-
perparameters in the third stage is the same as the
first stage.

For SQuAD1.1 and SQuAD2.0, the batch size
is 12, learning rate is 3e-5 and training epoch is 2.
Other settings are consistent with those for BERT
on GLUE benchmark.

Baseline. In order to evaluate the effectiveness
of EBERT, we implement a Top-k version of BERT
that f(·) is as (14). We keep the sparsity of each
layer the same, so the value of k can be decided by
Ct. What’s more, for a certain k, the sparsity is a
fixed value, so no extra loss need to be added. The
training objective is just Ltask. The training meth-
ods is the same as EBERT with Gumbel-Softmax.

f(t[i], k) =

{
1, if t[i] ∈ topk(t)
0, otherwise.

(14)

For convenience, in the following sections we
will use the subscript t to represent Top-k version
and use subscript g for Gumbel-Softmax version.

4.2 Results on the GLUE benchmark
The main results of our proposed method on the
development set of GLUE benchmark are shown
in Figure 4. For BERT-base, the results of Gumbel-
Softmax is always better than Top-k with the
same or even smaller ratio of remaining FLOPs
on four tasks. For example, when remaining 50%
FLOPs, EBERTg only drops 0.6% on QQP task,
while EBERTt drops 1.8%. On the MNLI task,
EBERTg’s accuracy with 77% remaining FLOPs
is higher than the accuracy of EBERTt with 81%
remaining FLOPs.
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Figure 4: Results on the development set of GLUE benchmark.

Figure 4(b) shows the performance of ER-
oBERTa, and we can find the similar result, e.g.
with 50% remaining FLOPs, the performance of
ERoBERTag is 2.3% higher than ERoBERTat on
the MNLI task. This proves the generality of our
proposed method to different model.

4.3 Results on the SQuAD benchmark

To further demonstrate the generality of our
method, we conduct experiments on the SQuAD
v1.1 and v2.0 benchmark, which are reading com-
prehension task that the model need to predict the
answer text span in the text for a given question.
The results are shown in Figure 5. Similar to the
observation in Figure 4, our approach achieves con-
sistent improvement on each ratio of remaining
FLOPs compared with the Top-k version. For in-
stance, with 50% remaining FLOPs, EBERTg im-
proves the EM and F1 score by 2.8% and 2.4%
on SQuAD v1.1, respectively. On SQuAD v2.0,
the improvement of EM and F1 score is 3.3% and
3.4%.

4.4 Comparison with Other Methods

We compare our proposed EBERT with other state-
of-the-art compression methods. For distillation
methods, we compare with DistilBERT (Sanh et al.,
2019), BERT-PKD(Sun et al., 2019) and BERT-of-
Theseus (Xu et al., 2020). For pruning, we compare
with SNIP (Lin et al., 2020). We also compare with
other two dynamic methods: DeeBERT (Xin et al.,
2020) and PABEE (Zhou et al., 2020). We do

SQuAD1.1(88.5) SQuAD1.1(81.3)

SQuAD2.0(72.1)

Remaining FLOPs % Remaining FLOPs %

Remaining FLOPs % Remaining FLOPs %
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SQuAD2.0(75.3)

Figure 5: Results on the development set of SQuAD
benchmark.

not compare with FastBERT (Liu et al., 2020) as
they don’t report results on the GLUE and SQuAD
benchmark.

Note that other works don’t report the FLOPs.
However, as all of these methods try to reduce com-
putational cost by reducing the number of layers
dynamically or statically, it is reasonable to get
FLOPs from speedup ratio or compression ratio un-
der the assumption that the FLOPs is proportional
to the execution time for a specific layer. For ex-
ample, as the DistilBERT-6L only has half number
of layers of BERT-base, we assume the ratio of
remaining FLOPs is 50%.
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MNLI-m SST-2 QQP QNLI
Acc. RF%. Acc. RF%. F1/Acc. RF%. Acc. RF%.

dev set
BERT-base 84.7 100 93.2 100 87.9/91.1 100 91.5 100

DistilBERT-6L 82.2 50 91.3 50 -/88.5 50 89.2 50
BERT-PKD 81.3 50 91.3 50 - - - -

SNIP - - 91.8 50 -/88.9 50 89.5 50
DeeBERT 80.7 63 90.0 63 - - - -

PABEE 83.6 62 92.0 62 - - - -

EBERTg
82.4 51 91.6 50 87.2/90.6 50 89.6 51
83.1 60 92.2 60 87.5/90.8 59 90.2 59

test set
BERT-base 84.7 100 93.7 100 71.5/89.4 100 90.8 100
BERT-PKD 81.5 50 92.0 50 70.7/88.9 50 89.0 50

BERT-of-Theseus 82.4 50 92.2 50 71.6/89.3 50 89.6 50
DeeBERT 80.0 63 91.5 53 69.4/- 51 87.3 56

EBERTg
82.4 50 92.8 50 70.1/88.8 50 89.2 50
83.3 60 93.4 60 70.0/88.8 59 89.6 59

Table 2: Comparison with other compressed methods on the development and test set of MNLI, SST-2, QQP and
QNLI. RF means the ratio of remaining FLOPs.

Table 2 lists the results on both development set
and test set. The results on test set are provided
by the GLUE evaluation server. Compared with
other methods, our approach retains competitive
performance with less FLOPs. For instance, our
approach achieves the accuracy of 92.2% on SST-
2 with 60% remaining FLOPs. On the test set of
MNLI task, the accuracy of our method is 83.3%
with only 60% remaining FLOPs, while DeeBERT’
accuracy is 80.0% with 63% remaining FLOPs.

4.5 Further Analysis

4.5.1 Impact of Re-training
The training process of EBERT contains three
stages: fine-tuning, joint training and re-training.
The purpose of re-training is to make each head
and channel sufficiently trained. To evaluate the
efficacy of this stage, we conduct experiments with
RoBERTa on two tasks. Results are shown in Fig-
ure 6, we can see that the performance improve-
ment is obvious. With 50% remaining FLOPs, the
performance of the model is improved from 84.4%
to 85.0% on MNLI and 92.2% to 92.8% on SST-2,
respectively. The average performance improve-
ment on MNLI and SST-2 is 0.4% and 0.8%, re-
spectively. Comparing these two results, we find
that the improvement is more obvious on small
datasets. The reason for this phenomenon is that
the parameters of the model are updated more fre-
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Figure 6: The effectiveness of re-training stage for
RoBERTa on MNLI and SST-2.

quently on large datasets, which makes the training
of the model more sufficient at the joint training
stage. As a result, re-training can be skipped for
large datasets to make trade-offs.

4.5.2 Mask Distribution
Like in (Chen et al., 2019), we investigate the dis-
tribution of the learned masks. Although EBERT
can dynamically generate mask for each head and
channel for different samples, some masks may be
constant of all time, which means that these masks
are input-independent. Figure 8 is the layer-wise vi-
sualization of mask distribution in MHA and FFN
on SST-2 task for masks that are 1) always one (on),
2) always zero (off), and 3) input-dependent. We
can see that a large subset of the masks are input-
dependent for both heads and channels, which in-
dicates that our model learns to predict the im-
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Figure 7: Average number of non-pruned heads of MHA and non-pruned channels of FFN by layer for RoBERTa-
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Figure 8: The distribution of masks in MHA and FFN
for RoBERTa-base with 50% remaining FLOPs on
SST-2 tasks. DEP refers to input-dependent.

portance of heads and channels for different input
samples. For head, the proportion of masks that
are input-dependent is higher in the shallow layers.
For channel, the 2nd, 5th, 8th and 11th layer have
higher proportion of input-dependent masks than
other layers.

4.5.3 Layer Distribution

In Section 3.3, we add two extra loss LM and LF
to prevent some layers from being too sparse. We
conduct experiments on SST-2 task with RoBERTa
to verify the effectiveness of these constraints. Fig-
ure 7 shows the average number of non-pruned
heads of MHA and non-pruned channels of FFN
with different ratio of remaining FLOPs. We can
see that the number in each layer is quite close,
which indicates the average amount of calculations
is similar. More importantly, this value is near
the target Ct. For example, when remaining 80%
FLOPs, the number of non-pruned heads is around
9, which is exactly 80% of the number of heads
in one MHA. Similarly, the number of non-pruned
heads are around 4 and 5 when remaining 40%
FLOPs. This phenomenon proves that LM and LF

do limit the sparsity of each layer.

5 Conclusion and Future Works

In this paper, we propose a novel pruning method
for efficient BERT inference, which is called
EBERT. With the help of predictor branch, EBERT
can dynamically prune unimportant heads in MHA
and unimportant channels in FFN for each input
sample at run-time. Compared with other compres-
sion methods, experiments on GLUE and SQuAD
benchmarks demonstrate that EBERT can achieve
better accuracy-efficiency trade-off.

As we talk about in Section 4.1, the performance
of our method on small dataset has large variance.
Similar observations also have been mentioned in
other works (e.g. SNIP). In order to improve the
generality of our method, it would be interesting to
find out the exact reason and find the corresponding
solution.
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Abstract

How to combine several pieces of evidence to
verify a claim is an interesting semantic task.
Very complex methods have been proposed,
combining different evidence vectors using an
evidence interaction graph. In this paper, we
show that in case of inference based on trans-
former models, two effective approaches use
either (i) a simple application of max pool-
ing over the Transformer evidence vectors; or
(ii) computing a weighted sum of the evidence
vectors. Our experiments on the FEVER claim
verification task show that the methods above
achieve the state of the art, constituting strong
baseline for much more computationally com-
plex methods.

1 Introduction
Automatic Fact Checking is quickly gaining at-
tention of the NLP and AI communities. The
FEVER.ai Fact Extraction and Verification Shared
Task (Thorne et al., 2018) provides a benchmark
for evaluating fact-checking systems. In FEVER,
given a claim, C, and a collection of approximately
five million Wikipedia pages, W , the task is to
predict whether C is supported (SUP) or refuted
(REF) by W , or whether there is not enough infor-
mation (NEI) in W to support or refute C. If C is
classified as SUP or REF, the respective evidence
should be provided. Tab. 1 shows a FEVER claim
and the gold-standard evidence refuting it.

The overall task is complex, as one needs to re-
trieve the documents that contain the evidence (doc-
ument retrieval, DocIR), select relevant evidence
(evidence selection, ES) and label the claim given
the evidence (evidence reasoning, ER), which is
the focus of our work. Formally, given a claim, C,
and a list top K evidence sentences, (E1, ..., EK),
retrieved with DocIR and selected by ES respec-

∗Professor at the University of Trento.

Claim Evidence
Coeliac disease is not
treated by maintaining a
gluten-free diet. (REF)

[(Coeliac disease, “The only
known effective treatment is a strict
lifelong gluten-free diet....”)]

Table 1: FEVER data examples

tively, the ER task is to predict the claim label
(SUP/REF/NEI).

There can be multiple inter-dependent evidence
sentences per claim, thus joint modeling them al-
lows for taking multiple clues into account, thus
intuitively improving system accuracy. Indeed, in-
dividual sentences may not constitute standalone
evidence, but they can contain several clues, which,
together, can support or refute the claim. For ex-
ample, Sentence 8 of the Gluten-free diet
Wikipedia page, “..gluten-free diet is demonstrated
as an effective treatment, but several studies show
that about 79 % ... an incomplete recovery of the
small bowel...”, which is not listed as ground truth
evidence for the claim, still supports the REF sig-
nal.

Given the above intuition, recent state-of-the-art
(SOTA) approaches (Zhou et al., 2019; Ye et al.,
2020; Liu et al., 2020; Zhong et al., 2020; Zhao
et al., 2020) combine different pieces of evidence
with graph networks, also increasing computational
and space complexity. In this paper, we show that
simple joint transformer-based methods achieve
better performance than the best complex systems.
Specifically, we (i) text-concatenate evidence sen-
tences, (ii) apply max pooling to their individual
embedding representation, or (iii) compute their
weighted sum. Since June 1st 2021, our baseline
is sixth in terms of Label Accuracy (LA) and sev-
enth in terms of FEVER score on the official task
leaderboard1, where the absolute difference from
the fourth top LA is 0.2%.

We believe our results are important to enable
1https://competitions.codalab.org/

competitions/18814#results
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researchers to select the right scientific challenge,
providing the appropriate baselines. For example,
proposing complex models that are less accurate
than our baselines can most likely mislead the re-
search community, thus knowing our baselines can
help to lead research in this area in the right di-
rections. Additionally, our baselines are strong,
simple to use, and easily reproducible, enabling
fast comparison with innovative inference models.

2 Related work
SOTA approaches. Most recent approaches en-
code claim and evidence texts using Transformer-
based language representation models (LRM), such
as BERT (Devlin et al., 2018), RoBERTa (Liu et al.,
2019), and others. GEAR (Zhou et al., 2019) and
KGAT (Liu et al., 2020) construct graphs with evi-
dences as nodes and use deep graph neural ER net-
works to propagate knowledge; DREAM (Zhong
et al., 2020) reasons on a graph built on top
of a semantic role labeler output; Transformer-
XH (Zhao et al., 2020) propagates knowledge be-
tween [CLS] tokens of different evidence pieces;
CorefBERT (Ye et al., 2020) trains a BERT-based
LRM, which employs an additional objective mod-
eling coreference knowledge, and use it within
KGAT architecture. The winners of the original
FEVER competition (Nie et al., 2019) used older
LRMs and a modified enhanced sequential infer-
ence model (ESIM) (Chen et al., 2017) to do ER.

The top-scoring published approach, DOM-
LIN++ (Stammbach and Ash, 2020), simply text-
concatenates evidence pieces and uses a RoBERTa-
based classifier, thus supporting our thesis that sim-
ple models can be very effective. On the other
hand, they use additional DocIR components and
data (MultiNLI (Williams et al., 2018) corpus) for
fine-tuning. To the best of our knowledge, their
code/output are not available online yet2, so we
cannot compare to them directly at the moment.
Baselines. The baselines in the above works, apart
from the previous SOTA systems, consist in apply-
ing a transformer-based classifier to (i) concate-
nation of C and all Ei, i = 1..K (Zhou et al.,
2019; Zhong et al., 2020; Zhao et al., 2020); or (ii)
separate (C,Ei) pairs, i = 1..K, and aggregating
the results heuristically (Zhou et al., 2019). The
latter also considered max-pooling and weighted-

2We could try to re-implement their pipeline following
the high-level descriptions in their paper, however, our re-
implementation still will not be able to re-produce their ER
input due to the inevitable implementation differences

sum baselines, but used them only on subsets of
the development set with multiple gold evidence
pieces per claim. In this work, we use them in the
full-scale setting.

3 Strong baseline models
BERT for classification. BERT LRM and its
version with the improved training procedure,
RoBERTa, have obtained outstanding results on
a number of NLP tasks. When using BERT-based
architectures for classification, a special[CLS]3

token is prepended to an input text sequence. Its
embedding from the last layer of the transformer,
h[CLS] ∈ Rhdim is a vector representation of the
sequence. hdim is the hidden dimension size.
The final prediction is p = softmax(L), where
L = Wh[CLS] ∈ RN , W ∈ RN×hdim , and N is
the number of classes4.
Baseline approaches. We investigate four sim-
ple Transformer-based baseline approaches: Local,
Concat, MaxPool, WgtSum.

The input to the task are a claim, C, and a list of
top K evidence sentences selected by an ES com-
ponent, E = {Ei}, i = 1, ..,K. Tab. 2 describes
the input format. Following Liu et al. (2020), we
incorporate Ei source page name into the input.
We use cross-entropy loss to train all the models.
Local: for each Ei, we (i) use the standard 3-way
classification Transformer-based model, Tclass, to
get an evidence-level label prediction, Pi, along
with its corresponding li = max(Li) score, where
Li ∈ RN is the logits vector produced by Tclass
for Ei; (ii) sort the predictions list, P = [(Pi, li)],
on l in the reverse order; (iii) create P ′, a sublist
of P , where Pi is not NEI and li > 0. If P ′ is not
empty, P ′1 is the claim label, otherwise it is NEI.
We introduce P ′, because we want to capture the
SUP/REF signal even if it is weaker compared to
that of NEI.
Concat: Tclass run on the input described in Tab. 2.
Local and Concat are similar to the Bert-pair
and Bert-Concat baselines, respectively introduced
in (Zhou et al., 2019).
MaxPool: encodes each (C,Ei) pair with a trans-
former model, concatenates the resulting h[CLS]i

into a matrix H [CLS] ∈ Rhdim×K and max-pools
it, column-wise, into h[CLS]mp ∈ Rhdim . The output

3This is standard for BERT, other language models can use
a different token in a different position

4This strategy is employed by BERT. Practical implementa-
tions of the other models can also apply more transformations
to h[CLS] to obtain L.
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Baseline Input type example
Local, MaxPool, [CLS] C [SEP] Epagei <psep>
WgtSum Ei [SEP]
Concat [CLS] C [SEP] Epage1 <psep>

E1 [SEP] ... [SEP] EpageK
<psep> EK [SEP]

Table 2: Input data for the baselines. Epagei is the name of
the Ei source Wikipedia page. [SEP] and [CLS] are the
standard “separator” and “classification” tokens used in BERT-
like models. <psep> is delimiter separating page name from
the evidence text. We use “. ”, while Liu et al. (2020) use
[SEP]

is p = softmax(Wmph
[CLS]
mp ), Wmp ∈ R3×hdim .

It is inspired by the max pooling evidence aggre-
gation procedure employed by (Hanselowski et al.,
2018; Zhou et al., 2019).
WgtSum: encodes each (C,Ei) pair with
a transformer, computes the weighted sum
h
[CLS]
ws =

∑K
i=1 αih

[CLS]
i ∈ Rhdim , αi =

softmaxi(Wwsh
[CLS]
i ), Wws ∈ R1×hdim . The

weight αi is intended to reflect the relative
importance of Ei. The output is p =

softmax(Wh
[CLS]
ws ), W ∈ R3×hdim . WgtSum is

similar to the Zhou et al. (2019)’s attention baseline
in the sense that we aggregate pieces of evidence
representations via a weighted summation. How-
ever, differently from us, they obtain the weights by
computing attention between the claim and the evi-
dence hidden states. We refer to Concat, MaxPool
and WgtSum as global systems.

4 Experiments
Implementation. Our system is an AllenNLP
pipeline (Gardner et al., 2017). Our code
is available at https://github.com/iKernels/

reasoning-baselines. We use the pre-trained
BERT and RoBERTa LRMs from the transform-
ers5 library, namely bert-base-cased, roberta-base
and roberta-large.
Training setup. We train for three epochs, with an
evaluation checkpoint every 500 and 2500 training
steps for global and local models correspondingly,
thus having 14 checkpoints in total. We use K =
5 evidence pieces per claim. For all the models
the batch size/number of gradient accumulation
steps are 8/8 and 2/32 with base and large LRMs,
respectively. We use Adam optimizer with slanted
triangular learning rate (Howard and Ruder, 2018),
cut frac = 0.1, ratio of 326.

When experimenting with roberta-base we tried

5https://github.com/huggingface/
transformers

6Standard values suggested in (Howard and Ruder, 2018)

Split #SUP #REF #NEI
TRAIN 80,035 29,775 35,639

DEV 6,666 6,666 6,666
TEST 6,666 6,666 6,666

Table 3: FEVER dataset statistics. # denotes the number of
claims in a given class.

learning rates [1e-5; 5e-5] with the step of 1e-5
and observed no noticeable difference between the
rates in the range [2e-5; 5e-5]. Additional details
are available in the appendix.
FEVER metrics. The primary shared task metric
is FEVER7. It takes the correctness of the evidence
set provided with the claim label8 into account. The
evidence set must contain all sentences belonging
to at least one evidence9 associated with a claim.
No evidence is needed for NEI claims. Label Ac-
curacy (LA) is another standard metric. Oracle
FEVER (OFEVER) is the FEVER metric computed
using oracle downstream components after DocIR
or ES, i.e., it estimates downstream component’s
upper bound performance.

4.1 The dataset
We conduct our experiments on the official FEVER
1.0 Shared Task dataset10. Tab. 3 reports the
FEVER 1.0 statistics. Verifiable (SUP or REF)
claims are associated with at least one evidence.
35.23% of verifiable claims in DEV are associated
with multiple evidence sentences, independent or
inter-dependent.
Evidence Reasoning (ER) dataset. We run the
ER experiments on the evidence sentences retrieved
by Liu et al. (2020), published on their github11

with ES OFEVER score of 96.25. Their DocIR
module retrieves documents for a given claim via
entity linking following (Hanselowski et al., 2018),
and the ES module selects relevant evidence (ES)
via BERT-based system with pairwise loss.

Following (Liu et al., 2020), when training and
selecting the best checkpoint we use gold evidence
completed with the non-gold evidence pieces re-
trieved by ES, so that the total amount of evidence
pieces per claim is K. When evaluating on DEV
we simply use top 5 evidence pieces retrieved by
ES, i.e. the results in Sec. 4.2 are obtained on the

7Scorer: https://github.com/sheffieldnlp/
fever-scorer

8At least one of top 5 predicted evidences must be correct.
9An evidence consists of one or more sentences. One claim

can have multiple evidences.
10FEVER 1.0 Shared Task at https://fever.ai/

resources.html
11https://github.com/thunlp/KernelGAT/

tree/master/data
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FEVER LA LRM
KGAT SOTA baseline, lr=5e-05

1: KGATpub 75.88 78.02 bert-base-cased
2: (Liu et al., 2020) 76.11 78.29 roberta-large

Reproducing KGAT results, lr=5e-05
3: KGAT 75.64 77.80 bert-base-cased
4: 77.21 79.52 roberta-base

Other learning rates (lr) for KGAT
5:

KGAT, lr=2e-5
74.87 77.15 bert-base-cased

6: 77.66 79.98 roberta-base
7: 78.66 80.77 roberta-large
8: KGAT, lr=3e-5 75.28 77.48 bert-base-cased
9: 77.75 80.06 roberta-base

Local models, lr=2e-05
10: Aggr. heuristic 1 73.05 75.11 bert-base-cased
11: 75.62 77.85 roberta-base
12: Aggr. heuristic 2 71.79 73.66 bert-base-cased
13: 73.98 75.96 roberta-base

Global baselines, lr=2e-05
14:

Concat
74.23 76.51 bert-base-cased

15: 77.09 79.25 roberta-base
16: 78.27 80.31 roberta-large
17:

MaxPool

74.72 76.99 bert-base-cased
18: 77.48 79.82 roberta-base
19: 78.85 81.16 roberta-large
20:

WgtSum
74.48 76.85 bert-base-cased

21: 77.62 80.01 roberta-base
22: 79.02 81.30 roberta-large

Table 4: Results on the official DEV set. pub is the result
officially published in the reference paper; lr is learning rate.
Aggr. is a shorthand for Aggregation.

real-life gold standard-agnostic output of the DocIR
and ES modules.

Note that by construction, we generate one
train/test instance per each (C,Ei) pair when train-
ing/testing Local models and then aggregate the
labels predicted for different evidence pieces, i.e
the total amount of instances is around number of
claims times K12. For example, we train Local on
722K examples, split into 548K NEI, 127K SUP,
48K REF. When training/testing Concat, Wgt-
Sum and MaxPool, we generate one instance per
each claim.

4.2 Results
Tab. 4 reports the performance of the systems de-
scribed in Sec. 3 on the official DEV set.

In previous work, systems employing KGAT
ER architecture (Liu et al., 2020; Ye et al., 2020)
achieve top performance in terms of FEVER.
KGAT ER input data are publicly available en-
abling us to conduct fair comparison. Lines 1 and
2 report KGAT performance as in (Liu et al., 2020).
We integrated their implementation of the KGAT
ER component into our pipeline and obtained per-
formance numbers comparable to those published
(lines 3, 1). Interestingly, our runs with roberta-

12It can be less, as for some claims fewer evidence pieces
were retrieved.

base outperform the published results of KGAT
runs with roberta-large (lines 4, 6, 9). We also
include its best result (that is an upperbound of
KGAT) with roberta-base that we obtained with
the learning rate of 3e-5. KGAT with roberta-large
and learning rate of 2e-5 further pushes the per-
formance 1 point up, while the training with the
learning rates of 3e-5 and 5e-5 did not converge.

Local models. Lines 10-13 report performance of
our local models with two evidence label aggrega-
tion heuristics. Heuristic 1 consists in applying the
procedure described in Sec. 3 to the labels assigned
to all evidence pieces by Local. Heuristic 2 is to
simply pick the label assigned to the evidence sen-
tence top-ranked by ES as in (Zhou et al., 2019).
The aggregation heuristic 1 is more competitive.

Global models. Lines 14-22 report performance
of the Concat, WgtSum, MaxPool global systems,
which all clearly outperform Local. Note, that in
the Concat setting C and Ei, i = 1, ..,K, are con-
catenated, thus it is sensitive to the relative Ei or-
der. Overall, all three models perform comparably
between each other and to KGAT (lines 14-22 vs 5-
7). MaxPool and WgtSum marginally outperform
Concat with roberta-large.

We also trained Concat with roberta-large set-
ting K=1 both for training and predicting, i.e., us-
ing only top evidence piece retrieved by ES. The
resulting LA of 79.57 is only approximately one
point behind that of Concat (Line 16) and KGAT
(Line 7). This suggests that good performance can
be obtained on the FEVER dataset even without
joint reasoning over multiple Ei-s, and that there is
still room for further improvement for the systems
able to reason upon multiple evidence pieces. Also
this could be partially attributed to the observation
by Schuster et al. (2019) who showed that FEVER
claims contain certain linguistic biases and BERT
model fine-tuned on the claim texts only signifi-
cantly outperforms the majority baseline. Schuster
et al. (2019) proposed a debiased symmetric test
set, but its instances are claim-evidence pairs. This
means that K = 1, and thus we did not evaluate
our baselines on it as with K = 1 they all become
equivalent to Local.
Comparison to the state of the art. Tab. 5 com-
pares the performance of MaxPool and WgtSum
to that of the SOTA systems as of June 1st, 2021.
Our simple baselines outperform all the other sys-
tems on DEV, but we may have overfitted on it, as
we report the performance of the best checkpoint.
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System DEV TEST
FEVER LA FEVER LA

Competition systems
NSMN (#1) (Nie et al., 2019)13 66.59 69.6 64.23 68.16

Post-competition systems
BERT Pair 68.90 73.30 65.18 69.75
BERT Concat 68.89 73.67 65.64 71.01
GEAR 70.69 74.84 67.19 71.60
(Zhou et al., 2019)
DREAM (#2 LA) n/a 79.16 70.60 76.85
(Zhong et al., 2020)
* KGAT with
* - BERT Base 75.88 78.02 69.40 72.81
* - RoBERTa Large 76.11 78.29 70.38 74.07
(Liu et al., 2020)
Transformer-XH 74.98 78.05 69.07 72.39
(Zhao et al., 2020)
KGAT with
- CorefBERTBase n/a n/a 69.82 72.88
- CorefBERTLarge n/a n/a 70.86 74.37
- CorefRoBERTaLarge n/a n/a 72.30 75.96
(Ye et al., 2020)
DOMLIN++ 74.98 77.48 74.27 76.60
(Stammbach and Ash, 2020)

Codalab leaderboard as of June 1, 2021
#1 dominiks n/a n/a 76.78 79.16
#2 h2oloo n/a n/a 75.87 79.35
#3 nudt nlp n/a n/a 74.42 77.38
#4 krishnamrith12 n/a n/a 74.37 79.25
#5 totopower n/a n/a 73.90 77.21
#6 gump n/a n/a 73.72 77.05

Our results
Concat (roberta-large) 78.27 80.31 72.59 75.85
MaxPool (roberta-large) 78.85 81.16 72.77 76.55
WgtSum (roberta-large) 79.02 81.30 73.44 77.18
Table 5: FEVER state of the art. We mark results outperform-
ing us with underscore. We mark the systems using exactly
the same input to the ER component as us with *.

On the blind TEST data, WgtSum with roberta-
large scores seventh in terms of FEVER and sixth
in terms of LA on the official Codalab leaderboard.

Despite our best efforts, we were not able to track
the publications related to the leaderboard submis-
sions #1-#6. We do not know whether their supe-
rior performance is due to a better ER approach,
a stronger LRM with billions of parameters, or
to a better DocIR/ES. In the latter two cases, the
baselines in this work still remain relevant.

The best-performing system with published de-
scription, DOMLIN++, uses roberta-large and the
Concat approach. We cannot compare the results
of our ER model directly, since they use a different
ES system which might have better evidence recall.
Note that we still marginally outperform them in
terms of LA. This may indicate that even though
our gold evidence recall may be lower due to a pos-
sibly less powerful DocIR/ES pipeline (resulting in
lower FEVER score), we are still able to predict a
correct label given the evidence sentences we have
at our disposition. Then, they do additional pre-

training on MultiNLI, while we do not exploit any
external corpora.

Qualitative analysis We compared the outputs
of the Concat, MaxPool, WgtSum and KGAT
systems. We analyzed 50 DEV set examples where
only one out of four systems produced the correct
label. We aimed to understand the reason behind
the correct prediction, but we have not observed any
patterns explaining why one system outperforms
the others. The systems seem to be equivalent in
their abilities.

When analyzing the WgtSum output, we ob-
served that when summing the weighted distributed
representations of evidence pieces retrieved by
KGAT ES for a specific claim (see Sec. 3), it tends
to assign higher weights to the evidence pieces
which are correct according to the gold standard.

5 Conclusion
We have proposed lightweight strong baselines for
the FEVER fact-checking task and showed that
they can outperform heavier models on the official
leaderboard with blind TEST set. In our future
work, we plan to capitalize from our results to build
systems that can effectively trade-off efficiency for
accuracy.
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A Learning rate selection.

When experimenting with roberta-base we tried
learning rates (lr) [1e-5; 5e-5] with the step of 1e-
5. Table 6 summarizes the results. The results
obtained with the learning rates in range [2e-5; 5e-
5] are very similar, so we used the learning rate
of 2e-5 in the majority of our experiments in this
paper.

B Model complexity.

Tab. 7 reports the amount of trainable parameters
in the ER component of each model when run on

Model FEVER LA LR

Concat

76.40 78.60 1e-05
77.09 79.25 2e-05
76.97 79.14 3e-05
76.81 79.00 4e-05
76.76 78.95 5e-05

KGAT

77.39 79.74 1e-05
77.66 79.98 2e-05
77.75 80.06 3e-05
77.53 79.79 4e-05
75.80 77.93 5e-05

MaxPool

76.97 79.40 1e-05
77.48 79.82 2e-05
77.58 79.88 3e-05
77.61 79.95 4e-05
77.67 79.98 5e-05

Table 6: Experimenting with different learning rates with
roberta-base as LRM.
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Model # parameters-base # parameters-large
LRM parameters

LRM (RoBERTa) 124,645,632 355,359,744
Parameters in the joint inference ER component

KGAT 792,112 1,318,192
Concat/MaxPool 2,307 3,075
WgtSum 3,076 4,100
Table 7: Number of trainable parameters in the ER models
with RoBERTa LRM. We report the amount of LRM and ER
component parameters separately (i.e. the full ER model size
is their sum). -base/-large refers to the LRM version.

top of different LRMs14. Our simple baselines per-
form comparably to SOTA using an ER inference
component having 3K parameters only (in addition
to LRM parameters).

14Naturally, we update the LRMs parameters as well.
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Abstract

Table-to-text generation refers to generating
a descriptive text from a key-value table.
Traditional autoregressive methods, though
can generate text with high fluency, suffer
from low coverage and poor faithfulness prob-
lems. To mitigate these problems, we pro-
pose a novel Skeleton-based two-stage method
that combines both Autoregressive and Non-
Autoregressive generation (SANA). Our ap-
proach includes: (1) skeleton generation with
an autoregressive pointer network to select key
tokens from the source table; (2) edit-based
non-autoregressive generation model to pro-
duce texts via iterative insertion and deletion
operations. By integrating hard constraints
from the skeleton, the non-autoregressive
model improves the generation’s coverage
over the source table and thus enhances its
faithfulness. We conduct experiments on both
the WikiPerson and WikiBio datasets. Exper-
imental results demonstrate that our method
outperforms the previous state-of-the-art meth-
ods in both automatic and human evaluation,
especially on coverage and faithfulness. In par-
ticular, we achieve PARENT-T recall of 99.47
in WikiPerson, improving over the existing
best results by more than 10 points.

1 Introduction

Table-to-text generation is a challenging task which
aims at generating a descriptive text from a key-
value table. There have been a broad range of
applications in this field, such as the generation
of weather forecast (Mei et al., 2016), sports news
(Wiseman et al., 2017), biography (Lebret et al.,
2016; Wang et al., 2018), etc. Figure 1 illustrates a
typical input and output example of this task.

Previous methods (Liu et al., 2018; Nie et al.,
2018; Bao et al., 2018) are usually trained in an

†Corresponding author.

Figure 1: An example of table-to-text generation. The
case of poor faithfulness hallucinates content not en-
tailed by the table (marked in red color). The case of
low coverage misses the information of the person’s
birth place (marked in blue color).

end-to-end fashion with the encoder-decoder ar-
chitecture (Bahdanau et al., 2015). Despite gener-
ating text with high fluency, their lack of control
in the generation process leads to poor faithful-
ness and low coverage. As shown in Figure 1,
the case of poor faithfulness hallucinates the oc-
cupation “singer” not entailed by the source table,
and the case of low coverage misses the informa-
tion of the place of birth. Even if trained with a
cleaned dataset, end-to-end methods still encounter
these problems as it is too complicated to learn the
probability distribution under the table constraints
(Parikh et al., 2020).

To alleviate these problems, recent studies (Shao
et al., 2019; Puduppully et al., 2019; Ma et al.,
2019) propose two-stage methods to control the
generation process. In the first stage, a pointer net-
work selects the salient key-value pairs from the ta-
ble and arranges them to form a content-plan. In the
second stage, an autoregressive seq2seq model gen-
erates text conditioned on the content-plan. How-
ever, such methods can cause the following prob-
lems: (1) since the generated content-plan may
contain errors, generating solely on the content-
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plan leads to inconsistencies; (2) even if a perfect
content-plan is provided, the autoregressive model
used in the second stage is still prone to hallucinate
unfaithful contents due to the well-known exposure
bias (Wang and Sennrich, 2020) problem; (3) there
is no guarantee that the selected key-value pairs
can be described in the generated text. As a result,
these methods still struggle to generate faithful and
informative text.

In this paper, we propose a Skeleton-based
model that combines both Autoregressive and Non-
Autoregressive generation (SANA). SANA divides
table-to-text generation into two stages: skeleton
construction and surface realization. At the stage
of skeleton construction, an autoregressive pointer
network selects tokens from the source table and
composes them into a skeleton. We treat the skele-
ton as part of the final generated text. At the
stage of surface realization, an edit-based non-
autoregressive model expands the skeleton to a
complete text via insertion and deletion operations.
Compared with the autoregressive model, the edit-
based model has the following advantages: (1) the
model generates text conditioned on both the skele-
ton and the source table to alleviate the impact
of incomplete skeleton; (2) the model accepts the
skeleton as decoder input to strengthen the con-
sistency between the source table and generated
text; (3) the model generates texts with the hard
constraints from the skeleton to improve the gen-
eration coverage over the source table. Therefore,
SANA is capable of generating faithful and infor-
mative text.

The contributions of this work are as follows:

• We propose a skeleton based model SANA
which explicitly models skeleton construction
and surface realization. The separated stages
helps the model better learn the correlation
between the source table and reference.

• To make full use of the generated skeleton,
we use a non-autoregressive model to gener-
ate text based on the skeleton. To the best of
our knowledge, we are the first to introduce
non-autoregressive model to table-to-text gen-
eration task.

• We conduct experiments on WikiPerson and
WikiBio datasets. Both automatic and human
evaluations show that our method outperforms
previous state-of-the-art methods, especially
on faithfulness and coverage. Specially, we

obtain a near-optimal PARENT-T recall of
99.47 in the WikiPerson dataset.

2 Related Work

Table-to-text Generation Table-to-text genera-
tion has been widely studied for decades (Kukich,
1983; Goldberg et al., 1994; Reiter and Dale, 1997).
Recent works that adopt end-to-end neural net-
works have achieve great success on this task (Mei
et al., 2016; Lebret et al., 2016; Wiseman et al.,
2017; Sha et al., 2018; Nema et al., 2018; Liu et al.,
2018, 2019a). Despite generating fluent texts, these
methods suffer from poor faithfulness and low cov-
erage problems. Some works focus on generating
faithful texts. For example, Tian et al. (2019) pro-
poses a confident decoding technique that assigns
a confidence score to each output token to con-
trol the decoding process. Filippova (2020) intro-
duces a “hallucination knob” to reduce the amount
of hallucinations in the generated text. However,
these methods only focus on the faithfulness of the
generated text, they struggle to cover most of the
attributes in the source table.

Our work is inspired by the recently proposed
two-stage method (Shao et al., 2019; Puduppully
et al., 2019; Moryossef et al., 2019; Ma et al., 2019;
Trisedya et al., 2020). They shows that table-to-
text generation can benefit from separating the task
into content planing and surface realization stages.
Compared with these methods, SANA guarantee
the information provided by the first stage can be
preserved in the generated text, thus significantly
improving the the coverage as well as the faithful-
ness of the generated text.

Non-autoregressive Generation Although au-
toregressive models have achieved remarkable suc-
cess in natural language generation tasks, they are
time-consuming and inflexible. To overcome these
shortcomings, Gu et al. (2018) proposed the first
non-autoregressive (NAR) model that can generate
tokens simultaneously by discarding the genera-
tion history. However, since a source sequence
may have different possible outputs, discarding
the dependency of target tokens may cause the
degradation in generation quality. This problem
also known as the “multi-modality” problem (Gu
et al., 2018). Recent NAR approaches alleviate
this problem via partially parallel decoding (Stern
et al., 2019; Sun et al., 2019) or iterative refine-
ment (Lee et al., 2018; Ghazvininejad et al., 2019;
Gu et al., 2019). Specially, Stern et al. (2019) per-
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forms partially parallel decoding through insertion
operation. Gu et al. (2019) further incorporates
deletion operation to perform iterative refinement
process. These edit-based models not only close
the gap with autoregressive models in translation
task, but also makes generation flexible by allow-
ing integrates with lexical constrains. However,
the multi-modality problem still exists, making it
difficult to apply NAR models to other generation
tasks, such as table-to-text generation, story gener-
ation, etc. In this work, we use the skeleton as the
initial input of our edit-based text generator. The
skeleton can provide sufficient contexts to the text
generator, thus significantly reducing the impact of
multi-modality problem.

3 Methods

The task of table-to-text generation is to take a
structured table T as input, and outputs a de-
scriptive text Y = {y1, y2, ..., yn}. Here, the
table T can be formulated as a set of attributes
T = {a1, a2, ..., am}, where each attribute is a
key-value pair ai = 〈ki, vi〉.

Figure 2 shows the overall framework of SANA.
It contains two stages: skeleton construction and
surface realization. At the stage of skeleton
construction, we propose a Transformer-based
(Vaswani et al., 2017) pointer network to select
tokens from the table and compose them into a
skeleton. At the stage of surface realization, we
use an edit-based Transformer to expand the skele-
ton to a complete text via iterative insertion and
deletion operations.

3.1 Stage 1: Skeleton Construction
3.1.1 Table Encoder
The source table is a set of attributes represented
as key-value pairs ai = 〈ki, vi〉. Here, the value
of an attribute ai is flattened as a token sequence
vi = {w1

i , w
2
i , ..., w

l
i}, where wji is the j-th token

and l is the length of vi. Following Lebret et al.
(2016), we linearize the source table by represent-
ing each token wji as a 4-tuple (wji , ki, p

+
i , p

−
i ),

where p+i and p−i are the positions of the token
wji counted from the beginning and the end of the
value vi, respectively. For example, the attribute
of “〈Name ID, {Thaila Ayala}〉” is represented as
“(Thaila, Name ID, 1, 2)” and “(Ayala, Name ID, 2,
1)”. In order to make the pointer network capable
of selecting the special token 〈EOS〉1, we add a

1〈EOS〉 denotes the end of the skeleton.

special tuple (〈EOS〉, 〈EOS〉, 1, 1) at the end of
the table.

To encode the source table, we first use a linear
projection on the concatenation

[
wj
i ;ki;p

+
i ;p

−
i

]

followed by an activation function:

f ji = Relu(Wf [w
j
i ;ki;p

+
i ;p−i ] + bf ) (1)

whereWf and bf are trainable parameters. Then
we use the Transformer encoder to transform each
f ji into a hidden vector and flatten the source table
into a vector sequenceH = {h1,h2, ...,hl}.
3.1.2 Pointer Network
After encoding the source table, we use a pointer
network to directly select tokens from the table
and compose them into a skeleton. Our pointer
network uses a standard Transformer decoder to
represent the tokens selected at the previous steps.
Let rt denote the decoder hidden state of previous
selected token ŷt. The pointer network predict the
next token based on the attention scores, which are
computed as follows:

αti =
eu(rt,hi)

∑l
j=1 e

u(rt,hj)
(2)

u(rt,hi) =
(Wqrt) · (Wkhi)√

dr
(3)

where Wq and Wk are trainable parameters, dr
is the embedding dimension of rt. According to
the calculated probability distribution α, we select
token based on the following formula:

Pcopy(w) =
∑

w=wi

αti (4)

ŷt+1 = argmax
w

Pcopy(w) (5)

where ŷt+1 represents the output at the next
timestep, and Pcopy(w) represents the probability
of copying token w from the source. There may
be multiple identical tokens in the table, so we
sum up the attention scores of their corresponding
positions.

The pointer network needs target skeletons as
supervision, which are not provided by the table-to-
text datasets. In this paper, we obtain the skeleton
by collecting tokens in both the table and descrip-
tion except the stop words. The token order in the
skeleton remains the same as their relative posi-
tions in the description. More details are described
in Appendix A.
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Figure 2: The overall diagram of SANA for generating description for Thaila Ayala in Fig 1.

Given the skeleton S = {s1, s2, ..., sq}, the
pointer network is trained to maximize the con-
ditional log-likelihood:

L1 = −
q+1∑

t=1

log Pcopy(st|s0:t−1, T ), (6)

where the special tokens s0 = 〈BOS〉 and sq+1 =
〈EOS〉 denote the beginning and end of the target
skeleton.

3.2 Stage 2: Surface Realization
At the surface realization stage, we use the same
encoder as in the skeleton construction stage. The
decoder is an edit-based Transformer decoder (Gu
et al., 2019) that generates text via insertion and
deletion operations. Different from the original
Transformer decoder which predicts the next to-
ken in an left-to-right manner, the edit-based de-
coder can predict tokens simultaneously and in-
dependently. In this setting, we can use the full
self-attention without causal masking.

3.2.1 Model Structure
To perform the insertion and deletion operations,
we remove the softmax layer at the top of the Trans-
former decoder and add three operation classifiers:
Deletion Classifier, Placeholder Classifier and To-
ken Classifier. We denote the outputs of the Trans-
former decoder as (z0, z1, ...,zn), details of these
three classifiers are as follows:

1. Deletion Classifier which predicts for each
token whether they should be “deleted”(1) or
“kept”(0):

πdelθ (d|i, Y ) = softmax(Wdelzi) (7)

2. Placeholder Classifier which predicts the
number of placeholders [PLH] to be inserted
at each consecutive pair:

πplhθ (p|i, Y ) = softmax(Wplh[zi; zi+1])
(8)

3. Token Classifier which replaces each [PLH]
with an actual token:

πtokθ (t|i, Y ) = softmax(Wtokzi) (9)

During decoding, we use the skeleton predicted
from the first stage as the initial input of the de-
coder. We also use the full table information from
encoder side to mitigate the impact of incomplete
skeleton. As shown in Figure 2, the skeleton will
pass through the three classifiers sequentially for
several iterations. Benefiting from the full self-
attention, each operation is allowed to condition on
the entire skeleton, and thus reduces the probability
of hallucinating unfaithful contents in the final text.

3.2.2 Training
Following Gu et al. (2019), we adopt imitation
learning to train our model and simplify their train-
ing procedure. The iterative process of our model
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will produce various of intermediate sequences. To
simulate the iterative process, we need to construct
the intermediate sequence and provide an optimal
operation a∗ (either oracle insertion p∗, t∗ or or-
acle deletion d∗) as the supervision signal during
training. Given an intermediate sequence Y , the
optimal operation a∗ is computed as follows:

a∗ = argmin
a

D(Y ∗, E(Y,a)) (10)

Here, D denotes the Levenshtein distance (Leven-
shtein, 1965) between two sequences, and E(Y,a)
represents the output after performing operation a
upon Y .

To improve the training efficiency, we construct
the intermediate sequence via a simple yet effective
way. Given a source table, skeleton and reference
(T, S, Y ∗), We first calculate the longest common
subsequence X between S and Y ∗, and then con-
struct the intermediate sequence Y ′ by applying
random deletion on Y ∗ except the part of X . We
use Y ′ to learn the insertion and deletion operations.
The learning objective of our model is computed
as follows:

Ledit = Lins + λLdel (11)

Lins = −
∑

p∗i∈p∗
log πplhθ (p∗i |i, T, Y ′)

−
∑

t∗i∈t∗
log πtokθ (t∗i |i, T, Y ′′)

(12)

Ldel = −
∑

d∗i∈d∗
log πdelθ (d∗i |i, T, Y ′′′) (13)

where Y ′′ is the output after inserting placehold-
ers p∗ upon Y ′, Y ′′′ is the output by applying the
model’s insertion policy πtokθ to Y ′′.2 λ is the hyper
parameter.3

3.2.3 Inference
As mentioned above, at the inference stage, we use
the generated skeleton as the initial input of the
decoder. The insertion and deletion operations will
perform alternately for several iterations. We stop
the decoding process when the current text does
not change, or a maximum number of iterations has
been reached.

In order to completely retain the skeleton in the
generated text, we follow Susanto et al. (2020) to
enforce hard constraints through forbidding the

2We do argmax from Equation (9) instead of sampling.
3In our experiment, λ = 1 gives a reasonable good result.

deletion operation on tokens in the skeleton. Spe-
cially, we compute a constraint mask to indicate
the positions of constraint tokens in the sequence
and forcefully set the deletion classifier prediction
for these positions to “keep”. The constraint masks
are recomputed after each insertion and deletion
operation.

4 Experiment Setups

4.1 Datasets

We conduct experiments on the WikiBio (Lebret
et al., 2016) and WikiPerson (Wang et al., 2018)
datasets. Both datasets aim to generate a biography
from a Wikipedia table, but they have different
characteristics. Their basic statistics are listed in
Table 1.

Dataset Train Valid Test Avg Len

WikiBio 582,657 72,831 72,831 26.1
WikiPerson 250,186 30,487 29,982 70.6

Table 1: Statistics of WikiBio and WikiPerson datasets.
Avg Len means the average target length of the
datasets.

WikiBio This dataset aims to generate the first
sentence of a biography from a table. It is a particu-
larly noisy dataset which has 62% of the references
containing extra information not entailed by the
source table (Dhingra et al., 2019).

WikiPerson Different from the WikiBio whose
reference only contains one sentence, the reference
of WikiPerson contains multiple sentences to cover
as many facts encoded in the source table as pos-
sible. In addition, WikiPerson uses heuristic rules
to remove sentences containing entities that do not
exist in the Wikipedia table, making it cleaner com-
pared to the WikiBio dataset.

4.2 Evaluation Metrics

Automatic Metrics For automatic evaluation,
we apply BLEU (Papineni et al., 2002) as well as
PARENT (precision, recall, F1) (Dhingra et al.,
2019) to evaluate our method. Different from
BLEU which only compare the outputs with the
references, PARENT evaluates the outputs that con-
siders both the references and source tables. Fol-
lowing Wang et al. (2020), we further use their pro-
posed PARENT-T metric to evaluate our method
in WikiPerson dataset. PARENT-T is a variant of
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PARENT which only considers the correlation be-
tween the source tables and the outputs.

Human Evaluation Human ratings on the gen-
erated descriptions provide more reliable reflection
of the model performance. Following Liu et al.
(2019b), we conduct comprehensive human eval-
uation between our model and the baselines. The
annotators are asked to evaluate from three perspec-
tives: fluency, coverage (how much table content is
recovered) and correctness (how much generated
content is faithful to the source table). We hire 5
experienced human annotators with linguistic back-
ground. During the evaluation, 100 samples are
randomly picked from the WikiPerson dataset. For
each sample, an annotator is asked to score the de-
scriptions generated by different models without
knowing which model the given description is from.
The scores are within the range of [0, 4].

4.3 Implementation Details

We implement SANA using fairseq (Ott et al.,
2019). The token vocabulary is limited to the
50K most common tokens in the training dataset.
The dimensions of token embedding, key embed-
ding, position embedding are set to 420, 80, 5 re-
spectively. All Transformer components used in
our methods adopt the base Transformer (Vaswani
et al., 2017) setting with dmodel = 512, dhidden =
2048, nheads = 8, nlayers = 6. All models are
trained on 8 NVIDIA V100 Tensor Core GPUs.

For the skeleton construction model, the learn-
ing rate linearly warms up to 3e-4 within 4K steps,
and then decays with the inverse square root sched-
uler. Training stops after 15 checkpoints without
improvement according to the BLEU score. We set
the beam size to 5 during inference.

For the surface realization model, the learning
rate linearly warms up to 5e-4 within 10K steps,
and then decays with the inverse square root sched-
uler. Training stops when the training steps reach
300K. We select the best checkpoint according to
the validation BLEU.

4.4 Baselines

We compare SANA with two types of methods:
end-to-end methods and two-stage methods.

For end-to-end methods, we select the following
methods as baselines: (1) DesKnow (Wang et al.,
2018), a seq2seq model with a table position self-
attention to capture the inter-dependencies among
related attributes; (2) PtGen (Pointer-Generator,

See et al. (2017)), an LSTM-based seq2seq model
with attention and copy mechanism; (3) Struct-
Aware (Liu et al., 2018), a seq2seq model using a
dual attention mechanism to consider both key and
value information; (4) OptimTrans (Wang et al.,
2020), a Transformer based model that incorpo-
rates optimal transport matching loss and embed-
ding similarity loss. (5) Conf-PtGen (Tian et al.,
2019), a pointer generator with a confidence decod-
ing technique to improve generation faithfulness;
(6) S2S+FA+RL (Liu et al., 2019b), a seq2seq
model with a force attention mechanism and a re-
inforce learning training procedure; (7) Bert-to-
Bert (Rothe et al., 2019), a Transformer encoder-
decoder model where the encoder and decoder are
both initialized with BERT (Devlin et al., 2019).

For two-stage methods, we select the following
methods as baselines: (1) Pivot (Ma et al., 2019),
a two stage method that first filter noisy attributes
in the table via sequence labeling and then uses
the Transformer to generate text based on the filter
table; (2) Content-Plan (Puduppully et al., 2019),
a two stage method that first uses a pointer network
to select important attributes to form a content-plan
and then uses a pointer generator to generate text
based on the content-plan.

5 Results

5.1 Comparison with End-to-End Methods

We first compare SANA with end-to-end methods,
Table 2 shows the experimental results. From Table
2, we can outline the following statements: (1) For
WikiPerson dataset, SANA outperforms existing
end-to-end methods in all of the automatic evalu-
ation metrics, indicating high quality of the gen-
erated texts. Specially, we obtain a near-optimal
PARENT-T recall of 99.47, which shows that our
model has the ability to cover all the contents of the
table. (2) For the noisy WikiBio dataset, SANA out-
performs previous state-of-the-art models in almost
all of the automatic evaluation scores except the
PARENT precision, which confirms the robustness
of our method. Although Conf-PtGen achieves
the highest PARENT precision, its PARENT re-
call is significantly lower than any other method.
Different from Conf-PGen, SANA achieves the
highest recall while maintaining good precision.
(3) It is necessary to prohibit deleting tokens in the
skeleton. After removing this restriction (− hard
constrains), our method has different degrees of
decline in various automatic metrics. (4) SANA
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Model WikiPerson WikiBio
BLEU PARENT(P / R / F1) PARENT-T(P / R / F1) BLEU PARENT(P / R / F1)

DesKnow 16.20 63.92 / 44.83 / 51.03 41.10 / 84.34 / 54.22 - - / - / -
PtGen 19.32 61.73 / 44.09 / 49.52 42.03 / 81.65 / 52.62 41.07 77.59 / 42.12 / 52.10
Struct-Aware 22.76 51.18 / 46.34 / 46.47 35.99 / 83.84 / 48.47 44.93 74.18 / 43.50 / 52.33
OptimTrans 24.56 62.86 / 48.83 / 53.06 43.52 / 85.21 / 56.10 - - / - / -
Conf-PtGen - - / - / - - / - / - 38.10 79.52 / 40.60 / 51.38
S2S+FA+RL - - / - / - - / - / - 45.49 76.10 / 43.66 / 53.08
Bert-to-Bert - - / - / - - / - / - 45.62 77.64 / 43.42 / 53.54

SANA 25.23 65.69 / 56.88 / 59.96 44.88 / 99.47 / 61.34 45.78 76.93 / 46.01 / 55.42
− hard constrains 24.97 64.72 / 56.42 / 59.29 43.75 / 98.97 / 60.17 45.31 76.32 / 45.26 / 54.64
− skeleton 19.55 61.80 / 44.29 / 50.29 40.80 / 84.03 / 53.97 42.58 74.29 / 41.32 / 50.41

Table 2: Comparison with end-to-end methods. P, R, F1 represent precision, recall and F1 score, respectively. “−
hard constrains” means removing the restriction of forbidding the deletion operation on tokens in the skeleton, “−
skeleton” means removing the skeleton construction stage.

Model WikiPerson WikiBio
BLEU PARENT(P / R / F1) PARENT-T(P / R / F1) BLEU PARENT(P / R / F1)

Pivot 24.71 62.24 / 50.02 / 52.99 41.78 / 89.68 / 56.35 44.39 76.35 / 41.90 / 51.85
+ Oracle 25.08 62.34 / 50.63 / 53.47 42.08 / 89.71 / 56.59 45.38 75.98 / 42.57 / 52.45

Content-Plan 25.07 58.56 / 53.86 / 54.52 38.63 / 91.18 / 54.01 43.21 74.69 / 43.53 / 52.71
+ Oracle 28.50 59.31 / 56.02 / 55.96 39.64 / 91.62 / 55.07 50.57 76.32 / 47.33 / 56.45

SANA 25.23 65.69 / 56.88 / 59.96 44.88 / 99.47 / 61.34 45.78 76.93 / 46.01 / 55.42
+ Oracle 30.29 69.27 / 67.89 / 68.28 45.13 / 99.79 / 61.54 54.51 80.03 / 51.02 / 61.01

Table 3: Comparison with two-stage methods. P, R, F1 represent precision, recall and F1, respectively. “+ Oracle”
means using oracle information (i.e., oracle skeleton or content-plan) as input.

performs poorly after removing the skeleton con-
struction stage (− skeleton). This shows that the
edit-based non-autoregressive model is difficult
to directly apply to table-to-text generation tasks.
The skeleton is very important for the edit-based
model, which can significantly reduce the impact
of the multi-modality problem. Combining both
autoregressive and non-autoregressive generations,
SANA achieves state-of-the-art performance.

5.2 Comparison with Two-Stage Methods
We further compare SANA with the two-stage
methods. As shown in Table 3, there is an ob-
vious margin between SANA and the two base-
lines, which shows that SANA can more effectively
model the two-stage process. In order to prove that
SANA can make use of the information provided
by the first stage, we use the gold standard (i.e.,
the oracle skeleton or content-plan extracted from
heuristics methods) as the input of the models used
in the second stage. With this setup, SANA has
made significant improvements in multiple auto-
matic metrics while other methods have limited
improvements. Specially, the improvements of
Pivot are limited because its gold standard does
not model the order of the attributes. Although

Model Fluency ↑ Coverage ↑ Correctness ↑
Pivot 3.40 3.58 2.89
Content-Plan 3.39 3.70 2.98
Struct-Aware 3.31 3.60 2.94
DesKnow 3.45 3.42 3.07
SANA 3.46 3.72 3.11

Table 4: Human evaluation on WikiPerson for SANA
and baselines. The scores (higher is better) are based
on fluency, coverage and correctness, respectively.

the first stage of Content-Plan is similar to SANA,
its PARENT scores (either precision, recall and
F1) has not been obvious improved, especially on
WikiPerson dataset. This shows that the edit-based
decoder of SANA can make use of the oracle skele-
ton to produce high quality descriptions.

5.3 Human Evaluation

We report the human evaluation result on the
WikiPerson dataset in Table 4. From the demon-
strated results, it can be found that SANA outper-
forms the other end-to-end or two-stage models on
all the human evaluation metrics. This is consis-
tent with our model’s performance in the automatic
evaluation. In the evaluation of fluency, though the
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(1) Name ID: William Edward Ayrton (2) Place of burial: Brompton Cemetery (3) Place of birth: London
(4) Educated at: University College London (5) Date of birth: 14 September 1847 (6) Occupation: Physicist
(7) Date of death: 8 November 1908 (8) Aware received: Fellow of the Royal Society (9) Child: Barbara Ayarton-Gould

Model Miss Output
DesKnow (9) William Edward Ayrton Fellow of the Royal Society ( 14 September 1847 – 8 November

1908 ) was a British Physicist . Brompton Cemetery he was born in London the son of
Sir Thomas and his wife Mary ( nee Fleming ) . he was educated at University College
School and University College London .

Struct-
Aware

(1) (2) (9) William Edward Keeler Fellow of the Royal Society (14 September 1847 – 8 November
1908) was a British Physicist and Physicist . he was elected a Fellow of the Royal
Society in 1889 and was a member of the Royal Society of London and the Royal
Society of London and the Royal Society of London . he was educated at the University
College London and at the University College London where he was a pupil of the
chemist William.

OptimTrans None William Edward Ayrton Fellow of the Royal Society (14 September 1847 – 8 November
1908) was an English Physicist . William was born in London and educated at University
College London. he is buried in Brompton Cemetery London . he was elected a Fellow
of the Royal Society in 1901. he was the father of Barbara Ayrton-Gould .

SANA None William Edward Ayrton Fellow of the Royal Society ( 14 September 1847 – 8 November
1908 ) was an English Physicist . he is buried in Brompton Cemetery London . he
studied physics at University College London . Ayrton was born in London . he was the
father of Barbara Ayrton-Gould.

Table 5: Example outputs from different methods. The red text stands for the hallucinated content in each gen-
erated description. Given the table, all the models except SANA generate unfaithful content to varying degrees.
Meanwhile, both DesKnow and Struct-Aware miss some table facts, while SANA recovers them all.

models except for Struct-Aware reach similar per-
formances, SANA performs the best, which demon-
strates that its generation has fewer grammatical
and semantic mistakes. In the evaluation coverage,
SANA outperforms the Content-Plan model and
defeats the other models by a large margin. This
result is consistent with our proposal that SANA
can cover sufficient information in the source table,
and it can ensure the informativeness of genera-
tion. As to correctness, the advantage of SANA
over the other models indicates that our model gen-
erates more faithful content and suffers less from
the hallucination problem. It should be noted that
although Content-Plan and DesKnow are on par
with SANA on coverage and correctness respec-
tively, they fail to perform well on both metrics in
contrast with SANA. This indicates that our model
generates both informative and faithful content.

5.4 Case Study

Table 5 shows the descriptions generated by dif-
ferent methods from the test set of WikiPerson.4

DesKnow and Struct-Aware miss some attributes
and hallucinate unfaithful contents (marked in red).
Although OptimTrans achieves better coverage, it

4For fair comparison, we use the generation examples of
baselines provided by Wang et al. (2020)

hallucinates the unfaithful content “in 1901” not en-
tailed by the table. Compared to these methods, our
method can cover all the attributes in the table and
does not introduce any unfaithful contents. In addi-
tion, the generation length of SANA is shorter than
Struct-Aware and OptimTrans, which shows that
SANA can use more concise text to cover the facts
of the table. These results indicate our method is
capable of generating faithful and informative text.
We put more generation examples in Appendix B.

6 Conclusion

In this paper, we focus on faithful and informa-
tive table-to-text generation. To this end, we pro-
pose a novel skeleton-based method that combines
both autoregressive and non-autoregressive gen-
erations. The method divides table-to-text gener-
ation into skeleton construction and surface real-
ization stages. The separated stages helps model
better learn the correlation between the source table
and reference. In the surface realization stage, we
further introduce an edit-based non-autoregressive
model to make full use of the skeleton. We con-
duct experiments on the WikiBio and WikiPerson
datasets. Both automatic and human evaluations
demonstrate the effectiveness of our method, espe-
cially on faithfulness and coverage.
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A Automatic Skeleton Annotation

Algorithm 1 describes the automatic skeleton an-
notation process. Given a table and its correspond-
ing description, we first collect tokens appearing
in both the table and description except the stop
words, then these tokens are sorted based on their
positions in the description in ascending order. In
this way, we can obtain a sequence composed of
the selected tokens. We regard this sequence as a
skeleton.

B More Generation examples

We further provide a case study, using another two
examples (including a very challenging example
which needs to recover a large number of facts), to

show the effectiveness of our method SANA. In the
following pages, we show the example outputs in
Table 6 and 7. In these examples, the SANA model
shows much better capability of generating infor-
mative and faithful descriptions compared with the
baselines.

Algorithm 1 Automatic Skeleton Annotation
Input: A stop word set W , a parallel dataset D =
{(T1, Y ∗1 ), (T2, Y ∗2 ), ..., (T|D|, Y ∗|D|)};

Output: A skeleton list S;
1: Initial the skeleton list S = []
2: for (Ti, Y

∗
i ) ∈ D do

3: Ti = ((k1, v1), (k2, v2), ..., (km, vm))
4: Vi = (v1, v2, ..., vm)
5: Y ∗i = (y∗1, y

∗
2, ..., y

∗
n)

6: Initialize the skeleton list Si = []
7: for y∗j ∈ Y ∗i do
8: if y∗j ∈ Vi and y∗j /∈W then
9: Append token y∗j to the skeleton list Si

10: end if
11: end for
12: collect the skeleton list S += Si
13: end for
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(1) Name ID: Aaron Miller (2) Member of sports team: Colorado Avalanche (3) Member of sports team: Quebec
Nordiques (4) Date of birth: August 11 1971 (5) Place of birth: Buffalo, New York (6) Country of citizenship: United
States (7) Participant of: 2006 Winter Olympics (8) Participant of: 2002 Winter Olympics (9) Sport: Ice hockey
(10) Position played on team / speciality: Cornerback

Model Miss Output
DesKnow 7, 8 Aaron Miller ( born August 11 1971 ) is an United States former professional Ice

hockey Defenceman who played in the National Hockey League ( NHL ) for the Quebec
Nordiques and the Colorado Avalanche . he was born in Buffalo, New York and played
for the Quebec Nordiques and the Ottawa Senators .

Struct-
Aware

7, 8 Aaron Miller (born August 11 1971 in Buffalo, New York New York) is a retired United
States professional Ice hockey Defenceman who played in the National Hockey League
(NHL) for the Quebec Nordiques Colorado Avalanche Colorado Avalanche Colorado
Avalanche Colorado Avalanche and Quebec Nordiques. he was drafted in the 2nd round
of overall of the 2002 NHL Entry Draft.

OptimTrans None Aaron Miller (born August 11 1971 in Buffalo, New York) is an United States former
professional Ice hockey Defenceman who played in the National Hockey League (NHL)
for the Quebec Nordiques and Colorado Avalanche . he was a member of the United
States men’s national Ice hockey team at the 2002 Winter Olympics and 2006 Winter
Olympics.

SANA None Aaron Miller ( born August 11 1971 in Buffalo, New York ) is a retired United States
professional Ice hockey Defenceman . he also played for the Quebec Nordiques and the
Colorado Avalanche . Miller was also a member of United States ’s ice hockey in the
2002 Winter Olympics and 2006 Winter Olympics .

Table 6: Example outputs from different methods. The red text stands for the hallucinated content in each generated
description. Compared with DesKnow and Struct-Aware, SANA recovers all the table facts without generating any
unfaithful content.
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(1) Name ID: Émile Mbouh (2) Member of sports team: Le Havre AC (3) Member of sports team: Perlis FA
(4) Member of sports team: Sport Benfica e Castelo Branco (5) Member of sports team: Qatar SC (6) Mem-
ber of sports team: Vitória S.C. (7) Member of sports team: Tanjong Pagar United FC (8) Member of sports team:
CS Chênois (9) Member of sports team: Cameroon national football team (10) Number of matches played: 46 (11)
Number of points / goals / set scored: 2 (12) Member of sports team: Union Douala (13) Member of sports team:
Diamant Yaoundé (14) Member of sports team: Ettifaq FC (15) Member of sports team: Liaoning Whowin F.C.
(16) Member of sports team: Sabah FA (17) Place of birth: Douala (18) Date of birth: 30 May 1966 (19) Sport:
Association football (20) Participant of: 1994 FIFA World Cup (21) Participant of: 1990 FIFA World Cup (22) Posi-
tion played on team / speciality: Midfielder

Model Miss Output
DesKnow 2, 3, 4, 5, 6, 8,

10, 11, 12, 13,
14, 15, 16, 21,
22

Émile Mbouh ( born 30 May 1966 ) is a former Cameroon national football team
Association football . he was born in Douala and played for the Tanjong Pagar United
FC in the 1994 FIFA World Cup .

Struct-
Aware

2, 3, 4, 5, 6, 8,
10, 11, 12, 13,
14, 15, 16, 17,
21

Émile Mbouh, (born 30 May 1966) is a Cameroonian retired Association football who
played as a Midfielder . Le represented Cameroon national football team at the 1994
FIFA World Cup and 1994 FIFA World Cup . he played for Le FC Sport Yaoundé,
United Yaoundé and Tanjong Pagar United FC

OptimTrans 2, 3, 5, 6, 8, 12,
13, 14

Émile Mbouh (born 30 May 1966) is a Cameroonian retired Association football who
played as a Midfielder . born in Douala Émile began his career with Sport Benfica e
Castelo Branco and Tanjong Pagar United FC . he also represented Cameroon national
football team at the 1994 FIFA World Cup and 1990 FIFA World Cup . he also played
for Sabah FA and Liaoning Whowin F.C. in the Malaysia Super League . he also played
for Tanjong Pagar United FC and Liaoning Whowin F.C. in the Chinese Super League.

SANA 3, 12, 13, 21 Émile Mbouh ( born 30 May 1966 ) is a retired Cameroonian Association football who
played as a Midfielder . born in Douala Mbouh played club football in France for Sport
Benfica e Castelo Branco Le Havre AC CS Chênois Vitória S.C. Tanjong Pagar United
FC Qatar SC Ettifaq FC Tanjong Pagar United FC Qatar SC Sabah FA and Liaoning
Whowin F.C. . Mbouh played for the Cameroon national football team ( 46 caps and
scoring 2 goals ) and two games at the 1994 FIFA World Cup .

Table 7: Example outputs from different methods. The red text stands for the hallucinated content in each generated
description. This table contains a large number of facts to recover, which makes the case very challenging. In
contrast with the other models, SANA misses much fewer facts and does not produce unfaithful content.
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Abstract
Conventional autoregressive models have
achieved great success in text generation but
suffer from the exposure bias problem in that
token sequences in the training and in the gen-
eration stages are mismatched. While gener-
ative adversarial networks (GANs) can rem-
edy this problem, existing implementations
of GANs directly on discrete outputs tend
to be unstable and lack diversity. In this
work, we propose TILGAN, a Transformer-
based Implicit Latent GAN, which combines
a Transformer autoencoder and GAN in the la-
tent space with a novel design and distribution
matching based on the Kullback-Leibler (KL)
divergence. Specifically, to improve local and
global coherence, we explicitly introduce a
multi-scale discriminator to capture the seman-
tic information at varying scales among the
sequence of hidden representations encoded
by Transformer. Moreover, the decoder is en-
hanced by an additional KL loss to be consis-
tent with the latent-generator. Experimental re-
sults on three benchmark datasets demonstrate
the validity and effectiveness of our model, by
obtaining significant improvements and a bet-
ter quality-diversity trade-off in automatic and
human evaluation for both unconditional and
conditional generation tasks.1

1 Introduction

In recent years, Transformer-based autoregres-
sive (AR) models have made a dramatic impact
in text generation tasks such as machine transla-
tion (Vaswani et al., 2017; Wang et al., 2019) and
dialogue systems (Le et al., 2019; Ham et al., 2020),
especially with the emergence of large pre-trained
language models (Radford et al., 2019; Brown et al.,
2020; Wu et al., 2020). However, AR models pre-
dict the next token conditioned on the ground truth

*Equal Contribution.
1Our code is available at https://github.com/

shizhediao/TILGAN.

during training and on its own previously generated
token during inference, which leads to a mismatch
between training and generation stages, and this
causes low quality of generated texts and bad gen-
eralization ability of models on unseen data (Wise-
man and Rush, 2016; Welleck et al., 2020).

Generative adversarial networks (GANs, Good-
fellow et al., 2014) provide a promising approach
to solve the exposure bias problem (Yu et al., 2017;
Kusner and Hernández-Lobato, 2016; Zhang et al.,
2017). This is because GANs aim at matching the
distributions of the generated and real data instead
of forcing the model output to align with the single
correct sequence, and thus provide the potential
to bypass the discrepancy issue. However, it is
non-trivial to apply GANs to discrete data since
the gradients cannot be normally back-propagated
through discrete tokens. Existing approaches have
implemented the adversarial discrete generation
training by reinforcement learning (RL) (Yu et al.,
2017; Lin et al., 2017; Guo et al., 2018; Fedus
et al., 2018) and Gumbel-Softmax (Kusner and
Hernández-Lobato, 2016). Nevertheless, these ap-
proaches suffer from the high variance problem
which causes unstable performance and slow con-
vergence, leading to other methods based on fea-
ture matching (Zhang et al., 2017; Zhao et al., 2018;
Chen et al., 2018).

In this work, we propose TILGAN, a
Transformer-based Implicit Latent GAN, which
combines a Transformer autoencoder and a GAN
in the latent space with novel designs and a learning
formulation based on the Kullback-Leibler (KL)
divergence to enhance the text generation perfor-
mance in both fidelity and diversity. Specifically,
inspired by the representation capacity of Trans-
former AR models, we firstly incorporate Trans-
former architectures to improve GANs in text gen-
eration. Note that the previous latent feature match-
ing methods are mostly RNN-based and assume
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a single vector in the latent space, which do not
directly handle a sequence of latent representations
encoded by a Transformer. However, single latent
vector representation hinders the incorporation of
correlations among different tokens, leading to the
loss of crucial semantic information captured by
a Transformer structure. This is especially prob-
lematic for local and global coherence (Bińkowski
et al., 2020). In this paper, we directly match the
distributions of multi-token sequences in the latent
space, which is better suited for the Transformer
structure. To do so, we have to resolve two chal-
lenges, the first being how to do distribution match-
ing. We introduce a multi-scale discriminator over
the Transformer latent space to utilize the seman-
tic information on different scales, where a global
discriminator takes the entire sequence of latent rep-
resentations as the input, and a local discriminator
takes only a randomly-sampled local neighborhood.
The second challenge is how to train the decoder
reliably. We enhance an autoencoder loss by an-
other KL loss optimized by GAN, forcing the latent
representations of the decoding output to be com-
patible with the generated latent representations
from the latent-generator.

We provide a theoretical justification for the pro-
posed formulation by connecting it to the standard
goal of generative modeling. Experimental results
on three datasets illustrate that TILGAN outper-
forms all baselines in both unconditional and con-
ditional generation tasks, achieving state-of-the-art
performance. Particularly, TILGAN exhibits a
better quality-diversity trade-off evaluated by au-
tomatic metrics such as SelfBLEU and TestBLEU
as well as human evaluation. Further analyses also
confirm the effectiveness of each component of
our method, where decoder enhancement greatly
benefits generation quality, while the multi-scale
discriminator and KL objective provide great per-
formance gains in generation diversity, and the im-
plicit prior contributes to both.

2 The Approach

2.1 Model and Formulation

In this section, we introduce the proposed model
and the learning formulation. Let x ∈ X denote a
sentence following the real data distribution pr(x)
with X = Vn where V is the vocabulary, m = |V|
is the vocabulary size, and n is the sequence length,
and z ∈ Z be the latent variable following a
prior distribution pz(z). We consider a probabilis-

tic model containing an encoder Eφ : X → Z
and a decoder Gθ : Z → X . Both are gener-
ally stochastic mappings with parameters φ and
θ, and induce the encoder conditional distribution
qφ(z|x) and the decoder conditional pθ(x|z) re-
spectively. Note that previous approaches to text
generation use deterministic encoders and decoders
(Zhao et al., 2018), which restricts the expressive-
ness of the modeled distribution family. We first
ensure the consistency between Eφ and Gθ by min-
imizing the negation of the expected reconstruction
log-likelihood

Lc(φ, θ) = −Ex∼prEz∼qφ(z|x)[ln pθ(x|z)], (1)

which coincides with the reconstruction term in the
evidence lower bound (ELBO).

The generated data distribution is given by
pG(x) = Ez∼pz [pθ(x|z)]. To achieve good gen-
eration performance, we design the model so that
the distribution family of pG(x) is large enough to
contain the real one pr(x). As described in Sec-
tion 2.3, we use Transformer to model E and G,
which we assume to have sufficient capacity to
reconstruct data well and learn informative latent
representations. In this way, pθ(x|z) is assumed
to be expressive enough. To further enhance the
capacity of pG(x), we propose to use an implicit
prior pz , by transforming samples from a simple
distribution with a deep neural network.

Consider a random vector ε ∈ E following
some simple distribution pε like a standard Gaus-
sian. We then propose to learn a latent-generator
gβ : E → Z with parameter β so that the distribu-
tion of gβ(ε) matches that ofEφ(x), by minimizing
the KL divergence

Lg(φ, β) = DKL(qφ(z)‖pβ(z)),

where pβ(z) denotes the distribution of gβ(ε) and
qφ(z) = Ex∼pr [qφ(z|x)] is the distribution of
E(x), a.k.a., the aggregated posterior. The advan-
tage of KL divergence is that it imposes a heavy
penalty when qφ(z) > 0 but pβ(z) ≈ 0, which
means that it favors a g that covers all the diverse
modes of qφ(z). This is commonly known and
verified empirically in Shen et al. (2020). Hence
minimizing KL encourages a better diversity in
generation compared with the Jensen–Shannon (JS)
divergence or Wasserstein distance which are often
used in the literature on generative models.

Therefore, we formulate the overall objective
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Figure 1: The overall architecture of TILGAN. Blue and orange stand for the global and local discriminators,
respectively, and green denotes the route of the enhanced decoder.

function to be minimized as follows

Lc(φ, θ) + λLg(φ, β), (2)

where λ > 0 is a coefficient to balance both terms.

Decoder Enhancement During testing, a new sen-
tence is generated by first sampling ε ∼ pε, then
computing the latent variable g(ε) and finally gener-
ating G(g(ε)), which means the decoder takes the
output of the latent-generator g as the input which
it has never seen throughout the training. Although
the KL term aims at matching the distributions of
g(ε) and E(x), it is possible that they do not match
perfectly. In such cases, the decoder may generate
data with poor fidelity and far from being real data.
To resolve this and reliably train the decoder, we
propose to enhance the decoder by letting it see the
generated latent g(ε) during training. Formally, let
p̃g be the distribution of E(G(g(ε))). We add an-
other term to the loss function (2) with coefficient
λ1 > 0:

λ1DKL(qφ(z)‖p̃g(z)). (3)

Since this term is designed to enhance the decoder,
we regard the encoder and prior parameters φ and β
as fixed constants. In other words, in optimization,
we do not propagate gradients of this term with
respect to φ and β and only update the decoder
parameter θ.

2.2 Algorithm
In this section, we propose a GAN-based algo-
rithm for the optimization of the above formulation.
Since pβ(z) is implicit, the KL term Lg in (2) does

not allow a closed form to be optimized directly.
We introduce a discriminator to estimate the gradi-
ents, following Shen et al. (2020). In Lemma 1, we
present the gradient formulas of Lg.

Lemma 1. Let D(z) = ln(qφ(z)/pβ(z)). Then

∇φLg = E[∇zD(Eφ(x))>∇φEφ(x)],

∇βLg = −E[sD(gβ(ε))∇zD(gβ(ε))>∇βgβ(ε)],

where sD(z) = eD(z) is the scaling factor and the
expectations are taken over all the randomness.

Since D depends on the unknown densities qφ
and pβ so that the gradients in Lemma 1 can not
be directly computed from the data, we estimate
the gradients by training a discriminator Dψ with
parameter ψ via the empirical logistic regression:

min
ψ

[ ∑

z∈Se

ln(1 + e−Dψ(z))

|Se|
+
∑

z∈Sg

ln(1 + eDψ(z))

|Sg|

]
,

where Se and Sg are finite samples from qφ(z) and
pβ(z) respectively. This leads to a GAN algorithm.
The optimization of the enhanced loss (3) is similar.

However, GAN is commonly known to suf-
fer from unstable training or gradient vanishing.
To stabilize our algorithm, we adopt the scaling
clipping technique from Shen et al. (2020) and
clip the scaling factor into a range of [r0, 1/r0],
where r0 = 0.5 turns out to work well in all
our experiments. Denote the clipped scaling by
s′D(z) = max{min{sD(z), 2}, 0.5}.

For the optimization of the consistency loss
Lc, we adopt the reparametrization trick from
Kingma and Welling (2014) and estimate it by

4846



Algorithm 1: TILGAN
Input: initial φ, θ, β, ψ, ξ, batch-size N , local size M
while not convergence do

// Update discriminators
Sample {xi}Ni=1 ∼ pr(x), {εi}Ni=1 ∼ pε
Compute
zi = Eφ(xi), ẑi = gβ(εi), z̃i = Eφ(Gθ(ẑi))

Update ψ by descending the gradient:
1
N

∑N
i=1∇ψ[ln(1+e−Dψ(zi))+ln(1+eDψ(ẑi))]

Randomly sample local blocks z′i and ẑ′i with size
M

Update local discriminator by descending:
1
N

∑N
i=1∇ξ[ln(1 + e−dξ(z

′
i)) + ln(1 + edξ(ẑ

′
i))]

// Update encoder, decoder and latent-generator
Obtain xi, εi,zi, ẑi, z̃i, z′i and ẑ′i as above
Compute φ-gradient:

1
N

∑N
i=1[∇φL̂c(xi,zi)+λ∇φDψ(zi)+λ∇φdξ(z′i)]

Compute β-gradient:
− 1
N

∑N
i=1 λ[s

′
D(ẑi)∇φDψ(ẑi)+s′d(ẑ′i)∇φdξ(ẑ′i)]

Compute θ-gradient:
1
N

∑N
i=1[∇θL̂c(xi,zi)+λ1s

′
D(z̃i)∇φDψ(z̃i)]

Update parameters φ, θ, β using the gradients
Return: φ, θ, β

1
n

∑n
i=1 L̂c(xi, zi) where xi ∼ pr(x), zi =

Eφ(xi), and L̂c(xi, zi) = − ln pθ(xi|zi). The
whole training procedure is summarized in Algo-
rithm 1, where the colored parts stand for the en-
hanced decoder (green) and the multi-scale discrim-
inator (blue and orange) introduced later.

2.3 Architecture

In this section, we present the Transformer-based
architecture incorporated with multi-scale discrim-
inators. We propose a Transformer autoencoder
framework where both the encoder and decoder are
self-attention layers with three novel ingredients
specific to improve the generation performance in
both quality and diversity: (i) a latent-generator g
to transform Gaussian noises into an implicit prior
distribution, (ii) decoder enhancement, and (iii)
multi-scale discriminators. Figure 1 illustrates the
entire architecture of TILGAN.

As mentioned in Section 1, we introduce mul-
tiple discriminators over the Transformer’s latent
space to utilize the semantic information on differ-
ent scales, each of which operates on a different
window of representations as the input. Specifi-
cally, given an input sentence x = [x1, x2,. . . , xn]
where xi stands for the i-th word, it is passed
through the Transformer encoder which results in a
sequence of latent states z = [z1, z2,. . . , zn] where
zi is the vector representation corresponding to
xi. We introduce a global discriminator Dψ tak-
ing the whole sequence of representations z as the

input, and a local discriminator dξ with parame-
ter ξ taking only a local neighborhood of the M
randomly-sampled adjacent representations, e.g.,
z′ = [zi−1, zi, zi+1] with M = 3, as the input. 2

Notably, the local discriminator takes the generated
pieces of sequences into account, so it provides
signals of phrase-level fidelity and local coherence,
while the global discriminator is able to assess the
general realism and the degree of natural coherence
for the whole sequence.

2.4 Extension to Conditional Generation
Our proposed framework can be readily extended
to conditional generation tasks such as story com-
pletion. To be specific, the goal is to learn a condi-
tional real data distribution pr(x|c) where c is the
given context following pr(c) with some missing
content x to complete. We propose to feed c into
all three components—encoder E, decoder G, and
latent-generator g—of our model, and modify the
terms in objective function (2) as follows

L′c(φ, θ) = −Epr(x,c)Eqφ(z|x,c)[ln pθ(x|z, c)],
L′g(φ, β) = DKL(qcφ(z)‖pcβ(z)),

where pr(x, c) = pr(x|c)pr(c), and the marginal
distributions of E(x, c) and g(ε, c) are given
by qcφ(z) = Epr(x,c)[qφ(z|x, c)] and pcβ(z) =
Epr(x,c)[pβ(z|x, c)] respectively. Then the final
objective is to minimize L′c(φ, θ) + λL′g(φ, β).

3 Theoretical Justification

The goal of generative modeling is to learn the gen-
erated distribution pG(x) that is close to the real
data distribution pr(x). Our proposed formulation
in (2), however, does not explicitly optimize a dis-
tance measure between pG and pr, so it is unclear
whether our method can match the distributions in
the data space. In this section, we provide justifica-
tion for the proposed formulation (2) by connect-
ing it with the above goal, based on the analysis of
WAE (Tolstikhin et al., 2018).

Let PG and Pr be the induced probability mea-
sures of pG(x) and pr(x) respectively. We have
the Kantorovich’s formulation of the optimal trans-
port (OT) problem with the L1 cost:

W1(Pr,PG) = inf
Γ∈P(x∼Pr,y∼PG)

Ex,y∼Γ[c(x,y)],

2We have considered sampling multiple different neigh-
borhoods within a given sequence as well, whose empirical
performance was shown to be comparable with our proposed
scheme with one local neighborhood, so we only reported the
latter since it is simpler to implement.
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TASK UG CG

DATASET MSCOCO WMTNEWS ROCSTORY

VOCAB 27842 5728 20000
AVG LEN. 10.4 27.8 10.0

TRAIN S# 120K 278K 390K
DEV S# - - 50K
TEST S# 10K 10K 50K

Table 1: The statistics of the datasets. Avg Len. means
the average length of sentences. S# refers to number of
sentences. UG and CG stand for unconditional genera-
tion and conditional generation, respectively.

where c(x,y) = ‖x−y‖1 is the cost function and
P(x ∼ Pr,y ∼ PG) is a set of all joint distribu-
tions of (x,y) with marginals Pr and PG respec-
tively. Note that W1(Pr,PG) is also known as the
1-Wasserstein distance between Pr and PG. Then
we have the following theorem which gives an up-
per bound of the 1-Wasserstein distance, whose
proof is given in Appendix B.

Theorem 1. Let pθ(x|z) be a multivariate multino-
mial distribution with mean matrix Ḡ(z) ∈ Rm×n
which is a common choice for text modeling, i.e.,
each one-hot token xi|z follows a multinomial with
mean Ḡi(z) ∈ simplex ∆m−1 for i = 1, . . . , n.
Then we have W1(Pr,PG) is upper bounded by

inf
q(z|x):qz(z)=pβ(z)

−2Ex∼prEz∼q(z|x)[ln pθ(x|z)],

(4)
where qz(z) = Ex∼pr(x)[q(z|x)] is the aggregated
posterior and pβ(z) is the implicit prior.

Hence by minimizing (4) with respect to θ and β,
we learn the composite generatorGθ(gβ(ε)) : E →
X that minimizes an upper bound of W1(Pr,PG),
which is consistent with the standard goal of genera-
tive modeling. However, this optimization problem
is generally intractable due to the equality con-
straint and the nonparametric nature. Our formula-
tion (2) can be regarded as an approximate problem
of it by parametrizing q(z|x) with a distribution
family induced by a stochastic encoder mapping
Eφ, and relaxing the hard constraint qz(z) = pβ(z)
by introducing the relative entropy regularization
DKL(qz(z)‖pβ(z)).

4 Experiment Settings

4.1 Datasets
We conduct our experiments on three bench-
mark datasets, MSCOCO (Lin et al., 2014),
WMTNEWS (Guo et al., 2018), and ROC-

STORY (Mostafazadeh et al., 2016). All of the
preprocessing steps are the same as Chen et al.
(2018) and Wang and Wan (2019). The statistics
of the resulting datasets are reported in Table 1.

4.2 Baselines
Unconditional Generation Three simplified vari-
ants of TILGAN are implemented for comparison:
• TILGANP: a plain baseline using our backbone

model, that is, a Transformer autoencoder and a
GAN in the latent space based on KL divergence.
• TILGANE: TILGANP equipped with decoder

enhancement.
• TILGANMD: TILGANP with the multi-scale

discriminator.
In addition, the following existing models are
adopted: recurrent neural network language
model (RNNMLE), SeqGAN (Yu et al., 2017),
RankGAN (Lin et al., 2017), GSGAN (Kusner
and Hernández-Lobato, 2016), LeakGAN (Guo
et al., 2018), textGAN (Zhang et al., 2017), FM-
GAN (Chen et al., 2018), ARAE (Zhao et al., 2018),
Transformer language model (TMLE) (Vaswani
et al., 2017).
Conditional Generation For conditional gen-
eration, we compare our model with Trans-
former (Vaswani et al., 2017), IE+MSA (Guan
et al., 2019), Seq2Seq (Bahdanau et al., 2015),
HLSTM (Li et al., 2015), CVAE (Sohn et al., 2015),
and T-CVAE (Wang and Wan, 2019).

4.3 Automatic Evaluation Metrics
Unconditional Generation
• TESTBLEU (Yu et al., 2017): a quality metric

comparing the n-gram similarity between gener-
ated samples and the whole test set.
• SELFBLEU (Zhu et al., 2018): a diversity met-

ric calculating the similarity between one gen-
erated sentence and the whole remaining gen-
eration. The lower the SelfBLEU score is, the
higher diversity we obtain in the generation.
Specifically, following Chen et al. (2018), we

report BLEU-2/3/4/5 for TestBLEU and BLEU-
2/3/4 for SelfBLEU.
Conditional Generation
• BLEU (Papineni et al., 2002): the BLEU score

is calculated by taking the geometric mean of
the n-gram BLEU scores where n is from 1 to 4.
• DIVERSITY (Li et al., 2016): the proportion of

distinct n-grams in the generated results which
evaluates the degree of diversity. D1 and D2 are
reported for unigram and bigram, respectively.
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(a) MSCOCO

METHODS
SELFBLEU TESTBLEU HUMAN

B2% B3% B4% B2% B3% B4% B5% Q D

RNNMLE 75.4 51.1 23.2 82.0 60.7 38.9 24.8 3.33 2.8
SEQGAN 80.7 57.7 27.8 82.0 60.4 36.1 21.1 3.86 2.8
RANKGAN 82.2 59.2 28.8 85.2 63.7 38.9 24.8 3.26 2.6
GSGAN 78.5 52.2 23.0 81.0 56.6 33.5 19.7 3.15 2.4
LEAKGAN 91.2 82.5 68.9 92.2 79.7 60.2 41.6 3.07 3.0
TEXTGAN 80.6 54.8 21.7 91.0 72.8 48.4 30.6 3.55 2.8
FMGAN 83.1 63.2 32.5 94.2 81.2 61.8 41.4 4.06 2.2
ARAE 63.2 41.6 19.1 86.7 69.3 44.2 24.5 2.93 3.0
TMLE 70.6 47.6 27.3 92.8 81.9 56.2 33.1 3.75 3.4

TILGAN 61.6 35.6 9.9 96.7 90.3 77.2 53.2 4.38 3.8
TILGANP 61.7 45.9 18.2 94.7 86.6 63.1 39.9 - -
TILGANE 70.5 50.1 28.7 98.8 94.5 81.3 52.5 - -
TILGANMD 63.5 38.7 11.8 95.1 84.9 64.8 44.1 - -

IMP_POST 73.3 63.8 47.7 95.5 87.1 69.8 31.5 - -
JSGAN 76.7 67.9 51.8 75.1 54.2 32.1 11.0 - -
WGAN 90.4 80.9 69.0 73.0 53.8 34.2 12.5 - -

(b) WMTNews

SELFBLEU TESTBLEU HUMAN
B2% B3% B4% B2% B3% B4% B5% Q D

66.4 33.7 11.3 76.1 46.8 23.1 11.6 3.65 2.8
72.8 41.1 13.9 63.0 35.4 16.4 8.7 3.29 3.4
67.2 34.6 11.8 77.4 48.4 24.9 13.1 2.98 3.8
68.2 41.0 23.1 72.3 44.0 21.0 10.7 3.39 2.6
85.7 69.6 37.3 92.0 72.5 50.2 32.1 2.51 2.8
80.6 54.8 28.7 77.7 52.9 30.5 16.1 3.43 3.2
83.1 68.2 38.5 93.2 77.1 55.2 39.9 3.40 3.2
53.4 30.4 17.3 84.4 62.9 39.8 22.0 2.29 2.6
61.3 43.7 25.1 87.5 74.8 44.2 26.4 3.31 3.6

66.3 44.5 28.0 92.9 81.7 61.7 40.7 3.81 4.0
64.8 48.2 34.9 88.9 76.5 56.5 27.5 - -
62.7 43.3 23.0 91.5 79.2 59.6 33.9 - -
53.1 33.2 20.6 92.6 78.2 53.9 29.5 - -

71.2 59.7 47.1 73.1 68.2 46.6 20.1 - -
64.7 49.9 39.6 80.8 64.9 41.1 14.2 - -
93.3 91.0 88.6 89.1 77.4 50.2 26.7 - -

Table 2: SelfBLEU and TestBLEU results on MSCOCO and EMNLP WMTNews datasets. Q and D denote the quality and
diversity evaluated by human, respectively. The results of previous baselines are listed in the top region, our method TILGAN
together with simplified variants are shown in the middle, and more variants for further ablation studies are at the bottom. The
bold numbers are the best results in each column.

• ADVERSARIAL SUCCESS (Li et al., 2017): the
fraction of instances in which a model is capa-
ble of fooling a fine-tuned BERT classifier with
the above 95% accuracy on the development set
of the classification task. Higher values are bet-
ter. The positive examples are original stories
and negative examples are stories consisting of a
random sentence from another story.

4.4 Implementation

Unconditional Generation We implement a
Transformer-based autoencoder with 2 layers, 4
heads, 512 embedding dimensions, and 512 hidden
dimensions. The generator and discriminator are
implemented by 3 layers multi-layer perceptron
(MLP). We set the maximum sequence length to 15
and 32 for MSCOCO and WMTNews, respectively.
During training, each sentence is padded to the
maximum length when fed into the encoder, and
then the encoder produces a latent vector for every
input token. During testing, the latent-generator
generates a sequence of latent vectors with the
same maximum length, and then, conditional on
the latent vectors, the decoder generates a sentence
which ends when a special token, <EOS>, is gen-
erated. We adopt Adam (Kingma and Ba, 2015)
as the optimizer with a learning rate of 0.00025
and 0.0001 for autoencoder and GAN structure,
respectively with a dropout rate of 0.3.
Conditional Generation We adopt the same
Transformer encoder-decoder architecture as the

backbone model and similar setups as Wang and
Wan (2019). The Transformer structure has 6 lay-
ers, 8 self-attention heads, 512 dimensions for hid-
den states, and uses shared attention layers for en-
coder and decoder which allows the decoder to
attend to the encoder state and the decoder state at
the same time to make the completed story more
coherent. The generator has 3 layers and the dis-
criminator has 4 layers. We adopt Adam (Kingma
and Ba, 2015) as the optimizer with a learning rate
of 0.0001 and a dropout rate of 0.15.

More details of the experimental setup and hyper-
parameter settings are shown in the Appendix A.

5 Experimental Results

5.1 Unconditional Generation

• Generation Quality The first experiment is to
compare the quality of generated sentences of dif-
ferent models. In general, as shown in Table 2,
TILGAN outperforms all baseline models in Test-
BLEU on both MSCOCO and WMTNews datasets,
which clearly indicates the advantages of our pro-
posed framework. We make five main observations.
Firstly, we notice that TMLE is comparable to most
GAN baselines, which shows the powerful fitting
capacity of the Transformer architecture as well as
the inferior performance of previous GAN imple-
mentations. Despite this, TILGANP outperforms
TMLE by a wide margin, demonstrating that our
backbone model combining a Transformer autoen-
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coder and a GAN can not only take advantage of
the Transformer’s capacity, but also exhibit bene-
fits from our GAN formulation to further boost
the performance. Furthermore, compared with
TILGANP, our full version TILGAN achieves an
improvement of 13.3% and 13.2% for TestBLEU5
on MSCOCO and News, respectively. This con-
firms the effectiveness of the proposed multi-scale
discriminators and decoder enhancement. In detail,
when comparing the simplified variants TILGANE

v.s. TILGANMD, the improvement of TILGANE

over the plain baseline TILGANP is larger than
that of TILGANMD, which illustrates that incor-
porating TILGANE is more crucial to improving
the generation quality. Lastly, we compare TIL-
GAN with all previous methods and observe an
average improvement of 6.3% for TestBLEU5 on
two datasets against the previous state-of-the-art
FMGAN, which suggests the superiority of our
method.

• Generation Diversity The generation diversity
is evaluated by SelfBLEU scores, which are shown
in Table 2. First, compared with the baselines
with comparable and worse TestBLEU, e.g., FM-
GAN and LeakGAN, our TILGAN achieves lower
SelfBLEU scores, which indicates a better quality-
diversity trade-off from TILGAN. We notice that
RNNMLE achieves the best SelfBLEU score on
WMTNews but its quality shown by TestBLEU
is pretty low and tends to generate incoherent or
meaningless segments, which can be confirmed by
the generated samples in Appendix C. In addition,
from the results of TILGANMD, we find that in-
corporating the multi-scale discriminator leads to
a significant drop in SelfBLEU, suggesting that
most of the performance gains in generation di-
versity are attributed to our design of multi-scale
discriminators in contrast to decoder enhancement.
Moreover, when comparing the performance across
two datasets, we find that the SelfBLEU scores of
our models are lower on MSCOCO than that on
WMTNews, illustrating that it is easier to gener-
ate more diverse texts on MSCOCO. One possible
reason is that the texts in MSCOCO are shorter
than the texts in WMTNews as shown in Table 1.
When generating long sequences, models are prone
to generate repeated tokens and phrases. The same
phenomenon was also observed for many other
baseline models like ARAE and FMGAN.

5.2 Conditional Generation

In addition to unconditional generation, we test
our model in a story completion task to verify its
ability in conditional generation. Table 3 shows
the automatic metrics in four metrics, with sev-
eral observations. (i) Overall, among all models,
TILGAN achieves new state-of-the-art results on
the ROCStory dataset, showing the superiority of
our method. (ii) Our model obtains substantial
improvement in the quality metrics of generated
answers, with 0.32% gains in BLEU, 6.92% gains
in the adversarial success. It demonstrates that
the generated plots are in high coherence, which
not only share a higher proportion of word overlap
with ground-truth answers, but also have a higher
success rate fooling the BERT classifier. (iii) As
for diversity, TILGAN improves upon the state-of-
the-art methods from 3.63% to 3.88% on D1 and
23.46% to 25.61% on D2, showing that TILGAN
produces stories consisting of more diverse and
distinct n-grams.

5.3 Human Evaluation

Due to the limitations of automatic evaluation met-
rics, we invite 5 judges to rate 100 sentences gen-
erated by different models on a scale from 1 to 5
for both unconditional and conditional generation
tasks. The results for unconditional generation are
shown in Table 2. TILGAN shows a superior per-
formance, which confirms that our model is able
to generate more realistic samples than the base-
line models on two datasets. Among all baseline
models, FMGAN has a high quality score but a
low diversity score, which indicates that most of its
generated samples are repeated sentences that lack
diversity. Additional evidence is shown through
the case study in Section 6.2.

In addition, the human evaluation results on story
completion are shown in Table 3 where we only
compare TILGAN with the best baseline, i.e., T-
CVAE. We use Gram metric to evaluate whether
the generated story plot proceeds naturally, and
Logic metric to evaluate whether the plot is reason-
able and coherent following Wang and Wan (2019).
Compared with T-CVAE, TILGAN is better in
both Gram and Logic, demonstrating that the gen-
erated story plots of TILGAN are more natural
and coherent.
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METHODS BLEU% D1% D2% AS% GRAM LOGIC

SEQ2SEQ 2.90 2.69 15.95 80.97 - -
HLSTM 2.31 2.63 14.80 72.46 - -
CVAE 3.03 2.72 16.32 81.18 - -
TRANS. 3.05 2.93 16.75 82.51 - -
T-CVAE 4.25 3.63 23.46 87.54 3.32 3.24

TILGAN 4.57 3.88 25.61 94.46 3.58 3.60

Table 3: Results on story completion task. AS refers
to adversarial success score. TRANS. denotes a vanilla
Transformer model.

6 Analyses

6.1 Ablation Study

To examine the impact of KL loss and the implicit
prior, we conduct ablation studies of different de-
signs. We construct three variants of TILGAN and
conduct experiments on two datasets of uncondi-
tional generation, whose results are shown in the
bottom region of Table 2.
• Impact of KL Loss First, we implement two
variants named JSGAN (Goodfellow et al., 2014)
and WGAN (Arjovsky et al., 2017) by replacing the
KL loss term with JS divergence and Wasserstein
distance, while keeping the same architectures.
In general, TILGANP outperforms JSGAN and
WGAN in terms of SelfBLEU and TestBLEU on
two datasets. Particularly, it is observed that with
KL loss, the SelfBLEU4 score drops from 51.8%
and 69.0% to 18.2% over JSGAN and WGAN on
MSCOCO, and similar downward trends are ob-
served on WMTNews. It demonstrates that mini-
mizing KL loss indeed benefits the generation di-
versity, which is consistent with previous findings
in Shen et al. (2020). In addition, the TestBLEU of
TILGANP achieves an improvement of 28.9% and
27.4% for TestBLEU5 on MSCOCO over JSGAN
and WGAN, respectively.
• Implicit Prior v.s. Implicit Posterior In addi-
tion to imposing an implicit prior, one can instead
impose an implicit posterior as well by moving the
transformation network of the latent-generator to
the encoder and leaving a Gaussian prior. This
results in a variant with nearly the same total
number of parameters, named IMP_POST. We
see from Table 2 that IMP_POST performs worse
than TILGANP with an implicit prior, suggesting
that enlarging the distribution family of posterior
qφ(z|x) contributes less to improving the overall
generation performance than enlarging that of prior
pz(z), which is consistent to the analysis in the
second paragraph of Section 2.1.

6.2 Case Study

To further analyze the real quality and diversity
of the generated sentences, some are examined
and presented in Table 4 and more examples are
shown in Appendix C. First, the samples generated
by TILGAN are more coherent and semantically
meaningful. The majority of texts of TILGAN are
in subject–verb–object order while those of other
models are not. In addition, TILGAN exhibits
more diverse sentence structures and word choices
than others. For example, although each sentence
generated by FMGAN looks good in quality, there
are many repeated sentences or phrases, leading to
a low diversity. The case study is consistent with
the human evaluation results in Section 5.3.

7 Related Work

Conventional text generation models leverage max-
imum likelihood estimation (MLE) with teacher
forcing and have shown powerful generation ca-
pabilities (Mikolov et al., 2010; Cho et al., 2014;
Bahdanau et al., 2016; Radford et al., 2019; Brown
et al., 2020) but they suffer from the exposure bias
problem. To address this, several solutions were
introduced including scheduled sampling (Bengio
et al., 2015), professor forcing (Lamb et al., 2016),
and Gibbs sampling (Su et al., 2018).

GAN-based text generation methods can be cat-
egorized into three classes: reinforcement learn-
ing (RL) based methods, Gumbel-Softmax (GS)
based methods and latent feature matching meth-
ods. RL-based methods (Yu et al., 2017; Lin et al.,
2017; Che et al., 2017; Guo et al., 2018; Fedus
et al., 2018) design a reward incorporated with the
discriminators, and use policy gradient or actor-
critic approaches to update the generator to resolve
the gradient propagating issue over discrete tokens.
However, they suffer from high variance and mode
collapse issues caused by the unstable policy gra-
dient training process and the lack of a reliable
guiding signal (Zhang et al., 2017; Chen et al.,
2018). GS-based methods (Kusner and Hernández-
Lobato, 2016) apply Gumbel-Softmax which is a
continuous relaxation technique for transforming
the output of a generator to be as close to one-hot
as possible in order to make the samples from a dis-
crete distribution like a multinomial differentiable
with respect to the distribution parameters.

Latent feature matching methods (Zhang et al.,
2017; Zhao et al., 2018) learn a manifold in the
latent space instead of the discrete output space.
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RankGAN: (1) A blue blue train sits on tracks with his residential asian toys.
(2) A reflection of two birds walking by a sidewalk.

FMGAN: (1) A man is standing on a table with a dog.
(2) A man is standing on a table with a dog on a field.
(3) A man is standing on a field of a large building.

TILGAN: (1) A little boy sitting on a bench with a little girl.
(2) A blue and white public transit bus is driving down acity street.
(3) A train is going down the tracks in a forest.

Table 4: Examples of generated sentences from RankGAN, FMGAN and our model.

This kind of methods usually incorporates an au-
toencoder to build the feature space and force the
generator’s latent output distribution to approach
the real data latent distribution. Our method also
resides in this category. To ease adversarial train-
ing, Zhang et al. (2017) introduce adversarial fea-
ture matching method by incorporating a kernel-
ized discrepancy metric to match high-dimensional
latent representations of real and synthetic sen-
tences. ARAE (Zhao et al., 2018) extends AAE
(Makhzani et al., 2015) to model discrete sequences
and learns a parameterized prior by a generative
model trained with WGAN. In contrast to our TIL-
GAN whose Transformer-based encoder and de-
coder are both stochastic, ARAE uses RNN-based
encoder and decoder which are both deterministic,
as required in their theory, which reduces the model
expressiveness and results in much poorer perfor-
mance than ours as shown in Table 2. iVAE (Fang
et al., 2019) proposes a VAE (Kingma and Welling,
2014) with an implicit posterior which is inferior
to the implicit prior that we adopt according to the
ablation study in Section 6.1. WAE-S (Bahuleyan
et al., 2019) is a WAE(Tolstikhin et al., 2018) with
a stochastic encoder trained using MMD with a dis-
tinct goal of improving the reconstruction ability.

8 Conclusion

In this paper, we proposed Transformer-based Im-
plicit Latent GAN (TILGAN), for text generation.
It combines a Transformer autoencoder and a GAN
through matching the distributions of multi-token
sequences in the Transformer’s latent space based
on KL divergence. To improve the local and global
coherence, we introduced a multi-scale discrimina-
tor to utilize the semantic information on varying
scales. To train the decoder reliably, we enhanced
the objective function by another KL term, forc-
ing the decoder to be compatible with the latent-
generator. We theoretically connected the proposed

formulation with the standard goal of generative
modeling. Empirically, TILGAN achieved the
state-of-the-art performance on three widely used
datasets for unconditional tasks and story comple-
tion task, which demonstrated the effectiveness of
our method to generate texts of high quality and
diversity compared with the existing approaches.
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A Reproducibility Checklist

• Description of Computing Infrastructure Tesla V100S-PCIE-32GB
• Average Runtime

MODEL UG CG

DATASET MSCOCO WMTNEWS ROCSTORY

TARAE 5.8 9.2 -
ENHANCED 7.5 11 -
LOCALD 8 12 -
TILGAN 8.5 13.4 106

Table 5: The average runtime per epoch for each model, estimated in minutes. UG and CG refer to unconditional
generation and conditional generation, respectively.

• Number of Parameters

MODEL UG CG

TILGAN 25.4M 30.8M

Table 6: The number of parameters of each model. UG and CG refer to unconditional generation and conditional
generation, respectively.

• Validation Performance No validation evaluation for unconditional generation and conditional gener-
ation tasks.
• Number of Runs We conduct 60 runs for unconditional generation tasks and 30 runs for conditional

generation tasks.
• Bounds and Best Setting for Hyperparameters Please refer to Table 3 for unconditional generation

task and Table 4 for conditional generation task.

MSCOCO WMTNews

Bound Best-performing Bound Best-performing

max len 15 15 32 32
batch size [32,256] 256 [32,256] 256
emb size [256,1024] 512 [256,1024] 512
hidden size [256,1024] 512 [256,1024] 512
num layers [1,6] 2 [1,6] 2
num heads 4 4 4 4
squeezed hidden size [28,256] 56 [28,256] 56
noise size [50,512] 100 [50,512] 100
niters autoencoder [1,3] 1 [1,3] 1
niters discriminator [1,3] 1 [1,3] 1
niters enhanceD [1,3] 1 [1,3] 1
niters generator [1,3] 1 [1,3] 1
niters gan into encoder [1,3] 1 [1,3] 1
learning rate autoencoder [0.01,10] 0.08 [0.01,10] 0.24
learning rate gan encoder [1e-5,1e-2] 1e-4 [1e-5,1e-2] 1e-4
learning rate generator [1e-5,1e-2] 1e-4 [1e-5,1e-2] 1e-4
learning rate discriminator [1e-5,1e-2] 1e-4 [1e-5,1e-2] 1e-4

Table 7: The bounds for each hyperparameter and best-performing setting for unconditional generation task.
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ROCStory
Bound Best-performing

num layers [1,8] 6
hidden size [256,1024] 512
num heads [4,12] 8
emb size 300 300
latent dimension [32,256] 64
batch size [32,128] 64
learning rate [1e-5,1e-2] 1e-4
droupout rate [0,0.5] 0.15

Table 8: The bounds for each hyperparameter and best-performing setting for conditional generation task.

B Proof of Theorem 1

Proof of Theorem 1. In this proof, we let x be the real data, y be the generated data, and z be the latent
variable. Let pG(y, z) = pβ(z)pθ(y|z) be the joint distribution of (y, z), where z is sampled from prior
pβ(z) and then y is sampled from the decoder conditional pθ(y|z). Further let Px,y,z denote the set of
all joint distributions of (x,y, z) such that x ∼ pr(x), (y, z) ∼ pG(y, z), and x ⊥⊥ y|z; let Px,z be the
set of marginal distributions of (x, z) induced by Px,y,z, that is, the set of distributions with marginals
x ∼ pr(x) and z ∼ pβ(z).

Recall that n is the sequence length and m is the number of words in the vocabulary. For the i-th word
xi which is an m-dimensional one-hot vector, indicator 1(xi = j) = 1 if the j-th dimension of xi is equal
to 1 and 1(xi = j) = 0 otherwise, for j = 1, . . . ,m. Then we have

W1(Pr,PG) ≤W †1 (Pr,PG) := inf
p∈Px,y,z

Ez∼pβ(z)Ex∼p(x|z)Ey∼pθ(y|z)[c(x,y)]

= inf
p∈Px,z

Ez∼pβ(z)Ex∼p(x|z)


2

n∑

i=1

m∑

j=1

1(xi = j)(1− Ḡij(z))




< inf
p∈Px,z

Ez∼pβ(z)Ex∼p(x|z)


−2

n∑

i=1

m∑

j=1

1(xi = j) ln Ḡij(z)




= inf
q(z|x):qz(z)=pβ(z)

Ex∼prEz∼q(z|x)


−2

n∑

i=1

m∑

j=1

1(xi = j) ln Ḡij(z)




= inf
q(z|x):qz(z)=pβ(z)

{
−2Ex∼prEz∼q(z|x)[ln pθ(x|z)]

}
,

where the first inequality comes from Tolstikhin et al. (2018, eq. 9), and the second inequality is due to
the fact that 1− l < − ln l for all l ∈ (0, 1), leading to the desired result.
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C Generated Examples

Table 9: Generated samples on ROCStory dataset.

story: ____________________. when i got to the stop sign , the check engine light started
flashing . i panicked and carefully drove the van to the nearest mechanic shop . they
checked it out but could not repair the van . the van had to be sold for parts and i had
to get a new vehicle .

T-CVAE: i was driving my van down the street one day .
TILGAN: i was driving my van to work one day .

story: krista was organizing her office .____________________ . they were big and heavy .
she assembled them carefully . when she put all her books on them , they collapsed !

T-CVAE: she had a bunch of books .
TILGAN: she bought some new books .

story: the man won a contest . he went to the station to collect . ____________________ .
he did n’t really like the band . he tried to sell them back to the radio employees .

T-CVAE: he got a ticket for a band .
TILGAN: he saw some band members .

story: billy is bored . billy sits with his friends thinking of something to do . billy suggest they
all head to the lake to go fishing . ____________________ . billy takes his friends to go
fishing and has great time .

T-CVAE: billy and his friends go fishing together .
TILGAN: billy and his friends go fishing .

story: ____________________ . her house was full of dust . she could n’t believe how filthy
it was . alicia then decided to clean it . when she was done cleaning and it sparkled .

T-CVAE: alicia was in the basement .
TILGAN: alicia was cleaning her house .

Table 10: Generated samples on MSCOCO dataset.

TextGAN: - a train traveling down a street . SeqGAN: - a red stop sign .
- a train station . - a couple of people are walking on a log and trees .
- a street sign on a street . - the train car traveling mannequin driving down the tracks .
- is in a bathroom with a sink controls . - people standing next to a large building .

RankGAN: - a blue blue train sits on tracks with his resi-
dential asian toys .

MLE: - an orange booth contains the in traffic light under a
sign

- a reflection of two birds walking by a sidewalk . - a man with hat on the horse in the street
- a man tourist train in the egret - a couple walking around city tracks with people
- a white fire hydrant stands next to each other . - the bird are walking next to a small blue coop

LeakGAN: - a table topped with pots . . FM-GAN: - a man is standing on a skateboard on the beach
- a bathroom with a glass shower , sink , toilet and sink . - a man on a tennis game with a kite
- a woman wearing a glass is sitting on a cupboard . - a man on a table with a red and white and a building
- a group of men talking . - a man is standing on a table with a dog

ARAE: - a city street sign in the park bench parked in the
group group the man

TILGAN: - a little boy sitting on a bench with a little girl

- two people standing at motorcycles on the bench - a group of people in the middle of a field
- two people standing at motorcycles on the bench at white
kitchen

- a large passenger plane flying through the sky

- there is a city bus on their city street sign parked in blue
blue bus

- a woman is sitting in a kitchen next to a restaurant

- a white plane on the air plane parked in snow group their
plane parked

- a small bird sitting on a branch of a tree
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Table 11: Generated samples on EMNLP WMT dataset.

SeqGAN: - it said the yield on our most traveled to china ’ s capital for “ the annual bank of cost credit against cuba .
- the cars ( , taiwan argues that the cease - fire contained included already reported on the outlook .
- “ both the republican leader in the years of leadership she was in rome and signed a close cabinet , ” she said .
- russia has said in its twitter documents since january which demanded that lawmakers had clearly been involved about .

RankGAN: - the lakers left the us to hope of the office and chose the general administration to build a further mission .
- ms . bush had been remembered in a red ring after it taking these sunday week made focusing himself against the
number of games .
- “ “ i ’ d thought something i am running everything i saw my own american life usually respect at all , as some
equipment they have that .
- and i was hoping that management does still even bring to hillary carson , and listen to a guy playing off back .

MLE: - what we need do this case if anybody had now touched a in - town community , all your kids in exchange
barriers are needed
in , no more , all may come out the coming in reflect the options .
- so the scottish government is significant until not extension you own very so hard to change my job for your six points
at half , social opinion and take beyond .
- us president - elect donald trump will re consider an effort to set out that it would be to accept from the us - city solution
to the world .
- local judges ask for her children and went into a video itself , she said for 2016 ’ s early next day , he said .

LeakGAN: - picture west eight my might confidence , zero confidence my either nazi a a time having accounts , skills a
difference x having must difference time having a develop pakistan confidence time time killed wilson partners nazi
unfair zero phones develop vital confidence a might showed a having confidence develop a
- pupils evidence accounts having confidence confidence theft abortion time time sized time west coming a unfair time
affecting time my theft a a killed killed phones , , time questioned pakistan a partners evidence sized confidence unfair
my eight time pakistan zero zero confidence partners either seventh having , killed a

GsGAN: - i hope that i do something like that it ’ s a very important thing , i know what you want to see this i didn ’ t
know , i think it does not be able to work out this way that ’ s not a lot better needs to
- the actor is it , well , which was a good job in a writing - christmas time out of a three - year - old woman who had been
charged for the murder , he said that he was investigating the government ’ s decision to 19 . 6 million
- to give the first time , it added , he had a few days and now he ’ s not just a new administration , he will do the same
time before .
- it is that , but the two - year - old woman he didn ’ t agree on : they had been a right ago because i wanted to have to do
something i was trying to kill them , i am , but i can do it had to stay

FM-GAN: - The United States , the United States has been a major group of the United States in the United States , the
United States in the United States .
- We have to be able to pay the money to be able to pay the money to be able to pay the money to pay for the same time
," he said .
- " It ’ s a lot of people who have been a woman , and I have been told the police ," she said .
- The man ’ s death was a " bit of the incident , but the police said that the police had been taken to the city , and the
police officer was a " very dangerous - driving area .
- We have to be able to do the government to be able to do the government to be able to leave the country ," he said .

ARAE: - a more . 5 per cent the company said it would not be expected to rise if he hit the 2 percent year , it said , rose
2 , 500 ,when the only reason only be the best way for the best time for the best time for the best time for them and not
being able to have done with much
- the fact : the fact only now not being able to have done with a much more time for the age amount time with a much
time for the best time for
- the fact the only reason only be the best way .
- the fact : the fact only now being a more person with a person with each person with a much time with the best time for
them as much as a person

TILGAN: - many people who died , although they didn ’ t have been on the same day , not just because of those who
had been out of them .
- " i had to be able to get a good deal with the right time ," he said in a statement .
- that ’ s why , in my life is now that ’ s not the same thing , and how much money is .
- we are still working closely with the community who is still in the world , but we can ’ t be the best .
- we can ’ t get some good players in the league , but not only because we ’ ve played well .
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Abstract

Some interpersonal verbs can implicitly at-
tribute causality to either their subject or their
object and are therefore said to carry an im-
plicit causality (IC) bias. Through this bias,
causal links can be inferred from a narrative,
aiding language comprehension. We inves-
tigate whether pre-trained language models
(PLMs) encode IC bias and use it at inference
time. We find that to be the case, albeit to
different degrees, for three distinct PLM ar-
chitectures. However, causes do not always
need to be implicit—when a cause is explicitly
stated in a subordinate clause, an incongruent
IC bias associated with the verb in the main
clause leads to a delay in human processing.
We hypothesize that the temporary challenge
humans face in integrating the two contradict-
ing signals, one from the lexical semantics of
the verb, one from the sentence-level seman-
tics, would be reflected in higher error rates
for models on tasks dependent on causal links.
The results of our study lend support to this hy-
pothesis, suggesting that PLMs tend to priori-
tize lexical patterns over higher-order signals.

1 Introduction

Recognising causal links in narrative is an integral
component of language comprehension that often
relies on implicit cues (Trabasso and Sperry, 1985).
Pre-trained language models, which form the basis
of many language processing solutions nowadays,
should therefore pick up on such cues and integrate
them correctly with other signals to enable accurate
causal inferences in downstream tasks, including
question answering and information extraction.

Psycholinguists have identified one such cue in
the implicit causality bias of interpersonal verbs:
some interpersonal verbs tend to implicate causal-
ity on either their subject or their object (Garvey
and Caramazza, 1974). It is this bias that leads to
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Figure 1: Illustration of implicit causality (IC) and ex-
plicit causality (EC) in contexts where the two are con-
gruent, and where they are incongruent.

wide agreement among subjects in psycholinguis-
tic studies, that in a sentence like John appreciates
Mary, the cause for appreciation likely lies with
a property or action of Mary’s rather than John’s.
Causality can also be stated explicitly, in the form
of a subordinate because clause, for instance, and
it can optionally contradict the implicit causality of
the verb in the main clause. In Figure 1, we show
two verbs in the context of explicit statements of
causality (EC) that are either congruent or incon-
gruent with their IC bias. Psycholinguistic studies
show that congruency affects language compre-
hension, with human participants taking longer to
identify the referent to the pronoun after because in
incongruent contexts compared to congruent ones
(Caramazza et al., 1977). The integration of the
two signals costs humans extra effort, but they are
eventually able to overcome the false initial expec-
tation based on lexical semantics (i.e. IC) and form
a final response that takes into consideration the
full sentence-level semantics (i.e. EC). Ettinger
(2020) suggests that in the context of such diverg-
ing signals, models would likely fail to integrate
all signals correctly, producing a response that is
consistent with the initial, shallow expectation and
therefore incorrect.

In this work, we study a range of large
transformer-based pre-trained language models
(PLMs) with a focus on their awareness of IC bias
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and their response to stimuli of the kind shown in
Figure 1. Following Ettinger (2020), we hypothe-
size that a language model aware of IC bias would
experience interference from this signal in the con-
text of incongruent EC, resulting in errors of judge-
ment on a co-reference resolution task dependent
on causal inference.

In a study of six PLMs from three model fam-
ilies: unidirectional generative, bidirectional gen-
erative and bidirectional discriminative, we find
that IC bias is reliably encoded by all, but not used
to an equal degree when making predictions in a
controlled setting designed to test for IC awareness.
In line with our hypothesis, we find that models
with high IC awareness suffer an interference from
IC bias in contexts of incongruent causality. We
discuss these findings with reference to model type,
size and amount of training data; we also draw
general conclusions about the shortcomings of lan-
guage models, which seem to prioritise a low-level
lexical pattern (when they are aware of it in the first
place) over a higher-order contextual signal.

2 Related Work

The study of the linguistic capacities of neural lan-
guage models (LMs) has become especially rel-
evant in current NLP research, where representa-
tions from PLMs feed into systems for various com-
plex tasks, typically improving performance. Many
of the testing paradigms used in psycholinguistics
lend themselves well to LM analysis as they rely
on a textual stimulus and a lexical response.

Linzen et al. (2016) were first to borrow from
the psycholinguistic testing paradigm, in a study of
the capabilities of LSTM-based models to resolve
subject-verb number agreement. Goldberg (2019)
adopted the psycholinguistic approach in an assess-
ment of BERT (Devlin et al., 2019) on a number of
syntactic tasks and found it to perform remarkably
well on all. Hawkins et al. (2020) studied the abil-
ity of different LMs to capture human preferences
as to the argument structure of English verbs.

The analysis of semantic capabilities in LMs in-
cludes studies on negative polarity in LSTM LMs
(Marvin and Linzen, 2018; Jumelet and Hupkes,
2018), reasoning based on higher-order linguistic
skill (Talmor et al., 2019), arithmetic and composi-
tional semantics (Staliūnaitė and Iacobacci, 2020),
stereotypic tacit assumptions and lexical priming
(Misra et al., 2020; Weir et al., 2020). Many of
these studies look at recent PLMs and draw mixed

conclusions about the level of semantics encoded
by these models. Peters et al. (2018) and Tenney
et al. (2019) observed that PLMs do encode some
higher-order syntactic abstractions in the higher
layers (whereas lower-order syntactic information
is encoded in the lower layers). However, in a com-
parison of contextualized and static word embed-
dings, Tenney et al. (2019) concluded that PLMs
do not generally offer the same improvement with
respect to semantics as they do for syntax.

At the crossroad of semantic analysis and psy-
cholinguistic approaches, Ettinger (2020) intro-
duced a suite of six psycholinguistic diagnostics
for the analysis of semantic awareness in LMs.
The tasks were selected based on a specific pat-
tern observed in the response of human participants
in psycholinguistic studies: an initial expectation
(marked by an N400 electrophysiological response)
that diverges from the final answer in a cloze task
that humans offer once they have had time to fully
consider the test prompt. Ettinger (2020) suggests
that LMs might be “tripped up” in such contexts if
they are unable to accurately integrate all the avail-
able information—she indeed found that to be the
case for role-based event prediction in BERT (De-
vlin et al., 2019), for example. The phenomenon
we study, incongruency in causality signals, has
been observed to trigger a similar response in hu-
mans (Van Berkum et al., 2007) and can thus be
expected to also “trip up” LMs.

Implicit causality bias was previously consid-
ered in PLM analysis by two works, both looking
at how well unidirectional PLMs capture it. Upad-
hye et al. (2020) studied IC from the perspective of
how different connectives between the main clause
and the following clause (because, and as a result,
full stop) affect the strength of the bias. While
they did not find strong evidence for a correla-
tion to human-based results in this respect, they
did observe that in the context of connective be-
cause PLMs assigned lower probability to subject-
referring pronouns for an object-biasing verb as
compared to a subject-biasing verb. Davis and van
Schijndel (2020) observed that GPT2-XL (Radford
et al., 2019) encodes some level of IC bias in its
representations (measured in terms of similarity
between the representation of the pronoun and its
two potential referents) and its decision on how
to resolve a referent at prediction time is weakly
influenced by that. They took the analysis one step
further and looked at whether GPT2-XL uses IC
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information to resolve relative clause attachment,
which in humans is conditioned by IC bias—no
evidence was found to suggest that that was the
case. Our study extends previous work on IC bias
in several ways: we study both unidirectional and
bidirectional models, we measure bias in the same
terms as was done in psycholinguistic work and
can therefore assess the correlation between the
two, and we study the matter from a perspective
that has not been considered before, namely the
case of incongruent explicit and implicit causality.

3 Materials

Here we describe the two psycholinguistic diag-
nostics that we draw on: for the study of IC bias
in isolation and its integration with EC. We also
describe the modifications necessary to make these
diagnostics suitable for PLMs.

3.1 Context-free IC Bias
Ferstl et al. (2011) studied IC bias in a context free
of EC through a sentence completion task where
subjects were presented with a stimulus like

(1) John praised Mary because

and asked to finish the sentence. Continuations
were observed to start with a third person pronoun
(he or she) 94.2% of the time. The researchers
counted the ratio of continuations referring back to
the subject of the sentence, swins, and back to the
object, owins, and computed a bias score for each
verb as 100 × (swins − owins)/(swins + owins).
This results in a range of −100 (verbs with ex-
treme Object bias, hereafter O-bias) to 100 (verbs
with extreme Subject bias, hereafter S-bias). The
study covered 305 interpersonal English verbs with
responses from 96 subjects.

In another study of IC bias, Hartshorne and
Snedeker (2013) presented subjects with stimuli
with a nonce ending, e.g.

(2) John praised Tim because he was a dax.

and asked them the question Who do you think is
a dax? The nonce ending is meant to provide a
content-free continuation that does not affect the
interpretation of the ambiguous pronoun, neither
semantically (as the madeup dax carries no mean-
ing), nor syntactically—Hartshorne et al. (2015)
conclude that explanations of the form is a/an X do
not affect people’s intuitions about who the expla-
nation referred to.

Our approach is to use the procedure of Ferstl
et al. (2011) as is to test unidirectional PLMs, as
they are naturally suited to the open-end input for-
mat. Since bidirectional PLMs have been trained
on complete utterances and may thus act unpre-
dictably in an open-end context,1 we test such
models with a modification of the procedure of
Hartshorne and Snedeker (2013):2 we convert it
into a cloze task with a gender mismatch between
the participants, such that (3) becomes

(3) John praised Mary because was a dax.

We adopt the mismatched-gender setting as it
more closely resembles the sentence completion
task in Ferstl et al. (2011). In both formats we
can now identify the preferred referent by looking
at the probability of pronouns he and she for the
empty slot, each one referring unambiguously to
only one referent. Inducing a prediction for a pro-
noun in the empty slot is also a more natural choice
of co-reference than repeating one of the names
(Holtzman et al., 2019).

In the examples shown throughout the paper,
John and Mary are used as placeholders for the sub-
ject and object of the verb of interest. The choice
of names to go in these slots can affect model pre-
dictions (Abdou et al., 2020), so we generate 200
variants of each stimulus, varying the names and
the order between the two genders and we query
the PLMs with all of them. The full procedure is
described in Appendix B.

We compile a list of 200 nonce words using
the 194 nonce words made available by Bangert
et al. (2012), five nonce words from Cuskley
et al. (2015), manually chosen to resemble English
nouns, and dax, used in Hartshorne and Snedeker
(2013). When presenting a bidirectional PLM with
the aforementioned 200 variants of a stimulus, we
dynamically draw a nonce word at random from
this list without replacement.

The procedure described above is applied to each
of the 305 verbs studied in Ferstl et al. (2011).

3.2 IC Bias in the Context of EC
Caramazza et al. (1977) tested the effect of incon-
gruency between IC and EC using pairs of sen-
tences built around the same verb, where one con-
tains an explanation congruent with the verb’s bias

1We find that a common response of generative bidirec-
tional PLMs to stimuli like those in (1) is to predict a full-stop
for the empty slot.

2See Appendix A.1 for an alternative we considered.
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and the other contains an incongruent explanation
(refer back to Figure 1 for some examples). Partici-
pants were shown one sentence at a time on a screen
and asked to say out loud who the referent was to
the pronoun after because. Caramazza et al. (1977)
carried out experiments both with stimuli where the
referents are of the opposite gender and where the
referents are of the same gender—responses were
delayed in the context of incongruent explanations
as compared to congruent ones in both settings,
the effect being stronger in the mismatched-gender
setting.

Our approach is to adopt the mismatched-
gender setting and to convert this task into a cloze
task as well, an example stimulus being:

(4) John praised Mary because had done well.

The stimuli used by Caramazza et al. (1977) and
other related studies like Garnham et al. (1996) use
only a handful of verbs (14 and 22, respectively).
We therefore found it necessary to develop a more
expansive dataset for the purposes of our study.
Following the procedure described in Appendix C
we constructed pairs of subject-referring explana-
tions and object-referring explanations for 99 verbs,
33 strongly subject-biased verbs (bias> 65), 33
strongly object-biased verbs (bias< −65), and 33
verbs from the middle of the scale, which can be
thought of as having no effect on the attribution of
implicit cause. Selecting the verbs in this fashion,
with large gaps between each group, allows us to
see the difference between them most clearly.

Similarly to before, 200 variants of each stimulus
are generated, varying the names of the referents
and the order between the two genders.

4 Procedure

In this section we describe how we induce re-
sponses to the tasks described in §3 for the two ex-
periments in this study: measuring context-free IC
bias and IC bias in the context of EC. Six English
PLMs are considered in this study, representative of
the unidirectional generative, bidirectional genera-
tive and bidirectional discriminative paradigms in
language modeling. As seen in Table 1, GPT, BERT

and ELECTRA are comparable in size and training
data. GPT2-M, RoBERTa-L and ELECTRA-L are
included as the ‘bigger siblings’ to the former three
models respectively, selected to resemble closely
the architecture of their counterparts, while having

Work Size Data Dir Obj

English

GPT Radford et al. (2018) 110 16 Uni Gen
GPT2-M Radford et al. (2019) 345 40 Uni Gen

BERT Devlin et al. (2019) 110 16 Bi Gen
RoBERTa-L Liu et al. (2019) 355 160 Bi Gen

ELECTRA Clark et al. (2020) 110 16 Bi Disc
ELECTRA-L —"— 335 160 Bi Disc

German BERT - 110 12 Bi Gen
Spanish BERT Cañete et al. (2020) 110 20 Bi Gen

mBERT - 110 194 Bi Gen

Table 1: Model properties in terms of size (number
of parameters in millions), training data (size in GB),
directionality (uni- or bi-directional), and token-level
training objective (generative or discriminative). Ger-
man BERT and mBERT are not the product of any pub-
lished work, but are closely associated with Devlin et al.
(2019).

a larger size and richer training data.3 Comparisons
can therefore be made across the three base models,
on one hand, and within each pair of a base model
and its larger counterpart, on the other. The three
larger models are comparable in size, but not fully
comparable in training data, GPT2-M being trained
on only a quarter of what the other two models are
trained on. In a small multilingual experiment, we
also experiment with German BERT, Spanish BERT

and mBERT,4 a multilingual version of BERT.
We first describe the procedure for bidirectional

generative PLMs which is most straightforward.
Both experimental tasks can be formulated as a
cloze task (see Examples (3) and (4)). We place a
mask tag in the empty slot, pass the input through
the model and compute the probability that the
models assigns to tokens he and she for the position
of the mask tag.

The procedure is equally trivial when testing uni-
directional PLMs for context-free IC bias effects,
where the stimuli can naturally take on an open-
ended form (see Example (1)). The partial sentence
is passed through the model and a probability for
the relevant pronouns is computed. Measuring the
effect of IC bias in the context of EC, on the other
hand, cannot be performed in the next-word pre-
diction paradigm, so for this task we instead use
the unidirectional PLMs as language scorers: we

3For implementational details see Appendix D.
4The size of the training data for mBERT is not exactly

known—it consists of the 100 biggest Wikipedias. English
Wikipedia, as made available on HuggingFace in 2019 is 14
GB in size; with the next 99 Wikipedias being 13% the size
of the English Wikipedia on average (based on number of
articles), that works out to an estimate of 194GB in total.
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Model Exp p(he) =

GPT(2) IC p(he |w1...w4)
IC+EC p(w1...w4 he w6...w8)

(Ro)BERT(a) both p(MASK==he |w1...w4 MASK w6...w8)
ELECTRA both p(class=O |w1...w4 he w6...w8)

Table 2: Probing PLMs for the effect of context-free IC
(IC) and IC in the context of EC (IC+EC) experimen-
tal paradigm. w1...w4 = John praised Mary because;
w6...w8 = was a dax / had done well for IC and IC+EC,
resp. The procedure is analogous for she.

create two versions of each stimulus, one with pro-
noun she, one with pronoun he in the empty slot,
and obtain a probability for each as the average
over the probabilities of all tokens in the sequence.

The discriminative model ELECTRA is trained to
recognize replaced tokens in its input, i.e. for each
token it computes a probability over two classes,
replaced (R) and original (O). Based on the rea-
soning outlined in Appendix E we conclude that
the more appropriate way to probe ELECTRA in
our experiments is by taking the average over the
probability of class O for all tokens in a sequence,
instead of looking at the probability of this class
for the pronoun of interest alone. In a procedure
similar to the one used for GPT2-M when used as
a language scorer, we present ELECTRA with two
versions of each stimulus , one with he, one with
she in the slot of interest, and we compute the aver-
age probability of class O for each. We formalize
the handling of all model types in Table 2.

5 Exp. 1: Context-free IC Bias

With this experiment we want to determine whether
English PLMs exhibit the same tendencies as hu-
mans when it comes to the IC bias of actions/states
expressed with interpersonal verbs in a context free
of any explicit causes. To this end, we use the mate-
rials described in §3.1 and the procedure described
in §4. For any given model, the IC bias per verb is
measured over the responses of the model to the set
of 200 stimuli, each response processed as follows.

5.1 Measuring Bias

For a sentence with a female subject and a male
object, the probability of she would be denoted
as ps, the probability of he as po, and ps > po

would indicate a preference for the subject for this
stimulus. Refer back to Table 2 for a summary
of how these probabilities are obtained with each
model.

Figure 2: Ratio of S-bias verbs and O-bias verbs.

Having obtained the values ps and po for each
of the 200 stimuli per verb, we next calculate the
bias of this verb in the following manner:

swins =
∑

n∈N
(psn − pon) > 0 (1)

owins =
∑

n∈N
(psn − pon) < 0 (2)

bias = 100×
(
swins − owins
swins + owins

)
(3)

where N is the set of 200 stimulus variants per
verb. This metric gives us a range from −100 (ex-
treme O-bias) to 100 (extreme S-bias), with 0 indi-
cating an absence of any bias altogether.

5.2 Preliminary analysis
As validation of the experimental procedure, we
note that the generative models, BERT, RoBERTa-L,
GPT, GPT2-M, ranked one of the two vocabulary
items of interest, he or she, as their top prediction at
a rate of 99.0, 99.4, 99.3 and 100.0 percent, respec-
tively. It is reassuring to see that the models behave
similarly to humans in this respect, who selected
he or she at a rate of 94.2% as a first token after
because (Ferstl et al., 2011). That also indicates
that the probabilities assigned to the two tokens are
meaningful (Holtzman et al., 2019).

Figure 2 shows the ratio of S-bias verbs and O-
bias verbs as determined by each of the models and
by humans. Compared to human IC bias scores,
which give an even distribution of verbs across the
S-bias and O-bias classes, we see that most models
show an imbalance in this respect–most notably,
BERT and GPT2-M show an almost categorical pref-
erence for the object of the sentence. These trends
could relate to the syntactic role of the participants
(subject v. object), to their linear order, or to refer-
ent proximity. The first two factors are difficult to
decouple in English, a language with a relatively
fixed subject-verb-object word order. We discuss
the effect of proximity in Appendix A.2.
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To gain a clearer understanding of the IC bias
awareness of the different models, we analyze the
results of this experiment in their raw form and also
with discounting for other potential sources of bias.
In addition to the object bias discussed above, we
include gender and choice of nonce words, which
on their own did not appear to have a strong effect,
but could combine with each other and with the
object bias in unpredictable ways. The discounting
for p(he), for example, in the context of stimulus
John apologized to Mary because was a dax is
done by subtracting the average probability of pro-
noun he in the context of any stimulus with a male
subject and word dax in the nonce word slot (152.5
data points on average).

5.3 Results

Table 3 quantifies the correspondence between
model IC bias and human IC bias in terms of Spear-
man’s ρ over bias scores and in terms of micro-
averaged F1 score over the polarity of the IC bias
(subject-bias v. object-bias). For a plot of the ex-
act bias values see Figure 6 in Appendix F. The
PLMs most affected by the discounting for other
biases are BERT and GPT2-M, which also showed
the strongest imbalance as observed in Figure 2.
All PLMs show a significant correlation to human
IC bias, although this observation has the caveat of
a small dataset (only 305 data points).

Within the pairs of related models, we can say
that the differences between BERT and RoBERTa-L

on the one hand and ELECTRA and ELECTRA-L on
the other, are small, which suggests that already
with 16GB of training data and 110M parameters,
these architectures reach their potential in terms of
capturing and using IC bias. For the two unidirec-
tional PLMs, we see that after discounting GPT2-M

exhibits a considerably higher correlation to human
IC bias scores. This may indicate that the larger
size and/or richer training data of GPT2-M have en-
abled the model to better capture IC bias, although
the correlation still remains low in absolute terms.

Comparing unidirectional PLMs to bidirectional
ones, we find that the latter obtain a stronger cor-
relation to humans scores. A similar trend holds
for the F1 scores, where bidirectional models show
a greater awareness of the polarity of the IC bias
of verbs (especially after discounting). We refrain
from making comparisons across model architec-
tures beyond the uni- v. bidirectional dichotomy,
to avoid drawing false conclusions: as we are us-

BERT RoB-L GPT GPT2-M EL EL-L

ρ 0.58* 0.67* 0.22* 0.22* 0.72* 0.72*
F1 0.508 0.672 0.607 0.482 0.744 0.754

ρ 0.65* 0.69* 0.23* 0.38* 0.73* 0.71*
F1 0.698 0.734 0.564 0.649 0.774 0.748

LDA 0.67* 0.58* 0.64* 0.46* 0.73* 0.67*
LR 0.71* 0.6* 0.67* 0.49* 0.75* 0.7*

Table 3: Correspondence between human- and model-
induced IC bias scores (a) for model predictions, mea-
sured in terms of Spearman’s ρ correlation over bias
scores and F1-score over bias polarity before (rows 1
and 2) and after discounting (rows 3 and 4); and (b) for
model representations (rows 5 and 6). * denotes signif-
icance at p < 0.001.

ing different procedures to induce a response from
generative and discriminative models, it could be
argued that a direct comparison is not methodologi-
cally robust. The discriminative models are making
a binary decision over two options predefined by
us, while the generative models are computing a
probability distribution over hundreds of thousands
of vocabulary items.

5.4 Further Analysis

To measure the models’ sensitivity to IC bias in
a perfectly comparable setting, we carry out an
additional comparison on the level of representa-
tions, thus abstracting away from the top layers of
the models where the differences ensue. We ex-
tract ‘decontextualized’ verb representation from
the PLMs following the procedure described in
Appendix G. Using those, we carry out two types
of probes: an extrinsic one, where we train a lin-
ear regression model (LR) to map from a verb’s
representation to its IC bias; and an intrinsic one,
where we use linear discriminant analysis (LDA)
to identify the single dimension in the verb repre-
sentations that is most informative of IC bias.5 The
benefit of the latter approach is that it does not add
any newly trained parameters to the computation
of the correlation (Torroba Hennigen et al., 2020).
In both cases, the result is a vector of scalars (the
values predicted by the LR, or the values of the
selected dimension)—we measure the correlation
between these values and human IC bias to deter-
mine how much of the latter can be recovered from
the representations.

To reduce overfitting, which is inevitable with

5As LDA operates over a space of discrete labels, we
convert the IC bias scores into 3 classes (> 0, < 0, = 0).
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Figure 3: Ratio of S-bias and O-bias verbs in German
(top) and Spanish (bottom).

305 datapoints in total and representations of 768
to 1024 dimensions, we apply PCA to the repre-
sentations prior to fitting the LR and LDA models,
reducing the representations to 5% of their original
size. Each model (LR and LDA) is fit on a ran-
dom 50% split of the data and applied on the other
50% to predict (LR) or transform (LDA). This pro-
cedure is repeated 100 times for robustness. The
mean correlations are reported in the last two rows
of Table 3. We see that larger models yield lower
correlations than their smaller counterparts, sug-
gesting that the former might encode IC bias in a
more distributed manner than the latter.

Comparing models of equal size, we see that
a similar pattern holds here as observed over the
models’ predictions, with the unidirectional models
showing a lower correlation than the bidirectional
ones, although the gap is substantially smaller in
this space. It appears that unidirectional models
might encode more IC bias than they exhibit at
inference time. ELECTRA shows the highest corre-
lation among the base-size models and ELECTRA-L

the highest among the large models–as this com-
parison abstracts away from the specific objective
each models uses (generative v. discriminative),
we can conclude that the two ELECTRA models
capture IC bias to the greatest extent out of the six
PLMs studied here.

5.5 IC Bias in Other Languages
IC bias is not an English-specific phenomenon—
Goikoetxea et al. (2008) obtained human judge-
ments for 100 Spanish verbs, and Van den Hoven
and Ferstl (2018) did so for 100 German verbs.
Here, we probe Spanish (es) BERT, German (de)
BERT and mBERT for their IC bias awareness. De-
tails on the choice of proper nouns and nonce words
are discussed in Appendix H. As seen in Figure 3 a
recency/object bias is observed for the PLMs inves-
tigated here as well, so we present the results with
and without discounting.

German Spanish
BERT mBERT BERT mBERT

ρ 0.54* 0.23 0.13 -0.00
F1 0.600 0.600 0.540 0.560

ρ 0.51* -0.13 0.16 -0.15
F1 0.680 0.380 0.610 0.360

LDA 0.26* -0.0 0.09 0.08
LR 0.47* 0.02 0.12 0.03

Table 4: Correspondence between human- and model-
induced IC bias in German and Spanish. For more de-
tails see the caption of Table 3.

Table 4 summarizes the results before (rows 1
and 2) and after discounting (rows 3 and 4). The
poor performance of the multilingual mBERT is not
surprising—Rönnqvist et al. (2019) found mBERT

to be inferior to monolingual models at making a
prediction for randomly masked subtokens (specif-
ically looking at German, among other languages);
and Vulić et al. (2020) found mBERT and XLM-R to
both be inferior to their monolingual counterparts
on probing tasks pertaining to lexical semantics.

German BERT shows a medium-strength correla-
tion to human scores, whereas Spanish BERT shows
no such correlation at all, both on the level of pre-
dictions and model representations. This observa-
tion could be attributed to the pro-drop nature of
Spanish, wherein pronouns are often dropped when
in subject position. This likely makes the learning
of IC bias in Spanish harder for a PLM, as less
evidence is available in the context to connect the
explanation to its referent.

From this section, we conclude that English bidi-
rectional PLMs reliably capture and use IC bias
in their predictions. Unidirectional models encode
IC bias but do not greatly rely on it at prediction
time. Having established that IC bias affects the
behavior of at least some PLMs, we now evalu-
ate how these models integrate this implicit signal
with more explicit signals from the sentence-level
semantics.

6 Exp. 2: IC Bias in the Context of EC

With this experiment, we test the hypothesis that
when the IC and EC signals converge in congruent
contexts, i.e. they point to the same referent, the
models would have more ease predicting the cor-
rect referent, whereas when the two signals diverge
in incongruent contexts, the models would be more
prone to errors. We test this hypothesis using the
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Figure 4: Accuracy on co-reference resolution over
stimuli with congruent and incongruent IC and EC.

materials described in §3.2 and the procedure from
§4. We present each stimulus to the models in 200
versions varied for subject and object referents. In
this experiment, we do not perform discounting:
unlike Experiment 1 where we wanted to gain as
clear a view as possible of the level of IC bias that
models exhibit, isolated from other sources of bias,
here we want to see how IC bias interacts with EC,
subject to any other potential sources of bias.

6.1 Results

Figure 4 shows the results from this experiment.
All models are substantially better at resolving the
antecedent correctly on average compared to a ran-
dom baseline of 50%. Looking at the neutral stim-
uli as indication for the models’ general ability to
solve this task, we see that the two largest and most
richly trained models, RoBERTa-L and ELECTRA-L,
perform best. In line with our expectations, we
see that most models score lower on resolving an-
tecedents in incongruent contexts and higher in
congruent ones. This is true for the four bidirec-
tional PLMs, which also exhibited higher IC bias in
Experiment 1. The gap is largest for ELECTRA and
still substantial for RoBERTa-L and ELECTRA-L.
The unidirectional models, on the other hand, show
a noisier behavior, with a relatively small gap be-
tween the three types of stimuli, and an inconsistent
ranking between them.

6.2 Discussion

As IC bias contributes to the construction of causal
links in narrative and as such aids language compre-
hension (Trabasso and Sperry, 1985), it is desirable
that PLMs capture and use this signal coming from
the lexical semantics of interpersonal verbs. In Ex-
periment 1, we found that all PLMs studied show
a medium to high correlation with human IC bias

scores on the level of representations, with bidi-
rectional ones doing so on the level of predictions,
too. While IC bias does contribute to language
comprehension, it also has the unfortunate effect
of interference in the context of incongruent EC. In
this respect, models with higher IC bias awareness,
i.e. the bidirectional PLMs in our study, suffer a
greater drop in performance. Meanwhile, the uni-
directional PLMs studied, which show little aware-
ness of IC bias in a context free of EC, also show
no interference from it when resolving referents in
the presence of EC. Paradoxically, the superior per-
formance of bidirectional PLMs with respect to IC
bias also exposes a limitation of theirs: while these
models are advanced enough to use IC bias for
their predictions, their interpretation of semantics
is still fairly shallow. The lower-order signal com-
ing from lexical semantics is given priority over
the higher-order signal coming from the sentence-
level semantics. In the experiment presented in
this section, this leads to a higher error rate on
resolving pronoun antecedents in incongruent con-
texts, with potential impact on tasks that depend
on co-reference resolution, e.g. document summa-
rization (Azzam et al., 1999), question answering
(Morton, 1999; Vicedo and Ferrández, 2000), and
information extraction (Zelenko et al., 2004).

7 Conclusion

From the comparison of six competitive PLMs,
BERT, RoBERTa-L, GPT, GPT2-M, ELECTRA and
ELECTRA-L, we conclude that PLMs can exhibit IC
bias much like humans do, but that different models
do so to a different degree, with bidirectional mod-
els showing moderate to strong correlation to hu-
man judgements, and unidirectional models show-
ing only a weak correlation. This ability of some
PLMs has the unfortunate effect that it makes them
prone to higher error rates in contexts of incongru-
ent IC and EC signals, where the PLMs overly rely
on IC bias. This finding adds to a growing body
of evidence that PLMs prioritize lexical cues over
higher-order semantic cues (cf. Tenney et al., 2019).
As our hypothesis is inspired by the observation
that humans experience a delay in the processing of
incongruent contexts (Caramazza et al., 1977), our
findings point to the potential of drawing further
inspiration from such psycholinguistic phenomena
in studying the behaviour of language models (Et-
tinger, 2020). Seeing that language models show
a growing potential as off-the-shelf task solvers
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(Radford et al., 2019; Brown et al., 2020), studying
their predictions is an important avenue for better
understanding their capabilities and limitations.

8 Acknowledgements

We thank Daniel Hershcovich, Ana Valeria
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A Alternative task formulation

A.1 Splitting the clauses
Hartshorne and Snedeker (2013) induce a response
by presenting participants with a sentence like

(5) John praised Tim because he was a dax.

and asking them the question Who do you think
is a dax? In the spirit of Radford et al. (2018) and
Radford et al. (2019) we considered reformulating
this into a task suitable for a language model as:

(6) John praised Tim because he was a dax. The
one who was a dax was

This formulation would have allowed us to use
unidirectional PLMs in a more natural way, for
next-word prediction, since the token of interest
now comes at the end of the sequence; and it would
have been equally suitable for bidirectional PLMs.
We performed experiments with it and found that
models largely scored at chance level for the stimuli
containing neutral verbs, which renders the results
for the congruent and incongruent stimuli invalid.
The difficulty PLMs faced in solving this task could
stem from the more complex inference required
and/or from the border-line unnatural structure of
the inputs.

A.2 Swapping the clauses
Seeing that all models show some degree of object
bias, we considered an alternative task formulation,
where the main clause and the subordinate clause
are swapped:

(7) Because was a dax, John praised Mary.

In this formulation, the proximity changes for the
two referents, such that now the subject is closer
to the pronoun of interest. This clause-swapping
can only be applied to bidirectional models for the
purposes of measuring context-free IC bias as de-
scribed in Section 3.1. Figure 5 shows the results
obtained with this task formulation. Comparing
these numbers to the ones presented in Figure 2,
we see that all models show a more balanced distri-
bution of verbs across the S-bias and O-bias classes,
with the two ELECTRA models closely matching
human scores. This suggests that reference proxim-
ity is indeed a factor in the choice of the pronoun.
Still, we see that RoBERTa-L and especially BERT

remain strongly biased towards the object of the
sentence, meaning that proximity is not the only
factor at play.

Figure 5: Ratio of S-bias verbs and O-bias verbs with
swapped clauses.
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Although this task formulation appears to lead to
a reduced object bias across the four bidirectional
models, we refrain from using it in our main exper-
iments because it is not attested in psycholinguistic
studies, i.e. it could have unforeseeable effects on
human judgements of IC bias. As our main goal
is to analyse the models’ behavior in relation to
human behavior, we follow closely the experimen-
tal protocol used in the available psycholinguistic
studies on IC bias.

B Proper nouns

In this section we consider a seemingly minor
but important consideration. Abdou et al. (2020)
showed that model predictions on the Winograd
Schema Challenge greatly vary with changes in the
gender and identity of proper nouns used in the
stimuli. We alleviate this issue by marginalizing
over a range of proper nouns. To do so, we create
multiple versions of the same stimulus with differ-
ent proper noun combinations and use the average
response of a model over all of the stimuli as an
indication of the model’s response to an abstract
subject and object. We use 10 male names and 10
female names in 200 permutations. To ensure that
the names in these lists are perceived as common
names for the gender they represent, we used the
models themselves to select the names, compiling
a list of names unique to each model. We queried
each model with the following sequences and took
the top 10 names predicted:6 She is a woman and
her name is MASK. and He is a man and his name
is MASK.

C Development of Materials

Neither Caramazza et al. (1977) nor Garnham et al.
(1996) provide an explicit description of the proce-
dure used to design their materials, so we extrapo-
late their methods by observing the materials them-
selves: the main goal in constructing a stimulus is
to ensure that a particular ending is unambiguous
(in a standard, most-likely reading) in pointing to
exactly one of the two referents. The explanations
always start with a verb in the past tense, e.g. had
done well. And they are simple in the sense that
they require little background knowledge. Using

6The mask tag and full-stop were omitted for GPT2-M. As
ELECTRA cannot be used in this fashion, we instead used the
generative counterpart of the model to obtain the list of names
and confirmed that ELECTRA accepts them in their respective
contexts (i.e. that it labels them as original tokens).

these observations as guidelines, we manually con-
structed pairs of congruent-incongruent contexts
for 99 verbs, i.e. 198 stimuli in total. The materials
were validated by three native English speakers and
one fluent English speaker, who were asked to per-
form the cloze task on one stimulus from each pair
and to mark ambiguous cases as such rather than
making a guess at random. Eight contexts were
judged as ambiguous and replaced with a better
alternative, also validated in turn.

D Model implementations

We use the models as shared in the Hugging-
Face library (Wolf et al., 2019). In English
experiments, we use bert-base-uncased, electra-
large/base/small-discriminator, gpt2, and roberta-
base. For German we use bert-base-german-cased,
german-nlp-group/electra-base-german-uncased,
dbmdz/german-gpt2, for Spanish dccuchile/bert-
base-spanish-wwm-cased, and for both we use
xlm-roberta-base and bert-base-multilingual-cased.

All experiments were run on a MacBook Pro,
each taking between 1h (for smaller models) to 4h
(for larger models).

E Probing ELECTRA

Consider the example sentence The cake is very
delicious and a “corrupted” version of it we might
present to ELECTRA: The shoe is very delicious.
The model could give us a label sequence like
{OROOO} for the latter, to indicate that shoes do
not belong to the world of delicious things. And
we could look at the probability distribution for the
second token to quantify the strength of ELECTRA’s
objection to seeing this token in this position. Alter-
natively, ELECTRA could resolve the conflict with
a label sequence like {OOOOR} to indicate that a
taste-related adjective is not suitable for describ-
ing a shoe. In this case, looking at the probability
distribution for the word shoe could be rather unin-
formative. This leads us to conclude that taking the
average over the probability of label O for all tokens
in a sequence is more informative than looking at
the probability of this label for a single token.

F Experiment 1 visualisation

Figure 6 shows the data corresponding to the results
described in Section 3.1. We offer this visualisation
for the sake of clarity as correlation coefficients
can often be misleading without the accompanying
data. By and large, the visualisation of the data
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Figure 6: Model bias to human bias agreement.

corroborates the results discussed in the main body
of the paper.

One observation here is that human bias scores
are uniformly distributed between the two extremes
(100 and -100), whereas model bias scores tend to
be closer to the two endpoints. The scores obtained
in the human-based study represent the responses
of 100 people to the same stimulus. Deviation from
the extremities here show that people differ in their
judgements to some degree. The scores obtained
in our study represent the responses of a single
model to 200 variants of the same stimulus. In this
sense, it is not surprising that the model’s scores
occupy the two extremities – this shows the models’
consistency in judging a given verb to be subject or
object biasing.

G Model representations

To obtain a single representation of any given verb
from any given model, we encode a sequence like
John praised Mary and take the representation for
the first subtoken of the verb. With BERT’s tok-
enizer, for example, the first subtoken of a verb
amounts to the full verb form 57.1% of the time,
and to the root of the verb 19.3%; in the remaining
22.6% the unit is ‘meaningless.’ These numbers
vary across models, but in all cases, we are looking
at contextualized embeddings, so even ‘meaning-
less’ subtokens should be a valid proxy to the verb’s
representation. To abstract away from the exact
choice of proper nouns, we repeat this procedure
for the 200 name variants and take the element-
wise average over all the representations.

H Spanish and German experiments

The contexts we used for extracting proper nouns
from the non-English models were Er ist ein Mann
und heißt and Sie ist eine Frau und heißt for Ger-
man and Ella es una mujer y se llama and El es un
hombre y se llama for Spanish. For BERT DE we
used Sie heißt and Er heißt instead, as these stim-
uli more consistently yielded names in the high
ranks. Since the generator for ELECTRA DE is not
publicly available, we used a different procedure to
obtain the lists of personal nouns for this model: we
queried WikiData for the top 100 male and female
given names for people from Germany and then
scored these with ELECTRA in the context shown
above. We selected the 10 names for each gender
that yielded highest probability of an O label.

For the nonce-word slot of the stimuli,
we sourced nonce nouns from Dykstra-Pruim
(2003) and Zaretsky et al. (2016) (German) and
Cantú Sánchez (2011) (Spanish). As these lists
contain less than 200 words, here sampling for the
nonce-word slot in the 200 variants of a stimulus
was done with replacement.
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Abstract

Existing matching models for response selec-
tion adopt the independent matching (IM) ap-
proach. To complete a prediction, they have to
perform N independent matches, where N is the
number of response options. In this paper, we
explore a joint matching (JM) approach which
performs matching only once regardless of the
number of options. The JM approach does not
change the structure of matching component
but only modifies its input and output format. It
also enables a cheap but effective data augmen-
tation method. Extensive experiments on the
MuTual dataset demonstrate that, even with the
simplest formulation, JM outperforms IM ap-
proach by a large margin and reduces training
time by over half.

1 Introduction

The availability of large-scale datasets has driven
the development of neural dialogue systems. One
important task in dialogue systems is response se-
lection, which plays an essential role in retrieval-
based chatbots (Ji et al., 2014). It aims to select
the best-matched response from a set of response
options for a dialogue. As shown in Figure 1, given
a dialogue context and four response options, we
need to choose the only logically correct one.

Previous work in response selection follows an
independent matching (IM) approach and computes
a matching score for each of the N response options
independently. Various matching models follow-
ing this approach have been proposed (Zhou et al.,
2016; Wu et al., 2017; Zhou et al., 2018; Chaudhuri
et al., 2018; Tao et al., 2019; Yuan et al., 2019). De-
spite its success in pre-BERT era, we argue that the
IM approach does not make full use of the ability of
pretrained encoders (such as BERT and RoBERTa)
to encode multiple sentences, hence may hinder
both efficiency and effectiveness. Specifically, to

Options:
✘A: Sorry. I won't smoke in the hospital again. 
✓B: OK. I won't smoke. Could you please give me a menu?   
✘C: Could you please tell the customer over there not to     
smoke?  We can't stand the smell. 
✘D: Sorry. I will smoke when I get off the bus.

M: Excuse me, sir. This is a non smoking area

F: Oh, sorry. I will move to the smoking area

 M: I’m afraid no table in the smoking area is available now

Dialogue:

Figure 1: Example of response selection.

complete a prediction, the IM approach has to per-
form N independent matches, which means N gra-
dient computations (where N is the number of re-
sponse options). Besides, the dialogue context is
repeatedly encoded N times, which further con-
tributes to the inefficiency. The other drawback is
that options in these models are independent and
agnostic of each other. In reality, humans often
compare all the options and utilize their correla-
tions to make a comprehensive decision.

In this paper, we describe a joint matching (JM)
approach for this task. For any matching model, we
do not change its inner structure but only modify its
input and output format. Specifically, we first add
a special token at the start of each option, and then
concatenate all options into a single sequence. The
option sequence is then matched as a whole with
the dialogue context. Finally, we extract vectors
corresponding with the special token to calculate
matching scores. Note that JM can complete a
prediction with a single match, which means it
only requires one gradient computation and con-
text encoding. Besides, thanks to the self-attention
mechanism (Vaswani et al., 2017) of BERT-based
matching models, options can now directly attend
to each other, rather than being agnostic.

Another advantage of JM approach is that it nat-

4872



Matching Model

dialogue option 1

+

× N

score 1

(a) Independent Matching

Matching Model

dialogue option 1

+
option N

…

score 1 score N…

(b) Joint Matching

Figure 2: Overview of Independent Matching and Joint
Matching.

urally enables a simple yet effective data augmen-
tation method. The basic idea is that since options
are sequentially concatenated in JM, new training
instances can be easily created by changing the per-
mutation order of options. Therefore, a dialogue
with M response options can create at most M !
(factorial M ) times as many training instances.

We conduct experiments on the MuTual dataset
(Cui et al., 2020), a publicly available English
dataset for multi-turn dialogue response selection.
Results show that JM advances IM on three match-
ing models and can significantly reduce training
time. Besides, the permutation-based data augmen-
tation method gives further improvement.

2 Model

The overview of IM and JM is shown in Figure
2. We describe the details in the following subsec-
tions1.

2.1 Background

Given a dialogue D with M utterances {Ui}Mi=1,
and a set of N response options {Oj}Nj=1, the goal
of response selection is to select the logically cor-
rect option Ô.

Previous work (Cui et al., 2020) shows that pre-
trained matching models define the state-of-the-art

1The code is at https://github.com/gitzlh/JM-Matching

on this task. Similar to using BERT for sentence-
pair classification (Devlin et al., 2019), they first
concatenate the context (sentence A) and a can-
didate response (sentence B) as BERT input (i.e.,
“[CLS] Excuse me ... [SEP] Sorry ... [SEP]”). On
the top of BERT, a fully-connected layer is used for
transforming the [CLS] token representation to the
matching score. In order to compete a prediction,
M independent matchings have to be made, where
M is the number of options.

2.2 Joint Matching
Instead of conducting N times of independent
matches, we make the first step outside the IM
framework and explore a joint matching approach
for this task. We first adds a special token [OP]j

at the start of the jth option. It is a token used to
aggregate the matching information between the
context and the jth option into a single vector. We
then concatenate all the options into a single se-
quence. Formally,

SO = [OP ]1O1[OP ]
2O2...[OP ]

NON (1)

For the dialogue context, we concatenate all the
utterances into a single sequence. Formally,

SD = U1U2...UM (2)

The two sequences are then separated with a
[SEP] token and fed into our pretrained encoder.
Formally,

X = [CLS]SD[SEP ]SO[SEP ] (3)

For any BERT-based matching model, suppose
the output embeddings of the model are Ht ∈
R|X|×d. To perform scoring, we first extract out-
puts corresponding to [OP]j and represent them
as h[OP ]j . The only new parameters learned are a
score vector W ∈ Rd. The probability of option
j being the answer is computed as a dot product
between h[OP ]j and W followed by a softmax over
all of the options. Formally,

Pj =
eW ·h

[OP ]j

∑
i e
W ·h[OP ]i

(4)

The training objective is the log-likelihood of
the correct answer2.

2For the score layer, an intuitive approach is to use h[CLS]

instead of h[OP ] and cast the prediction into a M -classes
classification. However, we found that this approach leads to
poor performance.
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In this way, the JM approach only needs to match
the context sequence and the option sequence once.
Compared with the IM approaches, JM is compu-
tational efficient in two ways: 1) It encodes the
dialogue context only once, instead of M times.
However, this benefit is partially offset by the fact
that the complexity of transformer grow quadrat-
ically with the length of input 2) More impor-
tantly, IM approaches need to compute gradients
M times for each training step. Besides, in each
self-attention layer of the BERT-based matching
model, options can directly attend to and interact
with each other. This process mimics how humans
solve multi-choice questions, that we often com-
pare all the options before making the decision.

2.3 Permutation-Based Data Augmentation

Another advantage of JM is that it naturally enables
a permutation-based data augmentation (PBDA)
method, which can generate high-quality labeled
data to improve response selection.

Specifically, since the input of our model
is organized as Equation 3, we can create
new training instances by simply changing the
concatenation order of the options. For ex-
ample, from [OP ]1O1[OP ]

2O2...[OP ]
NON to

[OP ]2O2[OP ]
1O1...[OP ]

NON , we create a new
training example (see Figure 2). Correspondingly,
the ground-truth label of the training instance may
be changed. In this way, a single dialogue can
create at most M ! times training instances.

3 Experiments

3.1 Dataset

We evaluate our model on the Mutual dataset (Cui
et al., 2020), a human-labeled, open-domain and
reasoning-based dataset for multi-turn response se-
lection. Compared with previous datasets (Lowe
et al., 2015; Zhang et al., 2018; Welleck et al.,
2019), MuTual is more challenging since it requires
some reasoning ability. Models that achieve close-
to-human performance on previous datasets, still
perform far behind human performance on MuTual.
The statistics of MuTual are shown in Table 1. Note
that since Mutual has 4 options for each dialogue,
PBDA can thus creates at most 24 (4!) times as
many training instances.

3.2 Settings

We use PyTorch to implement JM on three match-
ing models. We adopt AdamW (Loshchilov and

MuTual
Training set 7088
Validation set 886
Test set 886
# Avg. Turns / Dialogue 4.73
# Avg. Words / Utterance 19.57
# Options 4

Table 1: Statistics of MuTual.

Hutter, 2018) as our optimizer, and the peak learn-
ing rate and warmup proportion are set to 1e-5 and
0.06, respectively. We use the largest batch size
that fits in the memory of our GPU and use gra-
dient accumulation for an effective batch size of
32. Dropout (Srivastava et al., 2014) is employed
before the score layer with a rate of 0.1. We train
our model for 15 epochs and choose the model that
reports the highest R@1 on the validation set.

Following previous work (Cui et al., 2020), we
evaluate our model with recall at position 1 in 4 can-
didates (R@1), recall at position 2 in 4 candidates
(R@2) and Mean Reciprocal Rank (MRR).

4 Results

4.1 Main Performance

Table 2 gives the comparison of IM and JM on three
matching models on the MuTual dataset. Note
that we only experiment with pretrained match-
ing models given that they have an overwhelming
advantage over non-pretrained models. For a fair
comparison, we report baseline results both from
the official reports of MuTual (Cui et al., 2020) and
our own implementation.

Our first observation is that RoBERTa-based
models significantly outperform BERT-based mod-
els, suggesting that RoBERTa is a more powerful
feature extractor. More importantly, we note that
our JM approach outperforms IM approach on all
three matching models. For example, BERT-JM
improves over BERT-IM by 6% (absolute) R@1.
We suppose that this is because the JM approach
concatenates all the options as the model input, and,
thanks to the self-attention mechanism, each op-
tion can directly attend to each other. In this way,
JM can make a more comprehensive decision and
boost the performance especially on challenging
datasets like MuTual.

The conclusion holds true for larger pretrained
matching models such as RoBERTa-large. As
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Methods R@1 R@2 MRR
Human performance 0.938 0.971 0.964
BERT-IM (Cui et al., 2020) 0.648 0.847 0.795
BERT-IM † 0.641 0.853 0.793
BERT-JM 0.702 0.904 0.833
RoBERTa-IM (Cui et al., 2020) 0.713 0.892 0.836
RoBERTa-IM † 0.770 0.912 0.868
RoBERTa-JM 0.784 0.933 0.880
RoBERTa-large-IM † 0.844 0.958 0.914
RoBERTa-large-JM 0.870 0.973 0.930

Table 2: Main results on MuTual. We can see that JM outperforms IM approach for every pretrained encoders. †
means our own implementation results. Note that the JM results are achieved without data augmentation.

Methods Forward Backward Total
RoBERTa-IM 116 412 528
RoBERTa-JM 71 168 239

Table 3: Average training time (second) per epoch.
RoBERTa-IM and RoBERTa-JM both use the largest
batch size available on the same GPU.

shown in Table 2, RoBERTa-large-JM brings about
3% (absolute) improvement over RoBERTa-large-
IM in terms of R@1 and even surpasses human
performance in terms of R@2.

4.2 Training Time

In the task of response selection, the scalability of
the model becomes an issue when the number of op-
tions increases. In this subsection, We compare JM
and IM with respect to training time3. As shown
in Table 3, RoBERTa-JM reduces the training time
by 55% compared with RoBERTa-IM. More de-
tailed analysis shows that the reduction is mostly
contributed to the backward propagation process.
This is because to complete a prediction, RoBERTa-
IM performs M independent matches and thus re-
quires M gradient computations, a costly process. It
also needs to encode the dialogue context M times,
leading to computational inefficiency especially in
multi-turn settings. By contrast, RoBERTa-JM re-
quires only a single match4.

3Both models are trained on a single NVIDIA TITAN Xp
GPU.

4We note that this benefit is partially offset by the trans-
former’s quadratic complexity with regard to the length of in-
put. Suppose that the average length of the dialogue utterance
and response option is L, then the time complexity of the IM
and JM approach isO((ML+L)2N) andO((ML+NL)2),
respectively

Methods R@1 R@2 MRR
RoBERTa-JM 0.784 0.933 0.880
RoBERTa-JM 4x 0.793 0.947 0.887
RoBERTa-JM 8x 0.813 0.942 0.896
RoBERTa-JM 24x 0.807 0.942 0.892

Table 4: PBDA results. 4x, 8x and 24x mean augment-
ing the data size by 4, 8 and 24 times, respectively.
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0.9
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2 3 4 5 6 7 8 9 10

BERT-JM RoBERTa-JM RoBERTa-large-JM

# utterances in context

Figure 3: Performance on MuTual dev set across differ-
ent contexts.

4.3 Data Augmentation

In this subsection, we conduct experiments to ver-
ify the effectiveness of PBDA.

As shown in Table 4, PBDA 4x brings a 1% (ab-
solute) improvement in terms of both R@1 and
R@2, showing that by simply permuting the op-
tions, we can create high-quality training instances.
Besides, when increasing the data size by 8 times,
we observe another 2% (absolute) improvement
in terms of R@1. An interesting observation is
that PBDA 24x does not further improve model
performance, showing that there is a limit to the
improvement brought by data augmentation.
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4.4 Context Length

Following previous work (Wu et al., 2017), we fur-
ther investigate how JM performs cross the length
of context. As demonstrated in Figure 3, the per-
formance of BERT-JM and RoBERTa-JM is gener-
ally satisfactory, except for the slight deterioration
when the context has more than seven utterances.
It can also deal with a short context that only has
two utterances.

On the other hand, RoBERTa-large-JM con-
sistently performs better than RoBERTa-JM, and
when the context becomes longer, the gap be-
comes larger. It also gives more stable performance
across different context lengths, further showing
the strong representation ability of RoBERTa-large.

5 Conclusions

In this paper, we make the first step outside the in-
dependent matching framework and explore a joint
matching approach for response selection. We also
present an effective permutation-based data aug-
mentation method. We conduct experiments on the
MuTual dataset and demonstrate the effectiveness
and efficiency of our approach. Besides, the pro-
posed data augmentation further improves model
performance.
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Abstract

Recent work on multilingual dependency pars-
ing focused on developing highly multilingual
parsers that can be applied to a wide range of
low-resource languages. In this work, we sub-
stantially outperform such “one model to rule
them all” approach with a heuristic selection
of languages and treebanks on which to train
the parser for a specific target language. Our
approach, dubbed TOWER, first hierarchically
clusters all Universal Dependencies languages
based on their mutual syntactic similarity com-
puted from human-coded URIEL vectors. For
each low-resource target language, we then
climb this language hierarchy starting from
the leaf node of that language and heuristi-
cally choose the hierarchy level at which to col-
lect training treebanks. This treebank selection
heuristic is based on: (i) the aggregate size of
all treebanks subsumed by the hierarchy level
and (ii) the similarity of the languages in the
training sample with the target language. For
languages without development treebanks, we
additionally use (ii) for model selection (i.e.,
early stopping) in order to prevent overfitting
to development treebanks of closest languages.
Our TOWER approach shows substantial gains
for low-resource languages over two state-of-
the-art multilingual parsers, with more than 20
LAS point gains for some of those languages.
Parsing models and code available at: https:
//github.com/codogogo/towerparse.

1 Introduction

Syntactic parsing – grounded in a wide variety of
formalisms (Taylor et al., 2003; De Marneffe et al.,
2006; Hockenmaier and Steedman, 2007; Nivre
et al., 2016, inter alia) – has been the backbone
of natural language processing (NLP) for decades,
and an indispensable preprocessing step for tack-
ling higher-level language understanding tasks. A
recent major paradigm shift in NLP towards large-
scale pretrained language models (PLMs) (Devlin

et al., 2019; Liu et al., 2019; Brown et al., 2020)
and their end-to-end fine-tuning for downstream
tasks has reduced the downstream relevance of su-
pervised syntactic parsing. What is more, there is
more and more evidence that PLMs implicitly ac-
quire rich syntactic knowledge through large-scale
pretraining (Hewitt and Manning, 2019; Chi et al.,
2020) and that exposing them to explicit syntax
from human-coded treebanks does not offer sig-
nificant language understanding benefits (Kuncoro
et al., 2020; Glavaš and Vulić, 2021). In order to
implicitly acquire syntactic competencies, however,
PLMs need language-specific corpora at the scale
at which it can only be obtained for a tiny por-
tion of world’s 7,000+ languages. For the remain-
ing vast majority of languages – with limited-size
monolingual corpora – explicit syntax still provides
valuable linguistic bias for more sample-efficient
learning in downstream NLP tasks.

Reliable syntactic parsing requires annotated
treebanks of reasonable size: this prerequisite is,
unfortunately, satisfied for even fewer languages.
Despite the multi-year, well-coordinated annota-
tion efforts such as the Universal Dependencies
(Nivre et al., 2016, 2020) project, language-specific
treebanks are unlikely to appear anytime soon for
most world languages. This renders the transfer of
syntactic knowledge from high-resource languages
with annotated treebanks a necessity. A truly zero-
shot transfer for low-resource languages assumes a
set of training treebanks from resource-rich source
languages and a target language without any syn-
tactic annotations. Effectively, the task is then to
identify the subset of source treebanks, the parser
trained on which would yield the best parsing per-
formance for the target language. An exhaustive
search over all possible subsets of source treebanks
is not only computationally intractable1 but also

1One can create 2N − 1 different training sets from a

4878



uninformative in true zero-shot scenarios in which
there is no development treebank (i.e., any syn-
tactically annotated data) for the target language.
Most existing transfer methods therefore either
(1) choose one (or a few) best source languages
for each target language (Rosa and Zabokrtsky,
2015; Agić, 2017; Lin et al., 2019; Litschko et al.,
2020) or (2) train a single multilingual parser on
all available treebanks; such parsers, based on pre-
trained multilingual encoders, currently produce
best results in low-resource parsing (Kondratyuk
and Straka, 2019; Üstün et al., 2020). Other trans-
fer approaches, e.g., based on data augmentation
(Şahin and Steedman, 2018; Vania et al., 2019),
violate the zero-shot transfer by assuming a small
target-language treebank – a requirement unful-
filled for most world languages.2

In this work, we propose a simple and effec-
tive heuristic for selecting a good set of source
treebanks for any given low-resource target lan-
guage. In our approach, named TOWER, we first
hierarchically cluster all Universal Dependencies
(UD) languagues. To this end, we compute syntac-
tic similarity of languages by comparing manually
coded vectors of their syntactic properties from the
URIEL database (Littell et al., 2017). We then it-
eratively ‘climb’ that language hierarchy level by
level, starting from the leaf node of the target lan-
guage. We stop ‘climbing’ (i.e., select the set of
source treebanks subsumed by the current hierar-
chy level), when the relative decrease in linguistic
similarity of the training sample w.r.t the target
language outweighs the increase in size of the train-
ing sample. We additionally exploit the linguistic
similarity between the target language and its clos-
est sources with existing development treebanks to
inform a model selection (that is, early-stopping)
heuristic. TOWER substantially outperforms state-
of-the-art multilingual parsers – UDPipe (Straka,
2018), UDify (Kondratyuk and Straka, 2019), and
UDapter (Üstün et al., 2020) on low-resource lan-
guages, while offering comparable performance for
high-resource languages.

2 Climbing the TOWER of Treebanks

Constructing the TOWER. We start by hierar-
chically clustering the set of 89 languages from
Universal Dependencies 3 based on their syntactic

collection of N source treebanks.
2For the vast majority of world languages there does not

exist a single manually annotated syntactic tree.
3We worked with the UD version 2.5.

Figure 1: Part of the syntax-based hierarchical cluster-
ing of UD languages (ISO 639-1 codes).

similarity. To this end, we represent each language
with its syntax knn vector from the URIEL
database (Littell et al., 2017). Features of these
103-dimensional vectors correspond to individual
syntactic properties from manually coded linguis-
tic resources such as WALS (Dryer and Haspel-
math, 2013) and SSWL (Collins and Kayne, 2009).
URIEL’s syntax knn strategy replaces feature
values missing in those resources with kNN-based
predictions (cf. (Littell et al., 2017) for more de-
tails). We then carry out hierarchical agglomer-
ative clustering with Ward’s linkage (Anderberg,
2014) with Euclidean distances between URIEL
vectors guiding the clustering. Figure 1 shows a
dendrogram of one part of the resulting hierarchy.
We display the complete hierarchy in the Appendix.
The syntax-based clustering largely reflects mem-
berships in language (sub)families, with a few no-
table exceptions: e.g., Tagalog (tl), from the Aus-
tronesian family appears to be syntactically similar
to (and is joined with) Scottish (gd), Irish (ga),
and Welsh (cy) from the Celtic branch of the Indo-
European family.

Treebank Selection (TBS). For a given test tree-
bank, we start climbing the hierarchy from the leaf
node of the treebank’s language. Let sl denote
the number of climbing steps we take from the
target leaf node l. If the target test treebank also
has the corresponding training portion, in-treebank
training constitutes the first training configuration
(we denote this configuration with sl = −1). For
resource-rich languages with several training tree-
banks, we create the next training sample by con-
catenating all of those treebanks (we denote this
level with sl = 0).4 For low-resource target lan-

4For example, for the Russian test treebank SynTagRus,
the training set at sl = −1 consists of the train portion of
the same SynTagRus treebank; at sl = 0, we concatenate
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guages without any training treebanks, the first
training sample is collected at sl = 1, where the
language is joined with other languages. The train-
ing set corresponding to a hierarachy level (i.e.,
each join in the tree) concatenates all training tree-
banks of all languages (i.e., leaf nodes) of the re-
spective hierarchy subtree.5

Let {Sn}Nn=0 (or −1) be the set of training configu-
rations collected by climbing the hierarchy starting
from the target language l and let Sn = ∪{Tk}Kk=1

be the n-th training set consisting of K training
treebanks. As we climb the hierarchy (i.e., as n
increases), the training set Sn is bound to grow; at
the same time, the sample of training languages
becomes increasingly dissimilar w.r.t. the target
language l. In other words, as we climb higher
up the induced syntactic hierarchy of languages,
we train on more data but from a mixture of (syn-
tactically) more distant languages. Let lk be the
language of the training treebank Tk. We then quan-
tify the syntactic similarity sim(Sn, l) between the
training set Sn and the target language l as follows:

sim(Sn, l) =
1

|Sn|
K∑

k=1

|Tk| · cos(lk, l) (1)

with cos(lk, l) as cosine similarity between URIEL
vectors of lk and l, and relative sizes of individual
treebanks |Tk|/|Sn| as weights. We then use the
following simple heuristic to select the best train-
ing set Sn: we stop climbing when the relative
growth of the training set becomes smaller than the
relative decrease of the similarity with the target
language, i.e., we select the smallest n for which
the following condition is satisifed:

|Sn+1|
|Sn|

<
sim(Sn, l)

sim(Sn+1, l)
. (2)

Model Selection (MS). Early stopping based on
the model performance on a development set (dev)
is an important mechanism for preventing model
overfitting in supervised machine learning. In a
truly zero-shot transfer setup, on the one hand, we
do not have any development data in the target

the training portions of Russian GSD, PUD, and SynTagRus
treebanks.

5Note that the number of climbs sl needed to reach some
hierarchy level depends on the language l: e.g., the hierarchy
level joining Tagalog (tl) with Scottish, Irish, and Welsh ({gd,
ga, cy}) is reached in sl = 1 climbs from Tagalog, sl = 2
climbs from Scottish and sl = 3 climbs from Irish and Welsh.

language. Model selection based on the develop-
ment set of the source language, on the other hand,
overfits the model to the source language, which
may hurt effectiveness of the cross-lingual transfer
(Keung et al., 2020; Chen and Ritter, 2020). For
test treebanks with a respective development por-
tion, TOWER uses that development set for model
selection. For low-resource languages l without
development treebanks, we compile a proxy de-
velopment set Dl = ∪{Dk}Kk=1 by collecting all
development treebanksDk from the hierarchy level
closest to l that encompasses at least one treebank
with a development set.6 Intuitively, the more
syntactically similar Dl is to l, the more benefi-
cial the model selection based on Dl will be for
performance on l, the optimal model checkpoint
w.r.t. l should be closer to the model checkpoint
exhibiting best performance on Dl. Accordingly,
with M as the model checkpoint with best per-
formance on Dl, we select the model chekpoint
M ′ = bsim(Dl, l) ·Mc (see Eq.(1)) as the “opti-
mal” checkpoint for the target language l.

Shallow Biaffine Parser. TOWER employs the
shallow biaffine parser of Glavaš and Vulić (2021),
stacked on top of the pretrained XLM-R (Conneau
et al., 2020). Compared to the standard biaffine
parser (Dozat and Manning, 2017; Kondratyuk
and Straka, 2019; Üstün et al., 2020), this shallow
variant forwards word-level representations (aggre-
gated from subword output) directly into biaffine
products, bypassing deep feed-forward transforma-
tions that produce dependent- and head-specific
vectors (Dozat and Manning, 2017). The shallow
variant is reported to perform comparably (Glavaš
and Vulić, 2021), while being faster to train.

3 Evaluation and Discussion

Treebanks and Baselines. We evaluate TOWER

on 138 (test) treebanks from Universal Dependen-
cies (Nivre et al., 2020).7 We compare TOWER

against two state-of-the-art multilingual parsers:
(1) UDify (Kondratyuk and Straka, 2019) couples
the multilingual BERT (mBERT) (Devlin et al.,

6E.g., Dl for l=tl consists of develompent portions of ga
and gd treebanks, whereas Dl for l=cy consists only of the
development set of ga.

7We work with UD v2.5. Due to mismatches between
XLM-R’s subword tokenizer and word-level treebank tokens
we skip: all Chinese treebanks, Assyrian (AS), Old Russian
(RNC and TOROT), Skolt Sami (Giellagas), Japanese (Mod-
ern and BCCWJ), A. Greek (Perseus), Gothic (PROIEL), Cop-
tic (Scriptorium), OC Slavonic (PROIEL) and Yoruba (YTB).
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∩UDify ∩UDapt HIGH LOW

Model UAS LAS UAS LAS UAS LAS UAS LAS

UDify 80.9 73.9 – – 89.2 85.3 39.9 22.2
UDapter – – 63.8 52.8 90.9 87.6 43.9 29.3

TOWER 82.4 74.3 68.9 56.0 90.0 86.3 53.7 33.8
-TBS 80.8 73.2 62.8 51.7 89.4 85.6 47.0 30.1
-MS 82.1 74.1 67.9 55.2 89.4 85.6 51.2 32.2
-TBS-MS 80.7 83.1 62.4 51.3 89.4 85.6 45.9 29.0

Table 1: Parsing performance (UAS, LAS) on different UD treebank subsets for state-of-the-art multilingual parsers
UDify and UDapter and variants of our TOWER method. Bold: best performance in each column.
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Figure 2: LAS performance of UDify, UDapter and TOWER on 12 high-resource treebanks (top figure), and 11
low-resource languages (bottom figure).

2019) with the deep biaffine parser (Dozat and
Manning, 2017) and trains on all UD treebanks; (2)
UDapter (Üstün et al., 2020) extends mBERT with
adapter parameters (Houlsby et al., 2019; Pfeiffer
et al., 2020) that are contextually generated (Pla-
tanios et al., 2018) from URIEL vectors – the pa-
rameters of the adapter generator are trained on
treebanks of 13 diverse resource-rich languages se-
lected by Kulmizev et al. (2019). We additionally
quantify the contributions of TOWER’s heuristic
components (TBS and MS, see §2) by evaluating
variants in which we (1) remove TBS and train on
the closest language with training data (-TBS), (2)
remove MS and just select the model checkpoint
that performs best on the proxy dev set Dl (-MS),
and (3) remove both TBS and MS (-TBS-MS).

Training and Optimization Details. We limit
input sequences to 128 subword tokens. We use
XLM-R Base with L = 12 layers and hidden size

H = 768 and apply a dropout (p = 0.1) on its out-
puts before forwarding them to the shallow parsing
head. We train in batches of 32 sentences and op-
timize parameters with Adam (Kingma and Ba,
2015) (starting learning rate 10−5). We train for 30
epochs, with early stopping based on dev loss.8

Results and Discussion. We show detailed re-
sults for all 138 treebanks in the Appendix. In
Table 1, we show averages over different treebank
subsets: treebanks on which both TOWER and (1)
UDify (∩UDify; 111 treebanks) and (2) UDapter
(∩UDapt; 39 treebanks) have been evaluated, (3)
12 high-resource languages on which UDapter was
trained (HIGH) and (4) 11 low-resource treebanks
(LOW) for which all three models have been eval-
uated. We show LAS scores for languages from

8For low-resource languages without the dev set, we use
the proxy Dl (see 2). We checkpoint the model (i.e., measure
the dev loss) 10 times per epoch and stop training when the
loss does not decrease over 10 consecutive checkpoints.
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HIGH and LOW in Figure 2. Similar trends are
observed with UAS scores.

TOWER outperforms UDify and UDapter in all
setups except HIGH, with especially pronounced
gains for LOW. This renders TOWER particu-
larly successful for the intended use case: low-
resource languages without any training data. Ad-
mittedly, the fact that TOWER is built on XLM-
R, whereas UDify and UDapter use mBERT, im-
pedes the direct “apples-to-apples” comparison.
Two sets of results, however, strongly suggest that
it is TOWER’s heuristics (TBS & MS) that drive
its performance rather than the XLM-R (instead
of mBERT) encoder. First, UDapter outperforms
TOWER on high-resource languages with large
training treebanks (i.e., the HIGH setup). For these
languages, however, TOWER effectively does not
employ its heuristics: (i) TBS selects the large
language-specific treebank(s), as adding any other
language prohibitively reduces the perfect similar-
ity sim(S0, l) = 1 (see Eq. (1)); (ii) MS is not used
because each high-resource treebank has its own
dedicated dev set. Secondly, removing TOWER’s
heuristics (see -TBS-MS in Table 1) brings its per-
formance slightly below that of UDapter, rendering
TBS (primarily) and MS (rather than the XLM-R
encoder) crucial for TOWER’s gains. Comparing
-TBS and -MS reveals that, somewhat expectedly,
selecting the “optimal” training sample (TBS) con-
tributes to the overall performance more than the
heuristic early stopping (MS).

Looking at individual low-resource languages
(Fig. 2), we observe largest gains for Amharic (am)
and Sanskrit (sa). While Sanskrit benefits from
TOWER selecting training languages from the same
family (Marathi, Urdu, and Hindi), Amharic (Afro-
Asiatic family), interestingly, benefits from tree-
banks of syntactically similar languages from an-
other family (cf. the full TOWER hierarchy in the
Appendix) – Tamil and Telugu (Dravidian family).
Similarly, Tagalog (Austronesian language) pars-
ing massively benefits from training on Scottish
and Irish treebanks (Indo-European, Celtic).

4 Conclusion

We proposed TOWER, a simple yet effective ap-
proach to the crucial problem of source language
selection for multilingual and cross-lingual depen-
dency parsing. It leverages the language hierarchy,
induced from syntax-based manually coded URIEL
language vectors, and simple treebank selection

heuristics to inform the source selection. A wide-
scale UD evaluation and comparisons to current
state-of-the-art multilingual dependency parsers
validated the effectiveness of TOWER, especially in
low-resource languages. Moreover, while the main
experiments in this work were based on one partic-
ular state-of-the-art parsing architecture, TOWER is
fully independent of the chosen underlying parsing
model, and thus widely applicable.
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Kyunghyun Cho, and Iryna Gurevych. 2020.
AdapterHub: A framework for adapting Transform-
ers. In Proceedings of EMNLP 2020: System
Demonstrations, pages 46–54.

Emmanouil Antonios Platanios, Mrinmaya Sachan,
Graham Neubig, and Tom Mitchell. 2018. Contex-
tual parameter generation for universal neural ma-
chine translation. In Proceedings of EMNLP 2018,
pages 425–435.

Rudolf Rosa and Zdenek Zabokrtsky. 2015. Klcpos3-a
language similarity measure for delexicalized parser
transfer. In Proceedings of ACL-JCNLP 2015, pages
243–249.
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Appendix

Treebank Method UAS LAS

Afrikaans
AfriBooms (af)

UDPipe 89.38 86.58
UDify 86.97 83.48
TOWER 88.26 85.28

Akkadian
PISANDUB (akk)

UDify 27.65 4.54
UDapter 26.4 8.2
TOWER 33.45 6.12

Amharic
ATT (am)

UDify 17.38 3.49
UDapter 12.8 5.91
TOWER 72.64 38.41

Ancient Greek
PROIEL (grc)

UDPipe 85.93 82.11
UDify 78.91 72.66
TOWER 85.04 79.85

Arabic NYUAD (ar) TOWER 33.53 15.94

Arabic
PADT (ar)

UDPipe 87.54 82.94
UDify 87.72 82.88
UDapter 88.66 84.42
TOWER 88.92 83.72

Arabic PUD (ar) UDify 76.17 67.07
TOWER 75.94 59.72

Armenian
ArmTDP (hy)

UDPipe 78.62 71.27
UDify 85.63 78.61
TOWER 86.57 80.51

Bambara
CRB (bm)

UDify 30.28 8.6
UDapter 28.7 8.1
TOWER 31.33 8.03

Basque
BDT (eu)

UDPipe 86.11 82.86
UDify 84.94 80.97
UDapter 87.25 83.33
TOWER 84.28 80.02

Belarusian
HSE (be)

UDPipe 78.58 72.72
UDify 91.82 87.19
UDapter 84.16 79.33
TOWER 86.40 81.56

Bhojpuri BHTB (bho) UDapter 52.9 37.34
TOWER 52.62 35.86

Breton
KEB (br)

UDify 63.52 39.84
UDapter 72.91 58.5
TOWER 67.73 44.47

Bulgarian
BTB (bg)

UDPipe 93.38 90.35
UDify 95.54 92.4
TOWER 95.67 92.03

Buryat
BDT (bxr)

UDPipe 32.6 18.83
UDify 48.43 26.28
UDapter 48.68 28.89
TOWER 51.53 29.16

Catalan
AnCora (ca)

UDPipe 93.22 91.06
UDify 94.25 92.33
TOWER 94.04 92.08

Croatian
SET (hr)

UDPipe 91.1 86.78
UDify 94.08 89.79
TOWER 92.22 87.02

Czech
CAC (cs)

UDPipe 92.99 90.71
UDify 94.33 92.41
TOWER 94.91 92.10

Czech
CLTT (cs)

UDPipe 86.9 84.03
UDify 91.69 89.96
TOWER 94.11 91.38

Czech
FicTree (cs)

UDPipe 92.91 89.75
UDify 95.19 92.77
TOWER 95.12 91.83

Czech
PDT (cs)

UDPipe 93.33 91.31
UDify 94.73 92.88
TOWER 95.01 92.41

Czech PUD (cs) UDify 92.59 87.95
TOWER 93.26 87.06

Treebank Method UAS LAS

Danish
DDT (da)

UDPipe 86.88 84.31
UDify 87.76 84.5
TOWER 85.60 82.14

Dutch
Alpino (nl)

UDPipe 91.37 88.38
UDify 94.23 91.21
TOWER 93.42 90.31

Dutch
LassySmall (nl)

UDPipe 90.2 86.39
UDify 94.34 91.22
TOWER 92.45 88.29

English ESL (en) TOWER 30.22 6.45

English
EWT (en)

UDPipe 89.63 86.97
UDify 90.96 88.5
UDapter 93.12 89.67
TOWER 92.16 89.29

English
GUM (en)

UDPipe 87.27 84.12
UDify 89.14 85.73
TOWER 90.07 86.61

English
LinES (en)

UDPipe 84.15 79.71
UDify 87.33 83.71
TOWER 87.12 82.91

English PUD (en) UDify 91.52 88.66
TOWER 90.89 87.33

English
ParTUT (en)

UDPipe 90.29 87.27
UDify 92.84 90.14
TOWER 89.36 85.63

English Pronouns (en) TOWER 89.50 85.37

Erzya
JR (myv)

UDify 31.9 16.38
UDapter 34.21 19.15
TOWER 36.44 19.38

Estonian
EDT (et)

UDPipe 88.0 85.18
UDify 89.53 86.67
TOWER 90.24 87.08

Estonian EWT (et) TOWER 88.80 84.54

Faroese
OFT (fo)

UDify 67.24 59.26
UDapter 77.15 69.2
TOWER 77.43 68.41

Finnish
FTB (fi)

UDPipe 90.68 87.89
UDify 86.37 81.4
TOWER 91.91 89.05

Finnish PUD (fi) UDify 89.76 86.58
TOWER 88.24 82.48

Finnish
TDT (fi)

UDPipe 89.88 87.46
UDify 86.42 82.03
UDapter 91.87 89.01
TOWER 92.78 90.22

French FQB (fr) TOWER 93.36 87.00
French FTB (fr) TOWER 28.04 14.80

French
GSD (fr)

UDPipe 90.65 88.06
UDify 93.6 91.45
TOWER 94.06 91.31

French PUD (fr) UDify 88.36 82.76
TOWER 91.02 83.52

French
ParTUT (fr)

UDPipe 92.17 89.63
UDify 90.55 88.06
TOWER 87.90 79.33

French
Sequoia (fr)

UDPipe 92.37 90.73
UDify 92.53 90.05
TOWER 92.07 89.93

French
Spoken (fr)

UDPipe 82.9 77.53
UDify 85.24 80.01
TOWER 84.41 74.77

Galician
CTG (gl)

UDPipe 86.44 83.82
UDify 84.75 80.89
TOWER 83.85 80.65
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Treebank Method UAS LAS

Galician
TreeGal (gl)

UDPipe 82.72 77.69
UDify 84.08 76.77
TOWER 77.57 66.87

German
GSD (de)

UDPipe 85.53 81.07
UDify 87.81 83.59
TOWER 89.11 84.19

German HDT (de) TOWER 97.65 96.54
German LIT (de) TOWER 86.55 78.74

German PUD (de) UDify 89.86 84.46
TOWER 89.15 81.02

Greek
GDT (el)

UDPipe 92.1 89.79
UDify 94.33 92.15
TOWER 94.13 91.16

Hebrew
HTB (he)

UDPipe 89.7 86.86
UDify 91.63 88.11
UDapter 91.86 88.75
TOWER 90.71 87.05

Hindi
HDTB (hi)

UDPipe 94.85 91.83
UDify 95.13 91.46
UDapter 95.29 91.96
TOWER 95.12 91.42

Hindi PUD (hi) UDify 71.64 58.42
TOWER 73.02 50.68

Hungarian
Szeged (hu)

UDPipe 84.04 79.73
UDify 89.68 84.88
TOWER 87.87 81.02

Indonesian
GSD (id)

UDPipe 85.31 78.99
UDify 86.45 80.1
TOWER 83.71 76.84

Indonesian PUD (id) UDify 77.47 56.9
TOWER 76.71 53.16

Irish
IDT (ga)

UDPipe 80.39 72.34
UDify 80.05 69.28
TOWER 80.33 66.80

Italian
ISDT (it)

UDPipe 93.49 91.54
UDify 95.54 93.69
UDapter 95.32 93.46
TOWER 94.47 91.98

Italian PUD (it) UDify 94.18 91.76
TOWER 94.13 89.01

Italian
ParTUT (it)

UDPipe 92.64 90.47
UDify 95.96 93.68
TOWER 95.06 91.57

Italian PoSTWITA (it) TOWER 86.95 81.75
Italian TWITTIRO (it) TOWER 86.93 80.91
Italian VIT (it) TOWER 91.80 87.05

Japanese
GSD (ja)

UDPipe 95.06 93.73
UDify 94.37 92.08
UDapter 94.87 92.84
TOWER 92.58 89.44

Japanese PUD (ja) UDify 94.89 93.62
TOWER 91.12 88.41

Karelian KKPP (krl) UDapter 61.86 48.35
TOWER 62.18 45.60

Kazakh
KTB (kk)

UDPipe 53.3 33.38
UDify 74.77 63.66
UDapter 74.13 60.74
TOWER 73.70 59.88

Komi Permyak UH (koi) UDapter 36.89 23.05
TOWER 42.36 25.81

Komi Zyrian IKDP (kpv) UDify 36.01 22.12
TOWER 40.87 24.71

Komi Zyrian
Lattice (kpv)

UDify 28.85 12.99
UDapter 28.4 12.5
TOWER 33.29 17.33

Treebank Method UAS LAS

Korean
GSD (ko)

UDPipe 87.7 84.24
UDify 82.74 74.26
UDapter 89.39 85.91
TOWER 86.04 81.70

Korean
Kaist (ko)

UDPipe 88.42 86.48
UDify 87.57 84.52
TOWER 88.78 86.11

Korean PUD (ko) UDify 63.57 46.89
TOWER 61.78 38.40

Kurmanji
MG (kmr)

UDPipe 45.23 34.32
UDify 35.86 20.4
UDapter 26.37 12.1
TOWER 72.00 51.02

Latin
ITTB (la)

UDPipe 91.06 88.8
UDify 92.43 90.12
TOWER 91.25 87.67

Latin
PROIEL (la)

UDPipe 83.34 78.66
UDify 84.85 80.52
TOWER 83.74 77.75

Latin
Perseus (la)

UDPipe 71.2 61.28
UDify 78.33 69.6
TOWER 73.53 62.16

Latvian
LVTB (lv)

UDPipe 87.2 83.35
UDify 89.33 85.09
TOWER 92.26 88.52

Lithuanian ALKSNIS (lt) TOWER 87.35 81.58

Lithuanian
HSE (lt)

UDPipe 51.98 42.17
UDify 79.06 69.34
TOWER 79.25 65.47

Livvi KKPP (olo) UDapter 57.86 43.34
TOWER 62.77 44.62

Maltese
MUDT (mt)

UDPipe 84.65 79.71
UDify 83.07 75.56
TOWER 76.64 67.31

Marathi
UFAL (mr)

UDPipe 70.63 61.41
UDify 79.37 67.72
UDapter 61.01 44.4
TOWER 70.39 57.77

Mbya Guarani
Dooley (gun) TOWER 18.10 5.82

Mbya Guarani
Thomas (gun) TOWER 32.36 11.23

Moksha JR (mdf) UDapter 40.15 26.55
TOWER 44.21 27.45

Naija
NSC (pcm)

UDify 45.75 32.16
UDapter 49.24 36.72
TOWER 52.03 34.95

North Sami
Giella (sme)

UDPipe 78.3 73.49
UDify 74.3 67.13
TOWER 53.53 42.05

Norwegian
Bokmaal (no)

UDPipe 92.39 90.49
UDify 93.97 92.18
TOWER 94.77 93.12

Norwegian
Nynorsk (no)

UDPipe 92.09 90.01
UDify 94.34 92.37
TOWER 93.96 91.65

Norwegian
NynorskLIA (no)

UDPipe 68.08 60.07
UDify 75.4 69.6
TOWER 75.43 69.82

Old French
SRCMF (fro)

UDPipe 91.74 86.83
UDify 91.74 86.65
TOWER 89.75 83.48

Persian
Seraji (fa)

UDPipe 90.05 86.66
UDify 89.59 85.84
TOWER 91.29 87.43
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Treebank Method UAS LAS

Polish
LFG (pl)

UDPipe 96.58 94.76
UDify 96.67 94.58
TOWER 97.06 95.18

Polish PDB (pl) TOWER 94.99 89.95
Polish PUD (pl) TOWER 94.13 87.44

Portuguese
Bosque (pt)

UDPipe 91.36 89.04
UDify 91.37 87.84
TOWER 91.50 88.29

Portuguese
GSD (pt)

UDPipe 93.01 91.63
UDify 94.22 92.54
TOWER 93.80 91.98

Portuguese PUD (pt) UDify 87.02 80.17
TOWER 87.27 77.86

Romanian
Nonstandard (ro)

UDPipe 89.12 84.2
UDify 90.36 85.26
TOWER 90.59 84.41

Romanian
RRT (ro)

UDPipe 91.31 86.74
UDify 93.16 88.56
TOWER 93.61 87.70

Romanian
SiMoNERo (ro) TOWER 91.19 86.75

Russian
GSD (ru)

UDPipe 88.15 84.37
UDify 90.71 86.03
TOWER 91.85 88.28

Russian PUD (ru) UDify 93.51 87.14
TOWER 94.59 88.26

Russian
SynTagRus (ru)

UDPipe 93.8 92.32
UDify 94.83 93.13
UDapter 94.04 92.24
TOWER 95.28 93.75

Russian
Taiga (ru)

UDPipe 75.45 69.11
UDify 84.02 77.8
TOWER 84.83 77.71

Sanskrit
UFAL (sa)

UDify 40.21 18.56
UDapter 44.32 22.22
TOWER 63.05 44.66

Scottish Gaelic
ARCOSG (gd) TOWER 81.32 73.82

Serbian
SET (sr)

UDPipe 92.7 89.27
UDify 95.68 91.95
TOWER 94.36 90.93

Slovak
SNK (sk)

UDPipe 89.82 86.9
UDify 95.92 93.87
TOWER 93.77 90.87

Slovenian
SSJ (sl)

UDPipe 92.96 91.16
UDify 94.74 93.07
TOWER 94.91 93.50

Slovenian
SST (sl)

UDPipe 73.51 67.51
UDify 80.37 75.03
TOWER 78.64 73.10

Spanish
AnCora (es)

UDPipe 92.34 90.26
UDify 92.99 90.5
TOWER 92.67 90.44

Spanish
GSD (es)

UDPipe 90.71 88.03
UDify 90.82 87.23
TOWER 92.12 89.64

Treebank Method UAS LAS

Spanish PUD (es) UDify 90.45 83.08
TOWER 89.66 80.23

Swedish
LinES (sv)

UDPipe 86.07 81.86
UDify 88.77 85.49
TOWER 88.63 85.07

Swedish PUD (sv) UDify 89.17 86.1
TOWER 89.20 84.95

Swedish
Talbanken (sv)

UDPipe 89.63 86.61
UDify 91.91 89.03
UDapter 92.62 90.26
TOWER 89.70 86.60

Swedish Sign Language
SSLC (swl)

UDPipe 50.35 37.94
UDify 40.43 26.95
TOWER 31.56 20.57

Swiss Ger. UZH (gsw) UDapter 59.74 45.49
TOWER 55.61 40.17

Tagalog
TRG (tl)

UDify 64.04 40.07
UDapter 84.78 69.52
TOWER 91.78 74.32

Tamil
TTB (ta)

UDPipe 74.11 66.37
UDify 79.34 71.29
UDapter 70.28 46.05
TOWER 71.28 64.36

Telugu
MTG (te)

UDPipe 91.26 85.02
UDify 92.23 83.91
UDapter 83.52 71.1
TOWER 90.43 81.97

Thai PUD (th) UDify 49.05 26.06
TOWER 78.23 53.80

Turkish GB (tr) TOWER 75.36 59.39

Turkish
IMST (tr)

UDPipe 74.19 67.56
UDify 74.56 67.44
UDapter 76.97 69.63
TOWER 77.90 70.00

Turkish PUD (tr) UDify 67.68 46.07
TOWER 62.29 41.57

Ukrainian
IU (uk)

UDPipe 88.29 85.25
UDify 92.83 90.3
TOWER 92.54 89.89

Upper Sorbian
UFAL (hsb)

UDPipe 45.58 34.54
UDify 71.55 62.82
UDapter 62.28 54.2
TOWER 70.98 60.90

Urdu
UDTB (ur)

UDPipe 87.5 81.62
UDify 88.43 82.84
TOWER 87.43 81.62

Uyghur
UDT (ug)

UDPipe 78.46 67.09
UDify 65.89 48.8
TOWER 79.11 66.41

Vietnamese
VTB (vi)

UDPipe 70.38 62.56
UDify 74.11 66.0
TOWER 72.40 63.50

Warlpiri
UFAL (wbp)

UDify 21.66 7.96
UDapter 24.2 12.1
TOWER 31.85 16.24

Welsh CCG (cy) UDapter 70.75 54.43
TOWER 77.22 57.56

Wolof
WTB (wo) TOWER 69.06 58.13
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Figure 3: Dendrogram of the full syntax-based hierarchical clustering of 89 languages from UD v2.5. Languages
are denoted with their ISO 639-1 codes.
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Abstract

The notorious one-to-many nature of open-
domain dialogues poses huge challenges for
automatic evaluation methods. Recent stud-
ies attempt to mitigate this issue by consid-
ering the similarity of the generated response
with the conversational context and design dis-
criminative models to learn from multiple pos-
itive responses. Despite the promising results,
they can not be applied to general scenarios
where training data with multiple responses
is unavailable. To this end, in this paper,
we propose a self-supervised setting to obtain
a smooth latent space that can both capture
discourse-level context information and im-
plicitly model more references in latent space.
Specifically, we present EMS, an Enhanced di-
alogue evaluation Metric in latent Space. Ex-
perimental results on two real-world dialogue
datasets confirm the superiority of our method
for open-domain dialogue evaluation, where
both Pearson and Spearman correlations with
human judgments outperform all baselines.

1 Introduction

With the surge of deep learning techniques,
generation-based open-domain dialogue systems
have witnessed significant improvement in re-
cent years. Plenty of novel and effective mod-
els (Sutskever et al., 2014; Serban et al., 2016;
Li et al., 2015; Serban et al., 2016; Zhao et al.,
2017; Gu et al., 2018; Qiu et al., 2019; Chan et al.,
2019b; Serban et al., 2017; Wolf et al., 2019; Hu
et al., 2019; Chen et al., 2020) are proposed and
have greatly promoted the development of the open-
domain dialogue generation. Unlike the endless
emergence of novel methods, however, there is still
no meaningful and widely accepted automatic eval-
uation metric for dialogue generation yet. As we

∗ This work was done while Z. Chan was an intern at
Tencent AI Lab. Corresponding Author: Rui Yan.

know, automatic evaluation allows quick and ef-
fective comparison between different systems and
is crucial for the development of natural language
generation (NLG) tasks (Dathathri et al., 2019; Gu
et al., 2019; Gao et al., 2019; Chan et al., 2019a,
2020). The lack of meaningful automatic evalua-
tion metrics has become a significant impediment
for open-domain dialog generation research.

Over the past decade, many automatic evalu-
ation metrics are proposed to evaluate the open-
domain dialogue systems. Among them, the word
overlap-based automatic evaluation metrics from
NLG tasks, such as BLEU (Papineni et al., 2002)
in machine translation and ROUGE (Lin, 2004)
in text summarization, are popular. In addition,
Embedding Metrics (Mitchell and Lapata, 2008;
Forgues et al., 2014; Rus and Lintean, 2012) have
been utilized to evaluate the open-domain dialogue
systems (Gu et al., 2018; Chan et al., 2019b; Shen
et al., 2018). Recently, with the fantastic develop-
ment of the large-scale pre-training model (Devlin
et al., 2018; Liu et al., 2019; Radford et al., 2019),
researchers proposed to enhance the embedding
metrics by converting the dialogue sentences to
hidden space via pre-training model (Zhang et al.,
2019; Sellam et al., 2020; Zhao et al., 2019; Xi-
ang et al., 2021). The common idea behind these
metrics is that they measure the semantic similar-
ity between a reference response and a generated
response, independent on the conversational con-
text. However, due to the notorious one-to-many
nature (Li et al., 2015; Zhao et al., 2017; Qiu et al.,
2019; Gu et al., 2018) of open-domain dialogue,
a good response should be related well to its con-
text yet may be largely different from a reference
response in semantics.

Some other works (Tao et al., 2018; Ghazar-
ian et al., 2019; Sinha et al., 2020) thereby pro-
posed to build automatic dialogue evaluation met-
rics by considering the similarity of the generated
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responses with the conversational context. Specif-
ically, these works design discriminative models
which can judge whether the generated responses
match the conversational context well, which learn
from {conversational context, response reference,
negative sample} pairs in unsupervised learning
manner. Zhao et al. (2020) further proposed to
enhance such discriminative evaluation metrics by
finetuning on a few human-annotated data to im-
prove the robustness. These discriminative metrics
trained using a single relevant response and mul-
tiple negative samples. However, Sai et al. (2020)
argued that such discriminative metrics should be
trained on multiple relevant responses (i.e., positive
samples) and multiple negative samples, to favor
the one-to-many nature in open-domain dialogues.
Therefore, they collected a new dataset which con-
tains multiple relevant and irrelevant responses for
any given conversational context to train their dis-
criminative evaluation model and the model trained
by multiple relevant responses shows impressive
performance. However, there are no organized rel-
evant multiple responses in most existing datasets.
Collecting a new dataset is expensive and time-
consuming. Thus, we aim to learn multiple refer-
ence information with limited data.

Inspired by the impressive effectiveness of
the Variational Auto-encoder (VAEs) and Condi-
tional Variational Auto-encoder (CVAEs) on the
representation learning and dialogue modeling,
we propose to learn the dialogue representations
via VAEs/CVAEs for better evaluation. Equip
with such dialogue representations, we obtain an
Enhanced dialogue evaluation Metric in latent
Space (EMS). EMS is a self-supervised evalua-
tion metric with a two-stage training procedure.
It represents dialogue sentences in a smooth la-
tent space to both capture discourse-level context
information and model more feasible latent refer-
ences. Specifically, in the first stage, we build a
VAE based model to map the dialogue sentences
into a latent (or semantic) space. Li et al. (2019)
showed that VAEs can be viewed as a regularized
version of the auto-encoder and learn a smooth
latent space through the regularization from the
Gaussian prior. Then, we train our model by op-
timizing CVAEs’ objective which forces the prior
distribution to capture the feasible latent references
information (details in Section 3.3). In the second
stage, we combine the dialogue representations and
the captured feasible latent reference information to

train a discriminative model. Meanwhile, we give a
potential explanation of our motivation about why
using feasible latent reference information can lead
to a better evaluation (details in Section 3.1). Exper-
imental results on two real-world dialogue datasets
confirm the superiority of our method for open-
domain dialogue evaluation, where both Pearson
and Spearman correlations with human judgments
outperform all baseline methods.

In a nutshell, our contributions can be summa-
rized as follows:
•We proposed a novel automatic evaluation met-

ric, i.e., EMS, for open-domain dialogue systems;
•We proposed a pre-training variational model

to capture the feasible latent references;
• Experiments performed on two large datasets

demonstrate the effectiveness of our proposed
model and outperform all baseline methods.

2 Related Work

Word overlap-based Metrics. Several word
overlap-based automatic evaluation metrics, such
as BLEU (Papineni et al., 2002), METEOR (Baner-
jee and Lavie, 2005), and ROUGE (Lin, 2004),
have been widely used to evaluate the quality of
generated responses. These word overlap-based
metrics measure how many words overlap in a
given generated response when compared to a ref-
erence response. Liu et al. (2016); Lowe et al.
(2017); Tao et al. (2018) argued that these word
overlap-based metric scores are weakly correlated
to human judgment due to ignoring the notorious
one-to-many nature of the open-domain dialogues.
Therefore, Yuma et al. (2020) proposed the im-
proved BLEU, which compares the generated re-
sponse with multiply diverse references.

Embedding-based Metrics. Unlike word
overlap-based metrics comparing two raw sen-
tences, Embedding Metrics (Mitchell and Lapata,
2008; Forgues et al., 2014; Rus and Lintean, 2012)
map sentences to a high dimensional space, and
calculate similarity based on the high-dimensional
representations. Embedding Metrics are recently
popular for evaluating the generation tasks, such
as text summarization (Gao et al., 2020; Chen
et al., 2021), question answer (Gao et al., 2019)
and text generation (Hashimoto et al., 2019; Chan
et al., 2020). Meanwhile, several works (Qiu et al.,
2019; Chen et al., 2020; Gao et al., 2021) have
shown their effectiveness in the open-domain dia-
logue systems. With the development of the large-
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scale pre-training model (Devlin et al., 2018; Liu
et al., 2019; Radford et al., 2019), some studies,
e.g., BERTScore (Zhang et al., 2019) and Mover-
Score (Zhao et al., 2019), further enhance the qual-
ity of representations via a large-scale pre-training
model. However, these embedding-based metrics
perform a better comparison compared to word
overlap-based metrics but still ignore the one-to-
many nature of open-domain dialogues.

Learning-based Metrics. Recent studies (Tao
et al., 2018; Sinha et al., 2020) attempt to mitigate
the one-to-many issue by considering the similar-
ity of the generated response with the conversa-
tional contexts. The similarity is calculated by
a designed discriminative model which learns to
evaluate whether a response matches the conversa-
tional context well. The discriminative model is
learned from tuples of data, {conversational con-
text, response reference, negative sample}, in an
unsupervised learning manner. However, these
learning-based metrics rely on a sophisticated sam-
pling technique. Lan et al. (2020) proposed a sam-
pling strategy to collect the valuable negative sam-
ples for the discriminative training. Bak and Oh
(2020) conduct speaker sensitive response evalua-
tion by conducting negative sampling from several
levels. To further improve the robustness, Zhao
et al. (2020) proposed to enhance the discrimina-
tive model by finetuning on a few human-annotated
data. Sai et al. (2020) argued that these discrimina-
tive metrics should be trained on multiple relevant
responses and multiple irrelevant samples for any
given context. Therefore, they collected such a
dataset and improved the evaluation performance
greatly. However, collecting a new dataset is expen-
sive and time-consuming. In this work, we propose
a method to improve the effectiveness of the dis-
criminative metrics based on the VAEs/CVAEs.

3 Methodology

In this paper, we propose an Enhanced dialogue
evaluation Metric in latent Space (EMS), which
contains two training stages (illustrated in Fig. 2).
In this section, we first conduct some discussions
about our motivations in Section 3.1. Then, we
introduce the overall architecture in Section 3.2.
The two training stages are described in Section 3.3
and Section 3.4, respectively. Finally, we describe
the inference process in Section 3.5.

Tell me your hobby first.

I like play tennis.

It is a secret.

𝑃 (𝑧|𝑐, )𝑟3

𝑃 (𝑧|𝑐, )𝑟2

𝑃 (𝑧|𝑐, )𝑟1
𝑄(𝑧|𝑐)

W
ha

t i
s 

yo
ur

 h
ob

by
?

W
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s 
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ur
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ob
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?

Figure 1: Distributions in latent space. Each circle rep-
resents a Gaussian distribution while three small circles
refer to a special Gaussian distribution for each corre-
sponding response. Naturally, the biggest circle indi-
cates the prior Gaussian distribution. We use the prior
distribution to approximate all the response conditional
distribution. Dotted lines indicate the latent response.

3.1 Discussion about Motivation

We conduct a discussion about our motivation
from information theory. Let ri denotes a feasi-
ble response coming from {rk}Nk=1 which repre-
sents N feasible latent references. Assume a bi-
nary label l ∈ {0, 1} indicates whether a response
matches its context well. Existing works (Tao et al.,
2018; Ghazarian et al., 2019; Sinha et al., 2020;
Zhao et al., 2020) training with single relevant
response are actually maximizing I(l; c, ri). Re-
cently, Sai et al. (2020) proposed to training with
multiple relevant responses, which actually max-
imizes I(l; c, {rk}Nk=1). An intuitive explanation
for the surprising improvement in Sai et al. (2020)
is that I(l; c, {rk}Nk=1) ≥ I(l; c , ri)1.

However, there are no organized relevant mul-
tiple responses in existing datasets and collecting
a new dataset is expensive and time-consuming.
Therefore, we aim to capture the feasible latent
reference information with limited data. Inspired
by previous works which model multiple responses
for dialogue (Zhao et al., 2017; Qiu et al., 2019;
Chan et al., 2019b), we utilize CVAEs (details in
Section 3.2) which build a prior distribution P (z|c)
to capture the feasible latent reference informa-
tion in the latent space. Specifically, when training
CVAEs, P (z|c) is forced to be close to the posterior
distribution Q(z|c, ri) for any reference response
ri as illustrated in Fig. 1. In this sense, if z is sam-
pled from P (z|c), z may contain some information
of any ri in some extent, and z can be used as a
surrogate of {rk}Kk=1. Therefore, we can expect

1There is a brief proof in Apendix A.
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I(l; c, {rk}Nk=1) ≥ I(l; c, ri, z) ≥ I(l; c, ri).

3.2 Overall Architecture

Previous works (Li et al., 2019; Gururangan et al.,
2019; Li et al., 2020) concluded that VAEs can
learn a smooth latent space through the regulariza-
tion from the gaussian prior. Inspired by Li et al.
(2020), we propose a novel architecture which can
be regarded as a large-scale pretrained language
model (PLM) based on VAEs/CVAEs.

Encoder. Li et al. (2019) argue that the
VAEs might benefit from initialization with a non-
collapsed encoder, because the encoder provides
useful information from the beginning of training.
We use the Masked PLMs (Devlin et al., 2018; Liu
et al., 2019) as the text encoder because of their
impressive effectiveness in natural language under-
standing tasks. We describe the encoding process
as following,

hq = PLM([c; r]),

hp = PLM(c)
(1)

where c, r indicate conversational context and re-
sponse reference, respectively.

Latent Variable Modeling. For modeling
the latent variable, we hypothesize that the ap-
proximated variational prior and posterior fol-
lows an isotropic multivariate Gaussian distribution
N (µ, σ2I), where I represents the diagonal covari-
ance. We use a recognition network qφ(z|hq) and
a prior network pθ(z|hp) to approximate the poste-
rior Q(z|c, r) and the prior P (z|c), respectively.

Decoder. The reconstruction process2 forces the
latent variable to contain the useful posterior infor-
mation, which is a crucial step in the variational
training. We use another PLM as the decoder to re-
construct the original input texts. For transporting
the latent variable to the PLM decoder, we use the
memory mechanism mentioned in Li et al. (2020)
where the latent variable plays the role of an ad-
ditional memory vector for the PLM decoder to
attend. Specifically, the latent variable z is con-
verted through a Multilayer Perceptron (MLP) and
separated into several vectors, each of which is
transported to the PLM decoder via attention mech-
anism.

2Note that the reconstruction process doesn’t only indi-
cate the autoregressive generation but also the masked causal
generation.

3.3 Stage 1: Representation in Latent Space

Our first stage is to learn the latent representation
of the dialogues and capturing the feasible latent
reference information. Specifically, we first opti-
mize our model via VAEs’ objective to model a
smooth latent space. Then, we train our model
by CVAEs’ objective to capture the feasible latent
reference information. We describe the details as
following.

A smooth latent space. Following Li et al.
(2020), we first train the posterior module by op-
timizing the VAEs’ objective. Li et al. (2019)
showed that VAEs can be viewed as a regularized
version of the autoencoder and can learn a smooth
latent space. Based on this, we convert sentences in
a universal smooth latent space. In a smooth latent
space, latent representation of similar sentences
should be close to each other and vice versa (Li
et al., 2019). Therefore, it is a great outset for
our model. To train this model, the log-likelihood
objective is maximized through pushing up its vari-
ational lower bound:

−KL(pθ(z|hq)||q(z))
+Epθ(z|hq)[log pθ([c; r]|z, hq)],

(2)

where KL(·) represents the KL-divergence term,
which serves as the regularization that encourages
pθ(z|hq) to approach to q(z), i.e., a standard Gaus-
sian distribution; E[·] is the term of reconstruction
loss, reflecting how well the decoder performs.
Feasible latent reference information. The one-
to-many nature of the open-domain dialogues poses
that there can be a lot of reasonable responses for
the same conversational context. Therefore, we
handle this one-to-many nature by CVAE as pre-
vious works (Zhao et al., 2017; Gu et al., 2018;
Chan et al., 2019b) to capture the feasible latent
reference information. As shown in Fig. 1, CVAE
builds Gaussian posterior distributions for each fea-
sible reference and forces the prior distribution to
approach the posterior distributions. Ideally, a well-
learned prior distribution will cover all the feasible
latent reference information. We train our model by
optimizing the following variational lower bound:

−KL(qφ(z|hq)||pθ(z|hp))
+Eqφ(z|hq)[log pθ([c; r]|z, hq)]

(3)

where KL(·) represents the KL-divergence term,
which serves as the regularization that encourages
the prior pφ(z|hp) to approach the approximated
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PLM-Encoder ℎ𝑞
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Legend

Training Stage - 1

PLM-Decoder𝑧𝑞

PLM-Encoder ℎ𝑝
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𝜏

Figure 2: The detailed architecture of our proposed EMS and there are two stages in the training process. The first
and second training stage is describled in Section 3.3 and Section 3.4, respectively. In the second training stage,
the response input is replaced by the generated responses which need be evaluated. The Position Emb indicates the
Position Embedding.

posterior qθ(z|hq), i.e. a conditional Gaussian dis-
tribution.
Training procedures. Previous works (Bowman
et al., 2015; Zhao et al., 2017) mentioned that VAE
and CVAE training is challenging due to the KL
vanishing issue, where the decoder ignores the con-
ditional information and all the resulting posteriors
almost collapse to a same Gaussian prior. To mit-
igate this issue, first, we initialize our model with
Optimus (Li et al., 2020), a large-scale VAE-based
PLM model, while optimizing Eq. 2.

To mitigate the same issue while optimizing
Eq. 3, we use the cyclical KL annealing sched-
ule (Fu et al., 2019). Specifically, we add a hy-
perparameter α to control the weight of the KL-
divergence in Eq. 3. We set α close to zero in the
first half of cyclic schedule, linearly anneal α to 1
in the next one-fourth of cyclic schedule and kept
α = 1 in the remaining cyclic schedule.

Moreover, the Free Bits (Bowman et al., 2015)
is also crucial for the training. It replaces the KL-
divergence in Eq. 3 by a hinge loss

max(γ,KL(qφ(z|hq)||pθ(z|hp))) (4)

where γ is a hyperparameter which controls the in-
formation space for the each dimension of the latent
variable. Finally, an extra bag-of-word loss (Zhao
et al., 2017) is also used during the training.

3.4 Stage 2: Matching Training
In the second stage, we learn to judge the simi-
larity between the conversational context and the
response using the learned representations. Li et al.

(2020) argue that the KL regularization applied on
z has a large impact on the preceding layer feature,
thus, the preceding layer feature also contains the
information of z. Therefore, we consider combin-
ing hq and z into the final representation,

h′q = (1− τ) · hq + τ · zq, (5)

where τ is a hyperparameter and zq indicates the
latent representation from the posterior network.
Meanwhile, we use the feasible latent reference
information, captured by our prior network, to en-
hance the matching. We combine these two repre-
sentations as following,

e = σ(Wg · [hp;hq; zp] + bg)

z′p = e · zp + (1− e) · hp
(6)

where Wg and bg are trainable parameters, and e
is learned by the gate mechanism that controls the
fusion of zp and hp. Note that zp indicates the
latent representation from the prior network. The
activation function σ is sigmoid. Finally, we infer
matching score between the conversational context
and generated reference as follows,

gc = σ(Ws · ([h′q; z′p]) + bs) (7)

where Ws and bs are trainable parameters and the
activation function σ is sigmoid. Finally, we opti-
mize our model with positive sampling and nega-
tive sampling (Lan et al., 2020) based on the dis-
criminative training scheme.
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3.5 Inference

In the inference process, we input the conversa-
tional context and response candidate as the c and
r in Eq. 1, and conduct the operation as Eq. 5, Eq. 6
and Eq. 7 to obtain the score gc. We use the gc as
matching degree of the response candidate.

4 Experiments

4.1 Dataset

To evaluate the effectiveness of our proposed auto-
matic evaluation metric EMS, we conduct experi-
ments on the following two open-access datasets.

Persona-Chat Dataset. The persona-chat
dataset (Zhang et al., 2018) is a large persona-
conditioned chit-chat style dialogue dataset which
consists of 10,907 multi-turn dialogue sessions3.

DailyDialog Dataset. The dailydialog
dataset (Li et al., 2017) is an another widely-used
large collection of human-human dialogues which
consists of 13,118 multi-turn dialogue sessions4.

Human-annotated Dataset. We collect the
human-annotated datasets from Amazon Mechani-
cal Turk and obtain two human-annotated datasets
which consist of 750 context-response pairs in the
persona-chat dataset and 800 ones in the dailydi-
alog dataset, respectively. Following Zhao et al.
(2020), the generated references come from several
classical dialogue models, i,e., Seq2Seq (Sutskever
et al., 2014), Seq2Seq with Attention (Serban et al.,
2016), HRED (Serban et al., 2017), VHRED (Ser-
ban et al., 2016), GPT-2 (Wolf et al., 2019).

4.2 Baselines

We compare our proposed method with the follow-
ing highly related and strong baselines.

BLEU. We utilize BLEU score (Papineni et al.,
2002) to measure n-grams overlaps between re-
sponse reference and generated response. Specifi-
cally, we follow the conventional setting in Sinha
et al. (2020) and use the multi-bleu5.

ROUGE. ROUGE (Lin, 2004) is the most popu-
lar metric in the text summarization task. There, we
report the f1 score of Rouge-{1,2,3,L} and Rouge-
L identifies the longest common subsequence be-
tween the generated and reference to better account

3http://parl.ai
4http://yanran.li/dailydialog
5https://github.com/OpenNMT/

OpenNMT-py/blob/master/tools/multi-bleu.
perl

for sentence-level structure when computing word
overlap.

METEOR. The METEOR (Banerjee and Lavie,
2005) is designed as an improvement on BLEU
using a harmonic mean of precision and recall, as
well as stemming and synonyms.

Embedding Metrics. Embedding Metrics com-
pute the similarity between the embeddings repre-
sentations of generated results and reference. The
used embeddings come from glove6. In particu-
lar, we calculate three metrics: 1) Average, cosine
similarity between the averaged word embeddings
in the two sentences (Mitchell and Lapata, 2008);
2) Extrema, cosine similarity between the largest
extreme values among the word embeddings in the
two sentences (Forgues et al., 2014); 3) Greedy, i.e.,
greedily matching words in two sentences based on
the cosine similarities, and the total scores are then
averaged across all words (Rus and Lintean, 2012).

BERTScore. BERTScore (Zhang et al., 2019)
uses a strong PLM model to greedily match each
word in a reference response with one word in the
generated response. By doing so, it computes the
recall of the generated sequence. BERTScore was
shown to have strong system-level and segment-
level correlation with human judgment on several
machine translation tasks.

BLEURT. BLEURT (Sellam et al., 2020) is
based on the BERTScore and finetuned on human
judgments after pretraining on large-scale synthetic
data with multiple automatic metrics as supervision
signals. BLEURT has shown its strong correlation
with human judgment on machine translation tasks.

RUBER. RUBER (Tao et al., 2018) is an unsu-
pervised automatic evaluation metric that consid-
ering the similarity of the generated response with
conversational context and response reference.

MAUDE. MAUDE (Sinha et al., 2020) pro-
posed an unreferenced automated evaluation metric
that uses large-scale PLMs to extract hidden repre-
sentations of dialogue sentences, and leverages the
temporal transitions that exist between them.

4.3 Settings

The dimension of latent variable z is set to 768 to
improve the information bottleneck. As we men-
tioned before, the encoder and the decoder in our
model are BERT (Devlin et al., 2018) and GPT-
2 (Radford et al., 2019), respectively. We use the

6http://nlp.stanford.edu/data/glove.
840B.300d.zip
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Tokenizer of BERT to conduct the texts for BERT
and tokenizer of GPT-2 for GPT-2 in all experi-
ments. We use the Optimus (Li et al., 2020) to save
the time consumption of the VAE training. The
recognition network and prior network are consist
of 3 layers MLP with Dropout layer and GELU
function. When training, we set the mini-batch size
to 16. The AdamW optimizer is used to train the
VAEs module with the initial learning rate 5e-5,
and the learning rate warmup and decay strategy
is employed. The value of τ in Eq. 5 is set to 0.01.
When we conduct the matching training, we change
the initial learning rate to 3e-6, and the learning
rate warmup and decay strategy is also employed.

5 Results and Analysis

5.1 Overall Performance

We examine the performance of our model com-
pared with baselines on two open-access datasets
and the results.

The word-overlap metrics based on n-gram per-
form worst. As shown in Table 1 and Table 2,
the word-overlap evaluation metrics, i.e., BLEU,
ROUGE, and METEOR, obtain the worst perfor-
mance in the dialogue evaluation on both two
datasets. Among them, BLEU (hybrid) scores on
two datasets are both less than 0.1, though it is the
most widely used metric in machine translation.
Intuitively, the information from n-gram is more
accurate with a larger n (the most accurate informa-
tion comes from the whole sentence). However, as
the results shown in the Table 1 and Table 2, the cor-
relation score decays when n increases. The same
phenomenon is observed when using ROUGE. It
seems using n-grams as the representation of the
dialogue sentence is not a good choice.

PLM is an effective representation extractor
for dialogue sentences. From Table 1 and Ta-
ble 2, we can see that most embedding-based met-
rics, i.e., Average, Extrema, Greedy, BERTScore
and BLEURT, using pretrained embedding to rep-
resent the sentences, perform better than word-
overlap metrics which uses n-grams as represen-
tation. Furthermore, traditional embedding-based
metrics with Glove-based embedding, i.e., Aver-
age, Extrema, Greedy, perform worse than the
embedding-based metrics with PLM-based embed-
ding, i.e., BERTScore and BLEUET. Thus, we can
know that using PLM to represent the dialogue
sentence is more effective for the evaluation.

Learning-based discriminative metrics outper-

Table 1: Performance of our EMS methods and all
baselines evaluated on the Persona-Chat Dataset. The
BERTScore and BLEURT are built based on the base
and large version of the Roberta (Liu et al., 2019).

Metrics Pearson’s ρ Spearmans’s r

BLEU
Hybrid 0.0602 (0.100) 0.0623 (0.088)

1-gram 0.2486 (<0.001) 0.2201 (<0.001)

2-gram 0.1991 (<0.001) 0.1891 (<0.001)

3-gram 0.0998 (<0.001) 0.1138 (<0.001)

4-gram 0.0558 (0.127) 0.0622 (0.002)

ROUGE
1-gram 0.2663 (<0.001) 0.2553 (<0.001)

2-gram 0.1706 (<0.001) 0.1715 (<0.001)

3-gram 0.1062 (0.004) 0.1157 (0.001)

L 0.2777 (<0.001) 0.2619 (<0.001)

METEOR 0.2507 (0.033) 0.2297 (0.020)

Embedding Metrics
Average 0.1330 (<0.001) 0.1452 (<0.001)

Extrema 0.2354 (<0.001) 0.2272 (<0.001)

Greedy 0.2585 (<0.001) 0.2502 (<0.001)

BERTScore
Base 0.2943 (<0.001) 0.2781 (<0.001)

Large 0.2782 (<0.001) 0.2619 (<0.001)

BLEURT
Base 0.3560 (<0.001) 0.3482 (<0.001)

Large 0.3045 (<0.001) 0.2857 (<0.001)

RUBER 0.4581 (<0.001) 0.4570 (<0.001)

MAUDE 0.5619 (<0.001) 0.5631 (<0.001)

EMS 0.5856 (<0.001) 0.5921 (<0.001)

form training-free metrics. From Table 1 and Ta-
ble 2, we can observe that all the learning-based
discriminative metrics (i.e., RUBER, MAUDE, and
our EMS) outperform all other training-free met-
rics (i.e., BLEU, ROUGE, METEOR, Average, Ex-
trema, Greedy, BERTScore, and BLEURT) in both
the Pearson and Spearman correlation with human
judgment. Therefore, we conclude the learning-
based discriminative metrics are very powerful to
evaluate the open-domain dialogue systems.

Our proposed EMS metric performs the best.
Our EMS metric achieves the best performance
with 0.5856, 0.5921 in Pearson and Spearman cor-
relation with the human judgment on the persona-
chat dataset, respectively. Meanwhile, on the dai-
lydialog dataset, EMS obtains 0.5331, 0.5253 in
Pearson and Spearman score. These experimental
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Table 2: Performance of our EMS methods and all
baselines evaluated on the DailyDialog Dataset. The
BERTScore and BLEURT are built based on the base
and large version of the Roberta (Liu et al., 2019).

Metrics Pearson’s ρ Spearmans’s r

BLEU
Hybrid 0.0240 (0.498) 0.0211 (0.551)

1-gram 0.2285 (<0.001) 0.2050 (<0.001)

2-gram 0.1115 (<0.001) 0.0812 (<0.001)

3-gram 0.0364 (0.304) 0.0401 (0.257)

4-gram 0.0261 (0.461) 0.0211 (0.551)

ROUGE
1-gram 0.1424 (<0.001) 0.0921 (0.009)

2-gram 0.1226 (<0.001) 0.1104 (0.002)

3-gram 0.0534 (0.131) 0.0467 (0.187)

L 0.1401 (<0.001) 0.0901 (0.011)

METEOR 0.2095 (<0.001) 0.1809 (<0.001)

Embedding Metrics
Average 0.0272 (0.443) 0.0440 (0.214)

Extrama 0.1763 (<0.001) 0.1652 (<0.001)

Greedy 0.1311 (<0.001) 0.1186 (<0.001)

BERTScore
Base 0.1139 (0.001) 0.1132 (0.001)

Large 0.1273 (<0.001) 0.1251 (<0.001)

BLEURT
Base 0.3478 (<0.001) 0.3356 (<0.001)

Large 0.2260 (<0.001) 0.1916 (<0.001)

RUBER 0.4328 (<0.001) 0.4310 (<0.001)

MAUDE 0.5162 (<0.001) 0.5343 (<0.001)

EMS 0.5331 (<0.001) 0.5253 (<0.001)

results show our method outperforms all existing
baselines, indicating the superiority of our method.

5.2 Analysis

Our model aims to enhance the dialogue evaluation
via variational training. Hence, in this subsection,
we examine whether variational training can im-
prove the performance by ablation study.

First, we replace the hidden representation (“w/o
q”) in Eq. 5 by the one from pure BERT, i.e., CLS.
From the performance in Table 3, the KL regular-
ization enhances the performance of EMS metric
on both two datasets which proves a smooth latent
space (via VAE training) is important. Second, as
shown in Table 3, without zp in Eq. 6 (“w/o p”)
which captures the feasible latent reference infor-
mation, EMS gains a performance drop. Therefore,

Table 3: Performance of the ablation study. Note that ρ
and r indicate the Pearson’s ρ and Spearmans’s r.

Metrics Persona-Chat Dataset DailyDialog Dataset

ρ r ρ r

EMS 0.5856 0.5921 0.5331 0.5253

w/o q 0.5732 0.5741 0.5298 0.5221
w/o p 0.5621 0.5618 0.5193 0.5218

Table 4: Two evalution cases from DailyDialog Dataset.
eos indicates the end of the current sentence.

Context:

did you get your bus pass? eos i have n’t
gone to get it yet. eos why have n’t you
got it? eos i do n’t know where to go to get
one. eos i know where to get them from.

Reference: where do i get it?

Generated: what kind of buses are they on?

Human (1-5) BLEU (0-1) MAUDE (1-5) EMS (1-5)

3.00 0.00 4.99 3.32

Context:

what a beautiful home! eos you’ll notice
that the window treatments, carpeting, and
drapes are all new. eos i like the way the
blinds give you privacy from the street.
eos follow me into the kitchen. you will
love it. eos i love that they put a wine
storage area in the kitchen.

Reference: the best part is the bedroom and attached
bathroom.

Generated: i’m sure you will.

Human (1-5) BLEU (0-1) MAUDE (1-5) EMS (1-5)

3.50 0.00 1.17 2.29

it proves the effectiveness of the feasible latent
reference information.

5.3 Case Study

To explain more intuitively, we show two cases of
our experiments in Table 4. In the first case, we can
observe the golden score from the human is 3.00,
however, MAUDE predicts the score as 4.99. We
find the MAUDE gives such a high score because
there is a keyword (“what kind of buses are they
on ?”) in the generated response which also exists
in the conversational context. In the second case,
MAUDE gives an extremely low score, i.e., 1.17,
since no repeated words in the generated response
and the context. However, our EMS gives scores
similar to the Human Score, 3.32 and 2.29 in the
first and second case, respectively. It proves that
our EMS is more similar to human evaluation.
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6 Conclusion and Future Work

In this study, we propose a two-stage automatic
evaluation metric, i.e., EMS, which can obtain a
smooth latent space that can both capture discourse-
level context information and model more feasible
latent references for evaluating the open-domain
dialogues. Experimental results on two dialogue
datasets confirm the superiority of our method for
open-domain dialogue evaluation, where both Pear-
son and Spearman correlations with human judg-
ments outperform all baseline methods.

Owing to the promising performance of the vari-
ational training, we pursue to design the training
procedures for better representation in latent space.
Besides, we will explore more efficient methods to
obtain more useful feasible reference information.
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A Proof

As well we know, the the mutual information (MI)
of X and Y is defined as

I(X;Y ) = H(X)−H(X | Y )

= H(Y )−H(Y | X)
(8)

where H(·) denotes the entropy.
Obviously, we can get

H(l | c, {rk}Nk=1) = H(l | c, ri, {rk}Nk=1 \ ri)
≤ H(l | c, ri).

(9)
Then, we can compare the MI of using the feasible
latent reference information and not as follows

I(l; c, {rk}Nk=1) = H(l)−H(l | c, {rk}Nk=1)

≥ H(l)−H(l | c, ri)
= I(l; c, ri).

(10)
where we can observe the MI is enhanced.
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Abstract

For many (minority) languages, the resources
needed to train large models are not available.
We investigate the performance of zero-shot
transfer learning with as little data as possi-
ble, and the influence of language similarity in
this process. We retrain the lexical layers of
four BERT-based models using data from two
low-resource target language varieties, while
the Transformer layers are independently fine-
tuned on a POS-tagging task in the model’s
source language. By combining the new lex-
ical layers and fine-tuned Transformer layers,
we achieve high task performance for both
target languages. With high language sim-
ilarity, 10MB of data appears sufficient to
achieve substantial monolingual transfer per-
formance. Monolingual BERT-based models
generally achieve higher downstream task per-
formance after retraining the lexical layer than
multilingual BERT, even when the target lan-
guage is included in the multilingual model.

1 Introduction

Large pre-trained language models are the domi-
nant approach for solving many tasks in natural
language processing. These models represent lin-
guistic structure on the basis of large corpora that
exist for high-resource languages, such as English.
However, for the majority of the world’s languages,
these large corpora are not available.

Past work on multilingual learning has found that
multilingual BERT (mBERT; Devlin et al. 2019a)
generalizes across languages with high zero-shot
transfer performance on a variety of tasks (Pires
et al., 2019; Wu and Dredze, 2019). However, it has
also been observed that high-resource languages
included in mBERT pre-training often have a better-
performing monolingual model, and low-resource

∗These authors contributed equally.

languages that are not included in mBERT pre-
training usually show poor performance (Nozza
et al., 2020; Wu and Dredze, 2020).

An alternative to multilingual transfer learning
is the adaptation of existing monolingual models
to other languages. Zoph et al. (2016) introduce
a method for transferring a pre-trained machine
translation model to lower-resource languages by
only fine-tuning the lexical layer. This method has
also been applied to BERT (Artetxe et al., 2020)
and GPT-2 (de Vries and Nissim, 2020). Artetxe
et al. (2020) also show that BERT models with
retrained lexical layers perform well in downstream
tasks, but comparatively high performance has only
been demonstrated for languages for which at least
400MB of data is available.

To test if this procedure is also effective for low-
to zero-resource languages, we consider two re-
gional language varieties spoken in the North of
the Netherlands, namely Gronings (Low Saxon lan-
guage variant) and West Frisian.

Figure 1: Geographical areas where Gronings (in
green) and West Frisian (in red) are spoken. Im-
age modified from https://en.wikipedia.org/

wiki/Low_German.
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Figure 1 visualizes the geographical areas where
these regional language variants are spoken. The re-
gional Low Saxon language is spoken in the north-
eastern provinces of the Netherlands and in the
North of Germany (shown in yellow). As part of
the Low Saxon language, Gronings is spoken in the
province of Groningen (highlighted in green). The
West Frisian language is spoken in the province
of Friesland (shown in red), and it is the second
official language of the Netherlands, next to Dutch.
Dutch is the national language of the Netherlands,
and it is spoken in every province of the Nether-
lands and in Flanders (North of Belgium).

For both Gronings and West Frisian limited data
is available. In addition to unlabeled data, for both
target languages we have a small collection of an-
notated part-of-speech (POS) tagging data, which
we use for evaluating zero-shot model transfer. We
use three monolingual BERT models (source lan-
guages English, German, Dutch) and mBERT to
investigate if linguistic structure can be transferred
to Gronings and West Frisian by learning new sub-
word embeddings. Our model source and target
languages are closely related West Germanic lan-
guages (Eberhard et al., 2020). In Table 1, we
show parallel sentences in Gronings, West Frisian,
Dutch, German, and English to illustrate the lexical
similarity between these languages. Additionally,
the examples show that there are some lexical and
syntactic differences.

We also evaluate to what extent the similarity be-
tween each source language of the monolingual
models and the target languages is relevant for
transferring monolingual representations, and as-

Gronings Tom is n jong en Mary is n wicht.
West Frisian Tom is in jonge en Mary is in famke.
Dutch Tom is een jongen en Mary is een meisje.
German Tom ist ein Junge und Mary ist ein Mädchen.
English Tom is a boy and Mary is a girl.

Gronings Zie haar n bloum ien heur haand.
West Frisian Se hie in blom yn har hân.
Dutch Ze had een bloem in haar hand.
German Sie hatte eine Blume in der Hand.
English She had a flower in her hand.

Gronings Dat was n poar joar leden.
West Frisian Dat wie in pear jier lyn.
Dutch Dat was een paar jaar geleden.
German Das war vor ein paar Jahren.
English That was a couple of years ago.

Table 1: Translations of three sentences in Gronings,
West Frisian, Dutch, German, and English.

sess the minimum amount of data necessary to
adapt these models.

Our pre-trained models for Gronings and West
Frisian (which did not yet exist) are released.
Additionally, our code is publicly available for
bringing language models to other low-resource
languages at https://github.com/wietsedv/

low-resource-adapt.

2 Materials

Models We use monolingual BERT-based mod-
els of the source languages, and multilingual
BERT (mBERT; Devlin et al. 2019a). Specifically,
we use BERT (Devlin et al., 2019b) for English,
German BERT (gBERT; DBMDZ 2019) for Ger-
man, and BERTje (de Vries et al., 2019) for Dutch.
Each model shares the same architecture as the
original base-sized (12 layers) BERT model of De-
vlin et al. (2019b). The lexical layer weights are
shared between the first and last layer of the model
to transform discrete tokens into distributed vector
representations and vice versa.

Each monolingual model has a vocabulary of
30K capitalized tokens, while mBERT has a vo-
cabulary of 120K tokens shared between the 104
languages it is pre-trained on. These languages
include English, German, Dutch and West Frisian,
but not Gronings. The monolingual BERT models
contain 110M parameters, with 24M being part of
the lexical embeddings. Due to its larger vocabu-
lary size, mBERT contains 180M parameters, with
92M part of the lexical embeddings.

Labeled data We use POS-annotated treebanks
from the Universal Dependencies (UD) project
(Zeman et al., 2020), corresponding to the lan-
guages of the monolingual BERT models. For En-
glish, we use GUM (6.0K sentences; 113.4K tokens)
and ParTUT (2.1K sentences; 49.6K tokens). In
addition, HDT (189.9K sentences; 3.4M tokens)
and GSD (15.6K sentences; 287.7K tokens) are
used for German. Finally, Alpino (13.6K sen-
tences; 208.5K tokens) and LassySmall (7.3K
sentences; 98.0K tokens) are used for Dutch. All
treebanks are based on various text types from a
diverse set of sources. The standard data splits
for each of the annotated treebanks are used for
training, validation and testing.

We evaluate the performance of our language
models on POS-annotated data of Gronings and
West Frisian. Manually annotated texts from the
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Klunderloa1 project are used for Gronings (3.8K
sentences, 49.0K tokens; fiction, poetry, and songs
for children). Annotations follow the UD guide-
lines. West Frisian is under development in the
UD project, and we consider all currently available
annotations (1.0K sentences, 15.9K tokens; mainly
fiction and news). For both treebanks, 25% is used
for development, and 75% is used as a test set.

Unlabeled data The new sub-word embeddings
are learned from texts written in Gronings and West
Frisian. In total, we have 43MB (8.3M tokens)
of plain text available for Gronings. These texts
are derived from the Bible, fiction and non-fiction
texts, poetry, and Low Saxon Wikipedia. The West
Frisian data collection consists of 59MB (10.8M
tokens) of plain text extracted from fiction and non-
fiction texts, and the multilingual OSCAR corpus
(Ortiz Suárez et al., 2020).

Language similarity To quantify language sim-
ilarity, we use the (lexical-phonetic) LDND mea-
sure (Wichmann et al., 2010) on the basis of the
40-item word lists from the ASJP database (Wich-
mann et al., 2010). While a syntax-based measure
may be preferred, this is not available for the in-
cluded language varieties. We use the LDND as
a proxy, given that linguistic distance measures
between different linguistic levels are correlated
(Spruit et al., 2009). Figure 2 visualizes the relative
linguistic distances between the five language vari-
eties using multidimensional scaling (MDS; Torg-
erson, 1952). If cross-lingual transfer benefits from
language similarity, we expect Gronings and West
Frisian to profit most from a monolingual Dutch
model and least from a monolingual English model,
with a German model performing in-between.

Figure 2: MDS plot with the relative positions of
English, German, Dutch, Gronings, and West Frisian
based on the ASJP-based lexical-phonetic distances.

1http://www.klunderloa.nl

Src. Gronings W. Frisian

Source orig. orig. gro. orig. fri.

EN
BERT 93.8 26.6 61.6 29.1 78.1
mBERT 93.8 64.1 84.7 87.1 88.7

DE
gBERT 93.3 25.4 85.5 22.7 89.2
mBERT 93.0 55.9 82.5 86.1 87.7

NL
BERTje 96.4 64.9 91.7 48.0 95.3
mBERT 96.6 72.4 89.3 92.2 94.7

Table 2: Accuracies for the target languages (columns)
with the original and retrained lexical layers (sub-
columns), which are averaged per source language.

3 Model Training

Our training procedure consists of two separate
fine-tuning steps. The Transformer layers in the
three monolingual BERT models and mBERT are
fine-tuned for the POS-tagging task. Independently,
new lexical layers for each BERT model are trained
for the two target languages with a masked lan-
guage modeling pre-training objective. Afterwards,
the retrained lexical layer and the fine-tuned Trans-
former layers are combined to yield a POS-tagging
model that is now adapted to the target language.
Optimal checkpoint combinations of retrained lex-
ical layers and fine-tuned Transformer layers are
based on their performance on the development
data for each target language.

POS-tagging The BERT-based models are fine-
tuned for POS-tagging with the UD datasets. The
task-specific model consists of BERT’s layers with
an additional linear classification layer that yields
predictions for each of the 16 possible POS tags.
During training, the lexical layer of BERT is frozen
such that the fine-tuned Transformer layers rely on
unchanged token representations from pre-training.

The described model is trained with the Adam
optimizer (Kingma and Ba, 2014) with β1 = 0.9,
β2 = 0.999, ε = 1e−8 and a linearly decreasing
learning rate starting at lr = 1e−5. Each model is
trained until validation loss stops decreasing.

Lexical layer retraining We retrain lexical lay-
ers for each BERT model using Gronings and West
Frisian data. First, sub-word vocabularies of 10K
tokens are created for Gronings and West Frisian
using the WordPiece method (Devlin et al., 2019b)
where each token occurs at least 100 times in the
data. This vocabulary size is chosen conservatively,
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(a) Monolingual model accuracy (BERT, gBERT and BERTje).
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(b) Multilingual model accuracy (mBERT).

Figure 3: POS-tagging accuracy for source languages (English, German and Dutch) and target languages (West
Frisian and Gronings). Light colors correspond to the accuracy with the original lexical layer and dark colors
show improvements with retrained lexical layers. Source language accuracy was averaged across the two source
language test sets. Error bars show the upper and lower test set performance for the source language.

Gronings West Frisian

1MB 5MB 10MB 20MB 40MB 43MB 1MB 5MB 10MB 20MB 40MB 59MB

EN
BERT 32.2 50.5 68.2 69.4 63.3 61.6 51.8 70.6 76.7 78.8 79.1 78.1
mBERT 25.3 75.4 84.1 84.3 84.4 84.7 72.5 88.0 88.6 89.1 89.2 88.7

DE
gBERT 39.8 83.5 85.5 85.8 85.4 85.5 76.0 87.3 87.7 88.0 88.4 89.2
mBERT 14.1 59.6 79.7 78.0 81.9 82.5 54.9 80.9 84.3 84.5 85.8 85.7

NL
BERTje 70.2 89.5 91.4 91.4 91.4 91.7 44.7 94.6 95.0 95.2 95.1 95.3
mBERT 23.8 70.0 87.6 87.6 88.5 89.3 72.2 92.7 93.9 94.4 94.5 94.8

Table 3: POS-tagging accuracy for Gronings and West Frisian with subsets of the unlabeled lexical layer retraining
data. Results are averaged per source language for each of the two source language datasets.

as we have limited data to train the lexical layer.
Preliminary experiments with 30K tokens showed
poor performance on the development data.

The Gronings and West Frisian unlabeled docu-
ments are split into sequences of 128 tokens. Then,
the models are trained with a masked language
modeling objective where 15% of the input tokens
are masked. The Adam optimizer is used with
β1 = 0.9, β2 = 0.999, ε = 1e−8 and a linearly
decreasing learning rate starting at lr = 1e−4. Af-
ter retraining, we have three (original, Gronings
and West Frisian) interchangeable lexical layers for
each base model.

4 Results and Discussion

We summarize our results in Table 2 (details per
dataset in Appendix A). The monolingual language
models perform poorly on Gronings and West
Frisian POS-tagging when the original lexical lay-
ers are used, even though Gronings is quite similar

to Dutch (see Figure 2). mBERT with its origi-
nal lexical layer achieves better results than the
monolingual models, but only West Frisian per-
formance is comparable to the source language
performance. Since West Frisian was included
in mBERT pre-training, these results suggest that
mBERT might serve languages included in pre-
training well, whereas it may be less suitable for
those not included (e.g., Gronings).

For all monolingual models, task performance
greatly improves by retraining the lexical layer for
Gronings and West Frisian (Figure 3a). Best results
are obtained by (Dutch) BERTje fine-tuned on the
Alpino dataset (92.4% for Gronings, 95.4% for
West Frisian). In contrast, (English) BERT yields
the worst performance. We find that performance
scores and the linguistic distance from Gronings
and West Frisian to the source languages (Figure 2)
strongly correlate (r = −0.85, p < 0.05). This
suggests that measures of linguistic distance can
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guide the optimal choice of monolingual models
to transfer to low-resource languages. Retrain-
ing mBERT’s lexical layer also improves perfor-
mance, especially for Gronings (Figure 3b), but
with smaller gains than for monolingual models.

To estimate how our zero-shot approach com-
pares with supervised learning, we train UDPipe
(Straka et al., 2016) with five-fold cross-validation
on the Gronings and West Frisian POS-tagging data.
UDPipe achieves an accuracy of 91.85 (σ = 0.81)
for Gronings and 90.60 (σ = 0.58) for West Frisian.
These results do not indicate out-of-domain per-
formance, since training and test data are from
the same source. Also, labeled data for Gronings
comes from a corpus with a specific target audience
(i.e. children). Therefore, these results can be seen
as an upper-bound. Our adapted models perform
on par (Gronings) or better (West Frisian) with no
need for labeled data in the target language.

Data size Our zero-shot transfer method relies
on the availability of unlabeled Gronings and West
Frisian data. Other low-resource languages may
have even smaller amounts of data available than
we have for West Frisian (59MB) and Gronings
(43MB). We therefore assess how little data is suf-
ficient for adequate performance by retraining the
lexical layer with subsets of (independently ran-
domly sampled) unlabeled data.

Table 3 shows POS-tagging accuracies for each
subset. Results are consistent across both target
languages and show that ca. 10MB of data (1.9M
tokens) is sufficient to achieve almost optimal per-
formance for the monolingual models. By contrast,
mBERT shows a steadier improvement with more
data, suggesting that it might further improve if
even more data is available than we have for Gron-
ings and West Frisian. BERT’s POS-tagging accu-
racy is very low compared to the other monolingual
models and performance decreases with more data.
These fluctuations suggest that the retrained lexical
layer fits BERT poorly and it is unclear if using
more data will impact performance positively.

5 Conclusion

We adapted three monolingual BERT models and
mBERT to two low-resource languages, Gronings
and West Frisian, by retraining the lexical layers
with new vocabularies. We found that the adaptabil-
ity of mBERT is limited, suggesting that a model
trained on a large amount of languages may not
facilitate transfer to low-resource languages. In-

stead, monolingual BERT models are transferable
to languages with very little data if the source and
target languages are relatively similar. In such case,
10MB of unlabeled data, and no task-specific la-
beled data, is sufficient to achieve high (> 90%
accuracy) downstream task performance.

Acknowledgments

We gratefully acknowledge the support of the
Dutch Research Council (NWO Aspasia grant for
M. Nissim) and the financial support of the Center
for Groningen Language and Culture (CGTC). Fi-
nally, we thank the anonymous reviewers for their
insightful feedback. Any mistakes remain our own.

References
Mikel Artetxe, Sebastian Ruder, and Dani Yogatama.

2020. On the cross-lingual transferability of mono-
lingual representations. In Proceedings of the 58th
Annual Meeting of the Association for Computa-
tional Linguistics, pages 4623–4637, Online. Asso-
ciation for Computational Linguistics.

DBMDZ. 2019. German BERT. https://github.
com/dbmdz/berts#german-bert. [Online].

Jacob Devlin, Ming-Wei Chang, Kenton Lee,
and Kristina Toutanova. 2019a. BERT-base
Multilingual cased. https://github.com/
google-research/bert/blob/master/
multilingual.md. [Online].

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019b. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 4171–4186, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

David M. Eberhard, Gary F. Simons, and Charles D.
Fennig. 2020. Ethnologue: Languages of the World.
Twenty-third edition. SIL International.

Diederik P Kingma and Jimmy Ba. 2014. Adam: A
method for stochastic optimization. arXiv preprint
arXiv:1412.6980.

Debora Nozza, Federico Bianchi, and Dirk Hovy. 2020.
What the [mask]? making sense of language-specific
BERT models. arXiv preprint arXiv:2003.02912.
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A Detailed Results

Table 4 shows results per adapted model per training dataset. Dutch POS-tagging accuracy is still relatively
high after lexical layer replacement. Similarly, Table 5 shows the POS-tagging performance with subsets
of the lexical layer retraining data per training dataset. Training on the Dutch Alpino dataset instead of
LassySmall results in consistently higher performance for both Gronings and West Frisian.

Test language: Source Gronings West Frisian

Train language: orig. gro. fri. orig. gro. orig. fri.

EN
GUM

BERT 93.5 13.5 23.5 19.7 55.4 21.0 78.8
mBERT 93.5 22.0 22.2 61.6 85.0 87.5 88.2

ParTUT
BERT 94.0 16.6 26.4 33.5 67.7 37.1 77.4
mBERT 94.0 41.3 47.6 66.6 84.3 86.7 89.2

DE
GSD

gBERT 92.6 23.3 22.4 31.3 84.2 28.4 89.3
mBERT 92.2 25.1 22.2 65.9 83.9 87.5 88.3

HDT
gBERT 94.0 28.5 26.2 19.5 86.7 16.9 89.0
mBERT 93.7 26.1 22.1 45.8 81.1 84.7 83.0

NL
Alpino

BERTje 96.0 90.8 78.1 66.7 92.4 50.0 95.4
mBERT 96.2 87.8 82.8 74.3 90.5 91.9 95.1

LassySmall
BERTje 96.8 89.6 70.3 63.0 90.9 45.9 95.1
mBERT 96.8 80.4 51.3 70.6 88.1 92.7 94.4

Table 4: Accuracy per target language variety (columns) per lexical layer (sub-columns). This is an extended
version of Table 1 in the main paper with accuracies separated by POS-tagging training dataset. This table shows
that not all datasets are equally effective for transfer to Gronings and West Frisian.

Gronings West Frisian

1MB 5MB 10MB 20MB 40MB 43MB 1MB 5MB 10MB 20MB 40MB 59MB

EN
BERT

GUM 29.2 47.8 66.1 67.1 58.9 55.4 48.0 69.5 76.6 79.8 79.4 78.5
ParTUT 37.8 55.1 70.4 72.0 67.8 85.0 53.1 70.4 75.9 78.1 77.8 88.7

mBERT
GUM 19.6 73.5 84.8 84.9 84.8 67.7 69.7 87.1 88.0 88.4 88.5 77.0
ParTUT 30.0 76.7 84.0 84.2 84.1 84.3 74.3 88.1 88.4 89.7 89.4 89.3

DE
gBERT

GSD 48.8 82.3 83.9 84.0 83.8 84.2 77.7 87.3 88.8 88.5 88.7 89.1
HDT 30.9 84.5 86.5 87.0 86.3 83.9 73.8 86.3 86.6 87.6 87.1 88.0

mBERT
GSD 24.0 74.0 82.4 82.4 82.7 86.7 71.1 87.1 87.3 88.1 88.1 89.3
HDT 03.7 44.2 75.1 72.2 79.5 81.1 34.4 72.0 79.1 78.7 81.2 83.5

NL
BERTje

Alpino 73.2 90.3 92.0 91.9 92.0 92.4 43.5 94.2 94.8 95.1 94.9 95.4
LassySmall 67.0 88.3 90.0 90.2 89.9 90.5 44.3 93.6 94.9 94.4 94.6 95.0

mBERT
Alpino 31.0 79.6 89.1 88.5 89.3 90.9 74.9 93.7 93.8 94.5 94.7 94.9
LassySmall 15.9 57.4 85.0 85.7 86.7 88.1 67.8 91.6 93.0 93.7 94.1 94.2

Table 5: POS-tagging accuracy for Gronings and West Frisian with subsets of the unlabeled lexical layer retraining
data. This is an extended version of Table 2 in the main paper with accuracies separated by POS-tagging training
dataset.
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Abstract

Usually, we train a neural system on a se-
quence of mini-batches of labeled instances.
Each mini-batch is composed of k samples,
and each sample will learn a representation
vector. MIXUP implicitly generates synthetic
samples through linearly interpolating inputs
and their corresponding labels of random sam-
ple pairs in the same mini-batch. This means
that MIXUP only generates new points on the
edges connecting every two original points in
the representation space. We observed that
the new points by the standard MIXUP cover
pretty limited regions in the entire space of
the mini-batch. In this work, we propose
BATCHMIXUP—improving the model learn-
ing by interpolating hidden states of the en-
tire mini-batch. BATCHMIXUP can gener-
ate new points scattered throughout the space
corresponding to the mini-batch. In experi-
ments, BATCHMIXUP shows superior perfor-
mance than competitive baselines in improv-
ing the performance of NLP tasks while using
different ratios of training data.

1 Introduction

The study of data augmentation techniques has
a long history in the NLP community. Typi-
cal data augmentations include synonym replace-
ment (Kobayashi, 2018), back-translation (Fadaee
et al., 2017), adding data noise (Xie et al., 2017),
etc. Mostly, these techniques are combined
with the augmentation-free models in pipeline.
MIXUP (Zhang et al., 2018) is able to augment
the data by linearly combining each two examples
by their hidden representations, keeping the whole
system trained in end-to-end.

MIXUP has shown effectiveness in a range of
NLP tasks (Sun et al., 2020). Nevertheless, it
has two drawbacks. First, MIXUP generates new
points merely and exactly on the connecting edges
of random point pairs; these new points cover

pretty limited region in the representation space
of the mini-batch. Second, the training of a system
equipped with MIXUP is considerably inefficient—
generally, MIXUP slows down the training by n
times if it generates n new points for each original
point pair. In this work, we propose BATCHMIXUP,
an improved mixup paradigm that generates new
points scattered uniformly throughout the whole
representation region of the mini-batch. Specifi-
cally, within a mini-batch, each example and its
label will first learn a representation vector respec-
tively, BATCHMIXUP then generates n new points
(including a new input representations and a new la-
bel representation) simultaneously by non-linearly
interpolating all the examples in the same mini-
batch. The new n points are expected to better
identify the space represented by the mini-batch.
Finally, the n mixed points will act as one batch to
update the model.

Our model BATCHMIXUP, as a batch-wise non-
linear MIXUP, shows advantages in two aspects.
(i) Compared with the standard MIXUP, BATCH-
MIXUP further improves the representation learn-
ing in solving downstream NLP tasks, yielding bet-
ter performance. (ii) BATCHMIXUP works much
more efficient than the conventional MIXUP and
other pair-wise mixup variants.

2 Related Work

MIXUP was originally proposed in the computer
vision community. The standard MIXUP (Zhang
et al., 2018) interpolates the raw pixels of each
two images in a mini-batch. Verma et al. (2019)
conducted interpolation in the hidden states of im-
ages. Guo et al. (2019b) discovered a limitation of
MIXUP, called “manifold intrusion”, which is the
conflict between the synthetic label of the mixed-up
points and the labels of the original examples. They
came up with “AdaMixup”, an adaptive MIXUP,
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where the mixing policies are automatically learned
from the data using an additional network and ob-
jective function designed to avoid manifold intru-
sion. Other work tried to explain the work mech-
anisms of MIXUP from different threads, such as
“MIXUP as directional adversarial training” (Ar-
chambault et al., 2019), “MIXUP training as the
complexity reduction” (Kimura, 2020)

To date, only a couple of previous studies ex-
plored the effectiveness of the standard MIXUP in
NLP. Guo et al. (2019a) tried two strategies: inter-
polating word embeddings or sentence embeddings
generated by convolutional/recurrent neural net-
works. Sun et al. (2020) incorporated MIXUP into
BERT (Devlin et al., 2019), the state of the art ar-
chitecture in NLP. To improve the standard MIXUP,
Guo (2020) added non-linearity to the MIXUP for
text classification tasks. However, that non-linear
MIXUP works on word embedding level, which is
less applicable to Transformer-style (Vaswani et al.,
2017) systems. All the work above are pair-wise
mixup, this work is the first work that interpolates
all the examples in the same mini-batch to cover
the representation space better.

3 The Base Model: MIXUP

Given a pair of samples (xi, yi) and (xj , yj) from
the original mini-batch (x: input, y: the one-hot
label), the standard MIXUP (Zhang et al., 2018)
generates a synthetic sample as follows.

x̂ij = βxi + (1− β)xj (1)

ŷij = βyi + (1− β)yj (2)

where β is a mixing scalar, sampled from a Beta(α,
α) distribution with a hyper-parameter α, for mix-
ing both the inputs and the corresponding targets.
The generated synthetic data are then fed into the
model for training to minimize the loss function.

From the same mini-batch, the standard
MIXUP will sample the β value n times so that
totally n new mixed points for a sampled input
pair will be generated sequentially. The model, as
a result, will be updated n times more than the
mixup-free model.

4 Our Model: BATCHMIXUP

BATCHMIXUP mixes all the samples in the same
mini-batch on the level of hidden states generated
by RoBERTa (Liu et al., 2019).1

1Please note that BATCHMIXUP also works for other deep
neural encoders.

To start, we first think about how the standard
text classifier works: For the labeled input (xi, yi),
first RoBERTa (optionally with a multilayer per-
ceptron block) generates a representation for xi
(“v(xi) ∈ Rd”), then v(xi) is fed to a logistic re-
gression (LR) layer to classify to yi. The LR layer
has a weight matrix W ∈ Rc×d where c is the class
size and d is the dimension size of representations.
Each row in W , i.e., wi ∈ Rd, can be treated as the
representation vector of the class yi. So, LR essen-
tially uses the dot-product to derive the matching
score (si ∈ R) between the input xi and the label
yi: si = (v(xi))

T · wi.
For the same mini-batch of inputs {v(xi)} and

labels {wi}, BATCHMIXUP deploys the same mix-
ing policy to interpolate the {v(xi)} and {wi}.

We denote the whole batch of input representa-
tions {v(xi)} as X ∈ Rd×b where b is the batch
size and the whole mixing policy for this batch is
M ∈ Rn×d×b. To generate a single mixed point
x̂i ∈ Rd, the BATCHMIXUP uses the following
mixing policy M[i] ∈ Rd×b (i = 1, · · · , n) on
X , where each element ofM[i] is independently
sampled from a Beta(α, α) distribution:

x̂i =
∑

axis=1

(softmax(M[i]) ◦ X ) (3)

where ◦ is the Hadamard product. Equation 3
can be performed for all i values in [1,n] simul-
taneously; this means the original batch input X
is transformed into a new batch of mixed input
X̂ ∈ Rn×d.

Similarly, the same mixing policyM is applied
to the batch of label representations, denoted as
Y ∈ Rd×b (Y = {wi}):

ŷi =
∑

axis=1

(softmax(M[i]) ◦ Y) (4)

Each (x̂i, ŷi) (i = 1, · · · , n) is a newly mixed
point. All {(x̂i, ŷi)} can be generated in parallel
and are scattered throughout the space represented
by X .

For training, we minimize the negative-dot-
product loss between the mixed input and the mixed
label. In testing, an input xi still compares with all
classes {yi} by dot-product between v(xi) and all
{wi} to find the best class.

5 Experiments

In experiments, we check the effectiveness of our
approach in NLP tasks with two settings: one is
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#training data entailment relation intent

100%

RoBERTa-large 80.91±1.47 87.24±1.52 93.77±0.44
w/ MIXUP 82.03±1.69 87.91±0.34 93.41±1.24
w/ Nonlinear Mixup 82.98±1.17 88.41±0.73 94.29±1.01
w/ BATCHMIXUP 83.56±0.90 90.04±0.33 94.94±0.20

75%

RoBERTa-large 80.07±1.27 87.49±0.31 90.31±1.11
w/ MIXUP 80.53±1.31 87.87±0.12 92.44±1.98
w/ Nonlinear Mixup 80.90±0.39 87.66±0.81 93.00±1.84
w/ BATCHMIXUP 82.00±0.91 88.41±0.54 93.55±1.58

50%

RoBERTa-large 77.50±0.82 82.83±4.92 85.11±2.88
w/ MIXUP 75.19±6.07 87.00±0.18 87.09±2.06
w/ Nonlinear Mixup 77.66±1.90 87.79±0.29 88.13±2.92
w/ BATCHMIXUP 79.47±2.07 88.29±0.22 90.13±2.20

25%

RoBERTa-large 70.92±4.04 78.95±0.33 80.95±2.22
w/ MIXUP 71.70±5.66 82.02±0.59 84.95±1.19
w/ Nonlinear Mixup 72.14±4.27 83.71±0.12 85.44±2.02
w/ BATCHMIXUP 74.36±2.82 86.66±0.26 87.71±1.38

1%

RoBERTa-large 50.41±0.29 3.41±0.74 42.21±5.54
w/ MIXUP 51.74±0.84 49.93±2.71 50.21±3.21
w/ Nonlinear Mixup 51.41±0.43 55.29±4.78 52.21±1.49
w/ BATCHMIXUP 51.46±1.43 60.29±2.18 55.21±1.77

random or majority baseline 50.16 1.31 1.29

Table 1: Experimental results on three NLP tasks: textual entailment (RTE (Dagan et al., 2005; Wang et al., 2019)),
relation classification (FewRel (Han et al., 2018)) and intent classification (BANKING77 (Casanueva et al., 2020)).
We decrease the size of training data from 100% to 1% with random sampling. All numbers are averaged over
three random seeds.

full-shot setting that trains on the regular full train-
ing data; the other is few-shot setting that train with
limited training data. Unfortunately, prior work
about mixup never evaluated on few-shot scenar-
ios.

Tasks. We evaluate on the following three tasks.
• Textual Entailment. Textual entailment is a

task that figures out the truth value of a hypothesis
sentence given a premise sentence (Dagan et al.,
2005). This is a binary classification (“entailment”
or “non-entailment”) problem where the input is
a sentence pair. We use the GLUE RTE (Wang
et al., 2019) benchmark which has 2,490/277/2,999
examples in train/dev/test. The smaller size of this
dataset (compared MNLI (Williams et al., 2018)
for example) makes it a good testbed for data aug-
mentation techniques.

• Relation Classification. FewRel (Han et al.,
2018) is a large-scale relation classification dataset.
It has 100 relation types, each with 700 labeled
examples. The original FewRel relation set was
split by 64/16/20 for developing meta-learning tech-
niques which only allow a test instance to search

for its relation type within the 20 candidates. This
is not a practical setting because (i) in relation de-
tection, an input should search for a label in the
entire space of defined relations, (ii) we should al-
ways define a ”None” type in this problem because
most span pairs in the input actually do not have
a relation. Since the test relations of FewRel is
not publicly available, we use the 64+16=80 rela-
tions as the entire relation set, in which 5 relations
are treated ”None” (So, basically this is a regular
“75+None” setting).

• Intent Classification (“intent”). We use
the benchmark BANKING772 (Casanueva et al.,
2020), which is single-domain intent detection
dataset comprising 13,083 annotated examples over
77 intents (average: 170 examples per intent). Each
intent class is described by a short name, such as
“get physical card”, “lost or stolen card”, etc.

Baselines. The augmentation-free system we use
for above tasks consists of a RoBERTa3 encoder

2https://github.com/PolyAI-LDN/
task-specific-datasets

3We used the pretrained “RoBERTa-large”
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(b) Hyperplane after training w/o mixup; it cannot
distinguish the two classes clearly.
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(c) Hyperplane after training w/ BATCHMIXUP, it
separates the two classes very well

Figure 1: Visualization analysis

and a final logistic regression layer. Based on this
RoBERTa system, we compare our system BATCH-
MIXUP with (i) the standard MIXUP (Zhang
et al., 2018; Sun et al., 2020), and (ii) non-linear
MIXUP (Guo, 2020). Both baselines conduct data
interpolation in the hidden states output by the
RoBERTa.

All systems are implemented through the Hug-
gingface’s Transformers package.4

4https://github.com/huggingface/

Results and Analysis. Table 1 lists the
main results. We notice that our approach
RoBERTa+BATCHMIXUP consistently outper-
forms the baselines MIXUP and non-linear
MIXUP. In “1% entailment”, none of systems
really worked—all system results are around
the majority baseline. This is because that the
RTE task is very challenging with over limited
annotations. With 2.5K × 1%=25 labeled
examples, the “RoBETTa” cannot learn any
useful representations. This is in line with the
observations in (Yin et al., 2020) which showed
that few-shot RTE (when k ∈ {1, 3, 5, 10}) will
make RoBERTa fail. So, we conclude that when a
system is close to random guess, adding mixup is
not helpful. In this situation, maybe using other
conventional data augmentation skills makes more
sense as the representation learning of synthetic
data and that of the original data are decoupled.

To further study how BATCHMIXUP works, we
simulate the classification process with a toy experi-
ment: we generate a large amount of 2-dimensional
data in Gaussian distributions for two classes (Fig-
ure 1(a)), and randomly sample 5 examples for each
class to conduct 5-shot classification. We used a
MLP as the classifier, trained 100 epochs. Compar-
ing the final hyperplane of training with BATCH-
MIXUP with that of training without MIXUP, we
can observe that BATCHMIXUP can improve the
training considerably.

Last but not least, the training of same epochs for
“w/ MIXUP”, “w/ Nonlinear MIXUP” takes much
longer than our system “w/ BATCHMIXUP”. For
example, when all systems separately run on a GPU
Tesla V100, our system BATCHMIXUP and the
baseline “RoBERTa-large” both take about 1.5min
to finish one epoch on RTE, but “w/ MIXUP” and
“w/ Nonlinear MIXUP” will take ∼20mins if β is
sampled 15 times per point pair.

6 Conclusion

In this work, we proposed a novel MIXUP model,
named BATCHMIXUP, to improve the text classi-
fier. Different with prior MIXUP variants, which
always interpolate random two points, our system
interpolates all the hidden states in the mini-batch.
The mixed points by our system are able to better
cover the space expressed by the minibatch. The
experiments and visualization analysis both show
the effectiveness of our model BATCHMIXUP.

transformers
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Abstract

Natural language inference (NLI) is formu-
lated as a unified framework for solving vari-
ous NLP problems such as relation extraction,
question answering, summarization, etc. It has
been studied intensively in the past few years
thanks to the availability of large-scale labeled
datasets. However, most existing studies fo-
cus on merely sentence-level inference, which
limits the scope of NLI’s application in down-
stream NLP problems. This work presents
DOCNLI — a newly-constructed large-scale
dataset for document-level NLI. DOCNLI is
transformed from a broad range of NLP prob-
lems and covers multiple genres of text. The
premises always stay in the document granu-
larity, whereas the hypotheses vary in length
from single sentences to passages with hun-
dreds of words. Additionally, DOCNLI has
pretty limited artifacts1 which unfortunately
widely exist in some popular sentence-level
NLI datasets. Our experiments demonstrate
that, even without fine-tuning, a model pre-
trained on DOCNLI shows promising perfor-
mance on popular sentence-level benchmarks,
and generalizes well to out-of-domain NLP
tasks that rely on inference at document gran-
ularity. Task-specific fine-tuning can bring fur-
ther improvements. Data, code and pretrained
models can be found at https://github.

com/salesforce/DocNLI.

1 Introduction

A fundamental challenge of natural language pro-
cessing (NLP) lies in the variability of semantic
expression, where the same meaning can be con-
veyed by, or inferred from, different pieces of text
(Dagan et al., 2009). This phenomenon gives rise
to the many-to-many mapping between textual ex-
pressions and meanings. Many NLP problems,

1NLI “artifacts” are some label-specific biases (often) in
the hypotheses; they can indicate which NLI class a hypothesis
belongs to even without looking at the premise.

such as information extraction, question answering,
document summarization and machine translation,
desire a system for this variability phenomenon
so as to figure out that a particular meaning can
be inferred from distinct text strings (Dagan et al.,
2009). Natural language inference (a.k.a textual
entailment (Dagan et al., 2005)) acts as a unified
framework to study those NLP problems by cast-
ing the background text as a premise and the text
of target meaning as a hypothesis. Then, a good
NLI recognizer can be considerably translated to a
well-performing system regarding respective NLP
tasks.

NLI was first studied in (Dagan et al., 2005).
Research in the early stages was mostly driven
by the PASCAL Recognizing Textual Entailment
(RTE) challenges which are annual competitions
with benchmark datasets released. In the past few
years, the study of NLI has moved forward rapidly
along with the construction of large-scale datasets,
such as SNLI (Bowman et al., 2015), the science
domain SciTail (Khot et al., 2018) and multi-genre
MNLI (Williams et al., 2018), etc.

However, some NLI datasets may not be suitable
any more for solving downstream NLP problems
since they were commonly crowdsourced in iso-
lation from any end task 2 (Khot et al., 2018). In
addition, most NLI datasets and studies paid at-
tention merely to sentence-level inference — both
the premises and hypotheses are single (and usu-
ally short) sentences. This makes them unsuitable
for other open-ended NLP problems. For exam-
ple, to verify the factual correctness of a document
summary, sentence-level NLI systems cannot be of
much help (Kryściński et al., 2019). Considering
the fact-checking task FEVER (Thorne et al., 2018)
as another example, in order to figure out the truth
value of a claim against a Wikipedia article, NLI

2Except for RTE and SciTail
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has to be done on individual sentences instead of
using the whole article as the premise. In short,
some NLP tasks require the reasoning of NLI to go
beyond the sentence granularity, regarding both the
premise and the hypothesis.

In this work, we introduce DOCNLI, a large-
scale dataset for document-level NLI. It is con-
structed by reformatting some mainstream NLP
tasks, including question answering and document
summarization, and integrating existing NLI in
which the premises may be longer than single sen-
tences. DOCNLI has the following characteristics:

• DOCNLI is highly related with end NLP tasks.
A well-performing system to DOCNLI is ex-
pected to throw light on addressing other NLP
challenges.

• Premises always have more than one sentence;
the majority are natural documents such as news
articles. Hypotheses cover a variety of lengths,
ranging from a single sentence to a document
with hundreds of words. By this setting, we
hope the systems can learn to deal with future
applications that need to infer the truth value of
a piece of text regardless of its length.

• In contrast to some existing sentence-level NLI
datasets, DOCNLI has pretty limited artifacts.
We present a novel approach to disconnect the
potential artifacts with the NLI task itself; a
“hypothesis-only” baseline has difficulties in dis-
covering some spurious correlations.

In experiments, we will show that a RoBERTa
(Liu et al., 2019) system pre-trained on DOC-
NLI demonstrates promising performance on con-
ventional sentence-level NLI benchmarks such
as MNLI and SciTail, and generalizes well to
out-of-domain NLP tasks (e.g., fact-checking and
multi-choice question answering) that necessi-
tate document-level inference. Task-specific fine-
tuning can further improve the performance and
achieve new state of the art for some end tasks.

2 Related Work

To our knowledge, document-level NLI has at-
tracted very little ink in the community, possibly
because of the lack of labeled datasets. In this sec-
tion, we mainly describe some prior NLI datasets
that share some spirits with our DOCNLI.

End-task driven. As mentioned in Section 1,
the RTE series were driven by downstream NLP

tasks such as information retrieval, information
extraction, question answering, and summariza-
tion. MCTest (Richardson et al., 2013) is a ques-
tion answering task in which a paragraph is given
as background knowledge, then each question is
paired with a positive answer and some negative
answers. The MCTest benchmark released an NLI
version of this corpus by treating the whole para-
graph as a premise and combining the question and
answer candidates as hypotheses. SciTail (Khot
et al., 2018) is also derived from the end QA task
of answering multiple-choice school-level science
questions. Unlike MCTest, the premises in SciTail
are single sentences selected by an information re-
trieval approach. By casting an end NLP task as
NLI, a good NLI recognizer therefore can be di-
rectly turned into a well-performing system for that
NLP task. This can be even more attractive if we
can learn a generalizable NLI system to solve some
NLP problems that have limited annotations.

Going beyond the sentence granularity. The
premises in MCTest are paragraphs, but MCTest
has pretty limited size. Demszky et al. (2018)
tried to convert the question answering benchmark
SQuAD (Rajpurkar et al., 2016) into an NLI for-
mat by treating the paragraph as a premise and
using a neural network to generate a hypothesis
sentence given the question and answer span as in-
puts. Kryściński et al. (2019) created a (document,
sentence) pair data “FactCC” to train a classifier for
checking the factual correctness of single sentences
in automatically generated summaries. FactCC is
specific to the target summarization benchmark
dataset, so it is unclear how well FactCC can gen-
eralize to other summarization benchmarks and
other NLP problems. In addition, only single sen-
tences act as hypotheses. Nevertheless, that litera-
ture exactly showed that document-level NLI, espe-
cially the inference of document-level hypotheses,
is highly desirable. ANLI (Nie et al., 2020) also
gather multi-sentence as premises. However, the
sentence sizes in ANLI premises are pretty limited
and the hypotheses in ANLI are single sentences
consistently.

To our knowledge, our DOCNLI is the first
dataset that uses hypotheses longer than single sen-
tences, and stays closely with end NLP tasks.

3 Data Creation

What kind of document-level NLI dataset is pre-
ferred? (i) We want the premise is a paragraph or
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original task domain premise length hypothesis length

ANLI NLI
various multi-sentence single sentence

(wiki, news, etc.) (20∼94 words) (4∼18 words)

SQuAD QA wiki
paragraph single sentence

(27∼237 words) (6∼22 words)
DUC

summarization news
doc. multi-sent

(2001) (124∼879 words) (80 ∼100 words)
CNN/Daily

summarization news
doc. 3∼4 sent.

Mail (247∼652 words) (40∼50 words)

Curation summarization news
doc. multi-sent

(229∼842 words) (64∼279 words)

Table 1: Data resources that are reformatted into DOCNLI.

even a document, and the hypotheses cover a large
range of granularity: from a single sentence to a
longer paragraph (e.g., 250 words); (ii) Diverse do-
mains; (iii) No severe artifacts; for example, we do
not include the hypotheses that can be easily found
“grammatically incorrect” by well-trained language
models such as BERT (Devlin et al., 2019).

3.1 Data Preprocessing

Table 1 lists all the resources that we use to create
DOCNLI. Briefly, DOCNLI combines and refor-
mats five existing NLP benchmarks: adversarial
NLI (ANLI) (Nie et al., 2020), the question answer-
ing benchmark SQuAD (Rajpurkar et al., 2016)
and three summarization benchmarks (DUC20013,
CNN/DailyMail (Nallapati et al., 2016), and Cu-
ration4 (Curation, 2020)). Next, we describe how
each data resource is integrated into DOCNLI.

ANLI to DOCNLI. ANLI is a large-scale NLI
dataset collected via an iterative, adversarial
human-and-model-in-the-loop procedure. In each
round, the best-performing model from the previ-
ous round is selected and then human annotators
are asked to write “hard” examples that this model
misclassifies. They always choose multi-sentence
paragraphs as premises and write single sentences
as hypotheses. Then a part of those “hard” exam-
ples join the training set so as to learn a stronger
model for the next round. The remaining “hard”
examples act as dev/test sets correspondingly. To-
tally three rounds were accomplished for ANLI
construction. In the end, ANLI has train/dev/test

3https://www-nlpir.nist.gov/projects/
duc/guidelines/2001.html

4https://github.com/CurationCorp/
curation-corpus

sizes as 162,865/3200/3200 with three classes “en-
tail”, “neutral” and “contradict”.

We keep premise-hypothesis pairs in ANLI un-
changed, but unify the two classes “neutral” and
“contradict” into a new class “not entail”.

SQuAD to DOCNLI. SQuAD is a QA dataset in
which a multi-sentence paragraph is accompanied
by a couple of questions; each question has a text
span from the paragraph as its answer. Demszky
et al. (2018) converted SQuAD into NLI format by
reformatting the question-answer pairs into declar-
ative sentences (QA2D) by neural networks. The
resulting sentences containing correct (resp. incor-
rect) answers are entailed (resp. not entail) by the
paragraph. Human evaluation was conducted to
make sure those declarative sentences have high
quality on three criteria: grammaticality, natural-
ness, and completeness. In addition, Demszky et al.
(2018) replicated some statistical analyses showing
that this QA2D dataset does not have clear artifacts
as SNLI or MNLI. In this work, we directly use
this QA2D dataset and re-split it into train/dev/test
by 50k/7,236/8,275.

Summarization to DOCNLI. Here we intro-
duce the basics of the three summarization datasets
(DUC2001, CNN/DailyMail and Curation), and
explain how we convert them into DOCNLI in a
unified approach.

• The DUC series are some of the earliest
benchmarks for studying automatic document sum-
marization. DUC2001 is on generic, single-
document summarization in the news domain.
There are totally 600 documents along with human-
written reference summaries of approximately 100
words. We split those document-summary pairs
into train/dev/test by size of 400/50/150.
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Petrofac shares surged on Wednesday following reports that the Serious Fraud Office has abandoned a criminal
investigation into three businessmen who were accused of paying brides in the energy industry. The SFO had
been probing claims that Unaoil - a Monaco-based consultancy that worked with Petrofac, primarily in Kazakhstan
between 2002 and 2009 - had paid multimillion pound brides to land contracts in the oil and gas industry.
But The Guardian cited sources earlier as saying that the SFO has dropped the investigation into the trio.
Compliance industry newsletter MLex was the first to report the news, saying on Tuesday that the probe had been
halted after three years. The SFO launched an investigation into Petrofac in May 2017 as part of a wider probe
into Unaoil. In February 2019, David Lufkin, Petrofac’s former global head of sales, pleaded guilty to 11 counts of
bribery linked to contracts worth more than $730m in Iraq and $3.5bn in Saudi Arabia. SFO spokesman Adam
Lilley said the Unaoil investigation ”remains active and is ongoing”. “We do not comment on ongoing
investigations,” he said. [· · ·]

real
summ.

The Serious Fraud Office has reportedly dropped a criminal investigation into three businessmen who had been
accused of conspiring to make corrupt payments to secure contracts in Iraq. The SFO launched an investigation
into Petrofac in May 2017 as part of a wider probe into Monaco-based oil consultancy Unaoil.

fa
ke

su
m

m
ar

ie
s

word
repl.

The Serious financial Office has reportedly launched a criminal investigation into three businessmen who had
been accused of conspiring to make corrupt payments to oil contracts in Iraq. The SFO launched an investigation
into corruption in May 2017 as part of a wider investigation into Monaco-based financial consultancy firms.

entity
repl.

Unaoil has reportedly dropped a criminal investigation into three businessmen who had been accused of conspiring
to make corrupt payments to secure contracts in Monaco . The SFO launched an investigation into Monaco in
May 2017 as part of a wider probe into Petrofac-based oil consultancy The Serious Fraud Office.

sent
repl.

The Serious Fraud Office has reportedly dropped a criminal investigation into three businessmen who had been
accused of conspiring to make corrupt payments to secure contracts in Iraq. A spokesman for the SFO said it was
“unable to confirm or deny” that an inquiry had taken place.

Table 2: An example of the Curation summarization dataset shows the original document, and the real summary
written by humans. We used “word replacement”, “entity replacement” and “sentence replacement” to form three
types of “fake” summaries against the document. Texts in red are substitutes.

• CNN/DailyMail was gathered from news ar-
ticles in CNN and Daily Mail websites; each
article is paired with 3 to 4 sentences of ab-
stractive summary bullets generated by humans.
CNN/DailyMail has 286,817/13,368/11,487 article-
summary pairs in train/dev/test. The source articles
in the training set have 766 words spanning 29.74
sentences on average while the summaries consist
of averagely 3.72 sentences.

• Curation is a recent summarization dataset
with 40,000 professionally-written summaries of
news articles. We split it into train/dev/test as
20K/7K/13K.

All three summarization datasets align the docu-
ments with the human-written reference summaries.
This enables us to obtain “entail” pairs of (docu-
ment, reference summary). The remaining chal-
lenge lies in how to generate “not entail” pairs.

We adopt three types of manipulations on the
“reference” (also referred as “real”) summaries.

• Word replacement. We mask eight words
whose part-of-speech tags are among {“VERB”,
“NOUN”, “PROPN”, “NUM”} by spaCy toolkit5,
then use BERT to predict them. The most likely
predicted word is used to replace a masked one.
After word replacements, the resulting text is our
“fake” summary.

• Entity replacement. We use spaCy for named

5https://spacy.io

entity recognition (NER). For an entity which is
the only one of a specific NER type in the real sum-
mary, we search for a different entity with the same
type from the document to replace it; otherwise,
it will be replaced by the entity of the same type
in the real summary. We do this operation for five
entities. We skip entity-level manipulation for the
instances that have fewer than five detected entities.
After entity replacement, we get a “fake” summary.

• Sentence replacement. From the real summary,
we randomly select a sentence, then forward its left
context to CTRL (Keskar et al., 2019), a state-of-
the-art controllable text generator, to generate a
new sentence which is used to replace the selected
sentence. This operation generates a new “fake”
summary.

Table 2 illustrates a (document, real summary)
pair in the Curation dataset, and the three types of
“fake” summaries we generated.

3.2 Mitigating Artifacts in DOCNLI

In Section 3.1, we transformed these NLI, QA and
summarization datasets to satisfy the format of
DOCNLI. We refer this resulting dataset as raw-
DOCNLI. In consideration of the common arti-
facts in some popular sentence-level NLI bench-
marks (Gururangan et al., 2018; Poliak et al., 2018;
Tsuchiya, 2018), we tried a “hypothesis-only” base-
line based on RoBERTa on this raw-DOCNLI. Sur-
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entail not entail

D
O

C
N

L
I

raw
DOCNLI

ANLI ANLI
SQuAD SQuAD
{(D, R)} {(D, Fi)}

added pairs {(F+
i , Fi)} {(Fi, R)}

Table 3: D: a document in summarization benchmarks;
R: a real summary; Fi: a fake summary derived fromR
(i=1· · · n); F+

i : Using CTRL to insert a generated sen-
tence between a random pair of consecutive sentences
in the Fi, in a way similar to what we described as “sen-
tence replacement” in Section 3.1. DOCNLI’s train-
ing set is the combination of raw-DOCNLI and those
added pairs; DOCNLI’s dev and test sets do not have
trivial pairs {(F+

i , Fi)}.

prisingly, this baseline indeed obtains non-trivial
performance. This means that RoBERTa can still
learn some label-specific biases from the hypothe-
ses, even though we have tried hard to make the
“fake” summaries coherent and natural.

Nevertheless, this does not mean we have failed
to build a robust DOCNLI dataset. The surpris-
ing behavior of “hypothesis-only” in raw-DOCNLI
indicates that the BERT classifier can easily rec-
ognize the summary is “real vs. fake”, but “real
vs. fake” is not the same concept as “entail vs.
not entail” defined in the NLI framework. This
is because a “fake” one can still be “entail”-ed if
the premise has proper information; and a “real”
one can also be “not entail” if the premise does not
contain necessary clues for inferring it.

For convenience, we use D as a document, R
as the real summary, and {F1, F2, · · ·, Fn} as the
n fake summaries derived from R. To ensure the
model can learn exactly what “entail vs. not entail”
is rather than be misled by the manipulations that
yield those “fake” text pieces, as Table 3 demon-
strates, we prepare the following pairs to extend
the raw-DOCNLI and get our final DOCNLI:

• Adding pairs (F+
i , Fi), i = 1, · · · , n, for class

“entail”. Here F+
i has one more sentence than

Fi, inserted by CTRL, as described in “sentence
replacement” in Section 3.1 (here we do insertion
rather than replacement). The goal is to let the
system know that a fake summary can also be a
positive hypothesis in NLI, if its premise covers
necessary information.

• Adding a single pair (Fi, R) for class
“not entail”. This means the original real sum-
mary can also be a negative hypothesis if

train dev test
entail. 466,653 28,890 33,128
not entail 475,661 205,368 233,958
sum 942,314 234,258 267,086

Table 4: Data sizes of DOCNLI.
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Figure 1: #premise vs. #words in DOCNLI

it includes mis-matching information with its
premise. Fi is randomly chosen from the set
{F1, · · ·, Fn}.
By adding above two sorts of pairs, we want

to disconnect the concept of “real vs. fake” from
“entail vs. not entail”, letting the system learn the
essence of NLI. Both the “real” and “fake” sum-
maries have the same number of instances of being
“entail” and “not entail” in the extended dataset.

It is worth mentioning that since the instances
“(F+

i , Fi)→ entail” are very trivial to be recognized,
we add them in the training set only.

Table 4 lists the sizes of DOCNLI for
train/dev/test in each class. The training set is
roughly balanced, while approximately 12% ex-
amples in dev and test belong to “entail”. F1 is the
evaluation metric.

Figures 1-2 illustrate the length distributions of
premises and hypotheses in DOCNLI. Because the
majority of hypotheses have fewer than 150 words,
and real/fake summaries also act as premises in
DOCNLI, as reported in Table 3, therefore, the
majority of premises stay within the length limit
of 150 words, shown in Figure 1. Still, there are a
large amount of premises whose lengths are within
the range of [150, 900] words.

3.3 Human Verification
DOCNLI covers examples derived from ANLI,
SQuAD and three summarization datasets. Here,
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Figure 2: #hypothesis vs. #words in DOCNLI. The hy-
potheses in our new data DOCNLI are mostly longer
than single sentences; this is one key difference with
some related datasets.

we only conduct human verification for the pairs
derived from summarization, especially for those
“fake” summaries, to get some clues to answer two
questions: (i) Are those “fake” summaries indeed
incorrect given the original document? (ii) Do
those “fake” summaries look natural? By “natural”
we mean the text should have no major grammar
errors, and no unrelated text spans that make the
whole text piece look over uncoordinated.

The authors of this work manually checked 200
random “fake” examples, among which none is true
given the same document as the “real” summary.
This is mainly because we replaced relatively a lot
from the original real summaries.

However, some minor grammar issues inevitably
exist. Take the following text piece as an example:

“WeWork Companies LLC (replace: “We-
Work”) has announced plans to hold a conference
call on 2025 for holders of its 7.875% Senior Notes
due 26 August to discuss its Notes (replace: “Q2”)
results. Securities analysts and market-making
financial institutions can also register for access.
The call is scheduled for 12:00 P.M. (replace:

“noon Eastern Time”).”

This example has five entities that are substi-
tutes, all underlined. If a substitute comes from
the premise document, we use “(replace: XX)” to
denote the entity that was there. The two entities
(NER type “date”), in red, replaced each other:
“2025” and “26 August”, which makes the new text
“[· · ·] on 2025 [· · ·]” grammatically incorrect.

500 600 700 800 900 1000 1100 1200 1300
#tokens in premise-hypothesis pairs

0.0

0.1

0.2

0.3

0.4

0.5

0.6

F1

Figure 3: Longformer F1 vs. #tokens in DOCNLI dev
set.

dev test
Random 19.75 19.91
Hypothesis-only 21.89 22.02
Longformer-base 56.11 54.37
Roberta-large 64.06 61.52

Table 5: F1 scores on DOCNLI.

4 Experiments

We study three questions. (Q1) How challeng-
ing is DOCNLI (especially with regard to differ-
ent lengths of hypotheses)? (Q2) Out-of-domain
evaluation, in which we train a system given
DOCNLI and test it on downstream NLP tasks
that are not covered by the source tasks in DOC-
NLI construction. (Q3) Could a system trained on
DOCNLI work well on sentence-level NLI?

4.1 The DOCNLI task is challenging

The state-of-the-art systems on sentence-level
NLI problems are largely based on transformers
(Vaswani et al., 2017), such as BERT, RoBERTa
(Liu et al., 2019), etc. However, they can only
handle maximal 512 tokens preprocessed by the
WordPiece tokenizer (Wu et al., 2016). This is an
issue to build an effective document-level NLI ma-
chine. Therefore, for the main experiments, we
also report Longformer (Beltagy et al., 2020) – a
RoBERTa variant that can handle up to 4096 tokens.
Longformer has two versions, one is “Longformer-
base”, the other is “Longformer-large”. We cur-
rently only report “Longformer-base” due to mem-
ory constraints.

To answer the question (Q1), we compare the
following systems (we can include more baselines,
but most popular approaches either are too weak or
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Figure 4: Fine-grained F1 scores for different lengths of DOCNLI pairs or hypotheses alone.

can only handle short piece of texts):
• Hypothesis-only. We train RoBERTa on hy-

potheses only.
• RoBERTa-large. Although we claimed that

RoBERTa may not be a good platform to learn
DOCNLI, here we report it just for reference. Max-
imal token limit: 512 tokens.

• Longformer-base. We use the released Long-
former library6 by (Beltagy et al., 2020), training
it on the full training set of DOCNLI, with length
limit of 1.3K tokens, batch size 1 per GPU, and
learning rate 5e-6.

All systems are trained for 5 epochs, and report
the best model tuned on dev set. Table 5 lists the F1
results of all systems on DOCNLI. We notice that
“hypothesis-only” is just slightly higher than ran-
dom guess, and is much lower than the “RoBERTa-
large” system which takes both premises and hy-
potheses as input: 22.02 vs. 61.52 on test. Sur-
prisingly, “Longformer”’s performance is clearly
below that of the RoBERTa, even if it covers more
tokens, possibly because we do not have enough
computing resources to fully explore the better set-
tings of Longformer. Figure 3 illustrates the im-
pact of taking different numbers of tokens in Long-
former, evaluated on dev set. In general, the more
tokens the better performance.

We further look at the fine-grained F1 reports
on the various lengths of premise-hypothesis pairs
and hypotheses alone. Figure 4(a) shows that the
system performance for pairs of lengths > 450
does not change clearly. This is probably due to
those models’ truncation when the (premise, hy-

6https://github.com/allenai/longformer

pothesis) pairs are overlong (note that one word
may be split into multiple tokens by the WordPiece
tokenizer). Figure 4(b) demonstrates that the task
gets increasingly challenging when the hypotheses
become longer, which matches our intuition.

Overall, DOCNLI is a very challenging task that
seeks solutions equipped with a stronger capability
of representation learning.

4.2 Applying DOCNLI to end NLP tasks
To answer the question (Q2), we play DOCNLI to
see if it can help downstream NLP tasks. As DOC-
NLI is derived from summarization and QA al-
ready, we do not consider these two types of NLP
tasks any more (since improvements on them are
not surprising), especially when their domains are
covered in DOCNLI. In addition, we have to ex-
plore tasks that have NLI-format data available —
converting an open NLP task to NLI format is not
trivial and is beyond the scope of this work. There-
fore, we consider the following two NLP tasks:

FEVER (Thorne et al., 2018). FEVER is a
benchmark dataset for fact-checking. Given an
declarative sentence (aka. “claim”), the task
searches for textual evidences from Wikipedia arti-
cles and then decide the truth value of this sentence
(i.e., support / refute / not-enough-info).

We use the NLI-version of FEVER, released by
(Nie et al., 2019): claims are hypotheses; premises
corresponding to “support” or “refute’ claims con-
sist of ground truth textual evidence and some
other randomly sampled evidence; premises for
“not-enough-info” claims are the concatenation
of all selected evidential sentences by a previ-
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FEVER MCTest
binary v160 v500

random 50.00 25.00 25.00

pr
et

ra
in MNLI 86.64 75.41 70.66

ANLI 87.51 82.50 78.66
DOCNLI 88.84 90.00 85.83

+finetune 89.44 90.83 90.66
Prior state-of-the-art – 80.00 75.50

Table 6: Train on DOCNLI, test on NLP tasks that are
out-of-domain and require document-level NLI. SOTA
of MCTest comes from (Yu et al., 2019).

ous SOTA fact-checking system. We combine
“refute” and “not-enough-info” as a single class
“not entail”, and rename this data as “FEVER-
binary”. We randomly split FEVER-binary by
203,152/8,209/10,000 for train/dev/test respec-
tively.7

MCTest (Richardson et al., 2013). In Related
Work, we have introduced MCTest. Briefly, it is
a multi-choice QA benchmark in the domain of
fictional story. The authors of MCTest released
an NLI-version MCTest by combining the question
and the positive (resp. negative) answer candidate
as a positive (resp. negative) hypothesis.

MCTest consists of two subsets. MCTest-160
contains 160 items (70 train, 30 dev, 60 test), each
consisting of a document, four questions followed
by one correct answer and three incorrect answers
and MCTest-500 500 items (300 train, 50 dev, 150
test). MCTest has pretty limited labeled data; thus,
it is a good testbed to investigate DOCNLI in
studying annotation-scarce tasks. The MCTest has
two official metrics: accuracy and NDCG (Normal-
ized Discounted Cumulative Gain). Here we only
report accuracy.

In this section, we still use RoBERTa-large and
compare our DOCNLI with a latest NLI dataset
ANLI in which the premises are longer than sin-
gle sentences, and MNLI, the most widely-used
sentence-level NLI dataset. For each data set (i.e.,
MNLI, ANLI or DOCNLI), we try two settings: (i)
Using the data for pre-training, then do inference
on FEVER-binary or MCTest directly without task-
specific fine-tuning; (ii) First pre-training on the
data, then fine-tune on FEVER-binary or MCTest.

In Table 6, DOCNLI can consistently general-
ize better than ANLI and MNLI on the two NLP

7Please note that this data released by (Thorne et al., 2018)
is different from the one used in FEVER leaderboard.

SciTail b-MNLI
majority 60.33 66.66
ESIM (Chen et al., 2017) 70.60 –
De-Att (Parikh et al., 2016) 72.30 –
DGEM (Khot et al., 2018) 77.30 –
BERT-large 89.71 90.55
Longformer-base 92.23 92.03
RoBERTa-large 95.13 93.95
DOCNLI (pretrain) 78.17 91.13

+finetune 96.04 94.07
Prior state-of-the-art 97.70 –

Table 7: Train on DOCNLI, test on sentence-level NLI
benchmarks with or without fine-tuning. The SOTA of
SciTail was reported by the DeBERTa model (He et al.,
2020).

tasks FEVER-binary and MCTest. We notice that
the pretrained model on DOCNLI demonstrates
very strong performance on the two end tasks,
even without any fine-tuning on the task-specific
examples. Especially for MCTest, both the
“DOCNLI (pretrain)” and “DOCNLI+finetune”
surpass the prior state-of-the-art by large margins.

4.3 Applying DOCNLI to sentence-level NLI

To answer the question (Q3), we use SciTail and
MNLI as target sentence-level NLI tasks. Sci-
Tail is from the science domain with two classes
“entail” and “not entail” split 23,596/1,304/2,126
(train/dev/test). MNLI covers a broad range of
genres with three classes “entail/neutral/contradict”
split 392,702/20k/20k (train/dev/test). Since the
gold labels of the test set in MNLI are not pub-
licly available and DOCNLI is a binary classifi-
cation task, we first unify MNLI’s “neutral” and
“contradict” into “not entail”, then build a new la-
beled test set by randomly sampling 13k from the
original dev set (the remaining examples are the
new dev set). So now we have train/dev/test of
size 372,702/6,647/13k. We first try some popu-
lar Transformer-style models, such as BERT-large,
RoBERTa-large and Longformer-base to check
how much we can get by training a supervised
system on the full training data. Afterwards, we
build a classifier by training RoBERTa-large on
DOCNLI with or without SciTail/MNLI-specific
fine-tuning.

Table 7 shows that: (i) The pretrained model on
DOCNLI indeed can generalize to some extend
on both SciTail and MNLI. In particular, it gets
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SciTail accuracy 78.17 which is even higher than
some task-specific fully-supervised models such
as “ESIM”, “De-Att” and “DGEM”. The same
pretrained system can also get comparable per-
formance with BERT, Longformer and RoBERTa
on binary-MNLI; this should be attributed to the
strong generalization of ANLI towards MNLI (Nie
et al., 2020); (ii) When do task-specific fine-tuning,
our model can further improve the performance
and get very close to the state-of-the-art in SciTail.

5 Summary

In this work, we collect and release a large-scale
document-level NLI dataset DOCNLI. It covers
multiple genres and multiple ranges of lengths in
both premises and hypotheses. We expect this
dataset can help to solve some NLP problems that
require document-level reasoning such as QA, sum-
marization, fact-checking etc. In experiments, we
show that DOCNLI can yield a model generalizing
well to downstream NLP tasks and some popular
sentence-level NLI tasks.
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Abstract

Recently, unsupervised parsing of syntactic
trees has gained considerable attention. A
prototypical approach to such unsupervised
parsing employs reinforcement learning and
auto-encoders. However, no mechanism en-
sures that the learnt model leverages the well-
understood language grammar. We propose an
approach that utilizes very generic linguistic
knowledge of the language present in the form
of syntactic rules, thus inducing better syntac-
tic structures. We introduce a novel formula-
tion that takes advantage of the syntactic gram-
mar rules and is independent of the base sys-
tem. We achieve new state-of-the-art results
on two benchmarks datasets, MNLI and WSJ.1

1 Introduction

Syntactic parse trees have demonstrated their im-
portance in several downstream NLP applications
such as machine translation (Eriguchi et al., 2017;
Zaremoodi and Haffari, 2018), natural language
inference (NLI) (Choi et al., 2018), relation ex-
traction (Gamallo et al., 2012) and text classifica-
tion (Tai et al., 2015). Based on linguistic theories
that have promoted the usefulness of tree-based
representation of natural language text, tree-based
models such as Tree-LSTM have been proposed
to learn sentence representations (Socher et al.,
2011). Inspired by the Tree-LSTM based mod-
els, many approaches were proposed do not require
parse tree supervision (Yogatama et al., 2017; Choi
et al., 2018; Maillard et al., 2019; Drozdov et al.,
2019). However, (Williams et al., 2018; Sahay
et al., 2021) have shown that these methods can-
not learn meaningful semantics (not even simple
grammar), though they perform well on NLI tasks.
Recently, there has been surge in approaches using
weak supervision in the form of rules for various

∗Equal contribution
1The source code of the paper is available at

https://github.com/anshuln/Diora with rules.

tasks such as sequence classification (Safranchik
et al., 2020), text classification (Chatterjee et al.,
2020; Maheshwari et al., 2020), etc. These ap-
proaches have demonstrated the importance of ex-
ternal knowledge in both unsupervised and super-
vised setup. To the best of our knowledge, previous
works on syntactic parse tree has not utilized such
external information. In this paper, we propose an
approach that leverages linguistic (and potentially
domain agnostic) knowledge in the form of explicit
syntactic grammar rules while building upon a state
of the art, deep and unsupervised inside-outside
recursive autoencoder (DIORA; (Drozdov et al.,
2019)). DIORA is an unsupervised model that uses
inside-outside dynamic programming to compose
latent representations from all possible binary trees.
We extend DIORA and propose a framework that
harness grammar rules to learn constituent parse
trees. We use context free grammar (CFG) produc-
tions for English language (like NP →VP NP, PP
→IN NP, etc) as rules. Note that the construction of
such a rule set is a one time effort and our method
is independent of any underlying dataset. The rule
sets used are available in our github repository.
Summarily, our main contributions are : (a) a
framework (cf., Section 3) that uses (potentially
domain agnostic), off-the-shelf CFG to learn to
produce constituent parse trees (b) two rule-aware
loss functions (cf., Section 3.1) that maximize
some form of agreement between the unsupervised
model and the rule-based model (c) experimental
analysis (cf., Section 4), demonstrating improve-
ments on unsupervised constituency parsing over
previous state-of-the art by over 3% on two bench-
mark datasets.

2 Background and Related Work

A brief survey of latent tree learning models is
covered in (Williams et al., 2018). Several prior
works have explored the unsupervised learning of
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The cat sat

e(i1,j1)       VP -> NP sat

       NP -> the cat

      VP -> cat sat

       NP -> the VP

          NPZ -> the cat

           VPZ -> NPZ sat
l(i1,j1)

Rule Set

Figure 1: For the input ‘The cat sat’, DIORA computes
e(i1, j1) compatibility score for each pair of neighbor-
ing constituents. l(i1, j1) is computed using triggered
rules for each span and it interacts with the compati-
bility score in our loss function as explained in Sec-
tion 3.1.

constituency trees (Brill et al., 1990; Ando and
Lee, 2000) using dependency parsers (Klein and
Manning, 2004) and inside-outside parsing algo-
rithm (Drozdov et al., 2019). Recently, (Drozdov
et al., 2019) proposed an unsupervised latent chart
tree parsing algorithm, viz., DIORA, that uses the
inside-outside algorithm for parsing and has an
autoencoder-based neural network trained to recon-
struct the input sentence. DIORA is trained end to
end using masked language model via word pre-
diction. As of date, DIORA is the state-of-the-art
approach to unsupervised constituency parsing.

Exploiting additional semantic and syntactic in-
formation that acts as a source of additional guid-
ance rather than the primary objective function has
been discussed since 1990s (Sun et al., 1993). Re-
cently, Kim et al. (2019b) proposed to learn CFG
rules and their probabilities by the parameteriz-
ing terminal or non-terminal symbols with neural
networks. However, our approach leverages pre-
defined language CFG rules and provisions for aug-
menting an existing (state-of-the-art) inside-outside
algorithm with such external knowledge.

More specifically, we augment DIORA (Droz-
dov et al., 2019) with CFG rules to reconstruct the
input by exploiting syntactic information of the lan-
guage. We next provide some technical details of
the inside-outside algorithm of DIORA.

2.1 DIORA
DIORA learns constituency trees from the raw
input text using an unsupervised training proce-
dure that operates like a masked language model
or denoising autoencoder. It encodes the entire
input sequence into a single vector analogous

to the encoding step in an autoencoder. There-
after, the decoder is trained to reconstruct and
reproduce each input word. We next describe
the inside and the outside pass of DIORA, re-
spectively. Inside Pass: Given an input sen-
tence with T tokens x0, x1, x2 . . . xT−1, DIORA
computes a compatibility score e and a com-
position vector a for each pair of neighboring
constituents i and j. It composes a vector a
weighing over all possible pairs of constituents
of i and j: a(k) =

∑
i,jε{k} e(i, j)a(i, j) &

e(k) =
∑

i,jε{k} e(i, j)ê(i, j) The composition
vector, a(k) is a weighted sum of all possible con-
stituent pairs, k. Here, ê is a bilinear function of
the vectors from neighboring spans, a(i) and a(j).
Composition vector a(k) is learnt using a TreeL-
STM or multi-layer neural network (MLP).

Outside Pass: The outside pass of DIORA com-
putes an outside vector b(k) representing the con-
stituents not in xi:j . It computes the values for a tar-
get space (i, j) recursively from its sibling (j+1, k)
and outside spans (0, i− 1) and (k + 1, T − 1).

Training and Inference: DIORA is trained end
to end using masked language model via word
prediction. The missing token xi is predicted from
the outside vector b(k). The training objective uses
reconstruction based max-margin loss to predict
the original input xi:

Lrec =
T−1∑
i=0

N−1∑
i∗=0

max(0, 1−b(i).a(i)+b(i).a(i∗))

The chart filling procedure of DIORA is used
to extract binary unlabeled parse trees. It uses the
CYK algorithm to find the maximal scoring tree
in a greedy manner. For each cell of the parse ta-
ble, the algorithm computes the span (i, j) with
the maximal net compatibility score, computed re-
cursively by summing the maximum compatibility
score e(a, b) for each constituent of the span.

3 Our Approach to Rule Augmentation

Our goal is to learn to produce constituency parse
trees using input sentences alone and in the ab-
sence of ground truth parse trees. We introduce a
rule-augmented unsupervised model that leverages
generic (potentially domain agnostic) production
rules of the language grammar to infer constituency
trees. Since most grammar rules for constituency
parsing are generic, designing them can be a one-
time effort, while being able to leverage their bene-
fits across domains as background knowledge (as
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we will see in our experiments in Section 4). As
described in Section 2.1, the induction of latent
trees in DIORA is based on a CYK-like parsing
algorithm that uses the compatibility scores e(i, j)
at each cell to merge two constituents in the final
tree. We impart supervision through the production
rules of English language grammar.

For each sentence, we associate CFG production
rules with constituents i and j in a CYK parse table
format. We curate a set of domain-agnostic rules
of the form X → Y Z and a dictionary of the form
X → x, where X,Y, Z are non-terminals while x
is a terminal. Concretely, X represents constituent
tags such as S, NP, VP, etc., while x represents
words in the vocabulary. Using the CYK parsing
algorithm on our rule set and each sentence, we
first determine which rules are triggered at each
cell for a particular sentence. Whenever a rule r
is triggered for a span (i, j), we weakly associate
label δ(i,j)(r) = 1 otherwise 0. We use these weak
labels to guide the rule scores l(i, j) for the con-
stituents. Compatibility score observed for the span
(i, j) is defined as :

l(i, j) =

exp
( P∑
p=0

rpδ(i,j)(p)
)

∑

(a,b)∈{k}
exp

( P∑
p=0

rpδ(a,b)(p)
)

where rp are the learned weights associated with
each of the production rules and P is the total num-
ber of rules. The score sums to 1 over all spans be-
longing to a particular cell in the CYK parse table.
Intuitively, we aim to align e(i, j) and l(i, j) score
to maximize the agreement between model and
rules. We note that we use rules only to augment
the training objective, and our inference procedure
is identical to that of DIORA.

3.1 Training Objective
We learn a model that minimizes the overall loss
L that is a composition of the reconstruction loss
Lrec and the rule based agreement loss or Lrule:
L = Lrec + λLrule. We propose two alternatives
for the loss function Lrule.
Cross entropy (CE) - For each cell k in the CYK
parse table, this loss (CE) tries to match the distri-
bution (score) of e(i, j) induced by DIORA with
the distribution l(i, j) induced by the background
knowledge:

Lce =
∑

k

∑

(i,j)∈{k}
−l(i, j) log(e(i, j))

Model F1 δ

300D Gumbel Tree-LSTM 25.2 4.2
w/o Leaf GRU 29.0 4.7

300D RL-SPINN 19.0 8.6
w/o Leaf GRU 18.2 8.6

Structural Attentive(Gumble Tree LSTM) 31.3 4.7
w/o Leaf GRU 31.0 5.3

300D SPINN 74.5† 6.2
w/o Leaf GRU 65.7† 6.4

DIORA with PP 58.3 5.6

Ours: Rule augmented (HR) + RL + PP 60.5 5.7
Ours: Rule augmented (HR) + CE + PP 59.0 5.6
Ours: Rule augmented (AR) + RL + PP 60.3 5.7
Ours: Rule augmented (AR) + CE + PP 61.7 5.7

Table 1: F1-scores of trees wrt ground truth on the
MultiNLI development set. The depth (δ) is the aver-
age tree height. All reported numbers are maximum
F1-score. PP refers to post-processing heuristic. HR
and AR refer to the training rule sets as per Sec 4.2. RL
and CE refer to the losses from section 3.1. † indicates
scores reported by (Williams et al., 2018) for a fully
supervised model.

Ranking Loss (RL) - We recall from Section 2.1
that the CYK algorithm finds the maximal scor-
ing tree in a greedy manner based on the highest
compatibility score e(i, j) among all spans. Since
the final parse tree output by DIORA relies only
on the relative order of the e(i, j) to decide which
span to merge, we propose an alternative rule-based
loss that aims to match the relative order induced
by compatibility scores e(i, j) of DIORA at each
cell with the order induced by the scores of the
rules l(i, j) at that cell. We achieve this through a
pairwise ranking loss defined as

Lrank =
∑

k

∑

(i,j)

(i′,j′)∈{ktrig}

(
∆l

(i,j),
(i′,j′)

−∆e
(i,j),
(i′,j′)

)2

where {ktrig} = {(i, j) ∈ {k}|∑P
p=1 δi,j(p) 6=

0}, ∆f
(i,j),(i′,j′) = tanh(f(i, j) − f(i′, j′)) and p

is index into the rule set. The set {ktrig} consists of
all spans which have at least one rule triggered in
its cell. In cases where our rule set is not extensive
enough, we would like our model’s compatibility
score to rely more on the reconstruction loss, and
{ktrig} ensures that a sparse rule set does not lead
to bad performance.

4 Experiments

We evaluate our rule augmented model and com-
pare it against baselines on the tasks of unsuper-
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Model F1 δ

LB 13.1 12.4
RB 16.5 12.4
Random 21.4 5.3
Balanced 21.3 4.6
RL-SPINN (Choi et al., 2018) 13.2 -
ST-Gumbel - GRU (Yogatama et al., 2017) 22.8 ±1.6 -
PRPN-UP (Shen et al., 2018a) 38.3 5.9
PRPN-LM 35.0 6.2
ON-LSTM (Shen et al., 2018b) 47.7 5.6
DIORA 48.9 8.0
PRPN-UP+PP 45.2 6.7
PRPN-LM+PP 42.4 6.3
DIORA+PP 55.7 8.5
Neural PCFG (Kim et al., 2019a) ∗ 50.8 -
Compound PCFG (Kim et al., 2019b)∗ 55.2 -
300D SPINN 59.6† -
Ours: Rule augmented (HR) + RL + PP 56.5 7.1
Ours: Rule augmented (HR) + CE + PP 55.3 7.2
Ours: Rule augmented (AR) + RL + PP 55.9 7.1
Ours: Rule augmented (AR) + CE + PP 58.3 7.3

Table 2: Performance on WSJ test set for binary con-
stituency parsing including punctuation characters. HR
and AR refers to handcrafted and automated rules re-
spectively. RL and CE are rule loss and cross entropy
loss respectively. (δ) is the average tree height. PP
refers to post-processing heuristic. † indicates scores
reported by (Williams et al., 2018) for a fully super-
vised model. ∗ are reported by (Kim et al., 2019a).

vised parsing, unsupervised segment recall, and
phrase similarity.

4.1 Data

We evaluate our model on two data sets: The Wall
Street Journal (WSJ) and MultiNLI. WSJ is an ex-
traction of PennTree Bank (Marcus et al., 2002)
containing human-annotated constituency parse
trees. MultiNLI consists of Stanford generated
parse trees (Manning et al., 2014) as the ground
truth. MultiNLI is originally designed for evaluat-
ing NLI tasks, but is often also utilized to evaluate
constituency parse trees. We train on the com-
plete NLI dataset, which is a composition of the
MultiNLI and SNLI train sets. We evaluate model
performance on the MultiNLI dev set and WSJ test
set (split 23) following the experimental setting
and evaluation metrics in (Drozdov et al., 2019).
Further details are provided in the appendix. We
initialize our model with the trained weights of
DIORA and evaluate on unsupervised constituency
parsing and segment recall. We also perform the
post-processing (PP) of generated trees by attach-
ing the trailing punctuation to the root node, exactly
as carried out by (Drozdov et al., 2019).

4.2 Rule Set

We consider two rule-sets: (i) Set of Handcrafted
Rules (HR) consists of 2500 human created CNF
production rules ii) To assess robustness of the rule-
augmented method to the preciseness of the rule set,
we present comparison by instead using a set of Au-
tomated Rules’ (AR) which consists of the 2500
most frequently occurring CNF production rules
extracted from the trees of automatically (using
the Stanford CoreNLP parser) parsed SNLI corpus.
Further details about these rule sets can be found in
the appendix. We also use a train-set specific dic-
tionary containing the POS (part-of-speech) tags of
words in the training vocabulary for the terminal
CFG productions for CYK parsing.

4.3 Unsupervised Parsing

In Tables 1 and 2, we present comparison between
different approaches on the MultiNLI dev set and
WSJ test set. We observe that our rule augmented
approach outperforms the state of the art with re-
spect to the max-F1 score. registering a maximum
increase of 3.4 and 3.1 F1 points over DIORA re-
spectively. The HR trained models outperform
DIORA on both datasets, demonstrating that rule
creation is indeed a one-time process and indepen-
dent of domain. We also report parsing scores of
a fully supervised model SPINN from (Williams
et al., 2018) as an upper bound, and RL-SPINN
(Choi et al., 2018), a distantly supervised model.

4.4 Constituency Segment Recall

In Table 3, we present the breakdown of constituent
recall across the 6 most common types. Our ap-
proach achieves the highest recall across all the
types and is the only model to perform effectively
on SBAR and NP. Unlike other approaches, our ap-
proach consistently close to or the best recall score.
We observe that rule augmentation using HR is
more beneficial than AR with respect to precise
evaluation measures such as Constituency, Seg-
ment Recall and Phrase Recall but yields smaller
improvements than AR with respect to looser eval-
uation measures such as max F1 of Unsupervised
Parsing. This can be possibly attributed to our ob-
servation that the extracted (most frequent) rules
from SNLI, have (around 25%) higher coverage on
the training set than HR, but appear to be semanti-
cally less precise.
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Model SBAR NP VP PP ADJP ADVP
LB † 5% 11% 0% 5% 2% 8%
RB † 68% 24% 71% 42% 27% 38%
Random † 8% 23% 12% 18% 23% 28%
Balanced † 7% 27% 8% 18% 27% 25%
PRPN-UP (Shen et al., 2018a) 55.4% 59.8% 31.6% 60.2% 36.0% 50%
PRPN-LM 40.3% 68.7% 39.3% 49.7% 34.2% 39.2%
DIORA 61.3% 76.7% 62.8% 59.5% 60.4% 69.3%
PRPN (tuned)† 50% 59% 46% 57% 44% 32%
ON (tuned) (Shen et al., 2018b) 51% 64% 41% 54% 38% 31%
Neural PCFG (Kim et al., 2019a) 52% 71% 33% 58% 32% 45%
Compound PCFG (Kim et al., 2019b) 56% 74% 41% 68% 40% 52%
Ours: Rule augmented (HR)+ RL 71.1% 77.2% 65.8% 59.4% 62.9% 69.5%
Ours: Rule augmented (HR)+ CE 68.3% 75.4% 66.5% 60.5% 61% 70.8%
Ours: Rule augmented (AR)+ RL 71% 76.4% 69.1% 58.6% 61% 64.8%
Ours: Rule augmented (AR)+ CE 70% 77.5% 67% 58.6% 62.2% 70%

Table 3: Segment recall from WSJ by phrase type; † are reported by Kim et al. (2019a).

Model CONLL 2000 CONLL 2012
P@1 P@10 P@100 P@1 P@10

DIORA 0.974 0.969 0.943 0.815 0.759
Ours: Rule augmented(AR)+ RL 0.976 0.968 0.941 0.813 0.755
Ours: Rule augmented(HR)+ CE 0.978 0.97 0.941 0.786 0.717
Ours: Rule augmented(AR)+ CE 0.970 0.965 0.937 0.809 0.745
Ours: Rule augmented(HR)+ RL 0.976 0.970 0.944 0.824 0.760

Table 4: Phrase similarity scores on CoNLL2000 and CoNLL 2012 tasks.

4.5 Phrase Similarity

We also employed the phrase similarity strategy
followed by (Drozdov et al., 2019). Phrase Sim-
ilarity scores measures the models capability to
learn meaningful representation for spans of the
text. Generally, most models focus more on gener-
ating the tokens representation and then use some
ad-hoc arithmetic operations to generate represen-
tation for the larger spans of text thus losing the
essence of the context that ties the words of the
span.

To evaluate on the phrase similarity task we con-
sider two data sets of labeled phrases: 1) CoNLL
2000 (Tjong Kim Sang and Buchholz, 2000),
which is a shallow parsed dataset and contains
spans of verb phrases, noun phrases, preposition
phrases etc., and 2) CoNLL 2012 (Pradhan et al.,
2012) which is a named entity dataset containing
19 different entity types. For the evaluation rou-
tine, we first generated the phrase representation
of labeled spans whose length is greater than one.
Cosine similarity is then used to obtain the simi-
larity score of it with respect to all other labeled
spans. We then calculate if the label for that query

span matches the labels for each of the K most sim-
ilar other spans in the dataset.In Table 4 we report
precision@K for both datasets and various values
of K. The baseline numbers are reported using the
weights of DIORA provided by the authors.

5 Conclusion

In this work, we leverage linguistically grounded
and domain agnostic CFG rules for language to in-
duce parse trees and representations of constituent
spans. We show that our approach augmented with
generic, linguistically grounded grammatical rules,
is easily able to outperform previous methods on
constituency parsing and obtain higher segment
recall.
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Appendix

A Training and evaluation details

We use the multi-layered neural network model
provided by the authors of (Drozdov et al., 2019)
to initialize our model’s weights. We have a learn-
ing rate of 10−4 and a batch size of 32. Using these
settings we train our models for 500000 steps. We
use weights λranking = 10−1 and λce = 1.0 for
the rule based losses. All other model parameters
are same as the ones set in (Drozdov et al., 2019).
We run all our experiments on Nvidia RTX 2080Ti
GPUs 12 GB RAM over Intel Xeon Gold 5120
CPU having 56 cores and 256 GB RAM. It takes
about 2 days to train the model on NLI data.
For evaluation, we have reported the tree F-1 score
for MNLI dev and WSJ test set. The metric com-
putes the F-1 score for each tree based on the con-
stituent spans induced in the predicted tree against
the constituent spans in the ground truth. We fur-
ther binarize the WSJ test set using the Stanford
CoreNLP Parser and report scores on unlabelled
binary trees.
We find that training with AR helps us achieve
better results on both MNLI as well as on WSJ.
This could be because extracted rules from SNLI
have wider coverage on the training set than HR
resulting in a stronger training signal and better
performance. Further, our ranking loss performs
better for HR extracted rules, indicating its efficacy
with non-extensive rule sets, i.e. in the cases where
the training signal is not rich. In such cases when
some cells may not have any triggering rules, the
ranking loss ensures that the model’s decision is
guided by the reconstruction loss.
We also find that the generic background knowl-
edge of English grammar (HR) helps the model to
better chunk constituents that are rarer (e.g. SBAR),
while dataset-specific rules (AR) might benefit its
overall tree structures more, leading to higher unla-
belled F1 scores.

B Rule sets

In this work we utilise two distinct rule sets - (i)
The first rule set (HR) consists of 2500 human cre-
ated CNF production rules ii) the other set (AR)
consisted of 2500 most frequently occurring CNF
production rules extracted from the trees of auto-
matically parsed SNLI corpus. All rules in both
these sets consist only of non-terminals. The rules
in (HR) come from observing human annotated
parse trees from the PTB train set and consists of

2500 rules in the Chomsky Normal Form. The
rules in (AR) are programatically extracted from
the parse trees generated by running the Stanford
Parser on the SNLI train set. We only retain the
2500 most frequently occurring productions from
the set to match the size of the HR set. We note
however that these rules have a higher coverage on
the train data. We also provides rules-AR.txt
and rules-HR.txt in the github repository.
In our training procedure, we aim to learn a weight
rp for each production rule p in our train set. Ta-
ble 5 shows the top 10 most important (i.e. the
ones with the highest rp) rules from the grammar
as determined by our models.

C Learnt Trees

In this section we present examples of trees induced
by DIORA and our model. The first row of fig.
1 shows an example where our tree matches the
ground truth exactly while DIORA does not, and
the second row of fig. 1 shows an example where
both models do not provide exact matches, but our
model is able to capture the syntax better.
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Model Top Rules

AR ranking loss

NP —>PRP NP|CD-JJ-VBN-NNS>
NP —>PRP NP|<NNP-NNP-NN>
S —>S S|<CC-SINV-.>
ADVP —>IN ADVP|<CC-JJ>
VP —>VBN VP|<“-NP-”-PP>
NP —>NP NP|<NN-NN-”>
PP —>IN ,
NP —>NP NP|<ADJP-PP-SBAR>
NP —>NP NP|<NNS-S>
PP —>“ PP|<IN-NP>

HR cross entropy

NP —>CD NNS
S-CLR —>VP
PP-PRP —>IN NP
QP|<CD-TO-CD-CD>—>CD QP|<TO-CD-CD>
S-2 —>NP S-2|<VP-.>
VP —>VB VP|<NP-ADVP-S>
NP|<,-”-SBAR>—>, NP|<”-SBAR>
S —>NP S|<NP-VP-.>
NP|<JJS-NNS>—>JJS NNS
S-2|<VP-.>—>VP .

HR ranking loss

NP —>PRP NP|<NNP-CD-NN>
NP —>DT NP|<JJ-NN-NN>
S|<NP-VP-.—>—>NP S|<VP-.—>
VP|<NP-S>—>NP S
NP|<NNP-NNP-NNP-NN-NN>—>NNP NP|<NNP-NNP-NN-NN>
NP —>JJ NP|<NN-POS>
VP|<CC-,-VP>—>CC VP|<,-VP>
NP —>NNP NP|<CC-NNS>
NP|<:-SBAR>—>: SBAR
ADJP —>$ CD

AR cross entropy

NP —>DT NP|<JJ-NNP-NNP-POS>
VP —>VB VP|<NP-PRT>
S|<S-:>—>S :
VP —>VBZ VP
PRN —>, PRN|<CC-PP>
VP|<CC-VBG-NP-PP>—>CC VP|<VBG-NP-PP>
NP|<,-NP-,-VP-.>—>, NP|<NP-,-VP-.>
S|<PP-,-VP-.>—>PP S|<,-VP-.>
PP —>RB PP|<CC-RB-NP>
NP —>JJ NP|<NNP-NNP>

Table 5: Rules with the highest weights as learnt by our models
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Our Results

DIORA’s Results

Ground Truth

Figure 2: Comparison of induced trees by our model and DIORA with the ground truth trees
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Abstract

Multilingual language models have been a
crucial breakthrough as they considerably re-
duce the need of data for under-resourced
languages. Nevertheless, the superiority of
language-specific models has already been
proven for languages having access to large
amounts of data. In this work, we focus on
Catalan with the aim to explore to what extent
a medium-sized monolingual language model
is competitive with state-of-the-art large multi-
lingual models. For this, we: (1) build a clean,
high-quality textual Catalan corpus (CaText),
the largest to date (but only a fraction of the
usual size of the previous work in monolingual
language models), (2) train a Transformer-
based language model for Catalan (BERTa),
and (3) devise a thorough evaluation in a diver-
sity of settings, comprising a complete array
of downstream tasks, namely, Part of Speech
Tagging, Named Entity Recognition and Clas-
sification, Text Classification, Question An-
swering, and Semantic Textual Similarity, with
most of the corresponding datasets being cre-
ated ex novo. The result is a new benchmark,
the Catalan Language Understanding Bench-
mark (CLUB), which we publish as an open
resource, together with the clean textual cor-
pus, the language model, and the cleaning
pipeline. Using state-of-the-art multilingual
models and a monolingual model trained only
on Wikipedia as baselines, we consistently ob-
serve the superiority of our model across tasks
and settings.

1 Introduction

Over the past decades, Natural Language Process-
ing (NLP) has become a powerful technology that
may be found behind many AI-based consumer
products, such as voice assistants, automatic trans-
lators, intelligent chatbots, etc. This undeniable
success is somehow tarnished by the fact that most

NLP resources and systems are available only for a
small percentage of languages (Joshi et al., 2020).

In contrast, most of the languages spoken in the
world today, even some with millions of speak-
ers, are left behind, both in the research and in
the development of the technology. Recent break-
throughs in deep learning, specifically the Trans-
former architecture (Vaswani et al., 2017), have
revolutionized the entire field and have opened
the doors to powerful transfer learning and unsu-
pervised techniques, making it possible for under-
resourced languages to benefit -at least, partially-
from the formidable advances taking place for En-
glish. Transformed-based multilingual pre-trained
models (Devlin et al., 2019; Conneau et al., 2020)
soon showed an impressive increase of perfor-
mance also for under-resourced languages, as they
considerably reduce the amount of training data
needed for a particular task.

The question as to whether training language-
specific models was worth the effort, given those
impressive results, was more or less quickly re-
solved, for languages having enough monolingual
data to train with (Martin et al., 2020; Virtanen
et al., 2019). However, for most languages it is
still a challenge to obtain such large amounts of
data. Therefore, the question still stands for many
of them. There is a huge variation in the potential
access to language resources for any given lan-
guage, going from high-resourced, medium, under
or severely under-resourced.

In this paper, we focus on Catalan, a moder-
ately under-resourced language. By comparison,
the size of the corpus -purposefully collected and
cleaned for this work- is almost half of the one
in the Finnish FinBERT (Virtanen et al., 2019) (a
comparably sized language), and almost 20 times
smaller than the French CamemBERT. Another
defining characteristic of Catalan is its affiliation

4933



to the Romance family, which is abundantly rep-
resented in multilingual pre-trained models. Sev-
eral big languages (French, Spanish, Italian, Por-
tuguese) belong to this family and, thus, are typo-
logically close to Catalan. Presumably, this fact
could give a Romance-rich multilingual model an
upper hand in its comparison with a Catalan-only
model.

This exercise also gives us the opportunity to
enrich the number and quality of open-source re-
sources for Catalan. Our contributions can be sum-
marized as follows:

• We compile a clean, high-quality textual Cata-
lan corpus, the largest to date, released with
an open license.

• We build a complete end-to-end cleaning
pipeline, released as open-source.

• We train a Transformer-based language model
for Catalan, also openly released.

• We create new annotated corpora for those
tasks for which there was not any, such as
Text Classification (TC), Question Answer-
ing (QA) and Semantic Textual Similarity
(STS). We publicly release them as well. To-
gether with existing Part-Of-Speech (POS)
and Named Entity Recognition and Recog-
nition (NERC) datasets, they are part of a
new Natural Language Understanding (NLU)
benchmark, the Catalan Language Under-
standing Benchmark (CLUB).

All the code, datasets and the final model are
made available to the community in standard for-
mats.1

2 Previous Work

While the original motivation for the Transformer
was machine translation, it has been successfully
applied to a wide range of tasks, excelling at rep-
resentation learning via unsupervised pre-training.
Both in decoder-based language models, as in GPT
(Radford and Sutskever, 2018), and in encoder-
based masked language models, as pioneered by
BERT (Devlin et al., 2019), large Transformer mod-
els are pre-trained on big unlabelled corpora. The
learned representations can then be applied as a fea-
ture extractor or by fine tuning to the downstream

1https://github.com/TeMU-BSC/berta

task of choice, typically resulting in state-of-the-art
performance.

The original BERT also had a multilingual ver-
sion, mBERT, leveraging monolingual text from
the corresponding Wikipedia of different languages.
In XLM (Conneau and Lample, 2019), authors in-
troduced a cross-lingual language model, explicitly
modeling cross-lingual representations (instead of
just concatenating text from all languages). This
model was scaled up producing XLM-RoBERTa
(Conneau et al., 2020), based on RoBERTa (Liu
et al., 2019), a variant of BERT with a simplified
pre-training objective.

Especially in the case of BERT-like models,
which are intended for NLU tasks (rather than gen-
eration), the literature has been considerably pro-
lific in terms of language-specific models. While
both mBERT and XLM-RoBERTa are considered
the state-of-the-art in NLU for numerous languages,
several works observed that language-specific mod-
els trained from scratch proved to obtain better per-
formance, such as the French CamemBERT (Mar-
tin et al., 2020), the Dutch BERTje (de Vries et al.,
2019), and the Finnish FinBERT (Virtanen et al.,
2019). FinBERT authors made emphasis on text
cleaning, claimed to be essential. The same authors
proposed WikiBERT (Pyysalo et al., 2020), a set
of language-specific baselines based on BERT for
as many as 42 languages (including Catalan). Re-
garding low-resource languages, Basque-specific
models have been shown to outperform mBERT
(Agerri et al., 2020), although it is worth pointing
out that Basque, being a linguistic isolate, is typo-
logically far apart from the rest of languages in the
pre-training corpus of mBERT.

The authors of these language-specific models
hypothesized different causes behind the increase
in performance with respect to the multilingual
models:

1. Having a language-specific vocabulary, they
avoid the split of words into too many sub-
words (which, linguistically, are less inter-
pretable);

2. The amount of language-specific data; and

3. Training on more diverse data of the target
language (e.g., web crawlings, instead of just
Wikipedia)

. In Nozza et al. (2020), they compare the per-
formance of mBERT with a number of language-
specific models. They conclude that there is a huge
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variability in the models and that it is difficult to
find the best model for a given task, language, and
domain.

In this work, we further investigate the issue of
whether building language-specific models from
scratch is worth the effort, and if so under which
circumstances. Unlike previous works, we focus on
a moderately under-resourced language, Catalan.
In addition to being low-resource, Catalan is close
to other Romance languages largely present in the
pre-training corpora of multilingual models, and
knowledge from these other Romance languages
transfers well to Catalan. These two facts call into
question whether building language-specific mod-
els for these cases is still interesting. We show that
a Catalan-specific model is indeed relevant, and we
provide tools and recipes for other languages in a
similar situation. Besides the model itself, we build
the largest Catalan (clean) pre-training corpus to
date as well as an extensive evaluation benchmark
for NLP tasks in Catalan.

3 Pre-training Corpus

3.1 Data sources
Our new Catalan text corpus, CaText, includes both
data from datasets already available in Catalan and
data from three new crawlers we recently ran.

From the published datasets, we use (1) the
Catalan part of the DOGC corpus, a set of doc-
uments from the Official Gazette of the Catalan
Government; (2) the Catalan Open Subtitles, a col-
lection of translated movie subtitles (Tiedemann,
2012); (3) the non-shuffled version of the Catalan
part of the OSCAR corpus (Suárez et al., 2019),
a collection of monolingual corpora, filtered from
Common Crawl;2 (4) the CaWac corpus, a web
corpus of Catalan built from the .cat top-level-
domain in late 2013 (Ljubešić and Toral, 2014),
the non-deduplicated version, and (5) the Catalan
Wikipedia articles downloaded on 18-08-2020.

Regarding the newly created datasets, we ran
three new crawlings: (6) the Catalan General
Crawling, obtained by crawling the 500 most pop-
ular .cat and .ad domains; (7) the Catalan
Government Crawling, obtained by crawling the
gencat.cat domain and subdomains, belonging to
the Catalan Government; and (8) the ACN corpus
with 220k news items from March 2015 until Octo-
ber 2020, crawled from the Catalan News Agency.3

2https://commoncrawl.org/about/
3https://www.acn.cat/

3.2 Preprocessing

In order to be able to obtain a high-quality train-
ing corpus, we apply strict filters to the raw data,
by means of a cleaning pipeline built for the pur-
pose, CorpusCleaner.4 This pipeline supports 100+
languages5 and stands out for keeping document
boundaries, instead of being sentence-based, which
allows modeling long-range dependencies.

Transforms: CorpusCleaner is able to parse data
in different formats (WARC files from crawlings,
for instance), in a way that document boundaries
and metadata are kept whenever possible. It in-
cludes the ftfy library (Speer, 2019) for fixing
encoding errors and applies raw string transforma-
tions for normalizing spaces, removing HTML tags,
and others.

Filters: The pipeline applies a cascade of lan-
guage identifiers (similarly to Kosmajac and Keselj,
2018), using FastText’s (Bojanowski et al., 2017)
language identifier and LangId.6 By cascade, we
mean that we first apply the faster language iden-
tifiers to discard documents in which we are sure
that the target language is not present. We then use
the slower (but with better performance) language
identifiers only with the remaining documents. Af-
ter that, we make use of a fast and tokenization-
agnostic sentence splitter.7 In addition, CorpusCle-
aner includes numerous heuristics (e.g., standard
deviation of sentence length in a given document
for detecting badly split sentences coming from
PDFs, or non-natural text) that apply reasonably
well to the languages we have tested so far. Some
of these rules have been inspired by Virtanen et al.
(2019). Even in the case of document-level corpora,
some rules are also applied at sentence-level, to im-
prove document coherency (e.g., remove corrupted
sentences in an otherwise high-quality document).

Deduplication: The last stage of the pipeline
consists of document-level deduplication, based on
n-gram repetitions with Onion (Pomikálek, 2011).
In addition, we also deduplicate at the sentence-
level with a threshold of occurrences, since most of

4https://github.com/TeMU-BSC/
corpus-cleaner-acl

5We take this number from the used language identifiers.
We have actually tested the cleaning pipeline with a variety
of languages and domains, such as Basque, Finnish, Kazakh,
Georgian and Biomedical Spanish, among others.

6https://github.com/saffsd/langid.py
7https://github.com/mediacloud/

sentence-splitter
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Dataset Original Final
1 DOGC 126.65 126.65
2 Cat. Open Subtitles 3.52 3.52
3 Cat. OSCAR 1,355.53 695.37
4 CaWaC 1,535.10 650.98
5 Wikipedia 198.36 167.47
6 Cat. Gen. Crawling 1,092.98 434.82
7 Cat. Gov. Crawling 303.10 39.12
8 ACN 81.28 75.61
Total 4,696.52 2,193.54
Deduplicated (CaText) 1,770.32

Table 1: Number of tokens (in millions) in the differ-
ent used corpora before and after the filtering process,
just before deduplication. The difference between these
two columns shows the scale of the clean-up performed
by the filters in the pipeline, particularly in the crawled
data: OSCAR, CaWaC, Catalan General Crawling and
Catalan Government Crawling. The last row the num-
ber of tokens after a global document deduplication
across all corpora.

the often repeated sentences are not natural linguis-
tic occurrences, but placeholders commonly used
by web developers (e.g. copyright notices).

Table 1 shows the composition of the CaText
corpus.

Splits and release: We sample 2,000 documents
for validation, in order to monitor the training, and
2,000 more for test, as a hold-out set for future anal-
ysis. We release the preprocessed corpus CaText8

with an open license, but respecting the licenses of
the original data sources.9

3.3 Vocabulary

To build the language model, we use Byte-Level
BPE (Radford et al., 2019), as in the original
RoBERTa, but learning the vocabulary from scratch
using the training set of CaText. Following recent
works, we keep casing, and use a vocabulary size
of 52k tokens (Scheible et al., 2020).

As shown in Table 2, our tokenization, being
language-specific (and having a bigger vocabulary
than WikiBERT-ca), generates less subwords per
word, which has been shown to be beneficial (Vir-
tanen et al., 2019; Agerri et al., 2020).

8http://doi.org/10.5281/zenodo.4636228
9Regarding the two crawlings run in-house, we have

also opted to release them with a more open license
so they can be used freely (see https://zenodo.
org/record/4636228 and https://zenodo.org/
record/4636899).

Model Subwords per sentence
BERTa 33.94
mBERT 41.14
WikiBERT-ca 38.38
XLM-RoBERTa 38.62

Table 2: Subwords per sentence in the test set of
CaText.

We describe the models used in our comparative
study in Section 5 and Section 6. Here, we provide
some examples of the different tokenization results
depending on the used tokenizer:

original: coronavirus
BERTa: coronavirus
mBERT: corona ##vir ##us
WikiBERT-ca: corona ##vir ##us
XLM-RoBERTa: corona virus

original: lamentablement
BERTa: lamentablement
mBERT: la ##menta ##blement
WikiBERT-ca: la ##menta ##ble ##ment
XLM-RoBERTa: lamentable ment

As the examples show, our Catalan-specific
model (BERTa) is more likely to keep the full word,
even in the presence of derivative morphemes, such
as the adverb ’lamentablement’ (unfortunately).
The fact that it does not split the word ’coronavirus’
either reveals that a large part of the training corpus
is very recent and includes many references to the
COVID-19 pandemic. In the Appendix A we pro-
vide more detailed information about vocabulary
overlapping between models.

4 CLUB: The Catalan Language
Understanding Benchmark

In order to evaluate our model on different
downstream tasks, we generate a new bench-
mark for evaluating NLU capabilities for Catalan,
the Catalan Language Understanding Benchmark
(CLUB).10 To build it, we bootstrap from existing
resources (such as the Ancora corpus11) and create
new high quality ones from scratch, adopting (and
in some cases improving on) existing guidelines for
well known benchmarks. These datasets are pub-
licly available in the Zenodo platform,12 under the
Catalan AI language resources community, where

10See https://github.com/TeMU-BSC/berta.
11https://doi.org/10.5281/zenodo.

4762030
12https://zenodo.org/
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further details about the curation and annotation
guidelines for each one are given. In general, we
provide as much information as possible follow-
ing Bender and Friedman (2018) guidelines when
relevant. For example, gender and socioeconomic
status are considered not as relevant for the kind
of semantic annotations created. However, the fact
that all commissioned annotators (1) were native
speakers of Catalan, (2) were translators, editors,
philologists or linguists, and (3) had previous ex-
perience in language-related tasks, is considered
to be important. The curation rationale we fol-
low wis to make these datasets both representative
of contemporary Catalan language use, as well as
directly comparable to similar reference datasets
from the General Language Understanding Evalua-
tion (GLUE) benchmark (Wang et al., 2019).13

For Part-of-Speech Tagging (POS) and
Named Entity Recognition and Classification
(NERC), we use annotations from the Universal
Dependencies treebank14 of the well-known
Ancora corpus, which uses UPOS tags. We ex-
tracted named entities from the original Ancora15

version, filtering out some unconventional ones,
like book titles, and transcribe them into a standard
CONLL-IOB format.

For Semantic Textual Similarity (STS)
(Agirre et al., 2012), we create a new dataset from
scratch. We use different similarity measures
(Jaccard, Doc2Vec (Le and Mikolov, 2014) and
DistilBERT (Sanh et al., 2019) embedding cosine
similarity) to pre-select potential sentence pairs
from the aforementioned CaText corpus, as well as
a final manual review to ensure that the selection
represented superficial and deep similarities
in subject matter and lexicon. This results in
3,073 pairs for manual annotation. Following the
guidelines set in the series of landmark SemEval
challenges,16 we commission 4 native speaker
annotators to assess the similarity of the sentence
pairs on a scale between 0 (completely dissimilar)
to 5 (completely equivalent), with other possible
values, such as 3 (roughly equivalent, but some
important information differs). Then, for each
sentence pair, we compute the mean of the four
annotations, and we discard single annotations

13https://gluebenchmark.com/
14https://github.com/

UniversalDependencies/UD_Catalan-AnCora
15https://doi.org/10.5281/zenodo.

4762030
16http://ixa2.si.ehu.eus/stswiki

that deviate by more than 1 from the mean. After
this cleaning process, we use the mean of the
remaining annotations as a final score. Finally, in
order to assess the annotation quality of the dataset,
we measure the correlation of each annotator
with the average of the rest of the annotators, and
average all the individual correlations, resulting in
a Pearson correlation of 0.739.17

For Text Classification (TC), we use 137k news
pieces from the Catalan News Agency (ACN) cor-
pus, mentioned in Section 3.1. As labels in our
classification task, we used the article category pro-
vided by the metadata, keeping only those cate-
gories that had more than 2,000 articles. See the
Appendix B for more details on the distribution by
label. We call this benchmark TeCla (Text Classifi-
cation Catalan dataset).18

Finally, for extractive Question Answering
(QA), we compile two datasets:

• The Catalan translation of XQuAD (Artetxe
et al., 2020), a multilingual collection of
manual translations of fragments from En-
glish Wikipedia articles used mainly for
cross-lingual analyses. The Catalan dataset,
XQUAD-ca,19 as the rest of languages, in-
cludes a subset of 240 paragraphs and 1,190
question-answer pairs from the development
set of SQuAD v1.1 (Rajpurkar et al., 2016),
and has no adversarial or unanswerable ques-
tions.

• A new dataset, ViquiQuAD, an extractive QA
dataset from Catalan Wikipedia)20 consisting
of more than 15,000 questions outsourced
from Catalan Wikipedia. We randomly choose
a set of 596 articles which were originally
written in Catalan, i.e. not translated from
other Wikipedias. From those, we randomly
select 3,129 short paragraphs to use as con-
texts and ask annotators to create up to 5
questions that could be answered by quoting
directly from the context provided. In the
Appendix B, we provide some statistics on
our QA datasets and list the types of ques-
tions, comparing ViquiQuAD and XQuAD-

17https://doi.org/10.5281/zenodo.
4529183

18https://doi.org/10.5281/zenodo.
4627197

19https://doi.org/10.5281/zenodo.
4526223

20https://doi.org/10.5281/zenodo.
4562344
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Task Total Train Dev Test
NERC 13,581 10,628 1,427 1,526
POS 16,678 13,123 1,709 1,846
STS 3,073 2,073 500 500
TC 137,775 110,203 13,786 13,786
QA 14,239 11,255 1,492 1,429

Table 3: Dataset splits with number of examples.

ca with XQuAD-en and the French FQuAD
(d’Hoffschmidt et al., 2020).

These benchmarks present a well-balanced set
of challenges with which to test and compare our
model with others. Apart from the diversity in the
tasks themselves, for QA we provide an additional
test from a different distribution (XQuAD-ca), and
the data regime is heterogeneous across datasets
(from more than 100k samples in TC to 3k in STS).

5 BERTa: A Model for Catalan

Following other language-specific models, we train
a RoBERTa (Liu et al., 2019) base model (110M
parameters), omitting the auxiliary Next Sentence
Prediction task used in the original BERT, and
just using the masked language modeling as the
pre-training objective. The model is trained for
48 hours using 16 NVIDIA V100 GPUs of 16GB
DDRAM, instead of 32 GB as in most works. For
fitting an effective batch size of 2,048 sequences,
we use gradient accumulation as implemented in
Fairseq (Ott et al., 2019). Otherwise, we use the
same hyperparameters as in the original RoBERTa,
with a peak learning rate of 0.0005. We feed en-
tire documents21 instead of stand-alone sentences,
fostering the modeling of long-range dependencies.
We refer to the resulting model as BERTa.

6 Evaluation

We evaluate BERTa comparing the performances
with two well-known multilingual baselines,
mBERT and XLM-RoBERTa,22 and another mono-
lingual baseline, WikiBERT-ca (the Catalan Wik-
iBERT by Pyysalo et al., 2020), on a variety of
downstream tasks.

21We truncate those documents exceeding the maximum
number of tokens.

22In this work, we always use a base model version with 12
layers, for a fair comparison.

6.1 Fine-tuning

For evaluating our model against the existing base-
lines, we use common practices in the literature.
For doing so, we leverage the Huggingface Trans-
formers library (Wolf et al., 2019). For each task,
we attach a linear layer to the models and fine tune
with the training set of the specific dataset. For
tasks involving tokens classification, we use the
first token of the last output layer. Specifically, in
the case of the BERT model, we use the [CLS]
token while for the RoBERTa models we use the
<s> token. We train each model under the same
settings (see Table 3 for dataset splits) across tasks
consisting of 10 training epochs, with an effective
batch size of 32 instances, a max input length of
384 tokens and a learning rate of 5e−5. The rest
of the hyperparameters are set to the default values
in Huggingface Transformers.23 We select the best
checkpoint as per the task-specific metric in the
corresponding validation set, and then evaluate it
on the test set. We report the results and metrics
used in Table 4.

6.2 Impact of fine-tuning data size

To show the impact of the fine-tuning data size on
the tasks performances, we incrementally increase
the fine-tuning data size and fine-tune on down-
stream tasks. We choose TC and QA because they
have enough data to study the size effect across
several magnitudes ranging from a minimum of
102 to a maximum of 104 examples. In the case
of TC, we reduce the fine-tuning data by perform-
ing a stratified sampling that preserves the original
distribution of examples per label, while for QA
we just sample random examples corresponding
to a given size. Figures 1, for QA, and 2, for TC,
show the results of the studied models in the test
set of the corresponding tasks, when progressively
increasing the amount of instances in the train set.

6.3 Data contamination

As studied in Brown et al. (2020), data contami-
nation refers to the inclusion of content from test
or development sets into the training corpora used
for language model pre-training. Consequently,
the effect of contamination might have an impact
on the downstream tasks performances, distorting
them. In our case, we measure the effect of data

23https://github.com/huggingface/
transformers/blob/master/src/
transformers/training_args.py
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model NERC POS STS TC QA (ViquiQuAD) QA (XQuAD)
BERTa 88.13 (2) 98.97 (10) 79.73 (5) 74.16 (9) 86.97/72.29 (9) 68.89/48.87 (9)

+ decontaminate 89.10 (6) 98.94 (6) 81.13 (8) 73.84 (10) 86.50/70.82 (6) 68.61/47.26 (6)
mBERT 86.38 (9) 98.82 (9) 76.34 (9) 70.56 (10) 86.97/72.22 (8) 67.15/46.51 (8)
WikiBERT-ca 77.66 (9) 97.60 (6) 77.18 (10) 73.22 (10) 85.45/70.75 (10) 65.21/36.60 (10)
XLM-RoBERTa 87.66 (8) 98.89 (10) 75.40 (10) 71.68 (10) 85.50/70.47 (5) 67.10/46.42 (5)

Table 4: Results for the downstream tasks using different metrics. We use F1 for POS and NERC, accuracy for
TC, an average of Pearson and Spearman coefficient for STS and F1/Exact Match for QA. We also report within
round brackets the best epoch on the dev set.
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Figure 1: QA performance depending on the number
of training examples.
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Figure 2: TC performance depending on the number of
training examples.

contamination produced by those sentences used
during language model training and, after being
annotated, as part of our evaluation benchmark.
Specifically, the STS, TC, and QA benchmarks
(unlike the NERC and POS ones) are indeed con-
taminated since some examples are built from the
Catalan Wikipedia and ACN sources. Actually,
about the 0.078% of the training corpora (57,187
out of 73,172,152 sentences) are responsible for
contamination. Therefore we train our BERTa
model in two settings, one which includes these
sentences and the other which does not include
them. Note that all the compared models (mBERT,
WikiBERT-ca, XLM-RoBERTa) have some degree
of data contamination, since all of them include
the Catalan Wikipedia as part of their training cor-
pora. We show the results of BERTa along with
BERTa-decontaminate in Table 4.

7 Discussion

Downstream tasks: Our model obtains better re-
sults in different benchmarking settings, ranging
from simpler tasks with large training data sets
(TC) to more advanced tasks with medium data
(QA) and really complex tasks with small training
data (STS).

In the case of NERC, BERTa clearly outperforms
the existing baselines. In the case of POS, it also
obtains better results, but only by a slight margin,
being a considerably easy task, for which the exist-
ing models are already extremely competitive. For
TC, BERTa also outperforms mBERT and XLM-
RoBERTa models (by a larger margin when it has
not been decontaminated). For QA, as measured in
the ViquiQuAD dataset, only the version of BERTa
that has not been decontaminated equals mBERT
and is slightly better than XLM-RoBERTa. Note,
however, that both mBERT and XLM-RoBERTa
are equally contaminated, as pointed out in 6.3.
When measured in the XQuAD-ca dataset, BERTa
outperforms both models. Finally, for STS, BERTa
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outperforms mBERT and XLM-RoBERTa in 4.79
and 3.95 points respectively.

Interestingly, in the case of the XQuAD test, we
are evaluating with a test set from a different distri-
bution (i.e. it does not belong to our original split).
Here, BERTa also outperforms all the baselines.

Error analysis and Question Answering: For
the QA task, many of the errors detected are due to
the inclusion or not of articles and punctuation in
the answers. Based on this observation, we adopt
the strategy introduced in Lewis et al. (2020) and
we ignore initial articles when evaluating. The F1
results improve by at least one percentage point,
while the exact match metric increases even more
when measured using this MLQA24 evaluation stan-
dard that discounts for initial articles.

Size matters, quality too: One of the goals of
our work has been to estimate the effect of cor-
pus size in the results. Although to the best of
our knowledge, CaText is one of smallest datasets
used to train monolingual language models, we
note that this data is roughly 8 times the size of
the Catalan Wikipedia, used to train WikiBERT-ca,
as well as the Catalan portion of mBERT. Interest-
ingly, XLM-RoBERTa, built on a filtered version
of CommonCrawl, contains a portion of Catalan
comparable in size to CaText.25 In the line of Fin-
BERT (Virtanen et al., 2019), we think that BERTa
compensates for the relative scarcity of pre-training
data with the quality of this data by using a rigorous
filtering process. This is supported by the fact that
XLM-RoBERTa, with a Catalan portion compara-
ble in size to our corpus, has a consistently lower
performance, not only with respect to our model,
but also with respect to mBERT, which contains
a smaller but cleaner portion of Catalan. While
results for WikiBERT-ca seem to indicate that a
Catalan model solely trained on the Wikipedia may
not be enough in most cases, our results show that
a model with sufficient diverse monolingual data
that has been curated and cleaned, can outperform
large multilingual models. Still, the question of
how much data is enough remains unanswered.

Decontamination: We experimentally observe
that our model generally benefits from data contam-
ination in terms of performance, with a remarkable

24https://github.com/facebookresearch/
MLQA

25See Appendix in Conneau et al. (2020).

difference in the exact match metrics for QA, as
shown in Table 4.

A more intricate error analysis on the predic-
tions for QA of both our BERTa models (with and
without contamination) sheds light on the issue
of decontamination. While the sole difference be-
tween these two is the inclusion of these sentences,
we observe an improvement in exact match correct
answers for the model that has not been decontam-
inated, and suspect this might be due to the fact
that the model has indeed memorized the questions;
nonetheless, more investigation is needed in this
regard.

This posits the question of whether the metrics
obtained in these kinds of benchmarks are only in-
dicative of the actual performance in the tasks with
sentences different from those in the pre-training
corpus, or otherwise reflect a certain memorization
of the evaluation sentences. Still, the decontami-
nated BERTa outperforms the baselines in all test
sets (including the explicitly decontaminated ones)
except for ViquiQuAD (in which mBERT is supe-
rior to the decontaminated BERTa), hinting that
BERTa is better than the other models regardless
of the possible effects of their contamination.

Note also that for the TC setting, the monolin-
gual WikiBERT-ca model also beats multilingual
models. In this scenario, neither WikiBERT-ca nor
the multilingual models have unlabeled data from
the training set in their pre-training datasets. It
is, therefore, an uncontaminated scenario where a
small monolingual model clearly beats the multi-
lingual ones.

Varying fine-tuning data size in downstream
tasks: We experiment with different data sizes
for the train sets of the QA and TC tasks, as shown
in Figure 1.26 Surprisingly, mBERT starts from a
relatively high score, especially for QA, showing
remarkably transfer capabilities when only a few
examples are available. We point out that in the
case of TC, as shown in Figure 2, starting from
about 500 examples, BERTa models always remain
above the baselines. Overall, all the curves show a
constant progression up to 75% of training data and
then seems to exhibit a slightly decreasing tendency
in the case of multilingual models indicating they
are approaching a plateau. Instead, monolingual
ones still displays signs of improvement. For TC,
Catalan-specific models, especially BERTa, show

26This figure shows F1 score. In the Appendix C, we pro-
vide the results for the exact match evaluation as well.
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a better performance. Having a language-specific
vocabulary may be helpful to further exploit in-
creasing fine-tuning data.

8 Conclusions

We have demonstrated that it is worth to build
a monolingual model for a moderately under-
resourced language, even if it belongs to an over-
represented linguistic family in multilingual mod-
els, such as the Romance language family. Our
model outperforms the multilingual SOTA scores
in all downstream tasks, as well as the monolingual
scores from WikiBERT-ca, trained on a smaller and
less varied corpus. Furthermore, by developing this
model, we have contributed to the creation of open-
source resources for Catalan, both for training and
evaluation, that will encourage the development of
technology in this language. We believe our meth-
ods can serve both as a recipe and a motivation for
other languages in similar situations. In addition,
we also release the cleaning pipeline used to build
CaText, supporting 100+ languages.

As future work, we suggest further investigat-
ing the effect of contamination by explicitly study-
ing the relation between memorization and perfor-
mance in the exact match evaluation in QA. In
addition, we propose conducting experiments for
quantifying the effect of the data size, data cleaning,
and data diversity (e.g., just Wikipedia vs. crawl-
ings).
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Broader impacts

Regarding possible environmental concerns, train-
ing new language-specific models is costly29 and
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one could argue that it could be avoided if a mul-
tilingual baseline performs well enough. How-
ever, we observe improvements that justify training
from scratch another model. In addition, language-
specific models are potentially more efficient, in-
cluding inference, since their tokenizers generate
less tokens.

As far as the model itself is concerned, we hy-
pothesize that the pre-training corpus will have dif-
ferent biases and the model might reproduce them,
so users must be aware of this issue. Nevertheless,
with this work we contribute to an under-resourced
language and open the door to follow similar ap-
proaches to other languages in similar situations,
which can encourage a less English-centric view in
the field of NLP.
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A Vocabularies

BERTa mBERT WikiBERT-ca XLM-RoBERTa Tokens number
7 52,000

7 119,547
7 20,101

7 250,002
∩ ∩ 11,251
∩ ∩ 17,207
∩ ∩ 13,063

Table 5: Number of tokens and vocabularies intersection.

B Datasets

Bussiness
2.5%
Education
2.5%
Music
2.6%
Environment
2.8%
Parliament
3.8%
Economy
4.6%
Health
4.9%
Police
5.0%
Judicial
5.2%
Events
7.1%

Society
22.6%

Politics
16.7%

Parties
9.1%

Figure 3: Label distribution of the Text Classification dataset. Here, we show the distribution of the filtered dataset,
that is, keeping the labels with at least 2,000 instances.
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XQuAD-ca ViquiQuAD
Paragraph 48 597
Context 240 3,124
Total sentences 1,176 10,315
Sentences/context 4.9 3.30
Tokens in context 40,056 470,932
Tokens in questions 15,417 145,827
Tokens in questions/questions 12.96 9.59
Tokens in questions/tokens in context 0.38 0.31
Tokens in answers 4,436 63,596
Tokens in answers/answers 3.73 4.18
Tokens in answers/tokens in context 0.11 0.13

Table 6: Statistics on the number of tokens in contexts, questions, and answers in our QA datasets

XQuAD-ca ViquiQuAD SQuAD FQuAD
Lexical variation 33.0% 7.0% 33.3% 35.2%
World knowledge 16.0% 17.0% 9.1% 11.1%
Syntactic variation 35.0% 43.0% 64.1% 57.4%
Multiple sentence 17.0% 9.0% 13.6% 17.6%

Table 7: Question-answer reasoning typology. For XQuAD and ViquiQuad, we sampled 100 random question-
answer pairs and classified them manually.

XQuAD-ca ViquiQuAD XQuAD-en FQuAD
Which? 43.21% 22.08% 7.06% 47.8%
What? 16.42% 26.45% 57.31% 4.1%
Who? 10.94% 13.61% 10.00% 12.2%
How many? 8.3% 5.72% 6.55% 5.6%
How? 8.02% 12.41% 5.13% 6.8%
When? 6.79% 6.75% 7.14% 7.6%
Why? 1.51% 2.46% 1.26% 5.3%
Where? 3.58% 10.3 % 3.86% 9.6%
Other 1.23% 0.16% 1.93% 1.00%

Table 8: Question type frequencies. Differences between XQuAD-ca and XQuAD-en are explained because there
is not an unique translation of the pronouns.
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Abstract

Transfer learning from pre-trained neural lan-
guage models towards downstream tasks has
been a predominant theme in NLP recently.
Several researchers have shown that deep NLP
models learn non-trivial amount of linguis-
tic knowledge, captured at different layers of
the model. We investigate how fine-tuning
towards downstream NLP tasks impacts the
learned linguistic knowledge. We carry out a
study across popular pre-trained models BERT,
RoBERTa and XLNet using layer and neuron-
level diagnostic classifiers. We found that
for some GLUE tasks, the network relies on
the core linguistic information and preserve it
deeper in the network, while for others it for-
gets. Linguistic information is distributed in
the pre-trained language models but becomes
localized to the lower layers post-fine-tuning,
reserving higher layers for the task specific
knowledge. The pattern varies across architec-
tures, with BERT retaining linguistic informa-
tion relatively deeper in the network compared
to RoBERTa and XLNet, where it is predomi-
nantly delegated to the lower layers.

1 Introduction

Contextualized word representations learned in
transformer-based language models capture rich
linguistic knowledge, making them ubiquitous for
transfer learning towards downstream NLP prob-
lems such as Natural Language Understanding
tasks e.g. GLUE (Wang et al., 2018). The general
idea is to pretrain representations on large scale un-
labeled data and adapt these towards a downstream
task using supervision.

Descriptive methods in neural interpretability
investigate what knowledge is learned within the
representations through relevant extrinsic phe-
nomenon varying from word morphology (Vylo-
mova et al., 2016; Belinkov et al., 2017a; Dalvi
et al., 2017) to high level concepts such as structure

(Shi et al., 2016; Linzen et al., 2016) and seman-
tics (Qian et al., 2016; Belinkov et al., 2017b) or
more generic properties such as sentence length
(Adi et al., 2016; Bau et al., 2019). These studies
are carried towards analyzing representations from
pre-trained models. However, it is important to
investigate how this learned knowledge evolves as
the models are adapted towards a specific task from
the more generic task of language modeling (Peters
et al., 2018) that they are primarily trained on.

In this work, we analyze representations of 3
popular pre-trained models (BERT, RoBERTa and
XLnet) with respect to morpho-syntactic and se-
mantic knowledge, as they are fine-tuned towards
GLUE tasks. More specifically we investigate i) if
the fine-tuned models retain the same amount of
linguistic information, ii) how this information is
redistributed across different layers and individual
neurons. To this end, we use Diagnostic Classifiers
(Hupkes et al., 2018; Conneau et al., 2018), a pop-
ular framework for probing knowledge in neural
models. The central idea is to extract feature repre-
sentations from the network and train an auxiliary
classifier to predict the property of interest. The
quality of the trained classifier on the given task
serves as a proxy to the quality of the extracted
representations w.r.t to the understudied property
(Belinkov et al., 2020).

We carry layer-wise (Liu et al., 2019a) and
neuron-level probing analyses (Dalvi et al., 2019a)
to study the fine-tuned representations. The former
probes representations from individual layers w.r.t
a linguistic property and the latter finds salient neu-
rons in the network that capture the property. Fine-
tuning involves adjusting feature weights, therefore
it is important to look at the individual neurons to
uncover important details, in addition to a more
holistic layer-wise view.

Our layer-wise analysis shows: i) that some
GLUE tasks rely on core linguistic knowledge and

4947



the model preserves the information deeper in the
network, while for others it is retained only in the
lower layers ii) interesting cross-architectural dif-
ferences with knowledge regressed to lower lay-
ers in RoBERTa and XLNet as opposed to BERT
where it is still retained at the higher layers. Our
neuron-wise analysis shows: i) salient linguistic
neurons are relocated from the higher to lower lay-
ers, reinforcing our layer-wise results, ii) that lin-
guistic information becomes less distributed and
less redundant in the network post fine-tuning.

Finally, we show how our analysis entails find-
ings in layer pruning. Dropping higher layers of the
models maintains comparable performance to fine-
tuning the full network, with linguistic information
regressed to the lower layers. Conversely, prun-
ing the lower layers (which hold the core linguistic
information) leads to substantial degradation in per-
formance.

In comparison to the related work done in this
direction, our findings resonate with Merchant et al.
(2020) who found that fine-tuning primarily affects
top layers and does not lead to “catastrophic forget-
ting of linguistic phenomena” in BERT. However,
we found that other models like RoBERTa and
XLNet, which they did not study, see a substan-
tial drop in accuracy even at the lower layers and
start forgetting linguistic knowledge much earlier
in the network. In contrast to Mosbach et al. (2020),
we study core-linguistic phenomena whereas their
study is based on sentence level probing tasks. Dif-
ferently from both, we carry out a fine-grained
neuron analysis which sheds light on how neurons
are distributed and relocated post fine-tuning. Our
work complements their findings while extending
the layer-wise analysis to core-linguistic tasks and
additionally looking at the distribution and reloca-
tion of neurons after fine-tuning.

2 Methodology

Our methodology is based on the probing frame-
work called as Diagnostic Classifiers. We train a
classifier using the activations generated from the
trained neural network as static features, towards
the task of predicting a certain linguistic property.
The underlying assumption is that if the classifier
can predict the property, the representations im-
plicitly encode this information. We train layer-
and neuron-wise probes using logistic-regression
classifiers. Formally, consider a pre-trained neural
language model M with L layers: {l1, l2, . . . , lL}.

Given a dataset D = {w1, w2, ..., wN} with a
corresponding set of linguistic annotations T =
{tw1 , tw2 , ..., twN }, we map each word wi in the
data D to a sequence of latent representations:
D M7−→ z = {z1, . . . , zn}. The model is trained
by minimizing the following loss function:

L(θ) = −
∑

i

logPθ(twi |wi) + λ1‖θ‖1 + λ2‖θ‖22

where Pθ(twi |wi) = exp(θl·zi)∑
l′ exp(θl′ ·zi)

is the probabil-
ity that word i is assigned property twi . We extract
representations from the individual layers for our
layer-wise analysis and the entire network for the
neuron-analysis. We use the Linguistic Correla-
tion Analysis as described in Dalvi et al. (2019a),
to generate a neuron ranking with respect to the
understudied linguistic property: Given the trained
classifier θ ∈ RD×T , the algorithm extracts a rank-
ing of the D neurons in the model M based on
weight distribution. The elastic-net regularization
(Zou and Hastie, 2005) – a combination of λ1‖θ‖1
and λ2‖θ‖22 is used to strike a balance between
identifying focused (L1) versus distributed (L2)
neurons. The weights for the regularization terms
are tuned using a grid-search algorithm.

Following Durrani et al. (2020), we extract
salient neurons for a linguistic property by itera-
tively choosing the top N neurons from the ranked
list and retrain the classifier using these neurons,
until the classifier obtains an accuracy close (within
a specified threshold δ) to the Oracle – accuracy
of the classifier trained using all the features in the
network.

3 Experimental Setup

Pre-trained Neural Language Models: We ex-
perimented with 3 transformer models: BERT (De-
vlin et al., 2019), RoBERTa (Liu et al., 2019b)
and XLNet (Yang et al., 2019) using the base ver-
sions (13 layers and 768 dimensions). This choice
of architectures leads to an interesting compari-
son between auto-encoder versus auto-regressive
models. The models were then fine-tuned towards
GLUE tasks of which we experimented with SST-2
for sentiment analysis with the Stanford sentiment
treebank (Socher et al., 2013), MNLI for natural
language inference (Williams et al., 2018), QNLI
for Question NLI (Rajpurkar et al., 2016), RTE for
recognizing textual entailment (Bentivogli et al.,
2009), MRPC for Microsoft Research paraphrase
corpus (Dolan and Brockett, 2005), and STS-B
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(a) BERT – POS (b) RoBERTa – POS (c) XLNet – POS

(d) BERT – Chunking (e) RoBERTa – Chunking (f) XLNet – Chunking

Figure 1: Layer-wise Probing Performance. Baseline refers to the performance of the pre-trained models without
any finetuning.

for the semantic textual similarity benchmark (Cer
et al., 2017). All the models were fine-tuned with
the identical settings and we did 3 independent
runs.

Linguistic Properties: We evaluated our
method on 3 linguistic tasks: POS tagging using
the Penn TreeBank (Marcus et al., 1993), syntactic
chunking using CoNLL 2000 shared task dataset
(Tjong Kim Sang and Buchholz, 2000), and
semantic tagging using the Parallel Meaning Bank
data (Abzianidze et al., 2017). We used standard
splits for training, development and test data.

Classifier Settings: We used a linear probing
classifier with elastic-net regularization, using a
categorical cross-entropy loss, optimized by Adam
(Kingma and Ba, 2014). Training is run with shuf-
fled mini-batches of size 512 and stopped after 10
epochs. The regularization weights are trained us-
ing grid-search. For sub-word based models, we
use the last activation value to be the representative
of the word following Durrani et al. (2019). We
computed selectivity (Hewitt and Liang, 2019) to
ensure that our results reflect the property of repre-
sentations and not the probe’s capacity to memo-
rize. Please see Appendix for details.

4 Analysis

4.1 Layer-wise Probing

First we train layer-wise probes to show how lin-
guistic knowledge is redistributed across the net-

work as we fine-tune it towards downstream tasks.
Figure 1 shows results for POS and Chunking
tasks.1 We found varying observations across dif-
ferent GLUE tasks.

Comparing GLUE tasks: We found that lin-
guistic phenomena are more important for cer-
tain downstream tasks, for example STS, RTE and
MRPC where they are preserved in the higher lay-
ers post fine-tuning, as opposed to others, for exam-
ple SST, QNLI and MNLI where they are forgotten
in the higher layers. It would be interesting to study
this further by connecting linguistic probes with
any causation analysis on these tasks. Such an anal-
ysis would shed light on what concepts are used
by the network while making predictions and why
such information is forgotten for certain tasks. We
leave this exploration for future.

Comparing Architectures: We found that pre-
trained models behave differently in preserving
information post fine-tuning. In the case of BERT,
linguistic knowledge is fully preserved until layer
9, after which different task-specific models drop
to varying degree, with SST and QNLI showing
significant drop compared to others. An excep-
tion to this overall trend is MNLI where we start
seeing a decline in performance earlier (between
layers 5 − 7). Contrastingly RoBERTa and XL-
Net show a depreciation in linguistic knowledge
as early as layer 5. Also the drop is much more

1The observations are consistent for semantic tagging.
Please see Appendix for results.
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catastrophic in these two models with accuracy
dropping by more than 35% in RoBERTa and 70%
in XLNet. These results indicate that BERT retains
its primarily learned linguistic knowledge and uses
only a few of the final layers for fine-tuning, as
opposed to XLNet and RoBERTa, where linguistic
knowledge is retained only in the lower half of the
network. Another cross-architectural observation
that we made was that in RoBERTa and XLNet,
the fine-tuned models do not ever reach the base-
line performance (i.e. accuracy before fine-tuning
– See Figure 1) at any layer, although the loss is
< 2%. We conjecture this discrepancy is due to
the fact that the knowledge is more redundant and
polysemous in the case of BERT, compared to XL-
Net, where it is more localized (also observed in
Durrani et al. (2020)). Consequently, during fine-
tuning XLNet and RoBERTa are more likely to
lose linguistic information that is unimportant to
the downstream task. We discuss this further in our
neuron-analysis section.

4.2 Neuron-wise Probing

In our second set of experiments, we conducted
analysis at a more fine-grained neuron level using
Linguistic Correlation Method (Dalvi et al., 2019a).
We extract the most salient neurons w.r.t a linguistic
property (e.g. POS) and compare how the distribu-
tion of such neurons changes across the network as
it is fine-tuned towards a downstream GLUE task.
We use the weights of the trained classifier to rank
neurons and select minimal set of salient neurons
that give the same classifier accuracy as using the
entire network in the baseline model. We found 5%
neurons for POS and SEM tagging tasks and 10%
for the Chunking tagging were sufficient to achieve
the baseline performance.

Information becomes less distributed in the
fine-tuned XLNet and RoBERTa models post
fine-tuning: Table 1 shows accuracy of the clas-
sifier selecting the most (top) and least (bottom)
5% salient neurons on the task of POS tagging.2

We observed that the bottom neurons in the fine-
tuned models show a significant drop in perfor-
mance, compared to the baseline model in the case
of RoBERTa and XLNet. These results show that
the information is more redundant in the baseline
models as bottom neurons also preserved linguis-
tic knowledge. On the contrary the information
becomes more localized and less distributed in

2See Appendix for SEM and Chunking tagging.

BERT RoBERTa XLNet
Tasks Top Bot. Top Bot. Top Bot.

Base 96.0 94.9 96.7 95.3 96.5 91.2

MRPC 95.9 94.6 95.6 91.9 95.2 78.8
QNLI 96.0 94.6 95.8 84.3 94.7 10.3
MNLI 95.8 93.9 95.4 84.8 94.9 41.1
RTE 95.9 94.8 95.6 90.4 95.2 87.9
SST 95.9 94.2 95.6 60.4 95.0 35.2
STS 95.9 94.6 95.7 85.9 95.1 88.1

Table 1: POS accuracy – Top vs. Bottom neurons

the fine-tuned models. The bottom neurons in the
fine-tuned BERT changed the least, showing that
linguistic information is still redundant and dis-
tributed in BERT.

How do salient neurons spread across the net-
work layers? Previously we investigated how
representations in each layer change w.r.t linguistic
task. Now we study how the spread of the most
salient neurons changes across the fine-tuned mod-
els. Figure 2 shows results for the selected GLUE
tasks.3 Notice how the most salient linguistic neu-
rons shift from the higher layers towards the lower
layers in RoBERTa and XLNet. This is especially
pronounced in the case of Roberta-SST and XLNet-
QNLI (See Figures 1e and 1f), where the number
of salient chunking neurons significantly increased
in the lower layers and droped in the higher layers,
compared to the baseline. These findings reinforces
our layer-wise results and additionally show how
more responsibility is delegated to the neurons in
the lower layers. Contrastingly, BERT did not ex-
hibit this behavior. These results are inline with
Durrani et al. (2020), who also found linguistic
properties in XLNet to be localized to the lower
layers4 and fewer neurons and mutually exclusive
as compared to BERT where neurons are highly
polysemous5 and therefore more redundant. Their
finding helps us explain why XLNet forgets lin-
guistic information that is unimportant to the down-
stream task more catastrophically.

5 Network Pruning

Our layer and neuron-wise analyses showed that
core linguistic knowledge is redundant and dis-
tributed in the large pre-trained models. But as
they are fine-tuned towards a down-stream task,

3See Appendix for all tasks and linguistic properties.
4Similarly (Wu et al., 2020) reported lower and middle

layers of XLNet to have the most salient features.
5attend to multiple linguistic phenomenon
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(a) BERT – SEM (b) RoBERTa – SEM (c) XLNet – SEM

(d) BERT – Chunking (e) RoBERTa – Chunking (f) XLNet – Chunking

Figure 2: Distribution of top neurons across layers

it is relocated and localized to lower layers, with
higher layers focusing on the task-specific infor-
mation. In this section, we show that our findings
explain patterns in layer pruning. We question
How important is the linguistic knowledge for
these downstream NLP tasks? Following Sajjad
et al. (2020) we prune top and bottom (excluding
the embedding layer) 6 layers of the network in
two separate experiments and compare architec-
tures. Table 2 shows that removing bottom layers
of the network in RoBERTa and XLNet leads to
more damage compared to BERT. How do these
findings resonate with our analysis? We showed
that BERT retains linguistic information even at the
higher layers of the model as opposed to RoBERTa
where it is preserved predominantly at the lower
layers. Removing the bottom 6 layers in RoBERTa
leads to a bigger drop because the network is com-
pletely deprived of the linguistic knowledge. Lin-
guistic knowledge is more distributed in BERT and
preserved at the higher layers also which leads to a
smaller drop as it can still access this information.
We leave a detailed exploration on this for future.

6 Conclusion

We studied how linguistic knowledge evolves as the
pre-trained language models are adapted towards
downstream NLP tasks. We fine-tuned three popu-
lar models (BERT, RoBERTa and XLNet) towards
GLUE benchmark and analyzed representations
against core morpho-syntactic knowledge. We used

Tasks SST MNLI QNLI

BERT
Baseline 92.4 84.0 91.1
Prune Top 6 90.3 81.2 87.6
Prune Bottom 6 88.1 78.4 83.7

RoBERTa
Baseline 92.2 86.4 91.7
Prune Top 6 92.0 84.4 90.0
Prune Bottom 6 83.7 61.6 63.7

XLNet
Baseline 93.9 86.0 90.4
Prune Top 6 92.2 83.5 88.0
Prune Bottom 6 87.5 68.1 83.0

Table 2: Pruning Layers in the Models

probing classifiers to carry out layer and neuron-
wise analyses. Our results showed that morpho-
syntactic knowledge is preserved at the higher lay-
ers in some GLUE tasks (e.g. STS, MRPC and
RTE), while forgotten and only retained at the
lower layers in others (MNLI, QNLI and SST).
Comparing architectures, we found that BERT re-
tains linguistic knowledge deeper in the network.
In the case of RoBERTa and XLNet, the informa-
tion is only preserved in the middle layers. This
discrepancy is due to the fact that neurons in BERT
are more polysemous and distributed as opposed to
XLNet and RoBERTa where they are more local-
ized (towards lower layers) and mutually exclusive.
We showed that this difference in architectures, en-
tails different patterns as we prune top or bottom
layers in the network. Our code is publicly as part
of the NeuroX toolkit (Dalvi et al., 2019b).
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Ethics and Broader Impact

For this study, we used existing publicly available
data sets while following their terms in the licenses.
We do not see any harm or ethical issues result-
ing from our study and findings. Our study has
implications towards the work on interpreting and
analyzing deep models.
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Gazpio, and Lucia Specia. 2017. SemEval-2017
task 1: Semantic textual similarity multilingual and
crosslingual focused evaluation. In Proceedings
of the 11th International Workshop on Semantic

Evaluation (SemEval-2017), pages 1–14, Vancouver,
Canada. Association for Computational Linguistics.

Alexis Conneau, German Kruszewski, Guillaume Lam-
ple, Loı̈c Barrault, and Marco Baroni. 2018. What
you can cram into a single vector: Probing sentence
embeddings for linguistic properties. In Proceed-
ings of the 56th Annual Meeting of the Association
for Computational Linguistics (ACL).

Fahim Dalvi, Nadir Durrani, Hassan Sajjad, Yonatan
Belinkov, D. Anthony Bau, and James Glass. 2019a.
What is one grain of sand in the desert? analyzing
individual neurons in deep nlp models. In Proceed-
ings of the Thirty-Third AAAI Conference on Artifi-
cial Intelligence (AAAI, Oral presentation).

Fahim Dalvi, Nadir Durrani, Hassan Sajjad, Yonatan
Belinkov, and Stephan Vogel. 2017. Understanding
and Improving Morphological Learning in the Neu-
ral Machine Translation Decoder. In Proceedings
of the 8th International Joint Conference on Natural
Language Processing (IJCNLP).

Fahim Dalvi, Avery Nortonsmith, D. Anthony Bau,
Yonatan Belinkov, Hassan Sajjad, Nadir Durrani,
and James Glass. 2019b. NeuroX: A toolkit for an-
alyzing individual neurons in neural networks. In
Proceedings of the AAAI Conference on Artificial In-
telligence (AAAI), Honolulu, US.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short Papers),
pages 4171–4186, Minneapolis, Minnesota. Associ-
ation for Computational Linguistics.

William B. Dolan and Chris Brockett. 2005. Automati-
cally constructing a corpus of sentential paraphrases.
In Proceedings of the Third International Workshop
on Paraphrasing (IWP2005).

Nadir Durrani, Fahim Dalvi, Hassan Sajjad, Yonatan
Belinkov, and Preslav Nakov. 2019. One size does
not fit all: Comparing NMT representations of dif-
ferent granularities. In Proceedings of the 2019
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, Volume 1 (Long and Short
Papers), pages 1504–1516, Minneapolis, Minnesota.
Association for Computational Linguistics.

Nadir Durrani, Hassan Sajjad, Fahim Dalvi, and
Yonatan Belinkov. 2020. Analyzing individual neu-
rons in pre-trained language models. In Proceed-
ings of the 2020 Conference on Empirical Methods
in Natural Language Processing (EMNLP), pages
4865–4880, Online. Association for Computational
Linguistics.

4952



John Hewitt and Percy Liang. 2019. Designing and
interpreting probes with control tasks. In Proceed-
ings of the 2019 Conference on Empirical Methods
in Natural Language Processing and the 9th Inter-
national Joint Conference on Natural Language Pro-
cessing (EMNLP-IJCNLP), pages 2733–2743, Hong
Kong, China. Association for Computational Lin-
guistics.

Dieuwke Hupkes, Sara Veldhoen, and Willem Zuidema.
2018. Visualisation and ’diagnostic classifiers’ re-
veal how recurrent and recursive neural networks
process hierarchical structure.

Diederik Kingma and Jimmy Ba. 2014. Adam: A
Method for Stochastic Optimization. arXiv preprint
arXiv:1412.6980.

Tal Linzen, Emmanuel Dupoux, and Yoav Goldberg.
2016. Assessing the Ability of LSTMs to Learn
Syntax-Sensitive Dependencies. Transactions of the
Association for Computational Linguistics, 4:521–
535.

Nelson F. Liu, Matt Gardner, Yonatan Belinkov,
Matthew E. Peters, and Noah A. Smith. 2019a. Lin-
guistic knowledge and transferability of contextual
representations. In Proceedings of the 2019 Confer-
ence of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long and Short Pa-
pers), pages 1073–1094, Minneapolis, Minnesota.
Association for Computational Linguistics.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019b.
Roberta: A robustly optimized bert pretraining ap-
proach.

Mitchell P. Marcus, Beatrice Santorini, and Mary Ann
Marcinkiewicz. 1993. Building a large annotated
corpus of English: The Penn Treebank. Computa-
tional Linguistics, 19(2):313–330.

Amil Merchant, Elahe Rahimtoroghi, Ellie Pavlick,
and Ian Tenney. 2020. What happens to BERT em-
beddings during fine-tuning? In Proceedings of the
Third BlackboxNLP Workshop on Analyzing and In-
terpreting Neural Networks for NLP, pages 33–44,
Online. Association for Computational Linguistics.

Marius Mosbach, Anna Khokhlova, Michael A. Hed-
derich, and Dietrich Klakow. 2020. On the Interplay
Between Fine-tuning and Sentence-level Probing for
Linguistic Knowledge in Pre-trained Transformers.
In Findings of the Association for Computational
Linguistics: EMNLP 2020, pages 2502–2516, On-
line. Association for Computational Linguistics.

Matthew Peters, Mark Neumann, Mohit Iyyer, Matt
Gardner, Christopher Clark, Kenton Lee, and Luke
Zettlemoyer. 2018. Deep contextualized word rep-
resentations. In Proceedings of the 2018 Confer-
ence of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long Papers), pages

2227–2237, New Orleans, Louisiana. Association
for Computational Linguistics.

Peng Qian, Xipeng Qiu, and Xuanjing Huang. 2016.
Investigating Language Universal and Specific Prop-
erties in Word Embeddings. In Proceedings of the
54th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
1478–1488, Berlin, Germany. Association for Com-
putational Linguistics.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and
Percy Liang. 2016. SQuAD: 100,000+ questions for
machine comprehension of text. In Proceedings of
the 2016 Conference on Empirical Methods in Natu-
ral Language Processing, pages 2383–2392, Austin,
Texas. Association for Computational Linguistics.

Hassan Sajjad, Fahim Dalvi, Nadir Durrani, and
Preslav Nakov. 2020. Poor man’s bert: Smaller and
faster transformer models.

Xing Shi, Inkit Padhi, and Kevin Knight. 2016. Does
string-based neural MT learn source syntax? In Pro-
ceedings of the 2016 Conference on Empirical Meth-
ods in Natural Language Processing, EMNLP ’16,
pages 1526–1534, Austin, TX, USA.

Richard Socher, Alex Perelygin, Jean Wu, Jason
Chuang, Christopher D. Manning, Andrew Ng, and
Christopher Potts. 2013. Recursive deep models
for semantic compositionality over a sentiment tree-
bank. In Proceedings of the 2013 Conference on
Empirical Methods in Natural Language Processing,
pages 1631–1642, Seattle, Washington, USA. Asso-
ciation for Computational Linguistics.

Erik F. Tjong Kim Sang and Sabine Buchholz. 2000.
Introduction to the CoNLL-2000 shared task chunk-
ing. In Fourth Conference on Computational Nat-
ural Language Learning and the Second Learning
Language in Logic Workshop.

Ekaterina Vylomova, Trevor Cohn, Xuanli He, and
Gholamreza Haffari. 2016. Word Representa-
tion Models for Morphologically Rich Languages
in Neural Machine Translation. arXiv preprint
arXiv:1606.04217.

Alex Wang, Amanpreet Singh, Julian Michael, Fe-
lix Hill, Omer Levy, and Samuel Bowman. 2018.
GLUE: A multi-task benchmark and analysis plat-
form for natural language understanding. In Pro-
ceedings of the 2018 EMNLP Workshop Black-
boxNLP: Analyzing and Interpreting Neural Net-
works for NLP, pages 353–355, Brussels, Belgium.
Association for Computational Linguistics.

Adina Williams, Nikita Nangia, and Samuel Bowman.
2018. A broad-coverage challenge corpus for sen-
tence understanding through inference. In Proceed-
ings of the 2018 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Volume
1 (Long Papers), pages 1112–1122, New Orleans,

4953



Louisiana. Association for Computational Linguis-
tics.

John Wu, Yonatan Belinkov, Hassan Sajjad, Nadir Dur-
rani, Fahim Dalvi, and James Glass. 2020. Similar-
ity analysis of contextual word representation mod-
els. In Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics,
pages 4638–4655, Online. Association for Compu-
tational Linguistics.

Zhilin Yang, Zihang Dai, Yiming Yang, Jaime G. Car-
bonell, Ruslan Salakhutdinov, and Quoc V. Le. 2019.
Xlnet: Generalized autoregressive pretraining for
language understanding. In Advances in Neural
Information Processing Systems 32: Annual Con-
ference on Neural Information Processing Systems
2019, NeurIPS 2019, 8-14 December 2019, Vancou-
ver, BC, Canada, pages 5754–5764.

Hui Zou and Trevor Hastie. 2005. Regularization and
variable selection via the elastic net. Journal of the
Royal Statistical Society, Series B, 67:301–320.

4954



A Appendices

A.1 Data and Representations

We used standard splits for training, development
and test data for the 4 linguistic tasks (POS, SEM,
Chunking) that we used to carry out our analysis
on. The splits to preprocess the data are avail-
able through git repository6 released with Liu et al.
(2019a). See Table 3 for statistics. We obtained the
understudied pre-trained models from the authors
of the paper, through personal communication.

Task Train Dev Test Tags

POS 36557 1802 1963 44
SEM 36928 5301 10600 73
Chunking 8881 1843 2011 22

Table 3: Data statistics (number of sentences) on train-
ing, development and test sets using in the experiments
and the number of tags to be predicted

A.2 Layer-wise Probing

Section 4.1 presented layer-wise probing results for
POS and Chunking tagging. Figure 4 show results
on Semantic tagging. We see a similar pattern
across architectures as in Figure 1.

A.3 Neuron-wise Probing

Section 4.2 presented neuron-wise probing results
for for Chunking tagging. Figure 2 show results on
POS and SEM tagging. We see a similar pattern
across architectures as in Figure 3. As the model is
fine-tuned towards downstream, number of salient
neurons towards a linguistic property, in the lower
layers increase.

A.4 Top versus Bottom Neurons

In Section 4.2 we presented spread how informa-
tion is more distributed and redundant in in the net-
work as bottom neurons also preserved linguistic
knowledge. On the contrary the linguistic informa-
tion becomes more localized and less distributed
post fine-tuning using accuracy of the bottom neu-
rons. Tables 4 and 5 demonstrate the same pattern
with respect to Chunking and Semantic tagging
tasks, selecting 10% and 5% neurons respectively.

6https://github.com/nelson-liu/
contextual-repr-analysis

BERT RoBERTa XLNet
Tasks Top Bot. Top Bot. Top Bot.

Base 94.7 92.3 94.8 92.5 94.2 92.3

MRPC 94.4 91.9 94.4 89.1 93.8 72.4
QNLI 94.3 92.3 94.0 82.2 93.0 33.3
MNLI 93.8 91.3 93.2 82.1 92.8 44.5
RTE 94.7 92.2 94.3 88.2 94.0 84.7
SST 94.3 91.9 94.1 60.7 93.8 39.7
STS 94.8 92.3 94.3 79.7 92.2 83.8

Table 4: Chunking accuracy – Top vs. Bottom neurons

BERT RoBERTa XLNet
Tasks Top Bot. Top Bot. Top Bot.

Base 92.2 90.9 92.8 90.7 96.5 91.2

MRPC 92.2 90.6 91.5 88.1 92.3 72.3
QNLI 92.0 90.8 91.5 78.6 91.4 17.8
MNLI 91.9 90.3 91.4 79.0 91.3 43.0
RTE 92.0 90.6 91.5 86.9 91.3 80.0
SST 92.1 90.5 91.5 60.7 91.3 34.8
STS 92.1 90.4 91.5 79.5 91.6 83.7

Table 5: SEM accuracy – Top vs. Bottom neurons

A.5 Pruning Layers
In Section 5 we showed how pruning bottom lay-
ers in RoBERTa was more harmful in comparison
to BERT. We conjectured that this pattern entails
from our analysis that in RoBERTa linguistic in-
formation is preserved in the initial middle layers
as opposed to BERT where linguistic knowledge
is distributed deeper in the network. We show that
XLNet exhibit similar pattern to RoBERTa in Table
6.

A.6 Control Tasks
While there is a plethora of work demonstrating
that contextualized representations encode a con-
tinuous analogue of discrete linguistic information,
a question has also been raised recently if the rep-
resentations actually encode linguistic structure or
whether the probe memorizes the understudied task.
We use Selectivity as a criterion to put a “linguistic
task’s accuracy in context with the probe’s capacity
to memorize from word types” (Hewitt and Liang,

Tasks SST-2 MNLI QNLI

XLNet
Baseline 93.9 86.0 90.4
Prune Top 6 92.2 83.5 88.0
Prune Bottom 6 87.5 68.1 83.0

Table 6: Pruning Layers in the Models
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(a) BERT – POS (b) RoBERTa – POS (c) XLNet – POS

(d) BERT – Chunking (e) RoBERTa – Chunking (f) XLNet – Chunking

(g) BERT – SEM (h) RoBERTa – SEM (i) XLNet – SEM

Figure 3: Distribution of Top Neurons across Layers

2019). It is defined as the difference between lin-
guistic task accuracy and control task accuracy. An
effective probe is recommended to achieve high
linguistic task accuracy and low control task accu-
racy.

A.7 Infrastructure and Run Time

Our experiments were run on NVidia GeForce GTX
TITAN X GPU card. Grid search for finding op-
timal lambdas is expensive when optimal number
of neurons for the task are unknown. Running
grid search would take O(MN2) where M = 100
(if we try increasing number of neurons in each
step by 1%) and N = 0, 0.1, . . . 1e−7. We fix the
M = 20% to find the best regularization parame-
ters first reducing the grid search time to O(N2)
and find the optimal number of neurons in a subse-
quent step with O(M). The overall running time
of our algorithm therefore is O(M + N2). This
varies a lot in terms of wall-clock computation,
based on number of examples in the training data,
number of tags to be predicted in the downstream
task. Including a full forward pass over the pre-

trained model to extract the contextualized vector,
and running the grid search algorithm to find the
best hyperparameters and minimal set of neurons
took on average 8 hours ranging from 3 hours for
the Chunking experiment to 12 hours for POS and
SEM due to large training data.

A.8 Hyperparameters
We use elastic-net based regularization to control
the trade-off between selecting focused individual
neurons versus group of neurons while maintaining
the original accuracy of the classifier without any
regularization. We do a grid search on L1 and L2

ranging from values 0 . . . 1e−7. See Table 8 for
the optimal values for each task across different
architectures.
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(a) BERT - SEM (b) RoBERTa - SEM (c) XLNet - SEM

Figure 4: Layer-wise Probing Performance

BERT XLNet RoBERTa

Neua 9984 9984 9984

POS

Neut 500/5% 500/5% 500/5%
Acca 96.2 96.4 96.3
Acct 95.9 96.5 96.2

Sela 14.45 23.49 22.65
Selt 31.68 31.82 34.21

SEM

Neut 500/5% 500/5% 500/5%
Acca 92.51 92.29 92.95
Acct 92.32 92.62 92.97

Sela 5.77 14.03 13.76
Selt 27.17 26.55 24.53

Chunking

Neut 1000/10% 1000/10% 1000/10%
Acca 94.36 93.84 94.66
Acct 94.68 94.24 94.79

Sela 16.30 22.77 21.12
Selt 29.19 28.42 28.91

Table 7: Selecting minimal number of neurons for each
downstream NLP task. Accuracy numbers reported on
blind test-set (averaged over three runs) – Neua = Total
number of neurons, Neut = Top selected neurons, Acca
= Accuracy using all neurons, Acct = Accuracy using
selected neurons after retraining the classifier using se-
lected neurons, Sel = Difference between linguistic task
and control task accuracy when classifier is trained on
all neurons (Sela) and top neurons (Selt).

BERT XLNet RoBERTa

L1 , L2 = λ1, λ2
POS .001, .01 .001, .01 .001, .001
SEM .001, .01 .001, .01 .001, .001
Chunk 1e−4, 1e−5 1e−4, 1e−4 .001, .001

Table 8: Best elastic-net lambdas parameters for each
task
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Abstract

We investigate the semantic knowledge of lan-
guage models (LMs), focusing on (1) whether
these LMs create categories of linguistic envi-
ronments based on their semantic monotonic-
ity properties, and (2) whether these categories
play a similar role in LMs as in human lan-
guage understanding, using negative polarity
item licensing as a case study. We introduce
a series of experiments consisting of probing
with diagnostic classifiers (DCs), linguistic ac-
ceptability tasks, as well as a novel DC rank-
ing method that tightly connects the probing
results to the inner workings of the LM. By
applying our experimental pipeline to LMs
trained on various filtered corpora, we are able
to gain stronger insights into the semantic gen-
eralizations that are acquired by these mod-
els.1

1 Introduction

Neural language models (LMs) have become pow-
erful approximators of human language, making it
increasingly important to understand the features
and mechanisms underlying their behavior (Linzen
et al., 2018, 2019). In the past few years, a sub-
stantial number of studies have investigated the lin-
guistic capabilities of LMs (Gulordava et al., 2018;
Giulianelli et al., 2018; Lakretz et al., 2019; Wu
et al., 2020; Ettinger, 2020, i.a.). Such work has
focused primarily on syntactic properties, while
fewer studies have been done on what kind of for-
mal semantic features are encoded by language
models. In this paper, we focus explicitly on what
LMs learn about a semantic property of sentences,
and in what ways their knowledge reflects well-
known features of human language processing.

As the topic of our studies, we consider mono-
tonicity, a semantic property of linguistic envi-

1All code and data can be found at https://github.
com/jumelet/monotonicity-npi-lm

ronments that plays an important role in human
language understanding and inference (Hoeksema,
1986; Valencia, 1991; Van Benthem, 1995; Icard III
and Moss, 2014): the monotonicity of a linguistic
environment determines whether inferences from a
general to a particular term or vice versa are valid in
that environment. For example, the fact that the in-
ference from “Mary didn’t write a paper” to “Mary
didn’t write a linguistics paper” is valid shows us
that the position where “a paper” occurs is down-
ward monotone: the inference is valid when a more
general term (“a paper”) is replaced with a more
specific one (“a linguistics paper”).

To investigate monotonicity we focus on nega-
tive polarity items (NPIs): a class of expressions
such as any or ever that are solely acceptable in
downward monotone environments (Fauconnier,
1975; Ladusaw, 1979). Psycholinguistic research
has confirmed this connection between NPIs and
monotonicity: humans judge NPIs acceptable in
a linguistic environment if they consider that en-
vironment to be downward monotone (Chemla
et al., 2011). Previous research has established that
LMs are relatively successful in processing NPIs
(Warstadt et al., 2019), but without investigating
how they came to these successes.

We raise the following research questions:
RQ1 Do language models encode the monotonicity

properties of linguistic environments?

RQ2 To what extent do they employ this informa-
tion when processing negative polarity items?

We developed a series of experiments, in which
we first evaluate the general capacities of LMs in
handling monotonicity and NPIs and then inves-
tigate the generalization heuristics of the LM by
doing experiments with modified training corpora.
First, we establish that LMs are able to encode a
notion of monotonicity by probing them with diag-
nostic classifiers (DCs, Hupkes et al., 2018) (§5.1).
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In our second experiment we demonstrate that our
LMs are reasonably successful with NPI licensing
using an NPI acceptability task (§5.2). Next, we
introduce a novel DC ranking method to investi-
gate the overlap between the information that the
model uses to make judgments about NPIs and the
information that the DCs use to predict monotonic-
ity information, finding that there is a significant
overlap (§5.3).

We then investigate two potential confounds
that may obfuscate our results. First, we consider
whether the signal that is picked up by the mono-
tonicity DC is not simply a proxy that tells the
model that an NPI may occur at that position (§5.4).
To assess this, we train new LMs on a corpus from
which all sentences with NPIs have been removed,
re-run the montonicity probing task, and find that
even in the absence of NPI information, LMs are
still able to encode a notion of monotonicity.

Next, we consider whether an LM bases its NPI
predictions on simple co-occurrence heuristics, or
if it can extrapolate from a general notion of mono-
tonicity to cases of NPIs in environments in which
they have never been encountered during training
(§5.5). We again train new LMs on modified cor-
pora, this time removing NPIs only in one specific
environment, and repeat the NPI acceptability and
DC ranking experiments. The results of this setup
demonstrate that LMs indeed use a general notion
of monotonicity to predict NPI licensing.

Contributions With this work, we contribute to
the ongoing study of the linguistic abilities of lan-
guage models in several ways:

• With a series of experiments we demonstrate
that LMs are able to acquire a general notion
of monotonicity that is employed for NPI li-
censing.

• We present two novel experimental setups:
filtered corpus training and DC ranking, that
can be used to assess the impact of specific
information during training and compare the
information used by DCs with the information
used with the model, respectively.

• By using experimental results from psycho-
semantics to motivate hypotheses for LM be-
havior, we find that our models reflect behav-
ior similar to human language processing.

In the remainder of this paper, we will first pro-
vide some linguistic background that helps to situ-
ate and motivate our experiments and results (§2).

We then discuss related work on NPI processing
in LMs in §3. In §4, we discuss our methods and
experimental setup. §5.1 through §5.5 explain and
present the results. We conclude in §6 with a gen-
eral discussion and pointers to future work.

2 Linguistic Background

Monotonicity Monotonicity is a property of a
linguistic environment which determines what kind
of inferences relating general and particular terms
are valid in that environment. If inferences from a
general to a particular term are valid, the linguis-
tic environment is said to be downward monotone
(DM). If inferences are valid the other way around,
from a particular to a general term, the linguistic
environment is said to be upward monotone (UM).

Examples of expressions inducing DM environ-
ments are negation and quantifiers like nobody, no
NP, but also specific types of adverbs and the an-
tecedents of conditional sentences. For instance,
(1) below exemplifies that in these environments
the inference from a sentence with a general term
(cookies) to that sentence with a more particular
term (chocolate cookies) is valid, but not vice versa.

(1) a. Mary didn’t eat cookies. ⇒
Mary didn’t eat chocolate cookies.

b. Nobody ate cookies. ⇒
Nobody ate chocolate cookies.

c. Mary rarely ate cookies. ⇒
Mary rarely ate chocolate cookies.

Common examples of UM environments are (non-
quantified) positive sentences, quantifiers such as
somebody, many NP, and other kind of adverbs. (2)
exemplifies that in these environments the infer-
ence from a sentence with a more particular term
(chocolate cookies) to the same sentence with a
general term (cookies) is valid, but not vice versa.

(2) a. Mary ate chocolate cookies. ⇒
Mary ate cookies.

b. Everyone ate chocolate cookies. ⇒ Ev-
eryone ate cookies.

c. Mary often ate chocolate cookies. ⇒
Mary often ate cookies.

NPIs NPIs are expressions such as the English
words any, anyone, ever, whose acceptability de-
pends on whether its linguistic environment is
downward monotone (Fauconnier, 1975; Ladu-
saw, 1979; Dowty, 1994; Kadmon and Landman,
1993; Krifka, 1995; Lahiri, 1998; Chierchia, 2006,
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2013).2 While the conditions for NPI acceptability
are complex, a good approximation is that NPIs
are acceptable (or licensed) in the syntactic scope
of NPI licensors that induce a DM environment.3

If we again consider the DM environment of (1-a)
and the UM environment of (2-a), it can be seen
that English any is an NPI, as it is acceptable when
inside the syntactic scope of negation (a DM ex-
pression) as in (3-a), and not acceptable when they
are in an UM environment as in (3-b).

(3) a. Mary didn’t eat (any) cookies.
b. Mary ate (*any) cookies.

Importantly, monotonicity plays a role at the psy-
chological level: human judgments about the mono-
tonicity of a linguistic environment predict their
judgments of NPI acceptability in that environment
(Chemla et al., 2011; Denić et al., 2021). For ex-
ample, how plausible someone finds the inference
(1-a) predicts how acceptable they find the sentence
(3-a). Summing up, NPI licensing has a syntactic
component (NPIs must reside in syntactic scope
of a licensor) and a semantic component (NPI li-
censors are DM expressions), that are connected
on a psychological level (monotonicity judgments
predict NPI acceptability). Our research aims to
uncover whether this connection is exhibited by
LMs as well.

3 Related work

The literature on interpreting LMs has grown sub-
stantially in the last few years (see, e.g. Belinkov
and Glass, 2019; Alishahi et al., 2019; Rogers et al.,
2021, for survey papers). Several studies investi-
gate how they process NPIs, focused mainly on the
syntactic aspect of NPI licensing.

Jumelet and Hupkes (2018) conclude that LSTM
language models encode information about the de-
pendency between the NPI and the NPI licensor,
although this effect diminishes as the distance be-
tween the NPI and its licensor grows. Marvin and
Linzen (2018) study NPI judgments of LMs on
minimally different sentence pairs (with the NPI
licensor either in an appropriate syntactic configu-
ration or not) and find that their models are unable
to reliably assign higher probability to sentences in

2See however Zwarts, 1995; Giannakidou, 1998; Barker,
2018 for different takes on NPI acceptability generalizations.

3An NPI occurs in the syntactic scope of a licensor if the
licensor c-commands the NPI. An NPI licensor c-commands
an NPI if the NPI is the licensor’s sister node or one of its
sister’s descendants in a constituent tree (Reinhart, 1976).

which NPIs are correctly licensed. The syntactic
aspect of NPI licensing is also examined by Futrell
et al. (2019), who demonstrate that LSTM LMs are
susceptible to learning spurious licensing relation-
ships, a finding that Warstadt and Bowman (2020)
demonstrate to also hold for BERT (Devlin et al.,
2019). Wilcox et al. (2019) investigate how explicit
syntactic supervision of LMs affects their success
with syntactic aspects of NPI licensing. The broad
linguistic suites of Warstadt et al. (2020) and Hu
et al. (2020) also contain a set of tasks related to
NPI licensing, demonstrating that it is one of the
most challenging tasks for LMs to handle. We-
ber et al. (2021) investigated the dynamics of NPI
learning during training, and connected this to a
multi-task learning paradigm, demonstrating that
LMs are able to efficiently leverage information
from related licensing environments.

Lastly, Warstadt et al. (2019) examine BERT’s
ability in determining NPI acceptability. They
demonstrate that BERT has significant knowledge
of the dependency between NPIs and their licen-
sors, but that this success varies widely across dif-
ferent experimental methods. Our study builds
on that of Warstadt et al. (2019). Although they
demonstrate that BERT is generally successful with
NPI licensing, their results do not reveal whether
BERT has constructed a more general category
of DM expressions that is independent of colloca-
tional cues, nor whether it has understood that this
category matters for NPI licensing.

4 Methods

Before getting to the main experimental part of our
work, we briefly discuss the training corpus, model
architecture and evaluation corpus we consider.

Training Corpus The base training corpus we
consider in our experiments is the corpus used by
Gulordava et al. (2018). This corpus is a collec-
tion of sentences from Good and Featured English
Wikipedia articles and consists of over 90M to-
kens. The vocabulary of the corpus consists of the
50.000 most frequent tokens in this corpus; less fre-
quent tokens are mapped to a special <unk> token.
We refer to the full training corpus type with the
name Full, and to the LMs trained on this corpus as
Full LMs. In addition to Full, we use multiple other
corpora which are derived from Full by means of
filtering. This will allow us to draw conclusions
about specific generalization abilities and reliance
on collocational cues of LMs; filtered corpora will
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Environment Class Abbrev. DM example UM example

Adverbs ADV A lady rarely ever ... *A lady sometimes ever...
Conditionals COND If the dancers see any ... *While the dancers see any...
Determiner Negation D-NEG No teacher says that the students had practiced at all. *Some teacher says that the students had practiced at all.
Sentential Negation S-NEG The dancer was not saying that the guy had profited yet. *The dancer was really saying that the guy had profited yet.
Only ONLY Only the boys had ever ... *Even the boys had ever ...
Quantifiers QNT Every senator who had ever ... *Some senator who had ever ...
Embedded Questions QUES The patients wonder whether the lady admires any ... *The patients say that the lady admires any...
Simple Questions SMP-Q Did the boy ever listen? *The boy did ever listen.
Superlatives SUP A lady buys the oldest dish that the adult had ever ... *A lady buys the old dish that the adult had ever ...

Table 1: The nine environment classes of Warstadt et al. (2019), with an example of a minimal DM/UM pair for
each class taken from the corpus.

be introduced in the relevant sections.

Model Architecture In our studies, we focus on
recurrent language models. More specifically, fol-
lowing Gulordava et al. (2018), we consider two-
layer LSTM language models, with an embedding
and hidden size of 650. All training runs across our
experiments follow the same regime, identical to
the regime described by Gulordava et al. (2018):
40 epochs of training with SGD, with a plateau
scheduler and an initial learning rate of 20, a batch
size of 64, BPTT length of 35, and dropout of 0.1.4

Evaluation Corpus To assess monotonicity and
NPI licensing knowledge of LMs in our experi-
ments, we leverage the NPI corpus of Warstadt
et al. (2019), which consists of a large amount
of grammatical and ungrammatical sentences with
NPIs. This corpus is divided into 9 distinct envi-
ronment classes, allowing for fine-grained analy-
sis of NPI licensing. Importantly, these nine en-
vironment classes come in two versions: a DM
version—in which NPIs are grammatically accept-
able, and a minimally different UM version—in
which they are not. We provide an overview with
examples of DM and UM versions of all environ-
ment classes in Table 1. The full size of the corpus
is 106.000 distinct DM sentences, and the division
of environment classes is split roughly uniformly.

5 Experiments and Results

In this section we describe the experimental
pipeline in more detail. A graphical overview of
our experiments is depicted in Figures 1 and 4.
Each experiment description is directly followed
by an analysis of its results.

4Models are trained on a GeForce 1080 Ti GPU, take
around 40 hours to train, and consist of 71M parameters.

5.1 Experiment 1: Do LMs represent
monotonicity information?

In our first experiment, we test whether LMs
trained on our Full corpus possess a notion of mono-
tonicity. We train five different LMs and test how
well they represent monotonicity properties of dif-
ferent environments by training linear diagnostic
classifiers (DCs, Hupkes et al., 2018) on top of
the hidden states of the LM. To create a corpus
of monotonicity sentences for training and testing
the DCs, we leverage the corpus of Warstadt et al.
(2019), now selecting all DM and UM sentences
to build up a balanced corpus of these categories.
The nine environment classes in that corpus hence
provide a broad spectrum of DM environments and
their minimally different UM counterparts.

For training and testing the DCs, we consider
the hidden states at the position directly before an
NPI occurs (see Figure 1). The reason we train the
DCs at this position is because only at this point we
are sure that the monotonicity information should
surface and be encoded linearly. This is due to the
fact that the decoder of the LM that transforms a
hidden state into a probability distribution is linear
as well: if the probability of some token depends
on a linguistic feature, this feature must hence be
encoded linearly. The DCs are implemented using
the diagNNose library of Jumelet (2020), and
trained using 10-fold cross-validation, Adam opti-
mization (Kingma and Ba, 2015), a learning rate
of 10−2 and L1 regularization with λ = 0.005.

We train our monotonicity DCs in two separate
ways. First, we divide the entire monotonicity cor-
pus into a 90/10 train/test split, sampled uniformly
across the different environment classes. This al-
lows us to examine whether DM and UM envi-
ronments are linearly separable in a way that is
applicable to all environment classes. We refer to
this classifier as the All-ENV DC.

Second, we move to a more fine-grained type
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Figure 1: The pipeline of our experimental setup. We start by computing the hidden states h↓t (within a DM
environment ahead of the NPI) and h↑t (within a UM environment). These hidden states are then used for training
the monotonicity DC (Exp. 1 & 4), and to compare PLM(NPI∣h↓t ) > PLM(NPI∣h↑t ) (Exp. 2 & 5a). The task of
Experiments 3 and 5a can be found in Figure 4. Experiments 4 and 5 consist of the same tasks as the first three
experiments, but differ in the language model that is used.

of analysis. High performance of the All-ENV DC
namely does not provide evidence that monotonic-
ity is encoded the same way for each environment:
the set of salient hidden units used by the All-ENV
DC for classifying monotonicity within the Ad-
verbs environment, for example, could be disjoint
from the set of units used for the Only environment.
To investigate this, we train a DC on the hidden
states of all-but-one environment class, and test its
performance on the excluded class. This provides
a measure to what extent the monotonicity repre-
sentation of DM and UM environments derived
from all other environment classes generalizes to
the held-out class, demonstrating stronger evidence
that the model represent monotonicity in the same
way across different environments.

Results The results of our first experiment are
shown in the top row of Figure 2. The first column
contains the average accuracy for the All-ENV DC,
and it can be seen that the diagnostic classifier suc-
ceeds in this task with high accuracy (97%). This
indicates that the uniform split over all environment
classes is linearly separable.

Next, we consider the held-out evaluation pro-
cedure for each of the nine environment classes.
It can be seen that the monotonicity signal gen-
eralizes well to five classes (adverbs, determiner
negation, only, sentential negation, and embedded
questions), all with an accuracy above 90%. The
other four classes yield a higher standard deviation,
indicating that these classes are encoded less con-
sistently across initialization seeds. The accuracy

for all held-out DCs is lower compared to the All-
ENV DC results, indicating that the All-ENV DC
relied partly on information unrelated to a shared
notion of monotonicity. The fact that the accuracy
of these DCs is still so high, however, indicates
that there is a substantial overlap between the way
that monotonicity is encoded within the different
environments.

5.2 Experiment 2: Do LMs predict the
licensing conditions of NPIs?

In the next experiment we investigate the NPI ac-
ceptability judgments of the Full LMs on the corpus
of Warstadt et al. (2019). This is done by compar-
ing the probability of an NPI conditioned on the
model’s representation of a DM environment (h↓t )
and a UM environment (h↑t ), where success is de-
fined as follows:

PLM(NPI∣h↓t ) > PLM(NPI∣h↑t )
This is a common evaluation procedure in the inter-
pretability literature (Linzen et al., 2016), and has
earlier been applied in the domain of NPI licens-
ing by Jumelet and Hupkes (2018) and Warstadt
et al. (2020). Our approach is similar to the Cloze
Test of Warstadt et al. (2019), but their setup used
(bi-directional) masked LMs, making it possible
to directly compare the probabilities of the NPI li-
censor, instead of comparing the NPI probabilities.
Note that we purposefully do not base NPI accept-
ability on comparing full sentence probabilities: in
our view this type of comparison can be distracted
by token probabilities not related to the NPI itself.
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Full (exp. 1) 0.97±0.01 0.93±0.02 0.81±0.16 0.97±0.01 0.91±0.02 0.94±0.03 0.78±0.05 0.93±0.06 0.80±0.08 0.66±0.04

Full \ NPI (exp. 4) 0.95±0.01 0.88±0.02 0.89±0.11 0.94±0.01 0.86±0.04 0.95±0.02 0.77±0.03 0.89±0.05 0.78±0.05 0.57±0.03

All-ENV ADV COND D-NEG S-NEG ONLY QNT QUES SMP-Q SUP
DC evaluated on held-out environment class

Monotonicity probing accuracy

Figure 2: Accuracy and standard deviation on the monotonicity diagnostic classification task, averaged over 5
seeds for each model type. The All-ENV column denotes train/test split procedure sampled uniformly over all
environment class; other columns denote accuracy on one environment class that has been excluded during training.

Full (exp. 2) 0.88±0.03 0.80±0.03 0.93±0.03 0.82±0.02 0.84±0.03 0.79±0.02 0.85±0.02 0.72±0.01 0.76±0.02

Full \ ENV NPI (exp. 5a) 0.81±0.00 0.65±0.04 0.89±0.04 0.69±0.06 0.74±0.05 0.69±0.01 0.83±0.05 0.68±0.00 0.72±0.01

ADV COND D-NEG S-NEG ONLY QNT QUES SMP-Q SUP
Environment class

NPI acceptability accuracy

Figure 3: Accuracy on the NPI acceptability task—based on whether the NPI was assigned a higher probability in
the DM environment than in its UM counterpart.

We split this procedure out for each of the nine
environment classes. The example sentence of the
Simple Questions environment in Table 1, for ex-
ample, is evaluated as follows:

PLM(ever∣Did the boy) > PLM(ever∣The boy did)
Using the full sentence probabilities for this com-
parison would require taking probabilities into ac-
count such as PLM(the∣Did) and PLM(boy∣The),
that have no relation to NPI licensing at all.

Results We present the results for this experi-
ment in the top row of Figure 3. The Full models
demonstrate a considerable ability at predicting
NPI acceptability, with the least performing class
(SMP-Q, Simple Questions) yielding an accuracy
that is still well above chance (0.72). Compared to
earlier investigations on the ability of LSTM LMs
in NPI licensing, our results indicate that these
models are able to obtain a more sophisticated un-
derstanding of NPIs than previously thought: both
Marvin and Linzen (2018) and Hu et al. (2020)
report LSTM performance below chance on NPI
acceptability tasks. This might in part be due to the
different evaluation procedure we used (conditional
vs. full-sentence probability comparison).

5.3 Experiment 3: Is the LM’s knowledge of
DM environments and of NPI licensing
related?

We have now established that our models encode a
signal related to monotonicity, and are successful

DC↓

LMdec =

=

•••

•••

•• •••

•• •••

•••

sim(     , ↓)
sim(     , ↓)

••
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••
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••
sim(        , ↓)

SORT  

1 |V|10 100 1000 10000

any ever yet anyone either

MEDIAN NPI RANK: 10 

SIMILARITY RANK (w,↓)

either
•• •••

any

COSINE SIMILARITY  

LMdec weights

DC↓ weights

Exp. 3&5b: DC Ranking

Figure 4: The DC Ranking experiment, in which we
investigate whether the monotonicity DC and the LM
decoder base their predictions on similar cues, by com-
puting and ranking the cosine similarities between the
DC weights and the decoder weights of each token.

at predicting NPI acceptability. In our third experi-
ment, we assess to what extent the parameters used
by the LM to predict NPIs (i.e. the LM’s decoder
embeddings for NPIs) overlap with the information
the DCs use to predict the monotonicity properties
of a particular environment class. For this we have
devised a novel DC ranking method, that ranks
the LM’s decoder weights for all tokens based on
their similarity with the DC weights.

We present a schematic overview of the method
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Full (exp. 3) 9 14 1121 16 28 449 206 82 14124 1248
Full \ ENV NPI (exp. 5b) 10 35 6634 622 1152 1418 1509 297 28670 3288

All-ENV ADV COND D-NEG S-NEG ONLY QNT QUES SMP-Q SUP
Environment class monotonicity DC trained on

LM decoder & monotonicity DC cosine similarity  Median NPI rank

Figure 5: Results on the median NPI rank task. A low median rank indicates that the monotonicity DC uses the
same representational information as the NPI decoder.

in Figure 4. The LM’s decoder weight matrix
can be interpreted as a collection of vectors cor-
responding to each token in the model’s vocabulary.
The monotonicity DC is a binary classifier, so its
weights are represented by a single vector. The
LM’s decoder vectors are of the same dimension-
ality as the weight vector of the monotonicity DC,
which allows us to compute the similarity between
each decoder vector and the monotonicity DC. For
each of the 50.000 tokens in the LM’s vocabulary,
we calculate the cosine similarity between the de-
coder weights corresponding to that token and the
DC’s weights. We then sort these similarity scores,
which results in a ranking of tokens that are most
similar to the DC.

As we are interested in finding the connection of
the monotonicity DC and the LM’s NPI processing
in general, we compute the median rank over a
set of 11 NPIs.5 A low median NPI rank indicates
that the LM uses the same cues for NPI prediction
as the monotonicity DC, demonstrating a clear con-
nection between NPI licensing and monotonicity.

Contrary to Experiment 1, we no longer make
use of the hold-one-out training procedure, that
gave insights to what extent a general monotonicity
signal generalizes to a held-out environment class.
Instead, we train a separate diagnostic classifier
for each environment class using a train/test split
made up of DM and UM environments within that
class. This results in a classifier that represents the
class-specific decision boundary between minimal
pairs of DM and UM items and allows us to investi-
gate to what extent these decision boundaries align
with the weights of the LM decoder. Next to the
environment-specific DCs we also report the DC
ranking outcome for the All-ENV DC that has been
trained on all environments.

5We consider the following 11 single-token NPI expres-
sions: dared, any, anybody, anymore, anyone, anything, any-
where, ever, nor, whatsoever, and yet. These are all the single-
token NPIs taken from a list of NPIs that is described in §5.4.

Results The results of this experiment are pre-
sented in the top row of Figure 5. The first column
(All-ENV) contains the result for the DC trained
on all environment classes, and the median NPI
rank of 9 demonstrates that the monotonicity DC
aligns very closely with the NPI decoder weights of
the LMs. This median rank should be interpreted
within the context of the model vocabulary size:
it can range upwards to 50.000, so a rank that is
close to 0 signifies a tight connection between the
probing task and the tokens of interest.

Moving on to the environment-specific results,
it can be seen that the results vary considerably
between the environment classes. The worst scor-
ing class is again that of Simple Questions. This
makes sense, as the licensing conditions for ques-
tion constructions do not depend on the presence
of a specific licensing token such as not, but on
the overall structure of the whole sentence. The
other environment classes lead to scores far closer
to 0, indicating that for these classes monotonicity
classification is closely aligned to NPI processing.

Interestingly, the median rank of the All-ENV
DC is lower than the ranks of all other DCs. This
shows that the model has aligned its representation
of NPIs to an aggregate of the monotonicity rep-
resentations in the different environment classes.
This allows the model to flexibly deal with NPIs in
a wide range of licensing environments.

5.4 Experiment 4: Are NPIs important for
learning monotonicity information?

With Experiment 3 we established that NPI pro-
cessing and monotonicity are related in our LMs.
Now, we investigate to what extent their represen-
tations are entangled during training. More specifi-
cally, we investigate if the signal from the presence
of NPIs is indispensable for the LM to develop a
notion of monotonicity, or if instead the success
in categorizing monotonicity environments can be
learned independently of NPIs.

We address this question by testing whether LMs
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can still classify the monotonicity properties of en-
vironments when they are completely deprived of
NPIs during training. To do so, we train new lan-
guage models on a modified corpus that does not
contain any NPIs at all. To arrive at this corpus,
we remove all sentences that contain at least one
NPI expression from the Full corpus. We identify
these expressions based on a comprehensive list of
NPI expressions in English collected by Hoeksema
(2012) and the list of NPIs in English compiled by
Israel (2011). From this list, we manually removed
expressions that have both NPI and non-NPI uses
(e.g. a thing, a bit). The 40 NPI expressions that
resulted from this procedure can be found in Ap-
pendix A. We train 5 models on this corpus and
refer to them by the name Full\NPI.

In this experiment, we run the monotonic-
ity probing procedure of Experiment 1 on the
Full\NPI models. We posit that if the notion of
monotonicity can be learned independently of NPIs,
there should be no significant drop in performance
compared to the results of the Full LMs.

Results We report the results of this experiment
in the bottom row of Figure 2. Again it can be
noted that the All-ENV DC, trained and tested uni-
formly over all environment classes, obtains a high
accuracy on the task (0.95). Furthermore, none of
the held-out environment DCs lead to significant
drops in performance compared to the Full LMs.
Based on this we conclude that even in the absence
of NPI cues, LMs are still able to build up a shared
robust notion of monotonicity.

5.5 Experiment 5: How robust is the
connection between monotonicity and
NPI processing?

This research aims to uncover whether LMs pos-
sess a robust connection between monotonicity and
NPI licensing. Our findings indicate that this con-
nection is present in our models. A major confound
that has not yet been addressed, however, is the ex-
tent to which our models rely on collocational cues
when judging the acceptability of an NPI. To test
this, we examine whether an LM’s connection be-
tween NPIs and monotonicity generalizes to novel
environment classes in which NPIs have never been
encountered during the training phase of the LM.

We have created nine modified corpora in which
sentences with NPIs within a specific environment
have been removed. For these different corpora,
we again consider the nine NPI-licensing environ-

ments of Warstadt et al. (2019). For each environ-
ment class we create a new corpus by removing
all sentences from the Full corpus in which an NPI
expression from Appendix A is preceded by an ex-
pression belonging to that class, somewhere earlier
in the sentence.6 Note that we only remove the sen-
tences in which the environment actually licenses
an NPI; sentences in which the environment occurs
without an NPI are retained. So for the adverbs en-
vironment, for example, we remove sentences like
“Mary rarely ate any cookies” but not “Mary rarely
ate cookies”. For each of these nine corpora we
train 3 new LMs. Models trained on these corpora
are referred to by the name Full\ENV∩NPI.

We run the NPI acceptability task of Experiment
2 and the DC ranking method of Experiment 3 on
the nine types of Full\ENV∩NPI models. A model
with a robust connection between monotonicity and
NPI processing should be able to learn for NPIs
in the held-out environment that (i) the environ-
ment belongs to the class of environments in which
NPIs are licensed, and that (ii) determining NPI ac-
ceptance should be done based on representational
cues that are similar for monotonicity prediction.

Results We report the results of this experiment
next to the previous results of the Full model. First,
we consider the NPI acceptability task, which is
reported in the bottom row of Figure 3. Note that
each cell in this row now corresponds to a spe-
cific model type: the ADV result, for instance, cor-
responds to the accuracy of the Full\ENV∩NPI
models in which sentences with NPIs within adver-
bial environments have been removed. Our results
show that the performance drops slightly for all
environment classes, which can be attributed to a
model’s dependence on collocational cues. How-
ever, the models are still able to adequately general-
ize from the other environments, in which NPIs still
are encountered, to the held-out environment. This
demonstrates the semantic generalization capaci-
ties of the LM: it infers that the held-out environ-
ment in which NPIs have never been encountered
shares some relevant properties with the other eight
environment classes in which NPIs still occur.

The results for the DC ranking experiment are
shown in the bottom row of Figure 5. Similar to the
NPI acceptability results, the performance of the
Full\ENV∩NPI models has dropped slightly com-
pared to the Full models. However, if the models

6For Simple Questions we remove a sentence if an NPI
occurs in a sentence that ends with a question mark.
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would no longer pick up on the connection between
monotonicity in the held-out environment and NPI
licensing at all, these median ranks should drop to
chance, i.e. around the halfway mark of the vocab-
ulary size (25.000). It can be seen that this is only
the case for the Simple Questions environment, that
was already performing poorly for the Full models.
Based on this we conclude that although models
depend partly on collocational cues for their con-
nection between monotonicity and NPIs, they are
still able to encode a robust connection that gener-
alizes to novel DM environments.

6 Conclusion

Based on a series of experiments, we have estab-
lished the following: (1) LMs categorize environ-
ments into DM and UM; (2) LMs are overall suc-
cessful with NPI licensing; (3) LMs employ sim-
ilar representational cues when processing NPIs
and predicting monotonicity; (4) their categories of
DM and UM environments can be learned indepen-
dently of NPI occurrence; and (5) their connection
between monotonicity and NPI processing is ro-
bust and not solely dependent on co-occurrence
heuristics. This demonstrates that LMs have quite
sophisticated knowledge of NPI licensing, which
may be similar to that of humans and constitutes a
vital step towards better understanding the linguis-
tic generalization capacities of LMs.

These results raise the question: what do LMs
learn about the DM and UM environments which
they succeed in finding? Do they actually learn
the inferential properties of those environments,
or do they rely on some other property that DM
environments have in common to categorize them
as such? A direction for future work would be to
develop methods to probe the inferential capacities
of LMs and explore how they align with the DM
and UM categories they construct.

Another direction for future work would be to
incorporate the recent advancements on probing-
based interpretability methods in our experimental
pipeline (Hewitt and Liang, 2019; Voita and Titov,
2020). Our DC Ranking method aligns the perfor-
mance of a probe with that of the language model
itself, which is related to the approaches of Saphra
and Lopez (2019), Elazar et al. (2021), and Lover-
ing et al. (2021). Placing our methodology more
firmly in this body of work will allow for stronger
conclusions to be drawn regarding the semantic
knowledge of current language models.
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A Filtered NPIs

We here present the full list of NPIs that were used
for filtering sentences from the Full corpus, result-
ing in the Full\NPI corpus. The method for se-
lecting these expressions is described in Section
5.4.

A damn, any, any longer, any old, anybody, any-
more, anyone, anything, anything like, anytime
soon, anywhere, anywhere near, as yet, at all, avail,
by much, can possibly, could possibly, ever, in any,
in days, in decades, in minutes, in years, just any,
just yet, let alone, much help, nor, or anything, set
foot, squat, such thing, that many, that much, that
often, the slightest, whatever, whatsoever, yet.

This resulted in a reduction of 75.062 sentences
out of the 3.052.726 sentences in the original Full
corpus (2.46%).
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Abstract

Cross-domain slot filling focuses on using la-
beled data from source domains to train a slot
filling model for target domains. It is of great
significance for transferring a dialogue system
into new domains. Most of the existing work
focused on building a cross-domain transfer
model. From the perspective of slots them-
selves, this paper proposes a model-agnostic
Slot Transferability Measure (STM) for evalu-
ating the transferability from a source slot to a
target slot, specifically, the degree that labeled
data of the source slot is helpful to train the
slot filling model for the target slot. We also
give a STM-based method for a model to select
helpful source slots and their labeled data for a
given target slot. Experimental results on mul-
tiple existing models and datasets show that
our method significantly outperforms state-of-
the-art baselines in cross-domain slot filling.
The code is available at https://github.

com/luhengtong/STM-for-cdsf.git.

1 Introduction

As an important task in task-oriented dialog sys-
tems, slot filling aims to identify task-related slot
information in user utterances. When a task (or
domain) has a large amount of labeled data, most
existing slot filling models can achieve desired per-
formance. However, there is usually little or even
no labeled data for a new task. How to train the slot
filling model in the new task (target task) with the
labeled data of one or more existing tasks (source
tasks) is of great significance for the rapid expan-
sion of the application of task-oriented dialog sys-
tems.

Existing work can be mainly classified into two
categories. The first is to establish implicit seman-
tic alignment between slot representations of the
source task and the target task, the model trained
with the source task data is directly used for the

target task (Bapna et al., 2017; Lee and Jha, 2019;
Shah et al., 2019). The second is to use a two-
stage strategy (Liu et al., 2020), which treats all
slot values as entities. First, it trains a generic entity
recognition model using source task labeled data
to identify all candidate slot values in the target
task. Then, the candidate slot value is classified
into the target task slot by comparing the similarity
between its representation and the target task slot
information.

Most of the existing work has focused on build-
ing cross-task transferable models that leverage
the association information between source tasks
and target tasks, and the model is always trained
using the labeled data of all the source tasks with-
out distinction. However, not all the source task
data will have transferable value to the target task,
and the value of different source tasks data to a
particular target task may be different. For exam-
ple, flight-ticket-reservation task and train-ticket-
reservation task have high similarity so that the
labeled data of the former will be helpful to the
latter. While the flight-ticket-reservation task and
the weather-inquiry task have great difference so
that the labeled data of the former has no or only
little value to the latter, and even has a negative ef-
fect on the target model. Furthermore, even though
the source task is similar to the target task, not ev-
ery source slot will be useful for all the slots of
the target task. For example, the labeled data for
leaving-time slot in flight-ticket-reservation task
may be helpful for the slot filling of leaving-time in
train-ticket-reservation task, but not useful for the
train-type slot. Therefore, finding valuable source
slots that can provide transferable information for
slot filling in target slot and then training a model
based on the labeled data of these slots can make
better use of the data in source tasks. This is the
starting point of this paper which is different from
the existing work.
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In achieving this goal, we firstly propose slot
transferability measure (STM) and give a method
to calculate the STM. By comparing the STM be-
tween the target slot and each source slot, we can
select different set of source slots for different tar-
get slot. Only the labeled data of these source slots
are used to train the slot filling model for the target
slot. To be more specific, we fuses distribution
similarity of the slot value representations and of
the slot value context representations between tar-
get slot and source slot as STM between two slots.
All source slots are sorted according to their STMs
with the target slot. Labeled data of the source slot
with the highest STM are used to train the model,
and then the labeled data of the source slot with the
second highest STM is added to train the model.
The process continues until the model gains no im-
provement on validation set of target slots. Those
source slots and their labeled data are used to build
the final slot filling model for the target slots.

Our main contributions are three-fold as follows.

1. We propose a metric called STM to measure
the transferability between two slots. To our
best knowledge, it is the first study on the
transferability between two slots. The STM is
model-agnostic.

2. We also propose a STM-based method to se-
lect source slots and their labeled data for
training slot filling model for target slots.

3. Experimental results on several existing mod-
els and datasets show that this method
brings consistent performance improvement
for cross-domain slot filling.

2 Related work

As a key component of dialog system, the slot
filling task has been studied extensively. Tradi-
tional supervised learning methods have made great
achievements with a large amount of labeled data
(Liu and Lane; Mesnil et al., 2015; Hakkani-Tür
et al., 2016; Kurata et al., 2016; Liu and Lane, 2016;
Goo et al., 2018; E et al., 2019). However, there
is little or even no labeled data for a new task, the
cross-domain slot filling task which uses labeled
data in source tasks to training model for target
task is gaining increasing attention (Yazdani and
Henderson, 2015; Bapna et al., 2017; Zhu and Yu,
2018; Lee and Jha, 2019; Shah et al., 2019; Liu
et al., 2020; Zhu et al., 2020). There are mainly
two streams of methods in previous work.

The first is to establish implicit semantic align-
ment of the slot representations between the source
task and the target task (Bapna et al., 2017; Lee
and Jha, 2019; Shah et al., 2019; Liu et al., 2020).
Bapna et al. (2017) proposed the Concept Tagging
model (CT), which unified the slot filling model on
the source tasks and the target task by combining
the slot representations modeled by slot descrip-
tion information, and then conducting BIO 3-way
classification. Based on CT, Lee and Jha (2019)
proposed the Zero-Shot Adaptive Transfer model
(ZAT), which introduced an attention layer in build-
ing representations of slot description; Meanwhile,
Shah et al. (2019) proposed the Robust Zero-shot
Tagger (RZT) model, which used a small number
of sample slot values of the target slot to constrain
the slot filler to avoid the negative transfer caused
by the misalignment of slot names.

The second is a coarse-to-fine approach, which
first identifies all candidates of slots and then classi-
fies them into corresponding slots. Liu et al. (2020)
proposed a Coarse-to-fine approach (Coach). They
first predicted whether the tokens are slot value
candidates, and then identified their specific slot
types based on the similarity between the tokens
and the representation of each slot description. In
addition, Coach utilized a template regularization
method which clusters the representations of se-
mantically similar utterance into a similar vector
space. It greatly improves the robustness of the
model.

Most of these efforts focus on building a cross-
task transferable model by exploiting the correla-
tion information between source and target tasks.
All source data is used to train the transfer model
no matter if the data is helpful for target slot filling.
On the contrast, this paper proposes a new method
to select parts of source slots and their labeled data
for model training.

3 Methodology

This section describes the cross-domain slot filling
method proposed in this paper. First, we propose
the concept of slot transferability and its measure-
ment STM in Section 3.1. Then we describe the
method of finding source slots for target slot based
on the STM in Section 3.2. Finally, we introduce
how this method can be deployed and implemented
on existing models in Section 3.3. The STM is
model-agnostic and will be validated on multiple
existing models.
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3.1 Slot Transferability Measure

Given slots sa and sb, the transferability from sa
to sb refers to the degree of that the slot filling
information of sa can be used for slot filling of sb,
denoted as STM(sa, sb).

Let pv(si) be the distribution of slot value rep-
resentation of slot si(i = {a, b}), pc(si) be the
distribution of slot value context representation of
slot si(i = {a, b}). We define the transferability
from slot sa to slot sb as Equation (1):

STMβ(sa, sb) = 1−

tanh

(
(1 + β2)sim(pv(sa), pv(sb))sim(pc(sa), pc(sb))

β2sim(pv(sa), pv(sb)) + sim(pc(sa), pc(sb))

)

(1)
where sim(p, q) denotes the similarity between

distribution p and q. The β parameter determines
the weight of similarity between distributions of
slot value context representations. β > 1 favors
similarity between distributions of slot value con-
text representations, β < 1 lends more weight
to similarity between distributions of slot value
representations. The larger the STMβ(sa, sb), the
higher the transferability from slot sa to slot sb.

Maximum Mean Discrepancy (MMD) is em-
ployed to calculate sim(p, q). MMD is usually
used as a loss function in transfer learning (Tzeng
et al., 2014; Zhang et al., 2015; Long et al., 2015,
2016, 2017; Yan et al., 2017). It minimizes the
difference between different domains to obtain the
domain-invariant features. It serves as test statistics
to determine if two distributions are the same, as
well as measure the similarity between two distri-
butions. The smaller the MMD is, the higher the
similarity between distributions is. Let F be a class
of functions F : X → R. Let X = {x1, ..., xm}
and Y = {y1, ..., yn} be samples composed of
independent and identically distributed observa-
tions drawn from distribution p and q, respectively.
MMD is defined as Equation (2), and the square of
the MMD can be empirically estimated by Equa-
tion (3) (Borgwardt et al., 2006):

MMD2[F , p, q] = sup
f∈F

(Ep[f(x)]− Ep[f(y)]) (2)

MMD2[F , X, Y ] =
1

m(m− 1)

m∑

i6=j
k(xi, xj)

+
1

n(n− 1)

n∑

i6=j
k(yi, yj)− 2

mn

m,n∑

i,j=1

k(xi, yj) (3)

where k is the kernel function. Gaussian kernel
functions are usually used as. Therefore, the sim-

ilarity between the distributions of slot value rep-
resentations of slots sa and sb, and the similarity
between distributions of slot value context repre-
sentation of slots sa and sb are Equations (4) and
(5) respectively:

sim(pv(sa), pv(sb)) = MMD2[F ,Ωva,Ωvb] (4)

sim(pc(sa), pc(sb)) = MMD2[F ,Ωca,Ωcb] (5)

where Ωvi and Ωci is the sample set of the slot val-
ues representation distribution and the sample set
of the slot value context representation distribution
corresponding to slots si(i = {a, b}).

Given labeled data Dsa = {(x(i), y(i))}Nai=1 for
slot sa , where x(i) = (x

(i)
1 , x

(i)
2 , · · · , x(i)l ) is a se-

quence of words, y(i) = (y
(i)
1 , y

(i)
2 , · · · , y(i)l ) is the

corresponding label sequence. Since x(i) contains
the slot value of slot sa, there is either “B-sa” (the
slot value is a word) or “B-sa” and “I-sa” (the slot
value includes several words) in the label sequence.
We first extract all slot value words from labeled
dataset Dsa, and have the sample set Ωva of the
slot value representation of slot sa, as shown in
Equation (6):

Ωva =
{
E(x

(i)
j ) | if Iva(x(i)j , sa)

}i=Na,j=l
i=1,j=1

(6)

where E is a word embedding mapping, and Iva
indicates whether x(i)j is the slot value of slot sa
defined as Equation (7):

Iva(x
(i)
j , sa) =





1, if y
(i)
j = B-sa

or y
(i)
j = I-sa

0, otherwise

(7)

Then we extract the slot values context. N words
before and after the slot values are extracted to
form the sample set Ωca as shown in Equation (8):

Ωca =
{
E(x

(i)
k ) | if Ica (x

(i)
k , sa)

}i=Na,k=l
i=1,k=1

(8)

where E is a word embedding mapping, and Ica
indicates whether x(i)k is the slot value context for
slot sa defined as Equation (9):

Ica(x
(i)
k , sa) =





1, if x
(i)
k 6= B-sa and x

(i)
k 6= I-sa

and (y
(i)
k+N = B-sa or y

(i)
k−N = I-sa

or y
(i)
k−N = B-sa)

0, otherwise

(9)
Similarly, we can obtain Ωvb and Ωcb. Based
on Ωva, Ωca, Ωvb and Ωcb, we can calculate
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sim(pv(sa), pv(sb)) and sim(pc(sa), pc(sb) based
on Equations (4) and (5) and then calculate
STMβ(sa, sb) based on Equation (1).

Slot transferability has the following two proper-
ties:

Symmetry STM is symmetric. Let the transfer-
ability from sb to sa be STMβ(sb, sa), we have:

STMβ(sa, sb) = STMβ(sb, sa) (10)

Relativity When comparing the STM between
two slot pairs, it is meaningful only their source slot
or target slot is the same. When STMβ(sa, sb) <
STMβ(sc, sb), the transferability from sa to sb
is higher than that from sc to sb, or when
STMβ(sa, sb) < STMβ(sa, sc), the transferabil-
ity from sa to sb is higher than that from sa to
sc. The comparison between STMβ(sa, sb) and
STMβ(sc, sd) is meaningless.

3.2 Selection of source slots based on STM

Given a slot set S = {s1, · · · , sns} from source
tasks and the target slot st. Each source slot sa
has a labeled dataset DT

sa = {(x(i), y(i))}N
T
sa

i=1 , and
the target slot st is given a labeled dataset DV

st =

{(x(i), y(i))}N
V
st

i=1 for validation. We select a slot set
St for training the target slot filling model from S
basing on the following steps.

1. For each slot si in the source slot set, we cal-
culate the transferability STMβ(si, st).

2. After sorting [s1, · · · , sns] from big to
small basing on STMβ(si, st), we get
[s(1), · · · , s(n)], the slots sequence according
to the order of transferability from highest to
lowest.

3. First, we select a slot filling model M and
define the union of training data correspond-
ing to the first h slots (h is initialized to 1)
in the sorted list [s(1), · · · , s(ns)] as DACC

h =

DT
(1) ∪ DT

(2) ∪ · · · ∪ DT
(h). After replacing

the B-∗ and I-∗ tags on DACC
h and DV

d with
the labels B and I , we train the model M
with DACC

h and then test the trained model on
DV
st to get the corresponding F1 value, which

is denoted as fh = M(DACC
h , DV

st). Then
h = h+ 1, till F1 gets to its maximum, then
St = [s(1), · · · , s(h)].

3.3 Model training

Given a set of source tasks T = {T1, · · · , Tn}, a
target task Ttgt and the slot set Si = {s1, · · · , sNi}
corresponding to task Ti. We define the set of all
source task slots as Sunion = S1∪· · ·∪Sn, and the
set of target task slots as Stgt. For an existing cross-
domain slot filling model Mbase, we deploy our
approach on the model by following these steps.

Firstly, the training set and validation set cor-
responding to the target task and the source task
are divided into the training set and validation set
corresponding to each slot according to whether
the slots contained in each sample. Then select the
corresponding source slot set Sti for each slot sti in
the target task slot set from all the source tasks set
Sunion. We combine the source slot set correspond-
ing to all target task slots to get the source slot set
for the target task Stgt = St1 ∪ · · · ∪ StNtgt and
then replace the labels corresponding to all slots in
the source task training set that are not in Stgt with
labels O. Finally, the source slot set Stgt and the
training data after replacement are used to train the
model Mbase.

4 Experiments

In this section we describe the dataset used for eval-
uation, the baseline models used for comparison,
and more details of the experimental settings.

4.1 Datasets

To evaluate the effectiveness of our approach, we
conduct experiments on SNIPS (Coucke et al.,
2018). In order to further evaluate the general-
ization ability of our approach, we also construct a
cross-task slot filling dataset called MultiWoz-Slot
(MWS) based on the multi-domain task-oriented di-
alog dataset MultiWoz (Budzianowski et al., 2018;
Eric et al., 2020). Table 1 displays some statis-
tics about the two datasets. Details about the two
datasets and how the MWS dataset is constructed
are described as follows.

SNIPS SNIPS is a public SLU dataset that con-
tains 7 tasks (intents) and 39 slots, and each task
contains approximately 2000 training samples. As
shown in Table 1, the data contains a total of 14,484
samples, the vocabulary size is 12,134, the average
length of the sample utterance is 9, and the average
number of slots in each sample is 2.6.

Multiwoz-Slot MultiWoz is a public multido-
main task-oriented dialogue dataset that contains 7
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MWS vocab
size

utters
num

avg
len

avg slot
num

slot
num slots

attraction1 1132 4616 15.3 1.2 3

area123, arrive45, day235, depart45, dest45,

food3, leave45, name123, people235,

price23, stars2, stay2, time3, type12

hotel2 1481 11258 16 1.7 8
restaurant3 1734 11669 14.4 1.8 7
taxi4 961 1758 15.7 1.3 4
train5 1391 10538 13.9 1.7 6
total 3314 39839 14.9 1.6 14

SNIPS vocab
size

utters
num

avg
len

avg slot
num

slot
num slots

AddToPlaylist1 3261 2042 9.2 2.7 5 album4, artist14, best rating5, city23, country23,

condition description3, condition temperature3,

cuisine2, current location3, entity name1, year4,

geographic poi3, location name7, playlist owner1,

object type567, party size description2, rating unit5,

movie type7, served dish2, service4, sort24, genre4,

music item14, object location type7, object name56,

object part of series type5, object select5, facility2,

party size number2, playlist14,movie name7, poi2,

rating value5, restaurant name2, restaurant type2,

state23, timeRange237, track4, spatial relation237

BookRestaurant2 2639 2073 12 3.2 14
GetWeather3 2260 2100 9.5 2.3 9
PlayMusic4 2961 2100 7.1 2.2 9
RateBook5 1906 2056 8.8 3.8 7
SearchCreativeWork6 3222 2054 7.8 1.7 2
SearchScreeningEvent7 1718 2059 8.7 2.2 7
total 12134 14484 9 2.6 39

Table 1: Some statistics about SNIPS and MWS. The upper script on task indicates the task id. The upper script
on slot indicates the task it belongs.

tasks and 24 slots. Since the (hospital, police) tasks
have little conversation data and only appear in the
training data, we use user-side utterance for just
five tasks (attractions, hotel, restaurant, taxi, train)
to construct the MWS dataset, which contains 14
slots. When constructing the training, validation
and test data of a task in MWS, we extract the user-
side utterance containing the task separately from
the conversations in the training set, validation set
and test set of Multiwoz. Since the training set of
the target task is generally used as the final test set
in the cross-domain slot filling task, we combine
the validation set and test set as validation set for
each task. Table 1 shows the number of slots and
the number of sample of training set and validation
set included in each task in MWS. As shown in
Table 1, the data contains a total of 39,839 samples,
and the vocabulary size is 3,314, the average length
of the sample utterance is 15, and the average num-
ber of slots in per sample is 1.7.

Compared to SNIPS, MWS has smaller vocabu-
lary size and the number of slots in each task. How-
ever, MWS has more samples in each task, so when
it is used as a cross-domain slot filling dataset, its
source tasks have more sufficient training samples,
and the correlation between these tasks is stronger.

4.2 Models

We conduct our experiments on the following mod-
els.

Concept Tagger (CT) A cross-domain slot fill-
ing model proposed by Bapna et al. (2017), which

uses the information of the slot descriptions to es-
tablish implicit alignment between target slots and
source slots.

Robust Zero-shot Tagger (RZT) A model pro-
posed by Shah et al. (2019), which uses the slot
value sample of slots to improve the robustness of
the model on the target task based on the CT model.

Coarse-to-fine Approach (Coach) A two-stage
cross-domain slot filling method proposed by Liu
et al. (2020), which splits the cross-domain slot fill-
ing task into two stages: coarse-grained BIO 3-way
classification and fine-grained slot type classifica-
tion, and uses slot descriptions in the second stage
to help recognize unseen slots.

Coach+TR A variant of Coach proposed by Liu
et al. (2020), which further uses template regular-
ization on the basis of Coach to improve the perfor-
mance of the model on similar or the same slots, is
the state-of-the-art model.

4.3 Implementation Details

We deploy the proposed method on above slot fill-
ing models CT, RZT, Coach, and Coach+TR.
β is set to 1. A two-layer BiLSTM (Schmidhuber

and Hochreiter, 1997) model is used for selecting
source slots for all models. 300 dimensions Glove
(Pennington et al., 2014) vector is used for word
embedding. The hidden layer dimension is set to
300, the learning rate is 0.001. We train the model
30 epochs and select the model with the best per-
formance on the validation set as the final model.
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Model CT RZT Coach Coach+TR
Data/Domain ↓ Training Setting→ ALL STM1 ALL STM1 ALL STM1 ALL STM1

MWS

attraction 74.52 84.99 74.96 84.22 67.26 73.35 65.06 76.16
hotel 58.81 47.73 50.63 43.82 59.03 61.12 59.00 60.74
restaurant 69.93 63.47 66.29 61.01 78.65 65.36 79.00 71.53
taxi 51.61 69.32 52.82 66.25 63.88 81.17 70.04 79.34
train 80.78 79.66 80.02 81.37 77.68 82.85 77.91 85.23
Average F1 67.13 69.03 64.94 67.33 69.30 72.77 70.20 74.60

SNIPS

AddToPlaylist 38.82 41.95 42.77 42.92 45.23 53.36 50.90 50.54
BookRestaurant 27.54 31.17 30.68 30.21 33.45 32.60 34.01 32.89
GetWeather 46.45 53.03 50.28 62.32 47.93 60.91 50.47 62.38
PlayMusic 32.86 23.09 33.12 22.33 28.89 35.60 32.01 34.45
RateBook 14.54 15.39 16.43 25.37 25.67 16.37 22.06 25.39
SearchCreativeWork 39.79 38.72 44.45 42.63 43.91 49.88 46.65 52.21
SearchScreeningEvent 13.83 14.13 12.25 15.15 25.64 23.75 25.63 26.05
Average F1 30.55 31.07 32.85 34.42 35.82 38.92 37.39 40.56

Table 2: The main result of the four models (CT, RZT, Coach, Coach +TR) trained using original data (All data)
and data selected by our method (STM1). Scores in each row are F1 of target task.

In order to make a fair comparison, we use the
same settings with Liu et al. (2020) to construct the
cross-domain slot filling model. We concatenate
the 100-dimensional character-level representation
and the 300-dimensional word-level representation
as word representation. We set the hidden layer
dimension of all the BiLSTM encoders to 300 and
set the dropout rate to 0.3. We use Adam opti-
mizer (Kingma and Ba, 2015) with a learning rate
of 0.0005. The samples of each task in SNIPS
are divided into two parts: 500 samples as valida-
tion set, and the remaining samples as training set.
When a task is set as a target task, its training set
is used as a test set. We evaluate on two datasets
respectively. For each test, we choose one task as
the target task and set the other tasks as the source
tasks.

5 Result and Discussion

In this section, we describe and analyze the ex-
perimental results. Firstly, the main results of the
experiment are described in Section 5.1. Then, we
analyze the impact of some factors on STM in Sec-
tion 5.2.

5.1 Main Results
Quantitative Analysis Table 2 shows the main
result of the four models. For each model, the first
column is F1 of the model trained by all labeled
data available, i.e., the original way for using the
model. The second column is F1 of the model
trained by labeled data selected by method pro-
posed in the paper. As can be seen from the Table
2:

1. Our method improves the average F1 (aver-

age on all target tasks) of all four models on
two datasets consistently, e.g. our method
improves the average F1 of coach+TR by 4.4
points on MWS, and by 3.17 points on SNIPS.

2. Our method improves the performance of all
four models on most target tasks, even im-
proves several of them by more than 10 points.

Qualitative analysis We perform a qualitative
analysis of the STM on the MWS dataset. Figure
1 shows the thermal diagram of slot transferability
between any two slots in MWS. Each cell in the fig-
ure represents the value of STM1 between the slot
labeled in the horizontal axis and the vertical axis.
The higher the brightness, the higher the transfer-
ability. The figure is symmetric because the STM1

is symmetric. It can be found that the slot with high
transferability to each other are roughly divided
into 7 categories, as shown in Table 3. After ob-
serving the data, we find that there are mainly three
kinds of slots in the same category. The first type is
the slot with high coincidence degree of slot value
set. For example, ”attraction-name” and ”taxi-dest”
have some common values, such as ”adc theatre”,
”all saints church”, ”county folk museum” and so
on. The second kind of slots is that the slot values
appear in similar context. For example, ”attraction-
name” and ”hotel-name” have some common con-
text words, such as ”about”, ”for”, ”at” and so on.
The third kind of slots are the slots with higher co-
incidence degree, as well as similar context of slot
values, such as ”attraction-area” and ”hotel-area”.
These phenomena are consistent with the definition
of STM.
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Figure 1: the thermal diagram of slot transferability be-
tween any two slots in MWS.

Category Slots

1 attraction-area, hotel-area,
restaurant-area

2 hotel-day, restaurant-day, train-day

3 hotel-people, hotel-stars, hotel-stay,
restaurant-people, train-people

4 hotel-price, restaurant-price

5
attraction-name, hotel-name,
restaurant-name, taxi-depart,

taxi-dest, train-depart, train-dest

6 restaurant-time, taxi-arrive,
taxi-leave, train-arrive, train-leave

7 attraction-type, hotel-type,
restaurant-food

Table 3: The MWS slots categories. The slots in the
same categories have the high transferability.

5.2 The impact of some factors on STM

There are three main factors in the calculation of
STMbeta. The following is an experimental analy-
sis of the impact of the three factors on STM.

The impact of β on STM β parameter deter-
mines the weight of similarity between distribu-
tions of slot value context representations . We ran-
domly select four slot pairs which are (attraction-
name, hotel-name), (attraction-name, restaurant-
name), (attraction-name, taxi-dest), and (hotel-
name, taxi-dest). In the first two groups, the slot
values appear in similar context, but the sets of slot
values almost have no intersection. In the last two
groups, the sets of slot values set have high consis-
tency, but the contexts of slot values are not similar.
β is range from 0 and +∞. When β = 0, STMβ

only measures the similarity of distributions be-
tween slot values representations of the two slots,
and when β = +∞, STMβ only measures the

Figure 2: The impact of β on STM.

Figure 3: The impact of sample number on STM.

similarity of distributions between the slot value
context representation of the two slots. As shown
in Figure 2, the STMβ of the first two groups in-
creased with the increase of β, while the STMβ of
the last two groups decreased with the increase of
β. Therefore, when β increases, the effect of slot
value similarity on STMβ becomes greater, and
the effect of slot value context similarity on STMβ

becomes smaller.

The impact of sample number on STM In or-
der to measure the impact of sample number on
STMβ , we randomly selected three slot pairs
which are (taxi-arrive, train-arrive), (taxi-arrive,
restaurant-time) and (taxi-arrive, hotel-name) for
comparative experiment. We select 25%, 50%,
75% and 100% samples from the validation set
used to calculate STMβ on the three groups of
slots. The experimental results are shown in Figure
3. According to the figure, although the absolute
values of STMβ of the three slot pairs changed,
their relative relations didn’t change. That is, sam-
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Figure 4: The impact of N on sim(pc(sa), pc(sb)).

ple size will affect the value of STMβ . However,
for the same source slot, the relationship between
STMβ to different target slots does not change.

The impact of N on STM When calculating
slot transferability, we fuse distribution similar-
ity of the slot value representations and of the
slot value context representations. We select one
word before and after slot value as slot value con-
text. In order to measure the impact of slot context
window size N on slot transferability, (attraction-
name, hotel-name), (attraction-name, restaurant-
name), (attraction-name, taxi-dest), (attraction-
name, hotel-stars), (hotel-stay, restaurant-people)
and (hotel-stay, restaurant-name) are randomly se-
lected for comparing. The first two groups have
similar context, the middle two have similar slot
values sets, and the last two have low similarity in
both slot values and context. N is range from 1 and
10. We observe the change of context representa-
tion distribution similarity sim(pc(sa), pc(sb)) and
STM1 among 6 groups of slots. As shown in Fig-
ure 4 and Figure 5, the similarity among context
representation distributions increases with the in-
crease of context window size N, and the context
similarity among 6 groups of slots tends to be the
same. In addition, STM increases with the increase
of window size N, and the distinction of STM be-
tween different types of slot pairs decreases. We
conjecture this is due to the fact that the context
we extracted contains too much slot-independent
context when the window size N becomes large.

5.3 Running time analysis

The method proposed in Sec 3.2 does increase the
running time. However, there are two sides of run-
ning time. Selecting slots by a Bi-LSTM cost some

Figure 5: The impact of N on STM.

times, while training the model with selected (less)
data saves times. We don’t calculate the save min-
utes in training, however, we find the increase of
time consumption in slots selection is small, it is
acceptable considering the performance improve-
ments it brings. Since the process in Sec 3.2 is
offline and once for a new domain, and the model
used in Sec 3.2 is a simple Bi-LSTM model, it in-
creases only a little time. To be more detailed, we
conducted experiments on one Titan V GPU, the
average running time of the method in Sec 3.2 is
80 minutes for a new domain.

6 Conclusions and Future Work

In this paper, we propose a metric STM to measure
the slot transferability of the slots across task, and
the calculation of this metric is model-agnostic.
Based on this metric, we also propose a cross-
domain slot filling method to improve the per-
formance of the existing models by selecting the
source slots with high transferability for the target
slots. The results on several existing models and
datasets show that our method can bring consistent
performance improvement to the slot filling models
of the target tasks, which show the effectiveness
of the STM. We also further explore the impact of
some factors on STM. In the future, we hope to use
STM to further guide the improvements of models.

Acknowledgments

We would like to thank anonymous reviewers for
their suggestions and comments. The work was
supported by the National Natural Science Founda-
tion of China (NSFC62076032).

4977



References
Ankur Bapna, Gokhan Tür, Dilek Hakkani-Tür, and

Larry Heck. 2017. Towards zero-shot frame seman-
tic parsing for domain scaling. Proc. Interspeech
2017, pages 2476–2480.

Karsten M Borgwardt, Arthur Gretton, Malte J Rasch,
Hans-Peter Kriegel, Bernhard Schölkopf, and Alex J
Smola. 2006. Integrating structured biological data
by kernel maximum mean discrepancy. Bioinformat-
ics, 22(14):e49–e57.

Paweł Budzianowski, Tsung-Hsien Wen, Bo-Hsiang
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Abstract

Radiology reports play a critical role in com-
municating medical findings to physicians. In
each report, the impression section summa-
rizes essential radiology findings. In clini-
cal practice, writing impression is highly de-
manded yet time-consuming and prone to er-
rors for radiologists. Therefore, automatic
impression generation has emerged as an at-
tractive research direction to facilitate such
clinical practice. Existing studies mainly fo-
cused on introducing salient word information
to the general text summarization framework
to guide the selection of the key content in
radiology findings. However, for this task,
a model needs not only capture the impor-
tant words in findings but also accurately de-
scribe their relations so as to generate high-
quality impressions. In this paper, we pro-
pose a novel method for automatic impres-
sion generation, where a word graph is con-
structed from the findings to record the critical
words and their relations, then a Word Graph
guided Summarization model (WGSUM) is
designed to generate impressions with the help
of the word graph. Experimental results on
two datasets, OPENI and MIMIC-CXR, con-
firm the validity and effectiveness of our pro-
posed approach, where the state-of-the-art re-
sults are achieved on both datasets. Further
experiments are also conducted to analyze the
impact of different graph designs to the perfor-
mance of our method.1

1 Introduction

A radiology report usually contains a findings sec-
tion (FINDINGS) describing detailed medical obser-
vations and an impression section (IMPRESSION)
summarizing the most critical observations. In
practice, the IMPRESSION is an essential part and

1Our code and the best performing models are released at
https://github.com/cuhksz-nlp/WGSum.

There is a moderate le� pleural effusion, similar to
mul�ple recent studies. Le� basilar opacification is similar
to the prior exam, likely atelectasis, but infec�on can not
be excluded. There is mild pulmonary vascular conges�on
and cardiomegaly. There is no pneumothorax.

Mild pulmonary vascular conges�on, cardiomegaly and a
moderate le� pleural effusion. Persistent le�  basilar opa
cifica�on may reflect compressive atelectasis but infec�o
-n is not excluded.

atelectasissimilar

excluded be not

... ...

Findings

Impression

Radiology Report

Graph

pleural le� moderate

likely

infec�oncan

basilar opacification

effusion

Figure 1: An example radiology report including its
FINDINGS and IMPRESSION, and a word graph con-
structed from the FINDINGS. Different colored edges
in the graph represent different types of relations. The
curved arrow indicates the AIG task to generate the IM-
PRESSION from the FINDINGS.

plays an important role in delivering critical find-
ings to clinicians. Therefore, summarizing FIND-
INGS helps to locate the most prominent observa-
tions so that the automatic process of doing so
greatly eases the workload of radiologists. Re-
cently, many methods are proposed for automatic
impression generation (AIG) (Hassanpour and Lan-
glotz, 2016; Zhang et al., 2018; Gharebagh et al.,
2020), which are mainly based on the sequence-to-
sequence architecture with specific designs for the
characteristics of this task. For example, MacA-
vaney et al. (2019) employed clinical terms within
the FINDINGS as key information to enhance AIG.
Based on this work, Gharebagh et al. (2020) fur-
ther proposed to identify the importance of these
clinical terms and selected the most salient ones
to facilitate the recognition of significant content
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Figure 2: The overall architecture of our proposed method with an example input and sample outputs at the t − 1
and t step. The FINDINGS Encoder and the Graph Encoder are shown in different grey dashed boxes with their
details omitted. The Graph Guided Decoder is illustrated in the blue dashed box.

so as to improve the performance. Although these
efforts are able to find the important words to pro-
mote AIG, less attention is paid to the important as-
pect on leveraging the relation information among
them. For example, in Figure 1, the observation
word “effusion” and its modifier word “moderate”
have a relation (which describes the severity of the
symptoms) in between them, where such relation
needs to appear in the IMPRESSION. Therefore, to
better generate IMPRESSION, in addition to using
important words, it is required to recognize the re-
lations among such words in the FINDINGS and
describe their corresponding relations for AIG.

In this paper, we propose to enhance AIG via a
summarization model integrated with a word graph
by leveraging salient words and their relations in
the FINDINGS. In detail, the word graph is con-
structed by identifying the important words in the
FINDINGS and building connections among them
via different typed relations. To exploit the word
graph, a Word Graph guided Summarization model
(WGSUM) is designed to perform AIG, where
the information from the word graph is integrated
into the backbone decoder (e.g., LSTM (See et al.,
2017) or Transformer (Liu and Lapata, 2019)) from
two aspects, including enriching the decoder input
as extra knowledge, as well as guiding the decoder
to update its hidden states. Experimental results il-
lustrate that WGSUM outperforms all baselines on
two benchmark datasets, where the state-of-the-art
performance is observed on all datasets in com-

parison with previous studies. Further analyses
also investigate how different types of edges in
the graph affects the performance of our proposed
model.

2 The Proposed Method

We follow the standard sequence-to-sequence
paradigm for AIG. In doing so, we regard
the FINDINGS as the source sequence X =
{x1, ..., xi, ..., xN}, where N is the number of to-
kens in the FINDINGS, and the goal of the task is to
generate a target sequence (i.e., the IMPRESSION)
Y = {y1, ...yi, ..., yL}, where L is the number of
tokens in the IMPRESSION. An overview of our
method is shown in Figure 2 where the details are
illustrated in following subsections.

2.1 The Overall Structure

The model used in our method contains three major
components, i.e., the FINDINGS encoder, the graph
encoder, and the graph guided decoder with their
details and the training objective described below.

FINDINGS Encoder Given a FINDINGS, denoted
by X with N tokens, LSTM or the standard en-
coder from Transformer is applied to model the
sequence and its output is the hidden state hx. The
process is formulated as

hx = ffe(x1, ..., xi, ..., xN ) (1)

where ffe(·) refers to the FINDINGS encoder.
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Graph Encoder For the node V and adjacency
matrix A in the graph G constructed from the
FINDINGS, we utilize graph neural networks2

(GNN) to encode them, because GNNs are power-
ful in encoding graph-like information (Chen et al.,
2020; Zheng and Kordjamshidi, 2020; Tian et al.,
2021a,b). In detail, two encoders are employed to
extract features from G, where one is used to con-
struct the background information and the other is
used to generate the dynamic guiding information.
The process is thus formalized as

zb = fgb(V,A) (2)

zl = fgl(V,A) (3)

where fgb(·) and fgl(·) refer to two graph encoders,
with zb and zl the intermeidate states used to gen-
erate the static background information and the
dynamic guiding information, respectively.

Graph Guided Decoder In our model, zb and
zl from the graph encoders are integrated into the
backbone decoder (e.g., LSTM and Transformer
decoder.) and perform a decoding process via

Pvocab = fd(h
x, zb, zl) (4)

where fd(·) represents the decoder.

Objective Since the FINDINGS and the IMPRES-
SION are highly related, a pointer generator (PG)
is also introduced to our model by

P (yt |X, y<t)=pgenPvocab(yt)+(1−pgen)
∑

i:xi=yt

ati (5)

where ati is the distribution over source tokens at
step t, which is obtained by performing the atten-
tion mechanism on the source tokens; pgen and
(1 − pgen) are the weights of predicting the next
token from the vocabulary or the source tokens, re-
spectively. The model is then trained to maximize
the negative conditional log-likelihood P (Y|X, G)
by of Y given X and G:

θ∗ = argmax
θ

L∑

t=1

log p (yt | y1, ..., yt−1,X, G; θ)

(6)
where θ are the parameters of the model.

2.2 Graph Construction
In FINDINGS, the most critical content that the
radiologists need to summarize is the abnormal-

2It can be any type (e.g., graph convolutional networks
(GCN) and graph attention networks (GAT)).

ity which usually includes the corresponding spe-
cific observations as well as their modifying words.
Therefore, in our study, we first extract 5 types
of entities from FINDINGS: anatomy, observation,
anatomy modifier, observation modifier, and uncer-
tainty, where these entities are able to cover most of
the key words that need to appear in IMPRESSION.
In addition, Gharebagh et al. (2020) has shown
that fine-grained words are more effective than the
entire ontology. Inspiring by this idea, we regard
words from these entities as nodes in our graph.
To avoid confusion, the repeated words are treated
as one single node in each FINDINGS even though
they are not presented in the same entity. Besides
modifying relation, some other relations are also
important for IMPRESSION generation, such as re-
lations between anatomy and observation. For ex-
ample, in Figure 1, the relation between “pleural”
(anatomy) and “effusion” (observation), which can
be obtained for the detailed abnormality in the IM-
PRESSION. To capture these types of relations, we
leverage dependency trees which have been widely
used to model word-word relations in many stud-
ies (Tian et al., 2020a,b; Pouran Ben Veyseh et al.,
2020; Chen et al., 2021). Thus, we define three
types of edges for our word graph. Note that, each
FINDINGS has its corresponding word graph:

• Type I: this is the type using the natural order of
words in an entity. In detail, we connect words
if they are adjacent in the same entity. In Figure
1, the pink dashed lines serve as the type I edge.
For example, “endotracheal tube” is an entity, so
that “endotracheal” is connected to “tube”.

• Type II: this is the type using the relations among
entities within the same category (e.g., observa-
tion and its modifier, and anatomy and its mod-
ifier). As shown in Figure 1, given an observa-
tion,“effusion” and a observation modifier “mod-
erate”, the relation is constructed by connecting
them with a green dash line.

• Type III: this is the type using the relations
among entities across different categories (e.g.,
observation and anatomy). Different from the
previous two types, this type is able to provide
the global relation information while the previ-
ous two types emphasize the local information.
In detail, we construct a dependency tree using
stanza in the Universal Dependencies (UD) for-
mat (Nivre et al., 2020). As shown in Figure
1, given “effusion” and its head “left”, they are
connected with a purple dash line.
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Then the nodes and edges in graph are recorded by
a node list V and an adjacency matrix A which are
then used as the input of graph encoder.

2.3 Graph Guided Decoder
We utilize graph to generate two different kinds of
information and they are working on two aspects:
enriching decoder input by static background infor-
mation hb and controlling decoder hidden state by
dynamic guiding information hl, which are intro-
duced in following parts.

Background Information Since the graph can
be considered as a condensing of source sequence
(i.e., FINDINGS) which contains the most impor-
tant information, it is appropriate to serve as a static
background information to enrich the decoder in-
puts. The first output zb of graph encoder is used
to construct the background information. For the
hidden state zbi in zb of each node, we can obtain
attention weights by:

ebi = p>b tanh(Wbz
b
i +Whhf ) (7)

ab = softmax(eb) (8)

where Wb,Wh and pb are learnable parameters.
For LSTM, we define hf as the final hidden state,
and for Transformer, we calculate the mean of all
hidden states as hf . The attention distribution ab

can be viewed as a probability distribution over
nodes in graph. Next, ab is used to produce a
weighted sum of the nodes and then we obtain
the static background information:

hb =
∑

i

abiz
b
i (9)

For clarity, we simplify Equation (7), (8) and (9)
as a function AttCon(·). Therefore, hb can be ob-
tained by:

hb = AttCon(zb,hf ) (10)

In our model, the background information hb is
directly concatenated to the decoder input. For
each decoder input yt−1 at step t, it is expanded as
y′t−1 = [yt−1,hb].

Dynamic Guiding Information Since hb re-
mains unchanged and works as the global static
knowledge during the decoding process, to make
the guidance more flexibly, the other information
zl from graph encoder in Equation (3) is used to
generate dynamic guiding information hlt for each
decoding step t. For different backbone decoders,
there is a little difference in generating hlt. For

DATA
OPENI MIMIC-CXR

TRAIN VAL TEST TRAIN VAL TEST

REPORT # 2,400 292 576 122,014 957 1,606

AFL 37.89 37.77 37.98 55.78 56.57 70.67
AFS 5.75 5.68 5.77 6.50 6.51 7.28
AFE 18 17 18 27 28 36

AIL 10.43 11.22 10.61 16.98 17.18 21.71
AIS 2.86 2.94 2.82 3.02 3.04 3.49

Table 1: The statistics of the two benchmark datasets
(random split for OPENI and official split for MIMIC-
CXR) in the training, validation, and test sets, where
the number of reports, the averaged sentence-based
(AFS, AIS) and word-based length (AFL, AIL) of IM-
PRESSION and FINDINGS, and the averaged number of
edges in graph (AFE) are reported.

LSTM decoder, each cell updates its information
by two states and one input: cell state ct−1, hidden
state st−1 and input y′t−1, which is formulated as:

[ct, s
′
t] = LSTM(ct−1, st−1,y′t−1) (11)

where ct usually contains rich contextual informa-
tion and it is appropriate to compute guiding infor-
mation hlt.

3

hlt = AttCon(zl, ct) (12)

For Transformer, the general decoder only has one
hidden state s′t which is the output of the last layer.
In this part, we regard the output of the penultimate
layer as another hidden state ct which is then used
to generate dynamic information hlt by:

hlt = softmax(ct(zl)>)zl (13)

After obtaining the dynamic guidance hlt from the
LSTM decoder or Transformer decoder, it is then
utilized to update decoder hidden state s′t by:

st = s′t + fg(z
l) · fu(zl) (14)

where fg(·) and fu(·) are fully connected layers.

Vocabulary Distribution To incorporate the
FINDINGS information for final prediction, we cal-
culate the attention context vector gct by the same
way as Equation (7), (8) and (9) using sequence
encoder hidden state hx as well as the updated st:

gct = AttCon(hx, st) (15)

Then both gct and decoder hidden state st are used
to calculate vocabulary distribution at step t:

Pvocab = softmax
(
Q′ tanh (Q [st;g

c
t ])
)

(16)

where Q′ and Q are learnable weights.
3We also try to use hidden state s′t from LSTM to calculate

hlt, but the performance is not better than that of ct.
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DATA MODEL
ROUGE FC

R-1 R-2 R-L P R F-1

OPENI

PG-LSTM 63.21 54.13 62.78 - - -
WGSUM (LSTM+GCN) 63.69 54.88 63.33 - - -
WGSUM (LSTM+GAT) 64.32 55.48 63.97 - - -

PG-TRANS 59.66 49.41 59.18 - - -
WGSUM (Trans+GCN) 60.95 50.67 60.85 - - -
WGSUM (Trans+GAT) 61.63 50.98 61.73 - - -

MIMIC-CXR

PG-LSTM 46.41 32.33 44.76 54.72 45.37 49.61
WGSUM (LSTM+GCN) 46.93 32.69 45.25 55.23 46.21 50.32
WGSUM (LSTM+GAT) 47.48 33.03 45.43 55.82 47.13 51.11

PG-TRANS 47.16 32.31 45.47 56.18 49.08 52.39
WGSUM (Trans+GCN) 47.93 32.63 46.23 56.37 50.84 53.46
WGSUM (Trans+GAT) 48.37 33.34 46.68 56.83 51.22 53.88

Table 2: The performance of the baselines and our proposed methods with different GNNs on OPENI and MIMIC-
CXR. R-1, R-2 and R-L denote ROUGE-1, ROUGE-2 and ROUGE-L, respectively.

3 Experiment Settings

3.1 Dataset

We conduct our experiments on the following two
datasets of radiology reports: OPENI (Demner-
Fushman et al., 2016) and MIMIC-CXR (John-
son et al., 2019). The former is collected by Indiana
University with 3,268 reports after pre-processing.
The latter contains a larger amount of data, where
we obtain 124,577 after pre-processing. In our ex-
periments, the original IMPRESSIONs written by
the radiologists are considered as the ground truth.
For both datasets, we follow Zhang et al. (2018)
and Gharebagh et al. (2020) to exclude the follow-
ing types of reports: (a) incomplete reports; (b)
reports whose FINDINGS have less than 10 words;
and (c) reports with IMPRESSION words less than
2. For the dataset splits, OPENI is partitioned into
train/validation/test set by 2400:292:576 randomly
in our experiments. For MIMIC-CXR, we apply
two splits, one is the official split as the dataset
published by Johnson et al. (2019), and the other
is a random split with a ratio of 8:1:1, which is the
same as Gharebagh et al. (2020). The statistics of
the datasets are shown in Table 1.

3.2 Baseline and Evaluation Metrics

To compare the performance of our proposed mod-
els, we use the following models as our baselines:
• PG-LSTM (See et al., 2017): This is Pointer

Generator Network (PGN) with copy mecha-
nism where both encoder and decoder are vanilla
LSTMs without graph information.

• PG-TRANS (Liu and Lapata, 2019): This is also
a PGN with both the encoder and decoder re-

placed with the transformer.
Besides, we also compare our model with those in
previous studies, including extractive summariza-
tion models, e.g., LEXRANK (Erkan and Radev,
2004), TRANSFORMEREXT (Liu and Lapata,
2019), as well as abstractive summarization models,
e.g., CAVC (Song et al., 2020), CGU (Lin et al.,
2018) and ONTOLOGYABS (Gharebagh et al.,
2020). In our experiments, we use ROUGE met-
rics (Lin, 2004) to evaluate the generated IMPRES-
SIONs. We only report F1 scores of ROUGE-1 (R-
1), ROUGE-2 (R-2) and ROUGE-L (R-L), where
R-1, R-2 are unigram and bigram overlap mea-
suring the informativeness and R-L is the longest
common sub-sequence overlap aiming to assess
fluency. In addition, to evaluate the factual consis-
tency (FC), CheXbert (Smit et al., 2020)4 is utilized
to detect 14 observations related to diseases in refer-
ence impressions and generated impressions. Then
precision, recall and F1 score are used to evaluate
the performance.

3.3 Implementation Details

We employ stanza (Zhang et al., 2020)5, a python-
based natural language processing library, to recog-
nize named entities and get the syntactic analysis.
Then we use the extracted entities and dependency
tree to construct graph for each FINDINGS. We im-

4FC only apply to MIMIC-CXR since the CheXbert
is designed for MIMIC-CXR and we obtain Chexbert
from https://github.com/stanfordmlgroup/
CheXbert

5Stanza provides packages to process the clinical text:
https://stanfordnlp.github.io/stanza/.
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MODEL

DATA OPENI MIMIC-CXR

RANDOM SPLIT OFFICIAL SPLIT RANDOM SPLIT
R-1 R-2 R-L R-1 R-2 R-L R-1 R-2 R-L

LEXRANK 14.63 4.42 14.06 18.11 7.47 16.87 - - -
TRANSFORMEREXT 15.58 5.28 14.42 31.00 16.55 27.49 - - -
CAVC 53.18 39.59 52.86 43.97 29.36 42.50 - - -
CGU 61.60 53.00 61.58 46.50 32.61 44.98 - - -
ONTOLOGYABS† - - - - - - 53.57 40.78 51.81

WGSUM (LSTM+GAT) 64.32 55.48 63.97 47.48 33.03 45.43 54.97 43.64 53.81
WGSUM (TRANS+GAT) 61.63 50.98 61.73 48.37 33.34 46.68 56.38 44.75 55.32

Table 3: Comparisons of our proposed models with previous study on the test sets of IU X-RAY and MIMIC-CXR
with respect to ROUGE metric. † refers to that the results is directly cited from the original paper.

plement our model based on Zhang et al. (2018)6

and Liu and Lapata (2019)7. Since the quality
of text representation plays an important role in
model performance (Mikolov et al., 2013; Song
et al., 2017, 2018; Peters et al., 2018; Song and
Shi, 2018; Devlin et al., 2019; Joshi et al., 2020;
Song et al., 2021), we try two powerful FINDINGS

encoders, namely, LSTM and Transformer, which
have achieved state-of-the-art results in many nat-
ural language processing tasks. For WGSUM

(LSTM+GAT)), we employ 2-layer GAT with hid-
den size of 200 as our graph encoder, 2-layer Bi-
LSTM encoder for findings sequence with hidden
size of 100 for each direction and 1-layer LSTM
for decoder with hidden size of 200. The dropout
is set to 0.5 for embedding layer. We use Adam
optimizer (Kingma and Ba, 2014) with the learn-
ing rate of 0.001. For WGSUM(TRANS+GAT),
the graph encoder is a 2-layer GAT with hidden
size 512 and the FINDINGS encoder is a 6-layer
Transformer with 512 hidden size and 2,048 feed-
forward filter size. The decoder is also a 6-layer
Transformer with hidden size 512.

4 Results and Analyses

4.1 Effect of word graph
To illustrate the validity of the word graph, we
conduct experiments with the aforementioned base-
lines on the two benchmark datasets. Besides, we
also try two different types of GNNs: GCN (Kipf
and Welling, 2016) and GAT (Veličković et al.,
2017) respectively. The results are shown in Table
2 and there are several observations drawn from
different aspects. First, we can observe that for

6https://github.com/yuhaozhang/
summarize-radiology-findings

7https://github.com/nlpyang/PreSumm
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Figure 3: Experts evaluation results of 100 sampled test
examples. For each of the metrics, more than 80% of
the generated IMPRESSIONs are at least as good as the
reference IMPRESSIONs.

our word graph, the encoder GAT is more effec-
tive than GCN where GAT can bring more sig-
nificant improvements on the two datasets. The
main reason might be that GAT is more powerful
in updating node representation via self-attention.
Second, integrating the word graph into the two dif-
ferent PGNs gains better performance on both the
datasets, which confirms the usefulness of the word
graph. Third, for OPENI, the LSTM-based models
outperform much more than the Transformer-based
models, while on MIMIC-CXR, the Transformer-
based models are more effective. The main reason
could be that the LSTM is able to obtain prominent
performance in the small dataset and the Trans-
former is more powerful under a large amount of
data. Fourth, on the FC metrics on MIMIC-CXR,
our proposed methods also outperform the BASE

model, indicating that the generated IMPRESSIONs
from our methods are more accurate and reason-
able, which is because the word graph can provide
both key word and relation information for the gen-
eration process so that the decoder tends to produce
words with correct relations.
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Figure 4: The improvements (R-1) of WGSUM with
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4.2 Comparison with Previous Studies

In this subsection, we compare our models with
existing studies on the two datasets and report all
results (i.e., ROUGE scores) in Table 3. We can
get several observations. First, the abstractive mod-
els are apparently more effective than the extrac-
tive models in AIG, owing to the characteristics of
FINDINGS and IMPRESSION in radiology reports.
Second, our models with the word graph show the
effectiveness of both key words information and
their relations in this task when being compared
to the previous models that only leverage medical
term information, e.g., ONTOLOGYABS only uses
ontology information in database RadLex8. Third,
our methods achieve the best performance among
all previous models, which demonstrates that us-
ing background knowledge and dynamic guidance
information to control the decoding process is an
appropriate design to improve the quality of the
generated IMPRESSIONS.

4.3 Expert Evaluation

Since the limitation of ROUGE metrics, we further
conduct an expert evaluation for a better under-
standing of the generated IMPRESSIONs. We ran-
domly select 100 generated IMPRESSIONs along
with their corresponding reference IMPRESSIONs
and FINDINGS from MIMIC-CXR. To avoid po-
tential bias, we randomly order the predicted and
reference IMPRESSIONs. We extend Gharebagh
et al. (2020) metrics to four metrics: Accuracy,
Completeness, Conciseness and Readability. Three
medical experts are employed to score each IM-
PRESSION on these metrics. Figure 3 presents the
results of human evaluation. We can observe that
although reference IMPRESSIONs written by the

8http://www.radlex.org/Files/radlex3.
10.xlsx

Impression Length

R
-1

WGSUM (Trans+GAT)
Trans
WGSUM (LSTM+GAT)
LSTM

Figure 5: The performance (R-1) of generated IMPRES-
SIONs from WGSUM (TRANS+GAT), PG-TRANS,
WGSUM (LSTM+GAT) and PG-LSTM on the
MIMIC-CXR test set. Each group contains IMPRES-
SIONs of different length intervals.

radiologists are still better, there are still over 80%
of generated IMPRESSIONs have roughly equal or
better quality. About 85%, 75%, 70%, and 94%
of generated IMPRESSIONs are equal to human
written IMPRESSIONs on the four metrics (Accu-
racy, Completeness, Conciseness, and Readability).
In addition, there are even 5%, 7%, 12%, 2% of
generated IMPRESSIONs surpassed the reference
IMPRESSIONs on these metrics.

4.4 Analyses

We conduct further analyses on Graph Edge, IM-
PRESSION Length, and Case Study.

Graph Edge As we introduced before, our graph
contains three types of edges, i.e., entity interval
edge (Type I), entity modifier edge (Type II), and
edge from dependency tree (Type III). To show
the effect of different edges, we conduct experi-
ments for WGSUM (LSTM+GAT) and WGSUM

(Trans+GAT) with different edges on MIMIC-
CXR. The improvements from these different edge
combinations are shown in Figure 4. First, we can
observe that models incorporating word graph out-
perform the baselines no matter with what type of
edge, indicating the effectiveness of our innovation
in combining the entity words and their relations
into the word graph. Second, regardless of WG-
SUM (LSTM+GAT) or WGSUM (Trans+GAT),
Type III edge can bring the most significant im-
provements, while Type I brings little improve-
ments. The main reason might be that the depen-
dency tree contains more comprehensive and accu-
rate relations for the entity words from FINDINGS.
Third, WGSUM (Trans+GAT) usually obtains bet-
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slight interval worsening of atelectasis at
the left lung base. stable moderate
bilateral pleural effusions , left greater
than right.

Reference Reference
study yesterday , retrocardiac opacity and
small opacity in right lower medial and
infrahilar region has improved suggesting
it was atelectasis or aspiration . there is
no pleural abnormality .

right internal jugular central venous catheter tip
in the svc . no interval change in mild
pulmonary edema with continued left basilar
consolidation possibly reflecting atelectasis or
infection , with small bilateral pleural effusions.

Reference

Trans Trans Trans
1. et tube terminates 3 .9 cm above the
carina. 2. slight interval increase in the
bibasilar atelectasis.

retrocardiac opacity , likely atelectasis or
aspiration .

right internal jugular central venous catheter tip
in the svc . no pneumothorax.

WGSUM (Trans+GAT)
1 . et tube terminates 3 .9 cm above the
carina . 2 . slight bilateral pleural effusions,
left greater than right , with interval
worsening of bibasilar atelectasis.

since yesterday , retrocardiac opacity
and small opacity in the right media and
right lower medial lung are much better ,
likely atelectasis or aspiration.

right internal jugular central venous catheter tip
in the svc. no pneumothorax. mild pulmonary
edema and small bilateral pleural effusions .

WGSUM (Trans+GAT) WGSUM (Trans+GAT)

Figure 6: Examples of the generated IMPRESSIONs from two models (i.e., the PG-TRANS and the WGSUM
(TRANS+GAT), respectively) , as well as the reference IMPRESSIONs.

ter improvements than WGSUM (LSTM+GAT) in
most cases.

IMPRESSION Length Another factor that could
affect the model performance is the number of to-
kens in the IMPRESSION. To test the effect of IM-
PRESSION length, we categorize all generated IM-
PRESSIONs in the MIMIC-CXR test set into 6
groups (within [15,40] with the interval of 5) and
compare the R-1 score for each group. The results
are shown in Figure 5. There are several observa-
tions. First, when IMPRESSION gradually increases
in the length, the performance of all models shows
a downward trend, which indicates that long IM-
PRESSION generation is difficult for all models.
Second, TRANSFORMER-based methods are more
effective than LSTM based models, especially for
long IMPRESSION. The main reason might be that
the Transformer is more powerful in dealing with
longer sequences via its self-attention mechanism.
Third, both WGSUM (TRANS+GAT) and WG-
SUM (LSTM+GAT) show their superiority when
being compared to their baselines and obtain better
results in almost all of the groups.

Case Study To further analyze the effect of our
proposed model, we perform qualitative analysis on
some cases with their reference and generated IM-
PRESSIONs from different models. Figure 6 shows
three cases from MIMIC-CXR where different
colors on text refer to varied key information. It
is found that in the first case, when referring to
the corresponding FINDINGS our model generates
more complete IMPRESSION than the reference,
e.g., “et tube terminates 3 .9 cm above the carina”
is a helpful text piece but does not appear in refer-
ence IMPRESSION. In addition, compared to the
reference IMPRESSIONs written by radiologists,

our method covers almost all of the key informa-
tion in the generated IMPRESSIONs. For example,
the key information “moderate bilateral pleural
effusions”,”mild pulmonary edema” and “small
opacity in the right media ” in the three examples
are not generated in PG-TRANS model, but they
are necessary for describing the clinical condition.

5 Related Work

Our work focuses on summarizing the FINDINGS

of radiology reports to generate the IMPRESSION,
which is essentially an abstractive summarization
task. For abstractive summarization, there exists a
serious problem known as hallucination (Maynez
et al., 2020), in which the generated summary con-
tains fictional content. This problem also exists
in AIG and would lead to misdiagnosis for the pa-
tient. To tackle this problem, in the general domain,
many attempts have been made in terms of guiding
information to control the generation process and
output the high-quality summary (Li et al., 2018;
Hsu et al., 2018; Pilault et al., 2020; Huang et al.,
2020; Haonan et al., 2020). For the IMPRESSION

generation task in the medical domain, there also
exist several solutions. Zhang et al. (2018) encodes
a section of the radiology report as the background
information to guide the decoding process. MacA-
vaney et al. (2019) employs the entire ontological
terms extracted from FINDINGS as the medical
terms, and then enhances the summarizer by se-
lecting the salient information. Gharebagh et al.
(2020) further splits ontological terms into words
and then incorporates these words into summariza-
tion by a separate encoder. Compared to these
studies, our model offers an alternative solution to
robustly enhancing guidance with a word graph for
summarizing the FINDINGS of radiology reports
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without requiring external resources. To our best
knowledge, this is the first work employing word
relation information for AIG.

6 Conclusion

In this paper, we propose a novel method for AIG,
where a word graph is constructed from the FIND-
INGS by identifying the salient words and their
relations and a graph-based model WGSUM is de-
signed to generate IMPRESSIONs with the help of
the word graph. In doing so, the information from
the word graph guides the decoding process with
the help of background information and dynamic
guiding information. Experimental results on two
benchmark datasets show the validity of our pro-
posed method, which obtains the state-of-the-art
performance on both datasets. Further analyses on
the effect of edge types demonstrate that our model
can generate IMPRESSION with accurate medical
items.
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